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The research of traffic revitalization index can provide support for the formulation and
adjustment of policies related to urban management, epidemic prevention and resumption of
work and production. This paper proposes a deep model for the prediction of urban Traffic
Revitalization Index (DeepTRI). The DeepTRI builds model for the data of COVID-19 epidemic
and traffic revitalization index for major cities in China. The location information of 29 cities
forms the topological structure of graph. The Spatial Convolution Layer proposed in this paper
captures the spatial correlation features of the graph structure. The special Graph Data Fusion
module distributes and fuses the two kinds of data according to different proportions to
increase the trend of spatial correlation of the data. In order to reduce the complexity of the
computational process, the Temporal Convolution Layer replaces the gated recursive mechanism
of the traditional recurrent neural network with a multi-level residual structure. It uses the
dilated convolution whose dilation factor changes according to convex function to control the
dynamic change of the receptive field and uses causal convolution to fully mine the historical
information of the data to optimize the ability of long-term prediction. The comparative
experiments among DeepTRI and three baselines (traditional recurrent neural network, ordinary
spatial-temporal model and graph spatial-temporal model) show the advantages of DeepTRI in
the evaluation index and resolving two under-fitting problems (under-fitting of edge values and
under-fitting of local peaks).

1. Introduction

1.1. Urban traffic revitalization index

Traffic situation is a key feature that reflects the health and order of urban operations, production and life. The road situation and
travel data [1] can well reflect the recovery of urban production and consumption activities. The data of urban traffic revitalization
index (referred to in this paper simply as TRI) is calculated by Didi platform [2]. The researchers of Didi platform carry on the
fitting, cross-validating and weighting to the data of urban traffic trajectory and road congestion. The TRI is an important indicator
that reflects the urban traffic travel situation. Based on smart transportation technology and data analysis capabilities, the TRI allows
users to visually see the recovery of each urban traffic. It provides more information for the orderly promotion of the recovery of
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Table 1
The results of evaluation indexes. The relationship between GDP and TRI in some cities. The unit of GDP ordinate is 100 million
(yuan) and the TRI is the probability, whose value range is [0, 1].

Urban name  GDP GDP Growth rate Mean TRI Mean TRI Growth rate
(first quarter) (second quarter) (GDP) (first quarter) (second quarter) (TRI)
Chengdu 3845.57 4453.06 15.80% 0.3791 0.7903 108%
Dongguan 1923.7 2437.58 26.71% 0.3759 0.8263 119.81%
Foshan 2153.98 2472.52 14.79% 0.3890 0.7988 105.37%
Fuzhou 1838.94 2521.67 37.13% 0.4357 0.8524 95.65%
Guangzhou 5228.8 5739.49 9.77% 0.4538 0.8143 79.45%
Guiyang 838.76 994.9 18.62% 0.4168 0.8769 110.37%
Haikou 350.03 371.6 6.16% 0.2672 0.8467 216.85%
Hangzhou 3379 4009 18.64% 0.3491 0.8081 131.45%
Huizhou 879.14 1003.66 14.16% 0.3721 0.7962 113.97%
Jinhua 922.3 1178.99 27.83% 0.3332 0.7852 135.66%
Kunming 1513.27 1762.47 16.47% 0.4239 0.7921 86.85%
Nanchang 1204.62 1424.26 18.23% 0.2679 0.6779 152.98%
Nanjing 3247 3365.35 36.45% 0.3323 0.7877 137.06%
Nanning 1010.18 1244.32 23.18% 0.3699 0.8158 120.54%
Ningbo 2463.8 3023.4 22.71% 0.3603 0.7701 113.73
Qingdao 2504.87 3009.86 20.16% 0.4027 0.7789 93.40%
Quanzhou 1997.64 2670.49 33.68% 0.3523 0.7520 113.44%
Xiamen 1318.02 989.34 —24.94% 0.8539 0.4936 —-0.4219%
Shanghai 7856.62 9500.18 20.92% 0.4210 0.8542 102.93%
Shaoxing 1225 1436.15 17.24% 0.3371 0.7646 126.82%
Shenzhen 5785.6 6848.7 18.37% 0.4455 0.8913 100.07%
Suzhou 3743.93 5306.27 41.73% 0.3659 0.7773 112.43%
Tianjin 2874 3435.28 19.53% 0.2826 0.8016 183.65%
Wenzhou 1352.7 1723.2 27.39% 0.3239 0.7964 145.87%
Wuxi 2465.24 3051.08 23.76% 0.3513 0.7584 115.90%
Changsha 2704.9 2916.31 78.16% 0.4151 0.8316 100.34%
Zhengzhou 2469.8 2989.8 21.05% 0.2354 0.7696 226.96%
Zhongshan 597.22 792.1 32.63% 0.3544 0.8052 127.19%
Chongging 4987.66 6222.17 24.75% 0.2938 0.8499 182.29%

production and life. It scientifically and objectively reflects the activity of urban traffic. In general, the amount of traffic activity raises
with the increase of the TRI. The TRI is an indicator specially established for the impact of the COVID-19 on urban transportation.
In the concept of TRI, the TRI of each city is close to 1 during the non-epidemic period at the end of 2019. With the outbreak
of the COVID-19 at the end of 2019, the transportation of people has been greatly affected, which directly led to a sharp drop
in the TRI of each city. In the face of the COVID-19, the government and health departments have formulated and implemented
various epidemic prevention measures. Production and life in various cities have gradually recovered. The vitality of urban traffic
will gradually return to normal levels.

