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The Atlantic Forest stores vast amounts of aboveground biomass (AGB), yet
estimating these stocks is still challenging. We aimed to predict the AGB stock of
the largest biodiversity remnant of Serra da Tiririca State Park (Rio de Janeiro,

Brazil) by comparing the accuracy of generalized linear models (GLM) and random
forest (RF) models. The results derived from field plots showed an AGB of 371
t.ha'!. The comparison between the modeling methods revealed that the GLM is
more accurate; still, the RF is also fit to estimate the AGB of the remnant. The most

©I0O

accurate GLM predicted an AGB of 405 t.ha'. We observed that the accuracy of
the models improved when all predictor variables were combined. This study
allowed us to improve the AGB estimates and produce an AGB map useful for

Journal of Envi I Analysis and Progress € 2016 managing and conserving the remnants.
Keywords: Generalized linear model, random forest, remote sensing.
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Introduction

Tropical forests are essential in the global
terrestrial carbon cycle (Houghton, 2005). Their
large carbon pools, stored as aboveground
biomass (AGB), provide numerous ecosystem
services and help mitigate greenhouse gases
(GHG) (Pan et al., 2011; Pooter et al., 2016;
Mitchard, 2018). However, in recent decades an
increase in anthropogenic activities, such as
deforestation and changes in land wuse, is
responsible for a significant decrease in AGB in
tropical forests (Hansen et al., 2013). Large
Brazilian biomes, such as the Atlantic Forest,
have lost almost 90% of their original coverage
(SOS Mata Atlantica & INPE, 2019). It is also
known that habitat fragmentation and the
consequent loss of biodiversity are strongly
related to the decline in AGB (Laurance et al.,
2018). Therefore, it is vital to carry out studies
that help explain the ecological processes that

determine the spatial distribution patterns of AGB
(Chave et al., 2019). This is especially true when
working in a biome such as the Atlantic Forest, a
biodiversity hotspot (Myers et al., 2000) but lacks
AGB estimates for most areas (Alves et al., 2010).

Several ecological studies aimed at
understanding forest dynamics are based on robust
AGB estimates (e.g., Saatchi et al., 201la;
Avitabile et al., 2016; Meira-Junior et al., 2020).
However, accurately quantifying AGB stocks
requires traditional field sampling methods
(Saatchi et al., 2011b). These methods can be
destructive, where trees are uprooted and their
additive  components separated, or non-
destructive, where the AGB of trees is estimated
from allometric equations and relates diameter,
height, and wood density variables (Chave et al.,
2014). Although both methods provide accurate
AGB information, they are costly, require
considerable time, and are not practical for
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estimating the spatial distribution of AGB over
large areas (Timothy et al., 2016). For this reason,
low-cost techniques, such as remote sensing, are
increasingly used in AGB estimation studies (Lu
etal., 2016).

New approaches in remote sensing allow
us to more accurately estimate large AGB stocks
(Avitabile et al., 2016). However, remote sensing
alone cannot directly determine these stocks,
making it necessary to link field information with
remote sensing data (Saatchi et al., 2011b). On the
other hand, remote sensing data processing is only
possible through acquiring aerial or satellite
images (Lu, 2005; Santos, Pimentel & Silva,
2023). In this sense, among long-standing space
missions, only images from some satellites (e.g.,
Landsat satellites) have been immensely used in
AGB estimate studies (e.g., Powell et al., 2010;
Zhu & Liu, 2015; Silveira et al., 2019). This
occurs  because Landsat images  offer
comprehensive spatial coverage, are free, and
have an intermediate spatial resolution (Goward et
al., 2006). Even so, satellite images can be used to
explore and extract a wide range of variables
needed for the performance of AGB prediction
models (Gasparri et al., 2010; Barbosa et al.,
2014; Chave et al., 2019).

