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Abstract

With the escalating demand for forest-derived ecological products, quantifying forest
ecological product production capacity (EPC) has become essential for precise ecological
governance. Addressing the methodological gaps and complexity in current assessments,
this study develops a transferable Forest EPC theoretical framework integrated across
four dimensions: environmental background, vegetation status, human pressure, and
human investment. Using Henan Province as a case study, we established a multi-criteria
evaluation model to characterize the spatial drivers and supply potential of Forest EPC.
Our findings reveal that the provincial forest EPC stands at a moderate level (0.341). The
spatial distribution is highly heterogeneous: the “medium” EPC grade dominates the
landscape (36.69%), whereas “high-level” areas are critically scarce (3.76%). Notably, forest
EPC exhibits a strong spatial gradient, with high-performance clusters in the southern and
western highlands contrasting with lower values in the northern plains. The identification
of significant spatial autocorrelation (Global Moran’s I = 0.71) highlights the necessity of
regional collaborative management. This study provides a methodological reference that
is adaptable to diverse regional contexts through the recalibration of local indicators and
weights, offering a scientific benchmark for optimizing the spatial layout of ecological
product supply.

Keywords: forest ecosystem; ecological product production capacity; pattern analysis;
Henan province

1. Introduction
Ecosystems provide human society with a variety of products and services, ranging

from food, timber, and fresh water to regulating services including air purification, tempera-
ture regulation, and carbon sequestration. These ecosystem products undoubtedly form the
link between humans and nature and are essential to human survival and development [1].
However, the accelerating pace of global urbanization has triggered an unprecedented
expansion of human settlements, particularly in China [2,3], leading to the overexploita-
tion of natural resources and significant habitat fragmentation [4,5]. This intensive urban
expansion not only exacerbates environmental degradation but also severely compromises
the intrinsic supply capacity of ecosystems products. Consequently, enhancing ecosystem
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product production capacity (EPC) has emerged as a critical global imperative, particularly
in countries with prominent forestry sectors such as China, Finland, and Canada. In these
regions, the transition from traditional timber-oriented management to multifunctional
forestry has necessitated comprehensive frameworks to evaluate the long-term productive
capacity of forest landscapes beyond mere material yield.

The concept of ecosystem products originated in China, developing from the inter-
nationally proposed concept of ecosystem services [6]. The term first appeared in a 2010
planning document entitled National Main Functional Zone Division [7]. Ecosystem prod-
ucts are defined as the collective final services and material products supplied to humans
through the combined actions of natural ecosystem biological production and human
socio-economic activities [1,6]. Since 2012, China has vigorously promoted the construc-
tion of an ecological civilization, with the importance of EPC increasingly recognized by
decision-makers and the public. In 2021, the Chinese government issued the ‘Opinions on
Establishing and Improving the Mechanism for Realising the Value of Ecosystem Products’,
emphasizing the need to encourage all regions to enhance their capacity for supplying
ecosystem products. By focusing on the integrated output of natural and human systems,
the Chinese concept of EPC provides a localized yet globally relevant perspective on the
stock-flow relationship within social–ecological systems.

The scientific community has conducted extensive research on ecosystem products,
predominantly focusing on their conceptual connotation [8,9], suitability for develop-
ment [10], value accounting methods [11,12], and value realization models [13]. Recent
assessments have increasingly focused on multi-dimensional indicator systems, integrating
ecosystem services with land-use constraints to identify regional development priori-
ties [10]. However, progress in EPC research has been slow due to the lack of consensus on
the definition and classification of ecosystem products in existing research [1]. Currently, the
most widely used methods of EPC assessment can be divided into two categories: physical
quantity assessment methods and value quantity assessment methods. Physical quantity as-
sessment, which measures the actual quantity of ecosystem products, (e.g., food production,
water conservation and tourist numbers), have evolved from simple empirical calculations
to process-based simulations. In soil and water conservation research, for instance, the
integration of the Revised Universal Soil Loss Equation (RUSLE) has enabled large-scale
estimation of soil retention products [14]. Similarly, hydrological assessments in water-
limited Mediterranean regions have transitioned toward soil moisture balance models to
accurately reflect freshwater supply capacity [15]. In the context of timber-rich temper-
ate and boreal forests, the methodology often involves using forest inventory data and
empirical models to determine the potential supply of ecosystem products [16]. More
recently, the application of process-based forest models (e.g., the 4C model) has facilitated
the evaluation of supply capacity under complex, distinct management modes [17]. These
diverse methodological trajectories highlight that EPC is a function of regional environmen-
tal constraints and human intervention. Nevertheless, a significant limitation of physical
quantity assessment involves its focus on isolated product categories, which may fail to
represent aggregate capacity. Some scholars have therefore normalized the physical quanti-
ties of multiple ecosystem products and constructed a comprehensive ecosystem service
index to reflect the EPC of a region [18]. The value assessment method monetarily values
ecosystem products by combining a pricing method with physical quantities to determine
their monetary value. Specifically, this includes the equivalent factor method [19] and the
market value method [20]. In fact, both physical and value quantity assessment methods
measure ecosystem products as flows of ecosystem services.

