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ABSTRACT

Road tra�c state prediction is one of the essential and vital issues in intelligence transportation system, but it is di�cult to get high accuracy
due to the complicated spatiotemporal characteristics of tra�c �ow data, especially under the Sydney coordinated adaptive tra�c system. In
this work, we represent the tra�c road network as a graph and propose a novel tra�c �ow prediction framework named the graph embedding
recurrent neural network (GERNN). It could tackle the di�culty in the road tra�c state prediction. We conduct numerical tests to compare
GERNN with other existing methods using a real-world dataset.

Published under license by AIP Publishing. https://doi.org/10.1063/1.5117180

Road tra�c state prediction is the challenging task for urban
tra�c control and guidance due to the complicated spatial depen-
dencies on the roadway network and the time-varying tra�c �ow
data. In this work, a novel tra�c �ow prediction method named
the graph embedding recurrent neural network (GERNN) is pro-
posed to tackle this challenge. First, we address the problem on
a graph and build the model with graph embedding techniques.
Second, the proposedmodel employs Deepwalk to learn the inter-
actions between the roadways to capture the spatial dependence
and uses the long short-term memory (LSTM) neural network
(NN) to learn dynamic changes of tra�c data to capture temporal
dependence. An experiment is conducted on a Hangzhou trans-
portation network with several typical intersections under the
Sydney coordinated adaptive tra�c system (SCATS), the results

of which indicate that our model yields excellent performance in
terms of di�erent prediction error measures.

I. INTRODUCTION

Accurate tra�c prediction is a key part of an advanced tra�c
management system because tra�c conditions have direct e�ects on
the sustainable development of modern cities.1,2 For example, tra�c
congestion results from the gathering of people and in�uences the
outdoor activities. Therefore, high-accuracy tra�c prediction helps
the public to control a serious of tra�c accidents in advance.3,4 Thus,
the Sydney coordinated adaptive tra�c system (SCATS) is widely
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used in the world, and the e�cient prediction of tra�c �ow has
received much attention.

Tra�c state prediction has been studied for decades. There
are quite many approaches for tra�c state prediction. Statistical
models, such as autoregressive integrate moving average (ARIMA)
model,5 Kalman �lter,6 and their variants,7–9 have been applied to
predict future tra�c �ow based on previously observed values using
time-series analysis. However, the traditional statistical models typ-
ically depend on the assumption of stationary, which cannot �t
the nonstationary and uncertainty characteristics of tra�c data.
In comparison with the statistical models, machine learning mod-
els are free of assumptions on tra�c data distribution and only
require enough tra�c data to learn the regularity automatically.
The common machine learning models include Bayesian networks10

model, k-nearest neighbor (KNN) algorithm,11–15 and support vector
machine (SVM)model,16,17 all ofwhich yield better prediction results.

Recently, with the rapid development of deep learning, the deep
neural network models have been applied widely and successfully to
predict tra�c �ow, such as deep belief networks18 (DBNs), stacked
autoencoders19 (SAEs), convolutional neural networks20,21 (CNNs),
and recurrent neural networks22–24 (RNNs), which have been proven
to be e�cient in tra�c �ow prediction. Till date, CNNs are e�ec-
tive in recognizing spatial patterns. The RNNs and its variants [long
short-termmemory22 (LSTM) and the gated recurrent unit25 (GRU)]
can capture nonlinear tra�c dynamics e�ectively and learn temporal
dependence well.

However, there are some limitations in the existing tra�c pre-
dictionmethods for urban road networks. (1) In the process of tra�c
prediction, temporal-spatial correlation is a important factor that has
to be considered. Temporal correlations26 denote the correlations of
the current tra�c state and past tra�c state with a temporal span,
whereas spatial correlations mean the correlations of the selected
road segment and those of its upstream and downstream road seg-
ments at the same time interval. Thus, we must take full advantage
of spatial features. (2) For tra�c state prediction, tra�c �ow data are
obtained from the loop detectors. The loop detector is a device that
identi�es the passing or presence of a vehicle. However, road tra�c
state prediction for urban road networks needs speci�c tra�c �ow
data. In the SCATS, the obtainable information is the tra�c �ow at
the entrance27 of each roadway in the intersections, rather than the
tra�c �ows of the road segments, which makes the traditional tra�c
�ow prediction of an urban road network di�cult to achieve.

