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Construction of a composite
cooling network for the
mitigation of urban heat risk in
Fuzhou

Haozhe Xu, Jianfeng Yang, Yan Lin, Nuo Xu, Mingzhe Li, Yan Xu,
Xingzhao Liu and Fangying Li*

College of Landscape Architecture and Art, Fujian Agriculture and Forestry University, Fuzhou, China

Climate change has intensified urban heat risks through extreme heat and heat
island effects. Using Fuzhou as a case study, we conducted assessments of heat
risk and cool island quality to identify core heat risk sources (CHRSs) and core
cold sources (CCSs). Based on the degree of resistance to surface heat transfer,
we constructed a comprehensive resistance surface. This was followed by the
construction of a composite cooling network using the minimal cumulative
resistance and circuit theory models, along with the identification of key
nodes to enhance the protection of cool island resources and ensure network
stability. Our findings revealed that the central urban area had the highest heat
risk, followed by the eastern coastal areas, showing a trend of further expansion
towards the southeastern coast. Relatively high-quality cool island resources
were distributed in the western mountainous area. We identified 21 CHRSs and
32 CCSs. The composite cooling network included 94 heat transport corridors
and 96 cool island synergy corridors, with 148 cooling nodes and 78 barrier
nodes. The average land surface temperature of transport and synergy corridors
was 27.89°C and 25.34°C, respectively, significantly lower than the high-risk areas
(31.14°C). Transport corridors enable heat transfer from CHRSs to CCSs, while
synergy corridors can achieve further cooling by enhancing the synergy among
cool islands.

KEYWORDS

extreme heat and heat island effects, urban areas, risk assessment, energy flow, cooling
network construction

1 Introduction

Global climate change has resulted in an increase in the frequency of extreme heat
events during summer (Sahoo et al., 2016), and often referred to as a “silent killer” owing to
its imperceptible yet lethal effects, which lead to heat-related fatalities, extreme heat has
become one of the most lethal natural disasters globally (Mora et al., 2017). As of 2023, the

Abbreviations: Gl, green infrastructure; CHRSs, core heat risk sources; CCSs, core cold sources; MCR,
minimal cumulative resistance; CT, circuit theory; TCs, transport corridors; SCs, synergy corridors; IPCC,
Intergovernmental Panel on Climate Change; Gl, Green infrastructure; LST, land surface temperature;
SPCA, spatial principal component analysis; AHP, analytic hierarchy process, EWM, entropy weight
method; IIC, integral index of connectivity; PC, probability of connectivity; CTCSs, core transition cold
sources; HRI, heat risk index.

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/fenvs.2024.1462700/full
https://www.frontiersin.org/articles/10.3389/fenvs.2024.1462700/full
https://www.frontiersin.org/articles/10.3389/fenvs.2024.1462700/full
https://www.frontiersin.org/articles/10.3389/fenvs.2024.1462700/full
https://crossmark.crossref.org/dialog/?doi=10.3389/fenvs.2024.1462700&domain=pdf&date_stamp=2024-12-09
mailto:fyli2011@126.com
mailto:fyli2011@126.com
https://doi.org/10.3389/fenvs.2024.1462700
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://www.frontiersin.org/journals/environmental-science#editorial-board
https://doi.org/10.3389/fenvs.2024.1462700

Xu et al.

global average temperature has risen by 1.45°C + 0.12°C relative to its
pre-industrial level (the 1850-1900 baseline). This increase
significantly exceeds the warming trends observed in previous
years and is closer to the 1.5°C target outlined in the Paris
Agreement. Projections also indicate that the average temperature
in 2024 may exceed this level (Yao et al., 2022; Thanvisitthpon et al.,
2023). Presently, approximately 30% of the global population is
exposed to extreme heat, which results more than 38,000 deaths
annually, primarily among children and older adults (Martin and
Paneque, 2022). Additionally, it has been predicted that extreme
heat will trigger a cascade of events globally, and if temperatures
reach 4.0°C, half of the world’s regions will be at a greater risk of
more severe natural disasters, such as droughts and wildfires, which
can significantly impact the operation of various urban
infrastructures and exacerbate heat-related risks in cities (Hu and
Xiong, 2015). China is recognized as a sensitive and highly impacted
region with respect to global climate change, and its overall climate
risk index is steadily increasing (Chen Y. et al., 2020). According to
The 2023 China Report of the Lancet Countdown on Health and
Climate Change, in 2022, China experienced a record-breaking
21 days of heat waves per capita, leading to over 50,900 deaths
(Zhang S. et al., 2023). Therefore, heat waves constitute a major
threat to the urban ecological environment and human wellbeing,
and to mitigate its effects, a precise and scientific evaluation to
identify the spatiotemporal distribution patterns of urban heat risk
and highlight tailored mitigation strategies is urgent. Such studies
hold great significance for enhancing the quality of human
habitation and fostering sustainable urban progress.

Heat risk assessment plays a crucial role in visualising the
distribution of urban heat risk characteristics, and its research
paradigm has experienced significant advancements in recent
decades (Rowlinson et al, 2014). Heat risk depends on both
hazardousness and vulnerability, with vulnerability including
exposure to hazards and adaptive capacity; this hypothesis
introduced a level of uncertainty and subjectivity to the concept
of vulnerability, as it was determined not only by socio-ecological
data reflecting urban coping capabilities but also hazard exposure
estimates or projections (Sharma and Ravindranath, 2019; Estoque
et al, 2020). In 2012, the Intergovernmental Panel on Climate
Change (IPCC) formulated a climate risk-centred assessment
framework in its “Special Report on Managing the Risks of
Extreme Events and Disasters to Advance Climate Change
Adaptation”. Within this updated framework, risk was articulated
as a function comprising three primary components: hazard,
exposure, and vulnerability (Murray and Ebi, 2012). Within this
context, exposure was delineated as the presence of specific exposed
elements or risk components, distinct from vulnerability, aligning
with established frameworks commonly employed in disaster risk
assessment. This recent framework by the IPCC has found practical
application in recent research endeavours (Aerts et al., 2018; Wang
et al., 2023) and has served as a fundamental guide in shaping our
research methodology and design.

The development of cooling strategies based on urban heat risk
assessment findings is critical for adaptive spatial planning, focusing
on mitigating urban heat risk. Green infrastructure (GI) serves as a
vital element of the urban ecosystem, demonstrating varying degrees
of cooling effects based on its size, form, and spatial arrangement.
Many GI components, including green spaces and water features,
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exhibit a “cool island effect” that counteracts the heat island
phenomenon (Zhuang et al., 2017) and, hence, plays a significant
role in addressing urban heat-related challenges during the summer
months and reducing associated heat risks (Escobedo et al,, 2015).
Therefore, GI functions as urban cool islands as opposed to urban
heat islands (Liu et al., 2022). In the pursuit of sustainable urban
cooling, scholars have conducted quantitative research on the
thermal environment benefits provided by GI, primarily through
field observations and numerical simulations. Field measurement
studies have predominantly discussed the significant factors
influencing the GI cooling effect concerning area, shape,
vegetation structure, and other relevant aspects (Fei et al., 2023;
Zhao et al., 2023). The methodologies utilised primarily encompass
mathematical and statistical techniques, including correlation
analysis and regression modelling (Sun et al., 2020; Zhang et al.,
2022). Regarding numerical simulation, investigations have
predominantly utilised software tools such as CFD and ENVI-
met to conduct scenario simulations, aiming to analyse the
synergistic effects of vegetation, water bodies, and other key
elements for optimal cooling in GI systems (Bouketta, 2023; Hao
TP. et al.,, 2023).

