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Abstract 
Biometeorological indices, such as Universal Thermal 
Climate Index (UTCI), have recently been linked to 
resident presence in public outdoor spaces offering urban 
planners and landscape designers a new design criterion 
to improve these spaces. Example interventions are 
walkway canopies to enhance pedestrian thermal comfort. 
While simulation tools for UTCI are becoming available, 
the underlying workflows are highly computationally 
intensive, making them less attractive for iterative design 
space explorations of isolated urban features such as the 
above mentioned, bespoke canopy. To overcome this 
challenge, this manuscript introduces a surrogate-model-
based workflow that predicts annual UTCI distributions 
under a parametrically-defined canopy structure. An 
optimization algorithm is then used to generate a structure 
that is optimized for annual comfort conditions. The 
workflow is applied to two cities – Boston and Singapore. 
The trained surrogate models for each city are able to 
predict hourly UTCI with a root mean squared error of 
1.7°C for Boston and 0.4°C for Singapore. With the 
proposed workflow, 6 hours of model-preparation 
enabled us to explore 500 distinct designs in 5 minutes – 
a feat that would have taken at least a week if done 
manually.  
Key Innovations 

• Predicts thermal comfort conditions under a 
shading structure through surrogate modeling   

• Optimizes urban intervention design for thermal 
comfort  

Practical Implications 
Surrogate modeling is a viable method of efficiently 
evaluating hourly UTCI, especially for the purposes of 
design space exploration. Optimization techniques can be 
used to generate configurations of urban interventions that 
maximize thermal comfort.  
Introduction 
With rising global temperatures and increasingly extreme 
weather due to climate change (Wuebbles et al. 2017), 
cities around the world have placed increasing focus on 
outdoor thermal comfort. Recently, the City of London 
Corporation introduced a development guideline on 
outdoor thermal comfort in an effort to better understand 
the impact that its development projects would have on 
thermal comfort (City of London 2020). Efforts to 

improve thermal comfort conditions in cities have become 
more prevalent, through interventions such as dry mist 
fans in hot and humid climates (Transsolar 2014), tree-
planting for shading and cooling, and canopies to reduce 
wind chill or reduce solar exposure.  
Quantifying and evaluating outdoor thermal comfort 
sensation has been well explored (Chen and Ng 2012) and 
over 100 biometeorological indices have been developed 
to-date to measure thermal comfort. Universal Thermal 
Climate Index (UTCI), which is based on a 187-node 
model of the human body, incorporates all parameters of 
the human heat budget and adequately represents the 
thermal environment. It has been shown to be applicable 
in a wide range of microclimatic conditions and is 
sensitive to changes in environmental conditions, such as 
temperature, solar radiation, wind and relative humidity 
(Blazejczyk et al. 2012). 
Its relationship to human behaviors and preferences has 
been demonstrated in various applications in the built 
environment, such as explaining dwelling patterns of 
regular lunch-goers in an outdoor courtyard (Reinhart, 
Dhariwal, and Gero 2017), evaluating the effectiveness of 
evaporative coolers in hot arid climates (Dhariwal et al. 
2019), and assessing change in thermal stresses using 
shading (Paolini et al. 2014). However, these applications 
are mostly implemented reactively. A general barrier 
towards the use of UTCI in early urban planning stages 
for detailed outdoor feature design such as walkway 
canopies is that existing tools for simulating UTCI, 
including ENVI-met, the Ladybug toolset, and Eddy3D 
for Grasshopper3D, require substantial computational 
power. Their use for analyzing multiple design 
alternatives would be dauntingly high. Additionally, 
discovering a high-performing intervention by trial-and-
error across the design space would take unreasonably 
long. 
Optimization algorithms have been used to optimize 
structures based on various design objectives, such as 
structural weight and embodied carbon of timber beams 
(Mayencourt et al. 2017), and material usage and 
structural performance in hollow-core concrete beams 
(Ismail and Mueller 2018). In cases where computational 
time is relatively high, surrogate modeling, a data-driven 
approximation technique, has been used to rapidly 
evaluate design performance and reduce computational 
time. For example, it has been applied to multi-objective 
case studies in structural engineering, where objectives 

________________________________________________________________________________________________

________________________________________________________________________________________________ 
Proceedings of the 17th IBPSA Conference 
Bruges, Belgium, Sept. 1-3, 2021

