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Abstract: This study evaluates the effectiveness of combining remote sensing techniques with the
Random Forest algorithm for estimating the Periodic Annual Increment (PAI) in a dry tropical forest
lo-cated within the Caatinga biome in northeastern Brazil. The analysis integrates forest inventory
data collected from permanent plots monitored between 2011 and 2019 with Landsat satellite imagery
processed through the Google Earth Engine platform. By incorporating surface reflec-tance and
vegetation indices, the approach significantly improved the accuracy of productivity estimates while
reducing the costs and efforts associated with traditional field-based methods. The Random Forest
model achieved a strong performance (R? = 0.8867; RMSE = 0.87), and its predictions were further
refined using post-processing correction factors. These results demon-strate the potential of data-
driven modeling to support forest monitoring and sustainable man-agement practices, especially in
ecosystems vulnerable to the impacts of climate change.
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productivity; climate variability; basal area; dryland monitoring; landsat imagery; semi-arid
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1. Introduction

Native forests play a central role in the provision of timber and non-timber products, such as
wood, fibers, and fuels. Beyond their industrial utility, these resources are renewable and exhibit high
energy efficiency, making them environmentally responsible alternatives to fossil fuel-derived
products, plastics, and metals. When sustainable management techniques are adopted, these forests
contribute to soil and water conservation [1], the recovery of degraded areas [2], and offer social
benefits, including job creation and regional development [3].

Research on dry tropical forests in Brazil has investigated aspects related to forest recovery [4],
structure and dynamics [5,6], carbon stock [7-9], and, more recently, the use of remote sensing for
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vegetation monitoring [10,11]. These efforts aim to bridge knowledge gaps regarding the ecology of
these forests, particularly in the context of climate change [12], which exacerbates their vulnerability
due to the increasing frequency of extreme climatic events [13,14].

Although tropical forests are recognized for their high biodiversity, they may be dominated by
a few species at local scales. This phenomenon is also observed in seasonally dry biomes, such as the
Caatinga, where sparse vegetation can exhibit high diversity due to environmental heterogeneity and
species' adaptive strategies to extreme climatic conditions. Studies indicate that despite being
predominantly xerophytic and of low density, the Caatinga harbors significant biodiversity, with
structural variations influenced by climatic and edaphic factors [15,16]. Such dominance patterns
often reflect successional and demographic variations over time [17]. Climatic factors, such as
precipitation and temperature [18,19], along with soil fertility and other edaphic conditions [20,21],
shape the structure and composition of these plant communities. Furthermore, species resilience to
environmental disturbances is crucial for their survival and dispersal [22].

To better understand forest dynamics, growth assessment through the Periodic Annual
Increment (PAI) has emerged as a critical metric. This measure allows for the evaluation of forest
growth in response to environmental conditions. In dry tropical forests, such as the Caatinga,
seasonal water availability plays a central role in influencing growth processes and natural
regeneration. Extreme climatic events, such as severe droughts, can substantially alter forest
dynamics, highlighting the need for studies correlating PAI with these environmental variables
[23,24]. It is also crucial to further investigate the Cerrado and Caatinga biomes, considering
anthropogenic impacts [25].

Traditionally, PAI monitoring has been conducted through permanent plots, where periodic
measurements provide data on vegetation development. However, this method presents significant
challenges, including the need for extensive fieldwork, high costs, and logistical difficulties in remote
areas. These limitations can restrict the spatial and temporal scope of studies, compromising the
effectiveness of continuous monitoring [26]. There is evidence of an encroachment process occurring
in the Cerrado biome [27,28], which may also be taking place in the Caatinga. To understand such
phenomena, methods with broad spatial and temporal coverage are essential.

With the advancement of remote sensing technologies, it has become possible to overcome some
of these barriers. The use of satellite imagery and unmanned aerial vehicles (UAVs) allows for large-
scale data collection with higher frequency and lower cost. One of the main applications of these
technologies is the use of vegetation indices (VIs) and spectral reflectance, which are metrics derived
from vegetation reflectance that enable the monitoring of vegetation cover, plant vigor, and
ecosystem processes over time [29-33]. For example, [34] developed a low-cost UAV-based forest
restoration monitoring protocol, demonstrating its effectiveness in Brazil’'s Atlantic Forest. Similarly,
[35] implemented a national-scale forest monitoring system in Tanzania using remote sensing data
to support management and conservation decisions. These examples illustrate how remote sensing
can complement traditional methods, providing a more comprehensive and updated view of forest
dynamics.

Landsat satellite imagery has proven to be a valuable tool for multi-temporal analysis, enabling
high-precision vegetation cover change detection over more than four decades [36-39], including
harmonized data products [40,41]. The availability of orbital data and the demands associated with
dry tropical forest monitoring require robust information extraction methods.

Machine learning algorithms, such as Random Forest, Gradient Boosting, Support Vector
Machines (SVM), and Artificial Neural Networks (ANN), can enhance predictive capabilities and the
analysis of complex ecosystems [42—46]. These algorithms, by handling large volumes of multivariate
data, have demonstrated efficiency in ecological modeling, enabling the identification of relevant
patterns and key variables influencing forest growth and species resilience [47—49].

Among these, Random Forest stands out for its robustness in analyzing large-scale multivariate
datasets. This algorithm employs multiple decision trees to construct highly accurate predictive
models, facilitating the identification of key factors affecting forest growth [42,50,51]. Its application
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in ecological studies provides valuable insights into the factors influencing forest dynamics and
species resilience [50,52,53].

To assess the potential of machine learning techniques and satellite imagery, this study aims to
compare the Periodic Annual Increment (PAI) estimates obtained through traditional field-based
forest inventory methods with those derived from remote sensing techniques, employing machine
learning algorithms such as Random Forest. The Caatinga biome was selected as the study area.

