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Key Points:

+ We apply WRF-CLMU for high-resolution (1.2 km) regional urban climate sim-
ulations over Greater Manchester, compared with WRF-SLUCM.

« Both models simulate monthly mean near-surface air temperature, humidity, and
wind speed comparably against three observation stations.

« WRF-CLMU reproduces extreme land surface temperatures consistent with re-
mote sensing during the 2022 July heatwave.
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Abstract

Urban areas are highly vulnerable to climate extremes, creating a pressing need for
reliable modeling tools to support climate adaptation. The Weather Research and Fore-
casting (WRF) model is widely used for regional urban climate simulations, and incor-
porating an alternative urban scheme for long-term climate projections expands the avail-
able modeling options and supports more robust simulation outcomes. This study eval-
uates the performance of Community Land Model-Urban (CLMU) via WRF coupling
(WRF-CLMU), in comparison with the default WRF single-layer urban canopy model
(WRF-SLUCM). We take Greater Manchester, UK, as a testbed under a grid spacing
of 1.2 km for the year 2022. Model performance is assessed using near-surface air tem-
perature, relative humidity, and wind speed from three observational stations, along with
land surface temperature (LST) from MODIS and VIIRS 1 km products. The results
demonstrate that both models have comparable performance, while WRF-CLMU bet-
ter captures extreme heat conditions on 16 July, the onset of the 2022 July heatwave,
as indicated by 1-2°C higher daytime LSTs in the main urban area. On the first day of
the heatwave, it simulates daytime surface urban heat island intensity of 9.0°C, in agree-
ment with the satellite-based estimates from MODIS (9.0°C) and VIIRS (10.0°C). These
findings improve our understanding of WRF-CLMU behavior and highlight its poten-
tial applications for future high-resolution regional urban climate simulations.

Plain Language Summary

Cities are especially vulnerable to extreme weather, and reliable computer mod-
els are needed to help plan for climate change. The Weather Research and Forecasting
(WRF) model is widely used to study weather and climate in urban areas, and its per-
formance can vary depending on the urban scheme used. In this study, we evaluate the
performance of the Community Land Model-Urban (CLMU) when coupled with WRF
for regional urban climate simulations. We conduct simulations at 1.2 km spatial res-
olution over Greater Manchester, UK, and compare WRF-CLMU results with WRF’s
default urban scheme, NOAH-SLUCM. Both models reproduce the observed monthly
average near-surface air temperature, humidity, and wind speed reasonably well. On the
onset of the 2022 July heatwave, WRF-CLMU simulates 1-2°C higher land surface tem-
peratures than WRF-SLUCM in the main urban area, thereby better capturing the ex-
treme heat conditions. These results highlight the potential of WRF-CLMU for future
applications in high-resolution urban climate modeling and climate impact assessments.

1 Introduction

Mesoscale urban climate modeling spans from individual cities to larger urban and
surrounding regions, typically using horizontal length scales of approximately 25 km and
100 km, respectively (Oke et al., 2017). Such scales require a balance between model com-
plexity (e.g, physics, spatial resolution) and computational efficiency. As a mesoscale nu-
merical weather prediction system, the Weather Research and Forecasting (WRF) model
has been widely used in urban weather and climate studies (e.g., Georgescu et al., 2024;
Krayenhoff et al., 2018; Khan et al., 2024; Qian et al., 2022; Salamanca et al., 2018; Zhao
et al., 2021). WRF offers three urban models with varying levels of complexity (Chen
et al., 2011; Joshi et al., 2025): the single-layer urban canopy model (SLUCM) (Kusaka
et al., 2001; Kusaka & Kimura, 2004), the building effect parameterization (BEP) (Martilli
et al., 2002), and the BEP with building energy model (BEP/BEM) (Salamanca & Mar-
tilli, 2010). Each of these schemes is implemented separately and can be run indepen-
dently within WRF. They are integrated within the generic Noah family of land surface
models (LSMs), including Noah LSM and NoahMP LSM. Hereafter, we refer to them
collectively as NOAH-LSM.
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Besides NOAH-LSM, WRF also provides another land surface scheme derived from
the Community Land Model version 4 (CLM4) (Oleson, Lawrence, et al., 2010; Xu et
al., 2020). CLM is the land component of the Community Earth System Model (CESM),
which features an explicit representation of land surface processes among vegetation, snow,
soil, and so on (Danabasoglu et al., 2020). It includes an urban component, known as
the Community Land Model-Urban (CLMU). Over the past decades, CLMU has evolved
in parallel with CLM, progressing through versions such as CLMU4 (Oleson, Bonan, et
al., 2010), CLMU4.5 (Oleson et al., 2013), and CLMU5 (Oleson & Feddema, 2020). Com-
pared with earlier versions, CLMUS5 includes updated urban thermal and radiative pa-
rameter datasets and an explicit building energy model. Post-CLMUbH versions introduce
additional functionalities, such as an explicit air-conditioning parameterization (X. C. Li
et al., 2024) and transient urban land cover representation (K. Zhang et al., 2025). Along-
side its continued development, CLMU enables global urban climate simulations (e.g.,
Y. Sun et al., 2024; Zhao et al., 2021; Zheng et al., 2021) within an Earth system mod-
eling framework, as well as regional (e.g., C. Li et al., 2023; L. Wang et al., 2025) and
single-point (e.g., Y. Sun, Oleson, Zhao, et al., 2025; Y. Sun, Oleson, & Zheng, 2025; Yu
et al., 2025) applications. Previous studies have also comparatively evaluated CLMU and
other urban models through regional climate simulations (e.g., Imran et al., 2018; Kar-
licky et al., 2018; Zhao et al., 2021). However, after CLMU4 was embedded within a sim-
plified version of CLM4 as the land surface scheme in WRF, the development of CLM
and WRF has since diverged, and CLMUb5 has not yet been coupled with any regional
atmospheric models. Consequently, regional urban climate studies (e.g., C. Li et al., 2023;
L. Wang et al., 2025) have to rely on offline CLMUS5 simulations that exclude atmosphere-
land interactions. For example, C. Li et al. (2023) resampled atmospheric forcing data
from 0.1° to drive CLMUS5 with a grid spacing of 1 km over Nanjing, China, while L. Wang
et al. (2025) conducted 0.125° simulations in CLMUS5 with 12 km atmospheric forcings
over the contiguous US. In such setups, urban processes are limited by the absence of
atmospheric feedback and the coarse spatial-temporal resolution of prescribed atmospheric
forcing data (Tsiringakis et al., 2019). Moreover, evaluations of CLMUS5 to date have also
been limited to land-only/offline mode (e.g., Lipson et al., 2023; Zhao et al., 2021).

Recently, the Community Terrestrial Systems Model (CTSM), the successor to CLM5,
has been coupled to WRF via the Lightweight Infrastructure for Land-Atmosphere Cou-
pling (LILAC) framework, beginning with CTSM version tag CTSM1.0.dev104 (CTSM
Development Team, 2024; Huang et al., 2025; Muzi¢ et al., 2025). Unlike earlier approaches
that directly embedded CLM4 with WRF, LILAC serves as an external coupler that links
WRF and CTSM while maintaining the structural integrity of both models. As a result,
LILAC provides greater flexibility, facilitates customized model configurations, and en-
ables easier model version updates. Muzié¢ et al. (2025) performed the first WRF-CTSM
experiment over Northern Europe using a single domain at 10.5 km resolution to eval-
uate hydroclimatic variables. Although the coupling approach was not originally designed
for urban climate modeling, it provides several potential benefits for regional urban cli-
mate studies (Figure 1). First, in terms of application, it extends CLMU’s capability at
the meso/kilometer scale with two-way atmosphere-land interactions. Since CLMU is
specifically designed for long-term climate projections rather than short-term weather
prediction, this online modeling framework enables the application of CLMU’s recent de-
velopments to specific urban regions. Second, regarding model configuration and user
flexibility, it alleviates limitations imposed by the availability and quality of atmospheric
forcing data to drive CLMU, allowing users to define spatial resolutions and simulation
periods according to their needs. Third, from a community perspective, linking CLMU
with WRF allows its inclusion in multi-model intercomparison efforts alongside urban
climate schemes such as WRF-SLUCM, WRF-BEP, WRF-BEP/BEM, WRF-ASLUM
(C. Wang et al., 2021), WRF-SUEWS (T. Sun et al., 2024), WRF-TEB (Meyer et al.,
2020), WRF-VUCM (Lee et al., 2016), and WRF-ELM-Urban (Huang et al., 2025), thereby
supporting ensemble-based regional urban climate simulations. However, the single-domain
WRF-CTSM configuration described by Muzié et al. (2025) is not directly applicable to
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regional urban climate simulations, which require high-resolution grid spacing and ex-
plicit urban canopy representation.

< 20(|) m O.5|km 2 Il(m 25 km 100 km Ealrth
) f
J T T T T 1
Facet, element,  Block Neighbourhood City  Urban region Global urban area
canyon
Micro scale Local scale Meso scale Global scale

1 1 ]
r T 1

Single-point (land only) Regional (land only/ Global (land only/

simulation coupled) simulation coupled) simulation
DATM&l DATM& WRF DATM | ACAM
CLMU CLMU CLMU
A single grid cell Kilometer-scale ~1°(100 km) resolution

Nearest i i
meighbor E':';'“ jnterpolatlon Aggregation

Default 0.05° (~5 km) raw urban land cover and parameter data

Figure 1. Capability of the Community Land Model-Urban (CLMU) in multi-scale urban
climate modeling. CLMU is a single-layer urban canopy model, making it suitable for local-,
meso-, and global-scale simulations. Note that CLMU is unsuitable for micro-scale simulations
where explicit horizontal variability needs to be resolved. The default raw urban land cover

and parameter data for generating CLMU surface inputs are provided at a spatial resolution of
0.05° (~5 km), with different algorithms (e.g., nearest neighbor, interpolation, aggregation) to
customize the simulation grid spacing. DATM is atmospheric forcing data, supported by the
Community Data Models for Earth Predictive Systems (CDEPS). WRF is the Weather Research
and Forecasting Model. CAM is the Community Atmosphere Model. Classification of the typical

horizontal length scales, urban units, and climate scales follows Oke et al. (2017).

As a first step toward advancing the application of WRF-CTSM in mesoscale ur-
ban climate research, this study develops an urban-focused WRF-CLMU workflow and
evaluates its performance against WRF-SLUCM and observational data. The Greater
Manchester area in the UK is used as a testbed, with a grid spacing of 1.2 km. Both CLMU
and NOAH-SLUCM are based on single-layer urban canopy representations, where the
near-surface canopy air mediates the exchange of energy and water between the atmo-
sphere and the land surface (Masson et al., 2008). While the International Urban En-
ergy Balance Models Comparison Project (PILPS-Urban) (Grimmond et al., 2010, 2011)
and Urban-PLUMBER project (Lipson et al., 2022, 2023) has primarily assessed both
models using single-point offline simulations, the present study conducts a comparative
evaluation within a coupled atmosphere-land configuration, incorporating each land sur-
face model’s respective representation and physical parameterization schemes. This ap-
proach enables the evaluation of the representation of urban regions and the spatial dis-
tribution of climate variables (i.e., urban, suburban, rural). The objective is to highlight
similarities and differences in model complexity and configuration, as well as interpret
variations in the simulated results and their underlying physical causes.

