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ABSTRACT
The ability of ecosystems to resist and recover from external disturbances is declining due to climate change, increased frequency 
of disasters, and intensified human activities. Global vegetation resilience is considered to be at risk of being lost. The sensitive 
and fragile Tibetan Plateau (TP) has experienced changes in climate and management patterns over the past five decades, but 
due to the complexity of defining resilience, there is still no unified understanding of the spatial patterns and long time-series 
trends of resilience on the TP. In this study, we introduce the method based on critical slowing down, making it possible to clarify 
the spatial distribution and temporal dynamics of resilience on the TP. The results show low resilience on the northeastern and 
southwestern edges of the TP and in the Three River Source region. The area experiencing resilience loss is approximately 1.16–
1.44 times larger than the area of gain. Vegetation resilience on the TP has exhibited a declining trend, with the rate of decline 
after 2014 being more than double that of the preceding period. Factors such as elevation, vegetation type, and hydrothermal 
condition significantly influence the spatial and temporal patterns of resilience. These findings improve our understanding of 
vegetation resilience on the TP and its ecosystem vulnerability. We also recommend that ecological restoration efforts be main-
tained and regularly assessed.

1   |   Introduction

The Tibetan Plateau (TP) has experienced rapid warming (Chen 
et al. 2013), shifting precipitation patterns (Yao et al. 2019), and 
overgrazing (Zhu et  al.  2023) over the past five decades. As a 
result of these factors, the TP faces the loss of species richness 
and diversity (Piao et  al.  2019), reduced soil erodibility (Lin 
et al. 2023), and severe grassland degradation (Liu et al. 2018), 
with a risk of further deterioration in the future (Pan et al. 2018; 
Zhu et al.  2023). Given these unfavorable ecological risks and 
increasingly frequent disturbances (Zhang et  al.  2023), the 

vegetation resilience—the ability to resist an external pertur-
bation and not switch to another state, and the speed of recov-
ery after a perturbation (Dakos and Kéfi  2022; Willis, Jeffers, 
and Tovar 2018)—has received widespread attention (Fang and 
Zhang 2019; Gao et al. 2019; Li, Wu, et al. 2020; Lu et al. 2023).

Some studies have analyzed the process of vegetation restoration 
(An et  al.  2021; Zhang et  al.  2015), mechanisms of vegetation 
recovery (Fang and Zhang 2019; Lu et al. 2023; Yin et al. 2024), 
and ecological restoration management (Ji et al. 2024; Xu and 
Grumbine  2014) on the TP; however, the spatial patterns and 
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long-term trends of resilience on the TP remain unclear. While 
there are studies on these spatial patterns, their conclusions are 
not entirely consistent. For instance, one study indicates that 
the areas of low resilience on the TP are located in the Western 
Himalayas and in the southeastern Qilian Mountains (Li, Wu, 
et al. 2020). Another study suggests that the Three River Source 
region also has low resilience (Li, Zhang, et al. 2020). While an-
other study posits that resilience is generally high on the east-
ern TP, particularly in the Qilian Mountains, where it is even 
the highest (Li et al. 2021). These contradictions arise because 
resilience in these studies is defined by different types of dis-
turbances, and the ecosystem's ability to recover from climate 
change and human activities cannot evaluated on the same 
dimension.

There are few studies on the long-term trends of resilience 
on the TP, primarily due to methodological constraints (Teng 
et al. 2020). There are three methods of quantifying resilience 
trends: the first approach assesses changes in recovery rates 
following historical disturbances (Fang and Zhang  2019; Fu 
et al. 2020; Gao et al. 2024; Lu et al. 2023). Evidence from tree 
rings suggests that the resilience of trees to drought events has 
increased over the past 50 years (Fang and Zhang 2019). This 
method is effective when studying specific species or distur-
bance events, but pulsed disturbances and recoveries may not 
form a continuous time series. The second approach involves 
aggregated indicators (Teng et al. 2020; Xia et al. 2021). One 
assessment shows that the resilience of the plant–soil system 
in alpine meadows tends to increase with recovery time (Gao 
et al. 2019), and another system suggests that resilience in the 
eastern TP also shows fluctuating increases (Ji et  al.  2024). 
This method is well-suited for assessing continuous changes 
in resilience, but the unified system of resilience indicators 
needs more validation (Gao et  al.  2019). The third approach 
estimates resilience from vegetation change characteristics, 
with the ARx model being the most commonly used (Li, Wu, 
et al. 2020; Li, Zhang, et al. 2020; Yang et al. 2022). The model 
indicates that resilience on the TP slightly declined after 
2008 compared to the period before 2008 (Yang et al. 2022). 
This method overcomes the limitations of vegetation types 
and disturbances and is more objective than indicator-based 
evaluations. However, there are still uncertainties associated 
with the accuracy of temperature or drought data, and errors 
in function fitting (De Keersmaecker et al. 2015). These lim-
itations lead to unclear spatial and temporal patterns of resil-
ience on the TP.

