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Abstract: The COVID-19 pandemic is a major challenge for society as a whole, and analyzing the
impact of the spread of the epidemic and government control measures on the travel patterns
of urban residents can provide powerful help for city managers to designate top-level epidemic
prevention policies and specific epidemic prevention measures. This study investigates whether it is
more appropriate to use groups of POIs with similar pedestrian flow patterns as the unit of study
rather than functional categories of POIs. In this study, we analyzed the hour-by-hour pedestrian
flow data of key locations in Beijing before, during, and after the strict epidemic prevention and
control period, and we found that the pedestrian flow patterns differed greatly in different periods
by using a composite clustering index; we interpreted the clustering results from two perspectives:
groups of pedestrian flow patterns and functional categories. The results show that depending on
the specific stage of epidemic prevention and control, the number of unique pedestrian flow patterns
decreased from four before the epidemic to two during the strict control stage and then increased to
six during the initial resumption of work. The restrictions on movement are correlated with most of
the visitations, and the release of restrictions led to an increase in the variety of unique pedestrian
flow patterns compared to that in the pre-restriction period, even though the overall number of
visitations decreased, indicating that social restrictions led to differences in the flow patterns of POIs
and increased social distance.

Keywords: public health events; key urban areas; pedestrian flow change patterns; time series clustering

1. Introduction

COVID-19, as a major public health emergency [1,2], will undoubtedly have a huge
impact on cities [3–8] due to their ultra-high population density [3,4], especially regarding
pedestrian flow patterns [9,10], which represent changes in the number of people visiting a
POI. There have been some important advances in research on pedestrian flow patterns,
such as identifying urban functional areas [11] and detecting urban anomalies in human
activities [12]. Studies on the impact of such major public events on cities, such as the
recovery of urban vitality, have been attracting the attention of a wide range of relevant
researchers [13–16]. Most of the studies on urban response and recovery after large disasters
have focused on natural disasters [17–19]. Unlike natural disasters, public health events
do not physically damage urban buildings and facilities but rather create internal fear and
concerns that affect people’s travel patterns.

To prevent the spread of the epidemic through person-to-person interaction, govern-
ments worldwide have issued lock-down policies to restrict mobility. They then implement
a reopening policy when the situation improves. Taking Beijing as an example, we can see
three stages of implementation of different policies from 17 January 2020 to 15 February
2020. The first stage is the normal stage without COVID-19. The second stage is the strict
lock-down period with the closure of all public places, and the third stage is the resumption
of work with the gradual reopening of public places. The effectiveness of these policies
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is a meaningful subject of study [20–22]. The mobility restriction policies imposing undif-
ferentiated mobility restrictions on certain urban functional areas or functional categories
of POI in various regions are similar to those in Beijing. A hidden assumption of this
approach is that the functional category of the POI is a reasonable basis for classification,
that is, similar POIs should have similar flow patterns. This hidden assumption has not
been confirmed [23], so the following questions are raised: Are mobility restrictions based
on urban functional areas or functional categories of POIs reasonable? Is there a better
implementation unit for mobility restrictions?

Research on the impact of the epidemic on mobility in cities can be divided into three
broad sections: (1) Different regions are affected to different degrees: Li found that the social
distance between different census block groups and urban hotspots changed significantly
during the outbreak-induced population panic phase [24]. Chang et al. studied “super
hotspots” in cities. They proposed that the proportion of pedestrians in hotspots in cities
is one of the most critical indicators of urban response to pandemics [25]. Wang et al.
analyzed the impact of epidemic and government control on residents’ park visitation
patterns [26]. (2) Epidemic spread and travel behavior: Lee et al. used regression analysis
to fit the relationship between the traffic volume of a region and the number of COVID-19
cases in different regions [27]. Parr et al. found that while overall traffic volumes were
decreasing, the changes varied by class of road, and the impact on movements varied by
region [28]. (3) Controlling mobility by orderly work resumption: Chang et al. found
that limiting visitors to two types of POIs, restaurants and gyms, would minimize the
spread of cases after reopening [29,30]. As the target of spatial analysis, these studies have
mainly selected regions or functional categories of POIs [31], but regions and functional
categories of POIs are not sufficient as explanatory variables for changes in urban mobility.
For example, suppose that there are two restaurants, with one in a work area and the
other near a mall; then the flow pattern of the restaurant near a mall is more likely to be
similar to that of the mall, and it is more appropriate to treat the restaurant near a mall
and the mall itself as one pattern group in the time-phased reopening policy. The nature
of urban mobility in response to such shocks has been the subject of no previous analysis,
and the epidemic shock and subsequent policy constitute a natural experiment for urban
mobility [32].

