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Modeling Dynamic Traffic Flow as Visibility
Graphs: A Network-Scale Prediction Framework for

Lane-Level Traffic Flow Based on LPR Data
Jie Zeng and Jinjun Tang

Abstract— Emerging applications in real-time traffic manage-
ment put forward urgent requirements for lane-level traffic
flow prediction. Limited by extremely unstable traffic volumes
and heterogeneous spatiotemporal dependencies in urban road
networks, network-scale prediction for lane-level traffic flow
is still a critical challenge. This study models the dynamic
characteristics of lane-level traffic flow as complex networks and
proposes a deep learning framework for network-scale prediction.
Relying on the visibility graph, we transform the temporal depen-
dence learning task into spatial correlation mining on temporal
complex networks. For spatial dependency extraction in urban
traffic flows, we establish three topological graphs from traffic,
statistical, and semantic perspectives to investigate the static
and dynamic correlations. Then, a network-scale traffic volumes
prediction model, i.e., spatiotemporal multigraph gated network
(STMGG), is proposed to learn spatiotemporal correlations on
visibility graphs and spatial topological graphs. This model
designs an attention-based gated mechanism to incorporate global
features from multigraphs. Additionally, a Seq2Seq structure is
integrated to enhance multistep prediction stability. We employ
two license plate recognition (LPR) datasets as case studies,
and STMGG expresses superiorities over various advanced deep
learning models. Meanwhile, an ablation experiment is conducted
to evaluate its components, and numerical tests further reveal its
impressive inductive learning capability.

Index Terms— Lane-level traffic flow prediction, visibility
graph, graph neural network, urban road network, license plate
recognition data.

I. INTRODUCTION

IN RECENT years, the rapid increment of vehicles speeds
up the imbalance between road service and travel demand.

A series of traffic problems then follow and seriously affect
the life satisfaction of urban residents. Nowadays, researchers
widely pay attention to intelligent transportation systems (ITS)
to counter these challenges. As a pivotal application of ITS [1],
short-term traffic flow prediction plays a vital role in dynamic
route planning [2], signal optimization [3], and real-time traffic

Manuscript received 19 March 2022; revised 25 October 2022; accepted
12 December 2022. This work was supported in part by the National Natural
Science Foundation of China under Grant 52172310, in part by the Humanities
and Social Sciences Foundation of the Ministry of Education under Grant
21YJCZH147, and in part by the Innovation-Driven Project of Central South
University under Grant 2020CX041. The Associate Editor for this article was
Y. Lv. (Corresponding author: Jinjun Tang.)

The authors are with the Smart Transport Key Laboratory of Hunan
Province, School of Traffic and Transportation Engineering, Central
South University, Changsha 410075, China (e-mail: zj991130@csu.edu.cn;
jinjuntang@csu.edu.cn).

Digital Object Identifier 10.1109/TITS.2022.3231959

management [4]. Thus, it constantly becomes one of the most
crucial topics in traffic/transportation engineering.

From statistical methods to novel deep learning models,
this field has developed for more than 40 years, and it has
attracted the continued attention of several generations of
researchers and engineers. However, limitations and barriers
still remain, especially in urban traffic flow prediction. Unlike
expressway or freeway road networks, the most typical char-
acteristic of urban roads is signal control at intersections.
In this condition, urban traffic flow is constantly interrupted
by the widely installed signal control equipment and always
expresses extreme fluctuations. Meanwhile, since urban road
networks are denser and highly connected, heterogeneous
spatiotemporal dependencies exist and increase the difficulty
of exploring.

Additionally, emerging technologies in ITS have induced
numerous refined applications in traffic systems, such as lane-
level traffic management and control. Due to the foundation
role in real-time traffic management, the promotion of these
emerging scenes requires higher performance in lane-level
traffic flow prediction. Meanwhile, previous studies also indi-
cated that lane-level traffic prediction is essential for the
control strategy formulation and route guidance of connected
automated vehicles (CAVs) [5], [6]. Therefore, the importance
of conducting lane-level traffic flow prediction is continually
increasing. However, it also faces significant challenges in
meeting the accuracy and efficiency requirements of these
emerging scenes.

Overall, current barriers in urban traffic flow prediction can
be summarized as follows.

• Although several efforts have been applied in lane-level
traffic prediction [5], [6], [7], these methods mainly
focus on forecasting single or multiple lanes. However,
massive lanes with comprehensive correlations exist in
urban road networks. Limited by the studied area, these
current studies are unsuitable and less practical for real-
time applications. Therefore, network-scale prediction of
lane-level traffic flow is still a challenge.

• The widely installed traffic detectors are the solid
foundation of ITS [8]. Due to the installation and
maintenance costs, traffic detectors are always sparsely
equipped in urban road networks, resulting in challenges
for spatiotemporal dependencies modeling and analysis.
Recently, the graph neural network (GNN) has been
regarded as a powerful tool in traffic prediction, but
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it needs a reasonable topological graph in advance.
However, the sparse distribution characteristics of fixed
detectors make it challenging to transfer detector net-
works into topological graphs. Additionally, due to com-
plex adjacent relationships and parallel lanes, traditional
topological graph construction methods [9] cannot meet
the requirements of urban road networks. Hence, how
to build reasonable topological graphs to extract spatial
dependence in urban road networks still needs further
exploration.

• Affected by the signal control at urban intersections,
traffic flow is periodically interrupted and expresses
strong instability at the short-term scale, especially for
lane-level traffic volumes. Existing prediction methods
mainly employ deep learning models to learn the tem-
poral dynamics of traffic data, such as the Seq2Seq
structure [10], attention mechanism [11], etc. However,
time-varying characteristics of the fluctuation are always
overlooked. Essentially, it is helpful to identify and inves-
tigate the temporal dynamics of traffic flows by modeling
their time-varying patterns. Therefore, integrating these
characteristics with prediction models might be a poten-
tial way to improve prediction performance.

