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Highlights

What are the main findings?

• ULS-derived forest structural metrics showed weak relationships with understory
taxonomic and functional alpha diversity.

• Canopy openness and vertical heterogeneity emerged as significant predictors of
understory beta diversity and community turnover

What are the implications of the main findings?

• ULS metrics are effective tools for assessing spatial variation in understory plant
community composition.

• Forest stand structure can help reveal patterns of understory community turnover
across successional stages

Abstract

Forest structural heterogeneity is widely recognized as a key driver of biodiversity, yet
its effects on different components of understory diversity across spatial scales remain
insufficiently understood, particularly when assessed using high-resolution remote sensing
techniques. In this study, we examined the relationship between forest structure and
understory plant diversity along secondary forest succession using high-density uncrewed
laser scanning (ULS) data. We derived a suite of LiDAR-based structural metrics describing
canopy height, vertical heterogeneity and canopy openness, and evaluated their association
with both taxonomic and functional diversity at alpha- and beta-scales, through linear
mixed models and distance-based redundancy analysis. Structural metrics showed a
limited explanatory power for local (alpha) diversity, with generally weak relationships
across taxonomic and functional indices. In contrast, forest structure consistently explained
variation in beta diversity, with canopy openness and vertical heterogeneity emerging as
the strongest predictors of community dissimilarity. These findings suggest that forest
structure plays a greater role in shaping differences in species composition among stands
than in determining within-stand diversity. Overall, our findings highlight the potential of
ULS-derived structural metrics to capture spatial patterns of understory diversity, while
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underscoring the importance of accounting for multiple environmental drivers and scale-
dependent processes.

Keywords: forest structure; laser scanning; biodiversity; ULS; Italy

1. Introduction
Forests are among the most biodiverse ecosystems on Earth, hosting an estimated 80%

of the global terrestrial biodiversity [1]. Beyond their intrinsic conservation value, they
regulate key ecological processes, including carbon (C) storage, nutrient cycling, hydro-
logical regulation and climate buffering [2]. Consequently, monitoring and conserving
forest biodiversity is essential not only for species preservation but also for maintaining
ecosystem functioning and resilience in the face of ongoing global change [3–5].

In temperate forests, more than 80% of vascular plant diversity is typically concen-
trated in the understory, defined as the vegetation layer comprising all vascular plants
below one meter in height [6]. Despite accounting for less than 1% of total forest biomass,
understory vegetation plays a disproportionately important role at the ecosystem level.
It contributes to carbon dynamics and energy flow and influences the cycling rates of
essential nutrients [6–8]. Moreover, the understory constitutes a critical component of forest
ecosystems by supporting higher trophic levels through the provision of food resources [9].

Given the role of the understory as an indicator of forest viability, health, and con-
servation status [10], understanding its dynamics and underlying drivers is essential for
informing sustainable forest management and ensuring long-term ecosystem functioning.
The composition and diversity of the understory are influenced by multiple factors, includ-
ing edaphic and climatic conditions, topography and forest structural properties [6,11–14].
At the local scale, forest structure represents a key determinant of understory species dis-
tribution as it shapes microclimatic conditions such as air and soil temperature, humidity
and wind regimes [15,16]. Consistent with the niche theory, biodiversity is expected to
increase in more heterogeneous environments, where a wider range of habitat conditions
allows species with different ecological requirements to coexist and more effectively exploit
available niche space [17–19]. In turn, forest structure is itself shaped by a combination of
factors, including management practices [20,21], disturbance regime [22,23], stand age and
successional dynamics [24–26].

Most studies investigating understory biodiversity have traditionally focused on tax-
onomic diversity [27]. However, species richness captures only one facet of biodiversity.
Over the past two decades, increasing attention has shifted toward the functional dimen-
sion of diversity [28], which provides deeper insights into ecosystem functioning and
resilience, the provision of ecosystem services, and species’ responses to environmental
gradients [29,30]. Functional diversity (FD) describes the range, distribution, and relative
abundance of functional traits within a community. It is commonly quantified through
three complementary components: (i) functional richness (FRic), representing the volume
of trait space occupied by species; (ii) functional evenness (FEve), reflecting how evenly
species abundances are distributed within that space; and (iii) functional divergence (FDiv),
indicating the extent to which species abundances are concentrated toward the extremes of
trait values [31]. Recent studies have shown that forest structural attributes influence not
only taxonomic diversity but also the functional composition of plant communities [32]. At
the understory level, functional diversity has been shown to respond to structural attributes,
such as overstory canopy height and vertical complexity [33]. However, biodiversity re-
sponses to forest structure may differ across spatial scales. Beyond local (alpha) diversity,
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understanding how plant communities vary across space is essential for capturing broader
biodiversity patterns. Variation in forest structure among stands may promote species and
trait turnover, thereby contributing to patterns of beta diversity, providing key insights into
the processes underlying community assembly along environmental gradients. Therefore,
integrating beta with alpha diversity enables a more comprehensive assessment of how
forest structure influences biodiversity across spatial scales [34,35].

