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• Increasing vegetation browning is hid- 
den in vegetation greening. 

• Greening to browning reversal is the 
main trend of vegetation browning. 

• Adverse climatic conditions counteract 
the positive effects of ERPs. 
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a b s t r a c t 

Vegetation greening has long been acknowledged, but recent studies have pointed out that vegetation greening 
is possibly stalled or even reversed. However, detailed analyses about greening reversal or increased browning 
of vegetation remain scarce. In this study, we utilized the normalized difference vegetation index (NDVI) as an 
indicator of vegetation to investigate the trends of vegetation greening and browning (monotonic, interruption, 
and reversal) through the breaks for the additive season and trend (BFAST) method across China’s drylands from 

1982 to 2022. It also reveals the impacts of ecological restoration programs (ERPs) and climate change on these 
vegetation trends. We find that the vegetation displays an obvious pattern of east-greening and west-browning 
in China’s drylands. Greening trends mainly exhibits monotonic greening (29.8 %) and greening with setback 
(36.8 %), whereas browning shows a greening to browning reversal (19.2 %). The increase rate of greening to 
browning reversal is 0.0342/yr, which is apparently greater than that of greening with setback, 0.0078/yr. This 
research highlights that, under the background of widespread vegetation greening, vegetation browning is pro- 
gressively increasing due to the effects of climate change. Furthermore, the ERPs have significantly increased 
vegetation coverage, with the increase rate in 2000–2022 being twice as much as that of 1982–1999 in reveg- 
etation regions. Vegetation browning in southwestern Qingzang Plateau is primarily driven by adverse climatic 
factors and anthropogenic disturbances, which offset the efforts of ERPs. 
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. Introduction 

Drylands are defined as areas with an aridity index (AI) less than
.65, which encompass approximately 41 % of Earth’s land area
 Huang et al., 2016 ) and supports 2.5 billion people ( Huang et al.,
017 ). China’s drylands are among the largest in extent worldwide
nd are highly vulnerable to global warming and human activities
 Li et al., 2021 ). Since 1978, China’s government has already launched
∗ Corresponding author. 
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ultiple large-scale ecological restoration programs (ERPs), aiming to
estore local environment through afforestation in semi-arid and arid
egions ( Bryan et al., 2018 ). These programs include the “Three-North
helter Forest Program (TNSFP, 1978–2050) ”, the “Natural Forest
onservation Program (1998–2020, NFCP) ”, the “Grain for Green
rogram (GTGP, 1999–2020) ”, and the “Beijing-Tianjin Sand Source
ontrol Program (BSSCP, 2002–) ”. Nevertheless, the effectiveness of
RPs in water-limited ecosystems remains controversial ( Cao et al.,
011 ). Therefore, a thorough evaluation of the effects of ecological
estoration on vegetation trends is essential for propelling sustainable
evelopment in China’s drylands. 
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Vegetation plays a crucial role in regulating water, carbon, and en-
rgy cycles in dryland ecosystems. The normalized difference vegetation
ndex (NDVI) is a robust indicator of vegetation changes ( Forzieri et al.,
017 ; Piao et al., 2014 ), with an increase in NDVI typically represents
egetation greening whereas a decrease indicates vegetation browning
 De Jong et al., 2012 ; Pan et al., 2018 ). Previous research has focused
n vegetation greening and its attributions ( Piao et al., 2019 ), and indi-
ated that CO2 fertilization is the dominant factor in vegetation green-
ng ( Zhu et al., 2016 ). However, a recent study showed the positive
ffects of increased CO2 fertilization and climate warming on vegeta-
ion greening begin to slow down ( Wang et al., 2020 ). Furthermore,
uan et al. (2019) point out that vegetation greening possibly stalled or
ven reversed after the late 1990s. Pan et al. (2018) further indicate that
reening to browning reversals occurred on all continents from 1982 to
013. Since reversals of vegetation greening are difficult to recover, the
ffective monitoring and understanding of greening reversals and in-
reased browning in China’s drylands is necessary. 

