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ABSTRACT

In this study, the effects of street trees on the performance of an urban canopy model (UCM)
and how the UCM sensitively responds to tree-related parameters compared with urban
thermal parameters are examined. For this, a single-layer UCM is extended to represent street
trees within urban canyons and multi-objective parameter optimizations and a global
sensitivity analysis are conducted with the aid of machine learning (ML) technique. Including
street trees markedly improves the simulation performances of net radiation, sensible heat
flux, and latent heat flux at both dense and vegetated urban sites, substantially reducing their
systematic errors. Moreover, including street trees reduces the trade-off between the
simulation performances of net radiation and sensible heat flux. At the dense urban site, the
simulation performances of net radiation and sensible heat flux are the most sensitive to roof
albedo while that of latent heat flux is the most sensitive to tree fraction. At the vegetated
urban site, the tree-related parameters are the most influential for the simulation
performances of all the three energy fluxes. This study emphasizes the importance of street
trees in better simulating urban surface energy balance and presents an ML-based framework

for efficient parameter optimization and sensitivity analysis.

Keywords: Urban canopy model, Street tree, Urban parameter, Optimization, Sensitivity,

Machine learning
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1. Introduction

As urban areas have been expanding globally (Seto et al., 2011; Hanberry, 2023), it is
of growing importance to better understand and predict urban weather and climate (Hamdi et
al., 2020; Qian et al., 2022). To appropriately represent and simulate urban impacts on the
atmosphere, a number of urban canopy models (UCMs) have been developed and
implemented in weather/climate models (e.g., Masson, 2000; Kusaka et al., 2001; Martilli et
al., 2002; Oleson et al., 2008; Ryu et al., 2011). UCMs consider urban canyons constituted by
building walls and roads and simulate the energy and water exchanges between urban
surfaces and the adjacent air, enabling a realistic representation of complex land—atmosphere
interactions appearing in urban areas (Jandaghian and Berardi, 2020). The implementation of
UCM s has led to the successful simulations of diverse urban weather and climate phenomena
such as urban heat islands, urban dry islands, and urban-induced precipitation modifications
(e.g., Kusaka et al., 2012; Hu et al., 2024; Zhou et al., 2024b).

As UCMs have emerged as an essential component for high-resolution urban
weather/climate modeling (Ching, 2013), the performances of various UCMs have been
extensively evaluated and substantial model improvements have been made (Grimmond et al.,
2010; Grimmond et al., 2011; Jongen et al., 2024; Lipson et al., 2024). In particular, many
researchers have focused on representing urban vegetation within urban canyons, and it has
been revealed that including street trees substantially contributes to better simulating urban
surface energy fluxes and urban canyon air temperature (Krayenhoff et al., 2014; Ryu et al.,
2016; Krayenhoff et al., 2020; Meili et al., 2020; Mussetti et al., 2020; Wang et al., 2021).
Ryu et al. (2016) represented two rows of street trees in a UCM and showed that the inclusion

of street trees improves the performances in simulating latent heat flux and canyon air



67

68

69

70

71

72

73

74

75

76

77

78

79

80

81

82

83

84

85

86

87

88

89

90

temperature at both urban and suburban sites. Meili et al. (2020) developed an urban
ecohydrological model which explicitly represents street trees and revealed that the model
better performs than other UCMs in simulating surface energy fluxes, especially at a tropical
urban site. Wang et al. (2021) incorporated a single row of street trees in a UCM and showed
that the inclusion of street trees leads to marked improvements in the performances in
simulating surface energy fluxes and canyon air temperature.

Since street trees require additional tree-related input parameters and intricately
interact with the ground and buildings (Meili et al., 2021), their inclusion in UCMs appears to
make it challenging to find an optimized parameter set for a specific urban site and to
substantially affect the UCM’s sensitivities to individual parameters. Most previous studies
conducted parameter optimization and/or examined parameter sensitivities using UCMs
without representing street trees (e.g., Loridan et al., 2010; Wang et al., 2011; Yang and Wang,
2014; Zhao et al., 2014; Nemunaitis-Berry et al., 2017; Tsiringakis et al., 2019; Tsiringakis et
al., 2020; Ao and Zhang, 2022). Loridan et al. (2010) evaluated the performance of a UCM
and examined parameter sensitivities through a multi-objective optimization method. They
found that the UCM is highly sensitive to roof-related parameters while it exhibits low
sensitivities to road-related parameters. Wang et al. (2011) quantified the effects of parameter
uncertainties on the performance of a UCM through an advanced Monte Carlo approach and
showed that the uncertainties in urban morphological parameters highly affect the simulated
surface energy fluxes. Ao and Zhang (2022) conducted parameter optimization and sensitivity
analysis using a UCM and showed that the net radiation and sensible heat flux are highly
sensitive to roof and wall albedos.

Although several previous studies have investigated the individual sensitivities of

model outputs to tree-related parameters using UCMs with representing street trees (e.g., Ryu
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et al., 2016; Krayenhoff et al., 2020; Wang et al., 2021), how sensitive a UCM is to tree-
related parameters relative to other urban parameters has not yet been rigorously investigated.
The use of a global sensitivity analysis method is necessary to investigate this with
considering complex interrelationships among tree-related and other urban parameters (Song
et al., 2015) but requires numerous UCM simulations with different parameter sets, resulting
in large computational costs. Regarding this, the machine learning (ML) technique is an
efficient tool to well capture the nonlinear relationships between model parameters and
outputs and generate a large number of surrogate predictions within a very short
computational time (Zhao et al., 2023). The ML-based surrogate modeling has been widely
conducted in the field of urban weather/climate modeling (e.g., Lu et al., 2022; Hora and
Giometto, 2024; Zhao et al., 2024). Moreover, the ML technique can also be used for
parameter optimization (Li et al., 2022; Zhang et al., 2024), which enables a more robust
evaluation of the effects of including street trees on UCM performances for a specific urban
site.

