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Abstract: The full exploration of the energy-saving potential during the operation of buildings is an
essential aspect of energy-efficiency retrofitting for existing residential buildings. Setting reasonable
energy consumption quotas can promote the improvement of energy efficiency. The energy bench-
mark is one of the energy consumption quotas, which represents the general energy consumption
level of similar buildings and serves as the energy-saving goal for high-energy-consuming build-
ings. This study aims to classify existing residential buildings based on their forms and actual en-
ergy consumption data and to set energy benchmarks for each building type. Taking typical existing
residential buildings built before 2000 in Chonggqing, a city in southwestern China, as an example,
from the perspective of building typology, the study classified residential buildings into four types
and determined the energy benchmarks. Then, energy-efficiency retrofitting measure evaluation
and potential analysis were carried out for each type. The study shows that energy for cooling and
heating accounts for a high proportion of energy use in existing residential buildings. The energy
consumption of residential buildings is greatly affected by orientation and floor area. Point-like
buildings with smaller areas facing west have higher energy benchmarks, while slab-like buildings
with larger south-facing areas have lower energy benchmarks. The results and methods of the study
can provide a basis for the formulation of energy benchmarks for residential buildings, as well as
regional energy analysis, energy-saving potential prediction, and energy-saving measure evalua-
tion.

Keywords: residential buildings; energy benchmark; architecture archetype; energy-efficiency
retrofitting

1. Introduction

The energy crisis is a survival challenge that countries worldwide need to face to-
gether. With economic development, residential energy consumption is becoming more
active. According to the “China Energy Big Data Report (2022)” [1,2], in 2021, China’s
urban and rural residents’ electricity consumption for daily life reached 1.17 trillion kWh,
a year-on-year increase of 7.3%. Therefore, studying the current energy status of residen-
tial buildings and exploring their energy-saving potential during their operation is one of
the critical ways to achieve the carbon neutrality goal. At the same time, the “14th Five-
Year Plan for Building Energy Efficiency and Green Building Development” [3] also
clearly required improvement of the energy-efficiency retrofitting of existing residential
buildings, while the guiding opinions of the State Council of China [4] emphasized the
retrofitting of old residential buildings built before 2000. To improve the energy efficiency
of residential buildings, accurately assessing the energy status and setting energy-effi-
ciency targets are vital elements.
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The objects of this study are located in Shapingba District, Chongqing, in southwest-
ern China. Chonggqing has a subtropical monsoon humid climate and is categorized as a
hot summer and cold winter region in the classification of China’s building thermal cli-
mate zones. Its annual average temperature ranges between 16 and 18 °C, and the hottest
month has an average temperature of 26-29 °C. The coldest month experiences an average
temperature of 4-8 °C, owing to a winter sunshine rate of only 13% [5]. In recent years,
the frequency of extreme heat events in Chongqing has increased significantly. According
to public data from the Chongqing Meteorological Service, Shapingba District experi-
enced a total of 58 days of high-temperature weather of 35 °C and above, including 27
days of extremely high-temperature weather of 40 °C and above from July to October 2022
[6], leading to a significant rise in air conditioning energy consumption. As for the existing
residential buildings in Chongging, with the urbanization rate exceeding 70%, the stock
of existing residential buildings by the end of 2018 was 559 million square meters, of which
153 million square meters were built between 1950 and 2000, accounting for 27.32%. The
energy consumption of urban residential buildings in Chongqing has increased by more
than four times [7]. Since the earliest building energy-efficiency design standards in
Chongqing were published in 2002 (“Design standard for energy efficiency of residential
buildings in hot summer and cold winter zone” DB 50/5024-2002, (“2002 Standard”)), very
few of the residential buildings constructed before then adopted energy-efficiency design.
For those buildings, the energy for cooling and heating accounted for more than 44% of
the total annual household energy consumption [8]. Therefore, conducting forms and en-
ergy characteristics analyses for existing residential buildings will help achieve the energy-
saving goal of improving energy efficiency and reducing overall energy consumption.

Inspired by the above research and practical situation, we selected representative ex-
isting residential buildings constructed before 2000 in Shapingba District, Chongging
City, as the research objects, aiming to explore the method for formulating energy bench-
marks for existing residential buildings. The main contents of the article are as follows: (1)
analyzed the existing residential building forms and energy consumption status; (2) clas-
sified the existing residential buildings from a typological perspective; (3) established the
energy benchmark for each type of residential building; (4) analyzed energy-efficiency
retrofitting strategies and the energy-saving potential of each type of building.

Through the discussion and study of the above issues, evaluation criteria for the en-
ergy efficiency of the sample residential buildings have been established, and targeted
advice has been provided for the measures of energy-efficiency retrofitting. In addition, it
was also a beneficial exploration of the formulation method of energy quota standards for
residential buildings in Chongging.

2. Review of the Literature

Formulating energy-saving goals requires the establishment of evaluation standards.
As a data-based, objective standard, energy benchmarks form the basis for energy effi-
ciency evaluation [9-12]. Energy benchmarking of buildings is a method of evaluating
current building energy efficiency by comparing it with a standard energy scenario [13],
which can be derived from an idealized virtual model, buildings with similar characteris-
tics, or historical energy data [14-16]. The comparison can clarify buildings” actual energy
efficiency level and identify energy-inefficient buildings for targeted energy savings [17].
It is an important part of most building energy efficiency rating systems and is also the
basis for energy efficiency diagnosis and the development of energy-saving measures [14].

Studies have well documented that energy benchmarking, as a macro-level assess-
ment, can help promote building energy performance [18,19]. According to a 2012 survey
by the U.S. Environmental Protection Agency, buildings that participated in the ENERGY
STAR program had an average annual energy savings rate of 2.4% [20]. Large buildings
participating in the National Australian Built Environment Rating System reduced energy
consumption by an average of 3.3% per year over ten years [21]. It has been shown that
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comparisons between similar buildings and publicly available energy performance infor-
mation can motivate energy-efficient behaviors [22]. Energy-efficient buildings can reduce
economic costs, making them more popular in the trading market, which motivates home-
owners to improve building energy efficiency and achieve a positive cycle continuously.
As a result, relevant government departments worldwide have started to implement
building benchmarking or energy disclosure policies [23,24].

The energy benchmarks in previous studies were mainly determined by three meth-
ods: establishing energy consumption benchmark models, establishing energy prediction
models, and establishing statistical models [25-27].

