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Abstract

The growing complexity of urban transportation networks has intensified the need for reliable traffic prediction methods
capable of supporting proactive traffic management. Conventional statistical and early machine learning approaches have
shown limited effectiveness in representing the non-linear and interconnected nature of traffic systems. In recent years, graph
neural networks (GNNs) have emerged as a promising direction by modeling traffic data within a graph-structured
framework that inherently captures spatial relationships alongside temporal evolution. This paper presents a structured review
of GNN-based traffic prediction models, examining their methodological foundations and progression from early
convolution-based architectures to more recent adaptive and attention-driven designs. Representative models are analyzed
with respect to their learning mechanisms, performance characteristics, and practical constraints. While these approaches
have achieved notable improvements in predictive accuracy, several persistent challenges are identified, including
dependence on static graph representations, computational overhead, sensitivity to incomplete data, and limitations in real-
time applicability. By synthesizing these findings, the paper highlights key research gaps and outlines potential directions for
future work, emphasizing the importance of adaptive modeling strategies, efficient architectures, and the integration of
heterogeneous data sources. The review aims to provide a cohesive understanding of current developments and to inform the

design of next-generation traffic prediction frameworks.
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1. Introduction

Urban transportation systems are undergoing rapid and increased travel uncertainty. Such conditions not only
transformation as cities continue to expand in both affect commuter experience but also have broader
population and spatial complexity. This growth has implications for economic productivity, environmental

intensified pressure on existing road infrastructures,

resulting in frequent congestion, irregular traffic behavior,
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sustainability, and urban planning. In this context, the
ability to anticipate traffic conditions in advance has
become increasingly important. Accurate traffic
prediction enables proactive traffic ~management
strategies, including dynamic route guidance, signal
control optimization, and congestion mitigation measures,
thereby supporting more efficient and resilient

transportation systems.

Conventional traffic management practices have largely
been reactive, relying on real-time monitoring to respond
to current conditions. While such approaches provide
valuable situational awareness, they fall short in
addressing the inherently forward-looking nature of traffic
control. The absence of predictive insight limits the
capacity of transportation systems to prevent congestion
before it occurs. Consequently, there has been a growing
shift toward data-driven predictive modeling, where
historical and real-time data are leveraged to forecast
future traffic states and support informed decision-

making.

One of the fundamental challenges in traffic prediction
lies in the complex structure of traffic systems
themselves. Traffic behavior is shaped by both spatial
interactions—how conditions at one location influence
others across the network—and temporal dependencies—
how past states affect future outcomes. These spatial and
temporal dimensions are tightly coupled, making it
difficult to model traffic dynamics using simplistic or
isolated approaches. Early predictive models, primarily
based on statistical techniques, were often constrained by
assumptions of linearity and stationarity. As a result, they
were unable to adequately capture the non-linear and

evolving nature of real-world traffic patterns.
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The introduction of machine learning and deep learning
techniques marked a significant step forward in
addressing these limitations. Neural network-based
models demonstrated an improved ability to learn
complex patterns from data, particularly in capturing
temporal dependencies through architectures such as
recurrent networks. However, many of these approaches
continued to treat spatial information in a simplified or
indirect manner, often relying on grid-based
representations that do not accurately reflect the irregular
structure of road networks. This mismatch between model
assumptions and real-world topology limited their

effectiveness in fully capturing spatial relationships.

Graph Neural Networks (GNNs) have emerged as a
compelling solution to this problem by providing a
framework specifically designed for graph-structured
data. In the context of traffic systems, roads and
intersections can be naturally represented as nodes and
edges, allowing GNNs to model spatial dependencies in a
more realistic and flexible manner. By combining graph-
based spatial learning with temporal modeling techniques,
GNN-based approaches have demonstrated significant
improvements in traffic prediction accuracy. These
models are capable of capturing how traffic conditions
propagate across a network while simultaneously learning

temporal trends and variations.

Despite these advancements, the development of GNN-
based traffic prediction models remains an active area of
research. Existing architectures differ in how they
integrate spatial and temporal components, how they
represent graph structures, and how they handle practical
challenges such as scalability and data quality. While
many models have achieved notable success, they often

exhibit limitations related to static graph assumptions,
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computational complexity, and sensitivity to incomplete
or noisy data. These issues highlight the need for a
systematic understanding of current approaches and the

identification of directions for further improvement.

