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ABSTRACT

Building carbon emissions significantly drive climate change, yet obtaining high-resolution macro-scale data
reflecting spatial variations remains a challenge. This paper proposes a novel method for calculating urban-scale
carbon emissions based on building stock and big data mining. By inferring building ages using Points-of-Interest
(POI) and the K-Nearest Neighbours (KNN) algorithm, and determining building types through integration with
building vector and land use, the study constructs a high-resolution building carbon emissions map. The findings
as follows: (1) Guangzhou’s total building carbon emissions reached 1.079 billion tons. Carbon emissions were
predominantly concentrated in the operational phase (57.3%). Residential, industrial, and commercial structures
contributed significantly. (2) The carbon emissions exhibited a spatial pattern characterized by high-value
concentration in the central urban area and low-value dispersion in peripheral zones. (3) Buildings con-
structed between 2000 and 2004 exhibit the highest carbon emissions, with per-unit emissions gradually
increasing over time. Carbon emission hotspots demonstrate a dynamic temporal migration pattern of
“expanding outward from the centre”. (4) The potential for building demolition and material recycling is pro-
jected to peak in the 2030s, occurring earlier in core urban areas than in peripheral new districts. (5) Spatial
coupling between building carbon emissions and population distribution is stronger than with GDP. Central
urban areas exhibit efficient aggregation, while peripheral new districts show inefficient decoupling. This study
provides quantitative evidence and methodological references for predicting and regulating building carbon
emissions at the urban scale.

1. Introduction

1.1. Background

but cannot reflect the spatial distribution of building carbon emissions
within the region. This approach, which regards the region as the
research and analysis unit, makes it difficult to carry out carbon
reduction analysis within the region. Urban internal space is a complex

Global building carbon emissions account for about 28%—38% of the
total global energy consumption carbon emissions (United Nations
Environment Programme, 2020), therefore, the building sector has
enormous potential for carbon reduction. However, revealing the
high-resolution spatial distribution of building carbon emissions at the
macro scale remains an urgent challenge to be solved. To this end,
existing studies are reviewed, and a list of building carbon emission
research is presented in Table 1. In previous studies, macro-scale
building carbon emission research usually relies on socio-economic
statistical data (Cavalliere et al., 2019) and remote sensing imagery
(Zhang et al., 2025), and the data results represent the total building
carbon emissions within a region (Zhang et al., 2022; Pu et al., 2022),
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and differentiated assemblage (Ito et al., 2024), and many studies have
confirmed that urban spatial planning and spatial structure have sig-
nificant impacts on carbon emissions (Yang et al., 2024; Christoforatos
et al., 2025). Therefore, spatial research on carbon emissions is of
great significance (Cook-Patton et al., 2020; Roncero-Tarazona et al.,
2025). By analyzing the spatial distribution of carbon emissions, it is
possible to deeply understand the characteristics and differences of
carbon emissions in different areas, thereby identifying key regions and
key industries of carbon emissions (Al-Qubati et al., 2024) and formu-
lating targeted carbon reduction policies (Harris et al., 2021). Spatial
research on carbon emissions can also provide scientific guidance for
regional low-carbon development pathways (Abhijna et al., 2025),
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promote the coordinated development of carbon reduction and
socio-economic development (Malekzadeh et al., 2025), and promote
the realization of the United Nations Sustainable Development Goals
(SDGs). High-resolution carbon emission maps can help scholars study
the spatial distribution characteristics and influencing factors of carbon
emissions within cities and help government managers reasonably
allocate carbon reduction tasks and formulate feasible low-carbon
development strategies (Cui et al., 2026).

The difficulty of establishing a high-resolution building carbon
emission map at the macro scale lies in the fact that it is unrealistic to
collect carbon emission inventories of each building from a macro
perspective. In previous studies, Some scholars have attempted to esti-
mate building carbon emissions using nighttime light and other remote
sensing data, employing light brightness as an indicator of human ac-
tivity intensity. Based on provincial or municipal-level carbon emission
statistics, regression models—such as geographically weighted regres-
sion (GWR) and geographically and temporally weighted regression
(GTWR) are constructed to downscale total regional carbon emissions to
finer spatial units (Wang et al., 2024). However, constrained by the
spatial resolution of remote sensing data, such approaches are unable to
capture attribute differences such as building type and age. Moreover,
remote sensing data only reflect emissions at a given static point in time,
making it difficult to support refined management oriented toward the
entire building life cycle. Unlike the indirect estimation logic of remote
sensing, the assessment of the whole-life-cycle carbon emissions of
buildings usually takes a single building as the research object (Hussien

Table 1
Related studies on urban building carbon emissions in the whole life cycle.
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et al., 2023), and calculates its carbon emissions by collecting the ma-
terial and construction inventories of the building in the whole life cycle
stage (Felicioni et al., 2023), while the number of buildings within a
province or city is too large to collect carbon emission data for each
building.

However, with the gradual deepening of research, more and more
scholars have begun to pay attention to certain characteristics shared by
different buildings. By summarizing the parameters of different building
types and analyzing their energy consumption, typical buildings of
various types can be identified (Xu et al., 2024; Jungclaus et al., 2024;
Nayak et al., 2023). The key to identifying typical buildings is to analyze
the impact of building characteristics on energy consumption (Ma et al.,
2025; Bampoulas et al., 2023). Once typical buildings are identified, the
carbon emission inventory of buildings can be estimated according to
their parameters (Chastas et al., 2018; Gauch et al., 2023), which is the
key to realizing macro-scale research on the whole-life-cycle carbon
emissions of buildings. However, due to information and technical
limitations, there are still few studies extending the typical building
carbon emission assessment model from single buildings to cities or
larger-scale regions (Carnieletto et al., 2021), because of the lack of
necessary macro urban building parameters corresponding to related
typical buildings for carbon emission calculation.

Within this research stream, one line of work emphasizes fine-
resolution spatial representation, combining Points-of-Interest (POI)
data, road networks, and land-use information to capture intra-urban
heterogeneity (Petrova-Antonova et al., 2025). A second group of

Reference

Research scale

Building type

Research focus

Research method

Limitations

Wang et al., 2024

Zhang et al.,
2025

Zhang et al.,
2022

Pu et al., 2022

Christoforatos
et al., 2025

Felicioni et al.,
2023

Carnieletto et al.,
2021

Fivet et al., 2024

city-level /
district-level /
subdistrict-level

city-level /

district-level

national level

national level

city-level

building level

city-level /
national level

city-level /
building level

Residential,
Commercial, Public

No differentiation of
building types

Residential,
Commercial

No differentiation of
building types

Residential

No differentiation of
building types

Residential, Office

Residential, Office,
Educational, Industrial
& Retail

Comparing NTL data and regression

models for multi-scale building
carbon emission estimation

Corrected NTL data to estimate

carbon emissions at prefecture and

county levels in China

Scenario analysis of China’s building

stock, material demand, and
embodied carbon dynamics

Projecting China's building sector

carbon emissions and assessing

carbon peak and neutrality feasibility

A dual functional unit method

integrating residential density into

building LCA

Life cycle environmental impact of a

high-rise residential building in
Denmark

46 archetype building models for

Italy’s E climatic zone

Spatiotemporal reconstruction of
structural material use and embodied

carbon in Geneva's buildings

Nighttime light (NTL) imagery
analysis;

Geographically weighted
regression (GWR)

Nighttime light (NTL) imagery
analysis;Temporally Weighted
Regression (GTWR)

Stock dynamics model;Scenario
analysis;Life Cycle Assessment
(LCA)

BP neural network model;
Scenario analysis

Life Cycle Assessment, (LCA) ;
TOPSIS

Life Cycle Assessment, (LCA);
Building Information Modeling
(BIM)

Urban building energy model
(UBEM);Building stock
modelling

Building stock modelling;
Interpolation method;
Life Cycle Assessment, (LCA)

¢ Inability to account for
building attributes and
operational information

e Limited fine-scale data
availability

o Insufficient city- and
county-level statistical data
for error validation

¢ Building types not
differentiated

o Lack of data on renovation
material intensity

o Evolution of different
building structural types not
considered

o Inter-provincial
differences not considered
o Inability to capture intra-
regional variations

e Reliance on historical
trends

o Operational-stage impacts
not included

e Data on certain impact
categories missing

o Detailed structural
calculations not performed
e Structural effects of
materials simplified

¢ Reliance on a single case
and a specific database

o Geographical coverage
concentrated in a single
climate zone

o Limited building
typologies

o Historical changes in
carbon emission factors not
incorporated

o Insufficient data on
building renovation and
demolition
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studies adopts grid-based aggregation approaches, using population
density or mobility data to improve the accuracy of large-scale urban
carbon inventories, typically at the kilometer scale (Cai et al., 2021; Gao
et al.,, 2023). In parallel, life-cycle-based frameworks have been
increasingly applied to urban building stocks to account for both oper-
ational and embodied emissions in spatially explicit forms (Fivet et al.,
2024).

1.2. Research gaps

As shown in Table 1, previous studies have advanced the estimation
of building-related carbon emissions from different perspectives,
including nighttime-light-based spatial downscaling, national or
regional building-sector emission forecasting, single-building life-cycle
assessment, urban building energy modelling, and building material
stock analysis. Nevertheless, these studies still show several limitations
when applied to high-resolution, whole-life-cycle building carbon
emission assessment at the urban scale.

However, there are still several significant shortcomings in existing
studies: (1) The research on building whole-life-cycle carbon emissions
is still insufficient. Most studies focus only on energy consumption and
carbon emissions during the operation stage, ignoring the carbon
emissions in construction, maintenance, and demolition stages, leading
to systematic bias in the estimation of total carbon emissions. (2) Key
building information is missing, such as building age, structural type,
and use function, which are simplified in most urban-scale studies. Most
research adopts spatial proxy variables (such as POI and geographic
distribution) to indirectly estimate carbon emissions, affecting the ac-
curacy of typical building identification and inventory compilation. (3)
Many studies mainly focus on overall urban-scale carbon emissions but
do not specifically refine to the building carbon emission level, making it
difficult to reveal carbon emission differences at the micro-scale such as
different building types and structures. (4) Research on the coupling
relationship between building carbon emissions and socio-economic
factors such as urban population density and GDP is still limited. Most
studies focus on total carbon emissions or industrial classification,
lacking spatial heterogeneity analysis, making it difficult to support
differentiated carbon reduction strategies.

