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HIGHLIGHTS

e A coordinated design optimization method is proposed for a building and its microclimate.

e Mutual impacts between building design and local microclimate are considered.

e Pareto optimal solutions balance building energy efficiency and pedestrian thermal comfort.

e Energy consumption reduced by up to 63.34 %; thermal discomfort decreased by 1.88 K.

© 99.98 % reduction in computation time for surrogate-assisted design optimization over conventional simulation methods.

ARTICLE INFO ABSTRACT

Keywords: Building energy performance and pedestrian thermal comfort are strongly related and crucial in urban devel-
B‘fﬂdmg design opment. However, the mutual impacts of building design and local microclimate are often not quantitatively
Microclimate considered in design optimization due to their complex quantification. This study proposes a coordinated design

Design optimization
Multi-objective optimization
Energy performance

optimization method that enables simultaneous optimization of both a building and its microclimate within a
practically affordable time frame through an effective quantification method. SVR-based local air temperature
and LightGBM-based local wind velocity surrogate models, along with automated building simulations, are in-
tegrated with the optimizer to enhance efficiency and generalizability. A total of eleven essential building design
variables are optimized to minimize both total building energy consumption and pedestrian thermal discomfort.
Global optimal solutions (i.e., Pareto front) identified by NSGA-II are evaluated using the entropy-TOPSIS
method to determine the best solution. The proposed method is validated through a case study of a mixed-use
building in Hong Kong. Results indicate that using the surrogate-assisted coordinated optimal design method
can reduce the total building energy consumption by up to 63.34 % and pedestrian thermal discomfort degree by
up to 1.88 K in subtropical regions. Additionally, computation time for design optimization is reduced by 99.98
% (i.e., from 42,684.44 to 8.89 h) compared to conventional simulation methods. This study fills a critical gap in
the simultaneous design optimization to enhance building energy performance while balancing local microcli-
mate impacts efficiently.

greatly influenced by their design, operation and the local microclimate

. surrounding them [3-7]. Conversely, buildings are also a primary factor

1. Introduction influencing the local microclimate, particularly in high-density cities
[8-12]. For instance, in Rome, a local air temperature rise of 2.8 °C

Buildings are responsible for 30 % of the total global energy con- could result in an increase of up to 74 % in building cooling load [12],
sumption and a third of carbon emissions in the worldwide, and they while in Reading, UK, different building designs could cause the local air

have huge potential to achieve carbon neutrality goals and combat temperature rise of 0.27 to 0.73 K [13]. Therefore, it is essential to
global climate change [1,2]. The energy consumption of buildings is
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Nomenclature

ACO Ant Colony Optimization

CFD Computational Fluid Dynamics

d Width of building (m)

Dgiscom  Pedestrian thermal discomfort degree (°C)
Eior Total building energy consumption (kWh,/m?)
Eig Lighting electricity consumption (kWh/m?)
Egp Electricity consumption (kWh/m?)

Ecp Cooling consumption (kWh/m?)

GA Genetic Algorithm

GIS Geographic Information System

HypE Hypervolume Estimation

LightGBM Light Gradient Boosting Machine

MAE Mean absolute error

NSGA-II Non-dominated Sorting Genetic Algorithms
PET Physiologically Equivalent Temperature (°C)

PET, Neutral physiological equivalent temperature (°C)

PETg4.  Average PET (°C)

PETmqe PET of male (°C)

PETfemqe PET of female (°C)

PSO Particle Swarm Optimization

Qa Cooling demand of building (kWh/m?)

RANS Reynolds-Averaged Navier-Stokes

RSM Response Surface Method

SA Simulated Annealing

SCOP;  Overall coefficient of performance of air-conditioning
system

SHGC Solar Heat Gain Coefficient

SVR Support vector regression

3D Three-dimensional

TOPSIS Technique for order preference by similarity to ideal
solution

UTCI Universal Thermal Climate Index

account for the mutual impacts between buildings and local microcli-
mate in design optimization of buildings to enhance both building en-
ergy performance and outdoor thermal comfort.

In previous studies, the design optimization of buildings mainly
focused on the design of building envelope and/or energy systems
[14-30]. The design variables of building envelope usually concern the
building layout and shape (e.g., orientation, footprint, aspect ratio,
number of storeys, and window-to-wall ratio), thermal characteristics of
building envelope (e.g., U-value, thermal absorptance, and solar
absorptance), construction quality (e.g., air-tightness of facade, and
linear coefficient of thermal bridges), and energy efficient strategy such
as shading strategies (e.g., overhang projection ratio, overhang depth
and overhang installation angle). The design variables of energy systems
mainly include the number and capacity of system components (e.g.,
chiller plant, power generator, and energy storage). The design variables
are generally optimized under typical meteorological weather condition
to minimize building energy demand, life cycle cost or environmental
impact e.g., carbon emissions and pollutant emissions), while maxi-
mizing the renewable power generation, indoor thermal comfort or vi-
sual comfort. Optimization methods such as genetic algorithm (GA), ant
colony optimization algorithm (ACO), particle swarm optimization al-
gorithm (PSO), response surface method (RSM), firefly algorithm,
Manta-Ray foraging optimization algorithm and hypervolume estima-
tion algorithm (HypE) are widely adopted. For instance, Li et al. made
the coordinated optimal design of building envelope and energy systems
using GA, which can efficiently save 4 % of total cost comparing with the
uncoordinated design and reduce the accumulated unmet cooling loads
by over 22 % [14]. Bui et al. used a modified firefly algorithm to opti-
mize the design of an adaptive facade system in building, resulting in a
reduction of 14.2-29.0 % in building energy consumption compared to
static facades [29]. However, the mutual impacts between building
design and local microclimate are not taken into consideration in the
process of building design optimization [14-30].

With growing interest in urban microclimate in recent years, a few
studies have attempted to address the environmental performance
optimization through building design to enhance the wind flow and
outdoor thermal comfort [31-40]. However, these studies normally
focus on the optimal design of urban or district areas only
[31,33,35-38,40]. Two studies investigated the impacts of buildings
with a lift-up design [34,39]. Another study focused on the impacts of an
individual building [32]. The variables to be optimized usually concern
both the district morphology (e.g., building coverage ratio, plan area
density, and building geometry configuration) and the building
morphology (e.g., building width, depth, height, and orientation). In-
dexes such as the wind velocity ratio, the wind velocity Gini index, the

Universal Thermal Climate Index (UTCI), and the Physiologically
Equivalent Temperature (PET) are adopted to evaluate the wind flow
and thermal comfort. The optimization methods include GA, Simulated
Annealing (SA), the sequential quadratic programming method, and
PSO. As the quantification of the impacts on the microclimate using
high-resolution CFD simulations usually requires high computing cost,
surrogate models based on machine learning algorithms are adopted to
facilitate the design optimization, improving the computational effi-
ciency, which is summarized in Table 1 [31-35,37-40]. Huang et al.
combined a GAN-based surrogate model with the NSGA-II algorithm to
achieve real-time optimization of urban morphology to increase urban
block ventilation and reduce thermal discomfort, which has a time
advantage over simulation when the number of optimized samples ex-
ceeds 174 [33]. Weerasuriya et al. utilized an ANN-based surrogate
model to assist the lift-up design optimization of the main structure and
center core to achieve the pedestrian wind comfort and thermal comfort
of the areas surrounding the lift-up building [34]. Wu et al. focused on
the design optimization of individual building morphology in the district
to improve the pedestrian wind comfort, where the four building
morphology variables (i.e. building width; depth; height and orienta-
tion) are optimized by the NSGA-II algorithm, assisted with Gaussian
process regression surrogate model [32].

