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Abstract

This study introduces a parametric multi-objective optimization framework for urban block
morphology. It integrates micro-climate data corrected by the Urban Weather Generator
(UWG), energy simulation through EnergyPlus and Honeybee, and the Non-dominated
Sorting Genetic Algorithm II (NSGA-II) within the Wallacei platform. Using Wuhan, China,
a city with a representative hot-summer and cold-winter climate, as a case study, the frame-
work simultaneously optimizes three key objectives: Average Sunshine Hours (Av.SH),
Energy Use Intensity (EUI), and Average Universal Thermal Climate Index (Av.UTCI).
The framework systematically links parametric modeling, environmental simulation, and
evolutionary optimization to explore how block typologies and height configurations affect
the trade-offs among solar access, energy demand, and outdoor thermal comfort. Among
the feasible solutions, Av.SH exhibits the greatest variation, ranging from 4.30 to 7.93 h,
followed by Av.UTCI (44.13 to 45.46 °C), while EUI shows the least fluctuation, from 91.69
to 93.36 kWh/m?. Key design variables, such as building type and height distribution,
critically influence the outcomes. Optimal configurations are achieved by interweaving
low-rise (2 to 3 floors), mid-rise (6 to 8 floors), and high-rise (15 to 20 floors) buildings to
enhance openness and ventilation. The proposed framework offers a quantifiable strategy
for guiding future climate-responsive and energy-efficient neighborhood design.

Keywords: energy consumption; NSGA-II; UTCI; sunlight hours; urban block forms

1. Introduction

As global climate change escalates, the building sector’s role in energy consumption
and carbon emissions has made its sustainability a strategic priority worldwide. This is
particularly critical for China, which is undergoing rapid urbanization while heavily reliant
on coal-based energy. Inefficient building energy management directly challenges China’s
“dual carbon” goals. Consequently, enhancing building energy efficiency is urgent, and
urban form optimization has emerged as a crucial pathway to reconcile energy savings
with environmental comfort [1-5].

Extensive research has established that urban morphology significantly influences
building energy demand and microclimate conditions [6-8]. Studies have progressively
employed multi-objective optimization (MOO) frameworks, often integrating parametric
modeling with algorithms like NSGA-II, to navigate the complex trade-offs between ob-
jectives such as energy use intensity (EUI) and solar access [9-11]. However, a discernible
gap persists in the current literature. Firstly, many studies prioritize energy efficiency
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as the primary goal, often treating outdoor thermal comfort, a crucial determinant of
livability and public health, as a secondary consideration or excluding it from the core
optimization objectives [12,13]. Secondly, while Multi-objective optimization is widely
applied, many frameworks rely on standard meteorological data [14-18], failing to account
for the localized urban heat island effect and microclimatic variations generated by the
urban form itself, which can significantly alter building energy loads and outdoor comfort
conditions [14]. This omission can lead to optimization results that are less representative
of actual urban environments. Consequently, there is a pressing need for an integrated opti-
mization framework that simultaneously addresses energy consumption, solar potential,
and outdoor thermal comfort under morphologically influenced microclimatic conditions.

To address this gap, this study proposes a novel multi-objective optimization frame-
work that integrates an Urban Weather Generator (UWG)-corrected microclimate model
into the design feedback loop. Focusing on the neighborhood scale, the framework simulta-
neously optimizes three conflicting objectives: Energy Use Intensity (EUI), average sunlight
hours (Av.SH), and the outdoor Universal Thermal Climate Index (Av.UTCI). Using a case
study in Wuhan, China, a representative city with a hot-summer-cold-winter climate, this
research demonstrates how the proposed method can identify urban block configurations
that effectively balance energy efficiency, solar access, and thermal comfort under realistic
urban microclimatic conditions. The primary contribution of this work is to provide a more
holistic and climatically responsive approach to sustainable urban design, moving beyond
energy-centric optimization towards the creation of truly high-performance and livable
urban neighborhoods.

2. Literature Review
2.1. Urban Form and Building Energy Consumption

The correlation between urban morphology and building energy usage has been thor-
oughly investigated using several analytical techniques and case studies. A substantial
corpus of research has concentrated on the empirical analysis and quantitative evaluation
of the influence of urban form characteristics—such as building density, configuration, type,
and land-use structure—on building energy consumption (notably heating and cooling),
related carbon dioxide emissions, and energy and material flows at the urban level, along
with the fundamental mechanisms that drive these effects. Salat (2009) [19] performed
a comprehensive analysis of Paris. Liu et al. (2012) [20] examined residential heating in
Dublin, Kriiger et al. (2012) [21] established an indicator classification utilizing 3D mod-
els, Zhang et al. (2014) [22] analyzed urban energy metabolism networks, Vartholomaios
(2017) [23] conducted a parameter sensitivity analysis, and Javanroodi et al. (2018) [24]
performed CFD simulation studies. Collectively, these works have substantiated, through
comprehensive data, models, or simulation methodologies, that urban form is a crucial
determinant of regional and city-wide energy consumption and environmental perfor-
mance, while also exploring the mechanisms through which it exerts its influence [19-24].
Weisz et al. (2010) contextualized this influence within urban material flows, demonstrating
how socioeconomic factors, such as household income, interact with structural elements
to collectively impact implicit energy and material consumption [25]. Common density
metrics, including floor area ratio (FAR), building density (BD), window-to-wall ratio
(WWR), window orientation (WO), and road density, are extensively analyzed concerning
building energy usage [26-29].

A primary focus is the creation and implementation of urban form design method-
ologies, planning frameworks, and evaluation tools to attain energy efficiency objectives.
This project aims to explore how urban design might be intentionally modified to improve
energy efficiency and meet sustainability goals. Okeil (2010) promotes an integrated design
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approach for building forms that accounts for climatic seasonality [30]; Marique et al.
(2014) introduced a streamlined framework for evaluating the viability of zero-energy
communities, which integrates the systemic effects of form on energy demand, renewable
energy potential, and transportation energy use [31]; Robinson et al. (2017) illustrated
the efficacy of machine learning predictive models in assessing the influence of urban
form on commercial building energy consumption using limited building feature data,
thereby supporting data-driven planning [32]; Quan et al. (2014) [33] simulated energy
consumption for heating and cooling through AutoCAD2013 C# scripts, MATLAB2013,
and EnergyPlus 8.0008 across more than 14,000 hypothetical models within Portland’s
urban grid. The findings revealed that, contrary to prevalent belief, energy consumption
for building cooling and heating does not consistently demonstrate an inverse relationship
with density [33]; Additionally, research by Quan et al. (2020) indicated that once den-
sity surpasses a specific threshold, building energy use intensity initially declines before
subsequently increasing [34]; You et al. (2018) employed structural equation modeling to
examine a building-level empirical dataset from a residential area in Seoul, Republic of Ko-
rea, uncovering the indirect effects of urban design and land use characteristics mediated
by other variables, alongside the direct impacts of building attributes [35]. Beyond this,
numerous studies in recent years have explored sustainable building energy consumption
using Al-assisted surrogate models. Bazazzadeh et al. employed Light Gradient Boosted
Machine Regressors (LGBMR), evaluating performance based on prediction accuracy for en-
ergy savings and thermal comfort improvements [36]; Naghipour et al. combined Extreme
Gradient Boosting (XGB) and Histogram Gradient Boosting (HGB) with three advanced
optimization techniques to achieve higher prediction accuracy and adaptability to regional
climate conditions [37]; Qian et al. proposed an Al-Hydraulic Model (AHMM) integrating
mechanistic and data-driven models to more accurately characterize the actual output
behavior of building energy system equipment [38]; Mehraban et al. enhanced scenario de-
velopment and building optimization using artificial intelligence, employing Python-based
scripts and a non-dominated sorting genetic algorithm (NSGA-II) through EnergyPlus
simulations to develop and evaluate seven machine learning (ML) models for predicting
three key performance indicators [39]; Abdelaziz et al. proposed a hybrid intelligent model
to forecast future energy consumption levels in public buildings [40].

