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Abstract

Fine-scale accounting of land use carbon budgets and identification of their driving factors
provides an essential scientific basis for constructing green and low-carbon territorial
spatial systems. This is of great significance for optimizing territorial spatial structure and
promoting low-carbon development in urban agglomerations. Taking the Central Guizhou
Urban Agglomeration as the study area, this study employed a composite carbon coefficient
method to construct a 30 m x 30 m grid-based carbon budget index and quantitatively
assessed carbon budget changes induced by land use transitions from 2000 to 2024. POI data
and a quantile regression model were further integrated to analyze the dominant spatial
characteristics associated with carbon budgets, and a carbon budget monitoring and early-
warning index was developed to delineate risk zones. The results show that: (1) From 2000
to 2024, the total area of land use change reached 0.95 x 10* km? in the Central Guizhou
Urban Agglomeration, accounting for 17.68% of the total land area, and leading to a net
increase of 2.3821 million tons of carbon emissions. This increase was primarily associated
with the conversion of cultivated land to construction land, with an accelerated growth rate
observed in the later period. (2) The spatial patterns of carbon budgets and carbon emission
risk levels exhibit a distinct “core—periphery” structure, with high carbon emission levels
concentrated in built-up urban areas and lower levels observed in peripheral ecological
land. (3) The expansion of construction land is the dominant contributor to the increase
in net carbon emissions; industrial, transportation, and residential spaces exert significant
positive driving effects, whereas commercial and service spaces show a negative association.
(4) Carbon budget risk zoning based on dominant spatial characteristics identifies Guiyang
and Anshun as extremely high-risk areas. The results further suggest that reducing carbon-
increment spaces and increasing carbon-reduction spaces may play an important role in
territorial carbon budget optimization. The integrated “accounting—driving—monitoring”
analytical framework established in this study provides a scientific basis for territorial
spatial optimization and carbon emission reduction in mountainous urban agglomerations.

Keywords: land use change; carbon budget; grid-based accounting; Central Guizhou
Urban Agglomeration

Land 2026, 15, 628

https://doi.org/10.3390/1land 15040628


https://crossmark.crossref.org/dialog?doi=10.3390/land15040628&domain=pdf&date_stamp=2026-04-23
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.mdpi.com/journal/land
https://www.mdpi.com
https://doi.org/10.3390/land15040628

Land 2026, 15, 628

2 of 26

1. Introduction

Territorial space constitutes the fundamental arena for carbon source and sink pro-
cesses, and its utilization directly influences regional carbon emissions and carbon se-
questration [1,2]. Therefore, optimizing land use patterns and regulating regional carbon
budgets through territorial spatial planning and land use regulation has become an im-
portant pathway toward achieving China’s “dual-carbon” goals. Urban agglomerations
have become the dominant spatial form of China’s new-type urbanization [3], forming
the principal framework of the national-territorial-spatial structure and playing a critical
role in enhancing regional competitiveness and promoting high-quality development [4].
At the same time, they are also key regions where population, industry, and construction
activities are highly concentrated and where land use/land cover change (LUCC) is most
intense and complex. With the rapid urbanization process, population, industry, and con-
struction activities have continued to concentrate in urban areas, resulting in continuous
restructuring of land use patterns and rapid growth in energy consumption. Although
cities occupy only about 2% of the global land surface, they contribute nearly 75% of
global carbon emissions [5,6], while the proportion in China is even higher, reaching ap-
proximately 85% [7]. In particular, urban agglomerations formed around megacities or
large metropolitan cores with strong regional driving capacity contribute more than 64%
of China’s total carbon emissions, making them the principal spatial carriers of carbon
emissions [8,9]. Within these agglomerations, land use patterns reshape the structure
and functioning of terrestrial ecosystems, thereby directly influencing the spatiotemporal
dynamics of regional carbon budgets, particularly the balance between carbon emissions
and carbon sequestration under land use transitions [10]. Optimizing land use patterns
to reduce carbon emissions has become a key theme of national-territorial-spatial plan-
ning [2,11,12]. Therefore, understanding the patterns and spatial associations of carbon
budget changes in urban agglomerations from the perspective of LUCC is of great signifi-
cance for optimizing territorial spatial patterns, promoting regional low-carbon transition,
and achieving sustainable development.

Extensive research has been conducted worldwide on territorial carbon budget ac-
counting, and estimation approaches have continuously evolved [13-17]. Currently, the
primary methods for assessing carbon budgets include the field inventory method (sample
plot-based) [18,19], model-based approaches [20,21], and remote sensing-based estimation
methods [22,23]. The field inventory method (sample plot-based) directly measures vege-
tation and soil carbon stocks at sample plot scales and generally provides high accuracy.
However, they are labor-intensive, time-consuming, and often constrained by limited long-
term observational data. The extrapolation from sample plots to regional scales introduces
substantial uncertainty, particularly in mountainous regions characterized by strong spatial
heterogeneity. The model-based approaches can be broadly classified into bookkeeping
models and spatially explicit models [21,24]. Bookkeeping models describe changes in
vegetation and soil carbon stocks under anthropogenic disturbances and reflect carbon
cycle dynamics between terrestrial ecosystems and the atmosphere, driven by land use
change. These models have been widely applied to estimate cumulative carbon emissions
since the Industrial Revolution, with parameters progressively refined through empirical
datasets [25]. Spatial models include empirical models and process-based (mechanistic)
models [21]. Empirical models typically establish statistical relationships between carbon
fluxes and climatic variables. Although they require fewer parameters and are relatively
easy to implement, their estimation accuracy is often limited and associated with consid-
erable uncertainty. Since the 1990s, more complex process-based models, such as CASA,
CENTURY, and the BIOME series, have been increasingly adopted, significantly improving
estimation accuracy but exhibiting strong regional variability [26-28]. Remote sensing-
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based methods utilize remotely sensed data as primary driving variables, often coupled
with ecological process models or integrated with statistical regression, machine learning,
and deep learning techniques for carbon sequestration estimation [29,30]. Additionally, at-
mospheric CO; column concentration observations from satellite platforms have been used
to invert ecosystem carbon fluxes through carbon assimilation approaches [31], represent-
ing an emerging technique in terrestrial carbon sink estimation. Despite the availability of
kilometer-to-meter-scale remote sensing imagery that supports relatively fine-scale carbon
accounting, several limitations remain. First, current methods often lack explicit spatial
linkage between quantitative accounting results and specific land parcels, limiting their
ability to capture detailed spatiotemporal dynamics. Second, existing approaches struggle
to disentangle the process-based mechanisms underlying LUCC-induced carbon budget dy-
namics, limiting the ability to identify whether increases in net carbon emissions result from
declining carbon sinks, intensified carbon sources, or structural shifts between source—sink
regimes. Third, carbon density is frequently treated as spatially homogeneous within
land use categories, failing to represent intra-class heterogeneity. Therefore, substantial
challenges remain in improving accounting precision, spatial representation, and mecha-
nism identification. There is an urgent need to develop more fine-scale and interpretable
territorial carbon budget accounting and monitoring frameworks.

In addition, natural topographic conditions and landscape configuration exert strong
controls on the spatial morphology and land use structure of urban agglomerations, result-
ing in pronounced regional differentiation [32-34]. However, existing studies on carbon
budgets have largely focused on economically developed or plain-type urban agglomera-
tions, with comparatively limited attention to mountainous urban systems. In particular,
the spatial heterogeneity of carbon sources and sinks under complex terrain constraints, as
well as their underlying driving mechanisms, remains insufficiently characterized. Lim-
itations in spatial scale matching and process interpretability further constrain current
assessments, indicating the need for more systematic investigation of carbon budget dy-
namics in mountainous urban agglomerations. The Central Guizhou Urban Agglomeration,
located in the karst-dominated region of Southwestern China centered on the Guizhou
Plateau, represents a typical mountainous urban system characterized by dense conical
and tower karst landforms, extensive mountain ranges, pronounced topographic relief,
and high spatial fragmentation. Rapid urbanization has resulted in a distinctive spatial
configuration in which built-up areas and mountainous landscapes are highly interwo-
ven [35]. Compared with plain-type urban agglomerations, this region faces stronger
land resource constraints, greater ecosystem heterogeneity, and more complex interactions
between carbon sources and sinks [33]. Mountainous terrain restricts urban expansion and
intensifies human-land pressures, while relatively intact native or semi-natural vegetation
in mountainous areas functions as an important carbon sink and plays key roles in biogeo-
chemical cycling, hydrological regulation, and climate regulation [36-38]. In the context of
China’s “dual-carbon” goals, examining carbon budget dynamics in mountainous urban
agglomerations is therefore of increasing scientific and practical relevance.

