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Intelligent Transportation System (ITS) is vital in improving traffic congestion, reducing traffic accidents,
optimizing urban planning, etc. However, due to the complexity of the traffic network, traditional machine
learning and statistical methods are relegated to the background. With the advent of the artificial intelligence
era, many deep learning frameworks have made remarkable progress in various fields and are now considered
effective methods in many areas. As a deep learningmethod, Graph Neural Networks (GNNs) have emerged as a
highly competitivemethod in the ITS field since 2019 due to their strong ability tomodel graph-related problems.
As a result, more and more scholars pay attention to the applications of GNNs in transportation domains,
which have shown excellent performance. However, most of the research in this area is still concentrated on
traffic forecasting, while other ITS domains, such as autonomous vehicles and urban planning, still require
more attention. This paper aims to review the applications of GNNs in six representative and emerging
ITS domains: traffic forecasting, autonomous vehicles, traffic signal control, transportation safety, demand
prediction, and parking management. We have reviewed extensive graph-related studies from 2018 to 2023,
summarized their methods, features, and contributions, and presented them in informative tables or lists.
Finally, we have identified the challenges of applying GNNs to ITS and suggested potential future directions.
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1 Introduction
As cities expand and transportation systems develop, some transportation system problems are
gradually exposed, including traffic congestion, environmental pollution, and a growing number of
traffic accidents. In order to alleviate the problems mentioned above and improve traffic flow, plan
routes, and increase transportation safety, the Intelligent Transport System (ITS) was proposed
over five decades ago in the U.S. [169]. ITS is an intelligent system covering many areas, including
traffic forecasting, autonomous vehicles, traffic signal control, etc. It is worth noting that traffic
forecasting is one of the hottest research areas that attracts the most attention because of its
fundamental applications in transportation domains, such as optimizing route planning, facilitating
road traffic, and reducing traffic accidents. However, achieving high accuracy and confidence in
these ITS subdomains still remains challenging. According to Verses et al. [147], there are many
practical challenges not only in dealing with massive and noisy data but also in terms of scalability
and generalization. Therefore, efficient algorithms and scalable models should be further developed
to fully harness the potential of massive data and build accurate and efficient ITS.
Over the past three decades, statistical methods, such as simple linear time series models in-

cluding autoregressive integrated moving average (ARIMA) [84, 167], traditional machine learning
methods including Logistic Regression (LR), Support Vector Regression (SVR), k-Nearest Neighbors
(KNN) [21, 68, 170] were proposed to solve these problems. However, the proliferation of data and
complex road conditions relegate traditional methods to the background. Besides, the advancements
in computational techniques such as graphical processing units (GPU) make deep machine learning
models phenomenal. According to the significant milestones of deep-learning-driven traffic fore-
casting summarized in [33], the deep-learning models for traffic forecasting have flourished since
2015, and the most popular models after 2019 are Graph Neural Networks (GNNs) . The advantages
of GNNs lie in not only modeling graph-based problems well but also the ability to capture the
temporal-spatial dependency and represent the relations in non-Euclidean space [33, 69, 120].
After a detailed survey of the work in the field of ITS, we find that a significant portion of the

studies focus on traffic forecasting. However, we believe that other domains in ITS require more
attention. Moreover, while most recent research has shifted towards promising techniques like deep
learning and reinforcement learning, GNNs still need more attention and applications. Considering
the graph structure of traffic networks and the advantages of GNNs mentioned above, we believe
they are the next emerging and highly competitive solution for ITS. We mainly investigated papers
based on GNNs in the field of ITS published between 2018 and 2023 and made a detailed summary.
We have also identified research challenges faced in the field of ITS and suggested some potential
future directions for applying GNNs.

Following the above discussion, our main contribution can be summarized as follows:

• Comprehensive Review. Extensive research work or surveys from 2018 to 2023 for Intelligent
Transportation System are reviewed in detail. This research covers general and typical
research fields ITS instead of focusing on traffic forecasting. Moreover, we elaborate on the
studies reviewed, summarize their methods and challenges, and form informative tables and
lists.

• A Comprehensive Taxonomy.We carefully categorized the researched studies according to
different criteria based on the research field related, graph methods utilized, and domain-
specific challenges encountered, which help readers fully understand each domain in ITS
from multidimensionality.

• Challenges and Future Directions. After a comprehensive review, we summarize the significant
challenges faced when applying GNNs to ITS and suggest potential future directions, which
is beneficial for those who want to follow up and delve into this research area.
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A Survey on Graph Neural Networks in Intelligent Transportation Systems 3

We organize the rest of the survey as follows. In section 2, we quickly review the related surveys
in transportation domains and briefly introduce them. In section 3, we provide the background
knowledge of ITS, graph neural networks, and problem formulation. In Section 4, we investigate and
review extensive graph-based studies in six ITS domains, including traffic forecasting, autonomous
vehicles, traffic signal control, transportation safety, demand prediction, and parking management.
In Section 5, we summarize the challenges and potential future directions in the applications of
GNNs in ITS based on the previous review results. Finally, we get the conclusion in Section 6.

2 Related Surveys
ITS have been developing since the 1970s [169] and have evolved from statistical approaches and
traditional machine learning to deep and reinforcement learning methods. This section selects the
most relevant, influential, and representative surveys in transportation domains, most of which
were published in the last five years. We pay particular attention to approaches based on graph
neural networks, for which we provide a comprehensive introduction.
In application perspective, there are various research fields in Intelligent Transportation

Systems, such as traffic forecasting and autonomous vehicles. However, recent surveys have
primarily focused on traffic forecasting [29, 33, 69, 70, 139, 186], in which short-term forecasting
[83, 150] and traffic flow/speed forecasting have particularly received more attention. On the other
hand, only a few surveys have explored other ITS domains [39, 47, 120, 147]. In a survey by Liu et
al. [104], visualization charts were used to review papers within the ITS field. According to the
charts, traffic flow prediction has been the most dominant research topic in traffic forecasting since
2015. From 2017 onwards, the focus has shifted towards deep learning, feature extraction, long
short-term memory, spatial-temporal correlation, and other related areas.
There are two works most relevant to our work: the work of Jiang et al. [69] and Rahmani et

al. [120]. The work by Jiang et al. [69] is a comprehensive review survey of graph neural networks
for traffic forecasting, which summarizes the research progress on GNNs for traffic forecasting.
They researched 212 articles published between 2018 and 2020, made a good problem and methods
taxonomy, and collected their open-source data information and code resources. This article divides
the traffic forecasting problem into four groups: flow, speed, demand, and other problems. Similarly,
it divided GNNs into four groups: recurrent GNNs, convolutional GNNs, graph autoencoders, and
spatial-temporal GNNs. In the following year, they continued their work. They published another
survey [70], which serves as an extension of [69], inwhich they described the latest research progress
and trends in 2022, pointed out specific existing challenges, and suggested some more informative
future directions. The work by Rahmani et al. [120] is the most up-to-date and comprehensive
review survey of GNN under the general ITS research fields. This article encompasses several ITS
research areas, including traffic forecasting, demand prediction, autonomous vehicles, intersection
management, parking management, urban planning, and transportation safety. Besides, it briefly
introduced all of its research work in more detail and listed the characteristics of those works. In
contrast, Jiang et al. mainly categorized articles without elaborating on them.
In chronological perspective, the surveys before 2015 mainly focus on the statistics-base

methods [3, 73, 84, 85, 167, 168] and traditional machine learning models [21, 68, 144, 170]. Two of
the earliest and most significant literature surveys were published by Vlahogianni et al. in 2004
and 2014 [149, 150], focusing on short-term traffic forecasting works before 2014. However, these
traditional methods are not suitable for tackling new and complex transportation problems, such
as extensive data, intricate road conditions, and unpredictable anomalies, due to their shallow
architectures. With the advancement of theories, computational power, and hardware, several
deep learning models have emerged since the mid-2010s, contributing significantly to traffic
forecasting [139]. These deep learning models can be categorized into spatial dependency model
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Fig. 1. Development of Models and GNN Applications in ITS.

and temporal dependency models, with Graph Convolutional Networks (GCNs) being a model
that deals with spatial and temporal dependencies, making itself an excellent choice for prediction
problems, according to the taxonomy of deep learning methods for traffic prediction [186].
According to another survey by Fan et al. [33] on deep learning for intelligent traffic sensing

and prediction revealed that traffic forecasting models using deep learning have been growing in
popularity since 2015. The most popular models since 2019 are GNNs, indicating their importance
in ITS [29, 69, 70, 120]. In the last few years, researchers have been focusing on the temporal and
spatial dependence of traffic data [16, 94], leading to exploring new research trends and directions.
More representative surveys. Furthermore, there are more representative surveys of GNNs

in transportation domains. The paper published by Tedjopurnomo et al. [139] is considered as an
early review of GNN applications in traffic forecasting. Although they mainly researched papers
published between 2014 and 2019, GNNs didn’t get enough attention in their paper. The survey
published by Ye et al. [183] is the first of its kind that focuses on graph-based deep learning archi-
tectures for various domains of ITS, such as traffic congestion, traffic demand, transportation safety,
and more. They provide a comprehensive summary of the general graph-based problem formulation
and corresponding graph construction methods. Additionally, they analyze the common modules
among graph-based deep learning methods, which include Recurrent Neural Network (RNN) and
Temporal Convolutional Network (TCN). Furthermore, they discuss the traffic problem formu-
lation, challenges, and research directions in detail. Regarding the spatial-temporal dependency
problem, the paper published by Bui et al. [16] can be considered the first study that explores the
potential solutions of Spatial-Temporal Graph Neural Networks (ST-GNN) for traffic forecasting by
utilizing spatial-temporal correlation. They also propose a new taxonomy of ST-GNN by dividing
existing models into four approaches: graph convolutional recurrent neural network, fully graph
convolutional network, graph multi-attention network, and self-learning graph structure.
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Fig. 2. Research Fields in ITS.

To this end, although GNNs have become popular in transportation domains, few studies summa-
rize their applications in ITS. Therefore, it is crucial to conduct a comprehensive and informative
review of GNNs’ application in ITS. This review can fill the current knowledge gap in GNN studies
within the ITS field, as well as guide the direction of future research and development.

3 Background
In this section, we will be discussing ITS, graphs, and GNNS. Firstly, we will introduce the concepts
of ITS and the corresponding research fields. Following this, we will explain the fundamental
concepts related to graphs, including graph data and graph types, and categorize machine learning
tasks related to graphs. Finally, we will give a glance at the GNN variants and provide necessary
knowledge on basic GNN models that will be referred to in the subsequent sections.

3.1 Intelligent Transportation Systems (ITS)
3.1.1 Concepts of ITS
Back to pre-1980, the concept of Intelligent Transportation Systems (ITS) was more a future-

oriented idea, focused on overcoming surface transportation capacity limits [5, 169]. The emphasis
was on enhancing road network efficiency via optimized traffic signals, in-vehicle navigation,
and route guidance [5, 17, 116]. Notably, early ITS research recognized the significance of graph-
structured data and network models [17].

With the rapid advancement of computer technology and other techniques, such as the Internet
of Things (IoT), traffic data has become more easily accessible, which has led to the booming
development of data-driven approaches [198]. People have begun to use real-time traffic data and
information for traffic management, including road condition prediction, congestion identification,
and traffic navigation etc [40, 66, 119, 125, 161, 198]. Nowadays, ITS is a continuously expanding
interdisciplinary research field [99], providing innovative transportation services to enhance perfor-
mance, improve travel security, and inform users. This field covers a wide range of transportation
systems, including transportation management, infrastructure, policies, and control methods [198].

3.1.2 Research Fields in ITS
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According to one of the most widely cited surveys on ITS [198], there are six primary sub-areas:
advanced transportation management systems, advanced traveler information systems, advanced
vehicle control systems, business vehicle management, advanced public transportation systems,
and advanced urban transportation systems. Each sub-area has more specific research domains, as
illustrated in Figure 2 [136, 161]. Our primary interest lies in technologies, particularly in applying
GNN models to help solve ITS problems. As shown in Figure 2, research fields in ITS include traffic
forecasting, autonomous vehicles and transportation management, traveler information analysis,
urban planning, and more. In this context, we will provide detailed information about three fields.
Traffic Forecasting. Traffic forecasting is also known as traffic prediction [6, 7, 34, 188]. This

problem is a very typical time-series prediction problem, predicting the most likely traffic mea-
surements X𝑡+𝑖 in the next 𝑇 time steps after time 𝑡 , given the previous 𝑀 time steps’ traffic
measurements {X𝑡 ,X𝑡−1, . . .X𝑡−𝑀+1} as observations. The traffic measurements can be anything,
such as speed, demand, or flow. The goal is to find the optimal prediction values X∗

𝑡+1, . . .X
∗
𝑡+𝑇 that

are as accurate as possible.

