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Abstract

The outdoor environment greatly affects indoor thermal conditions, yet few investiga-
tions have been carried out to optimize the outdoor environment physical parameters
that lead to improvements in the indoor thermal environment. This paper proposes a
method to optimize the pavement albedo, greening rate, and the neighboring building
distance for an office building in Shanghai, to improve its indoor thermal conditions and
energy performance. Firstly, the Latin hypercube sampling approach was applied to obtain
68 sets of design samples. Secondly, ENVI-met 5.1 coupled with EnergyPlus 23.1.0 was
adopted to perform simulations and obtain the discomfort degree hours and building
energy consumption. Thirdly, two machine learning prediction algorithms were used to
develop discomfort degree hours and energy consumption models, and the artificial neural
network models were found to have better prediction performance with R-squares greater
than 0.99. Fourthly, the artificial neural network models were used as fitness functions
for seven optimization algorithms and Pareto front solutions were obtained during the
optimization process. The optimal solutions help to reduce building energy consumption
by up to 4.12% and indoor discomfort degree hours by up to 7.45%, as against the reference
building. This study contributes to multi-objective outdoor physical design optimiza-
tion for the indoor thermal environment, comparative analysis of prediction models, and
optimization approaches.

Keywords: outdoor environment; optimization; building energy consumption; indoor
thermal comfort

1. Introduction

The outdoor neighboring environment greatly affects indoor thermal conditions such
as indoor air temperature (IAT), air pollution, and energy performance. Typical outdoor
environment parameters include key features of surrounding buildings, greenery, road
surface, sky view, and water bodies [1].

The impact of the distance between surrounding buildings and the targeted building
(DSBTB) is often expressed as the building height to street width (H/W) ratio. It affects
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the solar radiation absorbed by the building envelope, and thus the building energy
performance. Its impact on cooling and heating energy needs might vary in different
climate conditions [2]. For example, it was found that in the oceanic climate zone of
Copenhagen, an increase in H/W ratio leads to reduced cooling demand and increased
heating demand by allowing less incident solar radiation to enter the building [3]. In the
hot desert climate of Phoenix, an increased H/W ratio leads to reduced cooling and energy
demand [4]. Increased H/W ratio leads to reduced cooling demand in all the cities in the
hot summer and cold winter (HSCW) region in China. However, heating energy needs
increased in two cities (Shanghai and Wuhan) while there was virtually no difference in
the other three cities (Changsha, Chengdu, and Chonggqing) as they received almost no
solar radiation during the heating period [5]. Some researchers found that when H/W <1,
an increased H/W ratio leads to slightly increased cooling energy needs and slightly
decreased heating energy needs, and when H/W > 1, an increased H/W ratio leads to
sharply decreased cooling and decreased heating energy needs in the predominantly humid
continental climate of Boston. Some researchers found that H/W ratio has no impact of on
heating energy needs unless it is higher than 0.52 [6]. However, those studies primarily
focus on the impact of H/W ratio on building energy performance without considering
other outdoor design physical parameters.

Greening provides shading for the building. Researchers often employed numerical
simulations such as ENVI-met to evaluate how greening affects indoor thermal conditions.
Greening was found to reduce indoor temperature by 0.6-1.5 °C, and increase the monthly
average indoor relative humidity by 0.9-3.5% [7]. Taleghani et al. [8] found that a 17%
increase in tree cover rate could lower the temperature by 1.1 °C during the hottest time
of day at a university campus in Manchester. Some researchers found that the shading
effect of greening leads to increased cooling load and decreased heating load [9]. Some
other researchers found that planting trees along different directions of the building has
different impacts on building thermal loads, e.g., cooling load is largely affected by planting
trees along the west wall while heating load is largely affected by planting trees along the
north wall. Tree species also affect the indoor thermal conditions. Deciduous trees obstruct
solar beam, reduce indoor temperatures in summer, and transmit sunlight in winter, thus
reducing both indoor cooling and heating needs [10]. Some researchers also found that an
increased greening rate reduces overall building energy consumption [11], and cooling and
energy needs [12]. However, those studies primarily focus on the greening effect without
considering other outdoor design physical parameters.

The pavement albedo also affects the indoor thermal conditions. On one hand, high
pavement albedo leads to significantly reduced road surface and outdoor air temperature
(OAT), which leads to reduced cooling energy demand and increased heating energy de-
mand [13-15]. On the other hand, certain amount of road surface-reflected solar radiation
will be absorbed by the exterior wall of the building, which will cause the indoor tem-
perature to increase [16]. Many studies have confirmed that high-albedo pavement can
reduce cooling energy needs in summer [14,15,17,18]. For example, results from TRNSYS
simulation demonstrated peak cooling demand reduction of 7.8-10.2% by replacing black
asphalt with gray asphalt [14]; high-albedo concrete leads to 0.2-2.5% cooling energy reduc-
tion in Cairo [15]; an increase in albedo from 0.1 to 0.6 leads to the maximum temperature
reduction of 0.4-1.4 °C. However, some other researchers have come to the opposite conclu-
sion [4,19,20]. They found that the higher the albedo of the pavement, the greater its ability
to reflect solar radiation, leading to higher surrounding building surface temperatures
and cooling energy needs. Further studies found a close relationship between pavement
albedo and H/W ratio. For example, in urban canyons with high H/W ratios, deep /narrow
urban canyons prevent a large proportion of shortwave radiation from reaching the ground,
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which weakens the effects of pavement reflectivity on indoor thermal conditions [4]. Only
when H/W <1 can solar radiation be largely reflected by the road surface and effectively
change the urban albedo [4,21]. When H/W is small, increased road surface albedo leads
to a reduced cooling load; however, the cooling load starts to rise when H/W increases
to a threshold [19]. Current studies mainly focused on pavement’s effect in summer, and
only a few articles investigated its effect in winter and pointed out that the cooling effect
of pavement may cause thermal discomfort and increased heating energy consumption in
winter [22]. Moreover, the road surface’s effects on the indoor thermal conditions could
be very small in certain areas [15], which requires combining high-albedo materials with
greenery to magnify its effects. Few researchers have taken into account the impact of the
distance between surrounding buildings and the target building, the greening factor, and
pavement albedo together.