The transportation industry is the basic and leading industry of the national economy and it is an important part of the national
economy. The development of the transportation industry promotes rapid economic growth. The economic growth in turn drives
the development of the transportation industry. Therefore, the TRI has dynamic synchronization with economic development. The
Table 1 shows the relationship between the GDP of urban and TRI. The GDP of China is calculated on a quarterly basis, so we
calculate the GDP and mean TRI of multiple Chinese cities in the first two quarters of 2020. From the statistical results, we can
learn that almost all cities have experienced substantial growth in GDP in the second quarter. At the same time, TRI has also
increased accordingly. Because of the second wave of the outbreak in Xiamen, its GDP in the second quarter declined. Its TRI for
the second quarter decreased by 0.4219%. Based on the above results, GDP and TRI have a dynamic synchronization regardless of
whether GDP is increasing or decreasing.

1.2. The economic impact of the COVID-19

The COVID-19 has had a profound and significant impact on the transportation industry [3-6] and it has had a serious impact
on the world economy [7-9]. With the spread of the epidemic, the decline in industrial demand and the rising risk of virus infection
have led to a sharp drop in Chinese transportation services. At the end of 2019, the TRI of Chinese city is close to 1 under normal
conditions. However, due to the spread of the epidemic, the TRI of all cities in China have declined to varying degrees in early
2020. Fig. 1 shows the relationship between the industrial added value increased year on year in early 2020 and the number of
suspected cases in China. We can know that the number of suspected cases reached its peak in February. Due to the impact of
epidemic, the value of industrial growth declined severely in March, and even turned into a negative growth. After March, with
the help of strong prevention and control measures, the epidemic has gradually subsided in China and the number of suspected
cases has rapidly decreased. Urban production and life have gradually recovered and traffic vitality will gradually return to normal
level [10].
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Fig. 1. The relationship between the industrial added value increased year on year and the number of suspected cases. The abscissa represents the date. The
industrial added value increased year on year is proportional, which corresponds to the main axis on the left. The unit of the number of suspected cases is
10,000 (person), which corresponds to the secondary axis on the right.
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Fig. 2. The process of transforming urban spatial correlation into adjacency matrix. The points on the left map represent the locations of some Cities in China.
The middle graph represents the topological relations of city locations. The right graph represents the adjacency matrix corresponding to the topological relations
of urban locations.

1.3. Graph neural network

With the development of deep learning, significant technological breakthroughs have been made in the fields of image, speech
and natural language processing [11-13]. Deep learning is good at processing structured data, such as voice, images and text.
However, there are a lot of unstructured data in the real world, such as social network topology and knowledge map. Unstructured
data does not have the same spatial locality as images, whose data range is arbitrary and topology is complex. Compared with
the most basic structure (Multi-Layer Perception, MLP) of neural network, graph neural network [14] adds an adjacency matrix to
participate in the process of matrix calculation, as shown in formula (1). o represents nonlinear transformation. A represents the
adjacency matrix, X represents the feature matrix and W represents the weight matrix.

H =0 (AXW) e))

The graph spatial-temporal network [15] captures the spatial correlation and temporal dependence of data. The spatial-temporal
graph has a global graph structure and the value of each node changes with the passage of time. For example, many works have
established graph spatial-temporal networks for PeMS data [16]. The basic realization process of these networks uses data stations
of PeMS as nodes of the graph. The input of the nodes are time series, such as traffic flow, vehicle speed and road occupancy rate.
The edges of the graph spatial-temporal networks represent the distances of latitude and longitude among data stations. The task
of the graph spatial-temporal networks is to predict the future value of node or the type of node. The spatial correlation among
cities conforms to the topological relationship. This topological relationship can be converted into an adjacency matrix [17], which
can be used in the computational process of graph neural network, as shown in Fig. 2.

1.4. Contribution

Based on the above research theories, this paper converts the spatial location relationship of Chinese cities into graph structure
and combines the data of COVID-19 epidemic and TRI to accomplish the task of urban traffic recovery prediction. The main
contributions of this paper are as follows:
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+ This paper proposes a new graph spatial-temporal network (Deep Model for Traffic Revitalization Index, DeepTRI). This is
the first spatial-temporal network used to predict the TRI and the first work to combine the TRI with the data of COVID-19
epidemic.

According to the characteristics of epidemic data, a special Graph Data Fusion (GDF) module is proposed in this paper. GDF
assigns different weights to four types of epidemic data. The features of spatial correlation of the graph structure are fully
mined through the Spatial Convolution Layer composed of Graph Convolutional Network (GCN) and GDF.

This paper designed a Temporal Convolution Layer which is used to calculate time sequence features of temporal dependencies.
In order to overcome the weakness that traditional recursive neural network does not support parallel computing and has a
slow training speed., the Temporal Convolution Layer replaces the gating mechanism of the recurrent neural network with a
multilayer residual structure. We use the dilation factor that changes according to a convex function with an exponent of 2
to control the receptive field of the deep network and use the mechanism of causal convolution to maintain the influence of
historical data on the temporal features.

We use DeepTRI to train the data of TRI and four types of epidemic data and set up three types of baselines (traditional
recurrent neural network, graph convolution and graph spatial-temporal network) to verify the performance of DeepTRI. The
experimental results show that DeepTRI has obvious advantages in evaluating index and resolving two under-fitting problems
(underfitting of edge values and underfitting of local peaks).

2. Related work

The basic principle of this work is to use the location information among cities and the temporal series changes of TRI to build a
model of the graph structure. The basic features among cities are mapped to the edge value information of the graph. The temporal
series characteristics of TRI of cities are mapped to the sequence data of the graph nodes. Therefore, the knowledge involved in this
work is the establishment of graph structure with adjacency matrix and the data prediction of unstructured graph.