This paper is structured as follows: Section 2 describes the methodology of inter-
comparisons between CLMU and NOAH-SLUCM, including a literature review and their
applications via WRF coupling over Greater Manchester. Section 3 evaluates the mod-
els against observations and discusses the model sensitivity by perturbing urban param-
eters. Finally, Section 4 summarizes the key findings and outlines future directions for
advancing WRF-CLMU.
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2 Method and Data
2.1 Intercomparisons between CLMU and NOAH-SLUCM

Both NOAH-SLUCM and CLMU represent urban surfaces using a simplified ur-
ban canyon approach, yet they are fundamentally distinct models. Table 1 summarizes
the main features of the two models with both default and detailed configuration options.
Generally, NOAH-SLUCM is designed for numerical weather prediction and short-term
forecasting (e.g., from days to seasons) as a schematic option within WRF. As a regional
climate model, WRF couples the atmosphere and land components. By contrast, CLMU
is developed for climate modeling and long-term projection (e.g., from years to decades)
as the default urban scheme in CESM (and its land component, CTSM), an Earth sys-
tem model that integrates multiple Earth components.



Table 1.

Lists of Urban Representations and Parameterizations in NOAH-SLUCM and CLMU.

Objective Setting NOAH Single Layer Urban Canopy Model Community Land Model-Urban (CLMU)
(NOAH-SLUCM)
Primary use Default For numerical weather prediction and short-term For climate modeling and long-term projection
forecasting
Land model com-  Default More simplified non-urban treatments in NOAH- More detailed non-urban representation in CLM
plexity LSM but computationally faster but computationally heavier
Detailed Not applicable A fast structure as simplification (Table B2)
Land data Default MODIS IGBP 21-category data Land Use Harmonized version 2 (LUH2) transient
land use and land cover change dataset (Lawrence
et al., 2019)
Urban land cover  Default Static Static
representation Detailed None Transient (annual, 2000-2100) (Gao & O’Neill,
2020; K. Zhang et al., 2025)
Urban types per Default One urban class: urban and built-up Three urban classes: tall building district (TBD),
grid cell high-density (HD), and medium-density (MD)
(Jackson et al., 2010)
Detailed Eleven urban classes: local climate zones (LCZs) One urban class: TBD or HD or MD; ten urban
(Demuzere et al., 2022, 2023); three urban classes: classes: LCZs* (Y. Sun, Oleson, Zhao, ct al., 2025)
commercial, high intensity residential, low inte:
residential (D. Li et al., 2013)
Terminology of Default Urban fraction (FRC_URB) is defined as the propor- Percentage of urban area (PCT_URBAN) is defined as
urban land cover tion of impervious surfaces (i.c., buildings, roads, the proportion of the total land area of a grid cell
walls) within the portion of a grid cell that is that is classified as urban land-units mixing urban
nated as urbanized land. impervious and pervious fractions.
Urban facades Default Three types: roof, wall, and road Five types: roof, sunlit wall, shaded wall, pervious
floor, and impervious floor
Urban parameters Default A look-up table of parameters based on urban 2-dimensional distributed map (interpolated from
At pard : classes without spatial variability 0.05° raw data, with variability specified across 33
global regions) (Jackson et al., 2010)
Detailed 1 km 2-dimensional distributed map* (Liao et al., 1 km 2-dimensional distributed map® (Cheng et al.,
2025) 2025)
Urban thermal Default 4 layers for roof, wall, and road; each having the 10 layers for roof and wall, 2-3 layers for imper-
properties same thermal properties vious floor; thermal properties varying by layer to
reflect depth-dependent material properties
Detailed None User-defined number of layers for roof, wall, and
impervious floor
Urban vegetation — Default Lacking a specific scheme, instead deriving energy A simplified bulk soil scheme that parametrizes
and water fluxes from natural vegetation and soil pervious floor as bulk soil for energy and water
processes externally modeled by NOAH-LSM exchange
Anthropogenic Default Disabled Sensible heat flux from building space heating and
heat flux air conditioning (Oleson & Feddema, 2020)
Detailed Prescribed as constant or time-varying sensible Explicit air-conditioning adoption (X. C. Li et
and latent heat fluxes (Varquez et al., 2021); online  al., 2024); online traffic heat modeling* (Y. Sun,
building energy modeling* (Takane et al., 2024) Oleson, & Zheng, 2025)
Building ventila- Default None Quantified based on outdoor-indoor temperature
tion heat gradient (Oleson & Feddema, 2020)
Radiation scheme  Default Single reflection (Joshi et al., 2025) Multiple reflection within the urban canyon
(Oleson, Bonan, et al., 2010)
Turbulent heat Default Roof — atmosphere; wall/road — canopy air Roof/sunlit wall/shaded wall/pervious
transfer floor /impervious floor — canopy air — atmosphere
2m air tempera- Default Diagnostic, estimated from stability-corrected em- Alternatively represented by the canopy air temper-
ture pirical coefficients (Kanda et al., 2007) ature in an iterative approach
Green roof irrigation® (L. Wang et al., 2021);
Additional func- Detailed Green roof irrigation (Yang et al., 2015), etc. transient urban albedo* (Y. Sun et al.,

tionalities

2024), etc.

1 This table is based on WRF v4.7.0 (https://github.com/wrf-model/WRF/tree/release-v4.7.0,
last access: 26 November 2025), and CTSM 5.3.024 (https://github.com/ESCOMP/CTSM/tree/
ctsmb.3.024, last access: 26 November 2025) (CTSM Development Team, 2025). Some of the “de-
tailed” functionalities tagged with asterisk (*) are recent developments that may not yet be fully

integrated into the community version of WRF or CTSM.

2 Representing a single urban land cover class per grid cell is referred to as the “dominant” approach,

whereas representing multiple urban classes within a grid cell is known as the “mosaic” approach,

allowing subgrid-level resolution of urban land-units.

3 Within the CTSM’s fast model configuration, collapse_urban =

.true. is enabled by default

(Table B2). This setting reduces computational cost by representing only one urban class per grid

cell during the model initialization. The areal fractions of all urban classes are summed to give the

total percentage of urban areas, while the physical parameter values are assigned from the urban

class with the largest areal fraction.
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These two urban models differ in how they interface with their respective land sur-
face models. NOAH-SLUCM assigns each grid cell a dominant land cover type, with urban
and built-up as a single category. For grid cells classified as urban, the model does not
treat them as fully urbanized; instead, it partitions the grid cell into an urban impervious-
surface fraction (FRC_URB) and an urban pervious-surface fraction (1-FRC_URB), consid-
ering urban vegetation (Figure 2(a)). This representation differs from both a fully dom-
inant scheme and a true mosaic approach: only two fractions are represented, yet the
cell is still classified as urban at the grid level. Here, we follow D. Li et al. (2013) in re-
ferring to this as a “dominant” urban land cover approach, since only one urban land
cover type is available. Note that the “dominant” designation only determines whether
a grid cell is classified as urban; it does not constrain the values of FRC_URB and 1-FRC_URB,
which can be specified or adjusted by users. Comparatively, CLMU’s overlying CTSM
adopts a “mosaic” approach to work for coarse-resolution Earth system modeling, in which
each grid cell is subdivided into subgrid land-units (i.e., natural vegetation, crop, lake,
glacier, urban classes) and further into sub-subgrid columns (e.g., roof, wall) (Figure 2(b)).
Urban land-units are categorized into three types at the subgrid level: tall building dis-
trict (TBD), high-density (HD), and medium-density (MD), each contributing to the over-
all grid-cell via area fractions. While atmospheric forcing is applied uniformly across the
grid cell, feedback to the atmosphere is aggregated from all subgrid land-units through
area-weighting. This area-weighted aggregation is similarly done for NOAH-SLUCM, which
also represents urban and non-urban processes to compute grid-cell fluxes to the atmo-
sphere.
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Figure 2. Urban representation in land surface models. (a) A grid cell in the NOAH land
surface model (NOAH-LSM) using a “dominant” approach to representing urban. The urban
fraction refers to urban impervious surfaces; the non-urban fraction represents pervious surfaces,
which are modeled separately from the urban model. (b) A grid cell in the Community Terres-
trial Systems Model (CTSM) using a “mosaic” approach to representing the land surface. Urban
land cover is classified as tall building district (TBD), high-density (HD), and medium-density
(MD). (c) Urban surface representation in the NOAH single-layer urban canopy model (NOAH-
SLUCM). (d) Urban surface representation in the Community Land Model-Urban (CLMU). Both
land surface models interact with the atmospheric model at the grid level, aggregating subgrid
fluxes through areal weighting. In grid cells dominated by urban areas, NOAH-LSM derives en-

ergy and water fluxes for the urban pervious-surface portion based on natural vegetation and soil.

The two models adopt different parameterization schemes for urban physics. Com-
pared to NOAH-SLUCM, CLMU provides more explicit parameterizations of energy and
water exchanges among urban canopy air, surfaces, and building interiors. For example,
NOAH-SLUCM includes three facades: roof, the wall, and road, parameterized by em-
pirical schemes based on observational constraints (Figure 2(c)). Wall and canyon floor
interact with the urban canopy layer, whereas the roof directly responds to the lowest
atmospheric layer. By contrast, CLMU uses more physically based formulations, allow-
ing it to separately resolve sunlit and shaded walls, and differentiate between impervi-
ous and pervious canyon floors by explicitly solving surface energy balance (Figure 2(d)).
CLMU places greater importance on the urban canopy air as a mediator for interactions
among all surfaces, the canopy layer, and the overlying atmosphere. This method is de-
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rived from the Town Energy Balance (TEB) model (Masson, 2000). As suggested by Barbano

et al. (2021), rooftop-level fluxes are primarily governed by the canopy layer rather than
being directly coupled to the free atmosphere. In efforts to connect the roof to the at-
mosphere for CLMU, the roof surface cools down through atmospheric exchange, reduc-
ing the mean bias error (MBE) for summer roof surface temperature from 5.9°C to 3.6°C
(Demuzere et al., 2013). Moreover, NOAH-SLUCM excludes urban vegetation from its
urban canopy modules but simulates energy and water exchanges for the vegetated and
soil portions using the standard NOAH-LSM. By contrast, CLMU represents urban veg-
etation as pervious surfaces on the canyon floor and parameterizes them similarly to a
bulk soil layer within the urban module itself. Regarding anthropogenic heat flux, NOAH-
SLUCM assigns a default of 0 W/m? (tunable based on applications and observations),
whereas CLMU incorporates a building energy model by default to estimate anthropogenic
heat flux based on more explicit space heating and air conditioning (Oleson & Feddema,
2020).

In terms of usability, NOAH-SLUCM offers a relatively simple default configura-
tion, with several advanced options that can be activated based on applications, such
as green roof irrigation (Yang et al., 2015), time-varying prescribed anthropogenic heat
flux (Varquez et al., 2021), and 2-dimensional distributed urban parameter maps (Liao
et al., 2025). The model remains highly flexible and highly customizable, allowing users
to tailor it to a wide range of regional urban study needs. Conversely, CLMU, being de-
veloped within the Earth system model framework of CESM, is more tightly integrated
and less user-friendly for customizing urban configurations. Because CESM is originally
designed for global simulations, using CLMU for local-scale urban climate applications
requires additional high-resolution input data (e.g., Cheng et al., 2025) or more detailed
land cover classification (e.g., Y. Sun, Oleson, Zhao, et al., 2025) to accurately capture
urban land cover heterogeneity.