Recently, a remote sensing method based on critical slowing 
down has provided a new perspective (Smith and Boers 2023a; 
Smith, Traxl, and Boers  2022; Verbesselt et  al.  2016). When 
the ecosystem is assumed to be multistable, disturbances will 
cause it to deviate from current state and resilience will re-
turn it to stability. Thus the system does not usually reach the 
tipping point of multistability leading to catastrophic shift 
(Dakos and Kéfi 2022; Scheffer et al. 2001). Critical slowing 
down refers to the phenomenon where, as a system approaches 
a tipping point, the time required to return to equilibrium 
increases, indicating a reduction in resilience (Scheffer 
et al. 2009). This usually manifested by increases in variance 
and first-order autocorrelation (AC1) (Boulton, Lenton, and 
Boers 2022; Forzieri et al. 2022; Hu et al. 2023). This method, 

which estimates resilience from intrinsic ecosystem changes 
using only vegetation metrics, has already been applied and 
validated globally (Smith, Traxl, and Boers 2022; Yao, Liu, Fu, 
et al. 2024) and in several key regions (Boulton, Lenton, and 
Boers 2022; Wang et al. 2023). This made it possible to conduct 
long time series and large-scale studies of resilience. A recent 
study showed that the accuracy of resilience estimation is 
heavily influenced by the choice of vegetation metrics (Smith 
and Boers 2023b). It is critical to identify the region-specific 
vegetation metric (Bathiany et al. 2024), but this is currently 
unclear on the TP.

To tackle the aforementioned challenges, we first evaluated 
nine metrics and employed three data synthesis methods to 
identify the most reliable metric for estimating resilience on 
the TP. Vegetation resilience trends and spatial patterns at 
the pixel level were then quantitatively analyzed for various 
periods and subregions using the best performing metric. We 
aim to address two key questions: (1) which metric serves as 
a superior estimator of vegetation resilience on the TP and (2) 
what are the spatial patterns of vegetation resilience and the 
trends over the past two decades on the TP? This work aids in 
reassessing the health of the TP ecosystem and plays a crucial 
role in guiding ecosystem conservation and restoration en-
deavors, particularly as integral components of nature-based 
solutions.

2   |   Materials and Methods

2.1   |   Study Area

The TP (25°59′–40°00′ N, 73°20′–104°47′ E) is the highest pla-
teau in the world, covering an area of approximately 2.5 × 106 km2 
and an average altitude more than 4000 m (Figure  1) (Liu 
et al. 2023). Renowned as the “Asian Water Tower,” the TP ex-
erts profound influences on both local and distant ecosystems 
through its streamflow (Chen et  al.  2023) and moisture recy-
cling (Li et al. 2023), serving as a vital ecological barrier. Due 
to its low latitude and high elevation, the TP has strong solar 
radiation, uneven precipitation, and low average temperatures. 
Differences in natural conditions on the TP lead to large varia-
tions in hydrological conditions (Liu et  al.  2023), the richness 
of vegetation types, and a significant carbon repository (Wei 
et al. 2021), making it an ideal laboratory to study resilience in 
different scenarios.

