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Abstract Urban heat stress profoundly affects the health of residents. However, current
research primarily focuses on quantifying the risk of urban heat based on LST, Ta, etc., over-
looking the crucial and intimate influence of continuous intense solar radiation on human ther-
mal comfort and health. Simultaneously, there is a lack of smaller units to support more
precise planning. This study utilized the radiant heat stress intensity (RHSI) metric concen-
trating on the intensity and duration of thermal radiation, to develop a thermal-radiation
induced health risk (TIHR) assessment system. Leveraging technologies such as the SOLWEIG
model, Python, BERT, and GIS enables precise calculations of 12 spatial indices, including RHSI
and Weibo heat. This facilitates a more accurate assessment of health risks at the smallest ur-
ban units (blocks) and directly guides planning. The application of this workflow in the case of
Suoyuwan, Dalian, China, confirms its value, as it can be used to determine which blocks
should be prioritized for specific aspects of risk prevention and control. The results show that
some blocks exhibited differences in TIHR even within close proximity, with disaster-causing
factors varying according to locations. This study proposes a novel assessment framework
based on the interactive perspective of thermal radiation-human-activity-space.
ª 2024 The Author(s). Publishing services by Elsevier B.V. on behalf of KeAi Communications Co.
Ltd. This is an open access article under the CC BY-NC-ND license (http://creativecommons.
org/licenses/by-nc-nd/4.0/).
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1. Introduction

Increasing global warming and urbanization have exacer-
bated urban heat stress, affecting sustainable urban
development, as well as the safety and health of residents.
An editorial published in The Lancet (2022) suggests that
the health effects of climate change have been significantly
underestimated. Heat stress can lead to fatigue, heat
stroke, cardiovascular disease, and even pose fatal threats
(Fang et al., 2021; He et al., 2022a, 2022b).

Heat risk assessment based on high urban temperatures
has received widespread attention. Most studies have used
land surface temperature (LST) (Chen et al., 2023; Hondula
et al., 2015; Kotharkar et al., 2019; Russo et al., 2017) and
air temperature (Ta) (Hajat et al., 2010; Jänicke et al.,
2019) to characterise the hazard intensity because of
their accessible. Thermal radiation caused by sensible and
latent heat flux has a more direct impact on human health
and thermal comfort under strong sunlight (Amani-Beni
et al., 2023; Chen et al., 2016; Huang et al., 2022), yet
current research falls short in its examination of thermal
radiation risk assessment from a human-centric standpoint.
The mean radiant temperature (Tmrt) more accurately re-
flects the actual heat load perceived by the human body in
exposed environments and is more effective in guiding
health protection measures in thermal environments than
considering Ta and LST alone. Tmrt is affected by complex
urban geometries and surface materials, resulting in sig-
nificant spatial heterogeneity, and has been widely used in
human bio-meteorological studies (Chen et al., 2016).
Research by Lau et al. (2016) suggests that health studies
should consider Tmrt rather than Ta because Tmrt more
accurately determines thresholds for heat-related mortal-
ity. When Tmrt exceeds 59.4 �C, the risk of mortality in-
creases significantly. In addition, the intensity and duration
of thermal hazard occurrences together influence the level
of heat stress in cities (Hajat et al., 2010). Current research
metrics only reflect hazard intensity and lack comprehen-
sive assessment that explicitly reflects both (Dong et al.,
2020). Chen et al. (2016) proposed a threshold of
Tmrt Z 60 �C for the occurrence of heat stress and cumu-
lative hourly difference in Tmrt above 60 �C for all hours of
sunshine in a day to define the Radiant Heat Stress Intensity
(RHSI) Index.

Highly accurate and spatially detailed data can help
capture the distribution of heat risks and their corre-
sponding health impacts at a finer level, providing a more
practical basis for decision-makers (Dong et al., 2020;
Schmidtlein et al., 2008). However, the majority of the
current studies operate at resolutions ranging from a few
tens of meters to kilometers and are often based on a
corresponding raster size or on cities and districts at the
administrative level as the study unit (Dong et al., 2020;
Estoque et al., 2020; Kotharkar et al., 2019; Russo et al.,
2017; Schmidtlein et al., 2008). This approach, unfortu-
nately, leads to a notable oversight in capturing the finer
details of the spatial thermal environment where activities
take place, making it difficult to accurately portray the
spatial heterogeneity of the urban thermal environment.

In addition, the dimensions from which the thermal
radiation-induced health risk (TIHR) system is constructed
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are important prerequisites for proposing effective pre-
vention and control decisions (Prudhomme et al., 2013).
Crichton’s Risk Triangle and the Heat Vulnerability Index
(HVI) stand as two widely adopted assessment frameworks
(Chen et al., 2018; Dong et al., 2020; Wang et al., 2023).
The Crichton’s Risk Triangle framework integrates hazard,
exposure, and vulnerability (HEV) into a mathematical
model, enabling a quantitative analysis of heat risk
assessment. Conversely, some scholars define risk as a
function associated with exposure, sensitivity, and adapt-
ability, illustrating the degree of threat posed by climate to
individuals and cities, the responsiveness of these entities
to climate-related impacts, and their capability to mini-
mize resultant losses (Reid et al., 2009; Wilhelmi and
Hayden, 2010). The HVI framework revolves around these
aspects. Exposure and sensitivity, similar to the heat hazard
index and high-temperature exposure in Crichton’s model,
complement the dimension of adaptability, which has the
opposite meaning to vulnerability (Yang et al., 2010; Zheng
et al., 2020). Taking cues from the systematic and com-
plementary nature of these widely used frameworks,
exposure, hazard (indicating the level of hazard and like-
lihood of disaster occurrence), system vulnerability, and
adaptability are integrated into a more comprehensive
Hazard-Exposure-Vulnerability-Adaptability (HEVA) frame-
work (Wu et al., 2019). However, to the best of our
knowledge, there is a dearth of studies on human health
risks that utilize this framework (Morabito et al., 2015;
Tomlinson et al., 2011), particularly with high-precision
spatial data.