These studies treated the functional category of a POI and the pedestrian flow pattern
group of a POI as the same. However, these two concepts do not correspond to one
another. The purpose of this study is to group all POIs from a pedestrian flow pattern
perspective to obtain different patterns. This paper, therefore, addresses the following
research questions: What kind of characteristics do POIs with different categories show
in terms of flow patterns under various phases of the epidemic and policies? Do the
flow patterns of POIs in the same functional category remain consistent? Are mobility
restrictions based on urban functional areas or functional categories of POIs reasonable?

In this study, the POIs are grouped by time series clustering to obtain different stages
of pedestrian flow patterns, and we then find a relationship between patterns of different
periods and discuss how the degrees of recovery of different POIs differ. Methodologically,
we propose a method to determine the number of POI pedestrian flow patterns in a
metropolitan area. We then discuss the variation of the POI mobility pattern groups vis-à-
vis the different stages of the COVID-19 epidemic and related mobility restriction policies
(Figure 1). The significance of the study is not limited to epidemics. The essence of this
study is how the structure and function of the city, as revealed by the pedestrian flow
patterns of POI, change under the conditions of some sudden shock that imposes various
mobility constraints of different types and phases. The period of this case study covers
every phase of the epidemic’s impact, which has been realized in only a few studies so
far. It also covers a variety of mobility restriction policies in Beijing, the capital of China,
making it a suitable case for studying the impact of public emergencies on urban mobility
and answering our research questions.
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Figure 1. The framework of the study.

2. Materials and Methodology
2.1. Data

The data in the training set are related to the crowd flow in key urban areas of Beijing
during the epidemic period from 17 January 2020 to 15 February 2020. The data provide
the historical multiday sub-hourly grid (200 × 200 m) crowd density (using the people
index to represent crowd density). The index is a measure of the number of people in the
area, which is proportional to the number of people present in the area during a certain
hour on a certain day; a larger index means more people are present in that place, and
vice versa.

The data include almost all hotspot locations within the Sixth Ring Road of Beijing, as
shown in Figure 2, and also cover the land use types of travel destinations within Beijing,
mainly including the six major categories of Transit POIs, Medical care POIs, Education
POIs, Recreation POIs, Shopping POIs, and Sports POIs; they are also subdivided into
14 subcategories, with a total of 997 hotspot locations, as shown in Table 1.

The division of the periods is based on the different measures taken by government
departments for the prevention and control of COVID-19 and the corresponding notices
issued. The data cover the period from 17 January 2020 to 15 February 2020, which is
divided into 3 time periods in this paper: the first period indicates the stage before epidemic
prevention and control: 17 January 2020 at 00:00 to 24 January 2020 at 00:00. The second
segment represents the stage during epidemic prevention and control: 24 January 2020
at 00:00 h to 10 February 2020 at 00:00 h. The third period indicates the stage when the
epidemic resumes after orderly control: 10 February 2020 at 0:00 h to 15 February 2020 at
24:00 h [33].
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Figure 2. Distribution of major hotspot locations in Beijing.

Table 1. Classification table of major hotspot locations in Beijing.