To deal with existing barriers, we propose a spatiotempo-
ral multigraph gated network (STMGG) for lane-level traf-
fic volume prediction from the network scale. In STMGG,
both the spatial and temporal dependencies of lane-level
traffic volumes are modeled as topological graphs for feature
extraction. Specifically, this study first employs the visibility
graph [12] to represent temporal dynamics of previous traffic
volumes of each lane. Here, nodes in visibility graphs denote
traffic volumes at each time step, and GraphSAGE [13] is
utilized to capture the temporal evolution patterns. After that,
we establish three spatial topological graphs, including two
static networks and a dynamic network, from the perspectives
of traffic, statistical, and semantic correlations, respectively.
In these spatial topological graphs, the average travel time
(ATT) and dynamic time warping (DTW) distance [14] are
employed for static graph construction, named ATT graph
and DTW graph. Meanwhile, this study designs a dynamic
adjacency matrix learning module to extract dynamic seman-
tic correlations in the urban road network, named learnable
matrix-based graph (LM graph). The proposed STMGG model
is composed of STMGG units, which are used to mine the
spatial dependence on these three graphs. In each STMGG
unit, we employ GraphSAGE as the core aggregator and
propose an attention-based gated mechanism to incorporate the
global context information from multigraphs. Finally, STMGG
units are combined with the Seq2Seq structure to predict future
traffic volumes sequentially. The main contributions of this
study can be summarized as follows.

• We model the temporal evolution of lane-level traffic
volumes as visibility graphs. In this way, the temporal
characteristics learning task is transformed into spatial
correlation extraction on each temporal complex network.
In the constructed visibility graph, visibility relationships
among nodes are employed to describe the causality rela-
tionship and fluctuation phenomenon of traffic volumes.

• We investigate spatial correlations of network-scale traffic
flows by integrating static and dynamic spatial depen-
dence. Three topological graphs from different perspec-
tives are established to explore heterogeneous spatial
dependence in the urban road network, i.e., traffic engi-
neering, statistical relationship, and dynamic semantic
correlation.

• We propose the STMGG model for lane-level traffic
flow prediction from the network scale. This Seq2Seq
model learns spatiotemporal dependencies in urban road
networks from temporal and spatial topological graphs.
An attention-based gated mechanism is developed for
multigraphs information fusion based on the effective
incorporation of multi-head attention and split-attention
mechanism.

• Validated on two urban road networks in the Chang-
sha LPR system, China, the proposed STMGG model
expresses a superior performance over the advanced base-
lines. Experiment results further reveal the importance of
each component and its inductive learning capability.

The rest of this paper is organized as follows. Existing
studies of short-term traffic prediction are briefly reviewed
in Section II. We detailly describe the proposed spatiotem-
poral dependencies modeling methods and STMGG model in
Section III. In Section IV, we conduct extensive comparisons
for lane-level traffic flow prediction and demonstrate the induc-
tive learning capability of our model. Finally, we summarize
this study and point out potential directions for future works
in Section V.

II. LITERATURE REVIEW

In these decades, researchers have proposed numerous
methods to improve prediction accuracies, including model-
driven and data-driven methods. Overall, the former attempts
to construct simulation models to model the evolution process
of traffic systems and make predictions [15], while the latter
aims to learn the time-varying regularities from real-world
traffic data. Due to the rapid increment in available traffic
data [16], data-driven methods always express superiority
over model-driven [17]. According to prediction modes, exist-
ing data-driven prediction methods can be further classified
into two categories, i.e., single-point prediction models and
network-scale prediction models.

A. Single-Point Prediction Models

In the literature review of this study, the single-point pre-
diction task is defined as: given the previous traffic flow
of a single sensor (or road segment), aiming to predict its
future states. It is noted that several studies fused previous
information of the target sensor with its correlated sensors to
predict future traffic states [7], [18]. Since the spatial range of
these studies is limited, we also regard them as single-point
prediction methods.

In the early stage of this field, traffic engineers and
researchers mainly regarded traffic flow as time-series data.
Therefore, a lot of statistical methods are applied in short-
term traffic flow prediction, including the autoregressive inte-
grated moving average (ARIMA) model [19], [20], Kalman
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filter [21], [22], partial least square (PLS) [23], generalized
autoregressive conditional heteroscedasticity (GARCH) [24],
etc. These statistical methods are convenient to apply and
have strong interpretability, but the uncertainty and nonlinear
characteristics of traffic systems significantly impact their
prediction performance [15]. Meanwhile, in the multistep
prediction task, the predicted traffic states of each time step
depend on previous time steps, so the prediction errors will
accumulate [17].

To overcome these issues, researchers introduced numerous
machine learning models in this field, e.g., artificial neural
network (ANN) [25], [26], support vector machine (SVM)
[27], [28], and k-nearest neighbors (KNN) [29]. Moreover,
to further improve prediction accuracy, deep learning models
are also favored by scholars. Since short-term traffic flow
can be regarded as sequence data, recurrent neural network
(RNN) and its variants, i.e., long short-term memory (LSTM)
and gated recurrent unit (GRU), are widely used in traffic
prediction [30], [31].

Because these single-point prediction methods ignore or
cannot fully extract the spatial dependence in the urban
road network, their prediction performance is always lim-
ited. Meanwhile, applying these models to forecast future
traffic states of network-wide traffic flow needs to train
and predict each point one by one, leading to a linear
increment of computational cost. Therefore, in recent years,
network-scale prediction models have become the trend in this
field.

B. Network-Scale Prediction Models
Network-scale traffic flow prediction models aim to predict

future traffic states of all the nodes simultaneously. Since
these prediction methods can fully explore the spatiotemporal
dependencies, they always show superiority in both accu-
racy and efficiency. According to the data structure, existing
network-scale prediction methods can be further divided into
two categories [32]: grid-based prediction methods and graph-
based prediction methods.

Due to its powerful spatial correlation mining capability,
convolutional neural networks (CNN) are widely employed
in network-scale traffic prediction. The premise of using CNN
models in this field is that it is necessary to transform the road
network into grid structure data. Thus, many researchers chose
to learn urban traffic systems as images [33], [34], [35], where
each pixel in the images denotes a region. In this way, the
spatial dependence among pixels can be extracted from a series
of convolutional operations. To further explore the spatiotem-
poral dependencies in the grid-based traffic data, Ke et al. [36]
integrated the convolutional LSTM (ConvLSTM), LSTM, and
CNN for network-scale prediction. Different from these works,
Dai et al. [37] defined an arrangement method to transform
the highway sensor network into a 2D matrix and designed a
CNN-based model for short-term traffic prediction. However,
these grid-based models can only be applied to the Euclidean
space [15], [38], so the topology structure of road networks is
always ignored.