1.3. Contributions of this study

This study proposes a method integrating multi-source data to sup-
plement key information such as building age and type, and on this
basis, conducts whole-life-cycle building carbon emission measurement
and analysis at the urban scale. Taking Guangzhou as a case, a 100 m
resolution building carbon emission map was constructed, thereby
revealing significant spatial differences and temporal characteristics
within the city. On this basis, the marginal contributions of this study are
as follows:

(1) refined the city-scale accounting method for whole-life-cycle
building carbon emissions, and analyzed the total amount,
composition, and temporal evolution (historical-current-future)
of Guangzhou’s building carbon emissions;

(2) further disaggregated the carbon emission differences across
different building ages and types within various administrative
districts;

(3) constructed a high-resolution spatial distribution pattern of high-
emission hotspot areas at 100-meter resolution; and revealed the
spatial coupling relationship between building carbon emissions,
population, and GDP, and projected the future potential of
building demolition and material recycling.

The research results not only reveal the spatiotemporal characteris-
tics of building carbon emissions in Guangzhou but also provide a sci-
entific basis for differentiated carbon reduction policies at the urban

Sustainable Cities and Society 148 (2026) 107641

level.
2. Data and methods
2.1. Study area

Guangzhou is located in the south of China and is an important
economic centre and transportation hub in southern China (Fig. 1).
Guangzhou has a total area of 7434.4 km?, with a resident population of
18,734,100 and a GDP of 3.203 trillion yuan in 2025. Guangzhou is
considered to be one of the fastest-growing cities in the world today, and
its rapid urbanization has led to an accelerated depletion of natural re-
sources and exacerbated energy consumption (Zhou et al., 2018).
Studying its building carbon emissions and emission reduction strategies
is of positive significance for advancing building carbon emission
reduction in southern China. In addition, Guangzhou also has a rich
architectural culture and building types, which are pivotal to the study
of building carbon emission reduction technologies, strategies, and
practices. Therefore, Guangzhou is a suitable case for building carbon
emission reduction research with typicality, representativeness, and
urgency.

2.2. Data

The building base vector data of Guangzhou comes from Baidu
Company (https://www.baidu.com/), which has a total of 366,787
buildings. It contains three kinds of information: basic geographic
location, geometry and floor height of each building. Due to the lack of
original data, the dataset does not include all areas of Guangzhou but
includes densely populated areas in and around the city centre of
Guangzhou (Fig. 1). The total area of the covered area is 394km?, which
contains the vast majority of Guangzhou’s population, economy, and the
core built-up area. Thus, it is sufficient to meet our research needs.

Building vector data refers to the recording of a building’s
geographical information using vector data formats, including its loca-
tion, geometric shape, area and height. The foundational vector data for
Guangzhou’s buildings utilised in this research originates from Baidu
(https://www.baidu.com/). After importing the data into GIS software
for processing and analysis, including operations such as removing
duplicate records and correcting outliers, a total of 366,787 buildings
were identified.

To verify the reliability of the Baidu building vector dataset used in
this study, the total floor area of each district in 2020 was estimated
based on the Guangzhou Statistical Yearbook (2020) using two official
indicators: the permanent resident population and the per capita floor
area. The results were then compared with the Baidu-derived floor area
data. Table 2 presents the total floor area of each district from both
sources and their relative errors. The overall discrepancy between the
Baidu dataset and the official statistics was only 5.8%, demonstrating
that the dataset provides an accurate and representative reflection of
Guangzhou’s overall building stock.

For Guangzhou’s four central urban districts (Yuexiu, Haizhu, Liwan,
and Tianhe) along with the relatively central Baiyun and Huangpu dis-
tricts, dataset discrepancies remained below 10%. Huadu and Panyu
exhibited comparatively larger errors of 17.4% and 25.3% respectively.
Considering the differing statistical methodologies of the two data
sources, the error margins for these eight major administrative districts
fall within an acceptable range. Nansha, Conghua, and Zengcheng, sit-
uated on the periphery of Guangzhou, were excluded from the analysis
due to data gaps and significant discrepancies between their Baidu
dataset and official records. Consequently, the analysis represents
Guangzhou based on the remaining eight administrative districts
(Fig. 1).

Since the basic building data does not contain building type and age
information, this study derives these two basic information in the
following way:


https://www.baidu.com/
https://www.baidu.com/
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Fig. 1. Study area.

T. Sun et al.
Table 2
Building dataset coverage by zoning district.
District Number of Building Area (10,000 m?) Error
Buildings R . . (%)
Baidu Official Statistical
Dataset Yearbook
Yuexiu 18,005 3936.4 3587.7 9.7%
Haizhu 53,102 6767.8 6298.3 7.5%
Liwan 20,756 4011.2 4297.2 6.7%
Tianhe 45,695 7322.7 7790.7 6.0%
Baiyun 73,516 14,262.4 13,010.2 9.6%
Huangpu 40,362 4758.4 4392.7 8.3%
Huadu 13,198 4717.6 5713.8 17.4%
Panyu 84,984 11,589.2 9249.9 25.3%
Guangzhou 366,787 61,094.0 64,860.2 5.8%

Derivation of building age: Referring to Mao et al.’s study (Mao et al.,
2020), a big data analytics approach was used to assign POI information
to each building by matching the nearest building centroids with Baidu’s
residential/commercial POI data. Web crawlers were used to collect
from four of the largest real estate agency websites in China (Lianjia,
Beike, Fangtianxia and Anjuke) to get the building construction date and
geographic location information. Using the collected location informa-
tion, we searched for the nearest POIs and finally obtained the age in-
formation of 86.4% of the buildings in the study area.

For the remaining buildings without age records, the K-Nearest
Neighbours (KNN) algorithm was employed for age inference. The KNN

method is based on the assumption that buildings located in close spatial
proximity tend to share similar construction periods because of common
urban development processes. In this study, building centroid co-
ordinates were used as the input features, and Euclidean distance was
adopted to identify neighbouring samples.

To quantitatively validate this inference framework and determine
the optimal K value, we conducted a 10-fold cross-validation using the
age-labelled building samples. Specifically, the labelled samples were
randomly divided into ten subsets; in each round, nine subsets were used
for training and the remaining one subset was used for validation, and
this process was repeated ten times. To avoid subjective parameter se-
lection, a range of candidate K values was tested, and the average
validation accuracy across the ten folds was compared. The results
showed that the best-performing parameter was K = 3, under which the
model achieved an overall validation accuracy of 91.2%. This result
exceeds the minimum accuracy threshold of 85% proposed by the USGS
(Anderson et al., 1976). The optimized KNN model was then applied to
infer the construction years of the remaining unlabeled buildings.

Derivation of building types: Based on the 30m*30 m land use data
released by Tsinghua University (Gong et al., 2020), the spatial overlay
analysis of the building vector data was performed to assign a building
type to each building.

Eleven building-related land use types were selected from the pub-
licly available land use data of Tsinghua University. As the vast majority
of the research data and the building energy consumption coefficients
summarized in the literature grouped some of the building types that are
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different in the land use classification into one category. For example,
cultural, sports and recreational land use and educational land use in the
land use types are united into cultural and educational buildings, etc.
Therefore, some of the land use types were merged and finally, seven
building archetypes were defined, namely: residential, factory, office,
commercial building, education and culture, medical building and other
building types. Among them, the other building types mainly include
buildings classified by land use types such as airport facilities, transport
stations and parks and greenspaces.

Based on the derivation methodology, the results of the derivation of
Guangzhou’s architectural periods and building types, along with their
quantitative distributions, are presented in Tables 3 and 4 respectively.

2.3. Methodology

2.3.1. Defining the system boundary

This study proposes an improved method for estimating urban
building energy consumption and carbon emissions based on building
stock and establishes a building energy consumption calculation model
based on the whole life cycle process, The detailed technical route is
illustrated in the Fig. 2. According to different research purposes and
contents, previous studies have divided the building life cycle stages
differently. In this section, some important concepts and scopes of the
model are defined as follows:

On the basis of existing studies, the whole process of a building is
divided into five processes: material production and preparation,
transport of building materials, building construction, building opera-
tion, and building demolition (Huo et al., 2020; Ng et al., 2012).
Therefore, the calculation of the whole life cycle carbon emissions of a
building can be defined as:

BCE=ME+TE+CE+OE+DE (€9)

Where BCE is building carbon emission; ME is material production and
preparation energy consumption; TE is material transport energy con-
sumption; CE is building construction energy consumption; OE is
building operation energy consumption; and DE is building demolition
energy consumption. The unit for all energy types is COqe.

2.3.2. Intensity of construction material consumption

There are generally eight types of building materials commonly used
in China, including steel, timber, cement, brick, gravel, asphalt, lime and
glass (Cao et al., 2018). There are no industry codes or manuals that
contain the intensity of building material consumption for different
structural buildings. It is impractical to collect the bill of quantities
associated with each building at the city scale (Oregi et al., 2018; Pereira
& Ramos, 2018), therefore, this study used an aggregated approach to
calculate the material consumption for each prototype in the building
inventory, and a total of eight major building consumables that account
for >90% of the total carbon emissions were considered (Yang et al.,
2020). The intensity of building material consumption for each build-
ing type was summarized and generalized by researching a large number
of literature and manuals (Cao et al., 2018; Heeren & Fishman, 2019;
Huang et al., 2018; Chang et al., 2016; Z.Luo et al., 2019). A total of

Table 3

Number and proportion of building years in Guangzhou.
Building years Number of buildings Proportions
Pre-1980 8346 0.023
1980-1984 8771 0.024
1985-1989 15,548 0.042
1990-1994 40,191 0.109
1995-1999 83,300 0.227
2000-2004 133,989 0.365
2005-2009 34,914 0.095
2010-2014 22,883 0.063
2015-2020 18,845 0.052
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Table 4
Description and number of building types in Guangzhou.
Type Description Number of Proportions
buildings
Residential Residential land, houses and 129,401 0.353
apartments.
Factory Land and buildings used for 104,190 0.284
manufacturing, warehousing,
mining, etc.
Office Buildings where people work, 6975 0.019
including office buildings,
commercial offices in finance,
internet technology, e-commerce,
and media.
Commercial Houses and buildings used for 42,672 0.116
commercial retail, restaurants,
lodging and entertainment.
Education and Land for education and research, 40,757 0.111

Culture including campuses and research

institutes; land for public sports

training and cultural services,

including fitness centres, libraries,

museums, exhibition centres, etc.

