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Abstract:

Urbanization (urban land change) alters local and regional climate through biophysical and
biogeochemical processes and has broader climate impacts through atmospheric feedbacks.
Despite its critical climate impacts, urban areas have rarely been explicitly represented in global-
scale Earth system models, and physically-based transient urban representations are missing as
well. The Community Earth System Model (CESM) has a physically based urban land
parameterization — Community Land Model Urban (CLMU) — that is sufficiently detailed to
represent the properties and processes in the urban environment. We improve this model by
implementing a dynamic urban scheme to represent transient land use due to urbanization.
Leveraging existing urbanization projection datasets, the new scheme allows urban extent to be
updated annually during a climate simulation while conserving energy and mass balance during
the transition. Land-only simulation results confirm the robustness of the new dynamic urban
scheme and demonstrate the direct local climate effects induced by urban land expansion. In the
appendix of this paper, we also document two recent improvements to the building energy

scheme of CLMU.

Plain Language Summary

The Community Land Model Urban (CLMU) is the urban component of the Community Earth
System Model (CESM) for simulating the urban effects on local climate on the global scale.
Although CLMU features a realistic physical representation of cities, a key limitation is that its
urban extent does not change over time, even if urban land change is and will continue occurring
in reality due to rapid urbanization. This paper describes a new transient urban capability in

CLMU where urban extent in the model can change dynamically throughout a simulation, thus
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further enhancing the accuracy of the urban representation. We demonstrate the difference in
local urban climate when the urban area is changed annually according to a projection, compared
to when urban extent stays unchanged. This new model capability provides an essential modeling
infrastructure to investigate the combined effects of future global climate change and
urbanization on local urban climates. In the appendix we also present two improvements to the

CLMU that improve the accuracy of building energy simulation.

Key points

1. A new transient-urban capability for CESM enabling dynamic urban representation
consistent with climate change scenarios is developed.

2. Urban land time series datasets are developed and model tools are modified to allow for
user-supplied urban projection for CESM simulations.

3. Simulations with the new transient urban feature demonstrates local climate effects

caused by urbanization coupled with climate change.
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1. Introduction

Cities are hotspots of climate change hazards, exposure, and vulnerability (Grimm et al., 2008;
IPCC, 2014; Mora et al., 2017; Tuholske et al., 2021; J. Yang et al., 2023; Zhao et al., 2021a).
Global climate change is projected to elevate both persistent stress (such as prolonged heat stress
and water scarcity) (Gray et al., 2023; He et al., 2021; IPCC, 2021; Knutti & Sedlacek, 2013; J.
Liet al., 2018; Patz et al., 2005) and the intensity, frequency, and duration of climate extremes
(such as heatwaves, extreme rainfall, flooding, and droughts) (Fischer et al., 2021; Horton et al.,
2016; Meehl & Tebaldi, 2004; Pal & Eltahir, 2016; Zheng et al., 2021; Zscheischler et al., 2018).
Urbanization modifies the land cover and alters local and regional weather and climate through
biophysical and biogeochemical processes (Manoli et al., 2019; Niyogi et al., 2011; Qian et al.,
2022; B. Yang et al., 2019; Zhao et al., 2014), further amplifying those climate-driven hazards
(Baklanov et al., 2018; Cao et al., 2016; D. Li & Bou-Zeid, 2013; Zhao et al., 2018). Over half of
the world's population currently lives in urban areas, and because of rapid urbanization, this will
exceed 68% by the middle of this century (UNDESA, 2018). The concentrated population as
well as civil infrastructures (such as energy, water, and transportation infrastructures) put cities
among the most exposed societal sectors to climate threats (Lai et al., 2022; Lai & Dzombak,
2021; Tuholske et al., 2021; J. Yang et al., 2023). In addition, cities are a mix of socioeconomic
and demographic groups. The disadvantaged communities with limited resources for services,
hospitality, and utilities are disproportionately vulnerable to climate hazards (Chakraborty et al.,
2019; Hsu et al., 2021; Kaur & Pandey, 2021; Y. Li et al., 2018; Salami et al., 2017; Ye et al.,
2021). These risks — intersection of climate hazards, exposure, and vulnerability (IPCC, 2022) —
will likely increase in the future under rapid urbanization coupled with climate change (Huang et

al., 2021; Krayenhoff et al., 2018; Luo & Lau, 2018, 2019; Zhao, 2018). There is a pressing need



106  to understand future urban-specific climate change, dynamics, and the associated risks to inform

107  effective urban mitigation and adaptation strategies (Krayenhoff et al., 2021; Zhao et al., 2017a).

108

109  Despite the critical importance of urban climate impacts, nearly all Earth system models (ESMs)
110 lack an explicit representation of urban areas compared to natural vegetated or rural surfaces

111 (Hertwig et al., 2021; Masson, 2006; Zhao et al., 2021b). The omission of physical-based urban
112 representation across ESMs stems from early versions of global climate models designed for
113 large-scale dynamics in which urban areas were too small to cause discernible effects. This

114 shortcoming hinders not only the simulation of urban effects on local to regional climates, but

115  also the model development addressing coupled human-Earth systems.

116

117  The Community Earth System Model (CESM, Danabasoglu et al., 2020) is one of the very few
118  ESMs participating in the Coupled Model Intercomparison Project (CMIP) (Eyring et al., 2016;
119  Taylor et al., 2012) that has a physically based urban representation (Lawrence et al., 2019;
120  Oleson et al., 2008). In CESM, urban surfaces and their interaction with the lower atmosphere
121  are represented in the Community Land Model Urban (CLMU) based on the urban canyon

122 concept (Oleson & Feddema, 2020). As an explicit urban representation embedded in CESM,
123 CLMU has been extensively evaluated against ground-based and remote sensing observations
124 over cities across the globe (Cao et al., 2016; Demuzere et al., 2008, 2013, 2017; Fischer et al.,
125  2012; Fitria et al., 2019; Jackson et al., 2010; Karsisto et al., 2016; Oleson, 2012; Oleson et al.,
126 2008; Zhao et al., 2014, 2017). Several other ESM model groups have recently begun to

127  incorporate an urban representation in their models. For example, the Geophysical Fluid

128  Dynamics Laboratory (GFDL)’s land model (LM3) deploys an urban canopy model (LM3-UCM)
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to simulate energy, water and carbon exchange between land and atmosphere in urban regions (D.