Hotspot Major Categories Hotspot Minor Categories POI Number

Transit POI
Train Station 15

Long-distance bus station 8
Airports 1

Medical care POI General Hospital 116

Education POI Higher Education 186

Recreation POI

Park 290
Zoo 2

Monuments 42
Botanical Garden 5

Aquarium 2
Amusement Park 4

Scenic Area 39

Shopping POI Shopping Center 177

Sports POI Stadiums 110

2.2. Time Series Clustering

By clustering all hotspots according to the hourly people indices, we can group POIs
after determining the number of clusters and further derive the corresponding patterns
and characteristics of visitation.

Taking the pre-epidemic control phase as an example, each hotspot location was
represented as an N-dimensional vector, where N denotes the time span of this phase; e.g.,
the pre-epidemic control phase is from 0:00 on 17 January 2020 to 0:00 on 15 February 2020,
so N for this phase is 168. The clustering method used was K-means clustering [34]. The K
value in the K-means clustering method is used as a hyperparameter, which is to be set
empirically before clustering. Since all the hotspot locations to be classified involve a total
of 14 sub-clusters based on functional categories, we started by setting K to 14. The results
of the clustering are shown in Figure 3.

Since the POIs in the data were artificially divided into 6 major functional categories
and 14 minor categories, the number of pedestrian flow patterns was initially set to 14, but
the results show that most of the POIs in the same category were not clustered into one
mobility pattern group. The results indicate that functional categories of POIs cannot be
viewed as the basis for distinguishing groups of pedestrian flow patterns in POIs.
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The clustering algorithm we used is a semi-supervised machine learning method
because the number of clusters K is a hyperparameter that needs to be set empirically, and
a reasonable K value can cluster the data set into different subsets correctly [35]. On the one
hand, the correct K value can distinguish different regional patterns of crowd flow changes;
on the other hand, the correct K value can be used to prepare epidemic prevention work
and other control work arrangements according to the temporal patterns of crowd flow
and reasonably arrange limited epidemic prevention manpower and material resources.
Recently, many researchers have conducted in-depth studies on the selection problem of
the number of clusters K [36,37], which can be divided into two types of selection and
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evaluation methods according to whether the data contain the real clustering labels. One
is data clustering with real category labels. The K value selection problem starts from the
misclassification difference of the results compared with the real categories [38]. The other
type is used when the data do not contain the real category labels, and the starting point
of this K value selection problem is the degree to which the data are correctly separated
after clustering; indicators such as the similarity between data of the same category and
the difference between data of different categories, or combined indicators calculated from
several indicators, can be used as the basis for selection and judgment [39].

For the problem in this paper, although each POI has a clear functional category,
such as transportation hub or tourist attraction, and a specific place category, such as
railway station, park, etc., the data used for clustering are the time series data of the
pedestrian flow [40]; thus, the time series data, although related to the land use type and
place type, have no direct correlation with the category. Further, the data of the clustering
problem in this paper do not contain real category labels, so for K value selection, we
applied the second class of method described above. For clustering without real labels, the
most common K value selection methods currently are Silhouette Coefficient, CH score
discrimination, and DB index discrimination.

The Silhouette Coefficient Discriminant method is used to discriminate whether the K
value selected for clustering is optimal by calculating the Silhouette coefficient of the results
obtained from clustering. The Silhouette coefficient, first proposed by Peter J. Rousseeuw in
1987, contains the degree of similarity of similar data and the degree of difference between
different clusters of data in the clustering results, and it can be used to calculate the merits
of different K values in the clustering results based on the degree of aggregation of the data
in the feature space distribution in the absence of the true cluster labels of the data [41].
This is done by calculating for each data item i the corresponding Silhouette coefficient s(i);
s(i) consists of two terms, a(i) and b(i), where a(i) is the average distance between sample i
and other samples in the same cluster as sample i, and b(i) denotes the distance between
sample i and samples from other clusters. In greater detail, a(i) denotes the distance among
samples clustered into the same cluster, i.e., the intra-cluster difference degree. For all
samples x of a cluster, we calculate the corresponding a(x); the mean of all a(x) values is
denoted the intra-cluster variance of the cluster. Assuming that sample j belongs to the
same cluster A as sample i in the clustering result, we have

a(i) =
∑j∈A ||i− j|| 22

An
(1)

where An denotes the number of samples in category A, and ||i− j|| 22 denotes the squared
Euclidean distance between sample i and sample j. A smaller a(i) value indicates a higher
probability that i belongs to category A.