2.1. Basics

The basic design process of the graph spatial-temporal network is that the time changes of traffic data (vehicle flow, vehicle
speed, road occupancy rate and etc.) are designed as the input values of the graph nodes and the position relationship among
the nodes is designed as the weight of the graph edges. Considering that traditional methods cannot meet the requirements
of long-term traffic prediction and the traffic data has complex nonlinear problems, the Spatial-Temporal Graph Convolutional
Networks (STGCN) [18] is used to predict the time series of traffic data based on graph neural networks. In order to improve the
training speed of the model, STGCN uses a pure convolution structure to build spatial-temporal convolution blocks. The spatial-
temporal convolution blocks are composed of two Temporal Gated-Conv blocks and one spatial Graph-Conv block. STGCN shows the
advantages of accuracy and training speed in comparison with statistical methods (ARIMA), traditional machine learning methods
and spatial-temporal models. The Attention Based Spatial-Temporal Graph Convolutional Networks (ASTGCN) [19] is proposed
for the task of traffic flow prediction in traffic networks. ASTGCN separately builds models for three temporal characteristics of
traffic flow (recent, daily-periodic and weekly-periodic data). The computational processes of the three temporal characteristics
are independent of each other. Each computational process first uses the temporal attention mechanism to calculate the dynamic
dependence among different times and uses the spatial attention mechanism to calculate the dynamic correlation between different
positions. Finally, the spatial-temporal convolution module is used to calculate the spatial features of the graph and the dependency
of adjacent nodes in the traffic network. ASTGCN is compared with traditional methods, recurrent neural networks and other graph
spatial-temporal networks. Even the accuracy of ASTGCN without the attention mechanism is higher than other models. After
adding the attention mechanism, ASTGCN decreased by an average of 6.2% in the RMSE indicator and 4.5% in the MAE indicator.
The accuracy of ASTGCN without the attention mechanism is higher than other models. After adding the attention mechanism, the
RMSE of ASTGCN decreased by 6.2% and the RMSE of ASTGCN decreased by 4.5%. The Temporal Graph Convolutional Network
(T-GCN) [20] combines Graph Convolution Network (GCN) and Gated Recursive Unit (GRU) to finish the task of vehicle speed
prediction. GCN calculates spatial correlation by building the topological relationship (connectivity) of the transportation network.
GRU calculates the temporal dependence by calculating the time series changes of vehicle speed.

2.2. Adjacency matrix

The adjacency matrices of STGCN and ASTGCN represent the relationship of distance among nodes. However, the adjacency
matrix of T-GCN represents the connectivity among nodes. Therefore, the adjacency matrix of T-GCN is composed of 0 and 1.
In the comparison experiment, although T-GCN performs well in the long-term prediction, the prediction results of edge value
and local peak value appear the problem of underfitting. Different from the above research, the Diffusion Convolutional Recurrent
Neural Network (DCRNN) [21] uses digraph to calculate spatial-temporal features of traffic data. The DCRNN uses two-way random
walk mechanism to calculate spatial correlation and uses encoder—decoder mechanism to calculate the temporal dependence. The
diffusion of DCRNN mainly reflects in that the entire network generates more predictions by maximizing the time range of the target
value. Compared with the baselines of experiment, the accuracy of DCRNN is improved by 12%-15%. GCNN-DDGF [22] designs
four adjacency matrices based on the data of shared bicycle system, including spatial distance matrix, demand matrix, average
trip duration matrix and demand correlation matrix. It calculates the interrelationships among different types of stations to predict
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the short-term demand in a large-scale shared bicycle network. The Graph Convolutional Neural Network with Data-driven Graph
Filter (GCNN-DDGF) [23] focuses on the similarity relationship of dynamic flow among nodes. It proposes three modes for building
adjacency matrix, including distance graph and interaction graph and related graph. The distance graph uses the reciprocal of the
node distance to represent the weight among nodes. The interaction graph uses the number of driving records between two nodes to
represent the weight among nodes. The related graph uses the Pearson Correlation Coefficient to calculate the correlation between
the inflow or outflow of two nodes in a fixed time interval as the weight among nodes. GCNN-DDGF does not calculate the above
three adjacency matrices separately, but it fuses the three adjacency matrices into one adjacency matrix and performs the process
of graph convolution.

2.3. Special graph

In the field of taxi demand research, in order to capture the relative relationship of space movement of passengers among
different areas, the Grid-Embedding based Multi-task Learning (GEML) [24] divides urban areas into grids. Graph nodes represent
geographic areas (grid form) and the edges among nodes represent passenger demand. GEML uses a multi-task learning module to
calculate the dependency features of time series data (the inflow and outflow of the grid). The Spatial-Temporal Synchronous Graph
Convolutional Networks (STSGCN) [25] proposed a special graph structure (local spatial-temporal graph). The local spatial-temporal
graph focuses on three kinds of influences of a node on its neighbor nodes: the correlation influence based on spatial relationship,
the time dependence influence based on the same node and the influence of spatial-temporal correlation of neighbor node in the
transfer process of a previous time step to a subsequent time step. In the local spatial-temporal graph, each node has not only the
value of its neighbor nodes at the same time step, but also the value of two time steps before and after itself. The value of its neighbor
nodes at two time steps before and after are regarded as its second-order neighbors. The local spatial-temporal convolution uses
graph convolution to allow each node to consider its own relationship with its multi-order neighbors. The mutual influence between
each node and its first-order neighbors includes spatial dependence and temporal correlation. The influence among second-order
neighbors includes the correlation between time and space. The work [26] proposes two adaptive modules which are suitable for
graph convolution, including: node adaptive parameter learning (NAPL) and data adaptive graph generation (DAGG). NAPL does
not share the parameters among all nodes, but it maintains a unique parameter of space for each node to learn the pattern of a
specific node. DAGG overcomes the disadvantage of traditional graph convolutional network that network requires a pre-defined
adjacency matrix and it can automatically calculate the implicit interdependence of nodes from the data.

