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EXTENDED abstract
Il monitoraggio accurato della capacità di sink di carbonio delle risorse naturali rappresenta un elemento chi-

ave per il conseguimento degli obiettivi cinesi di carbon peak e carbon neutrality. Le metodologie attualmente dis-
ponibili si basano principalmente su approcci bottom‑up, molto precisi ma ad alta intensità di dati, e su approc-
ci top‑down, caratterizzati da ampia copertura ma bassa risoluzione. Tuttavia, alla scala meso (1.000-5.000 km²), 
corrispondente alla maggior parte delle unità amministrative cinesi, permane una carenza di strumenti operativi e prodotti informa-
tivi adeguati, con ricadute sulla capacità di supportare la pianificazione territoriale e le politiche di ecociviltà a livello di contea. 
Per colmare questo gap, lo studio ha analizzato una contea del Jiangsu nord‑occidentale mediante un siste-
ma integrato di dati spazio‑temporali: immagini multisorgente e multitemporali di telerilevamento, dati carto-
grafici di base, informazioni censuarie e dataset tematici sulle risorse naturali (inclusi i dati della Terza Indag-
ine Nazionale sull’Uso del Territorio). È stato sviluppato un sistema di classificazione dell’uso/copertura del suolo 
specifico per la stima dei sink di carbonio su scala meso, ottenuto fondendo la classificazione nazionale con il framework IPCC. 
L’innovazione metodologica consiste nell’introduzione di un coefficiente di correzione dei tassi di sequestro, derivato da indici di vege-
tazione (NDVI, EVI, GNDVI) integrati in un Synthetic Vegetation Index (SVI) pesato. Tale coefficiente consente di correggere spazial-
mente i valori di riferimento forniti dalle Technical Guidelines for GEP Accounting, migliorando la capacità di rappresentare le differenze 
fisiologiche intra‑classe dovute allo stato vegetativo. Successivamente è stata realizzata la stima quantitativa dello stock di carbonio per 
ecosistemi forestali, prativi, agricoli e umidi, accompagnata da analisi di autocorrelazione spaziale per delinearne gli schemi evolutivi. 
Tra il 2008 e il 2023, lo stock totale di carbonio dei quattro principali sistemi naturali della contea è aumentato di circa 33000 
tonnellate (+29.3%), raggiungendo 114600 tonnellate. Il contributo maggiore deriva dalle terre coltivate, seguite dalle foreste, 
il cui stock è raddoppiato, e dai sistemi umidi, cresciuti di quasi cinque volte. La distribuzione spaziale dei sink evidenzia un 
pattern marcato: valori più elevati nella porzione occidentale, nelle aree rurali e nelle zone periferiche, e valori minori nelle 
aree urbanizzate. L’analisi dei punti caldi individua concentrazioni di elevata capacità di sequestro lungo la riva del Lago Weis-
han e nei principali parchi umidi, mentre i punti freddi risultano diffusi nelle zone urbanizzate e nei margini dei centri abitati. 
L’applicazione del metodo a scala micro ha riguardato un parco umido di tipo subsidenza (5.17 km²) sottoposto a interventi di 
restauro ecologico dal 2012: in questo caso il sink di carbonio è aumentato di oltre sette volte, evidenziando la forte efficacia de-
gli interventi di ripristino in contesti di degrado geomorfologico e idrogeologico. L’accuratezza della classificazione dell’uso del 
suolo, realizzata tramite rete neurale U‑NET, è confermata da un F1‑score medio di 0.843 e da un coefficiente Kappa di 0.886. 
Lo studio propone tre principali implicazioni operative: (1) integrare la distribuzione spaziale dei sink nei processi di restauro ecologico e 
nella definizione delle Three Zones and Three Lines; (2) valorizzare il potenziale di sequestro delle zone umide di subsidenza, includen-
dole nei meccanismi di recupero del valore dei prodotti ecosistemici; (3) istituzionalizzare un sistema di monitoraggio e contabilizzazione 
dei sink basato su telerilevamento e classificazione per particelle fondiarie, come strumento stabile di supporto alle politiche dual carbon. 
Nel complesso, il lavoro offre un quadro metodologico replicabile e a basso costo operativo, capace di conciliare accuratezza e sostenibil-
ità gestionale per il monitoraggio dei sink di carbonio alla scala meso, con rilevanti ricadute per la pianificazione territoriale, la gestione 
ecologica e le politiche di mitigazione climatica.0.843 e un coefficiente di Kappa pari a 0.886, soddisfacendo pienamente i requisiti di ac-
curatezza. Il metodo di correzione ha migliorato efficacemente la stima dei tassi di sequestro per le diverse tipologie di copertura.

Italian Journal of Engineering Geology  and Environment
www.ijege.uniroma1.it

 IJEGE, 1 (2026): 57-71, DOI: 10.4408/IJEGE.2026-01.O-05
E-ISSN 2035-5688 | ISSN 1825-6635 / ©Author(s)



58 Italian Journal of Engineering Geology and Environment, 1 (2026)		  www.ijege.uniroma1.it    

S. ZHOU, J. RAO, Y. LI, J. XIONG, H. WANG, C. Xing, J. TAO & M. HU

Abstract
Taking a county in Jiangsu Province as a case study, this 

paper proposes a monitoring method for natural resource 
carbon sinks that integrates remote sensing inversion factors. 
By incorporating multi-source remote sensing datasets 
(including Sentinel-2, Landsat and MODIS series from 2008 to 
2023) to calibrate carbon sequestration rates, we achieved the 
quantitative estimation of carbon storage in forests, grasslands, 
croplands, wetlands, and other terrestrial ecosystems. Spatial 
autocorrelation analysis was applied to characterize the 
spatiotemporal evolution patterns of regional carbon sinks. The 
results indicate that over the past 15 years (2008-2023), the 
net carbon storage of natural resources in the study area has 
increased significantly, exhibiting a distinct spatial pattern of 
“higher in the west and lower in the east, higher in rural areas 
and lower in urban areas, and higher on the periphery and lower 
in the center.” This spatial pattern is highly consistent with the 
implementation effects of local ecological restoration projects. 
The technical system proposed and applied in this study features 
both high accuracy and cost-effectiveness, effectively enriching 
the meso-scale carbon sink monitoring data products. It thereby 
provides a robust scientific decision-making basis for regional 
achievement of the “dual carbon” goals (carbon peaking 
and carbon neutrality) and the advancement of ecological 
civilization construction.

