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ABSTRACT

The efficiency of urban traffic management and congestion alleviation relies heavily on accurate forecasting
of Origin-Destination (O-D) demand matrices. Existing models primarily focus on estimating O-D demand for
various travel purposes throughout the day, which is characterised by its pulsating nature. However, these
models often compromise the precision of peak-hour forecasts, leading to unreliable dynamic traffic control and
challenges in effectively reducing peak-hour congestion. To tackle this challenge, this paper proposes a novel
method for predicting commuting O-D demand matrices. Our method employs community detection algorithms
on road networks to precisely partition commute O-D regions, incorporating Points of Interest (POIs). We also
present a spatio-temporal dynamic weighted hypergraph model that leverages these partitioned regions, time
characteristics from observed O-D trips, and meteorological data to improve forecasting. Comparative analyses
with contemporary models and ablation studies indicate our method significantly enhances prediction accuracy,
by approximately 5%. These findings imply that the proposed method more effectively encompasses the varied
characteristics of commuting during peak hours, thereby providing more accurate demand matrices for urban

traffic management.

1. Introduction

Origin-Destination (O-D) demand matrices are vital for urban adap-
tive traffic control (Ashok & Ben-Akiva, 2002). However, these matrices
cannot be directly obtained due to daily traffic flow fluctuations influ-
enced by various factors such as weekdays, weather conditions, and
events (Sun et al., 2017). Consequently, estimating urban O-D demand
matrices using observed traffic data has garnered significant attention
in recent years. Previous and current research has accomplished the
estimation of O-D demand matrices without differentiating travel pur-
poses (Ke et al., 2021; Liang et al., 2023; Zhang et al., 2021; Zou et al.,
2022).

For instance, Liang et al. (2023) used two taxi order datasets from
Shenzhen City and New York City, along with the existing traffic
zones of these cities, to estimate the traffic demand over 1-2 weeks
in both cities. This method lacks clear differentiation of specific travel
purposes. Instead, it employs predictive models trained on continuous
observational data, aiming to forecast O-D matrices over a subsequent
extended period.

* Corresponding authors.

In fact, daily travel patterns encompass multiple purposes at dif-
ferent time of the day, such as commuting during peak hours, tourism
and shopping around midday, and leisure activities in the evening (Gao
et al., 2022; Soares et al.,, 2019). These varying purposes naturally
have distinct origins and destinations (Guo et al., 2019; Jiang et al.,
2022), like commuting typically involving trips between residences
and workplaces. Using the same O-D partitions for all purposes may
lead to significant spatial feature discrepancies, potentially deteriorat-
ing prediction accuracy. Moreover, traffic volumes exhibit significant
fluctuations throughout the day, characterised by peak-hour surges,
midnight troughs, and comparatively stable flows during other peri-
ods (Liang et al., 2023; Ye et al., 2022; Zou et al., 2022). Methods that
estimate the matrices with the objective of minimising overall error
may consequently diminish the precision of estimations during peak
hours.

Therefore, while current methods have addressed overall O-D de-
mand matrix estimation and forecasting, the estimation of demand
matrices for specific travel purposes has received scant attention. To
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Fig. 1.

Framework for urban commute traffic prediction. (1) Process of O-D region division based on community detection, (2) Processing of O-D trip observation data, (3)

Procedure for handling date and time information, (4) Process of weather data, (5) Hypergraph representation learning procedure.

bridge this gap, this paper focuses on estimating urban commuting de-
mand matrices during peak hours, employing O-D observational data,
weather information, and temporal characteristics of workdays and
peak hours. The methodology underpinning this prediction is detailed
in Fig. 1.

The primary contributions of this paper are summarised as follows:

» Based on community detection and hypergraph representation
learning, we propose a framework to estimate urban commuting
traffic during peak hours, which could provide a more accurate
O-D demand matrix for dynamic traffic control.

Leveraging the locations of commute-related POIs, we use com-
munity detection algorithms to refine O-D partitioning on road
networks, providing more accurate spatial features to the pro-
posed commuting estimation model.

A novel model is developed for commuting O-D demand predic-
tion based on hypergraph representation learning, which effec-
tively integrates and captures heterogeneous characteristics.

The remainder of the paper is structured as follows: Section 2 offers
a brief review of relevant literature pertaining to community detection
algorithms and traffic prediction models. Section 3 provides a detailed
description of the methodologies employed. The results and discussion
are presented in Section 4. Finally, Section 5 concludes the paper and
proposes directions for further research.

2. Related work

In the context of this paper, we have conducted a comprehensive
review of the literature, focusing on community detection methods and
O-D demand prediction models.
2.1. Community detection

Community detection algorithms have been applied across various

fields. The initial exploration of this concept began in the 1980s (Hol-
land et al., 1983). However, it gained broader recognition in physics

about two decades ago, largely due to Girvan and Newman’s pioneer-
ing efforts (Newman & Girvan, 2004). Nowadays, a large number of
community detection methods have been previously developed, which
can be divided into different categories. As we are conducting commu-
nity detection on graphs, we categorise the models into directed and
undirected graphs.

Directed graphical models for community detection began with the
introduction of the stochastic block model (SBM) in 1983, a concept
initially used for social networks (Holland et al., 1983). This field has
since evolved, giving rise to a variety of models aimed at improving
network structure analysis. An important contribution in this area is
by Jin et al. (2020), who explored the relevance and expected degree
of each node in a community, applying a Bayesian framework to
determine community numbers. This study particularly focused on the
identification of overlapping communities in networks.

However, these graphical models often overlook varied community
patterns and struggle with noisy or sparse topological data. To over-
come these shortcomings and improve community detection in intricate
networks such as those in transportation, the research focus has shifted
towards models for undirected graph community detection (Blondel
et al., 2008; Ghosh et al., 2018; He et al., 2018; Nowozin, 2010; Zeng
& Yu, 2018).

Initially, undirected graphical models found extensive application.
For example, Nowozin (2010) employed discrete undirected graphical
models grounded in Markov Random Field (MRF) for data cluster-
ing, facilitating structured learning and prediction tasks. More re-
cently, He et al. (2018) advanced this approach with their development
of Network-specific MRF (NetMRF). This adaptation is effective in
community detection within large-scale networks, optimally leveraging
unique network topology data.

