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ABSTRACT

Coronavirus Disease 2019 (COVID-19) has become one of the most serious global health crises in decades and
tremendously influence the human mobility. Many residents changed their travel behavior during and after the
pandemic, especially for a certain percentage of public transport users who chose to drive their owned vehicles.
Thus, urban roadway congestion has been getting worse, and the spatiotemporal congestion patterns has
changed significantly. Understanding spatiotemporal heterogeneity of urban roadway congestion during and
post the pandemic is essential for mobility management. In this study, an analytical framework was proposed to
investigate the spatiotemporal heterogeneity of urban roadway congestion in Shanghai, China. First, the matrix
of average speed in each traffic analysis zones (TAZs) was calculated to extract spatiotemporal heterogeneity
variation features. Second, the heterogenous component of each TAZ was extracted from the overall traffic
characteristics using robust principal component analysis (RPCA). Third, clustering analysis was employed to
explain the spatiotemporal distribution of heterogeneous traffic characteristics. Finally, fluctuation features of
these characteristics were analyzed by iterated cumulative sums of squares (ICSS). The case study results sug-
gested that the urban road traffic state evolution was complicated and varied significantly in different zones and
periods during the long-term pandemic. Compared with suburban areas, traffic conditions in city central areas
are more susceptible to the pandemic and other events. In some areas, the heterogeneous component shows
opposite characteristics on working days and holidays with others. The key time nodes of state change for
different areas have commonness and individuality. The proposed analytical framework and empirical results
contribute to the policy decision-making of urban road transportation system during and post the COVID-19
pandemic.

Introduction

behaviors from public transport to individual automobile due to health
threat (Arimura et al., 2020; Beck et al., 2020; Fatmi, 2020). Thus, urban

The coronavirus disease 2019 (COVID-19) has spread worldwide
with serious effects on human beings. Current studies show that the
pandemic and travel behavior would influence and interact with each
other (Huang et al., 2020; Neuburger and Egger, 2020; Oum and Wang,
2020). Since human mobility, especially those based on public trans-
port, is an important underlying factor for the rapid spread of the virus
during the COVID-19 outbreak period. People may change their travel

* Corresponding author.

road traffic congestion patterns during and after the COVID-19
pandemic are significantly different to previously daily patterns. For
example, according to the results of the survey on the post-pandemic
travel behavior in Shanghai, around 82% of respondents who used to
take public transport have shifted to private transport modes for
commuting (Wang et al., 2021).

Current studies usually focused on urban roadway congestion
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patterns during relatively short-term non-recurrent incidents such as
natural disasters, adverse weather and so on (Anbaroglu et al., 2014;
Giiner et al., 2012; Li et al., 2015; Skabardonis et al., 2003). However,
compared with natural disasters or adverse weather conditions, the
impact of pandemics may last longer, e.g., months or even years, and
roadway congestion patterns could be affected by multiple factors,
including pandemic prevention strategies, work resumption orders and
so on (Jun 2010; Xu et al., 2019; Liu and Sharma, 2006; Nian et al.,
2020; Xu et al., 2020). Our previous study (Li et al., 2021b) investigated
the spatial heterogeneity of urban roadway congestion during the
pandemic. The inherent composition of urban road congestion patterns
was identified using the temporal distribution of hourly average speed in
different TAZs. However, the impact of pandemics on urban roadway
congestions is not evenly distributed in both time and space. Actually,
the spatiotemporal heterogeneity of urban roadway congestion is more
important for mobility management during and post a pandemic.

This study aims to investigate the spatiotemporal impact of multiple
factors on the road network, which contains both homogeneity and
heterogeneity components. The former represents similar variation
trend for all TAZs, while the latter represents spatiotemporal heteroge-
neous characteristics for different TAZs. A modeling framework is pro-
posed to reveal the spatiotemporal homogeneity and heterogeneity of
the transportation system characteristics. The proposed framework first
constructs a spatiotemporal speed matrix. Next, the homogenous and
heterogeneous components from overall traffic state variations are
separated. Then, a clustering method is used to all TAZs into several
clusters with similar heterogeneous traffic characteristics to understand
the heterogeneous spatial distribution. Finally, the series analysis
method is used to determine the temporal characteristics for each
cluster. An empirical study of Shanghai is conducted using speed data of
TAZs collected in the first half of 2020. The change in heterogeneous
traffic conditions of Shanghai during and after COVID-19 is revealed and
analyzed based on the proposed framework.