In light of these considerations, this paper presents a
comprehensive review of graph neural network-based
traffic prediction models. The review examines the
progression of methodologies from early convolution-
based designs to more recent adaptive and attention-
driven frameworks. It provides a structured analysis of
representative models, evaluating their underlying
mechanisms, strengths, and limitations. Additionally, the
paper identifies key research gaps that persist within the
field and outlines potential avenues for future exploration.
By synthesizing existing knowledge in a coherent manner,
this work aims to contribute to a deeper understanding of
traffic prediction models and support the development of

more effective and adaptable solutions.

2. Evolution of Traffic Prediction Models

The development of traffic prediction methodologies has
evolved progressively in response to the increasing
complexity of transportation systems and the availability
of large-scale data. Each stage in this evolution reflects an
effort to address the limitations of earlier approaches,
moving from simplified statistical assumptions toward
more sophisticated data-driven frameworks capable of
capturing the dynamic and interconnected nature of traffic

behavior.

2.1 Traditional Models

The earliest approaches to traffic prediction were
primarily grounded in statistical time-series analysis.

Methods such as Auto-Regressive Integrated Moving
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Average (ARIMA) and Support Vector Regression (SVR)
were widely adopted due to their solid mathematical
foundations and interpretability. ARIMA models traffic
flow by analyzing historical patterns and decomposing
them into autoregressive and moving average
components, making it suitable for short-term forecasting
under relatively stable conditions. Similarly, SVR applies
regression principles within a transformed feature space,
enabling it to handle certain non-linear relationships to a

limited extent.

Despite their initial success, these models exhibit inherent
constraints when applied to real-world traffic systems. A
key limitation lies in their reliance on assumptions such as
linearity and stationarity, which rarely hold in practice.
Traffic patterns are influenced by a wide range of
dynamic factors, including peak-hour variations, road
incidents, and environmental conditions, leading to highly
non-linear and time-varying behavior. Furthermore,
traditional models typically treat each location
independently, neglecting the spatial interdependencies
between different parts of the network. As a result, their
predictive performance tends to degrade in complex and

rapidly changing scenarios.

2.2 Deep Learning Models

The emergence of deep learning techniques marked a
significant shift toward more flexible and data-driven
approaches for traffic prediction. Neural network
architectures such as Convolutional Neural Networks
(CNNs) and Recurrent Neural Networks (RNNs) were
introduced to better capture the underlying patterns in

traffic data.

CNNs are designed to extract spatial features by applying

convolutional filters, which makes them effective in
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identifying localized patterns within structured data. In
traffic prediction, this capability has been leveraged by
organizing data into grid-like representations, allowing
the model to learn spatial correlations. On the other hand,
RNN-based models, particularly Long Short-Term
Memory (LSTM) and Gated Recurrent Unit (GRU)
networks, are well-suited for modeling temporal
dependencies. These models incorporate memory
mechanisms that enable them to retain and utilize
historical information, thereby improving the prediction

of sequential data.

While deep learning models offer improved performance
over traditional methods, they are not without limitations.
One of the primary challenges is their inability to
naturally represent the irregular topology of transportation
networks. CNN-based approaches assume a regular grid
structure, which does not accurately reflect the
connectivity of real-world road systems. Similarly, RNN-
based models focus predominantly on temporal dynamics
and often treat spatial relationships in a simplified or
implicit manner. Consequently, although these models
capture non-linear patterns more effectively, they still fall
short in fully modeling the complex spatial-temporal

interactions inherent in traffic systems.

2.3 Graph Neural Network Models

Graph Neural Networks (GNNs) represent a significant
advancement in traffic prediction by addressing the
limitations of previous approaches through a more
appropriate data representation. In this framework, the
traffic network is modeled as a graph, where nodes
correspond to sensors or intersections and edges represent
the connections between them. This structure allows the

model to explicitly capture spatial dependencies in a
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manner that aligns with the physical layout of

transportation systems.

