
Environ. Res. Lett. 20 (2025) 054024 https://doi.org/10.1088/1748-9326/adc58c

OPEN ACCESS

RECEIVED

31 January 2025

REVISED

5 March 2025

ACCEPTED FOR PUBLICATION

26 March 2025

PUBLISHED

11 April 2025

Original content from
this work may be used
under the terms of the
Creative Commons
Attribution 4.0 licence.

Any further distribution
of this work must
maintain attribution to
the author(s) and the title
of the work, journal
citation and DOI.

LETTER

Degradation and deforestation increase the sensitivity of the
Amazon Forest to climate extremes
Marcos Longo1,2,∗, Michael Keller2,3, Lara M Kueppers1,4, Kevin W Bowman2, Ovidiu Csillik2,5,
António Ferraz2, Paul R Moorcroft6, Jean Pierre Ometto7, Britaldo S Soares-Filho8,
Xiangtao Xu9, Mauro L R de Assis7, Eric B Görgens10, Erik J L Larson6, Jessica F Needham1,
Elsa M Ordway11,12, Francisca R S Pereira7, Ekena Rangel Pinagé13, Luciane Sato7, Liang Xu2,14

and Sassan Saatchi2,11
1 Climate and Ecosystem Sciences Division, Lawrence Berkeley National Laboratory, Berkeley, CA, United States of America
2 Jet Propulsion Laboratory, California Institute of Technology, Pasadena, CA, United States of America
3 International Institute of Tropical Forestry, USDA Forest Service, Río Piedras, Puerto Rico, United States of America
4 Energy and Resources Group, University of California Berkeley, Berkeley, CA, United States of America
5 Environment and Sustainability Studies Program, Wake Forest University, Winston-Salem, NC, United States of America
6 Department of Organismic and Evolutionary Biology, Harvard University, Cambridge, MA, United States of America
7 Coordenação Geral de Ciências da Terra, Instituto Nacional de Pesquisas Espaciais, São José dos Campos, SP, Brazil
8 Centro de Sensoriamento Remoto, Universidade Federal de Minas Gerais, Belo Horizonte, MG, Brazil
9 Department of Ecology and Evolutionary Biology, Cornell University, Ithaca, NY, United States of America
10 Departamento de Engenharia Florestal, Universidade Federal dos Vales do Jequitinhonha e Mucuri, Diamantina, MG, Brazil
11 Institute of Environment and Sustainability, University of California, Los Angeles, CA, United States of America
12 Department of Ecology and Evolutionary Biology, University of California, Los Angeles, CA, United States of America
13 Forest and Climate Change Program, Wildlife Conservation Society, Bronx, NY, United States of America
14 Pachama Inc., San Francisco, CA, United States of America
∗ Author to whom any correspondence should be addressed.

E-mail: mlongo@lbl.gov

Keywords: forest degradation, climate extremes, remote sensing, Amazon forest, vegetation demography

Supplementary material for this article is available online

Abstract
About 40% of the Brazilian Amazon has been deforested or suffered changes in forest structure
through degradation (selective logging, fires, and fragmentation). The impact of forest degradation
on the forest’s sensitivity to climate extremes has not been fully explored because of a lack of data
and the complex interplay of forest structure and climate drivers. Here, we combined forest
structure data from 545 airborne lidar transects (375 ha each) across the Brazilian Amazon with
the Ecosystem Demography Model (ED2). We explore the forest’s functional response to
near-present (1981–2019) climate extremes under observed forest structure from lidar (Control)
and two forest structure change scenarios: (1) forest recovery by excluding all future deforestation
and degradation (Recovery) and (2) expansion of selective logging and deforestation (Degradation).
Using the Control simulation, we found a close and positive association between local forest
aboveground biomass and the predicted gross primary productivity (GPP) and evapotranspiration
(ET). Moreover, both GPP and ET respond negatively to extremes in vapor pressure deficit and
downwelling shortwave irradiance in degraded forests in Eastern and Southern Amazon, indicating
high sensitivity to droughts. Locally high-biomass forest patches showed little or no negative
response of GPP and ET to extreme drought conditions whereas low-biomass forest patches in the
same locations—typically degraded forest canopies—responded negatively to higher moisture
stress. The results from the Recovery scenario showed similar results to simulations with observed
structure; however, under the Degradation scenario, low-biomass forest patches became more
abundant, resulting in more regions where GPP and ET are negatively impacted by hot drought
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conditions according to the ED2 model. Our results suggest that local forest structure is a critical
determinant of an ecosystem’s response to climate variability, and that the loss of canopy trees in
the Amazon through forest degradation could increase and expand forest vulnerability to
droughts.

