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Abstract

Sensitivity of forest mortality to drought in carbon-dense tropical forests remains
fraught with uncertainty, while extreme droughts are predicted to be more fre-
quent and intense. Here, the potential of temporal autocorrelation of high-frequency
variability in Landsat Enhanced Vegetation Index (EVI), an indicator of ecosystem
resilience, to predict spatial and temporal variations of forest biomass mortality is
evaluated against in situ census observations for 64 site-year combinations in Costa
Rican tropical dry forests during the 2015 ENSO drought. Temporal autocorrelation,
within the optimal moving window of 24 months, demonstrated robust predictive
power for in situ mortality (leave-one-out cross-validation R? = 0.54), which allows for
estimates of annual biomass mortality patterns at 30 m resolution. Subsequent spa-
tial analysis showed substantial fine-scale heterogeneity of forest mortality patterns,
largely driven by drought intensity and ecosystem properties related to plant water
use such as forest deciduousness and topography. Highly deciduous forest patches
demonstrated much lower mortality sensitivity to drought stress than less deciduous
forest patches after elevation was controlled. Our results highlight the potential of
high-resolution remote sensing to “fingerprint” forest mortality and the significant

role of ecosystem heterogeneity in forest biomass resistance to drought.
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1 | INTRODUCTION

Enhanced forest mortality driven by extreme drought can disturb
ecosystem structure (Allen et al., 2015) and leave sustained negative
effects on ecosystem functions (Rowland et al., 2015; Saatchi et al.,
2013). Forest ecosystems might become more vulnerable to drought
disturbances in future climate because many of them are experienc-
ing chronic increases in water stress (Ault, 2020), fueled by increas-
ing atmospheric water demand and intensifying extremes within
the hydrological cycles (McDowell et al., 2018). Thus, sensitivity of
forest mortality to water stress is becoming necessary for assessing
forest vulnerability to future hydroclimatic changes (Brando et al.,
2019; Feldpausch et al., 2016; McDowell et al., 2018, 2020; Young
et al., 2017), especially in the biodiverse and carbon-dense tropical
forests (Brando et al., 2019).

Despite an identified general positive drought-mortality relation
in tropical forests from field census data during the 2005 Amazon
drought (Phillips et al., 2010), the relation did not hold during the
subsequent 2010 drought (Feldpausch et al., 2016). Some of the
complexity in tropical forest mortality responses to drought might
arise from plant functional diversity (Aleixo et al., 2019; Powers et al.,
2020) and topography (Schwartz et al., 2019; Zuleta et al., 2017),
which might vary at rather fine spatial scales. However, limited spa-
tial coverage of tropical field plots and relatively infrequent census
interval (e.g., 5 years) compared with the timescale of drought im-
pacts (1-2 years) prohibit robust analyses on these biotic and abiotic
determinants on the drought-mortality relation. In fact, quantifica-
tion of drought-driven forest mortality and its spatial variability at
fine scale has been and continues to be a daunting task (Anderegg
et al., 2013; Hartmann et al., 2015).

Increasing availability and accessibility of remote sensing prod-
ucts provide new opportunities to fill in the data and knowledge
gaps in tropical forest mortality. Microwave remote sensing, Light
Detection and Ranging (LiDAR), and Synthetic Aperture Radar (SAR)
are widely used to infer changes in aboveground forest biomass (Fan
et al., 2019; Saatchi et al., 2013; Wigneron et al., 2020; Yang et al.,
2018) but these available products are too coarse or data limited
to quantify variations in drought-mortality relations. On the other
hand, high-resolution remote sensing products mostly available
from visible and near-infrared bands reflect regional ecosystem
dynamics at similar spatial scales (tens of meters) as field observa-
tions and thus have potential to monitor spatial variations in for-
est mortality. Although these optical remote sensing data cannot
be directly linked to biomass as LiDAR or microwave observations
and can suffer from limited penetration depth and frequent cloud
cover over tropical forests, they provide surrogate information for
vegetation dynamics at the canopy top, which likely dominate forest

biomass loss during drought (Bennett et al., 2015). However, few
efforts (Anderegg et al., 2019; Baccini et al., 2017) integrate them
to assess forest mortality or biomass changes in tropical forest and
none of them assessed the determinants of spatial heterogeneity in
drought-mortality relations.