This study aims to evaluate how the inclusion of street trees affects the performance
of a UCM and examine how tree-related parameters are influential to UCM simulations
compared with other urban thermal parameters. For this, the Seoul National University UCM
(SNUUCM), a single-layer UCM developed by Ryu et al. (2011), is updated to incorporate
in-canyon street trees and their associated physical processes. The SNUUCM possesses a
distinct feature that simulates the physical processes occurring at the two facing building
walls individually, thereby well capturing the thermal contrast between them (Ryu et al.,
2011). The SNUUCM exhibits comparable performances in simulating surface energy fluxes
compared with other various urban land surface models (Grimmond et al., 2010; Grimmond

et al.,, 2011; Lipson et al., 2024). However, the representation of urban vegetation effects
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relies entirely on the Noah land surface model (Chen and Dudhia, 2001) coupled through a
tile approach, which needs an improvement for representing in-canyon vegetation and its
interactions with the ground and buildings. To robustly evaluate street trees’ effects on model
performance, parameter optimizations both in the presence and absence of street trees are
conducted using a multi-objective genetic algorithm and the performances in simulating
surface energy fluxes are compared. To compare the sensitivities of simulated urban surface
energy fluxes to tree-related parameters with those to other urban thermal parameters, a
global sensitivity analysis method is employed. For the efficient implementation of both
parameter optimization and sensitivity analysis, ML models to predict the performances in
simulating surface energy fluxes from the given input parameters are constructed. The overall

workflow of this study is presented in Fig. 1.

2. Methods

2.1. Updates to the SNUUCM

In this subsection, the main updates made to the SNUUCM are described. Through
the updates, the SNUUCM is extended to represent street trees within urban canyons as well
as the vegetated ground where street trees are situated and the associated soil hydrological
processes occur (Fig. 2). In this study, the updated version of the SNUUCM is called the
SNUUCM-Tree. Following Ryu et al. (2016), two rows of street trees which are equidistant
from the adjacent wall and whose crowns are circular in a two-dimensional plane are
considered and it is assumed that the trunks of street trees have negligible influence on the

radiative processes within urban canyons. The calculations of direct shortwave radiation
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incident on street trees and shadow lengths due to walls and street trees follow the method of
Ryu et al. (2016), whereas, given the SNUUCM’s feature, the direct shortwave radiation for
walls is totally assigned to the sunlit walls and the direct shortwave radiation for the shaded
walls is set to zero.

The formulations of the major physical processes which are newly added or modified
to represent street trees are summarized in Tables 1 and 2. The view factors in the presence of
street trees are difficult to be analytically formulated and thus are commonly obtained
through the Monte Carlo ray tracing method (Wang, 2014). For the practical estimation of
view factors under various configurations of urban canyons and street trees, the multiple
linear regression equations obtained by Ryu et al. (2016) through the Monte Carlo ray tracing
simulations are used with some modifications (Egs. (1)—(11)): To account for the view factors
from the ground (street trees) to either the sunlit walls or shaded walls, the factor 0.5 is
multiplied in Eq. (3) (Eg. (9)), and consequently the factor 2 is multiplied to Fuw in Eq. (11).
As in the SNUUCM, three-time reflections of shortwave radiation and one-time reflection of
longwave radiation are considered, while the reflections occur among the ground, sunlit and
shaded walls, and street trees and the areal factors are considered in calculating net radiation
for each in-canyon surface in the presence of street trees (Egs. (12) and (13)). Note that the
effective albedo, emissivity, and temperature are used for the ground when the reflections and
radiation trapping are calculated. Finally, the net shortwave and longwave radiations for the
impervious ground (roads), vegetated ground, and sunlit and shaded walls are calculated as
the weighted averages using the fraction of urban canyons with street trees (hereafter, tree
fraction) (Egs. (14) and (15)).

As in several other UCMs with street trees (e.g., Ryu et al., 2016; Wang et al., 2021),

the leaf sensible heat flux is calculated using the leaf boundary-layer resistance whose
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formulation is empirically obtained by Landsberg and Powell (1973) (Eqg. (16)) and the leaf
latent heat flux is calculated through the Penman-Monteith equation given in Green (1993)
(Eq. (17)). For the vegetated ground, the sensible heat flux is calculated through the Monin-
Obukhov similarity theory as for the impervious ground (Ryu et al., 2011) and the latent heat
flux is calculated following the method of Wang et al. (2013). The soil hydrological processes
including root-water uptake are represented in the same way as those in Ryu et al. (2016),
four soil layers being considered. The prognostic equations for canyon air temperature and
humidity are modified to incorporate the effects of the vegetated ground and street trees (Egs.
(18) and (19)), and the leaf temperature is prognosed through Eq. (20), the leaf heat capacity
being set to 640 J m2 K™! (Ryu et al., 2016).

Due to the inclusion of in-canyon vegetation, several additional input parameters are
incorporated into the SNUUCM-Tree. The key tree-related parameters include the tree
fraction, tree-crown radius, tree height, tree-to-wall distance, leaf area index (LAI), leaf
albedo, and leaf emissivity. The remaining additional input parameters are mainly related to
the vegetated ground, including its fraction, albedo, emissivity, heat capacity, thermal

conductivity, roughness lengths, and LAI.

