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Abstract: The Yellow River Basin serves as a crucial ecological barrier in China, emphasizing the
importance of accurately examining the spatial distribution of forest carbon stocks and enhancing
carbon sequestration in order to attain “carbon peaking and carbon neutrality”. Forest patches have
complex interactions that impact ecosystem services. To our knowledge, very few studies have
explored the connection between these interactions and carbon stock. This study addressed this
gap by utilizing complex network theory to establish a forest ecospatial network (ForEcoNet) in the
Yellow River Basin in which forest patches are represented as nodes (sources) and their interactions
as edges (corridors). Our objective was to optimize the ForEcoNet’s structure and enhance forest
carbon stocks. First, we employed downscaling technology to allocate the forest carbon stocks of the
69 cities in the study area to grid cells, generating a spatial distribution map of forest carbon density
in the Yellow River Basin. Next, we conducted morphological spatial pattern analysis (MSPA) and
used the minimum cumulative resistance model (MCR) to extract the ForEcoNet in the basin. Finally,
we proposed optimization of the ForEcoNet based on the coupling coordination between the node
carbon stock and topological structure. The results showed that: (1) the forest carbon stocks of the
upper, middle, and lower reaches accounted for 42.35%, 54.28%, and 3.37% of the total, respectively,
(2) the ForEcoNet exhibited characteristics of both a random network and a scale-free network and
demonstrated poor network stability, and (3) through the introduction of 51 sources and 46 corridors,
we optimized the network and significantly improved its robustness. These findings provide scientific
recommendations for the optimization of forest allocation in the Yellow River Basin and achieving
the goal of increasing the forest carbon stock.

Keywords: the yellow river basin; forest area calibration; spatial distribution of carbon stock; ecospatial
network; coupled coordination model

1. Introduction

Global climate change has become one of the biggest challenges for human develop-
ment and poses a significant threat to global human society. In order to avoid extreme harm
and reduce the extent of global warming, “carbon peaking” and “carbon neutrality” have
become long-term goals under the context of global warming [1]. There are two methods
to become carbon neutral: reducing emissions and increasing carbon sequestration. The
Intergovernmental Panel on Climate Change (IPCC) emphasized, in its special report, the
necessity of reducing and gradually eliminating the use of fossil fuels and encouraging
the use of renewable energy sources. In addition, to attain sustainable development and
net-zero carbon emissions, it is crucial to promote carbon sequestration in both terrestrial
and marine ecosystems [2]. Forests constitute the largest carbon reservoir in terrestrial
ecosystems, fixing CO2 from the air in the form of biomass in plants and soil and thus
playing a vital role in sequestering carbon. Forests maintain more than 80% of the world’s
vegetation carbon reserves and approximately 40% of the global soil carbon reservoir [3,4].
Annually, approximately two-thirds of carbon in the terrestrial ecosystem can be attributed
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to forests [5]. Therefore, accurately exploring the spatial distribution of forest carbon stock
and the potential for forest carbon sequestration is indispensable for regulating global
carbon balance, mitigating the rise in concentrations of greenhouse gases such as CO2 in
the atmosphere, and sustaining the overall global climate.

The spatial distribution of forest carbon stock can reflect the overall carbon stock
situation in a region and offer initial values for process-based carbon cycling models to
simulate carbon dynamics [6]. By combining forest inventory data with remote sensing
technology, the spatial inversion of forest carbon stock can effectively integrate the accuracy
of field measurements and the spatial distribution information obtained through remote
sensing [7,8]. Previous studies have demonstrated the significant influence of geographic
and climatic factors on the spatial distribution of forest carbon stock [9,10], as well as
the variation in carbon sequestration capabilities among different tree species and forest
ages [11,12]. In addition, the landscape pattern and heterogeneity of forests are closely
related to ecological functions [13]. Although the relationship between forest structure,
environmental factors, landscape patterns, and forest carbon storage has been gradually
revealed in recent years, research on the relationship between forest patches and carbon
stock is still limited. These patch-to-patch interactions can be referred to as topological
structures [14]. Traditional landscape pattern analysis methods cannot verify whether the
interactions between patches will affect carbon storage, and how they may affect it, while
complex network theory provides us with a new perspective.

Complex networks are the results of the abstraction of complex systems by treat-
ing all components of the system as nodes and representing their interactions through
interconnected edges [15]. Complex networks have been widely used to describe the
network structures and evolution rules in fields such as the social, medical, and biological
sciences [16–18]. When complex networks are applied to landscape ecology, ecospatial
networks are formed [19]. Ecospatial networks consist of ecological sources and corridors,
the former being patches that provide multiple ecosystem services, maintain ecosystem
stability, and make important contributions to ecosystem development while the latter
represent the structures of relationships between objects and carry out functions such as
information transmission, material circulation, and energy flow [20]. Unlike the method of
describing the overall characteristics of a region with landscape pattern indices, the meth-
ods used by ecospatial networks place more emphasis on the topological characteristics
of a region, which have been shown to have an impact on ecosystem services [21]. Some
studies have already optimized ecological networks to enhance ecosystem services [22,23].
Most of them focused on urban or national scales and used empirical models to quantify
ecosystem services: a methodology which is feasible at small or large scales. However, at
the basin scale, where climate and geography vary greatly, this quantification method lacks
reliability. Furthermore, although previous studies have proposed optimization measures
such as increasing forest sources and corridors, they have difficulty providing detailed
quantitative data to support these measures due to a lack of specific optimization standards
and actual vegetation data.

