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ARTICLE INFO ABSTRACT

Editor: Marie Weiss Tropical forest degradation (e.g., anthropogenic disturbances such as selective logging and fires) alters forest
structure and function and influences the forest’s carbon sink. In this study, we explored structure-function
relationships across a variety of degradation levels in the southern Brazilian Amazon by 1) investigating how
forest structural properties vary as a function of degradation history using airborne lidar data; 2) assessing the
effects of degradation on solar-induced chlorophyll fluorescence (SIF) seasonality using TROPOMI data; and 3)
quantifying the contribution of structural variables to SIF using multiple regression models with stepwise se-
lection of lidar metrics. Forest degradation history was obtained through Landsat time-series classification. We
found that fire, logging, and time since disturbance were major determinants of forest structure, and that forests
affected by fires experienced larger variability in leaf area index (LAI), canopy height and vertical structure
relative to logged and intact forests. Moreover, only recently burned forests showed significantly depressed SIF
during the dry season compared to intact forests. Canopy height and the vertical distribution of foliage were the
best predictors of SIF. Unexpectedly, we found that wet-season SIF was higher in active regenerating forests (~ 4
years after fires or logging) compared with intact forests, despite lower LAI. Our findings help to elucidate the
mechanisms of carbon accumulation in anthropogenically disturbed tropical forests and indicate that they can
capture large amounts of carbon while recovering.
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selective extraction of marketable wood (Broadbent et al., 2008; Lima
et al., 2012; Moran, 1993). Fire is used extensively for forest clearing

1. Introduction

Forest degradation by selective logging, fires and fragmentation af-
fects large regions of the tropics (Bullock et al., 2020; Souza Jr et al.,
2013; Tyukavina et al., 2017). In the Amazon region, the drivers of
forest degradation are part of a complex socio-economic system that
includes forest clearing for pastures and crops, usually preceded by the

and the maintenance of pastures (Aragao et al., 2014; Cochrane, 2003).
Fires frequently penetrate managed and unmanaged forests so that
within the Amazon annually region large areas of forest burn, especially
during drought years (Morton et al., 2013).

Forest degradation leads to changes in forest composition, carbon
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stocks, and forest functions. Logging, fragmentation, and fires promote
crown damage and tree mortality resulting in persistent alterations to
gap-phase dynamics, potentially leading to species composition shifts
toward early-successional, light-demanding species over time (Ordway
and Asner, 2020). Carbon stocks in degraded forests are highly variable
at the local scale, with lightly disturbed forests (e.g., reduced-impact
logging) storing as much carbon as intact forests, while forests
impacted by multiple fires may lose most of their original carbon stocks
(Berenguer et al., 2014; Longo et al., 2016; Rappaport et al., 2018; Silva
et al., 2018). Productivity may decline when forests are damaged but
may even exceed old-growth forest productivity when forests do not
experience further disturbances (Odum, 1969). Shifts in degraded forest
productivity are driven by changes to forest structure and species
composition resulting from increased plant community turnover, dis-
rupted seedling recruitment patterns, and altered nutrient cycling
(Bomfim et al., 2020; Dantas de Paula et al., 2015; Prestes et al., 2020;
Silva et al., 2018). Water cycling can also be affected by forest degra-
dation. Brief disturbance in evapotranspiration (ET) has been measured
in selectively logged forest (Miller et al., 2011). In contrast, ET declined
significantly for 3 years after fires and took 7-8 years to recover fully,
according to flux tower estimates from the Southern Amazon (Brando
et al., 2019).

Forest degradation has also been recognized as a major driver of
forest structure changes worldwide. In tropical forests, forest degrada-
tion affects live and dead biomass distribution (Longo et al., 2016;
Rappaport et al., 2018; Scaranello et al., 2019), the vertical distribution
of foliage (Brando et al., 2019; Rangel Pinagé et al., 2019), and canopy
gap distribution (Rangel Pinagé et al., 2019; Vaughn et al., 2015). Lidar
data can capture both the vertical and horizontal dimensions of forest
structure (Drake et al., 2002; Lefsky et al., 2002), hence, it offers an
excellent tool to investigate structural changes from degradation pro-
cesses such as selective logging and fires.

Multilayered, heterogeneously arranged canopies contain a com-
plement of sun and shade leaves functioning optimally under a range of
light conditions (Gough et al., 2019). Within temperate intact forests,
widespread positive relationships between canopy structural complexity
and production were found, suggesting underlying mechanisms of
improved canopy light absorption and light-use efficiency (Atkins et al.,
2018; Gough et al., 2019; Hardiman et al., 2011). In the Amazon, recent
studies have suggested an important role of canopy structural arrange-
ment on phenology (Smith et al., 2019; Tang and Dubayah, 2017), but
how canopy structural complexity affects the functioning of tropical
forests is still a largely uncharted territory. Forest degradation can both
enhance or reduce structural complexity (e.g., gaps caused by the
removal of large canopy trees increase canopy height variability, or on
the other hand, intensive forest fires cause widespread tree mortality
and stimulate the regrowth of a uniform understory). Further investi-
gation is needed to clarify the structure-function linkages controlling
forest productivity, especially considering the high diversity of species,
functional and forest types, as well as disturbance and recovery path-
ways of tropical forests.

Solar-induced chlorophyll fluorescence (SIF), the natural emission of
photons from the light-harvesting structures of plants (Zuromski et al.,
2018), is a biophysical consequence of light absorption. SIF may show
linear (Sun et al., 2018) or non-linear (Kim et al., 2021) correlation to
photosynthesis, depending on many factors such as vegetation type,
light regime, averaging period of observations, and plant physiological
status. Empirical evidence suggests that SIF is sensitive to canopy
properties such as chlorophyll content, leaf area index (LAI) and leaf
angle distributions (Koffi et al., 2015; Verrelst et al., 2015). SIF also
reflects dynamic photosynthetic responses to heat and water stress
(Parazoo et al., 2014).

Until recently, estimation of vegetation productivity from space
depended on estimates based on vegetation near-infrared reflectance.
SIF appears promising as a physiologically meaningful proxy to photo-
synthesis at the canopy scale and may be able to capture differences in
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photosynthesis between intact forests and forests regenerating from
anthropogenic or natural disturbances. Another key advantage of SIF is
that it is not as much affected by atmospheric scattering due to aerosols
and cloud cover (Sun et al., 2018) as traditional vegetation indices such
as the Normalized Difference Vegetation Index (NDVI, Rouse Jr et al.,
1974) and Enhanced Vegetation Index (EVI, Huete et al., 2002), an
aspect that gains even more relevance in the tropics. However, there are
many complications of interpreting SIF in complex canopies and illu-
mination conditions such as those found in tropical forests. Recent ad-
vances in SIF retrieval techniques and satellite sensors such as the Global
Ozone Monitoring Experiment-2 (GOME-2), the Orbiting Carbon
Observatory-2 (OCO-2) and the TROPOspheric Monitoring Instrument
(TROPOMI) have enabled remote sensing of SIF in unprecedented
spatial and temporal scales (Kohler et al., 2018a). TROPOMI SIF data in
particular, despite having a coarse spatial resolution (~5.5 km) in
relation to the scale of forest disturbances in the Amazon, have fine
temporal resolution that allows tracking rapid vegetation changes.

