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To manage and make decisions about intelligent transportation systems more efficiently, accurate traffic flow forecasting is
necessary. Traffic flow forecasting has complex spatial correlation and time dependence. Most current research models are based
on a predefined graph structure with a priori knowledge for prediction, which cannot well extract the hidden spatial relationships
in traffic data. In this paper, we propose the Optimal Graph Information Fused Graph Attention Network (OGIF-GAT).
Specifically, we learn the actual connections between nodes and the hidden spatial relationships through the multigraph feature
fusion structure. Next, we design a new graph attention network (GAT), which improves the problem of ignoring edge features in
the graph structure in the traditional GAT model and considers their edge features when estimating the correlation of each
neighboring node pair: the effect that the distance factor between neighboring nodes has on the spatial correlation. In addition, we
use the temporal hybrid transformer (THT) to learn temporal dependencies. Extensive experiments on four public transportation
datasets (PeMS04, PeMS08, PeMS-BAY, and METR-LA) demonstrate that our model achieves the optimal level of traffic flow
prediction accuracy on all of them and is shown to have strong generalization ability. Compared to STSGCN, the mean absolute
error (MAE) decreases by 7.9%, 10.3%, 33.2%, and 19.6%, respectively.
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of the road network, it becomes very difficult to explicitly
describe the influence of different road spaces on each other
at a given moment in time. Second, in the time dimension,

1. Introduction

Intelligent transportation systems (ITS) [1, 2] have received

great attention as people have higher requirements for travel
safety and travel efficiency. Traffic flow forecasting can ac-
curately predict the future traffic flow through the historical
traffic flow information in real time. This enables urban
traffic management authorities to rationally guide and plan
traffic flow so that urban congestion can be effectively
alleviated.

But now, there are still many challenges for accurate and
efficient traffic flow forecasting. First, due to the complexity

because of the complex temporal periodicity, both short-
period and long-period historical information can have an
impact on the prediction of future moments. Therefore,
accurately mining spatial and temporal correlations within
traffic patterns is the key to achieving accurate and efficient
traffic flow forecasting.

In the temporal dimension, the researcher utilized re-
current neural networks (RNNs) [3, 4] and its variants such
as LSTM [5, 6] and GRU [7] to capture temporal correlation.
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There were also researchers who used a temporal con-
volutional network (TCN) [8] instead of RNN to solve the
problem of time series forecasting with the ability to
compute the output in parallel. Transformer was first pro-
posed in the field of NLP; it can support parallel operations,
is good at modeling long sequences, and has flexibility and
interpretability, so there were also researchers who used the
attention mechanism to model historical information in
traffic information, such as ASTTGN [9], which used
transformer to capture multiple time-step temporal corre-
lations separately. However, these methods were only based
on temporal dependence, but we still need to model spatial
correlation using different spatial relationships to deal with
the effects of road topology.

Recently, graph neural networks (GNNs) have achieved
excellent results in the task of dealing with road topology.
For example, STGCN [10] applied complete convolutional
structures to solve timing prediction problems in the do-
main of graph structures; T-GCN [11] used graph con-
volutional networks (GCNs) and gated recursive units
(GRUs) to learn complex topologies and temporal corre-
lations, respectively. It could be said that most of the existing
GNN models have been studied by constructing graphs that
have been determined by predefined measurements, such as
adjacency matrices based on road adjacencies and Euclidean
structure matrices based on distances to urban roads.
However, this may lead to insufficient traffic spatial feature
extraction, e.g., two sensors that are far away or not phys-
ically connected yet exhibit similar traffic flows between
them, or two sensors that are close or physically connected
yet do not exhibit similar traffic flows between them.
STGAFormer [12] introduced adaptive adjacency matrices
to capture these hidden spatial correlations, but this learns
graph structures that will remain unchanged from period to
period, ignoring the dynamics of the graph structure.
AdpSTGCN [13] used an attention mechanism to flexibly
generate multiview feature maps, obtaining local dynamic
spatial features through a digitally driven approach, yet
ignoring the overall static spatial hidden features such as
urban POIs. COGCN [14] used OAG to extract global spatial
features of the road and ODPG to extract local spatial
features of the road and combined them using a comparative
learning algorithm. In addition, Peng et al. [15] used
ANOVA and conditional regression models to explore the
effects of two types of inclement weather on traffic pa-
rameters, which can help the transportation department
formulate effective countermeasures for intelligent traffic
control under inclement weather conditions.

In a word, all current research efforts have the following
shortcomings, thus leading to unsatisfactory results.

L.1. Fixed Static Spatial Correlation. Current studies are
using distance measurements of predefined road network
structures to capture spatial correlations. On the one hand,
this approach requires a great deal of domain knowledge and
the fact that these road structures do not necessarily rep-
resent real road structure information. Circumstances such
as weather, festival periods, accidents, congestion, and road
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construction can affect the spatial pattern of the road net-
work. On the other hand, in most cases, the predefined
graphs are mostly determined by the Euclidean distances
between regions and the connectivity between road nodes,
whereas the factors affecting the relationships between re-
gions cannot be determined only by the distance and
connectivity factors but are also influenced by many other
hidden factors, as shown in Figure 1, although there is no
direct road connection between the home and the super-
market. However, there is a hidden spatial correlation be-
tween homes and supermarkets because people need
to shop.

In addition, the predefined road network structure should
be dynamic, although the static spatial relationships between
roads can be adequately extracted. As shown in Figure 2, a solid
red line indicates a high correlation and green is a low cor-
relation. Although two neighboring sensors (e.g., Sensors 1 and
2) exhibit a high degree of correlation between them, this
correlation is affected by time. This forecasting of future traffic
conditions based on the spatial correlation between sensors
dynamically over time is quite challenging.

1.2. Attentional Mechanisms Do Not Perform Well Enough in
Graph Representation Learning. With the proposal of
transformer, attention mechanisms are employed to identify
intricate temporal patterns and spatial relationships in traffic
data. Traffic road spatial information is often represented as
a graph domain; today, the most effective way to utilize
attention in graph representation is to replace some key
modules in the classical GNN variants, such as feature ag-
gregation, with SoftMax attention. However, the attention
mechanism focuses only on the semantic similarity between
Node i and other nodes but ignores the node’s position in the
graph structure, connectivity, and relationships between
pairs of nodes. In a real-world scenario of traffic flow
forecasting, the location of each node road, its connectivity
with other node roads, and the distance between the nodes
are important factors used to show spatial correlation.

To solve the above difficulties and challenges, we propose
a model for forecasting traffic flow: Optimal Graph In-
formation Fused Graph Attention Network (OGIF-GAT). In
the spatial dimension, we design a multigraph feature fusion
structure. The structure not only contains a priori road
information representing connected relationships between
nodes but also learns hidden dynamic spatial relationships
based on node attributes through a corrected cosine simi-
larity algorithm. In addition, the graph attention network
(GAT) can only extract information between nodes and
cannot extract information on the edges (e.g., the distance
between neighboring nodes), we improve the traditional
GAT model and capture the spatial features of the data.

In the time dimension, we use temporal gated convo-
lution (TGC) and transformer models to capture the non-
linear correlations in short-term and long-term time series,
respectively, and obtain the fusion model temporal hybrid
transformer (THT). Finally, a gating mechanism is
employed to combine the two models and extract both
spatial and temporal characteristics.
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FIGURE 2: Dynamic spatial correlation.