To fill this gap, researchers gradually paid attention to
the graph-based models to improve prediction accuracies,

including GCN [15], [17], [39], GAT [40], [41], GraphSAGE
[42], etc. Among these methods, GCN-based models are the
most widely used in this field. Li et al. [9] employed the
random walk process to model the spatial dependence in
the freeway network and proposed a diffusion convolutional
recurrent neural network (DCRNN) for network-scale predic-
tion. Cui et al. [43] proposed a traffic graph convolutional
long short-term memory network (TGC-LSTM), in which
LSTM and spectral GCN were employed to learn the tem-
poral and spatial dependencies, respectively. After that, they
further integrated the graph wavelet operation with the gated
recurrent structure for network-scale traffic flow prediction [2].
Lee & Rhee [44] incorporated the spatial correlations from
the distance, direction, and positional relationships and then
constructed a GCN-based model for prediction. Zhang et al.
[8] proposed a graph-based temporal attention model (GTA)
to learn the spatiotemporal dependencies in multi-sensor
systems.

However, these works mainly employ the physical road
network as the topological graph for GNNs and assume
spatial dependence never changes. Compared with the free-
way, more complex spatial correlations exist in urban road
networks due to the higher road density. Therefore, the phys-
ical road network cannot fully represent the comprehensive
spatial dependence [45]. Meanwhile, since traffic patterns
will vary with different time spans [46], the physical road
network is challenging to capture the dynamic of the traffic
system. Thus, researchers also tried to learn the adaptive
topological graphs of road networks and used them for traffic
prediction [47], [48].

III. METHODOLOGY

A. Problem Formulation

In general, this study aims to employ the network-scale
traffic volumes of previous time steps to sequentially predict
their future values at the following time steps. Thus, for a
road network with N lanes, the prediction task in this study
can be summarized in Eq. (1). Here, xt ∈ RN denotes the
network-scale traffic volumes at step t , where N denotes the
number of lanes in the road network. Meanwhile, T stands
the length of input and output sequences. F(·) is the mapping
function, aiming to forecast future traffic volumes based on
previous information. x̂t+i ∈ RN represents the predicted
traffic volumes at step t + i . Additionally, G = {GATT,GDTW}
denotes the static topological graph list, where these two
graphs denote the ATT graph and DTW graph, respectively.�

x̂t+1
, . . . , x̂t+T

�
= F(

�
xt−T+1, . . . , xt

�
; G) (1)

B. Framework

This study proposes a spatiotemporal multigraph gated
network (STMGG) model for lane-level traffic flow prediction.
Fig. 1 shows the framework of the proposed model. According
to this figure, we first model the previous traffic volumes of
each lane as a visibility graph and employ the GraphSAGE
model to extract the temporal dependence. Then, we develop
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Fig. 1. The framework of the proposed STMGG model.

a dynamic adjacency matrix learning module based on the
self-attention mechanism to generate the learnable matrix-
based graphs, i.e., LM graph. After that, the STMGG units
are applied to incorporate the spatial correlations on the static
graphs (i.e., ATT graph and DTW graph) and dynamic graphs
(i.e., LM graph). Finally, we integrate the STMGG unit with a
GRU-based structure to construct a Seq2Seq prediction frame-
work to enhance multistep prediction performance. Detail
descriptions of the proposed STMGG model are introduced
in the following subsections.

C. Temporal Dependence Modeling

It is well known that understanding the temporal dynamics
of traffic flow is an essential factor for accurate prediction.
Existing studies mainly attempted to learn time-varying char-
acteristics by the deep learning (DL) models directly, e.g.,
LSTM [30], temporal convolutional network (TCN) [49],
attention mechanism [50], etc. However, it is a significant chal-
lenge for DL models to understand the laws of the fluctuation
phenomenon. During these years, several researchers utilized
complex networks to analyze the dynamics and periodicity of
traffic flow [51], [52]. Motivated by these works, we attempt
to utilize complex networks to extract the time-varying char-
acteristics of lane-level traffic volumes and then employ GNN
to explore the temporal dependence.

1) Temporal Complex Networks Construction: Complex
networks are always regarded as an effective tool for time-
series analysis, and numerous methods have been proposed
to transform the time-series data into topological graphs [53],
e.g., recurrence networks [54], transition networks [55], vis-
ibility graphs [12], etc. Since the visibility graph is intuitive
and fast computation, we employ this nonparametric method
to transform the short-term traffic flow into temporal complex
networks. Supposing the temporal dimension of short-term
traffic volumes as 12, we display the construction principle
of the visibility graph in Fig. 2. Here, each bar denotes traffic

Fig. 2. The construction principle of visibility graph for short-term traffic
volumes.

volumes in each 5-min. This construction principle can be
summarized as: if traffic volumes at two different time steps
can see each other, and other bars (i.e., traffic volumes at
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other time steps) cannot block the sight (e.g., lines in Fig. 2a),
we will add an edge to these two steps. Meanwhile, Eq. (2)
shows the formal construction process, where t and v denote
the time step and corresponding traffic volumes, and VG
stands for the adjacency matrix of visibility graph of a single
lane. It means that if all the data (tc, vc) (tc ∈ (ta, tb)) fulfills
the constraint in Eq. (2), an undirected edge will be added to
node ta and tb.

VG[i, j ] =
⎧⎨
⎩ 1, vc < vb + tb − tc

tb − ta
(va − vb)

0, else
(2)

According to the previous study [56], lines in visibility
graphs can be regarded as the maximum limits on the fluctu-
ations of traffic volumes among different intervals. Therefore,
this construction principle is employed to determine whether
hidden causality exists between the corresponding intervals.
For instance, since all the traffic volumes between node 8 and
node 10 in Fig. 2a are lower than the red line, we regard
there exists causality between these two nodes and add a line
to connect them. However, for node 8 and node 11, their
sight is blocked by node 10, so there is no direct causal
relationship between these nodes. Instead, their causality needs
to be passed by node 10, i.e., the red lines in Fig. 2.

