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Abstract: With the rapid development of society and the economy, human activities are increasing,
which often brings potential threats such as a decline in forest resource quality and ecological function.
In order to investigate the change in forest resource quality and human activity intensity, this study
constructed a calculation model for a forest resource quality index and a human activity intensity
index and conducted a quantitative analysis of the temporal and spatial changes in forest resource
quality and human activity intensity in Yulin City based on sub-compartment data in 2017 and 2020.
By combining spatial autocorrelation analysis, the changes in human activity intensity and spatial
forest resource quality were explored, and key areas such as the prominent contradictions between
humans and the land were superimposed and coupled as potential areas of concern. The results
show the following: From 2017 to 2020, the forest resource quality in Yulin City improved as a whole,
especially in Zizhou County, but there were increases and decreases in other regions. Human activity
intensity increased as a whole, and the most obvious increase was in Hengshan District. Both the
forest resource quality and human activity intensity indexes had spatial aggregation, the differences
in forest resource quality between regions were reduced, and human activity intensity showed a
trend towards aggregated development. The high–high cluster area for human activity intensity
showed a decreasing trend, but it expanded outward in urban areas and other human-gathering
areas, such as the surrounding area of Yulin City, Jingbian County, and Shenmu City. The high–high
cluster area for forest resource quality showed a shrinking trend. Four specific regions were identified
through a spatial coupled superposition analysis to reveal the dynamic relationship between forest
resource quality and human activity intensity. The most obvious region was the Yuyang District,
where the forest resource quality improved because of a reduction in the pressure of human activities
on the natural environment.

Keywords: forest resource quality; human activity intensity; sub-compartment data; Moran’s I;
Yulin City

1. Introduction

Humans and nature comprise a coupled system. Healthy forests are essential for
human life because forests and their dynamic changes not only provide food and energy but
also play a decisive role in preventing soil erosion, protecting biodiversity, and mitigating
climate warming [1]. With the rapid development of cities, human activities pose a serious
threat to forest resources. The irrational use of forest resources and the overexploitation
of land can result in exceeding the carrying capacity of forest ecosystems and can cause
negative impacts on forest resource quality to various degrees. Research indicates that
one-third of the world’s nature reserves face significant pressure due to anthropogenic
activities [2,3]. A total of 35.1% of the global forest structure has changed due to human
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factors [4]. Human activities have different degrees of influence on the extension, density,
structure, species composition, and ecosystem of forests in different areas, and forest
resource quality has also changed due to this influence [5,6].

Forest resources are the basic material of forestry production, so forest resource quality
directly impacts forestry production and the multiple benefits of forest resources. Forest
resource quality assessment can accurately understand the quality status of forest resources
and provide a basis for effectively improving forest resource quality and forest management.
Based on the isoperimetric theorem and isoperimetric theory, Zhang et al. (2023) attempted
to propose different uniformity indicators and normalized them to positive values. The
radius and central angle of each sector within the unit circle represented the value and
weight of each indicator, creating a more versatile evaluation function that provided a
reference for diagnosis and precise improvement of forest resource quality problems [7].
Fernando et al. (2014) used the Riparian Forest Evaluation (RFV) index to assess forest
spatial continuity (in its three core dimensions: longitudinal, transversal, and vertical) and
forest regeneration capacity and clarified the quality and extent of changes in riparian
forests, providing a basis for strengthening the protection and management of riparian
forests [8]. Based on the regional characteristics of forest resources and the needs of
sustainable forest management, Wu et al. (2010) established a forest resource quality
evaluation index system and a BP neural network for forest resource quality assessment and
evaluated the forest resources in Hubei Province, China [9]. By referring to and analyzing
forest quality indicators from domestic and foreign experts and institutions, Cao et al. (2023)
constructed a concept and model of forest growth potential and calculated the forest growth
potential based on the data of 110,000 forest resource sub-areas in Lin’an and Landsat 8
remote sensing data [10]. They also discussed a forest resource quality improvement
program in the subregion to provide guidance for accurately improving forest resource
quality and forest management [10]. In summary, forest resource quality assessment is of
great significance for understanding the status of forest resources and improving forest
resource quality and forest management. Different scholars adopted different methods
and technologies to establish diversified index systems and assessment models for forest
resource quality assessment, which provided a scientific basis for accurately improving
forest resource quality and forest management. However, forest resource quality evaluation
methods and models need to be constantly innovated based on the actual situation to meet
new changes and needs. Strengthening the research on the relationship between forest
resource quality and other factors, such as human activities, can also help us to better
understand and solve the difficulties in improving forest resource quality.