Based on the above review, the following gaps can be summarized
regarding building design optimization for enhanced building energy
performance and outdoor thermal environment.

o The mutual impacts between building design and local microclimate (i.e.,
the impact of building design on the local microclimate and the impact of
local microclimate on building performance) are usually ignored in
building design optimization due to the complexity of their quantification,
leading to significant bias of performance estimation, particularly for
cases in high-density cities [41]. In fact, current building design opti-
mization is, indeed, of energy performance-driven [14-30]. But the
building energy performance is usually evaluated under the typical
meteorological weather condition of a city without considering the
local microclimate.

Only very few studies have focused on the impacts of individual building
design on local microclimate optimization [32]. However, some major
influential building parameters, such as building envelope thermal char-
acteristics, are not considered in the microclimate optimization. Current
studies mainly focus on the urban/district design optimization
[31,33,35-38,40]. Indeed, the optimization of individual buildings is
significant for the microclimate in high-density urban districts, and
the development or renewal of buildings in existing districts is a
common practice there.
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Table 1

Representative studies on design optimization of local microclimate based on data-driven methods.
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Reference Variables Optimization objectives Performance indicators Optimization Optimization Application of
methods scale surrogate model
[31] Building width; building Maximize economic benefits; Wind velocity ratio; wind NSGA-II District Gradient
depth; floors number of high- maximize outdoor wind velocity Gini index; gross profit boosted regression
rise building, mid-rise comfort trees regression
building and low-rise building
[32] Building width; building Maximize summer and winter Positions meeting wind comfort NSGA-II Target Gaussian process
depth; building height; outdoor wind comfort level building regression
building orientation
[33] Building coverage ratio; floor Maximize urban block Pedestrian level wind; radiation; NSGA-II District Generative
area ratio; average building ventilation; minimize heat UTCI adversarial network
height; standard deviation of and discomfort (GAN)
building height; building
shape factor; frontal area ratio
[34] Height and width of main Maximize pedestrian wind Percentage area of wind comfort; NSGA-II Lift-up area of Artificial neural
structure; height, width, depth ~ comfort and thermal comfort percentage area of thermal building network (ANN)
of central core; orientation of comfort
building
[35] Aspect ratio; ratio of long side Minimize wind forces; Building height; along-wind GA,; SA; sequential District Convolutional
to short side; horizontal minimize local strong winds force coefficient; wind velocity quadratic neural network
rotation angle of building; around buildings; maximize programming
corner cutting dimensions at heights of buildings in method
corners of building development area
[36] Angle of central street Maximize outdoor wind Minimize squared difference GA City -
segment, bridge location, comfort and thermal comfort from target temperature,
building volumes. maximize comfortable area and
minimize dangerous areas,
maximize visitor potential,
minimize average travel time
[37] Buildings heights Improve pedestrian-level Aerodynamic index of urban GA; PSO District -
configuration; plan area wind conditions; minimize area
densities low-wind-speed regions;
maximize outdoor urban
ventilation; maximize
outdoor wind comfort
[38] Building densities; building Maximize outdoor wind Sunshine hours; wind speed; GA District Multiple regression
plot ratios; building height; comfort and thermal comfort solar radiation heat gain
number of buildings in the
plot; number of buildings in
the columns; building spacing
[39] Face-to-face gaps between Maximize pedestrian level Area weighted mean wind NSGA-II Lift-up area of Linear (first-order)
buildings; height of upper wind comfort and thermal velocity ratio; area weighted PET building and quadratic
building; height of lift-up core, comfort (second-order)
width of lift-up core regression
[40] Buildings' layout in the block Maximize indoor visual Daylight factor; sky view ratio; NSGA-II District ANN

comfort and outdoor thermal
comfort

window sunlight hours; site
sunlight hours; UTCI

o In the limited studies on local microclimate optimization, the impact on
local air temperature is always ignored due to the complexity and high
computational cost [32], which is also a primary factor affecting building
performance and outdoor thermal comfort. Only the wind environment
is usually considered in local microclimate optimization.

In this study, a coordinated design optimization method is proposed,
allowing the design optimization of a building and its microclimate to be
achieved within a practically affordable time by adopting an effective
quantification method. The multi-objective optimization aims to mini-
mize both total building energy consumption and pedestrian thermal
discomfort. Local microclimate surrogate models (i.e., SVR-based local
air temperature model and LightGBM-based local wind velocity model)
and automated building simulation are integrated with the optimizer to
enhance the optimization efficiency and generalizability. Eleven essen-
tial building design variables can therefore be optimized with affordable
computation efforts. The Pareto optimal solutions identified by NSGA-II
are further evaluated using the entropy-TOPSIS method to determine the
best solution. The proposed method is tested and validated by imple-
menting it in a mixed-use development case in subtropical regions. This
study efficiently addresses the need for simultaneous design optimiza-
tion for enhancing building energy performance and mitigating adverse
impacts on the local microclimate during the building envelope design

stage.

Overall, the structure of the paper is organized as follows. Chapter 1
introduces the background and current state of research on building and
microclimate optimization. Chapter 2 serves as the core of the paper,
elaborating on the generic methodologies of coordinated design opti-
mization, including the optimization procedure, problem formulation,
objectives, building design variables to be optimized, and the necessity
of coordinated design optimization, followed by the method for solution
evaluation. Chapter 3 presents the validation case and the relevant
constraints of the optimization design. Chapter 4 introduces the devel-
opment of automated building performance simulation models and local
microclimate surrogate models, which are computational tools to
facilitate optimization. Chapter 5 presents the results and analysis of
optimization case study. Chapter 6 draws up the conclusions and future
works.

2. Methodologies of coordinated design optimization of building
and its local microclimate

Several building design variables, such as building aspect ratio and
building orientation, considered in this study, have opposite effects on
the two performance objectives, i.e., building energy performance and
local environmental performance, as elaborated in Section 2.5.
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Therefore, the proposed coordinated design optimization considering
the mutual impacts of a building and its microclimate is essential. The
mutual impacts refer to the interactions between a building and its local
microclimate. Building design affects the local microclimate (i.e. local
air temperature and local wind velocity) surrounding the building;
meanwhile, the microclimate affects the building energy performance.
The impacts of building design on local microclimate are taken into
consideration when evaluating the environmental performance optimi-
zation objective. Additionally, the impacts of local microclimate on
building energy performance are taken into consideration in evaluating
the energy performance optimization objective.

2.1. Overall procedure and major steps

The multi-objective optimization is adopted for the coordinated
optimal design of a building and its local microclimate to effectively
identify the global optimal design solutions, considering their mutual
impacts. The detailed procedure of the coordinated design optimization
is illustrated in Fig. 1.