Several features distinguish this study from previous ones. First,
though previous studies have explored the role of the transportation
system in infectious diseases like HIN1 (Lowcock et al., 2012; Xiao
et al.,, 2011; Xu et al., 2019), SARS (Yoneyama et al., 2010), etc., the
influence scope and degree of these diseases are far less than that of
COVID-19. In addition, these studies mainly discussed the effect of the
transportation system in virus transmission by mathematical models (Li
etal., 2021a), but few studies explored the congestion variations of road
network under a pandemic. In this paper, an analytical framework was
proposed to assess the temporal and spatial impacts of the COVID-19
pandemic on Shanghai Road network. The proposed framework can
be used in other similar cities under the COVID-19 or similar pandemic
conditions in future.

Second, previous studies mainly focused on road network conditions
under respectively short-term non-recurrent incidents, e.g. adverse
weather, traffic accidents (Anbaroglu et al., 2015; Li et al., 2013; Zhao
et al., 2019), while study period in this work is six months from January
to June 2020, including three stages: the pre-pandemic period, the
outbreak period, and the resumption period, which comprehensively
reflects the long-term impact of several factors on the transportation
system during the pandemic.

Third, previous studies usually decomposed high-dimensional OD
matrices under a certain travel mode to obtain the main travel compo-
sition (Duan et al., 2018; Lakhina et al., 2004), but it is hard to collect
origin—destination (OD) in the whole city level, and the results cannot
fully reflect road congestion variations. In this paper, robust principal
component analysis (RPCA) algorithm was used to extract the homo-
geneous and heterogeneous components from original speed matrix
effectively. The results show that RPCA algorithm has strong adapt-
ability to the data with sharp noise.

This paper is structured as follows: Section 2 provides a brief review
of related work; Section 3 introduces the study area and the data; Section
4 presents the proposed framework and the methods; Section 5 presents
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the results; Section 6 presents discussion of results and suggestions for
future research to address the limitations of this study; Section 7 sum-
marizes conclusions.

Literature review

Previous studies usually focused on traffic patterns during or after
non-recurrent traffic events such as natural disasters and adverse
weather conditions to better minimize the negative impact on urban
systems. For example, Wolshon and McArdle (2009) illustrated the
extent to which the evacuation impacted the road traffic conditions in
Louisiana following Hurricane Katrina. Hara and Kuwahara (2015)
focused on the human mobility patterns and their impacts on traffic
congestions after the East Japan earthquake, emphasizing the impor-
tance of probe data in disaster mitigation planning. Li and Chen (2014)
investigated the non-recurrent freeway congestions caused by rain-
storms. Polson and Sokolov (2017) developed a deep learning model and
predicted the traffic flow of an interstate during an extreme snowstorm
event. Umeda et al. (2019) analyzed the traffic state of a commercial
vehicle from a macroscopic viewpoint by using the probe data gathered
in western Japan during a period of heavy rain. In addition to the
empirical analysis of traffic patterns, considerable attention has been
paid to evacuation modeling and simulation. A comprehensive review
about highway evacuation models over the past decade can be seen in
Murray-Tuite and Wolshon (2013).

During the outbreak period of COVID-19, transportation systems had
a great significance on blocking virus spread. Governments issued
transport policies, including travel restrictions, road closures and public
transit outages to reduce residents’ travel and the infection risk. Suffi-
cient studies have demonstrated that COVID-19 has changed residents’
mobility pattens and travel behavior, which would further affect the
characteristics of urban road traffic. Gan et al. (2020) explored the
different patterns of COVID-19 pandemic risk on a 500 x 500 m spatial
scale. The results suggested that areas and nodes such as city centers,
airports and railway stations with high mobility have a greater risk of
infection. de Haas et al. (2020) analyzed the impact of “intelligent
lockdown” on people’s activities and travel behavior. The results
showed that around 80% of residents reduced their outdoor activities.
Chinazzi et al. (2020) evaluated the benefits of travel limitations on the
spread of COVID-19 in terms of national and international based on the
proposed model. Oum and Wang (2020) showed that government ac-
tions like travel restrictions via lockdown or monetary penalty are
necessary during communicable viruses including COVID-19. Engle
et al. (2020) combined GPS data with COVID-19 case data and other
demographic information to estimate how “stay-at-home” orders influ-
ence the local infection rate.

Road traffic patterns during a pandemic are different from those
disasters such as earthquakes, hurricanes, rain storms etc. Due to the
rare probability of a pandemic, the characteristics of road traffic during
such an event has received insufficient attentions. Although some recent
studies have investigated the interaction between travel behavior and
COVID-19 spread, this has been predominantly through the establish-
ment of mathematical models or multi-agent simulation to calculate the
risk of infection. A detailed review of various epidemic spread models
can be found in the work of Li et al. (2021). Thus, there remains a lack of
research on the road traffic spatiotemporal characteristics during and
after the COVID-19 pandemic.

Study area and data

Shanghai was selected as the case study area. Shanghai is the center
of finance, trade, shipping, and technological innovation in China, and
an emerging global city in worldwide. As an international megacity with
more than 24 million residents, Shanghai faced significant challenges
during and post the pandemic. Although the pandemic has been well
under controlled by strict measures by local government, many residents



P. Xu et al.

changed their travel behaviors from bus/transit to automobile. The
increased automobile usage has been causing significant roadway
congestions.