1. Introduction

Future climate predictions indicate that most parts
of the Amazon will likely experience more frequent
extreme and hot droughts [1–3]. Under continuing
high carbon emissions, increasingly hot conditions
will increase air vapor pressure deficit15 and intensify
soil desiccation, even if rainfall does not change [4–6].
Increases in air vapor pressure deficit are predicted
to compromise long-term carbon storage in a future
climate [7].

Ecosystem response functions, such as gross
primary productivity (GPP) and evapotranspiration
(ET), typically increase during the dry season [8–12],
consistent with light being the most limiting resource
[13]. However, this pattern is disrupted during severe
droughts. During the 2015–2016 El Niño event,
increases in air vapor pressure deficit and declines in
soil moisture were sufficiently strong to make water
the main limiting factor for GPP and ET [14–19].
More frequent hot droughts could persistently reduce
ET and GPP, amplify carbon losses [20–22], and
increase hydraulic failure mortality [23–25].

Nearly 20% of the Amazon has been cleared for
pastures and croplands [26, 27]. In addition, select-
ive logging, human-ignited forest fires, and fragment-
ation are pervasive across the Amazon: these differ-
ent forms of forest degradation severely reduce can-
opy cover, canopy height, biomass, and biodiversity
(figure S1) [28–32], and collectively have impacted
a further 20% of the Brazilian Amazon (figure 1)
[26, 33–41].

Forest degradation also alters ecosystem function-
ing. At the local scale, forest degradation has been
associated with decreased GPP and ET, and increased
sensible heat flux, land surface temperature and flam-
mability of degraded forests [47–53]. The pervas-
iveness of tropical forest degradation suggests that
its impacts on energy, water, and carbon cycles are
also significant at regional and global scales. The
combination of climate change, deforestation, and
forest degradation is potentially reducing the resili-
ence of Amazon forests’ carbon stocks, biodiversity,
and ecosystem response function to further changes
[21, 54–57].

Understanding how current conditions and
future deforestation- and degradation-driven
changes in canopy structure may impact the
functioning of Amazon forests relies on ecosystem

15 A brief description of quantities used in this study is available in
the supporting information (table S1).

model predictions. Terrestrial biosphere models have
been incorporating dynamic vegetation demography
(e.g. growth,mortality and disturbances) and the rep-
resentation of vertical and horizontal heterogeneity
of canopies [58–60]. One such model, the Ecosystem
Demography Model (ED2), has been used for invest-
igating the role of structural and functional diversity
of forest canopies on ecosystem response function
and on the forest’s sensitivity to climate extremes
[50, 61–65]. However, for the model to realistically
represent the feedback between forest structure and
biogeophysical cycles, the model must be initialized
with the actual spatial distribution of forest structure
[66].

This is now possible due to new active remote
sensing techniques such as the light detection and
ranging system (lidar), which uses the time between
the emission of laser pulses and the detection of
reflected light to obtain the distance to targeted
objects [67–69]. By surveying large forest areas with
high-density sampling flight plans, airborne lidar
datasets have been successfully employed to detect
and quantify the spatial heterogeneity in tropical
forest canopy structure at both local and regional
scales, as well as canopy changes due to forest
disturbances [30, 70–75]. Importantly, sub-orbital
lidar surveys with high density of returns and nar-
row off-nadir angle of view reliably characterize forest
structure [76, 77] and avoid shadow-associated biases
typically found in greenness-based remote sensing
[78, 79].

Here, we integrate the most extensive airborne
lidar survey across the entire Brazilian Amazon to
date [42, 43] with the ED2 model to investigate the
following scientific questions:

1. How does current forest structure in the Amazon
mediate the relationships between climate vari-
ability and ecosystem functioning at local and
regional scales?

2. Howwould potential expansions of deforestation,
forest degradation, and forest regrowth affect the
forest’s response to extreme climate across the
Brazilian Amazon?