The coordinated design optimization involves energy performance-
driven design and environmental performance-driven design. The
building design variables affecting building energy performance and
local microclimate are optimized. The ranges of the variables are preset
for the optimizer to generate building design options. Multi-objective
optimization is conducted using the non-dominated evolutionary algo-
rithm NSGA-II [42], which minimizes the optimization objectives of
both energy performance-driven design and environmental
performance-driven design, subject to the satisfaction of the design
constraints.

The optimization objective of energy performance-driven design is
calculated using automated building performance simulation in the
software Energyplus, which is integrated with the optimizer through the
Eppy toolkit in Python to ensure the generalizability, fidelity, and
automation. The optimization objective of environmental performance-
driven design is calculated using the local microclimate surrogate
models with high accuracy and high efficiency, including an SVR-based
surrogate model of local air temperature and a LightGBM-based
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surrogate model of local wind velocity. These surrogate models are
developed based on the typical scenario of a high-density urban district
which can ensure the model generalizability. The results of numerous
3D high-resolution microclimate simulations based on CFD simulation
and advanced GIS spatial analysis techniques are used for the surrogate
model development. The prediction results of local microclimate under
different building design options are provided not only for the calcula-
tion of environmental performance-driven design objective concerning
the pedestrian thermal comfort, but also for the automated building
energy performance simulation, in order to consider the mutual impacts
between building design and local microclimate.

Based on the energy and environmental performance evaluation of
the building design options, the optimizer identifies the Pareto front
including a few global optimal solutions of simultaneous building and
local microclimate optimization. Finally, the Pareto optimal solutions
are evaluated and the best design solution is recommended using the
entropy-TOPSIS method.

In this study, two major efforts have been made to enhance the ef-
ficiency, generalizability, and automation of the optimization model.
Firstly, the automated building performance simulation, using the
software EnergyPlus, is integrated with the optimization technique
through the Eppy toolkit in Python. Once design optimization is
required in a new design scenario, the building performance simulation
will proceed automatically with only the need to modify the ranges of
building design variables and settings of parameters in Python. Sec-
ondly, the surrogate models of local microclimate are also integrated
with the optimization solver, which predicts the local microclimate
instantaneously given the ranges of design variables for a new design
scenario.

2.2. Formulations of the optimization problem

The coordinated design optimization problem of a building and its
local microclimate is formulated as Eq. (1). Where, F is the design
optimization objective. Fe,, is evaluates energy performance, as illus-
trated in Section 2.3.1. Fp, evaluates environmental performance, as
illustrated in Section 2.3.2. X refers to the eleven building design
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Fig. 1. Outline of the coordinated design optimization of building and its local microclimate.
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variables, which will be illustrate in Section 2.4. Xy, is the lower bound
of the search range for the design variables. Xy is the upper bound, as
shown in Table 2. The building design variables are optimized within
their search ranges, subject to the design constraint C as shown in Eq.
(2), which will be illustrated in Section 3.

Minimize : F = (Fune, Fony) €h)
subject to : Xpin < X < Xpnax

C(X)<0 2

2.3. Optimization objectives

In this study, two design objectives are adopted in the coordinated
design optimization. One evaluates the energy performance of the
building, and the other evaluates the local environmental performance
surrounding the building.

2.3.1. Optimization objective evaluating energy performance

The energy performance objective (Fepe) is formulated as shown in
Egs. (3) [43], which evaluates the building energy consumption affected
by the local microclimate. The total building energy consumption in-
cludes the total electricity consumption for cooling, lighting and other
equipment on a typical design day. The total building energy con-
sumption on a typical design day is chosen as the optimization objective
because it significantly reduces computation time during the iterative
optimization process. This approach allows for a quick evaluation of
energy consumption across different building envelope design schemes
while achieving similar optimization results compared to the total
building energy consumption for the entire cooling season. On a typical
summer design day, the total building energy consumption reflects the
maximum daily energy use under unfavorable conditions. A lower en-
ergy consumption during this typical condition indicates effective
building envelope design.

The building design variables are optimized to minimize this objec-
tive to achieve a higher energy efficiency for the building designed. This
objective is quantified by the automated building energy performance
simulation under the most unfavorable weather condition, i.e., the
typical summer design day under clear sky conditions, which accounts
for the local microclimate effect. The typical summer design day under
clear sky conditions is utilized to assess the building energy consump-
tion under extreme climate conditions. Thus, the representative daily
building energy consumption can be analyzed [44,45].

Fene = Eiot = Ecg + Epg + Egg = Qc1/SCOP; + Ep + Egp 3

where, Eyy, is total building energy consumption (kWh/m?). Egg is the
electricity consumption for cooling (kWh/m?), calculated based on the
cooling demand (Qcg) of the building (kWh/m?) and the overall coeffi-
cient of performance of the air-conditioning system (SCOPs). In this

Table 2

Design variables to be optimized by the coordinated optimal design.
Design variable Abbreviation  Search Unit

range
Overhang tilt angle OTA [0,180] °
Window SHGC WSHGC (0,0.48]
Window to wall ratio WWR [0.1,0.4] -
Wall solar absorptance WSA [0.1,0.9] -
Skylight SHGC SSHGC [0.1,0.3]
Skylight to roof ratio SRR (0,0.9] -
Building height BH [6200] m
Building aspect ratio BAR [1,9] -
Overall heat transfer coefficient of OHTC [1.1,14.0] W/
building envelope (m2eK)

Building orientation BO [0,360) °
Emissivity of wall EW 0,1) -
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study, SCOP; is set to 4. Ep is the lighting electricity consumption (kWh/
m?). Egg is the electricity consumption (kWh/m?) of other electric
equipment.

2.3.2. Optimization objective evaluating environmental performance

The environmental performance objective (F.,,) is adopted to eval-
uate the pedestrian thermal discomfort under the local microclimate,
which is affected by the building design. It is formulated based on PET,
as shown in Egs. (4-5). PET is a widely used outdoor thermal comfort
index that assesses the impact of environmental temperature on human
thermal comfort. It is defined as the air temperature at which the human
body's heat balance is maintained, with core and skin temperatures
equal to those under the assessed conditions [50]. The building design
variables are optimized to minimize this objective to improve the out-
door thermal comfort surrounding the building. In this study, the term
“pedestrian-level” refers to the position that is 3.0 m away from the
building and at a height of 1.5 m. This objective is quantified under the
most unfavorable weather condition, i.e., during the hottest hour in the
typical summer design day under clear sky conditions with the pre-
vailing wind condition. The hottest hour is utilized to assess the
pedestrian thermal discomfort under extreme climate conditions,
ensuring that maximum discomfort is minimized and leading to
improved outdoor thermal comfort throughout the typical design day.
This approach allows for effective optimization of pedestrian thermal

discomfort while significantly reducing computational costs
[8,9,46-49].

Fenv = Ddis = ‘PETave _PETn‘ (4)
PETg. = (PETmale + PETfemale) /2 (5)

where, Dg;s is the pedestrian thermal discomfort degree (°C). A higher
absolute value indicates a higher degree of thermal discomfort. PET}, is
the neutral physiological equivalent temperature, which is set to 28 °C
in Hong Kong [50]. PETy, is the average PET of male (PETq,) and fe-
male (PETfemate). The PETmg and PETfpq. are calculated by pyther-
malcomfort.models toolkit in Python utilizing the developed local
microclimate surrogate models.

