
1.  Introduction
Development of numerical weather prediction and climate models has enabled simulations at unprecedented 
resolutions in urban areas, from kilometer, sub-kilometer, hector-meter to even meter-scale (Chen et al., 2011; 
Lean et al., 2019; Sützl et al., 2021; Wiersema et al., 2020). Despite development of urban building-resolving and 
multi-resolution coupled numerical modeling frameworks (Muñoz-Esparza et al., 2020; Wiersema et al., 2020), 
urban land surface models, commonly referred to as the urban canopy models (UCMs), are indispensable for 
quantifying momentum, energy and mass exchanges between urban land surface and the lower atmosphere. 
However, formulating parameterizations for surfaces characterized by multi-scale heterogeneities of urban form 
(Oke et al., 2017) across different cities worldwide can still be challenging (Ching, 2013).

In particular, the description of a given city's urban form is necessary for parameterizations of surface fluxes in a 
generic UCM. As shown in the left panel of Figure 1, the urban form is a set of urban land surface characteristics, 
denoted as x, such as geometry (g), and the material properties (m) of urban land surfaces. A mapping 𝐴𝐴  gener-
ates the set of urban canopy parameters (UCPs) from the urban form, which are the inputs to parameterization 
schemes 𝐴𝐴 () denoted by 𝐴𝐴 ((𝐱𝐱)) . The outputs to the numerical weather prediction and climate models consist 
of surface-atmosphere fluxes of momentum, energy, water vapor and so on, that is, 𝐴𝐴 ((𝐱𝐱)) = (𝜏𝜏𝜏𝜏𝜏𝜏𝜏𝜏𝜏𝜏…) . 
For example, the single-layer urban canopy model (SLUCM) (Kusaka & Kimura, 2004; Kusaka et al., 2001) 
which uses a look-up table of UCPs for different urban land use types can be considered as a mapping 𝐴𝐴  . It 
is widely adopted for the weather research and forecast model (WRF) (Chen et al., 2011; Ryu et al., 2011; Z. 
Wang et al., 2011). The representation of UCMs with different degrees of complexity (e.g., a single-layer vs. a 
multi-layer as shown in Figure 1a) is an example of 𝐴𝐴  .

Abstract  Developing urban land surface models for modeling cities at high resolutions needs to better 
account for the city-specific multi-scale land surface heterogeneities at a reasonable computational cost. 
We propose using an encoder-decoder convolutional neural network to develop a computationally efficient 
model for predicting the mean velocity field directly from urban geometries. The network is trained using 
the geometry-resolving large eddy simulation results. Systematic testing on urban structures with increasing 
deviations from the training geometries shows the prediction error plateaus at 15%, compared to errors sharply 
increasing up to 35% in the null models. This is explained by the trained model successfully capturing the 
effects of pressure drag, especially for tall buildings. The prediction error of the aerodynamic drag coefficient 
is reduced by 32% compared with the default parameterization implemented in mesoscale modeling. This study 
highlights the potential of combining computational fluid dynamics modeling and machine learning to develop 
city-specific parameterizations.

Plain Language Summary  Predicting the velocity field in the urban area with fine resolution at the 
meter scale is computationally expensive. Yet a detailed velocity field is necessary for improving the accuracy 
of urban land surface representation in weather and climate models. We propose using a convolutional neural 
network to predict the velocity field from the three-dimensional (3D) building distribution. The similarity 
between the predicted velocity fields and LES simulations in the testing geometries illustrates the prediction 
capability of the trained model. We also investigate the aerodynamic drag coefficient, a key parameter for 
quantifying the land-atmosphere momentum exchange. The results indicate that the trained model prediction is 
much closer to values derived from large-eddy simulation models than those from the default parameterization 
scheme, showing the promise of using machine learning to improve urban land surface modeling.

LU ET AL.

© 2022. The Authors.
This is an open access article under 
the terms of the Creative Commons 
Attribution-NonCommercial-NoDerivs 
License, which permits use and 
distribution in any medium, provided the 
original work is properly cited, the use is 
non-commercial and no modifications or 
adaptations are made.

Using Machine Learning to Predict Urban Canopy Flows for 
Land Surface Modeling
Yanle Lu1, Xu-Hui Zhou2, Heng Xiao2  , and Qi Li1 

1School of Civil and Environmental Engineering, Cornell University, Ithaca, NY, USA, 2Kevin T. Crofton Department of 
Aerospace and Ocean Engineering, Virginia Tech, Blacksburg, VA, USA

Yanle Lu and Xu-Hui Zhou contributed 
equally to this work.

