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Abstract. The complexities of urban climate and environmental challenges have garnered significant attention
in the 21st century. Numerical simulations, offering high-spatiotemporal-resolution meteorological data, are es-
sential tools in meteorological research and atmospheric science. Accurate representation of urban morphology
parameters is crucial for enhancing the precision of these simulations in urban areas. Despite the availability of
urban canopy parameter (UCP) data for 44 major cities in the United States and 60 in China for the Weather Re-
search and Forecasting (WRF) model, a comprehensive global dataset representing urban morphology remains
absent. This study addresses this gap by leveraging existing global three-dimensional vector data of buildings,
including footprints and heights, to compile a global 1 km spatially continuous UCP (GloUCP) dataset for the
WRF model. Our findings indicate that GloUCP not only surpasses existing datasets in accuracy but also pro-
vides superior spatial coverage. In key urban agglomerations such as Beijing—Tianjin—Hebei, the Yangtze River
Delta, and the Guangdong—Hong Kong—Macau Greater Bay Area, GloUCP offers detailed and reliable urban
morphological information that closely aligns with reference datasets, outperforming other available sources.
Similarly, in United States cities like Seattle, San Francisco, and Philadelphia, GloUCP consistently achieves
lower RMSE values and higher correlation coefficients, demonstrating its robustness in modeling diverse ur-
ban environments. Furthermore, GloUCP’s capability to effectively capture the vertical distribution of buildings,
particularly in high-rise areas, highlights its utility in urban climate modeling and related applications. As UCPs

are

pivotal in regulating atmospheric responses to urbanization, the availability of this globally consistent ur-

ban description is a crucial prerequisite for advancing model development and informing climate-sensitive ur-
ban planning policies. The GloUCP dataset, converted to WRF binary file format, is available for download at
https://doi.org/10.6084/m9.figshare.27011491 (Liao et al., 2025).
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1 Introduction

Cities play a crucial role in driving climate change, serve as
hotspots for climate impacts, and are central to climate so-
lutions (Zhao et al., 2021; Liu et al., 2020). The complex-
ity of urban environments, combined with the limited avail-
ability of urban-specific observations, makes it imperative
to rely on models to simulate urban processes and their in-
teractions with regional and global climates (Oleson et al.,
2011). Therefore, numerical models are indispensable for un-
derstanding future urban climate scenarios and for informing
policy and planning (Chen et al., 2011).

In recent years, regional climate modeling has increasingly
focused on hyper-resolution simulations, which aim to re-
solve land surface processes at scales of 1km or finer (Li
et al., 2024). This shift towards finer resolutions is driven
by the need for more accurate operational forecasts, partic-
ularly in urban settings, where microclimate variations and
the frequency of extreme events are of significant concern
(Deng et al., 2023; Shen et al., 2019). Hyper-resolution mod-
eling not only enhances our ability to predict these urban-
specific phenomena but also deepens our understanding of
the broader impacts of urbanization on local weather pat-
terns, including temperature, precipitation, and wind dynam-
ics (Li et al., 2021b; Wang and Li, 2019; Liao et al., 2015;
He et al., 2019). As they capture the fine-scale variability of
urban environments, these models are crucial for developing
targeted strategies to mitigate and adapt to climate change at
the urban level, ultimately contributing to more resilient and
sustainable cities.

The Weather Research and Forecasting (WRF) model is
widely used worldwide in the numerical weather predic-
tion and regional climate modeling communities, known for
its high precision, innovative schemes, and comprehensive
inclusion of various Earth system processes (Chen et al.,
2011). Its applications are becoming increasingly widespread
in meteorology and related fields, such as weather services,
agriculture, forestry, and renewable energy. Studies have
shown that coupling the WRF model with an urban canopy
model (WRF-UCM) can improve the simulation of near-
surface meteorological elements, effectively enhancing the
ability to simulate urban climates (Liao et al., 2014; Shen et
al., 2019). However, current urban models still exhibit signif-
icant deficiencies in the accuracy of basic data descriptions
and the completeness of key process representations, lead-
ing to certain limitations in their application (Best and Grim-
mond, 2015).

For the urban morphological data required by UCMs, the
common approach is to classify urban surfaces based on ref-
erence imagery and assign building morphological parame-
ters (such as building height and building ratio) and build-
ing characteristic parameters (such as thermal and radiative
properties) through lookup tables. For example, the WRF
model classifies urban areas simply into low-density resi-
dential areas, high-density residential areas, and industrial/-
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commercial areas (Chen et al., 2011). Similarly, Community
Land Model — Urban (CLMU) adopts this method but further
refines the classifications by country or region (Jackson et
al., 2010; Oleson and Feddema, 2020). Furthermore, Stew-
art and Oke (2012) introduced the concept of local climate
zones (LCZs), which considers three-dimensional building
structures and categorizes urban surfaces into 10 types based
on factors such as land cover, building structure, materials,
and human activities. This method has also been applied to
the WRF model (Demuzere et al., 2023), improving simu-
lation performance to some extent. However, the generation
of LCZ datasets depends on expert selection and classifica-
tion of samples, introducing uncertainties due to variations in
remote sensing imagery or sample selection.

