Energy & Buildings 352 (2026) 116788

ELSEVIER

Contents lists available at ScienceDirect
Energy & Buildings

journal homepage: www.elsevier.com/locate/enb

A comparative analysis of prototype and building-by-building methods for

Check for
updates

urban building energy modeling in a hot-summer and warm-winter

climate zone

Chengjin Wu”, Chengcheng Song “, Fangyu Liu“, Anni Xu®, Yixing Chen

a,b,*

2 College of Civil Engineering, Hunan University, Changsha 410082, China
Y Key Laboratory of Building Safety and Energy Efficiency of Ministry of Education, Hunan University, Changsha 410082, China

ARTICLE INFO

Keywords:

Urban building energy modeling
Prototype buildings

City-scale building dataset
Retrofit analysis
Building-by-building

ABSTRACT

Urban building energy assessment and retrofit analysis are crucial for formulating effective energy conservation
and emission reduction policies. However, there is still a lack of research on the variability of different ap-
proaches to urban building energy modeling (UBEM) and their applicability in specific climate zones. This study
uses Haikou City, located in a region with hot summers and warm winters, as a case example to investigate the
differences between the prototype building method and the building-by-building method in urban-scale energy
consumption simulation. Firstly, by integrating multi-source geographic information data and combining spatial
analysis, cluster analysis and deep learning algorithms, this paper successfully identifies the types and con-
struction years of 119,784 buildings. Subsequently, 57 prototype buildings were developed for Haikou City in
accordance with national standards. Using the AutoBPS tool, two UBEM benchmark models covering 100,636
buildings were constructed. The application effectiveness of the two methods in retrofitting lighting systems, air-
conditioning systems, and photovoltaic (PV) systems was analysed and compared. The results indicate that the
total electricity consumption simulated using the prototype building method was 14,980 GWh, differing by
approximately 7 % from the total simulated using the building-by-building method. This demonstrates that at the
urban scale, the prototype building method enables rapid and practical assessment of overall building energy
performance. Further energy retrofit analysis indicates that PV systems offer the most significant potential for
upgrades, yielding an overall energy savings rate of 30.7 %. Upgrades to lighting systems and air conditioners
would achieve savings rates of 8.2 % and 7.9 %, respectively. This study not only provides valuable reference for
selecting building energy consumption modeling methods at the urban scale, but also offers data support for
analyzing building energy characteristics and renovation strategies in other cities within the same climate zone.

1. Introduction

Urban areas account for 75 % of global primary energy consumption

energy needs of urban buildings, city managers can formulate more
informed local energy policies, thereby reducing energy consumption
and carbon emissions.

and 70 % of global greenhouse gas emissions [1]. Additionally, over half
of the global population resides in urban areas, with the urban popu-
lation share projected to reach 68 % by 2050 [2]. Rapid urbanization
and population growth in cities have resulted in substantial energy
consumption and increased carbon emissions. Buildings, as a significant
component of cities, account for 60-80 % of total urban carbon emis-
sions [3]. Reducing energy consumption in existing urban buildings is
crucial for the building sector to achieve carbon peaking and carbon
neutrality [4]. Therefore, by conducting a detailed assessment of the

The UBEM methodology was developed to assess the energy demand
of urban buildings. This methodology is broadly categorized into two
primary approaches: top-down and bottom-up[5]. The top-down
approach typically uses building stock data, technology adoption
models, and economic models to establish statistical and regression
models, evaluating urban building energy levels from a macro
perspective [6]. However, this approach lacks physical interpretability
and cannot analyze building-level energy consumption or energy-saving
retrofits. Bottom-up approaches apply statistical or physical modeling to
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characterize each building [7]. Statistical methods use regression
models or machine learning algorithms to link building characteristics
(e.g., geometry, building type, and occupancy) with measured energy
data to rapidly estimate urban building stock energy consumption [8].
For example, Choi et al. [9] used government data to obtain actual en-
ergy consumption data for 15,654 buildings in Seoul, South Korea, for
modeling. Subsequently, data fusion techniques extracted three new
building features from open-source data. Five scenarios were set up and
combined with a multi-layer perceptron algorithm to validate the
optimal combination. Finally, the best-performing model was used to
predict the energy consumption of 31,737 buildings in two additional
districts of Seoul. Sun et al. [10] collected Energy Performance Certifi-
cates and Google Street View image data for 30,000 buildings in Glas-
gow, UK, and utilized a dense convolutional neural network combined
with a fully connected neural network to predict the buildings’ energy
efficiency ratings. Statistical methods can effectively evaluate urban
building energy consumption, but acquiring large-scale local building
energy data remains difficult. Although governments in some developed
countries (e.g., the United States [11], Europe [12], and South Korea
[9]) provide publicly accessible building energy data, most cities in
China and other developing countries lack surveys and statistics on
actual building energy data. For cities and regions lacking actual
building energy databases, bottom-up physical modeling has become a
primary method for calculating UBEM.

Physical modeling methods calculate building stock energy con-
sumption using physical laws and thermodynamic principles [13]. The
modeling workflow primarily involves data preprocessing and input,
model generation, simulation, result output, and application [14]. Data
inputs include building geometry data (e.g., building area, height, co-
ordinate location), non-geometric parameters (e.g., envelope parame-
ters, HVAC systems, schedules), and weather data [15]. Acquiring
building geometric parameters is relatively easy. In recent years, many
studies have used image recognition algorithms and remote sensing
technologies to obtain geometric parameters such as building outlines
[16], building heights [17], and building roofs [18] on a large scale.
However, acquiring non-geometric parameters for large-scale buildings
is very difficult. To address this situation, the building archetype method
was developed [19]. A building archetype refers to a group of buildings
with similar attributes, such as construction time and building type.
However, only some countries and cities currently possess comprehen-
sive archetype databases, such as the U.S. Department of Energy’s pro-
totype building data [20], Italian building archetype data [21], and the
Swiss energy performance certificate database [22]. For most cities, it is
still necessary to develop building archetype libraries that suit local
conditions. The development of building archetypes generally involves
two steps: classification and characterization [19]. Classification re-
quires dividing buildings into categories based on building type, con-
struction vintage, geometric size, etc. Characterization assigns
corresponding building attributes, such as envelope thermal properties
and HVAC systems, to the classified archetypes based on pre-definitions
or local regulations. With the development of artificial intelligence, most
current research uses machine learning or deep learning for building
classification. Bandam et al. [23] utilized a random forest algorithm to
classify 29 million buildings in Germany into 15 building types. Hoff-
man et al. [24] collected aerial and street-view image data for 56,259
buildings in the US and used a CNN deep learning framework to classify
them into 4 types. Deng et al. [25] obtained 68,966 buildings in
Changsha via satellite imagery and GIS data and successfully identified
22 building types using random forest and K-means algorithms. Further
research [26] used the Mask-R-CNN algorithm to identify building
construction time and created 66 building archetypes based on con-
struction time and building type.

