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A B S T R A C T

Climate change increases the frequency and intensity of heatwaves, amplifying heat-related 
health risks in cities worldwide. Inequities in heat vulnerability arise from disparities in heat 
exposure, built and natural environments and population attributes that impact heat sensitivity, 
and socio-economic determinants of adaptive capability. A lack of internationally consistent and 
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Climate resilience
Sustainable cities
Open data

accessible heat vulnerability metrics creates barriers to assessing inequities and benchmarking 
urban heat vulnerability between cities worldwide. To address this need, we developed the Global 
Urban Heat Vulnerability Index (GUHVI), applicable to cities worldwide, using open data to 
identify spatial inequities in heat vulnerability at the neighbourhood scale. Built from an 
Australia-specific heat vulnerability index, the evidence-informed framework developed for the 
GUHVI evaluates heat exposure, heat sensitivity and adaptive capability to holistically assess heat 
vulnerability. Quantitative validation for eight Australian cities demonstrated strengths of the 
GUHVI in spatial resolution and assessment coverage of the grid-based framework. Qualitative 
validation for nine diverse cities internationally was performed in collaboration with local subject 
matter experts with knowledge of each city context. The GUHVI addresses critical gaps in existing 
methods by enabling systematic and comparable measurement of heat vulnerability in diverse 
cities internationally. Available through our customizable open-source global indicator software, 
the GUHVI provides evidence on modifiable risk factors of urban heat vulnerability, to inform 
targeted adaptation strategies that promote climate resilience and reduce health impacts from 
heat.

1. Introduction

1.1. The global challenge of urban heat

Extreme heat events are among the deadliest natural hazards globally, with projected increases in frequency and intensity due to 
climate change (IPCC, 2022; Martín and Paneque, 2022; Guerreiro et al., 2018). These events pose particular risks to urban residents 
due to the ‘urban heat island effect’ whereby built-up areas are significantly hotter than surrounding non-urban regions. Built-up urban 
environments dominated by impervious surfaces such as buildings and asphalt, combined with sparse vegetation, have higher relative 
ambient temperatures (Bosomworth et al., 2013; Coutts et al., 2010). During extreme heat events, concentrated emissions in dense 
urban areas can sustain higher temperatures for longer periods, further exacerbating cooling demand and putting strain on critical 
infrastructure needed to cool urban environments and protect residents (Sun et al., 2024; Fan et al., 2020; Auffhammer et al., 2017; 
Sailor et al., 2015; Santamouris et al., 2015; Salamanca et al., 2014).

Prolonged exposure to high temperatures has severe health consequences, affecting both physical and cognitive function (Hess 
et al., 2023; Cao et al., 2018; Harlan et al., 2014). Between 2000 and 2019, approximately 489,000 heat-related deaths were recorded 
worldwide (Zhao et al., 2021), with excess neonatal mortality in low- and middle-income countries attributed to climate change- 
related temperature increases (Dimitrova et al., 2024). Heat-related illnesses caused by dehydration and sodium loss can lead to 
heat exhaustion and, in severe cases, fatal heat stroke (Eifling et al., 2024; Gauer and Meyers, 2019). Heat stress also exacerbates non- 
communicable diseases such as cardiovascular disease, diabetes and asthma (Xu et al., 2024; Münzel et al., 2022; Kenny et al., 2010). 
Additionally, extreme heat reduces the safety and productivity of outdoor labour, posing economic and social challenges (Tong et al., 
2021).

Heatwaves can overwhelm health systems, particularly in low- and middle- income countries (Tong et al., 2021; Chambers, 2020). 
While heat affects everyone, some individuals are more vulnerable than others. The very young, elderly, chronically ill, pregnant, and 
those in need of care, face greater risks of heat-related illnesses and mortality (Hess et al., 2023; Sun et al., 2021; Parsons, 2009). The 
risk of widening inequalities within cities over time also becomes apparent due to increasing climate change impacts (Chambers, 
2020).

Vulnerability to heat is influenced by the degree of heat exposure, as well as characteristics of the population and where they live 
(Tong et al., 2021). Urban residents’ experience of heat is intrinsically linked to the built and natural environment, with land uses and 
the built form impacting the sensitivity of neighbourhoods to heat impacts, especially in vulnerable groups. For example, areas with 
green vegetation cover and shade can be significantly cooler than nearby areas without such coverage (Aram et al., 2019). The 
experience of urban heat and capacity to adapt is impacted by socio-economic and demographic characteristics including income, 
education and age in addition to physiological factors, such as underlying health conditions (Voelkel et al., 2018). Spatial heat 
vulnerability assessments can help identify areas where local adaptation efforts are needed most, and provide crucial data-driven 
insights to help guide decision-makers to reduce the impact of extreme heat, especially on those at greatest risk (Tong et al., 2021).

1.2. Heat vulnerability indexes: state of the art

Heat vulnerability assessment has been a growing area of research over the past half–century (Li et al., 2024a). It is a multi-faceted 
endeavour that can combine various inputs related to atmospheric conditions, physical land cover materiality, topography, built and 
natural environments, demographics, and anthropogenic activities (Alonso and Renard, 2020; Reid et al., 2009). Heat vulnerability 
studies have often focussed on a specific study area or region, which has resulted in a multitude of indexes across different parts of the 
world (Saguansap et al., 2024; Estoque et al., 2020; Wolf and McGregor, 2013). In 2022, the Intergovernmental Panel on Climate 
Change defined a conceptual framework of vulnerability, including the three key components of exposure, sensitivity, and adaptive 
capability (IPCC, 2022). This framework provides a basis for structuring heat vulnerability studies, however further detail is required 
to harmonise various complex factors. Recent comprehensive analytical heat vulnerability framework recommendations stress the 
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importance of carefully selecting appropriate techniques to weight inputs (Kim and Kim, 2024). The principal component analysis 
(PCA) and equal weighting approach (EWA) are among the most common weighting techniques in heat vulnerability assessments 
(Qian and Liu, 2025; Li et al., 2022). The latter follows the principle that each component has the same degree of influence on heat 
vulnerability and are therefore treated equally, whereas PCA applies statistical techniques to determine underlying correlation pat
terns within the inputs and produce data-driven weightings (Karanja and Kiage, 2021). A recent study found EWA to better align with 
the spatial distribution of heat-related mortality, relative to PCA (Liu et al., 2020).

Recent literature reviews have found a lack of globally applicable methods for assessing heat vulnerability (Li et al., 2024a; Cheng 
et al., 2021; Gonzalez-Trevizo et al., 2021), and current metrics have not been comprehensively validated for cities internationally, 
using both quantitative and qualitative methods (Li et al., 2022). A lack of consistency in the input criteria of existing urban heat 
vulnerability assessments limits the ability to comparably measure and monitor progress towards healthy, heat resilient cities 
worldwide. An internationally applicable and validated framework consisting of default input criteria and using globally available 
open data could harmonise worldwide efforts to assess urban heat vulnerability within cities. Consistent metrics could overcome 
barriers to obtaining much-needed information on heat vulnerability, especially in low- and middle-income countries or where official 
government data is lacking.

