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Abstract: Urban vitality, a multifaceted construct, is influenced by economic conditions and urban
structural characteristics, and can significantly be impacted by public health emergencies. While
extensive research has been conducted on urban vitality, prevailing studies often rely on singular
data sources, limiting the scope for holistic assessment. Moreover, there is a conspicuous absence of
longitudinal analyses on urban vitality’s evolution and a dearth of quantitative causal evaluations of
the effects of public health emergencies. Addressing these gaps, this study devises a comprehensive
framework for evaluating urban vitality, assessing Wuhan’s vitality from 2018 to 2020 across economic,
social, spatial, and ecological dimensions. Utilizing a Difference-In-Difference (DID) model, the
impact of public health emergencies is quantified. The findings indicate pronounced spatial variations
in Wuhan’s urban vitality, with a gradational decline from the city center; public health emergencies
exhibit differential impacts across vitality dimensions, detrimentally affecting economic, social, and
spatial aspects, while bolstering ecological vitality. Moreover, high population and high public
budget revenue are identified as factors enhancing urban vitality and bolstering the city’s resilience
against sudden adversities. This study offers valuable insights for geographers and urban planners,
contributing to the refinement of urban development strategies.

Keywords: public health emergencies; urban vitality; difference-in-difference model; nighttime
remote sensing data

1. Introduction

Urban vitality encompasses the dynamic interplay between human activities and
urban spaces [1]. Enhancing urban vitality is a critical aspect of urban development, as
it serves to attract highly skilled talent, foster innovation, increase residents’ well-being,
and promote social sustainability [2]. Conversely, the lack of urban vitality gives rise to a
multitude of challenges, including stagnant economic growth, inefficient land utilization,
urban decay, compromised public safety, and weakened community cohesion. Moreover, it
elevates the risk of ghost towns and abandoned cities [3].

High urban vitality can propel rapid urban development, while a lack of urban vitality
can lead to a series of urban challenges such as traffic congestion, environmental pollution,
and ecological degradation [4]. The topics of urban vitality have lately been the subject
of considerable attention in China. Numerous scholarly investigations have explored
the concept of urban vitality, encompassing diverse aspects such as the impact of street
morphology on urban form [5], the utilization of land-use data to discern disparities in
urban vitality [6], and the application of diverse analytical methodologies to unravel the
multifaceted influences contributing to urban vitality. Exploring the components and
influences of urban vitality can help policymakers plan for the subsequent development of
cities [7]. As the unprecedented outbreak of the COVID-19 pandemic has greatly disrupted
the lives and work of urban residents [8], several studies have explored the relationship
between COVID-19 and urban vitality, such as air pollution [9], economic growth [10],
tourism [11], and human activities [12].

Remote Sens. 2024, 16, 1697. https://doi.org/10.3390/rs16101697 https://www.mdpi.com/journal/remotesensing

https://doi.org/10.3390/rs16101697
https://creativecommons.org/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com
https://orcid.org/0009-0001-6899-9821
https://orcid.org/0000-0001-7566-5638
https://orcid.org/0000-0003-1403-4394
https://doi.org/10.3390/rs16101697
https://www.mdpi.com/journal/remotesensing
https://www.mdpi.com/article/10.3390/rs16101697?type=check_update&version=2


Remote Sens. 2024, 16, 1697 2 of 25

There are two primary limitations in existing research about urban vitality. Firstly,
many studies employ cross-sectional data and lack assessments of the dynamic process
of urban vitality. Secondly, investigations examining the repercussions of public health
emergencies have predominantly focused on specific aspects, neglecting to assess the
overall impact on urban vitality comprehensively. Addressing these deficiencies, this study
quantitatively calculates urban vitality through a variety of data, thereby constructing a
two-year continuous urban vitality change curve. Subsequently, employing a Difference-
In-Difference (DID) model, this research investigates variations in urban vitality and
comprehensively analyzes the effects of public health emergencies on various dimensions
of urban life.

The remainder of this paper is organized as follows. A short review of the urban
vitality and the impact of COVID-19 is presented in Section 2. Section 3 describes the
study area and the data used in the study and processing. Section 4 describes the main
methodology of this study. Section 5 describes the experimental steps and analyzes the
results. Section 6 provides a comprehensive summary of the experiments conducted in
this study.

2. Literature Review
2.1. Urban Vitality Measurement

Urban vitality, a multifaceted and dynamic attribute, significantly influences a city’s
overall competitiveness by integrating economic, social, and cultural factors [13]. Key
drivers of urban vitality include the availability of public spaces [14], the quality of the
natural environment [15], socioeconomic conditions [16], and the accessibility and conve-
nience of transportation [17]. Existing evaluations of urban vitality often focus on a single
point in time, employing limited indicators, which fails to capture its long-term evolution.
To address this, our study adopts a holistic approach, examining urban vitality across four
key dimensions: economic, social, spatial, and ecological.

Economic vitality embodies a city’s capacity and potential to attain economic growth,
typically assessed through nighttime light (NTL) remote sensing data [18] and Gross
Domestic Product (GDP) data [19]. NTL data can reveal a city’s nocturnal luminosity,
indicative of economic activity, and facilitate the spatial mapping of human settlements
via satellite imagery [10]. Regions with vital economic activities, such as business districts
and industrial areas, exhibit higher levels of nighttime brightness, contrasting with the
dimmer illumination of suburban zones where commercial activities are sparse. GDP, the
predominant metric for gauging a region’s economic magnitude and vitality, measures the
market value of all produced goods and services within a specific timeframe, serving as a
direct gauge of economic health.

Social vitality captures the essence of people’s social behaviors and needs, observable
through assessing the land-use intensity and diversity [20]. It encompasses a range of urban
activities, including residential life, employment, social interaction, and leisure pursuits.
Point of Interest (POI) data shed light on the quantity and spatial arrangement of various
facilities, serving as a proxy for social engagements and community spaces [21]. POIs
encompass an array of cultural, recreational, educational, and health facilities, alongside
public services, thereby providing information on the mix of land uses [22]. Furthermore,
urban land uses encompass constructions, green areas, agricultural lands, etc., with different
zones reflecting varying degrees of human activity [23]. Thus, assessing the land-use
intensity across varied land types offers insights into a city’s social vitality.

Spatial vitality, a key metric for gauging urban connectivity and accessibility, is intrin-
sically linked to residents’ movements and activities. To accurately assess this, we selected
transportation-related Points of Interest (POIs) and road density as reliable and stable
data sources. Transportation-related POIs, encompassing the presence and arrangement of
parking lots, bus stops, and subway stations, serve as indicators of urban traffic dynamics
and public transit network development [24]. Specifically, parking lot distribution offers
insights into traffic flow and congestion, whereas the extent of public transportation fa-
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cilities reflects the sophistication of the city’s transit system. Road density, meanwhile,
indicates an area’s accessibility and network connectivity [25], with higher road densities
typically correlating with increased movement and spatial activities. Thus, analyzing
transportation-related POIs alongside road density allows for a comprehensive evaluation
of urban spatial vitality.