2.2 Schematic of Workflow Development

We develop an urban-focused workflow of coupling WRF and CLMU to enable high-
resolution urban climate simulations. This workflow follows the guides of University Cor-
poration for Atmospheric Research (UCAR) (2020) and adapts scripts from CTSM-Norway
(2024), which provides instructions for converting WRF-defined domains into CTSM5.1-
compatible surface and mesh data. Building on these advances, our workflow is designed
for high-resolution, nested-domain WRF-CTSM applications supported by the Earth Sys-
tem Modeling Framework (ESMF) (ESMF Core Team, 2025). Unlike the single-domain
WRF-CTSM simulations at relatively large scales, as described by CTSM-Norway (2024),
applying WRF-CLMU to urban studies requires the use of nested domains as part of a
dynamical downscaling process. This is a one-way nesting (outer-to-inner domain) ap-
proach to capturing urban climate signals. The whole workflow includes three steps (Fig-
ure 3): (1) generate static surface data for all domains; (2) perform a WRF-only nested
simulation for the outer domains; and (3) conduct WRF-CTSM simulations for the in-
nermost domain.
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Figure 3. General workflow of coupling the Weather Research and Forecasting model (WRF)
and Community Terrestrial Systems Model (CTSM). The Lightweight Infrastructure for Land-
Atmosphere Coupling (LILAC) serves as CTSM’s interface with WRF. Both CTSM and LILAC
rely on functions provided by the Earth System Modeling Framework (ESMF) (ESMF Core
Team, 2025).

Unlike NOAH-LSM, which is tightly integrated into WRF and automatically built
into its compiled executable, wrf .exe, configuring WRF-CLMU is relatively complicated.
Specifically, at the model installation stage, users need to build an additional ctsm.mk
makefile fragment and then use it during the WRF compilation process. For certain sim-
ulations, the WRF Preprocessing System (WPS) provides static geographic inputs for
target domains, which can be directly used by WRF-SLUCM. By contrast, these WPS
outputs are not directly compatible with CTSM, which requires land surface data gen-
erated via its mksurfdata_esmf tool. To ensure consistency in spatial resolution between
the atmosphere and the land component, land mesh and domain data are mapped from
the WPS outputs and used for indexing land grid cells. Compared with earlier CLM5
versions, CTSM now uses updated annual urban land cover datasets, providing year-specific
urban 3-class fractions (https://svn-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/
1nd/clm2/rawdata/gao_oneill_urban/, last access: 26 November 2025) (Gao & O’Neill,
2020).

Due to its detailed physical processes and land surface representation, WRF-CLMU
is computationally expensive. Even under CTSM fast model configuration, WRF-CLMU

requires about 1-2 times more computing resources than WRF alone (Table B2, Figure B1).

Consequently, the simulation time step should consider both grid spacing constraints and
CTSM computation, as the land component can be slower than the atmospheric com-
ponent. Under such intensive computational loads, CPU performance can also become

a limiting factor. Despite these additional costs, WRF-CLMU enables more process-level
analyses of the urban climate system. In addition to standard WRF outputs, CTSM can
provide fields along its representation hierarchy, including the grid level, subgrid/land-
unit level (i.e., TBD, HD, MD), and sub-subgrid/column level (i.e., roof, wall, sunlit wall,
shaded wall, pervious floor, impervious floor), depending on user-specified name-list set-
tings.
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257 2.3 Study Area: Greater Manchester

258 Greater Manchester (GM), located in the North West of England, historically ex-
259 perienced a temperate climate. It has recently faced increasing heat risk, as exemplified
260 by heatwave events in 2022, when the heatwave from 16 to 19 July was record-breaking.

261 We use the WRF4.7.0 and CTSM5.3.024 in a coupled mode. GM_SLUCM and GM_CLMU
262 refer to two simulations: coupling WRF with NOAH-SLUCM, and WRF with CLMU,

263 respectively (Table 2). Both simulations are initialized on 25 December 2021, allowing
264 for a one-week spin-up before analyzing the full year of 2022. In regional simulations,

265 a short atmospheric spin-up is often sufficient due to the strong constraint from large-
266 scale forcing.

Table 2. Summary of Simulation Cases.

Objective Model Simulation Simulation pe- Period for anal-  Atmospheric Land initializa- Urban parameter setting
and do- name riod ysis initialization tion
main
Dynamical ~WRF with - 25 December 2021  — Cold start Initial data gener-  Using WRF default urban pa-
downscal- do1, do2, to 31 December ated by WPS rameter look-up table
ing and d03 2022
Model eval- WRF with  GM_SLUCM 25 December 2021 1 January 2022 to  Cold start Initial data gener- Using WRF default urban pa-
uation do4 to 31 December 31 December 2022 ated by WPS rameter look-up table
2022
WREF- GM_CLMU 25 December 2021 1 January 2022 to  Cold start, Initial data inter- Using CESM default 2-
CTSM to 31 December 31 December 2022 polated by CTSM  dimensional urban parameters
with d04 2022
GM_CLMUppp  16-19 July 2022 16-19 July 2022 Use restart data Use restart data Changing albedo of impervious
Model sen-  WRF-CTSM from GM_CLMU from GM_CLMU floor and pervious floor to 0.23
sitivity with d04 GM_CLMUpap 25 December 2021 4-6 January 2022 Cold start Initial data inter-
to 6 January 2022 polated by CTSM
GM_CLMUxoan 25 December 2021 4-6 January 2022 Cold start Initial data inter- Changing morphological, tadia-
to 6 January 2022 polated by CTSM  tive, and thermal parameters the

GM_CLMUxoan 11-19 July 2022 16-19 July 2022 Use restart data Initial data inter- same as GM_SLUCM
from GM_CLMU polated by CTSM

1 Model-specific urban parameters are listed in Table B1.

2 To accelerate WRF-CLMU simulations, we adopt the majority of name-list settings for the fast
configuration (Table B2), except that we disable n_dom_landunits = .true. to avoid overly

simplifying the urban representation when the percentage of urban area is small.

3 GM_CLMUnoan disables the quantification of building spacing heating, or air conditioning,
whereas GM_CLMU and GM_CLMU a1, retain these processes by default. GM_SLUCM sets
anthropogenic heat as 0 W/m? by default.

4 If the atmospheric model is initialized with a cold start, early simulation periods are reserved for

model spin-up and omitted from the analysis.

267 Before running the GM_SLUCM and GM_CLMU simulations, we conduct a three-

268 domain (i.e., d01, d02, d03) nested WRF simulation to progressively downscale ERA5

269 reanalysis at a spatial resolution of 0.25° (~25 km) to a refined resolution of 3.6 km. This

270 simulation followed the same configurations as described in Table 3, with additionally

o upper-air analysis nudging applied every 6 hours. The output from the third domain (d03)
272 then serves as the initial and boundary conditions for the fourth, innermost domain (d04)

3 at 1.2 km for the GM_SLUCM and GM_CLMU simulations (Figure 4(a)). This stepwise
274 approach mitigates potential abnormalities caused by directly interpolating ERA5 data
275 from 0.25° to 1.2 km.
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Figure 4. Case study area. (a) Domains. (b) Percentage of urban area (PCT_URBAN) for the
GM_SLUCM simulation (1.2 km). (c) PCT_URBAN for the GM_CLMU simulation (1.2 km). (d)
and (e) are similar to (b) and (d) but showing the fraction of urban impervious surfaces (i.e.,
roof, wall, road), referred to as the urban fraction (FRC_URB) x 100% in WRF. White lines denote

divisions of local authorities in Greater Manchester.

The simulation domains for GM_SLUCM and GM_CLMU are identical in spatial
extent, boundary, initial conditions, and atmospheric configuration (Table 3). The only
input difference lies in the initialization condition and surface inputs. For land model
initialization, NOAH-SLUCM used static data generated by the WPS tool. CLMU gen-
erally requires a much longer spin-up to equilibrate variables such as soil moisture and
temperature (Jerez et al., 2020). Although it would be normally beneficial to start at
a carefully spun-up land state, the computational cost of generating such initial condi-
tions is deemed prohibitive for this study. Therefore, we initialize CLMU using the pre-
generated initialization data available in the CTSM input data repository (https://svn
-ccsm-inputdata.cgd.ucar.edu/trunk/inputdata/lnd/clm2/initdata_esmf/, last
access: 26 November 2025) instead of conducting additional spin-up simulations.
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Table 3. Configuration for the WRF Atmosphere Component.

Objective Setting References

Number of vertical layers 44

Grid spacing 1.2 km -

Initial and boundary conditions Dynamically downscale from ERAS5 reanalysis (Grid Hersbach et al.
spacing: 0.25°) (2023)

Map projection Lambert conformal conic projection

Shortwave and longwave radiation =~ Rapid Radiative Transfer Model for Global Climate Mod- Iacono et al.

scheme els (RRTMG) (ra_lw_physics = 4, ra_sw_physics = (2008)
4)

Cumulus convection scheme Disabled (cu_physics = 0) -

Microphysics scheme WRF Single-moment 6-class (WSM6) (mp_physics = 6)  Hong and Lim

(2006)

Planetary boundary layer scheme  Yonsei University (YSU) scheme with top-down mixing Hong et al. (2006);
driven by radiative cooling enabled (bl_pbl _physics = Wilson and Fovell
1) (2018)

Surface layer scheme Revised MM5 (sf_sfclay physics = 1) Fairall et al. (2003)

1 Convection parameterization is disabled as 1.2 km is convection-permitting scale.

287 For land surface input, we adopt the default input datasets and schematic settings
288 for both models without further customization, such as implementing LCZ classification
289 or local urban parameters. While the default or out-of-the-box configuration may not

290 reflect the most recent urban developments and local conditions, this model-specific set-

201 ting serves as a baseline reference for evaluating model behavior. GM_SLUCM represented

202 urban land cover derived from the default 30-second (~1 km) MODIS land cover data
203 representing the year 2004 (Figure 4(b)). The simulation extent has 529.91 km? urban
204 area in total. Urban grid cells with FRC_URB of 0.9 in Greater Manchester suggested that
205 90% of the urban area is impervious (Figure 4(d)). By contrast, GM_CLMU uses urban

206 land cover data extracted from 0.05° raw data representing the year of 2022, which are
207 interpolated to the 1.2 km grids by the mksurfdata_esmf tool (Figure 4(c)). The total
208 urban area reaches 549.79 km?, but only 55% is represented as impervious floor (Fig-

299 ure 4(6) ) .

300 To accelerate GM_CLMU simulation, we set the n_.dominant_pft = 1 and collapse_urban
301 = .true. in the CTSM configuration, which simplifies the land surface grid cells by a

302 single plant functional type (PFT) (Lombardozzi et al., 2023), and a dominant urban

303 class without changing their areal weights. Given that TBD, MD, and HD urban types

304 contribute to 0%, 2.3%, and 97.7% of urban area across Greater Manchester, collapsing
305 urban types has little effect on the overall urban representation, where the HD fraction
306 ranges from 0% to 11.4% in the main urban area. These differences in land surface in-

307 put data, along with structural differences in the parameterization schemes of the two

308 land surface models, influence both urban and non-urban processes in the mesoscale sim-
300 ulations and result in varying feedback to the atmosphere.

