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Abstract
Traffic flow prediction plays a critical role in the development of intelligent
transportation systems; however, existing prediction methods fail to accurately
capture the underlying spatio-temporal correlations, and most employ fully
connected networks for single-step prediction. To further exploit the spatio-
temporal characteristics of data and enhance the accuracy of both long-term
and short-term predictions, we propose a gated recurrent graph convolutional
network (GR-GCN) model. First, spectral graph convolution is integrated with
Gated Recurrent Units (GRU) to construct a spatial-temporal component (STC)
that simultaneously captures the spatio-temporal correlations of nodes, thereby
comprehensively extracting spatio-temporal features from the data. Subse-
quently, this spatial-temporal component is utilized to form an encoder unit,
into which time series data and road network structure data are input. Fi-
nally, GRU is employed as the decoder unit, and the two are assembled into an
Encoder-Decoder structure in chronological order to sequentially decode the pre-
diction results for each time step. Experiments were conducted on the highway
datasets PeMSD4 and PeMSD8 from the California Department of Transporta-
tion (Caltrans) Performance Measurement System. The results demonstrate
that the proposed GR-GCN model outperforms most existing baseline models
in predicting traffic flow for the next 15, 30, 45, and 60 minutes, particularly in
long-term prediction.
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Abstract: Traffic flow prediction plays a key role in the construction of in-
telligent transportation systems. However, existing prediction methods cannot
accurately mine the underlying spatiotemporal correlations in data, and most
adopt fully connected networks for single-step prediction. To further exploit the
spatiotemporal characteristics of data and improve the accuracy of both long-
term and short-term predictions, this paper proposes a Gated Recurrent Graph
Convolutional Network (GR-GCN) model. First, spectral graph convolution is
combined with Gated Recurrent Units (GRU) to construct a Spatial-Temporal
Component (STC) that simultaneously captures the spatiotemporal correlations
of nodes, thereby fully extracting spatiotemporal features from the data. Then,
this spatial-temporal component is used to form encoder units, into which time
series data and road network structure data are fed. Finally, GRU is employed
as the decoder unit, and the two are arranged in chronological order to form an
Encoder-Decoder structure that sequentially decodes the prediction results for
each time step. Experiments were conducted on the highway datasets PeMSD4
and PeMSD8 from the California Department of Transportation (Caltrans) Per-
formance Measurement System. The results demonstrate that the proposed
GR-GCN model outperforms most existing benchmark models in predicting
traffic flow for the next 15, 30, 45, and 60 minutes, particularly in long-term
prediction.

Keywords: traffic flow prediction; graph convolutional network; gated recur-
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0 Introduction
With the acceleration of urbanization in China, people’s demand for travel is
increasing, leading to increasingly severe traffic congestion problems that con-
strain urban development. There is an urgent need to establish an intelligent
transportation system [1] to help people plan routes rationally and alleviate traf-
fic congestion. The core of intelligent transportation systems lies in accurately
predicting future traffic flow conditions to assist system tasks.

Current traffic flow prediction models can be mainly divided into three cate-
gories. The first category comprises statistical theory-based methods, includ-
ing historical average analysis, Autoregressive Integrated Moving Average [2]
(ARIMA), and Kalman filter analysis [3]. The second category is machine
learning-based methods, which can model the nonlinear state of traffic flow
and continuously adjust parameters to optimal values through adaptive learn-
ing, thereby obtaining more accurate results and gradually replacing statistical
methods. Mainstream machine learning algorithms for prediction include KNN
[4] (K-Nearest Neighbor) and Support Vector Machines [5,6]. The third cate-
gory is deep learning-based methods, which represent the current research focus.
Deep learning can not only learn data features and correlations but also 挖掘
more complex features from simple ones without manual feature engineering. By
stacking neural network structures and extracting features from shallow infor-
mation, it offers significant advantages for solving complex real-world problems.
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Many researchers have applied deep learning to traffic flow prediction with re-
markable results. Representative models include ConvLSTM proposed by Liu
et al. [7], which combines CNN and LSTM to capture spatiotemporal correla-
tions; DCRNN proposed by Li et al. [8], which uses diffusion graph convolution
for spatial feature modeling and a GRU-based encoder-decoder structure for
temporal dimension modeling; T-GCN proposed by Zhao et al. [9] and STGCN
proposed by Yu et al. [10], both of which use spectral graph convolution to cap-
ture spatial dependencies between nodes and employ one-dimensional dilated
convolution for temporal feature modeling. These models predict traffic flow
data by modeling spatiotemporal correlations. However, the above methods
either fail to effectively model the spatiotemporal correlations and accurately
capture spatiotemporal features, or use single-step prediction to forecast data
for several future time steps, which cannot accurately reflect the temporal rela-
tionships in future traffic flow data [11].