In the first method, energy simulation software like EnergyPlus is usually used for
modeling. Standard conditions such as building forms, thermal parameters, and equip-
ment conditions are artificially set to obtain an energy consumption value as the bench-
mark, which is commonly used for individual building energy diagnosis [17]. In a study
of energy consumption in five-star hotels in China in 2018, through the investigation of
building form, equipment, utilization rate, and other data from 300 high-end hotels, typi-
cal values of parameters were selected to establish a DeST energy consumption simulation
model to describe the energy intensity distribution [28]. In 2022, researchers in Brussels
developed an energy benchmark model for near-zero-energy residential buildings. A typ-
ical building was selected through field measurements and energy data testing of 39
dwellings over several months. An energy simulation model was developed to calculate
an average annual energy use intensity (EUI) of 29 kWh/m? for typical near-zero energy
buildings [29]. However, because of the strict requirements for the dimension and accu-
racy of boundary condition parameters, establishing energy simulation models is unsuit-
able for large-scale building energy consumption evaluations [10,26,30]. In recent studies,
attempts have been made to improve the representativeness of energy consumption mod-
els as prototypes. Researchers delineated multilevel intervals for simulation parameters
to cover a broader range of building types [31]. However, the multilevel delineation of
variable values led to an exponential increase in the number of simulations. Additionally,
due to the high data completeness and accuracy requirements, some studies have at-
tempted to use Bayesian inference to predict the modeling parameters for the data re-
quirements [32], which may contain errors with actual data. Thus, the high demand for
data granularity limits the use of simulation models in the urban context [33].

In the second way, energy prediction models are established based on the intricate
relationship between building characteristics and energy consumption. The tested build-
ing obtains the predicted energy consumption value, which will be used as the benchmark
to compare with its actual energy consumption for the energy efficiency ratio (EER). The
EER, defined as the ratio of the actual energy to the model-predicted value, is used to
quantify the relative energy performance of a building [34], with a lower EER indicating
better energy efficiency relative to comparable buildings. The cumulative frequency sta-
tistics of EER allow rating or scoring of building energy performance; for example, a score
of 75 or higher qualifies for Energy Star certification, which means the building outper-
forms 75% of similar buildings nationwide [9]. Regression models [9,35,36], such as the
US Energy Star program [37], are commonly used. Roth et al. used quantile regression to
perform an energy benchmarking analysis of more than 1000 commercial buildings [38];
Ding et al. used a linear regression model to benchmark the energy of campus buildings
by considering subcomponent electricity use data such as lighting, air conditioning, and
electrical equipment. They assessed the energy-saving potential of each component of the
target building [39]. The regression model is often linear, but the relationship between the
energy and properties of a building, such as building age, operating hours, number of
occupants, and other factors, was found to be nonlinear sometimes [40—42]. Due to the
application of machine learning (ML) and the Internet of Things (IoT), nonlinear models
such as Artificial Neural Network (ANN) [43], Decision Tree (DT) [44], Adaptive Net-
work-based Fuzzy Inference System (ANFIS) [45], and Random Forests (RF) [25,26] have
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been increasingly utilized. Nonlinear energy prediction models usually use ML algo-
rithms, which do not require much knowledge of building physics and rely on pre-se-
lected models and actual historical data sets to estimate reasonable building energy [33].
Under reliable and sufficient data, various nonlinear models have been widely used in
energy consumption prediction, load forecasting, and energy assessment at urban scales
[21,46]. However, data-driven methods rely on a large amount of reliable public data and
have high requirements for energy data platforms. On the other hand, because ML is a
black-box model, it is poorly interpretable and difficult to uncover the actual causes of low
energy efficiency [18], limiting its applicability in providing information in the energy
efficiency policymaking process [47,48]. The study has concluded that interpretable mod-
els are more helpful in gaining the users’ trust in the energy evaluation process and can
improve the execution and confidence of decision-makers in implementing their decisions
[9].

In the third approach, energy benchmarks for similar buildings are determined based
on building classification and actual energy consumption data using statistical methods.
In the statistical benchmarking methods, the EUI of the building under test is compared
with the median EUI of similar buildings [14]. The median, which indicates the general
energy performance, is used as the benchmark. For example, the UK published the guide
“Energy Performance in the Government’s Civil Estate”, which divided office buildings
with a floor area over 1000 m? into four categories and proposed “typical” and “good
practice” energy benchmarks based on the average and quartile values of building energy
use data [49].

Statistical benchmarking is more concerned with comparing energy efficiency among
similar buildings than with highly accurate energy predictions [50]. Investigating build-
ing energy performance relies mainly on building characteristics such as building age,
building type, floor area, and actual energy consumption data. It considers less easily
changed details such as equipment energy efficiency, lighting power, and heat transfer
coefficients of doors and windows. Because the energy benchmark based on statistics is a
conventional energy consumption level determined by the inherent properties of the
buildings, objects with energy-efficient behaviors and equipment usually have better en-
ergy efficiency performance in similar building energy consumption comparisons [51],
which is consistent with the intent of energy benchmark evaluation and can promote the
adoption of energy efficiency measures in high-energy-using buildings.

The energy benchmark obtained from statistics has a lower requirement for the gran-
ularity of energy data, and even annual energy consumption data can be used for analysis
[17]. Moreover, with good scalability and generality, it can be adapted to different cli-
mates, building types, data quality, and coverage in different cities and regions, which is
often applied to energy assessment [52] and energy strategy development for large-scale
buildings [53]. A study comparing the results of the regression model, stochastic frontier
analysis, and statistical method for benchmarking building energy, respectively, demon-
strated that the statistical method performed more consistently and reliably when more
attention was paid to the relative energy performance of buildings. For countries and re-
gions where multi-dimensional data are difficult to obtain, the statistical method with lim-
ited data can reliably develop building energy efficiency evaluation criteria and has con-
siderable advantages regarding interpretability [54].

The benchmark based on statistics represents an energy consumption limit for con-
straining total energy consumption and energy efficiency. Buildings with actual energy
consumption exceeding the limit are identified as high-energy-consuming buildings
(HEBs) and are targets for energy-efficiency retrofitting. It is also the method and path
that Chinese government agencies use to set energy quota standards. In this study, such
energy benchmark indicators were formulated as criteria for evaluating the energy effi-
ciency of existing residential buildings and served as the basis for energy-efficiency retro-
fitting research.
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Since energy benchmarks are used for comparing the energy efficiency of similar
buildings, it is necessary to first classify existing residential buildings based on their cur-
rent situation and then formulate corresponding energy benchmarks for various types of
residential buildings. There is a massive stock of existing residential buildings, and col-
lecting information about their current situation requires a lot of effort. The building ty-
pology method, which is compatible with the large and diverse existing residential build-
ings, can be an effective means of scientifically analyzing regional building characteristics.
Under similar building conditions such as site, economy, culture, and social background,
residential buildings as a basic building type tend to be constructed in similar forms,
which can be abstracted as “archetypes” [55]. Since buildings can be classified based on
factors such as construction time, function, and form characteristics, representative proto-
types can be extracted to characterize a group of buildings with similar features [56-59].
It has been validated that the building typology method is an effective strategy for re-
sponding to the demand for large-scale building energy-efficiency retrofitting in cities and
even nationwide [56,60-66]. The European Typology Approach for Building Stock Energy
Assessment (TABULA) project is establishing a building typology system in 13 countries
[56]. The determined building archetypes can be used for energy-saving potential assess-
ments and energy-efficiency retrofit recommendations. At the same time, studies have
shown that the geometric form of buildings has an important impact on energy consump-
tion: building plan form, aspect ratio, and orientation all affect cooling load [67]; Zhang et
al. [68] confirmed the correlation between room space dimensions and energy consump-
tion in a simulation study; shape coefficient was positively correlated with building en-
ergy for cooling and heating [69]; Jalali [70] optimized the shape coefficient and building
area to change the solar radiation heat gain, resulting in an 8% reduction in cooling load
and a 21% reduction in heating load; and appropriate building form and orientation could
reduce overall energy consumption by 40% [71]; in Bamdad’s [72] sensitivity analysis of
building energy factors, building orientation and window-wall ratio were identified as
priority factors. Therefore, building form analysis based on typology can provide a foun-
dation for existing residential buildings’ classification and energy status assessment.