Urban texture largely delineates the three-dimensional geometric attributes of a
metropolis. Street canyons have emerged as a focus point in related studies due to their
substantial influence, leading to the identification of crucial variables such as shading an-
gle [41] and sky view factor (SVF) [42]. Empirical research has demonstrated a correlation
between street canyons, temperature environments, and building energy use [43]. The
cooling impact of street greening on street temperature decrease and peak electricity usage
is more significant in shallow street canyons than in deep street canyons. Research suggests
that in shallow street canyons devoid of building shade, the cultivation of street trees is
essential for enhancing the microclimate and realizing energy savings in buildings [44]. The
physical configuration of roadway canyons impacts the comfort of plants and pavement
materials, thereby influencing energy usage [45].

Although prior research links urban form to building energy use and offers various
evaluation frameworks, key gaps remain. Most studies focus on a single scale (building
or city) or a single target (cooling or heating), lacking form-driven optimization of annual
total energy intensity at the neighborhood scale. Al-assisted proxy models improve pre-
diction efficiency but often rely on idealized prototypes and fixed envelopes, overlooking
microclimate feedback such as urban heat island effects, which undermines simulation
accuracy. This study addresses these gaps by proposing a block-level form optimization
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framework that integrates UWG-based microclimate corrections to balance energy use with
other environmental goals.

2.2. Multi-Objective Optimization Design of Urban Form

Recent research has focused on the application of multi-objective optimization in urban
form design, highlighting the integration of advanced modeling techniques with sustain-
ability considerations. Many studies have concentrated on the development, enhancement,
and integration of advanced multi-objective optimization algorithms, computational mod-
els, and automated workflows to improve the efficiency of tackling complex urban form
design challenges. These efforts particularly focus on optimizing energy consumption,
lighting, and indoor comfort through architectural form design [46—49]. Yun et al. (2009)
developed a meta-modeling approach utilizing support vector regression, successfully pre-
dicting complex unknown objective functions and highlighting the significance of surrogate
models in multi-objective optimization [50]. Shi et al. (2017) performed a systematic review
of simulation-based generation and optimization methods, creating an energy-oriented
model framework that highlights the importance of simulation technology in optimization
processes [51]. The genetic algorithm framework known as the “Energy-Efficient Form
Finder (EEF)” developed by Javanroodi et al. (2019) and the automated optimization pro-
cess proposed by Wang et al. (2021) illustrate the benefits of evolutionary algorithms and
automation in effectively navigating the form solution space [52,53]. Santiago (2019) demon-
strated the efficacy of evolutionary algorithms in facade optimization [54]. In contrast, Sun
et al. (2022) presented a novel tensor field generation toolkit, enhancing the integration
of form generation and multi-objective optimization (MOO) [8]. The nested structure
proposed by Wang et al. (2014) [55] and the machine learning-CFD fusion method devel-
oped by enhancing the technical approaches available for solving complex multi-domain,
multi-physics problems. This direction focuses on enhancing computational efficiency,
processing capacity, and automation to develop a more effective optimization engine for
urban design [55]. Akopov et al. (2019) employed agent-based simulation to investigate the
interaction between urban greening and pollutants, demonstrating a modeling approach
for the interaction mechanisms required when treating vegetation as a key element in urban
environmental governance [56]. Yoon et al. (2019) [57] proposed a multi-objective planning
model for urban greening layout. By employing optimization algorithms to balance avail-
able green space, visual connectivity, and microclimate improvement, it provides a direct
reference for integrating greening metrics (such as canopy cover and vegetation placement)
into multi-objective urban form optimization [57].

A significant focus is on the application of MOO technology to specific urban design
challenges, with an emphasis on the integration of multi-dimensional sustainability objec-
tives. Martins et al. (2014) examined Brazil’s tropical climate through the application of
multi-objective optimization (MOO) to reconcile solar energy capture with overheating
risks in architectural forms, thereby offering an empirical solution for sustainable design
tailored to specific climate zones [58]. Yang et al. (2018) illustrated the robust integration
capabilities of MOO at the district scale, incorporating renewable energy potential, wa-
ter resource management, and human experience indicators within a geographic design
framework aimed at achieving a comprehensive, sustainable, and human-centered urban
environment [59]. Sun et al. (2022) created a toolkit designed for the rapid generation
and assessment of design solutions that fulfill multiple objectives [8]. A study optimiz-
ing multi-story residential buildings in the Suzhou region employed the Multi-Objective
Non-Dominated Sorting Genetic Algorithm III (NSGA-III) alongside an Artificial Neural
Network (ANN). Results indicated improvements in energy consumption, thermal comfort,
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and lifecycle CO, emissions of 45.8%, 12.2%, and 28.0%, respectively, relative to the original
design [60].

Optimization algorithms enable researchers to efficiently identify superior designs
while maximizing design objectives within established constraints. A variety of plug-
ins have been created for urban optimization and construction purposes. Rhino and
Grasshopper, the leading parametric platforms for designers, have integrated numerous
optimization features. Key plugins in Grasshopper comprise Galapagos [61], Octopus [62],
and Wallacei [15], among others. Designers can utilize various optimization tools to iter-
atively compute optimal solutions in both multi-objective and single-objective contexts,
thereby offering valuable support and reference for design processes. Wallacei provides
the NSGA-II algorithm, which improves the visualization and analysis of optimization
results. The NSGA-II algorithm offers several advantages, including high computational
efficiency, effective diversity in solution sets, and the capability to address low-dimensional
optimization problems [63].

Multi-objective optimization techniques are becoming increasingly mature in urban
design, yet the potential for block-level form design remains largely untapped. Current
research faces three key limitations: 1. Insufficient goal integration, with most studies
focusing on energy or indoor comfort while neglecting the synergistic optimization of
outdoor thermal comfort (e.g., UTCI) with energy consumption and daylighting. This
fails to meet sustainable design’s comprehensive requirements for outdoor environments;
2. Limited flexibility in form generation, relying on preset typologies rather than deriving
forms from fundamental variables like building types and stories, thereby restricting
exploration of optimal configurations; 3. Insufficient coupling with real climate data,
using standardized suburban meteorological data without integrating local microclimates
altered by block morphology, affects practical applicability. This study addresses these
shortcomings through simultaneous optimization, combining parametric generation with
UWG-corrected meteorological data.

2.3. Urban Form and Environmental Comfort

Urban form is a significant determinant of environmental comfort, especially in rela-
tion to outdoor thermal comfort, and has been a prominent subject of scholarly inquiry.
Studies have consistently highlighted the critical importance of design strategies in ad-
dressing microclimate issues, including the urban heat island effect, and in improving
thermal comfort [17,64—66]. Initial research, including that of Fahmy et al. (2008) [67],
emphasized the importance of comprehending the intricacies of urban climate and fos-
tering interdisciplinary collaboration. They contended that building design and urban
planning significantly affect microclimate and necessitate the amalgamation of diverse
expertise to create effective thermal comfort strategies [67]. Yang (2016) [68] emphasized
the need to examine high-rise building clusters as cities evolve, noting that their combined
effects on environmental performance, including microclimate and sustainability, remain
underexplored. He advocated for an integrated approach to urban design [68]. Morganti
et al. (2020) examined social housing in Rome at the neighborhood scale, demonstrating
that microclimate and thermal comfort are influenced by both individual buildings and
the spatial arrangement and material characteristics of building clusters, underscoring the
significance of assessing overall form at the micro level [69].

