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Abstract

This study aims to utilize drones and machine learning for spatial modeling and analysis of biomass and carbon storage in
forest ecosystems. The research utilizes Red Green Blue (RGB) imagery captured by drones as a tool for data analysis,
employing Agisoft PhotoScan software to process data in conjunction with field measurements to create models for
estimating above-ground biomass (AGB) and carbon storage. The machine learning techniques applied include Canopy Height
Model (CHM) and Segment Mean Shift (SMS). The findings reveal that field data surveys identified a total of 1,241 tree species,
with an estimated carbon storage of 213.53 tonnes of CO, equivalent (tCOze). Results from machine learning using the CHM
technique showed a carbon storage estimation of 212.51 tCO,e, with an error margin of 0.48% and a carbon storage
difference of 1.01 tCO,e. Meanwhile, the SMS technique estimated carbon storage at 207.01 tCO.e, with an error margin of
3.15% and a carbon storage difference of 6.52 tCO,e. It can be concluded that the CHM technique demonstrates higher
accuracy compared to SMS in estimating carbon density. Additionally, further analysis of CHM results showed an accuracy of

0.597, precision of 0.902, recall of 0.638, an F1-score of 0.747, and an overall accuracy of 74.737%.
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1. Introduction

Global warming refers to the increase in the average
temperature of the Earth's atmosphere, affecting both the air
near the Earth's surface and the ocean waters. This occurrence
is attributed to the release of greenhouse gases resulting from
human activities, including industrial operations, agricultural
practices, and deforestation. Carbon dioxide (CO-) is the most

! Department of Physics, Faculty of Science, Mahasarakham
University, Maha Sarakham, 44150, Thailand

?Department of Geoinformatics, Faculty of Informatics,
Mahasarakham University, Maha Sarakham, 44150, Thailand

3 Department of Biology, Faculty of Science, Mahasarakham
University, Maha Sarakham, 44150, Thailand

4 Greenhouse Gas Research Center and Operations, Mahasarakham
University, Maha Sarakham, 44150, Thailand

5 Murdoch Children’s Research Institute, 50 Flemington Road,
Parkville, Victoria 3052, Australia

*Email: teerawong@msu.ac.th (T. Laosuwan); satith.s@msu.ac.th
(S. Sangpradid)

Engineered Science Publisher

prevalent of these gases. The Revised 1996 IPCC Guidelines
classify greenhouse gas emissions into six primary categories:
(1) energy production, (2) industrial activities, (3) the use of
solvents and products, (4) agricultural practices, (5) changes
in land use and forestry, and (6) waste management. Each of
these categories plays a substantial role in the rising levels of
greenhouse gases in the atmosphere.!'* Furthermore, the 2014
assessment by the Intergovernmental Panel on Climate
Change (IPCC) revealed that the past three decades have
witnessed a continuous rise in global surface temperatures,
with the period from 1983 to 2012 being the warmest 30 years
in the past 1,400 years in the Northern Hemisphere. Carbon
dioxide exhibited the most significant increase, accounting for
approximately 67%, primarily due to the use of fossil fuels.!
Additionally, deforestation contributes to approximately 20%
of the increase in atmospheric carbon dioxide, resulting from
the loss of carbon stored in wood biomass. %!

The carbon cycle is the process by which carbon circulates
throughout the environment in both organic and inorganic
forms. This cycle plays a crucial role in maintaining
environmental balance, particularly in regulating the Earth's
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climate.””? Changes in the carbon cycle, such as the rise in
atmospheric carbon dioxide from human activities, are key
factors contributing to global warming and climate change.[®*!
Trees play a vital role as carbon sinks, absorbing carbon from
the atmosphere through photosynthesis. The absorbed carbon
is stored as tree biomass. A decline in forested areas reduces
carbon storage capacity and releases carbon stored in trees
back into the atmosphere. This release significantly
contributes to the greenhouse effect and global warming.
Therefore, accurate data on forest carbon storage is critical for
planning strategies to reduce greenhouse gas concentrations in
the atmosphere.l'“!3! In general, the amount of carbon stored
in trees is directly related to biomass, which includes the total

mass of all tree components: stems, branches, leaves, and roots.

