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Abstract: Maintaining a supply–demand balance of ecosystem services (ES) is essential for enhancing
the effectiveness of ecosystem restoration. However, inappropriate land use and reforestation
practices can negatively impact this balance. In this study, the ES balance of the Saihanba region
in China was quantified by integrating land use/cover change (LUCC) data, landscape metrics,
and ES indicators. The relationship between ES balance and its driving factors was analyzed using
spatial panel models. The spatiotemporal changes of landscape patterns from 2002 to 2020 were also
explored. The results indicated that the overall ES supply capacity of the study region, especially in the
southwestern area, increased during the research period. The ES balance and its determining factors
exhibited significant spatial heterogeneity and spillover effects. Large–scale afforestation increased
the local ES supply and provided economic benefits, but it also led to ecological issues, including
declines in wetland area and landscape fragmentation. Our study emphasized the importance of
considering the supply–demand balance in the planning and decision–making of ES, providing
insight into multifunctional management and the sustainable development in the Saihanba area.

Keywords: ES; LUCC; landscape patterns; spatial panel models; Saihanba

1. Introduction

A healthy and stable natural ecosystem not only provides humans with food, medicine,
and other raw materials for production and daily life, but also maintains the necessary
environmental conditions for human survival, entertainment, and aesthetic enjoyment [1,2].
Ecosystem Services (ES) refer to all the benefits that humans derive from ecosystems,
including provisioning services (i.e., food and water supply), regulating services (i.e., flood
and disease control), cultural services (i.e., spiritual, recreational, and cultural benefits), and
supporting services (i.e., maintain the global nutrient cycling) [3–5]. As a bridge between
the natural environment and human well–being, ES is significant for the rational allocation
and utilization of natural resources [5]. The decisions regarding the ES supply for humans
are driven by the balance between the economic benefits and actual demand, leading to
a direct or indirect decrease in the other types of ES supply [6,7]. Additionally, a decline
in ES supply capacity may exacerbate the contradiction between ES supply and demand
in a specific region, causing environmental damage, the depletion of natural resources,
and hindrances to social and economic development. These adverse effects will eventually
block the sustainable development of the region [8,9]. Therefore, a scientific understanding
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of the ES balance and its driving forces is essential to effectively revealing the synergistic
relationship between ES and human well–being [10].

ES supply denotes the goods and services that ecosystems generate for the benefit of
humans [11]. In contrast, ES demand reflects the total amount of ecosystem products and
services consumed or used by human society in a specific region and time [12]. ES supply
and demand, thus, constitute the origin and destination of ES, respectively, reflecting the
dynamic process from natural ecosystems to human social systems, which is essential
for achieving ecological security and sustainable socioeconomic development [11–13].
The balance between ES supply and demand reflects the degree of matching between
them and is gradually being acknowledged and incorporated into ecosystem assessment
frameworks [14–16].

A relatively comprehensive quantitative framework has been developed to assess the
supply–demand balance of ES [17]. The assessment of ES supply is predominantly reliant on
biophysical models, depicted in the format of spatial data [18], whereas the quantification
of ES demand is typically inferred by economic values [19,20]. The disparity in data format
and measurement units between the aforesaid factors poses a challenge in comparing the
evaluation results and quantifying the ES balance [18–20]. Moreover, current studies on
ES are limited to static scales and fail to sufficiently describe the distribution patterns,
correlations, and clustering of land use, inevitably neglecting the complexity, dynamics,
and spatial characteristics of ES supply and demand. Finally, insufficient information
regarding the coupling relationship between spatial determinants and the ES balance
hinders understanding of the balanced mechanisms of ES in ecosystem restoration planning
and impedes the operational efficiency of ecological restoration projects (ERPs) [21,22].

Landscape metrics (e.g., fragmentation, aggregation, and connectivity) and socioe-
conomic indicators (e.g., productivity, tourism income, and population density) are con-
sidered the dominant determinants affecting the ES balance [22]. The indices also have
significant roles in shaping the formation of ecosystem functions, such as facilitating soil
and water conservation, safeguarding forests, and enabling species migration [23]. Fur-
thermore, these driving factors may simultaneously affect multiple types of ES, suggesting
the need for tradeoffs between different ES types during landscaping and afforestation
practices [24]. Moreover, the factors that drive ES in a given area and its neighboring
regions are spatially interconnected, implying that the ES balance of one unit is influenced
by both its local and adjacent ES driving factors, commonly referred to as spatial spillover
effects [25,26]. However, in previous studies, the dependency of the supply–demand
balance of ES and its spatial spillover effects have not been adequately investigated [27–29].

