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Satellite-based evidence of recent decline 
in global forest recovery rate from tree 
mortality events
 

Yuchao Yan1,2,11, Songbai Hong3,11, Anping Chen    4  , Josep Peñuelas    5,6, 
Craig D. Allen    7, William M. Hammond    8, Seth M. Munson    9, 
Ranga B. Myneni10 & Shilong Piao    1 

Climate-driven forest mortality events have been extensively observed 
in recent decades, prompting the question of how quickly these affected 
forests can recover their functionality following such events. Here we 
assessed forest recovery in vegetation greenness (normalized difference 
vegetation index) and canopy water content (normalized difference infrared 
index) for 1,699 well-documented forest mortality events across 1,600 sites 
worldwide. By analysing 158,427 Landsat surface reflectance images sampled 
from these sites, we provided a global assessment on the time required 
for impacted forests to return to their pre-mortality state (recovery time). 
Our findings reveal a consistent decline in global forest recovery rate over 
the past decades indicated by both greenness and canopy water content. 
This decline is particularly noticeable since the 1990s. Further analysis 
on underlying mechanisms suggests that this reduction in global forest 
recovery rates is primarily associated with rising temperatures and increased 
water scarcity, while the escalation in the severity of forest mortality 
contributes only partially to this reduction. Moreover, our global-scale 
analysis reveals that the recovery of forest canopy water content lags 
significantly behind that of vegetation greenness, implying that vegetation 
indices based solely on greenness can overestimate post-mortality recovery 
rates globally. Our findings underscore the increasing vulnerability of 
forest ecosystems to future warming and water insufficiency, accentuating 
the need to prioritize forest conservation and restoration as an integral 
component of efforts to mitigate climate change impacts.

Covering around 30% of the land surface, forests provide multiple key 
ecosystem services, including carbon sequestration, climate change 
mitigation, hydrological regulation and biodiversity preservation1,2. 
The capacity of forest ecosystems to provide these ecosystem services 
with socioeconomic benefits to humans, however, could be under-
mined by severe drought and heatwaves that have induced extensive 
forest mortality events in recent decades2–9. While substantial research 
has examined triggers and consequences of these widespread tree 

mortality events10–13, our understanding of global post-mortality forest 
recovery, especially the rate and mechanisms of such recovery, remains 
limited. Improved understanding of such recovery rates and the under-
lying factors that can revive forest function is pivotal for guiding forest 
management strategies and projecting climate change impacts14,15.

Multiple factors, including elevated temperatures, increasing 
atmospheric CO2 concentrations, heightened nitrogen deposition, 
disturbance severity and site edaphic conditions, can considerably 
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between NDVI and NDII were 1.8, 3.3, 3.0 and 1.8 years for the 1980s, 
1990s, 2000s and 2010s, respectively, and the overall RT disparity  
for all the decades combined was 2.6 years. Taken together, these  
results signify a slower recovery in canopy water content than in  
greenness. This finding aligns with previous studies conducted at  
local scales27–29 and provides new insight at a global scale of an impor-
tant mismatch.

The distinct recovery patterns observed between NDVI and NDII 
highlight that the resurgence of vegetation greenness does not neces-
sarily equate to the restoration of canopy water content, much less 
physiological functions (for example, photosynthesis, transpiration 
and nutrient uptake). The rapid post-mortality recovery of greenness 
can be attributed to several factors, including the growth recovery of 
surviving trees, the regeneration of young trees, and the flourishing 
growth of understory vegetation such as shrubs or herbaceous plants30. 
However, even when similar levels of greenness are restored, these 
younger saplings and the understory vegetation may not yet achieve 
the same physiological functions as the pre-mortality vegetation. This 
was corroborated by research on Siberian Forest post-fire vegetation 
regeneration using L-band vegetation optical depth derived from pas-
sive microwave observations31, which also indicated that the recovery of 
greenness does not equate to the recovery of carbon storage. Moreover, 
while long-term greening trends are often observed at sites where tree 
mortality events have occurred26, comprehensive recovery of ecosys-
tem functions may require several decades, as shown by site-specific 
studies32, regional assessments33 and continental-scale investigations31. 
The asynchronous recovery between greenness and canopy water 
content could be influenced by vegetation structure, such as the leaf 
area index (LAI) and stand dynamics (Methods). Our analysis delves 
into the fluctuations of NDVI and NDII concerning LAI (Supplementary 
Fig. 2a–f), indicating a saturation effect that might contribute to the 
distinctive recovery patterns observed between NDVI and NDII datasets 
(Methods). In addition, younger stands, characterized by higher tree 
density and potentially greater water stress compared to older stands34, 
could also result in a scenario where NDVI shows a rapid recovery while 
NDII exhibits a delayed recovery after mortality (Methods). Therefore, 
while the restoration of greenness serves as an indicator for the start 
of physiological function recovery, focusing on greenness alone may 
lead to an underestimation of the adverse impacts of forest mortality 
on ecosystem structure and function and overestimation of forest 
recovery rate.

Declining recovery rates of NDVI and NDII
The nearly 40 year time series data of NDVI and NDII also allow us to 
assess how post-mortality forest recovery may have changed over 
the past few decades. In this Article, we compared RT across different 
mortality decades (1980s, 1990s and 2000s) for both NDVI and NDII. 
We considered equitable time frames in each decade to assess recov-
ery by selecting specific cut-off years (Methods and Supplementary 
Table 1). For instance, we computed RT and the unrecovered percent-
age for mortality events occurring in the 1980s using a 2010 cut-off 
year, and a 2020 cut-off year for those occurring in the 1990s. We did 
not observe any statistically significant differences in RT between 
the 1980s and the 1990s for either NDVI or NDII (Fig. 2a,c). However, a 
significant prolongation of forest recovery was found from the 1990s 
to the 2000s (Fig. 2b,d). Specifically, NDVI RT for mortality events 
in the 2000s was 6.5 years, significantly higher (P < 0.05, one-way 
analysis of variance (ANOVA)) than the RT value of 4.4 years for those 
in the 1990s (Fig. 2b). Similar results were found for NDII (8.8 years in 
the 2000s versus 5.9 years in the 1990s, P < 0.05; Fig. 2d). In addition, 
the unrecovered percentage for NDII also increased from 23% in the 
1990s to 47% in the 2000s (Fig. 2d, red segment of ring). To further 
validate these findings, we conducted additional comparisons of RTs 
by ensuring the number of years included for assessing RT were the 
same (that is, 20 years) across all three decades. The results reaffirmed 

influence post-mortality forest recovery. These factors may act in 
divergent directions. For example, CO2 fertilization and nitrogen depo-
sition could bolster post-mortality vegetation growth, expediting 
ecosystem recovery, both directly16,17 and indirectly through enhanced 
water-use efficiency18–20. By contrast, warming-induced water scarcity21 
and heat-induced photosynthetic suppression3–5 can impede ecosys-
tem recovery22. The combined effects of these factors, however, remain 
inadequately elucidated at a global scale23. In particular, little is known 
about how various global change factors drive recovery patterns across 
a range of different site conditions.

