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Abstract
Accurate estimation of aboveground biomass (AGB) in tropical forests is essential for 
carbon accounting and effective forest conservation, particularly in the biodiverse 
and threatened Atlantic Rainforest. Satellite-derived vegetation indices (VIs) offer 
potential for large-scale assessment of forest biomass and condition. We evaluated 
the utility of four Sentinel-2-derived vegetation indices (normalized difference 
vegetation index (NDVI), enhanced vegetation index (EVI), ratio vegetation index 
(RVI), and optimized soil-adjusted vegetation index (OSAVI)) for classifying forest 
successional stages and estimating AGB in eighteen permanent plots spanning 
Late-, Disturbed-, and Secondary Forest stages. Vegetation index values were 
extracted from six cloud-free Sentinel-2 images (cloud cover < 10%). Multinomial 
logistic regression and principal component analysis (PCA), combined with bootstrap 
resampling, were applied to classify forests by successional stage and biomass class 
and to predict plot-level AGB using field inventory data as reference. Classification 
accuracy for successional stages was high (90.3%), while accuracy for biomass classes 
was moderate (63.5%) and improved in the higher biomass class (~ 68%). Combined 
classification of successional stage and biomass class was less reliable (54.0%), likely 
reflecting high structural heterogeneity and overlap due to historical disturbance. 
The first principal component captured 93% of the variance in VI data but explained 
only 37% of the variation in AGB. These findings underscore the limitations of current 
VI approaches for precise AGB estimation in structurally complex tropical forests. 
Integrating additional remote sensing data and refined modeling techniques will be 
necessary to support more accurate forest conservation and management in the 
Atlantic Rainforest.
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​1  Introduction
Tropical forests are central to the global carbon cycle and climate regulation because 
their biomass and soils store large quantities of carbon, buffering atmospheric CO₂ 
increases driven by fossil fuel combustion and land-use change such as deforestation 
and agriculture [27, 30, 31, 42, 45, 50]. In highly threatened biodiversity hotspots like 
the Atlantic Rainforest, where fragmentation and rapid loss of native cover intensify 
pressures on these carbon stocks and associated ecosystem services, precise mapping 
of forest disturbance and degradation becomes essential for effective conservation, cli-
mate mitigation, and the design of financial instruments such as carbon credits [26, 39, 
53, 59, 70]. Within this context, satellite-derived vegetation indices (VIs) have become a 
primary tool for monitoring forest condition and disturbance dynamics, underpinning 
many REDD⁺-type mechanisms and policies endorsed in international climate nego-
tiations because they offer spatially explicit, repeatable measures of canopy status and 
productivity [36, 51]. However, optical VIs remains constrained by clouds, atmospheric 
effects, and saturation in high-biomass stands, limiting their capacity to detect subtle 
or understory disturbances and underscoring the need to better understand both their 
potential and limitations when used for disturbance mapping in complex tropical forest 
landscapes.

In this context, accurately quantifying biomass and indirectly estimating the carbon it 
stores becomes increasingly critical. Asner and Mascaro [5] outline several methods for 
assessing this reservoir, all of which rely on quantifying plant biomass, as approximately 
48% of it is carbon in tropical forests. While forest inventory data provides estimates 
of aboveground biomass (AGB), significant gaps persist, particularly in Tropical Forest 
regions [64]. These challenges are especially acute in the Atlantic Rainforest, where field 
inventories are hampered by limited site access, severe landscape fragmentation, and the 
rapid pace of land use change [26, 53].

The implementation of continuous inventory programs offers a practical approach to 
assessing the magnitude of carbon exchange between ecosystems and the atmosphere 
[25]. Remote sensing techniques, when integrated with field measurements, can signifi-
cantly enhance the precision and spatial extent of such assessments [23].

Remote sensing acquires information about Earth's surface features without physical 
contact, utilizing sensors that actively or passively record the interaction of electromag-
netic radiation with the medium [60]. Some of these sensors operate within the optical 
portion of the electromagnetic spectrum, specifically in the visible, near-infrared, and 
shortwave-infrared ranges, relying on solar radiation reflected by target objects. This 
necessitates prior knowledge of their spectral signatures [60]. Vegetation indices (VIs), 
derived from mathematical transformations of original spectral reflectance data [49], 
are generated algorithmically from optical sensor images to facilitate the interpretation 
of vegetation cover and biomass. According to Kuntschik [37], image reflectance val-
ues must be converted to values of the desired vegetation index (VI) for each pixel. This 
transformation allows for the correlation of VI values with specific vegetation charac-
teristics. The theoretical foundation of VIs is rooted in the contrast between high near-
infrared reflectance and low red reflectance exhibited by vegetation [6].

As reviewed by Tian et al. [64], remote sensing products and their derived vegetation 
indices have frequently been used to estimate aboveground biomass in tropical forests, 
for example by integrating Sentinel‑2 VIs with field data in Malaysian rainforests [1], 



Page 3 of 20Moraes de et al. Discover Forests            (2026) 2:29 

combining Landsat‑8 indices to model biomass in the Brazilian Caatinga [16], or relating 
Sentinel‑2 NDVI, EVI and RVI to AGB in chir pine forests [2], and over the past decade 
Tian et al. [64] have highlighted that numerous studies have explored this application 
across a range of tropical forest ecosystems, integrating different methodologies, tech-
niques, and modeling approaches.