Anatomical characteristics of trees, such as height, trunk size,
and crown width, can be used to estimate the amount of carbon
stored in trees through the use of allometric equations. These
equations represent the relationship between biomass and tree
structure and are valuable tools for studying carbon storage in
forest ecosystems.[!+18]

In examining the structural attributes of trees, data can be
collected through field surveys. Although these surveys yield
precise information regarding tree structures and forms, they
necessitate the involvement of specialized personnel and
demand considerable time and financial investment.!">-21 This
is especially relevant in scenarios where the study area is
characterized by dense natural vegetation and is situated at a
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considerable distance from human habitation, rendering field
surveys difficult and increasing the likelihood of data
collection inaccuracies.?”?*  Currently, remote sensing
technology has advanced significantly, particularly in the field
of high-resolution satellite imagery and aerial imagery
captured by drones, including RGB and multispectral formats.
These technologies can be effectively applied to study the
structural characteristics and density of natural vegetation in
forested areas.l>>?” Additionally, they can be employed to
more accurately assess the quantity of carbon sequestered in
forested regions.?3% Utilizing RGB imagery captured by
drones to investigate carbon storage in community forests
presents a fascinating methodology. The research team intends
to leverage data obtained from drones to assess the carbon
storage capabilities in regions characterized by relatively
uncomplicated vegetation structures and biophysical traits.
This study will provide essential baseline data for analysis and
comparisons with areas that have more complex vegetation
structures. Furthermore, it may enhance the understanding of
carbon storage processes in various ecosystems, such as
tropical evergreen forests and mixed deciduous forests.

2. Materials and methods

2.1 Study area

The study area is a community forest situated in Tha Song
Khon Subdistrict, Mueang Maha Sarakham District, Maha
Sarakham Province (Fig. 1).
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Fig. 1: The study area and ten sample plots, each 40 x 40 meters.
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Fig. 2: Workflow for estimating biomass and carbon sequestration using UAV imagery and field data integration.

This community forest is classified as a dry dipterocarp
forest, covering approximately 10.66 hectares, situated at an
average elevation of 200 meters above sea level. The physical
characteristics of the forest consist of a plateau without
mountains, resulting in relatively mild heat during summer
and cool temperatures in winter. The average annual
temperature of this area is 27.40 °C, with an average minimum
temperature of 22.40 °C and an average maximum
temperature of 33.70 °C. The surrounding community utilizes
the forest's resources for various livelihoods, including
collecting mushrooms, vegetables, herbs, and fuelwood.?'-3%
For this study, ten sample plots of 40x40 meters were
established throughout the community forest.

2.2 Data analysis

The data analysis in this study utilized RGB imagery captured
by drones and vegetation data obtained from field surveys,
combined with two machine learning techniques: Canopy
Height Model (CHM) and Segment Mean Shift (SMS).[33-3
The biomass of the trees was calculated by comparing the
results obtained from the two machine learning techniques

with field survey data. The analysis process is illustrated in Fig.

2 and can be described as follows:

2.2.1 Image processing from drones

This research utilized a DJI Phantom 4 Pro drone equipped
with a 20-megapixel camera. For the survey, flight paths were
planned at an altitude of 100 m above ground level (Fig. 3).
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The flight parameters were configured to achieve an 85%
overlap in images and a 70% side lap, with the camera's
positional accuracy established at 10 meters and a tilt angle
precision of 2 degrees. A grid flight path was employed to
develop a two-dimensional map. The images obtained were
stored in JPG format, featuring a resolution of 5,472 x 3,648
pixels, which resulted in a total of 321 images encompassing
the entire survey region. Image processing was performed
utilizing Agisoft PhotoScan software. The outcome was a 3D
point cloud dataset that depicted the area's location in X, Y,
and Z coordinates. This data was subsequently analyzed to
produce a Digital Surface Model (DSM), a Digital Elevation
Model (DEM), and an Orthophotography.

Fig. 3: UAV flight path design and aerial data acquisition for
detailed image-based mapping of the survey area.
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2.2.2 Field survey

The field survey in this research involved the following steps
and details: 1) The Universal Transverse Mercator (UTM)
coordinate measurement: To record the position of every tree
in the sample plots, we used a Global Positioning System
(GPS) device to precisely determine the UTM coordinates of
each tree, enabling future tracking and analysis of changes. 2)
Tree height measurement: The height of every tree with a size
of 15 cm or greater was measured using a Nikon Forestry Pro
IT rangefinder, a device equipped with laser technology to
ensure accuracy and reliability in measurements. 3) Diameter
at breast height measurement: The diameter at breast height
(DBH) of each tree was measured at approximately 1.30
meters above ground using a standard measuring tape, a
critical step for estimating the biomass of the trees.
Additionally, the sample plots in this research consisted of ten
plots, each measuring 40 % 40 meters, accounting for 10% of
the total research area. A random sampling method was used
to select the locations of the sample plots. Due to the limitation
of not being able to measure the DBH of trees outside the
sample plots, this research developed parameters for analysis
using regression analysis Eqgs. (1) and (2),5¢! allowing for
reasonable and systematic prediction and evaluation of the
characteristics of trees outside the sample plots.

y=p0x+Bx,+pBx,+¢ (1)

where y represents the estimation of the DBH, /£ denotes the
coefficients used in the estimation process, which are assigned
specific values, X, indicates the value of North and South

(NS), referring to the canopy height, X, signifies the value of
East and West (EW), also related to the canopy height, X,

refers to the value of High tree, which pertains to the canopy
height, & is the constant value used in the calculations.