Saihanba (SHB) was once the famous imperial hunting ground, “Mulan Weichang,” in
the Qing Dynasty of ancient China. Unfortunately, due to specific historical reasons and
excessive logging, SHB degraded into a desert in the 1950s and became the sand source
closest to Beijing, the capital of China [30,31]. Since the establishment of SHB Forest Farm
in 1962, through years of a series of active approaches, including large–scale afforestation
and ERPs, the local landscape pattern has been profoundly changed [32]. Especially in
the past 20 years, the multiobjective management concept has greatly promoted local
ecosystem restoration [33]. Now, SHB Forest Farm has become the largest artificial forest
base in the world, creating a miracle by turning wasteland into an oasis [30–33]. Based
on these outstanding contributions, SHB Forest Farm was awarded the “Champions of
the Earth Award” by the United Nations Environment Programme in 2017 [34]. However,
the relationship between the supply–demand balance of ES over time in the SHB region
and land use/cover change (LUCC) are still not well understood. Also, the ES balance,
spatial determinants, and spatial spillover effects in this region are also urgently needed to
be revealed.
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The objectives of this study are to: (1) quantify and characterize the spatial distribution
of the local ES balance; (2) explore the main driving factors that influence the local ES
balance; and (3) clarify the spatial spillover effects of the local ES balance and the practi-
cal implications for land use planning and ERPs. Our results will contribute to a better
understanding of the driving mechanisms behind the ES balance, enhance the effective-
ness of SHB’s ecosystem management, and offer theoretical guidance for promoting the
sustainability of the social–ecological system.

2. Materials and Methods
2.1. Study Area

SHB Forest Farm is located in Weichang county, Chengde city, Hebei province, China
(42◦4′–42◦36′ N, 116◦53′–117◦39′ E), on the southern edge of the Hunshandake Sandy
Region in Inner Mongolia [35] (Figure 1). The study area includes six subfarms and 30 op-
erational areas, covering approximately 933.33 km2. The elevation ranges from 1010 to
1940 m. The region has a typical semiarid and semihumid cold temperate continental
monsoon climate with an average annual temperature of −2.7 ◦C and an average annual
precipitation of 460.3 mm [36]. Over the past 50 years, the local government and forest
managers of SHB have actively explored and implemented the restoration strategies of
the “Integrated Management of Mountains, Water, Forests, Farmland, and Lakes”. It has
continuously promoted the construction of key ecological projects, and the quality of the
ecological environment has shown a trend toward stability and improvement. The deterio-
rating trend of various natural ecosystems has been basically curbed, and the ecological
security barrier framework has been constructed [31]. Reviewing SHB’s development
history (Figure 2), although significant ecological construction achievements have been
made, continuing large–scale and high–density afforestation work due to the characteristics
of artificial forest ecosystems and against the background of global climate change may
lead to soil degradation and a decline in the water retention capacity of the ecosystem,
posing many risks that could affect its future sustainable development.
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2.2. Conceptual Framework

The ES balance reflects the stability of ecosystems and plays a vital role in maintaining
environmental carrying capacity [14,15,26]. The evolution of ecosystems usually has a
direct impact on the ES balance [26]. There are two situations of ES imbalance, namely
ES surplus (i.e., oversupply) and ES deficit (i.e., the supply is inadequate to meet the
demand) [37]. The ES surplus is generally caused by large–scale afforestation and/or sec-
ondary afforestation on existing forestlands. Although large–scale afforestation can increase
vegetation coverage, it may cause a reduction in cultivated land and wetland areas, leading
to a decrease in water conservation and agricultural economic benefits [38–40]. By contrast,
the ES deficit is typically caused by excessive human intervention and deforestation, which
can temporarily increase food production and economic benefits but lead to ecosystem
degradation [9,41]. Since the land is covered by a high percentage of forest, the status of
the study area is typically ES surplus. To maintain the local supply–demand balance of the
ES, effective policy and technical interventions should be conducted by forestry managers
and planners.

The threshold for the ES supply–demand balance can be determined based on the
natural environmental conditions (e.g., climate property, soil property, and vegetation
types) and social–economic conditions (e.g., productivity) [42]. Considering the uncertainty
and complexity of future climate change and human activities, this threshold may vary by
location, and the social–economic development pathway also has an impact on it. Accord-
ing to field observation and model simulation, the actual ES supply and demand can be
evaluated and adjusted quantitatively [43]. Based on the ES balance, the ERPs’ landscape
configuration can be adjusted and planned. [44] For example, excessive afforestation can
exhaust soil and water resources and lead to increased ecosystem degradation. Therefore,
the proportion of woodlands, grasslands, and wetlands in the study area should be care-
fully coordinated [39]. Furthermore, to ensure sufficient food supply and the livelihood
of local farmers, the proportion of cultivated land must also be kept reasonable [40]. Col-
lectively, the forestry managers should opportunely observe the ecosystem’s response to
ERPs and the dynamic evolution of the ES balance, provide support for decision–making,
optimize the ERPs, thus, promoting the sustainable development of the ecological and
socioeconomic systems.

