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Abstract: The Eastern Sichuan Region (ESR) is one of the key pilot regions for Grain for Green Program
(GGP) implementation in the upper reaches of the Yangtze River basin in China. Therefore, monitoring
the effect of the GGP on the ecosystem in the ESR is important. In this study, the Mann–Kendall
Trend Test Model was used to ascertain the changes in vegetation coverage. The transfer matrix
was used to explore the changes in Land Use/Land Cover (LULC). LULC change direction model
(LCDM) was used to preliminarily assess the impact of LULC changes on the ecosystem. The
Pressure–State–Response model (PSR), reflecting the human pressure and the ecosystem state, was
applied to analyze the spatial–temporal characteristics of the ecosystem health index (EHI). The time
span of this study was from 1990 to 2015. The results show that the vegetation coverage changed
significantly (p < 0.05), and ecosystem function developed towards positive because of the increase
in the coverage of forestland and water land and decrease in the coverage of farmland. The spatial
distribution of the EHI was influenced by the pattern of land use. The eastern region, associated with
a large area of forestland and grassland, has a low population density and a low degree of land use
exploitation, resulting in a high EHI value. The situation was completely opposite in the western
region. Regarding the temporal scale, in spite of the decreasing pressure indicator, most counties
had experienced an increase in the EHI. There was a clear correlation between the increased EHI
values and the restored areas at the third stage (2000–2005) (p < 0.05, r2 = 0.164), but this correlation
disappeared at the latter stage (2005–2015) (p > 0.05). The changes showed significant variations in
time and area because of differences in the process and the intensity of the implication of the GGP.

Keywords: ecosystem health; the Grain for Green Program; the LULC change direction model;
Pressure–State–Response model; Eastern Sichuan Region

1. Introduction

In recent decades, the poor management of ecosystems has caused many serious ecological
problems throughout the world [1,2]. In China, the world’s largest developing country, protecting the
ecological environment and maintaining ecosystem health has always been a governmental concern [3].
The Grain for Green Program (GGP) was launched by the Chinese government in 1999 and implemented
in 25 provinces in 2002 to mitigate the effect of soil erosion and restore ecosystems by planting trees
on former steep areas of cropland or uncultivated barren land [4–6]. From 1999 to 2014, 29.8 million
hectares of steep sloping cropland and barren land was afforested, and a further 5.33 million hectares
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of sloping cropland is planned to be afforested by 2020 [7,8]. The Yangtze River is a vital lifeline in
China. The ecosystem condition of its upper reaches critically influences the sustainable development
of the whole basin [9]. Therefore, the upper reaches of the Yangtze River are one of the key areas for
the GGP in China [10]. The soil erosion has been very serious in the upper reaches of the Yangtze River
in recent years and has directly caused flooding in the lower reaches [11]. The GGP, which converts
cultivated land in the steep hills back into forestland and bans deforestation in the upper reaches of the
Yangtze River, has a long-standing ecological significance.

In previous research, the effects of the GGP on its areas of implementation have been assessed with
a main focus on the fundamental ecosystem structure, such as the change in vegetation coverage [12,13]
and the landscape pattern [14]. Some studies also assessed the effect of ecological restoration on
ecological service, but limited to the ecological services, such as water and soil conservation [15],
enhancement of soil fertility and carbon sequestration [16], and climate regulation [17]. The challenge
of assessing the effect of the GGP is quantitatively assessing ecosystem health under the background of
government programs against human pressure and ecosystem state factors. Therefore, an assessment
system that can be widely applied is required. Methodologies and indices of ecosystem health from an
ecological point of view offer alternative options for evaluating the effects of the GGP, as well as the
interaction between human activities and ecosystems corresponding to the implementation process of
the GGP [18]. Thus, exploring the effects of the GGP on the change in ecosystem health is of great
significance to the upper reaches of the Yangtze River Basin.

The objectives of the GGP are to protect the existing forests and to increase vegetation coverage by
means of afforestation. Analyzing whether the GGP has changed the trend in vegetation coverage is the
basis of assessing its impact on ecosystem health [19]. The term “ecosystem health” was first defined by
Rapport, who defined a healthy ecosystem as having the ability to maintain an organizational structure,
and to recover after disturbances in self-regulating processes [20,21]. A variety of methods have been
applied to quantify the quality and value of ecosystem health. The following evaluation methods
are all widely used to characterize ecosystem health: landscape development intensity (LDI) [22],
hydrogeomorphic approaches (HGM) [23], indices of biological integrity (IBI) [24], landscape pattern
indices [25], and Pressure–State–Response (PSR) modeling methods [18]. The PSR model, which
was fully developed by the Organization for Economic Cooperation and Development, based on
the interaction between human and environmental factors [26], provides a systematic mechanism to
monitor the status of the sustainable development of ecosystems. The PSR model clearly describes the
overall ecosystem health and the relationship between the cause and effect, which have always been
emphasized [27,28].

The Eastern Sichuan Region (ESR) is distributed at the end of the upper reaches of the Yangtze
River basin. The ESR is a typical GGP area in China. Taking the ESR as a case study, the aims of this
study are (1) to ascertain the changes in vegetation coverage and Land Use/Land Cover (LULC), and
preliminarily evaluate the impact of land use changes on ecosystem function from 1990 to 2015; (2) to
analyze the temporal–spatial characteristics of ecosystem health on the basis of the PSR model; and (3)
to explain the impact of the GGP on ecosystem health on the basis of restored area data in order to
develop better decisions on sustainability for the upper reaches of the Yangtze River basin.

2. Materials and Methods

2.1. Study Area

The ESR, situated between E105◦11′–110◦11′ and N28◦10′–32◦45′, is located at the end of the
upper reaches area of the Yangtze River in the eastern Sichuan Province in China with a total area
of 130,143 km2 (Figure 1). The ESR contains five cities that govern 54 administrative counties. The
ESR belongs to the mid-subtropical climate type, with an annual average temperature of 20 ◦C and
precipitation of 1000 mm. The elevation ranges from 64 to 2696 m above sea level. The ESR is an
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important zone of water conservation and ecological shelter in the hilly area of the upper Yangtze
River, leading it to a crucial targeted GGP implementation region.
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Figure 1. The location of the Eastern Sichuan Region (ESR).

