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Abstract: Understanding the determination factors of the spatial distribution of forest cover is crucial
for global forest governance. This study contributed a nuanced case, focusing on the determination
factors for the spatial distribution of forest cover in Fujian Province, China, in 2020. In order to achieve
this, a high-resolution GIS-based data set was used, and spatial auto-correlation and geographic
detector approaches were adopted. Three findings are presented in the results. First, the spatial
distribution of forest cover is affected by natural conditions. In regions with more precipitation,
higher altitude, or cooler temperatures, forest cover is higher. The relationship between the spatial
distribution of forest cover and slope is an inverted-U shape. Second, socioeconomic factors have a
greater explanatory capacity. In particular, regions with dense populations or roads have less forest
cover. Third, there is an inverted-U-shaped relationship between the spatial distribution of forest
cover and GDP per capita. With the growth of GDP per capita, forest cover is first positive, but
subsequently negative. The results indicate that natural factors could shape the spatial distribution of
forest cover, while socioeconomic factors could play a more significant role in the spatial distribution
of forest cover.

Keywords: forest spatial distribution; geographic detector; driving factors

1. Introduction

The spatial distribution of forest cover has been uneven and dynamic across the globe.
While tropical regions still experience deforestation, forest cover has expanded in Europe
after a period of decline [1–4]. In recent decades, China has reversed the decline of forest
cover and experienced net forest cover expansion [5], while its spatial distribution of forest
cover is still uneven. For example, the forest cover of traditional forest regions in northeast
China is shrinking, and forest cover in central and western China is still low, while forest
cover in the south of China is gradually increasing [6].

The dynamic and uneven spatial distribution of forest cover prompts a need to identify
the determination factors. With the advancement of GIS-based techniques, recent studies have
shown an urgent need to unravel potential determination factors in various regions [7,8].

A great number of scholars have investigated the close relationship between topo-
graphical and climatic factors and the spatial distribution of forest cover [9–12]. For
example, the forest cover of northeastern China is clustered in mountainous and hilly
regions, and is affected by terrain and landform [13]. In addition, precipitation and altitude
have a correlation, and they determine the spatial distribution of forest cover in the Qaidam
Basin. Regions with higher precipitation in the Qaidam Basin have greater forest cover, and
the largest forest cover is found between 3000 and 3500 m above sea level [14]. Additionally,
forest cover decreases with an increase in temperature and a decrease in precipitation [9].
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Against the background of climate change, the global spatial distribution of forest cover
will continue to evolve. Specifically, in regions with high altitudes and heavy precipitation
in the Boreal Zone, Atlantic Zone, and Continental Zone, rising temperatures will increase
forest cover, while in regions with low elevations and poor precipitation in the Mediter-
ranean, forest degradation will be severe [15]. Therefore, the natural environment can exert
control over forest cover [16].

Recent studies have paid increasing attention to humans’ capacity to act upon the forest
cover [17,18]. The transformation between a variety of land types brought on by the change
in land use is the primary determination factor for the spatial distribution of forest cover [19].
In the context of population expansion, the spread of arable land and construction land
has condensed the geographical extent of forests [20]. Subsequently, population shift,
which is mainly manifested by the large-scale migration of rural populations to cities, has
become prevalent [21], reducing the pressure on forests. Additionally, agricultural land
productivity has increased, which has encouraged the conversion of agricultural land in
forest margin regions to forests [22,23], or vice versa. With the growth of per capita income,
the core demand of the public for forests has begun to convert from wood supply toward
ecological services [24]. A great number of countries are gradually reducing deforestation
and promoting afforestation. Electricity consumption is becoming increasingly popular,
and a transition from traditional wood fuel to electricity and fossil energy has decreased
the demand for fuel wood [25]. In particular, road infrastructure construction significantly
reduces transportation costs, resulting in an expansion of the scope of forests available for
lucrative cutting activities [26,27]. The influence of road infrastructure construction on the
spatial distribution of forest cover cannot be overlooked [28,29].

China’s forest cover has steadily increased since the 1980s. However, from a spatial
perspective, forest cover varies between regions [5]. Specifically, some provinces in southern
China have taken the lead in increasing national forest cover. Fujian Province, located on
China’s southeastern coast, is a typical case, with the percentage of forest cover increasing
from 37 percent to 66.8 percent over the past four decades [30]. The spatial distribution
of forest cover in Fujian Province reveals substantial variation between diverse regions.
The issue of what factors determine the spatial distribution for forest cover has not yet
been resolved.