b(i) is the minimum value in the average distance of sample i from samples in
other clusters:

b(i) = minC 6=A

(
∑j∈C ||i− j|| 22

Cn

)
(2)

where Cn denotes the number of samples in category C. A larger b(i) value indicates a
higher probability that sample i belongs to category A. The Silhouette Coefficient s(i) of
sample i is defined based on the degree of similarity a(i) of similar data and the degree of
difference b(i) between different clusters of data:

s(i) =


1− a(i)

b(i) , a(i) < b(i)

0, a(i) = b(i)
a(i)
b(i) − 1, a(i) > b(i)

(3)



ISPRS Int. J. Geo-Inf. 2021, 10, 479 8 of 20

For sample i, the Silhouette coefficient s(i) has a range of [−1, 1]. The closer s(i) is to 1,
the higher the probability that sample i is clustered into the correct category, and the closer
s(i) is to −1, the higher the probability that it is clustered into the wrong category. For the
K value chosen for clustering, the corresponding Silhouette coefficient is the mean s of the
Silhouette coefficient of all samples obtained after clustering them into K-many clusters. As
with the comparison method for individual samples, the larger the s value corresponding
to the K value, the closer the samples clustered into the same cluster in the clustering result,
the more distant the samples clustered into different clusters, and the more reasonable
the choice of the K value for clustering. Since the mean value of the Silhouette coefficient
is used as the basis, the method is very sensitive to data outliers, resulting in potentially
unreasonable results. According to the results in Figure 4, and based on the premise that
the larger the value, the better the clustering result, the pattern of pedestrian flow should
be divided into two types, regardless of the stage of the epidemic.
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The CH coefficient discriminant is another common coefficient for selecting the K
value of clusters and was proposed by Calinski and Harabaz in 1974, so it is called the
Calinski–Harabaz coefficient [42], or the CH coefficient for short. The CH coefficient is
similar to the Silhouette coefficient and also contains two components, one indicating the
degree of closeness between samples assigned to the same cluster and the other indicating
the degree of dispersion between samples assigned to different clusters [43]. The degree of
closeness WK between samples of the same cluster is calculated by using the sum of the
squared Euclidean distances of individual samples from the same cluster to the centroids of
the cluster, and the degree of dispersion BK between samples from the clusters is calculated
by using the sum of the squared Euclidean distances of the centroids of the samples from
each cluster to the centroids of the full sample space:

WK =
K

∑
q=1

∑
x∈Cq

||x− xq||22 (4)
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BK =
K

∑
q=1

nq||xq − c|| 22 (5)

In Equation (4), K is the number of clusters, Cq is the set of samples of cluster q, xq is
the sample centroid of Cq, nq is the number of samples in Cq, and c is the centroid of the
full sample space. The CH coefficient can then be calculated from WK and BK:

CHindex =
BK

WK
× m−K

K− 1
(6)

In Equation (6), m is the total number of all samples, and K is the number of clusters.
The better the clustering result, the smaller the WK value and the larger the BK value, with
a larger resulting CH coefficient. Thus, when the CH coefficient is used as the judgment, a
larger value indicates a better clustering result.