2.2. Data Collection

LULC data from the years 1990, 1995, 2000, 2005, 2010 and 2015 at a spatial resolution of 1 km was
used as the basic data, which are obtained from the Data Center for Resources and Environmental
Sciences, Chinese Academy of Sciences (RESDC). The land cover data were interpreted by visual
interpretation using satellite images with an accuracy over 94.3% [29,30]. According to the national
criteria announced by the Chinese government in 2007, LULC is divided into 6 primary types, including
farmland, forestland, grassland, water land, build-up land and unused land. On this basis, we divided
the vegetation coverage type in the study area according to the Vegetation Atlas of China (1:1,000,000).
Farmland is divided into paddy field and dry land. Forestland is divided into coniferous forest,
broadleaf forest, conifer–broadleaf forest and shrubbery. Grassland is divided into meadow, grassland
and irrigation grass (Figure 2).
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Figure 2. The land use types in this study area.

Annual normalized difference vegetation index (NDVI) data were the GIMMS (Global Inventory
Modeling and Mapping Studies) NDVI 3 g in a bimonthly temporal resolution of 8 km spatial resolution
from 1990 to 2015, which are available from the NASA Ames Ecological Forecasting Lab.

The annual average precipitation and temperature were obtained from the Data Center for
Resources and Environmental Sciences, Chinese Academy of Sciences (RESDC). Per capita GDP of
China comes from The China Statistical Year Book. The population data, the Engel coefficient data, the
percentage of the urban population data, and the per capita GDP data come from The Sichuan Statistical
Year Book and The Chongqing Statistical Year Book.

2.3. Methods

2.3.1. Methods of Assessing LULC Changes

The basis of assessing the impact of the GGP on ecosystem health is to confirm that the GGP’s
presence has changed the trend in vegetation coverage and to quantify the LULC changes. This
implies a data analysis process that includes these main steps: (1) confirming the changes in vegetation
coverage; (2) analyzing the LULC changes in detail, especially the land use types of farmland, forestland
and grassland; and (3) preliminary assessing the impact of the LULC changes on ecosystem function.

The Mann–Kendall Trend Test Model can confirm the changes in vegetation coverage. This model
determines the presence of abnormal factors influencing variables of NDVI by detecting potential
turning points. It includes the following steps: (1) the annual NDVI data for the study region was
calculated for 1990 to 2015 (for details, refer to the NDVI data processing in Section 2.3.3 in this study);
and (2) the Mann–Kendall Trend Test Model used the annual NDVI data at 8 km spatial resolution
from 1990 to 2015 on Matlab to judge whether there was an abrupt turning point. This technique
calculated two statistical measures, which are the sequential values of NDVI. A forward sequential
statistic is estimated using the original time series, and a backward sequential statistic is estimated in
the same way but starting from the end of the series. The year of the intersection between the broken
lines of the two statistics indicates a potential turning point, which is tested for its significance at the
95% level (p < 0.05). For details, refer to Chatterjee et al. [31,32]. If there is indeed a mutation point
in sequence NDVI data, the trend in vegetation coverage suffered an unnatural disturbance. If tests
identified the presence of a potential turning point, it is worth pursuing further analysis.
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The land use transfer matrix model could further analyze the conversion of LULC, which helps to
quantify and visualize the temporal–spatial changes in the vegetation coverage in detail. That can be
done by spatial analysis tools of Arcgis 10.4 based on the land use data at 1 km spatial resolution.

The LULC change direction model (LCDM) relates to the preliminary assessment of the impact of
LULC changes on ecosystem function [33]. The above-mentioned two test methods have been used
to analyze the LULC changes in detail, but what do these LULC changes mean for the ecosystem?
In this study, before conducting an ecosystem health analysis, it is necessary to make a preliminary
assessment of the influence of these LULC changes on ecosystem function to predetermine whether
the effect of the GGP on ecosystem health was good or bad, as well as to provide auxiliary proof of
the validity of ecosystem health evaluation results. This is done by the LULC change direction model
(LCDM), which can be defined as:

LCDM =

∑n
i=1

[
Ai j ×

(
D j −Di

)]
A

× 100% (1)

where LCDM reflects the land use/land cover change value, i ∈ [1, n]; i reflects the i-th land use cover; j
reflects j-th land use cover transformed from the i-th land cover in a specific period; Ai j reflects the
area of land use cover i transforming to land use cover j for the entire study region; Di represents the
ecological level (Table 1) of the LULC type before the land cover change; D j represents the ecological
level (Table 1) of the LULC type after the land cover change; and A reflects the total transformed area
of all land use types for the entire study region in this period. When LCDM > 0, the impact of LULC
change on ecosystem function is considered to be beneficial, and a higher LCDM value indicates better
ecosystem functions. On the contrary, when LCDM < 0, the conversion is harmful, and the lower the
LCDM value, the more negatively the ecosystem is functioning.

Table 1. Ecological level of the different land use [33].

LULC Farmland Forestland Shrub-Land High-Density
Grassland

Ecological levels 0.11 0.245 0.147 0.125

LULC Mid-Density
Grassland

Low-Density
Grassland Water Land Unused Land

Ecological levels 0.063 0.018 0.282 0.01

2.3.2. The Method of Assessing Ecosystem Health Based on the PSR Model

The PSR model for ecosystem health evaluation was used at the county level for the years 1990,
1995, 2000, 2005, 2010 and 2015 in this study. We used the PSR model proposed by Liao [18] to construct
an ecosystem health index (EHI) evaluation system based on the land use data and population. The
PSR model has three dimensions (pressure, state, and response) and seven indicators (population
density (PD), the landscape fragmentation index (LFI), the normalized difference vegetation index
(NDVI), the landscape diversity index (LDI), the average patch area index (APAI), the ecosystem
service value (ESV), and the ecological resilience (ER)) (Table 2). Among three dimensions, “response”
refers to the regression analysis between the restored areas, reflecting the response of human, and the
increased EHI values. GGP implementation started from 1999 in the ESR. Because the time scale of
“response” is not as the same time scale of “pressure” and “state”, regression analysis of the “response”
started from 2000.
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Table 2. The Pressure-State-Response (PSR) framework and the weight of each indictor.