2.3. Data and Methods

As shown in Figure 3, the workflow of this study consisted of three parts: (1) data
collection and preprocessing, (2) ES balance quantification, and (3) spatial correlation
analysis of the ES balance. The practical significance of each part has also been explained
(for details, see Sections 2.3.1–2.3.3).
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2.3.1. Data Collection and Preprocessing

The original remote sensing (RS) data for SHB’s three periods (2002, 2012, and 2020)
were obtained from the European Space Agency Sentinel–2 satellite (with a spatial reso-
lution of 10 m; https://scihub.copernicus.eu/; accessed on 23 May 2022). The original
RS images were interpreted using the ENVI software (ver. 5.1, Exelis Visual Information
Solutions, Broomfield, CO, USA) to generate local LUCC maps (with six and 17 land use
types at primary and secondary levels, respectively; Supplementary Table S1). Next, the
accuracy of the ENVI interpretation results was validated and calibrated using the forest
resource survey data from the same periods, and the overall accuracy of the interpretation
was >93%, which meet the accuracy requirement for the subsequent ES assessments.

Next, ArcGIS software (ver. 10.2, Environmental Systems Research Institute, Redlands,
CA, USA) was used to rasterize the RS images based on the forest resource survey data. To
investigate the landscape patterns of the SHB region, the landscape metrics were selected and
calculated at the class and landscape levels using FRAGSTATS 4.2.1 software. In detail, patch
density (PD), landscape division index (DIVISION), splitting index (SPLIT), and edge density
(ED) were selected to represent landscape fragmentation; the Euclidean nearest neighbor
distance (ENN) and the patch cohesion index (COHESION) were selected to represent the
proximity and connectivity of the landscape, respectively; the interspersion juxtaposition
index (IJI) and shape index (SHAPE) were also included in the evaluation system.

Furthermore, socioeconomic factors usually include productivity development level,
transportation conditions, cultural and educational status, etc. [23] Wood income is one
of the main economic sources of the SHB Forest Farm. Therefore, we chose forest stock
volume derived from national forest inventory data as an indirect indicator to reflect the
socioeconomic situation of the study area.

2.3.2. Quantitative Assessment of the Relationship between ES Supply and Demand

Based on the ES matrix method proposed by Burkhard et al. [17,45], the ES balance
of the study area in 2002, 2012, and 2020 was quantified. Next, a four–step adjustment
framework (Figure 4) was applied to adjust the original matrix using expert knowledge to
generate the adjusted supply–demand matrix of ES (Figure 5). The equations for the ES
supply index (ESSI), demand index (ESDI), and balance index (ESBI) were as follows:

ESSI = ∑m
j=1 ∑n

i=1

(
LUAi × Sij

)
/∑n

i=1 LUAi (1)

https://scihub.copernicus.eu/
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ESDI = ∑m
j=1 ∑n

i=1

(
LUAi × Dij

)
/∑n

i=1 LUAi (2)

ESBI = ∑m
j=1 ∑n

i=1

(
LUAi × Bij

)
/∑n

i=1 LUAi (3)

where i and j represent the types of land use and ES supply, respectively; the m and n
represent the total number of the land use and ES supply, respectively; and Sij, Dij, and Bij,
respectively, represent the supply, demand, and balance matrix of the No. i land use type’s
No. j ES type. LUAi represents the area of the No. i land use type.
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2.3.3. Determining the Spatial Correlation between ES Balance and Its Driving Factors

The spatial distribution of landscape patterns may have a significant impact on the
supply–demand balance of ES [46]. To improve the ES balance capacity in a specific ecosys-
tem, it is critical to clarify the ES balance’s driving factors and their linkages to landscape
patterns and spatial functions. Landscape metrics (for details, see Supplementary Table S2)
can provide key information on the structure composition and spatial configuration of the
landscape. Additionally, social–economic indicators can also influence the ES balance to
some extent [23,47]. In the present study, FRAGSTATS software [48] was used to calculate
landscape indicators. To explore the spatial autocorrelation of the local ES, three types of
spatial panel models (SPMs) were employed in this study (Table 1), including the Spatial
Durbin Panel Model (SDPM), the Spatial Error Panel Model (SEPM), and the Spatially
Lagged Panel Model (SLPM).

SDPM reflects the direct effect of independent variables, as well as the indirect effects
of neighboring units, on the local dependent variable (i.e., spillover effects). The SDPM is
expressed as follows:

Yi = α
N

∑
i=0

wijYj + ϕXi + µi + εi (4)

where Yi represents the No. i unit’s ES (i = 1, 2, . . . , N); α is the autoregressive coefficient;
wij denotes the weighted matrix; Yj represents the No. j unit’s ES (j = 1, 2, . . . , N); and Xi is
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the independent variable in the ith unit at time. ϕ represents the vector of coefficients of Xi;
µi denotes the spatial effect item; and εi is the error term.
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The SEPM accounts for the interaction between local and neighboring units due to
omitted variables. The formulas are as follows:

Yi = ϕXi + µi + φi (5)

φi = γ
N

∑
j=1

wijφi + εi (6)

where φi and γ, respectively, represent the autocorrelation error term and its autocorrela-
tion coefficient.
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SLPM considers the spatial lag effect of the independent variable, which is expressed
as follows:

Yi = α
n

∑
i=0

wijYj + ϕXi + λ
N

∑
j=1

wijXj + µi + εi (7)

where λ represents the autocorrelation coefficient.
The variance inflation factor (VIF) was also conducted to detect autocorrelation and

reduce collinearity among variables, thereby minimizing redundancy of socioeconomic
and landscape indicators (Table 1). The VIF values of all independent variables in this
study were <10, indicating low collinearity among the data, which meets the precision
requirements of subsequent analysis.