1.3. Urban heat vulnerability for global application

This study sought to address the gap in international applicability and systematic measurement of heat vulnerability and support 
evidence-informed planning for urban health and climate resilience in cities worldwide. We engaged a global collaborative research 
network to develop a Global Urban Heat Vulnerability Index (GUHVI) that is applicable to cities worldwide, and able to identify spatial 
inequities in heat vulnerability at the neighbourhood scale. The following research questions were addressed: 1) can a global index 
validly and consistently measure urban heat vulnerability in diverse cities internationally using global open datasets? 2) can a global 
urban heat vulnerability index identify neighbourhood-level spatial inequities within cities? 3) how do heat exposure, heat sensitivity, 
adaptive capability, and overall heat vulnerability vary between cities across different geographical regions, climate zones, and income 
groups?

The GUHVI was developed for the Global Observatory of Healthy and Sustainable Cities; a collaborative open platform for 
measuring and monitoring urban health and sustainability internationally (Global Healthy and Sustainable City-Indicators Collabo
ration, 2022). To support consistent and adaptable indicator measurement across diverse urban contexts, the Global Observatory has 
developed open-source software (the Global Healthy and Sustainable City Indicators (GHSCI) software) that supports indicator 
calculation, validation, and reporting undertaken by local city teams for cities worldwide (Higgs et al., 2024). To integrate into this 
platform, the GUHVI needed to be robust, scalable, and able to be used by researchers, policymakers and advocates to assess cities 

Fig. 1. GUHVI architecture diagram, indicating data sources, normalization, and equal weighting approaches.
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anywhere in the world.
For this research, we adapted a heat vulnerability index developed for the Australian context (Sun et al., 2022a; Sun et al., 2019). 

Australia has been a focus of heat vulnerability assessment research due to the country’s history of frequent extreme heat events and 
associated health impacts (Amoatey et al., 2025; Li et al., 2024b; Wang et al., 2023; Elizabeth Loughnan et al., 2014). Sun et al. (2019)
assessed urban vegetation, urban heat island and heat vulnerability for Greater Melbourne, Victoria, subsequently developing their 
methods for a nationwide integrated heat vulnerability index (iHVI) toolkit (Sun et al., 2022a). The iHVI integrates multiple data 
sources, including remotely sensed satellite data and nationwide census data at Australia’s fine scaled Statistical Area 1 (SA1) level. 
The iHVI generates heat exposure, sensitivity, adaptive capability, to derive an overall heat vulnerability index that provides insight 
into the relationships between heat, environmental, and socioeconomic factors (Sun et al., 2022a). In terms of weighting techniques, 
the established EWA employed by the iHVI was critically deemed as most suitable for the GUHVI as it offered a universally applicable 
method that would enable comparison between cities.

We developed the architecture and workflow of the GUHVI by modifying the iHVI, as it offered a robust and comprehensive 
assessment approach that could be adapted for global use by substituting Australian census data with global open data alternatives. 
Just like the iHVI, the GUHVI aligns with the conceptual framework of heat vulnerability as defined by the Intergovernmental Panel on 
Climate Change (IPCC, 2022), by synthesising the three components of heat exposure, heat sensitivity and adaptive capability into a 
composite heat vulnerability index.

2. Methods

2.1. GUHVI architecture & inputs

The GUHVI integrates ten inputs into three sub-indexes, which are then composited into a final heat vulnerability index (Fig. 1). 
The three sub-indexes summarised in Table 1 - Heat Exposure Index (HEI), Heat Sensitivity Index (HSI), and Adaptive Capability Index 
(ACI) - are well-established determinants of heat vulnerability (Kim and Kim, 2024; Li et al., 2024a; IPCC, 2022). The HEI describes the 
level of heat exposure using Land Surface Temperature (LST). The HSI assesses heat sensitivity as a function of Land Surface Albedo 
(LSA), Normalized Difference Vegetation Index (NDVI), Normalized Difference Built-Up Index (NDBI), Local Climate Zones (LCZ), 
Population Density (POPD) and Vulnerable Population (POPV). The final sub-index, ACI, is made up of three inputs: Child Dependency 
Ratio (CDR), Subnational Human Development Index (SHDI) and Infant Mortality Rates (IMR).

Table 1 lists the data sources for the ten GUHVI inputs. Inputs for the HSI differed for the GUHVI compared with those in the iHVI, 
due to suitability and availability of global open data. The two additional inputs of LSA and LCZ were added to more comprehensively 
represent land cover characteristics for global application. LSA was included as recent research suggests that increased albedo is a 
significant determinant of land surface temperature (Lu et al., 2023) and the strategic implementation of high-albedo materiality in 
urban areas can mitigate the urban heat island effect and reduce heat-related mortality (Ziaeemehr et al., 2023; Jandaghian and 
Akbari, 2021). Secondly, LCZ was included as an established system for describing characteristics of both grey and green land cover 
typologies (Stewart and Oke, 2012). A custom zone order was determined from previous studies (Rahmani and Sharifi, 2025; Zhou 
et al., 2020; Cai et al., 2019) that defined ‘bare rock or paved’ (LCZ E) as the most heat retaining, and ‘water’ (LCZ G) as the least heat 
retaining (see supplementary material for the full order). Four distinct population-related inputs were included in the HSI for the iHVI: 
population density, percentage aged 65+, percentage aged 4–, and percentage in need of care. In the GUHVI, population density 
(POPD) was retained but a single input of vulnerable persons defined as those aged 0–4 years or 65 or greater was used (POPV).

In the ACI for the iHVI, two inputs were used from Australian census data describing education and income level. In the GUHVI, 
education, health and living standards were captured at the global scale by the SHDI (Smits and Permanyer, 2019). CDR and IMR were 
also included to more holistically measure adaptive capabilities in cities internationally. Research suggests that lower instances of CDR 
are associated with increases in economic growth and lower poverty rates, implying a greater adaptive capability (Cruz and Ahmed, 
2018). Similarly, in low- and middle-income countries, infant mortality is associated with female illiteracy and income equality with 
negative impacts on adaptive capacity (Schell et al., 2007).

In terms of data sources, we sourced remote sensing imagery data for LST, LSA, NDVI, NDBI, and global-scale pre-processed 
datasets for the remaining inputs. The 1 km resolution of the resultant GUHVI was the finest possible, based on the resolution of these 
datasets. For the pre-processed datasets, we used the most recently available with spatially gridded global coverage. For satellite- 
derived inputs, we prioritized data from the hottest period of the year (Li et al., 2024b; Reid et al., 2012).

Using data from the hottest period more accurately represents urban heat vulnerability compared with annual averages, as extreme 
heat events are more likely during these months. An annual average would obscure seasonal differences in temperature and fail to 
capture the dynamic cooling effects of vegetation, as reflected in the NDVI and LSA (Li et al., 2023; Luo et al., 2023). While many 
climatic studies define summer as the hottest three or four consecutive months (Shahfahad et al., 2024; Kant et al., 2020), the global 
scope of the GUHVI required a more nuanced approach. For instance, arid regions may experience longer hot periods, whereas high- 
latitude regions may have shorter ones. Closer to the equator, in tropical regions, wet and dry seasons replace the four-season cycle 
typical for mid-latitudes. Considering this climatic diversity, the hottest consecutive four-month period (one-third of the year) was 
chosen as a standard parameter for this global study.

