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Abstract: Climate change and urbanization have led to the increasing prominence of urban heat
islands (UHIs) today, posing a huge challenge to cities. Urban resilience (UR) refers to the ability of a
city or region to adapt to changes and risks. However, the influence between the heat island effect
and regional urban resilience is not well understood. In this study, we proposed a methodological
framework for unveiling the coupling coordination and interaction mechanism between UHIs and
UR. This study first explored UHIs in the Guangdong-Hong Kong-Macao Greater Bay Area (GBA)
and described the creation of a multidimensional index system that evaluates urban resilience across
social, economic, ecological, and engineering dimensions. Furthermore, this study unveiled the
coupling coordination effect of UHIs and UR through the coupling coordination degree model, and
the influence mechanism between the drivers of UHIs and the change in UR was detected using
a geographic probe. The results showed that the UHI region forms a ring-shaped belt around the
entrance to the Pearl River Delta. The UHIs of the GBA show a significant trend of expansion and
escalation over time. The UR of the GBA shows a spatial distribution pattern of high resilience
among regional central cities and low resilience among peripheral cities, with significantly uneven
development in sub-resilience dimensions. The UHIs and UR of the GBA showed a certain coupling
and coordination effect, improving from barely synergistic to a primary coordination state. Among
the drivers of UHIs, population density, precipitation, average nighttime light brightness, and ground-
average CO2 emissions have strong explanatory power for the spatial variation in UR. The interaction
between two factors has a stronger influence on UR than individual factors. The purpose of this paper
is to initially reveal the influence mechanism between UHIs and UR and to provide a theoretical basis
for further exploring the path of sustainable urban development.

Keywords: urban heat islands; urban resilience; coupling coordination degree; interaction mechanism;
Guangdong-Hong Kong-Macao Bay Area

1. Introduction

With the rapid development of the global economy, an increasing number of people
are concentrated in urban areas [1]. China is one of the most rapidly urbanizing developing
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countries, and due to the rapid growth of the urban population and continuous expansion
in urban scale, the nature of the urban substratum and canopy structure has changed signif-
icantly as a result, while anthropogenic heat release from cities has been increasing, causing
increasingly serious urban environmental problems, including air pollution and urban heat
islands (UHIs) [2]. The increasing frequency of disasters and extreme weather events due
to global climate change [3,4] has devastating effects on human society, infrastructure, and
ecology [5–8], posing an incalculable risk potential for cities.

Urban heat islands (UHIs) are a phenomenon by which the temperature of a city is
higher than that of the surrounding suburban environment [9], and it is an important
factor affecting the quality of the urban environment. UHIs lead to increased urban
energy consumption, increased greenhouse gas emissions, and significant impacts on local
meteorology, air quality, vegetation growth, and human health [10–13]. The occurrence of
UHIs is closely related to climate change and urbanization. Scholars’ studies on UHI drivers
have found that surface vegetation cover, wind speed, and precipitation have significant
effects on urban temperature changes [14–17]. With rapid urbanization, socioeconomic
factors, including carbon dioxide (CO2) emissions, population density, gross domestic
product, nighttime lighting, and the degree of urban development, may play an important
role in exacerbating UHIs through anthropogenic heat emissions [18–21]. Landscape
urbanization, including urban expansion and densification, further leads to widespread
UHI phenomena by altering the land capacity to evaporate water and the efficiency to
convect heat into the lower atmosphere [22–25]. UHIs exacerbate various problems and
risks in the process of urbanization, while urbanization has also made the emergence of
UHIs more frequent. There is a complex interactive coupling relationship between UHIs
and urbanization, which brings enormous uncertainty to urban development planning and
management. Based on the current trends of climate change, urban population growth, and
continued urbanization, Chinese cities also need to address the environmental pressures
and challenges associated with rapid urban development [26].

Traditional urban planning and management tend to respond to external threats
with a rigid defense strategy, ignoring the inherent organizational, coordination, and
adaptive capabilities of the urban system [27]. It requires people to have a high level
of risk control ability, as the fragility of technology and social systems cannot be fully
predicted [28], which may lead to the accumulation of risks, especially in the context of
complex and unpredictable factors, such as climate change. It leads to greater unexpected
losses than before implementing defensive policies once the system is hit beyond the
maximum threshold of urban planning [29,30]. Therefore, it is necessary to address such
challenges from a new perspective.

The concept of “resilience” was first introduced in ecology by Holling [31], who pro-
posed that resilience is the ability of a system to anticipate and resolve external shocks while
maintaining its primary function in the event of a crisis. Moreover, this concept has been
continuously enriched [32,33], and related theories have also been gradually applied to several
disciplines, including economics, human development, and urban planning [34–38]. Urban
resilience (UR), a new way of thinking about urban risk management, focuses on the organi-
zation and function of the urban system itself to enhance the ability to coordinate and adapt
to uncertainty and to protect the sustainable development of cities under the continuous
impact of climate change. Some researchers have absorbed the perspective of “resilience”
in their research on UHIs but still remain focused on predicting UHIs [39–41] or studying
the influencing factors of UHIs. They consider “urban resilience” more as a planning and
management goal or policy background rather than the attribute of urban systems main-
taining normal functional states under the uncertainty impact of UHIs. These studies did
not focus on the resilience states of various subsystems (which possess certain important
functions) under the impact of UHIs and, therefore, did not further explore the interaction
mechanism between UHIs and UR. The complexity of the urban system cannot simply be
reflected by a single function. For instance, after the economic system is affected by a UHI,
it may cause a chain reaction, such as unemployment, which aggravates social instability.
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Extreme high-temperature events may increase the risk of high temperature-related incidence
rates and mortality [42–45] and also endanger the health of the population and the stability of
the social structure. Moreover, abnormal high-temperature climates may cause urban water
environments and ecological deterioration [22,25,46,47]. In addition, it may also affect energy
consumption [24,47], impacting the availability of resources for residents. From these aspects,
UHIs will increase the cost of recovering urban system functions from damage. However, we
should also recognize that urban systems rebuild from damaged states, relying on flexible
social structure, active human activities, material production, and energy consumption; that is,
the development of resilience comes at the cost of a certain degree of heat production. There-
fore, in order to comprehensively consider the interaction between UR and UHI phenomena,
we attempt to construct a multidimensional resilience indicator system to include additional
important urban subsystems in social, ecological, and engineering functions and use the UR
results to study the interaction relationship with UHIs. Previous studies have focused on the
bidirectional causal feedback relationship between UHI phenomena and economic systems
but have not comprehensively considered the involvement of other functional subsystems in
complex interactions [48]. There have been many studies on UHIs based on remote sensing
inversion [49,50], and the studies on UR evaluation and influencing factors have gradually
become a research hotspot [51–54]. In addition to the abnormal high-temperature characteris-
tics caused by the UHI phenomenon, we have considered some conditions that may drive
the occurrence of UHIs, namely the driving factors of UHIs. If the generation of UHIs is
essentially driven by certain factors, are these factors also related to the state of UR? However,
previous studies have not yet paid attention to possible connections between UR status and
driving conditional factors of UHIs and have not provided a comprehensive analysis. In view
of this, we applied the geographic probes to test whether the driving factors of UHIs control
the spatial differentiation of UR, thereby further revealing the relationship between UHIs and
UR in different potential processes.