Lietal., 2016a, 2016b).

Even for ESMs that have an urban representation, a critical limitation is that they lack the
transient urban capability, that is, the ability to represent changes in urban extent in time during a
transient climate simulation. Although dramatic changes in urban extent are expected in the
future (Bren d’Amour et al., 2017; Seto et al., 2017; William Solecki et al., 2013), these changes
and their effects have not previously been represented in transient climate simulations. We note
that LM3-UCM has an option to set an annual rate at which other landscape transitions into
urban, but this transition is uniform globally and cannot provide the essential geospatial
granularity (D. Li et al., 2016a). This universal lack of a transient urban scheme implies that,
while the anthropogenic greenhouse gas (GHG) emissions that urban land makes a significant
contribution to (Creutzig et al., 2015; Seto et al., 2014) are normally prescribed in future
simulations as climate change scenarios (O’Neill et al., 2016; Taylor et al., 2012), the urban land
cover is not consistent with those scenarios. This creates a critical technical barrier for existing
models to simulate the dynamic interactions between the changing and emerging urban land
patterns and climate systems, specifically, the urban development effects on the radiative, heat,
mass, and momentum fluxes and as a result on the local and regional environments. We argue

that representing urban landcover dynamically is essential for global urban climate modeling.

Here our work fills this critical modeling gap by implementing a dynamic urban scheme into the
CESM, making it the first ESM to incorporate transient urban land. The new scheme will expand

CESM’s capability in urban modeling through more flexible urbanization representation. This
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work leverages recent advances in CLM development (Lawrence et al., 2019; Oleson &
Feddema, 2020) and urban land projection data. We have compiled two urbanization datasets
based on datasets developed by Beijing Normal University (BNU) (He et al., 2021) and Gao and
O’Neil (2020) that we test in our new scheme. Although only future projected transient urban
land use is demonstrated in this paper, the methods outlined here can easily incorporate historical
transient urban land datasets when the data becomes available. In addition, we have expanded the
capability of an existing Community Terrestrial Systems Model (CTSM) tool that enables users
to supply other urbanization projections for CESM simulations. CTSM is CESM’s land sub-
model and includes previous versions of the land model such as CLM5 (Lawrence et al., 2019).
The new dynamic urban scheme will be included in the next CTSM release (CTSMS5.2), which

will become the land model component for CESM3.

This paper documents the implementation of the dynamic urban scheme in CESM version 2
(CESM2). Section 2 provides an overview of CESM, its land component — CTSM, and the urban
parameterization (CLMU). The development of the dynamic urban scheme is introduced in
Section 3, along with the datasets and tools used to produce surface datasets for dynamic urban
simulation. A land-only simulation with the dynamic urban scheme and its results are described
in Section 4. In the Appendix, we also document recent improvements in the building energy

scheme of CLMU that are now available in CTSM.

2. Urban modeling in CESM

2.1 Brief overview of CESM, CTSM and CLMU
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CESM is a fully coupled Earth system model consisting of sub-model components resolving
properties and processes for land, atmosphere, ocean, sea ice, land ice, river, and wave. These
components are linked through a coupler to exchange fluxes (Danabasoglu et al., 2020). Among
these components, the CTSM is the land model that represents terrestrial ecosystems’ mass and
energy cycling processes and their contributions and responses to climate variability. CTSM
characterizes Earth’s heterogeneity through a nested hierarchy (Figure 1A), where each grid cell
can have up to seven land units including three urban density types (tall building district, high
density, and medium density) and vegetated, crop, glacier, and lake land units. Each land unit is
further divided into columns (e.g., the urban land units consist of roof, sunlit and shaded wall,
and pervious and impervious canyon floor) and then patches (e.g., plant functional types). Such
hierarchy captures the biogeophysical and biogeochemical processes specific to each land use
and land cover type. In each grid cell, land units are driven by the common climate forcings and
interact with other model components through the coupler simulating the terrestrial ecosystem’s

interactions with the climate system.

Gridcell s

Water / energy
balance correction

Elevation
classes
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Figure 1. CESM representation of land heterogeneity and transient land use land cover
change. A: CESM'’s nested hierarchy that represents land heterogeneity. Urban: TBD = tall
building district; HD = high density; MD = medium density. Vegetated — PFT: plant function
type. Crop — Unirrig: unirrigated. Irrig: irrigated. B: Box shows hypothetical sub-grid
distribution for a single grid cell. Vegetation: VI to V4 denote different plant function types.
Crop: CI to C4 denote different crops or management behaviors (rainfed or irrigated). Red
arrows indicate allowed land unit transitions. Purple arrows indicate allowed lower-level
transitions. In this existing infrastructure, urban land is not allowed to change. C: The dynamic
urban scheme. Urban expansion here is represented by increasing the urban land units’
fractional area in the grid cell. Due to the increase in urban fraction, the grid cell total water
and energy content is altered, which is accounted for by dynamic balance fluxes for water (liquid
and ice runoff to/from river) and heat (sensible heat flux to/from atmosphere), shown as

“Water/energy balance correction”.

