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Abstract

Regional carbon balance emerges from the complex interplay between land-use dynamics,
spatial economic activities, and ecological processes as a socio-ecological system cannot be
captured by any single analytical lens. This study develops an integrated assessment work-
flow that links three components: (i) coefficient-based carbon emission and sequestration ac-
counting by land-use type; (ii) intra-provincial spatial-interaction analysis operationalized
through two complementary tools—the Ecological Support Coefficient (ESC) and Economic
Contribution Coefficient (ECC), which characterize the local economy–ecology relationship
within each city, and a gravity-based emission-linkage model that uses GDP, population,
emissions, and inter-city distance to characterize the network structure of inter-city emission
attraction; and (iii) the intPLUS model, which combines random-forest-derived transition
probabilities with patch-generation rules to simulate multi-scenario land-use trajectories.
The framework is applied to Jiangsu Province, China, across 13 prefecture-level cities, us-
ing 1995–2020 historical data and three 2030 scenarios. Model performance is validated
against observed 2020 land use, with an overall Kappa coefficient of 0.82. The results reveal
a stable “high-south–low-north” gradient in emissions, a contrasting “high-ECC/low-ESC”
versus “low-ECC/high-ESC” combining pattern across southern and northern Jiangsu,
and a hierarchical core–periphery emission-linkage network anchored on the southern
metropolitan cluster. Scenario projections for 2030 show clear divergence in provincial
carbon budgets, with emissions of 12,326.59 × 104 t, 11,745.26 × 104 t, and 13,243.42 × 104 t
under natural development, ecological protection, and economic development, respectively,
and corresponding sequestration of −87.10 × 104 t, −100.29 × 104 t, and −85.61 × 104 t.
Rather than treating carbon accounting and land-use simulation in isolation, this workflow
bridges the analytical gap between physical land-use transitions and socioeconomic spatial
emission spillovers, translating structural interactions into actionable spatial planning
strategies. Relying on widely available data, the framework demonstrates strong method-
ological transferability for comparable subnational systems, provided that local parameters
and sink coefficients are properly recalibrated.

Keywords: carbon balance; eco-economic system; emission-linkage network; complex
network; intPLUS model; multi-scenario simulation; land-use change; Jiangsu Province;
dual-carbon goals
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1. Introduction
Land use and land cover change (LUCC) serves as the spatial substrate of the regional

carbon balance [1]. The conversion of cropland, forest, grassland, and water bodies into
built-up land alters both the stock of carbon held in vegetation and soils and the flux
of carbon released through energy consumption [2–4]. At the provincial scale in China,
these conversions have proceeded rapidly over the past three decades and have become a
major component of the regional carbon budget [5,6]. Under the dual-carbon agenda of
peaking emissions before 2030 and reaching neutrality before 2060, provinces serve as the
primary administrative unit for implementing decarbonization policy [7,8]. Understanding
and managing this dynamic requires moving beyond single-variable accounting toward
an integrated assessment workflow. Rather than treating carbon accounting, spatial in-
teraction, and land-use simulation as separate analytical tasks, this workflow integrates
them to evaluate how land-use change shapes the provincial carbon balance as a whole.
Quantifying how alternative development pathways may reshape this balance is therefore
highly relevant for translating national targets into regional spatial policies [9].

Current research on regional carbon balances generally encompasses four methodolog-
ical streams. First, land-use carbon source–sink accounting provides the quantitative base-
line of the regional carbon budget. The coefficient-based methods used for this estimation
have been standardized through IPCC guidance and are routinely applied at the city and
provincial scales [10–12]. Second, ecoeconomic coupling indicators—specifically the Ecolog-
ical Support Coefficient (ESC) and Economic Contribution Coefficient (ECC)—characterize
how economic activity and ecological capacity relate within each city [13,14]. Together,
ESC and ECC reveal a pattern that gross emission and sequestration totals miss: some
cities sustain high economic output but have limited ecological capacity, while others have
stronger ecological capacity but lower economic output [15]. Third, spatial-interaction
analysis reveals how emissions are organized across cities—whether they cluster in a single
core, distribute across multiple poles, or follow industrial corridors—and traces the inter-
city linkages along which emission pressure propagates. It is crucial to clarify that these
‘emission linkages’ conceptually denote the economic spillovers and the spatial transfer of
embodied carbon driven by inter-city socioeconomic interactions (e.g., trade, investment,
and industrial relocation), rather than the physical atmospheric diffusion of CO2. Gravity-
based models are the standard tool for this purpose: they combine socioeconomic mass
terms with geographic distance to infer the network structure of regional emissions from
city-level statistical inputs [16,17]. Moreover, carbon emissions can exert certain impacts on
the health of community residents, socioeconomic conditions, and human activities [18–20].
In order to explore the characteristics and change mechanisms of urban carbon emissions,
as well as the influencing mechanisms associated with urban spatial land-use change,
artificial intelligence, large language models, and related technologies have already played
a considerable role [21–23]. In the process of urban development, industrial growth and
various types of environmental emissions have also exerted significant influence on ur-
ban carbon emissions and the driving variables have been discovered [24–26]. Finally,
multi-scenario land-use simulation models project spatial trajectories under alternative
policy assumptions [8,27]. Land-use simulation models have developed through several
generations: CA-Markov captures aggregate transition probabilities; FLUS [28] improved
suitability estimation through neural-network-based driver weighting, and PLUS [29]
added a patch-generation mechanism that better reproduces the contiguity of real land
parcels. Building on these, the intPLUS model advances simulation by incorporating
random-forest-derived transition probabilities and consistency-based interaction networks,
explicitly quantifying driving and inhibiting effects among competing land-use types [30].
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Despite the analytical value of these four streams, implementations that run all com-
ponents on shared spatial units at the intra-provincial scale remain uncommon. When all
components are run on shared spatial units, their outputs can be read against one another
in ways that separate applications cannot: accounting magnitudes can be interpreted in
light of the ESC/ECC configuration that produces them, the ESC/ECC pattern can be
located within the inter-city gravity-network structure, and scenario projections can be
traced through both the accounting and the ecoeconomic dimensions to identify where
projected change concentrates. By integrating spatial emission linkages with land-use
changes, a framework is constructed to reveal the scale-dependent relationships between
explicit and implicit land-use transitions and carbon emissions [31]. Furthermore, drawing
upon the characteristics of core–periphery spatial diffusion and factor mismatches, this
integration provides a robust quantitative basis for formulating carbon neutrality strategies
and economic policies, including cross-regional industrial compensation and precise land
allocation [32–34]. Table 1 summarizes the closest prior studies, illustrating that most
existing frameworks combine a subset of tools without formally integrating spatial inter-
action networks. To bridge this gap, Jiangsu Province serves as an informative setting.
Characterized by high economic density, strong south–north differentiation [35], dense
urban corridors, coastal wetlands [36], and advanced statistical capacity, Jiangsu represents
a critical spatial mismatch between industrial agglomeration and ecological constraints.

Table 1. Methodological comparison of recent regional land-use and carbon-balance studies.

Study Scale & Study
Area

Land-Use
Simulation

Carbon
Accounting

Spatial
Interaction &
Coupling

Zhang et al.
(2025) [37] Shandong None Super-SBM Gravity model &

SNA
Shi et al.
(2024) [38] Coastal cities FLUS InVEST None

Hua et al.
(2025) [9] Mining area PLUS InVEST Geodetector &

Moran’s I

This Study Jiangsu intPLUS Emission &
Sequestration

Gravity-based
network &
ESC/ECC

This study develops an integrated computational framework that combines coefficient-
based carbon accounting, ESC/ECC ecoeconomic indicators, a gravity-based emission-
linkage model, and intPLUS-based multi-scenario land-use simulation within a common
data stack (utilizing the China Land Cover Dataset, CLCD). The specific objectives are:
(1) to integrate the three components into a single workflow operating on shared spa-
tial units; (2) to benchmark the simulation component against observed 2020 land use
through a hindcast; (3) to characterize the spatiotemporal evolution of Jiangsu’s car-
bon balance and emission linkages from 1995 to 2020; and (4) to project the 2030 car-
bon balance under natural-development (ND), ecological-protection (EP), and economic-
development (ED) scenarios to quantify divergence across pathways. It is important to
distinguish method transferability from result generalizability: while the modular archi-
tecture of this workflow is technically portable to other subnational systems, parameter
values, scenario assumptions, and network interpretations must be recalibrated for each
unique province.
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2. Materials and Methods
2.1. Study Area

Jiangsu Province is located on China’s eastern coast in the core area of the Yangtze
River Delta and is a key component of the Yangtze River Economic Belt (Figure 1). It covers
approximately 107,200 km2 and is administratively divided into 13 prefecture-level cities,
which serve as the spatial units of the present analysis. The terrain is predominantly low-
lying plains, with higher elevations in the southwest around Nanjing and Zhenjiang and
in the north around Xuzhou, reaching approximately 571 m (Figure 1). The province also
features extensive coastal wetlands along the Yellow Sea and dense river and lake networks
supporting diverse ecosystem types [36]. The climate is subtropical to warm-temperate,
with mean annual precipitation between roughly 800 mm in the north and 1200 mm in
the south.

Figure 1. Geographic context of the study area, Jiangsu Province.

Jiangsu exhibits a pronounced south–north gradient in economic structure and
land-use composition [35]. The southern subregion—including Nanjing, Suzhou, Wuxi,
Changzhou, and Zhenjiang—is highly industrialized and urbanized, with construction land
occupying a large share of the territory and per-capita GDP among the highest in China.
The central and northern subregions are characterized by larger cropland shares, lower
industrial intensity, and more substantial forest and wetland cover. This intra-provincial
heterogeneity in economic and ecological conditions, together with active dual-carbon
policy implementation across all 13 cities, provides the structural context within which the
present framework is applied.
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https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 5 of 30

2.2. Datasets

This study employs the 13 prefecture-level cities of Jiangsu Province as the primary
spatial units and analyzes historical data at six periods (1995, 2000, 2005, 2010, 2015, and
2020). Land-use data were obtained from the China Land Cover Dataset and reclassified into
six categories (http://geodata.nnu.edu.cn, accessed on 15 April 2026). Statistical indicators
include energy consumption, resource consumption, population, and GDP, with data
mainly sourced from the China Energy Statistical Yearbook, the Jiangsu Statistical Yearbook, and
other authoritative publications. Natural geographic factors fundamentally shape land-use
patterns, development intensity, and trajectories, thereby constraining the spatial potential
for built-up area expansion. Locational factors significantly influence the economic costs
of land-use and land-cover change (LUCC) and constitute key external forces attracting
the outward expansion of urban construction land. Meanwhile, the immediate driver
of construction-land expansion is the intrinsic demand associated with socioeconomic
development, which itself is molded by a range of socioeconomic factors.

To enable future scenario simulations, ten explanatory variables were selected across
three dimensions—natural, locational, and socioeconomic (https://www.openstreetmap.
org/, accessed on 1 May 2026; https://www.resdc.cn/, accessed on 1 May 2026). Notably,
distance-to-road variables were disaggregated into distances to primary, secondary, and
tertiary roads. Latent variables focus on core driving forces that may exert profound
impacts on future land-use patterns. Drawing on policy documents such as the Jiangsu
Spatial Master Plan (2021–2035), policy orientation was incorporated into the latent-variable
system to more comprehensively capture and analyze potential trends and drivers of future
land-use change. Table 2 details the categorization, sources, spatial resolution, and time
coverage of all datasets, addressing the requirements for reproducible modeling.

Table 2. Data description and specifications.

Category Data Data Source Data Type Spatial
Resolution

Time
Coverage Preprocessing/Vintage

Land-use dataset CLCD Wuhan University
(http://geodata.nnu.edu.cn) Raster 30 m 1995–2020

Reclassified into 6 classes;
projected to
WGS_1984_UTM_Zone_50N.

Natural factors DEM, Slope
Resource and Environmental
Science Data Platform, China
(https://www.resdc.cn/)

Raster 30 m 2020 Slope derived from DEM
using Spatial Analyst.

Precipitation,
Temperature, NDVI RESDC Raster 1 km 1995–2020 Annual means; resampled

via bilinear interpolation.

Locational factors

Distance to
government,
railroad, roads,
river

https:
//www.openstreetmap.org/;
RESDC

Raster Vector original 2020
Euclidean distance
calculated from vector
networks.

Raster
Socioeconomic
factors

Population density,
Gridded GDP RESDC Raster 1 km 1995–2020

Used exclusively as driving
factors for intPLUS
allocation.

Restricted area
data

Nature reserves,
Main streams,
Ecological Redlines

RESDC; Jiangsu Spatial Master
Plan Vector N/A 2020

Binarized as absolute
restriction layers
(1 = restricted,
0 = allowed).

City-level
Statistical data

Energy/resource
consumption,
Population, GDP,
Disposable income

China Energy Statistical
Yearbook; Jiangsu Statistical
Yearbook

Panel Prefecture-city
level 1995–2020

Used for carbon accounting
and Gravity Model. GDP
deflated to 2015 constant
prices.

