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ABSTRACT

The regional terrestrial ecosystems serve as primary carbon sinks, characterized by strong spatial heterogeneity
and significant interannual fluctuations. In Xinjiang, one of China’s five autonomous regions, carbon storage
increased from 12967.897 Tg C (1Tg = 10'2 g) to 14262.31 Tg C. Traditional carbon sink assessment methods
struggle to fully account for the combined impacts of human activities and environmental factors, impeding
accurate depiction of the spatial distribution and evolution of regional carbon stocks. This study proposes a
regional terrestrial ecosystem carbon density estimation method based on an ARIMA-CatBoost-RNN coupled
model. Firstly, the ARIMA model forecasts carbon density time series, the CatBoost model reduces the impacts of
spatial heterogeneity, and the RNN model estimates ecosystem carbon density values. Secondly, terrestrial
carbon storage is estimated using an parameter-updated InVEST model, with an accuracy of up to 78.4 %.
Finally, the Geodetector model quantifies the influence of nine driving factors on carbon sink capacity. The
results reveal that soil carbon stocks comprise 55 %-61 % of total carbon storage, making them the main
component of Xinjiang’s terrestrial ecosystems. Annual average carbon sequestration is 39.02 T C/km?, with
forests showing the highest capacity at 103.33 T C/km?. NDVI (Normalized Difference Vegetation Index) has the

most significant impact on Xinjiang’s carbon sink capacity, contributing up to 0.615.

1. Introduction

Terrestrial ecosystems are the second-largest carbon reservoir on
Earth, after ocean ecosystems. They play a crucial role in global carbon
storage and sequestration, mitigating the greenhouse effect (Zheng &
Zheng, 2023). Studies have shown that terrestrial ecosystems absorbed
approximately 31 % of anthropogenic CO, emissions globally between
2010 and 2019 (Zhang et al., 2023). Currently, the global terrestrial
carbon sink is primarily estimated using the carbon budget approach,
which indirectly calculates terrestrial carbon uptake by subtracting the
amount of CO, absorbed by the atmosphere and oceans from the total
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emissions generated by fossil fuel combustion and land-use change (Piao
et al., 2009). This indirect method has the advantage of circumventing
the challenges associated with the spatial heterogeneity of terrestrial
ecosystems. However, due to the influence of atmospheric transport
processes and uncertainties in regional emission inventories, this
method is not suitable for estimating terrestrial carbon stocks at the
regional scale. Accurately quantifying terrestrial carbon storage at
regional scales remains a significant challenge in the scientific
community.

In support of regional carbon sink estimation, researchers have
proposed a variety of approaches, which can be broadly categorized into
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bottom-up and top-down frameworks (Piao et al., 2022). The bottom-up
approach refers to the extrapolation of site-level or grid-scale observa-
tional or simulated data to a regional extent. Common methods under
this category include the inventory method (Pan et al., 2004), eddy
covariance method (Zeng et al., 2020), and ecosystem process modeling
(Sun & Liu, 2020). In contrast, the top-down approach estimates
terrestrial carbon sinks by inverting atmospheric COy concentration
changes. Each of these methods has its strengths and limitations. Fang et
al. employed the inventory method using 50 years of forest resource
inventory data to assess changes in forest biomass carbon storage across
the mid-latitudes of the Northern Hemisphere in China (Fang et al.,
2001). Although the inventory method provides high-accuracy esti-
mates, it relies heavily on extensive ground-based data collection,
making large-scale applications costly and logistically difficult. Rodda
et al. utilized long-term eddy covariance measurements to evaluate the
amount of carbon sequestration of tropical dry deciduous forests in
central India (Rodda et al., 2021). While this method offers fine tem-
poral resolution and reduces the influence of climatic variability, it only
captures static conditions and lacks the ability to predict future carbon
dynamics.

In response, researchers have developed various ecosystem carbon
budget models, such as the Carnegie-Ames-Stanford Approach (CASA)
model (Wang et al., 2017), the Dynamic Global Vegetation Model
(DGVM)(Chen et al., 2020), and the Integrated Valuation of Ecosystem
Services and Tradeoffs (InVEST) model integrated with land use models
(Wang et al., 2024; Yang et al., 2017), have been developed to explore
factors influencing carbon storage and predict future trends. Wang et al.
proposed a new framework combining system dynamics (SD) models,
the Patch-generating Land Use Simulation (PLUS) model, and the
InVEST model to predict future carbon stock changes in Bortala, China
using land use and climate data (Wang et al., 2022). However, these
approaches often rely on the assumption of fixed carbon density and fail
to account for the variability in carbon storage among land parcels of the
same category, which limits the generalizability of the results. In sum-
mary, current research on terrestrial carbon storage has evolved from
focusing on single ecosystems (e.g., soil, grasslands, forests, wetlands) to
broader spatial scales such as watersheds, urban agglomerations, prov-
inces, and countries. Methodologically, studies have shifted from
traditional field surveys to integrated approaches combining remote
sensing and model coupling. Nonetheless, prevailing methods still face
limitations, including high estimation costs, sensitivity to parameter
uncertainties, insufficient accuracy, and limited scalability.

As one of the world’s largest emitters of greenhouse gases, China
bears a significant responsibility for both emission reduction and carbon
sequestration (Wang et al., 2020). Xinjiang, the largest provincial-level
administrative region in China by land area—accounting for one-sixth of
the nation’s territory—hosts diverse ecosystems, including forests,
grasslands, deserts, and wetlands, and thus possesses considerable po-
tential for carbon sequestration (Tong et al., 2023; Bahtebay et al.,
2021). The variations in carbon stock in this region have profound im-
plications for regional sustainable development strategies. As a core area
of the “Belt and Road Initiative,” Xinjiang has experienced rapid eco-
nomic growth, continuous urban expansion, and a rising population.
The progressive development of supporting infrastructure in trans-
portation, water conservancy, and power supply has brought significant
socioeconomic benefits (Cheng et al., 2023). However, it has also
imposed profound pressure on the local ecosystems. Increasing water
scarcity, land degradation, heightened ecosystem vulnerability, and
biodiversity loss have become increasingly severe issues. Under the in-
fluence of intensive human activities, carbon storage in Xinjiang’s
terrestrial ecosystems exhibits marked fluctuations and strong spatial
heterogeneity, making it a representative region for studying the driving
mechanisms of carbon stock changes (Yang et al., 2025; Yan et al.,
2019).

With the advancement of remote sensing technology and ecosystem
modeling, significant progress has been made in the study of carbon
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storage in the Xinjiang region. Jin et al. employed the Markov—-
FLUS-InVEST model to estimate the spatiotemporal distribution of
carbon storage under land use changes in Xinjiang, revealing the sub-
stantial impacts of urban expansion and grassland degradation on car-
bon stocks. Zhang et al. applied the Ensemble Empirical Mode
Decomposition (EEMD) method to analyze the temporal dynamics of
terrestrial ecosystem carbon sink capacity in Xinjiang and identified key
natural drivers such as Temperature and Precipitation (PRE). Despite
these achievements, current research on terrestrial ecosystem carbon
storage in Xinjiang still faces several limitations. Most studies focus on
the spatiotemporal distribution of carbon storage in single ecosystem
types—such as forests and grasslands—while paying insufficient atten-
tion to other ecosystem types, including croplands, urban areas, and
deserts (Liu et al., 2024; Song et al., 2024;Gong et al., 2012). Moreover,
constrained by traditional estimation methods, existing carbon storage
datasets for Xinjiang suffer from large uncertainties, insufficient spatial
and temporal resolution, incomplete coverage, and difficulty in timely
updates (Ghosh et al., 2021; Pan et al., 2020; Zhang et al., 2022). In
addition, Xinjiang is characterized by complex climate variability and
intensive human activities, resulting in highly volatile carbon storage
dynamics. Traditional attribution methods struggle to fully account for
the regulatory effects of multiple factors such as TEM, PRE, and land use
change on carbon storage. These limitations hinder a comprehensive
understanding of carbon storage driving mechanisms and pose chal-
lenges to the formulation of effective carbon compensation policies and
the realization of regional sustainable development.