Buildings for hospitals, disease 8733 0.024
prevention and emergency
services.

Types of airport facilities, transit
stations, and parklands.

Medical

Others 34,059 0.093

>1100 material lists were collected for the building samples. Containing
all building prototypes defined in this study, these building samples
were categorized into four age echelons (pre-1950, 1951-1980,
1981-2000 and 2001-2020). The material consumption intensity fac-
tors varied considerably depending on the age of construction and the
type of use of the building. Table 5 lists the material consumption in-
tensities of the eight common building materials summarized in this
study.

Therefore, the material consumption per building can be calculated
by the following equation:

MCZEiJ,tMCIi’j)t X Q (2)

Where MC is the material consumption; MCI is the material strength
factor per square metre of the building; Q is the total area of a single
building; i is the type of material; j is the type of building; and t is the age
of the building.

2.3.3. Uncertainty analysis within the MCI group

To assess the robustness of the grouped-average MCI assignment, a
sensitivity analysis was performed to construct alternative year-specific
MCI trajectories within each broad age group. Instead of assuming a
constant MCI value for all buildings within the same age interval, annual
MCI values for each building type-material combination were repre-
sented by a continuous piecewise-linear function over 1951-2020,
constrained by the literature-derived grouped MCI means and the
observed building-area distribution by construction year. Based on this
framework, two perturbed scenarios were generated in addition to the
baseline grouped-average assignment: a minimum-deviation scenario,
which remained as close as possible to the baseline path, and a
maximum-deviation scenario, which represented the largest admissible
departure from the baseline under the imposed constraints. The detailed
parameterization, search ranges, hierarchical screening strategy, and
treatment of unresolved combinations are provided in Support infor-
mation 1.

These scenario-specific annual MCI values were then matched to
individual buildings according to construction year and building type,
and material stocks were recalculated by multiplying the corresponding
MCI by building area. The resulting material stocks were further used to
recalculate embodied carbon, allowing us to examine whether the main
results were sensitive to possible within-group temporal variation in
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Fig. 2. Technical route of this study.
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Table 5
Strength factor of construction materials (Kg/m?).
Age range Building type Steel Cement Wood Brick Sand Stone Lime Glass
2001-2020 Residential 56 199 18 330 541 321 57 2
Factory 37 209 20 393 653 729 39 2
Office 86 219 30 326 346 266 27 3
Commercial 103 239 31 389 361 364 27 2
Education and culture 66 214 21 279 340 329 33 3
Medical 92 201 25 352 440 407 32 2
Others 66 191 21 325 415 373 32 2
1981-2000 Residential 22 153 18 742 628 432 33 3
Factory 59 98 25 289 322 286 22 2
Office 44 181 21 632 656 488 30 4
Commercial 53 202 21 637 720 515 31 4
Education and culture 42 175 17 690 620 570 27 4
Medical 46 160 21 838 572 337 38 3
Others 43 158 23 741 608 434 37 3
1951-1980 Residential 18 68 39 641 273 195 20 1
Factory 12 74 32 718 517 229 16 1
Office 10 68 27 777 343 203 19 1
Commercial 2 11 35 456 167 237 21 1
Education and culture 9 54 25 802 363 219 25 1
Medical 1 10 24 413 156 225 12 1
Others 2 30 31 902 398 531 26 1
Pre-1950 Residential 12 88 77 635 277 380 14 2
Factory 5 46 62 633 579 428 7 2
Office 1 12 53 768 260 380 19 2
Commercial 4 21 70 913 334 473 41 2
Education and culture 5 16 51 708 299 415 19 2
Medical 3 21 47 827 311 450 24 2
Others 1 20 63 873 495 1054 17 2

MCI. If the baseline, minimum-deviation, and maximum-deviation sce-
narios produce similar results, the grouped-average MCI assignment can
be regarded as sufficiently robust for the purpose of this study.

2.3.4. Calculation of energy consumption in LCA

2.3.4.1. Material production stage. The CO, in the production process of
building materials can be calculated using the product of the amount of
various building materials and the corresponding carbon emission fac-
tor. The carbon emission factors of various building materials are bor-
rowed from several research results from China itself (Z.Luo et al., 2019;
Dezhi et al., 2015; Zhang & Wang, 2016), and the specific factors are
shown in Table 6, and the calculation formulas are as follows:

MEZZiMCi X EFi (3)

Where ME is the emission of CO, during the production of building
materials; MC; is the amount of i building material used in the building;
EF; is the carbon emission factor of i building material used in the
building.

2.3.4.2. Building materials transport stage. The commonly used trans-
port modes for building materials are railway, road, water transport, and
air transport. According to a research report by the Guangdong Pro-
vincial Department of Transport (Lin et al., 2021), the transport mode of
relevant building materials in Guangdong Province is dominated by
road diesel vehicles, and new energy vehicles are gradually rising, but
the current proportion is still small, at the same time, the transport
within Guangdong Province occupies an absolute advantage compared
to the transport outside the province, with a proportion as high as
95.5%. Considering the principle of proximity of building materials
transport, this paper approximates that the radius of building materials

transport is the same, therefore, referring to the average transport dis-
tance of building materials in the statistics of the literature (Geng et al.,
2022), by default, all building materials are transported by diesel trucks
by road, and the average transport distance of the main building ma-
terials is shown in Table 7. Dividing it by the fuel efficiency to get the
fuel consumption per unit of transport, and then according to the diesel
fuel carbon emission factor of 0.196 kgCOse/t-km (Luo, 2016), the CO,
emission factor for the building materials transport phase was
calculated.

TE:ZjMCi X EFl,i X Di (4)

Where TE is the carbon dioxide emission during the transport of building
materials; MC; is the quantity of i building materials used in the building;
EFy; is the carbon emission factor transporting one unit of cargo per
kilometre by diesel vehicle; D; is the transport distance of i building
materials used in the building.

2.3.4.3. Building construction stage. The process of building construc-
tion mainly includes civil engineering works, water supply and drainage
works, electrical works, HVAC works and decoration works. The main
sources of carbon emissions in the construction stage are electricity
consumption for construction and oil consumption for construction,
including direct carbon emissions (e.g. diesel used for transporting earth
and pumping concrete, carbon emissions caused by diesel combustion,
etc.) and indirect carbon emissions (e.g. carbon emissions caused by
electricity consumption for construction, etc.). (Luo et al., 2016) con-
structed a calculation model of carbon dioxide emissions during the
building construction stage and concluded that the higher the building
height, the greater the carbon emissions per unit area. The study was
conducted separately for three kinds of buildings with different heights,
which is of great reference value to this paper. Through collation, the

Table 6

Carbon emission factors at the material production stage (kgCO,e/kg).
Building material Steel Cement Wood Brick Sand Stone Lime Glass
Carbon emission factors 2.31 0.977 0.257 0.155 0.003 0.003 1.99 1.19
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Table 7
Carbon emission factors for the transportation phase of building materials.
Building material Steel Cement Wood Brick Sand Stone Lime Glass
Average transportation distance (km) 125 28 35 39 13 40 30 80

carbon emission per unit area of each sub-project in the construction
process is shown in Table 8. The formula is as follows:

CE:Zi,jEFi’j X Q (5)

Where CE is the emission of CO during building construction, EF;; is the
value of the carbon emission factor for j projects of building type i, and Q
is the total area of the building itself.

2.3.4.4. Building operation phase. The operation and use phase is the
longest and largest carbon emission phase in the whole life cycle of a
building, and it has a significant impact on the evaluation of carbon
emissions. The operational carbon emissions and calculation methods of
different building types vary greatly. In this section, we discuss resi-
dential and public buildings separately. Since the energy consumption of
industrial buildings is included in the “industrial” energy consumption,
it is not considered in this paper. Instead, we consider the energy con-
sumption of industrial buildings for non-industrial activities, i.e. human
activities, and replace this with the average energy intensity of public
buildings.

2.3.4.4.1. Building lifespan. According to the findings of Cao et al.
(Cao et al., 2019), the building lifespan in South China is approximately
38 years; however, the study indicates that in rapidly developing areas
such as Shenzhen, the building lifespan is about 24 years. Another study
by Cai et al. (Cai et al., 2025). reports that the building lifespan in
Guangdong Province is approximately 45.3 years. Since 2000, building
lifespans in China have exhibited an increasing trend. Most studies
commonly assume a building lifespan in China within the range of
35-50 years (Zhu et al., 2022; Liu et al., 2023; Pei et al., 2024). Given the
specific development context of Guangzhou and with reference to the
aforementioned studies, this paper adopts a 35-year lifespan as the
baseline assumption. Furthermore, service lives of 25, 50, and 70 years
are introduced for multi-scenario analysis.

2.3.4.4.2. Residential. According to a large-scale statistical survey
conducted by the Ministry of Housing and Urban-Rural Development of
China on the energy consumption of civil buildings in several cities
(Ding et al., 2009), residential energy consumption is dominated by
electricity and natural gas, accounting for 71% and 20.28% of the total
energy consumption, respectively. The energy consumption per unit
area of residential buildings in the hot summer and warm winter region
(Guangzhou belongs to the hot summer and warm winter region) is
57.23kWh/(m%a), and the electricity factor in the South is
0.527kg/kWh. Previous studies have largely indicated that residential
buildings constructed before 2000, between 2000 and 2010, and after
2010 exhibit notable differences in the external wall heat transfer co-
efficient, window heat transfer coefficient, solar heat gain coefficient,
and cooling energy efficiency ratio, with newer buildings generally
demonstrating superior building envelope performance and cooling

Table 8
Carbon emission factors for sub-projects during the construction phase of the
project (kgCOze/m?).

Itemized project Under 24m 24~100m Over 100m
Civil engineering 215.93 239.25 280.51
Water supply and drainage engineering  2.02 2.59 7.45
Electrical engineering 2.22 3.45 9.99
HVAC engineering 4.35 6.82 21.47
Decoration works 28.93 30.15 36.62
Building Construction 18.54 24.3 45.66

All 271.99 306.56 401.7

system efficiency. To reflect variations in operational energy consump-
tion among residential buildings of different construction periods, this
study refers to prior research (Yigit et al., 2025) and adopts residential
buildings from the 2000-2010 period as the baseline, assigning an
adjustment factor of 1.10 to pre-2000 buildings and 0.90 to post-2010
buildings.Therefore, the building operation energy consumption of
residential buildings is calculated by the formula:

OE,=EF; x Q x EFe x n (6)

Where OE; is the CO; emission during the operation of the residence, EF;,
is the energy consumption per unit area of the residence, EF, is the value
of the Southern Electricity Factor, Q is the total area of the building it-
self, and n is the time of operation of the building.

