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A B S T R A C T

Catastrophic earthquakes induce significant, enduring vegetation disturbances through extensive landslides and 
geomorphological alterations. The post-earthquake vegetation recovery hinges on the disturbance severity, cli
matic variability, and strategic human intervention, yet understanding of these critical processes and their in
fluences on eco-hydrological functions at the landscape level remains limited. This study aims to quantify the 
earthquake’s impacts on vegetation structure and eco-hydrological functions and to elucidate the recovery 
mechanisms driven by climate variability and human efforts. We focused on the 2008 Wenchuan Earthquake on 
China’s eastern Tibetan plateau as a case study to investigate its influences on vegetation cover and eco- 
hydrological functions in gross primary productivity (GPP), evapotranspiration (ET) and water yield (WY) 
using remote sensing, spatial-resolved causal impact analysis, and ecohydrological modeling. We found that the 
earthquake caused widespread vegetation disturbances from 2008 to 2010, altering land cover over 12% of the 
study area, and reducing GPP and ET by 7.0% and 14.7%, respectively. During this period, the affected regions 
witnessed a larger variation in WY, primarily due to a decrease in ET. From 2010 to 2018, GPP and ET showed 
rapid recovery, driven by both climatic factors (accounting for 23%-56% of the recovery), and human inter
vention (contributing 30%-42% to the recovery). Though WY did not show a statistically significant trend, 
human intervention-induced ET change was responsible for 38.9% to the changes in WY during the recovery 
period. Nevertheless, by 2018, 45% of the affected area still had not returned to pre-earthquake levels, with 
recovered areas remaining below the projected non-earthquake levels, indicating the vulnerability of moun
tainous ecosystems in recovery. Our findings highlight the significant, long-lasting eco-hydrological impacts of a 
catastrophic earthquake and underscore the effectiveness of integrating natural regeneration with targeted 
human restoration efforts. These insights improve our understanding of ecological vulnerability and resilience 
following natural hazards, providing valuable guidance for future post-natural disaster restoration initiatives.

1. Introduction

Acute natural hazards, such as earthquakes, volcanic eruptions, 
wildfires, and extreme floods, can catalyze abrupt and dramatic vege
tation disturbances (Scholes et al., 2018). Such immediate disturbances 
could strongly alter ecosystem structure and function (Allen et al., 2020; 
Garwood et al., 1979; Lin et al., 2023) and lead to complex trajectories 
in post-disaster vegetation recovery within the context of climate change 

and anthropogenic activity (Chen et al., 2021; Gan et al., 2019). Un
derstanding how earthquakes affect vegetation and to what degree 
ecosystems recover from such disturbances is crucial for assessing 
ecosystem resilience to natural disturbances (Seidl and Turner, 2022). 
This knowledge can inform disaster preparedness and response strate
gies, helping better manage and recover from hazards-related ecological 
disruptions (Logan et al., 2022).

The eco-hydrological ramifications of earthquakes are significant, 
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simultaneously affecting vegetation cover, geomorphology and a variety 
of eco-hydrological dynamics related to ecosystem productivity, 
evapotranspiration, water yield and stream flows (Allen et al., 2020; 
Duan et al., 2021). Initially, earthquakes physically alter the landscape, 
primarily through landslides following the main shock. The aftermath of 
an earthquake leads to changes in shallow sedimentation, ground fis
sures, and vegetation disruption, culminating in sediment accumulation 
in a quasi-stable state during dry seasons (Lin et al., 2023), which is 
prone to reactivation in rainy periods (Yang et al., 2021). As a result, 
there is generally an increase in the frequency of post-earthquake 
geological hazards that potentially destroy vegetation cover (Khan 
et al., 2013; Li et al., 2018). The damaged or degraded vegetation not 
only reduces regional carbon sequestration capacity (Peng et al., 2013), 
but also decreases the buffering of rainfall onto the soil and reduces the 
amount of water transpired back into the atmosphere, thus leading to 
increased surface runoff (Ma et al., 2017; Zhang et al., 2021a). This can 
result in further erosion and loss of fertile topsoil, resulting in dimin
ished plant habitat quality (Deng et al., 2010), and increasing the risk of 
subsequent landslides and affecting local water resources. In densely 
populated areas, earthquakes typically trigger human intervention such 
as post-disaster resettlement and reconstruction projects, which may 
positively influence the surrounding vegetation (Peng and Fu, 2018). 
Understanding these vital eco-hydrological processes is essential for 
comprehending the resilience and recovery of ecosystems following 
earthquakes.

Quantifying the impact of earthquakes and recovery policies on post- 
earthquake vegetation is challenging due to multiple complex factors, 
including the disturbance’s severity (Allen et al., 2020), climate vari
ability, and diverse human management practices (Wang et al., 2022). 
Even in the absence of external disturbances, vegetation naturally un
dergoes continuous growth due to intrinsic succession. Consequently, it 
is challenging to separate climatic influences and the direct effects of 
earthquake disturbances to ecosystem function. Furthermore, deter
mining the role of human intervention in the vegetation recovery pro
cess following seismic disturbances is key to better understanding the 
mechanisms of vegetation restoration. Some studies have solely 
employed empirical comparative (Pandey et al., 2022) or statistical 
(Duan et al., 2021) analysis to separate the effects of human and natural 
factors. However, these methods struggle to causally test the direct 
impact of earthquakes and human interventions on vegetation dynamics 
following an earthquake. The integration of remote sensing and 
ecological models is crucial in this context. Remote sensing enables the 
detailed observation of vegetation at the landscape level (Crowley and 
Cardille, 2020), capturing the trajectories of disturbances and recovery 
processes, while ecological models could further simulate eco- 
hydrological functions behind these dynamics. Causal impact analysis 
(CIA) offers a robust approach to isolate and quantify the causal impacts 
of specific events or interventions, making it a valuable complementary 
method for remote-sensing based ecological simulations (Brodersen 
et al., 2015). Although primarily applied to economics and social sci
ences, the adoption of CIA in eco-hydrology, particularly for examining 
sudden events like earthquakes at the landscape scale, remains limited 
(Brodersen et al., 2015).