Despite these advancements, several critical gaps remain in the current theoretical
framework of forest EPC. Existing assessments frequently conflate ecosystem service
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“flows” with “capacity”, failing to distinguish between transient supply and long-term
ecological stability. Conversely, the role of human–nature interactions is often oversimpli-
fied. In addition, the assessment process relies heavily on complex, specialized process
models, limiting the widespread use of such methods in grassroots management prac-
tices [21]. Natural ecosystems are the main carriers of ecosystem products and are also
an important factor in the formation of these products [1]. To address this, our research
conceptualizes EPC as a structural attribute of Social-Ecological Systems (SES). By shifting
from ‘flow-based’ metrics to a ‘capacity’ perspective, we prioritize ‘slow variables’, such
as forest age, soil organic carbon and aboveground biomass, that characterize long-term
ecological stability. This ensures that the evaluated capacity represents a resilient supply
potential, rather than a temporary output influenced by short-term climatic. Therefore,
establishing an assessment index system based on the capacity characteristics of natural
ecosystems to quantify EPC is a new and feasible approach [22]. Nevertheless, research in
this area is currently limited.

As a critical region of the middle and lower reaches of the Yellow River basin, Henan
Province faces intensifying ecological pressures driven by rapid urbanization and high
population density. Its forest ecosystems are indispensable for maintaining soil stability
and water regulation [13–15]; however, the supply of these essential services currently
fails to meet the escalating demands of both urban and rural communities [23]. Therefore,
understanding the spatial distribution patterns of forest EPC in Henan is vital for regional
sustainable development. Existing forest EPC research has primarily focused on single
climatic zones—such as subtropical forests [1] or temperate forests [24]. However, stud-
ies on forest EPC in transitional zones between temperate and subtropical regions, like
Henan, remain insufficient. To address this gap, this study utilizes Henan Province as a
representative study area to systematically evaluate forest EPC. The study has three key
objectives: (1) To define the concept of EPC and establish a general theoretical framework
for EPC assessment; (2) to establish an evaluation index system and measurement model
for forest EPC; (3) to reveal the spatial distribution characteristics of forest EPC and verify
the robustness of the results. The study aims to propose a new approach to EPC assessment
that can inform subsequent ecological protection planning and the realization of ecosystem
product value in other ecosystems.

2. Conceptual Framework for Ecological Product Production Capacity
2.1. Conception of EPC

This study is aligned with the concept of ecosystem final services from the United
Nations System of Environmental–Economic Accounting (SEEA EA) ecosystem accounting
framework [25]. In the context of international research, the provision capacity of ecosystem
services corresponds closely to the EPC construct [26]. Within the SEEA EA framework,
ecosystem service provision capacity is defined as the ability of ecosystems to produce
ecosystem services under current ecological conditions, management, and utilization [27].
The present study is founded upon extant research and defines EPC as the comprehensive
capacity of natural ecosystems and human socio-economic systems to sustainably generate
ecological products within a specific timeframe and spatial scope. The objective of this anal-
ysis is to underscore the state characteristics of the production entity (natural ecosystems)
within the context of production activities [28]. Unlike realized ecosystem service flows,
EPC emphasizes potentiality, representing the stable reserve and functional stock of services
maintained under current ecological baselines and management regimes.
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2.2. Assessment Framework

The formation of EPC is fundamentally a process of a Social–Ecological System (SES),
the central premise of which is that human and natural systems are intrinsically coupled
through complex feedback loops and reciprocal interactions [29]. Consequently, EPC can
be evaluated from two perspectives: natural production capacity and human interven-
tion capacity. To operationalize this evaluation, this study constructs a four-dimensional
framework comprising environmental background, vegetation status, human pressure, and
human investment (Figure 1).

Figure 1. Conceptual framework of the EPC.

Natural production capacity forms the biophysical foundation for the formation of
EPC. Specifically, ecosystems with particular components and structures form ecological
processes such as energy flow, material cycling, and information transmission through
physical, chemical, and biological interactions. The primary and secondary production re-
sulting from these processes constitute the physiological foundation for supplying various
ecological products [9]. It is widely accepted that natural productive capacity is contingent
on environmental background characteristics and vegetation status [30]. It is evident that
environmental background characteristics, including temperature, precipitation, and slope,
exert a direct influence on biological growth and development processes. These represent
long-term ‘slow variables’ that dictate the composition, distribution, and productivity of
ecosystems [31]. Distinct environmental conditions give rise to discrete ecosystems, and
to a certain extent, environmental background characteristics determine the upper limit
of natural productivity. Vegetation status is widely regarded as a comprehensive indica-
tor of ecological shifts, offering an effective reflection of ecosystem changes. Vegetation
composition, structure, and health status are typically used to characterize vegetation
status [32]. Generally, under comparable environmental background, the superiority of
vegetation status is directly correlated with the capacity to sustainably provide ecosystem
products to humans.
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In the Anthropocene era, human society and the natural ecosystem are interdependent,
mutually influential, and interact with each other [33]. In essence, the natural ecosystem has
become a natural–human complex [34], thereby forming the human intervention capacity
of EPC. Human intervention exerts a profound influence on the formation of EPC by
modifying one or more ecological processes, thereby functioning as an indirect driving
factor. Specifically, human intervention capacity can be subdivided into human pressure
and human investment. The concept of human pressure is defined by socio-economic
activities and human behavior that result in adverse environmental impacts. For instance,
the exhaustion of natural resources and the uncontrolled discharge of waste into the natural
environment. Pressure indicators can effectively determine the causal relationship between
a natural ecosystem being in a poor state and serve as an important supplementary indicator
for evaluating EPC [35,36]. Moreover, guided by demand, humans also purposefully and
consciously implement measures to protect and restore the ecological environment and
natural resources through investments in capital, human resources, facilities, policies, and
other areas [37]. They systematically manage and intervene in processes such as land cover
change and biogeochemical cycles to improve the quantity and quality of natural resources,
thereby forming positive interventions with beneficial effects.