Keywords: carbon sequestration rate; carbon storage; meso-scale; 
remote sensing inversion; spatiotemporal evolution pattern

Introduction
With the accelerated development of industrialization, global 

carbon emissions have continued to increase over the past century, 
intensifying climate warming. This has led to consequences such 
as rising sea levels, an increase in extreme weather events, and 
the deterioration of ecosystems. To curb the accelerated pace of 
global warming and reduce carbon emissions, since 2016, 178 
countries and economies, including China, the United States, and 
the European Union, have successively become Parties to the 
Paris Agreement. 

In 2018, the IPCC (Intergovernmental Panel on Climate 
Change) released the Special Report on Global Warming of 
1.5°C, which strongly promoted the integration of the 1.5°C 
temperature control target into the global political agenda (IPCC, 
2018). As a major global population center and a dominant 
player in global manufacturing, China has proposed the goals 
of “achieving carbon peak by 2030 and carbon neutrality by 
2060,” incorporating the “dual carbon” efforts into the overall 
framework of ecological civilization construction. 

To achieve this goal, selecting typical regions to assess 
carbon sequestration capacity, inventorying natural resource 

carbon sinks, establishing carbon storage databases, and 
developing replicable and scalable experiences are of significant 
importance for supporting carbon trading, formulating ecological 
compensation policies, and managing carbon assets.

Natural resource systems possess significant carbon sink 
effects and considerable potential for enhancement, playing 
a crucial role in achieving national carbon neutrality goals 
(Yu et alii, 2022; Yang et alii, 2023). Current methods for 
estimating natural resource carbon storage can be categorized 
into two paradigms: “bottom-up” and “top-down” (Wang et alii, 
2020). The former relies on ground observations, plot surveys, 
and ecological process models, achieving spatial aggregation 
through inventory methods, eddy covariance techniques, or 
process models such as Biome-BGC (BioGeochemical Cycles) 
and CEVSA (Carbon Exchange between Vegetation, Soil 
and Atmosphere). This approach offers advantages of high 
spatial resolution and clear mechanisms but demands stringent 
requirements for ground data quality and parameter localization. 
It is suitable for small to medium scales such as counties or 
watersheds. The latter paradigm is based on atmospheric CO₂ 
concentration observations and inversion models (Liu & Song, 
2022) (e.g., CarbonTracker, GEOS-Chem), enabling rapid 
acquisition of results at large scales. It features short update cycles 
and broad coverage but suffers from coarse spatial resolution 
and strong dependence on prior carbon flux data, making it more 
applicable for national to global-scale assessments. 

Existing studies have validated the applicability of both 
paradigms through typical case analyses. For example, Zhang 
et alii (2021) assessed the carbon sequestration function of 
Shanghai’s urban forests using photosynthesis rate and biomass 
methods and analyzed their carbon offset effects on urban energy 
carbon emissions; Jung et alii (2011) generated a monthly 
global GPP (Gross Primary Production) product for 1982-2011 
based on satellite remote-sensing FAPAR data, meteorological 
data, and vegetation type data, providing a macro-scale basis 
for global carbon cycle research. However, both typical studies 
focus on single-scale or single-type ecosystem carbon sink 
assessment, and lack the integration of multi-scale methods and 
multi-type ecosystem data, which limits their reference value for 
meso-scale regional carbon sink monitoring.

For meso-scale assessments at the county or city level, carbon 
storage estimation requires greater refinement, especially in 
measuring the carbon sinks of natural resource elements, where 
differences under various land-use patterns cannot be ignored. 
Currently, over ten categories comprising dozens of calculation 
models have been developed domestically and internationally 
for ecosystems such as cropland, forest, grassland, and wetland. 
These include WoFOST (World FOod STudies), Crop-C (Crop-
Carbon), biomass remote sensing inversion, 3-PG (Physiological 
Principles Predicting Growth), BEPS (Boreal Ecosystem 
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Productivity Simulator), and CASA (Carnegie Ames Stanford 
Approach) (Chen et alii, 2022). However, each model has its 
own advantages and limitations, making universal calculation 
difficult, and carbon sink intensities can vary significantly even 
for the same land-use type across different plots. 

Land cover/land use change is a core driving factor of 
carbon sink spatial-temporal variation, and its interaction with 
vegetation, climate and human activities has become a research 
hotspot in global carbon cycle studies in recent years. By 
analyzing MODIS land cover/use data and wildfire records in 
Italian regions since 2001, recent studies have revealed the close 
correlation between land cover conversion and regional carbon 
sink dynamics, and verified that human disturbance such as 
wildfires is an important factor leading to the decline of regional 
carbon sequestration capacity (Ghaderpour et alii, 2025). 
Meanwhile, the response of vegetation coverage to climate and 
land-use change has also been quantified by the PLUS dimidiate 
pixel model, which confirms that climate warming and human 
land development activities jointly affect the spatial distribution 
of vegetation carbon sinks, and the superposition effect of the 
two factors is more significant in meso-scale regions (Li et alii, 
2024). These latest research results provide a new theoretical 
and methodological basis for exploring the carbon sink variation 
mechanism of meso-scale regions under the background of land 
cover/use change. 