The 2008 Wenchuan earthquake, a significant seismic event in 
China’s eastern Tibetan plateau, instigated widespread land surface al
terations. Vegetation deterioration ensued persistently for years 
following the seismic shock (Gan et al., 2019). Secondary geological 
disasters, such as landslides and mudslides induced by the earthquake, 
directly damaged extensive tracts of vegetation (Bao, 2008; Bao and 
Pang, 2008). Some counties near the earthquake’s epicenter experi
enced vegetation losses exceeding 20 % (Bao, 2008; Ouyang et al., 
2008). Following the earthquake, China launched an ambitious recon
struction initiative aimed at mitigating soil erosion and the restoration 
of ecosystem services within a three-year span. More than a decade later, 
the post-Wenchuan period offers a valuable opportunity for a compre
hensive assessment on the long-term impacts of this mega earthquake on 

ecosystem structure and eco-hydrological function.
Here, we aim to understand the earthquake-induced vegetation 

cover change and the subsequent recovery in eco-hydrological func
tions, specifically gross primary productivity (GPP), evapotranspiration 
(ET), and water yield (WY), in the context of climate variability and 
human management. Using the remote-sensing-driven Coupled Carbon 
and Water (CCW) ecosystem model, we simulated monthly carbon and 
water fluxes (GPP, ET and WY) from 2001 to 2018, encompassing the 
pre- and post-earthquake periods over the affected zone. Through 
spatial-resolved CIA and controlled model experiments, we investigated 
the mechanisms behind the disruption and subsequent recovery of 
vegetation function following the earthquake, focusing on three main 
questions: (1) How did the earthquake immediately alter vegetation 
cover, GPP, ET and WY at the spatial scale? (2) To what degree did the 
vegetation cover, GPP, ET and WY revert to their pre-earthquake states 
after a decade of recovery? (3) How did the earthquake, subsequent 
human intervention, and climatic variability—specifically changes in 
solar radiation, temperature, and water stress—individually and 
collectively influence the post-quake dynamics of GPP, ET and WY? By 
addressing these questions, we expect to enhance our understanding of 
ecosystems response to earthquake disturbances and their recovery 
under intensive human interventions, thus informing effective 
ecosystem management practices and contributing to the broader 
discourse on ecological restoration and conservation, particularly in the 
context of natural disturbances and climate change.

2. Materials and methods

2.1. Study area

The devastating Wenchuan Earthquake hit the Sichuan province of 
China on May 12, 2008, with a magnitude of 8.0 at the Richter scale. It 
was one of the deadliest earthquakes in China’s recorded history, 
causing widespread destruction and leading to the deaths of over 69,000 
people, with tens of thousands missing or injured. The earthquake left 
roughly 4.8 million people homeless, impacting 417 counties in 10 
provinces. Particularly hard-hit were ten counties in Southwest China 
within an area of about 26,000 km2, straddling the boundary between 
the Tibetan Plateau and the Sichuan Basin (Fig. 1a), categorized as the 
extremely affected area (EAA) by the United Nations Centre for Regional 
Development (UNCRD, 2009). The earthquake’s epicenter was situated 
in the southwest of the study area (Fig. 1a). The most severe seismic 
intensity was observed along a southwest-northeast axis with a length of 
300 km and a width of 50–80 km (Fig. 1a) (Bao and Pang, 2008; UNCRD, 
2009). The EAA’s topography features significant variations in eleva
tion, ranging from a peak of 5300 m to a low of 490 m (Fig. 1a) with 
slope range 0–37 % (Fig. S2). Most of the study area is mountainous, 
with only a small portion of plains, primarily located in the southeast. 
The area is in a transitional zone that ranges from a mountainous sub
tropical to a highland climate, with an average annual (referring to one 
solar year, same below) precipitation of 600–900 mm and an average 
annual temperature of 12–16 ◦C. The complex terrain results in highly 
heterogeneous climatic conditions, with temperature, precipitation, and 
solar radiation varying greatly across the landscape. The high mountains 
stand on the western edge of the Sichuan Plain (Fig. 1a), which in
tercepts the warm and humid airflow from the southeast during the 
summer months. Consequently, the eastern mountain slopes receive 
more than 1000 mm of annual precipitation, whereas the western slopes 
experience arid to semiarid conditions, with annual precipitation 
ranging from 500-700 mm (Fig. S2).

The land cover within the EAA is closely tied to elevation gradients. 
By 2018, croplands were mainly distributed in the lower-lying plains of 
the southeast, covering 7 % of the study area (Fig. 1b). Shrublands 
occupied 24 % of the study area, mainly distributed in the northeast’s 
low-elevation valley and higher elevations of the central mountains. 
Forests, constituting 53 % of the land cover, were mainly distributed in 
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the northern and middle mountainous areas. Grasslands made up 13 % 
of the area, occurring primarily at the highest elevations (Fig. 1b). Non- 
vegetated areas included urban expanses (in the southeast plains) and 
glacier peaks (Fig. 1b).

2.2. Phases of vegetation dynamics before and following the earthquake

The Wenchuan earthquake caused a series of complex abrupt and 
intermittent changes in vegetation structure and functions (Bao, 2008; 
Bao and Pang, 2008). The alteration due to the earthquake was not a 
singular event but emerged as a prolonged process. The primary earth
quake and its aftershocks in mountainous areas not only brought im
mediate damage to the vegetation but also triggered large numbers of 
landslides that later influenced vegetation. These landslides deposited 

loose rocks and debris on the hillslopes, making these areas prone to 
further erosion and landslides, especially during rainfall events. This 
ongoing geological instability led to the continuous destruction of 
vegetation (Lin et al., 2004; Marc et al., 2015; Zhang et al., 2017), 
although it gradually diminished over time (Fan et al., 2018; Li et al., 
2018; Tang et al., 2016). A pre-analysis of land cover data revealed a 
continuous decline in the forest, cropland coverage, and NDVI up to 
three years following the earthquake (Fig. 1c). Based on these obser
vations, we therefore divided the study period into three distinct pe
riods: the pre-earthquake period (2001–2007), the disturbance period 
(2008–2010), and the recovery period (2011–2018) (Fig. 1c). The pre- 
earthquake period served as a baseline for ecological conditions, with 
vegetation in a relatively undisturbed state, providing a reference point 
to gauge the extent of changes induced by the earthquake. The initiation 

Fig. 1. Spatial patterns of terrain feature (a), land cover in 2018 (b), and annual vegetation dynamics of the whole study area during three distinct phases (pre- 
earthquake period, disturbance period and vegetation recovery period) from 2001 to 2018 (c). In (a), the yellow star indicates the earthquake epicenter, and the blue 
ellipses denote areas with the highest seismic intensity. Black lines in (a) and (b) denote county boundaries. In (c), the pre-earthquake period is defined as 
2001–2007, the disturbance period as 2008–2010, and the post-quake recovery period as 2011–2018. The annual values for each vegetation cover (forest and 
cropland) are the area of each land cover type at the end of each year and the mean annual NDVI for the entire study area.
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of the disturbance period was marked by the mainshock and subsequent 
aftershocks, leading to gradual yet significant alterations in the vege
tation. Following this, the recovery period, which began after 2010, was 
characterized by the gradual recuperation and regeneration of vegeta
tion in the context of climate variability and human intervention aimed 
at restoring the affected ecosystems mainly via artificial grass and tree 
planting. In addition, agricultural production and agro-ecosystems were 
gradually recovering in tandem with the broader recovery of human 
society.