Traffic flow, as a typical spatiotemporal data, requires consideration of both spa-
tial dependencies in the road network and temporal dependencies in historical
and future data during prediction. Considering only temporal or spatial depen-
dencies separately, or generally modeling relationships among future prediction
data, will lose important information that contributes to prediction results. To
address this issue, this paper proposes the Gated Recurrent Graph Convolu-
tional Network (GR-GCN) model, which utilizes spectral domain graph convo-
lution to capture spatial dependencies between nodes, feeds nodes with spatial
relations into gated recurrent units to simultaneously extract spatiotemporal fea-
tures of traffic flow data, and then performs multi-step prediction through an
encoder-decoder structure, accurately modeling dependencies among historical
data and among future prediction data. Experimental results on real traffic flow
prediction datasets demonstrate that our model outperforms baseline models.

1.1 Traffic Flow Prediction Task

Traffic flow prediction is a typical time series forecasting task. This study only
involves traffic flow data, so only one attribute needs to be retained from the
traffic state data. The traffic flow prediction problem is defined as: given histor-
ical observations where is the window size of historical sequence input, predict
the traffic flow data for all nodes in future time periods , where represents the
traffic flow state of the entire network during future time periods . In essence,
the traffic prediction problem learns a function that predicts future traffic flow
data for all nodes within time period based on historical observation data and
the corresponding road network structure . The specific formula is as follows:

where and represent the historical observation data and road network structure
at corresponding time steps.
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1.2 Graph Convolutional Networks

Convolutional Neural Networks are feedforward neural networks based on convo-
lution operations that can efficiently process Euclidean data such as images and
speech. However, much real-world data is non-Euclidean, which cannot be di-
rectly processed using convolutional networks for feature extraction. Therefore,
Graph Convolutional Networks [12,13] have been proposed as a neural network
that extends convolution operations to graph structures, with the core idea
being that central nodes aggregate information from their neighboring nodes.
Table 1 shows the symbols involved in graph convolution operations.

Table 1 Graph-related definitions

Symbol Definition
Set of edges in the graph
Set of nodes in the graph
Adjacency matrix of graph nodes
Degree matrix of graph nodes
Laplacian matrix of the graph
Features of layer in the network

The adjacency matrix reflects the adjacency relationships between nodes, while
the degree matrix reflects the number of edges connected to each node. The
Laplacian matrix best reflects the structural properties of a graph and is a core
research object in graph theory. It describes the difference between signals of
central nodes and neighbor nodes and can reflect the smoothness of node neigh-
borhoods, specifically defined as . The GCN model principle utilizes the fact
that convolution is essentially filtering in the frequency domain [14]. Node fea-
tures are treated as signals, transformed to the frequency domain space through
Fourier transform, and finally obtained back to the graph domain through in-
verse Fourier transform. Each convolution layer only processes first-order neigh-
borhood information, and multi-order neighborhood information transfer can
be achieved by stacking multiple convolution layers [15]. The propagation rule
for each convolution layer is:

where represents the nonlinear activation function. In short, each layer of GCN
aggregates neighbor features for each vertex by multiplying the adjacency matrix
with the feature matrix, then multiplies by a parameter matrix, and finally uses
an activation function to obtain a matrix aggregating neighbor node features.
A two-layer graph convolutional network model can be represented as:

where represents the feature matrix, represents the adjacency matrix of the
topology network, represents the adjacency matrix after Laplacian regulariza-
tion, and are the weight parameters of the first and second layers respectively,
and represents the activation function used by the network.
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1.3 Gated Recurrent Unit

The Gated Recurrent Unit network (GRU) [16] is an improved model based on
Recurrent Neural Networks (RNN). Compared with RNN, it can solve problems
such as long-term memory and gradient vanishing in backpropagation. Com-
pared with Long Short-Term Memory (LSTM) networks, GRU can achieve com-
parable performance while being easier to train, significantly improving training
efficiency.

