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Abstract. Traffic congestion has become an inevitable situation faced
by all countries and the prediction accuracy of traffic flow, as one of the
means to solve this problem, still needs to be improved. Most studies
lack the consideration of the influence of multiple factors such as spatial
factors, time series factors and other external factors, which makes the
prediction effect of traffic flow unsatisfactory. In this paper a method is
proposed based on deep learning that can capture the geographic spatial
relationship among toll stations, the dynamic temporal relationship of
historical traffic flow, extreme weather and calendar types. On the three
metrics of MAPE, MAE, and RMSE, the prediction effect of our model
has increased by 30% compared with KNN, GBRT and LSTM models.

Keywords: Deep learning · Graph convolutional network · Long
short-term memory · Traffic flow prediction · Spatio-temporal data

1 Introduction

With the growth of population and economy, many serious problems have been
brought to modern cities, and traffic congestion has undoubtedly become one of
the main problems faced by most countries in the world. Especially in the rush
time of weekdays or holidays, the large number of vehicles brought huge chal-
lenges to the current capacity of highway. Therefore, it is indispensable to plan
highway reasonably and provide correct guidance for people to travel. In recent
years, with the development of artificial intelligence, more and more researchers
are more inclined to use artificial intelligence technology to solve highway plan-
ning and guild people to travel. Intelligent transportation system (ITS) [2,37]
is one of the important products brought about by the development of artificial
intelligence. Among them, traffic flow prediction, as an important part of the
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intelligent transportation system and the basic index to solve traffic congestion
problem, undoubtedly plays an important role. By analyzing and predicting the
traffic flow, it is possible to learn about the distribution of vehicles in certain
node at highway network, and then to regulate and divert the traffic flow so as
to achieve the effect of alleviating traffic congestion. Traffic flow prediction is
to predict the number of vehicles passing through the certain area in a certain
periodic time. According to the length of periodic time, traffic flow prediction
can be divided into two types, namely short-term traffic flow prediction that its
time period is less than one day and long-term traffic flow prediction that its
time period is more than one day. At the same time, according to the different
spatial scopes, traffic flow prediction can be divided into single-site traffic flow
prediction and the entire network traffic flow prediction.

Although traffic flow prediction has been developed for decades, in the actual
situations, the traffic flow prediction at highway toll stations still has been facing
many challenges. These problems can be divided into three points. The first
point is the lack of consideration of the complex spatial dependence of traffic
flow at highway toll stations. Because the highway is a kind of network structure
where the vehicle in any toll station can reach the designated location, different
toll stations have different influences on the predicted toll station. The second
point is the lack of consideration of the temporal dependence of traffic flow at
highway toll stations. Through analysis [1,39,40], the traffic flow at the same
toll station shows a non-linear change over time. That means, different times
of the same toll station have different effect on the moment to be predicted.
The third point is the lack of consideration of the impact of extreme weather
and calendar types on the prediction of traffic flow at highway toll stations.
Under different weather conditions, the traffic flow will change differently. For
example, in extreme weather conditions, highway may close for individual safety.
By doing so, it may cause a sudden drop in traffic flow in this area. In addition,
the date type is another influencing factor. According to our observation, there
is a significant increase in traffic flow can on weekends and holidays.

In this paper, a GTM (Geographic and Temporal Model) is proposed, which
based on deep learning method. Taking into account the spatial relationship
among the toll stations, the historical temporal characteristics and the calendar
types and the weather conditions of the toll stations, the GTM model can obtain
a more accurate prediction of the traffic flow at the highway toll stations. The
rest of this paper is organized as follows. At Sect. 2, we describe related work with
our paper. Then at Sect. 3, we describe construction process of our prediction
method of traffic flow at highway toll stations. At Sect. 4, we introduce two
experiments to illustrate excellent effect of our method. Finally at Sect. 5, we
conclude our work and discuss our future research direction.

2 Related Work

Nowadays, a large amount of work uses advanced technologies such as big data
to process large amounts of historical traffic data to obtain useful information
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and functions, and then use artificial intelligence methods to obtain prediction
results. We will introduce these methods from three aspects.