310 In addition, we conduct two sensitivity experiments for WRF-CLMU by perturb-
311 ing urban parameters (Table 2). In the GM_CLMU g simulations, the albedo values

312 for both impervious floor (0.13) and pervious floor (0.08) are increased to 0.23, ensur-

313 ing similar albedo values as in GM_SLUCM, while all other urban parameters remained
314 consistent with the GM_CLMU simulation. In the GM_CLMUynoan simulation, urban

315 land cover, morphological, radiative, and thermal parameters are set to match those used

316 in the GM_SLUCM simulation. To match the FRC_URB value of 0.9 in GM_SLUCM, we
a7 specify 90% PCT_URBAN and 0% urban impervious floor cover in GM_CLMUyNoan. The
318 remaining 10% of the grid cell land fraction is allocated equally to 5% cropland and 5%
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natural vegetation. Building space heating and air conditioning are turned off in GM_CLMUnoan
as well. Instead of depth-dependent material properties, GM_CLMUynoan adopts sin-

gle average values of thermal parameters without varying by construction layers, sim-

ilar to GM_SLUCM.

It is noteworthy that the grid-level outputs from the simulations include contribu-
tions from both urban and non-urban fractions. Given that two models differ in their
representations, physics, and initial conditions, the sensitivity experiment involving per-
turbations to urban parameters cannot fully isolate the influence of a single factor (Fig-
ure 5). As the primary objective here is to demonstrate the capability of WRF-CLMU,
point-to-point control experiments are left for future work.

Initial conditions Physics  Boundary conditions

t ! }

|
Atmosphere model

Meteorological forcings
Land surface feedback

Land surface

{_ model j

Urban Non-urban
| |
' ' v

Initial conditions Physics Representation

Figure 5. Illustration of factors contributing to simulation differences. The intercomparison
of grid-level variables between WRF-SLUCM and WRF-CLMU can be regarded as a comparison
between WRF-LSM and WRF-CTSM, reflecting combined influences from differences in land

cover representation, initial conditions, and physical parameterizations.

2.4 Model Evaluations
2.4.1 Air Temperature, Humidity, and Wind Speed

To evaluate model performance, we collect temperature, relative humidity, and wind
speed from three in-situ observation stations, including a Hadley Centre Integrated Sur-
face Database (HadISD) station (53.354°N, 2.275°W, 2 m) at Manchester airport (Met
Office Hadley Centre & National Centers for Environmental Information - NOAA, 2025)
(Figure 6(b)), the Manchester Air Quality Supersite (MAQS) station (53.44422°N, 2.21449°W,
7 m) (Watson, 2023b, 2023a) (Figure 6(c)), and the Whitworth station (53.46745°N, 2.23210°W,
53 m) (Centre for Aetmospheric Science - The University of Manchester, n.d.) (Figure 6(d)).
These stations measure a range of environments, from rural, through suburban, to ur-
ban. Observed variables, recorded at defined heights, are compared with simulated val-
ues at the nearest grid cell and matching heights. Specifically, the Whitworth station is
used to examine bottom-layer urban atmospheric conditions, while the HadISD and MAQS
stations are used for near-surface canopy air conditions.
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(a) Land category for initializing GM_SLUCM simulation (b) HadISD station (2 m) (c) MAQS station (7 m)

Figure 6. Land surface over Greater Manchester and three in-situ observational stations. (a)
Land category for initializing the GM_SLUCM 1.2 km simulation based on the IGBP MODIS
dataset. 1: Evergreen needleleaf forest. 2: Evergreen broadleaf forest. 3: Deciduous needleleaf
forest. 4: Deciduous broadleaf forest. 5: Mixed forests. 6: Closed shrublands. 7: Open shrub-
lands. 8: Woody savannas. 10: Grasslands. 12: Croplands. 13: Urban and built-up. 14: Crop-
land /natural vegetation mosaic. 16: Barren or sparsely vegetated. 17: Water. The red rectangle
denotes the extent of the main urban area for output analysis. The red dot denotes the location
of the city center (53.71048°N, 2.53671°W). The red dashed line denotes the transect used to
assess the urban-rural temperature contrast. White dots denote the observation locations. (b)
HadISD station (3 m). (c) Manchester Air Quality Supersite (MAQS) station (7 m). (d) Whit-
worth station (53 m).

2.4.2 Land Surface Temperature

We compare daytime and nighttime land surface temperature (LST) from simu-
lations with two LST satellite remote sensing products at a spatial resolution of 1 km,
including MODIS Aqua satellite data (Wan et al., 2021) and VIIRS data (Hulley & Hook,
2023a, 2023b). This comparison approach has been widely used in previous studies (e.g.,
Z. Li et al., 2019; Salamanca et al., 2018; X. Zhang et al., 2022). Nevertheless, we treat
satellite-derived LSTs as a reference rather than the absolute truth, since they can ex-
hibit systematic biases relative to in-situ measurements (Hu et al., 2014; A. Wang et al.,
2014).

The simulated LST in WRF-SLUCM is aggregated from surface temperature (TS)
in urban and non-urban fractions (Equation 1):

LST = FRC_URB x TS_URB + (1 — FRC_URB) x T1, (1)

where FRC_URB is the urban fraction (percentage of urban impervious surface) within a
grid cell. TS_.URB and T1 are surface skin (first-layer) temperature of urban and non-
urban surfaces, respectively, calculated using a Newton—-Raphson iterative algorithm (Duan
et al., 2025).

By contrast, the LST in WRF-CLMU is calculated as (Equation 2):
LWp

g

N

LST = ( ), (2)
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359 where o is the Stefan-Boltzmann constant (5.67 x 10-% W/m? K*), and LW,,, is grid-
360 level upward longwave radiation aggregated from sub-grid land-units. LW, in CLMU

361 accounts for the surface emissivity. For example, the upward longwave radiation for the
362 roof (LWyp_roof) is calculated as the sum of the roof emitted longwave and reflected long-
363 wave from the atmospheric incoming longwave (Equation 3):

LWup,roof = €roof X 0 X Tsfoof + (1 - 6mof) X LWaown, (3)
364 where €,00f is roof emissivity, T'S,qof is roof surface temperature, LWqown is incoming long-
365 wave from the atmosphere. Combining Equation 2 and 3, the roof radiative tempera-

366 ture (LSTy00f) is (Equation 4):

(1 - 6roof) X LWdown 1
- )t )

367 Therefore, LSTs output from WRF-CLMU and WRF-SLUCM differ: the former (Equa-

LSTroof = (Eroof X Tsfoof +

368 tion 2) represents the effective radiative temperature emitted to the atmosphere, whereas
369 the latter (Equation 1) represents the area-weighted skin temperature within the grid.

370 We examine daytime and nighttime LST on 16 and 19 July 2022, respectively, the
a7 first and hottest days of the record-breaking heatwave period, characterized by contin-

372 uous energy accumulation and progressive soil moisture depletion. This 4-day heatwave
373 event poses a challenge to the models under extreme conditions. Both NOAH-LSM and
374 CTSM differ not only in their urban modeling but also in how they model non-urban

315 land-units. Focusing on urban climate, we restrict our analysis to grid cells located in

376 the main urban area of the simulation domain, where the urban fraction is high. The

37 city center (53.71048°N, 2.53671°W) is chosen because it exhibits the highest percent-

378 age of urban area (88.2%) in GM_CLMU, which is comparable to the constant 100% clas-
379 sified as urban in GM_SLUCM. Note that despite the similar percentage of urban area,
380 the percentage of impervious surface in GM_CLMU is only 44.5%, roughly half of the

381 90% in GM_SLUCM.

382 We also analyze LST along a southwest-northeast transect extending from the city

383 center to suburban and rural areas, with the transect direction determined by prevail-

384 ing wind in July 2022. Due to differences in land cover representation between models,

385 it is not straightforward to directly calculate the surface urban heat island intensity (SUHII)
386 by comparing temperatures between specific urban and rural areas. Instead, a transect-

387 based approach (e.g., Unger et al., 2001; K. Zhang et al., 2010) is adopted to better eval-
388 uate each model’s ability to capture LST spatial variations and to depict SUHII using

389 maximum and minimum LST along a cross-section.
390 2.4.3 Surface Energy Fluxes
301 To understand how models differ in handling urban surface energy balance, we ex-
302 amine radiation, turbulent, and storage heat fluxes from WRF outputs (Equation 5):

res = Ry — Qn — Qe — Qs, (5)
303 where res is residue, @y is heat entering the surface, R, is net radiation flux, @), is sen-

304 sible heat flux, Q). is latent heat flux. For WRF-CLMU simulations with building en-
395 ergy modeling (i.e., GM_CLMU, GM_CLMU 41 ), surface energy balance has additional
396 building-related heat fluxes (Equation 6):

res = Ry + (Qac + Qv + Qw) — Qn — Qe — Qs, (6)
307 where @, is air-conditioning heat flux, @, is building ventilation heat flux, Qs is waste
308 heat flux from building space heating and air conditioning.
399 In WRF-SLUCM, the R, is calculated as (Equation 7):
Ry = SWiown X (1 = ALBEDO) + EMISS x (LWgouyn — 0 x LST?), (7)
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where SWyown is downward solar radiation, ALBEDO is effective albedo, LWown is down-
ward longwave radiation. EMISS is a constant 0.98 for urban grid cells. Here, EMISS
serves as a grid-level surface emissivity used solely for checking the surface energy bal-
ance. It is neither the material-based emissivity for roads, roofs, and walls used as model
inputs, nor an instantaneous effective emissivity. In WRF-CLMU, the R, is calculated

as (Equation 8):

Rn - (SWdown - SWup) + (LWdown - LWup)v (8)

where SW,;, is upward solar radiation (reflected by the surface), LWy, is upward long-
wave radiation (surface emitted). Both SWy,, and LW, are prognostic variables. As EMISS
does not play a role in Equation 8, LILAC sets it to 1 merely as a placeholder.

3 Results

3.1 Comparing Model Performance of WRF-CLMU and WRF-SLUCM
with In-situ Observations

The simulated monthly mean daily air temperatures at the 2 m or the lowest at-
mospheric layer in the GM_SLUCM and GM_CLMU simulations generally capture both
the magnitude and temporal variability of observations. During summer, the GM_CLMU
simulation has higher temperatures than the GM_SLUCM simulation. For example, at
the HadISD station, the August mean 2m air temperature (T2M) is 19.0°C in GM_CLMU,
0.4°C higher than in GM_SLUCM, and 0.9°C above the observed value (Figure 7(a)). A
similar overestimation occurs at the MAQS station, where GM_CLMU simulates a T2M
of 19.5°C, compared to 19.1°C in GM_SLUCM and 19.0°C in the observations (Figure 7(b)).
This near-surface warming also affects the temperature at the lowest atmospheric layer
(TA). At the Whitworth station, TA is 18.6°C in GM_CLMU, compared to 18.1°C in GM_SLUCM
and 17.8°C in observations (Figure 7(c)). By contrast to the summer overestimation, win-
tertime daily air temperature is slightly underestimated in both simulations compared
to observations. For example, at the MAQS station, the observed January mean T2M
is 5.5°C, compared to 5.1°C in the GM_CLMU simulation and 4.4°C in the GM_SLUCM
simulation. This underestimation of T2M is likely associated with the sensible heat flux
(@Qn)- A key contributing factor is the insufficient representation of anthropogenic heat
flux in both models. By default, NOAH-SLUCM sets anthropogenic heat flux to 0 W/m?;
while CLMU includes only building-related anthropogenic heat, omitting contributions
of warming from other sources such as traffic and metabolism.
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Figure 7. Monthly mean daily 2m air temperature, 2m relative humidity, and 10m wind
speed in 2022 at the HadISD and MAQS station, as well as for the lowest atmospheric layer

at Whitworth station. T2M and RH2M refer to air temperature and relative humidity at 2 m
above the surface, respectively, and W10M refers to wind speed at 10 m. TA, RH, and WIND
represent the corresponding values at the lowest atmospheric model level. The left y-axis shows
the observed or model variables, while the right y-axis shows the difference (A) between the
GM_CLMU and GM_SLUCM simulations. Mean bias error (MBE) denotes the mean of the
differences between simulations and observations for the whole year, calculated as the monthly
mean simulation minus observation. A positive MBE denotes model overestimation, whereas a
negative MBE denotes model underestimation. Root mean square error (RMSE) is calculated
as the square root of the mean of squared differences between simulations and observations. An
RMSE closer to 0 is better.

