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Abstract

To accurately analyze the dynamic response and driving mechanism of forest carbon
sequestration in the core area of the Loess Plateau’s Returning Farmland to Forestry Project,
this study takes the Beiluo River Basin as the research area. Using spatial autocorrelation,
gravity model, a geodetector, and spatiotemporal geographically weighted regression
models, it analyzes the spatiotemporal evolution of forest carbon sequestration and the
spatial heterogeneity of its influencing factors based on 2000-2023 data. The results show
the following: (1) Forest carbon sequestration in the basin increased by 13.55% from
2000 to 2023; its spatial pattern shifted from “middle reaches concentration” to “stable
middle reaches core plus significant upper reaches growth”, with the gravity center moving
“southeast then northwest”. (2) Forest carbon sequestration had significant positive spatial
correlation, with hotspots in soil-rock mountain forest areas and cold spots in ecologically
fragile or high-human-activity areas. (3) Natural ecological factors dominated forest carbon
sequestration evolution, socioeconomic factors enhanced synergy, and evapotranspiration
and NDVI had significant impacts. (4) Factor impacts had spatiotemporal heterogeneity,
such as the decaying positive effect of precipitation and the “positive-negative-equilibrium”
change in forestry value-added. This study provides scientific guidance for basin and Loess
Plateau ecological restoration and “double carbon” goal achievement.

Keywords: Beiluo River Basin; forest carbon sequestration; geographic detector;

spatio-temporal geographically weighted regression

1. Introduction

Forest carbon sequestration refers to the ecological process and capacity of forests
to absorb and store carbon dioxide through photosynthesis, serving as a core indicator
for assessing forests’ role in regulating climate and maintaining carbon balance [1]. On a
global scale, forest ecosystems have been identified as the largest terrestrial carbon sink,
accounting for over half of terrestrial ecosystem carbon storage, and are a “natural carbon
sink” for mitigating climate change [2]. Under the backdrop of global climate governance
and the “dual carbon” goals, understanding forest carbon sequestration dynamics and
driving mechanisms has become a core basis for formulating ecological policies. China has
enhanced carbon sink functions through afforestation and forest management measures,
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with policies such as the “National Plan for Addressing Climate Change” highlighting the
importance of forestry [3,4]. Research by Academician Fang Jingyun and others shows
that since the late 1970s, China’s forest vegetation carbon stock has significantly increased,
with artificial forests contributing over 80% to the national forest carbon sink [5]. It is
projected that by 2050, China’s forest net carbon sink will account for 7% of industrial sector
greenhouse gas emissions during the same period [5]. China’s forest carbon storage is
unevenly distributed across regions [6]. Since the late 1990s, regions such as the northwest
have implemented afforestation projects, resulting in a significant increase in forest carbon
storage in these areas [7,8]. However, the process of changes in forest ecosystems’ carbon
sequestration services is highly complex, influenced by multiple intertwined factors [9].
Currently, systematic research on ecologically fragile regions such as the Loess Plateau
remains insufficient, particularly regarding the long-term spatiotemporal dynamics and
driving mechanisms, which require further in-depth study.

Current research on the carbon sequestration services of forest ecosystems can be
organized around three core directions. The first is the spatiotemporal dynamics analysis
of forest carbon sequestration services. At the global scale, there is a regional differenti-
ation characterized by a decline in the carbon sequestration capacity of tropical forests
and an increase in the potential of temperate forests [10]. At the regional scale in China,
research has primarily focused on the Northeast and Southwest forest regions [11-13].
Some studies have elucidated the differences in the sensitivity of forest carbon sinks to
climate change through cross-regional comparisons [14], while others have outlined the
spatial pattern and growth potential of total forest carbon sequestration in China based
on field survey data [15]. However, existing research has insufficiently addressed the core
areas of the afforestation program in the Loess Plateau, lacks long-term tracking at the
small watershed scale, and thus fails to reflect the carbon sequestration characteristics of
the entire project lifecycle. Second, the exploration of factors influencing forest carbon
sequestration services. Among natural factors, topography influences carbon sequestration
through water and heat conditions and vegetation distribution; precipitation and evap-
otranspiration interact complexly; and temperature influences the carbon cycle through
vegetation growth and microbial activity [16-19]. Among human factors, the impacts of
urbanization, forestry activities, and ecological engineering projects such as afforestation
have been widely discussed [20-23]. However, existing studies often analyze individ-
ual factors in isolation, with insufficient analysis of the synergistic mechanisms between
“natural-human” factors, particularly lacking quantitative research on their interactions.
Third, research methods on the spatial heterogeneity of forest carbon sequestration services.
Traditional statistical models, such as ordinary least squares, assume that variables act with
spatial homogeneity, making it difficult to accurately capture the spatial differentiation
characteristics of forest carbon sequestration services. Although some studies have intro-
duced geographically weighted regression models to analyze the spatial heterogeneity of
carbon sequestration services [24,25], such methods have limitations in long-term dynamic
tracking and multi-scale coupling analysis, and they do not adequately address changes in
influencing factors at different stages of ecological engineering projects, making it difficult
to support targeted ecological management. Existing research still has certain limitations:
first, there is a mismatch between temporal and spatial scales, with macro-level studies
failing to reflect fine-scale changes in small watersheds, and short-term monitoring unable
to capture the long-term effects of ecological engineering; second, analyses of influencing
factors lack consideration of spatial heterogeneity, often treating influencing factors as
homogeneous, and failing to quantitatively analyze the spatial interaction mechanisms of
multi-dimensional factors; finally, there is insufficient integration of research methods, with
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low integration between remote sensing data and econometric models, limiting the depth of
mechanism analysis.

As a core demonstration area for returning farmland to forest in the Loess Plateau,
the Beiluo River Basin has unique research value [26,27]. First, it spans the loess hills and
high loess gullies, with complex topography and stepwise distribution of forest types,
providing a natural sample for the study of spatial differentiation of carbon sequestra-
tion. Second, the forested area has increased significantly since 2000, and the ecosystem
structure has changed dramatically, making it an ideal area to explore the dynamics of
carbon sequestration under human intervention. Third, as an important tributary of the
middle reaches of the Yellow River, its carbon sequestration function directly impacts the
ecological security and carbon cycle of the basin, making the research findings practically
significant. Addressing the limitations of existing studies, this research spans the period
from 2000 to 2023, utilizing 30-m resolution grid data, and combines spatial autocorrelation
and center-of-gravity migration methods to systematically analyze the spatiotemporal evo-
lution characteristics of the carbon sequestration service functions of the forest ecosystem
in the Beiluo River Basin; Using the Geographic Detector System to identify the influence
of multi-dimensional factors such as topographic factors, natural ecological factors, and
socio-economic factors on the carbon sequestration service function of forest ecosystems,
this study introduces a spatio-temporal geographically weighted regression model to an-
alyze the heterogeneity of influencing factors in both temporal and spatial dimensions.
The marginal contribution of this study first lies in achieving long-term, high-resolution
dynamic monitoring from 2000 to 2023 based on 30-m grid data, thereby enhancing re-
search precision. Second, it systematically integrates topographical, natural ecological, and
socio-economic factors to deepen understanding of the mechanisms by which multiple
types of factors synergistically drive carbon sequestration functions. Finally, it uses the
spatio-temporal geographic weighted regression model to capture the spatio-temporal
heterogeneity of influencing factors, providing scientific support for the formulation of
differentiated and targeted policies to enhance carbon sequestration.

2. Materials and Methods
2.1. Study Area

The Beiluo River Basin (34°39'55""-37°18'22" N, 107°33/33"-110°10'30" E) spans the
provinces of Shaanxi and Gansu, located in the critical ecological transition zone between
the Loess Plateau and the Weihe Plain (Figure 1). As the longest tributary of the Wei
River and a secondary tributary of the Yellow River, it originates from the southern slopes
of the Baiyu Mountains in Shaanxi Province, flows through the typical loess plateau
gully region, and ultimately empties into the Wei River at Dali County. The total basin
area is approximately 26,900 km?, extending in a narrow, elongated strip. This region
is a key implementation area for the national afforestation program and soil and water
conservation measures. Over the past few decades, it has undergone significant land
use changes, particularly in terms of forest vegetation restoration and reconstruction.
This intense human intervention has profoundly impacted the structure and function of
forest ecosystems, making it an ideal research sample for investigating the spatiotemporal
dynamics of forest carbon sequestration services and their driving mechanisms [26,27].

2.2. Data Sources and Processing

The time series for this study spans from 2000 to 2023. To focus on long-term trends
and ensure the quality of multi-source data processing, the analysis is based on data from
six representative years: 2000, 2005, 2010, 2015, 2020, and 2023. These years are evenly
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distributed and cover key milestones within the study period, effectively supporting the
analysis of long-term evolution patterns in forest carbon sequestration services.
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Figure 1. (A) Location of the Beiluo River and (B) Division of Counties and Landforms.

2.2.1. Land Use Data

The land use data for the Beiluo River basin from 2000 to 2023 are sourced from
the CLCD dataset at Wuhan University (https://irsip.whu.edu.cn/recent_achi/recent_
show.php?16 (accessed on 30 June 2025)), which has overall accuracy superior to that of
the MCD12Q1, ESACCI_LC, FROM_GLC, and Globe Land 30 products, with a spatial
resolution of 30 m [28]. Following reclassification according to research requirements, six
major categories of land use data were obtained for the Beiluo River Basin: arable land,
forest land, grassland, water bodies, constructed land, and unutilized land. This study
utilizes the forest land data from this dataset.