We summarize the contributions made in this paper as
follows:

1. We propose a multigraph feature fusion structure that
can learn an optimal graph structure from a combi-
nation of dynamic and static aspects, respectively. On
the dynamic side, we design a corrected cosine sim-
ilarity algorithm to learn the hidden dynamic spatial
correlations from node feature attributes. On the
static side, we extract hidden static spatial relation-
ships and real road connectivity relationships using an
adaptive stabilization graph structure and a road
connectivity graph structure, respectively.

2. We improve the traditional GAT by encoding edge
features between neighboring nodes into the attention
layer, allowing the newly improved GAT to consider
edges connecting node pairs when computing their
correlations. In addition, we construct a network model
that can learn multigraph feature fusion structures: the
adaptive graph attention network (AGAT), which we use
to capture both static and dynamic features of the space.

3. We combine the AGAT and THT models as
OGIF-GAT and evaluate the model on two real-world
traffic datasets. Experiments demonstrate that our
model outperforms state-of-the-art baseline methods.

The remainder of the paper is organized as follows:
Section 1 reviews what is relevant to the article, as well as
existing research. Section 3 presents the problem to be solved
and describes the model we designed. In Section 4, we
experiment the model with real-world traffic datasets and
compare it with some of the current state-of-the-art
methods. Finally, in Section 5, we summarize the research in
this paper and have an outlook for future work.

2. Related Work

2.1. Traffic Flow Forecasting. Traffic flow is an important
element of traffic data, and traffic flow refers to the number
of traffic entities (vehicles) passing through a certain sensor
or roadway cross section per unit of time. Traffic flow usually
reflects the traffic pressure on the road. Early traditional
researchers used statistical theoretical approaches to build
mathematical and physical analytical models for traffic flow
prediction studies, mainly including historical averaging
(HA), traditional time series (e.g., ARIMA [16]), and Kal-
man filtering models [17, 18]. These methods are based on
linear dependencies, which are usually assumed to be linear
in the variation of data in traffic flow forecasting, and
perform poorly for complex nonlinearly varying traffic flow
forecasting. Today, more and more researchers have shifted
their research efforts to machine learning and deep learning.
The k-nearest neighbor (KNN) algorithm [19] makes pre-
dictions based on the traffic flow of neighboring points by
calculating the distance between the point to be predicted
and the historical data points, and support vector machines
(SVMs) [20] makes traffic flow predictions by constructing
aregression model close to the true value, which is capable of
dealing with complex nonlinear relationships. Sequential
models such as RNN and its variants LSTM [5] and GRU [7]
can effectively mine the dynamics of nonlinear traffic data
and perform well in traffic flow sequence data in terms of
temporal correlation, but simple RNN models are unable to
model the spatial information of traffic data. To solve this
problem, some works apply the convolutional neural net-
work (CNN) to model the spatial correlation of traffic flow
forecasting. Zhang [21] et al. proposed to abstract the urban
area into grid data of the same size and then used con-
volutional operations to mine the spatial information, but
such an approach ignores the topology of the traffic network.
GNN can effectively solve the problem of traffic network
topology, so researchers have proposed to abstract the actual
traffic road network into a topological graph structure and
use the graph convolution model GCN [10, 22] to mine the
spatial correlation in the topological graph data.

2.2. Attention Mechanism. With the continuous research in
the field of deep learning, the proposal of transformer [23]
and BERT [24] gradually replaces the dominance of RNN in
natural language and time series data problems, while the
models proposed based on transformer, VIT [25], and Swin
transformer [26] excel in image classification and match the
performance of top convolutional networks, all while con-
suming fewer computational resources during training. So
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researchers have also used the transformer model in traffic
flow forecasting tasks, and the most important thing about
the transformer model is that it uses the attention mecha-
nism. Zou [27] proposed the Bayesian model averaging
(BMA) method, which combines the traffic speed prediction
results from three transformer models to identify stable
long-term speed trends, and BMA demonstrated superior
accuracy in short-term traffic speed prediction compared to
the three single transformer models. The core of the at-
tention mechanism lies in selecting the most relevant in-
formation for the task from the overall data. In the context of
sequential data, it allows each element to interact with others
throughout the sequence, not limited to adjacent elements,
and dynamically captures long-range dependencies by
evaluating the relative significance of each element with
respect to the others. Thus, the attention mechanism is also
good at globally capturing traffic data spatiotemporal
properties in traffic data. Zong et al. [28] proposed
PSTTransformer, which integrates spatiotemporal attention
blocks to capture dynamic spatiotemporal dependencies and
not only integrates self-attention mechanism to embed
periodic information but also synergizes GCN and spatial
self-attention mechanism through the gating mechanism.
The attention mechanism, however, neglects the topological
graph structure of transportation networks in the spatial
dimension, and thus, GANs are proposed.

2.3. GANs. A GNN is a model designed to capture de-
pendencies in a graph by propagating information across its
nodes. Velikovi et al. [29] proposed a GAT, which dy-
namically assigns different weights to neighboring nodes in
graph structured data, thus aggregating the information of
neighboring nodes, and is able to solve the problem of
sharing one and the same convolutional kernel parameter
for all nodes in the neighborhood in GCN. However, the
traditional GAT model can only focus on the layer of
neighboring features by aggregating the node features, while
ignoring edge features, such as the distance between
neighboring sensors. Therefore, we improve the original
GAT model and propose a new GAT model that can ag-
gregate the features of neighboring nodes as well as the
features of edges connected to two nodes.

2.4. Self-Adaptive Adjacency Matrix. Graph WaveNet [30]
model literature proposes a self-adaptive adjacency matrix,
while AGCRN [31] is also similar to Graph WaveNet by
learning the embedding matrix. The self-adaptive adjacency
matrix without needing any a priori information adaptively
generates the adjacency matrix by performing stochastic
gradient descent learning from end to end, randomly ini-
tializing two source and target nodes with learnable pa-
rameters and obtaining the spatial dependencies between the
source and target nodes by using the adaptive adjacency
matrix formula: AP = SoftMax(ReLU(ElEg)). The adja-
cency matrix obtained by this method represents the hidden
spatial relations. However, this direct design of the graph
matrix generated from the learnable parameters, without
considering the node attributes, reduces the accuracy of the
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adjacency matrix and makes the model difficult to optimize.
Therefore, in our study, we will learn the dynamic optimal
graph matrix from the node attributes and also still consider
the predefined road network structure using the distance
measure as a static graph structure.

3. Methodology

3.1. Problem Definition. The objective of traffic flow fore-
casting in this paper is to forecast the traffic conditions in the
future period for each area based on the historical data that
have been given for different node areas. We define a traffic
network as a weighted directed graph G = (V,E, A), where
V = {v},V,,..., vy} is the set of [V| = N nodes, N denotes the
number of road sensors, E denotes the set of edges,
A € RN is a weighted adjacency matrix, and A; j denotes
the relationship between node v; and node v - We denote the
traffic flow data of sensor v, at moment t as X7.

Traffic flow forecasting is a typical time series forecasting
task, where the traffic flow data of a given N nodes over
a history of T time steps can be represented as
X =X, i1 Xeoam Xoqa3 - 0> Xy} € RPNH D ywhere H
denotes the traffic characteristics. We use the known values
of traffic characteristics to forecast the traffic characteristics
of all nodes for the future T’ time step, denoted as
V= 1{X0o1 Xpszo - o> Xpop} € RN which we can define
by the following equation:

y=F(Z, G), (1)

where F is the function to be learned by our model.

