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Rapid urbanization and climate change are intensifying humid heat in cities,
making air conditioning (AC) increasingly essential for both cooling and

dehumidification. However, the evolving and spatially varied contribution
of humidity to urban AC energy demand remains poorly understood, posing
risks to climate-sensitive urban energy planning and building thermal
design. Here, by coupling an updated urban building energy model with
aglobal Earth system model, we project that urban dehumidification

energy demand will rise by 47% globally under a high-emission scenario. Its
contribution to total urban AC demand diverges markedly across regions
owing to interacting changes in temperature and humidity that reshape city-
specific building thermal design conditions. We further show that humidity
amplifies the temperature sensitivity of urban AC demand across climate
zones, leading to AC energy demand two to three times higher on humid
days. These findings highlight the critical need to incorporate humidity
dynamicsinto urban energy and infrastructure planning, particularly in
rapidly urbanizing regions of the global south.

Humid heat is agrowing concernin cities around the world'~. To main-
tain indoor comfort and health, air conditioning (AC) has become
increasingly important as an active adaptation strategy, providing
both cooling (temperature reduction) and dehumidification®. Urban
AC energy demand is thus projected to increase substantially under
climate change and socioeconomic development’ . This challenges
cities’ electricity infrastructure to be prepared for the growing demand
and new buildings to be designed for a changing climate'®". Such chal-
lenges are amplified for cities in the global south, as the majority are
located inhot and humid climates and projected to experience substan-
tialeconomic growth and rapid urbanization. This will necessitate the

designand construction of urban buildings and energy infrastructures
that can withstand the intensifying humid heat'',

Humidity’s contribution to building energy demand has beenrec-
ognized, especially in wet climates” % However, its relative importance
isstillan open question. Substantial uncertainty and discrepancy exist
in the current literature: local-scale studies report energy demand
differences ranging from a few percent to more than 96% in different
moisture conditions'? (Extended Data Table 1), due to differencesin
study location, scope, methods, data and building type. This almost
precludes drawing a consensus or conducting comparative analyses.
Furthermore, the humidity effects will probably be altered or amplified
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inthe future, as climate change not only increases air temperature but
alsospecifichumidity”. Thisis because (1) increase in air temperature
promotes evaporation of water from the surface, and (2) a warmer
atmosphere has the capacity to hold more water vapor®**, so the extra
water being evaporated can remain water vapor in the air. Heteroge-
neous surface warming and water availability lead to locally varied
changesintemperature and humidity: while some cities with sufficient
water availability may become warmer and more humid, other more
water-limited cities may become warmer and drier”. These diverging
changes will drive disparate AC energy demand responses that are
crucialtounderstand over large spatiotemporal scales for the climate
preparedness of our energy infrastructure and built environment.

Despite its critical importance, the evolving, spatially var-
ied humidity effect remains largely excluded in large-scale energy
demand projections used for long-term energy planning, which are
predominantly made based on extrapolations from historical data.
Thisis problematic for two reasons. First, the models for these projec-
tions often describe only the temperature dependency of energy use,
withoutaccounting for the humidity effect. They tend to use dry-bulb
temperature’’ or other purely temperature-dependent metrics,
such as heating and cooling degree days**°? as the only climatic
predictors. Although the humidity effect is implicitly captured in
the energy-temperature relationship, the heterogeneous changes
in temperature and humidity induced by climate change means the
humidity effectin such a relationship will evolvein the future, invalidat-
ing extrapolations. Second, these projectionsignore the positive bio-
physical feedbacks between AC energy use and urban climate’, where
anincreasein ACenergy use will raise outdoor urban temperature and
cause anadditional increase to AC energy demand™® ¥, These city-scale
feedbacks will accelerate under climate change, further modifying
the energy—-climate relationships distilled from historical data’. As a
result, extrapolations, spatially or temporally, from current energy
and climate relationships will lead to erroneous future projections
that misrepresent the changing humidity or feedback dynamics. This
severely harms our ability to provide reliable and actionable projec-
tions for urban energy planning.

These challenges are likely to be exacerbated during extreme days
under climate change. Buildings and their systems are designed per
building codes, standards and regulations, which typically base their
requirements on past climate, with climate datarepresenting average
(Typical Meteorological Years*®) or extreme (design conditions)®
weather conditions of the past. As climate change makes extreme
events longer, more frequent and more intense”, buildings designed
for a historical climate will suffer from higher rates of undesirable
indoor conditions*® and increased likelihood for demand spikes that
aredetrimental to power grids'®*®, This poses risks for long-term energy
infrastructure planning as well as short-term load balancing under
intensifying urban humid heat. Thus, to systematically understand
humidity-driven demand changes under climate change and future
extremes in global cities, we need to dynamically simulate urban cli-
mate and building energy interactions with physics-based modeling
inaglobally coherent manner.

To this end, we develop a new physics-based parameterization
schemein this study to modelindoor humidity and dehumidification
energy demand in the urbanbuilding energy model (BEM) of the Com-
munity Earth System Model (CESM). The scheme adopts a setpoint
approach and simulates both the sensible (for cooling) and latent (for
dehumidification) AC energy demand required to maintain indoor
comfortand health (Methods). The use of CESM and the updated urban
BEM allows us to model cities’ humidity-driven demand changes under
climate change and future extremes in a globally coherent manner
(Supplementary Note 1). We validate the scheme both on its ability
to simulate total AC energy demand globally and on its performance
simulating therelative contribution of sensible and latent heat load at
the local scale (Methods). We conduct a global land-only simulation

driven by atmospheric forcings fromafully-coupled simulation under
a high-emission scenario, keeping socioeconomic factors such as AC
adoption rate* and urban extent at the present-day level to isolate
climate change effects (Methods). Daily average values of urban air
temperature (7,), relative humidity (RH), specific humidity (g) and
sensible and latent heat load fluxes of urban AC energy demand (Q,)
for the first decade (2015-2024) and the last decade (2090-2099) of
the simulation period are analyzed.

Increasing and diverging role of latent heatload
under climate change

Globally, average urban dehumidification energy flux, represented by
latent heat load flux, contributes 0.15 W m™ to total urban AC energy
flux between 2015 and 2024 insummer (Fig. 1a). Thisis 16% of the global
average urban cooling energy (sensible heat load) flux, at 0.95W m™,
Cities with high latent heat load fluxes are concentrated near warm
and humid coastal regions with high AC adoptionrates (Extended Data
Fig.1), such as along the East coast of the contiguous USA, Eastern
China, Japan and Thailand (see Supplementary Note 2 for a detailed
analysis using Japanese cities as an illustrative example). By the end
of the century, global average urban dehumidification energy flux
increases by 47% to 0.22 W m™ (Fig. 1b) under the high-emission sce-
nario. This is a slightly larger increase in percentage compared with
that of the sensible heat load flux, whichincreases by 44%t01.69 W m2,
All current hotspot regions experience anincreasein latent heat load
flux by 0.2-1W m™(Fig.1c). In addition, new hotspot regions emerge,
suchaseasternSouth Americaand western Indian Peninsula (Fig. 1b),
despite their low present-day AC adoption rate (16% for Brazil and 5%
for India, Extended Data Fig. 1), signifying strong urban humidification
under climate change in these regions. This is consistent with urban
humid heat projections in the literature?, and alludes to the potential
impact of high humid heat on the energy systems.

