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A B S T R A C T

The lack of precise methods for estimating forest biomass results in both economic losses and incorrect decisions 
in the management of forest plantations. In response to this issue, this study evaluated the effectiveness of using 
the DJI Zenmuse L1 LiDAR, mounted on a DJI Matrice 300 RTK UAV, to provide three-dimensional measure
ments of canopy structure and estimate the aboveground biomass of Eucalyptus globulus. Various LiDAR metrics 
were employed alongside field measurements to calibrate predictive models using multiple regression and ma
chine learning algorithms. The results at the individual tree level show that RF is the most accurate model, with a 
coefficient of determination (R²) of 0.76 in the training set and 0.66 in the test set, outperforming Elastic Net (R² 
of 0.58 and 0.57, respectively). At the plot level, a multiple regression model achieved an R² of 0.647, high
lighting LiDAR-derived metrics as key predictors. The findings revealed that the combination of LiDAR with 
advanced statistical techniques, such as multiple regression and Random Forest, significantly improves the ac
curacy of biomass estimation, surpassing traditional methods based on allometric equations. Therefore, the use of 
LiDAR in conjunction with machine learning represents an effective alternative for biomasss estimation, with 
great potential in such plantations and contribute to more sustainable exploitation of timber resources.

1. Introduction

A key global issue in the management of timber resources is the lack 
of precise and efficient methods for forest biomass estimation (Sa et al., 
2024; Zhen et al., 2024). This deficiency not only limits the ability to 
assess the health of ecosystems and forests, but also carries significant 
economic implications. Accurate estimation of forest biomass is essen
tial for the sustainable planning and management of timber resources, as 
it directly influences the economic valuation of forests and the efficient 
allocation of resources (Adhikari et al., 2024; Sillett et al., 2024; South 
et al., 2024). The lack of precise methods can lead to overestimation or 
underestimation of biomass, which affects the valuation of forest re
sources and, consequently, influences investment decisions and forestry 

exploitation policies (Konstantinavičienė, 2023). This inaccuracy causes 
considerable economic losses for forest owners and associated in
dustries, while also limiting the ability to sustainably harness the eco
nomic potential of forest resources (Wu and Xu, 2023).

Eucalyptus globulus, commonly known as blue gum or Tasmanian 
blue gum, is a tree species native to Australia that has expanded globally 
due to its economic value and applications in the forest industry (Devi, 
2023). This tree belongs to the Myrtaceae family and is characterized by 
its fast growth, high-quality wood, and aromatic properties (Mbula and 
Ngbolua, 2023) . Additionally, it is highly valued for its use in paper and 
pulp production, as well as in the essential oil industry due to the volatile 
compounds found in its leaves (Prajapati et al., 2024). However, in Peru, 
despite its commercial benefits, its expansion has raised concerns 
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regarding its environmental impact (Panca et al., 2024). The introduc
tion of this species into non-native ecosystems has posed challenges 
related to biodiversity and the alteration of local ecological cycles 
(Alonso and Castro, 2015). Therefore, while Eucalyptus globulus offers 
significant economic opportunities, its management must be carefully 
considered to minimize potential negative effects on Peruvian ecosys
tems, making the accurate estimation of its aboveground biomass a 
current necessity (Alrababah et al., 2009).

Aboveground biomass provides essential data on the amount of 
organic matter in trees, which is crucial not only for assessing forest 
productivity and health but also for the economic valuation of forest 
resources (Hirigoyen et al., 2021). This biomass includes branches, 
leaves, trunks, and other components, and is a key indicator of the 
economic value of timber resources (Y. Li et al., 2022). Understanding 
the quantity and distribution of this biomass enables an accurate 
assessment of the forest’s economic potential, optimizing the planning 
of timber harvesting and the commercialization of forest products (Chen 
et al., 2018). Furthermore, accurate biomass estimation helps identify 
areas with high resource density that may be prioritized for economic 
investment and development, as well as for sustainable management 
(McRoberts et al., 2019).

Traditionally, the estimation of biomass has relied on the use of 
allometric equations and field methodologies. Although these method
ologies are robust, they are highly labor-intensive and require consid
erable time and financial resources (Álvarez González et al., 2012; Corte 
et al., 2020; Schettini et al., 2022). These conventional methods often 
involve subjective visual measurements, such as estimating tree height, 
diameter at breast height (dbh), and crown diameter (Dantas et al., 
2020; Malizia et al., 2020), which increases the likelihood of human 
error and reduces the accuracy of the calculations.