GNN-based models integrate spatial and temporal
learning within a unified framework, enabling more
accurate and comprehensive modeling of traffic
dynamics. For instance, Diffusion Convolutional
Recurrent Neural Network (DCRNN) incorporates graph
convolution with recurrent units to model directional
traffic flow over time. Spatio-Temporal Graph
Convolutional Network (STGCN) combines graph
convolution with temporal convolution to improve
computational efficiency while maintaining predictive
performance. Graph WaveNet further advances this
paradigm by introducing adaptive graph learning and
dilated temporal convolution, allowing the model to
capture  long-range  dependencies and dynamic

relationships.

These  models have  demonstrated  substantial
improvements in prediction accuracy by effectively
leveraging both spatial and temporal information.
However, they also introduce new challenges, including
increased computational complexity and sensitivity to
data quality. Additionally, many GNN-based approaches
still rely on predefined graph structures or require
extensive tuning, highlighting the need for further

research into adaptive and scalable solutions.
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Figure 1: Evolution of Traffic Prediction Models

3. Review of GNN-Based Models

Graph Neural Network-based approaches have become
central to recent advancements in traffic prediction,
primarily due to their ability to model spatial
dependencies within complex transportation networks.
Over time, different architectural variations have been
proposed, each attempting to improve the integration of
spatial and temporal information while addressing the
limitations of earlier models. These approaches can be
broadly categorized into convolution-based, adaptive,

attention-based, and advanced hybrid models.

Figure 2: General GNN-Based Traffic Prediction

Framework
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3.1 Convolution-Based Models

Convolution-based GNN models represent some of the
earliest and most influential approaches in graph-based
traffic prediction. These models focus on combining
graph convolution for spatial feature extraction with
temporal learning mechanisms to capture the evolution of

traffic patterns over time.

The Diffusion Convolutional Recurrent Neural Network
(DCRNN) is a prominent example within this category. It
models traffic flow as a diffusion process on a directed
graph, allowing the representation of asymmetric
relationships between nodes. By integrating graph
convolution with Gated Recurrent Units (GRU), DCRNN
effectively captures both spatial dependencies and
temporal dynamics. Its ability to model directional traffic
propagation makes it particularly suitable for realistic
traffic scenarios. However, the model relies on a
predefined adjacency matrix, which assumes static
relationships between nodes. This limitation restricts its
adaptability to changing traffic conditions. Additionally,
the use of recurrent structures increases computational

overhead, making the model relatively resource-intensive.

The Spatio-Temporal Graph Convolutional Network
(STGCN) was proposed to address some of these
computational challenges. Instead of relying on recurrent
units, STGCN employs temporal convolution in
conjunction with graph convolution, enabling parallel
processing of time-series data. This design significantly
improves computational efficiency and scalability.
Despite these advantages, STGCN continues to depend on
a fixed graph structure, which limits its ability to adapt to
dynamic traffic interactions. As a result, its performance
may decline in scenarios where spatial relationships

evolve over time.
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3.2 Adaptive Models

To overcome the limitations associated with static graph
representations, adaptive GNN models have been
introduced. These models aim to learn the underlying
graph structure directly from data, allowing for a more
flexible and dynamic representation of spatial

relationships.

Graph WaveNet is a notable advancement in this
direction. It incorporates an adaptive adjacency matrix
that is learned during training, enabling the model to
capture hidden and time-varying dependencies between
nodes. In addition, it wutilizes dilated temporal
convolution, which allows the model to effectively
capture long-range temporal dependencies without
significantly increasing computational depth. This
combination results in improved performance, particularly
for long-term prediction tasks. However, the model’s
increased flexibility comes at the cost of higher
computational complexity and a greater dependence on

large datasets for stable training.

Building on this concept, models such as Multi-Adaptive
Graph Neural Network (MAF-GNN) further extend
adaptive learning by incorporating multiple learned
adjacency matrices. This approach enables the model to
represent different types of spatial relationships
simultaneously, capturing both local and global
dependencies within the traffic network. While this
enhances the richness of spatial representation, it also
introduces additional parameters and complexity, making

the model more difficult to train and optimize.
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3.3 Attention-Based Models

Attention-based GNN models introduce mechanisms that
allow the model to selectively focus on the most relevant
components of the input data. In traffic prediction, this is
particularly useful because not all nodes or time steps

contribute equally to the prediction outcome.