A wide range of human activities on forest land contribute to climatic change, promi-
nent among these are deforestation, desertification, industrialization, urbanization, and
other socio-economic activities [11]. Human activity intensity is a comprehensive index
used to describe the impact of human activities on land, and the quantitative measure-
ment and spatial expression of it can evaluate the impact of human activities on regional
ecological environments. The spatialization of human activity intensity can be used as a
base to identify forest resource quality and provide a basis for forest resource protection
and management. Based on a nonlinear mathematical model, Rachana et al. (2021) used
numerical simulations to graphically display various parameters such as the cumulative
biomass density of forest resources, density of human populations, and density of hu-
man activities and analyzed the impact of human activity intensity on forest resources
and the impact on forest wildlife species [11]. Zhuoma et al. (2023) simulated a poten-
tial Holocene geographical distribution of the three dominant coniferous species in the
Northeast Tibetan Plateau in response to the climate/environment and analyzed pollen
records and multi-proxies for anthropogenic activities to explore human impacts on natural
forest dynamics [12]. It can be seen that human activities have an important impact on the
quality and distribution of forest resources. Different scholars have used different methods
and techniques to quantitatively measure and spatially express human activity intensity
in order to evaluate the impact of human activities on regional ecological environments.
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Among them, spatial cluster analysis has been used in a variety of studies. For example,
Du et al. (2022) analyzed the landscape pattern characteristics of different periods and
combined spatial clustering and coupling superposition with human activity intensity to
identify areas where human–land conflicts are prominent [13]. Yuan et al. (2023) measured
the spatial dependence and spatial effects of ecological environments and human activities
by using bivariate local autocorrelation and the spatial Durbin model [14]. The spatial
autocorrelation analysis was also used to explore spatial distribution characteristics and the
degree of aggregation of variables, which is often used to analyze the relationship between
forests and humans, geomorphic factors, the climate, and other influencing factors [15–19].

Yulin City is located in northwest China. According to the latest forest resource survey
data, Yulin City has a forest area of about 2867 km2, with a forest coverage rate of 34.8%.
However, Yulin has suffered from severe wind erosion, desertification, and soil erosion
and is one of the most fragile ecological regions in China and even the world. After more
than 70 years of ecological projects such as the prevention and control of desertification
and returning farmland to forest, Yulin has become the first national forest city in the arid
and semi-arid sandy areas of China [20]. At the same time, Yulin is a densely populated
area. With the acceleration of economic development and urbanization, the population of
Yulin City continues to grow, and the development and utilization intensity of forest, land,
energy, and other resources will also increase, which will inevitably have a certain impact
on the ecological environment and natural resources of Yulin City.

To sum up, it is of great significance to evaluate the change in forest resource quality
in Yulin City and explore its relationship with human activities. The purposes of this study
are as follows: (1) The index system of human activity intensity and forest resource quality
was established. Based on the evaluation results, the spatial change characteristics of
human activity intensity and forest resource quality in different counties from 2017 to 2020
were discussed, and the development trend and change law of the two were understood;
(2) A spatial autocorrelation analysis of forest resource quality and human activity intensity
was carried out, and the concentrated distribution areas of forest resource quality and
human activity intensity were obtained, providing a basis for optimizing the layout and
planning of forest resources and human activities; (3) The relationship between forest
resource quality and human activity intensity in different counties was obtained by the
coupling and superposition of concentrated distribution areas of forest resource quality
and human activity intensity, which provided a scientific basis for further improving forest
resource quality and ecological environment construction and management in Yulin City.

2. Materials and Methods
2.1. Study Area

Yulin City (located between 36◦49′ and 39◦35′ N and 107◦15′ and 111◦15′ E) is located
in the transitional zone of the Mu Us Desert and the Loess Plateau, bordering the Shaanxi,
Gansu, and Shanxi provinces to the east, Gansu and Ningxia Hui Autonomous Region to
the west, Ordos City in Inner Mongolia to the north, Yan’an City to the south, and Shaanxi
Province to the west. Yulin comprises a vast area located in the northernmost part of Shanxi
Province, and it is the largest administrative region, with a length of 385 km from east to
west, a width of 263 km from north to south, and a total area of 43,578 km2. Currently, it
has jurisdiction over 1 city, 2 districts, and 9 counties (Figure 1).