The above research reviews the theoretical and methodological paths of using typo-
logical thinking to study building energy benchmarks in building energy-efficiency retro-
fitting. However, most studies indicate that tracking the progress of energy-efficiency ret-
rofitting on a large scale and setting reasonable energy-saving targets depend on a trusted
building and energy data platform [60,73-75]. Data collection on the form and energy use
of residential buildings remains a widespread challenge [76]. In China, the current statis-
tical data mainly pertain to public buildings, and the energy benchmark standards have
been implemented in public buildings first. Collecting building information and formu-
lating energy benchmarks for residential buildings needs to be urgently carried out.

3. Materials and Methods
3.1. Methodological Framework

In this paper, building energy consumption is measured by household electricity
consumption. According to the source of energy input, the energy involved in residential
buildings mainly contains three types: water, electricity, and fossil energy (such as coal,
oil, natural gas, etc.) [77], which can be divided into two major parts in terms of usage:
daily life energy and thermal comfort regulation energy. The energy for daily life is related
to the energy use behaviors of residents and the type, quantity, and power of the equip-
ment, which is less affected by building forms. In contrast, the energy required for thermal
comfort regulation is strongly related to the building’s form characteristics. Relevant stud-
ies show that the energy consumption for cooling and heating residential buildings in hot
summer and cold winter zones accounts for more than 40% of the total annual energy
consumption [8]. At the same time, according to the research on residents’ energy use be-
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haviors, electric devices such as air conditioners, electric fans, and electric heaters domi-
nate the thermal comfort regulation methods in Chonggqing in winter and summer, and
the proportion of devices using gas for heating is low. Gas is mainly used for cooking,
which contributes to residents’ daily energy consumption. Therefore, in the discussion of
the relationship between energy consumption and the form of residential buildings in this
article, only electricity consumption is used as the evaluation standard without consider-
ing gas or water, and the electricity consumption per unit building area (kWh/m?) is used
to describe EUL

The methodological framework of this study is shown in Figure 1. We first collected
the form information and energy consumption behavior information of 370 residential
buildings in 13 old residential districts built before 2000 in Chonggqing, as well as the en-
ergy bills of 7 districts from 2017 to 2021. After handling abnormal data from residential
buildings, we calculated the total energy consumption and EUI of each building under
the condition of an expected occupancy rate of 100%. Then we analyzed the energy char-
acteristics of residential buildings in Chongging. Next, the typology method was em-
ployed to identify the key building form parameters that influence EUI through correla-
tion analysis. Sample buildings were then classified using clustering analysis, and the ar-
chetype buildings were determined. Subsequently, multiple linear regression equations
were established to correct the EUI value of each building, and then the energy bench-
marks of each type of building were obtained. Finally, the energy-efficiency retrofitting
measures for different types of buildings and the energy-saving potential of HEBs were briefly
discussed.

Data Collection and Analysis

On-site Measurement Electricity Bill Questionnaire survey

‘ Thirteen existing old residential districts

‘ Monthly electricity bills per household

| Equipment types

| Usage Mode

1 Floormumber | [ Window-to-wall ratio | } Energy consumplion data analysis
' 5 and outlier processing

. ‘ Construction year ‘ | Floor arca | !

¥ ‘ Aspect ratio ‘ | Orientation angle | [

Total energy consumption |

] :
' [ Shape coefficient | [ Building lengthiwidh | | Energy use intensity (EUI)

Buildings Classification ST ,L _______________ ) peETs—
- ‘ el S0
Cm'rnllx?t.mn Clulsfc_r : B ; ‘e Type2: X-133
: analysis analysis ; | o 3 ‘e Type3: F-2021
e e ; R | e

Energy Benchmark =
Regressi Energy benchmarks for each Operating
egression nergy benchmarks for each type conditions

Application i(

v

Buildi "F Energy simulation by UMI
Information

Figure 1. The methodological framework of the study.

3.2. Data Collection and Analysis

Based on research and the literature analysis, as one of the core old urban areas in
Chonggqing, Shapingba still retains a large number of representative residential buildings
from different periods, and they are relatively concentrated in distribution. Therefore, the
study takes the old residential districts in Shapingba as the sample area, with a north-
south range of about 6 km and an east-west range of about 3 km, selecting 13 residential
districts (Figure 2), with a total of 373 buildings, including 370 buildings built before 2000,
which contained 816 units and 11,868 households, with a total building area exceeding



Buildings 2023, 13, 1346

7 of 27

780,000 m?. A field survey of building forms, a questionnaire survey of residents” energy
consumption behaviors, and data collection of residents’ energy bills were conducted in
the selected old districts.

For building form information, based on expert opinions and the results of previous
studies, the following building form parameters related to energy consumption were se-
lected for participation in the study.

(1) Construction year (CY): For residential buildings in China, their construction
methods, structural practices, thermal performance of materials, and other characteristics
are constrained by the construction standards promulgated by relevant government de-
partments. The standards have been revised and updated over time. For example, from
1986 to 1995, it was a trial period for China’s energy-saving design standards. In 1995, the
“Energy conservation design standard for new heating residential buildings” JGJ26-1995
was officially released. In 2001, the national “Design standard for energy efficiency of res-
idential buildings in hot summer and cold winter zone” JGJ134-2001 was issued. The rel-
evant standards in Chongqging were promulgated in 2002. Thus, the CY is correlated with
the building scale, form characteristics, and material thermal properties of the envelope.
Moreover, the CY is easier to identify and collect than building materials; therefore, it was
considered one of the research parameters.

(2) Floor number (EN), building length (BL), and building width (BW): The correla-
tion between the spatial forms of residential buildings and energy consumption has been
confirmed in relevant research [68]. Therefore, the three-dimensional data on building ge-
ometry were included in the study. Due to the difficulty in measuring building height, the
floor number was used to replace building height, as the floor height of residential build-
ings was generally uniform.

(3) Floor area (FA): The dimension of building geometry affects the building area, and
energy per unit building area is the most commonly used indicator to measure building
energy performance (kWh/m?). Meanwhile, in some studies, the contribution of building
area to energy consumption prediction and analysis was significant [78], and building
area was one of the most important indicators suitable for establishing energy benchmark
models [79].