China has experienced rapid urbanization since 1978, during which the Guangdong-
Hong Kong-Macao Greater Bay Area (GBA) has undergone a dramatic urban expansion [55].
With the increase in population, energy consumption, and anthropogenic heat generation,
urban systems will face risks brought by UHIs in terms of resilience in multiple functional
subsystems, such as economy, society, ecology, and engineering. In this study, we proposed
a methodological framework for unveiling the coupling coordination and interaction mech-
anism between UHIs and UR. First, UHIs were quantified and classified by introducing the
heat island proportion index to analyze their spatial and temporal evolution during the
period of 2000–2019. We expect to ensure that a heat island phenomenon occurs in the study
area and understand to what extent it approaches the least ideal state of UHI. Then, a four-
dimensional UR evaluation index system of “social–economic–ecological–engineering” was
established by selecting relevant indicators, considering the resilience of each functional
subsystem of the urban system as fully as possible, and the UR level was evaluated through
the entropy weight TOPSIS evaluation model. The evaluation weights of each indicator
are objectively derived from the information of the data itself, and the TOPSIS evaluation
model calculates the UR level scores and provides a relative proximity ranking of approach-
ing the ideal value of historical observation data. On this basis, the degree of synergistic
changes and development between UHIs and UR in the study area was analyzed based on
the coupling coordination degree model, and the interaction mechanism of the drivers of
UHIs on the change in UR and urban subsystems was detected using geographic probes. By
unveiling the coupling coordination and influence mechanism between UHIs and UR, this
study changes the research perspective on UHIs from common remote sensing inversion
and model prediction to how UHIs affect the functional maintenance and restoration of
the urban system itself and provides a theoretical basis for further exploring how cities
can cope with the pressure and challenges that UHIs caused, enhancing resilience and
implementing a sustainable development path.
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2. Materials and Methods
2.1. Study Area

The GBA contains Hong Kong, Macao and nine cities in the Pearl River Delta,
Guangzhou, Shenzhen, Zhuhai, Foshan, Zhongshan, Dongguan, Zhaoqing, Jiangmen,
and Huizhou (Figure 1), covering an area of approximately 55,900 km2. The area is in the
low-latitude zone, bordering the ocean and surrounding the mouth of the Pearl River, with
a tropical and subtropical humid monsoon climate, so it is cloudy and rainy all year round,
with long summers and short winters. The average annual temperature in the region is
approximately 23 ◦C, and the average annual precipitation is over 1500 mm. The average
altitude of the region is below 200 m, with more low hills and mountains, while the central
and coastal areas are gentler. The social and economic development of the GBA is more
prosperous, and the total population of the GBA exceeded 70 million in 2019, accounting for
approximately 5% of the total population of the country, creating a GDP of approximately
12% of the national share, amounting to more than 10 trillion CNY.
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2.2. Methodology
2.2.1. Methodological Framework

Climate change has led to increased urban warming and extreme weather events,
coupled with the effects of urban land expansion and population growth due to urbaniza-
tion, resulting in the increasingly severe UHI phenomenon today, and UHIs pose a huge
challenge to the fundamental attributes of urban systems in absorbing risks and recovering
from shocks. In this study, we proposed a methodological framework for unveiling the cou-
pling coordination and interaction mechanism between UHIs and UR to provide effective
recommendations for the planning and management of UR and sustainable development
under the oppression of UHIs (Figure 2). First, the study used MODIS data to obtain
the surface temperature of the GBA. The UHIs were obtained based on the urban–rural
temperature difference, and the urban heat island proportion index (UHPI) was calculated
to quantitatively analyze the UHIs in the GBA. Subsequently, focusing on the resilience
characteristics of the city itself in absorbing and adapting to risk shocks, from the four-
dimensional perspectives of society, economy, ecology, and engineering, an UR evaluation
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index system was established to measure the UR of the study area. Then, through the
coupling coordination degree model, the closeness of common changes and the level of
common development between the two systems of UHIs and UR in the study area were
analyzed. Ultimately, a geographic probe was introduced to detect the influence mechanism
of the drivers of UHIs on the change in UR. Based on the research on the spatiotemporal
evolution trends, the coupling coordination degree, and impact mechanisms of UHIs and
UR, this study proposed management suggestions for controlling the driving factors of
UHIs under the risk scenario of UHIs in order to maintain urban system functionality and
development resilience while reducing UHI risks.
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2.2.2. Measuring Urban Heat Islands

The process of preprocessing MODIS data and extracting UHIs is shown in Figure 3.
First, the MOD11A2 data were reprojected, and the images of the study area were cropped
using the vector boundaries of the study area. Then, the daytime and nighttime data
were fused by extracting two band datasets, LST__Day__1 Km and LST__Night__1 km,
respectively, in ENVI 5.3 and applying the band transport algorithm by inputting the
formula (b1 + b2)/2 in the band calculator to average the daytime and the nighttime to
obtain the 8d averaged data [56,57]. The land surface temperature was extracted to obtain
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the land surface temperature distribution of the GBA. Land surface temperature (LST) is
a quantitative indicator that directly responds to the thermal field. The MODIS surface
temperature product was used to represent the thermal field distribution, and the DN
value that represents the brightness temperature value in the MOD11A2 data needed to be
converted to the real surface temperature, and the calculation formula is as follows:

LST = a ∗ pixelv + b, (1)

where LST is the true temperature value of the calculated pixel, pixelv is the greyscale
value of the pixel, a is the scale factor, and b is the offset. Here, a = 0.02 and b = −273.15.
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UHIs are a phenomenon where the temperature or surface temperature of a city
is higher than the temperature of the surrounding suburban areas, which is generally
expressed as the difference in surface temperature between urban and suburban areas.
In this study, the area 3 km away from the urban land (construction land) was taken
as the suburban background; the surface temperature data on its corresponding image
element were extracted, and the mean value , which is the average suburban background
temperature of Guangdong, Hong Kong, and Macao, was calculated, and the formula is as
follows:

UHI = LST − LSTs, (2)

where UHI is the urban heat island intensity, and a value greater than 1 indicates the
existence of the heat island effect; LST is the surface temperature; and LSTs is the average of
the background surface temperature in the suburban areas. To reflect the spatial distribution
characteristics of UHIs in Guangdong, Hong Kong, and Macao, the measured UHIs are
divided into five classes from weak to strong, as shown in Table 1. The grade value can
characterize the degree of development of the urban heat island. The larger the grade value,
the stronger the effect of the urban heat island.

Table 1. Classification of UHI intensity.

Grade UHI Intensity Range UHI Rating

1 <−1 Negative UHI
2 −1~1 No UHI
3 1~2 Weak UHI
4 2~3 Sub-intense UHI
5 >3 Intense UHI
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The UHPI was used to estimate the urban surface heat island intensity, which can
quantitatively reflect the spatial and temporal differences in UHIs and is calculated as
follows:

UHPI = ∑n
i wi pi/(100 × m), (3)

where UHPI is the urban heat island proportion index; m is the number of UHI intensity
levels; i is the UHI intensity grades in urban areas that are higher than those in suburban
areas; n is the number of UHI intensity grades in urban areas that are higher than those in
suburban areas; wi is the weight of different UHI intensity grades, taking the value of grade
i as the weight; and pi is the percentage of area occupied by grade i, and its value is between
0 and 100. The UHPI value is between 0 and 1, and the larger the value is, the closer to the
least ideal state of the UHI and the more serious the UHI phenomenon is. Here, the UHI
intensity is divided into five grades. It can be calculated that the UHI intensity in suburbs
is highest at grade 2, while the UHI intensity in urban areas, which is partly higher than
that in suburbs, is distributed among grades 3, 4, and 5 and is highest at level 5. Therefore,
m = 5, i = 3, 4, 5, and n = 3.

The UHPI is calculated as the ratio of the area of the heat island in the spatial extent
to the area of the region where it is located, and weights were assigned to characterize
the degree of development of the heat island in the spatial unit so that this value can not
only effectively compare the strength of the heat island in different spatial units but also
compare the size of the intensity of the heat island in the same region in different periods.
The stronger the heat island effect is, the more significant the impact on the UHPI is, and
the weaker the heat island effect is, the smaller the impact on the UHPI is. Therefore, the
use of the rank value as the weight in the calculation of the UHPI can accurately reflect the
strength of UHIs in the region.

2.2.3. Indicator System Construction

In this paper, based on the four-dimensional perspective of social–economic–ecological–
engineering and the actual development of the GBA during the period of 2000–2019, four to
six indicators were selected for each dimension [58], forming a resilience evaluation system
containing 21 evaluation indicators (Table 2) to develop UR measurements for cities in the
GBA.