2.2. Machine learning technique and observational data

In this subsection, the ML models and observational data utilized for the analyses are
described. For use in both parameter optimization and sensitivity analysis of the simulation
performances of surface energy fluxes, the ML models are designed to predict the root mean
square errors (RMSEs) of net radiation (RMSErn), sensible heat flux (RMSEsw), and latent

heat flux (RMSE_n) simulated by the SNUUCM-Tree against observations from given input
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parameters. The six tree-related parameters and nineteen urban thermal parameters are
selected for optimization and sensitivity analysis and are presented in Table 3, being used as
the predictor variables for the ML models. The ML models are constructed using the eXtreme
Gradient Boosting (XGBoost) algorithm (Chen and Guestrin, 2016) which is based on an
ensemble of decision trees implemented within the gradient boosting framework. XGboost is
well known for its capability to well capture nonlinear relationships between target and
predictor variables and its explainability (Basagaoglu et al., 2022) and is therefore widely
used for prediction and/or attribution analysis in the related fields (e.g., Shao et al., 2023;
Tanoori et al., 2024).

The Basel UrBan Boundary Layer Experiment (BUBBLE) campaign (Rotach et al.,
2005) dataset is used as observational data for constructing the ML models and evaluating the
performance of the SNUUCM-Tree. During the summer intensive observation period
between 10 June and 10 July in 2002, flux tower measurements were conducted at seven sites
in Basel, Switzerland (Christen and Vogt, 2004). Among these sites, the Basel-Sperrstrasse
site, which represents a dense urban area (Rotach et al., 2005), is adopted for the main
analyses. To generate the training dataset of the ML models, the offline SNUUCM-Tree
simulations are conducted for the Basel-Sperrstrasse site with various combinations of the
values of the 25 selected input parameters. For each simulation, the values of the 25 selected
input parameters are sampled within their respective sampling ranges (Table 3). The Sobol’
sequence (Sobol’, 1967) and Latin hypercube sampling (McKay et al., 1979) are employed to
make the values of the 25 input parameters in the training dataset be nearly uniformly
distributed within the parameter space. The integration period is from 0000 LST 9 June to
0000 LST 10 July 2002 with a one-day spin-up period during which the same meteorological

forcing as that on the following day is applied. RMSErn, RMSEsH, and RMSE_+ are obtained
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for the remaining 30-day analysis period, therefore each simulation yielding one training data
which consists of a pair of predictor variables (the 25 input parameters) and target variables
(the three RMSES). Based on Christen and Vogt (2004), H, W, fvg, and normalized roof width
are set to 14.6 m, 11.2 m, 0.35, and 0.54, respectively. The ratio of momentum roughness
length to heat roughness length is set to 10 (Ryu et al., 2011), the tree-to-wall distance is set
to be a; plus 1.5 m, and the initial soil moisture is set to 0.28 m® m~3 in the top soil layer and
0.35 m®* m2 in the bottom soil layer. As a result, total 46,153 generated data are used for
training the ML models.

Using the generated data, the ML models are trained to learn the relationships
between the selected 25 input parameters and RMSEs (RMSErn, RMSEsH, and RMSE_+) for
the Basel-Sperrstrasse site. The optimal combination of hyperparameters for the ML models,
including the number of decision trees, maximum tree depth, and learning rate, is explored
using Optuna (Akiba et al., 2019), and the values of hyperparameters adopted are listed in
Table S1. The prediction performances of the trained ML models are evaluated using
additional 8,145 data generated from the offline SNUUCM-Tree simulations (Fig. 3). The
ML models well reproduce RMSErn, RMSEH, and RMSE_e obtained from the SNUUCM-
Tree simulations for the Basel-Sperrstrasse site using the given selected input parameters. For
all the three RMSEs, the coefficients of determination (R?) between the ML model
predictions and SNUUCM-Tree simulations are higher than 0.96 and the mean absolute
errors (MAEs) of the ML model predictions are lower than 1.5 W m~2 against the SNUUCM-
Tree simulations. Therefore, the constructed ML models appear to exhibit sufficient
performances to serve as reliable surrogate tools for both parameter optimization and

sensitivity analysis.
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2.3. Multi-objective parameter optimization

To conduct the optimization of the selected input parameters, the Non-dominated
Sorting Genetic Algorithm 111 (NSGA-III) (Deb and Jain, 2013) is adopted. The genetic
algorithms, which mimic biological evolutions, are widely used for parameter optimization
when there exist multiple, potentially conflicting, objective functions to be minimized or
maximized simultaneously (e.g., Li et al., 2022; Werth and Buckley, 2022). The genetic
algorithms generate random populations (parameter sets) and evaluate them against objective
functions. Then, populations in the next generation are produced through the selection,
crossover, and mutation. Iterating the evaluation and evolution, the algorithms find better
solutions in the objective space (Katoch et al., 2021). Since the simultaneous minimization or
maximization of multiple objective functions is performed, the genetic algorithms identify the
Pareto solutions for which no other solution is better in terms of all objective functions
(Sharma and Kumar, 2022). NSGA-III is a suitable algorithm for multi-objective parameter
optimization (Zhou et al., 2024a) and has a distinct feature that a set of predefined reference
directions is used to make the solutions be well spread across the objective space (Deb and
Jain, 2013).