In order to provide risk assessment information closely
related to human health and finer planning guidelines, we
focus on evaluating health risks from a human-centered
interaction perspective of thermal radiation, human, ac-
tivity, and space. Based on the theory of HEVA, the block is
used as the basic research unit to provide high-precision
risk assessment results for typical summer days. This
approach aims to achieve finer-scale urban thermal
radiation-induced health risks (TIHR) assessment. Specif-
ically, 1) to select and determine the TIHR assessment
indices and to construct the TIHR system, in order to
establish a scientific and replicable TIHR assessment pro-
cess; 2) to identify the medium and high-risk areas and
analyze the inducers of the risk, which is taken the typical
area of Dalian, China as an example; 3) to propose the
targeted prevention and control measures by combining the
types of construction land.

2. Methodology

2.1. Study area

Dalian is located in a cold region of northeastern China with
high summer temperatures and abundant sunshine. Urban
heat stress has become increasingly serious in recent years.
Extreme heat events in Northeast Asia during the summer
of 2018 led to a dramatic increase in the number of patients
with heatstroke in Dalian, as compared to previous years
(Guo et al., 2023b; Ren et al., 2020). People in cold regions
are more sensitive to hot weather (Wang et al., 2021).
Based on this, the Suoyuwan area in Dalian was selected for
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risk assessment in this paper. The total area of this region is
about 43.5 km2, with a land area of 28.7 km2 (Fig. 1). The
city centre is located south of Shugang Road, which is
known for being the most economically developed and
densely populated. The eastern part of the area is adjacent
to Dalian Suoyuwan, with heavy industrial zones along the
bay and new urban areas to the north. With diverse land use
types, road network patterns and building forms, urban
heat stress varies significantly at both fine spatial and
temporal levels. Therefore, conducting a scientific risk
assessment at finer scale is an important measure for
effectively mitigating urban heat risks.

2.2. Data sources

This study utilizes multiple sources of data to quantify the
assessment of health risks. The data sources are presented
in Table 1.

Figure 2 shows a research framework for this study.
First, applying the HEVA theory, we emphasized the inter-
active perspective of “thermal radiation-human-activity-
space” to conduct a health-oriented assessment of heat
risks. Second, correlation analysis was used to filter the
indices to construct the TIHR assessment index system. The
assessment indices were calculated using the visual pro-
cessing platforms of ArcGIS and QGIS. Lastly, the TIHR map
of the Dalian Suoyuwan area was obtained using the CRITIC
(Criteria Importance Through Intercriteria Correlation)
weighting method and the function model method. Risk
management measures for the study area are proposed
through the dominant risk factors.

2.3. Methods of analysis

2.3.1. Construction of the index system
Climate risk assessment is crucial for revealing the spatial
heterogeneity caused by differences in the physical
Fig. 1 Location of
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environment, land use, and socio-economic activities within
urban areas. Identifying vulnerable spatial locations aids in
proposing scientifically supported mitigation decisions
(Abrar et al., 2022; Chen et al., 2020; Dong et al., 2020; Lim
and Skidmore, 2020; Xiang et al., 2022). Extensive research
highlights that climate risk assessment depends on four
crucial components: (1) Hazard: this aspect refers to the
direct impact of disasters on localities, with temperature
being a dominant factor in assessing heat-related risks. (2)
Exposure: it pertains to the number or value of elements
exposed to the impact of catastrophic factors (such as pop-
ulation, roads, infrastructure). (3) Vulnerability: signifying
the extent of susceptibility or resistance of a system to
damage or harm, this facet notably includes the proportion
of vulnerable populations. (4) Adaptation: this includes both
mitigation (such as the layout of medical facilities and
cooling facilities) and adaptation (related to the level of
economic development), both being equally vital aspects.
These aspects, which are formed bymultiple meteorological
or social indices, constitute the guideline dimensions.

Previous research has mainly concentrated on the cor-
relation between the constructed environment and heat
exposure at the urban or regional level. Insufficient atten-
tion has been given to the block that accommodates peo-
ple’s activities, and there is a lack of fine optimization of
the spatial environment from the perspectives of human
health and social activities in the face of climate risks.
Therefore, this study is based on the HEVA theoretical
framework, and the dimensions focus on the interaction
system of thermal radiation, human, activity and space.

Combining the meaning of the HEVA in the context of
thermal radiation-human-activity-space interaction, RHSI is
a comprehensive index that characterizes the intensity and
duration of human exposure to thermal radiation, reflecting
the interaction between thermal radiation and humans.
Exposure is driven by a combination of human spontaneity
and social activities. Existing studies primarily focused on
the study area.



Table 1 The data sources.

Datatype Data content Data source and annotation

Meteorological data Air temperature, solar radiation, relative
humidity, and wind speed at each site

China Meteorological Administration Meteorological
Data Resources Sharing Service Platform.

Geospatial data Digital Elevation Model (DEM), Digital Surface
Model (DSM), administrative boundaries, road
network, land cover type, vegetation distribution

Bigemap, generate land cover types and vegetation
distribution data using the Land Cover Reclassifier
and Tree Generator in QGIS.

