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Abstract: Performance parameters and generative design applications have redefined
the human–machine collaborative relationship, challenging traditional architectural de-
sign paradigms and guiding the architectural design process toward a performance-based
design transformation. This study proposes a multi-objective optimization (MOO) de-
sign approach based on performance simulation, utilizing the Grasshopper-EvoMass
multi-objective optimization platform. The Non-dominated Sorting Genetic Algorithm II
(NSGA-II) is applied to coordinate two performance metrics—outdoor thermal comfort
and building energy loads—for the multi-objective optimization of architectural design.
The results indicate that (1) a performance-based multi-objective optimization design
workflow is established. Compared to the baseline design, the optimized building form
shows a significant improvement in performance. The Pareto optimal solutions, under
2022 meteorological conditions, demonstrate an annual energy efficiency improvement of
16.55%, and the outdoor thermal neutrality ratio increases by 1.11%. These results suggest
that the optimization approach effectively balances building energy loads and outdoor
thermal comfort. (2) A total of 1500 building form solutions were generated, from which
16 optimal solutions were selected through the Pareto front method. The resulting Pareto
optimal building layouts provide multiple feasible form configurations for the early-stage
design phase.

Keywords: multi-objective optimization; building energy consumption; outdoor thermal
comfort; office buildings

1. Introduction
The rapid urbanization process is profoundly altering the urban climate, with extreme

weather events becoming more frequent, the urban heat island effect intensifying, and
carbon emissions rising globally [1]. Poor environmental conditions pose significant threats
to public health. Against the backdrop of climate and energy concerns, scholars worldwide
have begun to focus on urban form studies based on multiple performance indicators [2].
In the cold regions of northeast China, where winters are long and harsh, thermal comfort
significantly impacts the actual experience. Office buildings need to strike a balance
between functional demands, sustainability, and comfort. Multi-objective optimization
has become an effective tool [3], capable of simultaneously balancing various performance
metrics and adapting flexibly to external meteorological conditions.
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In recent years, generative design has developed rapidly. The application of perfor-
mance parameters and generative design has redefined the human–machine collaborative
relationship, breaking through traditional architectural design paradigms and guiding the
architectural design process toward a performance-based design transformation [4]. As
an iterative algorithm that coordinates multiple parameters, multi-objective optimization
is suitable for meeting the need to coordinate various goals in architectural design, and
it is crucial when balancing conflicting objectives [5–7]. This study selects a typical office
building in Dalian as the research sample and analyzes the influence patterns of multiple
factors through multi-objective optimization of architectural forms. The research aims to
explore strategies for performance-based design in cold regions and provide methods and
theoretical references for architects in the early-stage design of building forms.

Integrating multi-objective optimization methods into the conceptual phase of archi-
tectural design helps address the complex goals of achieving optimal energy efficiency
while enhancing thermal comfort. Current research on the application of multi-objective
optimization in architectural design can be categorized into three main areas. (1) From
the perspective of green buildings, research on multi-objective optimization design coordi-
nates multiple performance indicators (such as acoustics, lighting, and thermal properties
in building physics). Over the past decade, researchers in building performance have
focused on the role of artificial intelligence technologies in shaping architectural forms,
conducting extensive work in underlying algorithms, theoretical methods, and engineering
practices [5,8–10]. Architectural designers have applied multi-objective optimization to
various performance metrics. In 2016, Delgarm N. et al. [11] optimized building energy
consumption and indoor thermal comfort using the Multi-objective Artificial Bee Colony
(MOABC) algorithm. In 2021, Deb K. et al. [12] optimized materials for residential buildings
in cold regions, targeting building life cycle assessment (LCA) costs and CO2 emissions. In
2022, Jingjin Li et al. [13] conducted multi-objective optimization for a residential area in
Nanjing, using three volumetric combinations (horizontal, vertical, and hybrid) as variables,
targeting the floor area ratio and solar radiation. In 2024, Xian Zhang et al. [14] applied the
MOPSO algorithm to optimize indoor spaces, with objectives including visual effects and
energy efficiency. (2) From the perspective of urban design, multi-objective optimization is
applied at various scales (building, block, and city levels). Multi-objective optimization
is employed across multiple design scales (city—block—building—room—component).
In 2022, S. Mirzabeigi et al. [15] proposed a multi-objective optimization framework for
urban block-scale design using parametric design and energy consumption simulations. In
2024, Maksoud A. et al. [16] studied urban block optimization, coordinating solar radiation
intensity with flood resilience. In 2024, Abdul Mateen Khan et al. [17] used design–build
simulations combined with machine learning methods (LGBM and LIME) to predict and
optimize the energy efficiency of building units, achieving energy savings and reduced
carbon emissions through multi-objective optimization (MOO). In 2024, Juan Gamero
Salinas et al. [18] explored multi-objective optimization to balance the minimization of
indoor overheating time and the maximization of useful daylight, focusing on multiple
rooms within a building. (3) From the perspective of architectural form, research focuses
on generating combinations of forms based on multiple building performance indicators
through multi-objective optimization. In 2022, Hankun Lin et al. [19] developed a coupled
simulation method using tools such as Ansys Fluent, Ladybug, and Honeybee to simulate
the shading and wind effects of green facades. Regarding architectural form exploration,
research has primarily concentrated on the early design phase of overall building form
exploration. In 2023, Yu Li et al. [20] applied the multi-material bi-directional evolutionary
structural optimization (BESO) method to design the “Xiong’an Wing” large cantilever core
structure, improving the practical application of multi-material BESO methods in large-
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scale building designs. In 2024, Younes Noorollahi et al. [21] demonstrated the significant
role of climate conditions in optimizing building energy use by studying design parameters
such as building orientation, shading parameters, insulation thickness, temperature set
points, window-to-wall ratio, and roof insulation thickness.