3.2. Overview. Figure 2 depicts the overall architecture of the
OGIF-GAT framework, which includes an input layer, four
stacked spatiotemporal layers (STLs), and a spatiotemporal
gating layer. Among them, an STL contains a THT module
and an AGAT module. The THT module consists of
a transformer module with a multihead attention mecha-
nism and a gated temporal convolution module to extract
the long-term temporal dependence and short-term tem-
poral dependence in the traffic flow data, respectively. AGAT
module, on the other hand, is a self-developed graph net-
work model capable of learning the degree of correlation
between the nodes of multigraph feature fusion structures,
which allows the capture of data features in both static and
dynamic space.

We express the traffic flow forecasting problem exam-
ined in this paper in mathematical form as follows:

G =g(2.G), (2)

y=F(Z,G"), (3)

where G* is a multigraph feature structure learned from
traffic flow data 2 and a predefined graph matrix G
composed of road connection relationships, as shown in
Figure 3. Then, the multigraph feature structure G* and
historical traffic flow data & are used to predict the future
traffic flow 3.
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FIGURE 3: Multigraph feature structure learning.

Next, we introduce the multigraph feature fusion
structure in detail, as well as the AGAT module, and then, we
will introduce the THT module and finally the flow of the
whole model.

3.3. AGATs

3.3.1. Multigraph Feature Structure Learning. In general,
two interconnected roads have similar characteristics;
however, in real life, two regions that are very far away from
each other (e.g., two business districts that are very far away
from each other, etc.) will also have implied characteristic
correlations, and predefined adjacency matrices, which only
have information about the connectivity of the roads and the
distances, do not show these implied factors. Also, current
research related to graph learning [30, 31] generates graph
structures without considering the nodes’ own attributes,
making the model difficult to optimize. What we want to do
is to learn the optimal graph structure from node properties.

The principle of this learning method is as follows: We
map the node attributes (traffic flow, speed, and occupancy)
in the input features into a high-dimensional node space to
get a high-dimensional hidden attribute vector, which en-
ables better mining of node attribute hidden features. Then,
we design the corrected cosine similarity algorithm to cal-
culate the similarity between different nodes to get the
implied correlation between different nodes. Finally, the
node features are cosine similarity computed two by two to
get the graph adjacency matrix.

Existing similarity algorithms include inner product,
cosine similarity, Euclidean distance, Pearson’s correlation
coefficient, and so on, while similarity algorithms such as
Euclidean distance and Manhattan distance give more
consideration to the spatial distance between the nodes, and

for the similarity of hidden attributes in the nodes’ attributes,
the inner product or cosine similarity is more appropriate.
However, cosine similarity has the property of being in-
sensitive to the absolute magnitude of specific values, which
can also cause some problems in our traffic flow prediction,
for example, the flow features and speed features in Node i
are small (e.g., [19, 20]), while the flow features and speed
features in Node j are large (e.g., [49, 50]). Although the
cosine similarity between the two nodes is extremely high,
however, this does not match the real conditions, it is ob-
vious that Section j is a more high-speed section than Section
i. Perhaps Section i is very narrow and Section j is very wide.
To address the problem that the cosine similarity algorithm
is insensitive to the absolute magnitude of specific values,
which leads to the inability to correctly determine whether
two road segment nodes are similar or not, we designed the
corrected cosine similarity algorithm to obtain the implicit
correlation between different nodes. The principle of the
corrected cosine similarity algorithm is as follows.
Because the cosine similarity algorithm focuses only on
the direction of the vector and not on the magnitude of the
specific values of the data in the vector, node vectors that are
close to each other as long as the two directions are close to
each other will have a strong cosine similarity. To distinguish
between vectors with the same direction but too large and
too small values, we first calculate the mean value on each
dimension of the feature vector, and then, each node vector
subtracts the mean value on the dimension to get a new node
vector in each dimension, so that features with larger than
the mean value on the dimension and those with smaller
than the mean value can be more differentiated in the di-
rection of the vector, thereby reducing the similarity between
vectors with too large an absolute value and vectors with too
small an absolute value. The algorithm effectively distin-
guishes between high-speed and low-speed road sections, or
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wide and narrow road sections, making the calculation of the
implied correlation between different nodes more accurate.
In addition, the cosine similarity algorithm has to compute
the modulus product of two node vectors in the de-
nominator, which is not conducive to the computation of the
final adjacency matrix. So we unitize the new node vectors to
get the corrected node eigenvectors so that the product of
modulus lengths is 1. By doing so, we can simplify the cosine
similarity algorithm to the inner product similarity algo-
rithm. Finally, the corrected node feature vectors are cosine
similarity computed two by two (inner product computa-
tion) to obtain the adjacency matrix AM!, The specific
implementation formula is given in “emergency graph
structure learning.”

We take the adjacency matrix, which represents the
hidden feature relations, together with the predefined ad-
jacency matrix obtained from the road connectivity re-
lations, to form a complete multigraph feature structure
used to achieve information complementation, as shown in
Figure 3. Specifically, the module consists of three parts:
emergency graph structure, stabilization graph structure,
and road connection graph structure. The emergency graph
structure is designed to be able to detect drastic changes
arising at a given moment and to generate a graph adjacency
matrix for that moment to capture that fluctuation; the
stabilization graph structure is designed to learn a relatively
stable graph adjacency matrix over the entire time period by
using the entire historical information; and the road con-
nection graph structure is still very important because the
actual connectivity between the roads and Euclidean dis-
tance between the nodes play a vital role in the traffic flow
forecasting’s spatial correlation. Below, we present the main
elements of these three components.

3.3.1.1. Emergency Graph Structure Learning. The emer-
gency graph structure learning is designed to learn the
correlation between nodes when a drastic change occurs at
a certain moment in time (during traffic accidents, traffic
jams, or drastic weather changes), which requires that our
graph learning structure be real time and dynamic. We
describe the fluctuation of emergency events by mining the
relevant information in the node attributes and then use the
corrected cosine similarity algorithm proposed above to
obtain the hidden correlations between different nodes to
generate the emergency graph adjacency matrix at that
moment. The method in detail is presented below.

First, we input the node attribute data 2 = {X,_,;,
X; 12 Xirazs - X} € RPN [since these data represent
the H-dimensional traffic flow data of a given N nodes over
a history of T time steps, and the emergency fluctuations
mined through the node attributes must be real time. The
generated graph adjacency matrix is located att - T + 1 ~ ¢
and varies with .

As shown in Figure 4, in order to map the raw data into
the hidden layer feature space, we use a fully connected
network to map the H-dimension (traffic flow condition)
attribute features into the high-dimension node feature
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space. In this way, our data have the ability to be learned in
the hidden space using the following equation:

H = FC(X) € RTND, (4)

Next, in order to integrate the spatial relationships of the
nodes in the T time period, we use a convolution operation
that sets the kernel size to a dimension Tequal to the length
of the historical sequence.