Given the urgent need for precise, scalable methods to monitor forest biomass—par-
ticularly in response to ongoing deforestation and climate policies—this study evaluates 
the potential of satellite-based vegetation indices for aboveground biomass estimation in 
the highly fragmented Atlantic Rainforest. Our approach harnesses Sentinel-2 imagery 
to derive four widely used spectral indices (NDVI, EVI, RVI, and OSAVI), assessing their 
individual and combined performance across distinct stages of forest succession.

The main aims of this research are: (i) to rigorously assess how well these indices, both 
individually and as composite predictors, classify forest successional stages and predict 
biomass when compared to field inventory benchmarks; (ii) to explore modeling strate-
gies that not only maximize predictive accuracy but also enhance interpretability and 
operational simplicity. In doing so, we address key methodological questions about 
index selection, model parsimony, and the integration of advanced analytical techniques. 
By directly comparing model outputs to ground-truth data and thoroughly analyzing the 
impacts of different predictor sets, this study provides critical insights into the practical 
strengths and current limitations of remote sensing for tropical forest biomass estima-
tion. Ultimately, our findings are intended to guide future research efforts and inform 
the development of more robust, efficient, and accessible tools for forest monitoring and 
resource management in tropical landscapes.

2  Materials and methods
2.1  Study area

This study targeted areas measured in 2017 by Roder et al. [53], Guerrini et al. [26], 
and Sivisaca et al. [61] in the south-central region of São Paulo State, specifically in the 
municipality of Botucatu. The study sites were located within the Experimental Farms of 
the São Paulo State University (UNESP) and comprised fragments of Seasonal Semide-
ciduous Forest.

The climate of the region is classified as humid subtropical (Cfa) according to the 
Köppen-Geiger climate classification system [3, 20]. Based on field data from the local 
station spanning the years 1997 to 2018, the average annual rainfall was 1494 mm, pri-
marily concentrated between October and March. The average annual temperature for 
the same period is 20.5 °C, with monthly averages ranging from a minimum of 17.5 °C in 
July to a maximum of 23 °C in February [61].

The natural vegetation is classified as Tropical Semideciduous Seasonal Forest, a 
domain of the Atlantic Rainforest, with transitional fragments to Cerradão [34]. Accord-
ing to Nogueira Junior [46], some forest areas remain well-preserved, while others are 
undergoing natural regeneration. Based on vegetation successional stages, the fragments 
were categorized into three groups (Fig. 1).

The classification of forest patches into Late (LF), Disturbed (DF), and Secondary For-
est (SF) followed a multi-criteria approach, building on detailed field inventories, local 
management records, historical aerial and satellite imagery, and site accessibility infor-
mation [26, 53]. Specifically, succession stage categories were assigned based on features 
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reported in Table 1, thus reflecting a clear anthroposequence, ordered from lowest (LF) 
to highest (SF) human disturbance, and were established through a synthesis of physiog-
nomic, floristic, and historical evidence for each fragment [26, 53].	

Summarizing, the late forest (LF) (plots 1, 4, 12–15) exhibits mature native vegeta-
tion characterized by high species richness (> 100), a well-developed vertical structure, 
and significant biomass [26, 53, 61]. Its steep topography, resulting from a slope break 
in the cuesta, hinders accessibility and limited past exploration. The disturbed forest 
(DF), encompassing plots 2, 3, 7, 8, 10, 16–18, experienced significant disturbance from 
human activities, including selective logging and occasional fires from adjacent pastures, 
up until the 1970s [34]. Currently, it is in an intermediate stage of succession, with a 
notable abundance of lianas within the canopy. The secondary forest (SF), representa-
tive of plots 5, 6, 9, and 11, includes young or degraded secondary forests that regen-
erated following the abandonment of pastures since the 1980s [34]. These forests are 
characterized by a low, closed canopy, high density of slender trees, and reduced species 
richness (~ 80) [26, 53, 61].

In 2017, eighteen (18) randomly selected 20 m × 100 m (2000 m2) permanent plot sam-
pling units were established [26, 53, 61]. Field sampling was conducted using permanent 
plots distributed across the three forest successional stages. A total of eight plots were 
installed in Disturbed Forest, six plots in Late Forest, and four plots in Secondary Forest. 

Fig. 1  Permanent plots location and their respective successional stage
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To minimize edge effects and other potential confounding factors, a minimum distance 
of 500 m was maintained between plots, and all plots were located at least 200 m from 
fragment boundaries. The forest fragments are situated within the geographic coordi-
nates 22° 47′ 32″ S to 22° 50′ 08″ S latitude and 48° 22′ 54″ W to 48° 26′ 13″ W longitude. 
At that time, a comprehensive forest inventory was conducted to estimate biomass by 
measuring the height (H) and diameter at breast height (DBH) of all trees within each 
plot. Subsequently, allometric equations [14] were employed to calculate aboveground 
biomass.