2.3. Coupled carbon and water model

The satellite-based Coupled Carbon and Water (CCW) model esti
mates gross primary productivity (GPP) and evapotranspiration (ET) at 
a monthly scale in a unified framework (Zhang et al., 2016, 2019b). 
Central to the model’s design is its carbon-centric strategy, with ET 
calculations guided by GPP in conjunction with a conservative under
lying water-use efficiency (UWUE) (Zhou et al., 2014). Such a frame
work not only avoids full simulation of the soil water balance, which is 
still a significant challenge in hydrological modeling, but also captures 
the critical coupling between carbon uptake from photosynthesis and 
water loss via transpiration (Zhang et al., 2016). CCW has been cali
brated with site-level observations from global FLUXNET data 
(Pastorello et al., 2020) and extensively applied to quantify carbon and 
water dynamics for global terrestrial ecosystems (Dannenberg et al., 
2021; Zhang et al., 2019a,b), large river basins like the Yangtze River 
Basin (Zhang et al., 2022), and smaller watersheds like the Han River 
Basin (Zhang et al., 2021). The key equations for GPP, ET and WY cal
culations in CCW are shown below: 

GPP = APAR × ε = (PAR × FPAR) ×
(
εpot × Rs

)
× (Ts × Ws) (1) 

FPAR = 1.24 × NDVI − 0.168 (2) 

ET =
GPP × VPD0.5

UWUE
(3) 

WY = P − ET (4) 

where APAR is the absorbed photosynthetically active radiation 
(MJ⋅m− 2), representing the amount of energy absorbed by plant can
opies for photosynthesis; PAR is the incident photosynthetically active 
radiation at the top of vegetation canopy, which is assumed to be 45 % of 
the total shortwave radiation (Running et al., 2000); FPAR is the fraction 
of PAR absorbed by plant canopies, estimated from satellite-based 
normalized difference vegetation index (NDVI);εpot (g⋅C MJ− 1) is the 
potential LUE under optimal conditions; Rs, Ts and Ws are environ
mental scalars for diffuse radiation, temperature, and moisture stresses, 
each ranging from 0 to 1; VPD (hPa) is vapor pressure deficit; UWUE, 
representing the trade-off between carbon gain and water loss, was 
estimated from FLUXNET data (Pastorello et al., 2020) and varied from 
4.5 to 8.4 g C kg− 1 H2O across land cover types; WY is water yield, which 
is derived by the difference between precipitation (P) and ET. WY rep
resents the available water supporting for both surface and groundwater 
flows. All CCW model parameters were calibrated for specific biomes, 
making it particularly adept at assessing the impacts of vegetation 
structure and function changes induced by large-scale disturbances, 
such as earthquakes.

The CCW model was previously calibrated and validated based on 
global flux data (Zhang et al., 2019b, 2016). According to Zhang et al 
(2019b), CCW captured 71 % of site-level GPP variations at the global 
scale, and showed robust predictions in different ecosystems at the 
regional scale and comparative performance with a series of existing 
light-use efficiency models. Here, we mainly focused on the evaluation 
of ET by CCW. We first compared CCW ET with hydrological observa
tions in the Mintuo and Jialing River basins, two sub-basins of Yangtze 

River Basin (Fig. S2). Annual data on total stream flow (Q) and precip
itation (P) spanning from 2001 to 2018, sourced from the Water Re
sources Bulletin of the Yangtze River Basin and Southwest Rivers, 
provided a basis for calculating ET using the water balance approach (ET 
= P – Q) by assuming the soil water storage change as zero at the annual 
scale. This assumption is generally accepted in this subtropical region 
due to relatively fast hydrological exchanges (Han et al., 2020) and 
stable groundwater storage (Long et al., 2015). However, we acknowl
edge that this method may introduce uncertainties in the evaluation. ET 
simulations by CCW were then compared to the water balance-derived 
ET for both sub-basins. We evaluated CCW-simulated ET using the 
performance indicators of the coefficient of determination (R2), root 
mean squared error (RMSE), and mean bias error (MBE). Overall, the 
CCW model showed strong predictive capacity, capturing 86 % of the 
observed interannual variability in ET (R2 = 0.86) and exhibiting only a 
modest systematic overestimation (MBE = 15.2 mm) and an RMSE of 
48.2 mm (Fig. 2a).

In our previous work, we evaluated CCW at regional scale over the 
Yangtze River Basin of China (Zhang et al., 2022), where the study area 
is located, using five published ET data products derived with different 
algorithms (Table S1), as well as hydrological gauges from 15 small 
watersheds (Table S2). It shows that annual ET from CCW had a good 
consistency for four of the five ET products for the whole Yangtze River 
Basin, particularly the microwave-based ET product of GLEAM and 
process-based ET product of PML-V2 (Fig. 2b). In addition, CCW ET 
captured 90 % of variations in annual ET derived from P-Q over 15 small 
watersheds (R2 = 0.90) with an RMSE of 62.9 mm (Fig. S2). Therefore, 
we concluded that CCW is suitable for our regional eco-hydrological 
study.

2.4. Remote sensing and climate data

We use a combination of remote sensing and climate data to facilitate 
the operation and analytical simulations of the CCW model. Annual, 
500-m resolution land cover dynamics from 2001 to 2018 were obtained 
from the MODIS product (MCD12Q1 V6) (Sulla-Menashe et al., 2019). 
The biome-specific parameters of CCW were determined based on the 17 
International Geosphere-Biosphere Programme (IGBP) land cover clas
ses, combined into five general types: forest (including evergreen, de
ciduous, mixed forests), shrubland (including open and closed 
shrublands, savannas, and woody savannas), grassland, cropland, and 
non-vegetated (i.e. urban land, barren land, and water). Monthly NDVI 
data, used for estimating FPAR, were obtained from the MODIS 
MOD13A1 product (V6) for the same period at 500 m spatial resolution. 
To minimize cloud contamination, the original 16-day data was gap- 
filled with TIMESAT 3.2 (Jönsson and Eklundh, 2004) and then aver
aged to the monthly scale.