In this paper, to overcome the shortage of methods mentioned
above, we represent the tra�c network as a graph and take into
account the topology of the road network. This paper proposes a
novel scheme, named the graph embedding recurrent neural network
(GERNN), to model the dynamics of the tra�c �ow and make the
prediction under the SCATSmore accurate. The contributions of this
work mainly include the following points.

1. A complex network of the urban road network is constructed
based on a directed weighted network, which can make full use
of the data collected from the loop detectors of the SCATS and
obtain more useful information of the intersections.

2. GERNNusesDeepwalk to learn structural regularities presented
within short random walks and builds robust representations
that suitable for capture spatial features.

3. The LSTM neural network is used to learn dynamic temporal
dependencies presented in tra�c data based on vector represen-
tations we learned.

4. We evaluate our scheme using the tra�c data of Hangzhou.
The experimental results demonstrate the advantages of the new
scheme that we proposed compared with other baselines.

II. RELATED WORK

A. Traffic state prediction

Tra�c state prediction is a typical time-series prediction prob-
lem. The aim of tra�c �ow prediction is to use the previous n tra�c
observations to predict the tra�c measurements (e.g., tra�c speed22

or tra�c �ow28) in the next m time steps. The tra�c prediction
problem can be formulated as

x̂x+1, . . . , x̂t+m = argmax
X

logP(X |xt−n+1, . . . , xt), (1)

X = xt+1, . . . , xt+m, (2)

where x̂t+m represents the mth-step predicted value and xt is the
relevant previously observed value at time step t.

With the ability to capture temporal dependencies, the recur-
rentNN is usually applied in time-series analysis. RNNswere initially
used for language models, due to its ability to memorize long-term
dependencies. Since time lags increasing, gradients of RNNs may
vanish through unfolding RNNs into very deep feed forward neural
networks. To address the gradient vanishing problem, a representa-
tive variant of RNNs, like LSTM,29 is designed to give the memory
cells ability to determine when to forget certain information, thus
determining the optimal time lags.

B. Graph embedding

Graphs have been used to represent information in various
areas including biology,30 social sciences,31 and linguistics.32 Graph
analysis33 also applies to tra�c domain since tra�c networks are
represented by nodes and edges. Graph-structured data appear
frequently in the transportation �eld. In the road tra�c complex
network, the most recent state and the next state of the road traf-
�c network could be constrained by a certain regulation. Graph
embedding34,35 can capture abundant signi�cative information from
the complex network. In contrast, Markov Chain model39 describes
the temporal correlations and ignores the spatial correlations; the
Bayesian network40 has ability to capture spatial dependencies well,
but the complexity of computing is high. Recently, a widely used
graph embedding method of truncated random walks is used,36

which is namedDeepwalk. Deepwalk considers the conditional inde-
pendence probability of each node and learns the spatial dependen-
cies more conveniently. In this approach, Deepwalk can e�ciently
extract features of nodes from graphs. The features are later used as
inputs for downstream prediction.

III. THE MODEL

A. Complex road network model

Road segments have a series of characteristics that can be car-
ried by the node in the graph, which often include the average speed,
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FIG. 1. The model of a subgraph of the road network. Nodes 1–8 are road
segments.

occupancy, vehicle volume, and so on. However, only the entrance
roadways have tra�c �ow data in the SCATS. Therefore, the com-
plex road network is modeled based on loop detectors and can be
described as follows:

G = (N ,E,H). (3)

Here, N = {n1, n2, . . . , n|N|} is a �nite set of nodes that repre-
sents the road segments; |N| is the number of nodes; E = {ei,j|i, j ∈

|N|} is the set of edges of the roadways for all intersections; ei,j 6= ej,i;
and H denotes the tra�c �ow data on the roadways that are gained
by the loop detectors. The model of a subgraph of a road network is
shown in Fig. 1. The connectedness of nodes 1–8 is shown in Fig. 2.
As shown above, the connectedness of nodes can be represented by an
adjacency matrix A ∈ R|N|×|N|. Ai,j = 1 denotes that there is a road-
way along the driving direction connecting node i and node j, and
Ai,j = 0 otherwise. Speci�cally, Ai,i = 0. For example, the adjacency
matrix of nodes 1–8 can be shown in Table I.