Recent studies also evaluate the impact of other factors on the indoor environment,
e.g., layout, block form, and model scale. Wang and Zhang [23] investigated the impact of
subway entrance layout on pollutant transportation to the indoors and found severe indoor
pollution at the windward side subway entrances. Du et al. [24] evaluated the impact
of block form on building energy consumption and revealed that deep learning models
combined with machine learning algorithms can achieve a prediction accuracy of up to
98.3% in building energy consumption. Gongalves et al. [25] performed multiscale modeling
to predict the thermal performance of naturally ventilated social housing in northern Brazil
and found that building thermal performance is highly affected by climate change.

Many scholars have investigated on how to improve the building energy performance
and indoor thermal comfort through multi-objective optimization. However, they either
focus on building envelope [26,27], heating, ventilation, and air-conditioning (HVAC)
system control [28], or a combination of the two sets of parameters and not the outdoor
design parameters [29], or power generation [30]. Meanwhile, prediction models were
often developed for quick calculation of the objective function, based on building envelope
design parameters [26,27] or HVAC system control parameters [28], or their combina-
tions [29]. A few scholars have developed prediction models on the relationship between
outdoor and indoor environment. For example, Liu et al. [2] developed a support vector
regression (SVR) model to predict the impact of shading from surrounding buildings on
heating/cooling energy demands using building morphology, block form, geographical
information, and climate characteristics with 95% of the relative errors falling within the
range of —5.78-7.71%. Deng et al. [6] used a multiple linear regression (MLR) model to
evaluate the impact of residential cluster layout on building heating energy consumption.
Xu et al. [20] evaluated the performances of different machine learning models on the rela-
tionship between pavement albedo and building energy demand and the neural network
model was found to have the best performance. However, those prediction models were
not applied for design optimization purposes.

The above literature survey shows that: (1) most studies focus on individual outdoor
physical environmental parameters; (2) current studies mainly focused on the impact of
pavement in summer and not in winter; (3) sensitivity analysis rather than optimization
was performed; (4) few investigations focused on optimizing multiple outdoor parameters
to improve indoor thermal energy performance; (5) although there are a few prediction
models on the relationship between outdoor physical design parameters on indoor thermal
and energy performance, they were not applied for design optimization. Meanwhile, no
model on the relationship between the surrounding buildings, greening rate, pavement
albedo, and indoor discomfort degree hours (IDDHs) and building energy consumption
(BEC) has been found.
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To fill the research gaps, this article attempts to optimize multiple outdoor design
parameters, i.e., surrounding buildings, greening rate, and pavement albedo, to reduce
indoor thermal discomfort and improve building energy performance. Specifically, a
building and its surrounding environment, located in the hot summer and cold winter
area in Shanghai, China, were selected. The building and surrounding environment
were modeled by coupling ENVI-met and EnergyPlus to obtain microclimate conditions,
indoor discomfort degree hours (IDDHs), and building energy consumption (BEC) on a
representative summer day and a representative winter day. A Latin Hypercube Sampling
(LHS) approach was applied to create the design database and obtain the associated
IDDHs and BEC of the samples. Two machine learning (ML) approaches were applied
for IDDHs and BEC prediction model development based on outdoor design parameters,
and the better prediction models were selected to serve as fitness functions for seven
optimization algorithms and Pareto solutions were obtained during the optimization
process. Recommendations on outdoor physical environmental parameters are provided at
the end of the paper. The key innovation of this study is a four-step framework that enables
multi-objective optimization of multiple outdoor physical design parameters, aiming to
improve indoor thermal environments and energy performance while providing guidance
for urban planning practitioners.

2. Method

A four-step research framework was applied (Figure 1). The first step was problem
formulation, where the values of the objective functions were computed by coupling the
simulations of ENVI-met with EnergyPlus. The coupled simulation of ENVI-met and
EnergyPlus is a one-way process [1]. The outcomes of micro-climate data from ENVI-
met simulation were used as meteorological data in the EnergyPlus program to perform
building simulation. The micro-climate data include temperature, relative humidity, wind
speed, and wind direction around the target building from 9:00 on January 20 to 24:00 on
21 January and from 9:00 on July 20 to 24:00 on 21 July. These microclimate data were
used to replace the corresponding data in the meteorological data file from the EnergyPlus
official website, and then used as the inputs for the EnergyPlus program. Finally, the indoor
temperature and energy consumption were obtained through the building simulation
performed by EnergyPlus. In the second step, a design sample database was created
using LHS technology. The third step involved the application of two ML approaches
for prediction model development and employing the models to calculate the objective
functions values. The last step involved coupling prediction models with optimization
algorithms to perform optimization on all the selected design parameters.

2.1. Objective Functions

The IDDHs and BEC were used as objective functions for optimization, which are
described as:
Mil’l fl (f), fz(i) = [Xl, X2, 0., Xn] (1)

where f; is the IDDHs, in °C-h; f, is the BEC, in kWh.
The IDDHs can be obtained by [27]:

(%) = Ic(x) +1n(x) )

where Ic is the cooling discomfort degree hours (CDDHs) and Iy is the heating discomfort
degree hours (HDDHs), in °C-h.
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The CDDHs and HDDHs can be calculated using Equations (3) and (4).

