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Abstract

Integrating ground-based and aerial remote sensing for individual tree-level stem volume
modeling remains underexplored in Mediterranean mixed forests, despite the growing
need for cost-effective, automated forest inventory approaches. This study evaluated the
combined use of Handheld Laser Scanning (HLS) and Unmanned Aerial Vehicle (UAV)-
based Structure from Motion (SfM) photogrammetry for individual-tree stem volume
modeling in a mixed stand in Castilla y Leén, Spain, dominated by Pinus halepensis, Pinus
pinea, Quercus faginea, and Cupressus sempervirens. Two open-source HLS processing tools;
the Forest Structural Complexity Tool (FSCT) and 3D Forest Inventory (3DFin), were
compared for individual tree attribute extraction, with FSCT outperforming 3DFin across
all species. Reference stem volumes were derived by applying species-specific Spanish
National Forest Inventory (SNFI) allometric equations to FSCT-extracted diameter and
height values. Random Forest models were then built using UAV-5fM crown metrics as
predictors, testing two image overlap configurations: 80 x 80 F (80% front and side overlap)
and 80 x 60 CF (80% front, 60% side, cross-flight). The 80 x 80 F configuration produced
the best-performing model (R? = 0.730), with 80 x 60 CF achieving comparable accuracy
(R? = 0.688), results confirmed by spatially independent leave-one-plot-out cross-validation
(LOPO-CV R? = 0.627 and 0.613, respectively). These results show that combining HLS and
UAV-5fM through a predominantly open-source workflow offers a viable, reproducible
approach to stem volume modeling in structurally complex Mediterranean mixed forests.

Keywords: Handheld Laser Scanner (HLS); Structure from Motion (5fM); random forest;
forest inventory; Unmanned Aerial Vehicle (UAV)

1. Introduction

Mediterranean forests represent a unique ecoregion characterized by a dry, warm cli-
mate with pronounced summer drought, placing vegetation under recurring physiological
stress [1,2]. These ecosystems are ecologically complex and multifunctional, providing
a wide range of provisioning and regulating services [3,4]. Mixed Mediterranean stands
often feature structurally heterogeneous species compositions, including multi-stemmed
broadleaves such as Quercus faginea Lam., that increase both ecological value and inventory
complexity [5]. Accurate forest measurement is therefore a critical input for the decision-
making process underpinning sustainable and multifunctional forest management [6].
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Forest inventories serve as the primary tool for providing the needed information
to support sustainable and multifunctional forest management, ensuring the continued
provision of ecological services, assessing forest structure, and quantifying different forest
resources [7,8]. Traditional methods rely on on-ground surveys, where foresters record
tree species and measure tree attributes such as height (%), diameter at breast height (dbh),
and crown dimensions. These field measurements are subsequently used in allometric
equations to estimate volume, biomass, and other tree and stand-level variables [9-13].
While accurate, these techniques are labour-intensive, time-consuming, and prone to
human error, limiting their applicability at large spatial scales and in structurally complex
stands [14].

Stem volume at the individual-tree level is a key variable in forest inventory, typi-
cally estimated using allometric equations applied to field-measured dbh and h. In Spain,
species-specific allometric equations provided by the Spanish National Forest Inventory
(SNFI) represent the operational standard [15]. However, these equations were developed
several decades ago using tree measurement data that may not fully reflect contemporary
stand conditions. Changes in growth rates driven by climate change and shifting manage-
ment practices, including thinning schedules and rotation lengths, can cause systematic
deviations between predicted and actual volumes when historical allometric parameters
are applied to present-day trees [16]. Despite these known limitations, SNFI equations
remain the operational standard in Spanish forest inventory practice and are therefore
adopted here to ensure comparability with national forest assessments. In the present
study, anomalous volume estimates for Pinus halepensis Mill. were found by using its
regional parameterization. Although species- and region-specific taper equations are also
available [17-19], they are not the actual benchmark. Here, we apply the method used by
forest practitioners in real-world situations in Spain.

Remote sensing technologies, particularly Light Detection and Ranging (LiDAR) and
Structure from Motion (SfM) photogrammetry, have substantially advanced stem volume
modeling and estimation [20,21]. Among ground-based LiDAR systems, Handheld Laser
Scanners (HLS) have emerged as a practical alternative to static Terrestrial Laser Scanning
(TLS) [22], offering unlimited scan positions, high within-plot mobility, and time efficiency.
In fact, it was reported to be 4.7 times faster than multi-scan TLS [23,24] while delivering
accurate estimates of tree detection, dbh, and h [7,25,26]. However, HLS is inherently
limited to plot-level data collection and does not scale efficiently to large forest areas
without complementary aerial data sources.

UAV-based aerial imagery processed through SfM photogrammetry addresses this
scaling limitation by enabling cost-effective, high-resolution 3D reconstruction of forest
canopies across entire stands [27,28]. UAV-5fM point clouds have been shown to reliably
capture crown-level structural attributes, including tree height and crown geometry, that
serve as effective predictors of stem volume [29-32]. Image overlap configuration is a
critical factor in UAV-SfM data quality: front and side overlaps between 60% and 80% are
standard in forest inventory applications, with higher overlap values generally improving
3D reconstruction accuracy [27,33,34], while [35] reported that >90% overlap might be
undesirable considering the flight time and transects increment. The integration of HLS and
UAV-5fM, therefore, offers a compelling framework; HLS provides accurate ground-level
tree attributes from which reference volumes can be derived, and UAV-5fM captures the
crown-level structural information needed to extend predictions across entire forest stands.
Recent work integrating ground-based personal laser scanning with UAV-based sensing
has demonstrated promising accuracy for stem volume estimation at individual tree, plot,
and stand levels in structurally simple temperate coniferous plantations [36]; however,
such approaches have not yet been evaluated in structurally complex Mediterranean mixed
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forests, nor using predominantly open-source processing tools applicable to practitioners
with limited budgets.