With the advancement of remote sensing technology and
data generation algorithms, urban data are moving towards
higher resolution and greater comprehensiveness, enabling
the mapping of high-resolution three-dimensional urban
morphological structures. Urban surface classification data
have evolved from an early 1km resolution with 3 cate-
gories to a 100 m resolution with 10 categories (i.e., LCZ
datasets) (Demuzere et al., 2022). In addition to develop-
ments in the United States, Europe, and mainland China (Li
et al., 2020), global high-resolution datasets have also been
established (Li et al., 2022; Esch et al., 2022). To meet the
needs of UCMs, detailed three-dimensional urban morpho-
logical structure datasets have been preliminarily established
for some cities in the United States and China (Ching et al.,
2009; He et al., 2019; Liet al., 2021a; Sun et al., 2021). These
datasets include building height, building ratio, and frontal
area index, providing a good representation of urban three-
dimensional morphological structures. The National Urban
Database and Access Portal Tool (NUDAPT) provides grid
datasets of urban canopy parameters (UCPs) necessary for
urban climate modeling systems for 44 city downtown areas
in North America (Ching et al., 2009). Additionally, Sun et
al. (2021) has shared UCP datasets for 60 cities in China as
well. These detailed high-resolution data have begun to be
applied in urban simulation studies, showing certain advan-
tages. For example, Miao et al. (2009) applied detailed UCPs
in simulations of the Beijing area, while Dai et al. (2019)
used similar detailed UCPs in studies of the Pearl River
Delta. They both found that this significantly enhancing the
model’s simulation capability. In addition, other studies have
similarly found that the application of high-resolution UCP
datasets leads to varying degrees of improvement in simula-
tion results (Deng et al., 2023; Sun et al., 2021; Shen et al.,
2019).

Despite this, existing UCP data face challenges in consis-
tency due to differences in data sources and production meth-
ods, making it difficult to form a comprehensive set of input
parameters for regional or global urban modeling. More im-
portantly, the currently available UCP datasets are limited to
only a few cities and have restricted spatial coverage, mak-
ing them insufficient for large-scale urban climate simula-
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tions. Recently, Kamath et al. (2024) released Global Build-
ing Heights for Urban Studies (UT-GLOBUS) for city- and
street-scale urban simulations. Although UT-GLOBUS cov-
ers more than 1200 cities and locales worldwide, UCP data
for east Asia remain unavailable due to the lack of build-
ing vector data in this area. For study areas without detailed
UCP data, urban changes can only be described from a two-
dimensional perspective, with three-dimensional morpholog-
ical parameters often represented by a fixed value, failing to
reflect the true impact of urban three-dimensional structures
on local climates. In addition, Khanh et al. (2023) developed
a global 1km urban morphological dataset using empirical
formulas to estimate UCPs based on gross domestic prod-
uct (GDP) and population density information. While this
dataset performs well in terms of spatial coverage, the accu-
racy of the estimated parameters has not yet been compared
with results derived from actual building data.

The three-dimensional building footprints can provide es-
sential information for calculating fine-scale UCPs. How-
ever, obtaining building-scale footprints with global cov-
erage for calculating detailed global UCPs presents a sig-
nificant challenge currently. Even though global three-
dimensional urban height data are becoming more avail-
able and their spatial resolution has improved, these high-
resolution raster data typically only represent urban heights
at a grid scale and do not provide the boundaries and
heights of individual buildings, making it difficult to cal-
culate high-resolution UCPs on a global scale. In fact, the
OpenStreetMap (OSM) dataset includes vector data for some
buildings globally, but coverage is uneven (Herfort et al.,
2023). Microsoft offers a global vector dataset, but it lacks
building vector data for east Asia and building height data
for many regions. However, the latest research has created the
first global three-dimensional building footprint dataset (3D-
GloBFP) based on publicly available multi-source data (Che
et al., 2024). This dataset integrates existing building data
to calculate the boundaries and heights of individual build-
ings globally for 2020. Based on the building vector data,
Cheng et al. (2025) developed a global 1 km spatially contin-
uous urban surface property dataset (U-Surf) for the UCM
in the Community Earth System Model. However, the ur-
ban morphological parameters calculated in U-Surf, includ-
ing building height, canyon height-to-width ratio, roof frac-
tion, pervious canyon floor fraction, and urban percentage,
differ from the UCPs required by WRF-UCM and there-
fore cannot be directly used in the WRF model. Therefore,
the aim of this study is to use a newly developed building-
scale height map to further produce a global spatially con-
tinuous high-resolution UCP dataset (hereafter referred to as
GloUCP), updating the default parameters in the WRF model
to improve simulation accuracy.
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2 Data and methods