The urban land unit and its interaction with the lower atmosphere are represented in the
Community Land Model Urban (CLMU) as part of CTSM. This urban representation is based on
an urban canyon concept which divides each urban land unit into five facets or columns: roof,
sunlit wall, shaded wall, and pervious and impervious surfaces on the canyon floor (Figure 2).
The urban representation accounts for the surface energy balance (radiation trapping, thermal
conduction, air conditioning and heating), hydrology (roof and canyon floor snowpack, water
ponding and run-off, and evaporation), and exchange of heat, moisture, and momentum with the
atmosphere for each individual facet (Oleson et al., 2008). An existing global urban surface

dataset is embedded in the model (Jackson et al., 2010, hereinafter J2010). This dataset
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prescribes the present-day (circa-2000) urban extent, and thermal, radiative, and morphological

properties for every grid cell having an “urban” subgrid land unit. CLMU is simple enough to

operate within a global-scale Earth system model yet sufficiently realistic and detailed to

simulate the urban surface biophysical and hydrologic processes and to capture urban effects on

surface climate across scales.
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2.2 Recent advances in CLMU
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223 After the initial release of CLMU (Oleson et al., 2008) as part of Community Land Model

224 version 4 (CLM4), there have been multiple updates to the urban model that continue to enhance
225  its capabilities (Oleson & Feddema, 2020). First, instead of simulating only one urban land unit
226  per grid cell, multiple urban density classes are introduced, partitioning the urban tile into three
227  density types: tall building district (TBD), high density (HD) and medium density (MD), and
228  each density class demonstrates distinct physical properties. This feature takes full advantage of
229  the existing urban surface dataset (J2010) and provides more granularity for a realistic urban
230  representation than the original version. Second, an urban properties tool was developed to create
231  future urban development scenarios more easily. Third, the CLMU’s building energy model

232 (BEM) was modified to improve its performance in modeling anthropogenic heat fluxes

233 associated with space heating and air conditioning. Lastly, CLMU is now able to generate

234 various heat stress indices that describe the comfort level of urban residents. Details of these

235  model advances are documented in Oleson & Feddema (2020). Two additional updates have
236  been made to the BEM since that time. Building width in the BEM is now explicitly derived

237  from data in J2010 instead of being assumed to be equal to street width. Second, the ventilation
238  flux from building interior to urban canopy air was not being accounted for, and this has now
239  been remedied. Details about these updates, including results from a simulation designed to test

240  the impact on urban canopy air temperature and anthropogenic heat fluxes, can be found in the

241  Appendix.
242
243 3. Implementation of dynamic urban capability

244 The current urban representation in CLMU is static, which means that the urban extent and

245  property data initialized at the start of a simulation are time-invariant throughout the simulation

11
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(Figure 3A). This is in contrast with the treatment of other land units in CESM. Percent cover of
natural vegetation, cropland, and glaciers can be adjusted throughout the course of a simulation,
referred to here as transient land use (Figure 1B). The transient land use is implemented through
two major mechanisms: (i) via a land use dataset (Hurtt et al., 2020) prescribing the land use

conversion, or (ii) through prognosed initiation or loss of glacier.

A Original (static) urban representation

Initialization of
urban landunits

CESM
Surface dataset

|

B Dynamic urban riepresentation

Same urban extents and properties throughout simulation

Initialization of ‘
1 urban landunits = — S— —
CESM land use “Urbanin |~ Urbanin |~ Urbanin | urbanin|

time series files senyeard ot | Byear2 | Doyear3. -l . _yearn

Dynamic scheme:
Annual update

Dynamic scheme: Conservation check ‘

Figure 3. Comparison of existing urban representation and the proposed novel urban
scheme. A: existing urban representation where, once initialized, urban extents and properties
remain constant throughout the simulation. B: dynamic urban scheme, where the model
initializes urban in select regions, and urban extents are updated annually according to the input

data while conserving energy and mass balance.

12



259  To add the transient land use capability for urban land units, our new dynamic urban scheme
260 reads a land use time series dataset that prescribes the percent cover of the three urban land units
261  each year and updates the urban land units throughout the simulation accordingly. The changes
262  inurban area extent in time are integrated with changes in other land units in the model (Figure
263 1C). The following sections describe the implementation of the dynamic urban scheme in more

264  detail.

265

266 3.1 Dynamic urban land data

267  In the default configuration of CLMU, a global dataset (J2010) provides present-day (circa-2000)
268 information on urban spatial extent (i.e., percent cover within a grid cell), urban morphological
269  (e.g., building height, street width, building height-to-street width ratio. roof areal fraction, and
270  pervious canyon floor fraction), thermal (e.g., material heat capacity and thermal conductivity),
271  and radiative (e.g., albedo and emissivity) properties. The spatial extent of urban areas is derived
272  from a population density dataset at 1-km resolution, and the relative weights of different urban
273  density types are based on population and satellite imagery. The dataset defines 33 unique

274  regions globally, grouped according to similar urban surface properties. The urban property data
275  are compiled by synthesizing a variety of datasets, including satellite products, a global database
276  of tall buildings, local building codes data and other municipal documentation, and validated
277  against Google Earth imagery (Jackson et al., 2010). These properties have been updated

278  somewhat as described in Oleson and Feddema (2020).

279

280  The new dynamic urban scheme requires future urban land projection datasets under different

13
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scenarios. Recent efforts in global-scale spatial projections of urban land change provide the
necessary source data. These time series of global urban land projections use remote sensing and
population density data and leverage existing regional/zonal modeling methods (G. Chen et al.,
2020; Gao & O’Neill, 2020; He et al., 2021; Z. Liu et al., 2019) to better captures the regional
heterogeneity in urban development trajectory. Here we generated two CESM-compatible
transient urban land use time series data based on two urban land cover projection datasets — Gao
and O’Neill (2020) (hereinafter GO2020) and He et al. (2021) (Supplementary Information;
hereinafter BNU), aiming to demonstrate the validity of our new dynamic urban scheme. The
BNU and GO2020 datasets provide the global urban land cover between 2020 - 2070 and 2010 -
2100, respectively, in decadal intervals under five CMIP6 ScenarioMIP (O’Neill et al., 2016)
Shared Socioeconomic Pathways (SSPs) at a 1-km resolution. The historical urban land cover in

the year 2000 is also available in the GO2020 dataset.