 
941

 
 

https://doi.org/10.26868/25222708.2021.30872



such as structural material volume and operational energy 
consumption were considered (Tseranidis, Brown, and 
Mueller 2016). Surrogate models and optimization have 
also been widely used in building design optimization 
(Westermann and Evins 2019). One example is the use of 
surrogate models to predict useful daylight illuminance 
(UDI) in the optimization of shapes of shading devices in 
buildings (Kirimtat et al. 2019). Another example for the 
usefulness of surrogate models in optimization is the 
calibration of building energy models where each 
iteration requires significant computational expense 
(Nagpal et al. 2019). With an initial training dataset, a 
chosen machine-learning model, such as random forest 
trees or artificial neural networks, learns the relationships 
between the chosen predictors and the response variable 
of interest. Once trained, the model can take in input 
variables of any value and produce a result without having 
to go through the originally computationally intensive 
simulations. The model can then be passed through the 
optimization algorithm as an objective function to reduce 
computational costs. These optimization algorithms and 
surrogate models have only just started being applied to 
designing for thermal comfort, such as a study by Kohn 
Pedersen Fox (KPF) which proposed a sped up, 
exploratory urban planning process based on surrogate 
models of computational fluid dynamics (CFD) 
calculations (Moktar and Sojka 2020). 
This research introduces an approach to efficiently design 
urban interventions to maximize improvement in thermal 
comfort. More specifically, the study focuses on 
efficiently designing parametric shading structures, such 
as wind and sun shades, such as in Figure 1, for thermal 
comfort. A surrogate model is trained to predict UTCI 
based on structural and weather parameters. UTCI 
simulations are run on a set of structures to produce a 
training dataset that associated weather and structural 
parameters with resulting UTCI. The design space is 
explored through a global optimization algorithm to 
produce a structure optimized for thermal comfort. This is 
carried out on two case studies: Boston and Singapore. 

 
Figure 1: Shading structure on a pedestrian bridge in 

Singapore  
The following sections present the methodology behind 
the workflow, show results of the workflow for two case 
studies, discuss the potential impact of the workflow on 
the design of urban interventions for thermal comfort, and 
propose ideas for further development.  

Methodology 
This study introduces a workflow that efficiently predicts 
annual UTCI conditions under a parametrically-designed 
shading structure and generates optimal forms for thermal 
comfort. The workflow involves four stages that are 
described below: (1) defining a parametric model for the 
shading structure, (2) calculating thermal comfort under 
the structure, (3) training a surrogate model to efficiently 
predict UTCI, and (4) generating optimized structures 
through two case studies located in Boston and Singapore.     
Parameterized Shading Structure 
The first step to defining the workflow involves 
parameterization of a shading structure in 
Grasshopper3D. As shown in Figure 2, the semi-
cylindrical shading structure is aligned to the north-south 
direction and has a height of 3.5m, width of 3m, and 
length of 30m. It involves five segments – one opaque 
shaded section that blocks solar radiation and wind (in 
grey), two single-paned glass sections that allows solar 
radiation to pass but obstructs wind flow (in blue), and 
two unshaded sections.  
The shading structure is parameterized by the position and 
size of each segment-type, defined by the following four 
parameters 𝜃𝜃,𝑤𝑤,𝑤𝑤𝑙𝑙 , 𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑟𝑟 . Figure 2 illustrates the 
relationship between the four parameters and the form of 
the shading structure. As illustrated in Figure 2, 𝑃𝑃𝑐𝑐 is the 
reference point from which the shading structure is built, 
and 𝜃𝜃 describes the clockwise angle between 𝑃𝑃𝑐𝑐 and the 
vertical axis. 𝑤𝑤 is the proportion of the opaque section 
against the whole frame. 𝑤𝑤𝑟𝑟 and 𝑤𝑤𝑙𝑙  are the proportions of 
the glass sections against the non-opaque sections (right 
and left sections respectively). These variables allow an 
optimizer to explore the design space and produce a 
design that minimizes the defined objective function as 
they avoid discontinuities in the optimization objective 
function and maintain the same domain (between -90° and 
90° for 𝜃𝜃, and between 0 to 1 for 𝑤𝑤,𝑤𝑤𝑙𝑙 , 𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑟𝑟) 
regardless of the value of other variables.  

