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Abstract: The ability to measure the ecological effects of understory fire in the Amazon on a landscape
scale remains a frontier in remote sensing. The Global Ecosystem Dynamics Investigation’s (GEDI)
LiDAR data have been widely suggested as a critical new tool in this field. In this paper, we use the
GEDI Simulator to quantify the nuanced effects of understory fire in the Amazon, and assess the
ability of on-orbit GEDI data to do the same. While numerous ecological studies have used simulated
GEDI data, on-orbit constraint may limit ecological inference. This is the first study that we are aware
of that directly compares methods using simulated and on-orbit GEDI data. Simulated GEDI data
showed that fire effects varied nonlinearly through the canopy and then moved upward with time
since burn. Given that fire effects peaked in the mid-canopy and were often on the scale of 2 to 3 m in
height difference, it is unlikely that on-orbit GEDI data will have the sensitivity to detect these same
changes.
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1. Introduction

The Amazon rainforest is undergoing forest loss and fragmentation due to interactions
between land clearing, agriculture, logging, and fire [1–5]. These interactions have complex
temporal variations due to coupling and decoupling of land clearing and fire across decades
and geopolitical boundaries [6]. Land use and climate also cause positive feedback loops in
fire return intervals [7,8]. In high drought years, such as the 1998 El Nino cycle, the area
burned by understory fire alone surpassed the average annual burned area by a factor of
13 [9]. Threats such as deforestation and drought are continually increasing [10]. Given
the capacity of tropical rainforests to sequester tons of carbon per year [11,12] and house
unparalleled biodiversity [13], it is imperative that we fully understand the consequences
of this altered fire regime.

Forest fires occur across a range of scales and severities. While stand-replacing events
garner the most attention, understory fires in the Amazon accounted for a comparable
number of fire events in 2020 and covered large areas [14]. Further, understory fires
have been documented to decrease living tree density by as much as 36% and cause local
extirpation of rare species, decreasing species richness up to 30% in tropical rainforests [2].
The dynamics of understory fires are complex; the slow spread of low-intensity fire through
the forest floor yields spatial and temporal variation in standing structural responses [15].
Often, the initial impacts of understory fire are restricted to saplings and understory
vegetation, but with time the delayed mortality of trees results in a pronounced loss of
standing live biomass. These effects can persist years into the future, with large tree
mortality taking up to 8 years [16,17].
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Further complicating these dynamics are the influences of edge effect. Forest edge
effects are pronounced in the Amazon basin. Biomass is usually lower on forest edges com-
pared to the interior [18], vegetation community composition changes due to competition
and invasion [19], and structure varies dramatically [20]. Historically, fire in tropical forests
has been constrained to edges where forest and savannah meet, rarely penetrating interior
forests [8]. However, this pattern has been challenged by increasing drought, fragmentation,
and grazing pressures coupled with growing human ignition sources [21]. Despite fires
penetrating interior forests more often, the behavior of fire and the resultant ecological
impacts vary between forest edge and interior forest [22], with higher severity reported on
the forest edge. While we have been able to study empirical relationships between fire and
forest structure in case studies, our ability to directly measure forest structure with global
remote sensing technologies has been limited. Moreover, with the overall area of forest
edge increasing annually and an everchanging patchwork of fragmentation, it is imperative
to understand fire effects at the landscape level.

One of the biggest challenges in evaluating the effects of fire on forest canopy structure
is the paucity of comprehensive three-dimensional forest structure data. The method-
ological tradeoff between having comprehensive spatial coverage and integrating a three-
dimensional view of forest structure has constrained previous studies. Field studies and
fine-scale aircraft-borne light-ranging and detection (LiDAR) systems are highly reliable but
are spatially constrained due to financial and logistical limitations. While spectral indices
such as the change in normalized burn ratio (dNBR) [23] derived from Landsat or MODIS
satellites achieve global coverage, they sacrifice a three-dimensional view and have been
criticized in the measurement of understory fires specifically [24]. Applications of LiDAR
to fire severity mapping have emerged as a frontier in the field of remote sensing [25,26],
given the promise they have shown in quantifying ecologically relevant measurements
of fire severity. These measurements have taken different forms but overall rely on an
integrated area under a curve of LiDAR return [25,26] (Section 2.5.3). However, the im-
plementation of such measurements has been restricted to small areas. In this study, we
assess the viability of implementing such a burn severity measurement on a larger scale by
utilizing an emergent form of satellite LiDAR. Recently, numerous studies have pointed
to the Global Ecosystem Dynamics Investigation (GEDI) LiDAR as a possible solution to
bridging this gap between spatial and dimensional coverage [26–31].

