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1. Introduction

1.1. Background

Urbanization has precipitated a marked escalation in the
proliferation of residential buildings, particularly within
developing countries (DESA, 2019). Over the past two de-
cades, China’s urbanization rate has surged from 37.66% to
65.22%, paralleled by an increase in urban population from
480 million to 920 million (National Bureau of Statistics of
China, 2024). By 2021, China’s total building area reached
69.6 billion square meters, with urban residential buildings
comprising 33.4 billion square meters or 45.9% of the
aggregate area (China Building Energy Efficiency Association
and Institute of Urban and Rural Construction and
Development, Chongqging University, 2024). The continued
expansion of residential stock has been documented, driving
a concomitant rise in energy demands (Hu and Xiao, 2020).
In 2021, urban residential buildings in China accounted for
approximately 45 million tons of coal equivalent (tce),
representing 39% of the nation’s total building energy con-
sumption, an increase of 5% from 2020 (National Bureau of
Statistics of China, 2024). The substantial share of energy
consumed by residential buildings underscores a significant
potential for energy conservation (Liu et al., 2023b).

Global climate change has led to an increase in extreme
heat events (Villa, 2021). These events not only pose sig-
nificant threats to the safety and well-being of urban resi-
dents, as well as to urban infrastructure and power
systems, but also result in a substantial rise in the reliance
on cooling equipment, particularly air conditioning (Errebai
et al., 2022; Guo et al., 2024b; Liu et al., 2024a; Zhao
et al., 2024). This surge in cooling demand has not only
exacerbated residential energy consumption but has also
led to peak power demands, placing immense strain on the
electrical grid and increasing the risk of overloads and
blackouts. Consequently, the energy security of the resi-
dential sector must be given due attention. Moreover, the
recurrence of extreme climate events presents long-term
challenges for the planning and management of power
infrastructure.

To address the growing residential energy demand,
improve energy efficiency, and mitigate the impacts of
extreme climate events, it is essential to thoroughly eval-
uate residential energy use and implement optimization
strategies (Reinhart and Davila, 2016; Ferrando et al.,
2020). In this context, Urban Building Energy Models
(UBEMs) provide critical insights into current energy de-
mand and future trends, informing urban planning and en-
ergy policy development. UBEMs are typically classified into
top-down and bottom-up approaches (Wong et al., 2021).
The top-down approach evaluates residential energy con-
sumption from a macroeconomic perspective, treating the
residential sector as an aggregated energy entity
(Abbasabadi and Ashayeri, 2019). Based on economic
models, it uses macroeconomic variables and historical
energy data to assess and forecast residential energy de-
mand. However, this method overlooks the technical de-
tails of individual buildings and the dynamic nature of
energy use, failing to capture the variations in energy de-
mand caused by extreme weather events.
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In contrast, the bottom-up approach models energy
demand at the individual building level and scales the re-
sults to the regional or urban level. This approach empha-
sizes the physical characteristics of buildings, technical
equipment, and occupant behavior, allowing for a more
detailed and accurate analysis of residential energy use. It
is particularly effective for evaluating the impact of
extreme events, such as heatwaves, on energy demand,
and offers better spatial and temporal resolution for annual
energy assessments (Happle et al., 2018). Bottom-Up
UBEMs can be categorized into individual building
modeling and prototype modeling approaches (Yang et al.,
2024). The individual building approach scrutinizes the
performance of each building within a region to evaluate
the overall energy usage (Liu et al., 2021). However, the
voluminous count of residential buildings renders detailed
performance simulations computationally burdensome.
Moreover, in certain locales such as China, residential
building data is often considered private and is not ubig-
uitously accessible, thereby impeding the widespread
adoption of this approach. Prototype buildings, as a
bottom-up engineering modeling technique, typify the
operational conditions and performance characteristics of a
specific building category, harmonizing computational ex-
pediency with precision (Borges et al., 2022; Swan and
Ugursal, 2009). Consequently, the development of resi-
dential prototypes is essential for enhancing energy effi-
ciency, reducing emissions, and fostering sustainable
development.

The advancement of residential prototype models is
contingent upon the availability of comprehensive and ac-
curate building data (Sokol et al., 2017). Researchers
globally utilize governmental or institutional databases to
construct these prototypes, facilitating studies on resi-
dential energy consumption. In Europe, projects like TAB-
ULA and the EPC database provide extensive real
residential data, enabling over 20 countries to develop
prototype models (Ali et al., 2024; Ballarini et al., 2014;
Carnieletto et al., 2021; Kragh and Wittchen, 2014; Loga
et al., 2016). Similarly, in the United States, the Depart-
ment of Energy has formulated prototype residential
buildings for all climate zones, which serve as bases for
performance analysis and optimization (Anand, 2023;
Dehwah and Krarti, 2021; Deru et al., 2011; Krarti, 2021;
Mitra et al., 2020; Neves et al., 2020). For instance,
Aksoezen et al. (2015) delineated typical buildings using
data from 20,802 structures in Basel, sourced from the
Basel City Statistical Office and the Federal Statistical Of-
fice. The foundation of high-quality data is pivotal for the
development of residential prototypes.

However, in many developing countries, access to
building data is restricted. For example, in China, resi-
dential data is considered private and thus inaccessible to
non-official entities, compelling researchers to resort to
field surveys or questionnaires to compile residential
building data and establish databases (Gui et al., 2019; Ma
et al., 2022a; Ding and Zhou, 2020; Peng et al., 2020b).
Despite these efforts, data collection remains labor-
intensive and often limited in scope, prompting re-
searchers to leverage publicly available data from the
internet or geographic information systems to aid prototype
modeling (An et al., 2023; Deng et al., 2022, 2023; Song
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et al., 2024). Nonetheless, such data typically lacks
detailed spatial information, curtailing its effectiveness for
performance optimization at the individual building level.

The process of developing residential prototypes funda-
mentally entails summarizing residential stock characteris-
tics and translating them into representative energy
consumption models (Kavgic et al., 2010). Traditional sta-
tistical methods for processing vast residential datasets are
time-intensive and may inadequately discern relationships
within the data. Machine learning offers a robust alterna-
tive, adept at managing complex datasets and revealing
nonlinear relationships, thus enhancing model accuracy and
providing detailed predictions of energy performance (Loga
et al., 2016). By analyzing residential building datasets, re-
searchers can ascertain correlations between various resi-
dential characteristics and their performance, facilitating
the development of strategies to optimize residential stock
performance. Machine learning divides into supervised and
unsupervised learning, which are utilized for feature iden-
tification and prototype recognition, respectively. Super-
vised learning employs labeled data to train models,
establishing mappings between input features and target
outputs, and is instrumental in identifying crucial features
for subsequent unsupervised learning during prototype
development (Shen and Wang, 2024). In residential building
performance studies, gradient boosting tree models,
particularly CatBoost, have proven effective, especially with
datasets containing categorical characteristics (Chen et al.,
2024). Yet, its application in prototype development remains
underexplored. Model interpretation techniques like SHap-
ley Additive exPlanations (SHAP) elucidate the impact of
input features on output targets, offering superior explan-
atory power in predicting building performance (Lundberg
and Lee, 2017; Arjunan et al., 2020; Amiri et al., 2023; Cui
et al., 2024; Shen and Wang, 2024), and its potential in
prototype residential development is worth exploring.

Clustering analysis, a prevalent unsupervised learning
technique, classifies buildings with similar characteristics
and selects the most representative samples as typical.
Common clustering algorithms include K-means, K-modes,
K-mediods, and hierarchical clustering (Ali et al., 2019;
Bienvenido-Huertas et al., 2021; Borges et al., 2022; Li
et al., 2020; Madbouly et al., 2022; Sood et al., 2023).
The K-prototype algorithm, particularly suited for clus-
tering heterogeneous data, has demonstrated efficacy in
identifying prototype buildings, making it advantageous for
residential building datasets that comprise both numerical
and categorical data (Alrasheed and Mourshed, 2024).

1.2. Research gap and aim

Existing research shows that bottom-up approaches require
extensive residential data. However, in developing coun-
tries like China, detailed geometric data on urban resi-
dential buildings is not widely available through public
channels, making it challenging to evaluate energy demand
in the residential sector during heatwaves. Additionally,
traditional bottom-up approaches rely on aggregated high-
level data, which overlooks variations in internal space,
limiting their ability to propose targeted optimizations and
resulting in errors when assessing regional energy demand.

1812

To address the challenges of urban residential sectors,
this study introduces a bottom-up approach based on pro-
totype residential unit. The proposed method is applied in
Guangzhou, China during heat waves as a case study. Res-
idential unit data was gathered from real estate platforms
to develop sufficient samples for prototype residential
development. Interpretable algorithms (SHAP) were used to
identify significant variables impacting annual energy
loads, which were then used as input features in K-proto-
type clustering. The residential prototypes identified
through cluster analysis accurately reflect real-world
typical spatial layouts. The prototype residential energy
consumption model, developed using this bottom-up
approach, provides a valuable tool for assessing and opti-
mizing energy consumption in urban residential sectors
under various scenarios, including extreme conditions.