Socioeconomic data Population distribution, people of age structure WorldPop, China National Population Census, Seventh
Census

GDP Resource and Environment Science and Data Center.
Land value, construction year Real Estate Leasing and Sales Service Platform.
Point of interest (POI) Utilizing Python web scraping techniques to obtain

location of urban infrastructure such as medical
facilities and cooling shelter from the POI database of
Gaode Maps.

Social media data Sina Weibo (A Chinese social networking site
similar to Twitter)

Using Python web scraping techniques to obtain user
ID, post text time, post content, longitude, latitude,
and check-in location from user information.
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population concentration, infrastructure levels, and trans-
portation (Abrar et al., 2022; Dong et al., 2023b; Pouke
et al., 2016; Xiang et al., 2022). Vulnerable populations
are often concentrated in specific spaces in cities, such as
older urban districts (Dı́az et al., 2015; Medina-Ramón
et al., 2006; Royé et al., 2020). Elderly people and chil-
dren are often targeted (Medina-Ramón et al., 2006). In-
formation on real-time body heat perception and long-term
suffered by outdoor workers or pedestrians in space under
sunlight can help characterise broader population vulner-
ability, which is seldom used in risk assessment due to the
Fig. 2 A research fram

685
lack of easy access (Wang et al., 2021; Xiang et al., 2022).
Semantic analysis methods can directly extract information
from accessed social media data to capture representations
of “hot” topics generated by subjective perceptions (Royé
et al., 2020). Adaptability is closely linked to the level of
social activity and spatial resilience. Hazard mitigation
capacity, including medical care and cooling facilities, and
adaptive capacity, such as GDP and land value, were
emphasized (Chen et al., 2020; Dong et al., 2020). Based on
this initial selection of indices, specific details are pre-
sented in Table 2.
ework for this study.



Table 2 Initial indices identified from the thermal radiation-human-activity-space perspective under the HEVA assessment
framework.

Assessment
dimensions

Interactive
perspective

Relevant interpretation The initial selection of indices

Hazard(H) Thermal
radiation-
Human

The comprehensive impact of the intensity and
duration of thermal radiation on humans.

RHSI.

Exposure(E) Human-
Activities

The extent to which a population may be
exposed to heat risks driven by both human
spontaneity and social activities.

Population density (Xiang et al., 2022), POI
density (Deng et al., 2019; Zhai et al.,
2019), road network density (Abrar et al.,
2022), social media check-in data (Martı́n
et al., 2019; Wang et al., 2020).

Vulnerability(V) Human-Space Vulnerability of sensitive populations, which
are usually clustered in specific spaces of the
city, such as old urban areas.

Children, elderly and women population
density (Medina-Ramón et al., 2006), Weibo
heat (Wang et al., 2021).

Adaptability(A) Activities-
Space

It is related to the level of social activity and
spatial resilience, which is mainly reflected in
economic development and the ability to
provide health care and shelter.

Construction year (Chong, 2012; Zhou et al.,
2015), GDP, land value, disaster shelter
aggregation, medical facilities aggregation
(Chen et al., 2020; Lim and Skidmore,
2020).
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To ensure independence between the indices, correlation
analysis was used for selecting indices. Since POI data con-
tains more comprehensive information than Weibo check-in
data, and older people are more sensitive to heat than
women (Thorsson et al., 2014), the Weibo check-in data and
female distribution data were mentioned and excluded.
Following the principles of representativeness, system-
aticity, accessibility, and quantifiability, we preserved the
widely recognized indices (e.g., population density, popu-
lation density of older adults and children, GDP) for the
exposure, vulnerability, and adaptation dimensions in
established studies related to heat risk assessment.
Expanded indices of demographic characteristics of vulner-
able populations (Weibo heat).We replaced the previous LST
or Ta for heat risk with the biometeorological index (RHSI) to
represent the impact of urban heat stressmore accurately on
human health. Twelve indices were finally selected for the
TIHR assessment system (Table 3).

2.3.2. Calculation of indices
The 3 m pixel level can capture small but significant changes
in heat risk, and all indices were harmonized for ease of
calculation. A clear and cloudless daytime on July 26, 2021
was selected as a typical scenario for a summer day, which
is widely accepted in similar studies (Chen et al., 2016; Lau
et al., 2016). The spatial distribution of the mean radiant
temperature (Tmrt) in the study area was modeled using
SOLWEIG (Solar and Long Wave Environmental Irradiance
Geometry). It captures changes in 3D radiative fluxes at a
finer spatial and temporal resolution, and effectively eval-
uates the impacts of urban building geometry and trees on
Tmrt. The accuracy of the model has been extensively veri-
fied (Aminipouri et al., 2019; Chen et al., 2016; Guo et al.,
2023a; Lindberg et al., 2008; Thom et al., 2016). Therefore,
the simulation parameter settings, simulation periods, and
intervals were referred to the validation study conducted in
Dalian (Guo et al., 2023a). Due to the limited number of
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rasters that can be simulated by SOLWEIG, we adopted the
method of Jänicke (2016) to divide all rasters of study areas
into six blocks of tiles. Each edge was overlapped by 200 m
to avoid boundary effects, resulting in large-scale, high-
resolution simulations. The spatial variation of Tmrt over
time can be simulated by inputting Ta, relative humidity
(RH), and global radiation (G) as time series data. The RHSI
(C1) can then be calculated using the formulas referenced in
Chen et al. (2016).