To bridge this knowledge gap, we examined post-mortality forest 
recovery across 1,699 well-documented drought- or heat-induced tree 
mortality events from 1,600 sites globally that have occurred since the 
1980s (Fig. 1a). Leveraging 30 m spatial resolution, Landsat-derived 
normalized difference vegetation index (NDVI) and normalized dif-
ference infrared index (NDII) during the growing season, we estimated 
post-mortality recovery rates for a 3 × 3 pixel window centred on each 
of the mortality sites. The selection of NDVI and NDII for this study was 
based on their distinct sensitivities to vegetation characteristics: NDVI 
is widely used as a measure of vegetation greenness, making it a valu-
able indicator of photosynthetic activity and vegetation productivity; 
NDII is known for its sensitivity to canopy water content, providing 
insight into vegetation water stress24,25. A healthy forest, character-
ized by optimal greenness and sufficient canopy water content, is 
more likely to show higher carbon sequestration capabilities, thereby 
substantially contributing to carbon storage. By examining both NDVI 
and NDII together, we aimed to capture a comprehensive perspective 
of vegetation dynamics in the context of forest recovery after tree 
mortality. The spatial scale covered by this specific 3 × 3 pixel window 
was validated in our previous study to be the most severely affected by 
mortality relative to other scales26. We defined forest recovery time (RT) 
as the period required for post-mortality NDVI or NDII values to restore 
from the lowest values to their pre-mortality values (Methods and 
Supplementary Fig. 1). By definition, the reciprocal of RT equals forest 
recovery rate. Through comparing RT values indicated by NDVI versus 
by NDII, we also shed light on recovery trajectories of different ecosys-
tem functions. Furthermore, we calculated and compared RT values 
across distinct decades (1980s, 1990s and 2000s) to elucidate poten-
tial shifts in global forest recovery patterns and harnessed machine 
learning algorithms to probe the underlying mechanisms driving RT 
variations globally. Our comprehensive analysis thus lends insights into 
vegetation recovery and functional restoration after severe mortality 
events, improving our mechanistic understanding and prediction of 
forest ecosystem dynamics under future intensified climate change.

Results
Slower recovery of NDII than NDVI
We found an intriguing temporal mismatch between the recovery 
of vegetation greenness and canopy water content across the global 
scale. Specifically, the recovery of NDII lagged considerably behind 
NDVI recovery (Fig. 1b–d). By 2020, NDVI had regained pre-mortality 
levels for 92% of the examined mortality events, with an RT of 4.7 years 
(s.d. = 3.8 years; Fig. 1b). More specifically, NDVI fully recovered within 
4 years for 55% of the examined events and within 10 years for 84% of 
the events. By stark contrast, NDII recovered to pre-mortality levels for 
only 64% of the mortality events by 2020, with an average RT of 6.7 years 
(s.d. = 4.8 years). About 24% and 52% of the examined events showed 
full NDII recovery within 4 and 10 years, respectively. This higher per-
centage of unrecovered NDII than NDVI was also evident for mortality 
events occurring in all the decades after the 1980s (Fig. 1c inset). In 
cases where both NDVI and NDII achieved full recovery by 2020, NDII 
consistently required more or at least equal time to recover than NDVI 
(Fig. 1c). Over the studied decades, the average RT values for NDII were 
significantly greater than those for NDVI (Fig. 1d; P < 0.001 in two-side 
paired Student’s t-test). It is worth noting that mean RT disparities 
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the notable prolongation of forest recovery, evident for both NDVI and 
NDII, from the 1990s to the 2000s (Supplementary Fig. 3).

Next, we investigated whether this delay was independent of local 
climate conditions by comparing RT values across decades. We found a 
widespread increase in RT from the 1990s to the 2000s across climate 
spaces defined by long-term (1980–2020) mean annual temperature 
(MAT) and mean annual precipitation (MAP) for both NDVI and NDII 
(Supplementary Fig. 4). We also conducted further analysis on the 
temporal variation in RT for different research hotspots. In Europe, 
where the majority of the documented mortality events were concen-
trated, RT showed a notable increase from the 1980s to the 2000s for 
both NDVI and NDII (Fig. 2e). The exception was for NDVI derived RT 
between the 1980s and the 1990s, when the observed increase lacked 
statistical significance. In North America, a marked increase in RT was 
evident between the 1990s and the 2000s, whereas we found no sta-
tistically significant difference between the 1980s and the 1990s (Sup-
plementary Fig. 5a,c). For tropical forests, where the loss of ecosystem 
resilience has attracted widespread attention13,35,36, we were only able to 

compare RT during the 1990s and 2000s due to the paucity of mortality 
event reports (Supplementary Fig. 5b,d). The results showed a slight 
yet statistically nonsignificant increase in RT for both NDVI and NDII. 
Moreover, we assessed the recovery of NDVI and NDII across different 
forest biomes, including deciduous broadleaf forest (DBF), evergreen 
needleleaf forest (ENF), and shrubland (Supplementary Fig. 6). Once 
again, the outcomes align with our initial findings, indicating a pro-
nounced extension in forest recovery for both NDVI and NDII from the 
1990s to the 2000s.