Note: CLCD—China Land Cover Dataset; DEM—Digital Elevation Model; NDVI—Normalized Difference
Vegetation Index; RESDC—Resource and Environmental Science Data Platform.
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2.3. Data Processing and Reproducible Workflow

To ensure strict spatial and temporal alignment across the integrated framework, a
standardized data-processing workflow was implemented prior to analysis:

1. Coordinate Reference System and Resampling: All spatial raster and vector data
were uniformly projected to the WGS_1984_UTM_Zone_50N coordinate reference
system to minimize area distortion. Rasters with varying original resolutions (e.g.,
1 km meteorological and raster socioeconomic data) were resampled to a consistent
30 m × 30 m resolution to match the CLCD land-use baseline. The nearest-neighbor
assignment was used for categorical data (e.g., land use, restricted areas), while bilinear
interpolation was applied to continuous variables (e.g., DEM, climate, distance drivers,
raster GDP/Population).

2. Land-Use Reclassification Crosswalk: The original CLCD thematic classes were ex-
plicitly aggregated into six target land-use types based on ecological functions and
carbon-accounting needs: CLCD Cropland → Cropland; CLCD Forest → Forest;
CLCD Shrub and Grassland → Grassland; CLCD Water and Snow/Ice → Water area;
CLCD Impervious → Built-up land; CLCD Barren → Unused land.

3. Statistical Data Alignment and Variable Distinction: A critical distinction was main-
tained between raster and statistical socioeconomic data. The 1 km raster Population
and GDP datasets were used solely as localized explanatory variables (driving forces)
for the intPLUS model to capture spatial suitability. Conversely, the city-level statisti-
cal population and GDP (sourced from yearbooks) were utilized as macroeconomic
mass variables in the gravity-based emission-linkage model. To eliminate inflation-
ary artifacts, statistical GDP was deflated to 2015 constant prices using provincial
GDP deflators. For energy accounting, 10 primary categories were extracted from
the yearbooks strictly aligned with the exact raster years (1995, 2000, 2005, etc.):
raw coal, briquettes, coke, crude oil, gasoline, kerosene, diesel, fuel oil, natural gas,
and electricity.

4. Missing Values and Spatial Aggregation: Isolated missing values in rasters were filled
using a 3 × 3 focal mean nearest-neighbor algorithm. To convert continuous pixel-level
outputs (such as simulated land-use areas and gridded parameters) into prefecture-
level city summaries for the ESC/ECC and gravity models, the Zonal Statistics as
Table function was employed. To guarantee temporal consistency despite historical
administrative adjustments, the 2020 Jiangsu prefecture-level city boundary vector file
was applied uniformly as the fixed aggregation baseline for all years (1995–2030).

2.4. Method

This study develops a carbon-balance analysis framework (Figure 2) with three core
modules: carbon emission and sequestration accounting, intra-provincial spatial-interaction
analysis, and multi-scenario land-use simulation. First, emissions and sequestration are
estimated by land-use type—cropland, forestland, grassland, water bodies, and unused
land—using coefficient-based methods, while construction-land emissions are derived indi-
rectly from energy consumption and emission factors. Second, spatial-interaction analysis
is operationalized through two complementary tools, the Ecological Support Coefficient
(ESC) and Economic Contribution Coefficient (ECC), which quantify the local economy–
ecology relationship within each city, and a gravity-based emission-linkage model that
uses GDP, population, emissions, and inter-city distance to characterize the network struc-
ture of inter-city emission attraction. Third, the intPLUS model simulates 2030 land-use
and carbon-balance trajectories under three scenarios—natural development, economic
development, and ecological protection—to compare carbon budgets across alternative de-
velopment pathways. Within this integrated assessment workflow, regional socioeconomic
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factors (e.g., population, GDP, energy demand) and scenario-specific policy constraints
serve as exogenous inputs. The outputs of the multi-scenario land-use simulation module
feed directly into the carbon accounting module to generate spatially explicit emission
and sequestration totals. These accounting totals, in turn, feed into the spatial-interaction
module to calculate the ESC/ECC indicators and construct the gravity-based emission
network. The resulting land-use configurations, carbon budgets, and emission network
topologies are evaluated as endogenous variables. Consistent with its design as a unidirec-
tional pipeline, the framework does not currently model dynamic feedback; the outputs of
the spatial-interaction module do not feed back to alter land-use transition probabilities or
energy demand inputs.

Figure 2. Research framework.

2.4.1. Carbon Emission and Sequestration Balance

Carbon emissions and sequestration are estimated by land-use type. For natural
land categories—cropland, forestland, grassland, water bodies, and unused land—total
carbon flux is calculated as the product of the area of each land type and its corresponding
emission or sequestration coefficient [10]. For construction land, emissions are dominated
by human energy use rather than land cover itself and are therefore estimated indirectly
from energy-consumption data and emission factors.

For direct measurement, carbon emissions from cropland, forestland, grassland, water
bodies, and unused land can be estimated using coefficient calculation methods, repre-
sented by the following formula:

CEi = Si × θi, (1)

where CEi represents the direct carbon emission, Si denotes the area of the ith land use,
and θi indicates the carbon emission coefficient for the ith land-use type.

For indirect measurement, the primary source of carbon emissions from construction
land is the emissions resulting from energy consumption. By referring to prior research,
the consumption of ten types of energy, such as coal, coke, and electricity, combined with

https://doi.org/10.3390/systems14070872
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energy conversion coefficients and CO2 emission coefficients, can be utilized to calculate
the energy consumption in urban production and daily life, as well as the carbon emissions
from construction land. The relevant calculation formula is as follows:

CEi = ∑ ei × βi × εi, (2)

where ei represents the quantity of the ith type of energy used, βi denotes the coefficient
that converts the ith type of energy into standard coal, and εi stands for the carbon emission
coefficient of the ith type of energy.

To ensure transparency and reproducibility, the specific carbon sequestration coeffi-
cients for natural land-use categories are detailed in Table 3. A strict sign convention is
applied herein, whereby positive values denote carbon emissions (sources) and negative
values indicate carbon sequestration (sinks). To account for the specific regional character-
istics of Jiangsu Province, these coefficients were calibrated using localized ecological data
to reflect the net annual carbon sequestration flux per unit area.

Table 3. Carbon sequestration coefficients for natural land-use types.

Land-Use Type Coefficient
Value Unit Sign

Convention Represents Source

Cropland −0.0095 t C/(ha·yr) Negative (−) Annual
Sequestration

Localized
calibration

Forest −0.9985 t C/(ha·yr) Negative (−) Annual
Sequestration

Localized
calibration

Grassland −1.1184 t C/(ha·yr) Negative (−) Annual
Sequestration

Localized
calibration

Water Area −0.3124 t C/(ha·yr) Negative (−) Annual
Sequestration

Localized
calibration

Unused Land 0 t C/(ha·yr) Neutral (0) Annual
Sequestration

Localized
calibration

For the indirect measurement of built-up land emissions, the conversion factors for
standard coal equivalents (SCE) and the carbon emission factors for major energy sources
are presented in Table 4. These parameters are strictly derived from the guidelines of the
Intergovernmental Panel on Climate Change (IPCC) and the National Development and
Reform Commission of China (NDRC).

Table 4. Standard coal conversion and carbon emission factors for major energy types.

Energy Type Conversion Factor
to SCE (βi)

Unit Carbon Emission
Factor (εi)

Source

Raw Coal 0.7143 kg SCE/kg 0.7559 kg C/kg
SCE

IPCC
(2006)/NDRC

Coke 0.9714 kg SCE/kg 0.8550 kg C/kg
SCE

IPCC
(2006)/NDRC

Crude Oil 1.4286 kg SCE/kg 0.5857 kg C/kg
SCE

IPCC
(2006)/NDRC

Gasoline 1.4714 kg SCE/kg 0.5538 kg C/kg
SCE

IPCC
(2006)/NDRC

Kerosene 1.4714 kg SCE/kg 0.5714 kg C/kg
SCE

IPCC
(2006)/NDRC

Diesel 1.4571 kg SCE/kg 0.5921 kg C/kg
SCE

IPCC
(2006)/NDRC

Fuel Oil 1.4286 kg SCE/kg 0.6185 kg C/kg
SCE

IPCC
(2006)/NDRC

Natural Gas 1.3300 kg SCE/m3 0.4483 kg C/kg
SCE

IPCC
(2006)/NDRC

Furthermore, it is essential to clarify the conceptual boundary of our carbon accounting.
In this study, the ‘land-use carbon balance’ serves as an integrated proxy rather than a
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strict measure of direct land fluxes alone. The emissions assigned to ‘built-up land’ are
derived from territorial energy consumption, encompassing industrial, transportation, and
residential activities occurring within that spatial footprint, rather than solely emissions
triggered by the physical conversion of land. Therefore, our estimates represent territorial
energy emissions localized to built-up land areas, combined with the direct biophysical
sequestration fluxes of natural lands. This hybrid accounting approach is necessary to
bridge socioeconomic metabolic activities with spatial land-use planning.

2.4.2. Ecoeconomic Carbon Balance Simulation

The Ecological Support Coefficient (ESC) evaluates a region’s relative ecological buffer-
ing capacity within the broader provincial context. Rather than an absolute ratio of local
sinks to local emissions, ESC is measured as the ratio of a city’s share of the provincial
carbon sink to its share of provincial carbon emissions. When the ESC value exceeds 1, it
indicates that the city contributes a larger share to the provincial carbon sink than it does
to provincial carbon emissions, reflecting a relative ecological advantage. Conversely, an
ESC value below 1 suggests that the city’s emission share outpaces its sink contribution
share. Thus, ESC reflects the relative position and ability of a region to support carbon sink
development within the provincial system [13,39]. The formula for ESC is as follows:

ESC =

(
CSi
CS

)
(

CEi
CE

) (3)

where CSi denotes the carbon absorption of city i, CS represents the total carbon absorption
in Jiangsu Province, CEi is the carbon emissions of city i, and CE is the total carbon
emissions in Jiangsu Province.

Similarly, the Economic Contribution Coefficient (ECC) evaluates the relative economic
efficiency of carbon emissions. Instead of simple GDP per unit of emissions, ECC is
measured as the ratio of a city’s share of the provincial Gross Domestic Product (GDP)
to its share of provincial carbon emissions. This relative index allows for evaluating
the variability of economic efficiency in carbon emission management across different
regions [14]. When ECC exceeds 1, it indicates that the city contributes a larger share to
the provincial economy than its share of provincial emissions, signifying high relative
carbon-economic efficiency. Its calculation formula is as follows:

ECC =

(
Gi
G

)
(

CEi
CE

) (4)

where Gi represents the GDP of city i, G is the total GDP of Jiangsu Province, CEi denotes the
carbon emission of city i, and CE represents the total carbon emissions in Jiangsu Province.

To rigorously characterize the spatial correlation network of carbon emissions among
cities, this study employs a modified gravity model. The traditional gravity model, widely
used in regional economics, often relies on geographic distance and singular mass vari-
ables. Drawing upon the theoretical framework established by Chen et al. (2018) [16] and
subsequently refined for carbon network analysis in the recent spatial econometric litera-
ture, a multidimensional mass term was constructed.Theoretically, the ‘emission linkage’
(Rij) evaluated by this model is defined as the socioeconomic spatial spillover of carbon
emissions. In practical terms, it quantifies the intensity of economic dependencies and
embodied carbon transfers between jurisdictions dictated by industrial linkages and factor
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mobility, explicitly excluding physical atmospheric dispersion. The improved model is
formulated as follows:

Rij = kij ×
3
√

Gi × Pi × Ci × 3
√

Gj × Pj × Cj( dij
gij

)2 , kij =
Ci

Ci + Cj
(5)

where Rij represents the directed spatial emission attraction from city i to city j, and dij is
the Euclidean geographic distance between the two cities. G, P, and C denote the Gross
Domestic Product, year-end population, and carbon emissions of the respective cities. The
geometric mean form ( 3

√
G × P × C) is adopted as the mass term to assign equal elasticities

to economic scale, demographic size, and emission volume, preventing any single extreme
metric from skewing the network structure.

Crucially, to reflect the reality that economic and technological disparities mitigate the
friction of geographic distance, gij is introduced as the absolute difference in per capita
disposable income (gij = |ei − ej|). The absolute value prevents negative attraction values.
To avoid the mathematical instability (division by zero) highlighted in previous network
studies when two cities possess identical income levels, gij is bounded by a minimal floor
value (ϵ = 1) if |ei − ej| < 1.

The regulating factor kij introduces asymmetry into the network, explicitly defining
Rij as a directed graph. Theoretically, the directionality signifies the unequal hierarchical
influence within the emission network: a city with a larger emission volume (Ci > Cj)
exerts a stronger gravitational pull on the bilateral linkage, reflecting its dominant role as
an industrial core or energy-consumption hub that drives embodied carbon transfers from
peripheral neighbors.

