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Abstract It has been suggested that global warming impacts on human thermal comfort will cause an
increase in the heat stress and a decrease in the cold stress in the future. A recent study has shown
elevated increases in human‐perceived equivalent temperature (HPET) by using a single index for summer
and winter seasons (Li et al., 2018, https://doi.org/10.1038/s41558‐017‐0036‐2). However, they have not
considered multiple indices with combined effects on deriving HPET, which can result in large uncertainties
in assessing climate change impacts on HPET and related extremes. Therefore, we develop a new framework
with high‐resolution projections and an ensemble of 10 indices to quantify the impacts of climate change
on HPET and related perceived extremes as well as to address uncertainties in both empirical indices and
emission scenarios over China. Our findings reveal that different combinations of climatic variables can lead
to two opposite conclusions for both normal and extreme conditions. For example, by using indices only
considering the combined effect of temperature and relative humidity, China is projected to have an elevated
increase in the HPET and in the frequency of high‐temperature extremes. By taking into account wind
speed, the country expects to have the HPET even lower than the surface air temperature and an increase in
the frequency of low‐temperature extremes. In addition, the resulting range of HPET due to uncertainty
in indices is greater than the uncertainty range derived from different emission scenarios for the entire
country. Therefore, it is necessary to conduct a comprehensive assessment that explicitly addresses
uncertainties in the HPET in order to improve the robustness and reliability of assessing climate change
impacts on human‐perceived temperature extremes.

1. Introduction

Anthropogenic‐induced changes in surface air temperature, relative humidity, wind speed, and solar radia-
tion as well as their interactions affect the human perception on the impacts of global warming and contri-
bute substantially to the temperature‐related stress (Li et al., 2018; Ma et al., 2014). The human‐perceived
equivalent temperature (HPET) that takes into account the combined effects of climatic variables are defined
as an indicator to measure the human thermal (heat and cold) stress. For example, the high air temperature
compounded by high relative humidity can cause the human heat stress by reducing the latent heat loss. The
low air temperature compounded by strong wind can result in the excessive loss of latent heat from the
human body, which accounts for the effect of wind chill. Both relative humidity and wind speed lead to
changes in the HPET by decreasing or increasing the convective heat transfer between the human body
and its surrounding environment. Other than the convective heat transfer, the radiative heat transfer
changes the energy balance of the human body through the solar radiation. As a less efficient way of heat
transfer, solar radiation does not contribute as much as relative humidity and wind speed to the variations
of HPET. However, solar radiation can still potentially change the thermal discomfort for the human body
under abnormal weather conditions. For instance, strong solar radiation can aggregate the outdoor heat
stress on hot and humid days and relieve the wind chill effect on cold and windy days.

Previous studies have demonstrated a relationship between changes in perceived temperature and climate
change (Li et al., 2018; Wu et al., 2017). It indicates that climate warming can result in an increase in the
heat‐related environmental stress and a decrease in the cold‐related stress Moran et al., 2003; Peng et al.,
2011; Gosling et al., 2012; Hajat et al., 2014; Zacharias et al., 2015; Wang et al., 2018). A variety of indices
have been developed to measure the impacts of different combinations of temperature and other climatic
factors on the HPET. Nevertheless, the previous assessments of the impacts of climate change on human
thermal comfort were made with only one index for summer and winter seasons. Plus, the degrees of
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thermal discomfort under abnormally hot and cold temperatures are higher than those under normal con-
ditions. The related perceived extremes have not been well studied due to the use of the coarse‐resolution
data generated from global climate models (GCMs). Therefore, a comprehensive assessment of future
changes in the HPET under both normal and extreme conditions is much needed for climate change mitiga-
tion and adaptation through high‐resolution projections and an ensemble of indices.

Over the past 100 years, a great number of human thermal climate indices have been proposed by the scien-
tific community (Barakat et al., 2017; Blazejczyk et al., 2012; de Freitas & Grigorieva, 2015; Tseliou et al.,
2010). A comprehensive review was undertaken by de Freitas and Grigorieva (2015) to quantify the per-
ceived importance of the thermal environment by conducting a comprehensive documentation, classifica-
tion, and overall evaluation of existing human thermal climate indices. Since the statistical or empirical
index is composed of various factors such as air temperature, humidity, wind speed, and solar radiation,
large uncertainty can arise from the different combinations of these climatic variables. When the HPET is
projected by using high‐resolution climate data, uncertainty can also arise from the selection of different
scenarios of greenhouse gas emissions.

Previous assessments indicate that there is a lack of clear understanding of various index schemes and a lack
of high‐resolution simulations to assess climate change impacts on human‐perceived temperature extremes.
As a result, a single index (e.g., apparent temperature, AT) is often used due to simple and straightforward
implementation. In addition, perceived extremes cannot be resolved with coarse‐resolution climate data.
Therefore, the objective of our study is to develop a new framework incorporating an ensemble of indices
and high‐resolution projections under different emission scenarios to assess climate change impacts on
human‐perceived temperature extremes and to quantify empirical indices uncertainty and emissions uncer-
tainty over China. A comprehensive assessment of future changes in the HPET and underlying uncertainties
will be conducted to improve the robustness and reliability of assessing climate change impacts on human‐
perceived temperature extremes.

2. Methods and Data Sets

Here we, for the first time, develop a framework with an ensemble of multiple thermal indices under differ-
ent scenarios to carry out a comprehensive assessment of the impacts of climate change on the perceived
temperature and related extremes as well as to address uncertainties in indices and scenarios. The compre-
hensive assessment involves analysis of the statistics and spatial patterns of daily perceived temperature and
its related extremes in 30‐year time slices. We assessed the mean state of perceived changes in temperature
by using different indices and ask whether a different combination of variables could reinforce or counteract
any increment in the thermal environment around the human body. We also used two different emission
scenarios in the assessment to evaluate the sensitivity of the mean changes in the perceived temperature
to index uncertainty and emission uncertainty. Future climate simulations were forced with specified con-
centration pathways consistent with a medium emission scenario (RCP4.5) and a high emission scenario
(RCP8.5). The changes in temperature, relative humidity, wind speed, and their combined effects with
increasing radiative forcing were then investigated under these two emission scenarios.

