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Abstract. With the development of cities, intercity highway plays a vital role in
people’s daily travel. The traffic flow on the highway network is also increasingly
concerned by road managers and participants. However, due to the influence of
highway network topology and extra feature such as weather, accurate traffic flow
prediction becomes hard to achieve. It is difficult to construct a multidimensional
feature matrix and predict the traffic flow of the network at one time. A novel
prediction method based on a hybrid deep learning model is proposed, which can
learn multidimensional feature and predict network-wise traffic flow efficiently.
The experiment shows that the prediction accuracy of this method is significantly
better than existing methods, and it has a good performance during the prediction.

Keywords: Traffic flow prediction - Deep learning - Spatio-temporal data

1 Introduction

With the development of industrialization and infrastructure, the connection between
cities have become more convenient. People’s work and life are inseparable from the
intercity highway. During the upgrades of road infrastructure and the increase in the
number of vehicles, the traffic situation of highway has also been paid attention by city
officer. In recent years, the rapid development of intelligent transportation systems has
brought new solutions to traffic management in the domain of highway transportation
[1]. By integrating and analyzing data generated by Internet of Things (IoT) devices,
the intelligent transportation system can better provide suggestions and predictions for
traffic management. One of the most important function in the intelligent transportation
system is traffic flow evaluation. It can help managers better detect road conditions and
make reasonable plans. So, many researchers are focusing on traffic flow prediction with
different time and space scope.

With the development of IoT technology, types of data become diverse. These data
can have more or less impact on the traffic flow [2]. For example, the impact of extreme
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weather such as heavy rain and fog is obvious. As analogously for the weather data, the
willing of travel on holiday and weekends is higher than that of weekdays. For weekdays,
in morning and evening peak, traffic flow is significantly higher than the noon. Therefore,
how to effectively employ the appropriate data type and fully explore the relationship
between the data for traffic flow prediction has to be considered. At the same time, for
the highway, it is a loop topology. The toll stations are closely related to distance. When
a vehicle enters the highway from a certain station, it is necessary to pass the adjacent
segments. Therefore, in highway domain, the benefits for the traffic flow prediction in
the whole network are more valuable than the single one. So how to collect the data and
predict the network traffic flow at the same time is the focus of the research.

In this paper, we propose a novel network traffic flow prediction method based on
relevant data. We present a hybrid deep learning model to predict traffic flow. By collect-
ing weather, date and other type data, we structure a multidimensional feature model.
We predict the network traffic flow through fully convolution network (FCN) and the
long short-term memory (LSTM) network. We solved the problems of multidimensional
feature learning and network traffic flow prediction.

The rest of this paper is organized as follows: Sect. 2 explains the background
of motivation and the related work; Sect. 3 introduces the feature modeling and the
network traffic flow prediction method in detail; Sect. 4 evaluates the method with
related experiments and results to show the performance. The fifth section summarizes
the research and conclusion.

2 Background

2.1 Motivation

With the rapid growth of vehicle ownership, road congestion has become more serious.
The intelligent transportation system allows road managers to manage traffic more intu-
itively and comprehensively. As an important function of the intelligent transportation
system, traffic flow prediction has always been the focus of research and development.
For example, Highway Big Data Analysis System in Chinese most populated province,
Henan, can conduct business analysis by integrating historical toll station data [3]. Toll
station data reveal the traffic flow around it. When the road becomes congested, the toll
station data in the highway network will increase. Therefore, toll station data is the basis
for us to predict traffic flow. Through the intelligent equipment and other information
collection system installed in the toll station, we can get a record when vehicle passing
toll station. As shown in Table 1 below.

As we can see, the toll record has three parts of dimension. In entity dimension,
we use the vehicle details to identity the vehicle. In time dimension we can know the
spatiotemporal attribute of vehicle. Like the time vehicle enter and exit the highway. In
space dimension, we know the location information that the vehicle enters and exits the
highway network. We can aggregate each record to determine the traffic flow at each
toll station. It is very important for network traffic flow prediction. Through the data
cleaning process, we can get the complete trajectory of the vehicles in highway network,
including the static information of the vehicle and the dynamic information that vehicle
passing through toll station.
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Table 1. Highway toll station record

