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Abstract

Improved representation of urban processes in Earth System Models (ESMs) is a pressing need for climate modeling and climate-
driven urban energy studies. Despite recent improvements to its fully coupled building energy model, the current Community
Land Model Urban (CLMU) in the Community Earth System Model (CESM) lacks the infrastructure to model air-conditioning
(AC) adoption explicitly. This undermines CESM’s fidelity in modeling urban climate and energy use, and limits its use
in climate and energy risk assessments. Here, we establish an explicit-AC-adoption parameterization scheme in CESM that
represents AC adoption explicitly through an AC adoption rate parameter in the Building Energy Model of CLMU, and build
a present-day, global, survey-based, and spatially explicit AC adoption rate dataset at country and sub-country level that is
integrated within CESM. The new dataset can be leveraged for other ESMs or global-scale models and analyses. The explicit
AC adoption scheme and the AC adoption rate dataset significantly improve the accuracy of anthropogenic heat modeling due
to AC in CESM. The new parameterization scheme makes it possible to evaluate the effects of changing AC adoption on global
urban energy and climate using CESM. These developments enhance CESM in its use for climate impact assessments under
future climate and socioeconomic development scenarios, and represent continued efforts in better representing urban processes

and coupled human-urban-Earth dynamics in ESMs.
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Abstract

Improved representation of urban processes in Earth System Models (ESMs) is a
pressing need for climate modeling and climate-driven urban energy studies. Despite
recent improvements to its fully coupled building energy model, the current Community
Land Model Urban (CLMU) in the Community Earth System Model (CESM) lacks the
infrastructure to model air-conditioning (AC) adoption explicitly. This undermines
CESM’s fidelity in modeling urban climate and energy use, and limits its use in climate
and energy risk assessments. Here, we establish an explicit-AC-adoption
parameterization scheme in CESM that represents AC adoption explicitly through an AC
adoption rate parameter in the Building Energy Model of CLMU, and build a present-
day, global, survey-based, and spatially explicit AC adoption rate dataset at country and
sub-country level that is integrated within CESM. The new dataset can be leveraged for
other ESMs or global-scale models and analyses. The explicit AC adoption scheme and
the AC adoption rate dataset significantly improve the accuracy of anthropogenic heat
modeling due to AC in CESM. The new parameterization scheme makes it possible to
evaluate the effects of changing AC adoption on global urban energy and climate using
CESM. These developments enhance CESM in its use for climate impact assessments
under future climate and socioeconomic development scenarios, and represent
continued efforts in better representing urban processes and coupled human-urban-

Earth dynamics in ESMs.
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Key points
1. An explicit air-conditioning adoption scheme is developed for the building energy
model in the Community Land Model Urban
2. A global air-conditioning adoption rate dataset is built for CESM, with potential for
use in other global-scale models and analyses
3. The new scheme and dataset greatly improve model performance and enable

more comprehensive climate and energy risk assessments

Plain Language Summary

Human activities in cities, such as building energy use, need to be better represented in
models designed to simulate urban climate around the world. The Community Land
Model Urban is one such model that has been continuously improved, but still cannot
effectively model varying air conditioning (AC) adoption rate across countries. This
limitation hinders the model’s ability in simulating urban climate and building energy
use. Here, we improve the model by developing a new explicit-AC-adoption
parameterization that represents the proportions of buildings with AC systems, and
constructing a global AC adoption rate dataset at present-day for all countries and
regions in the world. These improvements help the model simulate the air-conditioning
energy use more accurately, and provide opportunities to evaluate the combined effects
of climate change, population growth, and economic development on building energy

use and climates for cities around the world.



67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

MAIN

1. Introduction

There is a growing interest in connecting energy and climate modeling to address the
global challenges of climate change and energy security (Craig et al., 2022). Climate
change is poised to significantly affect climate-exposed energy supply and demand, and
poses significant challenges to climate-sensitive energy system planning and design
(van Ruijven et al., 2019; Schaeffer et al., 2012; Taseska et al., 2012; Yalew et al.,
2020). Changes to energy supply and usage, in return, affect the biophysical and
biogeochemical processes in the climate systems, and require sufficient
characterization in models so as to reduce the uncertainties in future climate projections
(Allen et al., 2011; Hadley et al., 2006). Earth System Models (ESMs) were initially
developed for studying broader-scale dynamics and interactions of the climate systems
(Hurrell et al., 2013), and thus their incorporation of human activities, such as urban and
building energy representation, are either missing or very rudimentary. It has been
shown that anthropogenic heat flux can reach tens or hundreds of W/m? in some urban
centers (Ichinose et al., 1999; Kikegawa et al., 2014; Wang et al., 2018), making
dynamic modeling of urban heating and air conditioning (HAC) energy use vital in
closing the urban surface energy balance. Ignoring the anthropogenic heat
representation will thus undermine ESMs’ fidelity in accurately modeling urban climate.
At the same time, ESMs have been increasingly used for purposes beyond large-scale
climate dynamics, such as characterizing impacts of energy production/use on climate
(Fitch, 2015; Hu et al., 2016; Wang et al., 2019), projecting future energy demand

(Deroubaix et al., 2021), or informing policy making on large-scale energy risks and



90 climate adaptions (IPCC, 2022; Reidmiller et al., 2018), where more detailed and

91 accurate energy and urban parameterizations are necessary. Therefore, improved

92 representations of coupled human-urban-Earth dynamics in ESMs that capture the

93  physics behind the energy-climate feedbacks is a pressing need for both climate

94 modeling and climate-driven urban energy studies (Creutzig et al., 2015; Guneralp et

95 al., 2017; Sharma et al., 2021).