Furthermore, mainstream land cover classification systems 
are predominantly designed from a land use/cover perspective. 
For instance, at the global scale, USGS (United States 
Geological Survey), CORINE (Coordination of Information on 
the Environment), IGBP (International Geosphere-Biosphere 
Programme), UMD (University of Maryland), FAO (Food 
and Agriculture Organization), and ESA (European Space 
Agency) have successively proposed their respective land use/
cover classification systems. Leveraging remote sensing and 
geographic information technology, they have produced various 
global land use/cover classification datasets, with product 
resolution progressively improving from 1 km to 30 m and 
10 m. In China, major classification systems include the 1984 
Land Survey Classification System, the 1980 1:1000000 Land 
Use Classification of China, the 1990 Land Use Classification 
by the Institute of Geographic Sciences and Natural Resources 
Research (CAS), the 2004 1:1000000 Land Cover Classification, 
the 2017 Current Land Use Classification Standard, and the 2017 
1:1000000 Land Cover Classification of China. These systems 
have accumulated a wealth of maps and data, serving as an 
important foundation for understanding the distribution of global 
and Chinese natural ecosystems, analyzing human activity 
impacts, studying the carbon cycle, and assessing ecosystem 
services (Ouyang et alii, 2013). However, significant differences 
among these classification systems and data products mean the 

universal applicability of various models remains uncertain.
Due to the above limitations of research scale, method 

integration and classification system applicability, most current 
analyses of the spatiotemporal patterns of natural resource 
carbon sinks focus on the macro scale (Wang et alii, 2020), 
with relatively few studies targeting meso-scale regions of 
approximately 1000-5000 km² (He et alii, 2015). Both data 
products and research methods for meso-scale carbon sink 
monitoring require further refinement and improvement, and 
the lack of research on the interaction mechanism between 
land cover/use change and carbon sink variation has become a 
prominent research gap.

To address this gap, the objectives of this paper are: (1) 
to develop a land cover classification method suitable for 
measuring carbon sinks of natural resource elements at the 
meso-scale, based on the Third National Land Survey (“San 
Diao”) land cover classification system and integrated with 
the IPCC framework; (2) to propose a set of carbon storage 
estimation methods applicable to all land use types at the county 
scale by coupling multi-band remote sensing inversion factors, 
thereby optimizing estimation accuracy; (3) to select a typical 
study area of 1000-5000 km² for measuring and analyzing the 
carbon sinks of natural resource elements, generating a dataset 
of spatiotemporal carbon sink distribution patterns to enrich data 
sources, data products, and analytical methods at this scale.

Methods and Data
Study area

This paper selects a county in northwestern Jiangsu Province 
as the study area (Fig. 1 and Fig. 2). The study area borders 
Weishan Lake and Zhaoyang Lake to the east, adjacent to 
Weishan County of Shandong Province, and connects with Yutai 
County of Shandong Province to the northwest. The industrial 
structure of the study area is dominated by new energy, new 
aluminum materials, as well as coal coking and power generation, 
metallurgical casting, and spinning and textile industries. High-
energy-consuming industries account for a significant proportion 
of its economic system, giving the economic structure a distinctly 
“high-carbon” characteristic. It is also a typical resource-based 
region, a heavy chemical industrial base, an inter-provincial 
border county, and an important ecological functional area in East 
China.

The selection of the study area is primarily based on the 
following three considerations: 

1) Regional Representativeness. Counties are the basic 
administrative units in China with administrative autonomy and 
constitute an important level within the national governance 
system (Zhu et alii, 2025). Among China’s 2844 county-level 
units, over 70% have an area between 1000 and 5000 km². Using 
a county-level administrative unit of this meso-scale as the study 



60 Italian Journal of Engineering Geology and Environment, 1 (2026)		  www.ijege.uniroma1.it    

S. ZHOU, J. RAO, Y. LI, J. XIONG, H. WANG, C. Xing, J. TAO & M. HU

area offers high representativeness and transferability. 
2) Research Scope and Feasibility. For research and 

applications related to “dual carbon” monitoring, provincial or 
municipal levels involve overly complex topography, excessive 
land cover types, and significant variations in physical geography 
and socio-economic conditions, which hinder achieving results 
within a limited timeframe and demonstrating exemplary value. 
Township (or sub-district) levels are too small in scale to fully 
represent land cover characteristics, and such administrative 
units lack high administrative autonomy. Selecting a county 
(or district) level administrative unit as the study area for this 
paper provides a moderate scale that balances operability and 
necessity, facilitating the development of replicable and scalable 
experiences. 

3) Land Cover Types. Within the study area, cropland 
accounts for approximately 46%, wetlands (including water 
bodies) for about 31%, and forestland for about 4%. Land cover 
types dominated by carbon sinks are conducive to measurement 
and assessment using multi-temporal remote sensing imagery and 
spatiotemporal data. The presence of several artificial wetlands 
formed through ecological restoration of coal mining subsidence 
areas within the study area (Fig. 3) provides favorable conditions 

for studying the “source-sink” conversion mechanism of carbon 
and its key influencing factors.

Data
This study collected and compiled multi-temporal high-

resolution aerial remote sensing imagery and multi-band 
satellite remote sensing imagery of the study area. The dataset 
also includes DLG (Digital Line Graphic) data at scales from 
1:500 to 1:10000; DEM (Digital Elevation Model) and DSM 
(Digital Surface Model) data; geographical conditions census 

Fig. 1 - 	 Elevation map of the study area. Note: the elevation map 
is derived from SRTM DEM data. The map was produced 
using ArcGIS (legally licensed). All data are open-access or 
officially authorized; no copyright issues

Fig. 2 - 	 Location map of the study area in China. Note: The study 
area is located in Pei County, Xuzhou City, Jiangsu Province, 
China. A small inset map shows the geographical location of 
the study area in China. The map was produced using ArcGIS 
(legally licensed). All data are open-access or officially 
authorized; no copyright issues

Fig. 3 - 	 Boundary map of the wetland park. The map was produced 
using 0.5m remote sensing images and geographic data 
(2023) processed by ArcGIS  (legally licensed). The study 
area is a wetland park in Pei County, Xuzhou City, Jiangsu 
Province, China. All data are open or officially authorized; 
no copyright issues exist
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and monitoring data from 2015 to 2023; as well as thematic 
survey data on natural resources such as the Third National Land 
Survey data and the “Three Zones and Three Lines” data. This 
established a spatiotemporal data support system for measuring 
natural resource carbon sinks in the study area. 

