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Preface

Rapid urbanization is one of the most prominent global changes in the 21st century, characterized

by radical modifications of land surfaces, such as the conversion of natural vegetation, farmland,

and wetlands into built-up areas, transportation infrastructure, and other anthropogenic landscapes.

These profound land modifications not only reshape the urban surface energy balance, hydrological

processes, and atmospheric circulation but also significantly and far-reaching affect the occurrence

frequency, intensity, and spatial–temporal patterns of urban extreme climate events, including

extreme heatwaves, short-duration heavy rainfall, and other hazardous weather phenomena. Against

the background of global climate change, the interaction between urbanization-related radical land

modification and urban extreme climate has increasingly become the focus of interdisciplinary

research in meteorology, geography, urban planning, and environmental science. Understanding

the intrinsic mechanisms of this interaction is crucial for improving the accuracy of urban extreme

climate prediction, formulating scientific urban adaptation and mitigation strategies, and promoting

the sustainable development of cities.

To systematically showcase the latest research progress in this field, we launched this Special

Issue (SI), entitled “Influence of Urbanization-Related Radical Land Modification on Urban Extreme

Climate,” in Land. Since the call for papers, this Special Issue has attracted extensive attention

and positive responses from researchers worldwide. After a rigorous peer-review process (each

submission was reviewed by at least two independent experts in the field), we are pleased to present

a collection of eight high-quality research articles that span a wide range of geographical regions,

diverse research methods, and in-depth thematic explorations. Collectively, these articles provide

valuable insights into the complex relationship between urbanization-driven land modification and

urban extreme climate.

Geographically, the research in this Special Issue spans multiple typical urban agglomerations

and key cities in China, reflecting East Asia’s rapid urbanization. Specifically, the articles focus

on Hangzhou, Wuhan, Shanghai, Nanjing, Beijing, Shenyang, and two urban agglomerations in

Southeast China. This broad geographical coverage provides a comprehensive understanding of

the spatial heterogeneity of the impact of urbanization-related land modification on extreme climate

across different climatic zones (e.g., subtropical monsoon climate, temperate monsoon climate) and

urban development stages.

Thematically, the collected articles address a series of critical scientific issues.

• Several studies examine the impact of urbanization on extreme temperature events, for

example, by exploring the roles of synoptic weather patterns and urbanization in long-term

variations in warm and cold events in Nanjing; conducting a comparative analysis of

the characteristics and synoptic backgrounds of extreme heat events across two urban

agglomerations in Southeast China; and assessing the spatial variability of daytime and

nighttime extreme heatwaves in Beijing under different land-use types.

• Other studies focus on the response of extreme precipitation to urbanization, including

investigating urbanization-induced diurnal variation in short-duration rainfall events in

Wuhan; analyzing how urbanization and the monsoon jointly modify Meiyu precipitation

changes in Shanghai; and exploring how urbanization influences the spatiotemporal

characteristics of extreme hourly precipitation in Shenyang.

• Additionally, there are studies that adopt a broader perspective, such as assessing the impact

of urbanization on extreme climate indices in the entire Yangtze River Economic Belt, and

ix



conducting a sensitivity study on the impacts of urbanization and its parameters on thermal

and dynamic fields in Hangzhou using advanced numerical models.

Methodologically, the articles integrate multiple approaches, including in-situ observation data

analysis, remote sensing inversion, numerical simulation, and statistical modeling, thereby enriching

the research paradigm in this field and enhancing the reliability and depth of the research conclusions.

As Guest Editors of this Special Issue, we would like to express our sincere gratitude to

all authors for their valuable contributions of high-quality research. Their efforts have laid the

foundation for the success of this Special Issue. We also extend our heartfelt thanks to the

Editorial team of Land for their professional and efficient support throughout the entire process,

from the initial planning of the Special Issue to the final publication. Furthermore, we are deeply

grateful to the anonymous reviewers for their rigorous, constructive, and insightful comments,

which have significantly improved the quality of the published articles. Finally, we hope that this

Special Issue will serve as a platform for academic exchange and collaboration, inspiring more

researchers to engage in in-depth studies on the interaction between urbanization-related radical

land modification and urban extreme climate. We believe that the findings presented in this Special

Issue will provide important scientific references for urban planners, meteorological forecasters, and

policymakers to address the challenges posed by urban extreme climate and promote the construction

of climate-resilient cities.

Guoyu Ren and Yali Luo

Guest Editors

x
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Abstract: Urbanization has been proven to be a critical factor in modifying local or regional climate
characteristics. This research aims to examine the impact of urbanization on extreme climate indices in
the Yangtze River Economic Belt (YREB), China, by using meteorological observation data from 2000
to 2019. Three main steps are involved. First, a clustered threshold method based on remote-sensing
nighttime light data is used to extract urban built-up areas, and urban and rural meteorological sta-
tions can be identified based on the boundary of urban built-up areas. Nonparametric statistical tests,
namely, the Mann–Kendall test and Sen’s slope, are then applied to measure the trend characteristics
of extreme climate indices. Finally, the urbanization contribution rate is employed to quantify the
impact of urbanization on extreme climate indices. The results indicate that urbanization has a more
serious impact on extreme temperature indices than on extreme precipitation indices in the YREB. For
extreme temperature indices, urbanization generally causes more (less) frequent occurrence of warm
(cold) events. The impact of urbanization on different extreme temperature indices has heterogeneous
characteristics, including the difference in contamination levels and spatial variation of the impacted
cities. For extreme precipitation indices, only a few cities impacted by urbanization are detected, but
among these cities, urbanization contributes to increasing the trend of all indices.

Keywords: extreme climate events; YREB; remote-sensing nighttime light data; trend analysis

1. Introduction

The last decades have witnessed the frequent occurrence of extreme climate events
across the world. Although a global warming hiatus (pause or slowdown) is a period
of relatively little change in globally averaged surface temperatures, which is mainly
manifested by the lower warming rate of the global mean air surface temperature when
compared with 1998–2012 [1], the 2000s was the warmest decade on record since 1850,
with many regional and global records broken. According to the fifth assessment reports
published by the Intergovernmental Panel on Climate Change (IPCC), there is little doubt
that extreme climate events with unprecedented frequencies, intensities, and durations will
continue to occur in the future [2]. The significant damage to human life and the ecological
environment as a result of these extreme climate events has severely hindered sustainable
development. Consequently, the 2030 agenda of sustainable development goals released by
the United Nations clearly states that all countries should adopt urgent action to address
climate change and its impacts [3]. Before measurement and policymaking, it is more
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significant to understand the association mechanism between extreme climate events and
the driving factors.

Urbanization has been proven to be one of the critical driving factors for climate
change [4,5]. It changes the radiation, thermal and dynamic characteristics of the underlying
surface and alters the land cover in an urban area to be completely distinct from that
in surrounding areas, which will result in a horizontal gradient of moisture and energy
between the urban area and its surrounding areas and further influence the local or regional
climate characteristics [6]. Urban climate change, as a result of urbanization, affects the
physical environment more directly than global climate change [7]. According to this fact,
a series of studies have focused on analyzing the impact of urbanization on climate change.
The main differences in existing research are mainly reflected in the analytical object and
study area.

As a common analytical object or a representative phenomenon of urban climate
change, the urban heat island (UHI) refers to the warmer temperatures experienced by a
city than its surroundings [8]. The UHI magnitude or intensity can be evaluated from two
perspectives: one is based on the energy balance differences between urban and rural areas,
and the other is by comparing the air temperature between urban and rural areas. The
former attempts to compute the types and sizes of heat fluxes generated within an area and
then apply the energy balance calculation to account for UHI phenomena [9]. The energy
balance can be used for clearly understanding the physical mechanism behind the UHI, but
it is difficult to accurately obtain the information about heat fluxes. In contrast, although
using the difference in air temperature between urban and rural areas cannot explain the
physical mechanism, it is easy to determine the UHI intensity because only air temperature
data at different sites need to be obtained. Literature statistics show that this method has
been commonly applied to quantify UHIs [10,11].

In addition to the effects on air temperatures, urbanization can also affect extreme
precipitation events by changing the formation and development of aerosols, clouds,
etc. [12,13]. As demonstrated through an increasing number of studies, these extreme pre-
cipitation events are associated with increased urbanization [7–9]. Similar to the evaluation
of UHI intensity, the commonly used method can also be divided into physical modelling
and statistical analysis. Physical modelling aims to apply numerical simulation technology,
such as the weather research and forecasting model (WRF), for qualitatively identifying the
physical mechanisms of urbanization on precipitation [14–16]. However, the requirement
of high-resolution data and the uncertainty of the model parameters are obvious limita-
tions. An alternative method is statistical analysis, which is based on the comparison of
precipitation between urban and rural stations [17]. Due to the simple computing process,
statistical analysis has also been widely used in existing research. Therefore, the statistical
method for evaluating the impact of urbanization on extreme climate events was used in
this study.

Nevertheless, whether the statistical method is used to analyze the effects of urban-
ization on UHI intensity or extreme precipitation, how to select urban and rural stations
poses significant challenges because many relevant local-scale aspects need to be con-
sidered [18]. According to the difference in the main data source, existing methods for
classifying stations can be roughly divided into two categories: one is mainly based on
climate data, and the other is based on auxiliary data (population data, land use and land
cover (LULC)). The former, such as empirical orthogonal function (EOF) decomposition
and interpolation isotherms, attempt to address the classification issue by highlighting
different thermal or climate characteristics in urban-rural pairs [19,20]. These methods can
exhibit an obvious advantage when considering the boundary of the urbanization effect,
but the sparse distribution of meteorological stations in most urban areas cannot effectively
support these mathematical methods.

In contrast, these methods based on auxiliary data first extract urban built-up areas,
and meteorological stations located in (outside) the urban built-up areas are then identified
as urban stations (rural stations). Obviously, the crucial issue is to accurately obtain urban
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built-up areas. The spatial distribution of population density is one of the main sources
used to extract urban built-up areas. Specifically, a threshold for the population needs to be
set in advance, and an area with a higher value than the threshold is identified as a built-up
area [21]. Nevertheless, it is difficult to determine the threshold because the population
change with urban areas and to obtain accurate population data at a fine scale need to be
further discussed. Remote sensing nighttime light data are useful for extracting large-scale
built-up urban areas and have also been used to identify urban and rural stations [22].
Compared with other auxiliary data, namely, population data and LULC, remote sensing
nighttime light data can be directly collected by sensors and effectively reveal the area of
human activities, which has attracted increasing attention in extracting urban built-up areas.
However, empirical threshold-based methods were selected to extract urban built-up areas
in previous studies on meteorological station classification [23]. They may overestimate the
built-up areas in urban regions due to the ‘blooming’ effect of nighttime lights and over
small patches in developing towns because of the relatively low value of nighttime lights.
Consequently, an inaccurate result of urban built-up areas will result in error in station
classification and further lead to an unreliable result of the impact of urbanization on UHIs
or extreme precipitation. In this research, a clustered threshold strategy was used to extract
urban built-up areas by remote sensing nighttime light data, which can avoid the above
issues resulting from the empirical threshold-based method.

In addition, due to the spatial heterogeneity of urban characteristics, such as land
cover, impermeable layers, and industrial structures, the impact of urbanization on UHIs or
extreme climate indices may vary with the study area or scale [24–27]. The Yangtze River
Economic Belt (YREB), China, was selected as the study area. The YREB was positioned as a
coordinated development belt for western, central, and eastern parts of China, a pioneering
and demonstration belt for ecological and green civilization, and an inland river economic
belt with a global influence [28]. The outline of the Yangtze River Economic Belt Develop-
ment Plan, released in March 2016, further emphasized a development pattern for the area
with concentrations on ecological and green civilization [29]. Undoubtedly, this national
strategy would provide an unprecedented opportunity for in-depth development of the
cities in the YREB. However, in recent decades, because of urbanization processes, climate
conditions in the YREB have obviously changed [30]. The disastrous floods and extreme
temperature events associated with climate change occurred frequently and resulted in
considerable economic loss and human lives in the YREB [31]. Therefore, it is of great
significance to understand the impact of urbanization on extreme climate events in the
YREB.

The remaining paper is organized as follows. Section 2.1 introduces the study area and
datasets. Section 2.2 introduces the method for identifying the impact of urbanization on
extreme climate indices. The experimental results are described in Section 3. The conclusion
and discussion are presented in Sections 4 and 5, respectively.

2. Materials and Methods

2.1. Study Area and Datasets

As the longest river in China and the third-longest river in the world, the mainstream
Yangtze River flows through two municipalities (Chongqing and Shanghai) and nine
provinces (Anhui, Guizhou, Hubei, Hunan, Jiangsu, Jiangxi, Sichuan, Yunan, and Zhejiang).
The area covering these 11 provincial-level regions is called the YREB, which occupies
2.05 million square kilometers, accounting for approximately 21.3% of China’s land area.
In 2017, the total population and GDP in the area were approximately 595 million and
37,100 billion yuan, which correspond to 42.8% and 44.9% of the country’s total, respec-
tively [29]. The spatial distribution of the 11 provincial-level regions is shown in Figure 1,
and each region is marked with a unique colour.
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Figure 1. Spatial distribution of the 11 provincial-level regions.

The time series of daily maximum/minimum temperature and daily precipitation for
20 years (2000–2019) were obtained from the China Meteorological Data Service Centre
(http://data.cma.cn/en accessed on May 12, 2022). After the meteorological stations with
a large amount of missing data were removed (the proportion of missing data at some sites
was higher than 30%), there were 252 meteorological stations in the YREB, accounting for
96% of the total number of all stations. Based on meteorological data at 252 stations, the
software package RClimDex (http://etccdi.pacificclimate.org/software.shtml accessed on
May 12, 2022) was applied to compute 27 extreme climate indices, including 16 extreme
temperature indices and 11 extreme precipitation indices [32]. A brief introduction of
these extreme climate indices is shown in Table 1. In addition, the vector map in the
YREB [33] was also collected as auxiliary data for visualization and verification analysis.
To distinguish urban and rural meteorological stations, remote-sensing nighttime light
data [34] and built-up area data [35] were collected.

Table 1. Extreme climate indices.

Category Index Unit Definition

Extreme temperature
indices

FD0 * day Number of days with daily minimum temperature (TN) < 0°C
ID0 * day Number of days with daily maximum temperature (TX) < 0°C

TN10P *, TN90P # day Number of days with TN < 10th (>90th) percentile
TX10P *, TX90P # day Number of days with TX < 10th (>90th) percentile

TR20 #, SU25 # day Number of days with TN > 20 °C (TX > 25 °C)
TNn, TNx/TXn, TXx °C Minimum (maximum) value of TN/TX

DTR K Difference between TX and TN

CSDI, WSDI day Number of days with TN < 10th (>90th) percentile for at least 6
consecutive days

GSL day Numbers of days with daily average temperature>5°C

Extreme
precipitation indices

SDII mm/day Annual precipitation divided by the number of wet days

CDD day Maximum number of consecutive days with daily precipitation
amount (RR) < 1 mm (Maximum length of dry spell)

CWD day Maximum number of consecutive days with RR ≥1 mm
RX1day mm Maximum daily precipitation amount
RX5day mm Maximum precipitation amount for 5 consecutive days

R10mm, R20mm,
R25mm day Number of days with RR > 10mm (20, 25 mm)

R95P, R99P day Number of days with RR > 95th (99th) percentile
Prcptot mm Annual precipitation amount

# Warm indices: TN90P, TX90P, TR20, and Su25; * Cool indices: FD0, ID0, Ta10P, TN10P, and TX10P.

Admittedly, because of changes in observation stations, instruments, schedules, and
habits, inhomogeneous data or discontinuous points can be created [36]. The inhomo-
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geneous data may cause deviations in estimating climate trends, resulting in inaccurate
analyses for regional climate detection [37]. It is critical to perform data homogenization
so that the homogenous time series of climate variables contain only climate variation
and regional trend information. In this study, there are nine stations whose locations have
changed at least once. We deleted these climate data from these stations instead of adjusting
them. Compared with the number of all stations, the number of stations with location
changes is less, and detecting these few stations may not have much impact on the analysis
results.

2.2. Methods

As mentioned in the first section, the statistical method for evaluating the impact
of urbanization on extreme climate events was used in this study [38–40], but how to
accurately identify urban and rural stations is crucial for the statistical method to evaluate
urbanization on extreme climate indices. This research aims to apply a remote sensing
method of selecting urban and rural stations for evaluating urbanization on extreme climate
indices in the Yangtze River Economic Belt, China. The framework of this research is shown
in Figure 2. The main process can be divided into three steps. First, a clustered threshold
strategy based on remote-sensing nighttime light data is used to extract urban built-up
areas [41], and urban and rural stations can be identified by the boundary of urban built-up
areas [42–44], as described in Section 2.2.1. Second, the Mann–Kendall test is applied to
determine the significant trends among the time series of extreme climate indices [45]. For
the time series of an index at one station, if a significant increasing or decreasing trend is
confirmed, then Sen’s slope method is used to estimate the magnitude of the change trends
of extreme climate indices [25]. Otherwise, the time series at the station is ignored in the
subsequent analysis. The detailed introduction is described in Section 2.2.2. Third, based
on the change trend of extreme climate indices at urban and rural stations, the urbanization
contribution rate is applied to assess the impact of urbanization on extreme climate indices,
as described in Section 2.2.3.

Figure 2. Framework of the statistical method for analyzing the impact of urbanization on extreme
climate indices.

2.2.1. Classifying Meteorological Stations Using a Remote Sensing Method

The remote sensing method was used in this research to classify meteorological
stations into urban and rural stations. This method first extracts urban built-up areas
by using remote sensing nighttime light data, and according to the topological relation
between urban built-up areas and meteorological stations, the meteorological stations will
be classified into urban and rural stations. Specifically, the meteorological stations located
in the urban built-up areas are defined as urban stations, and those located outside the
urban built-up areas are defined as rural stations. Obvious differences in nighttime light
intensity exist among urban areas with different urbanization levels because of varied
urban development stages and energy consumption patterns. Therefore, the threshold
for extracting urban built-up areas from nighttime light should change with the level of
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nighttime light intensity. It is reasonable to apply a clustered threshold strategy to handle
this task.

The clustered threshold strategy mainly includes three steps. First, an image segmen-
tation algorithm is used to obtain the potential urban built-up areas, which is defined as a
set of areas composed of spatially continuous lighted pixels in the single-band nighttime
light. A series of image segmentation algorithms have been proposed for object-based
classification in remote sensing. Considering that the marker-controlled watershed seg-
mentation algorithm based on greyscale morphology is suitable for single-band remote
sensing nighttime light images, this algorithm is used to obtain the potential urban built-up
areas. The detailed process can be found in the relevant literature [41].

Then, a clustering algorithm is applied to divide the potential urban built-up areas
into several groups with similar nighttime light intensities. As only the total digital
number of nighttime lights needs to be considered in the clustering process, the classical
k-means algorithm is used to divide the potential urban built-up areas [46]. The elbow
method was used to determine the optimal cluster number k [47]. It considers the variation
characteristics of the sum of squared deviations from the means in each cluster, the within
sum of squares (WSS), which is defined as

WSS(k) = ∑k
j=1 ∑

Nj
i=1

(
xij − xj

)2 (1)

where Nj is the number of objects belonging to the jth cluster; xij and xj are the total DN
values of the ith objects of the jth cluster; and xj is the mean DN value of all the objects of
the jth cluster. At some value for k, the WSS drops dramatically, and after that it reaches a
plateau when the value of k continues to increase. This point, when this decrease in WSS
dispersion slows down, is called the “elbow” [48]. In this situation, the optimal cluster k
can be identified, and the clustering result is used to determine different thresholds for
extracting urban built-up areas.

Finally, for each cluster, the optimal threshold to classify the urban and rural areas
is detected by comparing the areas of the statistical data and urban built-up areas with
different thresholds. That is, the statistical data through an official survey always accurately
record the total area of each urban built-up area. The different results of the built-up areas
can be obtained based on a set of thresholds. The total area of the built-up area can be
directly based on the number of pixels whose DN values are larger than the threshold. The
optimal threshold corresponds to the built-up area closest to the statistical data. Specifically,
assume that the set of thresholds is t= {t1, . . . , tn} (i = 1, . . . , n), and for each threshold, the
total area of the built-up areas A(ti) (i = 1, . . . , n) can be obtained by counting the number
of pixels whose DN values are larger than ti. The optimal threshold t′ for a cluster can be
computed as

t′ = argmin |A(ti)− S| (2)

where S is the total area of each urban built-up area from an official survey.

2.2.2. Identifying the Change Trends of Extreme Indices

In this study, the nonparametric Mann–Kendall (MK) test is used to detect the signifi-
cant trends among the time series of extreme climate indices. A positive (negative) value
of the MK statistic indicates an increasing (decreasing) trend in the data. For a sample
size >10, a normal approximation to the Mann–Kendall statistics Z can be applied to test
significance. If Z is greater than Zα/2, where α is the significance level (0.10 in the study), it
is considered a significant trend [49].

The Sen’s slope method was selected to estimate the magnitude of the change trend of
extreme climate indices. As a nonparametric method, Sen’s slope assumes a linear trend in
the time series and then applies a linear model to calculate the slope of the trend [50]. A
positive value of the estimator corresponds to an increasing trend, and a negative value
indicates a decreasing trend in the time series. As the slope estimator is calculated through
the median statistic, Sen’s slope is robust to outliers and missing data.
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2.2.3. Assessing the Impact of Urbanization on Extreme Climate Indices

The impact of urbanization on extreme climate indices can be reflected by the linear
trend changes in extreme climate indices at urban stations resulting from urbanization [51].
The impact value Δβ can be defined as:

Δβ = βu − βr (3)

where βu and βr indicates the change trend of extreme climate indices at urban and
rural stations, respectively. A positive value of the impact value Δβ corresponds to an
increasing trend of urbanization on extreme climate indices, and a negative value indicates a
decreasing trend of urbanization on extreme climate indices. Furthermore, the urbanization
contribution rate is expressed as:

ru =|Δβ/βu|×100% (4)

where if ru is equal to 0, it means that urbanization has no contribution to the extreme
index extreme at urban stations, and if ru is equal to 100%, it means that the change trend
of extreme climate indices at urban stations is completely caused by urbanization. Notably,
because some unknown local factors may exist, the values of the urbanization contribution
rate may be greater than 100%, and in this case, the urbanization contribution rate is also
regarded as 100% [52].

3. Results

3.1. Classification of Meteorological Stations

As introduced in Section 2.2.1, the watershed segmentation algorithm was first used
to obtain the potential urban clusters. The spatial distribution of potential urban built-up
areas is shown in Figure 3, and the orange area indicates the potential urban built-up area.
The nighttime light intensity of potential urban built-up areas was then aggregated into
prefecture-level cities based on the administrative boundary. Furthermore, the number
of clusters defined using the k-means cluster algorithm over the nighttime light intensity
was tested for k = 2, . . . , 8. The estimates of WSS for different k are visualized in Figure 4.
The number of clusters was set to 4 since the WSS drops dramatically when k is from 3 to
4 and reaches a plateau when k is from 4 to 5. The cluster result is presented in Figure 5,
and these four clusters are displayed in different colors. From Cluster 1 to 4, the nighttime
light intensity of prefecture-level cities gradually increases, but the number of these cities
gradually decrease.

Figure 3. Spatial distribution of potential urban built-up areas.
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Figure 4. The estimates of WSS for different k.

Figure 5. Cluster results of potential urban clusters.

For each cluster, different results of extracting the built-up areas can be computed
based on a set of thresholds. In Figure 6, the horizontal axis indicates the DN threshold, and
the vertical axis represents the absolute value of the difference between the built-up area
from the remote sensing data and the statistical data. Based on Equation (2), the optimal
threshold corresponds to the lowest value of the cures in Figure 6. Therefore, the optimal
thresholds for Cluster 1 to 4 are 2, 18, 21, and 23, respectively. According to the optimal
threshold of each cluster, the final urban built-up areas can be identified. Furthermore,
urban and rural stations can be separated based on the boundary of these built-up areas.
The total number of urban and rural stations are 203 and 41, respectively. The spatial
distribution of urban and rural stations is shown in Figure 7, and the orange squares and
blue circles indicate rural and urban stations, respectively.

Figure 6. The estimates of WSS for different k.
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Figure 7. Spatial distribution of urban and rural stations.

Notably, a potential assumption in Equation (3) is that the urban and rural stations are
usually distributed in adjacent locations. Due to the significant difference in the number of
stations between urban and rural areas, the nearest rural stations of some urban stations
may be far away from them and have different climate characteristics that not only result
from the urbanization. In that case, the urban stations should be ignored because of the
lack of nearby rural stations as a reference. Consequently, to filter out these cities and
retain the prefecture-level cities with higher urbanization levels, we built a 110 km buffer
zone centered on each rural station, and these urban stations within a buffer are reserved.
Here, a buffer radius that is too large violates the principle of proximity between urban
and suburban stations, which may lead to extreme climate impacts not completely caused
by urbanization. Too small a buffer radius may lead to many cities not referring to rural
stations. Considering the above conditions, the buffer radius was selected as 110 km. In
this situation, the radius was not too large, and more rural stations could be matched to
urban stations. Finally, 99 urban stations (or cities) and 38 rural stations were determined,
which are shown in Figure 8.

Figure 8. Result of matching urban and rural stations based on 110 km buffer.

3.2. The impact of Urbanization on Extreme Temperature Indices

For each extreme temperature indices, the MK test and Sen’s slope method were first
used to detect the significant trends among time series at both urban and rural stations. The
statistical results are listed in Figure 9. The horizontal axis represents extreme temperature
indices, and the vertical axis indicates the proportion of cities with different trend types in
the number of all cities. Overall, these indices, including TN90P, TR20, TNx, and TX90P,
exhibit significant upward trends, and TX10P and TN10P show significant downwards
trends at most stations. There are no significant or dominant trends in the remaining
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indices. The indices with significant upward trends mainly consist of warm indices (TN90P,
TR20, and TX90P). Meanwhile, all the indices with significant downwards trends (TN10P,
and TX10P) are cold indices.

Figure 9. Percentage of meteorological stations with different trends for the extreme temperature
index.

Furthermore, based on Equations (3) and (4), the urbanization contribution rates on
TN90P, TR20, TNx, TX90P, TN10P, and TX10P can be obtained. The spatial distribution and
urbanization contribution rates of the impacted cities are shown in Figure 10. Only cities in
which extreme temperature indices had a significant impact caused by urbanization are
labelled in Figure 10. The red and green triangles represent the impact of urbanization
with a dominant upwards and downwards trend, respectively, and the size of triangles
represents urbanization contribution rates, which was divided into four intervals, namely,
[0%, 25%), [25%, 50%), [50%, 75%), and [75%, 100%]. Among all 99 cities, the total number of
cities in which TN90P, TR20, TNx, TX90P, TN10P, and TX10P were impacted by urbanization
was 36, 24, 9, 11, 20, and 7, respectively. Among these indices affected by urbanization
with a dominant upwards trend, TN90P was the most severely affected by urbanization,
followed by TR20. Both TNx and TX90P are similarly affected by urbanization, but only a
very small number of cities were detected. It can also be found that the spatial distribution
of these cities is inconsistent. Cities of which TN90P, shown in Figure 10a, was impacted by
urbanization covered most areas of the YERB. However, most of them are distributed in
the middle reaches, including Chonqing, Guizhou, Hubei, and Hunan Provinces, where
the urbanization contribution rates are mainly located in the range of 25% to 75%. Overall,
other cities located upstream and downstream have low contribution rates. In Figure 10b,
cities of which TR20 was impacted by urbanization are also mainly distributed in the
middle reaches with a high variance of urbanization contribution rates (the range is from
0% to 75%). The downstream cities with high values of urbanization contribution rates are
in Anhui Province. For the cities in which TNx and TX90P were impacted by urbanization,
as shown in Figure 10c,d, there was no spatial aggregation pattern.

In the indices impacted by urbanization with a dominant downwards trend, TN10P is
more seriously impacted by urbanization than TX10P. As shown in Figure 10e, cities corre-
sponding to TN10P are mainly distributed in the middle reaches of the YERB, including
Chongqing and Hubei provinces, and many values of urbanization contribution rates are
greater than 50%. Although TX10P was not severely impacted by urbanization, as shown in
Figure 10f, the spatial distribution of the impacted cities exhibits an agglomeration pattern,
and most of the cities are located in Sichuan Province.
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Figure 10. Urbanization contribution rates of different extreme temperature indices: (a) TN90P,
(b) TR20, (c) TNx, (d) TX90P, (e) TN10P, and (f) TX10P.

Figure 11. Percentage of meteorological stations with different trends for the extreme precipitation
index.
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3.3. The Impact of Urbanization on Extreme Precipitation Indices

Similarly, the nonparametric statistical test was applied to identify different types
of trends among the time series of extreme precipitation indices at both urban and rural
stations. The statistical results are shown in Figure 11. For all extreme precipitation indices,
the number of cities with no significant trend is the largest. In the cities in which the index
has a significant trend, there are more cities with an upwards trend than those with a
downwards trend. Only cities of which Prcptot was impacted by urbanization are spatially
clustered and mainly located downstream of YERB, as shown in Figure 12.

Figure 12. Urbanization contribution rates of the extreme precipitation index Prcptot.

4. Discussion

Understanding the impact of urbanization on extreme climate events is a crucial topic
in climate change. This research used the statistical comparison of extreme climate between
urban and rural stations to measure the impact of urbanization on extreme climate events.
Compared with physical modelling, statistical analysis exhibits obvious advantages and
limitations. It can be directly used to measure the impact based only on climate data from
different stations, but the method cannot describe the physical mechanism behind these
climate processes. Among the statistical methods, an important process was how to classify
meteorological stations into urban and rural stations, which was further converted to the
issue of the identification of urban built-up areas. Therefore, a clustered threshold strategy
based on nighttime light data was then presented to handle this issue. Compared with other
methods, such as empirical orthogonal function decomposition and interpolation isotherms,
the remote sensing method only involves nighttime light data, which are easily accessible,
and the principle for meteorological station classification is also easy to understand.

The YREB with rapid urbanization development was selected as the study area. Previ-
ous studies on the extreme climate of the YREB [53] mainly focused on the characteristics
of extreme temperatures [45] and extreme precipitation [54] and rarely explored the impact
of urbanization on the extreme climate of the YREB [55]. In this research, it was found
that the number of meteorological stations with significant trends for extreme temperature
indices was higher than that for extreme precipitation indices. This conclusion was also
demonstrated in related studies. For example, Cheng et al. found that the number of
extreme temperature indices with significant changes in the Yangtze River Basin from 1958
to 2017 was 2.8 times that of the extreme precipitation index [55]. Among these extreme
temperature indices, warm indices, including TN90P, TR20, and TX90P, always exhibit an
upwards trend, and most of the cold indices, such as TN10P and TX10, show a decreasing
trend in the study area, which is also consistent with the results in other regions or local
regions in the YREB. For example, Zhao et al. found that the warm indices showed upwards
trends in the Beijing-Tianjin-Hebei regions during the period 1980-2015, while the cold
indices tended to decrease [25]. Shi et al. found that the main cold index of the extreme
temperature index in the Yangtze River Basin showed a downwards trend from 1970 to
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2014, and the main warm index of the extreme temperature index showed an upwards
trend [45].

The urbanization contribution rates were used to quantitatively measure the impact
of urbanization on extreme climate indices. The impact of urbanization on extreme temper-
ature indices has obviously heterogeneous characteristics, which is mainly reflected in the
following two aspects. One is that urbanization has distinct levels of impact on different
extreme temperature indices, and TN90P, TR20, and TN10P were seriously affected by
urbanization. The other is that the impact of urbanization on different indices has spatial
variability; that is, for different extreme temperature indices, the spatial distribution of the
impacted cities is inconsistent. For example, cities in which TN90P, TR20, and TN10P were
impacted by urbanization are mainly distributed in the middle reaches, and most of the
cities in which TX10P exhibits a downwards trend are located in Sichuan Province. This
similar conclusion was also demonstrated in related studies. For example, Qiu et al. found
that extreme temperature indices (TNn, TXx) in China increased significantly from 1960 to
2016 with varying degrees in different seasons and different regions [52]. Lin et al. found
that in 20 urban agglomerations in China from 1971 to 2014, for both extreme temperature
and precipitation indices, urban and rural areas exhibit remarkably distinct changes and
demonstrate a significant urbanization effect, which also varies across different climate
backgrounds [26].

The impact of urbanization on extreme precipitation indices was lower than that on
extreme temperature indices, which indicates that extreme precipitation indices were not
susceptible to urbanization in the YREB. The impacts on extreme precipitation indices
display stronger regional discrepancies than those on temperature extremes [26]. In previ-
ous studies, there was no consistent conclusion on the impact of urbanization on extreme
precipitation indices. Some researchers found that urbanization caused great precipitation
and heavy precipitation frequency [56], and one potential reason is that because of the
effect of urban heat islands, local thermodynamics and unstable atmospheres may result in
stronger precipitation in urban areas [57]. Other researchers demonstrated that the increase
in aerosols and the associated cloud microphysical process could cause the reduction in pre-
cipitation in the urbanization process [58], and a downwards trend of extreme precipitation
indices might be exhibited in some cities [59]. The results in this research demonstrated
that the extreme precipitation indices of only a few cities exhibited a significant trend, so
urbanization did not absolutely affect the 9 extreme precipitation frequencies.

In addition, we also found that the cities of which Prcptot was significantly impacted
by urbanization were concentrated in the Yangtze River Delta, especially in Zhejiang
Province. Meanwhile, Prcptot shows a downwards trend in these areas. However, in the
study of Yuan et al., the change trend of Prcptot in the Yangtze River Basin from 1961 to 2020
was not significant [50], and Prcptot was not proven to be impacted by urbanization. This
research found that TX90P had the most significant growth trend of 5.7 days/10 years only
in Yunnan Province. However, Shi et al. found that from 1970 to 2014, warm days (TX90P)
in the Yangtze River Basin obviously increased, with a trend of 4.73 days/10 years [45].