As for climatic factors, we used monthly precipitation (P), air tem
perature (T), VPD, and shortwave radiation (SR) from 2001 to 2018 
from the TerraClimate dataset (Abatzoglou et al., 2018). Given the 
absence of mean air temperature, we calculated it by averaging monthly 
maximum and minimum temperatures. Previously, we confirmed a high 
degree of agreement between TerraClimate’s precipitation and tem
perature data and observed climate data over the Yangtze River Basin of 
China, with strong coefficients of determination (R2) of 0.97 for pre
cipitation and 0.99 for temperature, respectively (Zhang et al., 2022). To 
match other model’s inputs, the TerraClimate data were downscaled 
from their ~ 4 km spatial resolution to a finer 500-m grid using the cubic 
convolution resampling method.

2.5. Analysis methods

2.5.1. Recovery index
To quantify the recovery of vegetation cover and eco-hydrological 

function following the earthquake, we introduced a Recovery Index 
(RI). This index is defined as the ratio of restored values to lost values for 
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vegetation (NDVI) and eco-hydrological function proxies (GPP, ET and 
WY) between the recovery period (2011 to 2018) and the disturbance 
period (2008–2010). We assessed disturbance extent by calculating the 
deviation of 2010 values from the pre-earthquake average for each in
dicator. The recovery magnitude was determined by multiplying the 
linear growth rate of each indicator throughout the recovery period by 
the recovery duration, which spanned 8 years.

2.5.2. Causal impact analysis and scenario experiments
Causal impact analysis (CIA) is a statistical approach for estimating 

the causal effect of specific events or intervention on target outcomes 
(Brodersen et al., 2015). The primary goal of the CIA is to isolate and 
quantify the impact of an event or intervention while controlling for 
other factors that might influence the outcome. CIA employs a Bayesian 
structural time-series (BSTS) model to estimate the causal effect of an 
intervention in time-series data (Brodersen et al., 2015). Specifically, 
BSTS employs a diffusion regression state-space approach to predict 
counterfactual trends in synthetic control scenarios. These trends 
represent what would occur in a hypothetical situation without inter
vention—thus, in a scenario where no earthquake occurred. The model 
estimates the causal impact of an intervention (i.e. an earthquake) by 
comparing the actual time series data of the variable of interest (i.e. 
NDVI) with the counterfactual scenario where the intervention did not 
take place (Brodersen et al., 2015). BSTS is defined by two state-space 
model equations. The first, the observation equation, is: 

yt = ZT
t αt + εt (5) 

where yt is the scalar observation, Zt is the d-dimensional output vector, 
and εt N(0, σ2

t ) is the scalar observation error with variance σt. The 
observation equation links the observed data yt to the latent d-dimen
sional state vector αt. The second equation, the state equation, is: 

αt+1 = Ttαt +Rtηt (6) 

where Tt is the d × d transition matrix, Rt is the d × q control matrix, and 
ηt is the q-dimensional system error with q × q state diffusion matrix Qt , 
such that ηt N(0,Qt). This equation governs the dynamic evolution of the 
state vector αt over time. For implementation, we rely on the Causa
lImpact package provided in R (Brodersen et al., 2015). Each model was 
fitted by considering a single target time series, which maps the trend of 
NDVI over the considered time window. Each model includes a seasonal 

component, set to one year per cycle, with May 2008 as the point of 
intervention. In this study, we conducted CIA at the landscape scale 
through four steps: (1) Identifying Earthquake-impacted pixels: We 
scrutinized the spatial distribution of NDVI alterations to pinpoint 
vegetation pixels manifesting a consistent NDVI decline during the 
disturbance period (Fig. 3a); (2) Extracting NDVI time series of earth
quake impacted pixel and non-impacted pixels: For each earthquake- 
impacted pixel, we extracted 16-day NDVI time series of non-impacted 
pixels within a 10 km (20 pixels) radius (Fig. 3b); (3) Performing CIA: 
we compared the NDVI time series of earthquake-impacted pixels 
(response series) with those from non-affected areas (control series) 
within a 10-km radius to simulate counter-factual NDVI dynamics of the 
earthquake-impacted pixels in the absence of the earthquake (Fig. 3c) 
using the R package CausalImpact (Brodersen et al., 2015); (4) Investi
gating and attributing GPP and ET dynamics: We conducted two model 
scenario experiments to explore factors affecting GPP and ET recovery 
(Fig. 3c):

Scenario A: Simulating actual changes of GPP and ET by incorpo
rating dynamic changes in all variables throughout the study period. We 
assumed that GPP and ET fluctuations arose from a combination of 
factors, including both the direct and indirect impacts of earthquakes 
between 2008 and 2010, and human intervention from 2008 to 2018 in 
the background of climate variability throughout the whole period.

Scenario B: Simulating GPP and ET under the hypothetical scenario 
where no earthquake occurred, using NDVI forecasts from the spatial- 
resolved CIA and keeping land cover constant at its 2007 level, while 
allowing for climatic changes. This scenario posits that vegetation would 
progress naturally in an undisturbed setting, with all changes exclu
sively attributed to climatic factors.

By calculating the differences of GPP, ET and WY between Scenario A 
and B (A minus B), we can assess the influence of the earthquake during 
the disturbance period (2008–2010) and the role of human intervention 
during the recovery period (2010–2018) because climate effects during 
these two scenarios can be cancelled out. However, we recognize that 
the effect of human intervention here is superimposed on intrinsic 
vegetation regrowth, which cannot be completely isolated in our study. 
Overall, this approach enables the quantification of the relative contri
butions of the earthquake, human intervention, and climatic variability 
to the observed changes in GPP, ET and WY, based on the proportion of 
their impacts to the overall effects.

Fig. 2. Evaluation of CCW-simulated ET based on different source of ET estimation. (a) Scatter of annual CCW ET and annual ET derived from a water balance 
approach (P-Q) for the two basins within the study area (Fig. S2). (b)Correlations matrix among CCW-based ET, streamflow-based ET (P-Q) and ET from five data 
products (Table S1) over Yangtze River Basin, where the study area is located (Fig. S2).
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3. Results

3.1. Vegetation cover changes following earthquake

We observed rapid declines in both forest and cropland cover 
following the Wenchuan earthquake (Fig. 1c, 4b). During the distur
bance period (2008 to 2010), land cover change occurred over 12 % of 
the total study area (Fig. 4b). Forest cover suffered the largest loss, with 
a notable decrease in 2008, continuing through 2009 and 2010 (Fig. 1c), 
leading to a total reduction of 831.3 km2 (3.2 % of the total area). 
Meanwhile, cropland declined by 338.2 km2 (1.3 % of the total area), 
mostly changing to grassland. Forest reduction was concentrated in the 
central mountainous area (Fig. 4b), while cropland decline was more 
pronounced in the southeast plains (Fig. 3b). Vegetation cover rapidly 
recovered after 2010, particularly in cropland and forest areas, which 
had been most adversely affected during the earthquake. The cropland 
area, at its lowest in 2010 (1697.3 km2), rebounded to a peak of 2048.0 
km2 in 2015, surpassing both its 2007 extent (2035.5 km2) and pre- 
earthquake average (2033.8 km2) (Fig. 1c). Forest cover also grew 

after reaching its lowest level in 2010 (12,497.8 km2), surpassing pre- 
earthquake levels by 2017 and continuing to increase in 2018, mainly 
at the expense of shrubland. Most new cropland was in the southeastern 
plains, while the forest expanded mainly in the central and western 
mountains.