This study addresses that gap by (i) evaluating and comparing the performance of
two open-source HLS processing tools, FSCT and 3DFin plugin (via CloudCompare), for
extracting individual tree attributes; (ii) evaluating the reliability of FSCT-derived tree
attributes as a functional substitute for field measurements in SNFI-based stem volume
calculations; (iii) assessing the effect of UAV image overlap configurations on model accu-
racy, and (iv) developing Random Forest (RF) predictive models for individual-tree stem
volume using SNFI-based reference volumes and UAV-5fM crown metrics as predictors.

To our knowledge, this is one of the first studies to systematically combine HLS and
UAV-5fM photogrammetry for single-tree stem volume prediction in a Mediterranean
mixed forest, using a predominantly open-source processing chain calibrated against
national forest inventory standards. While previous work has demonstrated the individual
value of each technology, the integration of ground-level structural attributes derived from
HLS with canopy-level metrics from UAV-5fM, and the use of SNFI allometric equations
as the reference volume standard represents a methodological contribution with direct
operational relevance for Spanish forest inventory practice. The workflow proposed here
is designed to be reproducible, cost-effective, and adaptable to other forest types where
national allometric standards are available.

2. Methodology
2.1. Study Area

The study was conducted in a 30-hectare mixed forest stand near Ampudia, in Castilla
y Le6n region in Spain (41°51'54.44” N, 4°46'21.69” W) (Figures 1 and 2). The region has a
continental Mediterranean climate classified as Csa (hot-summer Mediterranean) under the
Koppen—Geiger system, characterized by hot, dry summers and cold winters, with a mean
annual temperature of 11.9 °C and mean annual precipitation of approximately 491 mm [37].
The forest stand mainly comprises five tree species from three genera: Pinus halepensis
Mill., Pinus pinea L., and Cupressus sempervirens L., planted for restoration purposes, along
with the natural regeneration of Quercus faginea Lam. and some scattered Quercus ilex L.
individuals (although no Q. ilex individuals were recorded in our sampling plots).

Figure 1. (a) Representative view of the Mediterranean mixed forest stand near Ampudia, Palencia,
Spain; (b) field data collection using the ZEB-Horizon HLS scanner within one of the nine circular
sample plots.
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Figure 2. Study area map showing the 30-hectare forest stand and the nine circular sample plots.
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2.2. Ground Data Collection and Analysis

The overall methodological workflow comprises three integrated components: ground-
based data collection and HLS processing (Section 2.2), UAV imagery acquisition and
processing (Section 2.3), and RF model development (Section 2.4), together forming a
complete pipeline from field data acquisition to single-tree stem volume prediction.

Data were collected using three complementary methods: traditional field inventory
and HLS applied across nine sampling plots, and UAV-based aerial imaging applied to the
whole stand.

2.2.1. Field Inventory and Preliminary Data Processing

Nine circular sample plots of 12 m radius were established, with an additional 3 m
buffer to minimize edge effects. In each plot, trees with dbh < 7 cm were excluded from
the analysis. Geographic coordinates of five reference points per plot (marked in red
points in Figure 3: center, North, East, South, West points) were recorded using a Topcon
GNSS receiver (Topcon Corporation, Tokyo, Japan) in post-processed mode to support
spatial referencing of HLS data. Reference points were marked in the field using painted
wooden sticks placed at cleared locations to ensure unobstructed GNSS signal reception.
Post-processed kinematic (PPK) positioning was used to achieve sub-decimetre horizontal
accuracy, with observation sessions of approximately 10 min per point to ensure sufficient
satellite coverage under partial canopy. Under dense canopy, signal multipath and reduced
satellite visibility were mitigated by selecting points at canopy gaps where possible.

For the traditional inventory, the tree species, diameter at breast height (dbh), and total
height (1) were recorded using standard forest inventory tools. Tree dbh was measured with
a diameter caliper (1 mm precision) as the mean of two perpendicular readings at breast
height (1.3 m), and & was measured with a Vertex Laser Geo hypsometer (+0.1 m precision).
In total, 157 trees were measured across all plots (Table 1) under leaf-on conditions to
ensure consistency with HLS and UAV data acquisition. For subsequent analyses, species
were grouped by genus: pinewoods (P. halepensis and P. pinea), oak (Q. faginea), and cypress
(C. sempervirens).
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Figure 3. Walking path for HLS data collection inside each circular plot, following two closing loops
from the center outward.

