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Abstract. Extreme heat has increasingly threatened urban 
health and well-being, making the assessment of heat 
vulnerability a growing research priority. Existing heat 
vulnerability studies mainly focus on coarse 
administrative or census-level scales and define adaptive 
capacity as distance-based accessibility of cooling 
resources. As a result, fine-scale spatial heterogeneity in 
heat vulnerability and the thermal burden experienced 
during travel to inform heat adaptation strategies are often 
overlooked. Considering these limitations, this study 
proposed a novel heat vulnerability framework that 
incorporates heat exposure based on a modified 
temperature-humidity index (MTHI), grid-level 
sensitivity and mobility-based adaptive capacity in 
relation to accumulated heat stress. A case study of 
Wuhan showed distinct urban-rural differences, with 
urban vulnerability driven by high exposure and 
sensitivity, and rural vulnerability shaped by limited 
accessibility to cooling resources. This research 
emphasises the importance of incorporating fine-scaled 
measures of mobility and heat stress into heat 
vulnerability assessments to better support targeted 
planning and heat mitigation strategies. 
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1 Introduction 

Global warming has become the most critical 
environmental issue in recent decades, threatening human 
society and ecosystems worldwide (Cramer et al., 2018). 
The increasing frequency and severity of hot days 
dramatically influence human well-being, leading to 

increased attention on heat vulnerability. The framework 
proposed by the Intergovernmental Panel on Climate 
Change (IPCC) in its Fourth Assessment Report (AR4) 
(IPCC, 2007) describes a heat vulnerability index (HVI), 
shaped by exposure, sensitivity, and adaptive capacity, 
which has been developed and widely applied (Estoque et 
al., 2023).  

Exposure was defined as ‘the nature and degree to which 
a system is exposed to significant climate variations’ 
(IPCC, 2007). To characterise exposure, satellite-derived 
land surface temperature (LST) has been widely utilised 
due to its high spatial resolution (Sun et al., 2022). Other 
meteorological factors, such as humidity and wind speed, 
can also affect subjective sensations and health 
consequences of urban residents (Yin et al., 2019; Zhang 
et al., 2023). Heat stress indices, such as the wet bulb-
globe temperature index (WBGT) and the universal 
thermal climate index (UTCI), provide detailed 
information on exposure but rely on on-site observations 
with limited spatiotemporal resolution (Cheng et al., 
2021; Ho et al., 2025).  

Adaptive capacity was defined as ‘the ability of a system 
to adjust to climate change (including climate variability 
and extremes), to moderate potential damages, to take 
advantage of opportunities, or to cope with the 
consequences’ (IPCC, 2007). To quantify adaptive 
capacity, existing studies have predominantly focused on 
distance-based access to cooling sources (Cheng et al., 
2021), while the thermal burden individuals experience 
during travel has been largely overlooked. Basu et al. 
(2024) found that heat stress significantly increases 
perceived walking distances and reduces overall 
pedestrian accessibility, suggesting distance-based 
measures may bias assessments of effective accessibility 
and adaptive capacity. 

Empirical studies have demonstrated that heat stress 
accumulates over time, significantly increasing the 
incidence of heat-related symptoms, including dizziness, 
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hyperhidrosis, chest tightness and potentially fatal 
heatstroke (Huang et al., 2025; Zhao et al., 2024). Thus 
heat stress constrains outdoor mobility by reducing 
activity frequency, slowing travel speeds and shortening 
travel distances (Creemers et al., 2015; Jia et al., 2022; 
Wu and Liao, 2020). As a result, cooling resources may 
become effectively inaccessible even when located 
nearby. These findings highlight the need for an approach 
that integrates both mobility-related heat cost and its 
accumulated effect into adaptive capacity assessment. 

To address this gap, this study proposes a novel and 
comprehensive framework for evaluating heat 
vulnerability. Heat exposure is characterised using a 
modified temperature-humidity index (MTHI) derived 
from land surface temperature (LST) and the normalised 
difference moisture index (NDMI). Heat stress is defined 
using an MTHI-based grading scheme, which clarifies 
that only heat exposure beyond the defined threshold heat 
stress starts to accumulate. Adaptive capacity is 
conceptualised as a function of heat stress accumulation 
and distance required to access cooling resources. This 
framework also integrates an origin-destination (OD) cost 
matrix constructed from road network to simulate the 
thermal burden experienced by residents during 
purposeful travel to cooling resources. Through a detailed 
case study, this approach enables higher-resolution 
mapping and a more detailed identification of spatial 
variations in heat vulnerability. 