After obtaining classified building archetypes and assigning pre-
defined thermal attributes, two main methods are used to evaluate
UBEM performance: the prototype building method and the building-by-
building method. The prototype building method classifies a city’s
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building stock into different prototype buildings and calculates the En-
ergy Use Intensity (EUI) for each. By multiplying the total area of the
prototype buildings by their corresponding EUI, the method can quickly
estimate the energy consumption of a city’s buildings. Mohammadiziazi
et al. [27] obtained geometric parameters for 209 commercial buildings
in Pittsburgh using LiDAR, Google Street View imagery, and local data
centers. They created 20 archetypes based on ASHRAE standards and U.
S. DOE commercial reference building data. The results showed a 7 %
difference between simulated total energy consumption and actual data.
Buckley et al. [28] used 9,000 residential buildings in Dublin, Ireland, as
a case study, creating a geographic database from GIS building footprint
data. Subsequently, each building was classified through visual inspec-
tion and building age data, and corresponding archetypes were assigned
based on the Tabula archetype library. The study derived 10 residential
building archetypes and used UMI combined with EnergyPlus to obtain
the EUI for each. Song et al. [29] obtained GIS data for Shanghai, such as
building footprints, Points of Interest (POI), and Areas of Interest (AOI),
and combined this with the K-means clustering algorithm to obtain 21
building types. Subsequently, they used satellite imagery combined with
a deep learning algorithm to obtain building vintage information. The
study created 63 building archetypes for 539,119 buildings in Shanghai
based on building type and vintage. Finally, they used AutoBPS software
to simulate the EUI data for the archetypes and assessed the overall
energy consumption level of Shanghai. The prototype building method
can quickly estimate the energy consumption and energy use charac-
teristics of urban building complexes. However, the prototype building
method does not consider the mutual influence between individual
buildings, such as shadowing and long-wave radiation heat exchange
[301, which is crucial for energy consumption at the individual building
level.

The building-by-building calculation method takes into account
factors such as shading, shadows, and heat exchange, providing more
detailed simulation results and enabling building-level energy con-
sumption analysis. HosseiniHaghighi et al. [31] collected three GIS
datasets for Kelowna, Canada (Model City Dataset, Building Footprint
Dataset, and Address Point Dataset) and created building geometry
models. Subsequently, they used Canadian Survey of Household Energy
Use data and the HOT2000 internal database to assign 8 building ar-
chetypes to 2,950 residential buildings. The study also considered inter-
building shading and simulated the heating energy consumption of the
2,950 buildings using the building-by-building method. Davila et al. [7]
utilized official GIS datasets and a building archetype library to create
52 archetypes for 83,541 buildings in Boston. Subsequently, the study
used the UMI platform with the EnergyPlus engine on two 16-core
computers to calculate the energy consumption of the 83,541 build-
ings, with a total simulation time of approximately 60 h. Deng et al. [32]
selected a central area in Changsha with 3,633 buildings as the study
area. They assigned archetypes to these buildings based on 66 arche-
types previously created from 59,332 buildings in Changsha. Subse-
quently, they used the AutoBPS tool to simulate the EUI for the 3,633
buildings individually and evaluated the area’s energy consumption
level and energy-saving retrofit potential. As the above studies show, the
building-by-building method can provide detailed, building-level en-
ergy analysis, but the resource and time cost for urban-scale calculation
is enormous. To reduce data processing and automate large-scale sim-
ulations, many tools and platforms have been developed, such as Sim-
Stadt [33], CityBES [34], CitySim [35], CEA [36], TEASER [37], and the
UMI [38] and AutoBPS [32] tools used in the previously mentioned
studies. Even so, the resource and time consumption for building-by-
building simulation of large-scale building stocks remains considerable.

In conclusion, UBEM provides crucial reference points and data
support for urban energy consumption analysis. However, when ana-
lysing urban energy consumption, most studies employ either the pro-
totype building approach for computational efficiency or the building-
by-building method for high fidelity. Few studies systematically quan-
tify and analyse the differences between these two approaches in terms
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of building energy consumption characteristics at the urban scale.
Furthermore, building energy-saving potential analysis is crucial for
cities to achieve energy saving and emission reduction. Most current
studies also analyze this potential using only the prototype building
method or the building-by-building method. For energy-saving tech-
nologies unaffected by inter-building shading (e.g., HVAC system ret-
rofits) and technologies that need to consider shading impacts (e.g.,
rooftop photovoltaic retrofits), the differences between the two
modeling methods remain unknown. By quantitatively comparing the
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analysis of the two modeling methods on urban energy consumption and
energy-saving potential, this can provide a reference for engineers when
selecting an appropriate modeling method for analyzing urban energy
consumption. On the other hand, current research on urban building
energy consumption and saving potential in China has largely focused
on Hot-Summer-Cold-Winter regions [26,29,39], while energy con-
sumption modelling and Energy Conservation Measures (ECMs) analysis
for cities in Hot-Summer-Warm-Winter regions remain scarce. Addi-
tionally, Hot-Summer-Warm-Winter regions have distinct energy
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consumption patterns, dominated by cooling demands, which necessi-
tate the development of corresponding UBEMs to analyze their unique
building energy characteristics. Furthermore, their geographical ad-
vantages provide abundant solar resources, presenting significant, and
largely un-analyzed, potential for rooftop photovoltaic (PV)
applications.

Therefore, this paper takes Haikou City, a typical region with hot
summers and warm winters, as a case study. Based on GIS data and local
building characteristics, the AutoBPS tool was employed to establish
both a prototype building model and building-by-building models for
Haikou. Building upon this foundation, the energy consumption char-
acteristics of different building types in Haikou were analyzed. Subse-
quently, the prototype method and building-by-building method were
applied to conduct retrofit analyses of lighting systems, COP perfor-
mance, and PV systems, thereby quantifying the energy-saving potential
of Haikou’s building stock under various measures. Additionally, this
study compares the overall energy outcomes of buildings at the urban
scale using the prototype building method and the building-by-building
method, providing valuable reference for selecting modeling approaches
at the urban scale in future research.

2. Methods

Fig. 1 shows the overall process of this study’s development of UBEM
for Haikou City and the comparative analysis of energy-saving renova-
tions. First, basic GIS data for Haikou City was collected, primarily
including POIs, AOIs, community information, building footprints, and
historical satellite imagery. GIS spatial analysis, clustering analysis, and
machine learning methods were employed to determine building height,
the number of stories, and the building type. For the acquisition of
building construction years, this study referenced the research by Song
et al. [40], collecting historical satellite imagery from 2000 to 2024.
Changes in satellite imagery were analyzed annually to estimate the
specific construction years of buildings. Based on the above data, a
comprehensive building dataset for Haikou City was established in
GeoJSON format. Based on the GeoJSON data, following national and
local standards, AutoBPS was used to establish both prototype building
UBEMs and building-by-building UBEMs for Haikou City, simulating
baseline energy consumption at the city scale. Subsequently, three ECMs
were applied to the UBEMs created using these two methods: lighting
system upgrade, COP performance upgrade, and addition of a PV
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system. Simulation analyses of the three ECMs were conducted using the
AutoBPS-Retrofit and AutoBPS-PV modules. Finally, the applicability of
the Haikou City prototype modeling method and the building-by-
building modeling method was compared in terms of baseline energy
consumption models and ECMs. This provides a specific reference basis
for energy-saving renovation methods and measures in Haikou and cities
in the same climate zone.

