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Keywords: Accurate estimation of biomass and carbon in agroforestry systems is essential to assess their
Agroforestry systems contribution to climate change mitigation and to improve their management. In this context,
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UAV-mounted LiDAR technology emerges as a fast, accurate, and non-destructive alternative for
the structural characterization of cocoa agroforestry systems. This study aimed to estimate and
analyze structural parameters, mainly tree height and diameter at breast height (DBH), as well as
to calculate aboveground biomass and carbon sequestration in a cocoa agroforestry system, using
LiDAR data obtained with a DJI Matrice 350 RTK UAV equipped with a Zenmuse L2 sensor,
complemented by automatic tree segmentation in LiDAR360 and the application of species-
specific allometric equations. The results showed a 93 % segmentation efficiency, with accu-
racies of 0.93 and 0.99 for DBH and height estimations, respectively. The evaluated plot, located
at the Yanayacu Experimental Center (Jaén, Peru) and covering an area of 0.58 ha, had stored
15,492.5 kg of aboveground biomass and 7746.25 kg of aboveground carbon, with Mangifera
indica and Cocos nucifera contributing more than 80 %. Consequently, this approach demonstrates
the potential of UAV-based LiDAR to generate accurate and detailed information on system
structure, enabling optimized management of high-biomass species and the development of more
efficient and sustainable management strategies.

1. Introduction

On the Earth’s surface, 78 % of agroforestry is found in tropical regions and 22 % in temperate zones, with Southeast Asia, Central
America, and South America being the main areas where agroforestry systems are adopted (Food and Agriculture Organization of the
United Nations [FAO], 2025). Among these systems, cocoa agroforestry systems (Theobroma cacao L.) are particularly important, as
they support approximately 40-50 million people and nearly 5 million households (Lohr et al., 2021). In addition, they contribute to
biomass storage (41.3 + 3.62 Mg/ha) and carbon sequestration (22.9 + 2.60 Mg/ha), making them a key component in climate change
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mitigation and agricultural sustainability (Asigbaase et al., 2021).

Understanding the quantity and distribution of this biomass, and consequently, carbon sequestration, not only allows for the
assessment of the productivity and condition of these systems, but also facilitates the economic valuation of forest resources (Hirigoyen
et al., 2021). Furthermore, this information supports timber harvesting planning (Pinedo et al., 2025) and helps identify areas with
high biomass density that can be prioritized in investment strategies and sustainable development efforts (MicRoberts et al., 2019).

The estimation of aboveground biomass in cocoa agroforestry systems faces challenges due to the structural complexity of vege-
tation and species diversity. Traditionally, this calculation has relied on field inventories in which dendrometric metrics are collected
to develop allometric equations for biomass modeling (Gonas et al., 2024). However, obtaining these metrics requires considerable
time and resource investment, especially in hard-to-access areas (Zenner and Hibbs, 2000). In addition, traditional approaches largely
depend on visual assessments to estimate parameters such as tree height and crown diameter. These estimations, being subject to the
observer’s perception, introduce variability into the data and affect the accuracy of the calculations (Dantas et al., 2020).

In response to these limitations, remote sensing has emerged as an effective alternative by enabling rapid, detailed, and accurate
characterization of vegetation at multiple scales, from individual trees to entire agroforestry systems (Seidel et al., 2021; White et al.,
2016). Various technologies are available, including satellite imagery, LiDAR sensors (both terrestrial and airborne), aerial photo-
grammetry, and hyperspectral and multispectral sensors. These have proven to be valuable tools for estimating biomass and carbon
without the need for destructive field measurements (Fadil et al., 2024).

LiDAR technology, in particular, has proven to be highly effective for this purpose and has recently transitioned from a demon-
stration tool to an essential instrument for assessing carbon stocks (Asner et al., 2012). This technology has modernized the way these
systems are observed by enabling the acquisition of previously inaccessible information about their three-dimensional structure,
thereby facilitating more accurate estimates of aboveground biomass and, consequently, carbon storage (Haneda et al., 2025).