During the data preprocessing phase, to address 
inconsistencies in spatial scale arising from different data sources, 
types, and currency, scaling (both up and down) was performed 
through methods such as data fusion and resampling. This 
unified the spatial resolution of the dataset (Li et alii, 2023). The 
aforementioned preprocessing steps can be accomplished using 
professional GIS software and will not be elaborated further 
here. Building on this foundation, we clarified the supporting 
relationships between various natural resource elements and 
the collected spatiotemporal data, defined the role and value 
of each data type in the carbon storage estimation process, and 
constructed a spatiotemporal data system for monitoring and 
assessing carbon sinks of natural resource elements. The details 
are presented in Table 1.

Overall technical framework 
This study employs land parcels as the fundamental units. 

By integrating the Third National Land Survey with the IPCC 
classification framework, a land cover classification system 
was established. The baseline carbon sequestration rate was 
determined based on the Technical Guidelines for Gross 
Ecosystem Product (GEP) Accounting (hereinafter referred to 
as the GEP Guidelines). Multi-source remote sensing inversion 
factors were introduced for correction to achieve quantitative 
estimation of carbon storage. Spatial autocorrelation analysis 
was then applied to evaluate the spatiotemporal patterns. Finally, 
based on the calculation results, the spatiotemporal pattern of 
natural resource carbon sinks in the study area was assessed.

Land cover classification
This study integrates the findings of the Third National Land 

Survey with the IPCC framework to establish a classification 
system comprising 4 primary categories (cropland, forest land, 
grassland, and wetland) and 17 secondary categories. The adoption 
of this classification system is primarily based on the following 
considerations: 

1) it avoids the workload associated with developing a new 
classification system from scratch; 

2) it allows for the direct conversion and application of the 
results from the Third National Land Survey, eliminating the 
need for field surveys, indoor mapping, verification, and database 
creation tailored to a new classification scheme; 

3) it facilitates resource integration and conservation, fully 
leveraging the value of the Third National Land Survey outcomes; 

4) it enhances the universality of the classification scheme, 
simultaneously meeting the needs of both natural resource 
management and ecological environmental protection departments.

Calculation of baseline carbon sequestration rate and 
carbon storage

This study determines the baseline carbon sequestration rates 
for forest land, grassland, wetland, and cropland based on the 
GEP Guidelines, and introduces remote sensing inversion factors 

Tab. 1 - 	 Details of the spatiotemporal data support system

Fig. 4 - 	 Overall technical workflow
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sequestration rate under conditions without carbon sequestration 
measures (t C·ha⁻¹·a⁻¹), SCSRN denotes the farmland soil carbon 
sequestration rate with the application of chemical nitrogen and 
compound fertilizers (t C·ha⁻¹·a⁻¹), SCSRS indicates the farmland 
soil carbon sequestration rate with full straw return to the field (t 
C·ha⁻¹·a⁻¹), PR is the promotion and implementation rate of straw 
return in farmland (%), and SC refers to the farmland area (ha). 
All carbon sequestration rates are calculated based on the mass of 
the carbon element.

Correction of carbon sequestration rate and calculation 
of carbon storage by coupling remote sensing inversion 
factors

although the baseline carbon sequestration rate provides a 
reliable foundation for estimation, it fails to account for variations 
in carbon sequestration capacity among different patches within 
the same ecosystem type, which arise from factors such as 
vegetation coverage and growth health. Vegetation indices like 
NDVI (Normalized Difference Vegetation Index), EVI (Enhanced 
Vegetation Index), and GNDVI (Green Normalized Difference 
Vegetation Index) are closely related to vegetation photosynthetic 
activity and biomass. They can quantitatively reflect information 
on vegetation growth status and productivity (Shen et alii, 2024), 
serving as effective proxy variables for estimating Gross Primary 
Productivity (GPP) or Net Primary Productivity (NPP). Although 
a nonlinear relationship exists between them due to saturation 
effects (Zhang et alii, 2021), the magnitude of vegetation indices 
still significantly reflects the strength of carbon sequestration 
capacity (Gitelson et alii, 2019; Wu et alii, 2011). Based on 
this theoretical foundation, this study constructs a comprehensive 
correction coefficient using multiple vegetation indices to refine 
the literature-based baseline carbon sequestration rate. The 
underlying principle is that the actual carbon sequestration rate of 
a land parcel is positively correlated with its vegetation indices. In 
other words, areas with higher vegetation indices generally exhibit 
stronger photosynthesis, faster biomass accumulation, and thus 
carbon sequestration capacities above the average for their type, 
and vice versa (Field et alii, 1995; Sims et alii, 2018).

The correction process follows these steps:
1) Factor Extraction and Calculation
Using multispectral remote sensing imagery (e.g., Sentinel-2, 
Landsat) from the growing season of the study area, various 
vegetation indices for each pixel are calculated according to 
Equations (6) to (8).

		  NDVI=(NIR-R)/(NIR+R) 		  (6)

	 EVI=2.5×(NIR-R)/(NIR+6.0×R-7.5×BLUE+1) 	 (7)

	 GNDVI=(NIR-GREEN)/(NIR+GREEN) 	 (8)

to account for internal variations within the same ecosystem type. 
By constructing a Synthetic Vegetation Index (SVI), correction 
coefficients are calculated at the patch level, enabling the spatial 
expression of carbon sequestration rates and subsequently 
facilitating the estimation of carbon storage for various natural 
resources. Equations (1) to (5) represent the calculation formulas 
for carbon storage of the four main natural resource elements: 
forest land, grassland, wetland, and cropland (farmland), 
respectively. 
The forest carbon storage (FCS) is calculated as follows:

		  FCS=FCSR×SF×(1+β)		  (1)

In Equation (1), FCSR represents the carbon sequestration rate 
of forest land (t C·ha⁻¹·a⁻¹), SF denotes the area of forest and 
shrubland (ha), and β is the carbon sequestration coefficient for 
forest land. 
The grassland carbon storage (GSCS) is calculated as follows:

		  GSCS=GSR×SG			   (2)

In Equation (2), GSR represents the carbon sequestration rate of 
grassland soil (t C·ha⁻¹·a⁻¹), and SG denotes the grassland area 
(ha). 
The wetland carbon storage (WCS) is calculated as follows:

		  WCS=∑n
(i=1)SCSRi×SWi×10-2	 	 (3)

In Equation (3), SCSRi represents the carbon sequestration rate 
of the i-th wetland type (g C·m⁻²·a⁻¹), SWi denotes the area of the 
i-th water body/wetland type (ha), where i=1, 2, ... n. Cultivated 
land resources exhibit a dual role as both a carbon source and a 
carbon sink. On one hand, it involves carbon emissions generated 
during the utilization of cultivated land, including aspects such as 
land production use, crop cultivation, and soil management. On 
the other hand, cultivated land resources and the crops grown on 
them can absorb carbon (Zhu et alii, 2024). The GEP Guidelines 
note that since vegetation in farmland is harvested annually, the 
carbon it sequesters is returned to the atmosphere or enters the 
soil (Li et alii, 2021). Therefore, the carbon sequestration by 
farmland vegetation is not considered, and only the soil carbon 
sequestration of farmland is accounted for. 

The carbon storage of cultivated land (farmland) (CSCS) is 
calculated as follows:

	 CSCS=(BSS+SCSRN+PR×SCSRS)×SC		  (4)

	 BSS=NSC×BD×H×0.1			   (5)

In Equation (4) and (5), BSS represents the farmland soil carbon 
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In Equations (6) to (8), NIR represents the near-infrared band of the 
remote sensing data, R denotes the red band, BLUE indicates the 
blue band, and GREEN signifies the green band (Benoumeldjadj 
et alii, 2025).

2) Selection and Synthesis of Dominant Correction Factors
To avoid the limitations of a single index and enhance the 
robustness of the correction (Du et alii, 2021), this study 
employs a weighted composite value of multiple vegetation 
indices to construct a comprehensive correction coefficient 
(Gong et alii, 2020). Specifically, NDVI, EVI, and GNDVI are 
first normalized to eliminate dimensional influence. Weights 
are then assigned based on their correlation with vegetation 
carbon sequestration capacity, and the Synthetic Vegetation 
Index (SVI) for each pixel is calculated as follows:

SVI=w1×NDVInormalized+w2×EVInormalized+w3×GNDVInormalized (9)

In Equation (9), w1, w2, w3 represent the weights. The 
determination of these weights refers to studies by Fang 
Jingyun et alii on the correlation between each index and 
vegetation productivity (Fang et alii, 2020; Yuan et alii, 
2022), with the constraint that w1+w2+w3=1.

3) Calculation of the Correction Coefficient
Using the average Synthetic Vegetation Index (SVImean) of 
patches within the same ecosystem type as the baseline, the 
correction coefficient (Ccorrection) for each pixel is calculated. 
This method ensures that areas above the average level have 
a correction coefficient greater than 1, while areas below 
the average level have a correction coefficient less than 1, 
expressed as:

		  Ccorrection=SVIi/SVImean 		  (10)

In Equation (10), SVIi is the Synthetic Vegetation Index value 
of the i-th pixel. SVImean is the weighted average of the SVI 
values for all pixels belonging to the same land cover type as 
that pixel.

4) Determination of the Corrected Carbon Sequestration Rate
The spatially explicit, corrected carbon sequestration rate 
for each pixel is obtained by multiplying the baseline carbon 
sequestration rate by the correction coefficient.

		  Rcorrected=Rbase×Ccorrection 		  (11)

Rcorrected is the corrected carbon sequestration rate (t 
C·ha⁻¹·a⁻¹), Rbase is the baseline carbon sequestration rate 
obtained from the literature (t C·ha⁻¹·a⁻¹).

Results
Classification results of surface natural resource 
elements

This study primarily focuses on classifying the main surface 
natural resource elements within the research area. The classification 
scheme consists of four primary categories: Cropland Systems, 
Forest Land Systems, Grassland Systems, and Wetland Systems. 
Specifically, the Cropland System is subdivided into three secondary 
categories, including Paddy Fields, Dry Farmland, and Irrigated 
Land. The Forest Land System comprises five secondary categories: 
Arbor Forests, Orchards, Bamboo Forests, Shrublands, and Other 
Plantations. The Grassland System includes three secondary 
categories: Natural Grasslands, Artificial Green Space Grasslands, 
and Inland Beach Grasslands. The Wetland System is divided into 
six secondary categories: Lake Water Surface, River Water Surface, 
Pond Water Surface, Aquaculture Ponds, Marshlands, and Ditches, 
as detailed in Table 2.

Patch-scale land cover classification results
This study adopted six periods of spatiotemporal data (2008, 

2010, 2012, 2015, 2019, and 2023) of the study area for land 
cover classification. With more than 70000 patches in the 1266 
km² land area of the study area, manual visual interpretation or 
field survey to determine the land cover properties and range 
demarcation of each patch would consume enormous human 
and material resources. Therefore, the U-Net convolutional 
neural network (CNN) was employed for the automated 
interpretation of land cover/use maps in this study, which is a 
typical encoder-decoder model widely used in remote sensing 
image semantic segmentation for its excellent performance in 
small sample and fine-grained feature extraction.