2.2  Vegetation indices

To acquire and process satellite imagery, we used Google Earth Engine [24], a cloud-
based geospatial analysis platform providing access to major remote sensing datasets 
(NASA, ESA, NOAA) with robust computational resources and scripting via JavaScript 
[63, 69]. We selected imagery from the MultiSpectral Instrument (MSI) on the ESA Sen-
tinel-2 satellite, launched in 2015, which offers a spatial resolution of 10 m and a revisit 
interval of 5 days—both advantageous for monitoring fragmented landscapes compared 
to alternatives like Landsat 8. All subsequent analyses were anchored to permanent field 
plots established through forest inventory, which served as the ground reference for bio-
mass and successional stage information.

Image acquisition was narrowly focused to coincide with the field measurements 
(September–November 2017; [26, 53, 61]) to ensure temporal correspondence between 
ground and remote observations. To guarantee image quality, we applied a cloud cover 
threshold of < 10%, selecting three optimal scenes (September 7, September 27, Octo-
ber 17, 2017). These acquisition dates were selected to ensure direct correspondence 
between satellite-derived vegetation indices and field-measured biomass values.

The subsequent JavaScript-based preprocessing, depicted in Fig. 2, involved: (i) satel-
lite collection selection to identify relevant data sources; (ii) temporal matching of satel-
lite scenes to exact field sampling dates; (iii) region of interest (ROI) definition to restrict 
analysis spatially; (iv) cloud masking using the selected threshold, and (v) temporal fil-
tering to focus on the period in which field inventories were conducted.

By incorporating both strict spatial and temporal alignment, plus cloud filtering, we 
significantly improved dataset reliability for analysis.

Table 1  Key features and criteria used to classify Atlantic Rainforest study fragments by successional 
stage (LF: Late Forest; DF: Disturbed Forest; SF: Secondary Forest)
Category Years since major 

disturbance
Canopy/structure Richness/composition Ac-

cessi-
bility

LF  > 40 years without 
intensive land use or 
logging before the 
investigation started 
(b.i.s)

Tall, closed, complex High; late-successional species Hard-
ly 
ac-
ces-
sible

DF Selectively logged 
or burned up to 
30–40 years b.i.s

Patchy, many lianas Transitional; diverse/heterogeneous Inter-
me-
diate

SF Converted to pasture 
and later abandoned, 
with succession 
beginning ~ 20 years 
b.i.s

Low, dense, simple Lower; many pioneer/early species More 
ac-
ces-
sible
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Prior to vegetation index (VI) calculation, atmospheric corrections must be applied 
to the satellite images. These images, obtained from the Engine platform, are delivered 
in top-of-atmosphere (TOA) reflectance. To address atmospheric distortions caused by 
aerosols and water vapor, the Sensor Invariant Atmospheric Correction (SIAC) method, 
proposed by Yin et al. [71], was employed to convert the TOA reflectance to surface 
reflectance.

Three spectral bands were utilized to compute the VIs (Table 2): near-infrared (B8), 
red (B4), and blue (B2). The algorithm subsequently applies the respective VI formu-
las to the corrected imagery, generating a new image where each pixel is assigned a VI 
value. To extract these values in a usable format, a 60-m buffer encompassing approxi-
mately one hectare is delineated around each plot. A reduction function is then applied 
to the buffer area, yielding the average pixel value for each permanent plot. These plot-
level VI values were then directly linked to aboveground biomass estimates derived from 
field measurements and constituted the modeling samples used in all classification anal-
yses. This averaged value is subsequently compared to the ground truth measurements 

Table 2  Equations of the vegetation indices used
Vegetation index Equation References
Normalized difference vegetation index (NDVI)  

NDVI = (NIR−R)
(NIR+R)

Johnson and Wichern [32]

Enhanced vegetation index (EVI)  

EVI = 2.5 ×  (NIR−R)
(NIR+6R−7.5B+1)

Diggle [14]

Ratio vegetation index (RVI)  
RVI = NIR

R

[21]

Optimized soil adjusted vegetation index (OSAVI)  

OSAVI = (1+0.16)×(NIR−R)
(NIR+R+0.16)

[54]

NIR = near infrared, R = red, B = blue.

Fig. 2  Flowchart illustrating the workflow for scripting remote sensing data acquisition and vegetation Index (VI) 
elaboration
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obtained by Sivisaca et al., [61]. This process is repeated for each image, permanent plot, 
and all four indices.

2.3  Statistical analysis

2.3.1  Classification of forest fragments

Initially, for each forest fragment, a bootstrap simulation was employed to generate 1,000 
random samples with replacement. To ensure reproducibility, a fixed random seed was 
set during all bootstrap resampling procedures. Field plots were subdivided into ten sub-
plots each, which constituted the effective sampling units used in the statistical analyses. 
These samples were partitioned into modeling (60%) and validation (40%) subsets. The 
modeling sample sizes for disturbed, secondary, and late-successional fragments were 
48, 24, and 36, respectively, while the validation samples were 32, 16, and 24. The survey-
select procedure in SAS [58] was used to implement this sampling strategy.