In addition to analyzing the anomaly and trends in remote sens-
ing signals (Rogers et al., 2018), quantifying drought-driven forest
mortality from remote sensing observations can benefit from the
theory of critical transition in complex systems (Scheffer et al., 2012;
Strogatz, 2018). Under water stress, plants usually experience re-
duced resilience due to compromised ecophysiology such as stoma-
tal closure, leaf shedding, and hydraulic failure. At the ecosystem
level, individual-level stress can manifest as reduced ecosystem re-
silience defined as slower recovery of ecosystem states from per-
turbations. Reduced resilience indicates that ecosystem is moving
toward the point of critical slowing down (Scheffer et al., 2012)
that can lead to abrupt transition to an alternative stable state (e.g.,
from forest to savanna ecosystems) (Hirota et al., 2011; Staver et al.,
2011). The degree of reduced resilience can be quantified using lag-1
temporal autocorrelation of ecosystem states after removing low-
frequency variability (Verbesselt et al., 2016) because ecosystem
state correlates more with its previous state under lower recovery
rate. Therefore, the autocorrelation of remotely sensed vegetation
index is able to provide early warning signals of ecosystem tipping
point such as forest dieback (Liu et al., 2019). However, it remains
unclear whether ecosystem resilience based on autocorrelation in
vegetation index can quantitatively reflect the magnitude of ecosys-
tem changes before tipping points such as partial forest biomass loss
in tropical forests during droughts.

In 2015, an extreme El Nifio-Southern Oscillation (ENSO) asso-
ciated drought hit global tropical ecosystems (Castro et al., 2018;
Cooley et al.,, 2019; Liu et al., 2017). In the hard-stricken tropical dry
forests in northwest Costa Rica with more than 30% reduction in
annual rainfall (Figure S1), long-term annual forest inventory census
records suggested that the average plot-level mortality in 2015 (6%)
was elevated relative to background mortality (3%) (Powers et al.,
2020). These observations provide a unique opportunity to bridge
remotely sensed ecosystem resilience and forest mortality because
the scale of the field plots (1000 m?) is commensurate to Landsat
satellite products (~900 m?). The resulting estimates of fine-scale
spatial variations in forest mortality can also enhance our under-
standing in the drivers of forest mortality heterogeneity under ex-
treme droughts.

Here, we aim to first evaluate the hypothesis that lag-1 au-
tocorrelation of high-frequency variability in Landsat Enhanced
Vegetation Index (EVI) can predict in situ forest biomass mortality
over Costa Rican tropical dry forests. Subsequently, we investi-
gate the sources of fine-scale heterogeneity in drought-mortality
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relations revealed from the 30 m resolution EVI data. Specifically,
we hypothesize that biotic factors such as forest deciduousness and
abiotic factors such as topography, which all influence plant water
use, are dominant drivers of mortality heterogeneity aside from
drought intensity.

2 | MATERIALS AND METHODS

2.1 | Field observations

We used 64 in situ census observations from sixteen 0.1 ha long-
term forest plots in Costa Rica covering the drought period from
2014 to 2017 (Table S1). The plots are representative of forest het-
erogeneity and topography across low land dry forests in northwest
Costa Rica (Table S2). All trees with diameter at breast height (DBH)
larger than 10 cm were censused annually at the end of wet season
(Powers et al., 2020). An allometric biomass model is used to esti-
mate aboveground biomass from observed DBH and wood-specific
gravity (van Breugel et al., 2011). We assessed relative forest mortal-
ity using proportional loss of aboveground forest biomass (AGB) as
the difference between log (AGB,_,) and log (AGB,) where t repre-
sents any given year in the study period.

2.2 | Landsat EVIresidual autocorrelation

To establish the relation between the remote sensing vegetation
index and field plots, we used 30 m resolution monthly Landsat
EVI for Costa Rica from Google Earth Engine. Here, EVI time se-
ries is based on the USGS Landsat 7 surface reflectance tier 1
product from 1999 to 2019 and Landsat 8 surface reflectance
tier 1 product from 2013 to 2019. Data quality control was ap-
plied by removing the observations affected by cloud and cloud
shadow. Monthly EVI was then produced via the maximum value
composite method with more than one observation in a month.
Because overlapped measurements from Landsat 7 and Landsat 8
are significantly correlated (correlation coefficient R = 0.9 among
the field plots), we combined EVI time series of Landsat 7 and
Landsat 8 by correcting the system bias between the two sensors
using linear regression.

EVI represents the greenness of forest canopy, which is the
composite of forest structure (maximum canopy green area) and
phenology (fullness of canopy cover). In the tropical dry forests in
Costa Rica, EVI displays strong seasonality and is highly correlated
with precipitation based on ground meteorological stations in pre-
drought years during 1999 and 2014 (mean R? = 0.72 across the
field sites). Such recurring longer-term variation must be removed
to infer the ecosystem resilience through lag-1 autocorrelation (Liu
et al., 2019; Verbesselt et al., 2016). Therefore, we decomposed the
seasonal and inter-annual variations in EVI as follows:

log, (EVI,) = log, (EVIo) +b><|oge( Y P) +en "

oo, MOEMIE

where EVI, denotes raw monthly EVI values at monthly time t, EVI,
represents a reference EVI value for the forest patch, Y P, rep-
resents the 3-month cumulative rainfall from month t-2 to month
t, b is the phenological sensitivity of EVI to rainfall variations, and
g, is the residual term that incorporates forest structural changes
and other noise not accounted for by Equation 1. Three-month cu-
mulative rainfall was used because it has the best correlation with
EVI. The two unknown parameters EVI, and b were estimated by
regressing EVI against ) P, using observations during pre-drought
years (1999-2014). We then removed seasonal and inter-annual
variations in EVI using the relation with Y P, for all years including
the 2015 ENSO drought years and obtained time series of ¢, that
represent high-frequency variability of EVI (see an example from
one field site in Figure 1a). Here, log-transformed EVI are used so
that the changes in residual (e,) can be directly linked to the relative
forest mortality. Using EVI residual without log-transformation led
to qualitatively similar results yet reduced predictive performance
in the subsequent analyses. Therefore, only log-transformed results
are reported.