2.1 Global building footprint dataset

Vector data that include building outline and height informa-
tion are essential for computing UCPs. Currently, many stud-
ies primarily focus on estimating building heights at the grid
scale, often with limited spatial coverage and resolution. This
constraint makes it difficult to derive comprehensive global
UCPs. Recently, the first global three-dimensional building
footprint (3D-GloBFP) dataset was created by leveraging
Earth observation data and advanced machine learning tech-
niques (Che et al., 2024). This dataset combines global build-
ing boundaries derived from Microsoft’s building footprints
and the research by Shi et al. (2024), achieving average pre-
cisions of over 90 % and 80 %, respectively, across differ-
ent regions. Together, these two open-source datasets pro-
vide a thorough global spatially continuous building bound-
ary dataset for 2020.

To ensure maximum coverage of reference building
heights worldwide, the 3D-GloBFP dataset integrates build-
ing footprint data with height information from ONEGEO
Map, Microsoft building footprints, Baidu Maps, and Emu
Analytics (Che et al., 2024). Additionally, they developed
height estimation models for 33 global subregions using the
extreme gradient boosting (XGBoost) regression method, in-
tegrating various remote sensing and building morphology
features. The height estimation models demonstrate good
performance globally, with R? values between 0.66 and 0.96,
and root mean square errors (RMSEs) ranging from 1.9 to
14.6 m across the 33 subregions. Overall, the 3D-GloBFP
dataset, which can provide global building 2D footprint poly-
gons along with their heights, is the most comprehensive
among existing building vector data, making it a robust foun-
dation for calculating UCPs in this study.

2.2 Development of global 1 km spatially continuous
UCPs for the WRF model

Urban morphological parameters required by the WRF-
UCM model can be calculated using building-scale outline
and height data, allowing for the derivation of UCPs at any
spatial resolution. These parameters include mean building
height, standard deviation of building height, area-weighted
mean building height, plan area fraction, ratio of building
surface to plan area, frontal area index, and distribution of
building heights, as detailed in Table 1. They can be applied
to three types of UCMs in the WRF model: single-layer ur-
ban canopy model (SLUCM), building effect parameteriza-
tion (BEP), and BEP-building energy model (BEM). In this
study, all the UCPs are developed globally at a resolution
of approximately 1km (i.e., 1/120°) based on the building-
scale information (i.e., building outline and height) provided
by the 3D-GloBFP dataset.
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Table 1. Calculation of GloUCP for the WRF model and the applied UCP schemes.

Variable Abbreviation  Formula Description Used by UCM
(URB_PARAM
index)

_ _ N

Mean building h h= % > hi h; is the height of building i; N is the total SLUCM (92)

height i=l number of buildings in the grid

Standard deviation ~ hgp hsp = SLUCM (93)

of building height

N
> Aih

Area-weighted haw haw = i=11, A; is the plan area on the ground level of SLUCM, BEP,

mean building .Z A; building i BEP-BEM (94)

height i=l

Plan area fraction Ap Ap = 2—2 Ap is the total footprint area of buildings in the ~ SLUCM, BEP,

grid; A is the total area of the grid BEP-BEM (91)

Ratio of building Ab Ap = w AR 1is the total roof area of buildings in the SLUCM, BEP,

surface to plan area

grid; Aw is the total area of non-horizontal
roughness elements (such as walls)

BEP-BEM (95)

Frontal area index Af Af(0) = AAP—? Aproj is the total projected area of buildings on ~ SLUCM
a plane perpendicular to four wind directions (96-99)
(0, 135, 45, 90°); 6 is the wind direction
Distribution of hais (i) hais(i) = s 5 100%  Ngis(i) is the number of buildings vertically BEP,
building heights resolved with 5 m bins spanning 0—75 m BEP-BEM
(118-132)

UCM: urban canopy model, SLUCM: single-layer urban canopy model, BEP: building effect parameterization, BEM: building energy model. The values in parentheses in the

last column represent the index of the UCP in the URB_PARAM array.

