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ABSTRACT
 
Forest biomass quantification (Mg ha⁻¹) is essential for ecosystem monitoring, especially in 
areas under anthropogenic pressure, such as Atlantic Forest fragments. This study aimed to 
compare remote sensors in biomass mapping and population stock estimation of an Atlantic 
Forest fragment. Ten 0.1 ha plots were randomly distributed within a 17 ha fragment. Data 
from Sentinel­1 (S1), Sentinel­2 (S2), digital aerial photogrammetry (DAP), and their fusion 
were evaluated for the construction of predictive models. Linear models with two predictors 
were fitted: one for each sensor and another using data fusion, selecting the best predictors 
among all. The models were applied to estimate stand biomass using a regression estimator. 
The data fusion model showed the best predictive performance (RMSE = 41%), while the 
DAP­based model had the highest error (RMSE = 64%). However, the most accurate 
population estimate was obtained with the S2­based model (SE = 21 Mg ha⁻¹), with a relative 
efficiency 7% higher compared to the traditional inventory (SE = 22 Mg ha⁻¹). Estimates 
based on DAP, S1, and fusion were less accurate than those from the field inventory. The 
selected metrics, such as vegetation indices (S2) and textural metrics (S1), reflected the 
sensors' sensitivity to canopy structure and foliage abundance. DAP showed limitations, 
possibly due to its low canopy penetration. It is concluded that although the data fusion 
between DAP and S2 produced the best model for biomass mapping, S2 alone proved more 
advantageous for population estimates in forest fragments with limited sampling

Keywords: Forest inventory; Forest mensuration; Forest mapping

Scientific Article

https://orcid.org/0009-0004-1827-4840
https://orcid.org/0009-0005-9056-4866
https://orcid.org/0000-0002-3447-1340
https://orcid.org/0009-0000-1278-4904
https://orcid.org/0009-0006-1492-7642
https://orcid.org/0000-0001-7733-2730
https://orcid.org/0009-0003-8734-7313
https://orcid.org/0000-0003-2440-8329
https://orcid.org/0000-0003-0255-2637
https://orcid.org/0000-0001-8495-8002
https://orcid.org/0000-0002-8735-1676


Assessing multiple remotely sensed data...
Matos et al., 2025

Revista Árvore 2026;50:e500222

USO DE SENSORIAMENTO 
REMOTO DE MÚLTIPLAS 

FONTES E ESTIMADOR DE 
REGRESSÃO PARA 

QUANTIFICAR O ESTOQUE 
DE BIOMASSA DE UM 

FRAGMENTO DE MATA 
ATLÂNTICA

RESUMO A quantificação da biomassa 
florestal (Mg ha­1) é fundamental para o 
monitoramento de ecossistemas, 
especialmente em áreas sob pressão 
antrópica, como os fragmentos da Mata 
Atlântica. Este estudo teve como objetivo 
comparar sensores remotos no mapeamento 
da biomassa de um fragmento de Mata 
Atlântica e na estimativa do estoque 
populacional. Dez parcelas de 0,1 ha foram 
distribuídas aleatoriamente em um fragmento 
de 17 ha. Foram avaliados dados do Sentinel­
1 (S1), Sentinel­2 (S2), fotogrametria aérea 
digital (DAP) e a fusão entre eles para a 
construção de modelos preditivos. Modelos 
lineares com dois preditores foram ajustados: 
um para cada sensor e outro com fusão de 
dados, selecionando os melhores preditores 
entre todos. Os modelos foram aplicados 
para estimar a biomassa do povoamento 
usando estimador de regressão. O modelo 
baseado em fusão de dados apresentou o 
melhor desempenho preditivo (RMSE = 
41%), enquanto o baseado em DAP teve o 
maior erro (RMSE = 64%). Contudo, a 
estimativa populacional mais precisa foi 
obtida com o modelo baseado no S2 (SE = 
21 Mg ha­1), com eficiência relativa de 7% 
comparado com o inventário tradicional (SE 
= 22 Mg ha­1). As estimativas baseadas em 
DAP, S1 e fusão foram menos precisas que a 
do inventário de campo. As métricas 
selecionadas, como os índices de vegetação 
(S2) e as métricas texturais (S1), refletiram a 
sensibilidade dos sensores à estrutura do 
dossel e à abundância foliar. A DAP 
apresentou limitações, possivelmente por sua 
baixa penetração no dossel. Conclui­se que, 
embora a fusão de dados entre DAP e S2 ter 
gerado o melhor modelo para mapeamento 
de biomassa, o S2 isoladamente foi mais 
vantajoso para estimativas populacionais em 

fragmentos florestais com amostragem 
limitada. 
Palavras­Chave: Inventário florestal; 
Mensuração florestal; Caracterização 
florestal