Finally, we treated the magnitude of EVI residual autocorrelation
(without filling the missing observations) as a predictor for forest
biomass mortality and tested our first hypothesis by evaluating the
relation between ¢, autocorrelation and in situ forest biomass mor-
tality across space and time. In accordance with the annual census
data, we used the mean value of ¢, autocorrelation of 12 consecutive
months corresponding to each observation year. We explored how
the selection of the rolling temporal window influences the relation
by evaluating the Pearson correlation coefficient across different
moving windows (12-36 months) and lags (12 months in advance to
12 months later). In addition, we also compared the predictive per-
formance of ¢, autocorrelation with the performance of two addi-
tional traditional metrics: EVI residual trend and EVI residual mean.
Based on our method, EVI residual mean incorporates forest struc-
tural changes and other noise; and EVI residual trend is considered
as the trend of forest structural changes. Here, EVI residual mean
and EVl residual trend are supposed to be negatively correlated with

forest mortality rates.

2.3 | Estimation of regional forest mortality and its
determinants

Before estimating the spatial patterns of forest mortality, we per-
formed three types of cross-validation based on datasets from
original and six additional forest census plots from other group (i.e.,
TROPI-DRY) (Calvo-Rodriguez et al., 2021; Hilje et al., 2015) to tes-
tify the robustness of the optimal relation between EVI autocorrela-
tion and forest mortality. Then, based on the best relation at plot
level, we generated the spatial map of forest biomass mortality from
Landsat EVI residuals autocorrelation during 2014-2017. To remove
regular seasonal and inter-annual variability in EVI due to water avail-
ability in the same way as our plot-level analysis, we used a quasi-
global (50°S-50°N) monthly precipitation dataset, Climate Hazards
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FIGURE 1 Example of EVIresidual autocorrelation. The Landsat EVI time series represent one field site in Sector Santa Rosa with high
biomass mortality during the 2015 drought. (a) EVI residual (red bar) time series in upper subplot and lag-1 residual autocorrelation of
24-month moving windows (gray bars) in lower subplot. Here, EVI residual time series is calculated by removing the long-term phenological
responses of EVI to precipitation. EVI residual time series, after removing the seasonality (see Figure S8 for raw time series), mainly
incorporates information on forest structural changes. (b) Linear regression between EVI residual (t-1) and EVI residual (t) for pre-drought
(2010-2014), drought (2015-2016) and post-drought (2017-2019) periods. Higher regression slope and R during drought period imply that
the forest ecosystem became less resilient and much more dependent on its previous time state. (c) Relations between EVI residual and

its change rate for pre-drought, drought, and post-drought periods. Each color solid line shows a third-order nonlinear dynamical model (a
general form for quantifying system resilience, see Figure S9 for details) fitted with observed EVI residuals across the 16 sites. The black dot
is a stable point at EVI residual = 0, which represents an equilibrium of the forest ecosystem. Grey dotted line represents the theoretical
dynamics when ecosystem state reaches critical slowing down (f(x) = -x%) and the recovery rate becomes much slower. Grey dotted

arrows show the ecosystem moved toward the critical slowing down during the extreme drought. (d) Relations between EVI residual and
its potential, defined as the negative integral of f(x), for pre-drought, drought, and post-drought. The basin of attraction become shallower
during drought compared with the pre-drought, which indicates reduced ecosystem resilience associated with decreased recovery rate and
increased autocorrelation. Grey balls and corresponding dotted arrows illustrate the recovery rates under normal and drought conditions
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Group InfraRed Precipitation with Station data (CHIRPS), which has
high spatial resolution (0.05°), covers 1981 to near-present (Funk
et al., 2015) and shows high correlation with ground-based precipi-
tation across our sites (Figure S2).

To explore the environmental drivers of spatial patterns of for-
est biomass mortality in response to the ENSO drought event, we
used topography datasets (elevation, aspect, slope, and topographic
wetness index) based on the Shuttle Radar Topography Mission
(SRTM) digital elevation data (Farr et al., 2007) with spatial res-
olution of 30 m area used as environmental drivers as well. Here,
the aspect and slope were derived from Google Earth Engine, and
topographic wetness index was derived via ArcMAP 10.2 based on
elevation data. In addition, CHIRPS precipitation was used to calcu-
late monthly cumulative water deficit (CWD), an indicator of drought
stress (Phillips et al., 2010), by assuming an average potential evapo-
transpiration of 75 mm per month estimated from a process-based
terrestrial biosphere model (Xu et al., 2016). CWD rather than vapor
pressure deficit (VPD), an indicator for atmospheric drought stress
on vegetation (Grossiord et al., 2020), was used because data quality
of VPD is low in tropical forests due to scarce ground-based mea-
surements (Abatzoglou et al., 2018) and VPD, rainfall, and CWD
are usually highly correlated during extreme droughts like the 2015
ENSO drought at monthly scale.

