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Abstract: Accurately estimating aboveground biomass (AGB) remains a challenge due to the
limitations of various measurement methods. While destructive sampling provides precise results, it
is costly, labor-intensive, and environmentally unsustainable. Advances in remote sensing
technologies offer efficient alternatives for AGB estimation. Our study highlights that airborne laser
scanning (ALS) is more effective in assessing forest structure than detailed biomass composition.
Orthophoto analysis, while applicable for rapid assessments, tends to overestimate AGB and carbon
stock, particularly in dense forests. Differences in tree height measurements between ALS,
orthophoto extraction, and field methods emphasize the varying precision of remote sensing
techniques. Integrating ALS and orthophotos may enhance accuracy by using orthophotos for tree
crown identification and ALS for height measurements. This combined approach could reduce errors
in biomass estimation, especially in dense forests where traditional methods are challenging. Our
findings suggest that ALS is more suitable for large-scale biomass assessments, while orthophoto
data may be more effective in open forests. Field calibration remains essential to improve accuracy,
particularly for orthophotos, which are influenced by environmental factors such as light, shadow,
and seasonal changes.

Keywords: aboveground biomass (AGB); airborne laser scanning (ALS); orthophoto analysis; Tectona
grandis

1. Introduction

Accurately estimating the aboveground biomass (AGB) is still difficult. One can estimate AGB
using a destructive method (harvesting) or nondestructive. The destructive approach, which involves
felling trees and weighing their components, is an exact way to calculate biomass [1]. Unfortunately,
it is costly, labor-intensive, often unlawful, impractical for large-scale study, and frequently not
ecologically friendly. The destructive approach's drawbacks are addressed by a nondestructive
method that makes use of tree biophysical parameters, particularly tree height and diameter at breast
height (DBH), which are widely employed as inputs for large-scale AGB and carbon stock assessment
using allometric models [2,3]. Therefore, accurate estimation of AGB necessitates accurate
measurement of tree height and diameter, particularly in the case of mature trees [4]. AGB is
calculated by multiplying the projected tree volume by that specific tree species' fundamental wood

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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density parameters [5]. Unlike the allometric biomass model, which depends solely on a limited
number of tree structural factor values, this approach uses an actual biological morphological
structure model of a specific tree species to estimate the tree AGB. Because of this, the estimation of
AGB has significantly benefited from the recent rapid development of remote sensing technology and
applications. A different method for efficiently and precisely estimating the AGB is provided by
applying sophisticated technologies in forestry. There are several benefits to using satellite remote
sensing technologies for mapping and evaluating large-scale, multitemporal forest biomass and
carbon stocks. However, it is not relevant or reliable for evaluating forest AGB at the stand and
individual tree levels [6]. In the past decade, there has been a significant advancement in light
detection and ranging (LiDAR) technology, particularly in its application to forest inventory [7].
Aerial and terrestrial LIDAR has been applied to nondestructively, rapidly, and effectively quantify
AGB. The upper canopy is the focus of airborne LIDAR because of its top-down perspective, while
ground-based laser scanning faced difficulties in measuring canopy height, as tall trees and densely
interlocking crowns hindered the instrument's effectiveness [8]. On the other hand, terrestrial LIDAR
returns usually concentrate on the lower canopy, and evaluating the upper crown structure and tree
heights is challenging [9].

Airborne laser scanning (ALS), terrestrial laser scanning (TLS), and mobile laser scanning (MLS)
are the three main types of LiDAR [8]. Ground-based sensors, particularly TLS, have recently drawn
much interest in forest inventories [10]. This technology can produce accurate and high spatial
resolution three-dimensional (3D) point cloud data. As a result, it has been extensively used in
forestry surveys to estimate AGB and carbon storage and gather fundamental tree characteristics [11].
However, automatically generated photogrammetric point clouds obtained from ALS are becoming
more popular in forestry due to advances in sensors and image processing techniques [12]. These
include methods for measuring large canopies to estimate forest structure and deep learning
algorithms to extract tree crowns and identify tree species [13]. Mobile laser scanners (MLS) in forest
environments face many challenges, the foremost of which is locating the position and movement of
the scanner, given poor global navigation satellite system (GNSS) coverage under the canopy. Using
simultaneous localization and mapping (SLAM) techniques is one possible way to address the
localization issue in the forest [14]. Using handheld and TLS data to estimate the total aboveground
biomass of individual trees were better results than those obtained using backpack laser scanning
data due to its performance limitation in extracting tree point clouds within a certain distance above
the ground and the point clouds of backpack laser scanning become sparser, leading to poorer display
results and inaccurate display of details [15]. Nonetheless, TLS encounters several challenges in its
operational use; carrying, mounting, and collecting data in the forest takes time and labor; processing
the data in the office requires a lot of computation and time; and there are severe issues with non-
detection of trees if multiple scans are not carried out and stitched together [10]. The main objectives
of this study include (I) a comparison of the accuracy of a single tree-level conventional field
measurement with ALS and orthophoto and (II) a comparison of AGB and carbon stock estimated
from remotely sensed data and traditional field-based methods.