Key Points:
•	 �Machine learning (ML) can help 

develop city-specific parameterization 
that fully utilizes urban form data

•	 �It is a first attempt to develop an ML 
model for high-Reynolds number 
urban canopy flow with multiple 
bluff-body obstacles

•	 �Limitation of the geometry to flow 
field approach is quantified by 
accessing the extrapolative capability 
of the trained model

Supporting Information:
Supporting Information may be found in 
the online version of this article.

Correspondence to:
Q. Li,
ql56@cornell.edu

Citation:
Lu, Y., Zhou, X.-H., Xiao, H., & Li, 
Q. (2023). Using machine learning to 
predict urban canopy flows for land 
surface modeling. Geophysical Research 
Letters, 50, e2022GL102313. https://doi.
org/10.1029/2022GL102313

Received 27 NOV 2022
Accepted 14 DEC 2022

Author Contributions:
Conceptualization: Heng Xiao, Qi Li
Formal analysis: Yanle Lu, Xu-Hui Zhou
Funding acquisition: Qi Li
Methodology: Yanle Lu, Xu-Hui Zhou, 
Heng Xiao, Qi Li
Writing – original draft: Yanle Lu, 
Xu-Hui Zhou, Qi Li
Writing – review & editing: Yanle Lu, 
Xu-Hui Zhou, Heng Xiao, Qi Li

10.1029/2022GL102313
RESEARCH LETTER

1 of 13

http://creativecommons.org/licenses/by-nc-nd/4.0/
http://creativecommons.org/licenses/by-nc-nd/4.0/
https://orcid.org/0000-0002-3323-4028
https://orcid.org/0000-0003-4435-6220
https://doi.org/10.1029/2022GL102313
https://doi.org/10.1029/2022GL102313
https://doi.org/10.1029/2022GL102313
https://doi.org/10.1029/2022GL102313
https://doi.org/10.1029/2022GL102313
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2022GL102313&domain=pdf&date_stamp=2023-01-07


Geophysical Research Letters

LU ET AL.

10.1029/2022GL102313

2 of 13

Currently, there are three drawbacks to urban canopy models in general. First, the mapping 𝐴𝐴  between urban 
land surface characteristics x and UCPs needs to vary with cities, but creating a city-specific 𝐴𝐴  and a unique 
set of UCPs is a known challenge in urban climate modeling (Masson et al., 2020). Second, direct characteri-
zation of x for individual cities is becoming increasingly prevalent via the deployment of point cloud mapping 
technologies (e.g., LiDAR, multi-spectral sensing) to reconstruct the three-dimensional (3D) urban morphology 
and thermal properties at high spatial resolution (Gaitani et al., 2017; R. Wang et al., 2018). Data of city-specific 
urban roughness geometries (e.g., building footprint data) are becoming more readily available, but such informa-
tion is too detailed to be used in almost all existing urban canopy models with parameterization (𝐴𝐴  in Figure 1) 
for surface fluxes, as most parameterization scheme 𝐴𝐴  only require UCPs as inputs. Third, the parameterization 
of surface-atmosphere exchange in urban canopy models is subject to high uncertainties evidenced by previous 
studies (e.g., Li et al., 2021). The structural errors of parameterization can be even more important in representing 
the required output fluxes than merely improving the UCPs (Li & Katul, 2022; Li et al., 2021).

To address these drawbacks, improving parameterization by implementing results from physically based models 
that are able to leverage the detailed information of urban form is considered a viable approach (Buccolieri 
et al., 2021; Nazarian et al., 2020). For instance, computational fluid dynamics modeling can be valuable for 
improving surface-atmosphere momentum exchange parameterizations (Buccolieri et al., 2021; Li et al., 2021). 
Yet, the high computational costs of these models can be a major bottleneck. Thus, this study is first motivated 
to develop a procedure for using a machine-learning approach to increase the efficiency of computational fluid 
dynamics modeling when being applied to improve the urban canopy model parameterization. Such a procedure 
could potentially simplify the procedure from urban form to outputs of surface fluxes (See bottom panel in 
Figure 1), improving the representation of urban areas in large-scale models. Therefore, the second goal of this 
study is to investigate the feasibility of adopting a machine learning-based method in the parameterization of 
urban surface-atmosphere exchanges.

