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ARTICLE INFO ABSTRACT

Keywords: Monitoring agroforestry systems remains challenging due to canopy heterogeneity and the
LiDAR coexistence of species with contrasting dynamics. While field-based methods offer high accuracy,
Multispectral they are inefficient for rapid and multitemporal structural assessments. This study integrated
?;ffl;;g LiDAR and multispectral data collected using a Matrice 350 RTK equipped with a Zenmuse L2
Terra sensor and a RedEdge-P camera. Raw LiDAR data were processed in DJI Terra v4.1 and subse-

quently pre-processed and corrected in TerraSolid v23.011, whereas multispectral products were
generated in Agisoft Metashape Professional v2.2.1. The derived metrics indicated greater growth
in System A, driven by fast-growing species, whereas System B showed an overall reduction with
slight increases in the upper percentiles. In addition, MSAVI and MTVI2 were sensitive to canopy
structure, while GNDVI and NDRE responded to foliage content. The agreement analysis revealed
a slight bias (0.09 m) toward height overestimation by LiDAR compared to the hypsometer, with
no apparent proportional error. This approach provides a replicable framework for multitemporal
monitoring of structural and physiological changes in tropical vegetation, with potential for
regional scaling and application in sustainable forest system management.

1. Introduction

Between 1990 and 2020, approximately 178 million hectares of forest were lost globally, although the annual net loss decreased
from 7.8 to 4.7 million hectares (Fao, 2020). This reduction is partly due to the establishment of new forests through natural expansion
or reforestation initiatives. However, the net loss remains significant, reflecting an imbalance between deforestation and forest re-
covery. In the regional context, Peru lost around 3.4 million hectares of forest from 2000 to 2020, primarily in the non-flooded tropical
rainforest, with impacts even within protected areas (Mostiga et al., 2024).

These ecosystems provide a wide range of ecosystem services, including climate regulation, food and raw material provision, air
and water purification, and erosion control (Brockerhoff et al., 2017). Forests also serve as carbon sinks, mitigating climate change by
absorbing large volumes of atmospheric carbon dioxide. Therefore, maintaining their ecological integrity is essential to preserve the
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environmental functions that support life on Earth and to ensure the adaptive capacity of human communities in the face of ongoing
ecological crises (Anandita et al., 2024; De Benedicto et al., 2025).

Nevertheless, deforestation and climate change have triggered an environmental crisis that severely threatens the planet's health
(Sengupta, 2024), degrading ecosystems and disrupting natural balances (dos Reis et al., 2021). Additionally, pests and dis-
eases—favoured by rising temperatures and shifting precipitation patterns—are affecting key forest species (Warlo and Kautz, 2024;
Zhao et al., 2023), thereby weakening forest resilience and increasing vulnerability to further disturbances (Prevedello et al., 2019).

In response to these challenges, advanced remote sensing technologies have become essential tools for acquiring high-resolution
spatial, spectral, and structural information. Both passive (multispectral) and active (LiDAR) systems are increasingly used (Gu
et al., 2020; Santoro et al., 2020; Takhtkeshha et al., 2024), offering a robust foundation for natural resource management, envi-
ronmental monitoring, and the analysis of complex territorial dynamics.

Monitoring vegetation growth and health in forest systems is key for ecosystem conservation, land-use planning, and sustainable
resource management (da Silva et al., 2024; Dash et al., 2018). These technologies have improved the efficiency and accuracy of
ecosystem assessments (Dash et al., 2018; Yoshii et al., 2022), allowing for large-scale data collection without direct interventions that
could negatively affect the environment (Rejeb et al., 2022).

Remote sensing involves the collection and processing of surface information from platforms that are not in direct contact with the
observed object (Calders et al., 2020; Toth and J6zkow, 2016). Technological advances, such as Remotely Piloted Aircraft Systems
(RPAS), have expanded the application of remote sensing in forest environments, enabling the monitoring of forest growth and health
(Eugenio et al., 2020). RPAS equipped with diverse sensors provide accurate data on composition, structure, biomass, and health-
—factors of both environmental and economic importance (da Silva et al., 2024; Ecke et al., 2022).

LiDAR sensors integrated into RPAS offer a valuable tool for forest analysis, generating high-resolution, three-dimensional point
clouds with great precision (Luo et al., 2023). This technology enables the accurate estimation of key variables such as tree height,
canopy roughness, and terrain topography, even in densely vegetated areas (Hyde et al., 2006). By producing digital surface models
(DSM) and digital terrain models (DTM), LiDAR supports detailed structural characterization of forest ecosystems across different
successional stages (Maguya et al., 2014; Takhtkeshha et al., 2024).

