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Abstract

The Community Land Model Urban (CLMU) is a process-based numerical urban
climate model that simulates the interactions between the atmosphere and urban
surfaces, serving as a powerful tool for the convergence of urban and climate
science research. Despite its advanced capabilities, CLMU presents significant
challenges for users unfamiliar with numerical modeling due to the complexities
of model installation, environment and case configuration, and generating model
inputs. To address these challenges, a toolkit was developed, including (1) an
operating system-independent containerized application developed to streamline
the execution of CLMU and (2) a Python-based tool (Pyclmuapp) used to inter-
face the containerized CLMU and create urban surface data and atmospheric
forcing data for the model. This toolkit enables users to simulate urban climate
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and explore climate-related variables such as urban building energy consumption,
urban water balance, and human thermal stress. It also supports the simulation
under future climate conditions and the exploration of urban climate responses
to various surface properties, providing a foundation for evaluating urban cli-
mate adaptation strategies. Overall, this toolkit makes urban climate modeling
more accessible, promoting broader applications from research to practical urban
planning and policy-making.

Keywords: Urban climate modeling, Containerized application, Climate change,
Urban climate

1 Introduction

Urban areas constitute only 0.2%–3% of the Earth’s land surface (Potere & Schneider,
2007; Schneider, Friedl, & Potere, 2009), yet they are home to more than 50% of the
population (Ritchie, Samborska, & Roser, 2024) and account for about 70% of green-
house gas emissions (“Urban Systems and Other Settlements”, 2023). Urbanization
changes the land surface and increases anthropogenic heat emissions, thus inducing
variations in urban climate (Dimoudi et al., 2013; Shahrestani et al., 2015). One of
the critical variations is the urban heat island (UHI) effect, where urban areas retain
more heat than the surrounding areas (D. Li et al., 2024). Such variations often pose a
greater risk of extreme climates (J. Wang et al., 2021; Zheng, Zhao, & Oleson, 2021),
posing the urban economy (Yin et al., 2023), residents’ health (Hu et al., 2023), and
critical infrastructure (Dodman et al., 2022) to high-risk conditions. These impacts
have resulted in numerous studies revolving around the urban climate from technolog-
ical advancements to societal implications (Adilkhanova, Santamouris, & Yun, 2024;
Anderson et al., 2018; Ghanbari et al., 2023; J. Wang et al., 2021; Zhao et al., 2021).

Urban and climate science convergence research often benefits from urban climate
models. These numerical models, built upon physical processes (Grimmond et al.,
2009; M.J. Lipson et al., 2024; Oke et al., 2017a), primarily describe the interaction
of the urban surface with the atmosphere (Oke et al., 2017b), including the impacts
of changing surface properties and anthropogenic emissions. Changes in urban prop-
erties such as cover types, quantities, materials, and structures are linked to urban
form, and changes in emissions are associated with urban function, and both serve as
important components of urban design and planning (Oke et al., 2017b). The associ-
ated interconnections provide the core rationale for urban planning guided by urban
climate modeling. For instance, supported by these models, city authorities can effec-
tively plan and implement strategies to mitigate urban heat island effects, reduce flood
risks, and enhance climate resilience in urban areas (Dodman et al., 2022).

The Community Land Model Urban (CLMU), integrated for urban climate and
surface energy simulations within the Community Land Model (CLM) of the Com-
munity Earth System Model (CESM) (K. Oleson et al., 2010), is the only model in
the Coupled Model Intercomparison Project Phase 5 (CMIP5) that provides physics-
based urban simulations (Zhao et al., 2021). In recent years, the CLMU has played
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an active role in the urban climate research community, contributing to understand-
ing mechanisms such as the UHI effect (C. Li et al., 2024; Lyu et al., 2024) and
humid heat (Zhang et al., 2023). It has also been used to project future urban tem-
peratures (Zhao et al., 2021), heatwaves (Zheng et al., 2021) and humid heat (Yang,
Zhao, & Oleson, 2023), as well as to evaluate the effects of urban adaptation strategies
(L. Wang, Huang, & Li, 2020). Table 1 highlights some of the CLMU’s contributions
to the scientific community over the past five years.

Table 1 CLMU application for the scientific community

Theme CLMU’s contributions Ref

Spatial patterns and mechanism of
UHI

Air temperature UHI analysis Lyu et al. (2024)

Mechanism of UHI Biophysical analysis of UHI C. Li et al. (2024)
Mechanism of humid heat Urban humid heat modeling Zhang et al. (2023)
Projection of humid heat and adapta-
tion

Urban temperature and
humidity modeling

Yang et al. (2023)

Spatial and temporal patterns of urban
canopy air temperature to anthro-
pogenic heat flux

Urban canopy air temperature
and anthropogenic heat flux
modeling

L. Wang et al. (2023)

Correlated analysis of UHI/heat index
and climate dynamics and energy bud-
get

UHI and heat index modeling Mohammad Harmay
and Choi (2023)

Modeling of UHI and thermal comfort
during heat wave

UHI and thermal comfort mod-
eling

C. Li et al. (2023)

Analysis of climate change on global
total and urban runoff

Urban runoff modeling Gray, Zhao, and Still-
well (2023)

Projection of urban heat wave Urban temperature modeling Zheng et al. (2021)
Projection of urban temperature and
humidity

Urban temperature and
humidity modeling

Zhao et al. (2021)

Mechanism of UHI Urban heat island analysis C. Li and Zhang (2021)
Evaluation of adaption strategies Evaluation of the effectiveness

of implementing white roofs
L. Wang et al. (2020)

However, using the CLMU presents three major challenges for those unfamiliar
with numerical modeling. (a) The model installation is particularly complex. As a
numerical model written in Fortran, CLMU requires several supporting software pack-
ages and is limited to UNIX-style operating systems, making it difficult for users of
non-UNIX operating systems. The prerequisites of specific software/dependencies ver-
sions can make installation cumbersome. Users often need to reconfigure their system
to accommodate the model, which adds to complexity. (b) The simulation case con-
figuration (for running the model) is intricate. Users must be familiar with machine
configuration and environment settings, a process that could be tedious and prone to
debugging issues. (c) Running the model requires various urban surface data and atmo-
spheric forcing data, which can be particularly challenging for users unfamiliar with
weather/climate-related numerical simulations. Overall, these obstacles collectively
deter users (e.g., urban climate researchers, educational institutions, and stakeholders
from local authorities (Nilsen et al., 2022)) from easily operating CLMU, potentially
excluding a wide range of users who could benefit from its capabilities. To promote
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the practical application of urban climate modeling in areas such as urban planning
and policy analysis, a more accessible simulation toolkit is necessary.