This research only focuses on quantifying the impact of urbanization of cities on
different extreme climate indices in the YREB and was not conducive to a deep discussion
regarding the potential association relationship, namely, how to explain the heterogeneous
characteristics of the impact of urbanization on extreme climate indices. The above content
needs to be discussed in future research.

5. Conclusions

In this research, the impact of urbanization on extreme temperature and precipitation
indices in the YREB was examined by comparing the trend characteristics of urban and
rural stations. The specific process mainly includes three steps: a clustered threshold
method based on remote-sensing nighttime light data is first applied to extract urban
built-up areas, and urban and rural meteorological stations can be identified based on
the boundary of urban built-up areas. The total numbers of urban and rural stations
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were 203 and 41, respectively, and 99 urban stations with corresponding rural stations
were finally selected. The nonparametric statistical method is then applied to measure
the trend characteristics of extreme temperature and precipitation indices. The warm
indices (TN90P, TR20, and TX90P) show significant upwards trends, and all the indices
with significant downwards trends (TN10P and TX10P) were cold indices. Except for a
few cities in which extreme precipitation indices show an upwards trend, those indices did
not exhibit a significant trend in most urban areas. Based on the change trend of extreme
climate indices at urban and rural stations, the urbanization contribution rate is applied to
assess the impact of urbanization on extreme climate indices. Overall, urbanization has
a more significant impact on extreme temperature indices than on extreme precipitation
indices. Urbanization leads to a more (less) frequent occurrence of warm (cold) events.
The impact of urbanization on different extreme temperature indices has heterogeneous
characteristics, which are reflected in the difference in contribution levels and spatial
variation of the impacted cities. The extreme precipitation indices of only a few cities
exhibited a significant trend, so urbanization did not absolutely affect the frequency of the
nine extreme precipitation events.
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Abstract: Understanding changes in extreme hourly precipitation is critical to urban planners for
building more sustainable and resilient cities. In this study, we use satellite nighttime light data,
urban land area data, population, and economic data to objectively classify urban and rural stations.
Based on the hourly precipitation data from national meteorological stations in 1974–2020 and
from regional automatic weather stations in 2005–2020 in Shenyang (China), the spatio-temporal
distribution characteristics of the thresholds, maximums, intensities, and frequencies of extreme
hourly precipitation (ExHP) in urban and rural areas are analyzed and compared. The results show
that the large-value centers of ExHP thresholds, maximums, and intensities are mainly concentrated
in urban areas. Both the frequency and intensity of ExHP at urban stations are obviously larger than
those at rural stations, and the peaks mainly appear at night for stations of both two types. From
1974 to 2020, the average frequency and intensity of ExHP at urban stations both show increasing
trends, with the increasing rate being much higher than those at rural stations. In terms of temporal
variation, precipitation events of the abrupt type are the most frequent, accounting for 48.6% of the
total, followed by the growing type (42.7%) and continuous type (8.7%). ExHP events of the abrupt
type are mostly concentrated in Kangping County and Faku County of Northern Shenyang, but
rarely occur in Xinmin City. ExHP events of the growing type are mainly found in Xinmin City and
the municipal district of Shenyang. For urban stations, the ExHP frequency decreases in the early
stage of urbanization, while increasing evidently during the rapid urbanization stage. However, the
situation is just the opposite for rural stations. This indicates that the rapid urbanization in Shenyang
has a certain impact on the increase in ExHP.

Keywords: urbanization; extreme hourly precipitation; Shenyang

1. Introduction

Under the background of global warming, the meteorological disasters in Liaoning
Province (China) have been increasingly frequent, which brings a serious challenge to
disaster prevention and mitigation [1,2]. From 2018 to 2019, 14 regional rainstorm processes
occurred in Liaoning Province, with the emergency response to major meteorological
disasters (rainstorms) being activated each time. A total of 14 cities were affected by
the rainstorms, and the rainfall amount and rainfall days in many parts had set record
highs, causing serious damages to transportation, animal husbandry, agriculture, and
water conservancy projects. During 2018–2019, the number of typhoons affecting Liaoning
Province is three times as many as that in the same period in history. These typhoons
with strong intensity induced precipitation events with large rainfall amounts, which
caused serious losses and continuously broke the extreme value of typhoon rainstorms [3].
On 16 August 2019 (local standard time, LST), the strongest short-term heavy rainfall
in 68 years hit the municipal district of Shenyang with its intensity reaching the level
of a heavy rainstorm, causing one death. From 1755 LST to 1855 LST, the precipitation
observed at the meteorological station of Shenshuiwan Park in the Heping District reached
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100.8 mm, which is the strongest hourly rainfall in the municipal district of Shenyang since
complete meteorological observation records began in 1951. In August 2019, under the
combined effect of Typhoon Lekima and the cold air brought by the upper-level trough, the
regional-average precipitation amount in Liaoning Province reached 126.5 mm, breaking
the record in the same period since 1951. This typhoon-induced precipitation event has
been evaluated as a level 1 rainstorm disaster, which is the most serious for its long duration,
large, accumulated rainfall amount, wide impact range, and accompanying strong gales.
The rainstorm led to urban waterlogging in Shenyang, with the total area affected reaching
39.8 km2 and a direct economic loss of 7.965 million yuan (1.669 million dollars) [4]. In
addition, water conservancy projects and non-engineering measures for mountain torrents
were also damaged to varying degrees. In recent decades, the impacts of rainstorm-induced
mountain torrents, geological disasters, and urban waterlogging on Shenyang have become
increasingly prominent. From 1984 to 2019, Shenyang suffered from varying degrees of
meteorological disasters (including torrential rain, floods, and typhoons) year by year,
resulting in a direct economic loss of more than 100 million yuan (14.65 million dollars)
per year [5]. With the increasing population, social and economic development, and the
continuous increases in carrying capacity and infrastructures per unit area in Shenyang,
the damages caused by rainstorms are becoming more and more serious, resulting in
great economic losses and a series of social and environmental problems. Hence, the
rainstorm disaster has become a key factor restricting the sustainable development of
Shenyang. Therefore, it is necessary to study the impact of urbanization on extreme heavy
precipitation in this region.

According to the Clausius-Clapeyron equation, the water holding capacity of the atmo-
sphere increases with the rising of atmospheric temperature. Therefore, the precipitation
intensity will increase in the mid-latitudes and tropics which are both densely populated [6].
However, the precipitation intensity is usually expressed by daily precipitation data in
previous studies, which may overestimate the intensity of long-term persistent weak pre-
cipitation and underestimate the intensity of short-term heavy precipitation, making the
two types of precipitation events hard to be distinguished. Therefore, improving the tem-
poral resolution of precipitation data is essential to studying extreme precipitation. In
recent years, with the development of meteorological operation, a set of high-quality and
relatively complete long-term hourly precipitation data has been established by Liaoning
Meteorological Information Center, which is based on the observations at the national
ground observation stations (61 stations in total, covering the national reference climato-
logical stations, principal meteorological stations, and ordinary climatological stations)
since records began and at the regional automatic stations (237 regional backbone stations
in total) from 2005 to 2020 in Shenyang. This dataset provides important support for the
study of extreme precipitation in Shenyang. So far, there have been some studies focusing
on hourly precipitation in China. However, the research on extreme hourly precipitation
(ExHP) events and urbanization effects is rarely seen. Hence, this dataset is essential to
reveal the multi-scale spatio-temporal variation characteristics of ExHP in Shenyang.

Previous studies on extreme precipitation events and urbanization response are mainly
concentrated in developed countries and highly developed regions in China, such as the
Yangtze River Delta and Beijing-Tianjin-Hebei region. However, there are few studies
on the urbanization effect of Shenyang, especially the impact of urbanization on extreme
precipitation in this region. Studies have pointed out that the increase in urban buildings
is conducive to convective precipitation and the enhancement of the urban heat island
effect [7,8]. There is a significant relationship between the decrease in summer precipitation
and the rapid urbanization in the Beijing-Tianjin-Hebei region [9–11]. Yang et al. [12,13]
and Zhang et al. [14] suggested that the increasing trend of short-term heavy precipitation
is closely related to urbanization. Moreover, the short-term heavy precipitation mostly
occurs in the early morning, which may be caused by the joint action of the sea-land breeze
and urbanization. Based on the TRMM (Tropical Rainfall Measuring Mission) satellite
data, Li et al. [15] found that extreme heavy precipitation in the Pearl River Delta evidently
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increases compared with that in other regions, while weak precipitation significantly
reduces. Dai et al. [16] revealed that the summer precipitation intensity and the hours of
extremely heavy precipitation in Liaoning Province both show an increasing trend, where
the intensity of extreme precipitation in July greatly increases. According to multi-model
simulation results, Miao et al. [17] found that the precipitation distribution in urban areas
is closely related to the degree of urbanization. Liang and Ding [18] analyzed the 100-year
hourly precipitation data in Shanghai and found that the hourly extreme precipitation in
Shanghai has an obvious increasing trend. Especially, in the 30 years of rapid urbanization
since the 1980s, the rain island effect is obvious in Shanghai, where the increase in the
magnitude of extreme precipitation is more obvious in the city center than in the suburbs.
In the research on the characteristics of summer precipitation in Beijing and the impact
of urbanization on heavy precipitation, Yuan et al. [19] suggested that the contribution of
extremely heavy precipitation in urban areas to the total summer precipitation has been
increasing since 2004, which may be due to the urbanization effect. However, the previous
works on urban precipitation are not specific enough. Most of the research is based on a few
national meteorological stations, and the analysis on an hourly scale is also relatively few.
Fewer studies may be caused by the lack of density and high-quality observational data in
urban areas, which is a necessity for investigating the relations between urbanization and
precipitation events at a finer spatial and temporal scale.

In this study, multi-source data including nighttime light data, socio-economic data,
and urban area are used to determine the thresholds to distinguish between urban and rural
areas, so as to classify the stations into urban and rural stations. The hourly precipitation
data at national meteorological stations from 1974 to 2020 and regional automatic weather
stations from 2005 to 2020 in Shenyang are also used. The percentile method is adopted
to determine the threshold of ExHP at each station. On this basis, the spatio-temporal
distribution characteristics of threshold, maximum, intensity, and frequency of ExHP at
urban and rural stations in Shenyang are analyzed and compared, aiming to provide
technical support for extreme precipitation prediction, meteorological disaster prevention
and mitigation, and the adaptation to urban climate change in Shenyang.

The remainder of this paper is organized as follows. Section 2 introduces the data and
method. Section 3 illustrates the spatial distribution characteristics of ExHP in Shenyang.
Section 4 presents the time variation characteristics of ExHP, such as diurnal variation,
interannual variation, and the variation characteristics of ExHP events of different types.
Finally, the conclusions and discussion are provided in Section 5.

2. Data and Methods

2.1. Study Area

Shenyang is a high-density mega-city covering about 1.3 million square kilometers,
which is located in the central part of Liaoning Province of Northeast China. It is dominated
by plains and has a temperate monsoon climate with annual average temperature and
precipitation of 8.4 ◦C and 690 mm, respectively. The rainfalls in Shenyang are mainly
concentrated in summer. Shenyang has a larger temperature difference and obvious sea-
sonal characteristics including hot-humid summer and cold-dry winter. Shenyang includes
Kangping County, Faku County, Xinmin City, Liaozhong District, and the municipal dis-
trict of Shenyang. Because of urban expansion, the population and economy in Shenyang
grow rapidly, over half of the population lives in the municipal district of Shenyang. Sub-
regions of Shenyang present different urbanization patterns with the varied densities of
city population and buildings as well.

2.2. Research Data

This study uses five types of research data. First, the hourly temperature and pre-
cipitation data at 7 national meteorological stations during 1974–2020 and 237 regional
automatic stations since records began until 2020 in Shenyang are adopted (Figure 1),
which are provided by the Liaoning Meteorological Information Center. The national
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meteorological stations are set up according to the national climate divisions to obtain
long-term continuous climate data with sufficient representation. The number of stations is
relatively small, while long-term observations. The regional automatic weather stations
were established recently, but they provide more accurate and higher quality observa-
tions. They are thus an effective supplement to the national station data. Quality control
procedures such as climatic extreme value and consistency tests have been applied to fix
artificial errors. Second, the nighttime light data from the Defense Meteorological Satel-
lite Program/Operational Line-Scan System (DMSP/OLS) with the study period during
1993–2013 are also utilized, which are provided by the National Geographic Data Center,
https://www.ngdc.noaa.gov/eog/dmsp.html (accessed on 28 August 2022). The data is
processed by accidental noise filtering and cloud elimination. Besides, it has also been
specially developed with respect to the geographical characteristics of Asia, where the
interference of light saturation is eliminated, and there is no necessity for manual control
of the amplification gain. This data facilitates the analysis of urbanization intensity in
Asia [20]. Third, the data on urban land area comes from the Liaoning Statistical Yearbook
from 1993 to 2013. Fourth, the gross domestic product (GDP) per unit area adopts the
1-km grid GDP in China from the Resources and Environment Science and Data Center,
http://www.resdc.cn (accessed on 28 August 2022). Fifth, the population density data
comes from the Population Grid_China released by the Institute of Geographical Sciences
and Natural Resources Research, Chinese Academy of Sciences. http://www.geodata.cn
(accessed on 28 August 2022) . This dataset is established based on the land-use data
from remote sensing data and population statistics. Through the spatial analysis function
of the geographic information system, a spatial distribution model of the population is
constructed to spatialize the statistical population data. Finally, the spatial population
density data with a resolution of 1 km × 1 km is generated.

Figure 1. The spatial distribution of national meteorological stations and regional automatic weather
stations in Shenyang.

2.3. Identification and Classification of Extreme Hourly Precipitation Events

In this study, the percentile method is used to determine the threshold of ExHP. The
hourly precipitation data during 1974–2020 at each station are sorted from the weakest to
the strongest. Through a comparison test, the hourly precipitation in the 99th percentile
exceeding the minimum threshold of hourly heavy precipitation defined by the National
Meteorological Center (20 mm·h−1) is defined as the threshold of ExHP at this station [21].
The frequency of ExHP is defined as the occurrence number of hourly precipitation exceed-
ing the above-defined threshold. The intensity of ExHP is defined as the ratio of the total
amount of ExHP at each station to the frequency of the ExHP.
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Based on the relationships of the hourly precipitation three hours before the occurrence
of ExHP (R−1, R−2, R−3) with the ExHP (R0), the ExHP events from 1974 to 2020 are
classified into the abrupt type, growing type, and continuous type [22]. ExHP events of the
abrupt type generally last for a short time, with a small range and strong intensity. However,
ExHP events of the continuous type are generally featured by longer duration and larger
precipitation range with little variation in the intensity, mostly from the nimbostratus and
altostratus and often related to the frontal system.

Specifically, when the magnitudes of R−1, R−2, and R−3 are all less than one-tenth of
that of R0 (that is, R−1 < 0.1 × R0, R−2 < 0.1 × R0, and R−3 < 0.1 × R0), the precipitation
event is defined as the abrupt type. When R−1 > R−2 or R−1 > R−3 or R−2 > R−3 and
at least one of (R−1, R−2, R−3) has a magnitude greater than one-tenth of that of R0 but
smaller than R0, it is defined as a growing type. When at least one of (R−1, R−2, R−3) has a
magnitude greater than that of R0, it is defined as a continuous type [22].

The linear trend estimation is adopted for climate change analysis. The regression
coefficient b indicates the trend of climate variable x, where b > 0 indicates that x exhibits
an upward trend with the increase in time t and b < 0 stands for the downward trend of
x with the increase in time t. The magnitude of b reflects the changing rate, namely the
degree of the upward or downward tendency [23].

In this study, the non-parametric statistical method is used for the significance test of
linear trend [24], and the statistical formula is as follows:

Z =
4

n(n − 1)

n−1

∑
i=1

ri − 1 (1)

Z0.05 = 1.96
[

4n + 10
9n(n − 1)

] 1
2

(2)

where ri in Equation (1) is the climatic sequence. If |Z| > Z0.05, it is considered that the
change trend is significant at the significance level of α = 0.05.

2.4. Division of Urban and Rural Stations

By comparing with the statistical data, the spatial information of urban land use in
Liaoning Province is extracted based on the DMSP/OLS nighttime light data [25–27]. The
extraction mainly follows the two assumptions below. First, it is considered that the data on
the urban land area in the statistical yearbook can accurately reflect the area of urban land
in Shenyang, so the urban land area extracted from the DMSP/OLS data should be as close
as possible to the data in the statistical yearbook. Second, the urban land area in Shenyang
has expanded continuously since the 1990s. It is considered that the grid representing the
urban area in the previous period does not disappear in the next period, that is, the grid
in the previous period should be retained in the next period. On this basis, the dynamic
thresholds are determined through the method of bisection, and the urban area under
different thresholds is calculated. If the urban area calculated by the nighttime light data
under a certain threshold is the closest to that in the statistical yearbook, this threshold is
determined as the optimal threshold in Shenyang. After that, the average gray value of
nighttime light within a radius of 7 km from each station is calculated. If the average value
is greater than the threshold of the city where the station is located, this station is regarded
as an urban station [28,29].

Figure 2 is a flowchart of the urban station and rural station divisions. D(i) is the
threshold value of DMSP/OLS nighttime light data in a certain year (1 < D(i) < 63). Its
initial value is set as 1 while i is the number of iterations. S(i) is the urban area of nighttime
light of the city in this year when the threshold is equal to D(i), (S(i) is equal to the number
of pixels × pixel area in an urban area). Area indicates the statistical value of the area of
the city in the corresponding year, while P(i) is the average gray value of nighttime light
within a radius of 7 km from each station.
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Figure 2. A flowchart of urban station and rural station division.

The spatial distribution of nighttime light gray values (Figure 3) shows that the gray
values of some areas in the municipal district of Shenyang and Liaozhong District have
increased from 1993 to 2003, indicating that these areas have undergone the urbanization
process significantly. Combined with the population density data and the GDP per unit area
(Figure 4), it can be seen that the urbanization process in Kangping County, Faku County,
and Xinmin City is relatively slower. Therefore, the national meteorological stations and
regional automatic weather stations in Liaozhong District and in the municipal district of
Shenyang are selected as urban stations, and the rest of the stations are rural.

Figure 3. Cont.
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Figure 3. Spatial distributions of satellite nighttime light gray values in Shenyang in (a) 1993, (b) 2003,
and (c) 2013 (yellow dots represent urban stations and blue dots represent rural stations).

Figure 4. Spatial distributions of (a) population density and (b) gross domestic product per unit area
in Shenyang.

2.5. Definition of Urbanization Impact

To quantitatively evaluate the urbanization impact on precipitation, the following
terms are defined according to the Chu and Ren [30].

The linear trend of meteorological elements at stations near the city caused by ur-
banization factors is called the urbanization impact (ΔXur), which is represented by the
difference in the change trend of meteorological elements between urban stations (Xu) and
rural stations (Xr):

ΔXur = Xu − Xr (3)

The contribution rate of urbanization impact refers to the proportion of urbaniza-
tion impact to the change trend of meteorological elements at urban stations, which is
expressed by Eu:

Eu = |ΔXur/Xu| × 100% = |(Xu − Xr)/Xu| × 100% (4)
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3. Results

3.1. Spatial Distribution Characteristics of Extreme Hourly Precipitation in Shenyang

The spatial distributions of ExHP at national and regional stations (Figure 5) show
that the large-value centers of the thresholds, maxima, and intensities of ExHP are mainly
concentrated in the areas where urban stations are located. The maximum value of the ExHP
threshold (32.43 mm·h−1) is located at Beiling Park station in Huanggu District, followed
by 29.9 mm·h−1 at Zhujia Street station in Hunnan District. Table 1 reveals that all the
large-value areas of ExHP thresholds are concentrated in the municipal district of Shenyang.
Especially among the stations with the top 10 ExHP thresholds, 5 stations are located in
the Sujiatun District. The areas with large ExHP thresholds are mainly located in both the
southern parts of the municipal district of Shenyang and Liaozhong District. The maximum
ExHP (115.7 mm·h−1) is found in Kangping County at 1900 LST (Local Standard Time) on
16 July 1988, followed by 111 mm·h−1 in Liaozhong District at 2100 LST on 3 July 1991,
and 100.8 mm·h−1 in Shenshuiwan Park of Heping District at 1800 LST on 16 August 2019.
Combined with Table 1, it is revealed that the large values of ExHP maximums are mainly
located in the municipal district of Shenyang, which mostly occur at night. Among the
stations with the top 10 ExHP maximums, five stations are located in the municipal district
of Shenyang and two in Liaozhong District. The large values of ExHP maximums are
mainly concentrated in the southeastern part of the municipal district of Shenyang, western
Liaozhong District, and northern Kangping County, while the values of ExHP maximums
in Faku County and Xinmin City are relatively smaller. The maximum value of ExHP
intensity (43.1 mm·h−1) is located at Yangguang station in Yuhong District, followed by
42.3 mm·h−1 at Beiling Park station of Huanggu District. Combined with Table 2, it can be
seen that the large-value areas of ExHP intensity are all located in the municipal district of
Shenyang. In addition, among the stations with the top 10 ExHP intensities, three stations
are located in Huanggu District. Moreover, the spatial distribution also displays that
the large values of ExHP intensity are mainly concentrated in the southeastern municipal
district of Shenyang and the west part of Liaozhong District. In terms of spatial distribution,
the ExHP frequency differs greatly from the threshold, intensity, and maximum. The ExHP
frequency at urban stations is relatively low, whereas the large-value areas are mainly in
Xinmin City. These may be due to the difference in construction time between national and
regional stations. The hourly precipitation records at the national principal meteorological
stations and reference climatological stations in Shenyang began in 1974, with few missing
reports. However, the regional automatic weather stations have been gradually put into
operation since 2003, which were established in different periods and have missing reports
to varying degrees. Therefore, the top 10 ExHP frequencies are basically found at the
national principal meteorological stations and reference climatological stations, and the
maximum value (119 times) is located in Xinmin City.

Figure 5. Cont.

24



Land 2022, 11, 1487

Figure 5. Spatial distributions of (a) extreme hourly precipitation (ExHP) threshold, (b) ExHP
maximum, (c) ExHP frequency and (d) ExHP intensity.

Table 1. National and regional stations with the top 10 ExHP thresholds and maximums.

County (District) Station Name
Station

Number
Threshold
(mm·h−1) County (District) Station

Station
Number

Maximum
(mm·h−1)

Huanggu District Beiling Park L1138 32.43 Kangping County Kangping 54244 115.7
Hunnan District Zhujia Street L1089 29.901 Liaozhong District Liaozhong 54332 111
Sujiatun District Linsheng Street L1103 29.79 Heping District Shenshuiwan Park L1310 100.8
Sujiatun District Linsheng Coal Mine L1174 29.359 Hunnan District Gaokan Street L1065 89.5

Huanggu District Santaizi Overpass L1274 28.288 Liaozhong District Manduhu Town L1100 86.7

Hunnan District Wangbin Street L1085 28.04 Faku County Dangjiajie Village of
Bojiagou Town L1165 85

Sujiatun District Changxingdian Village
of Linsheng Street L1175 28 Hunnan District Wangbin Street L1085 83.7

Xinmin City Gongzhutun Town L1039 26.7 Yuhong District Yangguang L1255 83.4

Sujiatun District Yantai Village of
Bayihongling Street L1170 26.43 Hunnan District Shenyang 54342 82.2

Sujiatun District Chenxiang Street L1109 26.375 Faku County Faku 54245 79.8

Table 2. National and regional stations with the top 10 ExHP frequencies and intensities.

County (District) Station
Station

Number
Frequency

(Times)
County (District) Station

Station
Number

Intensity
(mm·h−1)

Xinmin City Xinmin 54333 119 Yuhong District Yangguang 100 L1255 43.1
Faku County Faku 54245 118 Huanggu District Beiling Park L1138 42.3

Hunnan District Shenyang 54342 117 Tiexi District Huaxiang Primary School L1259 41.9
Liaozhong District Liaozhong District 54332 106 Shenhe District Dongling Street L1124 39.3

Shenbei New District Shenbei New District 54248 91 Hunnan District Wangbin Street L1085 38.3
Sujiatun District Sujiatun 54340 82 Shenfu Demonstration District Shenjingzi Street L1081 37.9

Kangping County Kangping 54244 76 Tiexi District Nanba Bridge L1126 37.7
Liaozhong District Yujiafang Town L1120 24 Huanggu District Beitabeng L1261 37.6

Shenbei New District Huishan Street L1054 24 Huanggu District Santaizi Overpass L1274 37.6
Faku County Yiniubaozi Town L1034 24 Shenhe District Kepu Park L1275 37.3

3.2. Temporal Variation Characteristics of Extreme Hourly Precipitation
3.2.1. Diurnal Variation Characteristics

The diurnal variations of the regional-averaged ExHP frequency and intensity at urban
and rural stations in Shenyang are shown in Figure 6. It is revealed that for urban stations,
the diurnal variations of ExHP frequency and intensity both exhibit a bimodal distribution.
The ExHP frequency peaks at 1800 LST and 2100 LST, while the ExHP intensity peaks in
the afternoon (1300 LST) and at night (2100 LST). The ExHP frequency and intensity before
dawn and in the early morning are significantly lower than those in the afternoon and at
night. While for rural stations, the ExHP frequency and intensity mainly peak at night
(2100 LST). It may be attributed to the enhancement of the southwest jet at night, which
promotes water vapor transport, resulting in the frequent occurrence of short-term heavy
rainfall at night [31]. To sum up, both the ExHP frequency and intensity at urban stations
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are much larger than those at rural stations, and both urban and rural stations mainly peak
at night.

Figure 6. Diurnal variations of regional-averaged ExHP (a,b) frequency and (c,d) intensity at urban
and rural stations in Shenyang.

3.2.2. Interannual Variation Characteristics

Figure 7 displays that both the ExHP frequency and intensity averaged at urban
stations in Shenyang show increasing trends from 1974 to 2020, which are 0.17 times·10a−1

and 0.76 mm·h−1·10a−1, respectively, where the variation trend of ExHP intensity has
passed the significance test. However, there is no obvious variation trend of regional-
averaged ExHP frequency at rural stations, and the ExHP intensity shows an upward
trend with the trend value being 0.41 mm·h−1·10a−1. It can be seen that the increasing rate
of ExHP intensity at urban stations is about twice that of rural stations. For both ExHP
frequency and intensity, the increasing rates at urban stations are obviously larger than
those at rural stations. The changes at rural stations are relatively gentle, indicating that
rural stations can well represent the change of background field and the developing rate of
areas not affected by urbanization, and thus the selection of rural stations is reasonable.
Table 3 shows the urbanization effect on precipitation in Liaoning Province from 1974 to
2020. It can be found that urbanization has a great impact on precipitation intensity, and
the contribution rate of urbanization reaches 46.1%, indicating that the increase in ExHP
intensity in Liaoning Province in the last 47 years might be attributed to the impact of
rapid urbanization.

Table 3. Urbanization impact and its contribution rate (%) on annual extreme hourly precipitation
frequency and intensity at urban and rural stations in Liaoning Province from 1974 to 2020.

Type of Station
ExHP Frequency
(Times·(10a)−1)

ExHP Intensity
(mm·h−1·(10a)−1)

Urban station 0.17 0.76 *
Rural station −0.004 0.41 *

Urbanization impact 0.174 0.35 *
Contribution rate of

Urbanization impact (%) - 46.1

Note: “*” means that the value has passed the significance test at 0.05 significance level; “-” means that the urban-
ization impact fails the significance test at 0.05 significance level, and then the contribution rate of urbanization
impact will not be calculated.
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Figure 7. Interannual variations of regional-averaged ExHP (a,b) frequency and (c,d) intensity at
urban and rural stations in Shenyang from 1974 to 2020.

To explore the variation of ExHP during the urbanization process in Shenyang, it
is necessary to divide the development process in Shenyang into different periods. Eco-
nomic development and population growth in urban regions are the main signs of ur-
banization. The statistical yearbooks show that the growth rate of the non-agricultural
population in Shenyang is 2.7%·(10a)−1 from 1974 to 1990. After the 1990s, the non-
agricultural population increases continuously with the rapid development of the urban
social economy in Shenyang. From 1991 to 2020, the growth rate of the non-agricultural
population in Shenyang reaches 9.78%·(10a)−1, and meanwhile, the GDP begins to grow
rapidly from the 1990s. Therefore, the period before the early 1990s is selected as the
early stage of urbanization in Shenyang in this study, while the period after the 1990s is
the rapid development stage. The ExHP frequency at urban stations basically decreases
in the early stage of urbanization (1974–1990), while increases evidently in the rapid
development stage of urbanization (1991–2020) (Figure 8a–d). The ExHP frequency at
rural stations increases in the early stage but decreases in the rapid development stage
(Figure 8e–g). From 1974 to 2020, the change rates at the four urban representative sta-
tions are 0.47 times·(10a)−1, 0.25 times·(10a)−1, 0.55 times·(10a)−1 and 0.41 times·(10a)−1,
respectively. Meanwhile, the change rates at the three rural representative stations are
−0.02 times·(10a)−1, 0.14 times·(10a)−1, and −0.03 times·(10a)−1, respectively. Meanwhile,
a sensitivity experiment is carried out on the selected time nodes (1991 mentioned above)
through a comparison between the previous and subsequent periods. It is found that the
conclusions are basically the same no matter which year from 1990 to 1993 is selected as
the time node. This indicates that the conclusions can truly reflect the differences in the
variation characteristics of ExHP in different urbanization stages. In a word, the rapid
urbanization in Shenyang has a certain impact on the increase in ExHP.
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Figure 8. Annual ExHP frequencies at urban representative stations (a–d) and rural representative
stations (e–g) in Shenyang from 1974 to 2020.

3.2.3. Variation Characteristics of Different Types of Extreme Hourly Precipitation Events

According to the evolution characteristics of precipitation three hours before the
occurrence of ExHP, ExHP events are divided into the abrupt type, growing type, and
continuous type (Table 4). Based on the frequencies of different types of ExHP events
averaged in the whole of Shenyang City from 1974 to 2020, ExHP events of the abrupt type
are the most, accounting for 48.6% of the total events, followed by the growing type (42.7%).
There are relatively few ExHP events of the continuous type, accounting for only 8.7%.

Figure 9 shows the spatial distributions of the proportions of three types of ExHP
events at national and regional stations. It is revealed that the abrupt type and growing
type present opposite spatial distribution patterns. ExHP events of the abrupt type are
prone to occur in Kangping and Faku Counties of northern Shenyang, but rarely in Xinmin
City. However, ExHP events of the growing type occur more frequently in Xinmin City and
the municipal district of Shenyang, but less in Kangping and Faku Counties. While ExHP
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events of the continuous type are mainly concentrated in northeastern Xinmin City and
Hunnan District, but rarely occur in Kangping County, Faku County, Tiexi District, and
Sujiatun District.

Table 4. Classification criteria and proportions of different types of ExHP events in Shenyang.

Type Classification Criteria Proportion

abrupt type R−1 < 0.1 × R0, R−2 < 0.1 × R0 and R−3 < 0.1 × R0 48.6%

growing type When R−1 > R−2 or R−1 > R−3 or R−2 > R−3 and at least one of (R−1, R−2,
R−3) has a magnitude greater than one-tenth of that of R0 but smaller than R0

42.7%

continuous type When at least one of (R−1, R−2, R−3) has a magnitude greater than that of R0 8.7%

Figure 9. Spatial distributions for ExHP events of the (a) abrupt type, (b) growing type, and
(c) continuous type in Shenyang.

4. Discussion

In this study, we evaluated the ExHP changes using the multi-source datasets by classi-
fying the urban and rural stations, and in turn investigating the influences of urbanization
on the ExHP. Results clearly indicate that the ExHP for urban and rural stations peaks in
the nighttime, while urban stations have larger ExHP frequency and intensity than rural
stations. It may be attributed to the enhancement of the southwest jet at night, which
can promote water vapor transport and result in the frequent occurrence of short-term
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heavy rainfall at night [31]. Relatively, due to the diurnal variation of solar radiation
heating, the low-level atmosphere is easy to be unstable during the afternoon and evening,
benefiting local moist convection activities and short-term heavy precipitation. Meanwhile,
the strong nighttime heat island effect produced by rapid urbanization, combined with
the slowdown of the movement of the weather system by buildings and the increase of
condensation nuclei, have enhanced nighttime precipitation [32–34]. Some studies believe
that the nighttime precipitation peak comes from stratiform cloud precipitation, which
is strengthened by the instability caused by the nighttime radiative cooling of the cloud
top, the accumulation of water vapor at the low level greatly promotes the development of
nighttime convection [35,36].

This study found that the large-value centers of ExHP thresholds, maximums, and
intensities are mainly located in urban areas. Both the ExHP frequency and intensity
averaged at urban stations in Shenyang show increasing trends from 1974 to 2020, which
may be related to the urbanization of Shenyang. Li et al. [37] found that there are obvious
high-value centers in the urban area and its vicinities, such as the hourly precipitation,
precipitation intensity, and the frequency of short-term heavy precipitation in Beijing in
summer, which is consistent with the results in this paper. Liu [38] also pointed out the
main urban area of Beijing has an obvious “urban rain island effect” from July to August
and the hourly precipitation and precipitation intensity are significantly greater than
those in the suburbs. Yin et al. [39] pointed out that the increase in summer precipitation
in the urban area of Beijing may be caused by the combined effect of the urban heat
island circulation and the wind in the valley. Local sensible and latent heat transport in
urban areas enhances geopotential instability in the lower atmosphere, directly triggering
convection [40]. Surface temperature plays the most important role in enhancing sensible
heat transport and triggering precipitation, and the heterogeneity of urban underlying
surfaces enhances the locality of precipitation [41]. The water vapor of local convective
precipitation comes from the evaporation of the surface and the upward transport of water
vapor when the low-level wind field converges [42]. The impact of cities on climate is not
limited to the above aspects. The urbanization effect changes the local circulation in the
city and in turn affects the distribution and intensity of precipitation [43].