The evaluation systems for the built environment are rich and diverse, with out-
door thermal comfort and building energy load both being criteria for assessing the built
environment. For cold regions, the outdoor environment in winter is harsh and often un-
comfortable, necessitating improvements in the built environment. Moreover, in response
to the societal call for low carbon emissions, office buildings should consider how to reduce
operational energy loads during the design phase. It is noteworthy that outdoor thermal
comfort and building energy load are interrelated, and with a reasonable architectural
layout, it is possible to coordinate these two evaluation indicators simultaneously. There-
fore, this study uses outdoor thermal comfort and building energy load as two evaluation
indicators, and based on these, formulates objective functions. It employs multi-objective
optimization methods to explore architectural forms.

Based on the above background, current research on the application of multi-objective
optimization in architectural design still has several limitations. (1) Limited scope of build-
ing types for optimization. Research primarily focuses on residential buildings, given
their higher frequency of use. However, there is a lack of multi-objective optimization
design studies for office buildings, especially office parks. (2) Optimization objectives need
further refinement. There are few studies that standardize the treatment of outdoor thermal
comfort and energy load. Existing research often uses default program methods to balance
various performance metrics, applying trade-off factors to standardize multiple perfor-
mance indicators, thus enabling better coordination of optimization objectives. (3) Few
integrated workflows for multi-objective optimization and generative design. Current
multi-objective optimization research typically focuses on idealized models, leading to
results that are combinations of permutations rather than generating new design solutions.
Parametric generative design addresses this gap, and integrating generative design with
multi-objective optimization can better guide architects in early-stage form generation.

This study aims to investigate multi-objective optimization design for office parks in
cold regions, focusing on coordinating annual energy loads and outdoor thermal comfort,
with an emphasis on form changes and optimization potential under multi-objective
optimization conditions. The main objectives of the research are as follows. (1) To establish
a broadly applicable performance-based simulation workflow (focusing on building energy
loads and outdoor thermal comfort) to create a quantitative evaluation system for the
built environment. (2) To perform climate and form adaptability settings for urban areas
in cold regions (modifying meteorological data based on the urban heat island effect),
thereby enhancing the accuracy of performance simulation workflows. (3) To explore the
possibilities of architectural forms within a plot by combining multi-objective optimization
with generative design under constraints such as building form parameters (floor area ratio,
number of stories, enclosure degree, etc.).

The remainder of this paper is structured as follows. Section 2 describes the research
methods, including performance indicator simulation programs, generative design parame-
ter settings, and data analysis and visualization techniques. Section 3 presents the research
results, focusing on the exploration of the multi-objective optimization process and the
various form outcomes generated by generative design. Section 4 discusses the results and
the potential for performance improvement through optimization, as well as the limitations
of the study. Section 5 provides conclusions and future outlook.
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2. Methodology
This study combines generative design and multi-objective optimization methods to

create a design workflow, focusing on optimization directions such as outdoor thermal
comfort and building energy consumption, as shown in Figure 1. The research spans
three stages, from subjective perception to performance improvement in the built envi-
ronment: (1) perception detection; (2) analysis, diagnosis, and management; (3) quality
efficiency improvement. Furthermore, the research involves five specific steps: (1) subjec-
tive perception; (2) urban modeling; (3) building performance simulation; (4) block scale
building form generation; and (5) multi-objective genetic optimization.
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In the morphological generation process, parameters such as enclosure ratio, building
height, floor area, floor area ratio, and orientation offset angle are selected. Rhino and Evo-
Mass are used as modeling and parametric form generation platforms, while Ladybug Tools
serves as the performance simulation platform, simulating outdoor thermal comfort and
annual building energy consumption [22,23]. The Universal Thermal Climate Index (UTCI)
is used as the performance metric for outdoor thermal comfort, supplemented by secondary
indicators such as Predicted Mean Vote (PMV), Mean Radiant Temperature (TMRT), Sky
View Factor (SVF), and Air Temperature (Ta). Energy Use Intensity (EUI) is used as the
performance metric for building energy consumption, with sub-metrics including heating
energy consumption (Heat Generation), air conditioning and refrigeration (Chiller), lighting
energy consumption (Lighting), other electrical equipment (Equipment), and total energy
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load (Total Load) [24,25]. Using the generative design program [26–28], multiple form
indicators are selected as optimization targets, iterating and optimizing within a multi-
objective optimization cycle.

2.1. Research Location

Dalian (latitude 38.91◦ N, longitude 121.61◦ E) is a major city and sub-provincial
municipality in China, with a permanent population of 7.539 million and a total area of
12,574 km2. Located at the southernmost point of northeast China, Dalian consists of
10 districts and counties, including Zhongshan District, Shahekou District, Xigang District,
Ganjingzi District, Pulandian District, Changhai County, Jinzhou District, Zhuanghe City,
Wafangdian City, and Lushunkou District. The city has a temperate monsoonal climate with
maritime characteristics, featuring mild winters and warm summers with distinct seasons.
The average annual temperature is 10.5 ◦C, with annual precipitation ranging between
550 and 950 mm and total annual sunshine duration between 2500 and 2800 h. In recent
years, the occurrence of extreme weather events in China has increased [29], with both
summer heatwaves and harsh winter cold significantly impacting urban thermal perception,
inevitably increasing the use of air conditioning, heating, and other electrical equipment.