Improving AGB estimates depends on
predictor variables and prediction methods (Lu et
al., 2016). In the first case, it is known that
numerous variables (e.g., climatic and edaphic)
stand out for influencing AGB patterns (Chazdon,
2003; Poorter et al., 2017; Ali et al., 2019).
Furthermore, other variables from remote sensing,
such as spectral indices and topography, also
contribute to a better understanding of the spatial
distribution of AGB (Lu et al., 2004; Barbosa et
al., 2014; Silveira et al., 2019). For this reason,
selecting variables is a fundamental step to ensure
the best performance of prediction models (Li et
al., 2019). In the second case, several empirical
modeling methods estimate AGB (Zhu & Liu,
2015). They range from less detailed scopes, such
as linear regressions (Debastiani et al., 2019), to
more complex approaches, such as machine
learning algorithms (Schuh et al., 2020). Thus,
evaluating different modeling methods allows us
to maximize the accuracy of AGB predictions
(Gagliasso et al., 2014).

Considering the variety of modeling
methods, multiple AGB prediction variables, and
the fact that improving AGB estimates for the
Atlantic Forest is still a challenge, in this study we
aimed to: 1) evaluate the performance of different
modeling methods that predict the AGB, relating
field plot AGB information to soil data, remote
sensing, and environmental data; and ii) select the

most accurate modeling method to generate an
AGB map of the remnant.

Material and Methods
Study area

This study was conducted in the coastal
remnant of Serra da Tiririca, the principal and
largest sector of Serra da Tiririca State Park
(PESET) (Rio de Janeiro, 1991). This protected
area is 1788.58 ha and is in the municipalities of
Marica and Niterdi, in Rio de Janeiro State
(22°47°-22°59 S’; 42°57°-43°02° W) (Figure 1).
The regional climate is humid and hot, with
rainstorms in the summer and a dry season in the
winter (Aw climate in the Koppen classification,
updated in Alvares et al., 2013). The vegetation
type is a dense rainforest (Atlantic Forest)
(Barros, 2008). The region has an average annual
temperature of 23.7°C, average annual
precipitation of 1173 mm, and annual relative
humidity of 80%, and the soil is mainly formed by
Agrisoils, Cambisols, and Lithosols (INEA,
2015).

Plot data

The field study was carried out between
November 2019 and December 2020. In the field,
we georeferenced and established ten plots of 50 x
20 m (1 ha) at random (Figure 1) and at least 200
m apart. We marked all living trees within each
plot with a diameter at breast height (DBH) > 10
cm and recorded their height (estimated from the
length of a pruning pole) and diameter. For the
subsequent quantification of wood density and
estimation of the trees' AGB, wood samples were
extracted from the trees and measured following
the Chave (2006) protocol. The tree species
recorded in this study can be found in Zuie-da-
Silva et al. (2023).
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Figure 1. Map of the study area and location of
plots installed between 2019 and 2020 in Serra da
Tiririca, Rio de Janeiro, Brazil. Font: Zuifie et al.

(2024).
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Additionally, we collected a soil sample
in the center of each plot (between 0 and 20 cm
deep). The samples were bagged, labeled, and sent
to the Unidade Multiusuario de Analises
Ambientais (UMAA) at the Universidade Federal
do Rio de Janeiro, where they were processed and
analyzed according to EMBRAPA (1997)
protocols. The properties evaluated were the
following: nitrogen (N), phosphorus (P), organic
carbon (C), organic matter (OM), and
granulometric fractions of gravel, sand, silt, and
clay. Using the Brazilian System of Soil
Classification (SiBCS), the soil was classified
according to the granulometric texture
(EMBRAPA, 2018).

After drying the wood samples in an oven
at 105 + 2°C, we obtained the wood density
through immersion (ABNT, 2003). Wood density
was calculated using Equation 1.

m

P = a7 Eq. (1)

where p = wood density (g.cm?); m = dry weight
of the sample (g); and mdiff = weight difference
of the submerged sample, which corresponds to its
volume (cm?). Subsequently, the wood samples
were deposited in the xylotheque of the
Herbarium of Museu Nacional (R).

The trees' AGB was determined to use
allometry for tropical forest trees (Chave et al.,
2014), substituting the values in Equation 2 for
the obtained variables.

AGB = 0.063[p(DBH)?H)]*°7¢ Eq. (2)

where, AGB = aboveground biomass (t.ha™), p =
wood density (g.cm™), DBH = diameter at breast
height (cm) and H = height (m). After the
calculation, we used the AGB averages of the
trees per plot as field information. Hereafter, this
AGB calculated in field plots is treated as
observed AGB (response variable).