2.4. Building design variables concerned

A total of eleven building design variables affecting building energy
performance and local microclimate are considered in the coordinated
design optimization. They are the overhang tilt angle, window SHGC
(Solar Heat Gain Coefficient), window to wall ratio, wall solar absorp-
tance, skylight SHGC, skylight to roof ratio, building height, building
aspect ratio, overall heat transfer coefficient of building envelope,
building orientation and emissivity of wall. Overhang tilt angle refers to
the angle at which an overhang (a roof extension) is tilted relative to the
horizontal plane, which affects the shading performance. SHGC (solar
heat gain coefficient) is the ratio of the amount of solar radiation heat
entering through the window or transparent material to the total solar
radiation heat reaching the surface of the window or transparent ma-
terial. A higher SHGC indicates that the window allows more solar heat
to enter the building. Skylight SHGC measures the solar radiation
admitted through the skylight. Building aspect ratio is the ratio of the
building's length to its width. Overall envelope heat transfer coefficient
is the combination of heat transfer coefficient of wall and window,
which is formulated as Eq. (6).

Uoverall = Uwindow e WWR + Uwall i (1 - WWR) (6)

where, Uyyerqir is overall envelope heat transfer coefficient (W/(m?eK)).
Uwindow is overall envelope heat transfer coefficient of window (W/
(m2eK)). WWR is window to wall ratio. Uyqu is overall envelope heat
transfer coefficient of wall (W/(m2eK)).

These design variables are selected based on the results of a
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systematic and comprehensive sensitivity analysis on the key building
design parameters affecting building energy performance and local
microclimate in subtropical regions [43,51]. It has been found that
building height is negatively correlated with both building energy
consumption and pedestrian thermal discomfort, primarily due to
shading effects and ambient wind velocity [51]. Conversely, the heat
transfer coefficient is positively correlated with building energy con-
sumption and pedestrian thermal discomfort due to heat loss [51]. In
summer, low emissivity of walls may result in higher pedestrian thermal
discomfort [51]. Building aspect ratio and building orientation exert
opposite effects on these two performance objectives, which will be
elaborated in Section 2.5. The overhang tilt angle is critical for high-rise
buildings across all climate zones. Furthermore, parameters such as
window SHGC, window-to-wall ratio, wall solar absorptance, skylight
SHGC, and skylight-to-roof ratio are highly sensitive factors affecting
building energy consumption for both high-rise and low-rise buildings in
subtropical regions [43]. These variables are optimized in their search
ranges as listed in Table 2. The ranges are determined according to the
requirements of building energy efficiency [52-54] and the settings in
previous studies [3,10,43,55].

2.5. The need of coordinated design optimization

In this section, the need for coordinated design optimization of a
building and its local microclimate is elaborated. Fig. 2 shows the
relationship between the design variables and objectives of the energy
performance-driven design and the environmental performance-driven
design. The positive sign indicates a positive relationship between the
design variable on the optimization objective, while the negative sign
refers to the negative relationship. The impacts are investigated in a
previous study by the authors [43,51]. It can be seen that there are four
building variables affecting both building energy performance and local
microclimate: building height, building aspect ratio, overall heat
transfer coefficient of building envelope and building orientation.
However, some of these design variables (i.e. building aspect ratio and
building orientation) have opposite effects on the two optimization
objectives (i.e. total building energy consumption and pedestrian ther-
mal discomfort degree). The increase of building aspect ratio leads to
higher building energy consumption but lower pedestrian thermal
discomfort. Similarly, when the building orientation is increased, the

ota[]
i wsHGC[]
wsa[]
ssHGC| |
Energy performance-driven deisgn
( Etot) srR[]

+
- BAR
+ -
OHTC
+ B
Environmental performance-drievn design A M
( Ddis) BO

- EW |
Fig. 2. The relationship between design variables and objectives of the energy
performance-driven design and the environmental performance-driven design.
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pedestrian thermal discomfort decreases but the building energy con-
sumption increases. That means that a building design which has the
lowest building energy consumption may not be conducive to the local
microclimate. Therefore, it is necessary to coordinate the building and
local microclimate design to make a balance between the improvements
of building energy performance and local microclimate.

Although some design variables are key for the energy performance
objective while others are key for the environmental performance
objective, it is necessary to include all variables in the multi-objective
optimization. Firstly, the impacts of design variables on the objective
are complex and not monotonic; positive and negative relationships only
hold to a certain extent. Larger or smaller values may not be always
better. Second, the two optimization objectives mutually restrict each
other, requiring a trade-off between the them. Besides the common
variables, other variables that significantly impact on one objective also
slightly impact on the other objective, the complex and subtle in-
teractions between variables and objectives will also be considered in
the trade-off.

2.6. Entropy-TOPSIS method for solution evaluation

In this study, the entropy-TOPSIS method is utilized for the evalua-
tion of the Pareto optimal solutions obtained by the coordinated design
optimization to select the best solution maximizing the overall benefits
concerning building energy performance and pedestrian thermal com-
fort. The entropy-TOPSIS method mainly includes two stages. In the first
stage, Shannon's entropy weight method is utilized to give weight to
each design variable which is determined to be the evaluation criteria in
this study. In the second stage, the TOPSIS technique is applied to rank
the Pareto optimal solutions.

Shannon's entropy is a measure of the uncertainty in information
representing the average intrinsic information transmitted for decision-
making [56]. The smaller the information entropy, the greater the
weight. Shannon's entropy weight method includes the process of
normalization of the decision matrix, calculation of information entropy
and calculation of weight for evaluation criteria. In order to make
comparisons across the evaluation criteria, the data in the decision
matrix with various criterion dimensions are normalized to a non-
dimensional criterion. The decision matrix is normalized as P = [p;;]
mxni=12 ..,mj= 12, ..,n In this study, p;; is the value of the
building design variable in a design scheme after normalization. m is
determined as 14 which is the number of Pareto optimal solutions to be
evaluated, n is determined as 11 which is the number of evaluation
criteria. The information entropy for each evaluation criteria is formu-
lated as Eq. (7). The weight given to each evaluation criterion is
formulated as Eq. (8). The weighted matrix is formulated as Eq. (9).

E=— (lnm)’lz;Piﬂ"Pi-f @
o008 -}
Py =W oDy o

The technique for order preference by similarity to ideal solution
(TOPSIS) used for ranking is one of the well-known methods in multi-
criteria decision making. The best solution determined by TOPSIS has
the shortest distance to the positive ideal solution while having the
farthest distance to the negative ideal solution. The positive ideal solu-
tion can maximize the benefit criteria and minimize the cost criteria. On
the contrary, the negative ideal solution can maximize the cost criteria
and minimize the benefit criteria [57]. The positive ideal solution and
negative ideal solution of each evaluation criterion can be determined
using Eq. (10—11), respectively. The Euclidean Distance of each Pareto
optimal solution to the positive ideal solution and the negative ideal
solution is formulated as Eq. (12—13). The relative closeness of each
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Pareto optimal solution to the ideal solution, which is used as a score for
the comprehensive evaluation, is formulated as Eq. (14). The larger the
value is, the closer the solution is to the positive idea solution, and the
better the design performance of the solution will be.