B. Graph embedding recurrent neural network model

To capture the spatial and temporal dependencies from tra�c
data jointly, we propose a graph embedding recurrent neural net-
work (GERNN) model that combines a complex network, network
representation learning, and a recurrent neural network. The archi-
tecture of the proposed model is shown in Fig. 3. As is shown on the
left side, GERNN �rst utilizes Deepwalk to obtain a representation
vector f (n) from the tra�c network to capture spatial characteris-
tics. Subsequently, the tra�c �ow data Et of roadways in the SCATS
are extracted to be fused with the spatial feature to construct the
input vector Xt , which is then fed into the LSTM model for tra�c
prediction.

FIG. 2. The connectedness of nodes 1–8. For example, A1,2 = 1 and A1,4 = 0.

C. Deepwalk based on the traffic network

Deepwalk is a mapping function f : N → R
d, where d is the

dimensionality of the embedding space and d is expected to be much
smaller than |N|. The model of Deepwalk is brie�y shown in Fig. 4.
For each node n ∈ N , it builds a d dimensional vector representa-
tion, so f is a |N| × d matrix in fact. First, Deepwalk produces short
random walks on the adjacency matrix of the road network for sam-
pling, which have been used as a similarity measure.37 We mark a
random walk rooted at node ni asWi.Wi contains random variables
W1

i ,W
2
i ,. . . ,W

m
i such thatWk+1

i is a node chosen at random from the
neighbors of node Wk

i and W1
i denotes n1. The sampling sequences

of each random walk are merged to a sequence set S. The sequence S
is as follows:

S = [W1,W2, . . . ,W|N|], (4)

where

Wi = {W1
i ,W

2
i , . . . ,W

m
i }. (5)

Based on a sequence of nodes Wi = {W1
i ,W

2
i , . . . ,W

m
i } gener-

ated by the randomwalks, {Wk−l
i , . . . ,Wk−1

i ,Wk+1
i , . . . ,Wk+l

i } can be
obtained as the context of the center node ni, where l is the win-
dow size. Second, Deepwalk introduces the skip-gram model,35 a
widely-used distributed word representation method, to maximize

TABLE I. The adjacency matrix of the subgraph.

Node 1 2 3 4 5 6 7 8

1 0 1 0 0 0 1 0 1
2 0 0 0 0 0 0 0 0
3 0 0 0 1 0 1 0 0
4 0 0 0 0 0 0 0 0
5 0 1 0 1 0 1 0 0
6 0 0 0 0 0 0 0 0
7 0 1 0 1 0 0 0 1
8 0 0 0 0 0 0 0 0
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FIG. 3. The architecture of the proposed model: Deepwalk as a component of the proposed model is shown on the left side, and the LSTM neural network is shown on the
right side (taking t time step, for example).

the probability of any node that appear within a window, l. In a
random walk sequenceW, this optimization problem is given by

min
f

− logP(W|f (Wk
i )), (6)

where W = {Wk−l
i , . . . ,Wk−1

i ,Wk+1
i , . . . ,Wk+l

i }. P(W|f (Wk
i )) can

be factorized in line with conditional independence with respect

to f (Wk
i ),

P(W|f (Wk
i )) =

∏

−l≤j≤l,j6=0

P(W
k+j
i |f (Wk

i )). (7)

The center and neighboring nodes have a symmetric e�ect on
each other in the embedding space. Softmax function can be used on

FIG. 4. Themodel of Deepwalk: Randomwalks generate the node sequences from the road network, then skip-grammodel embeds each node sequence into a d-dimensional
vector representation.
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the pairwise dot products of node vector representations with f (Wk
i )

to get P(W
k+j
i |f (Wk

i )),

P(W
k+j
i |f (Wk

i )) =
exp(f (W

k+j
i )f (Wk

i ))∑
u∈mexp(f (W

u
i )f (W

k
i ))

. (8)

In general, Deepwalk utilizes skip-gram and softmax38 to learn
representations of nodes from sequences generated by random
walks.