96

97  The Community Terrestrial Systems Model (CTSM) is a state-of-the-art global land

98 model that is part of the Community Earth System Model (CESM). It has an urban

99  module, Community Land Model Urban (CLMU) that simulates the states and fluxes
100  over urban landscapes and communicates with other CTSM and CESM components.
101  The CLMU is fully coupled with a simplified Building Energy Model (BEM), where
102  heating and air-conditioning (HAC) energy demand in urban areas are modeled. The
103 HAC energy demand is calculated at each time step as the energy needed to increase
104  (for heating) or decrease (for air conditioning, AC) the interior building temperature to a
105 setpoint temperature. The waste heat generated from the use of HAC is released into
106  the urban canyon at each time step, thus completing the feedback between urban
107  energy use and urban microclimate. The CLMU has been widely evaluated with in-situ
108 and satellite observations across the world (Demuzere et al., 2008, 2014, 2017,
109 Demuzere et al., 2013; Fitria et al., 2019; Karsisto et al., 2016; Lin et al., 2016;
110  Mohammad Harmay & Choi, 2022; Oleson et al., 2008; Oleson & Feddema, 2020; Zhao
111 etal, 2014, 2021) and continuously improved by the community (Fang et al., 2023).

112
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Despite the improvements in urban energy use modeling in CTSM, there is a critical yet
longstanding limitation in the current BEM in CLMU: lack of the infrastructure to model
AC adoption explicitly. As a global climate model, CESM represents air conditioning in
an average setting for each urban density class in a grid cell, instead of modeling
individual buildings and their AC systems if any. Currently, AC adoption is implicitly
controlled by proxy interior building setpoints, without an explicit AC adoption rate
parameter. This parameterization scheme, although viable, undermines the physical
interpretability of the model. For example, to signal low AC adoption, the building interior
setpoint temperature for AC can be as high as 42°C in some regions (Oleson &
Feddema, 2020), which is much higher than what we experience in reality, and only
offer qualitative insights to the AC adoption rate of the region. This also means that
although the average AC energy flux over an extended period may be accurate, daily or
hourly values, which are necessary for the study of extremes, would be largely different
from what we may observe in reality. This poses challenges to assuring model
accuracy, as the building interior setpoint temperature and AC adoption rate cannot be
tuned separately. One can only rely on heuristics specific to a certain location, instead
of statistics or documentation on thermostat setpoint or AC adoption rate, if one wishes
to fine tune the energy and climate models. This also means that it is not possible to
make future projections incorporating changes in AC adoption under various
socioeconomic development pathways and climate change scenarios using the current
scheme. This further hinders inter-model and inter-regional comparison for climate risk

assessments and energy planning.
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Climatic and socioeconomic drivers both affect the biophysical feedbacks between
urban climate and urban energy use (Figure 1). Warmer background climates will
increase urban temperatures, and population and economic growth will fuel urban
expansion and higher AC adoption especially in the global south, both of which are
positive drivers to the feedback cycle (Kikegawa et al., 2022; Salamanca et al., 2014).
AC adoption rate (also called penetration rate or ownership rate) is one of the most
widely used parameters in the socioeconomic literature that characterize the changes in
AC ownership, defined as the share of households that own at least one AC equipment
(system or unit). It is a strong function of temperature and income (Davis & Gertler,
2015), and an essential parameter in econometric or integrated assessment models for
making future AC energy use projections (Colelli & Cian, 2020; L. Davis et al., 2021;
Mastrucci et al., 2021). Studies have found that globally, socioeconomic factors tend to
be stronger drivers of energy demand than climate change in the 21st century (Isaac &
van Vuuren, 2009; Rastogi et al., 2019; van Ruijven et al., 2019), which means it will
become increasingly more important to integrate socioeconomic factors into future

urban climate and energy projections in physics-based dynamic models.
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Figure 1. Climatic (in yellow, on the left) and socioeconomic drivers (in teal, on the
right) to the biophysical feedbacks between urban climate and urban air-conditioning
energy use (in the center, bolded arrows and boxes). The plus signs indicate positive

effects.

In this work, we present a new explicit-AC-adoption parameterization scheme in CESM
that explicitly represents AC adoption by introducing an AC adoption rate parameter in
the BEM of CLMU. In support of this, we build a first-of-its-kind global, survey-based,
and spatially explicit AC adoption rate dataset at country and sub-country level
integrated in CTSM, and can be leveraged for other global-scale models and analyses
in the climate, energy, and socioeconomic fields. The explicit AC adoption scheme and
the AC adoption rate dataset together significantly improve the AC energy modeling
performance of CTSM. The new parameterization scheme makes it possible to model
changes in AC adoption rate and their local to global impacts on urban climate and
energy in CESM, where the dynamic interactions between urban climate and energy are

modeled.
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This paper is organized as follows. Section 2 provides an overview of the CLMU, BEM,
and the current AC scheme. The mathematical model for explicit AC adoption is
presented in Section 3. Section 4 describes the new global AC adoption rate dataset
generated by this work. In Section 5, we describe the simulations we designed to
evaluate and test the explicit-AC-adoption parameterization scheme and demonstrate
new capabilities, as well as datasets used for validation. Results and discussions follow

in Section 6.

2. Overview of CLMU, its Building Energy Model (BEM) and air-conditioning flux
modeling

The improvements described in this paper are based on the most recent version of

CLMU, first described in Oleson & Feddema (2020), referred to hereinafter as CLMUS.

An overview of CLMUS, its Building Energy Model (BEM) and its air-conditioning flux

parameterization is provided below for the context of discussion.

Grid cells in CTSM can have up to seven “land units” including three urban density
types as well as natural vegetation, crop, glacier and lake. The CLMUS is a single-layer
urban canopy model within CTSM that serves as the urban land parameterization for
the three urban land units. An urban land unit is composed of five facets: roof, sunlit
wall, shaded wall, previous and impervious surfaces on the canyon floor. These urban

facets are arranged in an urban canyon configuration (Figure 2a).
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A present-day global urban extent and urban properties dataset was originally
developed for CESM by Jackson et al. (2010) and subsequently updated in CLMU5
(Oleson & Feddema, 2020). The spatial extent of urban areas is derived from a
population density dataset at 1-km spatial resolution. Each urban pixel is classified as
one of the four urban density classes: tall building district (TBD), high density (HD),
medium density (MD), and low density (LD). The three urban land units corresponding
to TBD, HD, and MD classes are used in current CLMU, which represent city core,
commercial/industrial, and residential areas, respectively. The LD class is currently not
used because these areas tend to be very sparsely built (i.e., closer to a rural setting)
and seem to be better simulated using a vegetation model. Present-day urban
morphological (e.g., building height, street width, pervious ground fraction), thermal
(e.g., heat capacity and thermal conductivity), and radiative (e.g., albedo and emissivity)
properties as well as building interior maximum and minimum thermostat settings
(cooling and heating setpoint temperatures, respectively) that control the need for HAC
are derived (see Figure 1 in Oleson & Feddema, 2020) from a variety of data sources
such as local building codes, municipal documentation and published construction data
and validated against Google Earth imagery (Jackson et al., 2010). They can be defined
uniquely for thirty-three regions of similar physical and social characteristics spanning
the global land surface and for each density class (see Jackson et al., 2010 and Oleson
& Feddema, 2020 for details). The CLMU has been evaluated against remote sensing
and in-situ observations across the globe (Demuzere et al., 2008, 2014, 2017,

Demuzere et al., 2013; Fitria et al., 2019; Karsisto et al., 2016; Lin et al., 2016;

10
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Mohammad Harmay & Choi, 2022; Oleson et al., 2008; Oleson & Feddema, 2020; Zhao

et al., 2014, 2021).