Therefore, this study focuses on the Central Guizhou Urban Agglomeration as a
representative mountainous urban agglomeration. Building upon the conventional remote
sensing-based carbon density method, a multi-factor correction mechanism was introduced
to construct a composite carbon coefficient, thereby improving the representation of carbon
budget heterogeneity under different land use transitions. A grid-based carbon budget
index, corresponding to individual remote sensing pixels, was developed to systematically
characterize the spatiotemporal evolution of carbon budgets induced by land use and
land cover change (LUCC) from 2000 to 2024. Furthermore, point of interest (POI) data
were integrated to analyze the dominant spatial patterns associated with construction land
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expansion and associated carbon budget variations, as well as carbon risk zones. The
ultimate objective is to establish a fine-scale carbon budget monitoring framework tailored
to mountainous urban agglomerations, thereby providing scientific support for territorial
spatial optimization and carbon risk management.

2. Materials and Methods
2.1. Study Area

The Central Guizhou Urban Agglomeration is located in central Guizhou Province,
covering a total area of approximately 53,800 km?. It encompasses 33 counties (cities
and districts) within six prefecture-level cities, including Guiyang, Zunyi, Anshun, Bijie,
Qiandongnan, and Qiannan, as well as the Gui’an New Area (Figure 1).
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Figure 1. Location of the study area.

As a key demonstration region for China’s new-type urbanization strategy, an impor-
tant node of the Yangtze River Economic Belt, and a core area of the new round of Western
Development, the Guizhou Central Urban Agglomeration also serves as a major spatial
platform for Guizhou Province’s national ecological civilization pilot zone, big data com-
prehensive experimental zone, and inland open economic pilot zone. It plays a significant
role in driving sustained economic growth and promoting regional coordination within
the province. As of 2024, the permanent resident population reached 18.85 million, with a
regional gross domestic product (GDP) of 1.2134 trillion CNY, accounting for 48.5% and
60.2% of the provincial totals, respectively. The region represents the primary concentration
area of population and economic activities in Guizhou Province. From 2000 to 2024, the
urbanization rate increased from below 30% to over 60%, accompanied by a substantial
expansion of construction land. Consequently, the area has become one of the most active
regions of land use and land cover change (LUCC) within China’s karst-dominated urban
agglomerations. This rapid urbanization process has been strongly associated with the ex-
pansion of construction land driven by industrial development, infrastructure investment,
and population agglomeration, which are key factors contributing to increased carbon
emissions in the region. However, the region is predominantly mountainous, characterized
by a high proportion of rugged terrain, limited land resources, and ecological fragility.
These constraints pose significant challenges to urban development. Therefore, optimizing
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land use patterns and achieving regional carbon balance are critical for promoting green
and sustainable development in the Central Guizhou Urban Agglomeration.

2.2. Data Source and Processing
2.2.1. Land Use Data

The land use data used in this study were obtained from China’s Land-Use/Cover
Datasets (CLUD) (https:/ /zenodo.org/records /18180184, accessed on 16 October 2025).
The dataset was developed based on the Google Earth Engine cloud computing platform
and derived from the interpretation of Landsat series imagery. It provides an overall
classification accuracy exceeding 90% with a spatial resolution of 30 m x 30 m and adopts
the WGS-1984 geographic coordinate system. The dataset effectively captures medium-
to long-term land use and land cover changes across China. Six temporal snapshots of
land use data (2000, 2005, 2010, 2015, 2020, and 2024) were selected for analysis. Using the
vector boundary of the Central Guizhou Urban Agglomeration, the original land cover
data were spatially clipped to the study area. To meet the objectives of this study, the
original land cover categories were reclassified into six unified land use types: cultivated
land, forest land, grassland, water bodies, construction land, and unused land. Finally,
the coordinate system was transformed from W(GS-1984 to the China Geodetic Coordinate
System 2000 (CGCS2000).

2.2.2. POIs Data

Points of interest (POls) are specific places or geographic entities marked on maps,
typically including information such as name, category, and spatial coordinates, and they
can effectively reflect the intensity and distribution of social and economic activities. POI
data were retrieved from Gaode Map (https:/ /www.amap.com/, accessed on 30 September
2025), which is the largest desktop and mobile map service provider in China. Using Gaode
Map’s application programming interface (API), we obtained a total of 3,468,327 POI
records for two representative years, 2014 and 2024. Gaode Map classifies POlIs into
23 categories based on their Chinese semantic phrases. All POI records were unified to the
China Geodetic Coordinate System 2000 (CGCS2000).

2.3. Methods
2.3.1. Carbon Budget Calculation Principles

Carbon budget (CB) is defined as the difference between carbon emissions and carbon
sequestration. Within a given territorial space, a CB > 0 indicates a net carbon source;
whereas CB < 0 indicates a net carbon sink; and when CB = 0, it represents carbon balance.
Changes in carbon budgets induced by land use/cover change (LUCC) can be character-
ized by comparing carbon coefficients («y) before (p1) and after (p») land use transitions.
According to the direction of carbon budget variation, four scenarios can be distinguished
(Figure 2):

(1) Whenay; < apy and the area is a carbon source (CB > 0), carbon emissions increase,
forming a carbon-increment space.

(2) When ay; > ay; and the area is a carbon source (CB > 0), carbon emissions decrease,
representing a carbon-reduction space.

(3) When a,; < app and the area is a carbon sink (CB < 0), carbon sequestration
weakens (i.e., the system shifts toward higher net emissions), constituting a carbon-
increment space.

(4) When a1 > ayp and the area is a carbon sink (CB < 0), carbon sequestration is
enhanced, leading to a carbon-reduction space.
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Figure 2. Relationship between LUCC and the carbon budget.

These scenarios indicate that carbon-increment and carbon-reduction effects may occur
in both carbon source and carbon sink areas, reflecting the dynamic impacts of land use
transitions rather than the intrinsic properties of land use types. Through appropriate
adjustment of land use patterns, carbon budgets can be steered toward more favorable
trajectories. The sustained expansion of carbon-reduction spaces constitutes a fundamental
pathway toward achieving carbon neutrality.

Land use transition is the fundamental process underlying carbon budget differentia-
tion within the same territorial space. Different land use categories exhibit distinct carbon
emission and sequestration intensities, which are represented by their respective carbon
coefficients (Table 1). At the grid scale, land use conversion during a given period alters
the local carbon budget by changing net carbon emissions or sequestration. The magnitude
of this change can be quantified as the difference between the carbon coefficients before
and after conversion, which is defined in this study as the composite carbon coefficient.
Based on the composite carbon coefficient, carbon budget variation can be calculated at
the grid level and subsequently aggregated to characterize overall regional-scale changes.
By integrating the remote sensing-based carbon density method with composite carbon
coefficient correction, this approach enables spatially explicit carbon accounting at the grid
level and supports the analysis of transition-related patterns of carbon budget variation
under different land use configurations. Accordingly, the carbon budget is treated here as a
territorial, land-use-based spatial accounting concept that captures the balance between
carbon emissions and carbon sequestration under land use transitions, rather than as a full
carbon-cycle or ecosystem process-based simulation.

Table 1. Carbon coefficients of different land use types [39-44].