Before 1949, socioeconomic retrogression and war in Fujian Province led to the destruc-
tion of original forests [5]. Over the next three decades, the percentage of forest cover in
Fujian declined by ten percent [30]. With the rapid economic growth and remarkable social
progress starting in the eastern coastal cities since the 1980s, forest cover of Fujian province
has been steadily increasing. Additionally, transportation infrastructure, especially rural
roads, has made great progress in the last twenty years, which lays the foundation for the
flow of labor between regions and the substitution of fuel wood [31]. As a result, popu-
lation emigration creates beneficial conditions for forest restoration in rural regions [19].
While observing the change in forest cover, the variation of socioeconomic factors is an
important consideration [4]. The spatial distribution of forest cover reflects forest cover
change intuitively. Will these socioeconomic factors influence the spatial distribution of
forest cover? In addition, the eastern regions of Fujian Province are flat, while the central
and western regions are mainly hills and mountains. With the variation in topography,
the climate conditions also change [32]. Therefore, Fujian is a perfect case to explore the
determination factors for the spatial distribution of forest cover. This paper used a spatial
auto-correlation approach to analyze spatial distribution characteristics of forest cover at
the county level. In addition, the geographic detector approach was adopted to investi-
gate the determination factors for the spatial distribution of forest cover. Clarifying the
determinants for the spatial distribution of forest cover can help achieve forest growth in
developing countries experiencing population growth and economic development.

The rest of the paper is organized as follows. Section 2 describes the data sources
and research methods. Section 3 describes our research results. Section 4 discusses the
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determination factors for the spatial distribution of forest cover. Section 5, finally, presents
our conclusions.

2. Data Sources and Research Methods
2.1. Data Sources

Forest cover data for the Fujian province in 2020 was obtained from 30 m- resolution
land use data. The natural environmental condition data, road density data, and land-use
data were obtained from the Chinese Academy of Sciences’ resources and environment
science data center. The land use data encompassed six categories of land: agricultural
land, forestland, grassland, water area, construction land, and undeveloped land [33]. In
order to measure the spatial distribution of forest cover in Fujian Province, forest refers to
four sub-categories: closed forest, open forest, shrub, and other forest [16]. Forest cover in
this study refers to the ratio of closed forest area to total land area. Due to the availability
of climatic data, the average annual temperature and precipitation for each county-level
jurisdiction were instead retrieved from the data from 2019. The social and economic
data (population density, industry output, grain output, GDP, forestry production, and
electricity consumption) were acquired from the statistical yearbook of Fujian Province and
from the statistical yearbook of prefecture-level cities of Fujian Province.

2.2. Research Methods
2.2.1. Global Spatial Auto-Correlation

The spatial distribution of forest cover at the county level in Fujian Province was
described using global spatial auto-correlation. The range [−1, 1] was used for the Global
Moran’s I statistic. A significant and positive Moran’s I indicates that the region with a
larger (smaller) amount of forest cover is spatially clustered. In contrast, if Moran’s I is
strongly negative, there is a considerable geographical difference between the region and
the surrounding area in terms of forest cover. If Moran’s I is near zero, forest cover is
distributed randomly, or there is no geographical link. The formula for calculating Moran’s
I is as follows:

I =

(
n

∑i ∑j Wij

)[
∑i ∑j Wij(xi − x)

(
xj − x

)
∑i(xi − x)2

]
(1)

where Wij is the spatial weight matrix, n is the number of regional elements, xi is the
observed value of the ith regional element, and x is the average observed value.