The research methodology employed by Elnabawi et al. (2020) [70] illustrates a com-
prehensive approach by integrating microclimate parameters with residents’ subjective
assessments to investigate outdoor thermal comfort. Their findings highlight the substantial
impact of local climate and adaptive behaviors on perceived comfort levels, underscoring
the necessity of combining objective and subjective data in urban design [70]. Rad et al.
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(2021) [71] conducted a quantitative assessment utilizing the PMV /PPD model to examine
the effects of community form on thermal comfort in Tehran. This study offers a method-
ological framework for evaluating urban form interventions and elucidates the direct
impact of design and layout on microclimate [71]. Fuladlu (2021) analyzed campus space
by equating urban form with surface materials and vegetation as critical environmental
parameters influencing microclimate conditions, thereby affirming the multidimensional
nature of determinants of environmental comfort [72]. Darbani et al. (2022) [73] systemat-
ically observed in their review that morphological elements, including building density,
height, and spatial layout, play a significant role in regulating microclimate and impacting
human health (e.g., heat island effect). They advocate for the incorporation of these mor-
phological variables in models to enhance the understanding and mitigation of thermal
environmental issues [73].

Recent studies have concentrated on the various advantages of morphological op-
timization. Khraiwesh et al. (2023) established a connection between outdoor thermal
comfort and energy consumption at the urban block scale [74]. Their findings indicate that
design parameters, including building orientation, height, and canyon aspect ratio, signifi-
cantly affect microclimate and building energy efficiency. This suggests that optimizing
morphology can concurrently improve comfort and decrease energy consumption. Saninah
et al. (2023) examined the potential of green morphologies, specifically “urban forests,”
as natural microclimate regulators [75]. They highlighted their significance in improving
outdoor thermal environments, enhancing environmental comfort, and offering cultural
and ecological services.

Urban morphology significantly influences outdoor thermal environments and heat
island effects, yet quantifying its impact to guide early design remains challenging: 1. Eval-
uation remains disconnected from design, with most studies conducting post hoc analyses
rather than systematically embedding indicators like UTCI into generation and optimiza-
tion processes; 2. Synergy with energy consumption is insufficient, as few studies balance
thermal comfort and energy consumption during optimization or reveal trade-off relation-
ships; 3. Limited regional applicability: Few studies address strategies for simultaneously
managing summer heat stress and winter daylighting needs in regions like Wuhan, charac-
terized by hot summers and cold winters. This paper proposes an actionable morphological
optimization method for Wuhan by setting Average UTCI alongside EUI and Average SH
as core optimization targets.

2.4. Research Objectives

The literature review delineates the contributions and limitations of current research
in this domain. Although the quantitative relationship between urban form and energy-
environmental performance has been thoroughly examined, there is a notable deficiency
in studies addressing performance-driven neighborhood form optimization during the
initial design phases, as well as in multi-objective optimization research that incorporates
energy consumption, power generation, and environmental objectives. Furthermore, cer-
tain studies utilizing ideal building models have not sufficiently addressed variations in
local form. This paper seeks to address these issues and outlines the following specific
research objectives:

(1) How do block typologies and height mixes affect the balance between solar, energy,
and UTCI?

(2) Utilize this framework to analyze residential neighborhoods in Wuhan, focusing on
optimal neighborhood configurations, the interconnections between various objec-
tives, and the influence of design variables on neighborhood efficacy.
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(38) Translate research findings into design guidelines to investigate the relationship
between building energy consumption, daylighting, and outdoor thermal comfort in
urban neighborhood forms. Discuss strategies for creating livable and energy-efficient
urban neighborhoods while maintaining energy efficiency and environmental comfort.

3. Methodology

3.1. Theoretical Framework

This study optimizes urban block form with energy conservation as the core objective
through four integrated phases: parametric design, performance simulation, multi-objective
optimization, and data analysis (Figure 1).

1
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1
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Figure 1. A Framework for Multi-Objective Optimization Research.

Parametric design: Using Rhino and Grasshopper, building mass type and combina-
tion, height are defined as adjustable variables. Real cases are idealized to meet planning
constraints and energy goals, forming a design space for optimization. Building floor height
and layout form are the primary design variables. Optimization targets include maximizing
average south-facing first-floor daylight on the coldest day (SH), minimizing total energy
use intensity (EUI), and minimizing the outdoor thermal comfort index (Av.UTCI). A floor
area ratio (FAR) < 2.5 serves as a constraint. Performance simulation: Climate data (EPW)
with Ladybug and Honeybee supports automated analyses of solar radiation, dynamic
energy use, and outdoor thermal comfort on the parametric models. Multi-objective opti-
mization: Using the Wallacei evolutionary algorithm, the process iteratively explores the
Pareto front to minimize energy use and maximize winter sunlight, balancing competing
objectives. Data analysis: Each simulation records scheme ID, parameters, and performance
metrics, which are exported to Excel or a database and visualized in Python. All steps
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run on Rhino/Grasshopper, with Ladybug for solar radiation, Honeybee (EnergyPlus
engine) for energy use, and Dragonfly’s Urban Weather Generator to adjust EPW files for
microclimate effects.

3.2. Research Location

The research is conducted in Wuhan City, Hubei Province, China (see Figure 2). Wuhan
was selected strategically because it is a prototypical representative of China’s hot-summer
and cold-winter climate zone—a region where balancing solar gain (for winter heating)
and solar shading (for summer cooling) is critical to building energy performance, with
lessons applicable to hundreds of millions of people in climatically similar areas.

Hubei Province

Figure 2. Research Location.

Located in central China, Wuhan spans 8569.15 square kilometers and has a permanent
population of 13.8091 million. Classified under General Specifications for Civil Building
Design (GB 50352-2019, [76]) as a hot-summer and cold-winter region [77], it faces acute
climatic tensions: summers are intensely hot (peak monthly temperature reaches 29.5 °C,
driving massive cooling demand), while winters are damp and cold (minimum monthly
temperature drops to 3 °C, requiring heating). Moreover, the region has high annual precip-
itation, limited sunshine hours, and minimal daily temperature fluctuations—conditions
that exacerbate the challenge of harnessing solar energy effectively while mitigating over-
heating. With an annual average temperature of 16.7 °C, Wuhan has substantial and dual
energy demands for both heating and cooling, coupled with strict building energy efficiency
standards. Studying urban form optimization in Wuhan thus addresses a core dilemma
for sustainable design in hot-summer and cold-winter zones: how to reconcile the need
for solar access (to support winter thermal comfort and heating) with solar avoidance (to
reduce summer cooling loads).

3.3. Parametric Block Modeling
3.3.1. Extracting and Simplifying Building Blocks

Recently, the architectural typology method has been extensively utilized in neigh-
borhood form research [73,74]. This method entails a thorough investigation and analysis
of neighborhood forms, facilitating the effective simplification and extraction of the most
representative architectural prototypes. The extracted architectural prototypes effectively
represent the fundamental geometric characteristics of real neighborhood forms [75,77].
This study utilizes findings from prior research [21,22,78,79], focusing on actual neigh-
borhoods in the Wuhan region. It systematically extracts typical residential architectural
prototypes, as illustrated in Figure 3. Nine layout types have been identified from the cases:
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one L-shaped, one U-shaped, one I-shaped, two tower blocks, two slab buildings, one
point-shaped, and one courtyard layout. These types exemplify the typical urban neighbor-
hood configurations frequently employed in urban design practices. Table 1 presents the
geometric parameters for each building prototype.