P = maX(pﬁ),i €[1,m| 10
P = min(pl?f’j),i € [1,m] an
n 2
di = |> (py-p7) icnm 12
=
n 2
d =Y (pt—py) siem) a3
=1
Ci=d; /(di +d;),i€[1,m] (14)

3. Description of the validation case and design constraints

The proposed coordinated optimal design method for a building and
its local microclimate is validated in a typical scenario where a new
mixed-use building is developed within an existing urban area, as shown
in Fig. 3. Currently, the development or renewal of individual buildings
in an existing district is a more common practice compared with the full
development of entire districts in the high-density urban area, due to the
limited available spaces. An example of the building geometry model is
shown in Fig. 4. The building, functioning as a student dormitory, will be
located in Kowloon, Hong Kong, which is an urban area characterized by
high-density and high-rise developments in subtropical regions. The
building operates 24 h a day, on every day.

Some constraints on the building geometry are considered in the
coordinated design optimization, which is shown in Egs. (15-16). The
building volume for each building design option is fixed to provide the
expected floor area for accommodating occupants, which is determined
as 127,500 m® in this study. The width of the new building is constrained
within a range from 15 m to 125 m, considering the minimum width
requirements and the maximum available site area.

BH e BAR e d?> = 127500 (15)

15«d<«125 (16)

y

[
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Fig. 4. An example of the building geometry model for coordinated
optimal design.

where, BH is the building height (m). BAR is the building aspect ratio.
d is the width of the new building (m).

4. Development of automated building performance simulation
model and local microclimate surrogate models

4.1. Automated building performance simulation model

The building performance model is developed using the software
EnergyPlus and integrated with the optimization technique through the
Eppy toolkit in Python, allowing for real-time evaluation of building
energy performance during the iteration process. The results of energy
performance design objectives can be continuously and automatically
fed back to the optimization model. The simulation can proceed auto-
matically with only the modification of simulation model settings in
Python, resulting in high automation for convenient implementation in
new building design scenarios. The simulation process is efficient, taking
approximately four seconds for a single simulation. Given the manage-
able computational time, there is no need to develop surrogate models

Study Area

N 0 10 20 0 100 200
F—+— km

Fig. 3. Aerial view of the study area and the location of the new building.
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for specific scenarios, thereby enhancing the fidelity and generaliz-
ability of the building performance simulation.

The mutual impacts between a building and its local microclimate
are taken into consideration in the automated building performance
simulation model. The weather data, incorporating local microclimate
impacts, is used as the inputs for each building performance simulation.
It is generated by adding the changes of the local microclimate, affected
by the building design, to the original TMY (typical meteorological year)
data on the typical summer design day. The local microclimate impacts
refer to changes in local air temperature and wind velocity caused by
different building designs. These impacts are predicted by the developed
surrogate models of local air temperature and wind velocity to be
introduced in Section 4.2.

An example of the building geometry model used in simulation is
shown in Fig. 3. The logic of coordinated natural ventilation and air-
conditioning controls adopted in the simulation is shown in Fig. 5.
Natural ventilation and daylighting are utilized as much as possible in
order to minimize energy consumption [43]. The ideal air system is
utilized to simulate cooling demand, allowing for a rapid assessment of
the energy performance of various building envelope design schemes
during the optimization process. This simplified model assumes uniform
output levels for HVAC equipment across all design schemes.

4.2. Local microclimate surrogate models

The fast and efficient surrogate models of local microclimate (i.e.,
SVR-based local air temperature surrogate model and LightGBM-based
local wind velocity surrogate model) are utilized to predict the local
microclimate impacts affected by different building designs. They are
adopted in order to significantly reduce the computing time while
maintaining the same order of accuracy as CFD simulations. Two single-
output surrogate models are developed for predicting the local air
temperature and wind velocity respectively, which are the major
microclimate parameters affecting thermal comfort. These surrogate
models utilize different machine learning algorithms because various
machine learning methods are appropriate for different prediction
purposes, and they demonstrate higher accuracy than multi-output

Weather data with local
microclimate impacts
of building design,
Operating schedule

Tin:  Indoor temperature

TC:  Indoor set point temperature for cooling

1

1

1

1 NV:  Natural ventilation

I MV:  Mechanical ventilation
1

AC:  Air conditioning

| MV&AC: on |

!

Cooling consumption
considering the local
microclimate impacts

NV: on
MV&AC: off

MV: off
AC: off

Fig. 5. Logic of coordinated natural ventilation and air-conditioning controls
in simulation.
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surrogate model in the test and validation [49,58,59].

The inputs of the surrogate models are five key building design
variables affecting local microclimate, as shown in Fig. 2. To enhance
the generalizability of the surrogate model, the relative changes in the
local microclimate before and after the addition of a new building are set
as the model outputs. The output of the SVR-based local air temperature
surrogate model is the change in the local air temperature affected by
the building design. The output of the LightGBM-based local wind ve-
locity surrogate model is the change in the local wind velocity affected
by the building design. Compared with existing models directly using
the local microclimate parameters as the model outputs, the surrogate
models developed in this study can significantly reduce the dependency
on the climate conditions. Thus, they can be applied to predicting
microclimate changes affected by individual buildings under different
weather conditions. The position for evaluating the changes is at
pedestrian level (i.e., 3.0 m away from the building and at a height of
1.5 m), which is the same as the position used for assessing pedestrian
thermal discomfort in the coordinated design optimization.

The surrogate models of high computing efficiency and prediction
accuracy have been developed in a previous study by the authors [49].
They are developed using the same scenario as the validation case for the
coordinated design optimization shown in Fig. 3, which is applicable to
the development of individual buildings in an existing district within a
high-density urban area. 200 sets of high-resolution 3D microclimate
simulation data corresponding to different building designs are used as
the dataset for the model development. The high-resolution CFD simu-
lation and advanced GIS spatial analysis techniques are used to provide
microclimate data of high accuracy. 3D steady Reynolds-Averaged
Navier-Stokes (RANS) is used for the CFD simulation model. The
detailed settings of the computational domain, grid systems and
boundary conditions can refer to previous studies by the authors
[49,51]. The validation of the CFD model is conducted in order to ensure
the fidelity of the CFD simulation results. The boundary conditions and
parameter settings of the CFD model are validated by comparing the
numerical modeling results with the wind tunnel test data of Case E
wind tunnel experiment made by Architecture institute of Japan (ALJ)
[60].

The 200 cases are generated using the Latin hypercube sampling
method [61] to significantly reduce the sample size. LHS is utilized to
reduce the sample size needed for developing an accurate surrogate
model while ensuring good distribution and representativeness of the
sample points in the design space [62]. Consequently, the entire design
space can be explored efficiently with fewer samples, and the obtained
data samples are representative and informative for economically con-
structing a surrogate model [63]. The sample size of 200 is determined
by balancing the time-consuming data generation of CFD simulations
and the adequacy of model training to obtain good prediction accuracy,
which well meets the rules of optimum sample size for LHS [63-65]. The
appropriateness of the sample size has been validated by estimating the
accuracy of surrogate models utilizing 10-fold cross validation [49].