¥ =(-16.292)+(6.633* X1)+(5.915* X2) +(2.038* X3)

2

2.3 Construction of machine learning regression models
2.3.1 Canopy height model (CHM)

The construction of regression models for tree growth
prediction using the CHM method involves a complex process
that can be explained step-by-step as follows: Initially, canopy
models of trees in the study area were created using drone data.
This data was converted into a CHM by calculating the
difference between the DSM and the DEM. The results of this
calculation provide the height of objects on the Earth's surface.
This analysis employs Eq. (3),273% a critical tool for height
computation. Next, the canopy structures were analyzed using
classification techniques. Training samples were created,
dividing canopy types into three main categories: (1) visually
interpretable canopies, (2) low-density canopies, and (3) roads
or open areas. Finally, data was analyzed and processed using
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the Support Vector Machine (SVM) classifier technique to
create classified canopy type files. The classified raster data
was then analyzed to calculate the width and length of the
central points of polygons using the Minimum Bounding
Geometry tool, which created polygons representing the
boundaries. The results of this analysis were compared with
canopy direction models (NE, EW) in meters. The canopy
height data from each polygon was analyzed within the study
area to obtain more precise and detailed insights.

CHM = DSM — DEM (3)

2.3.2 Segment mean shift (SMS)

The construction of machine learning regression models using
the SMS method begins with analyzing RGB imagery
obtained from drones. A raster dataset was divided into
segments to analyze spectral details at a level of 20 and spatial
details at a level of 20, quantified in pixels, in order to
correspond with the attributes of RGB images captured by
drones. Training samples were prepared for learning and data
classification, categorizing tree canopy structures into three
main types: (1) visually interpretable tree canopies, (2) low-
density tree canopies, and (3) roads or open areas. These
classification results were further analyzed using the Train
Support Vector Machine Classifier technique to create a file
for tree canopy classification. After classification, the data
were used for Classify Raster analysis, and the width and
length of the central points of polygons were calculated using
the Minimum Bounding Geometry tool, creating polygons that
represented geometric boundary shapes. The results were
compared with canopy shape models in various directions
(e.g., NE, EW) measured in meters (m). In the final step, the
height data of each polygon within the study area was analyzed
using the CHM. The average height was extracted using the
Spatial Analysis Tool, which employed the Zonal Statistics
tool to ensure accurate and reliable height data.

2.4 Above-ground carbon analysis

The analysis of carbon storage in trees is a critical process for
understanding the impact of forests on climate change. The
calculation of carbon stored in trees is typically performed by
measuring the above-ground biomass of the trees. This
research utilized data from 10 sample plots selected for the
study. The calculation of tree biomass employed the Allometry
Equation, which allows for the estimation of biomass based on
the size and physical characteristics of trees. For the dry
dipterocarp forest studied, the equation developed by Ogawa
et al., represented by Egs. (4) and (5) were applied.l'®! This
equation expresses the relationship between biomass and the
diameter at breast height (1.30 meters) and tree height, which
are key factors in evaluating carbon storage capacity. To
improve the accuracy of the analysis, the CHM and SMS
machine learning methods were applied, enabling more
precise and efficient carbon storage estimations in trees.
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W, =0.0396DBH*H "

W, =0.0348DBH*H,"*" (4)

W, = 28 1
W +Ww, +0.025)

W, =W, +W, +W, )
where D is the diameter at breast height (measured in
centimeters), H is the tree height (in meters), and Ws, Wb, and
W1 represent the biomass of the stem, branches, and leaves,
respectively (all measured in tons per hectare). The total
above-ground biomass was transformed into carbon
sequestration by applying a multiplication factor of 0.47, as
indicated in Eq. (6),“”! which represents the default carbon
fraction established by the IPCC.

C =W, *FC (6)
where Cj represents the carbon storage capacity of a tree
(measured in kilograms), Wct denotes the above-ground
biomass of the tree (also in kilograms), and FC (set at 0.47)
indicates the ratio of carbon quantity to the tree's biomass.

2.5 Model performance evaluation

Evaluating the performance of the models after training is
crucial for assessing the quality of predictions. The evaluation
typically considers three main parameters: Precision, Recall,
and F1-Score, along with Accuracy and error measures such
as Mean Absolute Error (MAE) and Root Mean Squared Error
(RMSE).* These parameters are described as follows:[#>%1 1,
Precision: Precision measures the accuracy of predictions by
comparing the number of correct predictions (True Positive,
TP) to the total number of predictions (including False
Positive, FP) and can be calculated using Eq. (7). 2. Recall:
Recall indicates the ability to correctly identify annotated
samples compared to all annotations that should be predicted
and can be calculated using Eq. (8), where FN represents False
Negatives. 3. F1-Score: F1-Score evaluates the balance
between Precision and Recall and is calculated using Eq. (9).
4. Accuracy: Accuracy represents the proportion of correct
predictions compared to the total number of samples and can
be calculated using Eq. (10), where TN represents True
Negatives. 5. Error Metrics: To enhance model evaluation
accuracy, Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) are necessary. These are calculated
using Egs. (11) and (12),*4 where MAE measures the average
difference between predicted and actual values, and RMSE
evaluates the deviation of predictions compared to actual
values as the root of the mean squared differences.