Therelative contribution of latent heatload, represented by latent
heatload fraction (Methods), displays a vastly different spatial pattern
(Fig. 1d,e). Latent heat load fraction is calculated as latent heat load
divided by total AC energy demand (the sum of latent and sensible
heat load) and expressed in percentage form. It represents the rela-
tive importance of dehumidification in AC energy use. This metric is
independent of AC adoption rate (Methods) and therefore provides
insights thatare applicable under changing ACadoption levels. Global
average latent heat load fraction is 14% in 2015-2024 and decreases
slightly to 13% in 2090-2099. Dehumidification takes up a relatively
smallfraction (less than 8%) of total AC energy demand in mid-to-high
latitude regionsin the Northern Hemisphere (30-90° N) where most of
the developed nations reside. However, dehumidification dominates
AC energy demand (latent heat load fraction up to 94%) for hot and
humid urban areas located between 30° N and 30° S where develop-
ing nations are concentrated, such as Southeast Asia and equatorial
regions of South America and Africa (Fig. 1d,e). These results are in
broad agreement with the literature on humidity’s effect on build-
ing energy'*2* These hotspot regions with dominant latent heat
load are also projected to experience strong urbanization**® and
rapid increase in AC adoption*’, making accurate energy projections
crucial for energy infrastructure planning. Summer AC demand may
beseverely underestimated in these regions if energy projections are
made using temperature-only metrics without accounting for the
humidity effect.

Furthermore, we observe aspatially diverging patternin changes
oflatent heatload fractionglobally (Fig. 1f). Under this climate realiza-
tion,36% of the global urban areais projected to experience adecrease
in latent heat load fraction, while 59% is projected to undergo an
increase. Cities in coastal South America, Nova Scotia, southern and
eastern Africa, western India and southwest China may experience an
increaseinlatent heatload fraction of up to 85%, whereas citiesin equa-
torial Africa, Southeast Asia, Central America and northeast China may
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Fig.1|Latent heatload increases under climate change but becomes spatially
divergentinits contribution to AC energy demand. a,b, Average summer latent
heat load flux (with respect to urban area) for the first decade (2015-2024; a)

and thelast decade (2090-2099; b) of the simulation period. ¢, The difference in
latent heat load flux between the last decade and the first decade. d,e, Average
summer latent heat load fraction (latent heat load as a fraction of total AC energy
demand, expressed in percentage) for the first decade (d) and the last decade (e).
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f, The differenceinlatent heat load fraction between the last decade and the

first decade. The numbers annotated to the left of the domainina-crepresent
the global area-weighted mean, and in d-fthe global arithmetic mean. In the
Northern Hemisphere, summer is assumed to be from June to August and winter
from December to February; seasons are assumed to be flipped for the Southern
Hemisphere. Basemap from Natural Earth (https://www.naturalearthdata.com/).

see up to41% decrease. Changesinlatent heatload fraction reflects the
competing effect of urban warming and urban (de)humidification*®*:
anincrease in latent heat load fraction means the city is humidify-
ing ‘faster’ than it is getting warmer, and a decrease means either the
city is warming ‘faster’ than it is becoming more humid, or the city is
becomingbothwarmer and drier. This diverging pattern of latent heat
load fraction highlights the challenge of making future energy projec-
tions from present-day energy use and temperature relationships: as
latent heat load fraction changes under climate change, so does the
AC energy-temperature relationship. Extrapolating based on the
currentlocal AC energy-temperature relationship into the future may
either overestimate (if latent heat load fraction decreases over time)
or underestimate (if latent heat load fraction increases) humidity-
driven AC energy demand depending on the competing effect of local
urbanwarming and humidification. This further illustrates the critical
importance of dynamically modeling the humidity effect in future
energy projections.

Temperature-humidity interplay shapes urban
building energy design space

As humidity’s effect on AC energy demand diverges among global cit-
ies, eachcity will face aunique shiftin the design conditions forindoor
thermal comfort, which we will refer to as their building energy design

space. Weillustrate the shifts and the mechanisms behind them using
six cities (seelocations in Extended DataFig.2) that fall on the spectrum
of changesin latent heat load fraction (Fig. 2a).

When latent heat load becomes more dominantinacity (Fig. 2b,c),
itisanindicationthatthecity is getting hotter and more humid under
climate change, but different mechanisms could be at play. The city’s
relative humidity may be increasing as well as its temperature, such as
in Sdo Paulo, Brazil (Fig. 2c). Alternatively, even when a city’s relative
humidity distribution does not change much, such as in Hubli, India
(Fig. 2b), its latent heat load fraction may still increase substantially.
Thisis because under Hubli’s present-day climate, most summer days
are humid but cool, so no AC use is required. In the future, climate
change will increase its summer temperatures to such an extent that
most humid days will be just hot enough to require AC use. These mildly
hot but highly humid summer days dominate Hubli’s cooling season,
requiring more energy for dehumidification than for cooling (latent
heatload fractions >90%), leading to asubstantial increasein the aver-
age latent heat load fraction. This is consistent with our observation
that moderately warm but highly humid days canincrease AC energy
demand by three times or more (see discussion in Fig. 4). It may soon
become necessary for Hubli to design new buildings and AC systems
with dehumidificationin mind to prepare for both climate change and
rapid urban expansion®.
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Fig. 2| Theinterplay of temperature and humidity changes determines shifts
in the building energy design space under future climates. a, The location of
the six cities on the spectrum of changes in latent heat load fraction between the
last decade (2090-2099) and the first decade (2015-2024), as presented in Fig. 1f.
b-g, The distribution of average daily latent heat load fraction across urban
2-mtemperature (7,) and RH for the six cities, Hubli (b), Sdo Paulo (c), Phoenix
(d), Miami (e), Yangon (f), and Sincelejo (g), for 2015-2024 (unfilled diamonds)
and2090-2099 (filled circles). The size of the marker represents the number

40 60 80 100
Latent heat load fraction (%)

of days, and the color represents the average daily latent heat load fraction
(bottom color bar) at the given T, and RH bins. The kernel density distributions
of T, (orange lines, top of panels) and RH (blue lines, right of panels) are also
presented for 2015-2024 (dotted lines) and 2090-2099 (solid lines). Theindoor
AC temperature setpoint (27 °C) and RH setpoint (65%) used in our model are
denoted by dashed gray lines in each panel. They serve as proxies for evaluating
the city’s climate in relation to their needs for cooling and dehumidification.

Cities with virtually no change in their latent heat load fractions
could be very dry (for example, Phoenix, USA; Fig. 2d) or very humid
(for example, Miami, USA; Fig. 2e). Dry cities that stay dry do not need
dehumidification now orin the future. For cities that are hot and humid
inthe present day, such as Miami, the majority of their cooling season
has temperatures well above the threshold for requiring AC use, so the
increase in temperature does not shift their latent heat load fraction
much under climate change.