We further tested the robustness of our findings through aggregat-
ing data from a 5 × 5 pixel window instead of a 3 × 3 pixel window (Sup-
plementary Fig. 7 and Methods). The results reaffirmed that NDII-based 
RT values generally exceeded those based on NDVI (Supplementary 
Fig. 7a), confirming that canopy water content recovery takes longer 
than greenness recovery. Moreover, we also found an evident pro-
longation of post-mortality RT, particularly between the 1990s and 
2000s (Supplementary Fig. 7b–d). Thus, the two key findings of our 
research conducted at a global scale, including both the longer time 
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Fig. 1 | Recovery of NDVI and NDII after tree mortality events. a, Spatial 
distribution of the tree mortality sites included in the study. Different colours 
indicate the decades when tree mortality occurred. The world continental 
boundaries were sourced from the Environmental Systems Research Institute 
World Continents dataset at https://hub.arcgis.com/datasets/esri::world-
continents/about. b, Frequency distributions of the RT for NDVI and NDII. Dark 
green colour in the bar chart represents the overlapping portion between NDVI 
and NDII. c, Comparison of RT for NDVI and NDII. The dashed line corresponds 
to equal (1:1) NDVI and NDII values. There are no points below this dashed line. 
In the inset, bars indicate the unrecovered ratio of NDVI (blue) and NDII (red) 

for mortality events that occurred in different decades. d, Comparison of RT 
for NDVI and NDII by decade of the mortality events. ***P < 0.001), significant 
difference in average RT between NDVI and NDII based on a two-sided paired t-
test, for the following decades: 1980s (P = 9.85 × 10−6), 1990s (P < 1 × 10−16), 2000s 
(P < 1 × 10−16) and 2010s (P < 1 × 10−16); overall data (P < 1 × 10−16). In the box plot, 
the top and bottom edges represent the 25th and 75th percentiles of the data, 
respectively. The whiskers indicate the maximum and minimum values within the 
non-outliers’ range. The horizontal line inside the box indicates the median value. 
The square inside the box indicates the average value.
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required for restoring canopy water content and the recent decline in 
global forest recovery rate, were robust with the choice of different 
pixel window sizes.

Potential causes of the recent declining recovery
There may be numerous mechanisms underlying the observed delay 
in forest recovery. We thus used a fusion of extreme gradient boost-
ing (XGBoost) and Shapley additive explanation (SHAP) models37–39, 
incorporating 19 factors tied to climate, soil, vegetation, topography 
and mortality severity, to reveal the major influencing factors govern-
ing post-mortality forest recovery (Fig. 3 and Methods). These models 
showed acceptable efficacy in simulating NDVI- and NDII-based RT 
values (R2 = 0.65 to 0.89, root mean square error = 0.13 to 0.22; Sup-
plementary Fig. 8). Unsurprisingly, mortality severity played a role 
in affecting RT for both NDVI (Fig. 3a) and NDII (Fig. 3h), with greater 
severity linked to extended RT (Fig. 3c,m). Climatic factors, including 
MAT, MAP of mortality-affected sites, temperature anomaly during RT 
(Tem in RT = mean temperature during RT − MAT) and precipitation 
anomaly during RT (Pre in RT = (mean precipitation during RT − MAP)/
MAP × 100%), showed strong influence on post-mortality forest recov-
ery. Specifically, a higher MAT corresponded to reduced RT for both 
NDVI (Fig. 3b) and NDII (Fig. 3j), indicating faster recovery in warmer 
regions. However, elevated temperatures during the recovery period 
impeded forest recuperation, as indicated by the positive correla-
tion between Tem in RT and RT, albeit with a nonlinear relationship 
(Fig. 3d,k). Despite the nonlinear nature of the effect of Pre in RT on 

RT, it was evident that wetter-than-average recovery conditions pro-
moted forest recovery (Fig. 3e,i). NDVI- and NDII-based RT peaked at 
mid-elevations (Fig. 3f,n) and lower specific leaf area (SLA) (Fig. 3g,l). 
To assess the impact of spatial-scale discrepancies among independent 
variables on these findings, we conducted two types of analysis—aggre-
gating both dependent and independent variables from mortality sites 
into a common grid of coarse pixels (0.5° or approximately 55 km) and 
randomly selecting one tree mortality site within each coarse pixel—and 
then re-ran the machine learning model (Methods). We consistently 
observed similar outcomes (the dominant factors explaining variation 
in Supplementary Figs. 9 and 10), suggesting that different resolutions 
of independent variables did not confound our findings.

Given the paramount influence of mortality severity and climate 
variables on post-mortality forest recovery (Fig. 3a,h), we proposed 
two hypotheses which are not necessarily mutually exclusive. First 
(H1), the delay in forest recovery during recent decades was driven by 
an increase in mortality severity. Second (H2), the prolonged recovery 
was primarily caused by the changes in climate during the recovery 
period. To facilitate understanding, we combined the results of Fig. 2 
and Supplementary Figs. 5, 11 and 12 into a table (Table 1) for testing 
these hypotheses. To test hypothesis H1, we contrasted mortality sever-
ity across decades (Table 1 and Supplementary Fig. 11). At the global 
scale, the significant increase in NDII-based mortality severity from 
the 1980s to 1990s may have played a role in the increase in NDII-based 
RT, although it is nonsignificant (Table 1, Fig. 2 and Supplementary 
Fig. 11a). However, the nonsignificant changes in NDVI-based and 
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indicates the median value. The square inside the box indicates the average value.
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NDII-based mortality severity from the 1990s to 2000s fails to explain 
the corresponding significant increase in NDVI-based and NDII-based 
RT, respectively. Furthermore, in Europe, the region with the most 
extensive mortality records, the NDVI-based mortality severity con-
tradicted changes in NDVI-based RT between the 1980s and 2000s, 
and NDII-based mortality severity contradicted changes in NDII-based 
RT between the 1980s and 1990s (Table 1, Fig. 2 and Supplementary 
Fig. 11b). Similarly, in North America, changes in both NDVI-based and 
NDII-based mortality severity contradicted changes in their respective 
RT between the 1980s and 2000s (Table 1, Supplementary Fig. 5 and 
Supplementary Fig. 11c). Hence, changes in mortality severity could 
only partly explain the delay in post-mortality recovery at regional and 
global scales. Nonetheless, it should be noted that reductions in NDVI 
and NDII may not fully capture the damage to plant physiology during 
mortality events, particularly to the root systems.