2.1. Thermal Comfort Indices

Six criteria including comprehensiveness, scope, sophistication, transparency, usability, and validity were
adopted in this study to robustly evaluate thermal comfort indices for assessing the climate change impacts
on human thermal comfort. Thermal comfort indices were selected based on the following rules. First,
indices that have not been experimentally tested and validated are excluded (i.e., temperature humidity
index, Schoen, 2005, and temperature‐wind speed‐humidity index, Zaninović, 1992). Second, we ignore
body‐related inputs and approximate the perceived temperature through indices that only have
atmosphere‐related inputs to the index scheme. This is because the extent of perceived temperature will
be considerably modified by the adaptation regarding physiological and behavioral aspects (e.g., use of early
warning system and air conditioning; Bobb et al., 2014; Gasparrini et al., 2015; Lowe et al., 2011). Although
the adaptation could reduce the exposure to the critical perceived temperature, it will not affect the occur-
rence of such conditions. Given the speed of climatic changes and numerous physiological constraints, it
is unlikely that the human physiology will evolve necessary higher heat tolerance (Pal & Eltahir, 2016).
Finally, these selected indices used to represent thermal conditions can be divided into three main
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categories, namely, high‐temperature indices, low‐temperature indices, and comprehensive indices. High‐
temperature indices include the humidity index (Humidex), summer simmer index (SSI), and environmen-
tal stress index (ESI). Low‐temperatures indices include the wind chill temperature index (WCTI), new wind
chill temperature, and AT. Comprehensive indices include the new effective temperature (NET) and natural
wet bulb temperature (NWBT). Details of the categorized indices that satisfy all six evaluation criteria are
provided as appendix.

2.2. Regional Climate Modeling

The Providing REgional Climates for Impacts Studies (PRECIS) model was used to develop high‐resolution
climate change projections (Jones et al., 2004; Wilson et al., 2015). PRECIS was designed with high‐
resolution for both operational forecasting and atmospheric research. The regional climate model (RCM)
was widely used to produce high‐resolution climate simulations (Feng et al., 2012; Wang et al., 2014;
Wang, Huang, Lin, et al., 2015; Xu et al., 2006). The model's driving GCM was the Hadley Centre Global
Environment Model version 2‐Earth Systems (HadGEM2‐ES), which was developed by the Met Office
Hadley Centre for the Coupled Model Intercomparison Project Phase 5 (CMIP5; Collins et al., 2008).
There were over 40 GCMs that participated in the CMIP5, in which eleven of GCMs were selected due to
their capacities to explicitly represent biogeochemical processes that interact with the physical climate
(MACA, 2017). Studies indicate that the higher horizontal resolution leads to an enhanced skill in represent-
ing climatic variables in the CMIP5 models (Colette et al., 2012; Rupp et al., 2013; Zhang et al., 2013). The
chosen HadGEM2‐ES has the highest resolution among the 11 models (Jiang et al., 2015; Martin et al.,
2011). In addition, previous studies have demonstrated the ability of HadGEM2‐ES to well represent most
variables, especially for surface conditions and atmospheric circulation (Wang et al., 2014; Wang, Huang,
Lin, et al., 2015). Overall, the HadGEM2‐ES exhibits relatively high skills in providing the lateral boundary
conditions to drive the PRECIS model for high‐resolution climate change projections over China.

The PRECIS simulation domain covered China with a 0.22° × 0.22° spatial resolution. Based on the geogra-
phical features of temperature changes over China and previous related studies (Bucchignani et al., 2014; Li
et al., 2011a, 2011b; Luo et al., 2013), the contiguous domain of China was divided into seven subregions,
including Northwest China (NW), North Central China (NC), Northeast China (NE), Tibetan Plateau
(Tibet), Southwest China (SW), Southeast China (SE), and Yangtze (YZ). As shown in Figure 1, the subre-
gions are typically used in weather‐ and climate‐related studies in China because of climatic similarities
within every subregion. The PRECIS model ran continuously from 1969 to 2005 for historical simulations
and from 2006 to 2099 for future projections. Future climate simulations were forced with specified concen-
tration pathways consistent with a medium emission scenario (RCP4.5) and a high emission scenario
(RCP8.5; Moss et al., 2010; Van Vuuren et al., 2011). The changes in temperature, relative humidity, wind
speed, and their combined effects with increasing radiative forcing were then investigated under RCP4.5
and RCP8.5 emission scenarios.

2.3. Data Sources

To assess the skill of the PRECIS model in reproducing the historical climate, simulation results were vali-
dated against the Climate Research Unit (CRU) gridded data set and the ERA‐Interim reanalysis data set.
The CRUmonthly gridded data set with a spatial resolution of 0.5° × 0.5° was used to validate the simulated
temperature and relative humidity. To derive the relative humidity, the monthly vapor pressure obtained
from CRU was converted to relative humidity by dividing the saturation vapor pressure by the observed
vapor pressure (Goff & Gratch, 1946; List, 2000; Murray, 1967; Wang et al., 2016). The CRU data set was
applied with a quality control algorithm to develop global climatic variables with high time‐space resolution
(Harris et al., 2014). However, the wind speed cannot be obtained from the CRU data set. The ERA‐Interim
reanalysis data set was thus adopted in this study to validate the dynamically downscaled wind speed in
terms of spatial and temporal patterns.

3. Evaluation of High‐Resolution PRECIS Climate Simulations

Figure 2 shows the spatial patterns of annual mean temperature, relative humidity, and wind speed over
China. These patterns were derived from HadGEM2‐ES, PRECIS, CRU, and ERA (for wind speed only)
for a period of 30 years from 1976 to 2005. The pattern of the CRU‐derived temperature (Figure 2c)
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indicates that the annual mean temperature is relatively high over SE and relatively low over the Tibet and
NE. Compared to CRU, HadGEM2‐ES (Figure 2a) produces a similar spatial pattern but underestimates the
magnitude of the annual mean temperature. The difference between simulated and observed temperatures
is consistent with those generated by using many other GCMs (Flato et al., 2013; Zhou et al., 2013). In
comparison, the accuracy of climate simulations can be improved significantly by using PRECIS
(Figure 2b) through dynamical downscaling. The PRECIS model captures the warm centers located in the
Szechwan Basin (30°30′N, 105°30′E) in SE and the Pearl River Basin (30°22'N, 89°44'W) in SE as well as
the cold center at the Tibetan Plateau.

The pattern of the CRU‐derived relative humidity (Figure 2f) depicts that the annual mean relative humidity
is low in NW and is increasing considerably southeastward. Compared to CRU, HadGEM2‐ES overestimates
the relative humidity all over the study domain and simulates an artificial high relative humidity area over
the Tarim Basin (37°06′N, 82°53′E) in NW. In comparison, PRECIS captures the high humidity center
located in SW and the low humidity center in NW. Thus, the PRECIS model is able to well reproduce the
geographical distributions of relative humidity over China.