The BEM in CLMU is a simplified dynamic model that can operate globally with
sufficient accuracy and within the constraints of available global urban surface data. For
each urban density type in every grid cell that has an urban area, an “average building”
is simulated to represent buildings in that area, with specified geometric, radiative, and
thermal properties based on the CLMU global surface dataset. Processes that are
accounted for in the BEM include heat conduction through building surfaces (roof, sunlit
and shaded walls, and floor), convection (sensible heat exchange) between interior
surfaces and indoor air, longwave radiation exchange between interior surfaces, and
ventilation (natural infiltration and exfiltration) (Figure 2a). Solar heat gain through
windows due to direct solar radiation is neglected in the current version due to a lack of
global data, but the effects of windows on the overall heat transfer properties of walls
are accounted for. The heat storage by internal construction materials and internal heat
gains from appliances and occupants are also not parameterized in the current version
of the CLMU. These factors imply a possible overestimation of heating and

underestimation of air-conditioning energy demand.

Space air-conditioning (heating) energy demand can be directly output from the BEM
and calculated as the amount of energy flux required to be removed (added) to bring the
interior building temperature down (up) to the cooling (heating) setpoint temperature.

The BEM assumes a single thermal zone and infinite-capacity HAC systems. This

11
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means the system supplies the amount of energy needed to keep the indoor air

temperature within the specified limits at the time step of the model.

HAC adoption rates are implicitly modeled by the space heating and cooling setpoints
(hereinafter referred to as proxy setpoints), defined by the urban dataset for each global
region and urban density class. Using AC as an example, regions with higher AC
adoption rates have lower AC proxy setpoints that are closer to what the thermostat
settings would be in an actual building. Having a higher proxy setpoint would mean that
the air conditioners only work during hotter time periods, which approximates having
fewer air conditioners in an urban area (Figure 2a and c). As a result, the AC proxy
setpoints in the original dataset have a large range that spans 27 to 42°C (Oleson &

Feddema, 2020).

12
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Figure 2. Schematic diagrams of current implicit-AC-adoption (a, c) and new explicit-
AC-adoption (b, d) modeling schemes on an illustrative warm day (a, b) and an
illustrative hot day (c, d) for a place of relatively low AC adoption. Surfaces in the urban
canyon and processes simulated by the BEM are labeled in (a). The sizes of arrows in
(d) are larger than those in (b) to indicate more AC energy flux is produced on a hot
day. The fluxes in the building interior in (b) and (d) are used to update the interior
building temperature after each time step (see Section 3). Fcool, AC energy flux. Fuwstnt,
losses from inefficiencies in the HAC equipment and in the conversion of primary to end
use energy. They are returned as sensible heat to the canyon floor and distributed to
both pervious and impervious surfaces. Fsatcool, AC energy flux under saturated AC

adoption. pac, AC adoption rate.
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263 3. Mathematical model for explicit-AC-adoption scheme

264  Currently, AC adoption rate can be modeled in the BEM embedded in regional-scale
265 climate models such as the Weather Research and Forecasting model. That BEM is
266  more detailed and allows control for individual building’s AC setpoints schedules (e.g.,
267  AC will only work during business hours in office buildings) (Salamanca et al., 2009), so
268 AC adoption can be controlled by turning on/off each building’s HAC system. However,
269 representing and controlling each individual building is usually neither feasible nor

270 necessary for global-scale climate models or ESMs. We hence propose an explicit-AC-
271 adoption scheme in CLMU that characterizes AC adoption at each grid cell with an

272  adoption rate parameter, as illustrated in Figure 2b and d and described below.

273

274  Under the original scheme, the AC flux, F,,,; , at each time step is calculated as:

HpG, t t
275 Fcool = T (Ti - Tmax )l fOT TiB > Tmax;
276 = 0,otherwise, (1)

277  where H is building height, p is air density, C, is the specific heat of dry air, At is the

278  timestep of the model simulation, T;, is the interior building temperature, T,,,, is the AC
279  proxy setpoint, and t denotes the timestep. If F,,,; is not zero, the indoor air

280 temperature at the next is then reset to T,

281 Tiy"™' = Thax- (2)
282 In the proposed new explicit-AC-adoption paramterization scheme, we add an explicit
283  AC adoption rate parameter, p,., to the current calculation of AC flux. We first calculate

284  the AC flux under saturated AC adoption (i.e., psc = 100%):

14
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_HpG, t t )
Fsat,cool - T (Ti - Tsat,max )l fOT TiB > Tsat,mam

= 0, otherwise (3)
where T4 max iS the AC setpoint when the AC adoption is saturated. The actual AC flux
being removed from the indoor air is then scaled based on the adoption rate:

Feoot = Pac * Fsat,cool (4)

The interior building temperature is then reset as follows:

t+1 _ (1 = pac) Fsat,cool At
TiB - HpCp + Tsat,max (5)

The anthropogenic heat added to the urban canyon due to AC energy use, F,,snt acs IS
calculated as:

Fystht.ac = Wac * Pac * Fsat,coot (6)
where w, is the waste heat factor for AC, determined by the AC equipment coefficient
of performance (COP,.) and the weighted energy conversion efficiency (Pef co0:) from
primary to end use energy. The calculation and assumptions for w,, remains

unchanged from the original scheme as follows:

1

(7)

w R ————
Aac COPAC'Peff,cool’

Given the default values for COP,c and Py co0 iIn CLMU, w, is approximated as 0.6

globally (Oleson & Feddema, 2020).