Since this study is focused on urbanization rates affect ExHP, it might be interesting to
study how this is likely to evolve in the next decades. Some studies have used spatial and
transient modelling of land use/land cover (LULC) to simulate and predict the changes in
land use/land cover and population growth in the future. The model can predict spatial
and temporal land changes for the next decades. It can also be a framework to understand
underlying drivers of changes [44]. In the next step, we can use the model to assess the
urbanization rates of Shenyang in the future, which can be used to predict the trend of
ExHP and provide recommendations for urban planning.

A recent study using WAF model simulations shows that differences in the timing
for urban-induced rainfall in the inland versus coastal environment, and the shape of a
city/urban area can significantly affect and increase rainfall in this city. A circular city shows
nearly 22.0% larger rainfall accumulation and 78.6% greater rainfall intensity compared to
a triangular city over urban surfaces. The rainfall anomaly is caused by different urban-
rural circulations over various city shapes. The strong low-level convergence over circular
cities favors efficient upward moisture transport and deep convection [45]. The municipal
district of Shenyang is a circular inland urban area, this study explains the reason for the
increase in ExHP in the urban area. In future research work, we need to further explore
the processes and mechanisms of the interaction between urbanization and precipitation
through climate models and other technical methods. In order to provide technical support
for extreme precipitation prediction, meteorological disaster prevention and mitigation,
and the adaptation to urban climate change.
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5. Conclusions

The large-value centers of ExHP thresholds, maximums, and intensities are mainly
located in urban areas. The maximum ExHP threshold appears at Beiling Park station in
Huanggu District with the value being 32.43 mm·h−1. The maximum ExHP is 115.7 mm
in Kangping County. The maximum ExHP intensity is 43.1 mm·h−1 at Yangguang station
in Yuhong District. The top 10 ExHP frequencies mainly occur at national principal
meteorological stations and reference climatological stations, and the maximum value
(119 times) appears in Xinmin City. The diurnal variations of ExHP frequency and intensity
at urban stations both exhibit a bimodal distribution. The ExHP frequency and intensity
before dawn and in the early morning are significantly lower than those in the afternoon
and at night. Both the ExHP frequency and intensity at urban stations are much larger than
those at rural stations, and both urban and rural stations mainly peak at night. From 1974 to
2020, both the ExHP frequency and intensity averaged at urban stations in Shenyang show
increasing trends, with the increasing rate being obviously larger at urban stations than at
rural stations.

According to the statistical yearbooks, the period before the early 1990s is selected
as the early stage of urbanization in Shenyang, and the period after the 1990s is the rapid
development stage. Thus, the ExHP frequency at urban stations basically decreases in
the early stage of urbanization and increases evidently in the rapid development stage
of urbanization. While the ExHP frequency at rural stations increases in the early stage
of urbanization but decreases in the rapid development stage. The contribution rate of
urbanization on ExHP intensity reaches 46.1%, indicating that rapid urbanization has a
certain impact on the increase in ExHP in Liaoning Province.

From 1974 to 2020, ExHP events of the abrupt type are the most, accounting for 48.6%
of the total ExHP events, followed by the growing type (42.7%). While there are relatively
few ExHP events of the continuous type, accounting for only 8.7%. ExHP events of the
abrupt type are prone to occur in Kangping and Faku Counties of northern Shenyang, but
rarely in Xinmin City. However, ExHP events of the growing type occur more frequently
in Xinmin City and the municipal district of Shenyang. Besides, ExHP events of the
continuous type are mainly concentrated in northeastern Xinmin City and Hunnan District.
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Abstract: Urban land-use affects surface air temperature; however, the impact of urban land-use on
surface air temperature, particularly the extent to which it affects the duration of extreme heat waves,
remains uncertain and the mechanisms of diurnal differences need to be further explored. This paper
presents study of daytime/nighttime extreme heat waves duration in Beijing under different land-use
changes by adopting an index of cumulative hours of extreme heat waves exceeding the certain
thresholds. The urban day/night extreme heat waves cumulative hourly interpolation models were
established based on high-resolution urban land-use and socioeconomic data and were assessed to
have good performance. The annual average cumulative hours of extreme heat waves increased by
95% (daytime) and 116% (nighttime) in 2016–2020 compared to 2011–2015. The cumulative hours for
each land-use type ranked as follows: urban land > cropland > water > grassland > woodland. We
found that the cumulative hours of extreme heat waves increased significantly with the proportion
of urban land and decreased significantly with the proportion of forested land and water. This
research provided important information for alleviating extreme heat waves in cities and for rational
land planning.

Keywords: extreme heat waves; land use/cover; interpolation models; daytime; nighttime

1. Introduction

Under the background of global climate change, the frequent occurrence of extremely
high temperature weather has a great impact on human health and social economy [1,2].
Studies have shown that land use/cover changes alter the surface roughness, vegetation
coverage, and surface reflectivity, which directly affect the latent heat, sensible heat, and
water exchange between the surface and the atmosphere, thereby affecting the local regional
climate and promoting thermal environment changes [3,4]. Urban land expansion is closely
related to urban high temperatures [5–7], and urban land use expansion changes the
thermodynamic characteristics of the underlying surfaces of urban areas to a large extent,
and also has a certain impact on the global temperature increase [8,9]. Therefore, land-use
change can be regarded as the main factor affecting urban high temperatures [10].

Some studies explored the relationship between urban land-use change and urban land
surface temperature from different perspectives. Studies were made of the impact of urban
expansion on urban land surface high temperatures by analyzing the relationships between
various types of building indices or construction land scale and surface temperature [11–13].
Some studies analyzed the relationships between changes of different land-use types and
surface temperature [14,15] or usage of remote sensing indices (Normalized Difference
Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), etc.) to conduct
correlation with surface temperature [16,17]. Some scholars estimated the contribution
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rates of different land-use types to high temperatures [18–21]. In addition, related research
introduced the landscape pattern index to study their impact on urban land surface high
temperatures [22,23]. In general, most of the current studies have focused on surface
temperature rather than surface air temperature. However, the impact of urban land-use
on surface air temperature, especially the extent of the effect on the duration of extreme
heat waves, remains uncertain, and the mechanisms of their diurnal differences need to be
further explored.

In this study, we explored daytime/nighttime extreme heat waves changes in Beijing
under different land-use changes from 2011 to 2020 spanning the 12th Five-Year Plan and
13th Five-Year Plan. Data measured by 225 meteorological stations in the Beijing area is used
in this study and are provided by the Beijing Meteorological Disaster Prevention Center.
The 90% quantile was taken as the high temperature threshold, and the cumulative hours
of extreme heat waves exceeding the thresholds (daytime: 33.1 ◦C; nighttime: 27.9 ◦C) were
adopted to characterize the intensity and duration of extreme heat waves. We established
the urban day/night extreme heat waves interpolation models based on high-resolution
urban land use and socioeconomic data during 2011–2020. The relationship between
different land-use changes and accumulated hours of day/night extreme heat waves
was explored.

2. Materials and Methods

2.1. Study Area

Beijing is located within the range of 115.7◦ E–117.4◦ E, 39.4◦ N–41.6◦ N, with an
altitude range of 6–2300 m. It has a jurisdiction with over 16 districts and 331 townships,
covering an area of 16,410.54 km2 (Figure 1a). At the end of 2020, Beijing’s permanent
population was 21.893 million of which the urban population was 19.166 million, accounting
for 87.5%. The gross domestic product (GDP) of Beijing is 3.6 trillion yuan, and the
city is worthy of being called an international metropolis and representative of China’s
rapid urbanization (Figure 1b). The region has a typical temperate sub-humid continental
monsoon climate with high temperatures and a rainy summer. Through calculation, we
found that, from 2011 to 2020, the average temperature in summer (June–August) in Beijing
increased at a rate of 0.64 ◦C/10a, and the number of hot days also increased, making
Beijing one of the hottest cities in China.

2.2. Data Collection and Preprocessing
2.2.1. Meteorological Data

According to the official data published by the China Meteorological Administration,
the average daily maximum temperature in Beijing was significantly higher in June, July,
and August than in other months. Therefore, in this study, summer was chosen as the time
period when extreme heat waves occur frequently in Beijing. Hourly temperature data from
Beijing meteorological stations (MSs) from June to August during 2011–2020, provided by
the National Meteorological Information Center, were used in this study. We selected a total
of 225 MSs (20 national weather stations-NWSs, 205 automatic weather stations-AWSs) that
were established before June 2011 and still in use until September 2020 (Figure 1a). Most
NWSs are responsible for regional or national weather information exchange and are the
main body of the national weather and climate website. The observation data obtained by
AWS are mainly used for weather services in their own provinces (districts and cities) and
localities and also complement the observation data on the national weather and climate
website. All observation data were processed by the National Meteorological Information
Center for strict quality control. The outliers in the original data were eliminated, and the
missing data are replaced by observations at adjacent times or average values, reducing the
error caused by instrument failure or measurement error, and the data are highly accurate.
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Figure 1. (a) Elevations and locations of meteorological stations (MSs). (b) Land cover types of
cropland, woodland, grassland, shrubland, wetland, water, urban land, and bare land in 2020 (The
black border represents the administrative border of the district; the gray border represents the
administrative border of the township. Data on administrative boundaries were obtained from the
National Geomatics Center of China).

2.2.2. Land Cover

Land cover data were from the GlobeLand30 V2010 and GlobeLand30 V2020 database
(downloaded at http://www.globallandcover.com (accessed on 8 July 2022)), with a spatial
resolution of 30 m, include 10 types, namely: cropland, woodland, grassland, shrubland,
wetland, water, tundra, urban land, bare land, and glacier. The data accuracy of Glo-
beLand30 V2010 was evaluated by Tongji University. Over 150,000 test samples were laid
down, and the overall accuracy of GlobeLand30 V2010 data was 83.50% with a Kappa coef-
ficient of 0.78. The data accuracy of GlobeLand30 V2020 was evaluated by the Aerospace
Information Research Institute, Chinese Academy of Sciences. With over 230,000 samples
laid down, the overall accuracy of GlobeLand30 V2020 data was 85.72% with a Kappa
coefficient of 0.82. The Kappa coefficient is used for consistency testing and can also be
used to measure classification accuracy. In general, a higher Kappa coefficient indicates a
higher classification accuracy.

2.2.3. Population Density

The spatial distribution kilometer grid data of China’s population density in 2015
and 2020 were used, which were from the Institute of Geographic Sciences and Natural
Resources Research (IGSNRR, https://www.resdc.cn/ (accessed on 8 July 2022)), with a
resolution of 1 km. The population density unit is person/km2. The cumulative population
of each district in Beijing was calculated by the ArcGIS statistical tool and verified by the
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resident population of each district in Statistical Yearbook data. The two showed a strong
correlation, with R2 values of 0.99 (2015) and 0.99 (2020).

2.2.4. GDP

Spatial distribution kilometer grid data of China’s GDP in 2020 from the IGSNRR
were used, with a resolution of 1 km. Each grid cell represents the total GDP of the area in
units of 10,000 yuan/km2. The cumulative GDP of each district in Beijing was calculated
using the ArcGIS zoning statistical tool and verified using the total GDP of each district in
the Beijing Regional Statistical Yearbook 2021 (http://nj.tjj.beijing.gov.cn/nj/qxnj/2021
/zk/indexch.htm (accessed on 8 July 2022)). The two showed a strong correlation with R2

values of 0.96 (2015) and 0.96 (2020).

2.2.5. DEM

Digital Elevation Model (DEM) data were derived from the Shuttle Radar Topography
Mission (SRTM) data of the US Space Shuttle Endeavor. In this study, the latest SRTM
V4.1 data were resampled to generate a new dataset with a resolution of 250 m. Data were
projected using a WGS84 ellipsoid.

2.3. Quantification of Extreme Heat Waves and Spatial Mapping

In this study, we used the hourly air temperature data of 20 national weather stations
and 205 automatic weather stations for the past 10 years (2011–2020). This is the expanded
dataset with the largest number of stations and the most abundant data. Based on hourly
temperature data, the daytime (6:00–19:00) and nighttime (19:00–6:00) data in the past
10 years were sorted from small to large, and the 90% quantile was taken as the high
temperature threshold. The cumulative hours of extreme heat waves at each station
exceeding 33.1 ◦C during the daytime, during the summer (June to August), from 2011
to 2015 (12th Five-Year Plan) or from 2016 to 2020 (13th Five-Year Plan), were calculated,
referred to as EHW125d and EHW135d. The cumulative number of hours over 27.9 ◦C at
night at each station was calculated, referred to as EHW125n and EHW135n. Land cover
(cropland, woodland, grassland, shrubland, wetland, water, urban land, and bare land),
population density, DEM, and GDP, as the predictors, which affected the spatial distribution
of high temperature, were selected [24,25]. Then, the extreme heat waves interpolation
models were established based on urban surface land features as follows:

EHWn = f (DEM, landn, pop, GDP) (1)

where DEM is the elevation of the weather station, Landn represents the area of each
land use type within the optimal buffer width of the land use type, pop is the population
density of the site’s location, GDP represents the gross domestic product, EHWn represents
EHW125d, EHW125n, EHW135d, or EHW135n.

To obtain the spatial scale with the strongest correlations between various factors
and EHWn, 225 MSs were set with 100 buffer widths ranging from 1 to 100 km, and the
land cover grid data were cropped with the vector files of the buffer. Using the spatial
analysis function of ArcGIS, areas of 8 land cover types in 100 buffer zones of approximately
225 MSs were obtained (8 × 100 = 800 variables). DEM, GDP and population density data
were point data (3 variables). In summary, 803 predictor variables were prepared.

The Pearson correlation coefficient is used to calculate the type of linear relationship
between two variables (positive, negative, none) and the strength of this relationship (weak,
moderate, strong). We used Pearson correlation coefficient to analyze the correlation be-
tween each variable and EHWn. Since the correlation coefficients between shrubland,
wetland and water areas within the 1–100 km buffer zone and EHWn were not high, these
variables were removed. Then, the buffer width with the highest correlation coefficient with
EHWn was determined among the 100 buffer widths for the 4 land types of cropland, wood-
land, grassland and urban land. Stepwise linear regression was performed with EHWn as
dependent variables, and cropland, woodland, grassland, urban land, population density,
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DEM, and GDP as independent variables. Then, the multiple linear regression equations are
obtained, which were the extreme heat waves interpolation models of EHW125d, EHW125n,
EHW135d, and EHW135n (see Supplementary Materials).

Based on the above multiple regression models, we interpolated the EHWn data of the
kilometer grid cells using daytime and nighttime data from 225 stations, combined with
resolution land use data of 30 m. First, 1 km × 1 km regular grid cells and grid points were
generated for the study area; we calculated the value of the independent variable and the
value of the result variable for each grid point and then we assigned the values of grid
points to the grid to obtain the spatial distribution maps of daily/night extreme heat waves
during the 12th and 13th Five-Year plans with a resolution of 1 km.

3. Result Analysis

3.1. Performance Evaluation of the Interpolation Models for Cumulative Hours of Urban Extreme
Heat Waves

We used EHW125d, EHW125n, EHW135d, and EHW135n from 225 MSs to correlate
with the area of each land-use type within the 1–100 km buffer zone (Figure 2). With the
change of buffer width, the cropland area in the buffer zone was positively correlated with
EHW125d, EHW125n, EHW135d, and EHW135n. When the buffer width was 0–50 km, the
absolute value of the correlation coefficient was less than 0.4, which was a weak correlation.
When the buffer width was 50–100 km, the absolute value of the correlation coefficient
was greater than 0.4 and less than 0.6, which was a moderate correlation. The area of
woodland in the buffer zone was negatively correlated with EHW125d, EHW125n, EHW135d,
and EHW135n. When the buffer width was 0–60 km, the absolute value of the correlation
coefficient was greater than 0.6 and less than 0.8, which was a strong correlation. When the
buffer width was 60–100 km, the absolute value of the correlation coefficient is greater than
0.4 and less than 0.6, which was a moderate correlation. The area of grassland in the buffer
zone was negatively correlated with EHW125d, EHW125n, EHW135d, and EHW135n. When
the buffer width was 0–40 km, the absolute value of the correlation coefficient was greater
than 0.4 and less than 0.6, which was a moderate correlation. When the buffer width was
40–100 km, the absolute value of the correlation coefficient was greater than 0.6 and less
than 0.8, which was a strong correlation. The area of urban land in the buffer zone was
positively correlated with EHW125d, EHW125n, EHW135d, and EHW135n, and the absolute
value of the correlation coefficient was greater than 0.6, which was a strong correlation. The
area of shrubs, wetlands, and water in the buffer zone and EHW125d, EHW125n, EHW135d,
and EHW135n were sometimes positively correlated and sometimes negatively correlated,
which may be related to the area and distribution pattern of shrubs, wetlands, and waters
in Beijing.

By stepwise multiple regression, we obtained the multiple linear regression equations
for EHW125d, EHW125n, EHW135d, and EHW135n (see Supplementary Materials), which
showed that urban land and DEM were predictors that enter into each resulting equation.
This indicated that urban land and DEM were the variables most associated with EHW125d,
EHW125n, EHW135d, and EHW135n compared to other variables. The significance values
of the four multiple linear regression equations by F-test ANOVA are all less than 0.01,
indicating that the equations are highly significant. R2 are 0.72 (EHW125d), 0.77 (EHW125n),
0.73 (EHW135d), and 0.74 (EHW135n), respectively, indicating that the fitting degree of the
model is good. The fitting quality for nighttime (EHW125n and EHW135n) is better than that
for daytime (EHW125d and EHW135d).
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Figure 2. Correlation coefficients between the area of each land-use type in the 1–100 km buffer
zones of the 225 MSs with EHW125d, EHW125n, EHW135d, and EHW135n. (EHW125d represents the
cumulative hours of daytime extreme heat waves during the 12th Five-Year Plan period, EHW125n

represents the cumulative hours of nighttime extreme heat waves during the 12th Five-Year Plan
period, EHW135d represents the cumulative hours of daytime extreme heat waves during the 13th
Five-Year Plan period, and EHW135n represents the cumulative hours of nighttime extreme heat
waves during the 13th Five-Year Plan period).

3.2. Spatial Pattern Analysis of Cumulative Hours of Extreme Heat Waves during the Day/Night

The spatial distributions of EHW125d, EHW125n, EHW135d, and EHW135n all show the
pattern “high inside and low outside; high in the south and low in the north” (Figure 3),
with a circle-layer structure that diverges from the central city to the suburbs. We resampled
the raster map with a resolution of 1 km to the township scale and calculated the cumulative
hours of extreme heat waves for each township. Then, divided the accumulated hours of
extreme heat waves into 10 levels (Figure 3), where levels 1, 2, and 3 are low levels; levels
4, 5, and 6 are medium levels; levels 7, 8, and 9 are high levels; and level 10 is very high.
Counted the number of townships that belong to the cumulative hours of extreme heat
waves at different levels (Table 1). In 2011–2015, during the day, 68 townships were at
low levels, 236 towns were at medium levels, and 27 towns were at high levels. At night,
94 townships were at low levels, 107 townships were at medium levels, and 130 townships
were at high levels. In 2016–2020, during the day, 33 townships were at low levels, 35 towns
were at medium levels, 102 towns were at high levels, and 161 towns were at the very
high level. At night, 33 townships were at low levels, 38 townships were at medium
levels, 129 townships were at high levels, and 131 townships were at the very high level.
Compared with 2011–2015, from 2016 to 2020, there were 95 more high-level townships and
161 more extremely high-level townships in daytime, one less high-level townships and
131 more extremely high-level townships at night. This is because temperatures generally

39



Land 2022, 11, 1786

increased between 2011 and 2020, and daytime temperatures increased even more. This
is due to the general increase in temperature between 2011 and 2020, so the number of
townships that are at extremely high-level during the daytime and nighttime has increased.
In addition, the temperature rises more during the daytime compared to the nighttime, so
the number of townships at extremely high-level during the daytime increases more.

Figure 3. Spatial distribution maps of EHW125d, EHW125n, EHW135d, and EHW135n in Beijing with a
resolution of 1 km. (EHWn represents EHW125d, EHW125n, EHW135d, or EHW135n).

Table 1. The number of townships that belong to the cumulative hours of extreme heat waves at
different levels.

EHW125d EHW125n EHW135d EHW135n

Level 1, 2, 3 68 94 33 33

Level 4, 5, 6 236 107 35 38

Level 7, 8, 9 27 130 102 129

Level 10 - - 161 131

3.3. Comparison of Accumulated Hours of Day/Night Extreme Heat Waves for Different
Land-Use Types

The average values of EHW125d, EHW125n, EHW135d, and EHW135n on the surface of
each land-use type in the whole Beijing, Beijing’s urban areas, and Beijing’s suburbs, were
obtained through the spatial overlay of the land-use type vector map with EHW125d, EHW125n,
EHW135d, and EHW135n. It can be seen in Figure 4 that the order of the average of cumulative
hours of extreme heat waves on the surface of each land-use type in Beijing during the 12th
and 13th Five-Year Plans was: urban land > cropland > water > grassland > woodland. During
the 12th and 13th Five-Year Plan period, the order of the average of cumulative hours of
extreme heat waves on the surface of each land-use type in Beijing’s suburbs was as follows:
urban land > cropland > water area > grassland > woodland. During the 12th Five-Year
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Plan period, the order of the average of accumulated hours of extreme heat waves on the
surface of each land-use type in the urban area of Beijing during the day was as follows:
urban land > water > woodland > cropland > grassland. Additionally, the order of the
average of accumulated hours of extreme heat waves on the surface of various land-use
types in urban areas of Beijing at night was as follows: urban land > water > cropland >
woodland > grassland. During the 13th Five-Year Plan period, the order of the average
of accumulated hours of extreme heat waves on the surface of each land-use type in the
urban area of Beijing during the day was as follows: urban land > water > cropland >
grassland > woodland; the order of the average of cumulative hours of extreme heat waves
corresponding to the surface of each land-use type in Beijing urban area at night was: urban
land > water > cropland > woodland > grassland.

Figure 4. The average values of EHW125d, EHW125n, EHW135d, and EHW135n for each land-use type
in the whole Beijing, Beijing’s urban areas, and Beijing’s suburbs.

3.4. Influence of Different Spatial Combination Patterns of Land-Use Type on the Cumulative
Hours of Day/Night Extreme Heat Waves

In order to further explore the impact of the spatial pattern of land-use types on the
cumulative hours of day/night extreme heat waves, the land use pattern was represented
by the proportions of the area occupied by the land-use types within a 1 km grid, and we
analyzed their relationships with EHW125d, EHW125n, EHW135d, and EHW135n. First, the
area proportion of each land-use type in each grid and the values of EHW125d, EHW125n,
EHW135d, and EHW135n in each grid were calculated. Then, the mean values of EHW125d,
EHW125n, EHW135d, and EHW135n of each land-use type at various proportions in the grid
were counted at intervals of 20% for comparative analysis. From the change curves of the
average values of EHW125d, EHW125n, EHW135d, and EHW135n under different proportions
of each land-use type (Figure 5), it can be seen that during the 12th and 13th Five-Year Plans,
with the increase in the proportion of cropland in the grid, the average values of EHW125d,
EHW125n, EHW135d, and EHW135n of the grid also increased. Additionally, the increase
rate during the day was greater than that at night, and the increase rate during the 13th
Five-Year Plan period was greater than that during the 12th Five-Year Plan period. During
the 12th and 13th Five-Year Plan period, with the increase in the proportion of woodland
in the grid, the average values of EHW125d, EHW125n, EHW135d, and EHW135n of the grid
decreased, and the rate of decrease at night was greater than that during the day. The
rate of decrease in the five-year period was greater than that in the 12th five-year period.
During the 12th Five-Year Plan and the 13th Five-Year Plan (when the area proportion of
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water in the grid was greater than 40%), as the proportion of water in the grid increased,
the average values of EHW125d, EHW125n, EHW135d, and EHW135n of the grid increased.
During the 12th Five-Year Plan period, the rate of decrease at night was greater than that
during the day, and during the 13th Five-Year Plan period, the rate of decrease during
the day was greater than that at night. During the 12th and 13th Five-Year Plans, as the
proportion of urban land in the grid increased, the average EHW125d, EHW125n, EHW135d,
and EHW135n of the grid also increased. Additionally, the increase rate at night was greater
than that during the day, and the increase rate during the 13th Five-Year Plan period was
greater than that during the 12th Five-Year Plan period.

Figure 5. The EHWn changes (EHW125d, EHW125n, EHW135d, and EHW135n) with the area increasing
of different land-use types. The area was represented as area ratio of each land-use type within the
regular grids.

3.5. Mitigation Effects of Woodland and Water on Cumulative Hours of Day/Night Extreme Heat
Waves in Beijing

The above analysis showed that the woodland and water area have key functions in
alleviating the accumulated hours of extreme heat waves in Beijing, so the relationships
between the areas of woodland and water and the accumulated hours of urban extreme
heat waves were further analyzed. The grid-by-grid statistical analysis results of EHW125d,
EHW125n, EHW135d, and EHW135n (Table 2) show that the grids without woodland and
water had the highest average values of EHWn, which were 444 (EHW125d), 418 (EHW125n),
849 (EHW135d), and 812 (EHW135n), respectively. The second highest average values
of EHWn were for grids that were entirely water areas: 277 (EHW125d), 202 (EHW125n),
548 (EHW135d), and 533 (EHW135n). The average values of EHWn of the grids that were com-
pletely woodland were the lowest, which were 33 (EHW125d), 0 (EHW125n), 97 (EHW135d),
and 68 (EHW135n). The average values of EHWn of the grids with woodland proportions
greater than 50% were 114 (EHW125d), 57 (EHW125n), 251 (EHW135d), and 218 (EHW135n),
and the average values of EHWn of grids with water proportions greater than 50% were
291 (EHW125d), 226 (EHW125n), 565 (EHW135d), and 549 (EHW135n). It can be found that,
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regardless of the spatial distribution of woodland and water, the average values of EHW125n
are smaller than that of EHW125d, and the average values of EHW135n is smaller than that
of EHW135d. It can be seen that the woodland and water areas have obvious effects on
alleviating the accumulated hours of extreme heat waves, and the mitigation effect at night
is stronger than that in the daytime, and the mitigation effect of woodland is stronger than
that of water area.

Table 2. Average values of EHW125d, EHW125n, EHW135d, and EHW135n under different proportions
of woodland and water area.

EHW125d (h) EHW125n (h) EHW135d (h) EHW135n (h)

Woodland (0%) & Water (0%) 444 418 849 812

Woodland (100%) 33 0 97 68

Water (100%) 277 202 548 533

Woodland (>50%) 114 57 251 218

Water (>50%) 291 226 565 549

4. Discussion

This study analyzed daytime and nighttime cumulative hours of extreme heat waves
under different land-use types in the representative metropolis of Beijing, and gave the
high-resolution spatial mapping of day/night extreme heat waves cumulative hours. This
study further explored influence of different land-use patterns on accumulated hours of
day/night extreme heat waves. The results provided important reference for alleviating
extreme heat waves in cities and for rational land planning. When cities expand rapidly, in
addition to considering the expansion of building sites (due to their potential for extreme
heat waves), other land use types (such as woodlands, grasslands, and water) should be
considered to mitigate extreme heat waves.

Based on land use data with a resolution of 30 m and socioeconomic data with
a resolution of 1km, this study established the urban day/night extreme heat waves
interpolation model. Both the significance test and R2 analysis showed that the model has
good performance. The interpolation quality for nighttime was better than that for daytime.
It can be a reference method for interpolating temperature data. In the final model, only
the two to three most influential and contributing predictors were selected from a broad
set of candidate predictors, mainly including DEM, population density, area of grassland
and area of urban land within a specific buffer width. This suggests that DEM, population
density, area of grassland, and urban land have the greatest correlation on urban extreme
heat waves. It is worth noting that the land use patterns in different regions are different,
so the obtained multiple regression interpolation models will also be different.

The spatial distribution of the cumulative hours of day/night extreme heat waves in
Beijing is “high inside and low outside; high in the south and low in the north”. In other
words, the cumulative hours of extreme heat waves in the eight districts of Dongcheng,
Xicheng, Chaoyang, Haidian, Fengtai, Shijingshan, Daxing, and Tongzhou were relatively
high, while the cumulative hours of extreme heat waves in the remaining eight districts
were relatively low. This is related to factors, such as land use, population density, DEM,
etc. The area ratio of urban land in the eight districts of Dongcheng, Xicheng, Chaoyang,
Haidian, Fengtai, Shijingshan, Daxing, and Tongzhou is 54.22%, the area ratio of woodland
is 5.15%, the average population density is 4301 persons/km2, and the average altitude is
44.83m. In the other eight districts, the proportion of woodland is 55.20%, the proportion
of urban land is 12.84%, the average population density is 518 persons/km2, and the
average altitude is 450.43 m. These differences are important reasons for this spatial
distribution pattern.

We simulated the spatial distribution pattern of accumulated hours of day/night
extreme heat waves in Beijing in 2011–2015 and 2016–2020. In 2016–2020, the average
annual cumulative hours of extreme heat waves were 95.06% (daytime) and 115.70%
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(nighttime) higher than those in 2011–2015. This is related to natural climate change and
human activities [26–28]. The WMO survey results show that 2011–2020 was the warmest
decade on record. The warmest six years were 2015 and subsequent years, with 2016,
2019, and 2020 making up the top three. This is an important reason why the accumulated
hours of extreme heat waves in 2015–2020 were much higher. Compared with 2011–2015,
the average annual resident population in 2016–2020 increased by 3.54%, and the GDP
increased by 64.41%. Compared with 2010, the urban land area by 2020 had increased by
55.43%. Human activities, such as population movement, urban land expansion, and fossil
fuel burning, are also another important reason why the cumulative hours of extreme heat
waves in 2016–2020 were much more than those in 2011–2015.

Our research shows that the order of land-use types based on the cumulative hours
of extreme heat waves from different land types in Beijing were as follows: urban land >
cropland > water > grassland > woodland. Urban land had the most cumulative hours of
extreme heatwaves during the day and night, the woodland had the fewest cumulative
hours of extreme heat waves during the day and night. Cropland and urban land can
increase the cumulative hours of extreme heat waves, whereas woodland and water areas
can reduce the cumulative hours of extreme heat waves. The effect of grassland on the
cumulative hours of extreme heat waves was not significant. The role of cropland in en-
hancing the cumulative hours of extreme heat waves is greater during the day than at night;
the role of urban land in enhancing the cumulative hours of extreme heat waves is greater
at night than in the daytime, and the role of woodland in alleviating the cumulative hours
of extreme heat waves is greater at night than in the daytime. This day–night difference is
related to the complex surrounding environment and the differences in day–night specific
heat capacities of the various land-use types [29–31]. Water has the highest specific heat
capacity, followed by woodlands and grasslands with higher water content (woodlands
have higher water content than grasslands) and least impermeable surfaces. Urbanization
leads to reduced evaporation and wind. In addition, the lower albedo of impervious
surface compared to vegetation increases daytime heat storage and enhances nighttime
long-wave heat release. It should be noted that our research shows that grassland has
the effect of enhancing the cumulative hours of extreme heat waves. As can be seen in
the Figure 5, this result was mainly caused by the high cumulative hours of extreme heat
waves in grids with grassland accounting for more than 80% of the area. Both 2010 and
2020, among the 15,818 grids in Beijing, there were only approximately 80 grids that had
more than 80% grassland. Nearly 2/3 of the 80 grids were close to cultivated land or urban
land. Environmental impacts lead to higher cumulative hours of extreme heat waves. It
can be seen in the Figure 5 that the cumulative hours of extreme heat waves for grids with
water areas less than 20% were significantly lower than those grids with larger water areas.
This is because the water area of Beijing is too small, only 0.92% (2010) or 1.45% (2020). As a
result, in 2010 and 2020, the proportions of grids with water area accounting for 0–20% were
extremely high, 98.8% and 98.1%, respectively. The grids with water areas of 0–20% are
numerous and continuously distributed, making them less susceptible to the surrounding
environment. On the contrary, grids with water areas greater than 40% are small in number
and scattered, and are easily affected by the surrounding environment, which makes the
cumulative hours of extreme heat waves relatively high. However, when the proportion of
the water area is greater than 40%, the cumulative hours of extreme heat waves is decreased
significantly as the proportion of the water area continues to increase, which reflects the
role of water area in relieving the cumulative hours of extreme heat waves. Different from
water, the area of woodland in Beijing accounted for 44.74% (2010) and 45.08% (2020), and
the distribution was concentrated. This difference between woodland and water in area
and spatial pattern may lead to Beijing’s woodland having a stronger mitigation effect on
the cumulative hours of extreme heat waves relative to water.
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5. Conclusions

The main conclusions of our study are summarized as follows:

1. The urban day/night extreme heat waves cumulative hourly interpolation models
were established; the correlations were highly significant at p < 0.01, both the signifi-
cance test and R2 analysis showed that the models have good performance, and the
accuracy of interpolation was high;

2. The spatial distribution of the cumulative hours of day/night extreme heat waves in
Beijing is “high inside and low outside; high in the south and low in the north”; a
circle structure radiates from the central city to the suburbs. During 2016–2020, the
annual cumulative hours of extreme heat waves in the daytime and in the nighttime
were 95.06% and 115.70% higher than those of 2011–2015;

3. The order of land-use types for cumulative hours of land-surface extreme heat waves
in Beijing was as follows: urban land > cropland > water > grassland > woodland. In
most cases, the cumulative hours of extreme heatwaves during the day were greater
than those at night for cropland, woodland, grassland, water, and urban land;

4. The increase associated with urban land in the cumulative hours of extreme heat
waves at night is greater than that in the daytime. The mitigation effects of woodland
and water on the cumulative hours of extreme heat waves are stronger at night than
in the daytime, and the mitigation effect of woodland is stronger than that of water.
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Abstract: Based on high-resolution surface observation and reanalysis data, this paper analyzes
the extreme heat events (EHEs) over two densely populated urban agglomerations in southeast
China, namely the Yangtze River Delta (YRD) and the Pearl River Delta (PRD), including the spatial–
temporal distribution of heatwaves and warm nights and the synoptic backgrounds for regional
heatwaves. The results show that the occurrence frequency of EHEs is modulated significantly by
local underlying features (i.e., land–sea contrast, terrain), and the strong nocturnal urban heat island
effects make warm nights much more likely to occur in cities than rural areas during heatwaves.
About 80% of the YRD regional heatwaves occur from 15 July to 15 August, while a lower fraction
(53%) of the PRD heatwaves is found during this mid-summer period, which partially explains
the warm-season average intensity of the former being 2–3 times the latter. A persistent, profound
subtropical high is the dominant synoptic system responsible for the mid-summer YRD heatwaves,
which forces significant descending motion leading to long-duration sunny weather. The mid-
summer PRD heatwaves involve both high-pressure systems and tropical cyclones (TCs). A TC
is present to the east of the PRD region on most (about 72%) PRD heatwave days. The organized
northerly winds in the planetary boundary layer in the outer circulation of the TC transport the
inland warm air, which is heated by the foehn effect at the lee side of the Nanling Mountains and
possibly also the surface sensible heat flux, towards the PRD region, leading to the occurrence of the
extremely high temperatures.