2. Materials and Methods
2.1. Study Site

The study area was Mae Jang plantation, Lam Pang province, northern Thailand (18.26655 N,
99.75982 E). The long-term averages of temperatures are between 14-36 °C. Elevation within the
study area ranges from 300-700 m a.s.l. The area has an annual average precipitation of 1,055 mm,
with higher precipitation from May to October [16]. The plot's topography featured a mix of gentle
slopes, with gradients less than 45 degrees (TF plots) and steep slopes exceeding 45 degrees (TS plots).
Data was acquired in 17-18-year-old Teak (Tectona grandis) planted with 4 m x 4 m spacing. The
individual tree measurements were completed for 12 plots randomly selected through the study area.
Each plot has a square shape of 40 m on each side and covers a total area of 1,600 sq.m. The plot
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density is lesser than the initial due to natural mortality and wildfire, creating a sunlight penetration.
This results in dense shrubs, tall grasses, and bamboo clumps.

2.2. Data Investigation

Two primary methods were employed to estimate aboveground biomass (AGB): (i) field-based
observations utilizing allometric equations and (ii) remote sensing techniques, including airborne
laser scanning (ALS) with RGB and LiDAR sensors. Following a systematic plot-based approach, tree
positions were recorded using a real-time kinematic (RTK) GPS. GPS static measurements were
conducted in open areas, typically at the periphery of the study plot, to enhance positional accuracy.
Diameter at breast height (DBH) was measured using a diameter tape at a standardized height of 1.3
meters above ground level. Total tree height was recorded using a laser-based hypsometer (Haglof
Vertex 5 Hypsometer). The ALS data were acquired concurrently with field data collection using a
DJI Matrice 300 drone equipped with a CHC Alpha Air 10 LiDAR system, an integrated 45 MP
orthographic camera, and a global navigation satellite system (GNSS). The LiDAR system operated
at a scan rate of 500,000 points per second, achieving an absolute positional accuracy of 2-5 cm in
horizontal and vertical dimensions at a flight altitude of 700-1,000 meters and a scan angle of 60° [17].
The resulting LiDAR point cloud had a density of 5-6 points per square meter. A 1-meter resolution
cell size was used to generate the canopy height model (CHM) from the ALS point cloud data and
orthophotos.

Digital surface models (DSM) and digital terrain models (DTM) were derived from the first and
last LiDAR returns, respectively, using QGIS 3.34 Prizren. The CHM was subsequently generated by
subtracting the DTM from the DSM using a raster calculator in ArcGIS. The initial CHM exhibited
pits and gaps due to LiDAR beam penetration through branches before registering the first return
[18]. According to [11], point cloud processing involves filtering, extracting individual trees, and
deriving structural parameters from point cloud data. Model reconstruction and algorithmic
optimization were performed using the quantitative structure model (QSM) reconstruction method
for individual trees. The methodological framework developed in this study provides a robust
approach for estimating AGB and carbon sequestration based on ALS-derived point cloud data [19].
A CHM is a digital representation of tree canopy heights across a landscape, typically generated by
subtracting ground elevation from vegetation height data obtained via ALS [20-22]. CHM
segmentation involves applying computational algorithms to detect and delineate individual trees or
clusters. This process identifies CHM peaks corresponding to tree tops, followed by boundary
delineation to represent individual tree canopies [23,24]. Various segmentation techniques, such as
watershed segmentation and region-growing algorithms, were employed to enhance tree
identification accuracy [25]. The segmentation algorithm requires user-defined control parameters to
optimize the quality of the segmentation outcome [26]. For each delineated canopy projection area
(CPA), the highest local value within the CHM was identified and recorded as the tree height.