For each of 1000 iterations, a multinomial logistic regression model was fitted to clas-
sify forest fragments into three categories (disturbed, secondary, and late), using the four 
vegetation indices (NDVI, EVI, RVI, and OSAVI) as predictor variables. Analysis was 
performed with the GLIMMIX (generalized linear mixed models) procedure and gener-
alized logit link [56]. Classification accuracy was assessed using the independent valida-
tion subsets (40% of the data) in each bootstrap iteration by comparing observed and 
predicted classes, ensuring robust, cross-validated estimates across the full simulation.

2.3.2  Classification of biomass

The biomass data from all three forest fragments were pooled and divided into two cat-
egories using the median biomass value of 140.32 Mg ha–1 as a threshold. This approach 
was adopted to evaluate whether spectral vegetation indices are capable of discriminat-
ing broad biomass classes independently of forest successional status, while ensuring 
balanced group sizes and adequate statistical power. The use of the median facilitated 
balanced group sizes, optimizing statistical power for the classification analysis. Cat-
egory 1 encompassed values ranging from 13.35 to 140.32  Mg  ha–1, while category 2 
included values from 140.32 to 795.51 Mg ha–1.

After initial categorization, a bootstrap resampling technique was utilized to create 
1,000 random subsets from the original dataset. Each subset was divided into training 
(60%) and validation (40%) sets, containing 162 and 108 observations, respectively. This 
resampling strategy allowed the robustness of biomass class discrimination to be evalu-
ated across repeated realizations of the data.

For each of the 1000 repetitions, linear discriminant analysis (LDA) was applied 
in combination with a non-parametric k-nearest neighbor (KNN) classifier (k = 4) to 
account for potential non-linear separability and departures from normality in biomass-
related spectral responses. This analysis was implemented using the SAS discrim proce-
dure (method = npar, crossvalidate, k = 4 options), and accuracy was assessed using the 
respective validation sets.

2.3.2.1  Joint classification of biomass and forest fragments  To better reflect the com-
bined influence of forest structure and successional history on biomass distribution, 
the biomass within each forest fragment category was split into two classes, using the 
group-specific median as the threshold (i.e., “low” and “high” biomass per fragment type). 
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Across the three forest types, this approach yielded a total of six unique forest–biomass 
classes for the joint classification analysis. These were:

a.	 Disturbed Forest: 31–106 Mg ha−1 and 106–796 Mg ha−1

b.	 Secondary Forest: 20–140 Mg ha−1 and 140–340 Mg ha−1

c.	 Late Forest: 13–254 Mg ha−1 and 254–730 Mg ha−1

This joint stratification was designed to assess whether incorporating successional con-
text improves biomass discrimination relative to biomass-only classification, particularly 
given the heterogeneity typical of tropical forest systems.

Following categorization, a bootstrap simulation was employed to generate 1,000 ran-
dom samples for model training and validation. Each sample was divided into training 
and validation sets, with 60% and 40% of the data, respectively. For the disturbed forest, 
the training and validation set sizes were 72 and 48, respectively. For the secondary for-
est, these sizes were 36 and 24, respectively. Finally, for the late forest, the sizes were 54 
and 36, respectively.

For the joint classification of forest fragments and biomass categories, we employed 
LDA combined with a non-parametric KNN classifier (k = 4). This was always imple-
mented in SAS using the discrim procedure, specifying method = npar, crossvalidate, 
and k = 4, for each of the 1,000 bootstrap repetitions. To support full reproducibility and 
comparability, random number seeds and consistent split strategies were used across all 
iterations. For each bootstrapped sample, model accuracy was systematically assessed 
using the withheld validation subsets.

The rationale and sequence of all classification approaches (successional stage, bio-
mass-only, and joint classification) are summarized schematically in Fig. 3, highlighting 
their complementary roles within the overall analytical framework.

2.3.3  Prediction of biomass
2.3.3.1  Principal components analysis (PCA) for the vegetation index:  Principal com-
ponent analysis (PCA) was applied to four vegetation indices (NDVI, EVI, RVI, and 
OSAVI). It constructs linear combinations of these indices, yielding new uncorrelated 
variables (principal components) that maximize variance. According to the Kaiser cri-
terion [32], only principal components (PCs) with eigenvalues greater than one should 
be retained,here, only PC1 (eigenvalue = 3.76; PC2: eigenvalue = 0.20) met this criterion. 
However, the first two components together explained over 99% of the total variance 
and were then examined to assess whether any additional, interpretable spectral varia-
tion existed beyond the dominant component [32]. The princom procedure in SAS was 
employed for the analysis [57].

2.3.3.2  Generalized linear regression models incorporating repeated measures:  Gener-
alized linear regression models with gamma distribution and log-link function were fitted 
to the average biomass of each forest fragment, using the first principal component as a 
continuous covariate.

The biomass response variable, consisting of repeated measurements of four Senti-
nel-2 vegetation indices per plot over time, was analyzed using Generalized Estimating 
Equations (GEE) [14]. Model fit and adequacy were assessed using the genmod proce-
dure in SAS, specifying a repeated subject structure for each plot. Diagnostic checks 
included deviance analysis and inspection of standardized Pearson residual plots to 
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ensure that model assumptions were appropriately met. A comprehensive flowchart of 
these procedures is shown in Fig. 4.