GEDI is the first satellite LiDAR system optimized to measure three-dimensional forest
structures with a near-global extent [32]. These data are “large-footprint” LiDAR data,
meaning that the raw data collected are a waveform representing the vertical distribution
of vegetation structure for a 25-m-diameter footprint. These footprints are collected in eight
parallel tracks as the International Space Station orbits Earth [33]. Due to this collection
method, GEDI does not resample points but instead collects samples that increase sample
density with time. GEDI measurements are available at different levels of processing, from
vector data, including raw geolocated waveforms, relative height curves, and plant area
index (PAI) measures, to gridded metrics of plant area index, relative height, and biomass
estimates (see Section 2.4.1 for details).

Despite the significant advances that GEDI represents, we know that GEDI data accu-
racy varies both spatially and through canopy layers [34,35]. Forest edges and fragmented
habitats exacerbate the challenges of geolocation error [36], and GEDI data accuracy de-
creases from the upper to lower canopy [35]. While we have information on how fire
affects trees of different diameters [2,37], overall biomass [2,31,38], and average canopy
height [22,39], it is not clear how this relationship directly translates to GEDI’s large-
footprint format.

Given these challenges, in this study, our objectives are to assess (1) how vertical
canopy structure changes in response to understory fire, (2) whether an easily derived
metric can meaningfully quantify stand-level burn severity, and (3) whether on-orbit GEDI
data possess the sensitivity and accuracy to detect the changes measured in Objectives 1
and 2. To answer these questions, we use simulated GEDI data [40] and previous accuracy
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assessments [35] to compare fire effects measured in Objectives 1 and 2 to a regional
accuracy assessment of on-orbit GEDI data to inform Objective 3.

2. Materials and Methods
2.1. Concept and Workflow

As a baseline, we employed well-validated airborne laser scanning (ALS) measure-
ments from a previous study of the effects of four different previously documented under-
story fires on vegetation structure in Acre, Brazil [39]. That study quantified the overall
change in average ALS height return and sampled forest composition by DBH classes [39].
We took a complementary and comparative view of these same fires through the lens of
large-footprint LiDAR data. Fine-scale ALS data were used to simulate the corresponding
large-footprint GEDI metrics of interest (Figure 1) [40]. Using simulated data allowed us to
assess how the vertical canopy profile was influenced by fire, while eliminating the influ-
ence of measurement error that we knew existed in on-orbit GEDI data [35]. The changes
in vertical distribution could then be compared to the previous regional measurements
of GEDI error magnitudes to assess whether on-orbit GEDI data had the accuracy and
sensitivity to detect the same changes seen in simulated data (Figure 1).
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Figure 1. Workflow for data processing and conceptual basis for comparison between burned and
unburned forest and between results from simulated GEDI data with regional GEDI accuracy [35].

2.2. Study Area

The regions of interest fell within the state of Acre in southwestern Brazil (Figure 2).
Study sites covered two distinct forest types: Bonal and Rio Branco (RIB) are open sub-
montane rainforests with bamboo, while Humaitá and Talismã are dense submontane
rainforests with emergent canopy [39]. These sites were chosen given the baseline investi-
gation of the effect of fire on LiDAR response in Sato et al. (2016). Rio Branco and Humaitá
were both disrupted by an understory fire in 2005, while Bonal and Talismã experienced an
understory fire in 2010. All sites were then sampled by ALS LiDAR in 2013, giving a matrix
of time post-burn and variation in forest type between sites (Table 1). These variations in
the time since burn and forest type provided added nuance to the results of our analysis,
and general trends among groups were considered in the interpretation of the results.
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Table 1. Breakdown of the nuances of burned areas by forest type and year burned.

Forest Type
Dense Submontane Rainforests

(Emergent)
Open Submontane Rainforests

(Bamboo)

Burned
2010 Bonal Talismã
2005 Rio Branco Humaitá
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Figure 2. Study area and individual sites with distance from edge classifications with stratified
random samples overlayed by burn class (red being burned, green being unburned) within burn
parameters.

2.3. Data Inputs
2.3.1. Airborne Laser Scanning Data

ALS data were acquired in 2013 by the Sustainable Landscapes Brazil project [41] and
are all open-source and freely available through the Oak Ridge National Laboratory (ORNL).
Data were pre-processed as part of this project to filter noise, and were geolocated and
corrected for the misalignment of overlapping flights [41]. The average spatial resolution
was ~10 points per m2, and the total area covered was 2600 ha: Bonal (600 ha), Talismã
(500 ha), Humaitá (500 ha), and Rio Branco (1000 ha) (Table A1).