The incorporation of advanced technologies, such as LiDAR (Light 
Detection and Ranging), has revolutionized the way aboveground forest 
biomass estimation is conducted (Hall et al., 2005; Junttila et al., 2013; 
Lim et al., 2003; Torre-Tojal et al., 2022). In a LiDAR system, a sensor 
emits laser pulses that travel to the target and are reflected back to the 
sensor, where the time taken for the pulse to return allows for the exact 
calculation of the distance between the sensor and the target surface 
(Zhou and Li, 2023). This ability to obtain precise three-dimensional 
measurements enables the creation of detailed forest models, 
capturing data on tree height, canopy structure, and terrain topography 
with a level of detail that surpasses traditional methods (Almeida et al., 
2021; da Cunha Neto et al., 2021; Jiang et al., 2022; Yin et al., 2024). 
This technology has proven to be particularly effective in large-scale 
studies, especially when used on airplanes and small aircraft, though 
the use of unmanned aerial vehicles (UAVs) offers additional advantages 
in local studies, improving the resolution and density of laser points 
(Potapov et al., 2021; Torresani et al., 2023).

The use of LiDAR in combination with UAVs represents a significant 
innovation in forest management (Corte et al., 2022; da Cunha Neto 
et al., 2021). LiDAR sensors mounted on these platforms not only pro
vide precise and repeatable measurements but also offer a range of 
benefits that optimize forest management and promote sustainability 
(Scheeres et al., 2023; Tsouros et al., 2019). One of the main advantages 
of airborne LiDAR is its ability to capture detailed three-dimensional 
data of forest structure (Almeida et al., 2021; Fekry et al., 2022; Zhou 
and Li, 2023), including tree height (da Cunha Neto et al., 2021; Miel
carek et al., 2018; Yin et al., 2024), canopy density (Brede et al., 2022; 
De Luca et al., 2023; Hakkenberg et al., 2023), and terrain topography 
(da Silva et al., 2016). The use of UAVs equipped with LiDAR signifi
cantly reduces the need for extensive and laborious field campaigns, 
while enabling data capture over large and difficult-to-access areas more 
quickly and efficiently than traditional field sampling methods (Tamimi 
and Toth, 2024). This not only lowers the costs associated with field
work but also allows for the indirect estimation of tree height and the 
analysis of vertical forest structure, facilitating the development of 
highly accurate biomass prediction models (Duncanson et al., 2022; Li 

et al., 2023; Marcelo-Bazán et al., 2023).
To date, the application of LiDAR technology in forest biomass 

studies in Peru has not been reported, revealing a significant knowledge 
gap that needs to be addressed. To this end, the present study focused on 
estimating the average canopy height and aboveground biomass of 
Eucalyptus globulus plantations using UAV-mounted LiDAR, while also 
assessing the accuracy of this technology by determining the root mean 
square error (RMSE) of the deviations between the sensor data and the 
data obtained from field measurements. Additionally, this analysis seeks 
to validate the effectiveness of LiDAR under local conditions and explore 
its potential for future studies in forest ecosystems. This approach aims 
to provide a solid foundation for the application of LiDAR in forest 
resource management and assessment in Peru, promoting the adoption 
of advanced technologies to improve the accuracy and efficiency of 
forest biomass studies. Furthermore, the incorporation of this technol
ogy supports SDG 15: Life on Land, by providing more efficient tools for 
forest monitoring and management, promoting sustainable practices 
that protect biodiversity and reduce deforestation. On the other hand, it 
can also generate valuable data to support the implementation of more 
accurate forest policies, aligned with SDG 12: Responsible Consumption 
and Production, by optimizing the use of natural resources and mini
mizing environmental impacts (Tatay Nieto, 2020).

2. Materials and methods

2.1. Study site

The present study was conducted at “Fundo El Porvenir”, located in 
the district of El Tambo, Junín Province, Peru. This area, situated in the 
Mantaro Valley, is characterized by Eucalyptus globulus plantations that 
began in the 1940s when the Cerro de Pasco Cooper Corporation ac
quired 150 hectares of land for forestry and livestock purposes. The 
original plantation was primarily intended for the production of struc
tural timber for mining activities. During the military government, the 
property was nationalized and transferred to "Centromin Peru," and 
later, in 1992, it was handed over to the Peruvian Social Security 
Institute (ESSALUD). Currently, the area is used as a recreational zone 
for senior citizens, without active forest management (Arzapalo and 
Tinoco, 2023).

The topography of the estate (Fig. 1) is mostly flat with gentle un
dulations, and the altitude varies between 3600 and 3621 m. The 
climate is humid subtropical, with an average annual precipitation of 
820 mm and temperatures ranging from 10 to 24 ◦C (Cáceres et al., 
2024). The area is located at geodetic coordinates 75◦14′5.99″ W and 
12◦2′13.20″ S. Despite the absence of recent forest management, a large 
portion of the plantation consists of stump sprouts, with trees of various 
age classes, reflecting natural growth after decades of limited forest 
exploitation.