U-1

S-1

S-2

k|

I
Ll
q

L-1

T-2

Figure 3. Urban Neighborhood Model.

Table 1. Geometric Block Parameters.

Case Categories ~ Number of Floors  Building Footprint Area (m*) Model Number

Casel Courtyard 1-3 3200 C-1
Case2 U shape 1-3 3800 U-1
Case3 I'shape 1-3 2800 I-1
Case4 Slap 1 4-12 3840 S-1
Caseb Slap 2 4-12 3840 S-2
Case6 L shape 4-12 3600 L-1
Case? Point 13-30 1600 P-1
Case8 Tower 1 13-30 2800 T-1
Case9 Tower 2 13-30 1800 T2

Building height design is influenced by multiple factors, with solar access regulations
serving as a significant constraint. Regulations mandate that to guarantee sufficient solar
access for neighboring structures, taller buildings must maintain a greater minimum
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distance from surrounding buildings, particularly those located to the north. This study
examines the dynamic relationship between building height and spacing, subsequently
defining the appropriate height variation ranges for various building prototypes (Table 1).

3.3.2. Setting the Ideal Neighborhood Form and Generating Building Blocks

The block form consists of fundamental building units, open spaces, roadways, and
additional components. This study defines the size of an ideal plot as 300 m x 300 m,
which is subdivided into nine land units of 100 m x 100 m, as illustrated in Figure 4.
The boundaries of each land unit are set 5 m inward from the road boundary line, while
the building boundaries are positioned 10 m inward. The developable area within the
building line measures 80 m x 80 m, precisely matching the dimensions necessary for a
single building type. Moreover, each ideal block is consistently oriented toward the south.
Figure 4 depicts the optimal neighborhood configuration consisting of the nine building
types suggested in this research.

SmSm_ 80m

D Buildings of
|:::| urban blocks
1 Boundary Line

of land

100m

Boundary Line

T of roads

Boundary Line

300m
100m

[e] [=] [
il

Figure 4. Setting and block generation of the ideal neighborhood form.

]
r

[

3.4. Performance Simulation of Building Blocks

After conducting parametric modeling in block form, the next steps entail assessing
their individual performance. Urban block designs must aim to minimize energy con-
sumption, maximize the use of on-site renewable energy, and improve overall livability.
This study assessed the performance of the generated block forms in terms of energy
use, outdoor thermal comfort, and solar radiation exposure. The following metrics were
introduced: building total energy consumption intensity (EUI), average building outdoor
thermal comfort degree (Av. UTCI), and average south-facing first-floor solar radiation
hours on the coldest day (SH). Table 2 presents comprehensive calculations for the opti-
mization objectives of this performance simulation, accompanied by illustrative diagrams.

Table 2. Overview of performance simulation parameters.

Geometric Parameter

Average Sunlight Hours

Abbreviated Formula Diagram Form

n Ny

AvSH Av.SH = ﬁ‘zl L Vi
i=1j=
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Table 2. Cont.

Geometric Parameter

Abbreviated Formula Diagram Form

Building Energy
Consumption

Average Universal
Thermal Climate Index

Lcooling
Lheating
Llighting
Lequip

L gas
Lprocess
L Lot _

EUI Total EUI =

n
Av.UTCI Av.UTCI = 1 T is Tonrt ir Vai P
ni:lf( air tmrtirYa,i  — D \:H

RH;) e nl |
u 1 4008
E@.&QI::

3.4.1. Total Energy Consumption Intensity of Buildings

This study uses the building energy intensity (EUI) as an indicator to characterize
the energy consumption of a neighborhood. There are two definitions of building en-
ergy consumption: broad-based building energy consumption refers to the total energy
consumption throughout the entire process, from the production of building materials,
construction, to the use of the building. Narrow-based building energy consumption, i.e.,
the operational energy consumption of a building, refers to the energy consumption from
daily activities such as heating, air conditioning, lighting, cooking, and laundry, which con-
stitutes the dominant portion of building energy consumption. The energy consumption
simulation in this study primarily focuses on operational energy consumption, i.e., daily
energy use.

As is well known, climate significantly influences building energy consumption. In
general energy consumption simulations, typical meteorological year data are typically
used as boundary conditions. However, standard meteorological station data reflect the
average climate characteristics of suburban areas over a longer period [80]. Therefore,
building energy consumption simulations typically do not consider the influence of mi-
croclimate. This study employs the UWG tool [81] to simulate the microclimate of a
neighborhood using the Dragonfly model, as standard meteorological station data cannot
accurately reflect the local microclimate conditions of urban areas (especially densely pop-
ulated neighborhoods). The UWG file is an input file used to configure the UWG model
and define the characteristics of the target urban area. The meteorological files obtained
through UWG correction can more accurately reflect the local microclimate conditions of
the neighborhood (primarily higher temperatures), thereby significantly improving the
accuracy and reliability of simulation results for building energy consumption, indoor and
outdoor thermal comfort, and natural ventilation potential. This is crucial for conducting
meaningful building and neighborhood performance analysis and optimization design in
urban environments.

UWG (Urban Weather Generator) calculates hourly local air temperature and humidity
within the urban canopy based on urban landscape geometry and land use information [82].
The model’s performance accuracy has been validated in cities (e.g., Basel, Toulouse) and
regions under various climate conditions. Running the UWG model requires inputting
parameterized building and urban characteristics of the neighborhood. Building parameters
include building function, envelope specifications, and construction year (Table 3). This
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study defines the building type as a new medium-sized residential apartment building,
while maintaining the energy simulation configuration parameters listed in Table 3. The
climate zone is set to Zone 3A, but urban characteristics (such as traffic volume, road base
materials, and road albedo) are typically not considered.

Table 3. Energy simulation configuration parameters.

Parameter Setting
Weather data EPW files modified based on simulated
microclimate results of UWNG
Simulation period From 1 January to 31 December

Constructions Exterior_wall U value = 0.59 W/m2-K
Exterior_roof U value = 0.20 W/m?2.K
Exposed_floor U value = 0.39 W/m?.K
Ground_wall U value = 2.89 W/m?-K
Ground_roof U value = 0.40 W/m?2-K
Ground_floor U value = 2.01 W/m?2-K
Window U value = 2.40 W/m?2-K

Window Ratio Parameters 0.25

Watts_per_area 25 W/m?
COP Coefficient of Performance 45

The Bee plugin uses the EnergyPlus engine to simulate the energy demand of the
neighborhood. Under the guidance of the U.S. Department of Energy, the comprehensive
building energy simulation program EnergyPlus was developed and is now widely used
in engineering and academic fields [83]. The calculation of the total energy consumption
intensity for the building is shown in Table 2. For each room, the monthly energy consump-
tion data for that component (in kWh) is obtained. If a regional multiplier (i.e., the room is
duplicated) exists, the energy consumption of each room is multiplied by the multiplier.
The energy consumption of all rooms in the same month is summed to obtain the total
energy consumption for that month. The monthly total energy consumption is divided by
the total floor area of the entire model (unit: square meters) to obtain the monthly energy
consumption per unit area (kWh/m?). For cooling and heating, it is further divided by the
corresponding COP (Coefficient of Performance). Finally, the energy consumption of all
12 months is summed to obtain the annual total energy consumption per unit area for that
component (kWh/ m?).