While the conceptual framework (Figure 1) illustrates the dynamic feedbacks and
ecological interventions inherent in an SES, this study adopts a weighted linear aggregation
model for mathematical assessment. This simplified approach ensures model parsimony
and management interpretability, treating each dimension as a component essential for
characterizing the overall EPC at a regional scale.

3. Materials and Methods
3.1. Study Area

Henan Province (110◦21′ to 116◦39′ E, 31◦23′ to 36◦22′ N) is located in the central part
of China’s North China Plain (Figure 2), with a total land area of approximately 167,000 km2.
The average annual temperature is between 12 ◦C and 16 ◦C, and the annual precipitation
is between 500 mm and 900 mm. In 2023, Henan Province’s forest area reached 42,999 km2,
with a forest coverage rate of 25.53% and a timber stock volume of 215 million cubic meters.
Forests are primarily distributed across the Taihang Mountains, Funiu Mountains, Tongbai
Mountains, and Dabie Mountains. These regions provide ecological services such as water
conservation, carbon sequestration, and soil and water conservation [38]. The central
and eastern regions are characterized by alluvial plains, which are considered to be the
primary grain production areas in China. Henan was selected as a representative study
area for three critical reasons. First, it is a bioclimatic transition zone between the warm
temperate and subtropical regions; while previous studies often focus on single-climate
zones [39], research at the provincial scale in this transition belt remains a significant gap.
Second, as a core region in the middle and lower reaches of the Yellow River, Henan forest
serves as a vital ecological barrier for soil and water conservation [40], playing a crucial
role in mitigating erosion from the Loess Plateau. Third, the region experiences intense
anthropogenic pressure due to its dense population and agricultural history [41]. From 2000
to 2025, extensive afforestation and restoration projects have been implemented here [42],
making it an ideal natural laboratory to explore the interplay between human activities
and forest EPC.
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Figure 2. Location of the study area. (a) The location of Henan Province. (b) Distribution of forests in
Henan Province.

3.2. Data Sources and Processing

The forest data (30 m), population data (1 km) and terrestrial ecosystem service value
(1 km) in China utilized in this study were obtained from the Chinese Academy of Sciences
Resource and Environmental Science Data Center ( https://www.resdc.cn/Default.aspx,
accessed on 3 October 2024). The 1 km climate, 90 m digital elevation model (DEM) data,
and 250 m vegetation cover were sourced from the National Tibetan Plateau Data Center
( https://data.tpdc.ac.cn/, accessed on 6 October 2024). The 1 km soil data were derived
from the China High Resolution National Soil Information Grid Basic Attribute Dataset
( https://soil.geodata.cn/ztsj.html, accessed on 6 October 2024). The 500 m of NPP and
mixed forest distribution data were acquired from the USGS MOD173AH and MCD12Q1.
Natural forest distribution maps were obtained from the National Platform for Intelligent
Management of Forest and Grassland Resources ( http://szlc.stgz.org.cn/lczyt/gjlczyt
_mh/, accessed on 6 October 2024); forest stock was replaced by 100 m aboveground
biomass of forests, which was obtained from the ESA Biomass Climate Change Initiative
( https://climate.esa.int/en/projects/biomass/, accessed on 6 October 2024); forest age
(30m) was obtained from previous research [43]; and the degree of pest and disease was
replaced by the 4 km vegetation health index, which was downloaded from the NOAA
Center for Satellite Applications and Research ( https://www.star.nesdis.noaa.gov/star/in
dex.php, accessed on 6 October 2024). Previous studies have shown that remote sensing
can monitor pest and disease losses at the regional scale [44]. Forest fire point data were
obtained from the Fire Information for Resource Management system (FIRMS) database
( https://firms.modaps.eosdis.nasa.gov/map/, accessed on 6 October 2024). Fire points
within the area of interest from 2000 to 2020 were extracted and analyzed by point kernel
density to generate kernel density values as forest fire disturbance intensity. Protected
area extent data were obtained from the China Nature Reserve Specimen Resource Sharing
Platform ( https://www.nsii.org.cn/2017/, accessed on 6 October 2024). Deforestation
data were obtained from previous research [45]. The researchers used provincial timber
harvesting statistics, tree cover loss (TCL) data sets, and satellite vegetation indices. Based
on the detection of changes in multi-temporal vegetation indices, they provided 30 m
spatial information on deforestation.

The analysis was facilitated through the uniform resampling of data of differing spatial
resolutions to a resolution of 30 m. The raster data of the forest were converted into a vector
format and then fused using ArcGIS 10.8, which was used as the basic evaluation unit of
the EPC. This process resulted in the generation of a total of 1,766,391 map patches. The
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Mean Aggregation method was applied via the Zonal Statistics tool to extract the attribute
values for each patch.