Precision = e 7
TP + FP )
TP
Recall = — ®)
TP+ FN
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F1 Score= 2PR ©)]
- P+R
TP
Accuracy = ——— (10)
TP+ FN + FP

where TP, or True Positives, represents the number of trees
that were correctly identified. FP, or False Positives, indicates
the number of trees that were incorrectly identified. FN, or
False Negatives, represents the number of trees that were not
identified.

1 n

MAE ==3|y, -, (n

nio
where 7 is the number of observations, y; is the true value, and
¥ is the predicted value.

RMSE = (12)

From the obtained values, if the MAE and RMSE are low,
it indicates that the predicted values are close to the actual
values, meaning the model has high prediction accuracy.

3. Results and discussion

The results and discussion of this research on estimating
carbon sequestration in community forests using machine
learning techniques and remote sensing through drones can be
described.

3.1 Results of drones data analysis

The results of carbon storage analysis in the study area are
illustrated in Fig. 4. In Fig. 4(a), the DSM results depict the
overall characteristics of natural features and man-made
structures above ground, including tree canopies in the study
area. The study found that height values range from 181.19 to
227.34 meters above sea level. White areas: These represent
the highest points at 227.34 meters above sea level. Field
surveys identified these areas as having tall tree canopies,
clearly revealing surface cover. Brown areas: These areas are
densely covered with vegetation, with an average height of
204.26 meters above sea level, indicating a diverse variety of
plant species. Orange areas: Field surveys showed these areas
have vegetation approximately 1 to 2 meters above the ground,
categorized as tree canopies. Green areas: These areas have an
elevation of 181.19 meters above sea level and are
characterized as low-lying ground covered with surface
vegetation. Fig. 4(b) The DEM results represent the Earth's
surface without any structures. The elevation within the study
area varies between 183.47 and 217.77 meters above sea level.
White areas: These are located at 217.77 meters above sea
level, characterized by dense vegetation and high forest
richness. Brown areas: These are located at 198.18 meters
above sea level and are characterized by a diverse range of
plant species. Orange areas: Field surveys revealed vegetation
1 to 2 meters high, categorized as tree canopies. Green areas:
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Fig. 4: Drones data analysis (a) DSM, (b) DEM, and (c) Orthophoto (RGB Image).

These areas are at 183.47 meters above sea level, representing
water flow paths, such as those formed by rainfall or human
activity.

Fig. 4(c) The orthophoto consists of red (R), green (G), and
blue (B) bands, enhancing the clarity of aerial drone images.
These images were corrected using orthorectification
processes to eliminate distortions caused by terrain elevation
differences and camera tilt, using terrain height data and
referencing the UTM grid system. The resulting images are
precise in position, size, and shape, allowing for accurate
distance measurement. The high-quality images obtained in a
short time can be applied to various machine learning model
analyses.

3.2 Results of field data survey

The field survey results from all sample plots revealed 22
families and 39 species. The three most abundant families
were FABACEAE with 475 trees, DIPTEROCARPACAE
with 291 trees, and RUBIACEAE with 117 trees, while the
three least abundant families were BIGNINIACEAE,

6| Eng. Sci., 2025, 35, 1508

top 10 most abundant species are presented in Table 1.

Table 1: The field survey results from all sample plots.

No. Scientific Name Quantity
1 Xylia xylocarpa (Roxb.) Taub. 457
2 Shorea obtusa Wall. ex Blume 224
3 Memecylon edule Roxb. 56
4 Lannea coromandelica (Houtt.)

Merr. 56
5 Hymenopyramis

parvifolia Moldenke 54

Buchanania lanzan 40

Shorea siamensis Miq. 40

Morinda elliptica (Hook.f.) Ridl. 34
9 Catunaregam tomentosa (Blume ex

C.) Triveng 26
10 Gardenia obtusifolia Roxb. ex

Hook. f. 23

In this research, since the number of trees outside the
CELASTRACEAE, and LEGUMINOSAE, each represented sample plots could not be determined, a regression analysis
by only one tree. A total of 1,241 trees were recorded across Was conducted to analyze the relationship between the
the 10 sample plots, with an average of 124 trees per plot. The diameter at breast height (DBH, cm), tree height (H, m), and
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canopy dimensions (NE, EW, m). The field data analysis
results are summarized in Table 2. As shown in Table 2, the
regression analysis results demonstrate a significant
relationship between DBH and tree height, as well as canopy
direction. The coefficient of determination (R?) is
0.654660703, indicating a strong correlation between the
datasets. Furthermore, the analysis reveals that as trees grow,
their DBH expands in proportion to their height and branch
development, which increases the canopy width on average.

