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Abstract. Accurate three-dimensional characterization of forest structure is essential for ecological monitoring and operational

forest inventories, not least because vegetation structure fundamentally shapes remotely sensed observations. While UAV-based

laser scanning (ULS) enables detailed reconstruction of canopy and terrain structure, Structure-from-Motion (SfM) photogram-

metry offers a substantially lower-cost alternative using consumer-grade imaging systems. However, the performance of SfM

in forests is strongly influenced by canopy occlusion, observation geometry, and forest structural complexity. Here, we evaluate5

under which conditions optimized UAV-based SfM produces structural representations comparable to ULS and investigate the

role of structural observability in explaining similarities and differences between both sensing approaches.

We compared ULS with two image-based SfM acquisition strategies: (i) a standard nadir-oriented mapping workflow and

(ii) a multi-angle acquisition employing oblique viewing geometries designed to improve canopy observability. Data were

acquired during leaf-off and leaf-on conditions across three contrasting temperate forest plots in Switzerland representing10

deciduous-dominated, mixed, and conifer-dominated stand structures.

Datasets were compared visually and quantitatively using metrics characterizing canopy height, cover, and vertical structural

complexity, together with assessments of ground visibility and individual-tree detection performance. The multi-angle SfM

configuration consistently outperformed the standard nadir-oriented workflow and substantially improved the representation

of canopy structural detail, the completeness of canopy surfaces, and vertical structure. Several structural metrics showed15

improvements approaching a factor of two relative to the standard SfM acquisition. Under favourable conditions, optimized

SfM closely reproduced LiDAR-derived canopy height and plot-scale vertical canopy profiles and occasionally matched or

exceeded LiDAR point frequencies within externally visible canopy layers.

Nevertheless, important limitations remained. SfM exhibited strongly reduced ground visibility beneath closed canopies

and incompletely represented lower canopy layers, sub-canopy structures, and fine woody elements, particularly in struc-20

turally complex and fully foliated stands. Individual-tree detection performance also decreased markedly in dense and conifer-

dominated forests, whereas ULS remained substantially more robust across conditions.

Overall, our results indicate that the principal limitation of UAV-based SfM in forests is not the geometric accuracy of

reconstructed surfaces but the observability of structural elements that remain partially or completely occluded from the camera

network. Observation geometry emerged as a key factor controlling this observability and therefore the degree of agreement25
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between SfM and ULS. Optimized UAV-based SfM can provide a cost-effective alternative for plot-scale characterization

of canopy structure when high-quality terrain information is available and the structural elements of interest are sufficiently

observable from the camera network.

1 Introduction

Forest ecosystems represent structurally complex three-dimensional environments (McElhinny et al., 2005) in which the vis-30

ibility of canopy and sub-canopy elements is strongly constrained by occlusion, canopy density, and observation geometry

(Seidel, 2018). Remote sensing methods that reconstruct three-dimensional point clouds therefore do not directly observe the

complete forest structure, but rather sample the subset of vegetation elements that remain observable under a given sensing con-

figuration (Schneider et al., 2019). As a consequence, structural metrics derived from point clouds are influenced not only by

ecosystem properties themselves, but also by sensor characteristics, viewing geometry, and the spatial distribution of occluded35

canopy volumes (Kükenbrink et al., 2017). Understanding how sensing geometry and canopy occlusion shape structural ob-

servability is therefore critical for the interpretation of remotely sensed forest structure. This becomes particularly important in

close-range applications, where forest structure is often characterized directly from reconstructed three-dimensional geometry

rather than inferred through empirical statistical relationships (Morsdorf et al., 2018).

Recent advances in close-range remote sensing techniques have substantially improved the ability to capture detailed three-40

dimensional (3D) representations of forest structure. Among these approaches, Light Detection and Ranging (LiDAR) and

Structure from Motion (SfM) photogrammetry are widely used for generating point clouds capable of characterizing variables

such as canopy height, vertical foliage distribution, canopy cover, and forest biomass (Iglhaut et al., 2019; Filippelli et al.,

2019). Although based on fundamentally different measurement principles, both approaches produce sensor-specific samples

of the same underlying forest structure, whose completeness is governed by structural observability.45

Many of the concepts underlying remote sensing-based forest structural characterization were originally developed in the

context of airborne laser scanning (ALS), including terrain modelling beneath forest canopies and the quantification of canopy

height and vertical vegetation structure (Kraus and Pfeifer, 1998; Lefsky et al., 1999; Næsset and Okland, 2002; Lefsky et al.,

2002). These developments established LiDAR as a cornerstone technology for forest structural analysis and laid the foun-

dation for subsequent uncrewed aerial vehicle (UAV)-based laser scanning approaches. Advances in sensor miniaturization50

and UAV technology have enabled the deployment of UAV-based laser scanning (ULS) systems capable of acquiring high-

resolution structural observations at local spatial scales. Early ULS systems relied on comparatively large and operationally

complex platforms carrying miniaturized airborne laser scanners (Morsdorf et al., 2017; Kellner et al., 2019), while recent ad-

vances in sensor miniaturization and UAV integration have enabled the deployment of increasingly compact multirotor-based

systems capable of acquiring high-density point clouds at local spatial scales (Mandlburger et al., 2016; Wieser et al., 2017).55

However, despite substantial technological progress, ULS acquisition still requires comparatively complex sensor systems,

precise trajectory reconstruction, and considerable operational expertise during data acquisition and processing.
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In contrast, SfM and Multi-View Stereo (MVS) approaches reconstruct three-dimensional geometry from overlapping image

observations through camera pose estimation and dense image matching. These approaches offer a comparatively low-cost and

operationally flexible alternative (Iglhaut et al., 2019), as data can be acquired using consumer-grade cameras mounted on60

UAVs or handheld systems (Piermattei et al., 2019; Mokroš et al., 2021; Kükenbrink et al., 2022). However, because image-

based reconstruction relies on passive optical observations, the completeness of reconstructed geometry is fundamentally con-

strained by viewing geometry, visibility, and occlusion (Petrovska and Jutzi, 2025a). In forest environments, competition for

light produces vertically stratified and structurally complex canopies in which the very elements defining forest structure si-

multaneously obstruct their own observation, making canopy observability fundamentally dependent on viewing geometry.65

Analogous to terrestrial laser scanning approaches, where occlusion effects are commonly mitigated through multi-scan

acquisition from different observation positions (Bienert et al., 2010; Wilkes et al., 2017; Duncanson et al., 2021), increasing

angular diversity in UAV-based image acquisition may improve the observability of structurally complex forest environments.

Recent advances in UAV platforms, including longer flight endurance and improved imaging capabilities, now allow the op-

erational implementation of highly-redundant multi-angle acquisition strategies. Such acquisition strategies may improve the70

structural completeness of SfM point clouds and potentially reduce the apparent performance gap relative to ULS.