2 Methods 

2.1 Exposure index (EI) construction 

Feng et al. (2020) proposed a modified temperature-
humidity index (MTHI) to quantify the spatial distribution 
of heat exposure. This index is calculated as: 

MTHI = 1.8LST + 32 − 0.55 ∙ (1 − NDMI) ∙ (1.8LST − 26)    (1) 

In this study, LST was collected from the thermal infrared 
band (ST_B10) and NDMI from the near infrared band 
(NIR) and short-wave infrared band (SWIR) of Landsat 8. 
To verify the applicability of the MTHI, Feng et al. (2023) 
calculated the physiological equivalent temperature 
(PET) using meteorological station data and found a 
strong statistical correlation between MTHI and PET. 
Their findings indicated that MTHI is reliable for 
characterising the exposure index (EI). Consequently, a 
growing body of research has utilised MTHI to 
characterise thermal comfort across both urban and rural 
contexts, while exploring its associations with land cover 
change and electricity consumption (Hidalgo-García et 
al., 2025; Hu et al., 2024; Nguyen et al., 2024). 

To characterise heat stress for adaptive capacity 
assessment, this study adopts an MTHI grading scheme 
(Qi et al., 2022; Yang et al., 2025). The grading principle 
of using the mean-standard deviation method for thermal 
comfort classification is shown in Tab. 1, where 𝜇 and 𝜎 
are the mean and the standard deviation of MTHI, 
respectively. The normality of the MTHI distribution was 
confirmed by skewness (−0.17) and kurtosis (1.09) 
statistics, satisfying the practical normality criteria of 
|skewness| < 3 and |kurtosis| < 7 (Kline, 2011). Heat stress 
intensity is defined as values exceeding the threshold of 
𝜇 + 0.5𝜎 , including categories classified as 
“Discomfortable” and “More Discomfortable”. 

Table 1. Thermal comfort (MTHI) grading. 

Range of value Meaning 

MTHI ≤ μ − σ  More comfortable 
μ − σ < MTHI ≤ μ − 0.5σ  Comfortable 
μ − 0.5σ < MTHI ≤ μ + 0.5σ  Less comfortable 
μ + 0.5σ < MTHI ≤ μ + σ  Discomfortable 
μ + σ < MTHI  More discomfortable 

2.2 Sensitivity index (SI) construction 

Sensitivity captures population socio-demographic 
characteristics (Cheng et al., 2021; Kumar and Sharma, 
2020). Owing to the poor thermoregulation ability of the 
elderly and children, age has been recognised as one of 
the crucial sensitivity factors (Grubenhoff et al., 2007; 
Hansen et al., 2011). Previous studies found that heat-
related mortality is higher among people with less 
education, poorer living conditions and social isolation 
(Mallen et al., 2019; Schwarz et al., 2025). Similar results 
were also found in outdoor workers, emphasising the need 
for adding relevant variables into sensitivity assessment 
(Venugopal et al., 2021). While indicators such as 
education level, living alone, and housing conditions are 
categorised as adaptive capacity in some studies, here 
they were classified as sensitivity, emphasising their role 
as pre-existing, relatively fixed household attributes. 

In this study, 8 block-level variables from census data 
were used based on literature reviews and local conditions 
of the study area. These variables were spatially 
interpolated to a grid-level population dataset (Comber 
and Zeng, 2019) (Tab. 2). Collinearity among variables 
may affect the construction of the sensitivity index (SI), 
highlighting the need for principal component analysis 
(PCA) (Fang and Zhao, 2024). To ensure cross-indicator 
comparability, the z-score method was applied to 
standardise all variables to a uniform scale, with a mean 
of 0 and a standard deviation of 1. In detail, PCA was 
performed to extract m  principal components with 
eigenvalues λ୨ (j = 1, ⋯ , m) .The weight of the i୲୦ 

indicator was calculated as follows:   
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where  l୧୨
ଶ  is the factor loading of indicator i on the j୲୦ 

principal component, λ୨  is the eigenvalue of the j୲୦ 

principal component, and m  is the number of retained 
components. Finally, SI for each grid was calculated as 
follows:  