X∗
𝑡+1, . . .X

∗
𝑡+𝑇 = argmax

X𝑡+1,...X𝑡+𝑇

log 𝑃 (X𝑡+1, . . .X𝑡+𝑇 |X𝑡−𝑀+1, . . .X𝑡 ) ,

where X𝑡 ∈ R𝑁×𝐷 is the observation of all 𝑁 road segments, 𝐷 dimensional features each, at time 𝑡 .
Transportation Management. Transportation management is a broad concept that includes

various aspects of managing the transportation system, such as traffic signals, parking lots, and
transportation safety [136, 161]. According to studies by Wang et al. [161], it involves at least two
lines of work. Firstly, traffic prediction or forecasting is a crucial component of transportation
management. Since decisions are made for the future, it is essential to have accurate predictions
about traffic patterns. One way to achieve this is by acquiring reliable data about vehicle numbers
and types, which can help enhance the quality of transportation management [161]. Secondly, trans-
portation management is a decision-making problem in general. By analyzing public transportation
data with the help of machine learning models, it is possible to identify patterns and rules that
are not evident otherwise. This can provide valuable insights to the transportation management
department to make informed decisions and improve the transportation system.
Vehicle Control. Vehicle control remains an essential part of the ITS studies. Both vehicle

control system and vehicle management are included in the list of the six fundamental components
in ITS [198]. The essential goal is to make wise decisions to guide the vehicles to their destinations
in an automated manner, which involves identifying and registering the surrounding vehicles, as
well as tracking and predicting their movements [58, 60, 64, 161].

In a way, the autonomous vehicle control system problem should be considered a decision-making
problem [79, 148]. While beyond the most straightforward framework of making simple decisions
according to some given conditions, vehicle control can be much more challenging due to the
complexity of the input environment data [44], and decisions must be made promptly and correctly.
Otherwise, we can not afford the consequences of compromising road safety [78].

3.2 General Introduction to Graphs and Graph Neural Networks
3.2.1 Graph Data and Graph Types
Graph data, as a general kind of data type that contains both entities and the relations of the

entities, is typically good at representing correlations among a group of objects. Unlike basic types
of data structures such as arrays or matrices, graphs are irregularly structured, with a complex
topology of arbitrary size. In general, a graph G can be viewed as the combination of a node-setV
and a corresponding edge-set E. We denote it as G = (V, E). The nodes are not naturally ordered.
In other words, shuffling the nodes’ index should not affect the results of our tasks on graphs. Nodes
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in a graph can be labeled, unlabeled, or partly labeled, and they can have attributes or features.
Despite their commonly shared node-link structure, they can be different types of graphs. Here are
a few examples:

• Directed/Undirected Graphs. In an undirected graph, whenever there is an edge (𝑣𝑖 , 𝑣 𝑗 ) ∈ E
that exists, it infers that (𝑣 𝑗 , 𝑣𝑖 ) ∈ E must hold as well, and vice versa. In a directed graph,
there is no such constraint.

• Weighted/Unweighted Graphs. In a weighted graph, edges are assigned weight values, in-
dicating their different importance, tightness, or other information needed. In an unweighted
graph, all edges are treated equally.

• Signed/Unsighed Graphs. Most graphs are unsigned default, meaning all edges have
positive weights if assigned a weight. In a signed graph, however, the edges are signed,
meaning an edge can be either positive or negative. Sometimes, signed edges will bring more
flexibility to graph design.

• Static/Dynamic Graphs. Static graphs have fixed node features, edge features, and edge
connectivity that remain constant throughout. On the other hand, dynamic graphs are those
whose data evolve over time, where new nodes can emerge or disappear at any time step,
and new relationships can be established or terminated. Therefore, it is essential to model
temporal information accurately to capture the changes over time. Normally, we represent a
dynamic graph as a sequence of static graph screen-shots:

G = {G1,G2, . . .G𝑇 } ,
where G𝑡 = (V𝑡 , E𝑡 ), 𝑡 ∈ {1, 2, . . . ,𝑇 } and 𝑇 is the total number of time steps.

• Homogeneous/Heterogeneous Graphs. In a homogeneous graph, all nodes have the
same set of features and can be considered to belong to the same group. All edges also
represent similar meanings. For example, all nodes are road segments, and all edges are their
connections. On the other hand, in a heterogeneous graph, the identity of nodes and edges
can differ. For instance, some nodes may be vehicles, while others may be road segments.
Similarly, some edges may represent vehicle interactions, while others may represent road
connections or vehicles passing by a road segment. Some specific types of heterogeneous
graphs can also be interpreted asMulti-Dimensional Graphs. These graphs include |R |
different types of relations among the same set of nodes and separate the entire graph into
|R | views, where each view indicates a single relation. The adjacency matrix becomes a
3-dimensional tensor 𝐴 ∈ R |V |× |R |× |V | .

3.2.2 Machine Learning on Graphs
The most common tasks to train a GNN model are classification and regression tasks. Both

categories of tasks can be carried out at different levels, namely node level, edge level, and graph
level [69, 120]. Other tasks, such as clustering, are more common on node-level [120]. Assuming
that we express a graph as G = (V, E). Different levels of tasks target different problems.

• Node-Level Tasks. Node-level tasks focus on solving problems using the node set V =

{𝑣1, 𝑣2, . . . , 𝑣𝑁 }. These tasks include classification tasks, regression tasks, and clustering tasks.
Classification and regression tasks are supervised learning tasks where at least some of the
nodes must have labels. In a classification task, the labels are discrete class types. For example,
if every node 𝑣𝑖 represents a road section, the class label set could be { crowded, not-crowded
}. In a regression task, the labels are in continuous space. Following the previous example, if
we use a crowdedness score 𝑐𝑖 ∈ [0, 1] to represent how crowded a road section 𝑣𝑖 is, then the
regression task label can be the ground-truth crowdedness 𝑐𝑖 . Clustering tasks, on the other
hand, are unsupervised, meaning that we no longer have ground-truth node-level labels.
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The node-clustering task aims to partition the nodes into disjoint groups according to their
similarities, assuming that similar nodes should belong to the same group [69]. Following
the previous example, for all road sections 𝑣𝑖 , if we intuitively believe that there are several
types of road sections and assume that the features we captured are sufficient to reveal the
underlying difference, we can try clustering algorithms and measure the outcome. Something
to note is that, unlike other data types, graph nodes are not independent and identically
distributed (i.e., i.i.d). We are not interested in modeling node dependencies either [49, 120].

• Edge-Level Tasks. Edge-level tasks include edge regression, edge classification, and link
prediction [120]. Edge regression and edge classification tasks are very similar to node
regression or node classification tasks. In this case, for an edge in the edge set 𝑒 ∈ E, we
can have either a corresponding class label assignment 𝑙𝑒 and make it possible to have
a classification task. We can also have an edge feature score 𝑓𝑒 ∈ R to measure specific
properties of the edge to define an edge regression task. Link prediction is also known as
relation prediction or graph completion. In a standard link prediction task, we train the
model with a training graph consisting of only part of the edges Gtrain = (V, Etrain), where
Etrain ⊂ E, and the objective is to predict whether or not there exists a link between any
two given nodes [69]. If nodes are road sections, the link prediction tasks could be used to
complete the connectivity relations among them.

• Graph-Level Tasks. Graph-level tasks are typically not applicable on one graph G. Instead,
here we take every graph as a single data point and perform tasks on a data set of multiple
graphs {G1,G2, . . . }. The focus is on learning a representation that effectively captures the
features of the entire graph so that we can successfully perform classification, regression,
or clustering tasks. However, few studies have been on graph-level tasks with ITS models
utilizing GNNs [120]. Theoretically, having discrete properties for classification tasks or
continuous properties for regression tasks is reasonable at the graph level. Besides, it also
makes sense to cluster multiple traffic graphs into several groups.

Up till now, node-level tasks remain the main focus while using GNNs in ITS, while edge-level or
graph-level tasks are of great potential [120].
GNNs have been a topic of great interest among researchers since their proposal [77]. GNNs

are rooted in graph spectrum theory and are still shrouded in mystery, making them all the more
fascinating from a mathematical standpoint [131]. While Graph Convolutional Network (GCN) [77]
was not the first model to suggest convolution on graphs [30], it was the first one to strike a balance
between efficiency and effectiveness. This discovery helped to highlight the potential of GNNs in
the AI community, particularly for solving problems related to graph data.

There have been many studies on GNNs and their application in various fields, one of which is
ITS. Graph data can be used to represent traffic flow data naturally. For example, we can consider a
system with 𝑁 road sections as V = {𝑣1, 𝑣2, . . . , 𝑣𝑁 }, each represented as a node in a graph, and
𝑀 links (i.e., edge set size |E | = 𝑀) that represent the relationships between those nodes, such
as connectivity. Whenever two road sections are directly connected, an edge is included in the
edge set. This can be represented as (𝑣𝑖 , 𝑣 𝑗 ) ∈ E, where 𝑣𝑖 and 𝑣 𝑗 are two road sections and E is the
edge set. From here, we can consider various tasks. For instance, we can classify roads or predict
connectivity between different areas.

3.3 Graph Neural Networks (GNNs)

3.3.1 Definition of GNNs
Graph Neural Networks (GNNs) are specifically designed for graph data. At the input stage,

these models usually assign a 𝑑-dimensional vector representation 𝑥𝑖 ∈ R𝑑 to each node 𝑣𝑖 as

ACM Comput. Surv., Vol. 1, No. 1, Article . Publication date: January 2023.



A Survey on Graph Neural Networks in Intelligent Transportation Systems 9

their features. The features can be any of the nodes’ attributes. If nodes do not have attributes, to
represent them in a neural network setting, we typically use one-hot embedding [77]. Then, multiple
layers of message propagation and aggregation allow the nodes to influence their neighborhood. In
each layer 𝑙 , node 𝑣𝑖 ’s corresponding hidden representation ℎ (𝑙 )

𝑖
is determined by ℎ (𝑙−1)

𝑖
and ℎ (𝑙−1)

𝑗
,

∀𝑗 ∈ N (𝑖) where N(𝑖) denotes node 𝑖’s neighborhood. Typically:

ℎ
(𝑙 )
𝑖

= 𝜎

(
Aggregation

(
ℎ
(𝑙−1)
𝑖

,MessagePassing(ℎ (𝑙−1)
𝑖

, ℎ
(𝑙−1)
𝑗

) |∀𝑗 ∈ N (𝑖)
) )

(1)

where ℎ (0)
𝑖

= 𝑥𝑖 , 𝜎 is a non-linear activation function, and almost every GNN model has its own
decision on the message-passing and aggregation algorithms [69, 71, 102, 120]. Finally, the outputs
from the last layer are utilized in downstream tasks, where we can estimate the quality of the GNNs
via task-specific loss functions and optimize the parameters in the models accordingly. These steps
are identical to how we optimize other types of neural networks.

3.3.2 AQuick Glance at the GNN Variants
There are many different types of GNNs, and many have tried to classify them. A very popular

categorization was proposed and agreed upon by previous researchers [173, 206, 217] and has been
widely adopted ever since [1, 120]. However, these works have some differences. For instance, some
earlier works did not consider graph adversarial networks. All in all, if we follow the latest version
along this thread [120], we view the graph neural networks as those belonging to the following
types in general: recurrent-based GNNs, convolutional-based GNNs, spatial-temporal GNNs, graph
autoencoders, graph adversarial networks, and graph reinforcement learning.