The objective of this study is to develop a toolkit for executing CLMU that
addresses the aforementioned challenges. The toolkit includes the containerized version
of CLMU (CLMU-App) and the Python tool (Pyclmuapp) that interacts with CLMU-
App. The structure of this study is organized as follows. Section 2 provides an overview
of CLMU. Section 3 presents CLMU-App, which was developed to simplify installa-
tion and environment configuration. Section 4 introduces Pyclmuapp, which facilitates
the creation of urban surface and atmospheric forcing data, as well as the execution of
simulations and customization of scenarios, addressing the challenge of users lacking
input data. Section 5 demonstrates the potential applications of Pyclmuapp by use
cases. The final section summarizes the implications, limitations, and future work.

2 Overview of CLMU

CLMU is a process-based numerical model for simulating urban climate and has
been implemented as part of the Community Land Model (CLM) within the Com-
munity Earth System Model (CESM) (K.W. Oleson & Feddema, 2020; Zhao et al.,
2021). Other Earth System Models (ESMs) also benefit from CLMU, including E3SM
(USA) (Golaz et al., 2019), CMCC-ESM2 (Italy) (Lovato et al., 2022), FGOALS-f3-
H/FGOALS-f3-L (China) (Bao et al., 2020) and NorESM (Norway) (Seland et al.,
2020). Fig. 1 illustrates the CESM subgrid hierarchy and the CLMU canyon model
schematic. In CLMU, urban surfaces interact with the atmospheric forcing variables,
either from prescribed data or through an online atmospheric model, to simulate past,
present, and future climates. While CLMU focuses on simulating urban landunits, its
host model, CLM, also supports other land types, such as vegetation, lakes, crops, and
even glaciers (Fig. 1). Notably, in the current version of CLM, CLMU does not interact
with other landunits, which is why it can be treated as a standalone component.

CLMU models the urban area as an “urban canyon”, characterized by building
height and street width Oke (1987). Within the urban surfaces (“urban columns” in
CLMU modeling)–roof, walls (both shaded and sunlit), and canyon floor (impervious
and pervious roads)–each is modeled to compute turbulent fluxes. The model also
accounts for complex processes such as radiation trapping within the urban canyon,
heat conduction and convection across the urban columns, and roof and canyon floor
(impervious and pervious) hydrological processes, providing insights into urban heat
and water transfer. Furthermore, it integrates a building energy model (BEM) that
accounts for heat conduction, convection, and ventilation of buildings, as well as
anthropogenic heat sources from heating and air conditioning systems (HAC). With
the urban parameterization (using parameters to describe the urban surface prop-
erties), CLMU can compute the energy and turbulent fluxes, and climate-related
variables with the forcing from the atmosphere model or observational data. More
details of CLMU can be found in K. Oleson et al. (2010), and the details of the BEM
in CLMU are described in K.W. Oleson and Feddema (2020). It should be noted that
in the current version of CLMU, vegetation is not explicitly considered. Instead, a
pervious canyon floor is used to approximate evaporation from vegetated surfaces.
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Fig. 1 CESM subgrid hierarchy and CLMU canyon model. ATM: atmosphere model. LND: land
model. OCN: ocean model. ICE: sea ice model.

By providing atmospheric forcing data and urban surface input data, CLMU can
model the climate in the urban canyon. The model time-step is 1800 seconds, which
is sufficient for resolving the diurnal cycle.

CLMU simulations have been validated by both in-situ and remote sensing obser-
vations (Demuzere et al., 2017; Fitria et al., 2019; Mohammad Harmay & Choi,
2023; Zhao et al., 2014, 2021). Zhao et al. (2021) further evaluated the capacity
of CLMU in climate modeling, showing that CLMU reproduces the daily distribu-
tions of urban climate, including maximum, minimum, and mean air temperature,
through comparisons with the observational dataset (PRISM) and Weather Research
& Forecasting Model (WRF) simulations. The results of CLMU and WRF mod-
els demonstrate good consistency in both magnitude and spatial variation of the
projected urban warming signals. Furthermore, in Urban-PLUMBER, a community-
based project for urban climate model intercomparisons focusing on local-scales (order
0.1–5 km) energy exchange between the urban surface and the atmosphere (M.J. Lip-
son et al., 2024), CLMU demonstrated its ability to produce accurate urban climate
responses and offer a relative variety of output variables (experiment details are avail-
able at https://urban-plumber.github.io/AU-Preston/plots/). These results highlight
the effectiveness of CLMU in urban climate modeling.