2.3.2. GEDI Simulation

Differences in vertical canopy structure between burned and unburned forest were
quantified using two large-footprint LiDAR metrics: plant area index (PAI) and relative
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height (RH) curves. The randomly generated points were used for footprint centroids, and
the corresponding ALS data were passed through the GEDI simulator algorithm to create
25-m-diameter footprints [40], corresponding to the GEDI L1B data product (Figure 3).
Waveforms were further processed to derive the canopy height profile quantified by the
GEDI relative height (RH) curve (GEDI L2A data product). This was performed at 1% step
intervals based on the Gaussian ground finding algorithm [42]. Plant area index (PAI) was
also simulated to represent the GEDI L2B data products [43] (Figure 3).
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Figure 3. ALS footprint of 25 m, with corresponding simulated GEDI waveform (orange), relative
height curve (black line), and PAI values for three different sites. Arial imagery provides insights into
the condition of each footprint. Row A represents interior, largely undisturbed forest. Row B shows a
footprint at the forest edge (abutting an agricultural field) with tall emergent trees, but the density
of plant growth is thinned out by disturbance. Row C is a relatively short, young forest with dense
regrowth near the forest edge.

PAI has the benefit of easy interpretation, given its intuitive breakdown into height
classes. PAI values were calculated for binned sections of the canopy by height in 5 m
intervals (0–5 m, 5–10 m, . . . , 60–65 m), and the PAI value was a measure of the total
estimated area covered by plant matter per ground area (m2m−2) within each bin.
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Relative height metrics were calculated from a normalized cumulative distribution
function of the waveform return, so that a height return represents the height above the
ground at which a given percentage of the total waveform energy has occurred. For
example, 50 percent of total waveform energy (denoted RH50) and the associated height
return value represent the point in the relative height curve where 50% of the cumulative
waveform energy has occurred (Figure 3) [35,44,45]. RH curves benefit from this normalized
scale as it allows height return measurements to be compared across samples regardless
of total canopy height (a limitation of PAI). This comparison provides insight into the
relative change in distribution of the canopy as scaled from 0 to 100% of the canopy signal.
RH measurements’ application is far-reaching; RH values are strongly associated with
canopy structure and structural diversity, and are strong predictors of biomass [46–48].
Other studies have found RH metrics to be highly significant in identifying disturbance
and classifying forest types [45,46]. Several RH metrics have established meanings based
on the previous literature. RH98 measures total canopy height. RH50 represents the height
above the ground at which half of the energy has been returned (the height of median
energy) [46]. RH10 has proven to be sensitive to disturbance in past studies and has
associated ecological interpretations (Table 2) [45]. Overall, positive changes in RH height
returns are strongly associated with canopy growth, and decrease with loss. Additionally,
the relative height comparison results can be more easily compared to regional GEDI error
estimates (Section 2.5.3).

GEDI calibration can lead to negative height return values at the bottom of the RH
range (e.g., below RH10). This is caused when the ground returns a significant portion of
the laser energy [49]. We used the truncation method consistent with similar studies [50] to
convert all negative values to NA, representing the ground.

Table 2. Description of metrics of interest and their ecological relevance.

Metric Definition Derivation Ecological Relevance Units

Relative height
percentile (RH%)

Percent of total waveform
energy (0 to 100%)

Normalized cumulative
distribution of the raw

waveform (x-axis)

Scales forest canopy distribution to a
standardized scale to allow for

comparison between sites of
different total heights

%

Height
return

The height above the ground
at which a given percentage

of total waveform energy
(RH%) has occurred

Normalized cumulative
distribution of the raw

waveform (y-axis)
Same as above meters

Height of RH98 Top of canopy Same as above Decreases in canopy height indicate
death or removal of tallest trees meters

Height
return of RH50 Height of median energy Same as above

A shift in the median canopy
height [46], and linearly related to

biomass estimates [47]
meters

Height
return of RH10 Height of 10% energy return Same as above

Decreases in RH10 are often
associated with decreasing canopy
density; negative values indicate

that >20% of laser energy is hitting
the ground [45]

meters

Plant area index

An estimated measure of one
half of the area of total plant
matter for a given height bin

per unit of ground

Algorithmically derived
metric base on the sensor

viewing angle and canopy
gap probability

Describes the distribution of plant
matter in 5-m-height classes

throughout the canopy
meters2

meters2

2.4. Sampling Design

To control for the influence of edge effect, we employed a stratified random sample of
points to use as centroids for simulated GEDI footprints. The stratified sampling considered
burned and unburned as binary classifications (Section 2.4.1) and the distance from the
forest edge (Section 2.4.2). Thirty points were randomly generated with a minimum
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distance of 60 m between points for each combination of edge zone and burn classification
(Figure 2). The size and spatial configuration of burned areas sometimes did not allow 30
random points to fit. In these instances, the non-burned sample was randomly resampled
to match the burn sample size. For some areas, this amounted to more points than others
due to spatial configuration and the number of zones present based on distance from forest
edge. However, the distribution of points between burned and unburned edge zones was
constant (Table 3).

Table 3. Stratified sample numbers for burned and unburned areas by distance from forest edge class
across study areas.