The first type of methods that is used to predict traffic flow at highway toll
stations is traditional statistical manners. ARIMA (Autoregressive Integrated
Moving Average model) [3,4,33], VAR (Vector autoregressive models) [5] and
HA (Historical Average) [6] are all classical statistical methods that used to pre-
dict traffic flow. Definitely, it is the advantage of statistical methods to depend on
single factor, easily implement and quickly compute result. In the early develop-
ing stage of intelligent transportation system, these methods are used to predict
traffic flow. However, these methods have obvious weaknesses, that is, they only
consider historical temporal factors without considering other influencing fac-
tors. Since, especially facing the problem of traffic flow prediction that affected
by temporal, spatial and external factors, statistical methods can not get better
prediction accuracy. The second type of methods that is used to predict traffic
flow at highway toll stations is machine learning methods. These models are usu-
ally used to predict traffic flow including SVR (Support Vector Regression) [7],
KNN (K-Nearest Neighbor) [1,8], Bayesian model [9,10] and GBRT (Gradient
BoostRegression Tree) [32]. With the appearance of machine learning methods,
the problem of single feature dependence has been successfully solved. These
methods get final predicted result by analysing the inner relationship of tempo-
ral and other features. The ability to measure the weight relationship between
different features is the advantage of machine learning. However, machine learn-
ing methods too depend on handcraft feature engineering to get better predicted
accuracy, especially when face massive and complicated features, such as predic-
tion traffic flow problem. The third type of methods that is used to predict traffic
flow at highway toll stations is deep learning methods. Recently, as a branch of
machine learning, deep learning methods have become state-of-the-art technol-
ogy and have been applied to various fields [11–13]. At the same time, due to
the characteristics of deep learning methods that are good at capturing tempo-
ral and spatial features, deep learning has also been widely used in traffic flow
prediction problem [14,15]. Traffic flow prediction has been studied for decades
as a common time series problem. In these studies [16–19], people have achieved
better prediction results by using the ability of LSTM (long short-term memory)
and GRU (Gated Recurrent Unit) to model complex functions and the character-
istics of dynamically capturing time relationships. However, these studies ignore
the fact that traffic flow prediction is not a simple time series problem. It is also
affected by spatial relationship. Therefore, under the assumption of ignoring the
impact of spatial relationship, the prediction results are often not very good.
In response to this problem, related researchers use CNN (Convolutional Neural
Network) to obtain spatial relationship. Researchers use grids to divide the high-
way network, and then use CNN to extract the spatial relationship between adja-
cent toll stations to obtain prediction results, such as these [20–23,38]. However,
CNN always maps the traffic flow prediction problem in non-Euclidean space to
Euclidean space, which leads to the loss of spatial information. More recently,
with the popularity of GCN developed by [24,25], more researchers prefer to
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choose GCN to obtain spatial information, such as [15,26–31]. Because GCN
extends the convolution operation to the non-Euclidean space, this operation is
more in line with the real graph structure data.

Therefore, in this paper, we propose a geographic and temporal deep learning
method that belongs to the third type of methods we mentioned above for traffic
flow prediction in highway network. In order to overcome the shortcomings of
the above models that lack multi-dimensional features considerations, our model
uses the advantages of LSTM to capture temporal series features and GCN to
capture spatial features, and fully considers the spatio-temporal factors, extreme
weather features and calendar type to achieve more accurate prediction results
in real cases.

3 Feature Pre-processing and Prediction Method

3.1 Feature Engineering

In order to acquire correlation among toll stations, we first need to construct
highway graph. The graph definition as follow:

Definition 1 (Highway Graph). A highway graph is represented by a undi-
rected graph G = (V,E). Where V is a collection representing all toll stations on
highway graph. E is also a collection representing all the edges on the highway.
eij ∈ E represents correlation between toll station vi and vj, here vi, vj ∈ V and
i, j are a positive integer.

In this paper, we constructed a highway graph from the perspective of geographic
relations. Meanwhile, highway graph is undirected graph, because in actual sit-
uations any points in the highway road network is connected to other points. At
the same time, the graph is constructed from a geographical perspective, which
conform to the business logic, so that the final prediction results have better
interpretability.

