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ARTICLE INFO ABSTRACT
Keywords: Precisely quantifying forest vertical structure is fundamental to understanding biodiversity, productivity, and
ALS ecosystem functions. Airborne Laser Scanning (ALS) provides an unparalleled capacity to capture three-

Forest structural classification
Vertical layer indices
PCA-HDBSCAN clustering
Scale dependence

Temperate mixed forest

dimensional canopy architecture, yet existing metrics often overlook attributes of individual layers. To
address these limitations, this study developed novel vertical layer indices, applied clustering, and tested
robustness across scales. We used high-density ALS data (over 200 points-m~2) covering 5.6 km? of temperate
mixed forest in South Korea, encompassing diverse species compositions and successional stages. For scale-
dependent analysis, circular analytical units with radii of 5- and 10-m were applied. A vertical layer segmen-
tation procedure was optimized, achieving close agreement with field assessments (Mean Absolute Error ~ 0.4
m), and provided the number of vertical layers and their ranges. From these results, ten indices were created to
quantify layer height, gap size, and diversity at both species and unit scales. The indices were clustered into four
to five interpretable types using Principal Component Analysis (PCA) and Hierarchical Density-Based Spatial
Clustering of Applications with Noise (HDBSCAN), which explained over 70% of structural variance. For the 10-
m units, the forest was classified as monolayer conifers, mixed mid-story, broadleaved multi-layer, stratified late-
successional, and noise (structurally indeterminate units left unassigned), accounting for 31.8%, 39.8%, 11.3%,
5.9%, and 11.2%, respectively. Scale comparisons showed the Cumulative Layer Range (CLR) was stable, with
differences within +1.7% across six species out of eight. In contrast, Shannon's H' was sensitive, increasing by
0.08 (25%) in 5-m units for Pinus densiflora. This index-based approach quantifies forest structural characteristics
and captures scale-dependent vertical complexities.

1. Introduction Larson, 1996; Shugart et al., 2010). Because forest structure is contin-
uously reshaped by competition, disturbance, and succession, its quan-

Forest structure, defined as the three-dimensional arrangement of tification is widely used as an indicator of forest condition and
vegetation, underpins core ecological functions, including biodiversity functionality (Ontl et al., 2020). Vertical stratification (the organization
maintenance, microclimate regulation, and productivity (Oliver & of vegetation into distinct layers from the forest floor to the upper
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canopy) has been increasingly recognized as a central feature of
ecosystem complexity and function (Ehbrecht et al., 2021). The
arrangement of vegetation layers and the resulting vertical heteroge-
neity are closely linked to variation in species richness and abundance
across taxa (MacArthur and MacArthur, 1961; Zellweger et al., 2013)
and have also been associated with higher productivity and ecosystem
stability through canopy packing and resource-use efficiency (Hardiman
et al.,, 2011). Given these links to biodiversity, productivity, and
ecosystem resilience, developing precise and scalable approaches to
quantify vertical forest structure remains a key priority in forest ecology
(Ehbrecht et al., 2017).

Traditionally, characterizing forest structure has relied on field in-
vestigations. While accurate at local scales, these methods are often
labor-intensive, spatially restricted, and prone to subjectivity when
describing continuous vertical arrangements (Zimble et al., 2003).
Moreover, quantifying detailed vertical attributes from the
ground—such as the precise height and thickness of individual layers or
the size of vertical gaps between them—remains exceptionally chal-
lenging. Traditional field techniques struggle to consistently capture
these subtle characteristics (Seidel et al., 2011). Although passive
remote sensing such as satellite or airborne-acquired spectral imageries
has facilitated landscape-scale assessments. Its two-dimensional nature
restricts its capacity to capture the complicated details of vertical
stratification. The advent of Light Detection and Ranging (LiDAR),
particularly airborne laser scanning (ALS), has revolutionized forest
structure analysis by providing direct, high-resolution three-dimen-
sional measurements of canopy architecture (Lefsky et al., 2002; Wulder
et al., 2008; Zhao et al., 2009). The ability of LiDAR to penetrate can-
opies and record returns from multiple vegetation layers, as well as the
ground, makes it an unparalleled tool for quantifying vertical forest
structure.

Leveraging this technology, numerous studies have developed
methods to analyze vertical forest structure using LiDAR data. A primary
focus has been on identifying the number and general position of canopy
layers, ranging from analyzing vertical height histograms (Hamraz et al.,
2017) and employing mixture distribution models (Jaskierniak et al.,
2011) to applying machine learning techniques for strata classification
(Wernicke et al., 2022). Other studies have aimed to summarize the
entire vertical profile into a single complexity metric, such as height
variance (Zimble et al., 2003), Foliage Height Diversity (FHD)
(MacArthur and MacArthur, 1961; Hirschmugl et al., 2023), or canopy
entropy (Liu et al., 2022). However, the effectiveness of these general-
ized methods is fundamentally challenged when applied to the struc-
tural intricacies of temperate mixed forests. These ecosystems are a
mosaic of coexisting species with varied crown architectures and growth
rates (Jucker et al., 2015), resulting in a highly complex and vertically
heterogeneous canopy. Unlike structurally simpler forests, they often
feature not just a dominant canopy and a ground layer, but also a con-
gested sub-canopy of mid-story trees and a well-developed shrub layer
(Deng et al., 2023), creating a continuous and overlapping vertical
profile rather than discrete, easily separable strata (Atkins et al., 2018a,
b). In such environments, methods currently utilized face inherent
limitations for comprehensively understanding the vertical structure of
temperate forests. Counting layers can overlook key features within- and
between-layers, such as their thickness, vertical spacing, and relative
contributions to overall canopy architecture. Conversely, while single
complexity metrics like FHD provide a broad measure of heterogeneity,
they often miss the specific structural configurations that underpin
ecological function, such as differences in successional stage or habitat
complexity. Therefore, there is a clear need—and a significant research
gap—in developing a comprehensive suite of indices that can quantify
multiple, diverse aspects of identified layers, enabling a more holistic
understanding of vertical structure.

In this context, our primary research objective is to develop a LIiDAR-
based approach to classify vertical and horizontal structural types in a
temperate mixed forest. We focus on vertical stratification, defined here
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as the separation of vegetation into distinguishable height layers, and
additionally consider the vertical gaps between layers. Central to this
framework is the development of ten new vertical layer indices derived
from layer-segmentation results. Whereas conventional LiDAR metri-
cs—such as height percentiles, FHD, or canopy volume measur-
es—summarize overall vertical heterogeneity, they do not explicitly
represent the geometry of individual layers, their thickness, or the ver-
tical gaps that separate them. To address these limitations, our indices
quantify complementary structural attributes: the lower and upper
bounds of canopy layers (MIN, MAX), the total developed foliage space
(CLR) and overall vertical span including voids (TR), the degree of inter-
layer porosity and compactness (AG, LDI), and the fine-scale variability
and evenness of layer placement (RV, LRVI, HVI, H). This multi-index
framework allows a more detailed and ecologically interpretable rep-
resentation of stratification than single-metric approaches and directly
responds to the structural complexity characteristic of temperate mixed
forests (Supplementary Table S1 summarizes index improvements over
existing metrics).

Building on these indices, we apply Principal Component Analysis
(PCA) together with Hierarchical Density-Based Spatial Clustering of
Applications with Noise (HDBSCAN) to identify structural typologies
without relying on predefined classes (Neuville et al., 2021; Moran et al.,
2018; Gongalves et al., 2024). Finally, we assess the sensitivity of these
classifications to analytical unit scale (5-and 10-m radii) and examine
how they vary across dominant tree species.

Finally, this study pursues three specific research objectives:

1. To develop ten vertical layer indices using ALS for quantifying and
classifying forest vertical structure features and types in temperate
mixed forests.

2. To cluster forest structural features using the ten vertical layer
indices through PCA-HDBSCAN, enabling the identification of
distinct structural typologies without relying on predefined classes.

3. To assess the effects of analytical unit scale (5- and 10-m) on vertical
layer indices and clustering outcomes, and to interpret the ecological
meaning of these scale sensitivities.

2. Study site and materials

The study was conducted in Yangju-si, Gyeonggi-do, Republic of
Korea, covering an area of approximately 3.11 x 2.95 km (9.17 km?)
(Fig. 1a). This landscape represents a typical temperate mixed forest
environment in the Korean Peninsula, encompassing a wide range of
vertical and horizontal structure features. The terrain ranges from
lowland valleys to hilly slopes, with elevations varying between 52 m
and over 400 m above sea level (Fig. 1b), under a temperate climate with
four distinct seasons.