Therefore, this study selected the Xinjiang Uygur Autonomous Re-
gion of China as the study area and proposed a multi-model coupled
framework to assess regional terrestrial ecosystem carbon sink capacity,
with the goal of identifying carbon sequestration differences among
areas with the same land use type. This approach enhances the accuracy
of carbon stock estimation compared to traditional methods and ad-
dresses the current limitations of high uncertainty, incomplete spatial
coverage, and poor temporal resolution in existing carbon stock data-
sets. First, the Auto Regressive Integrated Moving Average (ARIMA)
model was applied to estimate annual carbon density values for
aboveground biomass, belowground biomass, and soil components
across the region. Next, the CatBoost model was trained to classify the
region into three carbon density levels (low, medium, high), thereby
reducing the effect of spatial heterogeneity on subsequent modeling.
Then, a Recurrent Neural Network (RNN) model was constructed to
explore the nonlinear relationships between carbon density and eight
environmental and anthropogenic driving factors, under the constraints
of ARIMA and CatBoost outputs, enabling fine-scale (grid-level) carbon
density evaluation. Based on the multi-model coupling results, the car-
bon density parameters in the InVEST model were optimized to achieve
high-precision estimation of carbon stocks at the grid-cell scale. Finally,
the Geographical Detector Model was employed to investigate the
spatial driving mechanisms of natural conditions and human activities
on carbon sink capacity. This integrated modeling framework supports
China’s goal of achieving carbon neutrality by 2060 and advances
methodological innovation in the assessment of regional terrestrial
ecosystem carbon storage.

2. Materials and methods
2.1. Data acquisition and processing

The datasets utilized in this study are categorized into three types:
(1) driving factor data for model training, (2) carbon density data for
assessing model performance, and (3) statistical data for estimating total
carbon storage. The detailed information on the data can be found in
Table 1 and Fig. 1.

2.1.1. Driving factor data
The driving factor dataset includes eight variables: annual mean PRE
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Table 1
Information on Basic Data.
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Data Type Data Source Coverage Period Units Spatial Resolution
Impact Factor PRE Big Earth Data Platform 1901-2021 mm 1 km
TEM Big Earth Data Platform 1901-2021 °C 1 km
SM Big Earth Data Platform 2000-2020 m?/m? 1 km
NDVI Resource and Environment Science 2000-2020 — 1 km
NPP National Environmental Science 2000-2020 KgC/mz/y 1 km
POP Resource and Environment Science 2000-2020 p/km? 1 km
GDP Resource and Environment Science 2000-2020 10 k¥/km? 1 km
Land Cover Data Resource and Environment Science 2000, 2005, 2010, 2015. 2020 — 1 km
Carbon density Aboveground NASA 2010 Mg C/ha 300 M
Belowground NASA 2010 Mg C/ha 300 M
Soil Carbon National Glacier Permafrost 2010 kg C/ m? 30 M
Dead Organic Carbon National Glacier Permafrost 2010 kg C/m? 1 km
Statistics Carbon density statistics Paper Database 2000-2014 kg C/m> —
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Fig. 1. Impact factor and validation data preprocessing.

China Environmental Data Platform. NDVI, POP, GDP, and land cover
data are sourced from the Resource and Environment Science and Data
Center of the Chinese Academy of Sciences. NPP data are provided by
the National Ecosystem Science Data Center of China.

(Peng, 2020), annual mean TEM (Peng, 2019), annual mean soil mois-
ture (SM)(Shangguan et al., 2022), NDVI (Li et al., 2024), Net Primary
Productivity (NPP)(He et al., 2021), population density (POP)(Yang
et al., 2009), per capita Gross Domestic Product (GDP)(Liu et al., 2005),
and land cover data (Xu et al., 2018), all with a spatial resolution of 1
km. PRE, TEM, and SM are monthly averaged data obtained from the
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2.1.2. Carbon density data

Carbon density data include belowground biomass carbon density
and aboveground biomass carbon density (Spawn et al., 2020), soil
organic carbon density (Dong et al., 2025), and dead organic matter
carbon density (Liu et al., 2021). The aboveground and belowground
biomass carbon density datasets are obtained from the official NASA
website, with a spatial resolution of 300 m and units expressed in Mg C/
ha. These datasets are derived from remote sensing observations and
field survey data using machine learning models. Soil organic carbon
density is sourced from the National Tibetan Plateau/Glacier and Frozen
Earth Desert Scientific Data Center of China, with a spatial resolution of
30 m and units in kg C/m Due to limited availability of dead organic
matter carbon data, this study estimates dead organic carbon density for
the Xinjiang region using a coefficient-based method derived from the
other three carbon components.

2.1.3. Statistical data

The statistical dataset is based on terrestrial carbon storage data-
—covering aboveground, belowground, soil, and dead organic matter
carbon—from 2000 to 2014, published by the Chinese Academy of
Sciences (Xu et al., 2019). A total of 15,610 carbon density records were
collected from published literature between 2000 and 2014. Of these,
3,921 records related to Xinjiang and its surrounding regions were
selected for model training and validation.

2.1.4. Data preprocessing

Annual mean values were derived from daily and monthly data using
MATLAB. ArcGIS was then used to project, resample, and clip all data-
sets to a 1 km resolution under the WGS1984 coordinate system. To
enhance model efficiency, reduce overfitting risk, and improve under-
standing of relationships between input features and carbon density, the
data were preprocessed through three main steps: (1) Extraction: Raster
data within the study area were masked and converted to vector points
using ArcGIS, generating 1,635,396 samples with attributes including
PRE, TEM, NDVI, and carbon density values. (2) Normalization: All
variables were normalized to a [0,1] range using Min-Max scaling to
ensure comparability. (3) Dataset Construction: Data were stratified by
carbon density into equal intervals. A Python script sampled 1,000
points per interval, yielding 100,000 spatially distributed records. These
were split into training, testing, and validation sets (7:2:1) and stored in
CSV format to support RNN model training.

2.2. Research approach

This study proposes a novel method for estimating regional terres-
trial ecosystem carbon density, which serves as a parameter foundation
for high-precision carbon storage assessment at the grid scale. The
approach addresses current limitations in carbon storage datasets, such
as high uncertainty, infrequent updates, and unclear driving mecha-
nisms. Focusing on the Xinjiang region, the methodology integrates
multi-source remote sensing data and involves three key steps to analyze
the influence of various driving factors on different ecosystem carbon
pools:

First, the terrestrial ecosystem is categorized into four major carbon
pools: aboveground biomass carbon, belowground biomass carbon, soil
organic carbon, and dead organic matter carbon. A coupled ARI-
MA-CatBoost-RNN model is employed to estimate carbon density,
generating spatially continuous datasets at 1 km resolution for the
period 2000-2020 in five-year intervals.

Second, based on the model’s estimation results, the carbon density
parameters of the inVEST model are optimized to achieve high-
resolution (1 km) carbon storage assessments for the terrestrial ecosys-
tems of Xinjiang over the same period.

Third, carbon sink capacity is evaluated using the carbon accumu-
lation rate. The spatial distribution patterns and temporal evolution of
carbon storage across seven terrestrial sub-ecosystems are analyzed.
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Additionally, a geographic detector is applied to examine the impacts of
human activities and natural factors on carbon sink capacity. The overall
research framework is illustrated in Fig. 2.