2.1. Case study

Haikou is the provincial capital of Hainan Province, located between
19°31" — 20°04’' north latitude and 110°07' — 110°42' east longitude.
Haikou City is situated at the northern edge of the low-latitude tropical
zone and has a tropical monsoon climate. The city is characterized by
high annual solar insolation and receives substantial levels of solar ra-
diation year-round. The annual average sunshine duration exceeds
2000 h, and the average yearly temperature is 24.4 °C. According to the
national standard GB 50176-2016, Haikou is classified as a region with
hot summers and warm winters, categorized as 4A.

Haikou City is divided into four districts: Xiuying, Longhua, Qiong-
shan, and Meilan. It has a land area of 2,296.82 square kilometers and a
permanent population of 3 million. Fig. 2 shows a map of Haikou, along
with POI kernel density information and footprint information. The POI
kernel density reveals the distribution of buildings and the level of urban
development. A higher POI kernel density indicates a relatively higher
building density, suggesting that the area is more developed.

2.2. Establishment of the urban building database

2.2.1. Data Collection and Introduction

Before conducting energy consumption simulations for urban
building complexes, it is necessary to collect building complex data for
the city. As shown in Fig. 1, the urban building complex database pri-
marily includes geometric information for each building (building
shape, height, number of floors, etc.), building type, and construction
year. However, since most countries and regions currently lack
comprehensive city-level building databases, making it extremely
challenging to directly obtain building types and construction years at
the city scale. With the advancement of big data, it is possible to indi-
rectly infer building types and construction years by accessing GIS data
such as POI, AOI, building footprints, and satellite imagery provided by

Low

’x POIs kernel density
=

High

Fig. 2. POIs kernel density and footprint information in Haikou.
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map service providers. Based on this approach, this paper collected POI,
AO], footprint, community information, and satellite imagery data for
Haikou City. Specific details are shown in Table 1. Table 1 lists the basic
information for each data source. Haikou City has a total of 119,784
building footprints, covering a building area of 462.28 square kilome-
ters. Building footprints correspond to the geometric data of structures.
The building footprints data sourced from Amap used in this study in-
cludes geometric shapes and the number of floors, but lacks height in-
formation. Building height can be calculated by multiplying the number
of floors by the corresponding floor height. This paper assumes a floor
height of 3 m for residential buildings and 4 m for public buildings. This
is crucial for subsequent statistical analysis of prototype buildings and
modeling. Among these, POI, AOI, and residential community infor-
mation were primarily used for building type identification, while res-
idential community information and satellite imagery were used mainly
for determining building age. Sections 2.2.2 and 2.2.3 will detail the
steps for building type identification and construction year
identification.

2.2.2. Building type identification

This study identifies building types based on collected POI, AOI, and
building footprints. A POI is a point in online maps containing name,
coordinates, and category information. POI category information is
divided into primary and secondary attributes. Primary attributes reflect
a building’s main function, while secondary attributes further refine its
functional classification. An AOI is a bounded area formed by connect-
ing multiple coordinate points. Its function is similar to that of a POI,
primarily used to determine the primary function of the building com-
plex within the bounded area. Fig. 3 shows the specific process of
building type identification in this study. Based on the collected POI,
AOI, and community information, spatial analysis was performed using
ArcGIS Pro software to obtain buildings with main attributes, buildings
without main attributes, and buildings without any attributes. For
buildings with primary attributes and those without primary attributes,
the building type is determined using the K-means clustering algorithm.
For buildings without any attributes, machine learning methods are
used to infer their building type based on the distinct features of their
footprints. The following sections will provide a detailed explanation of
these methods.

(1) GIS spatial analysis

Based on the acquired GIS basic information, ArcGIS Pro software
was used to perform spatial analysis and associate GIS data (such as POI
and AOI) with building footprints. To enhance the coverage of POI data
for buildings while ensuring the accuracy of information association,
this study sets the tolerance for POIs to 5 m based on the coverage of
POIs in Haikou City and references previous research [29]. If POI data
falls within a 5-meter radius of a building, the POI attributes are

Table 1
Data sources and quantitative information.

Name Source Data Quantity  Year
type
POI Amap Shapefile 121,517 2024

(https://ditu.amap.
com/)

AOI Baidu map Shapefile 6458 2024
(https://map.baidu.
com/)

Community Anjuke csv 3657 2024

information (https://cs.anjuke.

com/)

Footprints Amap Shapefile 119,784 2024
(https://ditu.amap.
com/)

Historical satellite ~ Google map tiff 24 2000-2024

imagery (http://www.gditu.

net/hainan.html)
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assigned to the corresponding building. After assigning POI attributes to
building outlines, AOI attributes must also be assigned to the corre-
sponding building outlines. When assigning AOI attributes, if a building
outline occupies 70 % or more of an AOI’s area, it is considered a
building within that AOI, and the attributes are assigned to the building
outline within the AOI. After assigning both POI and AOI attributes, a
total of 46,456 buildings possess attributes. Through classification, nine
primary categories are identified: residential, school, office building,
hotel, factory, hospital, shopping mall, cultural and art museum, and
university. These primary categories directly reflect the primary func-
tions of buildings. Additionally, four secondary categories are identified:
retail, restaurant, corporate, and leisure and entertainment. To further
classify building types in detail, this study made the following as-
sumptions: 1) Buildings containing only one primary category are
classified according to that primary category. 2) Buildings containing
two primary categories, each accounting for over 1 %, are classified as
mixed buildings of the corresponding type. 3) Buildings containing three
or more primary categories are classified as other mixed buildings. 4)
Buildings containing no primary categories but containing secondary
categories are classified using clustering methods. Using the aforemen-
tioned method, a total of 32,461 buildings were assigned their archi-
tectural types, accounting for 27 % of the total number of buildings.

(2) Clustering analysis

For buildings lacking a primary attribute but possessing numerous
secondary POI attributes (e.g., leisure and entertainment, food and
beverage services), the secondary attributes cannot directly determine
the building’s function. Their function is therefore inferred through
clustering. Similarly, clustering is applied to buildings that have both
primary and secondary POI attributes to identify additional mixed-use
types. This study employs the K-means algorithm, one of the most
widely used clustering methods due to its simplicity, speed, and inter-
pretable results [41]. Since K-means requires predefined cluster counts,
the elbow method is utilized to assist in determining the optimal number
of clusters. Fig. 4 shows the clustering results for buildings without any
primary attribute. This paper employs the elbow method to categorize
residential buildings without primary attributes into five distinct
groups. These categories represent the proportion of POI across five
building types, thereby inferring the primary functions of the structures.
Based on the POI percentage distribution, Cluster 1 was identified as
Office, Clusters 2 and 3 as Restaurant, Cluster 4 as the Other Non-
Residential, and Cluster 5 as Retail. Fig. 5 shows the results of further
categorization using secondary attributes with Hotel as the main attri-
bute., This analysis, also using the elbow method, yielded six clusters.
Based on the POI proportions, Cluster 1 was classified as Mixed Office-
Hotel, Clusters 2 and 3 as Mixed Hotel-Retail, and the remaining three
clusters as Hotel. Overall, this study employed the K-means clustering
method to supplement the classification of an additional 13,995 build-
ings, accounting for 12 % of the total building count.