2.2   |   Methods

2.2.1   |   Data Sources and Preprocessing

A recent study has shown that using single-sensor satellite data 
can reduce errors caused by the signal-to-noise ratio of cross-
sensor data (Smith et  al.  2023). Therefore, nine commonly 
used vegetation metrics, primarily sourced from the Moderate-
resolution Imaging Spectroradiometer (MODIS) from February 
2000 to December 2022, were employed to estimate resilience. 
NDVI and EVI were derived from the MOD13Q1 dataset. kNDVI 
is a nonlinear extension of NDVI (Camps-Valls et al. 2021), ex-
hibiting antisaturation and stable characteristics. Leaf area 
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index (LAI) was derived from MCD15A3H and gross primary 
productivity (GPP) from MOD17A2H. NIRv is the product of 
NIR reflectance and NDVI (Badgley, Field, and Berry  2017), 
calculated based on MCD43A4. We used the vegetation optical 
depth (VOD) dataset, which characterizes the water content of 
vegetation (Sawada et al. 2016) and has been widely used in re-
silience estimation studies (Boulton, Lenton, and Boers  2022; 
Smith, Traxl, and Boers 2022). Solar-induced chlorophyll fluo-
rescence (SIF) was proposed as a proxy for vegetation photosyn-
thesis and was also incorporated. Two types of SIF data, GOSIF 
(Li and Xiao 2019) and RTSIF (Chen et al. 2022), were employed 
in this study. The vegetation types were obtained from (Zhou 
et al. 2023), with an overall accuracy of 89.5% and a Kappa coef-
ficient of 0.87 for the TP.

All datasets followed a standardized preprocessing procedure. 
Specifically, we firstly filtered out pixels with a maximum NDVI 
over 20 years less than 0.1, which are considered negligible veg-
etation cover (Zhang et al. 2013). Second, we eliminated pixels 
where vegetation types had undergone shifts during the study 
period, thereby excluding disturbances stemming from com-
munity succession. Given the disparate temporal resolutions of 
the various datasets, we normalized the data to monthly values 
employing three synthesis methods: maximum, median, and 
mean. To address potential missing values, we employed a har-
monic fitting method. Finally, we resampled the data to 0.05° to 
accommodate the different resolutions. All data acquisition and 

preprocessing tasks were implemented in Google Earth Engine 
(Gorelick et al. 2017).

2.2.2   |   Estimating Vegetation Resilience

Estimating continuous resilience from vegetation metric time 
series requires following steps. First, it is necessary to eliminate 
trends and seasonality from the original time series. We em-
ployed seasonal-trend decomposition using loess (STL), which 
is an effective and widely used model that can separate the re-
siduals from the seasonality and trend of time series (Verbesselt 
et al. 2016). Second, for the residual time series, we separately 
calculated the AC1 and variance, which are considered proxy in-
dicators of vegetation resilience (Smith, Traxl, and Boers 2022; 
Verbesselt et al. 2016; Wang et al. 2023):

where ac1 and v represent the AC1 and variance, respectively; 
N represents the time window size, set to 60 months in this 
study; x represents the residual series of vegetation metrics and 

(1)ac1 =
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FIGURE 1    |    Vegetation types (Zhou et al. 2023) (a) and elevation with eco-geographic regions (Wu, Yang, and Zheng 2003) (b) of the Tibetan 
Plateau. The full names of the eco-geographic regions can be found in Table S1. [Colour figure can be viewed at wileyonlinelibrary.com]
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x represents the mean of the residual series within the window. 
Smaller AC1 and variance values signify faster system recovery 
and less deviation from the equilibrium state.

Although AC1 and variance are correlated with resilience, they 
are not equivalent to resilience (Dakos et al. 2012). Therefore, 
thirdly, we calculate the theoretical value of resilience based on 
the functional relationship between the proxies (AC1 and vari-
ance) and recovery rate proved by (Smith and Boers 2023b):

where r∗ represents resilience estimated using proxies; Δ t rep-
resents the discrete step size, set to 1 in this study; the noise � 
can be obtained by regression on the discrete data:

where Δx represents the first-order difference of the residual se-
quence; � represents the slope obtained from a linear fit to Δx 
and Δ t.

The specific derivation steps of the formula can be obtained 
from (Smith and Boers 2023b). From the properties of the loga-
rithmic function in Equations (3) and (4), it can be observed that 
this corresponds to r∗ being a smaller negative number, that is, 
the smaller r∗, the higher the resilience.

2.2.3   |   Evaluating Reliability of Resilience

We defined four reliability indicators to evaluate the ability to 
assess resilience for each vegetation metric. Specifically, we 
first defined the ratio of rac1 and rv as the RAV (rac1 ∕rv). Then, 
areas where the difference between rac1 and rv was within a fac-
tor of four (0.25 < RAV < 4) were selected as high-quality areas 
given the harsh environment of the TP (Smith and Boers 2023b). 
Regarding accuracy, the average RAV of the TP (RAV) and 
that of the high-quality areas (RAVH) were calculated as two 
indicators. Theoretically, the closer these two indicators are 
to 1, the more accurate the estimate of resilience (Smith and 
Boers 2023b).