M = AGGREGATE (H) ¢ RN (5)

In this way, we obtain a comprehensive attribute
characterization M; for each node in real time yet dynam-
ically at moment . To mine the correlation between different
nodes, we need to design a metric learning method; metric
learning [32] is used to learn the degree of similarity between
the data features of two nodes, and the more similar the two
nodes indicate closer proximity and more correlation. We
use the corrected cosine similarity algorithm proposed above
to learn the implicit relationships between nodes to generate
the neighbor matrix for emergencies. The following is
a specific implementation formula for the corrected cosine
similarity algorithm:

First compute the mean M € RP of the feature

mean

vector M € RN*?' on each dimension d':
N
.M.
Mmean = ZI:I l' (6)
N

Then, each node vector M,; is subtracted from the mean
in each dimension to get a new node vector M} € RP:

Mi :Mi_Mmean' (7)

Next, the new node vector M, is unitized and the

corrected node feature vector M_ ;. € R® is obtained as

adj,i
follows:

M;
=k (8)

Madj,i |M;|

Finally, the corrected node feature vectors are cosine
similarity computed two by two:

T
Mad' iM i,
M adj,
COS(Madj,i’Madj,j) = 9)
Mg [Ma |

Because the node feature vectors are treated by vector
unitization, we can simplify equation (9) to an inner product
calculation as follows:

Mir, T
AT, j] = Mygy Mg, ;. (10)

Equation (10) represents the cosine similarity between
Node i and Node j, where M,q; represents the vector
features of Node i after unitization and M,4; ; represents the
vector features of Node j after unitization.

Finally, we utilize the ReLU activation function to filter

out weak connections.
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FIGURE 4: Emergency graph structure learning.

AM = ReLU(M,M_y) € RM, (11)

We use the learned AM for the emergency graph ad-
jacency matrix we need.

3.3.1.2.  Stabilization = Graph  Structure  Learning.
Stabilization graph structure learning is learning graph
structures that are stable over time based on information
from the entire history. The actual connectivity between
roads and the Euclidean distance between nodes is the graph
structure information that belongs to the long-term stability,
but some implicit correlations between nodes are missing,
which are not sudden, but exist stably over an extended
period of time, (e.g., POI distributions and regional func-
tions). Our stabilization graph structure learning, on the
other hand, focuses on learning these long-term stable but

implicit correlations between nodes and generating an ad-
jacency matrix to perform the representation of that
relationship.

For this part, we use the learning method of Graph
WaveNet [30] with an adaptive adjacency matrix. First, ran-
domly initialize the source node embedding dictionary E, and
the target node embedding dictionary E,. Multiply E, and E, to
get the spatial dependency weights between the source and
target nodes, the ReLU activation function is used to eliminate
the weak connections, and the SoftMax function is used to
normalize them. The specific formula is as follows:

AP = SoftMax(ReLU(E, E} ) ) € RNV, (12)
We use the learned A*! as the adjacency matrix of the

implicit  relationships  between  nodes in  the
stabilization case.
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3.3.1.3. Road Connection Graph Structure. We do not give
up the predefined adjacency matrix obtained from the
a priori information, which represents the connectivity of
roads in a real road network. Its adjacency matrix
APre ¢ RNN g of the form

1, Vi, V: €€;:),
Agre — { ( 2] ’J) (13)

0, otherwise.

The adjacency matrix Agre =1 when two nodes are
connected and 0 when two nodes are not adjacent.

3.3.1.4. Multigraph Feature Structure. In order to combine
emergency graph structure, stabilization graph structure,
and road connection graph structure, we propose a multi-
graph fusion method in the form of multigraph:
G* ={G,G,,G;}. G, = (V, EMi, AM) represents emergency
graph structure, G, = (V, E*%, A*%) is stabilization graph
structure, and G5 = (V, EP™, AP*) represents by road con-
nection graph structure. Multigraph feature structure
learning is to better capture the data features in both static
and dynamic space.

3.3.2. Spatial Relationship Learning

3321 A GAT That Expresses Edge Characteristics.
Traditional GATs focus on nodes that are only adjacent to
the target node through the adjacency matrix and assign
different weights to different nodes, while ignoring the effect
of edge characteristics between two neighboring nodes in the
graph structure on the correlation of that neighboring node.
Our research is to design a GAT model that can express edge
features and add the distance feature between neighboring
sensors, as an important factor for GAT target nodes to pay
attention to neighboring nodes, into the bias term of the self-
attention mechanism calculation formula, which solves the
above problem.

Edge features representing the distance between
neighboring nodes are important for graph representation,
and encoding them into the network along with node fea-
tures is essential. In the previous work, there are two ap-
proaches to encode edge features. In the first approach, edge
features are added to the associated node features [33, 34]; in
the second approach, for each node, its associated edge
features will be used together with the node features in the
aggregation [22, 35, 36]. However, this method of edge
feature encoding, which only propagates edge feature in-
formation to its associated nodes, may not be an efficient
way to utilize edge information in the entire graph
representation.

In order to better encode edge features into the attention
layer, we propose a new way of encoding edge features.

ij = €ij +Cij a(Wxi, Wx]-) +

¢;j» wherec;;

Journal of Advanced Transportation

When the attention mechanism in traditional GAT calcu-
lates the correlation of neighboring node pairs (i, j), the
feature values i and j in the two nodes are linearly trans-
formed by the learnable weight matrix W, and then, the
inner product is calculated to obtain the attention co-
efficients. However, we believe that the edge features be-
tween the two nodes should be considered in the calculation
of the attention coefficient, so the edge features between the
two nodes are added to the self-attention formula as a bias
term when the inner product of the node features after the
linear transformation is calculated. The longer the distance
between two nodes, the weaker the correlation, so when
encoding the distance feature, we subject its inverse to
a learnable linear transformation to obtain this bias term c;;.
However, in the data preprocessing stage, we use Z score to
normalize the input node feature data X. Therefore, when we
do the node inner product calculation, the inner product
value will be close to 1. If the bias term c;; is either large or
small, it will make the model difficult to optimize; therefore,
we divide the average value of the distance X ., by the
distance X y;sance Detween the two neighboring nodes as the
distance feature, so that the value is both close to 1 and
inversely proportional to the distance. This distance feature
is then subjected to a learnable linear transformation to
obtain bias term ¢;;. The improved attention formula con-
tains two contents: (a) the dot product attention value € of
the node pair (v;, v; ) and (b) the bias value Cij of the edge
features.

The following is a specific implementation of the new
GAT we have designed:

As is shown in Figure 5, we input the feature
X ={x}, %5 ..., x5} € RVP of a node at a given point in
time and then transform that feature through a learnable
linear transformation that converts it to get more advanced

features. W € RP*P s a trainable random parameter ma-
trix, and then, the self-attention mechanism is applied on the
node—a  shared attentional mechanism a ():

R x R? — R, as shown in equation:
€j = a(Wxi,ij), jeN;, (14)

where e;; denotes the dot product attention value of node
pair (v;, v;). In our study, only the neighborhood Node j of
Node i is of interest, so we compute only node j € //; by
performing masked attention; //; denotes the neighborhood
of node i.

We believe that the edge features between them should
be considered in this attention coeflicient calculation, so we
add the edge features as a bias term to this attention cal-
culation as shown in equation as follows:

ZW i ( mean )’ (15)

X distance

95U8017 SUOWIWOD dA 81D 3 dedljdde ay) Ag peussnob afe seoilie YO ‘8sn JO Sa|nJ 1o} Akeiq1]8UljUO AB]IA UO (SUONIPUOD-pUe-SLLR) /W0 AB 1M Alelq 1 BulUD//:SdNy) SUONIPUOD pue swis 1 au) 8es *[9202/T0/62] Uo Areiqiauliuo Ajim ‘esee Jo AiseAun Ad G/856TS/1/SGTT OT/I0P/L00 A8 Im Akelq1jpul|uoy//:sdiy wolj pepeojumod ‘T ‘S20Z ‘607T



Journal of Advanced Transportation

e
SoftMax

Ne

g
X

‘ MatMul (Q,, K1) ]

® Node feature

Linear

¢

./

Edge feature

FIGURE 5: A GAT that expresses edge characteristics.

where Xjiunce 1S the distance of an edge between two
neighboring nodes and X, is the average of the distances.
We make the distance feature undergo a learnable linear
transformation, W,;; € RE*! is the learnable distance weight
matrix, and E denotes the dimension of the edge attribute. In
the formula, N  denotes the shortest path
SP;; = (ey, €;, ...,ey) between Node i to Node j. In the
generalized attention formula, the correlation between
Nodes i and j decreases as the number of paths increases. But
in our graph attention layer, the value of N is taken as 1
because only the first-order domain nodes of the target node
are concerned.