Such feasibility has been supported by the successful applications of neural networks in geoscience, such as fluid 
flows through porous media (Santos et al., 2020; Zhou et al., 2022), hydrological modeling (Sun et al., 2021), 
and climate forecasting (Chattopadhyay et al., 2020; Y. Wu et al., 2021; Zhao et al., 2021), among others. Specif-
ically, the flows through porous media share some similarities with the flows in urban canopy in that both can be 
viewed as fluid flows through complex geometries. The most notable example is using the convolutional neural 
network (CNN) to directly predict the transport parameters, such as permeability, of porous media based on 
their microstructures (H. Wu et al., 2019; J. Wu et al., 2018; Kamrava et al., 2021). Other studies follow a more 
physics-informed approach to first predict the pore-scale velocity fields based on the geometries of porous media, 
and then calculate the permeabilities using Darcy's law (Santos et al., 2020; Y. Wang et al., 2021). Their results 

Figure 1.  The current structure of the parameterization of urban structures and the corresponding proposed machine learning surrogate: (a) current approach, involving 
mapping 𝐴𝐴 () from the urban land surface characteristics (x) to the set of urban canopy parameters (UCPs) and a parameterization scheme 𝐴𝐴 () for generating parameters 
related to the surface-atmosphere exchanges. Several examples of UCPs include: the building height h, the urban fraction Furb, the width of roof lroof and the width of 
road lroad; (b) machine learning surrogate, mapping between the urban canopy geometry and the velocity field via an encoder-decoder network. The surface-atmosphere 
fluxes in NWP models include kinematic viscosity ν, shear stress τ, sensible heat flux H, and latent heat flux LE.
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showed that it was still difficult to accurately predict the velocity field in a new porous medium for the trained 
model, whereas its permeability was substantially easier to predict. To improve the velocity field prediction capa-
bility of the network-based model, Zhou et al. (2022) incorporated a low-resolution velocity field simulated on a 
coarsened mesh into the input, which effectively improved the predicted fine-mesh velocity field, especially for 
the porous media with a high degree of heterogeneity. In addition, Ribeiro et al. (2020) and Kashefi et al. (2021) 
predicted the flow over a single bluff-body from its geometry using machine learning, which also demonstrates 
the feasibility of such methods.

However, the urban canopy flow differs significantly from the abovementioned porous media flow and flows 
over a single bluff-body obstacle. Despite the pore and urban structures are both complex geometries and often 
highly three-dimensional with heterogeneities, the porous media flow is usually a creeping flow with the Reyn-
olds number (Re) lower than one, whereas the Re of the urban canopy flow can be significantly larger (e.g., 
Re ∼ 10 7 in this study, cf., Section 2.1). Consequently, viscous drag plays a major role and there is little flow 
separation in the porous media, while in urban canopy flows form drag dominates over viscous drag. Distinct 
wakes behind buildings in urban canopy flows produce turbulence as the mean flow does work against the canopy 
drag. On the other hand, while the flow over a single obstacle under high Re may be well approximated using 
machine-learning approach (Hasegawa et al., 2020; Sekar et al., 2019), the urban canopy flow over multibody is 
much more complex with significantly larger non-locality, which has not been investigated yet to our knowledge. 
Despite drastically different physical scales and Reynolds numbers, it is valuable to explore the feasibility of 
extending the existing approaches of geometry-to-velocity mapping to predict flows over the urban canopy.

In this study, we conducted a proof-of-concept study to investigate how machine learning may augment 
physics-based models to improve the representation of urban form in land-atmosphere modeling. Specifically, we 
trained a U-net, a successive encoder-decoder network with skip connections in-between, using the urban geom-
etries and the corresponding geometry-resolving computational fluid dynamics modeling results. As a logical 
starting point, here we only consider urban geometry, that is, UF(g), and we focus on urban geometry represented 
by cuboids with variable heights, in which their morphological statistics are constrained by realistic urban form 
parameters. We first construct a machine learning-based model to predict the spatial variability of mean wind 
and aerodynamic drag of urban canopies. Second, we critically examine whether the model captures the essential 
features for flows over the urban canopy.

2.  Method
2.1.  Large-Eddy Simulation (LES) of Flows Over Urban Geometry

We conducted large-eddy simulations (LES) to generate the training and testing datasets of fluid velocity in the 
present study. The LES code solves the Navier-Stokes equation using a pseudo-spectral discretization in the hori-
zontal directions and a centered second-order finite differences in the vertical direction. The subgrid-scale model 
is the scale-dependent Lagrangian dynamic model developed in Bou-Zeid et al. (2005). The immersed boundary 
method (IBM) approach follows Tseng et al. (2006), Chester et al. (2007), and Li et al. (2016), which resolves the 
building structure explicitly. Details of the governing equations and the boundary conditions for simulations are 
given in Text S1 of Supporting Information S1.