To transform the continuous spatial attraction matrix R = [Rij] into a discrete network
structure, inter-city emission linkages were conceptualized as a weighted directed graph.
Rather than applying a single binary cutoff, the threshold criteria for establishing hierarchi-
cal linkages were determined via the Natural Breaks (Jenks) optimization method. This
approach discretizes the continuous Rij values into five operational tiers (0–0.2, 0.2–0.5,
0.5–1.5, 1.5–3, and >3), thereby minimizing intra-class variance and explicitly isolating dom-
inant spatial linkages. Furthermore, to quantitatively delineate ‘core’ and ‘periphery’ nodes
within the network framework without discarding edge weights, Nodal Spatial Strength
(Si) is employed in place of unweighted degree centrality. This metric is mathematically
formulated as the sum of all gravity linkages associated with city i:

Si =
N

∑
j=1,j ̸=i

Rij +
N

∑
j=1,j ̸=i

Rji (6)

where N = 13. Nodes with the highest Si values mathematically constitute the network
core, dictating the regional emission configuration.

2.4.3. Multi-Scenario Simulation of Jiangsu Province Based on the intPLUS Model

The intPLUS model is a second-generation land-use simulation model based on patch
generation (PLUS) that aims to reveal the fundamental mechanisms of land-system evo-
lution by exploring the competition between various land-use types. By introducing
interaction networks, the model quantifies the driving and suppressing effects between
different land-use types, thereby improving the accuracy of land-use change predictions.
The intPLUS model employs a random forest algorithm to analyze the driving mecha-
nisms of land-use changes and constructs an interaction network of land-use types using
consistency information, while also incorporating the mutual suppressive effects between
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different types to more accurately reflect the competitive relationships among land uses.
Compared to traditional models like CA-Markov and FLUS, the intPLUS model has notable
advantages in simulating land-use changes, particularly with its innovative introduction of
a patch-based generation mechanism. This mechanism moves beyond reliance on pixel-
level transitions and better replicates the spatial aggregation and continuity of land use
by simulating the growth process of patches. Additionally, the intPLUS model integrates
various driving factors, such as natural, socioeconomic, and situational factors, while using
machine learning methods to select and optimize their importance, thus enhancing the
scientific basis for factor selection and the interpretability of results [30,40,41].

In terms of scenario simulation, the intPLUS model supports multiple scenario settings
and the incorporation of policy constraints, allowing for differentiated simulations of future
land-use patterns while considering practical planning requirements, such as farmland
protection, ecological red lines, and urban boundaries. In comparison to other models,
intPLUS excels in predictive accuracy, spatial pattern realism, and flexibility in scenario
simulations, particularly in areas impacted by complex human activities, such as regions
experiencing rapid urbanization. Therefore, the intPLUS model provides a more robust and
efficient technical support for conducting coupled analyses of land use and carbon balance.

To rigorously project future land-use patterns, the macroscopic land-use demand
for 2030 was initially calculated using a Markov chain model based on the historical
transition probability matrix spanning 2010 to 2020. Subsequently, to reflect divergent
policy trajectories, three distinct scenarios were formulated. The specific adjustment factors
for transition probabilities were systematically calibrated based on provincial planning
documents and historical transition elasticities, ensuring empirical validity. The detailed
parameters, policy constraints, and adjustment rules are comprehensively outlined in
Table 5.

1. Natural-Development (ND) Scenario: As the baseline, this scenario assumes an ab-
sence of major policy interventions. It strictly extrapolates the historical land-use evo-
lution trends (2010–2020) driven by natural and socioeconomic inertia. The Markov-
derived baseline transition probabilities are applied directly without subjective modi-
fications, establishing a quantitative benchmark for evaluating alternative pathways.

2. Ecological-Protection (EP) Scenario: This scenario operationalizes the strict ecological
redlines and afforestation mandates stipulated in the Jiangsu Spatial Master Plan
(2021–2035) and the 14th Five-Year Plan for Forestry and Grassland. To meet the ex-
plicit policy target of achieving a 26% forest coverage rate by 2030, historical transition
probabilities were calibrated: the probability of cropland converting to forestland and
grassland was amplified by 60% to simulate intensive ecological restoration. Con-
currently, to simulate stringent urban growth boundaries, the probability of natural
lands (cropland, forest, grassland) converting to built-up land was penalized by 20%.
Furthermore, water bodies were designated as absolute restricted areas, with the
conversion probability to built-up land constrained to zero.

3. Economic-Development (ED) Scenario: This scenario projects a trajectory of ac-
celerated industrialization and infrastructure expansion. The transition probability
adjustments were empirically grounded in the peak historical elasticities of urban
expansion observed during Jiangsu’s rapid growth phase (2000–2010). Consequently,
the probabilities of forestland, grassland, and water bodies converting to built-up land
were increased by 15%, 10%, and 10%, respectively. To simulate the structural lock-in
effect of urbanization, the likelihood of built-up land reverting to other ecological
typologies was drastically reduced by 60%.
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Table 5. Comprehensive scenario parameters, adjustment rules, and policy constraints for
2030 simulations.

Scenario Transition Probability Adjustments
(vs. Baseline)

Policy Constraints &
Restricted Areas

Demand
Model

ND Baseline: Unmodified historical
probabilities (2010–2020).

No absolute spatial
restrictions. Markov Chain

EP

- Cropland → Forest/Grassland: +60%
- Cropland/Forest/Grassland →
Built-up: −20%
- Water → Built-up: 0 (Prohibited)

- 14th Five-Year Plan (26%
forest target)
- Ecological redlines and
water bodies strictly
protected.

Markov Chain

ED
- Forest → Built-up: +15%
- Grassland/Water → Built-up: +10%
- Built-up → Other types: −60%

- Calibrated via 2000–2010
peak expansion elasticities.
- No ecological restrictions.

Markov Chain

Note: The baseline transition matrix derived from the Markov chain serves as the quantitative foundation. The
percentage adjustments listed above are applied as multipliers to these baseline probabilities within the intPLUS
model to generate the final scenario-specific transition matrices. The binary allowed/disallowed transitions (0 or
1) are implicitly enforced through the restricted area spatial layers.

3. Results
3.1. Spatiotemporal Patterns of LUCC

Land-use distribution and transitions in Jiangsu Province underwent marked changes
between 1995 and 2020, as illustrated in Figure 3. Overall, the period is characterized by
a persistent decline in cropland, substantial expansion of built-up land, modest increases
in forest and grassland, and generally stable water bodies with fluctuations. From the
temporal perspective, cropland remained the dominant land type, yet its spatial extent
was progressively encroached upon by urban built-up land. The most pronounced urban
expansion occurred along the Yangtze River corridor, in southern Jiangsu, and around
coastal urban agglomerations, forming a typical clustered development pattern “along
the river, along the coast, and along transport axes.” Meanwhile, in parts of northern
Jiangsu, adjustments in agricultural practices led to scattered edge conversions of cropland
into forest and grassland, indicating signs of ecological restoration. Water bodies were
concentrated mainly in the Taihu Basin and along the main stem and tributaries of the
Yangtze River; while the overall configuration remained largely unchanged, alternating
expansion–contraction cycles occurred locally, such as in northern Jiangsu wetlands and
central Jiangsu lakes.

Sankey-based transition analysis (Figure 4) indicates that the increase in built-up
land was driven primarily by the conversion of cropland, followed by contributions from
water and grassland, reflecting the crowding effect of rapid urbanization on land resources.
Although forest and grassland registered net gains, the overall magnitude was limited, and
existing ecological restoration efforts were insufficient to offset the pressure induced by
the expansion of built-up land. Overall, LUCC in Jiangsu reflects the spatial demands of
rapid economic growth while exposing substantial challenges for cropland protection and
ecological space security. Going forward, strict enforcement of the cropland protection
redline and the ecological conservation redline, coupled with more intensive and efficient
use of built-up land, and enhanced protection and restoration of water bodies and forest–
grass systems, will be essential to harmonize economic development with environmental
stewardship and to support high-quality development and the implementation of the
dual-carbon agenda.
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Figure 3. Spatial distribution of land use in Jiangsu Province from 1995 to 2020.

Figure 4. Sankey transition diagram of absolute land-use area changes (km²) in Jiangsu Province
across consecutive periods from 1995 to 2020.

3.2. Spatiotemporal Carbon-Balance Dynamics
3.2.1. Carbon Emissions and Sequestration

Based on statistical analyses of Jiangsu’s total carbon emissions from 1995 to 2020
(Figure 5) and the city-level spatial distribution (Figure 6), the spatiotemporal evolution of
net carbon emissions displays a clear pattern of “year-on-year increase with intensification
from north to south.” During 1995–2000, provincial emissions were generally low: most
jurisdictions recorded net emissions below 900 × 104 t, with only parts of southern Jiangsu
reaching relatively high levels. By 2005, emissions in southern Jiangsu and cities along the
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Yangtze River had risen markedly, and the spatial pattern began to exhibit a “high-south,
low-north” gradient.

Figure 5. Carbon–balance dynamics in Jiangsu Province.

Figure 6. Spatiotemporal patterns of carbon emissions in Jiangsu Province.

After 2010, emissions in southern Jiangsu—particularly Suzhou, Wuxi, and
Changzhou—surged rapidly, with some cities exceeding 1800 × 104 t, forming the
province’s high-value core. Meanwhile, emissions in central Jiangsu (Yangzhou, Nan-
tong, Taizhou) continued to rise, producing a belt-like expansion contiguous with the south.
In contrast, northern Jiangsu (Suqian, Huai’an, Lianyungang) maintained relatively low
emission levels; only Yancheng and Xuzhou showed notable increases after 2015, indicating
a widening north–south disparity. By 2020, the spatial configuration formed a “high in
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the south–moderate in the center–low in the north” pattern. This evolution indicates that
emission growth is primarily driven by industrial agglomeration and energy consumption
intensity, exhibiting clear spatial differentiation over the past two decades.

This evolution is closely aligned with regional differences in economic development,
industrial structure, and urbanization, suggesting that emission growth is primarily driven
by industrial agglomeration and the intensity of energy consumption [42,43]. Overall,
Jiangsu’s carbon emissions have exhibited pronounced spatial polarization over the past
two decades. The southern jurisdictions are characterized by high carbon pressure and
high economic output, whereas the northern regions possess stronger ecological carrying
capacity but lower economic contributions.

3.2.2. Ecoeconomic Carbon-Balance Analysis

Visualization of the spatial distributions of the ECC (Figure 7) and ESC (Figure 8)
indicates that Jiangsu’s ecological carrying capacity (ESC) remained generally low from
1995 to 2020, with high-value pockets occurring in parts of southern and central Jiangsu.
This pattern suggests that these areas possessed a certain buffering capacity for carbon
emissions on the basis of relatively favorable ecological conditions. During 2005–2010, ESC
declined markedly in several locales, especially within the industrially intensive zones of
southern Jiangsu, implying that rapid industrialization and urban expansion temporarily
pushed emissions beyond the regulatory and self-recovery capacity of local ecosystems.
By 2020, ESC had improved in parts of northern Jiangsu, whereas the core metropolitan
cluster in the south (Nanjing, Suzhou, Wuxi, Changzhou, etc.) remained in a low-carrying
state, yielding a distinct “low in the south–high in the north” gradient.

Figure 7. The distribution of ECC in Jiangsu Province.

Temporally, the economic carbon contribution (ECC) stayed at a broadly mod-
erate level province-wide, yet exhibited pronounced spatial heterogeneity. Southern
Jiangsu maintained persistently high ECC—most notably in Nanjing, Suzhou, and Wuxi—
manifesting a “high-carbon contribution” economic profile in which output is strongly
underpinned by carbon-intensive inputs. In contrast, several cities in northern Jiangsu
recorded relatively low ECC, indicating limited marginal contribution of emissions to
economic output and revealing constraints in development level and a resource-dependent
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industrial structure. Overall, ECC displays a “high in the south–low in the north” pattern
that closely mirrors the province’s economic development gradient.

Figure 8. The distribution of ESC in Jiangsu Province.

Juxtaposing ESC and ECC reveals a characteristic coupling pattern: “high
contribution–low carrying capacity” in the south and “low contribution–high carrying
capacity” in the north. While the southern urban agglomeration delivers robust eco-
nomic output, its emissions pressure exceeds local ecological capacity, intensifying envi-
ronmental constraints. Conversely, northern Jiangsu contributes less economically but
possesses stronger ecological carrying capacity, implying carbon sink potential and leeway
for low-carbon transitions. This configuration underscores a marked imbalance in Jiangsu’s
economy–environment system.