Before the model training, a sample information library for 
remote sensing image interpretation was established based on 

Tab. 2 - 	 Classification results of surface natural resource elements in 
the study area
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assessment. The results showed that the average F1-score of the 
U-Net neural network adopted in this study reached 0.843, and the 
Kappa coefficient reached 0.886. For the four main land cover types, 
the User’s Accuracy and Producer’s Accuracy were calculated as 
follows: cropland (0.912 and 0.905), wetland (0.895 and 0.887), 
forestland (0.823 and 0.815), and grassland (0.801 and 0.794); 
the overall User’s Accuracy and Producer’s Accuracy of the land 
cover/use maps were 0.868 and 0.859, respectively. According 
to the Kappa coefficient scoring criteria, a kappa value ≥0.8 
indicates a good classification effect (Landis & Koch, 1977). 
Sampling comparison between the true labels and predicted 
labels showed that the extracted land cover element boundaries 
were relatively clear, the segmentation was basically complete, 
and most of the extraction results were credible. In summary, the 
interpretation results have met the predetermined requirements, 
and a small number of patches with an area of more than 200 
square meters and a confidence level lower than 0.85 were 
supplemented and improved by manual visual interpretation. The 
overall classification of the study area is shown in Fig. 5.

As a major high-quality coal production base in East China, the 
study area contains numerous natural or artificial wetlands formed 

a large number of field survey samples (7000 valid samples in 
total) collected in the study area by previous projects, covering 
all four first-level land cover types and 17 second-level types 
in this study. The sample dataset was randomly divided into 
training, validation and test sets with a ratio of 7:2:1. To 
optimize the U-Net model performance, the batch size was set 
to 16, the initial learning rate was 0.001 with Adam optimizer, 
and the model was trained for 500 epochs with cross-entropy 
loss function. In addition, to improve the interpretation accuracy 
of patch boundaries and fine features, the interpretation rule set 
was expanded based on DSM (Digital Surface Model) data by 
integrating multiple features of ground objects, including spectral 
features, shape features, texture features, canopy density and height 
information. A confidence threshold of 0.85 was set empirically 
in this study: if the classification credibility of a land patch was 
higher than this threshold, the automatic interpretation result was 
adopted directly; otherwise, manual visual interpretation was 
performed to determine its land cover type.

In the interpretation accuracy evaluation, the confusion 
matrix was used to calculate the precision, recall, F1-score, Kappa 
coefficient and other indicators of the neural network for accuracy 

Fig. 5 - 	 Land cover classification results of the study area in 2023. Note: this land cover/use map was obtained by U-Net convolutional neural network 
semantic segmentation of Sentinel-2 10 m resolution remote sensing images (2023). The base map is authorized by the local natural resources 
bureau and has no copyright issues. The scale of the map is 1:200000



through ecological restoration of coal mining subsidence areas. These 
wetlands not only represent distinctive geographical features of the 
study area but also provide favorable conditions for investigating 
the source-sink conversion mechanism of carbon in natural resource 
elements. To fully reflect this characteristic, in addition to conducting 
computational analysis across the entire study area, this paper 
specifically focuses on the subsidence-type wetlands within it. Figure 
6 presents the land cover classification for representative years of the 
largest subsidence-type wetland park in the study area. This wetland 
park covers a total area of 5.17 km². Originally agricultural land, 
it later experienced extensive subsidence and farmland settlement 
due to coal mining, leading to gradual ecological degradation and 
forming mining excavation areas and subsidence waterlogged zones 
as types of artificial wetlands. Designated as a provincial wetland 
park since 2012, wetland conservation and ecological restoration 
efforts have been carried out, including terrain reshaping, water 
system connectivity, ecological revetment restoration, bird habitat 
construction, and vegetation recovery. After over a decade of 
succession and renewal, it has now developed into a near-natural 
artificial wetland system.

Results of carbon sequestration rate coefficient 
correction

Based on the method described in Section 2.3 of this paper, 
the baseline (GEP, 2020; Fang et alii, 2018; Zhang et alii, 2020; 
Piao et alii, 2005; Duan et alii, 2008; Anderson & Mitsch, 
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2006) and corrected (Wang et alii, 2022) carbon sequestration 
rates for the main land cover types in the study area are presented 
in Table 3. The corrected carbon sequestration rate refers to the 
area-weighted mean of the carbon sequestration rates for all 
patches of that type within the study area.

Carbon storage estimation results
Meso-scale results

Temporally, the carbon sink of natural resource elements 

Fig. 6 - 	 Map of major land cover types in a wetland park in 2023. Note: the land cover/use map was obtained by U-Net convolutional neural 
network semantic segmentation of 0.5 m resolution commercial satellite remote sensing images (2023). The base map was derived from official 
authorized remote sensing data with no copyright issues. The scale of the map is 1:10000; the total area of the wetland park is 5.17 km² 

Tab. 3 - 	 Carbon sequestration rates of major land cover types (unit: t 
C·ha⁻¹·a⁻¹)
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in the study area showed an overall upward trend from 2008 to 
2023, with the total amount increasing by nearly 33000 tons, 
representing a rise of approximately 29.3%. Prior to 2019, 
the increasing trend was significant, while the growth rate has 
stabilized in recent years. In terms of carbon sink categories, the 
carbon sink of the cropland system has consistently remained 
above 50,000 tons annually, serving as the primary source of 
carbon sinks in the natural ecosystem. The forest land system 
follows, with its carbon storage doubling since 2008. The carbon 
storage of the wetland system increased nearly fivefold, showing 
the most pronounced growth, as detailed in Table 4.

Spatially, the total carbon sink of natural resource elements 
across townships in the study area has shown a consistent 

overall growth. Among them, Township L in the west, due to the 
characteristics of its industrial structure, has the highest carbon 
storage in the study area, reaching a total of 13000 tons in 2023. 
Township H, adjacent to the western shore of Weishan Lake, benefits 
from recent ecological and environmental remediation efforts, with 
its total carbon sink following closely behind, differing by only about 
300 tons. Township L also exhibits the highest increase in carbon 
storage within the study area, growing by approximately 55% from 
2008 to 2023. As detailed in Table 5, sub-districts (townships) within 
the urban built-up area, despite maintaining a relatively high growth 
rate over the past 15 years due to their initially low carbon storage 
levels, still account for a relatively small proportion of the total 
carbon sink in the overall study area. 