The Attention-based
Convolutional Network (ASTGCN) integrates both

Spatio-Temporal Graph

spatial and temporal attention mechanisms within a graph
convolution framework. By assigning varying levels of
importance to different nodes and time intervals,
ASTGCN improves the model’s ability to capture critical
traffic patterns. This leads to enhanced prediction
accuracy, especially in complex and dynamic
environments. However, the inclusion of attention
mechanisms increases the computational burden and

training time, which may limit scalability.

Graph Attention Network (GAT)-based models adopt a
similar principle by dynamically computing attention
weights between nodes. These models allow for a more
flexible representation of spatial relationships, as the
influence of each node is learned rather than predefined.
While this adaptability is beneficial, it also requires
additional computational resources, particularly for large-
scale networks, making real-time implementation more

challenging.

3.4 Advanced Models

Recent research has explored more sophisticated
approaches that combine multiple techniques to address
the remaining challenges in traffic prediction. These
advanced models aim to enhance adaptability, robustness,

and overall predictive performance.
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Reinforcement Learning-based GNN (RL-GNN) models
incorporate decision-making mechanisms into the
learning process, enabling dynamic optimization of model
parameters and graph structures. This approach allows the
model to adapt more effectively to changing conditions.
However, the integration of reinforcement learning
significantly  increases training complexity and

computational cost.

Multi-task GNN models represent another important
direction, where the model is trained to predict multiple
traffic variables, such as speed, flow, and density,
simultaneously. This approach improves efficiency and
leverages  shared  representations  across  tasks.
Nevertheless, it requires carefully balanced datasets to

ensure that all tasks are learned effectively.

Robust GNN models focus on improving performance in
the presence of noisy or incomplete data, which is a
common challenge in real-world traffic systems. These
models often employ specialized loss functions or data
imputation techniques to enhance resilience. While they
improve stability, there is a potential trade-off in reduced

sensitivity to subtle patterns within the data.

4. Comparative Analysis

To better understand the progression and effectiveness of
graph neural network-based approaches for traffic
prediction, a comparative analysis of representative
models is presented in Table 1. The selected models
reflect key developments across convolution-based,
adaptive, and attention-driven architectures, highlighting
their methodological differences as well as their

respective advantages and limitations.
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Comparison of GNN Architectures

GCN GAT GraphSAGE

Figure 3: Comparison of Model Types

Table 1: Comparative Analysis of GNN-Based Traffic
Prediction Models

Model | Yea | Method Strength Limitation

r

DCRN | 201 | GCN  + | Captures Static
N 8 GRU directional | graph, high
traffic flow | computatio

nal cost

STGCN | 201 | GCN  + | Efficient, Fixed graph
8 Temporal | supports structure
Convoluti | parallel
on computatio

n

Graph 201 | Adaptive | Learns Complex,
WaveN | 9 GCN  + | dynamic requires
et TCN spatial large

relationshi | datasets

ps
ASTGC | 201 | Attention | Enhanced Increased
N 9 + GCN focus  on | training

important | time

features
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The comparison reveals that earlier models such as
DCRNN and STGCN laid the foundation by effectively
integrating spatial and temporal learning, albeit with
reliance on fixed graph structures. Subsequent models,
including Graph  WaveNet, introduced adaptive
mechanisms to better capture dynamic relationships,
marking a significant improvement in flexibility and
predictive performance. Attention-based approaches, such
as ASTGCN, further refined this capability by enabling
selective emphasis on relevant features, thereby

enhancing model interpretability and accuracy.

However, these advancements have also introduced new
challenges. As models become more sophisticated, they
tend to require greater computational resources and more
extensive datasets for training. Additionally, while
adaptive and attention-based mechanisms improve
flexibility, they often increase architectural complexity,
making optimization and deployment more demanding.
This trade-off between performance and efficiency
remains a central concern in the development of traffic

prediction models.