3.3. Carbon-Balance Connectivity Analysis

Figure 9 depicts Jiangsu’s carbon-emission gravity network in 2020. Based on the
classification criteria defined in Section 2.4.2, the continuous Rij values are mapped into
a five-tier discrete hierarchy. At the city scale, the intra-provincial system exhibits a dis-
tinctly networked and hierarchical configuration. Southern Jiangsu (Nanjing, Suzhou,
Wuxi, Changzhou, etc.), as the most economically advanced and industrially agglomerated
subregion, anchors the network’s core, with darker and thicker edges signaling markedly
stronger inter-city interactions in energy use and carbon emissions than elsewhere. Cen-
tral Jiangsu (Nantong, Yangzhou, Taizhou, Zhenjiang) functions as an intermediary belt
between the south and the north: its gravity ties with southern cities are relatively strong,
whereas its connections to northern cities are weaker, reflecting a tight coupling between
the province’s economic gradient and the spatial connectivity of emissions, as well as
the downstream transmission of influence from the core to the periphery. In contrast,
cities in northern Jiangsu (Xuzhou, Lianyungang, Huai’an, Yancheng, Suqian) generally
exhibit weaker gravity strengths with fewer and thinner links, indicative of more dispersed
energy consumption and industrial layouts and a lower degree of integration with the
core. This does not imply marginality across the board: Xuzhou, as the northern subre-
gional center, still exerts notable radiation and spillover effects on neighboring jurisdictions,
serving as a pivotal node within the subnetwork. Taken together, the emission gravity
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network presents a “strong south, weak north, and transitional center” spatial structure
that aligns closely with disparities in economic development, industrial composition, and
energy-use patterns, revealing a tendency for emissions to cluster along economic axes
and industrial belts. This network mirrors Jiangsu’s “south-to-north industrial transfer.”
Modeled hub-to-periphery linkages physically manifest as co-constructed projects like the
Suzhou–Suqian and Wuxi–Xuzhou Industrial Parks. These manufacturing relocations form
tangible corridors for inter-city embodied carbon transfers, proving the gravity model’s
practical value in capturing real macroeconomic correlations. Policy-wise, the findings call
for consolidating southern Jiangsu’s leadership in low-carbon technologies, green finance,
and institutional innovation to amplify positive spillovers; strengthening central Jiangsu’s
hub-and-transmission role by improving cross-city coordination and factor mobility to
align decarbonization pathways and clean-energy substitution; and intensifying support for
industrial upgrading and energy-efficiency improvements in northern Jiangsu, leveraging
its relatively low network embeddedness to foster green growth. These steps would help
harmonize the spatial configuration of emissions and enhance the overall efficiency of the
provincial network.

Figure 9. Carbon emission gravity network in Jiangsu Province.

Quantitative network indicators derived from the 2020 gravity matrix provide further
validation of this spatial hierarchy. The overall network density reached 0.342, reflecting
a highly interconnected emission system across the province. At the nodal level, spatial
polarization is evident: southern cities anchor the network core, with Suzhou recording
the highest Nodal Spatial Strength (Si = 18.45). Top-tier nodes in this subregion account
for approximately 40% of the total weighted connections, mathematically confirming their
roles as primary transmission hubs of embodied carbon transfers.
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Conversely, central cities function as an intermediary belt, maintaining moderate
yet crucial linkages that bridge the north and south. Northern cities generally exhibit
substantially lower centrality scores (e.g., Suqian, Si = 1.89), positioning them at the
network periphery. However, spatial heterogeneity persists even within the northern
subnetwork, where Xuzhou emerges as a localized hub (Si = 5.62) exerting radiation
effects on its immediate neighbors. These cross-sectional quantitative metrics substantiate
the “strong south, weak north, and transitional center” structural claim, demonstrating
that the core–periphery emission architecture is a robust, data-driven feature of Jiangsu’s
socioeconomic landscape.

3.4. Future Simulation

To rigorously validate the applicability and robustness of the intPLUS model for
provincial-scale land-use forecasting, a historical hindcast (training on 2000–2010 data
to predict 2020) was conducted. Recognizing that a single Kappa statistic may conceal
simulation errors in minority classes (e.g., forestland and grassland) due to the over-
whelming dominance of cropland in Jiangsu, we employed a comprehensive multi-metric
evaluation framework.

As detailed in Table 6, the intPLUS model achieved an Overall Accuracy (OA) of 0.895
and a Kappa coefficient of 0.823. To further decompose the simulation errors, we calculated
the Quantity Disagreement (QD) and Allocation Disagreement (AD). The intPLUS model
recorded a low QD of 0.041 and an AD of 0.064, indicating that the primary source of error
was minor spatial misallocation rather than massive quantity misestimation. Furthermore,
the Figure of Merit (FoM), a stringent metric explicitly measuring the accuracy of simulated
changes, reached 0.214, which is highly competitive for macroscopic regional simulations.

Table 6. Performance comparison between standard PLUS and intPLUS models for the 2020 hindcast.

Model OA Kappa QD AD FoM

Standard
PLUS 0.871 0.795 0.045 0.084 0.186

intPLUS 0.895 0.823 0.041 0.064 0.214

To justify the methodological choice, we benchmarked intPLUS against the standard
PLUS model under identical parameter settings. The intPLUS model outperformed the
standard PLUS across all critical metrics (e.g., FoM increased by 2.8%, and AD decreased
by 1.5%). This performance gain is primarily attributed to the intPLUS model’s consistency-
based interaction networks, which effectively capture the mutual inhibiting effects among
competing land uses, particularly improving the simulation accuracy of urban expansion
edges. Consequently, these comprehensive validation statistics firmly establish that the
intPLUS model is reliable for executing policy-relevant scenario projections in Jiangsu.

Scenario simulations for 2030 (Figure 10) reveal marked spatial heterogeneity and
policy orientation in Jiangsu’s land-use dynamics. Under the natural-development (ND)
scenario, built-up land expands along its historical trajectory, concentrating in southern
Jiangsu and the Yangtze River urban belt. This intensifies pressure on cropland and further
compresses ecological space, thus approaching the limits of regional ecological security.
The ecological-protection (EP) scenario substantially increases the extent and connectivity
of ecological space, particularly around the Taihu Basin and along the Yangtze corridor,
where forest and water areas expand and the ecological patch network becomes more
coherent. These changes highlight the positive effects of stringent ecological redlines and
systemic restoration policies on ecosystem services and carbon sequestration. In contrast,
the economic-development (ED) scenario features rapid outward expansion of built-up
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land and large-scale growth at metropolitan fringes. Cropland and portions of ecological
land are markedly encroached upon, increasing development intensity and impervious
surface coverage and exerting greater stress on ecosystem structure and function. Relative
to these scenarios, the observed 2020 pattern lies between ND and ED, reflecting a policy
mix that promotes built-up expansion while imposing some ecological constraints, yet it
still exhibits pronounced cropland loss and ecological fragmentation.

Figure 10. Future simulation of land use in Jiangsu Province under different development scenarios
in 2030.

A holistic comparison underscores that Jiangsu’s most favorable land-use pathway
hinges on the institutional balancing of economic growth, food security, and ecological
protection. Continued emphasis on growth may yield short-term gains through agglom-
eration and factor-efficiency improvements but risks accelerating ecosystem degradation
and carbon emissions, amplifying medium- to long-term environmental and climate risks.
Strengthening ecological constraints, by contrast, enhances carbon sinks and climate re-
silience through increased blue–green space, improved landscape connectivity, and more
coherent ecological networks, thereby providing ecological capacity for high-quality devel-
opment. Consistent with the “14th Five-Year Plan” and dual-carbon goals, forward-looking
optimization should strictly safeguard the cropland redline and food-security baseline
while coordinating the intensity and spatial layout of urban–rural built-up land. Prior-
ity should be given to improving the efficiency of existing built-up land, redeveloping
brownfields, and implementing basin- and process-based ecological restoration. In parallel,
expanding clean energy and green infrastructure capacity within the spatial system can help
build a coordinated configuration of production–living–ecological spaces and dynamically
optimize trade-offs among economic benefits, ecological quality, and carbon sequestration
for sustainable land-use outcomes.

Table 7 reports land-use structures and carbon accounting under three scenarios—
natural development, ecological protection, and economic development; future pathways
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exert markedly different and policy-discernible impacts on spatial configurations and the
provincial carbon budget. Under the natural-development scenario, built-up land continues
its inertial expansion to 23,367 km2, increasing fossil energy consumption and impervious
surface coverage, with carbon emissions rising to 12,326.59 × 104 t. Meanwhile, ecosystem
carbon uptake remains modest at −87.10 × 104 t, producing a pronounced systemic carbon
deficit. This pattern indicates that, absent strong constraints, inefficient built-up stock is
not effectively revitalized, while additional built-up intensity persistently encroaches on
ecological space and cropland, deviating the carbon balance from the dual-carbon trajectory.
In contrast, the ecological protection scenario consolidates the ecological land base and im-
proves landscape connectivity—expanding forests to 3431 km2 and grasslands to 1250 km2—
with built-up land correspondingly contracting to 22,265 km2. Emissions are thereby
contained at 11,745.26 × 104 t, and carbon uptake increases to −100.29 × 104 t, demon-
strating that ecological prioritization and systemic restoration can simultaneously curb
emission increments and enhance carbon sinks, narrowing the carbon gap and strength-
ening climate resilience. By comparison, the economic-development scenario reinforces
agglomeration-led, extensive expansion: built-up land climbs to 25,105 km2, cropland
declines to 59,045 km2, emissions escalate to 13,243.42 × 104 t, and carbon uptake drops to
the lowest of the three at −85.61× 104 t. This outcome shows that a singular focus on speed
and scale significantly magnifies the carbon–environmental costs of land use by shrinking
ecological land and fragmenting blue–green networks, thereby constraining the ceiling of
local carbon sinks and ecosystem services. Taken together, the ecological-protection path
delivers the most favorable carbon-balance performance by coupling emission suppression
with sink enhancement under development constraints and ecological security, whereas the
natural and economic scenarios exhibit, respectively, “inertial deficit widening” and “high-
pressure deficit exacerbation.” Therefore, to meet 2030 targets, policy optimization should
strictly safeguard cropland and ecological redlines, replace disorderly outward expansion
with quality- and efficiency-oriented development, advance brownfield redevelopment
and ecological network connectivity, and deploy nature-based solutions to co-optimize
land-use structure and carbon budgets for durable sustainability.

Table 7. Projections of carbon balance and land-use structure in Jiangsu Province for 2030 under
alternative scenarios.

Scenario Cropland Forest Grassland Water Area Built-Up
Land

Unused
Land

Carbon
Emission

(104 t)

Carbon
Sequestra-
tion (104 t)

Net
Carbon
Balance
(104 t)

ND 60,086 2867 609 14,786 23,367 151 12,326.59 −87.34 12,239.25
Percentage 58.99% 2.81% 0.60% 14.52% 22.94% 0.15%
EP 60,086 3431 1250 14,834 22,265 0 11,745.26 −100.29 11,644.97
Percentage 58.99% 3.37% 1.23% 14.56% 21.86% 0.00%
ED 59,045 2838 643 14,235 25,105 0 13,243.42 −85.61 13,157.81
Percentage 57.96% 2.79% 0.63% 13.97% 24.65% 0.00%

Land-use areas are in km2. ND—Natural development; EP—ecological protection; ED—economic development.
Net carbon balance is calculated as the sum of emissions and sequestration; lower positive values denote a more
favorable carbon budget.

It is important to acknowledge that the conclusion favoring the ecological protection
scenario relies on fixed area-based sink coefficients, which typically abstract away bio-
physical variations such as forest age, biomass density, and local climate conditions. To
address this uncertainty without overstating precision, a sensitivity analysis was conducted
by fluctuating the baseline sequestration coefficients by ±20%. Even under a pessimistic
low-sink scenario (−20%), the EP pathway yields a net carbon balance (emissions plus
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sequestration) of 11,665.03 × 104 t, which remains substantially lower than the baseline net
emissions of the ND (12,239.49 × 104 t) and ED (13,157.81 × 104 t) scenarios. Conversely,
under an optimistic high-sink scenario (+20%), the EP net balance improves further to
11,624.91 × 104 t. This demonstrates that while the absolute magnitude of the carbon
sink naturally scales with coefficient variations, the EP scenario consistently maintains
the lowest net carbon deficit across all sensitivity thresholds. Consequently, the relative
advantage of the ecological-protection pathway is structurally reliable and not merely an
artifact of static coefficient selection.

As shown in Figure 11, Jiangsu’s carbon-emission patterns display pronounced re-
gional heterogeneity and scenario-driven temporal dynamics. In the 2020 baseline, southern
Jiangsu records markedly higher emission intensities than the central and northern subre-
gions; Nanjing, Suzhou, and Wuxi cluster within the high-value band of 1800–2400 × 104 t,
underscoring the strong pull of industrial agglomeration and rapid urbanization on emis-
sions. Most of northern Jiangsu falls within the lower range of 0–600 × 104 t, indicating
more modest industrialization and urban development and a smaller marginal contribution
to the provincial total. Under the natural-development (ND) scenario, built-up land contin-
ues its inertial expansion, with high-emission patches spilling outward and consolidating
across the southern belt and Yangtze-adjacent cities, thereby amplifying the province’s
“high-south, low-north” gradient and entrenching cumulative pressure in the absence of
strong constraints.

