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Abstract: A global challenge to sustainable development is land degradation, and to achieve land
degradation neutrality, monitoring, mapping, and impact assessment of ongoing ecological restora-
tion efforts is necessary. Here, we analyze the desertification process and role of restoration projects
at a spatial and temporal scale in Mu Us Desert from 2001 to 2018. We used 17 years of data to
(1) assess the vegetation trend including its significance and map land degradation based on Sustain-
able Development Goal Indicator 15.3.1 (2) address how vegetation activity has changed under the
influence of restoration programs and climate change (3) estimate how successful are the positive
human interventions to achieve Land degradation neutrality. Results showed an overall increasing
vegetation trend (85.69% significant increasing) and a partial decreasing vegetation trend (1.33%
significant decreasing) in Mu Us desert. Ecological restoration activities are found to be one of the
key driving forces of vegetation restoration in the desert, however, limited impact of climatic factors
on vegetation cover change was observed. Results revealed that 41.42% of total significant restoration
is attributed to ecological restoration programs out of which 40.42% area has shown improvement in
all three sub-indicators of land degradation.

Keywords: land degradation; vegetation trend; ecological restoration projects; climate; sustainable
development; NDVI

1. Introduction

Loss of productive capacity of land or land degradation is a global challenge for the
present and future that affects people and the ecosystem throughout the planet. Land degra-
dation adversely affects people’s livelihood [1] through climate change, food insecurity,
environmental hazards, and the loss of biological productivity and ecosystem services [2].
In some regions, land productivity has decreased by 50% due to desertification and soil
erosion [3]. Land degradation contributes to climate change and at the same time affected
by it [4]. Climate change introduces new patterns of degradation by exacerbating the
rate and magnitude of several ongoing land deterioration processes whereas, through the
emission of greenhouse gases and reduction in carbon uptake, land degradation contributes
to climate change [5]. By 2050, the world’s population is projected to number between
9.4 and 10.1 billion [6], boosting demands for agricultural products such as food, feed,
fiber, and fuel. Land degradation is projected to cause a change in productivity and harms
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ecosystem services [7]. In the driest parts of the planet, the situation is particularly severe.
Dryland landscapes support 2 billion people and more than 40% of the world’s population
receives food from them [8]. To restore degraded land and halt land degradation there have
been a lot of targets and initiatives on a regional and global scale since 2010. These include
the 2030 agenda for sustainable development, which was adopted by 193 countries includ-
ing China at United Nations General Assembly in New York and includes 17 sustainable
development goals (SDG) [9].

Monitoring and mapping land degradation is a key aspect of land degradation neu-
trality and governance. In early desertification, monitoring statistical methods and model
simulations were widely used [10]. Since the 1970s, international research on monitoring
desertification via satellite-based remote sensing has begun [11]. Initially, Normalized
Difference Vegetation Index (NDVI) was used by researchers to monitor land degrada-
tion [12,13]. To identify the vegetation condition and to determine desertification dynamics,
NDVI has been considered a key biophysical parameter [14]. However, some researchers
found that to measure desertification, monitoring vegetation dynamics and land use is
not the only way [15] and developed indicators based on non-vegetation characteristics
and integration of vegetation [16]. They found that multi-dimensional remote sensing
indicators have clear biophysical importance and have the capacity to reflect the changes in
land desertification thus, these indicators have widely been used [15].