Geographically weighted regression (GWR) is a powerful strategy for simulating
heterogeneous spatial processes and is broadly used to capture unique characteristics
hidden behind the global, which can also capture spatial features associated with landscape
indicators and/or socioeconomic indexes [49]. Thus, combining the results calculated by
SPMs, GWR was further applied to investigate the spatial heterogeneity between the ES
indices, landscape indicators, and socioeconomic index. The equation involved in the GWR
calculation process is as follows:

Y (Oi, Pi)= β0(Oi, Pi) + ∑k
i=1 βi(Oi, Pi)Xi + δ(Oi, Pi) (8)

where (Oi, Pi) = denotes the spatial coordinates of the ith unit; Y (Oi, Pi) represents the
ESBI predicted value of the ith unit; K is the number of independent variables; βi represents
the ith unit’s regression coefficient; Xi is the landscape and socioeconomic indicators of the
ith unit; and δ (Oi, Pi) represents the error term.

The GWR parameters for each unit were calculated as follows:

β̂(Oi, Pi) =
[

XTW(Oi, Pi)
]−1

XTW(Oi, Pi)Y (9)

Wij = exp
(

0.5
(
dij/r

)2
)

(10)

where W (Oi, Pi) denotes a spatially weighted diagonal matrix of the ith unit; X and Y
denote the independent and dependent variables, respectively; dij represents the Euclidean
distance between the sampling jth unit and the predicted ith unit; and r is the bandwidth
parameter. In the present study, we performed the modified Akaike information criterion
(AIC) [50] to determine the model’s relative efficiency and to select a criterion.

Table 1. ESBI and its influencing factors of Saihanba in 2002, 2012, and 2020.

Variables Mean Value SD Maximum Minimum VIF Moran’s I

ESBI 52.337 2.724 57.531 45.965 −0.115 *
ESSI 67.607 3.299 56.958 73.125 0.331 **
ESDI 12.914 0.602 11.463 14.108 −0.236 *
Forest stock volume 3174.627 1834.431 6914.122 309.041 3.214 0.378 **
PD 10.305 4.413 24.267 5.441 1.914 0.356 ***
IJI 52.043 4.085 63.059 45.585 2.168 0.378 ***
COHESION 99.436 0.232 99.746 98.918 9.108 0.117
DIVISION 0.687 0.146 0.919 0.372 4.639 0.014 *
SPLIT 4.976 3.244 13.562 1.594 5.298 0.173 *
SHAPE 5.134 17.203 97.776 1.622 2.606 0.387 ***
ENN 277.971 83.673 461.424 133.239 2.157 −0.108
ED 47.552 10.074 78.381 23.253 2.002 0.295 ***

Notes: SD, standard deviation; VIF, variance inflation factor; *** p < 0.01, ** p < 0.05, * p < 0.1. ESBI, ES balance
index; ESSI, ES supply index; ESDI, ES demand index; PD, patch density; DIVISION, landscape division index;
SPLIT, splitting index; ED, edge density; ENN, Euclidean nearest neighbor distance; COHESION, patch cohesion
index; IJI, interspersion juxtaposition index; SHAPE, shape index.
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Moran’s I method was also employed to identify the spatial autocorrelation of the
supply–demand balance in the local ES balance. This statistical method can accurately
reflect the spatial dependence and aggregation among the variables [51]. The associated
equations are as follows:

Moran′ I =
∑n

i=1 ∑n
j=1 wij(xi −

−
x)(xj −

−
x)

S2∑n
i=1 ∑n

j=1 wij
(11)

where n represents the number of operational areas or units; S =1/n∑n
i=1 (xi −

−
x)

2
; i and

j denote two different units or areas, respectively; xi and xj represent the ESSI, ESDI, or
ESBI values of the No. i and No. j units/operational areas, respectively; Wij denotes the

spatial weight matrix of the ijth unit; and
−
x is the mean of the ES balance index of the

region. Moran’s I < 0, >0, and =0 represent negative, positive, and no correlation at the
spatial level, respectively.