C2, C6, C7 were all derived from age-specific population
data obtained from WorldPop, which were corrected
against the Seventh Population Census data to ensure ac-
curacy. C3, C6, and C11-12 were calculated using the POI
dataset. C6 referred to the distribution of kindergartens,
primary schools, and secondary schools therein. C4 came
from geospatial data downloaded from Bigemap. Due to the
presence of spatial spillover and neighborhood effects in
C2-7, C11, and C12, they were quantified in ArcGIS using the
kernel density tool (Liu et al., 2019), while indices C8, C9,
and C10 made use of spatial interpolation. C5 was derived
from extracting text entries related to heat from massive
data, referred to as Weibo heat in this study. To efficiently
process extensive text data, we employed Bidirectional
Encoder Representations from Transformers (BERT), a lan-
guage encoder developed by Google in 2018 (Wang et al.,
2021). BERT translates input sentences or paragraphs into
relevant semantic features, allowing for the accurate
extraction of Weibo entries of interest.

2.3.3. Assessment of TIHR

(1) CRITIC Method for Weight Determination

Criteria Importance Though Intercrieria Correlation
(CRITIC) is an improvement of the entropy weight method.
The core of it lies in considering the contrast and contra-
diction between indices, calculating the information



Table 3 High temperature disaster risk assessment index system.

Interactive
relationship

Guideline
dimension

Index layer Index meaning Property Calculation method and
description

Thermal radiation-
Human

A1

Hazard
B1

RHSI C1 Cumulative hourly difference
in Tmrt above 60 �C for all hours
of sunshine in a hot day

þ Tmrt calculations and their
cumulative calculations are
detailed at (Guo et al., 2023a;
Chen et al., 2016).

Human-Activities
A2

Exposure
B2

Population density
C2

Characterise population
concentration of block

þ IZ ðPa þPb þPc þP.Þ=S; P is the
population size, and a, b, c, .
represent the different age
groups and S is the block area.

POI density C3 Characterise the level of
infrastructure of block

þ IZ K=S; K is the number of POI
and S is the block area.

Road network
density C4

Characterise the traffic
convenience of block

þ IZ L=S; L is the total length of
the road and S is the block
area.

Human-Space
A3

Vulnerability
B3

Weibo heat C5 Characterise the relatively
heat-sensitive populations

þ Specific calculations refer to
(Royé et al., 2020).

Child population
density C6

Characterise the spatial
distribution of the number of
children of the block

þ IZ C=S; C is the number of
children and S is the block
area.

Elderly population
density C7

Characterise the spatial
distribution of the number of
elderly people

þ IZ E=S; E is the number of
elderly people and S is the
block area.

Activities-Space
A4

Adaptability
B4

Construction year
C8

Characterise how old or new
the urban area is

þ IZ F; F is the year of building.

Land value C9 Characterise the level of
settlement of the block

þ IZ
Pk

iZ1 NiQi=n; Ni is the house
price of sample point i, Qi is
the number of sample point i,
and n is the total number of
sample points.

GDP C10 Characterise the level of
economic development of the
block

þ IZ B=S; B is the GDP value and
S is the block area.

Disaster shelter
aggregation C11

Characterise the density of
cooling shelter of the block

þ IZ D=S; D is the number of
cooling shelters and S is the
block area.

Medical facilities
aggregation C12

Characterise the density of
healthcare facility of the block

þ IZ H=S; H is the number of
healthcare facility and S is the
block area.
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content contained in each index, and subsequently
obtaining the weights (Diakoulaki et al., 1995; Fan et al.,
2022). Compared to common assessment methods such as
layer stacking and principal component analysis (Aubrecht
and Özceylan, 2013; Guo et al., 2023; Johnson et al.,
2012; Reid et al., 2009), the CRITIC method provides a
clear consideration of the relative importance among
various factors. It also better preserves the original data
characteristics, exhibiting higher flexibility and precision,
and is more suitable for addressing complex and multifac-
eted issues. The specific steps are as follows:

① Index contrast

The data are standardised using the range method with
the following formulas for the positive and negative
indices:
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x0ijZ
nij � nmin

ni�max � ni�min
; ð1Þ

x0ijZ
nmax � nij

ni�max � ni�min
: ð2Þ

The standard deviation sj is used to indicate the
comparability of the j th index:

sjZ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPm
iZ1

�
x0ij � x0j

�2

m� 1

vuut
; ð3Þ

x0jZ
1

m

Xm
iZ1

x0ij: ð4Þ
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② Index contradiction

Assuming the contradiction magnitude between index j
and the remaining indices is denoted as fj:

fjZ
Xm
iZ1

�
1� rij

�
; ð5Þ

rijZ

Pm
i;jZ1

�
x0i � x0

��
x0j � x0

�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPm

iZ1

�
x0i � x0

�2Pm
jZ1

�
x0i � x0

�2
r : ð6Þ

③ Information carrying capacity

Assuming the information carrying capacity of index j is
denoted as Cj:

CjZsjfj: ð7Þ

Assuming the weighting of index j is denoted as wj:

wjZ
CjPn
jZ1Cj

: ð8Þ

(2) Modeling the TIHR assessment system

It is necessary to determine the comprehensive assess-
ment index Gi of each HEVA dimensions to construct the
TIHR assessment system. The specific steps are as follows:

GiZ
X

x0ijwi: ð9Þ

Both addition and subtraction as well as multiplication
and division have been widely utilized in existing risk
assessment studies (El-Zein and Tonmoy, 2015; Frazier
et al., 2014). In this paper, the addition and subtraction
method is chosen for calculation. The TIHR formula is as
follows:

TIHRZHþ Eþ V� A: ð10Þ

(3) Identify the dominant risk factors in blocks

Based on the risk assessment, the areas are delineated
and categorized by dimension stacking through combina-
torial relationships for the grade difference of the domi-
nant risk factors (H, E, V, A). This is done in order to guide
specific risk prevention strategies (Chang et al., 2013). In
instances of high adaptability, if a dimension or multi-
dimensions have a higher level (level V to VII), they are
categorized as factor-induced or multifactor-induced for
that dimension. If all other dimensions have a lower level,
then it is non-existent dominant dimension. Areas with low
adaptability, where the remaining dimensions are also low
(level I to IV), are classified as adaptive factor-induced.
Conversely, areas where all other dimensions have high
levels are deemed integrated.
688
3. Results

3.1. Quantitative values of health risk assessment
indices

The results of the calculations for the 12 indices are shown
in Fig. 3. The RHSI (C1) for a typical summer day in
Suoyuwan ranged from 0 to 113.91 �C$h. The wide range of
thresholds suggested that the combined effects of heat
stress intensity and duration vary greatly across different
areas. In detail, the RHSI between short distances were
very different, mainly due to the spatial geometry that
leads to changes of Tmrt. The Zhongshan Square area in the
southeast had fewer areas with ultra-high RHSI compared to
other areas due to its large floor area ratio and relatively
favorable microclimate. Ultra-high radiative heat stress
areas above 84.88 �C$h occurred in the low and medium
density urban areas in the western part of the study area,
and were more pronounced on roads, squares, and the new
urban area, as well as on the south side of buildings.

The trends in population density (C2) and the elderly
population density (C7) exhibited consistency. Densely
populated areas were predominantly concentrated within
the BSHG-Industrial Park, XAL-trade area, and the eco-
nomic hub centered around Zhongshan Square. Higher
values of Points of Interest density (C3), disaster shelter
aggregation (C11), and medical facilities aggregation (C12)
were predominantly situated along economically thriving
and accessible areas, such as Huabei-Donglian Road,
Southwest Road, XAL-trade area, Anshan Road, Zhongshan
Square serving as the core with a diminishing gradient in all
directions. The road network density (C4) reached its
zenith, attributed to the Xianglujiao Overpass area, a
pivotal transportation nexus in the city. The southern part
of the study area exhibited superior accessibility in contrast
to its northern counterpart on the whole. Weibo heat (C5)
exhibited notable fluctuations within a confined range,
underscoring the heightened sensitivity of crowd-perceived
heat on social media. Its elevated values were principally
concentrated around Dingshan Park, XAL-trade area, and
adjacent established residential areas. The southeast area
registered markedly lower Weibo heat, indicating a high
degree of urban resilience within the central city. Child
population density (C6) was most pronounced in the vicinity
of Anshan Road, an area characterized by dense habitation
and excellent educational resources. Construction year (C8)
displayed a juxtaposition of both historic and contemporary
architectural structures. The spatial distribution of land
value (C9) exhibits significant differences, with generally
higher values observed near the XAL-Trade area, to the
west of Laodong Park, along Anshan Road, and in the
northeast part of Diamond Bay. GDP (C10) demonstrated
significant variations between the northern and southern
areas.

3.2. Quantification of H-E-V-A dimensions

3.2.1. Hazard
Figure 4(a) shows the results of the hazard assessment of
421 blocks, which were classified from low to high in
ascending order from level I to level VII using Natural Breaks



Fig. 3 Quantitative values of health risk assessment indices.

Fig. 4 Hazard (a), exposure (b), vulnerability (c), and adaptability (d) assessment classification.
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Fig. 5 Spatial distribution of TIHR in Suoyuwan, Dalian,
China.

Fig. 6 Distribution of the dominant risk factors in Suoyuwan,
Dalian, China.
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classification method. The number of blocks counted for
each risk level was 46 (level I), 59 (level II), 97 (level III), 78
(level IV), 55 (level V), 46 (level VI), and 40 (level VII),
respectively. 33.5% of the blocks were at a medium-high
risk. In terms of spatial pattern, there was a significant
difference in TIHR between blocks, even among neigh-
boring blocks. This difference can be attributed to the high
sensitivity of the selected indicator RHSI, proving the su-
periority of this index in reflecting heat risk from the
human-centered.

3.2.2. Exposure
The spatial distribution of exposure is shown in Fig. 4(b),
which demonstrated a general increase from the coast to
inland and from north to south. The number of blocks,
classified from low to high exposure risk levels, were as
follows: 36 blocks (level I), 56 blocks (level II), 47 blocks
(level III), 97 blocks (level IV), 81 blocks (level V), 77
blocks (level VI), and 27 blocks (level VII). Among them,
the highly exposed area (level VI) and ultra-highly exposed
area (level VII) accounted for 27.1% of all the lots, which
were mainly located in the XAL-trade area and Zhongshan
Square area with dense population activities, well-
developed infrastructures, and convenient traffic. And
they formed a continuous whole south of Anshan Road,
indicating that the two areas with the highest urban vi-
tality had a promoting influence on the exposure of the
surrounding blocks.

3.2.3. Vulnerability
The overall vulnerability distribution was high in the south
and low in the north (Fig. 4(c)). The percentage of
vulnerability blocks in ascending order of risk levels were
9.6% (level I), 8% (level II), 12.2% (level III), 28% (level IV),
23.8% (level V), 14.8% (level VI), and 3.6% (level VII). The
proportion of high vulnerability areas above level V was
42.2%. These areas were mainly located near Donglian Road
and south of Shugang Road, where there was a dense
population of vulnerable people. This is highly related to
the aging population issue in Dalian.