2.2.2. Driving Force Data

Based on the actual conditions of the Beiluo River basin, the carbon sequestration ser-
vice function of forest ecosystems was selected as the dependent variable. Sixteen driving
factors with direct or indirect impacts on the structure and function of forest ecosystems
were identified from topographic, natural ecological, and socioeconomic factors, as shown
in Table 1. Among topographic factors, DEM, slope, and slope aspect directly influence veg-
etation types and productivity; gully density indirectly affects forest ecosystem stability [29].
Among natural ecological factors, precipitation and temperature are fundamental climatic
elements determining vegetation photosynthesis and respiration rates; evapotranspiration
comprehensively reflects vegetation transpiration and soil evaporation, directly influencing
vegetation physiological activities; humidity and sunshine duration further characterize
habitat moisture and energy conditions; NDVI serves as an effective proxy variable for
forest photosynthetic capacity and primary productivity [30-32]. Among socioeconomic
factors, GDP and population density serve as macro-level drivers of land use change.
Forestry output value, forestry value-added, and afforestation area directly measure the
scale and investment of forestry operations, reflecting ecological engineering policies. Ur-
banization rates characterize the expansion of human settlements and construction land,
typically exerting a crowding effect on natural vegetation space [33-35].

The annual average precipitation and annual average temperature in the natural
ecological factors were obtained using the Anusplin interpolation method based on data
from the National Climate Center [36,37]. Socioeconomic factors, including GDP and
population density, were sourced from the Resource and Environmental Science and Data
Center. Using a multi-factor weighting allocation method, data based on administrative
regions were distributed to grid cells, thereby achieving spatialization of the data. Data such
as forestry output value, forestry added value, afforestation area, and urbanization rate
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were converted from county-level statistical data to grid data using spatial data conversion
methods. All base data underwent unified projection conversion and spatial resampling
on the ArcGIS 10.8 platform, standardizing the spatial resolution of all raster data to
30 m x 30 m before visualization (Figure 2).

Table 1. Factors affecting the carbon sequestration service function of the forest ecosystem in the
Beiluo River Basin.

Data Type Data Name Year Data Accuracy Data Source
https:/ /www.gscloud.cn
' X1 DEM 2020 30m (accessed on 28 June 2025)
Toliogtfaphm X2 Slope 2020 30 m DEM
actors X3 Slope aspect 2020 30 m DEM
X4 Gully density 2020 30 m DEM
X5 Precipitation 2000-2023 1km (aC};tetsi Se é f) fﬁ?fﬁi%ﬁ 5
https:/ /data.cma.cn/
X6 Temperature 2000-2023 1km (acce:;e 1 'on 25 June 2025)
- https:/ /data.cma.cn/
Natural X7 Evapotranspiration 2000-2023 1km (accessed on 25 June 2025)
ecological factors https:/ /dat /
o . ps:/ /data.cma.cn
X8 Humidity 2000-2023 1 km (accessed on 25 June 2025)
. https:/ /data.cma.cn/
X9 Sunshine hours 2000-2023 1 km (accessed on 25 June 2025)
https:/ /www.resdc.cn/
X10 NDVI 2000-2023 30m (accessed on 27 June 2025)
https:/ /www.resdc.cn/
X11GDP 2000-2020 1km (accessed on 27 June 2025)
https:/ /www.resdc.cn/
Socioeconomic X12 POP 2000-2020 1km (accessed on 27 June 2025)
factors X13 Forestry output value ~ 2000-2023 30 m <Yan’an Statistical Yearbook>,
X14 Forestry added value ~ 2000-2023 30m y ;WEma“YCiFY %fitlsstici_l el
X15 Afforestation area  2000-2023 30m BN ‘igi‘nglyzngacli;a
X16 Urbanization rate 2000-2023 1 km g

Statistical Yearbook>

2.3. Research Methods
2.3.1. InVEST Model

The full name of the InVEST model is the Integrated Valuation and Trade-off Assess-
ment of Ecosystem Services model. Multiple modules are used to assess ecosystem services.
This paper uses the carbon stock calculation module of the InVEST model (3.14.2) to per-
form a quantitative assessment of carbon stocks in the Beiluo River basin [38—40]. The total
carbon stock of the Beiluo River basin was determined using the following formula:

C = Cabove + Cbelow + Csoil =+ Cdead (1)

m
Crotal = ZAiCi 2)
i=1

In the formula: C; is the carbon density of land use types; C,poy. is the above-ground
carbon density; Cpjoy, is the below-ground carbon density; C,;; is the soil carbon density;
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Cleqq is the carbon density of dead organic matter; Cyy,; is the sum of carbon stocks for all
land types; A; is the area of different land use types; m is the number of land types.
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Figure 2. Factors affecting the carbon sequestration service function of the forest ecosystem in
the Beiluo River Basin. Note: (a) DEM; (b) Slope; (c) Slope aspect; (d) Gully density; (e) Pre-
cipitation; (f) Temperature; (g) Evapotranspiration; (h) Humidity; (i) Sunshine hours; (j) NDVI;
(k) GDP; (1) Population; (m) Forestry output value; (n) Forestry added value; (o) Afforestation area;
(p) Urbanization rate.

Formula (1) defines the framework for carbon stock composition. The selection of
carbon density values for this framework followed a key scientific principle, which was to
prioritize data from a larger, ecologically homologous region to ensure comparability. Given
that the Beiluo River Basin is a secondary tributary of the Yellow River Basin and shares
highly similar climatic and vegetative conditions, the initial baseline carbon density values
in this study were rationally referenced from well-established studies conducted in the
Yellow River Basin [41]. It should be noted that directly applying the Yellow River basin’s
baseline carbon density values may not fully reflect the spatiotemporal heterogeneity
within the Beiluo River basin. Therefore, based on the carbon density correction formulas
proposed by Alam et al., the Yellow River basin’s carbon density values were adjusted
using precipitation and temperature factors [42]. The correction factor Kp calculated from
Equations (4)—(8) is the correction factor for biomass carbon density. This factor will be
applied to the corrections of both C,p,p, and Cpejop- The correction factor Kg calculated
from Equations (3) and (9) is applied to the correction of C,;;. The final corrected carbon
density values are presented in Table 2, with the correction formula as follows:

Csp = 3.3968 x MAP + 3996.1 )

CBP — 6.798 % 6(0.0054><MAP) (4)
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Cpr = 28 x MAT + 398 ®)
Table 2. Carbon density of forest land in the Beiluo River Basin (t/hm?).
Land Use Tvpe Aboveground Underground Soil Carbon Dead Organic Matter
yp Carbon Density Carbon Density Density Carbon Density
Forest Land 15.77 43.37 59.50 4.00

In the formula: Cgp is the soil organic carbon density (t/ hm?) obtained based on
the annual average precipitation; Cpp and Cpr are the biomass carbon densities (t/ hm?)
obtained based on the annual average precipitation and annual average temperature,
respectively; MAP is the annual average precipitation, with 397.37 mm for the Yellow
River Basin and 415.23 mm for the North Luo River Basin; MAT is the annual average
temperature, with 6.57 °C for the Yellow River basin and 9.95 °C for the Beiluo River basin.
Substituting these values into the above formula, the ratio of the calculated results is the
carbon density correction factor. Finally, the carbon density of the Yellow River basin is
multiplied by the correction factor to obtain the carbon density of the Beiluo River basin.
The correction factor calculation formula is as follows:

CtZ
Kpp = =% (6)
Cep
Ca
Kpr = =21 )
Cor
KB = KBP X KBT (8)
Cﬂ
Kg = =3¢ 9)
Csp

In the equation: Kpp and Kpr are the correction coefficients for the biomass carbon den-
sity precipitation factor and temperature factor, respectively; Kp and Kg are the correction
coefficients for biomass carbon density and soil organic carbon density, respectively; Cgp,
and C%, are the biomass carbon density data for the Beiluo River Basin and the Yellow River
Basin obtained using annual average precipitation; C3; and C%; are the biomass carbon
density data for the Beiluo River Basin and the Yellow River Basin calculated using annual
average temperature; C¢), and Cls’ p are the soil organic carbon density data for the Beiluo
River Basin and the Yellow River Basin calculated using annual average precipitation. The
results of all calculations are summarized in Table 2.

2.3.2. Spatial Autocorrelation Model

Spatial autocorrelation is an important method for measuring the spatial correlation
of geographical elements, mainly including global spatial autocorrelation and local spa-
tial autocorrelation [43,44]. This paper uses the global Moran’s I index to characterize
the global correlation characteristics of the carbon sequestration service function of the
forest ecosystem in the North Luo River Basin, and further analyzes the local correlation
characteristics of the carbon sequestration service function of the regional forest ecosystem
through the local LISA index.
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(1) Global spatial autocorrelation. This describes the spatial characteristics of a certain
attribute across the entire study area. The calculation formula is as follows:

n- i g w1]<xz _Y)(xj —X)
Moran's I = l:nl]:ml - Z= LB (10)
Y Y wi Y (xi— x)2 VAR(I)
i=1j=1 i=1

In the formula: n is the number of grids; m is the number of neighboring grids of grid
i; w;; is an element in the spatial weight matrix W. When grid i is adjacent to grid j, w;
=1; otherwise, wij = 0; x; wj; and x; are the values of the carbon sequestration service
function of the forest ecosystem in grid cells i and j, respectively; x is the mean value
of the carbon sequestration service function of the forest ecosystem; the standardized
Z-value is used to test the significance level of the global Moran’s I; E(I) and VAR(I)
represent the expected value and variance of Moran’s I, respectively.