3  Results
3.1  Classification of forest fragments and biomass

Table 3 presents the cross-validation results for the classification of forest fragments. The 
mean overall accuracy from 1000 bootstrap simulations was 90.27% (median = 89.82%; 
range = 83.33–99.07%), with a low coefficient of variation (3.07%), indicating high model 
stability. Late-successional fragments (LF) were most accurately classified, followed by 
DF and SF categories.

Table 4 presents the cross-validation results for the classification of two biomass cat-
egories (Mg ha–1) using LDA with KNN (k = 4). The overall average accuracy of 63.50% 
was notably lower than that achieved in previous fragment classifications. Nevertheless, 
multinomial logistic regression models demonstrated partial suitability for identifying 
these categories based on the four spectral indices. Notably, the classification accuracy 
for the higher biomass class (140.32–795.50  Mg  ha–1) was 33.81%, significantly lower 
than that for the first category. The accuracy rate histogram exhibited low variability, 
with a coefficient of variation of 4.66% and a range of 52.78–73.78%.

Fig. 3  Statistical flowchart for classification of the forest successional stages, biomass classes and joint classification
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3.2  Joint classification of forest fragments and biomass

Table 5 summarizes the accuracy rates for joint classification of forest fragments and 
biomass categories, where each fragment type’s biomass was divided by the group’s 
median value (for a total of six groups). The mean accuracy rate drops to 54.08%, con-
siderably lower than that observed in previous classifications of fragments and biomass 
categories separately. This finding suggests that multinomial logistic regression mod-
els are not well-suited for this joint classification task. Additionally, the accuracy rate 

Table 3  Cross-validation confusion matrix and summary statistics from multinomial logistic 
regression (glogit) classifying forest fragments using Sentinel-2 indices (NDVI, EVI, RVI, OSAVI) over 
1000 bootstrap simulations
Forest stage Classification Summary of accuracy rate 

of statistical simulationDisturbed Secondary Late Total
Disturbed 43,185 4,815 0 48,000

(39.99%) (4.46%) (0.00%) (44.44%)

Secondary 5,699 18,301 0 24,000

(5.28%) (16.95%) (0.00%) (22.22%)

Late 0 0 36,000 36,000

(0.00%) (0.00%) (33.33%) (33.33%)

Total 48,884 23,116 36,000 108,000

(45.26%) (21.40%) (33.33%) (100%)

Accuracy rate = 100 (43,185 + 18,301 + 36,000)/108,000 = 90.27% n = 1,000; mean = 90.27%; 
median = 89.82%; 
min = 83.33%; max = 99.07%; 
std.dev = 2.77%; coef. 
var. = 3.07%

Fig. 4  Statistical flowchart of biomass prediction analysis
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histogram exhibits low variability, with a coefficient of variation of 6.54% and a range of 
42.63–64.23%.

3.3  Biomass prediction

In this section, we will explore the potential of modeling biomass using four spectral 
indices. While individual or combined regression models based on these indices yielded 
unsatisfactory results, we opted to initially extract the first principal component and 
subsequently refine our regression models.

Table 4  Cross-validation of biomass category classification for Sentinel-2 satellite using linear 
discriminant function with classification criterion considering the non-parametric distribution of 
data through the method of four nearest neighbors (KNN) for the three forest fragments (SF, DF, and 
LF)

Classification Summary of accuracy rate 
of statistical simulation

Biomass category 13.36⊢140.32 140.32⊢795.50 Total

13.36⊢140.32 56,671 (29.65%) 40,246 (21.06%) 96,917 
(50.70%)

140.32⊢795.50 29,604 (15.49%) 64,619 (33.81%) 94,223 
(49.30%)

Total 86,275 (33.70%) 104,865 (33.11%) 191,140 
(100%)

Accuracy rate = 100(56,671 + 64,619)/191,140 = 63.46% n = 1,000; mean = 63.50%; 
median = 63.43%; 
min = 52.78%; 
max = 73.78%; std. 
dev = 2.96%; oef. 
var. = 4.66%

 Bootstrap simulation (n = 1000) was performed, considering the input variables NDVI, EVI, RVI, and OSAVI —summary of 
accuracy rate of statistical simulation

Table 5  Cross-validation of biomass category classification within each forest fragment, using the 
non-parametric distribution of data through the method of the four nearest neighbors, obtained 
through bootstrap simulation (n = 1000), considering the input variables as the NDVI, EVI, RVI, and 
OSAVI indices from the Sentinel-2 satellite
Classification
Forest and biomass Disturbed Disturbed Secondary Secondary Late Late Total
Categories 31–106 106–796 20–140 140–340 13–254 254–730