In this study, we use a novel combination of airborne lidar and
spaceborne SIF data to investigate solar-induced fluorescence emissions
and forest structure variability in intact and degraded forests, also taking
into consideration the time since last disturbance events. We address the
following questions: 1) How does forest structure change as a function of
disturbance history? 2) How does the disturbance history affect SIF
emissions and their seasonal patterns? 3) How are forest structural at-
tributes related to SIF across intact and degraded forests?

2. Materials and methods
2.1. Site description

The study area covers approximately 100,000 km? at the southern
portion of closed-canopy Amazon forests in the Brazilian state of Mato
Grosso (Fig. 1) and includes a rectangle around the municipality of Feliz
Natal. The area is fairly homogeneous in regard to topography, soil and
vegetation (Fig. S1 of the Supplemental Material) and is covered mostly
by ecotonal broadleaf seasonal forests and agricultural/ pastoral
managed lands originally covered by forests (IBGE, 2021; MapBiomas
Project, 2019). A five-month dry season (May to September) accounts
for only 6% of mean annual precipitation (Fig. 1C), and contributes to
the extent, duration, and severity of understory forest fires in the study
region (Alencar et al., 2015; Morton et al., 2013). Decades of intense
land use dynamics have left a mosaic of fragmented and degraded forests
in the area, with the majority of intact forests remaining inside the
indigenous reserves (Matricardi et al., 2010; Rappaport et al., 2018)
(Fig. 1B).

2.2. Remote sensing data

This study leveraged a unique combination of lidar data, TROPOMI
observations and land-use history information to investigate forest
structure and SIF across a chronosequence of differently aged sites using
a variety of remote sensing data. Airborne lidar was used to characterize
forest structure, TROPOMI SIF data was used to characterize SIF sea-
sonality, and land use history was classified with a time-series of Landsat
observations. Fig. 2 provides a graphical overview of the major data
sources and analysis steps, whereas each data type is described in a sub-
section below.

2.2.1. Airborne lidar data

The airborne, small footprint lidar data employed in this study were
drawn from two projects that provide lidar databases for research pur-
poses: Sustainable Landscapes (SL) Brazil (Dos-Santos et al., 2019) and
Estimativa de Biomassa na Amazonia (EBA, “Biomass Estimates in the
Amazon”). We combined these two complementary datasets to increase
sample size over our study area: The SL sampling was designed to cover
a range of degraded forests, whereas EBA adopted a randomized
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Fig. 1. Location (A), land cover (B, INPE, 2020) and monthly precipitation (C) of the study area. Source of precipitation data: climate-data.org.

sampling design that included sampling over intact forests. The acqui-
sition characteristics differ between the two datasets (Table 1), so we
thinned SL data to achieve equal return density. Because EBA data were
collected in 2016 and the SL data were collected in 2018, we only used
intact forest transects from EBA, and assumed the structure of these
forests did not change substantially between 2016 (EBA collection year)
and 2018 (focal year of the study).

The raw point clouds were pre-processed using the FUSION software
(McGaughey, 2015) with the following steps: ground points filtering;
creation of the terrain surface model at 1-m resolution from the ground
points; point clouds normalization to remove terrain height and get
actual height above the ground; standardization of the return density of
the point clouds to 5 points per square meter (EBA data average density);
creation of the canopy height models from the normalized point clouds;
and clipping of the point clouds to the spatial extent of the lidar transects
classified according to the disturbance classes.

To estimate structural parameters across our disturbance classes (the
disturbance history classification is described in Section 2.2.3), we
computed a set of lidar-derived metrics from the normalized, stan-
dardized point clouds. The first set of calculated metrics was the vertical
distribution of Leaf Area Densities (LAD) and total Leaf Area Index (LAI).
We estimated the average LAD by layers using the method proposed by
MacArthur and Horn (1969) to estimate foliage-height profiles,
following the equation:

S, 1
LAD; |; = — | —
i—1,i ln(S,) KAz

where for each vertical column of voxels, i is a voxel in a sequentially
ordered vertical column of the canopy, S, is the number of pulses
entering the given voxel, S; is the number of pulses exiting the same
voxel, k is an extinction coefficient, and z represents the height of a
voxel. The term k represents a Beer-Lambert Law extinction coefficient,
which describes the attenuation of radiation by a medium or an object.
When applied to forest canopies, this coefficient includes a correction for
the non-random distribution and orientation of the foliage and the
thickness of the leaf material and the forest canopy. We followed Stark
et al. (2012) and used k = 0.5 (i.e., assumed no clumping and random
orientation of leaves). The voxel’s horizontal resolution was defined as
30 m and vertical resolution (or the canopy layer thickness), as 1 m.
Total LAI was calculated as the vertical integral of the LAD profile. LAD
below 4.5 m height were excluded from LAI calculations because LAD
estimates are unreliable at lower heights. As the canopy becomes denser
and more leaves are encountered, the penetration of lidar pulses di-
minishes, causing sample sizes for estimating LAD to decrease and error
to increase (Kamoske et al., 2019). LAD profiles and total LAI were
estimated using the leafR package (Almeida et al., 2019).

To model structure-SIF relationships, we calculated canopy height
and other types of metrics to be included as predictors of SIF (Table 2).
These metrics were calculated using all the points in the lidar point
cloud (i.e., first, second, third and fourth returns were all considered)
that are above the specified height cut-off value (1.5 m), at 100 m grid
cell size, to fit within the maximum 200 m width of the SL lidar tran-
sects. We examined 23 metrics and categorized them into four broad
structural aspects: canopy height, foliar distribution, horizontal
complexity and vertical complexity (Table 2). Canopy height metrics
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Fig. 2. Overview of the major analysis steps and data sources. Blue boxes and arrows refer to forest structure, green boxes and arrows refer to SIF, black boxes and
arrows refer to the disturbance history classification, and red boxes and arrows refer to the integrative analysis of structure and SIF. (For interpretation of the
references to colour in this figure legend, the reader is referred to the web version of this article.)