Additionally, to ensure the consistency of the calculation
area with the existing impervious surface extent, we further
use the Global Artificial Impervious Area (GAIA) dataset
for 2020 as a mask for UCP calculation. The GAIA dataset
is generated based on long-term optical remote sensing data
from the Landsat series of satellites, supplemented by VI-
IRS nighttime light data and Sentinel-1 radar data (Gong et
al., 2020). It uses spatial masking and feature evaluation al-
gorithms to achieve rapid mapping of impervious surfaces
and employs a time consistency verification algorithm to fil-
ter and infer logical sequences of impervious surfaces, en-
suring their spatial and temporal rationality. In our dataset,
only grids with an impervious surface ratio exceeding 1 %
are retained. Moreover, we provide 1 km resolution imper-
vious surface fraction data for urban areas for 2020 derived
from the GAIA dataset as well. This allows users to conve-
niently define urban categories (i.e., low-density residential,
high-density residential, and industrial/commercial) in WRF
simulations based on the consistent impervious fraction data.
Once the urban type of each grid is determined, our dataset
can be used to reassign urban morphological parameters for
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each grid, thereby providing a more detailed and accurate
depiction of urban morphological variations within the study
areas.

2.3 Comparison between new and existing UCPs for the
WRF model

To demonstrate the reliability of the GloUCP dataset gener-
ated in this study, we select three major urban agglomera-
tions in China (i.e., Beijing-Tianjin—Hebei region, Yangtze
River Delta, and Guangdong-Hong Kong—Macau Greater
Bay Area) and three important cities in the United States (i.e.,
Seattle, San Francisco, and Philadelphia) as representatives.
This selection is based on the availability of data and the
representativeness of their geographical distribution. We sys-
tematically evaluate the consistency between reference data,
our new dataset, and comparison datasets using the coeffi-
cient of determination (R?) and RMSE as statistical indica-
tors.

For China, we use building height data obtained from
the Baidu Maps API (https://ditu.baidu.com, last access:
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https://ditu.baidu.com

W. Liao et al.: GIoUCP: a global 1 km spatially continuous urban canopy parameters

1 September 2024) as the reference data and the UCP
dataset released by Sun et al. (2021) (hereafter referred to
as Sun2021) as the comparison dataset. Both GloUCP and
Sun2021 have a spatial resolution of 1km, while the Baidu
Maps data are at the building scale. Considering the differ-
ences in resolution among these datasets, we process the
building-scale Baidu Maps data using the same method as
for the initial building height estimation dataset, resulting in
1 km resolution urban height data from Baidu Maps. We then
conduct a consistency analysis using the pixel values within
the spatial extent where all three datasets overlap.

For the United States, we use a building footprint
dataset with height information released by Microsoft
in 2017 (https://wiki.openstreetmap.org/wiki/Microsoft_
Building_Footprint_Data#March_2017_Release, last ac-
cess: 1 September 2024) as the reference data and the
NUDAPT dataset, which includes UCPs for 44 cities in the
United States developed from airborne lidar data (Ching
et al., 2009), as the comparison dataset. Both our GloUCP
dataset and NUDAPT dataset have a spatial resolution of
1 km, while the Microsoft data are at the building scale. Sim-
ilarly to the analysis in China, we process the building-scale
Microsoft data to obtain 1km resolution urban height data
and conduct a consistency analysis using the overlapping
spatial extent of all three datasets.

To demonstrate the advantages of our dataset, we further
compared it with the recently released UT-GLOBUS dataset
by Kamath et al. (2024) and the global urban morphologi-
cal dataset developed by Khanh et al. (2023). Additionally,
we compare the spatial distribution of the default UCPs for
low-density residential areas, high-density residential areas,
and industrial/commercial areas defined in the current WRF
model with our GloUCP dataset. This comparison aims to
assess not only the heterogeneity in their geographical distri-
bution but also the differences in their numerical characteris-
tics. This provides a basis for further exploring the feasibility
of using the new dataset in WRF simulations to enhance ur-
ban climate modeling performance.

3 Results and discussion

3.1 Global distribution of the GloUCP

Figure 1 illustrates the spatial distribution of mean build-
ing height across global land. Overall, in economically de-
veloped and highly urbanized regions, such as the eastern
coast of the United States, western Europe, Japan, and east-
ern China, the mean building height is relatively high. Con-
versely, in most parts of Africa and South America, the mean
building height is much lower. The area-weighted mean
building height follows a similar spatial pattern to that of the
mean building height, with it being higher in regions with ad-
vanced urbanization and lower in areas where urbanization is
less developed.
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We further examine the spatial distribution patterns of
mean building height within the three study regions: China,
the contiguous United States, and Europe. In China, the mean
building height generally follows a pattern of being higher
in the east than in the west and higher in coastal areas than
in inland regions. For instance, the mean building heights in
some eastern coastal cities, such as Shanghai, Beijing, and
Tianjin, respectively, are significantly higher than those in
inland areas. At the provincial level, most provinces in China
are dominated by low-rise buildings, while the proportion
of multi-rise buildings is higher in the eastern region, and
high-rise buildings are more prevalent in Hong Kong SAR
and Macau SAR (Fig. Sla in the Supplement). Focusing on
the three major urban agglomerations in China, the Yangtze
River Delta (YRD) stands out with a larger scale of multi-rise
and high-rise buildings compared to the other two regions.
The mean building height in the YRD is 10.62 m, higher than
the 9.93m in the Guangdong—-Hong Kong—Macau Greater
Bay Area (GBA) and the 8.24m in the Beijing-Tianjin—
Hebei (BTH) region (Fig. 2al—cl).