Remote data

To estimate the AGB through modeling,
we grouped the explanatory variables into five
subsets that fall into two groups. The groups
formed by individual data (from 1 to 4) and
hybrid data (5) comprise the following subsets:
(1) soil data, formed by eight soil variables from
field collection; (2) spectral index data, formed by
five indices calculated from remote sensing; (3)
topographic attribute data, formed by seven
variables derived from the digital elevation model
(DEM); (4) environmental data, consisting of the
selection of 15 bioclimatic variables acquired
from the WorldClim 2.1 database
(https://www.worldclim.org/data/index.html,
accessed on: August 30, 2021); and (5) combined
data, formed by the integration of all variables
from the subsets mentioned above (35 variables).
Below, we describe data collection and processing
for the subsets, except for soil that was already
described.

First, we acquired spectral index data
from the United States Geological Survey (USGS)
database (https://earthexplorer.usgs.gov/, accessed
on August 31, 2021), an image taken by the
Landsat 8 OLI/TIRS C1 L1 satellite with nine
spectral bands. The product corresponds to point
orbit 217-076, with a spatial resolution of 30 m, a
temporal resolution of 16 days, minimum
cloudiness, and an acquisition date of August 5,
2020 (the date is within the time range of the field
collections). Then, we processed the spectral
bands using the program QGIS 3.16.8 (QGIS,
2021) and the Semi-Automatic Classification
Plugin 7.8.17 (SCP) (Congedo, 2016). We applied
the dark object subtraction method (DOS) for
atmospheric correction of the NIR, RED, BLUE,
and GREEN bands. Subsequently, through the
composition of bands and via the QGIS raster
calculator (Graser et al., 2017), we estimated the
five spectral indices (Table 1).

Table 1. Explanatory variables of spectral indices used in aboveground biomass (AGB) modeling in Serra da
Tiririca. NIR (Near-Infrared) = Band 5; RED (Red) = Band 4; BLUE (Blue) = Band 2; GREEN (Green) =

Band 3. Font: Zuiie et al. (2024).

.Spe.ctral Name Formula Reference
indices
Normalized _
NDVI Difference NIR = RED E‘;‘%e) etal.
Vegetation Index NIR + RED
Soil Adjusted NIR — RED
SAVI Vegetation Index iR rEp T 015 Huete (1988)
EVI Enhanced Vegetation 2.5( NIR — RED ) Huete et al.
Index " NIR+ 6% RED —7.5— BLUE + 1 (2002)
LAI Leaf Area Index (18.37 « NDVI)*1.51 Xavier &
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Vettorazzi
(2004)
i ' GREEN — NIR
NDWI Normalized Difference Gao (1996)
Water Index GREEN + NIR

Similarly, to obtain the topographic
attribute data, we initially acquired a Shuttle
Radar Topography Mission (SRTM) satellite
image from the USGS database, corresponding to
a DEM of 30 m spatial resolution, coordinates -

23/-44, and a publication date of September 23,
2014. Then, we processed the image in QGIS,
where we calculated all seven variables using a
complement raster analysis (Table 2).

Table 2. Explanatory variables of topographic attributes used in the Serra da Tiririca AGB modeling. Font:

Zuiie et al. (2024).

Variable Description Reference

Digital Elevation Model (DEM)  Altitude (m) of each plot

Aspect (ASP) Slop orientation concerning the north Wilson & Gallant (2000)
Hillshade (HILLS) The angle between the sun and the terrain

surface

Roughness Concentration Index
(RCI)

Morphometric dissection patterns

Sampaio & Augustin
(2014)

Slope (SLP)

The angle of inclination to the horizontal

Topographic Position Index (TPI)

Compares the elevation of each cell to the
elevation of a neighborhood

Guisan et al. (1999)

Terrain Ruggedness Index (TRI)

Express the amount of elevation difference
between adjacent cells of a DEM

Riley et al. (1999)

To acquire the environmental data (Table
3), we accessed the WorldClim 2.1 database and
selected the option bio30s (1 km? spatial
resolution). We chose this option because it

contains variables derived from average monthly
values for temperature and precipitation over
1997-2000 (Fick et al., 2017).