Normalization using the SoftMax function is as follows:

Zkem eXP(Aij)
Finally, the updated result can be obtained by passing

a linear combination of the adjacency matrix features
through a nonlinear activation function:

x§=a<z aiijj>, (17)

jedts

;= SoftMaX(Aij) (16)

where o is the nonlinear activation function ReLU and
x; € RP denotes the final output of Node i.

3.3.2.2. Graph Attention Learning for Multigraph Feature
Structures. This is because the GAT model we designed to
represent edge features only considers the distance between
nodes that are connected by real roads, while the emergency

graph structure and the stabilization graph structure in the
multigraph feature structure are both used to represent
hidden correlations between nodes that are not connected in
the real world. Therefore, we use different GAT models to
extract different graph structures in the multigraph feature
structure: The new GAT model is used to extract the road
connection graph structure, and the traditional GAT model
is used to extract the spatial correlation in the emergency
graph structure and the stabilization graph structure, re-
spectively. Finally, we design a gated fusion mechanism to
aggregate the spatial features captured by two different
GATs. The new GAT model captures the actual spatial
feature ACT(X), and the traditional GAT model captures the
hidden spatial feature HID(X); we multiply ACT(X) and
HID(X), respectively, by a learnable weight matrix and
obtain the tensor between 0 and 1 as the gating value z after
the sigmoid function processing, which can be used as the
weights of actual spatial feature ACT(X) and hidden spatial
feature HID(X) in the computation of final spatial feature
formula. The specific formula is shown below.

The gating mechanism we designed is specifically shown
in Figure 6. The graphs G, = (V,EMi AMi) G, = (V,
E““‘P,Aadp),G3 = (V,EP', AP™) represent the emergency
graph structure, stabilization graph structure, and road
connection graph structure, respectively. This contains node
features (traffic flow data), edge features (distance features),
and an adjacency matrix. Then, the G,, G, data are added to
the traditional GAT model and the G; data are added to the
new GAT model that we have improved to extract the spatial
correlations in different feature graph structures, re-
spectively. It can be expressed by the formula as follows:

95U8017 SUOWIWOD dA 81D 3 dedljdde ay) Ag peussnob afe seoilie YO ‘8sn JO Sa|nJ 1o} Akeiq1]8UljUO AB]IA UO (SUONIPUOD-pUe-SLLR) /W0 AB 1M Alelq 1 BulUD//:SdNy) SUONIPUOD pue swis 1 au) 8es *[9202/T0/62] Uo Areiqiauliuo Ajim ‘esee Jo AiseAun Ad G/856TS/1/SGTT OT/I0P/L00 A8 Im Akelq1jpul|uoy//:sdiy wolj pepeojumod ‘T ‘S20Z ‘607T



10

Journal of Advanced Transportation

SNPA

Add and sigmoid

4

A

Linear
Concat
‘ Traditional GAT ’ ‘ Traditional GAT ’ ‘ New GAT ’
Gl GZ G3 .
® [
@ @ @
@ o @

FiGure 6: Gated fusion GAT.

HID (X) = Concat(GAT(G,, X), GAT (G,, X)),

(18)
ACT (X) = NewGAT (G, X),

where HID (X) € RT*N*P js the hidden space feature and
ACT (X) € RT*N*D s the actual space feature.

We design the gated fusion mechanism to consider both
real and hidden space features and obtain the tensor located
between 0 and 1 by the sigmoid function in this mechanism.
Specifically, the following method is used to realize the gated
fusion.

First, the gating value z is learned by the following
equation:

z = sigmoid (ACT (X)W, + HID (X)W,4 +b),  (19)

act

where W, € RPP, W, € RP”P| b e RP, denotes the
parameters that can be learned in the linear mapping layer.
The spatial output obtained after feature aggregation is
defined as follows:

GFS(X) =z0ACT (X) + (1 - z) oHID (X), (20)

RTXNXD :

where © is the element product and GFS(X) € is

the fused graph space feature.

3.3.3. AGATs Module Learning Processes. In the previous
two sections, we detailed multigraph feature structure
learning and GANs for spatial feature learning; in this

section, we illustrate in general how the AGAT module
captures complex spatial correlations in traffic flow fore-
casting species.

First, we obtain, from the preprocessed data,
X =X, 1> Xeren> Xea3 - > X} € RPNH | denoting
the H-dimensional traffic flow data for given N nodes over
a history of T time steps. The input data are then learned
through the multigraph feature structure introduced in the
first section to obtain G* ={G, G,, G5}, with
G, = (V, EMi, AM)) representing the emergency graph
structure, G, = (V, E*P, A*®P) the stabilization graph
structure, and G; = (V, EP™, AP’) the by road connection
graph structure. We then use the gated fusion GAT module
in Section 2 to aggregate the spatial features of the multi-
graph feature structure G* and obtain the output
GFS(X) € RPM*P which represents the fused graph space
features.

Finally, as shown in the AGAT module in Figure 7, we
transform the graph space features as the final output
Sout € RTN*D of the AGAT module by layer normalization
and feed forward, as denoted by the following equation:

Sout1 = Layer norm (GFS (X) + X), (21)

out

Sout = Layer norm(ReLU(SouﬂWf)Wg + Som), (22)

out

where W$ and W3 are learnable parameters.
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FIGURE 7: OGIF-GAT model; the left figure shows the overall structure of the model, and the right figure explains some of the details in

the model.

3.4. THT. On aroadway, traffic conditions are influenced by
historical traffic characteristics, which is the time series
analysis of traffic flow forecasting. Traditional RNN models
are good at capturing long-term macroscopic dependencies,
but RNNss suffer from time-consuming iterations, ineffective
parallel processing, and unstable gradient descent. As shown
in Figure 7, THT module, our model consists of temporal
transformer, TGC, and temporal fusion block. TGC uses 1D
dilation causal convolution [37] and a gating mechanism
[38] to capture the short-term characteristics of traffic
conditions, by adding a factor to the standard causal con-
volution to control the jump distance. The field of view of
causal convolution grows exponentially with increasing

layer depth, so the TGC can handle longer sequences with
fewer layers, thus reducing computational resource usage. At
the same time, the nonrecursive nature supports parallel
processing, reducing problems such as time consumption.
Temporal transformer leverages a multihead self-attention
mechanism to capture long-term features of traffic condi-
tions, unlike RNN and its variants, and is more suitable for
use in long sequences to capture long-term dependencies.