(4) Aspect ratio (AR): AR refers to the ratio of the length to the width of a building
plan. Buildings with an AR less than 2 are usually regarded as point-like buildings, while
buildings with an AR greater than or equal to 2 are classified as slab-like buildings. Under
the same floor area conditions, a higher AR corresponds to a greater shape coefficient of
the building, resulting in an increased likelihood of high energy consumption [80].

(5) Shape coefficient (SC): The SC of a building is determined by the ratio of the build-
ing’s surface area (excluding the bottom) to its volume, which is influenced by the build-
ing’s three-dimensional geometric data and floor area. A larger SC implies a greater sur-
face area for heat exchange between the building envelope and the air, and studies have
indicated an inverse relationship between the SC and building energy consumption [51].
Following the “2002 Standard”, the SC value is restricted based on different AR; specifi-
cally, the SC of point-like buildings must not exceed 0.4, and the SC of slab-like buildings
must not exceed 0.35 [81].

(6) Orientation angle (OA): The orientation of buildings directly affects the efficiency
of solar radiation and natural lighting, thereby affecting the energy consumption for cool-
ing, heating, and artificial lighting. In the energy-saving design optimization algorithm
for low-energy buildings [82], the optimal building orientation was always the same,
demonstrating the significant impact of orientation on building energy. In the data statis-
tics of this study, the orientation of the long side facade was taken as the standard, with
0° indicating a south-facing angle, positive numbers indicating clockwise westward devi-
ation, and negative numbers indicating counterclockwise deviation.

(7) Window-to-wall ratio (WWR): The WWR refers to the ratio of window area to
exterior wall area on each facade, and the restrictions on the WWR vary for different ori-
entations. Houcem [83] considered that the WWR and SC were the two factors that had
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the greatest impact on heating energy consumption, while the WWR had the greatest im-
pact on cooling energy consumption.

We utilized institutional resources such as the Infrastructure Department and Ar-
chives to obtain design documents and drawings for basic building information. Satellite
maps, online resources, and on-site surveys were conducted for facade images and form
information (Figure 3). Eventually, a table of building information was created, including
the construction year, floor number, floor area, building length, building width, aspect
ratio, orientation angle, shape coefficient, and window-to-wall ratio, providing the basis
for subsequent quantitative research on building energy consumption.

A questionnaire survey was used to collect information on residents” energy use be-
haviors. A total of 112 questionnaires were distributed, with 103 valid responses received.
The survey included information on the methods used to improve heat comfort during
summer and winter, the types of equipment used, the temperature that air conditioning
(AC) sets, and the regular operating time of equipment. Considering the small sample size
of the questionnaire, the relevant results were supplemented and verified from existing
research on a larger sample of thermal comfort regulations and air conditioning usage
patterns in Chongqing.

To collect residential energy consumption data, we collaborated with the energy
management platform to obtain the monthly electricity bills for each household in seven
sample districts from 1 January 2017 to 31 December 2021, covering 141 residential build-
ings and 4289 households. The total energy consumption and EUI of each building were
obtained by cumulatively calculating the annual energy consumption of each household
in the building, which served as the basis for the energy analysis.

(DQinju Village (@Dashi Village (3)Shangduijin Village @)Zhiyuan Village

()Faculty community (I)Electric community ({2)Songlinpo Village

- B 5 "

River (3Baishu Village

o ©

Figure 2. Distribution of sample buildings.
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Figure 3. On-site investigation of sample building.

In addition, there were more detailed steps in processing electricity bills. Based on
the survey results of the questionnaire, electricity consumption dominated over gas con-
sumption for winter heating in residential buildings; therefore, the EUI of residential
buildings is characterized by electricity consumption only. For the reliability of the energy
data of the sample buildings, it is necessary to verify and process the collected energy
data. During preliminary analysis, redundant data, zero energy consumption, and ex-
tremely low/high energy values were observed in the electricity bill data due to various
objective influences such as changing the electricity meter, deviation in the data collection
time, and occupancy rate. From the histogram of the EUI value distribution of each house-
hold (Figure 4), it shows that the EUI value distribution is skewed, resulting in energy
analysis results based on the original data being underestimated. Therefore, the boxplot
method was used to remove outliers [84]. As the logarithmic function is sensitive to
changes in values between 0 and 1, the natural logarithm with e =2.718282 can be used to
transform the EUI values logarithmically and remove extremely small values. In contrast,
the EUI values that have not been logarithmically transformed can remove extremely large
outliers. Afterwards, the interpolation method replaced the outlier values with the median
of the remaining household EUI values after removing the outliers for each building. The
entire building was removed where the proportion of outlier households exceeded 50%.
Then, the total energy consumption and EUIg under the assumption of a 100% occupancy
rate for each building, were obtained. The calculation process is as follows:

n
Bow =) Fi (1)
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where Eiq, is the total energy consumption of each building obtained from the electric-
ity bills in kWh; n is the total number of households, E; is the total energy consumption
of each household in kWh; AE is the correction amount of the total energy consumption
of each building in kWh; m is the number of households with outliers, E; is the energy
consumption of outlier households in kWh; Ey, is the median energy consumption per
household in the building after removing outliers in kWh; Eiy,s is the corrected total
energy consumption of the building in kWh; EUI is the energy use intensity from the elec-
tricity bills in kWh/m?; EUI; is the energy use intensity of the building after correcting in
kWh/m?; S is the building area of each building.

800 -

00 =

400
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200

T T T
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EUL kWh/m?®

Figure 4. EUI distribution histogram per household.

3.3. Formulating Energy Benchmarks
3.3.1. Classification Method of Residential Buildings Based on Typology

The sample residential buildings can be classified into different types based on their
form characteristics. Moreover, a representative archetype building can be extracted from
each type. By conducting energy analyses on these archetypes, specific energy-saving
measures can be proposed for each type of building, thus allowing for large-scale energy-
efficient retrofitting [66]. Sample buildings were classified based on EUIs and building
forms. Due to the non-normal distribution of some form parameters of buildings, Spear-
man correlation analysis was used to analyze the correlation between the CY, AR, BL, BW,
EN, FA, SC, OA, and EUI; of buildings to determine the classification indicators. After-
wards, sample buildings were classified using clustering analysis. K-means clustering and
hierarchical clustering are common methods. Hierarchical clustering was used to obtain a
reliable number of classifications, and the final classification results were determined by
K-means clustering. The building cases closest to the clustering center were selected as the
archetype buildings for each cluster [85], and the parameter sets were set.
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3.3.2. Formulating Energy Benchmark for Each Type of Residential Buildings

When determining energy benchmarks based on statistical data, the median EUI of
buildings of the same type is usually selected to represent the general level of energy effi-
ciency, which serves as the energy-saving target for HEBs [10,17,51,86]. Based on the re-
sults of the building classification and EUIg, the EUl; medians were used to determine
the energy benchmarks for each type of residential building.