Using the NSGA-III algorithm, the multi-objective optimization of the selected input
parameters is conducted for both cases with and without street trees (hereafter, Tree-on case
and Tree-off case, respectively). In the Tree-off case, the tree fraction is fixed to zero, only
ground vegetation being considered. For both cases, RMSErn, RMSEsH, and RMSE_+ are
used as the objective functions to be minimized. The ranges of the optimized parameters are
the same as those presented in Table 3. The number of populations in each generation is 528,

and total 500 generations are considered. The objective functions for a given population
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(parameter set) are evaluated using the ML models (subsection 2.2), enabling the
optimization to be completed with very low computational costs. As a result, total 274 and
346 Pareto-optimal parameter sets are identified in the Tree-on and Tree-off cases,

respectively.
2.4. Sensitivity analysis

To compare the sensitivities of the SNUUCM-Tree to the tree-related parameters
with those to the urban thermal parameters, the global sensitivity analysis is conducted using
the Sobol” method (Sobol’, 2001). The Sobol’ method is one of the most widely used
variance-based global sensitivity analysis methods in which the total variance of an output is
decomposed into the contributions of input parameters (Van Stein et al., 2022). Compared
with local sensitivity analysis methods such as the one-at-a time method, the Sobol’ method
has the advantage of quantifying both the individual and interaction effects of input
parameters (Tian, 2013). For a function Y determined by n input parameters, the variance of Y
is decomposed into the variances associated with the individual effects and interaction effects

of input parameters as follows:

VY) =2 Vi4 D V4otV (21)

i<j

Here, V(Y) is the variance of Y and i and j are the indices indicating each of n input
parameters. The individual (first-order) effect and total effect of an input parameter are,

respectively, quantified as
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o _VaEL X))
VM

(22)

s _p Ve (EL0IX) -
i V(Y)

where S; and St are, respectively, the first-order and total-order Sobol’ indices, X; and X-; are,
respectively, i-th input parameter and all input parameters except i-th input parameter, and E
is the expectation. The numerator in the right-hand side of Eq. (22) indicates the variance of
the conditional mean of Y given X, and that of Eqg. (23) indicates the variance of the
conditional mean of Y given X-i. The interaction effect associated with i-th input parameter
can be obtained by taking the difference between S; and Sti. The input parameters exhibiting
larger Sobol’ indices are considered to be more sensitive parameters. Practically, the
quantification of the Sobol’ indices requires numerous Monte Carlo simulations (Sobol’,
2001). To quantify the Sobol’ indices for each of the 25 selected input parameters, total
884736 ML model simulations are conducted with the parameters being randomly sampled
within their respective ranges (Table 3).

Note that we additionally construct the ML models for the Basel-Spalenring site
(Table S1 and Fig. S1) which represents a vegetated urban area (Rotach et al., 2005) and
perform parameter optimization and sensitivity analysis for this site in the same way. This is
to investigate whether the effects of street trees on the performance of the SNUUCM-Tree
and the sensitivities to the tree-related and urban thermal parameters significantly differ

depending on the degree of urban vegetation.

3. Results and discussion
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3.1. Effects of including street trees on model performance

To examine the effects of including street trees on the performance of the SNUUCM-
Tree, the RMSEs of surface energy fluxes in the Tree-on and Tree-off cases are compared.
For analysis, the total RMSE (RMSE~or) is additionally calculated as the sum of RMSErn,
RMSEsH, and RMSE_+. Fig. 4 shows the box plots of RMSErot, RMSErN, RMSEsH, and
RMSE_+ obtained from the SNUUCM-Tree simulations with the Pareto-optimal parameter
sets in the Tree-on and Tree-off cases. The inclusion of street trees leads to a substantial
reduction in RMSEror, the mean RMSEvor being 74.8 W m™2 in the Tree-on case and 121.1
W m~2 in the Tree-off case (Fig. 4). It is also evidently seen that the variability of RMSEror
among the Pareto-optimal parameter sets is much smaller in the Tree-on case than in the
Tree-off case. The interquartile range of RMSEror in the Tree-on case is only 1.2 W m2,
while that in the Tree-off case is 11.4 W m2. These results indicate that the inclusion of street
trees not only significantly raises the maximum achievable performances in simulating
surface energy fluxes but also enables a more robust identification of optimal input
parameters. The substantial reduction in RMSETot due to the inclusion of street trees results
from the reductions in all RMSErn, RMSEsH, and RMSE . Compared with the Tree-off case,
the mean RMSEgrn, RMSEsH, and RMSE_+ in the Tree-on case are smaller by 17.0 W m™2,
13.0 W m™2, and 16.3 W m2, respectively, the improvement being more pronounced in
simulating net radiation and latent heat flux than in simulating sensible heat flux. In the Tree-
off case, the variabilities of RMSErn and RMSEsH among the Pareto-optimal parameter sets
are pronounced with their interquartile ranges being 15.3 W m~2 and 8.3 W m2, respectively.
This implies the difficulty in achieving robust improvements particularly in the simulations of

net radiation and sensible heat flux without including street trees. Meanwhile, in the Tree-on
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case, the variabilities of all RMSErn, RMSEsH, and RMSEL+ among the Pareto-optimal
parameter sets are very small, their interquartile ranges being smaller than 1.2 W m2,

Fig. 5 shows the probability density functions (PDFs) of the 25 input parameters
within the Pareto-optimal sets in the Tree-on and Tree-off cases. Compared with the Tree-off
case, the PDFs of the majority of the urban thermal parameters (14 out of 19) in the Tree-on
case exhibit much more distinct peaks (Fig. 5). For the PDFs of the tree-related parameters in
the Tree-on case as well, clear peaks are overall found. These results also show that the
inclusion of street trees facilitates finding an optimal parameter set to improve the
simulations of all the three energy fluxes for the site.