2. Materials and Methods

To provide a clear overview of the research workflow, Figure 1 presents a schematic
representation of the methodological steps adopted in this study, highlighting the integration of field
and orbital data, variable processing, statistical analysis, and the use of the Random Forest algorithm
for the estimation and spatialization of the Periodic Annual Increment (PAI).

Orbital data Field data

Forest
inventory:
DBH and height -
40 plots (20 x 20 m)

Annual measurements
(2011 to 2019)
W

Basal area, Periodic Annual Increment,
Mortality, Recruitment

Climate data

Bands (B2, B3, B4,
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Figure 1. Methodological flowchart summarizing the integration of field and satellite data, extraction of spectral
and structural variables, statistical analysis and Random Forest modeling for the estimation and spatialization

of the Periodic Annual Increment (PAI) in a dry tropical forest area.

2.1. Study Area Location

The data were collected from a 1.6-hectare sampling area, located within Fazenda Itapemirim
(Agrimex S.A, Floresta, Pernambuco, Brazil). The farm covers 5,695.65 hectares, where native
vegetation was cleared in 1987 using tractors and chains [54]. At the time, the purpose of removing
the native vegetation was to establish exotic species. However, the project failed, leading to the
abandonment of the area, which subsequently entered a natural regeneration process.

The study area has been monitored since 2008 through 40 permanent plots, each measuring 20
m x 20 m (400 m2), totaling a sampled area of 1.6 ha. The plots are evenly spaced 80 m apart, measured
from the center, and the buffer zone between plots is 60 m (Figure 2).
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Figure 2. (A) Distribution of the 40 permanent plots in the study area, shown over high-resolution satellite
imagery. Orange points indicate plot locations, and the blue line represents an intermittent wa-tercourse. (B)
Fieldwork activities conducted in the Caatinga vegetation within one of the per-manent plots, illustrating the
dry forest structure. (C) Geographic location of the study area: the Caatinga biome in northeastern Brazil,
highlighting the state of Pernambuco and the municipality of Floresta, where the field experiment was

conducted.

2.2. Field Data Collection

For standardization purposes, plants were identified and tagged at a height of 1.30 m above
ground. Annually, starting in 2011, all shrub and tree species were identified and measured in each
sampling unit, recording the circumference at 1.30 m above ground level (C = 6 cm) and total height
(H). Additionally, newly recruited individuals (plants and/or stems reaching the minimum C
criterion), as well as dead and fallen individuals, were recorded. The study followed the
nomenclature and measurement standards for forest inventory [55].

A plant was considered any part belonging to a single root system, based on the observation of
its above ground structure. In cases where bifurcations occurred below 1.30 m in the same plant and
met the minimum inclusion criteria, they were recorded as stems.

Data were collected each September to coincide with the dry season. Circumference
measurements were taken using a measuring tape, while height was measured with a graduated
ruler, both with centimeter precision. Circumferences were converted to diameter at 1.30 m above
ground level (D) by dividing C by .

2.3. Climatic Data

Temperature and precipitation data for the period from 2009 to 2023 were obtained from the LP
DAAC database of the USGS and the Climate Hazards Center — UC Santa Barbara, University of
California. The dataset was sourced from the MODIS/006/MOD11A1 and CHIRPS/DAILY products,
based on the geographic coordinates of the study area[56,57].

2.4. Remote Sensing Data

Landsat 5 and Landsat 8 satellite images were selected from the complete collection available on
the Google Earth Engine platform, using the LANDSAT/LT05/C02/T1_L2 and
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LANDSAT/LC08/C02/T1_L2 libraries, respectively. Landsat 5 was used for the year 2011, while
Landsat 8 data were employed for the years 2013, 2015, 2017, and 2019.

The images were preprocessed by applying cloud and radiometric saturation masks, limiting
cloud coverage to less than 60% to ensure data quality. After preprocessing, the spectral surface
reflectance bands were corrected for each sensor, and vegetation indices were calculated for each
analyzed year. These data were extracted specifically for the study area, ensuring temporal and
spatial consistency and comparability (Table 1).

Table 1. Vegetation indices used in the study area.

Vegetation Index Formula Reference Source
Normalized Difference
Vegetation Index (NIR - RED) / (NIR + RED) ROUSE et al., 1973
(NDVI)
Enhanced Vegetation  2.5* (NIR - RED) / (NIR + 6 * RED
Index (EVI) _75*BLUE + 1) HUETE et al,, 2002

Soil-Adjusted
Vegetation Index
(SAVI)
Green Normalized
Difference Vegetation =~ (NIR - GREEN) / (NIR + GREEN)  GITELSON; MERZLYAK, 1994
Index (GNDVI)
Normalized Difference (NIR - SWIR) / (NIR + SWIR) or

(1+L)* (NIR - RED) / (NIR + RED

HUETE,1
‘1) UETE,1988

Water Index NDWI)  (GREEN - NIR) / (GREEN + NIR) GAO, 1996
Normalized Difference

Builtup Index (WD) (SWVIR-NIR)/ (SWIR + NIR) ZHA etal, 2003
Moisture Stress Index SWIR / NIR ROCK et al., 1986

(MSI)
Normahf;‘;ﬁ;lm Ratio  NIR - SWIR) / (NIR + SWIR) KEY; BENSON, 2001
Normalized Difference (GREEN - SWIR) / (GREEN +
Snow Index (NDSI) SWIR) RIGGS etal, 1994

Leaf Area Index (LAI) Ln((0.69 - SAVI) /0,59) / 0,91 TUCKER et al., 1981

In which: NIR: Near-Infrared; RED: Red; GREEN: Green; BLUE: Blue; SWIR: Short-Wave Infrared; L: Soil
adjustment factor for SAVI, which typically ranges from 0 (for dense vegetation cover) to 1 (for sparse vegetation
cover); in this study, a value of 0.5 was used.

To ensure compatibility between the two sensors, Band 6 of the Landsat 5/TM satellite and Bands
1,8, 9,10, and 11 of the Landsat 8/OLI satellite were excluded from the analysis.