SI = ∑ w୧ ∙୬
୧ୀଵ Z୧                              (3) 

where 𝑍௜is the standardised value of the indicator 𝑖. 𝑤௜  is 
the weight of each indicator. In this study, the KMO value 
of 0.831, together with a significant Bartlett's test (p < 
0.01), indicates that the selected variables are appropriate 
for PCA. Through this process, a grid-level sensitivity 
map was generated. 

Table 2. Sensitivity variables description. 

Indicators Description 

Age rate ≥ 65 Population aged over 65 years 
Age rate ≤14 Population aged below 14 years 
Agriculture/for-
estry/fishery 
population 

Population engaged in agricul-
ture/forestry/fishery 

Construction 
population 

Population engaged in construc-
tion activities 

Elderly living 
alone 

Population living alone aged over 
65 

Living without 
elevator 

Population living without an ele-
vator 

Illiteracy rate Population illiterate aged over 15 
years 

Below associate 
degree 

Population without associate or 
higher degree 

2.3 Adaptive capacity index (ACI) construction 

In this study, adaptive capacity reflects contextual 
influences which influence residents’ ability to access 
cooling resources. To define adaptive capacity, heat stress 
accumulation (HSA) was calculated based on travel 
distance and heat stress. While exposure characterises the 
baseline thermal environment of residents' normal living 
context, HSA captures the potential heat cost incurred 
during purposeful travel to cooling resources.  

The calculation of the ACI proceeded as follows: First, an 
OD cost matrix was initialised using road network, with 
population grids as origins and cooling resources as 
destinations. The population grids were derived from a 
population raster, which included only cells with values 
greater than zero, whereas cooling resources comprise 
green spaces, blue spaces, and medical facilities. Second, 
MTHI values were processed in ArcGIS to retain only 
differences relative to the threshold defined by the grading 
scheme (Tab. 1), with values below the threshold set to 
zero. Third, HSA during travel was incorporated as the 

cost constraint. For each road segment, processed MTHI 
values were directly extracted at points along road 
segments, and the mean of these values was multiplied by 
the segment length. The heat cost for segment 𝑠  was 
calculated as follows:  

Cୗ = HSୱ
തതതതത ∙ Lୱ                              (4) 

where 𝐶ௌ  denotes the heat cost of road segment 𝑠, 𝐻𝑆௦ 
represents the mean heat stress along the segment 𝑠, and 
𝐿௦ is its length. Based on this definition, the HSA along a 
path 𝑝, connecting a population grid 𝑖 to a cooling facility 
𝑗 , was calculated as the sum of heat costs across all 
segments composing the path: 

HSA୮(୧,୨) = ∑ Cୱୱ∈୮(୧,୨)                     (5) 

For each population grid cell, the minimum HSA was 
identified as the lowest thermal burden to access any 
cooling resource. Finally, an adaptive capacity index 
(ACI) was then constructed by integrating the minimum 
HSA across all cooling resources. Specifically, ACI was 
calculated as follows:  

ACIେ = β ∙ min൫HSAୡ,୩൯ + (1 − β) ∙ HSAୡ,୩
തതതതതതതതത       (6) 

where 𝐻𝑆𝐴௖,௞ denotes the HSA of grid cell 𝐶 with respect 

to resource type 𝑘, min൫HSAୡ,୩൯represents the minimum 

heat cost across all cooling resource types, and HSAୡ,୩
തതതതതതതതത is 

the mean accessibility across all types. The balancing 
coefficient β (0 ≤ β ≤ 1)  was set to 0.5 to reflect a 
balanced prioritisation between the minimum and mean 
heat cost components, consistent with a general-
population vulnerability scenario. A higher ACI indicates 
greater difficulty accessing cooling resources, reflecting 
lower adaptive capacity and thus higher overall heat 
vulnerability.  