Previous SfM-based sensitivity analyses demonstrated that image overlap, viewing geometry, and oblique image acquisition

can substantially affect the completeness and stability of forest point cloud reconstructions (Frey et al., 2018; Mueller et al.,

2023). Similar observations were also reported in exploratory multi-angle UAV photogrammetry studies focusing on forest

canopy reconstruction (Hese, 2022). However, without an external structural reference such as LiDAR, it remains difficult to75

assess to what degree increasingly complex acquisition schemes actually improve the representation of forest structure.

At the same time, many comparisons between ULS and image-based point cloud reconstruction in forest environments were

still based on acquisition strategies originally optimized for orthomosaic generation, frequently relying on predominantly nadir-

oriented image observations (Winsen and Hamilton, 2023; Dhruva et al., 2024). Such acquisition geometries inherently limit

angular sampling diversity and may therefore confound intrinsic methodological limitations of image-based reconstruction with80

incomplete structural observability caused by viewing geometry, potentially reinforcing the common view that photogrammet-

ric point clouds primarily represent the upper canopy envelope (McNicol et al., 2021). In contrast, increasing angular diversity

and multi-view coverage through oblique acquisitions can substantially expand the observable canopy surface, while remaining

constrained to optically visible structures.

In this study, we compare a state-of-the-art ULS approach with two UAV-based image acquisition strategies: a conventional85

nadir-oriented workflow optimized primarily for standard aerial mapping applications and an enhanced multi-angle acquisi-

tion strategy with highly redundant oblique imagery designed to improve structural observability within forest canopies. The

datasets were acquired across three 50 m × 50 m forest plots representing contrasting temperate forest structural conditions,

including deciduous-dominated, mixed, and conifer-dominated stands. All LiDAR and image-based datasets were collected

during both leaf-on and leaf-off conditions on the same acquisition dates, thereby minimizing temporal differences between90

datasets.
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The objectives of this study are therefore to: (i) evaluate whether optimized multi-angle SfM can approximate ULS in terms

of derived forest structural metrics and canopy representations across contrasting forest structural and phenological conditions;

(ii) assess how acquisition geometry influences canopy representation, vertical structural metrics, and ground visibility; and

(iii) identify forest conditions under which SfM provides a practical alternative to ULS for forest structural characterization.95

2 Data and methods

2.1 Study site

Figure 1. Study area with designated plots derived from an orthoimage acquired in July 2021 using a DJI Phantom 4 RTK. The analyses

focus on three plots representing different forest types and structural conditions: deciduous-dominated (FP5), conifer-dominated (FP8), and

mixed (FP10). Colored points indicate inventory trees, classified by species (beech, douglas fir, spruce, fir, sycamore maple, and other).
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The experiment was conducted at the Ramerenwald site near the Swiss Federal Research Institute WSL main campus in

Birmensdorf, Switzerland. The site is located at 47.3620◦N, 8.4521◦E and comprises three spatially distinct plots (50 m

× 50 m) named FP5, FP8 and FP10. The selected plots represent contrasting forest structural conditions. FP5 is an older,100

deciduous-dominated stand with comparatively large trees, whereas FP8 and FP10 are denser stands with substantial conifer

components. FP10 was included as an additional structurally complex case, characterized by higher species diversity and

heterogeneity, rather than as an intermediate step along a predefined structural gradient.

DBH [cm]

Plot mean SD CV Rich. Shan. Spec. dom. Pconifer Func. dom.

FP5 31.9 12.6 0.40 7 1.02 0.72 0.22 0.78

FP10 22.3 15.1 0.68 11 1.91 0.30 0.60 0.60

FP8 18.5 14.3 0.77 10 1.62 0.40 0.61 0.61
Table 1. Summary of forest structural properties derived from field inventory data for the three study plots (FP5, FP10, FP8), representing

contrasting stand structures. Diameter at breast height (DBH) is reported as mean, standard deviation (SD), and coefficient of variation (CV)

in cm. Species richness, Shannon diversity, and species dominance (relative abundance of the most common species) were computed at the

species level. The proportion of coniferous trees (Pconifer) and functional dominance were derived from functional grouping into deciduous

and coniferous species.

Inventory data (Table 1) highlight clear differences in stand structure: FP5 is characterized by fewer but larger trees (high

mean DBH, low variability), whereas FP8 exhibits higher stem density and smaller trees with greater variability in DBH. The105

mixed stand FP10 combines relatively high stem density with pronounced variability in tree size and species composition.

Each plot was centred on a permanently marked reference point, enabling repeated measurements and long-term monitoring.

Across the study area, the dominant tree species are European beech (Fagus sylvatica), silver fir (Abies alba), and Norway

spruce (Picea abies).

Together, these plots represent contrasting combinations of tree size, stem density, and structural heterogeneity, including110

varying levels of understory vegetation, and thus provide a suitable testbed to evaluate the performance of SfM and LiDAR

across different forest structural conditions.

Within each plot, the position, species and diameter at breast height (DBH) of all trees exceeding a DBH threshold of 7 cm

were recorded. Tree positions were determined using a Leica MS50 total station referenced to a network of permanent survey

points established from differential GNSS measurements and a subsequent total-station traverse, resulting in sub-centimetre115

relative positioning accuracy. DBH was measured using a caliper in two orthogonal directions, while stem circumference was

recorded for trees exceeding the caliper range.
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Figure 2. Image-acquisition geometries of the standard nadir-oriented SfM survey at 100 m AGL (top) and the multi-angle oblique survey at

80 m AGL (bottom). Blue points and grey lines represent nominal camera positions and flight paths, respectively; orange symbols schemat-

ically indicate nadir footprints or estimated oblique viewing directions. Black and dashed grey outlines indicate the 50 × 50 m analysis plot

and its processing buffer.

2.2 UAV-based SfM data acquisition and processing

Two aerial campaigns were conducted under contrasting phenological conditions (leaf-off: 26 March 2024; leaf-on: 29 May

2024). During each campaign, ULS and UAV-based SfM datasets were acquired consecutively to minimise temporal differ-120

ences.
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Plot SfM Phenol.
No.
img

GSD
[cm]

Cam.
err.
[cm]

Points
full

Points
2 cm

Alt.
[m]