Meanwhile, fluctuation characteristics of traffic flow are
usually caused by random factors. Therefore, the existence
of these outliers may dramatically impact prediction per-
formance. According to the collection principle of traffic
detectors, outliers always appear with low values due to
device failure and data missing. By transforming lane-level
traffic volumes into visibility graphs, outliers can obtain lower
degrees (e.g., time step 9 and step 11 shown in Fig. 2). As a
result, their interactions between other steps are limited, which
means the actual time-varying characteristics will be restored.
In this way, this vital prior knowledge can be integrated
with DL models to adapt temporal dynamics and achieve
higher prediction accuracy. Overall, the visibility graph can be
considered as a feature engineering to describe the temporal
dynamics of lane-level traffic volumes and reduce the impact
of outliers.

2) Temporal Dynamics Extraction: In the constructed vis-
ibility graphs, each node denotes the traffic volume at a
specific time step, and the network structure can represent
their evolution patterns at the short-term scale. That means
we can transform the temporal dependence learning problem
into spatial correlation extraction on the constructed visibility
graphs. It is natural to consider applying GNNs to solve this
problem, but a critical challenge exists for the widely-used
GCN model. That is, the constructed visibility graphs rely
on actual traffic volumes, so their topological structures are
time-varying. However, since GCN is a transductive learning
model, it cannot deal with dynamic topological graphs. Many
studies have demonstrated the inductive learning ability of the
GraphSAGE model, which means it has a strong generalization
capability to process graphs with different topological struc-
tures. Thus, we employ it to extract the spatial dependence on
visibility graphs.

Fig. 3. The batch strategy of visibility graphs for 5 lanes.

The core calculation process of GraphSAGE [13] is summa-
rized in Eq. (3) and (4). For node v, it first aggregates informa-
tion of its neighbors to generate a neighborhood vector pk

N(v)
.

As shown in Eq. (4), each node will fuse its neighborhood
vector with the current information to update its features. Here,
pk

v denotes features of node v in layer k, and N(v) presents all
the neighbors of node v. Meanwhile, σ(·) denotes the activate
function, which is set as ReLU in this study, and Wk denotes
the learnable weight matrix.

pk
N(v) = AGGREGATEk({pk−1

u ,∀u ∈ N(v)}) (3)

pk
v = σ(Wk · ({pk−1

v

�
pk

N(v)})) (4)

In Eq. (3), AGGREGATE(·) represents the aggregator of
GraphSAGE. In the original GraphSAGE model [13], there
are three basic aggregator architectures, i.e., mean aggregator,
LSTM aggregator, and pooling aggregator. Considering the
computing efficiency and GPU occupation, we employ the
mean aggregator to implement our model. The mean-based
GraphSAGE aggregator is summarized in Eq. (5). From this
equation, we can obtain that the GraphSAGE model only
relies on features of the neighborhood nodes instead of the
whole graph. In other words, when the topological structure
changes, nodes can also update their information from new
neighbors.

pk
v = σ(Wk

mean·mean({pk−1
v

�
{pk−1

u ,∀u ∈ N(v)}) (5)

However, it is noted that if we establish a unique
GraphSAGE model for each lane, the training costs will
linearly increase with the number of lanes. To solve this
problem, we integrate all the visibility graphs at the same
period into a larger adjacency matrix, so only one GraphSAGE
model is required to extract the spatial correlation. This batch
strategy on 5 lanes is displayed in Fig. 3. It indicates that this
combining process not only retains the independence of each
lane but also improves computational efficiency.
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D. Spatial Dependence Modeling

1) Spatial Topological Graph Construction: Spatial
correlation is another crucial factor for accurate traffic
forecasting [57]. Here, the correlation can be understood in
many ways, e.g., physical adjacent relationship, statistical
correlation, semantic dependence, etc. Following this opinion,
this study constructs three topological graphs to explore the
spatial dependence in the urban road network, including two
static graphs and a dynamic graph. In these topological graphs,
each node denotes a specific lane. To distinguish these graphs
from the visibility graphs, we name them spatial topological
graphs.

a) ATT graph: Since traffic detectors are sparely installed
in urban road networks, generating topological graphs directly
based on physical adjacent relationships is challenging. Thus,
following our previous study [58], we employ the historical
average travel time (ATT) matrix to denote the temporal
proximities among lanes. Then, the ATT matrix is treated as
the distance measure, and the complex network construction
algorithm [59] is employed for topological graph construction.
The core idea of this algorithm can be considered as an
integration of the traditional k-nearest and ε- radius method.
In this way, lanes with short travel time will be connected,
so the constructed ATT graph can realistically represent the
physical proximity relationship among lanes. More details of
this method can be found in [59] and [60].

b) DTW graph: In addition to the proximity relation-
ship, the statistical correlation among lanes is also essential
for spatial dependence modeling. Since traffic volumes have
typical time-series characteristics, we employ the dynamic
time warping (DTW) algorithm [14] to determine the distance
instead of the traditional correlation coefficients (e.g., Pearson
correlation, Spearman correlation, etc.). After calculating the
DTW distance among lane-level traffic volumes, we also treat
it as the distance measure and employ the algorithm mentioned
above [59] for DTW graph construction.

c) LM graph: Since graphs established above are sta-
tic, they can rarely reflect the temporal evolution of urban
traffic flows [32]. Therefore, we further develop a dynamic
adjacency matrix learning method to explore the time-varying
spatial correlations in urban road networks. The self-attention
mechanism is employed to determine correlation coefficients
among lane-level traffic flows. Supposing that the output of
the above GraphSAGE layer is p = {p1, p2, . . . , pN}, where
pi denotes the output features of node i , the spatial correlation
can be calculated by the following equations.

S[i, j ] = pT
i p j (6)

R[i, j ] = exp(S[i, j ])�N
k=1 exp(S[i, k]) (7)

Here, S ∈ RN×N denotes the spatial correlation matrix,
and R ∈ RN×N is the normalized correlation matrix. After
the Softmax operation in Eq. (7), all the elements in R are
transformed into [0, 1].

