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ARTICLE INFO ABSTRACT
Keywords: Vegetation structural complexity is an important component of forest ecosystems, influencing biodiversity and
Data integration functioning. Due to the heterogeneous distribution of vegetation elements, structural complexity underpins

LiDAR technologies
Multivariate analysis
Sumatra

Vegetation structure

ecological dynamics, species composition, microclimate, and habitat diversity. Field measurements and Light
Detection and Ranging (LiDAR) data, such as airborne (ALS) and terrestrial (TLS), can assess structural char-
acteristics of forest and agroforestry systems at various spatial scales. This assessment is urgently needed for
monitoring ecosystem restoration in degraded lands (e.g., in oil palm landscapes), where it is not well-known
how structural measures derived from these different approaches relate to each other. Here, we compared the
degree of correlation between individual and multivariate datasets of vegetation structural complexity metrics
derived from ALS, TLS, and ground-based inventory approaches. The study was conducted in a 140 ha oil palm
monoculture, enriched with 52 plots in the form of tree islands representing agroforestry systems of varying sizes
and planted diversity levels in Sumatra, Indonesia. Our datasets comprised 25 ALS, five TLS, and nine ground-
based inventory metrics. We studied correlations among metrics related to traditional stand summary, hetero-
geneity, and vertical and horizontal stand structure. We used principal component analysis for data dimen-
sionality reduction, correlation analysis to quantify the strength of relationships between metrics, and Procrustes
analysis to investigate the agreement between datasets. Significant correlations were found between ALS and TLS
metrics for canopy density (r = 0.79) and maximum tree height (r = 0.58) and between ALS and ground-based
inventory measures of stand heterogeneity and height diversity (r between 0.60 and —0.63). Further, we
observed significant agreements between the ordinations of multivariate datasets (r = 0.56 for ALS — TLS; and
r = 0.46 for ALS - ground-based inventory). Our findings underline the ability of ALS to capture structural
complexity patterns, especially for canopy gap dynamics and vegetation height metrics, as captured by TLS, and
for measures of heterogeneity and vertical structure as captured by ground-based inventories. Our study high-
lights the strength of each approach and underscores the potential of integrating ALS and TLS with ground-based
inventories for a comprehensive characterization of vegetation structure in complex agroforestry systems, which
can provide guidance for their management and support ecosystem restoration monitoring efforts.
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1. Introduction

Vegetation structural complexity is an important characteristic of
forest and agroforestry systems, supporting microclimatic conditions for
different taxa (Ehbrecht et al., 2019; Kovacs et al., 2017; Meijide et al.,
2018) and influencing ecosystem functionality and biodiversity (IVIcEl-
hinny et al., 2005). Defined as the “three-dimensional distribution of
vegetation within an ecosystem” (Coverdale & Davies, 2023), vegetation
structural complexity integrates the number and relative abundance of
individual vegetation structural attributes (McElhinny et al., 2005) such
as heterogeneity, vertical, and horizontal structure (Atkins et al., 2018;
Rutten et al., 2015). Greater complexity in forest ecosystems contributes
to overall biodiversity by creating heterogeneous structures with vary-
ing water and light distribution, microhabitats, and niche occupations
for diverse plant and animal communities (de Almeida et al. (2021a);
Ehbrecht et al., 2017; Santos et al., 2022). Therefore, studying vegeta-
tion structural complexity is essential for understanding ecosystem
processes and for the sustainable management of forest and agroforestry
systems (Aalto et al., 2023).