24

Ie(x) = 2 (t(X) — tu) (if t(X) > tn) 3)
24

Ia(x) =) (tL — (X)) (if tr > (X)) 4)

i
where t;(X) is the IAT at time i, tyy and t;, are the higher and lower thermal comfort

temperature limits, taken as 26 °C and 18 °C, respectively, according to JGJ 134-2010 [31].
The IAT was obtained by simulation through coupling ENVI-met with EnergyPlus.

Greening rate

Pavement albedo

Surr dino build
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¥
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Building energy
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Reference building and
local environment model
A4
Design parameters range Latin Hypercube Development of design
8N P! g sampling method ” sample database
Machine learning Development ofprgdlc}mn
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‘
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Figure 1. Framework of the research method.

2.2. Design Parameters and Ranges

The road pavement albedo, the greening rate, and the DSBTB were selected based on
the literature survey. The lowest albedo from the pavement materials was found to be 0.04.
According to Salvati et al. [16], when the albedo of the pavement is higher than 0.5, it will
cause glare and reduce indoor visual comfort. Therefore, the pavement albedo was set to
be 0.04~0.5.

Figure 2 demonstrates the plan view of the ENVI-met model. Evergreen trees with a
crown size of 5 m, a height of 11 m, and an average transmittance of 0.3 were selected. The
trees were evenly arranged on the south/north side of the target building. The greening
rate was calculated as the tree shadow area divided by the red box area. In order to leave
enough space for roads, the greening rate was in the range of 3.7~15.4%, with 3.7% as the
reference model.

To study the effects of the surrounding building distance, it was assumed that building
A, B, and C could move along the south and north directions of the target building. In this
study, the moving distance is set to be 0~8 m from their original positions.

Table 1 lists the values of the target building and the ranges of the investigated parameters.
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Figure 2. Plan view of the building under the ENVI-met environment, with the target building
located in the red box.

Table 1. Values of the target building and ranges of the parameters.

Parameter Value Range

Road pavement albedo (—) 0.04 0.04-0.5

Greening rate (%) 10.9 3.7-154
DSBTB (m) 4 0-8

The target office building is in a university campus in Shanghai, in the HSCW region
of China, with a yearly average temperature of 16.2 °C. The heating and cooling degree
days of Shanghai are 1540 °C-d, and 199 °C-d, respectively. 21 July and 21 January were
selected as representative days to evaluate the effects of multiple outdoor physical factors
on the indoor thermal conditions.

Figure 3 presents the plan view of the target building model (the one in the red box
of Figure 1). According to the building standard, GB55015-2021 [32], the lighting power
densities in the office room, in the corridor, and equipment power density were assigned as
6 W/m?,2 W/m?, and 15 W/m?, respectively. The clothing insulation values were 0.5 clo
in summer and 1.0 clo in winter and the occupancy density was assigned as 10 m? /person.
The air change rate was assigned as 1 air change rate per hour (ACH). Except for the
non-air-conditioned corridors and bathrooms, each room was configured with one split air
conditioner. The summer and winter indoor temperature setpoints were assigned as 26 °C
and 18 °C, respectively. In the EnergyPlus model, the trees are simplified as combinations
of triangles and columns [33]. Table 2 lists the physical properties of the target building.

Table 2. Physical properties of the target building.

Parameter Value
Air-conditioned area (m?2) 1850
Building height (m) 18
Exterior wall heat transfer coefficient (HTC) (W /m?2-K) 0.483
Roof HTC (W/m?K) 0.23
External window HTC (W /m? -K) 3.9
East-facing window-to-wall ratio (WWR) (%) 45
South-facing WWR (%) 7
West-facing WWR (%) 7
North-facing WWR (%) 45

Table 3 lists the boundary conditions of the ENVI-met model.
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Table 3. Boundary conditions of the ENVI-met model.

Location Shanghai

From 9:00 to 24:00 a.m., 20 January, to 24:00 a.m., 21 January
From 9:00 to 24:00 a.m., 20 July, to 24:00 a.m., 21 July
60 x 70 x 35 grids
Ax=Ay=Az=2m
Meteorological inputs Chinese Standard Weather Data (CSWD)

Date/time

Model domain

Figure 3. The EnergyPlus building model, with the target building surrounded by trees.

The total IDDHs and BEC of the reference building on the two typical days were
100.79 °C-h and 2091.29 kWh, respectively.

2.3. Prediction Model
2.3.1. Sample Database Generation

The LHS method was applied to generate the sample database to ensure even distri-
bution over the multiple-dimensional space. Samples were extracted from each evenly
divided segment of the sample space, requiring fewer samples while making them more
representative compared to the Monte Carlo sampling approach [34]. The number of
samples was determined according to N > 22.5 x M, with N being the sample size, and M
being the number of variables, which can accurately sample the search space [35]. A total
of 68 samples were generated. Figure 4 presents a visualization of the sample distribution.



Buildings 2025, 15, 2190

8 of 24

Figure 4. Visualization of sample distribution.

2.3.2. Prediction Model Development

Two data-driven approaches, an artificial neural network and locally weighted regres-
sion, were applied for IDDHs and BEC prediction model development.

Artificial neural network model

An Artificial Neural Network (ANN) learns the response of biological neurons to
handle the information flow. It is effective in predicting BEC [36] and IAT [37,38] based
on outdoor environmental conditions. It consists of three layers, i.e., input, hidden, and
output layers. The number of nodes of the hidden layer can usually be obtained as:

m<+va+b+c (5)

where m, a, and b are the numbers of nodes of the input layer, input variables, and output
variables, respectively. c is a constant in the range 0~10.