Table 3. Explanatory variables of environmental data used in the Serra da Tiririca AGB modeling. Font:

Zuiie et al. (2024).

Bioclimatic variables Description

Bl Annual Mean Temperature

B2 Mean Diurnal Range [Mean of monthly (max temp - min temp)]
B3 Isothermality (B2/B7) x100

B4 Temperature Seasonality (standard deviation x100)
B5 Max Temperature of Warmest Month

B6 Min Temperature of Coldest Month

B7 Temperature Annual Range (B5-B6)

B8 Mean Temperature of Wettest Quarter

B9 Mean Temperature of Driest Quarter

B10 Mean Temperature of Warmest Quarter

Bl11 Mean Temperature of Coldest Quarter

B12 Annual Precipitation

B13 Precipitation of Wettest Month

B14 Precipitation of Driest Month

B15 Precipitation Seasonality (Coefficient of Variation)

All explanatory variables were in raster
format, except the edaphic variables, whose
values were found in the attribute tables of the
coordinates of each plot in point shapefile format.
Therefore, we converted the edaphic variables to
raster by interpolating its values using the inverse

distance weighting (IDW) deterministic method
(Shepard, 1968), with the area's classification
using SCP. To facilitate geoprocessing and data
extraction, we cut all rasters from the dimensions
of the base polygon (shapefile) of Serra da
Tiririca. To extract the data values by plots of all
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variables and redirect them to a single data array,
we used QGIS's Point Sampling Tool 0.5.3 add-
on.

Data analysis

First, to better understand this study, we
described the results found in the field plots for
the observed AGB and edaphic variables.
Subsequently, wusing formulas described in
Kersten & Galvdo (2011), we verified the
sampling sufficiency based on the number of
individuals per plot, evaluating the sampling
intensity and the optimal number of plots for the
study area. Finally, we described the results of the
relationships between field information and
remote data, where we evaluated the performance
of different modeling methods and selected the
most suitable model to build an AGB map of the
remnant.

We compared the accuracy of a semi-
parametric method (generalized linear model,
GLM) and a non-parametric method (random
forest model, RF) to select the most accurate
model. In recent years, both have been extensively
explored in AGB modeling studies (e.g., Zhu &
Liu, 2015; Lopatin et al., 2016; Almeida et al.,
2019; Silveira et al., 2019; Schuh et al., 2020). For
this reason, we decided to compare these two
modeling approaches, making the following
assumptions. First, GLM is a method that packs
several statistical models into a single generalized
model (Guisan et al., 2002) and, unlike other
parametric modeling methods, uses data that does
not assume a normal distribution and has a linking
function for wuniting the model components
(McCullagh & Nelder, 2019). Second, RF is a set
of learning methods based on deterministic
techniques  that integrate an  extensive
configuration of regression trees (Breiman, 2001).
In turn, RF constantly selects random bootstrap
samples from training data and has a final
prediction of a weighted average of all regression
trees (Cutler et al., 2012).

We randomly divided our data matrix into
60% training (6 sample plots) and 40% testing (4
sample plots) data to fit the models. This division
was done with the createDataPartition function of
the caret package 6.00-88 (Kuhn et al., 2016) in R
412 (R Core Team, 2021). Still, in R, we
computed the two modeling methods using the
MASS package (Ripley et al. 2013) and its
functions to optimize the GLMs and the
randomForest package (Liaw & Wiener, 2002) to
adjust the parameters of the RF models.

Since GLMs work with parsimonious
explanations (Guisan et al., 2002), we manually
selected the best explanatory variables per subset

for each model through the dropterm function.
Considering all GLMs, we used the Gaussian
distribution with the identity link. We submitted
the explanatory variables to an analysis of
variance with the F test to assess the goodness of
fit of the models. We verified the measures of
discrepancies through deviance residuals (Sakate
et al., 2014). Finally, we selected the models with
the lowest values according to the Akaike
information criterion (AIC) (Burnham et al.,
2011).