The study site is located in the Huaxin Industrial Park, Ganjingzi District, Dalian, as
shown in Figure 2. The designated plot spans 126,000 m2. The existing building on-site
is an L-shaped office building with built structures on the south and east sides and open
spaces to the north and west. An urban road on the south side connects the site with its
surroundings. To the southwest and north of the site are office and residential buildings,
respectively, arranged as linear standalone blocks. A digital model of the existing buildings
and site conditions was created using the Grasshopper-Elk urban modeling workflow. This
model was integrated with a multi-objective optimization design method to optimize the
form of office buildings within the site.
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map, and there are no modifications to the map. The map review number is GS (2016) 1552.

This section offers context regarding the research location, climate, and site-specific
characteristics, emphasizing the practical challenges faced by the design process. The
detailed modeling workflow, combining urban-scale modeling with form optimization,
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provides a foundation for generating adaptive and high-performance design solutions
tailored to Dalian’s climate and urban environment.

2.2. Energy Load Simulation

In its broad definition, building energy consumption refers to the total energy used
throughout the entire life cycle of a building, including the production and transportation of
building materials, the construction phase, the operational phase, and the demolition phase.
In a narrower sense, building energy consumption specifically refers to the energy used
during the operational phase, encompassing heating and air conditioning, lighting, and
equipment energy use. The primary energy sources include water, electricity, natural gas,
coal, and biomass. This study focuses on passive design strategies, which are significantly
influenced by building morphology [30] and are directly controlled by architects. Active
systems, such as heating, ventilation, and air conditioning (HVAC) system design [31],
are beyond the scope of this research. The building energy consumption simulation only
considers the operational phase [32,33], excluding the energy required for construction
and demolition.

To simplify the building energy simulation calculations [34–36], the building envelope
is modeled as a zero-thickness plane with a certain thermal resistance. This approach aligns
with the guidelines outlined in the “General Specification for Building Energy Efficiency
and Renewable Energy Utilization (GB55015-2021 [37])” for the cold A and B zones in
China. The thermal transmittance of the building envelope has a significant impact on
heating energy consumption, as heat loss due to the temperature difference between indoor
and outdoor spaces during the heating season is dominant. The window-to-wall ratios for
south-, north-, east-, and west-facing walls are set at 0.55, 0.35, and 0.40, respectively. The
thermal transmittance values for external walls, roofs, and floors are set to 0.35 W/m2·K,
0.25 W/m2·K, and 0.35 W/m2·K, respectively, with heating energy consumption for cold
regions calculated at 82 MJ/(m2·a). The hourly occupancy rates are shown in Table 1.

Table 1. Room occupancy rates (in percent).

Time

Building
Type 1 2 3 4 5 6 7 8 9 10 11 12

Office
Building

Weekdays 0 0 0 0 0 0 10 50 95 95 95 80
Holidays 0 0 0 0 0 0 0 0 0 0 0 0

13 14 15 16 17 18 19 20 21 22 23 24
Weekdays 80 95 95 95 95 30 30 0 0 0 0 0
Holidays 0 0 0 0 0 0 0 0 0 0 0 0

The building energy consumption simulation utilizes the Honeybee 0.0.69 plugin from
Ladybug Tools 1.6.0, which allows Rhino 7.0 models to be imported into EnergyPlus 9.5.0
and OpenStudio 3.4.0 for energy analysis. The steps for the building energy simulation
experiment are as follows. (1) Model validation: Import the model into Grasshopper 2.0 to
check for and eliminate any overlapping surfaces. Once the model is verified, import it into
Honeybee, assigning material properties to components such as external walls, roofs, and
floors based on predefined parameters. (2) Setting basic parameters: Define the schedule
based on the functional zoning requirements and input the local climate data for Dalian,
provided by the national meteorological service. (3) Building the energy model: Construct
the Building Energy Model (BEM) within Honeybee. The model primarily consists of HB
Room and Context, where HB Room includes elements such as HB Object, Construction
Set, Program, and Conditioned space definitions. (4) Generating energy simulation results:
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Simulate to output annual Energy Use Intensity (EUI), heating energy consumption, and
cooling energy consumption. The energy use is calculated in units of kWh/m2. (5) Visu-
alization of simulation results: Organize the energy consumption data, make necessary
adjustments, and use Origin software 2023 to visualize the experimental results.

2.3. Outdoor Thermal Comfort Simulation

Thermal comfort, also known as thermal satisfaction or thermal comfort level, refers to
the human body’s feedback on the comfort level of the thermal environment [38]. Research
on thermal comfort initially began in the fields of indoor environmental design and heating,
ventilation, and air conditioning (HVAC), later expanding to outdoor spaces in landscape
architecture, specifically referred to as outdoor thermal comfort. Comfort is defined as the
degree of satisfaction individuals feel, both physiologically and psychologically, with the
objective physical environment, which includes factors such as thermal conditions, lighting,
acoustics, and air quality [39]. When subjective evaluations are involved, other factors like
cognition, psychology, and personal habits must also be considered [40,41].

Thermal comfort describes a state where individuals feel satisfied with the thermal
conditions of their surroundings, which is influenced by factors such as air temperature,
humidity, wind speed, and solar radiation. In this study, the term “comfort” specifically
refers to thermal comfort, one of the earliest research topics in the field of building science.
Thermal comfort is affected by multiple factors, including environmental conditions, human
factors, and climatic influences.