2.3.4.4.3. Public and industrial buildings. Public buildings mainly
include commercial, educational cultural, medical etc. Energy con-
sumption is mainly electricity energy consumption. Based on the
research report of the Guangdong Academy of Building Science on
monitoring the electricity consumption of public buildings in the Pearl
River Delta region (Zhou, 2022), the electricity consumption of the main
types of public buildings in Guangzhou required for this paper is collated
and shown in Table 9. To further reflect the impact of building scale and
construction characteristics on the energy use intensity of public
buildings during the operational phase, this study introduces an
adjustment factor based on the baseline operational energy consumption
values for buildings in the Guangdong region, with reference to the
findings of a study on the energy use intensity of public buildings in the
Hot Summer and Warm Winter zone (Deng, 2020). That study surveyed
the annual electricity consumption and basic building information of
317 office buildings in the Hot Summer and Warm Winter zone and
analyzed the effects of factors such as building age and floor area on the
energy consumption index per unit floor area.

For the calculation of the adjustment coefficients, a proportional
normalization method is adopted. Specifically, for the two factors that
most significantly influence energy consumption, construction period
and floor area, the mean energy consumption per unit floor area of all
subgroups under each variable is taken as the baseline value. The
adjustment coefficient for each subgroup is then obtained by dividing its
energy consumption per unit floor area by the corresponding baseline
value:

F=E/E )

Where F; is the operational energy consumption adjustment factor for
subgroup j, Ej is the energy consumption per unit floor area of that
subgroup, and E is the average energy consumption per unit floor area
across all subgroups under the same categorical variable. Based on this
method, the adjustment factors for construction period and floor area for
public buildings were derived, as presented in Table 10.

The final energy consumption per unit floor area of public buildings
during the operational phase is calculated as follows:

Epublic=Eo,public X Fyear X Farea ®

Where Epypiic is the adjusted operational energy consumption per unit
floor area of public buildings, Eg pupiic is the baseline value of operational
energy consumption for public buildings in the Guangdong region, Fyeqr
is the construction period adjustment factor, and F, is the floor area
adjustment factor.

The formula is as follows:

OE=EFj x Q x EF, 9



T. Sun et al.

Sustainable Cities and Society 148 (2026) 107641

Table 9
Energy consumption per unit area during the operational phase of a building (kWh/(m?-a)).
Type Residential Factory Office Commercial Education and Culture Medical Others
Energy consumption per unit area 57.23 55.15 51.65 128.94 24.66 95.43 27.38
Table 10
Table of adjustment factors.
Construction period Adjustment factor Floor area Adjustment factor Residential Adjustment factor
Before 2000 0.91 <10,000 m? 0.9 Before 2000 1.15
2000-2010 0.96 10,000-20,000 m? 0.9 2000-2010 1
After 2010 1.17 20,000-30,000 m? 0.9 After 2010 0.85
30,000-40,000 m? 1
40,000-50,000 m? 1
50,000-60,000 m? 1.2
>60,000 m? 1.1
Where OE is the amount of CO, emitted during the operation of the Table 12
able

building, EF; is the energy consumption per unit area of the building in
category i, EF, is the value of the Southern Electricity Factor, and Q is the
total area of the building itself.

2.3.4.5. Building demolition stage. The building demolition stage was
divided into three processes: demolition waste generation, waste
transportation, and final disposal. Considering the limited availability of
city-scale demolition inventory data, this study estimated demolition-
stage carbon emissions based on material stock and process-based
emission factors. The energy consumption of demolition machinery
was mainly derived from a local field investigation of building demoli-
tion projects in Guangzhou (Liu et al., 2020), which provides repre-
sentative parameters for machinery types, work efficiency, energy type,
and energy consumption rates under the local construction and demo-
lition context. The corresponding machinery-operation data are listed in
Table 12.

In the waste generation process, demolition machinery is used to
dismantle buildings, collect demolition waste, and conduct on-site
sorting and handling. The carbon emissions from this process were
calculated by multiplying the energy consumption of each type of ma-
chinery by the corresponding carbon emission factors for diesel-
powered or electric equipment.

In the transportation process, demolition waste generated from each
building was assumed to be transported by diesel trucks via road to the
disposal facility. The transportation-related carbon emissions were
calculated based on the mass of demolition waste, the average transport
distance, and the corresponding diesel-truck emission factor.

In the final disposal process, this study adopted a conservative
baseline assumption that all demolition waste is sent to landfill, without
considering material recycling or avoided emissions from recycled ma-
terial substitution. Therefore, the disposal emissions were estimated by
multiplying the mass of landfilled waste materials by the corresponding
landfill carbon emission factors. The landfill emission factors for
different waste materials are shown in Table 11.

Table 11
Carbon emission factors for material landfilling.

Waste Materials Carbon Emissions Factors of Chemical Reaction

(kgCOZ%eq./t)

Steel 454.8083
cement 8.7033
wood 5102.6140
brick 8.7033

sand 8.7033

stone 8.7033

lime 8.7033

glass 55.5330

Energy consumption of machinery operation in the demolition phase.

Waste Materials Work Energy Energy Consumption
Efficiency Type Rate
Rockdrill 0.364608h/ Electricity 15.7kwh/h
2
m
Hydraulic hammer 0.043801h/ Diesel 18.9kg/h
2
m
Crawler bulldozer 0.025874h/ Diesel 17.8kg/h
2
m
Crawler hydraulic rock 0.138606h/ Diesel 27.2kg/h
crusher m?
Electromagnetic 0.001707h/t Electricity 11.0kwh/h
separator
Conveyor belt 0.001707h/t Electricity 15.0kwh/h
Vibration feeder 0.001913h/t Electricity 13.0kwh/h

The carbon emissions from the building demolition stage were
calculated as follows:

DE=}"j Cmach,j+ZiMGC; x EFj; x D+ i(Mj x f;) (10)

Where DE is the total CO2 emissions from the building demolition pro-
cess; C mqcn,j is the CO2 emissions generated by machinery type j during
demolition; MC; is the mass of waste material type i involved in trans-
portation; EF,; is the carbon emission factor for transportation of waste
material type i; Di is the average transport distance from the site to the
corresponding disposal facility; M; is the mass of waste material type i
sent to landfill; fi is the carbon emission factor for landfilling.

3. Results
3.1. Basic situation and verification of carbon emissions

The total carbon emissions from existing buildings in Guangzhou
amount to 1.079 billion tonnes (Fig. 3). This figure underscores the
critical role of Guangzhou’s buildings in addressing climate change
challenges. Among these, carbon emissions from the operational phase
of buildings accounted for the largest share at 57.3% of the total. In
contrast, emissions from material production, construction, trans-
portation, and demolition phases were relatively lower, representing
24.2%, 15.9%, 0.6%, and 1.8% of the total respectively. These findings
are consistent with most domestic and international research outcomes
(Zhang & Wang, 2016).

Significant disparities are observed among different building types in
Guangzhou in both total carbon emissions and emission intensity per
unit area. Residential buildings contribute the largest share of total
emissions, reaching 425 million tonnes CO-e, accounting for 39.4% of
the total building-related emissions. In contrast, office and medical
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Fig. 3. Carbon emission share of buildings in Guangzhou.

buildings have the lowest proportions, representing only 2.6% and
3.6%, respectively (Fig. 4). The emission intensity per unit area of
commercial and medical buildings is substantially higher than that of
other types, amounting to 2894 kgCO.e/m?* and 2323 kgCOze/m?
respectively, whereas “other” building types emit only 1214kgCO2e/m?,
a difference of more than twofold (Table 13). Moreover, as shown in
Fig. 4(b), the operation stage remains the dominant contributor to life-
cycle carbon emissions across most building categories. For instance,
operational emissions account for 71% of the total in commercial
buildings and 65% in medical buildings. In contrast, educational and

cultural buildings exhibit a more balanced pattern: operational emis-
sions constitute only 24%, while embodied carbon from material pro-
duction (39%) and construction (24%) together represent 63% of total
life-cycle emissions, highlighting that their upfront carbon footprint
should not be overlooked.

Marked spatial variations in building carbon emissions are also
evident across Guangzhou’s administrative districts (Fig. 3). Among
them, Baiyun District records the highest total emissions, reaching 25
MtCOz2e (25.3% of the city’s total), followed by Panyu (19.2%) and
Tianhe (12.9%). The lowest emissions occur in Yuexiu (6.9%) and Liwan

Fig. 4. Proportion of carbon emissions from the whole life cycle stage of a building.
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Carbon emission characteristics of different building types.

Sustainable Cities and Society 148 (2026) 107641

Table 15
Characteristics of carbon emissions from buildings of different ages.

Building type Total carbon emissions Percent  Carbon emissions Age range Total carbon emissions Percent  Carbon emissions
(WtCO4e) (kgCO4e/m?) (WtCOse) (kgCOze/m?)

Residential 42,485 39.4% 1872 Pre-1980 2373 2.2% 1405
Factory 23,641 21.9% 1574 1980-1984 2844 2.6% 2005
Office 2838 2.6% 1614 1985-1989 4960 4.5% 1772
Commercial 19,195 17.8% 2894 1990-1994 12,171 11.0% 1738
Education and 8509 7.9% 1165 1995-1999 26,731 24.2% 1754
culture 2000-2004 37,190 33.7% 1755
Medical 3904 3.6% 2324 2005-2009 10,832 9.8% 1800
Others 7282 6.8% 1214 2010-2014 6988 6.3% 1826
2015-2020 6259 5.7% 1874

(6.9%) districts. From the perspective of emission density (Table 14),
Yuexiu District exhibits the highest intensity at 205 tCO2/km?, followed
by Haizhu (142 tCOz/km?) and Liwan (118 tCOz/km?). In contrast,
Huadu shows the lowest emission density (9 tCO2/km?), and Huangpu
also remains at a relatively low level (16tCO2/km?). Overall, these
findings reveal pronounced spatial heterogeneity: the central urban
districts, characterized by intensive land development, high building
density, and strong emission clustering, display a distinct “high-density,
high-carbon” pattern.