On the other hand, we used the percentage
of explanation of the model variance (%var.
explained) as a support metric for the RF model
evaluation. We manually selected, for each model,
the best explanatory variables based on the
importance method (Liaw & Wiener, 2002). This
method allowed us to calculate the mean decrease
Gini (IncNodePurity) through the permutation
out-of-bag data, which indicates the importance
value of each variable for the model (Liaw &
Wiener, 2002). Finally, we used 500 decision
trees (ntree) for all models and left the random
predictors per tree (mtry) as the default. Both
modeling methods were trained by the training
data and then applied to predict the AGB of the
test data.

To assess the accuracy of the models, we
related the observed AGB and the predicted AGB
using simple linear regression. For this step, we
measured the performance with the coefficient of
determination (R?), root means square error
(RMSE, in tha'), and p-value <0.05, obtained
through an analysis of variance (ANOVA).
Subsequently, we selected the most accurate
model (with the best performance). Through its
prediction, we generated an AGB map of Serra da
Tiririca in R using the functions of the raster
package (Hijmans, 2021). We then imported the
AGB map into QGIS to customize it. All maps in
this study were generated from the Geographical
Coordinate System and Datum WGS 84/UTM
zone 23S (EPSG:32723).

Results
Aboveground biomass (AGB) and soil data

We registered 403 trees and observed, in
the plots from 2019 to 2020, an AGB average of
371.12 + 207.82 tha'! (range: 163.30 to 578.90
tha') (Table 4). The granulometric composition
of the soils had high percentages of sand and
gravel, ranging from sandy soils with little gravel
(Plots 2, 3, and 9) to sandy gravel soils (other
plots) (Table 4). C, N, and P had the highest
values in plots 9, 4, and 8, respectively (Table 4).
The percentage of OM content was highest in
plots 8 (8.39%) and 4 (6.60%) and lowest in plots
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6 (3.48%) and 5 (44.0%) (Table 4). The sampling
intensity was 0.45%, indicating the need to add 89
plots in the study area, based on the sampling

sufficiency, to obtain stability in the number of
individuals.

Table 4. Observed aboveground biomass (AGB) and soil data used in the Serra da Tiririca aboveground
biomass modeling. + = standard deviation; N = nitrogen; C = carbon; P = phosphorus; OM = organic matter.

Font: Zuiie et al. (2024).

Plots Edaphic variables

(Number of  AGB observed Gravel Sand Silt Clay N C P OM
trees) (t.ha") (%) (mg.g™h) (%)
1(32) 746.50 + 909.24 18.47 72.76 8.35 0.42 1.82 20.62 0.20 5.13
2 (35 280.19 £301.43 9.02 84.56 5.63 0.79 1.82 13.67 0.13 4.49
3 (33) 662.03 £ 670.22 8.62 83.73 7.08 0.58 2.43 23.68 0.15 6.25
4(26) 627.18 £1122.21 25.82 72.28 1.86 0.04 3.08 31.87 0.12 6.60
5 (40) 14937 £111.67 23.60 72.40 3.79 0.21 1.40 17.20 0.07 4.10
6 (49) 203.17 £268.35 22.85 68.75 7.70 0.70 1.42 18.09 0.02 348
7(92) 255.19 +£437.39 26.00 70.30 3.51 0.19 1.47 17.64 0.10 4.54
8 (32) 324.87 +£461.52 20.43 73.73 5.54 0.30 2.02 28.34 0.22 8.39
9 (31) 247.05 £207.02 13.50 80.33 6.03 0.14 2.27 32.86 0.05 5.96
10 (33) 215.61 £161.25 23.35 70.96 5.34 0.35 1.45 20.01 0.02 4.64

Average 371.12 +£207.82 19.17£595 7498 +542 548+1.89 0.37+0.23 1.92+0.51 22.40+6.23 0.11+£0.06 5.35+1.37