As shown in Eq. (8), the αth quantile of each lane is
employed as the threshold to convert the normalized spatial
correlation matrix R into adjacency matrix D. Since p in

Eq. (6) is determined by input data, the learned adjacency
matrix D is adaptive to the actual time-varying characteristics
of dynamic traffic flows. Afterwards, the LM graph will be
generated from the adjacency matrix D.

D[i, j ]=
	

1, R[i, j ] ≥ Rα[i, :]
0, R[i, j ] < Rα[i, :] (8)

2) Spatial Correlation Extraction: Based on the constructed
static graphs and dynamic graphs, we propose a deep learn-
ing model to explore the spatial correlations of lane-level
traffic flow. As illustrated in Fig. 4, we first employ the
GraphSAGE model to explore spatial correlations on each
spatial topological graph. Then, based on the incorporation of
multi-head attention and split-attention mechanism, this study
designs a gated module to integrate the global features on these
graphs.

In the STMGG unit, we also apply the GraphSAGE model
with the mean aggregator to capture the spatial dependence in
these spatial topological graphs. Meanwhile, we introduce the
multi-head attention mechanism [61] to enhance the training
stability. The multi-head mechanism used here can be executed
by Eq. (9). It can be regarded as that we construct R unique
GraphSAGE model on each graph, and then the prediction
results of these independent models are concatenated to out-
put. Hence, the dimension of output features can be written
as R

N×(C×R), where C denotes the output dimension of
each GraphSAGE model, and R represents the number of
heads.

pk
v = �R

r=1 pr,k
v

= �R
r=1σ(Wr,k

mean · mean({Pr,k−1
v }�

{Pr,k−1
u ,∀u ∈ N(v)})) (9)

These three graphs can represent the spatial dependence
of network-scale traffic flow from different perspectives.
Therefore, understanding the comprehensive spatial corre-
lations by integrating these graphs allows for higher pre-
diction accuracies. Following this opinion, we propose a
gated mechanism to incorporate information on these spatial
topological graphs. This gated mechanism is based on the
integration of split-attention [62] and multi-head attention
mechanism. Studies have demonstrated the superiority of the
split-attention mechanism in extracting global context infor-
mation in computer vision, so we utilize it to explore the
global features among different graphs. Assuming pATT ∈
RN×(C×R), pDTW ∈ RN×(C×R), and pLM ∈ RN×(C×R) denote
output features of GraphSAGE on the ATT graph, DTW
graph, and LM graph, respectively, the calculation procedure
of the gated mechanism is summarized in the following
equations.

pε = �R
r=1 GraphSAGEr

ε(p0,Gε), ε ∈ {ATT, DTW, LM}
(10)

p = concat({pATT,pDTW,pLM)), p ∈ R
N×(C×R)×3 (11)

p̂ =
3


i=1

p[:, :, i ] (12)
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Fig. 4. The spatial correlation mining process of STMGG unit.

s = reshape(
1

N

N

i=1

p̂[i ,:]), s ∈ R
C×R (13)

a[:, j ] = exp(ξ j (s[:, j ]))�R
k=1 exp(ξ k(s[:, k])) (14)

V = Wout(a � p) + Wresp0 (15)

Here, p0 denotes the input features of the STMGG unit.
In Eq. (10), ε can represent each type of spatial topological
graph. Hence, Gε , GraphSAGEr

ε, and pε denote the topological
graph, GraphSAGE in multi-head attention, and output fea-
tures of the spatial graph ε, respectively. The abovementioned
equations can be viewed as a weighted combination process
among different graphs. Detailly, Eq. (12) and (13) denote
the global pooling operation, which gathers features across
graphs. Eq. (14) aims to calculate the attention weights,
and ξ represents two stacked fully connected (FC) layers.
In Eq. (15), � denotes the Hadamard product, and Wout is
applied to obtain the final output features. Meanwhile, we also
utilize the residual connection in Eq. (15) to improve the

training stability, where Wres denotes the weight matrix to
keep dimensions equal.

E. Seq2Seq Structure

RNN and its variants have always been regarded as an
effective solution to capture temporal dependence [30]. Among
the family of RNN, GRU can solve the problem of gradient
explosion and reduce the computation cost. To improve the
prediction accuracy and stability in the multistep prediction
task, we integrate the STMGG unit with GRU to construct a
Seq2Seq prediction structure. Fig. 5 illustrates the framework
of this Seq2Seq model. In this figure, the blue line denotes
the delivery process of hidden states from the encoder to the
corresponding decoder. In this way, features at different time
steps can interact in the temporal dimension. Meanwhile, this
model utilizes the STMGG operation to replace the matrix
multiplications in the original GRU. The calculation process
is defined in Eq. (16)-(19).

Rt = sigmoid(�r �g [It , Ht−1] + br ) (16)

Zt = sigmoid(�z �g [It , Ht−1] + bz) (17)
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Fig. 5. The framework of the Seq2Seq structure in STMGG model.

Ĥt = tanh(�h �g [It , (Rt�Ht−1)] + bh) (18)

Ht = Zt�Ht−1 + (1 − Zt ) � Ĥt (19)

In these equations, Rt and Zt denote the reset gate and
update gate in the GRU model, respectively. It and Ht are
the input and output features at time step t . Specifically, It

denotes the hidden features of traffic volumes at time step
t encoded by the visibility graph and the first GraphSAGE
layer. Meanwhile, �g stands for the STMGG operation, and �
denotes the parameters for the corresponding STMGG model.
Finally, as shown in Eq. (20), we use an FC layer to obtain
future traffic volumes.�

x̂t+1, . . . , x̂t+T
�

= FC({Ht+1, . . . ,Ht+T }) (20)

IV. EXPERIMENTS AND RESULTS ANALYSIS

A. Experiment Settings

1) Data Description: To validate the prediction perfor-
mance of our STMGG model, we introduce two LPR datasets
in Changsha city, China, to conduct numerical experiments.
The columns of the LPR datasets contain license plate num-
ber, collection time, collection address, approach number,
and lane number. For privacy protection considerations of
drivers, we conduct a hash transformation on the license plate
information. These datasets were collected from July 1st to
July 31st in 2019, and the spatial distributions of LPR devices
are illustrated in Fig. 6. To distinguish these two datasets,
we name them LPR-1 and LPR-2, respectively. In total, there
are 301 lanes in LPR-1 and 868 lanes in LPR-2. Moreover,
we aggregate the traffic volumes every 5 minutes, so 8,928
records are obtained at each lane.