This historical and ecological context provides a relevant scenario for 
this research, as the lack of forest management, natural regeneration, 
and variation in tree age allow for the study of biomass dynamics and 
other structural aspects of the forest.

2.2. Methodological framework

Fig. 2 presents the methodology used in the study, which will be 
detailed in the following sections. However, this sequential process be
gins with data collection, for which a UAV equipped with a LiDAR sensor 
was used to capture three-dimensional point clouds of the forest that 
represent its structure. Besides, field measurements were taken for pa
rameters such as tree height (h) and diameter at breast height (dbh).

Subsequently, the process moved on to processing and modeling, 
where models of canopy height were generated from the LiDAR data and 
forest metrics were calculated. These metrics, along with the field data, 
were used to adjust predictive models that estimate biomass by plot and 
individual tree. To complete the process, an evaluation and validation of 
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Fig. 1. Map of the study area.

Fig. 2. The methodological approach of this study.
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the results were conducted by comparing the estimates obtained 
through LiDAR with field measurements to ensure and improve the ac
curacy of the model.

The following schematic has been designed to provide a summary of 
all the procedures carried out in this ressearch.

2.3. Sampling design and field data collection

During the second half of 2023, a forest inventory was conducted, 
establishing 30 plots measuring 30×30 m (900 m²). These were 
distributed according to a systematic random sampling design based on 
stand density, which varied between areas of high and low tree density. 
Each of these plots was oriented in a north-south and east-west direc
tion, and the coordinates of their four vertices were recorded using a 
high-precision RTK GNSS system. Within each plot, dendrometric vari
ables were measured, such as tree height (h), diameter at breast height 
(dbh), and relative position. Each of the aforementioned processes are 
depicted in Fig. 3.

2.3.1. Tree position
The position of each tree (x, y) within the plot was recorded using the 

lower-left vertex (o) as the origin point and measuring the distances to 
the edges oriented to the north and east (Fig. 3). Subsequently, these 
relative coordinates were transformed into projected coordinates by 
adding the distances to the origin coordinates, allowing for an accurate 
representation of the location of each tree within the plot.

2.3.2. Dendrometric variables

Height estimation. The process of height estimation (h) in the field 
required the use of two tools: the hypsometer (Haglof Vertex Laser Geo, 
Långsele, Sweden), a sophisticated instrument designed to measure the 
height of trees and other objects, and the Trees v5.0 application (Forest 
Monitoring Tools, 2024), a service designed to estimate and monitor 
forest areas. The hypsometer, being part of the optical hypsometer 
family, uses principles of trigonometry and line of sight to indirectly 
determine height. The “Trees" application, on the other hand, allows for 
measurements to be taken directly in the field using the integrated 
sensors of a smartphone, eliminating the need to transport traditional 
equipment. Both tools utilize the clinometer method, measuring the 

angle of elevation and a known distance between the tree and the 
observer, facilitating the storage and analysis of large amounts of data. 
The formula used in the data extraction process is presented in Eq. (1), as 
established by López (2016). 

Height = Distance xtan (angle of elevation) (1) 

Estimation of diameter at breast height (dbh). The measurement of 
diameter at breast height (dbh) was performed using a measuring tape, 
following the standard methodologies described by Malleux (1970) for 
single-stem trees, measuring the diameter at 1.30 m height from the 
base. However, since the eucalyptus plantation features trees with 
multiple stems, the diameter was determined according to the meth
odology proposed by Cienciala et al. (2013), which is suitable for this 
type of tree structure. The equation representing the estimation of the 
equivalent dbh is shown in Eq. (2). 

dbh = 2
̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅

(DB1/2)2
+ (DB2/2)2

+ … + (DBn/2)2
√

(2) 

Where, DB1,DB2,…,DBn is the basal diameter of each stem (cm)

Calculation of aerial biomass. The estimation of aerial biomass per tree 
was performed using allometric formulas, which are based on mathe
matical relationships between tree size (diameter at breast height and 
total height). This allows for estimating the amount of biomass without 
the need to cut or damage the trees.

The diameter at breast height (dbh) and total height (h) data of the 
trees were obtained from the forest inventory conducted in the estab
lished plots during the pre-field stage. This data served as input for the 
equations used to estimate the weight of aerial biomass per tree, as 
shown in Eq. (3). This equation was extracted from Valverde et al. 
(2019), based on a study conducted under conditions similar to this 
research. 