Attribute Notation Type
collector_id | Toll collector identity Entity
car_id Vehicle identity

vehicle_type | Vehicle type

etc_id Vehicle ETC card identity
entry_time | Vehicle entry timestamp Time
exit_time Vehicle exit timestamp

entry_station | Identity of entry station Space
entry_lane | Lane number of entry station
exit_station | Identity of exit station

exit_lane Lane number of exit station
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Using this data, Highway Big Data Analysis System can not only build individual
profile for vehicles, but also makes overall planning and analysis for highway network.
As shown in the Fig. 1 below, the system can calculate the traffic flow information of
each station on the highway day by day.
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Fig. 1. Traffic flow of all toll stations in one day

As shown in the Fig. 1, the traffic flow is quite different at toll stations. Due to
the agglomeration and planning of urbanization, the traffic flow around zhengzhou, the
provincial capital of Henan Province, is significantly larger than that of its distant cities.
Therefore, traffic flow prediction for key regional station can’t represent the network
situation. If we can predict traffic flow of all the toll stations in network at a time, it
will provide global strategy support for highway managers. For network traffic flow
prediction, due to the loop topology of the highway network, the traffic flow at the
associated stations will also inevitably affect the traffic flow at a given station [3]. From
entering the toll station to ending the journey, it will definitely pass adjacent segments
which contain other toll stations. Those toll stations will also have impact on road traffic.
Therefore, the traffic flow of associated station should be fully considered when predict.
At the same time, there are other factors that will affect the traffic flow too.
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One is the weather. When people are faced with heavy rain and fog, travel plans
will be affected. It will lead to the fluctuation of traffic flow. Secondly, date type will
also become one of influencing factors. From the daily analysis, the arrival of holidays
will directly lead to a peak travel, and the traffic flow of that day will increase than
usual. Therefore, how to fully consider weather, date, and other influencing factors,
and find the correlation between data is the key issue of flow prediction. At the same
time, choosing the appropriate prediction model will also let the traffic flow prediction
of network achieved better results. In the era of rapid development of deep learning,
shallow machine learning and deep machine learning have their own characteristics.
How to choose a model that suitable for data and goals is also the focus of our research.

2.2 Related Work

As traffic flow prediction has gradually become a hot issue, more and more researchers
have begun to use big data to predict traffic flow [4]. However, with the development
of technology, lots of data in different types can be used. So, there are still challenges
in traffic flow prediction domain. The first is the dimension of the features. Different
data types will have different effects on traffic flow prediction. The second is prediction
accuracy. With the development of deep learning, many researchers have begun to use
deep learning methods to improve prediction accuracy. We divide the related work into
two perspectives: feature dimension selection and model selection.

In feature dimension selection perspective, the traffic flow seems the traditional
selection. Smith and Demetsky [5] use statistical and machine learning for prediction at
first. It just used traffic flow data for analyze. However, with the development of science
and technology, more and more dimensions of feature can be selected to improve the
effect of traffic flow prediction. Now we often treat traffic flow prediction as a time series
problem. Kumar and Vanajakshi [6] use seasonal Autoregressive Integrated Moving
Average mode (ARIMA) model with limited input data for traffic flow prediction. Due
to the structure of ARIMA model, only temporal dimension can be use. Now, more
researchers begin to consider the impact of multiple features. Compared with a prediction
model based on time series, these studies on the impact of multiple features are closer
to the facts. For example, for prediction of air quality, Shengdong and Du [7] added
meteorological data and population to compare and study the effect of these features
on the experimental results. Meteorological data also can affect traffic flow. It gives us
a inspire to ponder problem. Similar as highway domain, the prediction of pedestrian
flow at railway stations is also based on loop topology. Niu [8] considers the impact of
meteorological data and neighboring stations. In our research, associated stations also
affect the traffic flow. In traffic flow study of Rong [9], he also referred to the driving speed
and average speed of the vehicle. Cheng [10] regards the occupancy of roads as one of the
features that affect the traffic flow. They all use multidimensional features for traffic flow
analyzation and prediction, but their problem is that they can only predict one station
one time. They lack the ability to learn multidimensional features on the entire network.
Therefore, we chose meteorological data and date type for multidimensional feature.
Moreover, in the domain of traffic flow prediction, the network traffic flow prediction
has not been fully studied by researchers. Most researchers focus on the single station
traffic flow, and then choose a better prediction method [8—10]. We focus on predicting
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the traffic flow of network at once. Because we want to learn the multidimensional
feature of network precisely.