Land Use Type Carbon Coefficient (kg m~2 yr—1) Description
Cultivated land (CRL) 0.0422 Agricultural land, including paddy fields and
dry cropland
Forest land (FL) 00578 Forests, including woodland, shrubland, and
sparse forest
Grassland (GL) —0.0021 Grass-dominated ecosystems
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Table 1. Cont.
Land Use Type Carbon Coefficient (kg m~2 yr—1) Description
Water bodies (WA) —0.0253 Natural water bodies and hydraulic facilities
Construction land (COL) 4997 Urban residential, -mdustrlal, and
transportation land
Unused land (UL) —0.0005 Sandy land, saline-alkali land, bare land

2.3.2. Carbon Budget Accounting Method

To achieve fine-scale grid-level accounting of carbon budgets induced by land
use/cover change (LUCC), the conventional remote sensing-based carbon density method
is applied to all land use types to estimate net carbon emissions or sequestration. The
calculation formula is expressed as follows [45]:

n
CBi= Y Ly xay 1)
ki=1

where CB; represents the carbon budget of region i; Ly; denotes the area of land use type k
within region i; and ay; is the carbon coefficient corresponding to land use type k in region
i, see Table 1.

Then, the conventional remote sensing-based carbon density method is refined using a
composite carbon coefficient approach, and the calculation formula is expressed as follows:

m m
CBj= ) Sijx Mg = ) Sij x (ap,; — ap, ) @
ij=1 ij=1

where m denotes the total number of land parcels in region i that experienced land use
transitions; S;; represents the area of parcel j in region i where land use change occurred;
and &y, i — ap, ;i is the composite carbon coefficient derived from the difference between
the carbon coefficients at the final stage pp and the initial stage p; for parcel j.

2.3.3. Carbon Budget Index Classification Method

When accounting for carbon budget changes induced by land use and land cover
change (LUCC), it is necessary to capture both the direction of change in carbon budgets
resulting from land conversion (denoted as DCCB) and the rate of change in carbon bud-
gets (denoted as RCCB) [41]. Based on this principle, a carbon budget index (CBI) was
constructed to comprehensively evaluate carbon budget levels through classification of CBI
values. The calculation formulation is expressed as follows:

CBI = DCCB x RCCB

DCCB = Sign(apy — ap1) 3)
RCCB = z,—z (@ > o) or Z,—Zi (0 <ol )

where Sign denotes the sign function. When ap1 < Qpp, DCCB = 1, indicating that the land
use transition leads to an increase in carbon emissions (Carbon-increment space); when
Xp1 > app, DCCB = —1, indicating that the land use transition results in enhanced carbon
sequestration (Carbon-reduction space); when ap1 = ap, DCCB =0, indicating no change
in the carbon budget. The term &’ represents the standardized form of «, obtained using
the efficacy coefficient range normalization method.

Higher CBI values indicate greater LUCC-induced carbon emissions, whereas lower
values reflect reduced emissions or enhanced carbon sequestration. CBI thus provides
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a quantitative measure of carbon budget variations associated with LUCC. Using the
equal-interval classification method, CBI values were categorized into three types: carbon-
reduction space, no change space, and carbon-increment space, and further subdivided
into nine levels (see Table 2).

Table 2. Classification thresholds for the carbon budget index (CBI).

Category Weak (IV) Moderate (III) Strong (IT) Very Strong (I)
Carbon-Reduction Space [-1.1,0) [—2.2,—1.1) [-3.3,—-2.2) <-33
No Change 0
Carbon-Increment Space 0,1.1] (1.1,2.2] (2.2,3.3] >3.3

2.3.4. Identification of Key Monitoring Factors and Carbon Risk Analysis
Identification of Carbon Budget Driving Factors

During the study period, changes in construction land (including both conversion-in
and conversion-out) accounted for 90.34% of the total variation in regional carbon budgets
within the Central Guizhou Urban Agglomeration. Therefore, identifying the key drivers
of carbon budget changes associated with construction land is essential for capturing the
overall dynamics of regional carbon variations. Building upon the remote sensing-based
carbon density accounting results, this study further identifies significant spatial entities
that drive construction land expansion and examines how these driving factors affect carbon
emissions across different types of construction land. In the empirical analysis, ordinary
least squares (OLS) regression was first applied to explore the relationships between driving
factors and the net carbon emissions induced by construction land expansion. Subsequently,
quantile regression (QR) was employed to examine how these driving factors affect net
carbon emissions at different conditional quantiles, thereby capturing heterogeneous effects
across emission levels.

Point of interest (POI) data correspond directly to specific spatial entities within
construction land and have been widely used in carbon emission accounting, built-up
area monitoring, and land use mix analysis [46]. However, as POI data are point-based,
they cannot directly reflect the actual land use scale of the corresponding geographic
entities. Therefore, relying solely on POI counts to measure their spatial influence may lead
to biased representations of different functional space types. To address this issue, and
considering the regional characteristics and data availability in the Central Guizhou Urban
Agglomeration, this study, with reference to previous studies [47], derived weights for
different POI types based on the average land area proportion represented by each category.
These weights were standardized to a 0-100 scale (Table 3), and the influence of each POI
type was defined as the product of its quantity and corresponding weight. The influence of
each POI type was defined as the product of its quantity and corresponding weight.

After data cleaning and preprocessing, the original POI dataset was categorized into
12 major types, including residential, catering, and shopping services. These 12 categories
were further aggregated into six spatial units—residential, commercial-service, industrial,
transportation, public service, and recreation (Table 3), which were used as driving factors
of carbon budget variation. Based on this classification framework, regression models
were constructed to quantify the relationship between POI influence and the net carbon
emissions induced by construction land expansion. The calculation formula is as follows:

Qv (60)ISi) = i+ Y BjoSi x i @)

ji=1
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where Qy,, (6 | S; ;) denotes the conditional quantile of the dependent variable Y;; at the
0-th quantile; S; ; represents the vector of exogenous variables for parcel i in year t; and
0k indicates the selected quantile level, with the 5th, 25th, 50th, 75th, and 95th percentiles
adopted in this study. The term §; g denotes the estimated coefficient vector at quantile 6; i
indexes the spatial parcel; j represents the type of explanatory variable; and ¢ denotes the
study year. The parameter a; captures unobserved individual (parcel-level) effects, while

g; 1 is the error term.

Table 3. Correspondence between POI categories and construction land spatial types.

Level-1 Land

Level-2 Land

Land Use Characteristics POI Categor POI Subcategor Weight
Use Category Use Category gory gory &
Low-, medium-, and
g;:lcie&tllg; hlgh_rlst;;?iﬁ;, nitrllal areas, Residential land Commercial housing Residential communities 50
contiguous distribution
Catering services . Chmese and 10
international restaurants
. s . Accomm.odatlon Hotels and guesthouses 10
Low-rise buildings are Commercial services
densely distributed with facilities land Shoppine malls
Commercial-Service resgaurf:r}fs ’tCIOt}TiE S }s\h(?ps, Shobping services supermgfke;gs, builclling 15
Space (CS) ana retatl stores; ugh-rise pping material markets, specialty
buildings are mainly used ;
for int ted commercial streets
or integrate
office functions Financial and Banks, insurance, securities, 30
Business insurance services and related institutions
facilities land i e
Cuiif;f;gies Media institutions 30
Production workshops,
warehouses, and Industrial Park Industrial parks 70
. supporting facilities of .
Industrial Space (IS) industrial and mining Industrial land
enterprises; a large land Company enterprises Factories and enterprises 30
area with clear boundaries
Transportation Passenger a.nd frel.g}.lt Transportation Transportation Ports, airports, railway/bus
transport stations; distinct b K N . . 15
Space (TS) spatial form facilities land service facilities stations, service areas
Administrative Government and Goyerr}mep t agenctes,
. . o foreign institutions, and 30
office land social organizations 4 C
social organizations
. Cultural Science and Museums, exhibition 30
) ) Education, culture, facilities land cultural services halls, libraries
Public Service healthcare, and
Space (PS) administrative facilities, Educational and Science and Schools, research institutes, 30
generally large land parcels research land cultural services training institutions
Medical and Healthcare services Hospitals and disease 20
healthcare land prevention institutions
Sports and Sports and Stadiums, resorts, cinemas, 10
leisure land recreation services entertainment venues
R ional P 1 . .
Se;;iztzl(;rsli arks, gs:ggizr;izzz’ plazas, Griflr;f?;el;nd Scenic spots Parks, scenic areas, plazas 95

Carbon Budget Monitoring and Early-Warning Index Construction

Constructing a composite index based on identified driving factors is a widely used
approach for detecting variations in carbon emissions [12,48,49]. Based on the identified
drivers of carbon budget, a carbon budget monitoring and Early-Warning Index (CB-
MEWI) was established to evaluate carbon budget dynamics. The formulation is expressed
as follows:

n
ITg =) Wiolig (5)
i=1
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where ITg denotes the monitoring and early-warning index at quantile Q. A higher value
of ITg indicates greater net carbon emissions induced by construction land expansion
and, consequently, a higher carbon risk level. W;g represents the weight assigned to
thei Level-1 spatial category at quantile Q, which is determined based on the estimated
coefficients derived from the OLS and QR models. I;g denotes the standardized influence
value of the i POI category at quantile Q.