The Louvain algorithm, introduced by Blondel et al. (2008), repre-
sents another effective method for detecting communities in undirected
graphs. Renowned for its efficiency in identifying partitions with high
modularity in expansive networks, this algorithm has become a pop-
ular tool among experts. Efforts to boost its efficiency further have
led to various parallelisation attempts of the Louvain heuristic. For
example, Ghosh et al. (2018) developed a distributed memory vari-
ant of the Louvain algorithm (DLA) using MPI+OpenMP, achieving
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Table 1
Related work to O-D demand prediction.
Method Authors Date Required features Dataset (Techniques)
ST-ED-RMGC Ke et al. (2021) 2021 « Region graph » New York City Taxi (GPS on TVs)
« Previous observation
DNEAT Zhang et al. (2021) 2021 « Region graph « Kunshan Dataset (Mobile Phones)
« Previous observation
ESTGCN or VSTGCN Liu et al. (2022) 2022 « Region graph « Chengdu, Didi (Navigation Apps on TVs)
« Previous observation « New York City Taxi (GPS on TVs)
ST-GDL Zou et al. (2022) 2022 « Region graph « Haikou, Didi (Navigation Apps on TVs)
« Previous observation « New York City Taxi (GPS on TVs)
LSTM + DLNa Pamuta and Zochowska (2023) 2023 « Road network model « Traffic volume in Gliwice (Detectors)
« Prior O-D matrix
« Previous observation
DAGNN Zhang and Xiao (2023) 2023 « Region graph » Chengdu, Didi (Navigation Apps on TVs)
« Previous observation « New York City Taxi (GPS on TVs)
« POIs
MARGAT Liang et al. (2023) 2023 « Region graph « Shenzhen Taxi (Navigation Apps on TVs)

« Previous observation
« POIs

« New York City Taxi (GPS on TVs)

approximately a 7-fold increase in speed without sacrificing quality.
Additionally, Zeng and Yu (2018) proposed a Scalable Distributed
Louvain Algorithm (SDLA) designed for scalability and precision in
community detection within large-scale graphs.

However, the Louvain algorithm can yield poorly connected com-
munities and may even lead to disconnected communities through
multiple iterations. To address this problem, Traag et al. (2019) de-
veloped a Leiden algorithm. Tested in real-world networks, partitioning
results indicate that this algorithm not only ensures community connec-
tions but also surpasses the Louvain algorithm in terms of convergence
speed.

In summary, this literature review points out established theories
and methods for detecting communities in graphs. Yet, these meth-
ods have not been widely used for partitioning O-D regions. Despite
this, algorithms for community detection in undirected graphs are
quite suitable for such tasks. They efficiently deal with varying den-
sities, intersecting communities, and time-related changes in the O-D
data. Therefore, this paper employs community detection algorithms
to partition O-D regions.

However, traditional approaches use major roads as boundaries for
partitioning O-D areas (Liang et al., 2023), similar to the Manhattan
taxi zones. In fact, effective traffic control and management primarily
focus on road segments rather than these broader zones. As a result,
traditional O-D zones contain redundant information that may not be
useful for traffic control, such as details of buildings or internal com-
munity roads. Moreover, existing O-D zones are consistent for all types
of traffic demand (Ke et al., 2021; Wang et al., 2022), which leads to
inaccuracies in estimating specific demands, such as commuting. This is
because different types of travel have distinct origins and destinations.
For example, commuting typically involves travel from a residence
to a workplace, whereas shopping trips often end at destinations like
shopping centres.

To address these limitations, our method utilises a community
detection algorithm to partition O-D areas on the road network, en-
suring the partitioning result is more practical for real traffic manage-
ment. Furthermore, POIs pertinent to commuting are considered when
partitioning O-D areas. By focusing on the proximity between these
commuting POIs and road segments, we aim to achieve a more accurate
partition for commuting O-D areas, thereby improving the precision of
subsequent estimates for commuting O-D demand.

2.2. 0-D demand prediction
Recently, there has been an increasing focus on creating sophis-

ticated models to forecast dynamic O-D demand patterns. A detailed
summary of these models is provided in Table 1.

One of notable models is the Spatio-Temporal Encoder-Decoder
Residual Multi-Graph Convolutional Network (ST-ED-RMGC). This
model effectively employs graph-based techniques to understand spa-
tial and temporal dependencies and has been successful in forecast-
ing ride-sourcing demand across various locations (Ke et al., 2021).
Another innovative approach is the Dynamic Node-Edge Attention
Network (DNEAT) (Zhang et al., 2021), which utilises dynamic O-D
graphs to track changes in node topologies over time. DNEAT integrates
Gated Recurrent Unit (GRU) and Long Short-Term Memory (LSTM)
mechanisms with Graph Convolutional Networks (GCN) to effectively
process sparse demand data.

Liu et al. (2022) developed two models based on Spatio-Temporal
Graph Convolutional Networks (STGCN) for predicting dynamic O-D
flows, leveraging graphs derived from mobile phone data. The first
model concentrates on updating edge features in large-scale graphs,
while the second assesses relationships among O-D flows through a
temporally similar adjacency matrix. Additionally, Zou et al. (2022)
introduced a Graph Deep Learning model for long-term O-D predic-
tion (ST-GDL), combining Convolutional Neural Network (CNN) and
graph convolution techniques to discern both short-term and long-term
trends.

Zhang and Xiao (2023) put forward the Dynamic Autostructur-
ing Graph Neural Network (DAGNN) to predict ride-hailing demand
between specific origins and destinations, showing remarkable abil-
ity to learn time-varying graph contexts. Liang et al. (2023) created
the Multi-task Adaptive Recurrent Graph Attention Network (MAR-
GAT) for precise regional travel demand forecasting. This model syn-
ergies prior knowledge-driven graph learning with a recurrent graph
attention mechanism, effectively capturing dynamic spatio-temporal
dependencies.

In summary, while the current literature underscores the poten-
tial of deep learning models in forecasting dynamic O-D demand,
these models predominantly utilise conventional graphs that depict
point-to-point relationships, such as journeys between individual O-D
regions. However, this method has limitations in fully encapsulating the
complexity of trips spanning multiple regions, for instance, a journey
commencing in one area, traversing through another, and completing
in a third. Therefore, traditional graph models find it challenging to
comprehensively represent these multi-node relational trips.

In contrast, hypergraphs provide a substantial advantage through
the use of hyperedges that can connect multiple nodes (Antelmi et al.,
2024; Vinas et al., 2023; Wang & Zhu, 2024; Yan et al., 2023), offering
an exhaustive portrayal of trips that cover several regions. Conse-
quently, we propose a novel spatio-temporal dynamic weighted hyper-
graph model, designed to capture and learn the intricate spatial and
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temporal features present in O-D historical data, thereby providing a
more accurate and holistic understanding of urban traffic patterns.

Moreover, while the majority of existing research focuses on macro-
level O-D demand prediction (Liang et al., 2023; Pamuta & Zochowska,
2023; Zhang & Xiao, 2023; Zou et al., 2022), there exists a notable
gap in forecasting specific demands, especially in the realm of daily
commuting O-D demand, which is most prevalent during peak hours
on weekdays. This aspect presents a greater challenge due to the high
frequency of commuting trips. Therefore, our study aims to estimate
O-D demand during these peak periods, utilising historical O-D data
and the proposed commuting regions as key spatio-temporal features.

Additionally, many studies overlook the impact of weather condi-
tions on commuting choices. Commuters might choose public trans-
portation instead of driving under adverse weather conditions, such as
heavy rain or snow. Consequently, this study incorporates meteorolog-
ical data from historical periods to investigate the influence of weather
on O-D travel patterns.