2.2.2. Local Spatial Auto-Correlation

The local Moran’s I index reveals the similarity or connection of forest cover between
a county-level jurisdiction and the neighboring county-level jurisdiction in Fujian Province.
In addition, the global Moran’s I index is decomposed to the county level of Fujian province.
Local spatial auto-correlation results include four types: H-H clustering type, L-L clustering
type, H-L clustering type, and L-H clustering type. H-H clustering type refers to the high
value of forest cover in the reference county-level jurisdiction, which is surrounded by
county-level jurisdictions with a similarly high value of forest cover. L-L clustering type
indicates that the reference county-level jurisdiction has a low value and is surrounded
by other county-level jurisdictions with low values. H-L clustering type indicates that
the reference unit has a high value and is surrounded by low-value units, whereas L-H
clustering type indicates that the reference unit has a low value and is surrounded by
high-value units. The formula of the local Moran’s I index is expressed as follows:

Ii =
yi − y

s2 ∑n
j=1 Wij(yi − y) (2)

where s2 is the discrete variance of yi, y is the mean, and Wij is the spatial weight matrix.
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2.2.3. Geographical Detector

The geographical detector serves as a statistical method suitable for testing associ-
ations between a geographical phenomenon and its potential determination factors [34].
The geographical detector has proven its advantage in making no strict assumptions for
explaining determination factors of geographical phenomena, which is suitable for ex-
ploratory studies. Based on spatial differentiation, this fundamental theory evaluates the
consistency between potential determination factors and geographical phenomena. The
potential determination factor should have a similar spatial distribution as the geographical
phenomenon if potential determination factors have critical effects on the geographical
phenomenon [35]. We selected 12 indicators from the natural environmental factors and
socioeconomic factors (Table 1). Then, we applied the geographical detector to analyze
potential determination factors in the forest cover in Fujian Province.

Table 1. Determination factors of the spatial distribution of forest cover.

Determination Factors Units Max Min

Natural environmental
factors

Precipitation Mm 1948.4 1199.7
Average annual temperature ◦C 21.0 16.4

Elevation M 2138 −6
Slope ◦ 82.3 0

Socioeconomic factors

Population density person/km2 18,301 68
Output value of tertiary industry billion 17.58 0.34

Grain output per unit area ton/ha 7.03 4.58
GDP per capita RMB (yuan) 307,557 50,909

Per capita disposable income of rural households RMB (yuan) 29,323 14,449
Forestry output value RMB (yuan) 251,356 0

Household electricity consumption million kw·h 2372.4 147.3
Road density km/km2 113.41 1.21

The mechanism of the geographical detector is as follows. First, Fujian was divided
into n units, and the forest cover of every unit was recorded: y1, y2 . . . . . . yn. In fact, the
potential determination factors must be categorical variables in the geographical detector.
However, the potential determination factors selected in this paper are all continuous
variables. The natural discontinuity grading technique was taken to transform continuous
variables into categorical variables. Based on the highest value, mean value, and standard
deviation of continuous variables, the natural discontinuity grading technique was used
to divide a continuous value into nine geographical strata (Xi, i = 1, 2 . . . 9). In particular,
stratum 1 (category 1) suggests that the actual value of the determination factor was the
smallest, whereas stratum 9 (category 9) suggests that the actual value was the largest.
Then, the distribution of the forest cover was overlaid with the geographical stratum X.
Every unit recorded the forest cover and each potential determination factor’s category.
Then, two approaches for the geographical detector were adopted: factor detector and
risk detector.

Factor detector calculates the explanatory power of each potential determination factor
for the forest cover’s spatial distribution. In this study, q is defined as the difference between
one and the ratio of accumulated dispersion variance of the forest cover of each sub-region
to that of the entire study region. If factor X affects the forest cover, the dispersion variance
of the forest cover in each sub-region will be small, whereas the variance between sub-
regions will be large. In other words, when the factor completely explains the spatial
distribution of forest cover, and the variance σ2

x,i = 0, then the variance σ2 6= 0 and q = 1;
in contrast, when a factor is completely unrelated to forest cover, then q = 0. The q value
ranges between [0, 1]. The effect of a determination factor on the spatial distribution of
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forest cover increases with q. Equation (3) shows the expression for the q value for the
factor detector:

q = 1− 1
Nσ2 ∑9

i=1 nx,iσ
2
x,i (3)

where N is the total number of units over the entire region, σ2 is the variance between
sub-regions, nx,i is the number of units in sub-region Xi, and σ2

x,i is the dispersion variance
of the forest cover in each sub-region. The q value indicates the explanatory power of a
determination factor on the distribution of forest cover.

The risk detector is usually used to examine the difference in average values between
sub-regions of factor X. However, we focus on calculating the average values of forest
cover in each sub-region Xi. Equation (4) shows the expression for the average values of
forest cover:

Yx,i =
∑m

k=1 ym
m

(4)

where Yx,i is the mean of forest cover in sub-region Xi, m is the number of units in sub-region
Xi, and ym is the forest cover of each unit.