Ba = 90.45675 + 0.00071005xdbh2xh2 (3) 

Where Ba refers to the total aerial biomass in kg, (dbh) represents the 
diameter at breast height (cm), and (h) is the total height of the tree (cm).

Finally, the development of Eq. (4) was carried out, the result of 
which is the estimation of the total aerial biomass. 

Fig. 3. Sampling design and field data collection.
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Btotal =

(∑
AU

1000

)

x
(

10000
Plot area

)

(4) 

Where (Btotal) represents the total aerial biomass (t /ha), and (
∑

AU)

is the sum of the aerial biomass of all trees in the plot expressed in (kg/ 
plot area).

2.4. UAV-LiDAR remote sensing data acquisition

The discrete return LiDAR data was acquired on August 21, 2023, 
using a DJI Zenmuse L1 sensor (DJI, Shenzhen, China), which integrates 
a Livox Lidar module (Livox Technology Company, Shenzhen, China) 
with a pulse frequency of 480 kHz for multiple returns (two returns), a 
high-precision inertial measurement unit (IMU), and an RGB camera, 
allowing for a planimetric accuracy of approximately 5 cm and a vertical 
accuracy of approximately 10 cm, with a scanning angle of 90◦ along the 
flight path. This sensor was mounted in a nadiral position on a 3-axis 
stabilized gimbal on the DJI Matrice 300 RTK UAV platform (Fig. 4).

The LiDAR data was collected during six flights that covered 
different parts of the study area. Each flight mission was designed using 
the Software DJI Pilot2 (DJI, Shenzhen, China), the interface of which is 
shown in Fig. 4. The flight path was organized in parallel lines, with a 
nominal height above the ground of 120 m, a speed of 10 m/s, and a 70 
% overlap between flight lines, based on the sensor’s swath width in 
relation to the scanning angle of the instrument, resulting in an average 
pulse density of 523 (ranging from 450 to 640 returns) per square meter.

2.5. Data processing and statistical analysis

2.5.1. Point cloud generation
To generate the point clouds, the software provided by the 

manufacturer DJI Terra (Beijing Green Valley Technology Co. Ltd., 
Beijing, China) was used, setting the following processing parameters: 
point cloud density at 100 % (all points), with the effective distance of 
the point cloud set at 250 m, coordinate system WGS 84/UTM Zone 18S 
+ EGM2008, colored with true color from the RGB sensor and exported 
in LAS (binary format specified by the ASPRS) format, which is a widely 
used standard for storing and sharing data obtained through LiDAR 
technology. These unprocessed point clouds from each of the six flights 
were merged into a single point cloud and cropped to the study area; 
subsequently, duplicate points were removed using the software Cloud 
Compare (OpenGL, 2009).

2.5.2. Processing of the point cloud
Initially, we removed noise (very high or very low points) using the 

Statistical Outlier Removal (SOR) filtering algorithm, which first cal
culates the global mean distance along with the standard deviation of 
the distance from each point to each of its "k" nearest neighbors. Then, a 
threshold value is calculated by adding the global mean to the standard 
deviation multiplied by a predefined value, "m." We then iterate over 
each point and compare the mean distance with the calculated 
threshold; if it is greater than the threshold, it is marked as an outlier. 
The parameters k and m were set to 8 and 30, respectively, after testing 
different values and evaluating the results visually.

To produce the canopy height model (CHM), we performed ground 
filtering to label the returns as ground points and non-ground points 
using the Cloth Simulation Filter algorithm (Zhang et al., 2016) with 
default values for all parameters. We then normalized the point cloud, 
estimating the height above ground (HAG) of each point using the 
nearest classified ground points as a reference. Next, we applied the 
Pit-free algorithm (Khosravipour et al., 2014). With the generated CHM, 
we performed smoothing to reduce noise, employing a mean filter with a 

Fig. 4. (A) DJI RTK V2 GNSS, (B) Trees app, (C) GNSS receivers, (D) Control point - GPC, (E) Matrice 300 RTK, (F) DJI Zenmuse L1 (G) Global positioning equipment 
(H) Flight plan.
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5 × 5 pixel window. Individual tree detection was done using the local 
maximum filter with a window of 6 × 6 m, which finds the highest value 
in reference to the tree canopies. These were converted into a vector 
point file. This process was carried out using the PDAL library (Butler 
et al., 2021) and SciPy (2024) in Python.

2.5.3. Extraction of metrics
To model biomass using the area-based approach (ABA), standard 

metrics were extracted from the normalized point cloud based on non- 
ground points, utilizing a vector polygon that defines the boundaries 
of the plots.