Keywords: extreme heat event; urban heat island; subtropical high; tropical cyclone

1. Introduction

Extreme heat events (EHEs) seriously threaten human health [1], the economy [2], and
the ecosystem [3]. Their frequency and duration have gone through a dramatic increase
worldwide during the past 20 years [4] and are projected to further increase in the scenario
of continuing global warming [5]. It is almost certain that social issues and health-related
risks induced by EHEs will bring even greater challenges to governments in the near future.

Previous studies suggest that EHEs could result from the coaction of multiple physical
processes at various spatiotemporal scales, including climate variability, synoptic weather
systems, and local circulations associated with the topography and inhomogeneous con-
ditions of land surface [6]. For example, El Niño could cause extensive EHEs worldwide,
especially during boreal winter, while positive phases of the North Pacific index could lead
to EHEs in the southeast United States and East Asia [7]. A persistent anticyclone system
often acted as the main driver of EHEs over many regions [8,9]. At higher latitudes, the
blocking highs obstructed the invasion of cold air, which were responsible for the Chicago
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heatwave in 1995 [10], the European heatwave in 2003 [11,12], and the Russian heatwave
in 2010 [13]. At mid-latitudes, the stationary subtropical highs could induce strong sub-
sidence and dry air conditions over southeast China [14] and transport hot and dry air
from the inland desert areas of central Australia to the southern part of the continent [15],
favoring higher temperatures and the occurrence of EHEs. Moreover, tropical cyclones
(TCs) could induce sudden and dramatic temperature rise and short-term EHEs under
certain circumstances [16–18], mainly due to the subsidence-induced adiabatic heating at
the periphery of the TCs’ spiral rainbands. The TC circulation could also cooperate with
local topography, producing the foehn effect, which causes sudden downslope heating [16].
In addition, a dry land surface usually releases more sensible heat (instead of latent heat)
into the atmosphere [19] and can contribute to the occurrence of extremely high tempera-
tures [20–22]. Substantial changes in the heat capacity and moisture of land surface due
to urbanization lead to the urban heat island (UHI) effects, which could have a profound
impact on EHEs over cities [23].

Over the past three decades, China has undergone rapid economic development, lead-
ing to dramatic growth in urban areas and population, especially in southeast China [24].
Two urban agglomerations, the YRD and the Pearl River Delta (PRD), are the most densely
populated and flourishing economic areas in East Asia (see Figure 1 for their locations).
The YRD, including the megacities of Shanghai, Nanjing, Suzhou, and Hangzhou, is an
important intersection of the Belt and Road and the Yangtze River economic belt. The PRD,
including the megacities of Guangzhou, Hong Kong, and Macao, is ranked as one of the
four great bays in the world with diversified industries and a prosperous economy. As
shown in Figure 1b,c, the underlying surface over PRD and YRD exhibits complex features
with different shapes of urban agglomerations adjacent to mountains and seas. With low
latitudes and wet climates, YRD and PRD experience high temperatures in boreal summer
that are exacerbated by the UHI effect [25]. The YRD summer-time warming from 1979 to
2008 primarily results from the significant increase in maximum temperature, with the UHI
effect accounting for 36–68% of the total regional warming [26]. Urbanization contributes
to more than one-third of the increase in the intensity of EHEs in the YRD region from 1971
to 2013, which is comparable to the contribution of greenhouse gases [27]. A case study
indicates that the maximum UHI intensity was up to 2.2 ◦C in Suzhou city during a hot
weather episode from 25 July to 1 August 2007, which is much greater than the 37-year
(from 1970 to 2006) summer average of 0.35 ◦C [28]. Considering the numerous people
and infrastructures influenced by extreme temperatures, a better understanding of the
characteristics and driving mechanisms of EHEs over the two regions would help in the
warning and mitigation of the adverse effects of EHEs.

Numerous studies have investigated the factors and mechanisms governing the occur-
rence of EHEs over eastern China. Ding et al. [29] found that the occurrence frequency of
heatwaves in most regions of China increased during 1961–2007, which was closely related
to the changes in rainy days and atmospheric circulation patterns. Chen et al. [30] found
that a strong northward water vapor flux reduced the nocturnal longwave radiation cooling
around Beijing and was associated with warm nights in Beijing during July and August.
Chen et al. [31] found that the warming of the western tropical Pacific forced an abnormally
intensified subtropical high, which was responsible for the 2017 extremely hot mid-summer
in Central and South China. Zhong et al. [32] found that frequent TC activities could
indirectly lead to more hot days along the lower and middle reaches of the Yangtze River in
East China, regardless of the cooling effects directly induced by TCs. Li et al. [33] showed
that a persistent anticyclonic anomaly with a quasi-barotropic structure is a prerequisite for
the compound heat extremes (i.e., the continuous occurrences of hot days and warm nights)
in the middle and lower reaches of the Yangtze River. While the middle and lower reaches
of the Yangtze River experience the highest frequency of EHEs in eastern China [29], only
limited studies have focused on EHEs over the urban agglomerations, the PRD region in
South China in particular.
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Figure 1. Topography (color shadings) over (a) southern China and surrounding areas and the
(b) YRD and (c) PRD regions, respectively. In (b,c), gray dots denote the surface weather stations
with one blue dot denoting the Hong Kong Observatory (HKO) station; pink lines denote the urban
regions; names of major cities are given by abbreviation; major mountains are labeled. Blue lines in
(b) indicate Lake Taihu. Gray lines indicate the national and provincial boundaries and coastal lines.

To fill this gap of knowledge, this study aims to analyze and compare the spatial–
temporal distribution and synoptic backgrounds of EHEs over the YRD and PRD regions.
Our analysis focuses on the warm seasons (May to August) in a ten-year period (2008–2017)
with well-established urban agglomerations in both regions, as the rapid urbanization over
the two regions started in the early to middle 1990s. The remainder of the paper is organized
as follows: data and methods are introduced in Section 2; spatial–temporal distribution
and synoptic backgrounds of EHEs are discussed in Sections 3 and 4, respectively; and a
summary and conclusions are provided in Section 5.

2. Data and Methods

2.1. Data

The daily maximum and minimum 2 m air temperature (denoted as Tmax and Tmin)
observed at the surface weather stations (dots in Figure 1b,c) is used to identify the EHEs.
There are 93 and 46 stations in the YRD and PRD regions, respectively, including 14 stations
in Hong Kong. This dataset has been quality controlled by the National Meteorological
Information Center (NMIC) of China and widely used in climate studies [25,34–36]. The
5th generation of ECMWF Reanalysis (ERA5; available every hour on a 0.25◦ × 0.25◦
grid and 37 vertical levels) are used to analyze the synoptic backgrounds. The TC best
track dataset [37,38] provided by the China Meteorological Administration (CMA) is used
to identify TCs related to the heatwaves. Moreover, the urban and rural regions are
distinguished based on the fourth version of composite satellite-based nighttime lights data
gathered in 2013 derived from the Defense Meteorological Satellite Program’s Operational
Linescan System (DMSP/OLS) of the United States (https://ngdc.noaa.gov/eog/dmsp/
downloadV4composites.html, accessed on 10 June 2022). The digital numbers (DN) value
of 57 is used as the urban threshold based on Wang et al. [39].
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2.2. Definition and Analysis of EHEs

This study focuses on two types of EHEs, namely, heatwaves and their accompanying
warm nights. According to the Glossary of Meteorology of the American Meteorological
Society (AMS) [40], a heatwave is defined as a period of abnormally and uncomfortably
hot and usually humid weather. The identification of heatwaves in literature involves
Tmax above a threshold during continuous days. For example, Schoetter et al. [41] focused
on periods of over three consecutive days above the 98th percentile of Tmax. The indices
used to characterize heatwaves vary among different studies [10,12,41,42], which makes it
difficult to quantitatively compare their results. In this study, we use a unified metric for
both the YRD and PRD regions. Specifically, a period of over three consecutive days with
Tmax > 35 ◦C is identified as a heatwave, following CMA’s stipulation. This definition of
heatwaves is similar to that of the WMO with a lower fixed threshold of 32 ◦C [40]. For
each weather station, we use two indices to discuss the characteristics of heatwaves, i.e.,
the occurrence frequency and the average cumulative intensity. The occurrence frequency
of heatwave at a station is the total number of heatwaves that occurred at the station during
the 10 warm seasons. The cumulative intensity of each heatwave at a station is the sum of
Tmax beyond 35 ◦C (i.e., Tmax—35 ◦C) on each day during the heatwave, which is averaged
among all the heatwaves to get the average cumulative intensity at the station. Moreover,
we define a regional heatwave as a period with at least half of the stations in the region
(YRD or PRD) simultaneously experiencing a heatwave. Note that, among the 14 stations
in Hong Kong, only the Hong Kong Observatory station is used to analyze the regional
heatwaves, because the stations in Hong Kong are distributed much more densely than
other stations in the PRD (Figure 1c).

The possible occurrences of warm nights in heatwaves can aggravate the adverse
impacts of heatwaves due to the prolonged high temperature in the day and night [43].
Such compound hot extremes with continuous occurrences of hot days and warm nights
are recently noticed to be more frequent and intense over cities than surrounding rural
areas, due to the UHI effect [44]. To define the compound EHEs, a metric is needed for
warm nights. As the threshold used to define EHEs (35 ◦C) is about the 90th percentile of
Tmax in both the YRD and PRD, we similarly use the 90th percentile of Tmin (approximately
27 ◦C) to define a warm night, i.e., a night with Tmin > 27 ◦C. For the compound EHEs,
i.e., heatwaves with warm nights, the proportion and the cumulative intensity of warm
nights are calculated. The proportion is the ratio of total number of warm nights to the
total number of days in a heatwave event, and the cumulative intensity of warm nights is
the sum of Tmin—27 ◦C during a heatwave event.

3. Characteristics of EHEs over the Two Regions

3.1. Spatial Distribution of EHEs

Substantial spatial variations of EHEs are observed over the PRD and YRD regions.
In the YRD region, the occurrence frequency of heatwaves largely decreases from the
mountains in the southwest to the city belt, and then to its northeast (Figure 2a). More
than 30 heatwaves are observed at most mountain stations and the cities of Hangzhou and
Ningbo adjacent to the mountains. The number of heatwaves reduces to 20–30 at most
stations in the belt-shaped urban area. The 37 urban stations in the YRD region experience
an average of 23.6 heatwaves in the 10 warm seasons, and the highest frequency of 42 is
recorded in the capital city of Hangzhou. At the stations north of the city belt, the heatwave
frequencies are lower than 20, likely due to the cold advection of sea breeze over the open
flat land. Although much fewer heatwaves occur in the city belt than in the mountains,
their intensities are roughly comparable between the two areas, mostly with a cumulative
intensity of >13 ◦C (Figure 2b).
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Figure 2. Spatial distribution of EHEs occurred over the YRD region in the warm seasons during
2008–2017. (a) Occurrence frequency of heatwaves. (b) Average cumulative intensity of heatwaves.
(c) Proportion of warm nights in heatwaves. (d) Average cumulative intensity of warm nights. Gray
shadings denote the topography. Black lines indicate the urban regions, and thin gray lines denote
the provincial boundaries and coastlines. Purple lines show Lake Taihu.

The spatial distributions of warm nights during heatwaves in the YRD region exhibit a
pattern that highlights the flat lands, especially the city belt (Figure 2c,d). For most urban
stations, more than 70% of heatwave days are accompanied by warm nights, while this
proportion is less than 40% in the mountains (Figure 2c). Meanwhile, the intensity of warm
nights in the cities is much higher than that in the mountains (mostly >8 ◦C vs. <3 ◦C;
Figure 2d). The proportion and cumulative intensity of warm nights averaged over the YRD
urban stations are about 73% and 7.8 ◦C, while only 53% and 4.8 ◦C for the rural stations.

The heatwaves over the PRD region exhibit a clear contrast between the coastal and
inland areas (Figure 3a,b). The heatwaves rarely occur (mostly <15) in the coastal area
(i.e., to the south of the red line in Figure 3a, which is oriented roughly in parallel to
the coastline), but sharply increase to >30 in the northern inland area. The heatwaves in
the coastal area are also relatively weaker than the inland ones (the average cumulative
intensity of mostly <3 ◦C vs. >4.5 ◦C). Compared to the YRD region, the intensity of
heatwaves over PRD is much lower (c.f. Figures 2b and 3b), with the highest average
cumulative intensity in Guangzhou city of only 5–6 ◦C. This is closely related to the earlier
occurrences of heatwaves in June over PRD (Section 3.2) and the location of Western North
Pacific Subtropical High (WNPSH) in summer (Section 4).

Similar to the YRD region, the cities in the PRD (including the coastal cities such as
Hong Kong and Zhuhai) experience much larger fractions of warm nights in heatwaves
than the rural areas (Figure 3c,d). The average proportion and cumulative intensity are
66% and 3.5 ◦C for the urban stations, while only 31% and 1.0 ◦C for the rural stations.
These results indicate that most heatwaves in the rural areas turn into cool nights after
sunset, while the nocturnal temperature remains high in the cities. These results are
qualitatively consistent with the previous finding of significantly larger increasing trends
of compound hot extremes than independent hot days or independent warm nights in
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cities over southeast China during the rapid urbanization period from the mid-1990s to
2020 [44]. The building materials of urban canopies have larger thermal conductivity
and heat capacity, leading to a larger heat storage than rural areas. This slows down the
nocturnal cooling and makes significant UHI effects at night [45].

 

Figure 3. Spatial distribution of EHEs occurred over the PRD region in the warm seasons during
2008–2017. (a) Occurrence frequency of heatwaves. (b) Average cumulative intensity of heatwaves.
(c) Proportion of warm nights in heatwaves. (d) Average cumulative intensity of warm nights. Gray
shadings denote the topography. Black lines indicate the urban regions, and thin gray lines denote
the provincial boundaries and coastlines. Crossed circles indicate that no heatwave occurred. The
red line in (a) roughly separates the coastal and inland areas.

In summary, local geographical features substantially influence the occurrences of
heatwaves and the impact of the UHI effect on EHEs is modulated by the presence of water
and mountains over the PRD and YRD regions. The cities adjacent to inland mountains
(e.g., Hangzhou in the YRD and Guangzhou in the PRD) experience the most frequent and
intense heatwaves, while those adjacent to the open seas (e.g., Hong Kong and eastern
Shanghai) show less frequent heatwaves with weaker intensity (Figures 2a and 3a). The
urban and rural stations sharing similar geography observe smaller differences in the
heatwave frequency (Figures 2a and 3a), but both inland and coastal cities experience much
more warm nights in heatwaves (Figures 2c and 3c) with substantially higher intensity
(Figures 2d and 3d) than the rural areas. The result emphasizes the important role of
the UHI effect in producing nocturnal high temperatures in both regions. Moreover,
the intensities of heatwaves and the accompanied warm nights over the YRD are about
2–3 times higher than those in the PRD (c.f., Figures 2b,d and 3b,d), which can be attributed
to the differences in the dates and synoptic backgrounds of the heatwaves between the two
regions to be shown in the following sections.

3.2. Temporal Variation of the Regional Heatwaves

In total, 137 days of the YRD regional heatwave and 102 days of the PRD regional
heatwave are found during the 10 warm seasons, and all of them occur in summer (JJA).
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The YRD regional heatwaves begin on 1 July and end on 23 August, and the PRD regional
heatwaves begin on 1 June and end on 29 August (Figure 4a). It follows that occurrences of
the heatwaves in the YRD region are more concentrated in mid-summer, while those in
the PRD occur also in June and near the end of August. About 80% of the YRD regional
heatwave days and 53% of the PRD regional heatwave days are from 15 July to 15 August
(referred to as ‘mid-summer’ hereafter). Only 13.1% and 7.3% of the YRD regional heatwave
days occur before and after the mid-summer, respectively, while the proportions in the
PRD are nearly doubled or more (33.3% and 13.7%). The PRD is located in lower latitudes
than the YRD, which could largely explain the earlier and later occurrences of heatwaves
in the PRD. In June, South China is at the late stage of its early-summer rainy season [46]
and under the influence of the WNPSH, while the Yangtze River basin is out of the reach
of WNPSH. Thus, heatwaves could strike the PRD but hardly influence YRD in June.
In mid-summer, the WNPSH often covers the middle and lower reaches of the Yangtze
River, favoring the formation of the YRD heatwaves, while the PRD is to the southwest of
WNPSH and tropical systems occasionally influence southeast China. These indicate that
the relevant synoptic backgrounds of heatwaves over the YRD and PRD in mid-summer
might be different. The following section will focus on synoptic patterns governing the
YRD and PRD regional heatwaves during mid-summer.

 

Figure 4. Occurrence frequency of regional heatwaves over the PRD and YRD regions, respectively,
during the 10 warm seasons. (a) Fraction of heatwaves on each day to the total heatwave days during
the warm season. (b) Numbers (fractions; unit: %) of the regional heatwave days in the entire warm
season and a variety of subperiods, respectively.

4. Synoptic Backgrounds for the Mid-Summer YRD- and PRD-Regional Heatwaves

In mid-summer, 109 and 54 regional heatwave days are found over the YRD and PRD
regions, respectively, including 91 days of the YRD-only heatwave, 36 days of the PRD-only
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heatwave, and 18 days of simultaneous heatwaves over both regions. Synoptic patterns are
composited for each of the three groups and their subgroups. Specifically, the geopotential
height (GPH), total cloud cover, net solar radiation at the surface, horizontal wind vector,
and vertical wind velocity available hourly in the ERA5 dataset are averaged to produce
their daily values. Then, for each group and/or subgroup of the regional heatwaves, all the
daily values are averaged to show their composite synoptic backgrounds. The anomalies
are defined as the differences between the heatwave days and mid-summer. Anomalies
of geopotential height shown in the following figures have passed the Student t-test of
95% significance.

4.1. The YRD-Only Heatwaves

At 300 hPa, the YRD region is situated in an extensive, east–west-oriented, high-
pressure area with GPH > 9740 gpm, downward motion, and low horizontal wind speeds
(Figure 5a). The positive anomaly of geopotential height over and to the north of the YRD
is accompanied by easterly anomalies (Figure 5d), reflecting that the upper-level westerly
jet in mid-summer is weakened during the YRD regional heatwaves.

 

Figure 5. Synoptic backgrounds for the YRD-only heatwaves. (a) The 300 hPa geopotential height
(blue contours; unit: gpm), horizontal wind vector (arrows), and vertical velocity (shadings). (b) Same
as (a), but at 500 hPa. (c) Geopotential height (blue contours; unit: gpm) and horizontal wind vector
(arrows) at 850 hPa, and total cloud cover (shadings). (d) Anomalies of geopotential height (blue
contours; unit: gpm), horizontal wind vector (arrows), and vertical velocity (shadings) at 300 hPa.
(e) Same as (d) but at 500 hPa. (f) Anomalies of total cloud cover (blue contours), 850 hPa horizontal
wind vectors (arrows), and net solar radiation at the surface (shadings; positive downward). Navy
rectangle denotes the YRD region. Gray lines indicate the national and provincial boundaries and
coastal lines.
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In the middle troposphere (500 hPa), the strong WNPSH extends westward to cover
the middle and lower reaches of the Yangtze River (Figure 5b), accompanied by descending
motion over the region (Figure 5a,b) with large anomalies of both GPH and vertical velocity
(Figure 5d,e).

The lower troposphere (850 hPa) also experiences a strong high pressure extending
from the North Pacific with GPH > 1480 gpm over the YRD (Figure 5c). Associated with
the easterly wind anomalies over the northern South China Sea (Figure 5e,f), water vapor
transport toward the YRD region is weakened relative to the strong southwesterly mon-
soonal flow usually prevailing over southeastern China in mid-summer. The drier lower
and middle troposphere accompanied by the descending motion leads to smaller cloud
cover (<0.4; Figure 5c), which is 0.15 less than the mid-summer average, and consequently
positive anomalies of the net short-wave radiation at the surface over the YRD region
(>40 W m−2; Figure 5f).

In short, during the YRD-only heatwaves, the upper-troposphere jet stream moves
northward to the north of 35◦ N with low wind speeds over the YRD; the WNPSH in the
middle and lower troposphere extends westward to the middle and lower reaches of the
Yangtze River, leading to descending motion and drier atmosphere over the YRD region.
As a result, much fewer clouds are formed and more solar radiation is absorbed at the land
surface. The increased solar heating and descending-induced adiabatic heating jointly lead
to the high temperature and heatwaves over the YRD region. These results are consistent
with previous studies on regional compound hot extremes over the middle and lower
reaches of the Yangtze River [33].

4.2. The PRD-Only Heatwaves

Compared to the above results, synoptic patterns during the PRD-only regional
heatwaves (36 days) differ substantially. At 300 hPa, the GPH over the East China Sea and
Taiwan Island is significantly lower than the mid-summer average (Figure 6d), although a
closed low-pressure center is not evident in the composite field (Figure 6a). In associated
with the negative anomalies of GPH, northwesterly anomalies are observed over the PRD
region, which leads to weakening of the tropical easterly jet stream that is often present
over the PRD in mid-summer (not shown) and the prevailing northeasterly winds instead
(Figure 6a).

The composite fields in the middle and lower troposphere (Figure 6b,c) illustrate a
cyclonic circulation centered around Taiwan Island. The low-pressure system centered
around Taiwan Island (Figure 6b) is accompanied by negative anomalies of the 500 hPa
GPH (up to 30–40 gpm lower than the mid-summer average; Figure 6e) and cyclonic
anomalies in the middle and lower troposphere (Figure 6e,f). The prevailing low-level
southwesterly winds over the PRD in mid-summer are substantially weakened during the
PRD-only heatwaves (Figure 6b,c). The northerly anomalies during the PRD-only regional
heatwaves significantly decrease the moisture needed for the production of clouds and
precipitation, as the low-level southwesterly wind from the South China Sea is the key
provider of water vapor over the PRD region.

The presence of cyclonic circulations in the middle to lower troposphere (Figure 6b,c)
suggests a possible impact of TCs on the PRD-only regional heatwaves. A closer exami-
nation indicates that TCs are present over the offshore waters and/or the coastal areas of
southeast China during 81% (29 out of 36) of the PRD-only heatwave days. The ten TCs
(Table 1) mostly move northwestward from the western North Pacific and make landfalling
in Fujian Province after passing the Taiwan strait except for Typhoon Nida (1604), Muifa
(1109), and Nakri (1412) (Figure 7). Typhoon Nida moves towards the PRD region from the
South China Sea, while Typhoon Muifa and Typhoon Nakri move northward to the Yellow
Sea without landfalling during the PRD heatwave days. Considering the changes in the
synoptic conditions with different locations of the TCs, composite analyses are conducted
for four subgroups, respectively, i.e., the 12, 11, 2, and 4 days of the PRD-only regional
heatwave accompanied by TCs centered in the four regions (A to D in Figure 7). Note that
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the TCs in Region A or B move into Region C or D later, and the TCs centered in Regions
A and B are relatively stronger (Figure 7). Except for the four subgroups of the PRD-only
heatwave with TCs, the other 7 days do not experience TCs, and the synoptic patterns on
these days will be discussed as the fifth subgroup.

 

Figure 6. Synoptic backgrounds for the PRD-only heatwaves. (a) The 300 hPa geopotential height
(blue contours; unit: gpm), horizontal wind vector (arrows), and vertical velocity (shadings). (b) Same
as (a), but at 500 hPa. (c) Geopotential height (blue contours; unit: gpm) and horizontal wind vector
(arrows) at 850 hPa, and total cloud cover (shadings). (d) Anomalies of geopotential height (blue
contours; unit: gpm), horizontal wind vector (arrows), and vertical velocity (shadings) at 300 hPa.
(e) Same as (d) but at 500 hPa. (f) Anomalies of total cloud cover (blue contours), 850 hPa horizontal
wind vectors (arrows), and net solar radiation at the surface (shadings; positive downward). Navy
rectangle denotes the PRD region. Gray lines indicate the national and provincial boundaries and
coastal lines.

The synoptic backgrounds for the five subgroups of the PRD-only heatwave days are
shown in Figure 8. With the TCs centered in Region A, the PRD region is situated about
500 km west of the TC center with low-level northerly winds aloft. Note that with the TCs
in their mature stage in Region A, the strong upward motion in the cyclonic circulations
could force extensively distributed descending to its northwest over the drier inland areas.
The PRD region Is located between the ascending and descending regions, where the air
vertical velocity seems negligible. Thus, unlike the YRD regional heatwaves induced by
prominent high-pressure systems, the synoptic subsidence-induced adiabatic heating is
not very strong over the PRD region and the cloud cover over the PRD region is still large
(0.7–0.9), suggesting reduced solar radiative heating at the surface. Instead, the heatwaves
over the PRD region are closely related to the organized low-level northerly airflows, which
transport hotter air from inland mountains to the coastal area of South China (see Figure 1c
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for the topography) and the related foehn wind. These relevant physical processes can
be seen clearly in Figure 9, which shows the vertical thermal and dynamic structure over
the PRD region and the Nanling Mountains to its north during the PRD heatwave days
with the TCs in Region A. The near-surface air near the PRD coastline is about 3 K cooler
than the northern PRD region, likely due to the large tropical land–sea thermal contrast
in mid-summer. Meanwhile, the TCs to the east force northerly winds over South China.
When the northerly airflows climb over the Nanling Mountains, the adiabatic cooling leads
to the formation of precipitating clouds with liquid water content (qc) of >0.04 g kg−1 over
the mountains. At the lee side, descending compression causes strong adiabatic heating, as
much water vapor has already condensed and been taken away by rainfall. This TC-related
foehn effect [16,47,48] increases air temperature at the lee side of the Nanling Mountains,
making the northern boundary of the PRD region (at about 24◦ N) a warm center. This
thermal structure combined with the prevailing northerly winds closely associated with
the TCs produces intense warm advection over the PRD region, favoring the occurrence of
the PRD regional heatwaves. Moreover, the upstream surface sensible heat flux and TC-
induced subsidence in its outer circulation could also be contributing factors, as previously
documented in a case study [48].

Table 1. Basic information about the TCs on the PRD regional heatwave days.

TC Number TC’s Name TC’s Life Span (mmddhh UTC)

0808 Fung-wong 072400-073118
0908 Morakot 080306-081306
1109 Muifa 072700-080900
1209 Saola 072618-080500
1410 Matmo 071700-072600
1412 Nakri 072900-080400
1513 Soudelor 073000-081206
1604 Nida 072912-080300
1709 Nesat 072500-073100
1710 Haitang 072712-080306

When the TCs move from Region A into Region C, the PRD region is located to their
south with westerly to southwesterly airflows and weak ascent in the middle and lower
troposphere (Figure 8c). The two days of such PRD-only regional heatwave are the last
stage of heatwaves induced by TCs in Region A. When the weakened TCs move further
northward, the direction of isobaric lines over the PRD region change back to southwest-
northeast, and the cooler air brought by the southwesterly winds from the South China Sea
rapidly ends the heatwaves.

Compared to the TCs in Region A, the TCs centered in Region B possess similar
intensity, but are located several hundred kilometers to the east with the cyclonic circulation
hardly extending to the west of Taiwan Island (Figure 8b). Meanwhile, an extensive high-
pressure region extends from southeast China to the Yellow Sea (Fee Figure 1a for its
location), leading to descending motion and sunny weather. The strong TCs in Region B
could contribute to the persistence of the high-pressure system by causing compensating
subsidence. Situated roughly at the high-pressure center, the PRD region suffers from
heatwaves due to the synoptic subsidence-induced adiabatic heating and enhanced clear-
sky solar heating at the surface. The high-pressure system lasts a few days and vanishes
after the TCs move from Region B into Region D (Figure 8d). Then, the descending motion
over the PRD region is also weakened, while the southwesterly winds over the South China
Sea are substantially strengthened (c.f. Figure 8b,d). Consequently, the heatwave over the
PRD region is about to end.
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Figure 7. Tracks of the ten TCs associated with the PRD-only regional heatwave. The filled and
hollow circles denote the TC centers at 6 h intervals on the heatwave days and the other days,
respectively, with colors denoting the intensity of TC estimated by CMA: tropical depression (TD),
tropical storm (TS), severe tropical storm (STS), typhoon (TY), severe typhoon (STY), super typhoon
(SuperTY), and extratropical transition (ET). Purple rectangles denote the four regions where the TCs
are centered. Navy rectangle shows the PRD region. Gray lines indicate the national and provincial
boundaries and coastlines. A to D represent four regions divided according to different locations of
TCs.

The PRD heatwaves without TCs in the western North Pacific is usually associated
with a subtropical high over coastal areas of South China and the adjacent water surface
(Figure 8e), which explains the descending motion and anomalies over the North Gulf in
Figure 6b,e. This subtropical high seems smaller in coverage and weaker in intensity than
the strong WNPSH responsible for the YRD heatwaves (Figure 5b), but is comparable to
the high-pressure system on the PRD heatwave days with TCs in the Region B (Figure 8b).
Under the control of this subtropical high and associated downward motion, heatwaves
occur over the PRD region.

4.3. The YRD and PRD Simultaneous Heatwaves

Synoptic analysis for the 18 days with simultaneous heatwaves over both the YRD
and PRD regions suggests a combination of the major features observed during the PRD-
only heatwaves and the YRD-only heatwaves, respectively (Figure 10). Synoptic fields
are composited for the 10 days with concurrent TCs and the other 8 days without TC,
respectively (Figure 10). As shown in Figure 10a–c, while the WNPSH extends westward
to cover the YRD region, the PRD region is situated in the outer circulation of TCs centered
several thousand kilometers to the southeast. The dominance of WNPSH over the YRD
region is to some extent similar to that during the YRD-only heatwaves (Figure 5a–c) with
about the same magnitudes of descent and even smaller cloud cover. On the other hand,
the impacts of TCs to the PRD region resemble what occurs on the PRD-only heatwave
days with TCs over Region A (Figure 8a) despite that the TCs are relatively displaced
southward in the middle troposphere due to the westward extending WNPSH over the
YRD (Figure 10b), i.e., the TC-induced foehn effect associated with Nanling Mountains,
and possibly the upstream surface sensible heat flux and subsidence induced by the TCs
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probably play key roles. Note that about 72% (39 out of 54) of the mid-summer PRD
regional heatwave days are accompanied by TCs.

 

Figure 8. Synthetic fields for the five subgroups of the PRD-only heatwave days: (a–e) with TCs
centered over Regions A, B, C, and D as shown in Figure 7 and I without TC, including 500 hPa
geopotential height (blue contours; unit: gpm) and vertical velocity (shadings), and 850 hPa horizontal
wind vectors (arrows). Thick purple line in (a) represents the location of vertical cross-section used in
Figure 9. Rectangular box in each panel denotes the PRD region. Gray lines show the national and
provincial boundaries and coastlines.

The other 8 days are characterized by an extremely intense, extensive subtropical high
throughout the troposphere, leading to downward motion and few clouds over most areas
of southeast China (Figure 10d–f). At 500 hPa, this high-pressure system is the intensified
WNPSH and centered roughly between YRD and PRD (Figure 10e). These synoptic features
on the 8 days (including 6 days in late July 2016 and 2 days in early August 2017) are like a
magnified version of those appearing during the YRD-only heatwave days (Figure 5a–c).
They could be related to the weakening of the Somalia cross-equatorial flows and the
westerly flow over the tropical Indian Ocean [49].
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Figure 9. Vertical cross-section along the thick purple line in Figure 8a for the PRD-only heatwave
days with a TC centered in Region A. Arrows denote the wind vectors along the plane. The vertical
velocity is multiplied by a factor of 200. Black contours denote the potential temperature (θ; unit: K).
Green contours denote the mixing ratio of cloud liquid water (qc; unit: g kg−1). Shadings denote the
horizontal advection of θ. Gray shading denotes topography. Thick green line indicates the location
of the PRD region.