In the context of overall greening, vegetation browning is possibly
eglected or masked if a simple linear model is used to characterize
he vegetation monotonic trends. To solve this problem, methods
ncluding the piecewise linear regression model, the Mann-Kendall test,
he ensemble empirical mode decomposition (EEMD), and the breaks
or additive seasonal and trend (BFAST) have been selected for more
ccurate monitoring of vegetation trends. Among these methods, the
ccuracy and applicability of the BFAST in capturing vegetation trends
ave been well-demonstrated ( Higginbottom and Symeonakis, 2020 ;
ong et al., 2018 ). For example, Verbesselt et al. (2012) apply the BFAST
o assess disturbances of drought on vegetation in Somalia. De Jong
t al. (2012) indicate that areas with browning increased over time
hile the greening decreased, particularly in the Southern Hemisphere.
hen, they also find the signs of greening to browning reversal and

nterruptions in greening trends in many regions around 2000 ( De Jong
t al., 2013 ). This highlights the importance of employing appropriate
ethods for comprehensive assessments of vegetation changes. 

Considering that China’s drylands can provide ecosystem services
nd livelihoods for millions of people, and dryland vegetation is sen-
itive to climate change, it is essential to monitor vegetation trends in
hina’s drylands under climate change in detail. Herein, we used the
FAST method to investigate vegetation trends from 1982 to 2022. The
ims are as follows: (1) identifying the timing and trend types in the oc-
urrence of vegetation greening and browning and (2) discussing vege-
ation browning in relation to climate change and ecological restoration
fforts. 

. Materials and methods 

.1. Study area 

The aridity index (AI), defined as the ratio of total annual precipi-
ation to potential evapotranspiration (PET), is the common indicator
o assess surface aridity. Based on the climatological average AI from
961 to 1990, drylands are classified as regions with AI < 0.65 ( Feng and
u, 2013 ; Huang et al., 2016 ). China’s drylands, spanning between about
0°N to 50°N and 75°E to 125°E, cover approximately 20 provinces with
n area of 5.4 million km2 ( Li et al., 2022 ) ( Fig. 1 (a)). These regions are
ar away from oceans with features of low annual precipitation and high
otential evapotranspiration, as well as nutrient-poor soils and sparse
egetation with low annual productivity ( Huang et al., 2017 ). In re-
ponse, the Chinese government has launched large-scale ERPs with
evegetation areas of 271.2 × 104 km2 ( Fig. 1 (b)) ( Xu et al., 2023 ),
imed at enhancing its ecological environment ( Bryan et al., 2018 ;
i et al., 2021 ). Among these ERPs, the TNSFP is renowned as the world’s
argest afforestation program, and is executed in eight phases within
hree periods: 1978–2000, 2001–2020, and 2021–2050. The NFCP fo-
uses on protecting natural forests through logging bans. The GTGP is
nown for the largest investment, with the goal of converting cultivated
406
and with slopes of 25° or even greater into forest, shrubland, or grass-
and. The BSSCP aims to mitigate sandstorms in the Beijing and Tianjin
egions through large-scale afforestation and reforestation. 

.2. Data sources 

The NDVI, derived from the GIMMS NDVI3g for the period from
982 to 2022, has a spatial resolution of 1/12° (approximately 8 km)
nd a temporal resolution of 15 days ( Pinzon et al., 2023 ). Monthly
DVI data are processed using the maximum value composite (MVC)
ethod to minimize interference originating from cloud contamination,

tmospheric effects, and solar zenith angle effects ( Holben, 1986 ). Be-
ides, to appropriately reflect the vegetation changes, NDVI data from
pril to October were averaged to represent the vegetation growing sea-
on ( Piao et al., 2011 ). Pixels with growing season NDVI below 0.1 are
arked as non-vegetated regions and are removed. Hereafter, the fol-

owing mentioned vegetation changes are referred to as the growing sea-
on vegetation changes. The GIMMS NDVI3g dataset, the longest NDVI
ime series, has been widely used for monitoring vegetation dynamics
t both regional and global scales ( Pan et al., 2018 ). 