5. Research Gaps

Despite notable progress in the application of graph
neural networks for traffic prediction, several unresolved
issues continue to limit the effectiveness and practical
deployment of these models. Identifying these gaps is
essential for guiding future research toward more robust

and scalable solutions.
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One of the most prominent challenges is the continued
reliance on static graph representations in many
models. Even though adaptive approaches have been
introduced, a significant portion of existing methods still
depend on predefined adjacency matrices. Such
representations fail to capture the dynamic nature of
traffic systems, where relationships between nodes can
change depending on time, congestion levels, and external

influences.

Another critical issue is the high computational
complexity associated with advanced architectures. As
models incorporate multiple components such as adaptive
graph learning, attention mechanisms, and deep temporal
structures, the number of parameters and required
computational resources increases significantly. This not
only affects training efficiency but also limits the
feasibility of deploying these models in real-time

environments.

The handling of missing and noisy data remains an
ongoing concern. Traffic datasets collected from sensor
networks often contain incomplete or inaccurate
observations due to hardware limitations or
communication failures. Many existing models are
sensitive to such imperfections, which can degrade

prediction accuracy and reliability.

Furthermore, the challenge of real-time deployment has
not been fully addressed. While many models
demonstrate strong performance in offline evaluations,
their applicability in real-world systems is constrained by
latency, scalability, and resource requirements. Achieving
a balance between predictive accuracy and operational
efficiency is therefore essential for practical

implementation.
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These gaps collectively highlight the need for more
adaptive, efficient, and robust modeling approaches.
Future research must focus on developing frameworks
that can dynamically learn spatial relationships, handle
imperfect data effectively, and operate within the

constraints of real-world traffic systems.

6. Future Directions

Although graph neural network—based approaches have
advanced the state of traffic prediction, several avenues
remain open for meaningful improvement. A central
direction is the development of adaptive graph learning
mechanisms that evolve with traffic conditions rather
than relying on fixed or slowly updated connectivity.
Future models can benefit from jointly learning node
representations and edge dynamics, allowing relationships
between locations to change in response to congestion
patterns, incidents, and temporal context. Such
approaches would better reflect the non-stationary nature

of real-world transportation systems.

Another important priority is the design of lightweight
and computationally efficient architectures. Many
high-performing models achieve accuracy at the expense
of complexity, which limits their use in real-time or edge
environments. Research efforts should therefore focus on
model compression, efficient graph sampling, and
parameter sharing strategies that reduce inference latency
without compromising predictive quality. Achieving this
balance is essential for deployment in practical traffic

management systems where timely decisions are critical.

The integration of multi-source data also presents a
promising direction for enhancing prediction capability.
Traffic behavior is influenced by a wide range of external

factors, including weather conditions, public events, road
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incidents, and human mobility patterns captured through
GPS trajectories. Incorporating such heterogeneous data
into unified learning frameworks can provide a richer
contextual understanding, enabling models to anticipate
disruptions that are not evident from traffic sensors alone.
This, however, requires careful design to handle data

heterogeneity, alignment, and noise.

In addition, there is growing interest in hybrid modeling
strategies that combine complementary learning
paradigms. For instance, integrating graph neural
networks with attention mechanisms, probabilistic
modeling, or reinforcement learning can improve
adaptability and decision-making capabilities. Hybrid
approaches have the potential to leverage the strengths of
different techniques, resulting in models that are both
expressive and robust. Future research may also explore
explainability and uncertainty estimation within these
frameworks, which are important for building trust in

real-world applications.

7. Conclusion

This paper has provided a structured review of graph
neural network—based approaches for traffic prediction,
tracing their progression from early convolution-driven
designs to more recent adaptive and attention-oriented
frameworks. By examining representative models, the
discussion has highlighted how the integration of spatial
and temporal learning has significantly improved

predictive performance compared to earlier methods.

At the same time, the analysis underscores that several
challenges remain unresolved. Issues related to the use of
static graph representations, increasing computational
demands, and sensitivity to imperfect data continue to

affect model reliability and scalability. Furthermore, the
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gap between high-performance research models and their
practical deployment in real-time environments remains

an important concern.

Addressing these challenges will require a shift toward
more adaptive, efficient, and context-aware modeling
approaches. Continued exploration in this direction is
expected to contribute to the development of next-
generation traffic prediction systems that not only achieve
high accuracy but also meet the practical requirements of

modern intelligent transportation infrastructures.
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