For all the simulations, the computational domain size is Lx × Ly × Lz = 512 × 512 × 256 m with 32 × 32 × 32 
grids in the streamwise, spanwise, and vertical directions. The horizontal size of each building is equal to four-grid 
length (W) in both streamwise and spanwise, and so is its minimum height. The set-up allows an efficient genera-
tion of high-dimensional data (32 3) for over 100 urban canopy flows for machine-learning-based surrogate model 
development. Additional double resolution tests demonstrate the robustness of the simulation results in predicting 
the mean statistics (See Text S2 in Supporting Information S1). Extending to higher resolution for developing the 
trained model is feasible, but we first attempt to operate within this imperfect “constructed universe” to test feasi-
bility of such approach. The output of LES is dimensionless velocity normalized by the friction velocity uτ, which 
is determined by the background kinematic mean pressure gradient driving the flow and is 1 m/s in this study. 
The Reynolds number is on the order of 10 7 with the definition of Re = uτLz/ν, where ν is the kinematic viscosity.
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2.2.  Cases Setup

A semi-idealized representation of realistic city morphology using sharp-edged cuboids of variable heights is 
adopted in LES modeling. It is constructed by considering a subset of all possible geometries constrained by the 
urban canopy parameters derived from multiple cities' building footprint data. In the LES code, each cuboid has a 
horizontal dimension of 4 × 4 grids and we treat the 32 × 32 domain as having 8 × 8 possible building spaces to 
be filled by one building of height h or being empty (see Text S3 in Supporting Information S1 for an example). 
This gives rise to 2 64 possibilities (without considering the height variation and symmetry of the problem), which 
needs to be reduced to a manageable number of urban geometry types. We therefore consider the city-specific 
parameters and co-variation of the parameters to constrain the types of urban geometry that are representative of 
the reality. The urban footprint data from three cities of distinct sizes (New York City, Baltimore, and Tucson) 
(Microsoft, 2017) are analyzed here (see Text S3 in Supporting Information S1 for details), such that values of 
the parameters span a wide range. To generate representative simulation cases, four key parameters that are the 
most relevant to momentum exchange parameterizations such as in urban canopy models of the Weather Research 
and Forecast model (Chen et al., 2011; Ryu et al., 2011; Z. Wang et al., 2011) are chosen here, which include 
maximum building height (hmax), mean building height 𝐴𝐴

(

ℎ̄
)

 , urban fraction (λp), and standard deviation of build-
ing heights (hstd). A positive linear correlation is found between hmax and hstd, and between hmax and 𝐴𝐴 ℎ̄ . The urban 
fraction λp is uncorrelated with all other parameters.

A hierarchical construction of urban form to obtain the training and testing data is implemented as follows (data 
structure see Text S3 in Supporting Information S1). Five groups of statistics are proposed to represent the diverse 
relationship: Group 1, 2, and 3 have 𝐴𝐴 ℎ̄ = 6.32Δ , where Δ is the LES grid size, with different urban fraction λp 
equal to 0.15, 0.2, and 0.25, respectively. Group 4 and 5 have hstd = 4.08Δ, with different λp equal to 0.15 and 
0.2, respectively. The value of and 𝐴𝐴 ℎ̄ and hstd is determined by their relationship with hmax in the urban footprint 
data. For each group of statistics (G), we generate five different height realizations (H). The number of buildings 
is determined by the λp, and the height for each building is generated using a random function with the uniform 
distribution between (4, 24) and the constraint of 𝐴𝐴 ℎ̄ or hstd allowing height variation up to one grid. Then, for each 
height realization (H), locations of the cuboids are randomly distributed in the domain, denoted as cases (C). 
Five random distributions for each height realization (H) are generated and among them, four cases provide the 
training data, and the fifth case is used as the testing data. With the scheme above, we generate 125 cases (C) in 
total for 25 height realizations belonging to five groups (G) (see Text S3 in Supporting Information S1 for details 
of the scheme). Training data consists of 100 cases, and 25 cases are used as testing data (referred as “general test 
cases” afterward). We exploited the symmetry of the flow field induced by the horizontally periodic boundary 
condition to generate additional datasets in order to augment the data set. Since convolutional network does not 
have built-in reflection symmetry, such augmented datasets are considered new training data.

2.3.  Input Feature Selection

Each urban geometry can be completely described using a 3D binary image, where 0 represents the voxels occu-
pied by buildings and 1 represents the voxels associated with urban canopy flow. However, the binary image 
provides only local geometry information, which may be insufficient as an input for the neural network to predict 
the 3D mean flow field. This is because the velocity at a location is non-locally influenced by the presence of 
obstacles elsewhere due to the effect of pressure, especially for such flows with high Reynolds number in the 
urban canopy. In addition, flow over urban canopy represents rough-wall bounded flows and features an inherent 
spatial asymmetry in the vertical direction unlike flows in porous media. Therefore, the vertical distance to the 
surface dictates flow physics. These a priori physical insights have guided us to explicitly include three additional 
geometrical features as inputs to the neural network, which can be computed from the binary images: (a) hori-
zontal Euclidean distance map, the minimum distance from a location in the flow region to the boundary of any 
building surface at the same height, (b) distance to the bottom surface, the vertical distance from a location in the 
flow region to the bottom boundary, either the ground or the roof just below, which is capped by the maximum 
building height considered for all urban canopies (i.e., 24 grids in this study), and (c) distance to the roof of the 
highest building, the projected distance between the roof of the highest building and a location above it on the 
vertical direction. The features (a and c) are intended to indicate the influence by the nearest and highest build-
ings, while the feature (b) reflects the spatial asymmetry caused by the rough wall below. A cross-sectional binary 
image of the urban canopy structure, as well as three derived geometrical representations, is shown in Figure 2a.
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2.4.  Neural-Network-Based Model