Cities where sensible heat load becomes more dominant
(Fig. 2f,g) may experience essentially the reverse of the mechanisms as
those whose latent heat load becomes more dominant. Their relative
humidity may be decreasing (such as Sincelejo, Colombia; Fig. 2g).

Alternatively, the city’s relative humidity may remain unchanged, but
its temperatures are increasing and moving further away from the
threshold temperatures that trigger AC use (such as Yangon, Myanmar;
Fig. 2f), thus making sensible heat load more dominant.

These results demonstrate that neither temperature nor humid-
ity alone is sufficient for evaluating future shifts in building energy
design space. Both metrics as well as their interactions with building
energy use need to be takeninto account toinform possible changesin
future design. If run with alternative climate realizations (for example,
different warming scenarios, or with perturbed initial conditions),
our global physics-based dynamic model will allow us to identify cit-
ies where latent heat load will become increasingly important under
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Fig. 3 | High humidity leads to exponential growth in AC energy-temperature
(Q.-T,) sensitivity. a-c, Q.- T, sensitivity for Dubai (a), Sdo Paulo (b) and Yangon
(c), for summer days where Q. > 0.001 W m2in 2015-2024 (unfilled diamonds)
and in2090-2099 (filled circles). The Q.-T, sensitivity is calculated for each

day where the daily mean Q. > 0.001 W m™. It is calculated as the daily mean Q.

divided by the difference between the daily mean 7, and the minimum of the daily
mean T, on days that satisfy Q. > 0.001 W m~in each decade. The Q. threshold is
chosen for illustrative purposes only to prevent numerical instability caused by
small temperature differences. For clarity, 33% of points that satisfy the above
criteria are randomly selected from each decade for the plot.

uncertainties of climate change pathways and theinternal variabilities
of Earth systems. Targeted local studies can then be conducted to
generate future weather files for building energy simulations, inform
adoption of dehumidification technologies (for example, incorporat-
ing dehumidification control in cooling systems, providing portable
desiccant units and so on), or guide modifications to building codes
and design standards for future-proofbuildings and energy systems®.

Exponential increase in energy-temperature
sensitivity with humidity

On warm days, the sensitivity of AC energy demand to urban tem-
perature (Q.-T, sensitivity) increases exponentially with relative
humidity due to latent heat load, regardless of climate zones. We
illustrate this with three cities (see locations in Extended Data Fig. 2)
below, spread across arid, temperate and tropical climate zones
(Fig. 3a-c, respectively).

For cities with warm to hot summers, the Q.-T, sensitivity
increases exponentially on humid days (roughly days with RH of 70%
orabove) once dehumidification becomes necessary (Fig. 3), regardless
of climate zones. Under similar temperatures, the AC energy demand
could be two to seven times more sensitive to urban temperature on
a day with 80-90% humidity than on a day with <60% humidity. This
means that urban energy demand extremes driven by high tempera-
tures may be further exacerbated by high humidity, posing higher than
anticipated risks to energy infrastructure if only sensible heat load is
accounted for in demand forecasts. This is further compounded by
the fact that climate change (or warmer temperatures) increases Q--T,
sensitivity through the positive biophysical feedbacks®, where increase
in AC energy use produces more waste heat, raising urban tempera-
ture and further increasing AC energy demand. This can be observed
clearly for Dubai, where the Q.- T, sensitivity is 0.5t02 W m2 K higher
in 2090-2099 than in 2015-2024 for every humidity level (Fig. 3a).
This means that, for some cities, theimpact of humidity on AC energy
demand will be exacerbated by climate change, and latent heat load will
become increasingly moreimportant to account for in building design,
energy planning and climate risk assessments. Such considerations
need to extend beyond cities inmore humid climate zones and include
any cities that may experience hot and humid days.

We also observe a small number of cities where the relationship
between Q.- T, sensitivity and RH is not apparent (Extended Data
Fig. 3c) or negative (Extended Data Fig. 3a,b). However, this does not
mean latent heat load is decreasing with increasing humidity. There
are a few possible reasons for this: (1) the city has exclusive dry and
hot summer days (Extended Data Fig. 3a) and, thus, no dehumidifica-
tion is necessary; (2) the summer days are either hot and dry (do not

need dehumidification) or cool and wet (do not need much cooling)
(Extended Data Fig. 3b); and (3) the city has moderate temperature
and humidity in summer (Extended Data Fig. 3c¢) and rarely needs
cooling or dehumidification. It is worth noting that Dubai (Fig. 3a)
and Phoenix (Extended Data Fig. 3a) are both classified as having an
arid desert climate (Koppen-Geiger climate zone Bwh), and Sao Paulo
(Fig. 3b) and Bologna (Extended Data Fig. 3b) both have a temperate
climate with no dry season (K6ppen-Geiger climate zone Cfa). This
demonstrates that, although climate zone classifications can group
cities by their mean climatology, the nuanced differences in their
climate characteristics, their paths under climate change, and their
unique urban characteristics could shape the cities’ energy response
very differently (see Supplementary Note 3 for adetailed discussion).

Unanticipated humidity-driven ACdemand spikes
Humidity-driven AC demand increase will not only intensify energy
demand extremes on hot days, but also cause substantial increase in
demand onmildly hot but highly humid days. These demand spikes are
probably missed if the projected demand was based solely on tempera-
ture. Here, we compare average daily Q. on humid (daily mean RH>70%)
versus non-humid (daily mean RH <70%) days with similar temperatures
(falling within the same integer temperature bin). By comparing AC
energy demand on days with similar temperatures, we can ensure a
similar sensible heatload and therefore delineate the humidity effect.

In2015-2024 on mildly hot days (27-28 °C) (Fig. 4a), humid days
double Qc (relative difference >100%) for cities in Eastern China, South
America, parts of Midwest USA and southeast coast of Australia, and
morethantriple Q. (relative difference >200%) for citiesin equatorial
Africa, NorthIndiaand most of Southeast Asia, where latent heat load
onaverage accounts for more than half of AC energy demand (Fig. 1d).
The relative differences are reduced as temperature gets higher
(Fig. 4b,c). This is the result of a combination of an increased Q. on non-
humid days due to high sensible heatload and areduced Q. on humid
days due toreduced water content (as discussed later in this section).
Thearea affected also shrinks under higher temperatures as fewer cities
canreachbothhightemperature and high humidity simultaneously. By
the end of the century, the humidity-driven demand increase becomes
strongerinall three temperature bins (Fig.4d-f). Thisis because, under
climate change, the radiative heating of the surface and the atmosphere
by greenhouse gasforcingincreases the surface energy input, thereby
increasing both temperature and humidity*, as long as there is water
available for evapotranspiration. This leads to anincrease in the differ-
ence in excess water content (that is, amount of moisture that needs
toberemoved fromtheindoor air to satisfy the RH setpoint) between
humid and non-humid days for each corresponding temperature bin
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Fig.4|AC energy demand is two to three times higher on mildly hot but highly
humid days. a-f, Difference (diff.) in average Q. between humid days (RH >70%)
and non-humid days (RH <70%) relative to the average Q. on non-humid days,
for temperatures between 27 °Cand 28 °C (a,d), 30 °C and 31 °C (b,e) and 33 °C
and 34 °C (c,f), in 2015-2024 (a-c) and 2090-2099 (d-f). The numbersin the
subpanels represent the global area-weighted mean differences in average Q
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between humid days and non-humid days. Note that the temperature bins and
humidity thresholds selected are informed by the temperature and humidity
setpointsin our model simulation. They are used toillustrate the trends and
enable comparisons between cases. The conclusions drawn will still be applicable
to different sets of setpoints and thresholds. Basemap in a-ffrom Natural Earth
(https://www.naturalearthdata.com/).

in the last decade compared with the first decade (Extended Data
Fig.4aversus Extended DataFig. 4b) and, thus, anincreased difference
in AC energy required to remove this water. The increased surface
energy input also enables more cities to achieve high humidity and high
temperature simultaneously, leading to an expansion in the affected
areawithin the same temperature bins.