Carbon Risk-Level Classification

Several approaches are commonly used to determine risk-level thresholds, including
the comparison method, fluctuation method, parameter-based method, and error the-
ory method [12,50]. The comparison and fluctuation methods typically rely on a single
threshold to classify warning conditions, simply distinguishing between warning and non-
warning states. The parameter-based method selects parameters that are highly correlated
with the monitoring indicator and exhibit significant threshold characteristics to define
warning levels. In contrast, the error theory method, grounded in the principles of normal
distribution, classifies warning levels according to the degree of deviation of monitoring
indicators from the mean value, with values exceeding one standard deviation commonly
identified as anomalous.

In practical applications, the warning accuracy corresponding to each method is
calculated separately to determine the optimal threshold classification approach. In this
study, the accuracy of warning identification was evaluated by computing the overlap
ratio between warning areas identified by the monitoring and early-warning index and the
actual warning areas of construction land carbon emissions (Table 4).

Table 4. Risk-level classification threshold and accuracy assessment.

Methods Classification Principle Operational Procedure Accuracy
c ' Median-based principle Values greater than the medlan are classified 57 779,
omparison Method as a warning.
Mean-based principle Values greater than the mean are classified as 35.14%
a warning.
Fluctuation Method Range-based principle PW = min + (max — min) x 0.75 (6) 5.88%

Parameter-Based Method

Error Theory Method

Carbon emissions from construction land
were classified into five levels using the
natural breaks (Jenks) method. The
grid-based values of each level were used as 16.67%
thresholds to classify IT into five risk
categories: no risk, low risk, moderate risk,
high risk, and extremely high risk.
IT was classified into five risk categories (no,
Normal distribution-based ~ low, moderate, high, extremely high) based
principle on deviations from the mean using different
multiples of the standard deviation.

Parameter-based
classification

87.76%

Note: min and max denote the minimum and maximum values of IT, respectively. For the comparison and
fluctuation methods, accuracy refers to the identification accuracy of warning areas. For the parameter-based and
error theory methods, accuracy refers to the identification accuracy of extremely high-risk areas.

3. Results
3.1. Land Use Change and Carbon Budget Variation

As shown in Figure 3, from 2000 to 2024, 17.68% of the territorial space in the Central
Guizhou Urban Agglomeration experienced land use change, corresponding to an area
of 0.95 x 10* km?. Land use transitions were dominated by mutual conversions between
cultivated land and forest land. Specifically, the conversion from cultivated land to forest
land covered 0.46 x 10* km?, accounting for 48.28% of the total changed area, while forest
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land converted to cultivated land covered 0.34 x 10* km?, representing 36.22%. In addition,
the conversion from cultivated land to construction land covered 0.06 x 10* km? (5.90%),
yet its carbon emission effect was significantly greater than that of other transition types. In
terms of carbon effects, between 2000 and 2024, net carbon emissions in carbon-increment
spaces increased by 2.8847 million t, whereas those in carbon-reduction spaces decreased by
0.5027 million t, resulting in an overall net increase of 2.3821 million t in the Central Guizhou
Urban Agglomeration. Although conversions between cultivated land and forest land
dominated in terms of area, transitions between cultivated land and construction land were
the primary drivers of changes in net carbon emissions. The conversion from cultivated
land to construction land contributed an increase of 2.3860 million t of net carbon emissions,
accounting for 82.71% of the total increase in carbon-increment spaces. In contrast, the
conversion from construction land to cultivated land reduced net carbon emissions by only
0.0020 million t, representing merely 0.39% of the total reduction in carbon-reduction spaces.
The magnitude of increase was approximately 211 times greater than that of the reduction,
indicating that under continued urbanization and large-scale conversion of cultivated land
to construction land, substantially intensified carbon emission effects in carbon-increment
spaces. The increase far exceeded the emission reduction achieved in carbon-reduction
spaces, ultimately driving a continuous rise in overall net carbon emissions across the
Central Guizhou Urban Agglomeration.
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Figure 3. Major land use transition areas and associated carbon budget changes in the Central
Guizhou Urban Agglomeration. Note: Panels (a,b) show the major land use transition areas and
corresponding carbon budget changes in carbon-increment spaces and carbon-reduction spaces for
each time period, respectively. The units are 10* km? and 10* t. Panel (c) presents the transition areas
of major land use types for each time period (unit: km?). Panel (d) illustrates the chord diagram of
major land use transitions over the entire study period. Panel (e) depicts the transition areas and
corresponding net carbon emissions in carbon-increment spaces (CRP) and carbon-reduction spaces
(CSP) over the entire study period.

As shown in Figure 4, land use change in the Central Guizhou Urban Agglomeration
exhibited pronounced stage-wise dynamics over the study period. The area of land use
change increased from 0.38 x 10* km? during 2000-2005 and peaked at 0.42 x 10* km? dur-
ing 2010-2015, before declining to 0.30 x 10* km? during 2020-2024. Correspondingly, the
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net increase in carbon emissions induced by land use change showed a “rise—fall” pattern,
increasing from 0.2147 million t during 2000-2005 to 0.7822 million t during 2010-2015, and
then decreasing markedly to 0.1621 million t during 2020-2024. From the perspective of
functional spatial categories, net carbon emissions contributed by carbon-increment spaces
rose continuously from 0.3963 million t during 2000-2005 to a peak of 0.9823 million t dur-
ing 2010-2015, followed by a decline to 0.3476 million t during 2020-2024. This pattern was
jointly driven by the net expansion of construction land and the net reduction in cultivated
land. Specifically, the net increase in construction land expanded from 0.0050 x 10* km?
during 2000-2005 to 0.0189 x 10* km? during 2010-2015, and subsequently decreased
to 0.0059 x 10* km? during 2020-2024. Meanwhile, the net reduction in cultivated land
increased from 0.1869 x 10* km? during 2000-2005 to 0.2149 x 10* km? during 2005-2010,
before declining to 0.1018 x 10* km? during 2020-2024.
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Figure 4. Net carbon emissions from major land use conversions in the Central Guizhou Urban
Agglomeration. Panels (a,b) show the net carbon emissions of major land use types in carbon-
increment spaces and carbon-reduction spaces, respectively, for each time period (unit: t). Transition
area refers to the net area resulting from bidirectional conversions between two land use types. Net
carbon emissions and net carbon sequestration were calculated using Equation (2). Only transition
types or carbon budget changes with non-zero values are presented.

In contrast, the net reduction in carbon emissions associated with carbon-reduction
spaces exhibited a pattern of gradual increase followed by a slight decline. The reduction
increased from 0.1817 million t during 2000-2005 to 0.2230 million t during 2015-2020,
before decreasing to 0.1855 million t during 2020-2024. This trend was primarily influ-
enced by the combined effects of net increases in forest land and grassland, as well as
net decreases in water bodies. Specifically, the net increase in forest land expanded from
0.1774 x 10* km? during 2000-2005 to 0.2140 x 10* km? during 2015-2020, and then
slightly declined to 0.1802 x 10* km? during 2020-2024. The net increase in grassland rose
from 0.0077 x 10* km? during 2000-2005 to 0.0255 x 10* km? during 2010-2015, before
decreasing to 0.0102 x 10* km? during 2020-2024. Meanwhile, the net decrease in water
bodies increased marginally from 0.0030 x 10* km? during 2000-2005 to 0.0031 x 10* km?
during 2005-2010, and then declined to 0.0009 x 10* km? during 2020-2024 (Figure 4).
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Overall, changes in forest land, grassland, and water bodies contributed to enhancing
the emission-reduction effects of carbon-reduction spaces to some extent. However, their
mitigating effects were insulfficient to offset the substantial increase in net carbon emissions
driven by the rapid expansion of construction land. As a result, the overall net carbon
emissions in the Central Guizhou Urban Agglomeration continued to rise.