 
Figure 2: Parameterization of shading structure  

A straight path is defined under the shading structure, 
through the axis of the structure at a height of 1.6m. To 
evaluate the annual thermal comfort performance of the 
shading structure, the UTCI is derived from simulation 
data at 2m intervals along the path.     
Biometeorological Calculations 
UTCI is a measure of thermal comfort used to 
quantitatively assess how a person would feel in a given 
environment. To understand the effect of the shading 
structure on thermal comfort, UTCI is calculated along a 
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path centrally located under the structure for every hour 
of a year.  
UTCI depends on various meteorological inputs, such as 
ambient temperature, relative humidity, diffused and 
direct solar radiation to calculate mean radiant 
temperature, and wind speed at 10 meters above ground. 
A summary of the data sources for all four meteorological 
inputs is provided in Table 1.  

Table 1: Meteorological Inputs for Calculating UTCI  
Meteorological 

Input 
Data Source Spatially 

resolved? 
Ambient 

Temperature 
EPW weather file No 

Relative 
Humidity  

EPW weather file No 

Mean Radiant 
Temperature 

DIVA 4 simulation of 
solar radiation  

Yes 

Wind Speed CFD Simulation using 
Eddy3D and OpenFOAM 

Yes 

Ambient temperature and relative humidity for each hour 
of the year are assumed to be spatially uniform and are 
obtained from the city-of-interest’s EPW weather file. 
The mean radiant temperature, which would be 
significantly affected by the shading structure, is spatially 
resolved using Kessling et. al’s estimation method for 
calculating mean radiant temperature (Kessling, 
Engelhardt, and Kiehlmann 2013). Inputs to this 
estimation include diffused and direct solar radiation, 
which are simulated with DIVA’s radiation map function 
(Solemma 2020). The DAYSIM mode is activated to 
compute hourly radiation values on a 0.5m x 0.5m grid at 
1.6m above ground. The shading structure is simulated 
with two materials – “sheet metal” for the opaque shaded 
section, and “single-glazed glass” for the glass section. 
The glass material has a visual transmittance of 88%, 
solar heat gain coefficient (SHGC) of 82% and U-value 
of 5.82W/m2K. Other inputs to the mean radiant 
temperature estimation are the following: context 
temperature is equal to ambient temperature, clothing 
absorption is 0.5 to represent an average person’s clothing 
choice, and ground reflectance is a typical value of 0.2. It 
is assumed that the pathway is not obstructed by 
neighboring buildings or landscape. The spatial MRT 
results are probed at 2m intervals along the defined path.  
Spatial variation of wind speed and wind direction is also 
considered in the UTCI calculation. Eddy3D, a 
Grasshopper3D plugin for airflow and microclimate 
simulations, is used to set-up and run computational fluid 
dynamics (CFD) simulations. The results of the wind 
simulations are probed at a height of 1.6m at 2m intervals 
along the path to obtain hourly wind speeds. Eddy3D’s 
UTCI component takes in the wind speeds at 1.6m height 
and, as recommended by Equation 3 in Bröde et al. 
(2012), translates these speeds to a corresponding wind 
speed at a height of 10m for the UTCI calculation.  
Finally, with the four meteorological inputs defined, the 
UTCI is calculated using Eddy3D’s outdoor thermal 
comfort component to produce hourly UTCI values along 

the route (Kastner and Dogan 2019). For each hour of the 
year, the effective UTCI under the shade is derived as the 
average of all UTCI values along the defined path. 
Surrogate Modeling 
For every variation of the parametrically defined shading 
structure, the UTCI distribution under structure varies. 
Iterating over multiple designs to find one that is best for 
thermal comfort is computationally intensive as it would 
involve simulating solar radiation through DIVA and 
simulating wind flows through Eddy3D for each variant. 
To reduce computational time, a surrogate model is 
trained to predict hourly UTCI under the structure when 
provided with the structure’s defining parameters and the 
city-of-interest’s hourly weather attributes. Figure 3 
illustrates the inputs and outputs of the surrogate model. 