3. Methodology
3.1. Commute region division using community detection

3.1.1. Problem description

To accurately predict urban commuting travel demand, it is essen-
tial to first establish commuting O-D regions as a spatial feature for
input into forecasting models. Commuting generally entails travel be-
tween residential areas and workplaces. Typically, in urban areas, there
is a noticeable clustering of these locations, such as financial centres
and industrial areas. This clustering phenomenon is fundamental to
understanding commuting patterns. To ensure that our O-D partitioning
considers the aggregation of commuting-related places (POIs), we have
developed a commuting O-D partitioning algorithm, as detailed in
Algorithm 1.

Initially, a graph structure, denoted as G?*, is constructed, incorpo-
rating both Euclidean and path distances among POIs. Subsequently,
these POIs are clustered using the Louvain algorithm on this graph
structure. Subsequently, a second graph, G¢?¢¢, is developed to partition
all road segments within the network. During this process, the clus-
tering results of the POIs are integrated as weighting factors between
the road segment nodes in G¢?#¢. This integration is crucial as it
transfers the spatial clustering features of commuting-related POIs into
the road network partitioning, thereby enhancing the relevance and
accuracy of the partitioning process. To complete the task of road
network partitioning, the Leiden algorithm is employed for community
detection, partitioning each road segment of the network into separate
communities.

3.1.2. Commuting POI partition

The initial phase of Algorithm 1 for partitioning commuting POIs
involves three main steps: data preprocessing, graph construction, and
POI clustering with the Louvain algorithm.

(1) Data Preprocessing

As depicted in Fig. 1 (1), commuting POIs P are filtered from
all urban POIs based on the POI type p}. The filtered POIs, hereafter
simply referred to as POIs, represent primary locations for commuting
activities. Subsequently, utilising the geographic coordinates of each

POI p¥** and the road segment geometry r5"*, each POI p; is associated

with its nearest road segment r,,. This association is denoted by pf—id,
which identifies the nearest road segment to p;.

Next, using the geographic coordinates p¢*’, the Euclidean distance

i

matrix D¢ for every pair of POIs is computed as,

D =[d}] where df= \/(x[ — X2+ -y b}

where, (x;,y;) and (x j»y;) are the geographic coordinates of POI p; and
pj» respectively. d;; represents the Euclidean distance between p; and
pj-
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Algorithm 1 Commuting Region Division

Input:

+ Commuting POIs P, Road network topology R
» Parameters: k,

B Bys B> B> Ba)

Output: Road segment cluster Re/ster

radius, n, (0, a5, 0 ,),  Tpois Ly Tegges

1: Initialise POI clustering parameters: k, radius, n, r,,;, (@, ¢y, &, @,)
2: for i = 0 to number of POIs do
3: for j = 0 to number of POIs do
4 Euclidean distance d}; < o, p‘;e”)
5 Path distance df’j, and number of road segments f,.’;. - (p:‘id,
[
end for
: end for
: for i = 0 to number of POIs do
Graph GPo' = (VPO EPOTY « D€ = [df)); a,, radius
10: end for
11: for i = 0 to number of POIs do
12: k nearest POIs N; « Path distances dfj

13: for j =0 to k do

© ®» N

14: Jaccard similarity w‘}”i < N; and N,
15: Compute edge weight w?”, w!”

16: Update edge weight with f/, a;, aj, a,
17: end for

18: end for

19: {peluster}y — Apply Louvain on G"* with [d]), o
20: Initialise road segment clustering parameters: L,
(By: Bps Bss By Ba)
21: for m = 0 to number of road segments do
22: for n = 0 to number of road segments do
23: Graph chge — (Vedge’ Eedge) - (r;iN’ rﬁN)’ (r”SN, rfN )’ w;dge
24: Compute weight w;dg", wiEe, wedse, w;dg"
. ; ; Lus
25: Update weight with p¢ uster Ly, (B, Bys Brs Bg)
26: end for
27: end for
28: {relustery — Apply Leiden in RBConfigurationVertexPartition mode
on G'¢ with r,4,,
29: return Rcluxter = {rcluster rcluxter
: o e .

redge’

cluster
S

Utilising pf*id and applying Dijkstra’s algorithm (Dijkstra, 2022) to
the road network, the path distance matrix between POIs D? = [dfj]
and the matrix of the total number of road segments involved in each
path F? = f[.’;.] can be computed.

(2) Graph Construction

To cluster POIs, we construct a graph G?* = (V*°, EP%), where POIs
are the vertices and edge have composite weights w?®. The edge weight
wP is composed of the Euclidean distance weight 1’ the same road
segment weight w””, the limiting weight w?” based on the number of
road segments in the path, and the Jaccard similarity weight wi"i. The
computation of these weights is,

poi _ . 1,,POI . 1,,POI . 1,,POI P00
w =a, - wh" +a; - W +a, W +ay w’; 2)

where «,, ay, a,, a; are the weight coefficients. Specific weight calcu-
lations are as follows:

- w is set to 1 if the Euclidean distance df; is less than radius

radius, otherwise 0.

- wi” is 1if POIs p; and p; are on the same road segment (i.e., p;'[d =
p;-’d), otherwise 0.

- w" is 1 if the number of road segments in the path f [, is less
than » road segments, otherwise 0.
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- w?” is computed as,

J
. IN;nN;|

wl;‘“:; 3)
IN; UN;|

where N; and N; denote the sets of the k-nearest POIs to p; and p;
respectively, determined by their path distance.

(3) POI Clustering with the Louvain Algorithm

The partitioning of POIs into separate communities is executed
through the application of the Louvain algorithm (Blondel et al., 2008)
on the graph G*. The Louvain algorithm’s fundamental principle in-
volves optimising community structures by maximising the modularity
QP9 This modularity is a metric that evaluates the concentration of
links inside communities relative to those between communities. The
calculation of modularity QP can be described as,

ori= L 3wk - rp,,,.L 8(ci.c;) 4
2 Zé} w‘;’o‘ -~ ij 2 Zé) wf()/

where,
{”f” is the weight of the edge between POIs p; and p;, w f =0if

no edge exists;

"o 18 @ resolution parameter, adjusting the modularity optimisa-

tion scale.

k; and k; are the degrees (sum of the weights of the edges

connected to them) of POI p; and p;, respectively;

Zg w? % is the sum of all edges’ weights in the graph;

¢; and c; represent the community assignments of POIs p; and p;,

respectively;

6(c;,¢;) is an indicator function that is 1 when ¢; = ¢; and 0

otherwise.

Following the computation of modularity Q*, the modularity gain
AQ; for each POI p; is defined. This measures the change in modularity
resulting from moving p; to a different community c. The gain 4Q, is
calculated using,

2
I+ 2k, <zg+k,.>
40, = [ =—
1 01 1 01
oW oW}

) d 2 2
S Y (. iy )
na \Zwr) \Tpul”

where,

- k;. is the sum of the weights of the edges from POI p; to all POIs
in community c;

- X% is the sum of all edges’ weights within community c;

- 24 is the sum of the degrees of all POIs in community c.