How the inclusion of street trees affects the performance in simulating surface energy
fluxes is further analyzed. Fig. 6 shows the mean diurnal variations of net radiation, sensible
heat flux, and latent heat flux ensemble-averaged over the SNUUCM-Tree simulations with
the 274 Pareto-optimal parameter sets in the Tree-on case and those with the 346 Pareto-
optimal parameter sets in the Tree-off case during the analysis period and their scatterplots
against observations. Here, to perform an in-depth analysis of the effects of including street
trees on the simulation errors of surface energy fluxes, the systematic and unsystematic
RMSEs (hereafter, RMSEs and RMSE,, respectively) for the three energy fluxes in the Tree-
on and Tree-off cases are calculated (Willmott, 1981) and compared with each other.

In the Tree-off case, the systematic underestimation of net radiation is found in the
daytime (Fig. 6a and c), its RMSEs being 21.3 W m2 and RMSE, being 22.6 W m™2.
Compared with the Tree-off case, in the Tree-on case, the systematic biases in net radiation
become much smaller both in the daytime and nighttime, its RMSE;s being only 1.9 W m™
and RMSE, being 7.9 W m™2 (Fig. 6a and b). The sensible heat flux is systematically

overestimated, particularly in the daytime in the Tree-off case with its RMSE; of 18.9 W m™
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(Fig. 6d and f). The considerable unsystematic errors in sensible heat flux are also found in
the Tree-off case, its RMSE, reaching 50.4 W m~2. The inclusion of street trees reduces both
systematic and unsystematic errors in sensible heat flux, with its RMSEs of 8.9 W m~2 and
RMSE, of 35.6 W m2 in the Tree-on case (Fig. 6e). The reduction in systematic errors
resulting from the inclusion of street trees is more evident in the daytime than in the
nighttime, and a slight systematic underestimation of sensible heat flux in the daytime is seen
in the Tree-on case. In the Tree-off case, the latent heat flux is considerably underestimated
throughout the day, its RMSEs and RMSE, being 44.3 W m~2 and 40.0 W m™2, respectively
(Fig. 6g and i). The inclusion of street trees enables a satisfactory reproduction of the diurnal
variation of latent heat flux, considerably reducing the systematic low biases (Fig. 6g and h).
RMSE; for latent heat flux in the Tree-on case is 12.8 W m™2 and is much smaller than
RMSE, for latent heat flux (26.7 W m™2), in contrast to the Tree-off case in which RMSE;
exceeds RMSE, for latent heat flux.

The above results show that the inclusion of street trees can lead to notable
reductions in systematic errors in simulated surface energy fluxes as well as in their
unsystematic errors. The reductions in systematic errors in simulated surface energy fluxes
due to the inclusion of street trees were also found in several previous studies (e.g., Liu et al.,
2017; Mussetti et al., 2020). The improvements in overall performances and substantial
reductions in RMSE; for the three energy fluxes are also found at the Basel-Spalrenring site
(Figs. S2 and S3). However, at this site, the inclusion of street trees slightly enhances the
overestimation of sensible heat flux and the underestimation of latent heat flux in the daytime
is still pronounced in the Tree-on case. This implies the necessities of further improvements
in the partitioning between sensible and latent heat fluxes and/or in the specification of other

parameters associated with evapotranspiration for this vegetated urban site.
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The trade-off between the performance in simulating net radiation and that in
simulating sensible heat flux is a well-known issue in earlier UCMs without representing
street trees (Chen et al., 2011; Grimmond et al., 2011). How the inclusion of street trees
affects this trade-off is examined in Fig. 7. Fig. 7 shows the scatterplots of RMSERrn versus
RMSEsH within the Pareto-optimal sets in the Tree-on and Tree-off cases with RMSE_+ being
colored. In the Tree-off case, the clear negative correlation between RMSErn and RMSEsH is
found (Fig. 7b) with a correlation coefficient (R) of —0.60 (p < 0.001), which means that
improving the simulation of net radiation tends to degrade that of sensible heat flux and vice
versa. This is indicative of the existence of the trade-off between the performances in
simulating net radiation and sensible heat flux, as identified in UCMs without representing
street trees (Loridan et al., 2010; Demuzere et al., 2017). Within the Pareto-optimal sets,
RMSEsn can be further reduced by up to 30.6 W m~2 while this is accompanied by an
increase in RMSEgrn by 45.7 W m2. The negative correlation is also found between RMSEgn
and RMSE_H, but the trade-off between the performances in simulating net radiation and
latent heat flux is very weak. In the Tree-on case, although there is still negative correlation
between RMSErn and RMSEsH (Fig. 7a) with R of —0.32 (p < 0.001), the trade-off between
the simulation performances of net radiation and sensible heat flux becomes weaker with the
regression slope of RMSEsH with respect to RMSERrn being smaller by 39% compared to that
in the Tree-off case. The weakening of this trade-off due to the inclusion of street trees is also
found at the Basel-Spalrenring site (Fig. S4). In addition, there is a positive correlation
between RMSEsy and RMSE_+ in the Tree-on case (Fig. 7a) with R of 0.61 (p < 0.001),
which indicates that the simultaneous improvements in the simulations of sensible and latent
heat fluxes can be achieved in the presence of street trees.

Through the results of Figs. 4-7, it is revealed that the inclusion of street trees can
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reduce the trade-offs among surface energy fluxes and thus substantially enhance the
maximum achievable accuracy of urban surface energy flux simulations. To further
understand the model behavior and gain insights into the prioritization of parameter
calibrations, it is crucial to identify relatively sensitive input parameters (Voudouri et al.,
2017). In the following subsection, how the tree-related parameters are important for
simulating surface energy fluxes relative to the urban thermal parameters is examined by

ranking the sensitivities to individual parameters through the Sobol’ method.