The reanalysis data set (Figure 2i) shows that the annual mean wind speed increases from eastern to
western regions across Inner Mongolia (44°0′N, 113°0′E), the Tarim Basin, and the Tibetan Plateau.
The high wind speed area is identified between 30°N and 60°N where the prevailing westerlies are
located. Previous studies indicate that the prevailing westerlies have a direct impact on the surface wind
(Wang, Li, & Zhou, 2015). Compared to the reanalysis data, HadGEM2‐ES captures the high wind speed
area across China's Inner Mongolia, but it underestimates the wind speed over the entire study domain
and simulates two artificial low wind speed centers in the Sichuan Basin (30°30′N, 105°30′E) and the
Tarim Basin. In comparison, the PRECIS model better reproduces the strong wind belt across Inner
Mongolia, the Tarim Basin, and the Tibetan Plateau. In addition, the PRECIS model simulates similar
magnitudes of wind speed over China in comparison with the CRU‐derived pattern. Overall, the high‐
resolution climate simulations through dynamical downscaling are crucial to producing reliable spatial
patterns of surface air temperature, relative humidity, and wind speed over China. To evaluate the skills
of HadGEM2‐ES and PRECIS in reproducing the temporal patterns of annual mean temperature, relative
humidity, and wind speed, the annual cycles of these climatic variables are compared against the CRU
observations (please refer to Figures S1–S3 in the supporting information). Overall, the high‐resolution
climate simulations are necessary to obtain reliable temporal and spatial patterns of wind speed
over China.

Figure 1. Model domain, topography (unit: m), and the seven subregions: Northwest China (NW), North Central
China (NC), Northeast China (NE), Tibetan Plateau (Tibet), Southwest China (SW), Southeast China (SE), and
Yangtze (YZ).
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4. Projection of High‐Resolution Climate Information

When spatial and temporal distributions of simulated temperature, relative humidity, and wind speed have
been validated by comparing against observations, the RCM can be used to project future changes in climate
information. Thus, the future changes in surface air temperature, relative humidity, and wind speed were
projected by the PRECIS model under RCP4.5 and RCP8.5 scenarios for the period from 2006 to 2100. To
better understand the changes in climatic variables, the simulation period was divided into two future time
periods, including the midcentury period 2036–2065 (the 2050s) and the late‐century period 2070–2099 (the
2080s). The future changes in annual mean temperature, relative humidity, and wind speed were calculated
by subtracting the values obtained for the baseline period from the values projected under two scenarios of
RCPs for the 2050s and the 2080s over China.

Figure 2. (a–i) Spatial distributions of annual mean temperature (TMP, unit: °C), mean relative humidity (RH, unit: %), and mean wind speed (WND, unit: m/s)
over China from HadGEM2‐ES, PRECIS, and CRU/ERA for 1976–2005. PRECIS = Providing REgional Climates for Impacts Studies.
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Figures 3a–3d and 4a–4d depict the changes in spatial patterns of seasonal (winter and summer) mean
temperature for two future periods relative to the baseline period. It can be seen that there are positive
changes from 0.3 to 6 °C for both winter and summer seasons. In comparison, the changes in winter tem-
perature appear to be larger than the summer temperature under both RCPs. These findings are consistent
to previous studies' results (Guo et al., 2017, 2018; Zhou et al., 2014). In addition, the positive changes of tem-
perature in winter and summer seasons are projected to be increasing from the 2050s to the 2080s under both
RCP scenarios. The magnitude of warming in the northern subregions (NW, NC, NE, and Tibet) is slightly
larger than the southern subregions (SW, SE, and YZ). This is because the northern subregions at high lati-
tudes receive more positive albedo‐temperature feedback. In addition, the magnitudes of warming are pro-
jected to be larger under RCP8.5 than those under RCP4.5 for all reasons. Especially for the 2080s, the
difference in magnitudes of warming under two emission scenarios becomes more significant with an
increase in the radiative forcing. Compared to the seasonal mean temperature, relative humidity is less
affected by the changes in radiative forcing.

Figures 3e–3h and 4e–4h show the projected changes in seasonal mean relative humidity under two RCP
scenarios. These indicate that the projected patterns of relative humidity are similar in both winter and
summer seasons for two future periods relative to the baseline period. Under two RCP scenarios, the relative
humidity is projected to increase with increasing radiative forcing in both winter and summer seasons for
certain areas over NW, NC and NE China. In contrary, the relative humidity is projected to decrease for
the other areas in China, especially in the Heilong Jiang Basin and the Yangtze River Basin. These two

Figure 3. Winter spatial distributions of changes in (a–d) surface air temperature (TMP_Diff, unit: °C), (e–h) relative humidity (RH_Diff, unit: %), and (i–l) wind
speed (WND_Diff, unit: %) as projected by PRECIS under two RCPs for two future periods (RCP4.5_2050s, RCP4.5_2080s, RCP8.5_2050s, and RCP8.5_2080s).
PRECIS = Providing REgional Climates for Impacts Studies.
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basins are significantly influenced by the Asian monsoon, which is sensitive to climate change. Xie et al. also
found that there is a significant downward trend of relative humidity over NE for both winter and summer
but no significant trends over Yangtze River Valley (Xie et al., 2011). The deficit of relative humidity simu-
lated by the RCM is related to the variability in the western North Pacific subtropical high (WNPSH).
Previous studies indicate that a weakened WNPSH could result in a weakened moist southerly wind, there-
fore could lead to a decrease in the relative humidity over the Yangtze River Basin (He et al., 2015, 2018).
Moreover, the maximum change in relative humidity is projected to be an increase of 8%. Thus, the change
in relative humidity is not as much as temperature under climate warming.