Land-use and dominant species for forest were obtained from the
official 2025 Urban Ecological Map of Gyeonggi Province produced by
the Gyeonggi Research Institute. This dataset was generated through a
full-scale field survey that covered all forest areas within Gyeonggi
Province, including the present study site, providing spatially explicit
land cover information, as well as the predominant and dominant spe-
cies for each forest polygon. After excluding urbanized and military-
restricted zones, the total forested area available for analysis was
5.65 km?. While over 30 tree species are recorded, the main eight spe-
cies—Quercus mongolica, Pinus densiflora, Castanea crenata, Pinus rigida,
Quercus aliena, Quercus acutissima, Pinus koraiensis, and Quercus varia-
bilis—account for more than 90% of the mapped polygons. Each of the
remaining species contributes less than 1.5% of the total forested area.
Therefore, analyses were focused on these eight dominant species.

The ALS survey was conducted on May 28, 2024, between 12:00 PM
and 5:00 PM, at an average flight altitude of 1250 m and a flight speed of
approximately 209 km/h. The resulting dataset achieved an high mean
point-cloud density over 200 pts./m? in forested areas. Such resolution
enables precise delineation of fine-scale vertical features, including
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Fig. 1. Location of the study site and expert investigation routes. (a) Map of the Republic of Korea highlighting Gyeonggi-do and the study site; (b) Topographical
map with 5 and 25 m contour lines; (c¢) Distribution of main eight tree species and others; (c-1) Northern investigation route. The enlarged black box shows the layout

of 5- and 10-m radii circular analytical units; (c-2) Southern investigation route.

understorey vegetation, vertical gaps, and layer thickness. All analyses
were performed at two spatial resolutions, using circular analytical units
with radii of 5- and 10-m. This multi-scale design allowed us to examine
how vertical layer indices and subsequent clustering outcomes respond
to differences in analytical unit radii. Thereby, linking fine-scale and
broader-scale structural variability across species and forest types.

3. Methods
3.1. Forest vertical layer segmentation using ALS dataset

To identify forest vertical layers, we applied a segmentation method
to the pre-processed ALS dataset. The pre-processing involves point
cloud outliers removal and classification into ground points, buildings,
vegetation, roads, and power lines/towers. We then generated a CHM
using the ground points and subsequently removed points associated
with power infrastructure to minimize the error of vertical layer seg-
mentation. The segmentation was conducted to circular analytic units
that clipped by 5- and 10-m radii from ALS point cloud. The analytic
units were clipped and used when they are fully contained by single
forest inventory polygon. Through segmentation, we acquired the
number of vertical layers and their height ranges.

Our segmentation process basically followed the protocol of Hamraz
et al. (2017)’s method because its capacity to analyze the number and
range of vertical layers and flexibility for parameter adjustment. This
method is using circlular analytic units. For the points in the units, the
canopy height histogram had drawn with the 0.25 m fixed binsize and
smoothed the histogram line using the Gaussian kernel with standard
deviation of 5-m. After smoothing, to pinpoint the layers, the second-
derivative function applied to the smoothed line. And counted the
number of ranges where the result was negative, as these indicate
distinct vegetation layers.

3.2. Optimization of segmentation parameters and validation with field
data

To ensure the accuracy of our layer detection, we first performed a
systematic analysis to identify the optimal set of parameters for our
study site. The accuracy of LiDAR-based analysis is highly sensitive to
parameter choices, so we created 54 distinct calculation cases to test
their impact (Table 1). This comprehensive evaluation was structured
around three key factors.

First, to assess the effect of spatial scale, we tested two analytic unit
radii for 5- and 10-m. These sizes align with standard forest inventory
and allow for scale-dependency assessment. These sizes are consistent
with multi-scale approaches where smaller units capture fine-scale un-
derstory details, while larger units effectively represent the dominant
canopy structure (Frazer et al., 2011). The analytic units were generated
to overlap with adjacent units by 5- and 10-m respectively (Fig. 1(c-1)).

Second, to account for ground returns and point cloud density, we
evaluated three ground point filtering heights (1.0, 2.0, and 2.5 m) and
three voxelization options (no voxelization, 0.25 m, and 0.5 m). Voxe-
lization was tested as a key parameter to mitigate analytical biases
caused by the uneven point densities inherent in ALS data (Vonderach
et al., 2012). This process standardizes the point cloud into a regular 3D
grid, yielding structural metrics that are more robust to sampling vari-
ations and better reflect the true vegetation architecture (Lecigne et al.,

Table 1
Unit radius and 3 kinds of parameter options.

Analytic unit radius  voxelization ground point histogram binsize
(m) (m) (m) (m)
filteringheight &Gaussiankernel
5 no voxelization 1.0 1.00 & 1.0
10 0.25 2.0 0.50 & 2.0
0.5 2.5 0.25 & 4.0
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2018).

Third, to find the best balance between histogram detail and
smoothing, we tested three coupled settings of bin size and Gaussian
kernel standard deviation. These were 0.25 m & 4.0 m, 0.5 m & 2.0 m,
and 1.0 m & 1.0 m.

To identify the most accurate set of analytical parameters, we per-
formed a optimization by validating 54 unique calculation cases (2 unit
sizes x 27 parameter combinations) against expert field data. This
validation data was collected by four experts of Korean forest and tree
species for two separate investigations covering the northern and
southern parts of the study site. Along two predefined field-survey
routes (Fig. 1(c-1 & c-2)) where sampling points were established
every 30 m and all analytical units intersected by the routes were
inspected. During the investigations, paths were recorded using the
Ramblr smartphone application. At each sampling location, observers
stood at the plot center and assessed the canopy structure within a cir-
cular area matching the analytical-unit radius (5- or 10-m), determining
the number of vertical layers formed by stratification through expert
consensus. The determinations were recorded using the QField appli-
cation. In total, 326 plots corresponding to 5-m units and 220 plots
corresponding to 10-m units were surveyed.

Following the fieldwork, we calculated the Mean Absolute Error
(MAE) and Mean Squared Error (MSE) between the expert investigation
results and the 27 analytical results generated for each unit size. The
entire analysis, applied to 120,404 units of 5-m radius and 17,961 of 10-
m radius. As the 10-m analytical unit covers an area four times larger
than a 5-m unit, the number of analytical units decreases at the coarser
scale. Thus, the difference in sample size between 5- and 10-m units
reflects the geometric relationship between scale and plot count, rather
than an imbalance in sampling strategy or data availability. We analyzed
the single analytical units with parallel processing acceleration through
the Ray library in Python. For all further analyses, the results from the
parameter set identified as the most accurate were used, ensuring our
main findings are based on the most empirically validated method.

3.3. Definition of 10 vegetation vertical layer indices and comparison by
speceis and unit sizes

To comprehensively capture the vertical structural features and
heterogeneity of forest stands, we calculated ten quantitative indices
based on the number of layers and the height ranges of each layer for
every unit (Table 2, Fig. 2). Each index was designed to represent a
specific aspect of forest vertical complexity and is classified into three
classes that are layer height, layer gap, and layer diversity.

The layer height class includes the minimum and maximum layer
heights (min and max), cumulative layer range (CLR), and total range
(TR). The min and max indices respectively denote the lower and upper
bounds of vegetation presence, corresponding to the initiation of the
understory and the uppermost canopy elements. These two indices
provide a fundamental profile of structural verticality and are particu-
larly relevant for evaluating forest maturity. The CLR extends this
perspective by summing the height ranges of all identified layers within
a analytical unit, thereby offering a measure of total vertical foliage
development. In contrast, the TR considers only the difference between
the lowest and highest layer heights, emphasizing the absolute vertical
extent rather than internal complexity.

The layer gap class includes two indices that of average gap (AG) and
the Layer Density Index (LDI), which are represent the vertical discon-
tinuity. The AG was calculated using the gaps between successive layers.
This metric reflects the vertical openness or compactness of the vertical
structure and is sensitive to structural fragmentation, often associated
with disturbances or early successional stages. Building on this, the LDI
relates the number of layers to the AG, providing a normalized measure
of layer density. Higher LDI values indicate closely packed vegetation
layers and a more vertically compact structure, which may enhance
habitat availability and microclimate regulation.
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Table 2
Ten vertical layer indices with definitions and equations.
Index Class Definition Equation
Start height
layer of lowermost
MIN height layer height (starti)
range
End height of
layer uppermost
MAX height layer height (endn)
range
CLR Sum of layer
. layer . n
(Cumulative height height ranges ZH (end; — start;)
Layer Range) of all layers
Height range
from the start
TItTotal Range) fé;ﬂ to end of the MAX — MIN
first and last
layers
AG Average n-1 ) :
layer height gap 2o (startiy — end;)
(Average n—1
Gap) gap between all (if n > 1, otherwise 0)
layers
LDI Divide the
(Layer layer number of n
Density gap layers by AG+1
Index) average gap
Variance of
R\ZRange la'yer ‘ the height G) Z:‘Zl ((end; — start) — 7 )?
. diversity ~ ranges of all - .
Variance) layers (where r is the mean height range)
LRVI 1 l]:::;ie the
Layer Ran, T
Varilty. . dersty | Yaemeeby RV
y Y thenumberof n+1
Index)
layers
Divide the
HVI standard
(Height layer deviation of oH
Variability diversity  layer heights MLH
Index) by the mean
layer height
Layer height
diversity
based on the
VLD height range n
(Vertical layer proiortiongof - Zi:l piln ()
Layer diversity  all layers. wherep; = M
Diversity) Based on the > (end; — start;)
Shannon
diversity
index.