Over recent decades, forest area in Europe has steadily expanded, largely driven by
natural succession following widespread agricultural land abandonment [36]. This process
of natural reforestation already affects tens of thousands of square kilometres across the
continent [37] and is expected to continue in the coming decades as rural depopulation and
agricultural decline persist [38,39]. As forests regenerate through succession, landscapes
increasingly develop into mosaics of stands at different developmental stages. These suc-
cessional gradients create a broad spectrum of forest structural conditions within relatively
small spatial extents, offering a valuable framework for investigating how variation in
forest structure shapes biodiversity patterns.

Quantifying forest structural variability has traditionally relied on field-based inven-
tories, which are often time-consuming and typically capture only a limited subset of
structural attributes [40]. In recent years, remote sensing technologies have increasingly
complemented or replaced these approaches. Among them, Light Detection and Ranging
(LiDAR) has emerged as one of the most effective tools for characterizing forest structure,
as it provides detailed three-dimensional information on vegetation architecture [41,42].
LiDAR-derived structural metrics have been successfully used to explain patterns of taxo-
nomic and functional beta diversity in forest ecosystems [35] and, when integrated with
other remote sensing data, can improve predictions of plant biodiversity [43]. LiDAR
sensors can be deployed on multiple platforms depending on the spatial and temporal
scale of interest. Among these, aerial laser scanning (ALS) remains the most widely used
approach, with nearly 95% of studies investigating species–habitat relationships relying on
ALS-derived metrics [44]. While ALS enables rapid coverage of large areas, it is often asso-
ciated with high operational costs, limited flexibility in data acquisition, and comparatively
lower point densities compared to systems operating closer or within the canopy [45,46].
Uncrewed aerial laser scanning (ULS) represents a cost-effective alternative that provides
very-high-spatial-resolution data [40,47]. Despite its potential, its application in biodiver-
sity research remains limited. A recent review by Feigl et al. [40] identified only seven
studies using ULS to characterize forest structure in biodiversity assessments; among these,
just three focused on plant communities, and none explicitly addressed understory vege-
tation. Moreover, none of the reviewed studies evaluated understory biodiversity from a
functional perspective.

Bearing in mind these considerations, this paper aims to improve our understanding
of the relationships between understory alpha and beta diversity and forest structure.
To this end, we used high-density ULS point clouds to derive detailed metrics of ver-
tical and horizontal forest structure and tested whether these attributes are associated
with variation in understory taxonomic and functional diversity at both local (alpha) and
between-community (beta) scales.

Based on the heterogeneity–diversity hypothesis and previous empirical evidence,
we hypothesize that greater forest structural complexity is associated with higher under-
story plant diversity through increased niche availability and environmental heterogeneity.
Specifically, we expect forest structure to be associated with both taxonomic [13,48–51] and
functional alpha diversity [12,28,33,51,52]. We further hypothesize that variation in forest
structure among stands is linked to both taxonomic and functional beta diversity, as envi-
ronmental and structural heterogeneity are known to drive compositional and functional
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dissimilarity across forest stands [33–35]. To test these hypotheses, we selected sites along
a secondary succession gradient in order to maximize stand structural diversity, as forest
structure is known to vary along succession [26].

2. Materials and Methods
2.1. Study Area

The study was conducted in the municipalities of Taipana and Lusevera, located in the
Friuli Venezia Giulia Region in north-eastern Italy (46◦26′N, 13◦31′E) (Figure 1). The study
sites range between 400 and 600 m a.s.l., with a mean elevation of approximately 580 m. The
climate is temperate and humid, with a mean annual temperature of about 11 ◦C and mean
annual precipitation of approximately 2660 mm [53]. Soils in the area are predominantly
classified as Cambisols according to USDA Soil Taxonomy and have developed from
calcareous parent materials [54]. The vegetation consists of mixed deciduous forests
dominated by Fraxinus excelsior L., Acer pseudoplatanus L., and Ostrya carpinifolia Scop.,
which are particularly abundant in later successional stages. Patches of Corylus avellana L.
and Castanea sativa Mill. are also common, especially in stands representing earlier stages
of succession [55].