Definition 2 (Daily Traffic Flow of Highway Toll Stations). For any toll
station vi, the daily traffic flow is expressed as stvi

. It represent the total amount
of vehicles that passed this toll station vi, on the day t. Here, t represent current
date, vi ∈ V .

From daily traffic flow, we construct historical traffic flow Svi
of toll station

vi. It is represented by the formula (1). Here, d represents the length of the time
window of historical data we need.

Svi
=

⎡
⎢⎢⎢⎢⎣

s1vi

s2vi· · ·
sdvi· · ·

⎤
⎥⎥⎥⎥⎦

T

(1)
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Definition 3 (External Factors). We use P vi
t = (W vi

t ,Dt) to represent the
external factors of the vi toll station on the day t. Here, W vi

t represents weather
condition of the vi toll station on the day t, Dt represents calendar type of the
vi toll stations on the day t.

Firstly, we introduced extreme weather. Through analysis, we found that the
traffic flow at highway toll stations fluctuates significantly under extreme weather
conditions, while under good weather conditions, the traffic flow tends to stabilize.
We use the label encoder method to divide the weather conditions into two types.
The extreme weather conditions include heavy rain, heavy fog, and strong wind
that we analysis from the raw data. We defined this factor as formula (2).

W vi
t =

{
0, otherwise
1, extremeweather

(2)

Secondly, the calendar type plays an important role in the prediction of the
traffic flow at the highway toll stations. We also use the label encoder method to
divide the date types into three categories, namely holidays, weekends and others.
During holidays, the charging mode of highway will be adjusted and people will
have more leisure time to travel so that traffic flow can be effect by this factors.
We define this feature as formula (3).

Dt =

⎧
⎨
⎩

0, otherwise
1, if t is a holiday
2, if t is aweekend

(3)

Definition 4 (Traffic Flow of Upstream Toll Stations). In order to get
better spatial relationship among toll stations, we use V olvit that is a vector
represents the traffic flow of upstream toll station related to vi on the day t.
Upstream toll stations are generally considered to be toll stations where vehi-
cles enter the highway. The specific analysis method can refer to our previous
work [1]. This vector can be represented by the formula (4).

V olvit =

⎡
⎢⎢⎢⎢⎣

volvit
1

volvit
2

· · ·
volvit

k

· · ·

⎤
⎥⎥⎥⎥⎦

T

(4)

3.2 Graph Construction

The creation of the highway graph is very important for us to extract the spatial
correlation among toll stations. A reasonable graph construction method can
greatly improve prediction accuracy of our model. Therefore, we created our
highway topology graph based on three rules. The three rules are defined as
follows.

Connectivity rule. This rule stipulates that the graph we construct is a con-
nected graph. This rule is in line with the actual situation of China’s highway,
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because in real situation, any point is connected to other points. At the same
time, this rule also guarantees that we can achieve the traffic flow prediction for
all toll stations in highway.

Neighborhood rules. This rule specifies how we choose toll stations adjacent
to node vj . This means that we will select adjacent toll stations based on the
geographic topology of the highway.

Bidirection rules. This rule ensures that the highway graph we create is an
undirected graph. This rule is in line with the actual Chinese highway scene,
because any two toll stations are bidirection on the highway. You can reach vj
from vi, and you can also reach vi from vj .

3.3 Traffic Flow Prediction

After the feature processing, the highway graph G we constructed, daily traffic
flow St

vi
, external factors P vi

t and upstream traffic flow V olvit will be input into
our model, the specific model structure can refer to the Fig. 1. This method is
divided into four stages, namely feature engineering stage, feature extraction
stage, feature concatenate stage and linear stage.

In the feature engineering stage, in order to obtain the spatial topological
attributes of the highway, we create a highway graph G according to the rules
specified above. In our work we use adjacency list to represent highway graph
as shown in Fig. 2.