3. Model design
3.1. Overview

The main structure of DeepTRI is shown in Fig. 3. It establishes a graph structured adjacency matrix (W) based on the spatial
position relationship among cities. The urban TRI data ({V;}) is processed in the form of adaptive graph structure and then
participates in the calculation process of the first Temporal Convolution Layer. The first Temporal Convolution Layer performs
scale compression and feature transformation for TRI data instead of simple linearization and splicing operations. The W is
combined with the output of the first Temporal Convolution Layer ({T Ct1 }) to calculate the spatial correlation of TRI data. The
GDF fuses and calculates the multi-scale features of epidemic data of the various cities ({U}) and whole country ({C}). The
second Temporal Convolution Layer calculates the temporal dependence of the fused data ({SC,}). From Fig. 3, we can know
that Temporal Convolution Layer is composed of multi-level residual blocks. Each residual block contains causal convolution and
dilated convolution. Causal convolution enables the TRI feature of the current node of the hidden layer to be associated with all
historical information, which strengthens the time dependence of the sequence. Dilated convolution enables the convolution process
of the hidden layer to obtain a larger and dynamic receptive field without changing the number of hidden layers. The DeepTRI is
completely composed of the convolutional network, so the BatchNorm2D is used to prevent the gradient disappearance and gradient
explosion of the convolutional network. Finally, the Fully Connected Layer maps the data features to the sample space to get the
final output ({v}}).

3.2. Definition

The prediction problem of TRI can be defined as model predicts the data (v,) of the next time period (¢) from historical data
({v,—gs -++» Uj_p, U,_1 }, s represents the number of historical data), as the formula (2) shows. F represents the method of building
model.

U; =F ([Ur—s’ »Ut—z’Ur—l]) )

The topological relationship among cities is described as a graph structure G = (W, V). The W represents the adjacency matrix
among city nodes. The V represents the TRI data of each city node of per unit time step.

The input data of model has four dimensions, namely [batch size, node count, time step, channel]. The batch size represents the
number of samples which are selected for one epoch. The node count represents the number of city nodes. The time step represents
the number of days. The channel represents the number of data characteristics.
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Fig. 3. The structure of DeepTRI.

The first Temporal Convolution Layer realizes the linear change of the data and the underlying feature calculation, whose shape
is namely [batch size, node count, time step — k + 1, Output1]. k is the size of the convolution kernel of the first Temporal Convolution
Layer. Outputl is the output dimension of the first Temporal Convolution Layer.

The Spatial Convolution Layer contains two processes (GCN and GDF). The GCN itself only changes in data features and its final
shape does not change. The GDF involves the number of people cured by the country’s epidemic, so its shape should be increased
by 1, namely [batch size, node count, time step — k + 1, Outputl + 1].

The second Temporal Convolution Layer calculates the time dependence of data features to form high-level features. Its shape is
[batch size, node count, time step — 2(k + 1), Output2]. Output2 is the output dimension of the second Temporal Convolution Layer.

The output value of the model is produced by Fully Connected Layer, namely [batch size, node count, time step]. The value of time
step indicates the range of TRI that the model needs to predict. For example, the model predicts the TRI value of each city in the
next three days when the value of time step is set to 3.

3.3. Spatial convolution layer

The main function of the Spatial Convolution Layer is to calculate the spatial correlation between the TRI in each city and the
epidemic data. The graph composed of the distribution of cities is established depending on the distance among cities. The GDF
fuses the output of GCN with epidemic data by the method of multiple scales. More importantly, The GDF assigns different weights
to different types of epidemic data.

Graph convolutional network

The basic process of GCN is that each node of graph is affected by adjacent and farther nodes at any time and changes its own
status until the final balance is reached. The closer the adjacent node, the greater the effect on the original node. The Laplacian
matrix can make a positive comparison between the transfer intensity of data and the difference of status. In order to add the effect
of the original node on itself into computational process, an improved version of Laplace matrix is used, as shown in formula (3).

1 1
L=D2AD"2 3)
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A represents the adjacency matrix (W) after W adds self-joins. D represents the degree distribution of nodes of A. It adds its own
degree matrix and solves the problem of self-transfer. The normalization operation of the adjacency matrix is realized by the two
sides of the adjacency matrix are multiplied by the value which is the degree of node being taken square root and inverted. The
original spectral convolution realizes the filter of product of each node and Fourier transform. However, because the eigenvectors
are higher-order variables and the decomposition of Laplace matrix is inefficient in the large graph structure, we use the K-order
Chebyshev polynomials to approximate the computational process of Laplacian matrix, as shown in formula (4).

K
gO0) -y~ Y0, T, (L) y )
i=1
The y is the output of the first Temporal Convolution Layer. The computational process of T,(L) as shown in formula (5), which
represents the recursive definition of Chebyshev polynomials. This method is called K-localized convolution algorithm the K-
localized convolution algorithm which ensures that the current node only considers the influence of nodes whose value in the
range of K. The above process greatly reduces the time complexity of graph convolutional network.