Precipitation (Pre) and Temperature (Temp) datasets, spanning the
eriod from 1982 to 2022 with a spatial resolution of 0.00833° (approxi-
ately 1 km), are obtained from the National Earth System Science Data
enter ( Peng et al., 2019 ). The atmospheric vapor pressure deficit (VPD)

s calculated using 2 m temperature and 2 m dewpoint temperature from
RA5-land ( Yuan et al., 2019 ), which is produced by the European Cen-
re for Medium-Range Weather Forecasts (ECMWF) with a resolution of
.1° × 0.1°, covering a period of 1982–2022 ( Muoz-Sabater et al., 2021 ).
o make them compatible, we interpolate all the data to 0.1° × 0.1°
esolution by bilinear interpolation. Furthermore, the Land use/cover
ataset is derived from the ESA-CCI-LC dataset, provided by the Euro-
ean Space Agency (ESA) with a spatial resolution of 300 m, covering a
eriod of 1992–2020 with one-year intervals. According to Mousivand
t al. (2019) , the original 37 LC classes are reclassified into 9 major LC
ypes, including agriculture, forest, grassland, bare lands, wetland, open
ater, settlement, sparse vegetation, and permanent ice/snow cover. In

his study, we primarily focus on changes in agriculture, forests, grass-
ands, sparse vegetation, bare lands, and settlements. 

.3. Methods 

.3.1. Breakpoint detection 

The BFAST method decomposes time series into trend, seasonal,
nd remainder components, as well as methods for detecting struc-
ural changes in both trends and seasonal components ( Verbesselt et al.,
010a ). In the BFAST procedures, the “Bfast01 ” function in the “Bfast ”
ackage is applied to the NDVI dataset at the per-pixel level to ex-
ract breakpoints in the vegetation time series of China’s drylands
rom 1982 to 2022. The bandwidth parameter h plays a critical role
n identifying trends by determining the maximum number of break-
oints or the minimal time between breakpoints. Based on the min-
mal breakpoint interval of 2.6 years for semi-arid regions proposed
y Watts et al. (2014) , as well as the fraction of data between breaks
ecommended by Fang et al. (2018) and Verbesselt et al. (2010b) , we
et the bandwidth parameter to 1/7 that is equivalent to a five-year
pan and a significance level of 0.05 ( Ma et al., 2019 ). In our analysis,
ixels where both segments insignificant were removed (Fig. S1). Be-
ides, the formula of the “Bfast01 ” function is set to “response ∼ trend ”,
s we use an average growing season time series with no seasonality
 Bernardino et al., 2020 ). Default settings are used for the remaining
rguments. 

The timing of the breakpoint indicates a shift in the amplitude or
irection of vegetation trends due to external disturbances ( Ma et al.,
019 ; Tong et al., 2018 ). Moreover, we categorize vegetation changes
nto three trend types, including monotonic trends, interrupted trends,
nd reversal trends. To be specific, monotonic trends indicate that the
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Fig. 1. Distribution and characteristics of China’s drylands. (a) China’s drylands are defined as regions with an AI < 0.65. These regions can be further categorized 
into hyper-arid (AI < 0.05), arid (0.05 < AI ≤ 0.2), semi-arid (0.2 < AI ≤ 0.5), and dry sub-humid (0.5 < AI ≤ 0.65). (b) Revegetated spatial scope under the ecological 
restoration programs (ERPs). These programs include the Three-North Shelter Forest Program (TNSFP), the Natural Forest Conservation Program (NFCP), the Grain 
to Green Program (GTGP), and the Beijing-Tianjin Sandstorm Source Control Program (BSSCP). 
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egetation has experienced a consistent increase (greening) or decrease
browning) over time, interrupted trends represent vegetation greening
r browning processes that have been temporarily disturbed for some
eason, and reversal trends suggest that vegetation growth processes are
ifferent on either side of the breakpoint ( De Jong et al., 2013 ; Ni et al.,
020 ). Our classification scheme of vegetation trends is based on the
esearch of De Jong et al. (2013) , which refers to the increasing trend
monotonic greening, greening with setback, and browning to greening
eversal) as greening, and the decreasing trend (monotonic browning,
rowning with burst, and greening to browning reversal) as browning
Fig. S2). 