Figure 11. Carbon emission distribution in 2030 under different scenarios.

In the ecological-protection (EP) scenario, increases in forest and water areas and
improved ecological connectivity effectively dampen growth in several hotspots, narrowing
the spatial footprint of high-value zones and constraining intensity boundaries; while the
south remains the emission core, the overall pattern exhibits signs of slope-reduction and
spillover-taming. By contrast, the economic-development (ED) scenario intensifies factor-
driven outward expansion and rapid sprawl of built-up land, pushing emission intensities
in the southern core higher and stabilizing hotspots above 2100× 104 t, thereby exacerbating
regional imbalance [44–46]. Taken together, all scenarios preserve the underlying “high-
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south, low-north” structure but diverge in scale and redistribution: ND accentuates inertial
accumulation, and EP achieves phased mitigation and hotspot contraction, whereas ED
magnifies system-wide pressure. Sustained ecological protection and land-use optimization,
coupled with energy-efficiency gains and decarbonization, can ease peak pressures in the
southern metropolis belt, unlock the carbon-sink potential of the north, and steer the
provincial carbon balance from a single-core concentration toward a more polycentric,
coordinated configuration.

4. Discussion
4.1. Carbon Balance in Jiangsu Province

The spatial mismatch between economic carbon contribution (ECC) and ecological
sink carrying capacity (ESC) across Jiangsu is driven primarily by regional disparities
in industrial agglomeration and land-use priorities. In the southern metropolitan belt,
rapid urbanization and energy-intensive manufacturing raise emissions faster than local
ecosystems can buffer them, producing a persistent “high-ECC, low-ESC” configuration.
Northern jurisdictions exhibit the opposite pattern, retaining latent sink potential while
generating lower carbon-economic output (“low-ECC, high-ESC”). Notably, the emission
totals derived from our multi-source statistical accounting exceed those reported by con-
ventional remote-sensing inversions [47–49]. This divergence reflects a methodological
tradeoff rather than an inconsistency: satellite retrievals offer broad and continuous spa-
tial coverage, whereas city-scale statistical accounting resolves the fine-grained industrial
structure and sector-specific energy use that macroscopic proxies tend to obscure.

The progressive weakening of ecological carrying capacity under sustained economic
expansion reinforces this economy–environment mismatch [50,51], and correcting it re-
quires measures that extend beyond the unilateral augmentation of carbon sinks [52].
Because the framework links each policy implication to an explicit spatial model output,
three priorities follow directly from the results. First, the rapid erosion of sink benefits
projected under unconstrained built-up land expansion establishes the need for tighter
intensity control of built-up land and for brownfield redevelopment [53–55]. Second, the
spatial heterogeneity of the ESC/ECC mismatch points to differentiated mitigation path-
ways: ecological quotas can be directed toward low-emission, high-capacity jurisdictions to
maximize sink potential, while stricter land-use constraints are warranted in high-emission
industrial cores. Third, the centrality structure of the emission-linkage network, which iden-
tifies the southern Jiangsu cluster as the principal transmission hub, provides the empirical
basis for interjurisdictional coordination policies [56]. It should be emphasized, however,
that the present framework simulates only land-use change and accounting-based carbon
balances. Broader interventions—such as green-finance development [57], clean-energy
substitution, industrial upgrading [58], building retrofits, transport electrification [59], and
engineered carbon storage [60]—are not represented in the model [61–63]. These options
are therefore presented as contextual recommendations rather than model-derived findings,
intended to complement the spatially explicit source-control and sink-enhancement strate-
gies and to help reconcile high-quality economic development with long-term ecological
protection [64].

4.2. Future Carbon-Balance Prediction Based on Different Scenarios

The 2030 scenario simulations reveal how Jiangsu’s emission–sink balance diverges
across development pathways, offering a basis for strategy and policy design. Under the
natural-development (ND) scenario, the inertial expansion of built-up land and the gradual
loss of cropland keep emissions elevated while limiting sink gains, worsening the overall
balance and confirming that, in the absence of stringent constraints, urban expansion
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remains the dominant driver of emission growth [65,66]. The ecological-protection (EP)
scenario expands forest and water areas and strengthens ecological connectivity, thereby
enhancing carbon uptake and moderating the spillover effects of built-up land, with the
most pronounced sink gains in northern Jiangsu and along the Yangtze [67–69]. The
economic-development (ED) scenario, by contrast, intensifies spatial demand for built-up
land and industry; the resulting rise in development intensity across southern Jiangsu and
the Yangtze urban belt accelerates emission growth and widens the carbon deficit.

Spatially, the projected 2030 balance follows a “high-emission south–transitional
center–high-sink-potential north” gradient that aligns with the province’s economic tiers
and land-use structure, lending the simulations both plausibility and explanatory value.
Discrepancies from other studies in emission magnitude and spatial configuration largely
reflect differences in scale and method [70–72]: metropolitan-scale simulations tend to lose
accuracy as internal heterogeneity increases [73], whereas the province-scale, multi-source,
intPLUS-coupled approach adopted here more faithfully traces the structural linkages
between land-use change and emission–sink dynamics. Taken together, the results indicate
that Jiangsu’s future carbon balance is strongly contingent on development orientation: an
extensive-growth pathway intensifies emission pressure, whereas a pathway prioritizing
ecological protection and carbon-stock enhancement materially improves the balance while
generating co-benefits for ecosystem services and habitat integrity [74,75].

Mitigating the projected carbon deficit calls for spatial planning mechanisms mapped
precisely onto specific scenario outcomes and network characteristics. Strict ecological-
redline protection and green-infrastructure expansion, for instance, follow directly from
the carbon-sink improvements observed under the EP scenario [76], while the case for
interjurisdictional coordination derives from the hierarchical emission-linkage network,
in which the high-ECC, low-ESC southern core operates as the central hub. The spatial
reallocation of land-use quotas—constraining new construction-land approvals at satu-
rated southern nodes and directing ecological-restoration quotas northward—is supported
directly by the simulation results; the associated economic instruments, such as financial
subsidies and green-technology transfers, remain outside the model. These cross-regional
compensation mechanisms are therefore offered as contextual recommendations intended
to facilitate, in practice, the spatial reallocations that the model does support.

4.3. Limitations and Future Work

Several methodological uncertainties and structural limitations warrant future re-
finement. First, regarding source–sink accounting, the reliance on generalized, literature-
derived coefficients [27] obscures the spatiotemporal heterogeneity of carbon dynamics
driven by stand type, species composition, and management practices [77,78]. Replacing
these with locally calibrated plot data would mitigate systematic bias, just as integrating
dispersed end-use data would improve built-up land emission estimates. Furthermore, the
current scenario model implicitly holds the energy structure and carbon intensity constant
at historical coefficient levels. Consequently, construction-land emissions are primarily
treated as a function of land expansion (a scale effect), without explicitly separating the
mitigating impacts of energy-system decarbonization, industrial restructuring, or electricity
mix improvements (intensity effects) [79–81]. Future research should decompose built-up-
land emissions into distinct scale and intensity terms to better connect spatial planning with
the underlying economic drivers of emissions, rather than treating construction land as a
black-box carbon source. Additionally, while the ESC and ECC ratios effectively illuminate
macro-level economy–ecology coupling, they oversimplify the multidimensional carbon
balance [82–84]. Extending these into composite indices would enrich the assessment, albeit
requiring rigorous sensitivity analyses to address weighting subjectivity.
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Second, the modeling framework faces constraints at both the component and system
levels. At the component level, the gravity model captures static mass–distance attractions
but omits flow-resolved embodied carbon, such as that embedded in trade networks, point-
ing to the value of complementary multi-regional input–output (MRIO) integration [85,86];
likewise, the land-use simulation, though reliably validated (Kappa = 0.82), is constrained
by the resolution of available digital policy datasets, so that incorporating high-resolution
urban boundaries and sectoral decarbonization roadmaps would further improve predic-
tive accuracy [87–89]. This latter data bottleneck may itself be eased by ongoing advances in
large language models, graphical models, and other deep learning methods—for example,
by automatically parsing and structuring land-use constraints such as ecological redlines,
zoning provisions, and sectoral decarbonization targets from unstructured planning and
policy documents into the machine-readable inputs that scenario design requires [90–92].
At the system level, the framework operates as a unidirectional pipeline: spatial emission
linkages do not feed back to update land-use transition probabilities in intPLUS, and
endogenizing this feedback loop is vital for capturing genuine socio-ecological dynamics.

Third, a spatial resolution mismatch restricts direct decision-making applicability:
macro-level prefecture simulations cannot directly dictate micro-parcel or county-level
development permits. To robustly address forecasting uncertainties, future research should
employ Monte Carlo or Latin-hypercube sampling to establish formal confidence bounds
for 2030 projections [93], and leverage ensemble machine learning within intPLUS to
generate probabilistic, rather than deterministic, scenarios.

Despite these limitations, the core contribution of this study is a broadly adapt-
able framework that integrates land-use simulation, ecoeconomic assessment, and spatial
emission-network tracing. Land-use decarbonization is integral to the 2030 Agenda for
Sustainable Development. It underpins progress on climate action (SDG 13) and connects
closely to sustainable cities and communities (SDG 11) and the protection of terrestrial
ecosystems (SDG 15) [94,95]. This linkage matters most across the Global South, where
rapid urbanization often outpaces monitoring capacity [96,97]. In such settings, trans-
ferable and data-light assessment tools are especially valuable for aligning development
with emission-reduction targets. Because it draws on open-access global datasets (e.g.,
GlobalLand30, ESA CCI, EDGAR), the framework transfers readily to other regions. It is
well suited to rapidly urbanizing corridors in the Global South, to agricultural frontiers
balancing development with conservation, and to established industrial belts undergoing
low-carbon transitions.

5. Conclusions
This study developed a coupled computational framework for provincial carbon-

balance projection that integrates three components—coefficient-based carbon accounting,
intra-provincial spatial-interaction analysis (operationalized through ESC/ECC ecoeco-
nomic indicators and a gravity-based emission-linkage model), and intPLUS-based multi-
scenario land-use simulation—within a common data stack. The framework was applied
to Jiangsu Province, China, for the period 1995–2020 and used to project 2030 outcomes
under natural-development, ecological-protection, and economic-development scenarios.
The main conclusions are as follows:

1. The framework operates coherently at the intra-provincial scale. The intPLUS simula-
tion component reproduced observed 2020 land use with an overall Kappa coefficient
of 0.82 in a 2000–2010 → 2020 hindcast, supporting its use for forward projection
in Jiangsu. The three components produced internally consistent outputs across
the 13 prefecture-level cities and a shared input stack (CLCD land cover, ten driver
layers, and provincial statistical yearbooks), demonstrating the feasibility of operat-
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ing accounting, spatial-interaction analysis, and scenario simulation within a single
workflow at this scale.

2. Jiangsu’s carbon balance from 1995 to 2020 displays a stable “high-south, low-
north” emission gradient, anchored by Nanjing, Suzhou, Wuxi, and Changzhou
in the southern core. The joint application of ESC and ECC reveals an asymme-
try that gross emission–sequestration totals obscure: ecological carrying capacity
weakened in the south while strengthening in parts of the north, producing a con-
trasting “high-ECC, low-ESC” versus “low-ECC, high-ESC” coupling pattern across
the province.

3. The 2020 emission-linkage network exhibits a “strong south, weak north, transitional
center” structure. Southern cities form a interconnected core, central Jiangsu serves as
an intermediary belt, and northern cities are less embedded—with Xuzhou functioning
as a subregional hub. The network structure follows the provincial economic gradient
closely, indicating that inter-city emission linkages reflect industrial agglomeration
and energy-use organization rather than geographic proximity alone. Embedding
the ESC/ECC pattern within this network shows that southern high-ECC, low-ESC
cities anchor not only the emission magnitudes but also the structural connectivity of
provincial emissions.

4. Scenario projections for 2030 show variations across pathways. Provincial emissions
reach 12,326.59 × 104 t under natural development, 11,745.26 × 104 t under ecological
protection, and 13,243.42 × 104 t under economic development, with corresponding
sequestration of −87.10 × 104 t, −100.29 × 104 t, and −85.61 × 104 t. The ecological-
protection pathway limits emission growth and enhances sink capacity, while the
economic-development pathway increases the deficit on both sides. The underly-
ing “high-south, low-north” pattern persists across scenarios, but the magnitude
and spatial redistribution of emission intensity and sink capacity are sensitive to
policy orientation.