Ecological vitality gauges a city’s natural ecological state, commonly assessed through
the NDVI (Normalized Difference Vegetation Index) and AQI (Air Quality Index) metrics.
A vibrant environment encourages public engagement in social activities and outdoor
movements, thus benefiting the city’s economic and social spheres [26]. The Vegetation
Index frequently serves as an ecological vitality indicator, with higher values suggesting
healthier ecosystems crucial for maintaining ecological balance. Meanwhile, the Air Quality
Index offers a snapshot of the urban environmental quality [27], encompassing green spaces,
water bodies, and soil conditions. Hence, leveraging both NDVI and AQI data provides a
comprehensive measure of a city’s ecological vitality.

2.2. The Influence of COVID-19 on Urban Vitality

Since its emergence in December 2019, COVID-19 has profoundly impacted Wuhan,
with the city being marked as the epicenter and experiencing rapidly spreading and escalat-
ing case counts [28]. The ramifications extended beyond health, significantly affecting the
city’s economy, societal fabric, and overall quality of life. Key sectors such as transportation,
education, and tourism faced abrupt halts; medical resources were overstretched, and the
community underwent severe challenges [29]. In response, the Wuhan government enacted
stringent measures, including the closure of commercial and leisure venues, mandatory
home isolation for residents, and the suspension of public transportation, aiming to curb
the virus’s spread. With the pandemic’s abatement, restrictions were lifted on 8 April 2020,
allowing for the gradual reopening of businesses, dining establishments, and tourist sites,
and marking the beginning of the return to normalcy for the city’s residents.

The repercussions of COVID-19 on society are extensive and enduring, touching on
epidemiology [30], psychology [31], environmental concerns [32], and transportation [33].
In the aftermath of the outbreak, Geographic Information Systems (GISs) and remote
sensing (RS) technologies have become pivotal in outbreak management, facilitating the
monitoring and visualization of outbreak data [34], simulating virus transmission [35],
and optimizing the distribution of medical resources [36]. Furthermore, GISs have been
instrumental in analyzing the interplay between social behavior, the environment, and
virus spread.

Despite the extensive application of GISs to study urban vitality, most existing research
is hampered by a reliance on short-term data and lacks both a comparison of urban vitality
pre and post COVID-19 pandemic and an examination of epidemics’ long-term impacts
on urban vitality. Moreover, many studies fall short in their causal analyses, statistical
validation, and consideration of cities’ socioeconomic dynamics. A thorough examination
of COVID-19’s effects is crucial for comprehending how public health crises influence
urban vitality and formulating strategies for sustainable urban growth. This study aims to
overcome these gaps, offering critical insights for urban planning and management in the
face of pandemics.

3. Study Area and Dataset
3.1. Study Area

Wuhan (Figure 1a), located in central China, is the capital of Hubei Province and
the economic center of central China, covering an area of 8949 square kilometers with 13
administrative districts. The COVID-19 outbreak in Wuhan gained global attention. To
minimize its impact, Wuhan implemented a lockdown from 23 January to 8 April 2020 [37].
The epidemic has continuously affected Wuhan’s environment, economy, and healthcare,
all essential components of a vibrant city. As the city that suffered the largest impact and
longest duration of the epidemic, Wuhan is a representative study area for examining
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the impact of public health emergencies. Changes in Wuhan’s urban vitality can provide
insights into the impact of public health emergencies on cities.
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Figure 1. Study area and study data.

3.2. Data and Processing
3.2.1. Nighttime Light Remote Sensing Data

The ability of nighttime light (NTL) remote sensing data to identify weak areas
of illumination has led to research in a variety of fields. Mapping economic activity
and the GDP at the national, international, and local levels is one of these data’s main
uses. The evolution of public lighting, which can be an important indicator of a na-
tion’s economic health, is directly reflected in nighttime light [38]. NPP/VIIRS (https:
//ngdc.noaa.gov/eog/viirs/download_ut_mos.html (accessed on 18 April 2024)) has im-
proved spatial resolution and substantially resolved the issue of light saturation when
compared to other data. The spatial resolution of NTL data is 1km, which can meet the
experimental requirements. Therefore, this study used monthly average-transformed
NPP/VIIRS NTL data (Figure 1b). In this study, the average nighttime light index (ANLI)
was used to indicate the strength of economic vitality. The calculation formula for this is
as follows:

ANLI = ∑n
i=1 DNi

S
(1)

where ANLI is the average nighttime light index in the region and DNi is the nighttime
light radiation value of the i image element in each subdistrict, and s is the total area of
the region.

3.2.2. Points of Interest

Point of Interest (POI) data represent an innovative spatial data source, offering bene-
fits such as detailed attribute and spatial information, high precision, extensive coverage,
rapid updates, and voluminous datasets. The density and variety of POIs enable them to

https://ngdc.noaa.gov/eog/viirs/download_ut_mos.html
https://ngdc.noaa.gov/eog/viirs/download_ut_mos.html
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serve as effective indicators of a city’s social and spatial vitality. In this research, we ac-
cessed POI data for Wuhan spanning 2018 to 2020 via Baidu Map’s API interface. This study
categorized the POI data into six principal groups (Table 1), adhering to pertinent standards.

Table 1. Classifications of the Point of Interest data.

Category Classification

Industry Company buildings, industrial parks, etc.
Residential areas Residential buildings, commercial residential buildings, etc.

Green spaces Park squares, scenic spots, etc.
Municipal utilities Scientific services, health services, sport services, etc.

Transportation Transportation service facilities
Service land Catering services, shopping services, financial services, etc.

The Shannon’s Diversity Index (SHDI) can reflect the diversity of land use, and
to calculate this index it was necessary to select the data explicitly containing land-use
information; so, the five relevant categories of POI data, including industry, residential
areas, green spaces, municipal utilities, and service land, were selected.

SHDI = −
n

∑
i=1

(Pi)(lnPi) (2)

where SHDI denotes the Shannon’s Diversity Index, and Pi denotes the rate of the number
of total POIs occupied by type i. A higher value of SHDI indicates that the type of land use
in the unit is diverse.

As research in public transportation increasingly centers on resident needs, examining
how transportation hubs influence urban life has emerged as a key area of focus. Given the
constraints of existing research and data availability, the density of POIs for transportation
utilities was selected as the metric for analyzing spatial vitality, addressing the difficulty of
quantifying population flow at urban transport sites. Transportation utilities encompass
various categories, including subway stations, train stations, gasoline stations, bus stations,
and terminal stations. In response to transportation challenges in Wuhan during public
health emergencies, certain POIs were removed based on specific directives issued by the
municipal government. For instance, in a January 2020 announcement, the government
indicated the suspension of subway lines 1, 2, and 4, leading to the deletion of their
corresponding POIs from our analysis.