The surrogate models have been validated in terms of the prediction
accuracy, the balance of model fit and complexity, and computational
load [49]. The developed SVR-based local air temperature surrogate
model has a high prediction accuracy (i.e., MAE of 0.194 °C, MSE of
0.065 °C, normalized RMSE of 0.187 and MAD of 0.120 °C) It demon-
strates a good performance in balancing the model fit and complexity to
mitigate the risk of overfitting, with an AIC (Akaike Information Crite-
rion) of 50.055 and a BIC (Bayesian Information Criterion) of 56.029.
The LightGBM-based local wind velocity surrogate model has an MAE of
0.352 m/s, MSE of 0.192 m/s, normalized RMSE of 0.212 and MAD of
0.335 m/s. It also performs well in balancing model fit and complexity to
mitigate the risk of overfitting, with an AIC of 52.604 and a BIC of
58.578. The prediction time for both surrogate models is at the milli-
second level for each prediction. The computations are performed on a
PC with an i7-3770 CPU at 3.40 GHz and Windows 7 Enterprise 64-bit
OS using the Scikit-learn machine learning library in Python 3.2.2 (64-
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bit). The generalizability and automation of the models are enhanced by
incorporating various design scenarios into model training and inte-
grating the model with an optimization technique in Python [49].

5. Results and analysis of optimization case study
5.1. Optimal design results of building and its local microclimate

The purpose of the coordinated design optimization is to identify the
global optimal building design solutions that minimize both total
building energy consumption (E;,) and the pedestrian thermal discom-
fort (Dgs), by considering the interactions between the building and its
local microclimate. The NSGA-II algorithm is adopted in this study for
the multi-objective optimization due to its good performance and fast
convergence speed. It has the structure of an evolutionary algorithm, in
which the non-dominated sorting approach and crowded comparison
operator are utilized to rank and preserve the elitist solutions [32]. The
initial population was set at 100 designs, and 80 iterations were con-
ducted for the evolutionary search process to converge and obtain the
final Pareto solutions. The convergence criteria for the optimization
algorithm are set to 1075,

The historical samples of building design and the identified Pareto
optimal set in the coordinated design optimization are shown in Fig. 6. A
total of ten global optimal solutions are identified as the Pareto front,
each of which is not dominated by other solutions. The detailed opti-
mization results are listed in Table 3. Notably, the design solution with
the lowest energy consumption also results in the highest level of
pedestrian thermal discomfort, reflecting the trade-off between energy
performance and thermal comfort in the coordinated design optimiza-
tion. If the priority of the building design is to improve building energy
performance, the total building energy consumption on typical summer
design day can be as low as 0.060 kWh,/m? while the pedestrian thermal
discomfort degree would be 8.580 °C. The building energy consumption
under this scenario is reduced by up to 63.34 % (0.104 kWh,/m?)
compared with historical samples. Conversely, as the pedestrian thermal
comfort improves, the building energy consumption increases; thus, the
design solution with the lowest pedestrian thermal discomfort results in
the highest energy consumption. When the priority is to improve
pedestrian thermal comfort, the pedestrian thermal discomfort degree
can be as low as 7.785 °C, which is reduced by 9.3 % (i.e., 0.795 K)
compared to the scenario where the priority is given to building energy
performance, and is reduced by 19.41 % (i.e., 1.875 K) compared with
historical samples. The building energy consumption on a typical
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Fig. 6. Historical samples of building design (10th to 80th generation) and
Pareto optimal set in the coordinated design optimization.
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summer design day under this scenario is 0.066 kWh/m? which is
increased by 0.007 kWh/m? compared to the scenario where the priority
is given to building energy performance. The trade-off occurs when
certain building design variables have conflicting impacts on the two
performance objectives: total building energy consumption and pedes-
trian thermal discomfort. This aligns with the results of the previous
sensitivity analysis, which indicates that building aspect ratio and
orientation are positively correlated with energy consumption
(spearman correlation coefficient values of 0.3 and 0.1, respectively)
and negatively correlated with pedestrian thermal discomfort
(spearman correlation coefficient values of —0.1 for both) [51]. As
shown in Table 3, when the building aspect ratio increases from 1.3 (in
Scheme 1) to 1.8 (in Scheme 10), total building energy consumption
rises from 0.060 to 0.066 kWh/mZ, while thermal discomfort decreases
from 8.58 °C to 7.79 °C. A lower aspect ratio results in a more compact
building geometry, reducing heat exchange between the interior and
exterior, thereby lowering energy consumption. Conversely, a larger
aspect ratio makes the building resemble a flat plate, which can promote
ventilation around it, increasing wind velocity and lowering air tem-
perature, thus mitigating pedestrian thermal discomfort in summer.
Therefore, trade-offs are needed to balance building energy performance
and pedestrian thermal comfort by optimizing variables such as building
aspect ratio. The optimal range for building orientation is relatively
narrow, only between 8.2° and 18.0° (with a search range of 0° to 360°).
Its impact on total building energy consumption and pedestrian thermal
discomfort is weaker and more complex. Different orientations are
influenced by shading and natural ventilation in varying ways. When
variables do not exhibit a monotonic relationship with the objectives,
coordinated design optimization becomes essential to balance their ef-
fects and identify the optimal design solutions.

The search range, mean value, median value and distribution of the
Pareto front of the building design variables are shown in Fig. 7. It can be
observed that within a wide range of the variables to be optimized, the
impact of variables on energy consumption and thermal discomfort is
not monotonic. The Pareto front suggests that the optimal range for
overhang tilt angle is 125-170°, window SHGC is 0.01-0.06, window to
wall ratio is 0.2-0.3, wall solar absorptance is around 0.1, skylight SHGC
is around 0.3, skylight to roof ratio is 0.01-0.05, building height is
180-191 m, building aspect ratio is 1.3-1.8, overall heat transfer coef-
ficient of building envelope is 1.5-5.7 W/ (rnzoK), building orientation is
8-18°, and emissivity of wall is 0.6-0.7 which can minimize the building
energy consumption while mitigating the pedestrian thermal discomfort
in the test case.

The optimization results of window SHGC, window to wall ratio,
skylight SHGC and skylight to roof ratio can effectively meet the Chinese
standards for near zero energy buildings and energy efficiency of
buildings in subtropical regions [52-54]. Low-emissivity glass with a
specialized coating can effectively reflect infrared radiation while
allowing visible light to pass through, resulting in a low SHGC. Addi-
tionally, multi-layered glass structures can offer better insulation and
have the potential to achieve such a low SHGC for windows or skylights.
Within the permissible range, a larger overhang angle can more effec-
tively block sunlight and reduce solar heat gain, thus reducing the en-
ergy consumption for cooling. A smaller wall solar absorptance can
reduce the solar heat gain of the wall, consequently decreasing the
cooling load of the building. Currently, high-reflectivity coatings in
white or light colors are widely used to significantly reduce solar
absorptance, achieving an absorptance of 0.1 or lower.