D. Traffic states prediction model

The proposed model employs Deepwalk on the graph to iden-
tify the most in�uential road segments in the tra�c network. In the
SCATS, the useful tra�c �ow data are on the roadway between two
road segments. Then, the most in�uential roadways can be repre-
sented by the node vector representations. For example, for two road
segmentsW1

1 andW
1
2 , their sequences of randomwalk are de�ned as

W1
1 = (W1

1 ,W
2
1 , . . . ,W

m
1 ),W1

2 = (W1
2 ,W

2
2 , . . . ,W

m
2 ). (9)

Therefore, the roadway (W1
1 ,W

1
2 ) is expressed as follows:

(W1
1 ,W

1
2 ) = (W1

1 ,W
2
1 , . . . ,W

m
1 ,W

1
2 ,W

2
2 , . . . ,W

m
2 ), (10)

where (Wk
i ,W

k+1
i ) = e ∈ E. Thus, the feature vector of roadway

(W1
1 ,W

1
2 ) is f (W

1
1 ,W

1
2 ). The feature vector contains the dmost in�u-

ential roadways. The tra�c time-series data {x1, x2, . . . , xt} of each
roadway in the SCATS can be extracted to merge into the input
{X1,X2, . . . ,Xt} to feed the LSTM model to predict the tra�c states

FIG. 5. The map of the selected intersections (red).

{yt+1, yt+2, . . . , yt+m} of (Wk
i ,W

k+1
i ) in the next m time steps. Note,

the dimension of the input Xt is d.
The LSTM neural network has a complex structure named

LSTMcell in its hidden layer. A typical LSTMcell is composedmainly
of three gates, namely, input gate, forget gate, and output gate, which
control the information �ow through the cell and the neural network.
Input gate takes a new input point from outside and processes newly
coming data. Memory cell gets input from the output of the LSTM
cell in the last iteration. Forget gate decides when to forget the output
results and thus selects the optimal time lag for the input sequence. At
time t, the input historical tra�c �ow isXt , the hidden layer output is
ht and its former output is ht−1, the cell input state is c̃t , and the out-
put state is ct and its former state is ct−1. The states of the three gates
are it , ft , and ot . The structure of the LSTM cell indicates that both
ct and ht are transmitted to the next neural network. The calculation
procedures of ct and ht are as follows:

it = σ(θ1 · [Xt , ht−1] + b1), (11)

ft = σ(θ2 · [Xt , ht−1] + b2), (12)

c̃t = tanh(θ3 · [Xt , ht−1] + b3), (13)

ct = ft ∗ ct−1 + it ∗ c̃t , (14)

ot = σ(θ4 · [Xt , ht−1] + b4), (15)

ht = ot ∗ tanh(ct), (16)

FIG. 6. The spatial topology of the road network based on the selected area.
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where the weight matrices are denoted as θ and the bias vectors are
denoted as b. σ is the sigmoid function de�ned in Eq. (17); * stands
for the scalar product of two vectors or matrices; tanh represents the
hyperbolic tangent function de�ned in Eq. (18).

σ(x) =
1

1 + e−x
, (17)

tanh(x) =
2

1 + e−x
− 1. (18)

Through the above LSTM calculation, ct and ht are obtained.
Then, the network output can be calculated as

ỹt+1 = θ5 · ht + b5. (19)

In summary, theGERNNmodel can deal with the spatial depen-
dence and temporal dynamics. On the one hand, Deepwalk is used
to capture the topological structure of the tra�c road network to
receive the spatial dependence. On the other hand, the LSTM is used
to capture the dynamic variation of tra�c information on the road-
ways to obtain the temporal dynamics and, �nally, realize the tra�c
prediction.