CESM provides the infrastructure for users to process input data, which includes the THESIS
(Toolbox for Human-Earth System Integration and Scaling) tool to create the raw urban extent
and urban properties datasets and the CTSM mksurfdata esmf tool to create surface datasets and
land use time series datasets at the desired spatial resolution for model simulation (Oleson and
Feddema, 2020). Here we use the THESIS tool to combine the 1-km urban land cover data with
urban properties and then aggregate the urban extent to 0.05° resolution (Figure 4). The original
THESIS tool described in Oleson and Feddema (2020) only accepts binary urban land cover
input but has been modified in this work to accept generic data format. It assumes that the input
urban land cover data is urban fraction with respect to the grid cell area (e.g., as provided by the

G02020 dataset). At this point, all urban areas are assumed to be MD. The land use time series

14
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file compatible with CLMU’s configuration requires three urban density types (TBD, HD, and
MD). Thus, the 0.05° urban land cover files need to be further divided into these three density
classes. The partitioning we use here references the J2010 urban dataset and is based on the

following rules and assumptions.

At the beginning of the time series, the urban area in each grid cell is partitioned according to the
ratio of the density types in that grid cell in the J2010 dataset. If an urban land unit later grows or
shrinks, the area of each urban density type increases or decreases proportionally. If a new urban
land unit appears at any point in time (either at the start of the time series or later) in a grid cell
where urban does not previously exist in the J2010 dataset, the percentages of the three density
types are assigned to the average value in the “region” that the grid cell belongs to. Here the
“region” refers to the 33 physically and socially unique zones defined in J2010. These rules
essentially assume that the morphology of an emerging urban area will resemble other cities in

its vicinity.

Then, the decadal 0.05° urban data were linearly interpolated to generate annual urban data files
from 2020 to 2070 for the BNU dataset and from 2015 to 2100 for the GO2020 dataset. The
historical annual urban data from 2000 to 2015 is also created for the GO2020 dataset. In this
process, the average urban fraction of the five SSP scenarios was calculated in 2010 and 2015,
respectively, which is used as the historical urban land cover for those two years. Then the
annual urban fraction from 2000 to 2015 were interpolated based on historical urban fraction in

2000, 2010, and 2015.
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Finally, the 0.05° urban data from 2000 to 2100 and data files of other land cover types are
ingested by the mksurfdata esmftool to create a surface dataset in the year 2000 and a land use
time series dataset for the period of 2000 — 2100 at the desired spatial resolution for model
simulation (Oleson and Feddema, 2020). Since the BNU datasets only provide urban data from
2020 to 2070, the urban land cover from 2000 to 2019 takes the values of 2020 and the urban
land cover after 2070 is fixed at the 2070 level. Here the mksurfdata _esmftool has been
modified to include annual urban fractions in the land use time series files. To reconcile the area
change of urban with other land use types, we make the following informed assumption. In the
case of a decrease in the urban area, the urban area would transform into natural vegetation and
bare soil (i.e., vegetated land unit). As for urban expansion, cities will first replace natural
vegetation and bare soil, and then cropland. Cropland is assigned higher priority based on our
view that food security will continue to be a priority given the growing population (J. Chen et al.,
2017; Gregory et al., 2005; Vermeulen et al., 2012). Note that in the original BNU dataset, urban
area can shrink at certain future time points as the projected urban population decreases. Here we
make a "non-decreasing" urban area assumption that the urban fraction will be kept at the
previous decadal level if the BNU data predicts it to shrink. This is a reasonable assumption
because in reality, the physical urban landscape would not necessarily be converted back to
vegetated landscapes even if the urban population decreases. The GO2020 dataset does not have

shrinking urban areas.

To summarize, the process to generate a land use timeseries dataset with transient urban land is

as follows: First, we use the THESIS tool to combine the decadal 1-km resolution urbanization
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projections with urban properties and upscale it into an urban fraction dataset at 0.05° resolution.
Then we classify the urban area further into three density types and interpolate the decadal urban
fraction datasets to annual data. Finally, we use the annual urban data as the input to the
mksurfdata_esmftool to generate the surface dataset in 2000 and the land use time series dataset
for the period of 2000 — 2100. The surface datasets and land use time series datasets based on the
G02020 data under five SSPs scenarios are made available for users at 0.9° X 1.25° resolution,
however, datasets at other resolutions can be created using the mksurfdata_esmf tool. This
workflow (Figure 4) has been incorporated in the modified THESIS and mksurfdata esmftools
which are published open-source (see Data and Code Availability statement) along with this
paper. With these tools users can also convert an urbanization projection of their preference into
datasets compatible with CESM and thus dynamically simulate the climate effects of

urbanization according to that projection.

Assign urban 0.05 ° PCT URB
. 0.05° urban fraction . an areas @ ; .
1 km resolution s | density classes T:;m::;u:;;s wedividedas  Temporal Modified
-ve: orvals 0 density classes , ), H .
10-year intervals linear mksurfdata

THESIS Classified urb interpolation gy nvat wrban raw  tool Landuse.timeseries

Unadjusted urban 5 o5 P
Urban eX(eply - r’a il —" e ata 20002100 7 data 2000:2100)

Figure 4. Illustration of the process and tools for urban transient land use dataset

processing.

The resulting urban cover in the surface dataset and the land use time series are expressed in the
form of each urban density type’s fractional areal weights relative to the land fraction of the grid
cell. Figure 5 demonstrates the urban land change from the land use timeseries dataset at 1

degree resolution, based on BNU projection. The total urban area increases by 82% from 2015 to
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370 2070 (from 8.9 x 10° km”to 1.6 x 10° km?), with TBD, HD and MD increasing by 8.7%, 48%
371  and 91% respectively. There are 3,657 and 4,291 grid cells with urban areas in 2015 and 2070,

372 respectively. 4,245 grid cells see expansion in urban areas from 2015 to 2070.

le6 Total Urban Area

=

Area (km?)
AN

=
(=}

Latitude

1e6 Urban Area by Density Class

0

-0.5

Area Increase (10° km?)