ICP offset
[cm]

x y z

FP5 Std. On 100 2.36 3.79 16,173,874 6,279,086 82.6 -12.7 29.8 18.1

FP5 Std. Off 100 2.51 4.70 7,184,659 3,345,940 85.3 -19.6 37.2 32.6

FP5 High On 445 1.83 6.02 45,902,825 14,222,487 59.2 -29.4 6.9 16.9

FP5 High Off 440 2.10 6.97 24,261,122 9,077,639 73.7 -9.6 0.7 -1.1

FP8 Std. On 99 2.22 3.24 20,381,100 8,082,331 81.8 -36.3 -20.8 47.4

FP8 Std. Off 97 2.33 4.04 12,777,718 4,979,773 83.2 -34.6 -7.5 18.1

FP8 High On 448 1.85 6.86 51,363,975 16,363,207 64.4 -8.6 9.3 5.8

FP8 High Off 437 1.96 8.87 40,800,475 13,642,291 67.1 34.0 -5.0 -1.6

FP10 Std. On 100 2.27 4.76 13,637,600 5,273,014 83.0 34.7 -25.8 4.8

FP10 Std. Off 99 2.22 3.24 11,867,900 4,619,125 81.8 31.8 -36.2 -2.6

FP10 High On 423 1.83 8.59 44,050,135 13,672,751 64.5 49.7 -25.2 7.0

FP10 High Off 420 1.87 6.22 40,557,321 12,713,104 63.9 68.2 13.1 5.8
Table 2. Overview of the SfM datasets, acquisition settings, reconstruction characteristics, and ICP-derived registration shifts relative to

the ULS reference. Shifts in x, y, and z were obtained by rigid ICP co-registration in CloudCompare with ULS as the reference, using

default random subsampling of the complete point clouds. These shifts may also reflect differences in vegetation representation and are not

independent estimates of geolocation error. “Full” denotes the original dense SfM reconstruction, whereas “2 cm” denotes subsampling to a

minimum point spacing of 2cm.

RGB imagery was acquired using a DJI Mavic 3 Multispectral (M3M) UAV equipped with a 20 MP RGB camera. Flight

missions were planned in Drone Harmony and consisted of two acquisition configurations (Fig. 2). The standard configuration

used a nadir-oriented double-grid flight pattern at a nominal flight altitude of 100 m above the take-off elevation, whereas the

high-overlap multi-angle configuration combined two double grids rotated by 45◦ and acquired at an oblique viewing angle of125

70◦ from a nominal altitude of 80 m above the take-off elevation. Terrain variation within the plots was small relative to the

flight altitude, and all flights were conducted without terrain following.

Both configurations were designed to provide very high image overlap (95% forward and 90% side overlap). However, these

values represent nominal overlaps calculated relative to the ground surface. In forest canopies, the effective overlap at canopy

height is lower because image footprints decrease with decreasing sensor-object distance. The high nominal overlaps were130

therefore intentionally chosen to ensure sufficient image redundancy within structurally complex forest canopies.

All SfM processing was performed in Agisoft Metashape Professional (Version 2.2.0). Images were aligned using the High

accuracy setting, while depth maps and dense point clouds were generated using the Ultra High setting. Mild depth filtering was

applied to reduce the occurrence of spurious points below the terrain surface. For each flight configuration and phenological

state, point clouds, orthomosaics and digital elevation models were generated.135
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2.3 ULS data acquisition and processing

Similar to the SfM data, LiDAR acquisitions were conducted in both leaf-off and leaf-on conditions using a DJI Matrice 600

(M600) hexacopter equipped with a RIEGL miniVUX-3 UAV laser scanner. Each LiDAR survey was carried out immediately

prior to the corresponding SfM acquisition on the same day. The laser scanner operated at a pulse repetition frequency of 300

kHz and was mounted in nadir orientation, providing a full 90° field of view. Flights were performed at a nominal altitude140

of 60 meters above ground level with a forward speed of 3.1 m/s. To ensure complete coverage of all study plots and max-

imize canopy penetration from varying perspectives, a combined flight pattern was employed consisting of two double-grid

trajectories rotated by 45 degrees, thereby providing an acquisition geometry comparable to the optimized multi-angle SfM

survey. The resulting LiDAR point clouds were classified into ground and vegetation returns using LAStools lasground func-

tion (v241125). For each phenological condition (leaf-on and leaf-off), the classified point clouds were subsequently clipped145

to the plot boundaries.

2.4 Co-registration of LiDAR and SfM data

LiDAR and SfM point clouds were matched by phenological state and plot ID and co-registered in CloudCompare (Version

2.13) using the built-in iterative-closest-point (ICP) algorithm using the default values for number of random samples (50’000)

and expected overlap (100%). The LiDAR point clouds served as the reference coordinate system, while the SfM point clouds150

were adjusted by translation and rotation only, with scale held constant. The resulting translation parameters are reported

in Table 2. These values should be interpreted as pragmatic co-registration parameters rather than as absolute measures of

positional accuracy, as ICP alignment is influenced by the subset of structures represented in both point clouds and by the

presence of non-corresponding observations. For this reason, co-registration was performed only between LiDAR and SfM

datasets acquired under the same phenological conditions.155

Following registration, all point clouds were spatially subsampled using CloudCompare to a minimum point spacing of

2cm, reducing oversampling and partially harmonizing point densities across datasets (Table 2). The aim was not to equalize

the point clouds completely, but to minimize density differences arising purely from differences in acquisition sampling density

and thereby facilitate a more meaningful comparison of structural observability.

2.5 Terrain modelling and point-cloud normalization160

All point clouds were first clipped to the true 50× 50m plot extent in the original LV95 coordinate system. For numerical

processing and visualization, a plot-wise translation was applied to shift the coordinate origin to a local coordinate system.

This transformation was applied equally to all datasets of a plot and did not involve any rotation or scaling.

Ground returns extracted separately from the leaf-off and leaf-on ULS acquisitions were interpolated onto regular 0.25m

grids using natural-neighbour interpolation, resulting in phenology-specific LiDAR-derived terrain models. Each LiDAR and165

SfM point cloud was subsequently normalized using the LiDAR DTM corresponding to the same phenological state. This
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avoided additional uncertainty from cross-phenological co-registration while maintaining a common terrain reference within

each LiDAR–SfM comparison.

The interpolated terrain elevation was subtracted from each point to derive normalized height-above-ground coordinates.

The ability of each acquisition strategy to directly observe the terrain surface was analysed separately based on ground-point170

density and spatial coverage (Section 2.6.3).

2.6 Multi scale structural analysis

The selected analyses were designed to characterize forest structure across multiple levels of spatial organization, ranging from

plot-scale vertical canopy profiles and local structural metrics to ground visibility and individual-tree representations.

2.6.1 Vertical canopy profiles175

Plot-level vertical point-height profiles were generated by aggregating all terrain-normalized point heights within the 50×50m

plot extent into 90 equally spaced height bins between 0 and 45m. Histograms were intentionally expressed as absolute point

counts to preserve differences in both vertical distribution and observation magnitude between sensing modalities. All profiles

were derived from the spatially subsampled (2cm) point clouds.