Traditionally, vegetation structural complexity has been assessed
through ground-based tree inventories (Avery & Burkhart, 2015; Kohl
et al., 2006) which are limited to the plot area (McElhinny et al., 2006;
Zellweger et al., 2013), and are costly and time-consuming (Zenner &
Hibbs, 2000), especially in areas of difficult access. These conventional
methods mainly focus on two-dimensional stand-level characteristics
(Lines et al., 2022), neglecting the three-dimensional nature of forest
stands (Perles-Garcia et al., 2021). In contrast, remote sensing technol-
ogies, particularly light detection and ranging (LiDAR), have revolu-
tionised the estimation of vegetation structural complexity (Thers et al.,
2019) by enabling a rapid and precise characterization of vegetation,
from individual trees to entire forests (Seidel et al., 2019; Stovall et al.,
2018). Airborne Laser Scanning (ALS) and Terrestrial Laser Scanning
(TLS), as forms of LiDAR, facilitate the estimation of vegetation struc-
tural characteristics across multiple forest types, at varying spatial scales
and resolutions (Asner & Mascaro, 2014; Nesset, 2002; Nguyen et al.,
2023). Hence, LiDAR technologies provide opportunities to evaluate
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restoration practices at larger scales and characterize tree-based systems
such as agroforestry (Camarretta et al., 2020, 2021), especially in
tropical areas where the characterization of vegetation structural
complexity using different methods remains underdeveloped (Becknell
et al., 2018).

While ALS is primarily used for acquiring upper canopy variability
data (Hilker et al., 2010) across larger spatial extents in a relatively short
time (White et al., 2016), TLS assesses tree form and vegetation distri-
bution under the canopy and at plot level (Calders et al., 2020) (see
conceptual Fig. 1). These methods can enhance vegetation character-
ization when combined, enabling effective monitoring of ecosystem
restoration and conservation efforts on a scalable basis (de Almeida et al.
(2021a); Camarretta et al., 2020; Coverdale & Davies, 2023). However,
both technologies face limitations due to the occlusion effect, caused by
obstructive vegetation elements (Crespo-Peremarch et al., 2020). For
instance, in ground-based scanning, the occlusion effect in the lower
canopy limits the assessment of top-canopy characteristics (Mathes
et al., 2023; Wang et al., 2019). Conversely, ALS encounters occlusion
from the top of the canopy (Lefsky et al., 1999, 2002), limiting the
characterization of below canopy vegetation but proved to be ideal for
representing tree heights and top canopy characteristics, thought its
accuracy depends on the point cloud and canopy density (Crespo-Per-
emarch et al., 2020; Ganz et al., 2019).

Agroforestry systems represent a sustainable form of land utilization
that integrates a diverse, productive, and resilient land management
approach (Wilson & Lovell, 2016). They involve complex vegetation
structures (Camarretta et al., 2021; Seidel et al., 2021) as a result of the
mixture between vegetation layers including trees, shrubs, and crops on
the same land unit (Nair, 1991, 1993). Compared to simplified mono-
culture farming, these complex structures can enhance plant and
faunistic diversity (Manning et al., 2019; Santos et al., 2022), and
outyield monocultures when managed effectively (Pretzsch & Schiitze,
2016). The complementarity of tree species within these systems facil-
itates efficient use of resources (e.g., light, water), bringing different
ecosystem services and benefits for biodiversity and people (Garrity,
2004; Nair et al., 2008). The adaptability and multifunctionality of
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Fig. 1. (a) Graphical representation of an oil palm agroforestry system in which vegetation structural complexity metrics were assessed with ALS (red dashed line)
and TLS (green dotted line). ALS emits laser pulses above the canopy, capturing upper canopy surface characteristics and heterogeneity. TLS characterizes under
canopy structural diversity. (b) Conceptual side view of the agroforestry system with extracted metrics, including measures of heterogeneity (e.g., entropy or
standard deviation of height points), vertical structure (e.g., number of points above a threshold or foliage height diversity), and horizontal structure (e.g., canopy
openness and gaps size). A complete list of metrics extracted from the different approaches is described in Table S2. (c) An example of point clouds obtained from ALS

and (d) TLS.
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agroforestry align with the goals of the UN Decade on Ecosystem
Restoration, offering practical solutions to some of the most pressing
environmental challenges (UN Decade on Ecosystem Restoration (UN
(2021)). Therefore, agroforestry systems are promising, long-lasting,
and effective reference models for restoration ecology within agricul-
tural landscapes (Aronson et al., 2017).