A backpropagation neural network (BPNN) was adopted. It was proposed by Rumel-
hart et al. [39], with wide application. The road pavement albedo, greening rate, and the
DSBTB were the inputs, and IDDHs and BEC are the outputs of the BPNN model. Table 4
presents the settings of the BPNN model.

Table 4. Settings of the BPNN model.

Optimal Number of Learnine Rate Maximum Number Maximum Error Training vs.
Nodes of Hidden Layer & of Iteration Testing
9 0.01 1000 1x107° 80:20

Locally Weighted Regression

Locally weighted regression (LWR) utilizes a multi-variable smoothing procedure
to fit the regression surface [40]. The function of the independent variables was locally
fitted using the weighted least square method in a moving fashion analogous to time series
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moving average computation. Unlike other prediction models, such as BPNN models,
linear regression models, etc., LWR cannot generate a single functional relationship. New
regression coefficients need to be obtained by fitting based on existing training samples for
each new sample to be predicted.

The Gaussian kernel function was employed as the weight function in this study. It

2
X — Xj
W =exp (” —2k2|| ) (6)

can be expressed as:

where W is the Gaussian kernel function; k is the rate at which the weight changes with
distance. k value increases with reduced speed on the decrease in the weight.
The regression coefficient could be obtained as:

0= (xwa) XTwy @)

In this study, the independent variable X represents the road pavement albedo, green-
ing rate, and the DSBTB; the dependent variables represent IDDHs and BEC. The best ratio
of testing vs. training was found to be 20:80.

2.4. Optimization Algorithm

Seven optimization algorithms, which have been tested in other applications, were
selected to couple with the prediction models to find the optimal solutions of outdoor
design parameters to improve the thermal performance of the building. These algorithms
have their own unique features in solving multi-objective optimization problems. The
optimal solution outcomes of these algorithms were compared to find the best ones suitable
for this study. Figure 5 presents the flow charts for each optimization algorithm.

2.4.1. MOPSO

Particle Swarm Optimization (PSO) mimics group behaviors, e.g., flocks of birds and
fish, to solve optimization problems through individual movements, information transfer,
collaboration, and competition mechanisms [41]. Multi-Objective Particle Swarm Optimiza-
tion (MOPSO) applies PSO to multi-objective optimization problems [42]. MOPSO main-
tains the solution space of multiple objectives by retaining and updating the non-inferior
solution sets in the particle swarm using a four-step procedure. Firstly, the population and
particle velocity are initialized. Secondly, each particle is evaluated and the positions of
the particles that represent the non-dominated solution are stored. Thirdly, the velocities
and positions of the particles are updated. Fourthly, the stop conditions are evaluated,
and if the conditions are met, the optimization process terminates, otherwise steps 2 and 3
are repeated.

2.4.2. NSGA-II

The Nondominated Sorting Genetic Algorithm version II (NSGA-II) was developed
based on the original Nondominated Sorting Genetic Algorithm (NSGA) in 2002 [43].
NSGA-II innovates in faster non-dominated sorting, crowding distance estimation, and sim-
ple crowding comparison operator compared to NSGA. Its optimization process includes
three steps. In the first step, it creates a parent population, and sets fitness minimization
and descendant populations. In the second step, it merges the parent and offspring popula-
tions, uses the crowding comparison operator to sort the solutions of the last frontier in
descending order, and prepares to select population members. In the third step, termination
condition is evaluated to determine on termination or repeating step 2.
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Figure 5. Flow chart of each optimization algorithm. (a) MOPSO; (b) NSGA-II; (c) MOALO;
(d) MOAHA; (e) MOFPA,; (f) MOSFO; (g) MOMREFO.
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2.4.3. MOALO

The Multi-Objective Antlion Optimizer (MOALOQ) is an optimization algorithm devel-
oped by Mirjalili and Jangir et al. [44] in 2016 based on the Antlion Optimizer (ALO) [45].
MOALQO imitates the hunting mechanism of antlions and the interaction between them
and their prey. It includes six major steps: (1) ants” random walking; (2) building traps;
(3) trapping ants; (4) capturing prey ants; (5) reconstructing traps; and (6) elitism. A
roulette strategy is used to simulate the fact that larger antlions in nature are more likely to
successfully prey on ants. Increased fitness leads to a higher probability of capturing ants.

24.4. MOAHA

The Multi-Objective Artificial Hummingbird Algorithm (MOAHA) was developed by
Khodadadi and Mirjalili in 2023 [46], which is based on the artificial hummingbird opti-
mization algorithm (AHOA). MOAHA simulates the foraging behavior of hummingbirds
including guide, territorial, and migration foraging. The MOAHA algorithm consists of
three main mechanisms: (1) an archive component that saves all discovered non-dominated
Pareto-optimal solutions; (2) a grid mechanism that can eliminate the most crowded parts
and enhance non-dominant solutions; (3) a leader selection function that selects the optimal
position based on the existing best solution.

2.4.5. MOFPA

The Multi-objective Flower Pollination Algorithm (MOFPA) [47] was developed based
on the Flower Pollination Algorithm (FPA) [48] which imitates the pollination process. The
pollination process includes the global pollination process (biological cross-pollination due
to the existence of pollinators such as insects), local pollination process, and distant pollina-
tion process. For the distant pollination process, nearby pollen has higher opportunities to
pollinate flowers, and global pollination and local pollination can be switched based on
switching probability / proximity probability.