3. Results
3.1. Spatiotemporal Variations of ES Balance, LUCC, and Landscape Patterns

The area of high ES index in the study region exhibited a gradually increasing tendency
from 2002 to 2020 (Figure 6). In detail, the ESSI was higher (62–74) in the southwest and
lower (<58) in the east. Meanwhile, the ES supply capacities both increased rapidly in
the two areas from 2012 to 2020, and the ESBI showed a similar pattern. The ESDI was
higher in the southeast (11–15) but consistently lower in the northern region due to its low
proportion of built–up land. The study region has demonstrated an ES surplus, as indicated
by the consistently non–negative values of the ESSI, ESDI, and ESBI indices, regardless of
whether they were evaluated in terms of space or time. Additionally, from 2002 to 2020, the
degree of ES surplus in the region has shown a continuous increase. (Figure 6).
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From 2002 to 2020, the proportion of forestland witnessed a gradually increasing
trend. In contrast, the proportion of unused land as well as wetland continued to decrease
during this period (Supplementary Figure S4). The results of the spatial patterns of major
forest types in SHB demonstrated that the proportions of woodlands, grasslands, and
built–up land were also gradually increasing, while the proportions of wetlands showed
a downward trend (Figure 7). Moreover, in forests, dense forests showed a continuous
upward trend, while sparse forests and young forests showed a gradual downward trend,
and shrub forests showed no significant changes from 2002 to 2020 (Figure S1).

Furthermore, multiple landscape metrics in SHB showed a significant variation from
2002 to 2020 (Figure 8). In particular, the ENN and SHAPE indexes in the southwest region
significantly decreased from 2002 to 2020. In contrast, the PD and ED indexes significantly
increased. However, the variations of COHESION and SPLIT were not significant.

Furthermore, multiple landscape metrics in SHB showed a significant variation from
2002 to 2020 (Figure 8). In particular, the ENN and SHAPE indexes in the southwest region
significantly decreased from 2002 to 2020. In contrast, the PD and ED indexes significantly
increased. However, the variations of COHESION and SPLIT were not significant.
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Figure 8. Spatial patterns of landscape metrics of Saihanba in 2002, 2012, and 2020. PD, patch density;
DIVISION, landscape division index; SPLIT, splitting index; ED, edge density; ENN, Euclidean
nearest neighbor distance; COHESION, patch cohesion index; IJI, interspersion juxtaposition index;
SHAPE, shape index.
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3.2. Associations between ES Balance and LUCC, Landscape Pattern, and Socioeconomic Indicators

3.2.1. Correlation Analysis between ES Balance and LUCC

The ESBI and ESSI indexes were positively correlated and the ESDI was negatively
correlated (p < 0.05) with the proportions of woodlands and grasslands. Wetland propor-
tions were negatively correlated with all three indexes, while the built–up proportion was
positively correlated with ESDI and negatively correlated with ESBI and ESSI (Figure 9).

The ESBI and ESSI indexes had a positive correlation, while the ESDI showed a
negative correlation with the proportions of closed forest, shrub, and sparse forests. All
three indexes were negatively correlated with the young forest proportion.
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use categories; and (B) forest land use categories. ESBI, ES balance index; ESSI, ES supply index;
ESDI, ES demand index.

3.2.2. Correlation between ES Indices and Landscape and Socioeconomic Variables

ESSI and ESBI were positively correlated with landscape indicators such as COHE-
SION, DIVISION, SPLIT, and forest stock volume (Figure 10 and Supplementary Figure S2).
However, they were negatively correlated with IJI and ENN. As for ESDI, it was posi-
tively correlated with most of the landscape indicators, except for IJI, SHAPE, and ENN
(Supplementary Figure S3).

Three types of SPMs were used to validate the results of the correlation analysis (Figure 10
and Supplementary Figures S2 and S3). Table 2 shows that as DIVISION increased by 1%,
the SLPM–STPFE, SDPM–SFE, and SDPM–STPFE increased by 9.644%, 3.880%, and 16.364%,
respectively. By contrast, as ENN increased by 1%, the SEPM–STPFE, SDPM–SPE, and SDP–
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STPFE decreased by 0.004%, 0.008%, and 0.010%, respectively. These results were consistent
with the fitting curve’s trends (Figure 10 and Supplementary Figures S2 and S3), suggesting
the high precision of the correlation analysis.

Furthermore, the SDPM model was also performed and identified significant spillover
effects of the independent variables (Table 3). In detail, when SHAPE increased by 1%, the
ESBI decreased by 0.037% in the present unit and 0.121% in adjacent units. As IJI increased
by 1%, the ESBI in the present unit and adjacent units decreased by 0.011% and 0.526%,
respectively. Similarly, as SHAPE increased by 1%, the ESBI in the present unit and adjacent
units decreased by 0.037% and 0.121%, respectively. In contrast, DIVISION and SPLIT had
a positive impact on the present and adjacent units.