 
Figure 3: Inputs and output to the surrogate model 

A training dataset is prepared to train the surrogate model. 
18 parametrically defined shading structures are chosen to 
capture the design space (Figure 4). Among the 18 
structures, the proportion and positions of the opaque and 
glass sections vary. Most structures, apart from two, 
divide the structure into thirds – a left section, right 
section and top section. The structures present different 
permutations of opaque and glass materials in each third. 
The two exceptions to these ‘thirds structures’ section the 
structure into halves – half glass, and half opaque. 
UTCI results are obtained for each structure through the 
simulation workflow described. With a total of 8760 
hours of UTCI results for each of the 18 structures, the 
total number of data points available for model training 
and validation amounts to 157,680.   

 
Figure 4: 18 variants of parametrically-defined 

structure for surrogate model’s training set 
 
The training data is randomly split into train and 
validation sets, with 80% training data and 20% validation 
data. The model employed is a Random Forest Regressor 
trained in Scikit-learn a Python module for machine 
learning (Pedregosa et al. 2011). A Random Forest Model 
is a supervised machine learning algorithm that builds 
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many uncorrelated models, called decision trees, and 
aggregates their results to form robust predictions. The 
number of trees in the model is defined as the number of 
estimators. The maximum number of levels in each tree 
is defined as the tree depth.  Multiple random forest 
models are trained with different tree depths to determine 
the depth that would produce the most accurate model. 
The number of estimators hyperparameter is kept constant 
at 100. The criterion used to compare the models and 
choose the best model is the mean squared error for the 
validation set.  
The final surrogate model is saved locally using 
Python’s Pickle module. GH Python Remote is used to 
integrate the trained and saved surrogate model into an 
optimization workflow in Grasshopper3D (Digital 
Structures 2021). 
Optimization 
The final part of the workflow iterates through variations 
of the shading structure to produce a final structure that 
maximizes annual thermal comfort performance in a city 
of interest. Goat (Simon 2016), a gradient-based 
optimization add-on component to Grasshopper3D, is 
used to iterate through different structures, consider their 
annual thermal comfort performance, and produce the 
best performing structure. The optimization algorithm 
employed within GOAT is the CRS2 global evolutionary 
algorithm. The four structural parameters, 
𝜃𝜃,𝑤𝑤,𝑤𝑤𝑙𝑙 , 𝑎𝑎𝑎𝑎𝑎𝑎 𝑤𝑤𝑟𝑟 , which parametrically defined the 
shading structure, are provided to Goat for fine-tuning. 
Each structure that Goat produced is passed into the 
surrogate model alongside a year of hourly weather 
attributes from the city-of-interest’s EPW weather file. 
The surrogate model then predicts the UTCI under the 
structure for every hour in a year.  
In order to perform the optimization, it is necessary to 
define an objective function that can provide a single 
value representing the discomfort across the entire year, 
which would then be minimized by the chosen 
optimization function. For this study, the objective is 
defined as a weighted sum of the hourly discomfort scores 
over the whole year. The hourly discomfort score is 
derived from the hourly UTCI, with an hourly discomfort 
score of 0 assigned to hourly UTCI values within the ‘no 
thermal stress’ band (9°C to 26°C). The score increases 
by 1 for each subsequent comfort band in both the ‘cold 
stress’ and ‘heat stress’ directions, and varies linearly 
within the band (Figure 5). This provides a smooth 
gradient for the objective function, allowing the 
optimization algorithm to make progress even for small 
changes in hourly UTCI that are insufficient to improve 
the comfort band. The weights used for the objective in 
this study are: 1 for hours between 7am and 9pm, and 0 
otherwise, to prioritize hours in which pedestrians are 
likely to use the shading structures. The weights should 
be selected differently according to the purpose of the 
shading structure. 

 
Figure 5: computation of hourly discomfort score used 

optimization objective function 
The optimization in Goat was run on an Intel i9-9880H @ 
2.3GHz with 16GB RAM for 5 minutes. The surrogate 
model and post-processing took less than 1 second to 
evaluate the thermal comfort performance for each 
structural iteration. More than 500 structures are explored. 
Each full annual UTCI simulation, involving solar 
radiation and wind simulations, took 20-30minutes. 
Without a surrogate model, the total running time for 
exploring the same 500 structures would have taken at 
least a week.   
Case Studies 
The parametric shading system is studied for two cities - 
Boston and Singapore. Boston represented a cold climate 
and Singapore represented a hot climate. For each city, 
UTCI simulations are run to create the city’s training 
dataset. A surrogate model is trained for each city and is 
used to predict annual hourly UTCI values for four 
shading scenarios: no-shading structure, a default top-roof 
structure (Figure 6), the best performing structure, and the 
worst performing structure. The default top-roof structure 
is considered as it is deemed to be a default shelter that 
cities often use as precipitation shelters. The best and 
worst performing structures are outputs of the 
optimization workflow.  
The ‘no-shading structure’ is then used as a baseline 
scenario, and the remaining three scenarios are compared 
against it. For each of the three structures, the percent 
improved comfort is computed. The percent improved 
comfort is defined as the percentage of daytime hours 
(from 7am to 9pm) that experienced an improvement in 
UTCI comfort band when compared to the no-shade 
baseline scenario.   