An accuracy assessment was conducted to evaluate the effectiveness of ALS-derived LiDAR data
in tree detection, following the methodologies outlined by [8]. The relationship between DBH and
tree height served as the basis for calculating individual tree AGB, utilizing a localized allometric
equation developed by Na Takuathung et al. (in press) from a dataset of 25 felled sample trees.
Carbon content was estimated based on species-specific carbon concentrations for teak (Tectona
grandis), as reported by [27]: 45.43% for leaves, 46.78% for branches, and 47.20% for stems. Finally, an
analysis of variance (ANOVA) was performed to assess statistically significant differences between
measurements obtained from remote sensing and traditional field-based methods. The RMSE and
Bias were calculated to explain the deviation between these variables' measured and predicted
values.
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Where RMSE-Root Mean Square Error; yi-Measured value of the dependent variable; §-
Predicted value of the dependent variable; n- Number of observations.

3. Results
3.1. Comparison of Tree Count Extraction from ALS and Field-Based Methods

From Table 1, the individual tree detection rates vary significantly between sample plots, with
extraction percentages ranging from 61.76 to 100%. The orthophoto extraction achieved an overall
detection rate of 87.16%, while ALS achieved a slightly lower rate of 73.31% (Figure 1). The RMSE
indicates that ALS has a more significant error magnitude (27.73%) than orthophoto (15.27%). The
negative BIAS values show that orthophoto and ALS were underestimated compared to the field
values, with ALS underestimating more significantly (-26.36%) than orthophoto (-12.48%).

Table 1. Number of trees per hectare from field-based and extracted from UAV data sources.

Plot Field Orthophoto % ALS %
T1F1 425 363 85.29 288 67.65
T1F2 275 238 86.36 200 72.73
T1F3 263 263 100 225 85.71
T151 375 325 86.67 325 86.67
T1S2 306 200 65.31 250 81.63
T1S3 369 319 86.44 275 74.58
T2F1 419 363 86.57 238 56.72
T2F2 288 281 97.83 206 71.74
T2F3 281 250 88.89 200 7111
T251 244 238 97.44 194 79.49
1252 244 219 89.74 181 74.36
T253 213 169 79.41 131 61.76

Total (average) 3,700 3,225 (87.16) 2,713 (73.31)
RMSE - 48.47 15.27 91.08 27.73

BIAS - -39.50 -12.48 -82.42 -26.36
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Figure 1. Comparison of tree counting between different data sources.

3.2. Total Tree Height Measurement and Accuracy Assessment

Based on data from 25 felled sample trees, tree height extracted from ALS yielded the lowest
RMSE, averaging 0.568 m. In comparison, tree heights derived from orthophoto extraction and field
measurements showed higher RMSE values of 5.835 m and 1.2184 m, respectively. Linear regression
analysis further indicated a high R? of 0.88 for ALS data, with the regression line closely aligning with
the one-to-one reference line (Figure 2). Conversely, tree height measurements from orthophoto
extraction exhibited the lowest R? and the highest RMSE, indicating lower accuracy.

Field LiDAR Otho

Measured Value

y=092x+ 155 y=1x+-543

R2=086 R*=0.88 R?=0.32

RMSE = 1.32 (7.47%) 7 RMSE = 0.85 (4.82%) . . RME = 6.4 (36.2%)
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Figure 2. Tree height from tree felling versus field measurement and UAV data sources.

Data from 25 felling trees showed the relationship between height and DBH of felled sample
trees (Figure 3) with a high correlation R? of 0.79. The linear regression model showed as follows;

DBH = (1.84 x height)-11.36; R2=0.79
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Figure 3. Relationship between tree height and DBH of felled trees.

3.3. Plot Level AGB and Carbon Sequestration Extracted from Filed-Based and UAV Data Sources

The number of trees per hectare varies considerably across field-based, ALS, and orthophoto
datasets. Figure 4 shows that field-measured biomass data is the baseline for validating remote
sensing methods. Field measurements typically capture the most accurate data due to direct
observations, although they are labor-intensive and time-consuming, especially in dense plots. ALS-
derived biomass values are generally lower than field measurements in most plots. For example, in
plot T1F1, the total biomass estimated by ALS is 67.95 t ha™!, compared to the field measurement of
72.22 tha™.
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Figure 4. Plot level AGB estimation from different data sources.