(1) =20 T (1) =T, (1)

i i i

Ty(L) =17, (L) =L ®)

max

Graph data fusion

The TRI data passes through the first layer of Temporal Convolution Layer to form the underlying features of TRI data. After
GCN processing, it has the preliminary spatial correlation features of urban location. The above process is the data processing
process of matrix (a) in Fig. 4. The GDF is indispensable to DeepTRI, because the spatial features of matrix (a) that represents the
relationship of TRI among cities are not significant. The experimental results of DeepTRI without GDF lead to poor performance,
we have verified this theory in our experiments. The GDF fuses the epidemic data of each city with the TRI data of each city and
the national epidemic data by the method of multiple scales to increase the spatial features of each city’s traffic revitalization. We
achieve multi-scale fusion by performing operations such as concat and weighted summation of different dimensions on the matrix
(a) representing the underlying features of TRI and the original epidemic data. The multi-scale fusion process fuses different levels
of semantic features to improve the accuracy of prediction.

For the computational process of (b) in Fig. 4, GDF considers firstly the proportion of different types of epidemic data in the
modeling process. There are four types of epidemic data used by DeepTRI, including the number of confirmed cases, the number
of suspected cases, the number of cured cases and the number of dead cases. Although four types of epidemic data are all about
the COVID-19 epidemic, they have different distribution characteristics, as shown in Fig. 5. Fig. 5 shows the changes in Chengdu’s
TRI and four types of epidemic data within three months. The change of cured cases has obvious dynamic correlation with the TRI
and the other three data have obvious differences with the TRI in the process of change. Therefore, GDF proportionally allocates
the dynamic correlation of the TRI according to the four types of epidemic data.

Such as the computational process in Fig. 4, the four types of epidemic data are mapped into 4 channels in the matrix (b) and
the channel representing cured cases is linearized into 7 dimensions. The proportion of the four types of data is 1:1:1:4. After the
proportional allocation process, the feature matrix has the same dimensions as the matrix (a) which is processed by Con2d with
a convolution whose kernel is 3x3. Because the matrices (a) and (b) have the same matrix dimensions at this time, we apply the
weighted summation method to these two matrices. The matrix (c) represents the cured cases of the whole country. It has preliminary
data features after passing the Conv2d with a kernel of 3x1. Finally, the matrix (c) is concatenated to the matrix which is the result
of add for the features of (a) and (b) to complete the process of multi-scale data fusion of GDF.

3.4. Temporal convolution layer

The traffic vitality represents the long-term traffic change process of the city. For a city, even if the short-term changes in traffic
vitality are uncertain, we can obtain its temporal dependent features from long-term changes. Therefore, we need to design a neural
network layer to calculate the epidemic and TRI data, so that the model can obtain multi-scale context information to improve
the accuracy of prediction. According to the four-dimensional data structure designed in this paper, we design a novel Temporal
Convolution Layer to calculate the features of temporal dependence, as shown in Fig. 6. The role of Temporal Convolution Layer is
mainly reflected in the following three aspects:

« It retains all historical information and uses causal convolution to calculate long-term historical information.

« It uses dilated convolution to expand the receptive field of the convolution process. The dilation factor changes according to
the convex function so that the model does not have too large receptive fields and do not cause local information loss during
deep calculation.

« It is completely composed of a convolutional network and uses a multi-layer residual structure [27] to replace the gating
structure of the traditional recurrent neural network. It overcomes the phenomenon that the traditional recurrent neural
network does not support parallel computing and the training speed is slow [28].
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Fig. 4. GDF structure.
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Fig. 5. The time curve of Chengdu’s TRI and four types of epidemic data. The abscissa represents time (day). The ordinate on the left represents the value of
TRI. The ordinate on the right represents the number of people.

Causal convolution

The theory of causal convolution is applied to trace more distant historical information [29], the formula of causal convolution
is shown in (6). {x;, x5, ..., x,} is the input sequence, {y,, 5, ..., y,} is the output sequence of hidden layer and {f}, f5, ..., fi}
is the filter sequence. Causal convolution only pays attention to historical information and ignores future information. The result of
y, only is derived from the data before x,. The larger the K, the more historical information that can be traced back. If the original
input sequence of the current layer is [0, i], the original input sequence of the next layer will become [0, i+1].

K
Ve = Zfi C XK+ 6)
i=1

Dilated convolution

In the deep network, in order to increase the receptive field and reduce the amount of calculation, the model always needs to
down-sampling. Although the receptive field can be increased, the spatial resolution is reduced. In order to not lose the resolution
and still enlarge the receptive field, we use the dilated convolution [30]. Dilated convolution has a parameter which can control
the dilation rate (d). The convolution kernel is filled with d-1 number of 0. Therefore, the receptive field will be different when
different dilation rates are set. The above process can capture multi-scale information. The formula of dilated convolution is shown
in (7).

Vi = 2 Ji Xisia (7)
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Fig. 7. The structure of multi-level residual.

d represents the dilation factor (dilation rate), which changes according to the convex function. The value range of d is within
the exponential range of 2. Increasing d or K can increase the range of the receptive fields. However, the receptive fields make
the information obtained by long-distance convolution have no correlation with the deepening of the network layer, which means
that the local information of the model is lost resulting in the loss of local information. Therefore, we change the dilation factor
according to the convex function, as shown in the change process of d in Fig. 6. This design mode ensures that the range of the
receptive field is restricted to a certain extent in the deep network and the loss of local information is reduced. The information
transmission of dense neuron makes the model more accurate in the computational process of deep features.

Multi-level residual structure

In order to reduce the complexity of the training process, the residual structure is used to replace the gating structure in the
traditional recurrent neural network, as shown in Fig. 7. The residual structure mainly includes a two-layer convolutional network
and a nonlinear mapping process. The Weight Norm [31] is to use the method (reparameterization weight normalization) to achieve
data normalization. The Weight Norm is often used to accelerate model convergence. It can suppress the range of gradient when
the gradient rotates by normalizing the weight and achieve self-stabilize of the gradient.

