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Satellite-Based Ranking of the World's
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ABSTRACT: The identification of the world’s hottest and coldest cities fascinates both the public
and the scientific community. However, the ranking of city temperatures, especially from the
perspective of human discomfort, has been difficult. Here we estimated the monthly mean maximum
and minimum 1-km resolution urban temperatures of 13,135 cities worldwide (2003-19) from the
thermal discomfort perspective by combining in situ measurements, satellite-based land surface
temperatures, fine-resolution intracity data, and reanalysis data. Manama, Bahrain, was identified
as the hottest city (48.18° + 1.31°C) and Yakutsk, Russia (—42.96° + 0.72°C), as the coldest city.
The global city temperatures followed a power-law pattern, characterized by cities with <0.3 million
inhabitants covering 80% of the top 20% global cities with extreme temperatures. Our study
reveals an inequitable pattern of global city temperature extremes and highlights the urgency
of developing appropriate strategies to reduce climate change risks in small- and medium-sized
cities with low development levels.
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limate change can pose a series of socioeconomic and health impacts on urban residents
(World Economic Forum 2019). The hottest and coldest temperatures are two key
indicators of climate extremes that have long been the attention of scientists and the
public, and on which remarkable progress has been made in recent years (Azarderakhsh
et al. 2020; Mildrexler et al. 2011; Y. Zhao et al. 2021). The hottest or coldest temperatures
can be determined on two scales: for natural landscapes that include cities and for cities only.
Traditionally, the hottest (or coldest) temperatures for natural landscapes have been identified
using in situ near-surface air temperature (NSAT) measurements (Turner et al. 2009; El Fadli
et al. 2013), and the results have been widely reported by the news media (Amos 2013;
Samenow 2016; BBC News 2020; de Le6n and Schwartz 2020; Readfearn 2020). In contrast,
relatively fewer studies have focused on the extreme temperatures of global cities due to the lack
of appropriate and consistent temperate observations within cities. Currently, most reports of
extreme temperature reports in cities are informal (BBC News 2010, 2017; Farmer 2021; Haddad
2021), and a globally consistent framework for ranking cities based on temperature is lacking.
Cities are characterized by strong spatial heterogeneity in temperature (Clemens
et al. 2021). However, identifying the world’s hottest and coldest cities requires spatially
dense temperature observations, which are generally unavailable (Muller et al. 2013).
Traditional weather stations, which are often installed outside urban boundaries, are not ideal
for determining extreme temperatures inside cities (Zhou et al. 2019). A closer investigation
revealed that only 9% of global weather stations are installed over urban surfaces, i.e., one
station per 176 km? on average (note S1 the online supplemental material; https:/doi.org/10.1175/
BAMS-D-22-0233.2). For most underdeveloped cities, where urban populations are more
vulnerable to climate extremes (Tuholske et al. 2021), usable weather stations are even fewer
or entirely absent (Fig. S1). Further analysis revealed that high-income cities only account
for 15% of all major cities, but contain approximately 45% of global urban stations (note S1).
Satellite-based observations such as land surface temperature (LST) can provide pixel-by-
pixel observations with high spatiotemporal resolution over global cities (Chakraborty and
Lee 2019). Satellite-based LST samples the two-dimensional surface temperature of roads,
squares, and rooftops, while in situ NSAT usually collects urban canopy temperature at a
certain height (e.g., 2 m) from the ground. Although satellite-based LST and in situ NSAT are
not the same (Venter et al. 2021), satellite-based LST can overcome the underrepresentation
of in situ NSAT measurements, especially in underdeveloped cities (Janatian et al. 2017;
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Chakraborty et al. 2019; Verdin et al. 2020), and have great potential for identifying the
world’s hottest and coldest cities (Ho et al. 2014; Yoo et al. 2018). Satellite-based LST has
been used as a proxy for NSAT to investigate the hottest and coldest spots over global land
(Mildrexler et al. 2011; Scambos et al. 2018; Y. Zhao et al. 2021). However, previously identi-
fied spots are not in urban settlements but in sparsely or not populated areas. Pixel-by-pixel
NSAT images derived from satellite LST data have been widely used to investigate the urban
thermal environment (Ho et al. 2014; dos Santos 2020). However, satellite-derived NSAT
has mostly been estimated at a relatively limited spatiotemporal scale, and the associated
approaches used for NSAT mapping are mostly applicable at local or regional scales. Sig-
nificant progress has been made in NSAT mapping over global lands using satellite-derived
LST at a spatial resolution of 0.05° (Hooker et al. 2018; Verdin et al. 2020). Nevertheless,
the used global in situ NSAT measurements have not been carefully screened to better suit
NSAT mapping over urban landscapes and the NSAT products at 0.05° may be too coarse to
resolve small- and medium-sized cities. Furthermore, although human thermal discomfort
is closely related to both NSAT and relative humidity (Schoen 2005), most previous global
urban temperature reports ignored the role of humidity in human discomfort (Chakraborty
et al. 2022). Therefore, the ranking of the world’s hottest and coldest cities, particularly from
the perspective of human discomfort, has been difficult and highly uncertain.