In addition, the energy consumption intensity per unit building area only considers
a single indicator of building area, while changes in the form under the same area condi-
tions will lead to differences in EUI [51,87-89].

The EUI values can be corrected according to the method used for public buildings
in the “Standard for energy consumption of building” GB/T51161-2016 (“Standard 2016™)
[90]. The correction considered key factors such as annual service time and average room
occupancy rate, which have been identified as having the most significant impact on pub-
lic building energy. Statistical data from energy audits and energy consumption monitor-
ing in cities such as Beijing, Shanghai, and Shenzhen was used to determine the standard
deviation and average value of these factors, which were then used to standardize the
actual EUI of public buildings. Our study identified important influencing parameters for
different residential building types by analyzing the correlation between variables and
EUI A process model between EUI and standardized characteristic parameters was estab-
lished using multiple linear regression equations. Afterwards, the EUI values of residen-
tial buildings in each type were corrected, and then the medians of the EUI were finally
used as the energy benchmarks.

3.4. Energy Simulation of Energy-Saving Measures and Potential

The “Technical specification for the retrofitting of residential buildings on energy ef-
ficiency” DBJ50/T-248-2016 (“Technical specification 2016”) [91] was issued by the Chong-
qing Housing and Urban Rural Construction Commission in 2016. “Technical specifica-
tion 2016” emphasized that energy diagnosis should be carried out first for retrofitting,
and technical reliability, operability, and economy should be considered. Depending on
the project’s actual situation, individual or comprehensive energy-efficiency retrofitting
can be conducted. However, energy diagnosis requires professional institutions and de-
tailed technical engineering documents, making it difficult to perform for a large number
of existing buildings. Therefore, it is not feasible for large-scale implementation. The pri-
mary focus of the retrofitting principles is on summer insulation, while winter insulation
is also considered. The retrofitting content mainly involves improving the building enve-
lope structures, which include external windows, shading, exterior walls, and roofs, and
secondly, improving the energy efficiency of household equipment. For roof retrofitting,
the focus is on transforming flat roofs into sloping roofs in buildings with damaged roofs.
Due to the different form characteristics of residential buildings of different types, the en-
ergy-saving measures may have varying effects on cooling and heating energy consump-
tion. Therefore, there may be better options than adopting a unified energy-saving meas-
ure for buildings. Furthermore, applying all energy-saving measures to every building
would also be a waste of resources. Therefore, the sensitivity of various building types to
energy-saving measures can be analyzed based on prototype buildings, which will help
evaluate the energy-saving effects and priorities of different measures.

Following the principle of minimizing the impact on building functionality, four
commonly used retrofitting measures were selected: Measure 1 (M1): replacement of win-
dow glass (from ordinary gray absorbing glass to transparent insulated glass, reducing
the heat transfer coefficient (HTC) from 5.7 W/m2K to 2.8 W/m2K); Measure 2 (M2): ad-
dition of movable exterior shading (reducing the overall shading coefficient of the win-
dow from 0.65 to 0.15); Measure 3 (M3): enhancement of exterior wall insulation perfor-
mance (reducing the wall HTC from 1.5 W/m2K to 1.05 W/m?-K); and Measure 4 (M4): use
of AC with higher energy efficiency ratio (the energy efficiency ratio for cooling increased
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Shape coefficient of slab-like buildings
Shape coefficient of point-like buildings

Building orientation

Building length (m)

Building width

from 2.3 to 2.6, and that for heating increased from 1.9 to 2.35, which meets the minimum
requirement for the higher-level energy efficiency standard).

Energy simulations were performed based on each archetype building to analyze the
energy-saving rates of various retrofitting measures on cooling and heating energy con-
sumption. The results were used to determine better priority energy-saving measures.
Additionally, these energy-saving measures were implemented on HEBs to evaluate the
energy-saving potential of the four building types.

4. Results
4.1. Existing Residential Building Form and Energy Consumption Characteristics
4.1.1. Form Characteristics of Sample Buildings

The form information of the sample buildings was investigated on-site. According to
statistical analysis (Figure 5), the buildings constructed before 1986 accounted for the larg-
est proportion, reaching 67%. A total of 96% of buildings had floors below 10, with 44% of
buildings with 7-9 floors accounting for the most. Buildings with a FA of 200-400 m?2 had
the highest proportion, accounting for 52%. The AR distribution showed that the majority
of buildings were slab-like in shape. The main distribution intervals of building length
were 20-30 m and 40-50 m; 53% of buildings had a width range of 5-10 m, mainly 7-9 m.
The OA data showed that the south was the main orientation, followed by the west. A
total of 64% of the point-like buildings had a shape coefficient exceeding the standard
value of 0.35, while 49% of the slab-like buildings exceeded the standard value of 0.4, in-
dicating more energy-saving potential. The WWR on the west facade of the slab-like build-
ings was mostly less than 0.1, while on the other facades it was mainly distributed between
0.25 and 0.35.

[5.20) [EED) [30.40) [40.50)

[5,10) [10,15) [15,20) [20,25)

(0.200] [200,400) [400,600) [600,800) [80
Floor number = 46 = over 10

1949-1986 1987-1995 1996-2000

10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Figure 5. Statistical analysis of the form characteristics of sample buildings.

4.1.2. Energy Use Behavior Characteristics of Sample Buildings

The collection of energy use behavior information in the study mainly included the
methods used to improve heat comfort in summer and winter, types of equipment used,
AC temperature setting, and operating time (Figure 6). The results showed that AC was
the main cooling method in summer, accounting for 76%; the temperature setting was
mostly between 22 °C (inclusive) and 26 °C, which was not energy-efficient, accounting
for the largest proportion of 52%. The peak usage of AC in the summer was from July to
September. AC was also mainly used for heating, accounting for 68% in winter. The tem-
perature was mostly set between 26 °C (inclusive) and 28 °C, accounting for 64%. The AC
usage in the winter was from December to February of the following year.

Simultaneously analyzing the existing large-scale research on the utilization of ther-
mal comfort adjustment equipment in residential buildings in Chonggqing, it was observed
that a high frequency of AC use occurred when the average outdoor temperature was
above 30 °C during summer and below 13 °C during winter, according to the monitoring
of the use of 575 ACs [92], which was consistent with the results of our questionnaire sur-
vey. In the survey of 2735 households [93], split AC was the primary cooling method in
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summer, and over 90% of households combined electric fans with AC for cooling. Fur-
thermore, 54.55% of households set the temperature below 26 °C during the summer. The
utilization of gas for heating during the winter was only 5.15%, and 20.94% of households
did not use heating equipment. The rest of the households used AC or electric heating
equipment, with 34.78% of households setting the temperature between 26 and 28 °C dur-
ing the winter.