Figure 1. Location of the study area. (A) Boundaries of Friuli Venezia Giulia (FVG) region in Italy;
(B) municipalities of Lusevera and Taipana, where the four chronosequences are located; (C) detail of
the Lusevera chronosequences; and (D) detail of the Taipana chronosequences.

Since the mid-twentieth century, the region has undergone progressive rural depop-
ulation and the abandonment of traditional agricultural activities, including croplands
and pastures, which has triggered widespread natural reforestation processes [56,57]. As a
result, the current landscape is characterized by a mosaic of forest stands at different stages
of secondary succession occurring in close spatial proximity. This configuration provides
an ideal setting for investigating the relationships between forest structural attributes and
understory plant diversity, as different successional stages correspond to distinct forest
structural conditions [26].
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2.2. Sampling Design and Data Collection

Within the study area, forest chronosequences were reconstructed using a time se-
ries of historical georeferenced orthophotos, following the approach proposed by Panico
et al. [55,58].

Based on the timing of the land-use transitions from managed meadows to forest,
identified from orthophoto interpretation, four successional stages were distinguished
(approximately 14, 35, 58 and 75 years since abandonment). Four replicated chronose-
quences were then established within the study area, each comprising one sampling plot
per successional stage, for a total of 16 plots. Although this design allowed us to sample a
broad range of structural conditions along the successional gradient, the number of effec-
tively independent sampling units remained limited (four chronosequences and 16 plots).
Consequently, subsequent analyses were intended to identify associations between forest
structure and understory diversity patterns rather than support broad generalizations
beyond the study system.

Vegetation surveys were conducted within a circular plot with a radius of 13 m
(531 m2). Within each plot, three 5 × 5 m subplots were randomly located to characterize
within-plot variability in understory vegetation. Subplots were positioned entirely within
the plot boundaries, did not overlap, and were separated by a minimum distance of 5 m.
In each subplot, the percentage cover of each species was visually estimated, considering
only the understory layer, defined as all vascular plants occurring below 1 m in height. The
surveys included tree seedlings, shrubs, and herbaceous species present within this height
threshold. Fieldwork was carried out during April and May 2024, coinciding with the peak
growing season of understory vegetation. For subsequent analyses, tree seedlings and
climbing species were excluded from the dataset, as functional trait values available in the
literature generally refer to fully developed individuals and may therefore not accurately
reflect the functional characteristics of juvenile plants [12,51]. ULS data were obtained
using a Zenmuse L1 (DJI, Shenzhen, China) LiDAR sensor mounted on a DJI Matrice
300 RTK UAV (DJI, Shenzhen, China). Flights were performed using autonomous mode
along pre-planned flight paths at an average altitude of 60 m above ground level and
a flight speed of about 4 m s−1. Adjacent flight lines were planned with a 70% lateral
overlap to ensure full coverage and data redundancy. The resulting point clouds achieved
densities exceeding 1500 points m−2. Scans were acquired in December 2024, under leaf-off
conditions. Although canopy conditions during leaf-off do not fully correspond to those
experienced by understory vegetation during the growing season, our objective was to
characterize relatively stable forest structural attributes rather than seasonal variation in
canopy openness or light availability. For this reason, leaf-off acquisition was preferred, as
it enhances canopy penetration and improves the characterization of forest stand structure,
allowing a more complete representation of both canopy and subcanopy layers. This
approach is widely recommended in the literature when the objective is to characterize
three-dimensional forest structure using LiDAR data [59–61].

2.3. Plant Diversity Indices

For each subplot, three alpha diversity indices, namely species richness (Rich), Shan-
non diversity (H) and Pielou’s evenness (J), were calculated for understory plant species
using the ‘diversity’ function in the vegan v2.6-8 R package [62].