Two competing factors influence the magnitude of global mean
Q. differences between humid and non-humid days (numbers anno-
tatedin each subpanel of Fig. 4). (1) Higher energy requirement. When
outdoor relative humidity stays the same, more energy is required for
dehumidification on hotter days. This is because both the excess water
to be removed and the heat capacity of humid air increase with tem-
perature. Asaresult, more energy is needed to condense the additional
water and cool the higher-heat-capacity air at elevated temperatures.
(2) Reduced excess water content. As temperature increases, fewer days
canreach as high of ahumidity (both absolute andrelative) asin lower
temperature days, whichreduces the difference in excess water content
between humid and non-humid days. This is because the partitioning
ofthe surface energy budget into sensible and latent heat fluxes shifts

toward sensible heat under higher-temperature days in urban areas.
Waterisusually limited in cities owing to the large fraction ofimpervi-
ous surfaces and cannot support sufficient evapotranspiration toraise
humidity on hotter days™. As a result, the higher-temperature humid
daystend to have smaller amounts of excess water in the air than lower-
temperature humid days (Extended DataFig.4a,b; compare the three
distributions within each subpanel) and therefore require less energy to
remove this water. These factors counteract each other, leading to the
observed trendsinglobal mean Q. differences with respect to tempera-
ture (see the annotated numbers in Fig. 4 and Extended Data Fig. 4c):
In 2015-2024, global mean Q. is higher by 0.26, 0.14 and 0.06 W m™
on humid days than on non-humid days in 27-28 °C, 30-31°C and
33-34°C bins, respectively (Fig. 4a—c). The effect of reduced excess
water content dominates over the higher energy requirement, form-
ing a decreasing trend of global mean Q. differences as temperature
increases.In2090-2099, the global mean Q. differencesincrease from
0.28 Wm™to 0.37 W m~2 going from 27 °C to 31°C, then decrease to
0.18 W m2in the 33-34 °C bin. The higher surface energy availability
under climate change may mobilize water vapor transport from the
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oceans through enhanced atmospheric circulation®, delaying the
reductionin excess water content to higher temperatures. This allows
the effect of higher energy requirement to dominate between27 °Cand
31°C, thusincreasing global mean Q. differences, before the reduction
in excess water content takes hold and reduces global mean Q. differ-
ences from 31 °C onward (Extended Data Fig. 4c).

These results show that moderately hot days may see the largest
humidity-drivenincrease in urban AC energy demand, and this effect
is further worsened by climate change. This finding is consistent with
regional studies on the humidity effect on electricity demand®. This
suggests that the AC energy demand extremes may not always coin-
cide with temperature extremes™®. This challenges current practices
in energy and climate risks studies that draw energy implications
from analyzing climate variables only***, or studying energy demand
extremes using energy or statistical models driven by climate extremes
only'®***¢, Building energy simulations based on the Extreme Mete-
orological Years where only temperature extremes are identified*’
may therefore miss demand spikes due to high humidity and lead
to more frequent undesirable indoor conditions than planned. This
further confirms the necessity of explicitly and dynamically modeling
energy-climate interactions*-** to capture the energy extremes that
donot coincide with climate extremes

Discussion and conclusion

Inthis study, we find urban building dehumidification energy increases
globally under climate change, but its contribution to total urban AC
energy demand (quantified by latent heat load fraction) becomes spa-
tially divergent, which can alter cities’ building energy design con-
ditions substantially. These diverging shifts occur as aresult of the
interplay between urban temperature and humidity changes under
climate change. High humidity drives exponential growthin AC energy-
temperature sensitivity on hot and humid days for cities across diverse
climate zones. Under competing factors, cities may see unanticipated
demand spikes on mildly hot but highly humid days, and this effect
is further amplified by climate change. These results highlight the
importance of capturing the evolving and spatially diverging humid-
ity effect on building energy for climate-sensitive building design and
urban energy planning.

This study represents continued efforts in overcoming the discon-
nectbetween climate and energy modeling communities®® by improv-
ing the representation of coupled human-urban-Earth dynamics in
global Earth system models (ESMs). The results of this study can guide
efforts in generating future weather files for building energy simula-
tions, and help identify demand extremes driven by both temperature
and humidity for electric grid resilience. Building dehumidification
extends the urban climate-energy feedbacks into the water cycle and
may dynamically interact with urban vegetation®® and green infra-
structure. Such interactions could influence urban water vapor-tem-
perature feedback, which may play a major role in determining urban
weather extremes such as humid heat and extreme precipitation. The
latent heat load and dehumidification modeling scheme developed
inthis study adds to the capability of CESM in comprehensive climate
risk assessments for both human and natural systems onaglobal scale,
and providing physics-based, globally coherent results to guide local
investigations and knowledge transfer in climate-aware building design
and energy planning.

Afew potential pathways may be explored to further evaluate the
climate-driven humidity effect on building energy in cities. This study
isolates climate change effects by keeping nonclimatic factors at the
present-day level. These factors could strongly influence future AC
energy demand®’: expected increase in AC adoption rate and popula-
tion, especially in the global south, will further drive future AC energy
demand by increasing both the sensible and latent heat load, while
AC efficiency improvements from technology development may
mitigate the increase in energy consumption due to AC. In addition

to influencing the total AC energy demand/consumption, some non-
climatic factors may sway the sensible vs latent heat load dynamics:
urbanization (increase in urban impervious areas) tends to increase
urban temperature but lower humidity®, thereby decreasing latent heat
load fractions, whereas urban greening may compensate for or revert
this effect; improvements in building insulation, human acclimata-
tion and behavioral adaptation (reflected in higher AC temperature
setpoints) will primarily reduce sensible heat load, thus increasing
latent heat load fraction. The modeling scheme also assumes that
dehumidification is done by vapor compression systems as it is the
most common dehumidification technology in use for residential and
commercial buildings today®*®. Alternative dehumidification tech-
nologies (suchassolid or liquid desiccant systems) will have different
energy requirements but will be similarly affected by the increasing
demand for dehumidification under climate change. These dynamics
can be modeled by supplying the associated socio-techno-economic
projections tothe current modeling scheme. Indoor moisture sources,
such as cooking and showering, can be modeled or parameterized by
integrating global data on occupants’ behavior once available. These
factorsareless climate-sensitive but will help provide amore complete
picture of humidity-driven building energy demand changes. In addi-
tion, future projections of the water cycle are often more uncertain
thantemperature projections®°. Itis thus worth exploring the results
of this study under uncertainty from multiple climate realizations
(modeled by multiple ESMs) and with multiple coupled simulations
(multimember ensembles) for amore robust understanding of climate-
driven humidity effects on building energy demand.