.3.2. Trend analysis and partial correlation analysis 

The trends in the Pre, the Temp, and the VPD are estimated using the
inear least square regression method with a two-tailed t -test ( P < 0.05).
dditionally, we employ a combined approach of the Theil-Sen Median

rend and the Mann-Kendall (MK) test to classify vegetation changes into
ve categories, including severe browning, slight browning, stability,
light greening, and significant greening ( Jiang et al., 2015 ). The par-
407
ial correlation analysis is used to determine the impacts of climate fac-
ors on vegetation changes, excluding the confounding effects of other
elated variables. Before calculating the partial correlation coefficients,
e first detrend all quantities to focus analysis on correlations in inter-
nnual variability. When multiple climate factors (Pre, Temp, and VPD)
re simultaneously correlated with vegetation changes (NDVI), partial
orrelation analysis can effectively avoid the influence of another cli-
ate variable and capture the extent to which a single climate variable

nfluences vegetation changes ( Xu et al., 2023 ). 

.3.3. Residual trend analysis 

Residual trend analysis needs to establish a model between the vege-
ation and climate factors to discriminate the impacts of climate change
nd human activities on vegetation ( Shi et al., 2021 ; Wu et al., 2014 ).
irst, the predicted NDVI values are obtained through multiple regres-
ion of growing season NDVI with growing season cumulative Pre, av-
rage Temp, and average VPD, which represents the influence of cli-
ate change on vegetation. Then, the difference between the predicted
DVI ( NDV Ipre ) and observed NDVI ( NDV Iobs ) is the residual NDVI
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 NDV Ires ), which represents vegetation’s response to human activities.
n this context, NDV Ipre is explained as contributions of climate change,
nd NDV Ires is caused by human activities factors in which ecological
estoration programs are involved. When NDV Ires > 0 , this means that
uman activities have a positive effect on vegetation greening, whereas
DV Ires < 0 means a negative effect. In addition, the relative contri-
ution of climate change and human activities to vegetation changes is
btained through the methodology proposed by Shi et al. (2021) . 

. Results 

.1. Timing and trend types of breakpoints in vegetation changes 

Fig. 2 shows the distribution of timing (a) and trend types (b) of
reakpoints identified by NDVI. The distribution of the timing of the
reakpoints is regional, revealing the spatial heterogeneity of vegeta-
ion changes in China’s drylands. Notably, in the majority of the tim-
ng of breakpoints observed from 1999 to 2011, the most pronounced
reakpoints occurred in 1999, 2005, and 2011 with area percentages of
.5 %, 9.7 %, and 8.4 %, respectively ( Fig. 2 (a) and Fig. S3). Specifically,
he breakpoints in 1999 predominantly occur in the Songliao Plain, ad-
acent to the eastern boundary of the TNSFP region. The breakpoints
n 2005 primarily appear in the Southern Greater Khingan Mountains
nd partially within the regions encompassed by the BSSCP. In 2011,
he breakpoints are mainly concentrated on the Loess Plateau, which is
ostly affected by the GTGP implementation. In addition, the area per-

entage of timing breakpoints in post-2000 accounts for 68.7 % of the
otal, which is twice as much as that in the pre-2000. 

To investigate the spatial characteristics and drivers of vegetation
reening and browning further, we divide the entire time period into
wo phases: 1982–1999 and 2000–2022 based on the following rea-
ons. ( ⅰ ) In Fig. S3, the first pronounced timing breakpoints occur in
999 (7.5 %), ( ⅱ ) the ERPs in China’s drylands are initiated at around
000, and ( ⅲ ) the distribution of vegetation changes, determined by
he Theil-Sen Median trend and the Mann-Kendall test, shows appar-
nt features in the above two phases (Fig. S4). The area with a per-
entage of 48.2 % experiences significant vegetation greening in 2000–
022, which is greater than that of 34.1 % in 1982–1999. Besides, the
egetation greenness increased at a rate of 1.83 × 10− 3 /yr in 2000–
022, and it is greater than that of 1.05 × 10− 3 /yr in 1982–1999 (Fig.
4(c)). Furthermore, an area with a percentage of 18.3 % experiences
egetation browning in 2000–2022, which is greater than that of 4.5 %
n 1982–1999. These results strongly support our division of the time
eriod with the year 1999 as the time breakpoint to reflect the vege-
ation trends adequately, and also verify the robustness of the BFAST
ethod in monitoring vegetation changes. 