3.3. Research Method
3.3.1. EPC Assessment Process
Construction of the Indicator System

Research evidence has demonstrated the multifunctional nature of a healthy, complete
and stable forest ecosystem [46], thereby underlining its ability to ensure the long-term
capacity of the forest to provide a diverse array of ecological products [47]. Consequently,
drawing upon the theoretical framework delineated in the preceding section and guided
by extant literature, this study principally identifies relevant indicators that influence the
health, integrity and stability of forest ecosystems. Concurrently, certain indicators were
excluded on the basis of a comprehensive consideration of the principles of management
needs, representativeness of indicators, operability and data accessibility, and the evaluation
indicator system was systematically established (Table 1).

Table 1. Indicator system for evaluating forest EPC.

Dimensions Elements Factors Indictors Direction Calculation Method

Natural
production

capacity

Environmental
background

Climate
Temperature (Temp) + Direct access

Precipitation (Prec) + Direct access

Topography Slope (Slope) − Direct access

Soil
Soil thickness (Thick) + Direct access

Soil organic carbon
content (SOC) + Direct access

Vegetation
status

Vigor
Stand volume (AGB) + Direct access

Net primary productivity
(NPP) + Direct access

Structure

Species structure
(Mixed_forest) + Mixed forest area/forest area

Forest cover (FVC) + Direct access

Forest origins
(Nature_forest) + Natural forest area/forest area

Forest age (Age) + Direct access

Health

Degree of pests and
diseases (VH) − Direct access

Intensity of forest fire
disturbance (Fire) − Calculation of kernel

density values

Human
intervention

capacity

Human
pressure

Demographic
pressure Population density (POP) − Direct access

Economic
pressure

Intensity of forest
harvesting (DEF) − Direct access

Human
investment

Forestry
management Level of protection (NPA) + Nature reserve area/forest area

Note: + represents positive impact indicator, − represents negative impact indicator.

As demonstrated in Table 1, the environmental background elements are primarily
reflected in three aspects: climatic factors, topography and soil [48]. Climatic factors, specif-
ically temperature and precipitation, fundamentally govern forest growth processes and
energy conversion [49]. Topographical conditions modulate vegetation development by
mediating solar radiation, temperature, and moisture distribution patterns. Soil provides
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the necessary support for the successful establishment of plants and is the primary factor
in maintaining soil fertility, carbon sequestration, and the formation of other ecosystem
products. Consequently, soil layer thickness and organic carbon content were incorporated
as key indicators of edaphic quality [50]. Consequently, soil layer thickness and organic
carbon content were incorporated as key indicators of edaphic quality [51]. Vigor reflects
the metabolic capacity of the forest ecosystem; thus, forest stock volume and net primary
productivity (NPP) were utilized as proxies for this functional vitality. Structural integrity,
which ensures system stability and sustainability, is operationalized through metrics includ-
ing canopy cover, community composition, forest origin, age, and tree species structure [51].
Furthermore, the ‘health’ dimension quantifies the degree to which anthropogenic or natu-
ral disturbances, such as fire, pests and diseases, may cause functional degradation [52].
Accordingly, the intensity of forest fires and the prevalence of pests and diseases were
selected to encapsulate these disturbance dynamics [53].

Population and economic pressures are established metrics for quantifying anthro-
pogenic influence on ecosystems. As a previous study [54] had observed, an increase in
demand for forest resources is to be expected as a result of population and economic devel-
opment, given certain total forest resources. These effects on forest ecosystems are complex,
wide-ranging and multi-dimensional in nature and negative. In alignment with previous
scholarship [55], population density and forest harvesting intensity were selected to serve
as proxies. Regarding human investment, while inputs are traditionally categorized into
labor, material, financial, and technical domains, the strategic shift in China’s forestry policy
toward ‘ecological civilization’ has prioritized systemic conservation efforts. Consequently,
the degree of forest protection, as reflected in the intensity of management and restoration
policies, was incorporated as a primary indicator [56]. Here, higher values denote greater
institutional support for forest functions.

Indicator Selection and Normalization

Potential information redundancy and interconnections among the selected indicators
may compromise the reliability of the evaluation results. Pearson’s correlation coefficient
was utilized to analyze the covariance between the 16 potential indicators, with a correla-
tion coefficient |R| > 0.7 (p < 0.05) serving as the criterion for excluding highly linearly
correlated indicators [57]. To ensure comparability and enhance result robustness, all
indicator data were normalized prior to the evaluation process.

For positive indicators, normalization is performed as follows:

Fij =
Xij − minXij

maxXij − minXij
(1)

For negative indicators, normalization is performed as follows:

Fij =
maxXij − Xij

maxXij − minXij
(2)

where Xij and Fij are the values of the indicator before and after normalization, respectively;
minXij and maxXij are the minimum and maximum values of Xi, respectively.

Calculation of Combined Weights

Recognizing the potential for human subjectivity or the inherent characteristics of the
data to influence the calculation of weights through a singular method, this study proposes
an integration of subjective and objective approaches for the calculation of weights [58].
The subjective weights were calculated using the hierarchical analysis method (AHP) [59],
and six scholars or technical officials from frontline ecology, forestry, and management
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fields were invited to score the weights. These experts provided pairwise comparison
scores based on their extensive field experience and deep understanding of Henan’s forest
conditions. The arithmetic mean of the expert judgment matrices was utilized to construct
the final comparison matrix. To ensure the logical rigor of the subjective assessment, a
consistency analysis was performed on both individual and aggregated judgment matrices.
The Consistency Ratio (CR) for all matrices was verified to be less than 0.1.