On the other hand, multispectral sensors mounted on RPAS collect reflectance data in specific bands of the electromagnetic
spectrum, providing insights into the physiological and biophysical state of vegetation (Tan et al., 2025). These data are used to
calculate a range of spectral indices widely applied for assessing vegetation vigour and detecting phenological changes (Avtar et al.,
2020; Dash et al., 2018; Stone and Mohammed, 2017). Consequently, they are key tools for monitoring vegetation health and detecting
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Fig. 1. Location of the evaluated systems in the province of Jaén, Cajamarca region, Peru, South America.
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early-stage anomalies.

However, consistent monitoring of forest growth and vegetation health in tropical ecosystems remains a technical and logistical
challenge (Yip et al., 2024). Although field-based methods offer local-scale accuracy, they are inefficient for monitoring large forest
areas due to high time, labour, and cost requirements. Systematic data collection is also constrained by the inaccessibility of many
tropical regions and unfavourable climatic conditions (Dixit et al., 2024). These limitations reduce both the frequency and spatial
coverage of monitoring efforts, impairing early detection of degradation or pest outbreaks. The situation is further exacerbated by the
lack of infrastructure in remote areas and the reliance on specialized personnel and equipment.

On the other hand, the broader operational adoption of UAV-based LiDAR and multispectral technologies is constrained by high
acquisition costs, the need for specialized sensors, software, and trained personnel, and the computational demands of data processing
workflows (Fassnacht et al., 2024). These challenges highlight the need to rethink current monitoring approaches, especially in
agroforestry systems (AFS), which are increasingly recognized as sustainable land-use strategies in tropical regions but are also
characterized by multistate canopies, mixed species composition, and heterogeneous management conditions that complicate
monitoring and interpretation (Santoro et al., 2020).

In this context, the present study evaluates the feasibility of an integrated UAV-based LiDAR and multispectral workflow for
multitemporal monitoring of heterogeneous tropical vegetation under agroforestry conditions. The study focuses on deriving and
validating remote-sensing-based proxies of canopy structure and vegetation condition in a context characterized by canopy
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heterogeneity and coexisting species with contrasting architectures. To this end, LiDAR and multispectral data were collected at two
time points separated by a four-month interval. Structural metrics were derived from LiDAR products, including the validation of
height estimates against direct field measurements using a hypsometer. In parallel, several spectral indices relevant to canopy char-
acterization were calculated, and the final set of informative indices was prioritized using principal component analysis. By assessing
these indicators across contrasting vegetation scenarios, the study provides an operational and transferable workflow for canopy-level
monitoring in complex tropical systems, while acknowledging that broader generalization requires testing in additional sites and
species compositions.

2. Materials and methods
2.1. Study area

The study area included two distinct vegetation systems. System A located at an average elevation of 753 m a.s.l. and was primarily
composed of eucalyptus (Eucalyptus saligna) and capirona (Calycophyllum spruceanum). In contrast, System B, located at an average
elevation of 1578 m a.s.l., consisted of an agroforestry association of romerillo (Retrophyllum rospigliosii) and coffee (Coffea arabica).
Fig. 1 shows the geographic location of both systems within the Jaén province, Cajamarca region, Peru, South America. System A is
characterized by Fluvisol-Phaeozem soils of fluvio-alluvial origin, with gently sloping terrain. According to the Werren Thornthwaite
classification, System A corresponds to climate type Co;,p)A'H3, associated with a semi-dry zone, warm with rainfall deficit and high
relative humidity. In contrast, System B is characterized by Andosol-Regosol soils associated with extrusive mountainous formations
and steep terrain surfaces. Under the same climatic classification, System B corresponds to climate type B(;)B'2H3, representing a
temperate rainy zone with winter rainfall deficit and high relative humidity (Gobierno Regional de Cajamarca (GRC), 2010; SENAMHI,
2020).

2.2. Methodological framework

Fig. 2 summarizes the workflow followed to evaluate vegetation growth and canopy health over a four-month period. A monitoring
strategy based on remote sensing and field measurements was implemented. Flights were planned using UgCS v5.9.0 and DJI Pilot 2
software. The primary aircraft used was a DJI Matrice 350 RTK equipped with a DJI Zenmuse L2 LiDAR sensor and a MicaSense
RedEdge-P multispectral camera. Independent missions were conducted for each sensor to ensure adequate coverage of both the forest
canopy and the associated crops.

Subsequently, the collected data were processed through specific workflows. LIDAR data were processed using DJI Terra v4.5.0 and
further refined using TerraSolid Suite v23.011 within MicroStation v24.00.002.62 to obtain the products required for analysis.
Meanwhile, multispectral images were processed in Agisoft Metashape Professional v2.2.1 for the generation of multiband
orthomosaics.

2.2.1. Monitoring design in the evaluated systems

Systems A and B were selected based on criteria of accessibility and contrasting structural composition, aiming to evaluate the
ability of active and passive remote sensing to monitor the growth and health of the installed vegetation in each system. A multi-
temporal monitoring approach was adopted, with flights conducted on March 4 and July 9, 2025, under stable atmospheric conditions
to ensure data quality and comparability.