While considerable progress has been made in clarifying the
distribution of urban heat risk at micro- and meso-scales, studies in
this regard at the urban macro level are limited. Further, the primary
focus has been on statistical analyses at the regional or localised
patch scale to identify the attributes of GI elements that are capable
of mitigating land surface temperature (LST) (Shen et al., 2022; Xue
et al, 2022). However, an important factor contributing to the
escalation of urban heat risk, the alteration of urban thermal
environment patterns owing to the combined impacts of human
activities and the ecological environment, needs to be considered.
Enhancing relevant mitigation strategies at a macro level is therefore
important. Reportedly, the spatial layout and connectivity
optimisation of urban cool islands can significantly enhance the
thermal environment (Debbage and Shepherd, 2015). Moreover, the
establishment of a comprehensive and well-organised natural
cooling network can effectively mitigate the adverse effects of
intensive urban development and human activities (Peng et al,
2022). However, the mere creation of a cool island network is
insufficient to fully demonstrate the energy transfer mechanisms
from high-temperature to low-temperature entities (Cheng and Wu,
2020). Thermal accumulation in urban patches with high
temperatures can further exacerbate local overheating, thereby
limiting the mitigation effects of cool islands on heat risk to
some extent. Hence, the development of landscape networks
necessitates a thorough analysis of the spatial structural attributes
of cool islands and heat sources, along with their interactions. In
urban settings, the heat absorbed by the land surface naturally
transmits to distinct urban cold islands through ecological
processes, following the second law of thermodynamics (Jamei
et al, 2016). During this process, heat abides by the surface
energy balance principle, transforming into alternate forms of
energy to sustain system equilibrium. Research indicates that the
construction of a landscape network can expedite this transfer and
conversion process (Li and Chen, 2023a; Liu et al., 2024).

To address the aforementioned research gaps, this study focuses
on examining the spatial structural characteristics and interactions
between cold islands and heat sources. By integrating relevant
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thermodynamic theories, we aimed to establish a new network
connection between cool islands and areas with significant heat
risk and ultimately propose a construction model for an urban
composite cooling network. Our study follows the method of
“source identification-resistance surface construction—corridor
extraction” as a whole. Initially, following the climate risk
assessment framework outlined by the IPCC, a thorough
evaluation of urban heat risks was conducted using a variety of
data sources. Core heat risk sources (CHRSs) were considered as
areas of highest heat risk that are prioritised for cooling efforts.
Furthermore, an assessment of the quality of urban cold islands,
represented by GI, was conducted from two perspectives: the
intensity and sustainability of the cold island effect. Exceptional
cold island patches were identified as core cold sources (CCSs).
Subsequently, spatial principal component analysis (SPCA) was
utilised to create a comprehensive resistance surface, enabling the
quantification of heat transfer resistance within the urban thermal
environment pattern. Finally, the minimal cumulative resistance
(MCR) model was utilised to establish heat transport corridors
(TCs) connecting CHRSs and adjacent CCSs. Concurrently, cool
island synergy corridors (SCs) linking all CCSs were developed
based on circuit theory (CT). Furthermore, we implemented
proactive measures at pivotal nodes to bolster the safeguarding of
cold island resources, thereby mitigating and pre-empting the
escalation of heat-related risks. Therefore, in this study, we aimed
to construct a composite cooling network construction model to
reveal the energy flow process in the urban thermal environment
and thus, enable the transfer of heat from risk sources, improve
cooling efficiency via the synergistic effect of cool island networks,
reduce urban thermal risk, and provide useful guidance for cities to
effectively adapt to and mitigate heat risk.

2 Materials and methods

2.1 Study area

Fuzhou is the capital city of Fujian province in China
characterised by a subtropical monsoon climate. According to
data released by the Fuzhou Municipal Bureau of Statistics in
2020, Fuzhou covers a total area of 11,968 km? and has a
permanent population of 8.29 million, with an urbanisation
rate of 72.5%.

Fuzhou exemplifies a typical estuary basin, with its central urban
area situated at the basin’s core. The progression of urban expansion
and societal advancement has brought about significant alterations
in the surface landscape. The industrial, commercial, and
transportation activities of the populace have contributed to
heat
Fuzhou’s distinctive geographical position and topographical

substantial emissions. These factors, combined with
attributes, have posed challenges in effectively dissipating LST;
the prolonged heat saturation has resulted in a pronounced heat
island effect (Pan et al., 2020). Since 2007, Fuzhou has experienced
an average peak LST of 35°C-40°C during midsummer, with
temperature differentials of up to 4°C between urban structures
and green areas (Chen YH. et al., 2020), leading to severe heatwave
calamities. Records from the Fuzhou Meteorological Bureau indicate

that in 2020, the city encountered 61-76°days with temperatures
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exceeding 35°C, surpassing historical highs in some regions during
the same timeframe.

To maintain the representation and universality of our study, we
chose the urban area of Fuzhou (excluding Pingtan Island) for our
empirical research (Figure 1).

2.2 Data sources

The sources of the basic data used in this study and their usage
are shown in Table 1. The datasets were converted into raster data
and resampled to a resolution of 30 m x 30 m in ArcGIS 10.8. They
included: (1) Landsat8 OLI satellite remote sensing imagery data
downloaded directly from the website of the United States
Geological Survey. (2) Level 1 and level 2 type land-use
classification data, which met the accuracy requirements for our
study (accuracies >93% and 90% respectively) were obtained from
the Data Center for Resources and Environmental Sciences of the
Chinese Academy of Science (Li et al., 2024). (3) Digital elevation
model (DEM) data were obtained from the Geospatial Data Cloud
platform and subsequently used to obtain slope data. (4) Nighttime
light data (2020) was obtained from Harvard Dataverse) (Chen JD.
etal., 2020). (5) Road data, including data on railways, expressways,
national highways, provincial highways, primary roads, and other
roads were obtained from Open Street Map. (6) Population data,
including unrestricted population density data for 2020 and the ratio
of men to women aged 0-80 in individual counties was obtained
from World Pop). This population data was further stratified to
obtain data for children (individuals aged <5) and older adults
(individuals aged >65). (7) Data on buildings and (8) Medical point
were obtained from Amap (Gaode) Maps API, and (9) Socio-
economic data 2020 Fuzhou
Statistical Yearbook.

were obtained from the

2.3 Methodology

Our research framework comprises three primary components.
By conducting a thorough heat risk assessment and cold island
quality evaluation in the study area, we identified the CHRSs and
CCSs, which were subjected to additional screening incorporating
landscape connectivity metrics. Eight surface spatial structure
indicators were chosen to assess the level of heat transfer
resistance in the thermal environment pattern, forming a
comprehensive resistance surface. Subsequently, a composite
cooling network representing the energy flow dynamics of the
thermal environment pattern was meticulously developed
utilising the MCR and CT models. This process included
pinpointing key nodes for precise management and control. The
complete research framework is illustrated in Figure 2.

2.3.1 Urban heat risk assessment
2.3.1.1 Construction of the urban heat risk
assessment framework

The conceptual framework for climate risk assessment proposed
by the IPCC delineates climate change risk as a consequence of the
interaction between climate-related disasters and both human and
natural systems. This risk is defined by the inherent peril of the
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FIGURE 1

Location of the study area.

TABLE 1 Data used in this study.

The United States Geological Survey (https://

Geospatial Data Cloud platform (http://www.

Resource and Environment Science and Data Center of
the Chinese Academy of Science (https://www.resdc.cn)

Harvard Dataverse (https://datamanagement.hms.

Data Year Resolution Database sources
Landsat8 OLI satellite remote =~ 2020 30 m
sensing imagery earthexplorer.usgs.gov/)
Digital elevation model data
gscloud.cn)
Land use data
Nighttime light data 1 km
harvard.edu/)
Population density data 1,000 m World Pop (https://www.worldpop.org)
Proportion of children and 100 m

older adults

Building footprint and floor
data

Medical points data

Road network data

Socio-economic data

Vector graph

Amap (Gaode) Maps API (https://Ibs.amap.com/
getting-started/search)

Open Street Map (https://www.openstreetmap.org)

Usage

Retrieval of LST.