2.5. Recruitment and Mortality Dynamics

In this study, a two-year monitoring period was considered between surveys conducted from
2011 to 2019. Thus, an individual (stem) was classified as a recruit if it reached C = 6 cm only in the
second measurement. This means that individuals (stems) that emerged in 2013 were counted for the
2011-2013 interval, those that emerged in 2015 for the 2013-2015 interval, those that appeared in 2017
for the 2015-2017 interval, and those that appeared in 2019 for the 2017-2019 interval.

The recruitment rate was calculated using Equation 1.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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N\t
TR= [1-(1-=2) | x100 (1)
Ny

Where: TR = Recruitment rate (%); t = Time elapsed between inventories (years); Nf = Final count of
living trees (stems) per hectare; Nr = Number of recruited individuals (stems) per hectare

For mortality estimation, an individual (stem) was considered dead if it was an adult shrub or
tree with C > 6 cm in the 2011 survey but was found dead in the subsequent 2013 survey (first interval:
2011-2013). For the second interval (2013-2015), trees recorded as alive in 2013 but dead in 2015 were
counted. Similarly, for the third interval (2015-2017), trees that were alive in 2015 but dead in 2017
were considered. Finally, for the fourth interval (2017-2019), trees recorded as alive in 2017 but dead
in 2019 were included in the mortality count.

The mortality rate was calculated using Equation 2.

™ = [1—( —’I"V—':)%]xmo @)

Where: TM = Mortality rate (%); t = Time elapsed between inventories (years); No = Initial number of
trees (stems) per hectare; Nm = Number of dead individuals (stems) per hectare.

Growth estimates were obtained using the methodology proposed by [52], and the Periodic
Annual Increments (PAI) for field data were calculated based on the ratio between gross and net
growth (including and excluding recruits, respectively) and the interval between measurement
periods, according to Equations 3, 4, 5, and 6.

Cbi=G:+M+MF+C+CF-Gi 3)
Cb=G:+M+MF+C+CF-GI-GF-Gi 4)
Cli=Cbi-M+MF - Gi (5)
Cl=G:-GI+GF-Gi (6)

Where: Cbi represents the gross growth including recruits; Cb is the gross growth excluding recruits;
CII corresponds to the net growth including recruits; Cl is the net growth excluding recruits. G; is the
basal area (m? ha™) in the final inventory, at the end of the growth period, while G; is the basal area
(m? ha™) in the initial inventory, at the beginning of the growth period. M represents the basal area
of individual mortality (m?ha™), and MF is the basal area of stem mortality in living individuals (m?
ha™). C refers to the basal area of harvested individuals (recruits) in m? ha™!, and CF is the basal area
of harvested stems (recruits within individuals) in m? ha™'. GI denotes the basal area of recruited
individuals (m? ha™), and GF represents the basal area of recruited stems within individuals (m? ha?).

2.6. Periodic Annual Increments

The periodic annual increments in basal area (PAL, mm.ha™) were obtained by calculating the
ratio between Cbi, Cb, ClI, and Cl, respectively, and the interval between measurement periods,
considering both individuals and stems.

Based on the estimation of Cb, the mean annual periodic increment in diameter was calculated
using Equation 7.

PAl, = 1 400:)10.(,‘,, %

n.a

Where: IPA represents the mean annual periodic increment in diameter (mm.ha™); Cb is the gross
growth excluding recruits; n is the number of individuals; and a is the interval between measurement
occasions (2 years).
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2.7. Modeling with Random Forest

Digital image processing was performed using QGIS (version 3.10.4). The extrac-tion of pixel
reflectance values for the analyzed periods was carried out using the Point Sampling Tool plugin,
which allowed capturing reflectance values associated with the study area. The extracted data,
including reflectance and vegetation indices, were or-ganized into an Excel spreadsheet, containing
detailed information such as plot identi-fication, metric coordinates, basal areas, periodic annual
increments, reflectance values from Landsat 5 and Landsat 8 bands, and the vegetation indices
calculated for each plot and analyzed period. These variables were later used as predictors in machine
learning modeling.

To estimate the Periodic Annual Increment (PAI) using the remote sensing varia-bles of the
study area, the Random Forest technique was employed, implemented in the Scikit-learn library in
Python [58,59]. Random Forest is an ensemble learning algorithm based on the aggregation of
multiple decision trees. Each tree is built from a bootstrap sample of the dataset, and the final
prediction is obtained by averaging the outputs of individual trees. This approach reduces overfitting
and improves generalization, mak-ing it particularly robust for modeling complex and nonlinear
relationships, as often encountered in ecological and remote sensing data [42,50,51]. In addition to
this library, Pandas [60] was used for data analysis, Scipy.stats [61] for computing Spearman's cor-
relation, Matplotlib.pyplot [62] and Seaborn [63] for generating graphs, and Numpy [64] for matrix
calculations.

Each model was trained with 400 estimators (trees), balancing prediction accuracy and
computational efficiency. This number was chosen based on preliminary testing with different values
(ranging from 100 to 500), which showed that performance gains stabilized around 400 estimators.
Thus, this value was selected as an optimal point to avoid unnecessary computational cost while
ensuring model robustness. The data were split into 80% for training and 20% for validation,
following common predictive mod-eling practices [65].

The selection of variables was guided by the significance of Spearman’s correlation [66]
(Equation 8).

Where direpresents the difference between the ranks of each pair of observations, and n is the number
of observations.

The model performance metrics included the Coefficient of Determination (R?) and the Root
Mean Square Error (RMSE) (Equations 9 and 10, respectively), to assess prediction accuracy [67].

2 _ 9 _ Ty
R 1 Ty’ ©)

Where n is the number of observations, yi represents the observed values, yi represents the predicted
values from the model, and y is the mean of the observed values.