3 CLMU in a Containerized Environment

Concerning the complexities of installation and environment configuration, we employ
containerization, which packages code and all its dependencies into a standardized
software unit, enabling applications to run efficiently and reliably from one computing
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CLMU-App: workflow

> docker pull envdes/clmu-app:1.0

1 Pull image

> docker run --hostname clmu-app --name ContainerName -it envdes/clmu-app:1.0

2 Run container

> cd $CASESCRIPT
> ./create_newcase ..
> ./xmlchange …
> ./case.setup 
> ./case.build 
> ./case.submit

3 Configuration and run

Follow the instruction of CLM5.0 single point simulation

Fig. 2 Workflow of running CLMU simulations using CLMU-App.

environment to another. This approach can make the model run the same way regard-
less of the underlying infrastructure, such as Windows or Linux operating systems.
Here, we developed CLMU-App, a Docker container image that includes everything
needed to run a CLMU simulation. This image becomes a container when executed on
a container runtime, such as the Docker Engine. By easily pulling this containerized
application image to their local machine, users only need to know how to run the CLM
case without installation and configuration repeatedly and it can be used on demand.
The structure of CLMU-App is shown in the left panel of Fig. 3. The current ver-
sion is built on Fedora 31 (a Linux distribution version), with the major dependencies
of GCC 9.3.1 (compiler), Cmake 3.18, NetCDF-C 4.7.0-2, NetCDF-Fortran 4.5.2-3,
Python 3.7.9, SVN 1.12 and ESMF 8.0. To make the image available on AMD 64 and
ARM 64 platforms, the “buildx” (a Docker command line interface (CLI) plugin for
extended build capabilities with BuildKit) was applied to build up AMD 64 and ARM
64 images. The CLM release tag is “release-clm5.0.37-1-ge7285f6ca”, which is a stable
version of the released CLM 5.0. This container image is open-source and available on
DockerHub (https://hub.docker.com/r/envdes/clmu-app). For high-performance com-
puting (HPC) users, the container can be converted to run on Singularity/Apptainer,
a container platform similar to Docker.

The following diagram outlines the steps required to use CLMU-App for simula-
tions. After installing Docker, the next step is to pull the image, followed by running
the container. The container should be run using the image with a specific hostname
(clmu-app). The subsequent steps involve configuration and execution, following the
same process as a typical CLM single point case. Users can refer to ClMU-App doc-
ument (https://envdes.github.io/clmu-app/) for the details of application details and
instruction.
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Fig. 3 Structure of CLMU-App and Pyclmuapp.

4 Pyclmuapp: A Python package to interact with
CLMU-App

The Pyclmuapp interacts with the CLMU-App with Python functions including
running a container, configuring simulation cases, modifying urban surface and atmo-
spheric forcing data, creating urban surface and atmospheric forcing input of the
selected point, and retrieving simulation results (right panel of Fig. 3). In this version
of CLMU, each urban column is parameterized with radiative, morphological, and
thermal variables. The modifiable urban parameters in surface input data are listed
in Table 2.

Running a global case requires substantial computing resources, often making
execution impractical on personal machines. Consequently, Pyclmuapp is designed
exclusively for single-point simulations (running one select grid cell of interest with
provided surface data at a time) and is not recommended for global-scale simula-
tions. The single-point simulations model a grid cell that contains urban landunit and
other landunits. The area of urban does not affect the urban climate in CLMU single-
point simulations as the urban landunit is not interacting with others. One significant
advantage of single-point simulations is the reduced computational load, making the
simulations more accessible and affordable for all users. Additionally, the lower cost
enables a wide range of explorations, such as studying the impact of changes in urban
surfaces or atmospheric forcing data on urban climates. These explorations are crucial
for urban planning and adaptation to changing climates, broadening the application of
urban climate modeling across multiple disciplines. Notably, the soil texture of urban
surface parameters is only used to describe the soil beneath the impervious canyon
floor and the pervious canyon floor soil.

4.1 User-defined single-point simulation

In user-defined single-point simulation, the atmospheric forcing data and surface data
are provided by the users. In this mode, users can manually specify the available
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Table 2 Urban surface parameters for CLMU modeling

Variable Long name Units Category Modifiable

ALB ROOF DIR Direct albedo of roof Unitless Radiative Y
ALB WALL DIR Direct albedo of wall Unitless Radiative Y
ALB IMPROAD DIR Direct albedo of impervious road Unitless Radiative Y
ALB ROOF DIF Diffuse albedo of roof Unitless Radiative Y
ALB WALL DIF Diffuse albedo of wall Unitless Radiative Y
ALB IMPROAD DIF Diffuse albedo of impervious road Unitless Radiative Y
EM ROOF Emissivity of roof Unitless Radiative Y
EM WALL Emissivity of wall Unitless Radiative Y
EM IMPROAD Emissivity of impervious road Unitless Radiative Y
CANYON HWR Canyon height to width ratio Unitless Morphological Y
HT ROOF Height of roof Meters Morphological Y
THICK ROOF Thickness of roof Meters Morphological Y
THICK WALL Thickness of wall Meters Morphological Y
WTLUNIT ROOF Fraction of roof Unitless Morphological Y
WTROAD PERV Fraction of pervious road Unitless Morphological Y
WIND HGT CANYON Height of wind in canyon Meters Morphological Y
TK ROOF Thermal conductivity of roof W/m*K Thermal Y
TK WALL Thermal conductivity of wall W/m*K Thermal Y
TK IMPROAD Thermal conductivity of impervious road W/m*K Thermal Y
CV ROOF Volumetric heat capacity of roof J/m3*K Thermal Y
CV WALL Volumetric heat capacity of wall J/m3*K Thermal Y
CV IMPROAD Volumetric heat capacity of impervious road J/m3*K Thermal Y
T BUILDING MIN Minimum interior building temperature Kelvin Indoor Y
T BUILDING MAX Maximum interior building temperature Kelvin Indoor N
PCT SAND Percent sand of pervious road (soil) Unitless Soil texture N
PCT CLAY Percent clay of pervious road (soil) Unitless Soil texture N

Y indicates the variable can be modified by Pyclmuapp. N indicates the variable can not be directly modified by
the current version of Pyclmuapp but can be further revised by users.

urban surface and atmospheric forcing input files. The advantage of this mode is
that the amount of input data required is lightweight because the urban surface and
atmospheric forcing data are all single-point files. Similarly, manual modification of
the urban surface and atmospheric forcing data can be performed to simulate the
potential impacts of urban planning and design, and future climate change on the
urban climate, e.g., modifying the roof height to simulate the effect of building height
on urban climates.

