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Abstract

Background Tropical forests are critical for the global carbon budget, yet they have been threatened by deforesta-
tion and forest degradation by fire, selective logging, and fragmentation. Existing uncertainties on land cover classifi-
cation and in biomass estimates hinder accurate attribution of carbon emissions to specific forest classes. In this study,
we used textural metrics derived from PlanetScope images to implement a probabilistic classification framework to
identify intact, logged and burned forests in three Amazonian sites. We also estimated biomass for these forest classes
using airborne lidar and compared biomass uncertainties using the lidar-derived estimates only to biomass uncertain-
ties considering the forest degradation classification as well.

Results Our classification approach reached overall accuracy of 0.86, with accuracy at individual sites varying from
0.69 to 0.93. Logged forests showed variable biomass changes, while burned forests showed an average carbon loss
of 35%. We found that including uncertainty in forest degradation classification significantly increased uncertainty
and decreased estimates of mean carbon density in two of the three test sites.

Conclusions Our findings indicate that the attribution of biomass changes to forest degradation classes needs to
account for the uncertainty in forest degradation classification. By combining very high-resolution images with lidar
data, we could attribute carbon stock changes to specific pathways of forest degradation. This approach also allows
quantifying uncertainties of carbon emissions associated with forest degradation through logging and fire. Both the
attribution and uncertainty quantification provide critical information for national greenhouse gas inventories.

Keywords Forest degradation, Selective logging, Forest fire, Very high-resolution imagery, Probabilistic classification,
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Background
Tropical forests account for more than half of terrestrial
aboveground biomass carbon stocks, and host 60-70%
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this carbon source is partly due to the aforementioned
uncertainty in degradation area but is also due to the
variability in carbon stocks in degraded forests at differ-
ent spatial and temporal scales [14, 21-27]. The conse-
quences of forest degradation for potential future losses
and gains (through regeneration) for carbon budgets,
forest structure and biodiversity remain largely unknown
[28-31].

Since the late 1990s, researchers have used moderate
resolution remote sensing for detection of logging and
fire effects on forests in Amazonia [10, 32-35]. Linear
spectral mixture modelling using passive optical data has
been the main tool for this approach [10, 36—38]. Man-
ual auditing has been required in regional applications
[8, 39, 40]. More recent studies employ a combination
of spectral and textural information with machine learn-
ing [41, 42]. The addition of temporal filtering to spectral
data permits detection of understory forest fires at varied
resolutions when adequate temporal information is avail-
able [43]. Recent work identifying forest degradation in
the Amazon using Landsat time series is promising [7,
44] but does not separate the main degradation drivers
(e.g., logging vs. fire) or estimate the effects of degrada-
tion on biomass. Textural analysis of very high resolution
(VHR) images has been applied to local studies of log-
ging and forest structural characteristics, although the
cost of acquiring and processing data over large areas
has remained a challenge [45-47]. The advent of high
frequency and more accessible VHR images such as the
PlanetScope archive, along with increased processing
capabilities, has opened new possibilities for detailed for-
est degradation detection and monitoring (e.g., [48]).

Deforestation and forest degradation in the Brazilian
Amazon are both substantial sources of carbon to the
atmosphere [30, 49, 50]. Biomass stocks have been quan-
tified through remote sensing data calibrated with field
inventory data [51-54] although at a fine spatial scale,
changes in forest condition are highly uncertain. Uncer-
tainty arises from the inconsistency of land cover maps
and the variability in land change area estimates, which
can have dramatic effects on the outputs of models that
rely on such information [55]. Biomass estimates from
current and near-future space missions (e.g., NASA
GEDI and ESA BIOMASS) will greatly reduce uncertain-
ties at the 1 km? resolution [56—58] but these missions
will only provide a view of forest biomass over a relatively
brief period [3 to 5 years]. While GEDI presents a spec-
tacular advance in our knowledge of biomass and other
aspects of forest structure, it is a sampling mission that
will inevitably leave spatial gaps. Airborne lidar has pro-
vided high spatial resolution and accurate aboveground
biomass information [26, 59] for intact and degraded for-
est but its coverage is sparse.
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Effective management of carbon dynamics related
to forest land use change requires accurate attribu-
tion of carbon sources and sinks. As noted above, for-
est degradation is an important and poorly quantified
carbon source while recovery after degradation is an
overlooked potential carbon sink. The promotion of for-
est carbon sinks is a potentially cost-effective approach
for mitigating climate change within an overall strat-
egy of forest carbon management and conservation [61,
62]. Ultimately, improving the ability to accurately depict
biomass changes associated with degradation requires
knowledge of where and when forests were degraded, the
biomass of degraded versus intact forests, and the quan-
tification of estimated uncertainties.

Classification of tropical forest degradation and asso-
ciated biomass estimation remain a significant challenge
because existing uncertainties in this type of classification
and in biomass estimation hinder accurate attribution of
carbon emissions to specific forest classes. In this study,
we classify intact and degraded forests and combine deg-
radation probability estimates with biomass estimates.
We use textural features from commercial very high-res-
olution optical data to develop a probabilistic classifica-
tion of intact, logged, and burned forests at selected sites
in the Brazilian Amazon. We combine our forest classi-
fication with aboveground biomass distributions derived
from airborne lidar data using a Monte Carlo simulation
and compare biomass uncertainties from lidar data only
to uncertainties estimated when both the uncertainty
of forest degradation classification and biomass uncer-
tainty are considered. We address the following research
questions:

a. What is the accuracy of a forest degradation classifi-
cation using a machine learning approach?

b. What is the impact of forest degradation on biomass
estimates?

c. How does the uncertainty of forest degradation clas-
sification affect biomass estimates and uncertainty in
degraded forests?

Methods

To address research question (a), we implemented a gra-
dient boosted classification modelling framework with
forest degradation history from Landsat time-series as
reference data and textural metrics derived from Plan-
etScope images as predictors (Fig. 1, box 1). To address
research question (b), we estimated biomass distributions
of intact, logged and burned forests from airborne lidar
data (Fig. 1, box 2). To address question (c), we compared
biomass estimates from a Monte Carlo simulation that
accounted for biomass uncertainty from lidar data to a
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Fig. 1 Diagram of the steps of our study including (1) probabilistic classification of Planet VHR images, (2) biomass estimation from airborne lidar,
and (3) Monte Carlos simulations to estimate landscape level above ground biomass and uncertainties related to both biomass estimation and

forest degradation classification

simulation that also accounted for forest degradation
classification uncertainty from the model referenced in
(a) (Fig. 1, box 3).

Study sites

We conducted our study at three sites in the Brazilian
Amazon that covered portions of the Feliz Natal Munici-
pality and Xingu Indigenous Territory in the Brazilian
state of Mato Grosso, and Saracd-Taquera National For-
est, in the Brazilian state of Para (Fig. 2). The Feliz Natal
site comprises a mixture of land covers, whereas Xingu

and Saraca sites were included as mixtures of intact for-
est with logging and fires only, respectively.