Table 1
Characteristics of the lidar data acquisitions.
Characteristic SL data EBA data
Equipment Optech ORION M300 Riegl LMS Q680i
Acquisition dates April 2018 Feb/Apr/Jun, 2016
Flight maximum height 850 m 494 m
Maximum field of view 15° 15°
Scanning frequency 40 KHz 300 KHz
Mean return density per transect 24.89-41.51 points 5.51-6.88 points
m~2 m~2
Mean first return density per 22.59-33.02 points 4.53-5.18 points
transect m~2 m~2
Return density after thinning 5 points m~2 5 points m ™2
Original transect size 5km x 200 m 12.5 km x 300 m
Percentage of flight line overlap 65% 0%

measure the distribution of lidar returns in the vertical dimension, with
specific sensitivity to canopy openness and roughness at different
heights of the forest vertical profile (Falkowski et al., 2009). Foliar
distribution influences light transmittance and absorbance, and there-
fore, exerts large control on photosynthesis. Horizontal complexity
metrics are based on the canopy height model (CHM), while vertical
complexity is described using the vertical foliage profile (VFP). CHM-
based metrics describe the heterogeneity of the canopy surface,
including ground pixels, i.e., canopy gaps. VFP-based metrics describe
the vertical layering of the reconstructed foliage profile, and weights
profile parts in the lower heights to compensate for the occlusion by high
trees (Knapp et al., 2020). It is important to note that this structural
categorization was adopted for the construction of the models, but the
metrics can be related to more than one structural aspect. The metrics
used as SIF predictors were computed using the lidR package (Roussel
et al., 2020) in the R statistical environment (R Core Team, 2019).

2.2.2. Solar-induced chlorophyll fluorescence (SIF) data
We used ungridded TROPOMI instantaneous SIF data resampled to a
0.05° x 0.05° spatial resolution (Kohler et al., 2018a). This dataset is

available from November/2017 until the present. TROPOMI has a wide
swath of 2600 km with daily, near-global coverage, with a 16-days
revisit cycle. The phase angle (the angle between the axes from the
sounding to the sun and to TROPOMI's sensor) of each sounding varies
along the swath. A study from Doughty et al. (2019) showed that, with a
sufficient number of observations from different angles, the effect of
phase angle of observations in SIF seasonal patterns in the Amazon is
negligible, hence, we used all available SIF data, regardless of sun-sensor
geometries. SIF retrievals from 18 months from March 2018 to
September 2019 were selected before the abnormally active fire season
in 2019 (Brando et al., 2020). TROPOMI observations are pre-filtered to
remove soundings that are affected by high radiance levels due to cloud
albedo and that have >80% of cloud fraction (Kohler et al., 2018a), as
SIF cannot be detected with heavily thick clouds (Frankenberg et al.,
2012). We acknowledge a potential effect of clouds on SIF seasonality,
but since our focus is to compare SIF behaviour across disturbance
classes, we adopted a less strict cloud filter to maximize the number of
observations during the wet season.

We employed a multi-step approach to extract SIF seasonal estimates
for each disturbance class. As most of the forest degradation polygons
were smaller than one TROPOMI footprint, we calculated the area
proportion for each disturbance class in the resampled grid cell, and
after examining the sample size resulting from a few thresholds (e.g.,
100%, 90%, 80%), only included in the analysis those cells covered by at
least 70% of any class. This approach aimed to minimize pixel mixtures
and was adopted as a compromise between pursuing a pure spectral SIF
signal and a sufficient sample size. Nonetheless, it resulted in an un-
balanced sample size among classes (refer to last column of Table 4).
Therefore, we took four steps to facilitate comparisons across classes: a)
computation of daily median values across all cells of each disturbance
class; b) interpolation of missing data using linear interpolation; c)
smoothing the daily data using Savitzky-Golay (SG) filter (Savitzky and
Golay, 1964), to minimize noise in SIF data; and d) averaging daily data
to 16 days (TROPOMI’s revisit interval).
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Table 2
Lidar-derived metrics included as predictors of SIF.

Metric Description Structural Citation

aspect

Mean Average of return heights mean ~ Canopy
within the grid cells height

Sd Average standard deviation of Canopy
return heights within the grid height
cells

Skew Average skewness of return Canopy
heights within the grid cells height

Kurt Average kurtosis of return Canopy
heights within the grid cells height

P10 Average 10th percentile of Canopy
return heights within the grid height
cells

sdP10 Standard deviation of 10th Canopy
percentile of return heights height
within the grid cells

P25 Average 25th percentile of Canopy
return heights within the grid height
cells; in the study area, it is an
indicator of understory density.

sdP25 Standard deviation of 25th Canopy
percentile of return heights height
within the grid cells

P50 Average 50th percentile of Canopy
return heights within the grid height
cells

sdP50 Standard deviation of 50th Canopy
percentile of return heights height
within the grid cells

P75 Average 75th percentile of Canopy
return heights within the grid height
cells

sdP75 Standard deviation of 75th Canopy
percentile of return heights height
within the grid cells

P95 Average 95th percentile of Canopy
return heights within the grid height
cells; it represents an unbiased
measure of top of canopy height

sdP95 Standard deviation of 95th Canopy
percentile of return heights height
within the grid cells

LAI Total leaf area index (LAI) above ~ Foliar
4.5m distribution

f sun Fraction of sunlit leaves, Foliar Clark et al.
estimated as exp. (—k * LAI), distribution (2011)
where k is the coefficient of light
extinction

sdVFP Standard deviation of vertical Foliar
foliage profile distribution

cvVFP Coefficient of variation of Foliar
vertical foliage profile distribution

Rumple Rumple Index, which indicates Horizontal (Kane et al.,
the roughness of a surface. It is complexity 2010; Parker and
calculated as the ratio between Russ, 2004)
its area and its projected area on
the ground.

CRR Canopy relief ratio, a Horizontal Parker and Russ
quantitative descriptor of the complexity (2004)
relative shape of the canopy
defined as (mean height-min
height) / (max height-min
height)

Gini Gini coefficient of foliage Vertical Valbuena et al.
structural diversity complexity (2017)

Shannon  Shannon index, applied to Vertical Stark et al. (2012)
quantify the diversity and the complexity
evenness of the vertical
distribution of return heights.

VCI A fixed normalization of the Vertical van Ewijk et al.
Shannon Index complexity (2011)
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2.2.3. Disturbance history classification

To characterize the disturbance history of our study area
(2000-2019), we masked out deforested areas using deforestation data
until 2019 (INPE, 2020). Subsequently, forest degradation (logging and
fires) on the forest remnants was mapped based on a time-series of
Landsat images. Intact, logged and burned areas were visually identified
based on their spatial patterns (Fig. S2) and classified into seven
disturbance classes: intact forests (IN), 0-3 years (L1), 4-7 years (L2),
and 8-14 (L3) years after logging, and 0-3 years (B1), 4-7 years (B2),
and 8-14 (B3) years after burning. Details of the disturbance history
classification are described in the section 2 of the Supplemental
Material.