In this example, the stations that can be reached directly from Anyangbei
toll station are connected by arrows, such as Anyang toll station. At the same
time, in order to make better predictions, we also extract historical traffic flow
features, traffic flow of upstream toll station and external features that include
calendar types and extreme weather.

In the spatio-temporal feature extraction stage, we use GCN that is proposed
by Kipf and Welling [36] to extract the spatial relationship of the highway graph
and LSTM to extract the temporal relationship of daily traffic flow. In the GCN
part, we use two layers of GCN, the formula is as follows.

X(1) = Relu(D̂−1/2ÂD̂−1/2XW ) (5)

X(2) = Relu(D̂−1/2ÂD̂−1/2X(1)W ) (6)

Here, X represents the feature of toll stations in graph, including historical
traffic flow Svi

and V olvit traffic flow of upstream toll stations mentioned in
the definition 2 and definition 4 respectively. Â = A + IN , A is the adjacency
matrix of highway network G, IN represents identity matrix of size N . And
D̂ii =

∑
j Âij , i, j ≤ N , D̂ii represents the value of the i-th row and i-th column

in D̂. The weight matrix W is a learnable parameter. X(1) and X(2) represent
the output of the first layer GCN and the second layer GCN respectively. They
have the same feature count of 64.

At the same time, we input historical traffic flow data into the LSTM to
obtain the temporal characteristics of the toll stations. As a kind of recurrent
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Fig. 1. Traffic flow predictoin method

Fig. 2. Adjacency list of highway graph
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neural network, LSTM solves the problem of gradient disappearance and explo-
sion caused by too deep sequence by adding a gating mechanism. LSTM consists
of input gate, forget gate, output gate and cell state. These components make
LSTM memorize the time series and forget the unimportant parts of the time
series. The specific calculation steps can be referred to as follows.

ft = σ(Wf [ht−1, S
t
V ] + bf ) (7)

it = σ(Wi[ht−1, S
t
V ] + bi) (8)

ot = σ(Wo[ht−1, S
t
V ] + bo) (9)

Ct = ft � Ct−1 + it � tanh(Wc[ht−1, S
t
V ] + bc) (10)

ht = ot � tanh(Ct) (11)

In this part, our input is St
V , which represents the traffic flow of all toll

stations on day t. σ and � are a logistic sigmoid function and an elementwise
multiplication, respectively. ft, it, and ot represent the forget gate, input gate
and output gate respectively. In these formulas, W∗ is the weight matrix of
different gates, and b∗ is the bias of different gates. At the same time, both W∗
and b∗ are learnable parameters. Ct represents the cell state on day t, which will
be passed to the next cell on day t + 1. ht represents the temporal relationship
learned by LSTM up to day t. The time window of historical traffic flow as same
long as GCN part. We use historical traffic flow feature matrix for training, and
use the next day’s traffic flow as a label, to train LSTM to learn the temporal
features of traffic flow. Finally, we get the temporal feature matrix ht.

In feature concatenate stage, we merge the spatial feature matrix X(2), tem-
poral feature matrix ht and the external factor matrix PV

t to form a new feature
matrix M , and then enter the matrix into the linear stage. We use a three-layer
fully connected network, including an input layer, a hidden layer, and an output
layer to form a linear stage. In the input layer and the hidden layer, the number
of neurons is 64. According to our task of predicting traffic flow in the output
layer, the number of neurons is 1. The specific calculation steps can refer to the
following.

M (1) = Relu(MW1 + b1) (12)

M (2) = Relu(M (1)W2 + b2) (13)

M (3) = M (2)W3 + b3 (14)

Here, W∗ and b∗ represent weighted matrix and bias respectively and both
are learnable parameters. M (∗) represents output of fully connected network.
M (3) is the final traffic flow prediction of highway toll stations.
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4 Evaluation

4.1 Settings

Our experimental data comes from real system Henan Highway Management
System [34,35]. The system displays real-time traffic flow of highway toll stations
in Henan Province. Based on this system, we collected traffic data, weather
conditions, and calendar types at 269 toll stations from May 2017 to September
2017 to perform this traffic flow prediction task. For historical traffic flow Svi

, we
choose time window d = 15 and for V olvit traffic flow of upstream toll stations,
we choose k = 3. The system is built on a big data framework, and HBase 1.6.0
is a database for storing traffic flow data. We built the storage system with 3
servers each of witch server have 4 cores CPU, 22 GB RAM and 700 GB storage.
Our method implementation is based on python 3.6 and the open source deep
learning framework pytorch 1.7.0. The configuration of machine used to train
our model is Intel (R) Core (TM) CPU i7-9750 2.59 GHz, 16 GB RAM, 1TB
storage and one NVIDIA GeForce GTX 1660 Ti.