Calculation of related remote sensing indicators of
heat vulnerability, cool island effect intensity, and

resistance surface

Construction of resistance surfaces

Calculation of related indicators for heat exposure,

heat vulnerability, and cool island quality assessment

Quantifation of heat vulnerability and cool island
effect sustainability

Quantifation of heat vulnerability

Construction of resistance surfaces

Quantifation of heat vulnerability

Quantifation of heat exposure

Fuzhou Statistical Yearbook (https://tjj.fuzhou.gov.cn/)

Quantifation of heat vulnerability

disasters, as well as the exposure and vulnerability of at-risk
elements. Heat hazard pertains to the probability of heat-related
disasters occurring in the geographical area where the affected
element is situated and signifies the degree to which the
populace’s health is impacted by heat-induced stress. Both
natural fluctuations and human intervention in the global climate

Frontiers in Environmental Science 04

can influence the heat hazard of a specific region, ultimately
materialising in the temperature characteristics of that locale
(Wilhelmi and Hayden, 2010; Heaton et al., 2014). Heat exposure
refers to the quantity of exposed elements within a designated space
where heat stress could potentially arise. This encompasses metrics
concerning human undertakings and the direct exposure of land

frontiersin.org


https://earthexplorer.usgs.gov/
https://earthexplorer.usgs.gov/
http://www.gscloud.cn/
http://www.gscloud.cn/
https://www.resdc.cn/
https://datamanagement.hms.harvard.edu/
https://datamanagement.hms.harvard.edu/
https://www.worldpop.org/
https://lbs.amap.com/getting-started/search
https://lbs.amap.com/getting-started/search
https://www.openstreetmap.org/
https://tjj.fuzhou.gov.cn/
https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2024.1462700

10.3389/fenvs.2024.1462700

Xu et al.
Heat risk assessment
= Core heat risk
[ Heat hazard| |Heat exposure| |Heat vulnerability| <= [ IPCC | source (CHRS)
- - MSPA
Cool islands quality assessment |—|
Connectivity
[ Coolislands effect intensity | i}|Cool islands effect sustainability| Ml
Cooling contribution index Nighttime Light (s:(?ur?cgo(gCS)
Resistance index (RI) to heat stress Habitat quality
Landscape shape index (LSI) Shannon diversity index (SHDI)
Resistance surface construction
Horizontal spatial structure of land surface Vertical spatial structure of land surface
:I | | ——— _ | <€|SPCA
{lLanduse| [NDVI| [NDISI| [MNDWI| [ Buidingheight | [ Floor arearatio| [DEM | |SLOP]
B
Composite cold network construction
[ Transport corridor |i i [ Synergy corridor | i i I:
— [ Cooling node| | Barrier node |
-CHRS =3 [lees -ccs i -ccs = .
= E=1 ‘ Urban heat risk
A : ﬁ mitigation
MCR Circuit theory
FIGURE 2
Research framework.
| Heat risk assessment|
|Heathazard|  |Heat exposure | | Heat vulnerability |
3 y ]
| Riskstress | | Human Footprint index | Sensitivity | Adaptive capacity |

FIGURE 3

Population density
human influence index on land cover

Road network density
Nighttime Light

Population structure

Socioeconomic and medical construction

Proportion of elderly population
Proportion of children population

Nuclear density of

Urban and rural per capita disposable income

medical points

Ecology and landscape pattern

Natural environment

—» Land surface temperature (LST)

Heat risk assessment framework.

GOHESION A
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Relative habitat
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surfaces (Yin et al., 2013). Heat vulnerability denotes the level to
which exposed elements are susceptible to heat impacts and their
resilience. This encompasses two facets: sensitivity, evidenced in the
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attributes of individuals and environments exposed to heat, and
adaptability, indicative of a city’s capacity, both socioeconomically

and ecologically, to react to disasters.
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data
availability, we developed a Fuzhou heat risk assessment system

Considering  Fuzhou’s  construction, quality, and
(Figure 3). Supplementary Figure S1 displays data for the different

indicators.

2.3.1.2 Heat hazard assessment method

Based on previously reported methodologies (Morabito et al.,
2015; Zhang et al.,, 2019), we utilised the inverted LST technique on
remote-sensing imagery data to analyse the heat threat within the
Fuzhou Region. The use of this imagery data as opposed to
temperature data collected at meteorological stations, enabled a
more accurate delineation of the spatial variations in heat stress at
the municipal level (Yang et al., 2022). The remote-sensing imagery
utilised in this study pertained to the dates of July 15 and 22 July
2020, a period marked by heightened summer heat risks in Fuzhou.
The radiative transfer equation algorithm (atmospheric correction
method) involves using real-time atmospheric detection and profile
data to assess the atmospheric influence on land surface thermal
radiation. In the radiative transfer process from the ground to the
atmosphere, the thermal infrared radiation energy, L), received by
satellites consists of three components: 1) the actual radiation from
the ground that passes through the atmosphere and is then received
by the satellite; 2) the upward radiance from the atmosphere, L1; and
3) the downward radiance from the atmosphere, L|. The thermal
infrared radiance values received by satellites are calculated by
Equation 1:

L= [S'B(Ts)+(1—£)Ll]-T+LT (1)

where ¢ represents the surface emissivity, 7 is the atmospheric
transmissivity in the thermal infrared band, and Ts is the true
ground temperature. L| and L; are the downward and upward
atmospheric radiances, respectively. Assuming Lambertian
properties for surface and atmospheric thermal radiation, the
blackbody radiance B(T;) is derived using the radiative transfer

equation, as shown in Equation 2:

B(T)=[Li-Li-7-(1-¢L;/7-¢] (2)

After calculating the blackbody radiance, the true ground
temperature can be estimated using the inverse function of
Planck’s law, as shown in Equation 3:

T, = Kz/ln(B(Ts) + 1) 3)

where K; and K, are constants for the thermal infrared band. For
Landsat 8 OLI band 10, K; is 774.89 W -m*sr ".um™’, and K,
is 1,321.98 K.

Prior to the calculations, we obtained the surface emissivity, ,

using the vegetation index mixing model (Sobrino et al., 2004). This
model assumes that the surface is composed of varying proportions
of bare soil and vegetation, allowing for three possible emissivity
values for each pixel: 1) with normalised difference vegetation index
(NDVT) <0.2, the area is considered to be bare soil with an emissivity
g of 0.97; 2) when NDVI >0.5, representing full vegetation, the
emissivity e, is 0.99; and 3) when 0.2 < NDVI <0.5, the emissivity &
for mixed pixels is calculated using the Equation 4:

e=¢P,+&(1-P,) +d, 4)
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where P, represents the proportion of vegetation cover, and d_ is the
surface emissivity correction parameter. These are calculated by
Equations 5, 6:

P, = [(NDVI = NDVI,;,)/NDVIpae - NDVL]*  (5)
d, = (l_ss)(l_Pv)Fsv (6)

where NDV1 . is typically set to 0.5 and NDV I, to 0.2. The
shape factor F is generally taken as the average value, (0.55).

2.3.1.3 Heat exposure assessment method

Heat exposure assessment essentially entails determining the
spatial distribution characteristics of exposed elements in
environments where heat stress may occur. A substantial
body of evidence currently supports the pivotal role of human
activities in the global modifications of diverse surface
environmental elements, including soil, climate, geology, and
hydrology. The stress condition of an ecosystem and its
susceptibility to stress within a specific region can be
elucidated by assessing the magnitude and intensity of human
activities within that locale (Shen et al., 2020). Therefore,
through the evaluation of human activities’ intensity, the
exposure level of the urban populace and surface ecological
patterns to high-temperature settings can be ascertained. This
methodology offers a more in-depth analysis than previous
research (Liu et al, 2022; Wang et al., 2023), which solely
relied on population density to gauge heat exposure.