Feliz Natal (Fig. 2, site 1) is located in the Brazilian Arc
of Deforestation, a government-defined region that con-
centrates 70% of deforestation within 100 municipali-
ties (~ 1 million km?). Feliz Natal has a diversity of land
uses including pastures and mechanized agriculture that
have replaced part of the original forest cover. Most of
the remaining forests in this region have been logged and
a substantial portion of the forests have burned at least
once [26].
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Fig. 2 Location of the study sites in the Amazon (A). The insets (B) show forest degradation from logging and fire on PlanetScope false color
composites (near-infrared, red, green) for the three sites

The Xingu site (Fig. 2, site 2) lies about 80 km south-
east from the Feliz Natal site, but it is located within the
Xingu Indigenous Territory. Indigenous lands are well-
known barriers for deforestation and other anthropo-
genic pressures in the Amazon [63, 64], however large
fires occurred in 2016 and 2017 in the Xingu area [65].
The climate of Feliz Natal and Xingu region is typical of
south-eastern Amazonia, with mean annual precipitation
of about 1900 mm, an extended 5-month dry season and
mean annual temperature of 25 °C [66].

The Saraca-Taquera National Forest (Fig. 2, site 3)
holds a federal logging concession administered by
the Brazilian Forest Service. Along with a long his-
tory of bauxite mining in this National Forest, specific
areas were assigned for sustainable forest management.
Selective logging at this site was conducted between
2015 and 2020 using reduced-impact logging tech-
niques [67] to comply with federal regulations. The cli-
mate at this site is tropical humid, with mean annual

precipitation of 2000 mm, and dry season extending
from July to October [68].

Classification of forest degradation

Reference data for forest degradation classification

Our forest degradation reference dataset was built
from visual interpretation of Landsat TM, ETM + and
OLI time-series, from 1984 to 2020. At least one cloud-
free image per year was available for each site. For each
image of the time-series, we computed the Normalized
Burn Ratio (NBR), a spectral index that has been widely
used to detect forest disturbances [69, 70]. We then
manually delineated fire and selective logging polygons
and recorded the year of the degradation event. We
masked out water and wetlands based on Gumbricht,
Roman-Cuesta [71], and deforestation using the Brazil-
ian PRODES classification [72].
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PlanetScope images

We selected one multispectral PlanetScope image with
four spectral bands (blue, green, red, and near infra-
red) [73] for each site. For each image we calculated the
Enhanced Vegetation Index (EVI, [74]), to highlight both
recent degradation and subsequent regeneration. Image
dates were selected based on the disturbance occurrence
on each site and proportion of cloud cover (Table 1).

The GLCM approach and generation of predictors

We used the Gray-Level Co-Occurrence Matrix (GLCM)
textural technique [75] to calculate metrics used to clas-
sify degraded forests in our test sites. Texture in images
quantifies pixel grey level differences, size of area where
change occurs (neighbourhood, defined by a window
size), and directionality [76]. GLCM tabulates how often
different combinations of pixel grey levels occur in each
image and then derives statistics from this tabulation.
The eight GLCM metrics used in this study can be cate-
gorized into three groups: (1) descriptive statistics, which
include mean, variance, and correlation; (2) contrast,
which includes contrast, homogeneity, and dissimilarity;
(3) and orderliness or regularity, which includes angular
second moment and entropy. Description of the GLCM
metrics and practical guidelines for choosing GLCM
metrics for classifying remote sensing images can be
found in Hall-Beyer [77] and Hall-Beyer [76].

We generated the GLCM metrics for the Planet-derived
EVI using the glcm package [78] in R [79]. After empiri-
cal tests, we selected the following parameters for the
glem function: window size of 45 pixels (140.625 m); and
shift as the average across all directions (i.e., no effects of
directionality in the observed phenomena). We trimmed
the outermost window along the edge of each image to
avoid artifacts where there was insufficient information
for GLCM to compute accurate textural values.

Although the textural feature window size of about
141 m captures considerable heterogeneity associated
with degraded forest patches, we explored aggregating
windows to a coarser spatial resolution for more accu-
rate classification [80]. We tested different aggregation
resolutions (140.625 m, 281.25 m, 562.5 m, and 1125 m;

Table 1 Overview of PlanetScope and lidar data for each site
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corresponding to 45, 90, 180 and 360 PlanetScope pix-
els, respectively), and based on model performance, we
selected the 562.5 m resolution. The following resam-
pling statistics were used to aggregate the GLCM metrics
from the native resolution (3.125 m) to 562.5 m grid cells:
average, standard deviation, skewness, root mean square,
minimum, first quartile, median, third quartile and maxi-
mum. In total, 72 raster layers (9 resampling statistics for
each of the 8 GLCM metrics) were used as explanatory
variables for the classification model.

Probabilistic classification model

Rather than selecting a single hard classification for each
grid cell of our image, we quantified the probability that
grid cells would fall into each of three classes: intact,
logged, and burned (Fig. 1, box 1). Gradient boosted
trees were used to classify grid-level degradation because
of their strong predictive performance and flexibility in
accommodating typical features of data such as nonlin-
earities and interactions [81]. Our multinomial classifica-
tion tree model was fitted using the stochastic gradient
boosting algorithm implemented in the xgboost R pack-
age [82]. The multi:softprob objective function was uti-
lized to output a grid-level prediction containing an
estimated probability of belonging to each degradation
class.

Because degradation classes were unbalanced, a class-
weighted loss function was utilized during model train-
ing. We specified a weight variable such that the sum
of individual observation weights within each class was
equal across the three degradation classes. Individual
observation weights were subsequently multiplied by
the grid cell associated purity (i.e., the percentage of
the grid cell that is occupied by the dominant class) to
down-weight error contributions from less homogene-
ous reference data. The full dataset was partitioned into
training (50%) and test (50%) sets using stratified random
sampling to balance class distributions within each split.
The stratification variable consisted of binned purity val-
ues, in increments of 0.2, within each disturbance class.
GLCM features were centered and scaled within each site

Site PlanetScope data Airborne lidar data
Image date Area (ha) Year(s) of acquisition Area of intact Area of logged Area of
forests (ha) forests (ha) burned
forests (ha)
Feliz Natal 17-Jun-2018 235872 2017-2018 717 1574 1751
Xingu 18-Oct-2017 191,823 2017 740 0 554
Saraca 19-Sep-2020 45,756 2013-2015 855 2082 0
Total 473,451 2312 3656 2305
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to put each feature on a common scale after combining
data for the three sites.

Several techniques were utilized to avoid overfitting
during training and optimize the model’s bias-variance
trade-off. First, we randomly selected (without replace-
ment) 80% of the training data and 70% of the GLCM
features to be utilized within each boosting round. This
stochasticity decorrelates the decision trees and increases
the predictive performance of the ensemble. Second, we
used early stopping to halt training once the multiclass
error rate for the validation set failed to decrease after
five boosting iterations, thus rapidly detecting the inflec-
tion point of the learning curve. Finally, we set the learn-
ing rate to 0.2.

We determined optimal ranges for each hyperparam-
eter through an iterative grid search. Terminal nodes
were allowed to have a minimum of five observations, the
maximum tree depth within a boosting round was equal
to four, and a reduction of 0.2 in the multiclass error rate
was required to further partition a leaf node. To assess
model performance while accounting for uncertainty in
both partition variability and algorithm stochasticity, we
fitted classification models to 100 randomly generated
partitions of the data.

Several studies showed that the degradation signal
fades from optical images within 3-5 years [36, 83, 84]
because of forest regeneration. We excluded from model
training the grid cells with logging and fire disturbances
that occurred more than five years prior to the date of
the image, because preliminary model fits indicated
increased confusion for older disturbances.