4. New global AC adoption rate data
To support the new explicit AC adoption parameterization scheme, a global, spatially
explicit dataset on the new variable, AC adoption rate (p,¢), is needed. There is limited

AC adoption rate data available in the literature (Davis et al., 2021), as such data are

15
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derived from household-level energy consumption surveys, which are usually conducted
by more affluent countries (Zheng et al., 2014). Substantial efforts are needed to
identify, locate, and access such survey results from various government agencies
across countries. In this study, we compile present-day AC adoption rate data (loosely
defined as between the years of 2010 and 2020) from sources such as International
Energy Agency (IEA), national surveys, scientific literature, and others (see Table S1),
and construct a global, spatially explicit AC adoption rate dataset at country- and sub-
country-level that works with CTSM. The new dataset is publicly available in tabular,
geospatial, and gridded formats for use in other Earth system modeling, energy

modeling, socioeconomic analyses, or integrated assessment applications.

We first collect residential AC adoption rate data from 35 countries (Table S1) which are
directly used in the dataset. These countries provide representative samples of the
world’s countries that cover roughly 53% global land area, 68% of world population, and
70% of global Gross Domestic Product (The World Bank, 2023). To obtain global
coverage, we utilize the number of AC units per household data available from IEA
(Table S1) that covers 195 countries/regions, and derive a linear model with saturation
effect (two-segment piecewise linear fit) between AC adoption rate and number of AC
units per household for 34 common countries/regions where both quantities are
available. The linear model assumes that the line passes through the origin, and over a
certain number of AC units per household (saturation point), AC adoption rate does not
change as the number of AC units per household increases. The saturation point is

determined by minimizing the root mean squared error (RMSE) between the true and

16
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fitted values (r? = 0.89, p < 0.001) (Fig. S1). Other factors, such as house/household
size and income inequality, may help explain additional variations, but the simplified
model allows us to obtain reasonably accurate AC adoption rate data for the majority of

global countries/regions with the available information.

For countries where more detailed data are available, such as the United States,
Australia, and China, the dataset also contains state- or province-level AC adoption rate
data, collected or derived from the statistics released by the respective country’s
government agency (Table S1), to better represent the heterogeneity in these countries
spanning highly diverse climate zones. State-level AC adoption rate data for the United
States and Australia are available from their respective national surveys and are directly
used. For China, data are available on the number of AC units per 100 households per
province. The same linear model with saturation effect derived from the 34

countries/regions is applied to obtain province-level AC adoption rate data.

The tabular AC adoption rate data are then combined with shapefiles of global
countries/regions and gridded to CTSM grids to produce the spatially explicit AC
adoption rate dataset, as presented in Figure 3a-c. Since all data curated are from the
residential sector, we assign the derived dataset to the MD urban density class that
represents residential areas (Figure 3a). Under the assumption that most TBD classes,
which represent city cores, are affluent commercial districts that universally utilize space
cooling regardless of the socioeconomic status of the country they are in, we assign AC

adoption rate of 1 to all TBD classes globally (Figure 3c). Note that TBD classes are

17
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only present in 149 out of 4421 urban grid cells under the nominal grids and represent
<1% of grid area. We then assign the simple average of the AC adoption rates from
TBD and MD classes to the HD class of each country/region to represent the
commercial/industrial areas that are transitional from central commercial to residential

areas (Figure 3b).

For the missing countries, regions, and grid cells, we perform grid-cell-based nearest
neighbor gap filling as detailed in the Supporting Information. This procedure follows the
assumption that locations close to each other are likely to have similar climates,
socioeconomic conditions and/or cultural preferences towards air conditioners. This
allows us to obtain a complete global land coverage that is required by CTSM to

perform simulations. The filled dataset is presented in Figure 3d-f.
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Figure 3. AC adoption rate in Tall Building District (TBD), High Density (HD) and
Medium Density (MD) before (a-c) and after (d-f) gap filling. Shown at a spatial
resolution of 0.9375° latitude x1.25° longitude, the nominal resolution used by CESM for

global simulations.

We provide both gridded and vector files of the original (before gap filling) data to
support different modeling resolution or configuration requirements. The dataset also
contains a quality control band that denotes the sources of the data and the associated

level of confidence, to help classify the uncertainties in the dataset. We generate the
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gap-filled AC adoption rate data in various resolutions for CTSM applications (latitude x
longitude: 0.23° x 0.31°, 0.47° x 0.63°, 0.9375° x1.25°). The dataset compiled for this
work, both before and after gap filling, is freely available to the public for use in other
Earth System Models aiming to better parameterize urban building energy, or other
analyses that may benefit from country- or sub-country-level AC adoption rate
information. Users are welcome to adopt the same gap filling procedure or apply a new

one that better serves their needs.

Since the AC proxy setpoints in the original parameterization also implicitly represent
AC adoption rates, they need to be changed under the explicit AC adoption modeling
scheme so as to represent only building interior setpoints that more closely resemble
realistic building thermostat settings. We use 27°C, the lowest AC setpoint in the
original data which was applied to all three density classes in the southeast U.S., and
apply it to all three density classes globally. This is because the southeast U.S. has one
of the highest, and near-saturated AC adoption rates in the world under the AC adoption
rate dataset (88% - 96% for MD), which offers a good reference point for the AC
saturation behavior in the model. The setpoints can easily be changed when better AC

setpoints datasets become available.

5. Simulations and validation
We perform a suite of global land-only simulations (i.e., the CTSM is active, while other
components of CESM such as atmosphere, ocean, and sea ice use prescribed data) at

0.9375° latitude x1.25° longitude spatial resolution to examine the effects of the explicit-
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AC-adoption scheme and the spatially explicit AC adoption rate dataset. Simulations are
run from 2000 - 2014 driven by atmospheric forcing (precipitation, incoming solar and
longwave radiation, and air temperature, humidity, wind, and CO2 concentration at the
lowest atmospheric model layer) from the Global Soil Wetness Project forcing dataset

(GSWP3) (http://hydro.iis.u-tokyo.ac.jp/GSWP3/). A control simulation (IMP_AC) is run

with the original, implicit AC adoption parameterization scheme and the proxy AC
thermostat setpoints. Four test simulations are run using the explicit-AC-adoption
parameterization scheme: one with the global, spatially explicit AC adoption rate dataset
(EXP_AC), and three additional ones with AC adoption rate setto 1 (EXP_AC_1), 0.03
(EXP_AC_TINY), and 0 (EXP_AC_0) everywhere for all three urban density classes.
We focus on analyzing monthly average values of urban temperature and AC energy

demand.