3.4.2. Sunlight Hours

This study evaluates a neighborhood’s daylighting performance by using the number
of hours of south-facing sunlight received on the first floor of a building during the coldest
day (SH) as an indicator. SH is presently a required metric in China’s building regulations
(GB 50180-2018, [84]) to assess the daylighting efficacy of residential structures. The
Chinese “Standards for the Planning and Design of Urban Residential Areas” stipulate that
residential buildings must receive a minimum of 2 h of continuous sunlight on the coldest
day of the year, specifically from 8:00 to 16:00 on this day, which typically occurs around
20 January.

This study employed the sunlight duration analysis calculator from the Ladybug plu-
gin to determine sunlight duration, incorporating inputs like weather files and simulation
cycles. The simulation period was established for 20 January, the coldest day, from 08:00 to
16:00. Reference points were established at 1 m intervals on the south-facing windowsills
of each building within the block, and sunlight duration was recorded at a height of 0.9 m
above ground level. Table 2 presents the following variables: n represents the total number
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of test points, At indicates the time step, NV signifies the total number of solar vectors, Vij
reflects the visibility of the jth solar vector from the ith point, and the overall daylighting
performance of the block is assessed by computing the average daylight hours across all
reference points within the block.

3.4.3. Universal Thermal Climate Index

This research utilizes the Universal Thermal Climate Index (UTCI) as the primary
metric for evaluating thermal comfort in outdoor urban environments. The UTCI is a
sophisticated metric derived from a human thermal equilibrium model that thoroughly
accounts for the interactive effects of multiple environmental and human factors, including
air temperature, mean radiant temperature, relative humidity, wind speed, and human
physiological parameters such as activity metabolic rate and clothing thermal resistance.
This method facilitates a thorough and physiologically sound assessment of human thermal
perception in intricate outdoor settings.

The analysis timeframe was designated as 12:00 to 14:00 on 25 July. Parameters in-
cluding air temperature, mean radiant temperature, and relative humidity were extracted
from the EPW meteorological file for that day and subsequently input into the Ladybug
tool for simulation. The simulation process assessed the primary radiative components
influencing the human body in outdoor settings, encompassing solar shortwave direct radi-
ation and longwave radiation exchange between the human body and the sky, along with
environmental surfaces, such as buildings, specifically regarding mean radiant temperature.
To evaluate the distribution of thermal comfort at the site scale, a series of fixed-position
points was established within the site area, with the locations determined as pre-selected
random samples to optimize computational resources and efficiency. At a height of 1.7 m,
representing pedestrian height, buildings served as obstructions to impede direct solar
radiation and sky view (Sky View Factor) (Context). The environmental parameters—air
temperature, average radiation temperature, relative humidity, and wind speed—derived
from the aforementioned simulation at each location were utilized as inputs for the UTCI
calculation in Ladybug’s “LB UTCI Comfort” component. The UTCI values from all se-
lected points were averaged to establish a primary optimization target of this study: the
Average Universal Thermal Climate Index (Average UTCI). This simulation was limited
to buildings as the primary radiation-blocking elements due to computational resource
constraints, excluding other potential obstructions such as vegetation and small structures.
The UTCI values derived from the simulation may exceed those measured in complex
real-world environments.

3.5. Multi-Objective Optimization

This study leverages a parametric modeling platform, where genetic algorithms have
been widely applied to solve multi-objective building performance optimization problems.
This research utilizes the Wallacei plugin within the Grasshopper platform to conduct multi-
objective collaborative optimization of neighborhood performance, primarily employing
the NSGA-II (Nondominated Sorting Genetic Algorithm II) algorithm. This algorithm
models biological evolutionary processes to effectively identify the Pareto optimal solution
set (Pareto Front) within intricate solution spaces, focusing on conflicting objectives. The
core advantage of NSGA-II lies in its dual strategy of nondominated sorting and crowding
distance. The former guarantees the convergence of solutions towards the global optimum,
whereas the latter preserves solution diversity by encompassing a broad spectrum of design
possibilities. The mathematical principles are defined as follows:

The initial formula presents an optimization problem comprising M objective functions
fk (k=1,2, ..., m) and N design variables xi (i = 1, 2, ..., n), with X representing the
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constraint space for the design variables. In the second formula, Xa and Xb represent two
candidate solutions (i.e., combinations of design variables). The notation fk (xa) indicates
the value of solution xa at the kth objective function. The symbol V signifies “holds for all
objective functions,” while 3 indicates “holds for at least one objective function.” If xa is not
worse than xb on all objectives and is better on at least one objective, then xa dominates xb;
The third formula quantifies the sparsity of solutions within the same non-dominated level
Fi, aiming to avoid local clustering. Here, di represents the crowding distance of solution i; a
larger value indicates sparser surrounding solutions and improved diversity. Upon sorting
fk (i + 1) and fk (i — 1) in ascending order by objective k, the objective values of the two
adjacent solutions to solution i are denoted as fkmax and fkmin, representing the maximum
and minimum values of objective k within the current level Fi. The denominator fkmax —
fkmin standardizes the range of values for objective k to prevent dimensional discrepancies.

{ Min Fx) = [A), (%), fun(0)] (1)

st. xe X

{‘v’k €{1,2,...,m}: fr(xa) < fr(xp) 2
dk e {1,2,...,m} : fr(xa) < fr(xp)

= f}:nax _ f]zm’n

This research seeks to employ multi-objective optimization algorithms to develop sus-
tainable urban neighborhood designs that optimize sunlight exposure, minimize building
energy consumption, and enhance photovoltaic power generation. Three optimization ob-
jectives were identified: minimizing total building Energy Use Intensity (EUI), minimizing
the Average Universal Thermal Climate Index (Av.UTCI), and maximizing average south-
facing first-floor sunlight hours on the coldest day (SH). This study’s objective function is
outlined as follows:

9
fi(bt,bf,08) = min)_ EUI; 4)
i=1
1 &
fa(bt,bf,0s) = max—— Y _ SH, (5)
NP p=1
13
f3(bt,bf,0s) = minﬁp Z:l Uurci, (6)
p=

beB={C—1,U-11-15-1,S-2,L—1,P—1,T—1,T -2}
bf; € ZtN[1,30](i=1,2,...,9)
os; € No(Layout random seeds)
FAR = g(bt,bf) < 2.5

{ )

Within this context, f1, £2, and f3 denote three optimization objective functions. Np
indicates the quantity of thermal environment sampling points established at the site, while
bti, bfi, and osi are design variables that correspond to building type, number of floors,
and random seeds for building layout, respectively. The FAR delineates the limitations
on design variable values, with all derived block forms required to satisfy the constraint
that FAR is less than or equal to 2.5. To clarify the functional relationship between the
objective function and design variables, we provide detailed mathematical expressions and
computational procedures in Appendix A. For further details, please refer to Appendix A.
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The NSGA-II (Non-Dominating Sorting Genetic Algorithm with Elite Strategy) process
generally proceeds as follows (Figure 5): First, initialize the population and set the initial
generation number Gen = 0; Next, perform non-dominated sorting: if the population
classification is incomplete, identify non-dominated individuals, assign them “virtual
fitness”, and perform sharing operations within the current front while updating the front;
once population classification is complete, execute reproduction operations (including
selection, crossover, and mutation) based on virtual fitness; Then, check if the current
generation number is less than the maximum generation maxgen. If less, increment the
generation number by 1 and repeat the process; if reached, the algorithm terminates.

(o)

v

Initialize
population
Gen=20

)

identify
Nondorminate
individuals

§ assign
reproduction dumm§ fitness
according to _
dummy fitness ‘sharmg n
] |current front

Y
Gen = Gen +1 | ’ crossover ’ ‘front — front + 1

mutation

Yes
gen<maxgen

No
Stop

Figure 5. NSGA-II Algorithm Flowchart.