 
Figure 6: default top-roof parametric structure 
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Results  
Results of the proposed workflow for Boston and 
Singapore include the simulated UTCI results, the 
efficacy of the surrogate models, and predictions of the 
surrogate model.  
Simulated UTCI 
UTCI simulations for 18 variants of the parametric 
structure (Figure 4) are run for both cities and later used 
as training data for the surrogate model. The UTCI results 
for two structural variants, one with no structure and one 
with a default top-roof structure, are compared to assess 
the impact of a typical structure on thermal comfort 
(Figure 7 and Figure 8).  
Singapore’s simulated UTCI results shows that without a 
shading structure, 39% of daytime hours (7am to 9pm) 
fall within the moderate heat stress range of 28°C to 32°C, 
and 49% of hours are in the strong and very strong heat 
stress ranges of 32°C to 38°C and 38°C to 46°C 
respectively. Only 12% of the daytime hours fall within 
the no thermal stress or slight thermal stress ranges. When 
a default top-roof structure is introduced, the proportion 
of daytime hours in the strong and very strong heat stress 
ranges falls by 14%. In hours, this reduction corresponds 
to 715 hours per year. Additionally, the proportion of 
hours with no or slight heat stress increases by 4%. These 
improvements in thermal comfort are predominantly 
attributed to the effects of the flat-roof structure on 
exposure to solar radiation. 

 
Figure 7: Annual heatmaps of simulated UTCI in 

Singapore for scenarios without structure (top) and with 
default top-roof structure (bottom) 

Boston’s simulated UTCI results shows that when the top-
roof structure is introduced, the cold stress in the winter 
months worsened. The proportion of daytime hours that 
fall into the moderate cold stress to extreme cold stress 
comfort bands (a total range of 0°C to -40°C) increases by 
4% - from 43% without the structure to 47% with the 
structure. 

 
Figure 8: Annual heatmaps of simulated UTCI in Boston 

for scenarios without structure (top) and with default 
top-roof structure (bottom)  

The UTCI results for the 18 structural variants similarly 
vary in accordance with their effect on wind patterns and 
exposure to solar radiation.   
Surrogate Modeling 
The random forest surrogate model is tuned, trained and 
validated for each city. The train and test mean squared 
error (MSE) for random forest regressors of tree depths 
2, 5, 10, 15, 20, and 25 are compared to determine the 
tree depth that would produce minimal MSEs while not 
overly compromising on test-set error rates (Figure 9). In 
both cities’ cases, MSEs decreases with tree depth and 
the test MSE does not deviate significantly from the train 
MSE. A tree depth of 17 is chosen for the final model for 
both cities as a compromise between overall MSEs, 
deviation of test MSE from train MSE, and 
computational time. 

 
Figure 9: Random Forest Models trained on Boston’s 

UTCI results for varying tree depths 
The hourly UTCI predictions of the surrogate models for 
both cities are compared against the actual simulation 
results to further assess accuracy of the models’ 
predictions. A shading structure that has been 
completely unseen by the trained surrogate model is 
generated (Figure 2) and the hourly UTCIs are simulated 
for each city. The structure is then passed through the 
surrogate models to predict hourly UTCI and the 
deviation from the actual simulated hourly UTCIs are 
calculated. The root mean squared error between the 
predicted hourly UTCI values and actual simulated 
values is 1.7°C for Boston and 0.4°C for Singapore. The 
distributions of the deviations are presented in Figure 10.  
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Figure 10: Distributions of Deviations of surrogate 