Field data provides the most direct measurement of carbon in biomass, giving total carbon
values for each component (stem, branches, leaves) with high reliability. For example, plot T1F1
shows a total field carbon of 34.02 t ha-!, while the corresponding ALS and orthophoto estimates are
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32.00 t ha and 38.45 t ha™!, respectively. LIDAR data consistently shows slightly lower carbon values
than field measurements in most plots. This underestimation by LiDAR could be due to the
limitations in detecting underlying trees. Orthophoto estimates vary significantly, sometimes
exceeding field measurements, especially for more significant biomass components. For example,
plot T2F1 shows a total orthophoto carbon of 64.75 t ha?' compared to 26.70 t ha in field
measurements. Figure 5 shows stem carbon storage (Cs), often trees' most significant carbon pool.
ALS and orthophoto estimate higher stem carbon in the flat area than in the slope area due to better
soil conditions and water availability, promoting more robust stem growth, which can affect biomass
accumulation.

Cb Cl

03

0.2

0.1

.
il

S < o) PR o
© AR ; \@6 R &
E o7 0\) 7 O\\ (o)td (o %% O~
j=]

o
Cs total
60 ' 80 e
. .
60
40
|
40
b4 ®
20
; 2 ;
& < O < )
PN N
@ ) & &£ @ &* &
¢’ o & &7 of
\(\?@ o ’Q‘-@ g

Figure 5. Carbon sequestration from different data sources.

4. Discussion
4.1. Comparison of Tree Count Extraction from ALS and Field-Based Methods

From our results, tree detection varies significantly between sample plots. This variability can
be attributed to differences in canopy density, tree spacing, and structural characteristics of the forest
in each plot. For instance, areas with dense or overlapping canopies may pose challenges for ALS by
obscuring individual tree crowns, leading to undercounting. Conversely, open or evenly spaced tree
arrangements, often found in managed forests or young plantations, facilitate higher detection rates
[28,29]. The orthophotos likely benefited from their high spatial resolution and ability to distinguish
tree crowns in clear weather conditions [30]. Orthophotos, being image-based, capture detailed visual
information and can often provide more precise representations of canopy structure at finer scales.
However, orthophoto limitations arise in complex canopies where 3D depth information is required
for accurate delineation, and this is where ALS traditionally excels by offering detailed vertical
structure data [31]. LIDAR's lower overall detection rate may result from difficulty detecting smaller
or understory trees and potential algorithm limitations in distinguishing individual crowns in
overlapping canopies [32]. LIDAR data can also be sensitive to the sensor's resolution and scan angle,
which may affect tree count accuracy depending on the forest structure and the sensor setup used.
ALS appears advantageous for individual tree detection in less complex structures and offers
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essential height and structural data that can improve biomass and carbon stock estimates, even if
individual detection rates are lower [33,34]. Improvements could involve combining ALS data with
orthophoto imagery and leveraging the high spatial resolution of orthophotos with the vertical
structural insights of LIDAR. This fusion approach, increasingly adopted in forestry, allows for more
accurate tree counting and height measurements by utilizing complementary data from both sources
[35,36].

4.2. Total Tree Height Measurement and Accuracy Assessment

ALS has consistently demonstrated high accuracy in estimating tree heights because it can
penetrate canopy layers and provide precise 3D structural data [37]. ALS data shows its robustness
in height estimation, especially compared to orthophoto and field measurements. Similar results have
been documented in studies where LiDAR outperforms photogrammetric methods, particularly
when measuring complex canopy structures and densely forested areas [32,38]. This result is
comparable to [39], which revealed that LiDAR-derived tree height values for certain species
overestimate the measurements by approximately 0.40 meters (~5% of the average height) compared
to field measurements. This discrepancy can be attributed to the complex terrain and the obstruction
caused by leaves and foliage at the tree tops. Low bushes were present in the research area and may
bear on the acquisition of tree height from the point cloud data of the trees, but [11] reported that
affected DBH. In contrast, orthophoto height extraction highlights its limitations for accurate tree
height estimation. Orthophotos are generally less effective for height measurements due to their
reliance on 2D imaging, which lacks the depth information that LIDAR provides [2]. Errors in height
estimation from orthophotos are widespread in dense forest settings, where occlusions and shadows
can lead to significant inaccuracies [30]. Traditionally, reliable field height measurements yielded an
intermediate error and bias in this analysis. This is consistent with findings that field-based
measurements, though accurate, are labor-intensive and can be subject to human error, particularly
in large-scale forest assessments [40]. Field measurements also have limitations in canopy-level
assessments compared to LiDAR, which provides comprehensive, non-intrusive measurements
across extensive areas. The high R? value from the ALS dataset in the regression analysis underscores
the strong correlation between ALS-derived heights and actual tree height, demonstrating its
suitability for regression-based forest modeling. Studies have shown that ALS-derived tree metrics
correlate highly with field measurements, often achieving R? values exceeding 0.80, especially in
uniform [33,34].