The projected changes in seasonal wind speed are displayed in Figures 3i–3l and 4i–4l. These changes in
wind speed show total opposite spatial patterns for winter and summer. During the winter season, the wind
speed is projected to increase over high‐latitude regions and decrease over low‐latitude regions. In terms of
magnitudes of changes in wind speed, the positive change for the winter season appears to be smaller than
the projected change for the summer season. For example, the largest increase in wind speed is projected to
be 0.7 m/s in winter but 1 m/s in summer. Such spatial changes indicate a large natural variability relative to
the impact of the Asian Monsoon, which results in uncertainties in future projections of climate change
(Christensen et al., 2007; He & Zhou, 2014; Hewitson et al., 2014). The variability in Asian Monsoon is regu-
lated by the changes of WNPSH for the most parts of East Asia including China (Cherchi et al., 2018; Zhou &
Yu, 2005). The position and intensity of WNPSH play a major role in the formation of the East Asia's climate
by influencing the moisture transport from ocean and affecting the wind speed and temperature (He, Lin,

Figure 4. Summer spatial distributions of changes in (a–d) surface air temperature (TMP_Diff, unit: °C), (e–h) relative humidity (RH_Diff, unit: %), and (i–l) wind
speed (WND_Diff, unit: %) as projected by PRECIS under two RCPs for two future periods (RCP4.5_2050s, RCP4.5_2080s, RCP8.5_2050s, and RCP8.5_2080s).
PRECIS = Providing REgional Climates for Impacts Studies.
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et al., 2017). In the context of climate warming, many studies indicate that an enhanced WNPSH could lead
to an enhanced southerly wind and a significant increase in the moisture transport (precipitation) over the
high‐latitude areas of China in summer (He et al., 2015; He, Wu, et al., 2017; He & Zhou, 2015). The climate
warming could lead to a weakened WNPSH and result in a weakened southerly wind and an increase in the
cyclone weather over the low‐latitude areas in winter (Lin et al., 2017). Our study find that the geographical
patterns of wind speed projected by the RCM are consistent with these studies' results for both summer and
winter. The different changes in the wind speed are dominated by the enhanced or weakened WNPSH
induced by the anthropogenic effects over China. The overall trend of wind speed change is projected to
decrease with increasing radiative forcing for both winter and summer seasons over China, which is also
consistent with the aforementioned studies' findings.

5. Assessment of Climate Change Impacts on Human‐Perceived Temperature
Extremes and Underlying Uncertainties
5.1. Projected Impacts of Climate Change on Perceived Temperatures in the Winter Season

Figure 5 depicts projected spatial distributions of air temperature and five thermal comfort indices (WCTI,
new wind chill index [NWCI], AT, NET, and NWBT) under RCP4.5 and RCP8.5 scenarios for the 2050s
and the 2080s. These thermal comfort indices can be used to examine the climate change impacts on human
thermal comfort in the winter season. Despite some differences in the exact magnitude of the changes in
HPETs induced by the combined effects of multiple climatic variables, the spatial patterns of HPETs
compare remarkably well across indices in winter. In terms of changes in seasonal mean values, WCTI
and NWBT exhibit no big difference relative to air temperature. In comparison, NWCI, AT, and NET show
considerable decreases in projected HPETs. The combined effect of air temperature and wind speed on
changing the HPETs are no uniform across indices. But the projected cold stress (<0 °C) increases from
the equator to high latitudes. This latitudinal pattern was consistent among all scenarios and indices. It is
largely determined by the fact that the number of days with temperatures close to the threshold (0 °C)
increasing with increasing latitude (that is, due to greater seasonality). Similarly, a strong altitude gradient
can also be detected in the results. High‐altitude areas (e.g., Tianshan, Kunlun, and Qilian mountains and

Figure 5. Spatial distribution of (a, g, m, and s) Air Temp, (b, h, n, and t) WCTI, (c, i, o, and u) NWCI, (d, j, p, and v) AT, (e, k, q, and w) NET, and (f, l, r, and x)
NWBT in winter under RCP4.5 and RCP8.5 for the 2050s and the 2080s. AT = apparent temperature; NET = new effective temperature; NWBT = natural wet bulb
temperature; NWCI = new wind chill index; WCTI = wind chill temperature index.
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Tibetan Plateau) have lower values in the cold stress than low‐altitude areas (e.g., Tarim Basin and Junggar
Basin in NW and coastal regions in SE and YZ) because high‐altitude areas have more days of temperature
below the threshold than low‐altitude areas at the same latitude. The lowest seasonal mean temperature is
observed for NET with a value of −50.3 °C in Tibet and NE, while the warmest areas with a value of
approximately 9.6 °C appear over SE and SW.

Figure 6. (a–g) Area‐averaged seasonal mean temperature changes in Air Temp, WCTI, NWCI, AT, NET, and NWBT as projected for seven subregions under
RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period. AT = apparent temperature; NET = new effective temperature;
NWBT = natural wet bulb temperature; NWCI = new wind chill index; WCTI = wind chill temperature index.
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Figure 6 shows the projected changes in the area‐averaged air temperature, WCTI, NWCI, AT, NET, and
NWBT under RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period.
Under both RCPs, all five thermal comfort indices are projected to increase over China for two future peri-
ods. For each index, the degrees of warming are projected to be larger under RCP8.5 than those under
RCP4.5. Especially for the 2080s, the differences in the projected degrees of warming under two emission
scenarios become more significant with an increase in the radiative forcing. In terms of the magnitude of
increased warming, these indices rank as follows: NET > AT > NWCI >WCTI > NWBT. It should be noted
that the projected changes in NWBT are even smaller than the increases in air temperature under both RCPs
for two future periods. Both NET and NWBT are comprehensive indices that take into account multiple cli-
matic factors. However, considering multiple variables would result in a large range of the projected thermal
conditions. Thus, uncertainties caused by using multiple variables need to be addressed to improve the relia-
bility of future projections. In addition, the positive changes of temperature are projected to be larger in the
high‐latitude regions than those in the low‐latitude regions for the 2050s and the 2080s. This is because the
northern parts of China at high latitudes are expected to receive more positive albedo‐temperature feedback
than the southern parts. A strong dependence on topography is also detected for all indices. There is a rela-
tively large increase on the Tibetan Plateau in terms of the magnitude of warming. In Tibet, the melting of
the ice and snow cover in the high elevation areas under a warming climate increases the water vapor that
traps more heat on the Earth's surface and makes the surface less reflective and adds to the warming effect
(Wang, Li, Liu, et al., 2015).

5.2. Projected Impacts of Climate Change on Perceived Temperatures in the Summer Season

Figure 7 presents the spatial distributions of air temperature and five thermal comfort indices (Humidex,
SSI, ESI, NET, and NWBT) used in the summer season under RCP4.5 and RCP8.5 scenarios for the 2050s
and the 2080s. The results indicate that both Humidex and SSI, which only consider the combined effect
of air temperature and relative humidity, show consistent increases in the HPETs compared to the tempera-
ture warming over the continent, suggesting faster increases in HPETs than in air temperature. This is
consistent with the findings of previous studies. ESI focusing on combined effect of air temperature,
relative humidity, and solar radiation also shows increases in the difference between changes in HPETs
and the temperature warming over China but surprisingly with less magnitude/intensity considering that