The accompanying illustration depicts the workflow for executing CLMU sim-
ulations with the pyclmuapp tool, comprising four distinct phases (Fig. 4). The
initialization phase is the first step in the workflow. The Pyclmuapp should be
imported and a ‘usp clmu’ object created. The current working directory will be
bonded to CLMU-App. The subsequent step is to configure and run the model.
The simulation parameters should then be configured and the model run by calling
‘usp.run()’. For example, the case name, surface data input, atmospheric data input,
the simulation start date, the stop option, etc should be set for the specific simula-
tion. Notably, the simulation start date and simulation time range (start date: start
date + a duration (STOP N) of STOP OPTION). Once the execution has been com-
pleted, the function will return a list of the result file locations. Users can refer to

8



Non-peer reviewed preprint submitted to EarthArXiv

Python: workflow

from pyclmuapp import usp_clmu
usp = usp_clmu()

1 Initialize

usp_res = usp.run(
 case_name = "usp", 
 SURF= ”surfdata.nc",
 FORCING = ”forcing.nc",
 RUN_STARTDATE = "2012-01-01",
 STOP_OPTION = "nyears",  STOP_N = "2", …)
# usp_res will return a list of result files location.

2 Configuration and run

Fig. 4 Workflow of running CLMU simulations using Python.

Pyclmuapp document (https://envdes.github.io/pyclmuapp/) for the details of pack-
age details and instructions on installation, running simulation, and creating urban
surface data and forcing data input.

4.2 Creating urban surface data

CLM also offers a variety of tools for creating user-customized single-point simula-
tions. However, using these tools can be challenging because it requires compiling
the programs, which necessitates complex environment configuration and even mod-
ification of some source code. Additionally, creating a single-point surface file often
requires extensive input data, including source data on urban, soil, lakes, glaciers, etc.
Here, Pyclmuapp focuses on urban environments, where the primary inputs are urban
surface parameters and soil texture (K. Oleson et al., 2010).

To facilitate the creation of a user-customized urban surface input file, we provide
a template file and users can replace the corresponding default parameters in the
file using alternative user-specified urban surface data and soil texture data. When
running the user-defined single-point simulation, we follow the minor modification of
the newer version of CLMU to accommodate the updated urban surface data, in which
ten layers (Nlevurb = 10) are now used for roofs and walls (K.W. Oleson & Feddema,
2020). This adjustment also strikes a balance between heat transfer modeling and
computational efficiency (K.W. Oleson & Feddema, 2020).

The single-point land surface input data is extracted from urban sur-
face data (https://svn-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/lnd/clm2/
rawdata/mksrf urban 0.05x0.05 simyr2000.c170724.nc) and soil texture data
(https://svn-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/lnd/clm2/rawdata/
mksrf soitex.10level.c010119.nc). By providing the latitude and longitude for the point
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of interest, the function will generate a ‘surfdata.nc’ (surface data for user-defined
single-point simulation). The PTC URBAN parameter in surface data represents the
percentage of urban density types for the point of interest. Usually, the summary of
PTC URBAN should be 100 unless the parameters of other landunits are available.
Otherwise, the other landunits of CLM may be active and the output will include
other modules, e.g., vegetation and bare soil. In other words, the Pyclmuapp can sim-
ulate other landunits when the corresponding landunits parameters are available. For
fully single point surface data applicable to other landunits, please refer to the CLM
technical note (https://escomp.github.io/ctsm-docs/versions/release-clm5.0/html/).

The urban landunits include three classes (urban density types), namely tall build-
ing district (TBD), high density (HD), and medium density (MD) (Jackson et al.,
2010; Lawrence et al., 2019). TBD urban is an area with buildings greater than or
equal to ten stories tall, with a small pervious fraction (K.W. Oleson & Feddema,
2020). HD urban encompasses regions with buildings ranging from 3 to 10 stories tall
and a pervious fraction between 5% and 25%, e.g., commercial, residential, or indus-
trial areas. MD urban areas comprise row houses or apartment complexes 1 to 3 stories
tall, with a pervious fraction ranging from 20% to 60% (K.W. Oleson & Feddema,
2020). Originally, the urban extent was derived from LandScan 2004, a population
density dataset derived from census data, nighttime lights satellite observations, road
proximity, and slope (K. Oleson et al., 2010). The details of urban surface data are
described in K.W. Oleson and Feddema (2020). As most grid cells in the global urban
data surface dataset are MD urban, the PCT URBAN was set to ‘0,0,100’ by default,
meaning utilizing the full MD urban as surface input data. This method simplifies the
configuration and modification process, enabling users to more easily create custom
urban surface files that meet the new standards. The user can also modify the surface
data (‘surfdata.nc’) to get different climate responses.

4.3 Creating atmospheric forcing data

The atmospheric forcing data for CLMU include the height of observational variables
(Zbot; Unit: m), precipitation rate (Prectmms; Unit: mm/s), downward shortwave
radiation (SWdown; Unit: W/m2), downward longwave radiation (LWdown; Unit:
W/m2), wind speed at forcing height (Wind; Unit: m/s), surface pressure at forcing
height (Psurf; Unit: pa), air temperature at forcing height (Tair; Unit: K), and specific
air humidity at forcing height (Qair; Unit: kg/kg). The atmospheric forcing data can
be sourced from both observational datasets and model simulations.

As observational data is not always available, we provide a feasible way to cre-
ate atmospheric forcing from the fifth generation European Centre for Medium-Range
Weather Forecasts reanalysis for the global climate and weather (ERA5) data. The
package provides a tutorial and function to make the single-point forcing from ERA5
single levels hourly data. CLMU set a default forcing height of 30 meters. To standard-
ize this height, the function provided by Pyclmuapp sets the default forcing height
to 30 meters, and then the wind speed, air temperature, specific humidity, and pres-
sure of ERA5 data will be adjusted according to the selected forcing height. The wind
speed is then adjusted using the ‘forecast surface roughness’ variable, following the
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method specified in (M.J. Lipson et al., 2024). The dew point temperature is con-
verted to absolute humidity according to the same conversion formula used by CLM.
The details of the calculation are in Section B. The forcing data is aggregated (on the
dimension of time) into one file for the convenience of management.