It may not be sufficient to calculate only these accuracy indica-
tors for evaluating reliability of resilience. Because several fac-
tors may lead to a large number of potentially excluded pixels, 
which reduce the statistical sample of accuracy indicators (RAV 
and RAVH) and may introduce errors. For example, image qual-
ity may interfere with the time series of vegetation metrics (e.g., 
cloud pollution, etc.). In addition, it may not be possible to solve 
for the rac1 and rv of all pixels due to the presence of logarithms 
in Equations  (3) and (4). We thus further evaluated coverage 
indicators to address these issues. It also includes two metrics, 
which are the ratio of the area with solvable resilience to the total 
area (solvable pixel ratio, SPR) and the ratio of the high-quality 
area to the total area (high-quality pixel ratio, HPR). These two 

indicators can represent the sample size, and the closer they are 
to 100% the better the ability to estimate resilience.

2.2.4   |   Estimating Trends in Resilience

We implemented overlapping sliding windows to assess the re-
silience changes in the long-term time series, in which a win-
dow size of 60 months is set as in previous studies (Verbesselt 
et al. 2016; Wang et al. 2023). For each vegetation metric re-
sidual across all pixels, we calculated the rac1 and rv for each 
window to derive resilience series. The Mann–Kendall test 
(Hamed and Ramachandra Rao 1998) was employed to evalu-
ate the trends of resilience. A trend with a p value less than 0.05 
was deemed a significant change. For each pixel, resilience was 
deemed to exhibit a high-confidence trend when both indica-
tors (rac1 and rv) significantly changed in the same direction. If 
one indicator showed significant change while the other did 
not exhibit significant change in the opposite direction, we 
inferred a potential trend in resilience. Conversely, if neither 
indicator displayed significant changes or if they changed in 
opposite directions, no apparent trend was discerned.

3   |   Results

3.1   |   Reliable Vegetation Metrics for Estimating 
Resilience

We used the monthly mean synthetic scheme in assessing the 
reliability of each vegetation metric to estimate resilience. 
The maximum and median synthetic schemes were also 
compared, but they had lower values for all four reliability 
indicators (Table  S3). Insights drawn from mean synthesis 
highlight variations in the accuracy of different vegetation 
metrics (Figure 2). In overview, NIRv is the best performing 
metric, followed by GOSIF. NIRv has the second highest RAV 
(0.316) and RAVH  (0.360), slightly lower than GOSIF (0.328 
and 0.381). However, both NIRv's SPR (89.68%) and HPR 
(65.85%) are much higher than GOSIF (74.50% and 53.87%). 
EVI and NDVI also demonstrate credibility, with the accuracy 
indicators of EVI slightly exceeding that of NDVI, but slightly 
smaller coverage indicators compared to NDVI. Other vegeta-
tion metrics performed less satisfactorily. Although kNDVI, 
LAI, and RTSIF only marginally reduced their RAV and 
RAVH  compared with the aforementioned metrics, the HPR 
for these was merely half or even lower than that of NIRv. GPP 
and VOD exhibited even poorer performance in both estima-
tion accuracy and coverage. In brief, NIRv, GOSIF, EVI, and 
NDVI displayed relatively high reliability, among which NIRv 
offering more accurate estimates of vegetation resilience for 
a larger number of pixels. Both the estimation accuracy and 
coverage contribute to NIRv being a reliable vegetation metric 
for estimating vegetation resilience on the TP.

3.2   |   Patterns of Vegetation Resilience on the TP

We used rac1 calculated by NIRv as a proxy to analyze spatial 
patterns of resilience on the TP (Figure 3). The depiction of veg-
etation resilience on the TP presents a mixed picture. Vegetation 
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resilience is relatively high in Hengduan Mountains, Qiangtang 
Plateau, and northeastern Qilian Mountains, while it is lower 
in Himalayan Mountains, Three Rivers Source Region, and 
eastern Qilian Mountains. This pattern closely aligns with veg-
etation distribution (Table S4). Forests, mostly in the southeast, 
show the highest resilience (rac1 = −2.44), followed by shrubs 
(rac1 = −1.97). Grasslands in central TP display lower resilience 
(rac1 = −1.69), but higher than meadows and alpine vegetation 
(both rac1 = −1.59).