We leverage previous work [50] to generate the
ED2model initial forest structure state from airborne
lidar for the entire Brazilian Amazon, and conduct
multidecadal simulations to identify and attribute the
role of forest structure and forest structure changes
on the forest’s sensitivity to typical and extreme
climate conditions. We then explore how tropical
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Figure 1. Overview of the land cover and airborne lidar sampling across the Brazilian Amazon biome. White diamonds are the
centroids of each 12 500× 300 m, randomly located airborne lidar transects acquired by the Brazilian National Institute for Space
Research (INPE) in 2016 [42, 43]. Background map is the land cover state. Intact forests were obtained from the intact forest
landscapes (IFL) dataset for 2016 [41], and most additional classes are derived from INPE’s TerraClass product for 2014 [44, 45]:
Degraded forests are forest areas in TerraClass not flagged as intact by IFL; other forests include secondary forests, forest
plantation and mixed use landscapes. Deforested areas are areas deforested between 2014 and 2016 according to INPE’s PRODES
product [45, 46] .

forests in the Amazon change sensitivity to climate
extremes under scenarios of forest recovery and fur-
ther disturbances.

2. Methods

2.1. ED2
The ED2 is a process-based model that represents
the horizontal and vertical variability of canopies
across landscapes [80–82]. Each grid cell (working
spatial resolution) is subdivided into a series of sites,
which are used to represent landscape-scale hetero-
geneity in edaphic conditions (e.g. soil texture and
depth); patches, which describe disturbance-driven
variation in local forest community structure; and
cohorts, which represent the vertical structure and
diversity of the plant canopy specified in terms of the
abundance of individuals with similar plant size and
plant functional type. The ED2 model has a biogeo-
physical and biogeochemical core that that accounts
for the above-ground and below-ground heterogen-
eity of forest structure, by solving the energy, water
(including plant hydrodynamics), and carbon cycles
for each patch and each cohort independently [80,
83]. For this study, we implemented a soil hydraulic
model based on vanGenuchten [84] andpedotransfer
functions based onAmazonian soils [85–87]. Cohort-
specific GPP and transpiration aremodulated by both

light and water availability specific to the local micro-
environment: small cohorts in dense forest patches
may be light-limited, whereas similar-sized cohorts
in a neighboring gap may be sufficiently illuminated
but experience higher water stress due to high evap-
orative demand due to lower air vapor pressure defi-
cit. Likewise, similar patches of forestsmay experience
different water stress conditions under the same cli-
mate, due to varying soil hydraulic conditions. The
ED2 model predictions have been extensively bench-
marked and successfully applied across tropical South
America [50, 88, 89], and the ED2 model code used
for this study (tag v2.2.1-BrAmazALS2) is archived
[90] and available on GitHub [91].

2.2. Regional characterization of current forest
structure
We split the Brazilian Amazon domain into 350 grid
cells (1 × 1◦ each), to account for spatial climate
variability without incurring an excessive computa-
tional burden. To characterize the soil heterogeneity,
we combined soil depth data [92] with additional
characteristics—texture (clay, silt and sand frac-
tions), acidity (pH), cation exchange capacity, bulk
density and organic carbon concentration—from
SoilGrids250m v2.0 [93]. Soils were assigned to a
combination of one of the 15 broad texture-based soil
categories in the ED2model [80] and the index of the
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deepest soil depth grid layer above bedrock. We split
each grid cell into up to four classes, which became
sites, based on the most abundant combinations of
texture and depth.

To obtain initial patches and cohorts, we
used 545 small-footprint airborne lidar transects
(12 500 × 300 m each) collected during the 2016
campaign of the Amazon Biomass Estimation Project
(EBA2016) [42, 43, 94] and available online [95–
98]. EBA2016 was led by Brazil’s National Institute
for Space Research (INPE), and randomly sampled
the remaining forests across the Amazon (figure 1;
figure S1). Forested areas were obtained from INPE’s
TerraClass 2014 product [44, 45], with post-2014
deforestation masked using INPE’s PRODES defor-
estation product [45, 46, 99].

We converted airborne lidar data into forest struc-
ture distributions across the domain, by applying
the same algorithm from an earlier study [50]. This
approach consists of: (1) splitting the airborne lidar
point cloud from all transects into 1310 478 columns
(50 × 50 m each), (2) deriving an initial guess for
leaf area density profile of each column, and (3) using
lidar-based statistical models of aggregated proper-
ties of forests plots including their aboveground bio-
mass, basal area, leaf area index, and stem number
density, calibrated with forest inventory data to cor-
rect and reduce uncertainty of the leaf area density
profiles. Each corrected leaf area density profile is
then partitioned into cohorts using a feature-based
segmentation, and assumed to be a forest patch. An
overview of the approach is available in appendix S1,
and described in detail in the previous study [50].
This approach captures both the regional variation
in forest structure across the Amazon, and the local
heterogeneity due to different disturbance histories
(figure S2) [50]. We used the geographic location of
each lidar column to assign patches to grid cells and
sites. The initial conditions for ED2 are archived and
openly available [100].