Comparison between GLM and RF approaches
The random partition selected plots 2, 3,
4, 6, 7, and 10 for the training data and plots 1, 5,
8, and 9 for the test data. For the construction of
the GLMs, the variables that best explained the
observed AGB variation were the following: Silt,
P, and C for the soil data subset; SAVI, NDVI,
and LAI for the spectral index data subset; DEM,
SLP, and TPI for the topographic attribute data
subset; B1, B9, and B12 for the environmental
data subset; and B4, SLP, SAVI, and N for the
combined data subset (Table 5). For the
construction of the RF models, all variables of
each subset were used, notably the essential
variables for the model explanations: OM, C, and
N for the soil data subset; NDVI, SAVI, and

NDWI for the spectral index data subset; TPI,
DEM, and HILLS for the topographic attribute
data subset; B3, B13, and B6 for the
environmental data subset; and N, TPI, B3, and
EVI for the combined data subset (Table 5). The
evaluation of the deviance residuals of the GLMs
showed that the selection of variables from the
saturated model contributed to a better
explanation of the models, with low AIC values
and significance for the variables selected by the
subset (Table 5). The explained variance of the
RF models had negative values for the
topographic attribute and spectral index subsets,
while the other subsets had low positive values
(Table 5).

Table 5. Models with training data using a general linear model (GLM) and random forest (RF) model for
observed aboveground biomass (AGB) effects on subsets. GLMs show the coefficients of the variables
selected by the subgroup to build the models. In contrast, the RF models show the most important variables
of the models in each subset. Positive parameters in GLMs indicate positive effects, and negative parameters
indicate negative effects. p>(F) = 0.001 “***°/0.01 “**’, 0.5 “*’, 0.1 °.”; ns = not significant. Font: Zufie et

al. (2024).

GLM training results

RF training results

Res. Deviance

% var. explained /

Subset / variables Estimate (Std. error) (AIC) Subset / variables IncNodePurity (%)

Soils -574.18 (58.05) 224248 (57.05) Soils 18.53

Silt 33.01(5.15) * 209599 OM 98.65

P 2300.33 (175.29) ** 108005 C 79.94

C 27.36 (1.77) ** 895 N 73.01
Spectral indices 53534.50 (13054.50) 224248 (74.05) Spectral indices -95.31
SAVI -6853.80 (1327.30) ns 210061 NDVI 98.52
NDVI -224812.40 (54673.10) ns 145706 SAVI 95.82

LAI 2239.90 (538.70) . 15109 NDWI 90.96
Topographic attributes 366.85 (34.45) 224248 (62.10)  Topographic attributes -27.98
DEM -2.41(0.37) * 174781 TPI 94.28

SLP 25.37 (3.17) *** 28414 DEM 44.01

TPI -84.23 (16.77) * 2075 HILLS 42.92
Environmental 874.89 (7568.54) 224248 (73.35) Environmental 11.73
B1 -8456.37 (1818.47) ns 204952 B3 94.58

B9 8510.30 (1618.99) * 53946 BI13 85.84

B12 16.70 (6.83) ns 13529 B6 80.58
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Combined 297.18 (16.43) 224248 (1.39) Combined 2.71
B4 -5.96 (0.07) *** 145440 N 98.64
SLP 6.07 (0.38) *** 114119 TPI 94.25
SAVI 1251.03 (2.45) ** 100454 B3 72.79
N 361.84 (0.27) *** 0 EVI 10.68

When testing the GLM and RF models,
there were large differences in the performance of
each subset (Figure 2). The performance of the
GLMs showed a 67% reduction in the RMSE of
the individual data subsets compared to the
combined subset (from 288.53 to 94.36 t.ha'),
while in the RF models, for the same comparison,
there was a 30% decrease (from 98.76 to 68.17
tha') (Figure 2). When comparing individual
GLM and RF data subsets, RF performed better
for the spectral index, topographic attribute, and
environmental data subsets. In contrast, GLM

performed better only for the soil data subset
(Figure 2a-h). When comparing the subset of
combined data, the GLM had greater explanatory
potential (R? = 0.65) than the RF (R? = 0.57).
However, RF had a lower RMSE (68.17 t.ha™)
than the GLM (94.36 t.ha™!). Both were significant
(Figure 2i-j). Among all models, the best-
performing model was from the topographic
attribute data subset of the RF modeling method
(R? = 0.82, RMSE = 32.14 tha', p = 0.0002)
(Figure 2f).