Pi =
1

nπR2 ×
n

∑
i=1

k j

(
1 −

Dij
2

R2

)2

(3)

where pi is the kernel density value of the spatial position, Dij is the distance between the
spatial point i and study object j, n is the distance less than or equal to the spatial position
of Dij, k j is the spatial weight, and R is the search radius.

3.2.3. Landsat 8 Imagery

Landsat 8, a widely accessible satellite sensor offering medium-resolution imagery,
plays a crucial role in regional land-use studies due to the high temporal resolution
(30 m) of its images. Monthly images of the city were acquired from Landsat 8 imagery
(Https://earthexplorer.usgs.gov (accessed on 18 April 2024)), as shown in Figure 1c, and
supervised classification methods were applied to delineate the urban land uses. According
to the Resource Environment and Data Center grading standard (https://www.resdc.cn/
Default.aspx (accessed on 18 April 2024)), the land-use weights were divided into five
levels (Table 2). A confusion matrix test was then performed for the supervised classifi-
cation results: as can be seen from Table 3, the overall accuracy reached 95.6778%, so the
classification results are accurate.

https://www.resdc.cn/Default.aspx
https://www.resdc.cn/Default.aspx
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Table 2. Land-use weights.

Level Land Use Weight

1 Unutilized land 1

2
Woodland 2
Grassland 2

3 Water 3

4 Plowland 4

5 Building land 5

Table 3. Confusion matrix test results.

Class Commission Omission Prod. Acc. User. Acc.

Unutilized land 0 3.56 96.44 100
Woodland 0.02 1.61 98.39 99.98
Grassland 6.51 5.61 94.39 93.49

Water 3.65 9.67 90.33 96.35
Plowland 10.76 1.65 89.24 98.35

Building land 2.12 0.12 99.88 97.88

Overall Accuracy = (21976531/22969314) 95.6778%

Kappa Coefficient = 0.9090

The intensity of land use captures the extent of human activity’s impact on a specific
region at a given time, reflecting the depth and scope of human exploitation of the land and
elucidating the vigor of human social activities. Land-use intensity is expressed as follows:

ILUI =
n

∑
i=1

(Ai/A)× 100 × Ci (4)

where LUI represents the intensity of land use, while A signifies the total area utilized for
land use within the sample region. Ai refers to the area allocated to the i type of land use,
and n is the count of different land-use types present in the sample region. Ci denotes the
intensity level attributed to the i land-use type within the area.

3.2.4. OpenStreetMap Dataset

We retrieved OpenStreetMap (OSM) data from Geofabrik for the years 2018 to 2020
(http://www.openstreetmap.org/ (accessed on 18 April 2024)) and aligned these data
with the remote sensing imagery for each month. To calculate the road density in Wuhan,
we focused on four types of roads (Figure 1d): primary roads, secondary roads, tertiary
roads, and main roads. Road density is defined as the ratio of the total length of roads
within a specified area to the overall area of that region. A higher road density indicates
a more extensive road network, encompassing greater spatial activities. Given that the
contribution of different road classes to the road density metric was uniformly consistent,
each road class was assigned an equal weight for this calculation. The road density index
formula is expressed as follows:

RD =
∑4

i=1 li
S

(5)

where RD is the road density index for the study area; li is the length of roads of different
classes; and S is the total area of the study area.

http://www.openstreetmap.org/
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3.2.5. Vegetation Index Data

Ground vegetation can quickly reflect the effects of anthropogenic activity and climate
change since it is very sensitive to a wide range of both natural and artificial influences [39].
The advancement of technology for observing the Earth has created a significant opportu-
nity to examine changes in vegetation cover at the global and regional scale using low-cost
MODIS data (https://ladsweb.modaps.eosdis.nasa.gov/ (accessed on 18 April 2024)),
which have a spatial resolution of 1 km [40]. The Normalized Difference Vegetation Index
(NDVI), which has a strong correlation with the ground biomass, can accurately depict the
ideal state of vegetation growth [41].

To measure the urban ecological environment at the micro level, the NDVI was
selected as the representation of urban ecological vitality. The ecological vitality of each
research module was determined by calculating the Normalized Difference Vegetation
Index. Stronger ecological vitality was indicated by higher NDVI values, whereas poorer
ecological vitality was indicated by lower NDVI values. The NDVI data used in this study
were obtained from the Resource Environment and Data Center, Institute of Geographical
Sciences and Natural Resources, Chinese Academy of Sciences (https://www.resdc.cn/
Default.aspx (accessed on 18 April 2024)). The calculation formula is as follows:

EV =
∑n

i=1 NDVIi

S
(6)

where EV is the average Standardized Vegetation Index, NDVI represents the Normalized
Difference Vegetation Index, and S represents the area.

3.2.6. Other Data

To enhance the objectivity in our quantification of urban vitality, GDP data, which are
published by regional government websites, were selected as an indicator for assessing
economic vitality. AQI (Air Quality Index) (https://hbj.wuhan.gov.cn/hjsj/ (accessed on
18 April 2024)) data with a spatial resolution of 1 km were utilized to gauge the ecological
vitality. Additionally, for further research into urban vitality, data on population demo-
graphics, financial investments, and other relevant metrics were sourced from officially
published statistical yearbooks.

4. Methods

For this experiment, a research unit of a 1 km × 1 km grid was selected due to its
high precision, data availability, and comparability, which ultimately yield more accurate
calculation results [36,42,43]. Four distinct elements were chosen to evaluate urban vitality
based on the definition of multifunctional urban vitality: social, economic, spatial, and
ecological. The distribution of urban vitality in Wuhan was then determined by weighting
each factor according to the entropy weighting approach, and the spatial aggregation was
computed using the Local Moran’s I index. Finally, we used a Difference-In-Difference
model to examine how the distribution of urban spatial vitality is affected by public health
emergencies and other control factors. A detailed flow chart of this research is shown in
Figure 2.

https://ladsweb.modaps.eosdis.nasa.gov/
https://www.resdc.cn/Default.aspx
https://www.resdc.cn/Default.aspx
https://hbj.wuhan.gov.cn/hjsj/
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Figure 2. Research workflow. The POIs used for calculating social vitality included industry, resi-
dential areas, green spaces, municipal utilities, and service land, while the POIs used for calculating
spatial vitality only included transportation-related POIs.

4.1. Entropy Weight Method

When performing the calculation for the entropy weighting method, it is required
that the indicators have low covariance and correlation. In previous studies, the economic,
social, spatial, and ecological aspects of a city are considered to be four different aspects
that have little influence on each other [44–46]. This study conducted a covariance test
for the eight indicators, and the VIF value between them was less than 3, indicating no
covariance among the eight indicators(Table 4); so, the entropy weighting method can be
used for weight calculations.

Table 4. Covariance test results.