Adhering to good practice of accuracy assessments as
suggested by Olofsson, Foody [55], we report the accu-
racy of our classification by presenting the confusion or
error matrix and the most common accuracy measures.
These assessments are presented for the highest pre-
dicted probability of forest degradation class for each
grid cell as if we had conducted a hard as opposed to a
probabilistic classification: Overall accuracy, which is
simply the proportion of the area mapped correctly. It
provides the user of the map with the probability that a
randomly selected location on the map is correctly classi-
fied. User’s accuracy is the proportion of the area mapped
as a particular category that is actually in that category in
the reference data. Producer’s accuracy is the proportion
of the area that is a particular category in the reference
data that is also mapped as that category.

Biomass estimates

To estimate grid cell-level biomass, we used high point-
density lidar data collected over or adjacent to the
test sites [85]. In total, 8723 hectares of airborne lidar
over intact, logged, and burned forests were included
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(Table 1). When classifying the lidar transects over
degraded forests, no distinction was made with regard to
time since disturbance. Biomass was estimated as above-
ground carbon density (ACD) from the lidar-derived
top-of-canopy height at 50 m plot resolution (0.25 ha)
using the methods detailed in Longo, Keller [60] and then
resampled to 500 m resolution (25 ha) using the median
values of the pixels in the 10 x 10 plot-equivalents, to
approximately match the resolution of the classification
predictors (Fig. 1, box 2). We reported the ACD estimates
of Feliz Natal and Xingu sites together, because of their
spatial proximity and similar ACD range.

Estimation of uncertainties

Monte Carlo simulation was used to quantify uncer-
tainty in grid-level aboveground carbon density estimates
(Fig. 1, box 3). We performed simulations that accounted
for uncertainty from two different sources: (i) ACD esti-
mation and (ii) forest degradation classification. The first
simulation accounted for both sources of uncertainty
(labelled ACD + Classification) and the second simula-
tion accounted for only uncertainty in ACD estimates
(labelled ACD only). For each Monte Carlo iteration,
individual grid cells were classified using the predicted
class probabilities from the multinomial classification
model. For the first simulation, cells were classified based
on random sampling from the predicted probabilities
and the second simulation classified cells by selecting the
class with the highest predicted probability. ACD on a
per-grid cell basis was then assigned by randomly sam-
pling from the associated site and degradation class car-
bon density estimates. Site-level carbon density statistics
were computed for a total of 10,000 iterations.

The patchiness of disturbed forests implies some
degree of spatial correlation on the landscape. One of
the useful features of the Monte Carlo approach for esti-
mating uncertainty is that is rests upon few assumptions
compared to complex geostatistical models, and provides
an estimate of the uncertainty that is conditional on the
complex spatial patterns of the landscape.

Results

GLCM textural metrics responded to forest degradation,
although different metrics were most effective to high-
light logging and fires (Fig. 3). The entropy metric, which
emphasizes contrasting edges, captured the roads and log
storage decks in logging areas (Fig. 3C). The GLCM mean
metric responded strongly to the diffuse changes visible
in recently burned forests (Fig. 3E).

Probabilistic classification of forest degradation
We achieved high accuracy when we compared the
most probable forest degradation class to reference
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Fig. 3 Feliz Natal test site: entire PlanetScope image false color composite (red, near-infrared, green) (A), insets showing logging and fire events (B
and D), and selected GLCM metrics for the same area (C and E). The fire occurred in 2017, and logging in 2017 and 2018; PlanetScope image is from

2018

data reserved for testing the model (Table 2, Fig. 4). The
overall accuracy of the multi-site model (a single model
including data from the 3 test sites) was 0.86 (95% CI
0.85-0.87), whereas the accuracies obtained for the indi-
vidual sites were 0.69 (95% CI 0.65-0.72), 0.93 (95% CI
0.91-0.94) and 0.88 (95% CI 0.85-0.90) for Feliz Natal,
Xingu and Saraca sites, respectively.

Producer’s and user’s accuracies for grid cells classi-
fied by the most probable degradation class were vari-
able among classes. The burned forest class showed the

highest producer’s and user’s accuracy (Table 2). In con-
trast, there was greater confusion between intact and
logged forest classes because canopy damage caused by
logging can sometimes be subtle to optical sensors, and
because apparently intact forests may be degraded by
fragmentation.

Overall, we found a good match between the estimated
classification and our reference data (Figs. 4 and 5).
While our reference data do not include fire occurrences
in the Saraca site, the fire class was selected for hard

Table 2 Confusion matrix for the model using the 50% of the data held out for testing

Class Reference Producer’s User’s accuracy Overall accuracy
accuracy
Burned Logged Intact Total
Predicted Burned 991 16 82 1089 0.88 091 0.86=+0.1
Logged 26 366 194 586 0.85 0.62
Intact 107 47 1612 1766 0.85 091
Total 1124 429 1888 3441

Predicted classes are the rows and the reference classes are the columns. The main diagonal denotes grid cells which have been classified correctly and the off-

diagonal elements represent incorrect predictions
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Fig. 4 Probabilities of class occurrence for each site, as predicted

by the multi-site model, at each 562.5 x 562.5-m grid cell. No-data
grid cells within the areas represent either masked areas or forests
degraded more than five years prior to image acquisition

(most probable) classification in 1.2% of the grid cells.
Similarly, there were no logging occurrences in the Xingu
site in the last five years; however, the logging class was
selected for hard classification in 1.1% of the grid cells at
this site (Fig. 5).

Biomass estimates for intact and degraded forests

The distributions of lidar-derived biomass estimates dif-
fered substantially among sites and degradation classes
(Fig. 6, Table 3). The mean ACD for intact forests showed
a two-fold difference between the combined Feliz Natal
and Xingu sites versus Saracd. Interestingly, mean ACD
is approximately 6% higher in logged forests than in
intact forests in Feliz Natal and Xingu, but in Saraci, log-
ging caused mean ACD reductions of approximately 15%.
In the combined Feliz Natal and Xingu sites, we observed
an average ACD decrease of 35% in burned forests com-
pared to intact forests.

Combined uncertainties from biomass estimates and forest
degradation classification

We estimated ACD for the study area by combining
the ACD distributions for each forest class with the
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Fig. 5 Observed (left panel) versus predicted (center panel) classes,

and incorrect class prediction (right panel) for the 562.5-m grid cells.
The rightmost panels present the reference (correct) classification for
the incorrect predictions

Saraca

probabilistic forest degradation classification using a
Monte Carlo simulation. We expected that combining
the uncertainties of classification and the uncertainties
of ACD estimation would increase overall ACD uncer-
tainty without substantially affecting means. Instead, we
found that the uncertainties varied only slightly between
the two approaches, but the mean ACD value was lower
in all cases when the uncertainty of probabilistic classi-
fication was included (Fig. 7, Table 4). The uncertainty,
as given by the standard deviation, was low in all cases,
but always greater for ACD + Classification than for ACD
only (Table 4). In Feliz Natal and Saraci sites, the ACD
distributions from the two types of uncertainties did not
even overlap, whereas distributions overlap considerably
in the Xingu site.