We then selected six functional traits from the “Global Spectrum of Plant Form and
Function Dataset” [63]. Together, these traits—plant height, stem specific density, leaf area,
leaf mass per area, leaf nitrogen content per dry mass, and diaspore (seed or spore) mass—
capture the main axes of variation in plant form and function [64]. Trait data were retrieved
for species whose cumulative abundance, using the percentage coverage, reached at least
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80% [65,66]. Species nomenclature was standardized using the Taxonomic Name Resolution
Service (TNRS; [67]) with the World Flora Online backbone [68]. Outputs were manually
verified, and accepted synonyms were used when the standardized names were not present
in the trait databases. Missing trait values were subsequently imputed using phylogenetic
information. A phylogenetic tree including all species was generated with the phylo.maker
function from the V.PhyloMaker v0.1 R package [69], and used as a basis for imputation
via the impute function from the funspace v0.2.2 R package [70]. To reduce dimensionality,
a Principal Component Analysis (PCA) was performed using the princomp function in
the base stats R package. The first two principal components, explaining 54% of the total
functional variation, were retained. Based on these axes, species-level and community-level
functional spaces were computed using the Trait Probability Density (TPD) framework
implemented in the TPD v1.1 R package [71]. From these functional spaces, three functional
diversity indices—functional richness (FRic), functional divergence (FDiv), and functional
evenness (FEve)—were calculated for each subplot using the REND function. Functional
dissimilarity between communities was also computed using the dissim function. The TPD
approach was chosen because it has been identified as particularly robust for estimating
functional diversity indices in datasets with partially imputed traits [72]. Taxonomic beta
diversity among subplots was quantified using Bray–Curtis dissimilarity on Hellinger-
transformed species abundance data, computed with the vegdist function in the vegan
R package.

2.4. LiDAR Data Processing and Structural Metrics

LiDAR point clouds were processed to derive structural metrics describing different
components of forest structure, namely forest canopy height, vertical heterogeneity, and
canopy openness, which are widely used in studies investigating relationship between
forest structure and biodiversity [40,73].

As a first step, raw point clouds were homogenized using a voxel-based thinning
procedure with a voxel size of 0.2 m in all three dimensions. This procedure reduces local
variations in point density and improves computational efficiency in subsequent analy-
sis [74]. Within each voxel, a single representative point, selected as the point closest to the
voxel centroid, was retained, resulting in a homogenized point cloud with approximately
uniform sampling density. The point cloud was then height-normalised, with point heights
expressed as elevation above ground. Negative values resulting from interpolation artefacts
were set to zero. All structural metrics were computed on a 1 m × 1 m grid using the
height-normalized, non-ground point cloud. To characterize different aspects of forest
structure, five structural metrics were derived: Top Canopy Height, Coefficient of Variation
of Canopy Height (CanopyHeightCoV), Gap Fraction, Vertical Complexity Index (VCI) and
Understory Complexity Index (UCI). A detailed description of each metric is provided in
Table 1. The subplot boundaries were used for the extraction of the mean values of the five
LiDAR-derived structural metrics, ensuring that vegetation and structural measurements
were collected at matching spatial scales.

Table 1. Description of the LiDAR-derived forest structural metrics.

Short Name Full Name Description References

TopCanopyHeight Top Canopy Height

98th percentile of
non-ground point heights
within each grid column,
representing the upper
canopy surface

[75]

https://doi.org/10.3390/rs18132099

https://doi.org/10.3390/rs18132099


Remote Sens. 2026, 18, 2099 7 of 18

Table 1. Cont.

Short Name Full Name Description References

CanopyHeightCoV
Coefficient of
Variation of
Canopy Height

Relative vertical variability
of canopy elements [76]

GapFraction Gap Fraction

Proportion of grid columns
lacking canopy returns
above the 25% of the
site-level canopy height

VCI Vertical Complexity
Index

Vertical distribution of
canopy elements and their
structural complexity

[77]

UCI Understory
Complexity Index

VCI applied to the
understory: height range is
truncated at understory top
height (3 m), and a finer
vertical resolution is used
(∆z = 0.4 m).

[78]

2.5. Statistical Analysis

Differences in forest structural attributes among successional stages were assessed at
the plot level (13 m radius) using linear mixed-effects models (LMMs). For each structural
metric (TopCanopyHeight, CanopyHeightCoV, GapFraction, VCI, and UCI), successional
stage was included as a fixed factor, while chronosequence was treated as a random inter-
cept to account for the hierarchical sampling design. Model assumptions were evaluated
using the DHARMa package v0.4.7 [79]. Pairwise differences among successional stages
were tested using estimated marginal means with Tukey-adjusted comparisons with the em-
means package v2.0.3 [80]. Polynomial contrasts were used to test for linear and non-linear
trends of structural metrics along the successional gradient, using linear mixed-effects
models with chronosequence as a random effect.