In the training process, the goal is tominimize the error between
the true values on the roadways and the predicted values.We useYtrue

and Ypre to represent the true tra�c data {yt+1, yt+2, . . . , yt+m} and
the predicted data {ỹt+1, ỹt+2, . . . , ỹt+m} on the roadways, respectively.
The loss function of the model is de�ned as follows:

L =
1

m

m∑

i=1

(Ypre − Ytrue)
2. (20)

IV. EXPERIMENT

A. Dataset

In this study, the dataset was obtained from the SCATS of 17
intersections in Hangzhou. The map of these intersections (red) is
shown in Fig. 5. We numbered the road segments of the selected
intersections. The spatial topology of the road network is shown in
Fig. 6. In the case that the real tra�c road network is unchanged,
the volume on the roadways of the road network changes with time.
The tra�c volume data are extracted from June 1 to 30, 2017 for this
experiment. The collected dataset is divided into the training set and
the testing set. The training dataset is comprised of records from June
1 to June 23, while the remaining records are the testing dataset. The
time horizon of records is 00:00–24:00, and the tra�c state data col-
lection interval is 15min, so a roadway has 96 data points per day.

TABLE II. Comparison of predicted performance under different representation

dimensions. It can be seen that the error is the lowest when the dimension is 4.

GERNNs (ours) RMSE MAE

GERNN (d=3) 8.753 6.279
GERNN (d=4) 8.591 6.167
GERNN (d=5) 8.698 6.197
GERNN (d=6) 8.708 6.213
GERNN (d=7) 8.827 6.327

In addition, some roadways lack detectors, especially for some right
turn lanes. So, the �nal network in this section is as shown in Fig. 6.

B. Baselines

In this subsection, the proposedmodel is comparedwith the fol-
lowing models: (1) autoregressive integrated moving average model,
(2) LSVR: linear support vector regression, (3) KNN: K-nearest
neighbors, (4) GRU: gated recurrent unit, and (5) LSTM: long short-
term memory recurrent neural network. All the neural networks are
implemented based on keras, ARIMA is built by pmdarma, and SVR
is implemented with scikit-learn.

C. Parameters

The aforementioned baseline models and the GERNN model
have the same hyperparameters, such as the number of hidden units,
the batch size, the training epoch, and the learning rate. In this exper-
iment, we manually adjust and set the number of hidden units to
64, the batch size to 64, the training epoch to 100, and the learn-
ing rate to 0.001, while the traditional time-series model employs the
whole time series of the volume records in the training dataset. All
the tests use 45min as the historical time window, which means that
3 observed data points are used to predict tra�c states in the next
15min. For our model, we use the default parameters of Deepwalk.
A number of random walk sequences is the number of nodes and l is
set as 5. The representation dimension d is a very important param-
eter of the GERNNmodel. To choose the optimal value, we test with
di�erent representation dimension and select the optimal value by
comparing the predictions.

We choose representation dimension from [3, 4, 5, 6, 7] and
analyze the change of prediction results. Table II shows the results
of root mean squared error (RMSE) and mean absolute error (MAE)
for di�erent representation dimensions.

It is obvious to see that the errors reach a minimum when
the representation dimension is 4. Thus, the prediction results are
optimal when the dimension is 4. This is mainly because when the
representation dimension is larger than a certain value, the model
complexity and the di�culty of computing are greatly increased and
the prediction precision is reduced.

D. Evaluation

In this experiment, the performances of the proposed and the
compared models are evaluated by two commonly used metrics in

TABLE III. The prediction results of the GERNN model and other baseline methods.

RMSE and MAE of GERNN are lower than other baseline models.

Model RMSE MAE

ARIMA 10.641 7.708
LSVR 11.408 8.429
KNN 9.585 6.808
GRU 9.630 6.927
LSTM 9.564 6.876
GERNN 8.591 6.167
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TABLE IV. RMSE of each intersection in a week.