Figure 10. Synoptic backgrounds for the heatwaves simultaneously over both YRD and PRD regions
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(rectangular boxes), with TC (left) and without TC (right), respectively. Top panels (a,d) represent
the 300 hPa GPT (blue contours; unit: gpm), horizontal wind vector (arrows), and vertical velocity
(shadings; positive and negative value corresponds to descending and ascending motion). Middle
panels (b,e) are same as the top panels except for at 500 hPa. Bottom panels (c,f) represent the
850 hPa GPH (blue contours; unit: gpm) and horizontal wind vector (arrows), and total cloud cover
(shadings). Gray lines show the national and provincial boundaries and coastlines.

5. Summary and Conclusions

EHEs exert adverse effects on human health, the economy, and the ecosystem, and
have increased with climate warming and global urbanization. Given the large population
exposed to the high temperatures in big cities, it is important to deepen the understanding
of the characteristics and mechanisms of urban EHEs.

The YRD and PRD in the coastal areas of southeast China are the most flourishing
economic areas in East Asia that suffer from EHEs in boreal summer. Using the obser-
vation of dense surface weather stations and high-resolution reanalysis data, this study
comparatively analyzes EHEs over the two urban agglomerations in ten warm seasons
(May to August 2008–2017). Unified metrics are used to define and characterize heatwaves
and warm nights at the meteorological stations in both regions, and their spatial–temporal
distributions are revealed. Moreover, the regional heatwave of each region is defined
based on the proportion (>0.5) of stations simultaneously going through a heatwave in the
region. Synoptic backgrounds for the regional heatwaves over the YRD only, PRD only,
and both the YRD and PRD simultaneously are discussed in detail. The major conclusions
are as follows.

(1) Both regions observe substantial spatial variations of heatwaves, reflecting the
modulation of the local geographic environment on the characteristics of heatwaves. The
inland mountains experience the most frequent heatwaves, while the coasts experience the
least due to the cold advection of sea breeze. Despite little difference in heatwave frequency
between urban and rural areas with similar geographic environments, cities suffer from
much more frequent and intense warm nights in heatwaves than the rural areas in both the
YRD and PRD.

(2) All the regional heatwaves over the YRD and PRD regions occur in summer (JJA).
Those over the YRD are more concentrated in mid-summer (from 15 July to 15 August),
while those over the PRD start earlier in June and end later at the end of August. This
partially explains the more intense heatwaves in the YRD region with a warm-season
average cumulative intensity about 3 times that in the PRD region.

(3) The persistent, enhanced WNPSH in the middle to lower troposphere is the domi-
nant system responsible for the mid-summer YRD heatwaves, which account for about 80%
of the YRD heatwaves in the ten warm seasons. The strong WNPSH extends over the mid-
lower reaches of the Yangtze River, forcing a significant descending motion. Meanwhile,
the water vapor transport to the YRD region is weakened, as the prevailing southwesterly
airflows over South China are replaced by southeasterlies. Consequently, much more solar
radiation (>40 W m−2) is absorbed at the land surface than the mid-summer average. The
descending adiabatic heating and enhanced solar heating jointly produce heatwaves. These
are generally consistent with previous studies [33,50].

(4) About 53% of the PRD heatwave days are in mid-summer and influenced by both
TCs and subtropical high-pressure systems. Among those days, about 72% experience TCs
to the east of the PRD region. With the TCs centered around Taiwan Island, organized
low-level northerly airflows prevail over the PRD and inland areas to its north. The warm
air climbs over the Nanling Mountains and is heated at the lee side by the foehn effect
and likely the surface sensible heat flux, and further advected to the PRD region. On the
PRD heatwave days with a remote TC to the east of Taiwan Island or without TCs, a local
high-pressure system is the major driver.
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(5) Regional heatwaves could occur simultaneously over both the YRD and PRD under
two types of synoptic configurations. One is characterized by an extremely intense WNPSH
covering southeast China; the other features a coupling between an enhanced WNPSH
extending the over YRD and TCs centered to the south of Taiwan Island causing northerly
low-level airflows over the PRD and the Nanling Mountains to its north.

This study clearly demonstrates that urbanization has increased the occurrence of
warm nights over the two major urban agglomerations in southeast China, which could
aggravate the detrimental impacts of heatwaves. This result is consistent with the previous
findings of Chen and Zhai [43] and Gao et al. [44] and calls on the government, enterprises,
and the public to take joint action to reduce the urban heat island effect. Possible measures
include planting more green plants in urban areas, producing and using more energy-
efficient air conditioners and cars, and building residential buildings with good ventilation
and heat dissipation functions. Moreover, the statistical analysis in this study quantitatively
reveals the contributions of both TCs and high-pressure systems to the mid-summer EHEs
over the PRD, and supplements the previous finding about the role of the TC-induced foehn
effect in the occurrences of EHEs in the downslope regions of Taiwan [16] and southeastern
coast of China [48]. As TCs are projected to be more intense with global warming [49,50],
the adverse impacts of TC-induced EHEs on global society might increase [51]. However,
changes in EHEs over the PRD region and other cities worldwide in the future are unknown
and deserve further study, as such regional EHEs depend on the track and movement of
TCs, whose projection is associated with large uncertainties.

We should acknowledge the limitations of this study and point out that more investi-
gations are needed in the future. The number of EHEs can be increased by extending the
analysis period to improve the statistical significance and robustness of the conclusions.
For the PRD heatwaves accompanied by TCs centered around Taiwan Island, the possible
role played by the upstream surface sensible heat flux is speculated based on a previous
study for an extreme heat event induced by Typhoon Lekima [48], and quantitative analysis
for our cases is needed. Further investigation on the duration of the heatwaves under dif-
ferent circulation patterns, predictability of the circulation patterns, and their linkage with
atmospheric variability modes and sea surface temperature is important and should help
the prediction of the EHEs in the PRD and YRD regions. Furthermore, using the thermal
biometeorological indices widely used in thermal discomfort assessment such as PET and
UTCI [52] would supplement the characteristics of EHEs based on temperature only.
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Abstract: Studying the long-term variations in warm and cold events and their causes under global
warming is important for understanding urban climate change, planning, and green development,
as well as for disaster prevention and mitigation. In this study, taking the megacity of Nanjing in
China as an example, we analyzed the trends and characteristics of the daily average temperature,
daily maximum temperature, daily minimum temperature, and warm and cold events from 1960
to 2021, and their association with synoptic weather patterns (SWPs) and urbanization. The results
showed that, over the past 62 years, the maximum/average/minimum temperatures in Nanjing
have trended upward significantly (at the urban station they increased at rates of 0.17, 0.34, and
0.67 ◦C/decade), with the minimum temperatures being the most significant. In spring, the warming
rate of the average temperature was the greatest, reaching 0.45 ◦C/decade. All other seasons had their
highest warming rate in their minimum temperatures, reaching 0.38 ◦C/decade, 0.73 ◦C/decade, and
0.67 ◦C/decade in the summer, autumn, and winter, respectively. The extreme high temperatures
showed a decreasing trend until the mid-1980s, closely related to the decrease in the two SWPs
with prevailing southwesterly winds (Types 1 and 2), while a significant increasing trend was
apparent thereafter, mainly related to the increase in the SWPs with prevailing southeasterly winds
(Types 3 and 4). The number of warm days was strongly positively correlated with extreme high
temperatures during the study period, and about 91% of the warm day interannual variation can
be explained by extreme high temperature variation. The extreme low temperatures showed a
significant decreasing trend. The number of cold nights was strongly and positively correlated with
extreme low temperatures, and about 85% of the cold night interannual variation can be explained by
extreme low temperature variation. The effect of urbanization was basically positive, contributing
the most to the average temperatures and second-most to the minimum temperatures, with warming
contributions of 26.5% and 20.9%, respectively, and an insignificant contribution to the maximum
temperatures. The effect of urbanization on extreme high temperatures was not significant, but the
contribution of warming to extreme low temperatures reached 27.9%. Our results have important
implications for future urban climate prediction, as well as for impact assessment and decision
making in urban planning.

Keywords: Nanjing; climate change trends; extreme temperature; urbanization; synoptic weather pattern

1. Introduction

The IPCC’s Sixth Assessment Report states that the global mean surface temperature
has increased by about 1 ◦C since 1850–1900 and this trend is expected to continue in the
near future [1]. Global warming has significant impacts on climate and ecosystems, such as
sea level rise, melting of permafrost glaciers, reduced biodiversity, and frequent extreme
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weather [2,3]; moreover, it has far-reaching impacts on human socioeconomic systems, such
as crop yields, energy waste, and human health [4–6]. Many urban areas around the world
are experiencing a changing climate and increasing incidence of extreme weather [7–10].
Therefore, studying the long-term changes in hot and cold events and their causes in the
context of global warming is important for understanding urban climate change, planning
human development, and for disaster prevention and mitigation.

In addition to global climate change, human activities (e.g., urbanization) can also have
an impact on urban climate change trends as well as extreme cold and warm events [11–14].
One of the most important features of urbanization is land use and land cover change
(replacement of the original natural surface, forests, lakes, grasslands, etc., with roads,
bridges, buildings, factories, concrete parking lots, etc.) [15–17]. Urban expansion accompa-
nied by urban population growth alters the original physical properties of the surface (e.g.,
albedo, roughness, specific heat/moisture coefficient), and coupled with anthropogenic
heat emissions, the ability of cities to absorb, store, and emit energy is altered [18,19],
leading to the well-known urban heat island effect [20]. It has been noted that the direct
effect of urban sprawl on temperature warming can even reach 4 ◦C [21]; urbanization
leads to an additional 0.05 ◦C/decade of average surface temperature warming in south-
eastern China [22]. The increase in surface temperature increases the risk of extreme heat.
Under the synergistic effects of global warming and local urbanization, rapidly growing
urban populations are more vulnerable to the threat of extreme heat [23–25]. Over the past
few decades, China, as a populous country with hundreds of millions of urban residents
and one of the most vulnerable regions to extreme weather events, has experienced rapid
urbanization, which may further exacerbate the long-term trend of extreme temperatures
under global warming [26–28]. These trends are particularly evident in highly urbanized
and densely populated areas, such as the Yangtze River Delta region [29,30].

As another important driver, different synoptic weather patterns (SWPs) can cause
significant temperature changes through modulation of local meteorological factors [1,31–34].
For example, high-pressure systems in summer can suppress the development of the planetary
boundary layer and induce calm and cloud-free conditions favorable for radiation enhancement,
thus raising temperatures [35–37]. The summer in east-central China is mainly influenced by
the East Asian summer wind, which moves from south to north, and the number of high
temperature days in southern China increases significantly after the end of the rainy
season [38,39]. The western Pacific subtropical high (WPSH) is an important factor in
the monsoon system in terms of generating high temperatures in southeastern China [40].
There is significant interannual variability in the extent, intensity, and location of the WPSH,
and its positional configuration with the westerly jet and South Asian high (SAH) affects the
region where high temperatures occur. For example, the high frequency of high temperature
days in the Yangtze River basin in 2013 was closely related to the northwestward position
of the WPSH and the strong and northeastward position of the SAH [40].

Nanjing is regarded as one of China’s “Four Furnaces”, which refers to its especially
hot and oppressively humid summer weather within China. The long plum-rain season, a
subtropical Asian wet season in the late spring and early summer which causes extreme
and consistently high humidity levels, contributes significantly to its hottest temperatures
in summer. Nanjing has a resident population of 9.42 million. It is not only one of the
fastest growing metropolises in China in recent decades, but also a typical subtropical,
inland city [41,42]. However, to date, there have been few previous studies on climate
trend changes in Nanjing [43–45], leaving a knowledge gap regarding synoptic-scale
changes and their potential drivers. Overall, there are two questions about climate change
trends in Nanjing that have not yet been fully answered: (a) What is the contribution of
urbanization to long-term climate change trends of cold and warm events? (b) What is the
synoptic circulation situation for extreme cold and warm events? Therefore, taking Nanjing
as an example, this study focuses on the long-term daily maximum/mean/minimum
temperature trends and extreme cold and warm event trends during 1960–2021, and
investigates the role of SWPs and urbanization in the changes of these trends based on
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surface observations and reanalysis data in an integrated manner. The results of this study
are expected to provide a scientific reference for climate prediction and urban planning from
the perspective of synoptic weather patterns and urbanization in high-density megacities.

2. Data and Methods

2.1. Study Area and Observational Data

Nanjing, located in the middle and lower reaches of the Yangtze River Delta plain, is a
metropolis that combines technological modernity with natural beauty. It is located in the
East Asian monsoon region, which belongs to the subtropical monsoon climate and is an
area sensitive to climate change and prone to meteorological disasters [42]. With global
warming in recent years, climate extremes have occurred, but studies on long-term climate
change characteristics in Nanjing are incomplete [43,45].

The daily maximum, daily average, and minimum temperatures of the Nanjing
National Climate Observatory from 1960 to 2021 were selected for analysis. The ob-
served data were obtained from the China Meteorological Data Service Center (CMDC:
http://data.cma.cn/en (accessed on 22 December 2022)). In general, the quality of the raw
data is strictly controlled by the CMDC, and additionally the raw data were homogenized
using the method proposed by Xu et al. [46]. Furthermore, the hourly geopotential height
(GH) and zonal/meridional wind vector were obtained from the Fifth Major Global Re-
analysis of the European Centre for Medium-Range Weather Forecasts for further analysis
of synoptic weather types (spatial and temporal resolution of 0.25◦) [47,48].

2.2. Research Methods
2.2.1. Division of Station Types

Firstly, following previous studies [24,27], a circular buffer zone with a radius of
2 km was constructed around each station. Most of the stations were 2–3 km away from
areas of city or county town when they were initially built, and 2 km was chosen because
this scale can represent well the local effects of urban expansion, as suggested by many
climate studies [13,49,50]. The proportion of the built-up area was calculated based on the
corresponding land cover within the buffer zone [24,41]. A station was classified as urban
type if it had a built-up area fraction ≥ 25% [27]. The Nanjing station met the criteria for an
urban station (although there was a station relocation in 2007), and the Pukou station was
identified as a rural reference station; the specific locations are shown in Figure 1.

2.2.2. Definition of Extreme Events and Urbanization Correlation

Based on previous studies [51,52], a weather process in which the daily maximum
temperature exceeded 35 ◦C for three or more consecutive days was defined as a heat
wave (HW) day; and a daily minimum temperature below −5 ◦C was defined as a low
temperature (LT) day in this study. The more traditional percentile threshold method was
used for warm days (nights) and cold days (nights) [26,53]. Specifically, the maximum
(minimum) temperature information of the station during the study period was arranged in
ascending order, and the 95th (5th) percentile value was taken as the threshold value. When
the maximum temperature of a day was above (below) the threshold, it was considered a
warm (cold) day event; when the minimum temperature of a day was above (below) the
threshold, it was considered a warm (cold) night event.

The urbanization effect (Ue) was defined as the difference in observational temperature
trends (◦C/decade) between urban and rural stations [24,27], i.e., Ue = Tdu − Tdr, in which
Tdu and Tdr are the linear trends (◦C/decade) for the observed temperatures of the urban
and rural stations, respectively.

Following previous studies [24,27], the contribution of urbanization (Uc), the recog-
nized relative impact of urbanization on temperature change, was calculated from Ue and
Tdu (i.e., Uc = (Ue / Tdu) × 100%). In this study, simple linear regression was used to calcu-
late the linear trend and the Student’s t-test was used to assess the statistical significance of
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the trend [54]. Correlation coefficients were used to assess the relationship between relative
extreme indices and extreme heat waves (low temperatures).

Figure 1. The study area and the locations of the two national meteorological stations in Nanjing,
China (map based on the publicly available land use map provided on the website of the Nanjing
Municipal Bureau of Land and Resources).

2.2.3. Classification of SWPs

T-mode principal component analysis (T-PCA) is an improved mathematical method
for the classification of SWPs [47,55], which can reproduce the preset dominant SWPs
without relying on the preset parameters and has the temporal and spatial stability of
advanced classification [48,56]. It decomposes the original data matrix into the product
of the principal component matrix and the load matrix (two low-dimensional matrices),
then rotates the first r (r ≤ n) principal components with larger variance contributions
obliquely, and finally obtains each time the size of the weather pattern and classification
according to the loading [51]. In this study, the T-PCA analysis module of the COST733
software (http://cost733.met.no/ (accessed on 5 July 2022)), developed by the European
Cooperation for Scientific and Technological Research, was used to classify the number of
days of HW or LT occurrence during the study period based on the 850-hPa GH field. To
assess the performance of synoptic classification and determine the number of classes, the
explained cluster variance method was selected in this study [33,57,58].

3. Results

3.1. Long-Term Trends of Maximum/Average/Minimum Temperatures

Figure 2 shows the evolution of the maximum/average/minimum temperatures at
the urban station and the rural reference station in Nanjing from 1960 to 2021. It can
be seen that the maximum/average/minimum temperatures show an increasing trend
during the study period, and most of these indicators are statistically significant. The
maximum temperature is the most direct indicator of the heat condition. The annual
maximum temperatures at the urban and rural stations show an increasing trend over the
last 62 years. The rate of change was greater at the rural station than at the urban station,
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at 0.31 ◦C/decade and 0.17 ◦C/decade, respectively. Although the increase at the urban
station does not pass the 0.05 significance test, the greatest increase in warming was in the
spring in both cases (Figure S1). The warming trend of the average temperatures at the
urban station was significantly greater than that at the rural station (0.25 ◦C/decade), at
approximately 0.34 ◦C/decade. The warming rate at both station types was greatest in the
spring, followed by winter, and the average temperature warming in summer was slower,
or even does not increase, compared to other seasons. It is noteworthy that the warming
of minimum temperatures at both the urban and rural stations was highly significant,
with rates of change of 0.67 ◦C/decade and 0.53 ◦C/decade, respectively. The warming
of minimum temperatures was greatest in autumn and winter, and the rate of change at
the urban station was significantly greater than that at the rural station. In summary, the
increase in minimum temperatures at the urban and rural sites was much greater than
for the maximum and average temperatures, indicating that the warming in Nanjing was
mainly reflected in the increase in minimum temperatures, in addition to the gradual
warming of Nanjing in autumn and winter.

Figure 2. Time series for maximum/mean/minimum temperatures in urban areas and rural areas
during 1960–2021. The red and blue dashed lines in the left-hand panel and the columns in the
right-hand panel indicate their corresponding linear trends. Error bars in the right-hand panels
indicate the 95% confidence interval.

3.2. Urbanization Effects

From the above analysis, it can be seen that the trends of maximum/average/minimum
temperatures at the urban and rural stations were basically the same, with an increasing
trend. In addition, the urban station had a more significant upward trend than the rural
station in terms of mean and minimum temperatures. In order to better understand the
influence of urbanization on the temperature trends in Nanjing, the impact of urbaniza-
tion on maximum/mean/minimum temperatures and its contribution were analyzed
(Table 1). On the annual scale, the effect of urbanization on maximum temperatures was
not significant. On the seasonal scale, urbanization passed the 0.05 significance test only in
spring, contributing 25% to the warming of the maximum temperatures. On the annual
scale, the impact of urbanization on the average temperatures was more significant, with a
contribution of 26.5%. On the seasonal scale, except for summer, when the contribution of
urbanization to the average temperatures did not pass the significance test, for all other
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seasons it was positive, with autumn being the highest, followed by winter and spring, at
39.2%, 19%, and 17.8%, respectively. On the annual scale, the effect of urbanization on the
minimum temperatures was significant, with a contribution rate of 20.9%. On the seasonal
scale, the highest value for the urbanization contribution to minimum temperatures was
in autumn, followed by summer and winter, and the lowest value was in spring, with
contributions of 30.1%, 28.9%, 20.9%, and 18.8%, respectively, all of which passed the 0.05
significance test. Overall, the effect of urbanization was basically positive, contributing the
most to the average temperatures, and second-most to the minimum temperatures, with
an insignificant contribution to the maximum temperatures. Urbanization contributed the
most to the maximum temperatures in spring, the most to average temperatures in autumn,
and the most to minimum temperatures in summer and winter.

Table 1. Interannual and intraseasonal trends in urban and rural maximum/mean/minimum
temperatures, along with the contribution of urbanization (statistical significance level at the 0.05 is
denoted by *, and a tilde (~) indicates that the effect of urbanization failed the 0.05 significance test
and no calculation of the urbanization contribution was performed).

Time

Urban
Max/Mean/Min

Temperature Trends
(◦C/Decade)

Rural
Max/Mean/Min

Temperature Trends
(◦C/Decade)

Urbanization
Contribution

Rate (%)

Interannual variation 0.17/0.34 */0.67 * 0.31 */0.25 */0.53 * ~/26.5/20.9
Spring 0.32 */0.45 */0.32 * 0.24 */0.37 */0.26 * 25/17.8/18.8

Summer 0.17/0.11/0.38 * 0.3 */0.02/0.27 * ~/~/28.9
Autumn −0.03/0.33 */0.73 * 0.14/0.2 */0.51 * ~/39.4/30.1
Winter 0.12/0.42 */0.67 * 0.11/0.34 */0.53 * ~/19/20.9

3.3. SWPs Corresponding to Extreme Warm and Cold Events
3.3.1. Changes in HW Events and SWPs

Figure 3 shows the 62-year time series for HW days at the urban and rural stations
in Nanjing. It can be seen that, before the mid-1980s, the number of HW days shows a
significant decreasing trend and the rate of change is slightly higher in urban than rural
areas, at −2.4 d/decade and −2.2 d/decade, respectively. However, after the mid-1980s, a
significant increasing trend can be seen and the rate of change is slightly higher at the rural
than at the urban station, at 0.19 d/decade and 0.16 d/decade, respectively. This is similar
to previous reports of extreme maximum temperatures showing a significant warming
trend after the 1990s [53,59].

To further elucidate the synoptic weather background during the occurrence of HW
days in Nanjing, four favorable weather patterns were identified (Figure 4): (1) Type 1,
in which the center of the WPSH is located to the southeast of Nanjing, and Nanjing is
under its control, with strong cyclone appearing to the north of Nanjing and prevailing
southwesterly winds (Figure 4a); (2) Type 2, which is controlled by the WPSH, with the
center of anticyclone located to the east of Nanjing, resulting in prevailing southwesterly
winds over Nanjing (Figure 4b); (3) Type 3, which comprises two types of weaker anticy-
clones appearing in the southeast and northwest of Nanjing, with Nanjing mainly under
the control of the southeast anticyclone and a strong cyclone system in the northeast of
Nanjing, resulting in very weak southeasterly winds prevailing in Nanjing with almost zero
wind speed (Figure 4c); and (4) Type 4, which features a strong WPSH located northeast of
Nanjing, controlling the entire area of Nanjing, and weak cyclone located south of Nanjing,
leading to prevailing southeasterly winds (Figure 4d). The variability of the prevailing
atmospheric circulation system may be directly responsible for significant increases in
temperature [43]. Overall, the occurrence of HW days in Nanjing is mainly related to the
WPSH (with southerly winds prevailing), and the synoptic weather types favoring the
occurrence of HW events follow the order Type 1 (35.15%) > Type 2 (21.87%) > Type 4
(4.84%) > Type 3 (4.21 %).
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Figure 3. Changes and trends of urban heat wave (HW) days (orange) and rural HW days (blue)
from 1960 to 2021.

Figure 4. The 850-hHPa geopotential height (contours) and zonal/meridional wind (vector) patterns
associated with the occurrence of HW events over 62 years at 1400 LST (local standard time) based on
objective classification (the red outline indicates Nanjing and the number in the upper-right corner of
each panel indicates the frequency of occurrence for each pattern).
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In order to explore the regulation of HW days by different SWPs, we investigated the
variation in the frequency of HW days under the four different synoptic weather types
mentioned above (Figure 5). The patterns of variation in HW days under the four weather
types were basically similar. However, the decreasing trend of Type 1 and Type 2 was closer
to the trend of change in HW days before the mid-1980s (Figure 3); while the increasing
trend of Type 3 and Type 4 was more significant after the mid-1980s, which is closely
consistent with the trend of change in HW days in that period.

Figure 5. Changes in heat wave (HW) day frequency corresponding to each of the four synoptic
weather types.

In conclusion, the frequency of extreme HW days declined up until the mid-1980s,
which was closely related to the decline in the Type 1 and Type 2 SWPs, and urbanization
had no significant effect. However, there was a significant upward trend in HW days after
the mid-1980s and this was related to an increase in the Type 3 and Type 4 SWPs, and
urbanization again had no significant effect.

3.3.2. Changes in LT Events and SWPs

Figure 6 shows the 62-year time series for LT days at the urban and rural stations
in Nanjing. The trend in extreme LT days was a continuously decreasing one, and the
decreasing trend at the urban station was faster than that at the rural station, at 1.8 d/decade
and 1.3 d/decade, respectively. This confirms the above conclusion that the warming of
the Nanjing area was precisely reflected by the decrease in LT days.

To further elucidate the synoptic weather background for the occurrence of LT days in
Nanjing, four favorable weather patterns were identified (Figure 7): (1) Type 1, in which
the Mongolian anticyclone center is located in the northwestern part of Nanjing and the
northeastern part of Nanjing is controlled by a strong northeastern cold cyclone system with
a northwesterly jet over Nanjing under the convergence of anticyclone and cyclone systems,
and prevailing northwesterly winds (Figure 7a); (2) Type 2, in which a anticyclone center is
located in the southwest of Nanjing with mainly northwesterly winds (Figure 7b); (3) Type
3, with a weaker anticyclone center located in the south of Nanjing leading to prevailing
westerly winds over Nanjing (Figure 7c); (4) Type 4, with an anticyclone center located in
the west of Nanjing and a weak cyclone system in the northeast near Nanjing, also with a
northwesterly jet leading to strong northwesterly winds over Nanjing (Figure 7d). Overall,
the occurrence of LT days in Nanjing is mainly due to the control of cold anticyclone
(prevailing northerly winds), and the weather types favoring the occurrence of LT days
follow the order Type 2 (21.25%) > Type 1 (19.84%) > Type 3 (11.25%) > Type 4 (10.00%).
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Figure 6. Changes and trends in urban low temperature (LT) days (orange) and rural LT days (blue)
from 1960 to 2021.

 

Figure 7. The 850-hHPa geopotential height (contours) and zonal/meridional wind (vector) patterns
associated with the occurrence of LT events over 62 years at 0200 LST (local standard time) based on
objective classification (the red outline indicates Nanjing and the number in the upper-right corner of
each panel indicates the frequency of occurrence for each pattern).
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To explore the regulation of LT days by different SWPs, we investigated the variation
in the frequency of LT days under the four different synoptic weather types mentioned
above (Figure 8). The patterns of variation in LT days under the four SWPs were basically
similar. Notably, the decreasing trend in Type 2 was closer to the trend in LT days.

Figure 8. Changes in the frequency of low temperature (LT) days corresponding to each of the four
synoptic weather types.

In conclusion, the frequency of extreme LT days decreased during the study period, a
trend that was closest to that of the Type 2 SWP. Also, it is noteworthy that urbanization
had a significant impact on it, with a contribution of 27.85%.

3.4. Changes in Relative Extreme Temperature Indices

The relative extremes of the maximum temperatures include the number of warm
days and the number of cold days. Figure 9a shows the trend of warm days in urban and
rural areas with an increase of 0.45 d/decade and 1.45 d/decade, respectively (Table S1).
The rate of increase in warm days in urban areas was significantly lower than that in
rural areas, but did not pass the 0.05 significance test, while the increasing trend in rural
areas passed. This increasing trend occurred mainly after the mid-1980s, which is closely
consistent with the trend in extreme HW days (Figure 3). Figure 9b shows the trend in the
frequency of cold days in urban and rural areas. The decreasing rate of cold days in urban
areas was 1.32 d/decade. The reduction rate of 1.15d/decade in rural areas was lower than
the reduction rate in urban areas and did not pass the 0.05 significance test (Table S1). The
relative extremes of the minimum temperatures include changes in the number of warm
nights and cold nights. Figure 9c shows the trend in the number of warm nights in urban
and rural areas, from which it can be seen that the number of warm nights was increasing,
with increases of 1.74 d/decade and 1.82 d/decade, respectively (Table S1), both passing
the 0.05 significance test. Similarly, there was no significant trend in warm nights before
the mid-1980s, while a trend of increasing warm nights was clear after that. The significant
increase in the frequency of warm nights in Nanjing after the mid-1980s may be related to
its rapid economic development and industrialization after China’s “reform and opening
up” period. Figure 9d shows that the number of cold nights in urban and rural areas
had a clear decreasing trend, with a decrease rate of 3.18 d/decade and 2.48 d/decade,
respectively, both passing the 0.05 significance test (Table S1). This is closely consistent
with the variation in extreme LT days (Figure 6).
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Figure 9. Changes in relative extreme temperature indices in urban/rural areas in Nanjing during
1960–2021: (a) warm days; (b) cold days; (c) warm nights; (d) cold nights.

4. Discussion

Previous studies have shown that extreme events have a tendency to spread more
intensely, frequently, and destructively in urban areas [7,8,10]. In recent years, studies
on extreme events and their associated drivers in China have received increasing atten-
tion [11,12,22]. Especially in the context of global warming and still accelerating human
activities, the impact of urbanization on regional trends of mean, maximum, and minimum
temperatures has been widely analyzed [14,26]. Although the trends vary in different
regions, the vast majority of studies show that there is a clear asymmetry in the changes of
maximum and minimum temperatures, with the rising trend of minimum temperatures
being more pronounced than that of maximum temperatures [24,53,54]. This is generally
consistent with the results of our study. However, the difference is that in our study ur-
banization contributed the most to the average temperature, and the second most to the
minimum temperature, with warming contributions of 26.5% and 20.9%, respectively, while
the contribution to the maximum temperature did not pass the significance test. Similarly,
the contribution of urbanization to extreme high temperature did not pass the significance
test, but the contribution to extreme low temperature reached 27.9%.

From a seasonal perspective, urbanization made the greatest contribution to the maxi-
mum temperature in spring, to the average temperature in autumn, and to the minimum
temperature in summer and winter. This differs from previous studies [24,54], which may
be due to climate differences caused by regional differences in urbanization or differences
in station selection and classification. In addition, compared to previous studies [40,46,53],
we further explored the contribution of large-scale circulation in urban climate extremes.
The occurrence of extreme heat waves in Nanjing is mainly related to WPSH (prevailing
southerly winds), and the occurrence of extreme low temperatures is mainly due to the con-
trol of cold anticyclones (prevailing northerly winds), and different types of weather types
contribute differently (specific results are presented above and will not be repeated here).

Relative extreme temperature indices have changed significantly in many regions of
the world over the past half-century [24,26,60,61]. These changes are closely related to the

75



Land 2023, 12, 162

changes in extreme HW and LT events, as both relative extreme temperature indices depend
on daily maximum and minimum temperature records. In the case of the urban station, the
two indices of warm days and HW days were strongly positively correlated (correlation
coefficient r = 0.91) (Table 2). After removing the linear trend, the correlation was still
strong (r = 0.90, >99% confidence level), indicating that the annual variability of warm
days was closely related to the variability of HW days. Cold days and LT days showed a
strong positive correlation (r = 0.89). After removing the linear trend, the correlation was
still strong (r = 0.84, >99% confidence level), indicating that the annual variability of cold
days was closely related to that of LT days. Similarly, warm nights and cold nights were
closely correlated with HW and LT days, respectively.

Table 2. Correlation and significance testing between relative extreme indexes and HW (LT).

Urban Rural

warm day–HW r = 0.91, p < 0.01 r = 0.86, p < 0.01
cold night–LT r = 0.89, p < 0.01 r = 0.88, p < 0.01

warm night–HW r = 0.75, p < 0.01 r = 0.79, p < 0.01
cold day–LT r = 0.61, p < 0.01 r = 0.60, p < 0.01

Global warming means not only an increase in global temperature but also a change in
the climate system, the most direct impact of which leads to extreme events such as HWs,
LTs, floods, and droughts. The health risks associated with extreme weather threaten the
fate and health of all mankind [2,3,13,51]. For instance, in summer of 2022, the average
temperature in mid-eastern China was the highest since 1961 and the average precipitation
was the second lowest controlled by an anomalous high pressure system, with 15.1% of
national weather stations recording daily maximum temperatures that were equal to or
exceeded recorded historical extremes, together causing problems for electricity supply,
drought conditions, cases of heat stroke, and even deaths [62,63]. The impact of ambient
temperature on residential mortality was systematically assessed at the national level in a
study covering 272 major cities in China and collecting data on 1,826,000 non-accidental
deaths [64]. From the perspective of interannual variation in synoptic patterns, therefore,
understanding long-term changes in extreme cold and warm events is important for the
detection and attribution of climate change and human health adaptation in cities, especially
for a densely populated city.

5. Conclusions

This study investigated the long-term maximum/mean/minimum temperature trends
and extreme cold and warm event trends from 1960–2021 in Nanjing, China, as well as the
role of SWPs and urbanization in the changes in these trends, based on surface observations
and reanalysis data. The following conclusions were obtained.

Over the past 62 years, the maximum/mean/minimum temperatures in Nanjing
showed a significant upward trend (0.17, 0.34, and 0.67 ◦C/decade for the urban station;
0.31, 0.25, and 0.53 ◦C/decade for the rural station), with the minimum temperature warm-
ing rates being the most significant. In spring, the greatest warming rate of 0.45 ◦C/decade
was observed for the mean temperature. In summer, autumn, and winter, the warming rate
of the minimum temperatures was the largest, reaching 0.38 ◦C/decade, 0.73 ◦C/decade,
and 0.67 ◦C/decade, respectively. This indicates that the warming in Nanjing was more
obvious in the minimum temperatures, and the Nanjing area was gradually warming in
autumn and winter.