Note that these categories of GNNs are mentioned just to organize our knowledge in a better way.
They are not even mutually exclusive. For instance, spatial-temporal GNNs could also appear in
the intersection of recurrent-based GNNs and convolutional-based GNNs, and graph autoencoders
sometimes integrate graph convolutions units or recurrent units for better flexibility [120]. The
different types of GNNs do have some different features:

• Recurrent-Based GNNs. Many people have become familiar with GNNs after learning about
Graph Convolutional Netowrks (GCNs) [77], a convolutional-based GNN type. However,
recurrent-based GNNs are proposed much earlier [126, 190]. Those recurrent-based GNNs
use recurrent units as the combination function. Following similar notation system as in
Section 3.3.1, we can describe the update rule as:

𝑥
(𝑙 )
𝑖

= 𝑓𝑤 (ℎ (0)
𝑖

, {ℎ (𝑙−1)
𝑗

| 𝑗 ∈ N (𝑖)}, {ℎ (0)
𝑗

| 𝑗 ∈ N (𝑖)}, {𝑒𝑖 𝑗 | 𝑗 ∈ N (𝑖)})

ℎ
(𝑙 )
𝑖

= 𝑔𝑤 (𝑥 (𝑙 )
𝑖

, ℎ
(0)
𝑖

)
(2)

where ℎ (0)
𝑖

is the ground-truth properties of node 𝑖 , 𝑒𝑖 𝑗 is the feature of the edge between
node 𝑖 and 𝑗 , 𝑓𝑤 and 𝑔𝑤 are both implemented by feedforward neural networks. This update
unit is called an encoding network and is a recurrent neural network. Later follow-up works
had different design decisions, such as CommNet [134] that neglected edge transformation,
GG-NN [93] who used Gate Recurrent Unit (GRU) units [25] to implement the update rules.
Some spatial-temporal GNNs might leverage RNN units to capture spatial and temporal
dependencies simultaneously, which is a widespread practice in ITS studies [69].

• Convolutional-Based GNNs. Convolution on graph data [10] can can be performed either
in spectral [52] or spatial domain [221]. Spectral-based models are typically derived from
the foundations of spectral graph theory, which involves using graph signal processing tech-
niques such as eigenvalue decomposition and signal filtering. The main difference between
spectral-based and spatial-based models is that spatial-based models only consider the neigh-
borhood of a target node at once. In contrast, spectral-based approaches must compute over
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the entire graph at a time. At times, the differences are subtle. For instance, the famous Graph
Convolutional Network (GCN) [77] model is actually is spectral-based, Approximate Person-
alized Propagation of Neural Predictions (APPNP) [37] and Autoregressive Moving Average
Model (ARMA) [13] are spectral-based as well, while Graph Attention Network (GAT) [146],
Graph Isomorphism Network (GIN) [176], Graph SAmple and aggreGatE (GraphSAGE) [48],
and Graph Attention Networks v2 (GATv2) [15], are all spatial-based [9, 205].

• Spatial-Temporal GNNs. The spatial-temporal GNNs [95, 210] are the most popular GNNs
used in traffic-forecasting studies [69]. Some of these models [81, 188] use both the recurrent
and convolutional units to capture the spatial (e.g., roads layout on map) and temporal (e.g.,
dynamic changes of the road condition) interdependencies simultaneously. Othermodels, such
as GraphWaveNet [174], make good use of the Temporal Convolutional Networks (TCNs) [81],
while the Spatial-temporal Graph Convolutional Network (STGCN) [188] combines graph
convolution with 1D convolution, and the Temporal Graph Convolutional Network (T-
GCN) [210] combines Graph Convolutional Networks (GCNs) [77] and Gate Recurrent Units
(GRUs) [25]. These models are known for their ability to forecast the future of a graph
sequence. Furthermore, spatial-temporal GNN models can be classified into subtypes, such
as RNN-based, CNN-based, attention-based, and Feedforward Neural Network (FNN)-based
spatio-temporal GNNs [69], which provide a finer granularity of categorization.

• Graph Autoencoders. Graph Autoencoders (GAEs) are generative graph neural network
models. One famous example of a GAE is the Variational Graph Autoencoder (VGAE) [76].
Similar to other variational autoencoder (VAE) models [31], GAEs learn to convert input data
into a latent representation during the encoding phase while also learning to generate new
data that is similar enough to the original in the decoding phase. What makes GAEs unique
is that they often use GNNs as their components, such as using GCNs as their encoder [1].

4 The Applications of GNNs in ITS
4.1 Traffic Forecasting
4.1.1 Traffic Flow Forecasting
Traffic flow forecasting is a crucial part of intelligent transportation system (ITS) [69]. It aims

to predict the future state of traffic on a road network, including the volume of vehicles during
a specific time period and across different segments of the transportation network. Accurate
traffic flow prediction is essential in mitigating congestion, reducing travel times, enhancing road
safety, and improving overall transportation infrastructure efficiency. Forecasting traffic flow helps
stakeholders, such as city planners, traffic management authorities, and drivers, make informed
decisions. For city planners and traffic managers, it aids in developing strategies for traffic signal
control, incident management, and infrastructure development. For drivers, it provides valuable
information for route planning and avoiding congested areas. Several factors can influence traffic
flow, including daily commuting patterns, road conditions, weather, special events, accidents, and
construction work [213]. These factors can be complex and constantly changing, making traffic
flow prediction a challenging task that has been the subject of research for many years.

In the realm of traffic data analysis, various conventional methodologies have been utilized for
predicting and recognizing patterns. Some of these include the k-Nearest Neighbors algorithm
(kNN) [108], Vector Auto-Regression (VAR) [109], Auto-Regressive Integrated Moving Average
(ARIMA) [14], and Support Vector Regression (SVR) [135]. However, these traditional methods
have limitations, particularly in handling the complex spatio-temporal dynamics found in traffic
data. One significant drawback of these techniques is their dependency on the assumption of
data stationarity, which is often not met in real-world scenarios. Traffic patterns can be highly
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Table 1. A Comprehensive Overview of Most Related Studies for Traffic Forecasting

Model Article Year Task Graph Construction Spatial Module Temporal Module Summary

FPTN [196] 2023 Flow road network transformer transformer FPTN improves traffic forecasting with sensor-based data division, triple types of
embeddings, and an efficient Transformer encoder, reducing computational demands.

DyHSL [213] 2023 Flow learned hypergraph HGNN HGNN DyHSL improves traffic forecasting with hypergraphs for dynamics and interactive
convolutions for spatio-temporal relations, effective across multiple datasets.

DSTAGNN [80] 2022 Flow dynamic GNN GNN DSTAGNN dynamically models spatial-temporal road network interactions by
utilizing enhanced multi-head attention and multi-scale gated convolution.

Bi-STAT [23] 2022 Flow road network transformer transformer Bi-STAT enhances traffic forecasting with adaptive spatial-temporal transformers,
handling diverse task complexities and leveraging past data for improved prediction.

STFGNN [89] 2021 Flow road network GNN GNN STFGNN enhances traffic forecasting by fusing data-driven temporal and spatial
graphs and employing gated convolutions, effectively handling long sequences.

AGCRN [7] 2020 Flow generated GCN RNN AGCRN enhances prediction by two adaptive modules, focusing on node-specific
patterns and automatic inter-dependency learning without pre-defined graphs.

HGC-RNN [184] 2020 Flow road network HGNN RNN HGC-RNN leverages hypergraph convolution and RNNs for structured time-series
sensor network data, capturing complex structural and temporal dependencies.

STSGCN [133] 2020 Flow road network GCN GCN STSGCN models localized spatial-temporal correlations and accounts for heterogen-
eities across different periods, simplifying spatial-temporal network data forecasting.

ASTGCN [43] 2019 Flow road network GCN attention ASTGCN improve forecasting with a spatial-temporal attention mechanism and
convolutions, focusing on dynamic correlations to make more accurate predictions.

LRGCN [86] 2019 Flow road network RGCN RGCN LRGCN, designed for time-evolving graph path classification, integrating temporal
dependencies and graph dynamics by relational GCN to process time-based relations.

DCRNN [96] 2017 Flow road network GCN RNN DCRNN models forecasting as a diffusion process on directed graphs, using bidirec-
tional random walks and an encoder-decoder architecture with scheduled sampling.

CAGRU [75] 2021 Speed road network GAT GRU CAGRU predicts traffic speed and identifies patterns using a convolutional attention-
based neural network based on traffic flow data without relying on historical speed data.

DMSTGCN [50] 2021 Speed learned DGNN DGNN DMSTGCN learns dynamic spatial dependencies between road segments and incorpo-
rates multi-varied traffic data, capturing multifaceted spatio-temporal traffic features.

FASTGNN [195] 2021 Speed road network ASTGCN ASTGCN FASTGNN, a federated learning framework, features a differential privacy-based me-
thod to protect topological information and an innovative aggregation approach.

- [103] 2020 Speed road network GraphSAGE - This paper uses GraphSAGE to forecast spatially heterogeneous traffic speed and impu-
tes missing data for segment networks with nonlinear spatial-temporal correlations.

ATT-LSTM [172] 2020 Speed road network GAT LSTM Attention-based LSTM (ATT-LSTM), a short-term level prediction model, predicts
traffic speed and imputes missing traffic data with a data preprocessing module.

GATCN [41] 2020 Speed road network GAT TCN GATCN, a deep learning framework combining GAT and TCN, effectively learns spatio-
temporal traffic flow characteristics and neighborhood information with multiple layers.

MTL-GRU [200] 2020 Speed road network GNN GRU MTL-GRU, a multitask learning GRU model with residual mappings, selects
the most informative features to enhance traffic flow and speed forecasting.

DSTL-GR [155] 2023 Time road network GraphSAGE LSTM DLSF-GR enhances travel time prediction by considering spatial and temporal dep-
endence, as well as exogenous variables, through a combination of GNNs and RNNs.

DeepTrans [142] 2020 Time road network DCRNN DCRNN DeepTRANS enhances travel time estimation by incorporating traffic forecasting into
an existing deep learning-based bus ETA model, improving congestion prediction.

SST-GNN [123] 2020 Time road network SGNN SGNN SST-GNN predicts by encoding spatial correlations, using neighborhood aggregati-
on and a spatio-temporal mechanism with position encoding for periodic patterns.

- [110] 2019 Time road segment clustering - The model predicts bus travel times using real-time taxi and bus data, dividing
routes into dwelling and transit segments with two tailored models for each.

non-stationary due to urban development, policy changes, and unexpected events. Therefore, these
methods may fail to effectively capture the evolving trends and irregularities in traffic data.

The integration of deep neural networks in analyzing traffic data has led to significant advance-
ments in recent years. Deep learning-based approaches, particularly GNNs, have proven to be
highly effective in capturing the spatial and temporal correlations within traffic data. Studies Kipf et
al. [77], Xu et al. [176], and others [15, 24, 37, 48, 146] have highlighted the effectiveness of GNNs in
mapping the structured spatial patterns of road networks. These networks can adeptly delineate the
complex interconnections and dependencies among various elements of transportation networks.
Furthermore, sequential neural network models, such as RNNs, Long Short-TermMemory networks
(LSTMs) [53], and GRUs [25], have proved to be highly efficient in decoding the temporal dynamics
of traffic data. Their ability to process sequential information makes them particularly suitable for
understanding and forecasting time-dependent traffic patterns.
The application of GNNs and RNNs provides a comprehensive approach to model traffic data,

which offers improved accuracy and robustness in predicting and managing traffic conditions.
The superior performance of these methods highlights the significant impact of deep learning
methodologies in advancing traffic data analysis. It transitions from traditional models to more
sophisticated, data-driven approaches.
Recent research has introduced various models that can effectively capture the complex inter-

dependencies inherent in spatial and temporal data. These proposed models [43, 96, 133, 213] use
advanced neural network architectures to analyze intricate patterns within traffic data, thereby
significantly improving forecasting accuracy. These approaches excel in their ability to handle
dynamic relationships within traffic systems sophisticatedly. These methods provide a comprehen-
sive understanding of traffic behavior by simultaneously addressing spatial aspects (such as the
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connectivity of roads) and temporal factors (like traffic flow variations over time). This dual focus
enables more precise predictions essential for efficient traffic management and planning.
One line of research involves utilizing graph neural networks along with recurrent neural net-

works [25, 53] to capture spatial and temporal information recursively [7, 96, 184]. For instance,
the Diffusion Convolutional Recurrent Neural Network (DCRNN) [96] replaces fully connected
layers in the GRU[25] with diffusion convolution. Adaptive Graph Convolutional Recurrent Net-
work (AGCRN), as described in [7], focuses on learning node-specific features and uncovering
hidden inter-dependencies through an adaptive graph convolutional recurrent methodology. This
approach reflects a growing tendency to tailor models to understand complex network dynamics.
Furthermore, Hypergraph Convolutional Recurrent Neural Network (HGC-RNN), as explained in
[184], combines hypergraph convolution with recurrent neural networks, specifically targeting
traffic flow forecasting. This combination highlights the potential of integrating different neural
network architectures to improve predictive accuracy.
Another line of research [43, 86, 133, 213] involves developing a large spatio-temporal graph

and utilizing GNNs to capture spatio-temporal correlations. For example, the Spatial-temporal
Synchronous Graph Convolutional Network (STSGCN) framework explained in [133] establishes a
spatio-temporal graph structure, which is used to carry out localized graph convolution operations,
resulting in enhanced data processing capabilities. Moreover, the Attention-based Spatial-temporal
Graph Convolutional Network (ASTGCN) model outlined in [43] incorporates an attention mecha-
nism within the spatio-temporal graph context, as described in [133]. This augments the model’s
performance by focusing on salient features. Additionally, the Long Short-Term Memory R-GCN
(LRGCN) approach presented in [86] is designed to encode spatio-temporal graphs with increased
efficiency, addressing the complexities inherent in such data structures.