The second perspective is model selection. With the development of machine learn-
ing, model has become diverse. ARIMA is a typical time series learning model that can
handle continuous data in the time dimension. Smith et al. introduced the construction
and learning process of time series in detail [11-14]. But for the multidimensional feature
matrix, the method of constructing time series is not suitable. Other machine learning
methods such as Support Vector Regression (SVR), K-Nearest Neighbor (KNN) [15],
etc. are also very popular. Luo [16-19] and others used KNN to learn the relationship
between adjacent data points to predict traffic flow. Castro-Neto et al. [20, 21] used the
kernel method in SVR to map the feature to high dimensions, and then made traffic flow
prediction, which also achieved good results. However, with the development of deep
learning, more researchers have begun to use deep learning methods to predict traffic
flow, and achieved better results than shallow learning [22-25]. Zhang [26] et al. use deep
belief network for feature learning and prediction. For traffic flow with time attributes,
the time-step-oriented deep learning method LSTM is widely used, and for learning the
feature matrix, the convolution method can also learn the relationship between features
well. Therefore, a fully convolutional network and cooperates with the LSTM network
is proposed as a hybrid deep learning model. It can fully learn the multidimensional
feature, and predict the traffic flow of the whole network.

3 Method and Models

3.1 Feature Modeling

In highway traffic flow prediction domain, we find that there are many data types can
affect it. Therefore, we propose a feature modeling method based on multiple types of
data, which will uniformly model the various feature. We use variety of data to construct
a multidimensional feature model suitable for network traffic flow prediction. Then we
use a hybrid deep learning model to fit the feature model. Finally, we predict the traffic
flow of network toll stations one time. For the prediction time range, we define daily
traffic flow as the research background. The definition as follow:

Definition 1 (Daily traffic flow). For one toll station s in highway network, daily traffic
flow is described as TF!, represent the summation of vehicles exiting the toll station s in
day t. Here, s is in the set of toll stations in highway network S, and t is the current day.

We choose the exiting record as the basis data for the summation of traffic flow.
Because it is a completely record for the vehicle. In Chinese highway domain, only
when the vehicle leaves toll station means tolls would be charged. After a complete
record, we can still analyze the incoming information of the vehicle. Daily traffic flow
is the main dimension for the prediction. But from elaborative observation, we found
that other dimensions also affect the traffic flow of highway toll stations. Like weather,
date type and related stations traffic flow, etc. those data types must be fully considered
when modeling feature, so there a definition of feature modeling:
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Definition 2 (multidimensional feature vector). In the day t, the multidimensional fea-
ture vector of daily traffic flow is V! = (W/, Dy, Vol!), toll station s € S in highway
network. W! € {0, 1} is weather category in date t, D, € {0, 1, 2} is date type category
in date t, Vol! = (TFSIl , TFS’Z, TF§3, el TFSln), n € Z* represent Daily traffic flow on n
nearest station’s Daily traffic flow around s computed by the Euclidean distance in day
t.

The following is further illustrations for the three features.

(1) In meteorological feature, the occurrence of extreme weather will affect the daily
traffic flow of highway network. The raw weather data we have has the following
properties:Weather§ = (weather condition, temperature, wind speed and direction)
in toll station s in highway network and day t. When weather condition is heavy rain,
fog, or the degree of wind bigger than six-level, daily traffic flow of toll station s will
drop. So, we define extreme weather = (weathercondition = rain Vv fog v snow)V
(windspeed > 6). And in matrix of daily traffic flow, we define

§ 0, otherwise

W — { 1, extreme weather

(2) In date feature, due to the holiday period, the highway network will adjust the
charging mode, which leads to a significant influence in traffic flow. Therefore, the
date feature is also one of the important factors that affect the traffic flow. Based on
existing statistics, we define D; in date ¢ as follow:

2, if tisa holiday,
Dy = {1, if tisaweekend,
0, otherwise.

(3) In the last feature, Vol! represent the spatial related traffic flow with toll station
s. As we all know, highway network is a loop topology. The network traffic flow
is influenced by all toll stations. For the toll station s, its adjacent stations’ daily
traffic flow is considered. The adjacent station means the toll station nearby s in
spatial dimension. The traffic flow of adjacent station will influence the traffic flow
of s apparently. We calculate the Euclidean distance between each toll station, take
n nearest toll stations as the spatial relationship for feature modeling in spatial
dimension.