Intersection Monday Tuesday Wednesday Thursday Friday Saturday Sunday

161 7.85 7.86 8.51 7.25 8.19 7.08 7.49
162 8.95 9.17 8.36 9.65 9.16 9.55 9.09
163 9.87 9.05 8.76 9.72 10.17 7.89 11.21
164 7.35 6.89 7.21 6.79 9.15 7.49 8.94
166 8.41 9.17 7.25 8.31 10.49 8.93 7.93
365 9.15 9.14 7.34 8.57 9.67 8.36 9.82
382 14.18 13.71 12.96 11.61 13.64 14.20 13.41
383 10.57 10.69 9.16 8.82 13.70 10.01 10.52
384 12.61 12.30 9.76 10.51 12.55 13.26 12.16
385 5.28 5.35 4.60 4.55 4.76 5.02 5.94
386 2.98 2.96 3.19 3.19 3.15 3.31 3.13
387 10.66 13.46 12.60 10.19 12.25 10.37 10.50
388 5.08 5.25 6.12 4.77 5.77 5.60 5.99
534 10.52 9.24 8.96 9.91 8.70 7.98 9.59
535 9.81 12.72 12.98 10.12 12.21 9.64 9.81
794 4.34 3.81 2.81 3.91 4.04 2.92 4.55
795 7.46 7.31 6.16 6.63 7.94 7.44 7.90

tra�c prediction, including (1) rootmean squared error (RMSE) and
(2) mean absolute error (MAE).

RMSE =

(
1

m

m∑

i=1

(Ytrue − Ypre)

) 1
2

, (21)

MAE =
1

m

m∑

i=1

|Ytrue − Ypre|. (22)

E. Results of experiments and analyses

We predict all the roadways and give the comparison between
our model and baselines with metrics RMSE and MAE as shown in
Table III.

The proposed method outperforms other models with di�er-
ent metrics. The old machine learning algorithm LSVR and time-
series model ARIMA show the weakness when compared with other
deep learning methods. RMSE of the GERNN model and other
deep learning models are reduced by approximately 19.2% and 10%

TABLE V. MAE of each intersection in a week.

Intersection Monday Tuesday Wednesday Thursday Friday Saturday Sunday

161 5.77 5.88 6.03 5.58 6.15 5.36 5.56
162 6.19 6.74 6.68 6.54 6.68 6.48 6.33
163 6.70 6.85 6.72 6.01 7.67 6.58 6.51
164 5.21 5.17 5.33 5.03 6.30 5.24 5.73
166 6.13 6.57 5.51 6.19 7.11 6.26 5.92
365 6.74 6.81 5.80 6.84 7.18 6.36 7.28
382 10.39 10.22 8.39 8.38 9.95 9.73 9.83
383 7.42 7.45 7.31 7.20 10.33 7.30 7.86
384 9.21 8.94 7.56 7.89 8.90 9.96 9.30
385 4.15 4.13 3.72 3.55 3.72 3.98 4.56
386 2.54 2.52 2.73 2.72 2.65 2.88 2.67
387 7.89 8.91 7.71 7.12 8.84 7.74 7.99
388 3.79 4.02 4.44 3.74 4.35 4.25 4.48
534 7.31 6.68 6.85 7.12 6.53 6.22 6.83
535 7.46 9.34 8.65 7.33 9.29 7.61 7.73
794 3.03 2.49 2.05 2.56 3.15 2.07 3.34
795 5.68 5.34 4.68 4.92 5.74 5.37 5.72
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compared with the ARIMA model, and MAEs are approximately
19.9% and 11% lower than that of the ARIMA model. Compared
with the LSVR method, RMSEs of GERNN and other deep learn-
ing methods are reduced by approximately 24.8% and 15%, and
MAEs are approximately 21.5% and 19% lower than that of the
LSVR method. This is mainly due to the models such as the ARIMA
and the LSVR that �nd it di�cult to handle complex and nonsta-
tionary time-series data. Deep learning methods generally acquired
better prediction results than traditional machine learning mod-
els. RMSEs of the traditional deep learning methods are higher
than the GERNNmodel, which only consider temporal features and
ignore the spatial features of the tra�c network topology under

the SCATS. Graph embedding is a reasonable method to learn the
interaction between the roadways and reduce redundancy of tra�c
data.

TABLE VI. Performance comparison between two schemes. RMSE and MAE of

predicting all roadways are lower than the roadways in the single intersection.