Social resilience (SR) embodies the urban social system’s capacity to navigate risks
and guides the primary trajectory of urban crisis management. Hence, we selected five
key indicators: population density, the ratio of college students per 1000 residents, the pro-
portion of tertiary industry workers, the quantity of patent applications, and the year-end
urban registered unemployment rate. These indicators offer insights into population dy-
namics, employment trends, and innovation prowess. The urban registered unemployment
rate serves as a barometer of employment stability, reflecting the city’s social equilibrium.
Strong social support structures and effective governmental interventions are pivotal in
mitigating challenges stemming from high unemployment rates. The number of college
students per thousand residents and the volume of patent applications gauge the city’s
educational and research innovation landscape, indicative of its resilience to emergent
risks [53,59]. Social management personnel, predominantly sourced from the tertiary sector,
play a critical role in upholding urban functionality during crisis scenarios [60,61].

Economic resilience (ENR) is frequently assessed using key economic proxies, such
as GDP. In this study, we selected five indicators from the China City Statistical Yearbook
under the category of “Economic Development” to holistically evaluate economic resilience.
GDP per capita serves as a macroeconomic indicator, representing productivity and living
standards. The proportion of the tertiary industry in GDP was chosen to depict the
industrial structure, which also signifies industrial adaptation towards emission reduction.
Per capita disposable income of urban residents reflects the financial resources available
to urban dwellers. Total import and export value provides insights into the overall scale
and developmental stage of regional foreign trade, serving as a crucial foundation for
government macroeconomic policies. Local general public budget revenues encompass the
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allocation of funds for ensuring and enhancing livelihoods, fostering economic and social
progress, safeguarding national security, and ensuring the smooth operation of national
institutions, with tax revenue serving as the primary component.

A robust and balanced ecosystem is fundamental for cities to attain sustainable devel-
opment and enhances the enhancement of cities’ ecological resilience (ELR). Consequently,
cities’ disturbance resilience and ecosystem stability are evaluated through parameters
such as industrial emissions, management of industrial waste, and urban self-purification
capacity, including industrial wastewater and sulfur dioxide emissions, along with do-
mestic waste management. The green coverage of urban districts reflects the ecological
foundation and extent of green spaces, serving as a natural buffer against climate change
and associated risks. Indicators such as industrial wastewater, sulfur dioxide, and indus-
trial smoke emissions gauge pollution levels. Additionally, the comprehensive utilization
rate of industrial solid waste and the safe disposal rate of domestic waste reflect pollution
control effectiveness and the role of waste management and circular economy practices in
emission reduction [62].

During a city’s crisis, the resilience of basic infrastructure, including water, electric-
ity, and transportation, is crucial, denoted as engineering resilience (EGR). Hence, five
indicators—per capita water consumption, per capita electricity consumption, per capita
liquefied petroleum gas (LPG) consumption, per capita road area, and the number of buses
per 10,000 people—were selected to gauge urban residents’ energy consumption and the
level of urban infrastructure development. Water, electricity, and LPG consumption serve
as negative indicators, reflecting higher energy consumption and thus greater vulnerability
to shocks. Conversely, per capita road area and buses per 10,000 people signify the extent
of urban infrastructure advancement, with larger values indicating better development of
urban public infrastructure.

Table 2. The UR evaluation index system.

Criteria Layer Indicator Layer Indicator Attributes Contents References

Social Resilience
(SR)

X1: Population density Person/km2 (+) Population distribution [60]

X2: Number of college students per 1000 people Person/1000 people (+) Individuals’ ability to cope
with risk [59]

X3: Number of people employed in the tertiary
industry in the city Person (+) Social service capacity [59,61]

X4: Number of patent applications Items (+) Future productivity of society [63]
X5: Year-end urban registered unemployment

rate % (−) Social stability capacity [59]

Economic Resilience
(ENR)

X6: Gross regional product per capita CNY (+) Per capita economic strength [53,60]

X7: Share of tertiary industry in GDP % (+) Industrial structure
optimization level [60,64]

X8: Per capita disposable income of urban
residents CNY (+) Per capita consumption

capacity [64]

X9: Total import and export value Billion USD (+) Economic trade capacity [60]

X10: Local general public budget revenue Billion CNY (+) Local government financial
strength [65]

Ecological Resilience
(ELR)

X11: Industrial wastewater emissions 10,000 t (−) The disturbance power of
industrial emissions to the city

[64]
X12: Industrial soot emissions t (−) [60,64]

X13: Industrial sulfur dioxide emissions t (−) [60]
X14: Harmless disposal rate of domestic waste % (+) The city’s power to deal with

industrial waste
[63]

X15: Comprehensive utilization rate of industrial
solid waste (%) % (+) [60,65]

X16: Greening coverage rate of the jurisdiction
(%) % (+) Self-purification capacity of

the city [60,66]

Engineering Resilience
(EGR)

X17: Per capita water consumption t (−)
Energy consumption capacity

of residents

[63]
X18: Electricity consumption per capita kwh (−) [63]

X19: LPG consumption per capita t (−) [60,67,68]
X20: Road area per capita m²/person (+) Degree of infrastructure

improvement
[59]

X21: Number of public buses per 10,000 people Vehicles/10,000 people (+) [65]

Notations: “(+)” represents positive indicators; “(−)” represents negative indicators.

2.2.4. Entropy-Weight-TOPSIS Evaluation Model

The entropy-weight TOPSIS evaluation model is a multi-criteria decision-making
method that combines the TOPSIS model with the entropy method. This model is a
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comprehensive evaluation approach based on the entropy-weight method to improve
the TOPSIS model [69–74]. The principle is to detect the distance between the evaluated
object and the optimal or worst values, subsequently calculating the proximity of the
evaluated object to the ideal value and then ranking the strengths and weaknesses. The
advantages of the entropy-weighted TOPSIS model are its ease of use, objectivity, minimal
sample requirements, and the production of reasonable results [75]. Therefore, the entropy-
weight TOPSIS evaluation model was used to assess the UR of the GBA in this study.
By constructing the standardized matrix from the original data and defining the entropy
method function, the entropy method can make full use of the information of the original
data, calculate the indicator information utility value, and objectively carry out weight
assignment. Then, the TOPSIS model was defined according to the matrix of weights
obtained from the entropy weight method, and the resilience level of each city was obtained
by calculating the Euclidean distance between the optimal and inferior ideal values by
weighting the original values after each forwarding, which was used as the basis for the
superiority or inferiority of the city’s resilience. The larger the value is, the higher the level
of comprehensive resilience of the city. The modeling steps are described below.

The entropy weighting method to determine the index weights is as follows:

wj =
1 − Ej

∑n
j=1

(
1 − Ej

) , (4)

where wj is the weight of indicator j, and Ej is the entropy value of indicator j.
The Euclidean distances between the target object and the superior and inferior solu-

tions are calculated as follows:

r+j =
√

∑m
i=1

[
wi

(
oij − o+i

)]2

r−j =
√

∑m
i=1

[
wi

(
oij − o−i

)]2
, (5)

where o+i is the optimal solution, o−i is the worst solution, oij is the value of the i-th
evaluated object after the j-th evaluated index is normalized, and r+j and r−j are the distances
from each evaluated object to the optimal and worst solutions, respectively.

The comprehensive evaluation index, i.e., the evaluation index of the UR level, was
calculated:

Cj = r−j /
(

r+j +r−j
)

, (6)

where Cj is the closeness of the evaluated object to the optimal solution, and the larger the
value is, the better the evaluated object is.