C 125
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High Density
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-0.0 < 425

Longitude 0.00

2020 2030 2040 2050 2060 2070

373 Year

374  Figure S. Global urban expansion, according to BNU projection, SSPS scenario. A: Urban
375  area change from 2015 to 2070. Right: Projected global total urban area (B) and areas of each

376  urban density class (C), in 10° km’. Projection starts from 2020.

377
378 3.2 Dynamic urban module

379  In the dynamic urban scheme, the model updates the extent of urban areas each year from the
380 new land use time series file described above. We modified the model input/output (I/0)

381 interface to supply the urban extent information from urbanization land use time series, rather
382  than from a static surface dataset in the current version of CLMU. The dynamic urban module
383  updates the urban extents at the beginning of each model year (Figure 3B). As a special

384  consideration, if the timespan of a simulation is longer (at beginning or end) than that of the
385  urbanization time series, the first time slice in the data is used to define the urban extent for all

386  model years prior to that year, and similarly the last time slice in the data applies to all model
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years after that year.

Urbanization can be realized through either the expansion of existing urban areas or the
emergence of new urban areas from formerly rural or unmanaged land. In the former scenario,
urban growth is represented as growth in urban extent in the same grid cell, or more specifically,
as an increase in the urban land unit weight within the grid cell. The newly developed urban area
maintains the same state variables as the existing urban area and therefore forms a smooth
transition. The latter situation, however, involves establishing a new urban land unit in a grid cell,
and consequently poses an initialization problem. Like other land use types, the urban
representation in CTSM involves biophysical processes that require interactions with the
atmospheric forcing. After the simulation has started, it is not feasible to initiate new urban land
units with the proper initial state, and an urban land unit with a “cold start” state would not be in
equilibrium with past atmospheric forcing. One possible solution is to initialize all three urban
land units virtually in grid cells where there is no urban landscape at the start of the simulation,
calculate all the urban processes along the way, and set urban to zero area weight if no new
urban land emerges in later years so that they don’t influence the surface fluxes sent to the
atmosphere. This solves the initialization problem but is computationally inefficient. To improve
the computing efficiency, we only initialize urban land units where urban areas already exist or
will emerge later in the simulation. This is done by pre-examining the transient urban land use
time series to determine the maximum fraction of urban area at each grid cell across the entire
timespan. The model then reads this maximum urban percentage information and initializes and
runs urban columns only where necessary. A grid cell with zero maximum indicates that an

urban land unit will never emerge in this grid cell throughout the simulation period and therefore
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the urban initialization will not be invoked. Our testing results indicate this procedure leads to
more than 10% improvement in model efficiency compared to the all-active zero-weight urban

method.

Similar to other dynamic land units, this dynamic urban feature can be switched off in the case

configuration phase when a simulation with static urban extent is desired.

3.3 Energy and water conservation in land conversion

Urbanization — land use conversion from natural vegetated or crop to urban land unit — can cause
failures of mass and energy conservation in the model. CTSM has an existing mechanism to
handle the energy and mass (water, carbon, and nitrogen) conservation for certain types of land
use transitions (conversion between vegetation, crop, and glacier land units). We leverage the
existing mechanism and, with several necessary modifications, extend it to handle urban land

changes.

For energy conservation, the model assumes that when land unit areas change, the state variables
remain constant on a per-area basis, which may lead to changes in total grid cell energy content.
For example, if an urban land unit has a higher value in heat content (expressed in J - m~2) than
another landunit, and when the former expands and replaces part of the latter, they each retain
their heat content values, leading to a net increase energy in the grid cell. This artificial change
will violate the surface energy balance in the model if not accounted for. To account for such

discrepancy caused by land use conversion, a fictional “balancing flux” has been introduced to
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balance any change. The flux is distributed evenly throughout the whole year following the land

use change to avoid any large or abrupt changes.

For water, we treat liquid water and ice separately and use a similar approach as energy.
Specifically, the model keeps the pre-conversion per-area water contents for different land use
types at the same level, and we account for the water content differences due to the conversion
with “water balancing fluxes”. For example, if urbanization leads to water loss, we create an
outgoing flux (represented as runoff) to fix the discrepancy. Note that the energy transfer

associated with the water or ice balancing fluxes are also considered in the energy balance.

Testing results demonstrate that both water and energy are properly conserved with this
treatment. After the balancing fluxes are accounted for, the remaining imbalances are below the
specific energy and water balance thresholds used in the model and are thus considered
negligible. An example of the residual in water and energy balance after correction for year 2020
is shown in Figure 6 and Table 1 (for the simulation described in section 4). After urban extents
change at the beginning of the year, there is change in global average liquid water content of
0.034 mm at the beginning of the year due to urban land cover change. An adjustment of

1.1 X 1072 mm - s~ (global average; the actual adjustment is applied individually to each grid
cell) to the global runoff throughout the following year balances the liquid water content to

3.0 X 1077 mm (Figure 6B). Similarly, there is a change in the global average heat content at the

2 2

beginning of the year of —46 kJ - m™ , consisting of a change in heat content of 21 kJ - m™
and a change in heat content contained in the runoff (—67 kJ - m~2). An adjustment to the global

sensible heat flux of 3.3 X 10™* W - m~2 throughout the following year correct corrects this to
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455 —1.8 kJ - m™~2 (Figure 6A), a value that is much smaller compared to the average global heat
456  content of 3.1 X 10° kJ - m~2. We have checked every grid cell in our simulation and confirmed

457  that the errors after correction meet our balance criteria.
458

459  Table 1. Global average of imbalance before and after “balancing flux” correction at the

460  beginning of year 2020.