Yulin City is in the transition between temperate and warm–temperate zones. Its
climate is a typical temperate/warm–temperate continental monsoon climate, showing four
distinct seasons with cold and dry winters, hot summers, short springs, and rain and heat at
the same time in autumn. The average annual temperature is 10.5 ◦C; the annual sunshine
duration is 2668 h, which is the longest sunshine time in Shaanxi Province; and the average
annual precipitation is about 500 mm. Yulin City has a unique landform and abundant
wildlife resources. The main vegetation types include steppes, meadows, deciduous broad-
leaved shrubs, deciduous broad-leaved forests, sandy vegetation, halophyte vegetation,
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aquatic vegetation, and swamps. There are more than 290 species of birds (109 species of
wetland waterfowl), 45 species of mammals, and 16 species of amphibians and reptiles.
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Figure 1. Location of study area.

According to the data from the third national land survey of Yulin City, the arbor forest
land is 1637.44 km2 in size, accounting for 13.45%. The shrubland is 7497.89 km2 in size,
accounting for 61.56%. The forest land is mainly distributed in Yuyang, Shenmu, Jingbian,
and Hengshan, accounting for 75.79% of the Yulin forest land. The forest resources of Yulin
City are mainly concentrated in the northern mountainous area and the southern hilly area.
The northern mountainous area is rich in forest resources, and the main tree species are
Pinus spp., Platycladus spp., and Sophora spp. The southern hilly area’s forest resources are
relatively less rich, with mainly Quercus spp. and Pinus spp.

2.2. Data Acquisition and Preprocessing

Forest resource inventory data and the vector data of Yulin City were all derived
from the Forestry and Grassland Bureau of Yulin City. ArcGIS 10.7 software was used
to extract the raster data of related forest resource quality indicators. The data include
the results of two surveys conducted in 2017 and 2020. In the survey, methods such
as on-site investigation, sampling investigation, aerial image interpretation, and ground
measurement were used to investigate the indicators included in the data of this study.

Advanced Spaceborne Thermal Emission and Reflection Radiometer Global Digital
Elevation Model (ASTER GDEM) data from Gscloud were used as terrain data with a
spatial resolution of 30 m. ArcGIS software was used to extract the slope and aspect of each
grid unit from the Digital Elevation Model (DEM).

The population density data were derived from Worldpop global 100 m population
grid data, with a spatial resolution of 100 m.

The road vector data from Bigemap were used to calculate the road density (road
length per kilometer).

Opaque surface data from the Chinese Academy of Sciences Institute, Team LiangYun
Liu, which comprise a 1985–2020 dataset of a global dynamic impervious area, were used,
and these data had a resolution of 30 m.

Using ArcGIS software, the raster data of the above coordinate systems were uniformly
projected to CGCS2000_3_Degree_GK_CM_108E with a unified resolution of 30 m.
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2.3. Data Processing and Analysis
2.3.1. Indicator Selection

Based on sorting and considering the conclusions of the previous research results
of experts and scholars, an index was assigned and standardized, and the weight was
determined by the entropy weight method to establish an evaluation system of forest
resource quality and human activity intensity in Yulin City.

The selection of indicators fully reflects various aspects of forest resource quality,
avoids selecting highly correlated or repetitive indicators, and tries to choose irrelevant or
weakly correlated indicators as much as possible. Based on the forest resource inventory
data of Yulin City and combined with relevant studies [21–26], the following 8 evaluation
indicators were selected: stock volume per unit area, quality grade of forest land, age group,
origin, soil layer thickness, soil type, slope, and aspect. The details are as follows.

Volume per unit area: This indicator reflects the density and growth of forests. The
higher the volume per unit area, the higher the yield or biomass of the forest per unit area.

Quality grade of forest land: This indicator is divided into different levels based on
the productivity and protection value of forest land. This indicator can help us understand
and evaluate the overall quality and distribution of forest resources.

Age group: The age structure of forests has a significant impact on forest quality and
stability. The different age groups of young, middle-aged, and mature forests represent the
growth stage and potential for future development of forests.

Origin: This indicator reflects different reasons behind forest formation. The origin of
forests has a significant impact on the quality and distribution of forest resources. Different
types of origin may have different growth conditions and productivity. For example,
natural forests generally have more complex ecosystems and higher productivity than
artificial forests.