ANLI GDP SHDI LUI Transport RD NDVI AQI

ANLI 2.246 2.645 1.425 2.425 1.349 2.683 2.452
GDP 1.262 1.227 1.223 1.255 1.146 1.262 1.288
SHDI 1.608 1.563 1.632 1.274 1.595 1.608 1.623
LUI 1.383 2.397 2.557 2.421 2.511 2.328 1.383

Transport 1.335 1.399 1.115 1.374 1.436 1.404 1.39
RD 1.259 1.12 1.223 1.236 1.259 1.259 1.144

NDVI 1.3 1.275 1.274 1.21 1.272 1.301 1.288
AQI 1.118 1.193 1.111 1.155 1.155 1.192 1.181

Before performing the weight calculation, the data were first normalized, as follows:
Positive indicators:

Yij =
Xij − min

(
Xij
)

max
(
Xij
)
− min

(
Xij
) (7)

Negative indicators:

Yij =
max

(
Xij
)
− Xij

max
(
Xij
)
− min

(
Xij
) (8)

where i is the number of samples, and j is the number of indicators. Xij represents the
original value of j; max(Xij) and min(Xij) represent the maximum and minimum values of
j; and Yij indicates the standardized value of j.
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Secondly, we determined the proportions:

Zij =
Yij

∑n
i=1 Yij

(9)

Thirdly, we used the following entropy calculation:

ej = − 1
ln n

n

∑
i=1

ZijlnZij (10)

where ei is the entropy of j, and n is the number of indicators.
Finally, we calculated the weights:

Wobj = 1 − ei
n
−

n

∑
j=1

ei (11)

where Wobj is the objective weight.
In this experiment, all positive indicators except for the AQI, which is a negative

indicator, received final weights, as seen in Table 5. The other data are positive indicators,
as higher values represent stronger economic and social activities, thus making a positive
contribution to vitality. In contrast, the AQI is negative indicator, as higher values indicate
more severe air pollution, reflecting a deteriorating ecological environment.

Table 5. Vitality evaluation indicators and weights.

Criterion Indicator Formula Direction Weight

Economic
X11:ANLI

ANLI = ∑n
i=1 DNi

S
positive 0.2247

X12:GDP positive 0.0863

Social
X21:SHDI SHDI = −

n
∑

i=1
(Pi)(lnPi) positive 0.0872

X22:LUI ILUI =
n
∑

i=1
(Ai/A)× 100 × Ci positive 0.1878

Spatial
X31:Transport Pi =

1
nπR2 ×

n
∑

i=1
kj

(
1 − Dij

2

R2

)2
positive 0.2205

X32:RD RD = ∑4
i=1 li
S

positive 0.0982

Ecological X41:NDVI
EV = ∑n

i=1 NDVIi
S

positive 0.0716
X42:AQI negative 0.0237

4.2. Local Moran’s I

The Local Moran’s I index serves as a statistical instrument for evaluating the local
autocorrelation present in spatial data. It is adept at uncovering local spatial patterns,
including clusters, outliers, and spatial anomalies within datasets. Utilizing the Local
Moran’s I index to scrutinize the spatial vitality of Wuhan enabled us to acquire a profound
comprehension of the urban vitality distribution patterns in the city. The formula for the
Local Moran’s I index is presented below:

Ii =
(n − 1)

(
Xi − X

)
∑n

j=1,ji
(
Xj − X

)2 ∑n
j=1,ji Wij

(
Xj − X

)
(12)

where n is the total number of spatial units in the study area; Xi and Xj are the variable’s
observed values for spatial units i and j (i ̸= j); X stands for the variable’s mean; and Wij is
the spatial weight, defined by the widely used row-standardized inverse distance method,
between spatial units i and j.
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4.3. Difference-In-Difference Model

The Difference-In-Difference (DID) model is a quasi-experimental approach frequently
employed by researchers to explore causal links in public health environments. As experi-
mental methodologies have evolved, the DID model has expanded across various research
domains. Numerous studies in the domestic sphere have leveraged DID models to examine
the impacts of diverse policies, including investigations into the nexus between policy mea-
sures and economic growth [47], as well as the dynamics of carbon emissions [48], among
others. In the wake of the COVID-19 pandemic, the DID model has been instrumental
in assessing how policy adjustments correlate with infection rates [49]. A DID analysis
necessitates data from a control group unaffected by the policy and an experimental group
that is affected by the policy, alongside data spanning multiple periods for both groups.
Thus, a DID model can evaluate how public health emergencies influence urban vitality by
analyzing vitality across different times. To date, the application of the DID model to study
geospatial disparities is relatively uncharted, with existing research primarily focusing on
city units and lacking in micro-level analyses. This study aims to fill this gap by employing
a DID model to assess the effects of public health emergencies on varied regions.

The DID model can be used to assess the magnitude of an event’s or policy’s impact.
After the substantial outbreak of COVID-19 occurred in January 2020, urban vitality was
studied from July to December of the previous year and from January to June of the
following year, with January to June of the following year being considered as the period
after the event. In theory, the city’s vitality for consecutive years should show the same
trend, but due to the disruption of the epidemic, the change in urban vitality shows obvious
differences. The control group consisted of the monthly city vitality data from 2018 and
2019, while the experimental group consisted of the monthly city vitality data from 2019
and 2020. Both groups were numbered based on the time series, with 12 data periods in
each case (Table 6).

Table 6. Data groups based on the DID model.

Data Pre-Event Period Post-Event Period

Control group July 2018–December 2018 January 2019–June 2019
Experimental group July 2019–December 2019 January 2020–June 2020

Parallel trend assumptions need to be made first before executing a DID model. The
purpose of the parallel trend test is to see whether the experimental group and the control
group have the same trend if the event does not occur. If the experimental group and the
control group do not meet the same trend before the policy is implemented, the DID model
cannot be used to analyze the policy’s effects. Most studies in the literature use time trend
plots to conduct parallel trend visualization analyses and draw conclusions based on the
results [50].

γ = φ0 + φ1time process + φ2X + ωi + δt + εit (13)

In this equation, the impact of public health emergencies on urban vitality is compre-
hensively examined, where γ denotes urban vitality, i denotes the administrative district,
and t is time. Areas affected by a public health emergency set process as 1; otherwise, process
is set as 0. Moreover, time takes a value of 1 for the post-event period’s data, and otherwise,
time is set as 0. X represents a set of control variables, such as the resident population, local
income, and landscape index. ωi is a region-fixed effect and δt is a year-fixed effect. φ1 is
the coefficient that our study focused on observing, and if φ1 is significantly negative, it
can be judged that public health emergencies have a significant negative impact on urban
vitality.φ0 is an intercept term indicating the value of the expected dependent variable
when the time, process, and control variables are all zero. φ2 is the control variable coefficient,
which indicates the effect of the control variable on the dependent variable. ωi represents
the area-fixed effects, which are used to control for the effects of characteristics inherent to
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the unit of observation on the dependent variable, and δt represents the time-fixed effects.
εit is the error term, which represents the random factors that the model cannot explain.