1. INTRODUCTION
Tropical regions contain approximately 

45% of the world’s forest cover (FAO, 2020). 
Among these, the Atlantic Forest stands out 
from other tropical forests due to its high 
diversity of endemic species (Souza et al., 
2021) and its location in a densely populated 
region, 58% of the Brazil’s inhabitants 
(IBGE, 2024). Despite its ecological 
importance, the Atlantic Forest is under 
severe threat, with only 26% of its original 
vegetation remaining (MapBiomas, 2024), 
with 83% composed of small forest 
fragments (< 50 ha) scattered across the 
country (Ribeiro et al., 2011). Because of 
this, the Atlantic Forest is recognized as a 
critical biodiversity hotspot, that requires 
monitoring to design and assess effective 
conservation strategies (Myers et al., 2000).

Growing stock biomass (“biomass”) is a 
forest attribute closely related to carbon 
stocks and the forest’s ecological complexity 
(Brown & Lugo, 1984). The biomass 
increase is frequently used as indicators of 
biodiversity gains, regeneration progress, and 
improvements in ecosystem quality 
(Houghton et al., 2009). Biomass is also a 
fundamental variable for estimating carbon 
sequestration (Ma et al., 2024). Traditionally, 
biomass assessments rely on sample­based 
forest inventories. In this process, the 
biomass is measured using sample units 
(field plots) that are spread over the area 
following some sampling design. Then the 
population parameters are estimated along 
with a confidence interval where the true 
population value lies (Soares, 2017). Because 
the uncertainty of the estimation is due to the 
sampling design (the values of the population 
units are assumed to be fixed), this 
framework is referred to as design­based 
inference. However, the traditional 
measurement approach is costly and 
logistically complex as it requires field 
expeditions and access to remote areas 
(Chukwu & Dau, 2020). As an alternative, 
remote sensing technologies can be used to 
enhance the design­based inference. Metrics 
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derived from remotely sensed data might be 
tidily correlated to forest structural attributes 
so they can be used both for attribute 
mapping and population parameter 
estimation (McRoberts et al., 2013a). While 
the forest mapping allows for precision 
monitoring, knowing the population 
parameter is important for stand­level 
assessments.

Forest inventory following a model­
assisted framework is a strategy that use the 
information of auxiliary data to reduce the 
uncertainty of design­based estimation. First, 
a model linking the remotely sensed data to 
the forest attribute is built to predict values to 
the population units, and then the population 
parameter is estimated by aggregating the 
many predictions (the synthetic estimator) 
plus a bias correction term based on the field 
plot samples (Gregoire et al., 2016). The 
estimator is referred to as the Generalized 
REGression estimator (GREG) when the data 
used to calibrate the model and compute the 
correction term originates from the same 
target population (Särndal et al., 1992, 
Chapter 6). Such a framework is 
advantageous because it is asymptotically 
unbiased and requires only that the sample 
units follow a consistent probability design 
(e.g. simple random sample), so there is no 
constraint regarding the model consistency 
(McRoberts et al., 2022).

The GREG estimator has been tested 
with remotely sensed data worldwide (e.g., 
Saarela et al., 2015; Ståhl et al., 2016; 
McRoberts et al., 2022). In the Atlantic 
Forest, however, few studies have explored 
model­assisted estimation. Existing research 
has used satellite images and State or 
National Forest Inventory plots to estimate 
forest cover (Vibrans et al., 2013; McRoberts 
et al., 2016) or biomass in large and small 
areas (David et al., 2024). In some cases, 
these studies addressed small areas, a 
statistical concept of a subunit (also known 
as a domain) of a larger population where 
there are few or no sample units (Rao & 
Molina, 2015). This requires specific 
estimators, the small area estimators, as the 
ones used in David et al. (2024). 
Nevertheless, there are also cases where 
forest inventories would target a specific 
forest fragment, so even if it has a small 
coverage area (< 50 ha) it is considered the 

population itself and not a domain of a larger 
area. The performance of the GREG 
estimator in such a case is still unclear.