Soil layer thickness: Soil is the foundation of forest growth, and soil layer thickness
directly affects the growth and storage of trees. Generally speaking, the thicker the soil
layer, the more nutrients and water it can provide for trees, which is beneficial for the
growth and stability of forests.

Soil type: Different soil types have different effects on the growth and accumulation of
trees. For example, certain soil types may be more suitable for the growth of certain tree
species or have higher water and fertilizer retention properties, providing a better growth
environment.

Slope: Slope can affect various aspects such as hydrology, soil erosion, and tree growth,
thus having a significant impact on forest resource quality. For example, on steep slopes,
soil erosion may be more severe, while on flat land, soil and hydrological conditions may
be more stable.

Aspect: Different aspects are affected by different lighting and water conditions, thus
having a significant impact on the growth and quality of forests. For example, the southern
slope receives more light and heat than the northern slope, which is more conducive to the
growth and accumulation of forests.

The reason for selecting the above 8 indicators for evaluation is that, on the one hand,
they can be directly obtained from the local administrative regions’ sub-compartment
data, which have corresponding rules and standards for updating in China, and are more
conducive to conducting continuous research and promoting it to other regions. On the
other hand, they can reflect the forest resource quality from different aspects, thus providing
comprehensive evaluation results.

The quantification of human activity intensity according to relevant research [13,27],
the road density, the percentage of impervious surface area, and the population density
were also selected as indicators which are widely accepted as statistical indicators with a
strong correlation to human activity and environmental impact.

Road density is a very tangible indicator that reflects infrastructural development.
Roads usually mean vehicles, and vehicles mean human activity involving transportation
and commerce.
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Impermeable surface refers to the surface covered by impermeable materials, usually
including surfaces with low permeability such as roofs, parking lots, and roads. The
percentage of impervious surface area provides a direct indicator of the level of urbanization
and infrastructure development. With urbanization typically comes a higher level of human
activity and impact on natural ecosystems. It also serves as a stark indicator of the potential
for environmental issues like runoff pollution and the urban heat island effect.

Population density is a clear and simple representation of human activity levels in
certain areas. Naturally, where there are more people, there is usually more human activity,
which likely has a bigger impact on the environment.

These indicators provide valuable information on how humans are using and changing
the environment. They are relatively easy to measure and quantify compared to some other
possible indicators, making them practical choices for an index.

2.3.2. Range Standardization

Due to the different data sources of each indicator and the disunity of unit dimensions,
the indicators are not comparable. Therefore, in order to clarify the change trend of
forest resource quality and human activity intensity, it is necessary to standardize the
indicators [28]. The standardized formula is as follows:

Ki = (Xi − Xmin)/(Xmax − Xmin) (1)

In the formula, Xi is the actual value of indicator i; Xmax is the maximum value of
indicator i; Xmin is the minimum value of indicator i; and Ki is the standardized indicator
value of indicator i.

2.3.3. Graded Assignment Method

Forest resource quality indexes such as the quality grade of forest land, age group,
origin, and soil type are not suitable for range standardization. By referring to the relevant
literature [21–26], a grading assignment method was adopted to divide the indicators that
were not suitable for range standardization into 5 grades within their value range, assign
corresponding scores according to their states in turn, and then standardize them (Table 1).

Table 1. Forest resource quality index system and weight.

Indicator Weight Assigned Value

1 2 3 4 5

Volume per
unit area 0.4529 Directly standardized by Formula (1)

Quality grade
of forest land 0.0949 V IV III II I

Age group 0.0968 Other Young forest Half-mature
forest

Near-mature forest;
overmature forest Mature forest

Origin 0.1281 Other — Planted forest — Natural forest

Soil layer
thickness 0.1112 Directly standardized by Formula (1)

Soil type 0.1015
Saline
stony
soil

Acidic stony soil;
neutral stony soil;

calcareous stony soil;
acidic coarse bone soil

White pulped
brown

coniferous
forest soil

—
Yellow cinnamon soil;

white pulped
yellowish-brown soil

Slope 0.0006 Directly standardized by Formula (1)

Aspect 0.0140 South Southeast; southwest East; west; flat
ground

Northeast;
northwest North
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2.3.4. Weight Calculation

Weight is a numerical value that represents the relative importance of many factors.
When evaluating multiple indicators, it is important and difficult to determine the weight
of each indicator. There are many methods for determining weight, including the entropy
weight method, the expert consultation method, the analytic hierarchy process, etc. [29].
The entropy weight method mainly determines weights according to the differences in
sample data among evaluation objects. It is a common and objective weighting method
with relatively few subjective factors, and the evaluation results are highly reliable [30]. In
order to reduce randomness and improve scientific accuracy, the entropy weight method
was used to calculate the weights of each evaluation index when evaluating forest resource
quality and human activity intensity (Table 2).