Target Level Standard Level Weight Indicator Level Weight

Ecosystem health index
(EHI)

Pressure 0.3
Population density (PD) 0.20

Landscape fragmentation index
(LFI) 0.10

State 0.7

Normalized difference
vegetation index (NDVI) 0.24

Landscape diversity index (LDI) 0.09
Average patch area index (APAI) 0.05
Ecosystem service value (ESV) 0.22

Ecological resilience (ER) 0.10

Response — Restored areas —-

The Analytic Hierarchy Process (AHP) method and Monte Carlo method were used to identify
the weight of the index. Fifteen ecological experts with rich experience in ecology were invited to
complete a questionnaire survey to quantify the factors influencing ecosystem health by providing
weights to each index based on the AHP calculation method. The questionnaire results of the eleven
experts passed the consistency test, and we gained eleven primary group weights [34]. Following this,
a Monte Carlo simulation conducted in Matlab was used to eliminate the uncertainties which may
have been introduced by the experts’ experience. The data stimulation process mainly included the
following steps: (1) 10,000 group weight samples were generated based on the mean and standard
deviation of each indicator using Matlab; (2) we randomly determined the weight sample size as N
(N = 8, 9, 10, . . . , 400), and then took N group weight samples at one time to randomly sample 100
times from those 10,000 group weight samples. Each index weight was averaged based on these N
(N = 8, 9, 10, . . . , 400) samples; (3) 100 times weights were respectively adapted to a county in the
study area to calculate the EHI; (4) a box-plot of the EHI was drawn as shown in Figure 3; Figure 3
shows that the simulation results tended to be stable with a sample size of 50. A sample capacity of
200 was selected to calculate the final weight of each index in this study (Table 2).
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The combination of all the indices is taken as the EHI. In the multi-index evaluation system, due
to the different attributes of each evaluation index, such as different dimensionality and orders of
magnitude, we ensured the reliability of the results by standardizing the raw indicator data. The
formula is as follows:

HI =
n∑

i=1

wixi (2)

where i represents the number of indicators, xi means the value of a specific indicator, and wi is the
weight of the i-th indicator. A greater index value always implies better ecosystem health.

2.3.3. Indicators of the PSR Framework

Landscape fragmentation, the degree of the fragmentation of the landscape, reflects the complexity
of the spatial structure of the landscape. The formula is as follows:

LFI = (Nt − 1)/Nc (3)

where LFI reflects the landscape fragmentation of the study region; Nt reflects the total patch numbers;
and Nc reflects the ratio between the minimum patch area and the total area of the study region.

The NDVI reflects the vegetation coverage. The data calculation process used in this study
included three main steps [35]: (1) in order to remove the interference from clouds, atmosphere, and the
solar elevation angle, the NDVI of the fortnightly data set was preprocessed by Max Value Composites
(MVCs) to obtain the monthly NDVI value; (2) we averaged the value of the growing season from
April to August as the annual NDVI value to eliminate the effects of extreme months; (3) NDVI was
averaged on the full area. Equations are as following:

NDVIi j = max
(
NDVIi j1, NDVIi j2

)
(4)

NDVIi

∑n
j=1 NDVIi j

5
, j ∈ [4, 8] (5)

NDVI =
n∑

j=1

NDVI j (6)

where i stands for the i-th pixel; j stands for the j-the month; j1 and j2 stands for the first and second
half of the month, respectively. NDVIi j represents NDVI value of the i-th pixel for the j-th month;
NDVIi j1 and NDVIi j2 is the NDVI value of the i-th pixel for the first and the second half of the j-th
month, respectively. NDVIi stands for the NDVI value of the i-th pixel for the specific year. NDVI
stands for the NDVI value of the county under study for the specific year. The above steps are based on
the spatial analysis tool of Arcgis 10.4 (Environment System Research Institute, Redlands, CA, USA).

The complexity of the ecosystem structure is measured by the landscape diversity (Shannon’s
diversity index) and the average patch area using the tool of Fragstats 4.2 (Oregon State University,
Corvallis, OR, USA). The average patch area is expressed as Equation (7):

APAI =
A
N

(7)

where APAI reflects the average patch area index, A represents the total area of patch in the landscape
of the study area, N represents the total number of patch in the study area.

The method used to calculate the ecosystem service value proposed by Xie [36] at national level is
not suitable for calculating the value at regional level. So, we amended the ecosystem service value
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model depending on the net primary productivity of natural vegetation to be more suitable for the
study area, in accordance with Li [37]. The equations are:

ESV =
∑{

Ak ×VCk ×
NPPs

NPPcn
×

[
2/(1 + e2.5− 1

En ) × (GDPms/GDPm)
]}

(8)

NPP = 3000
{
1− e−0.0009695(V−20)

}
(9)

v =
1.05Pre√

1 + (1 + 1.05Pre/L)2
(10)

L = 3000 + 25Tmp + 0.05Tmp3 (11)

En = Enr × (1− Pu) + Enu × Pu (12)

where ESV is the ecosystem services value; Ak implies the area of k-th type of land use; VCk is the
ecosystem services value per unit area of the k-th type of land use in China (yuan/ha) [36]; NPPs

represents the net primary productivity of natural vegetation in the study area, and NPPcn represents
the net primary productivity of natural vegetation in China. NPP implies the net primary production
potential of natural vegetation (t/ha/a); v is the annual actual evapotranspiration (mm); Pre is the
annual precipitation (mm); L represents the annual mean evapotranspiration (mm); Tmp represents the
annual average temperature (◦C); En is the Engel coefficient of the study area in 2002; Enr and Enu are
the Engel coefficient of rural and urban areas, respectively in 2002; Pu represents the percentage of the
urban population in 2002; GDPms is the per capita GDP of the study area in 2002 (yuan/person); and
GDPm is the per capita GDP of China in 2002 (yuan/person).

Ecological resilience refers to the ability of the ecosystem to return to a stable state after an external
disturbance has disappeared. This paper uses the ER index to quantify the ability of the ecosystem to
return to normal state after disturbance using the following equation:

ER = D
n∑

i=1

Si × Ei (13)

where D represents the landscape diversity index; Si is the area ratio of each landscape type; Ei is the
resilience value of the landscape type i, in accordance with Du et al. [28].

2.3.4. Assessing the Impact of the GGP on the EHI

In this study, the response part of the PSR model was driven by the GGP. The EHI is expressed
as the combination of pressure and state indicator. In order to assess the impact of the GGP on the
EHI, we use regression analysis between the restored forest areas (∆ Areas) and the increased EHI
values (∆ EHI) at the county level using the tool in SPSS 19 (IBM, Armonk, NY, USA). The time scale of
regression analysis is in three periods of 2000 to 2005, 2005 to 2010, and 2010 to 2015. All the methods
used in this study refer to Figure 4.
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3. Results

3.1. The Changes in LULC at Different Periods

3.1.1. Transfer Matrix

The Mann–Kendall Trend Test Model was proposed to verify whether a turning point of vegetation
coverage change exists. The results are shown in Figure 5. A year with an intersection between the
broken lines of the forward and backward sequential NDVI statistics was indeed identified (p < 0.05)
(Figure 5a), and the change in NDVI showed an increasing trend (Figure 5b). This test confirmed the
presence of the turning point, which concluded that unnatural factors certainly had an impact on
improving the vegetation coverage.
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Model test statistics, where the year of the intersection is the potential turning point; (b) Variation in
the annual NDVI and linear trends for the two periods.