2.2.2. Data acquisition

To monitor vegetation growth, the active sensor DJI Zenmuse L2 was mounted on a DJI Matrice 350 RTK UAV to collect three-
dimensional data of the forest canopy structure. Flights were planned using UgCS v5.9.0 under a double-coverage pattern, with
sensor inclination angles of 90° and 45°, a flight altitude of 50 m with terrain following, and a LiDAR overlap of 70%. The RGB images
captured by the sensor were used to colorize the point cloud, with both forward and side overlaps of 75% during image acquisition. The
mission was conducted in RTK flight mode, ensuring centimeter-level positional accuracy, and included the corresponding sensor
calibration routines before and during each flight.

To assess vegetation health, the passive MicaSense RedEdge-P multispectral sensor was also mounted on the DJI Matrice 350 RTK,
but operated in an independent mission. Flight planning was performed in DJI Pilot 2, maintaining a flight altitude of 50 m with terrain
following, 80% forward and 75% side overlaps, and enabling automatic image capture. This sensor recorded reflectance in five spectral
bands in the visible and near-infrared range, and included a panchromatic band to generate high-resolution outputs.

Finally, as a field verification measure, manual tree height measurements were conducted during both monitoring periods to
validate the results obtained through remote sensing.

2.3. Data processing

2.3.1. Processing of active sensor data

Point cloud reconstruction was carried out in DJI Terra v4.5.0 by importing the LiDAR system files along with the RGB images, as
well as four ground control points (GCPs) in System A and three in System B. The processing was performed in high-density mode,
using the UTM Zone 178 coordinate system (EPSG:32717) and the EGM2008 geoid as the vertical elevation model. A cell size of 10 cm
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was defined, and interpolation was enabled to refine spatial continuity among points.

The resulting point cloud, exported in LAS 1.2 format, was further processed using TerraSolid Suite v23.011 in MicroStation
v24.00.002.62. This stage included splitting by flight tracks (Fig. 3) and alignment using Match Passes. As a result, the mean 3D ac-
curacy in both systems was below 1 cm, with vertical accuracy of 12 mm, supporting geometric consistency for subsequent analyses
(See reports in Supplementary Material).

Noise in the point cloud was reduced using the Smoothen and Remove Noise tool, classifying as outliers those points with fewer than
three neighbours within a 3 m radius. During the two evaluation dates, System A had 4.38% and 5.35% of points classified as noise,
while System B registered 9.51% and 8.05%, respectively. Fig. 4 shows the noise-classified points overlaid on the LiDAR point cloud.

Finally, Ground points were then classified to generate the Digital Terrain Model (DTM). Using the remaining non-ground points,
the Digital Surface Model (DSM) was produced, including vegetation and other above-ground features. The difference between these
two models resulted in the Canopy Height Model (CHM), which was used to quantify the vertical structure of the forest vegetation, as
show in Fig. 5.

2.3.2. Processing of passive sensor

The images captured using the MicaSense RedEdge-P sensor were processed in Agisoft Metashape Professional v2.2.1. Radiometric
calibration was applied using a calibrated reflectance panel and records from the Downwelling Light Sensor (DLS2) to correct illu-
mination variability between dates. Photogrammetric alignment was performed using high accuracy and ground control points (GCPs)
were incorporated to geospatially adjust the orthomosaics. The geospatial adjustment achieved an approximate positional accuracy of
1-3 cm; additional details are provided in the Agisoft Metashape processing reports included in the Supplementary Material.

Based on the depth maps, a dense point cloud was generated, followed by the creation of a Digital Elevation Model (DEM). The
multispectral orthomosaic was constructed over the DEM and enhanced through spectral fusion (pansharpening) using the
panchromatic band to improve spatial resolution.

This process was performed using the Raster Calculator tool in Agisoft Metashape, applying the equations shown in Table 1 and
enabling spectral transformations. The resulting product was exported as an optimized multiband raster with assigned index values in
the transformed raster.

2.4. Analysis of derived products

Tree heights were derived from the Canopy Height Models (CHM) for each individual present in the evaluated systems. To validate

System A - _ | System B

Fig. 3. Top and side views of the point cloud coloured by flight tracks. Each colour represents an individual flight line, allowing for verification of
trajectory overlap and geometric consistency, as well as the use of two sensor angles.
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Fig. 4. Sections of the initial point cloud in both systems, where orange highlights the points identified as noise over the original distribution.

the accuracy of these estimations, direct field measurements were conducted using a Nikon Forestry Pro II laser hypsometer on ten
selected trees per system. Agreement between LiDAR-derived heights and field measurements was first quantified using error metrics,
including root mean square error (RMSE), mean absolute error (MAE), bias (mean error), and RMSE (%), calculated from paired
observations of LiDAR- and hypsometer-based heights. In addition, a Bland-Altman analysis was performed to identify potential
systematic bias and quantify the level of agreement between both methods.