Table 2. Human activity intensity index system and weight.

Index Weight Method of Calculation

Road density 0.2389 Length of road/area (m/km2)
Percentage of impervious surface area 0.2499 Impervious surface area/area (%)

Population density 0.5112 Number of people/area (people/km2)

The calculation formula for the entropy weight method is as follows:

1. Select a sample and indicator, defined as sample i and indicator j;
2. Normalize the indicators; heterogeneous indicators are homogenized to obtain Xij;
3. Calculate the proportion of indicators Yij:

Yij =
Xij

∑m
i=1 Xij

(2)

4. Calculate the entropy value of indicator j:

ej = −k
m

∑
i=1

(
Yij × ln Yij

)
(3)

5. In the equation, k = 1/ln(n) > 0 satisfies the condition of eij ≥ 0;
6. Calculate information entropy redundancy:

dj = 1− ej (4)

7. Calculate the weights of various indicators:

Wi =
dj

∑n
j=1 di

(5)

2.3.5. Index Evaluation Results

Forest resource quality is determined based on the index of stock volume per unit area,
the quality grade of the forest land, the age group, the origin, the soil layer thickness, the
soil type, the slope, and the aspect. Human activity intensity is determined based on the
road density, the percentage of impervious surface area, and the population density.

I =
n

∑
i=1

Xi ×Wi (6)

In the formula, I is the evaluation result of the indicator for every raster point, Xi is
the standardized value of indicator I, and Wi is the weight of indicator i.
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2.3.6. Spatial Autocorrelation Analysis

In order to analyze the spatial variation of forest resource quality and human activity
intensity, the spatial correlation was measured and tested using global spatial autocorrela-
tion and local spatial autocorrelation.

In order to intuitively understand the spatial distribution changes in forest resource
quality and human activity intensity indexes, a grid analysis was adopted in the spatial
autocorrelation analysis. Grid scales of 500 m × 500 m, 1 km × 1 km, 2 km × 2 km, and
5 km × 5 km were selected as references by comprehensively considering the actual situa-
tion of the study area. After research and testing, the 1 km × 1 km grid scale was deemed
to be the most advantageous for the purposes of our spatial analysis and struck an effective
balance between computational efficiency and detailed analysis. In our analysis, this grid
scale was capable of accurately capturing the phenomenon we were researching. When
considering the coverage of the whole study area, this grid scale ensured adequate cell
coverage across the entire region. Moreover, it alleviated concerns over spatial autocorrela-
tion, rendering our analysis robust and dependable. Therefore, the 1 km × 1 km grid as
an evaluation unit was determined [13]. A total of 45,684 evaluation cells were divided
to measure the spatial autocorrelation analysis results of the forest resource quality and
human activity intensity in network cells in 2017 and 2020.

(1) Global spatial autocorrelation analysis

Global spatial autocorrelation analysis was mostly performed using the global Moran’s
I index, the range of which is [−1, 1]. When the Moran index is greater than 0, it means that
the spatial autocorrelation is positive, and when it is less than 0, the spatial autocorrelation
is negative. The greater the absolute value of the Moran index, the higher the degree of
correlation. When the Moran index is 0, the global space is irrelevant, indicating that the
spatial distribution is irregular and belongs to a random distribution.

I =
∑n

i=1 ∑n
j=1 Wij

(
Xi − X

)(
Xj − X

)
S2∑n

i=1 ∑n
j=1 Wij

(7)

In the formula, I represents Moran’s I index. n represents the number of grids. Xi and
Xj represent the values of grid i and j, respectively. X represents the average of all grid
values. Wij is the adjacency space weight matrix. S2 is the variance value of X.

The calculation formula for Moran’s I index generally used for significance testing is

Z =
I − E(I)√

var(I)
(8)

where E(I) represents the expected value of Moran’s I index and var(I) represents the
variance in Moran’s I index. The value of p corresponding to Z at the 5% significance level
was compared. If p was less than 0.05, it indicated significance.