Forest biomass monitoring using remote 
sensing can be conducted using different 
sensors. Active systems based on light 
detection and ranging (LiDAR) and aerial 
platforms (airborne laser scanning, ALS) 
(Maltamo et al., 2014) are considered the 
most efficient for forest attribute mapping 
(Fassnacht et al., 2014; Bergseng et al., 
2015). The cost of ALS data collection is 
high, especially for assessments involving 
small forest areas. In this case, there is the 
alternative of using freely available data 
sources from orbital systems or digital aerial 
photogrammetry (DAP). Among free­access 
orbital data, the Sentinel­1 (S1) and Sentinel­
2 (S2) systems have gained popularity for 
forest monitoring. The S1 is a synthetic 
aperture radar (SAR) system (see Moreira et 
al., 2013) that actively emits C­band 
microwave energy (5.5 cm). It has the 
capability of penetrating the forest canopy to 
capture information about the forest structure 
with a resolution of 5­20 m. The S2 system is 
a passive optical sensor collecting data of 13 
spectral bands to produce images of 10­60 m 
pixel resolution. The DAP systems aboard 
unmanned aerial vehicles (UAV) usually 
collect data from a few spectral bands, but 
with the advantage of producing stereo 
images of centimetric resolutions. This 
feature is particularly useful for precision 
assessments in forest fragments with a 
reduced cost compared to ALS data.

The integration of multiple remote 
sensing data sources can further improve 
biomass estimation models. Several studies 
have shown the integration of SAR and 
optical data derive more accurate biomass 
estimates than a single data source (Ghosh & 
Behera, 2018; Navarro et al., 2019; Zhang et 
al., 2023; Moghimi et al., 2024; Wang et al., 
2024). The lack of field data availability 
makes it difficult to obtain accurate estimates 
of biomass and other forest attributes in 
heterogeneous conditions, such as tropical 
forests (Verly et al., 2023). It is therefore 
important to minimize the errors associated 
with sensor­based estimates, though we are 
not aware of studies assessing remote sensing 
data fusion for biomass estimation in the 
Atlantic Forest. We hypothesize that fusing 

3



Assessing multiple remotely sensed data...
Matos et al., 2025

Revista Árvore 2026;50:e50024

multiple data sources might contribute to 
improve accuracy of biomass maps and 
estimates.

The aim of this study is to assess the 
performance of multiple remote sensing data 
sources in the mapping and estimation of 
growing stock biomass of an Atlantic Forest 
fragment. We compare models based on 
single data sources of S1, S2, and DAP 
systems, as well as their fusion. In addition, 
we assessed the impact of the multiple data 
in the fragment biomass estimation.

2. MATERIAL AND METHODS
2.1 Study Area

The study was conducted in a forest 
fragment of approximately 17 ha, located in 
Viçosa, Minas Gerais, Brazil. The area 
belongs to the Federal University of Viçosa 
(UFV) (Figure 1). According to the Köppen 
classification, the climate is of the Cwa type, 
with an average temperature of 19.9 °C, 

relative humidity of 79.9%, and 1,269 
millimeters (mm) of precipitation (UFV, 
2024). The vegetation is classified as 
Semideciduous Seasonal Forest (IBGE, 
2012). The fragment is a secondary forest in 
an intermediate regeneration stage, 
dominated by tree species of 5­12 m height 
and diameters ranging from 10 to 20 cm.

2.2 Field data collection and description
Field reference data were collected from 

ten permanent plots of 20 m x 50 m (0.1 ha) 
between July 5 and August 1, 2024. These 
plots were established following a simple 
random sampling (SRS) design in the 90s for 
the purpose of continuous forest monitoring 
every four years (Mariscal Flores, 1993; 
Meira Neto, 1997). Each plot corner had its 
position recorded using a Javad Triumph­1 
GNSS receiver which provides sub­meter 
precision. We collected the tree 
circumference at breast height (cbh, cm) with 

Figure 1. Forest fragment and plot distribution. The background image is from Google Earth, the 
orthomosaic was generated from the DAP data, and the administrative boundaries are from IBGE 
(2020)
Figura 1. Fragmento florestal e distribuição das parcelas. A imagem de fundo é do Google Earth, o 
ortomosaico foi gerado a partir dos dados da DAP, e os limites administrativos são do IBGE (2020)
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bark of all living and dead trees with cbh ≥ 
15 cm using a measuring tape and later 
converted the values to diameter at breast 
height (dbh, cm). The relative position of 
each tree was also recorded, and total height 
(h) was measured using a Vertex IV digital 
hypsometer. The biomass of each tree (b, kg) 
was estimated using Equation 1 fitted for the 
same area by Amaro (2010). The values were 
converted to megagrams per hectare and 
aggregated at the plot level to obtain the 
growing stock biomass (B, Mg ha­1). The plot 
biomass distribution is depicted in Table 1.