2.3. Coupled carbon density estimation model

This study develops a carbon density estimation approach based on a
coupled ARIMA-CatBoost-RNN model, in which the RNN model is
constrained by both the temporal trends predicted by ARIMA and the
spatial stratification derived from CatBoost, thereby improving the ac-
curacy of carbon density estimation. The specific methodology is as
follows:We first use statistical data on aboveground biomass, below-
ground biomass, and soil carbon density in Xinjiang from 2000 to 2014
to train the ARIMA model, which is well-suited for time series fore-
casting. The model predicts the annual average carbon densities for the
years 2015-2020 (Equation (1), and these predictions are used as tem-
poral constraints to guide the output restoration process in the subse-
quent RNN model. Second, we incorporate various driving factors and
2010 carbon density data to train the CatBoost model, which excels at
classification tasks. This model classifies the study area into three zones
with distinct carbon density levels (high, medium, low) based on input
features. These zones are used to perform partitioned RNN training,
which mitigates the impact of spatial heterogeneity on the accuracy of
carbon density estimation by enabling localized learning. Third, we
apply the RNN model, which is particularly effective for capturing
complex nonlinear relationships in multidimensional data, to learn the
latent mapping between pixel-level carbon density values and multiple
influencing factors (Equation (2). During estimation, the RNN’s outputs
are constrained by both:the temporal trends predicted by the ARIMA
model, and the spatial classification results from the CatBoost model.
This dual constraint mechanism allows the RNN model to estimate
carbon density for each grid cell with high temporal and spatial fidelity,
achieving fine-scale, long-term carbon density estimation across the
study region (Equation (3). The multi-model coupling process is detailed
in the Supplementary Fig. 3.

2.3.1. ARIMA model

ARIMA is a statistical model used for time series forecasting. The
model consists of three parts: Autoregressive (AR) part: Represents the
relationship between the current observation and past observations.
Typically denoted by p, which is the number of autoregressive terms.
Integrated (I) part: Represents the differencing of the time series data to
achieve stationarity. The number of times the series is differenced is
known as the order of integration, denoted by d. Moving Average (MA)
part: Represents the dependency between an observation and a residual
error from a moving average model applied to lagged observations.
Typically denoted by g, which is the number of lagged forecast errors in
the prediction equation (Dorogush et al., 2018; Mitchard et al., 2013;
Roy et al., 2021), The equation is as follows:

Cim =1 Y1+ Yo+ + (/)th—p +e —6e 1 —Osep— - — qut—q
(€]

In the formula: Cy, represents the prediction result, p is the number
of autoregressive terms, q is the number of lagged forecast errors, e is the
natural constant, t is the sample time, ¢ is the autoregressive coefficient,
and 0 is the moving average coefficient.

Based on the annual average statistical data of aboveground,
belowground, and soil carbon densities from 2000 to 2014, we analyzed
the trends in carbon densities from 2000 to 2020. Taking soil carbon
density estimation as an example, based on the sample data, we used the
SPSS data analysis software to determine the differencing order d for the
data. We applied the Akaike Information Criterion and Bayesian Infor-
mation Criterion methods to explore the values of p and g, selecting the
values that minimized both criteria (p =1, q =1), which provided the
best fitting parameters for constructing the ARIMA model



Q. Lvetal

Ecological Indicators 178 (2025) 114041

Basic data

C Impact factors ] [.Statistical data ] [’Validation data]

- -

input }
pom oo N
i Carbon density evaluation based on :
i multi-model coupling i
o R
i | Aboveground )
I — carbon density !
i| | model i
oS i
i| N |
i Belowground 1
i [ carbon density i
i | | model i
AN /|
N |
i | | Soil carbon o :
"'| | density model 1
i ]
i\ 4
i 1
i Dead organic carbon density model :
" GE /|
3 1
i |
3 1
i ]
Lo oLl ___ |

T

v

Regional Terrestrial Ecosystem Carbon Density
(the grid cell level)

1.Estimation of carbon density in regional
terrestrial ecosystems

=
2000-2020 Carbon density data
Aboveground | | Belowground Soil carbon Dead organic
CD CD CD CD

Carbon stock estimation based on carbon
density parameters

The carbon storage estimation module of inVEST

Estimation of carbon storage in regional terrestrial ecosystems
(the grid cell level, 2000-2020)

2.Analysis of spatiotemporal changes in
carbon sequestration capacity

Exploring the driving mechanism of carbon sequestration capacity

i i
i 1
i i

The impact of human activities and natural environment on
changes in carbon sequestration capacity

3.Assessment of carbon sequestration capacity and
exploration of driving mechanisms

Fig. 2. Research framework. The grey boxes represent the foundational data used in the study; the blue boxes denote the models and methods; the yellow boxes

indicate the research findings.

kg O/t
_

kg C/m i il curbsen bty | g OV B Prvoriod Sodl Carbaen Stocki MEE=0.0] %)
LR

= i = Phekoarpmoamad carbos demiry | bg T8 ) *  Peerecied Absngrosned Carbon Mook MSE =001

& — Ay griaanad carbon demsay (kg O | B - Progiotiad Bieloragronind Cabon Sk MSR 1;llll1|
& . .
A — s B u
-y i = -
43
-
.
o /

A5 ¥ L |

DHEF OY J0B) Mobd De0s oo W7 360E 2EF I

Fig. 3. ARIMA model training and prediction results. Rectangles represent the

10 BFIE 200 2008 B4 301F ih DT 20E 2ol M YEAF

mean soil carbon density, triangles represent the mean underground carbon density,

and circles represent the mean aboveground carbon density. Values of the black line correspond to the left y-axis, while values of the red line correspond to the right
y-axis. Dark-colored lines denote training data, and light-colored lines denote predicted results.

(Supplementary Fig. 4). We evaluated the predictive accuracy of the
model based on the Mean Squared Error metric (Fig. 3).

2.3.2. CatBoost model

The CatBoost model, a classification algorithm based on Gradient
Boosted Decision Trees, constructs a symmetric tree structure, allowing
the model to more reasonably analyze categorical feature data and
minimize overfitting to the greatest extent possible (Chen et al., 2022;
Du et al., 2014; Jiet al., 2019). The CatBoost model performs well when

handling data with a large number of categorical features. Therefore, in
this study, the CatBoost model was trained to extract the relationships
between various influencing factors and carbon density, achieving the
classification of aboveground, underground, and soil carbon density
levels in Xinjiang in 2010. The classification accuracy of various carbon
density levels was validated based on existing data (Supplementary
Fig. 5). The prediction results of the CatBoost model at large and
regional scales are highly consistent with the actual situation, and can
effectively depict the true distribution of carbon density levels. The
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accuracy metrics for soil, aboveground, and underground carbon density
models are 0.92, 0.86, and 0.85, respectively, with a mean of 0.876,
indicating the CatBoost model accurately distinguishes carbon density
levels across grid cells (Supplementary Table 1).