3.2. Model sensitivities to tree-related parameters

Fig. 8 shows the bar charts of the total-order Sobol’ indices of the tree-related
parameters and urban thermal parameters for RMSEgrn, RMSEsH, and RMSE_H at the Basel-
Sperrstrasse site. For RMSErn, ar exhibits by far the largest total-order Sobol” index (0.84)
among all the parameters (Fig. 8a). For the sensitivity of RMSERrn to ar, the first-order effect
dominates over the interaction effect, indicating that ar alone has a crucial influence on the
simulation of net radiation and thus its proper specification can lead to a substantial
improvement in the simulation performance of net radiation. The second largest total-order
Sobol’ index appears for fi (0.10) but is much smaller than that of ar. The strong sensitivity of
simulated net radiation to ar and very weak sensitivities to road-related thermal parameters
are consistent with the results from other UCMs without representing street trees (Loridan et
al., 2010; Ao and Zhang, 2022).

For RMSEsH, the largest total-order Sobol’ index appears also for ar (0.40) and the
second largest total-order Sobol’ index appears for C; (0.30) (Fig. 8b). Previous studies

employing UCMs without representing street trees have also reported the strong influence of
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roof-related parameters on simulating sensible heat flux as well as net radiation (e.g., Zhao et
al., 2014; Ao and Zhang, 2022). Unlike for RMSERn, the interaction effect is comparably or
more important compared with the first-order effect for the sensitivities of RMSEs to the
major influential parameters. This indicates that the simultaneous optimization of multiple
parameters is needed to effectively improve the simulation performance of sensible heat flux.
ft exhibits the third largest total-order Sobol’ index (0.19), with its interaction effect (0.16) far
exceeding its first-order effect (0.03). Interestingly, the second-order Sobol’ index is the
largest between ar and fi, being 0.08 (not shown). This suggests that the simultaneous
optimization of these two parameters can synergistically reduce RMSEs.

For RMSE_H, the two tree-related parameters, ft and a;, exhibit the largest total-order
Sobol” indices (0.89 and 0.38, respectively) (Fig. 8c), indicating that they are the most
influential parameters for the simulation of latent heat flux. This is possibly due to that the
evapotranspiration from street trees is the primary source of latent heat flux. The third largest
total-order Sobol’ index appears for aw (0.14), and given that the second-order Sobol indices
with f; and a: (0.07 and 0.02, respectively) largely account for it (not shown), the accurate
simulation of shortwave radiation reflections from walls to street trees appears to be also
important in improving the simulation of latent heat flux. It is also found that the interaction
effect between fi and a: is comparable or more important compared with their first-order
effects for the sensitivities of RMSE_n to fi and at. Thus, to reduce RMSE_n, the appropriate
specification of both f; and a; is of foremost importance.

How the relative importance of the tree-related and urban thermal parameters differs
in the simulations of net radiation, sensible heat flux, and latent heat flux at a vegetated urban
site is analyzed. Fig. 9 is the same as Fig. 8 except for the Basel-Spalrenring site. Unlike at

the Basel-Sperrstrasse site, the tree-related parameters have the strongest influence on all
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RMSERrN, RMSEsH, and RMSE_H (Fig. 9): a: exhibits the largest total-order Sobol’ index for
RMSErn (Fig. 9a), and f; and ai, respectively, exhibit the first and second largest total-order
Sobol’ indices for both RMSEsy and RMSE_+ (Fig. 9b and c). ar, the most influential
parameter for both RMSErn and RMSEsn at the Basel-Sperrstrasse site, has comparable
influence to f; for RMSERrn and to a; for RMSEsh at this site. These results reveal that the
appropriate specification of the tree-related parameters is much more important for improving
the simulation performances of the three energy fluxes than that of the urban thermal
parameters at this vegetated urban site. Compared with the Basel-Sperrstrasse site, at the
Basel-Spalrenring site, the interaction effects among the parameters are more important for
the sensitivity of RMSErn While they are less important for the sensitivities of RMSEsn and
RMSE_LnH. This suggests that the relationships between the input parameters and simulation
performance of net radiation (turbulent heat fluxes) are more (less) complex at the vegetated

urban site than at the dense urban site.

4. Summary and conclusions

This study examines the effects of including street trees on the performances in
simulating surface energy fluxes and compares their sensitivities to tree-related parameters
with their sensitivities to urban thermal parameters using the Sobol’ method. The street trees
and their related physical processes are newly represented in the SNUUCM (SNUUCM-Tree),
and the multi-objective parameter optimization is conducted for the Tree-on and Tree-off
cases to robustly evaluate how much the inclusion of street trees can improve the simulation
performances of surface energy fluxes. To efficiently conduct both parameter optimization

and sensitivity analysis, the ML models to predict the UCM performances from the given
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input parameters are constructed. The RMSEs of all net radiation, sensible heat flux, and
latent heat flux are notably lower in the Tree-on case than in the Tree-off case, revealing that
the inclusion of street trees significantly raises the maximum achievable performances in
simulating surface energy fluxes. In addition, the inclusion of street trees reduces the trade-
off between the performance in simulating net radiation and that in simulating sensible heat
flux, allowing more effective improvements in the simulations of the three energy fluxes
through parameter optimization. At the dense urban (Basel-Sperrstrasse) site, the sensitivities
of the RMSEs of net radiation and sensible heat flux are the largest for roof albedo and that of
latent heat flux is the largest for tree fraction. Meanwhile, at the vegetated urban (Basel-
Spalrenring) site, the largest sensitivities of the RMSEs of all the three energy fluxes appear
for the tree-related parameters.