2.6.2 Structural metrics180

To enable quantitative comparisons between LiDAR and SfM point clouds, we selected three structural metrics representing

complementary dimensions of forest canopy structure. Following the conceptual framework of Fahey et al. (2019), temperate

forest canopies can be described along three largely independent structural axes: canopy height, canopy openness, and vertical

complexity. Although these dimensions are not strictly orthogonal, they capture complementary aspects of canopy organization

and therefore provide a useful framework for evaluating structural observability in 3D point clouds. Accordingly, we derived185

canopy height (CH), fractional cover (FCO), and foliage height diversity (FHD) as proxies for these three dimensions using a

custom MATLAB-based processing workflow. These metrics have been widely used to characterize vegetation structure across

spatial scales. Their interpretation, however, depends strongly on the unit of aggregation. While pixel-based implementations

frequently reflect stand-level structural heterogeneity and spatial aggregation patterns (Schneider et al., 2017), individual-tree

implementations can act as crown morphological descriptors and proxies of tree architecture (Zheng et al., 2021). Accord-190

ingly, all metrics were calculated on a regular 2m grid, representing a compromise between local canopy characterization and

statistical robustness while maintaining sufficient returns per grid cell for stable metric estimation.

Canopy height (CH) was defined as the 99th percentile of normalized point heights within each grid cell. Fractional cover

(FCO) was calculated as the proportion of returns above 0.5m, representing canopy closure and openness. Foliage height
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diversity (FHD) was used to characterize vertical structural complexity and was calculated from the relative distribution of195

returns above 0.5m among height bins using the Shannon-Wiener entropy formulation:

FHD =−
∑

i

pi log(pi), (1)

where pi denotes the proportion of returns within height bin i.

For each plot, acquisition strategy, and phenological state, SfM-derived grid-cell metrics were compared against the corre-

sponding LiDAR-derived values using the coefficient of determination (R2), regression slopes, root mean square error (RMSE),200

normalized RMSE (nRMSE), and mean bias.

2.6.3 Ground visibility

Ground visibility was assessed by selecting all points with normalized heights of ≤ 0.1m relative to the LiDAR-derived terrain

surface for each phenological state. Ground observations were quantified using a regular grid with a cell size of 0.25m. Spatial

completeness was quantified as grid occupancy, i.e., the proportion of 0.25m grid cells containing at least one ground point.205

In addition, local ground-point density was characterized as the median number of ground points per occupied grid cell. These

metrics were compared across sensing modalities and phenological states.

2.7 Individual tree detection and segmentation

To complement the plot- and grid-level structural analyses, individual tree detection and segmentation were evaluated as a tree-

level application of the different point-cloud acquisition strategies using the SegmentAnyTree (Wielgosz et al., 2024) framework210

implemented on the ForestSens platform (https://forestsens.com/).

The segmentation workflow was applied consistently across all subsampled (2 cm) datasets without plot-specific parameter

tuning. For the individual tree detection workflow, leaf-on and leaf-off SfM point clouds were merged prior to segmentation to

increase the structural completeness of the reconstructed point cloud.

To maintain a consistent processing workflow across sensing approaches, the corresponding ULS point clouds were merged215

in the same manner before segmentation and matching. No additional post-filtering of segmented trees, such as removing

segments based on minimum point count, segment size, or other geometric plausibility criteria, was applied prior to evaluation.

Consequently, all segmentation artefacts, over-segmentation effects, and false detections produced by the respective point

clouds were retained in the evaluation.

Segmentation results were then evaluated independently for LiDAR and SfM datasets against the same field inventory. Seg-220

mented trees were spatially matched to field-measured stem positions using a global one-to-one nearest-neighbour assignment

based on horizontal distances and a maximum matching threshold of 2m. Tree positions of segmented instances were defined

as the horizontal centroid (mean x,y position) of all points belonging to the segment within a 1−2m height-above-ground

slice, providing an approximation of stem position rather than crown centroid. Each field tree and each detected tree could only

be assigned once.225
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Detection performance was quantified using recall and precision. Recall was defined as the proportion of field-inventory

trees successfully detected in a given point-cloud dataset:

Recall =
TP

TP +FN

where TP represents detections matched to field-inventory trees and FN represents field trees not detected in the point

cloud.230

Precision was defined as:

Precision =
TP

TP +FP

where FP represents segmented trees without a corresponding field-inventory tree within the matching threshold.

The harmonic mean of precision and recall was additionally summarized using the F1-score:

F1 = 2 · Precision ·Recall
Precision+Recall

235

3 Results

3.1 Point cloud comparison under varying observation geometry and phenology

We first compare ULS and SfM point clouds visually to highlight differences in canopy representation under varying observa-

tion geometries and phenological conditions. Consequently, the figures primarily serve to compare geometric completeness and

structural representation rather than visual appearance. The animated supplementary videos provide additional visual context240

and can aid the interpretation of structural differences apparent in the static figures.

For FP5 (Figure 3), ULS shows continuous canopy surfaces, clearly visible stems, and structural elements throughout the

canopy profile. SfM High (multi-angle oblique acquisition) reconstructs substantially more woody and canopy structure than

SfM Standard (standard nadir acquisition), particularly under leaf-off conditions, but both SfM configurations lose structural

information below dense crowns during leaf-on conditions.245

For FP8 and FP10 (Figure A1), visual differences between leaf-off and leaf-on conditions are less pronounced, consistent

with the substantial conifer component of both stands. SfM High again produces a more complete and vertically continuous

reconstruction than SfM Standard, while ULS maintains the most complete representation across canopy layers.

Across all plots, ULS produced a more volumetric representation of forest structure, including interior crown points and

persistent representation of stems and lower canopy elements. SfM point clouds were dominated by externally visible canopy250

and woody surfaces, with SfM High showing greater canopy continuity and representation of woody elements than SfM

Standard. Differences among acquisition strategies were most pronounced in the deciduous-dominated FP5 plot under leaf-on
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Figure 3. 3D visualization of the deciduous-dominated plot FP5 under leaf-off (top row) and leaf-on (bottom row) conditions. Columns

show ULS (left), SfM High (middle), and SfM Standard (right). The SfM High configuration improves the representation of canopy structure

compared to the Standard configuration, while ULS captures finer structural detail throughout the canopy. Animated version is available at

https://youtu.be/ojkjL9tJARA.

conditions. These relative differences between SfM Standard and SfM High remained clearly visible after spatial subsampling

to a common point spacing, indicating that they were not solely attributable to differences in point density.

3.2 Vertical canopy structure255

In FP5, ULS exhibits a pronounced peak of canopy material around 25 m under leaf-off conditions (Figure 4). This peak is only

partially represented by SfM High and is largely absent in SfM Standard. Visual inspection indicates that this discrepancy is

primarily associated with the incomplete reconstruction of fine woody elements in the upper canopy. Under leaf-on conditions,

however, SfM High closely reproduces the dominant canopy peak and locally even exceeds ULS point frequencies within the

canopy layer.260

In FP8 and FP10, SfM High again shows substantially closer agreement with ULS than SfM Standard. Across both pheno-

logical conditions, the general shape and position of the dominant canopy peaks are reproduced remarkably well at plot scale,

and several secondary peaks and shoulder structures indicative of vertically stratified canopies are also partially recovered.
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Figure 4. Plot-level height–frequency distributions of point cloud returns within the 50m× 50m plots FP5 (deciduous-dominated), FP8

(conifer-dominated), and FP10 (mixed/structurally heterogeneous), shown for leaf-off (top row) and leaf-on (bottom row) conditions. Solid

grey, teal, and orange lines indicate LiDAR, SfM Standard, and SfM High, respectively.