In addition, as revealed by the trend types in vegetation changes
 Fig. 2 (b)–(d)), the variations in vegetation display an apparent pattern
f east-greening and west-browning. The predominant trends in veg-
tation greening are monotonic greening and greening with setback,
ith area percentages of 29.8 % and 36.8 %, respectively. In contrast,
reening to browning reversal occupies a much larger area in vegeta-
ion browning of 19.2 % than browning to greening reversals in veg-
tation greening of 6.7 % ( Fig. 2 (b)). A comparative analysis of area
ercentage of trend types between the two periods (pre- and post-2000)
s shown in Fig. 2 (c). Monotonic browning exhibits little changes in area
ercentage that can barely be observed in the histogram. An increase is
bserved in monotonic greening, greening to browning, greening with
etback, and browning to greening, with area percentages of 13.1 %,
0.9 %, 7.5 %, and 6.5 %, respectively. By comparison, a decrease only
ccurs for browning with burst with an area percentage of 0.7 %. In ad-
ition, as shown in Fig. 2 (d), although the two vegetation trends both
emonstrate increase trends over the years, the greening to browning
eversal exhibits an evident increase with a rate of 0.0342/yr, while the
ncreasing rate of greening with setback is 0.0078/yr. 
408
.2. Relations between climate factors and vegetation changes 

To investigate the response of vegetation to climate change in
hina’s drylands, we conduct a partial correlation analysis between
etrended climate factors (i.e. Pre, Temp, and VPD) and vegetation
NDVI) ( Fig. 3 ). The Pre has a positive effect on vegetation in 62.50 %
nd 59.40 % of the regions for 1982–1999 and 2000–2022, respectively
 Fig. 3 (a1)–(a2)). The Temp shows a positive effect on vegetation in
3.92 % and 65.83 % of the regions in 1982–1999 and 2000–2022,
espectively ( Fig. 3 (b1)–(b2)). Spatially, the positive effect of the Pre
n vegetation in 1982–1999 shifts to a negative effect in 2000–2022
n southwestern Qingzang Plateau and Hulun Buir Grassland, which
s contrary to that in northern Xinjiang. Moreover, the Temp exhibits
 negative effect on vegetation in southwestern Qingzang Plateau for
982–1999 and 2000–2022. Besides, the VPD exhibits a negative effect
n vegetation across most regions, with the negative effect increasing
rom 61.46 % in 1982–1999 to 72.58 % in 2000–2022 ( Fig. 3 (c1)–(c2)).
nd the positive effect of VPD on vegetation in southwestern Qingzang
lateau in 1982–1999 transfers to negative in 2000–2022. In addition,
e find that climate factors display overall increasing trends (Figs. S5–
7), with the warming rate of 0.40 °C/10 yr in 1982–1999 significantly
igher than that of 0.15 °C/10 yr in 2000–2022 (Fig. S5(c)). Also, the
re exhibits a pronounced increase from 1.99/10 yr in 1982–1999 to
1.9 mm/10 yr in 2000–2022 (Fig. S6(c)). Meanwhile, the VPD con-
istently rises from 0.14 hPa/10 yr in 1982–1999 to 0.18 hPa/10 yr in
000–2022 (Fig. S7(c)). Regionally, northern Xinjiang and southwest-
rn Qingzang Plateau show notable increases in the VPD and warming,
hile the Pre in these regions decreases in 2000–2022. Conversely, east-

rn Inner Mongolia shows a decreasing trend in the Temp and the VPD
ccompanied by a significant increase in the Pre. 