The urban extent (i.e., percent urban area in a grid cell) used in this study is derived
from the historical urban land cover of year 2000 at 1-km resolution as presented in Gao
& O’Neill (2020), which is based on Landsat remote sensing data. The urban extent
dataset is then combined with the urban properties dataset described in Section 2,
aggregated to the desired resolution (0.9375° latitude x1.25° longitude in this study),
and assigned urban density classes to produce the input data used by the model.

Details on how the surface dataset is generated can be found in Fang et al. (2023).

We validate the explicit-AC-adoption scheme simulated AC energy demand with

published, observation-based datasets by Varquez et al. (2021) and Flanner (2009) on
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anthropogenic heat flux (AHF). The Flanner (2009) dataset is derived from country-
specific data of energy consumption from non-renewable sources (coal, petroleum,
natural gas, and nuclear), population density and national boundary data for year 2005.
The Varquez et al. (2021) dataset uses the energy consumption data for the 2010s from
the Shared Socioeconomic Pathways (SSP) framework, the energy balance statistics
from IEA, and adjusted AHF distribution with nightlight satellite imagery. To obtain AHF
due to AC, we collect AC energy use and total primary energy consumption data and
derive an AC energy fraction (f) for each country/region where the required data are
available (see Supporting Information). While total primary energy consumption data are
readily available for most countries/regions, AC energy consumption data are sparse,
which limits the coverage of possible f data. By leveraging publicly available datasets
from the IEA and U.S. Energy Information Administration, we are able to obtain required
data and calculate f for 14 countries/regions and 50 U.S. states. We then multiply these
fractions with the AHF data to obtain estimates of AHF due to AC. The validation results

are shown in Figures 4-6 and S2-4, and discussed in Section 6 below.

6. Results and Discussions

6.1 Improved modeling of AC energy flux in CLMU

The new explicit-AC-adoption parameterization and dataset improve the performance of
AC energy flux simulation both in magnitude of AHF due to AC and in spatial variability.
For the 14 countries/regions and 50 U.S. states where AHF due to AC energy use can
be calculated (see Section 5 above and Supporting Information), the total annual AHF

from AC is 0.12 TW (Figure 4c) in the EXP_AC run, whereas the IMP_AC run produces

22



445

446

447

448

449

450

451

0.04 TW (Figure 4c). This underestimation is due primarily to the effective AC adoption
rate in the original dataset being lower than the real-world values (Oleson & Feddema,
2020). The explicit AC adoption scheme and dataset are able to improve the
underestimation, and increase the total annual AHF due to AC to 0.08 TW. The spatial
correlation between the modeled results and the observations are also improved from

0.38 to 0.58.
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Figure 4. Improvements in modeled anthropogenic heat flux due to AC for available
countries/regions in 2010 - 2014. (a) observational estimates derived from Varquez et
al., (2021), (b) modeled AHF due to AC using the new explicit-AC-adoption scheme
(EXP_AC), and (c) modeled AHF due to AC in using the original implicit-AC-adoption
scheme (IMP_AC). Numbers in panels represent the total anthropogenic heat plotted in

each panel. R is the pattern correlation between each panel and panel (a).

The performance improvements are also visible regionally. The total AHF due to AC in
contiguous U.S. and parts of Canada increased from 0.04 TW (Figure 5c) to 0.06 TW
(Figure 5b), as compared to 0.09 TW (Figure 5a) in the validation data. The spatial
correlation between modeled and observed AHF also improved from 0.41 to 0.57, with
most significant improvements in the north and southwest parts of the contiguous U.S.
Major urban centers like New York, Chicago, Minneapolis, San Francisco, and Los
Angeles had near-zero AC-induced AHF release in the IMP_AC run under the original
scheme, and become clearly discernible under the explicit AC adoption scheme. For
some European and North African countries (Figure 6a-c), the new scheme increased
the annual total AHF due to AC from O (Figure 6¢) to 0.003 TW (Figure 6b), as
compared to the observational estimates of 0.01 TW (Figure 6a). The original scheme
estimates all grid cell to be near-zero in AC use, and does not capture the spatial
variations of the observations (spatial correlation R = —0.07). The explicit AC adoption
scheme is able to capture some of the variations (R = 0.28) in Italy and south Spain,
and of large urban centers such as Madrid and Paris. There seems to be an

overestimation in Morocco’s AHF from AC energy use under the explicit-AC-adoption

24



475

476

477

478

479

480

481

482

483

484

485

486

487

488

489

490

scheme, likely due to the assumptions made in urban thermal and radiative properties in
the model. The AHF performance in Japan (Figure 6d-f) under the explicit-AC-adoption
scheme is the best and the most improved among all regions, both in total AHF and the
spatial correlations. The explicit AC adoption scheme improved the estimate of total
AHF due to AC from 0 (Figure 6f) to 0.006 TW (Figure 6e), very close to the
observational estimate of 0.008 TW (Figure 6d). The spatial correlation is improved from
0.17 to 0.92, suggesting most of the spatial variations can now be captured by the
explicit AC adoption scheme. In general, the modeled AHF varies in a larger range than
the observational estimates. While we acknowledge the possible limitations and
assumptions of the model, another possible cause for the discrepancies stems from the
use of nightlights in observational estimates of the AHF. The total energy consumption
is distributed spatially by population and adjusted based on nightlight intensity (Varquez
et al., 2021). This approach is subject to saturation effect (on high light intensity) and
detection limit (on low light intensity) (M. Zhao et al., 2019), which can be reflected as

smaller extremes in AHF variations than in reality.
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Figure 6. As in Figure 4 but for (a-c) Europe and North Africa, and (d-f) Japan.