(3) Machine learning methods

For the remaining 73,328 buildings with no attributes, supervised
learning methods were used to identify building types based on geo-
metric features, as these features often differ significantly between
types. This study utilized ArcGIS Pro software to extract geometric
features of buildings, including building footprint area, perimeter,
number of floors, approximate rectangularity ratio, approximate rect-
angular width, and approximate rectangular aspect ratio. In fact, for
these footprints with no GIS information, the vast majority are resi-
dential buildings. Therefore, this paper manually labeled 3036 buildings
into residential and non-residential categories and trained six commonly
used machine learning algorithms: decision trees, support vector ma-
chines, artificial neural networks, random forests, KNN, and logistic
regression. These machine learning algorithms are implemented using
Python and the scikit-learn third-party library, with each algorithm’s
hyperparameters set to the default values provided by the scikit-learn
library. This study compared the performance of six different machine
learning algorithms and adopted the random forest algorithm, which
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Fig. 3. The process of identifying building type.
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achieved the highest accuracy (81 %), for the classification prediction of
the remaining buildings. For more detailed steps, please refer to our
previous research [29].

2.2.3. Building year identification

Determining the construction year is essential for UBEM to accu-
rately incorporate the national and local standards applicable during
different periods. Fig. 6 shows the process for determining the con-
struction year. This study employs two primary methods to identify
building construction dates. The first method utilizes information from
third-party websites (e.g., the Anjuke platform) to obtain construction
dates for some residential buildings. For the remaining buildings, the
second method combines time-series satellite imagery and deep learning
algorithms to detect their construction dates. The specific implementa-
tion of these two methods is detailed below.

(1) Anjuke’s POI attributes assigned to buildings

This study first sourced 3,657 residential community records from
the third-party website Anjuke. These records, classified as Point of In-
terest (POI) data, contain attributes such as the community’s construc-
tion year and price. A two-step spatial analysis in GIS was used to assign
these construction years to the buildings. First, the construction year
attribute from each Anjuke POI was assigned to the nearest AOI using a
spatial join. Subsequently, this construction year was allocated to all
corresponding residential buildings located within that AOIL Through
this method, construction year information was obtained for 16,368
buildings (13.67 % of the total).

To validate the construction dates from the residential community
website (Anjuke), this study performed a manual comparison against
annually collected satellite imagery. A sample of 237 residential build-
ings with Anjuke-provided dates in the central Longhua District was
selected for validation. The validation criteria were based on building
performance standards. As codes released in different periods corre-
spond to different performance parameters, this study divided con-
struction periods based on residential building codes JGJ75-2003 and
JGJ75-2012 into three ranges: 2002 and earlier, 2003-2012, and 2013
and later. A date was considered ’correct’ if both the website-provided
year and the satellite-observed year fell within the same regulatory
range. For example, if a building’s website date was 2004 and its
satellite-observed date was 2007, both fall within the 2003-2012 range,
and the Anjuke data was deemed correct. Table 2 shows the accuracy for
the 237 validated buildings. The results indicate that the accuracy of the
Anjuke data is higher for more recently constructed buildings. Based on
this manual validation, the data from the Anjuke third-party website is
considered reliable, with an overall accuracy of 90.3 %.

(2) Year Identification Process Based on Multi-Year Satellite Imagery

For buildings lacking construction dates, this study employs histor-
ical satellite imagery (2000 to 2024) combined with deep learning al-
gorithms to determine construction periods. The core methodology uses
annual satellite images and image classification algorithms to detect
temporal changes from construction or renovation. Taking a single
building as an example, satellite images from 2000 to 2024 are cropped
to its outline. Image classification algorithms then determine if these
images depict a building. As shown in Fig. 6, images for this building
captured in 2015 and later were all classified as “building,” and the roof
color remained unchanged. Therefore, the building’s construction year
is determined to be approximately 2015. The specific steps are as fol-
lows: First, based on the IDs, coordinates, and outline information for
119,784 buildings, Google satellite imagery from 2000 to 2024 was
cropped annually, yielding 119,784 images per year. Subsequently, a
portion of these images was randomly sampled from each year to
construct a database for detecting building age changes.

Ultimately, 1536 building images and 1529 non-building images
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Fig. 6. Building age identification process.

Table 2

Accuracy validation of residential community construction dates.
Construction Residential Manually Verified Accuracy
period Community Data Correct Count rate
Pre-2002 14 9 64.3 %
2003-2012 181 163 90.1 %
Post-2013 42 42 100 %
Total 237 214 90.3 %

were obtained, totaling 3065 images. To simulate real-world image
variations and enhance the model’s robustness, the existing image
dataset was subjected to various transformations, including rotation,
brightness adjustments, cloud coverage, and shadow effects, expanding
the dataset to 22,388 images.

Second, after establishing the dataset for training, an appropriate
image classification algorithm must be employed to determine whether
each image within a given year depicts a building. This paper employs
the lightweight network architecture EfficientNet-bO combined with
transfer learning to achieve efficient and accurate annual classification
predictions of satellite images of Haikou City. The EfficientNet series of
models is an efficient convolutional neural network model proposed by
the Google team in 2019 [42]. This model innovatively introduces a
composite scaling method to uniformly scale three dimensions: network
depth, network width, and input image resolution. By balancing each
dimension, it achieves optimal classification performance. EfficientNet-
b0 is the baseline architecture of the EfficientNet series models,
featuring the fewest parameters and highest efficiency among them.
Compared to the ResNet-50 and ResNet-101 models, EfficientNet-b0 has
1/5 and 1/8 of their parameter counts, respectively. Subsequently, the
data-enhanced dataset is divided into training, validation, and testing
sets in a 75 %, 15 %, and 15 % ratio. For loss calculation during model
training, this paper adopts the binary cross-entropy loss function. It is a

commonly used loss function in deep learning for binary classification
tasks, with its calculation formula shown in (1).

N
Lossce = g > x1og(5) + (1~ xlog(1 —50) M

In this context, N represents the total number of pixels in the image,
yi denotes the true value of the i-th pixel, and y; refers to the model’s
predicted value for the i-th pixel. The training process employs a two-
stage transfer learning strategy. In the first stage, the pre-trained
model EfficientNet-bO is utilized to learn general feature representa-
tions and initialize weights. In the second stage, the pre-trained model
was transferred to the building classification and detection task, and
fine-tuned end-to-end by unfreezing all layers of the pre-trained model.
Subsequently, the initial learning rate was set to 0.0003, the batch size
to 16, and the model was trained for 30 epochs.