Finally, the layer diversity class comprises four indices. The Range
Variance (RV) quantifies the variability in thickness across individual
layers, capturing differences in foliage accumulation and vertical
growth forms. The Layer Range Variability Index (LRVI) further refines
RV by accounting for the number of layers, enabling comparisons across
analytical units with varying vertical structural intensity while isolating
internal variability. To evaluate the relative dispersion of vertical posi-
tions, the Height Variability Index (HVI) was defined by dividing the
standard deviation by the mean height of each layer. This dimensionless
metric captures the irregularity in vertical layer placement, which is a
key attribute of structural complexity. Lastly, we analyzed the Shannon's
diversity based Vertical Layer Diversity (VLD), adapted to reflect the
proportional distribution of vertical space occupied by each layer. This
index integrates both the number of layers and the evenness of their
height contributions, thus serving as a robust indicator of vertical
stratification complexity. Together, these indicators provide a multidi-
mensional framework for assessing forest vertical structure, allowing for
detailed characterization and comparative analysis of vegetation
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Fig. 2. ALS point cloud based canopy cross-sections showing ten vertical layer indices variation, arranged from low to high values. (a) MIN; (b) MAX; (c) CLR; (d) TR;
(e) AG; (f) LDI; (g) RV; (h) LRVL (i) HVI; (j) VLD.

development and stratification patterns. analytical unit results were also derived to quantify the magnitude of

For the entire 5- and 10-m radii units, ten vertical layer indices were change. These statistics were employed to characterize the vertical
calculated. By the eight kinds of main species, the average and variance structural aspects by species and to quantify the structural feature dif-
of those ten indices were computed. And the t-test was conducted be- ferences derived from analytical unit size.

tween the 5- and 10-m radii analytical units indices to calculate the p-
value. The differences and the ratio of these differences to the 5-m
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3.4. Dimensionality reduction and clustering of vegetation structural
indices

To classify distinct patterns of vegetation vertical structure across the
study site, we performed unsupervised clustering based on a
dimensionality-reduced feature space. The ten vertical layer indices that
quantitatively represent the canopy heights, gap distribution, and ver-
tical heterogeneity (Table 2) were used. This procedure was conducted
independently for two datasets based on 5- and 10-m radii analytical
units. To reduce data dimensionality while retaining most of the infor-
mation in the ten vertical layer indices prior to clustering, we used PCA.
A similar PCA-based step has been used in LiDAR forest-structure studies
to summarize multi-metric structural information (Montoya-Sanchez
et al., 2024). PCA was applied to the standardized values of the ten
indices and transforms the original correlated variables into a new set of
uncorrelated variables called Principal Components (PCs). Each PC
captures successively smaller portion of the total variance, representing
structural variability across analytical units. The first two PCs (PC1 and
PC2) were retained for visualization and clustering in both the 5- and 10-
m radii analytical unit datasets. Here, PCs are used only to obtain the
feature space for clustering. The resulting forest types are interpreted by
profiling each cluster using the original ten vertical layer indices, sum-
marized as cluster-wise mean values (and corresponding variability),
with PC loadings used only as a supplementary guide.

Following dimensionality reduction, we employed the Hierarchical
Density-Based Spatial Clustering of Applications with Noise (HDBSCAN)
algorithm (Mclnnes et al, 2017) to identify structurally distinct
analytical unit groups in the PCA space. This PCA-HDBSCAN approach
has proven its effectiveness for grouping structurally or functionally
similar units (e.g., forest patches, plots, or strata) based on
LiDAR-derived metrics (e.g., Féret and Asner, 2012). Unlike k-means or
Gaussian mixture models, HDBSCAN does not require a predefined
number of clusters. It is robust to noise and clusters of varying densities,
making it particularly well-suited for ecological data that may contain
outliers or exhibit gradual transitions.

The PCA-HDBSCAN clustering was performed using only the ten

a) 5 m radius units results (MAE & MSE)

b) Parameters
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vertical layer indices, independent of species information or abundance.
Thus, differences in sample size among species reflect the natural
composition of the study area and do not influence cluster formation.
After clustering, to interpret the resulting structural typologies in
ecological terms, we subsequently examined the relative proportions of
the eight dominant tree species within each cluster. Rather than
assigning a single species to each cluster, this post hoc analysis provided
a descriptive link indicating which species tended to dominate or co-
occur in particular structural types. Each resulting cluster was visual-
ized in PCA space. Clusters were relabeled alphabetically based on their
mean PC1 orders, while noise points were retained and labeled sepa-
rately. Additionally, we overlaid PCA loading vectors to interpret the
influence of each index on the resulting component axes.

4. Results
4.1. Validation of layer segmentation results

Our ALS-based layer segmentation method demonstrated a high level
of agreement with the expert field investigation. Overall, the best-
performing parameter sets achieved a MAE of approximately 0.4,
meaning our analysis typically deviated from the ground truth by less
than half a layer. The results of all 27 parameter combinations tested in
the optimization experiment are summarized in Supplementary
Table S2, which is organized by voxelization, ground-filtering height,
and histogram-kernel settings. In addition, for the ten most accurate
parameter combinations, MAE and MSE for both 5- and 10-m analytical-
unit radii are displayed as a back-to-back bar chart (Fig. 3).

A detailed analysis of the parameters revealed that their influence on
accuracy varied, with some settings proving more critical than others.
The ground point filtering height and the histogram settings emerged as
the most consistently influential factors. For both 5- and 10-m analytical
units, a filtering height of 1.0 m paired with a histogram set of a 1.0 m
bin size and a 1.0 m Gaussian kernel reliably produced the most robust
and accurate results among all tested combinations. In contrast, the ef-
fect of voxelization was less critical, though it did show a slight scale-

¢) 10 m radius units results (MAE & MSE)

Metric
s MAE
s MSE

0.25m

voxel ground

bin&kernel
1.0m 1.00 & 1.0

no
voxelization

0.50 m

no
voxelization

20m 0.50 & 2.0

0.50 m

0.50 m

20m 0.50 & 2.0

no
voxelization

2.5 m 0.50 & 2.0

0.25m

20m 0.50 & 2.0

no
voxelization

20m 1.00 & 1.0

0.50 m

1.0m 0.50 & 2.0

1.0 0.8 0.6 0.4 0.2 0
Error Value

0.4 0.6 0.8

Error Value

Fig. 3. Error comparison of ALS-based vertical layer segmentation parameter combinations. (a) Mean Absolute Error (MAE) and Mean Squared Error (MSE) for the
ten best-performing parameter sets in 5-m radius analytical units. (b) Summary of the corresponding parameter combinations (voxelization, ground point filtering
height, and histogram bin size-Gaussian kernel). (c) MAE and MSE for the same parameter sets in 10-m radius analytical units.
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dependency. For the smaller 5-m units, a 0.5 m voxelization yielded the
lowest error (MAE = 0.405), but the difference compared to the 0.25 m
option was negligible. For the larger 10-m units, the 0.25 m voxelization
was optimal, producing the lowest MAE and MSE (both 0.407).

Based on these validation results, we selected a single, optimal
parameter set for all subsequent analyses to ensure consistency across
both unit sizes: 0.25 m voxelization, 1.0 m ground point filtering height,
and a 1.0 m bin size with a 1.0 m Gaussian kernel. The final layer seg-
mentation maps derived using this optimized method are presented for
both the 5- and 10-m analytical units (Fig. Sla and Fig. S2a,
respectively).

4.2. Statistical analysis of 10 vertical layer indices by species and unit
sizes

Forest vertical layer indices exhibit distinct species dependence and
vary in sensitivity to analytical unit sizes (Table 3). Broadleaved de-
ciduous species, such as C. crenata, Q. acutissima, and Q. variabilis,
consistently showed greater structural complexity than conifers. While
coniferous species maintained vertically compact and homogeneous
structures across both analytical-unit sizes.

To characterize basic vertical extent and canopy development, we
first examined the layer height indices MIN, MAX, CLR, and TR
(Figs. Slb-e, S2b-e). The MAX index highlighted species-specific
dominance in the upper strata: in 5-m units, the tallest canopies were
found in Q. acutissima (19.31 m), C. crenata (18.85 m), and P. koraiensis
(18.89 m), whereas P. densiflora had the lowest MAX (13.51 m)
(Table 3a). These MAX values significantly decreased in 10-m units,
reflecting the smoothing effect of the coarser footprint (Table 3c). The
MIN showed the most significant relative decrease in Q. variabilis
(—22.26%), a change that was statistically significant (p < 0.05), high-
lighting the influence of scale on identifying lower canopy initiation
points.