(2) Local spatial autocorrelation analysis

The local Moran’s I index in the local autocorrelation analysis was used to calculate
four types of cluster graphs: high–high, low–low, high–low, and low–high.

Ii = Xi∑n
j=1 WijXj (9)

In the formula, Xi and Xj represent the standardized values of the indicators and Wij
is the spatial weight matrix. The significance of the local spatial autocorrelation was tested
using the Zi value of the standardized statistic. When Ii > 0 and Zi > 0, then the spatial unit
i is in the high–high (HH) quadrant; when Ii > 0 and Zi < 0, then the spatial unit i is in the
low–low (LL) quadrant; when Ii < 0 and Zi > 0, then the spatial unit i is in the high–low
(HL) quadrant; and when Ii < 0 and Zi < 0, then the spatial unit i is in the low–high (LH)
quadrant.
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3. Results
3.1. Temporal and Spatial Changes in Forest Resource Quality

According to the results of Yulin City’s forest resource quality evaluation model
(Figure 2), it can be seen that in 2017, Hengshan District, Yuyang District, Jingbian County,
Qingjian County, and Suide County all had a good forest resource quality status, with
quality indexes above 0.1500, while Shenmu City had a poor forest resource status, with
a quality index of only 0.0068. From 2017 to 2020, the forest resource quality of Yulin
City showed an overall upward trend, and the average forest resource quality index
increased from 0.1457 in 2017 to 0.1486 in 2020. The forest quality in Zizhou County,
Wubu County, Mizhi County, Jia County, and Qingjian County increased significantly, and
the forest resource quality index increased by 41.95%, 26.53%, 19.71%, 9.49%, and 9.44%,
respectively. Hengshan District, Yuyang District, Fugu County, and Dingbian County
showed a downward trend, and the forest resource quality index decreased by 5.08%,
3.18%, 2.69%, and 1.31%, respectively.
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3.2. Temporal and Spatial Variation in Human Activity Intensity

According to the calculation of the human activity intensity index model and the
spatial analysis, a distribution map of human activity intensity (Figure 3) was obtained.
It can be seen that from 2017 to 2020, the human activity intensity in Yulin City was, on
the whole, on an upward trend, and the most obvious rise was in Hengshan District, the
human activity intensity index of which increased by 0.57%. Next came Fugu County,
Suide County, Jingbian County, and Mizhi County, where the human activity intensity
indexes increased by 0.40%, 0.34%, 0.30%, and 0.30%, respectively. The intensity index
of human activities in other areas of Yulin City increased to different degrees, but the
increase rate was low, at less than 0.20%. The highest human activity intensity in Yulin City
was in Wubu County, the human activity intensity index of which reached 0.0119 in 2017,
while the human activity intensity indexes in other areas were distributed between 0.0045
and 0.0085.
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3.3. Autocorrelation Analysis of Forest Resource Quality and Human Activity Intensity

As can be seen from Table 3, the global spatial autocorrelation p values of the forest
resource quality and human activity intensity indexes in 2017 and 2020 were both less than
0.01, thus passing the significance test, and the global Moran index was positive, indicating



Forests 2023, 14, 1929 11 of 16

that both the forest resource quality and human activity intensity indexes experienced a
spatial aggregation phenomenon and that the spatial distribution was regular. However,
from 2017 to 2020, the global Moran’s I index showed a decline in forest resource quality,
indicating that the forest resource quality of Yulin City developed from an aggregation
state to a random state in recent years, and the difference between areas decreased. How-
ever, the global Moran’s I index of human activity intensity increased, indicating that the
intensity of human activities in Yulin City showed a trend of aggregated development,
and the difference between different administrative areas in Yulin city gradually increased,
which is also in line with the law of population flow in the process of urbanization in our
country [31].

Table 3. Global Moran’s I for forest resource quality and human activity intensity in Yulin City.