Lidar transects were classified into one of the disturbance classes
based on the Landsat disturbance history. To prevent mixed classes,
original transects overlapping more than one class were split accord-
ingly. Transects cut by established roads were also split to exclude the
road portions (even if they covered the same class), and a 100 m buffer
was applied in the transect area to minimize edge effects caused by roads
in the lidar estimates. We used the Canopy Height Model (CHM) of each
transect to visually confirm their degradation status in 2018 and
adjusted when necessary. For instance, in the CHM of recently logged
forests, one can see roads and canopy gaps, and in the CHM of burned
forests, one can identify a lower and more homogeneous canopy. As
shown in Table 3, every disturbance class considered in this study had at
least 30 ha of forests surveyed by lidar.

The classification of disturbance classes for SIF data involved areas
beyond the lidar transects, since SIF data is available for the entire study
area. In addition to the deforested areas, we also masked out pioneer
vegetation which occupies vast extensions of the Xingu River floodplains
(RADAMBRASIL, 1983), as these areas present spectral properties
similar to burned forests. Subsequently, the remaining polygons were
split when needed and classified into one of the disturbance classes,
which included intact forests as the control, undisturbed class. Due to
the large footprint of TROPOMI data, we eliminated isolated polygons
with area smaller than 50 ha and merged contiguous polygons within
this same area threshold to the largest neighboring polygon. Polygons
that experienced multiple degradation events during the time-series
were classified according to the latest event, and polygons completely
surrounded by deforested areas (i.e., in the edges of the study area) were
not included in the samples. Some of the disturbance classes had very
few polygons, resulting in uneven sample size among classes (Table 4).

2.3. Modelling forest structure and SIF relationships

To model forest structure-SIF relationships, we obtained paired lidar-
SIF observations by analysing the land-use context of each lidar transect
and surrounding areas and selecting homogeneous SIF grid cells over-
lapping lidar transects, based on the assumption that the selected tran-
sects are representative for the conditions of the entire SIF footprint.
Because relatively few lidar transects are available, and land use mix-
tures within the SIF footprint are common, we could not find samples of
every disturbance class (Table 4). Instead, we aggregated classes broadly
into three groups (intact, logged and burned forests) discounting time
since disturbance. Footprints with mixed logged and burned areas in

Table 3
Disturbance classes of the lidar samples.

Disturbance class Number of transects Mean area (ha)

Intact (IN) 22 162.1
0-3 years after logging (L1) 6 34.49
4-7 years after logging (L2) 14 71.20
8-14 years after logging (L3) 16 72.97
0-3 years after fires (B1) 8 45.95
4-7 years after fires (B2) 9 74.28
8-14 years after fires (B3) 10 58.41

Total 85
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Table 4
Characteristics of SIF samples.

Disturbance class ~ # of Mean # of TROPOMI  # of TROPOMI
polygons area (ha) cells (70%) cells (100%)
Intact (IN) 85 28,343 611 366
0-3 years after 118 1481 7 1
logging (L1)
4-7 years after 94 1377 4 0

logging (L2)

8-14 years after 145 107,759 250 32
logging (L3)

0-3 years after 162 3844 81 13
fires (B1)

4-7 years after 74 1845 9 0
fires (B2)

8-14 years after 270 2124 51 4
fires (B3)

Total 934

their disturbance history were not included. The lidar coverage area in
each SIF cell varied. Fig. 3 shows examples of intact, logged and burned
forest samples and the available sample size for each class.

The response of SIF varies on short time scales and seasonally, in
contrast to forest structure measured by lidar that varies on multi-annual
time scales. Therefore, we chose to aggregate SIF in our investigation of
the relation of SIF to forest structure. Through our data exploration, we
noticed that SIF retrievals during the dry season were more stable, likely
due to the large number of available observations so that the average is
more robust. We extracted the daily SIF values for each of the 37-cell
samples and calculated the median of those values across the months
of April 2018 through June 2018. The SL lidar data was acquired nearly
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simultaneously in April 2018.

2.4. Statistical analysis

To test for differences in LAI among the disturbance classes, we
tested the LAI data for the normality assumption using the Shapiro-Wilk
test, which indicated that although the entire sample does not follow a
normal distribution, the LAI for all the individual disturbance classes
met the assumption (p-value >0.05). Hence, we performed a multiple
pairwise t-test to compare the means of disturbed classes against the
mean of intact forests and reported statistical significance. To statisti-
cally compare the SIF seasonal profiles of intact and disturbed forests,
we plotted the SIF spatio-temporal averages (spatial aggregation of the
0.05° x 0.05° grid cells covered with >70% by a given disturbance class
over the 16-days window), along with their 95% confidence interval. In
addition, we paired the 16-days averaged SIF data of intact and each
degraded forest class (so that each pair represents SIF from the same
time but different disturbance class/location) and ran linear regression
models using these pairs for the wet and dry periods separately, to assess
how SIF from degraded forests compared to SIF from intact forests
seasonally.

To estimate the contribution of lidar-derived structural variables to
SIF variability, we developed a linear regression model for each struc-
tural aspect (e.g., canopy height, foliar distribution, horizontal
complexity, and vertical complexity). We used stepwise selection to
identify the simplest and yet most informative combination of variables
(Miller, 1984). This selection method performs multiple iterations by
dropping one predictor variable at a time. The Akaike information cri-
terion (AIC) of the models is computed and the model that yields the

E:J SIF grid cell

r '_ Indlgenous lands
# samples

Fig. 3. Example of SIF grid cell selection (intact at green, logged at blue and burned forests at orange inset) according to pixel mixture and availability of lidar
transect. Background images are NBR annual composites from 2019 (main map and intact forest inset), 2016 (logged forest inset) and 2010 (burned forest inset).
Lighter areas in the NBR image represent dense canopy cover, while darker areas represent low or no canopy cover. Degradation by fire or logging appears in
intermediate grey tones. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)
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lowest AIC is retained for the next iteration. Given a collection of models
for the data, AIC estimates the quality of each model relative to other
possible models, and thus, it provides a means for model selection (Aho
et al., 2014). To address multicollinearity, we excluded highly corre-
lated variables (r > 0.80) before model selection and confirmed that
each predictor in the final models showed the variance inflation factor
(VIF) less than 10. We also fitted regression models with the structural
predictors as fixed effects and disturbance condition (intact, logged or
burned) as conditional effects to test for the presence of interaction
between disturbance condition and the lidar metrics while predicting
SIF from structural attributes. Finally, we compared the two pairs of
models (with and without interaction) using Analysis of Variance.
Functions stepAIC, vif and anova from MASS (Venables and Ripley,
2002), car (Fox and Weisberg, 2019) and stats packages were used to
perform these steps. All statistical tests, analysis and plotting were
performed in the R statistical environment (R Core Team, 2019).