The framework is modular and technically portable, operating on widely available
data. However, method transferability does not guarantee result generalizability. Be-
cause Jiangsu possesses exceptional characteristics—including high economic density,
pronounced south–north differentiation, and dense urban corridors—these findings may
not directly apply to resource-dependent or sparsely populated provinces. Therefore, pa-
rameter values, scenario assumptions, sink coefficients, and network interpretations must
be recalibrated for each unique province prior to application.

Ultimately, this integrated workflow provides spatial planners with a quantifiable
method to evaluate how land-use interventions shape regional carbon budgets. While
it highlights the spatial imperatives of ecological redlines and urban boundary contain-
ment, it cannot infer the impacts of unmodelled energy or financial policies. Future
evidence is needed to dynamically couple spatial models with multi-regional input–output
(MRIO) and energy-transition models to achieve a fully integrated socio-ecological decision
support system.

Author Contributions: Conceptualization, G.S.; methodology, G.S., Y.W., L.S. and J.S.; software, C.C.;
validation, Y.W.; investigation, C.C.; writing—original draft preparation, G.S., Y.W., W.W., L.S. and
C.C.; writing—review and editing, G.S., W.W. and C.C.; project administration, J.S. All authors have
read and agreed to the published version of the manuscript.

Funding: This research was funded by the 2024 Philosophy and Social Science Research in Colleges
and Universities Program in Jiangsu Province (No. 2024SJYB0167) and the Natural Resources Science
and Technology Project of Jiangsu Province (No. JSZRKJ202517).

Institutional Review Board Statement: Not applicable.

https://doi.org/10.3390/systems14070872

https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 26 of 30

Informed Consent Statement: Not applicable.

Data Availability Statement: The source data supporting the findings of this study are publicly
available through the links listed in Table 2. Processed datasets—including reclassified land-cover
rasters, city-level carbon accounting tables, ESC/ECC indicator fields, the gravity-network adja-
cency matrix, and scenario simulation outputs—are available from the corresponding author upon
reasonable request.

Acknowledgments: We express our thanks to the reviewers and editors for their professional
comments and suggestions.

Conflicts of Interest: The authors declare no conflicts of interest.

References
1. Zhao, Y.; Zheng, G.; Dong, J.; Wang, Z.; Xu, H.; Li, C.; Wang, Y.; Wang, Y.; Liu, X.; Bo, H.; et al. Effects of the conversion of

croplands to wetlands on the components and sources of soil organic carbon. Catena 2024, 247, 108565. [CrossRef]
2. Besnard, S.; Heinrich, V.H.A.; Carvalhais, N.; Ciais, P.; Herold, M.; Luijkx, I.; Peters, W.; Suarez, D.R.; Santoro, M.; Yang, H. Global

covariation of forest age transitions with the net carbon balance. Nat. Ecol. Evol. 2025, 9, 1848–1860. [CrossRef] [PubMed]
3. Zuo, T.-Y.; Di, K.; Li, P.; Jiang, Y. Autonomous Domain Adaptation Self-Optimization Approach for Cross-Domain Industrial

Agents. ACM Trans. Intell. Syst. Technol. 2026, 17, 1–25. [CrossRef]
4. Shi, G.; Sun, L.; Sun, Q.C.; Shi, J.; Chen, C.; Sun, X.; Xiao, Y. Spatiotemporal Evolution and Determinant Analysis of Energy-Related

Carbon Emissions in Jiangsu Province Using Interpretable Machine Learning. Appl. Spat. Anal. Policy 2026, 9, 136. [CrossRef]
5. Peng, D.; Zhang, B.; Zheng, S.; Ju, W.; Chen, J.M.; Ciais, P.; Guo, H.; Pan, Y.; Yu, L.; Xu, Y.; et al. Newly established forests

dominated global carbon sequestration change induced by land cover conversions. Nat. Commun. 2025, 16, 6570. [CrossRef]
[PubMed]

6. Wu, H.; Yang, Y.; Li, W. Dynamic prediction of the land-use carbon balance in urban agglomerations under the two-way effects of
climate and socioeconomic interactions. Sustain. Cities Soc. 2025, 130, 106555. [CrossRef]

7. Yang, S.; Bai, Y.; Alatalo, M.J.; Shi, Y.; Yang, Z. Exploring an assessment framework for the supply–demand balance of carbon
sequestration services under land use change: Towards carbon strategy. Ecol. Indic. 2024, 165, 112211. [CrossRef]

8. Li, Y.; Peng, L.Y.; Cheng, Y.W.; Peng, H.N. Spatial-temporal evolution and multi-scenario prediction of carbon emissions from
land use in the adjacent areas of nature reserves. Ecol. Indic. 2025, 170, 113047. [CrossRef]

9. Hua, H.; Chen, X.; Zhang, X. Carbon effects of land use transitions: A process-mechanism-future perspective. Earth Sci. Inform.
2025, 18, 354. [CrossRef]

10. IPCC. Climate Change 2022: Mitigation of Climate Change. Contribution of Working Group III to the Sixth Assessment Report of the
Intergovernmental Panel on Climate Change; Cambridge University Press: Cambridge, UK, 2022. [CrossRef]

11. Xu, H.; Tao, X.; Lu, Y.; Wang, Y.; Li, H.; Ye, Z. Spatial variation of land use carbon budget and zoning for carbon compensation in
the Huai River Eco-economic Belt, China. Sci. Rep. 2025, 15, 3266. [CrossRef] [PubMed]

12. Sun, J.; Kong, X.; Yang, Z.; Xiang, T.; Wang, Y.; Gao, Y.; Luo, S. Development of an urban carbon emission accounting and dynamic
warning framework using multi-source cross-domain big data: A case study of municipalities, China. J. Clean. Prod. 2025, 517,
145873. [CrossRef]

13. Rong, T.; Zhang, P.; Jing, W.; Zhang, Y.; Li, Y.; Yang, D.; Yang, J.; Chang, H.; Ge, L. Carbon dioxide emissions and their driving
forces of land use change based on Economic Contributive Coefficient (ECC) and Ecological Support Coefficient (ESC) in the
Lower Yellow River Region (1995–2018). Energies 2020, 13, 2544. [CrossRef]

14. Yang, Y.; Yang, H.; Cheng, Y. Why is it crucial to evaluate the fairness of natural capital consumption in urban agglomerations in
terms of ecosystem services and economic contribution? Sustain. Cities Soc. 2021, 65, 102644. [CrossRef]

15. Yang, B.; Chen, X.; Wang, Z.; Li, W.; Zhang, C.; Yao, X. Analyzing land use structure efficiency with carbon emissions: A case
study in the Middle Reaches of the Yangtze River, China. J. Clean. Prod. 2020, 274, 123076. [CrossRef]

16. Chen, J.; Xu, C.; Li, K.; Song, M. A gravity model and exploratory spatial data analysis of prefecture-scale pollutant and CO2

emissions in China. Ecol. Indic. 2018, 90, 554–563 . [CrossRef]
17. Li, R.; Wang, Z.; Li, Y.; Wu, T. Regional ecological risk assessment and transfer mechanism based on improved gravity and social

network analysis model: A case study of Northwest China. Ecol. Indic. 2025, 172, 113243. [CrossRef]
18. Wang, L.; Ma, Y.; Yan, Z.; Zhang, L.; Hu, Y.; Zhao, S. Giving or receiving: Impact of online socializing in online fitness community

on physical activity and emotional state. Comput. Hum. Behav. 2025, 169, 108669. [CrossRef]
19. Wang, L.; Bala, H.; Yan, L.; Guo, X. Physicians’ Contributions to Online Healthcare Platforms: Relative Effects of Herding Cues

and Feedback Types. J. Manag. Inf. Syst. 2026, 43, 205–236. [CrossRef]

https://doi.org/10.3390/systems14070872

http://doi.org/10.1016/j.catena.2024.108565
http://dx.doi.org/10.1038/s41559-025-02821-5
http://www.ncbi.nlm.nih.gov/pubmed/40830725
http://dx.doi.org/10.1145/3776560
http://dx.doi.org/10.1007/s12061-026-09908-x
http://dx.doi.org/10.1038/s41467-025-61956-y
http://www.ncbi.nlm.nih.gov/pubmed/40670381
http://dx.doi.org/10.1016/j.scs.2025.106555
http://dx.doi.org/10.1016/j.ecolind.2024.112211
http://dx.doi.org/10.1016/j.ecolind.2024.113047
http://dx.doi.org/10.1007/s12145-025-01759-3
http://dx.doi.org/10.1017/9781009157926
http://dx.doi.org/10.1038/s41598-025-86769-3
http://www.ncbi.nlm.nih.gov/pubmed/39863662
http://dx.doi.org/10.1016/j.jclepro.2025.145873
http://dx.doi.org/10.3390/en13102544
http://dx.doi.org/10.1016/j.scs.2020.102644
http://dx.doi.org/10.1016/j.jclepro.2020.123076
http://dx.doi.org/10.1016/j.ecolind.2018.03.057
http://dx.doi.org/10.1016/j.ecolind.2025.113243
http://dx.doi.org/10.1016/j.chb.2025.108669
http://dx.doi.org/10.1080/07421222.2025.2602402
https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 27 of 30

20. Li, X.; Lian, Y.; Bai, X.; Suo, P.; Xu, L.; Sun, J. Liquid-electrodes Electrical Impedance Tomography Sensor for Single Cell Imaging.
IEEE Sens. J. 2025, 26, 4127–4138. [CrossRef]

21. Li, L.; Wang, X.; Huang, D.; Wang, X.; Zhong, Z. Attention correlation enhancement and pinwheel convolution network for
infrared small target detection. Infrared Phys. Technol. 2026, 156, 106638. [CrossRef]

22. Yu, G.; Wang, Y.; Wang, Z.; Chen, L.; Zheng, Y.; Liu, Y. LLMs in industrial domains: A systematic review of adaptation techniques
and applications from the product lifecycle perspective. Adv. Eng. Inform. 2026, 74, 104655. [CrossRef]

23. Ni, L.; Wu, S.; Pu, J.; Xin, S.; Wang, A.; Chen, X.; Lai, Z.; Meng, Y. Highly reliable RRAM-based physical unclonable function with
auto-write technique. IEEE Trans. Very Large Scale Integr. (VLSI) Syst. 2026, 34, 2000–2004. [CrossRef]

24. Lai, C.-H.; Wu, T.-E.; Wang, C.-C. Enhancing Information Security in Smart Manufacturing Through Least Significant Bit
Steganography in Engineering Drawings. J. Comput. Inf. Sci. Eng. 2025, 25, 091006. [CrossRef]

25. Cao, Y.; Liu, Y.; Xie, H.; Kong, X.; Cong, T.; Gu, X.; Xi, Z. An electrothermally actuated high-power MOEMS optical switch with a
state-latching mechanism. Appl. Phys. Lett. 2026, 128, 173303. [CrossRef]

26. Han, X.; Qin, Z.; Lin, Y.; Chang, Y.; Guzmán-Iñigo, J.; Zhang, C. Experimental Investigation on Thermoacoustic and Structural
Dynamics in a Premixed Arrayed Micro-Tube Hydrogen Combustor. Engineering 2026, in press. [CrossRef]

27. Xin, Z.; Dan, Z. Urban carbon emission scenario prediction and multi-objective land use optimization strategy under carbon
emission constraints. J. Clean. Prod. 2023, 430, 137124. [CrossRef]

28. Liu, X.; Liang, X.; Li, X.; Xu, X.; Ou, J.; Chen, Y.; Li, S.; Wang, S.; Pei, F. A future land use simulation model (FLUS) for simulating
multiple land use scenarios by coupling human and natural effects. Landsc. Urban Plan. 2017, 168, 94–116. [CrossRef]

29. Liang, X.; Guan, Q.; Clarke, K.C.; Liu, S.; Wang, B.; Yao, Y. Understanding the drivers of sustainable land expansion using a
patch-generating land use simulation (PLUS) model: A case study in Wuhan, China. Comput. Environ. Urban Syst. 2021, 85,
101569. [CrossRef]

30. Liang, X.; Huang, J.-L.; Guan, Q. Unveiling land competition through interaction networks: A consistency-based mining and
simulation model that integrates inhibiting effects of land uses. Landsc. Urban Plan. 2025, 263, 105458. [CrossRef]

31. Meng, J.; Wang, C.; Zou, Y.; Han, Z.; Zou, G. Multi-scale spatiotemporal interactions between land use transformation and carbon
emissions in China from 1980 to 2020. Resour. Conserv. Recycl. 2026, 226, 108653. [CrossRef]

32. Dong, Y.; Jin, G.; Deng, X. Dynamic interactive effects of urban land-use efficiency, industrial transformation, and carbon
emissions. J. Clean. Prod. 2020, 270, 122547. [CrossRef]

33. Yang, Y.; Jin, B.-B.; Sun, X.; Zhang, X.-D.; Li, B.; Zhao, K.; Wang, H. Exact counting of subtrees with diameter no more than d in
trees: A generating function approach. Inf. Comput. 2025, 307, 105353. [CrossRef]