Discussion

We presented an approach to classify tropical forest
degradation based on VHR optical images and machine
learning classification that achieved high accuracy on
three distinct test sites. Generalizing this approach will
require testing with reference data covering a wide range
of terrain, forest types, and land-use characteristics.
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Fig. 6 Probability density function of lidar-derived ACD for the degradation classes and sites. There were no burned areas at the Saracé site nor
logged areas in the Xingu site in the 5 years prior to the image acquisition for those sites

Table3 ACD mean (and standard deviation) for each forest
degradation class and site from lidar data and reference site
classification

Class Feliz Natal and Xingu Saraca
Intact 89.2(10.2) 185.3(31.9)
Logged 93.9(16.3) 156.8 (26.0)
Burned 579 (35.0) -

ACD units are Mg Cha™'

Table 4 ACD mean (and standard deviation) for each test site
and uncertainty approach

Nonetheless, our results represent an advance towards
improved forest degradation classification in the Ama-
zon. Combining improved classification and recent inno-
vations in carbon stock estimation using satellite sensors,
future studies can undoubtedly improve our under-
standing of the role of forest degradation in the Amazon
regional and pantropical forest carbon budgets.

Classification of degraded forests in the Amazon

In order to demonstrate the effectiveness of our proba-
bilistic classification, we treated the most probable class
as a discrete output (i.e., a hard classification). However,
mixed pixels with multiple land covers are rather com-
mon in the Amazon and represent a challenge to our
forest degradation classification [86]. The probabilistic

Uncertainty approach Feliz Natal Saraca Xingu ) > ) R
classification allowed us to take this characteristic into
ACD only 91.2(0.23) 1760(082)  752(038)  account. The challenge of mixed pixels gains importance
ACD + Classification 886(0.30) 1646(1.26)  750(040)  when classified grid cells are larger. Moreover, a proba-
ACD units are Mg C ha™ bilistic forest degradation classification allowed us to
Feliz Natal Saraca Xingu
2
‘@
C
[
a
88 89 90 91 92 160 165 170 175 180 74 75 76

Aboveground Carbon Density [Mg C ha‘1]

Uncertainty:

ACD only D ACD + Classification

Fig. 7 ACD distributions considering uncertainties from ACD estimates only, and both ACD and forest degradation classification uncertainties
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explicitly incorporate the classification uncertainty into
landscape ACD estimates. We used the information on
the probability of class membership to indicate the confi-
dence associated with class allocation, indicating classifi-
cation reliability [87].

While we satisfactorily classified recent disturbances
with Planet data (<5 years), the spectral signal of dis-
turbance quickly fades due to the vegetation regrowth
following fire and logging events [27, 36]. In contrast,
structural changes (e.g. measured using airborne lidar)
are much more persistent [80, 88]. To mitigate the tem-
poral limitation imposed by forest regeneration, we
imposed a 5-year disturbance age cut-off. Implementa-
tion of this approach for operational monitoring would
require frequent updates, preferably in intervals shorter
than 5 years. The advent of easily accessible high fre-
quency VHR images such as those from the Norway’s
International Climate and Forests Initiative (NICFI) Sat-
ellite Data Program makes this task feasible on a yearly
or even perhaps more frequent basis, even for high-cloud
coverage regions such as tropical forests.

We did not take into consideration the effects of over-
lapping disturbances in the classification. In hotspots of
land use change such as the Arc of Deforestation, the
effects of repeated fire and logging occurrences on bio-
mass are not independent [26]. For simplicity, we only
used the most recent degradation event prior to the
Planet image date to calibrate our classification model,
but we acknowledge that disturbance history may affect
forest degradation classification. In particular, forest fires
may accentuate previous degradation patterns from log-
ging when they preferentially burn small stature regener-
ating vegetation on logging roads and log storage decks.
In addition, selecting only the most recent disturbance
may be affecting the corresponding accuracy metrics
(e.g., the model could be correctly classifying previous
disturbances, but this would be considered a misclas-
sification according to the reference data). Hence, forest
degradation classification in regions with complex degra-
dation histories need to take these factors into account.

The variety of vegetation types with different canopy
textures that co-exist in the Amazon biome also poses a
challenge to classify degraded forests. Canopy structure
affects textural metrics from remotely sensed images [89]
and its effects on the GLCM metrics must be assessed
when classifying degraded forests for the entire Arc of
Deforestation.

The construction of reference datasets is a recurrent
challenge for any remote sensing classification. Mak-
ing our approach operational would require both field
and remote sensing expertise on the temporal and spa-
tial patterns of forest degradation. Nonetheless, there
is an increasing number of researchers and staff from
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environmental agencies that possess this expertise who
could contribute to the generation of these data.

Uncertainty in biomass estimation

We estimated ACD based on airborne lidar for different
forest cover classes within each site. Following Chave,
Condit [90], the estimated uncertainty of our lidar based
ACD estimates accounts for uncertainty in the for-
est inventory estimates of ACD used for model calibra-
tion, uncertainty caused by the limited regions surveyed
by both the airborne lidar and the ground-based meas-
urements (representativeness), and the prediction error
due to the ACD variance that cannot be explained by
the fitted model [60, 91]. Similar to the findings of Chen,
Vaglio Laurin [92], the model prediction uncertainty
dominated this analysis. The representativeness uncer-
tainty requires more attention. We used local data from
the regions of Feliz Natal and Xingu as well as Saraca
included in our ACD calibration, so we believe that rep-
resentativeness is a minor issue for this study. However,
for tropical forests in general, representativeness of data
used for calibration of remote sensing studies is a serious
concern. For most locations in tropical forests, the lack
of ground-based forest inventory available for calibration
could lead to large errors [93, 94].

We applied site-specific ACD distributions to repre-
sent the biomass in intact, burned, and logged forests at
all three sites. Because we did not find any burned for-
ests at the Saraci site as part of our calibration effort, we
had no distribution of burned forest ACD based on lidar
data from that site. We applied burned forest ACD distri-
butions from Xingu and Feliz Natal for the Monte Carlo
simulation for Saracd, which probably resulted in a bias
towards low ACD given that the forests at Feliz Natal and
Xingu had lower ACD compared to Saracd. Nonetheless,
this bias had a limited effect on the site-level distribution
because our probabilistic classification rarely estimated
high probability of a grid cell being burned at Saraca site
(about 1% of the study area, Fig. 4).

The propagation of uncertainty in forest degrada-
tion class together with uncertainty in ACD increased
the uncertainty in the site-level carbon stock estimates.
Unexpectedly, we found that consideration of both class
and ACD uncertainty resulted in significantly lower
mean carbon stock estimates in 2 out of 3 test sites
(Fig. 7). Only the Xingu site showed similar ACD ranges
with both uncertainty estimation methods, because it
achieved the highest classification accuracy among the
individual site models. We found no logging at Xingu
in the reference data (Fig. 5) and the burned forest
class showed the highest producer’s and user’s accuracy
(Table 2). With minimal confusion between burned and
logged classes at this site, there was no separation of the
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site level ACD estimates as we found in the other two
sites.