2) Evaluation Metrics: Three widely-used metrics are
employed to evaluate the prediction performance, including
root mean square error (RMSE), mean absolute error (MAE),
and mean absolute percentage error (MAPE). These metrics
are defined in the following equations, where N and n denote
the number of lanes and data samples, respectively. And in

these equations, ŷ j
i represents the predicted traffic volumes of

lane i at time j , and y j
i stands for the corresponding ground

truth. Existing studies have demonstrated that zero or close-to-
zero ground truth data significantly impacts MAPE [63]. Thus,
motivated by the previous study [64], we only utilize the actual
traffic volumes higher than 5 to calculate this metric.

RMSE =
���
 1

n · N

N

i=1

n

j=1

(y j
i − ŷ j

i )
2

(21)

MAE = 1

n · N

N

i=1

n

j=1

���y j
i − ŷ j

i

��� (22)

MAPE = 1

n · N

N

i=1

n

j=1

���y j
i − ŷ j

i

���
y j

i

× 100% (23)

3) Implementation Details: In the static graph construction
method, the value of λ is set to 3 according to [59], and we
set the value of K to 4. Based on these settings, we summarize
the structural properties of these graphs in Table I. To keep
the network density of static graphs and dynamic graphs
comparable, α in Eq. (8) is set to 98%.

We divide traffic volumes into a training set, a validation
set, and a testing set by 70%: 10%: 20%. In the prediction
model, we utilize traffic volumes of the previous 12 steps to
predict the following 12 steps. The Z-score normalization is
applied to the input data and ground truth. The mini-batch
training strategy and Adam algorithm [65] with a learning rate
1 × 10−3 are employed for model training. Here, the batch
sizes of LPR-1 and LPR-2 are set to 16 and 8, respectively.
In the multi-head attention mechanism, the number of heads is
the same as the number of spatial graphs (i.e., 3). Meanwhile,
we stack 2 GraphSAGE layers in each split group and set the
number of STMGG unit in each step of encoder or decoder
as 1. We employ MAE as the loss function and apply an early-
stop strategy according to performance on the validation set
to avoid overfitting. Additionally, the hidden dimensions of
STMGG are summarized in Table II.
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TABLE I

STRUCTURAL PROPERTIES OF THE CONSTRUCTED SPATIAL TOPOLOGICAL GRAPHS

TABLE II

HIDDEN DIMENSIONS OF STMGG ON THESE TWO DATASETS

Fig. 6. The spatial distributions of LPR devices in these two datasets.

We employ the open-source deep learning framework deep
graph library (DGL) [66] and MXNet [67] to implement
our STMGG model. The proposed STMGG model is run by

Python 3.8.8 on a Windows 10 workstation with one NVIDIA
GTX 2080Ti GPU.

B. Performance Comparisons
1) Baselines: To validate the superiority of our model,

we employ 13 widely-used prediction methods as base-
lines, including three traditional prediction methods, two
tensor-based methods and eight novel GNN-based prediction
models. Brief introductions of the selected baselines are listed
as follows.

• HA. Historical average (HA) is a basic traffic flow
prediction method. It utilizes the weighted average of
traffic volumes at the corresponding previous intervals
for forecasting. In this study, its multistep prediction
performance is denoted by 1-step.

• MLP. A three-layer multiple layer perceptron (MLP) is
employed for short-term traffic flow prediction. Accord-
ing to the grid-search strategy, we set its hidden dimen-
sion to 256 and 96 in these two datasets, and ReLU is
applied as the activate function.

• LSTM [30]. LSTM is a widely-used time series pre-
diction model, and it is effective in capturing temporal
dynamics. We also apply a grid-search strategy and set
the hidden dimension to 256 and 96, respectively.

• DCRNN [9]. DCRNN can be regarded as an early
attempt to apply GNN in traffic prediction. It utilizes
the random walks and Seq2Seq structure to capture the
spatial and temporal correlations.

• STGCN [50]. In the spatial-temporal graph convolu-
tional network (STGCN), the graph convolutional oper-
ation is employed to extract the spatial dependence.
Instead of the RNN-based modules, it utilized the gated
convolutional layer to capture the temporal dynamics.

• GaAN [68]. The gated attention networks (GaAN) pro-
posed a gated module based on CNN in the multi-head
attention mechanism. Meanwhile, it further employed
the Seq2Seq structure to explore the long-term depen-
dence in traffic data.

• Graph-WaveNet [47]. This model proposed a dynamic
topological network learning module and employ the
TCN to capture the temporal dynamics.
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TABLE III

PREDICTION PERFORMANCE COMPARISON ON LPR-1

TABLE IV

PREDICTION PERFORMANCE COMPARISON ON LPR-2

• WTMF [69]. In this WTMF model, an alternating
minimization scheme is designed to implement low-rank
matrix factorization. We employ the open-source code in
[70] to run this model.

• ASTGCN [71]. Based on the short-term, daily, and
weekly dependencies, Guo et al. [71] proposed the atten-
tion based spatial-temporal graph convolutional network
(ASTGCN) for network-scale traffic prediction.

• TGC-LSTM [43]. Considering the traffic significance,
Cui et al. [43] proposed a traffic graph convolutional
operation and combined it with LSTM to explore the
spatiotemporal dependencies.

• T-GCN [15]. In this temporal graph convolutional net-
work (T-GCN), GRU is integrated with GCN to enhance
the spatiotemporal learning capability.

• STSGCN [72]. After the synchronous modeling, Song et
al. [72] proposed a spatial-temporal synchronous graph
convolutional network (STSGCN) for spatiotemporal
traffic prediction.

• BTMF [73]. The Bayesian temporal matrix factorization
(BTMF) model is also a tensor-based model. It combines

the low-rank tensor factorization and VAR for multidi-
mension time-series imputation and prediction.

2) Comparisons on the Whole Dataset: In this study,
we employ the official codes to implement these GNNs. Since
the ATT graph can represent spatial proximity, we utilize it as
the adjacency matrix of these models. Table III and Table IV
summarize prediction performances of STMGG and the
selected baselines at 3-step, 6-step, 9-step, and 12-step, where
the best prediction performance is marked in bold.