Considering the relevant research evidence, the qualitative conclusions regarding the
primary use of electrical equipment in households for maintaining thermal comfort, the
duration of equipment usage, and the preferred AC temperature settings were credible.

Month of AC end using in winter E

Month of AC start using in winter

AC temp in winter 228°C
Metho fo heting i winter ! e |
Month of AC end using in sumumer
Month of AC start using in sumumer _
T —

Method for cooling in sumumer Air conditioning

10% 20% 30% 40% 50% 60% 70% 0% 90% 100%

Figure 6. Statistical analysis of energy use behavior characteristics.

4.1.3. Energy Consumption Characteristics of Sample Buildings

After sorting the electricity data, a total of 677 outliers were screened out, and 17
outlier buildings were removed. The remaining 124 sample buildings were kept to study
energy consumption characteristics. The average annual electricity consumption per
household was 1431.29 kWh, with a median of 1293.60 kWh. The average EUI was 22.77
kWh/m?, with a median of 20.79 kWh/ma2.

The annual energy consumption of each residential district is shown in Figure 7. The
distribution trends were similar, with the peak energy consumption in the summer occur-
ring from July to September and the peak in the winter occurring from December to Feb-
ruary of the following year. The energy consumption during the steady period from April
to May could be considered the daily energy consumption of residents. Therefore, the
energy for cooling and heating could be calculated by subtracting the energy during the
steady period from the sum of energy consumption during the summer and winter. The
calculation formulas are as follows:

Ee,Apr + Ee,May

Bdaiy = —————— )
Ecooling,f = Ee,]ul + Ee,Aug + Ee,Sep —-3X Edaily (8)
Eheating,f = Ee,]an + Ee,Feb + Ee,Dec —3X Edaily (9)

where Eg,jy is the monthly energy consumption of daily life that does not include cool-
ing and heating, E¢montn is the energy consumption of each month, and E qoings and
Eheatings are the energy for cooling and heating, respectively.
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Figure 7. Statistical results of the annual energy consumption distribution of each residential dis-
trict.

The statistical results are shown in Figure 8, where the energy for cooling was much
higher than that for heating. Based on the data from all households, the energy consumed
for heating during the winter accounted for 55.91% of the energy consumed for cooling
during the summer. As shown in Figure 9, the proportion of energy for cooling was
22.91% of the total annual consumption, while the proportion for heating was 12.81%,
which accounted for 35.73% of the total annual energy consumption. The EUI for cooling
was 5.21 kWh/m?, and for heating it was 2.91 kWh/m2.
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Figure 8. Statistical results of energy for cooling and heating in each residential district.
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Figure 9. Statistical results of the energy for cooling and heating proportions of each residential
district.

4.2. Results of Energy Benchmarks
4.2.1. Results of Residential Building Classification

Table 1 shows the results of the correlation analysis between building form parame-
ters and EUIg for each building in the sample. The analysis indicated a weak negative
correlation between CY and EUI;, suggesting that newer buildings tended to have better
energy efficiency due to the construction standards of different eras. The OA had a strong
negative correlation with EUIs, meaning that as the orientation angle value increased, the
energy efficiency of buildings decreased. In the sample, many buildings facing west had
higher energy consumption levels due to the influence of solar radiation, while buildings
facing south had lower energy consumption levels. FA had a strong negative correlation
with EUI, indicating that larger buildings tended to have lower energy consumption lev-
els. Buildings with larger areas in the sample were mostly slab-like in shape, with many
units side by side facing south, which had adequate natural lighting and reduced artificial
lighting, leading to decreased overall energy consumption. The FN, AR, and SC of the
buildings did not show significant correlations with EUIg in the sample. Therefore, clus-
ter analysis was based on the most relevant parameters, FA and OA.

Table 1. Correlation analysis between building form and EUI.

Construction Floors Aspect Building Building

Orientation Angle Floor Area Shape Coefficient

Year Number Ratio  Length Width
Spearman g, . 0133 0141  -0.095 -0216* ~0.371 ** ~0.340 ** 0.134
EUI; correlation
Sig. (>-tailed)  0.041 0142 0119 0293 0.016 0.000 0.000 0.136

**: Significantly correlated at the 0.01 level (2-tailed); *: Significantly correlated at the 0.05 level (2-
tailed).

As shown in Figure 10, two vertical lines were drawn on the horizontal axis of the
pedigree, and every intersection point of the vertical lines and the pedigree represents a
type. When the sample buildings were divided into 3 or 4 types, the rescaled distances
were relatively large, indicating that the grouping is relatively stable. The results were
compared by setting 3 and 4 as the number of K values for K-means clustering. When
divided into three types, the proportions of sample buildings in each cluster were 17.74%,
19.35%, and 62.90%, while the proportions were 20.97%, 54.84%, 15.32%, and 8.87% for
four types, which led to a more uniform distribution. Meanwhile, the scatter plots in Fig-
ure 11 show that the classification criteria were more precise when divided into four types.
Therefore, dividing the sample buildings into four types was chosen as the final result. At
this point, box plots were used to analyze the EUl; of different residential building types
(Figure 12), which showed significant differences in quartiles, medians, and overall data
distribution of EUl; among the four types, indicating a reasonable classification [89]. Spe-
cifically, Type 1 had the characteristics of a FA less than 450 m?, facing eastward, and a
lower overall EUL Type 2 was characterized by a FA of less than 350 m?, mainly facing
south. Type 3 was characterized by FA greater than 350 m? facing southward. Type 4 was
characterized by a FA of less than 350 m?, facing westward, and the highest overall EUL
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Figure 10. Cluster dendrogram results of the sample buildings classified by hierarchical clustering.
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The sample sizes in each type are 26, 68, 19, and 11, and the archetype buildings for
each type were S-93, X-133, F-20-21, and S-90. The parameter set was established as a data
basis for energy simulation (Table 2).

Table 2. Archetype building parameter set.

Form Parameters Data Sources

ID

Graphic

Number of case

FN
OA
AR
sC

FA(m?)

WWR

SmZw

5-93 X-133 F-20-21 5-90

o2y I A I R ¢

26 68 19 11
9 7 7 8
38 -4 1 -61 .
1.04 1.35 1.98 116 On-site measurement
0.36 0.42 0.36 0.44
334.50 197.19 439.74 245.93
0.34 0.22 0.33 0.24
0.32 0.23 0.32 0.24
0.32 0.54 0.24 0.38
0.37 0.37 0.26 0.33

4.2.2. Residential Building Energy Benchmarks

Before using the medians to identify energy benchmarks, a correction was made to
the EUI values using regression equations. The multiple linear regression model of EUI
is usually used for energy calculation or prediction, and its general form is [94]:

k _
X — X
EUl=a+bx'1+...+bx'y+e=a+ 2 b; (%) +e (10)
i=1 i

where a represents the constant term, b;... by, and b; are the regression coefficients,
X'y... X'y are the significant influencing factors, S; is the standard deviation, X; repre-
sents the measured value, and X; represents the average value. ¢ is the error term influ-
enced by other random factors. The multivariate linear regression correction model for
EUI is in the form of [89,95,96]:

k

X; — )_(
EUl oo = EUIL, — byx'y—... —byx’y = EUI, — Z bi< - ‘) (11)
=1 i

where EUlyqy, is the corrected value. When the measured values of influencing factors
are equal to the mean values (xx = Xy), EUl, oy = EUlg, Therefore, EUI, ., can be re-
garded as a standardized energy efficiency indicator after eliminating the biased impact
of building characteristic factors. The following multivariate linear regression models
were established for each type (Table 3). All regression models passed the tests for the
significance of regression coefficients, the significance of independent variables, and col-
linearity detection. R? represents the proportion of data that can be explained, and a value
higher than 0.5 indicates that the equation fits well.