The THT module uses TGC to uncover short-term
temporal dependencies, the time transformer to uncover
long-term temporal dependencies, and the temporal fusion
block fuses short-term dependence with long-term
dependence.
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In TGC, the 1D dilated causal convolution is imple-
mented as follows, the input time series X = {x,x,,
., xr} € RT and a filter f={0,... ,k—1} € R, and the
dilated causal convolution operation F at time step t is
calculated as follows:

k-1
F(t) = (X #4£)(8) = Y £()- X, g5 (23)

i=0

The gating mechanism is given the traffic flow fore-
casting input X € RPN which is subjected to a TGC
operation of the following form:

TGC(X) = sigmoid (@, * X + a) © Tanh (@, = X +b).
(24)

The temporal transformer module efficiently focuses on
the correlation of traffic features in global time using the
multihead self-attention mechanism. Input temporal feature
X € RT*N*Dinto temporal transformer module to get
output TTM (X) € RT*N*D,

Finally, in order to combine the consideration of long-
term and short-term temporal dependence, we design
a simple temporal fusion block, which transforms the output
TGC(X) € RPN*D of the TGC module by linear trans-
formation and sigmoid function and then the element-wise
product with the output TTM (X) € RTMP of the TTM
module and finally transforms the temporal features by layer
normalization and feed forward to obtain the final output
Tou € RT*N*D of the THT module, which is expressed as
follows:

Ty = sigmoid(TGC (X)W ) © TTM (X), (25)

out

T oue = Layernorm (T + X), (26)

T, = Layer norm(ReLU(TcutZWg)WZ + ToutZ)’ (27)

where WT, WZ, and WY are the learnable weight parameters.

3.5. Gated Feature Aggregation Layer. Both spatial correla-
tion and temporal dependence of traffic data need to be
considered in traffic flow forecasting. Therefore, we believe
that the spatial correlation of the road network and the
temporal dependence of the traffic flow should be jointly
modeled. The gated feature aggregation layer has been
proposed for aggregating these two traffic characteristics.

Its structure is shown in Figure 7. Gated feature ag-
gregation layer: We first learn gating z by the following
equations:

K K
z= sigmoid<Wt Z TN +w, Z s+ b>, (28)
k=0 k=0

Journal of Advanced Transportation

where W, € RP*P, W e RP*P) and b € RP*P denote the
parameters that can be learned in the linear mapping layer,

T is the output of the THT module, and S is the output
of the AGAT module, respectively, there are k layers, and k is
defined in this project study as 4. The final output spatio-
temporal features OUT of the spatial-temporal layers after

the feature aggregation is defined as follows:

K K
OUT=ze ) T+ (1-2)® Y sk, (29)
k=0 k=0

3.6. Model Structures. The general structure of the OGIF--
GAT model is shown in Figure 7. In order to accurately
predict future traffic flow conditions, we develop spa-
tial-temporal layers to jointly model the temporal and
spatial dependencies of the traffic network. Before entering
the spatial-temporal layers, we obtain the high-dimensional
spatial  input feature 2 ={X, 1.1 X142 Xiriss
..., X,} e RI"N*D from the historical observation & =
{Xerin Xeoran Xeopys 0 X} € RV by 11 CNN,
and then, input the features into the 4-layer spatial-temporal
layers to obtain the temporal feature T4 € RT*N*P and the
spatial feature S € RT*N*P_The gated feature aggregation
layer is used to aggregate Téﬁ)t, S(()ﬁl to get the spatiotemporal
feature OUT € RT™*P Tn addition, we use a two-layer 1 x 1
CNN to complete the multistep prediction to get the final
predicted value ye¢ R™™H_ Finally, we compute the loss
value L of the predicted value  with respect to the real value
y by means of a loss function and update the trainable
parameters by the gradient descent method.

Loss function: due to the traffic data collection process
being prone to error, we use the Huber loss function, which
is insensitive to outliers and more stable; the loss function is
defined as follows:

1 _
E(y—y)z, ly - yl<,
L(y,y) = (30)
1 _
®|y—y|—§®2, ly - 91>,

where y is the real traffic flow, y is the predicted traffic flow,
and @ is the threshold.

To make this traffic flow prediction process easier to
understand, we use Algorithm 1 to represent the training
process of OGIF-GAT.

4. Experiment

4.1. Datasets. Our evaluation of OGIF-GAT is based on four
publicly available transportation network datasets: PeMS04,
PeMS08, PeMS-BAY, and METR-LA. Three of the datasets,
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14.  Compute loss L(Y, )A/) using equation (30);
15.  Update trainable parameters with gradient descent;
16. end for

Input: traffic data & € RPN predefined graph structure G, number of layers of STLayers K, number of training epochs epochs;
Output: Multigraph feature structure G*, learned OGIF-GAT;

Get multigraph feature structure G* from features X' and graph structure G using multigraph feature structure learning;

1. Randomly initialize learnable parameters of OGIF-GAT;
2.D train < ;
3. Sliding window to construct training set from traffic data Dy,
4. for epoch = 0; epoch < epochs; epoch + + do;
5. Randomly select a batch {X, Y} from D,;,;
6.  Get high-dimensional features X' from features X using 1 x 1 CNN;
7.
8. for k=0; k< K; k++ do;
9. Get temporal features Téﬁi from features X' using THT;
10. Get spatial features Séﬁz from features X' and multigraph feature structure G* using AGAT;
11.  end for
12.

Get spatiotemporal feature OUT from temporal features T *) and spatial features S} using the gated feature aggregation layer;
13.  Get predicted value y from spatiotemporal feature OUT using two-layer 1 x 1 CNN;

— (‘%.train > Ytrain );

ALGORITHM 1: Training process of OGIF-GAT.

PeMS04, PeMS08, and PeMS-BAY, were collected from the
Caltrans’ Performance Measurement System, while
METR-LA was collected from the Los Angeles County Road
Network Loop Detector. We choose datasets from different
sources in order to better discuss the model’s ability to
generalize to different traffic environments. We describe
these four datasets in detail.

PeMSO04: This dataset records traffic flow data collected
by 3848 sensors on 29 roads contained on 16,992 time steps
from 1.1.2018 to 28.2.2018. These data were sampled at 5-
min intervals, and the data characteristics include flow,
occupancy, and speed, stored in .npz format. This includes
three-dimensional data: The first dimension is the time step,
the second dimension is the number of sensors, and the third
dimension is the traffic characteristics. We remove some
redundant sensors to ensure that the distance between
neighboring sensors is more than 3.5 miles, yielding 307
sensors. For this experiment, we predicted the flow feature
for this dataset, so we kept only the flow feature in the third
dimension feature and got the final data dimension (16,992,
307, 1).

PeMSO08: This dataset records traffic flow data collected
by 1979 sensors on 8 roadways over 17,856 time steps from
2016.7.1 to 2016.8.31. Like the PeMS04 dataset, this dataset is
sampled at 5-min intervals, and the data characteristics
include flow, occupancy, and speed, stored in .npz format.
We remove redundant sensors to ensure that neighboring
sensors are more than 3.5 miles apart, resulting in 170
sensors. This experiment also preserves the flow features and
yields the final data dimension (17,856, 170, 1).

PeMS-BAY: This dataset records traffic speed data from
52,116 time steps containing 325 sensor recordings from
2017.1.1 to 2017.5.31. Traffic information is recorded at

5-min intervals, and this data feature is the speed feature that
records the average speed of vehicles (miles/hour), stored in
.h5 format, with a data dimension of (52,116, 325, 1).

METR-LA: This dataset records traffic speed data col-
lected from 2012.3.1 to 2012.6.30, 34,272 time steps con-
taining 207 sensors. These data were sampled at 5-min
intervals, and like the PeMS-BAY dataset, this data feature is
a traffic speed feature that records the average speed of
a vehicle (miles/hour), stored in .h5 format, with a data
dimension of (34,272, 207, 1).

The above four datasets, PeMS04, PeMS08 using flow
data and PeMS-BAY, METR-LA using speed data, were
chosen in order to demonstrate that the model has ad-
vantages in predicting different traffic characteristics. These
four datasets come from two different sources and were
collected in different time periods, and in different geo-
graphical areas of the study, so the selection of these four
different datasets helps to evaluate the generalization ability
of the model.