United Nations statistical commission adopted the official indicator to “combat de-
sertification, restore degraded land and soil, including land affected by desertification,
drought, and floods, and strive to achieve a land degradation-neutral world” [9]. The
official Indicator sustainable development Goal (SDG) 15.3.1 was approved by the General
assembly in 2017 [9]. In this study, we used trends.earth platform to monitor land degra-
dation. It is a desktop and cloud-based system developed by conservation international
(http://trends.earth/docs/en/ (accessed on 20 June 2020)) which enables the calculation
of SDG indicator 15.3.1 including its sub-indicators (land productivity, land cover change,
and soil organic carbon (SOC)). Trends.earth spatially combines the three sub-indicators
to calculate the degraded land over the total area (SDG 15.3.1). In addition, ecological
restoration projects aim to increase vegetation activity in an area [17] therefore, the success
or failure of restoration programs can be assessed by the increase or decrease in vegetation
activity (such as vegetation coverage and leaf area index) [18]. Several researchers have
used NDVI as a proxy of vegetation activity due to its robust relationship with vegetation
production [18–20].

The key arid and semi-arid regions of the country are situated on the north-western
side of China, including Inner Mongolia [21]: at the end of 2009, approximately 27.3% of
the country’s total land area have been affected by desertification [22]. The forestry policy
in China has been rapidly and extensively changing since 2000 [18] and the investments in
forest division have surpassed the total investments during 1949–1999 [23]. All over the
world, afforestation projects in the country are the largest in their scale, the magnitude of
investment, and the number of participants [21,24,25]. The most pronounced ecological
restoration programs include the Three-North Shelterbelt Forest conservation project [26],
the Sand Control Programs for areas near Beijing and Tianjin [27], the Grain for Green
Program [28], Fast-Growing and High-Yielding Timber Base Construction Program [29],
the Natural Forest Conservation Program [30], and the Wildlife Protection and Nature
Reserve Development Program [31]. In China from Ordos Plateau to Loess Plateau, Mu
Us desert’s ecological transition zone is considered an ecologically fragile zone and is
characterized as an ecotone of forest, agriculture, and pasture [32]. Most of the land in this
area has been threatened by desertification for many years and exhibits different degrees of
desertification, hence this region has been a focus of national policy [33].

The ecological restoration projects of China are controversial to a certain extent and
there is an ongoing debate on their effectiveness [18,34]. Many social scientists and re-
searchers believe that the outcomes of restoration projects in arid and semi-arid regions may
be exaggerated [34], and the large-scale afforestation efforts produced largely unfavorable
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results in Three Norths [35]. Ref. [36] believe that these afforestation efforts could lead
to increased deterioration of the ecosystem as they are not been tailored to local environ-
mental conditions. Ref. [37] further asserted that there is little evidence to support the
huge investments and benefits of the Three-North Shelterbelt Forest Construction Project
in combating desertification and its importance seems to have been overstated. Monitoring
and mapping the effectiveness of ecological restoration projects addresses the question
of how successful the positive human interventions are at restoring the ecosystem and
how effective these projects are to achieve Land degradation neutrality. Moreover, it is
necessary to address a key question that how vegetation has changed under the influence
of restoration programs and ongoing changes in climate [18]. Therefore, it is essential to
monitor and map vegetation dynamics in Mu Us desert as it has been a focus of national
policy. This study aims to (1) assess the vegetation trend including its significance and map
land degradation based on SDG indicator 15.3.1 (2) address how vegetation activity has
changed under the influence of restoration programs and climate change (3) estimate how
successful are the positive human interventions to achieve Land degradation neutrality.

2. Materials and Methods
2.1. Study Area

The Mu Us (Figure 1) or Maowusu Desert is situated in the transitional zone between
animal grazing and agricultural farming in Northern China and is surrounded by the
Yellow River in the east and west and the Kubuqi desert in the north [38]. The southern
boundary of the Mu Us desert is crossed by the Great Wall of China which marks the
boundary between the Loess Plateau and the desert. From southwest to northeast, the
study area’s topography is undulating to some extent, and the elevation changes from
1000 m in the southeast to 1600 m in the northwest. The average annual precipitation
in Mu Us desert varies from 250 mm to 400 mm following a northwest-southeast trend.
The total precipitation and mean annual temperature trends are given in Figure 2. In this
region different ecological restoration programs including the Three Norths Shelter Forest
Program in 1978, Combating of Desertification Program in 1995, Natural Forest Protection
Project in 1999, and Grain for Green Project in 1999 have been implemented [32]. The
total area of Mu Us Desert in China that is under consideration in this study is an area of
115,381.5 km2.