To further analyze the temporal–spatial conversion of the vegetation coverage, the transfer matrix
map of LULC was created for the study area at a 1 km spatial resolution (Figure 6). Significant changes
were observed in 2000, when there was a turning point.
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From 1990 to 2000, the transfer dynamic was more active than changes in the following period
(Figure 6). Additionally, in the period from 1995 to 2000, the area of land use changed significantly.
The farmland areas increased by 969 km2. The areas of forestland, grassland and water land decreased
by 473, 579, and 55 km2, respectively.

Since 2000, the transfer dynamic has dropped greatly (Figure 6). Meanwhile, the area of farmland
decreased significantly but forest increased significantly. From 2000 to 2005, the transfer dynamic was
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mainly gathered to the east of the study area, leading to a decrease in farmland area, while the forest
and water land areas increased. Though grassland areas shrank consistently, the degradation rate of
grassland dropped apparently since 2000. In addition, the transfer dynamic of water land near the
Yangtze River was controlled effectively. From 2005 to 2015, the build-up of agglomeration spread
outwards from Chongqing quickly because of urbanization.

3.1.2. The LULC Change Direction

The analysis of the transfer matrix map showed that the farmland, forestland, and grassland
areas have obviously changed. Since 2000, the forestland area has increased significantly. This trend is
definitely affecting the changes in ecosystem function. Therefore, it is necessary to make a preliminary
assessment of the influence of LULC changes on ecosystem health based on the changes in the LULC
model (LCDM).

We calculated the LCDM values based on Equation (1), and the results were as follows:
LCDM1990–1995 = 0.56%, LCDM1995–2000 = 0.14%, LCDM2000–2005 = 8.48%, LCDM2005–2010 = 7.26%,
LCDM2010–2015 = 3.06%. The results show that the LCDM value increased significantly after 2000,
implying changes in LULC had a beneficial impact on ecosystem function in the study area since 2000.
This also preliminarily confirms that the GGP has definitely been advantageous for ecosystem health
in this study area.

3.2. Evaluating Ecosystem Health Based on the PSR Framework

3.2.1. Changes in the Pressure and State Indicators

Overall, in this study region, indicators reflecting the pressure (PD and LFI) decreased (a higher
pressure) from 1990 to 2015, while the indicators of state (PD, LFI, NDVI, LDI, APAI, ESV and ER)
decreased from 1990 to 2000 but increased from 2000 to 2015 (Table 3).

Table 3. Changes in different indices in the Pressure–State–Response (PSR) framework from 1990 to
2015 in the ESR at the region scale.

Indicator Level Index Level
Year

1990 1995 2000 2005 2010 2015

Pressure
PD 0.1568 0.1554 0.1540 0.1526 0.1547 0.1539
LFI 0.0833 0.0839 0.0827 0.0825 0.0813 0.0813

Total 0.2401 0.2393 0.2367 0.2351 0.2360 0.2352

State

NDVI 0.0387 0.0280 0.0000 0.0266 0.0280 0.1028
LDI 0.0750 0.0755 0.0753 0.0758 0.0769 0.0788

APAI 0.0116 0.0118 0.0111 0.0110 0.0106 0.0101
ESV 0.1252 0.1293 0.1257 0.1274 0.1289 0.1289
ER 0.0696 0.0704 0.0700 0.0706 0.0715 0.0730

Total 0.3201 0.3150 0.2821 0.3114 0.3160 0.3937

EHI - 0.5602 0.5544 0.5189 0.5465 0.5521 0.6289

The pressure is considered to indicate the more intensive pressure imposed by humans and the
greater degradation of ecosystem functions to show as negative values. Firstly, the proportion of
counties where PD and LFI decreased were 94 and 67% respectively from 1990 to 2015 (Figure 7),
indicating a high level of pressure induced by humans throughout the study period. Second, the PD
pattern had a low value in the west but a high value in the east, while the LFI was completely opposite
in terms of its spatial pattern, because the population and farmland was mainly concentrated in the
west, resulting farmland in the west were more connected than that in the east.
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The state indicators were considered to be more beneficial for ecosystem functions conserved at
higher values. The results of most state indicators showed a positive trend except APAI from 2000 to
2015 (Table 3 and Figure 7). The proportion of counties with a declining NDVI reached 100% from
1990 to 2000, while only Nanchuan showed a decrease in the next state (2000–2015). For LDI, 33% of
counties changed from negative to positive before and after 2000. The ESV value was raised in 28% of
counties and dropped in only two counties from 2000 to 2015. The ratio of counties with decreasing ER
was 41% before 2000. But the ER in 96% counties increased after 2000. Compared to the above indices,
the condition of APAI was not good, showing a constant decrease (Table 3). From the perspective of
spatial distribution, APAI showed a spatial pattern with high value in the west and low values in
the east, similar to the pattern of LFI (Figure 7e), which was reversed completely for the other state
indicators. This implies that the ecosystem condition is good but connectivity is poor in the east.

3.2.2. Changes in the EHI

The results of seven ecological health indices based on pressure and state indicators for the study
period are depicted in Figure 8.
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At the whole region scale, the EHI consistently changed to negative from 1990 to 2000 but turned
to positive significantly in the following phase (2000–2015) (Table 3). At the county scale, the proportion
of counties with high health degree grades (V, VI and VIII) decreased from 1990 to 2000, but increased
from 2000 to 2015. In contrast, the proportion of counties with low health degree grades (I, II, III)
increased from 1990 to 2000, and decreased from 2000 to 2015. To sum up, ecosystem health in the
study area was improved.

In terms of spatial variation (Figure 8), the following characteristics were identified: (1) counties
with a high EHI value were mainly distributed in the eastern part of the ESR, and counties with a low
EHI value were mainly gathered in the northern and western parts. (2) From 1990 to 2000, the number
of counties with high EHI values decreased, and the number of counties with low values increased.
The situation reversed completely in the following period (2000–2015) and the EHI values of most
counties continued to be higher than in the former phase. (3) The intensity of ecological recovery
carried out by the government was stronger in more devastated areas. This can be confired by the
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phenomenon that the county with the fastest decline in the EHI in 1990–2000 and the fastest increase in
the EHI in 2000–2015 was Fulin. (4) Forest is vital to the ecosystem’s overall condition. The county
with the highest EHI value was always Chengkou from 1990 to 2010, but this was replaced by Wulong
in 2015. The county with the lowest EHI throughout the study period was Xichong. This implies the
ecosystem conditions of Chengkou and Wulong were better than the conditions of Xichong. This is
mainly because the proportions of forest areas in Wulong and Chengkou are much higher.