Facing these challenges, it is crucial to design models for estimating NSAT at a fine scale
by incorporating urban stations and extensive physical urban variables. Machine learning
techniques can potentially characterize the complex and nonlinear relationships between in
situ NSAT and various urban parameters (dos Santos 2020; Ho et al. 2014; Yoo et al. 2018).
They provide an efficient and powerful means to map the urban NSAT and thermal discomfort
index and consequently to examine the world’s hottest and coldest cities and their geographi-
cal patterns. Therefore, here we combined carefully screened in situ measurements, various
satellite-derived products, and the random forest model, and estimated both the monthly
mean maximum and minimum NSATs and thermal discomfort index (termed TDI__
and TDI . ) over 13,135 cities worldwide from 2003 to 2019 at a 1-km resolution (refer to
the “Strategies used for identifying the world’s hottest and coldest cities” section). Moreover,
the estimated urban TDI . and TDI_, were then used to provide a ranking of the world’s
hottest and coldest cities. This study deepens the understanding of the urban population’s
exposure to extreme climates.

Input data

Urban boundary data. Standardized urban clusters are crucial for the ranking of the
hottest and coldest cities. In this study, the urban cluster data were obtained from the
Urban Centre Database of Global Human Settlement Layer (GHSL) (https://ghsl.jrc.ec.europa.eu/
index.php). The GHSL dataset complies with the United Nations guidelines and it has been
widely used in urban studies and statistical reports worldwide (European Commission 2020;
Crippa et al. 2021; Tuholske et al. 2021). The GHSL built-up product was generated using
automatic supervised classification with Landsat and Sentinel images. Its spatial resolution
is 1km and data of four years were produced (1975, 1990, 2000, and 2015). The GHSL
dataset has a unified definition for urban areas and their surroundings. This study mainly
focused on urban built-up area where the population size and urban area meet the definition
of urban (Dijkstra et al. 2020). Due to this filter, rural settlements such as the renowned cold-
est town Oymyakon (Darack 2013) were filtered out. We finally identified 13,135 cities using
the GHSL built-up product and the urban definition. The GHSL dataset classifies global cities
into two categories according to income, i.e., high-income (HIC) and relatively low-income
cities, with the latter being further grouped into three subclasses including upper- and
middle-income (UMIC), lower- and middle-income (LMIC), and low-income (LIC) cities.
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In situ NSAT data. High-quality in situ NSAT measurements are the basis for mapping NSAT
over global cities. We employed in situ NSAT measurements from the Berkeley Earth data-
set to train and validate the machine learning model. The Berkeley Earth dataset provides
standardized NSAT measurements worldwide and it has been widely used for global cli-
mate research (http://berkeleyearth.org). The Berkeley dataset includes standardized monthly
mean maximum and minimum NSATs over 47,031 stations worldwide during the period of
2003-19. Most of the stations from the Berkeley dataset are distributed over rural surfaces
and are inappropriate for NSAT mapping over global urban landscapes (Fig. S2A). We there-
fore filtered the rural stations and only kept the stations directly in urban clusters or within
a 15-km buffer zone of the urban boundary. By this filtering procedure, we finally obtained
10,127 urban (or quasi-urban) stations that would be used for global urban NSAT mapping
(refer to Fig. S2D and Table S1).