Similarly, for individual tree biomass modeling, the individual tree 
canopies were first segmented using the algorithm by Dalponte and 
Coomes (2016); this function uses the CHM and the tree locations, then 
applies the decision tree method to grow individual crowns around local 
maxima. The canopies were visually assessed in the GIS, and those with 
very irregular shapes were removed. The polygons of the canopies were 
used to extract standard metrics from the normalized point cloud using 
only non-ground points. This was accomplished using the LidR library 
(Roussel et al., 2020) in the R-project language.

2.6. Forest biomass estimation

2.6.1. Area-based approach (ABA) with statistical regression models
Multiple linear regression is a highly useful statistical tool in the 

forestry field, as it allows for understanding the relationship between 
independent variables, such as tree diameter and height, to predict 
biomass, which acts as the dependent variable (Zheng et al., 2022). This 
model is based on the assumption of a linear relationship between 
predictor variables and the response variable, making it crucial to verify 
assumptions such as normality, homoscedasticity, and the absence of 
multicollinearity to ensure reliable results (López-Serrano et al., 2019). 
Among the advantages of this model are its ability to quantify the in
dividual contribution of each variable, provide confidence intervals for 
predictions, and facilitate the detection of outliers that could influence 
the overall fit and accuracy of the model (Zamudio et al., 2023). 
Furthermore, multiple linear regression can serve as a baseline model for 
comparison with more complex techniques, such as machine learning 
algorithms or nonlinear models, in the estimation of forest or agricul
tural biomass (López-Serrano et al., 2019; Zhang et al., 2020). Its 
simplicity and interpretability make it an effective method for per
forming quick estimates while also providing a direct understanding of 
the influence of biophysical variables on biomass accumulation.

To relate the standard metrics to the biomass values per plot, a 
correlation matrix was first created. Response variables were selected 
based on their low correlation with the dependent variable and the 
absence of high correlation with other variables. Then, different multi
ple linear regression models were fitted, evaluating the goodness of fit 
and the significance of the parameters. Using the best-fitting model, 
block-by-block predictions were made. Pixels where constructions were 
present were removed because they altered the metric values and 
overestimated the biomass.

2.6.2. Individual tree-based approach (ITD) with machine learning 
algorithms

The process of estimating individual tree biomass was carried out 
using machine learning with the Random Forest algorithm, a widely 
used machine learning technique in the forestry sector for biomass 
estimation (Zhu et al., 2020). This model builds multiple decision trees 
using the random sampling with replacement method (Bootstrapping) to 
extract a portion of the data as a training set and generate each 
regression tree (Wang et al., 2016). To estimate forest biomass, the al
gorithm combines the predictions of several decision trees and takes the 
average of these predictions as the final result (Li et al., 2022; Torre-
Tojal et al., 2022). This ability to average multiple predictions reduces 
the risk of overfitting and improves accuracy.

On the other hand, the Elastic Net (ENET) algorithm is widely used in 
both agricultural and forestry fields, especially for its ability to handle 
multicollinearity and reduce overfitting. This model combines Ridge 
and LASSO regression techniques, allowing it to select the most signif
icant variables and provide more robust predictions (Kc et al., 2024). 
The L1 and L2 regularization applied by ENET facilitates more accurate 
estimates in crop yield and forest biomass studies (Chen, 2024).

For training both algorithms, the dataset was split, assigning 70 % for 
training and 30 % for testing. For hyperparameter optimization in the 
regression models, cross-validation with grid search was used from the 
scikit-learn library (Pedregosa et al., 2012) in Python.

In the Random Forest model, three key hyperparameters were opti
mized: the number of trees, with values of 50, 100, 150, 200, and 250; 
the maximum number of features considered at each split (max_fea
tures), with values of 2 and 4; and the minimum number of samples 
required to split a node, ranging from 10 to 58 in increments of 4. For the 
Elastic Net model, two hyperparameters were optimized: L1_ratio, with 
values between 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9, and alpha, with 
values of 0.01, 0.1, 1.0, 10.0, and 100.0. The objective of this method
ology was to identify the combination of hyperparameters that would 
maximize the performance of the models evaluated using specific 
metrics.

3. Results

3.1. Coefficient of determination in estimating maximum height

The Fig. 5 shows a scatter plot comparing maximum heights recor
ded in the field with LiDAR-estimated data. The figure also shows a 
moderately strong positive relationship between the LiDAR measure
ments and the field measurements. This indicates that LiDAR can be a 
useful tool for estimating variables measured in the field, but it is 
important to note that it is not a perfect tool, and there are other sources 
of variability not captured by this model. R² = 0.65, meaning that 65 % 
of the variability in field measurements can be explained by the vari
ability in LiDAR measurements. An R² of 0.65 suggests good accuracy in 
estimating field measurements using LiDAR data.