Table 2: The regression analysis.

Regression statistics

dependent variable and the three independent variables in the
context of linear regression modeling to describe positive
correlations among DBH, tree height (H), and canopy
dimensions (NE, EW). The standard error of 1.307552208
serves as a measure of the deviation of the mean from the
variables, reflecting the level of data dispersion. A low
standard error indicates high precision in the estimated
intercept and the generated regression equation. The
relationship equation and AGB estimation used a linear
regression equation as expressed in Eq. (1) to describe the
relationship between DBH, H, and canopy data. This equation
was developed from machine learning within the Tree-Tops
Detection model of the Canopy and Segmentation methods.

Multiple R 0.809111057 All variables demonstrated positive correlations, consistent
R Square 0.654660703 with the model results.
Adjusted R Square 0.653823178
Standard Error 12.35636358 Table 3: The regression coefficient analysis results.
Observations 1241 .
Coefficients Standard Error
This relationship is crucial for data analysis and model Intercept -16.27656375 1.307552208

prediction, especially for estimating the characteristics of trees NS 6.636432338 0.435307307

outside the sample plots. The regression model's constants are EW 5.908540477 0.572480462

essential for analyzing the relationships between variables High tree 2.039210137 0.190307565

such as DBH, tree height, and canopy direction. These
coefficients help predict and explain tree growth. The
regression coefficient analysis results are shown in Table 3. In
Table 3 indicates that the regression coefficient intercept is -
16.27656375, reflecting the relationship between the

High tree Line Fit Plot

Overall, the analysis produced graphs derived from
intercept points to illustrate the connections among the
variables. These graphs align with the regression equations
developed from the model analysis, as shown in Fig. 5.

NS Line Fit Plot
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Fig. 5: The regression analysis (a) The relationship between DBH and tree height from analyzed field data, (b) The relationship
between DBH and the north-south (NS) canopy, and (c) The relationship between DBH and the east-west (EW) canopy.
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Fig. 5(a) The relationship between diameter at breast
height (DBH) and tree height from analyzed field data shows
a correlation coefficient (R?) of 0.6406, indicating a moderate
to high positive correlation. This positive correlation implies
that as the DBH of a tree increases, the tree height tends to
increase proportionally. Tree growth is interrelated both
vertically (height) and horizontally (DBH). Generally, trees
with larger trunks tend to grow taller due to biological factors
and the simultaneous accumulation of biomass. This observed
relationship reflects the natural growth patterns of trees, and
the data can be used to enhance the accuracy of carbon stock
studies, which are essential for effective forest resource
management planning. Additionally, this analysis provides
valuable information on tree growth and biomass
accumulation. However, while the R? wvalue of 0.6406
indicates a moderate to high correlation, there is still
unexplained variance. Future studies should explore
additional factors, such as environmental and climatic
conditions, to obtain more comprehensive and accurate data
for forest resource management.

Fig. 5(b) The relationship between DBH and the north-
south (NS) canopy expansion direction reveals a correlation
coefficient (R?) of 0.8547, indicating a strong positive
correlation. This means that as the DBH of a tree increases,
the size of its canopy in the north-south direction also tends to
expand. This expansion is a natural result of tree growth,
where an increase in DBH due to biomass accumulation
corresponds with a simultaneous expansion of the canopy in
the NS direction. A wider canopy allows the tree to capture
more sunlight, enhancing photosynthesis efficiency. Canopy
growth in these two directions typically occurs in balance,
reflecting the proportional accumulation of biomass in the
trunk and branches. This analysis reveals a clear relationship
between DBH and north-south canopy expansion, with a high
correlation coefficient (R? = 0.8547) indicating significant and

reliable data. Furthermore, understanding the growth
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relationship between DBH and canopy expansion aids in
comprehending the natural mechanisms of biomass
accumulation and the efficient use of sunlight. This
information is valuable for forestry research and the
sustainable management of natural resources.

Fig. 5(c) The relationship between DBH and the east-west
(EW) canopy direction shows a correlation coefficient (R?) of
0.8111, indicating a high and positive correlation. This
suggests that as the DBH of a tree increases, the size of its
canopy in the east-west direction also tends to expand. This
relationship reflects the growth patterns of trees in both
horizontal (canopy) and vertical (trunk) directions, which are
consistent and balanced due to the photosynthetic process.
Particularly in areas with adequate sunlight, the expansion of
the canopy in the east-west direction indicates the tree's
response to environmental factors such as wind direction,
sunlight availability, and open space for branch growth. This
analysis highlights the importance of observing and analyzing
factors that influence tree growth. The positive correlation
indicates the tree's ability to adapt and expand in directions
favorable for sunlight and wind utilization. This information
is useful for planning and caring for trees in various areas.
However, future studies should consider other factors, such as
soil and water conditions, to provide a more comprehensive
overview.