Global average discrepancy

Quantity Balancing flux

Before correction After correction
Liquid content 3.4x 107 mm 3.0 x 107 mm 1.1 x 10° mm-s™
Ice content 6.6 x 10”° mm -1.6 x 10° mm 2.1 x 10" mm-s’
Heat content -46 kJ/m’ -1.8 kJ/m? 3.3 x 10 W-m™

461
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463  Figure 6. Water and energy discrepancy throughout land use change after the adjustment
464 by “balancing fluxes”. A, B and C are grid-cell changes in heat (including latent heat in runoff),

465  water and ice, respectively, when the land use change happens at the beginning of 2020.
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We note that the urban land unit does not model carbon and nitrogen in the current version of the
model and therefore we only account for changes in energy and water. Our new scheme does
track the carbon and nitrogen change associated with urban land change for mass conservation
purpose in the model. The carbon and nitrogen will be stored when urban land unit replacing
vegetated or crop land and will be released when vegetated or crop replaces urban. The stored
carbon and nitrogen are treated as inert pools and can be properly conserved in the model with

this method.

4. Dynamic-urban simulation results and discussion

Using a standard test suite available as part of CTSM, the new dynamic-urban scheme has passed
the tests that check for proper operation under a large range of possible CESM model setups and
conditions, including evaluation of performance (speed), memory, and I/O. To further illustrate
the application and function of the new scheme, we conducted a pair of land-only simulations.
These simulations are for the purpose of demonstrating the validity of the dynamic-urban scheme,
rather than projecting future urban climates under climate change and urbanization, because

land-atmosphere interactions and feedbacks are not represented in these uncoupled runs.

The two simulations were run from 2015 to 2070 at a spatial resolution of 0.9° latitude x 1.25°
longitude, one with constant urban land cover (StaticUrban) and the other with the dynamic
urban scheme (DynamicUrban). The atmospheric forcing data is taken from atmospheric output
from a fully coupled simulation under a very high-emission Shared Socioeconomic Pathway-

Representative Concentration Pathway scenario, SSP5-8.5. Except active river model, other

24



488

489

490

491

492

493

494

495

496

497

498

499

500

501

502

503

504

505

506

507

508

509

510

model components of CESM are in their data modes (stub ice, ocean, wave, and glacier (land
ice)). For illustrative purpose, only the DynamicUrban simulation with the BNU projection data

1s shown here.

The simulation results confirm that our new dynamic urban scheme functions properly in the
CESM modeling framework and demonstrate the direct local climate effects of urban expansion
(Figure 7). These effects are shown as grid-cell level differences between DynamicUrban and
StaticUrban runs, averaged during 2061-2070. Because there are no feedbacks from land to the
atmosphere in the land-only simulations, the grid-cell mean differences between the two runs are
essentially caused by the changes in area weights of urban land units in the model (i.e.,
urbanization). The urban subgrid climate outputs (state and flux variables) do not differ when the
urban extent changes under the identical climate forcings between the two runs. Urban
expansion is shown to cause an almost consistently higher 2-m temperature (T,) in the grid cells
with expanding urban landscape, with an average difference of 0.0124 + 0.008 K (mean + 95%
confidence intervals (CI)) compared to the static urban case (Figure 7A). This is essentially
because the temperature of emerging urban area is higher than that of the landscape being
replaced (urban heat island effect, Zhao et al., 2014). Our results also show a near-universal
decrease in 2-m relative humidity (RH) in grid cells with expanded urban area, with an average
absolute difference of -0.0762 + 0.0046% (Figure 7B). This is largely due to the large fraction of
impervious surfaces in urban areas replacing the original permeable landscapes (such as bare soil,
vegetated, or crop land) which reduces the surface evapotranspiration. Empirical observational
evidence exists for such an urbanization-induced decrease in local RH in recent decades (W. Liu

et al., 2009; Luo & Lau, 2019; Meili et al., 2022). The loss of pervious surfaces during urban
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expansion channels more available energy to surface convection rather than evapotranspiration,
as evidenced by increased sensible heat flux (SH) and decreased latent heat flux (LE) over most
urbanized areas (Figure 7C and 7D). The average SH for grids with urban expansion is 0.151 +

0.013 Wm™ higher in DynamicUrban than StaticUrban. For latent heat, the difference is -0.116 +

2
0.011 Wm™.
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Figure 7. The direct local climate effect of urbanization as represented by the BNU dataset.
Plots demonstrate the difference in 2-meter air temperature (AT,), (A), relative humidity (ARH),
(B), sensible heat (ASH )and latent heat (ALE), (C, D) between dynamic urban and static urban

simulations. Differences are grid-cell average values for 2061 to 2070.

These direct climate effects are most pronounced in regions where there are both already high
urban fractions (since urban area has more weights in the grid cell) and significant projected

urban expansion (e.g., United States, West Europe, coastal Australia). Because the simulations
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are uncoupled, the magnitude of the direct climate effect is roughly proportionate to the change
in urban extent. Examples can be illustrated by the local (urban subgrid) and regional (grid cell
average) warming in Southern California, US, and Sydney, Australia (Figure 8). Both regions are
projected to experience extensive urbanization (denoted by the increasing dot sizes) and urban
warming (color of the dots) in the coming decades. The direct effects shown in grid-cell average
temperatures increase with the increase of urban extent. The local urban (subgrid) warming is
purely from the climate change signal from the forcings in our offline simulations. If a fully
coupled simulation (e.g., active atmosphere) is conducted, we expect “indirect” climate effects
from urbanization which, through land-atmosphere interaction and feedbacks, further alter local

urban and regional climate.
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Figure 8. Local urban and regional warming effects of urbanization under climate change.
A (South California, USA, urban region within 150-152 °E, 32-35 °S) and B (Sydney, Australia,
urban region within 117-119 °W, 32.5-35.5 °N) are two cases showing the local and regional
warming effects. Left Y-axis indicates the grid-cell average warming caused by urbanization.
Color denotes local urban temperature (right Y-axis), and symbol size denotes urban expansion
(percentage of area change compared to 2015). Urbanization projection (BNU data) starts from
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2020, and urban extent is kept at present-day level between 2015 and 2020.