4.4 Evaluation of Pyclmuapp performance

The Pyclmuapp-enabled simulations were evaluated using the observational atmo-
spheric forcing data of Kings College, London, United Kingdom (UK-Kin) site
from the Urban-Plumber Phase 2 project (https://urban-plumber.github.io/UK
-KingsCollege/). The site is located in the Central Activities Zone (CAZ) of London,
UK, which has a temperate marine climate (Kotthaus & Grimmond, 2014). It is clas-
sified as high-density UZE (Urban Zone for Energy partitioning) and compact midrise
LCZ (Local Climate Zone) (Kotthaus & Grimmond, 2014). More details about the
site are described in (Kotthaus & Grimmond, 2014; M. Lipson et al., 2022). The sim-
ulation follows the requirements of the Urban Plumber project, with a 12-year-long
simulation – 10 years for the model spinup phase and 2 years for the analysis phase.
Then, the simulation results were compared with the observations of the site.

The first simulation was operated using the default parameters created by
Pyclmuapp. The results show that the mean absolute errors (MAE) for upward short-
wave radiation (SWup), upward long-wave radiation (LWup), latent heat flux (Qle),
sensible heat flux (Qh), and momentum flux (Qtau) are 4.69 W/m2, 5.50 W/m2, 23.39
W/m2, 52.93 W/m2, and 0.16 N/m2, respectively (Fig. A1–A5). The scatter plot indi-
cates that CLMU performs best for SWup and LWup, while the performance for Qle is
relatively poor (Fig. A4). The diurnal distributions of the simulations and observations
show that the default parameters result in an overestimation of Qle, but an underes-
timation of Qh and Qtau. In the next simulation, the parameters of CANYON HWR,
HT ROOF, WTLUNIT ROOF, and WTROAD PERV were adjusted according to the
site detail (Table 3). CLMU does not include vegetation within the urban canyon,
so vegetation and water body areas are not accounted for. WTLUNIT ROOF and
WTROAD PERV are calculated based on the areas of impervious surfaces and green
areas (assumed to be permeable surfaces). After modifying these parameters, the
simulation results for Qle and Qh improved, especially the distribution of Qle (Fig. A6–
A10). This demonstrates that more realistic urban parameters can effectively enhance
the performance of CLMU.

Table 3 Difference of urban surface parameters between different
default case and detail case.

Variables Default Detail

CANYON HWR 0.75 1.13
HT ROOF 15 21.3
WTLUNIT ROOF 0.35 0.47
WTROAD PERV 0.68 0.15
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Fig. 5 Urban air temperatures from Pyclmuapp. a urban temperature and atmosphere temperature
of 30 min time-step, b diurnal profile. TSA: 2m air temperature (the MD urban is 100%, so TSA is
the MD urban 2m air temperature); Tair: the atmosphere temperature at observational height.

5 Case Studies

The use case configuration in the following is based on Section 4.4, where the forcing
data is sourced from the UK-Kin site (same as Section 4.4), and the surface data is
created using Pylcmuapp. The cases used the spin-up files derived from a ten-year
simulation (2002/01/01-–2011/12/31), driven by UK-Kin site forcing and Pylcmuapp-
generated surface data. Subsequently, three 2-year simulations were conducted: a) Use
case (a) used the default UK-Kin forcing and surface data; b) Use case (b) employed
modified forcing data. c) Use case (c) incorporated both modified forcing and surface
data. The analysis period for these simulations spanned from 2012 to 2014.

5.1 Use case (a): Urban climate simulations

5.1.1 Urban temperatures

The CLMU simulations driven by atmospheric forcing can output urban air temper-
atures, which are different from the forcing temperatures. This process describes the
impact of urban surfaces and anthropogenic emissions on urban climate. The results
indicate that urbanization leads to an increase in air temperature, especially during
the daytime (Fig. 5). During the daytime, urban cover absorbs and stores solar energy,
causing surface temperatures to rise.

5.1.2 Radiation balance

Further analysis of energy balance can provide insights into climate and weather
phenomena. The radiation balance can be described as equation 1,

Q∗ = SWdown + LWdown− SWup− LWup, (1)
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of radiation balance. Q*: absorbed radiative energy flux, SWdown and LWdown: the downward solar
radiation and longwave radiation from atmosphere forcing, SWup and LWup: upward solar radiation
and longwave radiation. Residual is the difference of the left part and right part of equation 1

where Q* (W/m2) is the surface net radiative energy flux; SWdown (W/m2) and
LWdown (W/m2) are the downward solar radiation and longwave radiation from atmo-
sphere forcing, respectively; and the SWup (W/m2) and LWup (W/m2) are the upward
solar radiation and longwave radiation from land to the atmosphere, respectively.

The majority of allwave radiation is re-emitted to the atmosphere as longwave radi-
ation, with a smaller fraction being reflected as shortwave radiation (Fig. 6). During
the daytime, urban areas absorb a portion of this radiation while also reflecting some
back into the atmosphere. At noon, when shortwave radiation reaches its peak, the
amount of radiation absorbed by urban areas also reaches its maximum. As the incom-
ing radiation decreases, the absorbed energy gradually diminishes and is subsequently
released into the atmosphere as longwave radiation.

5.1.3 Surface energy balance

Urban energy balance can be expressed by equation 2,

Q ∗+Qanth = Qle + Qh +Qstor, (2)

where Q* (W/m2) is the storage radiative energy flux, Qanth, Qle, Qh and Qstor
(W/m2) are the anthropogenic heat flux, latent heat flux, sensible heat flux, and the
storage heat flux, respectively. Qanth is the sum of waste heat from space heating and
air conditioning, and the energy from space heating, and Qstor is the sum of heat
flux into soil/snow, urban heating flux, and the heat flux from urban air conditioning
(negative direction).