We use the Tanh as the activation function after the convolutional network for the following reasons:

The value range of the TRI data used in this experiment is [0,1]. The Z-Score standardization process is performed after the data
is loaded. The formula of Z-Score is as follows.

X-X
N

Z= (8)

X represents the original data, X represents the mean and s represents the standard deviation. From the computational process of
Z-Score, it saves the difference between the original data and the average. So, the Z of the average is equal to 0, the Z of the data
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which is greater than the average is positive and the Z of the data which is smaller than the average is negative. After the TRI data
is standardized, its minimum value is —2.399 and its maximum value is 1.415. The Tanh function has a mean value of 0, which
is more conducive to improving training efficiency. Since the output range of Tanh is [-1,1], the gradient value of the parameter
has an opposite sign during the training process so that the zigzag phenomenon is not easy to occur when updating weight and it
is easy to reach the optimal value [32].

3.5. Post-processing

Based on the above theory of Weight Norm, we add Batch Norm [33] in the process of data normalization to deal with the
problem of unstable performance caused by excessive data volume after activating the Temporal convolution Layer. The Batch
Norm is as the formula (9) shown.

X—H
\/;+eps

u and v are the mean and variance of the input data, respectively. The eps is a stability factor added to increase the stability of the
computational process and its value is equal to 1e-5 The gamma and beta are coefficient matrices that can be learned. The process of
data normalization can make the direction of the gradient descent to the direction of the vertical contour in space. The above process
can improve the convergence speed of the model and it can average the weight of each level of data in the feature calculation to
improve the accuracy of the model. Finally, the fully connected layer maps the distributed features calculated by the network to
the sample target space.

y= X gamma + beta )

4. Experiment
4.1. Data preparation

The time range of the TRI data [2] used in this experiment is from February 10, 2020 to June 30, 2020. The time type of TRI data
is continuous working days. It contains 29 major cities in China. The TRI data is obtained by fitting, cross-validating and weighting
the massive traffic data provided by the Didi Travel Platform. It can scientifically and objectively reflect the urban traffic activity.
The change trend of the index can reflect the trend of traffic activity, thereby indirectly reflecting the trend of urban recovery. The
epidemic data includes four types of data (the number of confirmed cases, the number of suspected cases, the number of cured
cases and the number of dead cases) for 29 cities and the number of cured cases for the entire China. The time range of epidemic
data is the same as that of the TRI data. The epidemic data comes from the National Health Commission of the People’s Republic
of China [34].

4.2. Index comparison

Base lines

We set three types of baselines to verify the performance of the model, including traditional recurrent neural networks, spatial—
temporal neural networks and graph spatial-temporal neural networks. All models are trained and evaluated on the same data set.
The experimental result is the mean value of multiple training and evaluation results. The model structure of various baselines in
the experiment is as follows:

LSTM [35]: It controls the transmission state of data through a gating mechanism. Compared with traditional RNN which
only mechanically superimposes one kind of memory, the LSTM retains the long-term memory and forget the unimportant
information.

GRU [36]: Its input and output structure are similar to traditional RNN and its processing logic is similar to LSTM. Compared
with LSTM, GRU has one less “gating” inside and has fewer parameters than LSTM, but it can achieve similar functions and
accuracy to LSTM. Considering the computing power and time cost of hardware, GRU is the choice of more researchers engaged
in deep learning.

STDN [37]: It uses local CNN and LSTM to calculate spatial-temporal information. A gated local CNN uses dynamic similarity
among regions to model spatial dependence. A mechanism of periodic shifting attention is used to learn long-term periodic
dependence. Finally, it uses the attention mechanism to model long-term periodic information and time translation.

GCN [38]: It uses a filter to perform a weighted summation of pixels in a certain spatial area to obtain a new feature
representation. The weighting coefficient is the parameter of the convolution kernel.

STSGCN [39]: It consists of multiple graph convolution operations and an aggregation operation. The output of each graph
convolution operation will be added to the input of the aggregation layer in a similar way to the residual neural network.
Aggregation is achieved using maximum pooling.

GCNN-DDGF [21]: It uses a traditional convolutional network and a graph convolutional network based on data-driven filtering
to capture spatial correlation. It uses a recursive block of LSTM structure to capture the temporal dependence of data features.
DCRNN [21]: It uses a directed graph to calculate the spatial-temporal features of the data in the adjacency matrix
design process. We use its two-way random walk mechanism to calculate the spatial correlation among cities and use the
Encoder-Decoder mechanism to calculate the temporal dependence of the data.

10
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Table 2

The results of evaluation indexes.
Model RMSE MAE MAPE

1d 2d 3d 1d 2d 3d 1d 2d 3d

GRU 6.15 6.34 6.52 3.86 3.90 3.94 6.88% 7.54% 8.32%
LSTM 6.06 6.27 6.62 3.67 3.75 3.89 6.55% 7.29% 8.28%
STDN 6.11 6.30 6.50 3.80 3.85 3.94 6.72% 7.40% 8.25%
GCN 6.09 6.46 6.49 3.77 4.00 3.96 6.68% 7.61%. 8.29%
GCNN-DDGF 5.86 5.97 6.02 3.87 3.97 3.73 6.13% 7.01% 7.45%
DCRNN 5.46 5.85 5.97 3.78 3.86 3.65 6.11% 6.72% 6.89%
GEML 5.23 5.54 5.69 3.55 3.59 3.72 6.11% 6.43% 6.57%
STSGCN 5.02 5.42 5.62 3.41 3.54 3.69 5.94% 6.13% 6.47%
DAGG 4.32 4.45 4.98 3.23 3.48 3.62 5.13% 5.36% 5.97%
T-GCN 3.98 4.10 4.07 3.06 3.16 3.13 4.49% 4.72% 4.78%
ASTGCN 3.58 3.64 3.73 2.72 2.77 2.84 4.39% 4.57% 4.86%
STGCN 2.87 2.88 2.89 2.19 2.21 2.22 3.47% 3.40% 3.31%
DeepTRI 1.36 1.34 1.53 0.98 0.95 1.14 1.44% 1.38% 1.62%