Here, the prediction accuracies of HA reveal that the unsta-
ble and dynamic characteristics in lane-level traffic volumes
are challenging to follow, so the traditional HA model cannot
achieve acceptable prediction performance. Compared with
HA, due to the powerful capability in feature extraction, MLP
and LSTM can improve prediction performance. Furthermore,
since the topological information is involved in prediction
models, GNN-based methods can usually outperform tradi-
tional prediction models, and the proposed STMGG model
consistently outperforms all the advanced baselines.

We can observe another superiority of STMGG is the
stability in multistep prediction. It can consistently achieve
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Fig. 7. Distributions of traffic volumes and prediction errors of STMGG
among different lanes.

superior performance among baselines in all metrics. Although
almost all the baselines involve temporal dependence learning
modules (e.g., Seq2Seq, TCN, etc.), the prediction perfor-
mance of several models (e.g., STGCN, DCRNN, GaAN,
etc.) decreases dramatically. But in STMGG, in addition
to the Seq2Seq framework, we also transform the temporal
dynamics extraction task into spatial correlation modeling
on the temporal complex networks. Hence, its capability
in temporal dependence learning is significantly enhanced,
leading to a more stable prediction performance in multistep
prediction.

Interestingly, we can also find that several GNN-based
models cannot achieve acceptable (or even comparable) per-
formance to traditional baselines (i.e., MLP and LSTM) on
LPR-1. This phenomenon also appeared in the previous study
[42], where traditional prediction methods performed similarly
or superiorly to GNNs in urban traffic flow prediction. This
phenomenon may be that the road network scale and envi-
ronment are relatively simple on LPR-1, so traditional pre-
diction methods can be adaptive to this situation. Meanwhile,
since many GNN-based baselines are proposed for freeway
traffic predictions, their spatiotemporal extraction mechanism
may be insufficient and unsuitable for urban road networks.
However, traditional models are challenging to capture the
heterogeneous spatiotemporal dependencies under a complex
road network (i.e., LPR-2), so their prediction performance
significantly decreases. Therefore, prediction accuracies of
almost all the GNN-based models can outperform MLP and
LSTM in LPR-2.

Additionally, we further explore deviation distributions for
different lanes in Fig. 7, including monthly average day traffic
(MADT), RMSE, MAE, and MAPE. Fig. 7a indicates that
MADT on most lanes is lower than 10000, and lanes in LPR-2
always have large volumes than LPR-1, especially when
MADT is higher than 3000. The reason for this phenomenon

Fig. 8. Prediction performance comparison under rush hours.

Fig. 9. Prediction performance comparison under top 25% high-volume
lanes.

is that the LPR-2 dataset locates in the city center, so
these intersections always have heavier traffic. Meanwhile,
distributions of RMSE and MAE show a similar trend with
MADT, i.e., prediction errors are always higher in LPR-2.
This is because RMSE and MAE positively correlate with the
corresponding ground truth [17]. Conversely, since the MAPE
describes the relative errors, this metric is not highly relied on
traffic volumes. Therefore, although volume distributions in
these datasets are different, their MAPEs still express similar
distributions.

3) Comparisons Under Critical Scenarios: Traffic conges-
tion usually appears during rush hours and critical intersec-
tions, so traffic managers prioritize traffic flow predictions
under these extreme conditions. Thus, we further explore
prediction accuracies during rush hours and lanes with high
volumes. The results are summarized in Fig. 8 and 9, respec-
tively. In this study, 7:30-9:30 and 17:30-19:30 are defined as
the rush hours, and we select lanes with the top 25% volumes
as the critical lanes.

Under both rush hours and critical lanes, traffic volumes
are always higher than in other scenarios. Since RMSE is
positively related to the corresponding ground truth, all the
RMSE in these figures are higher than that in Table III and
Table IV. Compared with prediction performance in the above
tables, the RMSE of HA in these figures shows that its perfor-
mance expresses a sharp decline. It further reveals that traffic
volumes under critical scenarios are more unstable, so the
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Fig. 10. Ablation experiment of STMGG on LPR-1.

difficulty of accurate predictions significantly increases. Mean-
while, we can observe that although prediction accuracies of
STMGG are relatively worse than the previous experiments
(i.e., Table III and Table IV), it can also outperform the
baselines, especially in multistep prediction.

Furthermore, these figures also indicate that prediction
accuracy reduces with the prediction step increase. Besides
the prediction accuracies, the standard deviations of STMGG
on 12 steps also achieve impressive performance. Significantly,
the standard deviation of RMSE under rush hours on LPR-1
reaches 0.014, and this value is just 17.72% of the baselines
with the lowest standard deviation (i.e., T-GCN). Therefore,
these results reveal that STMGG can maintain both accuracy
and stability under critical scenarios.

C. Ablation Analysis

STMGG comprises several critical components, includ-
ing visibility graphs and three spatial topological graphs.
Therefore, identifying the critical components is essential to
reveal why the prediction performance improves and make
guidelines for future works. In this subsection, the ablation
experiment is conducted to explore the impacts of these
components.

To achieve this goal, we remove each component from
STMGG and evaluate the corresponding prediction perfor-
mance, respectively. Fig. 10 shows the stepwise prediction
performance of the ablation experiment. The following phe-
nomenon can be identified from these figures.

• We can intuitively find that STMGG always outperforms
all the partial models. This phenomenon indicates that
integrating these components is helpful in improving
prediction accuracies. Furthermore, it demonstrates that
STMGG can incorporate in-depth features from different
perspectives, which are adaptive to the spatiotemporal
evolution patterns of urban road networks.

• The prediction performance of STMGG without VG
shows that it achieves the lowest RMSE and MAE at
1-step, even outperforming STMGG. However, with the
prediction step increasing, its prediction errors dramat-
ically rise. This phenomenon indicates that introducing
VG into short-term traffic flow prediction can signifi-
cantly improve prediction stability and achieve higher
accuracies in multistep prediction.