(2) Local spatial autocorrelation. The degree of correlation between each grid of measure-
ment attributes and adjacent grids is calculated using the following formula:
Xi—X & _ 1
Moran's I; = 7152 : zwij(xj ~%)S§% =
]:

— Y -1’ A

j=Tj#i

In the formula: x;, ¥, Xj, m, wij, n and have the same meanings as above; s2
denotes variance.

2.3.3. Center of Gravity Model

The center of gravity model is used to describe the direction and distance of movement
of the center of gravity of elements within a region. It can intuitively and accurately reveal
the distribution and evolution patterns of these elements in two-dimensional space [45,46].
This paper uses this model to analyze the spatial changes in the carbon sequestration
service function of the forest ecosystem in the Beiluo River basin. The calculation formula
is as follows:

n . n —
;1 PiX; ;1 PY;
Xi=5—, Yi="=; (12)
L b LB
i=1 i=1
0;—j = n7/2 + arctan yl_y]] (13)
X; — x]'
D;_j=C- \/(}/z‘—}/j)2+ (x; — x})° (14)

In the equation: X; and Y; represent the center of gravity of the carbon sequestration
service function of the forest ecosystem in the Beiluo River basin; n represents the number
of grids; X;, Y; represent the geographic coordinates of the i-th grid in the Beiluo River
basin, P; denotes the carbon sequestration service function value of the forest ecosystem
in that grid cell; 6; _; denotes the angle of center of gravity movement, (x;,y;) and (x;,y;)
denote the center of gravity coordinates in the i-th and j-th years, respectively; when 6 = 0°,
the center of gravity moves toward the east; D; ; denotes the distance of center of gravity
movement; C denotes the conversion rate when geographic coordinates are calculated as
projected coordinates.



Forests 2025, 16, 1719

9 of 31

2.3.4. Geographic Detector Model

The geographic detector is a statistical method proposed by Wang Jin-feng et al. to
detect spatial heterogeneity and reveal its underlying driving forces [47]. It includes factor
detection, ecological detection, interaction detection, and risk detection, and has been
widely applied in many fields. This paper mainly uses factor detection and interaction
detection from the geographic detector.

Factor detection is used to analyze the degree to which driving factors explain the
spatial heterogeneity of the dependent variable, expressed as:

L
Y. Nyo?
—1-= h—1 SSW sapy — L N, 02, SST = No> 15
=27 "Nez T ssT YN T e 92 E = (15
h=1

In the formula: g represents the degree to which the driving factor X explains the
spatial differentiation of the dependent variable Y, with a value range of [0, 1]; L is the
stratification of the independent variable X or the dependent variable Y; Nj, and N represent
the number of units in layer h and the entire area, respectively; 07 and ¢ represent the
variance of the independent variable in layer h and the entire area, respectively; SSW and
SST represent the sum of the variances within the layer and the total variance in the entire
area, respectively.

Interaction detection aims to assess the interaction effects between different factors X,
i.e., to determine whether the explanatory power of factors X1 and X2 on the dependent
variable Y is enhanced, weakened, or whether the factors independently influence Y. The
specific procedure involves first calculating the g-values of factors X1 and X2 on Y sep-
arately, denoted as g(X1) and g(X2), then calculating the g-value when the two interact,
denoted as g(X; N X,). Subsequently, compare g(X1), g(X2), and g(X; N Xy) to deter-
mine the type of interaction, which includes nonlinear weakening, single-factor nonlinear
weakening, double-factor enhancement, independence, and nonlinear enhancement.

2.3.5. Spatio-Temporal Geographic Weighted Regression Model

The spatiotemporal geographic weighting regression model, as an extension of the
spatial geographic weighting regression model, simultaneously considers temporal and
spatial non-stationarity, enabling a synchronous explanation of the spatiotemporal vari-
ation mechanisms of geographic phenomena [48,49]. The GTWR model in this study
was implemented using the GTWR plugin developed by Huang et al. within the ArcGIS
10.8.1 platform [50]. Drawing upon established methods from existing literature, key pa-
rameter settings were configured as follows: the Gaussian kernel function was selected as
the kernel type; bandwidth was set using automatic optimization, employing the golden
section search algorithm with the objective of minimizing the model’s Akaike Information
Criterion (AICc) [48,49]. To evaluate model performance and select the optimal model, this
study compared the GTWR model with the OLS model based on adjusted R? and AICc
criteria. The comparison reveals that the adjusted R? of the GTWR model reaches 0.72,
representing a 0.14 improvement over the OLS model’s 0.58, indicating superior fitting
accuracy. More importantly, the GTWR model’s AICc value is 1584.91, significantly lower
than the OLS model’s 2971.75, with a difference of 1386.84. According to model selection
theory, a lower AICc value indicates better trade-off between model fit and complexity. This
substantial difference far exceeds the strong evidence threshold of 10, providing decisive
statistical support for the superiority of the GTWR model. This paper employs spatiotem-
poral geographic weighting to conduct a regression analysis of the factors influencing the
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carbon sequestration service function of forest ecosystems in the Beiluo River Basin at
different time points. The specific calculation formula is as follows:

P
yi = bo(ui, vi,ti) + Y bi(uj, v, ) X + € (16)
k=1

In the equation: y; is the observed value; (u;, v;, t;) is the spatiotemporal coordinate of
the i-th observation point, where u; denotes longitude, v; denotes latitude, and f; denotes the
time point; by (u;, v;, ;) is the constant term of the regression; by (1, v;, t;) is the regression
coefficient of the k-th variable at the i-th observation point; P is the total number of variables;
xjx is the value of the k-th independent variable x; at the i-th observation point; ¢; is the
random error of the i-th observation point.

3. Results

3.1. Multidimensional Evolutionary Characteristics of the Spatio-Temporal Pattern of Forest
Carbon Sequestration in the Beiluo River Basin

3.1.1. Temporal Characteristics of Forest Carbon Sequestration from 2000 to 2023

As shown in Table 3, forest carbon sequestration in the Beiluo River Basin exhibited a
significant upward trend between 2000 and 2023, with carbon sequestration increasing from
13,193.18 million tons in 2000 to 14,980.83 million tons in 2023, representing a 13.55% in-
crease, with overall steady growth. This growth is attributed to the implementation of
ecological conservation policies, the continued implementation of the grain-for-green pro-
gram, and the optimization of forestry management, which have laid a solid foundation for
carbon sequestration. Regionally, the upstream areas, such as Wuyi County, have shown
particularly prominent growth. Wuyi County saw an increase of 3691.37%, due to the
significant efforts in ecological restoration in the early stages, the early implementation of
the grain-for-green demonstration project, and the rapid recovery of vegetation, leading
to an explosive increase in carbon sink capacity; Jingbian County benefited from deser-
tification control efforts, with vegetation transitioning from sparse to lush, resulting in a
535.19% increase in carbon sequestration capacity. This drove the total carbon sequestration
capacity of the upstream region from 25.021 million tons to 31.453 million tons, representing
a 25.71% increase. Midstream counties like Luochuan County saw steady growth, with
Luochuan County increasing by 33.92%. Fuxian County and Ganquan County relied on
natural forest conservation, with vegetation naturally evolving to increase carbon sequestra-
tion, resulting in a combined increase of 9.94% in the midstream region. In the downstream
region, due to regional development disparities, Baishui County and Yintai District in-
creased carbon sinks through urban greening and ecological corridor construction, while
Chengcheng County and Heyang County saw a decline in carbon sequestration due to agri-
cultural development encroaching on ecological space. However, the downstream region
as a whole still saw a 60.29% increase, thanks to the efforts of local ecological projects. From
a landform perspective, the hilly and gully areas saw a 204.56% increase, as the terrain is
suitable for vegetation restoration, making afforestation easier to implement and improving
vegetation’s ability to retain precipitation, leading to efficient carbon accumulation. The
high plateau and gully areas saw an increase of 763.25 million tons, driven by large-scale
afforestation and grassland planting to promote carbon sequestration. The terrace and
plain areas saw steady growth in carbon sequestration. Although the increase in the rocky
mountain forest area was relatively low, its baseline was large, reaching 106.74 million tons
in 2000, and it has long served as the main carbon sink, contributing steadily.



Forests 2025, 16, 1719

11 of 31

Table 3. Carbon sequestration service capacity of forest ecosystem in Beiluo River Basin (10* t).