The earthquake impact area experienced a sharp decrease in annual 
mean NDVI from 0.65 in 2008 to 0.59 in 2010 but rebounded rapidly at 
a rate of 0.012 per year (P < 0.01) in the post-earthquake period 
(Fig. 4d). In contrast, the NDVI of areas unaffected by the earthquake 
increased during 2008–2010 at a rate of 0.006 per year (P < 0.05) 
(Fig. 4d). The spatial pattern of NDVI changes showed high heteroge
neity (Fig. 4a, 4b). During 2007–2010, 47.5 % of the total area experi
enced a decrease in NDVI, with 9.0 % showing a substantial drop of at 
least 0.1, predominantly in the central mountainous area (Fig. 4a). 
During the recovery period, increased NDVI occurred across 93 % of the 
study area. The central mountains, severely impacted by the earthquake, 
registered a mean NDVI increase greater than 0.2. Remarkably, the 
NDVI of about 90 % of the damaged area at least partly recovered after 
the earthquake, with 70 % reverting to pre-earthquake NDVI or greater 

Fig. 3. An example of spatial-resolved causal impact analysis (CIA) and scenario simulation in four steps. (a) Spatial distribution of annual NDVI changes in 2010 
relative to 2007, where the blue square represents the corresponding 10 × 10 km windows around the earthquake-affected target pixel (blue dot) as an example. b) 
Spatial distribution of annual NDVI anomaly within the sampling window with the red-framed pixel being the earthquake-affected vegetation and the blue-framed 
pixels being the non-earthquake-affected vegetation. (c) Actual NDVI time series for the target pixel alongside the CIA-predicted NDVI time series by consuming no 
earthquake influence based on the relationship between those unaffected pixels and the target pixel before earthquake. The actual and CIA-based simulated NDVI are 
then feed to the CCW model to quantity the earthquake-induced GPP, ET and water yield (WY) changes in Step 4.
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(Fig. 4c). More than half of the affected vegetation cover (55 %) even 
recovered by more than 150 % (Fig. 4c). However, there remained 10 % 
of the damaged vegetation that continued to degrade after the earth
quake, mainly on the west side of the central mountains and in higher 
elevation areas (Fig. 4c).

3.2. GPP, ET and WY changes following earthquake

The earthquake led to large declines in GPP and ET (Fig. 5). Relative 
to 2007, annual GPP and ET in 2010 over the whole study area 
decreased by 102.95 g C/m− 2(− |-) (7.0 %) and 73 mm (14.7 %), 
respectively (Fig. 5a, b). Within the earthquake impact area, both GPP 
and ET declined sharply. Conversely, in the unaffected regions, annual 
ET only slightly decreased while GPP increased slightly. Overall, annual 
GPP and ET decreased in 69.2 % and 94.2 % of the study area, respec
tively (Figs. S3).

Vegetation function recovered rapidly after the earthquake, with 
increases of 198.2 g C/m− 2(− |-) in annual GPP and 87.2 mm in annual 
ET from 2010 to 2018, respectively (Fig. 5a, b). Spatially, 93.4 % of the 
area showed a positive GPP trend during this recovery period (Fig. S3), 
with significant increases (P < 0.1) observed in 43.2 % of the total area, 

mainly in the central mountainous area and the western river valley 
(Fig. S3). Similarly, ET rose over 94.4 % of the study area (Fig. S3), with 
significant trends in 28.1 % of the total area. Only a small fraction (6.6 % 
of the total area for GPP and 5.6 % for ET) showed declining trends 
during the post-earthquake recovery period (Fig. S3), mostly in high 
elevation area. With the combined effects of land cover change and 
climate variability, GPP and ET at least partly recovered over about 95 % 
of the study area (Fig. 5c, d). Specifically, 72 % of the GPP affected area 
and 55 % of the ET affected area recovered to, or even exceeded, pre- 
earthquake levels (Fig. 5c, d). Notably, about 54 % of GPP affected 
area and 30 % of ET affected area recovered by more than 150 % of the 
damage (Fig. 5c, d).

During the earthquake disturbance period, the affected regions 
experienced a significant increase in water yield (WY), primarily due to 
a decrease in evapotranspiration (ET). Prior to the earthquake, WY 
exhibited considerable interannual variability, generally corresponding 
with precipitation variations. However, we found that post-earthquake, 
WY became more sensitive to changes in precipitation (Fig. 6a). From 
2007 to 2010, the variation in WY (179.2 mm) was significantly greater 
than the variation in precipitation (71.3 mm), with a difference of 107.9 
mm (151 % of precipitation variation) (Fig. 6a). This discrepancy was 

Fig. 4. Earthquake-induced spatial and temporal changes in vegetation greenness in terms of NDVI. (a) Spatial distribution of annual NDVI change during the 
disturbance period (2007–2010) and (b) post-earthquake vegetation recovery period (2010–2018), and (c) vegetation recovery index between these two periods. (d) 
Annual NDVI dynamics over the whole study area, earthquake impact area, and no earthquake impact area during 2001–2018. The terms “continually degrade” in (c) 
refer to earthquake impact regions with NDVI continually decreasing in the recovery period. Dashed vertical lines in (d) delineate the three phases of vegetation 
dynamics during the study period: pre-earthquake (2001–2007), disturbance (2008–2010), and recovery (2010–2018). “*” in (d) means the trend is statistically 
significant (P < 0.10).
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largely attributable to the reduction in ET. As vegetation recovered, the 
WY fraction (the ratio of WY to precipitation) gradually decreased. For 
instance, in 2013, under precipitation conditions similar to 2010, the 
WY fraction was notably lower (0.46 versus 0.63) (Fig. 6a). During 
2014–2017, despite significant variability in precipitation, the differ
ence between the maximum variation in precipitation and WY was only 
59.6 mm (40 % of precipitation variation) (Fig. 6a), indicating a reduced 
sensitivity of WY to precipitation changes. Spatially, areas with the 
greatest WY increase during the earthquake disturbance period corre
sponded closely to those experiencing the largest ET decreases (Fig. 6b), 
even though precipitation increased in these regions (Fig. S4). Similarly, 
during the recovery period, overall WY decreased due to rising ET 
(Fig. 6c), despite increased precipitation in the eastern part of the study 
area (Fig. S4), These patterns indicated that ET changes, rather than 
precipitation variations predominantly influenced WY changes in these 
regions.