To avoid spurious signals in autocorrelation, we excluded grids
with relative precipitation reduction in 2015 <30% (Figure S1), for-
est cover <50% (Figure S3c), crop cover >10% (Figure S3d), or total
valid EVI observations <50 (Figure S4). Furthermore, we also per-
formed sensitivity analyses for the threshold settings in results. We
used the forest cover dataset from Copernicus Global Land Cover
Layers with spatial resolution of 100 m (CGLS-LC100V2). To match
the geographic location of Landsat EVI, we resampled all other data-
sets to spatial resolution of 30 m using a nearest neighbor method.

Because our analysis relates EVI residual autocorrelation with
relative biomass mortality, we further estimated the spatial patterns
of absolute aboveground biomass loss in 2015 based on the Global
Forest Watch aboveground biomass product (https://data.globa
Iforestwatch.org/). This data product provides a global map of AGB
with a spatial resolution of 30 m, and the biomass map matches with
in situ observed pre-drought AGB (Figure S5).

To evaluate our second hypothesis on the determinants of for-
est mortality heterogeneity, we first assessed the sensitivity of
forest mortality to annual average CWD anomaly (Figure S6). We
performed linear weighted regression analysis (Phillips et al., 2010)
using the estimated annual forest mortality across valid grid cells
during 2014-2017 in each 5 mm interval of annual average CWD
anomaly from =100 mm to O mm. We further compared regression
results from subsets of grid cell with different forest deciduousness
and elevation (Figures S3 and S7), two major factors influencing
ecosystem water use and stress in our study region. Here, decidu-
ousness is calculated as the ratio between the average seasonal EVI
amplitude (EVI_,, - EVI

Aside from deciduousness and elevation, other environmental

min) @nd the maximum EVI.

drivers (e.g., slope, aspect, maximum greenness, forest cover, and

ST v -

topographic wetness index) may also contribute to the heteroge-
neous patterns. Therefore, we investigated the determinants of
spatial heterogeneity in forest mortality during 2014-2017 when
the meteorological drought hit the study region homogeneously and
their potentially nonlinear effects using boosted regression trees
(BRT). The BRT method combines the advantages of regression trees
and boosting and can establish robust relations between dependent
and independent variables without any a priori assumptions (Elith
et al., 2008). In this analysis, we include deciduousness (Figure S3a),
maximum EVI (Figure S3b), forest cover (Figure S3c), CWD anomaly
(Figure S6), elevation (Figure S7a), aspect (Figure S7b), slope (Figure
S7c), and topographic wetness index (Figure S7d). In addition to a
BRT analysis over all valid grid cells across our whole study region,
we also applied the BRT on local windows of 900 m by 900 m to
examine potential local variations in the relative importance of the
environmental determinants. For the local BRT analysis, CWD was
excluded because the rainfall dataset is too coarse to characterize
heterogeneity at such scale. We extracted the cross-validation per-
formance, variable importance, and partial dependence of each vari-

able for all BRT analyses.

3 | RESULTS

3.1 | Relation between EVI autocorrelation and
forest mortality

The lag-1 autocorrelation of EVI residual () within a given rolling
time window was calculated to infer whether it is increasing during
drought period. As an example, ¢, autocorrelation within 24 months
moving window before the current month increased during the 2015
ENSO drought at one of the field sites in Sector Santa Rosa of Costa
Rica (Figure 1a, Figure $8), where high mortality rate (Site 4,0.39 yr™*
in 2015 and 0.61 yr'! in 2016, Table S1) was observed. Such auto-
correlation increases indicated reduced ecosystem resilience and
corresponded to enhance dependence of EVI high-frequency vari-
ability on its previous state as demonstrated by the changes in linear
regression slopes between ¢, and ¢,_, for pre-drought, drought, and
post-drought periods (Figure 1b). Across all forest plots considered,
the recovery rate of EVI residual under a given EVI residual anomaly
(i.e., a perturbation) became lower during the drought compared
with both pre-drought and post-drought periods (Figure 1c) and
its corresponding basin of attraction became shallower (Figure 1d).
These changes in EVI dynamics suggest that increases in EVI re-
sidual autocorrelation indeed reflected the predisposition of critical
slowing down (Liu et al., 2019; Scheffer et al., 2009; Strogatz, 2018)
over the forest plots during the drought (see Figure S9 for details of
the nonlinear dynamical model).