During the local optimisation phase, AQ; is computed for each POI
p; by considering its transfer to adjacent communities that maximise
AQ;. Subsequently, all POIs within each community ¢ are merged into a
single’super-POT’, followed by a recalculation of the edge weights. This
iterative process is repeated until there is no further improvement in the
modularity Q% It is important to note that due to the stochastic nature
of the Louvain algorithm, the final partitioning of POIs into communi-
ties may exhibit slight variations across different runs. However, each
resulting partitioning is considered valid and effectively contributes to
the robust clustering of the POlIs.

3.1.3. Road segment partition

The second half of Algorithm 1 outlines the process of road segment
partitioning, which can be distilled into three main steps: data pre-
processing, graph construction, and clustering of road segments using
the Leiden algorithm. This approach hinges on the connectivity of
road segments and the commuting POI clusters previously identified,
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denoted as Pcluster = { pf)’“”e", pi’“”", o pl?l'”’e’}. This methodology ef-
fectively captures accurate static spatial features, which are crucial for
enhancing the precision of subsequent O-D demand prediction models.

(1) Data Preprocessing

As shown in Section 1 of Fig. 1, the first step in road segment
partition is extracting road network data from a city map. This process
encompasses the collection of detailed attributes for each road segment,
such as the geometry information 5%, speed limits r***’, number of
lanes r!e", the length of the road segment r"¢™h and identifiers for the
start Junctlon SN and end junction rEN of each segment.

(2) Graph Construction

For the road segment analysis, we develop a separate graph G°?8¢ =
(Vedse Eedsey where each road segment is represented as a vertex. The
edges in this graph denotes the connections between road segments,
and they are assigned composite weights we?¢. These weights are an
amalgamation of various factors: the basic weight w" ¢, a weight for
connecting road segments with the same type of POIs wedge, a weight
for segments sharing the same speed limit wedge a weight for segments
with identical lane counts %%, and a weight for segments where
the length disparity is smaller than the minimum length of any road
segment in the network w®¢°. The calculation of these weights can be
denoted as,

edge _ p . edge . pedge
wE = Py w, "+ By w5+
d
B w8+ w5+ ©®

where ,, f,, B, B, B, are the weight coefficients. Specific weight
calculations are as follows,

w*# for road segments associated with the same type of POIs is
set to 1 if they belong to the same cluster, otherwise 0.
- w*° is 1 for road segments sharing the same speed limit, else 0.

- wﬁdg" is assigned a value of 1 for road segments with an equal
number of lanes, else 0.

w“dg" takes the value 1 if the length difference between road
segments is less than the minimum length L, otherwise 0. Where,

R Iengrh Iength Iengrh
L—mm{r0 r VTR }.

ed ge

For the basic weight w)

7

edge __ 1, lf{rSN EN}n{SN ,,EN}?EQ
wb =

0, otherwise

(3) Road Segment Clustering with the Leiden Algorithm

To cluster road segments into communities, the Leiden algorithm
(Traag et al.,, 2019) in its RBConfigurationVertexPartition mode is
applied to the graph G¢/¢¢. This mode is based on Reichardt and
Bornholdt’s Potts model (Reichardt & Bornholdt, 2006), making it an
optimal choice for graphs with positive edge weights. It employs a
linear resolution parameter r,,,, in its calculations. Similar to the
Louvain method, this approach focuses on optimising community struc-
tures through the maximisation of modularity. The quality function
employed for clustering road segments is defined as,

Kk,
Qedge = Z <wfnd,,ge — redge ea’ge > ) (Cm, C,,) (8)
m,n 2 ZO

where,

- w?° is the weight of the edge between road segments r,, and r,

w1th w®¢ = 0 if no edge exists.
Teage 18 the resolution parameter, adjusting the modularity opti-
misation scale.
k,, and k, are the degrees of road segments r,, and r,.
- X0 w9% is the total edge weight in the graph.

- ¢,, and ¢, represent the community assignments of road segments
r,and r,.
8 (cp»c,) is an indicator function that is 1 if ¢, = ¢
otherwise.

and 0

n
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Fig. 2. The architecture of the forecasting model.

The Leiden algorithm iteratively refines the community partitioning
by locally optimising the modularity gain for individual road segments,
followed by a phase of aggregating segments into larger communities.
This iterative process is repeated until there is no substantial increase in
the overall modularity, ensuring that the final partitioning accurately
and robustly represents the underlying connectivity and structural
patterns within the road network.

3.2. Commuting O-D matrix prediction

3.2.1. Problem description

After clustering road segments, trip data are allocated to respec-
tive clusters. The number of O-D pairs [0/, d!] is then quantified on
an hourly basis. Concurrently, to incorporate the impact of external
variables, data including time segment 4, and day of the week dow, are
integrated, employing cyclical encoding to delineate recurring traffic
patterns. Meanwhile, throughout the data collection phase, 15 distinct
weather conditions were observed from historical data. These condi-
tions are further categorised into two primary groups: one comprising 5
nominal weather types (fair, cloudy, haze, drizzle/rain, and snow) and
the other delineating 3 levels of ordinal weather intensity (light/partly,
mild, and mostly/heavy). Consequently, this meteorological data is
encoded using two separate embedding layers, E.,,,(c,) and E;,,(i,). The
resultant feature can thus be denoted as,

F! = [0, d!,sin (h,),cos (h,),sin (dow,),
cos (dow,), Econa(cy), Eine(ip)]

9

Given a time period r € {1, ...,T,,,} and N road segment clusters in
the scene, this study aims to predict the future generated and attracted
O-D demand in these clusters §f = (65,:2{),:‘ € {1,2,...,N} over a
time horizon 7 € {T,p41s...,Tpreq) concurrently, based on a set of
observations F/. With the extracted data, this model predicts the O-D

demand for the future 4 h based on observations over the past 7 h.

3.2.2. Model architecture

The architecture of the proposed model is illustrated in Fig. 2. It
consists of 4 temporal blocks, 1 spatial block, 1 fusion block and 1 fully
connected layer.

Temporal Convolution. Recurrent Neural Networks (RNNs) are
commonly used for temporal feature extraction at individual vertices.
However, RNNs encounter higher computational complexity, gener-
ally in the order of O(d?), in contrast to the O(kd) complexity of
Convolutional Neural Networks (CNNs). RNNs rely on outputs from
previous steps, which can result in delayed responses and extended
computation times. In comparison, CNNs efficiently identify temporal
dependencies with a more efficient architecture and allow parallel

processing of features due to the independent nature of their convo-
lutional computations. Given the short length of our sequential data
(totalling 11 units), the dilation convolution operation, a key aspect of
Temporal Convolutional Networks (TCNs), is less beneficial. Therefore,
we implement a sequence of three CNNs within our temporal block for
effective temporal feature extraction.

X = 6t<g,(91 5 X! 40,0, % X)) + 05 x’) (10)

where o, is the nonlinear activation function, X is the temporal traffic
features and 6 is the convolution kernel.