The hidden unit in GRU is a special cell structure rather than nodes in tradi-
tional neural networks. It contains two gates internally: a reset gate and an
update gate. Intuitively, the reset gate determines how to combine new input
information with previous memory, while the update gate determines how much
of the previous memory is preserved to the current time step. The cell structure
of GRU is shown in Figure 1 [Figure 1: see original paper].

The calculation formulas for each gate are as follows:

where the symbol represents element-wise multiplication between two vectors;
represents the sigmoid activation function; represents the update gate; repre-
sents the reset gate; represents the current memory content; represents the final
memory at the current time step. Due to its cyclic structure, the final memory
of the previous cell and the input at the current time step together serve as the
input to the current cell. By concatenating these unit structures and feeding
data into them in chronological order, the model can capture potential temporal
correlations in the data.

1.4 Encoder-Decoder Structure

The encoder-decoder model (Seq2Seq) was originally a successful structure used
in machine translation [17]. This model accepts a sequence as input, encodes
the information in the sequence into an intermediate representation, and finally
uses a decoder to decode the intermediate representation into a target sequence
sequentially. Since the prediction results are generally unknown, the prediction
result from the previous time step often needs to be fed together with the
encoded hidden representation as input to the next time step. As shown in
Figure 2 [Figure 2: see original paper].

This structure is highly flexible, and its encoder and decoder can be different
types of structures. In existing research, the encoder can be any combination
of RNN (recurrent neural network), GRU (gated recurrent units), LSTM (long
short-term memory), GCN (graph convolutional network), or spatial-temporal
attention blocks, while the decoder can be any combination of RNN, GRU,
LSTM, or multilayer perceptrons [18,19]. It only needs to satisfy the following
mapping relationship:

where and are the lengths of the encoder and decoder respectively. These two
can be unequal, so it can be applied to traffic prediction tasks for multi-step
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prediction. Specifically, the encoder encodes the historical sequence into a hid-
den intermediate representation , which is then fed into the decoder layer to
decode it into future traffic states.

1.5 Gated Recurrent Graph Convolutional Network Model

To simultaneously capture the spatial and temporal correlations in traffic flow
data, this paper proposes a Gated Recurrent Graph Neural Network model
based on graph convolutional networks, gated fusion units, and encoder-decoder
structures, as shown in Figure 3 [Figure 3: see original paper].

The left half of Figure 3 belongs to the encoder, which feeds historical sequence
data into each unit of the encoder in chronological order. This paper refers to
such units as Temporal Graph Convolution Units. The unit operation process is
as follows: first, the graph convolutional network in the unit is used to capture
the traffic topology network structure and obtain its spatial features. Then,
the time series data with spatial information is fed into the gated recurrent
unit, where information dynamically changes to obtain temporal features of
the sequence data. When the entire historical sequence has been input and
processed, the output of the last unit is the intermediate representation C. The
encoder process is as follows:

where is the hidden representation associated with input , and is a randomly
initialized non-zero matrix. The right half of Figure 3 belongs to the decoder,
which uses GRU units to decode the intermediate representation C and obtain
hidden representations. Through a feedforward neural network, predictions for
future time steps are made. The specific calculation methods for the hidden
states and predicted values at each time step are as follows:

where is the hidden representation associated with output , and is the start of
the output sequence, belonging to an initial signal of the sequence that needs
initialization. In the model, the traffic features from the previous time step are
used to initialize it to facilitate decoder iteration.

For the Spatial-Temporal GCN unit (TGCN), its internal structure is shown
in Figure 4 [Figure 4: see original paper]. In the figure, represents the output
at time , represents the graph convolution processing, and represent the reset
gate and update gate at time respectively, represents the output at time , and
represents the output of after transformation through a fully connected layer.
The specific calculation process is as follows:

and represent the weight coefficients and biases during training. represents the
graph convolution processing, with the calculation method as in Equation (5).
The decoding process is similar to the encoding process. Since the input data
has already undergone spatial dependency capture through graph convolution in
the encoder, it does not need graph convolution operation again. Therefore, in
the decoder part, this paper only uses GRU to decode the intermediate variables,
with the decoding method as in Equation (6).
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Overall, the Spatial-Temporal Graph Convolutional Network model can handle
the complex spatial dependencies and dynamic temporal dependencies in traffic
data. On one hand, graph convolutional networks are used to capture spatial
dependencies between nodes in the traffic urban network topology. On the
other hand, gated recurrent units are used to capture the dynamic changes of
information on traffic roads to obtain the temporal dependencies of nodes them-
selves. Finally, the encoder-decoder (Seq2Seq) structure is used to complete
multi-step prediction of traffic flow. Through the effective combination of the
above modules, the model well captures the spatial and temporal dependencies
of traffic flow and completes the prediction task.