Both GM_CLMU and GM_SLUCM simulations generally underestimate the monthly
mean daily 2m relative humidity (RH2M) at HadISD and MAQS stations, particularly
during the summer months. At the HadISD station, the simulated RH2M reaches a min-
imum in August of 59.9% in GM_CLMU and 60.5% in GM_SLUCM, both lower than
the observed value of 69.8% (Figure 7(d)). The underestimated humidity in both mod-
els is influenced by the latent heat flux (Q.). According to the Urban-PLUMBER met-
ric results (Lipson et al., 2023), both models exhibit a site-average negative mean bias

error (MBE), suggesting that Qe is underestimated compared to observations (Figure A1(d)).

However, seasonal reversals occur. For example, at the Whitworth station, GM_CLMU
overestimates March and April mean relative humidity at the lowest atmospheric layer
(RH) relative to both observations and GM_SLUCM (Figure 7(f)).

Monthly mean daily 10m wind speeds (W10M) in both simulations are higher than
the observed, with GM_SLUCM the highest. Previous studies also found overestimation
of W10M by NOAH-SLUCM (He et al., 2019; Kadaverugu et al., 2021; Sharma et al.,
2017) as well as higher W10M in WRF-SLUCM than in WRF-CLMU4 (Imran et al., 2018).
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Local morphological conditions further influence W10M. At the MAQS station, overes-
timation is likely due to the simplified representation of urban roughness length, with

an MBE of 2.8 m/s and 1.6 m/s in the GM_SLUCM and GM_CLMU simulations, re-
spectively (Figure 7(h)). The station, located in a built-up area surrounded by trees, ex-
periences a low monthly mean W10M of around 1.5 m/s, with increased roughness that
models do not fully capture. By contrast, the overestimation is more moderate at the
HadISD station (Figures 7(g)) and the Whitworth station (Figures 7(i)), both of which
have relatively open surroundings and less surface roughness, resulting in higher observed
W10M and smaller MBE than at MAQS.

Overall, model performance, evaluated using hourly mean values, varies across dif-
ferent metrics for the three variables (Figure 8). GM_CLMU generally reproduces near-
surface wind speed more accurately across the HadISD, MAQS, and Whitworth stations,
according to most metrics, except for the correlation coefficient (R). This indicates that,
although GM_SLUCM exhibits a larger magnitude bias, its hourly variability aligns more
closely with observations. Metrics for T2M at HadISD deviate from the patterns seen
at the MAQS and Whitworth stations closer to the city center, where most metrics in-
dicate better performance in the GM_SLUCM simulation. Given the HadISD station near
the Manchester Airport, poor performance suggests that GM_CLMU has limited skill
in representing sparsely built-up environments compared to GM_SLUCM. GM_CLMU
characterizes the HadISD grid cell as 66.4% medium-density urban area based on the

0.05° raw data, which likely overlooks low-density built conditions. By contrast, GM_SLUCM

represents HadISD as non-urban, excluding any urban effects.
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Figure 8. Evaluation of hourly near-surface variables using ten performance metrics from
GM_SLUCM and GM_CLMU simulations against observations at HadISD, MAQS, and Whit-
worth stations. For HadISD and MAQS stations, metrics are based on 2m air temperature, 2m
relative humidity, and 10m wind speed, whereas for Whitworth, they are based on variables from
the lowest atmospheric layer. Metric definitions follow Lipson et al. (2023). The evaluation is

conducted over the full 2022 simulation period, with the spin-up period excluded.
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3.2 Comparing Model Performance of WRF-CLMU and WRF-SLUCM
with Remote Sensing Products

3.2.1 Spatial Variations of Land Surface Temperature during the 2022
July Heatwave

WRF-CLMU reproduces daytime LSTs with magnitudes and spatial variations that
generally align with remote sensing. In the main urban area, GM_SLUCM simulates LSTs
around 34-35°C (Figure 9(a)), lower than GM_CLMU reaches by 1-2°C (Figure 9(b)).
Observed LSTs exhibit a broader spatial variability, from 30°C to 38°C, effectively cap-
turing both the extreme heat and cooler microclimates. The MODIS map shows a com-
pact area with LSTs peaking at 38°C (Figure 9(d)), while the VIIRS LST map indicates
more scattered grid cells reaching 38°C (Figure 9(e)).

(a)
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28 30 32 34 36 38 28 30 32 34 36 38 28 30 32 34 28 30 32 34 36 38 28 30 32 34 36 38

(f) GM_SLUCM at 01:30 (g) GM_CLMU at 01:30 (h) GM_CLMUyoaH at 01:30 (i) MODIS at nighttime (j) VIIRS at nighttime
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Figure 9. Land surface temperature (LST) from GM_SLUCM, GM_CLMU, and
GM_CLMUnoan simulations (1.2 km), and remote sensing products of the MODIS and VI-

IRS (1 km) on 16 July 2022, marking the onset of the July heatwave. (a)—(d) Daytime LST at
13:30 local time. (e)—(h) Nighttime LST at 01:30 local time. White areas in panels for MODIS
and VIIRS indicate data removed due to quality control. The red rectangle denotes the extent of

the main urban area.

At night, the GM_SLUCM simulation produces LST up to 13°C in the main ur-
ban area (Figure 9(f)). The use of dominant land cover type representation results in
clearly distinguished LST patterns across grid cells. The GM_CLMU simulation exhibits
lower nighttime urban LSTs, with only a few central-city grid cells exceeding 10°C, while
surrounding areas remain around 6-10°C (Figure 9(g)). CLMU shows limited spatial vari-
ability in LST, likely due to the use of coarse-resolution raw land cover data to gener-
ate high-resolution surface input at 1.2 km. This constrains the model’s ability to cap-
ture fine-scale land surface variations needed for urban climate simulations. The sim-
plification of plant functional types (PFTs) into a single category further reduces sur-
face heterogeneity, contributing to the muted spatial variability. Compared to MODIS
LSTs (Figure 9(i)), the VIIRS LST product (Figure 9(j)) detects more distinct high-LST
zones in the city core and cooler fringes, showing a strong contrast between urban and
rural LSTs.
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3.2.2 Model Capability in Depicting Surface Urban Heat Island Inten-
sity

Simulated LSTs differ across both urban and rural areas between the two model
configurations, thereby affecting the estimate of urban heat island intensity. Compared
to GM_SLUCM, daytime LSTs in GM_CLMU align more closely with observations on
16 July, marking the onset of the heatwave (Figure 10(a)). Along the daytime LST cross-
section, the GM_SLUCM and GM_CLMU simulations show daytime gradients of 4.8°C
and 9.0°C, respectively, on 16 July. For reference, MODIS shows an LST gradient of 9.0°C
between the warmest (36.7°C) and coolest (27.7°C) grid cells. The distance between these
two grid cells is about 20.3 km, with the latter located on the northeastern hills. GM_CLMU
captures the extreme heat conditions at the city center and the coolest LST over the high-
elevation terrain about 20 km to the north, producing a sharper urban—rural contrast.
However, both simulations misplace the warm anomaly in the southwest, opposite to the
MODIS and VIIRS pattern, introducing additional uncertainty in estimating SUHII across
Greater Manchester under extreme heat conditions.
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Figure 10. Land surface temperature (LST) along the transect from GM_SLUCM and
GM_CLMU simulations, compared with remote sensing products of the MODIS and VIIRS,
during the 2022 July heatwave. (a) LST at 13:30 local time, on 16 July. (b) LST at 01:30, on

16 July. (c) LST at 13:30 on 19 July. (d) LST at 01:30 on 19 July. The vertical line at x = 0
denotes the city center (53.71048°N, 2.53671°W), with the gray shading indicating the range of
the main urban area. Negative values on the z-axis denote locations south of the city center, and
positive values denote locations to the north. Maximum LST refers to the highest value within
the main urban area. Minimum LST corresponds to the coolest point on the transect. Horizontal
lines below the z-axis show the distance (in km) between locations of maximum and minimum
LSTs along the transect. Vertical lines to the left of the y-axis show the corresponding tempera-
ture gradient (in °C) as the surface urban heat island intensity (SUHII). Maximum and minimum

LST values from MODIS and VIIRS for panel (d) are not shown due to excessive missing data.

At night, the GM_CLMU simulation produces a smooth spatial variation pattern
of LST (Figure 10(b)). This moderate spatial variation might be a consequence of CLMU’s
mosaic representation, as values are aggregated from subgrid land-units weighted by their
fractional area within each grid cell. However, GM_CLMU underestimates the peak night-
time LST at the city center. This underestimation stems from the model configuration,
which simplifies urban land cover to a single urban class as a trade-off for computational
efficiency. As GM_CLMU only characterizes the urban area as medium density, it fails
to capture the characteristics of densely built-up zones with extensive impervious sur-
faces that store and release heat at night. By contrast, the GM_SLUCM simulation ex-
hibits pronounced LST fluctuations within the main urban area, where built-up surfaces
trap heat and remain warm. Due to the use of uniform urban parameters across built-
up areas, LST within a 10 km radius of the city center remains similar at 12.2°C, sug-
gesting limited intra-urban variability.
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After three days, 19 July experienced the most intense extreme heat conditions.

The prolonged accumulation of heat further exacerbates the warming bias in both mod-
els. Simulated LST in the main urban area generally rises above 45°C (Figure 10(c)).
As the simulated LSTs typically elevate across the region, the temperature gradient be-
tween the maximum and minimum LST along the cross-section narrows to 6.7°C in the
GM_CLMU simulation. This gradient is lower than the corresponding values of 9.1°C
in the GM_SLUCM simulation, 13.7°C in VIIRS, and 14.4°C in MODIS. The underes-
timated temperature gradient in GM_CLMU and GM_SLUCM is primarily due to the
overestimated LSTs in rural areas. Both models exhibit weaker vegetation cooling ef-
fects and thereby pose uncertainties for depicting SUHII under extreme heat conditions.

Despite similar daytime LSTs around 46°C in the main urban area, nighttime LSTs
in the GM_CLMU simulation drop to 22-23°C, while in the GM_SLUCM simulation re-
main 27°C (Figure 10(d)). At the city center, nighttime LST in GM_CLMU is closer to
the MODIS-based LST of 22°C, whereas simulated LSTs in GM_SLUCM for grid cells
10 km north of the city center agree better with VIIRS-based values. The larger day-
night LST difference in the GM_CLMU simulation indicates faster urban nocturnal cool-
ing compared to GM_SLUCM.