2.2. City selection & urban centre boundaries

We included all eight Australian state and territory capital cities, and nine other cities from across six continents (Table 2). 
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Table 1 
GUHVI data input details.

GUHVI Data Sources

Sub-Index Input Name Description Source Resolution Year of data 
capture* or 
estimate**

Data Limitations

Heat 
Exposure 

Index 
(HEI)

LST Land Surface 
Temperature

LST is the temperature of 
the Earth’s surface, 
which gives an 
indication of lived 
experience of heat.

(Earth Resources 
Observation and 
Science (EROS) 
Center, 2020b)

30 m 2023–24 
hottest third 
of the year*

These satellite-derived 
data sources have 
consistent global coverage 
and enable dynamic 
capture times, making 
them suitable for 
composite spatial indexes 
such as the GUHVI. 
However, common 
limitations are inconsistent 
repeat visit intervals and 
atmospheric interference, 
such as cloud cover.

Heat 
Sensitivity 

Index 
(HSI)

LSA Land Surface 
Albedo

LSA measures solar 
reflectance, with higher 
values indicating greater 
surface reflectivity and, 
therefore, less surface 
heat retention

(Earth Resources 
Observation and 
Science (EROS) 
Center, 2020a)

30 m
2023–24 
hottest third 
of the year*

NDVI

Normalized 
Difference 
Vegetation 
Index

NDVI and NDBI are 
spectral indices that 
respectively describe the 
land cover categories of 
vegetation health or 
greenness and 
impervious surfaces (e. 
g., concrete, asphalt)

(European Space 
Agency, 2021)

10 m
2023–24 
hottest third 
of the year*

NDBI
Normalized 
Difference 
Built-Up Index

10 m
2023–24 
hottest third 
of the year*

LCZ
Local Climate 
Zones

LCZs provide a 
standardized framework 
for urban heat island 
studies (Stewart and 
Oke, 2012)

(Demuzere et al., 
2022) 100 m 2018**

Local Climate Zones are an 
established data source 
that provide an 
approximation of land 
cover typologies for global 
scale spatial assessments 
related to climate.

POPD
Population 
Density

Differences in 
population density 
across urban settings are 
shown by POPD

(Schiavina et al., 
2023) 1000 m 2025**

GHS Global Human 
Settlement population grid 
estimates are an 
established data source for 
global scale spatial 
assessments, and the 
estimate year of 2025 
aligns with our analysis 
target year of 2023.

POPV
Vulnerable 
Population 
Percent

POPV represents those 
most at risk to heat based 
on age, determined by 
the collective ratio of 
population aged 0–4 and 
65+ years

(Tatem, 2017)

92.77 m 2020**

WorldPop provides 
population density, age 
and sex characteristics in a 
gridded format for global 
spatial assessments based 
on disaggregation of 
census data to ~100x100m 
grid cells through machine 
learning approaches. This 
harmonized structure 
allows for comparability 
between different cities; 
however, original census- 
data will likely offer more 
accurate totals and higher 
resolutions.Adaptive 

Capability 
Index 
(ACI)

CDR
Child 
Dependency 
Ratio

CDR is a ratio of children 
(aged 0–14 years) to the 
working population 
(15–64 years), indicating 
economic reliance

92.77 m 2020**

SHDI

Subnational 
Human 
Development 
Index

SHDI assesses human 
well-being through 
education, health, and 
standard of living (Smits 
and Permanyer, 2019)

(Center for 
International Earth 
Science Information 
Network (CIESIN) 
Columbia 
University, 2022)

927.66 m 2018**

The year estimate for these 
two data sources may not 
accurately reflect the state 
of human development 
and infant mortality rates 
in the target year of 2023 
for our GUHVI analysis. 
Furthermore, the coarse 
resolution provides less 
spatial detail and variance 
compared to the other 
inputs.

IMR Infant Mortality 
Rates

IMR tracks deaths in 
children under 1 year of 
age per 1000 live births 
in the same year; a key 
indicator of population 
health (Reidpath and 
Allotey, 2003)

927.66 m 2015**
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Australian cities offered the opportunity for validation against the Australian iHVI and represented a range of climate classifications, 
geographical areas and population estimates, from more than 5,000,000 people in Sydney and Melbourne to fewer than 150,000 in 
Darwin. Population density varied widely from 560 people per km2 in Darwin to almost 2300 people per km2 in Sydney.

The other cities were diverse in terms of geographic location, income group, population size, urban area, and climate conditions. 
Cities beyond Australia were selected by drawing upon the Global Observatory’s existing collaborative research network (Global 
Healthy and Sustainable City-Indicators Collaboration, 2022). Researchers or practitioners with current or recent long-term residency 
in the city and expertise in city planning, healthy cities, and spatial data science were engaged as research collaborators undertaking 
validation for their cities.

Of the non-Australian cities, two were in lower-middle income countries (Maiduguri and Chennai), three in upper-middle income 
(Changsha, Porto Alegre, Mexico City), and four were in high income countries (Los Angeles, Turin, Barcelona, Belfast). Population 
estimates for 2025 ranged from over 485,000 in Belfast to almost 18,500,00 in Mexico City, and population density ranged from 2705 
people per km2 in Los Angeles to 12,397 people per km2 in Chennai. The hottest third of the year date range varied across the included 

Table 2 
City profiles demonstrating diverse range of climate zones, income group and population statistics. Hottest third of the year calculated for each city is 
listed in the final column.

City Profiles

Region and 
Country

City Köppen-Geiger  
climate 

classification*

Income 
group**

Urban centre 
boundary area 

(km2)

2025 population 
projection***

Population density 
(per km2)

Hottest third of the 
year date range

Africa

Nigeria Maiduguri BSh Lower- 
middle

233 1,295,169 5559 23–03-01 to 
23–07-01

Asia

India Chennai Aw
Lower- 
middle 909 11,268,605 12,397

23–03-01 to 
23–07-01

China Changsha Cfa
Upper- 
middle 420 3,236,226 7705

23–06-01 to 
23–10-01

America, 
South

Brazil Porto 
Alegre

Cfa Upper- 
middle

242 1,417,495 5857 23–11-01 to 
24–03-01

America, 
North

Mexico
Mexico 
City

Cwb, BSk
Upper- 
middle

2312 18,322,420 7925
23–03-01 to 

23–07-01

USA Los 
Angeles

Csa, BSh, BSk, 
Csb

High 5534 14,967,143 2705 23–06-01 to 
23–10-01

Europe

Italy Turin Cfa High 207 1,245,485 6017
23–05-01 to 

23–09-01

Spain Barcelona Csa, BSk, Cfa High 548 4,602,806 8399
23–05-01 to 

23–09-01

UK Belfast Cfb High 160 485,512 3034 23–05-01 to 
23–09-01

Oceania

Australia Adelaide BSk, Csb, Csa High 854 1,279,317 1498
23–11-01 to 

24–03-01

Brisbane Cfa High 2027 2,407,177 1188
23–11-01 to 

24–03-01

Canberra Cfb High 393 409,473 1042
23–11-01 to 

24–03-01

Darwin Aw High 240 134,475 560 23–09-01 to 
24–01-01

Hobart Cfb, BSk High 237 190,195 803
23–12-01 to 

24–04-01

Melbourne Cfb, BSk High 2881 5,185,199 1800
23–12-01 to 

24–04-01

Perth Csa High 1720 2,117,428 1231 23–11-01 to 
24–03-01

Sydney Cfa High 2194 5,037,214 2296 23–11-01 to 
24–03-01

* Köppen-Geiger climate classifications: Aw: tropical, savannah; BSh: arid, steppe, hot; BSk: arid, steppe, cold; Csa: temperate, dry summer, hot 
summer; Csb: temperate, dry summer, warm summer; Cwb: temperate, dry winter, warm summer; Cfa: temperate, no dry season, hot summer; Cfb: 
temperate, no dry season, warm summer; Dfa: cold, no dry season, hot summer; Dfb: cold, no dry season, warm summer; Dfc: cold, no dry season, cold 
summer (Beck et al., 2018).