Nevertheless, below the dominant canopy layers, SfM profiles frequently decline more rapidly than the corresponding ULS

profiles, indicating reduced observability of lower canopy structure.265

Overall, SfM High reproduced plot-scale vertical point distributions remarkably closely and substantially reduced differences

relative to ULS. Even when considering absolute point frequencies, SfM High often reached point counts within the same order

of magnitude as ULS while closely matching the position of the dominant canopy peaks.

3.3 Comparison of derived canopy structure metrics

We further evaluated the agreement between ULS and SfM-derived canopy metrics, including canopy height (CH), fractional270

cover (FCO), and foliage height diversity (FHD).

For FP5, canopy height shows strong agreement across methods, particularly under leaf-on conditions (Figure 5). Fractional

cover and foliage height diversity exhibit larger deviations between ULS and SfM. Across the FP5 comparisons, SfM High

generally shows higher agreement with ULS than SfM Standard.
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Figure 5. Comparison of ULS and SfM-derived canopy metrics for the deciduous-dominated plot FP5. Top row: leaf-off; bottom row:

leaf-on. Metrics include canopy height (left), fractional cover (middle), and foliage height diversity (right).

Under leaf-off conditions, canopy height was systematically underestimated by SfM. The standard nadir acquisition exhib-275

ited a canopy height bias of approximately −4.9m, whereas the multi-angle oblique acquisition substantially reduced this bias

to approximately −2.2m.

For FP8, canopy height agreement is high for both SfM configurations and phenological states (Figure A2). Fractional cover

also shows comparatively high agreement under leaf-on conditions. FHD shows larger scatter and lower agreement than canopy

height, with differences between SfM Standard and SfM High configurations remaining visible. FP10 showed consistently high280

canopy-height agreement, while fractional cover and particularly FHD showed greater sensitivity to phenological condition and

acquisition strategy.

Canopy height showed the strongest overall agreement between SfM- and ULS-derived metrics across all study plots and

acquisition settings (Figure 6). For FP8 and FP10, canopy height agreement was consistently high (R2 > 0.9) for both SfM

Standard and SfM High acquisitions under leaf-on and leaf-off conditions, with regression slopes remaining close to unity.285

Fractional cover agreement varied more strongly with phenological condition. Across all plots, leaf-on acquisitions resulted

in higher agreement with ULS than leaf-off acquisitions. The highest fractional cover agreement was observed for FP8, where
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Figure 6. Agreement of structural metrics derived from SfM and ULS point clouds across three forest plots (FP5, FP8, FP10) and pheno-

logical conditions. Filled symbols indicate leaf-on acquisitions, while open symbols indicate leaf-off acquisitions. Circles represent SfM

Standard acquisitions and squares represent SfM High acquisitions; colours are retained for visual guidance.

R2 values exceeded 0.9 for both SfM acquisition strategies during leaf-on conditions. Agreement was consistently lower under

leaf-off conditions, particularly for FP5.

Foliage height diversity (FHD) showed lower overall agreement with ULS than canopy height or fractional cover and ex-290

hibited stronger variability among plots, phenological conditions, and acquisition strategies. SfM High consistently showed

stronger FHD agreement than SfM Standard. The strongest agreement was observed for FP8 under leaf-on conditions using

SfM High (R2 ≈ 0.78). A pronounced effect of acquisition strategy was also observed for FP5 under leaf-off conditions, where

SfM High reached relatively high agreement (R2 ≈ 0.65), while SfM Standard showed substantially lower agreement. The

lowest agreement occurred for FP5 with SfM Standard in leaf-on conditions (R2 ≈ 0.26).295

3.4 Ground point availability and terrain representation

To assess differences in terrain observability between acquisition methods, we analyzed the spatial distribution of ground

returns and ground-like SfM points under different phenological conditions.

For FP5, ground point availability is high in the ULS data under both phenological conditions (Figure 7). In the SfM

datasets, ground-like points are more spatially clustered and decrease strongly under leaf-on conditions, particularly in areas300

below closed crowns.

For FP8, SfM-derived ground-like points are sparse and spatially discontinuous relative to ULS (Figure A3). The difference

is visible under both phenological conditions and is especially apparent in the standard SfM configuration.

15

https://doi.org/10.5194/egusphere-2026-6343
Preprint. Discussion started: 29 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 7. Spatial distribution of ground points for the deciduous-dominated plot FP5 under leaf-off (top row) and leaf-on (bottom row)

conditions. Columns correspond to ULS, SfM High, and SfM Standard (from left to right).

Ground visibility differed strongly between ULS and SfM datasets and was sensitive to phenological state and acquisition

geometry (Figure 8). ULS maintained consistently high ground visibility across all plots, with more than 80% of the ground305

area remaining observable even under leaf-on conditions. In contrast, SfM reconstructions showed substantial reductions in

observable ground area, particularly in FP10 and FP8. Leaf-on conditions reduced both the spatial extent and local density of

ground observations for all methods, including ULS, although the strongest reductions were observed for SfM.

SfM High increased the proportion of observed ground area relative to SfM Standard in all plots, with the strongest im-

provements observed in FP5 under leaf-off conditions. In addition to spatial coverage, marked differences in local ground-310

point density were observed. ULS frequently exhibited lower median numbers of ground points per occupied grid cell despite

substantially larger overall ground coverage, whereas SfM ground observations were concentrated in localized canopy gaps

and open areas. Consequently, high local densities of SfM ground points did not translate into good terrain representation at

the plot scale.
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Figure 8. Ground visibility metrics derived from terrain-normalized point clouds. The upper panels show spatial completeness, expressed as

the proportion of grid cells containing at least one ground point. The lower panels show local ground-point density, expressed as the median

number of ground points per occupied grid cell. Results are shown separately for leaf-off and leaf-on conditions across the deciduous-

dominated (FP5), mixed (FP10), and conifer-dominated (FP8) plots. Circles indicate ULS, triangles indicate the multi-angle oblique acqui-

sition (SfM High), and squares indicate the standard nadir acquisition (SfM Standard); colours are retained for visual guidance.

3.5 Single tree detection315

Individual tree detection performance varied strongly among forest plots and acquisition strategies (Figure 10). The highest

detection rates were observed in the deciduous-dominated plot FP5, where SfM High achieved recall values close to ULS and

substantially higher recall than SfM Standard. In contrast, recall was markedly lower in the mixed FP10 and conifer-dominated

FP8 plots, where even SfM High detected substantially fewer field trees than ULS.

17

https://doi.org/10.5194/egusphere-2026-6343
Preprint. Discussion started: 29 October 2026
c© Author(s) 2026. CC BY 4.0 License.