Vegetation resilience also correlates with elevation (Table S4), 
remaining stable below 5000 m but declining at higher alti-
tudes. Eco-geographical zoning further highlights resilience 

differences, with the VA zone having the highest resilience. 
HIC and HID in plateau subcold zone are more resilient than 
the warmer HIIC and HIID, but less resilient than the wet-
ter HIIAB.

3.3   |   Resilience Trends of the TP

Vegetation resilience across 21.48%–30.02% on the TP has un-
dergone substantial changes during the past two decades, with 
areas of significant loss being 1.16–1.44 times larger than areas 
of gain (Figure 4a). This trend was sharply captured by NIRv 
and similarly observed by GOSIF, EVI, and NDVI. However, 

FIGURE 2    |    Performance of various vegetation metrics in estimating vegetation resilience. Green regions represent the distribution of the RAV 
(rac1 ∕ rv), gray range defines the high-quality zone (differences within a factor of four). Red and blue dashed lines represent the mean RAV of all pixels 
(RAV) and high-quality pixels (RAVH), respectively. [Colour figure can be viewed at wileyonlinelibrary.com]

FIGURE 3    |    Spatial pattern of vegetation resilience (a) and error (b) on the TP from 2000 to 2022. Smaller rac1 indicates higher resilience. The error 
is represented by the standard deviation of relatively reliable NIRv, EVI, NDVI, and GOSIF. [Colour figure can be viewed at wileyonlinelibrary.com]
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other vegetation metrics underestimated or misinterpreted the 
resilience trends on the TP.

Pixel-level analysis reveals a significant decline in resilience 
on the TP over the past two decades, despite fluctuations 
(Figure 4b). After a brief increase in the early 21st century, the 
resilience declined, followed by a slight rise after 2014, and then 
a sharp decline. The extreme points of the fitted curve identify 
2014 as a turning point (Figure S2). In the decade following this 
point, the rate of resilience declines more than doubled com-
pared to the previous period.

We further conducted separate estimations the spatial pattern 
of resilience trends using rac1 and rv for the complete time series 
(Figure 5a) and segmented time series (Figure 5b,c). The picture 
for long-term resilience trends in TP is mixed. Results indicate 
that 47.49% of the TP area exhibits at least one indicator signal-
ing a decline in resilience, markedly surpassing the proportion 
of areas displaying increased resilience (30.64%) over the entire 
period from 2000 to 2022. Regions experiencing substantial re-
silience loss are primarily clustered in the Three Rivers Source 
Region and the western Himalayan Mountains. In addition, 
signs of resilience decline are also observable in the western 
Qilian Mountains and Kunlun Mountains. Conversely, areas 
demonstrating resilience gains are predominantly found around 
Qinghai Lake and the Zoige grasslands in the eastern part of the 
TP and can also be observed in the central and southern parts 
of the TP.

The complexity persists when examining the half of the time se-
ries. Although statistically there seems to be little difference be-
tween the two periods (before and after 2014): the proportion of 
resilience loss increased from 40.95% to 44.84%, and resilience 
gain decreased from 35.53% to 33.70%, the pattern of resilience 
trends starkly differs. Resilience in the western Qilian Mountains 
and the Three Rivers Source Region changed from increasing 
to decreasing, while in the western Kunlun Mountains and the 
eastern Himalayan Mountains, it changed from decreasing to 

increasing. Notably, the Qiangtang Plateau, the western Himalayan 
Mountains, and almost the entire Three Rivers Source Region ex-
perienced a loss of resilience in any given time series.

3.4   |   Spatial Variability of Resilience Trends

To further clarify vegetation resilience trends over the past 
decade, we partitioned the TP into subregions based on three 
criteria: elevation (Figure 6a), vegetation type (Figure 6b), and 
eco-geographical conditions (Figure  6c). Vegetation resilience 
below 4000 m elevation has exhibited a notable increasing trend 
over the past decade, contrasting with areas above 4000 m, which 
are experiencing significant losses. Although a temporary resil-
ience surge occurred at higher elevations around 2018, it failed 
to halt the overall decline. Resilience trends vary across vegeta-
tion types, with significantly increasing resilience in forest and 
shrub and consistently decreasing resilience in meadow, steppe, 
and alpine vegetation. Concerning eco-geographic subregions, 
vegetation resilience increased in the relatively warm and wet 
VA and HIIC regions significantly, with no discernible trend in 
the HIIAB. Conversely, the HID region, typifying cold and arid 
environments, experienced a sharp decline in vegetation resil-
ience. Noticeable decreased in resilience is also observed in the 
HIC, HIB, and HIID regions.