RMSE = /z—iﬂ(fl"‘?” (10)

Where yi is the observed value, Vi is the predicted value from the model, and n is the number of
observations.

2.8. Bias Correction of Estimates

Due to the observed bias in the Random Forest models, considering the complexity of the forest
structure in a Dry Tropical Forest, a correction factor was applied based on the Periodic Annual
Increment (PAI).

The correction factor was obtained as follows:

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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a) Estimation Difference Calculation: First, the absolute difference between the actual values and
the predicted values was calculated and stored in a new column in the spreadsheet. This was done
to quantify the estimation error for each observation (Equation 11).

A= lyi =¥l (11)

Where yi represents the actual observed value of observation i, and i is the value predicted by the
Random Forest model.

b) Data Classification: Next, the actual data were classified into ranges using the Qcut function,
which divides the data into quantiles. The data were segmented into six equally sized classes, with
an additional unit added to each class to avoid zero-based indexing, resulting in classes numbered 1
to 6. These classes were stored in a new column (Equation 12).

C; = Classe(yi),C; €{1,2,..,k} (12)
Where k = 6 is the number of classes.

¢) Correction Factor Calculation: For each previously defined class, a mean correction factor was
calculated based on the estimation difference. This was done by grouping the data by class and
obtaining the mean difference for each group. These factors represent the average adjustment
required for each value class, considering both basal area and periodic annual increment (Equation
13).

Fo= ¢ Sichi (13)

Where n_C is the number of observations in class C, and Ai represents the esti-mation difference for
observation i in class C.

d) Application of the Correction Factor: The correction factor was then applied to adjust the
original predictions. For each observation, the respective correction factor was added to the estimated
value, resulting in a new column of corrected predictions (Equation 14).

957" = 9; + FC; (14)

e) Reevaluation of Model Metrics: After applying the correction factor, the model evaluation
metrics were recalculated, including the coefficient of determination (R?) and the root mean square

error (RMSE) (Equations 15 and 16).
X T D

R?=1
Z?:l(Yi_y)z

(15)

RMSE = [ 151,07 = 52 (16

2.9. Generation of Spatial Maps

After constructing the Random Forest models for estimating the Periodic Annual Increment
(PAI), spatial distribution maps were generated. The Inverse Distance Weighting (IDW) interpolation
technique was used, implemented through the Scipy.interpolate library. This method assigns greater
weight to values closer to the predicted location and is well established for the spatial interpolation
of environmental variables[68].

The maps were created using both estimated and observed values from the 40 plots. For each
plot, the PAI value was interpolated across a grid covering the entire study area using IDW, allowing
for the visualization of a spatial continuum of the variables of interest.

IDW was selected due to its simplicity, low computational cost, and suitability for datasets with
a limited number of spatial points, as in this case (n =40 plots). Although geostatistical methods such
as Kriging provide estimates of spatial uncertainty, they require assumptions about stationarity and
spatial autocorrelation that are difficult to satisfy with small sample sizes.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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3. Results and Discussion
3.1. Growth Dynamics

Figure 3 illustrates the annual variation in precipitation and the minimum, mean, and maximum
temperatures in the study area over the years. Based on the graphical analysis, important trends can
be observed, helping to contextualize the climatic factors that influence forest growth and the
Periodic Annual Increment (PAI) in the Caatinga biome.
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Figure 3. Annual variability of mean temperature and precipitation over 14 years of study, highlighting seasonal

patterns and climatic fluctuations during the analyzed period.

Precipitation variability is a defining characteristic of the Caatinga biome, known for its cycles
of intense and intermittent droughts. This variability has a direct impact on the Periodic Annual
Increment (PAI), as tree growth in the Caatinga is highly dependent on water availability.

Between 2011 and 2019, total mortality in the study area exceeded the recruitment of both stems
and individuals (Figures 4a, 4b and 5). This imbalance resulted in a negative net growth rate,
highlighting the struggle for survival faced by various species and individual trees during this
period. This timeframe coincided with a severe drought recorded in Northeastern Brazil, which
lasted from 2010 to 2016 [5,69]. The recorded water deficit likely had a negative influence on vital
plant processes, leading to a reduced growth rate and an increase in vegetation mortality.
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Figure 4. a. Recruitment and mortality index of individuals in basal area over the analyzed periods in Floresta-
PE. (A) Recruitment index in basal area (m? ha™) of individuals over the analyzed periods; (B) Mortality index

in basal area (m? ha™) of individuals over the analyzed periods.
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Recruitment index in basal area (m? ha™') of stems over the analyzed periods; (B) Mortality index in basal area

(m? ha™') of stems over the analyzed periods.

The analysis of biennial periods revealed that the maximum basal area increment was recorded
in the last analyzed interval, reaching 2.844 m? ha (Figure 5). This growth can be attributed to a
reduction in individual mortality and a simultaneous increase in the mortality of smaller stems.

This pattern suggests an adaptive strategy of Caatinga species, in which there is a selective
allocation of resources, such as nutrients and water, favoring stems with larger diameters. This
natural selection mechanism, known as self-thinning, contributes to the optimization of resource use,
promoting the survival and growth of more robust stems.
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different biennial periods in Floresta-PE; (B) Basal area of individuals per hectare over the analyzed periods in
Floresta-PE.

The higher mortality rate compared to the recruitment of new individuals resulted in a negative
net growth for several species between 2011 and 2019. This phenomenon reflects the challenges these
species face in developing in this region, as the low recruitment rate significantly impacts the
dynamics of the local community (Figure 4). [54] and [70] emphasize that population dynamics vary
significantly among different species; while some populations respond positively to environmental
conditions, others exhibit negative responses. This pattern highlights the complexity and variability
inherent in ecological dynamics across different contexts.