More recently, various methods [80, 89, 213] have been proposed to learn the underlying graph
structure using spatio-temporal data. For instance, Dynamic Spatial-Temporal Aware Graph Neural
Network (DSTAGNN) [80] focuses on learning a spatio-temporal graph while applying multi-head
attention [145] to represent dynamic spatial relevance. This method highlights the continuous evo-
lution of graph neural networks towards more nuanced and intricate representations of spatial and
temporal data interrelations. On the other hand, Spatial-temporal Fusion Graph Neural Networks
(STFGNN), mentioned in [89], employs a spatial fusion graph coupled with a generated temporal
graph, demonstrating the effectiveness of multi-faceted graph structures in data analysis.

With the success of transformers in many fields [51, 145, 212], researchers have used transformers
to capture temporal information in conjunction with graph neural networks [48, 77] in the field
of long-term traffic flow forecasting. However, using Transformer-based models for traffic flow
forecasting is challenging because of the complex spatio-temporal correlations in traffic flow data.
To address this issue, some well-designed methods are proposed [23, 62, 177, 196]. For instance,
researchers have proposed Fast Pure Transformer Network (FPTN) and Multi-Spatial-Temporal
Encoder-Decoder Model (MST-EDM) [196] based on Transformer. These methods divide traffic flow
data into sequences along the sensor dimension and use a Transformer encoder to capture complex
spatio-temporal correlations simultaneously. Chen et al. [23] have proposed a bidirectional spatial-
temporal adaptive transformer (Bi-STAT) for accurate urban traffic flow forecasting. This model
utilizes Encoder-decoder architecture with spatial-adaptive and temporal-adaptive transformers.

The diversity of these models demonstrates the breadth of innovation in this area. Each approach
provides unique insights and methodologies, contributing to to an extensive and more diverse
toolkit for traffic analysts and urban planners.

4.1.2 Traffic Speed Forecasting
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Speed is a crucial metric when it comes to monitoring traffic, with significant applicability in
ITS. This metric is characterized as the average velocity of vehicles traversing a defined spatial
segment within a specified interval of time. In urban areas, vehicle speed acts as an indicator of
the level of traffic congestion. Accurate forecasting of traffic velocity is important for improving
navigational routing and the precision of estimated arrival time in various applications.

Traffic speed forecasting and traffic flow forecasting share similar methodologies. In both areas,
incorporating spatio-temporal information is crucial for optimizing model performance. Recent
research in this field [41, 50, 75, 103, 114, 172, 195, 200], has effectively utilized both spatial and
temporal dimensions in traffic speed data. For instance, the work of Liu et al. [103] employs the
GraphSAGE model [48], a novel approach tailored for sparse network conditions, to enhance
the accuracy of traffic speed predictions. This approach emphasizes the importance of spatial
information in the context of sparse connectivity. Khodabandelou et al. [75] innovatively combine
graph convolution techniques with attention-based gated recurrent units [25] to capture both spatial
and temporal relationships within traffic speed data. This fusion approach enriches the model’s
understanding of complex traffic dynamics. Zhang et al. [200] introduce a multi-task learning
framework that simultaneously processes traffic flow and speed data. This approach enables the
model to learn from the intertwined nature of traffic speed and flow, leading to a more nuanced
representation of spatio-temporal data and enhancing the predictive accuracy for both metrics.
The endeavor of traffic speed forecasting is further complicated by the issue of information

scarcity, which highlights the difficulty in generating accurate predictions when faced with limited,
incomplete, or sparse traffic data [57, 172]. Such scarcity can stem from various reasons, including
the lack of coverage by sensor networks, the high costs associated with the deployment and
maintenance of extensive traffic monitoring systems, and the challenges in collecting data on roads
with low traffic volumes or in remote areas.

In response to these challenges, Liu et al. [103] have developed a technique that applies a data
recovery algorithm based on identifying nonlinear spatial and temporal correlations within the road
network. This algorithm helps impute missing speed data for different segments and enables traffic
speed forecasting across a diverse and heterogeneous road network. Moreover, Huang et al. [57]
have utilized Probabilistic Principal Component Analysis (PPCA) to model travel speeds reliably,
even when data is missing from specific road segments. They have also employed spectral clustering
to categorize roads with similar traffic conditions into clusters, which reduces the variability of
traffic conditions within each group. This enhances predictive consistency and facilitates parallel
computing to improve overall prediction performance.
Advanced computational models are used for traffic speed forecasting, which involve analyz-

ing spatio-temporal data to provide real-time and accurate insights into traffic conditions. This
is crucial for effective traffic management and planning, particularly in urban areas. Improved
traffic forecasting can also greatly enhance the user experience in navigation and route planning
applications, particularly in densely populated areas where traffic conditions are highly dynamic
and unpredictable [69].

4.1.3 Traffic Time Forecasting
Traffic time forecasting, referred to as travel time forecasting, is closely related to traffic flow

or demand forecasting. This field has evolved over time, utilizing methodologies developed for
traffic flow or demand prediction. Initially, pioneering techniques like ARIMA [14]and support
vector machines (SVM) [135] were used to predict traffic time. However, with the rise of deep
learning, this field has significantly transformed, shifting towards spatio-temporal forecasting
methods [7, 43, 133]. These advanced deep learning models are adept at analyzing massive traffic
data to unravel complex patterns and intricate relationships, thereby elevating the precision and
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robustness of travel time predictions. Integrating the temporal and spatial dimensions is crucial to
spatio-temporal forecasting. This approach is pivotal in accounting for time-dependent changes
and the interconnected nature of road networks. To achieve this, a blend of GNNs [48, 77, 176] and
RNNs[25, 53, 137] is often employed. This combination effectively captures temporal sequences
and spatial inter-dependencies within traffic data, offering a more holistic and accurate approach
to travel time forecasting.

Exploring traffic flow forecasting methods [43, 96, 214] as a means of predicting travel times has
become a promising and dynamic area of research in ITS [2, 74, 123, 142, 155]. Tran et al. [142] have
taken the lead in this field by incorporating advanced traffic flow forecasting models into their travel
time prediction system, called DeepTrans. Their methodology uses machine learning to examine
vast datasets of historical traffic patterns, allowing for more precise travel time estimations. Diving
deeper into the interplay between spatial and temporal factors, Kang et al. [74] introduced a novel
spatio-temporal forecasting framework focused on the urban context. This approach can process
and integrate multifaceted data streams, capturing the intricate dynamics of urban traffic. The
model considers not only the physical layout of the transportation network but also the fluctuating
congestion levels over time. By assimilating this spatio-temporal information, their model extracts
essential representations that significantly improve the reliability of travel time forecasts.

Although traffic time forecasting and traffic flow forecasting are related, they are still two distinct
areas in transportation domains. Traffic flow forecasting offers a macroscopic view, focusing on
overall traffic conditions and trends across a broader area or network [96, 213, 214], which involves
understanding traffic patterns, volume, and congestion across a network. On the other hand, traffic
time forecasting delves into the microscopic details, emphasizing the temporal elements of travel.
It provides detailed insights into the travel duration between specific locations, making it valuable
for journey planning and management [12, 28, 163].
As an illustration, Ma et al.’s study [110] predicts bus travel times using fine-grained and real-

time data, offering a detailed analysis of the traffic system. This approach is particularly useful
for short-term predictions and immediate traffic management. Similarly, Comi et al. [28] focus on
the temporal factors that influence long-term traffic predictions, incorporating spatial data into
graph neural networks. This method is essential in understanding how different regions and routes
interact over time, enhancing the accuracy of long-term traffic forecasts. While differing in scope
and detail, both approaches are crucial for a comprehensive understanding of traffic dynamics and
effective transportation planning.

4.2 Vehicle Control System
4.2.1 Perception

In the field of vehicle control systems, perception plays a vital role in identifying and categorizing
objects in a vehicle’s vicinity. Perception involves two critical tasks: semantic segmentation with
classification and object detection with tracking [64]. For semantic segmentation, 3D data is often
represented as point clouds, which can capture complex 3D shapes and their unique irregular
structures. However, traditional deep learning methods usually convert point clouds into 3D voxel
grids or collections of images before feeding them into deep neural networks, which may lead to
information loss and computational overhead [44]. An alternative approach leverages the graph-like
nature of point clouds, fueling a surge in research efforts employing GNNs to enhance the efficiency
and accuracy of 3D data analysis. In the following sections, we review GNN-based methods for
learning representations from point cloud data.
Graph-Based Methods in Spatial Domain. Spatial Convolutional Graph Neural Networks

can be broadly characterized as propagating node features to neighboring nodes by adopting a
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Table 2. A Comprehensive Overview of Most Related Studies for Autonomous Vehicles

Model Article Year Datasets GNN Module Summary

GTNet [218] 2023 ModelNet40, ShapeNet part Graph Transformer GTNet uses a Local Transformer to calculate neighboring point weights through dynamic graph-based
cross-attention within domains, and a Global Transformer to expand its range using global self-attention.

MHNet [106] 2023 ModelNet40, NTU Spectral GNN MHNet introduces a polynomial hypergraph filter, which dynamically extracts multi-scale node features.

DiffConv [98] 2022 ModelNet40, Toronto3D,
ShepeNet part Spectral GNN DiffConv uses density-dilated neighborhoods where each point’s radius depends on its kernel density.

It also uses masked attention to introduce task-specific learned variations to the neighborhood.

DeltaConv [166] 2022 ModelNet40, SHREC11,
ScanObjectNN, ShapeNet Spectral GNN DeltaConv uses a graph-based anisotropic convolutional operator by combining a set of geometric

operators defined on scalar and vector fields to encode the directional information of each surface point.

3DCTN [107] 2022 ModelNet40, ScanObjectNN Graph Transformer 3DCTN combines convolutions and transformers to learn local and global features. It uses a multi-scale
local feature aggregation block and a global feature learning block to process downsampled point sets.

Point Transformer [209] 2021 S3DIS, ModelNet40,
ShapeNet part Graph Transformer Point Transformer introduces an expressive transformer layer tailored for point cloud processing.

It employs local self-attention and integrates vector attention to achieve elevated accuracy levels.

PCT [42] 2021 ModelNet40, ShapeNet Graph Transformer Point Cloud Transformer (PCT) improves capturing local context capture within the point cloud by using
coordinate-based input embedding with the help of farthest point sampling and nearest neighbor search.

CurveNet [175] 2021 ModelNet40, ModelNet10,
ShapeNet part Spatial GNN CurveNet enhances point cloud shape descriptors by organizing connected points through guided

walks within point clouds and aggregating them to enhance their individual point-wise features.

LDGCNN [199] 2021 ModelNet40, ShapeNet Spatial GNN LDGCNN is a linked dynamic graph CNN created for direct classification and segmentation of point clouds,
addressing sparsity and unstructured nature. It also includes theoretical analysis and model visualization.

3D-GCN [101] 2020 ModelNet40, ModelNet10,
ShapeNet part Spatial GNN 3D-GCN is a novel approach for processing 3D point clouds in computer vision that offers scale and shift

invariance by utilizing learnable kernels and a graph max-pooling mechanism to extract robust features.