MODIS data. We employed the Aqua MODIS LST product (MYD11A1, https://Ipdaac.usgs.
gov/products/myd11a1v006/, 2003—-19, Collection 6) as one of the most crucial variables for
mapping NSAT. We used MODIS LSTs from Aqua rather than Terra because the two over-
passes of Aqua (i.e., ~0130 and ~1330 local solar time) correspond better to the daily
maximum and minimum LSTs (Mildrexler et al. 2011; Y. Zhao et al. 2021). This dataset
includes LST images across global land and has a spatial resolution of 1 km. The product
has a relatively high accuracy with overall biases < 1.0 K under various land-cover types
and atmospheric conditions (Wan et al. 2015). Although the MODIS LST product does
have uncertainties (note S2), its robustness and quality have been well demonstrated
for identifying the world’s hottest or coldest spots (Mildrexler et al. 2011; Y. Zhao et al.
2021). We also incorporated the monthly mean surface reflectance of MODIS in the red
and near-infrared spectra with the spatial resolution of 500m (https://doi.org/10.5067/
MODIS/MYD09A1.006), as well as the 16-day MODIS enhanced vegetation index (EVI) data
with the spatial resolution of 250 m (https://doi.org/10.5067/MODIS/MYD13Q1.006) to support
the urban NSAT mapping.

Fine-resolution intracity data. Digital surface model (DSM) and human activity (e.g., popu-
lation counts, impervious surface percentage, nighttime light, and urban texture) data are
essential for the intracity NSAT mapping (Janatian et al. 2017; Yoo et al. 2018; dos Santos
2020). The 30-m resolution DSM data and the DSM-derived slope, latitude, and longitude
were obtained from www.eorc.jaxa.jp/ALOS/en/dataset/aw3d30. Population data with the spatial
resolution of 90 m were obtained from www.worldpop.org. Impervious surface percentage
data with the spatial resolution of 90 m were obtained from http://data.ess.tsinghua.edu.cn.
Nighttime light data with the spatial resolution of 1 km were obtained from https:/figshare.com.
Finally, urban texture parameters, including the dissimilarity and homogeneity of both
ISP and MODIS EVI, were calculated from the grayscale co-occurrence matrix at the spatial
resolution of 1km. These texture parameters have been frequently used to represent the
urban landscape (Puissant et al. 2005; Zhang et al. 2014).

Reanalysis data. We also employed reanalysis data to assist the urban NSAT mapping
(Janatian et al. 2017; Yoo et al. 2018; dos Santos 2020). The ERA5-Land monthly
averaged reanalysis dataset (https:/cds.climate.copernicus.eu/cdsapp#!/home) was used in
this study due to its relatively high spatial resolution (around 9 km). We retrieved three
surface and atmospheric variables from the reanalysis data, including the 2-m air tem-
perature, downward surface solar radiation, and downward surface thermal radiation
(refer to Table S2). These variables were resampled to 1 km to match the MODIS LST data
using the bicubic method.
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Strategies used for identifying the world’s hottest and coldest cities

Using the above datasets, we first estimated the monthly mean maximum and minimum 1-km
NSATs and thermal discomfort index for global urban settlements during the period of
2003-19, and then provided a preliminary ranking of the world’s hottest and coldest cities.
Note that the global estimation of NSAT and thermal discomfort index may bias the accuracy
of extreme values and then affect the ranking of the hottest and coldest cities (Hengl et al.
2018). We therefore estimated the NSAT and thermal discomfort index once again, but this time
only using the datasets in the top 20% extreme cities identified by the first step. The overall
framework used for identifying the world’s hottest and coldest cities is provided in Fig. 1.