4   |   Discussion

4.1   |   Reliability of Remotely Sensed Resilience

Estimating the spatial pattern and temporal trends of vegetation 
resilience on the TP has been a long-standing issue. The adop-
tion of critical slowing down theory alongside long-term remote 
sensing data has emerged as a promising solution, steadily gain-
ing traction. A fundamental question arises regarding the selec-
tion of vegetation metrics to enhance the reliability of resilience 
estimation. Although pioneering experiments were carried out 

FIGURE 4    |    Ratio of resilience gain and loss estimated by different vegetation metrics (a) and resilience trend on the TP from 2000 to 2022 (b). 
Green curve in (b) represents the NIRv-based resilience, red dashed line is the segmentation line, and yellow dashed line represents the trend of the 
previous and subsequent segments. The error range is determined by the standard deviation of NIRv, EVI, NDVI, and GOSIF. [Colour figure can be 
viewed at wileyonlinelibrary.com]
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globally (Smith and Boers 2023b), distinct conclusions may arise 
for specific regions, as evidenced by our study.

We defined four metrics describing the ability of vegetation in-
dices to estimate resilience in terms of both accuracy and cov-
erage. RAV is a generalized indicator for assessing the accuracy 
of resilience estimates, and we thus calculated average value for 
each vegetation metrics on the entire TP (RAV), which repre-
sent the overall accuracy. Additionally the RAV of high-quality 
pixels (RAVH) was also evaluated, which could avoid extreme 
values. These two indicators are robust for a constant number of 
samples, but may lead to errors if the number of samples changes 
with the vegetation index. We therefore additionally calculated 

the ratio of all (SPR) and high-quality pixels (HPR) with solvable 
resilience in order to assess the sample size for statistical signifi-
cance. These indicators can inform future assessments of the re-
liability of resilience estimates, especially for large-scale studies.

Our experiment results suggest that mean synthesis may offer 
a more suitable approach on the TP (Table S3). As the MODIS 
service time extends, employing mean synthesis may mitigate 
systematic errors stemming from sensor aging. This study un-
derscores the suitability of remote-sensing datasets for resilience 
analyzes on the TP. The effectiveness of vegetation metrics to es-
timate resilience varies across different ecosystems and regions. 
Acceptance of recommendations directly from global scales 
(Guo, Zhu, and Gong 2024; Smith and Boers 2023b) or other re-
gions (Boulton, Lenton, and Boers 2022; Wang et al. 2023) may 
result in the underestimation or misestimation of resilience 
trends on the TP.

We recommend utilizing NIRv as a more reliable estimator for 
resilience on the TP, followed by GOSIF, EVI, and NDVI. The 
VOD we tested is a typical example where the additional error 
introduced by varying signal-to-noise ratios in cross-sensor data 
resulted in poor estimation outcomes (Smith et al. 2023). Such 
datasets can be excluded a priori. In addition, the use of VOD 
may not be theoretically feasible for the TP. Due to the high pen-
etration capacity of passive microwaves, VOD may be subject to 
severe soil water disturbance compared with changes in vege-
tation leaf water content on the low biomass TP. Previous study 
indicated that the saturation effect of NDVI makes it unsuitable 
for estimating vegetation resilience in high biomass regions 
(Smith and Boers  2023b), but our study provides no evidence. 
Our results show that NDVI is more reliable compared to most 
other metrics (Figure 2) and improvements such as the EVI and 
kNDVI did not improve reliability. This may be related to the 
vegetation types and growth conditions in the study area. The 
main vegetation types on the TP are alpine meadows and grass-
lands, where low biomass and poor growing conditions likely re-
duce the influence of the saturation effect as a limiting factor. We 
hypothesize that soil and snow disturbances may limit the accu-
racy of these metrics, as they interfere with vegetation signals 
and introduce errors (Smith and Boers 2023b; Wang et al. 2013). 
The strong performance of NIRv and SIF is not unexpected. 
Relative to other vegetation metrics, they possess a more explicit 
physical meaning, describing the ability of vegetation canopies 
to capture and utilize light energy, and exhibiting lower sensi-
tivity to soil background (Badgley et  al.  2019; Badgley, Field, 
and Berry  2017). We hypothesize that estimates of vegetation 
resilience may depend primarily on the chlorophyll content of 
the vegetation rather than the number of leaves. For example, 
in arid regions, vegetation may choose the strategy of reducing 
leaf area and number to maintain leaf water content, but they 
may have higher resilience (Chen et al. 2020; Li et al. 2018). This 
may be the reason why metrics related to chlorophyll content 
like NIRv and SIF are more reliable.