Simulations of outdoor thermal comfort and building energy consumption were
performed using the Rhino-Grasshopper platform [42–44], incorporating plugins such as
Ladybug, Dragonfly, and Honeybee [45]. The thermal environment simulation results
are quantified through several indices, including the Universal Thermal Climate Index
(UTCI), Predicted Mean Vote (PMV), and Mean Radiant Temperature (TMRT). The research
process follows these key steps. (1) Sky View Factor (SVF) Simulation: The Sky View Factor
(SVF) simulates the extent to which a person is exposed to the sky, used to assess the
natural impact of sunlight on individuals in outdoor environments. In building design,
evaluating SVF is a crucial parameter for assessing building morphology. This index is
calculated by considering factors such as building orientation, height, and angle. The input
is defined through “LB Human to Sky Relation”, which sets the measurement points and
site locations, while the output is generated by “LB Outdoor Solar TMRT”, which calculates
solar irradiance under shadow conditions in outdoor environments. (2) Mean Radiant
Temperature (TMRT) Simulation: Mean Radiant Temperature (TMRT), also referred to as
ambient or environmental temperature, is the temperature at which the total radiant energy
emitted by all surrounding surfaces is uniformly distributed at a given time. TMRT is
crucial for describing the overall thermal radiation environment surrounding an individual.
Although it represents an idealized temperature value, TMRT plays a significant role in
both human thermal comfort and building energy consumption. During winter, people
typically adjust indoor temperatures to maintain comfort, and the level of TMRT can
influence heat loss and retention. In summer, elevated TMRT values can increase building
energy consumption, as higher radiant temperatures require more cooling energy from air
conditioning systems to maintain comfortable indoor conditions.

Tmrt =

[(
Tg + 273

)4
+

1.10 × 108V0.6
a

εD0.4

(
Tg − Ta

)] 1
4

− 273 (1)

The “LB Outdoor Solar TMRT” program in the Ladybug software 0.0.69 utilizes the
“Solar Cal” model from ASHRAE-55 [46] to calculate both long-wave and short-wave
solar radiation. This model estimates the Mean Radiant Temperature (TMRT) using the



Energies 2025, 18, 62 8 of 21

sky view factor. The output provides hourly simulated values of TMRT. In addition to
these calculations, the simulation can be refined by incorporating parameters such as
human activity level, clothing insulation, metabolic rate, and ground surface reflectivity, as
shown in Formula (1). (3) Outdoor Thermal Comfort Simulation: The Universal Thermal
Climate Index (UTCI) is a metric that evaluates and describes human comfort based on
physiological and psychological responses to the thermal environment. Influencing factors
include temperature, humidity, airflow speed, and radiant temperature, along with the
body’s physiological and psychological reactions to these environmental conditions. The
UTCI assumes a walking activity with a metabolic rate of 2.4 met, and it automatically
adjusts clothing insulation based on outdoor temperatures. Although originally designed
for indoor environments, the UTCI provides architects with a quantifiable method to
analyze user comfort, allowing them to design and modify environments to improve
overall comfort and health.

The UTCI has several advantages. (1) It is applicable under various thermal exchange
conditions; (2) it can be used across a wide range of climates, seasons, and scales; (3) it
supports interdisciplinary research across fields such as meteorology, geography, and
architecture, as shown in Formula (2).

UTCI = Ta + o f f set(Ta, Tmrt, Va, RH) (2)

The “LB UTCI Comfort” module for UTCI calculation takes four key climate param-
eters as inputs: air temperature, mean radiant temperature, relative humidity, and wind
speed. The output generates a thermal map of the simulated site, displaying hourly UTCI
values and the corresponding outdoor thermal comfort zones. This process allows for the
selection of grid points within the site as simulation points for multiple UTCI calculations,
with the results visualized to depict the distribution of outdoor thermal comfort across
the site.

2.4. Standardization Processing and Objective Function

Building energy consumption and outdoor thermal comfort are two performance
indices with different dimensions, making them challenging to optimize as single-objective
problems through direct target function settings [47]. This necessitates data preprocess-
ing [48]. In this study, dimensionless data processing is employed, as demonstrated in
Formula (3). In this equation, the greater the difference between a performance index
value and its maximum, the smaller the resulting standardized value. The standardized
value indicates the relative magnitude of a specific value within the total range of values,
which lies between 0 and 1. For building energy consumption, the objective function is
to minimize the total building energy consumption. For outdoor thermal comfort, the
neutral thermal temperature serves as the reference point, comparing individual values to
this neutral temperature. The objective function aims to minimize the deviation from the
neutral temperature, thus making the simulated site temperatures as close as possible to
the neutral thermal zone.

x′i =
maxxi − xi

maxxi
(3)

The designated objective function needs to articulate a formulaic expression that
simultaneously optimizes for both comfort and energy consumption. Through the normal-
ization of indices, it is possible to balance two types of data that differ in units and have
significant numerical disparities. The traditional method of balancing uses Formula (4),
which employs a balancing factor w to weigh the two performance indices. For instance,
if the weight for building energy consumption is set at w = 0.6, then the balancing factor
for thermal comfort should be 0.4. However, this method is susceptible to subjectivity in
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setting the weight factors, potentially leading to suboptimal results constrained by personal
biases, often resulting in a locally optimal solution (LOS). In this study, the weight factor w
is set to 0.5.

This research adopts the Pareto optimization approach to enhance solution finding,
effectively avoiding local optima. The core of Pareto optimization lies in identifying the
optimal frontier. Points on this frontier are Pareto optimal solutions. If a testing scheme’s
two-dimensional performance scatter plot shows no dominated solutions, the scheme is
considered a Pareto optimal solution. All such optimal solutions form a scattered set,
which, when connected, creates the Pareto frontier. This method minimizes subjective
interference in the optimization process. The criteria for forming a Pareto optimal solution
involve setting objective functions to simultaneously minimize both indices—building
energy consumption and thermal comfort—as shown in Formula (5). Performance in-
dices are evaluated using a fitness metric, which represents the normalized result of the
performance simulation.