Therefore, this paper proposes a novel forest ecospatial network (ForEcoNet) based
on complex network theory to achieve the increasing of forest carbon stock. Firstly, in
our study, we calibrated the forest density distribution map of the Yellow River Basin and
then combined forest inventory data to achieve the spatial grid mapping of forest carbon
density in each city. Secondly, the ForEcoNet of the Yellow River Basin was extracted
and evaluated using topological indicators. Finally, quantitative measures to optimize
ForEcoNet for carbon stocking in the study area were proposed based on a coupling
coordination analysis. This study’s results are important for monitoring forest structure
and carbon storage distribution, and can provide scientific reference for strengthening the
scientific management of forest ecosystems and formulating specific measures for carbon
sequestration in the region.
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2. Materials and Methods
2.1. Study Area

The Yellow River, with a total length of 5464 km, runs through nine provinces, in-
cluding Qinghai, Sichuan, Gansu, Ningxia, Inner Mongolia, Shaanxi, Shanxi, Henan, and
Shandong, originating from the Bayan Har Mountains of Qinghai Province [24]. This study
is based on the natural geographical unit of the Yellow River Basin, and on the premise of
ensuring the integrity of the urban spatial unit, the 69 cities that the mainstream Yellow
River passes through are divided within the Yellow River Basin according to administrative
boundaries (Figure 1). The upper reaches of the river flow through five provinces and
28 cities from the source to the mouth in the Hegou town of Inner Mongolia, accounting for
74.24% of the total basin area. The middle reaches flow through four provinces and 26 cities
from Hegou town to Taohuayu in Zhengzhou, Henan, accounting for 19.80% of the total
basin area. The lower reaches flow through two provinces and 15 cities from Taohuayu to
the Bohai Sea, accounting for 5.96% of the total basin area. The Yellow River Basin covers
a vast area with different terrain and landforms in the upper, middle, and lower reaches.
It spans three major topographical steps and four major geomorphic units from west to
east [25]. The climate within the basin varies significantly, with the southeastern, central,
and northwestern regions belonging to semi-humid, semi-arid, and arid climate zones,
respectively [26]. The vegetation in the Yellow River Basin is influenced by both horizontal
zonality and monsoons, spanning four vegetation zones from east to west including the de-
ciduous broad-leaved forest zone, grassland zone, desert zone, and Qinghai-Tibet Plateau
vegetation zone [27].
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Figure 1. Location and the digital elevation model (DEM) of the Yellow River Basin.

2.2. Data Sources and Processing

In this study, we utilized the forest aboveground carbon stock and forest coverage
data of 69 cities within the Yellow River Basin. These data were provided by the National
Forestry and Grassland Administration based on their continuous forest inventory. The
forest density map at a resolution of 1 km was derived by overlaying density datasets for
different forest types (2020) including the 1-km arbor forest density dataset [28], 1-km bam-
boo forest density dataset [29], and 1-km mangrove forest density dataset [30]. In addition,
we obtained factor data necessary for constructing ecological resistance surface, including
land cover data, nighttime light data, normalized difference vegetation index (NDVI) data,
modified normalized difference water index (MNDWI) data, digital elevation model (DEM)
data, road network, water network, and population data (Table 1). To ensure consistency
with the resolution of the forest density map, all resistance factor data were resampled to a
resolution of 1 km using the nearest neighbor resampling. Administrative boundary data
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were provided by the Resource and Environmental Science and Data Center of the Chinese
Academy of Sciences (https://www.resdc.cn/, accessed on 17 November 2022).

Table 1. Sources of factor data for ecological resistance surface.

Name Spatial
Resolution

Temporal
Resolution Data Sources Year of Use

Land cover 30 m Updated every
10 years

GLOBELAND30
http://www.globallandcover.com/

(accessed on 17 November 2022)
2020

DEM 30 m -

EARTHDATA
https:

//doi.org/10.1029/2005RG000183
(accessed on 17 November 2022)

2000

Nighttime light 500 m Updated
annually

Earth Observation Group
https://eogdata.mines.edu/

products/vnl/
(accessed on 17 November 2022)

2020

Population 1000 m Updated
annually

World Pop
https://www.worldpop.org/

(accessed on 17 November 2022)
2020

NDVI and
MNDWI (Annual

average)
30 m Updated

annually

USGS
https://www.usgs.gov/landsat-

missions/
(accessed on 17 November 2022)

2020

Road
network/Water

network
shapefile -

Open Street Map
http://www.openstreetmap.org/
(accessed on 17 November 2022)

2020

The study was conducted in three parts (Figure 2). In the first part, we allocated the
forest carbon stocks of the 69 cities within the study area to the respective grid cells using
conversion functions between the calibrated forest cover map, NDVI, and carbon stock. In
the second part, we extracted ecological sources from the forest density map and conducted
an ecological resistance surface to delineate the ecological spatial network. In the third
part, we optimized theForEcoNet based on the coupling coordination results between the
topological importance and carbon sequestration capacity of nodes.
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2.3. Forest Carbon Mapping in the Yellow River Basin
2.3.1. Forest Area Calibration

The forest area obtained through a forest inventory is highly accurate, while remote
sensing data provide spatial distribution information on forest density. However, due to
limitations in resolution and potential deviations during the acquisition and processing
of remote sensing data, the forest area calculated through remote sensing may differ from
the actual area. Additionally, discrepancies in forest definitions and threshold divisions
between the two methods may result in regional variances in the data. To address these is-
sues, this study utilized the approach developed by Päivinen for forest area calibration [31].
The primary idea behind this approach is to adjust the proportion of forest and non-forest
cover for each pixel in order to progressively minimize the difference between the forest
density map and forest inventory coverage.

xa =
∑n

i=1 xa(i)
n

(1)

ca =
Xa

xa (2)

xa
c (i) = caxa(i) (3)

w(i) =
2

∑
a=1

xa
c(i) (4)

xa
c2(i) =

1
w(i)

xa
c (i) (5)

z =
|xa

c2 − Xa|
Xa (6)

where i stands for each pixel, n is the total number of pixels in each city used to calibrate
the forest density map, a stands for the land cover type within each pixel (which is divided
into forest (a1) and non-forest (a2)), xa(i) is the percentage of land cover type a in pixel i
(e.g., xa1(i) is the forest cover proportion of the pixel i, which is directly from the forest
density map), xa is the average density of type a estimated from the forest density map in
the city, Xa is the coverage of land cover type a in the same city based on the forest inventory,
ca is the correction coefficient for type a, xa

c (i) is the corrected forest cover proportion of
pixel i for land type a, and w(i) is the sum of the correction ratios of the two land cover
types within pixel i. The scaled pixel ensures that the sum of the coverage ratios of the
forest or non-forest within each pixel is equal to 1. xa

c2(i) is the proportion of land cover
type a after correction and scaling in pixel i, xa

c2(i) is the average density of type a after
correction and scaling in the entire city, and z represents the calibration threshold, which
was set to 0.01 in this study, indicating that the calibration process was repeated until z
was less than 0.01. To avoid situations where the difference between the forest density map
and the forest inventory coverage was too large to be corrected, the maximum number of
iterations was limited to 100.