3.2.3 Surface Energy Balance Explanation of Model Differences

During the July heatwave, GM_CLMU produces a warmer, drier, and less windy
daytime urban environment compared to GM_SLUCM, whereas the opposite pattern emerges
at night. These differences mainly result from the energy partition between turbulent
heat and storage heat. At the city center, the mean daytime storage heat flux (Qs) in
the GM_SLUCM simulation is 145.2 W/m?, while Q) is 3.9 W/m? (Figure 11(a)). The
proportion of sensible, latent, and storage heat is 58.9%, 0.8%, and 40.3%, respectively.
According to WRF’s default look-up table of urban parameters, grid cells dominated by
urban only have a 10% vegetation (pervious-surface) fraction, which contributes to the
low moisture flux (Patel et al., 2022). In the main urban area, the daytime Qs is 134.0
W /m?, lower than the Qs from the city center (Figure 11(c)). That is, the main urban
area has some non-urban grid cells, which exhibit less energy storage in the soil and more
in turbulent fluxes.
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Figure 11. Average urban surface fluxes in the GM_SLUCM and GM_CLMU sim-
ulations during a heatwave of 16-19 July 2022. (a) and (b) City center (the grid cell of
53.71048°N, 2.53671°W). (c) and (d) The main urban area (grid cells within the rectangle
domain). SWyown is downward solar radiation. SWy,, is upward solar radiation. LWqown

is downward longwave radiation. LWy, is upward longwave radiation. R, is net radiation

(Rn = SWaown + LWaown — SWyup — LW.yp). Qu is sensible heat flux. Qi is latent heat flux.

Qs is the flux going into the ground, as storage heat flux. f denotes the percentage of the urban

area covered by impervious surfaces. ALBEDO is the instantaneous effective albedo (ALBEDO =

Sf}VVZ“P ). LST is the land surface temperature. T2M is the 2m air temperature. RH2M is the 2m
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relative humidity. W10M is the 10m wind speed.

By contrast, the GM_CLMU simulation represents a much larger fraction of per-

vious canyon floor, corresponding to areas with urban vegetation. This results in a greater

portion of available energy being partitioned into latent heat flux (Qe), with the day-
time surface energy budget distributed as 57.1% sensible heat, 18.9% latent heat, and
24.0% storage heat. Despite the larger pervious floor fraction, GM_CLMU produces a
higher daytime 2-m air temperature (31.5 °C), 1.7 °C warmer than GM_SLUCM (29.8
°C). This apparent inconsistency arises because CLMU simplifies the associated phys-
ical processes for the pervious floor by a bulk soil representation and does not explic-
itly represent urban vegetation transpiration. Under extreme heat conditions, such as
heatwaves, the reliance on a bulk soil model may further reduce the simulated cooling
effect, depending on soil moisture availability.

At night, both models exhibit negative @y, indicating that heat is released from
the ground to the atmosphere. Since CLMU simulates a lower ()5 during the day, the
magnitude of nighttime ground heat release is also smaller (Figure 11(b), (d)). Accord-
ingly, T2M at the city center is 19.8°C in GM_CLMU, 0.9°C lower than in GM_SLUCM
of 20.7°C. Alongside temperature reduction, nighttime RH2M and W10M are higher in
GM_CLMU. These three variables, T2M, RH2M, and W10M, influence heat impact as-
sessment, such as human heat stress (Buzan et al., 2015).
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3.3 WRF-CLMU Sensitivity to Urban Parameters

Given that WRF-CLMU tends to simulate warmer daytime and cooler nighttime
near-surface air temperatures on a monthly mean basis, we primarily attribute this to
differences in urban parameters, for example, albedo, as it governs surface energy ab-
sorption, and, in turn, modulates energy fluxes (e.g., sensible and latent heat fluxes) and
diagnostic variables such as temperature. Urban-PLUMBER results further indicate that
CLMUS5 under the baseline experiment (using model-specific parameters) overestimate
Qn and underestimate SW,,, as reflected by a positive 20-site average MBE for @y, (Fig-
ure Al(c)) and a negative MBE for SW,, (Figure Al(a)). GM_SLUCM and GM_CLMU
simulations prescribe different albedo values as input. GM_SLUCM uses a uniform de-
fault value of 0.2 for roofs, walls, and roads, whereas GM_CLMU assigns similar albedo
values for roofs (0.23) and walls (0.27), but notably lower values for impervious floor (0.13)
and pervious floor (0.08) (Table B1). As a result, GM_SLUCM and GM_CLMU simu-
late instantaneous albedo values of 0.15 and 0.13, respectively, at 13:30 during 16-19 July
at the city center (Figure 12(a)). In winter, however, differences in prescribed albedo have
minimal effect, with both GM_SLUCM and GM_CLMU producing similar effective albedo
values of 0.15 during 4-6 January (Figure 12(c)). The impact of urban surface reflec-
tion in winter is reduced due to weak incoming solar radiation in high-latitude urban ar-
eas like Greater Manchester.

W/m? (a) Summer 13:30 W/m? (b) Summer 01:30
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Figure 12. Average urban surface fluxes at the city center (the grid cell of 53.71048°N,
2.53671°W). (a) and (b) During 16-19 July. (c) and (d) During 4-6 January 2022. SWaown is
downward solar radiation. SWy,, is upward solar radiation. LW4own is downward longwave radia-
tion. LWy is upward longwave radiation. R, is net radiation (Rn = SWaown + LWdown — SWaup —
LWyp). Qn is sensible heat flux. Qe is latent heat flux. Qs is the flux going into the ground, as
storage heat flux. ALBEDO is the instantaneous effective albedo (ALBEDO = &) LST is
the land surface temperature. T2M is the 2m air temperature. RH2M is the 2m relative humid-
ity. W10M is the 10m wind speed.

When the albedo of both impervious floor and pervious floor is increased to 0.23,
GM_CLMU,p produces only a slightly higher effective albedo by 0.03 in summer (0.16
vs. 0.13 for GM_CLMU) (Figure 12(a)) and 0.02 in winter (0.17 vs. 0.15 for GM_CLMU)
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(Figure 12(c)). Albedo perturbation results in a minimal reduction of net radiation in
GM_CLMU 4. Consequently, surface energy fluxes remained largely unchanged, and
diagnostic variables (i.e., LST, T2M, RH2M, W10M) show limited sensitivity to road
albedo perturbation. The mean daytime T2M only decreases by 0.1°C from 31.5°C in
GM_CLMU to 31.4°C in GM_CLMU 55, still higher than 29.8°C in GM_SLUCM. This
outcome aligns with previous findings that road-albedo modifications generally have smaller
cooling effects than increasing roof-albedo modifications, owing to the constraint imposed
by urban morphology and model physics (Y. Sun et al., 2024). In terms of urban forms,
the canyon height-to-width ratio and building height influence radiation reflection and
sensible heat. In particular, GM_CLMU represents taller buildings (15 m) compared to
GM_SLUCM (7.5 m), likely to increase sensible heat and amplify canopy-layer air tem-
perature.

When all urban morphological, radiative, and thermal parameters are set to match
those in the GM_SLUCM simulation, GM_CLMUyoagn simulation shows increases in day-
time storage heat flux (Qs) compared to GM_CLMU and GM_CLMU 41,5 simulation, due
to a reduction of pervious floor fraction from 45% to 0% (Figure 12(a), (¢)). Without
any pervious floor, GM_CLMUyoan simulates a daytime LST of 42.6°C during 16-19
July, 2.7°C higher than in GM_SLUCM (39.9°C). Increasing the impervious surface frac-
tion to 90% raises not only daytime but also nighttime LST (Figure 9(c), (h)), result-
ing in values more comparable to remote-sensing-based LSTs. Such a warmer phenomenon
in GM_CLMUyoan does not occur in winter as the simulation turns off building space
heating. During 4-6 January, LST at 13:30 in GM_CLMUnoag is 1.2°C lower than in
GM_SLUCM, yet the two simulations produce the same T2M (Figure 12(c)). This sug-
gests that, under identical urban parameters, variations in model physics or respective
initial conditions may influence the results. At 01:30, surface fluxes between GM_CLMUNoan
and GM_SLUCM are rather similar, but the diagnostic variables such as LST and T2M
are still different (Figure 12(d)). Nighttime T2M of 1.7°C in GM_CLMUnoan is 2.1°C
lower than in GM_CLMU (0.4°C). CLMU is highly sensitive to anthropogenic heat for
urban regions under cold background climate conditions, which constitutes the dominant
source of urban warming at night. By contrast, without incorporating any anthropogenic
heat, GM_SLUCM remains warmer throughout the day and night.

The atmospheric component responds to seasonal variations induced by urban sur-
faces. At the city center at 13:30, the bottom atmospheric layer sees the highest sum-

mer daytime TA in the GM_CLMUnoan simulation, followed by GM_CLMU, GM_CLMU 15,

and GM_SLUCM (Figure 13(a)). The lowest TA in the GM_SLUCM simulation mainly
results from its comparatively low T2M. On summer nights, all WRF-CLMU simulations
show lower TAs compared to GM_SLUCM, with the maximum difference (ATA) reach-
ing —1.5°C (Figure 13(b)). Wintertime TAs are less influenced by urban variations, where
ATAs vary from —0.3°C to 0.2°C among simulations during the day (Figure 13(c)), and
from —0.4°C to 0.2°C at night (Figure 13(d)). Differences in TAs diminish across the bot-
tom layers, while a reverse pattern emerges aloft.
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Figure 13. Average atmospheric temperature (TA) at the city center (the grid cell of

53.71048°N, 2.53671°W). (a) and (b) 16-19 July 2022. (c) and (d) 4-6 January 2022. TA on
the bottom z-xais denotes values from the GM_SLUCM simulation. ATA on the top z-xais de-
notes values of GM_CLMU or GM_CLMU a1 or GM_CLMUnoan minus GM_SLUCM. z denotes

a certain geopotential height above mean sea level.

4 Conclusion

This study demonstrates the capability of the Community Land Model-Urban (CLMU)
via WRF coupling for high-resolution urban climate simulations. Being coupled to an
active atmospheric model, the need for externally prepared forcing data in CLMU is re-
moved, allowing for online simulations with dynamic downscaling. We take Greater Manch-
ester (GM), UK, as a testbed to compare the performance of WRF’s embedded NOAH
single-layer urban canopy model (WRF-SLUCM) against WRF-CLMU. These two atmosphere-
land coupled simulations, GM_SLUCM and GM_CLMU, use four nested domains, with
the innermost grid spacing of 1.2 km.