The objective weight calculation method employs the Entropy weight method
(Entropy) [60], which is predicated on the principle of information entropy. This method
calculates the entropy value of each index as the weight. The combined weight is the
average of the weights of the two methods, which effectively balances the decision-makers’
expertise with the intrinsic information density of the data [61]. The calculation expression
is as follows:

Wcomb,i =
WAHP,i + WEntropy,i

2
(3)

where Wcomb,i is the combined weight of indicator i, WAHP,i is the weight calculated by hier-
archical analysis method, and WEntropy,i is the weight calculated by entropy weight method.

Multi-Criteria Assessment to Calculate EPC

The score of EPC on each forest evaluation unit is calculated by comprehensive
weighted summation with the following expression:

EPj = ∑n
i Wcomb, i·Fij (4)

where EPj is the ecological capacity of forest in unit j; Fij is the value of indicator i in unit j;
Wcomb, i is the weight of indicator i; n is the number of indicators, which is 12 here.

3.3.2. Spatial Autocorrelation Analysis

Global and local spatial autocorrelation analyses were introduced to explore the spatial
dependence between the of forest EPC patches and the surrounding forest.

(1) Global Moran’s I

Global spatial autocorrelation can be considered as an indicator of the strength of
spatial correlation of the region as a whole. The most commonly employed index is
Global Moran’s I [62], which takes a value between −1 and 1; with larger absolute values
representing stronger correlation. Negative values are indicative of negative correlation,
signifying a pattern of spatial dispersion; positive values denote positive correlation and
spatial agglomeration; and 0 represents a random spatial distribution. The expression is as
follows [63]:

Global Moran’s I =
n

Wo
·
∑n

i=1 ∑n
j=1 Wij(xi − x)

(
xj − x

)
∑n

i=1(xi − x)2 (5)

where n is the number of forest patches, xi and xj are the EPC values of neighboring patches
i and j, and x is the average value of the forest EPC; Wij is the value of spatial weight matrix,
with Wij = 1 if patches i and j are neighbouring, and 0 otherwise; and Wo is the sum of all
the elements of the spatial weight matrix.

(2) Local Moran’s I

Local spatial autocorrelation analysis reveals spatial differences in correlations from
a local perspective based on a global analysis, usually using the LISA statistic [64]. The
expression is as follows [65]:

Local Moran’s I =
n(xi − x)∑n

j=1 Wij
(
xj − x

)
∑n

i=1(xi − x)2 (6)
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where, based on the LISA statistic, the spatial characteristics can be classified into
four types: high–high clustering (H-H), low–low clustering (L-L), high–low clustering
(H-L) and low–high clustering (L-H).

3.3.3. Validation Analysis

Validating forest EPC is inherently complex as it represents the potential capacity of an
ecosystem, whereas empirical records typically measure actual service flows. Ideally, this
index would be verified against long-term, plot-based forest inventory data. However, the
extreme logistical costs and labor intensity required for standardized primary observations
across the entire province render such in situ validation currently unfeasible. As a pragmatic
alternative, drawing on the work of Fang et al. [66], we utilized the 2020 Chinese Terrestrial
Ecosystem Service Value dataset for spatial correlation analysis. This approach is predicated
on the logic that high forest EPC is the fundamental structural precursor to high ecosystem
service output (flow) [16]. By randomly generating sample points to extract both EPC
and ESV values, we calculated the Pearson correlation coefficient to evaluate the spatial
consistency between the model’s predicted potential and the realized service values.

The existing literature has indicated that model-based approaches, despite their cum-
bersome procedures, have the ability to calculate ecological product supply capacity with
a higher degree of accuracy [20,67,68]. In order to verify the accuracy of the assessment
results in this study, we chose to use the dataset of the value of terrestrial ecosystem ser-
vices in China in 2020 as a reference, inspired by Fang et al.’s study [66]. The dataset was
utilized to calculate the total value of four major categories of ecosystem services, including
provisioning services, regulating services, supporting services and cultural services [69].
Specifically, we randomly generate several sample points, extract the corresponding EPC
and total ecosystem service value, and calculate the Pearson correlation coefficient.

4. Results and Analysis
4.1. Indicator Weights

The results of the Pearson correlation analysis (Figure 3) demonstrated that five
pairs of variables exhibited absolute values of correlation coefficients greater than 0.7.
These pairs comprised Nature_forest-Temp (−0.73), Slope-Temp (−0.72), Slope-SOC (0.76),
Age-AGB (0.82), and Thick-SOC (−0.73). In order to eliminate multicollinearity in the
evaluation index system, priority is given to the indexes with high measurement accuracy
and high correlation with forest ecology as evidenced by extant literature [29]. Conse-
quently, four redundant variables (i.e., Thick, Slope, AGB and Temp) are eliminated. While
temperature is recognized as the fundamental driving force of forest productivity, the tem-
perature index in this study is derived via site interpolation, resulting in a low resolution.
Furthermore, the spatial variation in temperature in Henan Province is closely related to
terrain gradient (slope) and soil properties (SOC). The retention of SOC and Nature_forest
is pivotal, given their integration of climatic history and site quality. Finally, the entropy
weight method and AHP method were integrated to calculate the combined weights of
the final 12 indicators (Table 2). The top four highest combined weights of Age, FVC, SOC
and VH reflect the fact that the vegetation condition of forest is crucial for maintaining the
forest EPC.