2.3.2. Mapping of Forest Carbon Stock Based on Downscaling Technology

In this study, downscaling technology was used to allocate forest carbon stocks at the
city scale to grid cells, thereby incorporating spatial information. Previous research has
demonstrated that forest carbon stock is associated with forest cover area and NDVI values
at the national, provincial, and county scales [8]. The forest carbon stock in the 69 cities
within the study area is directly proportional to the product of the total (the sum of “forest
coverage * NDVI”) forest coverage area and NDVIs of each city (Figure S1). Using the
calibrated forest density map and NDVI distribution map as a link, the study established a
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conversion function between the carbon stock of each spatial grid and the corresponding
forest cover ratio and NDVI of the grid. Through this approach, carbon stocks at the city
level could be allocated to 1-km grid cells, as depicted below:

Bi =
B

∑i=n
i=1 [Ai × Gi]S

Ai × Gi (7)

where Bi represents the forest carbon stock density of pixel i, n is the number of pixels in a
city, B is the total forest carbon stock in a city, Ai is the proportion of forest area in corrected
maps at pixel i, matched with inventory data, Gi represents the NDVI value (−1, 1) within
pixel i, and S is the area of the pixel (100 ha).

2.4. Development of Forest Ecospatial Network in the Yellow River Basin
2.4.1. Extraction of Ecological Sources

Morphological spatial pattern analysis (MSPA) is a spatial pattern analysis method that
focuses on measuring structural connectivity and can effectively identify important habitat
patches in a study area [32]. We used the forest density map as input data and categorized
patches with a forest density of 0 as background, while patches with forest densities greater
than 0 were considered foreground. After classifying the foreground and background,
MSPA employs a range of image processing techniques and mathematical operations, such
as expansion reconstruction and skeleton extraction, to classify the foreground into seven
distinct categories [33]. These categories are the core, islet, perforation, edge, bridge, loop,
and branch (Table 2), and the core was regarded as the ecological source in this study.

Table 2. Morphological spatial pattern analysis (MSPA) categories and their ecological meanings.

Foreground Class Ecological Meaning

Core Interior area excluding perimeter
Islet Disjoint and too small to contain core

Perforation Internal object perimeter
Edge External object perimeter

Bridge Connected to different core areas
Loop Connected to the same core area

Branch Connected at one end to edge, perforation, bridge, or loop

2.4.2. Construction of Ecological Cumulative Resistance Surface and Ecological Corridors

A resistance surface is a simulated surface that represents the degree of difficulty of
species migration in a real environment. The ecological resistance surface estimates the
resistance that ecological patches encounter during the process of information transfer,
material exchange, and energy flow. Generally, the longer the distance is, the greater
the resistance becomes, making it more challenging for interactions to occur between the
patches. The minimal cumulative resistance (MCR) model is a commonly used model for
constructing resistance surfaces. It can comprehensively consider regional topography,
environment, human interference, and other factors, with the advantage of producing
result maps with small data volumes [34]. Table 3 lists the nine factors considered in this
study. Using the natural breakpoint method, the resistance of each factor was divided into
seven levels for resistance surface overlay analysis. Ecological patches are connected by
corridors, which facilitate ecological processes such as water and nutrient cycling. On the
basis of the ecological cumulative resistance surface, the potential corridors were generated.
The expression of this model is as follows:

MCR = fmin ∑a=m
b=n Dab × Ra (8)

where MCR stands for the minimum cumulative resistance value, Dab represents the
distance in space between source b and landscape unit a, Ra is the landscape unit a’s
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resistance to ecological processes, and f is the positive correlation between minimum
cumulative resistance and ecological processes.

Table 3. Evaluation factors for ecological resistance.

Factor Grade Value Factor Grade Value

DEM (m)

1 −12~629

Slope (◦)

1 0.00~1.46
2 630~1350 2 1.47~3.73
3 1351~2151 3 3.74~6.64
4 2152~3139 4 6.65~10.05
5 3140~3914 5 10.06~14.26
6 3915~4582 6 14.27~20.25
7 4583~6772 7 20.26~41.32

Nighttime light
(nW/cm2/sr)

1 12.14~16.29

Population
density

(people/km2)

1 0~672
2 16.30~31.22 2 673~4037
3 31.23~57.76 3 4038~11,437
4 57.77~92.59 4 11,438~24,892
5 92.60~134.07 5 24,893~45,747
6 134.08~176.37 6 45,748~82,076
7 176.37~223.65 7 82,076~171,553

NDVI

7 −1.00~−0.58

MNDWI

7 −0.89~−0.52
6 −0.59~−0.37 6 −0.51~−0.43
5 −0.38~−0.18 5 −0.42~−0.34
4 −0.19~0.03 4 −0.33~−0.2
3 0.04~0.22 3 −0.19~0.04
2 0.22~0.49 2 0.05~0.41
1 0.49~1.00 1 0.42~1.00

Water Network
Density

(km/km2)

7 0.00~0.0069

Road Network
Density

(km/km2)

1 0.00~0.78
6 0.007~0.019 2 0.79~2.27
5 0.020~0.032 3 2.28~4.15
4 0.033~0.049 4 4.16~6.5
3 0.050~0.075 5 6.51~9.64
2 0.076~0.110 6 9.65~13.40
1 0.111~0.161 7 13.41~19.98

Land cover
type

1 Water, Wetland
2 Forest, Shrubland
3 Grassland d
4 Cultivated land
5 Bare land
6 Artificial surface
7 Permanent snow and ice

2.4.3. Ecospatial Network Topology Indicators

There are five major topology indicators for the ForEcoNet, and these are listed below.

a. Degree: The degree of a node is determined by how many edges are linked to it.
Intuitively, a node with a higher degree is more important in the network [35]. Dif-
ferent network degree distributions exhibit different curves. Regular networks have
Delta distributions, random networks tend to approximate Poisson distributions,
and scale-free networks exhibit power-law curves. Compared to what happens in
other networks, malicious attacks are more likely to have a fundamental impact on
scale-free networks [36].

b. Coreness: The k-core of a graph is the subgraph created by iteratively deleting nodes
and their connections with degrees below k, and the number of nodes in the subgraph
is the size of the core [37]. Coreness for a node is k if it is present in the k-core and
deleted from the (k + 1)-core.
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c. Clustering coefficient: A node’s clustering coefficient indicates how closely related its
surrounding nodes are to one another [38]. The calculation formula for this coefficient
is as follows:

Ci =
Ei

C2
ki

(9)

where Ci is the clustering coefficient of ecological node i, Ei stands for the actual number
of edges between node i and its neighboring nodes, and C2

ki
represents the number of

edges between node i and its neighboring nodes assuming that they are all connected
to each other.

d. Betweenness: Betweenness plays a key role in the stability of the topology by reflecting
the function and effect of nodes or edges in the network. Node betweenness is
a measure of how often the network’s shortest pathways cross through a certain
node [39].