Area Area (km?) 2000 2005 2010 2015 2020 2023 Increase  orowth
Rate (%)
Entire basin 2570644  13,193.18 1355748 13,398.06 1426675 1454052 14,980.83  1787.65 1355
3 Jingbian County 23521 1.08 1.35 16 435 531 6.86 5.78 535.19
£ Dingbian County 1074.9 0 0.01 0.01 0.21 0.24 0.73 0.73
£ Wugi County 3199.89 6.26 12.61 16.8 100.82 137 237.34 231.08 3691.37
g Zhidan County 2808.98 696.3 700.98 693.13 82867  919.18 10305 334.24 48.00
& Huachi County 1070.3 645.35 646.34 632.03 648.14 665.89 696.67 51.32 7.95
> Heshui County 969.95 1153.1 1150.9 1139.4 1150.8 11597 11732 20.06 1.74
Total 9359.23 2502.1 2512.2 2483 2733 2887.3 3145.3 64321 25.71
Ganquan County 2173.05 1732.2 1756.2 1758 1804.8 1841.9 1894.8 162.67 9.39
g Fu County 4063.64 3897.5 39752 40484 41247 41962 43131 415.63 10.66
g Luochuan County 1650.34 578.85 641.01 694.89 723.7 752.26 775.22 196.37 33.92
§  Huanglong County 1329.06 1245.7 1289 1294.4 1281.9 1264.2 1255.9 10.12 0.81
% Huangling County 2105.39 21476 22002 22512 2290.8 2323 2350.4 202.79 9.4
= Yijun County 1257.9 777.81 84822  903.35 901.44 865.73 822.07 44.26 5.69
Total 12,579.38 10,380 10,710 10,950 11,127 11,243 11,412 1031.8 9.94
Baishui County 881.39 95.45 107.55 12223 130.91 133.61 141.81 46.36 48.57
§  Chengcheng County 97121 1214 12.98 13.84 13.81 10.83 8.92 —3.22 —26.52
: Heyang County 235.97 0.42 03 0.28 03 0.19 0.16 —0.26 —61.90
g Yintai District, 23424 63.47 71.69 95 109.56 113 119.25 55.78 87.88
£ Tongchuan City
£ Pucheng County 770.12 9.6 115 17.71 20.17 20.25 20.12 10.52 109.58
8 Dali County 536.56 0 0 0 0 0.01 0 0
Total 3629.49 181.08 20403 24907 27475 277.89 29026 109.18 60.29
g High plateau 5110.01 2083.8 2305.7 24923 26235 2726 2847 763.25 36.63
I gully area
£ Terraced plain area 3638.52 155.58 177 219.13 24326 24632 257.67 102.09 65.62
g Hilly and gully area 6775.66 27997  290.86 299.82 521.38 645.73 852.68 572.71 204.56
ki Rocfky mountain 1018225 10674 10784 10802 10879 10922 11,023 349.61 3.28
orest area

3.1.2. Spatial Pattern Evolution Characteristics of Forest Ecosystem Carbon Sequestration
Services from 2000 to 2023

As shown in Figures 3 and 4, from 2000 to 2023, the spatial patterns of forest land
and forest carbon sequestration services in the Beiluo River Basin evolved in tandem,
exhibiting the characteristic of “strengthening the ecological foundation and enhancing
carbon sequestration capacity”. From a spatial perspective, the middle reaches, with their
river valleys and gentle mountain terrain offering favorable water and heat conditions and
soil conservation advantages, have long served as the core area for forest land, acting as
the foundational carrier for the basin’s forest carbon sink. The carbon sequestration service
function of forests has also been concentrated in this region due to the stable development
of forests in the middle reaches. From a temporal perspective, forest land across the entire
basin has shown a sustained expansion trend, with particularly notable increases in the
upper reaches. From 2000 to 2023, forest land patches in the upper reaches extended deeply
into the northern and northwestern regions, simultaneously driving the expansion of forest
carbon sequestration services, with carbon sequestration blank zones in the upper reaches
gradually shrinking. This change is closely linked to the Grain-for-Green Program. After
the program’s implementation, the upstream region converted vulnerable non-forest land
into forest land through slope farmland afforestation and barren mountain afforestation,
thereby restoring the fragile ecological space in the upstream region while enhancing carbon
sink capacity through forest growth. From the perspective of spatial pattern evolution,
over time, the distribution of forest land and forest carbon sequestration services shifted
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from “concentrated in the middle reaches with scattered areas in the upper and lower
reaches” to “stable core in the middle reaches, significant increases in the upper reaches,
and gradual expansion across the entire basin”, reflecting the synergistic effectiveness of
ecological engineering and natural restoration. Forest nurturing and management in the
middle reaches maintain stable carbon sequestration levels, while newly added forest land
in the upper reaches gradually forms scaled carbon sequestration services, continuously
strengthening the carbon sequestration foundation of the watershed ecosystem.
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Figure 3. Spatial distribution pattern of forest land in the Beiluo River Basin from 2000 to 2023.
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Figure 4. Spatial distribution pattern of carbon sequestration service function of forest ecosystem in
Beiluo River Basin from 2000 to 2023.

Based on the total carbon sequestration service function of the forest ecosystem in
the Beiluo River basin from 2000 to 2023, the spatial statistics tool module of ArcGIS
10.8 software was used to calculate a series of parameters, including the center of gravity
coordinates, movement distance, and movement direction (Table 4), and to plot the center
of gravity movement trajectory diagram (Figure 5). From 2000 to 2023, the overall center
of gravity of the forest carbon sequestration service function in the Beiluo River basin
exhibited a general migration trend of “shifting southeastward and returning northwest-
ward”, clearly illustrating the phased spatial distribution changes in the forest carbon
sequestration service function within the basin. From 2000 to 2005, the center of gravity
migrated a distance of 1073.963 m, moving overall toward the southeast. During this
period, significant differences in the baseline natural conditions within the basin, combined
with the uneven implementation of the initial afforestation program, jointly shaped the
spatial differentiation of forest carbon sequestration capacity. In some southeastern regions,
where the terrain is relatively flat and precipitation conditions are more favorable, the
initial effects of the afforestation measures began to show, with high survival rates of newly
planted trees, resulting in a more pronounced increase in carbon sequestration capacity
compared to the northwestern regions, becoming the core driving force behind the shift
of the center of gravity toward the southeast. From 2005 to 2010, the center of gravity
shifted by 1227.114 m, continuing to move in a southeasterly direction. As the afforesta-
tion program deepened, forest communities in the southeastern part of the basin entered
a stable development phase. Water conditions and nutrient cycling in the southeastern
region were synergistically optimized, providing a more favorable environment for forest
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growth. Carbon sequestration contributions continued to grow, strongly driving the center
of gravity to shift further southeastward. From 2010 to 2015, the center of gravity shifted
1590.207 m, showing a trend of moving back toward the northwest. During this period,
the intensity of the northwest region’s afforestation program was further increased, with
improved survival rates of species like Pinus tabulaeformis and Caragana microphylla
in high-altitude areas, increased vegetation coverage, and gradually emerging carbon
sequestration contributions. From 2015 to 2020, the center of gravity shifted by 1091.284 m,
continuing to move toward the northwest. During this period, the ecological restoration
projects in the northwestern part of the basin showed significant results, with artificial
forests growing well and grasslands transitioning toward forest communities, leading to
enhanced carbon sequestration capacity. However, in the southeastern part of the basin,
some areas were affected by the edge effects of urbanization, resulting in compressed forest
growth space and slowed carbon sequestration growth. From 2020 to 2023, the center
of gravity shifted by 1840.905 m, continuing its northwestward movement. During this
period, on the one hand, forests in the high-altitude areas of the northwest, after years of
ecological adaptation and artificial nurturing, saw a continuous increase in their carbon
sequestration capacity, becoming the core carbon sink area of the region. On the other hand,
the southeastern region was disrupted by human activities such as the construction of
tourist facilities, which impacted the stability of the forest ecosystem, leading to a bottleneck
in carbon sequestration growth. The gap in carbon sequestration capacity between the
north and south further widened, driving the center of gravity to continue moving toward
the northwest, reflecting the complex response process of forest ecosystems.

Table 4. Statistics of the carbon sequestration service function of the forest ecosystem in the Beiluo
River Basin.

Center of Gravity

Year X Coordinate Y Coordinate Moving Distance/m  Moving Direction/°
2000 1,949,552.561 4,100,079.171 1073.963 324.5288

2005 1,950,427.204 4,099,455.957 1227.114 316.8478

2010 1,951,322.432 4,098,616.686 1590.207 124.2673

2015 1,950,427.058 4,099,930.865 1091.284 118.2904

2020 1,949,909.854 4,100,891.802 1840.905 123.3128

2023 1,948,898.811 4,102,430.218
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Figure 5. Evolution of the carbon sequestration service function of the forest ecosystem in the Beiluo
River Basin from 2000 to 2023.
3.1.3. Spatial Correlation of Forest Carbon Sequestration from 2000 to 2023

To further analyze the spatial evolution characteristics of forest carbon sequestration
within the study area, a global spatial autocorrelation analysis was conducted on forest
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carbon sequestration from 2000 to 2023, yielding values for Moran’s 1. The results show
(Table 5) that the global Moran’s I index values were all greater than 0 during the study
period and passed the 99.9% confidence level test (p < 0.001), indicating that the carbon
sequestration service functions of forest ecosystems in the study area exhibit significant
positive spatial correlation. From the trend perspective, the global Moran’s I index values
exhibit a pattern of “fluctuating increase-peak adjustment-resilience recovery”, reaching a
peak of 0.802 in 2015, reflecting the continuous strengthening of the spatial aggregation
effect of carbon sequestration services. Under the synergistic effects of natural recovery and
engineering interventions, high-carbon-sequestration areas gradually formed contiguous
zones. From 2015 to 2020, the index declined to 0.747, primarily due to widening disparities
in carbon sequestration capacity across regions. For instance, newly afforested areas
in upstream regions exhibited weak initial carbon sinks, temporarily weakening spatial
connectivity; From 2020 to 2023, the index rose to 0.783, indicating that ecosystem resilience
has emerged, with the potential of newly afforested areas for carbon sequestration being
released and the efficiency of existing forests for carbon sequestration improving, leading to
a resurgence in the growth trend of spatial aggregation characteristics. Overall, although the
spatial aggregation of forest carbon sequestration services in the study area has experienced
fluctuations, it has maintained a stable correlation in the long term.