Table 2. Factor weights calculated by different methods.

Indicators WEntropy WAHP Wcomb

Prec 0.0862 0.0782 0.0822
SOC 0.0833 0.0931 0.0882
NPP 0.0857 0.0897 0.0877
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Table 2. Cont.

Indicators WEntropy WAHP Wcomb

Mixed_forest 0.0701 0.0723 0.0712
FVC 0.0875 0.0901 0.0888

Nature_forest 0.0799 0.0705 0.0752
Age 0.0854 0.0942 0.0898
VH 0.0857 0.0907 0.0882
Fire 0.0867 0.0797 0.0832
DEF 0.0876 0.0772 0.0824
POP 0.0877 0.0753 0.0815
NPA 0.0740 0.0892 0.0816

Figure 3. Correlation analysis of potential indicators. Note: * and ** indicate significant differences at
the 0.05 and 0.01 levels, respectively.

4.2. Spatial Distribution of Ecological Product Production Capacity of Forest

Overall, the forest EPC across Henan Province exhibits a distribution pattern char-
acterized by “Southern Dominance and Mountainous Clustering”, with the majority of
values concentrated in the 0.32–0.39 range (Figures 4 and 5). The forest EPC evaluation
indicators exhibit a pronounced asymmetrical spatial distribution (Figure ??), where the
natural dimensions of environmental background and vegetation status demonstrate in-
tense heterogeneity compared to the relatively uniform human pressure and investment
dimensions. The natural productive dimensions (environmental background and vegeta-
tion status) demonstrate a broad-scale “latitudinal gradient”, where southern regions like
Xinyang and Nanyang significantly outperform the north due to superior hydrothermal
conditions. These natural advantages are further anchored by topographic barriers, with
high-value clusters in vegetation status (0.114–0.526) concentrated along the Funiu, Dabie,
and Taihang mountain ranges. In contrast, the human intervention dimensions exhibit a
more fragmented and localized pattern. While human pressure (0–0.089) reflects a dual-core
expansion driven by both western forest resource exploitation and eastern urbanization, hu-
man investment (0–0.082) remains strictly resource-dependent and confined to traditional
ecological strongholds (Figure ??). At the city scale, this results in a notable divergence:
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Xinyang leads in natural endowment, whereas Nanyang exhibits the highest levels of active
human intervention (Figure 5).

 

Figure 4. Spatial distribution pattern of forest EPC evaluation results in Henan. (a) Evaluation results
of the natural production capacity dimension. (b) Evaluation results of the human intervention
capacity dimension. (c) Forest EPC Grading Results.

In the absence of an established classification standard for EPC, we applied the natural
breaks classification method, a technique widely adopted in mainstream research [70], to
stratify forest EPC in the study area into five distinct grades (Table 3). We identified that
medium-grade forests dominate the landscape, covering 36.69% (14,655.07 km2) of the
total area. Comparing across dimensions, the scarcity of high-EPC areas (only 3.76% of the
total extent) indicates that high-tier production capacity is achieved only where superior
natural endowment synergizes with intensive management. The predominance of medium
and low grades (collectively over 80%) suggests that in many regions, human investment
has not yet effectively compensated for natural environmental constraints. This spatial
configuration underscores a critical gap between the current ecosystem structure and the
increasing demand for diversified ecosystem products across Henan Province.
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Figure 5. Evaluation results of forest EPC: (a) the evaluation results for each dimension within each
region; (b) the area proportion of the forest EPC for each interval.

 

Figure 6. Spatial distribution of evaluation results of elements dimension of the forest EPC. (a) Envi-
ronmental background dimension assessment result. (b) Vegetation condition dimension assessment
result, human pressure dimension assessment result. (c) Human pressure dimension assessment
result. (d) Human investment dimension assessment result.
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Table 3. Area composition of EPC grades of forest in Henan.

EPC Grade Area (km2) Percent (%)

Low (0.146–0.282) 9069.50 22.71
Slightly low (0.283–0.336) 9723.84 24.35

Medium (0.337–0.401) 14,655.07 36.69
Slightly high (0.402–0.480) 4989.21 12.49

High (0.481–0.675) 1500.68 3.76

4.3. Spatial Clustering of Ecological Product Production Capacity of Forest

Global spatial autocorrelation analysis reveals a significant positive spatial correlation
for forest EPC in Henan, with a Moran’s I of 0.7126 (Table 4), indicating strong spatial
clustering. The LISA map (Figure 7) further identifies distinct spatial patterns, where the
High–High (H-H) cluster emerges as the dominant spatial structure, forming the “core” of
forest EPC.

Table 4. Global Moran’s I for the forest EPC in Henan.

Statistic Results

Moran’s I 0.7126
Z-score 9264.521
p-value 0.0001

Figure 7. Local spatial autocorrelation analysis of forest EPC.

The H-H clusters are primarily concentrated in the mountainous regions of western,
southern, and northern Henan. These areas can be categorized into primary core regions
(e.g., the Funiu and Dabie Mountains) and sub-core regions (e.g., the Taihang Mountains).
The primary cores are driven by a synergistic “natural–human” coupling mechanism,
where high topographic protection and favorable hydrothermal conditions are augmented
by intensive ecological management and investment. In contrast, the sub-core regions
in the north, while exhibiting clustering, show slightly lower EPC intensity due to more
constrained climatic variables.