The data used in this study was provided by Baidu Maps. The data
sample are shown in Table 1. The hourly average speed data was
collected in terms of traffic analysis zones (TAZs) in Shanghai from
January 1 to June 15, 2020. Fig. 1 shows the spatial distribution of 439
TAZs based on 16 administrative districts. The purple zone is the urban
central area of Shanghai is surrounded by an outer ring road. In this
study, we mainly focused on the daytime road traffic patterns between 6
a.m. and 9p.m.

The pandemic situation in Shanghai has experienced a tortuous
process. Fig. 2 shows the timeline of the pandemic developments in
Shanghai. The first case was confirmed on January 20, and then the first-
level emergency response was issued by the government on January 25°.
In accordance with the law on the prevention and treatment of infectious
diseases, the measures on the prevention and control of the COVID-19
outbreak had been taken in the transportation system of Shanghai, as
illustrated in Fig. 3. Although the number of confirmed local cases
gradually stopped increasing, the Spring Festival holiday was extended
by 5 days to February 9 to control the risk of the pandemic spread.
Despite of some imported cases, the whole situation in Shanghai has
been basically under control in late February. The emergency response
level was lowered to level 2 on March 23 and downgraded to level 3 on
May 3.

Along with the COVID-19 developments before late March, three
main factors are supposed to simultaneously affect the social and eco-
nomic operation in Shanghai, as well as the transport operation. They
are the unusual human migration after the Spring Festival holidays, the
reduced public life during the pandemic, and the resumption of work
and production.

First, the start of Spring Festival holidays coincided with the emer-
gence of COVID-19. Migrant workers had traveled back to their home-
towns before the start of the travel ban on January 23. Three quarters of
the migrant workers had not returned from their holidays as usual
because of the travel ban or home-based self-quarantine.

Second, the extended Spring Festival holidays were outbreak-control
closure periods for social distancing. From the perspective of urban
transport, with the reduced public life came the decreasing travel de-
mand especially in the public transport systems.

Finally, after the Spring Festival holidays, all sectors in Shanghai
were striving to resume work and production in an orderly manner.
However, the shortage of migrant workers, the partial resumption of

Table 1
Data sample and attributes.
Attributes Data sample Explanation
ID 20 ID of TAZ
Days Label Workday Workday or holiday

Weekday Number 2 1 for Monday, 2 for Tuesday, ...

Time Periods p.m. peak a.m. peak/p.m. peak/off-peak/other
Label
Timestamp 2020-02- Yyyy-MM-dd-HH
01-08
Traffic Index 0.72491 The congestion level in the TAZ
Congestion 4.1024 Congested mileage in the TAZ (km)
Mileage
Average Speed 36.05267 Average speed of the TAZ (km/h)
Week Number 2 The week of 1 January 2020 is the first

week, ...

2 According to “contingency rules of paroxysmal public health events”, public
health emergency events are classified into four levels, with severity decreasing
from Level 1 to Level 4.
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work at home and the unresolved concern of pandemic made the
resumption of work and production slower than expected. From the
perspective of intracity travel demand, the travel demand did not
recover immediately until the whole situation in Shanghai was basically
under control and the resumption of work accelerated in March.

Methodology
Framework

Fig. 4 presents the methodological framework of this study. The
framework includes four main steps:

Step 1. Spatiotemporal speed matrix calculation: calculate matrix
M = {my} to reflect the variation of roadway speeds, where my; is the
average speed of all links in TAZ i during the j-th hour.

Step 2. Spatiotemporal speed matrix decomposition: identify the
heterogeneity component from the overall traffic characteristics in
spatiotemporal matrix with RPCA. The sparse matrix S = {s;}, ob-
tained by decomposition, reflects the heterogeneity of the TAZs.
Step 3. Identification of heterogeneous groups: categorize TAZs with
similar heterogeneity to explore the spatial and temporal distribu-
tion characteristics by using K-means clustering method.

Step 4. Analysis of the fluctuation characteristics of heterogeneity:
find structural break points of the cluster center series by using
iterated cumulative sums of squares (ICSS) to understand the tem-
poral variation patterns of heterogeneity.

Separation of heterogeneity component in traffic characteristics

Matrix decomposition is a common way to extract features from
original data (Chen et al., 2020; Hu et al., 2019; Lakhina et al., 2004;
Ullah and Finch, 2013; Wang et al., 2012). Common matrix factorization
methods include Non-negative Matrix Factorization (NMF), Principal
Component Analysis (PCA), and Singular Value Decomposition (SVD),
etc. NMF can only be used for non-negative matrices and obtain the base
matrix and coefficient matrix after dimensionality reduction, but it
cannot reconstruct the original matrix based on several important
components. SVD and PCA are almost same in most cases (Gerbrands,
1981). They lay down the foundation to untangle data into independent
components. While PCA cannot provide ideal results when the data are
large and contain much noise, RPCA is able to recover essentially low-
rank data from large and contaminated data. The robust principal
component analysis algorithm (RPCA) is applied to decompose the
original spatiotemporal matrix of the average speed M.