2.3.3. RNN model

The RNN model typically includes five parts: the input layer, hidden
layer, recurrent structure, hidden state, and output layer. The hidden
layer is the key part of the model, responsible for extracting feature
information from the data and transmitting it in the form of hidden
states through the recurrent structure (Jung et al., 2020; Shen et al.,
2009). In this study, an RNN model was trained based on the known
aboveground, underground, and soil carbon density data from 2010,
along with six types of influencing factor data (the model accuracy is
shown in Fig. 5). The model was used to fit the functional relationship
between carbon density and influencing factors, and to estimate the
carbon density at a 1 km spatial resolution in Xinjiang for the years
2000-2020, based on the influencing factors data from 2000 to 2020. It
is particularly crucial to note that, since the input data are all

normalized, the output results need to be combined with the carbon
density mean predicted by the ARIMA model and the carbon density
levels predicted by the CatBoost model to calculate the actual carbon
density values, according to the following formula:

Cprei :f(X1X2"'Xn) (2)
5 Cam .,
Cdi = Cprei =" (Bmax - Bmin)+Bmin (3)
Cdj

In the formulae (2) and (3): Cy.; represents the normalized carbon
density value predicted by the RNN model for the i grid cell; f is the
fitting function of the RNN model; X; is the independent variable or the
value of the influencing factor; C; represents the actual carbon density
value of the i grid cell; C4, is the mean carbon density of the j carbon
pool predicted by the ARIMA model; C4 is the mean carbon density of
the j carbon pool in 2010; and B,qy, Bmin are the maximum and minimum
values (thresholds) of carbon density levels obtained by the CatBoost
model.
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2.4. Carbon stock accounting and carbon sink capacity assessment

2.4.1. Parameter-Optimized InVEST model

The carbon storage in regional terrestrial ecosystems mainly includes
four categories: aboveground, underground, soil, and dead organic
matter carbon storage. The InVEST model is currently a commonly used
carbon storage estimation model. The traditional InVEST model’s car-
bon storage accounting module primarily calculates regional carbon
storage using carbon density coefficients based on land use type data.
This method overly relies on the classification accuracy of land use data
and cannot distinguish the carbon density differences within the same
land use type, making it difficult to specifically analyze the changes in
ecosystem carbon storage of different subtypes. This significantly im-
pacts the accuracy of regional carbon storage estimation.

Based on land use data, the terrestrial ecosystems in Xinjiang were
divided into seven categories: farmland ecosystem, forest ecosystem,
grassland ecosystem, water wetland ecosystem, settlement ecosystem,
and desert ecosystem. Using a multi-model coupling approach, the
carbon density values of four types of carbon pools for each sub-
ecosystem category were estimated. The parameters of the InVEST
model’s carbon storage accounting module were optimized to the grid
cell level, allowing it to identify the carbon density value of each grid
cell rather than being limited by land use carbon coefficients. The ac-
counting formula is as follows:

C= Cabove + Cbelow + Csoil + Cdead (4)
Ci=) Ci*Sk(i=1,2,3,4)(k=1,2,--n) ©)
k=1

In the formula 4: Cis the total carbon storage of the terrestrial
ecosystem; Cgoyeis the total aboveground carbon storage; Cpeoy is the
total underground carbon storage; C;,; is the total soil carbon storage;
Cyeqais the total dead organic matter carbon storage; C; is the carbon
storage value of a specific grid cell. In formula 6 C, is the carbon density
value of a specific grid cel; Si is the area of the grid cell; n is the total
number of grid cells in the study area; k is the current grid cell number.

2.4.2. Carbon sink capacity assessment

Based on high-precision carbon storage data from 2000 to 2020
(every 5 years), trend analysis of the annual changes in total carbon
storage of regional ecosystems was conducted to assess the carbon
storage capacity of each grid cell. The carbon sink capacity of the Xin-
jiang region was evaluated based on the carbon accumulation rate.
Carbon sink capacity refers to the net carbon accumulation of an
ecosystem over a given period, representing the difference between
carbon uptake and carbon release within one year, which is equivalent
to Net Ecosystem Production (NEP) (Randerson et al., 2002; Casas-Ruiz
et al., 2023), as shown in the formula below.

ACk

CAR. = (s,

(6)

In the formula 6:CARyis the carbon accumulation rate of the k grid
cell;ACy is the change in carbon storage of the k grid cell over time T;AT
is the time interval.

Due to the lack of long-term continuous data on respiratory fluxes
and anthropogenic emission disturbances, we adopted NEP as a proxy
indicator to represent the net carbon budget status of regional ecosys-
tems, consistent with previous approaches to regional-scale carbon
balance assessment (Huang et al., 2023; Xu et al., 2024). Over a certain
period of time, a positive carbon accumulation rate indicates a carbon
sink area, while a negative value indicates a carbon source area. A larger
positive value indicates a stronger carbon sink capacity.
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2.5. Analysis of drivers of carbon sink capacity changes

The Geodetector model is a method used for geographic data mining
and spatial analysis, which combines geographic information systems,
spatial statistical methods, and machine learning techniques. It is
commonly used to discover correlations and influencing factors between
geographic phenomena (Li et al., 2024; Xu et al., 2021). This study
employs single-factor detection and interaction detection in Geodetector
to analyze the relationship between carbon sink capacity (Y) and its
driving factors (X). The formula for Geodetector calculation is:

a=1-253"0 Nidk @)

In the formula (7):q is the impact degree of the factor; N, Nj, are the
total number of samples and the total number of samples in layer h; 6%, 52
are the variance of Y in the entire region and in layer h. The range of q is
[0, 1], with a larger value indicating stronger explanatory power of the
influencing factor on the spatiotemporal differentiation of carbon sink
capacity, and vice versa.

This study quantitatively evaluates the influence of multiple driving
factors on the carbon sink capacity of seven types of terrestrial ecosys-
tems in Xinjiang from two perspectives: natural environmental condi-
tions and human activity intensity. Natural environmental factors
include average annual TEM, PRE, and NDVI from 2000 to 2020. Human
activity intensity factors include land use intensity (LUI), per capita
GDP, and POP.

3. Results

3.1. Multi-model coupling for regional terrestrial ecosystem carbon
density estimation

3.1.1. Carbon density trend prediction based on the ARIMA model

Based on multi-year carbon density statistics, an ARIMA model was
trained to predict the carbon density range of aboveground, under-
ground, and soil in Xinjiang from 2015 to 2020. The results are shown in
Fig. 3. The solid line represents the annual average soil carbon density,
the dashed line represents the annual average aboveground biological
carbon density, and the dotted line represents the annual average un-
derground biological carbon density. The dark lines represent the
training data, while the light lines represent the model’s prediction
results.

The forecast results indicate that from 2000 to 2020, carbon densities
in all types of ecosystems in Xinjiang have shown varying degrees of
fluctuation, generally exhibiting an increasing trend. The trends of
aboveground biological carbon density and underground biological
carbon density are similar, showing relatively small fluctuations and a
slow upward trend, suggesting a strong correlation between the two.
Soil carbon density shows larger fluctuations.

In terms of average carbon density, The soil carbon pool in Xinjiang
has the highest carbon density. Soil carbon density reached its maximum
of 4.93 kg G/m? in 2010 and its minimum of 4.25 kg C/m? in 2014. The
proportion of aboveground and underground carbon densities is rela-
tively low, and their changes are not significant.

3.1.2. Carbon Density Classification Based on CatBoost Model

Taking into account the spatial heterogeneity of natural geographic
conditions, based on various influencing factors data from 2000 to 2020
and known carbon density data, the CatBoost model was utilized to
classify the aboveground, underground, and soil carbon density levels in
Xinjiang. The carbon density levels of terrestrial ecosystems in Xinjiang
were divided into three levels: low, medium, and high. Before estimating
carbon density, regional level classification was conducted to differen-
tiate spatial heterogeneous units, which reduces the mutual influence
between different feature grid cells and ensures assessment accuracy.
The carbon density classification results based on the CatBoost model
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can be found in Supplementary Fig. 1.

3.1.3. Multi-Model Coupled Carbon Density Estimation

For the three different types of carbon densities (aboveground, un-
derground, and soil) and the three levels of carbon density (low, me-
dium, and high), multiple RNN models were trained. These models were
combined with ARIMA model mean predictions and CatBoost model
type predictions to estimate carbon density values in Xinjiang from 2000
to 2020. Carbon density was roughly estimated based on grid cell area.
The assessment results are shown in Fig. 4.