The Low–Low (L-L) clusters are predominantly distributed across the expansive plains
and the southeastern periphery of the western mountains. This clustering is explained by
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the “urban–agricultural squeeze” effect, where rapid urbanization and intensive farming
fragment forest patches, leading to a localized decline in ecological stability. Furthermore,
the High–Low (H-L) and Low–High (L-H) clusters, which are distributed linearly along
the eastern edge of the western mountains and scattered across the north, represent spatial
transition zones. These transition zones highlight the “edge effect” where high-capacity
mountain forests meet low-capacity urban-agricultural plains, creating a sharp gradient in
production potential.

4.4. Validation of Assessment Results

As displayed in Figure 8a, the total value of forest ecosystem services in Henan was
higher in the Dabie Mountain and the Funiu Mountain and lower in the plains. This
spatial distribution pattern was found to be highly congruent with the results of our
study (Figure 4). High EPC constitutes the material foundation for providing ecosystem
services [22]. The results of the correlation analysis (Figure 8a) showed that the correlation
coefficients of the two variables reached a strong correlation (0.679). Despite the disparity
in units of measurement between the dataset and our results, both reflect the relative high
and low levels of EPC, thereby ensuring the reliability of the findings [66]. The empirical
results in Henan illustrated the validity of the EPC assessment framework proposed in
this study.

Figure 8. Validation of forest EPC. (a) Spatial distribution of the total value of ecosystem services.
(b) Correlation verification.

5. Discussion
5.1. Explanation of Spatial Heterogeneity

In this study, we found that forest EPC exhibited significant effects of both latitude
and topography. The forest EPC in the southern part of Henan Province was signifi-
cantly higher than in the north, as was that in the mountains compared to the plains
(Figure 7). These results are consistent with those of Roces-Díaz et al. (2018) [15] and
Mengjuan et al. (2025) [71], who attributed this to the complex interaction between precipi-
tation patterns and human activities. Specifically, rainfall is usually positively correlated
with the supply of main ecosystem products [15]. As latitude increases, the availability
of water resources becomes a key factor in limiting the supply of ecosystem services. The
forests in the southern mountainous area benefit from the transitional climate. There are
abundant precipitation and suitable temperatures here, which are conducive to the forma-
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tion of a complex, multi-layered forest structure. From an ecological perspective, these
diversified communities possess higher functional redundancy and energy conversion
efficiency, enabling a more stable and continuous supply of ecosystem products compared
to the simpler ecosystems in the north.

Between 2000 and 2020, Henan Province experienced rapid urbanization, with the
percentage of the population living in cities rising from 23.17% to 55.43% [71]. This led
to the fragmentation of natural habitats, especially grasslands and forests in the plains.
Although certain ecological restoration measures have recently been implemented, most
of these forests are young, single-species plantations and the ecosystem products they
provide are limited [72]. In contrast, mountainous forests, often shielded by protected
area status, have maintained their community integrity. These interior forest habitats are
less susceptible to the edge effects of infrastructure and mining, allowing for more robust
nutrient cycling and soil stabilization.

5.2. Comparison with Existing Studies

The forest EPC framework developed in this study offers distinct theoretical and
practical advantages over traditional ecosystem accounting methodologies. A substantial
body of previous research has quantified ecological outputs primarily from a “flow” per-
spective, utilizing normalized composite indices [18] or monetary valuations [20]. However,
flow-based metrics often reflect the actual use of ecosystem products by humans rather
than the sustainable capacity of the ecosystem to provide them [73,74]. By shifting the
focus to a “capacity” perspective, our framework emphasizes the long-term potential of
the natural-human complex to generate products under stable ecological and management
regimes. This transition from “flow” to “capacity” effectively mitigates the persistent risk
of double-counting between intermediate and final services—a long-standing challenge
in ecosystem accounting [75]. Meanwhile, we have observed that there is a strong spatial
autocorrelation in the forest EPC. This finding is similar to those reported in some previous
studies [76,77]. The EPC in the Poyang Lake Basin has a positive spatial spillover effect,
with the global Morans index being above 0.6 [76].

The generalizability of this multidimensional framework across China’s diverse forest
ecosystems constitutes a core strength of the proposed approach. While existing Chinese
forest research has largely concentrated on national ecological hotspots in subtropical
or boreal zones [78,79], our study provides a methodological template for transitional
forest zones that can be systematically extended to other regions. The framework’s flex-
ibility allows for the recalibration of dimensions based on specific regional drivers: for
subtropical forests in southern China, the framework can prioritize human investment [80]
(e.g., plantation programs) as the dominant modifier of forest EPC; conversely, for boreal
forests in the Northeast, the assessment can emphasize environmental background [81]
(e.g., temperature, precipitation). This transferability ensures that the assessment frame-
work remains effective in different climatic and socio-economic contexts. Furthermore, our
research results confirm that the natural production capacity remains the fundamental driv-
ing factor for the ecosystem products of forests, which is similar to the findings of previous
studies [16]. However, the contribution of human intervention capabilities should also be
acknowledged. In other words, targeted ecological investments and proactive management
interventions can accelerate the restoration of EPC in regions with a relatively weak natural
foundation [82]. Compared to complex process-based models such as InVEST or the 4C
model, which often necessitate high-resolution parameters and specialized computational
expertise [17], the simplicity and transparency of our indicator-based approach facilitate
rapid policy response and grassroots management.
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5.3. Implications for Forest Management in Henan