Relationships between forest structure and understory diversity were first explored
using Spearman correlation analyses between structural metrics and both taxonomic and
functional alpha diversity indices (Figure S1). Collinearity among predictor variables
(TopCanopyHeight, CanopyHeightCoV, GapFraction, VCI, and UCI) was assessed using
Spearman rank correlations and hierarchical cluster analysis; no strong collinearity was
detected (|ρ| < 0.75).

Linear mixed effect models (LMMs) were then used to examine the effects of the
structural attributes on taxonomic (Rich, H, J) and functional (FRic, FEve, FDiv) diversity
indices at the subplot level. Because subplots were nested within plots, representing sam-
ples within the same ecological unit rather than independent sampling units, plot identity
was included as a random effect in all linear mixed models to account for the hierarchical
sampling design and potential spatial non-independence among observations. Model
diagnostics performed using the DHARMa package indicated no significant deviations
from model assumptions.

To further assess the contribution of structural attributes in explaining variation in
understory diversity, variance partitioning was conducted. Semi-partial coefficients of
determination (part R2) were computed to quantify the independent contribution of each
structural metric using the partR2 R package v0.9.2 [81].
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Finally, the role of forest structure in shaping patterns of beta diversity was evaluated
using distance-based redundancy analysis (dbRDA) implemented through the capscale
function in the “vegan” R package [62]. This approach extends linear modelling to multi-
variate response data by relating a dissimilarity matrix to a set of explanatory variables [82].
Both taxonomic and functional beta diversity matrices were used as response variables,
while LiDAR-derived structural metrics were included as explanatory variables. Given the
hierarchical sampling design (subplots nested within plots), analyses were first conducted
at the subplot level, both with and without conditioning on plot identity. Conditioning
on plot identity substantially reduced explained variance, indicating that most variation
in beta diversity occurred among plots rather than within plots (Table S1). Accordingly,
complementary analyses were performed at the plot level by aggregating subplot data and
recalculating diversity metrics for each 13 m plot, allowing relationships between forest
structure and beta diversity to be evaluated at the spatial scale at which structural variation
was most pronounced. Given the limited number of independent sampling units, analyses
conducted at plot and subplot level are considered exploratory and aimed at identifying
associations rather than supporting broad inference.

Statistical significance of the overall model and individual predictors was assessed
using permutation tests with 999 permutations. All statistical analyses were performed in
R [83].

3. Results
3.1. Structural Differences Across Successional Stages

Forest structural attributes varied along the successional stage gradient, although
responses differed among metrics (Figure S2; Table S4). Top canopy height showed a
strong and significant increase with increasing successional stage, supported by both the
mixed-effects model and a significant linear trend. Canopy height variability and vertical
complexity (VCI) also increased along the gradient, with significant effects of successional
stage and positive linear trends (Table S4). Gap fraction exhibited a decreasing pattern with
increasing successional stage, with a significant negative linear trend, although differences
among classes were not statistically significant in pairwise comparisons. In contrast,
understory complexity (UCI) did not show significant differences among successional
stages and no clear trend along the gradient.

3.2. Relationships Between Alpha Diversity Indices and Forest Structure

Linear mixed-effects models were used to assess the relationships between forest struc-
tural metrics and understory taxonomic and functional diversity indices. The marginal R2

values of the models ranged from 0.03 to 0.22 across diversity indices (Table S2), indicating
generally low to moderate explanatory power of forest structural attributes. Table 2 reports
the estimated coefficients for models in which at least one structural predictor showed a
significant effect (statistics for all 6 models can be found in Table S5). Functional richness
(FRic) was significantly negatively related to canopy height (TopCanopyHeight; β = −0.60
± 0.29 SE, p = 0.042), whereas no other structural metrics showed significant effects on func-
tional diversity components. Species richness was negatively associated with understory
structural complexity (UCI; β = −12.87 ± 5.85 SE, p = 0.034), with weaker, non-significant
trends observed for TopCanopyHeight and GapFraction. Similarly, Shannon diversity
(H) showed a marginally significant negative relationship with UCI (β = −1.44 ± 0.71 SE,
p = 0.049).