Figure 1. (a) Location of Mu Us Desert (b) Different land use classes.
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Figure 2. (a) Total Precipitation (2001–2018) (b) Annual Mean Temperature (2001–2018) (c) Total
Precipitation Time Series (2001–2018) (d) Annual mean Temperature Time Series (2001–2018).

2.2. Data Sources

MODIS NDVI data “MOD13Q1” [39] with 16-day temporal and 250 m spatial resolu-
tion that was calculated from atmospherically corrected, surface reflectance was used in
this research. For each 16-day composite, maximum quality pixels were selected and these
images have been masked out by heavy aerosols, water, cloud, and cloud shadows [40].
Eighteen years of data from 2001 to 2018 is used to conduct this study. To obtain annual
NDVI data for each year (2001 to 2018), the NDVI values were averaged. Trends.earth [41]
uses 300 m spatial resolution land cover maps of the European space agency climate change
initiative (ESA CCI) [42] from 2001 to 2018 as the default dataset. Soil taxonomy units using
the United States Department of Agriculture (USDA) system [43] and carbon stocks [43] for
the first 30 cm of the soil profile provided by Soil Grids at 250 m resolution were also used
in this study. Soil Grids uses information from a variety of data sources ranging from many
years to produce carbon stocks dataset, therefore assigning a date for calculations purposes
could cause inaccuracies in the stock change calculations to see [44] for justification. For
climatic and weather research, European Centre for Medium-Range Weather Forecasts
(ECMWF) reanalysis is valuable atmospheric data [45]. The monthly gridded time-series
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data ERA5 [46], reanalysis precipitation, and air temperature (2 m aboveground) with a
spatial resolution of 0.25◦ were downloaded from Google Earth Engine and used to analyze
their relationship with NDVI variation from 2001 to 2018. For each year, average tempera-
ture, and total precipitation were calculated to analyze their correlation with annual NDVI.
Using the bilinear resampling technique [47], average annual temperature and precipitation
data were resampled to 250 m for data harmonization [48,49]. The details are given in
Table 1.

Table 1. Dataset used in this study—Variables, Sensors, temporal, and spatial resolution.

Variable Sensor/Dataset Temporal Spatial

NDVI MOD13Q1 2001–2018 250 m
Land cover ESA CCI 2001–2018 300 m

Soil taxonomic units Soil Grids—USDA Static 250 m
Carbon Stocks Soil Grids N/A 250 m

2 m Air temperature ERA 5 2001–2018 0.25◦

Precipitation ERA 5 2001–2018 0.25◦

2.3. Sustainable Development Goal 15.3.1: Land Degradation

SDG Indicator 15.3.1 uses information from three sub-indicators (vegetation productiv-
ity, land cover, and soil organic carbon) to access the progress towards a land degradation
neutral world. These 3 sub-indicators can be calculated and then integrated into Land
degradation Indicator using Trends.earth (a plugin for the QGIS desktop application). The
methodological flow chart is shown in Figure 3.

Figure 3. Conceptual approach of the study to detect the impact of restoration on land degradation.
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2.3.1. Productivity

Land productivity is the land’s biocapacity to support and sustain life [50]. Land
productivity can be estimated from net primary productivity (NPP), but site measurements
of NPP are time-consuming and expansive which leads to the development of indicators
using remotely sensed information [51]. Usually remotely sensed normalized difference
vegetation index (NDVI) is used as surrogates of NPP [52]. Trends.earth plugin was
used to estimate land productivity using three measures of change (trajectory, state, and
performance) driven from time-series data of NDVI.