The designated objective function needs to articulate a formulaic expression that simul-
taneously optimizes for both comfort and energy consumption. Through the normalization
of indices, it is possible to balance two types of data that differ in units and have significant
numerical disparities. The traditional method of performance simulation.

minize Total Fitness = wFitness o f Load + (1 − w)Fitness o f Com f ort (4)

minize(Total Fitness) = minize
(

Fitness o f Load
Fitness o f Com f ort

)
(5)

2.5. Multi-Objective Optimization

In practical design engineering projects, the challenge often lies in simultaneously
coordinating multiple project objectives. Architectural performance goals such as thermal
comfort and energy consumption require differing approaches to building form, and his-
torically, balancing these objectives has heavily depended on the experience and intuition
of architects. However, with the advancement of quantitative science, multi-objective
optimization methods have emerged to address the deficiencies in coordinating multiple
building performance indices. The non-dominated set of solutions in multi-objective opti-
mization is considered as Pareto optimal solutions, with the optimization direction aimed
at minimizing each objective, thus optimizing multiple objectives F(x) simultaneously. The
formula is as follows:

minimize F(x) = ( f1(x), f2(x), . . . , fm(x))T

subject to x ∈ Ω
(6)

According to Formula (6), each Fi(x) represents an individual objective function associ-
ated with different performance criteria of the building project. This approach facilitates
a systematic exploration of architectural solutions, enabling the integration of multiple
performance metrics without undue compromise. The adoption of multi-objective opti-
mization allows architects and engineers to derive balanced solutions that better meet the
complex demands of modern building projects.

Outdoor thermal comfort and building energy consumption are critical determinants
of architectural form variations, with the thermal comfort index subdivided into several
metrics such as Sky View Factor (SVF), Mean Radiant Temperature (MRT), Universal
Thermal Climate Index (UTCI), and Predicted Mean Vote (PMV), denoted as Index1, Index2,
Index3, Index4, respectively. Moreover, the building layout is influenced by foundational
architectural parameters, with adjustable building parameters, including Width, Length,
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Orientation, and Capacity Ratio. In this setting, architectural form parameters serve as
independent variables, which are freely generated through the EvoMass system based on
morphological parameters [49]. Performance parameters are treated as dependent variables
for evaluating generated designs [50].

Architectural volume generation is facilitated through the Additive Form Massing
Component, based on a summary of morphological parameters for office buildings in
Dalian, as discussed in Chapter 4. Key morphological settings include an 8 × 8 column grid
system with 8 m spacing, building heights ranging from 6 to 10 stories, and a floor height
of 4 m. Additionally, building orientation uses true south as a reference, with a variation
angle range from −15◦ to 15◦ and a granularity of 1◦.

For optimizing outdoor thermal comfort, the annual average UTCI value is used
as a quantitative index to ensure that the site surrounding the building volume remains
as close to thermal neutrality as possible. For energy consumption optimization, the
energy load per unit area serves as a quantitative index, with initial energy consumption
parameters set to simulate the annual energy consumption of the building form. To balance
these performance goals, the research employs the Pareto optimal solution method to weigh
the importance of multiple design objectives, optimizing them simultaneously. To simplify
calculations, the UTCI simulation resolution is set at 50 m × 50 m, with averages from each
generated site scenario used as quantitative metrics.

The optimization design process is implemented through the Steady State Is-
land Evolutionary Algorithm, with five islands optimizing concurrently, each contain-
ing 15 individuals. A total of 1400 optimization iterations are conducted to ensure
adequate evolution.

3. Results
3.1. Multi-Objective Optimization Result Analysis

Figure 3 illustrates the distribution of all generated samples, with the horizontal and
vertical axes representing the standardized values of outdoor thermal comfort and building
energy consumption, respectively. The overall trend in the optimization scatterplot shows
the samples converging toward the minimal values of the two performance indices [51],
indicating that the multi-objective optimization method successfully addresses the aim
of balancing multiple performance indices [52,53]. Additionally, most optimized design
samples exhibit performance indicators superior to existing buildings. However, since
actual design processes involve multiple factors, there are numerous other influences to
consider beyond just outdoor thermal comfort and building energy consumption.

Significantly, building orientation has a notable impact on performance-based design.
From the solutions on the Pareto frontier, it is evident that south or southeast orientations are
optimal. A south-facing orientation allows more direct sunlight during the day, reducing
the need for artificial lighting and thereby lowering energy consumption. Conversely,
buildings facing southeast create more shadows over the courtyard, maintaining more of
the site in a thermally neutral comfort zone, thus improving the thermal environment.

A total of 1500 multi-objective optimization schemes were generated, with the distribu-
tion of optimization samples from six islands, as shown in Figure 3. The figure combines
the individual and aggregate relationships. The y-axis represents the standardized result of
outdoor thermal comfort, while the x-axis represents the standardized total annual building
energy consumption. The black line represents the Pareto frontier’s optimal solutions, indicat-
ing the best outcomes in the optimization direction. The objective of the optimization design
is to minimize the standardized indices, with points closer to the origin representing better
outcomes. Since multiple islands can produce multiple optimal solutions, the research consoli-
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dates these island-specific optima into an optimal solution set, providing design tendencies
and optimization suggestions for the early stages of architectural form design [54].
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The performance of the optimal solutions generated after multi-objective optimization
is shown in Figure 3. The axes represent a combination of the fitness of energy con-
sumption (Fitness of Energy), thermal comfort fitness (Fitness of Comfort), and overall
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fitness (Total Fitness). The dense clustering of points around the origin in the energy
consumption–thermal comfort graph indicates that, under the multi-objective orientation,
the iteratively generated schemes approach the performance envisioned by the objective
function. The interaction of these indices is not merely additive but involves iterative
optimization coordinated through the control of morphological parameters. The degree of
clustering observed in the graph signifies the efficacy of multi-objective optimization, with
performance enhancements realized during the iterative process.