Step 1: Generation of monthly mean 1-km NSAT maps for global urban settlements. We
used the random forest (RF; see the detailed model in Fig. S3) algorithm to obtain the complex

nonlinear relationships between
the approximately 2.0 million
in situ NSAT measurements
(Table S3) and the associated
input variables or features (i.e.,
the MODIS LST and auxiliary
variables). With the obtained
nonlinear relationships, we fur-
ther estimated the monthly mean
maximum and minimum NSATs
for global urban settlements at
the spatial resolution of 1 km
during the period of 2003-19.
In detail, we selected 18 features
that are frequently used for NSAT
mapping (Table S2). We divided
the NSAT measurements into two
categories, with 80% and 20%
of the samples used for train-
ing and validation, respectively
(refer to Table S1 for monthly
samples). We then trained a RF
model for each month, acquiring
12 daytime (for monthly mean
maximum NSAT) and 12 night-
time models (for monthly mean
minimum NSAT). To avoid the
overfitting or underfitting prob-
lem, we assessed the relationship
between the number of trees the
RF model through the Akaike in-
formation criterion (AIC; Akaike
1998), Bayesian information cri-
terion (BIC; Schwarz 1978), and
out-of-bag error rate (0’Connell
et al. 2015; Vuolo et al. 2018)
based on the training sample
pool. Our analysis indicates that
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Fig. 1. A flowchart used to identify the world’s hottest and
coldest cities from thermal discomfort perspective. RF,
NSAT, TDI, H, and C, denote the random forest (RF) model
(RFP), monthly mean maximum and minimum NSATs (NSATp),
monthly mean maximum and minimum thermal discomfort
index (TDI ), and ranking of hottest cities (H ) and coldest cities
(C,) for global urban settlements modeled at the preliminary
step; RF, NSAT, TDI, H, and C_denote the refined RF model
(RF), monthly mean maximum and minimum NSATs (NSAT),
monthly mean maximum and minimum thermal discomfort
index (TDI), and ranking of hottest cities (H) and coldest cities
(C) based only on the top 20% hottest and coldest cities obtain
in the preliminary step.
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the performance of the three parameters for the RF model remains relatively stable for each
month once the tree number exceeds 50 (Fig. S4). The validation demonstrates that the
root-mean-squared error (RMSE) of the estimated monthly mean maximum NSAT ranges from
1.00° to 1.18°C while the associated mean absolute error (MAE) ranges from 0.72° to 0.85°C
(Fig. S5). The RMSE and MAE for the monthly mean minimum NSAT are 0.93°-1.27°C and
0.68°-0.92°C, respectively (Fig. S6). In addition, we estimated the RMSE and MAE of the RF
model for the cities with different income levels (note S3) and typical regions (note S4), the in-
traurban variability of NSAT __and NSAT . in nine chosen cities with relatively dense weather
stations (note S5), and the relative importance of the features (notes S4 and S6). These accura-
cies are generally on par with or better than those of previous studies (Ho et al. 2014; Yoo et al.
2018; dos Santos 2020). We finally estimated the monthly mean 1-km mean maximum and
minimum NSATSs for all the 13,135 urban settlements.

Step 2: Calculation of thermal discomfort index and preliminary ranking of the world’s
hottest and coldest cities for global urban settlements. We calculated the thermal dis-
comfort index (TDI) proposed by Schoen (2005) to provide more physiologically relevant
identification of climate extremes (note S7). The TDI incorporates both NSAT and hu-
midity information and has been commonly used for estimating human perceived tem-
perature (Lu and Kueppers 2015; Zhu et al. 2019). The TDI improves the suitability of
traditional heat indices in low temperature ranges and overcomes the deficiency of wind
chill indices in high temperature ranges (Schoen 2005). The TDI is more capable of model
extrapolation when compared with the National Weather Service model (Schoen 2005).
The TDI was calculated by the following formula (Schoen 2005):

TDI = T,, ~1.0799 exp(0.03755T,, }|1—-exp(0.0801T,, —1.1214), )

where T denotes the monthly NSAT and T, is the 2-m dewpoint temperature, both in
degrees Celsius.