Bi = ∑1 ≤ j < l ≤ N
j 6= i 6= l

[
njl(i)

njl

]
(10)

Here, Bi represents the betweenness of node i, njl represents the number of shortest
paths between nodes j and l, and njl(i) represents the number of shortest paths between
nodes j and l that pass through node i.

e. Recovery robustness: An ecospatial network’s capacity to keep its regular structure
and functionality when the network structure changes is referred to as its recovery
resilience. Attacks on the network are typically categorized as either random attacks
or malicious attacks. Random attacks involve randomly selecting nodes or edges to
destroy, while malicious attacks prioritize attacking nodes with high degrees or edges
with high betweenness [40]. The formulae for calculating recovery robustness are:

DR = 1− Nr − Nd
N

(11)

ER = 1− Mr −Me

M
(12)

where DR represents node recovery robustness, Nr is the number of removed nodes, Nd
is the number of nodes that can be recovered in the network after removing Nr nodes, ER
represents edge recovery robustness, and Me is the number of edges that can be recovered
in the network after removing Mr edges.

2.5. Optimization of Forest Ecospatial Network Based on Coupled Coordination Model
2.5.1. Data Normalization and Principal Component Analysis

A comprehensive evaluation index of the ecospatial network topology structure was
obtained by conducting principal component analysis (PCA) of four ecological topology
indexes that represent the significance of the ecological sources in the network structure.
PCA is a statistical technique that condenses numerous indicators into a comprehensive
indicator, reducing variables through dimensionality reduction techniques while retaining
the great bulk of the information from the original variables [41]. The total carbon stock
of ecological sources in the Yellow River Basin was selected as the index to quantify the
carbon sequestration capacity of the sources. The range method was used to normalize
the carbon sequestration capacity and the comprehensive topology index. To avoid the
influence of zero values during the normalization process on the calculation of the coupling
coordination degree, an intercept term was added to the formula to shift the value range
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interval. Equation (12) is the formula for the range normalization of a positive indicator,
while Equation (13) is the formula for the range normalization of a negative indicator.

XN+ =
X− Xmin

Xmax − Xmin
× 0.99 + 0.01 (13)

XN− =
Xmax − X

Xmax − Xmin
× 0.99 + 0.01 (14)

Here, Xmax represents the maximum value of the data and Xmin presents the minimum
value of the data.

2.5.2. Coupled Coordination Evaluation Model

Coupling refers to the phenomenon and degree of interaction between two or more
systems or forms of motion that affect each other. The coupling model between forest node
carbon sequestration capacity and topological structure uses the following formula [42]:

C = 2×
√

f (x)× g(y)

( f (x) + g(y))2 (15)

where C represents the coupling degree, with a value between 0 and 1. A higher value of
C indicates better interaction between the two subsystems, while f (x) and g(y) represent
the comprehensive evaluation indices of carbon sequestration capacity and topological
structure, respectively.

To avoid a situation where both subsystems have a low level of development but a high
degree of coupling, the concept of the coordination degree is further introduced to reflect
the level of benign coupling in the interaction, and to check whether the subsystems have a
good development level [43]. Therefore, based on the coupling degree, the coordination
degree was further calculated in this study to measure the coordinated development level
of the carbon sequestration capacity and topological structure of ecological nodes in the
Yellow River Basin. Table 4 is the classification table for the levels of C and D values.

T = α f (x) + βg(y) (16)

D =
√

C× T (17)

Table 4. The criteria and classes of coupling and coordination [44].

Class C-Value D-Value Subclass

Maladjustment

[0.0, 0.1) [0.0, 0.1) Extreme disorder recession
[0.1, 0.2) [0.1, 0.2) Serious disorder recession
[0.2, 0.3) [0.2, 0.3) Moderate disorder recession
[0.3, 0.4) [0.3, 0.4) Light disorder recession

Transition
[0.4, 0.5) [0.4, 0.5) Near disorder recession
[0.5, 0.6) [0.5, 0.6) Reluctance coordination

Coordinated
development

[0.6, 0.7) [0.6, 0.7) Primary coordination
[0.7, 0.8) [0.7, 0.8) Middle coordination
[0.8, 0.9) [0.8, 0.9) Well coordination
[0.9, 1.0) [0.9, 1.0) High coordination

Here, T is the comprehensive development index of carbon sequestration capacity
and topological structure, and α and β are determined by the entropy method to be 0.47
and 0.53, respectively. D is the coordination degree of the system, ranging from 0 to 1. The
more constant the subsystems’ development direction and level are, the higher the system’s
overall development level is, and vice versa.
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2.5.3. Optimization of Forest Ecospatial Network in the Yellow River Basin

Based on the results of coupling coordination analysis, the ForEcoNet in the Yellow
River Basin was optimized in two steps:

(1) A low C-value indicates a significant difference between the carbon sequestration
capacity and the topological structure of the source. We identified patches with C
values below 0.4 that exhibited maladjustment and had lower carbon sequestration
capacity compared to their topological importance. Additionally, we calculated the
carbon stock required to bring the patch into the transitional stage. Using the original
carbon stock-to-forest area ratio of the patch, the required increase of forest area in the
source was then calculated according to Equation (18):

A0.4 =
f (x)0.4

f (x)
× A (18)

where A0.4 represents the forest area required to achieve a coupling degree of 0.4, A
represents the original forest area of the source, f (x)0.4 represents the carbon stock required
to achieve a coupling degree of 0.4, and f (x) represents the existing carbon stock of
the source.