Table 3. Individual tree detection performance across plots and acquisition strategies. Shown are the number of field-observed trees (nfield),

the total number of detected tree segments (ndetected), true positives (TP), false negatives (FN), false positives (FP), recall (TP / field trees),

precision (TP / detected trees), and the F1-score, representing the harmonic mean of recall and precision.

Plot Method Conf. nfield ndet TP FN FP Recall Precision F1

FP5 LiDAR Ref. 69 158 66 3 92 0.957 0.418 0.582

FP5 SfM Std. 69 79 40 29 39 0.580 0.506 0.541

FP5 SfM High 69 108 59 10 49 0.855 0.546 0.667

FP10 LiDAR Ref. 179 255 154 25 101 0.860 0.604 0.710

FP10 SfM Std. 179 36 16 163 20 0.089 0.444 0.149

FP10 SfM High 179 84 49 130 35 0.274 0.583 0.373

FP8 LiDAR Ref. 187 227 121 66 106 0.647 0.533 0.585

FP8 SfM Std. 187 66 42 145 24 0.225 0.636 0.332

FP8 SfM High 187 119 67 120 52 0.358 0.563 0.438

The difference between SfM Standard and SfM High was most pronounced in FP5. In this plot, SfM Standard detected only320

about half of the field-observed trees (recall = 0.58), whereas the multi-angle oblique acquisition recovered most trees (recall

= 0.86) and approached the ULS detection rate (recall = 0.96). In FP10 and FP8, SfM High also achieved higher recall than

SfM Standard, but the remaining difference to ULS was substantially larger (FP10: 0.27 vs. 0.86; FP8: 0.36 vs. 0.65).

The spatial matching examples support this pattern (Figure 9). In FP5, ULS and SfM High produced broadly similar spatial

patterns of matched tree positions. The main difference was that ULS produced a larger number of unmatched detections,325

whereas SfM High achieved a more balanced trade-off between recall and precision. In FP8, both ULS and SfM High showed

lower matching performance, with the SfM result containing a larger number of unmatched field trees.

The detailed matching results confirm the plot-level patterns (Table 3). In FP5, SfM High achieved substantially higher

recall than SfM Standard and approached the ULS detection performance. Precision was also higher for SfM High than for

ULS in this plot, resulting in the highest F1-score among the FP5 configurations. In FP10 and FP8, SfM High showed higher330

recall than SfM Standard, but recall remained substantially below ULS. Precision nevertheless remained comparatively high,

indicating that the lower detection performance of SfM was primarily associated with increasing numbers of false negatives

rather than excessive false-positive detections.

4 Discussion

4.1 Observation geometry and point cloud completeness335

The visual point-cloud comparison demonstrates that image acquisition geometry is a primary factor controlling the complete-

ness of UAV-SfM forest reconstructions. Increasing angular diversity through highly redundant oblique image acquisitions

substantially improved canopy continuity, the reconstruction of woody elements, and the representation of lower canopy layers

compared with the standard nadir-dominated acquisition. This indicates that part of the performance gap between UAV-based
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Figure 9. Individual tree detection examples for the deciduous-dominated FP5 and conifer-dominated FP8 plots. Crosses indicate field-

inventory tree positions and circles indicate detected tree centroids. Teal symbols represent matched trees, while orange symbols indicate

unmatched field trees or unmatched detections.

SfM and ULS is not only caused by the passive imaging principle itself, but also by the extent to which the acquisition geometry340

samples canopy elements from multiple viewing directions.

This finding is consistent with previous studies on UAV-based photogrammetry in forests, which demonstrated that increased

image overlap and multi-angular acquisition geometries improve canopy reconstruction by increasing viewpoint diversity and

reducing occlusion effects (Smith et al., 2016; Nesbit and Hugenholtz, 2019). The present study extends these findings by

showing that the benefit of multi-angle acquisition is not limited to increasing point density. Instead, additional viewing direc-345
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Figure 10. Aggregated individual tree detection performance across the three study plots (FP5, FP10, FP8) and acquisition strategies. Recall

(detection rate) is shown for ULS, SfM High (multi-angle oblique acquisition), and SfM Standard (standard nadir acquisition).

tions improve structural observability by changing which canopy components can be reconstructed. Similar effects have been

demonstrated for active laser scanning systems, where observations from different viewing geometries reveal complementary

structural information and substantially alter the apparent representation of vegetation structure (Schneider et al., 2019). More

generally, previous work on image-based point clouds has emphasized that viewing geometry and occlusion can substantially

influence reconstruction completeness, particularly in structurally complex environments (Iglhaut et al., 2019).350

The persistence of structural differences between SfM Standard and SfM High after spatial subsampling further supports

this interpretation. If the improvement of SfM High were primarily a point-density effect, harmonizing point spacing should

have reduced most differences between the two SfM configurations.

4.2 Vertical canopy structure and canopy observability

The comparison of vertical canopy profiles demonstrates that the agreement between SfM and ULS is primarily controlled by355

structural observability rather than point density alone. High-redundancy multi-angle SfM produced plot-level vertical profiles

that closely resembled those derived from ULS, despite the fundamental differences between passive image matching and active

laser ranging. This indicates that canopy representations are strongly governed by sampling geometry and by the probability

that vegetation elements are observed from suitable viewing directions.
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The close agreement of plot-level vertical profiles can partly be explained by the fact that both sensing approaches provide360

observation-weighted representations of forest structure rather than complete volumetric descriptions. Although ULS provides

improved penetration through canopy gaps, the majority of returns are still generated from the most observable canopy ele-

ments. Consequently, vertical profiles are dominated by well-sampled structures, whereas differences in less observable regions

contribute less to the overall profile shape.

However, similar vertical profiles should not be interpreted as identical sampling of forest structure. Photogrammetric point365

clouds remain constrained by image-based visibility and therefore provide less information on poorly observable canopy re-

gions. Similar behaviour has been reported previously for image-based forest reconstructions, where photogrammetric point

clouds predominantly captured canopy surfaces while providing comparatively limited information on lower canopy structure

(Dandois and Ellis, 2013; Dandois et al., 2015). Likewise, UAV photogrammetry in tropical forests reproduced upper-canopy

structure reasonably well but remained less sensitive to hidden structural components, although these studies were based mainly370

on nadir-oriented acquisition designs (McNicol et al., 2021).

The beech-dominated FP5 plot in leaf-off condition represents a special case because fine woody elements limited the pho-

togrammetric reconstruction of the upper canopy. However, the resulting discrepancy should not be interpreted solely as a

failure of SfM. Simulation studies suggest that objects approaching or falling below the footprint size can generate spurious

LiDAR returns and distort the apparent representation of canopy structure (Abegg et al., 2023). Complementary experimental375

evidence indicates that the representation of fine branches in LiDAR point clouds is highly dependent on footprint size and

sampling geometry (Morhart et al., 2024). Given the relatively large footprint and dense sampling used here, the pronounced

differences in FP5 leaf-off likely reflect different sensor-specific realizations of fine woody canopy structure rather than recon-

struction errors alone.