Figure 7. (a–x) Spatial distribution of Air Temp, Humidex, SSI, ESI, NET, and NWBT in summer under RCP4.5 and RCP8.5 for the 2050s and the 2080s.
ESI = environmental stress index; NET = new effective temperature; NWBT = natural wet bulb temperature; SSI = summer simmer index.
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SR has positive effects on aggerating the thermal stress. This may be related to the formulation of the index.
Both NET and NWBT with the wind speed included in the index scheme, on the opposite, show up to 2 °C
decreases in the difference between changes in HPETs and the temperature warming over the country. It
suggests that the wind chill effect in summer could be largely underestimated if solely considering tempera-
ture warming or the combined effect of air temperature and humidity. The high wind speed condition not
only damped but also in someway offset the elevated HPETs. Thus, there are large uncertainties in the

Figure 8. (a–g) Area‐averaged seasonal mean temperature changes in Air Temp, Humidex, SSI, ESI, NET, and NWBT as projected for seven subregions under
RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period. ESI = environmental stress index; NET = new effective temperature;
NWBT = natural wet bulb temperature; SSI = summer simmer index.
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projected HPETs by including the wind chill effect. The uncertainty in wind projection largely result from
the large intermodel spread presentation of the WNPSH and related dynamics (Cherchi et al., 2018; He &
Zhou, 2014). The interaction between the variability of WNPSH and the wind speed changes needs to be
further investigated because of implications in future variations in thermal stress on human health.
Moreover, it could lead to two opposite conclusions with and without considering the combined effect of
wind speed and temperature. HPETs over China are expected to increase significantly under climate warm-
ing through the use of indices only considering the combined effect of temperature and relative humidity.
However, changes in HPETs can be projected even smaller than the air temperature warming if we apply
the indices that consider the combined effect with the wind speed included.

Figure 8 shows the projected changes in the area‐averaged air temperature, Humidex, SSI, ESI, NET, and
NWBT under RCP4.5 and RCP8.5 scenarios for the 2050s and the 2080s relative to the baseline period.
Similar to the thermal comfort indices used in winter, these indices used in summer are projected to increase
over China under both RCP4.5 and RCP8.5 scenarios for two future periods. In comparison, the increases in
Humidex and SSI appear to be more pronounced than the other indices for all subregions. It should be noted
that the projected changes in both ESI and NWBT are even smaller than the increase in the air temperature
under both RCPs for two future periods. The magnitudes of the increased NET appear to be less significant
than those derived for the winter season. Furthermore, there is no distinct difference between the projected
changes of temperature in the high‐latitude regions and those in the low‐latitude regions for both the 2050s
and the 2080s. Compared to the baseline period, changes in air temperature show a positive correlation with
the latitudes under each RCP for two future periods. But changes in both relative humidity and wind speed
have no correlation with the latitude increasing. Considering the combined effect of air temperature, relative
humidity, and wind speed leads to the HPETs with no distinct difference between low‐ and high‐latitude
areas, which further proves the large uncertainty residing in the indices. In addition, no strong dependence
on topography is detected for all indices in terms of the differences between the projected degrees of warm-
ing over the Tibetan Plateau and those in other subregions. For the two indices without considering the wind
chill effect, a significant temperature increase is detected in all subregions. For each index, the projected
degrees of warming are larger under RCP8.5 than those under RCP4.5 for each future period; especially
for the 2080s, the warming is projected to become more significant with an increase in the radiative forcing.

Figures 9 and 10 show that the seasonal mean changes (values under RCP8.5 for 2080s subtracted from
historical values) in HPETs derived from the GCM (top row) and changes derived from the PRECIS model
(bottom row) in winter and summer. Generally, both models tend to simulate increases in the differences
between future seasonal mean HPETs and historical HPETs. Despite the exact magnitudes of increases vary
across different indices, values from the GCM are holistically higher than values from the RCMwith respect
to each index. As mentioned in the validation section, the GCM tends to underestimate the air temperature
and wind speed and largely overestimates the relative humidity compared to the observations. Plus, major
model biases in simulating present‐day climate would be systematically propagated into future climate pro-
jections at regional scales (Liang et al., 2008; Xue et al., 2014). Therefore, the great increase in the differences

Figure 9. Seasonal mean changes (values under RCP8.5 for 2080s subtracted from historical values) in human‐perceived equivalent temperatures derived from the
global climate model (a–e) and changes derived from the Providing REgional Climates for Impacts Studies model (f–j) in winter.
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between future seasonal mean HPETs and historical HPETs derived from the GCM could be explained by
adding the overestimation of the relative humidity to the temperature warming in summer. Moreover,
two significant warming centers located at the Sichuan Basin and the Tarim Basin can be found across
five indices' results. These two warming centers are consistent to the two artificial high humidity centers
that are found in the model validation. It indicates that the overestimated relative humidity can intensify
the heat stress to large extent when we consider the combined effect in summer. Results derived from the
PRECIS model, on the other hand, show a different spatial distribution for HPETs over China. As the
RCM is able to eliminate two artificial high humidity centers, there are no warming centers found over
the Sichuan Basin and the Tarim Basin across all five indices. For changes in winter, the situation is similar
to the changes in summer for the last three indices, which consider the combined effects of air temperature,
wind and relative humidity. Especially for the AT index, the difference between future seasonal mean
HPETs and historical HPETs derived from the GCM is largely aggravated by the increases in relative humid-
ity. As for the WCTI and NWCI indices, which only consider the combined effect of air temperature and
wind speed, we can also find an artificial center with relatively small increase in HPETs over the Sichuan
Basin. This artificial center is propagated from the low wind speed center simulated by the GCM in the his-
torical period. Again, the results derived from the RCM show consistent patterns of the HPETs changes over
China since the PRECIS model has the skill to remove the artificial centers with sudden changes from its
driving GCM.

5.3. Projected Impacts of Climate Change on Perceived Low‐Temperature Extremes in the
Winter Season

Figure 11 shows the histograms of the frequency distribution of the daily perceived low‐temperatures
extremes with consideration of the combined effects of climatic variables. The daily temperature of every
grid cell over China was taken into account in this study. Each column represents the percentage of days that
temperatures without consideration of combined effects of climatic variables fall within a specific range
(−70 to −60 °C, −60 to −50 °C, −50 to −40 °C, −40 to −30 °C, −30 to −20 °C, −20 to −10 °C, and −10 to
0 °C), and each dot represents the percentage of days that temperatures with different combined effects of
climatic variables. The minimum value of temperatures is −68 °C. Thus, a threshold of −70 °C was chosen
as the lowest value in the histogram. Results indicate that the projected air temperatures have no values
below −40 °C under both RCPs for two future periods. Without considering the combined effects of climatic
variables, there will be a decrease in the frequency of low‐temperature extremes and a shift toward the high‐
temperature intervals. By considering the combined effects of climatic variables, there will be an increase in
the frequency of extreme events and an apparent decrease in the lowest HPETs calculated by NET, AT,
NWCI, and WCTI. It can be noted that NET is projected to experience the largest increase in the percentage
of low‐temperature events. For instance, the percentage of the lowest temperature interval [−70 to −60 °C]
increases by 0.2% under RCP4.5 in the 2050s, 0.4% under RCP4.5 in the 2080s, and 0.1% under RCP8.5 in the
2050s. AT, NWCI and WCTI are projected to experience the second, the third, and the fourth largest