As reported in Table S3, TopCanopyHeight showed the strongest and most consistent
contribution, explaining a substantial portion of variance in both taxonomic and functional
diversity (Figure 2). Its effects were particularly evident for Rich (part R2 = 0.097), H (part
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R2 = 0.094), FRic (part R2 = 0.116), and FDiv (part R2 = 0.106), whereas its contribution to
evenness metrics (J and FEve) was negligible. GapFraction exhibited a more variable and
generally weaker contribution, showing moderate association with Rich (part R2 = 0.058)
and FDiv (part R2 = 0.036), but limited effects on the remaining indices. Similarly, UCI
played a relevant role mainly for taxonomic diversity, with notable contributions to Rich
(part R2 = 0.082), H (part R2 = 0.089), and J (part R2 = 0.054), while its influence on functional
diversity metrics was comparatively limited. In contrast, VCI contributed primarily to
FRic (part R2 = 0.059) and FDiv (part R2 = 0.074), with weak effects on taxonomic indices.
CanopyHeightCoV showed only minor contributions, mainly for Rich. Overall, bootstrap
confidence intervals for part R2 estimates were wide and frequently overlapped zero,
indicating considerable uncertainty in the relative importance of individual predictors.

Table 2. Results of the significant LMMs relating alpha diversity indices (FRic, Rich, H) and the
forest structural attributes. Marginal R2 represents the proportion of variance explained by the fixed
effects. Estimate and Std. Error denote the estimated regression coefficient and its standard error,
respectively. df indicates the degrees of freedom, t value is the test statistic for the fixed effect, and
Pr(>|t|) represents the associated p-value (bold values indicate statistical significance; * indicates
p < 0.05).

Dependent Variable Marginal R2 Independent Variable Estimate Std. Error df t Value Pr(>|t|)

Functional Richness
(FRic) 0.16

TopCanopyHeight −0.6044 0.2863 33.5843 −2.111 0.0423 *

CanopyHeightCoV −3.1910 13.1278 39.7615 −0.243 0.8092

GapFraction 4.4966 12.9279 40.1083 0.348 0.7298

VCI 21.7181 15.7743 41.9634 1.377 0.1759

UCI −9.8534 7.4497 39.1767 −1.323 0.1936

Species Richness
(Rich) 0.22

TopCanopyHeight −0.4511 0.2407 41.988 −1.874 0.06788.

CanopyHeightCoV 10.9549 10.1936 38.603 1.075 0.28919

GapFraction 17.9241 9.2097 33.808 1.946 0.05998.

VCI 8.9119 11.8188 37.922 0.754 0.45548

UCI −12.8740 5.8464 39.458 −2.202 0.03357 *

Shannon entropy (H) 0.16

TopCanopyHeight −0.05311 0.02783 36.542 −1.908 0.0642.

CanopyHeightCoV 0.20941 1.25242 41.684 0.167 0.8680

GapFraction 0.33580 1.19907 38.410 0.280 0.7809

VCI 1.80645 1.48203 41.523 1.219 0.2298

UCI −1.44401 0.71233 41.363 −2.027 0.0491 *

3.3. Beta Diversity and Structural Attributes

At the plot level, forest structural metrics significantly explained variation in both
functional and taxonomic beta diversity (Figure 3). For functional beta diversity, the
dbRDA model accounted for 47.8% of the total variation and was statistically significant
(F = 1.83, p = 0.034). Similarly, taxonomic beta diversity was significantly related to
forest structure, with the model explaining 45.2% of the variation (F = 1.65, p = 0.019).
For functional beta diversity, GapFraction was the main predictor, showing a significant
marginal effect, whereas the remaining structural variables were not significant (Table 3).
In contrast, taxonomic beta diversity was associated with a combination of structural
attributes, with CanopyHeightCoV and GapFraction showing significant marginal effects,
and VCI contributing more weakly (Table 3).
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Figure 2. Contribution of structural metrics to herbaceous diversity indices. Proportions of variance
in taxonomic (orange; Rich, H, J) and functional (green; FRic, FEve, FDiv) diversity indices explained
by structural attributes.

Figure 3. Distance-based redundancy analysis (dbRDA) ordinations of taxonomic beta diversity
(orange; (A)) and functional beta diversity (green; (B)) of understory plant communities constrained
by forest structural metrics. Points represent 13-m-radius plots and are coloured according to
successional stage. Plots located closer together in the ordination space have more similar community
composition than plots located farther apart. Arrows represent forest structural variables; arrow
direction indicates the direction of increasing values of the corresponding variable, whereas arrow
length is proportional to the strength of its association with the ordination axes. Analyses were
conditioned on chronosequence. The percentages reported in parentheses on the CAP1 and CAP2
axes indicate the proportion of constrained variance explained by each canonical axis.