0–250 m 250–500 m 500–1000 m 1000+ m
Burned Unburned Burned Unburned Burned Unburned Burned Unburned

Bonal 30 30 30 30 23 23
Talismã 8 8 30 30 30 30

Humaitá 9 9 30 30 23 23
RIB 15 15 30 30 30 30

2.4.1. Fire Mapping

Burn scar perimeters were originally digitized by Sato et al. (2016) using a multistage
approach. They first utilized the Moderate Resolution and Imaging Spectroradiometer
(MODIS) eight-day averages to delineate course resolution changes throughout the fire
season (June to November), and then added Landsat 5 and Landsat 7 imagery and linear
spectral mixture models to improve spatial resolution. The Sato et al. (2016) burn scar
delineations serve as the basis for classifying burned and unburned samples. We geo-
referenced the Sato et al. (2016) polygons to the ALS boundaries and utilized top-down
digitization to recreate the burn perimeters. We also buffered the boundaries of the burn
scars by 60 m (the along-track spacing of GEDI footprints) in either direction to reduce the
chance of misclassification and limit spatial autocorrelation of adjacent points along the
burn perimeter. Digitizing the Sato et al. (2016) site-specific burn perimeters as opposed
to a more general fire-mapping data product (e.g., MODIS monthly burned area [51] or
MAPBIOMAS burned area [52]) allows for direct comparison between studies. The MODIS
and MAPBIOMAS products also yield different delineations of burned areas and appear to
miss large portions of the fire scar polygon.

2.4.2. Forest Edge Classification

Sampling zones based on distance from the forest edge from the year of ALS acquisi-
tion (2013) controlled for the influences of edge effect. The forest/non-forest classifications
were generated using a supervised minimum distance classification [53] of Landsat 8 Level
2 images (USGS) from 1 January to 31 December 2013, in Google Earth Engine [54]. Images
were masked to remove cloud cover, and band medians were taken across all images from
2013 to produce a final image for classification. Areas of forest and non-forest were digitized
top-down around the ALS sites, and training classes were tuned iteratively based on visual
inspection. Overall, the classification was able to pick up the presence of small clearings
and roads that were missed by other land cover data products. The small clearing and roads
greatly impacted the distribution of distance from edge measurements. Euclidian distance
from non-forested patches was calculated, and binned intervals were created with unequal
breaks based on the nonlinear relationship between distance and edge effects [19,55]. These
intervals represented the zones for stratified random sampling and resulted in 4 classes
with the ranges 0 to 250 m, 250 to 500 m, 500 to 1000 m, and 1000+ m.
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2.5. Statistical Analysis
2.5.1. Objective 1: Measure Changes in Canopy Structure

Wilcoxon’s unpaired two-sample signed-rank test was used to measure the estimated
difference in medians and the 95% confidence intervals of PAI values for each height bin
between burned and unburned samples at each site [56]. Wilcoxon’s test was chosen given
the non-parametric distribution of the data. The tallest PAI height classes (above 45 m) had
small sample sizes that were not viable for statistical tests (Table A2).

Negative binomial generalized additive models (GAMs) were used to assess whether
the distribution of the relative height curve exhibits different trends between burned and
unburned forest at each site individually [57]. The GAM for each site was given height
return as the response variable and a smoothed spline for the interaction between the
percent of waveform energy returned (RH%), with burn status as the predictor variable.
To assess whether the interaction of burn status is a significant predictor of height returns
throughout relative height percentiles, we analyzed the variance (ANOVA) in the model
predictors [58].

To assess the relative response throughout canopy layers, we took the difference be-
tween the two predicted GAM fit lines (unburned–burned). A positive difference indicated
that the unburned height return was higher than the burned height return at a given rela-
tive height percentile. This difference curve was then compared across the percent of total
energy return gradient, with significance assessed as whether the 95% confidence interval
intersected with zero. Because the height returns associated with lower canopy measure-
ments were inherently smaller than those at the top of the canopy, we also converted these
estimates to percent change. Percent change or relative change were calculated as the
difference between GAM fit lines divided by the average height return at each percent of
total energy return throughout the canopy.

2.5.2. Objective 2: Quantify Fire Severity

While GEDI does not resample points, it does have orbital crossovers that resample
regions through time and, as such, there is the potential to look at the change in response
to fire at the stand level. This application tests the potential for the stand-level assessment
with a space-for-time substitution. The general approach of Hu et al. (2019) was to take
an integrated area under the normalized profile curve of height percentiles from pre- to
post-burn. The change in area under these two curves from pre- to post-burn measured
the overall effect of the fire on the forest structure or the fire severity. To derive a fire
severity metric from large-footprint LiDAR data, we proposed to modify the methods used
in Hu et al. (2019) to apply them to the relative height values given by GEDI. GEDI’s L2A
dataset’s relative height curves were broken down into steps of 1 percentile instead of a
continuous curve.