The main contribution of this study is its ability to
reduce the barriers to generating residential prototypes
while ensuring that internal spatial features align with real-
world scenarios. This provides a foundation for accurate
energy consumption assessments at both regional and in-
dividual building levels. The findings can guide the design of
urban power systems, enable more precise energy dis-
patching strategies, and promote the optimization of urban
residential design, refined management, and the formula-
tion of energy-related policies.

2. Methodology

This study proposes a bottom-up approach for assessing
urban residential energy demand based on prototype resi-
dential units. Clustering analysis plays a key role in iden-
tifying representative residential prototypes, and selecting
residential variables for clustering is crucial. Therefore,
using basic residential unit data collected from real estate
platforms, we employed a combination of random sampling
and building performance simulations to evaluate the
impact of variables on annual energy loads. Based on the
influence of these variables, significant variables were
selected for clustering analysis to identify prototype resi-
dence for different units. The overall energy demand of the
urban residential sector during extreme weather events
was then assessed based on these prototypes.

The proposed framework consists of four main steps: (1)
Data Preparation: Conduct surveys on population and urban
residential data, and collect basic residential unit’s infor-
mation. (2) Variable Selection: Identify variables signifi-
cantly affecting energy use intensity (EUI) for clustering.
Monte Carlo sampling was applied to the collected data,
followed by building energy simulations. EUI prediction
models were then developed and evaluated, including
selecting performance metrics, training models, and
determining the optimal model. SHAP analysis was subse-
quently used to select significant variables impacting
energy demand for clustering. (3) Clustering Analysis:
K-prototype clustering was applied, using mean absolute
percentage error (MAPE) to identify the most representa-
tive prototype residential unit. (4) Case Study: This section
demonstrates the application of the identified prototype
residential energy model. It begins by defining the relevant
meteorological conditions and methods for characterizing
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them, followed by using corresponding weather data files as
inputs for the energy consumption simulation. The simula-
tion results are then integrated with urban residential stock
data to evaluate energy performance. As an example, the
energy consumption of the residential sector during
extreme heatwaves is assessed to illustrate the model’s
potential applications.

This methodology is not region-specific and is highly
scalable. Figure 1 outlines the methodology, and the
following sections provide a detailed explanation of the
process.

2.1. Study site

This research focuses on urban residences in Guangzhou, a
major city in southern China and the capital of Guangdong
Province. Characterized by rapid urbanization, Guangzhou
has witnessed significant growth in both urban population
and residential stock (Zou et al., 2023b). As of 2023, the
city boasts a permanent population of 18.83 million and an
urbanization rate of 86.76%, with the urban residential area
expanding by approximately 7.5 million square meters.
Guangzhou is classified as Cfa under the Koppen-Geiger

and their identification methods,

Determining the extent of
extreme weather events and

climate classification system, representing a typical city in
China’s hot and humid regions. The climate is characterized
by consistently high temperatures and humidity throughout
the year, with monthly average temperatures ranging from
14.1 °C to 30.3 °C (Chen et al., 2023a). Consequently,
cooling energy demand dominates in residential buildings.

2.2. Preparation of residential unit data

2.2.1. Distribution of residential types

The Guangzhou Yearbook, published annually at the end of
each year by the Guangzhou Statistics Bureau, is considered
highly authoritative (Wang et al., 2020). It provides
detailed data on the city’s population, economy, and resi-
dential buildings throughout the year. This study collected
data on the proportion of residential units in Guangzhou
over the past decade (2010—2019) from these yearbooks.
These proportions are based on a random sample of 1200
residential units from the total residential stock, with res-
idential units primarily classified by the number of bed-
rooms. As illustrated in Fig. 2, apartment units consistently
represent the majority of residential structures, with their
overall share ranging from 73.6% to 98.6% over the ten-year

Modelling and analysing energy
demand in the urban residential sector

g I Household information I | Residential unit geometry information I
S| Pl |
o | Q) ! . ln{erior wgll Dimension |
g | . | * Window size
[T ! | * Room Orientation '
a I « Unit Category I
o | Statistical « Urban population distribution I ' Real estate « Total Area 1
W | Yearbook « Urban household Using pattern ! website * Rooms Area |
Q « Urban household units distribution | * Exterior wall Dimension
b e o it g e S e e e o D e e e e e e e e e s
I-- - - - - - - -"-" - - - - - - -"-"-" - - - - - -----°-=-=-== - T T 7
S | Energy simulation  Constructing catboost model Model explanation |
Sl o < ' !
o N— —_
% [ '@ E = A ) = |
w « Data processing * Hyperparameter tuning = = 1
‘6 | 'B (Q . Data clean Maximum iterations, learning 3 I
s | - Train (70%) Test (30%) rate, depth of the tree, and L2 ‘ |
% | Automated modelling regularization. =
8 | and energy simulation X Y | - Model evaluation SHapley Additive exPlanation |
w based on parametrie Fe?‘;“'et? ‘I’f “?f EUl | Using several metrics, including Variable importance in
I platforms. resicentiaunits | R Square, RMSE, and MAE. different units '
L e e e e e e e e e e e e e e e e e i e 1
Vo T T T T T T T T T e e 7
K. K-prototype | | Prototype unit identification |
[ &
O L 11 fo NG & — & I
s oo e B mm (RS
= [~ @ |:,J—' A~
E | 1 %) & o < |
L | Usingsilhouette scores Comparison of the Il ) LI & e ® I
S | toselectthe optimal representative ofthe | | JI11© Q( > 0 LU_ fle I
QG | humber of clusters for K-prototype clustering | | pRie; & ‘\,{’\/5/\ f‘{ P = |
| K-prototype clustering. results by MAPE. 11 ) == < = |
15 =t [, =k e [ o) sinaen 1en B=t) DenlNeen (e = s o=y ol TS oy s o] oy, i Ty ot it eyt ot g i g G iy o) Vot J
e O Sy A
: Extreme weather events Energy demand analysis |
> |
- P ®% 1.
bl
3 I EB N III- I
% I = ‘H (Q '
|
© : Identify extreme weather events |
| |

e.g., extreme heat wave events.

their meteorological parameters.

1813

under extreme weather events.



D. Xia, Z. Wu, Y. Zou et al.

1.49
5.6% A’g_z%

|

2010
47.2%

'O

o,
11.3% 19.3%

2014 W04
34.5%

Y oo

28.5%
7.2%
26.1%

30.8% 2018

S

W55

30.1%

37.6% 46-6%

2.6%
3.6% 07.3%

2011
39.4%

D

3%
103%  20.1%

6.8%
sl 2015 ol

28.5%

[=2
(=}

%

25.8%

31.6%
2019

-

0%

30.6%

o 1.6%
3.6% 6.0%

5 2012
46.8% 42.0%

6.1%
26.4%

28.4%
2016
.29

31.9%

1-Bedroom Unit
mm 2-Bedroom Unit

3-Bedroom Unit

47.0%

32.1%

1.6%
3.8% 5.6%

42.0%

7.3%
24.4%

2017 .

29.4%

B 4-Bedroom Unit
Others

Fig. 2 The proportion of all types of residential unit (2010—2019).

period. 2-bedroom units account for the largest proportion,
with a share ranging between 28.4% and 47.2%. 3-bedroom
units account for 28.5%—42%. Meanwhile, the proportions
of 1-bedroom units and units with four bedrooms are
similar. Other residential unit types, though included, have
relatively smaller stocks and are not considered in this
study. Therefore, this study focuses on residential units,
specifically including 1-bedroom, 2-bedroom, 3-bedroom,
and 4-bedroom units.

2.2.2. Acquisition of floor plan geometric information

This study compiled geometric information from floor plans
available on real estate websites to establish a compre-
hensive database of residential units. The data were pri-
marily sourced from Lianjia.com, a leading real estate
agency in China, which covers over 90% of provincial-level
regions and more than 150 cities. In Guangzhou alone, the
database contains data on over 150,000 residential units,
including both existing residential stock and newly con-
structed units available for sale. However, in high-density
cities, residential buildings are predominantly high-rise or
super high-rise, with the vast majority of units located on
the middle floors. Therefore, this study selected a middle-
floor unit as the prototype. These floor plans provide crit-
ical geometric attributes such as room dimensions, window

Data Collection
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Fig. 3  Collection of geometric data.

and wall sizes, and room orientations for each unit, as
depicted in Fig. 3. A random sampling method was
employed to ensure a representative sample for each type
of residential unit. Table 1 presents the specific number of
geometric samples collected for each unit type based on
their distribution.