Given the semi-arid context, a region frequently affected by intense drought periods, the local
vegetation may experience a decline in the number of individuals, leading to an increase in mortality
rates. This scenario can result in a negative net growth of populations, as indicated by [71]. The
vulnerability of semi-arid flora to such extreme climatic conditions underscores the challenges these
ecosystems face in maintaining their integrity and biodiversity.
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The predominance of stems over the total number of individuals can be attributed to an adaptive
survival mechanism of these species, where bifurcation is a common characteristic among specimens
(Figure 6).

bk Gt

Figure 6. Distribution of the number of stems per individual in the shrub-tree community, highlighting the
structural pattern of the vegetation.

A study conducted in the Brazilian Cerrado biome by [72] demonstrated that wood density
significantly influences water translocation within plants. Young plants, characterized by lower
wood density, facilitate water transport, contributing to the development of new stems. However, as
wood density increases, particularly under high-temperature conditions, water transport efficiency
decreases, limiting water availability to certain branches. This process leads to natural pruning,
where the less-supplied branches are eliminated, thereby optimizing the distribution of water
resources within the plant. Such a process may contribute to woody encroachment, a phenomenon
previously recorded in the Cerrado biome [27].

The results of the present study emphasize the complexity and dynamics of the Caatinga biome,
addressing key aspects related to recruitment, mortality, basal area, and Periodic Annual Increment
(PAI). The analysis of recruitment highlighted that climatic events, such as precipitation, play a
determinant role in vegetation regeneration. This pattern aligns with the findings of [54], who
identified a direct relationship between rainfall occurrence and the recruitment of woody species. In
the context of forest management, these data reinforce the importance of considering climatic
variability in the development of conservation strategies.

The observed mortality was particularly high during severe drought periods, such as in 2012,
confirming previous studies by [73] and [69], which highlighted the vulnerability of Caatinga species
to prolonged water deficits. Mortality, combined with recruitment, reflects the high turnover rate of
dry tropical forests, showcasing their resilience but also their sensitivity to climate change.
Additionally, mortality and recruitment values indicate the crucial role of interannual precipitation
variability, this factor plays a key role in controlling forest dynamics, as discussed by [74].
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The observed forest dynamics patterns were largely influenced by water availability and the
edaphic characteristics of the region. Areas with greater hydrological stability exhibited higher
recruitment rates, supporting the observations of [10] regarding the impact of soil resources on the
regeneration and growth of woody species. These dynamics are particularly significant in semi-arid
regions, where climatic fluctuations play a central role in shaping the structure and composition of
forests.

Between 2015 and 2021, Cenostigma bracteosum exhibited the highest basal area increment, with
an average value of 0.210 m? ha™! year™ over the analyzed period [3]. Other species with notable
growth included Cnidoscolus quercifolius and Jatropha mollissima, whose PAI in basal area ranged
between 0.165 and 0.198 m? ha™! year~! from 2018 to 2021, coinciding with slightly higher precipitation
levels.

Conversely, some species exhibited negative growth performance throughout the study.
Bauhinia cheilantha and Combretum glaucocarpum recorded negative PAI values in basal area in
some periods, with declines of -0.0200 m? ha™! year and -0.0010 m? ha! year™, respectively.

A study by [5], conducted between 2011 and 2015, reported lower diameter PAI values on
average compared to the findings of [3], likely due to the prolonged drought period during that
interval. The species Cenostigma bracteosum exhibited the highest basal area increment values, with
0.1217 m? ha™! year! in the 2011-2013 period and 0.0937 m? ha™! year in 2013-2015. Other species
with significant growth included Mimosa ophthalmocentra and Cnidoscolus quercifolius, which had
basal area PAI values of 0.0871 m? ha™ year and 0.0766 m? ha' year~!, respectively.

Some species faced significant regeneration challenges. Combretum glaucocarpum, for instance,
recorded a negative basal area PAI of -0.0010 m? ha year™ between 2013 and 2015. Additionally,
between 2011 and 2013, 318 dead individuals and 611 lost stems were recorded, resulting in a
mortality rate of 13.51% for individuals and 10.26% for stems. Between 2013 and 2015, mortality rates
decreased to 222 individuals and 501 stems, with mortality rates of 10.71% and 8.46%, respectively.

These results align with the present study, indicating that during periods of greater water
scarcity, species exhibited reduced growth, whereas higher precipitation periods led to increased
growth rates.

3.2. Random Forest Model Performance

The statistical analysis of the variables (Table 2) considered in this study included mean, median,
minimum and maximum values, standard deviation (SD), and coefficient of variation (CV%). These
metrics were calculated for the Periodic Annual Increment (PAI), vegetation indices, and spectral
bands obtained from Landsat 5 and Landsat 8 satellite images.

Table 2. Descriptive statistics of the analyzed variables for the study area.

Variable Mean Median Min Max SD CV (%)
PAI 4.30 3.94 0.58 16.57 2.59 60.27
Blue 0.06 0.05 0.02 0.09 0.02 32.94

Green  0.09 0.09 0.04 0.14 0.02 25.30
Red 0.12 0.13 0.03 0.20 0.04 36.11
NIR 0.27 0.26 0.19 0.38 0.03 12.89

SWIR1T 0.33 0.34 0.18 0.45 0.07 21.48

SWIR2  0.23 0.24 0.08 0.36 0.07 31.81
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NDVI  0.38 0.29 0.17 0.82 0.19 50.36
EVI 0.24 0.17 0.10 0.56 0.12 51.61
SAVI 0.25 0.19 0.11 0.54 0.12 46.55
GNDVI 049 0.43 0.31 0.76 0.12 24.51
NDWI  -0.10 -0.16 -0.29 0.31 0.15 -160.12
NDBI 0.10 0.16 -0.31 0.29 0.15 160.12
MSI 1.27 1.38 0.53 1.83 0.35 27.33
NBR 0.10 0.03 -0.19 0.62 0.21 214.83
NDSI  -0.57 -0.56 -0.64 -0.51 0.02 -4.36
LAI 0.95 0.93 0.67 1.35 0.13 13.31

The Periodic Annual Increment (PAI) had an average of 4.30 mm.ha? and a median of 3.94
mm.ha™, with significant variation between the minimum (0.58 mm.ha™) and maximum (16.57
mm.ha™) values, reflected in the high coefficient of variation (CV) of 60.27%.