We then applied the methods to all 16 census plots around
the drought period (2014-2017). The correlation between EVI
residual autocorrelation and 64 in situ forest mortality observa-
tions generally increased with the length of moving window be-
fore reaching ~24 months (Figure 2a). The correlation was weaker
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explained 65% of the observed forest mortality spatiotemporal variations. Each dot represents mortality of in situ records (16 plots from
2014 to 2017) and the color of the dot represents observation year. The 2 years with peak mortality (2015 and 2016) are labeled with
orange and red, respectively. The inset shows the leave-one-out cross-validation for the optimal relation. Other two types of cross validation
based on datasets from original and additional annual forest census plots are performed to further testify the robustness of the optimal

relation (see Figures $15-517)

for moving windows with negative time lags (i.e., only using EVI
advancing observed forest mortality events), whereas the correla-
tion increased for moving windows with positive lags (i.e., using
EVI including observed forest mortality events). We found the
optimal moving window (R = 0.61) has a length of 24 months and
time lag of +12 months (Figure 2a), which incorporates EVI ob-
servations from the drought year as well as the year before and
year after.

After fitting a power law model, the residual autocorrelation
explained 65% of the observed forest mortality spatiotemporal
variations across 16 field sites (Figure 2b). The relation was highly
nonlinear with forest mortality markedly increasing when auto-
correlation exceeds 0.4, which suggests that the forest's resilience
may move close to the point of critical slowing down (Scheffer
et al., 2012). The relation remained robust but has a lower R? value
of 0.61 if we used EVI residual in linear space (Figure S10). For the
other two metrics, including EVI residual trend and annual mean
EVI residual, there were no statistically significant relations with
in situ mortality (Figures S11 and S12). In addition, we performed
similar analyses with two additional vegetation indices (normalized
difference vegetation index, NDVI and near-infrared reflectance of
vegetation, NIRV); however, the optimal relations are much weaker
than the relation with EVI (Figures $S13 and S14). Thus, EVI residual

autocorrelation is used as the optimal choice for generating forest
mortality map at the regional scale.

To further testify the robustness of the optimal relationship
between EVI autocorrelation and forest mortality, we performed
three types of cross-validation based on datasets from original and
new annual forest census plots. First, we conducted leave-one-out
cross-validation using the original dataset under the optimal tempo-
ral window (Figure 2b). Results suggested that the cross-validation
relationship is robust (R? = 0.54, RMSE = 0.07). Second, we validated
the relationship with 24 additional in situ census observations across
six additional 0.1 ha census plots in Costa Rica from TROPI-DRY
plots (Calvo-Rodriguez et al., 2021; Hilje et al., 2015). Results sug-
gested that the mortality-resilience relationship generated from our
original dataset can also capture the observed mortality (R? = 0.51,
RMSE = 0.03) during the drought period of the new sites (Figure
S15). Third, we evaluate whether the relationship between forest
mortality and remotely sensed resilience can be extrapolated spa-
tially by subdividing our datasets to Sector Santa Rosa (Northwest)
and Palo Verde (Southwest) (Ploton et al., 2020), which are ~70 km
apart and have different soil characteristics and vegetation compo-
sition (Powers et al., 2009). We calibrated the relationship using data
from Sector Santa Rosa, which was then contrasted with data from
Palo Verde (Figure S16). Results suggested that the relationship is
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still robust (R? = 0.47, RMSE = 0.03). However, when we built the
relationship using datasets from Palo Verde and validated with data-
sets from Sector Santa Rosa (Figure 517), the relation was still strong
but systematically underestimate the forest mortality in Santa Rosa
(R?=0.52, RMSE = 0.09) because the lack of high mortality observa-
tions in Palo Verde (max mortality 0.11 compared with max mortality
0.61 in Santa Rosa) left the mortality-resilience relationship uncon-
strained at the higher end. Our results suggest that spatial extrapo-
lation should be robust as long as the training dataset incorporates a

wide range of forest mortality rates, at least over Costa Rica.

3.2 | Regional forest mortality patterns

Based on the best relations between residual autocorrelation and
field forest mortality (Figure 2b), we generated relative forest
mortality maps for northwestern Costa Rica from 2014 to 2017
at 30 m resolution (Figure 3a). In 2015, the peak of drought, 69%
of the forested area (forest cover >50%) displayed mortality rates
lower than 0.03 yr', and 15% experienced relative biomass mor-
tality rates greater than 0.1 yr'i. The highest forest mortality rates
occurred at Sector Santa Rosa in the northern part of our study
region, with values close to 0.2 yr'l. We find that forest biomass
mortality was generally higher but more variable across space in
mountainous regions (e.g., 0.06 + 0.12 yr'1 in regions with elevation
>500 m) than lowland forests (e.g., 0.04 + 0.09 yr'! in regions with
elevation <100 m) (Figure 3a). Combining the aboveground biomass
map from the Global Forest Watch dataset, we estimated the total
aboveground biomass loss in 2015 to be about 1.4 Tg (~0.9 kg m™)
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in northwestern Costa Rican dry forests (Figure 3b), which is about
5.3% of the total aboveground biomass in our study region. The spa-
tial variation in aboveground biomass loss largely follows the pattern
of forest mortality.