Accurate assessment of vegetation structure in agroforestry systems
is crucial for effective ecosystem management and restoration, repre-
senting a critical area for the utilization of LiDAR technology. However,
the advantages and potential limitations of using different LiDAR tech-
nologies to characterize vegetation structural complexity in agroforestry
systems remain underexplored. In this study, we compared the degree of
correlation between individual and multivariate sets of vegetation
structural complexity metrics derived from ALS, TLS, and ground-based
inventory. While previous studies have explored the relationship be-
tween LiDAR metrics from different platforms with ground-based in-
ventory data in forest ecosystems (e.g., Bazezew et al., 2018; Hilker
et al., 2010; Jayathunga et al., 2018; Palace et al., 2015), here we pro-
vide insights on the applications of LiDAR in characterising vegetation
structural complexity in oil palm agroforestry systems. We asked how
ALS metrics correlate with ground-based metrics (TLS and ground-based
inventory) in characterising vegetation structural complexity in oil palm
agroforestry systems. We hypothesised that the degree of correlation
among ALS, TLS, and ground-based inventory metrics varies across
structural complexity categories of heterogeneity, vertical, and hori-
zontal structure. Specifically, we expected ALS and TLS to demonstrate
strong correlations for vertical (e.g., height measures) and horizontal (e.
g., canopy gap measures) metrics. Conversely, we expected the corre-
lations between ALS and ground-based inventory metrics to be moderate
or low as the dense agroforestry setting might lead to different charac-
teristics from both methods. Finally, in the comparative analysis be-
tween multivariate datasets, we hypothesised higher concordance or
association between ALS and TLS datasets as both methods can capture
vertical and horizontal vegetation variability in three-dimensional space
from different positions, compared to ground-based tree inventories.

2. Methods
2.1. Study area

The study was carried out in an oil palm landscape in the estate of
Humusindo Makmur Sejati near the Bungku village in Jambi province,
Sumatra, Indonesia (1.95° S, 103.25° E; 47 & 11 m a.s.l.). The lowlands
of Jambi are characterized by a humid tropical climate with two peak
rainy seasons in March and December and a dryer period from July to
August (Drescher et al., 2016). The mean annual precipitation is
2235 + 385 mm (1991-2011), and the mean annual average tempera-
ture is 26.7 £+ 1.0 °C (Drescher et al., 2016). Spatial and ground-based
data were collected within EFForTS-BEE, a large-scale, long-term
Biodiversity Enrichment Experiment in the EFForTS project (Ecological
and Socioeconomic Functions of Tropical Lowland Rainforest Trans-
formation Systems, https://www.uni-goettingen.de/efforts). The main
aim of EFForTS-BEE is to evaluate the potential of establishing small
patches of native trees (i.e., tree islands, representing agroforestry sys-
tems) (Benayas et al., 2008) within an industrial oil palm plantation as a
restoration measure to enhance biodiversity and ecosystem functioning
while still providing socio-economic benefits (Teuscher et al., 2016;
Zemp et al., 2023). The experiment was established in December 2013
within a 140-ha oil palm monoculture of 6- to 12-years of age. In the
experiment, 52 plots in the form of tree islands were established
following a random partition design. The tree islands vary in sizes of
25 m?, 100 m?, 400 m?, and 1600 m?, as well as the number of tree
species planted inside of the island ranging from 0, 1, 2, 3, and 6 native
tree species planted (see tree islands information and coordinates in
Table S1), with a total of 6354 trees planted. The total area of the tree
islands is 2.8 ha, representing less than 5 % of the oil palm monoculture.
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Before the establishment of the islands, oil palm density was reduced by
40 %, except in the 25 m> plots (Teuscher et al., 2016). Manual weeding
of the understorey stopped two years after planting, allowing for natural
regeneration inside the tree islands. More details of the experimental
design and the management are available in Teuscher et al., (2016).