Methods

Overview of CLMU BEM and AC energy flux modeling

The model development in this study is based on the most recent
version of Community Land Model Urban (CLMU)® (referred to here-
inafter as CLMUS) with two important updates, namely the explicit AC
adoption rate parameterization® and a new global continuous urban
surface dataset®’. We provide an overview on CLMUS, the new urban
surface dataset and the integrated BEM and AC energy flux modeling
below for the context of later sections.

The CLMU5is asingle-layer urban canopy model coupled with the
Community Terrestrial System Model (CTSM), the land component of
CESM. The CTSM uses a nested subgrid hierarchy in each grid cell to
represent different land uses, and each grid cell can have up to seven
land units including up to three urban land units as well as vegetated,
crop, glacier and lake land units. The CLMUS serves as the urban land
parameterization for the urbanland units. Withinanurbanland unit, a
roof, walls (sunlitand shaded) and canyon floor surfaces (pervious and
impervious) are organized in an urban canyon configuration.

The CLMUS is constrained by a global surface properties dataset
whichincludes morphological (for example, canyon height-to-street
widthratio, roof fraction, average building height and pervious canyon
floor fraction), radiative (for example, facet-level albedo and emissiv-
ity) and thermal (for example, heat capacity and thermal conductivity)
urban surface properties. In this study, we choose to use U-Surf, the
newly developed global1km spatially continuous urban surface prop-
erty dataset for ESMs®*, aggregated to our desired resolution (0.9375°
latitude x 1.25° longitude). U-Surf has been shown to reduce model
biases and better capture the spatial heterogeneity of the urban surface
than the default dataset (described in refs. 61,63) even after aggrega-
tion®’. Moreover, the U-Surf dataset helps to reduce overestimationin
simulated anthropogenic heat due to heatingand AC from the default
dataset (Supplementary Table 1) and is therefore chosen for this study.

The BEMin CLMU is asimplified dynamic model that can operate
globally with sufficient accuracy and within the constraints of available
global urban data. For each grid cell that has anurban area, an ‘average
building’is simulated to represent buildingsin that area, with specified
geometric, radiative and thermal properties based on the global urban
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surface dataset (U-Surfin this study). Processes that are accounted for
in the BEM include heat conduction through building surfaces (roof,
sunlitand shaded walls, and floor), convection (sensible heat exchange)
betweeninterior surfaces andindoor air, longwave radiation exchange
between interior surfaces, and infiltration and exfiltration (at a fixed
rate) (Extended Data Fig. 5a). The urban cooling and heating energy
demand and urban climate variables are prognosed in each urban
land unit based on the heat exchange processes between the ‘average
building’and its surroundings at a time step of 30 min.

Building AC energy demand canbe directly output from the BEM.
Itis calculated as theamount of energy flux required to be removed to
bring the interior building temperature down to the cooling setpoint
temperature. The BEM assumes a single thermal zone and infinite-
capacity heating and AC systems. The simulated results can thus be
interpreted as ‘cooling load/AC energy demand’, that is, the amount
of energy needed to keep the indoor conditions within the specified
limits at the time step of the model. Note that the infinite-capacity
assumptionis not expected to substantially affect the simulation per-
formance of the model at the timescale relevant to this study (see Sup-
plementary Note 4 for more information). With the newly developed
explicitACadoptionscheme®, the AC energy demand is proportional
tothe ACadoptionrate of agivenlocation (Extended DataFig. 5a). This
developmentimproves the anthropogenic heat modeling performance
and better represents the socioeconomic dimension of urban energy
demand. Themodel developmentin this study is based on the explicit
AC adoptionscheme. We note a potential overestimationin AC energy
demand associated with this formulationin Supplementary Note 4 but
donotbelieveitsubstantiallyimpacts the model results for this work.

A new scheme for modeling latent heat load and
dehumidification
Highindoor humidity can promote the growth or survivability of harm-
ful microorganisms®**° and may lead to indoor discomfort®®. The rec-
ommended upper limit forindoor humidity is usually based onrelative
humidity and falls between 60% and 70% (refs. 64,67,68).

Dehumidificationis a byproduct of AC cooling, regardless of the
complexity of the AC equipment or system. During the cooling pro-
cess, if the air is cooled to below its dew point temperature, water will
condense on the evaporator coil, which effectively dehumidifies the
air®. Some (more complex) AC systems are required to have dedicated
humidity control (such as for offices, hospitals or schools), where
humidity is maintained under the threshold with an additional desic-
cant system or by overcooling the supply air to desired humidity then
reheating it®.

In the original BEM in CLMU®, indoor air is assumed to be com-
pletely dry. This means the energy flux due to infiltration/exfiltration
(Fyent') considers only sensible heat exchanges:

ACH
Fventt = (m) dery[Cp,dry (Tcanyont - iBt) > (1)

where ACH represents the infiltration ratein the unit of air change per
hour, withadefaultvalue of 0.3 (which means 0.3 times the volume of
indoor air is replaced with outdoor air every hour) everywhere, His
building height (m), pg,’is dry air density (kg m™) calculated at local
atmospheric pressure and indoor air temperature 75’ (K) at timestep ¢,
C,ary=1.00464 x 10*is the specific heat of dry air (J kg™ K™) and T,,y0n°
isthe urban canopy layer air temperature (K) at ¢.

The model then solves for T;;*! and the four indoor surface
(roof, sunlit wall, shaded wall and floor) temperatures through the
energy balance equations for the indoor air and the four indoor sur-
faces. The heat transfer processes considered in the energy balances
includeinfiltration/exfiltration calculated in equation (1), conduction
through the roof and two walls (the floor is assumed to be adiabatic),
convectionbetween theindoor surfaces andindoor air,and longwave

radiation between the indoor surfaces. Readers are referred to ref. 61
for more details.

Duetothedry-airassumption, dehumidificationload calculation
isnot possibleinthe original BEM. The AC energy demand in the origi-
nal BEM thus only considers the energy needed to cool (that s, reduce
indoor temperature). When the indoor temperature at t+1 exceeds the
temperature setpoint Ty, . (thatis, Tip™ > T, . ‘sat’ denotes satu-
rated/100% AC adoption™), the AC energy demand under saturated
AC adoption, F, ™", is calculated as the excessive sensible heat to
be removed by the infinite-capacity air conditioner in one time step:

Hpary' Cp.ary t+1
o (7,

t+1 .
+1 _ At - Tsat,max>’ TiB > Tsat,max’

2

t-
Fsat,AC
0, otherwise.