The mean value of forest mortality across all forested areas in
the study region peaked in 2015 and 2016 (0.05 yr ), compared with
the mortality rates before (0.03 yr' in 2014) and after the drought
(0.04 yr't in 2017) (Figure 3a). Magnitudes of the regional mean for-
est mortality are insensitive to the threshold settings for forest cover
and valid EVI observations (Figure $18). The interannual variation in
mortality was much higher at the hard-stricken Sector Santa Rosa
(inset in Figure 3a). In this 0.1°-by-0.1° area, background mortality
before the drought was ~0.01 yr !, which increased to 0.11 yr'* and
0.08 yrt in 2015 and 2016. In 2017, mortality declined to 0.04 yr?,
which is still higher than (p < .05) pre-drought values, suggesting
some legacy effects of the drought impact.

3.3 | Drivers of fine-scale heterogeneity in
forest mortality

To test whether topography and deciduousness regulate mortal-
ity sensitivity to drought, we first investigated the forest mortality
sensitivity to cumulative water deficit (CWD) anomaly for forest
patches at different elevations (Figure 4a, b). The regression slope
between mortality and CWD is -0.0003 yr* mm™ for low elevation
(<300 m) forests, which is more negative than the slope for high ele-
vation (-0.0002 yr* mm™, >300 m) while the regression intercept is
larger for higher elevation forests (0.04 yrtvs. 0.02 yr'Y). This result
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FIGURE 3 Heterogeneity in forest mortality and aboveground biomass loss at 30 m resolution in northwestern Costa Rica in 2015. (a)
Forest mortality in Costa Rica in 2015. The lower left inset demonstrates the mean values of forest mortality during 2014 and 2017 for

the whole regions, and the lower right demonstrates for the inset map of the focal in region at Sector Santa Rosa. (b) Forest aboveground
biomass loss in Costa Rica in 2015 based on biomass map from Global Forest Watch. Black triangles represent 16 field plots at Sector Santa
Rosa (northern sites, number = 10) and at Palo Verde National Park (southern sites, number = 6). The upper right insets are zoom-in maps

(0.1°-by-0.1°) of the heterogeneous patterns in Sector Santa Rosa
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for medium deciduousness, and y = 5.53%9e-05*x + 2.964e-02, R? = 0.03 for high deciduousness

suggests that forest mortality is more sensitive to drought stress
(i.e., regression slope to CWD) in lower elevation forest, despite a
lower baseline mortality rate under no water stress.

The evaluation of the deciduousness effect has beenrare because
of the lack of high-resolution mortality data across a deciduousness
gradient under the same drought. Based on the high-resolution
mortality maps and forest deciduousness derived from average EVI
seasonal amplitude, we examined sub-groups of forest patches with

different degrees of deciduousness for both low elevation and high
elevation (Figure 4c, d). At low elevation, linear weighted regressions
revealed that forest patches with low deciduousness (<0.4) is more
sensitive to drought stress (-0.0005 yr * mm™?) than with high decid-
uousness (>0.6, -0.0002 yr'1 mm'l). By contrast, at high elevation,
forest patches with low deciduousness still show relative high sen-
sitivity to drought stress (-0.0003 yr'* mm™), while forest patches
with medium and high deciduousness are insensitive to water stress
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(or CWD). Overall, the results indicated that highly deciduous for-
est patches have much lower mortality sensitivity in response to
drought stress compared with evergreen forest patches regardless
of elevation.

When all 5.3 million forested 30 m grid cells in the study re-
gion during 2014-2017 were included, the BRT model to explain
the variation of forest biomass mortality yielded a cross-validation
correlation of 0.5. As expected, drought intensity, represented by
CWD anomaly, was the most important variable that controls spatial
variations in mortality (Figure 5) with a relative importance score of
58%. The BRT results further suggested that forest mortality only
increased by 0.01 yr'! on average when CWD anomaly decreased
from O mm to -70 mm, whereas forest mortality showed a much
higher increase of 0.03 yr™ from =70 mm to =90 mm (Figure 5a). The
nonlinear sensitivity implies that =70 mm of CWD anomaly may be
close to mortality threshold in tropical dry forests.

Consistent with our linear regression analyses (Figure 4), decid-
uousness and elevation were major determinants of forest mortality
responses following water stress, with relative importance values
of 17.9% and 10.6%, respectively. More evergreen forest patches
(deciduousness <0.4) could experience 0.03 yr'1 higher mortality

than more deciduous forest patches (deciduousness >0.7) if other

oo, MM

conditions are the same (Figure 5b). Meanwhile, the sensitivity of
mortality to elevation was relatively small. Mortality only increases
by ~0.01 yr’1 from sea level to 600 m (Figure 5c). Aside from these
two drivers, mortality could increase by 0.01 yr* for forest patches
with very high maximum EVI (>0.65) and increase by 0.03 yr™* for
forest patches on steep slopes (Figure 5d). Forest mortality is rela-
tively insensitive to other factors considered in the analyses, includ-

ing aspect, forest cover, and topographic wetness index.