We use the previous 12 time steps to forecast the fol-
lowing 12 time steps. The input data are normalized using
the Z score method as described below:

- _ X — mean (Xtrain)

X=——78©¥—+—"" 31
std (Xtrain) ( )

where mean (X,,,;,)> std(X,.,,) represent the mean and
standard deviation of the training data, respectively. Next,
we divided the dataset into training, testing, and validation
sets in the ratio of 6:2:2.

4.2. Evaluation Metrics. 'This experiment uses three common
metrics to measure the performance of different models:
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] I N N
mean absolute error (MAE) = N KT t;ﬂ; Y, - Y7 (32)
| LN |YP-Y (33)
MAPE = ,
NxT ; ; Y}
1 T N 2
RMSE = NxTZZ(ﬁ—Y?), (34)

where N is the total number of nodes, T'is the total time step,

—n
and Y7 and Y, represent the factual outcome of the nth
node’s sample at moment ¢ and the outcome predicted by
our model, respectively.

4.3. Experimental Settings. The experiment is to use the
traffic characteristics in the last hour to predict the traffic
characteristics in the coming hour, so the input and output
time step is £=12. The number of traffic features on the
dataset H=1, which represents traffic flow in PeMS04 and
PeMS08 datasets and traffic speed in PeMS-BAY and
METR-LA datasets. The number of high-dimensional spatial
features was set to D =32. We use Adam optimizer to train
our model. The batch size is 16, and the learning rate is 0.001.
The temporal transformer module in MSA has header h=4.
Spatial-temporal layers have k =4 layers.

4.4. Baseline Methods. We compared the OGIF-GAT model
to eight cutting-edge baseline models:

1. GAT: GATs perform attention operations on the
graph structure to focus on the neighborhood node
characteristics and get the weights of the
influential nodes.

2. LSTM: Long short-term memory networks handle
temporal tasks through memory cells and gating
mechanisms.

3. TCN [39]: TCN is time series prediction model
consisting of stacked CNNs.

4. STGCN: Spatiotemporal graph convolutional net-
work consists of graph convolution and gated causal
convolution to obtain spatial correlation and tem-
poral correlation, respectively.

5. ASTGCN: Attention based spatial-temporal graph
convolutional networks capture dynamic spatiotem-
poral correlations by a spatiotemporal attention
mechanism, which employs graph convolution to
capture spatial features and generalized standard
convolution to capture temporal features.

6. STSGCN: Spatial-temporal synchronous graph con-
volutional networks design spatiotemporal synchro-
nous modeling mechanisms to capture local
spatiotemporal correlations.

7. AApSTGCN [13]: Adaptive spatial-temporal graph
convolutional network utilizes a multihead attention
mechanism to construct multigraph features and
introduces an adaptive graph convolutional approach
to capture complex spatial correlations, in addition to
designing a cascading structural framework for spa-
tiotemporal dynamics modeling.

8. DSTAGNN [40]: Dynamic spatial-temporal aware
graph neural network proposes a data-driven dynamic
spatiotemporal aware graph based on data and de-
signs a new GNN architecture with an improved
multihead attention mechanism and adds multiscale
gated convolutions to obtain a wide range of dynamic
time dependency.

4.5. Experimental Results. Performance comparisons: Ta-
ble 1 represents the comparison of the performance of
different deep learning methods on four different datasets
for predicting results at 15 min, 30 min, and 1 hour in the
future. Our model OGIF-GAT obtains relatively good
prediction results in both short-term and long-term pre-
diction on both datasets. Among them, GAT only considers
spatial correlation and ignores temporal correlation, so the
overall prediction ability is poor, but the prediction per-
formance is little affected by the prediction time step, while
LSTM and TCN only consider temporal correlation lacks
and ignore spatial correlation, and their prediction of the
short-term temporal performance is not bad but is not good
at making long-term time predictions. STGCN, ASTGCN,
and STSGCN consider temporal and spatial correlation to
improve the prediction performance; however, they only
focus on the predefined static graph structure in the space,
AdpSTGCN, DSTAGNN, and our OGIF-GAT model all
propose data-driven multigraph feature structure based on
the data, and thus, they all achieve a high level in the
prediction performance.

Our model OGIF-GAT outperforms all baseline methods
on each time forecasting on both datasets because the model
incorporates a multigraph structure learning module on the
spatial side, which is able to learn an optimal graph structure
from static and dynamic structures, respectively. The spatial
correlation information contained in the map structure is
more accurate and abundant than that contained in the
traditional road connection map structure. On the temporal
side, the model extracts and incorporates the short-term and
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long-term time dependencies separately, so that our model
has a more significant improvement in both short-term time
forecasting and long-term time forecasting. AdpSTGCN and
DSTAGNN models are the state-of-the-art methods within
the last 2years, our model is slightly lower than the
DSTAGNN model on some metrics data in the first three
datasets, but similar, but in the METR-LA dataset, the
performance of the DSTAGNN model suddenly becomes
poor, which indicates that our model has a better general-
ization to different datasets and is capable of traffic flow
prediction on most datasets. The AdpSTGCN model is
a little better than our model on 15-min prediction, while the
performance is not as good as our model on 60-min pre-
diction, indicating that our model is more suitable for longer
traffic flow prediction; this is because although AdpSTGCN
obtains local dynamic spatial features through the digit-
driven method, it ignores the overall static spatial hidden
features, while the static features do not change over time
and are more suitable for long-term traffic flow prediction.

Figure 8 shows in detail the predictive performance of
the model at 12 time steps, and in general, as the time step
gets longer, the model performance weakens. In short-term
forecasting, LSTM and TCN both achieve better prediction
results, while GAT does not perform well enough, but as the
time step becomes longer, the prediction performance of
LSTM as well as TCN, which are the two models that only
consider temporal correlation, degrade the fastest.
ASTGCN, STSGCN, and our model OGIF-GAT all perform
better in overall prediction, but our model shows the best
overall performance.

4.6. Ablation Study. In order to verify the validity of the
multigraph feature fusion structure, we designed ablation
experiments to verify that each graph structure part
(AMi) A2dP | APT€) in the multigraph structure is valid. We
designed four combinations of graph features: 1. using
only the predefined road connection graph structure AP™;
2. adding an emergency graph structure AM' to the
predefined road connection graph structure AP™; 3.
adding a stabilization graph structure A*® to the pre-
defined road connection graph structure AP'; and 4.
adding both the emergency graph structure AM! and the
stabilization graph structure A*® to the predefined road
connection graph structure A*¥P. It was used to compare
the experiments on PeMS04, PeMS08, PeMS-BAY, and
METR-LA, and the results are shown in Table 2. The
experimental results show that both the emergency graph
structure and stabilization graph structure can improve
the accuracy of traffic flow forecasting, while the si-
multaneous fusion of the emergency graph structure and
the stabilization graph structure can lead to the best
model performance. This suggests that both bursty and
steady-state hidden graph structures can introduce new
and useful information to the predefined real road
connection scenarios, thus improving the model’s pro-
ficiency to capture spatial relationships.

Journal of Advanced Transportation

In order to verify the effectiveness of the improved GAN,
we design ablation experiments: We change all the improved
GANSs in the model to the traditional GAN and conduct
comparison experiments on four datasets. The following
prediction results are finally obtained, as shown in Table 3.
The experiment proves that the improved GAN, focusing on
its edge features and influencing the nodes to focus on the
weights of neighboring nodes at different distances, im-
proves the prediction performance of the model.