Results show that both simulations perform comparably, with monthly mean near-
surface air temperature closely matching observations at three in-situ stations. A heat-
wave event (16-19 July 2022) is further analyzed to assess model performance in sim-
ulating land surface temperature (LST). On the onset of the July heatwave, GM_CLMU
simulates the daytime LSTs by 1-2°C higher than GM_SLUCM in urban areas, better
capturing extreme heat conditions. GM_CLMU reproduces a daytime surface urban heat
island intensity (SUHII) of 9.0°C along a southwest-northeast transect, closely match-
ing remote-sensing-based estimates. By contrast, it underestimates nighttime LSTs in
urban areas, with values up to 4°C lower than satellite products. On 19 July, the peak
of the heatwave, both models show a daytime warming bias under extreme heat condi-
tions. Elevated simulated LSTs in both urban and rural areas result in lower SUHII (9.1°C
in GM_SLUCM and 6.7°C in GM_CLMU) than observed by satellites (14.4°C in MODIS
and 13.7°C in VIIRS).
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653 As CLMU and SLUCM are fundamentally distinct, output variations arise from

654 multiple factors, including model physics, initial conditions, land cover classification, and
655 the parameters used to represent land properties. For example, the GM_SLUCM sim-

656 ulation produces a narrower diurnal temperature range with lower daytime temperature
657 and higher nighttime air temperature compared to the GM_CLMU simulation. Model-
658 specific parameters partially determine this behavior, one of which is the pervious sur-

659 face fraction. As the default setting of the proportion of pervious surface of 10%, the GM_SLUCM
660 simulation partitions more heat into ground flux during the day. Comparatively, the GM_CLMU

o61 simulation represents a larger pervious floor fraction (45%), which partitions less energy
662 into storage heat and more into turbulent heat fluxes. However, CLMU parameterizes

663 the pervious floor through a bulk soil model that does not account for transpiration from
664 urban trees. This simplification may constrain its performance under extreme heat events,
665 such as heatwaves, when cooling is further moderated by soil moisture limitations. In

666 addition, sensitivity tests show that increasing the prescribed road albedo by 0.1 only

667 increases effective albedo by 0.02-0.03 in the WRF-CLMU 1,5 simulation, and does not
668 significantly influence the simulated thermal conditions. Substituting all GM_SLUCM

669 parameters into CLMU notably increases daytime storage heat fluxes in GM_CLMUnoan
670 and thereby increases LST.

671 We acknowledge that the performance of urban climate modeling may vary across
672 different urban areas, influenced by variations in urban land cover classification and cor-
673 responding parameters. Since the main objective of this study is to demonstrate the ca-

674 pability of WRF-CLMU for regional urban climate simulations, we do not distinguish
675 the differences between WRF-CLMU and WRF-SLUCM through point-to-point control

676 experiments. Our findings are case-specific, and additional testbeds are required to eval-
677 uate model performance under varying background climates and urban parameters. For

678 instance, an ensemble approach (e.g., Imran et al., 2018) could be used to assess climate
679 dynamics with WRF-CLMU, considering uncertainties from different atmospheric schemes
680 or variations in land initial conditions. As the urban model of the CESM, CLMU relies

681 on default land surface input derived from coarse-resolution raw data. This limits CLMU’s
682 ability to represent urban land cover heterogeneity when interpolated to kilometer-scale

683 grids and reduces its capability to capture microclimatic variations under extreme con-

684 ditions. The future applications of WRF-CLMU in urban climate studies stand to ben-

685 efit from more detailed representations of urban land cover, such as those based on lo-

686 cal climate zone classification (Y. Sun, Oleson, Zhao, et al., 2025) or high-resolution ur-

687 ban parameter datasets (e.g., Cheng et al., 2025; L. Li et al., 2024; Liao et al., 2025). Build-
688 ing on our baseline case study, future investigations using WRF-CLMU with refined model
689 configurations and calibration are expected to further improve our understanding of model
690 behaviors.

601 Appendix A Model Intercomparisons

692 A1l Results from the Urban-PLUMBER . Project

693 The Urban-PLUMBER conducted two experiments: the baseline one using de-

694 fault model parameters, and the detailed one using the provided parameters, provid-

695 ing evidence for model evaluation between CLMU5 and NOAH-SLUCM in single-point

696 land-only mode. The baseline results suggest that uncertainties stem from both model
697 physics and urban parameters, whereas the detailed results point to differences mainly

698 attributed to model physics.

699 The mean bias error (MBE) between observed and simulated upward longwave ra-
700 diation (LW,;) indicates a general overestimation in both models, with NOAH-SLUCM
701 producing higher MBEs than CLMUS5 at most flux tower sites (Figure A1(b)). Latent

702 heat flux (Qy.) from both models appears insensitive to parameter differences between

703 the baseline and detailed experiments, as reflected by the similar MBE values in both
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cases (Figure A1(d)). Negative MBE for Q) is likely due to a lack of explicit urban veg-
etation modeling. In the baseline experiment, site-average MBE for sensible flux (Qy)

is 4.7 + 19.1 W/m? and —8.6 £ 23.0 W/m? in CLMU5 and NOAH-SLUCM, respectively,
indicating a greater overestimation of @, by CLMUbS using model default parameters
(Figure Al(c)). When local parameters are applied, this bias is reduced. The site-average
MBE for @y, in CLMU5 decreases from 4.7 £ 19.1 W/m? to —2.6 £ 16.0 W/m?.
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Figure Al. Mean bias error (MBE) between the simulated and observed (a) upward solar
radiation (SWhyp), (b) upward longwave radiation (LW.yp), (c) sensible heat flux (Qn), and (d) la-
tent heat flux (Qie) over 21 urban flux tower sites. Metric data came from the Urban-PLUMBER
project (https://urban-plumber.github.io/, last access: 26 November 2025) (Lipson et al.,
2021), with baseline and detailed experiments using different parameters (Lipson et al., 2023).
Sites are classified by the Koppen-Geiger climate zone system to indicate background climate
conditions. MBE >0: Model is overestimating on average. MBE < 0: Model is underestimating
on average. The top-left texts in each panel indicate the site-average MBE for NOAH-SLUCM,
while the bottom-right texts show the MBE for CLMUS5.

A2 Turbulent Heat Transfer

NOAH_SLUCM and CLMU are different in turbulent heat transfer from urban sur-
faces to the atmosphere. Taking sensible heat as an example, NOAH_SLUCM calculates
sensible heat flux (Qn) as (Equation Al):

Qn = FLXTH - pam - ¢, (A1)
where ¢, is the specific heat capacity of air, patm is air density at the first atmospheric

level. FLXTH is the potential temperature flux aggregated from roof, wall, and road with
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areal weights, calculated as (Equation A2):
FLXTH = R - FLXTH, 00t + W - FLXTHya + RW - FLXTH,0ad, (A2)

where FLXTH, denotes the potential temperature flux of a certain urban surface (i.e.,
roof, wall, road). R is roof width, W is wall width, and RW is road width. FLXTH, is
calculated as (Equation A3):

Qn,*

)
Patm * Cp

FLXTH, = (A3)

where @), = denotes the sensible heat flux on a certain urban surface (i.e., HR, HB, HG).
Roof directly interacts with the bottom atmosphere, with roof sensible heat flux (Qn, roof)
calculated as (Equation A4):

Qh,roof = Patm " Cp * CH;oof - Uatm - (Qioof - eatm)a (A4)

where CH,.or denotes the heat transfer coefficient for the roof, U,y is the wind speed

at the first atmospheric level, 84, is the potential temperature at the first atmospheric
level, 0. . is the roof potential temperature at previous time step. By contrast, the wall
and road directly interact with the canopy air at the zero-plane displacement height level.
For instance, wall sensible heat flux (Qn, wan) is calculated as (Equation A5):

/

Qh,wall = Patm ° Cp : CHwall : Ucanopy : ( wall — gcanopy)v (A5)
where Ucanopy and 8canopy are wind speed and potential temperature at the urban canopy
level.

CLMU assumes that all surfaces interact with canopy air while canopy air inter-
acts with the bottom atmosphere. That is, CLMU calculates Qy, as (Equation A6):

1
Qn = Patm * Cp * Ti : (Gcanopy - aatm)a
atm-canopy (AG)
1
= Patm *Cp* ——°* Z Wy + (0* - 9can0py)
Tcanopy-*

where Tatm-canopy 15 aerodynamic resistance for sensible heat transfer between urban canopy
air and the atmosphere. rcuopy-* is the aerodynamic resistance for sensible heat trans-

fer between a certain urban surface (i.e., roof, sunlit wall, shaded wall, pervious floor,

and impervious floor) and canopy air. w, is the surface areal weight. CLMU uses Ocanopy
to represent 2m air temperature (T2M).

A3 Model Vertical-layer Configuration

WREF treats the land surface layer as a constant flux layer, about 0.1 of the plan-
etary boundary layer (Zg ~ 0.1 - Zp,p,1) (Skamarock et al., 2019). For single-layer ur-
ban canopy models like NOAH-SLUCM and CLMU, variables at the lowest atmospheric
level (k = 1) are used to derive surface heat and moisture fluxes based on Monin-Obukhov
Similarity Theory (Monin & Yaglom, 2013). In NOAH-SLUCM, the urban canopy layer
is located lower than the roof. The lowest atmospheric layer must be located above the
sum of canopy displacement height (Z4), canopy roughness length (Zy), and an addi-
tional 2 m buffer (Z; > Zq + Zy + 2), to ensure numerical stability (Figure A2).
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Cross-sectional schematic of atmosphere-urban coupling in WRF-SLUCM and

Figure A2.
WRF-CLMU. Z,1, is the height of the planetary boundary layer. Zg is the height of the surface

layer. Zi is the height of the bottom atmospheric layer (k = 1). Zatm is the height of atmo-
spheric forcing for urban canopy models. H is the average building height. Zj is the canopy
roughness length. Z4 is the canopy displacement height. Z.;,, is the reference height of the atmo-
sphere. Z,im is atmospheric forcing height. This simplified diagram illustrates the placement of
the single-layer urban canopy models beneath the atmosphere. Meyer et al. (2020) and Schoetter

et al. (2020) has provided relevant explanations of the relationships between surface representa-

tions in the atmospheric model and those in the urban model.

By contrast, CLMU does not require the bottom atmospheric layer height. Accord-
ing to the code that imports WREF variables at the lowest atmospheric level to CLMU
(https://github.com/wrf-model/WRF/blob/master/phys/module_sf _ctsm.F, last ac-
cess: 26 November 2025), LILAC defines the reference atmospheric height (Z/,,,) as the
midpoint of the lowest atmospheric layer (Z7). Consequently, the atmospheric forcing

Zg, and Zy (Zapm = Zhent+

height (Zatm) used for flux computation is the sum of Z7, .
Za+Zy). CLMU explicitly resolves the canopy-layer air space through resistance-based
formulations, including surface resistance and aerodynamic resistance. The canopy layer

is located above the roof. In addition, CLMU performs a hard-coded check that the av-
erage building height (H) exceeds the sum of Zyg + Zy, i.e., H > Z; + Zy. If this con-
dition is not met, the model initialization is terminated with an error.

Appendix B Analysis of Greater Manchester Simulations

B1 Inputs
Table B1 lists the default urban parameters used for GM_SLUCM and GM_CLMU

759

760

simulations.
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Table B1.

List of Urban Parameters for GM_SLUCM and GM_CLMU Simulations.