Among the spectral bands, the NIR (related to cell wall structure) and SWIR1 (associated with
leaf water content) exhibited lower coefficients of variation, 12.89% and 21.48%, respectively,
suggesting greater stability in reflectance values. On the other hand, indices such as NDBI and NBR
displayed extremely high coefficients of variation, 160.12% and 214.83%, respectively, indicating
greater variability, possibly due to the structural heterogeneity of the study area.

The EVI and SAVI indices, known for their sensitivity to vegetation, showed relatively high
coefficients of variation, 51.61% and 46.55%, respectively, highlighting the spatial and temporal
variability of vegetation in the analyzed area. Additionally, SAVI has been recognized as suitable for
areas with low vegetation cover, as described in the study by [75]. This index proved useful for
biomass modeling in semi-arid ecosystems. Furthermore, the NDWI water index exhibited a
contrasting behavior, with a negative mean value (-0.10) and a high coefficient of variation (-160.12%),
possibly linked to the restricted water conditions of the semi-arid region, consistent with the findings
of [76]. These authors explored the seasonal dynamics of water resources in dry tropical forests,
emphasizing the vegetation response to limited water availability and the challenges in detecting
critical areas within semi-arid ecosystems.

The variability observed in spectral indices, such as NDVI and EV], reinforces the importance of
these indices in analyzing the structural heterogeneity and vegetation dynamics in dry ecosystems.
The high coefficients of variation (CV = 50.36% for NDVI) found in this study reflect the complexity
and structural heterogeneity of the Caatinga, characteristics that have also been described in remote
sensing analyses of seasonal tropical forests.

NDVI is widely used to represent seasonal differences in vegetation, whereas EVI is effective in
correcting soil influences, especially in heterogeneous areas [75]. This index was useful for biomass
modeling in semi-arid ecosystems, which is consistent with our results, where the Caatinga,
characterized by sparse vegetation and seasonal variability, exhibited high variability in these
indices.

The lower coefficients of variation observed for the NIR (12.89%) and SWIR1 (21.48%) spectral
bands further emphasize the importance of these variables in capturing information related to
biomass and vegetation health. This behavior reflects the direct interaction of these bands with leaf
structure and vegetation density, as highlighted by [43], who demonstrated the critical role of NIR,
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along with the red-edge band, in distinguishing vegetation types and understanding their
interactions with soil attributes in the Brazilian semi-arid region.

Overall, the variability expressed by the coefficients of variation reflects the intrinsic
heterogeneity of vegetation, environmental conditions, and spectral indices in the study area,
reinforcing the complexity of monitoring dry tropical forests. These results highlight the importance
of robust methods, such as the use of machine learning algorithms, for data modeling and analysis.

The selection of variables based on Spearman’s correlation allowed for a significant reduction in
the number of spectral variables and vegetation indices used in the predictive model for Periodic
Annual Increment (PAI). Initially, 16 variables were evaluated, of which only four showed
statistically significant correlations (p < 0.05) with PAI (Table 3).

Table 3. Significant correlations between variables and Periodic Annual Increment (PAI) for model

construction.
Variable Correlation p-value
NIR 0.254451 0.000004
LAI 0.244708 0.000010
NDSI 0.201745 0.000281
NDVI 0.118065 0.034761

Among the selected variables, NIR (Near Infrared) exhibited the highest correlation (r =0.254, p
=0.000004), standing out as the most strongly related variable to Periodic Annual Increment (PAI).
This result aligns with the role of NIR in capturing information on biomass and vegetation health,
reflecting its interaction with leaf structure and vegetation density [43]. These findings are consistent
with [77], who demonstrated that Landsat 8 spectral bands, such as NIR, possess high predictive
capacity in forest ecosystems due to their sensitivity to structural characteristics and vegetation
health.

Additionally, [78] emphasized the importance of NIR in capturing leaf structure-related
information, such as chlorophyll content and physical leaf characteristics, which are essential for
distinguishing between different vegetation types. These findings support the strong correlation
observed between NIR and PAI (r = 0.254) in the present study, reinforcing its role as a key predictor
variable in modeling vegetation productivity.

The Leaf Area Index (LAI) also showed a significant correlation (r = 0.245, p = 0.000010), further
reinforcing its importance in PAI modeling, as LAI is directly related to primary vegetation
productivity and growth dynamics.

The Normalized Difference Snow Index (NDSI) presented a moderate correlation (r = 0.202, p =
0.000281), suggesting that the model is sensitive to soil and vegetation properties in arid
environments, where reflectance conditions may be influenced by leafless vegetation.
Etymologically, the word "Caatinga" (Brazilian Dry Tropical Forest) originates from the Tupi-
Guarani language and means "white forest", composed of caa (forest) and tinga (white).

The NDVI (Normalized Difference Vegetation Index), widely used as an indicator of vegetation
cover, exhibited a relatively low but significant correlation (r = 0.118, p = 0.034761), indicating its
contribution to the model despite its weaker association with PAI This behavior aligns with the
findings of [74] who demonstrated that NDVI is effective in differentiating vegetation classes. It is
also consistent with the results of [79], who highlighted NDVTI's sensitivity to climatic variations in
semi-arid regions of Northeastern Brazil over a 20-year period. Their study identified that NDVI
captures both seasonal and interannual vegetation patterns, reflecting changes in vegetation cover in
response to climatic and environmental fluctuations.

The reduction in the number of variables based on correlation criteria not only simplifies the
model but also reduces potential multicollinearity issues, ensuring greater efficiency and
interpretability in the predictive modeling process. These results highlight the importance of
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selecting key variables that capture the most relevant variations in forest growth dynamics,
particularly in complex ecosystems such as dry tropical forests.