5. Conclusion

We develop and implement a new dynamic urban scheme in CESM, making it the first Earth
system model that has a transient representation of future urbanization. The new dynamic urban
feature not only makes the urban land use change in the model consistent with the greenhouse gas
emission trajectories, but also extends the modeling capability to dynamically simulate the
climate effects induced by both urbanization and global climate change. Urban areas are often
converted from natural vegetation or cropland. The consequential changes in surface properties
including addition of impervious surfaces and loss of natural vegetation or cropland, would pose
significant influence on local and regional climates. These landscape modifications also alter the
land-atmosphere interactions and deliver indirect climate impacts across scales. The
implementation of the dynamic urban feature is the first step moving forward. The new dynamic-
urban CESM out of this study provides critical opportunities to advance understanding of how
global-scale greenhouse gas warming coupled with urbanization affects local- and regional-scale
climates, a critical question shaping the Earth’s sustainable future. The new dynamic urban
scheme has been released in the latest development version of CTSM

(https://github.com/ESCOMP/CTSM).

Fully coupled simulations with our new dynamic CESM could offer more insights towards
mechanistical understanding of the hydroclimatological impacts of urbanization and climate

change. As the next steps in future work, further improvements will be made to the input data of
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this dynamic CESM/CTSM. Specifically, the dynamic urban land time series will be extended
back to cover the full historical period (since 1850). Besides, proportions of the three urban
density types (TBD, HD and MD) in future projected urban land could be refined using
additional data (e.g., future population distribution data), instead of simply being inherited from

J2010.

Code and Data Availability

The code of the new dynamic urban scheme is publicly available in the latest development
version of the Community Terrestrial System Model (CTSM) via its git repository

(https://github.com/ESCOMP/CTSM). The modified THESIS urban properties tool and

mksurfdata_esmftool are available at https://figshare.com/s/4a890655b34498c1d082 (DOI:
10.6084/m9.figshare.22680331). The two CESM-compatible transient urban land use time series
datasets (i.e., GO2020- and BNU-based) are available from the CESM input data repository on

NCAR'’s Cheyenne cluster as an optional surface data input for CTSM/CLMU.
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Appendix

Supplemental Material
In the derivation of the building energy model (BEM) in Oleson and Feddema (2019) an
assumption was made that the building width is equal to the street width. Here however, this

assumption has been relaxed and building width is now derived from the data in the Jackson et al.

(2010) morphology dataset. Specifically, the BEM equations which use 7 / W (building height
to street width ratio) now use / W, (building height to building width ratio). Building width is
WB = WS I/Vmof/

Where VVmof is roof fraction.

roof

The BEM equations are modified as follows. Following the derivation in Oleson and Feddema

(2020) (Egs. 1-6), an energy balance is constructed for each interior surface and indoor air as

F;d,roof +ch ,700f F::d,roqf = O (1)
Ed,smw +ch,sunw +ch,sunw = 0 (2)
F;d,shdw +F vshaw T +F, od,shiw — 0 3
E’d , floor +P;v, foor +F;d, floor = 0 (4)
az;B .
VBPC Z éfc 2% Afc( ig,sfc ];B)_Vventpcp(]:tc _7;3) =0 ®))
sfc
where F .« 1S the net longwave radiation (W m’ ) , 18 the convection flux (sensible heat flux),

and £, is the heat conduction flux (W m" %) for each surface. In Eq. (5), V, is the volume of

building air (m®), 0 is the density of dry air at standard pressure P, and indoor air
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609  temperature Ty, (P=P,/R, T, where P, =101325 Paand R, =287.04 JK ' kg is the dry

610  air gas constant), C, = 1.00464x10’ is the specific heat of dry air (J kg K'), A,,. is the area

(4

611 (md), hcv’sfc is the convective heat transfer coefficient (W m?> K™"), and 7, is the interior

ig,sfc

612  surface temperature of each surface (subscript sfc is roof, sunw, shdw, or floor). The last term in

613  Eq. (5) represents exchange of indoor air and outdoor air in the urban canyon where Vvem is the

614  ventilation air flow rate (m’ s™') and T, is the urban canopy layer air temperature (K).
615
616  Since V,=W,LH (m’), Amof =Aﬂoor =W,L (m*), and 4, = A4, =HL (m?), where W, is

617  building width (m), H is building height (m), and L is building length or depth (m), Eq. (5)

618 can be rewritten as

oT,
H P Cp a;B - hcv,roqf (T;g,roq T 7: ) - hcv,ﬂoor (T;g, floor 723 ) - W hcv,sunw (T;g,sunw - Y;B )

619 (6)
H ACH

_thv,shdw (Zg,shdw _T;B ) _(%j}[pcp (7—;10 _YZB ) = 0

B
620  where ventilation is represented by ACH , the number of air exchanges between indoor and
621  outdoor volume of air per hour.

622

623  The view factors between surfaces used in determining the net longwave radiation for each

624  interior surface as described in Text S1 in Oleson and Feddema (2019) are also modified as

2
625 \P floor—roof = 1 + i - i (7)
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638

639

640

641

642

643

1

wall— floor = 5

¥ (1 =¥ oo toor ) )

b4
\P ‘ — wall— floor 9
Sfloor—wall H/ WB ( )

\Proof—wall =Y floor—wall (10)
‘Pwall—roof = \Pwall—_ floor ( 1 1)
Y, = 1_‘Proof—wall _\P_ floor—wall + (12)

Note that for Wmf =05, W, =W, the assumption in the original version of the model.