As for the four design variables involved in both energy performance-
driven design and environmental driven-design, a larger building height
and more compact building geometry (i.e., BAR of 1.3-1.8) are sug-
gested in this optimization case, however, an optimal range of height (i.
e., 180 to 191 m) is proposed rather than pursuing sheer magnitude. A
high-rise building with a low aspect ratio has relatively few interface
areas for conducting heat exchange with the outdoors, thus reducing the
building energy demands [66,67]. Meanwhile, the effects of the vertical
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Table 3

Applied Energy 383 (2025) 125374

Pareto optimal solutions of the coordinated design optimization of building and local microclimate.

Scheme number

Building design variables

Optimization objectives

OTA WSHGC  WWR WSA SSHGC SRR BH BAR OHTC BO EW Eor Dais
©) (m) (W/(meK)) ©) (kWh/m?) 0
1 169.607 0.015 0.237 0.104 0.255 0.051 188.260 1.288 1.508 18.021 0.683 0.05959 8.580
2 125.856 0.015 0.257 0.107 0.256 0.052 186.339 1.298 1.510 11.664 0.682 0.06075 8.550
3 161.050 0.020 0.187 0.104 0.269 0.049 180.446 1.530 1.555 8.356 0.641 0.06123 8.500
4 146.566 0.007 0.233 0.108 0.251 0.007 187.638 1.328 1.578 10.028 0.629 0.06131 8.190
5 156.230 0.059 0.194 0.102 0.255 0.044 186.344 1.827 2.021 8.220 0.629 0.06133 8.100
6 144.303 0.014 0.188 0.127 0.256 0.053 186.343 1.848 1.597 10.466 0.629 0.06227 8.095
7 124.921 0.007 0.236 0.101 0.255 0.051 188.451 1.803 2911 10.476 0.629 0.06369 8.085
8 129.530 0.007 0.189 0.104 0.256 0.036 186.343 1.803 5.242 10.459 0.630 0.06614 8.055
9 138.218 0.059 0.180 0.105 0.258 0.050 190.995 1.511 5.635 17.064 0.629 0.06620 7.855
10 134.863 0.007 0.249 0.115 0.269 0.014 186.842 1.794 5.704 10.341 0.629 0.06624 7.785
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Fig. 7. Search range, and mean value, median value and distribution of the Pareto front of the building design variables.

meteorological pattern can lead to a lower air temperature and a higher
wind speed in the vertical direction as height increases [68,69], thereby
decreasing the cooling loads per unit area [70-73]. It is recommended to
consider a lower overall heat transfer coefficient of the building enve-
lope to alleviate both building energy consumption and pedestrian
thermal discomfort, which is consistent with the result in previous
research [51]. The previous research indicates that the overall heat

10

transfer coefficient of the building envelope is positively correlated with
local air temperature changes and negatively correlated with local wind
velocity changes. Building with a lower heat transfer coefficient can
effectively isolate the external heat, reducing the external surface tem-
perature of the building and leading to lower surrounding air temper-
ature. Additionally, the lower external surface temperature facilitates
better airflow around the building, which may enhance the ventilation
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and mitigate the pedestrian thermal discomfort. Furthermore, the
building energy consumption will be reduced by decreasing the amount
of external heat entering the indoor environment. An optimal range (i.e.,
1.5 to 5.7 W/(m?eK)) is proposed in this test case, and smaller values are
not always optimal (i.e., less than 1.5 W/(m2eK)). An extremely low
overall heat transfer coefficient of the building envelope may prevent
adequate heat dissipation between indoor and outdoor air. As shown in
Fig. 5, when the indoor temperature is below the cooling setpoint, this
low overall heat transfer coefficient hinders natural ventilation, poten-
tially leading to increased reliance on mechanical ventilation and
cooling systems rather than promoting energy-efficient cooling strate-
gies. In the test case, a windward orientation (i.e., 8-18°) helps direct
wind flow along the sides of the building, thereby reducing the sur-
rounding air temperature and enhancing both the building energy per-
formance and pedestrian thermal comfort.

5.2. Solution evaluation and recommendation based on entropy-TOPSIS
method

The entropy-TOPSIS method is utilized for the evaluation of the
Pareto optimal solutions to select the best solution maximizing the
overall benefits concerning building energy performance and pedestrian
thermal comfort. In this study, minimizing the total building energy
consumption and mitigating the pedestrian thermal discomfort degree
are of equal importance. The scores of the solutions are normalized to
the range of 0-1 for ranking. The larger the score obtained by the so-
lution, the better the overall performance of the building design, which
will result in a higher ranking for the solution.

The rankings and scores of the ten Pareto optimal solutions evaluated
by the entropy-TOPSIS method are shown in Fig. 8. The best solution
(Scheme 2) with the highest score (i.e., 0.826) is marked on the Pareto
front in Fig. 9. It can be observed that it is the building design scheme
that has the total building energy consumption of 0.061kWh/m? (the
second lowest total building energy consumption), 1835.1 kWh for the
entire building on a typical summer design day, and the pedestrian
thermal discomfort degree of 8.55 °C (the second highest pedestrian
thermal discomfort degree) on a typical summer design day. Scheme 2
has a building height of 186 m, building orientation of 12°, building
aspect ratio of 1.3, emissivity of wall of 0.7, heat transfer coefficient of
building envelope of 1.5 W/(mZeK), overhang tilt angle of 126°, window
SHGC of 0.015, window to wall ratio of 0.26, wall solar absorptance of
0.1, skylight SHGC of 0.256, skylight to roof ratio of 0.05. The solution
(Scheme 10) with the lowest score (i.e., 0.009) is also marked on the
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Pareto front in Fig. 9. It can be observed that it has the largest total
building energy consumption of 0.066kWh/m2, 1835.1 kWh for the
entire building on a typical summer design day, and the lowest pedes-
trian thermal discomfort degree of 7.785 °C on a typical summer design
day. Scheme 10 has a building height of 135 m, building orientation of
10°, building aspect ratio of 1.8, emissivity of wall of 0.629, heat
transfer coefficient of building envelope of 5.7 W/(mZeK), overhang tilt
angle of 135°, window SHGC of 0.007, window to wall ratio of 0.25, wall
solar absorptance of 0.1, skylight SHGC of 0.269, skylight to roof ratio of
0.01.

As the building height is identified as the variable that negatively
impacts both total building energy consumption and pedestrian thermal
discomfort in previous research, it is considered as a beneficial criterion
in this study. That means a larger value can benefit both building energy
performance and local microclimate, as proposed in Scheme 2. Mean-
while, as the overall heat transfer coefficient has positive impacts on
both total building energy consumption and pedestrian thermal
discomfort, it is therefore determined as the cost criterion to be mini-
mized in this study, as proposed in Scheme 2. When compared to his-
torical building design solutions, the recommended best solution
(Scheme 2) can save up to 62.9 % (0.103 kWh/rnz) of total building
energy consumption and 3109.4 kWh for the entire building on a typical
summer design day, while mitigating pedestrian thermal discomfort by
up to 11.5 % (1.11 K) to prevent unacceptable extreme weather.