We found evidence consistently supporting hypothesis H2 from 
the analysis of climatic conditions during recovery periods (Table 1 and 
Supplementary Fig. 12). At both global and European scales, changes 

in Tem in RT from the 1980s to the 1990s were trivial and statistically 
nonsignificant, aligning with the little change in RT; the notable rise in 
Tem in RT was consistent with a significant increase in NDVI-based and 
NDII-based RT observed from the 1990s to the 2000s (Table 1, Fig. 2, and 
Supplementary Fig. 12a). A significant decrease in Pre in RT between the 
1990s and the 2000s was also observed (Table 1 and Supplementary 
Fig. 12c), indicating that rising temperatures and reduced precipita-
tion during recovery played a crucial role in the recent slow-down 
in post-mortality recovery rates. In North America, the increase in  
RT from the 1990s to the 2000s was likely a result of decreased Pre in 
RT (Table 1, Supplementary Fig. 5 and Supplementary Fig. 12d), while 
the increase in Tem in RT lacked statistical significance (Table 1 and 
Supplementary Fig. 12b).

To test the robustness of our findings as presented in Table 1,  
we conducted an in-depth analysis using generalized linear mixed 
models40 to better elucidate the relationships among mortality sever-
ity, temperature, precipitation and RT (Supplementary Tables 2–5). 
Our analysis revealed that the coefficients of Pre in RT and Tem in RT 
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dependence plots of the SHAP value against the six most important explanatory 
variables in a (MAT (b), mortality severity (c), Tem in RT (d), Pre in RT (e), elevation 
(f) and SLA (g)) and h (Pre in RT (i), MAT (j), Tem in RT (k), SLA (l), mortality 
severity (m) and elevation (n)). SHAP > 0 means that the corresponding driver 
positively affected the dependent variable, and SHAP < 0 is a negative effect. 

The dark grey line represents the fitted line, providing an estimate of the general 
trend within the dataset. The pink shadings depict the 95% confidence interval of 
the mean estimate, indicating the range where there is a 95% confidence level that 
the actual population mean is found. The medium grey shadings show the 95% 
prediction interval, suggesting that approximately 95% of observations are likely 
to fall within this specific range. AWC, available water capacity. Mortality severity 
was defined as the decline magnitude in NDVI and NDII during tree mortality 
events relative to pre-mortality values.
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are notably larger than that of mortality severity. This suggests that the 
decline in global forest recovery rates is predominantly influenced by 
increasing temperatures and heightened water scarcity. In compari-
son, the impact of forest mortality severity on this decline appears to 
be much less. It is also noteworthy that the interaction between Pre in 
RT and Tem in RT strongly regulated RT. The results derived from our 
generalized linear mixed models are consistent with the conclusions 
drawn from Table 1 and Fig. 3, providing a more robust statistical foun-
dation to support our findings.

Discussion
These findings highlight that the pace of recovery in forest eco-
systems following mortality events has been hindered by climate 
warming and water scarcity. While the direct impact of fertilization 
of increased CO2 and nitrogen deposition and its water conservation 
benefits can boost recovery, this positive effect could have been 
outweighed by the adverse effects of climate warming and water 
scarcity41–44. Indeed, there is growing evidence that global ecosystems 
are transitioning from a period dominated by fertilization effects to 
that dominated by warming effects23, a shift further supported by 
our recovery-focused results. Together, these indicate that the net 
terrestrial ecosystem carbon sink in the past decades due to anthro-
pogenic fertilization of the Earth with increasing concentrations of 
atmospheric CO2 and nitrogen inputs is slowing down because of 
the increasing limitations of water and heat, among other factors43. 
With climate change, the prospects of heightened high-temperature 
stress and increased water scarcity loom45, potentially threatening 
the carbon storage capacity of forest ecosystems. This is particularly  
concerning due to the heightened risk of forest mortality and a  
hindered recovery process.

The extension of post-mortality recovery durations in the 2000s 
compared to earlier decades may also be partially attributed to other 
factors23. Among these factors, diminishing nitrogen availability in 
terrestrial ecosystems, especially in Europe and North America46,47, and 
signs of phosphorus scarcity as a limitation for vegetation growth48,49 
may impede secondary succession and slow down recovery from mor-
tality events23. This is despite our models suggesting that soil total 
nitrogen (STN) and cation exchange capacity (CEC) have weak effects 
on RT across different regions (Fig. 3a,h).

Moreover, interactions with other climate-related disturbance 
processes and increased human disturbances in recent decades—
including fire, land use change and forest harvesting—could also 
modify and hinder vegetation recovery after mortality events and 
thus contribute to the decline in recovery rates23,50,51. These alterations 

may have important impacts on stand dynamics, affecting the recovery 
of vegetation indices. Such altered or novel disturbance regimes and 
human disturbance processes can interact with climate warming, water 
scarcity, and nutrient limitations, adding complexity to the outcomes 
of forest recovery52, which merits further investigation.

While numerous studies have been conducted on the rising inci-
dence of forest mortality events3–7,9,53,54, there is a lack of knowledge 
regarding the influence of different global change factors on recov-
ery patterns following such events. Our study offers insights into 
global-scale post-mortality forest recovery trajectories and sheds 
light on the declining recovery rates in both greenness and canopy 
water content. These findings highlight a long-term threat posed by 
heat stress and water scarcity to ecosystem health. Nevertheless, there 
are still challenges to fully comprehend the intricacies of post-mortality 
recovery. Field records of mortality events in tropical and boreal forests 
remain relatively scarce5, hindering a more complete characterization 
of post-mortality forest dynamics in these vulnerable regions under 
climate change41,55. Furthermore, it is important to acknowledge the 
limitations of relying solely on indirect measurements—specifically, 
remotely sensed indices—for all interpretations. First, the observed 
decline in post-mortality forest recovery rates, possibly influenced by 
the inclusion of specific decades (1980s, 1990s and 2000s), may not 
reflect a long-term trend due to the restricted time frame (no reliable 
imagery before 1984) of the Landsat dataset to definitively support a 
consistent decline in global forest recovery rates. Second, although the 
impact of inconsistencies between different generations of Landsat 
sensors on ratio-based vegetation indices, as noted by ref. 56, is minimal 
and has a limited effect on our research results, it is essential to recog-
nize the existence of these discrepancies. Third, satellite-based data 
do not fully capture changes in vegetation physiological processes. 
Hence, there is a pressing need for future efforts to establish extensive 
and long-term field monitoring of post-mortality recovery in both 
forest structures and functions. Incorporating these detailed obser-
vations such as vegetation regrowth rates into process-based models 
will strengthen our understanding of the multifaceted characteristics 
of post-mortality forest recovery by various factors. This integration 
will lead to a more comprehensive mechanistic understanding and 
enable more accurate projections of forest dynamics in response to 
changing climate.