2.1 Dataset

This paper conducts experiments using two real highway datasets, PeMSD4
and PeMSD8. Traffic volume data is used as the experimental dataset, with
raw data collected at 30-second intervals aggregated into 5-minute intervals,
meaning each point contains 12 traffic data samples per hour.

This paper uses traffic flow data from the past hour (12 monitoring samples) to
predict traffic flow for the next 15 minutes (3 samples), 30 minutes (6 samples),
45 minutes (9 samples), and 60 minutes (12 samples). The dataset is divided
into training, validation, and test sets at a ratio of 7:1:2, and normalized using
the mean and variance of the training set. Detailed data information can be
found in Table 2 .

Table 2 Dataset description

Dataset Sensors Training Samples Validation Samples Test Samples
PeMSD4
PeMSD8

2.3 Experimental Hyperparameter Settings and Analysis

The performance of the model is evaluated through two commonly used metrics
for regression tasks: Mean Absolute Error (MAE) and Root Mean Squared
Error (RMSE), with specific calculation formulas as:

This paper selects Huber loss, which combines MSE and MAE, as the loss
function. By adjusting hyperparameters to determine the scope of MAE and
MSE, the model can converge to the global optimal solution more quickly. The
specific calculation formula is:

The main hyperparameters involved in the GR-GCN model include learning
rate, number of training epochs, batch size, and number of hidden layers. This
paper sets the learning rate to 0.001, batch size to 64, and training epochs to
200.
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The number of hidden units in the neural network is an important parameter
that significantly affects the prediction accuracy of the model. To select the most
suitable value, relevant experiments were designed. On the PeMSD4 dataset,
the number of hidden units was set to 8, 16, 32, 64, and 128 respectively, and
the changes in prediction error were analyzed. As shown in Figure 5 [Figure 5:
see original paper], the horizontal axis represents the number of hidden units,
and the vertical axis represents prediction error. It can be observed that as the
number of hidden units increases, the error first decreases and then increases.
When the number of hidden units is 64, the model’s prediction error is min-
imized. This is mainly because when hidden units gradually increase beyond
a certain value, the model complexity and computational complexity increase
exponentially. Therefore, throughout the experiments, the number of hidden
layers was set to 64.

2.4 Model Ablation Experiments

Additionally, this paper conducted ablation experiments on the GR-GCN model.
The operation method is similar to the control variable method, aiming to prove
the contribution of each submodule in the model to prediction performance
improvement. The graph convolution module (Our-GC) and the decoder module
(Our-De) were removed for analysis respectively.

As shown in the figure, when the graph convolutional network is removed from
the model, prediction errors increase significantly for both short-term (15min)
and long-term (60min) prediction tasks. This again demonstrates that consid-
ering both temporal and spatial features of traffic data is more beneficial for
prediction than considering only temporal features. For the case where the
decoder module is removed and replaced with fully connected single-step predic-
tion, the error gap with the proposed model is not large for short-term prediction
tasks, but the gap is obvious for long-term prediction tasks. This again proves
that using a decoder capable of multi-step prediction is beneficial for long-term
prediction.

In summary, each module of the proposed model not only improves performance
for short-term prediction tasks but also helps reduce errors in long-term predic-
tion tasks.

3 Conclusion
This paper proposes a neural network model based on encoder-decoder structure
to address the problem that existing traffic flow prediction methods fail to ef-
fectively combine spatiotemporal features and mostly use fully connected layers
for single-step prediction. The model uses spatial-temporal GCN in the encoder
part to extract spatial information of adjacent nodes’traffic flow, then feeds
nodes with spatial information through GRU to extract temporal information
and obtain a hidden representation containing spatiotemporal features. Finally,
the decoder sequentially decodes the prediction information for each time step
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to produce the final results. Experimental results on two real road network
datasets show that the model basically outperforms other baseline algorithms
in terms of MAE and RMSE metrics, and can effectively forecast traffic flow.
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