Currently, the Human Footprint index introduced by Sanderson
et al. (2002) is widely utilised to measure the extent of human
activities. This index is assessed across five dimensions: population
density, land cover alteration, transportation accessibility, power
infrastructure, and ecological communities. These metrics are then
amalgamated to derive the global Human Footprint assessment
(Sanderson et al, 2002; Liu S. et al, 2018). Considering the
urbanisation patterns of Fuzhou and data accessibility and
following the computation approach in the Human Footprint
model, we opted for evaluating population density, land cover
alteration, road network density, and nighttime luminosity to
gauge human activity intensity for the purpose of heat exposure
characterisation.

Details of the calculation method is as shown Equation 7:

E=PD + Road + NTL + SLurc (7)

where E is the heat exposure index, PD is the population density,
and NTL is the nighttime light intensity. Spyrc is the human
influence index on land cover, which was calculated based on the
scores assigned by Sanderson et al. (2002) for each land cover
type (built-up land: 10; agricultural land: 8; other land cover
types: 0). Road is the score for road network accessibility
calculated based on the weighted sum of the Euclidean
distance from a given 500 x 500 m grid cell to various road
types. The weights of the different road types were determined
based on previous studies (Shen et al., 2020) (primary roads: 0.87;
provincial highways: 0.8; national highways: 0.53; railways: 0.37;
expressways: 0.2; other roads: 1). The four indicators were
normalised separately, and equal-weighted overlay was
performed in ArcGIS 10.8 to obtain the heat exposure index

of the study area.
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TABLE 2 Heat vulnerability assessment indicators.

Goal Criterion

layer

Indicator layer

layer

Indicator interpretation

10.3389/fenvs.2024.1462700

EWM
weight

Final
weight

Heat
vulnerability

2.3.1.4 Heat vulnerability assessment method

Sensitivity Proportion of older adults | The older adults and children have weaker body resistance | 0.0556 0.2100 0.1284
population and are more sensitive to high temperatures
Proportion of children 0.0278 0.1263 0.0704
population
COHESION It reflects the degree of landscape connectivity and 0.0409 0.0114 0.0257
fragmentation and measures the sensitivity of surface
Patch density (PD) landscape patterns to the thermal environment 0.0742 0.0691 0.0851
Relative habitat It measures the sensitivity of surface ecological patterns to | 0.1349 0.0495 0.0971
degradation the thermal environment
Adaptive Urban and rural per The higher the income, the better the utilization of cooling | 0.0417 0.0712 0.0647
capacity capita disposable income | equipment and the ability to recover from a disaster
Nuclear density of The more adequate the medical resources, the greater the | 0.1250 0.3296 0.2411
medical points capacity to recover from a disaster
NDVI The higher the vegetation cover, the greater the resistance | 0.1922 0.0287 0.0882
to the thermal environment
MNDWI The more abundant water resources, the better the ability | 0.1504 0.0221 0.0685
to resist thermal environment
Slope index Slope can change the direction and speed of surface 0.0614 0.0522 0.0673
airflow, affecting the heat exchange and local temperature
of the near-surface layer
Humidity index It reflects the humidity condition of the study area’s 0.0961 0.0299 0.0637
surface, which closely affects ecological quality and surface
temperature

MNDWI = (pGreen - pMIRl)/ (pGreen + pMIRl)

Following the IPCC climate risk assessment framework,

(10)

vulnerability was defined as a function of sensitivity and adaptive
capacity. Sensitivity refers to the extent to which human populations
and urban landscapes are predisposed to heat. Traditionally,
children and the elderly are deemed more vulnerable to heat
compared to other demographic groups (Astrom et al, 2011).

where ppjues PGreen> PRed> PNIR» PMiIR1> Ad Paira are the blue band,
green band, red band, near-infrared band, mid-infrared band 1, and
mid-infrared band 2, respectively, of Landsat8 images.

Two methodologies, namely, the Analytic Hierarchy Process
(AHP) and Entropy Weight Method (EWM) (Liang et al., 2019; Wu

The urban expansion has led to land use conflicts, exacerbating et al,, 2022), were utilised to determine the holistic weight through

the fragmentation of surface landscape patterns, leading to elevated the integration of objective and subjective approaches founded on
LST and habitat deterioration (Zhou et al., 2017). This scenario

highlights the vulnerability of surface ecological patterns to high-

the principle of minimum information entropy and the Lagrangian
function. The corresponding Equations 11-16 are as follows:

temperature conditions. Adaptive capacity denotes the ability of a 1™
e = _szik lnpik (11)

city’s socio-economic and ecological systems to efficiently respond
=

to disasters.

By integrating Fuzhou’s urban development with pertinent Pu=Ya / ZY"‘ (12)
indicator data relating to population demographics, landscape i=1
configuration, municipal economy, healthcare infrastructure, 2
ecological ~ surroundings, and more, we formulated a Wiz = (1 _e")/ ’;(1 e (13)

comprehensive heat vulnerability assessment indicator framework

minF = Zwk In(wi/wi) + Zwk In(wi/wi2) (14)
conducted utilising the moving window technique in Fragstats 4.2.1, k=1 k=1

(Table 2). Notably, the calculation of patch density and cohesion was

leveraging land use data. . Z": Lwis0 (15)
stYwe=1,w
The wetness index, NDVI, and modified normalised difference & k k
water index, MNDWI, are calculated by Equations 8-10: "
1 1
Wy = (Wklwkz)z/Z(wklwkz)z (16)
WET = 0.1511py,,, +0.1973p,,.,, + 0.3283p,,, + 0.3407p, i1
+0.7117, —0.4559 8
Pum Pz ®) where ey is the information entropy for the kth indicator. If py = 0,
NDVI = (pxig = Prea)/ (Prir + Prea) ©) then pi In py is assumed to be 0. j; is the subjective weight of
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TABLE 3 Cool islands quality assessment indicators.

Goal layer Criterion Indicator layer

layer

Indicator interpretation

10.3389/fenvs.2024.1462700

AHP
weight

EWM
weight

Final
weight

Cool Island Cool island effect Cooling contribution | It measures the extent to which a cold island contributes = 0.2183 0.0479 0.1211
quality intensity index to the thermal environment, with a higher contribution
assessment representing a higher cooling capacity of the cool island
Resistance index (RI) = It measures the ability of a cool island to resist high 0.2751 0.1072 0.2034
to heat stress temperatures and can spatially reflect the clustering
pattern of the cool island with its surroundings
Landscape shape A higher value of the index means that the more complex = 0.1733 0.1968 0.2187
index (LSI) the shape of the cool island, the easier it is to exchange
material and energy with the external environment
Cool island effect Nighttime Lighting Characterising the extent of anthropogenic interference = 0.0564 0.4189 0.1820
sustainability Index in terms of irradiance values
Shannon’s Diversity Reflecting cool islands landscape heterogeneity and 0.1291 0.1913 0.1861
Index (SHDI) biodiversity at the landscape pattern level
Habitat quality It measures the level of biodiversity and the value of 0.1478 0.0379 0.0887
ecosystem services on cool islands

indicator k using the YAAHP 7.0 through AHP, and w, is its
objective weight calculated with the EWM. w is the combined
weight of indicator k.