2.4 HVI construction 

In this study, composite HVI was constructed using 
multiplicative aggregation to reflect interdependent 
effects among components. Prior to multiplication, the 
value of EI, SI, and ACI were normalised using Min-Max 
scaling as follows: 

𝑥ᇱ = 0.1 +
୶ି୑୍୒

୑୅ଡ଼ି୑୍୒
∙ 0.9                     (7) 

Finally, HVI was calculated as follows: 

HVI = EI ∙ SI ∙ ACI                            (8)  

2.5 Data and software availability 

This study uses publicly available remote sensing, 
geospatial, and census datasets (Tab. 3). Landsat 8 
satellite imagery was collected from USGS EarthExplorer 
(https://earthexplorer.usgs.gov). The road network in 
Wuhan was collected from OpenStreetMap 
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(https://www.openstreetmap.org). Cooling resource data, 
including green and blue spaces, were derived from 
Landsat 8 imagery using the Normalised Difference 
Vegetation Index (NDVI) and Modified Normalised 
Difference Water Index (MNDWI). Pixels with NDVI > 
0.3 were classified as vegetation, and pixels with MNDWI 
> 0 were classified as water bodies, following standard 
thresholds for urban green and water features (Qi et al., 
2025), as shown in Fig. 1(a). These processing steps were 
implemented using ArcGIS software.  Cooling resources 
relevant to medical services were obtained via the Amap 
(https://www.amap.com/), as shown in Fig. 1(b). 
Sensitivity-related variables were collected from the 
Seventh Population Census in Wuhan and downloaded 
from the local chronicles office 
(http://dfz.wuhan.gov.cn/). The population dataset was 
derived from the Age-Stratified Population Estimation 
from the 2020 China Census by Township (ASPECT) (Ju 
et al., 2025). The Python code for generating the proposed 
HVI framework is available on GitHub 
(https://github.com/AGILE/heat-vulnerability-
framework). 

Table 3. Data sources and types. 

Data Type 

Landsat 8 satellite imagery 30 m raster  

Seventh National Population  
(2020 Census) 

Vector poly-
gon  

Age-Stratified Population Estimation 
(2020 Census) 

100 m raster  

Medical services POI (Amap) Vector point  

Road network data (OpenStreetMap) Vector line  

Figure 1. Spatial patterns of public green and blue spaces (a) 
and medical services POI (b) with geographical location of 
urban centre and urban development zone in Wuhan. 

4 Results 

4.1 Spatial distribution of EI  

As shown in Fig. 2(a), overall heat exposure levels are 
higher in western regions and lower in eastern regions, 
reflecting a pronounced spatial gradient across Wuhan. 

For adaptive capacity analysis, heat stress was 
characterised using the MTHI grading in Table 1. Areas 
classified as the most discomforting areas (μ + σ <

MTHI) are primarily located in the southwestern region 
(Fig. 2(b)). Regions under relatively comfort (MTHI ≤

μ + 0.5σ) are primarily distributed near urban blue and 
green spaces, particularly in central and eastern Wuhan. 
In these locations, blue spaces and their surrounding green 
spaces work together to mitigate heat stress within the 
urban environment. 

To better understand the drivers of this spatial pattern, the 
spatial distributions of LST and NDMI were further 
analysed. Fig. 2(c) shows the spatial distribution of LST, 
which exhibits a pronounced contrast between urban and 
rural areas, reflecting the urban heat island effect. LST in 
urban centres can reach 70 °C. In contrast, NDMI, which 
reflects vegetation water content and correlates with 
relative humidity, exhibits an opposite spatial trend as 
shown in Fig. 2(d). This may be due to vegetation being 
sparse in urban centres, with high land-use competition, 
whereas the surrounding urban areas feature more 
abundant greenery, including green wedges, parks, and 
ecological buffer zones.  At the peripheral margins of 
urban development zones, blue-green spaces with 
increased density engender heightened humidity, leading 
to an increase in the MTHI and thereby compounding 
thermal discomfort among the exposed population.

 
Figure 2. Spatial patterns of MTHI (a), grading results of MTHI 
(b), LST (c), and NDMI (d) in Wuhan. 