3.3 Results of machine learning model development

The results of developing machine learning models using
drone-collected data on the physical characteristics of trees,
such as canopy shape, canopy size, and height, are shown in
Fig. 6. In Fig. 6(a), the CHM analysis results from drone data
were transformed into high-resolution spatial models using
Spatial-Spectral Analysis, which represented tree canopies as
polygons with coordinates and heights. A total of 123,555
polygons were detected, each representing a visible tree
canopy within the analyzed area. The study analyzed canopy
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Fig. 6: (a) The CHM analysis result, and (b) the SMS analysis result.
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structures using classification techniques and calculated the
width and length of the central points of the polygons. The
average height of tree polygons was 5 meters, reflecting the
median growth level of trees in the area. The canopy size in
the north-south direction (NS) averaged 0.77 cm, representing
the vertical extent (N-S) of the canopies, while the canopy size
in the east-west direction (EW) averaged 0.42 cm, indicating
the horizontal extent (E-W). The DBH averaged 15 cm,
reflecting the trunk growth rate at breast height.

In Fig. 6(b), the SMS analysis employed a clustering
technique to group pixels in the images with similar spectral
characteristics, effectively segmenting tree shapes or parts.
This resulted in 5,165 polygons, reflecting the number of trees
or parts. The polygon analysis of the tree layers revealed an
average height (H) of 6 meters, indicating smaller trees
detected using this technique, which may include young trees
or those in dense areas. The canopy size in the north-south
direction (NS) averaged 3 meters, reflecting the horizontal
growth dimension of the trees. In contrast, the canopy size in
the east-west direction (EW) averaged 0.42 meters, indicating
relatively small canopy expansion in this direction, possibly
due to limited growth or environmental constraints. The DBH
averaged 50 cm, indicating the trunk diameter at breast height,
which reflects the mature tree’s dimensions.

3.4 Results of accuracy analysis

The accuracy analysis between field data and the results from
the two canopy model analyses was conducted with a height
threshold set at 3 meters above ground level to ensure
consistency with field data. The accuracy analysis results are
shown in Table 4.

Table 4: Model canopy analysis results.

Canopy analysis Tree canopy (sq.m.)
results CHM (m?) SMS (m?)
True

. TP 24,423.84 38,350.17
Positive
False

. FP 2,639.37 41,427.18

Negative
False

. FN 13,872.39 28,546.43
Positive

From Table 4, it is evident that the canopy models
developed using drone data demonstrate excellent agreement
with field data. This analysis employed a comparison between
the model results and ground truth data collected from field
surveys, using the intersection technique to identify
overlapping areas between the two layers and thereby verify
the accuracy of the canopy models (Table 5). The results
highlight the high accuracy of canopy model processing
compared to field data. The use of drone data enhanced
analysis efficiency by enabling comprehensive and detailed
data collection. However, model development requires
ongoing validation and refinement to address the complexities

Engineered Science Publisher

of data in different environmental conditions. Overall, this
effort is considered successful in utilizing technology to
improve the accuracy of geographic data analysis.

Table 5: The accuracy of the canopy and segment models.

ID CHM SMS
Precision 0.902 0.481
Recall 0.638 0.573
Accuracy 0.597 0.354
F1-Score 0.747 0.523
Percent 74.737% 52.293%

From the analysis results presented in Table 5, the
performance of the two models, CHM and SMS, was
evaluated using metrics such as Precision, Recall, Accuracy,
F1-Score, and Percent. The CHM model demonstrated strong
performance in accurately classifying tree canopy shapes,
efficiently identifying trees or canopies from field data, with
an F1-Score of 0.747 or 74.737%, indicating high overall
accuracy in simulating tree canopies. In contrast, the SMS
model showed lower performance compared to CHM. Its
capability to analyze and detect trees or canopies was
relatively limited, resulting in higher overall errors. The
combination of Precision and Recall for this model resulted in
an F1-Score of 0.523 or 52.3%, reflecting lower accuracy and
balance compared to the CHM in predicting tree canopies.

3.5 Results of regression analysis

The regression analysis of carbon density relationships
compared field data with estimated carbon density derived
from drones using machine learning methods to examine
quantitative relationships across 10 sample plots. The results
showed a correlation between field data and drone-based
estimates in 5 sample plots, reflecting data consistency and
providing opportunities to improve the model for higher
accuracy. The overall R? value was 0.690163471 or 69%, as
shown in Table 6, indicating a moderate level of correlation.
These results were used to create graphs that align with
equations generated from model analysis, as shown in Fig. 7.