DHGNN [36] 2019 ModelNet40, NTU Spectral GNN DHGNN addresses limitations in graph/hypergraph-based deep learning by dynamically updating hyper-
graph structures and encoding high-order data relations through vertex and hyperedge convolutions.

DGCNN [159] 2019 ModelNet40 Spatial GNN DGCNN, a novel neural network module dubbed EdgeConv suitable for point clouds, enhances CNN-
based high-level tasks by incorporating local neighborhood information and adapting to topology.

RGCNN [138] 2018 ShapeNet part Spectral GNN RGCNN directly processes point clouds, utilizing spectral graph theory and Chebyshev polynomial
approximation to capture dynamic graph structures adaptively, enhancing point cloud understanding.

AGCN [90] 2018 Sydney urban Spectral GNN AGCN, a flexible Graph CNN that takes data of arbitrary graph structure as input, enables task-driven
adaptive graph and distance metric learning for diverse data such as molecular and social networks.

KCNet [128] 2018 ModelNet40, ShapeNet Spatial GNN KCNet improves semantic learning efficiency for 3D point clouds by introducing a point-set kernel for 3D
geometry and recursive feature aggregation on a nearest-neighbor graph that focuses on local structures.

Local-SpecGCN [153] 2018
ModelNet40, McGill Shape,
ShapeNet part,
ScanNet Indoor Scene

Spectral GNN Local-SpecGCN uses spectral graph convolution on local graphs and a graph pooling strategy for point
cloud feature learning, enhancing feature descriptors by aggregating information from clustered nodes.

ECC [132] 2017 Sydney Urban Objects,
ModelNet10, ModelNet40 Spatial GNN ECC adapts convolution operators for arbitrary graphs, avoiding the spectral domain, and uses specific edge

labels in a vertex’s neighborhood to condition filter weights, enabling diverse graph classification tasks.

convolutional kernel. This is followed by applying an activation function using a trainable weight
matrix to map these features into the subsequent hidden layer[10]. In general, the attributes
associated with each vertex are coordinates, laser intensities, or colors, while the attributes along
each edge correspond to the geometric properties that connect pairs of connected points[44].
As a pioneering approach, Simonovsky et al. [132] introduced Edge-Conditioned Convolution

(ECC) as the first graph-based method in a spatial domain. This method uses edge labels in vertex
neighborhoods to compute adaptive convolution kernel weights. As a result, it allows for more
effective utilization of edge information than traditional point-based convolutions. However, ECC
[132] primarily relies on the inherent graph structure of the input point cloud, which limits flexibility
and the ability to model non-local relations. To address this challenge, several methods [158,
159, 199] have been proposed. Dynamic Graph Convolutional Neural Network (DGCNN) [159]
introduces an EdgeConv neural network architecture, which enables the segmentation of point
clouds and the capture of semantically related structures. The dynamic graph representation
of the point cloud learned by this approach evolves across layers and even during the same
input’s training phase as learnable parameters are updated. Building upon earlier developments
like ECC and DGCNN, Linked Dynamic Graph Convolutional Neural Network (LDGCNN) [199]
advances the capabilities of DGCNN by establishing links between hierarchical features derived
from various dynamic graphs. This linkage enables the computation of informative edge vectors
while simultaneously reducing the model’s size.

To capture the local neighborhood structural information of a point, kernel-based approaches
have been extensively explored, as highlighted in the studies [101, 128, 175]. For instance, KCNet
[128] introduced a point-set kernel consisting of learnable 3D points. They employed a kernel
correlation layer to determine the affinities between each data point’s nearest neighbors and these
point-set kernels. They also used recursive feature propagation and aggregation along the edges,
which helped leverage local high-dimensional feature structures. Similarly, 3D-GCN [101] proposed
deformable kernels that were designed to extract shift and scale-invariant local 3D features from
point clouds. Furthermore, Xiang et al. [175] introduced a method for arranging connected points
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through guided walks within the point clouds. They subsequently aggregated them to enhance
their point-wise features, effectively improving the representation of point cloud geometry.

Graph-Based Methods in Spectral Domain. Spectral Convolutional Graph Neural Networks
are based on spectral graph theory [27]. In this framework, graph signals are filtered through the
eigendecomposition of the graph Laplacian. Regularized Graph CNN (RGCNN) [138] performs
graph convolution and feature learning based on spectral graph theory. It treats point cloud features
as signals on a graph and uses Chebyshev polynomial approximation for graph convolution. RGCNN
adapts to the corresponding learned features by updating the graph Laplacian matrix in each layer,
effectively capturing evolving graph structures during the learning process. Traditional spectral
GCNs require the prior computation of graph Laplacians and pooling hierarchies for the entire
graph, which can be computationally intensive. To address the above challenges arising from the
diverse graph topology in data, two promising approaches have been proposed. One is Adaptive
Graph Convolutional Neural Network (AGCN) [90], which enhances the generalization capacity
of GCNs by incorporating a learnable distance metric to parameterize the similarity between two
vertices within a graph, allowing for the dynamic construction of graphs. The other approach is
Local-SpecGCN [153], which conducts spectral filtering on dynamically generated local graphs. It
uses recursive clustering based on spectral coordinates to facilitate graph pooling, which enhances
the learning process by mitigating point isolation. Instead of conventional max pooling, the authors
devised a recursive clustering and pooling strategy that enables the amalgamation of information
from nodes within clusters defined by their spectral coordinates.
Hypergraphs are increasingly attracting the attention of researchers as a tool for capturing

high-order data correlations. One notable example is Hypergraph Neural Networks (HGNN) [36],
which uses a hyperedge convolution operation to capture high-order data correlations and represent
complex structures within point clouds. This operation aggregates node features into hyperedge
features and then updates node features through hyperedge feature aggregation. Hypergraph Gragh
Convolutional Network (HyperGCN) [178] uses non-linear Laplacian operators [19] to convert
hypergraphs into more straightforward graphs by breaking hyperedges down into subgraphs with
edge weights that depend solely on their degrees. Hypergraph convolution relies on a predefined
structure for propagation. To overcome this limitation, Bai et al. [8] introduced an attention
mechanism for dynamic connection learning among hyperedges. This mechanism ensures that
information propagates and gathers in graph regions relevant to specific tasks, resulting in the
learning of more discriminative node embeddings. Multi-modal Hypergraph Neural Network
(MHNet) [106] uses hypergraph structures to model high-order and multi-modal data correlations
effectively. It accomplishes this by employing a polynomial hypergraph filter that dynamically
extracts multi-scale node features through parametric polynomial fitting.
Recent advancements have been made in convolution operations for point clouds. However,

conventional approaches impose a fixed view by using fixed neighborhood sizes for convolution
operations on the irregular point clouds. To address this issue, DiffConv [98] introduced density-
dilated neighborhoods, where the radius for each point depends on its kernel density. DiffConv
also employs masked attention, which introduces task-specific irregularity to the neighborhood,
making the convolution process more flexible and effective. Another approach, DeltaConv. [166],
proposed a new way to construct anisotropic convolution layers for geometric CNNs. It designed a
graph-based anisotropic convolutional operator by combining a set of geometric operators defined
on scalar and vector fields to encode directional information for each surface point.
Graph Transformer-based Methods While transformers have previously been used in com-

puter vision, graph-based transformers are explicitly tailored for 3D point cloud representation
learning. The transformer architecture is well-suited for point cloud analysis due to its self-attention
operator, which functions as a set operator by preserving permutation and cardinality invariance of
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input elements [209]. As an example within this category, Point Transformer (PT)[209] introduces
a transformer layer that is highly expressive and specifically designed for point cloud processing.
The Point Transformer employs local self-attention that ensures scalability even in large scenes.
Additionally, integrating vector attention is pivotal in achieving elevated accuracy levels. Another
tailored transformer for point clouds is Point cloud transformer (PCT) [42]. PCT innovatively
employs a coordinate-based input embedding module to learn distinctive features by combining
raw positional encoding and input embedding, harnessing the individual spatial coordinates of each
point. Furthermore, it enhances performance by substituting the original self-attention module
with an offset-attention module. Unlike PT, PCT excels in capturing global interaction and local
neighborhood information.

In order to improve efficiency in point cloud classification, 3D Convolution-Transformer Network
(3DCTN) [107] combines convolutions with transformers. Integrating GNN and Transformer
approaches helps effectively learn local and global features. To achieve this, 3DCTN utilizes a multi-
scale local feature aggregating block and a global feature learning block, implemented by GNNs
and Transformers, to process downsampled point sets. While most Transformer-based methods
rely on global attention mechanisms to extract point cloud features, they often fail to capture local
neighbor-based feature learning. Graph Transformer Network (GTNet) [218] addresses this by using
Local and Global Transformer modules. The Local Transformer module calculates neighboring
point weights through dynamic graph-based intra-domain cross-attention, assigning different
weights to each neighboring point’s influence on the centroid’s features. In contrast, the Global
Transformer module expands the Local Transformer’s reach by utilizing global self-attention to
enable broader feature extraction.

4.2.2 Trajectory Prediction
Predicting trajectories is a critical task in autonomous vehicle systems, involving the anticipation

of future paths for road users based on their past trajectories and the surrounding environment,
which includes both static factors like terrain and obstacles, as well as dynamic factors like the
movements of nearby agents [58]. Road users include vehicles, cyclists, and pedestrians. While
methods utilizing RNNs and CNNs have shown significant success in extracting features from
Euclidean spatial data for trajectory prediction, many real-world scenarios involve data generated
from non-Euclidean spaces. In such cases, objects can be viewed as nodes forming a graph, with each
node connected to others through edges. Utilizing GNNs becomes a natural choice for addressing
vehicle trajectory prediction challenges based on interaction-related factors. [60]

Several models have been developed to improve trajectory prediction by adopting the paradigm
of spatial and temporal convolution through GNNs. One of them is GRIP [92], which enhances
trajectory prediction by incorporating interactions among adjacent objects represented as an
undirected graph. It utilizes a GCN module to model the graph network, and the output of GCN is
then input into an LSTM encoder-decoder for predicting the trajectories of surrounding vehicles.
Another model is SCALE-Net [65], which aims to create an efficient and scalable framework,
maintaining high prediction performance for numerous vehicles. It employs an Edge-Enhanced
Graph Convolutional Network (EGCN) to update node features based on an attention mechanism
influenced by edge features from neighboring nodes. Social-STGCNN [115] represents pedestrian
trajectories as spatio-temporal graphs and employs GCN and TCN to operate on these graphs,
enabling the model to predict the entire sequence simultaneously. Chandra et al. [20] uses a two-
layer Graph-LSTM architecture for trajectory prediction. The initial layer is applied to forecast
the future trajectories of traffic participants. In contrast, using a weighted dynamic geometric
graph network (DGG), the second layer captures interaction-related factors among participants.
The paper also introduces a regularization algorithm based on spectral clustering to minimize the
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Table 3. A Comprehensive Overview of Most Related Studies for Traffic Signal Control

Model Article Year Datasets Simulator Temporal Module Spatial Module Attention Based Summary

AFMRL [111] 2023 Simulated and real-world data
(Jinan, Hangzhou, Manhattan) CityFlow - GNN $

A multi-agent reinforcement learning approach for multi-intersection TSC.
Adaptive partitioning is emphasized and feudal hierarchy is explored.

KeyLight [100] 2023 Simulated and real-world data
(Jinan, Hangzhou, New York) CityFlow - GAT "

KeyLight integrates reinforcement learning and GNNs. NOV-LADLE
state representation and residual connections are used in the model.

HG-M2I [179] 2023 real world data (Chengdu) SUMO GRU Bi-GRU "
The HG-M2I algorithm, spatial-temporal analysis and multi-agent RL based,
optimizes TSC by hierarchical graph structures and input-output correlation.

MetaSTGAT [156] 2022 Simulated and real-world data
(Jinan, Hangzhou) CityFlow LSTM GAT "

MetaSTGAT, meta-learning based, merges GAT and LSTM to address
spatial-temporal correlations and dynamic interaction of intersections.

PRGLight [207] 2022 Simulated and real-world data
(Jinan, Hangzhou, New York) CityFlow - GNN $

PRCOL uses lane capacity for the RL reward function and GNN modules
to help RL decide the light phase and duration by predicting traffic flow.

DynSTGAT [171] 2021 Simulated and real world data
(Jinan, Hangzhou, New York) CityFlow TCN, LSTM,

STGAT STGAT "
DynSTGAT combines spatial-temporal graph attention networks
and temporal convolutional network to enhance adaptive TSC.