4.2 Spatial distribution of SI  

As shown in Tab. 4, two principal components were 
retained to construct the composite SI, which together 
explain 89.7% of the variation in the block-level census 
data. All variables from Tab. 2 contribute to the final SI 
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through weights derived from their factor loadings across 
both components. As for the contribution of each variable, 
education level, lack of elevators, and age structure, 
including the population aged over 65 and under 14, all 
demonstrate relatively high contribution, with all weights 
exceeding 0.7. Among them, education level made the 
greatest contribution, with a weight of 0.81. Elderly 
people living alone and illiteracy also show notable 
influence, with weights of 0.686 and 0.651, respectively. 
By comparison, occupational indicators are of limited 
importance, particularly the proportion of the population 
engaged in agriculture, forestry, and fisheries, which has 
a weight of 0.171.  

Table 4. Principal components extracted to build sensitivity 
index (SI). 

Principal 
Compo-
nents 

Extraction Sums of Squared Loadings 

Total (ei-
genvalue) 

% of Vari-
ance 

Cumulative 
% 

PC1 5.961 74.508 74.508 
PC2 1.216  15.202 89.710 

As shown in Fig. 3, SI values exhibit a clear spatial 
clustering pattern. High-sensitivity areas are primarily 
concentrated in the urban centre. Several secondary 
hotspots are also observed in suburban built-up areas. 
This pattern may partly be attributable to population 
density. As a result, rural areas are mostly characterised 
by very low SI values due to their lower population 
density. Overall, the spatial pattern of SI suggests an 
urban-rural gradient, with the sensitive population 
concentrated in the urban centre with high heat exposure. 

 
Figure 3. Spatial patterns of SI in Wuhan. 

4.3 Spatial distribution of ACI 

In this study, ACI was calculated as a function of travel 
distance and average heat stress. As shown in Fig. 4, the 
average heat stress was calculated for each road segment. 
Each road segment was classified into one of five 

categories using the natural breaks method, with values 
ranging from 0 to 12.66. Overall, higher values are 
concentrated in urban development zone, particularly in 
the southwestern part of the study area, whereas lower 
values are observed mainly in rural areas. These areas are 
largely classified as relatively comfortable according to 
the MTHI grading. As expected, average heat stress 
exhibits a clear decreasing trend from the urban centre 
towards the urban periphery.  

 
Figure 4. Spatial patterns of classified average heat stress in 
Wuhan. 

Fig. 5(a) illustrates the spatial distribution of ACI from 
the proposed heat-stress-integrated method, expressed as 
the accumulated heat stress. In contrast to the pattern 
observed in Fig. 4, most high values are in rural areas. 
These areas are typically situated on the urban periphery 
and are distant from major road networks, which 
substantially increases the cost of accessing cooling 
resources, even though they live in relatively comfortable 
thermal conditions. By contrast, urban areas exhibit very 
low heat costs due to both higher road network density 
and the widespread availability of cooling resources, 
especially medical facilities. The spatial pattern of ACI 
exhibits a clear core-periphery gradient, with heat costs 
remaining low in the urban centre and increasing 
progressively towards suburban and rural areas.  

Fig. 5(b) presents the spatial distribution of ACI derived 
from the traditional distance-based method, which 
considers only travel distance to cooling resources. 
Compared to Fig. 5(b), the reduction in ACI in rural areas 
under the heat-stress-integrated method is primarily 
attributable to the more comfortable thermal background 
compared to urban areas, which lowers the heat cost of 
travel to cooling resources. Areas exhibiting the most 
pronounced ACI increases are concentrated at the 
boundaries of the urban centre and in areas between urban 
centre and urban development zone. Although these areas 
contain more green-blue spaces than the urban core, the 
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high density of construction and industrial activities 
generates intense heat stress, increasing the heat cost for 
residents accessing nearby cooling facilities. Conversely, 
despite the relative scarcity of green-blue spaces in the 
urban centre, ACI values are lower under the proposed 
method than under the distance-based approach. This 
suggests that the relatively mild thermal environment， 
although still mainly classified as discomfortable areas, 
partially compensates for limited cooling resources, 
details that distance-based measures are unable to capture. 

 
Figure 5. Spatial patterns of ACI derived from heat-stress-
integrated method (a) and distance-based method (b). 