Compared with the Silhouette coefficient, the CH coefficient has advantages of low
computational complexity and very fast computation speed, but it has the same disad-
vantages as the Silhouette coefficient. Since the calculation of the CH coefficient is based
on the Euclidean distance between samples, it can reflect the clustering effect better for
convex data set clustering, but it cannot be fully applied for a non-convex time series data
set space as the data set will be divided into particularly fine pieces; it needs to be used
together with other coefficients to judge the clustering results. According to the results in
Figure 5, and based on the premise that the larger the value, the better the clustering result,
the pattern of pedestrian flow should be divided into more than 10 groups, regardless of
the stage of the epidemic.
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The DB index is another common index to discriminate clustering results, also known
as the classification correctness index, and was first proposed by D.L. Davies and D.W.
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Bouldin in 1979 to evaluate the accuracy of clustering results [44]. In this paper, the
dimension of the sample space is the time span of the temporal change in pedestrian
flow, all samples are clustered into k-many clusters, and the similarity degree Si of similar
samples is also defined in the DB index:

Si =

(
1
Ti

Ti

∑
j=1
||Xj −Ai||q

) 1
q

(7)

In Equation (7), Ti denotes the number of samples in cluster i in the clustering result,
Xj denotes the jth sample in the set of samples in cluster i, and Ai denotes the centroid
of the samples in cluster i. Si denotes the qth root of the mean of the moments of order
q of the samples in cluster i from the centroid of the cluster. If q takes the value of 1, Si
represents the mean of the Euclidean distance between each sample and the centroid of the
cluster, and if q takes the value of 2, Si represents the standard deviation of the distance
between the samples of the cluster and the centroid of the de-sampled space, where either
the 1-norm distance or the 2-norm distance, i.e., the Euclidean distance, can be used as the
distance measure in computing the high-dimensional nonconvex sample space. Although
the Euclidean distance is not the optimal choice, the default distance measure generally is
the Euclidean distance [45].

The DB index similarly defines the difference between clusters, i.e., the distance Mij,
between sample sets of different clusters:

Mij =

(
N

∑
k=1
||aki − akj||p

) 1
p

(8)

Mij represents the distance between the sample set in cluster i and the sample set in
cluster j. aki is the kth dimension of the centroid of the sample set in cluster i, akj is the kth
dimension of the centroid of the sample set in cluster j, and N is the total dimension of
the samples. The DB index is based on the similarity degree Si of similar samples and the
distance Mij between the sets of samples in different clusters, defining the similarity degree
Rij between different clusters:

Rij =
Si + Sj

Mij
(9)

Combined with Rij, for each cluster i, the DB index calculates the similarity Rir of
cluster i to the closest cluster r to that cluster, denoted Di:

Di = maxj 6=iRij (10)

Di represents the closest degree to another cluster for cluster i. The DB index DBindex
of the clustering result is obtained by calculating the mean of the Di values for the set of
samples of all clusters:

DBindex =
1
K

K

∑
i=1

Di (11)

K in Equation (11) indicates the clustering number K. The DB index indicates the
extent to which the clustering boundaries are not clearly defined in the clustering results, so
the smaller the value is, the better the indicated clustering results, to some extent. Since the
calculation of the DB index involves the calculation of similarity between any two clusters,
it is not reasonable when there are outlier clusters in the clustering results; in this case, it
must be used together with other coefficients to judge the accuracy of the clustering results.
The DB index turns the target of comparison from samples into a cluster and therefore
tends to a smaller K value when minimizing DBindex, which can also be seen in Figure 6.
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2.3. Composite Clustering Index

Combining the Silhouette coefficient, CH coefficient, and DB coefficient is a better
method to determine the clustering K value. According to the introduction above, the
larger the Silhouette coefficient and CH coefficient and the smaller the DB coefficient, the
better the clustering results, so we propose to combine the three indices into a mixed
index. Due to the problem of inconsistency in the magnitude of different coefficients,
after normalizing all coefficients, we added the normalized Silhouette coefficient to the
normalized CH coefficient and then subtracted the normalized DB coefficient to obtain the
mixed index. The larger the mixed index, the better the clustering results; on the contrary,
the smaller the mixed index, the worse the clustering results. In this paper, the chosen
normalization method was Min-Max normalization:

xnew =
x− xmin

xmax − xmin
(12)

Thus, all the indices take values in the range [−1, 1], ensuring dimension unification
of the different coefficients in the calculation:

Fixindex = snew + CHindexnew −DBindexnew (13)

The fixed clustering index has the following advantages: the method takes into account
the similarity of both the original data and the clustered data, and it reduces the influence
of outliers in the results on the choice of the K value.