Table 3. Marginal effects of forest structural metrics on taxonomic and functional beta diversity from
dbRDA. Sum Sq represents the variation in community dissimilarity explained by each structural
metric. F value is the pseudo-F statistic obtained from permutation tests, and p-values indicate the
significance of the relationship based on 999 permutations. For both dbRDA models, model df = 5
and residual df = 10. Bold values indicate statistical significance; * indicates p < 0.05.

Taxonomic Beta Diversity Functional Beta Diversity

Predictor Sum Sq F p-Value Sum Sq F p-Value

TopCanopyHeight 0.3925 1.2431 0.256 0.1671 1.1869 0.257
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Table 3. Cont.

Taxonomic Beta Diversity Functional Beta Diversity

Predictor Sum Sq F p-Value Sum Sq F p-Value

CanopyHeightCoV 0.6984 2.2116 0.017 * 0.2411 1.7120 0.140

GapFraction 0.6448 2.0421 0.029 * 0.3924 2.7865 0.028 *

VCI 0.5307 1.6805 0.082. 0.2092 1.4854 0.174

UCI 0.3757 1.1899 0.291 0.2279 1.6188 0.143

4. Discussion
Our results show that forest structural attributes derived from ULS LiDAR exhibit

contrasting relationships with understory plant diversity across spatial scales. Structural
metrics explained only a limited proportion of variation in taxonomic and functional alpha
diversity, with generally weak relationships, whereas they accounted for a substantially
higher proportion of variation in both taxonomic and functional beta diversity. In par-
ticular, canopy height and understory structural complexity were negatively associated
with local diversity indices, while metrics related to canopy openness and structural het-
erogeneity emerged as key predictors of community dissimilarities among plots. These
patterns suggest that, in the studied secondary temperate forests, forest structure plays
a more prominent role in shaping spatial changes in community composition than in
regulating local (alpha) diversity. Overall, our findings highlight a clear scale-dependent
relationship between forest structure and understory plant diversity, whereby structural
heterogeneity primarily contributes to between-community differentiation rather than
within-community diversity.

4.1. Alpha Diversity

Forest structure showed only a limited capacity to explain local (alpha) understory
diversity in our study, with generally low marginal R2 values and only a few significant
effects. Furthermore, bootstrap confidence intervals around the partial R2 estimates were
generally broad and frequently overlapped zero, indicating substantial uncertainty in the
contribution of individual structural predictors. Despite this uncertainty, the partial R2

analysis identified TopCanopyHeight as one of the most influential structural predictors
across several diversity metrics, affecting both taxonomic and functional components. Con-
sistently, the LMM results showed that functional richness was negatively associated with
increasing canopy height. In our system, taller canopies correspond to more advanced
successional stages (Figure S2). Such stages have been reported to be associated with lower
understory taxonomic diversity compared to early successional stages in the same region
and elsewhere in Italy [84], a pattern consistent with the structural gradient captured by
canopy height in this study. More advanced stages of forest succession are also associated
with reduced light penetration at the forest floor, as suggested by the decreasing trend of
gap fraction observed along the successional gradient (Table S4). Such conditions may con-
strain the coexistence of species with contrasting ecological strategies, potentially leading
to lower functional richness [84–87]. These patterns align with previous findings by Chelli
et al. [52], who reported that in Italian temperate forests canopy closure reduced the diver-
sity of individual functional traits, namely plant height, specific leaf area and seed mass,
suggesting that shaded conditions may constrain the range of available trait combinations.
Overall, our results suggest that canopy height may be indicative of the ecological gradient
associated with secondary succession underlying variation in alpha diversity.

LMM analysis highlighted that species richness and Shannon diversity were negatively
associated with increasing understory structural complexity. Higher UCI values likely
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reflect denser and more vertically developed understory layers, potentially dominated by
shrubs within the 0–3 m height range. Such conditions may reduce light availability at
ground level and intensify competition for resources, thereby limiting the establishment
and coexistence of additional herbaceous species. This is in line with previous studies
conducted in abandoned coppice forests, where higher tree density was associated with
lower understory species richness, likely due to stronger light limitation under closed
canopy [51]. While the underlying mechanisms were not directly assessed in this study, the
negative relationship observed with UCI is consistent with this general interpretation.

The overall weak explanatory power of structural variables suggests that local under-
story diversity is not primarily driven by forest structure alone. In line with this, Chelli
et al. [12] showed that climate, soil and forest structure jointly shape understory func-
tional diversity across Italian forests, with herbaceous species responding more strongly
to climate and soil than to structural attributes. The limited performance of our models
may therefore reflect the influence of unmeasured environmental drivers, such as soil
properties and topography. This highlights an important limitation of relying exclusively
on LiDAR-derived structural metrics to explain alpha diversity patterns in temperate forest
ecosystems. Furthermore, this weak relationship may partly reflect scale mismatches and
boundary effects, as structural metrics derived over limited spatial extents may fail to
capture the heterogeneity experienced by plant communities.