Furthermore, the two sensing modalities differ fundamentally in how repeated observations affect point-cloud density. In380

SfM, additional images do not necessarily produce additional points because new observations only contribute when stable

image matches can be established. LiDAR, by contrast, can continue to accumulate returns on fine woody elements with

increasing observation density, potentially amplifying the representation of small structures.

The agreement between ULS and the high-redundancy multi-angle SfM configuration may partly result from the fact that

both acquisitions provided high angular diversity, increasing the probability of observing canopy elements through available385

gaps and from multiple directions. While ULS retains a fundamental advantage through active ranging, both approaches re-

main affected by occlusion and therefore represent geometry-dependent samples of vegetation structure. This suggests that

differences previously reported between image-based and LiDAR-derived canopy profiles may partly reflect differences in

acquisition geometry rather than sensor-specific limitations alone.

4.3 Reliability and implications of derived canopy metrics390

Canopy height showed the strongest agreement between UAV-based SfM and ULS across most plots and acquisition settings.

Regression slopes were generally close to unity and biases were small in most cases, indicating that SfM reconstructed the

geometry of observable canopy surfaces with high fidelity when normalized with a common ULS-derived terrain model. This

21

https://doi.org/10.5194/egusphere-2026-6343
Preprint. Discussion started: 29 October 2026
c© Author(s) 2026. CC BY 4.0 License.



suggests that the dominant limitation of SfM in forests is not necessarily geometric accuracy, but whether relevant structural

components are represented in the reconstruction. Similar findings have been reported previously, with canopy height generally395

showing among the strongest agreement between UAV photogrammetry and LiDAR-derived structural metrics (McNicol et al.,

2021).

The deciduous-dominated FP5 plot under leaf-off conditions represents an important boundary case. Here, canopy height was

systematically underestimated by SfM, even in the high-redundancy acquisition, although the bias was substantially reduced

compared with the standard configuration. This indicates that structural observability can become limiting even for generally400

robust metrics such as canopy height when relevant canopy components are insufficiently represented.

Fractional cover agreement was highest under leaf-on conditions, consistent with its dependence on the continuity of the

observable canopy envelope rather than detailed information on internal canopy organization. In contrast, foliage height di-

versity was more sensitive to acquisition geometry and phenological state because it depends on the vertical distribution of

reconstructed points throughout the canopy.405

The contrasting behaviour of FHD among plots suggests that this metric is not simply more difficult for SfM, but depends on

the spatial scale and type of structures contributing to vertical complexity. This interpretation is consistent with previous work

showing that the ecological meaning of FHD depends strongly on the spatial unit of analysis (Schneider et al., 2017; Zhang

et al., 2021).

In FP8, where many small conifer crowns created a vertically heterogeneous but externally observable canopy envelope, SfM410

reproduced FHD comparatively well. Interestingly, the high-redundancy SfM acquisition also achieved moderate agreement in

the deciduous FP5 plot under leaf-off conditions, indicating that multi-angle image observations can recover part of the woody

crown structure when occlusion is reduced and sufficient viewing geometry is available.

The substantially lower agreement of the standard acquisition in the same plot highlights that this capability is strongly

acquisition-dependent. FHD therefore appears most reliable when vertical complexity is expressed through observable canopy415

structures, while its interpretation becomes increasingly dependent on acquisition geometry for less accessible canopy compo-

nents.

4.4 Terrain modelling and ground visibility

The ground-visibility results highlight one of the clearest limitations of SfM in forest environments. While SfM can reconstruct

exposed terrain surfaces where optical access is available, ground representation remained strongly constrained by canopy420

occlusion. In contrast, ULS provided substantially more continuous terrain sampling across different forest structures and

phenological conditions.

SfM frequently produced high local densities of ground-like points in observed areas, sometimes exceeding LiDAR densities

within individual grid cells. However, these dense local reconstructions did not translate into reliable terrain representation

at the plot scale because only a small fraction of the forest floor was observed. Ground-point density and spatial coverage425

were therefore partly decoupled: SfM can densely reconstruct visible terrain patches, but cannot recover surfaces that remain

inaccessible to the camera network.
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Increasing angular diversity improved terrain observability relative to the standard SfM acquisition, particularly in the more

open FP5 leaf-off case. However, the high-redundancy multi-angle configuration did not overcome the fundamental limitation

imposed by canopy occlusion. Under leaf-on conditions and in structurally dense stands, observable ground area remained430

very limited despite the increased number of viewing directions. This indicates that additional image redundancy can improve

ground visibility where openings exist, but cannot compensate for the absence of optical access to the forest floor. Similar

dependencies of ground-return availability on canopy structure and foliage conditions have also been reported for airborne and

UAV-based laser scanning systems (Wallace et al., 2012, 2016).

The LiDAR observations themselves illustrate that terrain visibility in forests is observation-dependent rather than absolute.435

Under leaf-on conditions, the number and density of ground returns decreased substantially relative to leaf-off acquisitions,

showing that even active ranging systems are affected by canopy occlusion. Nevertheless, under the highly redundant multi-

angle ULS acquisition employed in this study, the remaining ground observations were sufficiently well distributed to support

reliable terrain modelling. This should not be interpreted as a general property of airborne laser scanning, as ground visibility

under dense foliage also depends strongly on acquisition geometry and sampling density.440

In this study, canopy metrics were normalized using ULS-derived terrain models to isolate differences in canopy recon-

struction from terrain-related errors. The ground-visibility results indicate that SfM-only workflows remain strongly limited

in dense or fully foliated forests where reliable terrain reconstruction is required. However, existing ALS terrain products,

increasingly available from regional and national mapping campaigns, can provide suitable external terrain references for UAV

photogrammetry. Previous studies have similarly shown that the utility of image-based forest structure assessment strongly445

depends on accurate terrain information (St-Onge et al., 2008; Puliti et al., 2020).

4.5 Implications for individual-tree detection

The individual-tree detection results show that improved point-cloud completeness does not automatically translate into uni-

formly high tree-detection performance. While increased angular diversity improved SfM-based tree detection, object-level

applications require not only accurate surface reconstruction but also sufficient representation and separation of individual tree450

structures.

The FP5 results demonstrate that successfully detected trees in SfM High were generally located at spatial positions com-

parable to those obtained from ULS and field inventory. The dominant limitation in more complex stands was omission: many

field trees were not detected from SfM point clouds, whereas detected trees often corresponded to real field trees. Similar

relationships between stand structure, observation geometry, and object detectability have been demonstrated for terrestrial455

laser scanning, where additional viewing positions substantially reduced, but did not completely eliminate, occlusion-driven

omissions (Abegg et al., 2017).