It can be seen from Figure 7 that, based on the premise that the larger the mixed index,
the better the clustering results, the flow patterns of POIs should be divided into 4 groups
in the pre-epidemic stage, as in Figure 7a; the flow patterns of POIs should be divided into
2 groups during the epidemic, as in Figure 7b; and the flow patterns of all POIs should be
divided into 6 groups in the initial resumption of work stage, as in Figure 7c. The number
of subgroups shown in Figure 7 is consistent with our estimate of the actual situation,
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where the flow pattern was reduced from four to two due to COVID-19 and government
restrictions on mobility. In the initial phase of the restart, people need to meet travel needs
that were previously unmet due to mobility restrictions, and the number of pedestrian flow
patterns thus increased from two to six.
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3. Results and Discussion

This section shows the groups of POIs for different phases of pedestrian flow patterns
obtained via the clustering algorithm detailed above and the clustering results interpreted
from two perspectives: groups of pedestrian flow patterns and functional categories. This
section analyzes the impact of COVID-19 on mobility in the different periods and the
relationships between the pedestrian flow patterns in different periods from the results.

3.1. Results

This part shows the clustering results of pedestrian flow in Beijing hotspot locations
in different stages and briefly explains the results.

Figure 8 shows the four patterns of pedestrian flow obtained according to the mixed
clustering index before the start of the epidemic. Different colors indicate different func-
tional categories A of POIs. The corresponding relationship between color and POI can
be found in Figure 4. The first group of POIs represents POIs with a high number of
pedestrians and high concentration; the second group of POIs represents POIs with a
lower number of pedestrians and lower concentration; and the third and fourth groups are
POIs with ultra-high numbers of pedestrians and ultra-high concentration, mainly railway
stations and airports. The fourth group of POIs contains only one POI, which corresponds
to Beijing Capital Airport.
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Figure 8. Clustering results of four changing patterns of pedestrian flow in Beijing hotspot locations before the epidemic.

Figure 9 shows that the pedestrian flow patterns of all the POIs except the second
group of airport POIs were grouped into the first group during the epidemic, due to the
government’s mobility restriction policy. Almost all POIs showed low traffic and low
concentration patterns, and although the pattern for the airport in the second group was
still high, it was reduced by more than half compared to that shown in Figure 8. Since the
airport is the most important international transportation hub, the pedestrian flow in the
airport was affected differently compared with that in other POIs and has always been
regarded as a separate flow pattern group.
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Figure 10 illustrates the divergence of pedestrian flow patterns in the city during the
initial resumption phase as a result of the government’s reopening policy. The first group
of POIs is mainly Medical care POIs, which can be interpreted as those returning to work
needing to be tested by the hospital for viruses before the restriction could be lifted, so this
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type of pattern was separated. The second group of POIs is mainly proximity Recreation
and shopping POIs, as residents needed to make up for their exercise needs that went
unmet during home time and necessary daily shopping. The third group of POIs is mainly
college POIs, and the fourth group is mainly large shopping POIs, both of which have
significant tidal flow patterns. The fifth group of POIs contains only three POIs, mainly
due to their significantly higher pedestrian density. Although the three POIs are different
in type, their similar pedestrian flow patterns indicate their importance in preventing and
controlling epidemics. The sixth group of POIs contains only one POI, which corresponds
to Beijing Capital Airport.
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3.2. Discussion

Here, we analyze the impact of COVID-19 on urban mobility in different periods and
the relationship that exists between the pedestrian flow patterns in different periods from
the clustering results.