The spatial heterogeneity of the driving factors of ESBI was further determined by
ordinary least squares (OLS) and GWR models. Supplementary Table S4 shows the R2 and
AIC values were both higher in the GWR model than in the OLS model, indicating the GWR
model achieved a well–fitting feature. Furthermore, as shown in the results conducted by
the GWR model (Supplementary Table S5), the landscape indicator SPLIT had a positive
impact on the supply–demand balance of ES; it increased from 0% to 100% from 2012 to
2020. In contrast, the ED index witnessed an opposite trend compared to SPLIT; it decreased
from 100% to 56.67% from 2002 to 2020. The ENN index rapidly increased from 0% to 70%
during 2002–2012 but slowly reached 100% from 2012 to 2020.
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Figure 10. Correlations between the ESBI and landscape indicators and socioeconomic index (i.e.,
forest stock volume). ESBI, ES balance index; ESSI, ES supply index; ESDI, ES demand index;
PD, patch density; DIVISION, landscape division index; SPLIT, splitting index; ED, edge density;
ENN, Euclidean nearest neighbor distance; COHESION, patch cohesion index; IJI, interspersion
juxtaposition index; SHAPE, shape index.
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Table 2. Spatial associations between ESBI and its related landscape and socioeconomic indexes.

Independent Variables SLPM–STPFE SEPM–STPFE SDPM–SFE SDPM–TPFE SDPM–STPFE

Forest stock volume 0.001 * 0.001 * 0.001 * 0.000 0.004 ***
PD 0.532 0.141 * 0.127 0.083 0.041
IJI 0.064 * 0.186 *** 0.326 *** 0.035 0.768 ***
COHESION −16.556 1.243 19.481 * −11.005 *** 50.293 ***
DIVISION 9.644 ** 1.951 3.880 10.862 ** 16.364 **
SPLIT −0.613 −0.192 1.461 ** −0.858 *** 4.912 ***
SHAPE 3.507 * −0.006 0.015 −0.001 0.022 **
ENN −0.004 −0.005 * −0.008 *** 0.001 −0.010 ***
ED 0.069 0.083 ** 0.146 *** 0.008 0.312 ***
W–Forest stock volume 0.0001 0.000 0.0003
W–PD 0.147 * −0.105 * −0.054
W–IJI 0.106 * −0.018 0.319 ***
W–COHESION 9.093 ** 0.021 15.957 ***
W–DIVISION −1.815 −3.017 * −12.244 ***
W–SPLIT 0.951 *** 0.332 ** 2.193 ***
W–SHAPE 0.030 *** −0.006 0.041 ***
W–ENN 0.003 ** 0.000 0.002
W–ED 0.013 0.030 * 0.001
R2 0.003 0.003 0.006 0.005 0.007
Log–likelihood −67.084 −0.083 −183.957 −246.376 −174.574

Notes: SDPM, Spatial Durbin Panel Model; SEPM, Spatial Error Panel Model; SLPM, Spatially Lagged Panel
Model; SFE, spatial fixed effects; TPFE, time–period fixed effects; STPFE, spatial and time–period fixed effects; PD,
patch density; DIVISION, landscape division index; SPLIT, splitting index; ED, edge density; ENN, Euclidean
nearest neighbor distance; COHESION, patch cohesion index; IJI, interspersion juxtaposition index; SHAPE,
shape index. R2 represents the goodness–of–fit of the model; and W represents the weight of the data. *** p < 0.01,
** p < 0.05, * p < 0.1.

Table 3. Direct and indirect effects of landscape and socioeconomic variables on ESBI.

Independent Variables Direct Effects Indirect Effects Total Effects

Forest stock volume 0.000 * −0.009 * −0.009 *
PD 0.057 * 1.297 * 1.354
IJI −0.011 −0.527 −0.538
COHESION 5.760 * 47.719 *** 53.479 ***
DIVISION 19.959 115.727 *** 135.686 ***
SPLIT 4.956 * 23.081 ** 28.037 **
SHAPE −0.037 −0.121 −0.159
ENN −0.002 0.051 ** 0.0493
ED 0.428 ** 1.755 *** 2.184 ***

Notes: PD, patch density; DIVISION, landscape division index; SPLIT, splitting index; ED, edge density; ENN,
Euclidean nearest neighbor distance; COHESION, patch cohesion index; IJI, interspersion juxtaposition index;
SHAPE, shape index. *** p < 0.01, ** p < 0.05, * p < 0.1.

4. Discussion
4.1. Spatial Association between the ES Balance and LUCC

Our data demonstrated a strong correlation between the ES balance and land use type
(Figure 9A). The operational area, which had a high proportion of forest land, possessed
a high ability for ES supply. In contrast, the operational area with a high proportion of
built–up areas had high demand but insufficient supply of ES. The closed forests had
significant effects on the ES indexes and enhanced the capacity of ES supply (Figure 9B).
However, large–scale afforestation could reduce the local capacity for soil and water conser-
vation [39,40]. Therefore, it is necessary to avoid radical reforestation or afforestation during
optimization processes to maintain a stable ES balance. Excessive human interventions
can also cause landscape fragmentation, leading to secondary disasters such as wetland
degradation [46,52,53]. To effectively coordinate the conflict between human intervention
and ecosystem conservation, a spatially explicit model can be utilized to optimize land
use allocation. Furthermore, to avoid ES imbalances in the future, the local government
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and forestry managers in SHB should conduct a series of forest management strategies,
including converting sparse forest to dense forest, reducing the proportion of built–up land,
and promoting the proportions of forestlands and grasslands.