Dynamic Weighted Hypergraph Construction. Unlike a tradi-
tional graph G = (V, E), which is composed of vertices v € V' connected
in pairs by edges e € E, a hypergraph G" = (V, E, W) extends this
concept by allowing each hyperedge ¢ € E to connect any number
of vertices. The strength of these connections is quantified using a
diagonal weight matrix W € R!*!. Hypergraphs are typically repre-
sented through an incidence matrix H € RV*/, which delineates the
interactions between N vertices and I hyperedges. In most weighted
hypergraph research, the weight matrix W is used to incorporate
variable weights (Kang et al., 2022; Ma et al., 2023), whereas the
incidence matrix H is generally binary, indicating presence or absence
of vertex-edge connections.

1,
h=
{0’

In this research, the centroid of each road segment cluster is con-
sidered a vertex within a hypergraph, with their common travel routes
represented as hyperedges. As O-D trip data are sparse and only contain
two vertices, acquiring shared route details is challenging since trips
may traverse additional vertices. To address this, we constructed the
road network of the Manhattan area and employed the Dijkstra algo-
rithm to recreate travel routes from the O-D data of each trip, thereby
gaining insights into all road segment clusters involved. This route data
is represented as a binary vector of fixed length, with ‘1’ indicating the
inclusion of a vertex in a trip and ‘0’ indicating exclusion. By converting
trip information into binary vectors, we then calculate the Hamming
distance between these vectors and apply Ward’s method of hierar-
chical clustering. This process segments the trips into clusters, each
representing a hyperedge with aggregated trip data. The hypergraph
is dynamically updated at each time step to more accurately capture
changes in O-D commuting patterns.

However, it is important to acknowledge that the hyperedges in this
study, formed through clustering of trip data, may comprise varying
numbers of trips per vertex. This variation underscores the differing
significance of vertices within a hyperedge. The traditional binary
incidence matrix fails to reflect this disparity. Drawing inspiration

if
ifve e. an
otherwise
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from Chitra and Raphael (2019) and Zhu and Segarra (2023), we
have innovated an adaptive approach for calculating vertex weights
in relation to edge dependence, based on trip frequency and travel
distance. This method allows for the spatial aspects to be incorporated,
resulting in a more nuanced representation in the incidence matrix,
which can be denoted as,

a&, ifvee
ho =44, 12)

0, otherwise

where « is a learnable parameter, fu is the normalised trip frequency
at vertex v, d, is the normalised trip distance in edge e.

The degree of a vertex v is defined as the summation of all attached
hyperedges’ weights w,,

dy= ) why.c€E @13)
e€E
The degree of a hyperedge e is defined as the number of vertices it
connects,

dy= ) hy.c€E a4
vey
Spatial Convolution. The calculation of the hypergraph Laplacian,
denoted as 4, employs the incidence matrix H,, (elements h,,), the
weight matrix W (elements w,), and the diagonal matrices of vertex
degree D, (elements d,) and hyperedge degree D, (elements d,). This
can be described as,

_L _L
A=I1-D,?H,WwD;'HTD,? (15)
where 4 is a positive semi-definite matrix with only real eigenvalue.
Building on the spectral hypergraph convolution concept introduced
by Feng et al. (2019), the hypergraph convolution layer is defined as,

_1 _1
XD =g <DU H, ,WD;'HI' D, 2X<”@(”> (16)

where o, is the nonlinear activation function, X) is the matrix of vertex
features at the /-th layer.

Fusion Mechanism. After spatial and temporal features are ex-
tracted through designated blocks, they are integrated using a fusion
process to encapsulate the combined spatio-temporal dependencies in
the network. This integration is mathematically represented as,

X = o ((concat(Xop semp - €1, Xop spat - 21
a7
Xhour : @3’ Xdow : @4’Xweather : 95) >

Here, Xop temp @nd Xop gpar represent the temporal and spatial fea-
tures extracted from O-D data, respectively. The variables Xy qurs Xdows
and Xyeather coOrrespond to the temporal features associated with the
time segment &, day of the week dow, and weather conditions, which
are captured through concatenated embeddings [E qpq(c), Ein(i)]. The
symbol - signifies matrix multiplication, and ©,, 6,, 05, 6,, O5 are the
respective learnable parameters involved in this fusion process, o, is
the nonlinear activation function.

Loss Function. The training objective of the model is to minimise
the Mean Squared Error (M SE) loss. This loss is calculated as the
average of the squares of the differences between the predicted and
actual O-D demand. The loss function can be represented as,

n
1 12
Lysg= W Z (y,- - )’i) 18)
i=1
3.3. Evaluation metrics
3.3.1. Commuting O-D region division
In terms of community detection algorithms, modularity is a metric

that measures the structure of a network, assessing whether the commu-
nity structure of a network is significant (Newman & Girvan, 2004). For
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graphs G* and G*?¢¢, the modularity is defined as Eq. (4) and Eq. (8),
respectively.

For clustering algorithms, Silhouette Coefficient is a useful metric
for assessing scatter plot clustering when ground truth labels are un-
known (Rousseeuw, 1987). This metric is calculated using the following
formula:

b—a
5= max(a, b) a9
where a represents the mean distance between a sample and all other
points within the same class, and b denotes the mean distance between
a sample and all other points in the nearest cluster different from its
own.

3.3.2. O-D demand prediction

Three commonly used evaluation metrics are used in this study to
evaluate the prediction accuracy of the proposed method, which are the
mean absolute error (MAE), root mean square error (RMSE), and sym-
metric mean absolute percentage (SMAPE) (Chen et al., 2023; Essien
et al.,, 2021). MAE measures the average absolute difference between
the ground truth and the predicted O-D demand, RMSE calculates
the square root of the mean squared error, and sSMAPE calculates the
percentage difference between the predicted and actual O-D demand.

R .
MAE = - X1y -l (20)

i=1

RMSE = 21

n
1 A
= Z(,Vi -9
nia

1 - |J’i - ﬁi|
MAPE = - —_— (22)
: 5 & T+ b2

4. Results and discussion

This section provides an in-depth evaluation of the proposed method-
ology across three key aspects of this study. First, we begin by exploring
the test scenario and the data preprocessing steps involved. Second, we
focus on the proposed approach for partitioning commuting regions and
offer a comparative analysis with alternative methods. The last part of
this evaluation delves into the process of predicting the commuting O-D
matrix.

4.1. Testing scenario and data preprocessing

The test scenario, illustrated in Section 1 of Fig. 1, is set within the
mainland area of Manhattan. The selection of this location was driven
by the accessibility of comprehensive historical trip datasets (NYC,
2016a, 2016b) from New York City and the area’s rich concentration
of commuting-related POIs. For our study, map data encompassing
the road network and POIs were sourced from OpenStreetMap (Open-
StreetMap contributors, 2017).

Following the initial data collection, we conducted meticulous cor-
rections in SUMO (Lopez et al., 2018) for each road segment. This
included adjustments to the number of lanes, connections between seg-
ments, and the geometries of intersections. To ensure accuracy, these
corrections were guided by satellite imagery and Street View features
from Google Earth Pro. The refined road network, as showcased in
Fig. 1 (1b), comprises a total of 6,097 intersections and 12,296 road
segments.