The extreme high temperatures showed a decreasing trend until the mid-1980s,
closely related to the decrease in the two SWPs with prevailing southwesterly winds
(Types 1 and 2). Then, a significant increasing trend was observed, mainly related to the
increase in SWPs with prevailing southeasterly winds (Types 3 and 4). The number of
warm days was strongly positively correlated with extreme high temperatures during the
study period, and about 91% of the warm day interannual variation can be explained by
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extreme high temperature variation. The frequency of extreme LT days showed a signifi-
cant decreasing trend. The number of cold nights was strongly and positively correlated
with extreme LTs, and about 85% of the cold night interannual variation can be explained
by extreme LT variation. The relative extreme indexes of warm days and warm nights
generally showed an upward trend, while cold days and cold nights showed a downward
trend. Note that the trends in warm days and warm nights remained closely consistent
with that of HW days, and, likewise, the trends in cold days and cold nights were also
highly consistent with that of LT days.

In general, our findings provide a useful scientific reference for climate prediction,
urban planning, and human development from the perspective of synoptic weather patterns
and urbanization in large, high-density cities.
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Abstract: The Meiyu season is a typical rainy season in East Asia that is controlled by summer mon-
soon. Despite extensive research on its impact, it is unclear how urbanization modifies precipitation
during the Meiyu season in the background of the monsoon influence. To address this gap, this study
investigated the effects of urbanization and monsoon on the modification of precipitation during
the Meiyu season (PDM) in the megacity of Shanghai, China. Through homogenization analysis of
the original observational data, we assessed the temporal and spatial variation in PDM in Shanghai
during two stages of urbanization. Our findings revealed that both total precipitation and extreme
daily precipitation during the Meiyu season in Shanghai have significantly increased since 1961. The
spatial heterogeneity of PDM has also enhanced during the rapid urban process that has occurred
since 1986. The long-term trend of increasing precipitation in Shanghai showed a synchronous varia-
tion with the East Asian subtropical summer monsoon (EASM) in 1961–2021. Over the interannual
time scale, the significant positive correlation between PDM and EASM during the slow urbanization
period (Stage 1: 1961–1985) changed to a non-significant correlation during the rapid urbanization
period (Stage 2: 1986–2021), which was associated with the enhanced convective precipitation in
Shanghai during the Meiyu season. Urbanization induced more convective precipitation and further
weakened the association between PDM and EASM over the central city and nearby areas during
Stage 2. The rapid urbanization process also resulted in increased differences in near-surface wind
between urban and non-urban areas, which facilitated more PDM over the central city due to the
urban friction effect and wind shear in Stage 2. Furthermore, our analysis suggests that the increase
in precipitation may be associated with the enhanced coupling of cold air intrusion with the warmer
climate background due to the urban heat effect occurring in Stage 2. These findings contribute to a
better understanding of how urbanization and monsoons affect PDM in East Asian megacities and
serve as a unique reference for climate prediction in this region.

Keywords: urbanization; Meiyu; monsoon; homogenized series; long-term change; interannual variation

1. Introduction

Meiyu is a major rainy season controlled by East Asian summer monsoon [1–3]. It
usually refers to the persistent precipitation in June–July in the Yangtze River–Huaihe
River Basin in China, South and Central Japan, and South Korea [4]. It is also called Baiu in
Japan and Changma in South Korea [5,6]. Different from South Asian summer monsoon
precipitation, the East Asian Meiyu is a product of the interaction between warm summer
monsoon from low latitudes and cold air intrusions from middle to high latitudes [1,3,7–10].
Besides the natural variabilities associated with both the external forcing, including El
Niño–Southern Oscillation (ENSO [11,12]), Atlantic Multidecadal Oscillation (AMO [13]),
Pacific Decadal Oscillation (PDO [14]), and internal processes like Madden-Julian oscillation
(MJO [3,15,16]) as well as North Atlantic Oscillation (NAO [17]), the precipitation during
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East Asian Meiyu season (hereafter referring to June–July) is also impacted by global
warming, urbanization, and aerosol effects [4].

With the expansion of urbanization across the globe, urban-rainfall modification has
been reported in several studies [18–25]. Even though it is well known that urbanization
can affect precipitation, studies varied based on the climate regime and the geographical
locations of different cities [20,26,27]. In North China, the rapid urban expansion in Beijing
was statistically correlated with summer rainfall reduction in the northeastern areas of
the city since 1981 [20]. However, it had a positive effect on the changes in precipitation
in autumn [28]. Obvious rain island effects can also be found in both the frequency of
catastrophic storms above 100 mm [29] and the intensity of low-temperature rain and
snow events in Beijing [30]. For eastern China, a larger precipitation frequency over urban
areas took place in Nanjing and a significant enhancement of precipitation occurred in the
downwind region of the city in the afternoon [31]. The spatial distribution of the storm
frequency in Shanghai and its changing trend presented significant attributes of urban rain-
island during its rapid urbanization process [21]. The heavy rainfall days also increased
due to urbanization in Guangzhou [32]. The increase in precipitation mainly occurred
downwind of the city belt in short-term rainstorm processes in the Yangtze River Delta [33].
Recent studies [24,27] have proved the consistency in spatial distributions of short-duration
heavy precipitation with the heat island centers in megacities (Beijing, Shanghai) or city
clusters [4,34–36]. However, the urban-rainfall modifications in different weather systems
are not clear.

Some studies provided evidences that heavy rainfall over monsoon regions is a sig-
nature of urban-induced rainfall anomalies. For the Indian monsoon region, urban areas
experienced fewer occurrences of light rainfall and significant higher occurrences of in-
tense precipitation compared with nonurban regions during the monsoon season [37].
The rainfall islands parallel to the urban heat islands were also likely seen as coupled
monsoon-urban induced effects under the weakened synoptic regime evidenced through
monsoon low-level jet over Delhi, India [38]. In East Asian monsoon region, Meiyu is the
major rainy season influenced by large-scale monsoon systems. However, the urban effect
on rainfall during the Meiyu season is not clear and its related studies are rare. Using
climate models, Ma and Zhang [39] studied the impact of urban expansion on large-scale
precipitation by taking Meiyu as an example and showed decreased (increased) Meiyu
precipitation over the Yangtze River (Huaihe River) basin. Quan et al. [40] suggested that
precipitation increased significantly to the south of the Yangtze River due to large-scale
urbanization-induced circulation changes. The results of model simulations are rather
divergent and large uncertainty exists in assessing the urbanization effects due to differ-
ences in the choice of models. Shanghai is located in the lower reach of the Yangtze River
Basin of China and is characterized by a distinct subtropic monsoon climate with Meiyu
seasons. Shanghai is one of the largest megacities in China and has been experiencing rapid
urbanization. It is interesting to evaluate the urbanization-monsoon modification in the
PDM by taking the megacity Shanghai as a typical example.

In the present study, we examine the combined modifications of urbanization and
monsoon in the change of PDM in Shanghai in 1961–2021. The study focuses on the
following three topics: (a) the long-term changes in PDM associated with urbanization;
(b) the monsoon influences associated with the long-term change of the PDM and (c) the
urbanization effects on the changes in PDM during the two urbanization processes. Various
observational and reanalysis products, as well as methods, are described in Section 2. The
urbanization process in Shanghai and the homogenization test of PDM are presented in
Section 3, and the impacts of monsoon and urbanization on variations in PDM are discussed
in Sections 4 and 5, respectively. A summary and discussion are given in Section 6.
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2. Materials and Methods

2.1. Data

Daily precipitation records were collected at Xujiahui (XJH) station from 1874 to 2021
and quality-controlled by Shanghai Meteorological Information Center (SMIC), Shang-
hai Meteorological Bureau. Daily observations, including precipitation, 2 m surface air
temperature (SAT), and 10 m wind in 1961–2021, and the observational hourly precip-
itation in 1981–2021 were adopted from SMIC to investigate the spatial distribution of
meteorological factors in Shanghai. The locations of the 11 basic stations in Shanghai
are shown in Figure 1a. Related metadata of the observation history in Shanghai since
1874 and the Meiyu precipitation data in the Middle and Lower Reaches of the Yangtze
River from 1885 to 2000 [41] were applied to check the homogeneity of the PDM series
in Shanghai. The urbanization factors, including annual population density and paved
road area in Shanghai from 1961 to 2021, were acquired from Shanghai Bureau of Statistics
(https://tjj.sh.gov.cn/tjnj/index.html, accessed on 10 November 2022) to investigate the
urbanization process.

Figure 1. Locations of observational stations ((a), different colors denote the urbanized years) and
evolution of the urbanization factors including population density (blue line) and paving road area
(red line) (b) in Shanghai in 1961–2021.

Monthly atmospheric and precipitation reanalysis data from 1961 to 2021, with a
2.5◦ × 2.5◦ horizontal resolution, were downloaded from the National Center for Environ-
mental Prediction (NCEP)/National Center for Atmospheric Research (NCAR) Reanaly-
sis (NCEP/NCAR) [42] (https://psl.noaa.gov/data/gridded/data.ncep.reanalysis.html,
accessed on 15 December 2022). NCEP reanalysis is not sensitive to urbanization or land-use
effects [43] because surface observations over land are not used in the reanalysis [44]. There-
fore, the precipitation and its associated atmospheric reanalysis from the NCEP/NCAR
were adopted to investigate the impact of urbanization on Meiyu precipitation by compar-
ing it with the surface observations.
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2.2. Methods

Homogenization tests of precipitation datasets may be more reliable than the originals
for urbanization impact analysis [45]. In the homogenization analysis of the PDM series, the
extended version of Penalized Maximal F-test (PMF [46]), i.e., the “PMFred” algorithm [47]
in the RHtestV5 software package was adopted to detect the possible change points without
a reference series. Since Meiyu is a phenomenon influenced by the large-scale monsoon
circulation, the Meiyu data in the Middle and Lower Reaches of the Yangtze River [41] was
adopted as a reference series to check the homogeneity of Meiyu precipitation in Shanghai
using the Penalized Maximal T-test (PMT) [48] in the RHtestV5 software package. All
homogeneity tests in this study were analyzed at the 0.05 significance level.

Both impervious land cover [49,50] and population density were used to identify
urban stations in order to decrease the uncertainty due to a single criterion. Following
Liang and Ding [24] and Ma et al. [51], the urban stations were defined as having population
densities above 3000 km−2 and an impervious fraction ≥0.5 in their surroundings, with a
circular area of 10 km2 (i.e., a radius of 1.785 km).

East Asian Subtropical Summer Monsoon Index (ESMI) was computed to investigate
the impact of the summer monsoon on PDM. It was calculated as the anomaly of the
difference in meridional moisture transport between South China and North China [52].
Positive (negative) ESMI corresponds to a strong (weak) subtropical summer monsoon.
The ESMI had a significantly positive correlation with the summer rainfall over the middle
and lower reaches of the Yangtze River, especially during the Meiyu season. According
to Liang et al. [3], the correlation coefficient between the ESMI and PDM over the middle
and lower reaches of the Yangtze River was 0.62 above the 0.01 significance level in the last
40 years (1979–2018).

Ensemble Empirical Mode Decomposition (EEMD [53]) was adopted to obtain the
components of PDM over different time scales. EEMD is adaptive and derives optimal
frequencies for decomposing data from the data itself, which provides a natural filter to
separate components of different timescales [54]. The specific steps can be referred to
Liang et al. [55].

Spatially normalized precipitation was used to investigate the spatial differences in
the precipitation in Shanghai. It is calculated as follows [21]:

psn,i = (pi − pa)/σs, (1)

where i denotes the number of the observational station; pi and psn,i are the original and the
spatially normalized precipitation respectively; pa and σs represent the spatial average and
the standard deviation of precipitation at multi-stations respectively.

3. Urbanization Process in Shanghai and Precipitation Homogenization Test

3.1. Urbanization History in Shanghai

As a coastal megacity in the estuary of the Yangtze River Delta, Shanghai has experi-
enced rapid urbanization since the 1980s. Figure 1a shows the start years when the different
observational stations in Shanghai were identified to be urbanized based on population
densities ≥ 3000 km−2 and impervious fractions ≥ 0.5. This suggests that urbanization
has gradually expanded from the central city (XJH station) to the near suburbs since 1986.
There were six urban stations and five nonurban stations in Shanghai in 2021. Pudong
(PD) station was the second station urbanized in 2000, followed by Minhang (MH) and
Baoshan (BS) in 2008, and Jiading (JD) and Songjiang (SJ) in 2010 and 2021, respectively.
Therefore, the urbanization period in Shanghai since 1961 may be divided into the slow
urbanization period (1961–1985, hereafter referred to as Stage 1) and the rapid urbanization
period (1986–2021, hereafter referred to as Stage 2).

Urbanization is accompanied by increased population density, areas of built roads,
etc. As can be seen in Figure 1b, both the population density and the area of paved road in
Shanghai has increased steeply since the middle 1980s. The population density and the area
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of paved roads have been accelerated at 14.9 × 102/km2/year and 89.4 × 106 m2/year,
respectively in Stage 2 (1986–2021), in sharp contrast to the slow urbanization period
(Stage 1, i.e., 1961–1985).

3.2. Homogenization Test of Precipitation Series

The PMF test, without a reference series, was used to test homogenization in the
PDM series at XJH since the records began in 1874. As shown in Figure 2a, no change
point was identified in the precipitation series at XJH during the Meiyu season. Since
Meiyu over the middle and lower reaches of the Yangtze River is a large-scale phenomenon
influenced by the Asian monsoon system, Meiyu precipitation over the middle and lower
reaches of the Yangtze River was also used as a reference series of Meiyu precipitation at
XJH. No change point of the Meiyu precipitation series at XJH was identified based on
the PMT test by using the reference series (Figure 2b). Therefore, it can be inferred that
the precipitation series at XJH during the Meiyu season may be homogeneous based on a
century scale. In addition to XJH, similar results were obtained from homogenization tests
carried out on the observational precipitation series data collected at the other 10 stations
since 1961. By taking the average precipitation series of the 11 stations in Shanghai as an
example, no change point was identified based on the PMF test (Figure 2c). Therefore, the
original precipitation observations in Shanghai during the Meiyu season can be viewed
as homogeneous.

Figure 2. Homogenization test of precipitation series: (a) anomalies of normal transformed PDM at
XJH in 1874–2021 (Red line denotes the regression fit using the PMF test); (b) anomalies of normal
transformed Meiyu precipitation series at XJH in 1885–2001 with reference series of Meiyu precipita-
tion over the Yangtze River (Red line denotes the regression fit using the PMT test); (c) anomalies of
normal transformed average PDM of 11 stations in Shanghai during the 1961–2021 period (Red line
denotes the regression fit using the PMF test).
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4. Long-Term Changes in PDM Associated with Urbanization

Figure 3 shows the variation in total precipitation and extreme daily precipitation at
XJH during the Meiyu seasons in 1874–2021. The annual extreme daily precipitation is
defined as the average of the 5% heaviest daily records during the Meiyu season in every
year. It can be clearly seen that both total precipitation and extreme daily precipitation
exhibited significant (above 0.01 significance level) increasing trends from 1961, while
no distinct trends were observed in 1874–1960. The trends of increase in both the total
precipitation and extreme daily precipitation at XJH since 1961 are consistent with the trend
of increased warming at XJH [55], which is associated with the increase in water vapor
based on the Clausius-Clapeyron Equation [56].

Figure 3. Variation in the total precipitation (a) and extreme daily precipitation (b) at XJH during the
Meiyu seasons of 1874–2021 (Dashed lines are the corresponding linear trends).

In order to investigate the spatial differences in the Meiyu rainfall in Shanghai,
Figure 4a,b shows the average PDM during the two urbanization stages in Shanghai.
Compared with Stage 1 (the slow urban process, Figure 4a), the increase in PDM varies
from 71 mm to 111.8 mm in Shanghai during the rapid urban process (Stage 2, Figure 4b).
Meanwhile, the spatial distribution of the PDM transformed from the south-north mode
in Stage 1 to the distinct urban island mode in Stage 2. The spatial standard deviation of
PDM exhibited a trend of significant (above 0.01 significance level) increase accompanying
the increase in PDM in Shanghai (Figure 4c). On average, the spatial standard deviation
increased by about 52% in Stage 2 compared with Stage 1. In other words, spatial hetero-
geneity in PDM increased with the strengthening of PDM during the rapid urban process,
with more PDM concentrated in the central urban city.

Further analysis found that the increase in strong convection events (i.e., hourly
precipitation greater than 20 mm) contributed to the PDM during Stage 2. As shown in
Figure 5a,b, two strong convection events per year usually occurred in Stage 2, with an
increase of 50% compared with that in Stage 1. For the spatial distribution (Figure 5c,d),
the large value regions of both the frequency and the normalized precipitation of strong
convection events transferred from the southeast part of Shanghai in Stage 1 to the central
city including XJH and PD stations in Stage 2. In other words, the strong convections during
the Meiyu season also exhibited distinct characteristics of urban rain island distribution
during the rapid urbanization process.
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Figure 4. Spatial distribution of the average PDM in Shanghai during Stages 1/2 (a,b); i.e., the
slow/fast urban process) and the spatial standard deviation of the PDM in Shanghai in 1961–2021
((c), yellow and green curves denote the PDM; yellow/green lines represent linear trends).

Figure 5. Spatial distribution of the frequency (a,b) and the spatially normalized precipitation (c,d) of
strong convection events (hourly precipitation greater than 20 mm) in Shanghai during the Meiyu
season during the slow/fast (a–d) urban processes.
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5. Influence of Monsoon on PDM during Two Different Urbanization Processes

Meiyu over the Yangtze River, including in Shanghai, is strongly influenced by the
East Asian subtropical summer monsoon (EASM). What is the impact of the EASM on
the PDM in accompanying the development of urbanization in Shanghai? EEMD was
adopted to isolate variabilities in the PDM and EASM index (EASMI) at different timescales
during the Meiyu seasons in 1961–2021. The long-term trend and interannual components
are shown in Figure 6a,b respectively. It can be clearly seen that the long-term trend
component of the PDM has a variation that is synchronous with that of the EASM, with
their correlation coefficient as high as 0.91 (Figure 6a). Note that the trend of EEMD is
nonlinear [53]. The trend of decreasing (increasing) PDM in Shanghai occurred before
(after) the mid-1980s, and the amplitude of the trend varied over different periods. The
case is similar to the variation in the trend of the EASM. The PDM in Shanghai showed
stable increasing trend with the increase of EASM in 1961–2021. It reflects the regional
influence of the EASM on PDM at the long-term scale. For the interannual variability, a
distinct change took place in the relationship between the PDM in Shanghai and EASM.
As shown in Figure 6b, the significant positive correlation (correlation coefficient 0.59
above 0.01 significance level) between the PDM and EASM during Stage 1 changed to
a nonsignificant correlation (correlation coefficient 0.24) during Stage 2. This suggests
that the relationship between EASM and PDM at the interannual time scale distinctively
weakened during the rapid urbanization process.

 
Figure 6. The long-term trend (a) and the interannual (b) components of the regional average PDM
in Shanghai (blue curves) together with their corresponding EASMI components (orange curves) in
1961–2021 based on EEMD analysis.

The interannual component of the reanalyzed precipitation in Shanghai was also
adopted to investigate the relationship between two kinds of precipitation (large-scale
precipitation and convective precipitation) in PMD with EASM. As shown in Table 1, in
Stage 1, both total precipitation during the Meiyu season and its large-scale precipitation
component had a significant positive correlation with EASM, while the convective pre-
cipitation was not correlated with EASM. The contrary was true in Stage 2, i.e., both total
precipitation and the large-scale precipitation component had no significant correlation
with EASM. However, the convective precipitation component had a significant relation-
ship with EASM in Stage 2. In other words, in the background of rapid urbanization, the
PMD associated with EASM exhibited more convective properties. It may be associated
with enhanced atmospheric instability and moisture transportation over Shanghai [24].
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The conversion of the precipitation property from large-scale to convective may contribute
to the weakening of the relationship between PDM and EASM at the interannual scale.

Table 1. Correlation coefficients between interannual components of precipitation reanalysis
and East Asian summer monsoon index during Meiyu season (bold numbers denote above 0.05
significance level).

Precipitation Component Stage 1 (1961–1985) Stage 2 (1986–2021)

Total precipitation 0.38 0.07
Large-scale precipitation 0.49 −0.08
Convective precipitation 0.07 0.32

The spatial distributions of the correlation coefficients between the PDM and EASM
during the two stages of urbanization are shown in Figure 7. During Stage 1, with no
urban stations, the correlations between PDM and EASM were significant at all stations
in Shanghai. However, the significant correlation area was restricted to the northern
part (JD, BS, and CM stations) and the southern part (FX station) of Shanghai in Stage 2.
The relationship between the PDM and EASM over the central city and nearby suburbs
(XJH, PD, MH, and SJ stations) distinctively weakened during Stage 2. This suggests that
urbanization effects further weakened the association between PDM and EASM, in addition
to the above-mentioned influence of regional convective rainfall at the inter-annual scale.

 
Figure 7. Spatial distribution of the correlation coefficients between the PDM and EASM during the
slow (a) and rapid (b) urbanization process.

6. Effects of Urbanization on PDM in Two Different Urbanization Processes

The urban heat island is a well-known urbanization effect. How does the urban
heat effect impact PDM? Figure 8 shows the average 2 m surface air temperature (SAT)
during the Meiyu season, and its correlation coefficients with the PDM in Shanghai during
the rapid urbanization process (Stage 2). Similar to Stage 1 (figure omitted), the PDM is
negatively correlated with the SAT during the Meiyu season when the Meiyu usually occurs
under the persistent interaction of cold air intrusion and warm air transported by the Asian
monsoon. Meanwhile, the coupling of SAT and PDM was strengthened in Stage 2, with an
average correlation coefficient of −0.48 between them. The coupling of temperature and
PDM further increased over the urban area. As shown in Figure 8, the negative correlations
were most significant in the central urban areas (XJH). For the spatial difference in Shanghai,
the negative coupling between SAT and PDM was significantly correlated with the average
SAT in Shanghai, with a correlation coefficient of −0.67 above the 0.01 significance level).
In other words, over the stations with warmer climate backgrounds impacted by the urban
heat effect, more PDM occurred when cold air intrusion interacted with the monsoon. This
may be associated with more initial water vapor stored in the warmer environment.

88



Land 2023, 12, 1216

Figure 8. The average SAT during the Meiyu season (red curve) and its correlation coefficients (green
curve) with PDM at the 11 observational stations (marked on the x-axis) in Stage 2 (The number on
the upper right corner denotes the correlation coefficient between the two series).

Urban friction effect also exerts an impact on precipitation during the Meiyu season.
Figure 9a,b shows the spatial distribution of the 10 m wind speed in Shanghai during the
Meiyu season in Stage 1 and 2 respectively. It can be clearly seen that the wind speeds
were generally decreased in Shanghai during the Meiyu season under the background of
fast urbanization compared with Stage 1. Thereinto, the wind speeds were decreased by
1.3 m/s (accounting for 40% of that in Stage 1) at XJH and PD stations over the central
city in Stage 2. The amplitude of the weakening of the wind speed was the smallest at the
nonurban JS station over the southern suburb of Shanghai. Meanwhile, the urban weak
wind phenomenon was obvious over the central city and nearby area in Stage 2, while the
relatively weak wind was mainly located over the downwind direction of Shanghai in Stage
1. The urban weak wind distribution was consistent with the urban rainfall island phenom-
ena in both the total PDM (Figure 4b) and its strong convection components (Figure 5b,d).
Further analysis shows that the correlation coefficient of the spatial normalized PDM and
the wind speed during the Meiyu season in Shanghai was −0.55 and −0.62 in Stage 1 and
Stage 2, respectively. This means that the smaller near-surface wind speed, the more PDM
in both Stages 1 and 2. Additionally, the rapid urbanization in Stage 2 can contribute to the
increased PDM due to the urban friction effect and its related convergence condition.

Figure 9. Spatial distribution of the average 10m wind speed in Shanghai during the slow (a) and
rapid (b) urbanization processes.

Figure 10 further shows the wind-rose diagrams of the typical urban (XJH) and
nonurban (JS) stations during the two stages. There was little change in the near-surface
wind at JS station (nonurban station) during the Meiyu seasons from Stage 1 to Stage 2
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(Figure 10b). However, there was an obvious change observed at XJH station with the
change from the unurbanized process to the urbanized process. As can be seen in Figure 10a,
more quiet wind occurred, and less prevalent wind took place during the urbanized process.
By combing Figures 9 and 10, the enhanced difference in both wind speed and direction
between the urban station and the outskirt nonurban areas was favorable for the wind
shear and its associated rainfall over the central city of Shanghai during the Meiyu season
in the rapid urbanization stage.

 

Figure 10. Wind-rose diagram at XJH (a) and JS (b) stations during Stages 1 (blue curve) and 2
(orange curve). C1 and C2 denote the frequencies of quiet wind during Stages 1 and 2.

7. Discussion and Summary

Based on the homogenization test of precipitation in Shanghai, we evaluated the
combined impact of urbanization and monsoon on precipitation in Shanghai during the
Meiyu season (PDM) by analyzing two different urbanization processes in 1961–2021.

Using the homogenization tests, we confirmed the observational PDM series at the
XJH station (over a century) and 10 other stations (since 1961) to be homogeneous. For the
long-term change, both total precipitation and extreme daily precipitation during the Meiyu
season have significantly increased in Shanghai since 1961. During the rapid urbanization
process since 1986, the spatial heterogeneity of PDM has increased with the strengthening
of PDM. More PDM is concentrated in the central urban city. Additionally, the strong
convection occurring during the Meiyu season has also exhibited an urban rain island
distribution throughout the rapid urbanization process.

The long-term increasing trend of PDM shows synchronization with that of the EASM
in 1961–2021, demonstrating the influence of EASM on PDM at a regional scale. However,
at the interannual time scale, the significant positive correlation between PDM and EASM
has changed to a nonsignificant correlation from the slow urbanization process (Stage 1) to
the rapid urbanization process (Stage 2). More convective precipitation may contribute to
the weakening of the relationship at the interannual time scale.

In the background of rapid urbanization, the urbanization effect may further weaken
the association between PDM and EASM over the central city and nearby areas in Shanghai
by inducing more convective precipitation. Furthermore, impacted by the urban heat effect
in Stage 2, more PDM over the central city and nearby areas in Shanghai is associated
with the enhanced coupling of cold air intrusion with the warmer climate background. In
addition, the rapid urbanization enhanced the difference in the near-surface wind between
the urban station and the outskirt nonurban areas, which facilitated more PDM over the
central city of Shanghai by way of increasing wind shear.

As pointed out by Liang et al. [55], a notable inhomogeneous change point in SAT
at XJH station occurred in 1954 due to the change of observation schedule in 1954. The
observations of precipitation at XJH changed from four times at 1, 7, 13, and 19 o’clock
(Beijing time, also hereinafte) per day in 1954–1960 to 2, 8, 14, and 20 o’clock per day
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after 1960. The homogenization of the daily precipitation record may be influenced by the
change of the observation schedule. Due to lack of observations of hourly rainfall before
1980, two random resampling based on the hourly precipitation observed since 1981 were
calculated according to the above two different daily observation schedules. It was found
that the extreme daily precipitation may be influenced by the observation schedules. By
using the observations at 1, 7, 13, and 19 o’clock per day, the extreme daily precipitation
defined by the 99.5% percentile during the Meiyu season may be generally underestimated
by about 0.8 mm. Considering the small amplitude in the extreme daily precipitation
deviation caused by the change of the observation schedule, the long-term change of the
extreme daily precipitation in this paper is reasonable.

Besides the thermal and dynamic impact of urbanization on the PDM described in
this study, the aerosol effects associated with urbanization may also exert influences on
the change in PDM. Jung et al. [57] pointed out that aerosols exerted significant indirect
effects in mid-and low-level clouds, resulting in an increase in the cloud particle radius and
enhanced precipitation intensity during the Meiyu period in the Yangtze-Huaihe Basin. It
is necessary to further study the mechanism of the abnormal activities of Meiyu from the
perspective of multi-factor interactions at the multi-scale, including atmospheric chemistry,
urbanization, monsoons, and global warming.
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Abstract: Increasing of evidence suggests that rapid urbanization modifies precipitation and increases
atmospheric instability in urban areas mainly due to urban heat island (UHI)-induced thermal
effects and urban building-induced dynamic effects. However, few studies focus on the impact of
urbanization on the diurnal variations in urban rainfall in terms of initiating time, frequency, amount,
and intensity. Here, six years of hourly data from a relatively dense meteorological observation
network in the Wuhan area in central China are used to quantify the issue of urbanization-induced
diurnal variations in hourly rainfall and short-duration rainfall (SDR) events by comparing urban
and surrounding rural stations during the summer dry period (13 July to 4 August), corresponding to
hot weather with little rainfall and high evaporation. The results indicate that: (i) A higher frequency
of hourly rainfall appears during night-time and afternoon over urban areas as compared to rural
areas. The urban rainfall is more concentrated during the night-time; (ii) More and stronger urban
SDR events are triggered during the night-time over urban areas, especially in terms of amount and
intensity of rainfall events. A greater diurnal urban–rural difference in SDR events is detected than
that in hourly mean rainfall; (iii) There is an enhancement in the night-time and afternoon urban SDR
events when UHI intensity increases before they are initiated, and this is detectable in the frequency,
amount, and intensity of SDR events. It is also found that the UHI-induced thermal effects are the
main reason for the stronger nocturnal SDR events in Wuhan during the summer dry period, which
is caused by increases in the convection current and water vapor flux convergence in the urban areas.

Keywords: urbanization; short-duration rainfall; diurnal variation; China; urban heat island intensity

1. Introduction

Early in the 1920s, Horton [1] observed some thunderstorms generated from cities
in the northeast United States. Subsequently, a major North American field program, the
Metropolitan Meteorological Experiment (METROMEX) [2,3], and high-density weather
station networks and historical climate data series in a couple of major cities [4–7], pro-
vided more observational evidence that urban areas can significantly change precipitation
due to human activities [4,8–10]. A recent review of 48 papers concerning the impact
of urbanization on precipitation by Liu and Niyogi [11] indicated that the impacts of
urbanization-induced rainfall modification are mostly seen in urban areas and places down-
wind of them, with an ~18% increase in the mean precipitation over the downwind areas
and ~16% increase over the urban centers.

Several mechanisms have been proposed to explain urbanization-induced modifica-
tions using both observational and modeling approaches. These mechanisms include: (i)
atmospheric destabilization and convection enhancement caused by Urban Heat Island
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(UHI)-induced thermal perturbation over urban areas [5,12,13]; (ii) barrier effects caused
by increased mechanical turbulence associated with increased surface roughness in the
urban environment and thermal effects from urban canyons [14–16]; (iii) anthropogenic
aerosols changing the microphysical processes in urban clouds [17–19], which may be
crucial in urbanization-induced rainfall once the convection is triggered [19]. One or more
mechanisms may dominate the urbanization-induced impacts over various cities with
different geographical features [11].

The spatial characteristics of urbanization-induced rainfall are a research hotspot.
Destabilization of the urban boundary layer and resulting downstream translation of the
UHI circulation by synoptic flow [20] may be the reason for increased rainfall downwind of
urban areas. A combination of low wind and high UHI can enhance convergence into the
city leading to higher rainfall totals over urban areas [21]. Liu and Niyogi [11] indicated
that modeling studies suggested an increase in rainfall over urban areas, while case studies
showed a preference for increasing rainfall downwind of urban areas. Furthermore, several
studies reveal that short-duration rainfall (SDR) is significantly more impacted by UHI
than the normal rainfall during the summer in China [6,22,23]. For instance, Liang and
Ding [22] found the occurrence frequency and intensity of hourly heavy precipitation show
a phenomenon of “urban rain-island” in Shanghai, China. Wu et al. [23] also found that an
urbanization-related positive trend is more related to SDR than to rainfall with a longer
duration in the Pearl River Delta region of south China.

The diurnal variation of rainfall is essentially governed by the interaction of thermo-
dynamic forcing, cloud microphysics, and local circulation [24,25]. Oki and Musiake [25]
showed that evening convective rainfall is caused by thermodynamic forcing in inland
areas, while morning low-level convergence is due to the interactions of local land-sea
breezes and predominant monsoon winds in the coastal regions of Japan and Malaysia.
Zhang and Zhai [26] revealed that surface solar radiative heating results in the maximum
frequencies of extreme rainfall in the afternoon and/or early evening over most of China.
Huff and Vogel [27] indicated that the evening maximum rainfall downwind of urban areas
is associated with the interaction between UHI and atmospheric processes, which enhances
the regional nocturnal thunderstorm anomalies. Recently, more studies have focused on
the impacts of urbanization on the diurnal variation of rainfall using high spatial and
temporal resolution rainfall data. Case studies showed that both mean and extreme rainfall
have increased during the late afternoon and/or early night-time over and downwind of
urban areas [28]. For example, the diurnal variation in rainfall intensity shows a significant
urban-rural difference during the late afternoon and early night-time in the downtown
areas of Shanghai, China, as a result of urbanization, local circulation associated with solar
heating, and sea breezes [22].

The nocturnal Urban Heat Island Intensity (UHII) peak might be an important factor
that causes the convergence of night-time propagating storms over inland cities such as
Minneapolis, MN, Washington, DC [13], and Atlanta, GA [12]. It may also play a role in
the increased frequency of storms over cities, such as Chicago, IL, New Orleans, LA, and
Los Angeles, CA [4]. The combined influence of topography and urban thermal processes
is the main cause of most mesoscale torrential rains that mostly occur in the evening or
early morning in China [29]. Further, Ganeshan and Murtugudde [30] used a modeling
approach over Minneapolis, MN, and determined that frictional convergence due to rough
urban surfaces, aided by the nocturnal UHI, appears to enhance local convergence and
attract propagating storms towards the urban center. On the other hand, the UHI produces
a low-pressure anomaly causing local convergence during calm atmospheric conditionsand
even the development of new convection [12,31].