There are two main approaches in the application of LiDAR: terrestrial and airborne. Terrestrial LiDAR has been used to assess
structure, biomass, and carbon sequestration in cocoa agroforestry systems, achieving high levels of accuracy (R = 0.98) (Momo et al.,
2018). However, its application faces limitations due to the time required for scanning and the logistical challenges of transporting the
equipment within the plots (Momo et al., 2018; Peynaud and Momo, 2024).

Airborne LiDAR, on the other hand, has overcome these limitations by offering a more efficient and operationally viable alternative
(Vaglio et al., 2016). Its ability to capture detailed three-dimensional data on forest structure (Almeida et al., 2021) reduces the need
for extensive field campaigns, optimizing data collection in hard-to-reach areas quickly and at lower cost. In addition, it enables the
detection of up to 82 % of tree stems (Neuville et al., 2021), which supports the development of accurate models for biomass prediction
(Duncanson et al., 2022).

Despite its advantages, the application of LiDAR technology for biomass estimation in cocoa agroforestry systems in Peru has not
yet been documented, revealing a significant knowledge gap. Therefore, the aim of this study was to estimate and analyze the

78°46'28" -78“‘1‘6‘26" 78°46'24"

—~ g

Republic -
of Perd ~ @

v

1
-5°40'38"

Region f
Cajamarca -2
\ &

|
-5040'42"

LEGEND Elevation (m.a.s.l)

O Control Point [ pistrict Limit [ | 333.001 - 1,286
O Ground Control Point [ District Jaén [ 1,286.001 - 2,185
© RTK Base Station [ Province Jaén I 2,185.001 - 3,963

Fig. 1. Geographic location and delimitation of the study area, including representation of the experimental site and control points.
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structural parameters of a cocoa agroforestry system, as well as to calculate aboveground biomass and carbon sequestration for all trees
using automatic segmentation based on LiDAR data acquired with a UAV.

2. Materials and methods
2.1. Study area

The study was conducted in a T. cacao L. agroforestry system located within the clonal garden of the Yanayacu Experimental
Center, part of the National Institute of Agricultural Innovation (INIA), in the city of Jaén, Perti (5°40'40.30" S, 78°46'26.09"). The plot
has a predominantly flat topography and is situated at an elevation between 614 and 620 m above sea level. The local climate is semi-
dry, warm, and humid throughout the year, with average temperatures ranging from 29 to 33 °C and annual precipitation between 900
and 1200 mm (Servicio Nacional de Meteorologia e Hidrologia del Perti [SENAMHI] 2020). The predominant soils are Fluvisols and
Phaeozems, formed from fluvio-alluvial deposits (Gobierno Regional de Cajamarca [GRC], 2012), with a soil organic carbon content of
31.9 g/kg (Poggio et al., 2021). The study area covers 0.58 ha and contains a diversity of tree species, including C. nucifera, M. indica,
Averrhoa carambola, Cedrela odorata, and Persea americana (Fig. 1).

2.2. Methodological flow

The methodology of this research was structured in the following stages: data acquisition (a), data processing (b), and biomass and
carbon stock modeling (c) (Fig. 2).

2.2.1. Data acquisition

Data acquisition was carried out in two phases. The first was an exploratory phase using a Mavic 3 Enterprise RTK unmanned aerial
vehicle (UAV) to delineate the plot boundary, establish six Ground Control Points (GCP), four Check Points (CP), and one base point
(Fig. 1), all georeferenced with a South Galaxy G7 GNSS receiver. These points were later used to adjust the point cloud, the generated
orthophoto, and to obtain the accuracy report. The second phase involved data collection using a DJI Matrice 350 RTK UAV equipped
with the DJI Zenmuse L2 sensor, which features a horizontal accuracy of 5 cm and a vertical accuracy of 4 cm, an effective range of 250
m, and a point acquisition rate of 240,000 points per second.

The LiDAR survey was planned using UGCS 5.8.2 software, applying a double grid pattern and configuring two camera angles
(—90° and —45°) to increase point density. The flight was conducted at an altitude of 35 m above ground level, with a speed of 3.5 m/s
and a lateral and frontal overlap of 70 % (Fig. 3a).