2.2. Data collection

We analyzed three datasets containing vegetation structural
complexity metrics obtained from the 52 tree islands. The first dataset
was obtained from ALS in January 2020, i.e., six years after the estab-
lishment of the experiment. The data was collected with a Riegl LMS-
Q780 full waveform scanner (Riegl Laser Measurement Systems
GmbH, Horn, Austria), operating at the near-infrared wavelength,
mounted on a BN2T fixed-wing aircraft flying at an altitude of 1780 m
above ground level (AGL). The waveforms were discretized and rectified
with the Riegl software suite (RiProcess, RiAnalyze, RiWorld). The flight
line overlap was at least 60 % resulting in a point cloud average density
of all points in the studied tree islands was 26.6 points m 2, with a
standard deviation of 4.3 points m~2 (see an example of the point cloud
obtained from ALS in Fig. 1C). The second dataset was obtained from
TLS in single-scan mode (Ehbrecht et al., 2017; Seidel et al., 2016) in
January 2020 (see an example of point cloud obtained from the TLS in
Fig. 1D). AFARO Focus M70 terrestrial laser scanner (Faro Technologies
Inc., Lake Mary, USA) was used once at the center of each tree island to
capture the 3-dimensional distribution of the stand elements. ALS plot
centroids corresponded to the plot’s center measured in the field with
the help of a Reach RS2 Global Navigation Satellite System (GNSS)
receiver. The third dataset was obtained from a ground-based tree in-
ventory carried out between January and February 2020, following
Zemp et al., (2019). In each tree island, we inventoried all trees taller
than 130 cm (planted or established naturally). Oil palms were not
included in the inventory. We recorded tree species’ identity, spatial
coordinates, and structural attributes (Table 1). Diameter at Breast
Height (DBH, measured at 130 cm above ground) was measured with a
calliper for trees < 6 cm diameter and a diameter tape for larger trees.
Tree height was measured with regular tape for trees < 2 m height, a
telescopic pole for trees between 2 and 12 m, and a VERTEX for
trees > 12 m. Plot centers used for ALS, TLS, and ground-based in-
ventory were carefully aligned to ensure consistent spatial referencing
and accurate comparison across datasets, without calibration or
adjustment.

2.3. Data processing

ALS point cloud data were processed using the statistical language R
(R Core Team, 2021), with the packages lidR (Roussel (2022)), Forest-
GapR (Silva et al., 2019), and leafR (de Almeida et al. (2021b)) (a
complete explanation of the methodology for LiDAR data is described in
Camarretta et al., 2021). In total, 25 metrics were extracted from the
ALS point cloud (Table 1) in circular plots of five meters radius from the
plot center. Next, five TLS metrics were calculated from the TLS point
cloud, including top height (Top.height), Mean Fractal Dimension
(MeanFrac), Effective Number of Layers (ENL), stand structural
complexity Index (SSCI) and canopy openness (Canopy.openness)
(Table 1), following Ehbrecht et al., (2021). Canopy openness is also a
measure of canopy gaps, with openness including the sum of all gap
sizes. TLS point clouds were processed using the statistical language R (R
Core Team, 2021). Finally, with the ground-based tree inventory data,
we calculated different measures of dispersion for DBH, height, and
basal area, using allometric equations (Table 1).

All metrics from the different datasets describe different vegetation
structural characteristics in three-dimensional space and are grouped
into four different categories including (1) traditional stand summary
measures (including the most common metrics used in remote sensing
and ground-based inventories), (2) measures of heterogeneity (upper
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Table 1

Categories and list of vegetation structural complexity metrics extracted from
ALS and TLS point clouds and ground-based inventory. Adapted from Camar-
retta et al., (2021). A detailed description of metrics can be found in the sup-
plementary materials Table S2. Metric name abbreviations are listed in
parentheses.