2.2.5. Spatial Autocorrelation Analysis Method

The Moran index can be used to measure spatial correlation, and this paper calculated
the global Moran index of UR in the GBA by substituting the value of comprehensive UR
into the following equation:

Moran′s I =
∑n

i=1 ∑n
j=1 Wij(yi − y)

(
yj − y

)
s2 ∑n

i=1 ∑n
j=1 Wij

, (7)

where yi denotes the value of the urban toughness level in region i, y is the mean value of
urban toughness in the study area, s2 is the variance of the urban toughness value, and Wij
denotes the spatial weight matrix. The value of the global Moran’s index is in the interval of
[–1,1]. The closer the value is to 0, the more likely the study area is in a random distribution
state, and the larger the absolute value is, the more pronounced the spatial agglomeration
of the study area.
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The local Moran’s I reflects the spatial heterogeneity and instability within the local
area, which can be calculated as follows:

Moran′s Ii = z′i ∑j wijz′j, (8)

where z′i and z′j are the data after standardizing using the standard deviation, and Wij is
the standardized spatial weight matrix. When the value of the local Moran’s index is less
than 0, it indicates that the study area presents a state of spatial differentiation.

2.2.6. Coupling Coordination Degree Model

Coupling coordination is a concept from physics that refers to the interaction between
different systems under the combined influence of themselves and the outside world [76].
As a method of analyzing the correlation between systems, it has gradually been applied
in social sciences and other fields [77–79], and its calculation mainly consists of the cou-
pling degree (C index) and the coordination degree (D index) [80]. The coupling degree
mainly describes the degree of interconnection and interaction within multiple systems [81],
measuring the degree of influence between two different systems on each other due to
their own or external interactions. The higher the coupling, the stronger the connections
and interactions between systems. Moreover, the coordination degree mainly captures the
effect of coordinated development between systems [82], revealing synchronization and
orderliness. The higher the coordination degree, the stronger the synergistic development
effect of multiple systems. In the calculation, we introduced the coupling coordination
index (D) to integrate the coupling degree and comprehensive coordination index, which
can reflect the coupling degree and collaborative development status between two or more
systems, effectively avoiding abnormal situations at low UHI and low UR levels, but can
lead to the coordination of the two.

The coupling degree function of UHIs and UR is expressed as follows:

C = 2{(u1u2)/[(u1 + u2)(u1 + u2)]}1/2, (9)

where C is the coupling degree, u1 is the UHI subsystem, and u2 is the UR subsystem.
For calculating the coordination degree and coupling coordination index of UHI and

UR, the formula is as follows: {
D = (CT)1/2

T = au1 + bu2
, (10)

where C is the coupling degree; u1 is the UHI subsystem; u2 is the UR subsystem; D is
the coupling coordination degree; T is the combined UHIs and UR reconciliation index,
which reflects the overall synergistic effect or contribution of UHIs and UR; and a and b,
which represent the contribution shares of UHIs and UR, respectively, are coefficients to be
determined. This paper focused on the interrelationship between UR and HUIs by referring
to other studies [80,83], and based on the general empirical method, UR is considered to be
at the same level of importance as the UHI effect, so the coefficients a and b were both set
to 0.5. In practical applications, it is preferable to make T ∈ (0,1) so that D ∈ (0,1) can be
guaranteed for ease of use.

Based on the UHI proportion index, which reflects the UHI level, and the UR evalua-
tion result, which reflects the resilience and recovery of a city, the coupling coordination
degree model of UHIs and UR was constructed, and the coupling coordination degree
index of UHIs and UR was obtained. The coupling coordination degree index was graded
by referring to the grade classification criteria of the coupling coordination degree in the
related literature (Table 3). According to the coordination level, from low to high, it was
divided into 10 levels, i.e., extreme dysfunction, severe dysfunction, moderate dysfunction,
mild dysfunction, near dysfunction, barely dysfunction, primary coordination, moderate
extreme coordination, good coordination, and high-quality coordination, to analyze the
coupling relationship and development stage of UHIs and UR.



Sustainability 2024, 16, 2306 11 of 28

Table 3. Coupling coordination degree classification standard.

D D’s Grade D D’s Grade

0.0 ≤ D < 0.1 Extreme disorder 0.5 ≤ D < 0.6 Barely disorder
0.1 ≤ D < 0.2 Severe disorder 0.6 ≤ D < 0.7 Primary coordination

0.2 ≤ D < 0.3 Moderate disorder 0.7 ≤ D < 0.8 Moderate
Coordination

0.3 ≤ D < 0.4 Mild disorder 0.8 ≤ D < 0.9 Good Coordination
0.4 ≤ D < 0.5 Nearly disorder 0.9 ≤ D ≤ 1.0 High Coordination

2.2.7. Geographic Probe Model

Geodetectors are a set of statistical methods that detect spatial heterogeneity and
reveal the driving forces behind it. One of the factor detectors is able to detect whether a
factor has an impact on the variance of the spatial distribution of a certain indicator value
by comparing the total variance of that certain geographic variable over different categories
of subdivisions with the total variance of that variable over the whole study area, and its
model is as follows:

qY,h = 1 − 1
Nσ2 ∑L

h=1 Nhσ
2
h, (11)

where h = 1, 2, . . ., L is the factor to be measured, Y is the UR value, Nh is the number of
detection factors, N is the number of evaluation units, and σ2

h and σ2 are the variance of
the indicator layer h and the Y value of the whole area, respectively. The q value takes the
range of [0, 1], which is expressed as the explanatory power of the spatial variance of UR,
and the larger the q value is, the stronger the explanatory power is.

In this paper, the factors that have been clearly identified as drivers of UHIs in existing
studies (Table 4) are used in a Geodetector model to detect their influence on UR to further
investigate which specific factors play a key role in the synergistic relationship between
UHIs and UR.

Table 4. Influencing factor indicators.

Guideline Level Indicator Level Unit

Meteorological conditions
Y1: Average temperature ◦C

Y2: Precipitation mm
Y3: Average wind speed m/s

Greenhouse gas emissions Y4: Average CO2 emissions kg/m2/s
Green space Y5: Green coverage of the district %

Population distribution Y6: Population density person/km2

City size Y7: Average nighttime light intensity /
Economic development Y8: Per capita gross regional product CNY

There are many drivers of UHI formation, and the factors that have been shown to have
a significant impact on the UHI level include meteorological conditions, greenhouse gas
emissions, green space, population distribution, urban scale, and economic development,
while UR is also influenced by a combination of urban social, economic, ecological, and
engineering aspects. In this paper, from the above aspects of UHI drivers, eight indicators
were selected, and geographic probes were introduced to detect the degree of influence of
different indicators on the spatial differentiation of UR to reveal the influence mechanism
of UHIs on UR in the GBA. The specific indicators were as follows: for meteorological
conditions, average temperature, precipitation and average wind speed, which are the main
indicators reflecting meteorological conditions, were selected; for greenhouse gas emissions,
surface average CO2 emissions were selected; for green space, the green coverage rate of
the jurisdiction was used; for population distribution, population density was selected; and
for urban scale, average nighttime light was used. In terms of economic development, the
degree of GDP per capita was chosen for measurement.
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2.3. Data Sources

In this paper, MODIS 8d synthetic surface temperature products MOD11A2 from
2000–2019 were selected, and the data are obtained from the NASA EARTHDATA website
(https://earthdata.nasa.gov, accessed on 15 September 2022). MOD11A2 was provided by
the MODIS sensor onboard the Terra satellite. The satellite has an 8-day period of synthetic
surface temperature data, and the satellite transits over the study area at 10:30 a.m. and
22:30 p.m., with a spatial resolution of 1 km. These data are now widely used in studies
related to urban thermal conditions and UHIs. Considering that there are more clouds
and rain in the study area in spring and summer, resulting in more missing data, this
paper selected MOD11A2 image data with high completeness during October–November
in the autumn of 2000–2019 in the GBA to carry out the study; land use classification
data were from the geographic monitoring cloud platform (www.dsac.cn/DataProduct,
accessed on 1 May 2022); CO2 emission data were from EDGAR—The Emissions Database
for Global Atmospheric Research (https://edgar.jrc.ec.europa.eu/, accessed on 10 March
2022), with a spatial resolution of 1◦; nighttime light brightness was calculated using the
EANTLI-like annual nighttime light data from the Chinese long time series nighttime light
dataset. Nighttime lighting data were with a spatial resolution of 1 km; the rest of the
socioeconomic data were obtained from the statistical bureaus of cities in the GBA, and the
missing data were supplemented using interpolation or substitution with the same type of
indicators.