In the United States, building height distribution follows a
general pattern of decreasing heights from coastal areas to in-
land regions. The vast agricultural states in the Midwest and
western regions have low mean building heights, mostly be-
low 10 m, while the northeastern states, as well as California
and Florida, have higher mean building heights (Fig. 3al-
cl). At the state level, apart from Washington, DC, the pro-
portion of high-rise buildings in other states is very small,
with the proportion of multi-rise buildings decreasing from
the coasts to the interior (Fig. S1b). In Europe, the propor-
tion of high-rise buildings is generally low across different
countries (Fig. S1c). The mean building height in European
countries is about 6.81 m, lower than the 8.75 m observed in
the United States and the 8.33 m in China. Moreover, the pro-
portion of high-rise building area in the city centers of Euro-
pean regions is also less compared to both the United States
and China (Fig. 4al—cl).

The standard deviation of building height reflects the spa-
tial heterogeneity of building distributions and is often used
to indicate surface roughness. Overall, the standard devi-
ation of building height is larger in major cities in Eu-
rope, Japan, South Korea, and the eastern coastal areas of
China (Fig. S2b). In China, the standard deviation of building
height is about 2.91 m. Its spatial distribution exhibits a pat-
tern where southern regions have higher values than northern
regions and coastal areas have higher values than inland ar-
eas. The YRD (5.71 m) and GBA (6.20 m) have similar stan-
dard deviation values, both significantly higher than that of
the BTH region (3.10 m) (Fig. 2a2—c2). In the United States,
apart from some northeastern states, the standard deviation is
generally low, with values below 1.5 m in most areas. Specif-
ically, Seattle has a standard deviation of 2.38 m, San Fran-
cisco of 5.10 m, and Philadelphia of 3.48 m (Fig. 3a2—c2).
In suburban areas, buildings are generally low and flat, with
significant building height variations occurring only in cer-
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Figure 1. The spatial pattern of mean building height across global land.

tain parts of city centers. In Europe, the standard deviation
of building height is about 2.34 m and is relatively uniform
across regions, except in a few countries. For instance, Paris
has a notably higher standard deviation of 10.84 m, which is
significantly larger than those in London (3.42 m) and Berlin
(4.87m) (Fig. 4a2—c2). Overall, the spatial distribution of
height standard deviation exhibits a certain similarity to that
of mean building height. Regions with higher mean building
heights also tend to have greater height standard deviations.

The plan area fraction and ratio of building surface to plan
area help to understand building density and land use effi-
ciency. These indicators show higher values in major cities
in North America, western Europe, Japan, southeast Asia,
and the eastern coastal areas of China, where high urban-
ization levels lead to extensive surface coverage by tall and
densely clustered buildings (Fig. S3). The spatial distribu-
tion of the frontal area index generally mirrors that of the
plan area fraction (Fig. S4). Overall, this pattern suggests that
building density is higher in Europe followed by the United
States and China.

3.2 Comparison with existing UCP products for the
WRF model

In China, we used Baidu’s building height data as reference
data. By comparing this with the Sun2021 dataset, we found
that our GloUCP dataset significantly outperforms in terms
of spatial continuity and coverage. GloUCP effectively fills
in gaps in existing datasets, particularly for buildings in sub-
urban areas of large cities as well as in small to medium-sized
cities and rural areas (Fig. 5). This comprehensive spatial
coverage is crucial for regional climate modeling; without
it, WRF-UCM would rely on lookup tables to fill in missing
UCP values for areas not covered by data. This could lead
to inconsistencies in UCPs across the simulation domain,
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potentially compromising the accuracy of the simulation re-
sults.