IHG-MA [181] 2021 Simulated and real-world data
(Chengdu) SUMO Bi-GRU Bi-GRU "

IHG-MA uses inductive heterogeneous GNNs to capture traffic features
and a decentralized multi-agent actor-critic framework to optimize TSC.

GraphLight [193] 2021 Simulated data SUMO - GCNN $
GraphLight is a decentralized, graph-based, multi-agent system using actor-
critic methods for TSC, distinguishing neighboring intersection impacts.

TSC-GNN [215] 2021 real world data
(Jinan, Hangzhou) - - GAT "

TSC-GNN is a graph-based model for TSC utilizing probabilistic
neural networks, to manage uncertainties and calculate Q-values.

STMARL [160] 2020 Simulated and real-world data
(Hefei, Hangzhou) CityFlow RNN GNN "

STMARL applies spatial-temporal RL for TSC, using graphs, RNNs,
GNNs, and deep Q-learning for distributed decision-making.

CoLight [164] 2019 Simulated and real-world data
(Jinan, Hangzhou, New York) CityFlow - GAT "

CoLight uses graph attention networks for TSC, and captures spatial-
temporal impacts from nearby intersections without indexing

error in long-term predictions. GSTCN [129] uses a GCN to capture spatial interactions and a CNN
to handle temporal correlations among neighboring vehicles. The spatial-temporal features are
encoded and decoded using a GRU network in their framework.

Recently, the attention mechanism is now widely used for various sequence-based tasks, such as
predicting the trajectory of autonomous vehicle systems. Several models have been proposed to
achieve accurate predictions. Spatial-Temporal Graph Attention network (STGAT) [59] uses an
LSTM encoder to encode trajectories. Then, it employs GAT for attention-weighted interaction
information and utilizes an LSTM decoder for trajectory prediction. SCOUT [18] uses GAT to
account for dynamic agent interactions. Its goal is to enhance socially aware and consistent
trajectory predictions. Attention-based Spatio-Temporal Graph Neural Network (AST-GNN) [216]
uses a dual-attention mechanism, where the first attention mechanism captures spatial interactions
among all agents while the second considers the temporal movement patterns of each agent in
the past. Spatio-Temporal Graph Dual-Attention Network (STG-DAT) [88] also employs a dual-
attention mechanism to learn representations on spatio-temporal dynamic graphs. It considers
historical and future features from state, relation, and scene context information. Triple Policies
Fused Hierarchical Graph Networks (Tri-HGNN) [223] proposed triple policies fused hierarchical
GNN for pedestrian trajectory prediction. Specifically, the extrinsic-level policy uses GAT for spatial
and temporal embeddings, the intrinsic-level policy captures human intention with GCN, and the
basic-level policy combines information for predictions through TCN. Heterogeneous Driving
Graph Transformer (HDGT) [67] models the driving scene as a heterogeneous graph, considering
agents, lanes, and traffic signs as different types of nodes and edges. The transformer structure is
applied hierarchically to accommodate the heterogeneous inputs.

4.3 Traffic Signal Control
Traffic signal control (TSC) is an essential aspect of traffic management systems and is an effective
measure to alleviate urban traffic congestion, reduce vehicle emissions, and so on. Currently, traffic
signal control methods can be divided into three types: predefined fixed-time control, actuated
control, and adaptive traffic control. With the rapid increase in the number of vehicles in the city,
both the fixed-time control and actuated control methods are hardly effective as they are either
short-sighted or rigid without adapting to dynamic traffic demand [160]. Therefore, adaptive traffic
signal control (ATSC) has become increasingly popular. However, implicit interactions between
intersections and ever-changing traffic conditions make the real-world network of intersections
extremely complex, which poses a significant challenge for adaptive traffic signal control.

Multi-agent Reinforcement Learning and Graph Neural Networks. Adaptive traffic signal
control systems have benefited greatly from reinforcement learning, which can learn optimal and
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complex action policies for the Markov decision process through real-world interaction. [46, 179].
Single-agent reinforcement learning methods are limited to controlling traffic signals in one in-
tersection, as using a global single model for all intersections leads to the curse of dimensionality.
Therefore, single-agent Rl is commonly restricted to a single isolated intersection without coordi-
nation with the neighboring intersections [127]. In order to perform well in multiple intersections,
the interaction between intersections must be handled. The most intuitive and practical method to
obtain the neighborhood intersection information is by concatenating the state of intersections and
their neighbors [63]. However, this approach becomes difficult to extend as the model struggles
to converge with increasing dimensionality of inputs. The most popular method nowadays com-
bines robust deep neural networks and multi-agent reinforcement learning, which controls each
signal with an RL agent and creates policies for every intersection, making promising progress.
More specifically, GNNs can handle graph-structured data in traffic networks, obtaining neighbor-
ing intersections information and extending interactions between intersections to non-Euclidean
space, which handles spatial dependency in TSC. Moreover, these methods have shown promising
progress [26, 45, 171, 193, 207].
Nishi et al. [118] are among the ones who first combine multi-agent reinforcement learning

and graph neural networks to address the multi-intersection interaction problem and the spatial
dependency. Their work employs GCNs to extract the geometric features. Zhong et al. [215]
proposed a model named TSC-GNN to handle a problem that most studies model traffic state
deterministically and to exploit the uncertainties of traffic conditions. Yoon et al. [187] claimed
that the RL method encountered a restricted exploration problem, which means it cannot handle
unseen conditions. They proposed a novel approach to obtain a transferable policy by using graph
representation for the state and training it by GNNs. Based on Multi-Agent Reinforcement Learning
(MARL), Saki et al. [124] used multi-objective reinforcement learning (MORL) to further improve
the performance by determining the policy corresponding to each traffic flow ratio, which achieved
the shorted average travel times in all environments compared with ruled based and single objective
reinforcement learning. Some more similar literature [100, 112, 171, 179, 181, 193, 207] based on
GNNs and reinforcement learning is listed in table 3 .
Attention Mechanism for Multi Intersections. There is a hidden problem related to the

impact of traffic signals at neighboring intersections on the target intersection. For instance, the
intersections on the main traffic road may have a more significant effect on the target intersection
than those on the side road. However, most existing research does not differentiate the impact of
surrounding intersections on the target intersection [118, 191]. To address this issue, researchers
have applied attention mechanisms to adaptive signal light control. CoLight [164] was the first
to use the GAT to distinguish the impact of neighboring intersections and exploit the joint inter-
sections effectively. It created an index-free model of neighboring intersections and averaged the
influences of all neighboring intersections with learned attention parameters. However, Sun et
al. [100] observed that the attention mechanism may reduce the convergence rate and limit the
performance. To address this issue, they proposed NOV-LADLE to maintain a concise state and
focus on essential intersections. Besides, they added a residual connection structure to GAT to speed
up the convergence rate and improve performance based on the previous work of CoLight. [164].
Other works such as DynSTGAT and TSC-GNN [171, 215] also considered using the graph attention
mechanism to solve this problem. Table 3 provides a summary of these works.

Spatial and Temporal Dependency. Moreover, it is essential to consider the historical states
of surrounding intersections when predicting the future signal of a target intersection, which
creates a temporal dependency among multiple intersection traffic signals. Wang et al. [160] are
among the first ones to study the spatio-temporal dependency among multiple traffic signals. It
uses graph structures to capture the spatial features and then uses recurrent neural networks to
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integrate the historical traffic data. They made decisions for each traffic signal using the deep
Q-learning method. Similarly, Li et al. [91] proposed a model that used LSTM and GCN to extract
spatial-temporal traffic features of the network of intersections. They used LSTM to process variable-
length inputs and extract valid features from historical data and GCN to handle the output of
LSTM, which links the interactions of intersections. However, they used imitation learning instead
of reinforcement learning. To produce optimal final embeddings of traffic networks, Yang [179]
proposed the Hierarchical Graph Multi-agent Mutual Information (HG-M2I) algorithm. It fuses
multi-granularity information, i.e., each agent’s current and historical step-states, to develop optimal
TSC policies. It also measures the correlation between input step-states and output embeddings by
maximizing mutual information. Although many studies have tried to incorporate the temporal and
spatial influences of the surrounding intersections into the target intersection, they usually consider
and use spatial-temporal information separately. Wu et al. [171] proposed DynSTGAT, which
employs the TCN to capture the historical and current spatial-temporal information simultaneously.
Furthermore, in order to cope with dynamically changing traffic roads, Wang et al. [156] have
proposed a meta-learning model named MetaSTGAT based on a GATs that can adapt to the dynamic
traffic flow and take full advantage of the spatial-temporal characteristics of multi-intersections.
Other literature also considers exploiting spatial and temporal information [156, 181].

Last but not least, some literature [124, 194] claimed that artificially specified action state space
may not be able to find an optimal solution under inexperienced traffic situation. Therefore some
of the current work take some new approaches to address these problems, such as transfer learning
or using inexperienced action space [113, 187].

4.4 Transportation Safety
With the rise of urbanization, traffic accidents have become a significant threat to public health and
development. Accurately predicting the likelihood of a traffic accident occurring in a particular area
enables safer route planning and efficient emergency response, reducing injuries and property losses.
This section provides a comprehensive review of the current studies that explore transportation
network safety analysis by utilizing graph neural networks for accident prediction.
Zero-inflated Problems. The most significant difficulty is obtaining spatio-temporal finer-

grained and multi-granularity accident forecasting. Due to the rare nature of accidents, more
accurate prediction often means a coarser region and time granularity. Therefore, zero-inflated
problems arise when spatio-temporal resolution increases in prediction tasks [11], and rare non-zero
items in training data disable models to take effects [152].
According to [162], the existing research mainly handles this sparsity problem by predicting

accidents within a coarse-grained granularity. There have already been some works to address
the imbalanced anomaly data issues [157, 162, 189, 219, 220]. Furthermore, there are mainly two
methods: handling the loss function and data preprocessing [61]. More specifically, handling the
loss function often means adapting a weighted loss function [61, 151]. While data preprocessing
has a broader range of meanings, such as priori knowledge-based data enhancement [219, 220],
negative sample undersampling method [189], graph augmentation [157].

Wang et al. [157] used graph augmentation and contrastive loss to improve latent representations
in training and proposed an enhanced contrastive GNN-based learning framework to tackle traffic
anomaly analysis in ITS. Yu et al. [189] used the negative sample undersampling method to address
this problem. They balanced data by matching the number of non-accident (negative) samples with
accident (positive) samples and using spatial-temporal GNNs to extract external features for more
accurate predictions. Wang et al. [162] exploited the potential chain-like triggering mechanism to
connect accident occurrences. They used Spatial-Temporal Categorical GNNs (STC-GNN) to handle
the multi-dimensional and chain effect to perform temporal fine-grained accident prediction.
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Table 4. A Comprehensive Overview of Most Related Studies for Transportation Safety

Model Article Year Datasets Spatial Granularity Temporal Granularity Solution of zero-inflated Summary

MSGNN [143] 2023
loop detectors,
GPS probe data
(Brisbane, Gold Coast)

Region Level Short-Term (1h) clustering-based data imputation MSGNN, as a sub-area level accident prediction model, captures spatio and
temporal relations and uses a data imputation approach for sparse datasets.

TAP [105] 2023 Real world dataset Region Level Short-Term (30min) - Multi-task learning framework (TAP) predicts traffic accidents using Spatio-
temporal Variational Graph Auto-Encoders, accelerated by edge computing

GGCMT [61] 2022 Real world dataset
(NYC) Region Level Mid-Term (3h) prior risk data enhancement method. Computer-vision-based GGCMT predicts accidents using a gated graph convol-

utional multi-task model, improved with prior risk data enhancement methods.

DSTGCN [189] 2021 Real world dataset Link Level Short-Term Negative sample undersampling method DSTGCN predicts traffic accidents from heterogeneous data, capturing spatio-
temporal correlations by Deep Spatio-Temporal Graph Convolutional Network.

GSNet [151] 2021 Real world dataset
(NYC, Chicago) Region Level Short-term(1h) Weight loss function GSNet predicts traffic accidents by analyzing spatio-temporal and

heterogeneous data, using a specialized loss function for rare events.