(a) Productivity Trajectory

The trajectory is the rate at which primary productivity changes with time. Linear
regression was applied to the annual mean NDVI time series (2001–2018) to identify the
spatiotemporal fluctuations in primary productivity. To determine the significance of the
change, Mann-Kendall nonparametric test was applied. p-value ≤ 0.05 that the existing
change is significant. Significant positive trends indicate improvement while a significant
negative trend means potential degradation in vegetation coverage [53].

(b) Productivity State

The productivity state detects the change in recent primary productivity as compared
to a predefined base period [41]. These recent changes are usually undetected by trajectory
indicators. To compute the productivity state, NDVI time-series data was divided into two
periods, a base period (2001 to 2015) and a comparison period (2016 to 2018). A frequency
distribution was computed by using annual NDVI integrals for each unit. The mean NDVI
value of each unit for the base and comparison period was compared to the frequency
distribution base period in that pixel. Depending on the difference between base and
comparison pixels state was classified as improvement (difference ≥ +2), no change (−1 to
1), and potential degradation (≤−2).

(c) Productivity performance

Productivity performance indicates local productivity comparative to similar biocli-
matic regions within the study area [41]. Trends.earth calculates the mean NDVI of each
pixel in the time series for a defined analysis period. Ecologically similar units were de-
fined as the unique combination of soil units and land cover. A frequency distribution
was created using mean NDVI values of each pixel and the 90th percentile (considered
as maximum productivity) value was determined. The ratio between the mean observed
value and maximum productivity was computed to estimate the performance indicator. A
pixel is considered potentially degraded if performance is less than 0.5.

To generate the final productivity dynamic indicator trajectory, state and performance
were combined and classified into 3 classes (Improvement, Degradation, and Stable). The
classification scheme is given in Table A1 of Appendix A.

2.3.2. Land Cover

Land cover maps of the study area were divided into baseline and target. Land cover
maps were reclassified into 7 classes (forest, cropland, bare land, water, wetland, grassland,
and artificial area) and land cover transition analysis was applied in order to assess land
cover dynamics at a pixel scale. Keeping the default settings of trends.earth, the land cover
transition was classified as degradation, improvement, and no change.

2.3.3. Soil Organic Carbon

Soil organic carbon can be used as a proxy to estimate land degradation as the soils
hold the largest carbon amounts [54,55]. To compute the indicator SOC reference values
were determined and the land cover maps were reclassified into 7 classes. To identify
degraded areas, trends.earth uses a combined land cover and soil organic method. The
combined method is used to address some limitations like high spatial variability of soil
properties. United Nations to combat desertification (UNCCD) and Intergovernmental
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Panel on Climate Change (IPCC) recommend carbon conversion coefficients to estimate
carbon stocks in the absence of national SOC data (see [56] for justification). The coef-
ficients used by trends.earth are a result of UNCCD’s extensive literature review [44]
(Table A2 Appendix A). The plugin calculates a relative difference between baseline SOC
and the target period. An area is considered degraded if SOC loss is >10% and an area that
gains >10% SOC is considered improved.

The one-out-all-out rule was applied to calculate the final SDG Indicator 15.3.1. An area
is considered degraded if that area was recognized as degraded by any of the sub-indicator.

2.3.4. Drivers of Ecological Restoration

The vegetation trends in the study area were evaluated by using annual mean NDVI
time-series data at both temporal and spatial levels. Theil-Sen (Sen) slope [57] was used to
analyze NDVI trends as it is a robust nonparametric method that is resistant to outliers [58].
The formula to calculate Sen’s equation is as follows:

β = Median
(NDVIj − NDVIi

j− i

)
Mann–Kendall (MK) significance test was used to test the statistical significance of

Sen’s slope. MK test is also resistant to outliers [59] and is less sensitive to missing values
in the data. The formulas to estimate the MK test are as follows:

Z =


S−1√

s(S)
S > 0

0 S = 0
S+1√

s(S)
S < 0

S =
n−1
∑

j=1

n
∑

i=j=1
sng
(

NDVIj − NDVIi
)

sng
(

NDVIj − NDVIi
)
=


1 NDVIj − NDVIi > 0
0 NDVIj − NDVIi = 0
−1 NDVIj − NDVIi < 0

where in the above equations, NDVI pixel values of ith and jth years are represented by
NDVIi and NDVIj, sng is the sign function and the length of time series is represented by n.
The trend’s slope is represented by β and the Median represents the median of the sequence.
Positive and negative slope values indicate an increase or decrease in vegetation and the
magnitude of the change in vegetation was assessed at a 95% confidence level. Based on
slope and p-value NDVI trends are categorized into three classes [60]: significant Increase
(slope > 0 and p < 0.05), no significant change (p ≥ 0.05), and significant decrease (slope < 0
and for trend significance p < 0.05). The data used was normally distributed and have
continuous intervals, therefore person’s correlation was applied on a pixel basis to compute
the correlations between NDVI and each climatic factor (temperature and precipitation)
for the period of 2001 to 2018. The statistical significance was tested at a 95% confidence
level. Pixels are considered as significantly positively correlated if the Pearson correlation
coefficient (R) is positive and the level of significance (p-value) is less than 0.05.

The impact of climatic factors and restoration projects on vegetation dynamic activity
was separated from each other by threshold segmentation [18]. It is considered that if
ecological restoration projects drive vegetation restoration, then the area with no vegetation
should have changed to a vegetation cover area or the area should have changed from low
vegetation cover to high vegetation cover. Ecological restoration projects are considered a
key force to drive vegetation restoration if NDVI increased significantly, though NDVI is
not significantly positively correlated with climatic factors in the region and the annual
slope of NDVI is greater than the mean value of the area under consideration.
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3. Results
3.1. Vegetation Dynamic Trend and Driving Forces Analysis

The average annual NDVI was 0.18 for Mu Us from 2001 to 2018, varying between
land cover classes. The slope was estimated for each pixel in the time series. The overall
Theil–Sen’s slope of annual NDVI for Mu Us was 0.004. Positive trends can be observed in
the region under consideration, which indicates a major increase in vegetation with time.
Results revealed (Figure 4) that in 18 years (2001–2018) 98.66% of the total area of Mu Us
showed an upward trend out of which 85.69% is significant whereas only 1.33% of the area
showed a downward trend out of which 0.2% is significant. 14.11% of the total area of Mu
Us showed no significant trend from 2001–2018.

Figure 4. (a) MK trend test of MU US region from 2001–2018 (b) Classified Sen’s slope of annual
NDVI of MU US region (1/year) (c) Trend significance of MU US region based on sen’s slop and
MK-trend significance (p < 0.05).

3.2. Relationship between NDVI and Climatic Factors

In some parts of Mu Us significant positive correlations (p < 0.05) between annual
NDVI and climatic factors (temperature and precipitation) were observed (Figure 5). Results
revealed that annual NDVI is more strongly and positively correlated with precipitation
than with temperature during the study period. 9.58% of the total study area showed a
significant positive correlation between annual NDVI and precipitation. Only 3.32% area of
Mu Us showed a significant positive correlation between annual NDVI and temperature
while a huge 87.1% area showed no significant relationship between annual NDVI and
climatic factors (precipitation and temperature). The spatial distribution of pixels that
showed a significant positive correlation between NDVI and each climatic factor can be
seen in Figure 5.
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Figure 5. (a) NDVI-Precipitation Correlation in MU US (2001–2018) (b) NDVI-Temperature Correla-
tion in MU US (2001–2018) (c) NDVI Climatic Factors Significance (R > 0 & p < 0.05).