3.2. Spatial Characteristics of Carbon Budget Variation Under Different Land Use Transitions
3.2.1. CBI Classification and Corresponding Land Use Transition Directions

The carbon budget index (CBI) was calculated using Equation (3) and subsequently
classified into hierarchical levels (Figure 5). Transitions between construction land and
the other five land use types resulted in extremely strong carbon-increment or carbon-
reduction spaces. Strong-level categories corresponded to conversions between forest
land and cultivated land, grassland, or unused land. Weak-level categories were primarily
associated with conversions between grassland and unused land. Moderate-level categories
included all other land use transition types not encompassed by the above classifications.
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Figure 5. Comparison between CBI levels and land conversion type.

3.2.2. Carbon Budget Variation Characteristics Across Different CBI Levels

Based on the CBI classification results, land use transitions and associated net carbon
emission changes during 2000-2024 were quantified (Table 5). Three major characteristics
were identified. First, extremely strong-level parcels were the primary contributors to
variations in net carbon emissions. The absolute values of the composite carbon coefficients
for extremely strong parcels ranged from 4.25 to 4.36, far exceeding those of other parcel
types. As a result, extremely strong carbon-reduction spaces accounted for only 0.06%
of the total area during the study period and contributed merely 2.80% of the total net
emission reduction. In contrast, extremely strong carbon-increment spaces accounted for
13.65% of the total area but contributed as much as 87.54% of the total increase in net
carbon emissions. Furthermore, strong-level carbon-reduction spaces covered 93.08% of
the total area and accounted for 93.77% of the total net emission reduction. These findings
indicate that each unit increase (or decrease) in construction land would lead to an increase
of 6.41 units (or a reduction of 44.34 units) in net carbon emissions. Second, except for
extremely strong parcels, net carbon emissions associated with other parcel types generally
remained stable or declined. During the study period, weak- and moderate-level parcels
exhibited only marginal changes in net carbon emissions in both carbon-increment and
carbon-reduction spaces. Strong-level parcels showed a net change of —0.1227 million t,
which was negligible compared to the 2.5113 million t increase associated with extremely
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strong parcels. This result underscores the dominant role of extremely strong parcels in
regulating net carbon emissions. Third, the contribution of carbon-reduction spaces to
the overall carbon balance exhibited a U-shaped trajectory over time. During 2000-2005,
emission reductions in carbon-reduction spaces offset 45.84% of the emission increases
in carbon-increment spaces. This proportion declined to 20.37% during 2010-2015 but
rebounded to 53.35% during 2020-2024. The recovery can be attributed to the substantial
increase in conversions from cultivated land to forest land, grassland, and water bodies, as
well as from grassland to forest land, which significantly enhanced the emission-reduction
effects of carbon-reduction spaces.

Table 5. Changes in area and net carbon emissions of different CBI classes in the Central Guizhou

Urban Agglomeration.
Area (km?) Net Carbon Emission Change (10* t)
CBI Category CBI Level 2000- 2005- 2010- 2015- 2020- 2000- 2000-  2005-  2010-  2015-  2020-  2000-
2005 2010 2015 2020 2024 2024 2005 2010 2015 2020 2024 2024
Very High 0.89 172 0.57 0.41 0.36 3.26 -038 074 025 018 016 —141
Carbon- High 1772.80 1429.43 1866.44 2139.52 1800.95 4809.79 -17.24 -1413 -1850 —-21.20 —17.88 —47.13
Reduction Space Moderate 107.78 139.63 277.67 201.01 111.79 354.14 —0.54 —-067 —126 —092 —0.51 -1.73
Low 0.01 0.00 0.02 0.08 0.23 0.01 0.00 0.00 0.00 0.00 0.00 0.00
No Change Stable 4996351 49,917.11 49,611.01 49,852.26 50,790.98 44,278.78  0.00 0.00 0.00 0.00 0.00 0.00
Low 0.00 0.02 0.16 1.24 2.50 0.18 0.00 0.00 0.00 0.00 0.00 0.00
Carbon- Moderate 112.74 99.67 109.19 155.86 146.11 228.95 0.53 0.45 0.49 0.70 0.68 1.07
Increment Space High 1780.22 2090.93 1734.13 1252.40 875.90 3520.15 17.72 20.73 17.26 12.48 8.75 34.86
Very High 50.22 109.64 188.97 185.40 59.35 592.90 21.39 46.70 80.48 79.09 2533 25253

3.2.3. Spatiotemporal Evolution of CBI at the Grid Scale

As shown in Figure 6, the spatial distribution of CBI closely aligns with the pronounced
core—periphery urbanization structure of the Central Guizhou Urban Agglomeration. Tran-
sitions between construction land and cultivated land primarily drove the formation of
very high-level parcels. Very high carbon-increment spaces were mainly concentrated
in the central city of Guiyang and Zunyi, whereas very high carbon-reduction spaces
were predominantly distributed in non-built-up areas surrounding Guiyang, Zunyi, and
Kaili. Across the five periods (2000-2005, 2005-2010, 2010-2015, 20152020, and 2020-2024),
the conversion of cultivated land to construction land consistently dominated very high
carbon-increment spaces, accounting for 94.05%, 92.70%, 93.30%, 78.76%, and 73.97% of the
transition area, respectively. Correspondingly, this conversion contributed 93.97%, 92.61%,
93.21%, 78.56%, and 73.74% of total net emissions within very high carbon-increment
spaces. Temporally, these spaces expanded progressively from core urban districts to-
ward peripheral areas. In Guiyang, expansion occurred in a leapfrogging pattern toward
Wudang, Huaxi, Qingzhen, Xiuwen, and Kaiyang, while in Zunyi it extended along the
Honghuagang-Huichuan-Bozhou urban corridor.

Overall, very high carbon-increment spaces evolved from single-core concentration
to multi-center expansion. Within very high carbon-reduction spaces, conversion from
construction land to water bodies was overwhelmingly dominant, accounting for more
than 96% of the transition area in each period and reaching 100% in 2020-2024. In contrast,
conversion from construction land to cultivated land was negligible. Spatially, these reduc-
tions were concentrated in Guanshanhu, Yunyan, and Baiyun districts of Guiyang and in
Honghuagang, Bozhou, Renhuai, and Suiyang of Zunyi. High-level parcels were primarily
driven by mutual conversions between forest land and cultivated land, exhibiting strong
spatial correspondence with the ecological “two barriers” (Wumeng-Miaoling and Dalou
Mountain ecological barriers) and the “three river basins” corridors (Wujiang, Chishui
River, and Qingshui River). High carbon-increment spaces were almost entirely composed
of forest-to-cultivated land conversion (above 98% across all periods), accounting for more
than 99% of net emissions within this category. These spaces were mainly distributed
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in the Northwestern Wumeng-Miaoling barrier and the Southern Dalou Mountain bar-
rier. Conversely, high carbon-reduction spaces were largely formed by cultivated-to-forest
conversion, contributing over 96% of emission reductions in all periods and forming
banded patterns along ecological barriers and river corridors. Moderate-level parcels were
mainly associated with conversions between cultivated land and grassland. Moderate
carbon-increment spaces were dominated by grassland-to-cultivated land conversion, ac-
counting for more than 80% of transition areas in all periods and contributing the majority
of associated net emissions.
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Figure 6. Spatial distribution of CBI in the Central Guizhou Urban Agglomeration. Note: Subfigures
(a—f) depict the spatial distribution of CBI during 2000-2005, 2005-2010, 2010-2015, 2015-2020,
2020-2024, and 2000-2024 (the entire period), respectively.
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Spatially, these areas were initially concentrated near the boundary between Qixing-
guan District and Dafang County, later shifting toward Jinsha County, Bozhou District,
and Qianxi City. Moderate carbon-reduction spaces were mainly driven by cultivated-
to-grassland and cultivated-to-water conversions. Cultivated-to-grassland conversion
accounted for over 70% of transition areas and nearly 90% in later periods, contributing the
majority of emission reductions. Cultivated-to-water conversion played a secondary role,
particularly in earlier periods. These transitions were scattered across karst landform zones
and ecological corridors, with relative concentration in the Qingshui River basin. Overall,
the spatiotemporal evolution of CBI reflects the combined influence of urban expansion in
core areas and ecological restoration in barrier and corridor regions, demonstrating strong
functional differentiation between carbon source expansion and carbon sink enhancement.