This algorithm efficiently solves multi-objective optimization problems by combining
non-dominated sorting for decomposing the problem into superior and inferior regions, an
elite retention strategy (preserving superior individuals), and density comparison (main-
taining population diversity). It enhances computational efficiency and solution quality.

4. Simulation and Result Analysis
4.1. Overall Optimization Trend Analysis
4.1.1. Multi-Objective Optimization (The First Simulation)

This study employed a workstation with an AMD Ryzen 7 5800H processor (3.2 GHz)
(Advanced Micro Devices, Inc., Santa Clara, CA, USA) to perform all simulations and opti-
mizations. The initial multi-objective run used a population size of 40 and 50 generations,

producing about 2000 design solutions in approximately 25 h (parameter settings are listed
in Table 4).
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Table 4. First simulation parameters.
Generation Generation Crossover Mutation Random Seed
Size Count Probability Probability
40 50 0.9 Default 1

Figure 6 summarizes the iterative behavior of the three objectives: average sunshine
hours (Av.SH), energy use intensity (EUI), and average UTCL For Av.SH (Figure 6a,d), the
standard-deviation curve narrows and the mean rises rapidly within the first 30-35 gener-
ations before stabilizing, indicating that solutions quickly converge toward higher solar
exposure while maintaining moderate diversity. The slight late-stage fluctuation reflects the
trade-off between taller tower forms, which improve ground-level sun access, and denser
mid-rise blocks, which introduce intermittent shading. For EUI (Figure 6b,e), the variation
remains small (=91.7-93.3 kWh/m?). Because envelope parameters were held constant,
energy demand is driven mainly by building massing and orientation; the limited spread
confirms that geometry alone exerts a modest influence compared with envelope perfor-
mance. For Av.UTCI (Figure 6¢,f), the mean decreases slightly after an early rise, while
the distribution widens. This reflects the complex micro-climatic response in hot-humid
Wubhan: taller, more open layouts enhance ventilation and reduce radiant loading for some
configurations but can also increase heat exposure in open plazas, producing higher vari-
ability. Absolute UTCI values remain high (>40 °C), which indicates that although relative
comfort improves among Pareto-optimal solutions, extreme summer heat stress persists.
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Figure 6. Trends in different objectives in the optimization process (First simulation). (a) Av.SH (h)
Standard Deviation Graph of Av.SH. (b) Standard Deviation Graph of EUL. (c) Standard Deviation
Graph of Av.UTCI. (d) Mean Values Trendline of Av.SH. (e) Mean Values Trendline of EUL. (f) Mean
Values Trendline of Av.UTCI.

Overall, the three objectives show rapid convergence of their mean values within
roughly 30-35 generations, followed by small oscillations as the algorithm refines the Pareto



Sustainability 2025, 17, 9724

17 of 29

front. To enhance robustness and explore a broader solution space, subsequent experiments
will employ larger populations, more generations, and adjusted crossover/mutation proba-
bilities, with hyper-volume and generational-distance metrics to monitor convergence.

4.1.2. Multi-Objective Optimization (The Second Simulation)

The second optimization employed 100 generations with a crossover probability of
0.8 and a mutation probability of 0.5 (Table 5). Figure 7 summarizes the iterative behavior
of the three objectives: average sunshine hours (Av.SH), energy use intensity (EUI), and
average UTCIL. Av.SH rose quickly and stabilized after roughly 30-35 generations, while
EUI reached its mean plateau around generation 70. Both show narrowing standard-
deviation curves, indicating convergence despite minor late-stage oscillations. In contrast,
Av.UTCI peaked within the first 8 generations and then fluctuated slightly but remained
high (>44 °C), reflecting persistent extreme summer heat and the competing effects of more
open layouts that improve ventilation yet increase radiant exposure. The narrow EUI range
(~91.7-93.4 kWh/m?) again shows that fixed envelope properties limit energy sensitivity
to geometric changes.

Table 5. Second simulation parameters.

Generation Generation Crossover Mutation Random Seed
Size Count Probability Probability
40 100 0.8 0.5 1
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Figure 7. Trends in different objectives in the optimization process (Second simulation). (a) Av.SH(h)
Standard Deviation Graph of Av.SH. (b) Standard Deviation Graph of EUL (c) Standard Deviation
Graph of Av.UTCI. (d) Mean Values Trendline of Av.SH. (e) Mean Values Trendline of EUL. (f) Mean
Values Trendline of Av.UTCI.

Figure 8 provides additional perspective through a fitness-value chart and a parallel-
coordinate plot. Av.SH spans 4.9-7.9 h, EUI 91.7-93.4 kWh/m?, and Av.UTCI 44.1-45.5 °C.
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Lines in the parallel-coordinate plot transition from blue to red as generations advance,
illustrating that candidate solutions cover the full range of each objective and that vari-
ability persists across the Pareto front without complete convergence. Overall, the larger
population and longer run broadened the explored design space but confirmed that mean-
ingful comfort gains will require additional strategies, such as vegetation, higher-albedo
materials, or adaptive envelopes—beyond pure block-form optimization.
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Figure 8. Fitness Value Chart and Parallel Coordinate Plot (Second simulation). (a) Fitness Values
Graph of Av.SH. (b) Fitness Values Graph of EUL. (c) Fitness Values Graph of Av.UTCI. (d) Parallel
Coordinate Plot.

4.2. Distribution of Pareto Optimal Solutions

Figure 9 visualizes the feasible solution space and the Pareto front for the three-
objective optimization. In the 3-D scatter plot (Figure 9a), gray points represent all feasible
solutions, red points are Pareto-optimal solutions, and the translucent blue surface out-
lines the non-dominated front defined by average sunshine hours (Av.SH, h), energy use
intensity (EUI, kWh/m?), and average UTCI (°C). Projections on the two-objective planes
(Figure 9b—d) reveal key trade-offs: Av.SH and Av.UTCI show a clear negative correlation—
improving solar access generally raises thermal stress, while the Av.UTCI-EUI relationship
is nonlinear, indicating multiple equilibrium patterns. These plots confirm strong conflicts
among the three objectives and highlight the boundary-clustering of Pareto solutions where
competing goals are most efficiently balanced.

Figure 10 compares the distributions of feasible versus Pareto solutions for each
objective using box plots. For Av.SH and EUI (Figure 10a,b), feasible solutions have
slightly higher medians and wider interquartile ranges, reflecting greater variability and the
presence of extreme values. Pareto solutions exhibit narrower spreads and lower medians,
signifying more stable energy performance and better multi-objective balance. For Av.UTCI
(Figure 10c), the Pareto set again shows a lower, more concentrated median, indicating
improved thermal comfort consistency despite the hot-summer context. Overall, the Pareto
front achieves superior stability by modestly sacrificing performance on single objectives
to deliver designs that better reconcile solar access, energy use, and outdoor comfort.
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Figure 9. Pareto Front and Two-Dimensional Projection Analysis for Multi-Objective Optimization.
(a) 3D Pareto Front of Av.SH, EUI, and Av.UTCI. (b) 2D Projection of Av.SH vs. EUL. (c) 2D Projection
of Av.SH vs. Av.UTCI). (d) 2D Projection of EUI vs. Av.UTCI.
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Figure 10. Comparison of the distribution differences between feasible solutions and Pareto solutions
across various objectives. (a) Boxplot comparison of Av.SH for feasible vs. Pareto solutions; (b) Boxplot
comparison of EUI for feasible vs. Pareto solutions. (c) Boxplot comparison of Av.UTCI for feasible
vs. Pareto solutions.