Substantial differences also exist across construction periods (Fig. 3;
Table 15). Buildings constructed between 2000 and 2004 account for
32.73% of total emissions, followed by those built in 1995-1999
(24.3%). In contrast, buildings erected before 1980 contribute only
2.2%. Meanwhile, the carbon emission intensity per unit area has shown
a consistent upward trend (Table 15). The life-cycle structure of emis-
sions has also evolved markedly over time (Fig. 4(a)), shifting gradually
from an “operation-dominated” to a “whole-cycle distributed” pattern.
Before 1980, operational emissions accounted for as much as 66%, while
emissions from material production and construction together contrib-
uted only 15%. Over time, the share of operational carbon emissions has
gradually declined,while the combined proportion of material produc-
tion and construction has risen to 28%, reflecting the growing impor-
tance of embodied carbon in recent decades.

3.2. Spatial distribution and high-emission areas

To reveal the spatial characteristics of building carbon emissions in
Guangzhou, the calculated results were allocated to a 100 m x 100 m
grid. Specifically, each building’s total carbon emissions were assigned
to the grid cell containing the centroid of its footprint, and the emissions
of all buildings whose centroids fell within the same grid cell were
summed to obtain the carbon emission value of that cell. Based on the
aggregated grid-level results, the natural breaks method was applied to
classify carbon emission levels into five categories, and a gridded carbon
emissions map was generated (Fig. 5(a)). In addition, a kernel density
analysis was conducted to identify the spatial clustering of carbon
emissions (Fig. 5(b)). The former illustrates the hierarchical differences
in carbon emissions levels across the city, while the latter highlights the
degree of spatial concentration of high-emission zones.

As shown in Fig. 5(a), the spatial distribution of building carbon

Table 14
Carbon emission characteristics of different districts.

District Total carbon emissions ~ Percent  Area Carbon emissions
(WtCO2e) (km?) (tCO2/km?)

Liwan 6950 6.9% 59 118

Yuexiu 6940 6.9% 34 205

Haizhu 12,843 12.7% 90 142

Tianhe 13,073 12.9% 96 136

Baiyun 25,593 25.3% 796 32

Huangpu 7729 7.6% 484 16

Panyu 19,375 19.2% 530 37

Huadu 8667 8.6% 970 9
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emissions exhibits a clear hierarchical pattern across Guangzhou. Grids
of Level 1 and Level 2 account for 46.5% and 35.1% of the total,
respectively, indicating that most areas of the city are characterized by
relatively low emission levels. In contrast, Level 4 and Level 5 grids
comprise only 3.7% and 0.6%, respectively.

The kernel density analysis further reveals evident spatial clustering
patterns of emissions (Fig. 5(b)). Core high-density emission zones are
concentrated in the central urban area, with secondary hotspots
extending along the city’s primary development axes—forming a
continuous corridor linking Yuexiu, Tianhe, and Haizhu districts, and
further extending northwards to southern Baiyun District and eastwards
to western Huangpu District. This configuration forms a distinct north-
—south high-emission belt, highlighting the city’s pronounced banded
distribution of carbon intensity. Overall, the spatial morphology of
building carbon emissions in Guangzhou can be characterized as “cen-
tral concentration with peripheral dispersion”.

3.3. Spatial distribution of carbon emissions by building type

Building types across Guangzhou were allocated to 100 m x 100 m
grids to examine the spatial distribution of different building functions
throughout the city. During the reclassification process, the following
principle was applied: if one building type occupied the largest pro-
portion of built-up area within a grid, that grid was fully assigned to that
building type. As shown in Table 16, residential buildings accounted for
the largest share of all grids (32%), followed by industrial buildings
(32%) and educational and cultural buildings (13%).

The various building types exhibit markedly distinct spatial clus-
tering patterns across Guangzhou. To further identify the spatial ag-
gregation characteristics of major functional building categories, a
kernel density analysis was conducted for residential, industrial, office,
and commercial buildings (Fig. 6).

Residential buildings are widely distributed, forming continuous
belt-shaped clusters. High-density residential areas are concentrated in
the central urban districts and gradually weaken toward the outer sub-
urbs, yet still radiate outward along major development corridors. In-
dustrial buildings show a multi-nodal clustering pattern at the periphery
of the city, with hotspots primarily located in non-central districts,
reflecting the city’s trend of industrial relocation and industrial-park
agglomeration. Office buildings demonstrate the most prominent “cen-
tral single-core” clustering, concentrated in the central business district
(CBD), indicating a high concentration of commercial and administra-
tive functions. The spatial distribution of commercial buildings is similar
but more extensive, with secondary clusters emerging in some outer
districts.

Educational and cultural buildings are mainly located in historic
central areas but also form secondary high-density clusters in newly
developed university towns, producing a “traditional old city +
emerging campus” dual-core structure. Medical buildings present a
multi-centered pattern characterized by “central concentration with
regional diffusion™ while core clusters remain in traditional urban
centres such as Yuexiu, Tianhe, and Haizhu District, new hotspots have
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Fig. 5. (a) Spatial distribution of building carbon emissions in Guangzhou on a 100 m grid (Kt); (b) Carbon emission kernel density distribution map (Kt).

Table 16

Number and proportion of building type grids in Guangzhou City.
Building type Residential Factory Office Commercial Education and culture Medical Others
Number 21,853 21,759 1605 5508 9017 1245 7727
Percent 32% 32% 2% 8% 13% 2% 11%

also emerged in outer districts including Panyu and Huadu District,
reflecting an ongoing decentralization of medical resources. Buildings
categorized as “other uses” are more scattered and lack distinct clus-
tering, with their spatial characteristics remaining relatively diffuse.

The carbon emissions associated with different building types vary
significantly among Guangzhou’s administrative districts (Fig. 7). Res-
idential buildings dominate total carbon emissions in Yuexiu (58%) and
Baiyun District (44%), highlighting their primarily residential
function—particularly in Yuexiu, which retains the characteristics of a
traditional dense residential district. In most other districts, residential
buildings remain the largest contributors to carbon emissions, though
with considerable variation; for instance, in Tianhe District, the share is
only 34%. Industrial buildings contribute most prominently to carbon
emissions in Huangpu (53%), Panyu (34%), and Huadu District (24%),
confirming the city’s pattern of industrial concentration in peripheral
areas.

Office and commercial buildings account for a higher proportion of
carbon emissions in Tianhe and Haizhu districts, reflecting their pre-
dominantly service-oriented urban functions. Furthermore, educational
and cultural buildings in Tianhe District account for 26% of its total
emissions, highlighting its role as an educational and cultural hub, with
numerous schools, libraries and cultural institutions located within the
district.

From the perspective of distributional characteristics (Fig. 8), resi-
dential buildings exhibit higher-value grids particularly in Yuexiu,
Haizhu, and Huadu, with Yuexiu District showing the most persistent
high-value concentration. Industrial emissions are dominated by low-
value grids, with few high-value occurrences across districts. Office
buildings display a wider distribution curve concentrated in high-value
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ranges, indicating greater spatial variability. Commercial and medical
buildings show similar patterns but with more extreme high-value grids
and higher overall peaks. In contrast, educational/cultural and other
building types maintain lower overall emission levels and exhibit
smaller inter-district differences.

3.4. Spatial distribution characteristics of building age and associated
carbon emissions

The spatial distribution of building floor area in Guangzhou across
three construction periods—before 1989, 1990-2004, and
2005-2020—at a 100 m grid resolution is shown in Fig. 9.

Buildings constructed before 1989 were concentrated in the tradi-
tional central districts, with the highest densities found in Yuexiu,
Liwan, and Haizhu District, corresponding to Guangzhou’s historical
urban core. This pattern indicates that urbanization before 1989 was
primarily confined to the core area, without significant outward
expansion. During 1990-2004, the city entered a period of rapid urban
expansion, with high-density development spreading toward Tianhe,
Baiyun, Panyu, and Huangpu Districts. Notably, Tianhe District
exhibited a sharp increase in building density, consistent with its
emergence as Guangzhou’s secondary city center and major commercial
development zone. From 2005 to 2020, intensive growth occurred along
the urban periphery, as high-density building clusters extended further
into Panyu and Huadu District, reflecting the city’s continuous outward
expansion toward new suburban centers. However, some of these newly
developed zones may feature high building density but low occupancy,
implying potential high carbon emissions coupled with low utilization
rates, such as elevated vacancy levels.
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Fig. 6. Distribution of nuclear density by building type.

Fig. 7. Building carbon emissions by type across districts in Guangzhou.

To further analyze the spatiotemporal dynamics of carbon emissions,
this study examined how buildings from different construction periods
contribute to emissions across various life-cycle stages and time in-
tervals. Assuming a 35-year operational lifespan, carbon emissions from
material production, transport, and construction were allocated to the
year of completion, while operational carbon emissions were distributed
annually over the subsequent 35 years, and demolition carbon emissions
were assigned to the final year of the life cycle. Following this approach,
the spatial kernel density maps of building-related carbon emissions for
different time periods were generated (Fig. 10).

Buildings constructed before 1979 produced small and scattered
emission hotspots, primarily concentrated in Yuexiu’s old urban core
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and the industrial belt along the river in Liwan District, consistent with
Guangzhou’s early urbanization pattern characterized by fragmented
and low-density emissions.

Between 1980 and 1994, distinct high-density emission clusters
emerged in Yuexiu, Tianhe, southern Baiyun, and northern Haizhu
District, indicating a substantial increase in construction during this
period. These buildings are now in their mid- to late life-cycle stages,
with ongoing operational emissions superimposed upon earlier
embodied emissions, resulting in intensified spatial hotspots.

The period 1995-2009 represents one of the most carbon-intensive
phases in Guangzhou’s building history, featuring the largest and
strongest hotspots. Core emission zones remained in Yuexiu, Haizhu,
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Fig. 8. Distribution of carbon emissions per building type across administrative districts (Boxes represent the 25th, 50th, and 75th percentiles; whiskers indicate the
minimum and maximum values within 1.5 times the interquartile range (IQR) from the box edges).

Fig. 9. Spatial distribution of building floor area in Guangzhou across different periods (10°m?/grid).

and northern Tianhe District, while peripheral districts such as Panyu,
Huangpu, and Huadu began to show increasing carbon emission pres-
sures. This corresponds to Guangzhou’s most rapid phase of urban
expansion, when dense new construction coincided with the onset of
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major operational emissions from buildings completed in previous
years.