Table 5. Global Moran’s I index of carbon sequestration service function of forest ecosystem in Beiluo
River Basin.

Year 2000 2005 2010 2015 2020 2023

Moran’s 1 0.764 0.788 0.791 0.802 0.747 0.783
Z 648.609 509.116 518.316 879.296 1305.120 987.472

P 0.000 0.000 0.000 0.000 0.000 0.000

Using ArcGIS, a hotspot map of forest ecosystem carbon sequestration services for
the period 20002023 was generated to characterize spatial relationships (Figure 6). The
study area exhibits significant localized clustering of forest carbon sequestration services.
From a spatial differentiation perspective, hotspot regions have long been concentrated in
the rocky mountain forest area, which features complex terrain, high potential for natural
vegetation recovery, and priority implementation of afforestation projects, making it the
core zone for high-value carbon sequestration clustering; Cold spot areas are concentrated
in hilly gully regions, high plateau gully regions, and terrace plain regions. Hilly gully
regions suffer from severe soil erosion and fragile ecological foundations, high plateau gully
regions have fragmented terrain that limits vegetation growth, and terrace plain regions
are strongly impacted by human activities such as agricultural development and urban
construction, resulting in low forest coverage and weak carbon sequestration capacity,
leading to the aggregation of cold spots. From a temporal evolution perspective, the
hotspot and coldspot patterns from 2000 to 2023 exhibit a trend of “hotspot expansion-
coldspot contraction-boundary optimization”. From 2000 to 2010, the hotspot area in the
rocky mountain forest region expanded slowly, benefiting from the initial implementation
of the Grain-for-Green Program; From 2010 to 2020, the cold spot areas in the hilly and
gully regions saw their carbon sequestration gaps gradually filled due to the deepening of
ecological restoration projects, resulting in a reduction in the cold spot range; from 2020 to
2023, the internal aggregation of hot spots further intensified, and the boundary between
cold spot and hot spot regions became more distinct. Overall, the evolution of forest
carbon sequestration service hotspots in the Beiluo River basin is based on topographical
zoning, with ecological projects and natural recovery synergistically driving the evolution
of the pattern. The Tushishan Forest Area has maintained its hotspot status through the
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synergistic advantages of natural and artificial factors; cold spot areas have gradually
improved with the advancement of ecological restoration, providing direct spatial evidence
for the enhancement of forest ecosystem carbon sequestration services in the basin.
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Figure 6. Hotspot evolution of the carbon sequestration service pattern of the forest ecosystem in the
Beiluo River Basin.

3.2. Spatial Heterogeneity of Driving Factors for the Spatiotemporal Evolution of Forest Carbon
Sequestration in the Beiluo River Basin

The spatiotemporal evolution of forest carbon sequestration in the study area is
influenced by multiple factors. In this study, forest carbon sequestration was used as
the dependent variable, and explanatory variables were selected from three aspects—
topographic factors, natural ecological factors, and socioeconomic factors—to establish an
indicator system (Table 1). Topographic factors include DEM (X1), slope (X2), aspect (X3),
and gully density (X4); natural ecological factors include annual average precipitation (X5),
annual average temperature (X6), annual average evapotranspiration (X7), humidity (X8),
sunshine duration (X9), and NDVI (X10); and socioeconomic factors include GDP (X11),
population density (X12), forestry output (X13), forestry value added (X14), afforestation
area (X15), and urbanization rate (X16). The factor detection model of the Geographic
Detector was used to identify the primary driving factors influencing the spatial pattern
evolution of forest ecosystem carbon sequestration services in the study area. Additionally,
the GTWR model was introduced to conduct local spatial regression analysis, exploring the
differences in the influence of these factors across varying spatial scales.
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3.2.1. Identification of Dominant Factors

The explanatory variables were imported into the Geodetector model to obtain the
q values representing the influence of each explanatory variable on the spatiotemporal
evolution of the carbon sequestration service function of the forest ecosystem in the Beiluo
River Basin. The results (Table 6) show that all 16 independent variables passed the
significance test at the 0.05 level, indicating that the spatiotemporal evolution of the carbon
sequestration service function of the forest ecosystem in the study area is the result of the
combined effects of topographical factors, natural ecological factors, and socioeconomic
factors. From 2000 to 2023, the magnitude of the influencing factors on the spatial pattern of
the carbon sequestration service function of the forest ecosystem was as follows: X7 > X10
> X8 > X5 > X9 > X6 > X1 > X11 > X14 > X13 > X16 > X12 > X15 > X2 > X3 > X4, indicating
that natural ecological factors play a dominant role in the spatiotemporal evolution of the
carbon sequestration service function of the forest ecosystem, Socioeconomic factors play
an important role in the spatiotemporal evolution of forest carbon sequestration within the
study area, while topographic factors have a relatively weaker influence.

Table 6. Geographical detection results of factors affecting the spatiotemporal evolution of carbon
sequestration services in the Beiluo River Basin forest ecosystem from 2000 to 2023.

Independent Explanato
Valr’iable 2000 2005 2010 2015 2020 2023  g-Mean Powzr Ranklglg
X1 0.2525 02066 01723 01504  0.1423 03463 02117 7
X2 0.0101 00152 00171 00263 00271  0.1566  0.0421 14
X3 0.0182 00155 00156 00138 00122 00722  0.0246 15
X4 0.011 0.011 00111 00113 00109 00095  0.0108 16
X5 0.0914 01433 01894 0258 0.399 04455  0.2544 4
X6 0.3341 02538 01968 01696  0.1497  0.1855  0.2149 6
X7 0.6622 06399 05767  0.609 0.603 02544  0.5575 1
X8 0.1145 01837 01999 03232 04725 04323  0.2877 3
X9 0.1801 01616 03442 04122 01208 02281  0.2411 5
X10 0.5816 06295 05876 05308 04547 0365 0.5249 2
X11 0.2457 01806  0.0702 02497 04064  0.0987  0.2085 8
X12 0.1504 01111 0098  0.0666 00663 00263  0.0866 12
X13 0.0892 0.049 01706 01517 01371 02088  0.1344 10
X14 0.1897 00698 02043 02101 02629 02062  0.1905 9
X15 0.056 00779 00209 02112 00431  0.0793  0.0814 13
X16 0.1056 0.0786  0.1341 02234  0.0751 0093  0.1183 11

Based on the results of the Geodetector (Excel version) interaction analysis (Figure 7),
the interactions influencing forest carbon sequestration services in the Beiluo River Basin
from 2000 to 2023 were primarily characterized by two-factor enhancement and nonlinear
enhancement. Heatmaps of interaction g-values for each period clearly reveal that inter-
actions among natural factors are the primary drivers of spatial heterogeneity. Among
these, interaction combinations centered on evapotranspiration, NDVI, and precipitation
consistently exhibit high g-values. For instance, the interaction between evapotranspiration
and NDVI was the strongest among all combinations in both 2000 and 2005, with g-values
reaching 0.757 and 0.783, respectively. By 2010 and 2015, the interaction between evap-
otranspiration and sunshine duration significantly strengthened, with g-values rising to
0.787 and 0.793, respectively, becoming the dominant interaction type during this phase.
In the later study period, the interaction between precipitation and evapotranspiration
markedly intensified, achieving g-values of 0.779 and 0.666 in 2020 and 2023, respectively,
emerging as one of the leading interaction types. Simultaneously, interactions between
socioeconomic and natural factors warrant attention. For instance, the g-value for GDP
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(2)2000

interacting with evapotranspiration reached 0.732 in 2000, while the g-value for forestry
output interacting with precipitation reached 0.575 in 2023. From a temporal perspective,
the dominant interaction patterns underwent a dynamic evolution: initially dominated by
the interaction between evapotranspiration and NDVI, followed by the strengthening of
the interaction between evapotranspiration and sunshine duration around 2010, and finally
marked by the prominence of the interaction between precipitation and evapotranspiration
in later periods.
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Figure 7. Interaction detection results.

3.2.2. Spatio-Temporal Heterogeneity of Influencing Factors

To further conduct local spatial regression analysis using the GTWR model (10.8.1),
we implemented rigorous variable screening in two steps prior to modeling to ensure the
robustness and interpretability of GTWR results. First, we utilized the g-statistic from the
geodetector to evaluate the independent explanatory power of 16 initial influencing factors
on the spatial pattern of forest carbon sequestration services. Subsequently, we set a g-value
threshold (q < 0.1) to eliminate factors with weaker explanatory power [51]. This process
retained 11 factors with strong influence from the initial set. Second, to eliminate the
interference of multicollinearity among variables on subsequent GTWR model coefficient
estimates, we introduced an independent preprocessing step before constructing the GTWR
model: conducting multicollinearity diagnostics using stepwise linear regression [52]. The
diagnostic criterion for severe multicollinearity was set as VIF > 10. Analysis revealed
that the VIF value for the annual mean temperature (X6) factor exceeded 10, leading to
its exclusion from the final model. Following these two screening stages, ten influencing
factors were retained for GTWR analysis: DEM (X1), precipitation (X2), annual average
evapotranspiration (X3), humidity (X4), sunshine duration (X5), NDVI (X6), GDP (X7),
forestry output value (X8), forestry value-added (X9), and urbanization rate (X10). This
process ensures that the variables entering the model significantly influence the dependent
variable while remaining relatively independent from each other, thereby providing a
reliable foundation for subsequent analysis of the spatio-temporal non-stationarity of
regression coefficients.