4.3. Design Variable Analysis

Figure 11 presents a correlation heat map that visually represents the distribution
characteristics of Pearson correlation coefficients among various variables, indicated by
color intensity and numerical values. The horizontal and vertical axes denote the nine
variables: C-1, U-1, I-1, 5-1, S-2, L-1, P-1, T-1, and T-2. The diagonal values are all 1.00,
signifying that each variable exhibits perfect positive correlation with itself. The color
scale progresses from dark purple, indicating a negative correlation, to bright yellow,
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C-1

-0.08 0.14 0.18 021 0.17

representing a strong positive correlation, aligned with a numerical range of —1 to 1. The
heat map indicates that correlations among various variables are predominantly low to
moderate, with most correlation coefficients ranging from —0.2 to 0.4. The correlation
coefficient between U-1 and S-1 is 0.41, suggesting a moderate positive correlation, whereas
T-1 and C-1 show a weak negative correlation of —0.17. The correlation coefficient between
P-1 and T-1 is 0.44, representing one of the highest non-diagonal correlation values in the
figure, indicating a relatively strong consistency in their data distributions. Furthermore,
certain variable combinations, including I-1 and S-2 (—0.14) and T-1 and S-1 (—0.14), exhibit
minor negative correlations; however, the overall trend lacks significance.
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Figure 11. Correlation Heat Map.

Figure 12 shows the parallel-coordinates plot (PCP) of the nine design variables (C-1,
U-1, I-1, 51, S-2, L-1, P-1, T-1, T-2) based on 4000 sampled solutions. Each colored polyline
represents one design and the color shift from purple to yellow tracks the optimization
sequence. Variables C-1, U-1, and I-1 are mostly confined to values of 1-3, indicating
limited design flexibility, while S-1 and S-2 span roughly 4-9 and T-1 and T-2 extend to
13-19, reflecting wider exploration and greater degrees of freedom. Dense intersections
between S-1 and S-2 reveal a strong mutual dependence: changes in one strongly affect
the other. In contrast, T-1 and T-2 display relatively parallel, stable trajectories, suggesting
weaker coupling or synchronized adjustments.
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Figure 12. Parallel coordinate optimization trajectory diagram of floor number design variables.

The color progression highlights the optimization dynamics. Early iterations (purple)
are widely scattered across all variable ranges, demonstrating a broad initial search of the
design space. Later iterations (yellow) cluster toward specific value bands, especially on
5-1, 5-2, and T-2, indicating convergence toward preferred design combinations. These
patterns identify S-1, S-2, and T-2 as key drivers of the final Pareto-optimal solutions and
provide insight into which parameters most strongly influence neighborhood form in the
multi-objective optimization.

Figure 13 presents a scatter matrix diagram that facilitates the analysis of pairwise rela-
tionships among nine design variables (C-1, U-1, I-1, 5-1, 5-2, L-1, P-1, T-1, T-2) as well as the
evolutionary characteristics of these variables throughout the optimization iterations. The
total volume of data comprises 4000 samples. The main diagonal in the figure illustrates the
distribution of each variable, exhibiting a clear characteristic of discrete values. The remain-
ing subplots illustrate the scatter distribution relationships between pairs of variables, with
each point denoting a sample. The colors vary from dark purple to light yellow, reflecting
the progression of optimization iterations or sample numbers from initial to later stages.
Certain variables demonstrate clear patterns or constraints in their overall distribution char-
acteristics. The scatter plot between S-1 and S-2 exhibits a diagonal distribution, indicating
a strong correlation or influence from specific constraints between the two variables. In
contrast, the scatter plot between T-1 and T-2 is more dispersed, suggesting a relatively
independent relationship between these variables. The scatter plots for variables C-1, U-1,
and I-1 exhibit a more dispersed matrix pattern when analyzed with other variables. This
suggests that these variables demonstrate greater independence in optimization design or
exhibit weaker direct connections with the other variables. The color distribution eluci-
dates the dynamic characteristics inherent in optimization iterations. Initial samples (dark
purple) are more widely dispersed across most subplots, encompassing various areas of
the variable space, which illustrates the optimization algorithm’s extensive initial search of
the solution space. In contrast, subsequent samples (light yellow) increasingly focus on
specific areas, exhibiting greater clustering in subplots associated with variables such as
S-1,5-2, and T-2, signifying the algorithm’s convergence towards a restricted solution set
region throughout the iterations. This convergence phenomenon indicates that specific
combinations of variables are critical to achieving the final optimized solution.
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Figure 13. Scatter Matrix.

4.4. Comparison of the Performance of the Selected Solutions

To evaluate how different Pareto-optimal layouts perform across the three objectives,
average daily sunshine hours (Av.SH), energy use intensity (EUI), and average UTCI—
representative solutions from the 99th generation (Indices 0, 1, 2, 4, 5, 6, 14, 17, 19, 21, 22,
24,25, 31, 33, 35, 36, 37, 38, 39) were compared (Figure 14).

Av.SH ranges from 4.29 h (Index 1) to 7.92 h (Index 4), with most schemes between
5.0 and 7.5 h, showing clear trade-offs in solar access. EUI remains tightly clustered
between 91.7 and 93.3 kWh/m?, reflecting stable energy demand under the fixed envelope
conditions. UTCI varies from 44.15 °C (Index 1) to 45.29 °C (Index 22), a modest spread
that still represents strong summer heat stress.

A clearer pattern emerges when the spatial forms are examined. Layouts with moder-
ate density and a balanced height mix of low- to mid-rise buildings, such as Indices 1 and
17, consistently achieve higher Av.SH and lower UTCI without increasing EUI. Conversely,
dispersed footprints or clusters of tall towers reduce ground-level solar access and raise
outdoor thermal stress. Compact but evenly distributed blocks therefore provide the best
compromise: roughly 40-60% mid-rise (4-8 stories) combined with a limited share of taller
elements (<18 m) to promote shading balance and cross-ventilation. Designers seeking
minimal energy use can adopt layouts similar to Index 0, which delivers the lowest EUI,
but at the cost of slightly poorer comfort indicators.

This comparative analysis demonstrates that the multi-objective framework not only
identifies Pareto solutions but also yields actionable design guidance: favor compact,
moderately dense neighborhoods with a graded height.
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Gen:99-Ind:0 Gen:99-Ind:1 Gen:99-Ind:2 Gen:99-Ind:4 Gen:99-Ind:5

AvSH(H) 730 4.29(min) 694 7.92(max) 778
EUIkWh/m?) 91.72(min) 9238 9332 93.10 93.14
AvUTCIO 1447 44.15(min) 4486 4517 4510

Gen:99-Ind:19

Av.SH(H) 724 501 5.87 4.60 746
EUIkWh/m?) 9278 9267 91.84 92.46 91.96
AvUTCI) 45.29(max) 44.22 44.52 44.25 44.49

Av SH(H) 730 714 75 759 681
EUIkWh/m2) 91.76 91.89 91.99 9214 9218
AvUTCI) 4452 44.60 44.58 4522 45.15

Gen:99-Ind:38 Gen:99-Ind:39

Av.SH(H) 526 6.72 485 473 5.99
EUIkWh/m?) 92.10 93.16 9261 9245 92.36(max)
AvUTCI) 4443 4481 44.45 4418 44.62

Figure 14. Performance comparison of selected schemes.