We followed the following steps to calculate TDI_ _and TDI ,_ of each city and provided
a preliminary ranking of the world’s hottest and coldest cities for global urban settlements.
1) Using Eq. (1), we calculated the pixel-by-pixel 1-km monthly mean maximum and minimum
TDI (termed TDI _ and TDI_. ) with the estimated NSAT as well as resampled T, of 1km
spatial resolution retrieved from reanalysis data (note S8). 2) We calculated the maximum
monthly TDI _and minimum monthly TDI  for each pixel within urban boundaries from
2003 to 2019. 3) We quantified the maximum monthly mean TDI___and minimum monthly
mean TDI . for each city by averaging all the TDI values within each urban boundary.
4) We provided a preliminary ranking of the hottest and coldest cities (>10 km?) across global
13,135 settlements based on the average TDI __and TDI _ .

Step 3: Recalculation of NSAT with the datasets only derived from the top 20% hottest
and coldest cities in preliminary ranking. The global estimation of NSAT may distort the
ranking of cities with extreme temperatures (Hengl et al. 2018). To improve the RF model-
ing of extreme temperatures, we therefore recalculated the NSAT only based on the datasets
from the top 20% hottest and coldest cities in the preliminary ranking. More specifically,
we reselected the datasets only within the masks of the top 20% cities used for refined RF
modeling (Table S4). The estimation of NSAT was conducted using the same methodology
as in the preliminary ranking. The validations show that the RMSE of the monthly mean
maximum NSAT obtained with the refined RF modeling ranges from 0.80° to 1.05°C and
the associated MAE ranges from 0.58° to 0.73°C (Fig. S7), while the RMSE of the monthly
mean minimum NSAT ranges from 0.87° to 1.33°C and the associated MAE ranges from
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0.64° to 0.99°C (Fig. S8). We finally updated the monthly mean maximum and minimum
1-km NSATs for the top 20% hottest and coldest cities.

Step 4: Identification of the world’s hottest and coldest cities. Based on the refined NSAT
only with the datasets from the top 20% cities with extreme temperatures, we recalculated
the associated TDI through Eq. (1). We then calculated the associated TDI__ and TDI . again
for the top 20% cities and provided a refined ranking of the world’s hottest and coldest cities.

Results and discussion

Satellite mapping of NSAT__ and NSAT_. across global cities. We collected approxi-
mately 2.0 million in situ NSAT measurements (Table S3) and chose 18 features (e.g.,
satellite-derived LST; Table S2) to map the monthly 1-km maximum and minimum NSAT
(termed NSAT _ and NSATmm) for global settlements from 2003 to 2019. The random
forest (RF) algorithm was used to obtain the complex nonlinear relationships between the
NSAT measurements and these 18 features (refer to the “Strategies used for identifying
the world’s hottest and coldest cities” section). The global validation assessments showed
that the RMSE and MAE for NSAT __ were 1.10° and 0.78°C, respectively (Fig. 2b), whereas
those for NSAT . were 1.10° and 0.79°C, respectively (Fig. 2f). Further verification con-
firmed that these accuracies were robust across the months (Figs. S5 and S6). These accura-
cies are on par with those of previous NSAT mapping studies at local scales (Ho et al. 2014;
Yoo et al. 2018; dos Santos 2020). The monthly 1-km NSAT dataset covers every single
patch of global urban settlements (Figs. 2a,e; see more global NSAT snapshots in Fig. S9),
including low-income cities where urban stations are usually unavailable (e.g., small- and
medium-sized urban clusters in Africa, India, Brazil, and China; Figs. 2¢,d,g,h). This data-
set includes small- and medium-sized cities, which may have significantly higher or lower
temperatures than large cities equipped with weather stations. Therefore, this dataset
enables a more objective ranking of the world’s hottest and coldest cities.

Satellite-based ranking of city temperatures from human discomfort perspective. The
thermal discomfort of urban residents is related to both NSAT and humidity (Schoen 2005).
The monthly maximum and minimum thermal discomfort indices (TDI__ and TDI__ ) over
global urban settlements were calculated using the monthly NSAT __ and NSAT , datasets
(refer to the “Strategies used for identifying the world’s hottest and coldest cities” section).
The results for the two coastal cities of Shanghai and Cape Town, which have relatively
high humidity, demonstrated that the calculated TDI___ can be more than 5.0°C higher than
NSAT__ and TDI , can be 0.5°C lower than NSAT__ (Fig. S10).