Given M, the RPCA algorithm takes the matrix M as the sum of a low-
rank matrix Ly and a sparse matrix Sy (most elements of the matrix are
zero). From the perspective of transportation, the low-rank matrix Lo
reflects shared variation characteristics for all TAZs, while the sparse
matrix Sy reflects spatiotemporal heterogeneous characteristics for
different TAZs influenced by several factors. Ly and S, are solved by Eq.
(1). The basic idea of RPCA is to balance the two optimization objectives
(minimizing the rank of L and the number of non-zero elements of S) by
coefficient 1. Considering that O-norm (the number of non-zero ele-
ments) is discontinuous, 0-norm is replaced by 1-norm (sum of absolute
values of elements)

minl|L. + 2)S]|, s.0L+8 = M ¢))

RPCA requires that the low-rank matrix L, should not be too sparse
and the sparse matrix S, should not be low-rank (Candes and Plan,
2010). To guarantee L, is not a sparse matrix, the original matrix M
should not be sparse, and to ensure that S is not low-rank, there should
be enough events in the study period. For this study, the original average
speed matrix of the TAZs is clearly not sparse and the study period is
long enough to contain many events. The objective function of RPCA



Transportation Research Interdisciplinary Perspectives 13 (2022) 100555

P. Xu et al.

Traffic analysis zones

Ve

“ L
e

~
\-y% Chongming
~

:’ District boundary

Urban central area

0510 20 30 40
O m— kT

Fig. 1. Study area.

Low-rank

Matrix decomposition

Matrices construction

Traffic analysis zones (TAZs) ‘

>
Temporal
T
Series of average speed ‘

K-means clustering

Spatial distribution of each cluster

Change pomts recognition
i T

Series of cluster center

renedg

Fluctuation characteristics of heterogeneity

Fig. 2. A timeline of COVID-19 developments in Shanghai.

that the elements in the error matrix obey the same and independent

needs to be written in the form of Eq. (2) by Lagrange multiplier, where
u is a penalty parameter to ensure the convergence of the algorithm: normal distribution.(Zhou et al., 2010)
&) u = +/2max(n;,n)o 3)

min|ILll+ 28l + < ¥, M ~L—S > +5)M - 5|}
The recommended value of A can be computed via Eq. (4) below:

For the matrix of n; x n,, the recommended value of y can be
calculated via the following equation, in which ¢ is the variance, and A=1/y/max(n;,n,) (€]
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Baseline week

Jan 13 - Jan 17 , 2020 Feb 10 - Feb 14 , 2020

Average speed change rate (%)
-40 -30-20-10 0 10 20 30 40

Average speed (knvh)

10 20 30 40 50 60 70 80 90

Mar 9 - Mar 13 , 2020

Transportation Research Interdisciplinary Perspectives 13 (2022) 100555

The first week of work resumption The fifth week of work resumption The first week of school resumption The fourth week of school resumption
Apr 27 - Apr 30, 2020

May 18 - May 22, 2020

(a) Morning peak (7 a.m. to 8 a.m.)

Baseline week

Jan 13 - Jan 17 , 2020 Feb 10 - Feb 14 , 2020
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Mar 9 - Mar 13 | 2020

Apr 27 - Apr 30 . 2020 May 18 - May 22 , 2020
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(b) Evening peak (5 p.m. to 6 p.m.)

Baseline week

Jan 13 - Jan 17 , 2020 Feb 10 - Feb 14 . 2020

The first week of work resumption The fifth week of work resumption The first week of school resumption The fourth week of school resumption
Mar 9 - Mar 13, 2020
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Average speed change rate (%)

Average sEged (km/h)

10 20 30 40 50 60 70 80 90

-40 -30-20 -10 0 10 20 30 40

(c) Off-peak (6 a.m. to 9 p.m. except for the morning and evening peak)

Fig. 3. Preventive & control measures applied in the transportation system in Shanghai (by March).

With these parameters determined, the Iterative Thresholding algo-
rithm is then applied to solve this convex optimization problem.

Classifying TAZs by heterogeneity component

The K-means clustering algorithm is employed to determine the
clusters of TAZs with similar heterogeneous traffic characteristics.
Taking the sparse matrix Sy obtained in Section 3.2 as the heterogeneity
of variations for all TAZs, K-means clustering is used to determine the
number of heterogeneous scenarios.