Additionally, all trees within the T. cacao L. agroforestry system were georeferenced and recorded using a South G7 receiver,
totaling 392 individuals. From this population, the sample size was calculated with a 90 % confidence level and a 10 % margin of error,
resulting in 59 trees; for practical reasons, the number was rounded to 60 individuals to ensure representativeness. The sample
consisted of 30 cocoa trees (50.0 %) and 30 accompanying species, randomly selected in QGIS using the Random selection tool from
the Vector/Research menu (Fig. 3b). As a result of this random selection, the accompanying species corresponded to C. nucifera (29
individuals, 48.3 %) and C. odorata (1 individual, 1.7 %). For each tree, the circumference at breast height (CBH) was measured with a
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Fig. 3. Collection of Structural Data: a) LiDAR flight planning with double grid and camera angles; b) field measurement of tree height and CBH in
60 trees to validate the segmentation.

2-m Huiiley® retractable tape, and total height was determined with a Nikon Forestry Pro II hypsometer (range: 1600 m; resolution:

0.1 m; accuracy: +0.3 m < 1000 m, £1.0 m > 1000 m). These field measurements were subsequently used to validate the structural
attributes extracted after the segmentation process.

2.2.2. Processing

2.2.2.1. Generation of orthomosaic and LiDAR point cloud. The data acquired using the DJI Zenmuse L2 sensor were processed with DJI
Terra 4.5.0 software, integrating six Ground Control Points (GCP) to ensure accurate georeferencing. As a result, two products were

generated: an RGB-based orthomosaic (Fig. 4a) and a LiDAR point cloud colored according to the RGB images collected during the
flight (Fig. 4b-d).
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Fig. 4. Visualization of the products generated with DJI Terra: a) 2D Orthomosaic; b—-d) 3D LiDAR Point Cloud.
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2.2.2.2. LiDAR point cloud processing. The point cloud generated in DJI Terra 4.5.0 was imported into the post-processing software
LiDAR 360 version 8.2, where the accuracy of the results was evaluated using four points different from the six GCPs used during point
cloud generation (Fig. 1). Outliers were then removed using the Outlier Removal tool (Fig. 5a and b) to optimize the quality of the
processed data (Ning et al., 2018). Subsequently, points were classified using the Classify Ground Points tool, allowing the distinction
between ground points and above-ground or vegetation points (Fig. 5¢) (Zhao et al., 2016).

To minimize the impact of topographic relief on elevation data, the point cloud was normalized by subtracting the ground elevation
from the Z-value of each point. As shown in Fig. 6a, before normalization, the elevations were referenced to sea level. After the process,
as illustrated in Fig. 6b, the data reflected only the relative height of objects above the ground surface (Fadil et al., 2024).

2.2.2.3. Segmentation and extraction of UAV LiDAR metrics. Once the points were normalized, tree segmentation was performed using
the Point Cloud Segmentation tool, configuring the parameters based on optimal results and considering the data collected during the
exploratory phase: Cluster Tolerance (0.3), Minimum Cluster Size (500), Minimum DBH (0.05 m), Maximum DBH (0.95 m), Height
Above Ground (0.5 m), Minimum Tree Height (2 m), and Trunk Height (1.5 m). The Individual Tree Editor tool was then used to
manually refine the segmentation in cases where errors were detected. Finally, individual tree parameters such as coordinates, total
height, DBH, crown area, crown volume, and others were extracted and exported in CSV format for subsequent integration and analysis
in ArcGIS Pro 3.1.0.

2.2.3. Modeling

Biomass calculation was conducted in several stages. First, the data obtained in CSV format from LiDAR 360 were imported into
ArcGIS Pro 3.1.0 and converted into a point shapefile (.shp). Then, species were classified based on their height, distinguishing T. cacao
L. (<6 m) from other species (>6 m). For the identification of additional species, information collected during fieldwork, the overlay of
points on the previously generated RGB mosaic, and inspection of the point cloud in LiDAR 360 were used in cases where species
identity was uncertain.

Finally, biomass was calculated by applying species-specific allometric equations, as detailed in Table 1. The resulting biomass
values were then multiplied by the carbon fraction (0.5) (McGroddy et al., 2004) to obtain the amount of sequestered carbon.

Where: AGB (kg) = Aboveground biomass; DBH (cm) = Diameter at breast height; H (m) = Height.