Category of ALS metric TLS metric Inventory metric
measure
Traditional Maximum height Height of the Maximum height
stand within the point cloud  highest z- per tree island
summary (zmax), mean height coordinate (max_height), mean
within the point cloud  within the point height per tree
(zmean), vegetation cloud (Top. island
cover above 2.5 m height) (mean_height),
(veg cover), total mean diameter
extent of gaps > 2.5m measured at
(sum_gapArea), leaf 130 cm length of
area index (lai) the stem
(mean DBH), total
basal area per tree
island (T.BAm2),
mean basal area
per tree island
(mean_BAm2)
Heterogeneity Entropy of height Stand structural Standard
points (zentropy), complexity deviation of height
kurtosis of height index (SSCI), per tree island
points (zkurt), arithmetic mean (SD_height),
skewness of height of fractal standard deviation
points (zskew), dimensions of of diameter
standard deviation of polygons within measured at
height points (zsd), the point cloud 130 cm (SD_DBH),
rumple index (rumple) (meanFRAC) standard deviation
of basal area
(SD_BAm2)
Vertical Number of points Effective Height values
structure above 2 m height number of greater than 95 %
threshold (pzabove2), layers (ENL), of heights in the
number of points tree island (H.
above zmean Quantile_0.95)
(pzabovemean),
percentiles of height
returns 25, 50, 75
(2925, 2950, 2q75),
foliage height
diversity calculated as
Shannon evenness
(fhd_shan_eve) or
Shannon diversity
(fhd_shan_div),
effective number of
layers (ENL), canopy
ratio (cr)
Horizontal Total number of gaps Canopy
structure in the canopy > 2.5 m openness
(num_gaps), maximum (canopy.
gap size > 2.5 m openness)

(max_gapArea), min
gap size > 2.5 m
(min_gapArea), mean
gap size > 2.5m
(mean_gapArea),
median gap

size > 2.5 m
(median_gapArea),
number of points
classified as ground
(pground)

canopy and below canopy complexity or heterogeneity), (3) measures of
vertical structure (including height measures and vertical complexity),
and (4) measures of horizontal structure (canopy cover or canopy gaps
measurements) (Camarretta et al., 2021; Kane et al., 2010; LaRue et al.,
2020).
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2.4. Statistical analysis

We compared correlations between ALS and ground-based (TLS and
ground-based inventory) datasets of structural complexity for individual
metrics and for multivariate sets of metrics. First, we used principal
component analysis (PCA) to study data variation and to reduce data
dimensionality in the ALS dataset (25 variables), for which many vari-
ables described similar structural attributes. PCA analysis was con-
ducted using the function PCA() from the FactorMineR R package
(Husson et al., 2022). All values were standardised before the analysis to
control for the effect of scale and different units. Results were visualised
as biplots using the fviz pac biplot() function from the factorextra R
package (Kassambara & Mundt, 2020).

Second, we computed a matrix of non-parametric Spearman’s r-rank
correlation coefficients (r) to investigate the correlation between indi-
vidual metrics from the different datasets. We calculated correlations in
pairs for 1) ALS and TLS metrics and 2) ALS and ground-based inventory
metrics. For interpretations, in this study we considered r > 0.7 as a
strong correlation, r > 0.4 and < 0.7 as a moderate correlation, and
r < 0.4 as a weak correlation. We calculated Spearman correlations
using the function rcorr() from the R package Hmisc (Frank (2021)). We
assessed the statistical significance of the correlation using multiple
significance thresholds (p-values, significance level p < 0.05, < 0.01,
and < 0.001). We used scatterplots to show the highest correlations
found in the analysis. We reduced dimensionality in the ALS dataset for
the subsequent comparative analysis based on the results of the eigen-
values associated with the first two principal components from the ALS
PCA and the correlation analysis. For this, we selected the metrics with
the largest possible variances and showing the highest correlation
among datasets, making sure to include metrics describing the different
vegetation structural categories.