It is essential to maintain an appropriate proportion of wetlands in rapidly developing
Forest Farms [54]. In the future, SHB should prioritize implementing ecological protection
and restoration projects, such as wetland protection, returning farmland to wetlands, and
restoring fields to lakes. SHB should also comprehensively clean up any construction
facilities that negatively impact the native environment and wetland development to
ensure the ecological flow of rivers and lakes. In addition, restoration of degraded and
sanded riverbanks and lakeshores can be achieved through various methods, including
sequestration, afforestation, planting grass, and prohibiting the construction of operational
development projects. By adopting these approaches, SHB can avoid future water resource
challenges and ensure the preservation of wetlands, prevent sandy lands from shifting
southward, and maintain the essential functions of ES.

Notably, the landscape or ecosystem with high biodiversity is more stable and can
provide more ecological services, including water cycle, soil conservation, and climate
regulation [55]. Thus, it is essential to improve landscape connectivity and heterogeneity
so as to maintain high biodiversity. As a result, forest managers should reduce the area
of pure forests and increase the proportion of mixed forests to avoid forest degradation.
At the same time, to reduce the economic cost of the local afforestation practices in the
future, it is essential to consider using more native tree species, such as Larix gmelinii (Rupr.)
Kuzen., Pinus sylvestris var. mongholica Litv., Betula platyphylla Sukaczev, and Picea asperata
Mast. Meanwhile, the concentration and continuous distribution of the built–up areas
should be avoided. Thus, the ecological corridors, ecological networks, and ES supply
of the SHB can be optimized, and the connectivity of the landscape and the stability of
the ecosystem can be ensured. In addition to the aforementioned measures, to achieve
ES balance and multifunctional operation development in the overall region of SHB, the
functional connections between ecological corridors should be enhanced to boost local
cultural, recreational, and educational services. These optimization measures can also
contribute to the ES balance within the framework of integrated development in the Beijing–
Tianjin–Hebei region, China.

4.2. Spatial Association of the ES Balance with Landscape and Socioeconomic Variables

The spatial association of the ES balance with landscape and socioeconomic indexes
reflect an essential role in landscape allocation and planning for environmental conservation
and regional development [56]. The structural and evolutionary characteristics of the
landscape can typically affect its associated ecosystem evolution processes, including
energy cycling, nutrient transport, and species migration. These processes may, in turn,
influence the supply–demand balance of ES [57,58].

In this study, landscape indicators such as NP, IJI, and COHESIVE were used to repre-
sent landscape fragmentation, complexity, and physical connectivity, respectively [59,60].
Landscape fragmentation in some areas of SHB reflects intense human intervention, which
usually has a negative effect on ESBI (Table 2). Our results showed a significant positive
correlation between COHESIVE, DIVISION, SPLIT, and ESBI (p < 0.01; Figure 10), indicat-
ing that improving landscape connectivity and diversity is conductive to the formation of
ES, leading to an increase in ESBI. The southwest region of SHB had implemented the most
vigorous measures, including multiobjective forest management, conversion of natural
secondary forests to plantation forests, and clear–cutting of small forest areas, which could
well explain the observed patterns. Specifically, the conversion of natural secondary forests
to plantation forests may result in a normalization of patch shape and a decrease in spatial
diversity. Clear–cutting of small areas of forest may result in an increase of the patch
number, leading to landscape fragmentation. Collectively, human interventions may cause
increased fragmentation of the landscape in specific areas, highlighting the importance of
moderate forest management to maintain a stable and healthy ecosystem.
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The results showed that the growth in forest stock volume had increased both ES
demand and supply, thus contributing to the supply–demand balance of the ES (Figure 10).
Landscape indicators and the forest stock volume index were the primary determinants
that affected the ES balance of the study area. Therefore, SHB should optimize the existing
landscape structure and land use planning. The SPMs clarified that both landscape metrics
and socioeconomic variables affected the supply–demand balance of ES (Table 2). The
spillover effects for the independent variables were spatially autocorrelated in the adja-
cent regions and were also closely related at both physical and economic levels (Table 3).
Additionally, the ES balance of SHB was not only affected by the local landscape indexes
(i.e., direct impacts) but also influenced by independent factors of the adjacent regions
(i.e., indirect impacts; Table 3), possibly due to progressive assimilation or interconversion
of adjacent land use types. To avoid an ES imbalance in the future landscape planning
and ecosystem protection of SHB, the spillover effect between operational areas should be
considered and the management approach of each subfield should be integrated.