With multidimensional feature vector, we can build a feature matrix for network toll
stations. It is construct by all toll station so that we can use it to reflect network traffic
flow. The definition as follow:

Definition 3 (Network toll station feature matrix). In day t, the network toll station fea-
ture matrix M’ = (Vf, Vi, Vi, V,g) k is the number of all toll stations in highway
network.
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Network toll station feature matrix represent the highway network’s multidimen-
sional feature that can reflect the network traffic flow in day t. It also is the feature
modeling for the traffic flow prediction method. After feature modeling, due to the dif-
ference in the value range between each dimension, features with small range will be
ignored, so the normalization method is used to reduce the prediction error.

3.2 Traffic Flow Prediction

In the following, we describe a traffic flow prediction method, based on hybrid deep
learning model. The structure is shown in Fig. 2.
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Fig. 2. Network traffic flow prediction method

The method is composed of fully convolution network (FCN) and the long short-term
memory (LSTM). As we can see in Fig. 2, we propose to use FCN to fit multidimen-
sional feature. Then we use concatenation layer to restrict the data into time series, then
let LSTM to learn it. Finally, we use linear layer to restore network traffic flow. This
combination considers both spatial and temporal of multidimensional feature. First of
all, in feature modeling, the spatial relationship of toll stations in the highway network
is fully considered. Based on one related work [27], three stations with min Euclidean
distances from the toll station s have the most obvious impact, so n = 3 in Definition 2.
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Three adjacent stations daily traffic flow was selected for feature modeling, plus weather
and date type factors, which constituted the five-dimensional feature of each toll station.
In order to learn the spatiality feature, we chose to use a special convolutional network.
After that, we can see from Table 1 that the toll station data of the highway network has
both spatial and temporal dimension, and it is not enough to only consider the spatiality.
Therefore, after the convolution network, we add a concatenation layer to construct a
time series and input to the LSTM network to learning temporal feature. Finally, a net-
work traffic flow prediction method is formed through hybrid deep learning architecture
to make prediction. The following is a detailed description of each component.

For feature modeling, we build Network toll station feature matrix M* for all toll
stations in network. This matrix is composed of all toll stations and multidimensional
feature vector of each station. It contains spatial correlation feature and other dimension
features that affect the traffic flow, like weather and date type. First, we use convolutional
neural network for feature learning. Convolutional neural network (CNN) was first used
in the field of image recognition. Through the calculation of pixels and convolution ker-
nels, it learns the relationship of each pixel to achieve the role. The CNN involves many
individual processing steps [28]. The general process includes convolution operation,
pooling operation and the final fully connected layer with activation function. In our
case, we use Cross-channel pooling instead of generate pooling operation. We complete
CNN as follow functions.

O(Mt) = Relu(Conv(Mt, kernel)) (1)

¢(M") = Cross_channel_pooling(o(M ")) @

where M is input feature matrix of day t. In Eq. 1, we choose hetero convolution kernel
to calculate convolution. Usually, the pixels of the image are irregularly distributed. One
feature in image often component by lots of pixels in different directions. The convolution
kernel usually uses a square, so they can learn the feature form every direction. In recent
years, with the development of convolutional neural networks, new technologies such
as dilated convolution and deformable convolutional have emerged [29]. However, the
design of the convolution kernel is essentially to learn the correlation feature in the
matrix. We already considered the spatial dimension in multidimensional feature vector.
There is no need to compute each station correlation on it. Therefore, in this paper we
designed a hetero convolution kernel form, only compute the column direction of the
feature matrix. In this way, the connection between each feature vector is cut, and only
the respective multidimensional feature needs to be learned. First, we designed a set
of 1 x 2 kernels to calculate with matrix. This is designed for the weather and date
type dimension in the multidimensional feature vector. In feature modeling, the label
encoding method is used for the feature of these two dimensions, which is different
from the daily traffic flow dimension. After that, we use ReLLU function as the activation
function. Second, we also execute a convolution operation with a set of 1 x 2 convolution
kernels, and continue to learn the features of each vector. Finally, we use a set of 1 x 3
convolution kernels to end the convolution operation, which reduces the dimensionality
of the multidimensional feature vector of each station in the matrix in to a traffic flow
value. After that, we uniformly perform pooling operations on the channel, as shown in
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Eq. 2. Generally, pooling operations have maximum pooling or average pooling, which
play a role in input to reduce the dimension. Cross-channel pooling is a method for
reducing the size of state and number of parameters needed to have a given number of
filters in the model [30]. After three times convolution operations, the multidimensional
feature vector of each station in feature matrix is reduced to a one-dimensional daily
traffic flow value. But on the channel, the number of convolution kernels causes channel
increment. So, we use cross-channel pooling to reduce channel dimension. Our pooling
method only averages channels, which we call channel subsampling, to achieve the
purpose of channel dimensional reduction. So that, we can retain the feature matrix
structure in one channel. At the same time, we discarded the fully connection layer of
CNN, and keep the current feature matrix structure. After learning, feature matrix has
turn to one-dimensional feature from multidimensional vector, as C(M ! ) So, the output
C(M ! ) is the predicted value of traffic flow for each station in highway network in day
t. We use real daily traffic flow as training label to training the FCN we designed. After
training, we get daily traffic flow matrix on each day.