3.2.4. Adaptability
The adaptability grading is shown in Fig. 4(d). The propor-
tion of blocks, categorized from low to high adaptability
risk levels, was outlined as follows: 10.7% (level I), 14.5%
(level II), 20.2% (level III), 17.1% (level IV), 17.6% (level V),
12.8% (level VI), and 7.1% (level VII). The overall adapt-
ability was decreasing from the core areas of Zhongshan
Square and Donglian Road to the surrounding areas. The
strong disaster prevention capability and urban resilience
were attributed to the high level of economic development
and good medical facilities.

3.3. Thermal-radiation induced health risk

The spatial distribution of TIHR was mapped by integrating
hazard, exposure, vulnerability, and adaptability (Fig. 5).
The risk decreased from the main urban core built-up area
in the south to the sub-core built-up area in the center, and
finally to the new urban area in the north. 44.2% of the
blocks were at a medium-high risk. The risk level in the
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south was 1.25 times higher than that in the north, as
defined by Northwest Road-Shugang Road, suggesting that
there were significant regional differences in the health
risks caused by thermal radiation. XAL-trade area had the
highest risk value of 1.72, while a newly constructed block
in the northern part of the new area had the lowest risk
value of 0.56, with the highest value more than three times
greater than the lowest value. Comparison of neighboring
blocks revealed significant differences in TIHR over short
distances. For instance, consider two adjacent blocks:
subway station and business district, exhibiting risk values
of 1.5 and 1.2, respectively. The higher value is 1.3 times
greater than that of the lower value block. That is, in-
dividuals traveling through the area would encounter a
substantial shift in risk.

Overall, the dominant risk factors were spatially het-
erogeneous and vary over short distances (Fig. 6). The
research area was categorized based on the number of
blocks, with the following order: double dimensions



Fig. 7 The statistical chart of TIHR grading for various land
types.
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(51.1%), triple dimensions (24.8%), single dimensions
(17.1%), and combined dimensions (5.2%) (Table 4). Based
on the percentage of area was double dimensions (60.8%),
single dimensions (19.6%), triple dimensions (16.3%), and
combined dimensions (1.5%). According to the area and
number of blocks with the dominant risk factor, HA had the
largest area (10.2 km2, 35.6%), while EV had the highest
number of blocks (101 blocks, 24%).

HA and EV represent “high hazard-low exposure-low
vulnerability-low adaptability” and “low hazard-high
exposure-high vulnerability-high adaptability”, respec-
tively, which accounted for 53.1% of the total area and
42.5% of the total number of blocks. It can be assumed
that exposure, vulnerability, and adaptability are posi-
tively correlated in approximately half of the blocks in the
research area, while they are negatively correlated with
hazardousness. Figure 6 shows that the southern part of
Shuanggang Road was characterized by clusters of EV
areas. These areas have high building densities, abundant
green spaces, and permeable ground surfaces, which help
to reduce heat stress. Moreover, these areas were located
in the core area of the city, benefiting from a favorable
geographical location, a high economic level, and well-
developed infrastructures, which contributed to their
strong disaster response capacity. However, due to the
high population concentration and the frequency of resi-
dents’ activities, the exposure and vulnerability were
high. HA was mainly located in the north of Shuanggang
Road. These blocks consisted mainly of residential land,
industrial land, and urban renewal land, the area had
uncompact buildings, impermeable surfaces, and few
trees and other shading facilities, resulting in a high level
of heat stress. Additionally, the lack of disaster shelters
and medical facilities and the relatively low level of
economic development in the area led to high hazard and
low adaptability.
Table 4 Number, area, and proportion of dominant risk factor

Dimensions The dominant
risk factors

Block
numbers

Number
proportion (%

e e 8 1.9
Single dimensions H 20 4.8

E 3 0.7
V 19 4.5
A 30 7.1

Double dimensions HE 1 0.2
HV 21 5.0
HA 78 18.5
EV 101 24.0
EA 4 1.0
VA 10 2.4

Triple dimensions HEV 46 10.9
HEA 4 1.0
HVA 15 3.6
EVA 39 9.2

Combined dimensions HEVA 22 5.2
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4. Discussion

4.1. Governance strategies based on risk
assessment

A comprehensive assessment of TIHR can pinpoint blocks
with elevated risk levels, discern their primary causes, and
offer precise guidance for implementing refined risk pre-
vention and control measures. However, the map obtained
by synthesizing the complex indices cannot directly guide
planning and design. Based on the main types of urban
construction land in the research area, statistics for TIHR
grading were conducted (Fig. 7). It can be found that 67.6%,
59.3%, 53.7%, and 35.4% of the blocks of commercial and
service industry facilities land (B), green space and square
land (G), public management and public service facilities
land (A), and residential land (R) are located in higher-risk
areas (Level 5 to Level 7). TIHR associated with industrial
s in the blocks.

)
Total per cent
by number (%)

Area
(km2)

Area
proportion (%)

Total per
cent by area (%)

1.9 0.6 2.0 2.0
1.7 6.1

17.1 0.6 2.0 19.6
0.8 2.7
2.5 8.8
0.0 0.1
0.9 3.1

51.1 10.2 35.6 60.8
5.0 17.5
0.0 0.1
1.2 4.3
2.5 8.7

24.8 0.1 0.4 16.3
0.8 2.6
1.3 4.5

5.2 0.4 1.5 1.5
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land (M) is generally very low and emptiness despite their
large land area. Targeted and differentiated measures are
proposed according to the characteristics of urban land use
types and their dominant risk factors.