(a) Time-series evolution analysis of regression coefficients for influencing factors
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Figure 8 illustrates the temporal evolution patterns of regression coefficients for each
influencing factor obtained from the GTWR model between 2000 and 2023. Box plots
provide information on the median, mean, data distribution range, and distribution pattern.
This paper uses box plots to describe the mean distribution of GTWR regression coefficients
for each factor in order to analyze the time non-stationarity of the impact of each factor on
the carbon sequestration service function of the forest ecosystem in the Beiluo River Basin
(Figure 8).
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Figure 8. Time series evolution of GTWR regression coefficients of influencing factors. Note: —Median
x Average.

The DEM influence coefficient exhibits a pattern of “overall stability, narrowing local
fluctuations, and gradually stabilizing effects”. From 2000 to 2023, the coefficient fluctuated
within the range of —15 to 10, with the median value remaining stable near 0, indicating a
long-term balanced influence. From 2000 to 2010, the box plot had a wide span and long
whiskers, reflecting significant spatial heterogeneity due to differences in regional ecological
baseline conditions; From 2010 to 2020, the box width narrowed and the whisker length
shortened, indicating that the dispersion of DEM influence decreased as the ecosystem
evolved; from 2020 to 2023, the box and whisker plot further compressed, reflecting
that the association pattern between DEM and carbon sequestration services has become
increasingly stable.

The impact coefficient of precipitation exhibits a pattern of “diminishing positive
effects, declining concentration trends, and gradually stabilizing effects”. From 2000 to
2023, the coefficient has continuously shifted from a high positive value range to a negative
value range. From 2000 to 2010, the box plot had a wide span, long whiskers, and a high
proportion of positive values, indicating that positive promotion was the main factor but
spatial heterogeneity was strong; From 2010 to 2020, the median fell into the negative range,
the box line narrowed, and the whisker length shortened, reflecting the prominence of
negative constraints and synchronized spatial responses; from 2020 to 2023, the box line
stabilized between —30 and 0, indicating that the relationship has entered a balanced phase.

The influence coefficient of evapotranspiration exhibits a pattern of “negative dom-
inance intensification, narrowing dispersion, and gradually stabilizing effects”. From
2000 to 2023, the coefficient remained negative, with the box and whisker plot gradually
compressing. From 2000 to 2010, the negative inhibitory effect was strong, and spatial
heterogeneity was significant; from 2010 to 2020, the median stabilized around —40, with
the box plot narrowing, indicating that the intensity of the negative influence remained
stable and spatial response differences weakened; from 2020 to 2023, the box plot further
compressed, indicating that the negative association pattern is becoming more stable.

The humidity influence coefficient follows a pattern of “turning from negative to
positive, strengthening positively, and stabilizing”. From 2000 to 2005, the coefficients were
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mostly negative, indicating an initial inhibitory effect; after 2010, the coefficients remained
positive and the box shifted upward, suggesting that as the ecosystem evolved, humidity
promoted carbon sequestration by improving the water-heat environment, and the positive
effect strengthened; from 2015 to 2023, the box lines narrowed and the dispersion decreased,
indicating that the correlation gradually stabilized.

The influence coefficient of sunshine hours follows the pattern of “first decreasing
then increasing, dispersion first narrowing then expanding, and effects gradually diverg-
ing”. From 2000 to 2015, the coefficient showed an overall downward trend, with the box
narrowing, indicating a weakening of positive effects and a reduction in spatial hetero-
geneity. From 2015 to 2023, the coefficient began to rise again, with the box widening once
more, reflecting an increase in positive effects and a widening of spatial differences, with
vegetation in different regions showing diverging efficiencies in utilizing sunlight.

The influence coefficient of NDVI follows the pattern of “positive driving domi-
nance, fluctuating and declining intensity of effects, and gradually synergistic spatial
response”. From 2000 to 2023, the coefficient remained positive, continuously promot-
ing positive effects. From 2000 to 2010, the box-and-whisker plot showed a wide range
and long whiskers, indicating strong driving effects and significant spatial heterogene-
ity. From 2010 to 2020, the box gradually narrowed, and the median slightly decreased,
suggesting weakened driving intensity and synchronized spatial responses. From 2020 to
2023, the box-and-whisker plot further compressed, indicating a weakening of marginal
driving effects.

The coefficient of GDP’s impact follows a pattern of transitioning from negative
constraints to weak positive effects, with reduced dispersion and increasingly stable effects.
In 2000, the coefficients were predominantly negative, reflecting the negative interference of
early economic activities; from 2005 to 2015, the median value converged toward zero, and
the range narrowed, indicating a shift in GDP impact from “strong negative constraints”
to “weak bidirectional fluctuations”. The interplay between ecological conservation and
economic development led to a more balanced effect; From 2020 to 2023, the coefficient
remained stable near zero, with reduced dispersion, indicating that as the concept of
green development is promoted, the negative impact of economic activities on carbon
sequestration has weakened, and an eco-friendly development model is gradually being
established, with the relationship between GDP and carbon sequestration services entering
a relatively synergistic phase.

The impact coefficients of forestry output exhibit a pattern characterized by “positive
driving dominance, fluctuating intensity convergence, and gradually synergistic spatial
response”. From 2000 to 2023, the coefficients were overall positive, reflecting the sustained
positive promotional effect of forestry output growth on carbon sequestration. In 2000, the
median was in a relatively low positive range, indicating that forestry economic activities
initially drove carbon sequestration, but due to differences in management models, spatial
heterogeneity was significant; From 2005 to 2015, the box gradually narrowed, and the
median steadily increased, indicating that the intensity of forestry output driving car-
bon sequestration strengthened, and as forestry management became more standardized,
responses across different regions tended to synchronize; From 2020 to 2023, the box line fur-
ther compressed, reflecting that forestry development has entered an ecological-economic
synergy phase, with carbon sequestration becoming more balanced in its dependence on
output value.

The impact coefficients of forestry value added exhibit a pattern of “positive-negative
interaction, narrowing fluctuations, and increasingly complex effects”. From 2000 to
2005, the coefficients were predominantly positive, indicating that forestry economic gains
directly promoted carbon sequestration, with relatively consistent spatial responses; From
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2010 to 2015, the median fell into the negative range, with a wide box plot span, indicating
that changes in forestry development models had a negative impact on carbon sequestration,
and heterogeneity increased sharply; From 2020 to 2023, the box plot gradually narrowed,
indicating that as the green transformation of forestry progressed, a synergistic mechanism
between economic gains and ecological protection was gradually established.

The coefficient of urbanization rate exhibits a pattern characterized by “negative
constraints as the dominant factor, fluctuating intensity of influence converging, and
increasingly complex spatial responses”. From 2000 to 2023, the coefficient remained pre-
dominantly in the negative range, indicating that the urbanization process has exerted a
long-term negative impact on carbon sequestration. From 2000 to 2010, the box plot had
a wide range, with the whiskers extending far, and the median remained stable between
—50 and 0. This reflects the strong suppression of carbon sequestration by the expansion of
construction land during the early stages of urbanization, with significant spatial hetero-
geneity in the impact due to differences in the distribution of central towns and suburban
areas; From 2010 to 2020, the box gradually narrowed and the whisker length shortened,
with the median fluctuating slightly, indicating that as urbanization models adjusted—
such as through ecological township development—the negative constraints weakened,
and the impact of urbanization on carbon sequestration across different regions became
more synchronized; From 2020 to 2023, the box line further compressed but remained
volatile, with coefficients concentrated in the range of —100 to 50, reflecting the ongo-
ing trade-off between urban development and ecological conservation. In some regions,
green infrastructure has begun to exert a positive driving force, with the overall process
evolving from conflict to dynamic adaptation between urbanization and forest carbon
sequestration functions.

(b) Spatial differentiation analysis of regression coefficients for influencing factors

Plot the spatial distribution of the regression coefficients of various factors from 2000 to
2023 to reveal the spatial heterogeneity of the driving factors of the carbon sequestration
service function of the forest ecosystem in the Beiluo River Basin (Figure 9).

From 2000 to 2023, the high-value areas of the DEM regression coefficient have been
concentrated in the southern low-altitude, flat-terrain regions. This is because such regions
have favorable conditions for vegetation growth, resulting in a sustained and stable positive
promotional effect of DEM on carbon sequestration; while the northern high-altitude,
complex terrain regions are low-value zones. Initially constrained by steep terrain and
ecological fragility, DEM exerted a strong negative constraint on carbon sequestration.
Over time, the negative coefficient gradient in low-value zones has contracted, particularly
after 2015, with significant reductions in negative coefficients in northern marginal regions.
This reflects the gradual weakening of high-altitude terrain’s inhibitory effect on carbon
sequestration due to ecological restoration projects and natural vegetation adaptation.
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Figure 9. Spatial distribution of GTWR model regression coefficients. Note: (al) 2000DEM;
(b1) 2005DEM; (c1) 2010DEM; (d1) 2015DEM; (e1) 2020DEM; (£1) 2023DEM; (a2) 2000Precipita-
tion; (b2) 2005Precipitation; (c2) 2010Precipitation; (d2) 2015Precipitation; (e2) 2020Precipitation;
(£2) 2023Precipitation; (a3) 2000Evapotranspiration; (b3) 2005Evapotranspiration; (¢3) 2010Evapo-
transpiration; (d3) 2015Evapotranspiration; (e3) 2020Evapotranspiration; (£3) 2023Evapotranspira-
tion; (a4) 2000Humidity; (b4) 2006Humidity; (c4) 2010Humidity; (d4) 2015Humidity; (e4) 2020Hu-
midity; (f4) 2023Humidity; (a5) 2000Sunshine hours; (b5) 2005Sunshine hours; (¢5) 2010Sunshine
hours; (d5) 2015Sunshine hours; (e5) 2020Sunshine hours; (f5) 2023Sunshine hours; (a6) 2000NDVTI;
(b6) 2005NDVT; (c6) 2010NDVTL; (d6) 2015NDVI; (e6) 2020NDVT; (f6) 2023NDVI; (a7) 2000GDP;
(b7) 2005GDP; (c7) 2010GDP; (d7) 2015GDP; (e7) 2020GDP; (£7) 2023GDP; (a8) 2000FOV; (b8) 2005FOV;
(c8) 2010FOV; (d8) 2015FOV; (e8) 2020FOV; (£8) 2023FOV; (a9) 2000FAV; (b9) 2005FAYV; (¢9) 2010FAV;
(d9) 2015FAV; (e9) 2020FAV; (£9) 2023FAV; (a10) 2000UR; (b10) 2005UR; (¢10) 2010UR; (d10) 2015UR;
(e10) 2020UR; (£10) 2023UR.