After getting the daily traffic flow matrix of all toll stations in the network, in order to
use temporal of data, we will process the matrix in concatenation layer into time series.
We set the learning time range as 15, so after concatenation layer we can get a time series
data as input. Then we choose LSTM network for feature learning in time dimension.
LSTM is an improved model of recurrent neural network (RNN). The classic LSTM
cell block contains four components, namely input gate, forget gate, output gate and
cell state. These four components together make LSTM cell block have memory and
function of learning time dimension. The corresponding calculation steps are as follows:

ir = o (Wie(M') + Whhit +1b;) (3)

o; = o (Wye(M') + Wphe_; + bo) )

fi=o (Wﬁc(Mt) +Wih + bf) ®)

e =f ©ci—1 +i © tanh(Wie(M') + Wih—y + b) (6)
h; = 0; © tanh(c,) 9

where c(M ! ) , ¢, and h; are input, cell state, and cell output respectively at time t. W, and
b, are weight and bias vectors connecting different gates. ©® denotes an element-wise
product. As shown in the above equation, the input gate can control how much new
information enters the cell state, the forget gate can choose how much information is
discarded, and the output gate can control how much information is passed into the next
time step or output. Cell state records the state information of the cell with the change
of time to complete the memory function of LSTM. By serializing the feature matrix
of toll stations in whole network, LSTM can also learn the time dimension features of
the data and improve the prediction accuracy. We put the time series data generated
by the concatenation layer as input into LSTM. We use fifteen days feature matrix for
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training, and use the daily traffic flow of the next day as the label for learning. Finally,
we get the predicted value as traffic flow of all toll stations in highway network. The
combination of the above two deep learning model has fully studied the spatio-temporal
and multidimensional feature of the data. At the same time, through the improvement
of the convolution network, the method can predict the highway network traffic flow at
one time.

4 Experiment

4.1 Settings

The experiment used real data from the toll stations of the highway network, which was
derived from the Henan Highway Management System supported by the project. At the
same time, it also collects the weather information of all toll stations. The data from May
to September of Henan highway was used for model training and analysis. These large
amounts of data are stored in a distributed cluster. The cluster has one master node and
two slave nodes. The configuration is Intel (R) Xeon (R) CPU E5—4607 2.20 GHz, 32 GB
RAM and 80 TB storage. Distributed computing frameworks such as Hadoop, Spark and
HBASE are installed on it for data cleaning and feature modeling. The framework is
built and trained on a computer with Intel (R) Core (R) CPU i7-7700 2.80 GHz, 32 GB
RAM, 4 TB storage and two NVIDIA 1080 GPUs.

The open source deep learning framework TensorFlow 1.12.0 supports the construc-
tion of this method, and Scikit-learn 0.20.3 is used to build models of counterparts.
We named our method as hybrid deep learning method (HDM) to compare with four
machine learning models. They are: KNN is a classic supervised statistical machine
learning model that classifies and regressions by analyzing the distance relationship of
data; ARIMA is the most widely used prediction model for time series data; SVR is a
machine learning model based on kernel method. it can map data to high dimensions
through the kernel to make regression predictions; Gradient boost regression tree (GBRT)
is an integrated machine learning method that learns by reducing the loss between dif-
ferent models. It has been widely used in recent years. Then we chose three predictive
metrics to evaluate the method. First is root mean square error (RMSE) as Eq. §; the
second is mean absolute percentage error (MAPE) as Eq. 9 and R-square as Eq. 10 is
the last metric.