However, there is still 35 % of the variability that is not explained by 
the model. The difference between the measurements and the regression 
line represents the measurement error. This error may be due to several 
factors, such as instrument precision, weather conditions during mea
surement, or calibration errors in the equipment.

3.2. Correlation analysis between LiDAR metrics and biomass

Fig. 6a provides a clear representation of the relationships between 
variables such as zsd, zmax, zmean, and biomass at the plot level. To 
better understand these connections, detailed descriptions of these 
variables are available in the "supplementary materials" at the end of the 
document, as they are directly related to the structural characteristics of 
the eucalyptus plots. In this analysis, a complete correlation matrix was 
used to examine all available metrics and identify relevant patterns. 
From this matrix, the most influential variables for biomass estimation 
were identified as zpcum1, zpcum5, and zentropy due to their strong as
sociations with biomass. In contrast, redundant or less relevant metrics 
were excluded. In the figure, larger and darker circles represent stronger 
correlations, with blue tones indicating positive relationships and red 
tones indicating negative ones. This visual representation simplifies the 
identification of key variables and their interactions, which are essential 
for understanding biomass dynamics at the plot level.

Meanwhile, Fig. 6b focuses on the correlations related to biomass 
estimation at the individual tree level. This analysis follows a similar 
approach to the plot-level analysis, presenting the relationships between 
predictor variables such as zq15, zq95, zmax, zmean, zsd, and pzabo
vezmean, along with the response variable, biomass. This allows for a 
deeper exploration of the connections between key variables, providing 
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insights into how they contribute to accurate biomass estimation at both 
individual tree and plot scales.

3.3. Estimation of biomass at the individual tree level

Table 1 compares the performance metrics of the models, Random 
Forest (RF) and Elastic Net (EN), in estimating the biomass of individual 

eucalyptus trees using variables obtained from the LiDAR sensor. For the 
RF model, the R² value is 0.76 in the training set and 0.66 in the test set, 
indicating strong a predictive power. The RMSE (root mean square 
error) is lower in training (0.77) compared to the test data (0.91), sug
gesting that the model makes minimal errors in estimating aerial 
biomass. The MAE (mean absolute error) values, which are 0.45 in 
training and 0.48 in testing, further reflect the consistent performance of 

Fig. 5. Scatter plot of maximum heights measured in the field vs. estimated with LiDAR.

Fig. 6. a) correlation matrix between LiDAR metrics and biomass; b) correlation matrix between LiDAR metrics, height (h), diameter at breast height (dbh), biomass, 
and tree crown (area).

Table 1 
Multiple linear regression model at the individual tree level, Random Forest (RF), Elastic Net (EN), Variables* = LiDAR metrics for forest structural analysis (sup
plementary material).

Metrics Training Test Variables* Hyper. RF Hyper. Elastic Net

RF R2 0.76 0.66 zq15 ​ ​ ​ ​
MRSE 0.77 0.91 zq95 Trees 50 L1_Ratio 0.60
MAE 0.45 0.48 zmax max_features 2 Alpha 1.00

EN R2 0.58 0.57 zmean Nodes 14 ​ ​
MRSE 1.01 1.15 zsd ​ ​ ​ ​
MAE 0.67 0.62 pzabovezmean ​ ​ ​ ​
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the model, with hyperparameters adjusted to 50 trees and 14 nodes per 
tree.

On the other hand, the Elastic Net model shows more modest per
formance, with an R² of 0.58 for training and 0.57 for testing, indicating 
limited predictive capacity. The RMSE is higher than that of the RF 
model, with 1.01 for training and 1.15 for testing, suggesting that the EN 
model tends to produce greater errors. Additionally, the MAE is 0.67 in 
training and 0.62 in testing, indicating that the errors are more pro
nounced compared to the RF model, with hyperparameters adjusted, 
such as an L1_Ratio of 0.60 and an Alpha of 1.00, reflecting the 
configuration of the Elastic Net model.

3.4. Estimation of maximum height at the individual tree level

For Random Forest (RF), Fig. 7 shows the training (A) and test (B) 
results in two scatter plots for maximum height. (A) corresponds to the 
training set, with a determination coefficient R² = 0.76, indicating that 
the model fits the data well and can accurately predict the biomass of 

eucalyptus during training. In graph (B), corresponding to the test set, R² 
= 0.66 suggests a decrease in estimation performance, although there is 
still a positive trend between the observed and predicted values. The 
blue line indicates the linear fit of the data, with a gray shadow repre
senting the confidence interval.