Attribute Name of parameter GM_SLUCM GM_CLMU Unit
Canyon height to width ratio 0.8 0.75 Unitless
Height of roof 7.5 15 meter
Thickness of roof 0.2 0.15 meter
Morphological Thickness of wall 0.2 0.28 meter
Fraction of roof 0.5 0.35 Unitless
Fraction of impervious floor 0.5 0.2 Unitless
Fraction of pervious floor - 0.45 Unitless
Albedo of impervious floor 0.2 0.13
Albedo of pervious floor - 0.08
Albedo of roof 0.2 0.23
L Albedo of wall 0.2 0.27 .
Radiative Emissivity of impervious floor 0.95 0.91 Unitless
Emissivity of pervious floor - 0.95
Emissivity of roof 0.9 0.9
Emissivity of wall 0.9 0.91
Volumetric heat capacity of impervious 1000 [2060.5, 1712.3]
floor kJ/m3 K
Thermal Volumetric heat capacity of roof 1000 [1700, 1200, 9940,
1200, 1200, 1200,
1010, 1010, 1010,
6090]
Volumetric heat capacity of wall 1000 [1520.7, 1520.7,
138.1, 919.3, 773,
773, 773, 225.7,
194.4, 621.4]
Thermal conductivity of impervious floor ~ 0.4004 [1.67, 0.50]
Thermal conductivity of roof 0.67 (1.2, 0.03, 0.15, W/m K
0.03, 0.03, 0.03,
0.04, 0.04, 0.04,
0.16]
Thermal conductivity of wall 0.67 (2.5, 2.5, 0.14, 2.1,
0.67, 0.67, 0.67,
1.6, 2.2, 2.3]
Indoor Maximum building interior temperature Not applicable ~ 99.95 e
Minimum building interior temperature Not applicable  16.95

1 NOAH-SLUCM sets 4 urban surface layers, with uniform thermal parameters across layers. CLMU

sets 10 layers, with thermal parameters varying with layers based on construction materials, re-

flecting depth-dependent material properties (Jackson et al., 2010). This allows CLMU to capture

vertical heat storage and release more realistically than a simple average.

In the GM_CLMU simulation, there are 2 layers for impervious floor, and the rest are soil.

In GM_CLMU, setting the minimum building air temperature to 16.95°C means that space heating

is calculated only when the indoor temperature falls below 16.95°C. Similarly, setting the maximum

building air temperature to 99.95°C effectively disables the calculation of air conditioning flux.

B2 CTSM Configuration

CTSM fast configuration simplifies land representation to save computation (Ta-

ble B2).
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Table B2. Name-list of Model Configuration for WRF-CLMU.

Configuration Long name standard fast Influence on urban climate simu-
lation
soil_layerstruct_predefinedSoil layers and depth 20-layer soil column, 4-layer soil column, Energy and water processes on urban
8 m of soil, 5 bedrock 2 m of soil, 0 bedrock pervious floor
layers layers
itmax_canopy_fluxes Maximum number of iterations used 40 3 Urban canopy thermal conditions

for canopy fluxes

nlevsno Number of snow layers 12 5 Urban snow and related hydrologic
processes

h2osno_max Maximum snow depth in H20 equiva- ~ 10000.0 mm 5000.00 mm Urban snow and related hydrologic
lent processes

collapse_urban Represent urban land cover by a dom- .false. .true. Representation of urban land cover
inant urban land-unit heterogeneity

n_dom_landunits Represent land cover by a dominant, .false. .true. Representation of urban areal fraction
land-unit

n_dom_pfts Number of dominant plant functional 0 (Using all PFTs) 1 (Using 1 PFTs) No direct impacts on urban ar
types (PFTs) but indirectly influences urban al

climate contrast through changes in
rural land representation

L This table refers to the default name-list for building CTSM, defined in https://github.com/ESCOMP/
CTSM/blob/master/bld/namelist_files/namelist_defaults_ctsm.xml (last access: 26 November
2025).

B3 Outputs
Table B3 lists variables for analysis, derived from WRF and CTSM output files.

Table B3. Variable Definition.

Variable Long name Unit Related fields in Related fields in
name wrfout_dO1.*.nc ctsm_lilac.clm2.*.nc
LST Land surface temperature °C TSK — 273.15 FIRE (Equation 2)
LWaown Downward longwave radiation W/ m? GLW x EMISS FLDS
LW,y Upward longwave radiation W/m? EMISS, TSK (Equation B9)  FIRE
Qn Sensible heat flux W/m? HFX FSH
Qe Latent heat flux W/m? LH EFLX_LH.TOT
RH2M 2m near-surface relative humidity % T2, Q2, PSFC (Equa- RH2M
tion B5, B6)
RH Relative humidity of atmospheric layers % T, P, PB, QVAPOR (Equa-
tion B2, B3, B4)
SWaown Downward solar radiation W/m? SWDOWN FSDS
SWap Upward solar radiation W/m? SWDOWN - ALBEDO FSR
T2M 2m near-surface canopy air temperature °C T2 — 273.15 TSA — 273.15
TA Air temperature of atmospheric layers °C T, P, PB (Equation B1)
W10M 10m wind speed m/s U10, V10 (Equation B8) U10
WIND Wind speed of atmospheric layers m/s U, V (Equation B7)

1 In the GM_SLUCM simulation, WRF saves historical fields from the atmospheric and land compo-
nents into one file (i.e., wrfout_d01.*). The complete list and descriptions of WRF history fields are
available at https://github.com/wrf-model/Users_Guide/blob/main/output_variables.rst (last
access: 26 November 2025).

2 In the GM_CLMU simulation, CTSM saves historical fields separately in output named
ctsm_lilac.clm2.*.nc along with the default wrfout_d01.*.nc files. The ctsm_lilac is the de-
fault case name, which can be set by users. The complete list and descriptions of CTSM history
fields are available at https://github.com/ESCOMP/CTSM/tree/master/doc/source/users_guide/

setting-up-and-running-a-case/history_fields nofates.rst (last access: 26 November 2025).
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Atmospheric air temperature (TA) of a certain atmospheric layer is calculated as
(Equation B1):

B1
10° (B1)
where | denotes the atmospheric layer. T is perturbation potential temperature (unit:
K). P is perturbation pressure (unit: Pa). PB is the base state pressure (unit: Pa). Ry
is the gas constant for dry air (287.05 J/kg K). ¢, is the specific heat at constant pres-
sure (typically 1004 J/kg K).

Eq
P, + PB\ o
TA; = (T, + 300) - (’+l> :

The relative humidity (RH) of a certain atmospheric layer is calculated as (Equa-
tion B2):

RH, = <L . 100, (B2)
€S

where e; is the actual vapor pressure, and es; is the saturation vapor pressure. e; and
es; are calculated as:

_ QVAPOR;- (P, +PB;) 1

_ b B3

T T (1-¢  QVAPOR, 100’ (B3)
B 17.67 - (TA; — 273.15)

es; =6.112 - exp < TA, — 29.65 , (B4)

where QVAPOR is water vapor mixing ratio (unit: kg/kg), € is 0.622. Similarly, 2m rel-
ative humidity (RH2M) is calculated through e and es:
Q2-PSFC 1
— B
T TerqQ2 100 (B5)
17.67 - (T2 — 273.15)>

(B6)

es =6.112 - exp ( T2 —29.65

where e is 2m actual vapor pressure, Q2 is 2m specific humidity, PSFC is surface pres-
sure, and T2 is 2m air temperature.

Wind speed of a certain atmospheric layer is calculated as (Equation B7):

WIND = /U7 + V7, (BT)

where U; and V; is zonal and meridonal wind component, respectively. Similarly, 10m
wind speed is calculated as (Equation B8):

W10M = /U107 + V107. (BS)

As WRF-SLUCM does not provide upward longwave radiation (LW,,,) directly,
it can be calculated as (Equation B9):

LW,, = EMISS - o - LST, (B9)

where EMISS is the effective emissivity, o is the Stefan-Boltzmann constant (5.67 x 1073
W/m? K*, LST is land surface (skin) temperature in Kelvin.

B4 Computational Performance

The GM_CLMU simulation showed an obvious slowdown compared to the GM_SLUCM

simulation at ARCHER?2, where one standard node has two AMD EPYC 7742 64-core
processors with 256 GB or 512 GB of memory. Under a time step of 6 s, we manipulated
the number of CPUs per task (cpu-per-task) as 1, 2, 4, and 6. The number of tasks
per node (ntasks) is set to 6, the maximum workable ntasks for our domain. We com-
pare computational performance through three indices: total execution time, speed-up
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ratio, total computation time, and residual time. The total execution time refers to the
period from job start to completion, including computation, Input/Output, etc. The speed-
up ratio is the result of the total execution time with 1 CPU divided by the counterpart
with multiple CPUs. The total computation time is the sum of the elapsed time for ev-

ery model time step. The residual time is the difference between the execution and com-
putation time.

This experiment ran for one day for the GM_SLUCM and GM_CLMU simulations.
We repeated GM_CLMU simulations under three configurations, one using the full plant
functional types (PFTs) and urban land-unit types, one using one dominant PFT and
full urban types, and one using one dominant PFT and one dominant urban type to sim-
plify the CTSM structure.

When the cpu-per-task increases from 2 to 4, the total computation time in GM_SLUCM

saw a moderate decrease, and then (Figure Bl(a)). This indicated that adding too many
CPUs could reduce parallel efficiency for simulations. Compared to WRF-SLUCM, it

is more expensive to run WRF-CLMU, where the total execution time in the GM_CLMU
simulation is more than twice that of the GM_SLUCM simulation. GM_CLMU saw a
notable drop in execution and computation time, along with cpu-per-task increasing
(Figure B1(c)). Given that CTSM is computationally intensive, increasing parallel pro-
cessors and simplifying the default mosaic representation can improve simulation effi-
ciency.

(a) Total execution time (b) Speed-up ratio (c) Total computation time (d) Residual time
minutes minutes seconds
40 ’_’_.\..1.10 40 —— ]
KL T v G 35+ o
(e *---"" T —— &o-----"""

| 3 . .
304778 ° 3048 .-
254 25
204 0.95 20

’\0*97 F—e—— o
15 T T 0.90 T T 15 T T T T

> 2 4 6 2 4 6 2 4 6 2 4 6
cpu-per-task cpu-per-task cpu-per-task cpu-per-task
—eo— GM_SLUCM --0-- GM_CLMU with 1 PFT and 3 urban types

—e— GM_CLMU with 15 PFTs and 3 urban types e GM_CLMU with 1 PFT and 1 urban type

Figure B1l. Timing of GM_SLUCM and GM_CLMU simulations. (a) Total execution time.
(b) Speed-up ratio. (c¢) Total computation time. (d) Residual time, defined as the total execution

time minus the total computation time.

Open Research Section

WRF source code is open access at https://github.com/wrf-model/WRF (last ac-
cess: 26 November 2025). The CTSM-related implementation within WRF can be found
in https://github.com/wrf-model/WRF/blob/master/phys/module_sf_ctsm.F, and
the urban-related code is located in https://github.com/wrf-model/WRF/blob/master/
phys/module_sf_urban.F (last access: 26 November 2025). Community Terrestrial Sys-
tems Model (CTSM) source code is available at: https://github.com/ESCOMP/CTSM,
and Lightweight Infrastructure for Land-Atmosphere Coupling (LILAC) code is located
in https://github.com/ESCOMP/CTSM/tree/master/src/cpl/lilac (last access: 26
November 2025) (CTSM Development Team, 2025). The Whitworth station dataset is
accessed at (Centre for Aetmospheric Science - The University of Manchester, n.d.). The
Hadley Centre Integrated Surface Database (HadISD) station dataset is accessed at (Met
Office Hadley Centre & National Centers for Environmental Information - NOAA, 2025).
The Manchester Air Quality Supersite (MAQS) dataset is accessed at (Watson, 2023b,
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828 2023a). MODIS and VIIRS land surface temperature data refer to (Wan et al., 2021)

829 and (Hulley & Hook, 2023a, 2023b), respectively. They are accessed through the Google
830 Earth Engine platform: https://developers.google.com/earth-engine/datasets

831 (last access: 26 November 2025). The scripts and data to reproduce the results and fig-
832 ures are available at the authors’ GitHub repository (Y. Sun & Zheng, 2025).
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