Out of a total of 33,793 POIs in the area, we identified 824 that were
specifically relevant to commuting, as depicted in section (a) of Fig. 3.
The selection of these POIs was based on their types (p}), focusing
predominantly on those associated with work and residential areas,
such as banks, schools, universities, and offices. The specific types and
quantities of these commuting-related POIs are detailed in section (b)
of Fig. 3.
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To define the commuting regions, the location of POIs were aligned
with the geometry of road segments, thereby infusing the road network
with commuting-specific characteristics. This was achieved by deter-
mining the proximity between the geographic coordinates of POIs (pfeo)
and road segment geometry (+5°°), thus identifying the nearest road
segment for each POI. This technique reflects how vehicles reach POIs
along specific road segments in reality.

Subsequently, the Euclidean distance matrix (D¢) between POIs was
calculated using Eq. (1). Meanwhile, the path distance matrix (D?)
among POIs was generated using the shortest path search functionality
within sumolib. The difference between these two matrices is shown in
Fig. 4.

For the analysis of O-D trips, as depicted in Section 2 of Fig. 1,
we relied on the publicly available 2016 Yellow (NYC, 2016b) and
Green Taxi dataset (NYC, 2016a) from New York City. This dataset is
particularly valuable as it includes detailed coordinates for both pick-
up and drop-off locations, which helps to accurately align the taxi trips
with the commuting regions established in this study.

The processing of this dataset was executed in three stages. The
first stage involved spatial filtering to isolate trips confined within
the test scenario’s geographical boundaries. The second stage concen-
trated on the dataset’s temporal dimensions, extracting records of trips
that occurred during the weekday morning peak hours in Manhattan,
specifically between 7 and 10 AM. The final stage entailed a thorough
cleansing of the dataset to remove any entries with null values. This
comprehensive process results in approximately 15.6 million eligible
O-D trips, as depicted in Fig. 5.

To determine valid routes for the O-D trips within the test scenario,
the pick-up and drop-off points of each trip with corresponding road
segments were aligned. This alignment was based on their respective
geometries, utilising the principle of nearest Euclidean distance for pre-
cise matching. Following this, functionalities available in sumolib was
used to find the optimal routes, leveraging the established relationships
between the trip points and the road segments.

Regarding meteorological data, we use historical data from 2016,
sourced from the Weather Underground website (WU, 2016). For Man-
hattan in 2016, there was only one observation point available for time-
specific weather data. Given the relatively compact size of Manhattan,
it is assumed that there is minimal variation in weather conditions
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across different areas within the city. Therefore, we use the data from
this single observation point to represent the weather conditions for all
O-D regions in Manhattan. Notably, since 2018, multiple observation
stations have been operational in Manhattan, suggesting that different
O-D regions could have their distinct weather data in future.

4.2. Commute region division

In this section, we implement the methodologies detailed earlier to
partition commute-related POIs and the road network within our desig-
nated test scenario. The subsequent discussion focusses on two primary
aspects. First is the selection and justification of various parameters in
use, and second is a comparative analysis of the proposed approach
against other existing methods.

4.2.1. Commuting POI partition

The partitioning of commuting POIs as per Algorithm 1 primarily in-
volves parameters such as graph construction requirements (k, radius, n)
and edge weight coefficients (a,,«,,«,,a;), along with the Louvain
clustering resolution r,,. After extensive testing and analysis, we set
the weight coefficients to (a,, ay, a,, @;) = (0.4,0.3,0.2,0.1). This denotes
that w? > W > W > w’}”i in the composite edge weight (w?*). We
also set n = 3, which indicates that when the number of road segments
between two POIs is less than 3, the edge weight should be greater.

Other parameters were optimised through testing, guided by modu-
larity (defined as Eq. (4)). We evaluated modularity for different values
of key parameters: the nearest neighbour count k € [5,10] (step: 1);
the clustering resolution o € [0.7,1.5] (step: 0.01); the Euclidean
distance radius radius € [110.7,111.2] (step: 0.01), This is because we
found that the shortest distance between two POIs in communities was
approximately 110.9 m in the test scenario.

The testing results, as depicted in Fig. 6(a), indicate that clustering
with k € {5,6,7,8} successfully achieves the classification target of
63 taxi zones in New York City. To strike a balance between ac-
curacy and computational efficiency, we selected k = 8 for further
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Table 2

POI partition performance comparing with other methods.
Method Modularity Silhouette Overlapping pairs
Louvain 0.938 0.199 1
MiniBatch - 0.223 17
Spectral - 0.229 14
Gaussian - 0.236 18
Ward - 0.241 13
K-Means - 0.247 13
This work 0.954 0.234 0

analysis. Following this, we applied a 3D Gaussian Process fitting to
(7 poi» radius, modularity) to model the nonlinear relationships among
these parameters. This method identified the optimal modularity value
as 0.9551, which corresponded to r,,; = 1.1 and radius = 110.8, as
shown in Fig. 6(b).

Finally, we used (k, radius,n,r,,;) = (8,110.8,3,1.1) and weight
coefficients (a,, a,, a,, a;) = (0.4,0.3,0.2,0.1). This leads to a partition
of POIs into 42 class, with the Visualisation presented in Fig. 7(a).

We also compared our method with other clustering approaches,
including Louvain implemented in Orange3 (DemsSar et al., 2013),
Mini Batch K-Means (Sculley, 2010), Spectral Clustering (Ng et al.,
2001), Gaussian Mixture (Reynolds, 2009), Ward (Ward, 1963), and
K-Means (MacQueen, 1967). To evaluate these methods, we employed
modularity as the principle metric. Additionally, the silhouette coeffi-
cient and the number of overlapping pairs were used as performance
indicators. The outcomes of these comparative evaluations are detailed
in Table 2.

In terms of modularity, the proposed method shows a notable
superiority over the Louvain approach, indicating a more effective
community detection. However, when assessed using the silhouette
coefficient, this method performs worse than the Gaussian, Ward, or
K-Means methods. It is important to note that in evaluations using
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concave functions for assessing POI clustering, the proposed method
demonstrated a lower degree of overlap compared to these other meth-
ods. This aspect of our analysis, highlighting the relative strengths and
weaknesses of the proposed approach compared to others, is visually
represented in Fig. 7.

4.2.2. Road segment partition

The partition of the road segment as described in Algorithm 1
involves edge weight coefficients for graph construction, and the reso-
lution (r,4,) for the Leiden algorithm. An optimal set of these coeffi-
cients are identified as (8, §,, f;, f,» ;) = (0.01,0.699,0.1,0.1,0.1). This
guarantees that connected road segments are appropriately linked by
an edge. It also maximises the weights associated with POI clusters,
while simultaneously considering the speed limits, lengths, and number
of lanes of the road segments they comprise.