2.4.6. MOSFO

Multi-objective Sunflower Optimization (MOSFO) [49] is a hypercube-constrained
meta-heuristic algorithm, which mimics sunflowers around the sun during their lifecycle.
The MOSFO uses a three-step optimization procedure:

(1) Firstly, the first population of sunflowers is generated in a random order in the search
space, which is divided into a grid hypercube. One solution is generated for each
decision variable in the search space. The non-dominated solutions are filtered and
retained, and the dominated solutions are removed,;

(2) Secondly, according to the pollination rate, sunflower mortality, and survival rate,
new individuals can be generated randomly and orderly. In each iteration, the cross-
pollination proportion of individuals is determined by the pollination rate;

(3)  Thirdly, new solutions are generated according to the new decision variable in the tar-
get space. The newly generated solution is merged with the non-dominated solution
that was initially saved, and the new non-dominated solutions are retained, with a
restricted number of non-dominated solutions to save the computational cost.

2.4.7. MOMRFO

The Multi-objective Manta Ray Foraging Optimizer (MOMRFO) was developed by Got
et al. [50] in 2022 based on the Manta Ray Foraging Optimization Algorithm (MRFO) [51].
The MOMRFO mimics manta rays feeding on plankton. Three foraging strategies are
imitated: (1) chain foraging; (2) cyclone foraging; and (3) somersaulting for food.
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2.4.8. Parameter Settings

Sections 2.1 and 2.2 present the objective function and constraint conditions. The
BPNN models outperformed others to be the fitness functions. The optimizations were
performed under the Matlab (R2016a) environment. A laptop computer was used to run
the simulation and optimization. It is configured with an Intel(R) Core(TM) i9-12900H
CPU@2.50 GHz processor and 16 GB of RAM. Table 5 lists the optimal parameter settings
of different optimization algorithms for convergence improvement and run time reduction.
The parameters were determined based on prior studies [52] and preliminary experiments.

Table 5. Optimization algorithm settings.

Parameter MOPSO NSGA-IIT MOALO MOAHA MOFPA MOSFO MOMRFO
Maximum number of generations 200 200 200 200 200 200 200
Population size 100 100 100 100 100 100 100
Crossover rate 0.9
Mutation rate 0.1
Proximity probability 0.8
Pollination rate 0.1
Personal learning coefficient 1
Global learning coefficient 2
Archive size 100 150 150 150 150 150 150
Inertia weight 0.5
Death rate 0.1
Grid size 7 25
Inflation rate 1
Leader selection pressure 2
Deletion selection pressure 2
Survival rate 0.8

3. Results and Discussion

3.1. Results of Model Validation
3.1.1. Results of EnergyPlus Model Validation

The outcomes of EnergyPlus were validated by comparisons with experimental re-
sults. The hourly temperature and relative humidity in four directions around the target
building and the hourly room temperature were measured using Elitech GSP-6 data log-
gers. They have a temperature measurement accuracy of £0.5 °C and measurement range
of —40-85 °C. They also have a relative humidity measurement accuracy of +1% and
measurement range of 10-99%. During the indoor air temperature measurement, the
instruments were placed in the middle of the rooms. During the measurement of the
temperature of the micro-climate, they were placed 2 m away from the middle of each side
of the exterior building wall surface. The readings of the temperature can be automatically
recorded every 10 s and their hourly average values were obtained. The meteorological
data came from the nearby weather station. The hourly room temperature and relative
humidity in four directions around the target building were averaged as the microclimate
data around the target building to be used as input meteorological data. The simulation
results are shown in Figure 6. It can be observed that the temperature differences between
experiment and simulation outcomes were in the range of —1.53-0.62 °C (—5.67-2.21%),
indicating good agreement.
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Figure 6. Comparison between measurements and simulation outcomes from EnergyPlus.

8:00

—@— Experiment

Micro Temperature

9:00 10:00 11:00 12:00 13:00 14:00 15:00 16:00 17:00
Time (h)

—@®—Simulation

Micro Relative Humidity

3.1.2. Results of ENVI-met Model Validation

The outcomes of ENVI-met were validated by comparisons with the measurement re-
sults in Section 3.1.1. The hourly room temperature and relative humidity in four directions
around the target building were averaged and compared with the average microclimate
data around the target building. The simulation results are shown in Figure 7. It can be
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observed that the temperature differences between experimental and simulation outcomes
were in the range of —1.00-1.03 °C (—4.46-3.54%), indicating good agreement.
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Figure 7. Comparison between measurements and simulation outcomes from ENVI-met.
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3.1.3. Results of k-Fold Cross-Validation on BPNN Model

K-fold cross-validation has been conducted to verify the robustness of the BPNN
model. Table 6 lists the results from k-fold cross-validation. It can be found that for each
fold of test set samples, the R-squares are higher than 0.945 for the IDDHs model and higher
than 0.968 for the BEC model, which ensures the model robustness and prediction accuracy.
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Table 6. Results of k-fold cross-validation of BPNN model.

1st Fold 2nd Fold 3rd Fold 4th Fold 5th Fold

0-20% 20-40% 40-60% 60-80% 80-100% Average
R-square 0.983 0.945 0.991 0.990 0.985 0.979
IDDHs MSE 0.129 0.282 0.048 0.060 0.112 0.126
CCh) RMSE 0.359 0.531 0.219 0.246 0.335 0.338
MAE 0.259 0.320 0.200 0.166 0.238 0.237
MAPE 0.003 0.003 0.002 0.002 0.002 0.002
R-square 0.998 0.968 0.992 0.996 0.992 0.989
BEC MSE 7.379 120.138 27.977 14.549 29.192 39.847
(CWE) RMSE 2.716 10.961 5.289 3.814 5.403 5.637
MAE 2.198 6.426 4.253 3.190 4.765 4.166
MAPE 0.001 0.003 0.002 0.001 0.002 0.002

3.2. Results of ENVI-Met and EnergyPlus

The simulation results from ENVI-met and EnergyPlus on January 21 and July 21 for
the base case building are presented in Figures 8 and 9, respectively. It can be observed
that in winter, the average micro-climate temperatures from ENVI-met were consistently
lower (1.4-2.0 °C) than the outdoor air temperature, while in summer, the average micro-
climate temperatures from ENVI-met were slightly lower (0.1-2.0 °C) than the outdoor air
temperature while being slightly higher in the afternoon and then close to the outdoor air
temperature. In winter, the energy consumption was more or less flat while in summer the
energy consumption had a similar trend to the micro-climate and outdoor air temperature

with a time delay of 3 h.
20 70
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Figure 8. Outcomes from ENVI-met and EnergyPlus for the base case on 21 January.