3. Results
3.1. Spatial and Temporal Evolution Characteristics of the UHIs

Red and orange in Figure 4 represent higher temperatures, mostly concentrated in
the central regions of the GBA; green represents lower temperatures, mainly distributed
in the northwest and northeast of the GBA and the surrounding areas in the southwest.
Yellow represents the average temperature, forming a transition zone between the high-
temperature areas and the low-temperature areas. From the distribution changes of each
color in Figure 4, in 2000, the yellow transition zone was widely distributed in all parts
of the GBA, while the red high-temperature zone and the green low-temperature zone
were relatively small, indicating that the temperature of each region was similar at this
time and the temperature distribution was more uniform. In 2005, the yellow transition
zone squeezed the low-temperature zone, leading to a trend of overheating in the entire
province. The red high-temperature zone spread in all directions until 2010, when it peaked,
extending to the southwest and east of the GBA and forming a large high-temperature
zone. Subsequently, the area of the high-temperature zone converged in 2015, and large
areas in the northwest, northeast, and southwest were transformed into low-temperature
areas. By 2019, the area of the yellow transition zone had shrunk significantly and had been
replaced by the red high-temperature zone and the green low-temperature zone, indicating
that urban temperatures in the GBA have been polarizing.

The spatial distribution of the UHPI levels in Guangdong, Hong Kong, and Macao
was obtained by calculating the suburban temperature difference from October LST data
of the GBA from 2000 to 2019 and dividing the UHIs into 1–5 levels, from weak to strong
(Figure 5). The UHIs in the central region of the GBA are significantly higher than those
in the surrounding areas, and the UHIs distribution is stable, with an overall trend of
expansion in all directions over time. The UHI region forms a ring-shaped belt around the
entrance of the Pearl River Delta with significant aggregation characteristics, and the strong
UHIs are mainly distributed in the major cities, such as Foshan, Guangzhou, Dongguan,
Shenzhen, Zhongshan, and Zhuhai, among which the intersection of Guangzhou, Foshan,
and Zhongshan connects to form large and strong continuous UHIs, a phenomenon closely
related to several factors, such as high urbanization, population concentration, and high
percentage of floor area. The UHI-free and UHI-negative regions are mainly located in the
northeast and southwest of the GBA, including Zhaoqing, Huizhou, Jiangmen, Hong Kong,

https://earthdata.nasa.gov
www.dsac.cn/DataProduct
https://edgar.jrc.ec.europa.eu/
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and northern Guangzhou, which have extensive vegetation coverage areas and can play a
better cooling role.
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Combining Figure 5 and accounting for the changes in the area and proportion of
each UHI class (Figure 6a), it was found that the total UHI area in the GBA increased by
6743 km2 between 2000 and 2019, and the percentage of UHI area increased from 40.46% in
2000 to 54.51% in 2019. Specifically, taking 2010 as a node, before 2010, the areas of strong
UHIs, substrong UHIs, and weak UHIs in Guangdong, Hong Kong, and Macao continued
to increase, with strong UHIs increasing the most, from 3.99% to 20.17%; the area of no
UHIs shrank significantly, and the area of negative UHIs also increased. From 2011 to
2015, the areas of strong UHIs, substrong UHIs, and weak UHIs all decreased; the area of
UHI-free increased back, and the area of negative UHIs also decreased. From 2016 to 2019,
UHIs continued to expand, and the area of UHI-free and negative UHIs decreased.
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By calculating the UHPI, the intensity of the UHI effect of each city in the study
area was quantitatively reflected as a normalized index so that the UHI level could be
quantitatively compared across time and across cities. Figure 6b shows the changes in the
UHPI in the GBA from 2000 to 2019, and it can be observed that the UHPI of the GBA as a
whole shows an increasing trend, indicating that its UHI degree is becoming more severe,
with a 61.59% improvement in 2019 over 2000. Taking 2010 as the time node, during the
period 2000–2010, the UHPI rose from 0.277 in waves to reach 0.470; during the period
2011–2019, the UHPI fluctuated by approximately 0.43, and the UHIs in the GBA had a
tendency to gradually move towards stability.

At the city level (Figure 6c), the UHPI of all 11 cities in the study area showed a
fluctuating upward trend from 2000 to 2019. Macao has the highest average UHPI, and its
UHPI even reached 1 in 2010, indicating that Macao is completely covered by a UHI. This
is followed by Dongguan, Zhongshan, Shenzhen, Zhuhai, and Foshan, all of which have
maintained a UHPI of 0.7 or higher since 2010. Hong Kong, Guangzhou, and Jiangmen also
have higher average UHI intensities, with Hong Kong and Jiangmen’s UHI ratio indices
varying significantly over the years, fluctuating sharply between 0.3 and 0.8 and 0.2 and 0.7,
respectively, while Guangzhou has been relatively stable, ranging from 0.4 to 0.6. Zhaoqing
has the lowest average UHPI, with its UHPI fluctuating roughly up and down in the 0.1 to
0.2 range, followed by Huizhou with a range of 0.2 to 0.4.

3.2. Spatiotemporal Change of UR in the GBA

Table 5 shows the UR levels of each city in the GBA in 2000, 2005, 2010, 2015, and 2019.
The comprehensive UR scores of 11 cities are constantly improving, indicating that GBA’s
resistance and resilience to external shocks are becoming stronger. The cities with rapid UR
development are distributed at the estuary of the Pearl River Delta and the area surrounded
by Hong Kong, Macao, and the provincial capital Guangzhou, while the cities with slow
UR development are located on the east and west sides separated by the Guangzhou-
Hong Kong-Macao high UR belt. The development trend of UR in spatial distribution is
from Hong Kong and Macao at the sea entrance to Shenzhen and the provincial capital
Guangzhou and then develops towards the center from both ends, finally presenting the
spatial distribution pattern of cities with high resilience in the regional centerline and cities,
with low resilience on the east and west sides, which is discordant.
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Table 5. The UR level of cities in the GBA.

Year Macao Dongguan Foshan Guangzhou Huizhou Jiangmen

2000 0.224 0.107 0.123 0.146 0.140 0.129
2005 0.248 0.103 0.112 0.176 0.136 0.123
2010 0.290 0.130 0.121 0.215 0.138 0.127
2015 0.365 0.180 0.141 0.283 0.147 0.128
2019 0.398 0.269 0.185 0.427 0.155 0.144

Year Shenzhen Zhaoqing Zhongshan Zhuhai Hongkong Average

2000 0.153 0.118 0.130 0.150 0.293 0.156
2005 0.180 0.119 0.125 0.151 0.323 0.163
2010 0.257 0.106 0.127 0.172 0.387 0.188
2015 0.380 0.120 0.140 0.193 0.434 0.228
2019 0.567 0.129 0.148 0.207 0.486 0.283

However, according to the graph of the evaluation scores of 11 cities in the GBA in the
four sub-resilience dimensions (Figure 7), it was found that the development of cities in
each sub-resilience dimension is obviously uneven. In terms of ELR, they are all at a high
level, and over time, the difference in ELR between cities gradually narrows, indicating
that the ecosystem in the region has strong resistance to external disturbances. Most cities
within the GBA exhibit low resilience levels in SR and ENR, but significant growth in SR
has occurred in Shenzhen and Guangzhou over the past 19 years, as well as high growth
in ENR in Hong Kong, Macao, and Shenzhen. This indicates that the development of
resilience to economic and social risk within the GBA is insufficient and uneven. In terms
of EGR, Hong Kong has maintained a prominent high level for a long time, while the
overall EGR levels of other cities are relatively close to medium-to-low levels, indicating
that there is still room for improvement in the GBA’s risk engineering facilities. Among
them, Macao and Shenzhen have a faster growth rate. Overall, in recent years, almost all
cities that have experienced rapid development in resilience were close to sea entrances.
These cities have excellent ports or developed and convenient transportation conditions,
as well as a special position in politics and economy. This may mean more active material
and personnel mobility, as well as more flexible and loose policies, which are favorable
conditions for the rapid development of resilience.