CLR and TR, which quantify developed foliage space and total ver-
tical span, showed similar species ranking across scales. Consistent with
their definitions, TR values were approximately 50% larger than CLR
across all species. Most CLR values remained stable between scales
(ACLR within +0.12 m for six species), underscoring the robustness of
this metric, while TR exhibited greater variability due to the inclusion of
gap space.AG and LDI characterize vertical porosity and compactness
(Fig. S1f-g; Fig. S2f-g). In 5-m units, AG was widest in broadleaved
species such as Q. aliena (4.74 m) and Q. variabilis (4.51 m), indicating
well-separated layers (Table 3a). In contrast, P. densiflora exhibited
extremely small AG values, reflecting its compact, single-layered can-
opy. Most broadleaved species exhibited statistically significant declines
in AG at 10-m scale, reflecting the integration of micro-gaps within
larger units.

The LDI index, which measures compactness, was highest in
P. densiflora highlighting their dense layering. Broadleaved species such
as Q. aliena (0.51) showed the lowest compactness, consistent with more
open vertical structures. While absolute LDI differences were small by
scales, several species showed notable proportional changes, such as
C. crenata (+11.56%) and Q. acutissima (+9.33%), indicating differen-
tial sensitivity to vertical spacing and layer density across scales.Finally,
we evaluated structural heterogeneity using layer diversity indices that
of RV, LRVI, HVI, and H' (Figs. STh-k, S2h-k). Broadleaved species
consistently exhibited higher structural irregularity than conifers. In 5-
m units, RV was highest in Q. variabilis (1.31), Q. acutissima (1.27), and
C. crenata (1.26), whereas P. densiflora showed the lowest value (0.68)
(Table 3a). LRVI displayed a similar pattern, with Q. variabilis (0.40)
representing the most variable layer structure and P. densiflora (0.21)
the most uniform. Both RV and LRVI decreased at 10-m scale for most
species, reflecting the loss of fine-scale heterogeneity as local structures
are merged within larger footprints.

The HVI index highlighted species-specific differences in layer
dispersion: in 5-m units, Q. aliena (0.46), C. crenata (0.45), and
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P. koraiensis (0.45) exhibited highly stratified canopies, whereas
P. densiflora remained vertically uniform (0.22). HVI changed only
marginally with scale, indicating relatively stable vertical positioning of
layers. H, the Shannon-based layer diversity metric, revealed the
strongest gradient in overall structural complexity, ranging from
C. crenata and P. koraiensis (0.74) to P. densiflora (0.31). H' also showed
the greatest sensitivity to scale: values increased by 25% for P. densiflora
and 20.84% for Q. variabilis (Table 3d).

4.3. Canopy typologies and scale effects from PCA-HDBSCAN clustering

The PCA-HDBSCAN analysis revealed four to five distinct structural
clusters (labeled A to E) and one noise group, each representing char-
acteristic combinations of canopy layering, vertical distribution, and
diversity (Figs. 4 and 5). These clusters consistently emerged in both the
5- and 10-m raddi analytical unit datasets, reinforcing the robustness of
structure-based classification (Figure. Sl and Fig. S2). Clusters were
defined based on ten vertical layer indices, which included height-based
(min, max, CLR, TR), gap-based (AG, LDI), and diversity-based indices
(RV, LRVI, HVI, VLD). In the 5-m radius unit dataset, the first two
principal components explained 59.4% (PC1) and 14.5% (PC2) of the
variance, respectively. For the 10-m dataset, PC1 and PC2 explained
62.7% and 13.5% of the total variance, respectively. These results
demonstrate a strong capacity for dimensional reduction, with PC1
capturing the majority of variability (Figs. 4a and 5a). Cluster-wise
species proportions differed across structural clusters. For example, co-
nifers tended to occur at higher relative proportions in simple monolayer
types (Cluster A), whereas broadleaved species were more frequently
represented in multilayer or stratified clusters. These petterns were used
to contextualize each structural cluster ecologically, rather than to
define clusters by species identity.

Cluster A of both unit sizes consistently captured the simplest vertical
structural type, defined by the absence of layering complexity and di-
versity. With nearly zero values in AG, RV, LRVI, HVI, and VLD (all
0.000 in 5-m and approximately 0.000 10-m), and a perfect LDI score of
1.000 for both unit sizes (Table 4). Cluster A exemplifies monolayered,
vertically compact, and highly homogeneous forest stands. This struc-
tural uniformity is indicative of early-successional stages or dominated
by even-aged coniferous species such as P. densiflora and P. rigida (5-m A:
14,219 units, 10-m A: 2264 units) (Table 5). In terms of proportion,
Cluster A accounted for 26.0% of all 5-m units and 31.8% of all 10-m
units, and its consistent appearance across different scales highlights the
robustness of canopy structure simplification (Figs. 4(b1) and 5(b1)).
Cluster A also showed relatively low average MAX and CLR values
compared to other clusters (5-m: MAX = 12.466, CLR = 4.269; 10-m:
MAX = 14.604, CLR = 4.662). This suggests that these stands are
structurally simple, not only in terms of stratification but also in their
overall vertical extent.

Clusters B and C in the 5-m dataset occupied an intermediate struc-
tural gradient and collectively corresponded to Cluster B in the 10-m
radius units. Both 5-m clusters exhibited moderate structural metrics
(RV: 0.467-1.237; LRVI: 0.127-0.358; VLD: 0.762-0.844), which were
averaged and integrated into the broader 10-m radius unit Cluster B (RV:
0.979; LRVI: 0.290; VLD: 0.759) (Table 4). These clusters represented
forests with layered yet somewhat regular structures, indicative of
moderately stratified canopies with partial vertical development.
Notably, the species compositions showed substantial representation
from both broadleaf and coniferous species, implying structural hy-
bridization. Cluster B accounted for 28.3% (B) and 22.0% (C) of 5-m
units, and 39.8% of 10-m units, with the consolidation of Clusters B and
C at the larger scale indicating that increasing the sampling area
smooths localized variations and captures overarching structural trends
(Figs. 4(b2-b3) and 5(b2)). These clusters exhibited significant hetero-
geneity in species composition compared to other clusters. Especially, in
the 10-m radius units, Q. mongolica was relatively less abundant
(48.95%) than in other clusters, while C. crenata (10.31%), Q. aliena



Table 3

Statistical summary of ten vertical layer indices for eight dominant species by unit scale. (a) Mean and variance (5-m units); (b) Mean and variance (10-m units); (c) Absolute mean differences (5 m — 10 m) with t-test p-
values (*p < 0.05, **p < 0.01,

“p < 0.001); (d) Relative differences as percentage change from 5-m results.

Species Quercus Pinus Castanea Quercus Pinus Quercus Quercus Pinus
mongolica densiflora crenata aliena rigida acutissima variabilis koraiensis

() 5-m radius analytical units

Number of units 61,756 21,569 8,818 8,662 8,529 6,869 2,465 1,736

Statistics Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var

MIN 4.28 6.74 4.15 5.44 4.35 7.78 4.20 6.85 4.03 5.96 4.57 7.90 4.63 11.35 4.25 5.16

MAX 16.83 12.46 13.51 15.55 18.85 7.25 18.82 6.59 16.08 13.19 19.31 9.95 18.28 5.90 18.89 8.87

CLR 6.61 3.90 5.29 3.32 7.46 3.69 7.42 3.52 6.36 3.94 7.43 4.32 6.82 3.16 7.68 3.60

TR 11.08 21.62 7.61 19.71 13.40 15.38 13.68 15.77 10.34 21.09 13.55 19.84 12.49 18.11 13.64 14.61

AG 3.47 7.29 1.97 6.67 4.40 5.90 4.74 6.52 3.43 7.68 4.50 6.46 4.51 7.72 4.47 5.24

LDI 0.63 0.09 0.77 0.09 0.55 0.08 0.51 0.07 0.60 0.09 0.54 0.08 0.52 0.08 0.52 0.07

RV 1.16 1.69 0.68 1.23 1.26 1.62 1.25 1.51 1.01 1.51 1.27 1.65 1.31 1.57 1.26 1.51

LRVI 0.35 0.16 0.21 0.12 0.36 0.14 0.36 0.13 0.32 0.15 0.36 0.14 0.40 0.15 0.36 0.13

HVI 0.37 0.06 0.22 0.07 0.45 0.03 0.46 0.03 0.36 0.06 0.44 0.04 0.44 0.05 0.45 0.03

VLD 0.58 0.13 0.31 0.14 0.74 0.09 0.73 0.08 0.50 0.12 0.72 0.10 0.64 0.10 0.74 0.08

(b) 10-m radius analytical units

Number of units 9,251 2,913 1,469 1,259 1,255 1,203 427 184

Statistics Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var mean Var Mean Var