The employed U-net was modified from its initial design (Ronneberger et  al.,  2015) to support 3D images, 
which is illustrated in Figure 2b. We choose the U-net as it performs well in a range of tasks, particularly scien-
tific regression problems (Takamoto et  al., 2022). In addition, it works well with a small amount of training 
data, the generation of which is computationally expensive using LES. The U-net consists of two major parts: 
The encoder (left) works as a feature extractor and learns the geometrical representations at various resolution 
levels, and the decoder (right) reconstructs the velocity field using the extracted geometrical features. Here, the 
U-net is constructed with four successive resolution levels and sufficient depth to guarantee a large receptive 
field which is capable of capturing the nonlocal influence. Specifically, the feature maps denoted by a dashed 
box are calculated to have the receptive field of 32 3, indicating that they are capable of capturing geometrical 
information throughout the entire domain. Likewise, so do all the feature maps to its bottom and right. The skip 
connection between each resolution level of the encoder and decoder permits the indirect flow of gradients to the 
previous layers without degradation, hence enhancing the retention of the learned geometrical features. A more 
comprehensive description of the U-net architecture and related operations is provided in Text S5 of Supporting 
Information S1.

Training process of the neural network is performed on a NVIDIA TESLA V100 GPU using the open source 
machine learning framework, PyTorch (Paszke et al., 2019). We select the mean squared error (MSE), which is 
defined as the average squared difference between the predictions and the ground truths, as the loss function for 
regression. The Adam optimizer (Kingma & Ba, 2015) is used to iteratively update the network weights with an 
initial learning rate of 10 −3 due to its superior performance and computational efficiency. The network is trained 
for a total of 1,000 epochs with a batch size of 16.

3.  Results and Discussion
With the generated 400 pairs of data, the U-net is trained to learn the mapping from the urban canopy structure to 
the velocity field. In this work, we only consider predicting the dimensionless velocity in the x direction ux = Ux/
uτ, where Ux is the streamwise component of time-averaged velocity and uτ is the friction velocity.

Figure 2.  Schematic plot of the neural network architecture with corresponding input features and output: (a) input features, providing geometrical representations of 
the urban canopy structure, which consists of (I) binary image, (II) Euclidean distance map, (III) capped distance to the bottom surface, and IV) distance to the roof 
of the highest building, (b) neural network architecture, a U-shaped network with skip connections between the encoder and decoder, and (c) output, the urban canopy 
velocity field. Operations in the neural network are denoted by symbols with different shapes and colors, which are defined in the bottom-right dashed box. Note that 
both the geometrical features and the velocity field are 3D in this study, and here we only show the 2D horizontal (xy) and vertical (yz) cross sections for clarity.
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3.1.  Performance Evaluation for General Test Cases

To evaluate the prediction performance of the trained model, we define the prediction error ϵ, which is the 
normalized voxel-wise difference between the prediction 𝐴𝐴 𝐴𝐴𝐴 and the ground truth u*, given by

𝜖𝜖 =

√

∑𝑛𝑛

𝑖𝑖=1
|

|

𝑢̂𝑢𝑖𝑖 − 𝑢𝑢
∗

𝑖𝑖

|

|

2

√

∑𝑛𝑛

𝑖𝑖=1
|

|

𝑢𝑢
∗

𝑖𝑖

|

|

2

,� (1)

where n is the number of voxels used for training or testing (e.g., 32 3 voxels in a single urban canopy). The train-
ing data set has a prediction error of 1.1%, demonstrating that the network is able to learn the mapping from urban 
canopy structure to velocity field.