(Eq. 1)

2.3 Auxiliary data collection and 
preparation
2.3.1 DAP data

The DAP images were captured on 
November 19, 2024, using the M3M RGB 
camera integrated into a UAV DJI Mavic 3M 
(DJI, 2023). The camera has a 4/3 CMOS 
sensor of 20 megapixels that reduces motion 
blur and minimizes image distortion. The 
UAV is equipped with a real­time kinematic 
(RTK) module for differential correction. It 
utilizes data from a reference station, IBGE­
RBMC (Brazilian Continuous Monitoring 
Network) stations, and GNSS/NTRIP 
technology (Costa et al., 2008), eliminating 
the need for ground control points. The flight 
was carried out under clear skies and 
moderate wind conditions (5 m/s), at an 
altitude of 120 m above ground, following a 
pre­established autonomous plan.

Image processing was performed in 
Agisoft Metashape Professional 2.1.3, 
following the software’s default. Initial 
image alignment used structure­from­motion 
(SfM) algorithms to detect homologous 
points automatically. Camera position 
optimization was based on the onboard RTK 

navigation data. A dense point cloud was then 
generated increasing the number of points in 
possible empty spaces and capturing more 
details of the study area. The point cloud was 
then exported in LAS and LAZ formats for 
manipulation.

The entire point cloud processing was 
performed in R (R Core Team, 2024) using 
the lidR package (Roussel et al., 2020). Data 
pre­processing began with noise point 
removal and ground point filtering. For this 
procedure, we use the Cloth Simulation 
Filtering (CSF) algorithm in the default 
setting (Zhang et al., 2016). A 1­m­pixel 
digital terrain model (DTM) was generated 
by triangulation to convert the point altitude 
values to above­ground high values (i.e. point 
cloud normalization). From the normalized 
point cloud, canopy height and cover metrics 
were calculated for each plot using all points 
above 2 m from the ground to use them as 
potential predictor variables (Table 2).

2.3.2 Orbital data
S1 and S2 orbital data were obtained and 

processed using Google Earth Engine (GEE) 
platform within a 30­day interval of the DAP 
data acquisition. The number of available 
images was 2 for the S1 system (16 and 28 
November 2024) and 1 for the S2 (28 
November 2024). Therefore, for S1, we used 
the mean of the pixel values from the 
available images. We used the Level 1 S1 
data, which corresponds to 10 m spatial 
resolution and dual polarization (vertical­
vertical – VV, and vertical­horizontal – VH) 
(ESA, 2024). These images are preprocessed 
by the provider for thermal noise removal, 
terrain correction, and radiometric 
calibration. The calibration converts image 
values to backscatter coefficients (σ0) in 
decibels (dB). Speckle filtering (Mullissa et 
al., 2021) and outlier detection were also 
applied to smooth out noise.

Table 1. Biomass distribution across sample plots (Mg ha­1)
Tabela 1. Distribuição da biomassa nas parcelas amostradas (Mg ha­1)
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S2 data corresponds to the harmonized 
Level 2A collection, with atmospherically 
corrected bands, detection of shadows, 
clouds, water cover, and adjustment of 
topographic distortions. These preprocessing 
steps correspond to the standard correction 
applied in the Sentinel collections available 
in GEE (see Google (2024b) for S1, and 
Google (2024a) for S2). All spectral bands 
were used except B1 (Aerosols) and B9 
(Water vapor). The S2 data with 20 m spatial 
resolution were resampled to 10 m using the 
nearest neighbor method.

Pixel values from S1 and S2 were 
assigned to the field plots based on their 
geolocation using the SIRGAS 2000 UTM 
Zone 23S coordinate reference system. We 
used the plot polygons to compute the 
average of the intercepting pixel values 
weighted by the interception area within 
plots. The terra package (Hijmans, 2023) was 
used for data manipulation. We computed S1 
metrics based on VV and VH bands, the 
relationships between them, and texture 
measures (Table 3) (see Fang et al., 2023). 
The texture measures were calculated using 
the glcm package (Zvoleff, 2020) with a 3 x 
3 moving window and gray­level co­
occurrence matrices. For S2, in addition to 
the spectral bands we calculated 13 spectral 
indices (Table 3).