Tab. 4 - 	 Carbon storage of major natural resource elements in the study area (unit: tons) Note: the data in Table 4 are calculation results obtained by 
the research team of this paper based on the proposed method. They are not officially released data and are used solely for related research 
purposes. This is hereby stated

Tab. 5 - 	 Changes in total carbon sink by township in the study area (unit: tons). Note: the data in Table 5 are calculation results obtained by the 
research team of this paper based on the proposed method. They are not officially released data and are used solely for related research 
purposes. This is hereby stated



Based on the above analysis results, this study employs 
spatial clustering to conduct hot spot and cold spot analysis 
of the carbon sink distribution in the study area. The results 
reveal a relatively distinct pattern characterized by “higher in 
the west and lower in the east, higher in rural areas and lower 
in urban areas, and higher in peripheral areas and lower in 
the central area”. Areas with high carbon storage values show 
spatial clustering, forming hot spots, while areas with low 
values cluster to form cold spots. According to the analysis 
results, hot spots for carbon sequestration in the natural 
ecosystems of the study area are distributed along the Weishan 
Lake shoreline and locations such as a certain wetland park. 
Cold spots are relatively numerous and scattered, distributed 
in urban built-up areas, townships, sub-towns, and the 
peripheries of natural villages, as shown in Fig. 7. This pattern 
aligns with findings from studies in other similar regions in 
China (Jin et alii, 2024). The reasons for this pattern are likely 
highly correlated with the land-use policies implemented in 
the study area in recent years and the consistent, forceful 
advancement of ecological protection and restoration projects, 
such as returning farmland to forest and wetland restoration in 
areas like the Dasha River and Weishan Lake.
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Micro-scale results
At the micro-scale, this study primarily analyzes a certain 

wetland park. Based on the progress of its ecological restoration 
project, the analysis focuses on three key time points: 2012, 
2015, 2023. The year 2012 marks the start of the ecological 
restoration project, 2015 represents its substantial completion, 
and the period after 2015 is considered the maintenance phase. 
The results are presented in Table 6.

From the above results, it can be seen that the ecological 
benefits of this wetland ecological restoration project are 
highly significant, with the total carbon sink increasing more 
than sevenfold. In terms of carbon sequestration capacity per 
unit area, forests and wetlands exhibit the strongest capacity, 
followed by cropland and grassland. The carbon sequestration 
mechanism of water bodies is highly complex, and under certain 
conditions, a source-sink conversion phenomenon can occur 
(Zhang et alii, 2023). The total carbon sink of this wetland 
generally shows a year-on-year increasing trend, which is 
largely consistent with the outcomes achieved by other wetland 
ecological restoration projects in China (Wang et alii, 2013). 
The increase was particularly rapid before 2015, primarily 
attributable to the swift progress in implementing the ecological 

Fig. 7 - 	 Map of carbon sink hot spot and cold spot distribution at patch scale in the study area



68

S. ZHOU, J. RAO, Y. LI, J. XIONG, H. WANG, C. Xing, J. TAO & M. HU

Italian Journal of Engineering Geology and Environment, 1 (2026)		  www.ijege.uniroma1.it    

remote sensing inversion factors, achieving higher precision 
in small-scale carbon sink estimation (overall User’s Accuracy 
0.868, Producer’s Accuracy 0.859), which is more suitable for 
local ecological management.

Uncertainties analysis
Potential uncertainties in this study mainly involve input 

data and model parameters. For input data, cloud contamination 
in Sentinel-2 and commercial satellite images may lead to 
incomplete extraction of ground object features, especially 
in rainy seasons, affecting land cover classification accuracy 
and further introducing carbon storage estimation errors. 
Additionally, the spatial resolution of remote sensing data (10 
m for the overall study area, 0.5 m for the subsidence wetland 
park) may underestimate carbon sinks of small patches, and 
data gaps in long-term monitoring (supplemented by linear 
interpolation) may fail to fully reflect the actual seasonal 
variation of carbon sequestration. For model parameters, 
the U-Net tuning parameters (batch size 16, initial learning 
rate 0.001, 500 epochs) are empirically set, and different 
combinations may affect classification accuracy; sensitivity 
analysis shows the learning rate has the greatest impact (a 
10% change leads to a 3-5% F1-score change). Moreover, key 
carbon sequestration rate parameters sourced from existing 
literature may have limited applicability in the study area due 
to regional differences in soil, vegetation, and climate.

Research limitations
Based on the above uncertainties, this study has three main 

limitations. First, the carbon sequestration rate correction 
relies on linear adjustment of remote sensing inversion factors, 
which cannot fully reflect the complex non-linear relationship 
between natural biomass and environmental factors, leading 
to potential estimation errors. Second, the study focuses 
on four main land cover types and ignores other potential 
carbon sink types (e.g., shallow beaches, riparian vegetation), 
possibly underestimating the total carbon sink. Third, the GEP 
Guidelines’ reference values overlook some variable factors 
(e.g., unaccounted farmland vegetation carbon sequestration), 
affecting result comprehensiveness and accuracy.

Future research directions
To address the above limitations and uncertainties, 

future research will focus on four aspects. First, integrate 
high-resolution remote sensing data for the entire study area 
and use cloud removal algorithms to reduce contamination 
impacts. Second, conduct in-situ long-term monitoring to 
collect field-measured data, optimize model parameters, 
and verify literature-sourced parameter applicability. Third, 
expand carbon sink type coverage to improve estimation 

restoration project. After 2015, during the maintenance phase, 
the land cover conditions stabilized, leading to a gradual 
slowdown in the increase of the carbon sink (Sitch et alii, 
2023).

DISCUSSIONS
This study proposed a meso-scale natural resource carbon 

sink monitoring framework based on multi-source remote 
sensing data and U-Net semantic segmentation, and quantified 
the spatiotemporal evolution of carbon sinks in a typical 
county over 15 years. To contextualize the findings, this 
section compares the results with existing literature, elaborates 
on potential uncertainties, clarifies research limitations, and 
puts forward targeted future research directions.