2.2.4. Evaluation of the accuracy

The evaluation of automatic tree segmentation performed in LiDAR 360 was based on two approaches: (i) the overall accuracy in
detecting individual trees, and (ii) the accuracy of the estimated structural metrics (height and DBH).

For the first approach, the percentage of correctly segmented trees was calculated in relation to the total number of georeferenced
individuals in the field. This overall accuracy was estimated using Equation (1):

Fig. 5. Filtering and classification of the point cloud in LiDAR 360: (a-b) outlier removal; (¢) ground and vegetation classification.
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Fig. 6. (a) Point cloud visualization before normalization; (b) point cloud visualization after normalization.

Table 1
Allometric equations used for the calculation of aboveground biomass by species.
Species Equation R2 Reference
T. L. = — * 2% 0.937
cacao AGB = EXP— 1501+ 0.69*LN(DBH H) Fomekong et al. (2024)
C. nucifera AGB =45+ 7.7*H 0.90 .
Anguiano et al. (2013)
P. americana = 0. * 2:3236 % [0.4506 0.92
AGB = 0.0446"DBH H° Kuyah et al. (2024)
M. indica AGB = EXP( — 2.7518 + 242*LN(DAP) + 0.49*LN(H) 0.96 )
Miah et al. (2020)
C. alliodora — 10(-0.51+2.08*log(DBH)) 0.92
AGB =10 Andrade et al. (2008)
A. carambola — 10(-1:11+2.64*Log(DBH)) 0.95
AGB =10 Andrade et al. (2008)
C. Odorata AGB = 0.00341*DBH?338248 0.978

Benavides-Solrio et al. (2021)

Equation 1

S ted t
Accuracy (%) = ( egmented trees )

Georeferenced field trees

For the second approach, a field dataset corresponding to 60 randomly selected trees (Fig. 3b) was used. Based on these mea-
surements, a comparison matrix was constructed between the estimated and actual values. This matrix was used to calculate four error
metrics: mean absolute error (MAE), root mean square error (RMSE), coefficient of determination (R2), and the concordance index (d),
according to Equations (2)-(5):

1¢ ~
MAE = o Z lyi — ¥il Equation 2
-1
1 ~ .
RMSE =, /H Z i — y:)? Equation 3
i=1
Y-y
RP=1-E! Equation 4
20— y?
Z -y z)
d=1-—F———— Equation 5

> (el + iy

=1

Where: y; = observed value; y; = estimated or predicted value; ¥ = mean of the observed values; n = total number of observations.
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These error metrics were calculated based on the mathematical formulations of Equations (2)-(5), employing the Python pro-
gramming language (v.3.10) within the Google Colaboratory environment. The libraries NumPy (v.2.0.2) and scikit-learn (v.1.6.1)
were used for the estimation of error metrics, while pandas (v.2.2.2) supported data management and Matplotlib (v.3.10.0) together
with Seaborn (v.0.13.2) were applied for graphical visualization. This workflow ensured methodological transparency and the
reproducibility of the statistical analyses.

3. Results
3.1. Individual tree segmentation

The automatic tree segmentation performed in the LiDAR 360 post-processing software enabled the identification of 7 tree species,
with a total of 368 individuals out of the 392 georeferenced in the field, achieving an accuracy of 93.88 % (Fig. 7). Most of the un-
detected trees were located beneath dense canopies, which partially limited their detection.

Regarding species composition, T. cacao L. was the dominant species, representing 84.2 % of the total individuals (n = 310).
C. nucifera was the second most abundant species, with 50 individuals (13.6 %), while A. carambola, M. indica, C. alliodora, C. odorata,
and P. americana each had fewer than three individuals (Fig. 8).

3.2. Metric extraction

The automatic extraction of structural metrics enabled the analysis of relationships among structural variables for 368 segmented
trees. A strong relationship was observed between DBH and crown volume R2 = 0.84), as well as with crown area R2 = 0.81). Tree
height showed a high correlation with average crown diameter (R?=0.81) and DBH (R = 0.80). Likewise, crown diameters measured
in different directions exhibited a strong correlation (R? = 0.90) (Fig. 9).