** Income group by country (The World Bank, 2024).
*** GHS Global Human Settlement population grid estimate for 2025 (Schiavina et al., 2023).
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cities, reflecting the diversity of climatic zones.
The term ‘urban centre’ is used to describe the boundaries defined for each city in this study. Boundaries for the Australian cities 

were sourced from the Australian Bureau of Statistics’ ‘Urban Centres and Localities’ (Australian Bureau of Statistics, 2022) to enable 
comparative analysis and validation against the Australian iHVI. To ensure consistent delineation of urban centres across the 
remaining cities, study region boundaries were sourced from the GHS-UCDB Global Human Settlement Urban Centre Database 2015 
(Florczyk et al., 2019). In this dataset, urban centres are defined by a combination of specific cut-off values for resident population and 
built-up surface share, representing spatially continuous urbanized areas. The GHS-UCDB boundaries were used for the cities of 
Changsha, Mexico City, and Turin whereas the coastal cities of Chennai, Los Angeles, Barcelona, and Belfast had their GHS-UCDB 
boundaries clipped to the coastline to exclude the impact of adjacent ocean on land area calculations (see supplementary material). 
After feedback from collaborators in Maiduguri and Porto Alegre, it was determined that intersecting the local municipality boundary 
with the GHS-UCDB boundary provided a more accurate representation.

2.3. Sub-index calculation

Firstly, we selected 2023 as the target year for the satellite data derived inputs for each city (LST, LSA, NDVI, NDBI). This 
methodology of selecting one target year not only aligns with the GHSCI software analysis workflow but also preserves extreme values 
within a single year standardized baseline, enabling identification of areas within cities that have relatively higher heat vulnerability 
and direct comparability between cities. Next, the urban centre boundary was buffered by 1 km, and an empty 1 km square grid was 
created based on this buffered geometry. For each cell in this grid, the overlap percentage with OpenStreetMap (OpenStreetMap 
Contributors, 2024) coastline geometries was calculated (see supplementary material). This ensured that pixels overlapping ocean 
were weighted less than pixels entirely representing land cover in coastal cities.

Next, we programmatically identified the hottest time of year for each city from MODIS Terra satellite data which provides daily 
day-time LST readings globally at 1 km resolution (Wan et al., 2021). Satellite-derived LST data exhibits seasonal trends, and can be 
used to define the hottest time of the year (Shahfahad et al., 2024). The five-year average (2018–2022) LST for each month and for 
each unique consecutive four-month period was calculated to identify the hottest third of the year (‘hottest period’). The corresponding 
months in 2023 were used as the capture dates for the satellite-derived LST, LSA, NDVI and NDBI data inputs.

LST was calculated from Landsat 8 Surface Reflectance imagery and a conversion algorithm was used to generate LSA from Landsat 
8 Top of Atmosphere Reflectance (Liang, 2001). Sentinel 2 Surface Reflectance imagery was used to calculate NDVI and NDBI. Next, 
the LCZ data package was imported and a custom zone order from least to most heat retaining was applied (see section 2.1). POPD was 
derived from the GHSL population grid. POPV and CDR were calculated by their respective age group ratios using band arithmetic. 
Finally, the SHDI and IMR data sources were imported, and a raster nearest neighbour fill operation was performed to fill blank pixels.

All ten inputs were clipped to the buffered urban centre boundary. As high vegetation and albedo values in the NDVI and LSA inputs 
imply low heat vulnerability, these two were inverted to align with the remaining eight inputs, whereby high values imply high heat 
vulnerability. The 1 km grid was overlaid over each input layer, and then for each 1 km pixel, a spatial minimum and maximum 
operation was performed at the input layers’ native resolution. These values were then associated with the 1 km pixel that they fall 
within. This aggregation process ensured that the detailed insights offered by the relatively high-resolution of the native data were 
captured before aggregation to the coarser uniform 1 km resolution. Next, another band containing the coastline overlap percentage 
value was added and min-max normalization was applied, weighting boundary pixels that overlap ocean less than those fully rep
resenting land cover. As the SHDI and IMR were already normalized to a scale of 0–100, the CDR input was also normalized in this way 
to ensure consistency within the ACI sub-index. The resultant normalized value was added as an additional band to each raster.

The three HEI, HSI, and ACI sub-indexes were generated by equally weighting the normalized value band of each input. These were 
equally weighted to generate the GUHVI score within a range from 0 to 100. Next, the 20th, 40th, 60th, and 80th percentiles of this 
raster were determined, and a corresponding score of 1–5 was applied to each pixel, resulting in the final GUHVI raster, where class 5 
represented areas above the 80th percentile and therefore the most vulnerable to heat. For each of the ten input rasters, the three sub- 
index rasters, and resultant GUHVI raster, normalized mean results were determined for comparison purposes. Additionally, popu
lation percentage statistics per heat vulnerability class were calculated to illustrate the relationship between the distribution of heat 
vulnerability and population density for each city. Finally, we created figures for visual comparisons of differences in the distribution 
of heat vulnerability between and within cities.

2.4. Australian cities validation

For validation of the eight Australian cities, each city’s GUHVI output was quantitatively compared to its iHVI output (Sun et al., 
2022a; Sun et al., 2019). Firstly, GUHVI was generated for each city as detailed in section 2.3. For consistency, the hottest period 
generated for the GUHVI was also used for the satellite-derived inputs of the iHVI. The remaining iHVI inputs were sourced from 
Australian socio-economic data integrated in the iHVI desktop application (Sun et al., 2022a) for the most recently available census 
year of 2021. These census data were available for Statistical Areas Level 1 (SA1), statistical geographic areas having an average 
population of approximately 400 people (Australian Bureau of Statistics, 2021). Some SA1 polygons are non-residential (e.g., airports, 
industrial areas, education campuses, parks or playgrounds, vegetation corridors, golf courses or cemeteries) and lack corresponding 
socio-economic data, such as population density and income. iHVI outputs were only generated for SA1 polygons that had valid data 
for all inputs.

The GUHVI and iHVI were compared in QGIS (QGIS Development Team, 2024). The GUHVI raster was resampled from 1 km to 10 
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m resolution. Then, the iHVI polygons were converted to rasters at 10 m resolution and the output extent was copied from the 
resampled GUVHI raster. In this way, the rasterized iHVI had the exact same grid geometry as the GUHVI, allowing for direct com
parison. Rasterising the iHVI polygons at a spatial resolution of 10 m rather than the GUHVI raster’s native resolution of 1 km reduced 
information loss (Bai et al., 2011; Congalton, 1997) in the level of detail of the SA1 boundaries and still allowed for direct compa
rability as the two spatial resolutions were equally divisible.