Regarding Elastic Net (EN), the determination coefficients R² are 
0.58 and 0.57, indicating a moderate fit in both training (A) and testing 
(B) respectively. The predicted values from the model also show a pos
itive trend relative to the observed maximum height values, but with 
greater dispersion compared to the RF model. The blue regression line in 
both graphs has a gray shadow showing the confidence interval, and 
although there is a reasonable fit, the lower precision of the R² suggests 
that the Elastic Net model has more difficulty fully capturing the vari
ability in the biomass data, especially at higher values.

3.5. Multiple linear regression model at the plot level

Table 2 highlights the key predictors for aerial biomass, revealing a 

Fig. 7. Variable Maximum height; a) Training and testing of the predictive model generated by Random Forest; b) Training and testing of the predictive model 
generated by Elastic Net.
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robust and significant model that explains a substantial proportion of its 
variability. The coefficients were 19.549 (Zpcum1), 7.896 (Zpcum5), 
and − 2605.364 (Zentropy), with p-values of 0.00146, 0.00036, and 
6.39e-05, respectively, indicating their statistical significance. The 
model achieved an R² of 0.684, an adjusted R² of 0.647, and a residual 
standard error of 134.1.

These results demonstrate that Zpcum1 and Zpcum5 have positive 
impacts on aerial biomass, while Zentropy has a substantial negative 
effect. The sign of each coefficient reflects the direction of influence, 
with Zentropy suggesting that higher entropy is associated with reduced 
aerial biomass. Overall, the model effectively captures the relationships 
between these predictors and biomass variability.

The linear regression analysis for biomass estimation was conducted 
using three predictor variables: Zpcum1, Zpcum5, and Zentropy. The 
resulting predictive model is expressed in Eq. (5). 

Biomass = 2220.34 + (19.549× zpcum1) + (7.896× zpcum5)

− (2605.364× zentropy) (5) 

This equation indicates that for each unit increase in zpcum1, 
biomass increases by 19.549 units, while for each additional unit in 
zpcum5, biomass increases by 7.896 units. Additionally, an increase in 
zentropy reduces biomass by 2605.364 units. The intercept of 2220.341 
represents the average biomass value when all predictor variables are 
zero. With an R² of 0.6471, this means that 64.71 % of the variability in 
biomass is explained by the variables zpcum1, zpcum5, and zentropy. 
Additionally, the global p-value (1.118e-06) confirms that the model is 
statistically significant. Each of the predictor variables is also significant 
(p < 0.001), suggesting that they have a considerable influence on 
biomass.

4. Discussion

Our study evaluated various LiDAR metrics, such as zpcum1, 
zpcum5, and zentropy, using multiple regression to predict aerial 
biomass in eucalyptus plantations. The results yielded a coefficient of 
determination (R²) of 0.647, indicating a model with good predictive 
capacity and reduced errors. Furthermore, the p-value = 1.118e-06 
confirms the statistical significance of the model. Previous studies 
have demonstrated the accuracy of remote sensing in estimating 
biomass in various forest plantations through advanced techniques, such 
as the use of UAVs and Structure from Motion (SfM). For instance, 
Estornell et al. (2024) reported an R² of 0.85 in orange plantations using 
SfM. Similarly, terrestrial laser scanning (TLS) achieved an R² of 0.966 
when applying a coupled algorithm (Wang et al., 2024), highlighting the 
potential of these technologies in obtaining accurate biomass estimates, 
surpassing conventional methods.

However, other studies on different species, such as Pinus radiata, 
have reported an R² of 0.7 (Torre-Tojal et al., 2022), while the 3-PG 
model reached values between 0.78 and 0.88 (Bai et al., 2024). 
Furthermore, the extreme learning machine (ELM) technique, applied 
with ICESat-2 data, achieved an R² of 0.68 (Jiang et al., 2022), high
lighting the importance of satellites for large-scale biomass estimation. 
These results demonstrate that the integration of remote sensing tech
nologies with machine learning offers an opportunity to enhance the 
sustainable management of forest resources (Estornell et al., 2024; Wang 
et al., 2024).

On the other hand, our findings using LiDAR sensors and multiple 
regression yielded a coefficient of determination (R²) of 0.647, indi
cating a moderately high predictive capacity for estimating aerial 
biomass across all plots. These results significantly improve the esti
mates obtained through the linear regression model (R² = 0.34) and 
even surpass models based on stereoscopic images and LiDAR sensors in 
other studies, where R² values were 0.42 (Liu et al., 2023). Compared to 
previous studies employing Synthetic Aperture Radar (SAR) data, which 
showed a non-linear relationship between biomass and height with er
rors of up to 10 % (Gama et al., 2010), our approach demonstrates a 
considerable reduction in the margin of error. Additionally, while allo
metric models applied in other contexts also resulted in statistically 
significant outcomes (p < 0.01) (Ounban et al., 2016), our p-value of 
1.118e-06 robustly supports the statistical significance of the model, 
reinforcing the feasibility of using LiDAR for these estimates.