After changing the surface parameters to typical urban surface values in a mesoscale
model, Guo et al. [14] showed that convective cells were produced earlier over urban
areas as a result of increased sensible heat flux. Additionally, Zhong and Yang [32] de-
termined that the thermal effects of UHI could slow cold front movement and thereby
delay the occurrence of peak rainfall over urban areas. However, all studies focused on the
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urbanization-induced diurnal variation of rainfall variations based on hourly rain rates.
The initiating time of rainfall is crucial in urban rainfall forecasts, especially for extreme
rainfall events since such extreme weather directly increases risks in social, economic,
and human systems. Exploring the effects of urbanization on rainfall initiating time can
help improve rainfall forecasts, and it is also important for investigating more detailed
characteristics of urbanization-induced rainfall events.

The summer dry period, corresponding to hot weather with little rainfall and high
evaporation [33,34], usually occurs from mid-July to mid-August. It is one of the most
relevant disasters characterized by rising temperature and more extreme precipitation [35].
It not only affects agricultural production and food security, but also threatens the economy
and environment. In addition, rainfall frequency during the summer dry period is mainly
dominated by SDR in the Wuhan area. The SDR events during this period have great
implications for regional agricultural production, water resources, and urban operation
and management. Thus, the causes and prediction of the summer dry period have received
much attention. However, less attention has been paid to the influence of urbanization-
induced diurnal variations in SDR events during the summer dry period.

By comparing the difference between urban and rural rainfall variables during the
summer dry period in Wuhan, especially focusing on the SDR events, the possible influ-
ences of urbanization on diurnal variations in rainfall and SDR are explored. The remainder
of this paper is arranged into five parts. The materials and methodologies used are in-
troduced in Section 2. Section 3 presents the diurnal difference between urban and rural
rainfall and SDR, and the possible impacts of UHI-induced thermal effects. Concluding
remarks and discussions are presented in Section 4.

2. Materials and Methodologies

2.1. Data

The dataset of hourly rainfall and SAT over the Wuhan region was obtained from the
National Meteorological Information Center (NMIC) of the China Meteorological Adminis-
tration (CMA). These data have been extensively used to investigate the characteristics of
sub-daily precipitation in China [23,36,37]. A total of 123 stations with hourly rain gauge
records and hourly SAT data are established in the Wuhan area, and such relatively high
density is beneficial for a more accurate comparison between urban and rural stations.
The double tipping-bucket telemetering rain gauge is widely used in automatic weather
stations in China. The rain gauges carry out hour-by-hour rainfall observations in the
study area [38–40]. The study mainly focuses on the summer dry period from 2012 to 2018.
However, 2015 was excluded due to missing values exceeding 50%.

Daily precipitation for the middle and lower regions of the Yangtze River, hourly
wind vector field, specific humidity, and geopotential height for Jianghan Plain form ERA5
reanalysis data, provided by the European Centre for Medium-Range Weather Forecasts
(ECMWF), are used in this study. The spatial resolution for these data is 0.25◦ × 0.25◦. Daily
precipitation data are available from 1980 to 2010. The 925 hPa wind is presented as the
prevailing wind, and the prevailing wind in Wuhan during the summer dry period is from
the southwest (Figure 1c). The 925 hPa divergence, wind vector, and specific humidity were
used to calculate the water vapor flux divergence at low level. The area with a geometric
height of less than 120 m is classified as Jianghan Plain, and it is not shown in the Figures.

The night-time light images were obtained from the Defense Meteorological Satellite
Program/Operational Linescan System (DMSP/OLS) for the period 2000–2013, which
needs to be adjusted to set thresholds in the city map in different cities with inconsistent
urban development processes. It was pointed out that the area with the highest consistency
was found in the Wuhan region when the selection threshold was set at 53% [41]. Thus, in
this paper, the night-time light area greater than or equal to 53% over the Wuhan area is
taken to be the Wuhan urban areas. At this value, the interference of transient light sources
can be eliminated, and the integrity of the central part can be ensured. In addition, the
land cover/land use (LULC) dataset was obtained from the Resources and Environmental
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Sciences Data Center, Chinese Academy of Sciences, at 1 km resolution. Six land-use types
were classified in the LULC data, including cultivated land; forestry land; grassland; water
area; urban, rural and residential land; and unused land.

Figure 1. Topography of Hubei Province (a) and night-time light of Jianghan Plain (b). The solid
black line delineates the Wuhan area. Land use and distribution of stations in the Wuhan region (c).
The unit of the terrain is m, and the black line indicates the location of Wuhan in (a); the solid grey
line in (b) is the 100 m elevation contour line, and the thin black solid line in (c) delineates the Wuhan
urban areas based on night-time lighting. The dots in (c) represent 76 stations in Wuhan, with red
dots for urban stations, blue dots for rural stations, and black dots for the rest.

2.2. Study Area

Studies have shown that different cities with different backgrounds (including climate
regimes, terrain, and urbanization level, etc.) and urban expansion may have different
characteristics and dominant mechanisms [13,42–45]. As the capital of Hubei Province,
Wuhan has experienced the strongest ongoing and accelerated urbanization during the past
few decades in the Jianghan Plain, which is located in the center of China (Figure 1a). The
rapid urbanization can be seen from the changes in several indicators, such as night-time
light intensity (Figure 1b) and urban land use data (Figure 1c). The population density
shows an increase of 61% in 2015 compared to 1990, and the urban land use ratio has tripled
from 1980 to 2018. Additionally, a significant UHI has been found over the past few decades
using both annual and seasonal mean Surface Air Temperature (SAT) time series at the
Wuhan station from the basic national meteorological observation network of China [46,47].
Furthermore, the land surface temperature in urban areas has increased [48,49]. Wuhan is
not only one of many rapidly growing cities in central China but also a typical subtropical
inland megacity. Accompanied by this rapid urbanization, a relatively dense meteorological
observation network in and around the Wuhan areas was established to provide hourly
and synoptic observations for regular weather parameters. Hence, Wuhan could serve as
a great case-study site to examine the potential urbanization-induced impacts on rainfall
characteristics on the diurnal time scale.
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2.3. Methods
2.3.1. Definition of the Summer Dry Period

To define the summer dry period, the time series of daily precipitation is obtained by
smoothing five points from 1 June to 15 September (Figure 2), using the reanalysis data of
precipitation in the middle and lower reaches of the Yangtze River (27.5–32.5◦ N, 112–123◦ E)
during 1981–2010. The daily precipitation was analyzed with standardized anomalies.
The summer dry period begins with negative daily precipitation for 7 consecutive days
and ends with daily precipitation greater than zero for 1 day. Therefore, in this paper the
summer dry period is defined to run from 13 July to 4 August (Figure 2).

Figure 2. Standardized anomalies of daily mean precipitation in the middle and lower reaches of the
Yangtze River basin from 1 June to 15 September. The blue/pink areas are above/below 0.

2.3.2. Classification of Urban and Rural Stations

Although many quality tests have been applied by NIMC, further quality control
regarding missing values still needs to be performed. Therefore, 76 observational stations
are retained in the study area after excluding stations with more than 5% of hours of
missing data per year (Figure 1c).

As has been pointed out, the urban land use areas within the 4-km radius buffer
zone around the station have the highest correlation with the SAT trend [50]. The areal
percentage of urban land use in the buffering circle with a 4 km radius around the station
was used as an urbanization indicator. All stations were ranked in order of urban land-use
ratio, and the top 20 were selected as urban stations, among which the lowest urbanization
percentage was 25%. Therefore, an urban land-use ratio of 25% within the buffer zone is
taken as the standard to distinguish urban and rural stations.

In addition, the elevation range of urban stations is 12–44 m, with an average elevation
of 29.75 m. Considering the fact that the comparison of urban and rural stations will be
influenced by wind direction, elevation, and distance from the urban center, the conditions
for the selection of rural station samples were defined as follows: (i) the elevation fluctuation
range does not exceed the average elevation of urban stations by 20 m; (ii) the distance from
the city boundary is less than or equal to 20 km; (iii) stations should be evenly distributed
around the city. Finally, 20 urban and 20 rural stations were selected in this paper, and the
distribution is shown in Figure 1c.

2.3.3. Definition of Rainfall Variables

Different definitions and procedures of rainfall event separation can be found in
previous studies [51,52]. With specific constraints of rainfall characteristics, SDR can be
defined based on the obtained rainfall events. In this study, the SDR begins with hourly
rainfall exceeding 0.1 mm and ends with hourly rainfall falling to 0.1 mm, with a duration
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equal to or less than 6 h, following Yang [6]. The rainfall timing is defined as the rainfall
initiating time in terms of Local Time (LT). For each rainfall event, the rainfall amount
was defined as the sum of hourly rainfall, the rainfall duration was defined as the period
time from start to end, and the rainfall intensity was calculated as the ratio of rainfall
amount to rainfall duration. Frequency and average amount of hourly rainfall, frequency,
average amount, and intensity of SDR events, respectively, were also analyzed. The diurnal
variation in these variables of hourly rainfall and SDR were calculated using standardized
approaches.

2.3.4. Definition of the Urbanization Indicator

In this paper, the urban SDR events are classified under different UHI backgrounds
before they are initiated, i.e., SDR with strong UHI and SDR with weak UHI, respectively.

The urbanization indicator Urban Heat Island Intensity Anomaly (UHIIA) is defined
by Wu et al. [23]:

UHII = TU − TR (1)

UHII = ∑2018
2012 UHII/6 (2)

UHIIA = UHII − UHII (3)

For these equations, UHII represents the difference between hourly SAT over urban
areas (TU) and hourly SAT over rural areas (TR), and UHII is calculated by averaging UHII
at the same LT in 2012–2018. Therefore, UHIIA values greater/less than 0 are considered
positive/negative anomalies of UHII.

Five hourly UHIIA values prior to the timing of all rainfall events are first selected,
and then the events with a positive mean UHIIA within five hours prior to the rainfall
are defined as the events with strong UHI; the remaining events, that is, the events with a
negative mean UHIIA within five hours prior to the rainfall timing, are classified as events
with weak UHI.

To clarify, rainfall or SDR initiated during 0000–0600 LT, 0600–1200 LT, 1200–1800 LT and
1800–0000 LT is referred to as the night-time, morning, afternoon and early night rainfall,
respectively.

3. Results

3.1. Diurnal Urban-Rural Differences in Rainfall Variables

The diurnal variations in the frequency and average amount of hourly rainfall at the
urban and rural stations, respectively, are examined during the summer dry period over the
Wuhan area (Figure 3a–c). The diurnal variation in frequency exhibits a bimodal structure,
with the first peak during 0500–0800 LT, and the second one during 1300–1500 LT, but it is
more concentrated in the first peak. However, a trimodal structure is seen in the diurnal
variation in amount, with the peaks at 0400–0800 LT, 2000–2100 LT, and 1300–1400 LT,
respectively, and the amount is also more concentrated in the first two peaks.

Furthermore, Figure 3c,d shows the diurnal urban-rural differences in the frequency
and average amount of hourly rainfall. During 2200–0600 LT and 1400–1900 LT, a higher
frequency appears over Wuhan urban areas than rural areas; however, there is no obvious
diurnal urban-rural difference in the average amount.

Spatially, more hourly rainfall appears over and downwind of Wuhan urban areas, but
it is more concentrated over urban areas during the night-time (Figure 4a,b). Similarly, there
is also no obvious spatial difference in amount between urban and rural areas (Figure 4c,d).
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Figure 3. The diurnal variations in rainfall frequency (a,c), average amount (b,d) at the urban and
rural stations (a,b), and their difference between urban and rural stations (c,d). Red/blue bar indicates
the positive/negative difference, respectively.

Figure 4. Spatial distribution of rainfall frequency (a,b), average amount (c,d) anomaly in Wuhan area
(a,c) and night-time (0000–0600 LT) (b,d), respectively. The units of rainfall frequency and amount are
times and mm; the urban stations are shown as triangles, and the rural stations are shown as hollow
circles; the thick black solid line delineates the Wuhan area, and the thin black solid line delineates
the urban areas.
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3.2. Diurnal Urban-Rural Differences in SDR Variables

A total of 743 and 736 SDR events were collected at the 20 urban stations and 20 rural
stations, respectively, over the Wuhan area during the study period. The average amounts
and intensity of urban SDR events are 5.32 mm and 2.35 mm/h, and those of rural SDR
events are 5.80 mm and 2.62 mm/h, respectively.

The diurnal variations in frequency, amount, and intensity of SDR with different
initiating times at urban and rural stations are shown in Figure 5a–c. The diurnal variations
in the three variables of SDR events all reveal a bimodal structure, with the first peak
during 0500–0800 LT, the second peak during 1300–1500 LT, and the valley at 1700 or 1800
LT. However, the diurnal variation in frequency is more concentrated on the first peak
when compared to the amount and intensity (Figure 5a–c).

Figure 5. The diurnal variations in SDR frequency (a,d), average amount (b,e), and average intensity
(c,f) at urban and rural stations (a–c), and their differences between urban and rural stations (d–f).
Red/blue bar indicates the positive/negative difference, respectively.

To further understand the urban-rural difference of SDR variables at different initiating
times, their diurnal difference changes were calculated (Figure 5d–f). More and stronger
SDR events are triggered during the night-time over Wuhan urban areas, corresponding
to higher rainfall frequency, amount, and intensity. Except for the night-time, the urban
SDR events initiated from 1400 to 1600 LT also show greater variability. When compared
to the diurnal urban-rural difference in the hourly rainfall variables, a greater urban-rural
difference is seen in the SDR variables, with a greater amount and intensity during the
night-time (Figures 3a–d and 5d–f). Thus, the urban environment may lead to a greater
occurrence of the night-time SDR in the Wuhan area during the summer dry period.

The spatial distributions of frequency, amount, and intensity of SDR events are shown
in Figure 6, respectively. An obviously greater amount and intensity are exhibited over
and downwind of the urban areas, but it is also more concentrated in urban areas during
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the night-time (Figure 6c–f). However, there is no significant spatial urban-rural difference
in SDR frequency (Figure 6a,b). Therefore, a greater urban-rural difference appears in
the amount and intensity of SDR events over the Wuhan area during the study period,
especially compared with hourly rainfall.

Figure 6. Spatial distribution of SDR frequency (a,b), average amount (c,d), and average intensity (e,f)
anomaly in Wuhan area (a,c,e) and night-time (0000–0600 LT) (b,d,f). The units of rainfall frequency,
amount, and intensity are times, mm, and mm/h, respectively; the urban stations are shown as
triangles, and the rural stations are shown as circles; the thick black solid line delineates the Wuhan
area, and the thin black solid line delineates the urban areas.

3.3. UHI-Induced Impacts on SDR

The peak of diurnal variation appears at the night-time over the Wuhan urban area
(Figure 7). Therefore, the impacts of nocturnal UHI-induced thermal perturbation on
favorable conditions for rainfalls are examined.

Figure 7. Diurnal variation of the urban heat island intensity (UHII) anomaly in the Wuhan area. The
unit is ◦C. Red/blue bar indicates the positive/negative UHII, respectively.
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A total of 572 urban SDR events are collected at the urban stations during the study
period. They are classified further into 262 SDR events with strong UHI and 310 SDR with
weak UHI, based on the UHIIA within the six hours prior to the initiating rainfall time. The
average amount and intensity of SDR with strong UHI are 3.67 mm and 1.62 mm/h, and
those with weak UHI are 3.01 mm and 1.43 mm/h, respectively.

A bimodal structure is exhibited in the diurnal variations of SDR frequency with
different UHI backgrounds, in which the peaks of SDR with strong UHI appear at 0800 LT
and 1400 LT, while those with weak UHI appear at 0900 LT and 1500 LT, respectively
(Figure 8a). Nevertheless, a completely different diurnal change is exhibited under different
UHII background in the amount and intensity of SDR (Figure 8b,c). The amount and
intensity of SDR with strong UHI also exhibit two peaks, which are 0300 LT and 1300 LT.
However, a unimodal structure appears in the diurnal variation of the amount and intensity
of SDR with weak UHI, with the maximum at 0700 LT. In addition, the diurnal variation of
urban SDR events with strong UHI exhibit an earlier shift during the night-time than that
of events with weak UHI (Figure 8a–c).

Figure 8. Diurnal variations of frequency (a), amount, (b) and intensity (c) of SDR with strong UHI,
and weak UHI, and their difference between SDR with strong UHI and weak UHI (d–f). Red/blue
bar indicates the positive/negative difference, respectively.
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Figure 8d–f shows the different diurnal variations between SDR with strong UHI
and weak UHI. The SDR with strong UHI shows a greater amount and intensity during
0000–0400 LT and 1300–1700 LT, especially compared to frequency. Therefore, an obvious
greater enhancement in the SDR amount and intensity during the night-time and afternoon
is detected in Wuhan urban areas, with an increasing UHI before the SDR initiated.

The spatial distribution of the difference in variables between SDR with strong UHI
and weak UHI shows that nearly 90% of urban stations show a positive amount and
intensity, and 70% of them passed the test of statistical significance at the 90% confidence
level (Figure 9c,e). Under the southwest winds in the lower atmosphere, a significant
enhancement is observed in downwind portions of the urban areas, with an increasing UHI
before the SDR initiated. Especially during the night-time, 95% and 100% of urban stations
show positive SDR amount and intensity differences between strong UHI and weak UHI
events, respectively (Figure 9d,f). This positive difference is obviously greater at night-time
when compared to all events, and it is distributed throughout the urban areas.

Figure 9. Spatial distribution of different frequency (a), average amount (b) and average intensity (c)
between SDR with strong UHI, and weak UHI in the Wuhan area (a,c,e) and night-time (0000–0600 LT)
(b,d,f), respectively. The units of rainfall frequency, amount, and intensity are times, mm, and mm/h,
respectively; the solid circles/hollow circles indicate statistically significant/insignificant at 90%
confidence levels; the black solid line delineates the urban areas.

Furthermore, the spatial distributions of the mean SAT within 5 h prior to the initiating
time of urban SDR events with strong UHI, weak UHI, and their difference are shown in
Figure 10. A greater warm center of the SAT difference is observed over and downwind of
the urban areas between the SDR events with strong UHI and weak UHI. Moreover, the
warmer area generally corresponded to stronger SDR, when comparing the amount and
intensity of urban SDR events with strong UHI and weak UHI (Figures 9c,e and 10c).
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Figure 10. Spatial distribution of average SAT anomaly in five hours before the SDR with strong UHI
(a), SDR with weak UHI (b), and their difference between SDR with strong UHI and weak UHI (c).
The unit is ◦C.

The water vapor flux divergence at 925 hPa at 0200 LT in the Jianghan Plain shows
that a nocturnal convergence appears over the center of the Jianghan Plain (Figure 11a).
The nocturnal water vapor convergence might explain the aforementioned greater hourly
rainfall and SDR at night-time over Wuhan (Figures 3 and 5). However, the nocturnal
convergence appears over and downwind of Wuhan urban areas when the urban SDR
events are affected by strong UHI during the night-time (Figure 11b). This indicates that
the UHI-thermal effect concentrates the widespread nocturnal water vapor flux conver-
gence zone on the Wuhan urban areas, and enhances the urban-rural difference, which is
conducive to developing and maintaining urban rainfall events during night-time.

Figure 11. Spatial distribution of water vapor flux divergence and wind at 925 hPa in the Jianghan
Plain at 0200 LT when appears night-time urban SDR events (a), and when affected by a strong
urban heat island before the night-time urban SDR events initiated (b). The unit of water vapor flux
divergence and wind vector are g ×cm−2hPa−1s−1 and m s−1, respectively.

4. Discussion

The diurnal variations of SDR events also show a bimodal structure. The morning
peak may be caused by the interaction between the nocturnal boundary layer low-level jet,
aligned with the southwesterly synoptic-scale flow, which carries abundant moisture, and
the mechanical lifting by the windward side of the Dabie mountain area, which is located
downwind Wuhan [53]. The afternoon peak may be due to the surface heating [54].

There are some uncertainties in this work. First, only a specific period of a few years
is considered in this study, although many rainfall variables of summer rainfall events
during the entire study period have been analyzed. It is well known that rainfall events
vary with different large-scale circulation and/or mesoscale systems. Other processes may
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also play an important role in explaining the diurnal urban-rural differences in rainfall
events besides the UHI-induced thermal perturbation effect highlighted in this work. For
example, Ganeshan and Murtugudde [30] suggested that the urban frictional convergence,
when accompanied by a nocturnal UHI, can significantly modify the spatial position of a
storm during night-time. The combined influence of topography and the urban thermal
process can increase summer rainfall frequencies in the evening or early morning [29]. It
was mentioned by Fu [55] that the intensified rainfall zone of each city cluster is different
because of their unique geography and structure. Li [56] also found that terrain effects
play an important role in affecting rainfall frequency, amount, and intensity. Therefore,
UHI-induced thermal perturbation may not be the only and/or direct cause of the diurnal
urban-rural differences in rainfall events. The complex interactions between land surface,
planetary boundary layer, aerosols, atmospheric dynamics, and thermodynamic processes
under different environmental and atmospheric conditions may help to explain the detailed
differences in rainfall modification in various urban areas.

Second, the diurnal variations in rainfall events over neighboring non-urban areas
are taken as the reference group to quantify the urbanization impacts on urban areas for
this study. This urban-rural difference method assumes that both areas share the same
meteorological conditions. However, Wuhan is surrounded by mountains with complex
terrains, which will introduce some differences between urban and rural areas even without
the impacts of urbanization. To minimize these uncertainties and further our study, in
future work mesoscale models may be run to quantify the urbanization impacts on rainfall
events and explore detailed the physical processes involved.

Although there are a few questions which need to be addressed in the future, the key
conclusions drawn in the study are robust, and these are of importance to the planning and
management of the city. In particular, the bimodal structure characteristic of hourly rainfall
and the enhancement of the urban SDR at night-time and afternoon due to urbanization
effects could be considered in designing and managing the urban sewage infrastructure
so as to drain the urban floods in a more timely manner during the peaks of hourly
precipitation frequency and intensity.

5. Conclusions

This paper aims to understand the urbanization-induced variations in diurnal short-
duration rainfall events in Wuhan, an inland city in China, by using the hourly surface
observed precipitation data during the summer dry period in 2012–2018. The main findings
can be summarized as follows:

1. The diurnal variation in the frequency of hourly rainfall shows a bimodal structure
over the Wuhan area, with the peaks at night-time (2200–0600 Local Time) and af-
ternoon (1400–1900 Local Time), respectively. More urban rainfall is concentrated at
night-time and afternoon, which differs from the pattern of rural rainfall. Obviously
greater frequency is exhibited over and downwind of Wuhan urban areas but is more
concentrated on the urban areas during the night-time;

2. The diurnal variations of SDR events also reveal a bimodal structure over the Wuhan
area, with peaks in the early morning (0600–1200 Local Time) and afternoon. An en-
hancement in urban SDR events can be seen during the night-time when compared to
the rural events, especially in amount and intensity. More numerous and intense SDR
events occur over and downwind of urban areas but they are also more concentrated
on the urban areas during the night-time. A greater diurnal urban-rural difference in
SDR variables is detected than that in hourly rainfall during the dry summer over the
Wuhan area;

3. An obvious difference exists in the diurnal variations in urban SDR events when
affected by different urban heat islands before the event initiated. There is an enhance-
ment in the night-time and afternoon SDR events when urban heat islands increased,
and this is detectable in the frequency, amount, and intensity of SDR events. Over 95%
of urban stations show a significantly positive difference in SDR amount and intensity
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between strong UHI and weak UHI events, and they are distributed throughout the
urban area. The warmer area before urban SDR initiated corresponded to the area of
stronger SDR when comparing urban SDR events with strong UHI and weak UHI;
The nocturnal UHII peak enhances the positive urban-rural difference in water vapor
flux convergence, which is essential to the triggering, development, and maintenance
of SDR.
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Abstract: The impact of urbanization and the sensitivity of urban canopy parameters (UCPs) on a
typical summer rainfall event in Hangzhou, China, is investigated using three groups of ensemble
experiments. In this case, urbanization leads to higher temperatures, lower mixing ratios, lower wind
speeds before precipitation, and more precipitation in and around the urban area. Both the thermal
and dynamical effects of urbanization contribute to an increase in temperature and precipitation,
with thermal effects contributing 71.2% and 63.8% to the temperature and precipitation increase,
respectively, while the thermal and dynamical impacts cause the opposite changes to the mixing
ratio and wind speed. Compared to the other three meteorological elements, the model has the
largest uncertainty in the simulation of precipitation, which includes the sensitivity of the different
parameterization schemes to the simulation of precipitation in urban areas, and the uncertainty
brought by the urban effect on precipitation is not confined within the city but extends to the
surrounding areas as well. Temperature and mixing ratio are more sensitive to thermal-related
UCPs, while the wind speed is mainly affected by the structural parameters. These variations,
however, are sometimes contradictory to precipitation changes, which further adds to the complexity
of precipitation simulation.

Keywords: LULC; urban canopy parameter; local heavy precipitation; uncertainty

1. Introduction

Land cover and land use (LCLU) changes disrupt surface energy fluxes and thus
interfere with exchanges of heat, water, and aerosols between the land surface and the
atmosphere [1]. Of all the underlying surface types, large cities are experiencing the highest
intensity of LCLU changes, which leads to a series of climate and environmental issues,
such as urban heat islands (UHIs) [2–4], extreme rainfall [5,6], and air pollution [7,8]. With
rapid urbanization occurring since the late last century, many observational studies show
statistically significant increases in the frequency of short-duration extreme rainfall in major
megacities during the warm season [9,10]. In addition, most of the extreme rainfall events
take place under the influences of warm and wet airstreams with weak baroclinicity [11–13].

In the last few years, our understanding of the impact of urbanization has greatly
advanced thanks to Numerical Weather Prediction (NWP) models [14–16]. To consider
the effects of urban areas within NWP models, different parameterizations have been
developed, for example, the single-layer urban canopy model (SLUCM) [17,18] and build-
ing effect parameterization (BEP) [19], to take into account urban-scale processes within
mesoscale models, and they are currently implemented in the Weather Research and
Forecasting (WRF) model [20]. In general, urbanization can produce less soil moisture,
higher surface temperature, and lower average wind speed [16,21,22]. However, the urban
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modification of rainfall and its dominant physical mechanisms is more complex [23–25].
For example, the UHI magnitude will determine different impacts on precipitation en-
hancements spatially [26,27]. The strong UHI will increase atmospheric instability in the
boundary layer and help transport more water vapor into the upper atmosphere, resulting
in both an increased amount and frequency of extreme precipitation over cities [11,28,29].
In contrast, in the presence of strong winds or weak UHI, convective systems usually
bifurcate over cities due to the building barrier effect, resulting in reduced rainfall in both
urban centers and downwind areas [30,31]. More studies agree that the impact of urban
land cover on precipitation is not only determined by their influence on local convergence
but also modulated by large-scale weather systems [32]. For cases with a strong synoptic
forcing, the urban impact is relatively weak [33]. When the synoptic forcing is weak,
however, the urban impact on local convergence dominates [31]. Therefore, the feedback
mechanism of cities to rainfall is highly uncertain.

To correctly perform numerical simulations for assessing the role of cities, an adequate
representation of urban canopy parameters (UCPs) is required [34–36]. In fact, the urban
morphology determined by UCPs can greatly affect the thermal and dynamical fields in
urban areas [37]. For instance, the increased surface roughness due to the construction
of buildings plays a positive role in convective initiation/enhancement [38], evapotran-
spiration decreases by changing vegetated surfaces into impervious surfaces [39], and
the decreased surface albedo, increased building height, and increased anthropogenic
heat release are sensitive to surface temperature [40,41] and UHI intensity [42]. These
altered environmental factors can further influence when, where, where, and how intense
urban precipitation occurs [43]. Some studies further suggest that the relationship between
model performances and UCPs varied in different weather conditions and meteorological
elements. For example, the impacts of updating urban fraction and urban morphology
were obvious on wind speed but minor on temperature and humidity in both Beijing and
Guangzhou, China [44,45]. The LCLU changes due to urban expansion lead to a reduction
in precipitation in the Beijing–Tianjin–Hebei metropolitan region [46,47] but an increase
in the Yangtze River Delta [48,49] and the Guangdong–Hong Kong–Macao Greater Bay
Area [50,51]. However, these studies mainly focus on the impact of changes in either a
single UCP or the entire UCP dataset on the urban environment; a diagnostic analysis
of isolating the contributions of these UCPs on the thermal and dynamic fields has been
conducted fewer times.

To better explain why the modeling of precipitation in urban areas has large uncertain-
ties and how urbanization affects precipitation, three sets of sensitivity simulations, includ-
ing changes in parameterization schemes, LCLU, and UCPs, are carried out to study a typi-
cal summer heavy rainfall event over the city of Hangzhou, China. Hangzhou had an urban
(impervious) surface area of around 8289 km2 and a permanent population of 12.3 million
in 2022 (Zhejiang Statistical Bureau; http://tjj.zj.gov.cn/col/col1525563/index.html ac-
cessed on 20 July 2023). Wide roads and high-rise buildings are being constructed in
Hangzhou, which changes the physical properties of the underlying surface and has a great
impact on the urban environment [52]. Located in the Yangtze River Delta adjacent to the
coast, Hangzhou, like many other major cities on the east coast of China, is quite vulnerable
to local heavy precipitation that occurs abruptly. These factors make the city ideal for inves-
tigating the urban mechanisms responsible for local heavy rainfall modification. The paper
is organized as follows: The description of the synoptic background, model configuration,
and sensitivity experiments are given in Section 2. Section 3 evaluates the performance of
the model and discusses the impacts of urbanization and UCPs on this rainfall event. The
discussion and conclusion are presented in Section 4 and Section 5, respectively.

2. Materials and Methods

2.1. Synoptic Background

The selected summer rainfall case occurred between 13:00 and 18:00 Beijing Standard
Time (BST; +8 h Coordinated Universal Time) on 26 July 2018, with a maximum hourly
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rainfall amount exceeding 114.7 mm at Liancheng Station (30.367◦ N, 120.283◦ E) near
downtown Hangzhou. Before and during this event, Hangzhou was dominated by the
uniform West Pacific subtropical high-pressure system, with relatively weak winds and
less favorable moisture conditions (Figure 1). Moreover, high-temperature phenomena
(≥38 ◦C at 10:00 BST) were observed in Hangzhou before the precipitation. The UHI
intensity reached up to 0.77 ◦C during 10–13 BST, which is larger than the historical 10-year
average (2012–2021) UHI intensity (0.48 ◦C) of Hangzhou in the same period in summer.
This synoptic pattern is not conducive to forming regional rainfall but is favorable to
initiating local rainfall. Therefore, this case is suitable to study the impacts of urbanization
on local heavy precipitation and the prior environmental conditions.

Figure 1. The ERA5 reanalysis of geopotential height at 500 hPa (solid lines), wind speed (arrow),
and relative humidity (shading) at 850 hPa averaged from 09:00 to 18:00 on 26 July 2018. The black
dot indicates the location of Hangzhou.

2.2. Model Configuration

The model used in the current study is the WRF-ARW coupled with urban model
version 4.0.2 (http://www2.mmm.ucar.edu/wrf/users accessed on 1 May 2021), which is
widely used for mesoscale numerical simulation research around the world [53]. Figure 2a
shows the terrain of our study area and the location of Hangzhou. All the simulations
have two one-way nested domains centered at (31.0◦ N, 120.5◦ E), with a horizontal grid
spacing (grid numbers) of 4 km (353 × 403) and 1 km (457 × 413), respectively. The vertical
coordinate contains 51 full-sigma levels from the surface to 10 hPa. Approximately eight
of these levels are designed below 1 km to provide a fine vertical resolution within the
planetary boundary layer, and the lowest half-sigma level height is approximately 35 m
above ground. The black rectangle box (119.9–120.8◦ E, 29.8–30.7◦ N) in Figure 2b is referred
to as the control region in this study, as both the urban area and heavy precipitation are
concentrated in this region.
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Figure 2. The (a) simulated domain d01 with terrain (m) and (b) land use in domain d02. The black
rectangle box (119.9–120.8◦ E, 29.8–30.7◦ N) represents the control region of this heavy rain event.
The magenta solid line in (b) indicates the Hangzhou–Shaoxing mega-city with an urban fraction
≥0.2. The LR, HR, and CO in (b) represent the land use type of low-density residential, high-density
residential, and commercial, respectively.

The description of the model configuration is summarized in Table 1. Considering
that the ensemble simulation is a more effective way of assessing the urban impact on local
weather [54,55], 24 tests were designed using three microphysical schemes, two planetary
boundary layer parameterization schemes, two land surface schemes, and two urban
surface schemes, respectively. In addition, the RRTMG [56] is employed for both shortwave
and longwave radiation schemes in the simulation. No cumulus parameterization is used,
given that the model can resolve deep convective updrafts [53]. All the physical schemes
used are identical for both nests.

Table 1. Model configurations.

Model Settings D01 D02

Model and version WRF v4.0.2
Horizontal grid points 403 × 353 413 × 457

Δx (km) 4 1
Vertical layers 51

Cumulus physics None (0) *
Shortwave radiation RRTMG (4) [56]
Longwave radiation RRTMG (4) [56]

Microphysics Purdue Lin (2) [57], WSM6 (6) [58], WDM6 (16) [59]
PBL physics MYJ (2) [60,61], Boulac (8) [62]
Land surface Noah (2) [63], NoahMP (4) [64]

Urban physics SLUCM (1) [24], BEP (2) [19]
* The numbers in parentheses represent the option number for each physical parameterization scheme.