The complex forest degradation history contributes
to this unexpected effect. When both classification and
ACD uncertainties are considered, mean ACD declined
at two of our three sites (Saracd and Feliz Natal). This
occurs because many grid cells classified as logged also
have a finite probability of being classified as burned.
Burned forests have lower ACD than logged forests so a
mixture of burned and logged ACD in the Monte Carlo
simulation resulted in a lower overall ACD estimate at
two sites where a substantial portion of the landscape
was logged. This effect did not occur in the Xingu site
where, to our knowledge, there is no logging. The change
in estimated ACD when forest classification is considered
will not necessarily occur on all landscapes. Nonetheless,
this observed change serves as an additional warning that
it is important to consider the uncertainty in forest clas-
sification when estimating regional biomass in tropical
forests.

Overlapping degradation events in space and time may
also have affected the biomass estimates for the degrada-
tion classes. For instance, our choice to consider only the
last disturbance may lead to biomass underestimation in
logged areas that experienced earlier fires or increased
biomass variability in sites that experienced multiple
fires. This is more likely to happen in the Arc of Defor-
estation region where Feliz Natal and Xingu sites are
located, and less likely to happen in more remote areas
such as the Saraca-Taquera National Forest. Logging and
forest fires can lead to changes in tree species composi-
tion. Following disturbance, we expect a shift from more
shade tree tolerant species that generally have high wood
density to more light demanding species that have low
wood density [95]. Simulations suggest that this shift
can lead to overall losses in tropical forest biomass [96].
While our lidar calibrations included intact, logged, and
burned forests, they did not include many sites that had a
long history of recovery from disturbance because those
are rare in the Brazilian Amazon and difficult to docu-
ment. Additional measurements of forest composition
and structure are needed to resolve how compositional
shifts can affect calibrations for airborne lidar based
ACD estimates.

Our approach does not necessarily capture the bio-
mass changes associated with fragmentation. Fragmen-
tation leads to biomass loss on forest edges [49, 97-99].
Forest edges were included in our ACD distributions
from earlier lidar data, so the effect of edges is implicit
in our data. However, the loss of biomass from edges
of intact forest is not contemplated in our analysis.
We expect the effect of edges between degraded and
intact forests to be smaller with larger edge effects in
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transitions from cleared areas to forests. Edge effects
on biomass are also time varying [100] so we would
need to consider time since disturbance to accurately
quantify those effects. In particular, edge effects will be
large in small forest fragments. Future studies incorpo-
rating explicit data on edge effects could better quantify
the effects of fragmentation on forest biomass.

Conclusions

We employed a classification model based on very-high
resolution images to classify degraded forests in three
Amazonian sites and obtained global accuracy of 0.86
on reserved test data not used in model training. Using
airborne lidar data, we estimated biomass for intact,
logged, and burned forests, and found that logged for-
ests showed variable biomass changes due to logging,
and that burned forests showed an average biomass loss
of 35%. Subsequently, we used Monte Carlo simulations
to assess how forest degradation classification affected
biomass distributions in degraded forests. Increased
uncertainty in forest degradation classification also
leads to increases in uncertainty of biomass esti-
mates. At two of three test sites, uncertainties in forest
classification led not only to increased overall uncer-
tainty but to significant shifts in mean ACD across
these sites. These findings imply that this attribution
needs to account for the uncertainty in forest degrada-
tion classification.

Commercial satellite VHR images have been available
for over 20 years. Considering the robust market for this
product, similar or more sophisticated images should be
available at low cost for decades to come. The application
of our method combining medium and VHR resolution
images with airborne lidar data can provide critical infor-
mation for national greenhouse gas inventories, because
it allows the quantification, attribution, and estimation of
uncertainties of carbon emissions associated with forest
degradation through logging and fire.

Acknowledgements
Planet data access was provided through the NASA Commercial SmallSat Data
Acquisition (CSDA) Program.

Author contributions

ERP, MK, ML, CPP, and PD designed the research; ERP, ML, OC, and CPP pro-
cessed the data; all authors analyzed the results. ERP, MK, and CPP wrote the
manuscript with contributions from all authors. All authors read and approved
the final manuscript.

Funding

This study was funded by the NASA LCLUC Program (20-LCLUC2020-0024). ML
was supported as part of the Next Generation Ecosystem Experiments-Tropics
(NGEE-Tropics), funded by the U.S. Department of Energy, Office of Science,
Office of Biological and Environmental Research. The research of MK and OC
was carried out at the Jet Propulsion Laboratory, California Institute of Tech-
nology, under a contract with the National Aeronautics and Space Administra-
tion (8ONMO0018D0004).



Rangel Pinagé et al. Carbon Balance and Management (2023) 18:2

Availability of data and materials

The airborne lidar data utilized in this study is available online at https://www.
paisagenslidar.cnptia.embrapa.br/webgis/. The dataset supporting the conclu-
sions of this article (reference data and GLCM metrics used as predictors, and
the probability maps obtained as output of the probabilistic classification) is
available in the NGEE-Tropics Data Archive repository, at the link https://doi.
org/10.15486/ngt/1872685.

Declarations

Ethics approval and consent to participate
Not applicable.

Consent for publication
Not applicable.

Competing interests
The authors declare that they have no competing interests.

Received: 22 June 2022 Accepted: 28 January 2023
Published online: 14 February 2023

References

1. Gibson L, Lee TM, Koh LP, Brook BW, Gardner TA, Barlow J, et al.
Primary forests are irreplaceable for sustaining tropical biodiversity.
Nature. 2011;478(7369):378-81.

2. Laurance WF, Carolina Useche D, Rendeiro J, Kalka M, Bradshaw
CJA, Sloan SP, et al. Averting biodiversity collapse in tropical forest
protected areas. Nature. 2012;489(7415):290-4.

3. PanY, Birdsey RA, Phillips OL, Jackson RB. The structure, distribu-
tion, and biomass of the world’s forests. Annu Rev Ecol Evol Syst.
2013;44(1):593-622.

4. Curtis PG, Slay CM, Harris NL, Tyukavina A, Hansen MC. Classifying
drivers of global forest loss. Science. 2018;361(6407):1108-11.

5. Haddad NM, Brudvig LA, Clobert J, Davies KF, Gonzalez A, Holt RD,
et al. Habitat fragmentation and its lasting impact on Earth’s ecosys-
tems. Sci Adv. 2015;1(2): e1500052.

6. Lewis SL, Edwards DP, Galbraith D. Increasing human dominance of
tropical forests. Science. 2015;349(6250):827-32.

7. Bullock EL, Woodcock CE, Souza C, Olofsson P. Satellite-based
estimates reveal widespread forest degradation in the Amazon. Glob
Change Biol. 2020;26(5):2956-69.

8. Matricardi EAT, Skole DL, Costa OB, Pedlowski MA, Samek JH, Miguel
EP. Long-term forest degradation surpasses deforestation in the
Brazilian Amazon. Science. 2020;369(6509):1378-82.

9. Morton D, Le Page Y, DeFries R, Collatz G, Hurtt G. Understorey fire
frequency and the fate of burned forests in southern Amazonia.
Philos Trans R Soc Lond B Biol Sci. 2013;368(1619):20120163.

10. Souza CM Jr, Siqueira JV, Sales MH, Fonseca AV, Ribeiro JG, Numata |,
et al. Ten-year Landsat classification of deforestation and forest deg-
radation in the Brazilian Amazon. Remote Sens. 2013;5(11):5493-513.

11. Tyukavina A, Hansen MC, Potapov PV, Stehman SV, Smith-Rodriguez
K, Okpa C, et al. Types and rates of forest disturbance in Brazilian legal
Amazon, 2000-2013. Sci Adv. 2017;3(4): e1601047.