2.3.1.5 Comprehensive heat risk assessment

Urban heat risk is determined by the weighted aggregation of
three indices: heat hazard, heat exposure, and heat vulnerability.
There is currently no consensus on the weighting of these three
indicators (Johnson et al., 2012). Following previous studies (Aerts
etal, 2018), we utilised an equal-weighted overlay model to calculate
heat risk, as shown in the Equation 17 below:

HRI=H+E+V (17)

where HRI is the comprehensive heat risk index; H, E, and V are the
heat hazard, heat exposure, and heat vulnerability, respectively. By
performing spatial overlay operations in ArcGIS 10.8, the
comprehensive HRI of the study area was obtained to visualise
the spatial distribution of HRI within this area.

2.3.2 Quality assessment of urban cool islands

Gl is an efficient method to mitigate high-temperature urban
climates and regulate the local energy balance (Su et al., 2021).
Consequently, it holds a pivotal position in enhancing urban climate
resilience and mitigating the effects of urban heat risks. To guarantee
the efficacy of cooling network development, we specifically chose
three types of green infrastructure land use (namely, forest lands,
grasslands, and water bodies) in the research area to evaluate the
quality of cool islands for precise identification of CCSs.

A cold source quality assessment system was devised based on
two key dimensions: the intensity and sustainability of the cool
island effect (Table 3). The intensity of the cool island effect signifies
the cool island’s capacity to regulate urban heat, influenced by both
the landscape features of the “cool island” itself and the surrounding
climate. A cool island with a higher cooling contribution index, a
more intricate shape, and a greater concentration of low-low
clustering pixels will exert a more significant cool island effect
(Feng et al, 2014; Li and Chen, 2023b). Sustainability denotes
the ability of the “cool island” to consistently and durably exert
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the cool island effect in a high-temperature setting. A cold source
with superior habitat quality, reduced nighttime light brightness,
and increased landscape diversity is less susceptible to human
(Shen, 2021), thus
sustainability in urban heat regulation.

The cooling contribution index, CCI, is given by the Equation
18 below:

disturbance demonstrating  enhanced

ccl = (Ij—T—m)xSx/S (18)
where LSTy is the average LST of the cool island; LST is the average
LST of the study area; S, is the area of the cool island; and § is the
area of the study area.

The resistance index, RI, to heat stress involves dividing the
specified study area into grid cells measuring 250 x 250 m. Utilising
the regional analysis tool in ArcGIS 10.8, the average LST of each
grid cell is obtained and further analysed through cluster and outlier
assessments employing Anselin Local Moran’s I method. Values of
9,7,5,3,and 1 are respectively assigned to pixels located within low-
low clusters, low-high clusters, non-significant clusters, high-low
clusters, and high-high clusters. RI is calculated by Equation 19:

m:é%

where p; is the value assigned to the ith pixel, and # is the total

(19)

number of pixels in the cool island.

According to the weight determination method described above
for the urban heat vulnerability indicator system, we conducted the
assignment of weights and normalisation of the different indicators.
Subsequently, we integrated them to finalise the assessment of cool
island quality for Fuzhou.

2.3.3 CHRS and CCS identification

Based on the assessment results concerning urban heat risk and
cool island quality, we identified patches with high heat risk and the top
two tiers of cold island patches. Utilising morphological spatial pattern
analysis with the GUIDOS software, we delineated core areas exhibiting
robust stability. Subsequent screening was conducted based on the
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patch connectivity index, which assesses the relative significance of
individual patches within the study area’s landscape. This index
quantifies ecological structure connectivity and the strength of
landscape links between patches, widely applied in landscape ecology
(Liang et al., 2023). Enhancing heat transfer between CHRSs and CCSs,
and quantifying patch connectivity substantially fosters cool island
effects synergy among CCSs. Hence, we employed the integral index
of connectivity (IIC), probability of connectivity (PC), and patch
importance (dI) to assess patch connectivity levels.
The Equations 20-22 for which are shown below:

i i (%4 - 25 /1 + nly,)

IIC = ! g (20)
n n
Z qu - Xp - Pap
pPC =" 5 (1)
I-1
dI (%) = f"‘ x 100% (22)

where 7 is the total number of patches; x, and x;, are the areas of
patch a and patch b, respectively; nl,, is the number of linkages
between patch a and patch b; P,, is the maximum probability of
linkages between patch a and patch b; I is the value of the
connectivity index; and Iemove is the connectivity index after a
given patch is removed.

Considering the patch distribution in the research area and
existing literature (Xiang et al., 2023), we selected two specific types
of patches, namely, those with dIIC > 0.2 and dPC > 0.3, as the
ultimate CHRSs and CCSs. Particularly, CCSs with high
connectivity adjacent to CHRSs were individually identified as
core transition cold sources (CTCSs) and were subsequently
designated as target patches for TC linkage.

2.3.4 Construction of comprehensive
resistance surface

The resistance surface represents the distribution of resistance
levels to heat diffusion across various thermal environment
landscape patterns, and is reflective of accessibility and cooling
effect trends. The spatial structure of the resistance surface
directly impacts the conversion and redistribution of incident
surface net solar radiation, with net solar radiation primarily
distributed in near-surface sensible heat flux (exchange between
the surface and the atmosphere), near-surface latent heat flux
(evaporation or condensation), and soil heat flow (Li and Huang,
1996; Li and Chen, 2023a). Hence, we employed eight indicators,
including land-use type, NDVI, normalised difference impervious
surface index (NDISI), MNDWI, building height, elevation, slope,
and floor area ratio (FAR), to preliminarily assess the level of heat
transfer resistance within the surface thermal environment pattern.

The NDISI (Sun et al., 2017) and FAR, are calculated as shown in
Equations 23, 24:

NDISI = PR~ (MNDWI + pyyp + Posir) /3
Prir + (MNDWI + pyre + Pasiri) /3

(23)

where pir, Parirs> and pryr are the near-infrared band, mid-infrared
band 1, and thermal infrared band of Landsat8 images, respectively
and MNDWI is the modified normalised difference water index.
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S (CxP)

FAR=2L

1 (24)

where C is the number of floors, F is the building land area, and A is
the grid cell land use area.

The SPCA method was utilised to create the comprehensive
resistance surface. SPCA, a multivariate statistical technique,
transforms correlated variable data into linearly uncorrelated
data, facilitating the mapping of three-dimensional spatial data to
two-dimensional space with clarity (Zou and Yoshino, 2017). The
analysis was conducted using the Principal Components tool in
ArcGIS 10.8, as indicated by the Equation 25:

R:AlXPC1+A2>(PC2+"'+A,,XPCH (25)

where R is the comprehensive result of the resistance surface, A, is
the contribution rate of the nth principal component, and PC, is the
nth principal component.

2.3.5 Construction of composite cooling network

The urban composite cooling network comprises TCs and SCs.
TCs facilitate the acceleration of heat transport from CHRSs to
CCSs, whereas SCs enhance the synergy of the cool island effect
among CCSs, not only receiving and converting the transported heat
but also providing compensation of the cool island effect to the
surrounding environment.

We identified highly interconnected CCSs with substantial areas
positioned adjacent to CHRSs. Leveraging the precision of the MCR
model in delineating corridor initiation and termination points, we
utilised the cost path, cost distance, and cost backlink functionalities
within the ArcGIS platform to extract the optimal path between two
different patches based on the comprehensive resistance surface raster
data. The centre of CHRSs served as the point of origin, with the centre of
CCSs designated as the terminus. These pathways were designated as TCs.

The extraction of SC was conducted based on the CT model utilising
the Linkage Mapper tool, as compared with the MCR model, the CT
model excels at eliminating corridor redundancies by pinpointing the
most efficient path for establishing ecological connections between
single-type sources. Additionally, the CT model can accurately
identify pivotal nodes for enhancing or disrupting linkages through
the analysis of simulated current flow and resistance. The calculation of
current flow centrality for SCs was conducted using the Centrality
Mapper module to assess their significance. To enhance the
administration and conservation of premium cool islands within the
research area, the Pinchpoint Mapper and Barrier Mapper tools were
applied to pinpoint critical areas within SCs as cooling nodes and
essential restoration efforts. Subsequently, a composite cooling
network was developed by superimposing TCs and SCs in ArcGIS,
with a focus on optimising duplicate corridors.