Table 1. Summary of traditional inventory by tree species and their main attributes, including number
of trees (n), diameter at breast height (dbh), total height (1) and the corresponding mean (mean),
maximum (max), and minimum (min) values. Pinewoods include both Pinus halepensis and P. pinea.

dbh (cm) h (m)

Tree Species n ; .
Mean Max Min Mean Max Min

Pinewoods 93 29.15 44.95 15.85 11.0 16.3 6.9

i. P. halepensis 55 31.37 44.95 18.1 12.8 16.3 9.5

ii. P. pinea 38 26.92 40.85 15.85 9.2 12.4 6.9

Oak (Q. faginea) 34 10.77 19.45 7.00 5.8 8.9 3.4
Cypress (C. sempervirens) 30 16.05 30.60 7.00 8.3 11.4 51

2.2.2. HLS Data Collection and Analysis

HLS data was acquired using a ZEB-HORIZON LiDAR Handheld Laser Scanner
(GeoSLAM Ltd., Nottingham, UK) on each plot. The scanner captures 300,000 points
per second using SLAM technology, allowing continuous data acquisition while moving
through the plot. Scans were conducted under sunny, low-wind conditions. Each plot was
scanned following two consistent closing loops as recommended on previous studies [25];
moving from the plot center toward the north and through the boundary back south to
cover one half, then repeating for the other half with additional passes to ensure complete
stem coverage from multiple angles (Figure 3). Each scan required approximately 15 min
per plot.

HLS data were initially recorded in the proprietary GeoSLAM format (.geoslam) and
converted to the widely supported .las format using FARO Connect GeoSLAM Hub (version
2025.0.0) [38]. Ground Control Points (GCPs) were georeferenced using Magnet Tools
software (version 9.0) [39] to align point clouds spatially. Point clouds were then clipped to
individual plot boundaries in R (version 4.4.1) [40] for further analysis.

The processed point clouds were analyzed using two open-source tools to extract
individual tree attributes (tree position, dbh and ) namely the Forest Structural Complexity
Tool (FSCT) [41] and the 3DFin plugin [42] within CloudCompare (version 2.13.2; [43]. FSCT
is designed to automatically derive plot and tree-level structural metrics through semantic
segmentation of point cloud data, while 3DFin performs automated forest inventories from
terrestrial point clouds via tree individualization. Tree attributes extracted from both tools
were compared against field inventory measurements to evaluate accuracy and to select
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the most suitable tool for subsequent stem volume calculation based on SNFI equations
(Figure 4).

[ Field inventory data J [ Handheld Laser Scanner (HLS) ]
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Figure 4. Flowchart of the HLS data processing workflow from raw point cloud to individual tree

attribute extraction.

2.2.3. Stem Volume Calculation and Cross Validation

From the field-measured tree dbh and h, volume over bark was calculated using species-
specific allometric equations from the SNFI [44]. For the target species, the same equation,
but with different coefficients, was applied:

vee = p-dbhi-n’

where vcc is the tree volume over bark (dm?), dbh is the diameter at breast height (mm), h is
total height (m), and p, g, and r represent specific equation parameters for each province,
species, and tree quality (Table 2). Regarding tree quality, the classification scale ranges
from 1 (straight, healthy dominant tree) to 6 (dead tree without signs of rot). However, the
SNFI database does not cover all classes, frequently utilizing class 2 (healthy, vigorous tree
with potential minor structural defects) as the default category [44].
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Table 2. SNFI allometric parameters (p,q,r) used to estimate tree volume over bark according to
province, tree species, and tree quality [44].

Province Species Tree p q r
Quality
Palencia P. halepensis 2 0.0049296 2.0172500  —0.5889300
Burgos P. halepensis 2 0.0010414 1.8585300 0.8476000
Palencia P. pinea 2 0.0014257 1.7667300 0.9888200
Palencia Q. faginea 2 0.0952676 1.2339900 0.1190100
Palencia C. sempervirens 2 0.0014257 1.7667300 0.9888200

For P. halepensis, the standard SNFI coefficients for the Palencia province produced
volumes substantially lower than expected given the field-measured dbh and h values,
suggesting potential regional parameterization bias (Figure 5). This deviation likely reflects
the fact that the Palencia parameterization was derived from a sample population with
different structural characteristics; potentially younger or more suppressed trees than
those present in the study stand, which was subject to restoration planting and subsequent
thinning treatments. Following the SNFI methodology, the coefficients of the nearest
geographically appropriate zone (Burgos) were therefore adopted for this species for
further analysis. Additionally, P. pinea and C. sempervirens share the same parameters,
reflecting standard SNFI practice for species with insufficient data for independent equation
derivation, where a structurally similar conifer is used as a surrogate.
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Figure 5. Observed deviation of P. halepensis stem volumes (a) with regional coefficients (b) corrected
coefficients for P. halepensis from the nearest area.

Moreover, after selecting the best tool for tree attribute extractions from HLS data (in
our case, it was FSCT), stem volume was calculated following the same SNFI allometric
equation method above. Then, these independently derived volume sets (from FI and
HLS-FSCT) were used to assess whether LIDAR-derived attributes could reproduce the
volumes obtained through conventional field-based methods, which is a critical step to-
ward validating automated forest inventory in Spanish Mediterranean stands where SNFI
equations represent the operational standard.

2.3. UAV Imagery Acquisition and Processing

A DJI Mavic 3 Enterprise UAV (DJI Enterprise, Shenzhen, China) equipped with a
20 MP 4/3 CMOS RGB camera and mechanical shutter was used to capture aerial images
of the entire forest stand. Two flight configurations (Figure 6) were tested:
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e Flight1 (80 x 80 F): Nadir-facing camera, 80% front and 80% side overlap, 245° flight
angle (Figure 6a).

e  Flight 2 (80 x 60 CF): Oblique camera angle (45° tilt), 80% front and 60% side overlap,
cross-flight patterns at 245° and 225° angles (Figure 6b,c).