The estimation results of the coupled models show that the carbon
density distribution in Xinjiang generally exhibits a pattern of higher
values in the north and lower values in the south. In northern Xinjiang,
carbon is predominantly concentrated in areas with high forest vege-
tation cover such as Ili, Tacheng, and Altay. Soil, aboveground, under-
ground, and dead organic matter carbon densities in these areas are
significantly higher than in other regions. Conversely, desertification is
more severe in the eastern and southern parts of Xinjiang, leading to
lower carbon densities.

From 2000 to 2020, the overall trend of carbon density in Xinjiang
shows a pattern of initial decline followed by an increase. The areas with
the most pronounced fluctuations in carbon density are concentrated in
the northeast, where carbon density is high. The spatial distribution of
annual carbon density changes is not significant; most areas with high
carbon density are likely to maintain high carbon levels in the long term,
while areas with low carbon density are unlikely to exceed high-density
regions during the evolution process.

In terms of the proportion of different types of carbon density, soil is
the primary carbon pool in Xinjiang with the highest carbon density,
followed by the aboveground carbon pool, then the underground carbon
pool, while the dead organic matter carbon pool has the lowest density.

3.2. Model accuracy validation

To validate the accuracy of carbon density estimates derived from
the multi-model coupling approach, the differences between the esti-
mated results and the reference dataset were analyzed. A scatter plot
was used to visualize the estimation accuracy for each sample. Evalua-
tion metrics, including Relative Error (RE), Pearson’s correlation coef-
ficient (1), and the coefficient of determination (R2), were employed to
assess model performance. The corresponding formulas are as follows:

abs(Cao10 — C;)

2010

RE; = *100% (8)

In the formula (8), RE; is the relative error of the i grid cell, Cy1 is
the carbon density validation data for 2010, and C; is the predicted
carbon density for 2010.

As shown in the scatter plot in Fig. 5d, the model’s fitted curve
closely aligns with the 1:1 reference line when carbon density is below
80 kg C/km?, indicating high estimation accuracy in this range. How-
ever, for carbon densities exceeding 80 kg C/km?, the scatter points
become more dispersed, and the predicted values tend to underestimate
the observations. This underestimation may be attributed to the rela-
tively limited number of high carbon density samples, which reduces the
model’s generalization capability in that range. The scatter plot also
clearly illustrates a decreasing sample density with increasing carbon
density (color gradient shifting from red to blue). The coefficient of
determination (R2) between predicted and observed (Spawn et al.,
2020) values is 0.834, and the Pearson’s correlation coefficient (r) is
0.869, indicating a strong linear relationship and good model fit.

The relative error validation results (Fig. 5.a-c) indicate that the
coupled model can accurately fit the mapping relationship between the
driving factors and carbon density. The mean relative error between the
predicted results and the validation data is 0.216, indicating that the
overall prediction accuracy of the model can reach 78.4 %.
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3.3. Carbon stock estimation and carbon sink capacity assessment

In Xinjiang, the desert ecosystem covers the largest area, reaching
683,700 square kilometers, which accounts for 41.16 % of Xinjiang’s
total area. The grassland ecosystem is the second largest, covering
479,900 square kilometers, accounting for 28.89 % of Xinjiang’s total
area. Other ecosystems cover an area of 293,400 square kilometers,
accounting for 17.67 % of Xinjiang’s total area. Forests, farmland, water
bodies, and settlement ecosystems cover smaller areas, specifically
33,520 square kilometers (2.01 %), 8,950 square kilometers (5.52 %),
3,400 square kilometers (2.05 %), and 910 square kilometers (0.55 %),
respectively.

As shown in Fig. 6b, the carbon storage assessment results indicate
that grassland ecosystems in Xinjiang have the highest carbon storage,
followed by forests, other ecosystems, farmland, deserts, aquatic sys-
tems, and settlement ecosystems. Over the 20-year period, the carbon
storage of aquatic systems and wetlands decreased by 2.49 Tg C while
the carbon storage of other ecosystems showed an increasing trend.
Farmland ecosystems increased by 205.45 Tg C, forests by 164.57 Tg C,
grassland ecosystems by 767.11 Tg C, settlement ecosystems by 1.91 Tg
C, desert ecosystems by 144.32 Tg C, other ecosystems by 14.54 Tg C,
and the total carbon storage of Xinjiang’s terrestrial ecosystems
increased by 1295.39 Tg C. Except for the carbon storage of above-
ground biomass, which decreased, all other types showed an increasing
trend, with the underground biomass carbon storage showing the most
significant increase of 1032 Tg C. Grassland ecosystems contributed the
most to the increased underground biomass carbon storage.

Based on the interannual variation in carbon storage across different
ecosystem types, the carbon sink capacity of various ecosystems in
Xinjiang was evaluated. Due to numerous results, the evaluation results
of grassland and farmland ecosystems, which have a relatively large
proportion of carbon storage, are presented in Fig. 7. The carbon sink
capacity evaluation results of all ecosystems are shown in Table 2. The
study shows that The average annual carbon sequestration capacity of
terrestrial ecosystems in Xinjiang is 39.02 T C/KM?(tonnes of carbon per
square kilometer). Forest ecosystems have the highest carbon sink ca-
pacity, with an average annual carbon sequestration capacity of 103.33
T C/KM?, followed by farmland ecosystems at 72.32 T C/KM?, slightly
higher than grassland ecosystems at 64.5 T C/KM?2. The carbon sink
capacity of aquatic systems, settlements, deserts, and other ecosystems is
weaker, with average annual carbon sequestration capacity of 9.57 T C/
KM2, 12,5 T C/KM2, 3.71 T C/KM?, and 7.01 T C/KM?2, respectively.
Therefore, the main sources of carbon sequestration capacity in Xinjiang
are forests, farmland, and grassland ecosystems.

The evaluation results of carbon sink capacity reveal significant
spatial heterogeneity in the sequestration performance of grid cells
within the same ecosystem type. This indicates that the use of a fixed-
coefficient method for carbon storage accounting is inaccurate. carbon
sink capacity Even if the ecosystem type remains unchanged over the
long term, factors such as changes in vegetation cover and land use due
to natural environmental changes and human activities will have a
significant impact on the carbon sink capacity of ecosystems, potentially
reducing carbon storage from carbon sinks to carbon sources.

4. Discussion
4.1. Comparison with traditional methods

Process-based models are currently the mainstream approach for
estimating regional terrestrial ecosystem carbon storage. Representative
models include the CASA, DGVM, and InVEST model. To validate the
advantages of the proposed multi-model coupling approach in terms of
accuracy and spatiotemporal resolution, this study conducted a
comparative analysis by estimating carbon storage in Xinjiang’s terres-
trial ecosystems using three methods: a CASA model (Wang et al., 2024),
the InVEST model, and the proposed multi-model coupling approach.
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Fig. 6. Classification of terrestrial ecological subsystems and carbon storage changes in Xinjiang from 2000 to 2020. a Distribution of seven types of terrestrial
ecological subsystems in Xinjiang; b Interannual variation of carbon storage in seven terrestrial ecosystems in Xinjiang.

The results were then compared with NASA-released carbon storage
datasets (Spawn et al., 2020). Model performance was evaluated using
three metrics: coefficient of determination (R2), mean absolute error
(MAE), and root mean square error (RMSE), in order to quantify dif-
ferences among the models. The evaluation results are presented in
Table 3. The experimental results show that the multi-model coupling
approach outperforms both the traditional CASA and InVEST models,
achieving the lowest values for R2, MAE, and RMSE among the three.
This indicates superior performance in terms of goodness-of-fit, esti-
mation accuracy, and model stability.