3. Research Results
3.1. Spatial Distribution of Forest Cover

We categorized forest cover into five levels based on the natural discontinuity grading
method: lower, low, middle, high, and higher. The forest cover in the majority of county-
level jurisdictions is middle or above, with 51 county-level jurisdictions accounting for
65.4 percent. Only a small number of county-level jurisdictions (27, representing 34.6%) did
not meet the middle level of forest cover. In particular, high forest covers are concentrated in
the central and western county-level jurisdictions of Fujian Province. Forest cover showed
a declining trend eastward (Figure 1).
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3.2. Global Spatial Auto-Correlation

ArcGIS software was used to examine global spatial auto-correlation. Moran’s I
value for forest cover at the county level in Fujian province was 0.4246. Thus, the spatial
distribution of forest cover in Fujian Province showed a positive correlation and had certain
spatial agglomeration distribution characteristics (Table 2).

Table 2. Results of global spatial auto-correlation of forest cover in Fujian Province.

Moran’s I Z Score p Value

Forest cover 0.424560 6.120910 0.000000

3.3. Local Spatial Auto-Correlation

Based on the local spatial auto-correlation analysis of forest cover at the county level
in Fujian Province, the results showed that most county-level jurisdictions demonstrated
non-significant spatial patterns (see Table 3). The corresponding spatial agglomeration
distribution map showed how forest cover was distributed (see Figure 2). In particular, the
positive correlation type includes H-H clustering type and L-L clustering type, while the
negative correlation type includes H-L clustering type and L-H clustering type.

Table 3. Summary of local spatial auto-correlation categories and the number of districts and counties
with forest cover in Fujian Province.

Auto-Correlation Type
Forest Cover

Number Ratio

H-H cluster 14 17.95%
H-L cluster 0 0
L-H cluster 1 1.28%
L-L cluster 10 12.82%

Not significant 53 67.95%
Total 78 100%

In conjunction with Table 3 and Figure 2, the local spatial auto-correlation analysis of
forest cover indicated that H-H and L-L accounted for 14 and 10 county-level jurisdictions,
or 17.95% and 12.82% of the total number of county-level jurisdictions, respectively. H-L
and L-H clustering types accounted for 0 and 1 county-level jurisdictions, or 1.28% of the
total number of county-level jurisdictions, among those with negative correlation values.
Fifty-three county-level jurisdictions were insignificant, constituting 67.95% of the total.
The spatial distribution of positive and negative correlation types varied tremendously. The
H-H cluster type mostly created a loop-shaped block distribution in the center, and was
located in the western portions of Sanming City, Fuzhou City, the southwestern portion
of Ningde City, and the confluence of the southwestern portions of Nanping City and
Sanming City. The majority of L-L clusters were located in the south of Quanzhou City, and
in the northeast and south of Zhangzhou City. The majority of L-H clusters were found in
the northwest portion of Longyan City.
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Figure 2. Spatial agglomeration distribution result of forest cover in Fujian Province in 2020.

3.4. Geographic Detector Results
3.4.1. Factor Detector Results

Several variables affected the spatial distribution of forest cover in Fujian Province.
The factor detector results from the geographical detector revealed the q and p values of
each variable that might impact the spatial distribution of forest cover, which were then
ranked according to the explanatory power of each determination factor (Table 4). Overall,
the q value of socioeconomic factors was greater than that of natural environmental factors.
In other words, natural environmental factors affected the spatial distribution of forest
cover, but their explanatory power was less powerful than that of socioeconomic factors.

Table 4. Results of factor detector for the spatial distribution of forest cover in Fujian Province.