The high correlation between DBH and total height in felled sample trees indicates a strong
linear relationship. This suggests that tree height can be reliably used as a predictor for DBH in this
particular Teak plantation and aligns with forestry research that shows height and DBH are
commonly correlated [41,42]. This level of correlation is often seen in single-species, even-aged stands
where competition, soil quality, and climatic conditions lead to consistent growth patterns across
trees [43]. This high predictive accuracy benefits forest management by enabling efficient and less
invasive DBH estimation, especially in large forested areas where direct measurement is challenging
[44]. Studies in forest biometrics have found that height and DBH relationships can vary significantly
across species and ecological regions. For instance, in mixed-species forests, DBH may show weaker
correlations with height due to species-specific growth patterns [45]. Therefore, the strong correlation
observed here may primarily apply to the specific forest type and species composition studied,
highlighting the importance of context-specific models. This model could also facilitate applications
in remote sensing when the tree height is obtained from UAV data sources. DBH can be estimated
using this model, enhancing biomass and carbon stock estimates without needing ground
measurements. Such applications are increasingly valuable in monitoring forest biomass and carbon
sequestration efforts [37,46].

4.3. Plot Level AGB and Carbon Sequestration Extracted from Filed-Based and UAV Data Sources
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The ALS and orthophoto often undercount trees compared to field data, which could result in
difficulty detecting small trees or trees in dense clusters [29] because LiDAR's dependence on laser
returns for height data may result in trees being missed if their signals are absorbed or blocked by
larger, overstory trees [35]. Orthophotos frequently show higher tree counts than ALS and are closer
to field data in some plots. However, orthophoto data sources may include non-tree elements in
densely vegetated plots and artificially inflating tree counts. This can explain the discrepancies in
biomass when orthophoto-derived counts are higher but have limited height data. ALS-derived
biomass values are generally lower than field measurements in most plots. This underestimation
might stem from the limitations of LiDAR in penetrating dense canopy layers or detecting small
understory trees, which are often included in field biomass totals [28,34]. Meanwhile, orthophoto-
derived biomass values are typically higher than field and ALS values. Orthophoto techniques, which
rely on high-resolution images, might overestimate biomass due to difficulty differentiating tree
height and canopy depth without 3D information [30]. LIDAR generally provides better height and
structural data, making it helpful in estimating biomass when combined with accurate height-to-
biomass models [36]. However, LiDAR's limitations in understory detection lead to potential
underestimation of total biomass. Orthophotos, on the other hand, may overestimate biomass by
failing to distinguish tree crowns accurately in overlapping canopies. The lack of 3D structural
information makes orthophoto-based biomass estimation prone to errors, especially in dense or
mixed-forest settings [33]. [47] revealed to limitations in orthophoto resolution, which could lead to
overestimation of biomass for more giant trees or areas with dense canopy. Orthophoto analysis is
also sensitive to light and shadow effects, which can influence the accuracy of carbon estimation.

The observation that slope terrain can lead to lower biomass accumulation and reduced carbon
storage in trees is because environmental stressors associated with slopes, such as limited soil depth,
water drainage issues, and increased soil erosion, can negatively impact tree growth. These factors
collectively restrict root expansion and nutrient availability, leading to slower growth rates and
smaller biomass production [48]. Field-based measurements provide detailed and accurate estimates
for each carbon pool, which are essential for understanding the sequestration potential of teak
plantations [49]. However, field measurements are resource-intensive. Remote sensing techniques
like ALS and orthophotos offer scalable alternatives that can complement field data because they can
capture 3D forest structures, allowing for accurate modeling of tree height and biomass distribution
[50]. Orthophotos provide 2D imagery useful for assessing canopy cover and distribution and can
serve as a proxy for broad carbon estimates across large plantations. While not as precise as LIDAR
for estimating branch and leaf carbon, orthophotos can be calibrated against field data to estimate
carbon at a landscape scale, making it feasible for large-scale monitoring [51].