Figure 3 depicts the iterative process of multi-objective optimization for a selected set
of 650 solutions. In the initial settings of optimization, the individual geometric parameters
of the building are set uniformly across gradients, as evidenced by the uniform intersection
of lines in the early segments of the line graph. During the mid-stage of optimization, after
evaluating multiple performance indices, a comprehensive assessment of the solutions’
performance across several dimensions is conducted. Non-dominant solutions are replaced
by dominant ones. In the later stages of optimization, as the number of iterations increases,
the overall trend lines show a clustering tendency, and the optimal solution set on the
Pareto front outperforms other non-dominated solution sets, ultimately outputting the
Pareto optimal solutions.

Figure 4 illustrates the performance optimization process for 12 selected Pareto optimal
solutions. The continuous lines from left to right represent each specific scheme, and the
vertical axis marks indicate the standardized values of that performance standard. The
distribution of fitness levels among the optimal solutions indicates that each solution
exhibits distinct performance characteristics. Some schemes emphasize indices related
to outdoor thermal comfort, while others focus on building energy consumption, yet all
display excellent overall fitness. Thus, the multi-objective optimization not only coordinates
various building performance goals but also highlights distinctive features compared to
other optimal solutions.

Energies 2025, 18, x FOR PEER REVIEW 15 of 22 
 

 

Current Mutation Rate: 0.1000 
Current Mutation Radius: 0.4000 

Fitness of load:3.84 
Fitness of comfort:14.01 

Fitness of load:1.82 
Fitness of comfort:14.12 

 

 
(a) 

 
(b) 

Figure 4. Pareto Chart of Optimal Solutions. (a) Pareto Front of the Entire Solution Set; (b) Pareto 
Front of the Optimal Solutions. 

Figure 4a,b depict the performance optimization process for 12 Pareto optimal solu-
tions with distinct morphological features. The continuous lines from left to right in each 
figure represent individual schemes, with the vertical axes indicating the standardized 
values of the performance standards. The fitness distribution of the optimal solutions re-
veals significant differences in performance, with each scheme exhibiting distinct charac-
teristics. Some schemes prioritize indices related to outdoor thermal comfort, while others 
focus on reducing building energy consumption, yet all demonstrate exceptional overall 
fitness. Therefore, the multi-objective optimization not only reconciles multiple building 
performance objectives but also distinguishes the optimal solutions in terms of their dis-
tinct characteristics compared to other potential solutions. 

3.2. Comparison of Performance Before and After Optimization 

Figure 5a,b illustrate the distribution of the Universal Thermal Climate Index (UTCI) 
and Predicted Mean Vote (PMV) before optimization. The original design scenario indi-
cates an annual average daytime UTCI ranging from 22.89 °C to 27.84 °C within a 500 m 
× 500 m site, with an area-wide average UTCI of 10.10 °C. The minimum UTCI values are 
located at the northern L-shaped corner of the building. The PMV simulation identifies 
thermal sensations as follows: warm sensations constitute 20.04%, neutral sensations 
34.69%, and cool sensations 45.26%. The zones classified as thermally neutral are concen-
trated around the building block but cover a small area, located 3–5 m from the building 
boundary and accounting for 34.69% of the total site. 

Figure 5c,d present the UTCI and PMV distributions following the optimization pro-
cess. Post-optimization, the UTCI values range from 9.11 °C to 10.46 °C during average 
daytime, with a site average UTCI of 9.79 °C. According to the UTCI thermal comfort 
scale, the average conditions are categorized as experiencing �no thermal stress’, showing 
no significant change in average UTCI compared to the original design. However, the area 

Figure 4. Pareto Chart of Optimal Solutions. (a) Pareto Front of the Entire Solution Set; (b) Pareto
Front of the Optimal Solutions.

Table 2 delineates the iterative process of multi-objective optimization across a set
of 650 optimal solutions. Initially, individual geometric parameters of the buildings are
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uniformly set across gradients, as illustrated by the uniform crossing of lines in the early
segment of the line graph. During the mid-phase of optimization, after evaluating various
performance indices, solutions are comprehensively assessed across multiple dimensions.
Non-dominant solutions are replaced by dominant ones. In the later stages, as the number
of iterations increases, the trend lines converge, indicating clustering. The optimal solution
set on the Pareto front (Pareto frontier) exhibits superior performance relative to other
non-dominated solution sets, culminating in the selection of the Pareto optimal solutions.

Table 2. Multi-objective optimization process.

Optimization Results from Iteration 0 to Iteration 10
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Figure 4a,b depict the performance optimization process for 12 Pareto optimal solu-
tions with distinct morphological features. The continuous lines from left to right in each
figure represent individual schemes, with the vertical axes indicating the standardized
values of the performance standards. The fitness distribution of the optimal solutions
reveals significant differences in performance, with each scheme exhibiting distinct charac-
teristics. Some schemes prioritize indices related to outdoor thermal comfort, while others
focus on reducing building energy consumption, yet all demonstrate exceptional overall
fitness. Therefore, the multi-objective optimization not only reconciles multiple building
performance objectives but also distinguishes the optimal solutions in terms of their distinct
characteristics compared to other potential solutions.