3.3. Driving Factors and Risk Evaluation in Carbon-Increment Spaces
3.3.1. Identification of Driving Factors

Across the overall land use change process, very high carbon-increment spaces—defined
as parcels converted from other land use types to construction land—accounted for 87.524%
of the total net carbon emission increase within all carbon-increment spaces in the Central
Guizhou Urban Agglomeration. This indicates that identifying the functional spatial
characteristics associated with net emission growth induced by construction land expansion,
and regulating such expansion accordingly, is critical for controlling overall net carbon
emissions. In this study, newly added construction land within the study area was divided
into 2187 grid cells of 3 km x 3 km. The net carbon emission increase in very high carbon-
increment spaces was used as the dependent variable. The POI influence indices of six
functional spatial categories—residential, commercial-service, industrial, transportation,
public service, and recreational spaces—were initially considered as independent variables.
Due to the temporal availability of POI data, the driver analysis was restricted to the period
2015-2024 to ensure temporal consistency between the explanatory variables and the
modeled carbon emission changes. Ordinary least squares (OLS) and quantile regression
(QR) models were constructed to examine the spatial associations between urban functional
characteristics and net emission growth during 2015-2024. Multicollinearity diagnostics
were performed prior to model estimation. The public service variable was excluded due
to failing the variance inflation factor (VIF) test. The final model retained five explanatory
variables: residential, commercial-service, industrial, transportation, and recreational
spaces. All retained variables exhibited VIF values below the conventional threshold of 7.5,
with an average value of 1.95, indicating acceptable collinearity levels and suitability for
quantile regression analysis. Based on Equation (4), the relationships between independent
variables and the dependent variable were further examined across different quantiles
(Figure 7). The results show that as the quantile decreases, the spatial distribution of very
high carbon-increment spaces transitions from a single-core, multi-polar pattern toward a
more diffuse configuration with a gradual decline toward peripheral areas.

The OLS regression results (Table 6) indicate that all five urban functional spaces
are significantly associated with net carbon emission increases, although their direc-
tions and magnitudes differ. Residential space exhibits the strongest positive association
(coefficient = 0.814), suggesting that a one-unit increase in residential POI influence is as-
sociated with the greatest increase in grid-level net carbon emissions. Industrial space
shows the second strongest positive association (coefficient = 0.648), indicating that the
concentration of industrial functions tends to coincide with higher levels of carbon emis-
sion growth. Transportation space also demonstrates a significant positive association
(coefficient = 0.242), indicating that the aggregation of transport infrastructure and mobility
activities is generally associated with higher regional emission levels. Recreational space
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has a positive but relatively small coefficient (0.072), implying a limited contribution to
emission growth. In contrast, commercial-service space exhibits a significant negative
association (coefficient = —0.388). This suggests that, within the Central Guizhou Urban
Agglomeration, increases in commercial-service space do not coincide with increases in
net carbon emissions from construction land and are instead associated with relatively
lower emission growth. This pattern resembles that observed in rapidly industrializing
and urbanizing regions, where development-oriented spaces dominated by residential
and industrial expansion contribute most to emission growth, followed by transportation
infrastructure. By comparison, commercial-service expansion tends to occur within existing
built-up areas through infill development and urban renewal. As these areas transition
toward more mature urban living environments, land development intensity stabilizes,
and land use-induced carbon budget fluctuations become less pronounced. The observed
spatial redistribution of very high carbon-increment spaces from central districts toward
newly developed urban areas further supports this interpretation and is consistent with
the statistically negative association between commercial-service space and net carbon
emission growth.
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Figure 7. Grid-level distribution of very high carbon-increment spaces across different quantiles
during 2015-2024.

The quantile regression (QR) results (Table 6) reveal clear heterogeneity across emis-
sion levels. The coefficients of residential, industrial, and transportation spaces increase
significantly with rising quantiles, whereas the coefficient of recreational space becomes
insignificant at higher quantiles. In contrast, the negative association of commercial-service
space strengthens markedly as the quantile increases. At lower quantiles, where net carbon
emission increases are relatively modest, the positive effect of residential space is compar-
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atively weak. However, the effect intensifies progressively toward higher quantiles and
reaches its maximum at the 0.95 quantile. This pattern indicates that under high carbon-
increment conditions, residential functional intensity—together with associated building
energy consumption, daily mobility demand, and supporting infrastructure—becomes
more strongly associated with emission growth in high-emission grids. Industrial space
shows a progressively stronger association across quantiles, especially in the upper quar-
tiles. This suggests that high carbon-increment grids are closely associated with industrial
agglomeration, supply chain clustering, and heavy industrial characteristics. Compared
with OLS, the QR results more clearly reveal the stronger upper-tail association of industrial
space with net carbon emission growth. The positive association of transportation space
increases steadily with quantiles, reflecting that as regions enter stages characterized by in-
tensive development, high commuting demand, and frequent logistics turnover, transport
infrastructure density and mobility intensity become more strongly associated with emis-
sion growth in the upper tail. Recreational space shows relatively small coefficients overall
and becomes statistically insignificant at the 0.95 quantile. This indicates that its influence
is primarily concentrated in low- to mid-quantile grids. In earlier or lower-density contexts,
recreational facilities—including green spaces and plazas—may contribute to localized
carbon sequestration and microclimate improvement. However, at higher quantiles, the
marginal mitigation effect of recreational space is insufficient to offset the spillover impacts
of surrounding high-intensity land uses, resulting in diminished statistical significance.
The negative effect of commercial-service space becomes increasingly pronounced in the
mid-to-high quantiles, with a notably steeper slope after the 0.50 quantile. This suggests
that service-oriented redevelopment, functional mixing, and improved energy-use effi-
ciency associated with commercial-service expansion may reduce the marginal increase in
net carbon emissions.

Table 6. OLS and QR results.

Driving OLS OR

Factors 5th 25th 50th 75th 95th
ALIS 0.814**  0.108 **  0.328**  (0.770 ***  0.985** 1259 ***
ACS —0.388 ¥+ —(0.124 ¥ —(0.122** (0442 —(0.700 ¥+ —1.129 ***
AIS 0.648 **  0.155**  0.455**  0.940**  1.646** 2975 %
ATS 0.242**  0.083**  0.097**  0.324**  (0.767**  1.158 ***
ALES 0.072 * 0.010 **  0.030 ***  0.074 *** 0.050 * 0.123
Obs. 2187 2187 2187 2187 2187 2187

Note: ***, and * indicate significance at the 1%, 5%, and 10% levels, respectively.

3.3.2. Carbon Budget Early-Warning Evaluation

Based on the identified driving factors, this study conducted risk classification and
grading of net carbon emission increases induced by construction land expansion to en-
hance the precision of risk management. Thresholds for warning levels were determined
using the comparison method, fluctuation method, parameter-based method, and error
theory method, respectively. Among these approaches, the error theory method achieved
the highest warning identification accuracy (87.76%; Table 4). Accordingly, the warning
thresholds of the monitoring index were subsequently determined using the error theory
method (Table 7), and spatial identification of net carbon emission increase risk areas was
performed (Figure 6). The spatial distribution of risk grids exhibits significant clustering
patterns across different risk levels (Figure 8a). To further characterize spatial continuity,
a kernel density clustering approach was applied to aggregate discrete risk grids into
continuous risk zones (Figure 8b). The results indicate that, across quantile intervals, high-
and very high-risk areas are not only more likely to transition to higher-risk levels but also
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represent the priority areas for focused monitoring and regulation within each interval
(Figure 8c,d).