Table 6. Regression statistics results.

Regression Statistics

Multiple R 0.830760778
R Square 0.690163471
Adjusted R Square 0.380326941
Standard Error 0.729496444
Observations 5

The relationships are visualized in graphs in Fig. 7. Fig. 7(a)
illustrates the relationship between above-ground biomass
estimates from the CHM machine learning method, derived
from DEM and DSM analysis of RGB imagery of tree
canopies in community forests, with an R? value of 0.9895 or
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Fig. 7: Regression analysis (a) illustrates the relationship between above-ground biomass estimates from the CHM, and (b)
illustrates the relationship between above-ground biomass estimates from the SMS.

y=1.7622x-2.3162, indicating stronger correlations than SMS.

Fig. 7(b) illustrates the relationship between above-ground
biomass estimates from the SMS machine learning method,
derived from RGB imagery of tree canopies in community
forests, with an R? value of 0.8828 or y = 1.9816x -4.9381,
indicating weaker correlations compared to CHM. The
coefficients of the model represent numerical values that aid
in optimizing the model's performance, as shown in Table 7.
The remaining 5 plots with weaker correlations highlight
model limitations, such as insufficient data, inconsistent areas,
or environmental factors not accounted for in the model,
including environmental differences or data errors. From the
coefficients in Table 7, the CHM model's coefficients for
independent variables show positive relationships with
dependent variables, while the SMS model shows negative

Table 7: The outcomes of the coefficients.

Coefficients Standard Error

coefficients, indicating opposite directions.

The standard error helps evaluate uncertainty in coefficient
estimates, with lower values indicating higher accuracy, as
shown in Table 7. In Table 8, the regression analysis results of
both models for carbon storage estimation highlight critical
metrics such as Correlation Coefficient, MAE, and RMSE to
evaluate model relationships and accuracy. The analysis found
that CHM achieved a correlation coefficient of 0.9895,
demonstrating higher prediction accuracy than SMS, which
had a Correlation Coefficient of 0.8828. Moreover, CHM's
MAE was 0.4624, and its RMSE was 0.5538, both of which
were significantly lower than SMS's MAE of 1.0285 and
RMSE of 1.1270, clearly indicating CHM's superior accuracy
and reliability.

Table 8: Regression analysis model.

Regression Analysis Model

Summary
Intercept -0.94016861 6.871139141 CHM SMS
Segment -0.885798185 4.09203767 Correlation coefficient 0.9895 0.8828
C 2 483713486 3437145602 Mean absolute error 0.4624 1.0285
ano . .
by Root mean squared error  0.5538 1.1270
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0.55
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Fig. 8: The carbon storage estimates in a plot-based comparison format.
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Table 9: Above-ground carbon sequestration results.

Biomass quantity Carbon sequestration capacity Carbon
Carbon Plant sequestration Percentage
sequestration component Average fker (ajlroea / Average Per area capacity proportion
e/m
(tCOe/ha) ;o (tCOx/ha)  (kgCOze/m? (kg/ha)

Stem 0.000311 3.106160 0.022120 1.459895 0.000146 24.35
Field  Plant

leave 0.000105 1.047605 0.007460 0.492374 0.492374 8.21
data part

branch 0.000015 0.148418 0.001057 0.069756 0.069756 1.16

Stem 0.000326 3.258323 0.023203 1.531412 1.531412 25.55

CHM  leave 0.000088 0.875185 0.006232 0.411337 0.411337 6.86
Mach
) branch 0.000015 0.148285 0.001056 0.069694 0.069694 1.16
ine
learni
ng Stem 0.000295 2.947583 0.020990 1.385364 1.385364 23.11
SMS leave 0.000108 1.079388 0.007687 0.507313 0.507313 8.46

branch 0.000014 0.143864 0.001024 0.067616 0.067616 1.13

total 0.001275 12.754811 0.090830 5.994761 4.535012 100

3.6 Above-ground carbon analysis

The analysis of above-ground carbon using machine learning
techniques combined with the Allometry Equation estimated
tree biomass and carbon storage in the study area. The biomass
and carbon content calculations were based on the physical
characteristics of the trees, including DBH, tree height, and
species type. By applying machine learning techniques to
analyze biomass and carbon, the accuracy of spatial data
assessment was improved. The evaluation results for three
methods—Field Data, CHM, and SMS—are presented in
Table 9.

The error analysis of carbon storage per area from the
CHM and SMS models is shown in Table 10 as percentages.
The errors for the two models were -0.48% and -3.15%, with
differences in total carbon storage of 1.01 and 6.52 tonCO.e,
respectively. Additionally, the carbon storage estimates in a
plot-based comparison format from ten plots of 40 x 40
meters, as shown in Fig. 8, illustrate the relationships between
plots and reveal clear data trends.