6.2 Effects on other urban climate variables

We compare results for other urban climate variables including urban 2-meter air
temperature, AC and heating energy flux, and waste heat flux, to illustrate the effects of
the explicit-AC-adoption scheme and the AC adoption rate dataset. Comparing
EXP_AC with IMP_AC, the global mean urban 2-meter air temperature does not

change, but some regions are shown to experience slight temperature increase, such
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as in the Middle East, Indian Peninsula, Middle America, and Southeast Asia (Figure
7a). This is a result of waste heat flux increase in these regions (Figure 7b), totaling
0.37 TW globally. The waste heat flux increase is driven by AC energy flux increase in
the same areas (Figure 7c), as evidenced by the geospatial correlation between Figure
7b and 7c. Heating energy flux is essentially unchanged, with minimal decrease in the
Midwest in the U.S. and Central-Eastern China (Figure 7d). These regions have an
increased waste heat flux in the urban environment due to an increase in AC energy
flux, thus requiring less heating during large diurnal temperature variations when both
AC and heating energy fluxes are produced within a short period of time. This is due to
the limitation that there is no seasonal schedule in the model which precludes AC or
heating use from one another, whereas in reality, either AC or heating system in a
building is usually active at a given time, not both. Note that the most substantial
decrease in heating energy flux is about three orders of magnitude smaller than the
usual heating energy flux during heating seasons, suggesting that the decrease is

trivial.
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Figure 7. Mean differences between the results from the new explicit-AC-adoption
scheme (EXP_AC) and the original implicit-AC-adoption scheme (IMP_AC) on (a) urban
2-meter air temperature, (b) waste heat flux, (c) AC energy flux, and (d) heating energy
flux, for 2005 - 2014. The number in (a) represents the area-weighted global mean, and

numbers in (b-d) represent the global total differences.

6.3 New capabilities of the explicit-AC-adoption scheme

The new explicit-AC-adoption scheme makes it possible to conduct global-scale
experiments using CTSM on the effects of AC adoption on urban energy and climate
through dynamic modeling. We conduct three experiments under the present-day
climate for idealized (100% adoption, EXP_AC_1), very low (3%, EXP_AC_TINY), and

zero AC adoption (EXP_AC_0), and compare them with the result from the EXP_AC run
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where present-day AC adoption rates are used. Compared with the current world under
the present-day adoption rates, an idealized world where AC adoption is saturated
(100%) everywhere would mean a drastic increase in AC adoption for warmer climates
and less affluent regions such as most of Africa, Middle and South America, Central
Asia, India, and Southeast Asia, as well as in cooler climates such as most of Europe,
New Zealand, and Northern Asia (Figure 8a). The increase in AC adoption does not
translate equally to an increase in AC energy flux in all regions (Figure 8d). AC energy
flux increase is concentrated around Central Africa, India, and Southeast Asia, as the
warmer present-day climates in these regions mean that AC use can be easily
triggered, thus highlighting the effect of saturated AC adoption. We can expect that the
effect of saturated AC adoption will become more pronounced in the future under
climate change for currently cooler regions, where higher summer temperatures may
necessitate the use of AC. The increase in AC energy flux causes an average regional
warming of up to 0.09 K (Figure 8g). Under a very low adoption rate scenario, most
countries would have a lower AC adoption rate than present day, with the U.S., Japan,
South Korea, coastal regions of China, Australia, and Greece having the largest
differences (Figure 8b). Some regions (white in Figure 8b) currently have AC adoption
rates lower than 3%, which means their adoption rates are increased in this scenario,
albeit minutely. The AC energy flux differences are the most pronounced for regions
with the largest adoption rate differences, but are also prominent around the Middle
East, India, and Southeast Asia, despite only a minor difference in adoption rate
between the two scenarios (2% increase in the case of India) (Figure 8e). This means

that even minor increases in AC adoption rate in these regions could lead to
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substantially more AC energy use. Moreover, the temperature differences induced by
the higher AC energy flux are higher in these regions (Figure 8h), even when the AC
flux differences are on the same order of magnitude as those with the highest adoption
rate differences. This suggests that not only is the AC energy flux in these regions more
sensitive to AC adoption rate change, but their urban temperature is also more sensitive
to anthropogenic heat than in other regions. Comparing the very low adoption rate
scenario with the no-AC scenario, most of the regions show marginal differences in AC
energy flux or urban temperature, except for a few spots visible around the equator.
These experiments demonstrate that the explicit-AC-adoption scheme opens doors to
further investigation into urban climate-energy feedbacks, and sets up the groundwork
for incorporating AC adoption rate changes due to climate change and socioeconomic

development in CESM'’s future energy and climate projections.
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Figure 8. Mean differences in (a-c) AC adoption rate (showing medium density), (d-f)

monthly mean AC energy flux, and (g-i) monthly mean urban 2-meter air temperature

between the results from (a, d, g) idealized adoption (100%, EXP_AC_1) and current
adoption (EXP_AC), (b, e, h) current (EXP_AC) and very low adoption (3%,

EXP_AC_TINY), and (c, f, i) very low (EXP_AC_TINY) and no adoption (EXP_AC_0),

for 2005 - 2014.

7. Conclusions

The CLMU in CTSM is one of the few dynamic urban parameterizations in ESMs with a
fully coupled, physics-based building energy model. Despite its recent development and
improvement in performance, a critical limitation still remains, where AC adoption is
modeled implicitly with the use of proxy interior building thermostat setpoints. This
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undermines the physical interpretability of the model, poses challenges for ensuring
model accuracy, limits the model’s capability in integrating socioeconomic and climate
change impact on urban energy, and hinders inter-model and inter-regional climate risk
assessments. In this work, we establish a new explicit AC adoption parameterization
scheme by adding an AC adoption rate parameter. This scheme separates building
thermostat setpoint and AC adoption rate into independent parameters that can be
tuned separately. In support of the new scheme, we develop a present-day global
spatially explicit AC adoption rate dataset for use in CTSM and that can be leveraged in
other climate and energy modeling applications and socioeconomic or integrated

assessment analyses.