For 2010-2024, representing the current period, emission intensity
has shown a slight decline, with hotspots becoming more concentrated.
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Fig. 10. Spatial distribution map of carbon emissions from existing buildings in Guangzhou by year (KT).

However, these remain predominantly located in central urban districts,
northern Panyu, and Huangpu. These areas are characterised by high
building density and intensive energy usage.

The projection for 2025-2039 reflects the continuing operational
emissions from existing buildings over the next 15 years. The spatial
distribution of hotspots remains similar to that of 2010-2024, but with
reduced intensity as some buildings approach the end of their life cycles.

By 2040-2055, emission hotspots decrease significantly, breaking
into smaller, fragmented clusters. Isolated hotspots appear in the outer
districts, while most central areas exhibit a marked decline in emission
density. The hotspots retreat toward the urban fringes, dominated by
residual operational emissions and demolition-related carbon releases in
the final years of the life cycle.

Overall, emission hotspots within Guangzhou’s existing building
stock exhibit a dynamic temporal evolution: shifting from the city centre
towards peripheral areas, before gradually retreating. This trajectory
mirrors the city’s broader process of urban expansion and density evo-
lution, highlighting that future carbon mitigation efforts should priori-
tize recently developed high-intensity zones and current operation-
dense areas, where emission reduction interventions could yield the
greatest impact.

3.5. Material use and recycling potential
Based on the previously established 35-year building lifespan, the

study projected the material use, recycling potential, and spatial dis-
tribution of demolition materials in Guangzhou for the next 35 years
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(2020-2055) (Fig. 11). Overall, the spatial distribution of demolition
material potential exhibits a distinct temporal evolution, with demoli-
tion intensity peaking in the 2030s and gradually declining thereafter.

During 2020-2029, Guangzhou’s potential for recovered demolition
materials remains generally low and spatially scattered, primarily
concentrated in the urban core and a few early-developed peripheral
zones, such as Yuexiu, Liwan, Haizhu, and parts of Tianhe District. Most
grids exhibit potential values below 100 kilotons, with only a few core
areas (e.g., Yuexiu) reaching 100-1000 kilotons. This suggests that de-
molition during this period is largely limited to isolated renewal of aging
buildings, rather than large-scale urban renewal waves.

Between 2030 and 2039, the volume of recoverable materials in-
creases significantly and becomes more widely distributed, marking the
peak demolition decade among the four analyzed periods. Extensive
high-value regions emerge, particularly across Baiyun, Panyu, Tianhe,
and Huangpu Districts, indicating that many buildings in these areas will
have reached the end of their service life and are likely to enter demo-
lition cycles. Suburban expansion belts beyond the central city also
display substantial recycling potential, suggesting that developments
from the late 1990s and early 2000s are now approaching the renewal
phase.

During 2040-2049, the demolition intensity declines slightly
compared to the previous decade but remains at a moderate level.
Recycling potential becomes concentrated in outer districts such as
Panyu and Huadu Districts, though the intensity distribution shifts to-
ward medium-to-low levels. This phase primarily involves buildings
constructed around 2005, reaching the 35-year end-of-life threshold,
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Fig. 11. Spatial distribution map of building material stockpiles for demolition in Guangzhou at different time periods (KT).

corresponding to the second wave of suburban expansion. Meanwhile,
demolition activity in the central districts decreases sharply, as urban
renewal of the old core has been largely completed in earlier decades.

By 2050-2055, the potential for demolition materials declines
further, entering a relatively stable phase. The spatial distribution be-
comes more dispersed, dominated by low-intensity areas with only
sporadic medium-level hotspots. The pace of building renewal stabilizes,
signalling a shift from large-scale construction to maintenance and
localized renovation. Most potential recycling activities are expected to
occur in later-developed peripheral districts such as Huadu and Panyu
District.

Fig. 12 presents the projected quantities of demolition material
stocks for Guangzhou and its eight major administrative districts across
different periods, further disaggregated into eight primary material
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categories. Temporally, nearly all districts are projected to reach their
peak demolition material reserves during 2035-2039, followed by sec-
ondary peaks before 2029 and between 2040 and 2044. This pattern
reflects the concentrated wave of urban construction in the early 21st
century, with this generation of buildings expected to enter large-scale
demolition between 2035 and 2044, thereby creating a significant
surge in recoverable materials.

In terms of material composition, brick and sand constitute the
largest shares, followed by cement and stone, while asphalt and glass
contribute only minor proportions. Traditional central districts such as
Yuexiu and Liwan are projected to reach their demolition material peaks
before 2029, indicating a predominance of aging building stock and an
earlier demolition timeline compared with newer suburban areas. In
contrast, Huadu, Huangpu, and Panyu District exhibit a more balanced
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Fig. 12. Projected material stockpiles for buildings scheduled for demolition in each district during different periods.

and delayed demolition pattern, with their demolition peaks likely
occurring after 2045.

3.6. Relationship between building carbon emissions, population, and
economy

To investigate the spatial coupling between building carbon emis-
sions and socioeconomic factors, this study employed 1 km-resolution
grid data for Guangzhou to construct scatterplot regression models be-
tween building carbon emissions and both population density and GDP
density, analyzing their correlations at both the citywide and district
scales (Fig. 13).

At the citywide scale, building carbon emissions show a moderately
strong positive correlation with population density (R*> = 0.66), indi-
cating that carbon emissions are spatially concentrated in areas of high
population density. In contrast, the correlation between carbon emis-
sions and GDP density is much weaker (R? = 0.16), suggesting limited
spatial alignment between economic output and building-related
emissions.

At the district scale, most administrative areas exhibit a significant
positive correlation between building carbon emissions and population
density. Among them, Liwan District shows the steepest regression slope

17

(Y = 15.49X + 2663.47, R? = 0.77), implying high population density
per unit of building-related carbon emissions and reflecting its dense
residential character as an old urban district. Other districts, including
Yuexiu (R? = 0.61), Tianhe (R* = 0.70), Baiyun (R*> = 0.67), Panyu (R® =
0.63), and Huadu (R? = 0.62), also demonstrate strong correlations,
confirming that building carbon emissions are primarily driven by res-
idential population size.

In contrast, the relationship between building carbon emissions and
GDP density is generally weaker, showing only a moderate positive
correlation in Tianhe District (R? = 0.36)—likely due to its role as
Guangzhou’s business and financial hub, where economic output aligns
closely with dense building activities. In Huangpu (R*> = 0.09) and
Baiyun (R? = 0.09), districts dominated by industrial or logistics func-
tions, building carbon emissions remain high but are spatially decoupled
from GDP, suggesting a mismatch between energy consumption and
economic productivity.

Overall, at the 1 km resolution, building carbon emissions in
Guangzhou are highly consistent with population distribution but less
correlated with GDP distribution, indicating that residential activities,
rather than economic output, are the dominant spatial drivers of
building-related carbon emissions.

Building upon these regression results, a tertile-based bivariate
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Fig. 13. Correlation between building carbon emissions and population-economic factors in Guangzhou City and its districts (Note: Districts without regression
equations or fitted trend lines indicate statistically insignificant correlations (p > 0.05)).

classification was performed to further examine the spatial coupling
between carbon emissions and population/GDP density. Both carbon
emission intensity and socioeconomic variables were divided into three
levels (low, medium, high), and cross-classified into nine spatial com-
bination types (Fig. 14). Fig. 14(a) shows the carbon-GDP classification,
while Fig. 14(b) depicts the carbon-population bivariate classification.
In the legend, the first digit represents the carbon emission level (1 =
low, 2 = medium, 3 = high), and the second digit indicates the popu-
lation or GDP density level (1 = low, 2 = medium, 3 = high). This
approach identifies representative coupling types such as “high-car-
bon-high-population”, “low-carbon-high-population”, and “high-car-
bon-low-GDP”. The resulting proportions of these nine categories for
different building attributes and districts are presented in Fig. 15.

Figs. 14 and 15 together reveal pronounced spatial heterogeneity in
the coupling patterns across Guangzhou’s districts. The “high-carbon-
~high-population” (3, 3) type is primarily concentrated in central dis-
tricts such as Haizhu, Yuexiu, and Liwan, whereas “high-carbon-low-
GDP” and “high-carbon-medium-GDP” types are clustered in peripheral
districts like Baiyun and Huadu, reflecting notable spatial inefficiencies
in carbon emission performance.

Fig. 15 further quantifies the relative shares of the nine bivariate
spatial types by administrative district. The central districts (Yuexiu,
Liwan, Haizhu) are dominated by “high-carbon-high-population” or
“high-carbon-high-GDP” combinations, illustrating areas where dense
population and high economic output coincide, forming the city’s core
carbon-emission zones. Tianhe District exhibits a diversified structure,
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with both “high-carbon-high-population” and “medium-carbon-high-
population” types, reflecting its mixed residential-commercial char-
acter. In contrast, peripheral districts—such as Baiyun, Panyu, Huadu,
and Huangpu—show more dispersed and heterogeneous patterns,
including “medium-carbon-low-population”, “low-carbon-low-popula-
tion” and localized “high-carbon-low-population” or “high-carbon-
—medium-GDP” grids, indicating a spatial decoupling between carbon
emissions and both population and industrial output in expanding
suburban zones.

At the building-type level, residential buildings show the highest
proportion of the “high-carbon-high-population” type, underscoring the
strong spatial coupling between housing emissions and population
density. Office buildings are almost entirely categorized as “high-car-
bon-high-population” or “high-carbon-high/medium-GDP” types, rep-
resenting carbon-intensive but economically productive zones. In
contrast, educational/cultural and industrial buildings are mostly
characterized by medium- or low-carbon types, with lower carbon
emission intensities and more balanced spatial use.

From the temporal perspective, pre-1989 buildings are predomi-
nantly found in “high-carbon-high-population” and “high-carbon-high-
GDP” zones, reflecting the intensive, compact nature of the historical
city core. Buildings constructed between 1990 and 2004 exhibit a more
dispersed spatial pattern, with increased proportions of “medium-car-
bon-high-population/GDP” grids, reflecting outward urban expansion.
The 2005-2020 building cohort is largely associated with “low-car-
bon-low-population” or “low-carbon-low-GDP” zones, indicating that
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Fig. 14. Bivariate classification map of carbon emissions and GDP / population density.