Figure 10. Seasonal mean changes (values under RCP8.5 for 2080s subtracted from historical values) in human‐perceived equivalent temperatures derived from
the global climate model (a–e) and changes derived from the Providing REgional Climates for Impacts Studies model (f–j) in summer.
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increases in the frequency of the lowest temperature, respectively. Nevertheless, the results of projected
NWBT shows an opposite trend to the other projections. It exhibits that the frequency of extreme events
drops and the lowest HPET is raised higher than the lowest value of air temperature. Compared to the air
temperature, NWBT mainly increases by up to 5% in the frequencies of temperatures above −20 °C. For a
given future period, the increase in the radiative forcing from RCP4.5 to RCP8.5 strengthens the negative
changes in the frequency of cold extremes and lifts the lowest temperature to some extent. For example,
the five curves for RCP8.5 tend to have their peak vales at low‐temperature intervals with relatively high
values than those for RCP4.5. It indicates that the frequency of low‐temperature extremes with high‐impact
(i.e., extremes with their temperature below −30 °C) is decreasing in the context of global warming.

5.4. Projected Impacts of Climate Change on Perceived High‐Temperature Extremes in the
Summer Season

Figure 12 shows the histograms of the frequency distribution of the daily perceived high‐temperatures
extremes with consideration of the combined climatic variables. Each column represents the percentage
of days that temperatures without consideration of combined effects of climatic variables fall within a
specific range (15 to 20 °C, 20 to 25 °C, 25 to 30 °C, 30 to 35 °C, 35 to 40 °C, 40 to 45 °C, and 45 to 50 °C),
and each dot represents the percentage of days that temperatures with different combined effects of climatic
variables. Since the maximum value of the projected temperatures is 47 °C, a threshold of 50 °C was chosen
as the highest value in the histogram. Results indicate that the projected air temperature have no values
larger than 45 °C under both RCPs for two future periods. Without considering the combined effects of
climate events, there will be an increase in the frequency of hot extremes and a shift toward high‐
temperature intervals. By considering the combined effects of climatic variables, there will be two distinctive
trends in the changes of HPETs for different indices. Specifically, there will be an increasing trend in the
frequency of extreme events within the temperature intervals between 15 and 35 °C for Humidex and SSI.
Both Humidex and SSI appear to reach peak values within the interval between 30 and 50 °C. In comparison,
the values of Humidex are projected to be lower than the values of SSI within the interval between 30 and
45 °C, and the Humidex value is projected to become higher than the SSI value within the interval

Figure 11. (a–d) Histograms of the frequency distribution of the daily perceived low‐temperatures extremes with consideration of the combined effects of climatic
variables. AT = apparent temperature; NET = new effective temperature; NWBT = natural wet bulb temperature; NWCI = new wind chill index; WCTI = wind
chill temperature index.
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between 45 and 50 °C. ESI, NET, and NWBT are projected to reach their peak values within the interval
between 20 and 30 °C and there will be a decreasing trend toward the higher‐temperature intervals.
Except under RCP8.5 for the 2080s, the curves have their peaks over the interval of [20, 25 °C]. With an
increase in the radiative forcing, peaks shift from [20, 25 °C] to [25, 30 °C] at the end of the 21st century.
These indices reveal that the future summer season is expected to experience even lower human‐
perceived temperature than air temperature. Great attention should be paid to Humidex that is expected
to lead to the largest increase in the frequency of the highest HPETs. For instance, the percentage of the
highest HPETs [45 to 50 °C] is projected to increase from 0% to 6.8% under RCP4.5 for the 2050s, 12.3%
under RCP4.5 for the 2080s, 8.7% under RCP8.5 for the 2050s, and 16.4% under RCP8.5 for the 2080s.

Due to the high‐impact characterizes of these extremes, the use of simple indices, such as heat index,
humidex, and wet bulb global temperature to quantify the combined effect of air temperature and relative
humidity, which are considered as “well‐established” risk factors for human health, could lead to biased
conclusions. Because solar radiation and wind chill effects can potentially aggerate or offset the thermal
stress perceived by human beings. For instance, strong solar radiation can aggregate the outdoor heat stress
on hot days by increasing human body temperature through radiative heat transfer. Strong wind, on the
other hand, can offset the heat stress by increasing the rate of perspiration and therefore increasing the loss
of latent heat from the human body to its surrounding environment. Plus, the scientific community has
proposed over 160 human thermal climate indices to provide a precise quantification of the thermal envir-
onment over past 100 years (de Freitas & Grigorieva, 2015; de Freitas & Grigorieva, 2017). Owing to the large
number of thermal indices, considerable uncertainty resides in measuring the exact thermal environment
because of parameter simplification and different combinations of variables. Thus, it inevitably posts a
challenge that could hamper a global assessment of the risk of climatic environment around human body.
The uncertainty could lead to an exaggeration or understatement for the exact magnitude of changes in
the critical thermal environment.

5.5. Quantification of Uncertainties on Projected HPETs

Table 1 shows the projected ranges of HPETs that arise from uncertainties in emission scenarios and in
thermal comfort indices. It compares the statistical ranges (maximum minus minimum values of the

Figure 12. (a–d) Histograms of the frequency distribution of the daily perceived high‐temperatures extremes with consideration of the combined effects of climatic
variables. ESI = environmental stress index; NET = new effective temperature; NWBT = natural wet bulb temperature; SSI = summer simmer index.
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perceived temperature distribution) of HPETs due to thermal indices uncertainty (calculated from the
largest range in perceived temperature from all the thermal indices investigated), to emissions uncertainty
(minimum to maximum values that constitute the range in perceived temperature under two RCPs for
one RCM without applying any indices). The HPETs projected under the uncertainty in thermal comfort
indices appear to be much larger than those derived under the uncertainty in emission scenarios for every
subregion. This is because the projected HPETs takes into account the combined effects of multiple
climatic variables. In terms of the resulting differences in projected HPETs due to uncertainties for
subregions, Tibet appears to have the largest differences in the projected winter HPETs that arise from
uncertainties for both future periods and NE has the smallest. In the context of climate warming, it could
lead to a weakened WNPSH and result in a weakened southerly wind and more anticyclone weather over
the high‐latitude areas of eastern China in winter. NE, the area with the high latitude, is largely affected
by the weakened WNPSH and expects less windy, drier, and relatively warm days in winter. Therefore,
the combined effects of wind speed, moisture, and air temperature (considered by multiple thermal indices)
would have limited influence in changes of HPETs over NE (He et al., 2018).