GEML [24]: It divides the urban area into grids, but this work is aimed at the TRI relationship among multiple cities, so the
grid division of a single city does not apply to this work. We only use the model result of GEML that is the multi-task learning
module.

DAGG [26]: It does not need to predefine the adjacency matrix that represents the spatial relationship of the city. The
interdependence among city nodes can be automatically established during the training process.

T-GCN [19]: This model combines graph convolutional network (GCN) and gated recursive unit (GRU). GCN is used to learn
complex topological structures to capture spatial correlation and GRU is used to learn dynamic changes of traffic data to
capture temporal dependence.

STGCN [17]: It builds a spatial-temporal convolution block (ST-Conv block) composed of a continuous three-layer convolution
network and a layer of GCN. The data is processed by two layers of ST-Conv blocks.

ASTGCN [18]: It uses a spatial-temporal block (ST-BLOCK) composed of a spatial attention layer and a temporal attention
layer. The data is processed by two layers of ST-BLOCKs. Finally, it performs a fully-connected process with three temporal
characteristics.

Index introduction
This experiment uses three indexes to evaluate the performance of the model, including root mean square error (RMSE), mean
absolute error (MAE) and mean absolute percentage error (MAPE), as shown in the formula (10).

n
I
MAE =~ 315, = | (10)
i=1

n A~
MAPE =1 Z BT
n3 Yi

MAE and MAPE can measure the accuracy of a model’s prediction results, but they are both based on the computational process
of absolute error. Although the absolute error can obtain an evaluation value, we cannot know the pros and cons of the model
performance represented by this evaluation value. Only through the comparison between models can we know the best model.
Therefore, RMSE was also used in the evaluation process of this experiment. RMSE is used to measure the deviation between the
predicted value and the true value. It is very sensitive to very large or very small errors in a set of data. So, the RMSE can well
reflect the precision of the prediction results [40].

The evaluation results of all models for the three indexes are shown in Table 2. GRU and LSTM are traditional recurrent neural
networks, which have the worst performance. Because they cannot handle complex spatial relationship. The STDN and GEML add
a convolutional network to the traditional recurrent neural network model to calculate the spatial relationship and the accuracy of
the model is improved. However, it is not a model for graph structure and it has no significant effect in this experiment. The GCN is
suitable for calculating the spatial relationship of the graph structure, but it lacks the ability to rely on the temporal features of the
calculation, so its performance is not best optimal. The city information and TRI data features of the dataset used in this work are
very obvious and rich. Compared with the automatic graph structure model of DAGG, the adjacency matrix directly established in
this work is more effective. The basic process of graph spatial-temporal neural networks (GCNN-DDGF, DCRNN, STSGCN, T-GCN,
ASTGCN and STGCN) is that they use GCN for spatial relationship calculation and use recurrent neural network for the calculation of
temporal dependence. Therefore, they cannot obtain the deep multi-scale context features of the data during the recursive modeling
process.

11
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Fig. 9. The change of TRI of a single node over time. The abscissa represents time (day). The ordinate represents the value of TRI.

Table 3

The error reduction ratio.
Time step (d) RMSE MAE MAPE
1 52.61% 55.25% 58.50%
2 53.47% 57.01% 59.41%
3 47.06% 48.65% 51.06%

Compared with the above graph neural network, DeepTRI has a significant effect with the smallest errors in the three dimensions
of time. This is due to the fact that DeepTRI considers the impact of epidemic data on the change of TRI in both space and time.
Compared with the indexes of the three dimensions time of STGCN, the error reduction ratio is shown in Table 3. When the time
step of DeepTRI is 2d, the reduction ratio is the largest. This is because the causal convolution mechanism of DeepTRI’s Temporal

Convolution Layer can retain all historical information, which is more suitable for long-term information calculation.
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4.3. The effect of GDF

The GDF plays an important role in the training process of model. The effect of GDF is shown in Fig. 8. Fig. 8 shows the changes
in the loss value of the two models for 100 epochs and the experimental parameters are exactly the same. The DeepTRI without
GDF converges very slowly in the early stage of the training process. Even if the loss has decreased significantly in the mid-term,
the final effect is not ideal. With the help of GDF, the DeepTRI can converge quickly and the loss of training can be maintained in a
small numerical range without overfitting. This is because the epidemic data has obvious dynamic correlation to the TRI and GDF
amplifies their dynamic correlation. Finally, The GDF strengthens the model’s weighting features of the modeling target.

4.4. Spatial-temporal results

This chapter mainly focuses on two under-fitting problems in the comparison of actual results of the model, including:
under-fitting of edge values and under-fitting of local peaks [41].