Forest Resource Quality Human Activity Intensity

Global Moran’s I p Z Global Moran’s I p Z

2017 0.2124 <0.01 86.08 0.5083 <0.01 206.11
2020 0.1972 <0.01 79.96 0.5103 <0.01 206.94

As shown in Figure 4, compared with 2017, the HH area of human activity intensity
in 2020 showed a trend of gradually extending outward in economically developed areas,
but its area decreased from 2907 km2 in 2017 to 2880 km2 in 2020. The LL cluster was
reduced from 13,115 km2 in 2017 to 12,972 km2 in 2020. As human activities are usually
concentrated in economically developed areas, the original HH cluster area will continue
to increase over time, while human activities will no longer concentrate in other areas of
Yulin City.
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As shown in Figure 5, the HH cluster area of the forest resource quality index decreased
from 4445 km2 in 2017 to 4238 km2 in 2020, and the LL cluster area also decreased from
4337 km2 in 2017 to 4242 km2 in 2020, indicating that, although the overall average forest
resource quality index in Yulin City has increased, its accumulation trend is shrinking.
However, its aggregation showed a shrinking trend. This may mean that, in the process of
improving the overall quality of forest resources, some high-quality forest resources are
exploited or destroyed or some low-quality forest resources are improved.
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According to spatial coupling and the superposition of spatial hot spots (cold spots)
of human activity intensity and forest resource quality in 2017 and 2020, different types
of overlapping areas were obtained. The overlapping area between the HH cluster area
of human activity intensity and the HH cluster area of forest resource quality, indicating
a concentrated area of human–land conflict, was denoted as R1. The overlapping area
between the HH cluster area of human activity intensity and the LL cluster area of forest
resource quality, indicating the main area of human activity intensity concentration and
aggregation, was denoted as R2. The overlapping area between the LL cluster area of
human activity intensity and the HH cluster area of forest resource quality, indicating
an area suitable for the development of forest resource quality, was denoted as R3. The
overlapping area between the LL cluster area of human activity intensity and the LL cluster
area of forest resource quality, indicating an area of fewer human activities and a poor
quality of forest resources, was denoted as R4.

As can be seen from Figure 5, the area of R2 was the largest among the different types
of overlapping areas and presented a relatively obvious decreasing trend. In 2017 and
2020, the area accounted for 4.94% and 4.29% of the total study area, respectively, which
represents a decrease of 15.21%. The area of R4 decreased, but the decrease was less than
that of R2. The area of R4 in 2017 and 2020 accounted for 1.95% and 1.85% of the total
study area, respectively, which represents a decrease of 5.4%. Differently from R2 and R4,
the area of R3 increased, accounting for 1.31% and 1.35% of the study area in 2017 and
2020, respectively, which represents an increase of 3.11%. The smallest area was R1, which
accounted for 0.34% and 0.36% of the total study area in 2017 and 2020, respectively, which
represents an increase of 5.23%. It can be seen that the human–land conflict area in Yulin
City was scattered and such conflict rarely occurred.

Among them, the increase in R1 mainly occurred in Zizhou County, and the increased
area was the same as the total increased area of R1. The decrease in R2 mainly occurred in
Yuyang District, and the decreased area was 60.36% of the total decreased area of R2. The
increase in R3 mainly occurred in Yuyang District, and the increased area was 88.89% of
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the total increased area of R3. The decrease in R4 mainly occurred in Shenmu City, and the
decreased area was 120.93% of the total decreased area of R4.

4. Discussion

(1) By building the forest resource quality evaluation and human activity intensity
model, this study focused on the changes in the forest resource quality and the human
activity intensity in Yulin City, quantitatively revealing the spatial distribution characteris-
tics of human activity intensity, visually displaying the areas with greater forest resource
destruction in the study area, and simultaneously calculating the spatial distribution in
the region that needs to be focused on and protected, thus providing a basis for ecological
protection. At present, China’s forest sub-compartment data have basically achieved full
coverage and have been widely used in the calculation of forest naturalness, forest eco-
logical compensation value, forest quality, and other aspects [25,32,33]. Therefore, with
reference to this research method, an evaluation of national forest resource quality and
human activity intensity can be further carried out. This can provide strong support for the
implementation of different policies in different areas.

(2) This paper used data from 2017 and 2020; compared with other studies that
only used single-year data [22,28], this study could more intuitively see the changes in
human activities and forest resource quality and propose effective conservation strategies
accordingly. Some studies also used data over longer periods of time to analyze the
relationship between forest quality and human activities [34,35]. In future studies, we
can also consider combining short-term and long-term data to reveal the relationship
between human activity intensity and forest resource quality from a more comprehensive
perspective.