Next, using a Procrustean superimposition approach (Gower, 1971;
Peres-Neto & Jackson, 2001), we compared multivariate datasets and
tested the agreement between pairs of ordinations for 1) ALS — TLS and
2) ALS - ground-based inventory datasets. Procrustes analysis rotates
and rescale the axes of two ordinations in order to find an optimal su-
perimposition, so that the target dataset (e.g., ALS dataset) corresponds
as closely as possible to the reference dataset (e.g., TLS or ground-based
inventory). The obtained Procrustes sum of squared errors (i.e., m?)
indicates overall dissimilarity between datasets (Peres-Neto & Jackson,
2001). The statistical significance of the Procrustes results was measured
with the Procrustes permutation test (Protest) of community environ-
mental concordance (Jackson, 1995) and a correlation coefficient (r)
was computed to quantify the correlation between datasets after Pro-
crustes transformation. We performed a Procrustes and Protest test using
the functions procrustes() and protest() from the R package vegan
(Oksanen et al., 2022). All the analyses were performed in R (R Core
Team, 2021).

3. Results
3.1. Principal component analysis (PCA) for the ALS dataset

PCA for the 25 ALS metrics showed that 81 % of the total variance
came from the first two axes of ordination (Fig. 2), while PC3, and PC4
only accounted for 10.2 % and 6.8 %, respectively (Table S3). The first
principal component (PC 1, accounting for ~ 53 % of the total variance)
was mainly associations with measures of vertical structure, including
pzabove2, fhd shan div, cr, and 2q25. In the first PC, metrics describing
horizontal structure (e.g., max_gapArea, sum gapArea, pground) had an
inverse relationship with metrics describing vertical structure (e.g.,
pzabove2, fhd shan div, zq25). The second PC (accounting for ~ 19 % of
the total variance) was mainly correlated with metrics describing het-
erogeneity and vertical structure (e.g., enl, zentropy, zsd), indicating tree
height variance. Scatter points symbolising tree diversity level (point
colour) and tree island size (point size) showed heterogeneous
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Fig. 2. PCA-biplot for the 25 ALS metrics. The % value shows the explained variance by each axis for the two principal components (PC 1 and PC 2). Metrics are
represented with arrows, where arrows length represent the variance of metrics. Points represent the distribution of tree islands where point colour indicate the
diversity level and point size represents the tree island size. See the detailed description of metrics in Table S2.

distribution along metrics, indicating no substantial differences among
tree islands.

3.2. Correlations between ALS and ground-based (TLS and ground-based
inventory) vegetation structural individual metrics and multivariate
datasets

Strong positive correlations (Spearman r > 0.7) were found between
metrics characterising stand summary and horizontal structure. The
highest correlation was observed between the ALS max_gapArea and the
TLS canopy.opennes (r = 0.79 — Fig. 3A). Other strong correlations were
observed between sum gapArea, veg cover, and mean gapArea, with can-
opy.openness (r = 0.78, —0.78, and 0.73 respectively — Table 2). The ALS
metric pzabove2 (a measure of vertical structure) also showed a strong
correlation with canopy.openness (r = -0.73). Moderate correlations were
found between the ALS vertical structural metrics 2g50 and pzabovemean
and the TLS canopy.openness (r = -0.66 and —0.63, respectively). We did
not find any significant correlation between the effective number of
layers (ENL, a measure of vertical structure) from ALS and TLS, which
was assessed following the same methodology (Table S4). Other mod-
erate correlations were observed between metrics describing height
measurements, e.g., between zmax and Top.height (Fig. 3B) and zmean
and canopy.openness (r = 0.58 and —0.59, respectively). Maximum tree
height values obtained from ALS varied from 10.4 m to 18.3 m, with a
mean and standard deviation of 13.5 m and 1.5 m, while values of top
tree height from TLS varied from 11 m to 23 m, with a mean and stan-
dard deviation of 14.6 m and 2 m (Figure S1). The correlations between
ALS — TLS metrics describing heterogeneity were moderate (r between
0.40 and 0.55).