From a time series perspective, the high-value regions for precipitation regression
coefficients between 2000 and 2010 were concentrated in the central and southern parts of
the basin. This region has relatively high initial vegetation coverage and relatively gentle
terrain, allowing precipitation to replenish soil moisture, promote vegetation photosynthe-
sis and growth, and exert a significant positive driving effect on carbon sequestration. In
contrast, the northern part of the basin, characterized by sparse vegetation, experiences easy
runoff or soil erosion, making it difficult to effectively support carbon sink gains, resulting
in lower regression coefficients. From 2010 to 2020, high-value areas gradually expanded
toward the central and northern regions. During this period, afforestation projects were
continuously implemented in the central and northern regions, leading to a rapid increase
in vegetation coverage. The newly restored vegetation communities enhanced their ability
to utilize precipitation, which not only directly replenished water but also improved the
local microclimate, promoting carbon sink accumulation and expanding the high-value
areas of the regression coefficient in the central and northern regions. From 2020 to 2023,
the spatial pattern of the regression coefficient tends to stabilize relatively.
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From 2000 to 2023, the long-term regression coefficients for evapotranspiration were
predominantly negative, with high negative values concentrated in the densely vegetated,
water-intensive central forest regions, reflecting the strong inhibitory effect of evapotran-
spiration on carbon sequestration. From 2000 to 2010, there were significant differences in
coefficients between the northern and southern regions. In the northern arid regions, the
imbalance between evapotranspiration and water replenishment led to extreme negative
coefficient values. Over time, the range of negative coefficients expanded gradually while
the gradient narrowed. After 2015, the negative coefficients in the central and southern
forest regions stabilized, and the negative values in the northern marginal regions also
weakened due to vegetation adaptation.

From 2000 to 2015, high values of the humidity regression coefficient were concentrated
in the central and southern regions with favorable moisture conditions, exerting a strong
positive driving force on carbon sequestration, with significant differences in the north—
south gradient. Over time, high-value areas gradually expanded into the central and
northern regions. After 2015, the coefficients in the vast central and southern regions
continued to rise, reflecting a shift in the ecosystem’s response to humidity from “local
dependence” to “regional coordination”. Especially from 2020 to 2023, the coverage and
intensity of high-value areas expanded, while low-value areas rapidly contracted, indicating
that the promotional effect of humidity on carbon sequestration continued to strengthen
with ecological restoration and climate regulation, highlighting the increasingly critical role
of humidity in enhancing the carbon sequestration service function of forest ecosystems.

From 2000 to 2010, the high values of the regression coefficient for sunshine hours were
concentrated in the northern regions with favorable light conditions, showing a significant
positive promotion effect on carbon sequestration, with a distinct north-south gradient
difference; Over time, the high-value zones gradually expanded toward the central and
southern regions. After 2015, the coefficients in the central and southern regions continued
to rise, reflecting improved efficiency in vegetation’s utilization of sunlight. Especially
from 2020 to 2023, the coverage of high-value zones expanded, their intensity stabilized,
low-value zones contracted, and their dispersion decreased, indicating that the promotional
effect of sunshine duration on carbon sequestration continued to strengthen alongside
vegetation succession and photosynthetic adaptation.

From 2000 to 2023, the NDVI regression coefficient remained positive over the long
term, indicating that it continued to have a positive effect on carbon sequestration. From
2000 to 2010, high-value areas were concentrated in the central forest region with high
vegetation coverage, and the coefficient gradient was clear, reflecting that the synergistic
effect between NDVI and carbon sequestration was more significant in areas with good
ecological conditions. Over time, the range of high-value areas has steadily expanded, with
coefficients in the central and southern forest regions continuing to rise, while low-value
areas have gradually contracted, indicating that NDVI’s driving effect on carbon seques-
tration has strengthened with ecosystem succession. From 2020 to 2023, the distribution
of coefficients has become more homogeneous, with high-value areas showing increased
coverage and stable intensity, highlighting NDVI’s role as a core ecological indicator in
enhancing carbon sequestration services through a key and stable positive influence.

From 2000 to 2010, the GDP regression coefficients were predominantly negative,
with high negative values concentrated in southern towns and plains with high levels of
economic development, reflecting the crowding-out effect of urbanization and industrial-
ization on carbon sequestration. Over time, the negative coefficients gradually contracted.
After 2015, the coefficients in the central-northern forest areas and ecological conservation
zones turned positive, and the high-value zones expanded into economic transition zones,
indicating that the green development model gradually reversed the negative impact of
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GDP on carbon sequestration. From 2020 to 2023, the coverage of positive coefficients
expanded, and the north—south gradient differences narrowed, highlighting the key role of
eco-friendly economic development in enhancing carbon sequestration services.

From 2000 to 2023, the regression coefficient for forestry output remained positive
over the long term and showed an overall upward trend, indicating that it continues to
play a positive role in promoting carbon sequestration. From 2000 to 2010, high-value
regions were concentrated in the central forest areas rich in forest resources, with a clear
coefficient gradient, reflecting stronger synergy between forestry economic activities and
carbon sequestration functions in regions with good ecological foundations. Over time, the
scope of high-value regions gradually expanded, extending to the northern and southern
forest areas, while low-value regions continued to shrink, indicating that the driving force
of forestry industry development on carbon sequestration has continuously strengthened
with the evolution of ecosystems.

From 2000 to 2010, the high-value regions for forestry value-added regression coeffi-
cients were concentrated in the central and southern parts of the watershed. This region
had a relatively early start in forestry development, with active afforestation and forest
management activities, resulting in a significant positive impact of forestry value-added
on carbon sequestration. In contrast, the northern part of the watershed had low forestry
development levels, with vegetation minimally affected by forestry economic activities,
leading to lower regression coefficients. From 2010 to 2020, the high-value zones grad-
ually expanded toward the central and northern regions. During this phase, ecological
restoration and forestry industry upgrading were advanced in tandem. Increased forestry
investment and optimized management models in the central and northern regions, cou-
pled with enhanced responsiveness of newly restored vegetation communities to forestry
economic inputs, led to an expansion of the high-value range of regression coefficients
in these areas. From 2020 to 2023, the spatial pattern stabilized, with high-value zones
consolidated in the central and southern regions and low-value zones persisting in areas
with constrained forestry development. After long-term development, the northern and
central regions established mature synergistic mechanisms between forestry economics
and carbon sequestration, resulting in stable high-value regression coefficients.

From 2000 to 2010, the high negative values of the urbanization rate regression co-
efficient were concentrated in the densely urbanized southern plains, with a significant
coefficient gradient, reflecting the squeeze on ecological space caused by the expansion
of construction land; Over time, the range of negative coefficients remained generally
stable, but the high-negative-value zones gradually contracted in the central and northern
regions. After 2015, the intensity of negative coefficients in the southern core urban areas
stabilized, while in the northern peripheral regions, negative values also weakened due
to ecological restoration efforts. Overall, the negative impact of urbanization rates on
carbon sequestration is driven by “urban spatial expansion”, highlighting the critical role
of ecological space protection in mitigating the negative effects of urbanization.

4. Discussion

4.1. Temporal Evolution and Spatial Pattern Characteristics of Forest Carbon
Sequestration Services

This study found that carbon sequestration in the forests of the Beiluo River basin has
increased significantly, with notable regional and topographical differences. Specifically,
the spatial pattern shows a “stable core in the middle reaches and significant increases in
the upper reaches” characteristic, with a trend of “shifting southeastward and returning
northwestward”. This outcome stems from the sustained implementation of ecological
engineering projects such as the Grain-for-Green Program. In detail, in the upstream region,
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vegetation coverage has been rapidly enhanced through afforestation of slope farmland
and barren mountains [53], while the middle reaches rely on the protection of natural
forests to maintain carbon sink stability. Regional differences in topography and water-
heat conditions have exacerbated carbon sequestration differentiation. Consistent with
existing studies on the carbon sequestration promotion effects of afforestation on the Loess
Plateau, the core conclusions validate the carbon sink effects of ecological engineering
projects [54,55]. Additionally, research on the ecological restoration of the Loess Plateau
indicates that carbon storage exhibits a phased characteristic of “rapid initial recovery
followed by steady long-term increase” [56]. Building on this, this study further refines the
regional differences in the Beiluo River Basin, highlighting the “explosive growth in the
upstream region and steady improvement in the midstream region”, thereby addressing the
limitations of macro-scale studies. Given these characteristics, it is recommended that the
upstream region prioritize the promotion of drought-tolerant tree species such as Caragana
and Pinus tabulaeformis, conduct vegetation carbon sink monitoring every five years to
consolidate the achievements of afforestation, establish natural forest carbon sink monitor-
ing stations in the middle reaches, and implement “logging bans plus replanting” measures;
in the downstream region, designate a 200-m-wide riverbank ecological protection zone
and strictly restrict the encroachment of urban and agricultural land.