3.3. Attributions of vegetation impacts to the earthquake and human 
intervention based on CCW and CIA

The earthquake had considerable negative impacts on NDVI, GPP, 

and ET, as evidenced in the CIA and CCW simulations (Fig. 7, S5). In a 
hypothetical scenario where only climatic factors were considered 
(excluding the earthquake), NDVI was projected to increase slightly by 
0.01 (1.5 %), while GPP and ET were expected to decrease by 53.6 g C/ 
m− 2(− |-) (3.7 %) and 51.7 mm (11.2 %), respectively (Fig. 7). 
Comparing this counterfactual scenario with the actual outcomes re
veals that the earthquake and its subsequent effects led to reductions in 
NDVI, GPP, and ET by 0.07 (11.2 %), 179.9 g C/m− 2(− |-) (12.5 %), and 
56.3 mm (12.2 %), respectively (Fig. 7, S5). As a result, earthquake 
induced an increase in WY by 15.2 % compared to mean annual WY 
during 2001–2007. These changes account for 116.7 %, 77.0 %, 52.1 % 
and 26.4 % of the observed alterations in NDVI, GPP, ET, WY during the 
disturbance period, respectively.

Human intervention significantly contributed to the restoration of 
vegetation cover and eco-hydrological function (Fig. 6). In the absence 
of earthquake disturbances, climatic factors were expected to cause in
creases in NDVI, GPP, and ET after 2010, at rates of 0.007 per year (P =
0.01), 20.3 gC m− 2 per year (P < 0.10), and 9.3 mm per year (P < 0.10), 
respectively (Fig. 7, S5). However, in the actual scenario, NDVI, GPP, 
and ET recovery rates accelerated to 0.012 per year (P < 0.01), 34.5 gC 
m− 2 per year (P < 0.05), and 13.3 mm per year (P < 0.10), respectively 

Fig. 5. Earthquake-induced spatial and temporal changes in GPP and ET. Annual mean GPP (a) and ET (b) in the whole study area, earthquake impact area, and no 
earthquake impact area during 2001–2018; spatial distribution of recovery index of GPP and ET (c, d). Dashed vertical lines in (a) and (b) delineate the three 
“phases” of land cover transition during the study period: pre-earthquake (2001–2007), disturbance (2008–2010), and recovery (2010–2018). The gray areas in (c) 
and (d) are regions where no significant changes were observed in GPP and ET during the recovery period, respectively. The terms “ continually degrade” in (c) and 
(d) refer to earthquake impact regions with GPP and ET, respectively, continually decreasing in the recovery period. “*” in (a) and (b) means the trend is statistically 
significant (P < 0.10).
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(Fig. 7). Meanwhile, WY decreased with an insignificant rate of − 9.9 
mm per year (P = 0.47). This acceleration suggests that human inter
vention enhanced the recovery of NDVI, GPP, and ET by 0.005 per year, 
15.2 gC m− 2 per year, and 4.0 mm per year, respectively, contributing to 
41.7 %, 41.2 %, and 30.1 % of the post-2010 recovery in NDVI, GPP, and 
ET, with climatic factors accounting for the remainder. As a result, 
human intervention was responsible for 38.9 % to the changes in WY 
during the recovery period.

Spatially, the earthquake’s impact on GPP was most pronounced in 
mountainous areas near the epicenter, with contributions exceeding 75 
% in most affected areas (Fig. 8), while its influences on ET and WY were 
less significant in high-altitude regions (Fig. 8). During the recovery 
period, areas significantly impacted by human intervention (contrib
uting more than 75 %) were much smaller compared to those heavily 
affected by the earthquake (Fig. 8). County-level analysis revealed 
higher human intervention contribution rates to changes in GPP, ET, and 
WY in five densely populated, economically developed counties in the 
southeast, with Wenchuan County as an exception due to its proximity 
to the epicenter (Fig. 9). Strong correlations (0.76–0.87; Fig. 9f) were 
observed between these contribution rates and population and Gross 
Domestic Product density, providing supporting evidence for the role of 
human intervention in ecosystem function recovery. This spatial anal
ysis, integrated with socio-economic contexts, offers valuable insights 
into the complex dynamics of post-earthquake ecological restoration.

4. Discussion

4.1. Significant disturbances in vegetation from the earthquake

Using remote sensing and model-based simulations, our study re
veals that the 2008 Wenchuan earthquake caused significant distur
bances in both vegetation structure and function. We established a 
spatial-resolved causal link between seismic activity and changes in 
vegetation cover and function that was previously unexplored. Our 
findings indicated that the earthquake was the primary catalyst for the 
observed changes in vegetation during the seismic event, as well as the 
predominant influence on the reductions in GPP and ET. Moreover, the 
reductions in ET have profound implications on the local hydrology, as 
ET is a key component of the water balance. The decline in ET induced 
an increase in water yield, as less water was lost to the atmosphere 
through transpiration and evaporation. This change in water yield can 
lead to higher soil moisture, increased surface runoff, and altered sub
surface flow patterns (Lian et al., 2020).

The impacts of the earthquake on vegetation cover and function 
exhibited significant spatial heterogeneity, likely shaped by topographic 
and anthropogenic factors. In particular, the central Longmen Mountain 
area witnessed the most drastic vegetation disruptions (Fig. 4), pointing 
to landslides as a primary mechanism for earthquake-induced vegeta
tion damage (Jiang et al., 2015; Jiao et al., 2014). Despite undergoing 
similarly intense seismic activity (Fig. 1a), the vegetation in the 
earthquake-impacted southern area suffered more extensive damage 

Fig. 6. Earthquake-induced spatial and temporal changes in water yield (WY). Annual WY, total precipitation and WY fraction (the ratio of WY to total precipitation) 
in the earthquake impact area during 2001–2018 (a), and spatial distributions of WY changes during 2007–2010 (b) and 2010–2018 (c).
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than the northern region (Fig. S3). This disparity likely arises from the 
mountainous terrain of the south, which may have experienced more 
severe landslides as a result. The reduction of ET in this region further 
implies significant hydrologic changes, including elevated soil moisture 
and increased surface and subsurface flows, which can contribute to 
landslide occurrences. Elevated soil moisture levels reduce soil cohe
sion, making slopes more susceptible to failure during subsequent 
rainfall events, thereby increasing the frequency and intensity of land
slides following the earthquake.