To evaluate the model’s performance, this paper adopted commonly
used deep learning model metrics, primarily including four metrics:
accuracy, precision, recall, and F1 score. Accuracy refers to the pro-
portion of correctly predicted samples, precision refers to the ratio of
actual positive samples to predicted positive samples, recall refers to the
proportion of actual positive samples that are correctly predicted, and
the F1 score is the harmonic mean of precision and recall. After training,
the performance of the prediction model on the test set was as follows:
the accuracy was 0.965, the precision was 0.946, the recall was 0.987,
and the F1 score was 0.966. This indicates that the model performs well
in building change detection tasks.

Finally, the trained model was used to classify and predict satellite
images of each building on an annual basis. By analyzing the prediction
results of these satellite images, it was possible to determine the con-
struction or renovation dates of the buildings. Ultimately, through these
two approaches, the specific construction dates of 119,784 buildings in
Haikou City were obtained. Since the performance of building systems
constructed in different periods is related to locally issued mandatory
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standards, it is necessary to further classify each building according to its
construction period after obtaining the specific year of construction for
each building. This paper follows the residential building energy con-
servation design standards JGJ 75-2003 and JGJ 75-2012 for the
summer-hot and winter-warm regions, dividing residential building
construction periods into three categories: 2002 and earlier, 2003-2012,
and 2013 and later. For other non-residential buildings, the construction
periods are classified according to the National Energy Conservation
Standards for Public Buildings GB 50189-2005 and GB 50189-2015,
dividing public building construction periods into three categories:
before 2005, 2006-2014, and 2015 and later.

2.3. Establishment of UBEM in Haikou

2.3.1. Establishment of the baseline energy model

This section aims to establish baseline energy consumption models
using both the prototype building method and the building-by-building
method in conjunction with the AutoBPS tool, based on the Haikou
building database established in Section 2.2. AutoBPS is a recently
developed UBEM tool by Hunan University [32]. AutoBPS utilizes
EnergyPlus as its computational engine to simulate building energy
consumption, energy retrofits, and rooftop photovoltaic analyses for
urban building complexes [43-45]. Its workflow comprises three main
steps: GIS data input, building energy modeling, and application anal-
ysis. AutoBPS accepts input files in GeoJSON format, an open-source
standard based on JSON that features a simple data structure and flex-
ible usage.

Prototype building methods and building-by-building methods differ
in GIS data input. For the prototype building method, statistics are first
compiled for the length, width, height, and number of floors of various
building types based on their classification, and average values are
calculated. Subsequently, the GeoJSON input file for the prototype
method includes this averaged geometric data, along with climate zone,
building type, and construction era for each category. Building type and
construction year are used to determine applicable building codes, as
shown in Table 3. This table details non-geometric parameter settings

Table 3
Basic settings for building parameters.
Parameters Residential buildings Public buildings
Pre- 2003-2012 Post- Pre- 2006-2014 Post-
2002 2013 2005 2015

Exterior wall 2.47 2 1.5 2.35 1.5 0.8
U-value (W/
(m*K))

Roof U-value 1.8 1 0.9 1.55 0.9 0.5
(W/(m*K))

Window U- 5.84 4.09 4.09 5.83 3.53 2.96
value (W/
(m*K))

Window SHGC 0.62 0.36 0.36 0.62 0.41 0.39

Lighting power 8.3 6.6 5.6 11 10 9
density (W/
m?)

Equipment 8 4.3 3.8 20 17 15
power
density (W/
m2)

Occupancy 35.3 18.5
(m? /person)

Cooling/ 26/18 26/20
heating
setpoints
(9]

Cooling/ 2.7/ 2.7/1.9 2.9/ 4.2 4.4 5.9
heating COP 1.9 2.2

Notes: The parameter settings for residential buildings primarily follow the
Chinese national standards JGJ75-2003 and JGJ75-2012, while those for public
buildings mainly adhere to GB50189-2005 and GB50189-2015.
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for different building types and eras, including thermal properties of
building envelopes, indoor thermal disturbances, and HVAC systems.
Based on prior research [26], this study assumes split-type air condi-
tioners for residential buildings and chillers with boilers for public
buildings. AutoBPS then converts this GeoJSON data into individual
prototype building JSON files, performs geometric modeling, and gen-
erates corresponding EnergyPlus models for simulation. Finally, the
resulting EUI for each prototype is multiplied by the total floor area of
that category, and these values are aggregated to determine the city’s
total building energy consumption.

The workflow for the building-by-building approach is simpler. In
this method, the GeoJSON file containing data for all 119,784 individual
buildings is imported directly into AutoBPS. This file includes each
building’s ID, length, width, height, number of floors, building type,
construction year, climate zone, and orientation. Crucially, the building-
by-building method also requires extra consideration of inter-building
shading effects.

Based on this, this paper referenced the calculation method for
building shadowing proposed by Deng et al. [32], adding potential
building shadowing and building orientation information for each
building. During the modeling process, similar to the prototype building
method, a JSON file is generated for each building and a corresponding
EnergyPlus model is obtained. The EUI for each building is ultimately
derived, enabling the assessment of the city’s overall energy
consumption.

2.3.2. Establishment of the retrofit energy model

To better compare the applicability of different ECMs under the
prototype building method and the building-by-building method, this
paper selected three commonly used ECMs, primarily involving retrofits
to lighting, COP performance, and PV systems. The energy-saving
retrofit parameters for the Haikou building are listed in Table 4. The
specific retrofit parameter settings in this case primarily reference two
mandatory national standards in China: the Technical Standards for
Nearly Zero-Energy Buildings (GB/T51350-2019) and the General
Specifications for Building Energy Conservation and Renewable Energy
Utilization (GB55015-2021). For lighting system renovations, the pri-
mary focus is on reducing lighting power density by adopting high-
efficiency LED lights to achieve energy savings. For COP performance
renovations, the primary focus is on improving system energy efficiency.
By replacing equipment with higher energy efficiency, the system’s COP
is improved, thereby reducing the building’s energy consumption.

The calculation of rooftop PV systems relies on the AutoBPS-PV
module, which employs the EnergyPlus equivalent diode power gener-
ation model. This module utilizes EnergyPlus to calculate the potential
of rooftop PV systems based on a JSON file that contains additional PV
parameters. Table 5 presents the key parameters of PV modules used in
calculating PV power generation potential. The optimal tilt angle of the
PV panels can be approximated as the latitude value of the local loca-
tion. Therefore, in this case, the tilt angle of the PV panels is set to the
latitude of Haikou. Additionally, based on relevant research by Song
et al. [29], this paper assumes that the area of the rooftop PV system is
60 % of the total roof area.