3 Results

3.1 Current status and distribution
characteristics of urban heat risk

The natural breakpoint method was utilised to categorise the
three assessment indices and HRI into five levels. Elevated levels of

frontiersin.org


https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2024.1462700

Xu et al.

10.3389/fenvs.2024.1462700

(A) Heat hazard (LST) (B) Heat exposure (C) Heat vulnerability
“ A A
,j I>p:" a
0 10 20 0 10 20 40km 0 10 20 4Okm
m Low (12.3°C-22.64°C) < * 1 Low (0-0.094) 6 S m Low (0-0.125)
= Low medium (22.64°C-26.45°C) =1 Low medium (0.094-0.251) = Low medium (0.125-0.188)
£ Medium (26.45°C-28.42°C) = Medium (0.251-0.392) =1 Medium (0.188-0.267)
m High medium (28.42°C-30.89°C) m High medium (0.392-0.525) = High medium (0.267-0.451)
m High (30.89°C-43.69°C) m High (0.525-1) m High (0.451-1)
(D) Standard deviation ellipse (E) 2020 comprehensive heat risk
. 118°30°E 119°0E 119°30°E 120°0°E
A &
' 3
: g1
z
oo
-4
< Standard deviation eIIips o
O Barycenter 01020 20 3
)Q
4
[ 1 Low (0-0.263)
[ 1 Low medium (0.263-0.345)
2 Medium (0.345-0.459)
N
I High medium (0.459-0.588) g_
. 0510 20 30 40 >
I High (0.588-1) e z
FIGURE 4

Result of heat risk assessment in the study area (A) Heat hazard, (B) Heat exposure, (C) Heat vulnerability, (D) Standard deviation ellipse, (E)

Comprehensive heat risk in study area.

heat hazard and heat exposure were observed in the
area and southeastern coastal region according to
assessment criterion (Figures 4A, B).

alterations in the land cover, leading to a heightened exposure

within these areas to the thermal environment and
increasing the level of heat exposure. In the western

regions, there was a discernible decrease in heat hazard and

exposure. Nevertheless, human activities and land

were observed in the upper regions of the Min River in the west
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Additionally,
expansion often coincides with intense human activities and

central urban  and the southwestern forests, which exhibited elevated LST values

each specific ~ compared with their surroundings. Fuzhou, being a mountainous
urban  city, has historically ensured the preservation of its forest resources.
Consequently, the mountainous ecological forest zones and remote
mountainous areas demonstrate reduced susceptibility to heat stress
consequently  owing to their exceptional ecological assets. In contrast, the central
mountainous  urban area, despite its advanced socioeconomic status, experiences a
diminishing resilience in the face of heat stress due to the
fragmentation of green and blue spaces and a suite of ecological

challenges stemming from intensive urban expansion (Figure 4C).

development
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Result of cool islands quality assessment. (A) Cool islands effect intensity, (B) Cool islands effect sustainability, (C) Cool islands quality in study area.

The results of the comprehensive HRI assessment are depicted
in Figure 4E. Low and low-medium risk areas accounted for more
than 60% of the total study area (40.03% and 22.26%, respectively),
medium and high-medium risk areas accounted for more than 10%
of the total area (15.98% and 11.94% respectively), and high-risk
areas accounted for the least proportion of the study area (8.79%). It
is evident that the central urban area and eastern coastal region of
Fuzhou exhibited considerably elevated HRI levels. Between the
central urban area and the southeastern coastal region, substantial
medium to high-risk zones were discernible. Areas with lower risk
were primarily concentrated in the western mountainous regions.
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The Min River, a pivotal water resource in Fuzhou, displayed
varying degrees of heat risk, with localised high-risk zones noted
in its upper reaches and the southwestern mountainous areas.
Utilising the Directional Distribution tool in ArcGIS 10.8,
standard deviational ellipses for HRI were computed (Figure 4D).
The semi-major axis of the ellipse signifies the distribution and
trajectory of heat risk, while the semi-minor axis indicates the range
and dispersion of heat risk. The result of analysis reveals that the
epicentre of heat risk in Fuzhou was concentrated in the central
urban area, with a discernible tendency towards expansion towards
the southeastern coast. Consequently, it is imperative to implement
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Distribution of CHRSs and CCSs.

effective mitigation strategies for heat reduction to impede the
further propagation and exacerbation of heat risk.

3.2 Quality assessment of urban cool islands

The intensity and sustainability indicator values of the cool
island effect are shown in Figure 5A and B respectively. The
comprehensive cold island quality assessment is shown in
Figure 5C and is divided into four levels by natural breakpoint
method. Cool islands rated as “excellent” and “poor” accounted for
only 11.31% and 7.45% of the total cool island area, respectively,
while the remaining 44.49% and 36.75% were “average” and “good”,
respectively.

“Good” cool islands were primarily dispersed as blocks in the

western mountainous regions and northeastern areas,
predominantly consisting of forest lands. “Excellent” cool
islands were sporadically located within the “good” cool
island patches. “Poor” cool islands were predominantly
concentrated in proximity to urban developments, while
relatively expansive segments of “average” cool islands were
interspersed among the various cool island levels. The Min River
traversing the central urban zone has suffered adverse effects
due to urban expansion, with cool island quality predominantly
falling into the categories of “average” and “good”. A limited
number of “poor” cool islands were identified in select
southwestern areas, attributed to landscape fragmentation
and land use conflicts arising from human activities,
significantly impacting the quality of adjacent cool islands. In
conclusion, the “excellent” and “good” cool islands displayed
notable patch and cluster characteristics, enabling them to
consistently and effectively contribute to enhancing the local

thermal environment.
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3.3 CHRS and CCS identification results

Next, patches with high heat risk and cool islands rated
“excellent” and “good” were extracted. Following a patch
connectivity analysis (Supplementary Table SI1), patches with
small areas and poor connectivity were eliminated, yielding
21 CHRSs and 32 CCs (including 14 CTCSs) (Figure 6). The
total area covered by these two types of sources was
11,41.62 km® and 3,198.42 km’, respectively, while that of
individual patches was >0.5 km?, with dIIC >0.2 and dPC >0.3.
CHRSs were concentrated in the central urban area and
southeastern coastal area. The largest CHRS was patch #21,
the CCSs

northwestern mountainous

whereas patch #9 was smallest.
the

northeastern area, the largest of which, patch #30, was in the

were mainly

concentrated in area and
southern part of Yongtai County. There were also relatively large
CCS patches in the northern part of Minhou County and the eastern
and northern parts of Luoyuan County and Lianjiang County. The
smallest was patch #12 near the central urban area. CCSs #18,
#21 and #22 were relatively complete linear rivers that, together with
CCS #24 and #27, were located within the CHRS pattern and
encountered heightened ecological pressures. Overall, CHRS and
CCS exhibited a spatial pattern featuring the differentiation between
the northwest and southeast, with a high degree of separation.
Numerous large CCSs were relatively far from CHRSs, resulting
in the lack of heat transport and long-term saturation of CHRSs.

3.4 Construction of final resistance surface

The process and results relating to the establishment of the
comprehensive resistance surface are outlined in Figure 7. Detailed
data pertaining to the various resistance factors and the outcomes of
SPCA analysis are available in Supplementary Tables 52, S3. The top
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Final resistance surface.

five principal components, showcasing cumulative variance
the

development of the resistance surface. This surface serves as a

contribution rates exceeding 90%, were utilised for
broad representation of the heat transfer resistance levels within
the surface thermal environment framework. Regions with high
resistance levels were primarily concentrated in the central urban
area and developed zones along the southeastern coast, aligning
closely with the distribution of high heat-risk regions in the specified
area. Conversely, low-resistance zones tended to coincide with cool

islands within the study area, predominantly comprising green

infrastructure such as forested areas, water bodies, and
grasslands, which contribute significantly to  ecological
enhancements.