In contrast, the earthquake-affected northern area, situated in a 
lower elevation valley, experienced less damage. Stable woodlands, 
including forests and shrublands, were the primary contributors to the 
changes in vegetation function during both the disturbance and recovery 
periods. This indicates that most woodland degradation from the 
earthquake was due to small-scale landslides that partially, but not 
completely, removed tree cover. Minimal canopy loss would reduce 
NDVI without necessarily changing the cover class, whereas more 

extensive canopy loss could lead to a shift in cover class, transforming 
forests into shrublands or grasslands. Consequently, the transition from 
“forest to shrubland” emerged as the dominant type of land conversion 
observed. The hydrologic implications in this northern area include a 
potential increase in base flow and streamflow stability due to reduced 
transpiration rates from the partially disturbed woodlands. These 
changes can affect downstream water availability and quality, influ
encing both ecological and human water use.

Post-earthquake human activities also played a crucial role in 
shaping vegetation cover change, particularly in the southeast plains, 
where a marked decrease in cropland coverage was noted from 2008 to 
2010 (Fig. 3b). This reduction is likely linked to changes in human 
behavior following the earthquake (Cui et al., 2012; Xu et al., 2008). 
After the east Japan earthquake in 2011, it was also found that a large 
number of rice paddies were transformed into grasslands, due to 
restricted human activities in evacuation zones and areas of high 
radioactive contamination (Ishihara and Tadono, 2017). The seismic 

Fig. 7. CIA-based simulations in earthquake-induced GPP, ET and WY changes during earthquake disturbance and recovery periods. Actual scenario (blue line), CIA- 
based counter-factual scenario with no earthquake (red line), and the earthquake effects during disturbance period (yellow bar)). The differences in annual slopes of 
GPP, ET and WY between actual scenario and counter-factual scenario during the recovery period reflect the effects of human intervention. “*” denotes statistically 
significant trend at P < 0.10.
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event not only diminished the local agricultural workforce and damaged 
irrigation systems (Li et al., 2009) but also caused profound psycho
logical distress among the residents (Ahmad et al., 2010). The socio- 
economic-psychological effects of the earthquake were multifaceted 
and profound. The loss of life and displacement of communities resulted 
in a significant reduction in the labor force available for agricultural 
activities, discouraging farming. The economic instability caused by the 
earthquake led to increased poverty and financial insecurity, compelling 
many residents to seek alternative livelihoods in urban areas (Thiri, 
2017), further exacerbating the decline in farming activities. These 
combined factors may have reduced agricultural productivity and ca
pacity, leading to a temporary but widespread abandonment of 

cropland. Moreover, the decline in agricultural activity likely reduced 
water extraction for irrigation, further influencing local water yield by 
allowing more water to remain in the hydrological system.

4.2. Roles of climatic and anthropogenic factors in the post-earthquake 
vegetation recovery

Our findings highlight the ability of landscape-scale vegetation cover 
and ecosystem carbon and water functions to recover quickly and 
effectively from severe seismic disturbances, which aligns with previous 
studies (Chen et al., 2022; Jiang et al., 2015; Jiao et al., 2014; Liu et al., 
2017; Yunus et al., 2020). For instance, we observed that 70 % of the 

Fig. 8. Spatial patterns of impacts of direct earthquake during disturbance period (2007–2010) and human intervention during the recover period (2010–2018) on 
GPP (a-d), ET (e-h) and WY (i-l). For each row, the left two subfigures show the impact magnitude from earthquake and human intervention, and right two subfigures 
show the proportional contributions of earthquake and human intervention on the total changes of GPP, ET and WY during the disturbance period and recovery 
period, respectively.
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damaged vegetated area returned to pre-earthquake levels by 2018, a 
decade post-earthquake. This is in line with Jiang et al. (2015), who 
noted a 41 % restoration by 2013, and Liu et al. (2017) who reported a 
44.2 % recovery by 2016. Additionally, Jiao et al. (2014) documented a 
68 % recovery within three years and complete restoration within eight 
to nine years. In the context of other earthquake events, the Jiujiu Peaks 
earthquake (1999) in Taiwan saw an 80 % recovery of impacted vege
tation over two decades (Lin et al., 2023), while vegetation affected by 
the Chuetsu earthquake (2004) in Japan restored 85.5 % by 2021 (Xiang 
et al., 2023). However, these studies primarily focused on the recovery 
of vegetation cover, with less exploration into the recovery of eco- 
hydrological functions and did not delve into the underlying mecha
nisms of vegetation recovery nor into explicit causal analysis of the 
earthquake’s effects.

Our study also examined the hydrological implications of vegetation 
recovery post-earthquake. The restoration of vegetation function plays a 
crucial role in stabilizing local water cycles (Wang et al., 2018). Spe
cifically, GPP reflects the rate at which plants convert atmospheric 
carbon dioxide into biomass through photosynthesis, indicating the 
overall health and productivity of vegetation (Spielmann et al., 2019). 
ET, on the other hand, represents a significant component of the water 
cycle (Schlesinger and Jasechko, 2014). During the recovery period, the 
increase in ET rates led to a gradually enhanced regulation on WY. 
Recovering vegetation enhances soil structure and water retention ca
pacity (Fan et al., 2022), promoting consistent soil moisture levels 

crucial for plant growth and soil stability (Gregory et al., 2006). Rees
tablished vegetation canopies intercepts rainfall, slowing down the rate 
at which water reaches the ground and thereby reducing the rate of flash 
flooding (Gardon et al., 2020). Furthermore, the roots of recovering 
vegetation binds the soil, enhancing slope stability and reducing the risk 
of landslides (Fan et al., 2022) This protective role of vegetation is 
particularly important in post-earthquake landscapes, where the risk of 
landslides and erosion is significantly heightened due to the initial loss 
of vegetation cover and soil disturbance.