GraphCast [204] 2020 Real world dataset
(NYC) Region Level Long-term (7day) - GraphCast, a multi-modal graph neural network, forecasts fine-grained

traffic risks in cities by combining social media and remote sensing data.

RiskSeq [220] 2020 Real world dataset
(NYC, Suzhou) Region Level Short-term (10min) priori knowledge-based data enhancement RiskSeq, a fine-grained and multi-step accident prediction model, combi-

nes Differential Time-varying GCN and hierarchical sequence learning.

RiskOracle [219] 2020 Real world dataset
(NYC, Suzhou) Region Level Short-term (30min) priori knowledge-based data enhancement RiskOracle, a minute-level accident prediction model, combines Differential

Time-varying Graph network, multi-task and region selection strategies.

TA-STAN [222] 2019 Real world dataset
(NYC) Region Level Mid-Term (12h) - TA-STAN predicts accidents by analyzing real-world traffic data, vehicle

types, and external factors with a Spatial-Temporal Attention Network.

Spatial and Temporal Granularity. In the field of transportation safety, prediction models can
be classified into four categories based on their temporal and spatial granularity. One the one hand,
the duration of prediction periods divides models into two types: long-term (day-level prediction)
[55, 192, 204] and mid-term (hour-level prediction) [11, 22, 61, 121, 219]. On the other hand, the
size of the prediction region distinguishes models into two categories: link level [189, 222] and
region level [143, 151, 162].
Zhou et al. [219] introduced a three-stage RiskOracle framework for minute-level citywide

traffic accident prediction, which utilizes a Multi-task Differential Time-varying Graph convolution
Network (Multi-task DTGN) to model dynamic subregion-wise correlations. It incorporates a
cosensing strategy for data preprocessing to infer traffic status and tackles zero-inflation issues
with a priori knowledge-based data enhancement. Zhang et al. [204] first proposed a multi-modal
sensing and GNN-based approach called GraphCast, which can be used to predict accidents at the
regional level. This approach uses social media and remote sensing data to address the challenges of
noisy and heterogeneous multi-modal data. Tran et al. [143] introduced a new model for predicting
traffic incidents across an entire network rather than just at the level of individual links. They
achieve this using a Multi-structured Graph Neural Network (MSGNN) to extract area-wide features
from various data sources rather than link-level synchronization and map-matching. This approach
makes incident prediction faster and more efficient. However, as previously discussed, the issue of
zero-inflation arises as the spatial resolution becomes more refined, whichmakes model training and
prediction difficult. Huang et al. [54] have also pointed out that many machine-learning techniques
predict the number of traffic accidents in each cell of a discretized grid without considering the
underlying graph structure of road networks. Furthermore, accurate prediction at the link-level
requires a complex fusion of heterogeneous data resources, necessitating "map-matching" to
represent all the data with different granularity in the same map system.
Spatial-temporal Correlation. Predicting traffic accidents can be challenging, as traffic acci-

dents are sparse and have complex causes. We need to consider the spatial and temporal traffic
features to make better predictions. Some articles [189, 192] have pointed out that existing methods
either ignore spatial-temporal correlations or make predictions at a coarse-grained level without
considering the underlying graph structure of road networks. Zhou et al.[220] proposed a deep neu-
ral network approach named RiskSeq that uniquely addresses sporadic events with a self-adaptive
ranking method. It uses a Differential Time-varying Graph Convolution Network (DT-GCN) en-
hanced with node-wise proximity and signal-wise differential operations to capture dynamic traffic
and accident correlations. The framework also features a Context-Guided LSTM to decode risks
across multiple spatial scales. Zhou claims that their work is the first to focus on spatiotemporal
multi-granularity urban traffic risk prediction, transforming the prediction of sporadic events into
a task involving learnable self-adaptive ranking. Yu et al. [189] addressed the link-level accident
prediction problem by proposing a framework based on a spatio-temporal convolutional network.
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Their model predicts link-level incident risk by learning spatial-temporal features from a graph of
road networks. They utilized the graph convolutional operation to capture the dynamic variations
in both spatial and temporal perspectives. Liu et al. [105] proposed a multi-task learning framework
(TAP) based on edge computing, which uses spatio-temporal variational graph auto-encoders to
enhance traffic accident prediction accuracy by analyzing dynamic spatial-temporal traffic data
correlations and integrating external factors. Wang et al. [151] introduced a region-wide accident
prediction model called GSNet, which captures the geographical and semantic spatial-temporal
correlations. The model also features a weighted loss function to tackle the zero-inflation issue.
The table 4 lists some other spatial-temporal models [203, 222].

4.5 Demand Prediction
The growth of modern cities has caused an increase in traffic-related issues, which has put a lot
of pressure on public transportation systems. To tackle this problem, ride-hailing services such
as Uber, Lyft, and DiDi, as well as bike-sharing services like MoBike have emerged as potential
solutions [140, 224]. As a result, there is now a pressing need for accurate traffic demand prediction
systems that can forecast future crowd demands with precision [141]. The main goal of these
prediction models is to anticipate the number of users who will require transportation to or from
specific areas or locations. These predictions are essential for scheduling future transportation
services and other downstream tasks.
Deep learning methods have shown great potential in handling data within Euclidean spaces.

However, the real-world urban traffic data usually exhibit non-Euclidean structures that require
specific approaches. For example, a city’s spatial distribution of bike-sharing stations doesn’t follow
a grid-like data structure. In such cases, graph-structured data is better for preferable traffic demand
prediction tasks, as it can finely capture the non-Euclidean relationships among nodes.

Traffic Zone-based Graph Methods. To depict the dynamic traffic systems with graph struc-
tures, a straightforward and effective approach is to model the connectivity between zones of cities.
One of the pioneering works in utilizing graph learning methods for demand prediction tasks is
Spatio-Temporal Multi-Graph Convolution Network (ST-MGCN) [38]. It proposes to exploit graph
structures from multiple perspectives to capture comprehensive information on the spatio-temporal
characteristics of traffic systems. Specifically, ST-MGCN builds the graphs of zones from three
angles: a neighborhood graph based on the spatial proximity, a functionality graph defined by
the POI similarity, and a transportation connectivity graph induced by road networks such as
motorways, highways, or public transportation systems like subways. A multi-graph convolution
is then introduced to model the spatial dependencies between regions and provide informative
representations for downstream demand prediction tasks. Similarly, PGDRT [82] builds the zone-
wise relational graph using three types of temporal characteristics: adjacent visual characteristics,
periodic characteristics, and representative characteristics, to provide a more comprehensive view
of temporal features in traffic systems. To fully exploit the rich information from multiple traffic
systems, Multiview Spatio-Temporal Graph Neural Networks (MSTGNN) [211] proposes a multi-
view graph that jointly depicts the demand relationship between bus, metro, and taxi demands.
The multiview graph enables MSTGNN to capture the interaction dependencies among the travel
demands of different transportation systems. An auxiliary loss is used to encourage the consistency
between graph features from multiple views and enhance the performance of TGCN modules.

Spatio-temporal Graph-based Methods Classical GNN models for traffic demand prediction
treat the spatial dependency as a static graph and cannot depict dynamic features. However, in
reality, the spatial dependencies between most nodes change over time, while others remain
relatively constant. To address this limitation, the Dynamical Spatio-Temporal Graph Neural
Network (DSTGNN) was introduced in a recent study [56]. This model evaluates the stability
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Table 5. A Comprehensive Overview of Most Related Studies for Demand Prediction

Model Article Year Prediction Task Graph Views GNN Module Temporal Module Summary

PGDRT [82] 2023 Taxi Passenger Neighborhood, Function, Connectivity GCN ConvLSTM PGDRT considers a region’s unique characteristics and the influence of
regions on the model of the dependent relationship between regions.

MSTGNN [211] 2023 Bus, Metro, Taxi Neighborhood, Connectivity GCN Temporal GCN MSTGNN uses a multiview graph consisting of bus, metro, and taxi
views, with each view containing both local and global graphs.

STGMT [165] 2023 Taxi & Highway Traffic Network Node2Vec Multi-head Attention STGMT combines Multi-head Temporal Attention (MTA) and Multi-
head Temporal Interactive Attention (MTIA) for temporal features.

PAG-TSN [87] 2023 Ride-hailing Distance, POI relation BAT-GCN PA-GRU PAG-TSN uses a bicomponent attention GCN and a periodic attent-
ional GRU to integrate the extracted spatio-temporal information.

HetGNN-LSTM [117] 2023 Taxi Decentralized taxi graph HetGNN LSTM HetGNN-LSTM proposes a semi-decentralized approach utilizing
multiple cloudlets, moderately sized storage, and computation devices.

MFGCN [97] 2023 Ride-hailing OD network MODGCN TAS-LSTM MFGCN is a multimodal fusion GCN that consists of a multimodal
module to incorporate weather and temporal activity patterns.

SGCNPM [182] 2023 Dockless Bike-Sharing Distance, Function, Interconnectio MGCN LSTM SGCNPM considers time, built environment, and weather to create
a prediction method considering the influence of multiple factors.

DSTGNN [56] 2022 Taxi & Bike Spatial dependency DCNN Multi-head Attention DSTGNN builds spatial graphs based on the stability of the node’s
spatial dependence to capture the dynamical relationship.

DMVST-VGNN [72] 2022 Ride-hailing Multi-view Graph Generation GAT Multi-head Attention The Model integrates 1D CNN, Multi-Graph Attention Neural Networks,
and Transformer to construct multiview spatio-temporal information.

ST-MGCN [38] 2019 Ride-hailing Neighborhood, Function, Connectivity ChebNet RNN ST-MGCN uses GNNs to model non-Euclidean pair-wise correlations
between different regions by designing a spatio-temporal multi-graph.

of a node’s spatial dependence based on the number of dissimilar neighbors and constructs a
spatio-temporal graph that evolves over time. To encode the spatio-temporal information, the
model uses a spatio-temporal embedding network that combines a Diffusion Convolution Neural
Network (DCNN) with a modified transformer.

Dynamic Graph-based Methods. The traditional approach to modeling cities is to divide them
into grid-like zones and construct graphs based on these divisions. However, this approach can
lead to suboptimal solutions, and adapting to dynamic graph structures remains challenging. A
new solution called Deep Multi-View Spatio-temporal Virtual Graph Neural Network (DMVST-
VGNN) [72] improves learning capabilities related to spatial dynamics and long-term temporal
dependencies. The DMVST-VGNN method proposes a graph generation process that provides a
more flexible and fine-grained perspective on the spatio-temporal relationships between regions,
as opposed to the simplistic grid-based division of the map. Another proposal by Nazzal et al.
[117] extends the idea of dynamic and flexible graph structures to decentralized edge-computing
scenarios and introduces a heterogeneous GNN-LSTM algorithm. This algorithm is designed to
handle dynamic taxi graphs where taxis serve as nodes. The proposed heterogeneous GNN-LSTM
structure has demonstrated the ability to capture dynamic decentralized graph structures and has
shown promising results in taxi-level demand and supply forecasting.
Improvements on Graph Encoders. The traditional graph convolution network has limited

capability to represent the complex information in traffic zone graphs. However, some works
aim to enhance the expressiveness of graph encoders. STGMT [165] proposes the Sandwich-
Transformer for processing spatio-temporal traffic graphs, which is composed of a Multi-head
Temporal Attention (MTA) and a Multi-head Temporal Interactive Attention (MTIA). PAG-TSN
[87] constructs a Bicomponent Attention Graph Convolution model (BAT-GCN) and a periodic
attentional gated recurrent unit model to capture geographical relationships and temporal features
of different periods, respectively.While previous research primarily concentrates on processing plain
time-series traffic demand data for predictions, it is essential to recognize that contextual information
and multimodal attributes, such as weather conditions, significantly impact ride-hailing and other
public traffic systems. To tackle these challenges, Multimodal Fusion Graph Convolutional Network
(MFGCN) [97] introduces an innovative Multimodal Fusion Graph Convolutional Network for
traffic demand prediction. MFGCN incorporates a Multimodal Origin-Destination GCN (MODGCN)
that comprises three GCNs to capture spatial patterns and a Multimodal Attribute Enhancement
(MAE) module for integrating dynamic weather and metadata. SGCNPM [182] utilizes multiple
modules that consist of GCN and LSTM operators to model the multiple factors in a dynamic traffic
system, including time periods, built environment, and weather, to predict the short-term demand
of a dockless bike-sharing system.