We are also aware of potential limitations in our machine learn-
ing analyses that stem from differences in spatial resolutions across  
different data sources. The climate, soil and vegetation attribute data 
have relatively coarse spatial resolutions at a global scale, posing  
challenges in aligning them with the finer 30 m resolution Landsat 
data. While we partially tackled this issue by adopting two analytical 
methods—aggregating both dependent and independent variables 
from mortality sites into a common grid of coarse pixels and randomly 
selecting one tree mortality site within each coarse pixel—there is still 
room for improvement. Future research should explore integrating 
higher-resolution data for climate, soil, vegetation attributes and 
topography, which may offer deeper insights into the mechanisms 
governing forest recovery dynamics following mortality events.

Conclusions
In summary, our investigation encompassing satellite-derived NDVI and 
NDII data across 1,600 sites affected by 1,699 mortality events globally 
has revealed a decline in post-mortality forest recovery rate in recent 
decades. This decline in forest recovery was primarily influenced by 
rising temperatures and reduced precipitation during the recovery 
phase, while changes in mortality severity played a lesser role. Our 
study also underscores the urgent threat of future climate warming and 
water scarcity to the maintenance of forest ecosystem functions and 
the essential services they provide. It thus highlights the critical need 
to address climate change and implement effective forest management 
measures to mitigate its negative effects.

Table 1 | Evidence for testing hypotheses H1 and H2

Global Europe North America Tropic
1980s

vs
1990s

1990s
vs

2000s

1980s
vs

1990s

1990s
vs

2000s

1980s
vs

1990s

1990s
vs

2000s

1990s
vs

2000s

NDVI-based RT

NDII-based RT

Tem in RT

Pre in RT

NDVI-based
mortality severity

NDII-based
mortality severity

This table summarizes the results of Fig. 2 and Supplementary Figs. 5, 11 and 12.  represents 
a significant increase (P < 0.05, one-way ANOVA), while  represents a significant decrease 
(P < 0.05, one-way ANOVA);  represents nonsignificant increase, while  represents 
nonsignificant decrease. NDVI-based and NDII-based mortality severity are indicated by NDVI 
and NDII decline magnitudes during mortality events, respectively.
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Moreover, our global-scale analysis further suggests that the 
recovery of NDII, an indicator of canopy water content, was more 
protracted compared to the recovery of NDVI, a metric of vegetation 
greenness. Thus, the relatively swift restoration of post-mortality veg-
etation greenness—likely facilitated by the rapid growth of understory 
vegetation and young trees after the removal of large canopy trees—
does not necessarily signify complete recovery of forest ecosystem 
functions. Consequently, investigations focusing solely on vegetation 
greenness are likely insufficient for comprehending post-mortality 
vegetation dynamics. A more holistic understanding of forest ecosys-
tem recovery responses to drought- and heat-induced tree mortality 
events requires assessments of multiple indices associated with distinct 
ecosystem functions.

Methods
Dataset of tree mortality events
We evaluated global forest recovery following mortality events induced 
by combinations of drought and heat in this study. The global dataset 
of tree mortality sites was initially compiled by ref. 5, encompassing a 
total of 1,303 sites where tree mortality events related to drought and 
heat (excluding fire) occurred between 1970 and 2018. These sites were 
identified based on data collected from 154 peer-reviewed publica-
tions, which provided information on the geographical locations and 
timing of each mortality event. Tree mortality events in the datasets are 
determined based on the proportion of standing dead trees in relation 
to total number of trees in a stand, with a threshold of 15% or higher (for 
mature trees) considered ‘higher than expected’5. For more detailed 
information, refer to the publication by ref. 5 and visit the following 
link: https://www.tree-mortality.net/globaltreemortalitydatabase/.

We also gathered information on tree mortality events from a 
georeferenced database developed by ref. 57. This database includes 
293 tree mortality sites in European forests that were induced by heat 
and drought stress during the period from 1970 to 2019. This database 
was compiled from 69 studies. Furthermore, ref. 58 have recently 
updated this database by including data from 17 additional tree mor-
tality sites, primarily located in the Mediterranean Basin. The authors 
provided coordinates for these 310 mortality sites and also indicated 
the starting and ending years of drought or heat and mortality based 
on their observations.

By combining these two datasets and incorporating an additional 
15 mortality sites obtained from peer-reviewed studies5, we created a 
comprehensive dataset comprising 1,628 tree mortality sites, each 
containing one or more recorded mortality events. It is important to 
note that we excluded 28 tree mortality sites from the 1970s from our 
analysis due to a lack of remote sensing data. Consequently, our final 
dataset for analysis consists of 1,600 sites with a total of 1,699 tree 
mortality events. Out of these, only 99 sites experienced repeated 
mortality events. To address the impact of repeated mortality events, 
we ensured that the NDVI and NDII values had fully recovered from 
the first mortality impact before analysing the effects of subsequent 
mortality events. This approach was implemented to mitigate the 
influence of repeated mortality events on the recovery process fol-
lowing the first impact.

Calculation of Landsat-based NDVI and NDII
NDVI is an indicator of vegetation greenness, while NDII is sensitive 
to the water content within the vegetation canopy. Both metrics have 
been extensively used to assess the responses of terrestrial vegetation 
to drought and/or heat stress25,59,60. The formulas for NDVI and NDII 
are as follows:

NDVI = ρNIR − ρRed
ρNIR + ρRed

(1)

NDII = ρNIR − ρSWIR
ρNIR + ρSWIR

(2)

where ρNIR, ρRed, and ρSWIR represent the near-infrared, red and short-
wave infrared spectral bands, respectively. To capture the patchy 
nature of tree mortality events and accurately characterize vegetation 
recovery patterns, it is essential to use high-resolution satellite data. 
We calculated NDVI and NDII at a 30 m resolution using Landsat retrie
vals, which are well suited for regional-to-global-scale time-series 
analysis and to our objective.