3.2. Comparison of Performance Before and After Optimization

Figure 5a,b illustrate the distribution of the Universal Thermal Climate Index (UTCI)
and Predicted Mean Vote (PMV) before optimization. The original design scenario indicates
an annual average daytime UTCI ranging from 22.89 ◦C to 27.84 ◦C within a 500 m × 500 m
site, with an area-wide average UTCI of 10.10 ◦C. The minimum UTCI values are located
at the northern L-shaped corner of the building. The PMV simulation identifies thermal
sensations as follows: warm sensations constitute 20.04%, neutral sensations 34.69%, and
cool sensations 45.26%. The zones classified as thermally neutral are concentrated around
the building block but cover a small area, located 3–5 m from the building boundary and
accounting for 34.69% of the total site.

Figure 5c,d present the UTCI and PMV distributions following the optimization
process. Post-optimization, the UTCI values range from 9.11 ◦C to 10.46 ◦C during average
daytime, with a site average UTCI of 9.79 ◦C. According to the UTCI thermal comfort
scale, the average conditions are categorized as experiencing ‘no thermal stress’, showing
no significant change in average UTCI compared to the original design. However, the
area of thermal comfort has increased significantly from approximately 60% of the site
in the original design to about 75% in the optimized design. This expansion indicates an
improvement in the UTCI performance index. The PMV distribution after optimization
shows thermal sensations divided as follows: warm sensations at 18.37%, neutral at 35.80%,
and cool at 45.86%. The proportion of thermally neutral sensations has improved by 1.11%
compared to the original scenario.
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Figure 5. Distribution maps of UTCI and PMV before and after optimization. (a) The thermal comfort
distribution heatmap before optimization: Average UTCI: 10.10 ◦C; (b) The thermal sensation vote
distribution heatmap before optimization: Percentage of hot sensation: 20.04%, percentage of neutral
sensation: 34.69%, percentage of cold sensation: 45.26%; (c) Thermal comfort distribution heatmap
after optimization: Average UTCI: 9.79 ◦C; (d) The thermal sensation vote distribution heatmap
after optimization: Percentage of hot sensation: 18.37%, percentage of neutral sensation: 35.80%,
percentage of cold sensation: 45.86%.

The optimization of the design has enhanced thermal environment performance
indicators significantly over the original scenario. The increase in the area classified as ‘no
thermal stress’ and the improvement in the proportion of thermal neutrality highlight the
effectiveness of the optimization in increasing occupant comfort and the efficient use of
space with respect to thermal indices.

Table 3 presents the pre-optimization monthly building energy consumption data.
According to the simulation, the total energy consumption of the original design was
75.68 kWh/m2 per year. This included 44.43 Wh/m2 for cooling, 1.91 Wh/m2 for heating,
31.14 Wh/m2 for lighting, and 31.19 Wh/m2 for equipment usage. Table 3 illustrates the
post-optimization energy consumption, where the total decreased to 62.88 kWh/m2 per
year. The breakdown is as follows: cooling energy consumption significantly reduced to
8.79 Wh/m2, heating remained nearly unchanged at 1.87 Wh/m2, lighting was reduced to
21.31 Wh/m2, and equipment energy slightly increased to 31.91 Wh/m2.
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Table 3. Data Sheet of Building Energy Consumption before and after Optimization.

January February March April May June July August September October November December

Optimized Plan—Cooling 0.00 0.00 0.00 0.00 0.03 0.94 3.36 3.11 1.23 0.12 0.00 0.00
Optimized Plan—Heating 0.77 0.37 0.15 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.49
Optimized Plan—Lighting 1.80 1.64 1.87 1.67 1.87 1.79 1.74 1.87 1.74 1.80 1.79 1.74

Optimized Plan—Equipment 2.62 2.37 2.67 2.48 2.67 2.57 2.58 2.67 2.53 2.62 2.57 2.58
Original Plan—Cooling 0.00 0.00 0.00 0.00 0.03 1.18 4.45 4.12 1.53 0.13 0.00 0.00
Original Plan—Heating 0.78 0.38 0.15 0.02 0.00 0.00 0.00 0.00 0.00 0.00 0.07 0.49
Original Plan—Lighting 2.62 2.38 2.71 2.50 2.71 2.58 2.58 2.68 2.58 2.63 2.61 2.58

Original Plan—Equipment 2.67 2.37 2.68 2.52 2.69 2.61 2.59 2.67 2.54 2.67 2.58 2.62

Both schemes show similar trends in energy consumption, particularly for lighting
and equipment usage, which remain consistent throughout the months, ranging between
2.4 Wh/m2 and 2.7 Wh/m2 for equipment and 1.6 Wh/m2 to 1.9 Wh/m2 for lighting. Heat-
ing energy consumption shows values from May to October, coinciding with the cooling
months set according to meteorological data. Notably, the optimized design significantly
reduces cooling energy consumption, especially in July and August, by approximately
1.1 Wh/m2. This reduction is attributed to the more complex building massing in the
optimized design, which creates self-shading effects that lower indoor temperatures and
reduce cooling needs during summer.

Table 3 illustrates the monthly total energy consumption and energy-saving efficiency of
the original and optimized schemes. The dual y-axis graph displays total energy consumption
on the left and energy-saving efficiency on the right. Bar charts represent energy consumption,
and line graphs depict the differences and percentage changes in energy consumption pre- and
post-optimization. For instance, the original scheme consumed 6.07 Wh/m2 in January, while
the optimized scheme used 5.19 Wh/m2, achieving an energy-saving efficiency of 14.49%.
The yearly energy-saving efficiency ranges from 14.49% in January to 20.16% in July, with an
average of 16.66%. The highest savings in July likely result from the self-shading provided
by the optimized architectural form, which is most effective during summer, as seen in the
seasonal analysis: Summer > Autumn ≥ Spring > Winter.