All the simulations were initialized at 02 BST on 26 July 2018, and integrated for
18 h. The hourly ERA5 reanalysis data [65] with a resolution of 0.25◦ × 0.25◦ were used to
provide the initial and lateral boundary conditions. No data assimilation or nudging were
performed to avoid the influence of other factors. Considering the rapid urban expansion
in and around Hangzhou, the default MODIS 20-category land use dataset [66] used in
our study was updated by a more inhomogeneous and detailed urban land cover and
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fraction dataset at 1 km × 1 km resolution [67]. Using this dataset has been proved to better
simulate the UHIs [52,67] and extreme rainfall [68] in Hangzhou. The updated land use
map is shown in Figure 2b, and the Hangzhou–Shaoxing mega-city with an urban fraction
≥0.2 is highlighted with a magenta solid line.

2.3. Numerical Experiment Design

Three groups of numerical experiments, i.e., GROUP I, II, and III, are designed in our
study (Table 2). In GROUP I, there are a total of 24 ensemble members with the same model
configurations, except for different combinations of physical parameterization schemes.
Every ensemble member is named by the option of the selected physical parameterization
schemes, e.g., the name of “m2p2s2u1” represents that Lin (2), MYJ (2), Noah (2), and
SLUCM (1) are selected for the microphysics, PBL physics, land surface, and urban physics
schemes of this ensemble member, respectively. The control ensemble forecast (ENCTL)
includes these 24 members running with the updated real land use data. Another ensemble
forecast (referred to as ENNoUB) is designed the same as the ENCTL. However, we replace
the urban land use with cropland in each member to investigate the impact of urbanization.

Table 2. Summary of the numerical experiments.

Group
WRF

Simulations
Physical Parameterization

Options
Notes

GROUP I
ENCTL

Microphysics (Lin(2), WSM6(6),
WDM6(16))

1. Choose one option from each physical group, and make up a member
named by the option numbers, e.g., m2p2s2u1 represents the Lin(2), MYJ(2),

Noah(2), and SLUCM(1) schemes used in this member.
2. 24 members are chosen for the numerical simulation, and the m16p8s4u2 is

chosen as the control run (CTL) because of its good performance.
3. The real terrain and land use data are used in the numerical simulation

(Figure 2).

Planetary Boundary layer
(MYJ(2), BouLac(8))

Land Surface (Noah (2),
NoahMP(4))

Urban Surface (SLUCM(1),
BEP(2))

ENNoUB Same as ENCTL Same as ENCT, replace the urban land use type with cropland.

GROUP II

CTL WDM6(16) + BouLac(8) +
Noahmp(4) + BEP(2) The control run in ENCTL, abbreviated as m16p8s4u2 run.

NOUB Same as CTL Same as CT but artificially remove both the thermal and dynamical effect of
urbanization.

NOTH Same as CTL Same as CT but artificially removes the thermal effect of urbanization.

NODY Same as CTL Same as CTL but artificially removes the dynamical effect of urbanization.

GROUP III

CTL WDM6(16) + BouLac(8) +
Noahmp(4) + BEP(2) The control run in ENCTL, abbreviated as m16p8s4u2 run.

SEN1/SEN2 Same as CTL Same as CTL but decreases/increases the building height by 50%.

SEN3/SEN4 Same as CTL Same as CTL but decreases/increases the roof width by 50%.

SEN5/SEN6 Same as CTL Same as CTL but decreases/increases the road width by 50%.

SEN7/SEN8 Same as CTL Same as CTL but decreases/increases the anthropogenic heat by 50%.

SEN9/SEN10 Same as CTL Same as CTL but decreases/increases the heat capacity by 50%.

SEN11/SEN12 Same as CTL Same as CTL but decreases/increases the thermal conductivity by 50%.

SEN13/SEN14 Same as CTL Same as CTL but decreases/increases the surface albedo by 50%.

SEN15/SEN16 Same as CTL Same as CTL but decreases/increases the roughness length by 50%.

In GROUP II, three sensitivity tests (referred to as NOTH, NODY, and NOUB) are
conducted and compared to the control simulation called CTL (the member of “m16p8s4u2”
in ENCTL) to investigate the thermal and dynamical effects of urbanization on this event.
The NOTH, NODY, and NOUB runs are designed the same as the CTL, but we artificially
removed the urban thermal and dynamical effects, respectively. The urban process, as a part
of the land surface process, influences the bottom boundary variables in WRF following
Equation (1).

Vgrid = Vveg × (1 − wurb) + Vurb × wurb (1)
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where Vgrid is the variable (e.g., surface temperature) from the surface to the lowest layer of
the grid; Vveg is the same variable from the land surface model for the natural vegetation
surfaces; Vurb is the same variable from the urban canopy model for the artificial surfaces;
and wurb is the fraction coverage of artificial surfaces. The urban thermal effect is removed
by setting wurb = 0 for the thermal-related variables, i.e., albedo, surface temperature
(TSK), sensible heat flux (HFX), latent heat flux (LH), and ground heat flux (GRDFLX). The
dynamical effect is removed by setting wurb = 0 for the dynamical-related variables, i.e.,
friction velocity (UST) and momentum.

In GROUP III, another 16 sensitivity tests (i.e., SEN1, SEN2, . . ., and SEN16) are
conducted. Each sensitivity test is the same as the CTL but with a decrease or increase in
one UCP (such as the building height) by 50%. The sensitivity results are compared with
the CTL to systematically explore the effects of UCPs on the convective initiation and the
prior urban environmental conditions.

The observed meteorological variables, including precipitation, 2 m temperature
(T2M), 2 m mixing ratio (Q2M), and 10 m wind speed (WS10M), are derived from the
minute-level surface observations maintained by the Zhejiang Meteorological Bureau,
China Meteorological Administration. The gauged variables are interpolated into the model
grid using the inverse distance-weighted method [69,70]. Thus, the gridded observation
data are used for a quantitative evaluation of the model performance. The evaluation of
the effect of urbanization on this precipitation event is divided into three components:
(1) on the atmospheric conditions (e.g., T2M, Q2M, and WS10M) prior to the rainfall
occurrence (from 10:00 to 13:00 BST on 26 July 2018); (2) on the accumulated precipitation
(from 13:00 to 18:00 BST on 26 July 2018); and (3) on convective initiation by changes in the
UCPs (from 13:00 to 14:00 BST on 26 July 2018).

3. Results

3.1. Evaluation of WRF Simulation

The accumulated precipitation from 13:00 to 18:00 BST on 26 July 2018 is simulated
using 24 ensemble tests with different combinations of physical schemes using a map
of current land use (ENCTL in Group I). The threat score (TS) is used to evaluate the
performance of each test in predicting the accumulated precipitation (Table 3). The TS is
defined as follows:

TS =
Na

Nt − Nb
(2)

where Na is the number of simulations that capture the observation, Nb is the number of
missing grids, and Nt is the number of total grids, respectively.

The performance of the model in capturing the occurrence of rainfall (≥0.1 mm) is
generally good, with an average of TS > 0.85 accuracy, although the model performance
gradually decreases at higher accumulations. Comparing the TS among all the members in
each rainfall intensity category (≥0.1, ≥10, ≥25, and ≥50 mm), the microphysics scheme
plays a key part in forecasting rainfall, and the majority of the members with higher TS
use the microphysics scheme of WDM6 (16). When other parametrization schemes are
the same, members using the BEP scheme usually obtain higher TSs than those using
SLUCM. Yu et al. [44] also suggest that the BEP scheme performs better than the SLUCM
scheme over the urban core of Beijing. A combination of the WDM6 (16), BouLac (8), Noah
MP (4), and BEP (2), i.e., m16p8s4u2, finds the highest TS when precipitation is ≥10 and
≥25 mm and the second-highest TS when precipitation is ≥0.1 mm. From the evolution
of radar echoes, the convective system first initiates in the southeast corner of the control
region at around 14:00 BST (Figure 3(a1)). Then, it moves northwestward with a rapid
intensification in the next two hours (Figure 3(b1,b2)). The radar echo reaches its maximum
value at 16:00 BST in downtown Hangzhou and then gradually weakens and moves out of
the control region in a northwesterly direction (Figure 3(d1)). In general, the m16p8s4u2
successfully captures the evolution of the heavy-rain-producing convective system, except
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for an approximate shift of 1.5 h in advance (Figure 3(a2–d2)). Therefore, the m16p8s4u2 in
the ENCTL is chosen as the CTL.

Table 3. Threat scores (TSs) of accumulated precipitation (from 13:00 to 18:00 BST on 26 July 2018) for
the ensemble study on different physical schemes *.

CASES TS (≥0.1 mm) TS (≥10 mm) TS (≥25 mm) TS (≥50 mm)

m2p2s2u1 0.87 0.32 0.16 0.02
m2p2s2u2 0.92 0.47 0.27 0.07
m2p2s4u1 0.90 0.41 0.21 0.04
m2p2s4u2 0.93 0.52 0.24 0.07
m2p8s2u1 0.84 0.44 0.19 0.02
m2p8s2u2 0.87 0.43 0.19 0.03
m2p8s4u1 0.82 0.43 0.28 0.16
m2p8s4u2 0.86 0.41 0.19 0.06
m6p2s2u1 0.87 0.34 0.14 0.00
m6p2s2u2 0.88 0.34 0.07 0.00
m6p2s4u1 0.90 0.36 0.16 0.02
m6p2s4u2 0.85 0.37 0.14 0.02
m6p8s2u1 0.86 0.28 0.10 0.11
m6p8s2u2 0.92 0.39 0.14 0.02
m6p8s4u1 0.84 0.43 0.17 0.04
m6p8s4u2 0.84 0.40 0.12 0.00
m16p2s2u1 0.92 0.53 0.26 0.03
m16p2s2u2 0.92 0.48 0.15 0.02
m16p2s4u1 0.90 0.49 0.15 0.02
m16p2s4u2 0.92 0.61 0.34 0.02
m16p8s2u1 0.86 0.52 0.20 0.04
m16p8s2u2 0.93 0.53 0.19 0.02
m16p8s4u1 0.90 0.60 0.30 0.15
m16p8s4u2 0.92 0.56 0.33 0.07

Mean 0.87 0.37 0.14 0.03
* The colored grid points are the top 25% of members. The darker the color, the higher the model performance.

The averaged T2M, Q2M, and WS10M before precipitation (from 10:00 to 13:00 BST on
26 July 2018) and the accumulated precipitation (from 13:00 to 18:00 BST on 26 July 2018)
of the ENCTL are both qualitatively (Figure 4) and quantitatively (Table 4) compared
with the observations. The deviation (BIAS) and root-mean-square error (RMSE) based
on the following definitions are used to analyze the averaged uncertainty of the four
meteorological variables.

BIAS =
1
N

N

∑
i=1

(Xi − Yi) (3)

RMSE =
1
N

N

∑
i=1

(Xi − Yi)
2 (4)

where Xi and Yi represent the variable in each grid from WRF model and observation,
respectively.
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Figure 3. Comparison of the (a1–d1) observed and (a2–d2) simulated (the member of “m16p8s4u2”
in ENCTL, CTL for short) composite radar reflectivity (dBZ) at four selected times on 26 July 2018.
Note an approximate shift of 1.5 h between the simulation and observation.
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Figure 4. Distribution of the 2 m temperature (◦C) averaged during 10:00 to 13:00 BST on 26 July 2018:
(a1) observation, (b1) ensemble mean, (c1) CTL run, and (d1) spread; (a2–d2) the same as (a1–d1)
but for the 2 m mixing ratio (g kg−1); (a3–d3) the same as (a1–d1) but for the 10 m wind (m s−1);
(a4–d4) similar to (a1–d1) but for the accumulated precipitation (mm) from 13:00 to 18:00 BST on
26 July 2018.

Table 4. The deviation (BIAS) and root-mean-square error (RMSE) of accumulated precipitation
(from 13:00 to 18:00 BST on 26 July 2018) for the ensemble study on different physical schemes.

Variables Scores Ensemble Mean Ensemble Variation

T2M
BIAS (◦C) −1.43 0.27

RMSE (◦C) 1.97 0.16

Q2M BIAS (g kg−1) −1.83 0.42
RMSE (g kg−1) 2.54 0.20

WS10M
BIAS (m s−1) 1.31 0.13

RMSE (m s−1) 1.73 0.09

PREC
BIAS (mm) −6.14 13.64

RMSE (mm) 29.08 2.22

Compared with the observation (Figure 4(a1)), the ensemble means of
ENCTL (Figure 4(b1)) capture the main features of T2M, with a slight underestimation
in the southern part of the control region, and the CTL successfully reports an extremely
high temperature of 39 ◦C in the urban area (Figure 4(c1)). The spread of T2M is small
in the ENCTL (Figure 4(d1)), indicating that the high temperature and the UHI are both
well reproduced by most members. Accompanied by the hot weather, Hangzhou is also
characterized by low moisture (Figure 4(a2)) and low wind speed (Figure 4(a3)). Both the
ENCTL and the CTL ensemble mean capture these features, i.e., relatively smaller values
of Q2M (Figure 4(b2,c2)) and WS10M (Figure 4(b3,c3)) within the control region than those
outside the control region. These scenarios, known as the urban heat islands, dry islands,

118



Land 2023, 12, 1965

and turbid islands (exacerbated by low wind speed), are similar to those shown by previous
studies [19,36,54].

The accumulated precipitation is mainly concentrated in the control
region (Figure 4(a4)). The CTL well reproduces the spatial distribution and magnitude
of the accumulated precipitation (Figure 4(c4)). In the ensemble mean of the ENCTL,
precipitation is also concentrated in the control region, although the rainfall magnitude
is underestimated, and the rainfall center shifts about 35 km to the east (Figure 4(b4)).
This is a common issue that signals that extreme rainfall may be weakened by the ensem-
ble mean [55]. Different from the T2M, Q2M, and WS10M, the spread of precipitation
(Figure 4(d4)) is much larger inside the control region, indicating more uncertainties in
forecasting precipitation in the urban area than in natural land use.

The ensemble means of BIAS are −1.43 ◦C, −1.83 g kg−1, 1.31 m s−1, and −6.14 mm
for T2M, Q2M, WS10M, and precipitation, respectively. The ensemble means of RMSE are
1.97 ◦C, 2.54 g kg−1, 1.73 m s−1, and 29.08 mm for T2M, Q2M, WS10M, and precipitation,
respectively (Table 4). Compared to the magnitude of the ensemble means, the variations
in BIAS and RMSE are relatively small in T2M, Q2M, and WS10M compared to those in
precipitation, which suggests that the performance of the model in forecasting the first
three variables could be improved less by changing the options of various physical schemes
but quite valuable for forecasting short-term local heavy rainfall.

A comparison of the hourly variations in T2M, Q2M, WS10M, and precipitation av-
eraged within the control region between the observation and the ENCTL suggests that
most of the members capture the evolution of this event, especially the T2M variation before
the convective initiation (Figure 5). However, the T2M drops faster during the precipita-
tion period and remains at a higher level in the ENCTL than in the observation (Figure 5a).
In addition, most of the members underestimate Q2M (Figure 5b) but overestimate
WS10M (Figure 5c) during the study period. The wind speed overestimations are also found
for other cities in summertime as well [71]. The premature drop in T2M may be related to the
early triggering of convection. Furthermore, similar to the CTL (Figure 3), the precipitation
starts 0–2 h earlier in most members (Figure 5d), which may be a common bias in simulating
local convection.

 

Figure 5. Time series of the (a) 2 m temperature (◦C), (b) 2 m mixing ratio (g kg−1), (c) 10 m wind
speed (m s−1), and (d) precipitation (mm) averaged over the control region from 08:00 to 20:00 BST
on 26 July 2018. The red line denotes observation, the gray lines are the 24 ensemble members, the
green line is the CTL (i.e., m16p8s4u2 in ENCTL), and the blue line represents the ensemble mean.
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From the analysis above, the ENCTL captures the characteristics of meteorological
elements before and during the heavy precipitation event. Compared with the environ-
mental conditions (i.e., T2M, Q2M, and WS10M) before convective initiation, the ENCTL
has greater uncertainty for simulating precipitation within the urban area. The ensemble
member of m16p8s4u2 in the ENCTL is chosen as the control run (CTL) in this study. For
the next two subsections, the individual and combined impacts of thermal and dynamical
effects of urbanization and the impact of individual UCPs on this local heavy rainfall event
are further examined.

3.2. Evaluation of the Urban Effect

The impact of urbanization is first examined by comparing the differences in T2M,
Q2M, WS10M, and accumulated precipitation between ENCTL and ENNoUB (Figure 6). The
increase in the ensemble mean of T2M is 0.4–1.2 ◦C in the urban area, which is much larger
than in the surrounding nonurban areas (Figure 6a). On the contrary, urbanization causes the
mixing ratio to decrease by 0.5–1.8 g kg−1 in the urban area (Figure 6c). This is consistent
with previous findings that evaporation in the urban area is reduced by impervious surfaces
and reduced green vegetation fraction [46,72]. The wind speed decreases by 0.3–1.0 m s−1

in the urban area due to the drag effect of buildings (i.e., the pressure differences across
individual roughness elements; Figure 6e). The positive anomaly center of precipitation is
located at the junction between the urban area and Hangzhou Bay (Figure 6g). The presence
of urban areas by the bayside can enhance the thermodynamic contrast between land and
water that favors the water–land breeze front and promotes the formation of a convergence
zone [73,74]. Meanwhile, the differences in the spread of T2M (Figure 6b), Q2M (Figure 6d),
and WS10M (Figure 6f) are mainly concentrated in the urban area; however, the difference
in the spread of precipitation occurs both in and out of the control region (Figure 6h). This
suggests that the uncertainty brought about by the urban effect on precipitation occurs within
the city and affects the surrounding areas to a similar extent. Notably, the spatial distribution
of spread in precipitation is similar to that of the ensemble mean (Figure 6g), which indicates
that the ensemble method is quite valuable for assessing the urban impact on local heavy
precipitation [75].

The individual and combined impacts of the thermal and dynamical effects of ur-
banization are further examined by comparing the simulated results of NUB, NTH, and
NDY with CTL (GROUP II). Both the thermal and dynamical effects contribute to an
increase in T2M (Figure 7(a1–a3)). The regional averaged values of T2M suggest that
the contribution of the thermal effect is more than twice that of the dynamical effect
(71.2% vs. 28.8%; Figure 8a). For changes in Q2M, although the dynamical effect is a
positive contribution, the thermal effect plays a major role and contributes to a decrease in
Q2M (Figure 7(b1–b3) and 8b). The thermal and dynamical effects are also opposite to the
changes in wind speed in the urban area (Figure 7(c2) vs. Figure 7(c3)). However, since the
dynamical effect is dominant (Figure 8c), the WS10M in the urban area is decreased due to
urbanization. This is also consistent with the difference in WS10M between ENCTL and
ENNoUB (Figure 6e). Different from the first three variables, both the influences of thermal
and dynamical effects of urbanization on precipitation present a positive and negative
distribution in the urban area (Figure 7(d1–d3)). The regional averaged values suggest
that they play an overall positive role and contribute to an increase in precipitation by
63.8% and 36.2%, respectively (Figure 8d). For the thermal effect, the increased temperature
and thermal turbulence activity (Figure S1) help intensify atmospheric instability and
convective initiation/enhancement. For the dynamical effect, increased friction velocity
and turbulent kinetic energy flux (TKEP; Figure S2) could increase the turbulent mixing
strength and facilitate convergence, increasing the precipitation in turn.
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Figure 6. Differences between ENCTL and ENNoUB in the ensemble mean (left) and spread (right)
of (a,b) 2 m temperature (◦C) and (c,d) 2 m mixing ratio (g kg−1), and (e,f) 10 m wind speed (m s−1)
during 10:00 to 13:00 BST on 26 July 2018, and (g,h) accumulated precipitation (mm) from 13:00 to
18:00 BST on 26 July 2018.
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Figure 7. Differences in (a1–a3) 2 m temperature (◦C) and (b1–b3) 2 m mixing ratio (g kg−1),
(c1–c3) 10 m wind speed (m s−1) averaged during 10:00 to 13:00 BST on 26 July 2018, and (d1–d3)
accumulated precipitation (mm) during 13:00 to 18:00 BST on 26 July 2018 between the control test
(CTL) and (left) NoUB, (middle) NoTH, and (right) NoDY test.

 

Figure 8. Comparison of the impacts of total, thermal, and dynamical effects of urbanization on
(a) 2 m temperature (◦C), (b) 2 m mixing ratio (g kg−1), and (c) 10 m wind speed (m s−1) averaged
during 10:00 to 13:00 BST on 26 July 2018, and (d) accumulated precipitation (mm) averaged during
13:00 to 18:00 BST on 26 July 2018. The red column represents a positive contribution and the blue
column represents a negative contribution.
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3.3. Sensitivity Analysis of Urban Canopy Parameters

For such local, short-term heavy rainfall events, the environmental conditions before
convective initiation are crucial for simulating the entire rainfall event. Most recent studies
on urban climate and weather have viewed the role of UCPs as an integrated external
force [45,76,77], but few of them mentioned the individual role of specific UCPs in the
urban area. In this subsection, eight important parameters characterizing the urban canopy
(i.e., building height, roof width, road width, anthropogenic heat, heat capacity, thermal
conductivity, surface albedo, and roughness length) are selected and increased/decreased
by 50%, separately (GROUP III). Each of the 16 sensitivity experiments is compared with the
CTL for the differences in T2M (Figure 9), Q2M (Figure 10), and WS10M (Figure 11) before
precipitation (at 10:00 BST on 26 July 2018) and of the subsequent convective initiation
(during 13:00–14:00 BST on 26 July 2018; Figure 12), respectively.

Figure 9. The temperature differences (◦C) at 10:00 BST on 26 July 2018 between the 16 sensitivity tests
in GROUP III (i.e., SEN1, SEN2, . . ., SEN16) and the CTL (m16p8s4u2) by (a) decreasing the building
height; (b) increasing the building height; (c) decreasing the roof width; (d) increasing the roof width;
(e) decreasing the road width; (f) increasing the road width; (g) decreasing the anthropogenic heat;
(h) increasing the anthropogenic heat; (i) decreasing the heat capacity; (j) increasing the heat capacity;
(k) decreasing the thermal conductivity; (l) increasing the thermal conductivity; (m) decreasing
the surface albedo; (n) increasing the surface albedo; (o) decreasing the roughness length; and
(p) increasing the roughness length by 50%.
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Figure 10. The same as Figure 9 but for the 2 m mixing ratio (g kg−1): (a) decreasing the building
height; (b) increasing the building height; (c) decreasing the roof width; (d) increasing the roof width;
(e) decreasing the road width; (f) increasing the road width; (g) de-creasing the anthropogenic heat;
(h) increasing the anthropogenic heat; (i) decreasing the heat capacity; (j) increasing the heat capacity;
(k) decreasing the thermal conductivity; (l) increasing the thermal conductivity; (m) decreasing
the surface albedo; (n) increasing the surface albedo; (o) decreasing the roughness length; and
(p) increasing the roughness length by 50%.

For changes in T2M (Figure 9), UCPs of building height, heat capacity, thermal con-
ductivity, and surface albedo have a negative feedback effect. The increased building
height may mitigate the UHI intensity at the pedestrian level due to the shading effects of
high-rise buildings [42]. Compared to the building height, T2M is more sensitive to the
changes in the latter three thermal-related UCPs (Figure 9i–n). The temperature decreases
by about 0.05–0.2 ◦C in the urban area by increasing the heat capacity, thermal conductivity,
or surface albedo, and the changes in T2M are not limited to urban areas but reflected
around the city as well. On the contrary, changes in roof width, road width, anthropogenic
heat, and roughness length have a positive effect on T2M. Among these four UCPs, the
roughness length has the most significant effect, increasing the temperature in urban areas
by 0.04–0.08 ◦C (Figure 9o,p). The effects of UCPs on Q2M (Figure 10) are the opposite of
those on T2M, except for changes in the building height. The seemingly contradictory con-
tributions of increasing temperature and decreasing humidity to changes in precipitation
make the uncertainty of the impact of urbanization on precipitation even greater.
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Figure 11. The same as Figure 9 but for the 10 m wind speed (m s−1): (a) decreasing the building
height; (b) increasing the building height; (c) decreasing the roof width; (d) increasing the roof width;
(e) decreasing the road width; (f) increasing the road width; (g) de-creasing the anthropogenic heat;
(h) increasing the anthropogenic heat; (i) decreasing the heat capacity; (j) increasing the heat capacity;
(k) decreasing the thermal conductivity; (l) increasing the thermal conductivity; (m) decreasing
the surface albedo; (n) increasing the surface albedo; (o) decreasing the roughness length; and
(p) increasing the roughness length by 50%.

For the three structural parameters related to the changes in WS10M, the building
height has a negative effect (Figure 11a,b), while the roof width (Figure 11c,d) and the road
width (Figure 11e,f) are positive. In addition, three other thermal-related UCPs (i.e., heat
capacity, thermal conductivity, and surface albedo) also have similar negative effects on
WS10M, except at the junction of the city and the waters of Hangzhou Bay (Figure 11i–n).
The decreased wind speed within the city and the increased wind speed at the edge of the
city favor wind convergence and the subsequent convective initiation/enhancement in the
urban area. This is consistent with the differences in the ensemble mean of the accumulated
precipitation amount between ENCTL and ENNoUB (Figure 6g).

The influences of UCPs on precipitation during the convective initiation
stage (Figure 12) are less uniformly distributed than those on the other three meteoro-
logical elements. Both positive and negative feedback effects can be observed in the urban
area, suggesting large uncertainties in forecasting heavy precipitation there. This may
be because, in response to favorable conditions for convective initiation, the UCPs some-
times have a contradictory effect on the urban environmental conditions (T2M, Q2M, and
WS10M). For example, increasing the surface albedo favors moisture and wind conver-
gence within the city but decreases the temperature and thermal instability, presenting an
overall negative effect on convective initiation (Figure 12n). Once again, this illustrates the
complexity of urban effects on precipitation.
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Figure 12. The same as Figure 9 but for 1 h accumulated precipitation (mm) during 13:00–14:00 BST on
26 July 2018: (a) decreasing the building height; (b) increasing the building height; (c) decreasing the
roof width; (d) increasing the roof width; (e) decreasing the road width; (f) increasing the road width;
(g) de-creasing the anthropogenic heat; (h) increasing the anthropogenic heat; (i) decreasing the
heat capacity; (j) increasing the heat capacity; (k) decreasing the thermal conductivity; (l) increasing
the thermal conductivity; (m) decreasing the surface albedo; (n) increasing the surface albedo;
(o) decreasing the roughness length; and (p) increasing the roughness length by 50%.

Figure 13 lists the differences in more meteorological variables (X-axis) averaged in the
control region when increasing the values of the eight UCPs (Y-axis) by 50% individually
to better illustrate the changes in the environmental conditions within urban areas. The
surface albedo and the three structural parameters (i.e., building height, roof width, and
road width) play an important role in the urban canopy radiation balance, i.e., changes
in downward/upward shortwave radiation (SWDOWN/SWUP). The surface albedo is
the parameter that has the most significant impact on most of the meteorological variables.
Higher surface albedo reflects more shortwave radiation and reduces net shortwave radia-
tion (NSW) entering the urban canopy, which leads to a decrease in both TSK and T2M.
Previous studies also suggest that high surface albedo contributes significantly to reducing
the TSK and canopy layer UHI [78,79]. For the effects of the three structural parameters,
the effect of building height is opposite to those of roof width and road width, which is
also consistent with the findings above (Figures 9–11). The increase in building height
(roof width/road width) leads to more (less) net radiation (RN) in the urban canopy and
a decrease (increase) in TSK due to the longer (shorter) building shadow. The tempera-
ture gradient between the canopy and ground increases and causes more energy to be
transported into the ground (GRDFLX), resulting in a decrease in T2M. On the other side,
the heat capacity and thermal conductivity have a greater influence on the surface energy
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balance, i.e., changes in HFX and GRDFLX. Their increases mean that the building could
store more energy in the urban canopy and conduct it into the ground, therefore causing a
negative difference in both HFX and GRDFLX. The increase in roughness length enhances
the mechanical turbulence of the boundary layer, causing an increase in UST. More heat
(RN) is conducted to the upper boundary layer during the daytime, resulting in an increase
in GRDFLX and a decrease in TSK. The anthropogenic heat is treated as an additional
sensible heat source in the model, and its impact is relatively small compared to the other
UCPs in this study.

 

Figure 13. Differences in multiple meteorological variables averaged in the control region caused
by increasing urban canopy parameters by 50% in each sensitivity test (i.e., SEN1, SEN2, . . .,
SEN16). The colored grid points are the four most changed members in each column. The darker
the color, the greater the absolute value. TSK—surface temperature, T2M—2 m temperature,
Q2M—2 m mixing ratio, WS10M—10 m wind speed, PREC—precipitation, ALBEDO—surface albedo,
SWDOWN—downward shortwave radiation, SWUP—upward shortwave radiation, NSW—net
shortwave radiation, GLW—downward longwave radiation, GLWUP—upward longwave radiation,
NLW—net longwave radiation, RN—net radiation, LH—latent heat flux, HFX—sensible heat flux,
GRDFLX—ground heat flux, UST—friction velocity, TKEP—turbulent kinetic energy flux at 850 hPa,
W850—vertical velocity at 850 hPa.

4. Discussion

Local heavy precipitation is a common convective weather event in the summer on
the east coast of China. However, since it usually occurs on a small scale and for a short
period (i.e., less than 6 h), it is difficult to forecast and provide an early warning, and,
thus, it poses a great challenge to daily city management. From the three sets of sensitivity
experiments in this study, it can be seen that there are more uncertainties in forecasting
precipitation in the urban area than in the other three meteorological variables (T2M, Q2M,
and WS10M). This uncertainty comes from several sources. Firstly, the parameterization
schemes introduce significant uncertainty in the simulation of precipitation. The uncertain-
ties related to parameterization schemes arise from either uncertainty in the parameter or
the parameterization [55]. A comparison of the parameterization schemes suggests that the
microphysics scheme plays the most important role in forecasting precipitation, followed
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by the PBL, the land surface, and the urban physics schemes. This result is consistent with
the work of Yu et al. [55] and Chen et al. [68], who also indicated that the microphysics and
PBL schemes can substantially affect the temperature and moisture profiles in the lower
troposphere and then have a significant impact on precipitation simulation. Secondly, the
uncertainties brought about by the urban land use on precipitation are not limited to the
urban area but extend to surrounding areas as well. In addition, unlike the other three
meteorological variables, the effect of urbanization on precipitation shows a positive and
negative staggered distribution. This may be because precipitation is the result of various
meteorological elements (temperature, moisture, and wind convergence), and the impact
of LCLU and UCPs on each meteorological element may sometimes be contradictory to
changes in precipitation. Hence, precipitation changes may offset each other with different
changes in UCPs, resulting in little changes in mean precipitation.

Although the model results are generally acceptable, it should be noted that the
uncertainty in the initial field is not investigated in this study. The initial and boundary
conditions were downscaled from global models (ERA5 reanalysis) with no other data
assimilation or nudging performed. We believe more efforts could be made to better remove
the uncertainties in the initial field, such as coupling HRLDAS to WRF [80], adjusting the
initial time, and generating ensemble members by perturbing the initial field [81]. In
addition, urbanization in the current study refers to a change in land use and UCPs but
does not consider the impact of aerosols. The UCP values used herein are the default values
in the WRF model. Future studies should consider more realistic high-resolution UCPs and
atmospheric chemistry models to examine the effect of anthropogenic heat and aerosols on
local heavy precipitation in cities.

5. Summary and Conclusions

A typical summer heavy rainfall event that occurred in Hangzhou, China, was chosen
to analyze the sensitivity of UCPs and the individual and combined impacts of the thermal
and dynamical effects of urbanization using the integrated WRF/urban modelling system.

The performance of the model was evaluated by using ensemble simulations, which
included 24 members with different combinations of physical parameterization schemes
(ENCTL). The results show that the ENCTL basically captures the heavy precipitation
and the high temperature, low mixing ratio, and weak wind speed before precipitation,
although many ensemble members underestimate the mixing ratio, overestimate the wind
speed, and the convective initiation starts 0–2 h earlier than the observation.

The individual and combined impacts of the thermal and dynamical effects of urban-
ization were also examined. In this case, urbanization could lead to higher temperatures,
lower mixing ratios, lower wind speed, and more precipitation in and around the urban
area. Meanwhile, urban land use introduced more uncertainties than natural land use in
forecasting the four meteorological variables, especially for precipitation. Both the thermal
and dynamical effects contribute to an increase in temperature and precipitation, and the
thermal effect plays a major role. The thermal and dynamical effects are the opposite of
changes in the mixing ratio and wind speed, and they play a major role in each, respectively.

Eight important UCPs characterizing the urban canopy were chosen to investigate
their impacts on this rainfall event before and when it began. The influences of UCPs
are mainly concentrated in the urban area, although the effects of UCPs on precipitation
are less evenly distributed in space than on the other three variables. The temperature,
mixing ratio, and precipitation are more sensitive to changes in heat capacity, thermal
conductivity, surface albedo, and roughness length, while wind speed is mainly affected by
structural parameters (i.e., building height, roof width, and road width). In addition, the
influences of UCPs on the urban canopy radiation balance and the surface energy balance
were further explored.
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Abbreviations

Abbreviations and Descriptions
ALBEDO surface albedo
GLW downward longwave radiation
GLWUP upward longwave radiation
GRDFLX ground heat flux
HFX sensible heat flux
LH latent heat flux
NLW net longwave radiation
NSW net shortwave radiation
PBL planetary boundary layer scheme
PREC precipitation
Q2M 2 m mixing ratio
RMSE root-mean-square error
RN net radiation
SWDOWN downward shortwave radiation
SWUP upward shortwave radiation
TKEP850 turbulent kinetic energy flux at 850 hPa
TS threat score
TSK surface temperature
T2M 2 m temperature
UCP urban canopy parameter
UHI urban heat island
UST friction velocity
WS10M 10 m wind speed
W850 vertical velocity at 850 hPa
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