3.3. Impact of the GGP on the EHI

From 2000 to 2005, the initial period of GGP implementation, the correlation between increased EHI
and the restored areas was significant (p < 0.05, R2 = 0.164), but no significant correlation was shown in
the following phase (p > 0.05) (2005–2010, 2010–2015) (Figure 9). This indicates that the GGP apparently
improved ecosystem health in the ESR from 2000 to 2005; however, this correlation disappeared in the
following period, suggesting that health was improved through not only afforestation but also other
means at the same time.Int. J. Environ. Res. Public Health 2019, 16, x 14 of 19 
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4. Discussions

4.1. The GGP Changed the Transfer Direction of LULC

In this study, the trend in NDVI in the ESR was altered by abnormal factors (Figure 5), which may
largely be attributed to the GGP. First, according to Liu’s research [19], the Mann–Kendall Trend Test
Model testing statistics can determine whether there are mutations in the sequence data. The turning
point identified by this method showed that NDVI suffered unnatural mutations (Figure 5a) during
the study period. Second, the GGP has been actively implemented in the study area since 1999. The
major impact of the GGP has been an increase in vegetation coverage, which is supported by previous
results [17,38,39]. This is constant with the results of Mann–Kendall Trend Test Model, which showed
that the vegetation coverage rate rose significantly (Figure 5b). Further, the climatic conditions have
basically been stable in recent decades. Additionally, the main changes in vegetation coverage in this
research were an increase in forestland and a decrease in farmland. Using a transfer matrix map, we
identified the change in NDVI was mainly caused by the GGP.

The purpose of the GGP is to covert farmland to forestland and grassland [5–7]. In this study, the
GGP was shown to affect the transfer direction of LULC (Figure 6), especially forestland, farmland,
grassland and water land. According to the transfer matrix map, we bring the following new insights
into the traits of the GGP.

From the perspective of temporal variety, a certain staged characteristic exists in the process
of the GGP and different tasks are conducted at different stages. First, the program has effectively
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managed the transfer dynamic of land use. Before the GGP, the transfer dynamic was more active
than in following the phase (2000–2015), largely as a result of massive deforestation and reclamation.
Fortunately, this situation then disappeared. Second, as expected, the GGP was associated with
significant increases in forestland and decrease in farmland as shown in Figure 6. Additionally, the
government controlled the degradation of grassland to slow down the rate of grassland area reduction
in the period of GGP implementation. We can see that the increase in forest area was faster in the
initial phase (2000–2005), and slowed down in the following period (2005–2015). The years after 2011
represent the later consolidation stage of the program, during which the main tasks were woodland
protection and management and local reforestation rather than purely afforestation [40]. Third, the
GGP had an additional effect of increasing water land area. It effectively controlled the decreasing
water land area. Previous studies also showed that it had a potential impact on water resource [41].
Large-scale afforestation may not only promote the digging up of streams to improve the water
environment, but also plays an important role in water conservation. The above phenomena are all
consistent with the implementation stage of the project.

From the perspective of spatial distribution, the GGP has territoriality features. Figure 5 shows
the intensity of the project was the highest from 2000 to 2005, and the key implementation region of
afforestation was in the east area of the ESR (Figure 6). This can be interpreted as being due to forests
preferring to grow in the eastern region with its rugged terrain. Additionally, the western part of
the research area has relatively flat terrain, where large farmlands exit as China’s grain production
base. When carrying out the GGP, more attention should also be paid to controlling the red line area
of farmland.

Finally, on the basis of the LCDM results, the variety in the transfer matrix under the influence of
the GGP was positively related to ecosystem function. In general, the GGP has effectively changed the
usage of land and is beneficial to ecosystem function.

4.2. The GGP Enhanced the EHI of the ESR

An ecological health assessment is a process that estimates the comprehensive ecosystem conditions
related to human pressure and the state of the ecosystem, as well as the human response to ecosystems
degradation. Despite this, the variation in LULC under the influence of the GGP had a positive effect
on ecosystem function. Given the LCDM results, the EHI results characterizing the pressure and state
caused by the GGP were proved. A previous study showed that ecological restoration enhances the
ecosystem health of ecosystems [18], and their results were similar to those in this study.

From a temporal perspective of the EHI pattern, this study showed a clear constant negative
trend in the EHI from 1990 to 2000, but this changed to a positive direction in the following phase
(2000–2016) (Table 3, Figure 8). That was mainly attributed to the GGP, which has led to a great increase
in forestland and a decrease in farmland. The indices (LDI, ESV and ER) dominating at the state level
had low values for farmlands but high values for forests, ultimately explaining the general increase
in the EHI from 2000 to 2015. However, the pressure indices (PD and LFI) decreased to some degree
(high pressure), but their negative impact was offset by the positive development of the remaining
indices. These are the major reasons that explain the EHI towards a higher value after the GGP.

In terms of the spatial pattern, the close relationship between the population and the land use is
associated with the EHI spatial pattern. The western and eastern terrains differ significantly in the ESR.
The west is plain, and the east is mountainous (Figure 1). Different geographic environments lead to
the density differences of population and road network in between eastern and western regions. Acute
topographic undulation is not good for economic development and human habitation. Therefore, the
eastern region with acute topographic undulation is associated with a large area of forestland and
grassland leading to a sparse population, blocked transportation and a low level of urban development.
The EHI value of the eastern region was found to be higher (Figure 8). The western plateau area, by
contrast, is associated with accelerated economic development and the urban expansion. The economic
growth promotes the increase in population and the construction of roads. The functions of ecosystem
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services would be in serious recession, leading to ecosystem health degradation. The EHI value of the
eastern region was lower than for the western region (Figure 8).

Regarding the regression analysis, the changes in the EHI were clearly positively associated
with the restored forestland areas (p < 0.05, R2 = 0.164) in the early stage of the GGP (2000–2005),
implying that the GGP has certainly significantly enhanced the EHI in the ESR. In the following
phase (2005–2015), changes in the EHI were not significantly affected by the restored forestland areas.
Certainly, in this period (2005–2015), the EHI showed a positive change trend throughout the whole
area (Table 3 and Figure 8), but the increased rate of restored forestland areas slowed down a lot
compared with the former stage (2000–2005) (Figure 6). This may, in part, be explained by the greater
focus on promoting the growth of woods than afforestation purely to improve the ecological conditions
in the later stage of the GGP (2005–2015) [40], which shows that the staged trait effectively improves
environmental conditions in different ways at different stages of the GGP. In summary, the different
measures taken at different stages of the GGP all effectively enhanced the EHI in the ESR.