Landsat time series analysis has been used to quantify forest  
recovery after disturbances and has been validated as a robust method 
in many previous studies61–64. We used high-level surface reflectance 
products obtained from three different Landsat sensors: Landsat 5  
Thematic Mapper (TM), Landsat 7 Enhanced Thematic Mapper Plus 
(ETM+) and Landsat 8 Operational Land Imager (OLI). The surface 
reflectance from Landsat 5 and 7 has been atmospherically corrected 
using the Landsat Ecosystem Disturbance Adaptive Processing System 
(LEDAPS) developed by refs. 65,66, respectively. For Landsat 8, the 
surface reflectance has been atmospherically corrected using the Land-
sat Surface Reflectance Code developed by ref. 67. These correction 
methods ensure accurate measurements of surface reflectance across 
different Landsat sensors. Moreover, the Landsat surface reflectance 
products include pixel-scale data quality flags, which provide infor
mation about clear-sky, water, snow, cloud or shadow conditions. 
These flags are determined using the C Function of Mask algorithm 
developed by ref. 68. By using the quality flag information, we were able 
to remove the effects of water, snow, clouds and their shadows in the 
Landsat imagery, ensuring reliable and cloud-free data for our analysis.

In this study, a total of 158,427 Landsat surface reflectance images 
were used, covering the growing season for different latitudinal bands: 
April to October for areas north of 23.5 °N, whole years for areas 
between 23.5 °N and 23.5 °S, and October to April for areas south of 
23.5 °S69–71. The time period ranged from 1984 to 2020. Specifically, 
Landsat 5 images were used for the periods from 1984 to 2011, Landsat 
7 images were used for the periods from 1999 to 2002, and Landsat 8 
images were used for the periods from 2013 to 2020. It is important 
to note that Landsat 7 imagery is unavailable after 31 May 2003 due  
to the failure of the scan line corrector. To address this data gap, we  
used a focal mean function provided by Google Earth Engine (GEE) 
to fill in the missing Landsat 7 scan line corrector-off images in 2012, 
ensuring the completeness and continuity of the dataset.

The near-infrared band (ρNIR) corresponds to the fourth band of 
the Landsat TM/ETM+ sensor and the fifth band of the Landsat OLI 
sensor. The red band (ρRed) corresponds to the third band of the TM/
ETM+ sensor and the fourth band of the OLI sensor. The shortwave 
infrared band (ρSWIR) corresponds to the fifth band of the TM/ETM+ 
sensor and the sixth band of the OLI sensor. To ensure consistency 
across different Landsat sensors (TM, ETM+ and OLI), linear transfor-
mations were applied to adjust the bands accordingly72. Landsat-based 
NDVI and NDII values were estimated during the growing season using 
the adjusted bands, following equations (1) and (2). Consequently, the 
NDVI and NDII values used in this study represent the average values 
during the growing season.

To mitigate potential systematic errors in site geolocation, the 
NDVI and NDII values derived from Landsat imagery were obtained by 
averaging values from a 3 × 3 pixel window and a 5 × 5 pixel window, 
respectively, centred on each tree mortality site.

Given the substantial volume of Landsat images involved, a 
pre-processing and calculation approach was adopted using the JavaS-
cript application programming interface of the GEE platform. GEE, a 
cloud computing platform renowned for its ability to analyse remote 
sensing data at a global scale73–75, facilitated the efficient processing 
and analysis of Landsat-based NDVI and NDII values.

Changes in NDVI and NDII affected by LAI and stand dynamics
The relationship between NDII and canopy water content is primarily 
influenced by vegetation structure, specifically LAI76. We examined the 
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changes in NDVI and NDII in relation to LAI using the PROSAIL model77,78, 
a radiative transfer emulator that combines the PROSPECT leaf optical 
properties model (propriétés optiques spectrales des feuilles) with 
the SAIL canopy bidirectional reflectance model (Scattering by Arbi-
trarily Inclined Leaves). The PROSAIL model inherently incorporates 
parameters for various leaf-angle distributions, including planophile, 
erectophile, plagiophile, extremophile, spherical and uniform. Based 
on the PROSAIL model simulations for each different leaf angle type, we 
found the lowest LAI values where NDVI and NDII reached saturation are 
3 m2 m−2 and 4.5 m2 m−2, respectively (Supplementary Fig. 2a–f). In com-
parison, only 9.15% of the tree mortality sites had average annual LAI 
values exceeding 3 m2 m−2, and just 1.69% had values above 4.5 m2 m−2 
(Supplementary Fig. 2h), suggesting that the impact of saturation on 
our results is likely negligible. This is further supported by an analysis 
of the relationship between NDVI, NDII and LAI using Moderate Resolu-
tion Imaging Spectroradiometer satellite observation data from global 
tree mortality sites (Supplementary Fig. 2g). The results indicate that 
the saturation points for NDVI and NDII occurred at approximately 
LAI = 3 m2 m−2. To further assess the impact of saturation on the assess-
ment of interannual trends, we compared the RTs of NDVI and NDII with 
the less saturation-prone enhanced vegetation index (EVI). Our analysis 
revealed a consistent lag in NDII recovery compared to EVI, while EVI 
showed a recovery pattern similar to NDVI (Supplementary Fig. 13). This 
finding also suggests that influence of saturation on interannual trends 
is limited, thereby reinforcing the reliability of our findings. Neverthe-
less, we have not overlooked the potential effects of saturation on the 
interannual variations of NDVI and NDII after tree mortality. It is crucial 
to recognize that the inherent differences between NDII and NDVI may 
also contribute to the observed lag in this study.