To explore the spatial clustering characteristics of the comprehensive UR in the GBA,
a global spatial correlation analysis of the comprehensive resilience of the study area was
conducted based on the Moran index, and the global Moran index of the comprehensive
UR of the GBA was obtained for all years (Table 6). The Moran index of the UR in the GBA
from 2000 to 2019 was positive, indicating that there was a positive spatial differentiation
of the UR of the 11 cities in the GBA. Furthermore, UR in the GBA shows significant spatial
clustering characteristics. The Moran index shows an increasing trend over time, indicating
that the spatial agglomeration of UR in the GBA has been increasing.

Table 6. Global Moran index of UR.

Year Moran’s I Year Moran’s I

2000 0.245 2010 0.303 *
2001 0.249 2011 0.315 *
2002 0.245 2012 0.326 *
2003 0.249 2013 0.333 *
2004 0.250 2014 0.331 *
2005 0.246 2015 0.343 *
2006 0.260 2016 0.334 *
2007 0.275 * 2017 0.345 *
2008 0.279 * 2018 0.311 *
2009 0.304 * 2019 0.320 *

Notations: * indicates that the hypothesis test was passed at the 10% significance level.
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To further show the local spatial relationship patterns of UR in the GBA and reveal
the changing characteristics of local spatial autocorrelation of neighboring cities, the local
Moran’s I values of UR in the GBA for the years 2000, 2005, 2010, 2015, and 2019 were
calculated using GeoDa1.12 platform , and LISA clustering maps were used for cities that
passed the 5% significance test for performance (Figure 8). According to the LISA clustering
map, it can be seen that there was a good local spatial autocorrelation of the integrated
resilience of cities in the GBA from 2000 to 2019, indicating that the integrated resilience
values among cities are more closely related spatially and that material functions are ex-
changed more frequently. The number of cities showing significant local autocorrelation
has gradually increased over time. Low–low agglomeration type cities are distributed in
the northwest inland fringe of GBA, including Zhaoqing and Foshan, while high–high
aggregation type cities are distributed near the central bay and sea inlet of GBA, including
Hong Kong, Macao, and Shenzhen. In 2000, 2015, and 2019, Zhuhai, Shenzhen, Dong-
guan, and Huizhou all showed a low–high aggregation type in succession, adjacent to the
HK-Macao high–high aggregation area (which Shenzhen also joined after 2005), gradually
developing a more and more significant low–high aggregation distribution northward,
indicating that the gap between their resilience development level and the surrounding
cities is increasing, and the surrounding cities with high resilience have not yet given
full play to their radiation and driving role. The siphon effect exists between high–high
aggregation areas and adjacent low–high aggregation areas, causing the necessary popu-
lation, resources, economy, and other factors for the development of UR to continuously
flow into high resilience areas from low resilience areas, exacerbating the aggregation and
differentiation of resilience levels.
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3.3. Coupling Coordination Analysis

From a qualitative perspective, UHIs have increased energy consumption and environ-
mental pressure, causing impacts on multiple subsystems, such as urban ecology, society,
and engineering. At the same time, the resilience development of each subsystem is based
on economic growth, fair access to resources by citizens, new construction projects, and
investment in environmental governance, which means more energy consumption and
more intense human activities. Anthropogenic heat generation exacerbates UHIs, which are
in a complex interactive coupling. In addition, the spatiotemporal trend characteristics of
UHIs and UR indicate that both are clearly clustered in developed cities along the estuary in
space, and there is a trend of expansion from these cities to the surrounding areas. However,
it is uncertain to what extent there is interactive coupling between UHIs and UR. Therefore,
this study uses quantitative methods to evaluate the degree of coupling between UHIs and
UR and the comprehensive development level they collectively reflect.

The coupling degree © reflects the quantitative degree of co-variation between the
UHI effect and UR, and a higher value indicates better coupling, which means that the
closer the interaction between the two systems. As observed in Figure 9a, in the early
stages of urbanization from 2000 to 2003, there was an obvious and continuous decrease in
the coupling degree between UHIs and UR, indicating a weakened interaction between
resilience development and UHIs during this stage. Similar situations occurred to varying
degrees during the periods of 2008 to 2010 and 2011 to 2014. The coupling degree between
UHIs and UR is high in all years, demonstrating the close interaction between UHIs and
UR.

However, the C value only measures the degree of synergistic changes between
different variables and cannot reflect the actual situation of UHIs and UR. When the scores
of UHIs and UR subsystems are close, a highly coupled result will be obtained. This means
that the changes between the two are highly synergistic but cannot provide information
on whether the attribute level exhibited by UHIs and UR is high or low. In order to
measure the degree of coupling between UHIs and UR while reflecting their common
development status, we introduced a comprehensive coordination index (T) to describe the
overall coordination effect or contribution of UHIs and UR, and a higher value indicates a
better-coordinated development level. The calculated comprehensive coordination index
of the UHI effect and UR is shown in Figure 9b, and it is found that the comprehensive
coordination index shows a significant upward trend over time, indicating that UHIs and
UR have generally maintained growth, with fluctuations and decreases during this period,
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which means a reverse development of UHIs and UR in certain years. It has been noted that
the coordination index has increased during the three time periods of 2000–2003, 2008–2010,
and 2011–2014, while the coupling degree has decreased, indicating an uncoordinated
development speed between UHIs and UR.
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The geometric average of the coupling degree and coordination index is used to
calculate the coupling coordination degree to reflect the comprehensive level of close
interaction and coordinated development between UHIs and UR. The results of the coupling
coordination degree of the UHI effect and UR in the GBA were calculated as follows
(Table 7 and Figure 9c). From 2000 to 2019, the coupling coordination degree of the UHIs
effect and UR in the GBA showed a fluctuating upward trend. Taking 2010 as the node,
the coupling coordination degree levels before 2010 were barely coordinated; moreover,
2010 was upgraded to primary coordination, and thereafter, it was basically maintained
at primary coordination, indicating that although UHIs and UR are closely related, their
comprehensive performance was not high before 2010, and the common development of UR
and UHI did not produce a significant effect. After 2010, the coupling coordination degree
developed to a certain extent, indicating that the corresponding cost of heat generation
associated with the development of resilience has become increasingly apparent.

The results and spatial distribution of the coupling coordination degree between UHIs
and UR of cities in Guangdong, Hong Kong, and Macao are described below (Table 8 and
Figure 10). Before 2010, the coupling coordination degree in the study area was mainly on
the verge of disorder and barely coordinated, and the growth rate of each city was slow;
after 2010, the primary coordination and intermediate coordination gradually increased,
and the growth rate of the coupling coordination degree in most cities increased.
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Table 7. Coordination degree of coupling between the UHIs and UR.

Year D D’s Grade Year D D’s Grade

2000 0.510 Barely coordinated 2010 0.603 Primary Coordination
2001 0.521 Barely coordinated 2011 0.589 Barely coordinated
2002 0.541 Barely coordinated 2012 0.604 Primary Coordination
2003 0.563 Barely coordinated 2013 0.617 Primary Coordination
2004 0.549 Barely coordinated 2014 0.630 Primary Coordination
2005 0.556 Barely coordinated 2015 0.615 Primary Coordination
2006 0.562 Barely coordinated 2016 0.632 Primary Coordination
2007 0.561 Barely coordinated 2017 0.644 Primary Coordination
2008 0.553 Barely coordinated 2018 0.662 Primary Coordination
2009 0.561 Barely coordinated 2019 0.658 Primary Coordination

Table 8. The coupling coordination degree between UHIs and UR coupling in cities in the GBA.