The vegetation indices and the NIR band used in this study demonstrated a positive correlation
with PAI, confirming their utility as proxies for estimating vegetation productivity. [74] previously
highlighted the robustness of using remote sensing data to capture variations in vegetation cover and
vigor. The Spearman correlation analysis revealed that remote sensing-derived variables had
significant relationships with PAI, supporting the findings of [10], who emphasized the role of these
indicators in modeling forest processes.

The reduction in the number of variables based on correlation criteria not only simplifies the
model but also reduces potential multicollinearity issues, ensuring greater efficiency and
interpretability in the predictive modeling process. As emphasized by [80], Spearman's correlation
coefficient is a robust tool for identifying monotonic associations between variables, especially when
data do not meet normality or linearity assumptions. By replacing original values with ranks,
Spearman’s method allows for reliable analysis, even in cases of asymmetrical distributions, which
are frequently observed in environmental data.

The initial evaluation of the Random Forest model for estimating PAI showed promising results,
but also highlighted challenges related to the intrinsic variability of field data. Before applying
adjustments, the model presented a coefficient of determination (R?) of 0.5055, indicating that
approximately 50.55% of the variation in actual PAI values was explained by the model, while the
Root Mean Square Error (RMSE) was 1.83 mmha-. These results are consistent with the performance
reported by [81] in arid regions, where Random Forest was identified as the most accurate algorithm
for predicting environmental and soil properties in challenging scenarios with high dimensionality
and correlated variables.

The study by [77] further supports the potential of Random Forest as a powerful tool for
environmental modeling, even when compared to more recent algorithms such as XGBoost. The
ability of Random Forest to randomly sample variables and observations enhances its resistance to
multicollinearity, enabling more effective modeling in complex ecosystems.

An analysis of the estimated values revealed that the model tended to underestimate higher PAI
values and overestimate lower ones, as evidenced by an average percentage difference of 0.29% and
a total absolute difference of 4.00 mmha. This bias may be attributed to the structural complexity of
the dry tropical forest and the model's limitations in fully capturing the variability of spectral and
vegetation index data.

The initial challenges of the model included the underestimation of high PAI values and
overestimation of low PAI values, a behavior also observed by [77] in forest biomass estimations
using Random Forest. This limitation is attributed to the algorithm's difficulty in handling extreme
data points without additional adjustments. Nonetheless, the high Spearman correlation (0.846)
demonstrated that the model effectively captured general data trends, even though it lacked precision
in extreme values.

The application of Random Forest for drought monitoring in grasslands has highlighted that
adjustments based on error distribution can minimize discrepancies and improve overall model
performance, a strategy that has also been implemented in the present study [82].

Given this limitation, a correction factor was introduced, based on the distribution of estimation
errors. The adjustment involved dividing the data into six classes, using PAI value intervals, and
computing average correction factors for each class. These factors were then applied to adjust the
model’s estimated values, resulting in a substantial improvement in prediction accuracy (Table 4).

Table 4. Correction factor for model bias in estimating Periodic Annual Increment (PAI) (mmha-?).

Class Intervals (mmha) Correction Factor (FC)
1 0.5835 - 1.8916 -0.8685
2 1.8916 — 2.9572 -0.6340
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3 2.9572 -3.9390 -0.4750
4 3.9390 - 4.8921 -0.1901
5 4.8921 - 6.4431 0.2911
6 6.4431 - 16.5665 1.5334

After applying the correction factor, the model's results were significantly improved. The R?
increased to 0.8867, indicating that 88.67% of the variation in the actual PAI values is now explained
by the corrected model. This substantial increase in R? reflects a better fit between the estimated and
real values. Simultaneously, the RMSE was reduced to 0.87 mm.ha™!, demonstrating a marked
reduction in the average prediction error (Figure 7).

This outcome aligns with the findings of [83] and [84], who underscored the importance of post-
modeling adjustments in reducing discrepancies in heterogeneous systems. Moreover, the use of
correction factors reinforces the applicability of Random Forest in complex scenarios, such as dry
tropical forests. [75] highlighted the algorithm's capacity to capture complex patterns and handle
nonlinear data, demonstrating its relevance for robust estimates in heterogeneous ecosystems.
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Figure 7. Comparison of the Random Forest model’s performance before and after the application of the
correction factor. (A) Coefficient of determination (R?) for uncorrected and corrected models. (B) Root Mean

Square Error (RMSE) for uncorrected and corrected models.
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Furthermore, the Spearman correlation increased to 0.946 after applying the correction factor,
indicating a more robust relationship between the actual and estimated values. This improvement
not only reflects enhanced metrics such as R? and RMSE but also demonstrates greater consistency in
the ranking trends of the corrected data, which is crucial for monitoring and management studies.
The high post-correction correlation shows that the adjusted model is capable of capturing the
patterns of forest growth with higher fidelity, even in an environment characterized by high
variability.

Figure 8 presents detailed comparisons between the actual and estimated values of the Periodic
Annual Increment (PAI) before and after the Random Forest model correction. Density analyses
reveal improved alignment between the estimated and actual values after applying the correction
factor. The distribution peaks become closer, indicating a significant reduction in the discrepancy
between the estimated maximum and minimum values.

Scatter plots further illustrate the relationship between the actual and estimated values before
and after correction. It is evident that, following the application of the correction factor, the values
align more consistently, signifying a substantial improvement in the model's predictive accuracy.

These results underscore the effectiveness of the correction factor in adjusting discrepancies—
especially in extreme values— thereby enhancing the model’s ability to capture the variations in forest
growth within the study area.
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Figure 8. Comparison of the Random Forest model’s performance before and after the application of the
correction factor. (A) Density plot of observed vs. estimated PAI values before correction. (B) Density plot of
observed vs. estimated PAI values after correction. (C) Scatter plot comparing observed and estimated PAI

before correction. (D) Scatter plot comparing observed and estimated PAI after correction.