Figure 6. Drone routes; (a) 80% front and side overlap flight with 245° angle (80 x 80 F), (b) 80%
front and 60% side overlap cross flights (80 x 60 CF) with 245° and (c) 225° angles.

Both missions were flown at 70 m altitude and 10 m/s under clear sky conditions. The
70 m flight altitude was selected to balance spatial resolution—yielding a ground sampling
distance (GSD) of approximately 1.88 cm per pixel—with adequate canopy coverage,
consistent with recommendations for forest inventory UAV applications [27,45]. Ground
Control Points (GCPs) were established in canopy gaps and recorded using a Topcon Hiper
SR GNSS receiver [39] to ensure accurate georeferencing. Approximately 1059 images were
collected from 80 x 80 F and 1113 from 80 x 60 CF.

UAV images from both flight configurations (80 x 80 F and 80 x 60 CF) were processed
independently using WebODM [46], an open-source photogrammetry platform based
on OpenDroneMap, to generate dense 3D point clouds via SfM. GCPs were used as
georeferencing targets. The resulting point clouds were clipped to the nine sample plots
using an extended radius of 15 m (the original 12 m plot radius plus a 3 m outer buffer) to
retain crown points of trees located near the plot boundary and minimise edge effects on
crown metric extraction.

Point cloud processing was performed in R using the lidR package [47,48]. The work-
flow included (i) ground point classification using the Progressive Morphological Filter
(PMF) [49]; applied with four progressive steps: window sizes of 3, 6, 9, and 12 m, and
corresponding height thresholds of 0.10, 0.57, 1.03, and 1.50 m, as implemented in the lidR
package [47,48]; (ii) height normalization using a k-nearest neighbour inverse-distance
weighting (knnidw) spatial interpolation; (iii) generation of Canopy Height Models (CHM)
via the point-to-raster algorithm; and (iv) individual tree top detection using a Local Maxi-
mum Filter (LMF). For individual tree segmentation, the CHM-based Voronoi tessellation
algorithm [50] was applied, as it has demonstrated reliable crown delineation performance
in mixed forest stands with overlapping canopies, consistent with the structural conditions
of the present study.

Once the trees were segmented individually, tree tops and crown polygons were
created using the lidR R package. Crown-level metrics were then extracted using the
lidRmetrics package [51]. These metrics formed the basis of the predictive models for tree
volume. The full processing workflow is illustrated in Figure 7.
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Figure 7. Flowchart of the UAV-S5fM data processing workflow from drone image acquisition to
crown metric extraction.

To enable reliable attribution of UAV-S5fM crown metrics to their corresponding HLS-
derived tree volumes, individual trees identified in the HLS-FSCT algorithm were spatially
matched to tree tops delineated from the UAV-SfM data using QGIS (version 3.44) [52].
Both datasets, HLS-FSCT tree stem positions and UAV-SfM tree top coordinates, were
loaded as separate vector layers within the same georeferenced coordinate system (EPSG:
25830-ETRS 89/UTM zone 30N) and visually inspected for spatial correspondence. All tree
matching was performed manually through visual overlay, to ensure reliable one-to-one
attribution in a structurally complex stand where automated nearest-neighbour approaches
would be prone to misattribution. In ambiguous cases where two or more candidates fell
within close proximity, particularly in areas of high tree density and overlapping crowns,
field-measured dbh and h values were used as additional confirmation criteria. The trees
with a confident match between both data sources, and for which complete UAV-S5fM crown
metrics could be extracted, were retained for model development.

2.4. Individual Stem Volume Model Development

Prior to modeling, each dataset was independently screened for variable distribu-
tions, outliers (using interquartile range thresholds), and missing values arising from
incomplete crown segmentation. Both raw and log-transformed versions of all variables
were examined.

Variable selection proceeded in two stages. First, crown metrics with an absolute
Pearson correlation with stem volume below |r| = 0.40 were removed as uninformative
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predictors. Second, among the remaining candidates, where inter-variable correlations
exceeded |r| = 0.70, the variable with the lower individual correlation to stem volume
was excluded. This process was applied iteratively until no strongly correlated predictor
pairs remained. RF [53] was selected as the modeling algorithm due to its strong perfor-
mance in ecological modeling contexts with limited sample sizes. Two different models
were developed separately for the 80 x 80 F and 80 x 60 CF UAV-flight configurations.
The dependent variable was the tree volume over bark previously calculated from SNFI
allometric equations applied to FSCT-derived dbh and & values. Independent variables
consisted of UAV-SfM selected crown metrics extracted using the lidRmetrics package [51].
These RF models were implemented using the randomForest package [54] in R [40], with all
hyperparameters retained at their default values (ntree = 500; mtry = 2 for the 80 x 80 F
model and mtry =1 for the 80 x 60 CF model). For each configuration, the dataset was ran-
domly partitioned into training (70%) and testing (30%) subsets using the caret package [55]
with a fixed random seed (set.seed(123)) to ensure reproducibility. Model performance
on the test subset was evaluated using R> and RMSE. Additionally, leave-one-plot-out
cross-validation (LOPO-CV) was performed to provide a spatially independent assessment
of model generalizability, in which each of the nine sampling plots was sequentially with-
held as an independent test set while the model was trained on trees from the remaining
eight plots.