2.2.3. Construction of residential usage patterns
Residential usage patterns are deeply influenced by the
complex and diverse behaviors of households, resulting in
variable occupancy times that are not readily captured by
simple scheduling models. Based on data from Guangzhou’s
Seventh Population Census and a review of relevant liter-
ature, which focuses on cities in southern China’s hot and
humid regions, we have identified 13 prominent household
patterns within Guangzhou. In response to the diverse oc-
cupancy probabilities among different residential units, we
devised 22 detailed occupancy schedules that differentiate
between weekday and weekend usage.

Urbanization has led to significant demographic trans-
formations in Guangzhou, notably the trend towards an
aging population, which has changed household composi-
tions considerably (Zhu et al., 2023). According to the 2020
census data, the structure of households has evolved, with
the prevalence of households consisting of one to six
members being 40.8%, 25.94%, 16.14%, 9.74%, 4.21%, and
3.18%, respectively (Guangzhou Bureau of Statistics, 2023).
This marks a substantial rise in the total number of
households and a reduction in the average household size
compared to the 2010 census. This shift underlines the
growing diversity in household configurations across the
city, as depicted in Fig. 4.

Table 1

Unit 1-Bedroom 2-Bedroom 3-Bedroom 4-Bedroom
category unit unit unit unit

Statistic 66 105 117 98

Residential unit sample size statistics.
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The study has thoroughly documented these household
patterns, categorizing them into 13 distinct types (denoted
as F1 to F11), which together represent over 80% of the
households in Guangzhou. The detailed composition of
these patterns is provided in Appendix A.

Within residential units, the living room is typically the
most occupied space, utilized by all members of the
household. Common configurations see the master bedroom
housing two people, while other bedrooms generally
accommodate one person each. In larger families, some
bedrooms might house two individuals. Local design stan-
dards mandate a lighting density of 6 W/m? in residential
buildings. However, there are variations in equipment
density across different rooms. For instance, the equip-
ment power total in living rooms usually surpasses that in
bedrooms, although the larger area of living rooms tends to
offset this disparity, setting the power density at 10 W/m?.
In addition, according to China’s energy efficiency rating
specification for air conditioners, the cop is set at 3.3
(Zhang et al., 2022a). Additional details on room occupancy
rates, along with lighting and equipment densities, are
available in Appendix A.

Recognizing that the same residential unit might be
occupied by various household types, the study correlated
five common unit types with the thirteen household pat-
terns to explore and define 22 potential combinations of
residential usage patterns. These combinations, presented
in Table 2, have been derived from a comprehensive review
of the literature and are intended to inform residential
performance simulations. Detailed schedules for these
combinations, labeled as S1 to 522, are discussed in
Appendix A.

This structured approach allows for a nuanced under-
standing and modeling of residential energy consumption,
tailored to the specific living patterns prevalent in urban
Guangzhou. This granularity is essential for developing
effective energy management strategies that reflect the
real-world complexities of urban living.

2.3. Selection of key residential unit variables

2.3.1. Parametric performance simulation of residential
units

As shown in Table 3, this study meticulously employed 10
distinct residential unit features to characterize the sample
units, which were broadly classified into three categories:
thermal performance of the building envelope, usage pat-
terns, and shape characteristics.

Utilizing the robust building performance simulation
engine EnergyPlus, the study was able to generate data on
annual energy demands and EUI for these residential unit
samples (Cheng et al., 2024; Deng et al., 2023; Guo et al.,
2023; Issermann et al., 2021; Li et al., 2023; Tabadkani
et al., 2023). EUI is defined as the energy consumption
per unit of indoor residential area, typically expressed as
the amount of energy consumed per square meter per year.
The simulation models integrated specific considerations
for climate conditions, residential geometry data, and
operational patterns, providing a comprehensive approach
to understanding energy consumption.

The implementation of these models was facilitated
through the Ladybug Tools interface, which streamlined the
parameter setting process for EnergyPlus, and executed
within the visual programming environment of Grasshopper.
The Colibri tool was particularly instrumental in managing
batch simulations, which utilized a range of predefined
model input parameters and parameter ranges to ensure
comprehensive data collection.

The residential units under study were located in
Guangzhou, which falls within the humid subtropical zone
of South China, characterized by its hot and rainy climate.
For the simulations, historical Typical Meteorological Year
(TMY) data spanning 2009 to 2023, developed by the World
Meteorological Organization, were employed.

The database generated for training and predicting
residential energy usage is crucial for the accuracy of these
predictions. It requires a substantial volume of data that
encompasses a wide array of common usage scenarios,

Table 2 Schedule of the residential unit.
Unit category Family pattern Schedule Source
1-Bedroom unit  F1, F4, F5, F6 S3, 54, S5, S6 (Dong et al., 2023; Qin and Pan, 2020)

2-Bedroom unit  F4, F5, F6, F7, F8, F9

3-Bedroom unit  F7, F8, F9, F10, F11, F12

4-Bedroom unit  F10, F11, F12, F13

S7, S8, S9, 510, S11, S12

513, S14, 515, S16, S17, S18

$19, S20, S21, S22

(Dong et al., 2023; Hu and Xiao, 2020; Peng
et al., 2020a; Qin and Pan, 2020; Fu et al.,
2022; Liu et al., 2023b; Zou et al., 2023a)
(Dong et al., 2023; Fong and Lee, 2012; Chen
et al., 2015; An et al., 2018; Peng et al., 2020a;
Fu et al., 2022; Liu et al., 2023b; Zou et al.,
2023a)

(Peng et al., 2020a; Zou et al., 2023a)
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Table 3  Features of the residential unit.
Type Features Description
Operating mode Schedule Which can represent the occupancy probability of rooms within a residential unit
type as well as the use of the unit type in different family patterns.
Enclosure thermal Wall U The U value of the external wall.
performance Windows U The U value of the external windows.
SHGC Solar heat gain coefficient. Which refers to the total energy of solar radiation
through the glass and the ratio of incident solar radiation energy.
Morphological feature Total area Gross indoor area of the residential unit.
AR The ratio of the room’s area to the residential unit’s area.
0 The orientation of the room’s window, which represents the orientation of the
room.
WR Ratio of room exterior wall area to total room wall area.
WAR The ratio of room’s exterior window area to its exterior wall area.
SF The shape factor of room. Which is defined as the ratio of its external surface area

in contact with the outdoor environment to the volume it encloses.

thereby enhancing the models’ reliability and practical
application. To address the variability and uncertainty of
input variables, the study adopted a Monte Carlo random
sampling technique (Shapiro, 2003). Since the correlation
between these residential characteristics and energy de-
mand has not yet been fully determined, this approach
enables the variables to be uniformly distributed during the
simulation process. This helps minimize the impact of
characteristics uncertainty on the simulation results.
Table 4 outlines the specific variables ranges used in the
Monte Carlo random sampling with the median value set as
the reference. These variables included thermal perfor-
mance metrics of residential building envelopes—like Wall
U-value, Windows U-value, and Solar Heat Gain Coefficient
(SHGC)—all of which conform to the residential energy
efficiency design standards prescribed by Guangdong
Province (Wu et al., 2022). The scheduling variables varied
based on the occupancy patterns observed in the residen-
tial unit samples and differed by unit type. In an ambitious
endeavor to create a robust database, this study generated
30,000 sets of random variable combinations for each of the
four types of residential units, culminating in a total of

carried out, resulting in a comprehensive database of res-
idential unit performance in the Guangzhou area.

2.3.2. Data preprocessing

The data preprocessing steps were critical for ensuring the
quality and reliability of the dataset used in this study.
Initially, data cleaning involved removing or correcting
unusable data to eliminate significant outliers while pre-
serving enough samples to ensure an effective study.
Although commonly replaced by averages, medians, or
modes, such replacements were avoided to prevent the
introduction of noise that could degrade machine learning
model performance.

For continuous variables varying across different scales,
normalization was essential to achieve dimensionless data,
ensuring all input variables contribute equally to analysis.
This was achieved using Z-score normalization (Ding et al.,
2021), which standardizes the data to have a mean of zero
and a variance of one, using the formula

120,000 combinations. Using the EnergyPlus simulation z= X- “, (1)
engine, 120,000 building performance simulations were g

Table 4 Information on sampling variables.

Variables Range Reference Unit Description

Wall U 0.4—1.8 1 W/ (m?2-K) The step size is 0.1.

Windows U 2.0-6.0 4.0 W/(m?-K) The step size is 0.1.

SHGC 0.22—-0.79 0.51 — The step size is 0.01.

Schedule 1—6 3 = The step size is 1. Each residential unit sample has a unique
usage pattern, influencing the corresponding range of sampled
schedules.

Orientation 0—15 0 = The step size is 1.0, where 0 signifies no windows, 1 indicates
windows facing north, and each increment of 1 change the
window orientation by 22.5°.

Floor height 2.8-3.2 3 m The step size is 0.1.