model’s hourly UTCI from simulated hourly UTCI for 
Boston and Singapore 

In addition to comparing hourly UTCI values, the 
percent improved comfort from the surrogate models and 
the actual simulations are compared. For both Boston 
and Singapore, the differences in the percent improved 
comfort are low and acceptable – 1% difference for 
Boston, and 4% difference for Singapore. 
Optimization  
Table 2 and 3 present the scenario structures and percent 
improved comfort for Boston and Singapore, respectively. 
In Boston, the default top-roof structure performs worse 
than the no-shade baseline with a 12% less comfort hours. 
The optimized and best structure for thermal comfort 
performance is a west-leaning mostly opaque structure 
with a glass panel on the east side, exhibiting a highly 
significant increase of comfortable time with percent 
improved comfort of 33% (1686 hours). The worst 
performing structure for Boston is a glass roof of similar 
performance as the default top-roof structure. 

Table 2: Results of three shading scenarios for Boston 
Scenario Structure percent 

improved 
comfort 

Default 
top-roof 

𝜃𝜃 = 0  𝑤𝑤 = 0.33  𝑤𝑤𝑙𝑙 = 0, 𝑤𝑤𝑟𝑟 =  0  

-12 

Best 
thermal 
comfort 

𝜃𝜃 = −60  𝑤𝑤 = 0.611  𝑤𝑤𝑙𝑙 = 0.5  𝑤𝑤𝑟𝑟 = 0.389  

33 

Worst 
thermal 
comfort 

𝜃𝜃 = 0  𝑤𝑤 = 0.056  𝑤𝑤𝑙𝑙 = 0.5  𝑤𝑤𝑟𝑟 = 0.5  

-12 

  

Table 3:Results of three shading scenarios for Singapore 
Scenario Structure percent 

improved 
comfort 

Default 
top-roof 

𝜃𝜃 = 0  𝑤𝑤 = 0.33  𝑤𝑤𝑙𝑙 = 0, 𝑤𝑤𝑟𝑟 =  0  

15 

Best 
thermal 
comfort 

𝜃𝜃 = 0  𝑤𝑤 = 0.833  𝑤𝑤𝑙𝑙 = 0.5  𝑤𝑤𝑟𝑟 = 0.5 

16 

Worst 
thermal 
comfort 

𝜃𝜃 = 80  𝑤𝑤 = 0.056  𝑤𝑤𝑙𝑙 = 0.611  𝑤𝑤𝑟𝑟 = 0.5 

-20 

In Singapore, the default top-roof structure proves to be 
beneficial for thermal comfort with percent improved 
comfort of 15%. The optimized and best structure 
performs only slightly better 16%. The structure is mostly 
closed-off on both east and west sides and is mostly 
opaque. The worst structure degrades thermal comfort 
and is mostly glass on the east side of the path. 
The boundaries of the design space are explored for both 
cities using a grid-search sample generator in the DSE for 
Grasshopper3D toolbox. The surrogate model is used to 
predict UTCI for each sample and the percent improved 
comfort is computed. The distribution of % improved 
hours across all 500 samples for each city are significantly 
different (Figure 11). In Boston, most of the samples show 
significant improvements in thermal comfort vis-à-vis the 
no-shade baseline, with percent improved comfort 
generally ranging from 25% to 35%. There are several 
outliers, which include the default top-roof structure 
discussed earlier. In Singapore, the percent improved 
comfort spanned across a wide range from -20% to 16%.  

 
Figure 11: Distribution of percent improved comfort in 
Boston and Singapore for 500 grid-sampled structures 

Discussion  
The benefits gained from implementing the surrogate 
model comes with minimal trade-offs in prediction 
accuracy. Figure 10 shows that most deviations of hourly 
UTCI predictions from the actual simulation results range 
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between -3°C to 3°C for Boston and -0.5°C and 0.6°C for 
Singapore. When percent improved comfort values are 
compared, the model’s predicted value deviates from the 
simulated value by 1% in Boston and 4% in Singapore. If 
these error margins are applied to the best performing 
structures in both cities (Table 2 and 3), the percent 
improved comfort would remain positive, i.e. the structure 
would still make a positive impact on thermal comfort 
conditions.  
The improvements in thermal comfort provided by the 
optimized structures (from Table 2 and 3) can be 
explained by analyzing the hourly UTCI patterns. For the 
Boston case study, the extension of the shaded portions 
towards the west of the structure can be attributed to its 
ability to shield users from wind chills blowing from the 
west in the cold Boston winter. Figure 12 shows a 
heatmap of change in UTCI due to the optimized structure 
against the no-shade baseline scenario, for each month. 
The periods with improved thermal comfort (shown in 
green) are predominantly during colder seasons in 
Boston, which shows that the structure is most effective 
in the cold seasons. However, the wind-shielding 
provided by the shading structure also increases heat 
stress during the hot summer (shown in orange). When 
annual thermal comfort is considered, the shading 
structure provides a net improvement in thermal comfort.  