The different error characteristics of ULS and SfM are also important. ULS provided higher recall but also produced more

detections not matched to field inventory trees, particularly in FP5. Some of these apparent false positives may represent

trees below the field inventory DBH threshold or segmentation artefacts caused by the highly detailed representation of forest460

structure. SfM, in contrast, produced fewer detections in structurally complex plots, but precision remained comparatively
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high. This indicates that SfM-based tree detection was primarily limited by omissions rather than excessive false detections.

Similar limitations of image-based forest point clouds have been reported previously (Dandois and Ellis, 2013; Dandois et al.,

2015; McNicol et al., 2021).

Part of the reduced tree-detection performance of SfM should also be interpreted in relation to the employed segmentation465

workflow. Although SegmentAnyTree is described as sensor-agnostic, it was primarily developed using LiDAR-type point

clouds with more complete three-dimensional object representations. Therefore, lower detection rates may partly reflect a

mismatch between the assumptions of the segmentation algorithm and the structural characteristics of SfM-derived point

clouds rather than a general inability of image-based reconstruction to support individual-tree detection.

This interpretation is consistent with the high agreement observed for canopy height metrics, suggesting that methods relying470

mainly on canopy-surface information, such as local-maximum or watershed-based approaches, may yield more comparable

performance between SfM and ULS.

4.6 Limitations

Several limitations of the present study should be considered. First, the analysis was based on three selected plots representing

contrasting structural cases rather than a statistically replicated gradient of forest complexity. FP5, FP8, and FP10 should475

therefore be interpreted as examples of contrasting stand structures rather than as a formal low-to-high complexity sequence.

Future work should test whether the observed patterns generalize across larger numbers of plots, forest types, phenological

states, and acquisition settings.

Second, all canopy metrics were normalized using ULS-derived terrain models. This deliberate design decision separated

vegetation-structure observability from terrain reconstruction performance, but also means that the results do not represent the480

complete error budget of an entirely SfM-based workflow.

Third, the individual-tree detection analysis was performed without additional post-filtering or method-specific tuning of

segmented trees. This preserves comparability between acquisition strategies but also retains segmentation artefacts, over-

segmentation, and detections below or outside the field inventory definition. The stem-centred detection and matching approach

may additionally disadvantage SfM, where stems and lower-canopy structures are less consistently reconstructed. Crown-485

centred detection approaches might therefore yield different relative performance, but would introduce additional uncertainty

when matched against field-measured stem positions.

An additional limitation relates to the specific UAV-LiDAR system used in this study. The RIEGL miniVUX sensor has its

own footprint geometry, beam divergence, ranging behaviour, and return-detection characteristics. The observed differences

between LiDAR and SfM therefore reflect not only the contrast between active and passive sensing, but also the sampling490

characteristics of the specific LiDAR instrument and acquisition design used here. Beyond these study-specific limitations,

the results also suggest that acquisition design should be treated as an integral component of forest structural remote sensing

rather than a purely operational preprocessing step. Acquisition geometry determines which structures become observable and

therefore which ecological or structural metrics can be retrieved reliably.
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5 Conclusion and Outlook495

This study demonstrates that optimized UAV-based SfM can reproduce several LiDAR-derived forest structural properties

remarkably well when acquisition geometry is specifically designed for three-dimensional canopy reconstruction. Highly re-

dundant multi-angle image acquisition substantially improved point-cloud completeness and enabled close agreement with

ULS for metrics dominated by externally visible canopy geometry, particularly canopy height and plot-scale vertical canopy

profiles.500

More fundamentally, our results indicate that the principal limitation of UAV-based SfM in forests is not the geometric ac-

curacy of reconstructed surfaces but the observability of structural elements that remain partially or completely occluded from

the camera network. Across visual comparisons, vertical profiles, canopy metrics, ground analyses, and individual-tree detec-

tion, the same pattern emerged: structures that were sufficiently visible from multiple viewing directions were reconstructed

with high spatial fidelity, whereas lower canopy layers, terrain surfaces, fine woody structures, and suppressed trees remained505

incompletely reconstructed or omitted.

The results further suggest that LiDAR and SfM should not be interpreted simply as providing better or worse representa-

tions of forest structure. Instead, both sensing approaches generate sensor-specific realizations of observable forest geometry.

Although ULS provides a widely used reference for above-canopy, plot- to stand-level three-dimensional forest structure re-

trieval, LiDAR observations are likewise shaped by acquisition geometry, footprint characteristics, ranging behaviour, and510

occlusion effects.

Practically, the results indicate considerable potential for UAV-based SfM in plot-based forest structural monitoring. Modern

multirotor UAVs equipped with high-resolution cameras permit efficient acquisition of dense multi-angle image datasets at

comparatively low cost and with substantially lower hardware requirements than ULS systems. For applications focused on

canopy height, crown-surface properties, plot-scale structural comparisons, or monitoring relative structural change, optimized515

UAV-based SfM therefore represents a valuable complement and, where forest structure and acquisition conditions provide

sufficient observability, a potential alternative to ULS.

However, substantial limitations remain for applications requiring reliable terrain retrieval, lower-canopy representation,

fine woody structure characterization, or robust individual-tree detection in dense and vertically heterogeneous forests. In

these applications, ULS retained clear advantages due to its superior ability to sample canopy volumes and partially occluded520

structures.

Future work should therefore move beyond simple point-cloud comparisons and explicitly address forest observability as a

central concept of structural remote sensing. In particular, further research is needed to better understand how sensor physics,

acquisition geometry, canopy occlusion, and forest architecture jointly determine which structural components become ob-

servable and how these observable components propagate into derived ecological metrics. This includes the development of525

quantitative approaches to characterize sensor-specific visibility, for example through explicit occlusion mapping, allowing

structural observability to be assessed independently of the reconstructed point clouds themselves. Rather than asking whether

SfM can replace LiDAR in forests, our results establish structural observability as a conceptual framework for identifying
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the structural and observational conditions under which both sensing modalities converge or diverge in their representation of

forest structure.530

Appendix A: Additional comparisons
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Figure A1. Comparative 3D visualizations of the three study plots (FP5, FP10, and FP8) under leaf-off (top rows within each panel)

and leaf-on (bottom rows within each panel) conditions. Animations (FP5, FP10, FP8): https://youtu.be/ojkjL9tJARA, https://youtu.be/

uxWHfRyTKXY, https://youtu.be/FR_0xZf78-k. Columns show ULS (left), SfM High (middle), and SfM Standard (right).
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Figure A2. Comparison of ULS- and SfM-derived canopy metrics across the three study plots. The plots are arranged from top to bottom as

FP5, FP10, and FP8, with two rows per plot: leaf-off above and leaf-on below. Columns show canopy height (left), fractional cover (middle),

and foliage height diversity (right).
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Figure A3. Spatial distribution of ground points across the three study plots (FP5, FP10, and FP8) under leaf-off (top rows within each panel)

and leaf-on (bottom rows within each panel) conditions. Columns correspond to ULS (left), SfM High (middle), and SfM Standard (right).
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