Cities 2000 2005 2010 2015 2019

Macao 0.629 0.692 0.734 0.769 0.783
Dongguan 0.528 0.542 0.582 0.634 0.706

Foshan 0.486 0.547 0.565 0.574 0.632
Guangzhou 0.506 0.563 0.572 0.607 0.702

Huizhou 0.407 0.424 0.450 0.452 0.475
Jiangmen 0.409 0.455 0.540 0.481 0.520
Shenzhen 0.550 0.588 0.683 0.734 0.816
Zhaoqing 0.322 0.409 0.362 0.318 0.362

Zhongshan 0.501 0.553 0.579 0.590 0.603
Zhuhai 0.476 0.555 0.615 0.632 0.640

Hongkong 0.625 0.610 0.753 0.704 0.716
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From the perspective of city location, the spatial distribution of the coastal cities in
the center of the GBA showed a high degree of coupling coordination, while the coupling
coordination degree gradually decreased in the north and east–west extension. Macao,
Hong Kong, and Shenzhen have the highest coupling coordination degree, and all of them
reached intermediate coordination after 2010, especially Shenzhen, which reached a good
coordination level in 2018. The higher coupling coordination appears because their UHPI
and UR scores are much higher than those of other cities, which indicates that the UHI effect
is escalating significantly while UR is developing rapidly. The coupling coordination in
Zhuhai, Dongguan, Guangzhou, Zhongshan, and Foshan gradually and steadily improved
from a near-disorderly or barely coordinated state in 2000 to a primary coordination or even
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intermediate coordination level in 2019. In these cities, the UHPI and UR scores also remain
high, indicating that the development of UHIs and UR shows some synergistic effects.
Zhaoqing, Huizhou, and Jiangmen have a low average coupling coordination degree and
are basically below barely a disorder, and their UHPI and UR scores are low in the GBA.

3.4. The Interaction Mechanism between the Heat Island Effect and Urban Resilience

During the period 2000–2019, each factor showed different degrees of influence on the
UR of the GBA (Table 9). The four indicators with strong average explanatory power for the
spatial differentiation of UR in the selected years are GDP per capita, population density,
average precipitation and nighttime light brightness. Among them, the average explanatory
power of GDP per capita and population density was 0.761 and 0.760, respectively; their
influence was almost similar, and their q-values both developed from approximately 0.6 in
2000 to approximately 0.8 in 2019, which reflects the degree of urban economic development
and the release of anthropogenic heat, respectively, suggesting that both have a greater
explanatory power for the spatial differentiation of UR in the GBA. Average precipitation
is one of the meteorological conditions, and its explanatory power on UR is also high, with
an average explanatory power of 0.594, so it also needs to be emphasized in studies on
improving UR. The average explanatory power of this indicator is 0.489, which shows
a fluctuating upward trend, indicating that the difference in urban scale in the GBA is
gradually expanding and has a correlation with UR.

Table 9. Influence of each factor on UR.

Variables 2000 2005 2010 2015 2019

Y1 0.235 0.358 0.626 0.348 0.093
Y2 0.634 0.707 0.256 0.876 0.498
Y3 0.614 0.190 0.279 0.261 0.495
Y4 0.371 0.514 0.455 0.307 0.402
Y5 0.387 0.069 0.281 0.355 0.047
Y6 0.626 0.689 0.800 0.876 0.808
Y7 0.314 0.358 0.286 0.876 0.613
Y8 0.614 0.190 0.279 0.261 0.495

The data for 2000, 2005, 2010, 2015, and 2019 were selected, and geographic probes
were used to further detect the comprehensive relationship between the four dimensions of
the sub-resilience systems by the drivers of UHIs (Figure 11). In 2000, the spatial differenti-
ation of ENR could be most explained by the drivers of UHIs, among which population
density and precipitation had a greater explanatory power on SR. In 2005, the explanatory
power of each factor on the spatial variation of SR was stronger, among which the higher
explanatory power was the per capita gross regional product and precipitation, indicating
that the economic development and precipitation in the meteorological conditions had a
greater explanatory power on SR in that year; the remaining resilience dimensions in the
order of the degree of explanatory power were SR, EGR, and ELR. In 2010, ELR could be
best explained by the combination of all factors, among which population density and
the average temperature had the strongest explanatory power, and this year was also the
time when the UHI effect was more serious, indicating that the higher temperature of
anthropogenic heat emission had a correlation with urban ELR in this year; the remain-
ing resilience dimensions were ENR, EGR, and ELR in descending order of explanatory
power. In 2015, all four resilience dimensions could be explained by the drivers of the UHI
effect, with precipitation and population density having a greater explanatory power on
both sub-resilience types of ENR and ELR. In 2019, ENR could be mostly explained, with
GDP per capita and population density having a higher explanatory power on ENR and
precipitation; the remaining resilience dimensions were SR, ELR, and EGR according to the
explanatory power from largest to smallest.
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To further explore the mechanism of the drivers of the UHIs interacting with UR,
interaction detection in Geodetector was used to analyze the data in the GBA in 2000,
2005, 2010, 2015, and 2019 to assess whether the influencing factors, when acting together,
increase or weaken the explanatory power of UR, and the results are shown in Figure 12.
The interaction mechanism between factors is dominated by two-factor enhancement,
with nonlinear enhancement as a minority, and there is no independent or weakening
effect, indicating that the interaction between two factors has a stronger effect on the
spatial distribution of UR than the single-factor effect. The top four strongest interactions
with other factors are GDP per capita, per capita CO2 emissions, population density, and
precipitation. From 2000 to 2010, the interaction of per capita CO2 emissions was the most
prominent, and in 2015, GDP per capita became the strongest interacting factor, and in
2019, the most obvious interaction effect was population density. Specifically, the four
pairs of factors with the strongest interaction in 2000 were green cover and wind speed,
green cover and GDP per capita, per capita CO2 emissions and wind speed, and per capita
CO2 emissions and GDP per capita, while the three pairs of factors with the strongest
interaction in 2005 were green cover and precipitation, per capita CO2 emissions and wind
speed, and green cover and GDP. In 2010, the three strongest two-factor interactions were
land-averaged CO2 emissions versus temperature, land-averaged CO2 emissions versus
population density, and land-averaged CO2 emissions versus precipitation. In 2015, the
three strongest two-factor interactions were GDP per capita versus temperature, GDP per
capita versus population density, and GDP per capita versus nighttime brightness. In 2019,
the three strongest two-factor interactions were precipitation and population, precipitation
and nighttime light brightness, and precipitation and GDP per capita. It is thus found that
the factors of GDP per capita, population density, and precipitation, which are individually
more influential on the spatial differentiation of UR, are also more influential in terms of
their interactions. Although the influence of per capita CO2 emissions is not strong by
itself, it becomes stronger when it interacts with other factors, and its interaction was very
important before 2010.
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4. Discussion

China is facing many problems in the process of urbanization, with various uncertain
impacts such as climate change and natural disasters threatening the smooth operation
of urban system functions. Urban disaster resilience is a new urban risk management
method that allows cities to continuously adapt to external environmental changes and
reduce the risks brought about by uncertainty [84]. With the intensification of human
activities [19–21] and the artificial transformation of nature [85], the urban environment is
more prone to generating abnormally high temperatures [86], causing pressure on urban
energy, the environment, and residents’ health. Previous studies have often focused on
the formation and prediction of UHIs, with little attention paid to the attributes of urban
systems that maintain and restore their original state under the influence of UHIs. The
consideration of the interaction between UHIs and the functions of urban subsystems is
also limited. This study established a framework to evaluate the spatiotemporal evolution
characteristics of UHIs and UR over a period of time and quantitatively evaluated the
close connection between UHIs and UR using a coupling coordination model. We further
investigated the role of driving factors of UHIs in the spatial differentiation of UR using
geographic detectors.