The key problem of clustering is the similarity index and the number
of clusters. For the selection of similarity index, Euclidean distance is
compared between two TAZs of average speed data, i.e., to compare the
Euclidean distance between the rows of sparse matrix Sy. Since the time
and space complexity of K-means are O(n), clustering the rows of Sy is
not a time-consuming work.

Fluctuation analysis of heterogeneity component

The algorithm of Iterated Cumulative Sums of Squares (ICSS) (Inclan
and Tiao, 1994) is used to analyze the fluctuation characteristics of
heterogeneity component for each cluster and can identify the mutation
of sequence variance to search structural breaks. ICSS is based on the
central cumulative sum of squares (Brown et al., 1975). First, we define
the logarithmic speed change rate as:

r, = logv, —logv,_, 5)
where v, denotes the average speed of either TAZ in t-th time interval.
The constant term is removed:

rn=b+a (6)

where q; is an uncorrelated random variable with mean zero and vari-

ance atz, t=1,2,..,T.C, = Z:‘Zla? the cumulative sum of squares for a;
and consider its normalized form:
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The first week of work resumption The fifth week of work resumption  The first week of school resumption The fourth week of school resumption
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Fig. 4. Framework of the methodology.

Dy = C/Cr—k/T,k=1,,T,withDy = Dy = 0 (continued)

Algorithm 1 Iterated cumulative sums of squares (ICSS)

If the maximum value of |/T/2|Dy| is greater than the critical value,

there is a variance change point, and its location is the moment of 15. Mt :T) = Hlax(\/ (T—t1 +1)/2|De(altr : 77) I)
structural change in volatility. This method can also be used to examine 16. Koy = argmax (|Di(alty : )P} //tn <k < T
multiple change points when a major structural break can mask the 17. Kt =t —1
impacts of other change points. The pseudo-code of the ICSS algorithm is 18. if Kgirse = Kias: //there appears only one change point.
shown below. 19. end while
Algorithm 1 Iterated cumulative sums of squares (ICSS) Z;’ g ; gﬁi{iﬁrlsr} U {kiase }
Input: Series length T, critical value D" (confidence level: 0.95) 22. T = Kigst
1. 6=1,Q=0kirg =L, ke =T, 23. ifM(ty : T) <D":
2. while kgrg < kst { 24. end while
3. K = argmax(|Di(alty : T]) |) 25. } ‘
4 k:opy Kty =K Output: Change points Q.
5 M(t:T) = /(T—t +1)/2IDx(altr : T]) |
6. if M(ty : T) > D':
7. Q= QU {k"} //consider that there is a change point in k. Results
8 while M(t; : tz) > D": {
9. ty =k The overall road congestion variation
10. M(t : o) =max +/(tz —t1 +1)/2|De(alts : ]) |
11. k" = argmax (|Dx(alt; : &)} //t1 <k <t The weekdays between January 13, 2020, and January 17, 2020,
12. Kfirst = t2 were the last five weekdays before the first confirmed case in Shanghai.
13. while M(t; : T) > D": { Affected by the pandemic, the time range of the Spring Festival is from
14. f =k +1

copy

(continued on next column)
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Jan 24 to Feb 9, 2020, which is extended 9 days compared with normal
conditions. Baidu migration® data can reflect the travel trends of a city
population, providing an important reference for scientific pandemic
prevention and work resumption. If there is no pandemic, the work and
school resumption after the Spring Festival should be very rapid, while
through the migration and statistic data, we find that the population
return process lasts for a long time.

To fully reflect the impact of the pandemic and eliminate the inter-
ference of the Spring Festival, the traffic conditions of Jan 13 to Jan 17
were set as the baseline to represent the pre-pandemic congestion level.
According to migration data and important timing scheduled by the
government, we chose four stages listed below, and calculated the
average speed change rates to observe the overall change of road traffic
in the whole study period.

Stage 1: February 10- February 14, 2020, the first week of official
resumption of work (the return rate of city dwellers’ who left
shanghai before the Spring Festival was less than 25%);

Stage 2: March 9 - March 13, 2020, the fifth week of work resumption
(the return rate first exceeded 50%);

Stage 3: April 27 - April 30, 2020, the first week of school resumption
(the first batch of students resumed classes);

Stage 4: May 18, 2020 - May 22, 2020, the fourth week of school
resumption.

The change rate is calculated as follows, where v; is the daily average
speed of a certain stage and vy is the daily average speed of the baseline
week:

p =2 100% ®)
Vo

Fig. 5 shows the overall variation of traffic congestions during the
study period. At the beginning of work resumption, the impact of the
pandemic on urban roadways was far from over, so the overall traffic
conditions improved obviously. With the pandemic under control, work
and school resumed, and the congestion gradually returned to the
baseline level, while some TAZs in the central city area were even more
congested than the baseline week, which may be due to people’s fear of
transmission on public transit. It should be noted that the average speed
of some red TAZs in the far suburbs decreased significantly at the
beginning of work resumption. This may be due to careful and thorough
inspections at the entry highways where vehicles entering the city were
required to undertake a set of strict quarantine measures to contain the
pandemic.