In Type 1, the parameters significantly related to EUI were FN and CY, with an aver-
age value of 6.53 and 1984.63, respectively. The EUI values of buildings in Type 1 were
then corrected based on the standard deviation of the two parameters. The main influenc-
ing factors in Type 2 were OA and BW, with an average value of —1.46 ° (south facing) for
building orientation and 19.73 m for width; FA was the main factor influencing EUI in
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Type 3, with an average value of 478.46 m2. In Type 4, the primary influencing factors were
OA and AR, with average levels of 70.73° (west-facing) and 1.22° (point-like buildings).

Table 3. The EUI correction equations for the four types of buildings.

Type Regression Equation R?
FN — 6.53 CY — 1984.63
1 EUIL,yp = EUL, + 2.037 X (W) —1.564 x (T) 0.633
0A ¥ 1.46 BL-19.73
2 EUL, o = EUIL, + 0.724 X (W) 0437 x (T) 0.697
FA — 479.46
3 EUL o = EUIL -|(; 2.8730x7gW)AR o 0.743
+ . — 1.
4 EUL, g = EUIL, + 0.679 X (W) —0.442 x (T) 0.938

It should be noted that the correction equations derived only standardized the EUI
based on the building characteristics within the type. These equations were not intended
for predicting energy consumption or correcting EUI of other buildings, which was also
an inevitable requirement for targeted energy research and energy-efficiency retrofitting
of residential buildings.

After the EUIs values were corrected by the regression equations, the median value
was taken as the final energy benchmark for each building type. The results are shown in
Table 4 for comparison.

Table 4. Comparison of building form characteristics and median EUI of each type before and after
correction.

Type Characteristics EUI,(kWh/m?) EUL, o rm (KWh/m?)
1 East, FA <450 m? 21.82 21.96
2 South, FA <350 m? 23.22 22,51
3 South, FA > 350 m? 22.06 21.85
4 West, FA <350 m?2 24.36 24.95

Type 4 had the highest energy benchmark, mainly due to the west-facing orientation,
which brought more solar radiation in the afternoon, leading to higher cooling energy
consumption. Type 3 had the lowest energy benchmark and was mainly composed of slab-
like buildings with a short facade facing west. The WWR on the west facade was generally
less than 0.1, reducing the area of solar radiation and cooling energy consumption. At the
same time, the long facade mainly faced south, with shallow room depth, which reduced
heating energy and artificial lighting energy, resulting in a lower overall EUL In Type 1,
buildings were mainly oriented towards the east and southeast and received more heat
from western solar radiation than Type 2, resulting in a relatively higher EUI.

4.3. Energy-Efficiency Retrofitting Strategies for Residential Buildings

We used the energy simulation plugin Urban Modeling Interface (UMI) to evaluate
the energy-saving measures on four archetype buildings. UMI was developed by the Sus-
tainable Design Lab at the Massachusetts Institute of Technology based on EnergyPlus,
which had certain advantages in terms of low simulation errors compared to EnergyPlus
and ease of use [97-99]. It was suitable for the rapid energy evaluation of buildings.

When setting the boundary conditions for energy simulation, the AC operating pe-
riod was set from July 1 to September 30 for summer and from December 1 to February
28 of the following year for winter. The meteorological data were obtained from Shap-
ingba. Building form information was set based on parameter sets. The thermal parame-
ters of the building envelope and the equipment efficiency ratio were referenced to the
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minimum limit values specified in the “2002 Standard”. The distribution of buildings was
set according to the actual site conditions. The simulation results are shown in Figure 13.
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Figure 13. Comparison of energy-saving measures: (a) is the energy-saving rate on cooling energy
consumption; (b) is the energy-saving rate on heating energy consumption; and (c) is the energy-
saving rate on overall energy consumption.

The results showed obvious differences in the energy-saving rate of the four
measures in summer and winter. For M2, the energy-saving effect was significant for all
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building types in the summer, but its contribution to reducing heating energy was insig-
nificant. M1 had limited effectiveness in reducing cooling energy, but it had a benefit in
reducing heating energy. M4 had a more balanced effect on reducing heating energy, but
its effect on reducing cooling energy varied with the building type. On the other hand,
there were significant differences in the sensitivity of each archetypal building to energy-
saving measures. For the energy-saving rate of cooling energy, M2 and M4 had a similar
effect on S-93 and X-133, but M3 had a better energy-saving effect on X-133 than on S-93.
M3 had a minimal effect on F-20-21, accounting for only 1.46%. M4 greatly reduced the
energy of the first three archetype buildings, but its effect on 5-90 was very limited. M1
obviously contributed to S-90, with an energy-saving rate of 16.81%. For heating energy
consumption, M1 was more effective for F-20-21 and 5-90 than for S-93 and X-133, but the
overall sensitivity of each archetype building to energy-saving measures was relatively
less obvious. For the overall energy-saving benefits throughout the year, except for M4,
M2 had the best overall effect for S-93 and S-90, X-133 had the highest benefit using M3,
and M1 could significantly reduce the overall energy consumption of F-20-21.

According to the simulation analysis results above, M4 and the energy-saving
measures with the optimal overall energy-saving rate for each type were applied to the
HEBs in four types. The energy-saving potential of HEBs of each type is shown in Figure
14. When using M4 and M2, Type 1 and Type 4 had more significant potential for reducing
cooling energy, with energy-saving rates of 23.5% and 23.28%, respectively. Types 2 and
3 had greater potential for reducing heating energy, exceeding 30%. Meanwhile, the over-
all energy-saving potential of Type 3 was the largest.
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Figure 14. Comparison of the energy-saving potential of HEBs in each building type.