While integration is computationally expensive, and in anticipation of potentially
applying this method across a large GEDI dataset, we proposed to use a summation of all
positive values of RH as an approximation of the same method.

RHint =

98∫
i=0

f (RHi)dRHi ≈ RHsum =
98

∑
i=0

RHi

This metric (RHsum) was calculated for each point in the dataset and analyzed for
a difference in medians between the burned and unburned forest. This analysis was
performed for each fire area using an unpaired two-sample Wilcoxon’s signed-rank test [56].

2.5.3. Objective 3: Assess Applicability of On-Orbit GEDI

The accuracy of on-orbit GEDI data is constrained by factors including geolocation
errors, canopy height, density, and cloud cover. Several efforts have focused on establishing
regional error rates and identifying drivers of these accuracy challenges [35,50,59,60]. By
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comparing the results from Objective 1 and 2 to Amazonian regional error magnitudes
established in East et al. 2022, we could infer whether on-orbit GEDI has the sensitivity to
capture the same results. The GEDI accuracy metrics of interest were based on comparing
on-orbit GEDI data relative height curves to simulated GEDI relative height curves from
across the Brazilian Amazon. These metrics included R-squared, root mean squared error
(RMSE), mean absolute error (MAE), and absolute bias. R-squared is the most challenging
to interpret directly in comparison to the data given that they do not share units but, instead,
the R-squared values illuminated a general trend in the agreement between GEDI data and
validation data. RMSE, MAE, and absolute bias were all measured in meters. RMSE and
MAE measured the average expected error in the height return for a given percentile of
energy return of on-orbit GEDI data. Absolute bias values indicated the skew of the on-orbit
GEDI data compared to the validation data. We used absolute bias for scaling reasons
because GEDI underestimates values leading to negative bias values. Error calculations
came from a GEDI-ALS data comparison that utilized the same GEDI simulator program
used in this application. Notably, this simulator also has inherent sources of error, so the
actual error values are likely slightly lower than the data presented.

For Objective 1, the results of the difference between GAM fit lines for burned and
unburned samples (e.g., the average change in relative height curve) were plotted and
compared to the rates of GEDI R-squared, MAE, RMSE, and bias.

For Objective 2, the average differences in RHsum were also compared to the MAE,
RMSE, and R-squared values for that metric as measured in East et al. (2022). In the accuracy
assessment, there were multiple scenarios of data accuracy. Generally, the accuracies were
higher in data with a simulated geolocation correction, and these are the numbers presented
in this analysis.

3. Results
3.1. Changes in Canopy Structure
3.1.1. Plant Area Index Response

Across the analysis, the values of PAI and average height returns are decreased in
burned sites. Sites that were 3 years post-burn (Bonal and Talismã) showed strong evidence
of the greatest differences between burned and unburned PAI in the height bins from 5
to 10 up with significant differences in all height classes from 5 to 25 m (p-value < 0.001)
(Figure 4). Bonal exhibited significant changes even higher into the 25-to-30-m-height class.

The 8-year-post-burn sites did not show the same significant differences in the lower
canopy. Rio Branco had weak evidence of a difference in PAI values (p-values < 0.05) in the
20-to-25- and 25-to-30-height bins and no statistical differences anywhere else in the canopy
(Figure 4). Humaitá shows evidence of a difference in PAI between burned and unburned
sites in the 5-to-10-m-height bin, with unburned forest appearing higher than burned forest.
There is weak evidence for the same trend in the 20-to-25-m- and the 25-to-30-m-height
classes.
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Figure 4. Differences in density distributions for burned and unburned samples of PAI measurements
broken down by height class for individual sites. Colored bars represent median values for the
different distributions. Stars in the upper right corners of each plot represent significance (p-value) in
difference between medians (* <0.05, ** <0.01, *** <0.001, **** <0.0001). Note that each plot axis is on a
different scale.

PAI difference shows a consistent trend in the 3-year-post-burn sites. The greatest
estimated PAI differences (up to 0.45 m2m−2) start in almost the bottom of the canopy
(5–10 m). The size of the PAI differences decreases into the upper canopy (Figure 5). This
signal is less pronounced in the 8-year-post-burn sites, where the confidence intervals
surrounding difference estimates are wider, but there are consistent differences in the
canopy’s 20 to 30 m range (Figure 5).
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3.1.2. Relative Height Curve Response

Relative height values are highly variable throughout the canopy, but the density
distribution of these points shows that unburned samples are, on average, higher than
burned samples (Figure 6). All of the generalized additive models identified the interaction
of burn status and percent of waveform energy as being highly significant in predicting
height for a given percentile (p-values < 0.0001). The deviance explained by the GAMs
ranged from 67.2% (Rio Branco) to 74.5% (Bonal).
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Figure 6. Left column graphs depict density distribution plots of height returns at relative height
percentile (RH) slices through the canopy broken down by burn status (burned in green and unburned
in orange) and by study site. The right column graphs are in the same scale and color scheme but
have fitted GAM curves and 95% confidence intervals overlaying all rh data points at each study site.