3.2.1. Coefficient of determination in height estimation

The LiDAR 360 software generates multiple structural metrics of vegetation (Fig. 9). To evaluate the accuracy of automatic tree
height estimation, the values generated through segmentation were compared with field measurements taken from 60 individual trees.
The results show a high level of agreement, although a slight deviation and dispersion were observed between both data sources. A
coefficient of determination (R? = 0.996), mean absolute error (MAE = 0.28 m), root mean square error (RMSE = 0.43 m), and
concordance index (d = 0.999) were obtained. These indicators confirm the reliability of the applied methodology (Fig. 10).

Fig. 7. Results of automatic tree segmentation in LiDAR 360.
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Fig. 9. Correlation matrix of structural metrics obtained with LiDAR 360 in a cocoa agroforestry system.

3.2.2. Coefficient of determination in diameter at breast height (DBH) estimation

Regarding DBH, the results showed a solid agreement with field measurements, with a coefficient of determination of R = 0.895, a
mean absolute error (MAE) of 3.19 cm, and a root mean square error (RMSE) of 4.30 cm. In addition, the concordance index reached a
value of d = 0.932, although the dispersion of the values was more evident in diameters greater than 20 cm (Fig. 11).

3.3. Biomass and carbon storage estimation using UAV-LiDAR

Biomass estimation in the cocoa agroforestry plot was carried out by applying species-specific allometric regressions and using
automatically extracted metrics for each individual tree. The results show that the system stores 15,492.5 kg of aboveground biomass,
with M. indica being the species with the highest biomass concentration (47.7 %, 7392.8 kg), followed by C. nucifera (36.6 %, 5562.7
kg) and T. cacao L. (13.2 %, 2043.1 kg). Other species, such as A. carambola, C. alliodora, C. odorata, and P. americana, contribute less,
mainly due to their lower abundance within the plot.
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Spatially, biomass is mostly concentrated along the plot boundary and in the southwestern section, while significantly lower values
are observed in the northwestern area, correlating with lower vegetation density. Carbon storage follows a similar pattern, with
7746.25 kg of aboveground carbon stored. M. indica accounts for the highest share (47.7 %, 3696.4 kg-C), followed by C. nucifera (36.6
%, 2831.4 kg-C) and T. cacao L. (13.2 %, 1021.6 kg-C). In contrast, C. odorata had the lowest carbon storage (0.05 %, 3.5 kg-C).

These results highlight the importance of species with greater volume and diameter in biomass and carbon accumulation within the
agroforestry system, emphasizing the role of M. indica and C. nucifera in carbon capture and storage (Fig. 12).

To provide a concise comparison of the structural attributes and biomass allocation across species, Table 2 summarizes the number
of individuals, mean DBH, tree height, average biomass and carbon values, together with the statistical validation metrics (R2, MAE,
RMSE, d) for UAV-LiDAR estimates of tree height and DBH.

4. Discussion
4.1. Tree segmentation
Automatic tree segmentation using UAV-LiDAR data proved to be an effective tool for identifying individual trees in cocoa

agroforestry systems, achieving an accuracy exceeding 93 %. Although few studies have focused on this objective, Peynaud & Momo
(2024) reported the identification of 55 individual cocoa trees using terrestrial LIDAR in 30 min. In contrast, this study successfully
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Table 2
Summary of statistical metrics by species and validation of UAV-LiDAR estimates of tree height and DBH.
Species Mean
Plants (n) DBH (m) Height (m) Biomass (kg) Carbon (kg)
T. cacao L. 310 0.244 2.407 6.591 3.295
A. carambola L. 3 0.3 5.467 57.423 28.712
C. odorata L. 1 0.095 8.2 6.916 3.458
C. nucifera L. 50 0.218 14.124 113.255 56.627
C. alliodora 1 0.449 16.2 116.022 58.011
M. indica L. 2 0.5 14.35 3696.42 1848.21
P. americana 1 0.04 11.6 98.597 49.298
Validation
Plants (n) R? MAE (m) RMSE (m) d
Tree height 60 0.996 0.28 0.43 0.999
DBH 60 0.895 0.0319 0.043 0.932

10
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segmented 368 trees using UAV-LiDAR in the same amount of time, demonstrating that it is a more efficient and faster alternative for
monitoring complex agroforestry systems.