The results show that cities with high TDI__ are mostly located in South Asia, western Asia,
northern Africa, and the western regions of North America (Fig. 3a). The top 10 hottest cities are
primarily located in western Asia and South Asia, such as Bahrain, Qatar, Saudi Arabia, and
Pakistan (Figs. 3b,e,g). The TDI__ for all these cities exceeds 46.3°C (Table S5), a value sig-
nificantly greater than the alert threshold (40.6°C) for severe heat-related disorders (National
Weather Service 2022). Manama (Fig. S11), Bahrain, which is located in an arid region, is the
hottest city in the world, with the TDI _ reaching 48.18° + 1.31°C (Figs. 3,b,e,g). This tempera-
ture (48.18°C) is relatively lower than the previously identified hottest NSAT (56.7°C), which
was recorded in unpopulated areas (El Fadli et al. 2013). However, this value was not recorded
during a single occasional extreme event and reflects the mean thermal status of a populous
city throughout an entire month. Manama, which is characterized by a subtropical high pres-
sure climate, lies on an island in the Persian Gulf, and its urban landscapes are dominated by
xerophytic shrubs (Fig. 3g and Fig. S11). Due to seawater evaporation, coastal Manama has
3-5 times higher relative humidity than Riyadh in the central Arabian Peninsula during hot
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Fig. 2. Satellite-derived NSATmax and NSATmin maps and associated accuracy assessments for global
urban settlements. (a) Mean NSAT__ in July 2019 for each city and (b) global validation of NSAT__;
1-km spatial resolution NSAT__ in July 2019 for several typical small- and medium-sized urban clusters
without available urban stations in (c) Africa and (d) India; (€) mean NSAT . in January 2019 for each city
and (f) global validation of NSAT _ ; and 1-km spatial resolution NSAT __in January 2019 for several typical
small- and medium-sized urban cIusters without available urban statlons in (g) Brazil and (h) China.

months (Fig. S12). The local extreme NSAT, less effective cooling efficiency of urban shrubs, and
excessive water vapor contributed to the extremely high TDI___in Manama. Moreover, Manama
is a relatively populous city with 1.25 million residents in the main urban areas (around
345 km?) of the city, indicating a large urban population exposed to extreme heat (Fig. S11).
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Fig. 3. Spatial distribution of satellite-derived TDI___and TDI_, across global cities and the top 10 hot-
test and coldest cities. (a) TDI__ and (b) the top 10 hottest cities; (c) TDI , and (d) the top 10 coldest
cities; (e) spatial distribution of the top 10 hottest and coldest cities and zooming in on the (g) hottest
and (f) coldest cities. BHR, QAT, SAU, PAK, RUS, and CHN denote Bahrain, Qatar, Saudi Arabia, Russia,
and China, respectively.

In contrast, the cities with low TDI , were mainly located in the northern regions of
East Asia, North Asia, central Asia, eastern Europe, and North America (Fig. 3c). The top
10 coldest cities are located within the snow and semiarid regions of Russia and China
(Figs. 3d,f), with the TDI___value below -31.3°C (Table S6). These cities are characterized
by a remarkable continental climate, and their TDI _ is extremely low because of the
Siberian high during the winter. Yakutsk (Fig. S11), Russia, is the coldest city in the world,
withaTDI_ . of -42.96° + 0.72°C (Fig. 3h). This observation is consistent with the previously
acknowledged world’s coldest city based on in situ NSATs (Phelan 2022) (www.pogodaiklimat.
ru/climate/24959.htm). Moreover, this temperature (-42.96° + 0.72°C) is relatively lower than
that previously recorded for a single extreme event (—64.4°C) because monthly values
were used in this study. In addition, it was observed that the urban population of Yakutsk
has increased by 17% in the last four decades, indicating enhanced urban population
exposure to the extreme cold of this city.