Under-fitting of edge values

The problem of under-fitting of edge values means that the model has better prediction results for the median value of TRI,
but it has poor prediction results for smaller or larger TRI. This kind of problem is shown in Fig. 9(a), (b) and (c). For example,
in the (a), the predictive value of the TRI is basically consistent with the true value in the interval [48, 78], while there is an
under-fitting problem in the predicted value in the interval [38, 48] and [78, 88]. The predictive result approximates a straight
line. The under-fitting problem of edge value is reflected in all city matrices. Fig. 10(a) and (b) illustrate the spatial breadth of edge
value. The reason for this problem is that the intermediate values overlap and the features are more obvious in the data set, while
the edge data is sparse and the spatial correlation between the edge values is insufficient.

The above problem can be effectively avoided by the graph neural network, as shown in Fig. 11(a). The (a) is the modeling
result of TRI with the GCN, which effectively avoids the problem of under-fitting of edge values. The GCN can capture the spatial
relationship of the graph structure, which makes the predictive values have fitting ability in all intervals of the data. Fig. 11(b)
and (c) show the results of complex graph spatial-temporal networks. From their comparison results, we can learn that the spatial-
temporal network based on GCN can further suppress the under-fitting problem of edge values. In particular, the T-GCN as a graph
spatial-temporal network exhibits a certain degree of under-fitting problem of edge values. This is because the T-GCN uses a gating
mechanism to capture the temporal dependence of data. It relies too much on historical data and the weight of the edge value in
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the historical data is too small, which eventually leads to the above problem. Fig. 12(a) and (b) respectively show the degree of fit
of all city nodes to larger and smaller edge values. We can know that the spatial breadth of edge values is suppressed with the help
of graph convolutional networks and each city node shows different data changes.

Under-fitting of local peaks

The under-fitting problem of local peak means that the under-fitting problem of the predictive value occurs when the true data
changes greatly. Although the overall evaluation index is good, the prediction results of local peaks are poor, as shown in Fig. 13.
Fig. 13 is a part of the curve in Fig. 11(a). Although the addition of GCN solves the problem of underfitting of edge values, it
brings about the problem of underfitting of local peaks. This problem occurs because GCN is only suitable for the calculation of
spatial correlation of graph structure, but it lacks consideration of the recursive relationship of time series. In Fig. 9, the traditional
recurrent neural network has significant advantages in the temporal-dependent calculation of the median value of TRI. The graph
spatial-temporal network represented by STGCN shows the advantage of predicting edge values and local peaks. They use GCN to
solve the problem of underfitting of edge values and use recursive networks to solve the problem of underfitting of local peaks.

Overall improvement

The predictive effect of DeepTRI is shown in Figs. 9, 10, 11 and 12. Figs. 9 and 10 show the superiority of DeepTRI in capturing
time series features in a single node with continuous time period. Figs. 11 and 12 show the superiority of DeepTRI for capturing
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Fig. 13. Examples of local peaks.

the spatial features of all nodes at the same time. The accuracy of DeepTRI is better than traditional recurrent neural networks
because the Spatial Convolution Layer can establish the spatial relative relationship among nodes and strengthen the dynamic
synchronization features of urban nodes. The accuracy of DeepTRI is better than GCN because the Temporal Convolution Layer
relies on the dilated convolution according to the convex function changing to establish a wide range of receptive fields and relies
on the multi-level residual structure to overcome the long-term temporal dependence of the gating mechanism on historical data.
The accuracy of DeepTRI is better than other graph spatial-temporal network because the special GDF structure fuses the epidemic
data with the TRI data in the method of multiple scales according to different weights, it makes the trend of data feature more
obvious.

5. Conclusion

The COVID-19 epidemic is a challenge that all mankind must cope with. Firstly, the emergence of COVID-19 has affected human
activities. With the reduction of human travel activities, the vitality of the transportation industry gradually declines. Because the
transportation industry is closely related to the development of the economy of city, the economy has been hit hard by the emergence
of COVID-19. Studying the relationship between TRI and the COVID-19 epidemic is of great significance for government departments
to grasp the traffic and economic development status of the city during the epidemic. We use the existing data of TRI and COVID-19
to realize the prediction research on the future urban traffic vitality. The special GDF module realizes multi-scale fusion of the data
of TRI and COVID-19 and it plays a huge advantage in the modeling process. We rely on the location information of the city to
establish a graph structure and fully explore the spatial relationship among city nodes in the Spatial Convolution Layer. The special
Temporal Convolution Layer fully exploits the features of temporal dependence of TRI and COVID-19. DeepTRI shows an obvious
advantage when facing with two under-fitting problems. However, the acquisition of TRI data has certain limitations. TRI data is
based on the normal conditions of urban traffic as the boundary value (it is generally equal to 1). Its meaning refers to the process
of a major accident in the city that affects the operation of the urban traffic and eventually returns to a normal state. Therefore, if a
urban traffic has been operating normally, its TRI data will be difficult to obtain. The time range of the TRI data used in this work
is from February 10, 2020 to June 30, 2020 in China. The emergence of the new crown epidemic was at the end of 2019. However,
the initial stage of the epidemic did not receive the attention of people and relevant anti-epidemic policies were not designated to be
formulated and implemented. Therefore, the traffic status of most cities in China was not affected at the beginning of the epidemic.
With the development of the epidemic, China implemented strict epidemic prevention policies from February to June 2020. At the
same time, the traffic in various cities in China has gradually returned to normal from the worst. The above process is the main
source of TRI data in this work. In future work, we will expand the scale of data to analyze and predict the relationship between
TRI and COVID-19 for the entire country and select more cities as nodes to join the graph structure. Furthermore, we can calculate
the extent which represents that the country is affected by the epidemic when there are enough data of cities in a country. In our
opinion, the significance of this research is that it provides a reference tool for the analysis and prediction of future public safety
disasters.
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