After formulating ECMs, the retrofit information was added to each
baseline model’s JSON file. The AutoBPS-Retrofit module was then used
to batch-generate retrofitted EnergyPlus models for both the prototype
and building-by-building approaches, yielding the retrofitted energy
consumption results. To measure the impact of various renovation
measures on building energy consumption, this paper utilizes energy
savings rates to calculate the energy-saving effects of different renova-
tion models. The specific calculation method for energy savings rates is
shown in Eq. (2):

BE Cbaseline — BEi Cretroﬁt

ESR =
BE Cbaseline

x 100% (2)
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Table 4
The ECMs for residential and public buildings.
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Construction Indicator Residential building Public building

Year Baseline Retrofit Year Baseline Retrofit

Lighting W/(m?K) Pre-2002 8.3 5 Pre-2005 11 8/6

(Upgrade lighting system) 2003-2012 6.6 5 2006-2014 10 8/6

Post-2013 5.6 5 Post-2015 9 8/6

HVAC Cooling/ Pre-2002 2.7/1.9 3.5 Pre-2005 4.2 6.2

(Replace with high-performance air conditioner) Heating 2003-2012 2.7/1.9 3.5 2006-2014 4.4 6.2

COP Post-2013 2.9/2.2 3.5 Post-2015 5.9 6.2

Notes: When upgrading lighting in public buildings, the lighting energy density for office areas is 8 W/(m>K), and 6 W/(m?K) for other regions.

Table 5

Parameter settings for rooftop PV modules.
Parameters Value
Cell type Crystalline Silicon
Number of cells in series 60
Current at maximum power 7.5A
Voltage at maximum power 30V
Short circuit current 8.3A
Open circuit voltage 36.4V
PV module area 1.6 m?
Tilt angle from horizontal 19.2°N
Orientation South
Covered roof area percentage 60 %

where BECh,seiine Tepresents the building energy consumption of the
baseline model, and BEC;ys; represents the building energy consump-
tion after energy-saving retrofits.

3. Results
3.1. Identification results for Haikou prototype buildings

Based on the identification and detection of building types and
construction dates, the study presents the classification results for
119,784 buildings in Haikou City, as shown in Fig. 7. This paper pri-
marily considered residential buildings, commercial buildings, mixed-
use buildings, and other public buildings based on their usage charac-
teristics. As shown in the figure, 89.89 % of the 119,784 buildings were
successfully identified. Residential buildings account for 73.82 %,
commercial and mixed-use buildings account for 11.74 %, and other
public buildings account for 4.33 %. The remaining 10.11 % of building
types were unidentified. Through the building age detection algorithm,
specific construction year results were obtained and grouped into pe-
riods based onrelevant standards. Most residential buildings were con-
structed in 2013 or later, accounting for 40.89 % of the total. Among
public buildings, those built between 2006 and 2014 were the most
numerous, accounting for 10.15 % of the total. This also suggests that
Haikou City experienced rapid development during this period.

Due to the complex nature of universities, factories, and cultural and
art museums, which require extensive on-site surveys, this study does
not currently model these three building types. Other-Non-Residential
buildings were also excluded. This study selected 19 typical building
types for modeling, comprising 6 categories of residential buildings and
13 categories of public buildings. Based on different building types, the
average geometric shapes were statistically analyzed, and correspond-
ing typical buildings were established, as shown in Table 6. Further-
more, considering that each typical building corresponds to three
construction eras, this study established a total of 57 building archtypes
for modeling.

3.2. Results of baseline model in Haikou

This section primarily analyzes and compares the results of EUI and

total building energy consumption in the baseline models of the proto-
type building method and the building-by-building method. For the
prototype building method, based on the findings in Section 3.1, this
paper employs EnergyPlus to simulate the baseline models and retrofit
models of 57 prototype buildings. For the building-by-building
approach, AutoBPS was used to create and run 402,544 EnergyPlus
models across five servers, covering 100,636 buildings (each building
comprising one baseline model and three energy-saving retrofit models).
The simulation process took approximately 7 days, with each Ener-
gyPlus model running for an average of about 3 min.

3.2.1. Analysis of EUI results for the baseline model

This study used the AutoBPS tool to simulate the established Haikou
prototype buildings via the EnergyPlus engine. The energy consumption
results for each archetype were shown in Fig. 8. Fig. 8 illustrates the
electricity and gas consumption of the prototype building over various
periods. To facilitate comparison of the results, the gas consumption
units were converted to kWh/m2. Overall, as mandatory regulations
continue to be updated, building energy consumption shows a gradual
decreasing trend across three time periods: Pre-2002/Pre-2005,
2003-2012/2006-2014, and Post-2013/Post-2015. For residential
buildings, the total EUI for low-rise buildings ranges from 40.4 to 59
kWh/m?, while that for mid-to-high-rise buildings ranges from 30 to
64.8 kWh/m?. Residential buildings with commercial spaces have a
higher EUI than pure residential buildings due to their commercial
functions. Among public buildings, shopping malls have the highest
total EUI, with total energy consumption ranging from 156.8 to 295.7
kWh/m?.

In contrast, school buildings and mixed-use residential and com-
mercial buildings have the lowest energy consumption, at 55.8-80.8
kWh/m? and 37.8-58.8 kWh/mz, respectively. Retail, food service, and
shopping centers have higher energy consumption due to the use of
specialized equipment and the need to maintain a comfortable envi-
ronment. Generally, mixed-use buildings consume more energy than
single-use buildings.

For the building-by-building approach, this paper calculated the EUI
distribution of baseline models for 100,636 buildings, as shown in Fig. 9.
This figure illustrates the EUI distribution for electricity and natural gas
consumption across different building categories during three con-
struction periods. The color intensity represents the years Pre-2002/Pre-
2005, 2003-2012/2006-2014, and Post-2013/Post-2015, respectively.
To further analyze the EUI differences between the two methods, Fig. 10
was created. Fig. 10 displays the energy consumption intensity distri-
bution for both modeling approaches across different building types and
the three construction periods for each building. The figure indicates
that the energy intensity values simulated by the prototype building
method mostly fall between the lower and upper quartiles of the dis-
tribution obtained by the building-by-building method, validating the
effectiveness of the prototype building method. Additionally, Fig. 10
includes baseline energy consumption indicators from existing research
for comparison. Due to the lack of baseline data for Haikou City in
existing research, this study referenced data from other regions with hot
summers and warm winters. The specific data sources are listed in
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Fig. 7. Proportion of building types and construction years in Haikou.

Table 7.

3.2.2. Analysis of total energy consumption for the baseline model

This study calculated the total energy consumption for each building
type using the EUI from both methods, as shown in Fig. 11, to further
investigate the differences between the two modeling approaches. The
figure reveals that for most building types, the total energy consumption
calculated using the building-by-building method is lower than that
derived from the prototype building method. For the entire Haikou
building stock, the total energy consumption calculated by the building-
by-building method is 17,520 GWh (electricity: 14,114 GWh), while the
prototype method yields 18,802.1 GWh (electricity: 14,980 GWh). The
building-by-building method resulted in a 7 % reduction in total energy
consumption compared to the prototype method. This reduction is pri-
marily attributed to the building-by-building method, which accounts
for inter-building shading effects and building orientation, as inter-
building shading significantly impacts the overall energy consumption
of urban buildings [54]. Overall, while the prototype building method
exhibits substantial differences in EUI distribution at the building level
compared to the building-by-building approach, the variance in total
energy consumption across building groups within the baseline model
remains acceptable at the city scale.