4.3. Other Factors Influencing the EHI and Sustainability Decisions

As shown in this research, the EHI showed a clear pattern of increasing from west to east in the
ESR (Figure 8). The EHI is also affected by many other factors which are not accounted for in the
indictors of the EHI system. These can be summarized as follows:

(1) Public pressures, which are closely associated with land use pattern, establish the primary spatial
pattern of the EHI. The flat topography is suitable for agricultural development and rapid urban
expansion. Flat topography has led to this study area being occupied by large farmland and
built-up land (Figure 2) as a result a lower ecosystem service values in western areas leading to a
lower EHI (Figure 8). Inversely, the EHI value in the eastern area is generally higher.

(2) The temporal pattern of the EHI is associated with government response. In this study area, the
EHI values were apparently improved by government response throughout the study period
(Figures 8 and 9). The average negative impact of public pressure was generally offset by the
positive development of government response. Therefore, if public pressure is high and the
government response does not work properly, the EHI value would decrease—otherwise, the EHI
value would increase throughout the study period. As expected, governments usually enhance
the intensity of ecological recovery in more devastated areas with high public pressure—as a
result, the EHI value could be generally improved in most counties of the study area (Figure 8).

(3) Technological advancement can also influence the effectiveness of the GGP to some degree. GGP
implementation is usually accompanied by the technical means, such as concreting bare land or
covering land with jute nets to avoid splash erosion and gulley formation. Pervious research has
showed that the GGP could enhance soil fertility and control soil erosion [5,15]. However, this
study does not involve the effectiveness evaluation on soil conservation, so we will pay attention
to this in our future work.

Therefore, for governments, the adoption of reasonable eco-environmental restoration and resource
management strategies by the government plays an important role in sustainable development. Here
are some suggestions:

(1) Flat topography is usually suitable for agricultural development and rapid urban expansion.
Additionally, the intensity of ecological recovery is particularly enhanced on slopes and in areas
with worse ecosystem conditions. This shows that policy makers should pay attention to not only
the rational planning of urban and farmland regions but also increase the protection of ecological
land, especially in the eastern part of the ESR.

(2) Research results show that APAI and LFI were low, especially in the east region of the ESR,
indicating poor forest connectivity. Therefore, the government should improve the connectivity
of artificial forest and grassland to increase the EHI.
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(3) Unhealthy areas of the ESR generally show low vegetation coverage, which is mainly caused by
human activities including the reclamation of land and the construction of urban land. Therefore,
a reasonable recommendation is to restore the grassland ecosystem in the southeast grassland
region, afforest the arbor and shrub forests in the northeast region, and form farmland ecosystems
and urban systems under the protection of the forest network in the process of carrying out the
GGP to attain sustainable development goals.

5. Conclusions

The Eastern Sichuan Region (ESR), one of the key pilot regions of GGP implementation in China,
has significant ecological protection as an ecological shelter zone of the upper reaches of the Yangtze
River basin. Assessing the effects of the GGP against the background of human pressure and ecosystem
state factors is vital to allow the government to form reasonable eco-environmental restoration and
resource management strategies. In this article, the Mann–Kendall Trend Test Model was used to
ascertain the changes in vegetation coverage. The transfer matrix was used to explore the changes in
land use/land cover (LULC). The LULC change direction model (LCDM) was used to preliminarily
assess the impact of LULC changes on the ecosystem. The Pressure–State–Response model (PSR),
reflecting human pressure and the ecosystem state, was applied to analyze the spatial–temporal
characteristics of the ecosystem health index (EHI). The results showed that with GGP implementation
in the study area, vegetation coverage changed significantly (p < 0.05). The main variation in LULC was
an increase in forestland and water land and decrease in farmland. Additionally, the rate of grassland
degradation decreased. The variation in LULC moved ecosystem function in a positive direction.
With the backgrounds of human pressure and the state of the ecosystem, the spatial distribution of
the EHI is influenced by the pattern of land use. The eastern region is associated with a large area
of forestland and grassland had a low population density and a low degree of land use exploitation,
resulting in a high EHI value. The situation was completely opposite in the western region. Regarding
temporal changes, in spite of a decreasing pressure indicator, we found large-scale increases in the
EHI, which were dominated by the GGP. Additionally, there was a clear correlation between the
increased EHI values and the increased forest areas of the GGP in the former stage (2000–2005), but
this correlation disappeared in the last stage (2005–2015). This pattern indicates certain stage and
territoriality characteristics exist in the process of the GGP. The ultimate conclusion that can be drawn
from our study is that the GGP has caused a large-scale transformation of farmland into forestland,
grassland and water land, which has led to a general increase in the EHI.

Author Contributions: Conceptualization, R.H. and L.G.; Methodology, R.H. and N.X.; Software, R.H. and L.G.;
Formal Analysis, D.W.; Investigation, R.H.; Resources, R.H. and L.G.; Data Curation, L.G.; Writing—Original Draft
Preparation, R.H.; Writing—Review and Editing, L.G.; Project Administration, L.G.; Funding Acquisition, L.G.

Funding: This research study was supported by the key research project of Chinese Ministry of science
(2017YFC0505601) and innovation team project of Chinese Nationalities Affairs Commission (10301-0190040129).

Acknowledgments: We are grateful for the comments of the anonymous reviewers, which greatly improved the
quality of this paper.

Conflicts of Interest: No conflict of interest exits in this manuscript, and manuscript is approved by all authors
for publication. The authors declare that the work described was original research that has not been published
previously, and not under consideration for publication elsewhere, in whole or in part.