3. Results
3.1. HLS LiDAR and UAV-SfM Performance

HLS LiDAR data were processed under two different algorithms already detailed,
FSCT and 3DFin, and compared against traditional field inventory to evaluate bias on tree
detection and size (dbh and h).

Tree detection rates varied considerably between species and tools (Table 3). Both
tools performed well for pinewoods and cypress, but oak detection was markedly lower.
Regarding the algorithms used, differences were found in cypress and oak detection among
them, highlighting that oak detection remained challenging for both tools.

Table 3. Tree detection by FSCT and 3DFin. Field Inventory (FI), Forest Structural Complexity Tool
(FSCT), 3D Forest Inventory (3DFin), Total number of trees (n). Pinewoods include both P. halepensis
and P. pinea. Cypress includes Cupressus sempervirens while oak is Quercus faginea.

FI FSCT 3DFin
n Detected Detection Detected Detection
Trees Rate (%) Trees Rate (%)
Pinewoods 93 89 95.6% 90 96.7%
Cypress 30 27 90.0% 25 83.3%
Oak 34 8 23.5% 18 52.9%
Total 157 124 79.0% 133 84.7%

When evaluating tree size attributes, results were remarkably different. FSCT substan-
tially outperformed 3DFin in h estimation, with notably higher R? and lower RMSE across
all metrics (Table 4). For dbh, both tools performed comparably.

Based on this comparison, HLS data processed within the FSCT algorithm were
selected for subsequent SNFI-based tree volume calculation. The comparison between FI
measurements and FSCT estimations of tree dbh and h are shown in Figure 8a,b.
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Table 4. Statistical comparison of tree size attributes derived from HLS LiDAR data using FSCT and
3DFin algorithms against field inventory (FI) measurements.

Comparison with FI h (m) dbh (cm)
FSCT 3DFin FSCT 3DFin
R? 0.87 0.67 0.86 0.84
RMSE 0.98 1.61 3.21 3.64
MAPE (%) 7.14 12.19 8.18 11.11
501 (@ -7 18] b
£ . -
’g 40 — —8-] = 15 34
w ISy g E - 57
530 4 ab Q 12 . B%¥
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Figure 8. Comparison of FI and FSCT attributes (a) dbl comparison (b) 1 comparison. Each tree
species is represented in different colors. R-square (R?), Root Mean Square Error (RMSE), Mean
Absolute Percentage Error (MAPE).

Stem volumes derived from FSCT-extracted dbh and h showed strong agreement
with those calculated from field-based measurements using the same SNFI allometric
equations (R? = 0.907, RMSE = 58.9 dm3, MAPE = 18.06%), confirming that FSCT-derived
tree attributes can reliably reproduce field-based SNFI volume estimates (Figure 9). This
result supports their use as the dependent variable in subsequent RF model development.

8004
£ 600
14
_Ef. Species
:| Cupressus sempervirens
g 4004 Pinus halepensis
.§ ® Pinus pinea
£ Quercus faginea
(7]
17
L 200+
=
7]
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RMSE = 58.9 dm®
& MAPE = 18.06%
01 ~
0 200 400 600 800

SNFI stem volume_FI (dm®)

Figure 9. Comparison of stem volume calculated from field-measured tree attributes (x-axis) versus
HLS-FSCT-derived tree attributes (y-axis), both using the SNFI allometric equations. Each point
represents an individual tree, colored by species. The dashed line represents the 1:1 line of perfect
agreement between methods; the solid line represents the fitted linear regression between the two
volume estimates. R-square (R?), Root Mean Square Error (RMSE), and Mean Absolute Percentage
Error (MAPE) quantify the agreement between field-based and LiDAR-based volume estimates.
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The 80 x 80 F configuration produced a point cloud density of approximately 580
points/m?, while 80 x 60 CF yielded approximately 290 points/m? (both values refer to the
raw reconstructed point clouds prior to height normalization and filtering). After extracting
crown metrics using lidRmetrics R package [51], there were more than 70 structural and
geometric features per tree, including crown area, height percentiles, crown volume proxies,
convexity indices, and canopy shape descriptors. Among them, the estimated tree heights
(zq95; the 95th height percentile of points within the crown, used as a proxy for tree top
height) were compared with field measurements, where the 80 x 80 F point cloud showed
strong agreement with field measurements (R% = 0.87, RMSE = 0.94 m), with the 80 x 60
CF configuration performing slightly lower (R? = 0.81, RMSE = 1.13 m).

3.2. Stem Volume Modeling

RF models developed separately for each flight configuration used SNFI-based stem
volumes from FSCT-derived tree attributes as the dependent variable and selected UAV-S5fM
crown metrics (Table 5) as predictors.

Table 5. Selected crown metrics used as independent variables for two models. 80% front and side
overlapping flight (80 x 80 F), 80% front and 60% side overlapping cross flight (80 x 60 CF). The
selected variables are non-transformed.