The actual AC flux being removed from the indoor air, F,."*, is
scaled based onthe AC adoptionrate, p,c (more details in ref. 31):

t+1

1
Fac™ = PacF sat,ACt+ . 3

Theindoor air temperature is then reset as follows:

70 (A=pac)Fsacac™ At
iB == 3 -

. t+1
+ Tsat,max» |f Fsat,AC > 0. (4)
HparyCp,dry

In this study, operating under the constraints of a global climate
model and the limited availability of global building systems and
operations data (especially a lack of global data on dehumidification
systems), we parameterize dehumidification energy demand (latent
heat load) similarly to cooling energy demand (sensible heat load)
using a setpoint approach (Extended Data Fig. 5b). This approach is
also adopted by the BEMs in regional climate models®’. We set an RH
setpoint of 65% globally, following the recommendation of ASHRAE
standards®®®, No humidification is considered. When AC use is trig-
gered by temperature (thatis,indoor dry-bulb air temperature exceeds
the temperature setpoint; more details below), the model computes the
energy required to remove the excess moisture (if any) by condensation
asthelatent heatload. As not all AC systems have dedicated humidity
control, especially for residential applications, indoor humidity can
often exceed 65% even with ACin operation. The AC energy flux out-
putsinour modeling scheme thus should be considered asthe energy
required to maintain a healthy and comfortableindoor environment,
and should not be thought of as the actual energy consumption for
cooling or dehumidification, as the final energy consumption will
depend onthetype, design, availability of humidity control, and actual
operations of the AC systems.

Latent heat load within the buildings comes from both outdoor
and indoor sources: (a) outdoor latent heat being transported inside
throughventilation or naturalinfiltration/exfiltration, and (b) indoor
latent heat generated by human respiration and indoor activities (for
example, cooking and showering)®®”". The parameterization in this
study considers only the outdoor sources, as it is directly affected by
the urban climate and the most sensitive to climate change.

Under the new modeling scheme, the energy flux due to infiltra-
tion/exfiltration into the building (F,..,") now consists of latent and
sensible heat fluxes:

Fventt = Fvent,sent + Fvent,latt
ACH

= (m) thumidtcp,humidt (Tcanyon[ - iB[) (5)

ACH
+ (m) thumidtlu (qcanyont - qut) s

where py,mi' is the humid air density (kg m™) calculated at local atmos-
pheric pressure, indoor air temperature T;3* (K), and indoor specific
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humidity g;* (kg kg™) at ¢, C, pymid’ is the specific heat of humid air
(J kg™ K™ (calculated from C, 4,, the specific heat of water vapor at
1.810 x10*J kg ' K™, and g;3") at ¢, [,=2.501 x 10° is the latent heat of
vaporization of water (Jkg™), and gc,n0," is the urban canopy layer
specific humidity (kg kg™) at ¢.

The sensible heat flux frominfiltration affectsindoor air tempera-
turethrough the energy balance of indoor air and four interior surfaces
asdescribed above andinref. 61. The moisture from infiltration affects
the indoor specific humidity through mixing (assuming well mixed
indoor air at each time step):

i LU\

3,600 )

ACH
gptt = Geanyon’ (mm> + g’ (1 -

ACH t),
where tand t+1denote two subsequent time steps, and At is the length
of atimestep (s).

We use indoor air temperature as the sole determinant for trigger-
ing AC energy use. This means AC energy flux will only be calculated
ifindoor air temperature goes over the temperature setpoint, but will
notbe calculated if only indoor humidity is over the humidity setpoint.
Thisassumptionis reasonable because the majority of AC controls are
by temperature only, and the humidity dependence of AC energy use
is evident only after urban temperature is high enough to trigger AC
energy use’’.

Whentheindoor temperature exceeds the temperature setpoint
T max (thatis, Tig™> T, o), the sensible heat load, Fy ac cen” ™ is calcu-
lated in the same way as in the original scheme in equation (2):

thumid[Cp,humidt t+1 t+1 .
t+1 At (TIB - Tsat,max) ’ TiB > Tsat,max’
Fsat,AC,sen = (7)

0, otherwise.

To evaluate whether dehumidificationis needed, we first convert
the RH setpoint to a specific humidity setpoint, g, m.'", based on
indoor air temperature and air pressure at t+1, using a built-in function
that approximates saturation vapor pressure using a polynomial fit”.
After that, the model evaluates indoor humidity, g;;"", against G, max ™
If@is™" > @oaemax - then the latent heat load is calculated as the excessive
latent heat to be removed:

t+1
F, sat,AC,lat

Hphumia'l t+1 t+1 t+1 .
{ % (qu - qsat,max) > 7-iB > Tsat,max andqu > qsat,max’ (8)

0, otherwise.
Thetotal AC energy demand under saturated (100%) AC adoption,

Faeac'™ isthenthe sumof the latent and sensible heat load components
calculated in equations (7) and (8):

t+1

t+1 t+1
Fsat,AC = Fsat,AC,sen + Fsat,AC,lat

t t
Hphumid Cp,humid
At

t t
Hphumid Cp,humid
At

0, otherwise.

t+1 t+1 t+1 .
(TiB - sat,max>’ TiB > Tsat,max and qu < qsat,max,

t+1 Hphumia'l t+1 t+1 t+1 .
(TiB - sat,max) + * (qu - qsat,max) > 7-iB > Tsat,max and qu > qsat,maxv

)

Itis assumed that the latent and sensible heat fluxes removed by
ACare convertedtosensible heat before beingreleased into the urban
canyon. This assumption is adopted by most regional scale studies
using the Weather Research and Forecasting model® and true for most
AC systems in use today®. Heat removed by air conditioners may be
partially rejected as latent heat (for example, through the use of cool-
ing towers) in large commercial applications, which is not currently
considered in the model.

The actual AC flux being removed from the indoor air, F,.", is
scaled based on the AC adoption rate in the same way as equation (3).

The model also computes actual sensible heat load flux (Fyc ¢
that can be output from the model for further analysis. The actual latent
heat load flux (Fyc ;""" is then the difference between total actual AC
flux and sensible heat load flux:

t+1 t+1
FAC,sen = pACFsat,AC,sen s (10)

41 41 41
Facja T =Fac™ = Facsen - 11)

The indoor air temperature and specific humidity are then reset
as follows:

t+1 _ (=pac)Fsaacsen’ AL . t+1 .
T; = ﬁ + Tsat,max’ if Fsat,AC,sen > 0; 12)
humid Cp,humi
t+1 _ (l—ﬁAc)Fsa:,Ac,la:MAf if F. t+1 0 13)
qu =—a qsat,max’ 1 sat,AC,lat > 0.

Hphumia'ly
The removed water (condensate) flux, Geongensae > With a unit of
kg m?s?ormms™, is computed at the end of each time step as

t
Hphymid

At (14)

qconclensatet-'—1 = max [0, (qut - quHl)]

Toensure total water remains conserved inthe model, we assume
that the condensate is drained through the sewer systems. As sewer
systems are not explicitly modeled in CTSM, we approximate this
behavior by sending the condensate to urban surface runoff, whichis
then sent to the river model of CTSM. The additional runoff contributes
tolessthan 0.004% of increase in flow rate for the 50 largest rivers (by
volume) inthe world (Supplementary Table 2).