3. Results
3.1. Structural properties of intact and degraded forests

The structural properties of degraded forests, estimated using high-
density airborne lidar data, demonstrated greater changes for burned
versus logged areas, compared to intact forests (an example showing
eight-hectare samples for each disturbance class is presented in Fig. 4).
The most obvious effect of disturbance on forest structure is the decrease
of canopy heights of the disturbance classes, as depicted by the examples
in Fig. 4.

Logging was associated with a greater frequency of canopy gaps
(height < 7 m), but not overall shorter canopies (Fig. 4). Burned areas,
especially from Bl and B2 classes, showed significant decreases in
canopy height (with height modes of ~5 m, compared to ~20 m of
logged and intact forests) and changes in height distributions from
unimodal to bimodal due to mortality of tall trees and subsequent un-
derstory development (Fig. 4 and Fig. 5). Additional height metrics that
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describe the vertical structure of the forests (such as height percentiles)
were also affected by disturbance (Fig. S3): time since disturbance had a
negative effect on lower and mid-canopy (10th to 75th percentiles) of
burned forests but not at the top-of-the canopy (95th percentile), where
B2 class showed lower values than Bl. Logged forests did not show
consistency in height percentiles with time since disturbance. Overall,
both logging and fire disturbances introduced more variability in the
height metrics (Fig. S3).

Leaf area density of forests in Feliz Natal region decreased with
height (Fig. 5A). Overall, the vertical foliage profile of logged forests
showed the same shape of intact forests’ profiles. Forests logged 0 to 7
years prior to lidar acquisition showed greater leaf area density (LAD) in
the understory (up to ~7 m) and lower LAD in the mid-canopy (up to
~20 m). The older logging class overlapped intact forests in much of the
vertical profile, with slightly higher leaf area density at heights above
20 m. Transects of intact and older logged forests also presented similar
LAI distributions (Fig. 5B).

Burned forests showed large vertical variation according to the time
since disturbance, and none of the burned profiles resembled intact
forests’ profile (Fig. 5A). Forest burned in the last 7 years showed the
foliage peaks in the understory (0.75 and 0.6 m?® m~> at 3 and 7 m for B1
and B2 classes, respectively), and even the oldest burned class (B3)
showed lower foliage density (0.12 m? m~2) in the mid- to upper canopy
layers (> 15 m) than intact forests (0.25 m?m™3). The profiles of burned
forests clearly showed the canopy increasing in height over time. Pat-
terns of light transmission and absorption through the forest canopy,
which are strongly influenced by vertical leaf area distribution, were
also impacted by fires and logging: light transmittance was similar
among intact and logged classes, except for higher levels of light
reaching the understory of the more recent classes, whereas burned
forests exhibited different patterns of light transmittance according to
times since disturbance, attaining greater levels of light at lower depths
in the canopy (Fig. S4A). Absorption of light had a strong peak around
18 m height for intact and logged forests, whereas areas B1 peaked at
~4 m height, B2 peaked at ~8 m, and B3 peaked at ~10 m height
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Fig. 4. Lidar-derived canopy height models and associated density plots of 8-ha sample plots for each disturbance class.
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(Fig. S4B).

The total LAI varied dramatically among disturbance classes
(Fig. 5B), ranging from 0.5 to 6.5 m? m~2. Burned transects demon-
strated consistent LAI recovery with time since disturbance, with dif-
ferences between burned and intact forests diminishing with time since
fire. On the other hand, logged areas showed higher LAI than burned
forests with L1 and L3 not differing significantly from intact forests.
Even though not significant, L1 still tended to have lower LAI than intact
forests. Taken along with the results for L2, this implies a small but
consistent reduction in LAI with logging even after 7 years of recovery.

3.2. SIF at intact and degraded forests

Seasonal SIF as estimated by TROPOMI observations revealed
limited SIF differences among disturbance classes. The time-series of SIF
data showed seasonality, with SIF increasing toward the end of the dry
season (months with precipitation <100 mm) and peaking in the early
wet season, with a two-fold increase in intact forests signal. Regarding
the disturbance classes, B1 markedly differed from intact forests, with
lower values in the end of the dry season (Fig. 6A), whereas B2 showed
higher averages than intact forests after the SIF peak, despite over-
lapping confidence intervals (Fig. 6B). The other classes seemed to
follow the same seasonal pattern (Fig. 6C-F) as intact forests, however,
the latter showed a more stable signal, while L1, L2 and B2 classes
showed large variability in the estimates of the 16-days SIF averages,
likely due to the low sample size.

Given the notable seasonality of SIF, we also compared SIF values for
the dry and the wet season months, by pairing 16-day averages of
disturbed classes to intact forests’ 16-day averages (Fig. 7). A general
pattern is that in the wet period, SIF from disturbed classes was more
correlated with and usually higher than intact forest’s SIF. In the dry
season, intact forests have mostly higher SIF than disturbed forests, with
the most severely disturbed classes (e.g., Bl and B2) showing much
lower SIF. Across all classes and seasons, the older disturbance classes
(L3 and B3) showed the best agreement with intact forests (R? of 0.93
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and 0.90, respectively). We also found a consistent pattern of SIF from
disturbed classes being slightly lower than intact forest SIF during the
dry season and a reversed trend in the wet season, except for B1, that is
lower than intact forest in both seasons (Fig. 7). Moreover, the regres-
sion lines get closer to the 1:1 line with time since disturbance, indi-
cating SIF recovery.

3.3. Structural predictors of SIF

Structural variables partially explained SIF variability. The best
lidar-based model of SIF included canopy height descriptors (Table 5,
Fig. 8), with adjusted R? of 0.44, p-value <0.05, and RMSE = 0.067 mW
m? sr! nm™!. The mean and standard deviation of height, as well as
standard deviation of 25th and 95th percentiles were the most important
predictors of SIF according to this model. The model based on foliar
distribution predictors showed the second-best performance (p-value
<0.05, adjusted R? of 0.30, RMSE = 0.076). We note that the metric
sdVFP, the standard deviation of the vertical foliage profile, was the
strongest single predictor variable of SIF, accounting for approximately
22% of SIF variability (model results not shown). The models for hori-
zontal and vertical complexity showed poor performance and non-
significant coefficients. The variance inflation factor (VIF) of the pre-
dictors of all models were less than 10, indicating that they provide
independent information for SIF predictions.