However, it is important to note that despite these advancements, 
limitations still persist, such as sensor dependency on specific environ
mental conditions and structural variability of eucalyptus in different 
regions. Moreover, future research could focus on integrating more 
ecological or climatic variables to further enhance predictive accuracy. 
Overall, these results highlight that remote sensing technologies, 
particularly through the use of LiDAR and advanced statistical ap
proaches (Meunpong et al., 2024), provide an effective alternative to 
traditional methods for biomass estimation, offering greater accuracy 
and reducing the margin of error in commercial plantations.

The estimation of forest biomass, combining LiDAR data and remote 
sensing technologies such as multispectral and hyperspectral aerial 
photography, has proven to be highly effective. LiDAR captures the 
vertical structure of the forest, while aerial images provide a horizontal 
perspective, enhancing the accuracy of biomass models for species like 
eucalyptus (Gao et al., 2022). Machine learning methods, such as 
Random Forest (RF) and Neural Networks (NN), outperform traditional 
linear regression approaches, demonstrating better results when 
modeling biomass with high spatial resolution (Domingues et al., 2020; 
Santos et al., 2023).

However, although these approaches allow for detailed estimates, 
they still face challenges in terms of computational complexity and 
resource availability for large-scale implementation (Oehmcke et al., 
2024; Ouattara et al., 2022). Studies utilizing LiDAR (Neuville et al., 
2021; Spriggs et al., 2017; Van Aardt et al., 2008) indicate that, while 
there is some overestimation, the quantitative modeling of tree structure 
is a promising alternative for decision-making in forest management, 
providing a greater understanding of tree architecture and its biomass 
components.

This study employs LiDAR metrics to evaluate a 40-year-old Euca
lyptus globulus plantation, addressing significant challenges related to its 
senescent condition and the difficult accessibility of the area. Unlike 
traditional methods, our approach is distinguished by its efficiency, 
significantly reducing the time and resources required, making it an 
innovative and practical alternative. To date, no studies have been re
ported in Peru or other Latin American countries that estimate the 
height and aboveground biomass of senescent plantations using drone- 
mounted LiDAR technology. Through this work, we aim not only to 
address this gap in the scientific literature but also to encourage the 
adoption of advanced technological tools to optimize the management 
of forest plantations, particularly in contexts where access and resources 

Table 2 
Multiple linear regression model at the plot level.

Coefficients Estimate Std. Error t value Pr (>|t|) Residual 
Standard error

Multiple R2 Adjusted R2 P-value

(Intercept) 2220.341 464.179 4.783 5.95e-05 134.1 0.684 0.647 1.118e-06
Zpcum1 19.549 5.494 3.558 0.00146
Zpcum5 7.896 1.926 4.100 0.00036
Zentropy − 2605.364 547.772 − 4.756 6.39e-05
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are constrained.

5. Conclusions

Our findings demonstrate that the use of UAV-LiDAR combined with 
machine learning algorithms is proving to be an innovative and effective 
solution for forest management, particularly in estimating of maximum 
heights and aboveground biomass. This approach allows for an accurate 
three-dimensional representation of forest structure, capturing critical 
details such as tree height and canopy density, which are essential for 
efficient and sustainable forest management.

The LiDAR sensor mounted on UAVs shows significant advantages 
over traditional methods based on allometric equations and manual 
measurements, which are labor-intensive and prone to errors. Addi
tionally, the LiDAR’s ability to take precise measurements in hard-to- 
access areas expands the range of monitoring and assessment without 
the need for extensive field campaigns.

Random Forest (RF) demonstrated outstanding performance in pre
dicting the maximum height of Eucalyptus globulus, outperforming the 
Elastic Net (EN) model in terms of accuracy. While RF achieved strong 
predictive capability in both training and test data, the EN model, 
though moderately accurate, showed greater dispersion in its prediction. 
In this sense, the RF model is more reliable for estimating the maximum 
height of Eucalyptus globulus.

When this technology is integrated with machine learning algo
rithms such as Random Forest, the accuracy of biomass prediction is 
improved, allowing the management of forest resources to be optimized.

The use of LiDAR data along with these algorithms allows for 
modeling biomass at a higher resolution and reducing the margin of 
error compared to conventional approaches. This is particularly relevant 
in commercial plantations, where resource optimization is key to effi
cient and sustainable timber exploitation.
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