Disturbed 31–106 21,759 18,723 138 289 143 758 41,810

11.91 10.24 0.24 0.16 0.08 0.41 22.88

Disturbed 106–796 12,906 25,965 220 432 202 943 40,668

7.06 14.21 0.12 0.24 0.11 0.52 22.25

Secondary 20–140 65 174 10,387 10,107 348 94 21,175

0.04 0.10 5.68 5.53 0.19 0.05 11.59

Secondary 140–340 157 248 6,771 11,696 350 120 19,342

0.09 0.14 3.70 6.40 0.19 0.07 10.58

Late 13–254 108 282 226 565 14,658 14,068 29,907

0.06 0.15 0.12 0.31 8.02 7.70 16.36

Late 191 432 155 346 14,363 14,367 29,854

254–730 0.10 0.24 0.08 0.19 7.86 7.86 16.34

Total 35,186 45,824 17,897 23,435 30,064 30,350 182,756

19.25 25.07 9.79 12.82 16.45 16.61 100
Accuracy Rate = 100(21,759 + 25,965 + 10,387 + 11,696 + 14,658 + 14,367) / 182,756 = 54.08%

Summary of accuracy rate of statistical simulation: n = 1,000; mean = 54.14%; median = 63.43%; min = 42.63%; max = 64.23%; 
std.dev = 3.54%; coef. var. = 6.54%
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3.3.1  Principal components analysis for the vegetation index

Table 6 displays the eigenvalues and eigenvectors of the correlation matrix for the first 
two principal components derived from four spectral indices (NDVI, EVI, RVI, and 
OSAVI) obtained from Sentinel-2 satellite imagery. The first principal component (PC1) 
accounts for 93.98% of the total variance (eigenvalue = 3.759) and effectively summarizes 
the main spectral variability. PC1 was thus used as a continuous predictor in subsequent 
regression analyses (Fig. 5) to predict biomass (Mg ha–1).

3.3.2  Generalized regression models with repeated measures approach

Table 7 presents the results of a generalized linear mixed model (GLMM) with a gamma 
distribution, log link function, and a repeated measures structure, fitted using GEE. 
The model's parameter estimates, β̂0 and β̂1, were found to be statistically significant 
(p < 0.05), indicating a significant regression relationship. Model diagnostics—including 
deviance analysis and standardized Pearson r esiduals within the interval [− 2, 2]—con-
firmed that model assumptions were met.

However, the empirical R2 was notably low, suggesting that while a significant relation-
ship exists, much of the biomass variability remains unexplained by the spectral indices 
alone. Furthermore, model fit for secondary (SF) and late-successional fragments (LF) 
was poor and not further analyzed here, highlighting the challenge of predicting biomass 
in structurally complex and heterogeneous forest conditions.

Table 6  Eigenvalues of the correlation matrix for the first two principal components of four 
Sentinel-2 spectral indices (NDVI, EVI, RVI, and OSAVI)
Components Eigenvalue Proportion (%) Cumulative proportion (%)
PC1 3.759 93.98 93.98

PC2 0.204 0.0511 99.09
Eigenvectors:

P C 1   =   0 . 4 9 6 5 ( N D V I )   +   0 . 4 9 0 9 ( E V I )   +   0 . 5 0 1 4 ( R V I )   +   0 . 5 1 1 0 ( O S A V I ) 
PC2 = − 0.5414(NDVI) + 0.6772(EVI)−0.4121(RVI) + 0.2800(OSAVI).

Fig. 5  The first and second principal components (PC1 and PC2) for the four spectral indices (NDVI, EVI, RVI, and 
OSAVI) of the Sentinel-2 satellite according to fragments
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4  Discussion
4.1  Classification of forest fragments

The observed overall average accuracy (90.27%) suggests that multinomial logistic 
regression models are suitable for identifying the three forest fragments studied, based 
on the four spectral indices considered. Furthermore, the low variability of the accuracy 
rate histogram supports this conclusion. To classify forest fragments into three succes-
sional stages (Late-, Secondary-, and Disturbed Forest), as previously identified by previ-
ous studies [26, 53, 61] through forest inventory data analysis, four vegetation indices 
(NDVI, EVI, RVI, and OSAVI) were employed. A multinomial logistic regression model 
achieved a high average classification accuracy of 90.27% with a low coefficient of varia-
tion (3.07%), indicating strong performance. This result is consistent with findings from 
Garroutte et al. [21], who used polynomial-adjusted models with NDVI and EVI to map 
grassland quality in Yellowstone. The strong discriminatory power of these indices is 
likely due to marked differences in canopy structure, species composition, and distur-
bance history among successional stages, which are well captured by spectral signals in 
both the red and near-infrared bands [10, 68].

The effectiveness of vegetation indices in assessing temporal variations in forest con-
ditions is well-established. Numerous studies have demonstrated their utility in for-
est monitoring, particularly during regeneration and disturbance phases [11, 54, 67]. 
These methods provide valuable insights for forest restoration and conservation efforts, 
enabling large-scale interventions with reduced costs and time [9, 15]. However, the 
broad application of remote sensing is limited by site-specific factors, such as the com-
plex canopy structure of tropical forests, which can influence canopy reflectance [62]. 
While our accuracy mirrors that observed in more structurally simplified systems, cau-
tion is warranted when extrapolating to regions with extreme canopy complexity, non-
linear successional pathways, or frequent edge effects, where classification performance 
may decline due to mixed spectral signatures [65]

Collectively, these findings reaffirm the strong potential of remote sensing for rapid, 
landscape-scale ecological monitoring in tropical forest mosaics, while underscoring the 
critical need for approaches that account for site-specific canopy structure and succes-
sional dynamics. Effectively harnessing these technologies will depend not only on their 
ability to detect broad ecological patterns, but also on an in-depth understanding of the 
unique structural and compositional attributes that shape each forest fragment’s spectral 
signature.