Determination Factors
Forest Cover

q Value p Value Rank

Precipitation (X1) 0.266 0.000 10
Average annual temperature (X2) 0.309 0.000 4

Elevation (X3) 0.277 0.000 7
Slope (X4) 0.073 0.000 12

Population density (X5) 0.566 0.000 1
Output value of tertiary industry (X6) 0.306 0.000 5

Grain output per unit area (X7) 0.273 0.000 8
GDP per capita (X8) 0.267 0.000 9

Per capita disposable income of rural households (X9) 0.316 0.000 3
Forestry output value (X10) 0.242 0.000 11

Household electricity consumption (X11) 0.304 0.000 6
Road density (X12) 0.418 0.000 2
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Among the natural environmental factors, climate factors had the greatest influence
on the spatial distribution of forest cover. The slope had comparably low explanatory
power for forest cover, and the q value was significantly less than 0.1 (q = 0.045). The
explanatory power of slope was the lowest among all selective factors, diminishing the
explanatory power of topography for the spatial distribution of forest cover. However,
temperature had a greater explanatory power for the spatial distribution of forest cover
(q = 0.309) compared to other natural environmental conditions. The explanatory power
of elevation and precipitation was, respectively, 0.277 and 0.266. Therefore, the impacts of
elevation and precipitation on the spatial distribution of forest cover were nearly identical.
In general, natural environmental factors, such as annual average temperature, elevation,
and precipitation, had significant impacts on the spatial distribution of forest covers. Dire
environmental circumstances were the limiting factors of forest cover.

Among socioeconomic factors, population density had the strongest explanatory
power for the spatial distribution of forest cover (q = 0.566), indicating that population
density played a key role in the spatial distribution of forest cover. Moreover, the effect
of road density on the spatial distribution of forest cover should not be overlooked. The
explanatory power of road density ranked second, only lower than population density
(q = 0.418). The spatial distribution of forest cover was closely associated with economic
development in various locations. The explanatory power of rural household per capita
disposable income and per capita GDP for the spatial distribution of forest cover was
0.316 and 0.267, respectively. Moreover, household electricity consumption and tertiary
industry production value had nearly identical impacts on the spatial distribution of forest
cover. The explanatory power of household electricity consumption and tertiary industry
production value was 0.306 and 0.304. Similarly, the explanatory power of grain output per
unit area and forestry output value was 0.273 and 0.242. Overall, socioeconomic factors
played an essential role in the spatial distribution of forest cover.

3.4.2. Risk Detector Results

According to the results of the risk detector (see Figure 3), the forest cover was
higher in regions with more precipitation or higher altitude. Within a specific range,
the forest cover constantly grew with the increase in regional slope, but when the slope
surpassed a particular threshold, forest cover began to decrease. There was no evident
change between forest cover and annual average temperature; however, the high value of
forest cover was relatively concentrated in county-level jurisdictions with a lower annual
average temperature.

Among the social and economic factors, population density, tertiary industry output
value, and road density may be detrimental to regional forest covers. According to the
results in Figure 3, county-level jurisdictions with denser populations or roads were prone
to lower forest covers. The output value of the tertiary industry and forest cover also
showed a similar relationship. Lifestyle usually interacted with population size and
economic structure. Regions with a high output value for the tertiary industry possibly
had better development, which tended to attract a large number of migrants. Therefore,
the forest cover in regions with higher household electricity consumption also showed
a downward trend. The spatial distribution of forest cover had an inverted U-shaped
relationship with regional per capita GDP, as well as with household per capita disposable
income level. Specifically, the higher the forestry output value was, the higher the forest
cover was, indicating that the development of the forestry industry could promote regional
forest cover. Moreover, the spatial distribution of forest cover and grain yield per unit area
exhibited M-shaped fluctuations.
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4. Discussion

Understanding the determinators for the spatial distribution of forest cover is cru-
cial for forest governance. Through the case study on Fujian Province of China, twelve
indicators, regarding the natural environmental conditions and socioeconomic factors,
were chosen, and the determination factors for the spatial distribution of forest cover
were identified. Compared with previous results, our findings have both similarities
and differences.

To a certain extent, the natural environmental conditions had the explanatory power
for the spatial distribution of forest cover. Regions with adequate precipitation, suitable
temperature, steep terrain, and high elevation are prone to having a higher forest cover.
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The eastern regions of Fujian Province consist primarily of plains with flat topography and
limited precipitation. The middle and western regions of Fujian Province are dominated
by mountains and hills, with a complex topography and high elevation. Influenced by the
elevation, precipitation increases gradually from east to west in Fujian Province. Conse-
quently, the middle and western regions of Fujian Province develop a favorable natural
environment for forest growth. Forest covers have formed agglomeration distribution
in the central and western regions of Fujian Province. Therefore, diversities in natural
environmental conditions result in the uneven distribution of forest cover.