Unit plan 0.80—1.20 1 = The step size is 0.01. This scaling adjusts the plan to alter the

shape characteristics of the unit sample.
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where x is the original dataset, u is the mean of the sample
dataset, and o is the standard deviation of the sample
dataset.

Additionally, the study handled the categorical variables
related to residential units by converting them into nu-
merical features using the CatBoost algorithm’s built-in
encoding method. This transformation was necessary for
the effective processing of these variables by machine
learning algorithms.

2.3.3. Construction of performance prediction models
The CatBoost algorithm was employed to develop a model
predicting the annual EUI of residential units. The parti-
tioning of datasets into distinct training and testing subsets
is a fundamental practice in machine learning to validate
the generalizability of predictive models. This methodo-
logical approach facilitates the empirical assessment of
model performance on an independent test set, thereby
mitigating the risk of overfitting and ensuring robust sta-
tistical inference (Ahmad et al., 2018; Bian et al., 2024). A
substantial portion (70%) of the dataset was used for
training, while the remaining 30% served as test data
(Ahmad et al., 2018; Liu et al., 2022; Mahmood et al.,
2024). Furthermore, to enhance the predictive perfor-
mance of the model, we utilized hyperparameter optimi-
zation methods. This approach helps to reduce modeling
costs while ensuring that the model’s performance is as
optimal as possible. Hyperparameter tuning was conducted
using Hyperopt, a Bayesian optimization-based method
(Kim et al., 2022; Liu et al., 2024b), which dynamically
adjusted the search space to optimize model performance.
The key hyperparameters optimized included maximum
iterations, learning rate, depth of the tree, and L2 regu-
larization, as detailed in Table 5.

2.3.4. Evaluation of model performance

The model’s effectiveness was assessed using several
metrics, including the coefficient of determination (R?),
root mean square error (RMSE), and mean absolute error
(MAE). The R? evaluates the extent to which the indepen-
dent variables explain the variance in the dependent

variable, ranging from 0 to 1. A value closer to 1 indicates a
better model performance (Chen et al., 2024). RMSE and
MAE were used to quantify the differences between pre-
dicted and simulated values, with smaller values indicating
better model performance (Zhang et al., 2022b). These
metrics help quantify the accuracy of the predictions
relative to simulated data, with their formulas provided as

Z (ypred - )/data)2

RE=1- — (2)
Z (ydata - ydata)
Z (ypred - ydata)2
RMSE = - : 3)
1
MAE = EZ’ Ypred _ydata|7 (4)

where y,q is the predicted value, Vgaa is the simulated
value, Vg.ia is the average value of the simulated values,
and n is the number of samples.

2.3.5. Explanation of performance prediction models for
residential units

To refine the clustering algorithms and cluster analysis in
the study of residential units, feature selection plays a
crucial role. This research leverages machine learning
model interpretability algorithms, particularly the SHapley
Additive exPlanation (SHAP), to interpret the CatBoost
prediction model used. The SHAP method is instrumental in
identifying significant floor plan shape variables, which
serve as key input variables for clustering residential
prototypes.

SHAP is a powerful post-hoc interpretability tool that
uses concepts from cooperative game theory to calculate
the Shapley values of variables (Lundberg and Lee, 2017),
effectively quantifying each variable’s contribution to the
model’s predictions (Ma et al., 2022b; Chen et al., 2023b,
2023c). This approach is ideal for building energy manage-
ment applications, as it helps identify the most influential
factors affecting energy consumption. The formula used to
compute the Shapley values is

Table 5 Hyperparameters of the model and their ranges.
Parameters Description Range Type Influence
Iterations Maximum number of weak 100—1000 Integer Increasing this value usually improves the
learners performance of the model, while too many
For the final model iterations can lead to overfitting.
Learning rate To control the magnitude of 0.01-0.20 Float A smaller value can make the model more
the stable, but it may require more iterations to
Update at each step converge. A larger value may cause the model
to skip the optimal solution during training.
Depth Maximum depth of the tree 3—12 Integer A larger this value, the more complex the
model becomes, making it prone to capturing
overly specific features and potentially leading
to overfitting.
2_leaf_reg The (2 regular term 1—-10 Integer A larger value reduces the complexity of the

model and the risk of overfitting. A smaller
value increases the complexity of the model
and the likelihood of overfitting.
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wf0= S il (PUm) -5 (7)) )

SSNN{k}

where ¢,(f,x) denotes SHAP value that reflects variable k
on the single prediction compared to the average predic-
tion over all possible feature subsets. i is the set of possible
variable orderings, K is the number of variables, P,f is the
variables that come before the variable k in the ordering S,
x is the values of explanatory variables.

To assess the relative importance of each feature, the
absolute Shapley values are calculated using the formula

=2 5ot

where I, denotes the importance of variable k, ¢f<') is the
Shapley value for variable k in the single prediction i. This
metric is crucial for determining which features are most
significant in the model and thus should be prioritized in
analyses.

The study utilizes the SHAP package, specifically the
TreeExplainer method, to compute these values effec-
tively. TreeExplainer is designed for tree-based models like
CatBoost and provides a fast and accurate calculation of
SHAP values. The insights gained from these values are used
to discern the most significant features influencing energy
consumption in residential units. This information is
essential for the subsequent steps in the research,
including the development of prototype models and the
formulation of targeted energy-saving strategies.

(6)

2.4, Cluster analysis

Cluster analysis is a robust multivariate classification
method primarily employed to categorize subjects into
distinct clusters based on their attributes. This method is
pivotal for ensuring high consistency within each cluster,
thereby enhancing intra-cluster cohesion, and maintaining
the distinctiveness of each cluster.

2.4.1. K-prototypes cluster analysis

The K-prototypes algorithm, introduced by Huang, is widely
utilized for clustering mixed data types, integrating both
numerical and categorical variable (Hsu et al., 2011; Ji
et al., 2013; Li et al., 2019a). This algorithm computes
the Euclidean distance for numerical variables and the
Hamming distance for categorical variables, as delineated
in formula (7). By employing the mean for numerical vari-
ables and the mode for categorical variables within each
cluster, it effectively reduces intra-cluster discrepancies.
The process begins with a predefined number of clusters
(k), initiates with random assignments, and iteratively re-
fines each cluster to minimize internal variances until
convergence is achieved.

q
Z o(Xi, Y1),

i=p+1

dx,y) = Z\Xi—yi\2+“f 7)
i=1

where the first term represents the Euclidean distance
between two numerical datapoints, the second term rep-
resents the Hamming distance between two categorical

datapoints, and y and 6 are weighting factors to balance
numerical and categorical distributions.
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2.4.2. Evaluation of clustering effectiveness

The effectiveness of cluster analysis is evaluated using
metrics that quantify both intra-cluster cohesion and inter-
cluster distinctiveness. This evaluation is crucial for
assessing the quality of the clusters formed. In this
research, the K-prototype clustering algorithm was imple-
mented for k values ranging from 2 to 10, employing the
silhouette score as the primary evaluation metric
(Rousseeuw, 1987). The silhouette score, indicating the
average silhouette coefficient for all data points, measures
the proximity of each point to its cluster relative to other
clusters, ranging from —1 to 1.

S(X) _ b(X) *G(X)

" max{a(x),b(x)}’ ®)

1 n
S=14 ;s(x), 9)
where a(x) is the average distance between a simple x and
other observations in the same cluster. B(x) is the average
distance between observation x and all observations in the
nearest neighboring cluster. S(x) denotes the Silhouette
Score of observation x. SS denotes the Silhouette Score for
all N observations.

The key to K-prototypes clustering analysis lies in
determining the optimal number of clusters (k) (Liu et al.,
2023b). This process typically involves three steps: calcu-
lating the average intra-cluster distance for different
values of k, plotting the relationship between k and
silhouette scores, and identifying the peak point on the
silhouette score plot. The optimal number of clusters is
inferred as the peak point on this plot.

2.4.3. ldentification and representativeness assessment
of prototype units

In cluster analysis, datasets are segmented into clusters,
with the samples nearest to each cluster center being
identified as prototypes (Peng et al., 2020b). This study
employs K-prototypes clustering to compare the distribu-
tion of residential prototype models across various physical
feature combinations, aiming to identify the most repre-
sentative prototypes (Alrasheed and Mourshed, 2024). The
representativeness of each prototype within its cluster is
quantified using the mean absolute percentage error
(MAPE), with lower MAPE values indicating stronger
representativeness.

n
MAPE = 100
where n represents the total number of dwelling cases in
the cluster, y; is the TEC of the typical dwelling in the

Z Ve —Vi
n
cluster and v, is the TCE of the cases in the cluster.