Validation

We validate the new scheme onits performance in simulating total AC
energy demand and latent heatload. To do this, we conduct two global
land-only simulations (that is, the CTSM s active, while other compo-
nents of CESM such as atmosphere, ocean and sea ice use prescribed
data) under present-day climate conditions at 0.9375° latitude x 1.25°
longitude spatial resolution. The simulations are run from 2000 to
2014 driven by atmospheric forcing (precipitation, incoming solar
and longwave radiation, and air temperature, humidity, wind and
CO, concentration at the lowest atmospheric model layer) from the
Global Soil Wetness Project forcing dataset (GSWP3) (3-hourly, 0.5°;
http://hydro.iis.u-tokyo.ac.jp/GSWP3/)™. One simulation uses the
updated CLMU scheme developed in this study (‘with dehum.’), while
the other uses the original CLMU scheme (‘no dehum.’). We output
total AC energy demand from both simulations, and the sensible heat
load and latent heatload components of total AC energy demand from
the ‘with dehum. simulation at monthly intervals, then compare the
simulated results with observation-based datasets as well as modeling
case studies from the literature, as detailed below.

Anthropogenic heat flux due to AC. To validate total AC energy
demand in a spatially explicit manner, we compare the simulated

Nature Cities


http://www.nature.com/natcities
http://hydro.iis.u-tokyo.ac.jp/GSWP3/

Article

https://doi.org/10.1038/s44284-026-00474-4

anthropogenic heat flux (AHF) due to AC with that derived from grid-
ded observational datasets. Because all energy consumption eventu-
ally ends up as anthropogenic heat into the climate system, we can
indirectly validate simulated AC energy demand by converting it to
AC energy consumption, then comparing the AC energy consumption
with observationally estimated AHF. The procedure follows that in
ref. 41, except in this study we leverage an updated AHF dataset from
the authors of ref. 75 and correspondingly update our estimates for
AC energy fractions. Details are provided in Supplementary Note 5.
For the 15 countries/regions where validation data are available, our
parameterization (‘With dehum.) simulates AHF due to AC reason-
ably well, and slightly improves the total AHF and spatial correlation
as compared with the original scheme with no dehumidification (‘No
dehum.) (Extended Data Figs. 6 and 7). This demonstrates that our
new scheme can simulate well the magnitude and spatial distribution
ofthe total AC energy demand on alarge scale.

Atthegrid-celllevel, most grids see virtually no change in AHF due
to AC between ‘With dehum. and ‘No dehum. (Extended Data Figs. 6
and 7 and Supplementary Table 3). This is to be expected, as most of
the grids for which validation data are available have low dehumidi-
fication needs (latent heat load fractions <20%; Fig. 1d). Some cities
show an improvement (for example, New York, USA; Chicago, USA;
Nagoya,Japan), while some cities depart further from the observational
estimates (for example, Houston, USA; Tokyo, Japan; Osaka, Japan).
This does not necessarily indicate an error in the modeling scheme,
but rather a larger deviation from our assumption of ‘maintaining
indoor comfort and health’: in reality, not all AC systems have dedicated
humidity control, especially in residential applications, leading to
indoor humidity frequently exceeding 65%, the RH setpoint assumedin
thisstudy’. In other words, the AC energy consumption derived from
the simulated AC energy demand reflects the energy consumption
required to maintain a healthy and comfortableindoor environment,
which may not currently be achieved by the AC systems in place and
thus notreflected in the observational estimates.

Latent heat load fraction. We compare our simulated latent heat
load fractions from the ‘With dehum. simulation with a few case stud-
ies found in the literature, which represent the relative magnitude of
latent heat load as a fraction of total AC energy demand (Extended
Data Table 2). Note that this validates ‘latent heat load’, the amount of
latent heat needed to be removed to satisfy the design condition (that
is, an RH setpoint), whichis the same definition as the latent heat load
computed by our model. This means that the validation performance
for latent heat load should not be affected by our setpoint approach.
Results show that our parameterization is reasonable in reproduc-
ing the dehumidification energy demand relative to total AC energy
demand as modeled by more detailed BEMs. This shows that our new
scheme, although builtin asimplified urban BEM, can well capture the
first-order dynamics of latent and sensible heat loads at local scales.

Simulation

We conduct a global land-only simulation at 0.9375° latitude x 1.25°
longitude spatial resolution to project future urban climate and energy
demand under a climate change scenario. We chose one of the most
plausible Shared Socioeconomic Pathway-Representative Concentra-
tion Pathway (SSP-RCP) scenarios, SSP3-7.0, which represents regional
rivalry and high greenhouse gas emissions. This helps illustrate the
‘worst case scenario’ in climate change and its related impacts. The
simulation period is from 2015 to 2099 driven by atmospheric forcings
from a fully coupled CESM2 simulation. The fully coupled simula-
tion captures the large-scale dynamics between atmosphere, ocean,
land and so on. Using atmospheric conditions from the fully coupled
simulation to drive the land-only simulation allows us to replicate
enhanced atmospheric circulation and water vapor transport driven
by climate change® and simulate the effect of dehumidification under

such changes. We keep the nonclimatic conditions (AC adoptionrate,
technology, urban extent and building stock) constant throughout the
simulation period, which allows usto delineate the climate-only effect
on humidity and dehumidification energy.

Latent heat load fraction

Latent heatload fraction quantifies the relative contribution of dehu-
midification energy as afraction of total AC energy demand (expressed
inpercentage form). Inthis study, we calculate the latent heat load frac-
tion using daily averaged output of dehumidification and AC energy
demand. Foragivengrid cellionagiven dayd, itis calculated as

d
F AC,lat;

latent heat load fraction:-i = x 100%. 15)

FACi

FAC,,M;’ isthesimple average ofFAC,latlffor alltimestepsinaday, and
FAcfthe simpleaverage of all F,¢;. Fromequations (3), (10) and (1), we
know thatboth FAC,mfand Fac; arescaled by the same ACadoptionrate,
Pac; and, thus, p,c, is canceled out in the division. Latent heat load
fractionis thereforeindependent of AC adoptionrate. This means that,
while our simulation assumes a constant AC adoption rate for each grid
cell throughout the simulation period, our analysis and conclusions
on latent heat load fractions should still hold under changing AC
adoptionrates.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability

The CESM simulation results that support the findings of this study
areavailable viaZenodo at https://doi.org/10.5281/zenod0.20563953
(ref. 76). Source data are provided with this paper.

Code availability

The code base used to perform the CESM simulations is available
via GitHub at https://github.com/cathyxinchangli/CTSM/tree/
dehumidification.
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Extended Data Fig. 1| The air-conditioning (AC) adoption rate used in model simulation. The dataset is described in ref. 41. Basemap from Natural Earth
(https://www.naturalearthdata.com/).
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Extended Data Fig. 2| Locations of selected cities discussed in the study. It is plotted over change in latent heat load fractions as shown in Fig. 1f. Basemap from

Natural Earth (https://www.naturalearthdata.com/).
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b, AC energy demand modeling enhanced with latent heat load by this study.
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Extended Data Fig. 6 | Good agreements in modeled anthropogenic

heat flux (AHF) due to AC for available countries/regions in 2010 - 2014.