The trained model is subsequently evaluated on the testing urban structures containing buildings with drastically 
different spatial distributions compared to those from the training data set. The testing data set has a predic-
tion error of 13.8%, which is higher than that for the training data set. However, this is reasonable because the 
difference between the training and testing data renders the prediction on testing urban canopy structures a diffi-
cult  extrapolation task. Moreover, such prediction error value for testing data set, 13.8%, is comparable to those 
for porous media flows. Specifically, the prediction error of permeabilities on the testing porous media is approx-
imately 13% (Santos et al., 2020), and the prediction error of pore velocity fields reaches 9.6% with additional 
input information of coarse-mesh velocity (Zhou et al., 2022). The prediction result on testing data set is more 
clearly shown in Figure 3a, where the bulk of voxel-wise prediction points lies along the diagonal (i.e., 𝐴𝐴 𝐴𝐴𝐴 = 𝑢𝑢

∗ ), 
with the dark/red area indicating a higher density. The similarity between the predictions and LES simulations on 
the cross sections of three randomly selected testing structures, as shown in Figure 3b, further demonstrates the 
prediction capability of the trained model. Specifically, despite distinct differences at some individual locations, 
the trained model correctly predicts the spatial variation of the velocity fields in these testing structures, espe-
cially the low speed regions on both windward and leeward sides of the buildings as well as the accelerated flow 
above the highest buildings. Nonetheless, it is evident that the large velocities (i.e., ux ≥ 9.0) are underestimated in 
both Figures 3a and 3b, which may be caused by the difference between the training and testing data distributions. 
The largest value of ux is 9.3 in the training data set, indicating that the network has never been trained with the 
data of ux greater than 9.3, making it difficult to conduct such an extrapolation. This clearly raises an important 
issue of how one can assess the extrapolative ability of the network, which will be systematically examined in 
Section 3.2.

3.2.  Performance Evaluation for Perturbed Test Cases

The trained model is further evaluated on a series of perturbed test cases to understand the sensitivity and limi-
tations of the extrapolative capability of the trained model. The perturbed cases of urban geometry are generated 
from three base cases, that is, Case 3 in Group 2 (G2C3), Case 3 in Group 3 (G3C3), and Case 2 in Group 4 
(G4C2), with different levels of the perturbation of buildings. The naming convention for cases is introduced in 
Section 2.2. The base cases are randomly chosen with the consideration of different values of urban fraction λp, 
that is, 0.15, 0.2, and 0.25. The perturbed cases are generated from corresponding base cases keeping the same 
height realization, that is, same buildings, but relocating one or more buildings in the domain. Specifically, the 
different levels of perturbed test cases include: randomly selecting a building in the base case, and then moving 
it by two grids (0.5W), four grids (W), or eight grids (2W) in x direction, or randomly move to another location 
in the domain; select the lowest, highest or both lowest and highest buildings in the domain, and randomly move 
to another location; relocate all the buildings in the base case. For each type of perturbation for the chosen base 
case, five test cases are generated. Therefore, there are eight levels of perturbation, and 15 test cases for each level 
of perturbation. Previous research has shown a significant influence of the tallest building in urban flows (e.g., 
Bharat & Ahmed, 2012; X. Huang et al., 2021), thus we consider large perturbation as involving deliberate relo-
cation of the tallest building in the domain (i.e., last three levels in Figure 4a); while small perturbation refers to 
the first five levels. This systematic perturbation of the base case geometry will generate a continuum of increas-
ingly dissimilar geometries that is expected to be more challenging for the trained model to predict the flow field.
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Figure 3.  Prediction performance of the trained model on 100 testing urban structures: (a) prediction plot, comparing predicted and true velocities over all voxels (i.e., 
819,200 voxels in 25 urban structures due to periodicity), and (b) cross sectional view of the LES simulations (top), neural network predictions (middle), and their 
differences (bottom) of three randomly selected testing structures. The darker/red color in (a) indicates higher density of the prediction points.
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Figure 4.  Prediction performance of the trained network on perturbed test cases: (a) Prediction errors for perturbed testing cases. (b) Cross section of the velocity field 
of LES output (top row), ML prediction (middle row), and null model (bottom row).

 19448007, 2023, 1, D
ow

nloaded from
 https://agupubs.onlinelibrary.w

iley.com
/doi/10.1029/2022G

L
102313 by V

irginia T
ech, W

iley O
nline L

ibrary on [29/03/2023]. See the T
erm

s and C
onditions (https://onlinelibrary.w

iley.com
/term

s-and-conditions) on W
iley O

nline L
ibrary for rules of use; O

A
 articles are governed by the applicable C

reative C
om

m
ons L

icense



Geophysical Research Letters

LU ET AL.

10.1029/2022GL102313

9 of 13

Then, a null model is defined based on the LES results for the unperturbed base cases. The null model directly 
uses the velocity field of the base case as the prediction for the perturbed cases with two physical meaningful 
adjustments. First, the prediction in the perturbed cases is forced to be zero for voxels where buildings exist. 
Second, for voxels occupied by buildings in the base case but not in the perturbed cases, the prediction is either 
forced to be zero (“zero filling”) or the mean velocity of the base case at the corresponding height level (“mean 
filling”). This model can be regarded as a baseline for prediction when we already have the detailed veloc-
ity  field  for a similar urban structure. The performance of the null model can also represent how much the veloc-
ity of the perturbed test cases deviates from the base cases, which is an indication of the level of difficulty for 
the fluid velocity prediction for urban geometry. The comparison between the trained model and the null model 
quantifies the relative performance as the prediction difficulty increases with the successive deviation of the 
perturbed case from the base case.