GAM fit lines reveal variability in canopy response throughout the canopy layers
between sites (Figure 7). There are also two distinct shapes to these differences: peak and
plateau. A peak is where there is a singly defined point of greatest difference between the
fit lines, while a plateau shows a region of greatest difference that is consistent between
two points.

The greatest difference between fit lines occurs in the Bonal site, where the height
returns of unburned areas are as much as 6.6 m higher than burned samples. Bonal shows
a plateau-shaped distribution with an area of maximum difference between two peaks, one
at 48% of total energy retuned (RH48) and the other at 80% of total energy retuned (RH80),
with an average value between them of 6.53 m (Figure 7). Talismã has a plateau of greatest
difference falling between two peaks at 39% and 69% of total energy retuned (RH39 and
RH69). The peak at 39% is lower but statistically indistinguishable (3.16 m difference, 95%
CI 2.8–3.6) than that at 69% (2.95 m difference, 95% CI 2.3–3.6). The average between these
points was 3.02 m. In both cases, this results in a decrease in the height of median energy.
The top of the canopy appears to have less difference than the mid and lower canopy within
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the more recent burns. Talismã does not show a significant difference between burned and
unburned classes above 95% of total energy returned.

The more recent burns (Bonal and Talismã) have a plateau response curve, while the
sites that are eight years post-burn (Rio Branco and Humaitá) show a peak of greatest
difference (Figure 7). Rio Branco shows a single peak at 73% total energy return (2.99 m
difference, 95% CI 2.16–3.80). Humaitá shows the greatest difference at 78% total energy
return (3.9 m difference, 95% CI 3.06–4.73). While the differences in the older burned sites
have a skew toward the upper canopy, the top-of-canopy measurements of change still do
not appear to be significant. In the case of Humaitá, the differences are not significant until
RH97 and below, while for Rio Branco, differences are not significant below RH2 or above
RH96.
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Figure 7. Differences between GAM fit lines with 95% confidence interval bands. Positive differences
indicate that unburned forest has higher height returns than burned. Band color indicates significance
as measured by whether the CI overlaps 0, blue indicates significant differences, and red indicates no
significant difference.

Looking at the same responses as percent change in canopy height (Figure 8), there
were similar differences between the fires based on time since burn. In both three-year-
post-burn sites, there is an inverse relationship between percent change and percent of total
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energy return. Percent change shows a continuous decrease moving up through the canopy
except for the lowest percentile values where there is a high density of ground returns,
and the confidence intervals become wide. While Bonal shows much greater differences in
height returns in the raw difference calculation, when scaled by average unburned height,
the percent change was very similar between Bonal and Talismã (Figure 8).

Comparatively, in the eight-year-post-burn sites, we still see the greatest percent
change in the lowest energy return percentiles for Humaitá, but both trends show a flatten-
ing between ~30% and 75% of total waveform energy. Rio Branco has a very low percent
change throughout canopy layers, while Humaitá shows an increase in percent change
in the lower canopy, similar to the 3-year sites. In all of the percent change trends, there
was a degree of volatility in the lowest parts of the canopy due to the increasingly small
height returns associated with these energy percentiles as they approached zero. As such,
the highest percent change was in the very bottom of the canopy.
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3.2. Fire Severity

Fire severity measurements (RHsum) show the largest differences in Bonal. Burned
Bonal samples have a difference in median RHsum value of 501 lower than unburned
samples (95% confidence interval, 336 to 639, p-value < 0.0001) (Figure 9). Talismã has an
estimated difference in median of 229 m (95% confidence interval, 65 to 390, p-value = 0.006).
Comparatively, the evidence for a true difference in medians was not as strong for the
eight-year-post-burn areas. The difference in medians between burned and unburned areas
was 171 m for Rio Branco (95% confidence interval, 1 to 343, p-value = 0.04) and 231 m for
Humaitá (95% confidence interval, 77 to 338, p-value = 0.004).
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Figure 9. Density distributions for RHsum values, an indicator of fire severity, across fires between
burned and unburned samples for four sites. Vertical lines represent median values.

While the difference in RHsum for Bonal is greater than all of the other sites, the values
for Talismã, Rio Branco, and Humaitá are all very similar despite the consistent differences
found between the 2010 fires (Talismã) and the 2005 fires (Rio Branco and Humaitá).