.3. Vegetation changes in revegetation regions 

Since 1978, China’s government has implemented large-scale ERPs
o improve dryland ecosystems, as illustrated in Fig. 4 (a)–(b). These pro-
rams have greatly altered land use in China’s drylands ( Fig. 4 (c) and
ig. S8). Specifically, forest coverage experiences a substantial increase
rom 107.3 × 103 km2 in 1992 to 117.5 × 103 km2 in 2020 within
evegetation regions. Grassland areas initially reduce by 2.1 × 103 km2 

rom 1992 to 1999, and then increases by 3.1 × 103 km2 from 2000
o 2015 ( Fig. 4 (c2), (c3)). By contrast, areas of bare land show a de-
line of 36.5 × 103 km2 from 1992 to 2020 ( Fig. 4 (c4)), while China’s
rylands remain unchanged from 2014 to 2020 (Fig. S8(a3)). Addi-
ionally, in revegetation regions, vegetation greenness increases signifi-
antly at a rate of 2.8 × 10− 3 /yr in 2000–2022, which is twice as much
s that in 1982–1999 ( Fig. 4 (d)). Notably, areas of vegetation greening
rends (i.e., monotonic greening, greening with setback, and browning
o greening) increases, while areas of vegetation browning trends (i.e.,
onotonic browning, browning with burst, and greening to browning)
ecreases in revegetation regions, compared with that in China’s dry-
ands ( Fig. 2 (b) and Fig. 4 (e)). Similarly, the greening to browning rever-
al increases significantly at a rate of 0.0524/yr in revegetation regions,
hereas the decrease in greening with setback at a rate of − 0.0126/yr
 Fig. 4 (f)). This trend suggests the prevalence of vegetation browning,
espite the overall ecological restoration efforts. 

The partial correlation analysis reveals that all climatic factors have
onsiderable impacts on vegetation ( Fig. 3 ). To better clarify differ-
nces in the contributions from climate change and ERPs to vegetation
hanges, the residual analysis results demonstrate that the joint con-
ribution of climatic factors and human activities to vegetation green-
ng is 70.10 % and 64.41 % in 1982–1999 and 2000–2022, respectively
 Fig. 5 ). Moreover, the combined impact of climate and human activ-
ties on vegetation browning from 1982 to 1999 was relatively low
ith a percentage of 3.35 %, in contrast to that of 2000–2022, 16.34 %
 Fig. 5 (a), (d)). To be specific, it is observed that the contribution of
limate change to vegetation greening is in the range of 60 %–80 % and
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Fig. 2. Spatial distribution of timing breakpoints (a) and trend types (b) of vegetation changes as detected by the breaks for additive season and trend (BFAST) 
method. (c) Changes in area percentage of vegetation greening and browning trends in two periods. (d) Trends of greening with setback and greening to browning 
reversal. The inserted pie chart shows the area percentage of trend types. 

409
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Fig. 3. Spatial distributions of partial correlation between precipitation (Pre, a), temperature (Temp, b), and atmospheric vapor pressure deficit (VPD, c) with NDVI 
for the periods 1982–1999 (1st column) and 2000–2022 (2nd column). Blue and red rectangles represent the area percentages for positive and negative correlations, 
respectively. The points mark pixels with significance at 0.05 level. 
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 80 %, which is particularly concentrated in the BSSCP regions and
orthern Xinjiang from 1982 to 1999, however, the contribution of hu-
an activities exceeds 80 %, mainly distributed in the eastern boundary

n the TNSFP regions ( Fig. 5 (b), (c)). In contrast, the contributions of cli-
ate change to vegetation greening are in the range of 60 %–80 % and
 80 % from 2000 to 2022, which are located in southwestern Qingzang
lateau, while the contributions of human activities exceed 80 %, which
re predominantly found in the Loess Plateau ( Fig. 5 (e), (f)). 

. Discussion 

.1. Impacts of climate change on vegetation greening and browning 

Our study highlights that vegetation cannot simply be assumed to
e consistently greening. Analyzing reversals of vegetation greening
an properly reflect the trends of vegetation and its responses to cli-
ate change. Compared with previous studies, our study focuses on