The prediction errors of the trained model and the null model for the pointwise velocity are shown in Figure 4a. 
The difference between the two filling methods, that is, zero filling and mean filling, is small, though the mean 
filling null model tends to perform better. Therefore, we mainly consider the mean filling null model and refer to 
it as the null model hereafter. We notice that even with a small perturbation added to the base case, the relative 
error of the null model can become larger than 5%. It indicates that predicting velocity is a problem with a high 
degree of freedom and is strongly nonlinear, making this problem considerably challenging. The performance 
of the null model and the trained model is similar for small perturbations, with the value of relative error around 
5%–10%. While for small perturbations, the change of the velocity field itself is comparably small, and therefore 
the performance of the trained model is not expected to be much better than the null models. In addition, the 
small value of the relative error for the trained model indicates that it is sensitive to a slight change in geometry. 
For large perturbations, however, the median relative errors of the null models increase sharply from 10% to 
25%, whereas that of the trained model plateaus to values around 15%. The results imply that despite the inherent 
challenge of velocity prediction in large perturbation cases, the trained model has acquired some ability to gener-
alize from geometry to the resulting streamwise velocity. This is mainly due to the fact that the trained model can 
predict the nonlocal influence downstream of the tallest buildings while the null model cannot. The cross-section 
of the velocity field where the tallest building is located for three cases at perturbation level six (H, rand), that is, 
the tallest building in the base case is randomly moved to another location in the domain, are shown in Figure 4b. 
The prediction of the trained model can capture the recirculation zone behind the tall building and its influence 
further downstream. In real applications where testing geometry resembles the large perturbation cases, this 
further confirms the usefulness of the trained model.

3.3.  Prediction of the Aerodynamic Drag Coefficient

Apart from the velocity field, the bulk aerodynamic drag coefficient (Cd), which is important for parameterizing 
surface atmosphere momentum exchange, is considered here. We compare with Cd computed by the default 
single-layer urban canopy model (SLUCM) of the WRF model (version 3.8.1) (see Text S4 in Supporting Infor-
mation S1 for more details) to evaluate the trained model for predicting Cd for arbitrary urban geometry. Cd is 

computed from LES results and trained models based on the planar-averaged mean velocity 〈ux〉 and 𝐴𝐴 𝐴𝐴𝑑𝑑 =
𝑢𝑢
2
𝜏𝜏

⟨𝑢𝑢𝑥𝑥⟩
 , 

where uτ is the friction velocity (cf., Section 2.1). It is also worth noticing that despite pointwise errors in ux 
(Figure  3), predictions of the planar-averaged mean velocity profiles 〈ux〉 by the trained model exhibit clear 
inflection points, a characteristic of canopy flow (see results in Text S5 of Supporting Information S1). This also 
lends confidence in using 〈ux〉 derived from the trained model for Cd prediction.

The scatterplot between the truth and prediction of Cd at 𝐴𝐴 𝐴𝐴 = 1.5ℎ̄ for general 25 test cases are shown in Figure 5a. 
Both the trained model and the default SLUCM parameterization tend to underestimate Cd, as most of the points 
fall in the right part of the validation plot. The trained model gives a better prediction, with the 18.15% mean abso-
lute relative error, compared to the default SLUCM parameterization, with 51.17%. The underestimation of the 
bulk drag coefficient by the default SLUCM is related to the overestimation of velocity. Previous research (Kim 
et al., 2013; Li et al., 2021; Salamanca et al., 2011) found that the SLUCM tends to overestimate near-surface 
wind speed, which may be partly caused by an underestimation of the friction velocities and the roughness 
length is not directly dependent on the urban morphology. The simplification of the urban surface into a 2D 
street canyon introduces the “skimming effect” (J. Huang et al., 2013), where the randomly distributed buildings 
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can exert a stronger pressure drag on the flow. Also, the default parameterization scheme derived from idealized 
laboratory experiments of building arrays with uniform height (e.g., Macdonald et al., 1998) does not necessarily 
apply for applications over the complex landscape (Li & Katul, 2022; Li et al., 2021), and the 2D representation 
of a 3D urban structure can further introduce the inaccuracy.