Because the airborne lidar data acquisition
excluded deforested regions [43], for each site we
added the appropriate amount of deforested area
according to TerraClass and PRODES. Since ∼88%
of the deforested area in the Brazilian Amazon is pas-
ture (figure 1) [101], the deforested area within each
site was represented as a single pasture patch within
each site that was comprised of C4 grasses, with a
prescribed a leaf area index of 2 m2 m−2 based on
typical values in Amazon pastures [102].

2.3. Simulating impacts of forest structure change
on ecosystem response function
For all the ED2 model simulations, we used
hourly meteorological data from the bias-corrected
Fifth generation of atmospheric reanalysis from
the European Centre for Medium-Range Weather
Forecasts (WFDE5) reanalysis data [103] for a 38 year
period (1981–2018). For precipitation, we replaced

WFDE5 data with Climate Hazards Group InfraRed
Precipitation with Station (CHIRPS) data [104],
because CHIRPS agrees better with observations at
seasonal scales [105].

To attribute the impact of forest structure changes
on the ecosystem response to extreme climate condi-
tions, we conducted three regional simulations:

1. Control. In this simulation, we initialized the
ED2 model with airborne lidar (section 2.2),
and carried out the simulation for one full
cycle of meteorological conditions (38 years), dis-
abling dynamic vegetation, so the forest structure
remained constant.

2. Recovery. In this simulation, we initialized the
ED2 model as in Control, and ran the model
for one full cycle of meteorological conditions
(38 years) with vegetation dynamics, allowing
only natural disturbances (tree fall) to occur, and
thus representing an initial recovery of the forest
from current degradation. The forest structure at
the end of the recovery period was used as initial
conditions for an additional simulation for one
full cycle of meteorological conditions (38 years)
in which vegetation dynamics was disabled. Only
the last 38 year period was analyzed.

3. Degradation. In this simulation, we initialized
the ED2 model as in Control, and ran the model
for one full cycle of meteorological conditions
(38 years), with vegetation dynamics allowing
both natural and anthropogenic disturbances.
To drive anthropogenic disturbances (appendix
S2), we used the results of a scenario describ-
ing the regional expansion of timber harvesting
and deforestation between 2010 and 2039 (figure
S3) [106]. The forest structure at the end of the
degradation expansion period was held constant
for an additional simulation for one full cycle of
meteorological conditions (38 years), and only the
last 38 year period was analyzed.

We note that the intent of using 38 years of met-
eorological data is to provide the ED2 model with a
range of contemporaneous climatological conditions
that includes both typical and extreme conditions,
without attempting to link recovery and degradation
events with specific climate events. Therefore, except
for benchmarking purposes (section 2.4), our ana-
lyses do not focus on specific meteorological years.
The following archived datasets provide the bound-
ary conditions [107], configuration files [108] and the
output for selected variables [109] for the ED2model
simulations.

2.4. Regional-scale assessment of the ED2model
We assessed initial conditions and predictions region-
ally for the ED2 model, by pooling datasets based
on field measurements and remote sensing. To assess
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the initial conditions (Control simulations), we com-
pared aboveground biomass and leaf area index with
annual averages from 2016, or the closest year avail-
able, from gridded datasets [110–112]. For evalu-
ations of GPP, ET and sensible heat flux, we compared
monthly averages (Control simulations) for overlap-
ping years between 2013 and 2018 ofmultiple gridded
products [16, 113–119]. We restricted the comparis-
ons to 2013–2018 to reduce confounding effects from
forest dynamics and land use change in the reference
datasets. Additional details on the reference data are
available in table S2.