From the perspective of different groups of pedestrian flow patterns, there are sev-
eral overlapping patterns of pedestrian flow, as shown in Figure 8a,b. Overlapping pat-
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terns indicate that POIs with different functional categories have similar flow patterns at
this stage, as shown in Figure 8a, mainly including Shopping, Education, and Medical
care. The high number of pedestrians and high concentration mean that these POIs in
Figure 8a have greater appeal and more specific functions. Not only can these POIs attract
more visitors, but visitors are more inclined to visit them in the same period, which causes
this cluster of high flow and high concentration. The exciting thing is that the pedestrian
flow curves in Figure 8b exactly fill in the blank part of the bottom half of Figure 8a. The
low number of pedestrians and low concentration mean that these POIs in Figure 8b have
less attractiveness and more diverse functions, even though there are POIs of the same
category in Figure 8a,b. Due to their ultra-high numbers of pedestrians, almost all traffic
hubs are in the third and fourth clusters, with consistent behavior in the flow pattern.

Different from those in Figure 8, except that the pedestrian flow pattern in Figure 10b
still contains multiple functional categories of POI, the flow patterns of the three groups
shown in Figure 10a,c,d become more specific. It can be seen from Figure 10a,c,d that
the colors of the three groups are more prominent than those in Figure 10b, which shows
that the multifunctional POIs that had previously attracted many kinds of flow became
more specific at this stage. Due to the high index of people, the airport was still grouped
separately, as shown in Figure 10f.

From the perspective of functional categories of POIs, Figure 11 shows the flow
patterns in different functional categories of POIs during the pre-epidemic period. The
shape of the elements in the figure represents the POI categories, and different colors
represent different flow patterns. The Transit POI contains the most significant number
of patterns, followed by the Recreation POI, and the special one is the Sports POI, which
includes only one flow mode. According to the results mentioned above, as shown in
Figure 12, the flow patterns of all categories of POIs except airports were compressed
into one pattern during the epidemic. Figure 13 shows the flow patterns contained in the
different categories of POIs during the initial resumption of work. Although the number of
pedestrians in all categories of POIs decreased significantly compared to that in the pre-
epidemic period, the number of flow patterns in all categories of POIs increased compared
to that in the pre-epidemic period. This result indicates that residents not only travel less
than before the epidemic but also congregate less when they travel, which can significantly
increase the social distance between people.
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Figure 14 illustrates the main categories of POIs contained in different POI groups
based on pedestrian flow patterns in the different stages. It can be seen from Figure 14 that
the crowd flow patterns of different categories of POIs were adjusted in different phases
of the epidemic. In line with common sense, what is obvious is that under the impact of
the epidemic, the daily flow patterns were compressed into one, namely, a low-traffic and
low-aggregation pedestrian flow pattern, from the pre-epidemic period to the epidemic
period. What is interesting is that there were more patterns of pedestrian flow, although
the number of pedestrians after the release of the government’s reopening policy was
significantly lower than it was in the pre-epidemic period. From Figure 14, it can be
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seen that the first group of POIs (Shopping, Education, Medical care) before the epidemic
was divided into three groups in the initial resumption of work stage, with Medical care,
Shopping, and Education as the main POI functional categories; this indicates that under
the influence of the epidemic, people only make necessary trips, making the pattern of
aggregation in different POIs more differentiated and leading to a more obvious division
of the city into functional areas. The first batch of reopened POIs included two categories:
Transit and Shopping. The most noticeable changes were in Medical care and Shopping.
The flow patterns of these two POI categories were clearly separated, which also indicates
that Medical care and Shopping were essential travel destinations in the post-epidemic
phase. The two POI flow pattern groups were separated from one flow pattern into two.
Taking Shopping POIs as an example, the flow pattern was divided into two: a pedestrian
flow pattern with a low number of pedestrians and low concentration, and a pattern with a
high number of pedestrians and high concentration. This result shows that the policy of
resumption of work led to changes in Shopping flow patterns. Some Shopping locations
received small but continuous traffic, while others received large instantaneous traffic
but few people in most cases. Although shopping stores are all categorized as Shopping,
different stores are not the same in terms of flow patterns or changes in patterns under
the influence of the epidemic; these need to be treated differently when implementing
policies. Due to data limitations, we can only speculate that such separation is caused by
the functional and locational factors of the POI’s service delivery.
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It can also be seen that the second group (Recreation, Education, Sports) in the initial
resumption phase corresponds to the second group (Recreation, Education, Shopping)
before the epidemic, where the main POI type is Recreation; this includes parks in the city
with a low number of pedestrians and low concentration, indicating a gradual resumption
of outdoor recreation and entertainment. The third group (Transit, Recreation), in which
the Transit POI was the central part before the epidemic, is no longer evident after the
epidemic, also indicating that intra-city traffic has still not recovered. The Transit POI
group at the bottom of Figure 14 is not grouped with other POIs, regardless of the stage
of the epidemic impact. This group of Transit POIs contains only one POI, the capital
airport, due to the high number and concentration of pedestrians at the airport that cannot
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be reached by other POIs, which is also confirmed in Figures 9–11. For Sports POIs, in
the early stage of the epidemic, there was no obvious flow pattern characteristic, so there
were no Sports POIs in each category of the clustering results, but in the early stage of the
resumption of work, its flow pattern appeared in the second category of results, indicating
that the epidemic made people consistently pay more attention to exercise to improve
self-resistance.