Statistics on the causes of higher risk formation in the
major construction land types B, G, A, and R show that B
has 57.4% of the dominant risk factors as EV and 19.1% as
EVA (Fig. 8). They are primarily situated in the Zhongshan
Square area and XAL-trade area and must decrease their
exposure and vulnerability. Mitigating the pressure of
crowded city centers is a proven approach (Estoque et al.,
2020). If deemed essential, the government can achieve
population evacuation by decongesting the area and
creating a polycentric city. In addition, the concentration
of thermal-sensitive outdoor activists or workers leads to a
high vulnerability. However, due to a subjective lack of
awareness regarding heat-related health risks, coupled
with objectively imposed work demands, these individuals
exhibit a heightened frequency of activity. Therefore, on
one hand, it is necessary to strengthen the efforts in pub-
licizing and educating people about related knowledge. On
the other hand, in order to provide pedestrians with a
crucial space for energy regulation and heat stress recov-
ery, various protective measures can be implemented.
These measures may include the addition of medical fa-
cilities and cooling facilities, as well as the installation of
Fig. 8 The risk levels, dominant factors, and risk, as well as ri
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awnings, porch shelters, sprinkler systems, air-cooling sys-
tems, misters, and greenery.

Urban green spaces offer a multitude of social and
ecological benefits, promoting physical activity, social
interaction, and recreational pursuits across different age
groups. Consequently, they exhibit high exposure and
vulnerability characteristics (Fig. 8) (Amani Beni et al.,
2023; Khalilnezhad et al., 2023). Simultaneously, they
offer extensive ecosystem services, including climate
regulation, alleviation of urban heat islands, and
enhancement of air quality, making them an indispensable
and valuable resource within urban settings
(Dehghanifarsani et al., 2023; Dong et al., 2022, 2023a).
However, at the human scale, the health risk to individuals
is more pronounced due to the form of green spaces, where
green areas are more open, and the ground receives rela-
tively direct radiation. 33.3% of the G dominant risk type is
HEV, mainly in urban squares and production protection
green spaces. Studies have shown that prolonged exposure
to outdoor thermal radiation poses significant health risks
for pedestrians (Jänicke et al., 2016; Yang et al., 2024).
Therefore, it is recommended to implement shade mea-
sures or necessary tree planting at key nodes for urban
squares (Guo et al., 2023a; Lindberg and Grimmond, 2011;
Thorsson et al., 2011). Approximately 25.9% of G is attrib-
uted to EVA, primarily comprising parks or small microgreen
sk analysis for major construction land types B, G, A, and R.
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spaces. Owing to its size or geographical location, the fa-
cility exhibits suboptimal functionality, incomplete sup-
porting amenities, and lower adaptability (Dong et al.,
2023a). As a result, more shadow can be added and the
service quality of green infrastructure can be upgraded.

The dominant types of medium and high risk for A are EV
and HEV, predominantly in hospitals and schools. The
clustering of vulnerability is more clearly characterized.
For this type of situation, it is possible to arrange the
attendance of both older and young people at the clinic or
sports activities by scheduling them in different time slots
or by setting up specialized venues to avoid heat as much as
possible through effective management and coordination
among the relevant departments. School playgrounds can
enhance ventilation and heat mitigation capabilities by
incorporating heat-insulating materials and installing me-
chanical ventilation devices, etc. R presents a potential risk
primarily due to EV and EVA. These blocks are character-
ized by high population densities and high floor area ratios.
Supporting medical assistance facilities and disaster shel-
ters should be provided according to the size of the
neighborhood. For neighborhoods populated by the elderly
and children, it is important to prioritize the design and
modification of outdoor activity areas in order to minimize
the risk of discomfort for vulnerable populations.

4.2. Construction of a finer scale TIHR assessment
system

In this paper, we developed an index system based on the
interactions between “thermal radiation-human-activity-
space” with a focus on human-centered orientation, and
formed a complete and feasible set of workflows for risk
assessment grading and identification of dominant factors
in TIHR. Although heat risk assessments have been widely
studied, they are not sufficiently closely related to human
health, the ongoing impacts of risk occurrence are not
considered, and the precision of the data is difficult to
guide more detailed planning (Dong et al., 2020; Lim and
Skidmore, 2020; Xiang et al., 2022). The RHSI can reflect
the risk level of thermal hazards that are closely related to
human health in a continuous strong radiation environment.
Not only does it fulfill the objective requirement that the
RHSI reflects the intensity of disaster occurrence, but its
persistence is also interpreted. Firstly, Tmrt depends on the
surrounding surface temperature and is good at capturing
the spatial differences in the intensity of thermal disasters.
Studies have shown that the Tmrt difference between areas
in direct sunlight and nearby shaded areas can be as high as
30 �C in the afternoon, while the difference in air tem-
perature is less than 3 �C (Mayer and Höppe, 1987). Sec-
ondly, this study quantifies the intensity of heat stress and
takes into account the duration of hazardous intensity. RHSI
is proposed by Chen et al. (2016), which visually represents
the impacts of persistent heat stress on the area and
effectively explains the direct relationship between heat
and the risk to human health and mortality. Lastly, SOL-
WEIG has the capability to simulate high-resolution Tmrt

using real 2.5-dimensional geographic and meteorological
data, which can accurately reflect the influence of spatial
patterns and microclimate environment on the risk.
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Compared to the existing studies, the accuracy and reso-
lution of the data have been greatly improved. It is more
convincing to reflect the effects of urban heat stress on
people during hot summers (Guo et al., 2023a; Thorsson
et al., 2014).