(2) A low D value indicates a low level of coordinated development between the two
subsystems. Studies have shown that there is a correlation between the topological
structure and the carbon sequestration capacity of an ecospatial network [45,46]. Op-
timizing the ecospatial network can simultaneously improve the topological structure
and carbon sequestration capacity. Adding edges is a common measure for opti-
mizing ecospatial networks, and this study adopted a low-D-value priority edge
addition strategy.

3. Results
3.1. Forest Carbon Stock in the Yellow River Basin
3.1.1. Calibration of Forest Area

Within the specified number of repetitions, all cities were successfully calibrated
(Figure 3). Three cities did not require correction for forest coverage as the remote sensing
data matched the actual coverage of the forest inventory. Most cities (85%) were calibrated
within 2–5 iterations, while the maximum number of calibration iterations was 9 for Xi’an,
Shaanxi Province. At the urban scale, the forest coverages in the forest inventory and
remote sensing data statistics were different, but after correction, they were consistent.
Figure 4a shows the degree of correction. Most of the remote sensing map showed higher
forest coverage than the actual coverage in the south-central part of the Yellow River Basin,
resulting in a negative correction. In contrast, the forest coverage in the remote sensing data
in the lower reaches was smaller than the actual coverage, leading to a positive correction.

We selected representative cities to show the changes in forest coverage before and
after calibration (Figure 4b1–c2). According to statistics from the forest density map,
Shangluo had a forest coverage of 81.10%, compared to 64.41% in the forest inventory. After
correction, the coverage was adjusted to 64.63%. Compared to the pre-corrected map, more
pixel values of the forest coverage map fell into the low-value range due to the correction
from high to low coverage. In contrast, Binzhou, as a city with a higher degree of positive
correction, had more pixels assigned from the low-value range to the high-value range.
As a result, the forest coverage measured by remote sensing data increased from 2.53% to
9.58%, bringing it closer to the actual forest coverage of 9.62%.



Remote Sens. 2023, 15, 2612 11 of 24

Remote Sens. 2023, 15, x FOR PEER REVIEW  11  of  25 
 

 

structure and the carbon sequestration capacity of an ecospatial network [45,46]. Op-

timizing the ecospatial network can simultaneously improve the topological struc-

ture and carbon sequestration capacity. Adding edges is a common measure for op-

timizing ecospatial networks, and  this study adopted a  low-D-value priority edge 

addition strategy. 

3. Results 

3.1. Forest Carbon Stock in the Yellow River Basin 

3.1.1. Calibration of Forest Area 

Within the specified number of repetitions, all cities were successfully calibrated (Fig-

ure 3). Three cities did not require correction for forest coverage as the remote sensing 

data matched the actual coverage of the forest inventory. Most cities (85%) were calibrated 

within 2–5 iterations, while the maximum number of calibration iterations was 9 for Xi’an, 

Shaanxi Province. At the urban scale, the forest coverages in the forest inventory and re-

mote sensing data statistics were different, but after correction, they were consistent. Fig-

ure 4a shows the degree of correction. Most of the remote sensing map showed higher 

forest coverage than the actual coverage in the south-central part of the Yellow River Ba-

sin, resulting in a negative correction. In contrast, the forest coverage in the remote sensing 

data in the lower reaches was smaller than the actual coverage, leading to a positive cor-

rection. 

 

Figure 3. Frequency distribution of correction iterations. 

We selected representative cities to show the changes in forest coverage before and 

after calibration (Figure 4b1–c2). According to statistics from the forest density map, Shan-

gluo had a forest coverage of 81.10%, compared to 64.41% in the forest inventory. After 

correction,  the  coverage was  adjusted  to  64.63%. Compared  to  the pre-corrected map, 

more pixel values of the forest coverage map fell into the low-value range due to the cor-

rection from high to low coverage. In contrast, Binzhou, as a city with a higher degree of 

positive correction, had more pixels assigned from the low-value range to the high-value 

Figure 3. Frequency distribution of correction iterations.

Remote Sens. 2023, 15, x FOR PEER REVIEW  12  of  25 
 

 

range. As a result, the forest coverage measured by remote sensing data increased from 

2.53% to 9.58%, bringing it closer to the actual forest coverage of 9.62%. 

 

Figure 4. Degrees of forest coverage correction (a) and histogram of the frequency distribution of 

forest cover proportion before (b1,c1) and after (b2,c2) calibration in Binzhou (b1,b2) and Shangluo 

(c1,c2). The negative or positive correction is based on the differences between each pixel’s forest 

coverage before and after correction. If the difference is larger than zero, negative correction occurs, 

while positive correction means the difference is less than zero. Furthermore, I and II indicate the 

degree of correction; the larger this number is, the greater the difference in forest coverage rate be-

fore and after calibration becomes. 

3.1.2. Spatial Distribution of Forest Carbon Density in the Yellow River Basin 

Combining  the  forest  coverage map  after  correction, NDVI,  and  forest  inventory 

data, the forest carbon density in the Yellow River Basin was spatially gridded based on 

downscaling technology (Figure 5). Overall, the carbon stock of forest in the Yellow River 

Basin was primarily distributed in the middle reaches, accounting for 54.28% of the total 

forest carbon stock. Xi’an, Yan’an, Yuncheng, Baoji, and Lvliang had the highest carbon 

densities, with maximum values of 43.34, 41.22, 40.37, 38.20, and 36.54 Mg/ha,  respec-

tively. The forest carbon stock in the southwestern regions of the upper reaches was higher 

than that in the northeastern cities, being mainly in Longnan, Aba and Gannan Tibetan 

Autonomous Prefecture, with the forest carbon stock of these three cities accounting for 

78% of the total in the upper reaches. The carbon stock densities of forests in all cities of 

the lower reaches were relatively low, fluctuating only between 0 and 25.85 Mg/ha. The 

total forest carbon stock in the lower reaches accounted for only 3.37% of the forest carbon 

stock in the Yellow River Basin. 

Figure 4. Degrees of forest coverage correction (a) and histogram of the frequency distribution of
forest cover proportion before (b1,c1) and after (b2,c2) calibration in Binzhou (b1,b2) and Shangluo
(c1,c2). The negative or positive correction is based on the differences between each pixel’s forest
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degree of correction; the larger this number is, the greater the difference in forest coverage rate before
and after calibration becomes.