4.2. Beta Diversity

In contrast to alpha diversity, forest structural attributes explained a substantial pro-
portion of variation in both taxonomic and functional beta diversity, indicating a stronger
influence of forest structure on spatial patterns of community dissimilarity than on local
diversity. This strong relationship partly contrasts with previous studies, where forest
structure has been shown to play a weak to moderate role and is often confounded with
other environmental drivers. For instance, Yao et al. [35], analysing woody communities
in subtropical forests of southwest China, found that forest structure explained only a
limited proportion of beta diversity, particularly for the functional composition, with topog-
raphy and spatial structure playing a more prominent role. Similarly, Zellweger at al. [34]
highlighted that forest structure interacts with microclimatic and topographic gradients
in shaping vascular plant community dissimilarity, rather than acting as an independent
dominant driver alone.

The stronger effects observed in our study likely reflect the characteristics of the inves-
tigated ecosystems, where forest stands represent distinct successional stages and therefore
exhibit pronounced structural contrasts. Such differences are expected to generate hetero-
geneous light environments and microhabitat conditions among plots, thereby promoting
both taxonomic and functional turnover in understory communities.

Among structural metrics, GapFraction showed the strongest associations with func-
tional beta diversity. Canopy gaps could create heterogeneous microhabitats that facilitate
the coexistence of species with contrasting ecological strategies and functional traits. Con-
sequently, spatial variation in gap distribution may lead to marked differences in functional
composition across forest stands. Taxonomic beta diversity, in turn, was associated with a
combination of structural attributes, with canopy height variability and canopy openness
contributing significantly to species dissimilarity. This supports our hypothesis that both
vertical and horizontal components of forest structure jointly drive spatial heterogeneity in
understory communities. These findings have important implications for forest manage-
ment and biodiversity conservation. In landscapes undergoing forest encroachment and
succession, maintaining a mosaic of patches differing in canopy height, gap dynamics and
structural complexity can sustain a wide range of habitat conditions, thereby promoting
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both taxonomic and functional beta diversity at the landscape scale. This suggests that
management strategies should aim not only to enhance local diversity, but also to maintain
structural variability across forest stands.

However, these results should be interpreted with some caution. In our study system,
where successional stages are well-defined, forest structure may act as a proxy for multiple
co-varying environmental gradients. Moreover, the relatively limited number of sampled
plots may constrain the generality of our findings. Future studies based on larger datasets
would help to test the robustness of these patterns across broader environmental contexts.
Integrating LiDAR-derived metrics with direct measurements of microclimate, topography,
and soil conditions could further improve understanding of the mechanisms driving
beta diversity, allowing the independent effects of forest structure to be more clearly
disentangled from other environmental drivers.

5. Conclusions
Our study provides new insights into the role of forest structure, derived from high-

density ULS point clouds, as an indicator of forest biodiversity. Overall, the results partially
support our hypotheses. While we expected structural diversity to affect both taxonomic
and functional alpha and beta diversity, LiDAR-derived metrics showed limited explana-
tory power for local (alpha) diversity but accounted for a substantial proportion of variation
in beta diversity. These findings suggest a scale-dependent association of forest structure
on understory plant diversity in secondary temperate forests with a stronger role for spatial
patterns of community dissimilarity. In particular, canopy openness and vertical hetero-
geneity appear to be primarily associated with differences among communities rather than
with increases in local diversity. In systems characterized by pronounced successional
gradients, structural attributes may effectively capture multiple underlying environmental
drivers. From a landscape management perspective, maintaining structural heterogeneity
across forest stands, including a mosaic of patches at different successional stages, may
help support plant diversity at the landscape scale. At the same time, the weak relation-
ships observed for alpha diversity underline the need to integrate structural information
with additional environmental variables, such as soil properties and microclimate, to bet-
ter understand local diversity patterns. Overall, our findings demonstrate the value of
high-resolution ULS LiDAR data for capturing ecologically meaningful variation in forest
structure and emphasize its potential for improving biodiversity assessments in structurally
complex forest ecosystems.
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UAV Uncrewed Aerial Vehicle
UCI Understory Complexity Index
ULS Uncrewed Laser Scanning
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