4.2  Classification of biomass

A more challenging task proved to be the classification of forests by biomass categories. 
Our results yielded a moderate classification accuracy of 63.5%, likely hindered by the 
high variability in forest composition across tropical regions, which can complicate sat-
ellite sensor readings. Nevertheless, a slightly higher accuracy of approximately 68% was 
observed for the largest biomass class, potentially attributable to the larger trees with 
more expansive crown areas, leading to increased overall canopy reflectance. Addition-
ally, the uneven spatial distribution of large trees in fragmented landscapes introduces 
further variability, which can dampen the discriminating ability of conventional vegeta-
tion indices [38]. This performance, however, falls slightly short of the accuracy reported 
by Dimitrov and Roumenina [15] in Bulgaria and Devagiri et al. [13] in India. This lower 
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accuracy for high-biomass classes may reflect greater structural heterogeneity, the satu-
ration effect of vegetation indices at higher biomass, and the presence of complex can-
opy layers or emergent species that are not fully distinguishable with optical data alone 
[44]. Ultimately, this highlights the persistent challenges of quantifying forest function 
from space in highly heterogeneous tropical mosaics, especially as biomass increases.

The integration of remote sensing techniques with field surveys is rapidly expanding, 
enhancing the accuracy and efficiency of forest inventories and related planning activi-
ties. Applications include forest stratification, sample plot allocation [13], biomass clas-
sification [12], and the assessment of wildfire-affected areas [18]. Advances in machine 
learning, such as the use of the Random Forest algorithm by Dube and Mutanga [17] for 
biomass classification, and Ma et al. [41], who incorporated additional spectral bands 
and vegetation indices, have further improved the accuracy of forest volume estimation, 
achieving levels as high as 80% [22].

Ultimately, our biomass classification results illustrate both the promise and persistent 
challenges facing efforts to derive functional ecosystem properties from optical satellite 
data in highly heterogeneous tropical regions.

4.3  Joint classification of forest fragments and biomass

The joint classification, designed to predict biomass class within each conservational sta-
tus, achieved significantly lower accuracy (54%) compared to individual predictions of 
biomass or forest status. This compounded task proved challenging because it requires 
the model to resolve both floristic succession and subtle biomass gradients simultane-
ously, amplifying the confounding effects of historical fragmentation, canopy gaps, and 
overlapping species assemblages [47]. The model struggled to accurately classify biomass 
within specific conservational trajectories, as evidenced by a high coefficient of varia-
tion (> 6%). This inefficiency may be attributed to the high spatial heterogeneity of the 
seasonal forest. The natural incidence of light and subsequent proliferation of lianas in 
these forests, particularly in disturbed areas, leads to increased variability in spectral 
signatures. Even in late-successional (LF) and secondary forests (SF), gaps with lower 
vegetation and higher liana and bamboo density can disrupt the joint classification of 
forest status and biomass class. Additionally, spectral confusion between edge and inte-
rior plots, as well as the coexistence of early- and late-successional traits within single 
fragments, further complicated accurate discrimination.

A significant challenge in joint classification arises from the similarity in aboveground 
biomass between DF and SF, both estimated to be around 120–180 Mg ha–1 [35]. How-
ever, their distinct disturbance histories lead to substantial variability in spectral signa-
tures. While the DF experienced selective logging until the early 1980s and occasional 
fires, it has remained relatively undisturbed since then. Conversely, SF underwent defor-
estation for agriculture and pasture, followed by natural regeneration since the 1980s. 
These contrasting histories result in differences in structure and species composition, 
making it difficult to differentiate between the two forest types using remote sensing [4].

The inaccuracy of joint classification using satellite imagery underscores the poten-
tial of artificial intelligence tools to enhance the precision of biomass prediction from 
remote sensing data [40]. Artificial intelligence could be particularly valuable in joint 
classification for identifying current forest structure and species composition patterns 
influenced by past events, such as disturbances. This could improve biomass prediction 
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within specific historical trajectories of forest fragments, as demonstrated by the success 
of multinomial logistic regression in predicting current forest status.

More precise remote sensing techniques, such as LiDAR [7, 52], could significantly 
enhance biomass prediction within different forest statuses. However, its application, 
especially in smaller areas, remains cost-prohibitive, necessitating careful cost–benefit 
analyses [8]. Nevertheless, recent advancements in artificial intelligence offer potential 
to increase the affordability and efficiency of LiDAR and other remote sensing tools [55].

These joint classification outcomes underscore how ecological complexity—created by 
mixed disturbance histories and succession pathways—can limit the precision of even 
advanced remote sensing models, emphasizing the evolving frontier of predictive forest 
ecology.