12. Aragdo LEOC, Anderson LO, Fonseca MG, Rosan TM, Vedovato LB,
Wagner FH, et al. 21st Century drought-related fires counteract the
decline of Amazon deforestation carbon emissions. Nat Commun.
2018;9(1):536.

13. Baccini A, Walker W, Carvalho L, Farina M, Sulla-Menashe D, Houghton
RA. Tropical forests are a net carbon source based on aboveground
measurements of gain and loss. Science. 2017,358(6360):230-4.

14. Berenguer E, Ferreira J, Gardner TA, Aragao LEOC, De Cama-
rgo PB, Cerri CE, et al. A large-scale field assessment of carbon
stocks in human-modified tropical forests. Glob Change Biol.
2014;20(12):3713-26.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

32.

33

34,

35.

36.

37.

Page 12 of 14

Erb K-H, Kastner T, Plutzar C, Bais ALS, Carvalhais N, Fetzel T, et al. Unex-
pectedly large impact of forest management and grazing on global
vegetation biomass. Nature. 2018;553(7686):73.

Hansen MC, Potapov P, Tyukavina A. Comment on “Tropical forests are a
net carbon source based on aboveground measurements of gain and
loss” Science. 2019;363(6423):eaar3629.

Maxwell SL, Evans T, Watson JEM, Morel A, Grantham H, Duncan A,

et al. Degradation and forgone removals increase the carbon impact of
intact forest loss by 626%. Sci Adv. 2019;5(10):eaax2546.

PanY, Birdsey RA, Fang J, Houghton R, Kauppi PE, Kurz WA, et al.

Alarge and persistent carbon sink in the world's forests. Science.
2011,333(6045):988-93.

Pearson TRH, Brown S, Murray L, Sidman G. Greenhouse gas emissions
from tropical forest degradation: an underestimated source. Carbon
Balance Manag. 2017;12(1):3.

QinY, Xiao X, Wigneron J-P, Ciais P, Brandt M, Fan L, et al. Carbon loss
from forest degradation exceeds that from deforestation in the Brazilian
Amazon. Nat Clim Chang. 2021;11(5):442-8.

Alamgir M, Campbell MJ, Turton SM, Pert PL, Edwards W, Laurance WF.
Degraded tropical rain forests possess valuable carbon storage oppor-
tunities in a complex, forested landscape. Sci Rep. 2016;6:30012.

Ferraz A, Saatchi S, Xu L, Hagen S, Chave J, Yu Y, et al. Carbon storage
potential in degraded forests of Kalimantan, Indonesia. Environ Res Lett.
2018;13(9): 095001.

Lopes AP, Nelson BW, Wu J, Graca PM, Tavares JV, Prohaska N, et al. Leaf
flush drives dry season green-up of the Central Amazon. Remote Sens
Environ. 2016;182:90-8.

Mitchard ETA, Saatchi SS, Baccini A, Asner GP. Goetz SJ, Harris NL, et al.
Uncertainty in the spatial distribution of tropical forest biomass: a
comparison of pan-tropical maps. Carbon Balance Manag. 2013;8(1):10.
Poulsen JR, Medjibe VP, White LJT, Miao Z, Banak-Ngok L, Beirne C, et al.
Old growth Afrotropical forests critical for maintaining forest carbon.
Glob Ecol Biogeogr. 2020;29(10):1785-98.

Rappaport DI, Morton DC, Longo M, Keller M, Dubayah R, dos-

Santos MN. Quantifying long-term changes in carbon stocks and
forest structure from Amazon forest degradation. Environ Res Lett.
2018;13(6):065013.

Silva CVJ, Aragao LEOC, Barlow J, Espirito-Santo F, Young PJ, Anderson
LO, et al. Drought-induced Amazonian wildfires instigate a decadal-
scale disruption of forest carbon dynamics. Philos Trans R Soc Lond B
Biol Sci. 2018;373(1760):20180043.

Almeida CA, Coutinho AC, Esquerdo JCDM, Adami M, Venturieri A, Diniz
CG, et al. Mapeamento do uso e cobertura da terra na Amazonia legal
Brasileira com alta resolucao espacial utilizando dados Landsat-5/TM e
MODIS. Acta Amazon. 2016;46:291-302.

Aragéo LE, Poulter B, Barlow JB, Anderson LO, MalhiY, Saatchi S, et al.
Environmental change and the carbon balance of Amazonian forests.
Biol Rev Camb Philos Soc. 2014:89(4):913-31.

Assis TO, de Aguiar APD, von Randow C, de Paula Gomes DM, Kury JN,
Ometto JPHB, et al. CO2 emissions from forest degradation in Brazilian
Amazon. Environ Res Lett. 2020;15(10):104035.

Rutishauser E, Hérault B, Baraloto C, Blanc L, Descroix L, Sotta ED, et al.
Rapid tree carbon stock recovery in managed Amazonian forests. Curr
Biol. 2015;25(18):R787-8.

Silva SS, Fearnside PM, Graga PMLAA, Brown IF, Alencar A, Melo AW.
Dynamics of forest fires in the southwestern Amazon. For Ecol Manag.
2018;424:312-22.

Souza C, Barreto P. An alternative approach for detecting and moni-
toring selectively logged forests in the Amazon. Int J Remote Sens.
2000;21(1):173-9.

Cochrane MA. Linear mixture model classification of burned forests in
the Eastern Amazon. Int J Remote Sens. 1998;19(17):3433-40.

Stone TA, Lefebvre P. Using multi-temporal satellite data to evaluate
selective logging in Para, Brazil. Int J Remote Sens. 1998;19(13):2517-26.
Asner GP, Keller M, Pereira R Jr, Zweede JC, Silva JN. Canopy damage
and recovery after selective logging in Amazonia: field and satellite
studies. Ecol Appl. 2004;14(sp4):280-98.

Souza C, Firestone L, Silva LM, Roberts D. Mapping forest degradation
in the Eastern Amazon from SPOT 4 through spectral mixture models.
Remote Sens Environ. 2003;87(4):494-506.


https://www.paisagenslidar.cnptia.embrapa.br/webgis/
https://www.paisagenslidar.cnptia.embrapa.br/webgis/
https://doi.org/10.15486/ngt/1872685
https://doi.org/10.15486/ngt/1872685

Rangel Pinagé et al. Carbon Balance and Management

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54.

55.

56.

57.

58.

59.

(2023) 18:2

Souza CM, Roberts DA, Cochrane MA. Combining spectral and spatial
information to map canopy damage from selective logging and forest
fires. Remote Sens Environ. 2005;98(2):329-43.

Asner GP, Broadbent EN, Oliveira PJC, Keller M, Knapp DE, Silva JNM.
Condition and fate of logged forests in the Brazilian Amazon. Proc Natl
Acad Sci USA. 2006;103(34):12947-50.

Asner GP, Knapp DE, Broadbent EN, Oliveira PJ, Keller M, Silva JN. Selec-
tive logging in the Brazilian Amazon. Science. 2005;310(5747):480-2.
Hethcoat MG, Edwards DP, Carreiras JMB, Bryant RG, Franca FM, Quegan
S. A machine learning approach to map tropical selective logging.
Remote Sens Environ. 2019;221:569-82.