The explicit-AC-adoption parameterization scheme and the global AC adoption rate
dataset significantly improve the CTSM'’s performance in modeling building AC energy
flux, both in magnitude and spatial variability. The new scheme makes it possible to
conduct global-scale experiments on the effects of changing AC adoption rate that help
reveal the inter-regional differences in urban energy-climate feedbacks. These
developments help improve the climate simulations and enhance CESM'’s ability to
simulate urban energy use in response to and affecting local to regional climate.
Although these developments are implemented in CTSM, the concept, mathematical
model, and the dataset could be easily adapted to other ESMs. This work represents a
step forward in interlinking climate and energy modeling at a global scale and better

representations of coupled human-urban-Earth dynamics in ESMs.
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As urban areas garner increased attention in national and international climate impact,
adaptation and vulnerability assessments (IPCC, 2022; Reidmiller et al., 2018), the new
explicit-AC-adoption parameterization makes CESM a valuable tool in urban climate
and energy assessmenta on a global scale. The explicit AC adoption scheme sets up
the infrastructure for making global future projections of urban energy and climate under
various climate and socioeconomic scenarios, e.g., the SSP-Representative
Concentration Pathways (RCP) scenario framework. As a global-scale model, CESM
can generate globally coherent results that enable inter-regional comparison and
knowledge transfer. If coupled with other CESM components for dynamic, fully coupled
simulations, CTSM would be able to reveal the indirect impacts of AC adoption rate
changes on large-scale dynamics due to teleconnections that may be amplified under

climate change, which cannot be achieved by regional or local scale models.

The new present-day AC adoption rate dataset constructed in this study fills the gap in
the literature (Davis et al., 2021) by providing global coverage for AC adoption rate data.
It could be leveraged in other ESMs for better parameterization of urban building energy
use, as well as other large-scale models (such as Integrated Assessment Models) or
analyses. It can be used to calibrate existing AC adoption rate models (such as in Isaac
& van Vuuren, 2009) and as base values to project AC adoption rate under various
SSP-RCP scenarios, using AC adoption rate models based on climate (mostly cooling
degree days) and income (such as in Sailor & Pavlova, 2003, and McNeil & Letschert,

2010).
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A few potential development pathways may further improve CTSM’s performance in AC
energy flux modeling. More intra-country AC adoption rate data and global building
thermostat settings data could be readily incorporated when they become available.
Improvements in the resolution and accuracy of the urban surface data, such as the
urban radiative, thermal, and morphological properties, are expected to further improve

the magnitude and spatial correlation of simulated anthropogenic heat due to AC.

Model and tools availability
The CTSM code used in this study is publicly available at [URL to be released upon
publication]. It will be incorporated as part of a future release through the Community

Terrestrial System Model (CTSM) git repository (https://github.com/ESCOMP/ctsm).

Data Availability Statement
The AC adoption rate data and simulation results are archived and publicly available at

[URL and doi to be released upon publication].
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Supporting Information

Grid-cell-based nearest neighbor gap filling

To fill the missing countries and regions in the air-conditioning (AC) adoption rate (p,¢)

dataset derived from the original data sources (Table S1), we perform grid-cell-based

nearest neighbor gap filling with reference to the 33 regions in the original urban surface

dataset (Jackson et al., 2010). The steps are described below.

1.

2.

Fill Greenland, which lies mostly in the arctic circle and is represented by a single
region in the original dataset, with p,. = 0.

Identify regions that contain a single country, and fill all missing grid cells in the
region with that country’s p,. value. These countries include Brazil, Canada,
India, and Russia.

Iterate through grid cells with missing values, starting from the southwest (bottom
left) corner of the global map. Identify its four immediate neighbors: left, right, up,
and down. Check whether a neighbor is filled (i.e., contains a value) in this order:
left, right, down, and then up. As soon as a filled neighbor is encountered, assign
the neighbor’s value to the missing grid cell, and move on to the next missing
grid cell. After this step, missing grid cells on the east coasts of the continents,
and missing countries/regions with filled neighbors to the west are filled.

For the remaining grid cells with missing values, repeat Step 3 but start the
iteration from the northeast (top right), and check the neighbors in this order
instead: up, down, right, and then left. After this step, missing grid cells on the

west coasts of the continents, and missing countries/regions with filled neighbors
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to the east are filled. The remaining grid cells are islands isolated from the land
mass.

5. All remaining missing grid cells in Japan are assigned Japan’s p,. value. This is
a special handling step before the final sweep, due to the fact that the region
Japan is part of contains also South Korea and North Korea, where the p,
values vary between 0% and 91%. Assigning the median of this region would
misrepresent the p,. values of the islands in Japan.

6. lterate through the 33 regions, and assign the median p,. value of all available
countries in each region to all missing grid cells in that region. We use median
instead of mean to better represent the average behavior in regions with extreme
(outlier) adoption rate values. We choose the median of all available countries,
instead of all available grid cells in the region, to prevent the p,. value being

dominated by the countries of larger areas.

Deriving AC energy use fractions

The AC energy use fractions (f) are defined as the fraction of AC energy consumption
over the total energy consumption for a given country/region. They are used to scale the
total anthropogenic heat flux (AHF) data from Varquez et al. (2021) and Flanner (2009),
which are based on total energy consumption in each country/region, to obtain the AHF
due to AC used for validation in this study (Figures 4 - 6, and Figures S2 - S4). While
total energy consumption data by country/region are readily available, AC energy
consumption data are sparse, which limits the coverage of possible f data. By

leveraging publicly available datasets from the International Energy Agency (IEA) and
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U.S. Energy Information Administration (EIA), we are able to obtain required data and

calculate f for 14 countries and 50 U.S. states using the methods detailed below.

Country-level data come from two free IEA datasets: 1) Energy Efficiency Indicators

Highlights (EEI) (https://www.iea.org/data-and-statistics/data-product/energy-efficiency-

indicators-highlights), which contains annual sectorial (residential, commercial, industry

and transportation) and end-use final energy consumption (including AC energy
consumption for residential and commercial sectors) for select countries; and 2) World

Energy Balances Highlights (WEB) (https://www.iea.org/data-and-statistics/data-

product/world-energy-balances-highlights), which contains annual total primary and final

energy consumption for select countries. A total of 15 countries/regions (including the
U.S.) have AC energy consumption data in EEIl. We calculate country-level f for the 14

countries/regions excluding the U.S.