Table 7. Threshold classification of the carbon budget monitoring and early-warning index.

No Risk Low Risk Moderate Risk High Risk Very High Risk
Risk Threshold i — 05
Int 1 _ _ _ - u — 050,

nterva (—o0, yp — 0) [p — o,y —050) 1 +0.50) [pr +0.50, u + o) [p + o, +0)

IT (=00, 0.6575) [0.6575, 0.6710) [0.6710, 0.6979) [0.6979, 0.7114) [0.7114, +o0)

ITQ, Q =0.05 (—o0, 0.5442) [0.5442, 0.5899) [0.5899, 0.6813) [0.6813, 0.7270) [0.7270, +o0)
ITQ, Q=025 (—o0, 0.6767) [0.6767, 0.6783) [0.6783, 0.6816) [0.6816, 0.6832) [0.6832, +o0)
ITQ, Q=05 (—o0, 6835) [0.6835, 0.6836) [0.6836, 0.6839) [0.6839, 0.6840) [0.6840, +c0)
ITQ,Q=0.75 (—o0, 0.6843) [0.6843, 0.6846 [0.6846, 0.6851) [0.6851, 0.6853 [0.6853, +00)
ITQ, Q=095 (—00, 0.6863) [0.2964, 0.6884) [0.3275, 0.6926) [0.6926, 0.6948) [0.6948, +o0)

Note: u and ¢ represent the mean and standard deviation, respectively.
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Figure 8. Risk zoning of net carbon emission increases from construction land expansion. Note:
(a) Spatial distribution of risk grids at different risk levels; (b) risk zoning based on different risk
levels; (c) spatial distribution of high- and very high-risk grids across different quantile intervals;
(d) risk zoning of high- and very high-risk areas across different quantile intervals. Areas without
color indicate no risk.
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Risk levels and quantile intervals exhibit a pronounced core—periphery spatial pattern,

decreasing from the urban cores of Guiyang, Zunyi, and Anshun toward the peripheral

ecological zones characterized by the “two barriers” and “three river basins.” This spatial

gradient suggests differentiated governance priorities across regions and quantile intervals.

)

@

®)

(4)

©)

(6)

Very high-risk areas are primarily concentrated in the central districts of Guiyang,
Zunyi, and Anshun. These areas represent the most economically intensive and
highly developed urban cores of the Guizhou Central Urban Agglomeration, where
land development remains active, and energy consumption and transport-related
emissions are concentrated. Spatial optimization in these areas should prioritize
compact development, functional integration, and intensified land use to enhance
efficiency. Urban renewal, industrial restructuring, restrictions on energy-intensive
projects, and promotion of green building standards and low-carbon mobility are
critical for shifting core districts from high-energy growth toward quality-oriented,
low-carbon transformation.

High-risk areas form a ring-like distribution surrounding very high-risk cores and
extend into peripheral growth zones, including parts of Duyun, Longli, Huishui, Kaili,
Majiang, and Jinsha. These regions often serve as receiving areas for industrial reloca-
tion and population redistribution, functioning as expansion frontiers of the urban ag-
glomeration. Preventing carbon leakage associated with industrial transfer is essential.
Measures should include stricter entry standards for high-emission industries, low-
carbon upgrading of industrial parks, and promotion of green manufacturing and cir-
cular economy practices. In peripheral areas, controlling low-density sprawl and main-
taining ecological buffer zones are important for preserving landscape connectivity.
Moderate-risk areas are widely distributed along the outer margins of high-risk zones,
including Renhuai, Qixingguan, Dafang, Qianxi, and Wengan. These areas are typi-
cally located within urban-rural transition zones, characterized by moderate levels
of industrialization and urbanization, relatively intact ecological backgrounds, and
increasing development pressure. Strengthening ecological redline protection, land
use regulation, and preservation of permanent basic farmland and wetlands is essen-
tial. Promoting eco-agriculture, forestry-based carbon sequestration, and low-carbon
rural development can enhance the balance between emission growth and ecological
carrying capacity.

Low-risk areas are mainly located in mountainous and hilly regions at the outer
edges of the urban agglomeration, where urbanization intensity is relatively low, and
ecosystems remain largely intact. These areas function as important carbon balance
buffers. Strict control over the conversion of ecological land (forest, grassland, and
water bodies) and reinforcement of protected-area systems are necessary to prevent
disorderly expansion. Developing eco-agriculture, under-forest economies, and rural
tourism can enhance ecological value while maintaining sustainable economic returns.
No-risk areas are predominantly distributed in outer ecological function zones, such
as forest reserves, water conservation areas, and high-altitude mountainous regions,
which play a crucial role in regional ecological security. Establishing baseline ecological
databases, enforcing ecological protection boundaries, and strengthening dynamic
ecosystem monitoring are essential to prevent ecological degradation.

At quantiles above the 0.50 level, higher-risk grids are particularly concentrated in
Yunyan, Guanshanhu, Nanming, and Huaxi districts of Guiyang. Compared with the
overall risk pattern, high- and very high-risk areas exhibit stronger spatial clustering in
these districts. These areas are therefore likely to represent focal zones for controlling
future net carbon emission growth. Establishing high-density monitoring networks
and strengthening sector-specific emission regulations can facilitate differentiated
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and hierarchical carbon governance led by core urban centers and coordinated with
peripheral regions.

4. Discussion

This study developed a grid-based fine-scale carbon budget accounting model for the
Central Guizhou Urban Agglomeration using a composite carbon coefficient approach and
systematically examined the mechanisms through which land use change drives regional
net carbon emissions. The results indicate that construction land expansion is the dominant
factor contributing to the carbon budget imbalance. In particular, the conversion of culti-
vated land to construction land accounted for 87.54% of the net carbon emission increase
in extremely strong carbon-increment spaces. This finding is consistent with previous
studies in the Yangtze River Delta and Chengdu—Chonggqing urban agglomerations, further
confirming that construction land growth is the principal driver of carbon source expansion
in urban agglomerations [12,44,51]. From the perspective of territorial spatial planning,
these findings suggest that limiting disorderly construction land expansion, particularly the
conversion of cultivated land into built-up areas, is critical for mitigating regional carbon
budget imbalance.

However, unlike plain-type urban agglomerations, the Central Guizhou Urban Ag-
glomeration, characterized by a typical karst mountainous landscape, exhibits a distinctive
spatial configuration in which a core-periphery urban structure is intertwined with the
ecological pattern of the “two barriers and three river basins.” This reflects strong regional
specificity in carbon budget distribution. Traditional carbon accounting methods often
struggle to capture fine-scale carbon dynamics in fragmented mountainous landscapes [32].
By integrating 30 m x 30 m land use data with POI-derived spatial functional weights, this
study achieves grid-level representation of carbon budgets and improves the characteriza-
tion of spatial heterogeneity. These findings highlight the importance of high-resolution
spatial data in regional carbon budget assessment [12,33]. More importantly, they indicate
that spatial planning in mountainous urban agglomerations should not simply replicate
the expansion-oriented planning logic commonly observed in plain-based urban systems.
Instead, planning strategies need to account for the fragmented, corridor-like, and eco-
logically constrained nature of land development in mountainous terrain. In this context,
high-risk carbon-increment spaces identified in this study can provide a spatial basis for
delineating key control zones, optimizing development boundaries, and strengthening
ecological protection in areas vulnerable to construction land encroachment.

Quantile regression results further demonstrate that industrial and transportation
spaces are more strongly associated with carbon emissions associated with construction
land expansion, with regression coefficients increasing toward higher quantiles. This sug-
gests that high-emission areas are more sensitive to functional land use changes, consistent
with previous findings on the carbon amplification effects of industrial agglomeration
in Southwestern China. Methodologically, this study establishes an integrated analytical
framework linking carbon budget indices, spatial association analysis, and monitoring
early-warning mechanisms. The composite carbon coefficient approach enables dynamic
grid-level simulation while refining generalized land use categories into functional spatial
units through POI weighting. Compared with nighttime light data, which often fail to
distinguish land use functions [52,53], this approach enhances the spatial interpretability of
land use-related carbon budget variation. Although similar strategies have been applied
in the Chengdu—-Chongging urban agglomeration [12], systematic integration of multi-
quantile regression at the grid scale remains limited. The results further reveal amplified
emission effects of residential and industrial spaces at higher quantiles, deepening the un-
derstanding of spatial heterogeneity in urban core carbon source intensity. In addition, the
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error theory-based threshold method achieved an identification accuracy of 87.76%, outper-
forming parameter-based and fluctuation approaches, suggesting the strong applicability
of normal distribution-based classification in regional carbon risk monitoring.