Figure 6 shows a pixel-scale comparison of mean build-
ing heights in GlIoUCP, reference data, and Sun2021 across
three major urban agglomerations in China. In these three
regions, the coefficient of determination (Rz) for GloUCP
is 0.19, 0.20, and 0.17 in BTH, YRD, and GBA regions, re-
spectively, which is higher than the 0.09, 0.06, and 0.07 for
Sun2021 (Table S1 in the Supplement). This indicates that
although the accuracy is relatively low, GloUCP more accu-
rately reflects the true distribution of building heights in these
areas. From the perspective of RMSE, GloUCP consistently
outperforms Sun2021 across all three regions, with lower
RMSE values, indicating higher accuracy in building height
predictions. In the BTH region, GloUCP has an RMSE of
14.32 m, which is lower than Sun2021’s 15.22 m; in YRD,
GloUCP’s RMSE is 15.88 m, which is well below Sun2021’s
16.79 m; and in GBA, GloUCP’s RMSE is 17.88 m, which
is also better than Sun2021’s 19.29 m (Table S1). Further-
more, when the RMSE is compared across different build-
ing height intervals (i.e., < 10, 10-24, and > 24 m), GloUCP
generally shows lower RMSE values than Sun2021 in nearly
all height categories, with a particularly noticeable advan-
tage in lower buildings. This also indicates that, for both our
GloUCP dataset and the Sun2021 dataset, the errors in mean
building height primarily stem from taller buildings. Nev-
ertheless, GloUCP has a significant advantage in predicting
building height data across China, especially in complex ur-
ban areas and for high-rise buildings. Overall, GloUCP not
only better reflects the actual distribution of building heights
but also exhibits superior spatial coverage across different
geographical regions.

For the results in the United States, we used a building
footprint dataset with height information released by Mi-
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Figure 2. The spatial distribution of UCPs in three major urban agglomerations in China, i.e., Beijing—Tianjin—Hebei region, Yangtze River
Delta, and Guangdong—Hong Kong—Macau Greater Bay Area, as highlighted in Fig. 1. Panels (1)—(6) show the spatial distribution of mean
building height, standard deviation of building height, area-weighted mean building height, plan area fraction, ratio of building surface to
plan area, and frontal area index, respectively.
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Figure 3. The spatial distribution of UCPs in three major cities in the contiguous United States, i.e., Seattle, San Francisco, and Philadelphia,
as highlighted in Fig. 1. Panels (1)-(6) show the spatial distribution of mean building height, standard deviation of building height, area-
weighted mean building height, plan area fraction, ratio of building surface to plan area, and frontal area index, respectively.
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Figure 4. The spatial distribution of UCPs in three major cities in Europe, i.e., London, Paris, and Berlin, as highlighted in Fig. 1. Panels (1)—
(6) show the spatial distribution of mean building height, standard deviation of building height, area-weighted mean building height, plan
area fraction, ratio of building surface to plan area, and frontal area index, respectively.
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Figure 5. Comparison of the spatial distribution of mean building heights in GloUCP, reference data, and Sun2021 across three major urban

agglomerations in China.

crosoft in 2017 as the reference data. Comparing this with
the NUDAPT dataset, we found that GloUCP demonstrates
a more comprehensive distribution of building heights across
the three cities. GloUCP’s coverage is more extensive, cap-
turing a wider area and performing well in both lower and
higher building heights, such as in the southern region of
Philadelphia (Fig. 7). In contrast, the NUDAPT data are pri-
marily concentrated in the city centers, with a more lim-
ited and concentrated height distribution that fails to cover
a broader area. This limitation is particularly evident in Seat-
tle and Philadelphia, where NUDAPT’s spatial coverage is
restricted.

In terms of building height consistency, GloUCP’s R? val-
ues in Seattle, San Francisco, and Philadelphia are 0.81,
0.83, and 0.52, respectively, which is comparable to or bet-
ter than NUDAPT’s values of 0.64, 0.73, and 0.39 (Fig. 8
and Table S2). When looking at RMSE, GloUCP’s values for
Seattle, San Francisco, and Philadelphia are 2.51, 4.73, and
5.50m, respectively, which is lower than NUDAPT’s 9.03,

Earth Syst. Sci. Data, 17, 2535-2551, 2025

8.57, and 8.50 m. This indicates better consistency between
GloUCP and the reference data. Furthermore, across differ-
ent building height intervals in all three cities, GloUCP con-
sistently shows lower RMSE values than NUDAPT. This
highlights GloUCP’s superior performance in predicting
building heights. Overall, GloUCP outperforms NUDAPT in
the three United States cities, particularly in terms of spa-
tial coverage and prediction accuracy of building heights.
GloUCP is better at capturing variations in building heights
both within and around urban areas, and its exceptional per-
formance makes it highly valuable for urban modeling and
climate simulations.

Nevertheless, using Microsoft’s data as reference does not
necessarily imply that their height values are absolutely accu-
rate. The heights in Microsoft’s dataset were interpolated us-
ing a digital terrain model derived from very-high-resolution
aerial photography, with building boundaries that were hand-
digitized. NUDAPT’s data were derived from lidar measure-
ments, which are also highly accurate. However, it is impor-

https://doi.org/10.5194/essd-17-2535-2025
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Figure 6. Pixel-scale comparison of mean building heights in GloUCP, reference data, and Sun2021 across three major urban agglomerations
in China. The dashed red line represents the 1 : 1 line, while the solid black line indicates the fitted regression line.

tant to note that the NUDAPT dataset was created using data
from the year around 2009, whereas our dataset is based on
data from around 2020, leading to a temporal discrepancy. As
aresult, there is some degree of uncertainty in these compar-
isons. When directly comparing the mean building heights
between GloUCP and NUDAPT in these three cities, we find
that GloUCP generally shows higher mean building heights
than NUDAPT (Fig. S5). Additionally, the R? values be-
tween GloUCP and NUDAPT for Seattle, San Francisco, and
Philadelphia are 0.63, 0.87, and 0.70, respectively, indicat-
ing a strong level of consistency between our dataset and the
NUDAPT data as well.