As illustrated in Fig. 8, all three models demonstrate the capability to
estimate the spatial distribution of regional ecosystem carbon storage
and carbon fluxes with reasonable accuracy. However, each model has
inherent limitations. The InVEST model is based on fixed carbon density
coefficients assigned to land cover types, meaning its accuracy heavily
depends on the scientific validity of those coefficients. In this study, we
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adopted carbon density parameters for Xinjiang derived from published
research (Yang et al., 2025). While these values are relatively accurate,
the model is still unable to capture within-class heterogeneity in carbon
stocks. For example, forests with different dominant species or age
structures may have vastly different carbon storage capacities, yet the
InVEST model assigns a uniform carbon density to all forest types,
resulting in spatially homogeneous outputs that fail to reflect intra-type
variability. The CASA model, on the other hand, incorporates a broader
set of parameters, including NDVI, photosynthetically active radiation
(PAR), TEM, PRE, and potential evapotranspiration (PET). As a process-
based model that simulates NPPusing remote sensing and ecological
processes, CASA is capable of providing spatiotemporally continuous
carbon stock estimates at regional or global scales. However, its accu-
racy is limited by uncertainties in light use efficiency (LUE) and its lack
of sensitivity to anthropogenic influences on carbon dynamics.

In contrast, the proposed multi-model coupling method-trained on
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high-quality NASA datasets and ground-truth observations—integrates a
wide range of natural and anthropogenic drivers (Xu et al., 2019). By
establishing a nonlinear mapping between carbon stocks and multiple
influencing factors, it enables grid-scale estimation of carbon storage.
This approach overcomes a key limitation of traditional models: the
inability to distinguish differences in carbon stocks within the same land
cover class. Consequently, it significantly improves both the precision
and stability of carbon stock estimation for regional terrestrial
ecosystems.

4.2. Driving factors of carbon storage in terrestrial ecosystems

The exploration of driving mechanisms behind carbon storage has
long been a key focus in the field of carbon cycling. Based on existing
research and considering the unique cultural and landscape character-
istics of the Xinjiang Autonomous Region, this study discusses the
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driving mechanisms of carbon sinks from two perspectives: human ac-
tivities and the natural environment. Six categories of driving factors
were selected, including PRE, TEM, NDVI, POP, GDP, and land use in-
tensity (LUI).

Annual PRE, as a key factor controlling ecosystem productivity and
carbon storage, is one of the main drivers of spatial patterns in terrestrial
carbon storage in Xinjiang. Fig. 4 shows that carbon storage in Xinjiang
exhibits a spatial pattern of being lower in the south and higher in the
north, which correlates strongly with the spatial distribution of annual
PRE gradients in the region. Water not only limits the total growth of
vegetation but also indirectly affects soil microbial processes, thereby
regulating the input, transformation, and storage of carbon within
ecosystems. In the northern regions of Xinjiang, where PRE is more
abundant, vegetation coverage is higher, and the efficiency of photo-
synthetic carbon fixation and biomass accumulation is significantly
greater than in the southern regions. Moreover, sufficient moisture
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Table 2
Changes in carbon storage and carbon sink capacity assessment of terrestrial
sub-ecosystems in Xinjiang.

Type Carbon sinks Area change RAC(T C /Y/
T30 ° (KM% KM%
Agricultural Ecosystem 205.45 30,591 72.32
Forest Ecosystem 164.57 —10586 103.33
Grassland Ecosystem 767.11 5404 64.50
Aquatic and Wetland -2.49 -17229 9.57
Ecosystem
Human Settlement 1.91 4663 12.50
Ecosystem
Desert Ecosystem 144.32 —-6711 3.71
Other Ecosystems 14.54 —6131 7.01

Carbon sinks(Tg C) * indicate the changes in carbon storage across different
terrestrial ecosystems in Xinjiang from 2000 to 2020, with positive values rep-
resenting an increase and negative values representing a decrease.

Area change(KMz)b denotes the variations in the area of different terrestrial
ecosystems in Xinjiang from 2000 to 2020, with positive values indicating an
increase and negative values indicating a decrease.

RAC(T C /Y/KM?)¢ represents the average carbon sink capacity of different
terrestrial ecosystems in Xinjiang from 2000 to 2020. It is equivalent to NEP and
is used to indicate carbon sink capacity.

Table 3
Model Accuracy Comparison.

Method Accuracy Metrics

R? MAE(Tg C) RMSE(Tg C)
CASA 0.75 0.0014 0.0039
inVEST 0.48 0.0021 0.0046
Multi-model Coupling 0.83 0.0006 0.0015

R2 (coefficient of determination): measures the goodness of fit between model
estimates and actual values, ranging from O to 1, with lower values indicating
better fit.

MAE (Tg C, mean absolute error): reflects model accuracy; smaller values
indicate higher accuracy.

RMSE (Tg C, root mean square error): reflects model stability; smaller values
indicate greater stability.

promotes microbial activity in the soil, which helps enhance carbon
stability. Conversely, in the arid southern regions, although sunlight is
intense, the limiting effect of water significantly reduces carbon storage.

The annual average TEM in Xinjiang has shown significantly
increased interannual variability under the influence of global climate
warming. As a key factor controlling carbon inputs and outputs in eco-
systems, abnormal TEM changes have bidirectional impacts on carbon
storage. In ecosystems dominated by grasslands and deserts, which are
characterized by simple ecological structures, low biomass, and poor
buffering capacity against climate change, TEM fluctuations exert a
stronger influence. TEM also affects vegetation photosynthesis, leading
to variations in NPP, which further intensifies interannual fluctuations
in carbon storage. Since grasslands and deserts cover the largest area in
Xinjiang’s terrestrial ecosystems, TEM variability is a critical driver of
the annual changes in regional carbon storage.

The spatial distribution of NDVI reflects vegetation coverage.
Research shows that in areas of Xinjiang with complex top-
ography—such as river valleys, lakes, and mountainous region-
s—vegetation coverage tends to be better, NDVI values are higher, and
carbon sink potential is likely stronger. In contrast, in areas with uni-
form landforms—such as deserts, gobi, and meadows—vegetation
coverage is poorer, NDVI values are lower, and carbon storage is weaker.
Over the past two decades, NDVI values in Xinjiang have shown an
upward trend, which is a major contributor to the increase in carbon
storage.

This study also integrates POP, GDP, and LUI as representative in-
dicators of human activity to explore how anthropogenic factors influ-
ence carbon storage. Firstly, population and economic growth are often
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accompanied by urban expansion and vegetation destruction. These
processes typically alter original land use types, converting natural
ecosystems such as grasslands and wetlands into construction land or
farmland, thereby reducing the carbon sequestration capacity of
aboveground vegetation. Meanwhile, This change in land use can
disturb soil structure, accelerate the release of soil carbon, reduce the
input of fresh organic matter, alter the composition of microbial com-
munities, and affect the carbon mineralization rate, thereby impacting
the long-term stability of the soil carbon pool (Don et al., 2011). Sec-
ondly, increases in GDP and land use intensity are usually accompanied
by rising energy consumption and greenhouse gas emissions. This
regional-scale CO enrichment not only alters the local climatic envi-
ronment but may also indirectly affect plant productivity and soil carbon
input processes through the “CO; fertilization” effect. Therefore, these
indicators can affect carbon pools in aboveground biomass, below-
ground biomass, soil organic matter, and dead organic matter to varying
degrees. However, the impact of human activities is highly stochastic,
and the strength of their influence on carbon dynamics in arid regions
remains under debate (Schimel et al., 2001; Bradford et al., 2016).