4.7. Parametric Analysis. The design of different hyper-
parameters affects the final prediction performance of this
model, and we design the following experiments to explore
how the number of STLs k and the number of attention
heads h in the time-converter module affect the model
performance. (1) The number of STLs k, different STLs
extract different aspects of spatiotemporal properties in the
traffic data, fewer STLs will lead to insufficiently rich spa-
tiotemporal properties being extracted, and more STLs can
capture more complex spatiotemporal patterns; however,
too many STLs will waste more computational resources and
overfitting to the training data, so the appropriate number of
STLs k is one of the parameters necessary for the better
performance of the model, and we choose k=2, 4, 8] to
analyze the performance of the model. (2) The number of
attentional heads & in the temporal converter module, like
the number of STLs, and more attentional heads can capture
more complex temporal dependencies, so we choose h = [2,
4, 8] for performance analysis. Experiments are carried out
on four separate datasets, with the results illustrated in
Figure 9. The optimal performance of our model is observed
when the hyperparameters k and h are both set to 4.

4.8. Peak Hour Performance Analysis. The model faces dif-
ferent challenges at each time of the day, and during the
morning and evening peak hours, a more diverse set of
factors affecting traffic flow, such as different combinations
of work-related, school-related, and leisure-related, can
make it more difficult to predict their traffic flow conditions.
We, therefore, analyze the model performance for the
morning and evening peak hours. From the traffic dataset,
we find that the morning and evening peak hours are
specifically 7:00-9:00 and 16:00-18:00 on weekdays, while
nonweekdays show a single peak. Finally, the peak perfor-
mance MAE, RMSE, and MAPE values in different datasets
are obtained as shown in Table 4.

We found that the evening peak usually has higher errors
in MAE, RMSE, and MAPE, indicating that it is more
difficult to predict, and data on specific factors affecting
traffic in the evening peak hour, such as the exact time of
school dismissal, and the distribution of off-duty hours in
different industries, can be incorporated into the model,
which can improve its prediction accuracy.

It is meaningful to predict the traffic flow data of
morning and evening peaks, and it is more necessary to
relieve traffic congestion for working staff and school
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FIGURE 8: Model prediction results at different time steps. (a) Prediction results of different methods for PeMS04. (b) Prediction results of
different methods for PeMS08. (c) Prediction results of different methods for PeMS-BAY. (d) Prediction results of different methods for

METR-LA.

students. ITS can manage the traffic according to the pre-
dicted morning and evening peak traffic flow data to ease
road congestion and bring convenience for people to travel.
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4.9. Visualization. To get a more intuitive feel for data in
real-time forecastings of the different models, Figure 10
shows the flow rate at 288 points in time collected by Sensor
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TaBLE 2: Comparative experimental results of four graph feature combinations on PeMS04 and PeMSO08.

Dataset Adjacency matrix MAE RMSE MAPE (%)
[APre] 20.23 32.36 13.17
[APre, AMI] 19.94 32.19 12.89
PeMS04 [APre, A%P] 19.86 32.02 13.14
[APre, AMI A2dP) 19.81 31.80 12.88
[APre] 17.25 27.23 11.76
[APre, AMi] 16.18 25.83 11.42
PeMS08 [Apre, Aadp] 16.31 26.03 11.45
[APre, AMi) A2dp] 16.04 25.72 11.39
[APr] 1.81 3.95 3.88
Apre AMi 1.74 3.86 3.80
PeMS-BAY [[AP“, AadP]] 1.71 3.81 3.78
[APre, AMi) A2dp] 1.63 3.75 3.72
[APr] 3.52 7.67 8.38
[APre, AMi] 3.36 7.53 8.32
METR-LA [APE, A%P] 347 7.54 8.25
[APre, AMi| A2dp] 3.11 7.38 8.11

TaBLE 3: Comparison of experimental results of the model using traditional graph attention networks on four datasets.

Dataset MAE RMSE MAPE (%)
PeMS04 19.89 31.88 12.94
PeMS08 16.24 25.82 11.45
PeMS-BAY 1.67 3.80 3.78
METR-LA 3.29 7.56 8.14
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FIGURre 9: Effect of the number of spatiotemporal layers k and the number of attention heads h on model performance.
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TaBLE 4: Comparison of model performance on four datasets during morning and evening peak hours.

Dataset MAE RMSE MAPE (%)

Time Morning peak Evening peak Morning peak Evening peak Morning peak Evening peak
PeMS04 19.85 19.88 31.82 31.86 12.90 12.98
PeMS08 16.14 16.25 25.75 25.82 11.41 11.49
PeMSBAY 1.67 1.68 3.76 3.82 3.74 3.77
METR-LA 3.17 3.25 7.38 7.41 8.10 8.16

400
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300
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100

Traffic flow

100 150 200 250 300

Time steps

—— ASTGCN
—— STSGCN

—— Ground truth
ASTF-GAT

FIGURE 10: Visualization results of real-time data comparison of
different models on PeMSO08.

55 every five minutes from 0:00 to 24:00 and the results of the
different models that implement predictions for that flow
rate. We can find that although both can predict the real-
time data very accurately, our model performs smoothly. It
shows that our model is not overfitted and is little influenced
by noise within the training data, which strongly demon-
strates that our proposed model can handle complex traffic
situations with different traffic characteristics, number of
roads, and missing value ratio.

5. Conclusions and Outlook

In this study, we introduce an OGIF-GAT. In order to
overcome the limitations of existing approaches that cannot
accurately extract the spatial relationship on the traffic map,
OGIF-GAT proposed a multigraph feature fusion structure
that can statically and dynamically capture the road-space
relationship under stable conditions and the road-space
relationship under emergency conditions and learn an
optimal graph adjacency matrix. OGIF-GAT improves the
traditional GAN model to be more accurate and applicable
to multigraph feature fusion structures to capture spatial
correlations in traffic flow forecasting. To validate the
proposed model, we conducted numerous comparative
experiments across four independent datasets, and the
findings confirmed that our method outperforms current
techniques.

Our model does not take into account the cyclical nature
of traffic flow variations, such as long and stable cyclical
variations such as a day, a week, and so on. In addition, if
traffic flow forecasting is applied to ITS on a large scale,
people’s traffic trips or driverless will change their trips and

different roads according to the predicted results, and smart
cities will control traffic light time in advance according to
the predicted results in order to cope with the traffic con-
gestion, so the traffic flow forecasting model should also take
these factors into account for more accurate and real-time
changes in traffic flow forecasting.

6. Discussion

Accurate real-time traffic flow prediction can help the in-
telligent traffic management system to carry out reasonable
traffic control on roads at different times, and the navigation
system can formulate the optimal route choice based on the
optimization algorithm according to the results of this study,
which can help the driver avoid congested road sections and
drive more quickly and safely. With the development of
autonomous driving technology, researchers should con-
sider using traffic flow prediction to control future urban
traffic flow. Peng et al. [41] concluded that connected and
autonomous vehicles (CAVs) will coexist with human-
driven vehicles (HDVs) for an extended period, so they
developed a hybrid control framework that integrates
a platoon control strategy based on the “catch-up” mech-
anism with lane management for CAVs. The results of this
study resulted in a significant improvement in roadway
capacity. In the future, intelligent transportation is one of the
important components of the smart city, including road
traffic management, public transportation system manage-
ment, self-driving cars, and travel information system; real-
time traffic flow information is the key to rational intelligent
traffic management.
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