Among social and economic factors, population density is the most powerful in
explaining the spatial distribution of forest cover. The higher the population density is,
the lower the forest cover will be. The finding confirms Wright and Sandel’s assertion
that humans have the largest impact on existing forest cover [36,37]. On the other hand,
Sloan stressed the synergistic influence of population density and other factors on forest
cover [38]. This study discovered a particular association between population density,
road density, the production value of the tertiary industry, and the spatial distribution
of forest cover. Similarly, regions with higher road density or higher tertiary industrial
output value have lower forest cover. The development of roads in the east of Fujian
Province is useful for those who wish to move from the central and western regions to
the eastern regions of Fujian Province. The road weakens the centrifugal force caused
by the transportation cost of spatial distance. The migration of a large number of people
has provided labor for the development of the tertiary industry in the eastern regions
of Fujian Province [39]. Population aggregation and industry growth give rise to the
expansion of built-up land and industrial land; as a result, deforestation speeds up [40].
Furthermore, the extension of human production and living space in the east has led to
a rise in household electricity consumption. Consequently, regions with high household
electricity consumption have a comparatively low forest cover [21,41]. In the central and
western regions of Fujian Province, the high altitude and complicated terrain naturally
protects forests from destruction. Due to the poor road construction in the mid-west of
Fujian Province, a growing number of residents are choosing to emigrate, and the pressure
of population on forest cover has gradually decreased. This result is also consistent with
the literature, which suggests that roads are the primary cause of deforestation [42–45].

The relationship between forest cover and per capita GDP, as well as per capita
income of rural households, has an inverted U shape. Economic development increases the
opportunity cost of farming, and rural residents gradually prefer to engage in industrial
activities and live in urban areas [21,39]. Consequently, agricultural land becomes vacant
and is, naturally, turned into forest. Woodland, on the other hand, is changed into industrial
land and urban land to meet the demands of industrial expansion and urban construction.
The eastern regions of Fujian Province possess the endowment advantages of economic
development. In the past several decades, the eastern regions of Fujian Province have
realized the circular accumulation of resource elements and industrial growth. Meanwhile,
various factor endowments in the central and western regions have gradually become
attracted to the eastern regions of Fujian Province. The central and western regions of
Fujian Province have formed conditions for the recovery and growth of forest resources,
which further explains the agglomeration distribution of forest cover in the mid-west.
This result confirms Caravaggio’s conclusion that the potential for economic growth to
improve the growth of forest cover is limited [46]. In other words, the forest cover will
reach a turning point of growth and cease increasing when the economic level reaches a
certain point.

The spatial distribution of forest cover can be explained by the forestry production
value. In particular, a region with a higher forestry output value has a higher forest cover.
While the satisfaction of local timber demand depends on the availability of local timber, the
boom in timber demand can play a key role in promoting the increase in forest cover [47].
Similarly, forest cover is currently high in the mid-west and low in the eastern regions of
Fujian Province, according to the output of timber production. With the timber demand
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increasing, the coverage of forests will continue growing in the central and western regions
of Fujian Province.

Despite the valuable findings of this study, several limitations do exist and deserve
future advancement. First, considering that the results and the determination factors
of the distribution of forest cover fluctuate depending on the historical context, cross-
sectional analysis is insufficiently persuasive. Second, more determination factors could be
incorporated into the analysis with the increasing availability of socioeconomic data.

5. Conclusions

This paper focused on the determination factors for the spatial distribution of forest
cover. We used a 30 m resolution GIS-based data set and socioeconomic data set. Spatial
auto-correlation and geographic detector approaches were adopted. This paper revealed
the influence of natural environmental and socioeconomic factors on the spatial distribution
of forest cover at a county-level jurisdiction. The results indicate that natural environmental
factors could shape the spatial distribution of forest cover, while socioeconomic variables
could play a more significant role in the spatial distribution of forest cover. This is primarily
due to the limited control that natural environmental factors have over forest growth,
whereas the progress of human beings’ capacity to interfere with forests can further change
the spatial distribution of forest cover. Concerning the effect of time on the spatial distri-
bution of forest cover, future studies could investigate the factors influencing the spatial
distribution of forest cover in various temporal scenarios.
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