Second, the effects of ventilation (exchange of building air with canopy air) as described in

Oleson and Feddema (2020) are accounted for in the energy budget inside the building as shown
in Eq. (5) where Vvem is the ventilation air flow rate (m® s™). However, the opposite and equal
flux to the urban canyon was not accounted for. The following remedies that omission and the
sensible heat flux into the urban canyon due to ventilation (£, ) is added to the canyon floor

similar to the sensible heat due to wasteheat and the heat removed by air conditioning.
Following equation 4.26 in (Oleson et al., 2010), the sensible flux into each urban surface / is

now

+H +H (13)

aircond, g vent,g

h = L_S;g —Zg _Hg _/lEg +Hwasteheat,g

where Sg is the absorbed solar radiation, L is the net longwave radiation, and ¢ and iEg are

the sensible and latent heat fluxes, all in W m™. The terms /7, wasteheat, g » ]‘[amw, ¢»and H vent,g are
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the wasteheat from space heating/air conditioning, the heat removed by air conditioning, and the

ventilation heat flux, respectively, applied only to the pervious (prvrd) and impervious canyon

floor (imprvrd)

H _ H _ H wasteheat

wasteheat, prvrd — * " wasteheat ,imprvrd 1—W

- roof
H wasteheat ,sunwall = H wasteheat ,shdwall = H wasteheat ,roof = 0
_ aircond
Haircond,prvrd - Haircona’,imprvrd - 1—W
roof ( 1 4)

H aircond ,sunwall = H aircond ,shdwall = H aircond ,roof = 0
H — — H vent

vent, prord — * " vent,imprvrd 1—W

- roof

Hvent,sunwall = Hvent,shdwall = Hvent,roof = 0

where H ., . and H__ , are the total waste heat and heat removed by air conditioning.

H . is the total ventilation heat flux (see Eq. (6))

vent

ACH
H, =W —— |HpC (T,-T ). 1
ven, mof(3600) p P( iB aC) ( 5)

Oleson and Feddema (2020) reported on results using the BEM from a global land-only (with
CLM uncoupled from an active atmospheric model) simulation (CLM5 UPV2 BEMV2). Here,
a new historical simulation (CLM5_UPV2 BEMV3) that includes the two modifications
described above was conducted for 1850-2005 using CLM5
(https://github.com/ESCOMP/CTSM/releases/tag/clm5.0.dev010). The results for 1986-2005
are compared to the original simulation to assess the combined effects of the modifications on

urban canopy air temperature and anthropogenic heat flux (AHF).
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Following the analysis in Oleson and Feddema (2020), the spatial pattern of differences in mean
(Tmean), daily maximum (Tmax) and minimum (Tmin) urban canopy air temperature and AHF
components for CLMU_UPV2 BEMV3 compared to CLM5 UPV2 BEMV?2 are shown in
Figure S1, with a summary of global average AHF components in Table S1. These results
reflect the weighted (by area) average of the three urban density types [tall building district

(TBD), high density (HD), and medium density (MD)]. In general, the modification to use the
derived W, decreases Tmean over most regions while the /1 ,,, modification increases Tmean
(not shown). The increase in Tmean is larger than the decrease such that the combined change in
Tmean is about 0.02 °C averaged globally (Figure S1). The largest increases are associated with
the TBD density type which has the largest building air volume (differences are 0.0°C to 0.35°C

depending on region; not shown). Changes for Tmin are larger than for Tmax mainly because

the building interior is warmer than canopy air at night, particularly in winter, and there is a

positive sensible heat flux into the urban canyon due to the H ,,, modification.

Figure S1 and Table S1 indicates there is an increase in AHF released into the climate system

from the modifications. Global AHF for 1986-2005 increases slightly from 3.47 TW to 3.56 TW

(~3%). Most of this is due to an increase in space heating due to the use of the derived /. In
regions that require space heating in winter, heating increases for W, <0.5 (primarily the

medium density type which has the largest area) and decreases for Wmf > 0.5 (primarily the

TBD density type which has the smallest area).
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Figure S2 indicates that the simulated AHF still compares well with an estimate from Flanner
(2009) over the U.S. with a slight degradation in the pattern correlation. On the other hand, the
positive bias in the model over Europe (Figure S3) increases from about 0.08 TW to 0.20 TW
indicating that the building properties may need to be revisited in this region (e.g., an increase in

roof and/or wall insulation would reduce space heating demand).

In summary, the changes in urban canopy air temperature and anthropogenic heat flux due to

these modifications are generally relatively small, although they can be significant depending on

certain combinations of density type, urban morphology, season, and climate.
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Figure S1. Differences in annual mean (Tmean), daily maximum (Tmax) and minimum (Tmin)
urban canopy air temperature, air conditioning (AC), space heating (HEAT), and wasteheat
between the CLMU _UPV2 BEMV3 and CLMU UPV2 BEMV?2 simulations for 1986-2005.
Numbers in the lower left corner of the plots for Tmean, Tmax, and Tmin represent the global
mean difference (°C) and the numbers for AC, HEAT, and WASTEHEAT represent the global
total difference (TW).
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Figure S2. Comparison of anthropogenic heat flux (AHF) due to space heating and air
conditioning over the U.S. from the (a) CLM5_UPV2 BEM3, and (b) CLM5 _UPV2 BEM2
simulations, and (c) Flanner (2009) dataset (W m™). The Flanner (2009) total AHF from all
sources has been multiplied by 16% to adjust it for energy due only to space heating and air
conditioning (Oleson and Feddema, 2020). The model and Flanner (2009) data have been
masked for each other’s urban areas. R is the pattern correlation between the model simulations
and Flanner (2009).
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Figure S3. As in Figure S2 but for Europe. The Flanner (2009) total AHF from all sources has
been multiplied by 25% to adjust it for energy due only to space heating and air conditioning
(Oleson and Feddema, 2020).

Table S1. Global urban air conditioning (AC), space heating (HEAT), wasteheat (WSTH), and
total anthropogenic heat flux (AHF) (all in terrawatts) for 1986-2005 for the simulations
described in the text. The AHF is calculated as HEAT plus WSTH.

AC  HEAT WSTH AHF

CLM5 UPV1 BEMV2 0.03 288 059 3.47
CLM5_UPV2 BEMV3 0.03 296 0.60  3.56
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