 
Figure 12: Change in hourly UTCI due to optimized 
structure for Boston (vs no-shade baseline scenario) 

For Singapore, which experiences heat stress year-round, 
the default top-roof structure is already widely used along 
pedestrian walkways to shelter against rain and radiation 
from the sun. Unsurprisingly, Table 3 shows that the 
default top roof structure provides a percent improved 
comfort of 15%. However, the difference in percent 
improved comfort between the default top roof structure 
and the optimized structure is slight despite having 
distinctively different forms. This could be attributed to 
the interplay between decreased exposure to solar 
radiation which reduces heat stress, and increased wind-
shielding which increases heat stress. By studying 
distribution of change in hourly UTCI for the optimized 
structure and the default top-roof structure, and grouping 
them by hour of the day (Figure 13), we observe that the 
optimized shade improves thermal comfort during the 
daylit hours by reducing exposure to solar radiation. 
However, once the sun begins to set at approximately 
6pm, the dominant effect of the structure is wind shielding 
which increases heat stress. The net result of this interplay 
is a slight improvement for the optimized shade over the 
top-roof shade. 

 
Figure 13: Change in hourly UTCI due to optimized 
structure for Singapore (vs default top-roof scenario) 

The narrower range of percent improved comfort in the 
design space for Boston compared to Singapore, as 
observed from Figure 11, indicates that the influence of 
the structure’s form on thermal comfort is not large in 
Boston and the search for the optimal thermally 
comfortable structure in Boston is less important than in 
Singapore. However, designers in Boston should still 
approach the design of such urban interventions with care 
as the default top-roof structure that one may assume to 
improve comfort conditions by blocking precipitation 
actually significantly degrades thermal comfort.  
In Singapore, the wide range of percent improved comfort 
suggests that form indeed significantly influences thermal 
comfort and hence optimizing for thermal comfort could 
be worth a designer’s time, including additional studies 
such as taking neighboring buildings into account. The 
median percent improved comfort in the design space is 
0%, which shows that half of the design space degrades 
thermal comfort. If a designer was careless in choosing a 
shade configuration, there is a high possibility of 
worsening comfort conditions instead of improving them.   
In our Singapore case study, the default top-roof structure 
performs almost equally as well as the optimized 
structure, demonstrating the diverse benefits to users that 
a default top-roof structure presents. In potentially similar 
contexts, where the walkway for the shading structure is 
North-South facing, and where there are few or no 
contextual shading devices from surrounding buildings, 
implementing the default top-roof structure would likely 
be sufficient. However, further studies should be 
conducted with structures facing different directions and 
with different shading contexts to better understand the 
potential benefits of an optimized structure against a top-
roof structure. 
Conclusion 
The use of a surrogate model to predict thermal comfort 
reduced computational time for each structural iteration 
and made the two case studies feasible. Generating the 
training set, training the surrogate model and running the 
optimization algorithms took 6 hours of raw 
computational time. Without the surrogate modeling, with 
each simulation taking approximately 20-30 minutes, the 
500 design iterations explored by the optimizer would 
have taken at least a week of computational time.  
The accuracies of the surrogate models in predicting 
UTCI are encouraging in this study as they demonstrate 
that machine learning models could be used as a substitute 
for computationally intensive UTCI simulations. Further 
studies should be conducted to further understand the 
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effectiveness of surrogate modeling in predicting thermal 
comfort in a diverse range of contexts and environments.  
While this study optimizes shadings systems for thermal 
comfort, the use of a surrogate model to predict thermal 
comfort for design variations of the intervention could be 
extended to other forms of urban interventions. Potential 
applications include optimal placement of trees in outdoor 
spaces and scheduling for active heating and cooling 
devices such as heated pavements or mist fans. With such 
a wide range of applications, this workflow lowers the 
barriers to intentional and early-stage incorporation of 
thermal comfort in urban planning.  
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