2.4 Data analysis
Biomass models were developed using 

metrics derived individually from DAP, S1, 
and S2 datasets, as well as from the 
combined dataset (DAP + S1 + S2), here 
referred to as data fusion. Due to the limited 
number of observations available for model 
fitting, a conservative modeling approach 
was adopted to minimize the risk of 
overfitting (Cosenza et al., 2021b). In this 
case, the models were fitted using ordinary 
least squares (OLS) regression using two 
predictor variables. For each dataset, the 
candidate metrics were filtered by removing 
those with no variations among plots and 
grouping those highly correlated metrics 
(Pearson’s r > 0.85 in magnitude). From each 
group we retained the metric having the 
highest correlation with the biomass.

Variable selection was performed using 
an exhaustive searching algorithm from the 
leaps package (Lumley, 2024). This 
algorithm compares all possible 
combinations of two predictors in the model 
and ranks them based on the coefficient of 
determination (R2). We ensured the selected 
model met the assumptions of residual 
normality (Shapiro­Wilk test) and 
homoscedasticity (Breusch­Pagan test) at a 
5% significance level, and the variance 

Table 2. Digital aerial photogrammetry metrics extracted from the normalized point cloud with type, 
name, and description
Tabela 2. Métricas da fotogrametria aérea digital extraídas da nuvem de pontos normalizada com 
tipo, nome e a descrição
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Table 3. Bands and metrics extracted from Sentinel­1 and Sentinel­2 described by name and equation 
to perform the calculation
Tabela 3. Bandas e métricas extraídas do Sentinel­1 e Sentinel­2 descritas por nome e equação para 
realizar cálculo

Cont...



Assessing multiple remotely sensed data...
Matos et al., 2025

Revista Árvore 2026;50:e50028

inflation factor (VIF) was below 10 to avoid 
multicollinearity (Myers, 1990). All tests 
were computed using the performance 
package (Lüdecke et al., 2021). We used 
models with the log­transformed response 
(Equation 2) to avoid negative predictions in 
the maps. We added the model’s residual 
variance (σ2) when back­transforming the 
estimates to the original scale (Equation 3) as 
per Beauchamp & Olson (1973).

(Eq. 2)

(Eq. 3)

Where: y and y are, respectively, the 
observed and estimated biomass value; β1 
and β2 are the model’s parameters; x1 and x2 
are the predictors; ε is the random error; and 
σ2 is the residual variance.

The selected models were compared 
using accuracy measures based on the square 
Pearson’s correlation (r2, Equation 4), root 
mean square error relative (RMSE%, 
Equation 5) and mean absolute error relative 
(MAE%, Equation 6) to the sample mean 
observed values computed using leave­one­
out cross­validation (LOOCV). The LOOCV 
is an iterative validation process where one 
observation is omitted at a time to have its 
value predicted by the model calibrated using 
the remaining observations. All observations 
had their values predicted at the end so the 
accuracy measures (r², RMSE% and MAE%) 
can be computed. As an additional 

assessment, we compute a naïve root mean 
square error (nRMSE%, Equation 7) to 
evaluate the improvement provided by the 
predictive models.

(Eq. 4)

(Eq. 5)

(Eq. 6)

(Eq. 7)

Where: yi and yi are, respectively, the 
observed and estimated biomass values (Mg 
ha­1) for the plot i = 1, ..., n; y and y are, 
respectively, the observed and estimated 
mean biomass of the sample.

2.5 Estimation
Although the forest fragments might be 

considered as a domain from large area forest 
inventories, in the present study the fragment 
was considered as the target population. 
Field samples plots were used to estimate the 
population mean, μ, and variance, Var(μ), so 
the confidence interval (CI) can be 
constructed.

The confidence intervals were estimated 
using Equation 8.

(Eq. 8)

*Where: xk= Gray tone per k pixel value; N = Number of gray­tone values; p = Marginal probability of 
normalized x; μ = p mean; σ = p standard deviation

Cont...
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Where t(1­α∕2, df) is the critical value of the 
Student’s t distribution at 95% confidence 
level with df degrees of freedom.

First, we construct intervals following 
simple random sampling (SRS) estimation, 
where Equation 9 and 10 were used to 
compute the population mean and variance 
(Cochran, 1977, Chapter 2.5).

(Eq. 9)

(Eq. 10)

Where: μSRS is the simple random 
sampling population mean; Var(μSRS) is the 
estimated variance associated with μSRS; yi is 
the observed value of the sampling unit i; n is 
the number of sample units.

For model­assisted estimation, the 
biomass maps were generated with a spatial 
resolution of 31.62 m, equivalent to the 
square root of the sample plot area (1,000 
m²). Later, the mean and variance were 
computed using Equation 11 and 12.