However, achieving 100 % segmentation remains a challenge due to the high heterogeneity of these systems, where up to 49
associated species may coexist (Atalaya-Marin et al., 2025). In our case, although only 7 species were identified, the evaluated plot has
been established for over 25 years, resulting in a dense and overlapping canopy. This condition, along with the morphological vari-
ability of the species, made automatic segmentation more difficult compared to more homogeneous systems, such as Pinus and
Eucalyptus plantations, where higher accuracies have been reported—up to 0.96 for Pinus (Jarahizadeh and Salehi, 2025) and av-
erages above 0.97 for Eucalyptus (Deng et al., 2024). This highlights that the structural complexity of cocoa agroforestry systems
continues to pose a limitation for automatic segmentation processes.

4.2. Structural metrics

By correlating all automatically obtained structural metrics, consistent relationships were identified (R? > 0.7) between DBH, tree
height, and crown variables (Fig. 9). These patterns indicate that more robust trees tend to develop broader and more voluminous
crowns, which is particularly useful in high-density forest contexts where direct DBH estimation may be limited.

Previous studies have shown that it is possible to model DBH using the most accessible and accurate structural metrics (Jucker
et al., 2017). In addition, strong allometric relationships exist between DBH, height, crown dimensions, and even biomass (Pinedo
et al., 2025), which reinforces the applicability of these metrics in the structural and functional monitoring of forest ecosystems (Silva
et al., 2016).

4.3. Height and DBH estimation

In this study, tree height estimation using UAV-based LiDAR showed a high level of agreement with field measurements (R? =
0.998, Fig. 10), demonstrating that the flight strategy based on a double grid and two camera angles (Fig. 3a) enabled precise
characterization of the vertical structure.

Although surveys integrating both configurations have not been previously documented, other studies have reported similar re-
sults, though with lower accuracy. For example, a study conducted in a silvopastoral system characterized by low crown density
achieved an R? of 0.97 (Clark et al., 2004).

However, in denser formations such as forests, accuracy can decrease to R? = 0.85 Schimalski et al. (2024), R? = 0.77 Pinedo et al.
(2025), and R? = 0.73 Thinley et al. (2025). These scenarios highlight the importance of properly adjusting parameters such as flight
altitude, camera angle, and grid design to ensure high point density and accurate tree height estimation in complex systems, while also
considering that strong winds may affect accuracy.

Regarding diameter at breast height (DBH) estimation, an acceptable correlation was obtained with field data, although slightly
lower than that recorded for total height (R = 0.895). The decrease in accuracy was mainly observed in trees with diameters greater
than 20 cm (Fig. 11), which is attributed to the LiDAR sensor’s limited ability to penetrate dense canopies and fully capture the mid-
trunk geometry (Fig. 13). Similar results were reported by Cao et al. (2019), with an accuracy of R? = 0.72. However, studies that
combined airborne and terrestrial LIDAR data significantly improved DBH estimation, achieving near-exact values (R2 = 0.99) due to
the higher point density in the middle section of the stem (Tantrairatn et al., 2025).

These results confirm that point density particularly in the middle section of the trunk is a key factor in improving the accuracy of
DBH estimation. However, for large areas, it is recommended to adjust the data acquisition resolution by balancing information quality
with storage and processing capacity, which are the main operational limitations when managing large volumes of LiDAR data
(Béjar-Martos et al., 2022).

Fig. 13. Comparison of Canopy Density Effects on LiDAR Point Capture of the Trunk: (a) Dense canopy limiting point capture on the trunk; (b)
Lower canopy density enabling greater definition and trunk registration.
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4.4. Biomass and carbon

The biomass and carbon estimation showed that species such as M. indica and C. nucifera accounted for more than 80 % of the total
stored in the cocoa agroforestry plot (Fig. 13). Similarly, Asigbaase et al. (2021) reported that in their study plots, a small group of
shade species contributed over 70 % of the accumulated carbon, positioning T. cacao L. as a secondary species in terms of biomass,
despite being the main crop.