4 | DISCUSSION
4.1 | Predict forest biomass mortality from
reduced ecosystem resilience

Separating forest ecosystem productivity and mortality from re-
mote sensing has been challenging (Mitchard, 2018). The analysis
here extends previous explorations in estimating mortality using
high-resolution vegetation index (Anderegg et al., 2019; Huang &
Anderegg, 2012; Liu et al., 2019; Rogers et al., 2018) and demon-
strates that lag-1 temporal autocorrelation of high-frequency vari-

ability in Landsat EVI can be a predictor for forest biomass mortality
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over tropical dry forests. However, we did not find strong early
warning signals before forest mortality events during the 2015
ENSO drought given the relation between annual mean autocorrela-
tion and in situ mortality rates was much worse when using a rolling
time window preceding the observed mortality events (yellow re-
gions in Figure 2a). By contrast, previous studies found early warning
signals in 1.5 years ahead forest mortality for Californian forests (Liu
et al., 2019), 5 years for Amazon lowland forests (Anderegg et al.,
2019), and even more than 10 years for boreal forests (Rogers et al.,
2018). The lack of early warning signals is not entirely surprising be-
cause the 2015 ENSO drought in Costa Rica was a relatively acute
event. Trees likely received intense drought stress that led to mass
mortality within a short period of time. Thus, the early warning sig-
nals might appear in just several months or weeks ahead of mortal-
ity, which cannot be detected using monthly remote sensing data
and annual census. To detect early warning signals of forest mortal-
ity at monthly scales, high temporal resolution remote sensing (e.g.,
daily) coupled with frequent sub-annual censuses on field plots is
required.

The identified optimal time window to quantify mortality rates
using EVI autocorrelation suggests that 24 months can provide
enough qualified data to characterize tropical forest responses to
drought extremes. More interestingly, including EVI during and/
or after the major drought impacts (positive time lags in Figure 2a)
can greatly improve the relation between EVI autocorrelation and
in situ mortality rates. This finding suggests that the recovery tra-
jectory after the immediate drought impact (Schwalm et al., 2017;
Yang et al., 2021) can enable quantifying the severity of the im-
pact such as biomass mortality rates. A plausible explanation is
that forests that experienced higher mortality can show more con-
sistent post-drought recovery in leaf area, which increases ecosys-
tem memory of previous state and thus temporal autocorrelation.
Nevertheless, we expect the optimal time windows to predict
forest mortality might vary across space and time because the
time scale of the forest mortality responses and the subsequent
recovery can change from a few months to decades, influenced by
intrinsic forest resilience (Verbesselt et al., 2016), drought prop-
erties (e.g., chronic and episodic drought) (Allen et al., 2017), and
local environment.

Overall, the results here provide evidence that high spatial res-
olution EVI time series can bridge plot to regional scales and offer
diagnostics on tropical forest mortality. Particularly, we showed
that the temporal autocorrelation of high-frequency EVI variabil-
ity provided more robust predictive performance than anomaly
or trends, which might be more susceptible to noise and data
availability. This novel approach is based on reduced resilience
of plants under external stress and might help to constrain forest
mortality from stressors other than droughts that influence plant
resilience such as insect attack (Anderegg et al., 2015; Raffa et al.,
2008). However, it may be difficult to link the ecosystem resilience
to forest mortality induced by acute disturbances such as fire and
hurricane because forest system usually moves across the tipping
point in a short time.

4.2 | Ecosystem heterogeneity drives forest
mortality responses to drought

The integration of Landsat EVI and in situ mortality in our study
provided an unprecedented high-resolution map of forest drought
mortality for Costa Rican tropical dry forests. The relation still held
robust when we used absolute forest biomass loss defined as the
difference between AGB,_, and AGB, (Figure S19a), which can be
used to directly estimate the absolute forest biomass mortality. This
alternative method estimates the total absolute forest biomass loss
in 2015 is 1.02 Tg (Figure S19b). This loss is comparable to the es-
timates based on relative forest mortality and Global Forest Watch
AGB (1.38 Tg, Figure 3b).

Furthermore, we also found the patterns of residual autocorrela-
tion and biomass loss in drought years are similar with Landsat when
using EVI from the MOD13Q1 product with moderate resolution
(Figure S20). Across our study region, the mean forest mortality in
2015 derived from MODIS EVI (0.04 yr'Y) is smaller than that de-
rived from Landsat (0.05 yr'l) (Figure S20), which may be induced
by neutralization of the heterogeneity when using coarse resolution
dataset. These findings demonstrate that MODIS EVI is also capa-
ble of identifying the changes of ecosystem resilience in response
to extreme drought. Therefore, the resilience signals from different
remote sensing platforms are robust, and in future studies, MODIS
EVI time series may be useful to extend as auxiliary data for explor-
ing the forest resilience and mortality on continental scale. The con-
sistency also provides additional support for the robustness of the
estimated regional forest mortality patterns.