3.3. Prediction Model Performance Comparision

Figure 10a,b present the regressions between prediction and simulation results of
IDDHs for the two ML models.

The R-squares are 0.9942 and 0.8352, respectively. The BPNN model obviously out-
performs the LWR model. The accuracies of the BPNN model are comparable with the
outcomes from [23-25], where the R-squares are in the range of 0.96-0.998.

Figure 11a,b present the regressions between prediction and simulation results of BEC
for the two ML models.
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Figure 9. Outcomes from ENVI-met and EnergyPlus for the base case on 21 July.
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Figure 10. Regression between prediction and simulation results of IDDHs. (a) BPNN model;

(b) LWR model.

The R-squares are 0.9961 and 0.9021, respectively. Similarly, the BPNN model out-
performs the LWR model. The accuracies of the BPNN model are comparable with the
outcomes from [23,24,26], where the R-squares are between 0.990 and 0.997.

Table 7 presents the error distribution for the two prediction models. It can be observed
that the BPNN models outperforms the LWR models, with maximum absolute relative
errors of less than 1% for predicting IDDHs (in the range of 0.56~0.76%) and less than 2%
for predicting BEC (in the range of —0.28~1.36%). Therefore, the BPNN models should be
selected for further analysis. The maximum errors are less than the ones in Ref. [35] with
6.01% for building thermal load prediction and 3.51% for IDDHs prediction, which means
that the BPNN models using the outdoor physical parameters are feasible and can be used
for optimization purposes.
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Figure 11. Regression between prediction and simulation results of BEC. (a) BPNN model;
(b) LWR model.

Table 7. Relative absolute errors distribution for IDDHs and BEC.

BPNN LWR Range BPNN

Range IDDHs BEC IDDHs
(°C-h) (kWh) (°C-h)

<0.5% 85.71% 92.86% <0.5% 85.71%
<1% 100% 92.86% <1% 100%
<2% 100% 100% 95% 95%
<3% 100% 100% 95% 95%
<4% 100% 100% 100% 100%
<5% 100% 100% 100% 100%
Average 0.27% 0.23% 0.53% 0.50%

3.4. Optimization Algorithm Performance Comparision

The BPNN prediction models served as fitness functions for seven optimization algo-
rithms, including MOPSO, NSGA-II, MOALO, MOAHA, MOFPA, MOSFO, and MOMRFO
to find Pareto solutions. The process is repeated as many times as possible to find all the
potential optimal solutions.

Figure 12 compares the Pareto solutions obtained by all the optimization algorithms.
Overall, all the Pareto fronts share similar trends. The ones obtained by the MOPSO,
MOALO, and MOMREFO algorithms have obvious segments, while those obtained by the
NASA-II, MOAHA, MOFPA, and MOSFO algorithms have coherent Pareto fronts. The
MOAHA algorithm has slightly better performance than the others as it provides more
solutions with coherent Pareto fronts. The discomfort degree hours are in the range of
93~100 °C-h, while the building energy consumption is in the range of 2000~2140 kWh.
The IDDHs decrease with the increase in BEC. A maximum reduction of 1.3 °C in OAT in
summer was observed during the analysis.

Table 8 compares the performance of each optimization algorithm. It can be observed
that the number of generations reaches 151-185 when converged, and the computation
time takes about 109 to 155 s. MOAHA outperforms other algorithms in terms of number

of iterations and computation time.
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Table 8. Comparison of optimization algorithm performance.
Parameter MOPSO NSGA-II MOALO MOAHA MOFPA MOSFO MOMRFO
Number of generations 184 176 185 151 163 179 157
when converged
Computation time (s) 131 125 155 109 152 135 149

3.5. Optimal Solutions Analysis

To compare the performance of each optimization algorithm, six indicators, Umax, U,

Emax, E, Bair max, and E,ir, were introduced and calculated via Equations (8)—(13):

Umax = 7’1} — Tmin x 100%
T:
_ D_ T —T.
U= Lrl) x 100%
nT;
Emax = Er — Emin % 100%
E;
_ n _(E.—E;
E= it (5 — Fa) x 100%
nE;
Eairﬁmax = —Eair_r _ Eair_min x 100%

Eair_r

_ Z?:l (Eair_r - Eair_i)

air —

% 100%

1'1Eair_r
Eairfmax = Ei - El - Ee

Eair i = Ei —E; — Ee

(8)

©)

(10)

(11)

(12)

(13)

(14)
(15)

where Upax and U are the maximum and average reduction rates in IDDHs, respectively;

Emax and E are the maximum and average reduction rates in BEC, respectively; E,ir max

and E,;; are the maximum and average reduction rates in air-conditioning system energy
consumption, respectively; T is the IDDHs of the reference building, in °C-h; Ty, is the
minimum IDDHs among the optimal solutions, in °C-h; Tj is the IDDHs of the ith solution,
in °C-h; E; is the BEC of the reference building, in kWh; E i, is the minimum BEC among
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the optimal solutions, in °C-h; E; is the BEC of the ith solution, in kWh; n is the number of
optimal solutions; Ey;; . is the air-conditioning system energy consumption (ACSEC) of the
reference building, in kWh; Eai; min is the minimum ACSEC among the optimal solutions,
in kWh; Ej and E. are the lighting and electrical equipment energy consumption, in kWh;
E,ir i is the ACSEC of the ith solution, in kWh.