Most of the Q* is converted into Qstor in the morning (Fig. 7). The Qstor reaches
its peak around noon, while sensible and latent heat continues to rise. At night, the
Qstor is released and becomes negative, and latent heat begins to exceed sensible heat.
Seasonal analysis indicates that in winter, the anthropogenic heat emissions increase,
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Fig. 7 Energy flux balance. a 30 min time-step, b diurnal profile. c monthly profile, d residual of
energy balance. Q*: absorbed radiative energy flux, Qanth: anthropogenic heat flux, Qle: latent heat
flux, Qh: sensible heat flux, Qstor: storage heat flux. Residual is the difference between the left part
and right part of equation 2.

and the Qstor becomes negative. In summer, the Q* increases, and sensible heat rises
markedly.

5.1.4 Variables of each canyon column

As previously mentioned, CLMU models the urban environment as a canyon, incor-
porating roofs, walls (both shaded and sunlit), and both impervious and pervious
roads. Understanding the status of each surface is crucial for comprehending urban
climate. Simulation results indicate that roofs generally exhibit the highest daytime
skin temperatures, followed by sunlit walls and impervious roads, while pervious roads
and shaded walls have the lowest temperatures (Fig. 8). Analysis of energy charac-
teristics reveals that sunlit walls and roofs experience fewer variations in ground heat
flux. The diurnal variation in the sensible heat of roofs is pronounced, mirroring the
observed trends in roof skin temperatures, whereas the sensible heat flux of pervi-
ous roads is comparatively lower. The latent heat flux of pervious roads is more than
that of roofs and impervious roads, and the latent heat flux of both sunlit walls and
shaded walls is zero. This observed trend in latent heat is attributed to the fact that
walls in LCMU are hydrologically inactive (i.e., precipitation is assumed to be ver-
tical and hence doesn’t impinge on walls). Given the typical dry state of the built
surfaces, roofs and impervious roads exhibit relatively lower latent heat compared to
pervious roads that account for most of the latent heat flux. These results imply that
increasing the fraction of roofs and impervious roads will likely raise urban skin tem-
peratures, whereas incorporating more pervious roads may reduce temperatures but
could potentially increase latent heat flux.
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Fig. 8 Diurnal profiles of variables of each canyon column. a skin temperature, b ground heat flux,
c sensible heat flux, d latent heat flux.
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Fig. 9 Monthly profile of building energy flux (a) and internal building air temperature (b).

5.1.5 Building energy

In CLMU, the energy used to maintain indoor temperature is determined by air
conditioning and building heating (K.W. Oleson & Feddema, 2020). The indoor air
temperature variation shows that to maintain indoor temperatures, the heating system
is activated during winter and early spring, leading to increased anthropogenic heat
emissions (Fig. 9). During the summer, indoor temperatures do not reach the temper-
ature threshold of turning on air conditioning defined by CLMU. Consequently, this
simulation on this particular site does not include heat emissions from air conditioning.
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Residual is the difference between the left part and right part of equation 3

5.1.6 Water balance

The effects of urbanization on heat can further affect water allocation, e.g., increased
evaporation can lead to more arid urban areas. For instance, an increase in impervious
surfaces of cities leads to greater urban runoff (US EPA, 2020), and urban runoff
is higher in high-density cities than in low-density cities (Gray et al., 2023). These
connections illustrate that proper urban planning will play an important role in urban
water stewardship. The hydrological result from urban climate modeling can model
the influence of urbanization on urban water balance and be used as the input for
other models to test onward impacts. CLMU incorporates hydrological processes from
CLM, where the water balance equation can be presented as equation 3.

RAIN + SNOW = EVPA+Qs + Qsb + DelSWE+DelSoilMoist + DelIntercept,
(3)

where RAIN and SNOW are the rain and snow from the atmosphere; EVPA is the
total evaporation including the canopy transpiration, canopy evaporation, and ground
evaporation; Qs is the total runoff; Qsb is the subsurface drainage; DelSWE is the
difference of snow depth (liquid water) divided by time-step; DelSoilMoist is the dif-
ference in soil moisture divided by time-step and weighted by pervious road column;
DelIntercept is the difference in intercept water of roof and pervious road divided by
time-step. The simulation results indicate that urban water storage increases during
seasons with higher rainfall (autumn and winter), along with an increase in runoff,
while evaporation remains relatively low. In spring, water storage decreases sharply,
and evaporation reaches its peak, which could potentially lead to dry conditions. In
May, rainfall and soil moisture decreased, but evaporation remained high (Fig. 10).
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Fig. 11 Monthly profile of air temperature and humidity (a) and heat stress indices (b). HIA
represents the 2m NWS heat index, SWBGT represents the 2m simplified wet-bulb globe temperature,
and WBT represents the 2m wet-bulb temperature

5.1.7 Heat stress index

Cities are the primary areas where humans reside. For humans, temperature differ-
ences are not the only factor affecting heat dissipation. The heat stress index combines
atmospheric temperature, humidity and wind, taking sweat evaporation into account.
CLMU can output urban temperature and humidity, which can be used to calcu-
late various heat stress factors. Additionally, CLM has implemented the calculation
of multiple heat stress indices, enabling output through the HumanIndexMod mod-
ule (Buzan, Oleson, & Huber, 2015). The results of heat stress indices show that in
summer, the temperature is highest, humidity is lowest, and heat stress indices are at
their peak (Fig. 10).

5.2 Use case (b): Global warming

Climate change is significantly affecting urban climate. Pyclmuapp provides a func-
tion that allows for the rapid modification of forcing variables to explore the potential
impacts of future climate change on urban climate. With this functionality, stake-
holders can make informed decisions while considering various warming scenarios. In
this example, we analyzed the impact of an increase of 1 Kelvin degree (1 K) in
atmospheric temperature on urban air temperature. With only the atmospheric tem-
perature increasing, the result shows an increasing trend but no significant changes
in its diurnal distribution (Fig. 12). However, the impact of increased atmospheric
temperature on urban air temperature varies over time. In most cases, the increase
in urban temperature is less than the increase in atmospheric temperature (1 K). At
certain times, the change in urban temperature exceeds 1 K.