In this study, an ML-based framework that enables parameter optimization and
sensitivity analysis to be very efficiently performed by replacing numerous UCM simulations
is presented. In such a way, the ML-based approach can be utilized in various aspects of
urban weather/climate modeling studies with much less computational costs compared with
the sole use of physics-based models (e.g., Lange et al., 2021; Wu et al., 2021). Future
applications of an extended ML-based framework, such as surrogate modeling of UCM-
simulated surface energy fluxes and canyon air temperature, are expected to further enhance
the understanding of UCM behaviors and be helpful for the studies of urban heat and its
mitigation.

In addition to the input parameters selected in this study, various other input
parameters can also significantly affect the simulations of urban surface energy fluxes. For
example, soil moisture is an important factor affecting tree evapotranspiration (Lagergren and

Lindroth, 2002) and the effects of street trees on urban surface energy fluxes can largely
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differ depending on urban morphological characteristics (Ryu et al., 2025). Further
investigations considering a broader range of input parameters would provide more valuable
insights into the effects of street trees on the simulations of urban surface energy fluxes.

The analyses in this study are conducted for the two adjacent urban sites with
different surroundings under the same background climate. It was found that the sensitivities
of urban surface energy fluxes to tree-related parameters can significantly vary depending on
background climates (Meili et al., 2020). An extensive investigation for various urban sites
with different background climates is needed for better understanding of the relationships

between tree-related parameters and surface energy fluxes.
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Formulations of key physical processes newly added or modified in the SNUUCM-Tree.

Equations

Descriptions of symbols

View factors

Radiation

F, =-0.2462x 1 ~11568x X +0.7217 (1)
w w

F, =-0.0024x "+ ~19822x X —0,0078 (2)
W W

F,, =0.5x(1-F, —F,) (3)

F_ —03069x " _11938x2 400999 (4)
w w

F. = —0.2655x 1+ 2.7254x 2L 40,2863 (5)
w w

F,.=05x(1-F, —F,) (6)

ww

Fag =05x(1-F,, —F,) (7

F, = -0.2018x 11+ 0.2158x 2 1+ 0.4871 (8)
w w
1 a,
F,, =0.5x| 0.1210x - —0.0242x 2 +.0.2368 | (9)
w w

F, =—0.0716x 1 +0.4082x 2 +0.1563 (10)
w w

F, =1-F, —2xF, —F, (11)

ST = 0-)S7 + Q=) T 57 JF,
A A
1-a S'a. —LF, a —<F, 12
+( a')zg JaJAk el A (12)
in Aj A< A
S'a, —F, o, —~F,a —F;
TR ST P Ry

A.
L?,e\t/\mee =& Z Li — Fji
T A

+;ZK:L1 %ij (1—€k)% F,—&oT!

Sinet — ftS‘net + (l— ft)S‘net

i, wtree i, wotree

(14)

L?et = fl I-I|:],evtvlree + (1_ ft)u]jevtvoll’ee (15)

Fio: view factors from
surface 1 to surface 2

g: ground

s: sky

t: tree

w: wall

H: building height

W: canyon width

a. tree-crown radius

gt (SM): net (incident)
shortwave radiation

L™ (L): net (emitted)
longwave radiation

wtree  (wotree):  with
(without) street trees

i: index indicating in-
canyon surfaces

j, k, I: indices indicating in-
canyon surfaces (or sky in
Eg. (13))

a (¢): albedo (emissivity)
A: area

~: weighted average

fi: tree fraction
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759  Formulations of key physical processes newly added or modified in the SNUUCM-Tree

760  (continued).

Descriptions of symbols

Equations
Leaf
turbulent
heat fluxes
pcp (TI _Tc)
=P °* (16
Qu 1.27r, (16)
sQ, +0.93pc, %
QE,I = r . (17)
s+0.93y(2+ TS)
Temperature
and humidity
dT, (H H
pcpvc d_C = (_QH,wl + _QH,wz + fngH,vg + (1_ fvg )QH,ig
t w w (18)
+2 ft %QH,I + QAH _QH,C] '%
d H H
pCch % = (_QE,Wl + _QE,WZ + fngE,vg + (1_ fvg )QE,ig
t w W (19)
+2 ft %QE,I - QE,c) A&
dT, N
C d_tl = (QI —Qui — Qg ) (20)

Qw: sensible heat flux

Qe: latent heat flux

I: leaf

p: air density

Cp: Specific heat of dry

air at constant pressure

T: temperature

C: canyon air

ra: aerodynamic
resistance

s: slope of the

saturation vapor

pressure  curve  at

ambient temperature

Q" net radiation

D..  vapor  pressure

deficit

v psychometric

constant

rs: surface resistance

V: canyon air volume
q: specific humidity

Ci: leaf heat capacity
wl: wall 1

w2: wall 2

vg: vegetated ground
ig: impervious ground
fvg: fraction of vegetated
ground

Qan: anthropogenic
heat flux

A.: canyon bottom area

761



762

763

764

765

766

767

Table 3

sensitivity analysis and their respective sampling ranges.