3.3. Applicability of On-Orbit GEDI
3.3.1. Burn Severity

In comparing the measured changes in RHsum, in the most severe fire (Bonal), the
difference in medians of RHsum is 501 (95% confidence interval, 336 to 639). For this region,
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even under ideal accuracy scenarios, we expect an RMSE for RHsum of 423, which is within
the 95% confidence interval of Bonal, and greater than the differences in the other three
fires. As such, this easily derived fire severity metric is likely unsuitable for on-orbit GEDI
data, even at the stand level.

3.3.2. Forest Structural Change

The measurement error in GEDI RH intervals was high, relative to differences in
structure between burned and unburned stands for most stands and height intervals. The
exception was Bonal, where the observed differences exceeded GEDI’s estimated RMSE
and MAE. The lower confidence interval around the Bonal response curve crosses the
GEDI RMSE curve between 30 and 82% of total waveform energy return (RH33 and RH82)
(Figure 10). Thus, we can infer that on-orbit GEDI data may detect the greatest structural
differences in the Bonal fire. However, the effects of fires at the other three sites are more of
a challenge. GEDI absolute bias values are largely below the differences detected in the
three sites. The nonlinearity of bias in the lower canopy has the potential to distort the
shape of the overall response curve.
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line) [35]. Note that the forest structural differences, GEDI RMSE, MAE, and bias are all measured 
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Figure 10. Comparison between the fire-induced forest structural change (colored line and confidence
intervals), and the GEDI accuracy estimate measurements from East et al. 2022: root mean square
error (solid black line), MAE (thick dashed line), bias (dotted line), and R-squared (dashed line) [35].
Note that the forest structural differences, GEDI RMSE, MAE, and bias are all measured in meters,
while R-squared is on a unitless relative scale.

4. Discussion
4.1. Fire Effects

Burned samples were reduced in PAI and RH compared to unburned samples, espe-
cially in mid-canopy height ranges. Only the Bonal fire appears to have had any change in
the top of canopy height as measured by RH98, while all fires showed the largest decrease
in the mid to upper canopy, and a consistent decrease in height of median energy RH50.
The decrease in median height with no change in total height may indicate a decrease in
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canopy evenness as measured by an increase in the vertical distribution ratio (VDR) [61].
High VDR has also been negatively associated with habitat for forest-endemic tropical
bird species [62]. RH10 is also reduced by fire, indicating a decrease in canopy density
and canopy cover. These effects were greatest in the most recently burned stands, but the
progression upwards through canopy layers in both PAI and RH is consistent with delayed
mortality and fire time-lag effects [17,63]. This indicates that, while there is recovery, the
effects of fire, even that of low-severity fire, persist well into the future and may have
long-lasting consequences.

These results are particularly interesting when compared to the changes in the dis-
tribution of DBH classes from field measurements due to fire. Previous studies identify
DBH and bark thickness as the primary determinants of fire-induced mortality, with height
explaining less but still a significant amount of variation in this relationship [63,64]. We
capture some of this variability in our results. Sato et al. (2016) identified a decrease in
the larger diameter trees (25–40 cm DBH). However, there was no detected effect on the
largest diameter trees (>40 cm DBH) [39]. Simulated GEDI footprints do appear to capture
the loss of the larger trees as accounted for in the mid-canopy differences, but the top of
canopy measurements do not exhibit the same degree of change, likely because those largest
emergent trees remain intact. Additionally, all sites showed an increase in small-diameter
trees in the lower-size classes (10–25 cm DBH) [39]. Despite this, we still see a very small
decrease with fires in the bottom canopy measurements and a decrease in PAI in the 5-to-
10-m-height class. This could indicate one or two things: either that large-footprint LiDAR
is not capturing this regeneration and change in forest composition in its three-dimensional
profile, or that this regeneration still amounts to less overall biomass in lower canopy layers
than the unburned forest. Notably, in the plant area index measurements for 0 to 5 m, the
median values of burned forest were higher than that of unburned forest with striking
bimodal distributions; however, this difference in medians was not significant according to
Wilcoxon’s ranked sign test. The 0 to 5 m bin also presents potential challenges for accurate
PAI measurements due to the influence of the ground signal.

These four fires also have variability in forest composition, with two characterized as
open forests with bamboo, and the others characterized as dense forests with emergent
structures (Table 1). Other studies of fire effects in the Amazon region document complex
changes in species community structure in response to fire [22,38,65,66]. In an assessment of
fires in this region of Acre, there is specific documentation of an increase in pioneer species
Cecropia sp., Urera sp., Phenakosperumu guyannense, Bixa urucurana, and bamboo in response
to fire [66]. In addition to overall species composition changes, the presence of bamboo is
known to change the overall structure and response of forests to fire [67–69]. The 0-to-5-
m-PAI-height classes in the Bonal and Rio Branco sites (characterized by dense bamboo
patches) exhibit a bimodal distribution and a higher (but non-significant) median PAI in
burned sites. The influence of bamboo on forest structure and regeneration may explain
this phenomenon, but this relationship would need to be studied further, especially given
the challenges associated with detangling PAI from ground return signals in large-footprint
LiDAR data.