5.3. Discussion on optimization complexity and computational cost

In this study, the computing time of the design optimization can be
reduced by 99.98 % (i.e., from 42,684.44 to 8.89 h) compared with that
using conventional simulation methods in the same test condition. In the
iterative process of coordinated design optimization for a building and
its local microclimate, computing time is primarily spent on numerous
simulations of building energy performance and microclimate to eval-
uate the objectives of various design options. In this study, conventional
simulation methods refer to building energy performance simulations
using EnergyPlus and CFD microclimate simulations. The computing
time required by these conventional methods serves as the baseline for
comparison. Each EnergyPlus simulation takes about 4 s, while each
CFD simulation takes approximately 5.33 h (19,204 s). In this coordi-
nated optimal design, a total of 8000 evaluations, including 100 pop-
ulations over 80 generations, are conducted to achieve convergence.
Therefore, the total computing time using conventional simulation
methods is estimated to be around 42,684.44 h. The proposed surrogate-
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Fig. 8. Rankings and scores of the Pareto optimal solutions evaluated by entropy-TOPSIS method.
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assisted coordinated design optimization method utilizes automated
building performance simulations and local microclimate surrogate
models for predicting local microclimate conditions. The computing
time for one automated building performance simulation and one local
microclimate prediction is approximately 4 s in total. The prediction
time for the local microclimate is at the millisecond level for each pre-
diction (excluding the development time costs of the surrogate models).
Thus, it takes about 8.89 h for 8000 evaluations to achieve convergence.
The device used for computation is a PC with an i7-3770 CPU at 3.40
GHz and Windows 7 Enterprise 64-bit OS. The coordinated design
optimization, automated building performance simulation model and
local microclimate surrogate model development are conducted in Py-
thon 3.2.2 (64-bit).

Even taking into account the time costs for surrogate model devel-
opment, the proposed method can still save 41,608.75 h and 97.48 % of
the total computing time for the coordinated design optimization
compared with the conventional simulation methods (i.e., from
42,684.44 to 1075.69 h). The utilization of surrogate models for local
microclimate prediction saves a large amount of time compared with the
time-consuming CFD simulation. Once the model development is com-
plete, the prediction time is at the millisecond level. To develop the
surrogate models, a total of 200 high-resolution CFD simulations are
conducted to obtain the training dataset. Each CFD simulation,
including the automatic process of mesh improvement, parameter
setting, model simulation and result processing, takes about 5.33 h using
Fluent 2019 (R3). The total time for developing the SVR-based local air
temperature surrogate model (including the time for hyperparameter
tuning and data processing) is around 1.65 min, while the time for
developing the LightGBM-based local wind velocity surrogate model is
around 5.93 min. Thus, the development of the local microclimate
surrogate models takes a total of 64,008 min (i.e., 3,840,455 s). In
addition, the coordinated design optimization requires about 8.89 h for
8000 evaluations to achieve convergence. Therefore, the total time cost
for the coordinated design optimization (including the development
time of the surrogate models) amounts to 1075.69 h.

In order to assess the computational cost in the design optimization,
alinear model (as shown in Fig. 10) is developed to make to compare the
proposed method in this study with the conventional method. In this
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Fig. 10. Comparison of computing time for traditional method and pro-
posed method.

model, x is the sampling design solutions (i.e., generations*populations)
included in the design optimization. C; is the computing time for the
conventional method. C> is the computing time including that for sur-
rogate model development. It can be observed in Fig. 10 that when the
number of samples exceeds 200, the proposed method offers a signifi-
cant advantage over the conventional method in terms of computational
efficiency. For design optimization involving numerous design variables
(i.e., 11 in this study), adequate iterations and samplings are necessary
to converge and identify the global optimum solution, and to avoid local
optimum. The proposed method provides the designers with a
comprehensive and efficient analysis of building design and local
microclimate, considering the interaction between them.
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6. Conclusions

In this study, a coordinated design optimization method is proposed,
allowing for the optimization of a building and its microclimate within a
practically affordable time frame. It enhances building energy perfor-
mance while mitigating unacceptable negative impacts on the local
microclimate. Based on the results of the optimization case study in
subtropical areas, the major conclusions can be summarized as follows.

e The coordinated design optimization of the building and its local
microclimate is necessary when certain building design variables
lead to conflicting impacts. The Pareto optimal solutions identified
by the proposed method can reach compromise building design so-
lutions that balance energy efficiency and pedestrian thermal com-
fort. These solutions help to reduce total building energy
consumption by approximately 59.5-63.6 % (0.097-0.104kWh,/m?)
while mitigating pedestrian thermal discomfort by about 11.2-19.4
% (1.08-1.88 K) on a typical summer design day in subtropical areas.
The Pareto front suggests the optimal ranges of building design
variables that can minimize building energy consumption while
mitigating pedestrian thermal discomfort in the test case in sub-
tropical areas (i.e., window to wall ratio of 0.2-0.3, wall solar
absorptance around of 0.1, skylight to roof ratio of 0.01-0.05,
building height of 180-191 m, building aspect ratio of 1.3-1.8,
overall heat transfer coefficient of building envelope of 1.5-5.7 W/
(mzoK), and building orientation of 8-18°).

The best design solution recommended by the entropy-TOPSIS
method, which features a larger building height and a smaller
overall heat transfer coefficient within the optimal range, can save
up to 62.9 % (0.103 kWh/m?) of total building energy consumption
and 3109.4 kWh for the entire building on a typical summer design
day, while mitigating pedestrian thermal discomfort by up to 11.5 %
(1.11 K) to prevent unacceptable extreme weather in subtropical
areas.

The surrogate-assisted coordinated design optimization method
proposed in this study can reduce the computation time by 99.98 %
(i.e., from 42,684.44 to 8.89 h), and reduce the total computational
cost by 97.48 % (i.e., from 42,684.44 to 1075.69 h) compared with
conventional simulation methods. When the samples exceed 200, the
proposed method has a significant advantage over the traditional
method in terms of time savings.

In this study, only the most unfavorable weather condition is used to
evaluate the performance of coordinated optimal design. This approach
assesses representative pedestrian thermal discomfort and total building
energy consumption under extreme climate conditions while signifi-
cantly reducing computing costs. Performances under other conditions
are not considered, and annual total building energy consumption is not
addressed. The optimization results are validated with a test case in
subtropical regions, and recommendations are provided for these areas.

Theoretically, the coordinated design optimization method can
address the optimization of individual buildings and their local micro-
climates across different climate zones and building types due to the
applicability of building design variables, optimization objectives,
automated building performance simulation models, and local micro-
climate surrogate models in various climate zones and building types. In
future work, it will be applied to building cases of different types in
different climate zones for validation and comparison. More constraints
(i.e., construction requirements, and economic factors) will be take in
into consideration from a practical application perspective. Optimiza-
tion objectives related to energy system performance in the HVAC sys-
tem design stage will be considered. The energy performance model will
be validated based on actual equipment and systems. The energy model
will be validated based on actual equipment and systems. More changes
in the weather conditions will be incorporated. This method will be
applied to groups of buildings or entire districts, considering the real
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interactions between buildings and other entities, such as trees and
shading systems, to enhance its application potential and value.
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