The results show that the UHI phenomenon and high UR level in the GBA are mainly
concentrated in the coastal areas near the Pearl River Delta estuary, and their levels have
been rising in the past two decades, with a trend of diffusion to the surrounding areas.
This is consistent with the conclusion that the resilience level and UHIs of most cities
in China have been increasing year by year over the past two decades [87,88] and are
in line with the development path of cities in GBA. In the early stages of development,
Hong Kong and Macao, which experienced colonial times, already had a good economic
foundation, allowing their economic functions to better adapt to risks. Hong Kong also
retained high-level infrastructure, giving it better reconstruction potential after disasters.
Shenzhen, as an important city in GBA, is adjacent to Hong Kong and Macao and can
take on their driving role well. It is also one of the fastest developing cities in the GBA,
and Guangzhou, as the provincial capital, has received good policy support. They can
attract a large influx of population, making their internal social structure more dynamic and
variable. It is worth noting that the uneven development of resilience levels between cities
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is closely related to the economic vitality and social diversity of the cities themselves [60].
The cities that develop first benefit from the advantages of population, resources, and
production capacity, exacerbating the differentiation of social resource possession and
development level. Therefore, in order to avoid the negative siphon effect of first-mover
cities on the resilient development of surrounding cities, the GBA government should
encourage industrial cooperation and coordinated development between different regions,
promote industrial transfer and upgrading through policy guidance and support, form a
complementary industrial system, and enhance population attractiveness and stickiness. In
addition, establish effective coordination mechanisms, including consultation meetings and
cooperation forums between different regions, strengthen communication, coordination,
and cooperation, deepen regional integration, promote resource flow, and strengthen
regional coordinated development to promote regional synergy. Taking megacities as
the center, building satellite cities in the surrounding areas, evacuating and undertaking
population, technology, and industrial transfers from centrally developed cities, replacing
some functions of central cities, and achieving polycentric urban construction.

The research on the coupling and coordination of UHIs and UR shows that there is an
obvious coupling relationship between the two. Especially in the cities at the estuary of the
Pearl River Delta, UHIs and UR maintain a highly synchronized change and continuous
development trend. However, their development speed is sometimes not coordinated
during this process. Due to the fact that the early and middle stages of urban development
are often driven by intensive industries, we believe that this lack of coordination is caused
by low efficiency in resource and energy utilization and UR development is accompanied by
excessive heat generation. The results also indicate that among the driving factors of UHI
formation, economic development, population distribution, greenhouse gas emissions, and
urban size are correlated with the spatial differentiation of UR. Therefore, the government
should adopt the following strategies to promote the development of UR while mitigating
UHIs.

Green vegetation coverage is considered the most effective measure for UHIs [89]. By
issuing green policies, organizing tree planting, establishing parks and green belts, and
constructing rooftop gardens to increase shade and evapotranspiration, thereby achiev-
ing cooling and absorbing carbon dioxide, effectively reducing the aftereffect of energy
consumption during urban development. In addition, improving urban ventilation can
reduce LST and mitigate the impact of UHI [90–92]. Finally, we should adjust the industrial
structure, encourage enterprises to develop advanced green technologies, promote the
green and low-carbon transformation of the industry, cultivate and strengthen low-carbon,
zero-carbon, and negative-carbon industries, promote renewable energy and improve
energy efficiency, and generate as little heat production cost as possible while ensuring
development.

In the future, cities will still face various climate change threats, including UHIs, and
there are complex interactive impact mechanisms. In the development process of resilience
and other attributes in urban systems, there is shortsightedness caused by cognitive lim-
itations. The uncertainty of risk shocks determines that managers and citizens cannot
guarantee recognition of all unforeseeable disasters or all potential risk factors and cannot
guarantee that seemingly good resilience levels can cope with all types of sudden risks.
If the development of UR only focuses on the integrity, resilience, and adaptability of the
urban form itself, it is not enough. For those risks that appear outside the existing resilience
goals, urban risk emergency management is particularly important. The GBA government
should accelerate the development of climate action plans, conduct corresponding risk
assessments, identify the main threats faced by cities, and develop strategies and measures
for mitigation and adaptation, including improving agricultural technology, strengthening
flood control mechanisms, improving urban pipeline systems, water conservation and
recycling. In addition, regional integrated action planning across administrative regions
should be promoted to provide a globally coordinated response to climate change. Small
and medium-sized innovative enterprises should be supported to promote economic di-
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versity. Emergency reserve funds should be established, various basic social insurances
improved, flexible employment policies implemented, and employment opportunities
created. Furthermore, regular assessments are conducted on urban construction facilities
to identify potential risk factors and check for potential hazards in roads, bridges, and
water supply and power systems. Emergency response plans should be developed to
ensure that the normal functioning of urban construction and facilities can be restored
as soon as possible after a hazard occurs. Traffic and transportation management should
be optimized, backup transportation routes should be increased, and open spaces for
emergency evacuation should be built to ensure the mobility of materials and personnel.
The construction of smart cities should be encouraged, real-time intelligent and automated
services in transportation, logistics, healthcare, and other fields should be provided, and
the maintainability of infrastructure should be improved.

5. Conclusions

In this study, we proposed a methodological framework for unveiling the coupling
coordination and interaction mechanism between UHIs and UR. On this basis, we explored
the spatiotemporal evolution trend, coupling coordination, and the correlation of spatial
differentiation of UHIs and UR in various cities within GBA. Eleven cities of the GBA in
China were used as the study area for research discussions and results analysis. The main
conclusions are as follows:

(1) From 2000 to 2019, the UHI region of the GBA formed a ring-shaped belt around
the entrance of the Pearl River Delta, with strong UHIs mainly distributed in the
major cities, such as Foshan, Guangzhou, Dongguan, Shenzhen, Zhongshan, and
Zhuhai. The UHIs in the GBA show a significant trend of expansion and escalation
over time, with Jiangmen’s UHI area expanding the most and Macao’s expanding
the least; Macao has the highest average UHPI, and Zhaoqing has the lowest average
UHPI.

(2) The cities with rapid development of UR in the GBA were distributed in the ring of
the Pearl River Delta inlet, and the cities with slow development were distributed in
the vicinity, finally showing the spatial distribution pattern of high resilience of the
regional central cities and low resilience of the peripheral cities, and the development
of the resilience level of each city shows an uncoordinated trend. High–high aggre-
gation type cities are distributed near the central bay and sea inlet of GBA. Adjacent
to the HK-Macao high–high aggregation area, a more and more significant low-high
aggregation distribution is gradually developing northward.

(3) The coupling degree between UHIs and UR is high in all years, demonstrating the
close interaction between UHIs and UR. Before 2010, the coupling coordination degree
of the study area was mainly on the verge of disorder and barely coordinated, and the
growth rate of each city was slow; in 2010 and after, the primary coordination and
intermediate coordination gradually increased, and the growth rate of the coupling
coordination degree in most cities increased, indicating that the common effect of
UHIs and UR development is becoming increasingly significant. From the viewpoint
of city location, the spatial distribution of coastal cities in the center of the GBA shows
a high degree of coupling coordination, while the coupling coordination decreases
gradually in the north and east–west extension.

(4) Among the drivers of UHIs, GDP per capita, population density, land-average CO2
emissions, and average nighttime light brightness have stronger explanatory power
for the spatial variation in UR. The spatial differentiation of the four sub-dimensions
of UR is related to the driving factors of UHIs to varying degrees. The interaction
between two factors has a stronger explanatory power for the spatial distribution of
UR than a single factor.

There are various potential limitations of this study. First, the selection of the UR
evaluation index system and UR impact factor index system in this paper is not sufficiently
comprehensive, and the research and analysis of the indices are not sufficiently deep.
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Second, only MODIS data were used for the selection of remote sensing data, and more
accurate and comprehensive information could be obtained if multisource remote sensing
data were used. Third, the situation under the influence of the new coronavirus epidemic
after 2020 was not considered in the study period. Finally, we found that there is indeed a
correlation between UHIs and UR, and this correlation may be hierarchical; that is, certain
driving factors when UHIs occur also interact with UR. This indicates the complexity of
the interaction between the two, but the details of this complexity still need to be further
validated. We believe that more detailed theoretical assumptions and some structural
model tests, as well as the introduction of causal inference methods, may be needed in our
next research to help find appropriate entry points for intervention and fine control of the
heat island phenomenon and UR levels.
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