Most of the current research characterizes vulnerable
populations based on census data of different age groups,
such as the young and the elderly (Medina-Ramón et al.,
2006). However, these data ignore differences in percep-
tions among populations outside of these. The study by
Wang et al. (2021) demonstrated that analyzing social
media data can reveal the spatial heterogeneity of heat
stress caused by heat waves in terms of frequency, in-
tensity, and duration. The real-time social media semantic
analysis collected “hot"-related messages posted on Weibo,
effectively characterizing the real-time human perception
of hot among outdoor workers or pedestrians under heat
stress, providing a key vulnerability index for evaluating the
health risks. Importantly, this study takes the smallest city
block as the research unit, which not only can accurately
quantify the TIHR at a human scale, but also helps to pro-
vide scientific insights and precise planning guidelines for
urban policy makers, designers, and developers.

4.3. Limitations and future research directions

This assessment system is applicable to cities in various
climatic contexts. Substitutions and additions to the
indices, as well as adjustments to the weightings, are
allowed according to climatic characteristics, social envi-
ronment, urban backdrop, etc., to ensure flexibility and
applicability of the workflow in various contexts, taking
into account the availability of data. The results of the
assessment are valuable for implementing strategies that
leverage the attributes and characteristics of the block to
enhance the prosperity and liveliness of the neighborhood,
as well as to encourage pedestrians to utilize outdoor space
appropriately.

There are still some limitations that require further
exploration in future studies. Primarily, owing to the com-
plex nature of the risk environment, it is crucial to have a
more detailed understanding of the varying degrees of
human health impacts from thermal radiation at various
time periods. Future studies should contemplate employing
indices with time-series variation properties to compre-
hensively address this aspect. To clarify these distinctions,
the variation in hourly heat stress intensity can be illus-
trated. This method aims to improve the characterization
of heat stress dynamics with a more detailed temporal
resolution. This requires consideration of the fact that
indices associated with other guideline dimensions also
have time-series attributes. For instance, mobile signaling
data, demographic heat map, activity tracking data, etc.,
can substitute existing exposure indices, while social media
data per unit of time can be counted to reflect vulnerability
characteristics. Through these methods, the process of
substituting and refining indices is achieved. Additionally,
as technology advances and data accessibility increases,
the inclusion of richer time-series attribute indices will
enhance the scientific aspect of spatio-temporal risk as-
sessments to guide risk response strategies. Secondarily,
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the simulation scale and efficiency of the SOLWEIG model is
somewhat compromised due to the limited number of grids
available for a single simulation. This highlights the ne-
cessity for future exploration into optimizing algorithmic
models, exploring parallel computing techniques, and
investigating alternative computational methods. These
efforts aim to improve computational performance and
efficiency, addressing the requirements for studying the
spatial and temporal distribution of thermal radiation
across large-scale areas.

4.4. Practical implications

Firstly, our TIHR assessment outcomes provide detailed
evidence about the specific locations, spatial distribution,
and risk levels within the urban thermal environment that
urgently necessitate improvement. This contributes to
informed planning and management decisions by relevant
government departments and planning agencies. Sec-
ondly, the disparities observed in the various dominant
risk factors in areas with moderate to high risk highlight
the importance of holistic risk mitigation strategies
beyond just addressing hazards by implementing cooling
measures. Strategies focusing on reducing vulnerability,
minimizing exposure, and enhancing adaptability become
imperative. This comprehensive perspective yields bene-
fits in tackling the inevitable challenges posed by global
warming and urbanization. Furthermore, our assessment
framework has implications for other types of disaster risk
assessment. The systematic nature of the framework in
this study allows the effects of climate, social activities,
and physical space on human health risks to be measured
in the interconnected domains of hazard, exposure,
vulnerability, and adaptation. Lastly, we emphasize the
importance of increasing knowledge dissemination about
solar radiation risks (Adams et al., 2022). This initiative
aims to raise awareness among outdoor workers, planners,
vulnerable groups such as the elderly, children, in-
dividuals sensitive to heat, and the wider public, enabling
timely interventions to mitigate health risks related to
radiation.

5. Conclusion

This study offers crucial empirical evidence through prac-
tice in the Suoyuwan, Dalian to support finer thermal risk
assessment and decision-making, as well as to facilitate a
more harmonious interface with planning and management.
The study shows that:

(1) The TIHR in Suoyuwan shows a generally declining
trend, decreasing from the main urban core in the
southern area to the sub-core in the central area and
further to the new urban area in the northeast. And
the TIHR between blocks differed significantly within
a short distance range.

(2) 53.1% of the area and 42.5% of the number of blocks
are in HA-EV. It shows that exposure, vulnerability,
and adaptability are positively correlated in approx-
imately half of the blocks in the study area, while
they are negatively correlated with hazard.
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(3) 67.6%, 59.3%, 53.7%, and 35.4% of the blocks of
commercial and service industry facilities land (B),
green space and square land (G), public manage-
ment and public service facilities land (A), and res-
idential land (R) are located in higher-risk areas
(Level 5 to Level 7). The analysis of urban land use
types and their dominant risk factors offers valuable
reference for implementing targeted and tailored
measures.

Our study focuses on the health risks to pedestrians
caused by solar radiation. From the thermal radiation-
human-activity-space interaction perspective, we have
developed an assessment system, broadening the cur-
rent common understanding of heat risk assessment
beyond surface or atmospheric temperature. Mean-
while, the identification of dominant risk factors provide
valuable insights for developing comprehensive disaster
prevention and mitigation strategies from the view-
points of government management, urban design, and
public engagement.
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