(Eq. 11)

(Eq. 12)

Where: μMA is the model­assisted 
estimator of the population mean; Var(μMA) 
is the variance estimator associated with μMA; 
yi is the value estimated by the model for the 
unit of population i; yi is the observed value 
of the response variable for sampling unit i; 
N is the population size, for example, the 
number of pixels with information from the 
sensors; n is the number of sample units.

Although we do not have the true 
biomass of the population, we compared the 
different estimates with the SRS design. We 
used the standard error, SE=√Var(μ), and the 
relative efficiency (RE, Equation 13) to 
assess the estimates. While the SE gives an 
indicator of the estimate uncertainty, the RE 
informs about the benefit of model­assisted 

estimates over SRS, where RE > 1 indicates 
increased effectiveness (McRoberts et al., 
2013b).

(Eq. 13)

3. RESULTS
3.1 Model performance

The models differed considerably 
regarding prediction accuracy (Table 4 and 
Figure 2). The best model performance was 
achieved using the data fusion, followed by 
the S2, S1, and DAP datasets. This rank is 
reflected in the accuracy metrics. RMSE 
increased from 41% to 64%, while 
correlations (r²) decreased from 0.49 to 0.15 
and MAE increased from 27% to 48% from 
the best to the worst model. The naïve 
accuracy (nRMSE%) was 54%, and it was 
higher than all model accuracies, excepting 
the one based on DAP data, which indicates 
superior model performances compared to 
the simple mean model. The S1 based model 
selected textural metrics (S1var and S1cor), 
whereas the S2 based model relied on 
vegetation indices derived from red and NIR 
bands (DVI), and red­edge bands (RECI). 
The DAP model incorporated metrics related 
to the point height dispersion (Hvar) and range 
(H95). The model based on data fusion used 
different metrics from the other models but 
with similar characteristics; one metric was 
related to the DAP’s point height range (Hiqr) 
and the other to S2 indices based on the red 
and NIR band (SRI).

3.2 Forest maps and estimation
The biomass forest maps varied 

substantially across models (Figure 3). The 
map based on S1 data had the highest 
minimum biomass value (43 Mg ha­1) and 
lowest range (464 Mg ha­1). In contrast, the 
other maps had a minimum biomass of 3­5 
Mg ha­1 and broader ranges exceeding 600 
Mg ha­1, with the S2­based map ranging the 
most (1,156 Mg ha­1).

The growing stock biomass of the forest 
fragment following SRS estimation was 186 
Mg ha­1. Model­assisted estimates differed 
from this by up to ~50 Mg ha­1 in magnitude, 
with estimate from data fusion differing the 
most (137 Mg ha­1) (Figure 4). However, all 
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estimated confidence intervals overlapped 
and encompassed the many estimated means. 
The largest interval was associated with S1 
data (SE = 34 Mg ha­1), while the lowest was 
found for the S2 data (SE = 21 Mg ha­1), 
which had comparable accuracy to the SRS 
estimate (SE = 22 Mg ha­1). The standard 
errors associated with the DAP­ and data­
fusion­based models were intermediary and 
similar (26­27 Mg ha­1).

The certainty gains (REs) from model­
assisted estimates, were only observed with 
S2 model (RE = 1.07), this estimate was 7 
percentual points more certain than the SRS 
estimate. The estimates derived from the 
other datasets were considered less certain, 
nevertheless, with REs of 0.69, 0.63, and 
0.40 for DAP data, data fusion, and S1 data, 
respectively.

4. DISCUSSION
In general, the produced models 

developed in the study achieved accuracy 

comparable to those reported in previous 
studies involving multilayered tropical 
forests (e.g., Bispo et al., 2020; Zimbres et 
al., 2021). The attribute prediction in 
structurally complex forests tends to show 
lover accuracy (e.g., higher RMSE) 
compared to single­layer forests, such as 
even­aged plantations (Cosenza et al., 2021a) 
This reduction in accuracy is explained by 
the sensor saturation, i.e., a limited 
sensibility of the predictor variables as forest 
structural complexity increases (Joshi et al., 
2017). Additionally, the relatively small 
number of plots as used in our study might 
also impose difficulties in capturing the 
pattern between the predictors and the 
response variable (Bouvier et al., 2019). This 
might explain the larger bias (MAE values) 
found in our models. Nonetheless, this 
sample size is not uncommon in tropical 
forest studies, where logistical constraints 
often restrict the number of field plots 
(Proisy et al., 2002; Santos et al., 2003; 