These new data revealed large heterogeneity in forest mortality
even for adjacent forest patches at 30-m spatial scale (Figure 3a).
Previous modeling studies have suggested the role of ecosystem
heterogeneity in determining tropical forest responses to water
stress (Levine et al., 2016; Longo et al., 2018); however, ecosystem
models usually simulated at a very coarse grid scale (1°-by-1°), which
ignored the fine-scale variations of forest mortality in the real world.
The spatial analysis here provides novel observational evidence that
ecosystem heterogeneity, in particular variations in ecosystem de-
ciduousness that result from complex interactions of climate, sail,
disturbance history, and plant community composition, regulate
fine-scale variations in forest mortality. The maps of mortality can
also be used to benchmark the carbon cycle models for tropical
forests.

Multiple ecophysiological pathways might underlie the revealed
biotic regulation of mortality responses to drought. First, ecosys-
tems with low deciduousness need to maintain more leaf area and
have higher water demand, thus exacerbating drought stress under
water deficit (Schwartz et al., 2019). In addition, biotic disturbances
(insect and fungal attack) associated with drought could have dis-
proportionately affected abundant evergreen species (e.g., Quercus
oleoides) in the study region (Powers et al., 2020). Indeed, when we
applied the BRT analysis over spatially moving windows (Figure S21),
the results showed that the importance of deciduousness peaked in
the northern part, which overlaps with the distribution of Quercus
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oleoides in the study region. Disentangling the effects of direct water
stress and secondary biotic agents on forest mortality remains a
recalcitrant issue. However, deciduousness derived from remote
sensing products can serve as ecosystem-scale traits for drought re-
sistance in tropical dry forests in a similar way as hydraulic traits re-
lated with species-level vulnerability to drought (Choat et al., 2018;
Powers et al., 2020).

Topographical heterogeneity also modulated spatial variations in
drought-induced forest mortality. The effects of elevation and slope
(Figure 5c, d) are not due to topographical effects on local hydrology
because topographic wetness index was also included in the model and
had little effects (Figure 5h). We expect forests at higher elevations to
show larger mortality responses to high temperature and low moisture
during the ENSO droughts because trees at higher elevations are more
adapted to lower temperature and vapor pressure deficit (Anderegg
& HilleRisLambers, 2016; Fadrique et al., 2018). However, our results
show that the mortality sensitivity to drought stress became lower at
higher elevation due to increases in baseline forest mortality under
no drought stress (Figure 4). It is likely because key soil parameters
and vegetation structure change along with elevation (e.g., soil depth
decreases, tree density increases) that could enhance baseline forest
mortality (Hulshof et al., 2020; Lugo & Scatena, 1996). Because the
field sites used are mainly established at relative low elevation (Table
S2) and forest mortality observations at high elevation are lacking, a
more mechanistic understanding of the elevation effects on drought-
driven mortality requires long-term forest census or control experi-

ments along elevation gradients, especially for high land forests.

4.3 | Opportunities and challenges for
understanding ecosystem resilience

Temporal autocorrelation of high-frequency variability in Landsat
EVI closely associated with ecosystem resilience is the most robust
metric for forest mortality. The enhanced data availability on forest
biomass mortality rates reveals the role of ecosystem heterogeneity
in determining mortality sensitivity to drought in the study regions,
calling for consideration of these environmental factors when as-
sessing the vulnerability of tropical forest ecosystems. Rapid devel-
opment of commercial (e.g., Planet Inc.) and open access (Landsat
and Sentinel) high spatial and temporal resolution remote sensing
products provide a new era and opportunity for patterns and mech-
anisms of tree mortality in response to environmental variability,
complementing other efforts to monitor forest biomass changes
such as GEDI (Global Ecosystem Dynamics Investigation) (Dubayah
et al., 2020). Fine-scale forest mortality maps based on remote
sensing, together with long-term field plot networks (Brienen et al.,
2015; Hubau et al., 2020), can offer a new perspective on forest
resistance under extreme drought and constrain mortality modules
in terrestrial biosphere models (Bugmann et al., 2019).

Meanwhile, application of the method in a variety of biomes
other than tropical dry forests (e.g., tropical rain forests, temperate
forests, and boreal forests) needs additional evaluation and the best
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approach for assimilation of diverse remote sensing products across
different temporal and spatial scales remains unclear. Overcoming
these challenges ultimately requires compilation of more annual
census plots at regional or global scale. Coupling field forest drought
experiments with ground or satellite remote sensing would be par-
ticularly useful to further understand the relations among biomass

loss and ecosystem resilience.
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