The overall future climate warming has the greatest impact during the daytime
(Fig. 12). This information is valuable. For example, simple measures, like white roofs,
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Fig. 12 Variation in urban air temperature of different scenarios. a 30 min time-step, b diurnal
profile. c 30 min time-step and d diurnal profiles of difference in urban air temperature between
the original forcing and a warming scenario. The warming scenario is represented by an increase in
atmosphere temperature by 1K.

can directly reflect solar radiation, thereby reducing daytime urban temperatures. In
the context of rising atmospheric temperatures, the benefits of such measures might
be greater since the impact of increased atmospheric temperature on daytime urban
temperatures is higher.

5.3 Use case (c): Urban climate adaptation

The CLMU parameterization of urban columns includes roofs, walls, impervious roads,
and pervious roads. Each column has its characteristics, e.g., emissivity, albedo, and
heat capacity (K. Oleson et al., 2010). These parameters digitally represent the urban
environment, allowing for the simulation of different urban development scenarios and
adaptation strategies to assess their impact on climate. For instance, by modifying
parameters like canyon height-to-width ratio and roof height, one can simulate the
impact of future urban development on climate.

Roof modifications are relatively straightforward and feasible, and are a common
measure in urban climate adaptation studies (Georgescu, Broadbent, & Krayenhoff,
2024; L. Wang et al., 2020; Z.-H. Wang, 2021). In this example, the albedo of roofs
(both direct and diffuse albedo) was modified to simulate the implementation of
cool roofs and their impact on climate (Sun et al., 2024). The results indicate that
increasing roof albedo effectively reduces urban air temperatures, with the reduction
being most pronounced during the daytime (Fig. 13). As future temperatures rise, the
effectiveness of cool roofs increases, making both daytime and nighttime benefits more.
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Fig. 13 Variation in hourly urban air temperature of different scenarios. Original: increasing roof
direct reflection albedo by 0.2. Warming: increasing 1 K of Tair of atmospheric forcing with increasing
roof albedo by 0.2.

6 Implication, Limitation and Future Work

Vast investments are being made in urban climate adaptation actions (Diezmart́ınez
& Short Gianotti, 2024). The Sixth Assessment Report (AR6) of the United Nations
(UN) Intergovernmental Panel on Climate Change (IPCC) underscores a disconnec-
tion between urban adaptation investment and the evolution of policy and practice
innovations, with numerous cities conceptualizing climate adaptation blueprints yet
few transitioning to implementation (Dodman et al., 2022). The diffusion of adapta-
tion strategies mandates consideration not only of climatic effects but also of financial
outlay, administrative capabilities, and related factors. Therefore, it is crucial to for-
mulate plans that balance cost and climate considerations. With advancements in
urban climate models, urban planning using these models has become more feasible.
However, a significant entry barrier remains in the effective use of these models. This
study provides a toolkit for streamlining urban climate simulations, enabling scientists
and stakeholders from various disciplines to leverage advanced urban climate models.
By analyzing the impact of urban parameters on climate, the toolkit allows for the
assessment of different scenarios, facilitating the integration of climate factors into
traditional urban planning. Compared to traditional modeling approaches that rely
on pre-defined climate variables derived from scenario outcomes, this toolkit offers
several advantages: (1) the open-source nature democratizes access, making it feasible
for smaller municipalities, non-governmental organizations, and academic institutions,
(3) the customization of simulations according to specific urban parameters and cli-
mate goals, and (4) the efficient exploration of adaptation strategies. For example,
using this toolkit as a data generator and integrating the optimization algorithms,
the potentially suitable configuration of building materials or urban morphology can
be obtained. This approach accelerates the search for effective solutions, reducing the
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need for manual tuning and trial-and-error, while ensuring that the final strategy is
both feasible and effective under projected climate conditions.

It is important to note that CLMU is primarily designed for mesoscale/large-
scale climate modeling. Therefore, in local or micro-scale simulations, using the micro-
scale models or computational fluid dynamic models will be more useful. However,
CLMU can still provide advantages due to the limited computational cost of single-
point modeling, because there is a huge computational cost for running micro-scale
models and computational fluid dynamic models. A hybrid approach that leverages
the strengths of both CLMU and micro-scale models could be advantageous. CLMU
could provide the background climate input for detailed simulations using micro-scale
models.

In the future, posting Pyclmuapp/CLMU-App into a cloud-based platform is a
promising solution. These strategies also help users easily get access to the more forcing
data and avoid downloading and installing Pyclmuapp, making it a real out-of-the-
box toolkit. Thus, this application will help decision-making in urban climate-related
problems (e.g., urban climate adaptation planning, urban health, etc.) and education.