A comprehensive overview of most related studies for demand prediction can be found in table 5.
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4.6 Parking Management
The issue of parking in large cities has become a significant concern due to the limited number
of on-street parking slots and the increasing traffic. To address this issue, an intelligent parking
management system is required. A widely studied research field is parking availability prediction,
which involves reliably predicting future parking occupancies. The ability to predict parking
availability on a city-wide scale is essential for the successful development of Parking Guidance and
Information (PGI) systems, such as Baidu Map [122] and Google Map [4], making it an important
research aspect in ITS field.
Predicting the availability of parking spaces is a complex task that poses several challenges,

such as the non-Euclidean spatial autocorrelation between parking lots, the dynamic temporal
autocorrelation within and between parking lots, and the lack of real-time data obtained from
sensors to determine parking availability. To address the challenges mentioned above, graph neural
networks and graph-structured data have been identified as a natural solution to process the spatial-
temporal structures and predict parking availability. Although there have been early attempts to
replicate the success of GCN and LSTM structures in such spatio-temporal prediction tasks [180],
more work is needed to design specific frameworks that can better incorporate the characteristics
of parking availability prediction into model structures.

As one of the pioneering works on modeling the parking availability prediction with graph-based
models, SHARE [201] and its variant SHARE-X [202] proposes a Semi-supervised Hierarchical
Recurrent Graph Neural Network to analyze spatio-temporal parking data. Specifically, SHARE
proposes a hierarchical graph convolution module that captures non-Euclidean spatial correlations
between parking lots. It consists of two blocks: a contextual graph convolution block for local
spatial dependencies and a soft clustering graph convolution block for global spatial dependencies.
SHARE-X extends the idea of SHARE to address the lack of real-time sensors in real-world scenarios.
Particularly, It leverages a parking availability approximationmodule to estimate parking availability
for parking lots without sensor monitoring.
To better depict the strong spatiotemporal contextual autocorrelation between vacant parking

spaces, dConvLSTM-DCN [35] analyzed the historical zone-wise parking space data and found
that there is both a temporal correlation within each parking lot and a spatial correlation among
different parking spaces. Based on this observation, the study proposed a deep learning framework
called dConvLSTM-DCN (dual Convolutional Long Short-Term Memory with Dense Convolutional
Network) to predict the availability of vacant parking places in the short-term (within 30 minutes)
and long-term (over 30 minutes) zone-wisely. The framework consists of two parallel ConvLSTM
components that capture the spatial correlations among parking lots and provide an informative
representation of the prediction process.

The traditional methods of obtaining real-time on-street parking occupancy information rely on
deploying many sensors. However, the high costs of existing parking availability prediction models
have limited their large-scale applications in more cities and areas. To address this challenge of
limited information, MePark [208] aims to predict real-time on-street parking availability across a
city using pre-existing infrastructure and easily accessible data without relying solely on specially
deployed sensors. Specifically, MePark utilizes an iterative mechanism to effectively combine the
aggregated inflow and individual parking duration predictions to exploit the transaction data
adequately. Additionally, it extracts discriminative features from multiple data sources, combining
the MGCN and the LSTM network to capture complex spatio-temporal correlations.
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5 Challenges and Future Directions
After thoroughly analyzing the current studies on GNNs in ITS, we discuss the challenges and
future directions for applying GNNs to ITS. This is important to identify any gaps that need to be
addressed and to provide insights for further research.

5.1 Research Challenges
5.1.1 Data

Constructing datasets is one of themain challenges when usingmodels for transportation systems.
However, data privacy is a significant concern when collecting information from traffic sensors or
GPS data. Currently, there are only a few publicly available data sources, such as Data.gov, The
University of Sydney Intelligent Vehicles and Safety Systems, and Connected Vehicle DataSets from
the Safety Pilot Model Deployment [39]. Some researchers [32, 97, 106, 154] have experimented
with multi-modal models to obtain data from richer sources, such as social media, but there are
issues related to credibility and a lack of valuable information. As a result, generating a large,
high-quality, and comprehensive dataset in ITS remains a formidable task.

5.1.2 Model
Domain-specific Model Design. Intelligent Transportation system is a complex data network

encompassing various nodes and edges such as roads, intersections, and vehicles. However, de-
signing GNN models that can efficiently learn from such a heterogeneous and complex structure
requires much effort. The design of GNN applications in ITS heavily depends on the specific
goals of the corresponding applications, as different goals require using different graph models
and construction techniques. For instance, GNNs are commonly used in traffic forecasting and
travel demand modeling to predict features or variables over graph nodes. While in areas such
as traffic signal control, GNNs focus on learning control policies or unraveling agent interactions
that involve learning or predicting over edges or the entire graph. Besides, GNNs face different
challenges in various transportation domains. The pure GNN models can not effectively solve the
problem, so some scholars have explored the potential of combining GNNs with other approaches.
For instance, in decision-making problems, such as traffic signal control, reinforcement learning is
an effective technique. When multiple intersections interact, multi-agent reinforcement learning
methods combined with GNNs have been proposed [118, 193, 193]. In some particular scenarios,
such as traffic accident prediction, positive samples like accidents can be rare when predicting
within a fine-grained granularity. To improve accuracy, we can use data augmentation techniques
like a priori knowledge-based data enhancement [219, 220] and negative sample undersampling
methods [189]. Nearly every transportation domain has its own domain-specific problems and
unique characteristics. Therefore, combining GNNs and other techniques requires nuanced graph
construction, tailored problem analysis, and painstaking design.
Dynamic Spatio-temporal Dependency. Modeling spatio-temporal dependencies in ITS

using graph neural networks is challenging. This is because it involves effectively capturing the
dynamic and complex spatial interactions within the transportation network, as well as the temporal
dynamics that are inherent to the ever-changing nature of traffic patterns. Transportation networks
often have dynamic spatial dependencies, meaning the graph structure can change over time due
to the constantly changing urban environment. For instance, in the field of trajectory prediction, it
is essential to identify significant agents and objects, such as vehicles, cyclists, and pedestrians,
that can impact the trajectory of the prediction. Therefore, a graph framework that can adapt
to these changes in real time is required to ensure prediction accuracy. Meanwhile, regarding
temporal dependency, traffic conditions at a given time are influenced by numerous past events.
Accurately capturing these long-term dependencies is essential for accurate forecasting, but it

ACM Comput. Surv., Vol. 1, No. 1, Article . Publication date: January 2023.



26 H. Li, et al.

can be computationally challenging and requires advanced memory mechanisms in the model.
Additionally, real-time data processing is essential for practical ITS applications, further intensifying
the challenge. The model must integrate and process this multifaceted data and evolve and adapt
in an environment characterized by constant change and uncertainty. Therefore, modeling spatio-
temporal dependencies is a pivotal yet challenging aspect of leveraging GNNs in ITS.
Robustness, Reliability, Interpretability. Deep learning has received criticism for its non-

interpretable and black-box working system. This means it can be challenging to determine the
rationality of a feasible scenario suggested by a graph-based deep learning approach in transporta-
tion safety or other related fields, especially given the high opportunity costs. Moreover, it is crucial
to ensure that neural network methods can continue to work reliably in larger-scale real-world
scenarios, even during rush hours, sensor failure, or hacking. Therefore, while we work to improve
model performance, we must also remain aware of potential failures and undetected anomalies.
Lastly, scalability is a critical factor that needs to be considered. However, current GNN frameworks
based on TensorFlow, PyTorch, DGL, and PyG all have scalability limitations. This restricts applying
GNNs on large-scale graphs due to a lack of system support [94].

5.1.3 Computation
Processing, storing, and transmitting large amounts of data has become increasingly important

in today’s world of big data, particularly in the field of ITS. GNNs and deep learning techniques
are widely used in ITS, but they face significant challenges due to their high computational needs.
These challenges become even more difficult to tackle when dealing with real-time or near-real-time
inference and processing large amounts of data from extensive camera networks. Moreover, the
limited resources of IoT devices, such as restricted memory and computing power, make these
challenges more complex. To address these issues, researchers have proposed several solutions,
such as edge computing, graph sampling, hardware acceleration, and optimized algorithms.

5.2 Future Directions
More Integration of Advanced Techniques. As mentioned above, GNNs are powerful for

capturing spatial-temporal relationships and making inferences on graph data structures. How-
ever, different problems necessitate unique model designs due to their distinct characteristics and
challenges. Moreover, integrating other techniques into GNN frameworks can enhance model
performance and facilitate real-world applications. For instance, employing the edge learning
paradigm [197] in GNN frameworks addresses the storage, memory, and computational limitations
of data-producing devices. This approach enables distributed edge devices to collaboratively train
models and conduct inferences, ensuring privacy and security [197]. Transfer learning [113] and
meta-learning [156] can significantly improve model adaptability across cities with varying traffic
patterns. In conclusion, the fusion of GNNs with advanced techniques like reinforcement learn-
ing, transfer learning, meta-learning, generative adversarial networks (GANs), semi-supervised
learning, and Bayesian networks opens new avenues for tackling domain-specific problems and
challenges. This synergistic approach yields more robust and versatile solutions and opens up
exciting possibilities for solving complex, real-world problems across various domains. As research
progresses, it is vital to continue exploring these combinations, constantly pushing the boundaries
of what can be achieved with GNNs and their integrations with other technologies.

More Expanding Applications of GNNs. More research is needed to fully utilize the potential
of GNNs in ITS. Most of the current work has focused on traffic prediction, although this is indeed
a substantial basic research. In addition, graph neural networks still have excellent potential for
development, so we need to explore the applications of graph neural networks further. On the one
hand, we should further improve the efficiency, robustness, and generality of GNN models. One
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way to achieve this is to enable multi-modal learning [106, 185], which allows the model to access
a richer set of contextual information. Additionally, we can use more complex graph structures
such as heterogeneous graphs [117] and hypergraphs [178] and handle larger graph structures.
On the other hand, we can also apply GNNs to other domains within ITS. Taking 3D structure
understanding of autonomous vehicles as a detailed example, traditional transformer architectures
[42, 209] in point cloud processing are often less efficient. However, by exploring the combination
of graph convolution and self-attention, we can improve feature extraction and effectively capture
local and global contexts [107]. While we have covered several domains, from traffic prediction
to traffic safety, there are still more domains to explore, such as route planning, urban land-use
planning, and traffic pattern recognition. Further investigating the application of GNNs in more ITS
domains can bring new insights and opportunities for its performance in more general domains.

More Comprehensive Experiments. Currently, some research experiments in the field of ITS
rely on simulators. However, the data generated by traffic simulation software may not accurately fit
real-world situations due to various factors such as differences in drivers’ behaviors and alternative
route planning [194]. Additionally, it is important to recognize that even when models are tested
with real-world data, the testing may only be conducted on a small scale, or the running time of the
model may not be reported. These limitations do not guarantee the model’s reliability, robustness,
and the ability to generalize to real-world situations. According to Shi et al., [130], some models,
like DQNs-based RL, suffer from performance degradation while dealing with large-scale road
networks or missing data, making it challenging to generalize. Therefore, it is crucial to develop
more comprehensive experiments with large-scale real-world data to evaluate models.

6 Conclusion
With the rapid development of deep learning, graph neural networks have emerged as a promising
tool in the field of intelligent transportation system. However, most of the current research on
GNNs in ITS has focused on their use in traffic forecasting while neglecting other critical areas, such
as autonomous vehicles and transportation safety. In this work, we have reviewed and analyzed
a selection of representative papers from 2018 to 2023 that explore the different applications of
GNNs in six domains of ITS. We have summarized and classified these papers based on the research
field related, graph methods utilized, and domain-specific challenges encountered, and finally
presented informative tables and lists. Our observations show that most studies are limited to
specific functionalities of GNNs, such as modeling graph-structure data and capturing spatio-
temporal relationships. However, there is still much potential to fully harness the power of GNNs
and expand their applications in other areas of ITS. Moreover, we have identified common challenges
that need to be addressed when applying GNNs in ITS, including issues related to 𝑑𝑎𝑡𝑎,𝑚𝑜𝑑𝑒𝑙 ,
and 𝑐𝑜𝑚𝑝𝑢𝑡𝑎𝑡𝑖𝑜𝑛. We have also highlighted the future direction of GNNs in ITS, emphasizing the
importance of combining them with other techniques, expanding their applications, and conducting
more comprehensive experiments.
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