34. Wu, M.; Zheng, K.; Chen, J.; Zhang, J.; Li, M.; Wu, S. Assessing Elderly Walkability to Urban Parks Using Mobility Analysis and
Multi-Source Data: A Case Study of Central Fuzhou, China. Sci. Rep. 2026, 16, 13685. [CrossRef] [PubMed]

35. Jing, X.; Tian, G.; He, Y.; Wang, M. Spatial and temporal differentiation and coupling analysis of land use change and ecosystem
service value in Jiangsu Province. Ecol. Indic. 2024, 163, 112076. [CrossRef]

36. Shi, G.; Chen, C.; Cao, Q.; Zhang, J.; Xu, J.; Chen, Y.; Wang, Y.; Liu, J. Spatiotemporal dynamics and prediction of habitat quality
based on land use and cover change in Jiangsu, China. Remote Sens. 2024, 16, 4158. [CrossRef]

37. Zhang, L.; Wang, H.; Guo, B.; Liu, X.; Deng, C.; Zhao, Z.; Jiang, X.; Li, Y. Characteristics and formation mechanism of carbon
emission efficiency spatial correlation network: Perspective from Shandong Province. Ecol. Indic. 2025, 170, 112996. [CrossRef]

38. Shi, G.; Wang, Y.; Zhang, J.; Xu, J.; Chen, Y.; Chen, W.; Liu, J. Spatiotemporal pattern analysis and prediction of carbon storage
based on land use and cover change: A case study of Jiangsu coastal cities in China. Land 2024, 13, 1728. [CrossRef]

39. Yang, S.; Luo, H.; Xu, Z.; Yang, J.; Zhang, W. OShipNet: Occlusion Ship Detection Based on Multidomain Fusion and Multiscale
Refinement. J. Mar. Sci. Eng. 2026, 14, 804. [CrossRef]

40. He, S.; Wang, T.; Spicer, R.A.; Farnsworth, A.; Mulch, A.; Widdowson, M.; Zhang, Q.; Cai, F.; Valdes, P.J.; Wang, C.; et al. Back
to an ice-free future: Early Cretaceous seasonal cycles of sea surface temperature and glacier ice. Sci. Adv. 2025, 11, eadr9417.
[CrossRef] [PubMed]

41. Gao, Y.; Li, S.; Xu, T.; Lakshminarayana, S.; Bu, S.; Gu, C.; Ai, Q. Distributed Model Predictive Control Strategy for Multi-energy
Virtual Power Plant Based on Digital Twin. IEEE Trans. Smart Grid 2025, 17, 1971–1984. [CrossRef]

42. [CrossRef] Wang , Z.; Zhou, H.; Liu, H. Physics-informed neural networks based digital volume correlation for displacement and
strain measurements. Mech. Syst. Signal Process. 2026, 248, 113998. [CrossRef]

43. Yang, T.; Qian, Z.; Hang, N.; Liu, M. S-PINN: Stabilized physics-informed neural networks for alleviating barriers between
multi-level co-optimization. Comput. Methods Appl. Mech. Eng. 2025, 447, 118348. [CrossRef]

44. Min, X.-Z.; Zhang, X.; Xie, Z.-Y.; Nikolaev, A.; Vorkamp, K.; Ma, J.-M.; Reiersen, L.-O.; Li, L.; Cai, M.-H.; Ren, N.-Q.; et al. Organic
chemicals of Arctic concern in Russian coastal seas. Sci. Bull. 2025, 71, 946–959. [CrossRef] [PubMed]

45. Xu, B.; Zheng, Y.; Li, W.; Gao, X.; Gong, D.; He, J.; Fan, Z. Handling multiobjective optimization problems with complex
constraints: A constraints grouping-based approach. IEEE Trans. Syst. Man Cybern. Syst. 2025, 55, 3866–3880. [CrossRef]

https://doi.org/10.3390/systems14070872

http://dx.doi.org/10.1109/JSEN.2025.3644590
http://dx.doi.org/10.1016/j.infrared.2026.106638
http://dx.doi.org/10.1016/j.aei.2026.104655
http://dx.doi.org/10.1109/TVLSI.2026.3670888
http://dx.doi.org/10.1115/1.4069114
http://dx.doi.org/10.1063/5.0324213
http://dx.doi.org/10.1016/j.eng.2026.04.017
http://dx.doi.org/10.1016/j.jclepro.2023.139684
http://dx.doi.org/10.1016/j.landurbplan.2017.09.019
http://dx.doi.org/10.1016/j.compenvurbsys.2020.101569
http://dx.doi.org/10.1016/j.landurbplan.2025.105458
http://dx.doi.org/10.1016/j.resconrec.2025.108653
http://dx.doi.org/10.1016/j.jclepro.2020.122547
http://dx.doi.org/10.1016/j.ic.2025.105353
http://dx.doi.org/10.1038/s41598-026-41060-x
http://www.ncbi.nlm.nih.gov/pubmed/42049767
http://dx.doi.org/10.1016/j.ecolind.2024.112076
http://dx.doi.org/10.3390/rs16224158
http://dx.doi.org/10.1016/j.ecolind.2024.112996
http://dx.doi.org/10.3390/land13111728
http://dx.doi.org/10.3390/jmse14090804
http://dx.doi.org/10.1126/sciadv.adr9417
http://www.ncbi.nlm.nih.gov/pubmed/40315318
http://dx.doi.org/10.1109/TSG.2025.3635089
http://dx.doi.org/10.1016/j.ymssp.2026.113998
http://dx.doi.org/10.1016/j.ymssp.2026.113998
http://dx.doi.org/10.1016/j.cma.2025.118348
http://dx.doi.org/10.1016/j.scib.2025.12.054
http://www.ncbi.nlm.nih.gov/pubmed/41571477
http://dx.doi.org/10.1109/TSMC.2025.3547618
https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 28 of 30

46. Gu, Y.; Zhu, L.; Li, J.-H.; Zhao, G.-Y. Preview MPC control of train active suspension based on Kalman filter disturbance estimation.
Measurement 2026, 268, 120616. [CrossRef]

47. Shoumik, A.A.B.; Khan, Z.M.; Gülser, C. Climate sensitivity of soil organic carbon and nutrient stocks under different land uses
in Europe. Eur. J. Soil Sci. 2025, 76, e70156. [CrossRef]

48. Nguyen, B.N.; Migliavacca, M.; Bassiouni, M.; Baldocchi, D.D.; Gherardi, L.A.; Green, J.K.; Papale, D.; Reichstein, M.; Cohrs,
K.-H.; Cescatti, A.; et al. Widespread underestimation of rain-induced soil carbon emissions from global drylands. Nat. Geosci.
2025, 18, 869–876. [CrossRef] [PubMed]

49. Cambron, W.T.; Fisher, B.J.; Hungate, A.B.; Stocker, B.D.; Keenan, T.; Prentice, I.C.; Terrer, C. Plant nutrient acquisition under
elevated CO2 and implications for the land carbon sink. Nat. Clim. Change 2025, 15, 935–946. [CrossRef]

50. Alhasnawi, N.B.; Almutoki, M.M.S.; Hussain, K.F.F.; Harrison, A.; Bazooyar, B.; Zanker, M.; Bureš, V. A new methodology for
reducing carbon emissions using multi-renewable energy systems and artificial intelligence. Sustain. Cities Soc. 2024, 114, 105721.
[CrossRef]

51. Wang, H.; Wang, Y.; Li, Y.; Wang, X.; Chen, X.; Yu, S.; Wang, X. Spatial Risk Prediction and Serological Validation of Emerging
Wild Boar-Borne Diseases in Eastern Heilongjiang, China. Pak. Vet. J. 2025, 45, 1721–1732. [CrossRef]

52. Davies, J. Urbanization’s Impact on Soil Carbon. Nat. Clim. Change 2025, 15, 246–247. [CrossRef]
53. Havu, M.; Kulmala, L.; Lee, S.H.; Saranko, O.; Soininen, J.; Ahongshangbam, J.; Järvi, L. CO2 uptake of urban vegetation in a

warming Nordic city. Urban For. Urban Green. 2024, 94, 128261. [CrossRef]
54. Tong, T.; Qu, W.; Hua, J.; Chen, D.; Tan, J.; Lin, J. Delamination detection in composite laminates using Lamb wave tomographic

method based on sparse and probabilistic reconstruction. NDT E Int. 2026, 160, 103650. [CrossRef]
55. Li, Y.; Zhang, X.; He, Z.; Xie, J.; Zhang, Y.; Wang, J.; Deng, J. Response of sludge EPS under the action of coupled alternating

electric field-ammonium persulfate dewatering technology: Structural changes and mechanism analysis. Chem. Eng. Sci. 2025,
323, 123267. [CrossRef]

56. Zhou, C.; Richardson-Barlow, C. A New Framework for Collaborative Climate Governance: Linking Consensus Building and
Collective Action. Policy Politics 2026, 54, 528–549. [CrossRef]

57. Chen, J.; Meng, W.; Dong, Y.; Zhou, W. Geographic Matching Analysis between Green Finance Development and Carbon
Emissions in China’s New Era of Environmental Transition. Res. Int. Bus. Financ. 2025, 73, 102581. [CrossRef]

58. Qiao, R.; Zhao, Z.; Wu, T.; Zhou, S.; Ao, X.; Yang, T.; Liu, X.; Liu, Z.; Wu, Z. Unveiling the Nonlinear Drivers of Urban Land
Resources on Carbon Emissions: The Mediating Role of Industrial Upgrading and Technological Innovation. Resour. Conserv.
Recycl. 2025, 212, 108000. [CrossRef]

59. Lee, Y.; Bencekri, M.; Kwak, J.; Jeong, I.; Lee, S. Electrification Pathways toward Transport Decarbonization with a Systematic
Review. Clean Technol. Environ. Policy 2025, 27, 7855–7877. [CrossRef]

60. Yang, Z.; Zhang, L.; Jiang, Y.; Chen, B.; Yang, M. Seepage-path-dependent CO2 hydrate formation and storage capacity
enhancement in NGH reservoirs. Fuel 2026, 422, 139217. [CrossRef]

61. Qubati, A.A.; Zhang, L.; Forkel, M. Urban and peri-urban agriculture under climate change: A review on carbon emissions and
sequestration. Sustain. Cities Soc. 2024, 115, 105830. [CrossRef]

62. Morshed, S.R.; Esraz-Ul-Zannat, M.; Fattah, M.A.; Saroar, M. Assessment of the future environmental carrying capacity using
machine learning algorithms. Ecol. Indic. 2024, 158, 111444. [CrossRef]

63. Siripipatthanakul, S.; Phuangsuwan, P.; Limna, P.; Muthmainnha; Siripipattanakul, S.; Vui, C.N.; Jaipong, P. Artificial intelligence
(AI) influencing sustainable governance: Governance adopting AI. In Proceedings of the Data Analytics and Management, ICDAM
2024; Lecture Notes in Networks and Systems; Springer: Singapore, 2025; Volume 1301, pp. 551–568. [CrossRef]

64. Sasmito, S.D.; Taillardat, P.; Adinugroho, W.C.; Krisnawati, H.; Novita, N.; Fatoyinbo, L.; Friess, D.A.; Page, S.E.; Lovelock, C.E.;
Murdiyarso, D.; et al. Half of land use carbon emissions in Southeast Asia can be mitigated through peat swamp forest and
mangrove conservation and restoration. Nat. Commun. 2025, 16, 740. [CrossRef] [PubMed]

65. Mun, H.; Jung, J. Impact of compact city on carbon emission reduction based on urban size: A spatial analysis using satellite
imagery. Sustain. Cities Soc. 2025, 126, 106326. [CrossRef]

66. Gao, Y.; Wang, Y.; Yang, N.; Wang, Q.; Javadi, B.; Ai, Q.; Zhu, J. Multi-timescale distributed control for multi-energy virtual power
plant clusters via cloud-edge collaboration. Appl. Energy 2026, 414, 127835. [CrossRef]

67. Gao, Y.; Zhang, S.; Xie, Z.; Qian, H.; Cheng, R.; Chen, P.; Shi, M.; Ye, J.; Xue, X. Comparative effects of siderite, goethite, and
hematite on nitrogen loss and nitrogenous gases release during municipal sludge aerobic composting. Bioresour. Technol. 2026, 29,
134517. [CrossRef] [PubMed]

68. Huang, X.; Kang, N.; Wang, Q.; El Mansori, M.; Guittonneau, F. Wear of directed energy deposited H13 steel as a function of its
graded microstructure. Tribol. Int. 2025, 207, 110617. [CrossRef]