4.2. Spatial Correlation of Forest Carbon Sequestration Services

The spatial positive correlation of forest carbon sequestration services in the Beiluo
River basin is significant, with hotspots concentrated in rocky mountain forest areas and
cold spots located in ecologically fragile or human activity-intensive regions. Specifically,
this is because rocky mountain forest areas have complex terrain but high natural vegeta-
tion recovery potential, and the afforestation program has been prioritized in these areas,
resulting in long-term leading carbon sequestration capacity [27]. In contrast, hilly and
gully areas suffer from severe soil erosion, and terrace plains are disrupted by agricul-
tural development, leading to weak carbon sequestration capacity [57]. Notably, existing
studies on land use and ecological patterns have pointed out that “ecological engineering
can strengthen spatial aggregation effects”. In line with this finding, this study aligns
with this finding and further reveals the 23-year dynamic pattern of “hotspot expansion
and coldspot contraction” [58,59]. Moreover, compared to studies on the Beiluo River
basin, this study more clearly demonstrates the constraining effect of landform types on
carbon sequestration aggregation [60]. In terms of policy implications, an “ecological
compensation + carbon credit trading” mechanism should be established in the rocky
mountain forest areas, with annual subsidies per acre of forest land allocated for vegetation
management, while carbon credits are incorporated into local government performance
evaluations. For hilly and gully areas, a “terracing + mixed forest-grassland planting”
project should be implemented, accompanied by the construction of water diversion ditches
to reduce soil erosion.

4.3. Dominance of Driving Factors for Forest Carbon Sequestration Services

Our findings indicate that natural ecological factors serve as the fundamental drivers
of the spatiotemporal evolution of carbon sequestration services, while socioeconomic
factors further modulate this process through synergistic enhancement. The results from
the Geographic Detector interaction mechanism reveal that this synergistic effect primarily
manifests through two pathways. First, socioeconomic activities amplify the natural factors’
promotion of carbon sequestration by improving water resource availability [61]. This
study identifies significant interactions between GDP and evapotranspiration, as well as
between forestry output and precipitation. The underlying mechanism involves regional
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economic development and increased forestry investment providing the economic and
technical foundation for enhanced water resource management—such as constructing
small-scale rainwater harvesting projects and promoting water-saving technologies like
drip irrigation. These measures effectively alleviate water stress during the critical high-
evapotranspiration period of the growing season, enabling vegetation to maintain high
photosynthetic activity under favorable water-heat conditions without drought constraints.
Thus, socioeconomic factors do not directly sequester carbon but enhance the positive effect
of the natural coupling between evapotranspiration and NDVI on carbon sequestration
by alleviating the key bottleneck of water limitation. Second, forestry economic activities
directly drive vegetation cover changes, thereby regulating local water-heat processes [62].
The interaction between forestry value-added and NDVI indicates that economic activities
aimed at increasing forestry output—such as afforestation and forest tending—directly
enhance vegetation cover and health [63]. Changes in vegetation condition, in turn, influ-
ence surface processes. Higher NDVI values typically represent denser forest canopies,
which increase local evapotranspiration through transpiration and regulate surface energy
balance. Thus, socioeconomic factors indirectly regulate natural processes like evapotran-
spiration by altering NDVI, a key state variable. This creates a positive feedback loop:
socioeconomic inputs drive NDVI increases, which in turn alter evapotranspiration pro-
cesses, ultimately enhancing carbon sequestration capacity. Thus, the spatial heterogeneity
of forest carbon sequestration services in the Beiluo River basin is shaped by the synergistic
interplay between the foundational dominance of natural factors and the driving force of
socioeconomic factors, reflecting a dual-driven mechanism combining natural substrate
support and human activity regulation. Based on this understanding, it is recommended to
construct small-scale rainwater harvesting and utilization projects within the watershed
and install drip irrigation facilities in high-evapotranspiration forest areas. Concurrently,
a dedicated forest carbon sink fund should be established, linking increases in forestry
output value to subsidies for cultivating high-quality tree species. This approach would
align GDP growth with enhanced carbon sink capacity, thereby implementing the strategic
orientation of ecological management in practice.

4.4. Spatial and Temporal Heterogeneity of Factors Influencing Forest Carbon
Sequestration Services

The effects of various factors on carbon sequestration exhibit significant spatiotem-
poral variations, such as the attenuation of the positive effect of precipitation and the
positive-negative-4 changes in forestry value added, which are closely related to vegetation
succession and the transformation of forestry management. Studies on the interactive ef-
fects of ecological factors have pointed out that the influence of factors is reconfigured over
time [64], and this study confirms this, further refining the coupled patterns of precipitation-
vegetation-economy in the Beiluo River basin. Studies on the impact of urbanization on
carbon sinks have found that negative effects can be mitigated through management mea-
sures [65]. This study further proposes spatially and temporally differentiated management
strategies. In the central-northern regions where precipitation influence is weakening,
drought-tolerant tree species such as sea buckthorn and mountain apricot should be pro-
moted, with 20% leguminous plants interplanted per acre of forest land to enhance soil
fertility; In the upstream regions with negative forestry value-added effects, the under-
forest cultivation + carbon sink forest model should be implemented, while restricting
timber harvesting volumes; in the southern regions with high urbanization rates, for ev-
ery additional square kilometer of urban area, 200 acres of ecological corridors should
be constructed, using evergreen tree species such as Thuja orientalis to enhance carbon
sequestration capacity around urban areas.
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4.5. Research Limitations and Future Prospects

First, regarding limitations and validation of data sources. This study’s carbon stock
assessment relies on benchmark carbon density values from Yellow River Basin literature
and statistical models for spatial correction, rather than direct field measurements in the
Beiluo River Basin. While using such indirect data sources introduces some uncertainty, the
rigorous localization process significantly mitigates its impact on overall result accuracy.
Similarly, when spatializing county-level socioeconomic statistics to the grid scale, the
absence of actual grid-scale values for comparison prevents quantitative assessment of
spatialization errors. Establishing a field verification system is a priority for future research.
Future work could involve deploying a representative plot network in the Beiluo River
basin to obtain localized, field-measured carbon density data. This would enable the
natural deepening and extension of the research by building upon the identified macro-
scale patterns through precise calibration and micro-mechanism interpretation.

Second, regarding model limitations and refinement pathways: Methodologically,
while this study explored interactions among influencing factors using GTWR models,
it has not fully elucidated the underlying causal mechanisms behind these relationships.
Furthermore, model parameter optimization remains an area for improvement. Future
research is recommended to employ causal analysis tools such as structural equation
modeling to delve deeper into the interaction pathways and causal chains among drivers.
This approach would transcend mere correlation descriptions to achieve an interpretation
of ecosystem process mechanisms.

Finally, regarding limitations and prospects for expanding the research scale. This
study focused on the North Luo River basin, and the applicability of its conclusions across
other basins requires further validation. Concurrently, constrained by data temporal
resolution, the study primarily revealed long-term trends while insufficiently capturing
short-term dynamic mechanisms related to seasonal variations or sudden events within a
year. Future research could pursue cross-basin comparative studies to analyze common-
alities and differences in forest carbon sequestration services across distinct watersheds,
providing references for broader ecological management. Furthermore, leveraging higher
spatio-temporal resolution data on natural and socioeconomic factors holds promise for
revealing short-term dynamic response mechanisms of forest carbon sinks at finer scales,
offering valuable complementarity to the long-term conclusions of this study.

5. Conclusions

This study employed a spatiotemporal analysis framework, utilizing data from six
representative time points between 2000 and 2023, to assess the evolution and drivers of
forest carbon sequestration services in the Beiluo River Basin. The key findings confirm
a significant positive development trend, with total carbon sequestration increasing by
over 13% and spatial patterns becoming more balanced and clustered, underscoring the
success of ecological restoration initiatives. The application of the GTWR model effec-
tively quantified the non-stationary spatiotemporal effects of influencing factors, revealing
that natural ecological conditions are the dominant force shaping spatial heterogeneity,
while socioeconomic factors increasingly play a synergistic role by interacting with these
natural processes.

The study’s marginal contributions are threefold. Firstly, it provides a refined
watershed-scale assessment by leveraging long-term, high-resolution data. Secondly,
it systematically elucidates the synergistic drivers across topographic, ecological, and
socioeconomic dimensions, particularly highlighting the pivotal role of hydrotemperature-
vegetation coupling. Finally, it demonstrates the practical utility of the GTWR model for
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capturing spatiotemporal non-stationarity, thereby providing a scientific basis for formulat-
ing targeted management strategies.

These findings imply that forest carbon sequestration management on the Loess
Plateau should prioritize spatially differentiated strategies, adhere to the principle of
natural recovery supplemented by artificial intervention, and establish policy incentives
that align socioeconomic activities with carbon sink objectives.
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