Fig. 15. Distribution of building characteristics under different carbon—population and carbon-GDP spatial categories in Guangzhou.

new construction is concentrated in low-density peripheral areas, consistent with the city’s urban sprawl trend.
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In summary, Guangzhou’s spatial structure of building carbon
emissions demonstrates a pattern of “high coupling and efficiency in the
core, low efficiency and decoupling in the periphery.” In central dis-
tricts, building carbon emissions are tightly linked to population and
economic activity, while in newly developed outer districts, there exists
a clear decoupling between building carbon emissions, population, and
GDP, suggesting uneven carbon efficiency across the urban landscape.

4. Sensitivity and uncertainty analysis
4.1. Uncertainty analysis of intra-group variation in the MCI

The total carbon emissions changed by 0.06% under the minimum
scenario and by 0.07% under the maximum scenario. Table 17 presents
the rates of change for major carbon emissions under different classifi-
cation scenarios; the complete table and summary results are provided
in Support information 2.

The MCI sensitivity analysis reveals that the overall variation in total
building carbon emissions is limited, ranging from 3.16% to 3.17%.
Among material categories, bricks and glass contribute most to the
variation, whereas the effects of cement, timber, and lime are negligible.
Spatially, the magnitude of variation across regions is generally small,
mostly within +0.4%. However, differences are more pronounced
among construction periods, particularly for buildings constructed in
1985-1989 and 2015-2020, indicating that MCI uncertainty has a more
notable influence on specific age cohorts than on regions or building
types.

Because the construction-period dimension showed relatively larger
variation in the MCI sensitivity analysis, this study further examined the
carbon-emission change rates of different building-age groups using
heatmap analysis (Fig. 16). The results indicate that the influence of MCI
uncertainty is mainly concentrated in the material production and
transportation stages. From the administrative-district perspective, the
change rates in all districts remain generally low, although some inter-
period differences can still be observed. The 1985-1989 building
group exhibits relatively higher variation across multiple districts, sug-
gesting that the higher sensitivity of this age group is not driven by an
anomaly in any single district, but reflects a more widespread pattern.
Among building types, residential, industrial, commercial, medical, and
other buildings show relatively pronounced changes in certain age
groups, whereas educational and cultural buildings exhibit much
weaker variation overall. This suggests that the impact of MCI uncer-
tainty on building types mainly depends on the material composition
and building-area distribution of that type within specific construction
periods.

Fig. 17 illustrates the spatial distribution of the maximum grid-cell
change rate of building carbon emissions under the MCI sensitivity
scenarios. Specifically, this study calculates the change rate of each 100
m grid cell relative to the baseline scenario under both the MCI mini-
mum and maximum scenarios, and selects the result with the larger
absolute magnitude of change as the maximum change rate for that grid

Table 17
Rate of change of major carbon emissions under different classification
scenarios.

Dimension Overall Most sensitive Interpretation
range category
Material (kg) 0.00%-— Brick / Glass Total emissions are
1.24% moderately affected by
material intensity settings
District(Co2eq) —0.33%— Panyu / Huadu  District-level results are
0.36% stable
Building type 0.00%— Residential / Type-level differences are
(Co2eq) 0.12% Medical negligible
Construction —4.42%— 1985-1989 / Age cohorts are more
period(Co2eq) 4.41% 2015-2020 sensitive to MCI uncertainty
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cell, in order to characterize the maximum spatial perturbation poten-
tially induced by MCI parameter uncertainty. The results indicate that
the change rate of most grid cells is <10%, suggesting that MCI uncer-
tainty does not substantially alter the overall spatial distribution pattern
of building carbon emissions in Guangzhou. Locally sensitive grid cells
are predominantly distributed in parts of Yuexiu, Haizhu, and Tianhe
Districts, where building stock is dense and the composition of building
ages and building types is relatively complex, thus exhibiting a more
pronounced response to changes in material consumption intensity.
Overall, MCI uncertainty primarily induces fluctuations at the local grid-
cell scale, rather than causing a systematic shift in the spatial pattern.

Overall, this paper concludes that variations within the MCI group do
not alter the study’s main findings; however, when explaining differ-
ences in carbon emissions between buildings of different ages, it should
be acknowledged that there is a degree of uncertainty.

4.2. Lifespan scenario analysis

Building service life is an important parameter affecting the ac-
counting results of carbon emissions from existing buildings. To examine
the influence of lifetime assumptions on the research results, this study
further established three alternative building lifetime scenarios of 25,
50, and 70 years, in addition to the baseline scenario of 35 years. The
cumulative carbon emissions, annual emission trends, and spatial dis-
tribution differences of the existing building stock under different life-
time scenarios were then compared.

In terms of cumulative carbon emissions, the total carbon emissions
of the existing building stock varied substantially across the different
lifetime scenarios. Under the 25-year, 35-year, 50-year, and 70-year
lifetime scenarios, the total carbon emissions were 0.902, 1.079,
1.343, and 1.697 billion t COze, respectively. Compared with the 35-
year baseline scenario, cumulative carbon emissions decreased by
approximately 16.4% under the 25-year scenario, while they increased
by approximately 24.6% and 57.3% under the 50-year and 70-year
scenarios, respectively. This difference is mainly attributable to the cu-
mulative effect of operational emissions. When the assumed building
lifetime is extended, existing buildings continue to generate operational
carbon emissions over a longer period, thereby increasing cumulative
emissions within the accounting boundary.

The annual emission trends further indicate that different lifetime
assumptions not only affect the magnitude of cumulative carbon emis-
sions, but also significantly alter the temporal distribution of carbon
emission release (Fig. 18). Under the shorter lifetime scenario, existing
buildings reach the end of their life cycle earlier, and annual carbon
emissions decline rapidly after the 2020s, approaching a relatively low
level in the 2030s. Under the 35-year baseline scenario, the decline is
relatively delayed, whereas the 50-year and 70-year scenarios show a
longer emission persistence period.

From the perspective of spatial distribution, the overall spatial
pattern of carbon emission hotspots remains relatively consistent across
different lifetime scenarios, but their persistence and attenuation pro-
cesses differ markedly. Support information 3 shows that changes in
building lifetime do not fundamentally alter the spatial core pattern of
carbon emissions from existing buildings. However, as the assumed
lifetime increases, the spatial persistence of high-emission areas be-
comes more pronounced. Under the shorter lifetime scenario, emission
hotspots in the central urban area and early-developed districts decline
earlier. In contrast, under the 50-year and 70-year scenarios, emission
hotspots in the central urban area and some peripheral expansion areas
persist into later periods. This suggests that longer lifetime assumptions
delay the spatial contraction of carbon emissions from the existing
building stock.

Overall, the building lifetime sensitivity analysis demonstrates that
the lifetime parameter has a significant influence on carbon emission
accounting for existing buildings, mainly in three aspects: first, it
changes the cumulative operational emissions of the existing building
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Fig. 16. Heatmaps of maximum carbon-emission change rates by construction period: (a) life-cycle stages, (b) administrative districts, and (c) building types.

stock; second, it alters the decline rate and persistence of annual carbon
emissions; and third, it affects the spatial persistence and attenuation
process of future carbon emission hotspots.

It should be noted that the lifetime scenario analysis in this study
focuses only on the current existing building stock. That is, different
lifetime scenarios mainly change the continued operation period of
existing buildings and the timing of demolition, without further simu-
lating potential replacement by new buildings after earlier demolition.
Therefore, the results of this analysis are primarily used to evaluate the
sensitivity of carbon emission accounting results to building lifetime
assumptions, rather than to directly determine the absolute emission
reduction benefits of shortening or extending building lifetimes within a
complete urban renewal process. Future studies aiming to further assess
the comprehensive carbon effects of building life extension, early de-
molition, or renewal and retrofitting should incorporate a dynamic
building stock model, integrating demolition, renewal, new construc-
tion, and energy-efficiency improvements within a unified analytical
framework.

5. Discussion
5.1. Method and innovative significance

This study proposes a city-scale building carbon emission estimation
method that integrates multi-source data. Building age was inferred by
combining POI data with the KNN algorithm, while building type was
determined through the integration of building vector and land-use
data. Compared with traditional methods relying on individual build-
ing inventories or statistical yearbooks, this approach effectively over-
comes the limitations caused by data scarcity, making large-scale,
high-spatial-resolution, life-cycle building carbon emission research
feasible.

Previous studies on building carbon emissions often exhibit a
disconnect between macro and micro-level perspectives: macro-scale
analyses based on statistical data can only provide aggregated
regional totals (Zhang et al., 2022), while micro-scale studies usually
focus on single buildings and thus lack representativeness and scalability
(Sim & Sim, 2017). The bottom-up framework proposed in this study for
city-scale, life-cycle building carbon emissions analysis integrates both
building age and type information, overcoming the infeasibility of in-
dividual building inventories and avoiding the lack of spatial resolution
inherent in purely macro-level statistical analyses.

Another advantage of this method lies in its universality. As long as
basic building vector data and sufficiently detailed POI and land-use
data are available, it can be applied to other cities. The required data
mainly include the following: (1) building vector data containing
geographic coordinates, geometric shape, and height; (2) POI data for
inferring building age. In this study, since the selected area is located in
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and around Guangzhou’s central districts, both building and POI infor-
mation are relatively complete. In China, POI data with construction-
year information mainly come from real estate platforms; therefore,
the local property market’s activity level and online data openness are
crucial factors affecting data quality; (3) land-use data for identifying
building types, which should contain attributes for different categories
of buildings rather than broad classifications such as urban or agricul-
tural land. As POI data improve, the precision and applicability of land-
use data related to building types are also increasing; (4) Material
Consumption Intensity (MCI) data for estimating material consumption.
Although China lacks standardized databases for building material in-
tensity, previous studies have summarized relevant data (Yang et al.,
2020); this study compiled these findings into a comprehensive list of
material consumption intensity coefficients; (5) parameters for calcu-
lating building carbon emissions across life-cycle stages. Previous
studies have summarized abundant data on life-cycle building emis-
sions. This research references extensive China-specific literature, fully
considering variations in building type and life-cycle phase to ensure
accurate results.