1 n
RMSE=, | > (P - 0:)?

i=1
1 n
MAE=_ > P 0
i=1

n

. 1
BlGS—H Z (Pi - O,)

i=1

RMSE% = (RM?SE) x 100

where: O; is value observed is the observed tree height measured in the field with the hypsometer, P; is the tree height estimated from
the LiDAR-derived CHM, n is the number of paired observations, and O is the mean of the observed field heights.

Additionally, from the multispectral orthomosaics, eight spectral indices associated with canopy vigour and health were calculated.
These included: Normalized Difference Vegetation Index (NDVI), Green NDVI (GNDVI), Modified Soil Adjusted Vegetation Index
(SAVI), Enhanced Vegetation index (EVI), Chlorophyll Index - Red-Edge, Normalized Difference Red Edge Index (NDRE), Modified
Triangular Vegetation Index (MTVI2), Red-Edge Triangulated Vegetation Index (RTVI Core). The equations used are presented in
Table 2, where NIR refers to the Near Infrared band, and RE refers to the Red Edge band.

Finally, to evaluate the representativeness and redundancy of the spectral information, a Principal Component Analysis (PCA) was
applied to the spectral index matrix, using values extracted from the full canopy coverage. This procedure allowed identification of the
indices with the highest contribution to total variance and supported the selection of the most relevant variables for characterizing
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Fig. 5. Generation of DTM, DSM, and CHM for the two evaluated systems.

Table 1
Formulas used in Agisoft Metashape to perform spectral fusion.
Formula New band
B1%(B3 / (0.2*B1 + 0.2 * B2 + 0.2 * B4 + 0.2 * B5 + 0.2 * B6)) / 32768 Blue
2%(B3 / (0.2*B1 + 0.2 * B2 + 0.2 * B4 + 0.2 * B5 + 0.2 * B6)) / 32768 Green
4*(B3 / (0.2*B1 + 0.2 *B2 + 0.2 *B4 + 0.2 * B5 + 0.2 * B6)) / 32768 Red
5%(B3 / (0.2*B1 + 0.2 * B2 + 0.2 * B4 + 0.2 * B5 + 0.2 * B6)) / 32768 Red edge
B6*(B3 / (0.2*B1 + 0.2 * B2 + 0.2 * B4 + 0.2 * B5 + 0.2 * B6)) / 32768 Near Infrared

vegetation physiological responses.

3. Results

3.1. Structural assessment using LiDAR data

3.1.1. General structure of the evaluated systems

where: B1, B2, B3, B4, B5 and B6 correspond to the native bands: Blue, Green, Panchromatic, Red, Red Edge,
and Near Infrared, respectively.

System A covered an area of 3.28 ha and recorded a total of 571,274,811 points. In contrast, System B covered 2.63 ha and recorded
489,051,593 points. The average elevation in System A was 753 m above sea level, while System B was located at an average elevation
of 1578 m; as show in Fig. 6.

3.1.2. Growth estimation using LiDAR data

Fig. 7 shows the canopy height models (CHM) generated from the March (initial CHM) and July (final CHM) flights, as well as the
difference raster (CHM change) between both periods. In System A, the average canopy height increased from 4.87 m to 5.30 m,
representing a mean gain of 0.44 m. However, localized areas with significant height loss were identified, with minimum values
reaching approximately —14.13 m, mainly in the northern and southern sectors of the system.
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Table 2
Equations used to calculate the spectral indices.
Name Formula Reference
NDVI NIR — Red R 1 (1974
NIR T Red Rouse et al. ( )
GNDVI NIR — Green Buschmann and Nagel (1993
NIR T Green 3uschmann and Nagel (1993)
MSAVI 1 (0w *
3F[2*NIR +1 \/(Z*NIR +1)% — 8%(NIR — Red) Qi et al. (1994)
VI 2.5 NIR ~ Red Huete et al. (2002
“"NIR + 6*Red — 7.5°Blue 1 1 uete et al. (2002)
CiRE NIR .
RE 1 Gitelson and Merzlyak (1998)
NDRE NIR — RE .
NIR + RE Sims and Gamon (2002)
MTVI2 1.5%[1.2*(NIR — Green) — 2.5%(Red — Green)]
Haboudane et al. (2004)
\/(Z*NIR +1)2 - (6*NIR - 5*\/Red) ~05
RTVI Core 100*(NIR — RE) — 10*(NIR — Green)

In System B, a slight decrease in average canopy height was observed (from 5.12 m to 4.98 m), attributed to the removal of
temporary vegetation—specifically maize—recorded during the first flight. This dynamic is reflected in the CHM change raster as
extensive areas with negative values. Height gains were confined to the crowns of established trees, as indicated by localized positive
values in the difference map.