Furthermore, we compared our dataset with the recently
released UT-GLOBUS dataset by Kamath et al. (2024) and
the global urban morphological dataset developed by Khanh
et al. (2023). Because the UT-GLOBUS dataset only pro-
vides three parameters (i.e., area-weighted mean building
height, plan area fraction, and ratio of building surface to
plan area), we conducted a comparison of these parameters
in three cities in the United States (Figs. S56-S8). Overall,

https://doi.org/10.5194/essd-17-2535-2025

our GloUCP dataset and the UT-GLOBUS dataset exhibit
similar levels of accuracy. Compared to the reference data,
both datasets show relatively high estimation accuracy for
most parameters except for an underestimation of the ratio
of building surface to plan area. On average, the R” values
for our GloUCP dataset across the three cities are generally
above 0.8, slightly outperforming the UT-GLOBUS dataset.
Nevertheless, our dataset offers more comprehensive spatial
coverage of global urban areas, particularly in east Asia. This
broader coverage provides greater support for urban climate
simulations, especially for small and medium-sized cities
worldwide.

For the global urban morphological dataset developed by
Khanh et al. (2023), we used their UCPs estimated based on
GDP and population density information for 2010 (hereafter
referred to as Khanh2010) to compare it with our data from
the representative regions in China and the United States, re-
spectively. Generally, the spatial coverage of our GloUCP
dataset is still larger than that of Khanh2010 (Figs. S9
and S10). In China, compared to the reference data, the

Earth Syst. Sci. Data, 17, 2535-2551, 2025
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Figure 7. Comparison of the spatial distribution of mean building

heights in GloUCP, reference data, and NUDAPT across three rep-
resentative cities in the United States.

Khanh2010 dataset performs well in capturing low- to mid-
rise buildings but significantly underestimates the height of
high-rise buildings (Fig. S11). However, this issue is not as
prominent in United States cities, where the accuracy of our
GloUCP dataset and Khanh2010 is relatively similar, with
our dataset performing slightly better across different build-
ing height categories (Fig. S12). This discrepancy in repro-
ducibility between Chinese and United States cities may be
attributed to differences in data sources (including the refer-
ence year) and estimation methods used in Khanh2010 and
this study. Since Khanh2010 is based on data from 2010,
it may not fully capture the rapid urban expansion and
the widespread construction of high-rise buildings that oc-
curred in China after 2010. In contrast, our dataset, derived
from more recent data sources, better reflects contempo-
rary urban morphology. Additionally, differences in estima-
tion approaches — Khanh2010 relies on GDP and population
density-based empirical models, while our dataset is con-
structed using building-scale vector data — could also con-
tribute to these variations. Overall, while the Khanh2010
dataset already offers better spatial coverage than most exist-
ing datasets, our GloUCP dataset provides even more com-
prehensive coverage. In China, the accuracy of most datasets
remains suboptimal, but our dataset slightly outperforms oth-
ers, particularly in representing high-rise buildings.

Earth Syst. Sci. Data, 17, 2535-2551, 2025
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3.3 Comparison with the default UCPs in the WRF
model

To thoroughly assess the applicability of the dataset con-
structed in this study for WRF simulations, we compared
it with the default UCPs currently widely used in the WRF
model. To reflect the impact of urban three-dimensional
structures on meteorological processes, the prevailing ap-
proach in WRF simulations is to further subdivide urban land
cover into three categories, i.e., low-density residential areas,
high-density residential areas, and commercial areas, each
assigned a fixed UCP value. Specifically, low-density resi-
dential areas have an impervious surface ratio of less than
50 %, corresponding to a building height of 5 m; high-density
residential areas have an impervious surface ratio between
50 % and 80 %, with a building height of 7.5 m; and industri-
al/commercial areas have an impervious surface ratio greater
than 80 %, with a building height of 10 m. We extracted the
default mean building height data from the WRF model and
compared it with our GloUCP dataset to analyze the differ-
ences in data characteristics and spatial distribution.

Figure 9 compares the default mean building height in the
WRF model with its distribution in GloUCP. Overall, the de-
fault height significantly underestimates building heights in
various urban regions. Whether in the three major urban ag-
glomerations in China or the three representative cities in the
United States, many buildings in city centers reach heights of
10 m or even over 20 m, which the default data fail to capture,
particularly in the case of high-rise buildings.