This analysis demonstrates that the multi-objective optimization set for architectural
design enhances performance significantly over the original scheme, particularly in reduc-
ing energy consumption during peak cooling periods.

4. Discussion
The Pareto optimal solutions, compared with existing approaches, can significantly

improve the UTCI while simultaneously reducing the EUI level. The fitness of a solution
reflects its specific performance in a certain aspect. Since the optimization trend minimizes
the fitness of two performance indicators, the set of solutions distributed along the Pareto
front demonstrates better overall performance. The set of Pareto optimal solutions is shown
in Figure 6, where the range of the sum of the fitness for outdoor thermal comfort and
building energy consumption across the 16 optimal solutions is between 13.40 and 30.74.
Among them, the solution with the smallest total fitness sum is ID 1444, which has an
energy consumption fitness (Fitness of load) of 3.48 and an outdoor thermal comfort fitness
(Fitness of comfort) of 12.99. This solution features multiple building blocks that form an
enclosed central courtyard located on the east side. It can be observed that buildings with
a higher enclosure degree are more adaptable to cold climates, demonstrating stronger
performance in both outdoor thermal comfort and energy consumption.

However, there are still limitations in this study. (1) The HVAC system performance
was simplified in the simulation process, and the simulation method has not been validated,
which resulted in significant deviations in the energy consumption simulation values.
(2) The weight setting for energy consumption and thermal comfort was set to w = 0.5, but in
practical design, the weight coefficients for each performance aspect should be dynamically
adjusted based on real-world conditions and design requirements. (3) In reality, the building
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design process is complex, and building forms are often the result of a combination of
factors such as ideology, cultural spirit, and economic conditions. However, due to the
current limitations of simulation hardware and computational power, multi-objective
optimization cannot incorporate as many influencing factors into the objective functions
as desired, leading to discrepancies with real-world situations. (4) The core algorithm
for multi-objective optimization has been updated to NSGA-III, which has improved
optimization efficiency and results compared to NSGA-II. However, this study did not use
the latest multi-objective optimization technology for optimization.
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5. Conclusions
Computational generative design is an important topic in the context of the era of

performance enhancement. This study demonstrates the significant potential of multi-
objective optimization and generative design in architectural design. The Pareto optimal
solutions coordinate two primary optimization goals: “reducing building energy load” and
“improving outdoor thermal comfort for occupants”. These solutions can be applied to
the early-stage massing design and measurement of office buildings under a green and
health-oriented design approach. The results show that: (1) forms with higher enclosures
(three-sided or four-sided) are more suitable for office buildings in cold regions in terms
of both outdoor thermal comfort and building energy consumption; (2) compared with



Energies 2025, 18, 62 18 of 21

existing building designs, the Pareto optimal solution improves energy efficiency by 16.55%
over the course of the year under 2022 meteorological conditions, and the proportion of
outdoor thermal neutrality increases by 1.11%. The results indicate that the optimized
design can balance building energy load and outdoor thermal comfort, achieving a multi-
objective equilibrium, thus providing a specific workflow for similar engineering problems;
(3) building performance is affected by seasonal changes—the impact of the parametric-
generated building massing on energy consumption is most significant in the summer and
least significant in the winter.

The multi-objective optimization design workflow developed in this study is of great
significance for fine-tuned climate adaptation design in cold regions. This study uses real
meteorological data from cold regions as input conditions, with a simulation duration
for thermal comfort and building energy consumption covering an entire year, with time
accuracy set at 365 days/year. Future research could further explore the coordination of
different performance indicators (such as green health metrics, daylight comfort, building
operational costs, CO2 emissions, etc.) in multi-objective optimization design for different
climate zones, such as the coordination of light and thermal environments in extremely
cold regions. Additionally, the research could analyze sensitivity analysis of multiple
performance indicators (e.g., the impact of building massing on outdoor thermal comfort)
and quantify the extent to which various sub-indicators influence the optimization results.
Further studies may also integrate machine learning techniques by training machine learn-
ing models with optimal results from multi-objective optimization design to address the
long computation times associated with multi-objective optimization, thereby reducing the
difficulty of using such designs.

This study’s workflow proposes a multi-objective optimization design workflow for
office buildings. To enhance the applicability of this workflow, corresponding performance
evaluation indicators should be established for different building types (such as residential
areas, schools, kindergartens, nursing homes, libraries, etc.) and design intentions (such
as light comfort, carbon emissions throughout the life cycle, urban resilience, etc.). As
the evaluation indicators are further refined, the multi-objective optimization of building
forms will inevitably become more rational and objective, promoting the development of
the construction industry toward the optimization of the urban built environment driven
by big data.

The trend of using urban big data to assess the built environment is unstoppable,
and human–machine collaboration is bound to develop further. Therefore, how to use the
built environment evaluation system to improve the built environment in a high-quality
manner is a direction that needs to be researched in the future. Future research could
expand into thermal environment studies under extreme climates. Additionally, from the
perspective of smart cities, real-time camera observation data can be utilized to conduct
research on the correlation between building equipment and human behavior, with the aim
of achieving energy saving and emission reduction through controlled building equipment.
Finally, considering the perspective of healthy buildings, research can be conducted on the
matching between medical data and built environment data. By studying the correlation
and significance of the impact between medical data and the built environment, key points
for improving the built environment can be identified.
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