The scatterplots of observed versus predicted values of the selected
models confirmed the different performance of the tested models
(Fig. 8). The correlation between observed and fitted values ranged from
0.71 (best model) to 0.17 (poorest model). An interesting pattern
emerged from the visualization of models’ results: SIF values of burned
forests’ samples were usually the highest, while SIF values from intact
and logged forests mixed at lower ranges of SIF.

We tested for the presence of interaction between disturbance con-
dition and the lidar metrics (in the canopy height and foliar distribution
models only) and found that the inclusion of disturbance condition on
the models led to improvements in SIF predictions (Table 6), increasing
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Fig. 7. Comparison of averaged SIF values between intact and disturbed forests across wet and dry seasons. Coloured lines represent the best fit, black dashed lines
indicate the 1:1 line, and grey bands represent 95% confidence intervals. Disturbance classes are intact forests (IN), 0-3 years (B1), 4-7 years (B2), and 8-14 (B3)
years after fires, and 0-3 years (L1), 4-7 years (L2), and 8-14 (L3) years after logging.
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Table 5

Equations, adjusted R? (Adj. R?), absolute root mean square error (RMSE), and F-statistic p-value of the tested models. The selected metrics are: mean (average of return
heights mean within the grid cells); sd (average standard deviation of return heights within the grid cells); sdP25 (standard deviation of 25th percentile of return
heights within the grid cells); sdP95 (standard deviation of 95th percentile of return heights within the grid cells); sdVFP (standard deviation of vertical foliage profile);
cvVFP (coefficient of variation of vertical foliage profile); LAIL (total leaf area index above 4.5 m); Rumple (Rumple index); CRR (canopy relief ratio); Gini: (Gini
coefficient of foliage structural diversity); Shannon (Shannon index); VCI (a fixed normalization of the Shannon index). For more details about the metrics, refer to
Table 2.

Model Equation Adj. R? RMSE Relative RMSE (%) p-value
Canopy height SIF = 1.507 + 0.207 * mean - 0.039 * sd - 0.169 * sdP25-0.058 * sdP95 0.44 0.067 20.6 0.0001
Foliar distribution SIF = 0.4609 + 1.1289 * sdVFP +0.0012 * cvVFP +0.0538 * LAI 0.3 0.076 31.9 0.0019
Horizontal complexity SIF = 1.213-0.005 * Rumple - 0.227 * CRR —0.03 0.094 134.1 0.6207
Vertical complexity SIF = 1.39 + 0.35 * Gini - 0.14 * Shannon - 0.24 * VCI 0.01 0.09 56.7 0.3604

Canopy height predictors Foliar distribution predictors Horizontal complexity predictors  Vertical complexity predictors
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Fig. 8. Observed versus predicted values of SIF as estimated by the models. Each dot represents the median value of SIF observations across the months of April-June
2018 and the SIF value predicted from lidar metrics for a given ‘pure SIF pixel’. Dashed line is the 1:1 line, and r values represent the Pearson correlation coefficient
between observed and predicted values.

disturbance class as an independent variable (i.e., disturbance impacts

Table 6 as mediated by structure alone).

Equations, adjusted R? (Adj. R?), absolute root mean square error (RMSE), and F-

statistic p-value of canopy height and foliar distribution including interactions. . .
4. Discussion

Model Equation Adj. RMSE  Relative p-
R? RMSE value . . .
) In this study, we used multi-source remote sensing data to assess the
effects of tropical forest degradation (fires and selective logging) on
Canopy height ~ SIF=1.418+0.152* 0.47  0.061 16.6 0.0007 .
with mean - 0.037 * sd - canopy structural attributes and SIF. Moreover, we modelled the
interaction 0.120 * sdP25-0.037 contribution of lidar-derived structural variables to SIF variability. Our
* sdP95 + 0.059 * results highlighted disturbance type and recovery time as important
bdcatLogged +0.211 drivers of forest structure and SIF. We also showed that forest regener-
;]:g;g?s;::ﬁ)o‘o:: ation can result in higher SIF, presumably due to structural, composi-
-0.042 N sdpgszgg tional and physiological changes. Canopy structural properties predicted
bdcatBurned about 44% of SIF variability, suggesting that canopy structure plays a
Foliar SIF = 0.6623 + 0.33  0.07 28.2 0.0075 significant role in mediating photosynthesis in degraded Amazon
distribution 0.3569 * sdVFP forests.
with +0.0014 * cvVFP
interaction +0.0326 * LAI -
0.0119 * bdcatLogged 4.1. Distinct responses of structure and SIF to disturbance
-0.0142 *
bdeatBurned Despite remarkable differences of structural attributes among intact
+0.0066 * LAL . . . .
bdcatLogged forests and forests regenerating from degradation (Fig. 4, Fig. 5, and
10.0268 * LAL: Fig. S3), their SIF seasonal cycles were unexpectedly similar, except for
bdcatBurned the recently-burned, B1 class. These findings likely indicate optimized

resource use by post-disturbance growing (which might include grasses)
and fire-resistant vegetation (Berenguer et al., 2018; Brando et al.,
2019). However, the rapid (3-6 years) restoration of SIF to pre-
disturbance values was not accompanied by restoration of the original
forest structure (Fig. 5). Spatial and temporal scales should be taken into
consideration when interpreting these results. SIF coarse grain size dif-
fers substantially from the lidar small footprint, but also does the tem-
poral and spatial variability of forest structural properties and
productivity. While forest structure changes slowly and at small scales,

the adjusted R? of the canopy height model from 0.44 to 0.47 and of the
foliar distribution from 0.30 to 0.33. RMSE from both models also
decreased slightly.

When we compared the two pairs of models (with and without
interaction) using Analysis of Variance, the results did not indicate a
significant improvement when accounting for the interaction (p-value
>0.2 for both comparisons). These results do not support the inclusion of
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forest productivity may change sub-daily and over larger extents.

The absolute height above ground for a given height percentile
metric was generally significantly lower in disturbed classes than in
intact forests (Fig. S3), with burned forests showing larger differences.
Forest degradation rearranged the vertical distribution of foliage, and
the resulting related patterns of light transmittance were remarkably
different in some cases (e.g., in the older burned areas, Fig. 5 and
Fig. S4). Meanwhile, SIF differences among the classes, when analysed
at the landscape scale, were minimal and associated with seasonality.
We raised some hypotheses to explain SIF seasonal patterns being
similar across degradation classes except for the recently burned sites
despite the forests being structurally different. First, species turnover is
higher in regenerating forests (Villa et al., 2018; Zhang et al., 2008),
which would delay recovery of vertical and horizontal structures. Sec-
ond, SIF signal may saturate rather quickly and may not be able to detect
more subtle differences. The SIF signal saturation may be related to
canopy structure, shadowing and re-absorption of the SIF radiation in
complex canopies, as discussed in the next section. Further research is
needed to fully elucidate SIF interactions in complex tropical forest
canopies and how canopy structure affects the subtle SIF signal that is
sensed by orbital platforms.