3.3. Restoration Caused by Ecological Restoration Programs and Land Degradation

Results revealed that in 18 years (2001–2018) 41.21% of the total significant restoration
is attributed to the positive human interventions i.e., ecological restoration programs. A
significant increasing vegetation trend was observed in the 41.21% area of the Mu Us desert.
In this region, the slope of annual NDVI is greater than its mean value (0.004) and there is
no significant correlation between NDVI and climatic factors. The spatial distribution of
results can be seen in Figure 6a. These results indicate that the ecological restoration efforts
have shown satisfactory results in restoring vegetation activity in Mu Us desert.

Figure 6. (a) Significant Restoration in MU-SU caused by Ecological restoration Programs (2001–2018)
(b) Land degradation in Mu Us based on SDG Indicator 15.3.1.

As shown in Figure 6b and illustrated in Table 2 below, it can be observed that 84.74%
area of Mu Us has improved, 12.30% area is stable and out of the total land area only 2.91%
is degraded. The results revealed that in the analyzed period the land area has improved in
all aspects i.e., Land productivity, Soil Organic Carbon, and Land Cover change.
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Table 2. Sustainable Development Goals 15.3.1: Land Degradation Neutrality in Mu Us.

Summary of SDG 15.3.1 Indicator

Area (km2) Percent of Total Land Area

Land area improved 97,772.30 84.74%
Land area stable 14,197.10 12.30%

Land area degraded 3354.10 2.91%
Land area with no data 58 0.05%

Total land area 115,381.5 100.00%

In terms of Land cover change 2.17% of the total area showed improvement, 96.91%
stable and only 0.92% of the land area is degraded. Table 3 shows the land cover area
change matrix which indicates that the gains made in cropland (2.44%) were from grassland
whereas gains made by grassland (2.28%) were mostly from other lands. During the study
period, most of the land cover types remained unchanged and does not show transition on
large scale.

Table 3. Land cover area change matrix (km2).

La
nd

co
ve

r
ty

pe
in

na
se

lin
e

Ye
ar

Land Cover in Target Year
Tree-Covered Areas Grasslands Croplands Wetlands Artificial Areas Other Land

Tree-covered areas 17.57 3.79 0.10 0.00 0.53 0.00
Grasslands 0.00 88,266.23 433.77 0.00 301.75 386.22
Croplands 0.00 277.93 17,340.59 0.00 74.35 0.83
Wetlands 0.00 0.00 0.00 139.81 0.53 0.00

Artificial areas 0.00 0.00 0.00 0.00 54.22 0.00
Other lands 0.00 2069.15 3.26 0.00 9.95 5999.31

Land productivity (Table 4) shows the highest significant change among all three sub-
indicators of land degradation. 85.19% land area of Mu Us shows improved productivity,
12.80% stable whereas a land area with degraded productivity is only 1.97%. Trends in land
productivity for pixels with unchanged land cover revealed that grassland (64.60% of the
total study area) has the highest improvement in land productivity followed by cropland
(14.34%), other lands (3.68%), wetlands (0.03%), artificial areas (0.02%) and tree-covered
area (0.01%). Results of change in soil organic carbon reveal that 1.14% of the land area
showed improvements in soil organic carbon, 0.29% degraded and 98.57% of the area
showed no change in soil organic carbon.

Table 4. Trends in land productivity or functioning (for pixels with unchanged land cover) (km2).

La
nd

co
ve

r
ty

pe

Net Land Productivity Dynamics

Declining Moderate Decline Declined Stable Increasing No Data

Tree-covered areas 0.05 0.00 3.10 1.79 12.54 0.10
Grasslands 215.54 278.95 1292.08 11,905.63 74,537.95 36.09
Croplands 83.22 77.39 15.78 605.73 16,553.75 4.73
Wetlands 2.62 1.34 39.37 45.96 42.73 7.78

Artificial areas 4.82 0.20 0.05 15.98 33.12 0.05
Other lands 2.25 7.80 108.83 1628.00 4250.38 2.05