Teak (Tectona grandis) plantations are increasingly recognized for their carbon sequestration
potential, especially in dense and long-living stems. Teak trees are known for their high wood
density, allowing them to store significant carbon over their lifespan [52]. The carbon stored in the
stem is critical for long-term sequestration because it represents a stable carbon pool that, if harvested
sustainably, can remain stored in durable wood products for decades. This capacity for long-term
carbon sequestration makes teak valuable for climate change mitigation strategies, as it helps offset
anthropogenic CO, emissions [53]. Branches, though more minor in biomass, provide additional
carbon storage and contribute to the overall structure of the canopy, which influences the forest
microclimate and soil carbon dynamics. The carbon in branches becomes particularly relevant when
trees are managed with selective pruning, which can enhance or reduce carbon sequestration
depending on branch removal [54]. The carbon in leaves represents a smaller, more dynamic pool,
as leaves have a faster turnover rate than stems and branches. Although leaf carbon does not
accumulate significantly over time, it contributes to soil carbon as leaves decompose, enriching the
soil and supporting the growth of the next generation of trees [55]. This short-term carbon cycle
within the leaf pool enhances soil health, indirectly benefiting the plantation's long-term
sequestration potential. Teak plantations offer ecological and economic benefits as they align with
global strategies to mitigate climate change. Their high carbon sequestration capacity and long-term
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storage in wood products contribute to reducing atmospheric CO, levels. Therefore, in Southeast Asia
and Africa, teak plantations have been promoted to increase forest cover and provide carbon sinks,
supporting national and international carbon reduction goals [56]. Additionally, as global timber
demand grows, teak plantations can provide sustainable timber without depleting natural forests.
The harvested timber, if used in long-lasting products, retains stored carbon, thus extending the
sequestration benefits beyond the plantation [57]. Carbon stored in these durable wood products
helps offset emissions, an advantage recognized in carbon accounting frameworks for managed
forests [58]. Longer rotation cycles allow trees to reach greater sizes and enhance carbon sequestration
in stems and branches. Research suggests extending rotation cycles can significantly increase carbon
stocks, though it may delay timber yield [52]. With growing interest in carbon markets, teak
plantations hold the potential for generating carbon credits, providing an economic incentive for
landowners to adopt sustainable management practices. Carbon credits can be traded to offset
emissions in industries that are difficult to decarbonize, such as aviation and manufacturing [53]. By
participating in carbon markets, teak plantations could generate additional income, supporting local
economies while contributing to global climate goals.

5. Conclusions

Accurately estimating AGB remains challenging. While the destructive method of harvesting
and weighing tree components provides precise measurements, it is expensive, labor-intensive, often
illegal, impractical for large-scale studies, and environmentally unsustainable. Nowadays, advanced
technologies in forestry offer efficient and precise methods for estimating AGB. Our studies show
that ALS's strength lies in structural assessments rather than detailed biomass composition.
Meanwhile, orthophoto analysis sometimes overestimates AGB and total carbon, particularly in
dense forests. However, it may still be helpful in contexts where rapid biomass assessments are
needed without extensive field surveys. The results could suggest that orthophoto analysis has the
potential for AGB and carbon stock estimation when ALS is unavailable, though it would need
calibration for specific forest structures to improve accuracy. The findings on tree height
measurement accuracy between ALS, orthophoto extraction, and field methods highlight significant
differences in precision, which align with research comparing remote sensing technologies in
forestry. Combining LiDAR and orthophoto data could improve accuracy using orthophotos for tree
crown identification and LiDAR for tree height data. This approach would leverage each technology's
strengths, potentially reducing over- and underestimations of AGB. Site-specific calibrations using
field data may improve remote sensing accuracy. Our results suggest that ALS is more suitable for
large-scale forest biomass assessments due to its ability to capture 3D structural information, which
is essential for estimating total biomass. Orthophoto data may be helpful in open or less dense forests,
where overlapping crowns and understory are less likely to cause errors. Using ALS with
orthophotos may help bridge accuracy gaps, especially in dense canopy forests where ground data
collection is challenging. Field calibration is essential to improve overall accuracy, particularly for
orthophotos susceptible to environmental factors such as light, shadow, and seasonal foliage
variations.
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