Compared to the trend of cities in the bottom 80% (Fig. 4b), a smaller trend of cities in
the upper 20% means that the extreme TDI__ or TDI . variation is relatively small in about
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20% of the world’s cities, and thus, these cities face a greater threat from extreme heat or cold
(Figs. 4e,f). More importantly, both TDI _ and TDI . followed a power law (or logarithmic
pattern) across global cities (Fig. 4a). The smaller overall trend of TDI___(~0.11) than that of
TDI_ . (-0.38) suggests a relatively weaker temperature variation in TDI__, implying that a
relatively larger number of cities are threatened by extreme highs rather than extreme lows
(Fig. 4a). In addition, most cities with extreme TDI__ or TDI . have populations of less than

0.3 million (Figs. 4c,d), indicat-
ing that small- and medium-sized
settlements dominate cities with
extreme TDI__ or TDI . . The
cities with less than 0.3 million
urban residents account for
819% of all the cities with extreme
TDI__ (e.g., Yuma, Arizona, in
the United States) and 83% of
cities with extreme TDI . (e.g.,
Aalborg in Denmark). In contrast,
most cities with a large popula-
tion, such as Guangzhou, Cairo,
Chicago, and London for TDI__,
and Lyon, Cape Town, Miami, and
Jakarta for TDI ., are mainly
characterized by relatively mod-
erate TDI _ and TDI _ (Fig. 4a).

Implications

The results demonstrate that
extreme temperatures are un-
evenly distributed across cities
with different income levels. For
example, extreme TDI__ and
TDI . are mainly distributed
over cities in low-income regions
(Fig. S13), such as north Africa,
eastern Europe, and Asia, rather
than in high-income regions
(Figs. 3a,c). Although lower- and
middle-income cities only account
for 42% of all the cities consid-
ered, they constitute 81% of the
top 20% of hottest cities. In these
cities, higher urban population
exposure and relatively poorer
adaptation capability (such as a
lack of air conditioning and cool-
ing centers) significantly exacer-
bate the impacts of temperature
extremes (Tuholske et al. 2021;
L. K. Zhao et al. 2021) (Fig. 5).
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Fig. 4. Logarithmic variations of the satellite-derived thermal
discomfort index (TDI) as a function of the ranking of global
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Fig. 5. Proportions of the global cities and the top 20% hottest (or coldest) cities at different
income levels.

Similarly, although upper- and middle-income cities account for 38% of the cities, they
constitute 61% of the top 20% of the coldest cities (Fig. 5). The latest projections show that
90% of the world’s new urban population will occur in regions with relatively low economic
development levels by 2050 (United Nations 2019). However, the lack of climate adaptation
infrastructure in these regions will considerably increase the risk of the urban population
under future climate change (Eckstein et al. 2019). This risk to disadvantaged communities
is even more concerning because of intraurban disparities in heat exposure (Chakraborty
et al. 2019). As we prepare for a warmer planet, local urban planners in underdeveloped
cities should be aware of the significance of climate-resilient infrastructure in the design of
adaptation strategies.

These results indicate that most of the top 20% of the hottest and coldest cities are small or
medium sized, necessitating the importance of improving climate change adaptation strate-
gies for risk mitigation in these cities (Fig. 4). Lower- and middle-income cities accounted for
82% and upper- and middle-income cities accounted for 59% of the small- or medium-sized
cities with extremely high and low temperatures, respectively (Fig. S14). However, small- and
medium-sized cities have been excluded from urban extreme climate adaptation studies for
a long time (Watts 2017), and they have lower levels of climate awareness than large cities
(Reckien et al. 2018). Therefore, to enhance the awareness of climate extremes for small- and
medium-sized cities, policy-makers should develop more targeted approaches, such as dis-
seminating more rankings of the world’s hottest and coldest cities in newspapers or magazines
(Lee et al. 2015; Luis et al. 2018). The current study provides more evidence of the increased
risk of temperature extremes in small- and medium-sized cities. To reduce the risks of global
climate change for larger and generally more vulnerable populations, adaptation strategies
should be developed specifically for these small- and medium-sized cities.
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