3.5 Construction of composite cooling
network and node identification

A total of 94 least-cost paths from CHRS to CTCS were extracted
based on the MCR model (Figure 8A). Initially, all CHRSs were
connected before linking to CTCSs, thus forming TCs spanning a
total length of 2,178.73 km. After buffering by 200 m, the TCs were
overlaid with the LST in 2020 (Figure 8C), showing the high-to-low
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changes in LST from the starting to the ending point of the corridors
and reflecting the gradual heat transfer process from CHRSs to
CCSs. Using the Linkage Mapper, a total of 96 SCs were extracted,
spanning a total length of 2,615.64 km (Figure 8B). The current flow
centrality and rank of the SCs were calculated using the Centrality
Mapper. A total of 27 key SCs were extracted, spanning a total length
of 524.01 km, most of which were links between large CCS patches
and distributed within the rich forest resources of the northwestern
mountainous areas. A small number was also distributed in the
transition zones between the central urban area and the northwest.
The remaining 69 were important SCs, spanning a total length of
2,091.63 km, primarily connecting CCS patches of uneven sizes in
the northwestern region. Furthermore, there exists a relatively dense
distribution of important SCs between the two major river systems,
Min River and Wulong River, and the northwestern cool islands.
This was due to the special, geographical, and environmental
conditions of the central urban area within this study area;
therefore, the cool island patches dominated by the Min River
and Wulong River are key areas to strengthen the synergy
between the northern and southern cool islands. The average
LST of SCs (25.34°C) was lower than that of TCs (27.89°C) and
significantly lower than that of high heat-risk areas (31.14°C). This
explains, the hierarchical relationship between SCs and TCs, and the
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Composite cooling network introduction (A) Transport corridors (TCs), (B) synergy corridors (SCs), (C) heat transfer paths for TCs, (D) composite

cooling corridors.

gradual regulation of the thermal environment climate. The
composite cooling network constructed by overlaying the two
types of corridors is shown in Figure 8D.

Based on the construction of SCs, the Pinchpoint Mapper tool
was utilised to calculate the current density in the all-to-one and
pairwise modes (Figures 9A, B). A total of 148 cooling nodes were
identified. The Barrier Mapper tool, with a search radius of 400 m,
was employed to detect barriers in relation to the least-cost paths
using the moving window search method in both improved and
unimproved modes (Figures 9C, D). A total of 78 barrier nodes were
determined. It is noteworthy that the cooling nodes exhibited dense
distribution within the highly interconnected large cool island
patches in the northwest, as well as in the transitional areas
between the central urban region and northwestern cool islands.
This distribution arose from the intricate structure of the cool island
networks linking CTCSs in the transition zones. As these networks
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traversed the central urban area, their cooling impact extended
effectively into this urban section. Furthermore, these cool island
networks can be well-connected to TCs to further receive and
convert the heat from CHRSs. The barrier points were
distributed over a large area in the transition zone from the
central urban area to the southeastern coastal area. CCS #24 and
#27 within this area bear relatively high ecological pressure.
Furthermore, some barrier nodes existed in areas with severe
landscape fragmentation, such as the denuded mountains and
certain sandbars in the west. The removal of these barrier nodes
is critical to alleviating landscape fragmentation and ecological
protection pressures, consequently strengthening the synergy of
cool island effects among CCSs. The composite cooling network
was overlaid with the two types of nodes to obtain the final overall
layout of the composite cooling network for the
area (Figure 10).

study
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4 Discussion

4.1 Impact of constructing a composite
cooling network on mitigating urban
heat risk

The mitigation of heat risk through sustainable urban cooling is a
systematic and multi-objective process. Previous studies have primarily
focused on the establishment of natural cooling networks known as
“source-source” networks, utilising urban blue and green patches.
Nonetheless, this approach fails to comprehensively depict the
energy transfer dynamics of surface thermal environments in their
natural state. Consequently, the cooling advantages of cool island
patches located outside urban areas are not efficiently transmitted to
high-risk zones, and heat accumulation in these areas remains
inadequately managed or converted promptly. Drawing from the
surface energy balance theory and the principles of energy
conservation in thermodynamics, incoming surface energy can be
converted into diverse forms of energy to uphold system equilibrium.

This process can be expressed by the surface energy balance
theory, as shown in Equation 26 (Fernandez et al., 2021):
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Q+Qr=Qp+ Qs+ Qs (26)
where Q*is the surface net radiation; Qg is anthropogenic heat; Qyy is
the sensible heat flux; Qg is the latent heat flux; and Qg is the
storage heat flux.

Numerous studies (Li and Huang, 1996; Liu J. et al, 2018;
Fernandez et al, 2021) have highlighted the close correlation
between the spatial distribution of surface energy and land cover
types. Specifically, water bodies and vegetation exhibit higher levels
of net radiation and latent heat flux. In contrast, impervious surfaces
display elevated levels of sensible heat flux and storage heat flux,
while urban areas demonstrate increased anthropogenic heat (Liu
J. et al, 2018). Fuzhou’s high heat-risk areas were found to be
primarily distributed in the central urban region and developed
areas along the southeastern coast. Relative to non-built-up-areas,
these high heat-risk areas absorb solar radiation during the day
owing to the physical properties of the impervious surface and
building materials (Hao L. et al, 2023). When the absorbed
incoming solar longwave and shortwave radiations exceed the
outgoing radiation, heat exchange occurs between the artificial
surface and the atmosphere, resulting in the conversion of energy
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Composite cooling network layout.

into sensible heat flux and storage heat flux, hence increases in
temperature (Gago et al, 2013). Additionally, this phenomenon
greatly impedes vegetation transpiration and soil evaporation
latent heat
weakening its cooling effect and leading to local surface energy

processes and also significantly reduces flux,
imbalances (Hou et al., 2022). The implementation of a composite
cooling network, as detailed in this study, effectively addressed this
surface energy imbalance. TCs play a vital role in decreasing heat
storage flux, sensible heat flux, and anthropogenic heat in the
environment by promoting heat transfer from high-risk zones to
adjacent cool islands. Further, compared with fragmented cold
islands, interconnected cold islands have a more efficient and
stable cooling effect (Qiu et al, 2023). Therefore, SCs can
enhance latent heat flux in cool island patches to some extent,
thereby mitigating potential high-risk sources in the western
developed areas by reinforcing the sustainability and resilience of
the cool island effect.

Consequently, the variables of the surface energy balance
equation can be altered, thereby strengthening the overall energy
flow and conversion process of the system and persistently
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maintaining its balance. This, in turn, can mitigate heat risk and
curb its spread along the southeastern coast.

4.2 Urban intervention strategies against
heat risk

Owing to the low number of high-quality cool island patches
distributed in the central urban area and southeastern coastal built-
up area, the southeastern CHRSs were positioned at a considerable
distance from these patches. As a result, a direct linkage to a corridor
for southeast-northwest heat exchange was unattainable.