3.7 Results of carbon density analysis
The results of carbon density analysis are presented in Table 9.

Table 10: Results of the analysis of carbon sequestration error per area.

Machine learning

Carbon Carbon density per area Carbon Sequestration
Sequestration (field data) CHM SMS
tCO2e 213.53 212.51 207.01
kgCOze/m? 2.022026 2.012442 1.960293
tCOze/ha 0.002022 0.000201 0.000196
Error (%) - 0.48% 3.15%
Carbon sequestration total quantity difference 0.001020 0.006520

carbon density per area (kgCO2e)
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Fig. 9: Carbon density analysis (a) carbon density per unit area as determined by CHM, and (b) carbon density per unit area as

assessed by SMS.

The study applied the Allometric Equation to analyze the
spatial distribution of carbon density using CHM and SMS in
polygonal units, with a 10 square meter (0.001 hectare)
subarea as the analysis unit. This approach enabled a more
detailed and specific understanding of carbon distribution. The
results are illustrated in Fig. 9. Fig. 9(a) shows the carbon
density per area using CHM. The study found that the carbon
density in rectangular polygons of 10 square meters or 0.001
hectares ranged from 0.0 to 0.820 tonCOzeq/m?. Areas with
the highest density, marked in red, ranged from 0.496 to 0.820
tonCO,eq/m? and were characterized by dense vegetation, as
indicated by canopy modeling and tree height data from
drones, which showed high canopy cover and strong DBH
relationships. The lowest carbon density areas, marked in
green, ranged from 0.000 to 0.123 tonCOzeq/m?. These areas
had sparse canopy cover, smaller DBH values (below 15 cm),
and were dominated by undergrowth. The average carbon
density in these areas was 0.0625 tonCOzeq/m? or 0.01 t/ha.

Fig. 9(b) shows the carbon density per area using SMS.
The study found that the carbon density in rectangular
polygons of 10 square meters or 0.001 hectares ranged from
0.001 to 0.785 tonCOzeq/m?. Areas with the highest density,
marked in red, ranged from 0.129 to 0.785 tonCO2eq/m? and
were characterized by dense vegetation, as indicated by
canopy modeling and tree height data from drones, which
showed high canopy cover and strong DBH relationships. The
lowest carbon density areas, marked in green, ranged from
0.001 to 0.029 tonCOzeq/m?. These areas had sparse canopy
cover, smaller DBH values (below 15 cm), and were
dominated by undergrowth. The average carbon density in
these areas was 0.393 tonCOzeq/m? or 0.05502 t/ha.

The findings of this research are consistent with those of
Tian et al.* and Chen et al.,* which utilize the concepts of
CHM and SMS in assessing carbon density in forest areas that
can be further developed for future research. This includes the
development of more accurate models such as the Canopy

12| Eng. Sci., 2025, 35, 1508

Height Layer-Biomass Estimation Model (CHL-BEM), which
uses full-waveform LiDAR data combined with Machine
Learning and Deep Learning to precisely separate canopy
layers. Moreover, integrating data from drones and
Hyperspectral Imaging is recommended to enhance the
accuracy of canopy classification and carbon assessment. The
use of Al to analyze forest data and adapt models to suit
different areas, as well as studying the long-term impact of
climate conditions on canopy structure and biomass, is also
recommended. Additionally, this research methodology can be
applied in conservation and environmental policy areas, such
as calculating carbon credits and setting conservation area
boundaries. These approaches support the effective
formulation of environmental policies.

4. Conclusion

The emission of greenhouse gases, such as carbon dioxide, is
a primary cause of global temperature rise. Expanding forested
areas and absorbing carbon through trees are vital solutions to
this issue. Our research area is situated in a community forest
in Maha Sarakham Province, spanning approximately 10.56
hectares and featuring a diverse array of tree species. In this
study, drone technology was used to capture RGB imagery,
which was analyzed using Agisoft PhotoScan software.
Additionally, field measurements of trees were conducted to
compare with those obtained from drone imagery. The study
employed machine learning models, CHM and SMS, to detect
tree canopies and calculate above-ground biomass. The
average carbon storage from field data, CHM, and SMS was
approximately 0.002025, 0.0020125, and 0.00196875
tCO,e/m?, respectively. Using a Regression Analysis Model to
evaluate the relationships and accuracy of the two models,
CHM showed a Correlation Coefficient (R) of 0.9895,
indicating high efficiency, along with low MAE and RMSE
values, reflecting minimal prediction errors. Thus, the use of
drones and machine learning techniques demonstrates an
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effective method for carbon estimation and holds significant
potential for sustainable community forest management in the
future.
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