Post-modeling adjustments are essential for addressing discrepancies in predictions for complex
systems such as dry tropical forests. The application of correction factors allows estimates to be
aligned with observed data, particularly in cases where data variability challenges traditional
modeling approaches [85]. The corrected model demonstrated significantly improved performance,
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underscoring its potential as a valuable tool for the management and monitoring of dry tropical
forests. Furthermore, the strong correlation between precipitation and PAI (r = 0.946) suggests that
environmental factors, such as water availability, play a crucial role in forest growth and should be
incorporated into future studies to refine predictive estimates.

Table 5 shows that there is a positive relationship between precipitation and PAI, with periods
of higher precipitation being associated with higher mean PAI values. This indicates that
precipitation may be an important factor in tree growth in the Caatinga, a biome sensitive to moisture
variations. Similar results were found by [86], who demonstrated the significant influence of
precipitation on the seasonality of vegetation in the Caatinga biome, reinforcing the biome’s
sensitivity to water availability [87].

Table 5. Precipitation and PAI values for the studied periods.

Period Mean Precipitation (mm) Mean PAI (mm)
2011-2013 286.2 4.04
2013-2015 2459 3.73
2015-2017 372.5 4.23
2017-2019 461.7 6.14

The values between the mean precipitation and the mean Periodic Annual Increment (PAI)
exhibited a correlation of approximately 0.92. This indicates a strong positive correlation, suggesting
that in this dataset, periods with higher precipitation tend to be associated with higher tree growth
rates. According to recent studies, precipitation plays a crucial role in the population dynamics of
Caatinga vegetation. [88] found that the growth of woody species in the Brazilian semi-arid region is
directly influenced by water availability, especially in years with above-average precipitation
patterns.

Furthermore, research conducted by [89] highlighted that the Leaf Area Index and biomass of
the Caatinga are strongly dependent on precipitation patterns, demonstrating that water availability
is a limiting factor for vegetation development. These findings align with the observations in Table
5, which reinforce the importance of precipitation as one of the main determining factors for the
Periodic Annual Increment of trees in the Caatinga.

Periods with below-average precipitation, such as those observed in 2012 and 2014, tend to result
in lower mean PAI values, as previously shown. Conversely, years with greater water availability,
such as 2019, coincide with higher forest growth rates, reinforcing the strong positive correlation
between precipitation and PAI (o = 0.92).

The combination of highly variable precipitation and elevated temperatures creates a
challenging environment for forest growth in the Caatinga biome. These factors underscore the need
to consider not only water availability but also the role of extreme temperatures in adjusting and
refining predictive models of PAI Additionally, these climatic data provide a basis for exploring
adaptive management strategies that can mitigate the effects of climate change on the growth of tree
species in this ecosystem.

The Periodic Annual Increment (PAI), a widely used metric for evaluating forest growth,
revealed significant variations over the analyzed years. PAI values were lower during dry periods
and higher in years with above-average precipitation, as observed in 2019. This pattern is consistent
with the physiological response mechanisms of species to water deficits, as discussed by [7] and [73].
Mapping the PAI revealed marked spatial variations, reflecting the interactions between climatic and
edaphic factors, as also observed by [90] in a similar study.
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The positive relationship between precipitation and PAI, with a correlation of 0.92, reinforces
the importance of water availability for tree growth in the Caatinga, as evidenced by studies from
[91] and [92]. This result highlights the need for continuous monitoring of climatic conditions and
their incorporation into forest management models to mitigate the impacts of climate change.

The analysis of these climatic factors demonstrates the relevance of using robust models—such
as the corrected Random Forest—to estimate PAI, incorporating environmental variables and their
interactions. The variability in precipitation and the persistence of high temperatures underscore the
importance of continuously monitoring climatic conditions in the sustainable management of the
Caatinga.

The spatial distribution maps of the actual and estimated PAI, along with the uncertainty map,
provided valuable insights into the forest dynamics of the region (Figure 9). It was observed that
areas with higher species diversity and closer proximity to recharge sources exhibited the highest
increments, while plots located in more arid areas showed the largest estimation errors. This pattern
highlights the importance of integrating climatic and edaphic data to refine predictions, as suggested
by [93]. In the error map, the greatest discrepancies were associated with specific plots, which may
be related to species diversity and local growth dynamics.
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Figure 9. (A) Spatial distribution map for the actual PAI (mm ha™); (B) Spatial distribution map for the estimated
PAI (mm ha™); (C) Error map of the PAI distribution (mm ha™) for the study area.

4. Conclusions

The estimates generated by the Random Forest model showed high agreement with field data,
demonstrating its efficacy in predicting the Periodic Annual Increment (PAI) in dry tropical forests.
The application of a correction factor to the model was decisive in improving the precision of the
estimates, resulting in a significant increase in the coefficient of determination (R?) and a reduction
in the root mean square error (RMSE). This adjustment underscores the importance of integrating
post-processing methods in forest modeling studies, particularly in ecosystems with high spatial and
temporal variability.

This work demonstrates that the integration of remote sensing, machine learning, and field data
is an effective approach for understanding the forest dynamics of the Caatinga. In addition to
contributing to scientific advancement in the field, the results presented provide important support
for the planning and sustainable management of this biome in the context of climate change.

Despite the promising results, the study presents limitations that should be acknowledged. The
relatively small number of sampling plots (n = 40) may limit the generalization of the model to
broader spatial scales. In addition, the model was calibrated using spectral and climatic conditions
specific to the study area, which may differ across other regions or under varying seasonal contexts.
Future research should consider integrating additional environmental variables (e.g., soil texture,
land use history) and expanding the spatial and temporal extent of data collection to improve model
accuracy and applicability in other ecosystems.
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