4.2. Applications of On-Orbit GEDI

Given that GEDI accuracy is highest at the top of the canopy and deteriorates as
relative height percentile decreases, it is initially promising that most of the relative height
differences occur in the mid-canopy, where R-squared values are reasonable. However,
when comparing GEDI RMSE and MAE with detected differences in stand-level relative
height trends, three out of four sites have differences that never exceed GEDI RMSE or
MAE. In comparison, all of the differences detected exceed the rates of GEDI absolute
bias. The nonlinearity of the bias presents additional problems, given the importance
of the response curve shapes. The error metrics of RMSE, MAE, bias, and R-squared all
come from a comparison of GEDI data to simulated GEDI data, which introduces its own
source of error. Thus, the true error rates are likely slightly lower than those presented
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here. However, given the degree to which the error rates exceed the fire effect sizes, we can
infer that on-orbit GEDI data may be able to measure changes in more severe fires, but the
nuances of low-severity understory fires may go largely undetected.

These findings do not rule out all applications of on-orbit GEDI data in fire ecology or
other disturbance studies. For example, efforts that aim to classify forests into categories
such as disturbed or undisturbed have already proven promising [29], and data fusion
with spectral products often increases predictive power. Moving forward, some of the
challenges to consider include through-canopy accuracy, regional differences in GEDI data
accuracies [35,59], and geolocation errors (particularly in fragmented habitats) [36]. The
ability of remote sensing to accurately detect and map fire occurrence is still limited. These
limitations lead to errors of omission and commission in existing burned area mapping [70],
and such errors could compound the challenges of GEDI sensitivity. For example, in
this study we used highly localized fire polygons that were created interactively and
individually inspected [39]. The global or regional products available omitted large sections
of the burn scar compared to the Sato et al. polygons. Such differences in burned area
mapping could lead to the misclassification of many samples, and potentially very different
results.

Further work is also needed to assess the viability of using PAI or biomass estimates
from GEDI for understory fires. PAI showed similar results to the relative height differences,
and likely has different accuracy rates from the relative height data given its algorithmic
derivation [71]. A recent evaluation of GEDI PAI and plant area volume density over
southeastern Australia indicates that the accuracy of these metrics also varies through
canopy layers [72]. They specifically identify accuracy challenges below 30 m in height for
those forests, consequently, where we see the largest effects of fire in our results. It was
outside the scope of this work to assess the accuracy of these metrics; however, there is an
indication that such an evaluation could prove to be informative.

4.3. Conclusions

This is the first study we are aware of that both used simulated GEDI data to investigate
ecological effects and took the additional step of comparing these findings with a regional
assessment of on-orbit GEDI accuracy. In this application, we focused on understory fire,
one of the most challenging fire types to measure using remote sensing. Overall, we found
mixed results for applications of on-orbit GEDI data to tropical fire. While simulated
large-footprint GEDI data provide a novel look into the effects of understory fire on canopy
structure, these data did not capture the intricacies of regeneration. We were able to
detect the greatest differences in canopy metrics in the mid to lower canopy, with time-lag
dynamics shifting those differences upward in the canopy with time. Our analysis was also
limited to areas that burned 3 to 8 years previously; we could not assess how the canopy
profile would have changed directly following fire due to data constraints. However, given
the relatively small effect size in terms of meter difference through canopy measurements,
it is unlikely that GEDI’s relative height product has the data accuracy to detect the same
changes. There is still the open question of the ability of GEDI’s plant area index data
product and above-ground biomass product to accurately detect temporal changes with
regard to fire.
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Appendix A

Table A1. Information in ALS data including acquisition data, average point density, area coverage,
and flight codes. Data come from the Sustainable Landscapes GeoNetwork Catalog.

Site Name Flight Codes Number of ALS
Tiles Area Covered

Average Return
Density

(points/m2)

Date (Day–
Month–Year)

Bonal BON_A01_2013_LiDAR 14 600 ha 33.39 16 September 2013
Humaitá HUM_A01_2013_LiDAR 12 500 ha 66.61 15 September 2013

Rio Branco RIB_A01_2014_LiDAR 18 1000 ha 71.74 12 April 2015
Talismã TAL_A01_2013_LiDAR 12 500 ha 40.7 29 May 2014

Table A2. Distribution of samples containing PAI observations by height bin.

0–5 5–10 10–15 15–20 20–25 25–30 30–35 35–40 40–45 45–50 50–55 55–60

Burned 288 288 288 287 287 282 253 190 85 17 3 1
Unburned 288 288 288 287 286 285 271 213 110 29 6 0
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