To complement the analysis, Fig. 8 presents the canopy height kernel density estimation (KDE) for both the initial and final CHMs in
each system (panels a and c), as well as the distributions of canopy height changes (panels b and d). In System A, the KDE curves
revealed a bimodal structure, with two main peaks representing distinct vegetation groupings. In System B, three peaks were present in
the initial assessment and two in the final, suggesting a simplification of vertical canopy structure over the evaluated period.

In both systems, a slight rightward shift of the curves was observed, indicating a general—albeit moderate—increase in canopy
height, as previously estimated by the mean gains (0.44 m in System A and 0.15 m in System B). Furthermore, the change distributions
(panels b and d) showed a high density around zero, reflecting the short interval between flights (four months) and the structural
stability of most vegetation cover. However, System B exhibited a negative skew in the distribution, consistent with the loss of
temporary vegetation observed in the field.

Additionally, Table 3 summarizes the descriptive statistics and key percentiles derived from the initial and final CHMs for both
systems. In System A, there was an increase in the mean (from 4.87 m to 5.30 m) and in higher percentiles such as P95 and P99,
indicating generalized growth, particularly among dominant individuals. In System B, although the median (P50) and P95 slightly
increased, the mean exhibited a slight decrease. The negative skewness in both systems reflects the dominance of low-stature vege-
tation, while the negative kurtosis observed in System A suggests a flatter distribution compared to System B.

To complement the analysis of vegetation structural changes, Fig. 9 presents the relative canopy height change for both systems. In
System A (panels a—c), the losses were concentrated in low vegetation and a few scattered forest individuals. In System B (panels d—f),
structured areas of height reduction were evident, mainly due to the removal of maize crops and manual weeding operations. In both
cases, the crowns of taller vegetation appear in whitish tones, indicating changes close to zero. This distribution aligns with the
structural stability of permanent vegetation elements and confirms that significant variations occurred primarily in lower vegetation
layers.

3.2. Spectral assessment using passive data

3.2.1. Spectral response of the evaluated systems

Fig. 10 presents the natural RGB composition and the corresponding spectral indices for both evaluated systems during the initial
monitoring date. Each spectral index is displayed using colour scales ranging from low (red) to high (green) values, revealing distinct
contrasts in spectral response across different zones within the systems.

In general, indices such as NDVI, EVI, or NDRE are typically associated with higher chlorophyll content or photosynthetic activity,
while MSAVI and MTVI2 reflect variations in canopy density. These differences allow the identification of areas with greater foliar
development. The central RGB image helps to spatially contextualize these patterns and compare them with the actual vegetation
cover.

Table 4 presents the descriptive statistics for the eight spectral indices calculated during the initial evaluation of Systems A and B.
NDVI exhibited relatively low standard deviation, particularly in System B, where the Coefficient of Variation (CV) was 12.4%,
suggesting reduced spatial variability—likely due to saturation in densely vegetated areas. In contrast, indices such as MTVI2, RTVI
Core, and CiRE showed higher variability levels (CV > 30% in both systems), indicating greater sensitivity to canopy structural dif-
ferences and potential plant health conditions.

Notably, the CiRE index showed an extremely high coefficient of variation in System A (CV = 580.5%), driven by outliers and a
highly heterogeneous spectral response. This highlights the importance of conducting a more detailed analysis within representative
subzones.
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3.2.2. Analysis of the representativeness of spectral indices

Fig. 11 shows the distribution and relationships of the spectral indices extracted from the forest cover of Systems A (sky blue) and B
(orange). Notable associations were observed, such as the strong correlation between MSAVI and EVI—both sensitive to canopy
structure—as well as between GNDVI and NDRE, which are linked to foliage content and vegetation health. Likewise, the relationship
between MTVI2 and RTVI Core confirmed their convergence in detecting structural variations. Visually, both systems exhibited similar
patterns in many relationships, although slight shifts in magnitude suggest subtle functional or structural differences.

Because some relationships did not exhibit strictly linear patterns, Fig. 12 presents the Spearman correlation matrix, which does not
assume linearity in the data. In System A, strong correlations were identified between MSAVI-EVI (p = 0.99), GNDVI-NDRE (p = 0.91),
and MTVI2-RTVI Core (p = 0.92), indicating structural and functional coherence. In System B, these associations persisted, although
with slight variations in coefficient magnitudes. Notably, a weaker correlation was observed between NDVI and GNDVI (p = 0.51),
suggesting potential differences in the sensitivity of these indices to physiological or structural changes.

Fig. 13 shows the Principal Component Analysis (PCA) applied to the data extracted from the eight spectral indices over the forest
cover. Despite the correlations between variables (Fig. 12), the PCA factor loadings indicated that all indices contributed to explaining
variance to different degrees. Specifically, the first two principal components accounted for 94.25% and 94.86% of the total variance in
Systems A and B, respectively.