(a) observational estimates derived from an updated data based onref. 75 and
other observational data products (see Supplementary Note 5), (b) simulated
AHF due to AC using the new scheme in this study where dehumidification is

modeled (“With dehum.”), and (c) simulated AHF due to AC using the default
CLMU scheme without dehumidification (“No dehum.”). Numbers annotated on
the left side in subpanels represent the total anthropogenic heat (in terawatts)
plotted in each panel. Ris the pattern correlation between each panel and panel
(a).Basemap ina-c from Natural Earth (https://www.naturalearthdata.com/).
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Extended DataFig. 7| As in Extended Data Fig. 6 but for the zoomed-in views row (b, e, h), and simulated results using the default scheme in the bottom row
of three regions. (a-c) Contiguous US and parts of Canada, (d-f) parts of Europe (¢, £, i). Panelsin a column share the same colorbar at the bottom of each column.
and North Africa, and (g-i) Japan. Observational estimates are provided in the Basemap ina-ifrom Natural Earth (https://www.naturalearthdata.com/).

firstrow (a, d, g), simulated results using the scheme in this study in the middle
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Extended Data Table 1| Humidity effect on building energy demand varies substantially in local-scale studies

Paper | Study Study | Building type Methods Data Relevant findings
region period
Ref.!'® | 12 cities in 1961 - | Typical office Mathematical * Thermal properties | RH decreases by 1 -
different 2017 building model for design and Indoor design 9%, leadingtoa 1 -
climate load calculations parameters from 8% decrease in
zones of from the design GB50736-2012 dehumidification load.
China code for HVAC of | * Meteorological data
civil buildings from downtown
(GB50736-2012) weather stations
Ref.!” | Tianjin, 2009 - | A 22-story office | TRNSYS * Design parameters | During cooling season,
China 2020 building with a simulations from Design urban RH is lower
total area of Standard for Energy | than rural RH by 5 -
12,552 m2 and Efficiency in public 12%, which leads to
total height of buildings (GB50189- | the latent heat load of
98m 2005) & local the urban building
design/energy codes | being 49 % - 68 %
* Meteorological data | lower than the rural
from urban and rural | building.
weather stations
Ref? | 4 USA cities | - 3 building types | DOE benchmark * Design parameters | Miami: increasing RH
in different (TMY) | (school, office, models from DOE from 73% to 88%
climate apartment) (EnergyPlus) commercial building | increases energy use
zones benchmark models intensity (EUI) by 4 to
* Weather files based | 5%;
on Typical Ann Arbor: increasing
Meteorological Years | RH from 75% to 86%
(TMYs) increases EUI by 1%.
Ref2! | 801 - ASHRAE EnergyPlus * Weather files based | For the same building
locations in | (TMY) | Standard 90.1- on TMY3 from in the same ASHRAE
different 2016 medium EnergyPlus weather climate zone, source
climate office prototypes data online energy consumption in
zones of the moist climate subtype
USA is up to 47% higher
than in marine climate
subtype (i.e., drier
climate).
Ref.!® | Hong Kong, | 2004 - | A typical DeST simulations | Weather files from Average urban
China 2013 hypothetic 30- urban and rural nighttime specific
story residential weather stations humidity is higher
building than the rural
counterpart by 0.1 to
0.7 g/kg. This leads to
higher latent cooling
load in the urban
building than rural
building by 47% to
96%.
Ref.!’ | Milan, Italy | 2002 - | A typical WUFI Plus 3.0.3 * Properties & design | Urban specific
2008 residential parameters based on | humidity is lower than
building, local regulations and | the rural counterpart
representative of design standards by 0.27 to 1.44 g/kg,
the 1961-1975 * Weather files from | which leads to 74—
housing stock in an urban-rural station | 78% lower
Milan (a stand- pair dehumidification loads
alone ten-story
tower)
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Extended Data Table 2 | The latent heat load fractions modeled in this study agree well with local case studies

Source of
Reported | Our results| Our results| reported
Paper| Location Methods Estimates | (mean) (median) [estimates
Ref.*> | Houston, USA EnergyPlus [11% 16% 13% Fig. 5 and 6
simulations
Ref.** | Beijing, China TRNSYS 22% 21% 8% Sect. 3.2.1
Shanghai, China | Simulations  [5704 27% 21% Sect. 3.2.2
Ref.* [ Guangzhou, China |Mathematical | 33% 39% 39% Table 3; Fig.
model 10
Wuhan, China 36% 36% 37%
Jiuquan, China 0% 0% 0%
Ref.'®| Hong Kong, China |DeST 26 —34% [42% 40% Sect. 3.2.2
simulations
Ref.!”| Tianjin, China TRNSYS 17% 15% 3% Sect. 3.2
simulations
Ref.'” | Milan, Italy WUFI Plus |4 —6% 3% 0% Fig. 4b & 4c
3.03
simulations

Both reported and our estimates are for summer (around June, July, and August). Green indicates our estimates are within £15% of reported values/ranges in the literature.
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Data collection  Data were generated through simulations using open-source, custom modified version of the Community Earth Systems Model (CESM). The
code is available here: https://github.com/cathyxinchangli/CTSM/tree/dehumidification.
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zen0do.20563953. The base maps are available from https://www.naturalearthdata.com/. Source data are provided with this paper.
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Ecological, evolutionary & environmental sciences study design

All studies must disclose on these points even when the disclosure is negative.

Study description We develop a new physics-based parameterization scheme to model indoor humidity and dehumidification energy demand in the
urban building energy model of the Community Earth System Model (CESM). The scheme adopts a setpoint approach and simulates
both the sensible (for cooling) and latent (for dehumidification) AC energy demand required to maintain indoor comfort and health.
We validate the scheme both on its ability to simulate total AC energy demand globally and on its performance simulating the
relative contribution of sensible and latent heat load at the local scale. We conduct a global simulation driven by atmospheric
forcings from a fully-coupled simulation under a high emission scenario, keeping socioeconomic factors such as AC adoption rate and
urban extent at the present-day level to isolate climate change effects. Daily average values of urban air temperature (Tu), relative
humidity (RH), specific humidity (q), and sensible and latent heat load fluxes of AC energy demand for the first decade (2015 —2024)
and the last decade (2090 — 2099) of the simulation period are analyzed.

Research sample N/A
Sampling strategy N/A
Data collection Data are automatically saved to computer storage as the simulations are being run.

Timing and spatial scale  The simulations are run at 30-min time steps and 0.9375° latitude x 1.25° longitude spatial resolution, over all urban land areas
globally. Data are averaged over each day and saved at daily frequencies.
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Reproducibility The updated CESM code used for simulation is publicly available on GitHub at https://github.com/cathyxinchangli/CTSM/tree/
dehumidification. Results from CESM simulations are publicly available at https://doi.org/10.5281/zenodo.20563953. Source data for
each Figure, Extended Data Figure, and Supplementary Figure are provided with the study
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