Additionally, this formula can also examine the control variables to assess their im-
pacts on the fluctuations in urban vitality, identifying both their positive and negative
contributions. Consequently, by employing the DID model, we can investigate not only the
impact of public health emergencies on urban vitality but also how various urban elements
are associated with changes in urban vitality.

5. Results
5.1. Urban Vitality Spatial Patterns
5.1.1. Spatial Distribution of Different Dimensions of Vitality

Initially, the four dimensions of vitality—economic, spatial, social, and ecological—
were meticulously mapped and analyzed to discern the overarching distribution patterns
of these vitalities across Wuhan.

Economic vitality, a critical dimension of urban growth, was meticulously evaluated
using NTL and GDP data, segmented into five distinct levels by employing the natural
breaks method (Figure 3). This methodological approach revealed a stark contrast in
Wuhan’s economic vitality, with the central urban areas showcasing robust levels of eco-
nomic activity, while the suburban peripheries lag in economic engagement. Notably, the
northwestern quadrant of Wuhan’s core urban zone emerges as exceptionally dynamic,
hosting bustling commercial streets and versatile business centers catering to an array of
local needs spanning commerce, leisure, and culture. Despite this, other central locales,
although characterized by multiple business districts, display only moderate economic
vitality. This is largely attributed to their limited scope and the lack of major industries
or flagship corporations. In contrast, the peripheral zones of Wuhan rely heavily on tradi-
tional manufacturing and agriculture, hindered by a lack of innovation and investment in
high-tech sectors, consequently impacting their economic vitality adversely. Throughout
2018 to 2019 (Figure 3a,c), Wuhan observed a significant surge in economic vitality, par-
ticularly in zones previously identified as being vibrant. However, this upward trajectory
experienced a setback between 2019 and 2020 (Figure 3e,g), as areas once teeming with
economic life began to exhibit signs of declining vitality, indicating a complex interplay of
factors influencing the urban economy. According to the Local Moran’s I index, the central
urban area of Wuhan exhibited a significant trend of high–high clustering and diffusion
before the public health emergency. In contrast, the city’s most peripheral urban areas
demonstrated low–low clustering, while the economic vitality in other regions was not
statistically significant. A comparative analysis across four distinct periods reveals that
while economic vitality was highly concentrated in the central urban area, smaller yet
notable agglomerations also emerged in some outlying urban areas.

Remote sensing imagery and Point of Interest (POI) data lay the groundwork for
evaluating Wuhan’s social vitality and were subsequently divided into five categories
through the natural breaks method (Figure 4). This methodology uncovered a robust link
between social vitality and land use, illustrating how Wuhan’s complex land usage fosters
a diverse array of social dynamics throughout the municipality. In 2018 (Figure 4a), the
social structure of Wuhan was largely monocentric, with the bulk of social vitality being
concentrated in the western part of the central city. This scenario evolved in 2019 and
2020 (Figure 4e,g) towards a more polycentric model, propelled by the rich variety in land
uses, encompassing public services, residential communities, and business districts. The
shift from a monocentric to a polycentric distribution enabled a more equitable spread
of development, enhancing social vitality in various city segments. The heart of Wuhan
is replete with public infrastructure, including libraries, museums, cultural venues, and
administrative buildings, enriching the city’s social environment. Conversely, the outskirts
display reduced social vitality, attributed to the underdeveloped nature of their land
use, which is still in a phase of expansion, and the deliberate preservation of natural
terrains such as agricultural land, forests, and wetlands. These areas’ social vitality is
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further influenced by demographic factors, economic accessibility, and the availability of
social and recreational opportunities, underscoring the multifaceted determinants of social
vitality in urban settings. An analysis of the spatial vitality through the Local Moran’s
I index (Figure 4b) reveals an extensive high–high cluster in Wuhan’s central city, with
an anomalous low–high outlier noted along the Yangtze River. From July to December
2018 (Figure 4b), a distinct low–low cluster was observed in the northern and southern
expanses, which diminished as the city developed. Throughout the four time periods
studied, social vitality distributions were marked by low–high and high–low outliers,
primarily in remote urban areas. The prevalence of these outliers can be attributed to the
significant areas of low-social-vitality land, predominantly used for forestry and agriculture,
in these remote locations.
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Spatial vitality in Wuhan was meticulously evaluated using traffic-related Points of
Interest (POIs) alongside road density metrics and divided into five categories through
the natural breaks method (Figure 5). Our analysis revealed a spatial vitality average of
approximately 0.03 across the various study units, with notable disparities being observed
between central locales and more peripheral areas. Significantly, the zenith of spatial
vitality was identified in areas adjacent to the Yangtze River, Wuhan’s vital artery, serving
as essential nodes for both intracity and regional connectivity. These pivotal areas host a
rich array of transport facilities, including railway and bus stations, underpinned by an
extensive subway system designed to meet the city’s robust parking demand. Moreover, the
central zones of Wuhan benefit from increased spatial vitality, attributed to the widespread
availability of metro and bus services, thereby enhancing the city’s transportation network
density. In contrast, suburban areas display markedly lower levels of spatial vitality, with
occasional spikes along major thoroughfares. This discrepancy stems from the peripheral
dominance of industrial and residential areas, where transportation infrastructure remains
limited. A temporal analysis indicates steady spatial vitality in Wuhan’s outskirts, while
central urban areas witnessed a notable increase from 2018 to 2019 (Figure 5a,c), followed by
a subsequent decline through to 2020 (Figure 5g). This fluctuation underscores the dynamic
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nature of spatial vitality, influenced by urban development, transportation infrastructure
enhancements, and changing public health contexts. The Local Moran’s I index results
reveal that high–high clustering of the spatial vitality in Wuhan is confined to a small
central area, while extensive low–low clustering occurs in peripheral regions. This pattern
reflects a clear correlation with Wuhan’s subway line infrastructure. Despite substantial
government investments in subway construction, full subway line coverage is limited
to the central city. In contrast, remote areas typically feature only a single subway line,
influencing the spatial distribution of the city’s vitality.
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By analyzing NDVI and AQI data, the ecological vitality of the study area was quan-
tified and categorized into five levels from low to high using the natural breaks method
(Figure 6). The findings indicate that ecological vitality in Wuhan predominantly oscil-
lates between medium and weak, with a tendency towards the latter. The central urban
areas of Wuhan, characterized by a scarcity of green spaces amid dense residential and
commercial development, recorded ecological vitality values below 0.02 (Figure 6a). In
contrast, Wuhan’s eastern region exhibits a broader spectrum of ecological vitality due to
its expansive geography and varied land usage, reflecting a more diverse ecological state.
The city’s outskirts showcase a sustained medium level of ecological vitality, attributed
to restrained urban development and the conservation of natural landscapes, including
numerous wetland parks and lakes. These areas, with their development curtailed to
protect tourism and ecological resources, exemplify the positive impact of environmental
preservation on ecological vitality. Over time, the ecological vitality of these peripheral
areas remains relatively stable, with some achieving consistent medium levels, while others
experience variations between weak and medium. This analysis underscores the complex
interplay between urban development, land use, and ecological preservation in shaping
the ecological vitality of Wuhan. Utilizing the Local Moran’s I index, the results shown
reveal that significant clustering is generally absent across the city, attributed to the low
overall ecological vitality. In the northern and southern regions, however, the presence
of wetlands and large parks correlates with relatively high ecological vitality, resulting in
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several high–high clusters. Conversely, the central city exhibits low–low clustering as a
consequence of its saturated land use and scarcity of green spaces.
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When analyzing the spatial distribution of vitality, it is observed that both the eco-
nomic vitality and spatial vitality are more pronounced in the central urban zones. The
economic vitality exhibits a polycentric formation, whereas the spatial vitality demonstrates
a monocentric pattern. On the contrary, the distribution of social vitality lacks a discernible
spatial structure, and ecological vitality is notably greater in the more remote urban regions.