MIN 4.61 8.87 4.39 6.30 4.58 10.56 4.53 10.34 4.11 6.78 4.80 9.71 5.66 20.35 4.50 5.89

MAX 15.48 13.60 11.66 15.86 17.95 5.00 18.02 5.88 14.47 14.82 18.42 8.89 17.43 4.73 18.11 9.05

CLR 6.53 3.44 5.23 2.66 7.36 3.60 7.17 3.51 6.43 3.95 7.31 4.18 6.36 3.06 7.66 3.67

TR 10.87 22.29 7.28 18.29 13.37 15.21 13.49 18.59 10.36 22.02 13.61 21.07 11.77 24.19 13.61 13.44

AG 3.66 10.11 1.84 7.89 5.01 8.28 5.29 9.58 3.62 9.60 5.02 8.53 4.71 12.41 4.99 6.34

LDI 0.61 0.11 0.79 0.09 0.48 0.08 0.47 0.08 0.58 0.10 0.49 0.08 0.52 0.10 0.46 0.06

RV 1.27 2.12 0.67 1.44 1.39 1.87 1.23 1.62 1.01 1.59 1.42 1.94 1.35 1.83 1.29 1.55

LRVI 0.39 0.20 0.22 0.15 0.42 0.17 0.37 0.15 0.32 0.16 0.42 0.16 0.43 0.19 0.39 0.14

HVI 0.36 0.07 0.19 0.07 0.45 0.04 0.46 0.05 0.35 0.07 0.44 0.05 0.41 0.07 0.45 0.03

VLD 0.48 0.13 0.23 0.11 0.65 0.08 0.63 0.09 0.45 0.11 0.64 0.10 0.51 0.11 0.67 0.07

() delta (5 m - 10 m) and p-value

Statistics Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var

MIN —0.33 —-2.13 —0.24 —0.86 —0.23 —2.78 —0.33 —3.49 —0.08 —0.82 —0.23 -1.81 —1.03 —9.00 —0.25 —0.73
0.000%*** 0.000%** 0.018* 0.000%** 0.31 0.014* 0.048* 0.003**

MAX 1.36 -1.13 1.85 —0.31 0.90 2.25 0.80 0.70 1.61 -1.62 0.89 1.06 0.85 1.18 0.78 —0.18
0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%** 0.000%**

CIR 0.08 0.45 0.06 0.66 0.10 0.08 0.26 0.01 —0.07 —0.01 0.12 0.14 0.46 0.10 0.01 —0.07
0.000%*** 0.07 0.08 0.000%** 0.27 0.06 0.88 0.001***

TR 0.22 —0.67 0.34 1.42 0.03 0.18 0.19 —2.82 —0.02 —0.93 —0.06 -1.23 0.72 —6.08 0.03 1.17
0.000%** 0.000%** 0.78 0.12 0.87 0.66 0.88 0.06

AG —0.19 —2.82 0.12 —1.22 —0.61 —2.37 —0.55 -3.05 —0.19 -1.92 —0.52 -2.07 —0.20 —4.69 —0.51 -1.09
0.000%** 0.024* 0.000%** 0.000%** 0.036* 0.000%** 0.000%** 0.46

LDI 0.01 —0.02 —0.02 0.00 0.06 0.00 0.05 —0.01 0.02 —0.01 0.05 0.00 0.01 —0.02 0.07 0.01
0.000%** 0.002%* 0.000%** 0.000%** 0.045* 0.000%** 0.000%** 0.70

RV -0.11 —0.44 0.00 —0.20 —0.13 —0.26 0.02 -0.11 0.01 —0.08 —0.16 —0.30 —0.04 —0.27 —0.03 —0.05
0.000%** 0.96 0.002%* 0.65 0.84 0.000%** 0.64 0.68

LRVI —0.04 —0.05 0.00 —0.03 —0.06 —0.03 —0.01 —0.02 —0.01 —0.02 —0.06 —0.03 —0.03 —0.04 —0.02 —0.01
0.000%*** 0.56 0.000%** 0.34 0.62 0.000%*** 0.22 0.39

HVI 0.02 —0.01 0.03 0.00 —0.01 —0.01 0.00 —0.01 0.01 —0.01 —0.01 —0.01 0.03 —0.02 0.00 0.00
0.000%** 0.000%** 0.14 0.94 0.39 0.37 0.91 0.21

VLD 0.09 0.01 0.08 0.03 0.09 0.00 0.09 0.00 0.05 0.01 0.07 0.00 0.13 —0.01 0.07 0.01
0.000%*** 0.000%** 0.000%** 0.000*** 0.000%** 0.000%*** 0.000%*** 0.000%**

(d) The ratio of delta to the 5-m radius analytical unit results (unit: %)

(continued on next page)
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Table 3 (continued)

Castanea Quercus Pinus Quercus Quercus Pinus
crenata aliena

Pinus

Quercus

Species

variabilis koraiensis

acutissima

rigida

densiflora

mongolica

Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var Mean Var

Mean

Statistics

MIN

—14.07
-1.98
—-2.09
7.99

—5.86
4.13
0.20
0.21

—79.32
19.91

—22.26

4.65

—22.94
10.68
3.22

-5.15
4.60

-13.78

-1.96
9.99

—50.90
10.66
0.17

-7.81
4.25

—35.74
31.07
2.28
1.16

—5.27
4.80
1.35
0.24

—15.76
—2.01
19.88
7.19

—5.69
13.67
1.12
4.43
6.30

—31.55
—9.09
11.63
-3.11
—38.74

-7.78

8.

-12.29
~0.28
—4.43

06
24

MAX
CLR
TR
AG

3.16

6.77
5.73

1.64

—1.04
-0.22
—5.66
3.16
0.69

3.46
1.39

1.

—33.54

—6.18

—0.46

-17.85
—46.83

1.97

—20.84

7.35

—11.49

12.60
—2.39
—6.63

0.22
9.47

—60.72

—4.44

1.

-32.10
—3.95

—11.62

9.

—24.92
—9.68
—5.22

—11.54

8.

—40.23
—3.95

—13.88
11.56
-10.13
—15.11
-1.79
11.76

—-18.23
—4.49
—16.48
-21.31
-2.99
21.48

—5.33
2.24

—22.22

72

33

—12.50
—7.29

81

—2.33
0.15

—16.67
—25.79

LDI
RV

—3.12
-9.38
—14.29

16.46

-16.92
—23.53

—3.28
—7.30
5.75

-18.10

-19.71

-12.32
—15.38
-1.38
10.20

1.29

—15.97

—9.28

—10.88

-1.90
1.94

—14.62

—43.75
—5.95

—2.77
—0.22
12.83

—24.09

-1.90
14.86
25.00

-12.36 —29.03

4.

LRVI
HVI

—53.33
—5.88

—25.00
4.85

-11.86
10.17

—29.03
4.65

—23.64
5.97

57

20.84

10.78

16.17

VLD
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(12.23%), and Q. variabilis (3.86%) were more broadly represented.

In the 5-m radius units the Cluster D captured more structurally
diverse forests with higher vertical irregularity than Clusters B and C. It
demonstrated elevated diversity metrics (RV: 2.449; LRVI: 0.749; HVIL:
0.531; VLD: 0.651) along with moderate values for AG (5.092) and LDI
(0.432) values (Table 4). These patterns indicate a higher level of species
and structural heterogeneity, making it as transitional between the in-
termediate and highly complex forest types. Cluster D comprised 9454
analytical units, with a dominant representation from Q. mongolica
(55.17%) and a relatively even distribution among other species, indi-
cating a diverse species compositions (Table 5). Cluster D represented
14.2% of 5-m units, while its analogous Cluster C in the 10-m radius
units comprised 11.3% of the total, reflecting similar layering
complexity and forming the upper-middle complexity range (Fig. 5(b3)).

Clusters E (5-m radius unit) and D (10-m radius unit) exhibited the
most structurally complex and vertically irregular forest stands, char-
acterized by the highest RV (5-m E: 4.114; 10-m D: 4.112), LRVI (5-m E:
1.324; 10-m D: 1.333), and HVI (5-m E: 0.559; 10-m D: 0.612) values
among all clusters (Table 4). These indicators suggest not only sub-
stantial differences in layer thickness but also highly uneven layer dis-
tribution—conditions typical of mixed-species, late-successional forests.
AG values were also the highest (5-m E: 5.287; 10-m D: 6.266; Table 4),
indicating sparse but deep stratification and layer diversification. Clus-
ter E accounted for only 4.5% of 5-m units, while its 10-m counterpart
(Cluster D) accounted for 5.9%, highlighting that such highly complex
stands are relatively rare in the landscape (Figs. 4(b5) and 5(b4)). These
clusters had the lowest LDI values (5-m E: 0.379; 10-m D: 0.323),
highlighting lower layer compactness resulting from increased vertical
separation. The absence of Cluster E at 10-m radius unit reflects scale-
dependent integration of structural heterogeneity. Larger units merge
fine-scale irregularities and transitional patches into neighboring types,
reducing distinguishable clusters.