Vi

(10)

i=1

2.4.4. Performance evaluation and validation of
prototype residential units

The energy performance of the identified prototype resi-
dential units, as well as all sample units, was evaluated
using dynamic energy simulations in EnergyPlus. The key
simulation parameters are summarized in the ‘Reference’
column of Table 4. The energy performance evaluation in-
cludes the energy use intensity per unit area and the annual
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total energy demand (AED). Additionally, the energy con-
sumption of the prototype unit was compared with the
average energy consumption of other sample units within
its respective cluster to validate its representativeness. In
addition, a comparison between the measured electricity
consumption for a real apartment and the EnergyPlus
simulation outputs shows good consistency, indicating the
reliability of EnergyPlus under this specific scenario.
Further details are provided in Appendix C.

2.5. Case study

To demonstrate the potential applications of the identified
prototype residential energy model, we selected extreme
heatwave events as a case study. The energy performance
of the Guangzhou residential sector during extreme heat-
waves was evaluated, with the goal of supporting the
optimization of energy consumption and resource alloca-
tion within the residential sector. First, heatwave events
were defined as the meteorological context for the study,
and methods for identifying such events were established.
Next, the weather data corresponding to the extreme
heatwave events were used as inputs for the energy con-
sumption simulation. The results of the simulation were
then integrated with urban residential stock data to assess
the overall energy performance of the housing stock during
the heatwave event. Finally, based on the results, corre-
sponding optimization measures were proposed. This case
study represents just one of the many potential applica-
tions of the model.

2.5.1. Heatwave event identification

Given the need for specific meteorological data to assess
the energy demand of Guangzhou’s residential sector dur-
ing extreme weather, this study focuses on events charac-
terized by prolonged high temperatures. Researchers
worldwide have developed heatwave identification criteria
based on local climates (Flores-Larsen et al., 2022). The
China Meteorological Administration defines a heatwave as

40

at least three consecutive days with maximum daily tem-
peratures >35 °C. However, this broad definition may not
be suitable for China’s diverse climate.

Yang et al. proposed a more specific definition based on
mortality rates in 31 megacities (Yang et al., 2019). As
shown in Fig. 5, a heatwave is defined as at least three
consecutive days with maximum daily temperatures at or
above the 92.5th percentile. This better captures the
impact of extreme weather on human health.

The calculation of the threshold is based on historical
data from the warm season (May 1 to September 30) over
seven years, as proposed by Yang et al. (2019). We consid-
ered data spanning from 2013 to 2019. Due to the COVID-19
pandemic, which began in 2020 and lasted for three years,
strict social distancing measures were implemented glob-
ally, significantly affecting human activities (Guo et al.,
2024a). This led to a reduction in greenhouse gas emis-
sions, which, to some extent, slowed the trend of global
warming (Zambrano-Monserrate et al., 2020). Therefore,
using pre-pandemic meteorological data from the seven
years before 2020 better reflects the variations in outdoor
temperatures under typical human activity conditions.

We collected daily maximum temperatures for the warm
season (May 1 to September 30) from 2013 to 2019 from the
Guangzhou Meteorological Station (23.24°N, 113.41°E).
Located in the suburban area of Guangzhou, this station is a
national-level meteorological facility, providing high-
precision and reliable data. Based on this data, the calcu-
lated threshold over the seven years (2013—2019) was
35.3 °C. The heat wave intensity (HWI) can be calculated as

D
HWI=>"T,- TR, (11)
j

where D represents the duration in days of the heat wave
event, while T; and TR denote the daily maximum tem-
perature on day and the threshold, respectively.

As shown in Fig. 6, there were 12 heatwave events
during this period, each lasting between 3 and 5 days. We
analyzed the occurrence, duration and intensity of these

w
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Fig. 5
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Fig. 6 Heatwave events in

events in Guangzhou over the seven years. Table 6 presents
all heatwave events occurring from 2013 to 2019, with the
most severe heatwave event of each year highlighted in
bold. Over the six-year period, the most intense heatwave
events occurred in 2017 and 2019, with HWI values of 6.1 °C
and 4.2 °C, respectively.

2.5.2. Energy simulation parameters

This study calculates the number of various apartment units
based on residential type proportions from the Guangzhou
Statistical Yearbook and the residential building stock across
different construction periods (Wang et al., 2020). Due to
the unavailability of precise envelope parameters for
buildings from different periods, most existing studies on
prototype residential buildings decompose the building

stock only at a limited level, making it difficult to create
accurate models for each year. As a result, the method of
categorizing buildings by construction period is commonly
adopted. Therefore, this study sets the thermal perfor-
mance of prototype building envelopes according to rele-
vant construction standards for different periods in the
region. The energy simulation variables are listed in Table 7.
To illustrate the differences in residential energy demand
between daytime and nighttime, we define daytime as 6:00
a.m. to 18:59 p.m. and nighttime as 19:00 p.m. to 5:59 a.m.

e Heatwave event

--=- Threshold (35.3°C)

Guangzhou (2013—2019).

3. Results

The

1820

results section presents the development, findings, and
applications of the prototype residential
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Table 6 The heatwave events in recent 7 years.
Year Start Date Start Date HWD HWI(°C)

2014 July 22 July 24 3 1.6
July 29 August 2 5 3.6
2015 August 6 August 8 3 1.5
2016 July 7 July 9 3 2.7
July 23 July 25 3 2.3
July 28 August 1 5 2.8
2017 July 28 July 31 4 4
August 18 August 22 5 6.1
2018 May 29 May 31 3 2.1
2019 July 16 July 18 3 4.2
August 7 August 11 3 3.9

consumption model. Section 3.1 focuses on identifying the
key features of residential units. By establishing energy
demand prediction models for various residential unit types
and employing the SHAP model interpretation algorithm,
the study clarifies how each feature influences the varia-
tion in energy demand. This process enables the identifi-
cation of critical features, which are then used for
subsequent clustering analysis of prototype residential unit
types. Section 3.2 outlines the process and results of using
K-Prototype clustering analysis to identify prototype resi-
dential units. In Section 3.3, the energy performance of the
identified prototype units is presented. Finally, Section 3.4
showcases one potential application of the identified pro-
totype residential unit types using the methods described.

3.1. Selection of important features of residential
units

This section presents the selection of optimal hyper-
parameters for the model and the final performance of the
best CatBoost prediction model for each residential unit
type. The model’s excellent performance provides crucial
insights for identifying key features of residential unit
types. These identified important features are then used as
input parameters for the next step, enhancing the effec-
tiveness of the clustering analysis.

Predictive models using the CatBoost algorithm were
developed in Python, focusing on EUl as the dependent
variable, with various residential unit features serving as
independent variables. The dataset for each type of resi-
dential unit was divided into a training set (70%) and a test
set (30%). An extensive hyperparameter tuning process
involving 1000 evaluations per model was undertaken to

determine the optimal settings for each model, which are
detailed in Appendix B.

The performance of these models was illustrated in
Fig. 7, highlighting their R-squared, Root Mean Square Error
(RMSE), and Mean Absolute Error (MAE) across both the
training and test sets. Models A (1-Bedroom Unit) and C (3-
Bedroom Unit) exhibited the highest R-squared values on
the test sets, each achieving an impressive 0.991, sug-
gesting an excellent fit. Similarly, B (2-Bedroom Unit) and D
(4-Bedroom Unit) also demonstrated high R-squared values
of 0.983 and 0.989 respectively. The marginal differences in
R-squared values between the training and test sets, all
below 0.1, indicate a robust model fit with no evidence of
overfitting.

Regarding RMSE, all models showed strong generaliza-
tion capabilities with scores below 2 on the test sets. Model
D (4-Bedroom Unit) recorded the lowest RMSE at 1.238,
emphasizing its superior predictive accuracy. The MAE
scores further corroborated the models’ efficacy, all
registering below 1.4 across the models, with Model D
achieving the lowest scores of 0.642 on the training set and
0.931 on the test set, reflecting minimal prediction errors.

These results collectively affirm that the optimized
CatBoost models effectively elucidate the relationship be-
tween the features of various residential units and their
EUI, providing a reliable basis for predicting residential
energy demands.

The performance of the model collectively demon-
strates that, with the available dataset, the predictive
model achieves high performance by directly splitting the
data into training and testing sets. Furthermore, the Cat-
Boost model, optimized through Bayesian hyperparameter
tuning, effectively elucidates the relationship between the
input parameters of residential unit types and their Energy
Use Intensity (EUI). This provides a critical basis for pre-
dicting the energy demand of residential units. The high
accuracy achieved by the CatBoost model establishes a
reliable foundation for subsequent research aimed at
identifying important features of residential units.

SHapley Additive exPlanations (SHAP) were utilized to
explain the CatBoost model developed to predict the EUI of
different types of dwelling units. The SHAP values illustrate
the impact of each input dwelling unit feature on the target
value EUI, providing insight into the positive or negative
impact of individual unit features while clarifying their
importance Ranking.

The right side of Fig. 8 summarizes the impact of
different unit features. Each point represents a residential
unit sample, plotted on the X-axis according to the SHAP
value of the feature. Positive SHAP values, indicated above
zero, suggest a feature increases EUl, whereas negative

Table 7 Residential variable setting in energy consumption simulation.