5.1.2. Spatial Distribution of Comprehensive Urban Vitality

Different types of vitality in Wuhan were evaluated using the entropy weighting
method, resulting in a measure of the city’s comprehensive vitality. This comprehensive
vitality was then classified into five levels through the natural breaks method, producing a
detailed distribution map of Wuhan’s comprehensive vitality (Figure 7).
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Wuhan’s overall vitality exhibits significant regional variation, with the most vibrant
areas being concentrated in the city center and the vitality diminishing towards the city’s
outskirts. This pattern mirrors the distributions of the economic and spatial vitality, which
are particularly pronounced in regions adjacent to the Yangtze River. These areas enjoy
elevated urban vitality, attributed to their accessible public transportation, thriving com-
mercial zones, abundant cultural and tourist sites, and comprehensive social institutions,
as well as their residents’ active participation in social activities. In contrast, while other
central urban areas also boast diverse land use and a wealth of parks, shops, and residences,
their urban vitality is considered medium. This is primarily due to underdeveloped eco-
nomic structures and less effective urban planning. The vitality landscape of Wuhan’s
outlying urban areas shows marked variability. Zones close to the central city demonstrate
enhanced vitality, in contrast to peripheral regions, where urban vitality falls below 0.04.
Notably, the northern and northeastern outskirts show an evolution into distinct nodes of
vitality. The pattern of urban vitality in these areas parallels that of the social vitality, albeit
with variance in intensity. Predominantly industrial and manufacturing in nature, these
sectors struggle with challenges like scarce employment options and a lower appeal for
living and working, diminishing their impact on the city’s aggregate urban vitality. On the
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other hand, the city’s outskirts are distinguished by robust ecological vitality, benefiting
from vast undeveloped natural terrains. This is further amplified by local government
efforts to foster eco-development.

An analysis of the data across the four periods with the Local Moran’s I index reveals
distinct clustering patterns of comprehensive vitality within Wuhan, persisting throughout
all four periods. The central city exhibits consistent high–high clustering, with both the
intensity and clustering of vitality dispersing outward from 2018 to 2019. Transitional zones
between the central and outlying urban areas display unique low–high outliers, attributed
to stark contrasts in their urban vitality values. Conversely, the distant urban regions are
characterized by a mix of non-significant and low–low clustering, alongside occasional
high–high clusters. Throughout all four periods, the urban vitality in the northern and
southern sectors consistently ranks the lowest, resulting in a predominance of low–low
clustering compared to other areas.

Employing a 1 km × 1 km grid as the study unit enables us to visualize the urban
vitality distribution, whereas utilizing administrative districts as the study unit enhances
our understanding of policy impacts. Given that administrative districts are central to daily
life, employment, and governance, vitality statistics at this level more precisely capture the
economic, social, and cultural characteristics of different areas. Furthermore, these statistics
provide insights into each district’s governmental policy decisions during the epidemic.

The average urban vitality of each administrative district was determined using an
area-based weighted summation approach (Figure 8). The three central districts on the
western side of the Yangtze River maintained the highest vitality levels throughout the
four periods analyzed, as illustrated in the figure. Their superior urban vitality can be
attributed to rich resources and significant investments. Conversely, the outer suburban
districts exhibit low urban vitality, compounded by their distance from central areas,
poor connectivity, and inadequate infrastructure. These peripheral districts, being on the
outskirts of Wuhan, also face a scarcity of public amenities (such as healthcare, education,
and transportation) and a dearth of commercial hubs and industrial clusters, which are
factors that significantly diminish their low vitality.
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Changes in the four studied dimensions of vitality in different regions of Wuhan
are shown in Figure 9. For instance, the districts of Hannan and Jiangxia consistently
show higher levels of spatial vitality compared to other forms of vitality, whereas in the
districts of Qingshan and Hanyang, social vitality predominates. Assessing the impact of
public health emergencies on these vitality dimensions solely through time-series analysis
proves challenging. Therefore, we propose a Difference-In-Difference model for more
comprehensive future studies.
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5.2. The Influence of COVID-19
5.2.1. Parallel Trend Assumptions

Before further analysis, the Difference-In-Difference model required the control group
and experimental group to pass the parallel trend assumption. This test, shown in Figure 10,
is intended to ensure the objectivity of the results.

Remote Sens. 2024, 16, x FOR PEER REVIEW 18 of 26 
 

 

 
Figure 9. Monthly vitality changes in different regions of Wuhan. 

5.2. The Influence of COVID-19 
5.2.1. Parallel Trend Assumptions 

Before further analysis, the Difference-In-Difference model required the control 
group and experimental group to pass the parallel trend assumption. This test, shown in 
Figure 10, is intended to ensure the objectivity of the results. 

Trends in both the experimental and control groups were analyzed using Stata, with 
the monthly average vitality being calculated and depicted as a time series. Before the 
public health emergency of the COVID-19 outbreak, the urban vitality of these groups 
followed a similar trajectory, exhibiting fluctuations within a defined range before ulti-
mately trending downward. This consistency in trends before the outbreak satisfies the 
parallel trend assumption required for the DID analysis. Thus, it can be concluded that 
the DID analysis is suitable for isolating the net effect of the COVID-19 outbreak on urban 
vitality. 

 
Figure 10. Parallel trend assumptions for urban vitality. Figure 10. Parallel trend assumptions for urban vitality.



Remote Sens. 2024, 16, 1697 18 of 25

Trends in both the experimental and control groups were analyzed using Stata, with the
monthly average vitality being calculated and depicted as a time series. Before the public
health emergency of the COVID-19 outbreak, the urban vitality of these groups followed a
similar trajectory, exhibiting fluctuations within a defined range before ultimately trending
downward. This consistency in trends before the outbreak satisfies the parallel trend
assumption required for the DID analysis. Thus, it can be concluded that the DID analysis
is suitable for isolating the net effect of the COVID-19 outbreak on urban vitality.