The findings from Guangzhou also provide useful references for
other cities undergoing similar urban development processes. For
example, the concentration of high carbon emissions in old urban dis-
tricts suggests that existing building retrofits should be prioritized in
dense historical cores. The emergence of emission hotspots in peripheral
districts indicates that rapid suburban expansion may generate high-
carbon and low-efficiency development patterns if population attrac-
tion and functional integration are insufficient. In addition, the pro-
jected concentration of demolition-related material flows provides a
reference for cities facing large-scale building renewal and construction
waste management challenges. These findings are particularly relevant
for megacities and metropolitan areas in China and other developing
regions experiencing intensive urban renewal and outward expansion.

Nevertheless, the direct applicability of this framework depends on
local data availability and urban context. POI data quality may vary
across cities, especially in areas with less active real estate markets or
limited online data openness. Building typology, material intensity,
energy consumption patterns, electricity emission factors, and building
lifespans also differ by region. Therefore, when applying this framework
to other cities, local calibration of key parameters is necessary. Rather
than providing a fixed universal result, this study offers a transferable
methodological framework that can be adapted to different urban con-
texts for high-resolution, life-cycle-oriented building carbon emission
assessment.

5.2. Results and comparison

This study reveals a distinct spatial pattern of building carbon
emissions in Guangzhou, showing an evolutionary trend of “high-carbon
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Fig. 17. Spatial distribution of the maximum grid-level change rate in building carbon emissions under MCI sensitivity scenarios.

core-low-carbon periphery-secondary diffusion.” Central districts such
as Yuexiu, Tianhe, and Haizhu form high-emission clusters, while new
hotspots have emerged in Panyu, Baiyun, and Huangpu District due to
industrial relocation, university-town construction, and secondary cen-
ter development. This pattern differs from the “monocentric—polycentric
diffusion” structures observed in Beijing and Shanghai, and also from
Shenzhen’s industrial-park-oriented carbon emission pattern, reflecting
the unique industrial transition and multi-center development dynamics
of the Pearl River Delta.

It is worth noting that urban building carbon emissions are not solely
determined by land-use type but are jointly influenced by spatial
morphology, industrial structure, and population distribution.
Regarding driving factors, this study finds that population explains
building carbon emissions more effectively than GDP, contrasting with
the situation in many developed cities where economic activity is the
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dominant driver. Guangzhou’s building carbon emissions are mainly
residential-driven: areas of high population density generally corre-
spond to higher building carbon emissions. For example, Yuexiu District,
dominated by residential use, exhibits the highest carbon emission in-
tensity per unit area due to its compact urban form and dense popula-
tion. Conversely, some peripheral areas dominated by industrial
buildings have lower emission intensities than central districts. This
indicates that land-use classification alone cannot fully explain the
spatial differentiation of urban building carbon emissions.

This result aligns with previous studies emphasizing the importance
of urban form and spatial structure in influencing carbon emissions
(Wang et al., 2017). Given China’s heavy decarbonization pressures,
carbon emission reduction at the expense of economic development is
not a viable path. As high-resolution spatial studies become more
prevalent, governments should focus on optimizing urban form and
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Fig. 18. Annual carbon emission trajectories of existing buildings under different building lifetime scenarios (kgCOxe).

spatial structure to achieve carbon reduction while maintaining eco-
nomic growth—an essential pathway toward the “dual-carbon” goals.

5.3. Policy and practical implications

The results of this study reveal multiple dimensions of Guangzhou’s
building carbon emissions—spatial distribution, population-economic
coupling, and temporal evolution—providing direct insights for urban
low-carbon governance and planning.

First, the high-density emissions of old urban districts highlight the
importance of existing building retrofits. Core districts such as Yuexiu
and Haizhu exhibit far higher carbon emission densities than other
areas, dominated by residential and aging public buildings. This finding
is consistent with previous studies indicating that “old urban districts
have significantly higher building carbon densities than new peripheral
areas.” Therefore, energy retrofits, green community development, and
renewable energy integration should be prioritized over relying solely
on energy-efficient new construction.

Second, the study identifies a mismatch between high carbon emis-
sions and low population or GDP in peripheral new districts. This reflects
the “high-carbon vacancy” phenomenon observed in other rapidly
expanding cities, suggesting inefficiencies in Guangzhou’s spatial
resource allocation. Without intervention, this decoupling between
emissions and productivity may persist. Hence, peripheral areas should
strengthen functional integration and population attraction to prevent
the emergence of “high-carbon, low-efficiency” development patterns.

Third, the temporal concentration of material recycling potential
provides an actionable policy window. This study predicts that
2030-2039 will be the peak period for building demolition and renewal
in Guangzhou, with a significant increase in recyclable materials. This
finding aligns with domestic and international studies on the “first wave
of urban material release”. Therefore, governments and industries
should proactively develop construction waste management and circu-
lar utilization systems to address the emission and waste challenges of
the upcoming large-scale demolition wave.

Finally, differentiated carbon reduction pathways across districts
deserve attention. The study shows that Guangzhou’s districts vary
widely in both carbon building emission characteristics and dominant
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building functions: Tianhe District, dominated by offices and commer-
cial buildings, should focus on reducing operational energy intensity;
Huangpu District, dominated by industrial facilities, should emphasize
industrial upgrading and energy-efficient technologies; Yuexiu District,
dominated by residential buildings, should prioritize energy-efficient
retrofits in housing stock. These findings suggest that citywide decar-
bonization policies should not adopt a “one-size-fits-all” approach but
rather tailor strategies to each district’s functional role and emission
characteristics.

In conclusion, this study reveals the spatiotemporal and functional
heterogeneity of Guangzhou’s building carbon emissions and provides a
practical pathway for low-carbon development: combining old-city
retrofitting and energy efficiency improvements, functional optimiza-
tion and population guidance in new districts, circular material reuse
systems, and differentiated emission-reduction strategies by district to
achieve coordinated progress in carbon mitigation and urban
development.

5.4. Limitations and future outlook

This study still has certain limitations in both methodology and data
application. Firstly, although various building lifespan scenarios were
introduced to examine the impact of lifespan assumptions, the analysis
was limited to the existing building stock. While the different lifespan
scenarios altered the duration of continued operation and the timing of
demolition for existing buildings, they did not further simulate scenarios
such as the construction of new buildings, refurbishment, or changes in
operational energy efficiency following demolition. Consequently, the
findings should be interpreted as a sensitivity test of lifespan assump-
tions rather than a comprehensive assessment of the carbon emissions
impacts associated with extended building lifespans or early demolition.
Secondly, whilst the uncertainty in material consumption intensity
(MCI) within each group was examined through sensitivity analysis, the
MCI coefficients were still primarily derived from a literature review.
The results indicate that variations in intragroup MCI have a limited
impact on the overall conclusions, though uncertainty remains for
certain building period groups. Consequently, more detailed local ma-
terial balance data is required to improve the accuracy of carbon
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emissions accounting for specific building eras, types and regions. Third,
the relatively weak correlation found between building carbon emis-
sions and GDP may relate to differences in statistical definitions and
scale effects, requiring further exploration.

Future research could proceed in several directions: (1) integrating
dynamic urban modelling approaches such as LUCC prediction and BIM-
based data to capture building carbon emissions with higher temporal
and spatial precision; (2) conducting cross-city comparative studies to
evaluate the method’s adaptability and robustness under varying urban
contexts; and (3) linking analysis with policy scenario simulations, such
as carbon trading mechanisms and energy retrofit effectiveness assess-
ments, to provide more practical references for low-carbon urban
planning.

6. Conclusion

This study proposes a city-scale framework for mapping whole-life-
cycle building carbon emissions at high spatial resolution and applies
it to Guangzhou, one of China’s most rapidly urbanizing megacities. By
integrating building vector data, inferred building age and function, and
life-cycle assessment parameters, the study establishes a bottom-up in-
ventory that enables both temporal and spatial characterization of
building-related carbon emissions across the urban fabric.

(1) At the aggregate level, the results confirm that Guangzhou’s
existing building stock represents a substantial carbon burden,
with life-cycle emissions dominated by the operation stage, while
material production and construction remain non-negligible
contributors, especially for newer buildings. Residential, indus-
trial, and commercial buildings together account for the majority
of emissions, highlighting that urban carbon mitigation cannot
rely on single-sector interventions but must address multiple
building functions simultaneously. Moreover, buildings con-
structed during the rapid expansion period from the mid-1990s to
the early 2000s emerge as the main contributors to cumulative
emissions, indicating that past urban development decisions
continue to shape present and future carbon trajectories.

From a spatial perspective, building carbon emissions exhibit
strong spatial heterogeneity and clustering. High-emission hot-
spots are concentrated in the historic core and major functional
centers, characterized by high building density and intensive land
use, while peripheral districts display lower average emission
intensity but increasingly contribute through large-scale expan-
sion. The spatial evolution of emission hotspots over time reveals
a dynamic pattern of outward diffusion during periods of rapid
urban growth, followed by partial contraction as buildings
approach the end of their operational life. This temporal-spatial
coupling underscores the importance of considering urban
growth history when identifying priority areas for carbon
mitigation.

The analysis further demonstrates that building carbon emissions
are more closely associated with population distribution than
with GDP at the grid scale. While economically productive areas
such as central business districts show high emissions coupled
with high output, many peripheral zones exhibit relatively high
emissions with moderate or low economic returns. This mismatch
suggests that improving carbon efficiency requires differentiated
strategies: efficiency-oriented measures in high-output cores,
demand-side management in dense residential areas, and struc-
tural optimization in expanding peripheral districts.

Beyond emissions accounting, the study highlights the future
material recovery potential embedded in Guangzhou’s building
stock. The projected peak in demolition-related material flows
during the 2030s reflects the synchronized aging of buildings
constructed during the city’s rapid expansion phase. This finding
emphasizes that urban carbon mitigation and circular economy

(2

(3)

4
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strategies should be jointly designed, linking building renewal,
material recycling, and emission reduction in a coordinated
manner.

Despite uncertainties arising from data availability and the use of
prototype-based parameters, the proposed framework demon-
strates strong applicability for large-scale urban analysis. As more
detailed building and energy data become accessible, the accu-
racy and predictive capacity of this approach can be further
improved. More importantly, the methodology is transferable to
other cities, providing a scalable tool for comparing urban
building carbon trajectories and supporting evidence-based low-
carbon planning.

5

-

Overall, this study shows that high-resolution, life-cycle-oriented
mapping can bridge the gap between building-level assessments and
urban-scale policy making. By explicitly linking carbon emissions to
building characteristics, spatial structure, and socio-economic drivers,
the framework offers actionable insights for cities seeking to balance
continued development with long-term carbon reduction goals.
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