Using the raster calculator, areas of heat vulnerability class agreement, plus or minus one class difference, and greater than one 
class difference were generated and expressed as an area percentage of the GUHVI and iHVI comparison overlap area. The percent of 
the urban centre boundary area with no iHVI output was also generated. Pearson’s correlation coefficient was generated to describe 
linear correlation where both the GUHVI and iHVI had data. Normalized mean differences were also generated for the iHVI outputs 
and are available in supplementary material. Lastly, visualisations were created which compared spatial distributions of heat 
vulnerability class definitions between the two indexes.

2.5. International cities validation

For validation of the GUHVI outputs for cities beyond Australia, collaborators provided qualitative feedback on the initial results 
between 11th June and 5th July 2024, based on local knowledge of their city. For each city, GUHVI data outputs and a QGIS project file 
were sent to collaborators along with an instructional video providing an overview of how to validate the index using the QGIS project 
(see supplementary material).

A live Google Sheets spreadsheet was used to capture structured feedback for each city from collaborators and comments were 

Table 3 
GUHVI results of mean heat exposure, heat sensitivity, adaptive capability, overall heat vulnerability and population percent per heat vulnerability 
class for each Australian and international city.

Global Urban Heat Vulnerability Index (GUHVI) - Results

City Normalized Mean % of population per heat vulnerability 
class

Heat Exposure 
Index 
(HEI)

Heat Sensitivity 
Index 
(HSI)

Adaptive Capability 
Index 
(ACI)*

Overall Heat 
Vulnerability 
(GUHVI)**

1 2 3 4 5

International Cities
Maiduguri 68.6 51.7 88.6 69.6 8.6 14.3 20.2 9.1 47.8
Chennai 60.3 45.7 30.7 45.6 7.2 10.4 16.7 23.8 41.9
Changsha 60.5 51.6 19.6 43.9 14.9 10.7 16.9 17.4 40.1
Porto Alegre 49.3 50.0 23.0 40.8 4.8 9.5 20.0 29.1 36.6
Mexico City 59.7 55.1 24.0 46.2 7.1 13.1 17.4 24.4 38.1
Los Angeles 70.5 52.2 10.5 44.4 9.3 13.5 20.8 21.8 34.7
Turin 41.5 53.7 9.8 35.0 6.1 11.6 14.7 16.3 51.3
Barcelona 62.3 51.5 9.2 41.0 7.2 9.0 14.9 27.1 41.8
Belfast 43.2 46.5 14.3 34.7 9.7 19.2 13.6 25.5 32.1
Summary
Mean 57.3 50.9 25.5 44.6 8.3 12.4 17.2 21.6 40.5
SD 10.4 3.1 24.8 10.3 2.9 3.1 2.6 6.3 6.1
Min 41.5 45.7 9.2 34.7 4.8 9.0 13.6 9.1 32.1
Max 70.5 55.1 88.6 69.6 14.9 19.2 20.8 29.1 51.3
Australian Cities
Adelaide 66.2 48.7 8.9 41.3 7.3 12.7 23.5 23.0 33.5
Brisbane 56.6 40.9 11.0 36.1 4.7 8.4 14.1 26.1 46.6
Canberra 58.1 40.4 7.2 35.2 7.6 11.9 18.9 24.5 37.1
Darwin 58.4 37.9 9.3 35.2 12.7 7.9 21.1 28.7 29.6
Hobart 46.2 34.7 9.8 30.2 16.0 13.6 16.4 22.4 31.6
Melbourne 56.0 40.1 9.2 35.1 6.2 11.6 20.1 27.9 34.2
Perth 60.5 44.0 9.3 37.9 8.7 13.3 17.0 26.5 34.6
Sydney 49.5 39.6 9.8 33.0 6.6 9.4 17.5 28.6 37.9
Summary
Mean 56.4 40.8 9.3 35.5 8.7 11.1 18.6 26.0 35.6
SD 5.8 4.1 1.1 3.2 3.7 2.2 3.0 2.5 5.2
Min 46.2 34.7 7.2 30.2 4.7 7.9 14.1 22.4 29.6
Max 66.2 48.7 11.0 41.3 16.0 13.6 23.5 28.7 46.6
Overall Summary
Mean 56.9 46.1 17.9 40.3 8.5 11.8 17.9 23.7 38.2
SD 8.4 6.3 19.4 8.9 3.2 2.7 2.8 5.2 6.1
Min 41.5 34.7 7.2 30.2 4.7 7.9 13.6 9.1 29.6
Max 70.5 55.1 88.6 69.6 16.0 19.2 23.5 29.1 51.3

* The lower the value, the greater the adaptive capability.
** Each index is equally weighted to determine the resultant heat vulnerability, whereby GUHVI = (HEI + HSI + ACI)/3.
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provided on the accuracy of our methodology to identify spatial inequities in heat exposure, heat sensitivity, adaptive capability, and 
the overall heat vulnerability index. Please see supplementary material for the full spreadsheet. Where validation queries were raised 
by collaborators, we investigated the reasons behind inaccuracies in our GUHVI generation. Based on feedback and comments received 
during this validation exercise, changes were made to the methodology. These changes involved use of the hottest period of the year for 
the satellite-derived indices rather than an annual average (see section 2.1) and updating the urban centre boundary overlap meth
odology (see section 2.3) to only reduce weighting of coastal pixels overlapping ocean, rather than any pixel overlapping the urban 
centre boundary. A second round of validation was performed between 22nd January and 7th February 2025, to gather feedback about 
the accuracy of the hottest third of the year for each city and how using this date range for the satellite-derived inputs affected the 
overall GUHVI.

3. Results

3.1. GUHVI results

Table 3 summarises the results for each city. The normalized mean values of heat exposure, heat sensitivity, adaptive capability, 
and overall heat vulnerability are expressed on a scale of 0 to 100. As the HEI and HSI sub-indices approach 100, the greater the heat 
vulnerability. The adaptive capability index is reverse-scaled to match this behaviour, with higher values indicating lower adaptive 
capability and thus greater heat vulnerability.

Mean heat vulnerability among Australian cities ranged from 30.2 in Hobart to 41.3 in Adelaide; Hobart had the lowest mean HEI 
and HSI, and Adelaide had the greatest. Some cities, such as Hobart and Darwin, had their population more evenly distributed across 
the 5 classes. Brisbane had the highest population percentage in areas most vulnerable to heat, but all Australian cities analysed had 
the highest population percentage in class 5 areas, relative to the other classes.

For the international cities, ACI had the greatest variability of the indexes (standard deviation, SD 24.8). The two lower-middle 
income country cities of Chennai (tropical, savannah) and Maiduguri (arid, steppe, hot) had the least adaptive capability, with an 
ACI of 30.7 and 88.6, respectively. The upper-middle incomes country cities of Changsha, Porto Alegre, and Mexico City all had mean 
ACI results of less than 25, while high-income countries were all less than 15.