80 x 80 F Model 80 x 60 CF Model
1 zq80 (80th height percentile) zq90 (90th height percentile)
2 L2 (L-moment 2) L2 (L-moment 2)
(proportion of points . .
3 pzaboveb above 5 m) vzrumple (vertical rugosity)
4 CRR (canopy relief ratio) vFRcanopy (canopy fill ratio)
(cumulative proportion at (proportion of points below
5 zpeum? stratum 9) pz_25 2.5m)
6 vFRall (full-fill ratio)
7 Lskew (L-skewness)

The 80 x 80 F model, built on seven selected crown metrics, achieved R? = 0.730
and RMSE = 91.16 dm? on the held-out test dataset (seed = 123). The 80 x 60 CF model,
built on five selected crown metrics, achieved R2 = 0.688 and RMSE = 93.39 dm3. To
provide a spatially independent assessment of model generalizability, LOPO-CV was
additionally performed. In this, each of the nine plots was sequentially withheld as the
test set while the model was trained on the remaining plots. LOPO-CV yielded R? = 0.627
(RMSE = 108.25 dm?) for the 80 x 80 F model and R? = 0.613 (RMSE = 111.95 dm?) for
the 80 x 60 CF model, representing more conservative estimates of predictive accuracy
under spatial independence, as expected given that trees within the same plot share similar
structural conditions. The marginal difference in model performance between the two
flight configurations is broadly consistent with the twofold difference in point cloud density
(580 points/m? and 290 points/m?, respectively), suggesting that higher image overlap
contributes to more informative crown metric extraction.

4. Discussion
4.1. HLS LiDAR Performance

Data processed from HLS LiDAR yielded varying results depending on the evalu-
ated species. Higher detection accuracy was observed for pinewood and cypress, which
constitute the mature canopy layer, far higher than oak (FSCT: 23.5%; 3DFin: 52.9%). Part
of this gap reflects errors well documented in FSCT processing of structurally complex
forests [41]: Pinus halepensis stems forking above breast height were occasionally recorded
as separate individuals (Figure S1 in Supplementary Material), and branches were some-

https:/ /doi.org/10.3390/£17080944


https://doi.org/10.3390/f17080944

Forests 2026, 17,944

13 of 21

times misidentified as independent stems. This reflects limitations of current segmentation
approaches rather than deficiencies specific to either tool. The larger driver, however, is
oak’s growth form: originating from natural regeneration favoured by thinning interven-
tions, oak forms dense clusters in a secondary understory layer with small dimensions
(mean dbh = 10.77 cm). This clustering mimics the effect of low branches on LiDAR stem
recognition, compounded by tree size, since automated recognition is already known
to struggle below 10 cm dbh [7,56,57]. These detection errors propagate into stand-level
estimates such as density [58] and mean diameter [59].

Set against published terrestrial-LiDAR benchmarks, the detection rates obtained here
are lower than those typically reported for structurally simple, single-species stands, where
automated tools consistently reach around 90% [41,60-62], but fall within the range reported
for mixed or multi-layered stands more comparable to ours [7,25,57,63]. This supports
stand structure; overlapping crowns, irregular stem form, and multi-stemmed understory
species, as the dominant constraint on detection, rather than tool performance [22,57,59,64],
and points to dedicated algorithm development for multi-stemmed understory species as a
clear priority for future work.

The h estimates showed a related but more nuanced pattern. Across the stand, ground-
based scanners tended to underestimate height, a well-known consequence of sparse point
density in the upper canopy [7,22,41] that manifested here as incomplete treetop capture
by ground-based LiDAR scanners (Figure S2 in Supplementary Material). Merging ground-
based point clouds with ALS data has been proposed to address this [56,65], though at
the cost of the simplicity that makes the present open-source workflow attractive. For oak
specifically, the pattern reversed: FSCT consistently overestimated #, most likely because
canopy points from neighboring crowns and overstorey pines were misassigned to oak
individuals, which have the same clustered, multi-stemmed structure that is responsible
for the detection errors above. Some studies have adopted clump-level measurement for
resprouting hardwood species: using clump height and whole-clump LiDAR volume rather
than individual stem attributes, and reported good results for biomass estimation [66],
suggesting this approach could benefit structurally similar understory species like Q.
faginea. It is also worth noting that the field reference itself is not error-free: hypsometer
height measurements carry observer-dependent uncertainty, so part of the apparent error
attributed to HLS may instead reflect bias in the reference values [67-69].

dbh estimation was comparably accurate for both tools, consistent with the established
strength of ground-based LiDAR for stem-level measurement, where dense near-ground
point clouds support reliable circular cross-section fitting [7,22,41]. The somewhat higher
dbh error observed here relative to comparable Mediterranean stands [56] is attributable to
the inclusion of smaller trees (dbh > 7 cm); as with detection, point cloud-based dbh estima-
tion is known to lose accuracy below 10 cm [7,59,70]. Taken together, these component-level
errors did not undermine the practical value of the workflow: cross-method validation
showed that FSCT-derived dbh and h reproduced field-based SNFI volumes with high
fidelity (R? = 0.907), confirming that FSCT’s attribute estimates are reliable enough to
support operational stem volume estimation despite known limitations around forking
stems and branch misidentification.