Likewise, recent research has concluded that cocoa agroforestry systems can capture up to six times more carbon than mono-
cultures (Rajab et al., 2016), highlighting the functional role of shade species in carbon dynamics.

When comparing with other ecosystems, it is observed that the effectiveness of LiDAR for estimating biomass and carbon depends
on structural complexity. In homogeneous birch stands, Fedorov et al. (2023) reported minimal errors (0.2-6.8 %) with UAV-LiDAR. In
coniferous forests, Su et al. (2023) improved carbon estimation through the integration of LiDAR, multispectral indices, and field data
(R? = 0.903). Complementarily, Su et al. (2024) reached up to 95 % accuracy by combining backpack LiDAR with multispectral
imagery in Larix gmelinii and Betula platyphylla forests. Even in more heterogeneous contexts, Oliveira et al. (2021) confirmed the
usefulness of LiDAR for modeling biomass and carbon. Altogether, this evidence explains that the heterogeneity of cocoa agroforestry
systems increases the difficulty of estimation; however, the results of this study confirm that UAV-LiDAR maintains solid and appli-
cable performance in diverse agroecosystems.

4.5. Limitations and practical implications

However, accurately estimating the actual amount of biomass and carbon still requires further study. Even when calculations are
performed by species and specific algorithms are applied, results may vary depending on local conditions. Although this study
employed species-specific allometric equations with coefficients of determination greater than R% > 0.90 (Table 1), these equations
may underestimate actual values, as they were not developed specifically for this region (Ketterings et al., 2001). Nevertheless, this
approach is more feasible compared to developing local allometric equations through destructive validation, as it avoids compromising
natural regeneration and helps preserve ecosystem integrity (Pati et al., 2022).

Among the limitations, in addition to the reliance on pre-existing allometric equations, operational factors such as LiDAR sensor
resolution, point density, weather conditions during the flight, and canopy cover influenced the accuracy of the metrics obtained.
Likewise, the absence of an explicit uncertainty analysis restricted the definition of confidence intervals for carbon estimates. Although
the field sample of 60 trees was statistically calculated and distributed to ensure representativeness within the plot, future studies could
expand the number of individuals, include additional plots, and consider all species present in the system to increase the capacity for
generalization. Furthermore, the lack of destructive field validation limited the possibility of directly confirming biomass and carbon
estimates with observed values, which would have provided greater certainty regarding the accuracy of the model.

Despite these constraints, the results reaffirm the value of UAV-mounted LiDAR as an innovative, accurate, and non-destructive tool
for structural monitoring and carbon estimation in cocoa agroforestry systems. Its application enables high-resolution capture of
structural characteristics, contributing to a deeper understanding of the role of companion species in carbon dynamics. Furthermore,
this approach allows for plot management to be guided by objective information, supporting decisions such as conserving or prop-
agating species that contribute most to carbon capture, intervening in areas with lower biomass density, reorganizing tree arrangement
to improve system efficiency, and adjusting management practices based on the actual structure of vegetation. In this way, climate
change mitigation efforts are strengthened from an agroecological perspective without relying on invasive or destructive methods.

5. Conclusions

The implementation of LiDAR technology mounted on unmanned aerial vehicles proved to be an effective tool for the detailed
structural analysis of cocoa agroforestry systems. This methodology enabled precise and automated vegetation characterization,
facilitating the extraction of structural metrics at the individual tree level. Moreover, it demonstrated strong potential for describing
the spatial configuration of the system and establishing consistent structural relationships, reinforcing its applicability in agroforestry
monitoring, management, and planning with greater precision.

In addition, the use of species-specific allometric equations applied to automatically extracted metrics allowed for non-destructive
estimation of aboveground biomass and carbon with high accuracy. Although equations with coefficients of determination greater
than R? > 0.90 were used, potential biases are acknowledged due to their development outside the study area. Nevertheless, this
methodology offers a practical and sustainable alternative to destructive methods, enabling more reliable carbon estimates and
supporting more efficient planning in cocoa agroforestry systems.

In conclusion, the strength of this study lies in the precision and speed of UAV-LiDAR for estimating individual tree structural
parameters, together with its ability to non-destructively quantify biomass and carbon in heterogeneous and complex systems.
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