4.2   |   Causes of Resilience Variation on the TP

Our quantification of resilience patterns and trends on the TP 
contributes to a deeper understanding of the plateau's vulnera-
bility. We found that vegetation resilience is low in the Western 

FIGURE 5    |    Resilience trends of the whole time series (a), before 
(b), and after 2014 (c) on the TP. Both (one) Sig. N. (P.) means both rac1 
and rv (one of them) decreased (increased) at the level of p < 0.05. Gray 
areas denote either no vegetation covers or the absence of a consistent 
trend, red and orange areas indicate resilience loss, while dark blue and 
light blue areas indicate resilience gain. [Colour figure can be viewed at 
wileyonlinelibrary.com]
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Himalayas, the southeastern Qilian Mountains, and the Three 
Rivers Source Region. This aligns with previous conclusions (Li, 
Zhang, et al. 2020; Yang et al. 2022), but we demonstrate more 
pronounced internal variations. The resilience pattern shows a 
clear altitudinal differentiation: as elevation increases, resilience 
decreases (Table S4). This may be related to the harsh conditions 
in high-altitude areas, such as cold spells (Lu et al. 2023), severe 
wind erosion, and strong radiation (Piao et al. 2019), which may 
damage the root systems of vegetation. Additionally, studies 
have shown that the similarity between seed banks and abo-
veground vegetation decreases with increasing elevation, which 
explains the reduction in resilience (An, Zhao, and Ma 2020; Ma 
et al. 2019).

Usually forests and shrubs are highly stable rather than resilient 
(Yao et al. 2022; Yao, Liu, Song, et al. 2024), but we found that 
forests and shrubs on the TP are highly resilient (Table S4). We 
consider that this may be related to the type and intensity of the 
disturbance. It may indeed take longer for forests to reestablish due 
to the hysteresis of catastrophic disturbances (Scheffer et al. 2001). 

However, methods based on critical slowing down can measure 
the relation between minor disturbances and resilience, and are 
not limited to a particular disturbance type. In this case, forests 
can still recover quickly. We also suggest that steppes are more 
resilient than meadows. Steppes have higher chlorophyll content, 
smaller leaf area, and more dry matter than meadows, thus have 
higher water use efficiency and contribute to rapid recovery from 
disturbances (Li et al. 2018). Meadows that grow in warmer and 
wetter conditions are more sensitive to drought and less likely 
to recover (Li, Wu, et  al.  2020). In addition, widely distributed 
steppes occupy more ecological niches on the TP, resulting in a 
greater adaptation to variable climates (Li, Wu, et al. 2020).

Hydrothermal conditions provide another explanation for the 
resilience patterns on the TP. We found that although both HIC 
and HIB are in the Plateau subcold zone, the more arid HIC is 
more resilient. This is because vegetation in arid environments 
has evolved to be more adapted to drought and has weaker 
drought legacy effects (Li, Zhu, et al. 2020). Once sufficient mois-
ture and sunlight were available after a disturbance, low-lying 

FIGURE 6    |    Spatial heterogeneity of vegetation resilience is manifested in elevation (a), vegetation types (b), and ecological-geographical zones (c), 
with the time series segmented by the gray areas around 2014. The ↑ (↓) in the legend represents a significant increase (decrease) in the corresponding 
curve after 2014, which represents a significant loss (gain) in resilience. [Colour figure can be viewed at wileyonlinelibrary.com]
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vegetation can recover rapidly, even surpassing pre-disturbance 
levels (Chen et al. 2020). We also observed that when water is 
a limiting factor, cold regions like HIC have higher resilience 
than the warmer HIIC. Increasing temperatures may increase 
water evaporation and reduce water availability, resulting in re-
silience loss (Piao et al. 2019). In addition, high temperatures are 
not always favorable for nonforest vegetation on the TP. When 
temperatures exceed the optimal level of 14.7°C, active enzymes 
may degrade, and stomata may close, hindering vegetation re-
covery (Chen et al. 2021; Zhang et al. 2023).