In summer, SE and YZ appear to have the largest ranges that arise from the uncertainty in thermal comfort
indices whereas Tibet has the smallest ranges. This is because the relative humidity plays an important role
in increasing the HPETs in the hot environment and the relatively high humidity over SE and YZ leads to the
large range in HPETs. The climate over SE and YZ is dominated by the WNPSH, which strongly influence
the moisture transported from subtropical oceans to land. The large variability residing in the WNPSH
results in the large uncertainty in the changes of HPETs over SE and YZ (Ding & Wang, 2005; Xiang &
Wang, 2013; He, Liu, et al., 2019; He, Zhou, & Li, 2019). From the 2050s to the 2080s, a noticeable increase
in the magnitude of emission uncertainty is detected due to the increases in the radiative forcing in both
winter and summer. Compared to emission uncertainty, the uncertainty in thermal comfort indices has
inconsistent trends in different seasons. In summer, there will be an increasing trend in the magnitude of
uncertainty from the 2050s to the 2080s. In winter, however, the uncertainty is expected to decrease for
the 2080s when both wind speed and air temperatures are projected to increase since the 2050s. The
increased wind speed can be offset to some extent by the increase in the air temperatures. Our findings reveal
that the combined effects of multiple climatic variables make a considerable contribution to uncertainties in

Table 1
Projected Ranges in HPETs Due to Indices Uncertainty and Emissions Uncertainty

DJF (unit: °C)

2050s 2080s

Range in impacts
due to emissions

uncertainty

Range in impacts due
to HPET indices

uncertainty

Range in impacts
due to emissions

uncertainty

Range in impacts due
to HPET indices

uncertainty

NW [1.3, 1.9] [9.6, 10.4] [2.6, 3.5] [8.8, 9.8]
CN [0.7, 0.9] [9.4, 9.7] [2.6, 2.8] [8.9, 9.1]
NE [0.9, 1.8] [6.8, 7.4] [2.3, 3.4] [6.4, 6.8]
Tibet [0.3, 0.7] [11.7, 11.8] [2.1, 3.3] [10.1, 10.8]
SW [0.4, 0.6] [9.0, 9.1] [1.8, 2.4] [8.7, 8.8]
SE [0.4, 0.7] [9.1, 9.1] [1.8, 2.5] [8.8, 8.9]
YZ [0.5, 0.8] [8.9, 9.0] [1.6, 2.3] [8.5, 8.8]

JJA (unit: °C)

2050s 2080s

Range in impacts
due to emissions

uncertainty

Range in impacts due
to HPET indices

uncertainty

Range in impacts
due to emissions

uncertainty

Range in impacts due
to HPET indices

uncertainty

NW [0.6, 0.9] [11.8, 12.2] [2.1, 3.6] [12.4, 13.5]
CN [0.6, 1.1] [9.8, 10.3] [2.0, 3.8] [10.7, 12.3]
NE [0.4, 0.7] [10.7, 10.9] [1.9, 3.8] [11.2, 12.4]
Tibet [0.5, 0.8] [7.7, 7.8] [1.8,3.8] [8.0, 8.3]
SW [0.5, 1.1] [10.2, 10.4] [1.7, 3.5] [10.6, 11.6]
SE [0.4, 0.8] [16.1, 16.4] [1.3, 3.0] [16.9, 18.1]
YZ [0.6, 1.1] [14.5, 15.0] [1.7, 4.1] [15.6, 18.0]

Note. December–February; JJA = June–August.
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the assessment of climate change impacts on human thermal comfort. In particular, the uncertainty in
thermal comfort indices has a much more significant impact on the changes in HPETs compared against
the uncertainty in emission scenarios.

6. Conclusions

In this paper, a new framework was proposed to assess climate change impacts on human‐perceived
temperature extremes as well as to address uncertainties in empirical indices used to derive the HPETs
and uncertainties associated with climate change projections over China. All previous assessments of cli-
mate change impacts on human thermal comfort were made with solely considering one kind of combined
effect. It will lead to biased conclusions on changes in HPETs based on a single human thermal index.
Therefore, we recommend a framework of multiple human thermal indices to be considered in a compre-
hensive assessment of health impacts on human body induced by climate change. In this study, we adopted
a framework of 10 indices to cover different combined effects of multiple climatic variables to describe the
thermal stress changes under climate change. Different combinations of temperature and other climatic
variables can lead to various trends of perceived temperature changes for both normal and extreme condi-
tions. By considering the combined effects of multiple climatic variables, China is projected with elevated
increases in the HPETs and in the frequencies of perceived high‐temperature extremes. It is also be projected
with decreases in the HPETs and increases in the frequency of perceived low‐temperature extremes. Our
study also highlights a finding that have broader implications: applying high‐resolution simulations (with
better resolved physical processes) to assess climate change impacts on human‐perceived temperature and
related extremes can also eliminate the artificial high or low value centers in HPETs. In addition, our
findings reveal that the combined effects of multiple climatic variables can result in large uncertainty rang
of the projected HPETs. It is necessary to take into account both a framework of multiple thermal indices
and high‐resolution simulations to robustly assess climate change impacts on human‐perceived temperature
and related extremes.

The uncertainty range derived from human thermal indices was compared with the range generated from
different emission scenarios (two RCPs). Our findings indicate that the resulting ranges from uncertainties
in both empirical indices and emission scenarios vary significantly for each subregion according to variabil-
ities of different climatic variables. In comparison, the range of projected HPET due to uncertainty in esti-
mated indices is greater than the uncertainty range derived from different emission scenarios for each
subregion. This reveals that the uncertainty range in projected HPETs is more sensitive to the selection of
human thermal indices for the entire country. Therefore, a comprehensive assessment that explicitly
addresses uncertainties in the HPET is necessary to improve the robustness and reliability of assessing cli-
mate change impacts on human‐perceived temperature extremes.

The first attempt has been made in this study to assess climate change impacts on human‐perceived tem-
perature extremes and potential uncertainties. Nevertheless, climate model uncertainty is another important
source of uncertainty involved in climate change impact studies, which should be addressed in future
studies. Thus, multiple emission scenarios, thermal indices and GCMs will be employed to explore contribu-
tions of different sources of uncertainty to the resulting ranges of projected HPETs.