However, stronger adaptive capability does not imply lower overall vulnerability. The high-income city of Los Angeles had a high 
overall heat vulnerability which suggests that, on average, it is more vulnerable than the upper-middle income country cities of 
Changsha and Porto Alegre. This could be due to Los Angeles having the greatest mean level of heat exposure across all cities studied. 
Furthermore, the HSI result for Chennai suggests that, on average, it is the least sensitive to heat in comparison to the other inter
national cities.

Of the international cities, Belfast and Turin had the lowest mean heat vulnerability at 34.7 and 35.0 respectively. However, over 

Fig. 2. Combined box, half violin, and strip plot for Australian cities, ordered from left to right in descending order of median. The strip plots show 
all the raw data points (jittered horizontally), the half violin plots show the distribution, and the box plots show the extrema (whisker tails), 
interquartile range (box boundaries), median (horizontal line), and mean (square outline).
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51 % of Turin’s population were found to reside in areas that are most heat vulnerable (class 5) in comparison to just over 32 % in 
Belfast. Indeed, similar to the Australian cities, for all international cities, the highest heat vulnerability class contained the highest 
percentage of the population while there were much lower percentages of the population in the least vulnerable classes.

For the Australian cities, within city differences in heat vulnerability are further contextualised in Fig. 2. All half violin plots are 
negatively skewed, with especially long-tailed distributions in coastal cities (all except Canberra) that have a boundary overlap with 
ocean. As indicated by the interquartile range, Hobart has the widest distribution of heat vulnerability.

Fig. 3 shows a wider range in heat vulnerability for the international cities. Maiduguri’s maximum instance of heat vulnerability 
was greater than 85, compared to Turin’s maximum at just below 55. Porto Alegre has the largest interquartile range, suggesting a wide 
distribution of heat vulnerability. Belfast has the lowest median and mean of all international cities, but has the largest range, indi
cating greater levels of inequity in heat vulnerability. The density of the strip plots reflect the relative size of each city in terms of land 
area. With Los Angeles as the largest, it has the most densely illustrated strip plot, and vice versa for Belfast.

Figs. 4 and 5 depict the spatial distribution of heat vulnerability for the eight Australian cities, and the nine international cities, 
respectively. The general spatial pattern of lower vulnerability at the urban periphery and greater vulnerability in the middle and inner 
areas can be observed for most cities, especially in Turin. However, clusters of high vulnerability on the edges can also be seen in many 
cities, such as Belfast, Changsha, Porto Alegre and Melbourne.

3.2. Australian cities validation results

Table 4 shows the comparison results between the GUHVI and iHVI outputs for the Australian cities, expressed as a percentage of 
the comparison overlap area. The percentage of the urban area for which there was class agreement or near-agreement between the 
indexes (plus or minus one class difference) could be viewed as an indication of areas with reasonable agreement. In this regard, there 
was over 75 % agreement/near-agreement between the two indexes for five of the eight cities, with results varying from 63.98 % in 
Canberra to 86.70 % in Melbourne. In terms of exact class agreement between the two indexes, Canberra had the lowest proportion of 
the urban area with agreement, at 25.60 %, and Melbourne had the highest at 45.11 %. Canberra had the lowest proportion of the 
urban area that was plus or minus one class difference compared to the iHVI, at 38.38 %, while Hobart had the greatest at 44.92 %. The 
proportion of the urban area that was greater than one heat vulnerability class difference to the iHVI varied from 36.01 % in Canberra 
to 13.29 % in Melbourne. Hobart had the lowest percentage of absent iHVI output, at just under 5 %, with the greatest being Darwin at 
just over 37 % of its total urban centre boundary area. Pearson’s correlation coefficient ranges from − 1 to 1, whereby 1 indicates a 
perfect positive linear correlation. A range of positive correlation coefficients are seen between the GUHVI and iHVI, whereby Mel
bourne and Sydney show the strongest positive linear association at over 0.7 each, ranging down to Darwin at 0.28. For more detailed 

Fig. 3. Combined box, half violin, and strip plot for each international city, ordered from left to right in descending order of median. The strip plots 
show all the raw data points (jittered horizontally), the half violin plots show the distribution, and the box plots show the extrema (whisker tails), 
interquartile range (box boundaries), median (horizontal line), and mean (square outline).
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comparisons between the sub-indexes, iHVI normalized mean results were also calculated for Australian cities and are available in 
supplementary material.

Fig. 6 is a visual summary of this comparison between the GUHVI and iHVI, showing the areas of agreement and disagreement. The 
supplementary material includes a side-by-side visual comparison of the GUHVI and iHVI.

Fig. 4. GUHVI for Australian cities visualised on a 1-5 class scale of vulnerability.
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3.3. International city validation results

Local collaborators reached consensus that the results were reasonable and accurate based on local knowledge of each city. Val
idators for eight of the nine cities agreed that the GUHVI was able to sufficiently identify spatial inequities in heat vulnerability. 
Validators for Mexico City noted uncertainty in relation to the ACI results due to “little variance across the study area” compared to the 
HEI and HSI. This point was corroborated by other city respondents, who indicated that there were minimal within-city differences in 

Fig. 5. GUHVI for international cities visualised on a 1-5 class scale of vulnerability.
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the ACI. Validators for all cities except Los Angeles agreed that the HEI sub-index was able to identify spatial inequities in heat 
exposure. Respondents from Los Angeles noted that the difference in final normalization value between boundary pixels and non- 
boundary pixels was mild considering the actual difference in land surface temperature. For the HSI sub-index, all cities agreed 
upon its ability to identify spatial inequities in heat sensitivity.

Validation respondents noted how inaccuracies and loss of detail were present due to the relative coarseness of the 1 km spatial 
resolution in comparison to finer grained local reference data. Validators for Turin and Los Angeles specifically noted this limitation in 
relation to the POPD layer. However, the POPD layer for Mexico City was noted as relatively accurate compared to census tract level 
population data considering the difference in spatial resolution. In relation to the IMR input, respondents for Maiduguri noted how 
“there are a few subtle variances across the city that are not captured … perhaps, due to a lack of data at the census track level”.

The Mexico City validators noted that some areas of the NDBI layer did not accurately reflect urban built up areas, specifically 
sparsely vegetated mountain and hill areas on the outskirts of the urban centre. Validators for Changsha suggested that water bodies 
could be considered in the GUHVI calculation, as this may reveal differences in heat vulnerability between cities and areas with and 
without this land cover typology.

From the second round of validation feedback on updates to the methodology, respondents for eight out of nine cities agreed that 
the calculated hottest period accurately aligned that of the 2023 target year. According to the Los Angeles validator, 1st July to 1st 
November would have slightly more accurately reflected the specific target year of 2023, compared to the previous five-year average 
hottest period identified as 1st June to 1st October. All validators endorsed the methodological update to only reduce weighting of 
pixels overlapping ocean, and this change resulted in higher alignment with local observations.