The Getis-Ord Gi* statistics was also used to identify statistically
significant spatial clusters of high values (hot spots) and low values (cold
spots) in Fig. 6. A warm color represents spatial clusters with high
change rate, indicating that traffic conditions in these TAZs improved
significantly. A cold color represents spatial clusters with low change
rate, indicating that the traffic conditions in such areas significantly
deteriorated. The darker the color in the warm and cold TAZs, the more
significant the degree of clustering of high or low values.

The overall changes of traffic congestion in the study period can be
further understood by combining in Fig. 5 and Fig. 6. For instance, for
results of morning peak and evening peak, the traffic conditions in the
urban area improved significantly compared to the baseline week in the
early stage of work resumption, while the traffic conditions in the sub-
urbs (including the highway crossings around the provincial border and
some suburban new cities) had no obvious improvement trend, and even
deteriorated for few TAZs. With the resumption of work and school, the
traffic conditions in the central area during the morning rush hour were

3 https://qianxi.baidu.com/
4 The ratio of the population moving back after the Spring Festival holiday to
the population moving out before the holiday.
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still better than before the pandemic, but the traffic conditions in the
outer areas of the city center had deteriorated significantly, and the
scope of deterioration continued to expand, with traffic conditions in the
suburbs basically reaching the level before the pandemic. Generally
speaking, first, the congestion recovery speed in the central area in the
morning and evening peak is significantly faster than that in the suburbs;
second, the recovery trend of congestion in the off-peak is obviously
weaker than that in the morning and evening peak.

Homogeneity component of congestion variation patterns

The results of hot and cold spot analysis indicate that the distribution
of impacts on traffic operation is not uniform. Therefore, the RPCA al-
gorithm was used to decompose the spatiotemporal matrix into low-rank
matrix and sparse matrix. The low-rank matrix reflects the homogeneity
component or general variation characteristics for all TAZs under the
influence of a series of factors, including the pandemic, holidays, work
and school resumption, etc.

Fig. 7 shows the average value of low-rank matrix of TAZs in each
stage. After the pandemic was well controlled, the homogeneity of road
traffic variations was in an obvious deterioration trend during the work
and school resumption. For the off-peak period, the degree of deterio-
ration was smaller than in the peaks. The rank of matrix reflects the
correlation between rows or columns. Since the number of rows in low-
rank matrix is 439 and the rank of the matrix is 37, it means the change
trends of most TAZs are consistent. In general, for more than 90% of the
TAZs affected by the pandemic, the average speed increased and the
traffic condition improved at the beginning of work resumption. With
the pandemic under control and the economy in recovery, the traffic
congestion gradually deteriorated to the baseline level.

Identification of heterogeneous scenarios

Contrary to low-rank matrix, the sparse matrix obtained by decom-
position reflects the spatiotemporal heterogeneity component under the
influence of several factors. The sign of the value in the sparse matrix
reflects the direction of the influence on the average speed: a positive
sign indicates that the speed is positively affected, and a negative sign
indicates that the speed is negatively affected by multiple factors. The
absolute value reflects the degree of the impact.

By performing K-means clustering on the rows of the sparse matrix,
the TAZs with similar heterogeneity characteristics could be grouped
together. The elbow method was used to search for the optimal number
of clusters. Four clusters of time series are drawn in Fig. 8, and the
corresponding spatial distributions of TAZs are drawn in Fig. 9. The
black curve in Fig. 8 represents the time series with hourly time in-
tervals, which is the row of the sparse matrix corresponding to TAZs in
each cluster, and the red curve is the cluster center.

The four clusters experienced some abnormal fluctuations under the
influence of factors such as the pandemic and holidays, but with the
resumption of work and production, their fluctuations gradually
returned to pre-pandemic levels. From the spatiotemporal distribution
in Fig. 8 and Fig. 9, we have some interesting findings as follow:

For cluster 1: During the whole study period, the traffic conditions
continued to be positively affected with little fluctuation in the degree of
impact during and after the pandemic. These TAZs were located in
suburban areas and along the outer ring road. Compared with the cen-
tral area, the daily traffic volume is smaller, so the degree of impact in
these areas is also smaller.

For cluster 2: During the outbreak period, public transit was
restricted and private cars are more used, which leads to a negative
effect around the Spring Festival holiday. During the resumption pe-
riods, working days were positively affected, holidays were negatively
affected, and the negative effects continued to weaken. From the spatial
distribution and fluctuation characteristics, we can infer that these TAZs
are areas where the workplace is concentrated. With the resumption of
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Fig. 5. Average speed change rate in four stages.

work, the heterogeneity fluctuation gradually returned to pre-pandemic
level.