Scheme RMSE MAE

Roadways in all intersections 8.591 6.167
Roadways in the single intersection 9.559 7.796

FIG. 7. GERNN and LSTM prediction comparison with true volume on a weekend: (a) The visualization result on June 24, 2017. (b) The visualization result on June 25,
2017. (c) The mean absolute error per hour of both methods on June 24, 2017. (d) The absolute error per hour of both methods on June 25, 2017.

Chaos 29, 103125 (2019); doi: 10.1063/1.5117180 29, 103125-8

Published under license by AIP Publishing.

https://aip.scitation.org/journal/cha


Chaos ARTICLE scitation.org/journal/cha

FIG. 8. GERNN and LSTM prediction comparison with true volume on workdays: (a) The visualization result on June 26, 2017. (b) The visualization result on June 30, 2017.
(c) The absolute error per hour of both methods on June 26, 2017. (d) The absolute error per hour of both methods on June 30, 2017.

Tables IV and V show the performances of all the intersections
in aweek.We can clearly obverse that the errors of some intersections
are higher than other intersections. This is mainly because some
intersections have its own special geographical features. The inter-
sections in the center can easily in�uence other intersections or be
a�ected by other intersections. The intersections in the remote region
could not fully re�ect the spatial features of the tra�c network under
the SCATS. GERNN can capture the spatial relationships of the traf-
�c network. The analysis of weekend and workdays will be clari�ed
in detail herein below.

Speci�cally, we attempt to compare two schemes: prediction
of roadway tra�c states of all intersections and prediction of road-
way tra�c states of a single intersection. We take intersection 166,

for example, and show the performance comparison between two
schemes in Table VI.

In this table, the error values of predicting all roadways aremuch
better than that of predicting the roadways of a single intersection.
The reason is that there are interactions of the connective roadways
that can re�ect the propagation in the complex tra�c network and
make full use of the whole road network data.

We choose intersection 166 as the representative example for
analysis. Figures 7 and 8 compare the performances of GERNN with
the traditional LSTM.

There are di�erent tra�c patterns on weekend and workdays as
expected. Further, in Fig. 7, we can see that tra�c volume increased
signi�cantly from 06:00 to 10:00 and decreased from 18:00 to late at
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night. There was no signi�cant change from 10:00 to 18:00 on week-
end. The results of workday are as shown in Fig. 8. On the workdays,
the tendency of a sharp increase of volume is obvious due to the rush
hours. We �nd the predicted values of LSTM lag behind the truth
values seriously in peak hours on a workday while GERNN alleviates
such problems. It is easy to observe thatGERNNcaptures the trend of
rush hours more accurately than LSTM. LSTM does not incorporate
spatial topology so that it cannot consider the relationship between
the intersections.

Some predicted values of GERNN are worse than that of the
LSTM (Figs. 7 and 8). It indicates that our proposed method prefers
the peak hours with the larger data. LSTM has better performance
when the �ow decreased to the smaller value. Due to the stronger
in�uence between the intersections in themorning peak and evening
rush hours, the increasing volume on a roadway could cause traf-
�c congestion in other roadways. The tra�c spatial correlation is
not signi�cant in low volume condition. From Fig. 8, we �nd that
the volume on weekend is signi�cantly lower than that of on work-
days. Above all, we can conclude that the GERNN model performs
better than the traditional LSTM model for predicting at the peak
because GERNN can combine the topological relationship of the
tra�c network and the interaction between roadways. These results
demonstrate the superiority of our GERNN model over other base-
lines, which show promising potential in road tra�c states prediction
under the SCATS.

V. CONCLUSION

In this study, a GERNN approach is proposed to tackle the chal-
lenge of tra�c �ow prediction in the SCATS. We represent the tra�c
road network as a graph and employ graph embedding to capture
the topological structure of the graph to receive the spatial fea-
tures, which cannot be accomplished by previously utilizedmethods.
The LSTM model can get a stable performance in time-series tra�c
forecasting. The experimental results demonstrate that the GERNN
model outperforms other baseline models.We will optimize the road
network structure and parameter settings in the future studies.More-
over, we will expand experiments on large tra�c roadway networks
and integrate more tra�c �ow theories into the prediction scheme.
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