5. Discussion and Conclusions

5.1. Implication of This Study
5.1.1. Interrelationships Between Different Objectives

Representative Pareto optimal solutions in the 99th generation (indices 0, 1, 2, 4, 5,
6,14, 17,19, 21, 22, 24, 25, 31, 33, 35, 36, 37, 38, 39) reveal trade-offs between average
sunshine hours (Av.SH), energy use intensity (EUI), and average UTCI (Figure 13). Av.SH
values ranged from 4.29 h (Index 1) to 7.92 h (Index 4), indicating significant variations
in solar gain conditions. With fixed envelope characteristics, EUI values remained within
a narrow range of 91.7-93.3 kWh/m?. UTCI ranged from 44.15 to 45.29 °C, meaning
that while certain layouts reduced thermal stress, all schemes faced extreme summer
heat. This framework mitigates rather than eliminates discomfort. Furthermore, since
this study did not incorporate greening or cooling technologies, UTCI fell far short of
conventional thermal comfort standards. Indicator 1 achieves optimal average sunshine
duration (Av.SH) and lowest thermal stress index (UTCI), though with a slightly higher
energy consumption index; Indicator 0 minimizes energy consumption at the expense of
daylighting and comfort. Spatial form dictates these outcomes: highly uniform, progressive
compact layouts simultaneously improve average sunlight duration and UTCI, whereas
dispersed building clusters or tower clusters worsen both metrics. Note, however, that
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these conclusions apply only to a single extreme summer day, fixed building envelopes,
and conditions without vegetation. Future research must incorporate greening measures,
high-reflectance materials, or adaptive curtain wall systems to enhance comfort; otherwise,
these optimization strategies cannot be widely implemented.

5.1.2. Impact of Design Variables on Block Performance

Analysis of design-variable distributions and performance indicators shows that
building height is the primary driver of neighborhood performance. Low-rise blocks (C-1,
U-1, I-1, 1-3 floors) reveal that increasing floors beyond 2-3 reduces average sunshine
hours (Av.SH) and slightly raises energy use intensity (EUI) without improving average
UTCI, so keeping them at 2-3 floors maintains openness while satisfying floor-area ratio
requirements. Mid-rise blocks (S-1, S-2, L-1, 4-12 floors) have the strongest impact: when
their heights exceed about 6-8 floors, sunshine hours drop sharply, EUI increases, and heat
accumulation elevates UTCI, indicating that limiting these buildings to roughly 6-8 floors
preserves ventilation corridors and moderates outdoor heat. High-rise groups (P-1, T-1,
T-2, 13-30 floors) exert a more complex influence: dense clusters block solar access and
raise UTCI, while too few high-rises lower overall density and increase per capita energy
demand. Pareto-optimal schemes such as Indices 1 and 17 show that a limited share
of high-rises around 15-20 stories, strategically placed to avoid shading key courtyards,
provides the best balance. Overall, for hot-summer, cold-winter neighborhoods like Wuhan,
the recommended composition is about 40-50% low-rise (2-3 floors), 30—40% mid-rise
(6-8 floors), and 15-20% high-rise (15-20 floors) arranged to maintain open ventilation
corridors, a mix that optimizes solar access, limits energy demand, and mitigates outdoor
heat stress within the constraints of the current model.

5.2. Conclusion and Future Work

This study proposes a multi-objective optimization framework for urban block form
and, through its application to a case study in Wuhan, reveals the potential and trade-offs of
block form in balancing daylighting, energy consumption, and thermal comfort objectives.
However, several limitations exist in this research, which also point to clear and specific
directions for future improvements.

First, the design variables are relatively simplified, primarily focusing on building
types and story counts. Future studies should incorporate other key morphological pa-
rameters significantly influencing block performance, such as building spacing, setbacks,
roof greening, fagade material reflectance, and ground surface materials, to more com-
prehensively capture the complexity of real urban environments. Second, three major
limitations exist in performance simulation and evaluation: (1) Outdoor thermal comfort
(UTCI) assessment relied solely on single-day static simulations during the hottest sum-
mer period, failing to reflect annual dynamic thermal variations or the frequency and
duration of extreme heat stress events. Future work should conduct year-round dynamic
simulations and incorporate cumulative metrics like thermal discomfort duration. (2) The
simulated scenarios represent purely “hard” built environments, neglecting the impact
of ecological cooling measures like greenery and water bodies. Integrating vegetation
(e.g., tree canopy) and blue-green infrastructure will be crucial steps to enhance model
realism and optimize ecological benefits. (3) Evaluation dimensions can be expanded to
incorporate multiple sustainability metrics such as wind environment, carbon emissions,
and stormwater management, enabling more comprehensive performance optimization.
Third, at the optimization algorithm and framework level, constrained by computational
costs, the population size and iteration count employed in this study may limit the full
convergence of the Pareto frontier. To enhance optimization efficiency and robustness,
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a key direction involves developing and integrating machine learning proxy models to
replace computationally expensive physical simulations, thereby supporting larger-scale
exploration and uncertainty analysis. Additionally, while this framework currently oper-
ates under static assumptions, future iterations could incorporate temporal dimensions
(e.g., seasons, day-night cycles) and pedestrian behavior models to enhance responsiveness
to dynamic usage demands.

Finally, regarding empirical validation and practical application, the study’s conclu-
sions have not yet been verified against field monitoring data. Critical next steps include
post-evaluation, on-site measurements, or cross-validation with more detailed CFD simula-
tions to assess model reliability. Simultaneously, translating research findings into practice
is crucial. Exploring how to integrate the optimized morphological guidelines (e.g., height
zoning recommendations) with China’s Green Building Evaluation Standards and urban
design guidelines will enhance the methodology’s practical impact. By deepening these
directions, the proposed framework holds promise for significant advancement in both
scientific rigor and practical guidance value.
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Nomenclature

The following abbreviations are used in this manuscript:

Abbreviation Explanation

Av.SH (h) Average Sunshine Hours (h)

EUI (kWh/m?) Energy Use Intensity (kWh/ m?)

Av.UTCI (°C) Average Universal Thermal Climate Index (°C)

bt Building type index (genetic variable)

bf Building floor number (genetic variable)
UWG Urban Weather Generator

EPW EnergyPlus Weather file

NSGA-II Non-dominated Sorting Genetic Algorithm II
Appendix A

The design variable vector x (where bti, bfi, and osi are design variables corresponding
to building type, number of floors, and random seeds for building layout, respectively) is
transformed into a specific three-dimensional model G through the geometric generative
function ®(x). Building upon this foundation, the formula defines quantification methods
for three key performance indicators: Sunlight Hours (SH) are calculated by accumulating
the duration of direct solar exposure at sampling points during the evaluation period
(determined by the visibility function V_p,t (G)), then averaging this value to assess winter
daylighting potential at the site; UTCI is a comprehensive thermal comfort index that
integrates microclimate parameters—air temperature, mean radiant temperature derived
from the radiation exchange model, humidity, and wind speed—into an equivalent thermal
sensation temperature via a computational function, also spatially averaged; Annual Energy
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Use Intensity (EUI) is calculated by aggregating simulated energy consumption corrected
by monthly energy efficiency coefficients (COP_m) and dividing by total building floor
area, yielding a standardized energy efficiency metric.

x = {buibgis0si ;1= 1. Nytooks (A1)
G =P(x) (A2)
Vp,t(G) =1 (A3)
SHp =) cr  Vpi(G)At (A4)
Av.SH(x) = iZN*’ SH (A5)
) N, &=p=1"""F

UTCIl, = UTcClI (Tmr,p, Tinrt,p, RHp, vp) (A6)
Av.UTCI(x) = lZNP UrcI (A7)

) N, &p=1 P
EUI(x) = L1 Em(x)/COPy (A8)

Atotal
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