Hethcoat MG, Carreiras JMB, Edwards DP, Bryant RG, Peres CA, Quegan
S. Mapping pervasive selective logging in the south-west Brazilian
Amazon 2000-2019. Environ Res Lett. 2020;15(9): 094057.

Morton DC, DeFries RS, Nagol J, Souza CM, Kasischke ES, Hurtt GC, et al.
Mapping canopy damage from understory fires in Amazon forests
using annual time series of Landsat and MODIS data. Remote Sens
Environ. 2011;115(7):1706-20.

Bullock EL, Woodcock CE, Olofsson P. Monitoring tropical forest
degradation using spectral unmixing and landsat time series analysis.
Remote Sens Environ. 2020;238: 110968.

Ploton P, Barbier N, Couteron P, Antin CM, Ayyappan N, Balachandran N,
et al. Toward a general tropical forest biomass prediction model from
very high resolution optical satellite images. Remote Sens Environ.
2017;200:140-53.

Barbier N, Couteron P, Proisy C, Malhi Y, Gastellu-Etchegorry J-P. The vari-
ation of apparent crown size and canopy heterogeneity across lowland
Amazonian forests. Glob Ecol Biogeogr. 2010;19(1):72-84.

Read JM, Clark DB, Venticinque EM, Moreira MP. Application of merged
1-m and 4-m resolution satellite data to research and management in
tropical forests. J Appl Ecol. 2003;40(3):592-600.

Aquino C, Mitchard ET, McNicol IM, Carstairs H, Burt A, Vilca BL et al.
Detecting tropical forest degradation using optical satellite data: an
experiment in peru show texture at 3 M gives best results. 2022.

Silva Junior CHL, Aragao LE, Anderson LO, Fonseca MG, Shimabukuro
YE, Vancutsem C, et al. Persistent collapse of biomass in Amazonian for-
est edges following deforestation leads to unaccounted carbon losses.
Sci Adv. 2020;6(40):eaaz8360.

Aguiar APD, Ometto JP, Nobre C, Lapola DM, Aimeida C, Vieira IC, et al.
Modeling the spatial and temporal heterogeneity of deforestation-
driven carbon emissions: the INPE-EM framework applied to the Brazil-
jan Amazon. Glob Change Biol. 2012;18(11):3346-66.

Baccini A, Goetz S, Walker W, Laporte N, Sun M, Sulla-Menashe D,

et al. Estimated carbon dioxide emissions from tropical deforestation
improved by carbon-density maps. Nat Clim Chang. 2012,2(3):182.
Saatchi SS, Harris NL, Brown S, Lefsky M, Mitchard ETA, Salas W, et al.
Benchmark map of forest carbon stocks in tropical regions across three
continents. Proc Natl Acad Sci USA. 2011;108(24):9899-904.

Saatchi SS, Houghton RA, Dos Santos Alavald RC, Soares JV, Yu Y.
Distribution of aboveground live biomass in the Amazon basin. Glob
Change Biol. 2007;13(4):816-37.

Avitabile V, Herold M, Heuvelink G, Lewis SL, Phillips OL, Asner GP, et al.
An integrated pan-tropical biomass map using multiple reference
datasets. Glob Change Biol. 2016;22(4):1406-20.

Olofsson P, Foody GM, Stehman SV, Woodcock CE. Making better use
of accuracy data in land change studies: estimating accuracy and area
and quantifying uncertainty using stratified estimation. Remote Sens
Environ. 2013;129:122-31.

Dubayah R, Blair JB, Goetz S, Fatoyinbo L, Hansen M, Healey S, et al. The
global ecosystem dynamics investigation: high-resolution laser ranging
of the Earth's forests and topography. Sci Remote Sens. 2020;1: 100002.
Duncanson L, Kellner JR, Armston J, Dubayah R, Minor DM, Hancock S,
et al. Aboveground biomass density models for NASA's Global ecosys-
tem dynamics investigation (GEDI) lidar mission. Remote Sens Environ.
2022;270:112845.

Quegan S, Le Toan T, Chave J, Dall J, Exbrayat J-F, Minh DHT, et al. The
European Space Agency BIOMASS mission: measuring forest above-
ground biomass from space. Remote Sens Environ. 2019,227:44-60.
Gorgens EB, Nunes MH, Jackson T, Coomes D, Keller M, Reis CR, et al.
Resource availability and disturbance shape maximum tree height
across the Amazon. Glob Change Biol. 2021;27(1):177-89.

60.

61.

62.

63.

64.

65.

66.

67.

68.

69.

70.

72.

73.

74.

75.

76.

77.

78.

79.

80.

81.

82.

83.

84.

Page 13 of 14

Longo M, Keller M, dos-Santos MN, Leitold V, Pinagé ER, Bac-

cini A, et al. Aboveground biomass variability across intact and
degraded forests in the Brazilian Amazon. Glob Biogeochem Cycles.
2016;30:1639-60.

Griscom BW, Adams J, Ellis PW, Houghton RA, Lomax G, Miteva

DA, et al. Natural climate solutions. Proc Natl Acad Sci USA.
2017;114(44):11645-50.

Bomfim B, Pinagé ER, Emmert F, Kueppers LM. Improving sustainable
tropical forest management with voluntary carbon markets. Plant
Soil. 2022. https://doi.org/10.1007/511104-021-05249-5.

Nepstad D, Schwartzman S, Bamberger B, Santilli M, Ray D, Schles-
inger P, et al. Inhibition of Amazon deforestation and fire by parks
and indigenous lands. Conserv Biol. 2006;20(1):65-73.

Walker WS, Gorelik SR, Baccini A, Aragon-Osejo JL, Josse C, Meyer

C, et al. The role of forest conversion, degradation, and disturbance
in the carbon dynamics of Amazon indigenous territories and pro-
tected areas. Proc Natl Acad Sci USA. 2020;117(6):3015-25.

Silvério DV, Oliveira RS, Flores BM, Brando PM, Almada HK, Furtado
MT, et al. Intensification of fire regimes and forest loss in the Territério
Indigena do Xingu. Environ Res Lett. 2022;17(4): 045012.

Souza AP, Mota LL, Zamadei T, Martin CC, Almeida FT, Paulino J.
Classificacdo climatica e balango hidrico climatoldgico no estado de
Mato Grosso. Nativa. 2013;1:34-43.

Holmes TP, Blate GM, Zweede JC, Pereira R, Barreto P, Boltz F, et al.
Financial and ecological indicators of reduced impact logging perfor-
mance in the eastern Amazon. For Ecol Manag. 2002;163(1):93-110.
IBAMA. PLANO DE MANEJO DA FLORESTA NACIONAL DE SARACA-
TAQUERA, ESTADO DO PARA-BRASIL. Curitiba: IBAMA,; 2001.

Bright BC, Hudak AT, Kennedy RE, Braaten JD, Henareh KA. Examin-
ing post-fire vegetation recovery with Landsat time series analysis in
three western North American forest types. Fire Ecol. 2019;15(1):8.
Langner A, Miettinen J, Kukkonen M, Vancutsem C, Simonetti D,
Vieilledent G, et al. Towards operational monitoring of forest canopy
disturbance in evergreen rain forests: a test case in continental
Southeast Asia. Remote Sens. 2018;10(4):544.