The noise groups were identified in both 5- and 10-m analytical
units. They accounted for 4.9% and 11.2% of total units, respectively,
indicating that a larger analytical radius tends to incorporate more
heterogeneous plots into the unclassified category. These groups showed
high RV values (5-m: 3.036; 10-m: 2.246) and moderate VLD (5-m:
0.692; 10-m: 0.668), suggesting internally variable but ecologically
relevant variation that did not align with any specific clusters (Table 4).

5. Discussions
5.1. Methodological advances in forest vertical layer analysis

The precise segmentation of vertical forest layers is fundamental for
detailed structural analysis. Building upon the histogram and derivative-
based approach developed by Hamraz et al. (2017), our systematic
evaluation of 54 parameter combinations (Table 1) identified optimal
settings (1.0 m ground filtering, 1.0 m histogram bin size & Gaussian
kernel, and 0.25-0.5 m voxelization). These settings significantly
minimized errors (MAE ~ 0.4) when compared to expert field in-
vestigations. This rigorous optimization reinforces the principle that
LiDAR-derived products are highly sensitive to processing choices
(Zhang et al., 2017; Wernicke et al., 2022). While Zhang et al. (2017)
highlighted the impact of voxel size on subsequent canopy metric esti-
mation, Wernicke et al. (2022) further emphasized the methodological
challenges in accurately classifying forest strata, demonstrating that the
selection of input metrics and classification algorithms significantly af-
fects stratification accuracy. Our study directly addresses this challenge
by providing specific, empirically validated parameters for the layer
segmentation process, thereby offering a replicable foundation for sub-
sequent structural quantification. The high accuracy achieved validates
the utility of the modified Hamraz et al. (2017) method for Korean
temperate forests, presenting a more objective alternative to traditional
field surveys, which can be subjective and labor-intensive (Zimble et al.,
2003).
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Fig. 4. PCA-HDBSCAN clustering results for 5-m radius analytical units. (a) PCA visualization of ten indices with explained variance on PC1 and PC2. Five clusters
(A-E) and noise points (gray) are shown, with loading vectors displayed as a heatmap; (b) Point cloud examples for clusters A-E (b1-b5) with cross-sectional views
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Table 4
Average values of ten indices by unit size and cluster type.
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Unit size 5-m radius analytical unit

Indices MIN MAX CLR TR AG LDI RV LRVI HVI VLD
A 6.245 12.466 4.269 4.269 0.000 1.000 0.000 0.000 0.000 0.000
B 3.878 19.145 7.769 13.937 4.623 0.520 0.467 0.127 0.462 0.844

Clusters C 3.382 17.550 6.931 12.885 4.560 0.502 1.237 0.358 0.493 0.762
D 3.169 17.371 6.946 13.021 5.092 0.432 2.449 0.749 0.531 0.651
E 2.891 17.100 7.384 13.032 5.287 0.379 4.114 1.324 0.559 0.545
Noise 4.267 18.496 7.936 13.144 3.622 0.625 3.036 0.893 0.438 0.692

Unit size 10-m radius analytical unit

Indices MIN MAX CLR TR AG LDI RV LRVI HVI VLD
A 6.878 14.604 4.662 4.665 0.003 1.000 0.001 0.000 0.001 0.002
B 3.545 20.035 7.515 14.084 5.429 0.420 0.979 0.290 0.502 0.759

Clusters C 2.631 19.191 6.815 14.206 6.546 0.345 2.551 0.790 0.600 0.628
D 2.403 18.499 7.008 13.546 6.266 0.323 4.112 1.333 0.612 0.520
Noise 4.584 19.649 7.508 12.538 4.043 0.543 2.246 0.685 0.426 0.668

Table 5

Number and ratio of units in clusters for eight main species by unit size, including proportion of cluster units in the total dataset.

unit size 5-m radius analytical unit
Species Quercus Pinus Castanea Quercus Pinus Quercus Quercus Pinus Ratio of cluster units
mongolica densiflora crenata aliena rigida acutissima variabilis koraiensis from entire units
# of units 14,574 11,838 679 707 2,381 743 170 240
. . 0
A j;‘s'zel: 46.51% 37.78% 2.17% 2.26% 7.60%  2.37% 0.54% 0.77% 26.02%
# of units 17,159 2,782 3,804 3,650 2,225 2,814 1,096 542
1 i 0,
B j;‘s'zel: 50.36% 8.17% 11.16% 10.71%  6.53%  8.26% 3.22% 1.59% 28.30%
# of units 14,184 3,264 2,243 2,246 1,886 1,606 607 457
C ratio in 22.00%
. 53.54% 12.32% 8.47% 8.48% 7.12% 6.06% 2.29% 1.72%
Clusters # of units 9,454 2,232 1,214 1,302 1,302 947 377 309
D o1 14.23%
Zitl‘sfi;r“ 55.17% 13.02% 7.08% 7.60% 7.60%  5.53% 2.20% 1.80% 4.23%
# of units 3,306 698 337 321 368 241 79 112
E o1 54%
Zitl‘sfi;r“ 60.53% 12.78% 6.17% 5.88% 6.74%  4.41% 1.45% 2.05% 4.54%
# of units 3,079 755 541 436 367 518 136 76
) - .
noise Zitlls(iel: 52.12% 12.78% 9.16% 7.38% 6.21%  8.77% 2.30% 1.29% 4.91%
Unit size 10-m radius analytical unit
Species Quercus Pinus Castanea Quercus Pinus Quercus Quercus Pinus ratio of cluster units
P mongolica densiflora crenata aliena rigida acutissima variabilis koraiensis from entire units
# of units 2,863 1,862 141 196 402 169 35 46
A ratio in 31.81%
lusrer 50.11% 32.59% 2.47% 3.43% 7.04% 2.96% 0.61% 0.81%
# of units 3,498 519 737 874 520 645 276 77
B tio i 39.79%
Z?u‘s‘i;r" 48.95% 7.26% 10.31% 12.23%  7.28%  9.03% 3.86% 1.08% o
# of units 1,139 200 157 188 125 144 46 28
. .
Clusters € Z‘:‘;e‘r“ 56.19% 0.87% 7.75% 9.27% 617%  7.10% 2.27% 1.38% 11.29%
# of units 666 127 61 58 66 46 20 18
D ratio in 5.91%
ustor 62.71% 11.96% 5.74% 5.46% 6.21% 4.33% 1.88% 1.69%
# of units 1,085 205 159 153 146 199 50 15
i tio i 11.20%
noise zil‘u‘;e‘:‘ 53.93% 10.19% 7.90% 7.60% 7.26%  9.89% 2.49% 0.75% 0

5.2. Ecological insights from novel vertical layer indices: Species-
specificity and scale dependency

The ten vertical layer indices were used in this study, categorized
into layer height, gap, and diversity, provide a multifaceted quantifi-
cation of vertical structure. This analysis reveals significant species-
specific traits and sensitivities to different analytical scales (5- and 10-
m radii analytical units, Table 3).

12

5.2.1. Layer height indices: delineating vertical extent and development
Layer height indices provide fundamental information on the verti-
cal extent and overall development of forest canopies. The MIN index,
which represents understory initiation, exhibited minimal interspecific
variation (typically 4-5 m across species in 5-m radius unit), but was
notably sensitive to scale for Q. variabilis (22.26% decreased from 5- and
10-m radii analytical units). This scale sensitivity in the MIN suggests
that the detection of lower canopy elements, which are crucial for un-
derstory characterization (Sasaki et al., 2012; Song et al., 2021), can be
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significantly influenced by unit radius, possibly due to edge effects or the
inclusion of more varied ground topography in larger units. This finding
is further supported by the research of Yip et al. (2024) on the effects of
sampling geometry on vertical range measurements.

The CLR and TR indices provide distinct insights into vertical layer.
CLR, which sums the actual ranges of layers, represents the developed
foliage space, while TR captures the overall vertical niche, including
inter-layer gaps. As a result, TR values in our study were approximately
50% larger than CLR values. The CLR demonstrated remarkable con-
sistency across unit scales (delta ratio < +3.50%) except Q. variabilis,
underscoring its robustness as an indicator of foliage development,
regardless of minor changes in unit sizes. This stability makes CLR a
promising metric for comparative studies and upscaling efforts. Addi-
tionally, CLR conceptually aligns with the ‘filled’ voxel approach of the
Canopy Volume Model (CVM) proposed by Zhang et al. (2017), which
differentiates between vegetated and void spaces. However, unlike
CVM, our CLR further quantifies the actual developed vertical layers and
directly provides the summed range of these layers.