4.3   |   Driven Factors of Resilience on the TP

We found a severe loss of resilience in the Himalayas and the 
Three Rivers Source Region, a slight loss of resilience in the 
southern forests, and an increase trend in the Zoige grasslands 
over the past 20 years. Moisture is often considered to be the 
main influence on resilience changes (Smith and Boers 2023a). 
Water scarcity not only diminishes ecosystem resilience but can 
also lead to unforeseen ecosystem shifts (Flores et  al.  2024). 
While adequate winter precipitation replenishes groundwa-
ter and increases water availability for subdominant species 
(Ladwig et al. 2016). Recent findings indicating a severe decline 
in terrestrial water storage on the TP over the past two decades, 
particularly in the southern TP and the Three Rivers Source 
Region (Li et al. 2022), which may lead to the continued loss of 
resilience in both regions.

Soil erosion is another factor that reduces resilience, as veg-
etation resilience and soil are coupled within a system (Gao 
et  al.  2019). Soil erodibility has decreased significantly in the 
southern part of the TP over the last 40 years (Lin et al. 2023). 
This may be detrimental to plant storage of carbon and nitro-
gen in subsurface crowns and roots, and may also reduce the 
soil seed bank (Ma et al. 2019), triggering a decline in resilience 
in the Himalayas. Inappropriate land development, excessive 
deforestation, and overgrazing also have negative effects on 
ecosystems (Liu et  al.  2018, 2024), leading to accelerated loss 
of resilience. For example, a significant increase in grazing in-
tensity has been documented in the Three Rivers Source Region 
and Qilian Mountain since 2000 (Li et al. 2021; Zhu et al. 2023), 
which is reflected in the decline in resilience. Although the 
Zoige grassland is also an important pastureland, both our study 
and previous works suggest that resilience in this region is in-
creasing (Ji et al. 2024). This may because human activities have 
not always been intense here (Li et al. 2021), and ecological res-
toration efforts have been implemented (Ji et al. 2024). This may 
put it in a position of intermediate disturbance that favors high 
resilience (Grime 1973; Li, Zhang, et al. 2020).

The impact of natural disasters on resilience cannot be ig-
nored. Extreme wet or dry conditions (Hubbart, Guyette, and 
Muzika  2016; Smith and Boers  2023a), reduced snowpack 
(Rixen et al. 2012), insect infestations (Castagneri et al. 2020), 
and earthquakes (Gao et  al.  2024; Pandey et  al.  2023) can all 
severely damage resilience. For example, insect outbreaks can 
reduce tree biomass accumulation and affect xylem formation 
in woody plants (Castagneri et al. 2020). Reduced winter snow-
pack can expose vegetation root systems to harsh conditions (Liu 
et al. 2022; Wang et al. 2018). Additionally, tree recovery time 

has been shown to have a negative correlation with the distance 
from earthquake epicenters (Pandey et al. 2023), suggesting that 
the frequent crustal movements on the TP may be a contributing 
factor to the decline in vegetation resilience.

4.4   |   Limitations and Perspectives

While we experimented with nine commonly used vegetation 
metrics to estimate resilience in this study, it would be prema-
ture to say that we have arrived at definitive conclusions on 
the TP. Even the best-performing metric still fall short of ideal 
results. There is still much work to be done in both refining 
vegetation metrics and enhancing methods of time series de-
composition. Additionally, the connotation of vegetation resil-
ience and the drivers of change have been puzzling, requiring 
further quantification in the future. Finally, changes in resil-
ience are frequently associated with climate change, while we 
aim to strengthen the connection between resilience and ecolog-
ical restoration projects in the future to assess whether they are 
effectively bolstering vegetation resilience as intended.

5   |   Conclusion

In this study, we demonstrate the vulnerability of the TP from 
the perspective of reduced resilience. Our findings indicate that 
monthly mean synthesized NIRv could better construct resid-
ual time series for assessing resilience on the TP. We observed 
low resilience on the northeastern and southwestern edges of 
the TP and in the Three River Source region. Over the past two 
decades, resilience on the TP exhibited an accelerated decline, 
with the area of resilience loss being approximately 1.16–1.44 
times that of the increase. The results provide a solid founda-
tion and preliminary understanding for future study. We sug-
gest that resilience should be more considered in the evaluation 
criteria of ecosystem functions and services, which will well 
complement the inadequacy of remote sensing-based vegetation 
greenness perception of ecosystems. Moreover, more attention 
and protection of the TP are warranted, particularly in regions 
experiencing declining resilience.
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