For the resolution r,,,, in the Leiden algorithm, we used Eg. (8) to
compute the modularity for r,;,, € [0.1,5.0] (step: 0.1). A polynomial
fitting was applied to model the nonlinear relationship between r,
and modularity.

edge

Polynomial fittings ranging from the 2nd to the 10th degree were
evaluated, employing MSE as the primary evaluation metric. The find-
ings, as depicted in Fig. 8(a), revealed that there was no substantial
improvement in MSE for polynomials beyond the 6th degree. Based
on this observation, a 6th-degree polynomial fitting was selected, a
choice that is demonstrated in Fig. 8(b). This particular fitting was
instrumental in pinpointing the optimal value of r = 0.75 for
maximising modularity.

edge

Finally, the partitioning process of road segments was executed
according to Algorithm 1, incorporating the determined weight coeffi-
cients and setting r,;,, = 0.75. The outcomes of this partitioning process
are illustrated in Fig. 9. It is evident that the partitioned road segments
align well with the commuting POI clusters. This correlation indicates
both the similarities in road attributes and the underlying topological
structure of the road network.

To evaluate the effectiveness of the proposed method, a comparative
analysis with several community detection algorithms was conducted.
This comparison focused on two key metrics: modularity and the num-
ber of generated clusters. These algorithms included Infomap (Rosvall
& Bergstrom, 2008), Label Propagation (Raghavan et al., 2007), Spin-
glass (Reichardt & Bornholdt, 2006), Leading Eigenvector (Newman,
2006), and Louvain (Blondel et al., 2008).

The results are presented in Table 3. They indicate that the proposed
method closely aligns with the 42 identified POI clusters and attains
the highest modularity value. This underscores its superior ability in
accurately detecting and clustering community structures within the
road network.
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Table 3

Road segment partitioning performance comparing with baselines.
Method Modularity Clusters
Infomap 0.449 1321
Label Propagation 0.636 1668
Spin-glass 0.848 25
Leading Eigenvector 0.782 47
Louvain 0.923 47
Proposed method 0.933 46

4.3. Commuting O-D matrix prediction

4.3.1. Experimental settings

Based on the clustering results and extracted trip information, the
obtained dataset has a dimension of 543 x 46 x 8 after the aforemen-
tioned data cleaning and pre-processing. The geometric information of
each cluster was also incorporated to establish spatial connectivity. This
dataset was divided into three subsets for training, validation and test
purposes, with a ratio of 7:1.5:1.5.

The model presented was developed using the PyTorch framework.
Its training employed the Adam optimiser and extended over 500
epochs. An initial learning rate of 0.002 was set, complemented by a
decay parameter y of 0.95, with a step size of 100. Data processing
during each iteration was facilitated by a batch size of 16. Training
and validation phases were executed on a workstation equipped with an
AMD Ryzen Threadripper 3990X CPU, dual NVIDIA GeForce RTX 3090
GPUs, and 256 GB RAM. Where necessary, the LeakyReLU function was
integrated as the activation function.

4.3.2. Benchmark models

In order to assess the performance of our proposed model, it was
benchmarked against eight established models. This comparative anal-
ysis is designed to provide a comprehensive evaluation of the perfor-
mance and efficiency of the proposed model, offering valuable insights
into its advantages and contributions to the field. The baseline models
selected for this comparison are summarised as follows.

10
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ARIMA (Siami-Namini et al., 2018): ARIMA represents a tradi-
tional method in time series analysis, highly regarded for its
capability to model and predict using historical data. The primary
advantages of ARIMA are its straightforwardness and effective-
ness.

SVR (Bao et al., 2014): SVR, derived from the concepts of the
Support Vector Machine, is adept at managing both linear and
non-linear data relations. Its proficiency in addressing nonlinear-
ities and focus on minimising margin errors render it a valuable
asset in traffic forecasting applications.

LSTM (Tian & Pan, 2015): LSTM demonstrates a strong capability
in integrating historical trends and correlations found within time
series data. Such integration allows it to make robust predictions
that are anchored in the temporal context, proving invaluable for
accurate forecasting of traffic data.

STGCN (Yu et al., 2018): STGCN utilises graph theory to in-
tricately map the connections among spatially distributed data
points. It adeptly captures temporal patterns over time. The graph
convolutional operations of STGCN facilitate the simultaneous
capture of spatial and temporal features in traffic data, enhanc-
ing its efficacy in modelling intricate relationships and patterns
within traffic flows.

ST-MAN (He et al., 2023): ST-MAN features a cross-modal atten-
tion mechanism for learning dynamic inter-modal correlations,
a compact and efficient multimodal fusion framework to ex-
ploit both inter-modal and intra-modal correlations, and a re-
fined spatio-temporal embedding mechanism that incorporates
additional implicit information into the prediction process.
STSGCN (Song et al., 2020): STSGCN adeptly captures complex
localised spatio-temporal correlations using a meticulously de-
signed spatial-temporal synchronous modelling mechanism. The
model incorporates multiple modules tailored for various time
periods, efficiently addressing heterogeneity in localised spatio-
temporal graphs.

4T-GCN (Li et al., 2024): 4T-GCN integrates four temporal CNN
blocks and one GCN block, harnessing both temporal and spatial
attributes from historical data for O-D demand forecasting. It
incorporates time segment and day-of-the-week information as
additional features.

AGCRN (Bai et al., 2020): AGCRN employs recurrent networks to
capture spatio-temporal correlations through node adaptive pa-
rameter learning and data adaptive graph generation. It exhibits
considerable enhancements in traffic flow prediction without de-
pending on predefined graphs.

4.3.3. Performance evaluation

Table 4 presents a comparative analysis between the proposed
model and eight benchmark models, categorising the results accord-
ing to the prediction horizon. The proposed model outperforms other
models in nearly all metrics and across various time frames, with the
exceptions being slight deviations in SMAPE at longer intervals and a
singular deviation in RMSE at the 3 h. This model achieves the lowest
scores in the majority of evaluation metrics, highlighting its superior
accuracy and reliability in predicting O-D data.

Among the existing models, AGCRN ranks as the second best in
benchmark models, whereas SVR consistently demonstrates strong per-
formance in sMAPE. However, the proposed model still exhibits an
average improvement of 6.55% in MAE, 3.07% in RMSE, and a 4.06%
reduction in SMAPE compared to AGCRN. A more pronounced improve-
ment is observed when compared with ARIMA, which lags in both MAE
and RMSE. Specifically, the proposed model shows a 29.93% reduction
in MAE at the 1 h interval, escalating to 60.71% at the 4 h interval.
A similar upward trend is seen in RMSE, with enhancements ranging
from 45.07% to 67.22% as the prediction horizon extends.