Rising incomes, urbanization, and agricultural expansion have intensified forest
scarcity while escalating public demand for ecological products. However, a significant
imbalance exists in the alignment of supply and demand, particularly in the plains [83].
Analyzing forest EPC is therefore essential to identify supply shortfalls, mitigate resource
risks, and provide a scientific basis for ecological accounting and cross-regional compen-
sation [10,83]. Our findings reveal that forest EPC in Henan is significantly higher in the
western and southern mountains than in the plains, though high-value areas remain limited.
Notably, the Global Moran’s I of 0.71 indicates a powerful spatial agglomeration effect,
where high-EPC and low-EPC areas form distinct clusters. To ensure a sustainable supply
of ecological products, a spatially coordinated management strategy is required:

First, implement integrated protection for High–High EPC clusters. As the western
and southern mountains form a contiguous high-value belt, management should transcend
administrative boundaries to establish a collaborative ecological corridor. These regions,
serving as the primary ecological shield for the Yellow River basin, must be strictly managed
under a unified “ecological protection red line” to mitigate habitat fragmentation caused by
human disturbances. Expanding nature reserves in the southern mountains is particularly
vital to preserving the continuity of these high-capacity clusters. This is with a view to
mitigating disturbances caused by human activities, including commercial logging and the
utilization of fuel wood in rural areas.

Second, leverage regional synergy to enhance forest resilience. In transitional areas
such as northern Nanyang and western Zhumadian, where spatial dependence is high,
forest health initiatives should be synchronized across administrative boundaries. Rather
than isolated firefighting or pest control, a regional monitoring and early warning network
should be established to protect these critical EPC zones [84]. Furthermore, afforestation
initiatives should prioritize diverse tree species [82] to enhance the collective resistance of
the forest belt against large-scale environmental risks.

Third, foster multi-city synergistic afforestation in Low-Low clusters. Given the
persistent low-EPC clustering in the central and eastern plains, policy should focus on
improving the spatial equity of ecological product access. A recent body of research has
revealed that urban forests, despite undergoing fragmentation, continue to offer ecological
benefits including temperature regulation, reduction in air pollution, and the provision
of recreational areas [85,86]. By integrating urban forests into the spatial planning of the
Zhengzhou metropolitan area, these regions can better fulfill the escalating environmental
health demands of densely populated urban areas.

5.4. Limitation and Future Work

Despite the insights provided by the EPC framework, this study has two primary
limitations that warrant further exploration. First, the current evaluation relies on a static
spatial snapshot and indirect remote sensing proxies. While this provides a baseline
for spatial management, it does not fully account for the intertemporal sustainability or
degradation trends of ecological supply. Incorporating temporal dynamics would allow
for a distinction between “stable supply zones” and “transitional risk zones”. While the
vegetation health index is an effective proxy for canopy stress, it is inherently sensitive
to moisture availability. In the context of Henan’s seasonal climate, the interpretation of
vegetation health index may be biased during periods of severe meteorological drought,
where moisture-induced browning could be misidentified as biotic disturbance. This is in
addition to the impacts of pests and diseases on vegetation [87]. Future research should
incorporate intertemporal dynamics and in situ forest inventories to distinguish between
stable supply zones and transitional risk areas.
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Second, while our hybrid weighting method identifies the relative importance of EPC
drivers, it does not fully decouple the complex, non-linear interactions between natural and
anthropogenic factors. The absence of a systematic sensitivity analysis remains a limitation
when evaluating the robustness of forest EPC against variations in parameters. The weight
analysis of this study indicates that natural endowments such as forest age, forest coverage,
and soil organic carbon content are the primary driving factors. To move beyond indicator
weighting toward a substantive understanding of spatial heterogeneity, future endeavors
should utilize Geodetector or Geographically Weighted Regression (GWR). These tools will
be essential for quantifying the threshold effects of human investment and its capacity to
compensate for natural environmental constraints across different geographical gradients.
In addition, The determination of weights was based on a group of six experts, and this
sample size is relatively small.

6. Conclusions
This study proposes a comprehensive EPC assessment framework for natural ecosys-

tems based on environmental background, vegetation status, human pressure, and human
investment. This framework was subsequently applied to forest ecosystems to establish
a robust assessment system for forest EPC. Utilizing a multi-criteria evaluation method
that combines the AHP with the entropy weight method, the study empirically analyzed
the spatial distribution of forest EPC in Henan Province. The primary conclusions are
summarized as follows:

(1) The spatial differentiation of forest EPC in Henan is primarily driven by a hierarchical
synergy of natural and anthropogenic factors, with natural endowment acting as the
foundational determinant.

(2) Henan exhibits significant spatial heterogeneity in forest EPC. The Dabie Mountains
in the south and the Funiu Mountains in the west exhibit significantly higher levels
of EPC in comparison to the northern mountainous areas and eastern plains. The
average forest EPC in Henan is 0.341, which is at an medium level, with only 16.52%
of forest area classified as having EPC at the ‘slightly high’ or ‘high’ levels. The
distribution of forest EPC in Henan exhibits strong spatial dependency.

(3) The EPC assessment framework established in this study proved to be reliable. In
comparison with conventional model-based methodologies, it reduces the application
threshold while maintaining high accuracy, thus providing novel methodological
concepts for analogous studies in other regions.
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