2.5. Regional-scale ecosystem response function
sensitivity to climate extremes
To calculate sensitivity metrics of ecosystem response
function to climate at each grid cell x, we com-
puted averages at monthly time intervals (t) for both
environmental drivers (Wx,t) and ecosystem response
functions (Ex,t). Environmental drivers included
incoming solar irradiance, air vapor pressure defi-
cit and soil moisture content in the top 50 cm of
the soil column (hereafter top-soil moisture content),
whereas GPP and ET are ecosystem response func-
tions.We pooled the averages for all month-years and
related the environmental drivers with the ecosystem
response function through a local fitting, by using
function loess [120] and setting the smoothing factor
(span) to 1.0. The sensitivity of ecosystem response
function E to a specific value of environmental driver
W was defined as:

S(Ex,Wx) =
Êx (Wx +∆Wx)− Êx (Wx −∆Wx)

2∆Wx
,

(1)

where Êx is the fitted ecosystem response function at
any given value of Wx, and ∆Wx is a small change
in the value of Wx, defined as 1‰ of the total range
of Wx. To assess the simulated sensitivity of ecosys-
tem response function at median and extreme condi-
tions, we computed S(Ex,Wx) for the 5th, 50th, and
95th percentiles of Wx. Percentiles were defined for
each grid cell, to account for the regional effects on
seasonal and inter-annual variability.

2.6. Effect of local forest structure heterogeneity on
ecosystem response function
To quantify the local effects of forest structure on eco-
system response function, we assigned grid cells into
sub-regions across the Brazilian Amazon, accord-
ing to previous classification [121] (figure S4), then
grouped all patches across each sub-region according
to their aboveground biomass, using the thresholds
of 1, 2.25, 4, 6.25, 9, 12.25, 16, 20.25 and 25 kgCm−2.
By choosing thresholds based on the square of above-
ground biomass, we highlighted the variability at low-
aboveground biomass patches, which are more rep-
resentative of recently disturbed forests [30, 122]. For

each group of patches (same aboveground biomass
level), we binned monthly averages of the ecosystem
response functions by monthly averages of environ-
mental drivers, using 21 equally spaced quantiles (q)
as thresholds (q ∈ 0, 0.05, 0.10, …, 0.95, 1). All the
scripts and notebooks used to generate the analyses
presented in this manuscript are available in open
archives [123, 124].

3. Results

3.1. Regional variation in forest structure and
ecosystem response function
The initial conditions generated from airborne lidar
(Control simulation) were well correlated with refer-
ence datasets, albeit with consistently higher values
(figures S5–S8). In contrast, each ecosystem response
function reference dataset yielded markedly differ-
ent comparisons with Control, both in magnitude
and in correlation. The domain-averaged predictions
showed averaged differences betweenControl and ref-
erences that ranged between 1.8–4.1 gC m−2 d−1

(GPP), 0.3–0.8 mm d−1 (ET) and −2.7–10 W m−2

(sensible heat flux), depending on the reference
dataset (figure S7). Likewise, correlation coefficients
betweenControl and references varied between−0.28
and 0.72 for GPP, 0.25 and 0.86 for ET, and 0.66 and
0.88 for sensible heat flux (figures S7 and S8), indicat-
ing important differences not only between the ED2
model and the references, but amongst the references
themselves.

Long-term (38 years) averages of ecosystem
response functions in Control varied markedly
across the Amazon. The predicted GPP average
was 10.7 gC m−2 d−1, with the lowest values
(5.9 gCm−2 d−1) along the arc of deforestation in the
Southern and Southeastern regions (figure 2(a)). The
regional distribution of long-term average ET is sim-
ilar to GPP, although the relative difference between
the regional average (4.0 mm d−1) and the lowest
regions along the Eastern part of the arc of deforesta-
tion (2.9 mm d−1) is relatively smaller (figure 2(b)).
The areas with the highest long-term average ground
temperature (29.7 ◦C), in the deforested areas in
Maranhão, were more than 3 ◦C warmer than the
regional long-term average (26.3 ◦C) (figure 2(c)).

3.2. Regional variation in forest sensitivity
Under the Control simulation, the sensitivity of GPP
to environmental drivers, as defined in section 2.5,
varied substantially across the Brazilian Amazon. At
the lowest percentiles of incoming solar irradiance
(figure 3(a)), GPP sensitivity to incoming solar irradi-
ance was generally positive across the Amazon, indic-
ating light limitation during extreme overcast con-
ditions. Under median conditions, the GPP sensitiv-
ity decreased, with degraded forests in Mato Grosso,
SE Pará and Maranhão showing negative sensitiv-
ity (figure 3(b)). At high incoming solar irradiance
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