Our study highlighted the relative contributions of climatic vari
ability and human intervention on vegetation recovery post-earthquake. 
We found that climatic factors, particularly climatic conditions, and 
vegetation natural growth, were the primary drivers of recovery after 
the Wenchuan earthquake. In simulated scenarios with no earthquake 
influence, the earthquake-affected area still exhibited a significant up
ward trend in NDVI, suggesting that the recovery was possibly accel
erated due to climate variability, other factors like CO2 fertilization or 
continued regrowth of secondary forests (Zhu et al., 2016), which were 
independent from human-led initiatives such as grass and tree planting 
and conservation efforts. The spatial variability of climate also had a 
significant impact, with recovery rates across Longmen Mountain’s 
eastern slope outpacing the western side (Fig. 5), possibly due to its 
warmer, more humid climate from the subtropical monsoon, which 
could aid faster forest recovery. Conversely, the cooler, drier conditions 
of the western side and the mountain top impeded recovery (Wu et al., 

Fig. 9. Spatial patterns of the contribution of human interventions to GPP, ET and WY changes at county level during recovery period (a, b, c), along with the socio- 
economic backgrounds of county-level population density (d) and Gross Domestic Product (GDP) density (e) in 2022. (f) presents the county-level correlations 
between socio-economic backgrounds (population density and GDP density) and human intervention effects on GPP, ET and WY changes simulated by CCW.
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2008). Climatic factors accounted for approximately 23 %-56 % of the 
changes in GPP and ET during the recovery period (Fig. 6), indicating 
their substantial role in restoring vegetation function.

Human intervention significantly influenced the restoration of 
vegetation function, accounting for 30.1 % and 41.7 % of the recovery in 
GPP and ET, respectively (Fig. 6). Notably, artificial restoration efforts 
in the aftermath of the 2015 Nepal Gorkha earthquake contributed to 
vegetation recovery, though they were only about one-tenth as effective 
as natural factors (Pandey et al., 2022). In response to the Wenchuan 
earthquake, China implemented the “Special Plan for Ecological Resto
ration after the Wenchuan Earthquake,” advocating a balanced 
approach that prioritizes natural recovery while incorporating artificial 
measures (State Council of China, 2008). This led to substantial refor
estation initiatives, particularly noticeable in transforming grasslands or 
croplands into woodlands. In heavily affected areas like Aba Prefecture, 
significant efforts were made to increase forest coverage, with new 
forests spanning 240 km2 established and an additional 950 km2 of 
forests conserved in 2008 and 2009 (the National Bureau of Forestry and 
Grassland of China, 2020). Further, the resumption of agricultural ac
tivities as communities were rebuilt and farmers returned to their lands 
contributed to the gradual recovery of cropland vegetation, illustrating 
the multifaceted nature of anthropogenic contributions to post- 
earthquake ecological restoration. These human interventions not only 
facilitated vegetation recovery but also played a critical role in stabi
lizing local hydrological cycles by increasing ET, improving infiltration 
rates, and reducing surface runoff.

4.3. Uncertainties and implications

In this study, we tracked the recovery of vegetation cover and 
functions by five indicators: land cover, NDVI, GPP, ET and WY. How
ever, it is worthy to acknowledge that these metrics do not encapsulate 
the full spectrum of vegetation structure and function recovery. A recent 
species-level study (Allen et al., 2020) indicated that factors such as soil- 
available phosphorus, tree diameter, and distance from the earthquake 
epicenter play critical roles in tree survival and growth post-disaster. 
Our model simulations at the ecosystem level, while informative, may 
not fully capture the actual state of fine-scale (or species level) vegeta
tion recovery, especially in regarding to tree heath and survival. 
Therefore, future studies should expand scope to include a wider range 
of ecological metrics and observational data from stand to ecosystem 
scales to better account for the nuanced factors affecting vegetation 
health and resilience in earthquake-affected areas. In this study, we used 
MODIS land cover with a 500 m resolution, which, despite its utility, 
suffers from classification errors and has limitations in detecting fine- 
scale details of landslides commonly triggered by earthquakes. The 
lack of high-resolution, continuous land cover data specific to our study 
area posed a challenge. We used NDVI as an indirect measure to detect 
finer-scale land cover changes, but future research would benefit from 
employing higher-resolution data for more precise modeling and anal
ysis. We adopted WY as a hydrological response indicator. However, the 
relationship between WY and downstream water resources, including 
the non-stationarity effects of soil storage, recharge and outflow in the 
context of vegetation disturbance and post recovery, was not addressed 
in our study and requires further investigation in the future.

We conducted spatial resolved CIA-based on certain necessary as
sumptions, which may introduce some potential uncertainties. For 
instance, we used pixels with minimal NDVI changes during the earth
quake as control samples to estimate what the NDVI time series would 
have looked like for earthquake-affected pixels under normal condi
tions. This approach assumes these control pixels remained in a stable 
condition, unaffected by other factors other than climate. However, it is 
challenging to guarantee the complete absence of such influences. 
Future ground-based surveys and high-resolution remote sensing (e.g., 
drone-based mapping and lidar scanning) may help to further evaluate 
our findings. Despite the aforementioned limitations, our study presents 

a comprehensive framework for quantifying the immediate and subse
quent effects of earthquakes on vegetation structure and eco- 
hydrological functions. The methodologies employed, such as before- 
after comparisons, neighborhood pair comparisons, and spatially 
resolved CIA-based theoretical simulations, can be readily applied to 
other regions and other types of disturbances, such as wildfires and 
deforestation.

5. Conclusion

This study utilized remote sensing techniques and model-based 
simulations to assess the impact and subsequent recovery of vegeta
tion cover and eco-hydrological function following the Wenchuan 
earthquake. We found that the vegetation disturbance triggered by the 
earthquake persisted for three years from 2008 to 2010, resulting in 
significant disruptions to vegetation cover over 12 % of the study area 
and a reduction in GPP by 7.5 % and in ET by 14.7 %. During this period, 
the affected regions experienced a significant increase in water yield 
(WY), primarily due to a decrease in evapotranspiration (ET). During the 
recovery period from 2010 to 2018, vegetation function in terms of GPP 
and ET showed rapid recovery, but they did not fully reach the levels 
projected in a hypothetical scenario without the earthquake. Our 
spatial-resolved CIA analysis indicated that the recovery process 
following the earthquake was primarily driven by climatic factors. 
Human intervention also played a crucial role in this recovery, 
contributing to 30.1 %, 41.7 % and 38.9 % of the improvements in GPP, 
ET and WY, respectively. Our findings highlight the vulnerability and 
resilience of mountain ecosystems in response to severe disturbance, 
emphasizing the critical roles played by both climatic factors and human 
intervention in the restoration of vegetation structure and function. 
These insights are vital for understanding post-earthquake dynamics and 
informing management and policy decisions for future natural disaster 
responses.
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