In System A (Fig. 13A), the first principal component (PC1) explained 72.25% of the variance, dominated by strong positive
loadings of GNDVI, MSAVI, EVI, NDRE, and MTVI2, reflecting both structural and functional sensitivity. PC2 (22.0%) showed strong
negative loadings for GNDVI, CiRE, and NDRE, mainly associated with differences in foliar health. In System B (Fig. 13B), PC1
explained 52.7% of the variance, with high positive loadings more evenly distributed across indices, while PC2 (42.16%) exhibited
marked contrasts between structural indices (MSAVI, MTVI2) and functional indices (NDVI, EVI, NDRE), indicating a more complex
differentiation in the spectral patterns of the system.

Finally, the discriminative capacity of the spectral indices is shown in Fig. 14, representing their spatial variation along transects
defined in three representative sections of the systems during the initial monitoring date. Only the most representative indices with
comparable value ranges are presented: MSAVI and MTVI2, due to their structural sensitivity, and GNDVI and NDRE, for their
functional association with foliage content and vegetation health. For a more detailed analysis of each index, see Annex 1.

The selected indices adequately capture both the structural and functional aspects of the systems. MSAVI and MTVI2 respond more
clearly to canopy density, whereas GNDVI and NDRE highlight areas with high chlorophyll content, even in zones with lower structural
cover. This behavior makes it possible to distinguish between physical limitations and favorable functional conditions, thereby
avoiding misinterpretations in multitemporal analyses, such as confusing low biomass with physiological decline.
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Fig. 7. Canopy height models and differences for forest systems A and B.
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Table 3
Descriptive statistics and canopy height percentiles (m) derived from the initial and final CHMs for Systems A and B.
Date Mean SD Skewness Kurtosis Percentiles (m)
P10 P25 P50 P75 P90 P95 P99
System A Initial 4.87 4.27 0.47 —0.96 0.10 0.43 4.25 8.27 11.02 12.46 14.50
Final 5.30 4.41 0.45 —-0.94 0.15 1.03 4.68 8.84 11.60 13.01 15.12
System B Initial 5.26 4.18 1.03 0.55 0.63 2.18 4.16 7.28 11.73 13.39 17.03
Final 5.12 4.57 0.84 —0.09 0.33 1.04 4.26 7.88 12.0 13.63 17.20

3.3. Validation of LiDAR measurements

The height distributions obtained with the hypsometer and LiDAR data showed differentiated patterns depending on the system
and evaluation date (Fig. 15). An increase in canopy height was observed from March to July in both systems and for both mea-
surement methods. The distributions exhibited positive skewness, particularly in System A in July, indicating a higher concentration of
individuals with shorter heights and a tail extending toward taller individuals. The LiDAR-derived height distributions displayed
comparable patterns of dispersion and central tendency to the hypsometer measurements within each date and system, although slight
variations in distribution shape were observed.

In agreement with these patterns, a strong correlation was observed between both measurement methods, as shown in Fig. 16.
System A presented high coefficients of determination (R? = 0.95 in March and R? = 0.96 in July), while System B also showed strong
correlations, albeit slightly lower (R? = 0.88 in March and R? = 0.90 in July). Slopes close to unity indicate strong concordance
between methods, reinforcing the validity of LiDAR estimates for characterizing canopy height.

In addition to the correlation analysis, error metrics were calculated to quantify agreement in absolute and relative terms (Table 5).
Across all validation trees and both campaigns (n = 40), LiDAR-derived heights showed an RMSE of 0.197 m, MAE of 0.160 m, and a
mean bias of +0.088 m, corresponding to an RMSE of 2.76%. At the campaign level, RMSE% ranged from 2.32% (March) to 3.07%
(July), indicating low relative error and supporting the consistency of LiDAR-based estimates across systems and dates.

As illustrated in Figs. 15 and 16, the validation individuals showed comparable distribution patterns and a strong linear rela-
tionship between methods. To complement this evaluation, Table 5 summarizes absolute and relative error metrics, and Fig. 17
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Fig. 9. Relative canopy height changes between March and July for Systems A and B.
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Fig. 10. Spectral indices calculated during the first evaluation of Systems A and B.
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Table 4

Descriptive statistics of spectral indices calculated over the full extent of Systems A and B.
Index System A System B