Construction year U-values SHGC CoP Simulation settings
W/ (m?-K)
Wall Window
Before 2000 2.0 5.7 0.86 3.3 Cooling setpoint: 26 °C, 00:00—24:00;
2001—2010 1.5 3.5 0.44 Lighting load: 6 W/m?
After 2010 1.0 1.8 0.20 Equipment load: 10 W/m?
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Fig. 7

values, below zero, imply a decrease. The color coding of
the points reflects the magnitude of the feature values
within the sample; smaller total areas are shown in blue,
correlating with positive SHAP values and thus a heightened
EUI, while larger areas in red correlate with negative SHAP
values, reducing EUI.

The left side of Fig. 8 presents the global ranking of
feature importance, determined by averaging the absolute
SHAP values for each variable. Notably, the shape charac-
teristics of units markedly influence residential energy de-
mand. The most critical explanatory feature across all unit
types is the total area, with the highest SHAP values of
8.48, 7.26, 7.75, and 6.5 for the respective unit types.

Panel (a) illustrates the descending global importance of
features for one-bedroom units, where living room char-
acteristics exert a more substantial impact on EUI than

+8.48 o
—> —

3
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SHAP value(impact on model output)

2 4 6
mean(|SHAP value|)
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Fig. 8
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Best performances of model.

those of the master bedroom. The living room area ratio
(LAR), orientation (LO), and window area ratio (LWAR) yield
SHAP values of 2.93, 2.78, and 2.49, respectively. For two-
bedroom units, shown in panel (b), LAR emerges as a sig-
nificant factor, second only to room orientations (LO, B10,
MO), which considerably influence EUI, reflected in their
high global importance.

In three-bedroom units, detailed in panel (c), room
orientations (B10, LO, MO, B20) significantly impact EUI,
with SHAP values of 1.97, 1.37, 0.98, and 0.71, respec-
tively. LAR notably alters EUl predictions by 1.31 on
average. For four-bedroom units, shown in panel (d), living
room features dominate, with LAR, LO, external wall area
ratio (LWR), and window area ratio (LWAR) recording the
highest SHAP values, far surpassing the remaining 26 shape
features.

High

Feature value

Low

3 4 5 7 8 -0 0 10 20 30
mean(JSHAP value) SHAP value(impact on model output)

(b) 2-bedroom unit

Totalaro ¢ 5 #— B
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Summary of relative importance of features and local interpretation.
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Overall, these results underscore that unit shape fea-
tures critically affect model predictions, with the top six
features markedly influencing the target output value,
significantly exceeding the impact of lower-ranked fea-
tures. This detailed analysis highlights the critical role of
building configurations in shaping residential energy de-
mand. The findings provide a reliable basis for selecting
inputs in clustering analyses to effectively identify typical
residential prototypes. Moreover, the results indicate that
energy demand in residential buildings is significantly
influenced by the orientation of the living room and the
master bedroom. By optimizing room orientation and
the proportion of living room area during the early
design stages, it is possible to impact the energy demand

recommendations for energy-efficient residential design in
Guangzhou.

3.2. Cluster analysis and identification of prototype
residential units

This section utilizes the key residential unit characteristics
identified previously to perform K-means clustering analysis
on different residential unit types. The performance of four
parameter combinations is compared using the Mean Ab-
solute Percentage Error (MAPE), ultimately identifying the
most representative prototype residential unit type. The
silhouette score, which assesses the cohesion within clus-
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Results of the selection of the optimal number of clusters.
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Table 8 K-prototypes cluster analysis of four kinds of units.
Unit category Type Variable selection Number of  Results of clustering
clusters Cluster MAPE Average of MAPE
(Best K)
1-Bedroom unit Type B Total area, LAR, LWAR, LO, MO 2 Cluster 1 6.01% 6.05%
Cluster 2 6.08%
Type D Total area, LAR, LO 2 Cluster 1 6.01% 6.05%
Cluster 2 6.08%
2-Bedroom unit  Type D  Total area, LAR, LO 2 Cluster 1 5.60% 5.87%
Cluster 2 6.13%
3-Bedroom unit Type B Total area, B10, LAR, LO, MO 2 Cluster 1 8.89% 6.75%
Cluster 2 4.60%
4-Bedroom unit Type A Total area, LAR, LWR, LO, LWAR, B20 2 Cluster 1 6.53% 5.84%
Cluster 2 5.15%

metric for determining the optimal number of clusters,
ranging from 2 to 10. A high silhouette score reflects not
only the compactness of clusters but also distinct separa-
tions between them, which are essential for the precision
and effectiveness of the clustering analysis.

Type A represents the clustering analysis input using the
top six ranked residential unit features. The input for Type B
decreases sequentially, incorporating the top five features,
followed by Type C, which includes the top four ranked
features, and finally Type D, using only the top three resi-
dential unit features. The results indicating the optimal
cluster number for the four types of units, as determined by
K-prototypes clustering, are depicted in Fig. 9.

The selected optimal number of clusters was then used
as the basis for further K-prototypes clustering analysis,
incorporating combinations of four critical features as input
variables. Table 8 presents the clustering outcomes for the
four categories of residential unit samples. In the case of
two-bedroom units, the most representative prototype was
identified under Type B with the lowest average MAPE of
5.87%, utilizing "Total area,"” "Living Room Area Ratio (LAR),"
and "Living Room Orientation (LO)" for clustering. For three-
bedroom and four-bedroom units, prototypes were identi-
fied in Type B, exhibiting the lowest average MAPE values of
6.75% and 5.84%, respectively. Remarkably, in the one-
bedroom category, both Type B and Type D yielded the
same average MAPE value of 6.05% after clustering, indi-
cating that the prototype residential samples within these
clusters had identical feature impacts.

Table 9 details the feature values for the prototype
residential units identified through cluster analysis. Figure
10 illustrates the floor plans and spatial configurations of
the eight prototype residential units, categorized as fol-
lows: P1 and P2 as one-bedroom, P3 and P4 as two-
bedroom, P5 and P6 as three-bedroom, and P7 and P8 as
four-bedroom prototypes. All prototypes are situated on
middle floors of residential buildings with north-south
orientation.

The analysis highlights that the characteristics of the
living room and master bedroom, notably the area ratio,
orientation, and window-to-wall ratio of surfaces exposed
to sunlight, significantly influence the overall EUI of the
units. There are substantial variations in the building area
and room orientation within the same unit category, which
may account for differences in EUl among the prototype
units. This nuanced understanding of spatial and architec-
tural factors provides a critical perspective in energy
modeling and underscores the importance of targeted
design considerations in energy efficiency strategies.

3.3. Performance of prototype residential unit
energy demand

This section employs the prototype residential unit energy
models identified in the previous section, using EnergyPlus
simulations to compare their energy consumption perfor-
mance with that of sample residential units from the same

Table 9 Important variables of the prototype residential units.
Prototype Variables
Total area MAR MWAR LAR LWAR LWR MO LO B10 B20
1-Bedroom unit P1 35.14 = = 0.44 0.26 = 9 9 = =
P2 59.59 = = 0.49 0.10 = 0 9 = =
2-Bedroom unit P3 63.34 = 0.10 0.53 = = 1 1 1 =
P4 54.48 — 0.13 0.44 — — 1 5 13 —
3-Bedroom unit P5 61.21 = = 0.31 = = 15 3 15 =
P6 74.83 = = 0.39 = = 1 1 1 =
4-Bedroom unit P7 146.06 = = 0.39 0.23 0.25 = 9 = 9
P8 114.80 = = 0.44 0.08 0.35 = 9 = 1
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d-1) P7

d-2) P8

Fig. 10 Floor plan and geometric model and of prototype
residential units (M represents Master bedroom,L represents
Livingroom, B1 represents Bedroom1, B2 represents Bedroom2,
B3 represents Bedroom3, K represents Kitchen, T represents
Toilet,S represents Shade).

category, thereby affirming the representativeness of the
prototype residential unit energy models identified through
this method. Utilizing EnergyPlus, the energy performance
of eight prototype residential models was simulated,
incorporating thermal parameters of the envelope and in-
ternal loads established at baseline levels, as outlined in
Table 4. In Guangzhou, the absence of mandatory heating
for residential buildings allowed for the exclusion of heat-
ing energy from this study. Figure 11 illustrates the annual
EUI for these prototypes.