4.4 Spatial distribution of HVI 

Fig. 6 illustrates the spatial distribution of the composite 
HVI across the study area. As shown in Fig. 6(a), the HVI 
ranges from 0.003 to 0.139, indicating pronounced 
heterogeneity across the study area. Overall, high HVI 
areas are mainly located in urban centre or rural areas far 
from the road network. High heat vulnerability in urban 
centres is driven by high exposure and sensitivity. 
However, the intensity of exposure and vulnerability 
associated with population concentration and land-use 
competition tends to diminish towards the urban 
periphery as population density decreases. Vulnerability 
is particularly low in areas surrounding urban blue and 
green spaces. In contrast, high heat vulnerability in remote 
rural areas is primarily influenced by adaptive capacity. 
Although these areas are often located near green spaces, 
access to additional cooling resources, such as medical 
facilities and blue areas, requires considerable travel 
distance and heat costs, thereby reducing overall 
adaptation. Furthermore, uneven road network density 
exacerbates inequalities in resource accessibility, 
ultimately increasing heat vulnerability.  

Fig. 6(b) presents the spatial difference in HVI between 
the proposed framework with heat stress accumulation 
and the traditional framework focused on distance-based 
accessibility. In the urban centre, HVI values decrease 
under the proposed method, as the relatively moderate 
thermal environment along urban travel routes reduces the 
heat cost of accessing cooling resources (Fig. 6(d)). In 
contrast, HVI values increase markedly in areas between 

the urban centre and the urban development zone, where 
intense human activities elevate local heat stress and 
substantially raise the heat cost of travel (Fig. 6(c)). In 
rural areas, HVI values decrease under the proposed 
method, as the relatively comfortable thermal 
environment partially offsets the disadvantage of greater 
travel distances (Fig. 6(e)). These patterns collectively 
demonstrate that distance-based measures systematically 
misrepresent overall vulnerability across both urban and 
rural contexts. 

 
Figure 6. Spatial patterns of HVI from the proposed method (a), 
HVI difference between the proposed and traditional methods 
(b), and Zoomed-in views of selected sub-regions (c~e). 

5 Discussion and Conclusions 

The main objective of this study is to characterise heat 
vulnerability in detail by introducing a novel analytical 
framework and considering the influence of heat cost on 
adaptive capacity assessment in heat vulnerability 
research. To this end, detailed heat exposure information 
was first derived by calculating the MTHI index based on 
temperature and humidity. An OD cost matrix was then 
constructed to simulate the accumulated heat stress 
experienced by residents during purposeful travel to 
cooling resources. Specifically, this study calculated both 
the average heat stress along travel routes and heat stress 
accumulation associated with travel distance. The results 
provide greater spatial detail than conventional census-
based and distance-based vulnerability studies, offering 
more informative evidence for local policy making and 
urban planning.  

The use of MTHI for exposure assessment is a necessary 
simplification given the research aims. However, 
residents' daily mobility, including commuting and other 
routine activities, may alter their actual heat exposure 
(Zhang et al., 2026). Empirical research has shown that 
both willingness to move and speed may change with the 
accumulation of heat stress, potentially influencing route 
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choice and destination selection (Basu et al., 2024). These 
dynamic behavioural responses were not incorporated in 
the present analysis, as this study focuses on exploring 
heat vulnerability under a generalised scenario. Future 
research could integrate high-resolution mobility data, 
such as mobile or social media data, to better capture 
actual daily mobility patterns.  

Regarding cooling resources selection, this study 
considered green-blue spaces and medical facilities; 
however, indoor air-conditioned environments such as 
shopping centres should also be incorporated. Previous 
studies also found a threshold effect between the size of 
green-blue spaces and their cooling efficiency (Yu et al., 
2020). Compared to the present study, which relied solely 
on NDVI and MNDWI thresholds to identify cooling 
destinations, future research should adopt a multi-criteria 
approach to more comprehensively define cooling 
resources that truly contribute to heat adaptation.  

In this study, only cumulative heat stress associated with 
walking was considered. The influence of other travel 
modes on adaptive capacity warrants further 
investigation. Finally, validation of the proposed 
framework and its application across diverse geographical 
contexts remains an important direction for future 
research.  
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