Mean SD Min Max cv Mean SD Min Max cv

NDVI 0.71 0.23 -1 1 32.4 0.89 0.11 —0.4 1 12.4
GNDVI 0.67 0.16 -1 1 23.9 0.81 0.09 -0.1 1 111
MSAVI 0.48 0.24 -0.2 1 50 0.46 0.16 -0.1 0.9 34.8
EVI 0.51 0.25 -0.3 1.3 49 0.47 0.15 -0.1 0.9 31.2
CiRE 1.49 8.65 -1 2.5 580.5 2.84 1.03 -0.3 11.6 36.3
NDRE 0.41 0.12 -1 1 29.3 0.57 0.09 -0.2 0.9 15.8
MTVI2 0.49 0.29 -0.3 1.5 59.2 0.52 0.18 -0.1 1.3 34.6
RTVI Core 17.69 9.27 -37.1 64.1 52.4 16.41 5.93 —5.6 38.7 36.1
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Fig. 11. Distribution and relationships of spectral indices in Systems A (sky blue) and B (orange) on March 5, 2025.
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Fig. 15. Height distributions obtained with hypsometer and LiDAR for the evaluated systems in March and July 2025.

presents the Bland-Altman concordance analysis. The mean difference (LiDAR — Hypsometer) was 0.09 m, suggesting a slight sys-
tematic bias in which LiDAR tends to overestimate heights compared to the hypsometer on average. The limits of agreement were
—0.26 and 0.44 m, indicating the range within which most of the observed differences lie. Dispersion remained relatively constant
across the range of averages, suggesting the absence of proportional error. However, greater variability was observed in System B and
in the July measurements, although values remained within the agreement limits.
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Fig. 16. Relationship between hypsometer-measured and LiDAR-estimated heights in Systems A and B during March and July 2025.

Table 5
Accuracy assessment metrics for LiDAR-derived tree heights (CHM-based) against field hypsometer measurements across systems and evaluation
campaigns.

Campaign System n RMSE (m) MAE (m) Bias (m) RMSE (%)
March A 10 0.172 0.143 +0.070 2.17
March B 10 0.140 0.111 —0.028 2.51
March Combined 20 0.157 0.127 +0.021 2.32
July A 10 0.260 0.235 +0.175 2.91
July B 10 0.194 0.150 +0.134 3.24
July Combined 20 0.230 0.193 +0.155 3.07
All campaign Combined 40 0.197 0.160 +0.088 2.76

4. Discussion

Zhang et al. (2024) demonstrated, using ray tracing in a voxel grid, that the integrity of sampling in UAV-mounted LiDAR systems
mainly depends on pulse density and scan angle. They also identified missed impacts, canopy occlusion, and unscanned gaps as the
primary causes of return loss. In this study, an acquisition configuration was applied to mitigate these limitations, using a sampling rate
of 240 kHz, five returns, and a double-grid flight plan with scan angles of 90° and 45°. This combination increased effective coverage
and improved the three-dimensional representation of the evaluated forest systems (Fig. 6).

From airborne laser scanning (ALS) data, vertical attributes such as canopy height, layer extension, and coverage can be derived
with high concordance to field measurements (Morsdorf et al., 2010). However, pre-processing of the raw data is necessary. Therefore,
through the Terra Scan and Terra Match modules in Terra Solid v.23.011, trajectory splitting and adjustment were performed (Fig. 3),
a step that was critical to ensure geometric consistency, a fundamental requirement when generating accurate point clouds for
monitoring applications (Sun et al., 2023).

Noise reduction in the point cloud was indispensable for both systems, representing 5% and 8% of the total points in Systems A and
B, respectively (Fig. 4). This quality control had a direct impact on the accuracy of the derived products by minimizing spurious ar-
tifacts. Although advanced filtering approaches integrating full-waveform LiDAR, hyperspectral imagery, and deep learning have been
reported (Luo et al., 2023), most studies agree that the quality of initial filtering directly determines the reliability of derived products,
particularly in forest environments.

The canopy height models (CHM) and canopy height density analyses (Figs. 7 and 8) revealed contrasting dynamics between the
evaluated systems. System A recorded a moderate increase in mean canopy height (0.44 m over four months), while System B showed a
slight decrease, mainly due to the removal of temporary maize crops. These results align with Seidel et al. (2021), who documented
marked differences in structural complexity among European agroforestry systems, highlighting that the presence and management of
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agricultural components strongly influence metrics such as understory density and vertical diversity. In addition, relative canopy
height differences allowed the detection of specific regeneration and canopy loss zones (Fig. 9), emphasizing the capacity of LiDAR to
discriminate microstructural changes relevant for management planning.

The percentile analysis of canopy height showed a significant increase in the dominant canopy of System A (from 0.40 m to 0.60 m),
whereas System B presented smaller variations (from 0.17 m to 0.30 m). This difference can be explained by species composition:
System A was dominated by Eucalyptus saligna and Calycophyllum spruceanum, both fast-growing species, while System B was domi-
nated by Retrophyllum rospigliosii, a slow-growing species (Ramirez et al., 2021; Restrepo and Alviar, 2010).

High percentiles are recognized as robust metrics for characterizing structural dynamics in multistratified ecosystems (Song et al.,
2024). However, the Bland-Altman analysis revealed a slight systematic bias, with LiDAR tending to overestimate heights by +9 cm
compared to the hypsometer. This phenomenon can be attributed to the sensor's higher sensitivity to dominant crowns and the ge-
ometry of multiple returns.