69. Li, Y.; Qu, K.; Jiang, R.; Wang, H.; Zhao, X.; Yang, Z.; Tian, B.; Tao, J.; Chu, J.; Duan, C. Atomic-Scale Defect Reconfiguration
via Thermally Induced Structural Ordering for High-Efficiency Sb2Se3 Solar Cells. ACS Nano 2025, 19, 33460–33472. [CrossRef]
[PubMed]

https://doi.org/10.3390/systems14070872

http://dx.doi.org/10.1016/j.measurement.2026.120616/
http://dx.doi.org/10.1111/ejss.70156
http://dx.doi.org/10.1038/s41561-025-01754-9
http://www.ncbi.nlm.nih.gov/pubmed/40949426
http://dx.doi.org/10.1038/s41558-025-02386-y
http://dx.doi.org/10.1016/j.scs.2024.105721
http://dx.doi.org/10.29261/pakvetj/2025.336
http://dx.doi.org/10.1038/s41558-025-02264-7
http://dx.doi.org/10.1016/j.ufug.2024.128261
http://dx.doi.org/10.1016/j.ndteint.2026.103650
http://dx.doi.org/10.1016/j.ces.2025.123267
http://dx.doi.org/10.1332/03055736Y2026D000000089
http://dx.doi.org/10.1016/j.ribaf.2024.102581
http://dx.doi.org/10.1016/j.resconrec.2024.108000
http://dx.doi.org/10.1007/s10098-025-03321-7
http://dx.doi.org/10.1016/j.fuel.2026.139217
http://dx.doi.org/10.1016/j.scs.2024.105830
http://dx.doi.org/10.1016/j.ecolind.2023.111444
http://dx.doi.org/10.1007/978-981-96-3372-2_38
http://dx.doi.org/10.1038/s41467-025-55892-0
http://www.ncbi.nlm.nih.gov/pubmed/39875368
http://dx.doi.org/10.1016/j.scs.2025.106326
http://dx.doi.org/10.1016/j.apenergy.2026.127835
http://dx.doi.org/10.1016/j.biortech.2026.134517
http://www.ncbi.nlm.nih.gov/pubmed/41916462
http://dx.doi.org/10.1016/j.triboint.2025.110617
http://dx.doi.org/10.1021/acsnano.5c10733
http://www.ncbi.nlm.nih.gov/pubmed/40948239
https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 29 of 30

70. Baz, K.; Zhu, Z. Life cycle analysis of green technologies: Assessing the impact of environmental policies on carbon emissions
and energy efficiency. Geosci. Front. 2025, 16, 102004. [CrossRef]

71. Yin, Y.; Liang, Y.; Zhang, X.; Qin, Z.; Han, X. A reduced-order Galerkin-projected flame transfer model for coupled dual jet
diffusion flames based on mixture fraction. Combust. Flame 2026, 291, 115157. [CrossRef]

72. Sun, T.; Zhang, J.; Yang, H.; Yang, J.; Cheng, L. Bidirectional Mamba-Based Continuous Prediction of Human Motion Intention
Using Multisource Information Fusion. IEEE Trans. Autom. Sci. Eng. 2025, 23, 212–221. [CrossRef]

73. Zhao, Q.; Tao, L.; Gong, Q.; Song, H.; Zheng, X.; Yu, K.; Liu, J. Spatio-temporal pattern and network evolution of the thermal
environment in urban metropolitan area based on SSP-RCP development scenario. Mitig. Adapt. Strateg. Glob. Change 2026, 31, 56.
[CrossRef]

74. Wang, W.; Van Deelen, T.; Wei, F.; Li, S.; Wang, L. Anthropogenic habitat loss and fragmentation may alter coevolutionary
progress as examined in a brood parasitism model. Ecol. Evol. 2025, 15, e71721. [CrossRef] [PubMed]

75. Jiang, R.; Tong, S.; Wu, J.; Hu, H.; Zhang, R.; Wang, H.; Zhao, Y.; Zhu, W.; Li, S.; Zhang, X. A novel EEG artifact removal algorithm
based on an advanced attention mechanism. Sci. Rep. 2025, 15, 19419. [CrossRef] [PubMed]

76. Zhang, R.; Li, H.; Liu, Z. Synergistic Enhancement of Carbon Sinks and Connectivity: Restoration and Renewal of Ecological
Networks in Nanjing, China. Land 2025, 14, 93. [CrossRef]

77. Aryal, K.; Maraseni, T.; Rana, E.; Subedi, B.P.; Laudari, H.K.; Ghimire, P.L.; Khanal, S.C.; Zhang, H.; Timilsina, R. Carbon emission
reduction initiatives: Lessons from the REDD+ process of the Asia and Pacific region. Land Use Policy 2024, 146, 107321. [CrossRef]

78. Yang, S.; Wen, L.; Zhang, A. The spatiotemporal response of land-use carbon emissions to climate change. Ecol. Indic. 2025, 170,
112893. [CrossRef]

79. Lv, J.; Wang, C.; Xie, L. Distributed output-feedback leader-following consensus of nonlinear multiagent systems. Automatica
2025, 177, 112281. [CrossRef]

80. Wang, Y.-N.; Li, S.-K.; Li, Z.-Y.; Garg, A. Exploring the application of the MICP technique for the suppression of erosion in granite
residual soil in Shantou using a rainfall erosion simulator. Acta Geotech. 2023, 18, 3273–3285. [CrossRef]

81. Liu, S.; Zhao, C.; Lin, Y.; Wen, Z. Microstructure-engineered shear thickening composites with controllable switching of
rigid/flexible impact modes for adaptive protection. Compos. Part A Appl. Sci. Manuf. 2026, 206, 109750. [CrossRef]

82. Liu, S.; Zhang, J.; Lin, Z.; Wang, J. Assessment of rockburst proneness in thermally-damaged fractured granite: A quantitative
analysis of energy evolution and strain localization intensity. Theor. Appl. Fract. Mech. 2026, 145, 105677. [CrossRef]

83. Zhou, J.; Zeng, C.; Zhao, W.; Leng, J.; Liu, Y. Critical bistability in variable cross-section metamaterials: PINN-driven transient
stress recognition and adaptive energy dissipation. Chem. Eng. J. 2026, 534, 175093. [CrossRef]

84. Fu, J.; Wang, C.; Liu, M.; Li, X.; Liu, Y.; Shi, W.; Wang, R. HyperR3SNet: Leveraging Hyperbolic Space and Vision Foundation
Models for Remote Sensing Semantic Segmentation. IEEE Trans. Geosci. Remote Sens. 2026, 64, 5620016. [CrossRef]

85. Duarte, R.; Pinilla, V.; Serrano, A. Factors Driving Embodied Carbon in International Trade: A Multiregional Input–Output
Gravity Model. Econ. Syst. Res. 2018, 30, 545–566. [CrossRef]

86. Yang, H.; Liu, J.; Mu, W. A novel crack depth quantification index based on acoustic emission modeling of thin plate cracks.
Measurement 2026, 270, 120888. [CrossRef]

87. Chen, P.; Nie, X.; Ning, Y.; Zhang, Y. Learning Efficient and Adaptive Cross-Channel Dependencies for Weakly-Supervised Object
Detection. IEEE Trans. Multimed. 2025, 27, 8954–8966. [CrossRef]

88. Meng, L.; Xi, X.; Han, J.; Qiao, L.; Yin, Y.; Chen, X. Difficulty-aware pseudo-label correction Network for Fine-Grained Classifica-
tion of Choroidal Neovascularization in OCT Images. IEEE Trans. Multimed. 2026, Early Access. [CrossRef]

89. Zhang, L.; Wu, T. Solving SAT by Restricted Spiking Neural P Systems with Temporal Division Rules. Theor. Comput. Sci. 2026,
1078, 116009. [CrossRef]

90. Zhao, Y.; Chen, L.; Yu, H.; Zheng, Y. Intelligent generation of 3D disassembly processes driven by multimodal large language
models. J. Manuf. Syst. 2026, 86, 1139–1160. [CrossRef]

91. Liu, D.; Lian, J.; Liu, F.; Ma, B.; Liu, D.; Shi, J.; Gou, W.; Li, H.; Zheng, Y.; Xu, C.; et al. A refined numerical model for assessing
low-pressure effects on ski-jump atomization at high-altitude dams. J. Mt. Sci. 2026, 23, 2017–2040. [CrossRef]

92. Ye, L.; Li, Z.; Yan, H.; Liu, C.; Cho, H.H.; Guo, T. Predicting Film-Cooling Effectiveness of Compound-Angle Holes Using a
POD-Based Hybrid Deep Learning Model. Aerosp. Sci. Technol. 2026, 176, 112590. [CrossRef]

93. Liu, W.; Zhang, Z.; Shi, L.; Li, H.; Li, Y.; Huang, L.; Liu, W.; Du, C.; Liu, T.; Fujii, M.; et al. Integrating Land-Use Change into
Probabilistic Forecasting and Sensitivity Analysis of Urban Greenhouse Gas Emissions. Environ. Dev. Sustain. 2026, 1–28 .
[CrossRef]

94. Lv, J.; Wang, C.; Xie, L. Adaptive distributed observer design for nonlinear multiagent systems. Automatica 2026, 183, 112625.
[CrossRef]

95. Zhang, M.-S.; Chiu, C.-F.; Wang, Y.-N. Analysis of microbial methane oxidation capacity of landfill soil cover using quorum
sensing. Environ. Res. 2025, 268, 120781. [CrossRef] [PubMed]

https://doi.org/10.3390/systems14070872

http://dx.doi.org/10.1016/j.gsf.2025.102004
http://dx.doi.org/10.1016/j.combustflame.2026.115157
http://dx.doi.org/10.1109/TASE.2025.3637151
http://dx.doi.org/10.1007/s11027-026-10320-6
http://dx.doi.org/10.1002/ece3.71721
http://www.ncbi.nlm.nih.gov/pubmed/40671722
http://dx.doi.org/10.1038/s41598-025-98653-1
http://www.ncbi.nlm.nih.gov/pubmed/40461599
http://dx.doi.org/10.3390/land14010093
http://dx.doi.org/10.1016/j.landusepol.2024.107321
http://dx.doi.org/10.1016/j.ecolind.2024.112893
http://dx.doi.org/10.1016/j.automatica.2025.112281
http://dx.doi.org/10.1007/s11440-022-01791-3
http://dx.doi.org/10.1016/j.compositesa.2026.109750
http://dx.doi.org/10.1016/j.tafmec.2026.105677
http://dx.doi.org/10.1016/j.cej.2026.175093
http://dx.doi.org/10.1109/TGRS.2026.3687072
http://dx.doi.org/10.1080/09535314.2018.1450226
http://dx.doi.org/10.1016/j.measurement.2026.120888
http://dx.doi.org/10.1109/TMM.2025.3618564
http://dx.doi.org/10.1109/TMM.2026.3673510
http://dx.doi.org/10.1016/j.tcs.2026.116009
http://dx.doi.org/10.1016/j.jmsy.2026.04.032
http://dx.doi.org/10.1007/s11629-025-9995-3
http://dx.doi.org/10.1016/j.ast.2026.112590
http://dx.doi.org/10.1007/s10668-026-07497-w
http://dx.doi.org/10.1016/j.automatica.2025.112625
http://dx.doi.org/10.1016/j.envres.2025.120781
http://www.ncbi.nlm.nih.gov/pubmed/39778618
https://doi.org/10.3390/systems14070872


Systems 2026, 14, 872 30 of 30

96. Wang, W.; Lu, B.; Xu, Y.; Tekle, S.L.; Toni, A.T.; Zhang, X.; Li, Y.; Ajuwon, O.S.; Dahoro, D.A.; Martínez, E.; et al. Bibliometric
exploration of infrastructure and natural hazards research in low and middle income countries toward sustainable development
goals. Discov. Sustain. 2025, 6, 1407. [CrossRef]

97. Fan, M.; Zhang, N.; Su, D.; Deng, W.; Zhang, R.-X.; Cai, G.-J.; Chen, X.-S. A Comprehensive Investigation of Particle Gradation
Effects on Limiting Void Ratios and Pore Structures of Granular Soils. Int. J. Numer. Anal. Methods Geomech. 2026, 50, 3998–4019.
[CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

https://doi.org/10.3390/systems14070872

http://dx.doi.org/10.1007/s43621-025-02273-8
http://dx.doi.org/10.1002/nag.70318
https://doi.org/10.3390/systems14070872

	Introduction
	Materials and Methods
	Study Area
	Datasets
	Data Processing and Reproducible Workflow
	Method
	Carbon Emission and Sequestration Balance
	Ecoeconomic Carbon Balance Simulation
	Multi-Scenario Simulation of Jiangsu Province Based on the intPLUS Model


	Results
	Spatiotemporal Patterns of LUCC
	Spatiotemporal Carbon-Balance Dynamics
	Carbon Emissions and Sequestration
	Ecoeconomic Carbon-Balance Analysis

	Carbon-Balance Connectivity Analysis
	Future Simulation

	Discussion
	Carbon Balance in Jiangsu Province
	Future Carbon-Balance Prediction Based on Different Scenarios
	Limitations and Future Work

	Conclusions
	References