In order to evaluate the prediction effect of our model on traffic flow, we
selected three evaluation indicators, namely root mean square error (RMSE),
mean absolute percentage error (MAPE) and mean absolute error (MAE). Here,
n is an integer, representing the number of all toll stations, ŷi represents the
traffic flow prediction for the vi toll station and yi represents the ground truth
of traffic flow for the vi toll station.

RMSE =

√√√√ 1
n

n∑
i=1

(ŷi − yi)2 (15)

MAPE =
100%

n

n∑
i=1

| ŷi − yi
yi

| (16)

MAE =
1
n

n∑
i=1

|ŷi − yi| (17)

4.2 Experiments

We first evaluate the effect of temporal features in our proposed model GTM. We
designed an experiment to compare the prediction result gained by our model
with variant model without LSTM.

Experiment 1: The Effect of Temporal Characteristics. In this experi-
ment, we used the GTM model and its variant model GTMnoL to predict the
traffic flow of 269 toll stations. We selected Xuchangdongqu from all the toll sta-
tions of Henan highway to compare and analyze the differences between the two
models. Because the traffic flow of most toll stations is similar to this station,
this station can represent other stations with generality. The comparison chart
of prediction results can refer to Fig. 3.
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Fig. 3. The prediction traffic flow with GTM and its variant

GTMnoL is a variant of our GTM model that does not use LSTM to obtain
the temporal characteristics of the traffic flow at the toll station. In Fig. 3, it can
be observed that our model GTM, represented by the blue line, is more in line
with the real situation represented by the black line. At the same time, at the
wave peaks and wave troughs of traffic flow, our model also has good learning
ability and can accurately predict. In order to compare our models more closely,
we have given a Table 1 and a Table 2.

Table 1. Prediction performances
at Xuchangdonqu

GTM GTMnoL

RMSE 282.025 421.997

MAE 207.4274 351.864

MAPE(%) 4.437 7.369

Table 2. Prediction performances
at all toll stations

GTM GTMnoL

RMSE 573.256 682.393

MAE 372.092 403.861

MAPE(%) 28.069 23.185

The Table 1 shows the prediction results of the GTM model and its variant
model GTMnoL for Xuchangdongqu. It can be seen from the table that the
GTM model is higher than the GTMnoL model in all three metrics. The GTM
model is improved by 33.16% on the RMSE metric. Through this comparison,
it can be shown that we have achieved better results using LSTM to extract
temporal features. Therefore, the temporal feature is an important role in the
prediction of the traffic flow of highway toll stations. At the same time, the
Table 2 is the prediction average result for all toll stations. From the network-
wide perspective, it also shows that the accuracy of the model GTM prediction is
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higher than GTMnoL model. The GTM model is 15.99% higher than the GTMnoL

model on the RMSE metric. However, the MAPE metric did not improve as we
expected to the RMSE and MAE metrics. We guess that the reason for this
problem is that the model GTMnoL without LSTM has a strong learning ability
for toll stations that are more associated with other toll sites, because it mainly
relies on GCN to obtain the spatial relationship of toll stations. For the GTM
model, after adding LSTM to extract temporal feature, our model learns more
comprehensively, thereby reducing the learning ability of toll stations that are
more associated with other toll sites. In general, the MAPE metric of the two
models still belong to same level. Therefore, from the three indicators and the
line cart, it can be seen that the temporal features extracted by the LSTM model
play an important role in predicting the traffic flow on the highway.