As depicted in Fig. 11, the annual energy demand of the
prototypes generally escalates with an increase in the
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Comparison on EUI of prototype units and the real

number of bedrooms, though the EUI shows variability.
Specifically, prototypes P7 and P8 exhibit an energy demand
that is approximately 2000 kWh higher than that of other
prototypes, yet their EUl remains on par with the others.
This observation is primarily attributed to their expansive
floor areas and a greater number of rooms, which augment
solar radiation exposure on the building’s exterior.
Conversely, prototypes P1 and P2 demonstrate the lowest
annual energy demands among the group, the average value
of each at about 2302.18 kWh. Notably, there is a significant
discrepancy in EUl between these two one-bedroom pro-
totypes, with P2 recording the lower EUl at 47.49 kWh/
(m?-a), differing by 3.22 kWh/(m?-a) from P1. The highest
EUI is observed in the two-bedroom prototype P3, at 52.64
kWh/(m?2-a), with its annual energy demand positioned at a
median value of 2867.69 kWh among the prototypes.

Distinct variations in EUl and annual energy demands are
apparent within the same unit categories, particularly
among one-bedroom and two-bedroom units. Prototypes P2
and P4 feature the lowest EUls within their respective
categories, while P1 and P3 exhibit the highest. In contrast,
the EUI variations among three-bedroom and four-bedroom
units are narrower, averaging about 0.32 kWh/(m?-a).
Among the one-bedroom prototypes, P2 displays a lower
EUI, potentially due to its area being approximately 60%
larger than that of P1. Interestingly, the absence of win-
dows in P2’s master bedroom may contribute to its
distinctive EUI characteristics.

The results presented above demonstrate the energy
performance of the eight identified prototype residential
units. When the number of rooms is smaller or the internal
spatial layout is simpler, such as in one-bedroom, two-
bedroom, and three-bedroom units, the energy demand of
the prototype residences tends to be similar. However,
when the area is larger, with more rooms and more complex
spatial configurations, such as in four-bedroom prototype
units, there is greater variability in energy performance.
Prototype P7 and P8 show annual energy demand exceeding
160% compared to the other prototype units. This indicates
that during the initial design phase, a comprehensive
consideration of the area, spatial layout, and orientation of
spaces is crucial for multi-bedroom units. Furthermore,
urban residential energy-saving efforts should place more
emphasis on four-bedroom units and those with even more
rooms.
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Figure 12 compares the EUls of prototype units against
the average EUIs of their respective groups within the same
category. Overall, the disparity between the prototype and
group average EUls is minimal, ranging from 0% to 5.1%,
with an average difference of 2.6%. The smallest gap is a
negligible 0.01 kWh/m?, followed by a difference of 0.5%.
The largest observed discrepancy, at 5.1%, occurs in the
three-bedroom prototype P5. This significant gap could
result from the high variability in unit configurations within
the P5 group and the complexity of their internal spaces.
Additionally, the relatively small overall sample size may
contribute to this variance. Future studies should aim to
expand the number of groups and sample sizes to enhance
representativeness. In conclusion, the identified prototype
buildings demonstrate energy performance characteristics
that closely align with those of comparable residential
units, affirming their representativeness in the study.
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3.4. Energy demand of residential sector in
Guangzhou during heatwave events

This section evaluates the peak energy demand of the
urban residential sector in Guangzhou during a heatwave,
as well as the energy demand performance of residential
stock from different eras, demonstrating one of the po-
tential applications of the prototype residential energy
model developed in this study. To accurately reflect the
impact of heatwave events on the energy demand of
Guangzhou'’s residential sector and provide a more effec-
tive basis for resource allocation and power system
configuration by government electricity departments, this
section selects the most severe heatwave event of each
year based on the HWI provided in Table 6. Energy demand
during these events was simulated for residential sector
from different construction periods to evaluate the overall
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energy demand and hourly variations in the residential
sector under extreme climatic conditions.

Figure 13 illustrates the hourly energy consumption of
Guangzhou’s residential sector during the most severe
heatwave events from 2014 to 2019. Red scatter points
represent daytime energy demand (6:59 a.m.-6:59 a.m.),
while blue points represent nighttime demand (6:59 p.m.-
6:59 a.m.). Overall, daytime cooling demand is generally
higher than nighttime cooling demand. During extreme
heatwave events, the variation in daytime cooling demand
is relatively small. Daytime cooling demand peaks typically
occur at 7:00 a.m., ranging from 1.782 GWh to 2.226 GWh,
with the highest peak recorded at 7:00 a.m. on July 28,
2016. In contrast, nighttime cooling demand exhibits a
pattern of first increasing and then decreasing, with
more pronounced fluctuations. Nighttime demand peaks
usually appear around 9:00 p.m., ranging from 1.888 GWh
to 2.486 GWh, with the highest value of 2.468 GWh
observed at 9:00 p.m. on May 29, 2018. Across the six se-
vere heatwave events from 2014 to 2019, the average
difference between nighttime and daytime cooling de-
mand peaks was 0.22 GWh.

In summary, peak hourly energy demand during heat-
wave events typically occurs at 7:00 a.m. (daytime) and
9:00 p.m. (nighttime). The maximum daytime peak reached
2.226 GWh, while the maximum nighttime peak reached
2.486 GWh. Over the six years of heatwave events
(2014—2019), the average nighttime peak demand was
2.173 GWh, higher than the average daytime peak of 1.952
GWh. Therefore, during extreme climate events, nighttime
energy demand warrants significant attention. It is note-
worthy that, despite nighttime temperatures being lower
than daytime temperatures, residential cooling demand
can still exhibit significant peaks, often surpassing those
observed during the daytime. For instance, in heatwave
events, while peak energy demand typically occurs during
the midday period, nighttime demand peaks should not be

disregarded. The energy distribution within the urban res-
idential sector during nighttime hours must be prioritized.
Should energy consumption exceed the capacity of the
system, it could disrupt lighting and cooling systems,
further posing risks to the health and safety of residents.

The upper portion of Fig. 14 illustrates the energy de-
mand of the residential sector during heatwave events.
Over the past six years (2014—2019), the energy demand in
the residential sector has fluctuated in response to the in-
tensity of heatwaves. During heatwave events, total energy
demand ranged between 670 GWh and 1402 GWh, indi-
cating significant energy consumption within the residential
sector. In 2014, 2016, and 2017, total energy demand in the
residential sector reached 1280.0 GWh, 1360.2 GWh and
1401.1 GWh, respectively, with the peak value recorded at
1401.1 GWh in 2017. According to Table 6, the heatwave
intensities in 2014, 2016, and 2017 were 3.6 °C, 2.8 °C and
6.1 °C, with a duration of five days each, which surpassed
the intensity and duration of heatwaves in the other three
years (2015, 2018, and 2019). During 2015, 2018, and 2019,
the overall energy consumption of the residential sector
during heatwave events was relatively lower compared to
the previous years (2014, 2016, and 2017), with an average
energy demand of 722 GWh. Despite this reduction, energy
demand remained at a relatively high level.

The lower portion of Fig. 14 presents the total annual
energy demand of residential buildings from different
construction periods during severe heatwave events over
six years. Overall, a decreasing trend is observed. Resi-
dential buildings constructed before 2000 had the highest
energy demand during heatwave events, ranging from 264
GWh to 561 GWh, with an average of 436 GWh, accounting
for approximately 42.1% of total energy demand. The
maximum value of 561 GWh occurred in 2017. This is fol-
lowed by buildings constructed between 2000 and 2010,
with an average energy demand of 362.6 GWh, a 7%
reduction compared to pre-2000 buildings. Residential
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buildings constructed after 2010 had the lowest energy
demand during heatwave events, with annual energy con-
sumption fluctuating between 157 GWh and 322 GWh, and
an average demand of 236.5 GWh. In addition to the
quantitative differences, the thermal performance of
building envelopes from different construction periods also
varies, contributing to significant differences in energy
demand among buildings from the three periods.

In summary, heatwave events have a substantial impact
on the overall energy demand of the residential sector,
with variations in heatwave intensity and duration leading
to large fluctuations in energy demand. Over the six years,
the maximum total energy demand in the residential sector
reached 1401.1 GWh, while the minimum was 670.1 GWh,
resulting in a variation rate of 43.4%. Meanwhile, significant
differences in energy demand are observed across resi-
dential buildings from different periods, particularly for
pre-2000 buildings, whose energy demand cannot be over-
looked. In extreme hot climate conditions, urban managers
should pay more attention to residential buildings con-
structed before 2000, especially those in older neighbor-
hoods, when it comes to energy dispatch. The government
should provide sufficient energy support for these build-
ings, along with updates to energy equipment, to address
the threats posed by future extreme heat events.

4, Discussion
4.1. Advantages of the development method

This study employs a bottom-up approach to assess the
energy challenges of the urban residential sector, aiming to
provide accurate evaluations of energy demand under
extreme climatic conditions. The development of this
approach hinges on the creation of residential prototypes;
however, privacy issues surrounding residential data pose
obstacles to building prototypes in China. For example, Gui
et al. (2019) collected over 50 residential and 70 commer-
cial building drawings to establish a set of prototype models
for Beijing, including four residential and 11 commercial
buildings. Peng et al. (2020b) developed seven residential
prototypes for the Pearl River Delta region based on 120
building drawings. Li et al. (2019b) created 27 residential
prototypes for Chongging by categorizing households,
building forms, and construction periods, representing an
urban residential stock of 6.5 million square meters. The
time-intensive nature of field surveys and questionnaires
makes data collection challenging. In contrast to previous
approaches, this study develops prototype residential units
based on extensive real residential data sourced from
publicly available real estate platforms, providing a more
accurate representation of the internal spatial distribution
of existing homes. Compared to prior methods that estab-
lished building prototypes on a whole-building basis, this
approach significantly enhances the efficiency of devel-
oping residential energy consumption models due to the
ease of data acquisition.