4. Discussion

Land degradation is listed in the sustainable development goals as one of the biggest
threats to the environment. To address land degradation sustainable development goals
proposed that land degradation neutrality should be given priority [61–63]. To achieve
land degradation neutrality there must be an improvement in all three sub-indicators
(Land Productivity, Land cover change, and Soil organic carbon) [64]. The main focus of
scientific research on land degradation includes monitoring and evaluation, restoration and
identification of driving forces. The most important countries for International research
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cooperation are China, the United States, and the United Kingdom in the field of land
degradation [65]. In the past 20 years, the ecological restoration programs of China have
played a leading role in the greening of the world. Grain for Green project of China is among
one of the most pronounced programs of the 20th century. Restoration activities such as
the return of cropland to woodland and the return of grazing land to grass were involved
in this project [64]. Based on our results 84.74% of the land area has improved. During
the study period, 96.91% of the land cover area shows no transition and remains stable.
At a small scale, land use transitions were observed in grassland and croplands and these
results are in line with the results of previous studies [66] which indicate that ecologically
fragile regions of China such as Mu Us, grassland experienced a restoration process in the
last decade. From 2001 to 2018 the grassland area has increased by 1127.50 km2. Another
study has also stated that from 2010 to 2015 411.29 km2 was reclaimed by grassland [67].

To evaluate the quality of soil [68] and measure land degradation [69], soil organic
carbon is the most appropriate indicator. SOC is linked with soil structure, plant health,
productivity, and water holding capacity which are the most fundamental soil properties
and functions [70–73]. Soil organic carbon in the current study does not show any change
at a large scale and only 1.14% area showed improvement in terms of soil organic carbon.
Only 0.93% change was observed in soil organic carbon storage from baseline to target year.

Results indicate that net primary productivity has improved over 96.91% area in Mu
Us desert. The significant increase in primary productivity could be the result of ongoing
ecological restoration projects [74]. Since the end of the 1990s, in the Horqin desert and
Mu Us desert, extensive restoration projects have been implemented to control desertifica-
tion [75]. Ref. [34] also attributed the significant increase in net primary productivity in the
ago-pastural transitional zone of northern China to positive human interventions such as
the Grain for Green ecological restoration program.

Numerous studies [32,76] have discussed the driving forces of desertification in Mu
Us Desert. Ref. [77] suggested that climate trends and fluctuation are the main drivers
of the desertification in the Mu Us desert. Ref. [78] found that unsustainable human
activities like overgrazing, reclamation, and deforestation are the key driving forces of
desertification in the Mu Us Desert. However, desertification monitoring showed that
there were fluctuations in desertification in the region during the past several decades [76].
Previous studies discussed that desertification occurred in the region in the 1970s and 1980s,
while restoration occurred in the 1990s [76,79,80].

ECMWF reanalysis of precipitation, and air temperature data was used in this research
to understand the relationship between climatic factors and NDVI. Some previous studies
evaluated the performance of ERA 5 data within China and found inconsistent performance
in different regions. Ref. [81] stated that in mainland China during the summer season ERA
5 precipitation was slightly overestimated but it can capture seasonal and annual patterns
of precipitation with high accuracy. The study also reported that at lower elevations ERA
5 precipitation is estimated well and the trends are consistent with observations at the
seasonal and annual scale. As compared to ERA-interim data, ERA 5 reanalysis data have
higher spatiotemporal resolution and it provides comparatively better quality precipitation
data. Another study [82] stated that satellite data and ERA 5 climate reanalysis data are
easily available as compared to weather station data which provide scattered temperature
data, therefore as a substitute for recorded data, ERA 5 data can be used conveniently.