In conclusion, the spatiotemporal variation in terrestrial ecosystem
carbon storage in Xinjiang from 2000 to 2020 has been jointly regulated
by multiple factors. From the natural environment perspective, annual
PRE and NDVI are the main factors influencing the spatial distribution of
carbon storage. In particular, regions in northern Xinjiang with suffi-
cient moisture and good vegetation coverage show significantly higher
carbon storage capacity than the arid southern areas. TEM, as a key
factor regulating carbon inputs and outputs, significantly influences the
interannual variability of carbon storage, especially in grassland and
desert ecosystems. From the perspective of human activity, POP, GDP,
and LUI—although difficult to directly correlate with carbon stor-
age—indirectly affect changes in carbon storage by influencing carbon
emissions and ecological processes. The spatial heterogeneity and dy-
namic nature of these indicators greatly increase the uncertainty in
carbon storage assessments. Therefore, the formation and changes in
Xinjiang’s carbon storage patterns result from the interaction between
natural and anthropogenic factors, with different drivers showing varied
impacts in terms of spatial distribution, interannual variation, and data
uncertainty.

4.3. Analysis of the driving mechanisms of regional carbon sink capacity

To further quantify the influence of various driving factors on carbon
sink capacity in different subclasses of ecosystems, this study uses a
natural breakpoint method to categorize all indicators into 10 classes
(transforming continuous data into discrete data). The Geographic De-
tector model is employed to analyze the contributions of six influencing
factors to carbon sink capacity (Fig. 9).

Single-factor assessment results indicate that NDVI contributes most
to the carbon sink capacity of terrestrial ecosystems in Xinjiang, with an
explanation power of 0.615. Following NDVI, the factors in descending
order of contribution are LUI (0.318), mean annual TEM (0.288), mean
annual PRE (0.267), GDP per capita (0.163), and POP (0.185). Overall,
the average comprehensive influence of natural environment (0.39)
exceeds that of human activities (0.196), indicating that natural envi-
ronmental changes have a greater impact on terrestrial ecosystems in
Xinjiang. This phenomenon may be related to the vast area and sparse
population of Xinjiang, where deserts and bare lands cover a large area,
and urban construction land occupies only about 1 % of the total area of
Xinjiang. Although the Western Development Strategy and other na-
tional strategies have led to large-scale expansion of urban areas in
Xinjiang from 2000 to 2020, encroaching on some grasslands and forest
ecosystems and altering mean annual TEM, PRE, and carbon dioxide
concentration to a certain extent, most ecosystems are far from human
interference, and the primary regulating factor is still natural environ-
mental changes.

Notably, although about 60 % of Xinjiang’s land area is classified as
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desert ecosystems, NDVI remains the core influencing factor for carbon
sink capacity. This seemingly paradoxical result can be reasonably
explained from multiple perspectives. First, NDVI, as an important in-
dicator representing vegetation productivity and coverage, can well
reflect the carbon sink capacity of the aboveground part of terrestrial
ecosystems, and it also has a good correlation with the carbon sink ca-
pacities of aboveground, underground, and dead organic matter (Zhang
et al., 2023). Second, in arid ecosystems where vegetation is generally
sparse, the ecosystem is extremely sensitive to vegetation changes.
Although areas with high NDVI are limited in size, they have high car-
bon density, making these regions the strongest carbon sink units, which
exert a concentrated and significant influence on regional carbon stor-
age distribution. In other words, in arid regions where ecosystems are
highly sensitive to vegetation changes, the effect of NDVI as a driving
factor may be amplified, thereby exhibiting higher explanatory power in
the Geographic Detector model. Furthermore, Xiaohong et al, developed
a remote sensing estimation model for aboveground biomass in desert
ecosystems in northwest China based on NDVI data, and verified a
strong correlation between NDVI and carbon storage. Levent Saylan et
al, using in-situ carbon flux observations along with machine learning
techniques, demonstrated that NDVI is the most significant driving
factor of growing-season net ecosystem exchange (NEE) variability in
Mongolian desert ecosystems. Tian et al, applied the Geographic De-
tector model to analyze 30-year carbon storage changes in the Tarim
River Basin of Xinjiang, and found that NDVI and land surface temper-
ature were the dominant influencing factors (Xiaohong et al., 2023;
Saylan et al., 2024; Tian et al., 2024). These findings are consistent with
the present study, in which the contribution rate of NDVI to carbon sink
capacity was found to be 0.615. Generally, an R? > 0.75 indicates a
strong explanatory power, 0.50-0.75 a moderately strong level,
0.30-0.50 a moderate level, and < 0.30 a weak level; for the Geographic
Detector’s g-statistic,c, q > 0.50 indicates a strong contribution,
0.30-0.50 a moderate contribution, and < 0.30 a weak contribution. In
the literature, the reported R? between NDVI and carbon storage in arid
regions is 0.64, suggesting a moderately strong correlation. In this study,
the g-value of NDVI for carbon sink capacity reached 0.615, indicating a
strong contribution. The slightly higher value obtained here compared
to previous studies may be attributable to differences in data resolution
and ecosystem types. Overall, across different regions and methodo-
logical approaches, NDVI consistently exerts a substantial influence on
the carbon sink capacity of arid ecosystems.

In summary, we consider the conclusion drawn from the Geographic
Detector analysis—that NDVI is the dominant driving factor of terres-
trial ecosystem carbon density in Xinjiang—to be well supported and
scientifically reasonable. Nevertheless, since our study focuses on
annual time scales, further investigation is needed to determine whether
the influence of NDVI on Xinjiang’s terrestrial ecosystems exhibits sea-
sonal variation, which will require expanded data and analysis in future
research.

Dual-factor assessment results show that the combined influence of
NDVI and mean annual TEM has the strongest explanatory power for
carbon sink capacity across subclasses. Following NDVI and TEM, the
combined influence of NDVI and LUI also shows significant influence.
The dual-factor results mostly indicate enhancement, suggesting that
both natural environmental and human activities significantly affect
carbon sink capacity, and these factors interact with each other. The
explanatory power of multi-factor carbon sequestration capacity anal-
ysis is stronger than that of single factors. Apart from NDVI, the carbon
sink capacity of agricultural and settlement ecosystems in Xinjiang is
highly influenced by LUIL The carbon sink capacity of water body eco-
systems, forest ecosystems, grassland ecosystems, and desert ecosystems
is highly influenced by mean annual TEM. This phenomenon aligns well
with the actual situation: the carbon sink capacity of agricultural eco-
systems mainly comes from crops, and the expansion of crops is closely
related to human activities. In areas with high LUI, the replanting of
crops is more common, thereby enhancing carbon sink capacity. TEM
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not only affects plant photosynthesis but also influences the activities of
various organisms, reflecting the intensity of solar radiation in the re-
gion, thereby obviously affecting the carbon sink capacity of water
bodies, forests, grasslands, and deserts ecosystems.

The experimental results indicate that the contribution of various
influencing factors to carbon sink capacity in Xinjiang Autonomous
Region varies significantly. While the trends in the contributions of these
factors to different ecosystem subtypes generally align with those
observed for the overall ecosystem, notable regional differences exist.
For example, the combined impact of TEM and PRE on grassland eco-
systems is substantially greater than on agricultural ecosystems, and the
combined effects of LUI and PRE on settlement ecosystems are markedly
higher than on desert ecosystems. The actual spatial distribution of these
factors partially explains the variability in carbon sink capacity across
the region, providing important insights for developing targeted carbon
sequestration management policies in the future.