4.2. SIF variability related to disturbance

SIF time-series showed a clear seasonal signal (Fig. 6), with a peak of
photosynthetic activity in the early wet season, a trend similar to that
found by Doughty et al. (2019) and Kohler et al. (2018b) for the entire
Amazon. This phenomenon, related to the dry-season green-up in the
Amazon, has been widely observed and debated (Huete et al., 2006;
Kohler et al., 2018b; Tang and Dubayah, 2017; Wu et al., 2016). We did
not observe specific phenological shifts (e.g., changes in the timing of
peak SIF) with disturbance. Instead, we found depressed SIF values on
the most recent burned class starting early in the dry season and lasting
until the peak at the start of the wet season. The confidence intervals of
the recently burned areas mostly did not overlap with those from intact
forests during this period, indicating significant SIF differences, likely
due to the loss of photosynthetically active material (e.g., reduced LAI,
Fig. 5).

There was a consistent pattern of SIF from disturbed classes being
slightly lower than intact forest SIF during the dry season and a reversed
trend in the wet season (Fig. 7). This pattern may be due to the highly
productive species, typical of early- and mid-stages succession, that must
transpire substantially more to support rapid productivity but lack the
deep root systems to sustain high ET levels in the dry season (Brum et al.,
2019; Nepstad et al., 1994). These results are consistent with model
simulations from Longo et al. (2020) which predicted that severely
degraded forests (as is the case of our Bl class) experience increased
water stress with declines in ET and gross primary productivity during
the dry months.

In addition to the mechanisms we proposed to explain the SIF sea-
sonal patterns at degraded forests, other factors could be influencing our
results. The complex photosynthetic energy balance is also regulated by
air temperature and water availability (Porcar-Castell, 2011), thus the
higher temperatures and lower water availability in the heavily
degraded forests such as our B1 class during the dry season (Longo et al.,
2020) may be inducing heat release via non-photochemical quenching,
resulting in lower SIF. Besides canopy structure, the microclimate within
these forests may also be exerting influence on SIF. We showed that LAI
and foliage vertical distribution varies substantially across our distur-
bance classes (Fig. 5), which leads to the creation of differential vertical
microclimates. SIF and the absorbed photosynthetically active radiation
(APAR) contributions from the lower and middle part of the canopy are
likely higher in burned forests with a denser understory (Fig. S4), and it
remains elusive how they interact with the upper canopy and escape to
be observed by sensors in space. Lastly, due to the complex interactions
of SIF with the forest canopy, degradation status and SIF relationships
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across forest successional stages could be inconsistent. All those factors
deserve further investigation.

We showed that the impact of fires on structure and SIF is much
larger than impacts of selective logging. After the initial impact of fires
and start of plant development, forests regenerating from fires maintain
a high light-use efficiency (LUE, carbon fixed per unit light absorbed).
One possible explanation for this phenomenon is that early-succession
species (many of which are shrubs) are abundant in forests regenerat-
ing from fires, and have an ‘acquisitive resource capture strategy’, that
grow fast and require high light levels (Poorter et al., 2004). These
species develop cheap, short-lived leaves with high specific leaf area and
photosynthetic rates to achieve fast growth (Bazzaz and Pickett, 1980),
investing more of the absorbed PAR to fix carbon through growth and
photosynthesis (Both et al., 2019). Overall, the results of this study
support the hypothesis that both logged and burned forests can rapidly
(~ 4-7 years) recover productivity (e.g., Brando et al., 2019).

4.3. SIF and canopy structural complexity

We examined structural drivers of SIF in degraded and intact forests,
focusing on four canopy structural aspects: canopy height, foliar distri-
bution, and vertical and horizontal complexity. Although the existing
SIF literature has highlighted the influence of canopy structural attri-
butes, especially LAI, leaf angle distribution and fraction of sunlit leaves
in SIF emissions during photosynthesis (Frankenberg and Berry, 2018),
this is the first time that the contribution of structural variables to
tropical forests SIF variability is quantified explicitly.

The results of our modelling approach showed that the canopy height
metrics (mean and standard deviation of returns, and standard deviation
of 25th and 95th height percentiles) were the best set of explanatory
variables of SIF (adjusted R? = 0.44). Lefsky et al. (2005) found that a
combination of mean height of lidar returns, standard deviation of lidar
returns, and degree of canopy closure were sufficient to accurately
describe canopy structure of temperate needleleaf forests with strong
correlation to coincident field measurements of forest functioning, such
as LAI and aboveground biomass. d’Oliveira et al. (2012) found, for a
logged tropical forest site in the Western Amazon, that the variance of
lidar returns is related to both the variability of the canopy height and
openness to passage of lidar pulses through foliage and branches. Thus,
in this type of forest with highly variable canopy height, amplified by
the canopy disturbances caused by forest degradation and subsequent
regeneration, the standard deviation of lidar returns not only charac-
terizes canopy surface variability and permeability, but to a large extent,
canopy dominant height. These attributes are generic descriptors of
canopy arrangement, and the inclusion of similar metrics in our best
model suggests that they may perform as simplified proxies for more
complex process controlling light harvesting in tropical forests.

The inclusion of sdP25 (negatively correlated to SIF, r = —0.35) and
sdP95 (positively correlated to SIF, r = 0.25) metrics in the best canopy
height model is an indication of the role of disturbance in SIF-structure
relationships in our study area. These metrics are especially distinctive
in areas affected by fires: sdP25 is low because the understory in these
areas is homogeneously developing and constitute the greatest potential
of light absorption (Fig. 9, Fig. S4). P95 is a descriptor of top-of-canopy
height, and its standard deviation (sdP95) was greater in burned areas of
different ages (Fig. 9, Fig. S3). Although slightly improving model per-
formance, disturbance category was not a significant interaction term in
the regression model. The disturbance category is not independent from
the lidar metrics because most of the metrics contribute information
about structural changes caused by disturbance.

Our findings showed that logging and fires induced heterogeneity in
the canopy layering, and that this additional heterogeneity is also re-
flected in the variability of SIF, even though in an ambiguous manner.
The inclusion of standard deviation metrics in the best explanatory
models, and the facts that the standard deviation of the vertical foliage
profile (sdVFP) was the best single predictor of SIF and that burned areas
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Fig. 9. Relationship between SIF and sdP25, sdP95 and sdVFP lidar-derived metrics. The black line represents the best fit line.

showed high sdVFP (Fig. 9) with reduced LAI in some classes (e.g., B2,
Fig. 5) support this hypothesis.