3.1.2. Spatial Distribution of Forest Carbon Density in the Yellow River Basin

Combining the forest coverage map after correction, NDVI, and forest inventory
data, the forest carbon density in the Yellow River Basin was spatially gridded based
on downscaling technology (Figure 5). Overall, the carbon stock of forest in the Yellow
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River Basin was primarily distributed in the middle reaches, accounting for 54.28% of
the total forest carbon stock. Xi’an, Yan’an, Yuncheng, Baoji, and Lvliang had the highest
carbon densities, with maximum values of 43.34, 41.22, 40.37, 38.20, and 36.54 Mg/ha,
respectively. The forest carbon stock in the southwestern regions of the upper reaches was
higher than that in the northeastern cities, being mainly in Longnan, Aba and Gannan
Tibetan Autonomous Prefecture, with the forest carbon stock of these three cities accounting
for 78% of the total in the upper reaches. The carbon stock densities of forests in all cities of
the lower reaches were relatively low, fluctuating only between 0 and 25.85 Mg/ha. The
total forest carbon stock in the lower reaches accounted for only 3.37% of the forest carbon
stock in the Yellow River Basin.
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3.1.3. Accuracy Evaluation

To verify the accuracy of the spatial gridding of forest carbon stock in this study, the
distribution map of forest carbon density in the Yellow River Basin was compared with
the research results of Chen et al. [47]. A total of 1000 random sampling points were
set within the region, and the carbon densities of the sampling points were analyzed.
The results (Figure 6) showed that the carbon density distribution map obtained based
on downscaling technology was reasonable (R2 = 0.61, RMSE = 10.10 Mg/ha). We also
validated the accuracy of our results at the regional scale, using fishnets of 25 km2, 100 km2,
225 km2, and 400 km2 for regional statistics. The results showed that as the area increased,
the accuracy of the carbon stock estimation also improved. When the area reached 100 km2,
the R2 value between our carbon stock estimation and the validation data reached 0.8.
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3.2. Forest Ecospatial Network in the Yellow River Basin
3.2.1. Results of Forest Ecospatial Network

Based on their sizes, the top 98 cores from the MSPA were chosen as the forest eco-
logical sources in the Yellow River Basin. In addition, we combined resistance surfaces
to extract ecological corridors, producing 148 corridors. Then, an undirected ForEcoNet
was created by abstracting the sources as nodes and the corridors as edges (Figure 7a).
The number of nodes was counted according to the boundaries of the upper, middle, and
lower reaches of the Yellow River Basin, and the crossing nodes were classified as sections
with larger areas. The results showed that there were 56 nodes in the upper reaches, 32 in
the middle reaches, and 10 in the lower reaches. Although the upper reaches had more
sources, their carbon stock only accounted for 31.84% of the total sources, being mainly
concentrated in sources 94 and 96. The carbon stock in the middle reaches was the highest,
accounting for 67.47%, with source 95 having the highest carbon storage (97.82 Tg) followed
by sources 98 and 97, with carbon stocks of 87.94 Tg and 61.86 Tg, respectively. The carbon
stock in the lower reaches was lower, with an average of 0.32 Tg for sources 62, 64, 65, 88,
48, 33, 31, 23, 38, and 28. After using the ForceAtlas algorithm in the complex network
visualization software Gephi for clustering relationships, the network nodes were roughly
divided into three clusters (Figure 7b) that resembled the division of the upper, middle,
and lower reaches of the Yellow River Basin.

3.2.2. Analysis of Topological Indicators of Forest Ecospatial Network

According to the topological analysis of the ForEcoNet in the Yellow River Basin, the
network diameter was found to be 15 and the average path length was 6.56, indicating
that on average, any two nodes in the network were connected by six ecological corridors.
The degree distribution of the network showed both a Poisson distribution and a power-
law distribution, with the Poisson distribution being more pronounced (Figure 8a). This
indicated that the random characteristics of the forest ecological network were stronger than
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its scale-free characteristics. The number of nodes with a degree of 3 was the highest (29),
meaning that nearly 30% of the ecological sources in the network were connected to three
ecological corridors. The maximum degree value was 7, and two forest ecological sources,
namely source 3 and source 83—located in Inner Mongolia Autonomous Prefecture and
Shanxi Province, respectively—played an important role in connecting the entire ecological
network. The coreness of the ecological network was distributed in 1 and 2, with 15 nodes
having a coreness of 1 and 83 nodes having a coreness of 2 (Figure 8b). The ecological
sources on the outer layer of the network were mostly distributed around the central
patches and the Aba Tibetan and Qiang Autonomous Prefecture.
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The forest ecological sources with a clustering coefficient of 0 accounted for 46.94%
(46 sources), and these patches were not clustered with other sources. They were mainly
distributed in the northern Sichuan Province, southwestern Shaanxi Province, eastern Qing-
hai Province, and northern Shanxi Province (Figure 8c). Five patches exhibited clustering
properties, with a maximum clustering coefficient of 1 in the network. They were source
56 in Yuncheng, source 38 in Binzhou, source 14 and 21 in Wuwei, and source 15 in Haixi
Mongolian Tibetan Autonomous Prefecture. The average clustering coefficient was 0.22,
indicating that the overall connectivity of nodes in the ecological network was not very
strong and that the stability of the network was poor.

The average betweenness of forest sources in the Yellow River Basin was 269.94, with
source 98 having the highest betweenness (1902.97), making it the center of stability of
the entire ecological network. Sources with high betweenness were mainly distributed
in Gansu, Shanxi, and Shaanxi provinces (Figure 8d), reflecting that the forests in these
three provinces were critical to the stability of the entire forest ecosystem in the Yellow
River Basin.