(3) An ecological carrying capacity study based on the perspective of resources and
the environment showed that the mountainous area of northern Shaanxi can be positioned
as a national key ecological functional area, and the northern area of Yulin is the core area
of national urbanization development, indicating that there may be a large amount of
population flow and construction activities in this area, and there is a high demand for the
protection and restoration of the ecological environment [36]. This study can intuitively
show the areas with a greater degree of destruction of forest resources and clarify the spatial
distribution that needs to be paid attention to and protected so that the research results are
more meaningful for a practical application. A study on land-use data showed that the
habitat quality in Yulin City presents a pattern of high quality in the east and low quality
in the west [37]. A study on human activities and the change in vegetation greenness in
Shaanxi Province showed that human activities have a great impact on vegetation changes
and that the greenness increase in Yulin City exceeded the average level for the whole
province [38]. This study further supports the quantitative revelation of the relationship
between the forest resource quality and the human activity intensity in Yulin City and
proves the status of the ecological environment in Yulin City and the impact of human
activities on it.

(4) With the continuous development of the economy and the continuous increase
in the population, if not guided, land will continue to transform into construction land,
which will threaten or even seriously damage the forest resources of Yulin City. The
spatial distribution characteristics of forest resource quality need to be grasped, areas
where human–land conflicts are prominent need to be identified, and areas seriously
disturbed by human activities in Yulin City need to be explored in order to effectively avoid
protection gaps and provide a spatial reference for forest resource management in Yulin
City. Differentiated spatial management and control means can promote the ordering of
human activity elements in regional space and a realization of the balance between ecology
and humanity [39]. It is suggested that differentiated management measures should be
adopted for areas with different degrees of human disturbance in this study. For example,
in the R4 area, large-scale development is restricted and ecological restoration is mainly
carried out through afforestation, returning farmland to forest, and other ecological projects;
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in the R3 region, the forest protection work is mainly focused on mountain closure and the
strengthening of forest cultivation; and in the R2 region, the development restrictions can
be appropriately relaxed without damaging the ecology. In the future, it is necessary to
continue to track and monitor these areas with different degrees of human disturbance,
further analyze the causes and impacts, and judge the effects of corresponding policies or
measures so as to better solve the problem of human–land conflict, protect and optimize
the spatial layout of forest resources, and promote the sustainable use of forest resources.

5. Conclusions

Based on the sub-compartment data in Yulin City, this study calculated the temporal
and spatial changes in the forest resource quality and human activity intensity by construct-
ing an index model of forest resource quality and human activity intensity, conducting
an autocorrelation analysis of forest resource quality and human activity intensity, and
describing their overlapping areas and changes. The research results showed the following:

(1) From 2017 to 2020, the forest resource quality index of Yulin City increased overall,
but the trends of the change in the forest resource quality in different administrative districts
of Yulin City were slightly different. The forest resources in Hengshan District, Yuyang
District, Jingbian County, Qingjian County, and Suide County were of good quality. The
forest resource quality indexes increased in Zizhou County, Wubu County, Mizhi County,
Jia County, and Qingjian County, among which the growth rate of Zizhou County was the
largest, reaching 41.95%;

(2) From 2017 to 2020, the human activity intensity index of Yulin City increased
overall, but the trends of the change in the human activity intensity index of different
administrative districts of Yulin City were slightly different. Among them, the human
activity intensity index in Hengshan District increased the fastest, reaching 0.57%, and the
human activity intensity index in other areas also increased, but the growth rate was lower;

(3) Both the forest resource quality and human activity intensity indexes exhibited
a spatial aggregation phenomenon. From 2017 to 2020, forest resource quality showed a
decrease in aggregation, while human activity intensity showed an increase in aggregation.
The human activity intensity index had a tendency to expand further in the main areas
of human concentration but shrink in other areas. At the same time, differently from the
increase in the overall forest resource quality index, its aggregation shrunk;

(4) Four specific areas were identified through spatial coupling and a superposition
analysis to reveal the dynamic relationship between forest resource quality and human
activity intensity. It can be seen that from 2017 to 2020, the area of concentrated human
activity intensity (R2) decreased by 15.21%, mainly in Yuyang District. On the contrary, the
area suitable for the development of forest resource quality (R3) increased slightly by 3.11%,
mainly in Yuyang District, indicating that the forest resource quality in this area improved
due to a reduction in the pressure of human activities on the natural environment. In
addition, the area where human–land conflicts were concentrated (R1) and the area with
fewer human activities and a poor quality of forest resources (R4) experienced small changes
in area: 5.23% and 5.40%, respectively.
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