Comparison with existing literature
The spatial pattern of “higher in the west and lower in the 

east, higher in rural areas and lower in urban areas” identified 
in this study is consistent with the findings of Ghaderpour 
et alii (2025), who confirmed that land cover conversion and 
human disturbance (e.g., wildfires) significantly affect regional 
carbon sink distribution. Similarly, Li et alii (2024) emphasized 
that climate and land-use change jointly drive vegetation 
carbon sink variation, which aligns with our conclusion that 
ecological restoration projects (e.g., coal mining subsidence 
remediation) are closely correlated with carbon sink growth. 
However, most existing studies focus on macro scales 
(national or global) (Wang et alii, 2020) or single-ecosystem 
carbon sink assessment (Zhang et alii, 2021), whereas this 
study focuses on the county scale (1000-5000 km²), which fills 
the gap in meso-scale carbon sink monitoring and provides 
more targeted technical support for regional “dual carbon” 
implementation. Compared with Jung et alii (2011), who used 
remote sensing data to generate macro-scale GPP products, 
our framework integrates U-Net semantic segmentation and 

Tab. 6 - 	 Carbon sink of major natural resource elements in a certain 
wetland park (unit: tons). Note: the data in table 6 are 
calculation results obtained by the research team of this paper 
based on the proposed method. They are not officially released 
data and are used solely for related research purposes. This is 
hereby stated
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comprehensiveness. Fourth, conduct in-depth research on 
wetland “source-sink” conversion mechanisms to provide 
targeted decision support for ecological protection and 
restoration.

CONCLUSIONS
This study developed a meso-scale natural resource carbon 

sink monitoring framework based on multi-source remote 
sensing data and the U-Net semantic segmentation model. From 
2008 to 2023, the net carbon storage in the study area increased 
significantly, with a total increment of nearly 34000 tons and a 
cumulative growth rate of approximately 42%. Spatially, natural 
resource carbon sinks presented an obvious pattern of “higher 
in the west and lower in the east, higher in rural areas and lower 
in urban areas, and higher on the periphery and lower in the 
center”, which was highly consistent with the implementation 
of regional ecological restoration projects.

The land cover/use classification achieved an overall 
User’s Accuracy of 0.868 and Producer’s Accuracy of 0.859, 
with a Kappa coefficient of 0.886, verifying the reliability of 
the proposed method. The framework can effectively improve 
the refinement level of meso scale carbon sink estimation and 
enrich relevant data products and technical methods.

A key innovation of this study is that it balances the accuracy 
and efficiency of carbon storage estimation by integrating 
remote sensing inversion factors to correct carbon sequestration 
rates while retaining the advantages of the low-cost, easy-to-
monitor “top-down” method, and enriches meso-scale carbon 
sink monitoring achievements by taking counties as the research 
object.

To further promote regional carbon neutrality, three 
recommendations are put forward: 

1) strengthen long-term dynamic monitoring of carbon sinks 
in ecological restoration areas; 

2) integrate higher-resolution remote sensing data to 
improve the accuracy of small-scale carbon sink assessment; 

3) establish a standardized natural resource carbon sink 
database to support policy formulation for carbon trading and 
ecological compensation.

POLICY RECOMENDATIONS
Based on the results of natural resource carbon storage 

monitoring and spatiotemporal evolution analysis in the study 
area over the past 15 years, this paper proposes the following 
three policy recommendations:

First, strengthen the carbon sink orientation of territorial 
ecological restoration. During the delineation and implementation 
of the “Three Zones and Three Lines,” the spatial distribution 
characteristics of natural resource carbon sinks should be fully 
considered. Priority should be given to promoting ecological 

restoration and vegetation coverage enhancement projects in 
carbon sink cold spots (e.g., urban built-up areas, peripheries of 
townships), establishing carbon sink gradient management and 
control to enhance the overall carbon sink capacity of the region 
and the coordinated development level of “Production-Living-
Ecological Spaces.” It is recommended that natural resource 
authorities introduce carbon sink spatial distribution layers as a 
key decision-making element in the implementation of territorial 
spatial planning and the dynamic assessment of the “Three Zones 
and Three Lines.” At the planning level, carbon sink cold spot 
areas (e.g., urban built-up area edges, industrial and mining 
concentrated zones with low carbon storage) should be prioritized 
for designation as key ecological restoration areas, with 
differentiated patch-level carbon sink enhancement targets set. 
At the project level, a “Carbon Sink Plus” ecological restoration 
model should be promoted. For instance, priority should be given 
to establishing high-efficiency mixed forests with strong carbon 
sink capacity around urban areas, and native carbon-sequestering 
plant species should be prioritized in the restoration of abandoned 
industrial and mining lands. Furthermore, a linkage mechanism 
should be established between carbon sink performance and 
policies regarding the allocation of restoration funds and the 
adjustment of land-use quotas.

Second, tailored to the characteristics of the study area, 
continuously promote wetland restoration and carbon sink value 
transformation in coal mining subsidence areas, and further 
explore integrating wetland carbon sinks into the ecological 
product value realization mechanism to strive for policy support 
from carbon sink trading and ecological compensation. Possible 
measures include: It is recommended that environmental and 
natural resource departments jointly lead the selection of typical 
subsidence wetlands to conduct research on baseline carbon 
sink surveys and monitoring methodology local standards 
(Ballantyne et alii, 2023), providing a compliant basis for 
carbon sink quantification. Promote the inclusion of certified 
wetland carbon sink projects into provincial and municipal 
pilot programs for ecological product value realization (GEP 
accounting) and carbon emission trading markets (e.g., CCER). 
Explore the “Eco-environment Oriented Development (EOD)” 
model, transforming future carbon sink revenue expectations 
into current financing capital for restoration and management 
to form a sustainable funding cycle. Concurrently, actively 
apply for provincial or national-level innovation pilot programs 
for ecological product value realization mechanisms to secure 
dedicated policy and financial support.

Third, promote the “Remote Sensing Correction+Land 
Parcel Classification” carbon sink monitoring technology system 
proposed in this study, and establish a regular county-level carbon 
sink accounting and dynamic assessment mechanism to provide 
a scientific basis for territorial spatial planning, ecological 
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