This study divided Haikou into 1-square-kilometer grids to illustrate
the energy consumption distribution of its building stock, as shown in

10

Fig. 12. The figure shows the overall distribution, highlighting that high-
energy-consumption areas are primarily concentrated in the northern
region near the port. This concentration is due to the city’s northward
development, driven by transportation networks and port clusters,
which has led to a large number of high-energy-consuming buildings (e.
g., hospitals, shopping malls, mixed-use) in the central urban area. In
contrast, the southern region retains extensive ecological green spaces
and rural areas, resulting in relatively lower energy consumption.

3.3. Analysis of energy-saving renovations

This study analyzed the energy-saving potential of different mea-
sures across Haikou’s building stock by applying three ECMs to each
building: lighting system upgrades, COP performance upgrades, and
rooftop PV installations. Energy retrofit analyses were conducted for
100,636 buildings in Haikou using a building-by-building approach,
with results shown in Fig. 13. Fig. 13 displays total building energy
consumption under the baseline model and under the three individual
retrofit measures. Compared to the baseline model, the overall energy
savings achieved through lighting upgrades, COP performance up-
grades, and PV retrofits were 8.2 %, 7.9 %, and 30.7 %, respectively. The
figure indicates that rooftop PV retrofits offer the most significant
energy-saving potential in Haikou, resulting in an additional 5,381.3
GWh of electricity generation. This high potential is primarily due to
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Table 6
Basic information about the Haikou prototype building.

Prototype building Floor = Height Length Width Building area
(m) (m) (m) )
Low-rise 2 6 18.8 10.33 377.33
Apartment
Mid-rise 4 12.27 22.48 12.34 1168.03
Apartment
High-rise 20 58.51 36.03 15.86 10882.75
Apartment
Low-rise 2 6 32.63 14.08 919.82
Residential
stores
Mid-rise 4 13.39 54.47 22.01 3940.46
Residential
stores
High-rise 23 68.45 45.19 21.12 17586.15
Residential
stores
Small Office 5 20.36 37.4 17.12 3048.22
Large Office 21 85.46 86 48.46 38571.6
Small Hotel 7 27.31 35.18 17.89 3522.44
Large Hotel 27 109.23 80.7 42.43 52038.67
Retail 5 19.04 28.96 15.39 2115.38
Shopping Mall 5 18.88 32.72 15.6 2135.67
Restaurant 5 18.99 26.97 14.29 1715.57
Hotel Mall 6 23.06 33.54 16.8 2809.87
Hotel Office 6 25.78 28.88 14.6 2424.53
Office Mall 5 21.69 32.42 15.15 2192.34
Commercial 24 97 57.5 36.09 39718.8
Residential
Hospital 5 19.72 31.92 14.11 1988.9
Primary School 6 2411 39.84 17.77 4180.77

I pre-2002/pre-2005 Elec [ 2003-2012/2006-2014 Elec [ post-2013/post-2015 Elec
I pre-2002/pre-2005 Gas [__]2003-2012/2006-2014 Gas [___] post-2013/post-2015 Gas

140
120

=)
S
1

80
60

EUI (kWh/m?)

40

204

High-rise Low-rise
Apartment Apartment Apartment Residential
stores

Mid-rise  High-rise Residential Mid-rise  Primary  Low-rise
Hotel  Residential ~School Residential
stores stores

Large
Hotel

300 4

2504

%)

[S)

=3

b=
L

150

EUI (kWh/m

100

50

Hotel
Office

Hotel
Mall

Retail Restaurant  Office
Mall

Small
Office

Small
Hotel

Large
Office

Hospital Shopping

Mall

Fig. 8. Electricity and gas consumption per unit area of prototype buildings.

Haikou’s location in a region with hot summers, warm winters, and
abundant solar resources.

The energy-saving potential from different retrofit measures varies
significantly across building types due to their different uses. The
energy-saving potential results for various building types are shown in
Fig. 14. Fig. 14 displays the baseline model and EUI distribution after
energy-saving retrofits for 19 building types. Residential buildings show
similar EUI reductions from both lighting and COP retrofits. In contrast,
for commercial buildings, the improvement in COP performance ex-
ceeds that of lighting system upgrades. This is because residential
buildings primarily use split-type heat pumps, while commercial
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buildings are mostly equipped with chillers. PV system retrofits offer the
most significant energy-saving potential across all building types, with
the most critical energy savings observed in low-to-mid-rise residential
buildings, schools, restaurants, and other low-story structures.

Fig. 15 further illustrates the energy savings achievable for each
retrofit type across different building categories. The chart reveals that
for lighting system upgrades, residential buildings with retail spaces,
hospitals, schools, restaurants, shopping centers, and retail buildings
exhibit greater energy-saving potential, with savings exceeding 10 %
across all categories. This stems primarily from their higher lighting
demands, which translate to greater energy-saving potential. For COP
performance upgrades, energy savings exceeding 10 % are achievable in
small office buildings, small hotels, schools, retail, and restaurant
buildings. These smaller commercial structures possess significant
energy-saving potential. Regarding rooftop PV upgrades, since PV
power generation primarily correlates with available roof area, build-
ings with fewer stories or larger usable roof areas achieve higher energy
savings rates. Notably, low-rise residential buildings in this case exhibit
harmful energy consumption after PV retrofitting. This occurs because
these buildings average two stories with large roof areas, enabling
annual electricity generation to exceed their energy consumption.
Additionally, mid-rise residential buildings demonstrate substantial
energy-saving potential through PV retrofits and constitute the largest
building category. They generate the highest PV electricity output, ac-
counting for 52 % of total generation.

4. Discussion
4.1. Baseline energy model accuracy analysis

This study established the UBEM for Haikou using both the prototype
building method and the building-by-building method, analyzing the
energy-saving potential of various energy-saving measures. However,
the accuracy of the established UBEM requires further analysis of its
reliability. Actual large-scale building energy consumption data for
Haikou City was unavailable, so comparisons were limited to reports
provided by the local government. Simulations using the prototype
building method and the building-by-building method yielded total
electricity consumption figures of 14,980 GWh and 14,114 GWh,
respectively, for Haikou’s 100,636 buildings. According to Haikou’s
2024 statistical report, building-related electricity consumption was
10,062 GWh[55]. This represents discrepancies of 48 % and 40 %
compared to the prototype building method and building-by-building
method, respectively.