Another key advantage of this method is its compre-
hensive consideration of the internal spatial arrangement
of residential units (Ding et al., 2019; Li et al., 2018; Ma
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et al., 2022a; Song et al., 2024). Previous studies typically
focused on the overall structure of residential buildings,
with prototype energy models often built on the entire
building rather than individual units. This approach can be
computationally expensive and time-consuming when
applied to regional or urban energy assessments, while
frequently neglecting the impact of internal structures and
spatial configurations on energy demand. As a result, such
models often fail to provide tailored energy-saving or
optimization strategies for different types of residential
units. The method developed in this study, by focusing on
the shape and layout of individual residential units, offers
valuable insights for both design and energy efficiency. By
identifying key characteristics of residential units, the
method establishes a clear connection between unit fea-
tures and energy demand, allowing for the incorporation of
energy-saving considerations at the design stage. Addi-
tionally, it enables adjustments to the internal spatial
layouts of existing buildings.

Furthermore, the method’s integration of residential
energy demand with government statistical data allows for
a rapid assessment of urban residential energy demand.
One of the method’s strengths is its consideration of the
uncertainty associated with residential unit occupancy. The
occupancy and in-room rates of residential units are critical
factors for assessing energy demand. While traditional
prototype models often correspond to a single usage
pattern, this method incorporates multiple potential
household configurations within residential units (Li et al.,
2018; Schaefer et al., 2024). This approach provides in-
sights into the sensitivity of energy demand to varying
usage patterns, thereby enhancing the model’s applica-
bility to diverse residential contexts.

4.2. Potential applications of the energy model

The developed energy consumption model demonstrates
significant potential in the context of residential building
energy efficiency. During the assessment of residential
energy demand, the model effectively considers the im-
pacts of occupant behavior and unit-level spatial layouts on
energy consumption, providing scientific support for the
optimization of energy use in existing residential units.
Furthermore, it can assist in evaluating the performance of
new materials and technologies in energy efficiency. In the
design phase, the model offers recommendations for opti-
mizing energy efficiency in residential building design and
spatial layout, while also serving as a foundation for the
development of energy policies and resource allocation
strategies. Additionally, the model’s results can be
extrapolated to assess the energy demand of residential
stocks on a regional scale, supporting regional energy
planning, resource allocation, and system optimization. It
provides valuable insights for rational energy distribution
and management, supports policy formulation, and plays a
critical role in addressing energy threats posed by extreme
climate conditions, thereby enhancing the resilience and
energy security of the residential sector.

The Guangzhou case study further explored cooling de-
mand patterns in the residential sector during heatwaves.
The findings indicate that, even though many residents



Frontiers of Architectural Research 14 (2025) 1810—1833

leave for work or school during weekdays, daytime cooling
demand remains relatively high due to the direct impact of
elevated outdoor temperatures and the continued operation
of air conditioning for those who stay home—such as re-
tirees, remote workers, unemployed individuals, and young
children. The cooling load typically peaks around 9:00 p.m.
as a result of diverse evening energy use behaviors leading
to the simultaneous activation of multiple air conditioning
units. These results underscore the significant influence of
both outdoor temperature and occupancy status on resi-
dential cooling demand during heatwaves. This peak may
also be exacerbated by the urban heat island effect, which
increases cooling demands and subsequently raises resi-
dential energy consumption (Yadav et al., 2023; Zhang
et al., 2024). In addition, residential units constructed
before 2000 exhibit significantly higher energy demand
during heatwaves. These older buildings, characterized by
outdated construction techniques, inferior building mate-
rials, and less efficient equipment, present substantial po-
tential for energy efficiency improvements. Such buildings,
particularly those in older communities with predominantly
elderly residents, should receive prioritized consideration
during the initial planning stages of power system design to
ensure adequate energy resources are allocated prior to
extreme weather events (Xiao et al., 2022). These findings
offer valuable insights for the design of urban power systems
and the allocation of grid resources, helping to mitigate the
risk of grid overload during peak demand periods. Moreover,
the results are generalizable to other cities and extreme
weather events, providing a robust foundation for energy
efficiency initiatives and urban planning policies.

4.3. Limitation

Despite its contributions, this study has certain limitations.
While the identified prototypes are representative, the
sample primarily focuses on mainstream units, excluding
smaller units (e.g., single room units) and larger units (e.g.,
five-bedroom units). Residential buildings are also contin-
ually evolving, necessitating future analysis of a broader
range of units. Moreover, due to concerns regarding data
privacy, there are uncertainties associated with residential
patterns, building envelope characteristics, and building
heights across different construction periods. Given the
diversity of building ages, envelope types, household
compositions, and the complex interactions between resi-
dential buildings in Guangzhou, future research should
conduct a more detailed investigation into these factors.
Another limitation is that the study is based solely on a
middle-floor residential prototype, which may not fully
capture the energy consumption variations of ground- or
top-floor units. However, it is important to note that in
high-density urban environments, most residential units are
located on middle floors. Future research should explore
floor-dependent differences to further enhance the appli-
cability and generalizability of these findings.

Urban environmental data are inherently multidimen-
sional and complex, posing significant challenges in data
acquisition. Consistent with similar studies, our prototype
energy model for residential units does not incorporate
urban environmental parameters. In subsequent research,
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we aim to address this limitation by integrating urban
environmental factors into the model. Additionally, in our
current model, building floor height was standardized to a
typical value of 3 m due to the unavailability of detailed
data (Deng et al., 2021; Liu et al., 2023a; Wang et al., 2022).
Although existing studies suggest that floor height is not a
critical design parameter affecting energy consumption,
this assumption nonetheless introduces some degree of un-
certainty to our results (Kumar et al., 2018; Khalil et al.,
2019; Seyedzadeh et al., 2019; Ye et al., 2021). Future
research should further validate the reliability of this
approach to enhance the model’s robustness and accuracy.

5. Conclusion

With rising residential energy consumption driven by global
warming, the performance of residential buildings has
gained significant attention. This paper proposes a bottom-
up approach, based on prototype residences, to assess
energy demand in urban residential buildings. The
approach captures dynamic hourly variations in energy
demand, offering a foundation for developing urban energy
policies and optimizing electricity distribution to address
future extreme climate events. Additionally, it addresses
the limitations of existing prototype generation methods,
which typically depend on abundant high-quality building
data that is not always accessible.

In this study, the approach was applied to Guangzhou, a
major city in southern China. Residential unit data for four
types of residential units were collected from publicly
available real estate websites. Significant unit variables
were selected and used as inputs for K-prototype clustering
analysis, which identified eight prototype residential units
for the Guangzhou region. The CatBoost algorithm
demonstrated excellent performance in predicting the
energy load of residential units, achieving R? scores be-
tween 0.983 and 0.991, RMSE values ranging from 1.238 to
1.869, and MAE values between 0.931 and 1.382 on the test
set. SHAP analysis was employed to interpret the CatBoost-
based energy load prediction model, revealing that the
shape variables of the living room and master bedroom
were the most influential variables. K-prototype clustering
was then used to identify representative residence pro-
totypes, and the representativeness of these prototypes
was assessed using the average MAPE score of each group.
The MAPE values ranged from 5.84% to 6.75%. The energy
load of each prototype was compared to the average en-
ergy load of its group, with differences ranging from 0% to
5.1% and an average difference of 2.6%. Finally, based on
the identified prototypes, the energy demand of the urban
residential sector during extreme heatwave events was
evaluated, and hourly energy demand was compared be-
tween daytime and nighttime periods. The daytime peak
hourly energy demand ranged from 1.782 GWh to 2.226
GWh, while nighttime peaks ranged from 1.888 GWh to
2.486 GWh. Although daytime energy demand exhibited
greater variability, nighttime peaks often exceeded day-
time peaks during the same heatwave event, with an
average difference of 0.22 GWh. These results demonstrate
the effectiveness of the proposed method, significantly
lowering the barriers to energy assessment in urban
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residential sectors while accurately reflecting the perfor-
mance of urban residences under extreme climate
conditions.

It is worth noting that this urban residential energy
assessment approach emphasizes the internal spatial and
shape characteristics of the residential sector. When
applied to specific urban cases, the construction period and
envelope characteristics of the residential sector in the
study area should be taken into account, especially when
the research location is in northern regions.
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