References

1. Vina, A.; McConnell, W.J.; Yang, H.B.; Xu, Z.C.; Liu, J.G. Effects of conservation policy on China’s forest
recovery. Sci. Adv. 2016, 2, e1500965. [CrossRef] [PubMed]

2. Volenzo, T.E.; Odiyo, J. Ecological Public Health and Participatory Planning and Assessment Dilemmas: The
Case of Water Resources Management. Int. J. Environ. Res. Public Health 2018, 15, 1635. [CrossRef] [PubMed]

3. Li, W.; Jia, Z.J. Carbon tax, emission trading, or the mixed policy: Which is the most effective strategy for
climate change mitigation in China? Mitig. Adapt. Strateg. Glob. Chang. 2017, 22, 973–992. [CrossRef]

http://dx.doi.org/10.1126/sciadv.1500965
http://www.ncbi.nlm.nih.gov/pubmed/27034980
http://dx.doi.org/10.3390/ijerph15081635
http://www.ncbi.nlm.nih.gov/pubmed/30072619
http://dx.doi.org/10.1007/s11027-016-9710-3


Int. J. Environ. Res. Public Health 2019, 16, 2112 18 of 19

4. Wang, X.H.; Shen, J.X.; Zhang, W. Emergy evaluation of agricultural sustainability of Northwest China before
and after the grain-for-green policy. Energy Policy 2014, 67, 508–516. [CrossRef]

5. Wang, B.; Gao, P.; Niu, X.; Sun, J.N. Policy-driven China’s Grain to Green Program: Implications for ecosystem
services. Ecosyst. Serv. 2017, 27, 38–47. [CrossRef]

6. Yang, J.; Xu, X.L.; Liu, M.X.; Xu, C.H.; Zhang, Y.H.; Luo, W.; Zhang, R.F.; Li, X.Z.; Gerard, K.; Wang, K.L.
Effects of “Grain for Green” program on soil hydrologic functions in karst landscapes, southwestern China.
Agric. Ecosyst. Environ. 2017, 247, 120–129. [CrossRef]

7. The State Forestry Administration of the People’s Republic of China. National Monitoring Report for Ecological
Benefits of Grain for Green Program; Chinese Forestry Press: Beijing, China, 2014; p. 39.

8. Zhao, A.Z.; Zhang, A.B.; Lu, C.Y. Spatiotemporal variation of vegetation coverage before and after
implementation of Grain for Green Program in Loess Plateau, China. Ecol. Eng. 2017, 104, 13–22.
[CrossRef]

9. Chen, L.M.; Liu, S.T.; Chen, Q.; Zhu, G.B.; Wu, X.; Wang, J.W.; Li, X.F.; Hou, L.J.; Ni, J.R. Anammox response to
natural and anthropogenic impacts over the Yangtze River. Sci. Total Environ. 2018, 665, 171–180. [CrossRef]

10. Zhang, P.; Shao, G.; Zhao, G.; Le Master, D.C.; Parker, G.R.; Dunning, J.B.; Li, Q. China’s forest policy for the
21st century. Science 2000, 288, 2135–2136. [CrossRef]

11. Liu, X.J.; Min, F.Y.; Kettner, A.J. The impact of large to extreme flood events on floodplain evolution of the
middle and lower reaches of the Yangtze River, China. Catena 2019, 176, 394–409. [CrossRef]

12. Peng, S.S.; Chen, A.P.; Xu, L.; Cao, C.X.; Fang, J.Y.; Mayneni, R.B.; Pinzon, J.E.; Tucher, C.J.; Piao, S.L. Recent
change of vegetation growth trend in China. Environ. Res. Lett. 2011, 6, 044027. [CrossRef]

13. Piao, S.L.; Fang, J.Y.; Zhou, L.M.; Guo, Q.H.; Henderson, M.; Ji, W.; Li, Y.; Tao, S. Interannual variations of
monthly and seasonal Normalized Difference Vegetation Index (NDVI) in China from 1982 to 1999. J. Geophys.
Res. 2003, 108, 1–11. [CrossRef]

14. Han, R.; Cui, N.X.; Guo, L. Monitoring the Effects of the Grain to Green Projects Using Landscape Metrics: A
Case Study in Eastern Sichuan, China. Earth Environ. Sci. 2018, 189, 052009. [CrossRef]

15. Lu, Y.H.; Fu, B.J.; Feng, X.M.; Zeng, Y.; Chang, R.Y.; Sun, G.; Wu, B.F. A policy-driven large scale ecological
restoration: Quantifying ecosystem services changes in the Loess Plateau of China. PLoS ONE 2012, 7, e31782.

16. Tong, X.; Brandt, M.; Yue, Y.; Horion, S.; Wang, K.; De Keersmaecker, W.; Tian, F.; Schurgers, G.; Xiao, X.;
Luo, Y. Increased vegetation growth and carbon stock in China karst via ecological engineering. Nat. Sustain.
2018, 1, 44. [CrossRef]

17. Wang, K.B.; Hu, D.F.; Deng, J.; Shangguan, Z.P.; Deng, L. Biomass carbon storages and carbon sequestration
potentials of the Grain for Green Program-Covered Forests in China. Ecol. Evol. 2018, 8, 7451–7464. [CrossRef]
[PubMed]

18. Liao, C.J.; Yue, Y.M.; Wang, K.L.; Fensholt, R.; Tong, X.W.; Brandtd, M. Ecological restoration enhances
ecosystem health in the karst regions of southwest China. Ecol. Indic. 2018, 90, 416–425. [CrossRef]

19. Liu, Y.X.; Lü, Y.H.; Fu, B.J.; Paul, H.; Wu, L.L.; Liao, C.J. Quantifying the spatio-temporal drivers of planned
vegetation restoration on ecosystem services at a regional scale. Sci. Total Environ. 2018, 650, 1029–1040.
[CrossRef] [PubMed]

20. Rapport, D.J.; Friend, A.M. Towards a Comprehensive Framework for Environmental Statistics: A Stress-Response
Approach; Statistics Canada: Ottwa, ON, Canada, 1979; pp. 11–510.

21. Rapport, D.J.; Regier, H.; Hutchinson, T. Ecosystem behavior under stress. Am. Nat. 1985, 125, 617–640.
[CrossRef]

22. Brown, M.T.; Vivas, M.B. Landscape development intensity index. Environ. Monit. Assess. 2005, 101, 289–309.
[CrossRef]

23. Bedford, B.L.; Preston, E.M. Developing the scientific basis for assessing cumulative effects of wetland loss
and degradation on landscape functions: Status, perspectives, and prospects. Environ. Manag. 1988, 12,
751–772. [CrossRef]

24. DeKeyser, E.S.; Kirby, D.R.; Ell, M.J. An index of plant community integrity: Development of the methodology
for assessing prairie wetland plant communities. Ecol. Indic. 2003, 3, 119–133. [CrossRef]

25. Bornette, G.; Amoros, C.; Piegay, H.; Tachet, J.; Hein, T. Ecological complexity of wetlands within a river
landscape. Biol. Conserv. 1998, 85, 35–45. [CrossRef]

26. OECD. Core Set of Indicators for Environmental Performance Reviews: A Synthesis Report by the Group on the State
of the Environment; OECD: Paris, France, 1993.