4.3. Considering Spatial Heterogeneity and Spillover Effects into ES Decision—Making

In SHB, environmental conditions in one operational area can affect local ecosystems
directly or indirectly (Table 3). For example, large–scale and high–density afforestation in a
single operational area implies a substantial ecological water demand. Additionally, with
rising temperatures, ground evapotranspiration is likely to increase, which may weaken
the water–holding capacity of adjacent ecosystems. As one of the origins of the Luan River
and Liao River (Figure 1) [35,36], the aforementioned changes in the SHB region may lead
to a reduction in the water supply capacity of downstream areas. Therefore, considering
the spillover effects and the interdependence between operational areas, ecosystem man-
agement and landscape planning must adequately and reasonably allocate landscapes
within and between units to mitigate environmental degradation. Furthermore, to prevent
ES imbalances in future landscape planning and ecosystem protection in SHB, it is essential
to consider the spillover effects between operational areas and to coordinate and optimize
forest and land use management approaches across different subfarms.

Our data showed that considering the spatial heterogeneity of determinants can effec-
tively address local environmental problems and provide timely and targeted references
for decision–making. In terms of GWR coefficients, significant spatial heterogeneity was
reflected among the ES indexes, landscape pattern, and social–economic indexes in SHB,
which further highlighted the spatial effects of various factors (Supplementary Table S4).
This implied that flexible and reasonable adjustments should be made to landscape plan-
ning and environmental policies for ecosystem protection based on the natural conditions
and dominant driving factors of each subfield in SHB.

Furthermore, our results also indicate that, although forests and grasslands had a high
ES supply capacity (Figure 9A), the proportion of these two should be kept at a suitable
level because of the constraint on the carrying capacity of water resources. Therefore,
considering the spatial heterogeneity of determinants can help solve local environmental
issues and offer targeted references for government decision–making.

4.4. Limitations of the Current Studies and Future Research Directions

In this study, we applied land use types as indicators and the ES matrix method as
the theoretical basis to quantify the ES balance of SHB. Notably, the existing investigations
related to supply and demand relationships are still in the early stage, and there are still
shortcomings in the factors affecting the ES balance and the spatiotemporal dynamic of
ecosystem evolution. Despite the constraints of the ES matrix method, it is still an effective
method for ecosystem evaluation and management [17,45]. To improve the estimation
accuracy and achieve a dynamic balance between ecosystem protection and socioeconomic
development, it is necessary to introduce more weighted coefficients/socioeconomic indica-
tors (e.g., social composition and regional differences) to link with the ESBI [61]. Identifying
the spatial patterns of ES supply, demand, and balance is beneficial for spatial planning,
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ecosystem management, and land use decision–making. On the one hand, the ES balance
can help researchers better understand the impact of human activities on ES and identify
whether the current situation satisfies future land use development. In terms of land use
policy making, ESBI can serve as a reference to ensure that human activities and land
use planning do not lead to further ecological issues [11–16]. By using both strategies,
landscape planners and decision–makers can more easily identify ecological sensitive and
fragile areas and develop targeted improvement strategies.

Regarding the ES balance’s driving mechanisms, in addition to the landscape indica-
tors (Figure 8) and the forest stock volume (Tables 1–3) applied in this study, Chen et al. [62]
integrated railway density into socioeconomic indicators for analysis and determined its
impact on ES balance. Yuan et al. [63] and Sun et al. [64] analyzed the bundling relation-
ships among ES subcategories, revealing multifaceted interactions among different ESs and
their driving factors. However, these studies were more dependent on expert knowledge,
resulting in high subjectivity in the evaluation results, which inevitably led to inaccuracies.

Furthermore, even within the same ES category, the balance of ES also exhibits spatial
heterogeneity. For example, the landscape and socioeconomic indicators associated with
the same land use category may differ in terms of ES supply and demand [65], leading to
constraints in using the ES matrix method to evaluate ecological system balance. Therefore,
when considering the spatial heterogeneity inside and among land use patches, it is nec-
essary to fully consider natural geographical conditions to improve estimation accuracy
and meet the specific requirements of the local community, thereby further supporting
ecosystem management and landscape planning.

5. Conclusions

In this study, we used an adjusted ES matrix integrated with spatial econometric
methods to quantify and map the spatial pattern of the ES balance in the SHB. We revealed
the spatiotemporal characteristics of ES supply, demand, and balance. From 2002 to 2020,
the capacity of ES supply in SHB increased significantly more than ES demand, resulting in
an oversupply of local ES. We clarified that landscape and socioeconomic indexes, especially
landscape metrics, had a dominant effect on the local ES balance. In detail, forest stock
volume, forest land proportion, and COHESION showed a positive correlation with the ES
balance, while SHAPE, IJI, and the built–up area had a negative correlation with the ES
balance. We also assessed the correlation and spatial effects between the driving factors of
local ES and identified significant effects on the SHB’s ES balance. Furthermore, we proved
that the driving factors of local ES not only exhibited scale dependence but also spatial
heterogeneity. Accordingly, the findings of this study can provide valuable insights for land
use management, as well as for ecosystem conservation. Additionally, it provides a solid
foundation for future multifunctional operations in the SHB and promotes the realization
of sustainable development objectives.
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