When considering stand dynamics, younger stands may show 
higher tree density and encounter more pronounced water stress 
compared to older stands34. The high density of young forests can 
promote rapid increases in vegetation cover over the land surface, 
leading to an accelerated recovery of NDVI. This acceleration is often 
associated with increased chlorophyll content in denser vegetation, 
thereby enhancing NDVI values79. On the contrary, young forests might 
also face elevated stress levels, resulting in a slower recovery of NDII. 
Influenced by factors such as water constraints, young forests could be 
more susceptible8, potentially causing a delayed recovery of NDII. The 
intense competition for water within high-density young forests can 
further impede NDII recovery, as trees in these dense stands compete 
for limited water resources80. Consequently, comprehending stand 
dynamics emerges as a crucial factor in elucidating the distinct recov-
ery patterns observed between NDVI and NDII datasets.

Climatic datasets
Climatic factors are fundamental determinants of vegetation recovery 
following drought81–83. Gridded data of the Standardized Precipita-
tion–Evapotranspiration Index (SPEI) were obtained from SPEIbase 
v.2.6 (https://digital.csic.es/handle/10261/202305) with a spatial reso-
lution of 0.5° and a monthly temporal resolution84. The SPEI dataset 
includes values for various timescales ranging from 1 to 48 months. 
In this study, we focused on the 12 month integrated SPEI data as an 
indicator of vegetation water stress, as these account for the time 
lag in the hydraulic failure and dieback of woody trees in response 
to drought stress85. To assess annual drought intensity associated 
with tree mortality, we calculated the average SPEI during the annual 
growing season. Monthly temperature and precipitation data were 
obtained from the Climatic Research Unit Time-Series version 4.06 
(ref. 86) with a spatial resolution of 0.5°, which is available at https://
data.ceda.ac.uk/badc/cru/data/cru_ts. We computed the annual tem-
perature by averaging the temperature values over a 12 month period 
and the annual precipitation by summing the precipitation values 
over 12 months. These calculations were performed for the years 1980 
to 2020. In addition, we derived the multi-year average temperature 

and precipitation patterns covering the period from 1980 to 2020. For 
each tree mortality event, we determined the average temperature and 
precipitation during the RT (that is, Tem in RT and Pre in RT). Finally, we 
obtained the SPEI, temperature and precipitation data for the specific 
locations of the tree mortality sites from the aforementioned climate 
datasets using ArcGIS 10.7.

Soil datasets
Soil properties influence vegetation recovery after drought events 
via regulating soil water content and nutrient availability87–89. Global 
maps of available water storage capacity, CEC, soil bulk density, soil 
clay content, soil sand content and soil pH were obtained from the 
Regridded Harmonized World Soil Database v1.2 (ref. 90) (https://daac.
ornl.gov/SOILS/guides/HWSD.html), with a spatial resolution of 0.05°. 
STN data, with a spatial resolution of 1 km, were downloaded from  
the International Soil Reference and Information Centre (ISRIC) World 
Soil Information91 (https://data.isric.org/). Soil information corres
ponding to the locations of the tree mortality sites was extracted 
from the gridded data using ArcGIS 10.7 based on their longitude  
and latitude.

Datasets of tree attributes
The physiological structure and function of trees, represented by 
attributes such as forest height, root depth, tree density, forest age and 
SLA, are crucial in determining their ability to recover from drought 
events92–94. Canopy height data were obtained from the Global Forest 
Canopy Height dataset by ref. 95 available at https://webmap.ornl.
gov/ogc/dataset.jsp?dg_id=10023_1. The global maximum rooting 
depth was acquired from the Global Earth Observation for Integrated 
Water Resource Assessment (Earth2Observe) dataset at https://doi.
org/10.6084/m9.figshare.12047241.v6. Tree density data were obtained 
from the global ground-based product by ref. 96 accessible at https://
elischolar.library.yale.edu/yale_fes_data/1/. Global forest age data 
were downloaded from the Data Portal of the Max Planck Institute 
for Biogeochemistry by ref. 97 available at https://doi.org/10.17871/
ForestAgeBGI.2021. Global map of SLA was downloaded from the TRY 
Plant Trait Database by ref. 98 accessible at https://www.try-db.org/. 
All these tree attribute datasets had a spatial resolution of 1 km and 
were extracted based on the locations of the tree mortality sites using 
ArcGIS 10.7. In addition, the forest biomes were classified as DBF, ENF 
and shrubland based on the European Space Agency/Climate Change 
Initiative Land Cover (http://maps.elie.ucl.ac.be/CCI/viewer/). The 
LAI data used in this study were obtained from the MOD15A2H.061 
product (https://lpdaac.usgs.gov/products/mod15a2hv061/), which 
is one of the most widely recognized global LAI datasets. This product 
provided the observed LAI values for each tree mortality site. While 
30 m resolution Landsat LAI data would have offered finer spatial 
detail, such a global dataset is currently unavailable. The Moderate 
Resolution Imaging Spectroradiometer-derived NDVI and NDII data 
were downloaded from the MOD13A1.061 product (https://lpdaac.
usgs.gov/products/mod13a1v061/).

Topographical datasets
Topographic factors, such as slope, aspect and elevation, generate 
spatial heterogeneity in landscapes, impacting the distribution and 
availability of water and heat resources. These factors are instrumen-
tal in shaping the patterns of post-drought recovery99–101. Elevation, 
slope and aspect data were obtained from the Shuttle Radar Topo
graphy Mission 30 m resolution digital elevation model102. To capture 
the local topographic characteristics around each tree mortality site, 
we calculated the average elevation, slope and aspect values within a 
3 × 3 pixel window and a 5 × 5 pixel window centred on each location. 
The calculations of these topographical factors were performed 
using the GEE platform, ensuring accurate and efficient processing 
of the data.
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Calculation of RT and mortality severity
In Supplementary Fig. 1, we illustrate the methodology used to analyse 
RT from tree mortality events. Following ref. 82, for each tree mortality 
event, we used the mean values of NDVI and NDII in three consecutive 
non-drought years (SPEI > −1) before the occurrence of tree mortality  
as base values (NDVIBV and NDIIBV). The year when NDVI and NDII 
reached their lowest values (NDVILV and NDIILV) during tree mortality 
years was identified as the starting point of recovery. RT for NDVI and 
NDII was defined as the duration (in years) required for them to recover 
to their base values (NDVIBV and NDIIBV) from the year corresponding 
to NDVILV and NDIILV, respectively. The magnitude of decrease in NDVI 
and NDII (NDVIDM and NDIIDM) during the tree mortality years, relative 
to the pre-mortality base values (NDVIBV and NDIIBV), was calculated as 
a measure of mortality severity using the following formulas:

NDVIDM = NDVIBV − NDVILV
NDVIBV

× 100% (3)

NDIIDM = NDIIBV − NDIILV
NDIIBV

× 100% (4)

Statistical analysis
A paired Student’s t-test was used to compare RT values between  
NDVI and NDII. Differences in RT between decades were evaluated 
using a one-way ANOVA. It is worth noting that suitable cut-off years 
were selected for different mortality decades to ensure meaningful 
comparisons (Supplementary Table 1). For instance, RT and unrecov-
ered percentage for mortality events in the 1980s were calculated using 
a cut-off year of 2010, while the cut-off year of 2020 was used for the 
1990s, ensuring both events had the same recovery period. Similarly, 
when comparing RT values between the 1990s and 2000s, 2010 was 
chosen as the cut-off year for mortality events in the 1990s, and 2020 
for the 2000s.

To explore the mechanisms underlying the observed variation 
in RT between NDVI and NDII, we used a combination of the XGBoost 
and SHAP models. XGBoost is a gradient tree boosting algorithm37, 
and SHAP is a method to explain machine learning model outputs and 
visualize relationships between dependent and driving factors38,39. 
Here SHAP was used to elucidate the complex relationships within 
the XGBoost model and translate them into interpretable rules. The 
relative importance of each variable was evaluated using the mean 
|SHAP| value. The analysis considered 19 independent variables (each 
with a variance inflation factor of <5 (ref. 103), indicating no multicol-
linearity) (Supplementary Tables 6 and 7), including mortality-severity 
indicator, four climate factors, five vegetation factors, six soil factors 
and three topographic factors. Tem in RT was calculated as (mean tem-
perature during RT − MAT) and Pre in RT as ((mean precipitation during 
RT − MAP)/MAP × 100%) to exclude collinearity with MAT and MAP, 
so that they indicated the temporal dynamics of climate specific to 
each site. The XGBoost and SHAP models showed strong performance 
(Supplementary Fig. 8) in simulating RT variations for both NDVI and 
NDII during the procedures of cross validation (70% of samples for 
training the model while the remaining 30% for test), making them 
suitable for exploring the major influencing factors of RT. In addition, 
to enable cross-site comparisons, we used temporally static values of 
independent variables at each site, including MAT, MAP, soil proper-
ties, forest height, root depth, tree density, forest age and SLA. This 
approach enabled us to examine how the dependent variable varied 
across gradients, such as climate, soil and vegetation gradients, of dif-
ferent independent variables. Consequently, all independent variables 
for a given site remained invariant (for example, MAT representing the 
long-term (1980–2020) average temperature of a site) to ensure the 
robustness of spatial analyses.

We conducted these analyses using NDVI and NDII values from 
a 3 × 3 pixel window and repeated them with a 5 × 5 pixel window to 

test the robustness of the results (Supplementary Fig. 7). To address 
spatial-scale mismatch and ensure reliability across resolutions, 
we performed two additional analyses: (1) data aggregation: When 
multiple mortality sites fell within the same 0.5° grid, we averaged  
their values and used the aggregated data in the machine learning 
model; (2) random sampling: If a 0.5° grid contained multiple sites, we 
randomly selected one site and used it in the model. We then re-ran the 
machine learning model for both approaches.

Reporting summary
Further information on research design is available in the Nature 
Portfolio Reporting Summary linked to this article.

Data availability
The tree mortality sites are available at https://www.tree-mortality.
net/globaltreemortalitydatabase/ (ref. 5), https://doi.org/10.3897/
oneeco.4.e37753 (ref. 57) and https://doi.org/10.1016/j.scito-
tenv.2021.151604 (ref. 58). These are summarized and available via 
figshare at https://doi.org/10.6084/m9.figshare.28375442 (ref. 104). 
The original NDVI and NDII data are available via figshare at https://
doi.org/10.6084/m9.figshare.28375529 (ref. 105). The climate, vegeta-
tion and soil data are available via figshare at https://doi.org/10.6084/
m9.figshare.28375550 (ref. 106). The world continental boundaries 
were sourced from the Environmental Systems Research Institute 
World Continents dataset at https://hub.arcgis.com/datasets/
esri::world-continents/about. The temperature and precipitation 
data can be retrieved from https://data.ceda.ac.uk/badc/cru/data/
cru_ts. The SPEI data are available at https://digital.csic.es/handle/ 
10261/202305. The available water storage capacity, CEC, soil bulk 
density, soil clay and soil pH data were downloaded from https://daac.
ornl.gov/SOILS/guides/HWSD.html. The STN can be obtained from 
https://data.isric.org/. The canopy height can be retrieved from https://
webmap.ornl.gov/ogc/dataset.jsp?dg_id=10023_1. The global maxi-
mum rooting depth was derived from the Global Earth Observation for 
Integrated Water Resource Assessment (Earth2Observe) dataset avail-
able via figshare at https://doi.org/10.6084/m9.figshare.12047241.v6 
(ref. 107). The tree density was derived from https://elischolar.library.
yale.edu/yale_fes_data/1/. The forest age data were downloaded from 
https://doi.org/10.17871/ForestAgeBGI.2021. The SLA data were down-
loaded from https://www.try-db.org/. The forest biomes were classi-
fied as DBF, ENF and shrubland based on the European Space Agency/
Climate Change Initiative Land Cover (http://maps.elie.ucl.ac.be/CCI/
viewer/). The LAI was obtained from MOD15A2H.061 (https://lpdaac.
usgs.gov/products/mod15a2hv061/).

Code availability
Java, MATLAB and Python Codes for the analysis of these data are  
available via GitHub at https://github.com/YCY-github-YCY/Forest  
(ref. 108). The Landsat-based NDVI and NDII, and digital elevation 
model (including elevation, slope and aspect) are calculated on GEE, 
which is available at https://code.earthengine.google.com/.
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