4.4. Future research directions

Although this study proposed a multi-model coupling method for
carbon density assessment, optimized the carbon stock assessment ac-
curacy of the inVEST model, and discussed the driving mechanisms of
various influencing factors on carbon sink capacity, there were some
limitations. For instance, This study primarily relied on remote sensing
data to construct data-driven models, without simulating the biogeo-
chemical processes of ecosystems. As a result, there are certain limita-
tions in explaining the mechanisms of the carbon cycle. In the future, the
data-driven approach adopted in this study could be integrated with
dynamic vegetation models (DGVMs), embedding the output of DGVMs
as constraints within machine learning models. This integration would
enable a more comprehensive representation of photosynthesis, soil
respiration, and carbon cycling processes in arid ecosystems, thereby
improving the accuracy and interpretability of carbon stock estimation.

Furthermore, while the ARIMA-CatBoost-RNN model demonstrated
high assessment accuracy, its predictive ability for scenario-based dis-
cussions on carbon stocks and carbon sink capacity was limited. Future
studies could integrate the construction approach of land use prediction
models such as Plus and Flus to enhance their scenario-based prediction
capabilities and better support the formulation of low-carbon policies.

In addition, due to constraints in training data availability and
computational resources, this study estimated terrestrial ecosystem
carbon stocks at a spatial and temporal resolution of 1 km. While this
resolution is sufficiently fine given the large size of the study area
(approximately 1,664,900 km?), it may still introduce notable mixed-
pixel effects in ecologically heterogeneous zones such as grass-
land-desert transition areas. For instance, pixels located at the edges of
vegetation and bare land may contain both sparse vegetation and
exposed soil, leading to significant errors in carbon stock estimates.
Existing studies have shown that, in carbon stock estimation for ecotonal
regions, such spatial scale issues may lead to estimation errors of
approximately 30 % (Wang et al., 2020). The proposed multi-model
coupling approach is inherently scalable and supports multi-scale
spatial analysis. With the availability of higher-resolution input data
and adequate computational resources in future work, the model could
generate finer-resolution outputs that more accurately reflect detailed
spatial patterns, including those of ecotones such as the vegeta-
tion-desert interface.

Finally, carbon cycling includes both carbon emissions and carbon
sequestration, with interactions and even transformations between
them. However, this study only discussed the evolution of carbon sink
capacity of regional terrestrial ecosystems, with insufficient attention to
carbon emissions, which are also a major factor affecting carbon sink
capacity. Subsequent research could concentrate more on the relation-
ship between carbon sequestration and carbon emissions.

Current research on regional terrestrial ecosystem carbon sources
and sinks still faces many challenges, with many key issues remaining
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unresolved, and significant differences in carbon stock estimates be-
tween different methods. Therefore, future research should combine
“multiple data, processes, scales, and methods” to build an integrated
carbon accounting system for China, integrating the “sky-land-space”
approach, utilizing deep learning models to fully understand the carbon
cycling process, clarify carbon sources and sinks mechanisms, and pro-
vide scientific support for achieving China’s carbon neutrality goal by
2060.

5. Conclusions

This study constructed an ARIMA-CatBoost-RNN model and applied
a parameter-updated and spatially refined InVEST model to evaluate the
spatiotemporal evolution of terrestrial ecosystem carbon stocks in Xin-
jiang from 2000 to 2020. Carbon sink capacity of the Xinjiang region
was assessed based on carbon accumulation rates. Using a geographic
detector model, driving forces of different influencing factors on carbon
sink capacity of regional terrestrial ecosystem subsystems were quanti-
fied from the perspectives of human activities and natural environment,
yielding the following conclusions:

1. Soil carbon reservoirs are the main carbon pool in Xinjiang’s
terrestrial ecosystems, accounting for approximately 55 %-61 % of
the total carbon stock. This is followed by underground biomass
carbon stocks (27 %-33 %), aboveground biomass carbon stocks (8
%-11 %), and dead organic matter carbon stocks (3 %). Among the
seven ecosystem types, grassland ecosystems have the highest carbon
stocks, accounting for 51 %-54 %, followed by forest (13 %-15 %),
other types (10 %-12 %), desert (9 %-10 %), cropland (5 %-6%),
water bodies (3 %-4%), and settlements (0.3 %-0.4 %)

2. From 2000 to 2020, the overall carbon density in Xinjiang exhibited
a trend of initial decline followed by increase, with annual fluctua-
tions in carbon density remaining within 0.8 kg C/m2. Over the 20-
year period, the total carbon stock of Xinjiang’s terrestrial ecosys-
tems increased by 1295.39 Tg C, reaching a peak of 14262.31 Tg C in
2020. The grassland ecosystem had the largest increase in carbon
stock, with an addition of 767.11 Tg C, while the water body
ecosystem had the largest decrease, amounting to —2.49 Tg C. The
annual average carbon sink capacity of Xinjiang’s terrestrial eco-
systems was 39.02 T C/KM2, with forest ecosystems exhibiting the
highest annual carbon sink capacity of 103.33 T C/KM2

3. Single-factor analysis indicated that natural environmental factors
exerted a greater influence on the carbon sink capacity of terrestrial
ecosystems in Xinjiang than anthropogenic factors. Among these, the
NDVI had the highest explanatory power (0.615). The descending
order of influence was as follows: The descending order of influence
was as follows: LUI (0.318), TEM (0.288), PRE (0.267), POP (0.185),
and GDP (0.163). Multivariate analysis further revealed that the
combined effect of NDVI and mean annual TEM exhibited the
strongest explanatory power for carbon sink capacityacross
ecosystem subtypes. Specifically, carbon sink capacity of cropland
and settlement ecosystems were more sensitive to LUL while those of
water bodies, forest, grassland, and desert ecosystems were more
strongly affected by mean annual TEM

4. The coupling model achieved a carbon density estimation accuracy
of 78.4 %. Experimental results demonstrated that the multi-model
coupling method could fully identify differences in carbon sink ca-
pacity of the same land types within micro-regions, better depicting
detailed changes in carbon sink capacity, and advancing the explo-
ration of carbon sequestration mechanisms

7. Code availability
The code developed for this study has been published on the GitHub

platform and can be accessed from the following link: https://github.
com/1qz19980404?tab=repositories.
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Data availability

The carbon storage estimation data for the Xinjiang Autonomous
Region of China from 2000 to 2020 (in five-year intervals) can be
accessed from https://zenodo.org/records/11570044. The carbon den-
sity data can be obtained from https://zenodo.org/records/11579311.

The PRE data used in this study can be accessed from http://poles.
tpdc.ac.cn/zh-hans/data/faae7605-a0f2-4d18-b28f-5cee413766a2/;
the TEM data can be accessed from http://poles.tpdc.ac.cn/zh-hans/
data/7e5333df-0208-4c4e-ae7e-16dcd29e4aa7/; the soil moisture
(SM) data can be accessed from http://poles.tpdc.ac.cn/en/data/
b0e0911b-9154-48a9-9f2d-6293ccaa3baf/ ; The NDVI data can be ob-
tained from https://www.resdc.cn/data.aspx?DATAID=343; the Net
Primary Productivity (NPP) data can be accessed from http://www.
nesdc.org.cn/sdo/detail?id=612f42ee7e28172cbed3d80b; the Land
Cover Data can be accessed from https://www.resdc.cn/DOI/DOI.aspx?
DOIID=54. The Aboveground Biomass Carbon data can be obtained
from  https://data.nasa.gov/dataset/Global-Aboveground-and-Below
ground-Biomass-Carbon-/7e4b-aj6f/about data; the Belowground
Biomass Carbon data can be obtained from https://data.nasa.gov/
dataset/Global-Aboveground-and-Belowground-Biomass-Carbon-/
7e4b-aj6f/about_data; the Soil Carbon data can be accessed from http://
www.ncdc.ac.cn/portal/metadata/2064ef7f-1cb8-4f05-9ca3-
3395f52617dd; and the Carbon Density Statistics data can be accessed
from http://www.sciencedb.cn/dataSet/handle/603.
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