http://dx.doi.org/10.1016/j.enpol.2013.12.060
http://dx.doi.org/10.1016/j.ecoser.2017.07.014
http://dx.doi.org/10.1016/j.agee.2017.06.025
http://dx.doi.org/10.1016/j.ecoleng.2017.03.013
http://dx.doi.org/10.1016/j.scitotenv.2019.02.096
http://dx.doi.org/10.1126/science.288.5474.2135
http://dx.doi.org/10.1016/j.catena.2019.01.027
http://dx.doi.org/10.1088/1748-9326/6/4/044027
http://dx.doi.org/10.1029/2002JD002848
http://dx.doi.org/10.1088/1755-1315/189/5/052009
http://dx.doi.org/10.1038/s41893-017-0004-x
http://dx.doi.org/10.1002/ece3.4228
http://www.ncbi.nlm.nih.gov/pubmed/30151162
http://dx.doi.org/10.1016/j.ecolind.2018.03.036
http://dx.doi.org/10.1016/j.scitotenv.2018.09.082
http://www.ncbi.nlm.nih.gov/pubmed/30308792
http://dx.doi.org/10.1086/284368
http://dx.doi.org/10.1007/s10661-005-0296-6
http://dx.doi.org/10.1007/BF01867550
http://dx.doi.org/10.1016/S1470-160X(03)00015-3
http://dx.doi.org/10.1016/S0006-3207(97)00166-3


Int. J. Environ. Res. Public Health 2019, 16, 2112 19 of 19

27. Sun, R.; Yao, P.P.; Wang, W. Assessment of Wetland Ecosystem Health in the Yangtze and Amazon River
Basins. Intern. J. Geo-Inf. 2017, 6, 81. [CrossRef]

28. Du, P.J.; Xia, J.S.; Du, Q.; Luo, Y.; Tan, K. Evaluation of the spatio-temporal pattern of urban ecological
security using remote sensing and GIS. Int. J. Remote Sens. 2012, 34, 848–863. [CrossRef]

29. Liu, J.Y.; Liu, M.L.; Zhuang, D.F. A Study on spatial pattern of land-use change in China during 1995–2000.
Sci. China Ser. D Earth Sci. 2003, 46, 373–384.

30. Liu, J.Y.; Zhang, Z.X.; Zhuang, D.F. A study on the spatial-temporal dynamic changes of land-use and driving
forces analyses of China in the 1990s. Geogr. Res. 2003, 22, 1–12.

31. Mohsin, T.; Gough, W.A. Trend analysis of long-term temperature timeseries in the Greater Toronto Area
(GTA). Theor. Appl. Climatol. 2009, 101, 311–327. [CrossRef]

32. Chatterjee, S.; Bisai, D.; Khan, A. Detection of approximate potential trendturning points in temperature
time series (1941–2010) for Asansol weatherobservation station West Bengal, India. Atmos. Clim. Sci.
2014, 4, 64–69.

33. Zubaida, M.B.; Xia, J.X.; Polat, M.; Shi, Q.D.; Zhang, R. Spatiotemporal changes of land use/cover from 1995
to 2015 in an oasis in the middle reaches of the Keriya River, southern Tarim Basin, Northwest China. Catena
2018, 171, 416–425.

34. Xu, S.B. The Theory of AHP; Tianjin University Press: Tianjin, China, 1988; pp. 201–204.
35. Tong, X.W.; Wang, K.L.; Yue, Y.M.; Brandt, M.; Liu, B.; Zhang, C.H.; Liao, C.J.; Fensholt, R. Quantifying

the effectiveness of ecological restoration projects on long-term vegetation dynamics in the karst regions of
Southwest China. Int. J. Appl. Earth Obs. Geoinf. 2018, 54, 105–113. [CrossRef]

36. Xie, G.; Zhang, C.; Zhang, L.; Chen, W.H.; Li, S.M. Improvement of the evaluation method for ecosystem
service value based on per unit area. J. Nat. Res. 2015, 30, 1244–1252.

37. Li, F.; Zhang, S.W.; Yang, J.C.; Chang, L.P.; Yang, H.J.; Bu, K. Effects of land use change on ecosystem services
value in West Jilin since the reform and opening of China. Ecosyst. Serv. 2018, 31, 12–20.

38. Debinski, D.M.; Jakubauskas, M.E.; Kindscher, K.; Sandhu, S.S.; Melzian, B.D.; Long, E.R.; Whitford, W.G.;
Walton, B.T. Montane meadows as indicators of environmental change. Environ. Monit. Assess. 2000, 64,
213–225. [CrossRef]

39. Zhang, C.H.; Qi, X.K.; Wang, K.L.; Zhang, M.Y.; Yue, Y.M. The application of geospatial techniques in
monitoring karst vegetation recovery in southwest China: A review. Prog. Phys. Geogr. 2017, 41, 450–477.
[CrossRef]

40. Li, S.D. Research on Conversion of Farmland to Forest in China; Science Press: Beijing, China, 2004; pp. 1–350.
41. Zhang, T.; Peng, J.; Liang, W.; Yang, Y.T.; Liu, Y.X. Spatial–Temporal patterns of water use efficiency and

climate controls in China’s Loess Plateau during 2000–2010. Sci. Total Environ. 2016, 565, 105–122. [CrossRef]

© 2019 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

http://dx.doi.org/10.3390/ijgi60300
http://dx.doi.org/10.1080/01431161.2012.714503
http://dx.doi.org/10.1007/s00704-009-0214-x
http://dx.doi.org/10.1016/j.jag.2016.09.013
http://dx.doi.org/10.1023/A:1006432030089
http://dx.doi.org/10.1177/0309133317714246
http://dx.doi.org/10.1016/j.scitotenv.2016.04.126
http://creativecommons.org/
http://creativecommons.org/licenses/by/4.0/.

	Introduction 
	Materials and Methods 
	Study Area 
	Data Collection 
	Methods 
	Methods of Assessing LULC Changes 
	The Method of Assessing Ecosystem Health Based on the PSR Model 
	Indicators of the PSR Framework 
	Assessing the Impact of the GGP on the EHI 


	Results 
	The Changes in LULC at Different Periods 
	Transfer Matrix 
	The LULC Change Direction 

	Evaluating Ecosystem Health Based on the PSR Framework 
	Changes in the Pressure and State Indicators 
	Changes in the EHI 

	Impact of the GGP on the EHI 

	Discussions 
	The GGP Changed the Transfer Direction of LULC 
	The GGP Enhanced the EHI of the ESR 
	Other Factors Influencing the EHI and Sustainability Decisions 

	Conclusions 
	References