• From the prediction comparison of three spatial topolog-
ical graphs, we can see that its prediction performance

gains a more significant drop when removing the ATT
graph. Thus, it demonstrates that although all these graphs
can improve prediction accuracy, the ATT graph plays a
more vital role in STMGG than other graphs. Further-
more, we can find that there seems to be no significant
difference between the remaining two spatial topological
graphs according to RMSE. However, in Fig. 10b, MAE
significantly decreases when the DTW graph is removed.
Therefore, it indicates that the DTW graph plays a more
critical role than the LM graph.

Ablation experiments indicate that introducing each compo-
nent into the prediction model can further improve prediction
performance. To further explore the model interpretation,
we display distribution densities of VG, ATT, and DTW
distance in Fig. 11.

In Fig. 11a and 11d, the rush hours are also defined as
7:30-9:30 and 17:30-19:30, and the night is set to 23:00-6:00.
Meanwhile, we set noontime as 11:00-14:00. According to
these two figures, we can observe that visibility graphs express
different distribution characteristics at different times. It means
that visibility graphs can distinguish traffic patterns among
other periods. In this way, STMGG can effectively capture
the temporal dynamics to achieve accurate predictions.

Meanwhile, Fig. 11b and 11e also illustrate the distribution
comparison between average travel time on the original ATT
matrices and ATT graphs. The comparison results indicate
that the constructed ATT graphs allow lanes with low travel
time to connect, enhancing the spatial correlation from the
traffic perspective. Similarly, Fig. 11c and 11f show that the
distribution comparisons on DTW distance also hold the same
view.

D. Inductive Learning
Traditional traffic flow prediction methods always encounter

limitations in generalization. Specifically, when applying to
other datasets, most well-trained models need to tune their
parameters by a large amount of data instead of directly
making predictions [74]. Sometimes, this data requirement is
unrealistic, such as real-time traffic management in the new
urban area. Meanwhile, repetitive training may make it too
expensive for practical applications.

Inductive learning is a novel field in artificial intelligence.
A model with inductive learning capability in traffic prediction
means that the well-trained model can be applied to different
road networks for forecast without training again. Following
this opinion, we further conduct an inductive learning exper-
iment on the STMGG model. For instance, we directly apply
the well-trained STMGG model from LPR-1 for network-scale
prediction on LPR-2 without training again. The performance
comparison is displayed in Fig. 12, where STMGG-i denotes
the prediction results of the STMGG model on inductive learn-
ing. Here, prediction performance at each step is displayed as
a scatter and employed as the metric for these boxplots.

These comparisons show that STMGG-i can achieve accept-
able performance on the other dataset without training again.
Although indicators of its boxplots seem to be worse than
several models, it is worth noting that it can achieve impressive
accuracies at 1-step prediction. For instance, its RMSE on
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Fig. 11. Traffic features distribution densities in STMGG model.

Fig. 12. Prediction performance comparison between baselines and
STMGG-i.

LPR-1 is lower than several advanced GNN-based models,
e.g., ASTGCN, DCRNN, GaAN. Meanwhile, STMGG-i can
outperform HA, MLP, LSTM, and ASTGCN on LPR-2.
Additionally, an interesting conclusion can be drawn from
this figure, i.e., STMGG-i achieves higher accuracies on
LPR-1 than LPR-2. Since more lanes exist in LPR-2, the
STMGG model can learn more vital and comprehensive
knowledge from this dataset. In this way, its generaliza-
tion is enhanced, leading to a powerful inductive capability.
Therefore, even without learning any information from LPR-1,
this model can also adapt to traffic situations in this
dataset.

Fig. 13. 1-step prediction results comparison in two LPR datasets.

Furthermore, the 1-step comparisons of ground truth and
prediction results of STMGG-i are illustrated in Fig. 13. Even
without training on the target dataset, the STMGG-i model
can also capture the temporal evolution of ground truth data
effectively. These results demonstrate that the STMGG model
has a powerful learning capability and robustness, and its data
dependence is insignificant. Since there is no training time for
STMGG-i, it is suitable for the 1-step prediction task with a
significantly reduced computational cost.

V. CONCLUSION

This study proposes a spatiotemporal learning framework,
STMGG, to conduct network-scale prediction for lane-level
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traffic volumes. Since extreme fluctuation lies in urban traffic
flow, we model the temporal dynamics of traffic volumes
as visibility graphs to explore the time-varying characteris-
tics. In this way, temporal dependence mining on short-term
traffic flows is transformed into spatial correlation learning
on visibility graphs. Meanwhile, three spatial topological
graphs are constructed from different perspectives to represent
the spatial correlations on the urban road network. Based
on these spatial topological graphs, we utilize GraphSAGE
to explore the spatiotemporal dependencies and develop a
gated mechanism to fuse the global contextual informa-
tion among different graphs. Furthermore, we integrate this
model with the Seq2Seq structure to improve the multi-
step prediction stability. Validated on two real-world LPR
datasets in Changsha, China, the proposed STMGG model
expresses superior performance among all the advanced base-
lines. Additionally, we also conduct an ablation experi-
ment on STMGG and further verify its inductive learning
ability.

Due to the critical barriers in data collection, limitations also
lie in this study. Overall, the following topics may be worthy
of attention for future works.

• Synergy between spatial and temporal correlations.
Although this study opens a new perspective for exploring
temporal dynamics in short-term traffic flow prediction
tasks, the temporal and spatial dependence is still con-
sidered separately. It may be a helpful solution by con-
sidering the network-scale traffic flow as multivariate time
series and transforming the traffic systems into multiplex
complex networks, e.g., multiplex visibility graphs [75],
multiplex recurrence networks [76], etc.

• Synergy between traffic flows at intersections and
road segments. Intersections and road segments can be
regarded as the nodes and edges of the traffic network.
Thus, future research can consider integrating the node
features (e.g., traffic volumes) with the edge features
(e.g., speed, travel time, etc.) to achieve simultaneous
predictions for both node-level and edge-level traffic
states.

• Synergy between different traffic parameters. In addition
to the spatiotemporal dependencies, statistical correla-
tions also exist among various traffic parameters (e.g.,
traffic volumes, speed, density, headway, etc.) [77]. Thus,
building multi-task prediction models for different para-
meters may also be worth trying topic.
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