Fitted models
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Figure 2. Observed aboveground biomass (AGB) versus predicted AGB using the general linear model
(GLM) and random forest (RF) methods with the following as input: a-b, soil data; c-d, spectral indices; e-f,
topographic attributes; g-h, environmental data; and i-j, the combination of all data. RMSE = root mean
square error. Dotted lines = identity line. Full red lines = fitting line. Font: Zufie et al. (2024).

Constructing the aboveground biomass (AGB)
map

To construct the Serra da Tiririca AGB
map, we chose the GLM model of the combined
subset, which is the most accurate compared to
the RF for our remnant. This model estimated an
average AGB of 405.31 + 160.79 tha'. The
current estimation of AGB in the study area
showed areas with low AGB values in the north
and south terminals and places close to rock
formations. In contrast, the remnant's interior had
intermediate and high AGB values (Figure 3).
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Figure 3. Aboveground biomass (AGB)

estimation map of Serra da Tiririca between 2019
and 2020, applying the GLM modeling method
using combined soil, spectral index, topographic
attribute, and environmental data. Font: Zufie et
al. (2024).

Discussion

Improving AGB and soil data estimates is
essential to understand spatial distribution patterns
in tropical forests (Chave et al., 2019). This study
aimed to determine the AGB of an Atlantic Forest
remnant and select the most accurate modeling
method to generate an AGB map of the area. We
also evaluated the best approach (GLM or RF) to
generate the map. We found an AGB average of
371 t.ha! and selected the combined data of the
GLM method to create the map. Combining soil
variables, remote sensing, and environmental data
improved the GLM and RF models.

In tropical forests, AGB spatial
distribution patterns are very dynamic (Poorter et
al., 2016). For example, a range between 50 and
300 t.ha! is widely reported for the Atlantic
Forest (e.g., Cunha et al., 2009; Alves et al., 2010;
Medeiros & Aidar, 2011; Silva et al., 2018;
Silveira et al., 2019). However, few studies report
values above this range (e.g., Rolim et al., 2005;
Lindner & Sattler, 2012). Here, we predict an
AGB average of 405 t.ha™!, which would easily fit
within the reported range for Amazonian
rainforest (between 100 and 500 tha')
(Nascimento et al., 2002; Saatchi et al., 2002;
Saatchi et al., 2007; Mazzei et al., 2010; Benitez
et al., 2016). Our prediction could be primarily
influenced by the type of vegetation in the
remnant. Serra da Tiririca is a heterogeneous
forest at different successional stages and has a
high diversity of trees (Barros, 2008; Zufie-da-
Silva et al., 2023). Therefore, when not treated as
outliers, a few large trees in areas with a high
density of small trees would directly influence the
variability of the means and standard deviation of
AGB in the field plots.

Among other factors that could have
influenced our AGB prediction, such as plot size
and sample size (Chave et al., 2004), explanatory
variables play an essential role (Silveira et al.,
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2019). Soil properties, for example, are necessary
to understand the variability in structure, such as
AGB (Poorter et al., 2015). This study found a
soil pattern like other Atlantic Forest remnants
(Sanchez et al., 2013; Diniz et al., 2015;
Cysneiros et al., 2021). However, unlike the other
edaphic variables, we observed that organic
carbon (C), nitrogen (N), and phosphorus (P)
contributed the most to explaining the variation in
AGB in the models, both with individual and
combined data. This contribution could be
explained by the positive correlation between
these elements (C, N, and P) and AGB stocks in
tropical forests (Laurance et al., 1999). However,
in the Atlantic Forest, mainly in coastal remnants,
it has been observed that the variation in AGB
related to the concentration of these elements
could be affected by climatological and
topographic variables (Alves et al., 2010; Vieira et
al., 2011; Martins et al., 2015). Other edaphic
variables in this study had little influence on the
models, such as particle size and organic matter.
Although, depending on the type of Atlantic
Forest vegetation, they could be a good predictor
of AGB (Toledo et al., 2018).