Figure 2. Scatterplots of estimated versus observed biomass values (Mg ha­1) for each modeling 
approach: Sentinel­1 (S1), Sentinel­2 (S2), digital aerial photogrammetry (DAP), and data fusion. The 
diagonal line represents the 1:1 relationship
Figura 2. Dispersão dos valores estimados versus observados de biomassa (Mg ha­1) para cada 
abordagem de modelagem: Sentinel­1 (S1), Sentinel­2 (S2), fotogrametria aérea digital (DAP) e fusão 
de dados. A linha diagonal representa a relação 1:1

Table 4. Predictive model performance based on Sentinel­1 (S1), Sentinel­2 (S2), digital aerial 
photogrammetry (DAP), and fused sensor data
Tabela 4. Desempenho dos modelos preditivos com base nos dados dos sensores Sentinel­1(S1), 
Sentinel­2 (S2), fotogrametria aérea digital (DAP) e fusão de dados
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Mauya et al., 2015). Nevertheless, the use of 
conservative approaches, such as two­
predictor OLS models, proved effective in 
producing reasonably accurate predictions 
despite the small sample size.

 The models derived from data fusion 
showed the best performance. This reinforces 
the complementarity between spectral 
information from S2 and the three­
dimensional structural metrics from DAP. In 
contrast, the DAP­based model alone 
exhibited the poorest performed, consistent 
with findings from other studies conducted in 
tropical forests (Kachamba et al., 2016). 
Unlike LiDAR, the DAP systems cannot 
penetrate the forest canopy and may 
therefore miss information from understory 
or dominated trees. Besides, DAP point 
clouds might miss the ground surface and 
underestimate the tree height, especially in 
dense vegetation covers (Dandois & Ellis, 
2013; Goodbody et al., 2019). Some studies 
suggest that the use of LiDAR­based DTM 

or DTM­independent DAP metrics can 
improve the reliability of DAP­based 
analyses (Giannetti et al., 2018), but their 
effectiveness for steep slope terrains as in our 
areas must still be assessed.

Models based on S1 and S2 had 
intermediary performance, and they used 
predictors combining multiple bands or 
radar­based textural information. Such a 
strategy has been proved effective to increase 
data sensitivity to the forest structure and 
reduce saturation effects in both optical 
(Frampton et al., 2013) and radar data (Fang 
et al., 2023). Specifically, vegetation indices 
using red, red­edge, and NIR bands are 
sensitive to the leaf abundance (Askar et al., 
2018), while SAR textural metrics allow for 
capturing canopy structural complexity 
(Chen et al., 2019).

The pattern found in model 
performances was not strictly followed in the 
estimation. The estimate derived from S2 
data was considered the more precise 

Figure 3. Maps of forest growing stock biomass (Mg ha⁻¹) predicted by fitted models based on 
Sentinel­1 (S1), Sentinel­2 (S2), digital aerial photogrammetry (DAP), and data fusion. Biomass 
estimates are shown at the pixel level over the study area
Figura 3. Mapas da biomassa em volume de madeira em pé (Mg ha⁻¹) previstos por modelos 
ajustados com base nos dados do Sentinel­1 (S1), Sentinel­2 (S2), fotogrametria aérea digital (DAP) e 
fusão de dados. As estimativas de biomassa são apresentadas em nível de pixel na área de estudo
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(narrowest confidence interval), indicating 
the highest precision in estimating population 
mean. This is expected in model­assisted 
estimation, as the regression estimators 
leverages the relationship between observed 
values model predictions to reduce the 
variance of the population mean estimate 
(McRoberts et al., 2022). The SRS, however, 
produced slightly larger but still comparable 
confidence intervals, whereas the uncertainty 
associated with the other estimates (S1, DAP, 
and data fusion) was greater. The difference 
observed between the model results and the 
population estimates can be attributed to the 
heterogeneity of the fragment itself, which 
includes regions in earlier successional 
stages. The lower vertical structural 
complexity of these areas likely reduces the 
accuracy of estimates derived from metrics 
such as DAP and S1 data. In this context, 
data fusion performed worse than S2 as DAP 
metrics add little relevant information for 
biomass estimation. Studies conducted in 
boreal forests noted that variables related to 
vertical structure derived from S1 and 

ALOS­2 PALSAR increased model 
complexity without resulting in significant 
improvements in the estimates, while S2 
combined with environmental variables, 
delivered the best performance (Liu et al., 
2024). The boreal forest exhibits low vertical 
structural complexity, reinforcing the idea 
that these sensors may have limited 
effectiveness in environments with less 
stratified vegetation. Therefore, in situations 
where S2 data does not exhibit saturation, the 
sensor shows strong potential for more 
accurate biomass mapping.