These layer height indices are fundamental for quantifying the ver-
tical structure of a forest, which is directly linked to productivity and
forest dynamics. MAX and TR serve as direct structural indicators highly
correlated with essential forest inventory attributes such as Above-
ground Biomass and wood volume in various forest types (Pan et al.,
2011; Fayad et al., 2014; Zhang et al., 2017). The MIN index is critical
for ecological applications focused on the understory, as it defines the
starting point of lower canopy elements, which is essential for assessing
understory light competition, resource allocation, and regeneration
dynamics (Song et al., 2021; Royo and Carson, 2006). Furthermore, the
CLR, which measures the aggregated vertical space occupied by foliage,
functions as a robust proxy for total vertical foliage development. Its
capacity for scale-invariant estimation makes it highly valuable for
applying the Area-Based Approach in large-area biomass and carbon
mapping (White et al., 2016; Wulder et al., 2012).

5.2.2. Layer gap indices: quantifying vertical porosity and compactness

Our layer gap indices, AG and LDI, provide critical insights into
vertical layer porosity and compactness, which influence light regimes
and habitat availability (Parker, 1995). The AG, specifically measures
the mean vertical voids between identified layers and aligns with the
Vertical Gap Index (VGI) developed by Jung et al. (2013) to quantify the
amount of vertical open space using LiDAR. AG increased in larger units
for every species except P. densiflora, with notable increases for
C. crenata and Q. acutissima (13.88% and 11.62%, respectively),
reflecting an enhanced capture of vertical voids with larger spatial
range. These results confirm the importance of observation scale as a
critical factor in gap detection (Gaulton and Malthus, 2010; Liu et al.,
2018), thereby highlighting the need for careful consideration of scale
when interpreting such metrics.

The LDI, inversely related to AG, effectively quantifies structural
compactness. Coniferous species such as P. densiflora, with LDI values of
0.77 and 0.79 in 5- and 10-m radii analytical units respectively,
exhibited the highest LDI values. This reflects their dense, compact
vertical structures with minimal inter-layer voids. This finding is
consistent with the general understanding of conifer architecture and is
conceptually similar to studies that utilize return density as a proxy for
vertical compaction (Martins-Neto et al., 2021). LDI offers novel char-
acterizations of layer density, complementing traditional metrics that
focus on overall canopy openness (Sasaki et al., 2016; Kwak et al., 2010)
by detailing the internal arrangement of vegetated layers rather than
just total void space. Furthermore, the LDI enhances analyses of larger
horizontal clearings (Gaulton and Malthus, 2010; Choi et al., 2019) by
characterizing layer compactness within internal vertical structures.

The layer gap indices are essential for quantifying the canopy's in-
ternal porosity and density, which govern light and energy transfer,
thereby regulating the sub-canopy microclimate and species distribution
(Parker, 1995; Parker and Brown, 2000). The AG index measures
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vertical openness, reflecting structural fragmentation and aligning with
metrics like the Deep Gap Fraction used to estimate light penetration
and LAI based on the Beer-Lambert Law (Atkins et al., 2018a,b; Zhao
et al., 2012). This metric is crucial for analyzing gap regeneration dy-
namics (Spies and Franklin, 1989) and assessing disturbance regimes
(Johnstone et al., 2016). In contrast, the LDI quantifies structural
compactness. High compactness (low vertical void space) is ecologically
significant as it enhances localized habitat availability and improves the
forest's microclimate buffering capacity, which is crucial for managing
forest ecosystems in the face of climate change (De Frenne et al., 2021;
Zellweger et al., 2020).

5.2.3. Layer diversity index: capturing vertical heterogeneity

The layer diversity indices (RV, LRVI, HVI, VLD) encapsulate vertical
heterogeneity, a key component of forest structural complexity that is
often linked to biodiversity and ecosystem stability (Jucker et al., 2014).
RV and LRVI quantify variability in the thickness of identified layers,
revealing significant structural variation in species like Q. variabilis (RV
1.31, LRVI 0.40 at 5-m) and Q. acutissima (RV 1.27, LRVI 0.36 at 5-m).
This indicates complex foliage layering and diverse growth forms,
providing a more specified perspective on complex foliage layering than
general canopy height variance metrics (Zimble et al., 2003). Further-
more, these indices demonstrated scale sensitivity, as evidenced by
Q. acutissima RV and LRVI, respectively showing a delta of —12.32%
and — 15.38%. This finding is consistent with finer analytical units can
detect greater intra-structural detail (Ma et al., 2022).

The VLD, adapted in our study from the proportions of layer height
ranges, provides a robust measure of vertical stratification complexity.
This approach aligns with numerous recent studies that employ LiDAR-
derived entropy-based or Shannon-like indices to characterize forest
structure and its relationship to species diversity (Ren et al., 2023; Liu
etal., 2022; Yip et al., 2024; Hirschmugl et al., 2023). However, our HVI
and VLD also revealed a more pronounced scale dependency than
anticipated, with delta ratios reaching up to 25% for VLD in P. densiflora
and significant changes observed for Q. variabilis (VLD decreased from
0.64 to 0.51). This indicates that the observed vertical diversity is
significantly influenced by spatial resolution, which aligns with cautions
regarding the interpretation of multi-scale data (Ren et al., 2023; Liu
et al., 2022) and underscores the importance of proper scale setting for
ecological assessments.

These indices are critical for assessing Vertical Structural Complexity
(VSC), a parameter widely accepted as a strong predictor of biodiversity,
ecosystem stability, and function (Shugart et al., 2010; Hardiman et al.,
2011; LaRue et al., 2023). VSC is directly related to ecosystem stability,
resilience to disturbance (Johnstone et al., 2016) and high carbon
storage potential (Aponte et al., 2020). Moreover, the capacity of VLD
and LRVI to capture the fine-scale variability and irregularity of layer
placement enables the identification and monitoring of the complex,
multi-tiered architectures characteristic of mature or late-successional
forests (Kane et al., 2010; Ehbrecht et al., 2021). These entropy-based
indices are demonstrably superior to traditional height metrics for
monitoring forest restoration success and modeling diversity across
large, diverse landscapes (Liu et al., 2022).

5.3. Ecological interpretation of structural typologies from PCA-
HDBSCAN and scale effects

In this section, we discuss the structural typologies identified by
PCA-HDBSCAN using ten vertical layer indices. PCA was used to derive
the feature space for clustering, while typologies are interpreted using
cluster-wise summaries of the original indices. The PCA-HDBSCAN
stratified the analytical units into four distinct vertical structural types
at the 10-m radius unit and five types at the 5-m radius unit, along with a
noise cluster at both scales (Figs. 4 and 5; Tables 4 and 5). This data-
driven framework summarized the heterogeneous vertical structural
variation in the analytical units, with PC1 and PC2 together explaining
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over 70% of the variance in the index set. PCA has been used in forest-
structure studies to summarize LiDAR-derived structural metrics prior to
downstream analyses (Alexander et al., 2018). HDBSCAN was then
applied to identify groups in the reduced feature space without pre-
defining the number of clusters, while allowing structurally ambig-
uous units to be labeled as noise. Similar unsupervised workflows have
been used in LiDAR-based studies, such as tree stem segmentation
(Neuville et al., 2021) and forest structure classification using LiDAR-
derived L-moments without pre-defined thresholds (Moran et al.,
2018). Our resulting clusters can be conceptualized as empirically
derived “structural fingerprints,” as termed by Goncalves et al. (2024) in
their study of Amazonian forests using LiDAR and deep learning. These
fingerprints represent a continuum of forest structural states, ranging
from simple monolayers to vertically complex stands, each character-
ized by distinct combinations of our ten vertical layer indices (Table 4).
Cluster-wise differences in dominant species composition (Table 5) are
presented as descriptive patterns that co-occur with the structural
typologies.

Cluster A, consistently identified at both the 5- and 10-m radii units,
represented the simplest vertical structures. This cluster was charac-
terized by the lowest vertical development (MAX 5-m: 12.466 m, CLR 5-
m: 4.269 m), the absence of inter-layer gaps (AG ~ 0), perfect
compactness (LDI = 1.0), and minimal diversity across all layer diversity
indices (RV, LRVI, HVI, VLD all near zero). Dominated by coniferous
species such as P. densiflora (37.78% of the Cluster A among 5-m radius
units), this structural signature is consistent with descriptions of early-
successional stands or managed, even-aged conifer plantations, which
typically exhibit low structural complexity (White et al., 2013). Kane
et al. (2010), in their examination of conifer canopy structural
complexity using LiDAR across various forest ages and elevations in the
Pacific Northwest, also identified low-complexity classes in younger or
less developed stands characterized by uniform canopy heights and
densities, showing comparable low-complexity features to our Cluster A.
Similarly, Zhang et al. (2011), who classified cool temperate rainforests
and adjacent eucalypt forests in Australia using airborne LiDAR, iden-
tified structurally simpler forest types such as “Low Open Forest” and
certain “Eucalypt Forest” classes that, based on their descriptions of
lower canopy height and simpler structure, are broadly consistent with
such single-layered, dense canopies.