It is important to acknowledge that this cross-method validation assessed the consis-
tency between two applications of the same SNFI allometric equation, one to field-measured
dbh and h, the other to FSCT-derived dbh and h, rather than independently validating the
allometric equation itself. Consequently, the high agreement (R? = 0.907) primarily reflects
the accuracy of FSCT in replicating field-measured tree attributes, and should not be inter-
preted as a validation of the absolute volume estimates produced by the SNFI equations.
Two distinct sources of uncertainty affect the final reference volumes used as RF model
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targets: first, errors in FSCT-derived dbh and h (RMSE = 3.21 cm and 0.98 m respectively),
which propagate through the allometric equation of the SNFI model (vce = p-dbhf-h"); and
second, the uncertainty of the allometric equations themselves, which were parameterized
on historical datasets and may not fully represent contemporary growth conditions in the
study stand [15,16]. Together, these limitations suggest that the absolute volume values
predicted by the RF models carry compound uncertainty beyond what the R? metrics alone
convey, and should be treated as operationally useful approximations rather than precise
individual-tree volume measurements.

4.2. Modeling Individual Stem Volume Based on UAV-SfM Performance

Beyond ground-based attribute extraction, the second phase of this study tested
whether canopy structure captured by UAV-5fM could support individual-tree volume
prediction directly, complementing the HLS-derived attributes above. Flight configuration
was the central methodological decision here, given its direct bearing on output quality;
prior comparisons of flight configurations span contexts as different as urban mapping [71]
and forestry applications [35,45,72], the latter of which more closely mirrors the present case.
Two configurations were compared: an 80 x 80 F nadir flight, following the RGB protocol
of [34], and an 80 x 60 CF cross-flight intended to improve visibility of understory trees
by capturing them from multiple angles, as reported beneficial elsewhere [73]. Contrary
to this expectation, the two configurations produced comparable model accuracy, with
80 x 80 F performing marginally better despite its simpler design-consistent with other
studies finding nadir flights outperform oblique or cross configurations [35,74]. Ref. [35]
notes that while oblique imagery can still add understory information, current analysis
algorithms have yet to fully exploit it, which may explain why the added complexity of
80 x 60 CF produced no measurable gain here. As with the HLS analysis above, automated
individual-tree detection from UAV-SfM proved difficult in this mixed canopy of planted
conifers and oak regeneration, echoing prior work on tree-top identification in mixed
conifer stands [75] and on the limited improvement of increasing image overlap beyond
80% side-overlap [35]. Consequently, manual delineation was adopted to avoid introducing
detection bias into the volume models.

The low oak detection rate (23.5% by FSCT) has direct implications for volume predic-
tion that extend beyond tree detection alone. Oak individuals successfully detected and
matched represent a non-random subsample—likely biased toward larger, more structurally
distinct stems that are more easily resolved from dense understory clusters—meaning the
RF models cannot be considered representative of oak volume variability across its full-size
range in the stand. Given this severely limited and potentially biased oak representation in
both training and test datasets, species-level accuracy assessment for oak is not statistically
meaningful, and the RF models developed here should be considered validated only for the
dominant conifer species groups. In stands where broadleaf understory species represent
a significant proportion of stand volume—as is increasingly the case following natural
regeneration and thinning interventions in Mediterranean forests—this detection limitation
represents a meaningful constraint on operational applicability. Addressing the detection
limitations documented for oaks will require dedicated methodological development. Two
complementary directions appear promising: first, adopting clump-level measurement
approaches—treating multi-stemmed individuals as single structural units for height and
volume estimation rather than attempting discrete stem delineation—has shown good
results for biomass estimation in resprouting tree species [66] and warrants exploration
for Q. faginea in future forest inventory workflows. Second, deep learning frameworks
for 3D point cloud segmentation have demonstrated substantially improved accuracy for
automated individual tree delineation across diverse forest types compared to conventional
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rule-based methods [8], and represent a promising avenue for resolving the clustered,
multi-stemmed growth forms that current automated tools consistently struggle with in
structurally complex mixed stands.

Despite the detection challenge, UAV-derived point clouds yielded reliable height
estimates under both configurations, with 80 x 80 F again performing marginally better-
consistent with its higher point density and the well-established relationship between
image overlap and 3D canopy reconstruction quality [27,72,76]. These crown metrics in
turn supported reasonable volume predictions (R? = 0.730 and 0.688 for 80 x 80 F and
80 x 60 CF, respectively), driven primarily by height percentiles, canopy fill ratios, and ver-
tical distribution descriptors, reflecting the established link between crown architecture and
stem volume, where taller, more densely filled crowns correspond to larger stems [29,76].
That both above- and below-stratum metrics (pzabove5, pz_2.5) contributed to the final
models indicates that the full vertical profile of an individual tree’s own crown, not max-
imum height alone, carries predictive information for its stem volume; consistent with
evidence that within-crown vertical structure explains meaningful additional variance in
individual-tree volume and biomass models beyond height alone [29,77].

These R? values sit within the 0.70-0.80 range commonly reported for RF-based
volume models from UAV-5fM data in structurally complex mixed forests with limited
plot samples [31,77], consistent with RF’s established robustness as a predictive modeling
algorithm across diverse remote sensing applications [78]. That comparable accuracy was
achieved here with only nine plots suggests the workflow is performing near the ceiling of
what this sample size can support; increasing plot replication therefore remains the most
direct route to improving model robustness [77,79-81].