These quantitative indicators vividly highlight the proposed model’s
superior precision and reliability in predicting O-D data. Its consistent
superior performance over various intervals and metrics underscores its
viability as an effective tool in transportation studies.
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Table 4
O-D prediction performance comparison.
Model 1h 2h 3h 4h
MAE RMSE SMAPE MAE RMSE SMAPE MAE RMSE SMAPE MAE RMSE sMAPE
ARIMA 63.21 140.15 10.29 93.02 207.88 13.04 109.23 243.20 14.35 148.86 324.00 17.39
SVR 61.83 99.04 10.39 79.14 143.48 10.96 84.48 152.59 11.30 75.51 137.76 10.96
LSTM 63.39 124.80 20.28 72.27 145.61 16.83 71.15 144.47 16.21 69.76 141.23 17.06
STGCN 59.70 104.51 16.23 74.92 135.89 17.56 76.24 142.98 17.46 83.58 147.16 17.64
ST-MAN 99.71 208.83 11.48 100.78 209.34 11.63 97.24 207.71 11.20 95.99 206.61 11.23
STSGCN 56.42 91.06 10.99 64.33 113.43 11.48 62.87 113.13 10.14 63.73 113.73 15.21
4T-GCN 50.36 89.35 20.31 61.28 112.21 21.27 60.69 117.79 18.96 59.54 116.32 16.93
AGCRN 50.96 83.78 10.56 54.73 94.35 9.76 54.91 93.86 10.50 62.08 111.08 10.49
Proposed model 44.27 77.03 9.87 51.23 91.07 10.73 54.46 97.03 11.24 58.14 106.18 11.22
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Fig. 10. Prediction performance comparison of incidence matrix.

4.3.4. Ablation study of weighted incidence matrix

The proposed weighted incidence matrix incorporates edge-
dependent vertex weights, signifying varying degrees of vertex mem-
bership within a hyperedge. This feature is crucial for conveying vital
network and route information, enabling the model to accurately learn
spatial dependencies. To assess effectiveness, we conducted compar-
isons among three distinct types of incidence matrices. The first is
an unweighted matrix, employing a binary representation to denote
the relationship between vertices and a hyperedge, where 1 indicating
inclusion of a vertex in a hyperedge.

Conversely, the remaining two methods calculate edge-dependent
vertex weights based on the distance between vertices and the fre-
quency of trips traversing each vertex. They employ both linear and
nonlinear functions equipped with learnable coefficients. This method-
ology in constructing the weighted incidence matrix offers a thorough
evaluation of the model’s effectiveness across various configurations.
It aids in identifying the most optimal representation for efficiently
learning spatial dependencies. The nonlinear function is presented
in Eq. (12), and the linear function can be described as,

h(v,e)=a* f,+p*d, (23)

where « and f are learnable parameters.

Results acquired from the ablation study are presented in Fig. 10.
It unequivocally demonstrate that utilising a nonlinear edge-dependent
vertex weight for the incidence matrix substantially elevates the per-
formance of the model across all evaluated metrics. Specifically, in
the context of MAE, the nonlinear weight function secures a 33.90%
enhancement at the 1 h forecast interval and a 43.62% enhancement
at the 4 h interval relative to the binary weight. This progression
indicates that the benefit of the nonlinear representation amplifies as
the prediction horizon widens, presumably attributed to its refined
capability in delineating the complexities inherent to transportation
networks as time advances. Against the backdrop of the linear matrix,
the nonlinear methodology sustains a steady advantage, registering av-
erage improvements between 19.98% and 25.69% throughout the var-
ious time intervals, thereby highlighting the significance of nonlinear
transformations in augmenting the precision of O-D predictions.
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This pattern of improvement is mirrored in the additional evalu-
ation metrics. For RMSE, the nonlinear incidence matrix achieves an
average improvement of 40.19% over the binary weight and 22.50%
over the linear weight across the four forecasted intervals. With respect
to SMAPE, the improvements are 22.63% and 13.81% when compared
to binary and linear weights, respectively.

The uniform superiority of the nonlinear incidence matrix, spanning
all metrics and time intervals, reinforces its efficacy in capturing the nu-
anced, temporally evolving characteristics of transportation networks.
The insights gleaned from this ablation study lend robust support to
the integration of an edge-dependent vertex weight into the incidence
matrix structure of hypergraphs, affirming its merit as a methodological
enhancement in traffic data modelling.

4.3.5. Ablation study of contextual variables

As three additional contextual variables were incorporated to facil-
itate the prediction of commuting O-D matrix, an ablation study was
undertaken to assess their impact on predictive accuracy. Each vari-
able was added individually, while maintaining all other parameters
constant. A baseline model, devoid of contextual variables, was also
established.

Fig. 11 demonstrates that the inclusion of these contextual variables
contributes positively to both MAE and RMSE metrics. In terms of MAE
measurement, the day of the week yields a reduction ranging from
3.82% to 10.43% across various time steps, significantly surpassing
the impact of hour (5.37% to 4.23%) and weather (4.94% to 5.25%).
Meanwhile, for RMSE measurement, all variables show the greatest
improvement at the 1 h mark, exceeding a 10% improvement over the
baseline model. These enhancements gradually diminish to 5.78% for
the day of the week, 7.4% for hour, and 2.38% for weather. However,
the model integrating all features consistently outperforms in these two
metrics, achieving improvements exceeding 10% at all time intervals.
The evaluation of SMAPE presents variable results. Incorporating the
day of the week or weather conditions results in enhanced performance,
though the improvement is modest. In general terms, the day of the
week and hour appear to exert a more substantial influence on pre-
diction performance compared to weather. This discrepancy could be
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attributed to the relatively infrequent occurrence of severe weather
conditions in the collected dataset.

5. Conclusion

In this paper, we developed a novel approach integrating commu-
nity detection with hypergraph representation learning to address the
issue of estimating urban peak-hour commuting traffic demand. Specifi-
cally, we utilised the Louvain algorithm to group commute-related POIs
according to their spatial location, and the Leiden algorithm on road
networks with these POI clusters to partition commute O-D regions.
Subsequently, we proposed a spatio-temporal dynamic weighted hyper-
graph model to predict peak-hour commuting O-D matrices, using the
temporal and spatial characteristics from commute partitions, observed
O-D trips, and meteorological data.

The approach has been evaluated employing historical O-D trip
data, commute-related POI data, and road network data from Man-
hattan. Two significant outcomes emerged: firstly, the partitioning of
all city road segments, which proved to be simpler and more com-
prehensive compared to traditional taxi zones. Secondly, a roughly
5% improvement in prediction accuracy over the state-of-the-art mod-
els, demonstrating that our model can more effectively capture the
temporal and spatial characteristics of diverse heterogeneous data.
Importantly, the success of this method suggests its potential capability
to similar tasks involving temporal and spatial predictions with het-
erogeneous data, offering new avenues for urban planning and traffic
management strategies.

Nevertheless, it is crucial to acknowledge the limitations of this
study. Firstly, the testing scenario was confined to Manhattan, repre-
senting a single urban context. To further evaluate the effectiveness of
our proposed method, future work will involve testing in diverse urban
settings and datasets. For instance, we plan to conduct evaluations
in cities like Shanghai, China, utilising datasets from taxi services
and DiDi trips. Secondly, there is an opportunity to further enhance
the precision of our prediction model. We plan to refine the existing
model by incorporating attention mechanisms. This improvement is
designed to mitigate the adverse impacts of non-recurrent variations
in observed O-D trips, potentially caused by traffic incidents or major
events. These forthcoming enhancements will not only overcome the
present constraints but also substantially broaden the scope and utility
of our study in the context of urban traffic forecasting.
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