Clusters B and C at the 5-m scale, which largely merged into a
broader Cluster B at the 10-m scale, represented intermediate structural
complexity with moderate values across most indices. This indicates
partially stratified canopies with a mixed species composition. The
amalgamation of finer-scale distinctions (5-m Clusters B and C) into a
more generalized cluster at the 10-m scale illustrates how increasing the
analytical unit size can average out localized heterogeneity, potentially
obscuring subtle variations that are important for niche differentiation
or microhabitat availability. This observation aligns with Zhao et al.
(2011), who noted that while composite LiDAR metrics are useful for
characterizing overall structure, very large observation footprints can
average out fine-scale details. Similarly, at the 10-m scale, Cluster E is
absent because coarser analytical footprints aggregate micro-structural
variation and edge mosaics into broader canopy categories, thereby
diminishing cluster distinctness. Importantly, this scale-driven reduc-
tion in cluster number arises from spatial aggregation rather than dif-
ferences in the number of analytical units, as both datasets represent the
same forest area sampled at different resolutions. These intermediate
clusters show a mixed coniferous-broadleaf composition. Q. mongolica is
prominent but less dominant than in the more complex types, and
C. crenata and Q. aliena are also notable in the 10-m Cluster B (Table 5).
This species pattern is observed alongside the transitional, mixed
structural profile of these clusters.

The 5-m Cluster D and its 10-m counterpart Cluster C, exhibited
upper-middle complexity. These clusters were characterized by elevated
layer diversity indices (e.g., at 5-m, Cluster D had RV = 2.449, LRVI =
0.749, VLD = 0.651) and moderate AG (5.092 m) (Table 4). These
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characteristics are indicative of active mid-to-late successional stands,
which are often associated with increased species diversity and biomass
accumulation, as demonstrated by Almeida et al. (2020), who utilized
drone LiDAR to monitor successional changes in tropical forest struc-
ture. Furthermore, the findings of Jucker et al. (2014) indicate that
structurally and species-diverse forest stands can sustain ecosystem
functions such as productivity and provide resilience against structural
shifts. Overall, these clusters represent intermediate-to-high structural
complexity. The framework proposed by Atkins et al. (2018a,b) for
quantifying canopy structural complexity, although based on terrestrial
LiDAR, emphasizes metrics like FHD and the number of layers; higher
values for these metrics would correspond with the characteristics of the
more developed forest stages identified in our study.

The most complex structural types, Clusters E (at 5-m scale) and D (at
10-m scale), exhibited the highest values for diversity indices (e.g., 5-m
Cluster E: RV = 4.114, LRVI = 1.324, HVI = 0.559) and gap index (AG =
5.287 m), along with the lowest LDI (0.379) (Table 4). These charac-
teristics are indicative of late-successional, mature, mixed-species for-
ests and are often associated with long-term ecological processes (Jung
et al., 2013; Svenning et al., 2004). Similarly, Hilker et al. (2009), while
mapping forest disturbances, implicitly demonstrated that undisturbed
or later successional areas typically exhibit greater structural
complexity, which can be captured through remote sensing. The high
AG and low LDI values indicate significant vertical differentiation and
internal openness, which are crucial for maintaining diverse light en-
vironments within the canopy and providing varied habitats.

Finally, the ‘noise’ cluster identified by HDBSCAN in both the 5- and
10-m radii units analyses likely represents ecologically meaningful yet
structurally ambiguous units (e.g., transitional or edge areas) rather
than mere analytical errors. These units exhibited high RV values but
moderate VLD, indicating internal structural variability that deviates
from the dominant patterns of the other clusters. The higher proportion
of noise at the 10-m scale (11.2%; 4.9% at 5-m scale) reflects a scale-
dependent smoothing effect, where larger analytical units merge con-
trasting micro-structures -such as local canopy gaps or mixed stands-
into unclassified plots. In addition, a 0.5-m resolution DEM based
analysis confirmed no significant relationship between noise distribu-
tion and topographic factors (elevation or slope), suggesting that their
occurrence arises from intrinsic fine-scale heterogeneity rather than
terrain influence. Ecologically, these ‘noise’ units represent structural
mosaics or ecotonal zones characterized by ongoing canopy adjustment
and spatial heterogeneity. The ability of HDBSCAN to isolate such
ambiguous structures as ‘noise’, rather than forcing them into ill-fitting
groups, remains a key advantage in complex ecological datasets
(Neuville et al., 2021). This finding aligns with previous LiDAR studies
noting the challenge of discretely classifying diverse forest structures
(Moran et al., 2018).

5.4. Research limitations and future works

While this study established a robust methodological framework for
quantifying forest vertical structure using novel indices and ecologically
interpretable typologies in Korean temperate forests, its limitations
underscore several key avenues for future research. The findings,
including optimal parameters and index sensitivities, are currently
specific to the temperate mixed forest at our study site and the charac-
teristics of the ALS data. Future work must assess the generalizability of
these findings across diverse forest biomes (such as tropical, boreal, and
other temperate systems), different LiDAR sensors, and varying point
densities (Hirschmugl et al., 2023). The visual field validation of layer
numbers, although expert-driven, could be improved by incorporating
quantitative terrestrial LIDAR measurements for ground-truthing can-
opy layering and foliage profiles, following methodologies similar to
those proposed by Atkins et al. (2018a,b). Additionally, expanding the
species-specific analysis beyond the eight dominant species is war-
ranted. It is also important the unbalanced number of units among



S. Lee et al.

species, a result of the natural distribution in the study site, may influ-
ence the statistical robustness for lowerly distributed species. Further-
more, the adapted layer definition method from Hamraz et al. (2017)
represents just one of several possibilities; comparative studies utilizing
alternative techniques, such as mixture models (Jaskierniak et al., 2011)
or different segmentation algorithms, could provide further insights into
optimizing the characterization of vertical structure.

Building on these limitations, future research should prioritize
enhancing ecological validation and functional linkages. This involves
directly correlating our structural indices and typologies with field-
measured biodiversity (Yip et al., 2024; Ren et al., 2023), microcli-
matic conditions and essential ecosystem functions, including forest
productivity, nutrient cycling, and carbon sequestration. The “structural
fingerprints” approach proposed by Goncalves et al. (2024), which
connects LiDAR-derived structural data to topographical influences and
potential ecosystem functions, offers a promising model. Furthermore,
our indices could contribute to other process models, such as canopy fuel
loading (Skowronski et al., 2011). Exploring spatio-temporal dynamics
and upscaling capabilities is another critical area of research.
Multi-temporal LiDAR datasets can reveal successional pathways and
responses to disturbances (Choi et al., 2019). Integrating our detailed
ALS-derived metrics derived from ALS with data from other sensors,
such as spaceborne LiDAR (GEDI, ICESat/GLAS) (Ren et al., 2023;
Hirschmugl et al., 2023; Fayad et al., 2014) or multispectral and
hyperspectral imagery (Wilkes et al., 2015; Wernicke et al., 2022), is key
for comprehensive landscape assessments. Addressing these limitations
and pursuing future research directions will significantly enhance the
utility of LiDAR-derived vertical structure information, thereby
advancing forest ecology and supporting evidence-based sustainable
forest management on a global scaled.

6. Conclusion

This study established an optimized forest layer segmentation pro-
tocol and introduced a multi-scale, multi-index approach for the
detailed assessment and clustering of forest vertical layers using high-
density ALS data. The results yielded three key findings. First, the ten
vertical layer indices demonstrated high fidelity in capturing species-
specific structural characteristics, effectively distinguishing the hetero-
geneous complexity of broadleaved canopies from the more homoge-
neous forms of coniferous stands. Second, the multi-scale comparison
revealed statistically significant scale dependencies across both species
and indices; for example, layer diversity measures, particularly VLD,
were closely associated with the spatial extent of the analysis. Third, the
PCA-HDBSCAN unsupervised clustering approach successfully stratified
the landscape into ecologically interpretable structural typologies,
revealing a clear gradient from simple monolayer stands to structurally
complex, late-successional systems. In synthesizing these findings, this
research provides an empirically validated toolkit for multi-faceted
structural assessment and establishes a robust, quantitative foundation
for future investigations into structure-function relationships, biodi-
versity modeling, and the development of evidence-based strategies for
sustainable forest management.

Beyond methodological advancement, the ten vertical layer indices
proposed here provide functional ecological value for forest monitoring
and management. Height-based indices can be applied to evaluate stand
development and biomass accumulation. Gap-related indices quantify
the vertical separation between adjacent canopy layers (inter-layer
gaps), informing assessments of within-canopy light environments, un-
derstory habitat conditions, and the degree of vertical compactness.
Diversity indices capture internal structural heterogeneity relevant to
resilience evaluation, restoration progress, and ecological complexity.
Collectively, these indices provide a scalable framework linking LiDAR-
derived structure to practical applications in forest conservation,
biodiversity assessment, and policy-oriented ecosystem management.
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