For cluster 3: Similar to cluster 2, there is a negative effect around the
Spring Festival holiday. During the resumption periods, working days
were positively affected, holidays were negatively affected, and the ef-
fects did not change much. Most of these TAZs were concentrated in the
center of the city, and a small number are distributed in the suburbs.
This cluster was mainly related to the workplace. Since the commuting
demand is rigid, the heterogeneity part has strong periodicity.

It is worth noting that, for cluster 2 and cluster 3, the fluctuation of
working days and weekends became chaotic after the middle of May,
which may indicate that there is still room for the congestion on working
days to further worsen in these areas.

For cluster 4: Travel restrictions alleviated congestion greatly during
the outbreak stage. During the resumption periods, working days were
negatively affected, holidays were positively affected, and the negative
impact of working days continued to increase. These TAZs were gener-
ally distributed in the city center and in the west of the Huangpu River,
where a large number of residential areas are concentrated. The

continuous increase of congestion on working days may be due to the
transfer from public transit to private cars under the influence of the
pandemic. With the work resumption, these areas would bear greater
congestion pressure in the morning and evening peaks of the working
day.

Fluctuation characteristics of heterogeneity

To further analyze the heterogeneity fluctuation characteristics, the
ICSS algorithm was used in the center of four clusters respectively to
discover the change points of the series. As shown in Fig. 10, the road
traffic performance presents various characteristics in different periods.
Although the locations of specific change points were diverse in different
clusters, there were several shared change points for all clusters. Some of
these points were caused by the natural fluctuations in weekends and
peak hours, and the other change points were caused by global factors
such as the pandemic and Spring Festival holiday, including the points
detected around January 15 (the week after the Spring Festival travel
season and before the Spring Festival, a large number of the population
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Fig. 6. Spatial clustering of high value and low value with statistical significance.

left Shanghai to return to their hometowns), around January 30 (the
time when the Spring Festival holiday normally ended, a large number
of the migrant population returned to Shanghai), and around February
22 (the beginning of large-scale work and production resumption).

Further, some clusters had their own unique change points. Cluster 1
had the least change points, which indicated that the state of these TAZs
fluctuated little during the whole pandemic period. April 29 divides
work resumption into two periods in cluster 1. From the identification
results of structural change points in cluster 2, February 20, March 18
April 14, and April 29 were key traffic nodes, indicating that in these
areas, with the resumption of work and school, the positive impact on
working day and the negative impact in holiday were gradually weak-
ening. The change points distribution of cluster 3 before March 18 was
almost the same as that of cluster 2. For cluster 4, TAZs were mainly
located in the central area, which was greatly affected by commuting
traffic. Therefore, there was a more intensive distribution of structural
change points before and after the Spring Festival holiday in this cluster.
The change point within the Spring Festival happened to be the
boundary between the normal Spring Festival holiday (January 24, 2020
- January 31, 2020) and the extended holiday (February 1, 2020 -
February 9, 2020) in response to the pandemic. With the resumption of
work, production, and school, the positive impact on working day traffic
became weak, with February 29 and the Tomb Sweeping Festival holi-
day as two key nodes.

Discussions

From the case of Shanghai, the increase in telecommuting and the
transfer of private travel modes greatly alleviated urban road congestion
during the pandemic. While in the resumption period, congestion in the
central urban area during the commuting peak hours gradually reached
pre-pandemic levels. Furthermore, the variation of road traffic condition
influenced by multiple factors have both similarities and spatiotemporal
heterogeneity. An in-depth analysis of the latter is conducted in this
study. However, understanding the road traffic congestion evolution
patterns may not be sufficient to provide a scientific basis for mobility
management during the resumption period of the COVID-19 or other
epidemics. The following suggestions are proposed to better manage and
control urban mobility during and after a pandemic:

First, a more detailed survey in travel behavior patterns during and
after the pandemic is necessary. Survey data have advantages for casual
analysis, while large-scale traffic condition data are suitable for macro
condition analysis. Combining the two types of data can ensure the
scientific traffic management during the resumption period. From the
conclusions of our study, the TAZs’ average speed data can be used to
understand the traffic operation state during the pandemic on a macro
scale, but a further analysis regarding micro mechanisms and causality is
still lacking. For example, the heterogeneity parts of the four clusters
shows different fluctuation characteristics. However, based on the
research presented in this paper, it is difficult to analyze the reasons or to
support the formulation and implementation of relevant traffic policies.