This study has some limitations because the analysis requires a long time series
of pedestrian flow data from POIs for support. Due to the large temporal and spatial
scales involved, such data generally need to be collected by the government or mobile
communication service providers and obtained through applications. We divided the
different periods of the epidemic based on government notification documents. This
simplifies its impact to a direct impact, which in practice would be phased and take effect
step by step; this will be the focus of subsequent research. We also need to consider
other kinds of visualization in future work to improve user perception [46–50]. Due to the
limitations of the data, we only found a separation of pedestrian flow patterns during the
resumption period, and more geographic data will be introduced to explain the cause of
this phenomenon in future work.

4. Conclusions

As one of the biggest public health and safety events in recent years, COVID-19 has
had a considerable impact on the whole world. As governments introduced corresponding
prevention, control, and isolation measures, the epidemic crisis in the vast majority of
regions was greatly alleviated, and all of society gradually returned to normal operation.
From normal operation to the sudden impact of the epidemic on the restoration of pro-
duction order, almost all regions have gone through these three stages mentioned above.
People adopt different travel patterns at different time stages, leading to different patterns
of pedestrian flow gathering in different POIs.

In conclusion, this study makes the following contributions. One contribution is a
method to obtain POI groups with similar pedestrian flow patterns based on time series
clustering. Our methodology can reasonably calculate the number of POI flow patterns in
a city in a certain period and obtain POI groups with similar patterns accordingly. More
importantly, this study showed that it is more appropriate to use groups of POIs with
similar pedestrian flow patterns as the unit of study, rather than functional categories of
POIs. The contribution in applications is the analysis of urban mobility changes in cities
under the influence of specific sudden shocks from the perspective of flow patterns. Unlike
previous studies that distinguished POIs by functional category, this paper provides a new
perspective to differentiate groupings using the pedestrian flow patterns of POIs, which is
more applicable to reopening policies by region and period, and we analyzed the impact
of COVID-19 on almost the entire process in Beijing from the beginning until the initial
resumption of work. During the initial resumption phase, the number of pedestrians was
significantly lower than that before the epidemic, but the number of flow patterns was
higher, indicating that social restrictions led to differences in the flow patterns of POIs
and increased social distance. Therefore, we believe that the policy of imposing mobility
restrictions based on POI functional categories is limited. Grouping POIs according to their
mobility characteristics as the basic unit for implementing mobility restrictions is better.
This study provides an operational approach for this.
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