Furthermore, parallel trend tests were applied to the various dimensions of urban
vitality, including ecological, social, economic, and spatial aspects, to assess the impact of
public health emergencies. The results (Figure 11) illustrate the parallel trends across spatial,
economic, social, and ecological vitalities. Before the event, economic, social, and spatial
vitality levels exhibited stability in both the experimental and control groups, with minor
fluctuations. Conversely, ecological vitality consistently showed a declining trend in both
groups before the event. Consequently, all four vitality dimensions successfully met the
criteria of the parallel trend test, paving the way for a subsequent Difference-In-Difference
analysis.
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5.2.2. Control Variables

Since urban resources and urban infrastructure have an important impact on urban
vitality, it is important to include control factors to accurately assess the impact of public
health emergencies on urban vitality [51]. We selected 13 control variables considering
aspects of the population, economy, and urban infrastructure (Table 7).
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Table 7. Control variables.

Control Variable Description Influence

POP Number of people per unit of land area Impacts land use and urban planning
UR Urbanization rate Impacts the economy and destroys the environment

AGE The ratio of the number of persons aged 60 Causes a reduction in the labor force
INS Share of service industries Causes structural changes in the industry
PBR Tax-based revenue Reflects the government’s financial situation
SCG Retail sales of consumer goods Reflects the living standards of the population
INV Amount of foreign investments Impacts the market development potential

HOU Average house price per square Impacts the cost of living
HPD Average distance from neighborhoods to hospitals Reflects the abundance of medical resources
PD Patch density Reflects the density of buildings
LPI Largest patch index Reflects the living conditions

SHAPE_MN Mean shape index Reflects the complexity of buildings’ shapes
COHESION Patch cohesion Reflects spatial agglomeration or patch separation

5.2.3. Impact of COVID-19 on Different Dimensions

In this study, we employ a Difference-In-Difference model to analyze the impact of
public health emergencies on urban vitality. The initial findings, presented in the first
column of Table 8, indicate a significant negative effect of public health emergencies on
urban vitality at the 5% significance level, considering only area- and time-fixed effects.
In the analysis depicted in the second column, we introduce additional controls such
as the road density, the population density, and economic development indicators to
fully account for the impacts of public health emergencies. Despite these additional
controls, public health emergencies consistently exhibit a significant negative influence
on urban vitality. These results underscore the profound and detrimental effects of public
health emergencies on urban vitality, suggesting that such emergencies can impede urban
development irrespective of other factors.

Table 8. The results of the DID model analysis of urban vitality.

Variable Urban Vitality
(No Control Variables)

Urban Vitality
(With Control Variables)

DID −0.105 ** −0.0687 *
POP 0.402 *
UR 0.237

AGE −0.136
INS 0.109
PBR 5.58 × 10−7 *
SCG 0.000123
INV −0.518

HOU 3.21 × 10−6

HPD −7.91 × 10−5

PD 0.0749
LPI 0.00678

AREA_MN −0.000348
COHESION −0.0408

R-squared 0.360 0.464
Robust standard errors are shown in parentheses. ** p < 0.05, * p < 0.1.

The COVID-19 public health emergency has profoundly impacted the restaurant and
tourism sectors, leading to job losses. The lockdowns and quarantines that the govern-
ment implemented to control the spread have resulted in business closures, limited social
interactions, and the cancellation of sporting events [52]. Moreover, this emergency has
exacerbated individuals’ mental stress, further hindering socialization [53]. The prevail-
ing uncertainty affects individuals’ investment and consumption decisions. Addressing
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this epidemic has required substantial governmental resources, depleting urban finances
and influencing future city operations. Consequently, public health emergencies affect all
aspects of urban life, diminishing the city’s overall vitality.

Given that spatial, social, economic, and ecological vitality all satisfied the parallel
trend assumption, a Difference-In-Difference analysis was warranted (Table 9). Initially,
this analysis focused solely on the public health emergency’s impact on vitality without
incorporating various control variables. The findings indicate a significant negative impact
on social vitality at the 1% level and on spatial vitality at the 5% level, with economic vitality
also experiencing a significant negative effect at the 1% level. Conversely, ecological vitality
appears to benefit from public health emergencies, showing a significant positive impact at
the 1% level. These results highlight the nuanced effects of public health emergencies on
different facets of urban vitality. During the COVID-19 public health emergency, lockdown
measures and concerns for future livelihoods significantly reduced consumer spending
on food, beverages, tourism, and offline shopping, directly impacting sector revenues.
Additionally, such events can severely disrupt globalized supply chains, leading to fac-
tory closures and supply chain interruptions, which negatively affect economic vitality.
Government-imposed restrictions on certain areas and on public transportation reduced the
need for public outings, diminishing the social and spatial vitality. Conversely, decreased
human activity lessened the environmental stress, leading to improved air quality and
allowing ecosystems to recuperate during factory shutdowns, thereby enhancing the city’s
ecological vitality.

These findings underscore that public health emergencies significantly diminish urban
vitality, exerting varying levels of influence across different vitality dimensions due to the
restrictions that these emergencies place on human activities.

Table 9. The results of the DID model analysis for different dimensions of vitality.

Variable Economic Social Spatial Ecological

DID −0.0453 *** −0.0397 *** −0.0396 ** 0.0197 ***
R-squared 0.589 0.551 0.476 0.776

Robust standard errors are shown in parentheses. *** p < 0.01, ** p < 0.05.

5.3. Factors Influencing Different Aspects of Urban Vitality

Urban vitality encompasses economic, social, spatial, and ecological dimensions.
Investigating how various factors differently affect these dimensions constitutes a crucial
aspect of this study. To precisely evaluate these influences, we performed a differential
modeling analysis on the four facets of urban vitality, incorporating 13 control variables.
The findings (Table 10) reveal that, even after adjusting for these controls, public health
emergencies significantly reduce spatial, social, and economic vitality while enhancing
ecological vitality.

Economic dynamism is positively influenced by factors such as UR, INS, and PBR,
whereas COHESION negatively impacts it. Urbanization accelerates the pooling of the
population, resources, and services, which in turn increases the availability of services and
the demand for goods as the urban population grows [54]. A robust industrial structure
fosters economic diversification and mitigates the economy’s vulnerability to external
shocks by minimizing its reliance on single industries. Through effective fiscal policies and
budgetary allocations, governments can steer economic activity, utilizing fiscal resources to
diminish poverty and inequality and enhance the living standards of urban dwellers, thus
spurring economic growth. On the contrary, excessive agglomeration detracts from eco-
nomic dynamism by concentrating resources, facilities, or activities in specific areas, causing
a relative scarcity elsewhere and posing challenges for small firms and entrepreneurs in
accessing vital resources and growth opportunities.
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Table 10. The COVID-19 public health emergency’s influence on difference dimensions of vitality
after adding the control variables.