4. Discussion

4.1. Heat vulnerability insights

Urban heat is an increasingly pressing public health problem globally, significantly increasing mortality and morbidity during 
heatwaves (Zhao et al., 2021). We developed and tested the international application and validity of a GUHVI for systematic mea
surement of the spatial distribution of heat vulnerability. We found that the GUHVI was applicable and able to be consistently assessed 
for diverse cities using global open data. Normalized mean values of heat exposure, heat sensitivity, adaptive capability, and resultant 
heat vulnerability provided comparable results that could be used to gauge differences between cities across different geographical and 
climatic regions. There appeared to be a positive correlation between income group and adaptive capability across the included cities. 
Yet, stronger adaptive capability did not imply reduced heat sensitivity or overall vulnerability. Combining the three components of 
heat exposure, heat sensitivity and adaptive capability provided an overall picture of heat vulnerability. Our open data methodology 
was able to show distribution patterns of heat vulnerability spatially and in relation to population distribution. This unveiled within 
city differences crucial to understanding specific nuances of heat vulnerability in each city, to help target local adaptation efforts. For 
each city, the maximum heat vulnerability class contained the highest percentage of the overall population. This appears to indicate 
that the population tends to be more concentrated in areas that are most vulnerable to heat, which may be partly because the most 
dense, built-up areas are most sensitive to heat (Guo et al., 2025). Population density itself was an input into the GUHVI, so the 
population living in highly vulnerable areas may have been overestimated. Yet, as one of ten equally weighted inputs, its influence is 
not significant.

4.2. Australian city comparisons

For five of the eight Australia cities, there was good agreement between the GUHVI results and the iHVI across the majority of the 
city, with over 75 % class agreement or near-agreement. Canberra had the lowest levels of exact, or near-agreement compared with the 
iHVI (63.98 %), whereas Melbourne, Perth and Sydney had the highest levels of reasonable agreement, at over 80 %. The iHVI’s 
methodology of excluding SA1s without residents may have contributed to discrepancies between the indexes, as less overall area was 

Table 4 
Comparison between GUHVI and iHVI heat vulnerability class agreement and disagreement.

GUHVI and iHVI Comparison Results

Australian 
Cities

% of GUHVI and iHVI comparison overlap area Agreement or ± 1 Class 
Difference %

% of urban centre boundary area 
with no iHVI data

Pearson’s correlation 
coefficient

>1 Class 
Difference

±1 Class 
Difference

Agreement

Adelaide 20.26 43.86 35.88 79.74 21.87 0.52
Brisbane 32.51 40.66 26.82 67.48 17.91 0.58
Canberra 36.01 38.38 25.60 63.98 30.28 0.44
Darwin 30.52 40.80 28.68 69.48 37.06 0.28
Hobart 24.29 44.92 30.77 75.69 4.99 0.51
Melbourne 13.29 41.59 45.11 86.70 12.01 0.71
Perth 16.03 42.31 41.66 83.97 12.58 0.65
Sydney 17.14 44.72 38.14 82.86 19.16 0.71
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considered in the percentile operation for that index, compared to the GUHVI which considered the entire urban centre boundary. In 
some cases, significant areas were excluded in the iHVI, with Darwin and Canberra having 37.06 % and 30.28 % of the total urban 
centre excluded, respectively.

The Pearson’s correlation coefficients all indicate positive correlation between the GUHVI and iHVI. A pattern emerges based on 
the urban centre boundary area size. In general, the larger cities of Melbourne, Sydney, Brisbane and Perth had the strongest corre
lation between the GUHVI and iHVI, with the smaller cities of Darwin and Canberra having the weakest correlation. Hobart is an 

Fig. 6. Areas of heat vulnerability class agreement and disagreement between the GUHVI and iHVI.
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exception to this pattern however, perhaps because its percentage of absent iHVI was the smallest of all cities at only 5 %, indicating 
relatively less impact on the percentile operation. These finding may suggest that the coarseness of the GUHVI’s 1 km resolution was 
more noticeable when overlaid in comparison to the SA1s used in the iHVI in the smaller cities, and therefore resulted in weaker 
correlation, with the inverse true for the geographically larger cities.

However, this pattern may also be because smaller cities inherently have smaller variability in the inputs used in the two heat 
indexes, and when combined with relative coarseness of the 1 km resolution of the GUHVI, a strong linear relationship becomes more 
difficult to statistically detect (Pogson and Smith, 2015). The 1 km resolution of the GUHVI was the finest possible based on the 
resolutions of the data sources used (see section 2.1), however, a finer resolution index may be able to more accurately reveal statistical 
correlation in geographically smaller cities.

These statistical validation findings indicate reasonable consistency between our global open data approach and the Australian- 
specific data, however, differences in native data format may have contributed to the levels of disagreement observed between the 
two heat vulnerability indexes. Inherent spatial inconsistency is seen between the iHVI’s census-unit based approach and the GUHVI’s 
uniform raster grid-based approach. Designed for application in Australia, the iHVI makes use of fine-grained census-tract level data at 
the nationally consistent SA1 level. This ensures high applicability for Australian local governments, practitioners, or other policy- 
outcome minded users of this tool. However, boundaries informed by political jurisdiction have inconsistent form, scale and area. 
For example, highly populated SA1s in inner-city regions are typically much smaller in area than regional SA1s as these are population- 
based catchments. Despite the relative coarseness of the GUHVI’s 1 km resolution, a raster-grid based approach presents advantages 
over a census-unit based approach that are better aligned with the international application of the GUHVI. The raster grid presents 
information unrestricted by artificial municipality boundaries that can neither contain nor exacerbate heat, and its uniformity enables 
comparability across different cities globally. Our GUHVI findings contribute to the growing body of literature that highlight the merits 
of a grid-based approach in urban heat vulnerability assessments (Sun et al., 2022b; Zhang et al., 2018).

Except for both indexes using LST as the sole input for the heat exposure index, several differences in the selection of other data 
inputs may have also contributed to the levels of disagreement observed. The iHVI placed heavy importance on population de
mographics with six of its nine total inputs related to this. As an Australian-specific heat vulnerability index, the iHVI was able to make 
use of Australian census data to capture finer details of population demographics and include these more nuanced details in its heat 
vulnerability assessment framework. Contrastingly, the GUHVI had five of its ten total inputs related to population demographics 
(POPD, POPV, CDR, SHDI, IMR). The remaining half of the GUHVI inputs described natural and built environment characteristics and 
extended on the iHVI methodology by including LSA and LCZ. This balance between input categories in the GUHVI more evenly 
describe aspects known to influence heat vulnerability (Kim and Kim, 2024) and serve as a default framework for global application.

4.3. Validated indicators for cities internationally

Our validation approach with local collaborators endorsed the GUHVI’s ability to identify spatial inequities in heat vulnerability 
with sufficient accuracy, based on their lived experience and knowledge of their city. Our methodology using global open data is 
applicable for cities internationally, offering a consistent measurement approach. This could reduce barriers to calculating urban heat 
vulnerability worldwide, especially in cities and regions without high-quality official data sources.

To align with our aims of international application, we used remote sensing data to programmatically identify the hottest period of 
the year. Rather than determining the hottest period based on data of the target year alone, we used a previous five-year average LST 
calculation. This more robust methodology results in a solution informed by a larger and richer dataset that negates inherent limi
tations of satellite imagery due to cloud cover. Five years was determined as a suitable balance between capturing more recent and, 
therefore, relevant temperature characteristics and cloud computing demands. This methodology was endorsed by collaborators as a 
suitable default parameter that ensures heat vulnerability calculation aligns with the hottest period of the year, the accuracy of which 
was confirmed for eight of nine cities. For Los Angeles, the average temperature of the period from 1st June to 1st October was found to 
be 1.2 ◦C greater than that of the period 1st July to 1st November, thus indicating a very slight preference to the former data range. The 
open-source nature of the GUHVI allowed us to build in the capability for users to modify the hottest period of the year to align with the 
specific target year if desired.