4.4  Biomass prediction by model fitting using PCA components

Principal Component Analysis (PCA) is a powerful dimensionality reduction tech-
nique that preserves the maximum variance of a dataset. In this study, the first principal 
component (PC1) accounted for over 93% of the total variation, making it an efficient 
summary variable and a suitable input for a forest biomass predictive model based on 
spectral indices. By combining four vegetation indices (NDVI, EVI, RVI, and OSAVI) 
into a single principal component, we streamlined the model, mitigated multicollinearity 
among predictors, and improved interpretability by simplifying the analysis of relation-
ships [33].

However, the relatively low R2 value (37%) suggests that PC1 alone is insufficient to 
explain the variability in biomass prediction fully. This finding aligns with prior work 
indicating that, in dense tropical forests, spectral indices often reach a saturation point 
and lose sensitivity to further increases in biomass [5, 6]. This limitation may be attrib-
uted to challenges encountered in earlier classification models, including the high het-
erogeneity in the structure and canopy cover of seasonal tropical forests, as well as 
significant species diversity, which contributes to highly variable biomass across the area 
[43]. Additionally, factors such as soil fertility, known to influence biomass [66], were not 
incorporated into the model. The low explanatory power indicates that incorporating 
additional covariates or interactions may be necessary to enhance model performance 
[29]. Furthermore, misalignment between field plot size and satellite pixel resolution 
may have contributed to unexplained variance, especially in small or heterogeneous 
patches [48].

Future research should focus on refining predictive models by optimizing vegetation 
index selection and testing various combinations of these indices, as a more parsimo-
nious selection or combination might enhance model performance [43]. In addition, 
incorporating further covariates—such as soil moisture, canopy cover, or microclimate 
data—could directly influence biomass accumulation and improve predictive capabil-
ity [48]. The integration of advanced remote sensing technologies, including LiDAR [64] 
and multi-sensor data [72], may yield higher spatial and vertical resolution, resulting in 
more accurate biomass estimates and better support for forest management and conser-
vation efforts [19, 28].

In summary, while dimensionality reduction improves model simplicity, fully captur-
ing the ecological variability of tropical forests will require both richer input data and 
more nuanced modeling approaches.
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5  Implications for forest management
The outcomes of this study provide actionable insights for forest ecologists and manag-
ers tasked with navigating the challenges of highly fragmented tropical landscapes. The 
demonstrated high accuracy in classifying successional stages using Sentinel-2 vegeta-
tion indices underscores the practicality of rapid, cost-effective landscape assessments—
an approach especially valuable for prioritizing restoration sites, monitoring natural 
regeneration, and identifying areas impacted by recent disturbances. These functions 
address core management needs and can be achieved with limited budgets and staff, 
making them highly scalable for conservation projects.

The moderate accuracy achieved for biomass class prediction indicates that, while 
current approaches are suitable for generating preliminary carbon stock estimates and 
informing carbon credit initiatives, they are best used for broad ecosystem service valu-
ations rather than detailed, plot-level assessments. In particular, these spectral methods 
can support project planning and verification in settings where field inventories are lim-
ited or infeasible.

At the same time, the limitations revealed here should guide practitioners in adapting 
expectations and strategies. While spectral indices effectively capture vegetation recov-
ery and successional transitions, they may miss finer-scale variability in biomass, partic-
ularly in structurally complex or historically disturbed stands. To address this, managers 
can use remote sensing to direct ground surveys to areas of greatest spectral uncertainty 
or change, efficiently allocating effort and resources. Additionally, the consolidation of 
multiple indices through principal component analysis presents a route to streamline 
operational workflows and reduce data complexity.

Collectively, these findings support the integration of remote sensing tools into every-
day management and policy frameworks, maximizing impact while minimizing costs. 
However, for applications requiring high precision—such as carbon accounting or 
high-resolution habitat mapping—there remains a clear need to supplement spectral 
approaches with next-generation technologies like LiDAR and multi-sensor data fusion. 
By matching methods to management needs and resource constraints, practitioners can 
robustly leverage these evolving tools for more effective tropical forest conservation.

6  Conclusions
The obtained research's outcomes show that satellite-based vegetation indices, if applied 
with robust statistical models, can accurately distinguish successional stages in the 
highly fragmented Atlantic Rainforest, thus offering a possible efficient tool for broad-
scale environmental monitoring. However, it is important to underline that predict-
ing aboveground biomass remains a notable challenge if using spectral indices only, as 
clearly evidenced by the moderate classification accuracy and limited predictive power 
after data reduction. Such limitations highlight (i) the complexity and (ii) structural vari-
ability featuring the tropical forests, an environment where historical disturbance and 
species heterogeneity constrain the effectiveness of current remote sensing approaches. 
While streamlined techniques such as PCA help summarize spectral information, fur-
ther progress will depend on the integration of additional environmental variables and 
advanced remote sensing technologies—especially LiDAR and multi-sensor data—
to capture finer details of forest structure and function. As a matter of fact, a contin-
ued refinement of biomass modeling is pivotal for supporting carbon accounting, 
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conservation prioritization, and adaptive management in tropical forest regions. This is 
particularly true for fragmented human-disturbed areas. As data availability and techno-
logical accessibility advance, these approaches have the potential to become indispens-
able components of effective, scalable forest resource management.
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