Table 9 summarizes the values of the performance evaluation indicators for all the
optimization algorithms. It can be found that the maximum reduction rates in IDDHs
from the outcomes of the MOPSO, NSGA-II, MOAHA, MOFPA, and MOSFO optimization
algorithms are 7.45%. The reduction rates from the outcomes of the MOALO and MOMRFO
optimization algorithms are slightly lower, which are 7.39% and 7.36%, respectively. The
average reduction rates of the outcomes of all the optimization algorithms range from
4.9~6%, with MOALO having the highest at 6% and MOMRFO the lowest at 3.69%. The
maximum reduction rates in BEC from the outcomes of all the optimization algorithms
range from 3.81~4.13%. MOFPA and MOSFO achieve the highest reduction rate and
MOALQO achieves the lowest. The average reduction rates from the outcomes of all the
optimization algorithms range from 0.9~2.75%, with MOMRFO having the lowest reduction
rate and MOMRFO having the highest. Previous studies also showed that a change
in pavement material reflectivity can lead to a 0.2-2.5% reduction in BEC in Cairo [15],
surrounding building shading can help reduce the BEC by 2.69% [5], an increase of 17%
in the tree coverage rate could lower the maximum temperature by 1.1 °C on the hottest
summer day [8], and greening can reduce the IAT by 0.6-1.5 °C [7]. The multi-objective
optimization led to a maximum energy reduction of 4.12% (86.16 kWh, or CNY 53 (with
an electricity price of CNY 0.617/kWh), or 51.19 kgCO,-eq (0.5942 kgCO, /kWh)), a 7.45%
(7.4 °C-h) improvement in thermal comfort, and a 1.3 °C reduction in OAT in summer.

Table 9. Performance evaluation of different optimization algorithms.

Algorithm Umax U Emax E Eair_max Eair
MOPSO 7.45% 5.02% 4.12% 1.58% 5.80% 2.22%
NSGA-II 7.45% 4.98% 4.08% 1.67% 5.73% 2.34%
MOALO 7.39% 6.00% 3.81% 0.90% 5.36% 1.26%
MOAHA 7.45% 4.99% 4.12% 1.70% 5.80% 2.40%
MOFPA 7.45% 4.82% 4.13% 1.82% 5.80% 2.56%
MOSFO 7.45% 4.96% 4.13% 1.69% 5.80% 2.38%
MOMRFO 7.36% 3.69% 4.11% 2.75% 5.78% 3.87%

As shown in Figure 7 and Table 5, MOAHA can find most of the optimal solutions and
achieve satisfactory optimization results, and therefore the outcomes from the MOAHA
algorithm were selected for further analysis.

Table 10 lists 20 representative optimal solutions based on the MOAHA algorithm.
The optimal solutions were found to prefer a low pavement albedo of 0.04~0.054, a green-
ing rate around 0.15, and offsets of surrounding buildings from the original position by
approximately 0~1.4 m.

Figure 13 presents the sensitivity analysis of the impact of each design parameter on
IDDHs. It can be observed that the IDDHs decrease with the increase in pavement albedo
and greening rate. As for the DSBTB, IDDHs increase with DSBTB before it increases to
1 m and then decrease till it reaches 4 m and then increase again.
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Table 10. 20 representative optimal solutions.

Pavement Greening  Offsets of Surrounding Building IDDHs BEC

Albedo Rate from the Original Position (m) (°C-h) (kWh)
0.049 0.148 1.274 98.25 2014.83
0.040 0.154 0.544 94.01 2082.88
0.040 0.154 0.194 93.40 2123.13
0.040 0.154 0.354 93.60 2105.72
0.045 0.154 1.01 96.02 2036.74
0.040 0.154 0 93.28 2140.07
0.040 0.142 1.344 99.39 2007.05
0.040 0.154 0.948 95.73 2040.42
0.048 0.154 1.102 96.47 2031.15
0.040 0.154 0.3 93.52 2112.00
0.054 0.150 1.26 97.76 2018.91
0.040 0.154 0.328 93.56 2108.77
0.051 0.150 1.316 98.09 2015.76
0.040 0.154 0.826 95.08 2050.72
0.051 0.154 1.188 96.82 2027.26
0.040 0.154 0.416 93.71 2098.58
0.053 0.154 1.162 96.68 2028.65
0.040 0.154 0.382 93.65 2102.61
0.040 0.154 0.796 94.94 2053.65
0.049 0.148 1.288 98.29 2014.39

102 98.2

= 100 1 = 98
O 98 - O 97.8
= o6 - = 97.6
a
R 94 - g 97.4
92 . : 97.2
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a
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(©)

Figure 13. Sensitivity analysis of the impact of design parameters on IDDHs. (a) Pavement albedo;
(b) greening rate; (c) DSBTB.

Figure 14 presents the sensitivity analysis on the impact of each design parameter
on BEC. It can be observed that BEC increases with the increase in pavement albedo. It
decreases with the greening rate before it reaches 0.13 and then slightly increases again. As
for the DSBTB, BEC decreases with DSBTB before it increases to 1 m and then decreases till
it reaches 6 m and then decreases again.
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Figure 14. Sensitivity analysis of the impact of design parameters on BEC. (a) Pavement albedo;
(b) greening rate; (c) DSBTB.