Experiment 2: Analysis of the Accuracy of Traffic Flow Prediction
Results on Weekdays and Weekends. To show more clearly that our GTM
model has obtained better results for the traffic flow prediction of highway toll
stations, we further compared the traffic flow prediction results that are obtained
by GTM with results that are obtained by variant GTMnoL model under different
calendar types. Since our testing set uses September 16, 2019 to September 30,
2019, which contains two weeks, we randomly selected two group weekdays and
weekends from these two weeks. 20170916 and 20170920 belong to the weekday
and weekend of the first week, and 20170928 and 20170930 belong to the weekday
and weekend of the second week.

The traffic flow prediction results in highway toll stations that are obtained
by GTM and its variant model GTMnoL are illustrated in Fig. 4 and Table 3.
From the scatter diagram, the GTM model can capture the real traffic flow of
all toll stations well either on weekdays or on weekends. In addition, according
to the metrics in the Table 3, we can observe that the GTM model obtains better
results than the GTMnoL model in RMSE metric. This phenomenon shows that
it is very necessary to comprehensively consider the temporal characteristics and
spatial characteristics of toll stations. However, the scores of the GTM model
on the MAE and MAPE metrics are not consistently better than GTMnoL, but
the scores of the two models are almost at the same level.

Table 3. Prediction performances in different calendar types

GTM GTMnoL GTM GTMnoL

20170916 20170920

RMSE 488.494 525.594 410.185 417.627

MAE 334.164 320.777 322.028 283.176

MAPE(%) 25.151 18.435 27.18 16.553

20170928 20170930

RMSE 588.093 658.360 1114.432 1578.820

MAE 333.209 420.355 322.028 283.176

MAPE(%) 22.021 20.553 39.266 58.505
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Fig. 4. The traffic flow prediction of toll stations in weekdays and weekends

Experiment 3: Prediction Effects Comparison with Other Models. In
this experiment, we use the GTM model to compare with shallow machine learn-
ing models such as GBRT [32] and KNN [1], and deep model LSTM often used
for time-series problem prediction. In order to clearly illustrate the superiority
of our model, we selected two toll stations with a large difference in traffic flow
and compared them. Refer to the Fig. 5.

We chose two toll stations, Luoyang and Zhengzhouxinqu. The daily traffic
flow of their two stations is completely different. Luoyang’s daily traffic flow
is between 4000 and 7000, while Zhengzhouxinqu’s daily traffic flow is between
15000 and 20000. By comparing the prediction results of these two stations, it can
be seen that our model GTM has a good learning ability for all toll stations. At
the same time, compared with other models, our model has the highest accuracy
of prediction results. For detailed metrics comparison, please refer to the Table 4.

Table 4. Prediction performances of different models

GTM GBRT KNN LSTM GTM GBRT KNN LSTM

Luoyang Zhengzhouxinqu

RMSE 208.854 385.904 428.284 522.572 884.770 1566.178 1979.314 1193.320

MAE 176.025 382.159 423.263 411.560 793.238 1556.606 1969.376 1061.904

MAPE(%) 3.475 7.504 8.291 7.669 4.363 8.688 10.985 5.919
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Fig. 5. Comparison of prediction accuracy of different traffic flow

From the Table 4, we can conclude that our model outperforms other algo-
rithms in the three metrics of RMSE, MAE and MAPE. This also shows that
our model can well capture the spatial and temporal characteristics of the traffic
flow prediction problem at toll stations through the combination of GCN and
LSTM.

5 Conclusion

In this paper, we proposed a deep learning method that can take into account
spatio and temporal factors and has achieved good results in dealing with the
prediction of highway toll stations. GTM is a model based on deep learning,
combined with characteristics that GCN can capture the relationship between
toll stations in the perspective non-Euclidean space and LSTM can capture the
dynamic temporal factors of historical traffic flow. Experiments show that our
model can capture the wave peaks and wave troughs of traffic flow at highway
toll stations very well, and has improved three metrics compared with other
models. Our model improves on the RMSE metric by an average of 30%. In
future work, we will try to construct highway graoh from different perspectives
to obtain spatial information from different perspectives.
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