5. Discussion

This study analyzed the form characteristics, energy consumption characteristics,
classification methods, energy benchmarks, and targeted retrofitting strategies of existing
buildings in Chongging. The indicators for classifying residential buildings were building
orientation and floor area, which came from the correlation analysis between building
energy data and forms. It was different from commonly used classification criteria such
as construction year, building type (single or multi-family), equipment type [56,84], or
other form parameters without referring to energy data [97,100]. The study emphasized
the direct relationship between building form and energy consumption, which was also
verified by the box plot of the classification results. Specifically, building orientation af-
fected the heat from direct solar radiation, while floor area was related to building plan
forms. Among the sample buildings, those with larger floor areas were often slab-like
buildings composed of multiple units side by side with a high aspect ratio. Moreover, the
short sides of the building faced west with a WWR of less than 0.1 to reduce solar radiation
heating from the west, while the long sides mainly faced south to increase daylighting and
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reduce artificial lighting and heating energy. In contrast, point-like buildings with smaller
floor areas had a higher proportion of west-facing heated areas, resulting in increased
cooling energy consumption.

Similar studies on energy benchmarks for residential buildings have been conducted
in other cities in China, and their perspectives and methods are worth discussing in com-
parison to our research. For instance, a study on energy efficiency standards for residential
buildings in Yunnan Province [101] set energy consumption quotas based on per capita
energy consumption. The study analyzed the relationship between per capita income, per
capita living area, and per capita annual energy consumption of 200 households in four
cities of Yunnan Province. It established a linear regression model to determine the per
capita annual energy consumption corresponding to quota level 0.5 as the general level of
residential building energy consumption. The energy consumption of residential build-
ings was divided into three parts based on the purpose: energy for household hot water,
energy for household electrical equipment, and energy for cooking. Energy consumption
per unit building area and per household are two commonly used indicators for measur-
ing the energy of residential buildings, while per capita energy consumption is a valuable
reference measurement standard as it highlights energy use behaviors and includes a
broader range of energy types. However, family size distribution fluctuates, and the per
capita energy consumption index cannot reflect the correlation between the building itself
and energy during energy-efficiency retrofitting. Hence, it may be a weak guide for
achieving overall energy-saving goals for residential buildings. Meanwhile, different clas-
sification standards have been adopted in other studies. In a study on the energy quota of
residential buildings in Wuhan, Hubei Province [102], residential buildings were classi-
fied into three types based on the proportion of local residential building unit area and
the quality of residential communities: (1) buildings with a unit area less than 90 m2, (2)
buildings of high-end residential types with a unit area of 90 m2and above, and (3) build-
ings of ordinary residential types with a unit area of 90 m? and above. Then a three-level
energy efficiency evaluation index was designated, measured by the energy use per unit
building area using the cumulative frequency method. The classification reflects the scale
of buildings and economic levels, providing a new perspective for analyzing the energy
characteristics of various residential communities built at different levels. However, its
classification basis was relatively rough. We believe that the classification based solely on
the area of a household is less exploratory of the particularity of energy consumption in
residential buildings, and there may be a lack of explanation for the energy performance
of individual residential buildings. When considering providing suggestions and a basis
for building energy-efficiency retrofitting, energy-efficiency evaluation standards for
building forms can be more informative.

Regarding energy benchmark values, there is no official standard for residential
building energy consumption in Chongqing. According to the regulations in “Standard
2016”, the limit for energy consumption of residential buildings in hot summer and cold
winter zones is 3100 kWh per household per year (calculated as three people per house-
hold). According to the report published by the Chongqging Municipal Bureau of Statistics
in 2021, the per capita living area in Chonggqing is 46.1 m? [89]. Based on the reference data
in “Standard 2016”, the residential building quota indicator in Chongqing should be 22.42
kWh/m?, which is close to the energy benchmarks obtained in this article, indicating that
the research conclusion is reliable. Moreover, a more targeted classification of energy
benchmarks has been proposed based on the form characteristics of residential buildings,
providing a more precise criterion for the energy efficiency evaluation of existing residen-
tial buildings in Chonggqing.

Based on the current research findings, there are some limitations that need to be
addressed and aspects of future research that require improvement:

e  The clustering method used in this study has inherent limitations due to its black-
box nature [63]. Therefore, the archetype buildings extracted from this research could
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not be directly applied in other regions. It is for this reason that targeted research on
residential buildings is necessary;

Given the unique features of residential buildings constructed before 2000, they were
selected as the focus of this study. However, residential buildings built between 2000
and 2010, the first batch to adhere to local construction standards, possess new char-
acteristics and could be included in future studies to broaden the range of sample
buildings;

It should be noted that as the energy benchmarks discussed in this study are derived
from actual energy consumption data and as energy-saving measures are imple-
mented and the building’s energy consumption is reduced, the benchmarks should
be dynamically adjusted to meet the increasing energy-saving standards.

6. Conclusions

The study focused on the existing residential buildings built in Chongqing before

2000 and investigated the form and energy characteristics of these buildings, as well as
the classification method based on forms and building energy benchmarks. The study
came to the following conclusions:

1.

The average annual energy consumption per household is 1431.29 kWh, and the av-
erage EUl is 22.77 kWh/m?. The energy for heating is 55.91% of that for cooling, indi-
cating that summer heat insulation is the priority direction for energy-efficiency ret-
rofitting of residential buildings in Chongging. The total energy consumption for
cooling and heating accounts for 35.73% of the annual energy consumption and
shows great potential for energy-efficiency retrofitting;

From a typology perspective, residential buildings can be divided into four types.
Type 4 buildings (west-facing, area <350 m?) have a higher energy consumption than
the others, indicating that orientation significantly impacts the energy consumption
of residential buildings. Buildings of Types 2 and 3 are south-facing. Type 2 buildings
have a smaller floor area and tend to be point-like, while Type 3 buildings with an
area > 350 m? are mostly slab-like, with a smaller proportion of west-facing area, usu-
ally with a WWR of less than 0.1 or without windows. At the same time, the long
south-facing facades help to obtain more daylight, making it more energy-efficient in
winter and for daily energy use. Type 1 buildings are mainly east-southeast, and the
impact of west-facing is smaller than that of Type 4, resulting in a lower EUT;

The energy benchmarks have been established for residential buildings for the four
types, which are 21.96 kWh/m?, 22.51 kWh/m?, 21.85 kWh/m?, and 24.95 kWh/m?, re-
spectively. The energy benchmark values are derived from the median EUI of each
type of building, which has been corrected by regression equations. The energy
benchmark represents the general energy consumption level of a building type. Tar-
geted energy-efficiency retrofitting for high-energy-consuming buildings above en-
ergy benchmarks can help achieve energy-saving goals faster;

Different energy-saving measures should be taken according to the building’s char-
acteristics. For instance, point-like buildings facing the west require special attention
to prevent indoor heat gain by utilizing heat prevention measures on the west facade.
Similarly, slab-like buildings facing south should improve the external wall insula-
tion performance and fully utilize daylighting from the southward facade to reduce
the overall energy of the building. For buildings of Type 1, the priority should be
renovating the shading equipment on the west facade, followed by replacing the ex-
terior windows. Type 2 buildings should add external insulation measures, followed
by external shading. For Type 3 buildings, improving the thermal performance of
external windows should be prioritized, followed by increasing external insulation.
Lastly, Type 4 buildings should upgrade the performance of external windows, fol-
lowed by external shading.
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