Figures 10 and 11 illustrate the spatial distribution of mean
building heights in GloUCP and the default values in the
WRF model across three major urban agglomerations in
China and three representative cities in the United States,
respectively. From a spatial distribution perspective, the de-
fault dataset can to some extent reflect the higher building
heights in city center areas, but its height values are gen-
erally lower than those calculated by the GloUCP dataset.
Moreover, GloUCP exhibits significantly greater spatial het-
erogeneity, providing a more detailed and accurate depiction
of building height variations within the study areas.

4 Limitations and uncertainty

The primary purpose of GloUCP is to provide a global 1 km
spatially continuous UCPs for three types of UCMs (i.e.,
SLUCM, BEP, and BEP-BEM) in the WRF model. The
uncertainties in GloUCP data primarily originate from the
3D-GloBFP dataset, which is generated from multi-source
datasets that integrate information with varying spatiotem-
poral coverage. Additionally, in regions with limited build-
ing height samples (e.g., Africa), the accuracy of building
height estimation remains relatively low. Therefore, as the
accuracy of the 3D-GloBFP dataset improves, the precision
of the GloUCP dataset can also be further enhanced.

https://doi.org/10.5194/essd-17-2535-2025
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Figure 8. Pixel-scale comparison of mean building heights in GloUCP, reference data and NUDAPT across three representative cities in the
United States. The dashed red line represents the 1 : 1 line, while the solid black line indicates the fitted regression line.

Considering computational and storage costs, this study
only provides UCPs at a global scale with a 1 km resolution.
However, based on building vector data, UCP datasets at any
spatial resolution can be generated. When regional climate
simulations require a higher spatial resolution, the resolution
of UCP calculations can be adjusted to meet the needs of
high-resolution climate modeling. It is important to acknowl-
edge these limitations and uncertainties when using GloUCP
data for modeling and analysis. Despite these limitations,
GloUCP provides globally comprehensive urban canopy pa-
rameters, supporting detailed urban climate simulations on a
global scale.

5 Data availability

The 1km GloUCP dataset which is stored in WRF
binary file format is publicly available on figshare:
https://doi.org/10.6084/m9.figshare.27011491 (Liao et al.,
2025).

https://doi.org/10.5194/essd-17-2535-2025

6 Conclusions

UCPs play a critical role in urban climate modeling as they
significantly influence the accuracy of simulations that are
essential for understanding the impacts of urbanization on lo-
cal and regional climates. Despite the importance of UCPs,
publicly available datasets for the WRF model are currently
limited, covering only 44 cities in the United States and 60 in
China. Although several global UCP datasets have been re-
leased in recent years, they still have limitations in terms of
spatial coverage and accuracy. These limitations underscore
the need for more comprehensive and globally applicable
UCP datasets.

In this study, we developed a global 1km spatially con-
tinuous UCP dataset — GloUCP, utilizing the latest available
building-level information for 2020. It can be applied to all
three types of UCMs (i.e., SLUCM, BEP, and BEP-BEM)
in the WRF model. The GloUCP dataset has proven to be
highly effective and accurate in capturing UCPs across var-

Earth Syst. Sci. Data, 17, 2535-2551, 2025
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Figure 10. Comparison of the spatial distribution of mean building heights in GloUCP and default values in the WRF model across three
major urban agglomerations in China.
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ious regions, including highly urbanized areas in China and
key metropolitan areas in the United States. Through exten-
sive comparisons with existing datasets, such as Sun2021 in
China, NUDAPT in the United States, UT-GLOBUS devel-
oped by Kamath et al. (2024), and global UCP developed by
Khanh et al. (2023), GloUCP has demonstrated superior spa-
tial coverage and improved precision in predicting building
heights. These attributes make GloUCP a comprehensive and
reliable dataset for global urban canopy parameterization, of-
fering significant advancements over existing datasets.

The extensive coverage and high-resolution data provided
by GloUCP are invaluable for researchers and urban planners
aiming to enhance the accuracy of urban climate simulations.
Such improvements are crucial for better understanding the
impacts of urbanization on local and regional climates. Previ-
ous studies have already confirmed that using accurate UCP
parameters can enhance the precision of urban climate sim-
ulations. However, the primary objective of this study is not
to quantify the extent to which fine-scale and spatially com-
plete UCPs improve simulation accuracy through case stud-
ies. Instead, our goal is to provide a globally complete and
high-resolution UCP dataset that can serve as a foundational
tool for future urban climate modeling research. We hope that
subsequent studies will further explore the potential of this
dataset to enhance urban climate simulations and contribute
to more informed decision-making in urban planning and cli-
mate mitigation efforts.

Supplement. The supplement related to this article is available
online at https://doi.org/10.5194/essd-17-2535-2025-supplement.
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