Gumbricht T, Roman-Cuesta RM, Verchot L, Herold M, Wittmann F,
Householder E, et al. An expert system model for mapping tropical
wetlands and peatlands reveals South America as the largest con-
tributor. Glob Change Biol. 2017;23(9):3581-99.

INPE. PRODES—Monitoramento da Floresta Amazonica por Satélite.
Sao José dos Campos, Brazil: National Institute for Space Research;
2020.

Planet Team. Planet application program interface: In: Space for life
on earth. San Francisco; 2017.

Huete A, Didan K, Miura T, Rodriguez EP, Gao X, Ferreira LG. Overview
of the radiometric and biophysical performance of the MODIS veg-
etation indices. Remote Sens Environ. 2002;83(1-2):195-213.
Haralick RM, Shanmugam K, Dinstein IH. Textural Features for Image
Classification. IEEE Trans Syst Man Cybern. 1973;3(6):610-21.
Hall-Beyer M. Practical guidelines for choosing GLCM textures to use
in landscape classification tasks over a range of moderate spatial
scales. Int J Remote Sens. 2017;38(5):1312-38.

Hall-Beyer M. GLCM texture: A tutorial v. 3.0 March 2017. 2017.
Zvoleff A. glcm: Calculate Textures from Grey-Level Co-Occurrence
Matrices (GLCMs). 1.6.5 ed. 2020.

R Core Team. R: A language and environment for statistical comput-
ing. Vienna: R Foundation for Statistical Computing; 2021.

Rangel Pinagé E, Keller M, Duffy P, Longo M, dos-Santos MN,

Morton DC. Long-term impacts of selective logging on Amazon
forest dynamics from multi-temporal airborne LiDAR. Remote Sens.
2019;11(6):709.

Elith J, Leathwick JR, Hastie T. A working guide to boosted regression
trees. J Anim Ecol. 2008;77(4):802-13.

ChenT, He T, Benesty M, Khotilovich V, Tang Y, Cho H, et al. xgboost:
extreme gradient boosting. R package version 1411.2021.

Matricardi EAT, Skole DL, Pedlowski MA, Chomentowski W. Assessment
of forest disturbances by selective logging and forest fires in the Brazil-
ian Amazon using Landsat data. Int J Remote Sens. 2013;34(4):1057-86.
Souza CM Jr, Roberts DA, Monteiro A. Multitemporal analysis of
degraded forests in the southern Brazilian Amazon. Earth Interact.
2005;9(19):1-25.


https://doi.org/10.1007/s11104-021-05249-5

Rangel Pinagé et al. Carbon Balance and Management

85.

86.

87.

88.

89.

90.

91

92.

93.

94,

95.

96.

97.

98.

99.

100.

(2023) 18:2

Dos-Santos MN, Keller MM, Morton DC. LiDAR surveys over selected
forest research sites, Brazilian Amazon, 2008-2018. Oak Ridge: ORNL
Distributed Active Archive Center; 2019.

Powell RL, Matzke N, de Souza C, Clark M, Numata |, Hess LL, et al.
Sources of error in accuracy assessment of thematic land-cover maps in
the Brazilian Amazon. Remote Sens Environ. 2004:90(2):221-34.

Foody GM. Approaches for the production and evaluation of fuzzy land
cover classifications from remotely-sensed data. Int J Remote Sens.
1996;17(7):1317-40.

Kent R, Lindsell JA, Laurin GV, Valentini R, Coomes DA. Airborne LIDAR
detects selectively logged tropical forest even in an advanced stage of
recovery. Remote Sens. 2015;7(7):8348-67.

Couteron P, Pelissier R, Nicolini EA, Paget D. Predicting tropical forest
stand structure parameters from Fourier transform of very high-resolu-
tion remotely sensed canopy images. J Appl Ecol. 2005;42(6):1121-8.
Chave J, Condit R, Aguilar S, Hernandez A, Lao S, Perez R. Error propaga-
tion and scaling for tropical forest biomass estimates. Philos Trans R Soc
Lond B Biol Sci. 2004;359(1443):409-20.

Longo M, Saatchi S, Keller M, Bowman K, Ferraz A, Moorcroft

PR, et al. Impacts of degradation on water, energy, and carbon

cycling of the Amazon tropical forests. J Geophys Res Biogeosci.
2020;125(8):62020JG005677.

Chen Q, Vaglio Laurin G, Valentini R. Uncertainty of remotely

sensed aboveground biomass over an African tropical forest:
propagating errors from trees to plots to pixels. Remote Sens Environ.
2015;160:134-43.

Chave J, Davies SJ, Phillips OL, Lewis SL, Sist P, Schepaschenko D, et al.
Ground data are essential for biomass remote sensing missions. Surv
Geophys. 2019;40(4):863-80.

Schimel D, Pavlick R, Fisher JB, Asner GP, Saatchi S, Townsend P, et al.
Observing terrestrial ecosystems and the carbon cycle from space.
Glob Change Biol. 2015;21(5):1762-76.

Williamson GB, Bentos TV, Longworth JB, Mesquita RCG. Convergence
and divergence in alternative successional pathways in Central Amazo-
nia. Plant Ecolog Divers. 2014;7(1-2):341-8.

Bunker DE, DeClerck F, Bradford JC, Colwell RK, Perfecto |, Phillips OL,

et al. Species loss and aboveground carbon storage in a tropical forest.
Science. 2005;310(5750):1029-31.

Laurance WF, Ferreira LV, Rankin-de Merona JM, Laurance SG. Rain forest
fragmentation and the dynamics of Amazonian tree communities. Ecol-
ogy. 1998;79(6):2032-40.

Nascimento HEM, Laurance WF. Biomass dynamics in Amazonian forest
fragments. Ecol Appl. 2004;14(sp4):127-38.

Numata |, Cochrane MA, Souza CM Jr, Sales MH. Carbon emissions from
deforestation and forest fragmentation in the Brazilian Amazon. Environ
Res Lett. 2011;6(4): 044003.

Laurance WF, Laurance SG, Ferreira LV, Merona JM, Gascon C, Lovejoy
TE. Biomass collapse in Amazonian forest fragments. Science.
1997;278(5340):1117-8.

Publisher’s Note
Springer Nature remains neutral with regard to jurisdictional claims in pub-
lished maps and institutional affiliations.

Page 14 of 14

Ready to submit your research? Choose BMC and benefit from:

fast, convenient online submission

thorough peer review by experienced researchers in your field

rapid publication on acceptance

support for research data, including large and complex data types

gold Open Access which fosters wider collaboration and increased citations

maximum visibility for your research: over 100M website views per year

K BMC

At BMC, research is always in progress.

Learn more biomedcentral.com/submissions




	Effects of forest degradation classification on the uncertainty of aboveground carbon estimates in the Amazon
	Abstract 
	Background 
	Results 
	Conclusions 

	Background
	Methods
	Study sites
	Classification of forest degradation
	Reference data for forest degradation classification
	PlanetScope images
	The GLCM approach and generation of predictors
	Probabilistic classification model

	Biomass estimates
	Estimation of uncertainties

	Results
	Probabilistic classification of forest degradation
	Biomass estimates for intact and degraded forests
	Combined uncertainties from biomass estimates and forest degradation classification

	Discussion
	Classification of degraded forests in the Amazon
	Uncertainty in biomass estimation

	Conclusions
	Acknowledgements
	References