Table 8 shows the discrepancies between simulated values and
official reported values for building electricity consumption in this study
and previous research. The table indicates the primary cause of this
study’s large discrepancy: a substantial gap between the simulated res-
idential energy consumption and the officially reported data. Studies in
Changsha and Shanghai showed discrepancies remaining within 10 %
for both residential and total electricity consumption. This study’s res-
idential discrepancy, in contrast, approaches 100 %, consequently
leading to the substantial differences between total simulated energy
and official reports.

The primary reasons for this are likely as follows: First, Haikou’s
population is significantly lower than that of other cities, resulting in
low total residential electricity consumption. Second, Haikou has a
developed tourism industry and a large building stock, while the actual
permanent resident population is relatively small. This combination of a
lower population and a high building count results in low actual occu-
pancy rates, with some buildings remaining idle. In fact, occupancy rates
show a significant positive correlation with actual building electricity
consumption [56]. Energy consumption simulations, however, typically
set occupancy rates based on national or local building codes, repre-
senting a relatively ideal scenario. This assumption is likely the primary
reason for the significant discrepancy between the simulated results and
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Fig. 10. Comparison of building EUI between the prototype building method
and the building-by-building method.

the official values. Future assessments of urban building energy con-
sumption must therefore consider the impact of vacancy rates, particu-
larly in tourism-driven cities or those with an imbalance between
building stock and resident population.

4.2. Comparative analysis of the two modeling methods

Section 3.2 analyzed the urban-scale energy consumption results
from both the prototype and building-by-building methods, demon-
strating the prototype method’s applicability at this level. Previous
research findings provide strong support for this conclusion. Deng et al.

Table 7
Reference EUI data comparison for some building types.
Building type Building-by-building method ~ Reference EUI ~ Reference
(kWh/m?) (kWh/m?)

Low-rise Apartment 18.5-100.15 35.33-66.91 [46]

Mid-rise Apartment 19.35-116.58 46.31-61.82

High-rise 19.62-92.82 33.8-71.8 [47]
Apartment

Low-rise 59.86-176.19 60-190 [48]
Residential stores

Mid-rise Residential ~ 41.4-140.99 60-190
stores

Primary School 33.19-141.44 49.22-182.73 [49]

Large Office 84.43-174.06 47.9-139.5 [50]1

Large Hotel 57.57-247.93 136-213 [51]

Small Office 76.52-177.68 75-110 [52]

Small Hotel 96.85-256.96 105-170

Retail 136.04-318.74 190-270

Shopping Mall 124.46-360.15 245-350

Hospital 92.2-397.47 110.83-197.5 [53]

[32] first employed the prototype building method to simulate the
aggregate energy consumption of 59,332 buildings in Changsha. The
study then selected a 3633-building neighborhood and used the
building-by-building method for simulation. Finally, they calculated the
total energy consumption for these 3,633 buildings using the EUI results
from the prototype method. The results showed a 5.6 % difference be-
tween the two methods for that neighborhood, a figure that closely
aligns with this paper’s conclusions. This study further employed the
prototype building method to calculate the results for the three retrofit
measures. The total building energy consumption after lighting, COP
performance, and PV retrofits amounted to 17,353.6 GWh, 17,144.5
GWh, and 12,866.5 GWh, respectively. Compared to the building-by-
building method, the differences were approximately 8 %, 6 %, and 6
%, respectively, with all discrepancies below 10 %. This further dem-
onstrates that the prototype building method enables rapid and
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accurate characteristics make it a strong alternative to the building-by-
building method for calculating overall energy consumption. The pro-
totype building method can accurately assess a city’s overall energy-
saving potential for different ECMs, regardless of whether inter-
building shading is a factor (as with lighting/COP retrofits) or must be
considered (as with PV retrofits). Additionally, this study compared
simulation results between the two methods at the building level, as
shown in Fig. 16. Fig. 16 displays the percentage differences in EUI at
the building level for the baseline model. As shown in the figure,
approximately 70 % of buildings exhibit an EUI difference of less than
30 % between the two modeling approaches. Additionally, about 30 %
of buildings show an EUI difference exceeding 30 %. The figure indicates
that for the building level, some buildings exhibit significant variations
in EUI results. This is primarily due to factors such as inter-building
shading effects and building orientation.

5. Conclusion

This study uses Haikou City, a typical region with hot summers and
warm winters, as a case example. It establishes a baseline energy con-
sumption model for Haikou’s building stock using both the prototype
building method and the building-by-building method, utilizing the
AutoBPS tool. The two method were subsequently applied at the city
scale to analyze retrofitting scenarios for lighting, COP performance,
and PV systems. Key findings are summarized as follows:

(1) This study evaluated and compared energy consumption out-
comes between the prototype building method and the building-by-
building method under the baseline model and three energy-saving
measures. Results indicate that the prototype building method ach-
ieved total energy consumption of 18,802 GWh, 17,354 GWh, 17,145

14

GWh, and 12,867 GWh for the baseline model, lighting system upgrades,
COP performance upgrades, and PV retrofits, respectively. Compared to
results from the building-by-building approach, the differences were all
within 10 %. The prototype building method is more reliable for
assessing overall urban building energy consumption and total energy-
saving potential. However, at the building scale, approximately 30 %
of buildings exhibit energy consumption differences exceeding 30 %
between the prototype and building-by-building methods. Therefore,
the prototype building method holds advantages for evaluating overall
urban energy performance and energy-saving potential, while the
building-by-building method is more suitable for detailed analysis at the
building level.

(2) The energy-saving potential from rooftop PV retrofits reached
30.7 %, nearly double the combined potential from lighting upgrades
and COP performance improvements. For cities like Haikou with
abundant solar resources, PV development should be prioritized for
subsidies. Low-rise residential buildings in Haikou could generate more
electricity through PV retrofits than their annual electricity consump-
tion. This provides data support for promoting net-zero energy and zero-
carbon residential buildings. Additionally, mid-rise residential buildings
contribute 52 % of all PV generation, making them a key focus for
government-led large-scale clean energy retrofits.

(3) By comparing simulated building energy consumption with
official report results, this study reveals that in tourism-dominated cities
like Haikou (where building counts and actual occupancy rates are
mismatched), simulating urban building energy consumption requires
additional consideration of vacancy rates’ impact on building energy
use.

In summary, this study quantified and compared the prototype
building and building-by-building methods for assessing urban building
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Table 8
Comparison of building electricity consumption simulations and official report.

City Number of buildings Population Simulated electricity consumption (GWh) Government Report on Electricity Consumption (GWh)
(Million)
Residential Total Residential Total
Changsha [32] 59,332 9.28 7013 13,864 7373 15,184
Shanghai [29] 539,119 24.8 35,027 82,471 30,140 78,079
Haikou 100,636 2.87 6881 14,980 3381 10,062

Notes: The energy consumption data from the aforementioned studies and this study were all calculated using the prototype building method.

energy consumption and the applicability of different energy-saving
measures. These conclusions provide reference for selecting modeling
approaches in subsequent urban building energy consumption modeling
projects and offer data support for analyzing energy retrofit potential in
Haikou and other regions with hot summers and warm winters.
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