Other predictor variables derived from
remote sensing, such as spectral indices, have
often shown a strong relationship with AGB
predictions (Gasparri et al., 2010; Ferraz et al.,
2014; Zhu & Liu, 2015). However, depending on
the vegetation density, some indices might not be
appropriate for predicting AGB (Lu et al., 2016).
Here, the spectral indices did not act as good
predictors of AGB. However, we observed that
SAVI was the most significant explanatory
potential variable. It was important in explaining
the individual data models and was significant to
justify the most suitable model to generate the
Serra da Tiririca AGB map. SAVI corrects the
NDVI in remote sensing by applying the ground
brightness correction factor (Huete, 1988).
Although the SAVI is often better at predicting
the AGB of agricultural areas (Ren et al., 2018), it
also correlates highly with the AGB of tropical
rainforests (Debastini et al., 2019).

Similar to spectral indices, topographic
attributes have great potential to predict AGB
(Asner et al., 2009). This study found that the
DEM, TPI, and SLP variables contributed the
most to explaining the models with individual and
hybrid data. For the Atlantic Forest, a positive
relationship has been observed between these
topographic attributes and AGB. AGB increases
as the altitude increases (Alves et al., 2010). On
the other hand, using topographic attributes
derived from remote sensing in AGB predictions
could be a key part of estimating AGB in the

Atlantic Forest because adding these attributes
would significantly improve the models'
predictions (Barbosa et al., 2014).

Among the numerous abiotic variables
that predict ecological processes, climatological
variables are the most explored (Fick et al., 2017).
Here, we found that the distinct bioclimatic
variables associated with temperature were
essential to explaining the variation of AGB in
models with individual and hybrid data. However,
for the Atlantic Forest, bioclimatic variables
explain only a small portion of the AGB models
(David et al., 2017). Nevertheless, just as the
individual variables were essential to explaining
the different models, combining these variables
significantly improved the explanations of the
hybrid models. As shown in other studies of
Atlantic Forest (e.g., Silveira et al., 2019), the
combination of these predictive variables
increased the performance of the AGB predictive
models.

The accuracy of AGB predictions can
vary significantly between different modeling
methods (Zhu & Liu, 2015). Here, we found that
RF models, with both individual and hybrid data,
had low RMSE compared to GLMs. On the other
hand, the GLMs had a higher R? than the RF
models. Although both methods have efficient
models, a GLM is more accurate for AGB
estimates than an RF in sclerophyllous forests
(Lopatin et al., 2016) and tropical rainforests
(Schuh et al., 2020). We also observed that the
selection of variables is essential for explaining
the models, especially in the RF models, where
we had negative values for the percentage of the
variance of the models with the topographic
attribute and spectral indices variables. These
negative values could indicate that the model is
poorly supported, resulting in a very weak or
erroneous performance (Breiman, 2001). Finally,
we generated the AGB map of Serra da Tiririca
using the GLM with combined data because it had
greater explanatory potential than the RF model
with combined data. Additionally, although the
RF model with combined data has a lower RMSE
than the GLM with combined data, the latter
showed a higher percentage of RMSE reduction
than models with individual data.

Although accurately estimating the AGB
of large areas is still challenging, in this study, we
observed that comparing modeling methods and
predictor variables results in a better model for
estimating AGB in an Atlantic Forest remnant.
This is the first study that estimates AGB for
PESET. The AGB map generated in this study
enables us to understand the spatial distribution
patterns of AGB in Serra da Tiririca. In addition,
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it will contribute to implementing better
management practices in the study area. Finally, it
is essential to evaluate other coastal remnants
following this same line of research to improve
the AGB estimates and better understand Atlantic
Forest AGB patterns.

Conclusion

We estimated an AGB of 371.12 £ 207.82
t.ha'! in field plots of Serra da Tirrica. For Serra
da Tiririca, the comparison between modeling
methods showed that a GLM is more accurate, but
an RF model is also fit to estimate the AGB. This
more accurate modeling method predicted an
AGB of 405.31 t.ha™'. Additionally, we found that
the performance of the models improved when we
combined predictor variables from the soil,
remote sensing, and environmental data. The
AGB map generated from the GLM with
combined data showed that the highest AGB
stocks are concentrated in the interior of the
remnant. Finally, the AGB map of the protected
area will contribute to implementing management
and prevention action.
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