7 Conclusions

By being fully open-source, CLMU enables a broader audience to benefit from
advanced urban climate modeling. However, conducting a CLMU simulation still
faces challenges due to the complexities of model installation, environment and case
configuration, and generation of the model inputs. This study uses the container
technique to build up a container application (CLMU-App) to enable the operat-
ing system-independent simulation and avoid the complexities in installation and
environment configuration. A Python package (Pyclmuapp) is further developed to
streamline the execution of the containerized CLMU and the creation of input data.
Using Pyclmuapp, users can: (1) simulate urban climate changes, analyze their causes,
explore potential urban human emissions and energy consumption, and analyze urban
water balance and human thermal stress; (2) simulate the impact of future climate
change on urban climate by altering forcing variables. (3) explore the response of urban
climate to different urban surface properties by modifying urban surface parameters.
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Appendix A Validation results of Pyclmuapp
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Fig. A1 Short wave radiation flux (upward) Evaluation of Pyclmuapp default parameters for UK-
Kin site. Spinup period: 2002-2012; Analysis period: 2012-2014.
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Fig. A2 Long wave radiation flux (upward) evaluation of Pyclmuapp default parameters for UK-
Kin site. Spinup period: 2002-2012; Analysis period: 2012-2014.
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Fig. A3 Sensible heat flux evaluation of Pyclmuapp default parameters for UK-Kin site. Spinup
period: 2002-2012; Analysis period: 2012-2014.
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Fig. A4 Latent heat flux evaluation of Pyclmuapp default parameters for UK-Kin site. Spinup
period: 2002-2012; Analysis period: 2012-2014.
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Fig. A5 Momentum flux evaluation of Pyclmuapp default parameters for UK-Kin site. Spinup
period: 2002-2012; Analysis period: 2012-2014.
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Fig. A6 Short wave radiation flux (upward) Evaluation of Pyclmuapp with CANYON HWR,
HT ROOF, WTLUNIT ROOF, WTROAD PERV and soil texture adjusted for UK-Kin site. Spinup
period: 2002-2012; Analysis period: 2012-2014.
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Fig. A7 Long wave radiation flux (upward) evaluation of Pyclmuapp with CANYON HWR,
HT ROOF, WTLUNIT ROOF, WTROAD PERV and soil texture adjusted for UK-Kin site. Spinup
period: 2002-2012; Analysis period: 2012-2014.

0 5 10 15 20
Local hour of day

0

50

100

150

200

Qh
 [W

/m
2 ]

MAE: 50.15, R: 0.79
Simulated
Observed

100 0 100 200 300 400 500
Simulated Qh [W/m2]

100

0

100

200

300

400

500
Ob

se
rv

ed
 Q

h 
[W

/m
2 ]

0

25

50

75

100

125

150

175

Co
un

ts
Fig. A8 Sensible heat flux evaluation of Pyclmuapp with CANYON HWR, HT ROOF, WTLU-
NIT ROOF, WTROAD PERV and soil texture adjusted for UK-Kin site. Spinup period: 2002-2012;
Analysis period: 2012-2014.

24



Non-peer reviewed preprint submitted to EarthArXiv

0 5 10 15 20
Local hour of day

10

0

10

20

30

40

50

60

70

Ql
e 

[W
/m

2 ]

MAE: 18.42, R: 0.36
Simulated
Observed

100 0 100 200 300
Simulated Qle [W/m2]

100

0

100

200

300

Ob
se

rv
ed

 Q
le

 [W
/m

2 ]

0

50

100

150

200

250

300

350

400

Co
un

ts

Fig. A9 Latent heat flux evaluation of Pyclmuapp with CANYON HWR, HT ROOF, WTLU-
NIT ROOF, WTROAD PERV and soil texture adjusted for UK-Kin site. Spinup period: 2002-2012;
Analysis period: 2012-2014.
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Fig. A10 Momentum flux evaluation of Pyclmuapp with CANYON HWR, HT ROOF, WTLU-
NIT ROOF, WTROAD PERV and soil texture adjusted for UK-Kin site. Spinup period: 2002-2012;
Analysis period: 2012-2014.

Appendix B Forcing calculation from ERA5 data

B.1 Air temperature

Tz1 = Tz0 −Rlapse ∗ (z1− z0), (B1)

where z1 and z0 are the heights (m), respectively; Tz1 and Tz0 (K) are the air tem-
perature at z1 and z0, respectively; Rlapse is the lapse rate (K/m), default is 0.006
for simplicity, according to CTSM.
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B.2 Pressure

Pz1 = Pz0 ∗ exp(−(z1− z0)/H), (B2)

H = 0.5 ∗ rair ∗ (Tz1 + Tz0)/g, (B3)

rair = k ∗NA/M, (B4)

where z1 and z0 are the heights (m), respectively; Pz1 and Pz0 (Pa) are the pressure
at z1 and z0, respectively; Tz1 and Tz0 (K) are the air temperature at z1 and z0,
respectively; rair is the dry air gas constant (J/(K·kg); g acceleration of gravity (m/s2).
k is the Boltzmann’s constant (J/(K·molecule)), default is 1.38065*10-23; NA is the
Avogadro’s number (molecules/kmole), default is 6.02214*1026; M is the molecular
weight dry air (kg/kmole), default is 28.966.

B.3 Wind

w = (u2 + v2)(0.5) (B5)

wz1 = wz0 ∗
ln(z1/fsr)

ln(z0/fsr)
(B6)

where w are the wind speed (m/s), u and v are the u-component of wind and v-
component of wind (m/s), respectively; z1 and z0 are the heights (m), respectively;
fsr is the forecast surface roughness (m).

B.4 Humidity

Qz1 =
0.622 ∗ es

Pz1 − 0.622 ∗ es
(B7)

where

es = 100∗(a0+tdz1∗(a1+tdz1∗(a2+tdz1∗(a3+tdz1∗(a4+tdz1∗(a5+tdz1∗(a6+tdz1∗(a7+tdz1∗a8))))))))
(B8)

tdz1 = tdz0 −Rlapse ∗ (z1− z0) (B9)

where Qz1 is the specific humidity at z1 (kg/kg); Pz1 is the pressure at z1 (pa); es
is the vapor pressure (pa); z1 and z0 are the heights (m), respectively; Td is the dew
point temperature (◦C); the es is calculate by polynomial fit (Flatau, Walko, & Cotton,
1992), when 0 < Td <= 100, a0–a8 are 6.11213476, 0.444007856, 0.143064234e-01,
0.264461437e-03, 0.305903558e-05, 0.196237241e-07, 0.892344772e-10, -0.373208410e-
12, and 0.209339997e-15 respectively, when −75 < Td <= 0, a0–a8 are, 6.11123516,
0.503109514, 0.188369801e-01, 0.420547422e-03, 0.614396778e-05, 0.602780717e-07,
0.387940929e-09, 0.149436277e-11, and 0.262655803e-14 respectively. Reference code
implementation is QSatMod.F90 of CTSM. This calculation assumes the water content
is less affected by the slightly different heights of 30m and 2m.
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