As the study focuses on a campus building in the HSCW climate region in Shanghai,
the outcomes of the study cannot be directly applied to other types of buildings in other
climate regions. However, the research framework can be adapted to other building types
in other climate regions, and even expanded to the optimization of different building
design parameters. For example, during the design sample generation process, building
design parameters, such as building orientation, insulation level, window-to-wall ratio, etc.,
can be selected and generated together with the outdoor physical parameters to perform
co-optimization of outdoor and building design parameters.

4. Conclusions

A comprehensive method was developed to optimize the physical design parameters
of the outdoor environment to reduce the indoor discomfort degree hours and energy
consumption for an office building in Shanghai, China. A four-step research framework
was applied to perform design optimization. The surrounding building distance, pavement
albedo, and greening rate were selected as the design parameters and sampled using the
Latin hypercube sampling approach. BPNN and LWR prediction models were developed
as potential fitness functions for seven optimization algorithms. It can be concluded that:

(1) The R-squares of the BPNN models for predicting IDDHs and BEC are 0.9942 and
0.996, respectively, with maximum absolute relative errors less than 2%, indicating
the BPNN models outperform the LWR models;

(2) It can be found from the outcomes of the Pareto solutions of all the optimization
algorithms that the reduction rate in IDDHs is greater than that in BEC;

(3) The MOAHA algorithm outperforms other optimization algorithms in terms of solu-
tion quality, speed (109 s), and convergence (reaching convergence at 151 generations)
and achieves maximum reductions in IDDHs and BEC of 7.45% and 4.12%, respec-
tively. The average reduction in IDDHs and BEC is 4.99% and 1.70%, respectively;
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(4) The Pareto solutions indicate that for a climate with hot summers and cold winters,
setting the road surface albedo to the lowest value and the greening rate to the highest
value can achieve the best indoor thermal environment.

This study contributes to the development of the optimal multi-objective design of the
outdoor physical parameters of an office building. Its originality includes the application
of a four-step research framework, evaluation of the prediction models’” and optimization
algorithm’s performance, as well as the impact of multiple outdoor physical parameters. It
can practically guide the urban planner in performing outdoor design to reduce indoor
discomfort and improve building energy performance.

Future studies involve more outdoor physical parameters, e.g., sky view factor, water
bodies, as well as co-optimization of outdoor physical parameters and building envelope
design parameters, more climatic regions, and practical engineering applications.

Author Contributions: Conceptualization, Y.L. and W.Y,; methodology, Y.L. and W.Y.; formal analysis,
Y.L.; investigation, T.H.; resources, Y.L.; writing—original draft preparation, T.H.; writing—review
and editing, Y.L., TH., W.Y,, M.C. and C.-Q.L.; supervision, Y.L.; funding acquisition, Y.L.; validation,
M.D. and P.C. All authors have read and agreed to the published version of the manuscript.

Funding: This work is financially supported by the National Natural Science Foundation of China,
grant number 52268002.

Data Availability Statement: The original contributions presented in this study are included in the
article. Further inquiries can be directed to the corresponding authors.

Acknowledgments: The authors express their sincere gratitude to the support from the R & D
center of the transportation industry of health and epidemic prevention technology, Ministry of
Transportation of the People’s Republic of China.

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations and symbols are used in this manuscript:

ACSEC Air-conditioning system energy consumption
AHOA Artificial hummingbird optimization algorithm
ALO Antlion Optimizer

ANN Artificial Neural Network

BEC Building energy consumption

BPNN Backpropagation neural network

CDDH Cooling discomfort degree hour

DSBTB Distance between surrounding buildings and targeted building
H/W Height to street wide (H/W)

HDDH Heating discomfort degree hour

HSCW Hot summer and cold winter

IAT Indoor air temperature

IDDHs Indoor discomfort degree hours
LHS Latin Hypercube Sampling
LWR Locally weighted regression
ML Machine learning

MLR Multiple Linear Regression

MOAHA  Multi-Objective Artificial Hummingbird Algorithm
MOFPA  Multi-objective Flower Pollination Algorithm
MOMRFO Multi-objective Manta Ray Foraging Optimizer
MOPSO  Multi-Objective Particle Swarm Optimization
MOSFO  Multi-objective Sunflower Optimization
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PSO Particle Swarm Optimization
SVR Support Vector Regression
f1 IDDHs, °C-h
fy BEC, kWh
Ic CDDHs, °C-h
Iy HDDHs, °C-h
t(X) IAT at time i, °C
ty The higher thermal comfort temperature limits, taken as 26 °C
tr The lower thermal comfort temperature limits, taken as 18 °C
m the numbers of nodes of input layer
a the numbers of nodes of input variables
b the numbers of nodes of output variables
C a constant, 0~10
\%\Y the Gaussian kernel function
k the rate at which the weight changes with distance
X the independent variable
Y the dependent variable
Unmax the maximum reduction rates in IDDHs
U the average reduction rates in IDDHs
Emax the maximum reduction rates on BEC
E the average reduction rates on BEC
Eair max the maximum reduction rates in air-conditioning system energy consumption
Eair the average reduction rates in air-conditioning system energy consumption
T, the IDDHs of the reference building, °C-h
Tmin the minimum IDDHs among the optimal solutions, °C-h
T; the IDDHs of the ith solution, °C-h
E; the BEC of the reference building, kWh
Enin the minimum BEC among the optimal solutions, °C-h
n the number of optimal solutions
Eair ¢ the ACSEC of the reference building, kWh
Eair_min the minimum ACSEC among the optimal solutions, kWh
E; the lighting energy consumption, kWh
Ee the electrical equipment energy consumption, kWh
Eair i the ACSEC of the ith solution, kWh
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