Variable Economic Social Spatial Ecological

DID −0.0430 *** −0.0484 *** 0.00294 ** 0.0198 ***

POP 0.0109 0.0139 0.407 * −0.00153
UR 0.104 ** 0.0265 0.177 0.0171

AGE 0.0870 −0.0785 * −0.134 −0.0109
INS 0.229 ** 0.905 *** 0.875 −0.0898 *
PBR 1.64 × 10−6 ** 1.87 × 10−6 * 5.75 × 10−7 2.12 × 10−7 *
SCG 2.62 × 10−6 1.21 × 10−5 0.000120 1.25 × 10−5

INV 0.197 0.0457 −0.776 0.0155
HOU 8.89 × 10−7 2.42 × 10−6 −2.69 × 10−6 −2.60 × 10−6 *
HPD −3.63 × 10−5 −4.90 × 10−5 1.20 × 10−5 −5.80 × 10−6

PD −0.00451 0.0206 ** 0.0763 * −0.0147
LPI 0.00117 −0.000936 0.00753 0.000517

AREA_MN −3.48 × 10−5 2.17 × 10−5 0.000327 −7.68 × 10−6

COHESION −0.0275 * −0.00767 −0.00612 0.000472

R-squared 0.660 0.837 0.546 0.788
Robust standard errors are shown in parentheses. *** p < 0.01, ** p < 0.05, * p < 0.1.

Social vitality is positively affected by factors such as INS, PBR, and PD, whereas high
aging rates (AGE) dampen social vitality. The connection between social vitality and land
usage suggests that a diverse industrial structure and substantial building density indicate
an area’s varied industries and commercial establishments, thereby reflecting extensive
land utilization and a broad spectrum of land-use types [55]. Government budgets that
facilitate investments in infrastructure and public services further enhance social dynamism.
Conversely, areas characterized by higher aging rates may experience reduced consumption
levels, making them less attractive for investments from businesses and retail centers, which
in turn can diminish these areas’ social vitality.

Spatial vitality is influenced by a select few factors, notably POP and PD, both of
which significantly enhance spatial vitality at the 10% significance level. Higher population
densities increase the likelihood of encounters and interactions among individuals, which
are foundational to the essence of spatial vitality. Furthermore, areas with dense popula-
tions generate a sufficient demand for public services, prompting governments to improve
access by expanding public transportation networks in these locales. Similarly, regions
with high building densities, encompassing a mix of residential, commercial, and office
spaces, necessitate the development of superior public transportation systems to facilitate
easy access to these buildings, thereby improving their spatial vitality [56].

INS and HOU negatively affect ecological vitality, with statistical significance at the
10% level, while PBR positively influences it at the 10% significance level. The expansion
driven by increased industrial diversity and higher housing prices often leads to a signifi-
cant consumption and development of natural resources, thus diminishing green spaces
and proliferating commercial structures such as factories and office complexes. Conversely,
government investments reflect a committed approach to ecological preservation. Through
directing funds towards environmental conservation initiatives, including reforestation,
wetland restoration, and pollution control, and by endorsing sustainable infrastructure and
the progression towards a low-carbon economy, government actions are instrumental in
bolstering ecosystem health and vitality.

Population density and government budgets significantly influence various aspects of
vitality, thereby impacting the comprehensive vitality of the city. The proper allocation and
management of these factors are crucial for the city’s long-term development.
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6. Discussion and Conclusions

Urban life intricately weaves together economic activity, social interactions, spatial
dynamics, and ecological processes. Thus, a holistic assessment of urban vitality necessi-
tates the integration of economic, social, spatial, and ecological dimensions. NTL data, POT
data, and roadway data have become instrumental in evaluating urban vitality. We believe
that NTL and GDP data can capture economic vitality; the land-use index mirrors social
vitality; transportation-related POIs, alongside road density, can depict spatial vitality;
and the Normalized Difference Vegetation Index coupled with the Air Quality Index can
delineate ecological vitality. Employing the entropy weight method to amalgamate these
four dimensions of urban vitality enabled us to discern the distribution of spatial vitality
within Wuhan and observe the evolving trends in vitality across different areas. The central
city of Wuhan is the center of business and finance, with dense land usage and good road
transportation, and areas distant from the city center are less intensively developed, with a
large amount of farmland and public transportation still being under construction [54,57].
Therefore, the distribution of spatial vitality in Wuhan roughly follows this pattern: the
central city exhibits higher economic, social, spatial vitality than the remote city, while the
far city exhibits more ecological vitality.

Our statistical charts reveal the complexity of changes in urban vitality, with diverse
trends across the four dimensions of vitality in various regions. This complexity makes it
challenging to grasp the nuances of urban vitality shifts through traditional time-series
analysis alone.

This study employed a Difference-In-Difference (DID) model to investigate the impact
of public health emergencies on urban vitality. It revealed that Wuhan’s urban development
has been progressively improving, allowing its urban vitality to remain generally stable in
the absence of emergencies. However, public health emergencies can significantly under-
mine city-wide vitality. In response to early stages of the COVID-19 outbreak, government
actions, including restaurant closures, transportation restrictions, and resident movement
limitations, precipitated a decline in the economic, social, and spatial vitality. Concurrently,
decreased human activity during these periods inadvertently benefited the environment,
thereby boosting the ecological vitality. To inform future urban development strategies and
the creation of resilient, dynamic cities, our analysis incorporated control variables. The
findings indicate that the population density and public revenue significantly influence
urban vitality. Based on these insights, urban planners are advised to enhance healthcare
and public services, particularly in areas with greater elderly populations.

This study extends previous research by assessing urban vitality across multiple di-
mensions and applying the entropy weighting method to assign precise weights. Unlike
previous studies that depend on a single snapshot in time, this research captures the ongoing
dynamic shifts in urban vitality. Furthermore, it utilizes a Difference-In-Difference model
to quantitatively evaluate changes in urban vitality. Investigating the spatial distribution of
urban vitality and identifying its key drivers will aid urban planners in selecting indicators
for a holistic evaluation of urban vitality, thereby facilitating enhanced urban development.

Despite its contributions, this study has areas that could benefit from further refine-
ment in future research. First, integrating more comprehensive data sources, such as
GPS data, could significantly improve the precision of spatial vitality assessments and, by
extension, urban vitality measurements. Secondly, expanding the timeframe to include
data following the COVID-19 public health emergency would offer deeper insights into
its prolonged effects on urban vitality. Thirdly, there are other methods involved in policy
discussions, such as the instrumental variable method and regression discontinuity design,
and we plan to utilize a variety of methods in subsequent experiments to compare the
effects of public health emergencies on urban vitality.
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