The aerodynamic drag coefficient Cd as defined above is also examined for the perturbed test cases, and the 
results are shown in Figure 5b. The trained model gives a better prediction with 9.06% mean absolute relative 
error, which is 10.14%, and 46.22% for the null model and SLUCM parameterization, respectively. The detailed 
velocity field from the base case can provide a reasonable prediction for the perturbed cases, especially for the 
cases with small perturbation. This indicates the importance of resolving the urban structures in three-dimension 
instead of simplifying the geometry to a few parameters. The default SLUCM parameterization tends to under-
estimate Cd, which is identical to the results of the general test cases. In addition, it is easy to see that the results 
for the null model and the SLUCM prediction are represented as several lines, which means that they are insen-
sitive to perturbations at the individual building level. In other words, they tend to predict the same value for the 
perturbed cases generated from the same base case, even though the truth varies to a larger extent. This perfor-
mance is expected since for the “mean filling” null model, we set the mean velocity value from the base case at 
appropriate voxels. The value of Cd is determined by the mean velocity and therefore tends to vary less signif-
icantly. The default SLUCM parameterization uses mean building height 𝐴𝐴 ℎ̄ , urban fraction λp, building height 
variation information, and frontal area density to calculate the drag coefficient. The first three of them are the 
same for perturbed cases and the base case. The frontal area density changes little for the first seven perturbations 
except for the relocation, and the influence can be limited. The trained model does better from this perspective, as 
its inputs of 32 3 geometric information can reflect the change caused by the grid-level perturbations.

4.  Conclusion
In this study, a machine learning-based surrogate model, U-net, is trained to create a direct mapping from geom-
etry to mean streamwise velocity field aimed at improving the parameterizations of momentum transfer in the 
urban land surface model. The geometry-resolving LES runs produce 125 cases as the base cases for training 
and testing. The selection of the trained model inputs and network architecture design is informed by the physics 
of urban canopy flows. The prediction error (13.8%) is comparable to previous studies using U-net for flows in 
porous media. To critically examine the extrapolative power of the trained model, we systematically vary the 
urban geometry to generate perturbed test cases that increasingly deviate from the corresponding base cases. The 
trained model is further compared with the null model based on LES results for the unperturbed base cases. For 
small perturbations, the null model and trained model show similar performance (ϵ = 5%–10%), indicating the 
inherent difficulty of the problem. However, errors of the null model steadily increase to about twice of the trained 

Figure 5.  Prediction performance of the bulk aerodynamic drag coefficient Cd for (a) general test cases, and (b) perturbed test cases.
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model for larger perturbation, while the trained model reaches around a plateau value consistent with the testing 
error for general test cases. In addition, the ML prediction of the aerodynamic drag coefficient Cd is also superior 
to the default Cd parameterization scheme. This demonstrates the potential of applying a geometry-to-field surro-
gate model to better represent different urban forms for distinct cities in numerical weather and climate models.

A few key take-away points are summarized here regarding using the machine learning method:

1.	 �Compared to flows in porous media, flows in the urban canopy have several important differences, which have 
dynamic consequences to be considered in the trained model construction. The flow separations and wakes 
generated within the canopy require nonlocality to be considered in network architecture design.

2.	 �Predicting the mean 3D high-Re flows interacting with complex geometry is a challenging problem as shown 
by results from small perturbations of the test cases. Additional tests to understand extrapolation difficulty 
also corroborate this finding (See Text S6 in Supporting Information S1). The trained model does demonstrate 
the extrapolative capability to a certain extent, as seen in large perturbation cases compared to the null model, 
lending to the promise of applying this machine learning approach for unseen urban geometries.

3.	 �In addition, the trained model with explicit inputs from 3D urban form data is better at capturing the sensitiv-
ity of aerodynamic drag coefficient to urban geometry, a major improvement compared to incomplete descrip-
tions of the urban form by the UCPs. This shows that the intermediate mapping 𝐴𝐴  from detailed urban form 
to UCPs can be eliminated and a parameterization derived from machine learning model 𝐴𝐴 (𝐱𝐱) is plausible.

The limitation of this study is that cuboids of variable heights instead of realistic building geometries are used 
to generate the training data. It is of future research interest to extend to realistic urban geometries (Akinlabi 
et al., 2022; Giometto et al., 2016) and variable wind and other meteorological conditions, which will be impor-
tant in future model development using a machine learning method. Another deliberate simplification is that 
we only focus on the mean momentum exchange within the existing framework of urban land surface modeling 
instead of constructing a complete data-driven surrogate model for urban land surface (Zhao et al., 2021). Never-
theless, findings here indicate that a machine learning method can help to bridge the gap between computation-
ally expensive microscale urban models and large-scale weather and climate models.

Data Availability Statement
The LES output and the prediction of the trained model for the test cases used for analysis in this research are 
publicly available at https://doi.org/10.5281/zenodo.7075696. Detailed descriptions of the data files are available 
herein.
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