Despite these advances, several limitations remain. First, carbon coefficients were de-
rived primarily from established literature and provide a reasonable basis for regional-scale
carbon budget accounting; however, further localization may improve the representation
of soil carbon pool characteristics and vegetation carbon density heterogeneity in karst
regions. Future studies should incorporate field observations and remote sensing inversion
methods, drawing on global carbon inventory techniques [54], to refine region-specific
carbon density parameters. Second, although POI data can effectively represent the func-
tional structure of urban space, relying solely on POI indicators may not fully capture the
complexity of urban functional activities. Future studies should integrate multi-source
spatiotemporal data, such as remote sensing imagery, population mobility data, and energy
consumption data, to improve the representation of urban functions and the characteriza-
tion of carbon emission processes [14]. Finally, while the monitoring and early-warning
system effectively identifies high carbon risk areas, its integration with territorial spatial
planning instruments requires further exploration [1], particularly in relation to ecological
compensation and carbon trading mechanisms. Future studies should further strengthen
the translation of grid-based carbon budget results into operational planning tools, such
as ecological restoration prioritization, differentiated land use regulation, urban growth
boundary adjustment, and low-carbon territorial spatial governance.

5. Conclusions and Policy Implications
5.1. Conclusions

This study improved the conventional remote sensing-based carbon density approach
by introducing a composite carbon coefficient method, enabling fine-scale grid-level carbon
budget accounting, and providing a clearer understanding of spatial patterns and rela-
tionships through which land use change is associated with net carbon emissions. Based
on 30 m x 30 m land use data for the Central Guizhou Urban Agglomeration from 2000
to 2024, the spatiotemporal evolution of net carbon emissions associated with land use
change was systematically examined. Key driving factors of construction land expansion
were identified, and a carbon budget monitoring and risk early-warning framework was
established. The main conclusions are as follows:

(1) Rational adjustment of land use structure is important for shaping territorial carbon
functions. Effective regulation depends not solely on expanding carbon sink areas or
reducing carbon source areas independently, but rather on enlarging carbon-reduction
spaces while constraining the expansion of carbon-increment spaces.

(2) From 2000 to 2024, land use change in the Central Guizhou Urban Agglomeration
resulted in a net carbon emission increase of 2.3821 million t, primarily associated
with the conversion of cultivated land to construction land. Accelerated construc-
tion land expansion in the later stages significantly amplified net emission growth.
Meanwhile, increases in ecological land, including forest and grassland, enhanced
carbon-reduction spaces. The offsetting effect of carbon-reduction spaces relative to
carbon-increment spaces exhibited a U-shaped trajectory over time, indicating a gradu-
ally strengthening contribution of carbon-reduction spaces to regional carbon balance.

(8) The spatial distribution of carbon-increment and carbon-reduction spaces closely corre-
sponds to the core—periphery urbanization structure and the ecological configuration
of the “two barriers and three river basins.” Carbon-increment spaces are highly con-
centrated in the core urban areas of Guiyang and Zunyi, whereas carbon-reduction
spaces are mainly distributed in surrounding rural and ecological barrier zones.
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(4) Construction land expansion is strongly associated with net carbon emission growth.
Industrial and transportation spaces significantly promote emission increases asso-
ciated with construction land, while residential spaces also exhibit a strong positive
relationship. In contrast, commercial-service space shows a negative association with
net emission growth, reflecting its role as a relatively mature urban functional space
with lower marginal carbon impacts.

(5) Based on the dominant associated factors, a carbon budget monitoring framework
integrating risk identification, monitoring, evaluation, and risk management was
developed. Key monitoring areas were identified in the core districts of Guiyang,
Zunyi, and Gui’an New Area. The early-warning system achieved an identification
accuracy of 87.76%, indicating good applicability in supporting fine-scale carbon
management in mountainous urban agglomerations.

5.2. Policy Implications

Rapid urbanization in the Central Guizhou Urban Agglomeration has been associated
with substantial changes in the spatial configuration of carbon sources and carbon sinks.
The spatiotemporal differentiation of carbon budgets has become increasingly complex,
posing higher demands for fine-scale accounting and precise regulation. To support regional
carbon mitigation decision-making and territorial spatial governance, the following policy
implications are proposed based on the findings of this study.

(1) Strengthening and institutionalizing the carbon budget monitoring framework.
The composite carbon coefficient method enables grid-level carbon budget accounting and,
through the integration of POI data, helps distinguish carbon budget variation across differ-
ent functional types of construction land. This approach improves the spatial representation
of land use-related carbon budget variation compared with conventional methods. It is
therefore recommended that this framework be incorporated into the dynamic monitor-
ing, evaluation, and early-warning system of territorial spatial planning, and gradually
integrated into the “One Map” supervision platform for territorial spatial planning im-
plementation. This integration would provide a useful planning reference for supporting
real-time carbon monitoring and spatial decision-making. By integrating big data analytics
and artificial intelligence techniques into comprehensive monitoring platforms, model
parameters and algorithms can be iteratively optimized to enhance scenario simulation and
predictive capabilities. Furthermore, continuous feedback calibration mechanisms should
be developed to improve system robustness and support its application within China’s
“dual carbon” policy framework and territorial spatial governance system.

(2) Promoting low-carbon transformation of construction land development patterns.
Given the pronounced core-periphery urban structure of the Central Guizhou Urban
Agglomeration, differentiated strategies should be adopted to promote compact and mul-
tifunctional urban development. Enhancing vertical land use, improving green space
integration, and increasing land use efficiency can mitigate the adverse carbon impacts
of disorderly expansion. At the planning level, industrial land should transition toward
intensive and clustered layouts to reduce emission pressures associated with spatial sprawl.
In practice, these strategies may be implemented through urban renewal policies, redevel-
opment of inefficient land, and optimization of industrial park layouts within territorial
spatial master planning. In extremely high- and high-risk carbon zones, mixed land use
models may be encouraged to shorten commuting distances and reduce transport-related
emissions, which may contribute to lower carbon pressures. Such approaches are consis-
tent with existing planning tools aimed at promoting compact urban form and reducing
transport-related carbon emissions.
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(3) Coordinating cultivated land protection and ecological restoration.

In medium- to high-carbon-risk areas, strict control over the conversion of cultivated
land to construction land is essential. Priority should be given to brownfield redevelop-
ment, urban fringe land consolidation, and rural spatial restructuring, complemented by
ecological compensation mechanisms that strengthen incentives for farmland protection.
In medium- to low-risk areas, systematic restoration of ecologically fragile zones and key
ecological corridors should be reinforced. These actions can be coordinated with ecological
protection red lines and national ecological restoration programs to enhance implementa-
tion feasibility. The development of eco-agriculture, ecological tourism, and other green
industries can enhance regional carbon sink capacity, improve ecosystem stability, and
promote synergies between ecological conservation and economic development.

(4) Advancing cross-regional collaborative carbon governance.

Building upon fine-scale carbon budget accounting results, a cross-regional governance
framework should be established that considers differentiated emission responsibilities,
capacities, and mitigation potentials among cities. Clear allocation of roles and responsibili-
ties in carbon reduction is essential. Through resource sharing, technological cooperation,
and information exchange, a scientifically grounded carbon compensation mechanism may
be developed to address carbon emission challenges in densely urbanized and peri-urban
zones. This may be further supported by inter-city coordination mechanisms and regional
policy frameworks for joint carbon reduction. Such collaborative governance can enhance
overall emission-reduction efficiency and support coordinated low-carbon transition and
high-quality development across the Guizhou Central Urban Agglomeration.
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