35

Urban thermal parameters and tree-related parameters selected for optimization and

Descriptions Minimum Maximum
Thermal parameters
or | aw | aig | owg Albedos of roof, wall, 0.05 0.40
impervious ground, and (0.55 for aw)
vegetated ground
el ewl &gl evg Emissivities of roof, wall, 0.80 1.00
impervious ground, and
vegetated ground
Ci/ Cuw/Cig/ Cy Heat capacities of roof, wall, 0.1 2.5
impervious ground, and
vegetated ground
(MIm3 K™
Kr / Kw / Kig / Kvg Thermal conductivities of roof,  0.05 2.50
wall, impervious ground, and
vegetated ground (J m st K™)
Zor | Zoig | Zovg Momentum roughness lengths 0.01 0.10
for roof, impervious ground, and
vegetated ground (m)
Tree-related parameters
fi Tree fraction 0 1
a Tree-crown radius (m) 1 4
ht Tree height (m) 4 10
a Leaf albedo 0.05 0.40
&l Leaf emissivity 0.80 1.00
LAI Leaf area index 1 6
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Updates to the SNUUCM
(SNUUCM-Tree)

A 4

Construction of ML models
[input parameters — UCM performances]

v

Multi-objective
parameter optimization Y

[ Global sensitivity analysis J

A 4

Evaluation of tree’s effects
on UCM performances

768

769

770 Fig. 1. Overall workflow of this study.
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obtained from the SNUUCM-Tree simulations with the Pareto-optimal parameter sets in the
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785

786

787

788

789

40

(a) (b) () (d) (e)
100 1 40 200
200 1 — Tree-on 100
LL = Tree-off
DD_ 100 1 50 20 4 kjk 100 1 50
0 T 0 T i (1 y (e - ; :
0.05 0.20 040 005 030 055 0.05 0.20 0.40 0.05 0.20 0.40 0.8 0.9 1.0
oy Ay aig (l\;g Er
(M (@) () (i) 1)
100 20 10 4l
w 100 4
O 504 10 ~ 5 1 2
o 50 1
0 7 0 T 1] T 0 w 0 - :
0.8 0.9 1.0 0.8 0.9 1.0 0.8 0.9 1.0 01 1.0 25 01 1.0 25
Ew €ig Evg C; Cw
(k) ) (m) (n) (o)
40
L 20 20 501
20 4
£ 259 10 | 10 | 25
T A 0 w / 1] T 0 w T
01 1.0 2.5 01 1.0 2.5 0.05 1.00 2.50 0.05 1.00 2.50 0.05 1.00 2.50
Cig Cyg ke kw kig
. (p) (@ (n (s) (t)
401 400 400 1
w 10 1
E 2 20 200 200 5 1
0 T 0 T 0 ; 0 —/ ‘
0.05 1.00 2.50 0.01 0.05 0.10 0.01 0.05 0.10 0.01 0.05 0.10 0.0 0.5 1.0
kg Zor Z0ig Zovg i
(u) (v) (W) (%) (v)
2 100
2 N
w 10 1 5.01
(B 504 1
o 51 254
0 w 0 T w 0] T i 0 T 0 ‘
1 2 3 4 4 6 8 10 0.05 0.20 0.40 0.8 0.9 1.0 1 3 B
ay hy a £1 LAI

Fig. 5. Probability density functions of the 25 selected input parameters within the Pareto-

optimal sets in the Tree-on (red) and Tree-off (blue) cases. The probability density functions

of the six tree-related parameters are displayed only for the Tree-on case.



790

791

792

793

794

795

796

797

798

net radiation (W m~2)

latent heat flux (W m~2)

(2)

4004 *

-100 +———1—

1 = Tree-on
Tree-off
OBS

0 3 6

9

—
12 1

5

time (LST)

21

150

0 3 6

9

——
12 1

5

time (LST)

18

21

24

120

12 1
time (LST)

5

simulated net radiation (W m~2)

simulated sensible heat flux (W m~2)

simulated latent heat flux (W m~2)

800

(0)

600 1
400
200

o

1 RMSEs=1.9wWm™?
1 RMSE,=79Wm™2

0

R I L LN
200 400 600 800

(c)
800 PR AT [N SO ST BT T T S RN
1 RMSE; =21.3Wm™? o4
1 RMSE, =226Wm=2 A%
600 ! £ =
] (&
400-_ n
200 -
0 -

0

L L
200 400 600 800

observed net radiation (W m~?)

observed net radiation (W m~?)

400

(le)lwwwl

300 1

200 1

] RMSE;=89Wm™2 .

100,

RMSE, = 35.6 W m<%

L L B
0 100 200 300 400

400

(fl)ll\\l

300

2001

] RMSE; =189 Wm=3,'7

100"

.‘-;'

RMSE, = 504 W m %7~ -

L LA LA B L B
0 100 200 300 400

41

observed sensible heat flux (W m~2) ohserved sensible heat flux (W m~2)

(h)
2007\lllJ\\llI\\\\ll\llIll\\7
1 RMSEs;=12.8Wm™2 [
150 1 RMSEU=26_?_W_:m’2 R
4 v < [
4 o
100 T F
509 .
1
07,7 F
+
-50 4 ‘ . . T ’
-50 O 50 100 150 200

observed latent heat flux (W m=2)

(i)
200 s L b v by by
1 RMSE; =44.3Wm™? [
150 RMSE,=400Wm~? -
100 9 F
50 . AR -
i “yf i o ‘:"—. .“ L
<. wouthl
0 Losgpiiscs T
-50 4 ‘ T . T ’
=50 0 50 100 150 200

observed latent heat flux (W m=2)
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their scatterplots with the linear regression lines. The spreads of net radiation among the
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areas, respectively. (d, e, f) Same as (a, b, c) except for sensible heat flux. (g, h, i) Same as (a,
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834  Table S1
835  Values of hyperparameters used in the machine learning models for the Basel-Sperrstrasse

836  and Basel-Spalenring sites.

Basel-Sperrstrasse Basel-Spalenring
Number of decision trees 1000 984
Maximum tree depth 6 6

Learning rate 0.07 0.04

Subsample ratio 0.64 0.54

Column subsample ratio 0.98 0.98

Minimum loss reduction for splitting 0.005 0.001

L1 regularization 7.30 0.01

L2 regularization 7.91 0.00

Minimum child weight 2.85 1.00
837
838

839
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