1< 5
RMSE= | -3 (5 — ) ®)
i=1
100% = | 9 — vi
MAPE = —— S |22 9)
noaol i
Zr'l—l(j’i —)’i)z
R — square = 1 — ln_——z (10)
Zi:l(yl _y)

where J; represents the predicted value, y; represents ground truth value and n is the
number of test dataset.
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4.2 Evaluation

We designed two experiments for method evaluation. The first is a comparative experi-
ment to verify the effectiveness and accuracy of HDM by comparing with other methods.
Secondly, we use HDM and predicted all toll stations traffic flow one time, and compare
with traditional LSTM prediction method.

Experiment 1: Prediction Effects in a Station. The data from September 2017 was
used as the test set. In the experiment, all 274 toll stations in Henan Province constituted
the whole network. Among them, we randomly selected zhengzhounan toll station for
analysis. The prediction results of HDM and the comparison model are shown in Fig. 3:
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Fig. 3. The real and prediction traffic flow in zhengzhounan

Through Fig. 3, we can intuitively see that the HDM fits the real value best and has
good performance in the time period of wave peak and wave trough. At the same time,
the fluctuation of GBRT is worse than HDM. Although the overall trend is close to the
true value, the prediction of the turning point is lacking. Compared with the SVR and
ARIAM models, our method’s prediction is more accurate. And like the KNN model, it
can fit the real curve well. So, by analyzing the prediction results, we get Table 2:

Table 2. Prediction performances of different models

HDM | GBRT |SVR KNN | ARIMA
RMSE 1983.95 | 3933.77 | 3692.97 | 2583.35 | 3597.36
MAPE (%)  41.69 |54.68 59.72 |43.69 |53.64
R-square |0.894 0.863 |0.704 [0.883 |0.873

From Table 2, we can see that, comparing all models, the HDM has the best fitting
effect on the traffic flow. The RMSE is kept within two thousand, indicating that the
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error between the predicted value and the true value is kept within an acceptable range.
At the same time, the R-square value is closest to 1, better than the KNN model, which
represents the best fitting effect on real traffic flow. Through this experiment, we can
know that HDM has good prediction accuracy at the key station zhengzhounan, and
better than other comparison models.

Experiment 2: Network Prediction. In this experiment, we use HDM to predict net-
work traffic flow at once. And use normal LSTM model to predict traffic flow for com-
parison. We chose four key toll station for experiment, they are puyangnan, zhengzhoux-
inqu, xinxiang and xuanyuanguli. There daily traffic flow is different. We use LSTM
four times. The single toll station prediction uses the same training set and uses LSTM
neural network model in [16] for time series data learning. The experiment results are
shown in Fig. 4:
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Fig. 4. The prediction traffic flow with HDM and LSTM

We can see from the Fig. 4 from the selected toll stations, the prediction performance
of HDM is better than the single station traffic flow prediction. We calculate the average
of the metrics of the four station to Table 3. According to the results in Table 3, the
R-square is better than the LSTM model and is closer to the true value. It can be seen
from the results that HDM method is not affected by the increase of the parameter of the
feature matrix, but the learning ability is better than the single station prediction method.
Therefore, the network traffic flow prediction method is fully verified, and the expected
prediction effect can be achieved.
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Table 3. Prediction performances

HDM |LSTM
RMSE 1085.72 | 1489.56
MAPE (%) 32.71 |38.96
R-square | 0.843 | 0.794

5 Conclusion

In this paper, we proposed a new multidimensional feature-based network traffic flow
prediction method. A hybrid deep learning model consists of a fully convolutional neural
network and long-short term memory neural network is proposed. It can fully study the
spatio-temporal of highway toll station data. We considered the spatial feature of data
and some other feature can affect traffic flow like weather and date type. We use this
for feature modeling. After learning this toll station feature matrix, the method can well
predict the traffic flow of highway network. Experiments show that the method has a good
performance compared with the shallow machine learning method. At the same time,
it has a good effect on the learning of multidimensional feature. In the future research,
we would further subdivide the dimensions of features, and consider more relationship
between with traffic flow. We can also improve the performance of neural network in
depth to predict more precise.
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