Some mechanisms may be contributing to increased SIF in older
burned areas during the wet season: first, recently burned areas may
create niche opportunities for a grass flush (D’Antonio et al., 2001), and
grass LAI is likely undetected or underestimated by airborne lidar.
Second, SIF is primarily controlled by incoming PAR and, therefore, also
quite sensitive to shadows (Mohammed et al., 2019). Third, the canopy
structure of young forests is less complex and, therefore, the escape
probability of SIF photons is higher. Kohler et al. (2018b) argue that
increased SIF and the canopy scattering coefficient of cropland and
grassland areas might be explained by the rather less complex vegeta-
tion structure associated with an enhanced escape probability for scat-
tered and emitted photons. By analogy, this mechanism also applies to
the canopy of regenerating forests. We showed empirical evidence that
burned areas in advanced regeneration have a more homogeneous
canopy (Fig. 5A), and hence, they are expected to have less shadow.
Estimates of the sunlit and shaded leaves distribution at the time of SIF
observations, can be estimated with models such as Discrete Anisotropic
Radiative Transfer (DART), which could enhance the interpretation of
these results (Gastellu-Etchegorry et al., 2015; Morton et al., 2016).

Disturbance does not only change the physical arrangement of can-
opy elements, but it also alters tree functional composition as succes-
sional processes take place (Cochrane and Schulze, 1999; Ferry Slik
et al., 2002; Riiger et al., 2020), and these species have higher photo-
synthetic capacity compared to late-successional species (Dusenge et al.,
2015; Nogueira et al., 2004). In summary, there is a large amount of SIF
variability (~56%) not explained by the structural metrics employed in
this study that might be explained by plant physiology variables, as well
as community and demographic dynamics following disturbances and
their associated changes in structure. A recent model-based study by
Riiger et al. (2020) suggested that tree functional composition change
over succession (in terms of differentiation on growth-survival and
stature-recruitment trade-offs) can explain forest structural change,
highlighting the likely importance of community and demographic dy-
namics in forest transitions. In addition to leaf and wood traits, early-,
mid- and late-successional trees are also distinguished by differences in
canopy and whole plant architecture, features associated with light
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interception, tree growth rates, and vertical position within the forest
canopy (Sterck and Bongers, 2001). The assessment of canopy functional
traits related to plant function (photosynthesis, respiration, evapo-
transpiration) via image spectroscopy could help to clarify these ques-
tions (Asner et al., 2017; Schimel and Schneider, 2019).

We expect that regeneration following forest degradation will lead to
increases in canopy complexity and SIF through time as observed in
intact or second-growth forests (Gough et al., 2019; Hardiman et al.,
2011). However, the pathways of regeneration and the resulting canopy
structures in degraded tropical forests are more diverse and mostly
poorly understood (Longo et al., 2020; Norden et al., 2015).

4.4. Limitations and prospects of the study

This study combined orbital and airborne remote sensing data to
assess the relationship between forest structure and SIF. Despite sub-
stantial differences in the spatial resolution of the SIF (~ 5.5 km reso-
lution) and small footprint airborne data (~ 30 cm footprint) and
differences in the total area surveyed by the lidar transects compared to
the TROPOMI footprint, we made a fundamental assumption that the
lidar transects are representative of the vegetation captured in the SIF
data, and we took steps to minimize SIF pixel mixture. However, some
significant differences in forest structure were not translated into dif-
ferences in SIF, for instance, significantly lower LAI in the L2 class
compared to intact forests did not show corresponding differences in the
SIF data. There is a possibility of omission errors if selective logging is
causing a change in SIF that we cannot detect because of both the subtle
signal and the pixel purity issue. However, ground based studies (e.g.,
Miller et al., 2011) show that low intensity logging has a small effect on
productivity and hence it probably has a small effect on SIF as well.
Overall, we found that SIF alone was not sufficient to distinguish be-
tween intact and most of the anthropogenically disturbed forests, but the
use of SIF data in conjunction with another dataset leveraged its po-
tential. The advent of new SIF products with finer spatial resolution in
the future and larger availability of lidar data such as the ongoing Global
Ecosystem Dynamics Investigation (GEDI) orbital mission (Dubayah
et al.,, 2020) or more extensive airborne lidar data acquisitions could
bridge the gaps between those scales and further advance or refute our
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findings.

The sample size was also affected by the availability of lidar data and
by the scale mismatch between SIF footprint and degradation polygons,
especially logging. The most recent disturbance classes (L1 and L2, Bl
and B2) comprise only four years each, leading to a smaller sample size
compared to the L3 and B3 classes (Table 4) and consequently, larger
uncertainty in structure and SIF estimates (Fig. 5B, Fig. 6). The adoption
of the 70%-pixel purity threshold for each class was an attempt to tackle
this issue, but we were still able to run comparative SIF analysis of
degraded areas versus non-degraded areas and detected some differ-
ences. The mixing just diluted the signal contrast between the degraded
versus non-degraded conditions.

An interesting aspect that arose from the lidar metrics was that top-
of-canopy height and total LAI were in some cases lower in L2/B2 than
in L1/B1. At this point, it is uncertain whether the low sample size or the
LAD height threshold that we adopted (4.5 m, that may increase LAD
uncertainty at areas with high understory density) are driving this effect.
Other plausible causes could be the increased mortality of large trees in
the post-disturbance period, a well-documented phenomenon that oc-
curs in degraded Amazon forests (Brando et al., 2019; Schulze and
Zweede, 2006). The occurrence of multiple disturbance events, severity
of burns, and intensity of logging, aspects that have not been addressed
in this study, could also be confounding our results.

An additional potential driver of uncertainty of this study is the
temporal mismatch between remote sensing data acquisition dates and
time of disturbances. Lidar collections follow contract schedules, while
fire season and logging activities are usually related to the dry season in
the Amazon. For instance, a lidar acquisition in April will not include
most of the logging and fires disturbances for that year. Although we
visually confirmed the degradation status of lidar transects based on the
CHM, our disturbance classification still holds some degree of subjec-
tivity, as we do not have a measure of classification accuracy. Moreover,
for each pixel and band, the LandTrendr-based disturbance history
classification selects the median value of all images considered in a year
(Kennedy et al., 2010). Annual composite images based on such
approach will likely fail to detect degradation events that happen late in
the dry season of a given year, detecting them in the following year only.

5. Conclusion

Our study employed a combination of airborne lidar and SIF data and
highlighted differences in ecosystem structure and function in a broad
array of degraded sites. SIF showed positive or negative changes in
degraded forests based on recent degradation and recovery history. By
using spaceborne assets of forest function, our results show that com-
bined observations improve our ability to detect the regional effects of
forest degradation and indicate that anthropogenically disturbed forests
can capture large amounts of carbon while recovering.
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