Ref. [83] stated that from 2006 to 2015 the main factors of desertification reversal in
northern china are ecological restoration policies. Supporting the results of [83], another
study [32] reported that the implementation of restoration projects plays a key role in
desertification reversal at the whole desert scale. In line with the results of [32,83] this
study, suggested that the ecological restoration projects are the key drivers and have
achieved remarkable results throughout the study area. Results reveal that 85.69% area
shows a significant increase in vegetation. In our study, the role of climatic factors in
driving vegetation trends is limited [84]. Only 12.9% area of the Mu Us desert shows
a significant positive correlation with climatic factors (precipitation and temperature).
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Human interventions such as ecological restoration projects are found to be the drivers
of vegetation change in this study as 41.21% of vegetation restoration is attributed to
ecological restoration programs. Interestingly, in the areas where vegetation restoration
is attributed to the ecological restoration efforts, land area has also improved in terms of
land degradation. 40.42% out of 41.21% of the area under ecological restoration programs
showed improvement in all three indicators of land degradation (vegetation productivity,
Soil Organic Carbon, and Landcover).

5. Conclusions

This study analyzed the impact of positive human interventions (ecological restora-
tion projects) on land degradation in the Mu Us Desert on a spatial and temporal scale
from 2001–2018 and differentiate between the impact of human-induced restoration and
restoration caused due to climatic factors. Based on the above investigation the following
conclusions could be drawn:

1. Desertification reversal in Mu Us is obvious as most of the land area has shown
improvement in vegetation condition, soil organic carbon, and land cover transition.
Despite the limited impact of climatic factors on vegetation cover change, vegetation
has increased especially on the eastern side of the desert. Ecological restoration
activities are found to be the key driving forces of vegetation restoration.

2. The condition of land has improved significantly in regions where vegetation restora-
tion is attributed to ecological restoration programs. 41.21% of vegetation restoration
in Mu Us is accredited to ecological restoration efforts, out of which 40.42% area has
shown improvement in all three sub-indicators of land degradation and the rest 0.79%
of this region is stable and has no signs of land degradation.

3. This study has quantified the contribution and revealed the importance of ecological
restoration programs in land degradation reversal in the Mu Us desert. It can be
concluded that successful restoration projects in Mu Us are a win-win strategy and a
positive step toward implementing Sustainable Development Goal 15.3.1 to achieve a
land degradation-neutral world.
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Appendix A

Table A1. Aggregating the productivity sub-indicators.

Trajectory State Performance Classes

Improvement Improvement Stable Improvement
Improvement Improvement Degradation Improvement
Improvement Stable Stable Improvement
Improvement Stable Degradation Improvement
Improvement Degradation Stable Improvement
Improvement Degradation Degradation Degradation

Stable Improvement Stable Stable
Stable Improvement Degradation Stable
Stable Stable Stable Stable
Stable Stable Degradation Degradation
Stable Degradation Stable Degradation
Stable Degradation Degradation Degradation

Degradation Improvement Stable Degradation
Degradation Improvement Degradation Degradation
Degradation Stable Stable Degradation
Degradation Stable Degradation Degradation
Degradation Degradation Stable Degradation
Degradation Degradation Degradation Degradation

Table A2. Conversion coefficients for changes in land use.

LU Coefficients Forest Grasslands Croplands Wetlands Artificial Areas Bare Lands Water Bodies

Forest 1 1 f 1 0.1 0.1 1
Grasslands 1 1 f 1 0.1 0.1 1
Croplands 1/f 1/f 1 1/0.71 0.1 0.1 1
Wetlands 1 1 o.71 1 0.1 0.1 1

Artificial areas 2 2 2 2 1 1 1
Bare lands 2 2 2 2 1 1 1

Water bodies 1 1 1 1 1 1 1

Changes in SOC are better studied for land cover transitions [41] involving agriculture, and for that reason there
is a different set of coefficients for each of the main global climatic regions: Temperate Dry (f = 0.80), Temperate
Moist (f = 0.69), Tropical Dry (f = 0.58), Tropical Moist (f = 0.48), and Tropical Montane (f = 0.64). Trends.earth
determines the climate region itself from pixel-based information.
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