3.3. Optimized Results of Forest Ecospatial Network Based on Coupled Coordination Model
3.3.1. Coupling Coordination Evaluation of Forest Carbon Sequestration Capacity and
Topological Structure

The average coupling degree of the upper reaches was 0.48, while that of the middle
reaches was 0.58 and that of the lower reaches was 0.30. Generally, the middle reaches
had a stronger coupling than the upper reaches and lower reaches. A total of 53 sources
of maladjustment were identified, mainly distributed in Qinghai Province, Wuwei in
Gansu Province, Ordos in Inner Mongolia Autonomous Region, the eastern part of Shanxi
Province, and the lower reaches. 20 sources were in transition, and these ecological sources
were mostly small patches distributed around large core sources. 25 sources were in
coordinated development, where sources 98, 97, and 95 along the Qinling trend had the
highest coupling between carbon sequestration and topological structure, all reaching 0.99
(Figure 9a).
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Figure 9. Spatial distribution of coupling degree (a) and coordination degree (b) of forest ecological
sources.

In terms of coordination degree (Figure 9b), the average coordination degrees of eco-
logical sources in the upper, middle, and lower reaches of the Yellow River were 0.31, 0.37,
and 0.30, respectively. Only 5 sources belonged to the coordinated development category,
including source 96 in the Aba Tibetan and Qiang Autonomous Prefecture (D = 0.70) and
sources 95, 98, 97, and 83 in the middle reaches. Among them, the D value of source 95,
which reached the highest coordinated development degree among all ecological sources,
was 0.94. 13 sources belonged to the transition, including 7 in the upper reaches and 6 in
the middle reaches. All other ecological sources were in maladjustment, indicating that
their carbon sequestration capacities or topological structures were relatively poor.

3.3.2. Optimized Results of Forest Ecospatial Network in the Yellow River Basin

Based on the analysis of the coupling coordination between forest carbon seques-
tration capacity and topological structure in the Yellow River Basin, we proposed opti-
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mization methods for the ForEcoNet from two perspectives. The first method was to
increase the carbon stock of sources based on their coupling degrees. For sources with
low coupling degree values, we calculated the requirement in carbon stock and forest
area that could move them out of their maladjustment. Based on the current average
forest coverage of sources, we estimated the increasing area for each source. As shown in
Figure 10, a total of 51 sources needed to increase their carbon sequestration capacity. The
upper reaches required an additional forest area of 9772 km2, the middle reaches required
5146 km2, and the lower reaches required 7910 km2. The sources that required the most
increase in forest area were source 3 and source 2 in Ordos, which required 1983 km2 and
1545 km2, respectively. The source with the third-highest requirement was source 88 in
Puyang, which needed to increase its forest area by 1418 km2.
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Figure 10. Sources of carbon stock increase. The numbers are the source IDs, and the degrees of green
of the patches reflect the forest coverages in those patches. For each source, the red dot represents the
increased area of the forest (1 point = 50 km2), and the blue circle is the area of the source that needs
to be expanded. The grid represents the upper reaches (Row 1–4), the middle reaches (Row 5–6), and
the lower reaches (Row 7–8).

Secondly, an edge addition strategy was proposed based on the coordination degree,
indirectly achieving the goal of increasing carbon stock by optimizing the ForEcoNet. By
adopting the strategy of prioritizing those corridors with lower D values, 46 corridors
were added to the entire network. The majority of them were concentrated in Qinghai,
Shanxi, and Henan provinces (Figure 11). Then, the robustness of the optimized ForEcoNet
was analyzed (Figure 12). It can be seen that our optimization had significant effects.
Under random attack, when the number of removed nodes exceeded 50, or when all edges
connected to 25 nodes had been deleted, the network’s recovery robustness rapidly declined.
It was difficult to fully rebuild the network after a malicious assault that eliminated more
than 30 nodes or the edges of 3 nodes. The node robustness of the optimized network
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was improved under both random and malicious attacks. The network’s node recovery
robustness rapidly decreased in both random attack and malicious attack scenarios when
more than 63 and 40 nodes, respectively, were destroyed. Moreover, the edge recovery
robustness was further improved after optimization.
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4. Discussion
4.1. Advantages and Limitations of Forest Carbon Stock Spatial Mapping

This study obtained a map of forest carbon density using downscaling technology,
revealing that high carbon density areas were predominantly situated in the central and
southern regions of the Yellow River Basin. The map displayed a spatial pattern of higher
carbon density in the south and lower carbon density in the north (Figure 5), consistent
with Chen et al.’s findings [47]. Figure 6a indicates that our inversion data was higher than
the validation data when carbon density was below 10 Mg/ha, and underestimation was
evident when carbon density exceeded 10 Mg/ha. The reason for this can be attributed to
the process of combining ground data with remote sensing images. When the predicted
forest probability is less than 50%, pixels are classified as “non-forest,” and those pixels
with a predicted probability of more than 50% are classified as “forest”, resulting in a sys-
tematic underestimation of sparsely forested areas and overestimation of densely forested
areas [48,49]. Using the forest density map as the inversion base map can fundamentally
avoid these errors. A forest density distribution map calibrated by inventory data is not
only more detailed and accurate in forest delineation but also matches the actual forest
area. However, the use of such a map has its limitations. Although the forest calibration
process narrows the gap between remote sensing data and forest inventory data as much as
possible, the calibration of forest area and the spatial gridding of carbon stock are conducted
separately within each city, resulting in a segmented distribution of forest carbon stock
along city boundaries. Despite these uncertainties, the downscaling method effectively
solves the problem of insufficient sample data for large-scale carbon storage inversion,
showing relatively high precision. It provides basic data for comprehensively monitoring
spatial and temporal changes in forest carbon at regional or national scales.

4.2. Applications of Forest Ecospatial Network in the Yellow River Basin

We extracted 98 forest sources and 148 corridors to establish the ForEcoNet of the
Yellow River Basin. Our findings are consistent with Liu et al.’s research [50], which
showed denser corridors in the northeast and southwest regions (Figure 7a). In the upper
reaches, harsh environmental conditions limit the formation of large-scale forests, causing
forest sources to be scattered and corridors to be long [51,52]. Therefore, the sources in
the upper reaches rely heavily on the connecting role of corridors. In response to this
situation, ecological management in the upper reaches should prioritize the construction
and protection of ecological corridors. Measures such as the widening of narrow and
broken corridors that are more susceptible to disturbances should be considered [53]. The
middle reaches, which have abundant rainfall and heat, host concentrated sources and
shorter corridors [54]. Notably, source 83, distributed along Mount Tai, has a comprehensive
topological index value of 1, making it the most critical part of the entire network, and thus
it requires special protection. The lower reaches have high levels of land development and
constant encroachment on the forest area due to the concentration of the human population
in the region [55]. Consequently, the forest sources in the lower reaches are limited in
number and area. Therefore, it is necessary to continue promoting the construction of the
coastal protection forest system and to strictly prohibit the unauthorized occupation of
forest land in order to protect the ecological red line. To optimize the spatial pattern of
forests, a macro- and holistic perspective that is capable of considering the role of forest
patches and selecting appropriate optimization measures is needed [45]. The ecospatial
network used in this study aids in understanding the connections and interactions between
different parts of the forest ecosystem, promoting restoration and protection. Spatial
optimization based on the ecospatial network can rapidly enhance the ecological system’s
stability and anti-interference ability [56].