Among these 14 countries/regions, 11 have total energy consumption data available in
WEB. These are: South Korea, Germany, Japan, France, Portugal, New Zealand, Italy,
Morocco, Netherlands, Canada, and Spain. For each of these countries/regions, f is

calculated as:

f — EAC,resE+ EAC,com’ (31)
tot

where E,¢ s and E4c om are average annual AC energy consumption for residential
and commercial sectors, respectively, and E,,; is the average annual total primary

energy consumption. The average is computed for 2010 - 2019 ignoring missing years.
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For the remaining 3 countries/regions without E;,; data, which include Uruguay, Taiwan,
and Hong Kong, we approximate total primary energy consumption with total final
energy consumption (i.e., energy conversion and transmission losses are excluded),
and calculate f as:

Eacres + Eac,
f — res com ’ (32)
Eres + EcomtEind *+ Etra

where E,.s, E.om, Eina @nd E;., are average annual total energy consumption for

residential, commercial, industrial, and transportation sectors, respectively.

U.S. subcountry-level data come from three EIA datasets: 1) 2015 Residential Energy

Consumption Survey (RECS) (https://www.eia.gov/consumption/residential/data/2015/),

which include the annual final end-use (including AC) energy consumption in the
residential sector at the census division level (the 50 U.S. states are grouped into 9
census divisions); 2) 2018 Commercial Buildings Energy Consumption Survey (CBECS)

(https://www.eia.gov/consumption/commercial/data/2018/), which include the annual

final end-use (including AC) energy consumption in the commercial sector at the census
division level, and 3) 2020 State Profiles and Energy Estimates

(https://www.eia.gov/state/), which include annual total primary energy consumption for

all sectors (including residential, commercial, transportation, and industrial) at the state

level.

We combine the three datasets and calculate f for each state as:

f — E’AC,res . Eres ElAC,com . Ecom (33)

! ! Il
E'yes Etot E'com Etot
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where the prime symbol denotes the census-division value of the respective quantity is
used. This allows us to obtain state-level estimates of f by leveraging census-division

level statistics where state-level information is missing.

100 .
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Figure S1. The linear model fit between AC adoption rate and number of AC units per

household for 34 countries.
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Figure S2. Improvements in modeled anthropogenic heat flux due to AC for available
countries/regions in 2010 - 2014. (a), observational estimates derived from Flanner
(2009), (b) modeled AHF due to AC using the new explicit-AC-adoption scheme

(EXP_AC), and (c) modeled AHF due to AC using the original implicit-AC-adoption
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938 scheme (IMP_AC). Numbers in panels represent the total anthropogenic heat plotted in
939 each panel. R is the pattern correlation between each panel and panel (a).
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Table S1. Air-conditioning (AC) adoption rate data sources.

Country/region

Data year

Data source

AC adoption rate

Japan

United States
(country level)

Korea

Saudi Arabia

China
(country level)

Mexico

Brazil

Indonesia

South Africa

India

2018

IEA, Percentage of households equipped with AC in selected countries,
2018, IEA, Paris https://www.iea.org/data-and-statistics/charts/percentage-
of-households-equiped-with-ac-in-selected-countries-2018, IEA. License:
CCBY 4.0

Argentina

El Salvador

Germany

Ghana

Nigeria

Pakistan

Paraguay

Russia

Sierra Leone

Uruguay

2010

Davis, L., Gertler, P., Jarvis, S. & Wolfram, C. Air conditioning and global
inequality. Global Environmental Change 69, 102299 (2021).
https://doi.org/10.1016/j.gloenvcha.2021.102299
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Gao, Y., Chan, E. Y. Y., Lam, H. C. Y., & Wang, A. (2020). Perception of
Potential Health Risk of Climate Change and Utilization of Fans and Air

Hong Kong 2012 Conditioners in a Representative Population of Hong Kong. International
Journal of Disaster Risk Science, 11(1), 105-118.
https://doi.org/10.1007/s13753-020-00256-z
Statistics Canada, Environment, Energy and Transportation Statistics

Canada 2019 Division, Air Conditioners, 2023.
https://www150.statcan.gc.ca/t1/tbl1/en/tv.action?pid=3810001901

Australia Australia Bureau of Statistics, Environmental Issues: Energy Use and

(country and 2014 Conservation, 2014, Table 5.

state Ig/e/s) https://www.abs.gov.au/AUSSTATS/abs@.nsf/DetailsPage/4602.0.55.001
Mar%202014?0penDocument
Israel Central Bureau of Statistics, Table 14, Ownership of Durable Goods

Israel 2015 in Deciles of Households by Net Income Per Standard Person, 2015,
https://www.cbs.gov.il/he/publications/DocLib/2017/1677/t14.pdf
Singapore Department of Statistics, Report on the Household Expenditure

: Survey, 2019, Chart 3.6.

Singapore 2017118 https://www.singstat.gov.sa/-
/media/files/publications/households/hes201718.ashx
Malta National Statistics Office, Development of Detailed Statistics

Malta 2010 on Energy Consumption in Households, Table 4, https://cros-
legacy.ec.europa.eu/system/files/SECH_Project Malta.pdf

Bangladesh Asia Frontier Capital, AFC Asia Frontier Fund: 2019 Review and Outlook

2019 for 2020, 2019. https://www.asiafrontiercapital.com/2019/406-newsletter-

Sri Lanka issue-103-review-2019-and-outlook-2020.html

Thailand

Malaysia Enerdata, The Future of Air-Conditioning, 2019, Figure 2.

Between |https://www.enerdata.net/publications/executive-briefing/the-future-air-

Spain 2010 and |conditioning-global-demand.html

2019

Turkey

Italy Enerdata and Davis et al. (2021)

The Seattle Times, Hotter days, but much of Europe still cool toward air

Greece 2015 conditioning, 2015. https://www.seattletimes.com/nation-world/hotter-days-
but-much-of-europe-still-cool-toward-air-conditioning/

Taiwan 2015 National Bureau of Statistics of China, China Statistical Yearbook 2016,
Chapter 28. http://www.stats.gov.cn/sj/ndsj/2016/indexeh.htm
U.S. Energy Information Administration, Residential Energy Consumption

United States 2020 Survey 2020, Highlights for air conditioning in U.S. homes by state, 2020,

(by state)

https://www.eia.gov/consumption/residential/data/2020/index.php?view=sta
te

Number of AC units per household
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