he subdivision of vegetation trends to better capture greening reversal
nd browning increase. In China’s drylands, vegetation mainly exhibits
he pattern of east-greening and west-browning, and vegetation brown-
ng particularly occurs in southwestern Qingzang Plateau and north-
rn Xinjiang ( Fig. 2 (b)). These findings are in line with the research
f Liu et al. (2024) and Li et al. (2020) . Additionally, southwestern
ingzang Plateau, where the Indian monsoon is considered to be domi-
410
ant precipitation source, exhibits a weakening trend from the mid-20th
o early 21st century ( Yao et al., 2012 ). Also, the optimal temperature in
his region for vegetation growth is relatively low, and increased temper-
ture is adverse to vegetation growth ( Chen et al., 2021 ). Furthermore,
he climate in northern Xinjiang experiences a significant shift from
arm-wet to warm-dry ( Yao et al., 2021 ). Therefore, it can be concluded

hat the pronounced regional warming and reduced precipitation have
etrimentally affected water availability for plant growth ( Gao et al.,
013 ; Li et al., 2015 ), leading to vegetation browning. Higher VPD in-
icates lower saturation water vapor pressure and limits the plant tran-
piration due to stomatal closure. It may further decrease atmospheric
ater vapor and increase the VPD ( Xu et al., 2024 ), which has nega-

ively affected vegetation greening. This feedback cycle may increase
ortality rates of trees and ultimately cause vegetation browning. This
henomenon was also reported in the southwestern regions of the USA
 Williams et al., 2012 ), Central Europe ( Schuldt et al., 2020 ), and Ama-
onia ( Brienen et al., 2015 ). 

Overall, the observed vegetation browning in certain regions can be
ttributed to the combination of reduced precipitation, warming, and in-
reased VPD, which lead to increased sensible heat flux and intensified
and surface evapotranspiration ( Huang et al., 2017 ), thereby exacer-
ating drought stress. Since 2000, drought has directly limited photo-
ynthesis and hampered vegetation growth ( Eamus et al., 2013 ), acting
s the primary cause of vegetation browning ( Feng et al., 2021 ). Con-
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Fig. 4. (a) Timeline of ecological and restoration programs (ERPs) implementation in China’s drylands. (b) Spatial distribution of land use in 2020. (c) Changes in 
six land use types from 1992 to 2020 in the revegetation regions. (d) Temporal variations in NDVI from 1982 to 2022 in the revegetation regions. (e) Area percentage 
of vegetation greening (i.e., monotonic greening, greening with setback, and browning to greening) and browning (i.e., monotonic browning, browning with burst, 
and greening to browning). (f) Trend changes of greening with setback and greening to browning reversal. 
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equently, if the increase of drought ( Pan et al., 2018 ) and dryland ex-
ansion continue ( Huang et al., 2016 ), it is reasonable to predict that
egetation browning will approach or exceed vegetation greening in the
armer future, and weaken the ability of vegetation to mitigate climate

hange. 
However, it is noteworthy that the browning to greening reversal

ccurred in eastern Inner Mongolia ( Fig. 2 (b)) can be explained by a fa-
orable shift in climatic conditions during 2000–2022, characterized by
 reduction in the Temp and the VPD, alongside an increase in the Pre.
oreover, the residual analysis results suggest that the contribution of

limate change to vegetation greening in this region surpasses that of
uman activities ( Fig. 5 (e), (f)). Thus, an increase in regional precipi-
ation contributes to enhanced soil moisture, providing more suitable
onditions for plant growth. This kind of environment has significantly
ncreased photosynthetic rates and improved regional vegetation pro-
uctivity in water-limited ecosystems ( Lu et al., 2018 ). 
411
.2. Impacts of ERPs implementation on vegetation greening and browning 