4.3. The Value of Forest Ecospatial Network Optimization for Ecosystem Services

The demand for improved ecosystem services has prompted the integration of ecospa-
tial networks with ecosystem services. This has emerged as a significant trend following
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the application of ecospatial networks in ecological security patterns. Spatial optimization
based on complex network theory has been proven feasible in enhancing carbon seques-
tration capacity [57]. Through coupling coordination analysis, we screened nodes where
the carbon sequestration capacity did not match the topological importance, indicating
a maladjustment in the coupling effect. To rectify this, we quantified the required car-
bon stock using forest inventory data. The added carbon stock can be obtained through
enhanced forest management practices including selective logging, reforestation efforts,
and the implementation of sustainable forest harvesting techniques [58]. By ensuring the
preservation of old-growth forests and promoting the growth of younger, more carbon-
dense forests, we can effectively increase the carbon sequestration potential of the source
areas. Notably, the connectivity of shelter forests plays a crucial role in boosting crop yield
and indirectly improves ecosystem services, demonstrating the effectiveness of increasing
ecological corridors [59]. The connectivity of ecospatial networks has potential importance
for ecosystem function [60], making it a key issue in forest optimization and management.
Thus, we recommend constructing protective forest belts and establishing water diversion
channels to enhance connectivity among forest patches. These measures will facilitate the
transfer of energy and materials, fostering improved carbon cycling within the ecosystem.
By strategically implementing these measures, particularly in regions with lower coor-
dination degrees such as the Shanxi and Qinghai provinces, we can effectively enhance
the carbon sequestration capacity of the Yellow River Basin. In future studies, we plan
to conduct real-time field experiments to monitor changes in carbon stocks, biodiversity
levels, and ecosystem services in areas where sources optimization and ecological corridors
have been implemented. By tracking these changes over time, we can quantitatively assess
the impact of our strategies on carbon sequestration capacity.

4.4. The Uncertainty of Complex Network Theory in Spatial Optimization of Forest

The existing research on the Yellow River Basin aims to identify ecological weaknesses
and proposes methods to increase carbon stock. However, these measures only consider
ideal states from the perspective of topological theory, ignoring numerous practical factors
such as topography, climate, and economic costs. The Yellow River Basin spans three
geographic regions with significant differences in geography and climate. Afforestation
may be challenging in some areas, hindering carbon sequestration. Therefore, changing
suitable forest sources and utilizing their complex interactions to raise each target source’s
carbon stock may overcome the limits of geography and natural conditions and open
up new possibilities for the use of complex network theory for spatial optimization. For
example, sources 15, 29, and 34 in the Qaidam Basin need to increase forest carbon storage,
but afforestation is exceptionally difficult due to the high degree of soil salinization. A
potential alternative to afforestation here is to optimize sources in the Qingdong Qilian
Mountains, such as by expanding the areas of sources 35, 41, 42, 43, 44, 46, 50, 55, 57, and 71
to connect them and indirectly enhance the ecological service function of the Qaidam Basin
sources through direct or indirect interaction. However, the instability and complexity
of complex networks bring uncertainty to this endeavor. Schaffer argued that chaos is
prevalent in ecological systems, which are highly sensitive to small changes in initial
conditions and are highly unstable [61]. Even minor changes, such as adding or removing
a node or an edge in the network, may lead to dramatic changes in the network’s entire
state. Therefore, determining the interaction goals between systems, understanding how
the interactions occur, and assessing their degree of impact all require further exploration.

5. Conclusions

This study used downscaling technology and forest inventory data to estimate forest
carbon stock in the Yellow River Basin. It revealed the spatial distribution of carbon stock
and quantified the carbon sequestration capacities of the sources. The forest ecospatial
network was then extracted and evaluated, and optimization measures for carbon stocking
were proposed based on complex network theory. The optimized forest ecospatial net-
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work improved robustness and promoted the coordinated development of node carbon
sequestration capacity and topological structure. The main findings were as follows:

(1) The carbon stock of forests in the Yellow River Basin exhibited a spatial distribution
pattern of higher carbon stock in the middle reaches, followed by decreasing carbon
stock in the upper reaches and lower reaches.

(2) The forest ecospatial network in the Yellow River Basin had both random and scale-
free network characteristics, and the key sources for maintaining network stability
were located in the middle reaches.

(3) The coupling coordination analysis results indicated that it was necessary to expand
the areas of 56 sources and increase the number of corridors (currently 46) to optimize
the network structure and increase the overall carbon sequestration capacity.

Supported by forest inventory data on forest area and coverage, this study combined
theoretical optimization measures with actual data to make the optimization measures
more targeted and achievable, providing specific values for optimizing forest ecological
services in various regions including the specific amount of carbon stock that needs to be
increased and the specific amount of forest area that can be optimized. It was suggested
to increase forest area by 9772 km2, 5146 km2, and 7910 km2 in the upper, middle, and
lower reaches, respectively, through afforestation or other forest management techniques
for nodes with low coupling degrees. Additionally, protective forest belts or water channels
can be constructed to add corridors for nodes with poor coordination degrees.

The optimization of the forest ecospatial network based on complex network theory
provides a new approach to increasing forest carbon stock in the Yellow River Basin. By
identifying ecological weak and strong points and promoting the coordinated development
of the ecological network’s topological structure and carbon sequestration capacity, it
has great significance when it comes to achieving the “dual-carbon” goal in the Yellow
River Basin.
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the forest coverage and NDVI and forest biomass C stocks at the city scale.
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