Appendix A: WCTI
TheWCTI can provide a useful and accurate formula to calculate the risks residing in freezing temperatures
compounded by winter wind. The WCTI calculated wind speeds at a height of 1.52 m (average height of a
human face) from readings of an anemometer at 10 m (the national standard height of the anemometer).
The transformation is based on the latest heat transfer theory, which uses a standard factor for skin tissue
under a no sunlight scenario. The WCTI does not consider the impact of solar radiation and pedestrian
characteristics. This standard can evaluate the combined effect with possible overestimations for the cooling
power for naked surfaces and underestimations for the clothed ones. But the accuracy of the new formula
has been verified by clinical trials (Osczevski & Bluestein, 2005). The results of those trials have also been
used to improve the index's formulation. To this end, implementation of the standardized WCTI provides
an accurate and consistent measure to help the public protect itself against the dangers of hypothermia
and frostbite. The index is expressed as follows:
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WCTI ¼ 13:12þ 0:6125×T−11:37×Wnd0:16 þ 0:3965Wnd0:16 (1)

whereWnd is the wind speed at 10 m of height (m/s) and T is the air temperature/dry bulb temperature (°C).

Appendix B: NWCI
The NWCI is defined by a mathematical model that calculates heat flow from the upwind side of a
head‐sized cylinder (insulated cans of water) moving at walking speed into the wind (Falconer, 1968).
Numerous experiments were conducted to establish the length of time required for a measured quantity
of water giving off its latent heat of fusion to freeze. Through comparisons between these cooling rates, a
wind chill scale for lower limits of physical endurance is determined by establishing the length of elapsed
time before exposed portions of the body turned white or actually froze at various wind velocities and
subfreezing temperatures. The equation has been resourced from Lenntech (2014). The formula of NWCI
is expressed as follows:

NWCI ¼ 33þ T−33ð Þ× 0:474þ 0:454
ffiffiffiffiffiffiffiffiffiffi
Wnd

p
−0:0454×Wnd

� �
(2)

whereWnd is the wind speed at 10 m of height (m/s) and T is the air temperature/dry bulb temperature (°C).

Appendix C: AT
The AT was first developed to measure thermal sensation of human beings by including the relative
humidity and the air temperature in the 1970s. It was then modified in the early 1980s to taken into account
the effect of wind (Steadman, 1984). The AT calculates the wind chill effect by assuming that the adult is
appropriately dressed in outdoor conditions. At relatively high humidity reference level, the wind chill effect
can be amplified if clothing were to get saturated. Thus, even mild temperatures can cause frostbite and
hypothermia to human body under wet and windy conditions. The expression of AT is as below:

AT ¼ 1:04×T þ 2× 6:105×
RH
100

×e
17:27×T
237:7þT

� �
−0:65×Wnd−2:7 (3)

where Wnd is the wind speed at 10 m of height (m/s), RH is the relative humidity (%), and T is the air
temperature/dry bulb temperature (°C).

Appendix D: NET
The effective temperature was first proposed by Houghton and Yaglo (1923) as a measure of the HPET after a
number of laboratory experiments. Missenard further formulated a mathematical model to evaluate the
effective temperature index (Missenard, 1933). Eventually, Gregorczuk and Cena introduced the wind chill
effect into the index and named it the NET (Blazejczyk et al., 2012; Gregorczuk & Cena, 1967). The NET
exhibits as a function for reflecting the combined effect of air temperature, relative humidity, and wind
speed. The formula is expressed as follows:

NET ¼ 37−
37−T

0:68−0:14× RH
100 þ 1

1:76þ1:4×Wnd0:75
−0:29×T× 1−

RH
100

� �
(4)

whereWnd is the wind speed at 1.2 m of height (m/s) converted from 10 m, RH is the relative humidity (%),
and T is the air temperature (°C).

Appendix E: NWBT
The NWBT is developed to quantify the heat exchange between a person and the surrounding environment
by including air temperature, relative humidity, wind speed, and solar radiation (Maloney & Forbes, 2011).
Compared to the aforementioned four indices, the NWBT considers both convective and radiative heat
transfer ways. The formula is expressed as follow:
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NWBT ¼ 0:85×T þ 0:17×RH−0:61×Wnd0:5 þ 0:0016×SR−11:62 (5)

where Wnd is the wind speed at 10 m of height (m/s), RH is the relative humidity (%), SR is the net solar
radiation (W/m2), and T is the air temperature (°C).

Appendix F: Humidex
The Humidex is created to encompass and quantify the risk of physical distress to the human body in the
event of heat and excessive moisture (Masterson & Richardson, 1979). The combined effects of the tempera-
ture and relative humidity exceeding the normal temperature of the body (37 °C) make this thermal discom-
fort becomes dangerous for the human body. As shown in the formula below, the Humidex calculating the
physical distress is based on the air temperature, relative humidity, and dew point temperature.

Humidex ¼ T þ 0:5555× 6:11×e
5417:7530× 1

273:16−
1

273:15−Tdew

� �
−10

 !
(6‐1)

Tdew ¼
B× ln RH

100

� �þ A×T
BþT

h i
A− ln RH

100

� �
− A×T

BþT

(6‐2)

A ¼ 17:625 (6‐3)

B ¼ 243:04 (6‐4)

where RH is the relative humidity (%), Tdew is the dew point temperature (°C), and T is the air tempera-
ture (°C).

Appendix G: SSI
A SSI is design to measure heat stress and discomfort by considering the combined effect of air temperature
and relative humidity. The index uses results of proven physiological experiments that have been done at
Kansas State University (McLaughlin & Shulman, 1977). With the SSI, a readily identifiable warning can
be given to the public for the physiological risks of insolation or excessive heat.

SSI ¼ 1:98× T þ 17:78−0:55× 1−
RH
100

� �
× T−14:44ð Þ

� �
−49:35 (7)

where RH is the relative humidity (%) and T is the air temperature (°C).

Appendix H: ESI
The ESI is introduced to assess environmental heat stress with consideration of air temperature, relative
humidity, and solar radiation (Moran et al., 2003). The ESI has the advantage in computationally inexperi-
ence to reach equilibrium because the three meteorological variables are characterized as fast reading
responses.

ESI ¼ 0:63×T−3×
RH
100

þ 0:002×SRþ 0:0054×T×RH−
0:073

0:1þ SR
(8)

where RH is the relative humidity (%), SR is the net solar radiation (W/m2), and T is the air temperature (°C).
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