ERPs have greatly increased vegetation greenness at an increase rate
f 2.8 × 10− 3 /yr in revegetation regions from 2000 to 2022, which is
reater than that of 1.83 × 10− 3 /yr in China’s drylands ( Fig. 4 (d) and
ig. S4(c)), aligning with previous results ( Wu et al., 2014 ; Zhang et al.,
016 ; Zhao et al., 2022 ). Area changes in forest and grassland also meet
he goals of ERPs, further affirming their effect. In addition, the area
f monotonic greening in revegetation regions is greater than that in
hina’s drylands, which are mainly located in the Loess Plateau. The
esidual analysis indicates that human activities have a positive effect on
egetation greening in regions subject to implementation of the GTGP.
esides, the browning to greening reversal of vegetation is mainly lo-
ated in the BSSCP. The regions where these changes occur coincide with
hose that have implemented large-scale ERPs ( Niu et al., 2019 ). These
olicy-driven programs have contributed to a considerable increase in
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Fig. 5. Drivers of vegetation greening and browning in China’s drylands for the periods 1982–1999 (a) and 2000–2022 (d). Spatial distribution of the contributions 
rates of climatic change (b, e) and human activities (c, f) to vegetation changes during the two periods, respectively. G and B denote greening and browning of 
vegetation, respectively. CC and HA represent climate change and human activities, respectively. 
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egetation greenness and mitigated land degradation in China’s dry-
ands. Nevertheless, it should be noticed that the greening to brown-
ng reversal of vegetation has increased significantly in revegetation
egions, exceeding greening with setback. Considering the sensitivity
f vegetation in China’s drylands to climate change ( Cai et al., 2020 ),
he success of ERPs in promoting vegetation greening is closely linked
o currently climatic conditions. Therefore, it is essential to carefully
onsider regional environmental variations and select proper plants for
aximizing the benefits of ERPs and ensuring sustainable vegetation

ecovery and growth. 
Although the Chinese government has implemented a series of eco-

ogical conservation measures that cover about 80 % of the Plateau
 Fu et al., 2021 ), including the Grazing Withdrawal Program (GWP) in
003 and the Three Rivers Nature Reserve Program in 2005, the vegeta-
ion browning in southwestern Qingzang Plateau is still observed. Statis-
ical results show a continuous increase in the number of livestock from
982 to 2015, which is possibly due to the dependence of herdsmens’
ncomes on livestock ownership ( Cai et al., 2020 ). It leads to the over-
xploitation of alpine meadows and grasslands, and further accelerates
egetation degradation. It can be found that overgrazing is the main neg-
412
tive human activity to vegetation browning in these areas ( Wang et al.,
023 ). In summary, we infer that the reasonable explanation for vege-
ation browning in southwestern Qingzang Plateau is the interactions of
arming and drought, coupled with ongoing human pressures and high

ivestock density ( Liu et al., 2024 ; Wei et al., 2022 ). The combination of
hese factors may offset the benefits of ecological restoration, and high-
ight the balance between ecological restoration efforts and the effects
f anthropogenic activities and climatic stress. 

.3. Limitations 

It should be aware that there are some limitations in the present
ork. Firstly, the selection of an appropriate vegetation index is cru-

ial for accurately capturing vegetation trends. However, for all GIMMS
DVI studies, the inherent inaccuracies exist in the GIMMS NDVI3g
ataset due to the platform changes of AVHRR satellites, orbital drift,
nd sensor degradation, which probably lead to an overestimation of
egetation browning. The analysis using multiple vegetation indices
ay to some extent make up the uncertainty, as shown in Fig. S9. A de-

ailed analysis will be conducted in our next research. Secondly, residual
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nalysis takes human activities as a whole, which contains both posi-
ive ecological restoration efforts and negative human disturbances. Al-
hough this method is popular for quantifying the contributions of cli-
ate change and human activities to vegetation, it remains a challenge

o accurately distinguish ecological restoration contribution to vege-
ation changes ( Cai et al., 2020 ), we thus recommend that validation
hrough field surveys to be conducted at local scale in the future. 

. Conclusions 

Three main conclusions are drawn as follows: (1) the most pro-
ounced timing breakpoints occurs in 1999, emphasizing the significant
ffect of the implementation of ERPs on vegetation trends in China’s dry-
ands; (2) vegetation in China’s drylands exhibits an obvious pattern of
ast-greening and west-browning and greening to browning reversal is a
ritical aspect of vegetation browning; (3) vegetation browning in south-
estern Qingzang Plateau is primarily driven by warming and drought,

oupled with negative anthropogenic disturbances, which counteract
he benefits of ecological restoration programs. These results remind us
hat the progressive increase in vegetation browning is masked by the
idespread greening across China’s drylands. It is crucial to understand

hese trends for accurate prediction of vegetation growth and assessment
f ecological restoration. 
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