The integration of LIDAR and multispectral data improves the estimation of physiological attributes and reduces ambiguity in result
interpretation (Chen et al., 2022; Wang et al., 2023). In our case, this integration enabled a comprehensive characterization of the
structure and functionality of Systems A and B. The eight evaluated indices exhibited differentiated behaviours: MSAVI and MTVI2
were more sensitive to canopy structural variation, while GNDVI and NDRE were closely associated with chlorophyll content and
photosynthetic vigour. The results of this study confirm the discriminative capacity of spectral indices (Fig. 14), allowing users to select
the most suitable index depending on the analysis objective, whether focused on functionality or structure. This facilitates more precise
evaluations in heterogeneous agroforestry systems, where monitoring based on one-dimensional data is limited.

The application of pansharpening enhanced the spatial resolution of orthomosaics, maximizing the capacity to discriminate fine-
scale patterns of spectral and functional response (Wu et al., 2023). This technique is also effective in multistratified systems of high
structural complexity, where separating canopy metrics across strata is critical (Fig. 10). Furthermore, the integration of a PCA on the
spectral indices made it possible to identify key relationships and reduce redundancy, optimizing the selection of representative
metrics for future evaluations. These methodological approaches open the door to developing advanced monitoring protocols that
integrate multispectral data and metrics derived from multivariate analyses for landscape-scale studies.

LiDAR penetration in dense canopy areas was lower than expected, although this limitation was partially mitigated by the double
scan-angle configuration. The short temporal interval between evaluations constrained the detection of subtle changes, yet this lim-
itation was addressed through KDE distributions and relative difference maps, which allowed visualization of fine-scale dynamics that
would not be apparent through a basic analysis. Likewise, the limited number of validation individuals introduces uncertainty,
although the consistency with hypsometer measurements and the high coefficients of determination supports the robustness of LiDAR
height estimates.

The capacity of LiDAR to generate high-quality Digital Terrain Models (DTMs) was evident in its accuracy in detecting land-use
changes, such as in System A, which was previously a rice field and is now forested (Fig. 5). Similarly, Leitold et al. (2015) re-
ported an airborne LiDAR-derived DTM with a mean error of 0.97 m and a bias of only 0.19 m compared to high-precision GNSS
measurements. These results reinforce that LIDAR technology is a superior tool for accurately characterizing terrain in multistratified
ecosystems and monitoring changes in land cover.

Therefore, this study demonstrates that the integration of LiDAR and multispectral data provides a robust strategy for simulta-
neously evaluating structural and functional attributes in agroforestry systems. At an applied level, the results support the proposal of
optimized monitoring protocols to improve the early detection of structural and physiological changes in multistratified systems.
However, although accuracy and quality-control indicators were incorporated across different stages of the workflow, this study did
not implement a formal stepwise uncertainty propagation analysis; thus, this remains a key limitation that should be addressed in
future research to strengthen the interpretability and transferability of the framework. Future research should incorporate longer
temporal series to capture dynamics at different phenological scales and extend validation to more heterogeneous agroforestry
landscapes, where the variability of associated crops poses additional challenges. Likewise, we recommend exploring the potential of
machine learning models and hybrid approaches integrating LiDAR, multispectral, and radar data. Because this is a case study,
evaluating these methodologies in additional sites and regional contexts will be necessary to assess the feasibility of scaling monitoring
applications and to support the development of standardized and transferable protocols for the sustainable management of agrofor-
estry systems in diverse productive environments.

5. Conclusions

This study demonstrates the feasibility of integrating UAV-LiDAR and multispectral imagery for multitemporal monitoring of
structural and spectral vegetation proxies in a heterogeneous tropical agroforestry context. The main contribution is methodological,
providing an operational workflow for deriving, integrating, and validating canopy-level indicators under complex canopy conditions.
The results support the use of this approach as a transferable monitoring strategy for similar systems; however, because this is a case
study, broader generalization and regional scaling should be considered with caution and require validation across additional sites,
species compositions, and environmental conditions.

The multitemporal analysis revealed contrasting dynamics between the systems, with greater growth in System A, dominated by
fast-growing forest species, and a slight structural reduction in System B, associated with the removal of temporary maize crops. High
percentiles (P95, P99) and density distributions proved to be solid metrics for detecting vertical structural changes, while validation
against field measurements confirmed the reliability of LiIDAR estimates, with correlations above 0.9 and a minimal systematic bias
(+9 cm).
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Spectral indices also revealed differentiated patterns of photosynthetic vigour and canopy density, with MSAVI and MTVI2 being
more sensitive to canopy structure, and GNDVI and NDRE closely linked to foliage content. The use of pansharpening and PCA
optimized the discrimination of patterns and reduced redundancy.
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