Studies focusing on Brazilian tropical 
forests have shown that SRS estimators 
perform well in forest fragments (Mello et 
al., 2015). However, it is possible that the 
small number of sample plots was not 
sufficient to correct the synthetic estimator 
(left hand in Equation 11) for S1, DAP, and 
data fusion model. As demonstrated in 
previous works, overfit models might 
increase estimation uncertainty considerably, 
leading to unrealistic confidence intervals 
(Cosenza et al., 2024). Although our models 

Figure 4. Forest growing stock biomass estimation following simple random sampling (SRS), and 
model­assisted framework using Sentinel­1 (S1), Sentinel­2 (S2), digital aerial photogrammetry 
(DAP), and data fusion. Midpoints and whiskers indicate the estimated population mean and 
confidence intervals, while the standard errors (SE) are indicated in the numbers above each whisker
Figura 4. Estimativa da biomassa do estoque de madeira em pé com base na amostragem aleatória 
simples (SRS) e em abordagem com auxílio de modelos utilizando os sensores Sentinel­1 (S1), 
Sentinel­2 (S2), fotogrametria aérea digital (DAP) e fusão de dados. Os pontos centrais e os limites 
do intervalo indicam a média populacional estimada e os intervalos de confiança, enquanto erros 
padrões (SE) são representados pelos valores acima de cada limite do intervalo
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were rather conservative, it is likely the large 
bias found for these models (e.g., DAP and 
S1 models) be the cause of the increased 
SEs. Still, model­assisted estimators might 
be considered a good alternative in scenarios 
with limited sample size (Cheng et al., 2025). 
Despite the strategies adopted to mitigate 
overfitting (e.g., OLS with two predictors), 
the limited number of sample units likely 
reduced the robustness of the models. While 
multi­source remote sensing partially 
mitigated the effects of the reduced sample 
size, the estimates still exhibited considerable 
variability and potential bias. Therefore, 
expanding the sample size remains essential 
for enhancing the robustness and 
generalizability of model­assisted estimation 
in this biome. Thus, our findings should be 
generalized only to secondary Atlantic Forest 
fragments with similar structural 
characteristics, and extrapolations to other 
forest types or biomes should be made 
cautiously.

Although our data set does not allow us 
to infer about estimation biasness, future 
studies may explore the use of external 
models to ensure estimation unbiasedness in 
a model­assisted framework. External 
models are models built using distinct data 
from those used to correct the synthetic 
estimator in Equation 11 (McRoberts et al., 
2022). The model­assisted estimates using 
external models are considered unbiased 
(Särndal et al., 1992, Chapter 6), though they 
would require external data for model 
calibration. Evaluating this approach, 
particularly in fragmented and 
topographically complex landscapes such as 
the Atlantic Forest, remains an important 
avenue for future research.

5. CONCLUSION
This study demonstrated the potential of 

using remote sensing data to estimate 
growing stock biomass in Atlantic Forest 
fragments, where the reduced sample sizes 
are common due to logistical constraints. 
Three conclusions can be taken from this 
work: First, the model based on DAP and S2 
data fusion had the best performance for 
mapping the biomass, while models based 
solely on DAP data and standard DAP metric 
should be discouraged in similar contexts. 
Second, model­assisted regression estimators 

based on S2 data contributed to reducing the 
confidence intervals of population estimates, 
proving to be an effective approach to 
improving forest inventory precision, 
particularly in fragments with limited 
sampling. Third, estimates based on DAP, S1, 
and fused (DAP + S2) data were not 
advantageous (i.e., less certain than SRS) and 
might suffer from effects of the small 
samples.

From an applied perspective, the results 
indicate that S2 data offer a promising 
approach for monitoring forest fragments, as 
they are freely available and effective for 
attribute estimation. DAP data should not be 
discouraged, though its use requires 
additional resources for acquisition in forest 
fragments. These insights may support 
environmental agencies in rapidly accessing 
forest inventory information and defining 
cost­effective monitoring strategies. 
Increasing sample size remains a 
fundamental strategy to improve the 
precision and reliability of model­assisted 
estimators while enhancing the forest 
attribute mapping. Besides, improving the 
treatment of DAP data using LiDAR­derived 
products and using SAR interferometry 
(InSAR) or tomography (TomoSAR) might 
be an alternative to increase the accuracy of 
DAP­ and S1­based maps. These topics 
require investigation in future studies 
targeting forest fragments.
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