Model accuracy estimates varied according to the validation approach applied, as
expected given the limited sample size. Test-set R? values (0.730 and 0.688 for 80 x 80 F and
80 x 60 CF, respectively) represent an upper bound of predictive accuracy under the specific
random partition used. LOPO-CV R? (0.627 and 0.613) provides a more conservative and
spatially independent estimate, accounting for the fact that trees within the same plot
share similar structural conditions and cannot be considered independent observations.
The consistency between test-set and LOPO-CV results across both configurations, with
80 x 80 F outperforming 80 x 60 CF under both validation approaches, confirms that the
performance difference between flight configurations is genuine rather than an artefact of
the specific partition used.

A related limitation, and one not addressed in this study despite the species-driven
performance differences documented above, is species identification. In open, single-
layered Mediterranean pinewoods, combining low-density LiIDAR with satellite imagery
has produced good species-classification results [82], but this task becomes substantially
harder as structural complexity increases, for at least three reasons. First, scanner type
itself affects identification accuracy: comparisons across multispectral, monospectral, and
single-photon airborne systems show that classification performance is not interchangeable
across sensor types [83]. Second, both the identification technique and the specific species
composition involved matter, since classification accuracy in complex coniferous-broadleaf
mixed forests has been shown to vary considerably between species rather than applying
uniformly across a stand [84]. Critically, this means species identification models cannot
simply be transferred from one forest condition to another, i.e., performance calibrated
in open pinewoods, or even in a different mixed stand, cannot be assumed to hold in
the two-layered conifer—oak structure studied here, underscoring the need for region- or
stand-specific model development rather than a single generalizable solution.

Our finding is consistent with another study, which reported that UAV-based sensing
alone, whether LiDAR or photogrammetry, is insufficient for individual-tree stem volume
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prediction when only crown information is available, and similarly concluded that inte-
gration with ground-based LiDAR is necessary for reliable volume estimation [36]. It is
important to highlight that most of our workflow was supported by affordable, open-source
tools, with the sole exception of the HLS LiDAR data processing. While this device relies
on proprietary software, it was used exclusively to convert the raw output files (.geoslam)
into a standard, non-proprietary format (.las) for subsequent analysis within open-source
tools. Furthermore, this step could be omitted from the workflow and replaced by tra-
ditional forest inventory methods, thereby eliminating acquisition costs. This flexibility
demonstrates that forest managers, landowners, and researchers can successfully access
and reproduce the model and estimate stem volume across large forested areas using
low-cost, consumer-grade RGB drones.

Collectively, the limitations identified across the processing pipeline-from ground-
based detection constraints to UAV-SfM crown metric extraction and model transferability-
point toward a clear development agenda for this type of integrated workflow. Expanding
the sampling framework to include additional plots and stand types remains the most
immediate priority, as model robustness is currently bounded by the available training
data. Over the longer term, advances in automated segmentation algorithms and deep
learning-based point cloud analysis are likely to reduce the manual intervention currently
required for tree matching and detection of structurally complex understory species, broad-
ening the operational applicability of predominantly open-source workflows like the one
demonstrated here.

5. Conclusions

This study demonstrates that integrating HLS with UAV-based SfM photogrammetry
through a predominantly open-source workflow is a viable, reproducible approach for
automated individual-tree stem volume modeling in Mediterranean mixed forest stands.
Four main conclusions emerge from the results.

First, FSCT outperformed 3DFin in tree attribute estimation, particularly for &, and
was selected for SNFI-based stem volume calculation. Second, cross-method validation
confirmed strong agreement between FSCT-derived and field-measured SNFI volumes
(R? = 0.907), supporting the use of HLS-derived attributes as a reliable substitute for labor-
intensive individual tree measurement in standard Spanish forest inventory practice. Third,
the 80 x 80 F UAV flight configuration outperformed 80 x 60 CF in both point cloud density
and & estimation accuracy, yielding a marginally superior volume model (R? = 0.730 vs.
0.688), demonstrating that a single high-overlap nadir flight is sufficient for crown-based
volume modeling without the added complexity of cross-flight patterns. Fourth, RF models
trained on UAV-5fM crown metrics achieved moderate-to-high predictive accuracy for both
configurations (test R? = 0.730 and 0.688; LOPO-CV R? = 0.627 and 0.613), confirming that
photogrammetric crown structure captures sufficient information to predict individual-tree
stem volume when calibrated against HLS-derived reference volumes, while the spatially
independent LOPO-CV estimates confirm the robustness of these results beyond the specific
training partition used.

Together, these findings support HLS and UAV-5fM integration as a cost-effective,
predominantly open-source framework for complementing traditional forest inventory in
structurally complex Mediterranean mixed stands. The use of consumer-grade RGB UAV
sensors and predominantly open-source processing tools lowers the entry barrier for forest
managers and researchers operating under budget constraints. Key practical limitations
should nonetheless be considered before operational deployment: the workflow depends
on SNFI allometric equations as reference volume standards, limiting direct transferability
where such equations are unavailable or poorly parameterised, and model performance is
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sensitive to training sample size. Future work should therefore prioritize expanding plot
replication, improving detection algorithms for multi-stemmed understory species, and
testing the workflow across a broader range of forest types and regions.
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ing to localized over detection errors; Figure S2: Side-view profile of an HLS point cloud colored
by height above the digital terrain model (DTM), illustrating sparse point density in the upper
canopy (yellow-red, >12 m). This reduced point density at treetop level is consistent with incomplete
treetop capture by ground-based laser scanning, contributing to height underestimation relative to
field measurements.
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