Second, the transfer of travel modes is noteworthy. Although the
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Fig. 7. Value of low-rank matrix of four stages in different period.

whole situation in Shanghai had been basically under control in late
February, the ridership of public transport did not restore immediately
due to the unresolved concern of pandemic. The proportion of private
vehicles reached 32.6% in March 2020, an increase of 12.1% over March
2019°(He et al., 2021; Wang et al., 2021). According to the results in this
study, the traffic condition on working days had an even worsening
trend compared with the pre-pandemic era in most TAZs. This may be
resulted by the modal shift from public transport to private transport. As
a megacity with a total population of more than 24 million, public
transport must remain at the heart of urban mobility in Shanghai. While
restrictions were being eased, measures should be taken to restore the
public transport ridership. Firstly, passengers need protection and

5 Data from 2021 Shanghai Comprehensive Transportation Development Annual
Report written by Shanghai Urban Rural Construction and Transportation
Development Research Institute and Shanghai City Comprehensive Trans-
portation Planning Institute
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monitoring (Li et al., 2020). Timely sanitizing, face mask, temperature
checks and travel history tracking are needed. Secondly, capacities
should be increased to avoid crowding. Managing passenger flow,
running more services and decreasing waiting times will help avoid
crowding. Staggering work hours, encouraging working from home and
other transport demand management will also help reduce peak de-
mand. Thirdly, new solutions using smart technologies should be
applied, which will be discussed in detail in the next section.

Third, information technology plays an increasingly important role
in transportation during and after the pandemic. On the one hand, in-
formation technology makes the public transport system more infor-
mative, expanded and diversified. Mobile application should be
developed to tell passengers that what time the bus will arrive or how
crowded the bus is. In some areas significantly affected by the pandemic,
such as TAZs in cluster 2, cluster 3 and cluster 4, public transport may
function as a demand-responsive service and be more agile in its ability
to transport people safely and quickly. On the other hand, information
technology enables to understand the travel behavior patterns and
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supports the policy-making in the unprecedented public health chal-
lenge. For example, mobile phone data monitors the movement of high-
risk population and helps evaluate the pandemic risk in the area (Gan
et al., 2020). Baidu Migration Index provided by Baidu Map presents the
trends of intercity human migration and intracity travel demand (He
et al., 2020), and helps understand the inherent structure of human

11

mobility solutions based on their travel needs. Meanwhile, MaaS in-
tegrates multiple modes of transport, which improves transit network
efficiency, decreases costs to the user, improves utilization of Maa$S
transit providers, and reduces city congestion.

Conclusions

In this study, an analytic framework was proposed to reveal the road
spatiotemporal traffic evolution patterns during and after the COVID-19
pandemic. The proposed methodology included the separation of ho-
mogeneity and heterogeneity components from the overall traffic
characteristics, TAZ classification based on the heterogeneous traffic
characteristics, and the fluctuation analysis of heterogeneous charac-
teristics. An empirical study of Shanghai was conducted to demonstrate
the proposed methodology. The results showed that the proposed
methodology could reveal the unevenly distributed impact of COVID-19
on the traffic congestion patterns. The results are summarized as below:

(i) Compared to the suburbs, the central areas are more affected by
the travel restrictions during the pandemic. During the outbreak
period, the traffic congestion was significantly alleviated in these
TAZs. With the work and school resumption, the congestion
recovered or even exceeded the level before the pandemic, while
the state fluctuation of the outer suburbs in whole study periods is
not obvious. Work resumption in different regions with different
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time is likely to be one of the reasons for the heterogeneity. The
findings confirm some studies on mobility reduction in pandemic
times to some degree (Borkowski et al., 2021; Chan et al., 2020;
Wielechowski et al., 2020).
(ii) The traffic condition change process of different areas has com-
mon time nodes, but also have their own unique time nodes. In
terms of quantity, there are fewer change points in the outer
suburbs and more change points in the central areas. In terms of
distribution, the change points in the central areas are concen-
trated around the Spring Festival and the outbreak of the
pandemic.
Heterogeneity fluctuations show specific characteristics in
different periods and areas. With the work resumption, working
days congestion has an even worsening trend compared with the
pre-pandemic level in most TAZs. The reasons may be related to
the transfer of travel modes and the land use, which need to be
further explored. The findings might make some supplements to
the study of urban traffic congestion (Bao et al., 2017; Wen et al.,
2014; Zhao and Hu, 2019).

(iii)

This study proposed an approach to understand the urban roadway
traffic changes in the complicated background of a pandemic. However,
there are still some lacks for further improvement in future works. First,
A travel behavior survey can be conducted to combine with macro
condition monitoring data, the change in traffic congestion patterns can
be further analyzed and interpreted. Second, based on regional land use
and socio-economic data, a discrete choice or count data model can be
established to explain the spatial distribution results more precisely.
Third, we believe that an urban space activity observation system based
on the multi-source data is the key to scientific management and control
of human mobility during the pandemic. The system can monitor human
mobility characteristics, and provide decision-making reference for
more refined policy-making during the epidemic.
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