The strength of NDBI is its ability to identify impervious surfaces with minimal vegetation such as concrete or asphalt. However, 
bare soil and exposed rock have a similar spectral signature to these urban land cover typologies. Therefore, some peri-urban areas in 
Mexico City returned a high NDBI reading which inaccurately indicated built-up areas. This finding highlights a limitation of the NDBI 
input, and careful consideration should be applied to cities of typically dry climates such as Mexico City. One approach to avoid this 
would be to ensure that the urban centre boundary does not contain any expanses of bare soil or exposed rock larger than approxi
mately 1 km2 if their presence does not accurately represent built-up areas, or alternatively, substitute NDBI with an appropriate local 
land cover typology dataset. Recent advances in machine learning-based techniques for urban remote sensing may offer viable al
ternatives to improve accuracy in land cover categorisation for urban heat vulnerability research (Li et al., 2024a).

As noted by collaborators in Changsha, we did not include water bodies as an explicit input in the GUHVI. Our coastal pixel overlap 
methodology and custom LCZ order, which placed water as the least heat retaining, was the extent of the GUHVI’s consideration of 
water bodies. Evidence suggests that water bodies may be valuable for climate and heat-related health (Hunter et al., 2023; Wang et al., 
2022). However, more research is needed to determine the impact of water bodies on heat vulnerability assessments due to their 
potential impact on nocturnal warming, and their cooling effectiveness being dependent on additional external factors such as wind 
and humidity, which were not captured in the GUHVI (Gunawardena et al., 2017). These other climatic variables may also be relevant 
for inclusion in heat vulnerability assessments, however, consistent data sources with global coverage is lacking to confidently include 
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these highly dynamic variables.
The quality and granularity of worldwide socio-economic data available at the sub-city scale may be a limitation of our approach. 

Validation comments identified that the ACI index was spatially homogenous compared to the HEI and HSI. While we considered 
reducing the weighting of this index in the GUHVI calculation, the approach of equally weighted inputs followed approaches used in 
previous studies (Li et al., 2024b). The Subnational Human Development Index (SHDI), and Infant Mortality Rates (IMR) inputs for the 
ACI were derived from the Global Gridded Relative Depravation Index (GRDI) (Center for International Earth Science Information 
Network (CIESIN) Columbia University, 2022). These inputs were chosen as they were the closest approximation of the iHVI data 
inputs. A search of existing literature found the GRDI to be the most suitable data source for the purposes of this study, and the authors 
are unaware of any alternative gridded socio-economic data with worldwide coverage and finer spatial resolution than 1 km.

Official government data may be more suitable for cities and regions where high-quality data are available. We encourage users to 
adapt the GUHVI inputs as required to best represent local conditions. Based on the results of this study, substitution of the CDR, SHDI 
and IMR with appropriate local data at finer resolutions could further enhance the ability of the ACI to distinguish levels of heat 
vulnerability within urban centres of any city worldwide.

Our combination of quantitative and qualitative validation presents a holistic assessment of the robustness of the GUHVI. Com
plementary to our spatial comparison between the iHVI and GUHVI for eight Australian cities, our international collaboration with 
experts in nine diverse cities provides insights informed by local knowledge. Previous heat vulnerability assessments (Li et al., 2022) 
have not been validated using both quantitative and qualitative methods, which may miss the complex nature of heat vulnerability in 
urban contexts and limit effective policy making.

4.4. Recommendations for policy and practice

The GUHVI provides actionable evidence to inform policy and practice. The spatial nature of the outputs show within-city spatial 
inequities in heat vulnerability at the neighbourhood scale. These insights help with prioritising interventions in areas of greatest need 
to reduce inequities in the health impacts of heat.

The international comparability of the GUHVI also offers opportunities for informing local policy formulation. Policymakers may 
use the GUHVI methodology to compare results in cities of similar geographic location, climatic zone or socio-economic status, and 
investigate the latter’s policy precedence and best practices. While the GUHVI may help identify vulnerable populations using a data 
driven approach, other sources of evidence including local knowledge and community engagement are required to formulate 
appropriate interventions for specific contexts. As a complement to local evidence, the GUHVI approach can help decision makers be 
more informed and equipped to fill policy gaps in response to heat-related issues.

The findings for the GUHVI and its sub-indexes could also help decisionmakers to specifically target modifiable risk factors of urban 
heat vulnerability. For example, Los Angeles’ relatively high mean HEI identified by our methods suggests that land surface tem
perature should be reduced to lower overall heat vulnerability. Nature-based solutions and green infrastructure including urban trees 
and green roofs are an effective way for cities to reduce heat exposure (Esperon-Rodriguez et al., 2025; Guo et al., 2023; Iungman et al., 
2023). Heat-exacerbating artificial grey space, such as car parks can be converted into green spaces (Croeser et al., 2022). Other 
approaches to mitigating heat can include using roofing and pavement materials that reduce heat absorption and increase reflectance 
(Liu et al., 2024; Ziaeemehr et al., 2023), improving the thermal efficiency of homes, and other shading and cooling mechanisms for 
public spaces, including cool routes for active travel and cooling centres in which to take refuge from the heat. Heat-sensitive urban 
planning and design interventions and public awareness campaigns about staying safe in heatwaves can also target specific vulnerable 
groups to reduce inequities in adaptive capability (O’Neill et al., 2009).

4.5. Future research

Differing climatic, societal and cultural settings between cities and countries infer that pre-identified vulnerability indicators 
should not be considered as universally applicable (Hondula et al., 2015). The GUHVI presents an internationally validated set of 
default parameters in terms of hottest third of the year and open data sources. However, users are encouraged to modify parameters (e. 
g. using data across multi-year time periods), as they see fit to better inform their local context for better outcomes. Integration of the 
GUHVI into the open-source GHSCI software as part of the next steps in this research project will provide opportunities to validate the 
indicators for a wider range of cities and explore ways in which users interact with the software and apply the indicator outputs in 
research and practice.

5. Conclusion

Built entirely from open data and configurable to use custom data where available and preferred, the GUHVI generates insights into 
the spatial distribution of heat vulnerability across cities worldwide, highlighting priority areas requiring intervention. We adapted an 
Australian heat vulnerability index for global application by substituting inputs with open data to enable consistent measurement and 
generate comparable outputs. With a focus on worldwide urban measurement, the GUHVI was tested and validated for diverse cities, 
drawing on local collaborator knowledge and spatial comparisons. The resulting internationally applicable index facilitates more 
accurate and consistent benchmarking, comparative analyses, and actionable neighbourhood-level insights for cities worldwide. This 
advances the capacity to monitor and reduce heat vulnerability and promote climate resilience in planning strategies. The GUHVI 
enhances equity in access to evidence-generating tools that can directly inform research and efforts to reduce heat vulnerability and 
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adapt urban environments to mitigate the adverse effects of heat on human health.
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