Therefore, based on the results of constructing the composite
cooling network, we propose the following urban intervention
strategies to mitigate urban heat risk: (1) high-quality urban cool
islands in the west should be protected. The landscape features, and
spatial layout of important GI, such as mountains and rivers, outside
the city should be optimised. The abundant western mountain
resources in Yongtai, Minqing, Luoyua, and Lianjiang Counties
should be utilised to construct an ecological barrier for the western
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cool islands and accelerate the transformation of low-quality cool
islands into high-quality cool islands (Li and Chen, 2023b). A cool
island compensation system should be developed, radiating from the
central urban area to the southeastern coast based on the landscape
pattern of the main urban area dominated by the Min River, Qi
Mountain and Gu Mountain. (2) Cooling nodes, which have a better
cooling effect and are key locations for cold network connectivity,
should be protected and optimised (Zhang Y. et al., 2023). The
improvement measures mainly include adding green spaces at nodes
to increase the greening rate, promoting the formation of new CCSs,
and exploring potential corridors while also encouraging the
transformation of important SCs to key SCs. In addition, cooling
nodes can be added within built-up areas by building green paths
and belts in park systems to improve the local climate (Xiang et al.,
2023). (3) Barrier nodes should be removed and transformed.
Barrier nodes are areas of the cold network that may impede its
connectivity and may lead to breaks in the network (Liu et al., 2024).
By incorporating the city master plan, adjustments should made to
Fuzhou’s current land use status, barrier nodes should be removed,
and future construction and development intensity in high-risk
areas should be appropriately controlled. In addition, rooftop
greening, vertical greening, and other greening strategies can be
employed to transform barrier points into new cooling nodes to
minimise the reflection of solar radiation by impervious surfaces and
building materials (Xiang et al., 2024).

4.3 Applicability analysis of constructing a
composite cooling network model

Unlike the direct patch approach, it has been previously
conformed that connecting large cool island patches along a city’s
periphery can effectively enhance their cooling effect and serve
adjacent built-up areas (Mokhtari et al, 2022; Liu et al, 2024).
However, built-up areas distant from the cool island network
receive minimal compensation. The possibility of creating network
connections between low-temperature and high-temperature patches
at the regional scale has been investigated in previous studies (Li and
Chen, 2023a; Xiang et al., 2023), and it has been observed that such
network connections can have positive effects on the enhancement of
local urban thermal environments. Thus, we approached the problem
from the perspective of regulating surface energy balance. While
constructing the urban peripheral cool island network, we followed
relevant thermodynamic theories and attempted to build heat
reduction corridors to neighbouring cool islands in high-risk areas.
It is expected that the application of this approach will address the
issue of insufficient compensation resulting from relying solely on the
urban peripheral cool island. The composite cooling network forms a
structure spanning the entire city, accelerates the energy flow process
of the surface thermal environment pattern and also elucidates its
complex and systematic nature. Therefore, this proactive measure can
be implemented to mitigate urban heat risk.

Initially, an evaluation and ranking of urban heat risk and cool
island quality was conducted based on data from multiple sources.
This methodology diverges from previous studies (Liu et al., 2024)
where only LST, in conjunction with land use data, were employed
to identify sources. The current approach ensures a more precise
selection of sources, enhancing the efficacy of network establishment
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in mitigating heat risk. Additionally, a blend of subjective and
objective techniques (AHP and EWM) was utilised to ascertain
the weightage of different indicators. This strategy circumvents
excessive subjectivity and arbitrariness often associated with a
singular method (Qian et al, 2023), thus augmenting the
precision of the results derived from the comprehensive
evaluation. Subsequently, in the construction of the resistance
surface, consideration was given to both two-dimensional and
three-dimensional spatial data, employing the SPCA method for
weight determination, thereby refining the accuracy of the overall
resistance surface details. Finally, while selecting the methodologies
for developing the composite cooling network, it is crucial to note
that TC primarily links two distinct sources (CHRS and CCS),
whereas CT can solely establish network connections amongst
sources of the same type. Therefore, the latter option was more
suitable. SCs, on the other hand, serve as vital ecological network
connections among CCSs. CT demonstrates a higher level of
advancement in ecological network development than the MCR.
The utilisation of the Centrality Mapper tool enables the
classification of corridors and accentuates the energy flow
distinctions between them, highlighting their pivotal role within
the network structure (Li et al., 2023). CT can ascertain the spatial
positions of cooling nodes and barrier points by analysing the
formation of SCs, leading to the proposition of targeted
enhancement strategies (Xiang et al, 2023). In conclusion, the
establishment of the composite cooling network establishes a
closed loop from the sources to the network and further to the
nodes, thereby enhancing the thoroughness and practical
It also
thermodynamic  principles offer insights
mitigating urban heat risks amidst rapid urbanisation, as well as

applicability of this research. integrates pertinent

to valuable for
proposing strategies for sustainable urban development and urban

climate adaptation planning.

4.4 Limitations and outlook

This study had several limitations that need to be acknowledged.
First, TCs were constructed aiming to rectify disparities in surface
energy balance without taking the real-world conditions of the study
area into account. Therefore, to ensure the feasibility of such corridors
in practical settings, it is imperative to integrate the real-world
conditions of the study area and conduct a comprehensive
assessment based on third-party reports and relevant theoretical
foundations. Additionally, given that SCs function as conduits to the
urban fringe cool island network, further field studies are necessary to
validate the credibility of all sources and nodes and assess the
omitted  three-dimensional
variables, such as the sky view factor and wind direction. Therefore,

networking potential. Second, we

to improve the resistance surface through in-depth analysis of multi-
dimensional environmental factors in future, it is necessary to take into
account these variables. Third, in this study, we used fixed date surface
temperature data, which may not fully capture seasonal changes in
extreme heat, to characterize thermal heat. Fourth, to assess urban
thermal risk and cold island quality, the selection of some indicators was
subjective due to the constraints of data accuracy and availability. In the
future, it will be necessary to comprehensively employ multi-source data
and research methods to accurately quantify the periodicity of extreme
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heat, and more research results will be consulted to ensure the accuracy
and objectivity of the screening of evaluation indicators. Moreover, we
focused on how to construct a composite cooling network and identify
key nodes, without fully discussing the cooling effect of network
construction. In future studies, higher-resolution data can be
integrated to quantify and analyse the cooling effect of the network
and the extent of heat risk mitigation in greater detail.

4.5 Conclusion

The exacerbation of urban heat risk presents a significant
challenge to contemporary urban development. In this study, a
dual evaluation of heat risk and cool island quality was conducted in
the research location to precisely pinpoint CHRSs and CCS.
Subsequently, MCR and CT models were employed to establish a
comprehensive cooling network for alleviating heat risk. Our
findings were as follows: (1) the central urban area of Fuzhou
had the most severe heat risk, followed by the eastern coastal
areas, showing a trend of further expansion towards the
(2) The cool
mountainous areas of Fuzhou were relatively high quality,

southeastern coast. islands in the western
whereas cool islands located in the periphery of the central urban
area and the transition zone from the central urban area to the
southeastern coastal area were subjected to a higher level of
ecological pressure. (3) A total of 21 CHRSs and 32 CCSs were
extracted, and 94 TCs and 96 SCs were constructed, which
constituted the urban composite cooling network; 148 cooling
nodes and 78 cooling barrier points were also identified. Based
on the relevant theories of thermodynamics and landscape ecology,
we explained the feasibility of constructing a network to achieve
sustainable urban cooling in the urban thermal environment of the
study area. (4) Cooling nodes mostly occurred in the key SCs
between western mountainous areas and within high-quality
CCSs. Barrier points were mostly located near the relatively
scattered cool islands in the outskirts of the central urban area.
Implementing specific strategies to safeguard cooling nodes and
remove obstacles hindering the cooling process can enhance the
safeguarding of cool island assets within the research area. This
action also improves the overall reliability of the integrated cooling
system, enhancing its practical applicability in construction projects.

In conclusion, ecological network identification techniques were
applied to analyse the urban thermal environment. Heat risk
assessment and cool island quality assessment were integrated
into the preliminary phase of network construction, emphasising
the importance of proactively adapting to and mitigating urban heat
risk changes. The methodological framework presented in this study
offers valuable insights for future research on optimising the thermal
environment pattern and reducing heat risk.
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