Correlations between ALS and ground-based inventory metrics
showed mainly moderate correlations (r between 0.40 and 0.63 —
Table 3). The highest correlation was observed between the ALS rumple
and mean BAm2 (r = -0.63 - Fig. 3C). We found many correlations be-
tween ALS measures of vertical structure and the ground-based in-
ventory metrics, e.g., between fhd shan_eve, cr and mean_height (r = 0.6
and —0.60, respectively, Fig. 3D). For stand summary measurements,
moderate positive correlations were found between the ALS lai and

seven of the inventory metrics (r between 0.41 and 0.59). Further, ALS
measures of heterogeneity including zskew, zsd, and rumple showed
mainly negative moderate correlations with the ground-based inventory
metrics (r between —0.32 and —0.63). We found no significant corre-
lations between height measurements from airborne LiDAR and in-
ventory, except between zmean and mean_height (r = 0.41) and zmean
and SD_height (r = 0.48). Maximum tree height obtained from the in-
ventory varied from 2 m to 18 m, with a mean and standard deviation of
8.8 m and 3.5 m (Figure S1). Finally, we did not find strong or moderate
correlation between ALS metrics of horizontal structure and the in-
ventory metrics, except for the correlation between pground and
mean BAm2 (r = 0.40).

Based on the PCA and correlation analysis, we selected the ALS
metrics veg cover, lai, and zmax to describe stand summary measures;
zsd, rumple, and zskew to characterize heterogeneity or complexity;
pzabove2, fhd shan_div, and cr as vertical structural metrics; and max_-
gapArea, mean_gapArea, and pground to characterize horizontal structure
for the Procrustes analysis, since they had the highest contribution to the
first and second principal component in the PCA and because they
showed the highest strong or moderate correlations with the TLS and
ground-based inventory metrics.

Procrustes analysis showed closer levels of similarity between the
ordinations of ALS and TLS datasets (m> = 0.68) after Procrustes
transformation (rotation, scaling, and translation), compared to the or-
dinations of ALS and ground-based inventory datasets (m? = 0.78).
While we observed some moderate alignments between the two ordi-
nations (Fig. 4A and B), the correlations after Procrustes transformation
were moderately positive (r = 0.56 for ALS — TLS and r = 0.46 for ALS —
ground-based inventory), implying a significant but not perfect overlap
in the information captured by the different approaches. Larger re-
siduals from the Procrustes analysis indicated greater discrepancy be-
tween the original and aligned position in the observations for both ALS
— TLS and ALS - ground-based inventory comparisons (Fig. 4), sug-
gesting a higher degree of variability or disagreement in how these
methods characterize certain aspects of vegetation structural
complexity.
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Fig. 3. Scatter plots showing some of the highest correlation found in the analysis. (A) canopy openness (Canopy.openness) from TLS and maximum gap area
(max_gapArea) from ALS, Spearman’s rank correlation r = 0.79, n = 52; (B) top height (Top. height) from TLS and maximum height (zmax) from ALS, Spearman’s rank
correlation r = 0.58, n = 52; (C) mean basal area (mean_ BAm2) from the ground-based inventory and rumple index (rumple) from ALS, Spearman’s rank correlation
r = -0.63, n = 52; and (D) mean height (mean_height) from the ground-based inventory and foliage height diversity (fhd shan eve) from ALS, Spearman’s rank

correlation r = 0.60, n = 52.
4. Discussion

In this study, we compared the degree of correlation among metrics
of vegetation structural complexity calculated from ALS, TLS, and
ground-based inventory in oil palm agroforestry systems in Indonesia.
Our results reveal various relationships across approaches, with strong
significant correlations observed between ALS and TLS metrics of ver-
tical and horizontal structure and moderate significant correlations be-
tween ALS and ground-based measures of heterogeneity and vertical
structure. The analysis of agreement between ordinations of multivar-
iate datasets showed higher similarity between ALS and TLS compared
to ALS and ground-based inventory datasets. This comparative analysis
highlights the advantages and limitations of ALS, TLS, and ground-based
inventory to study structural attributes as well as the potential of data
integration for a holistic characterization of vegetation structural
complexity patterns in agroforestry systems.

Correlations between metrics describing traditional stand summary
and heterogeneity were moderate for ALS, TLS, and ground-based in-
ventory. Consistent with our hypothesis, ALS and TLS metrics describing
vegetation height (also a measure of vertical structure) were more
closely correlated than ALS and ground-based inventory height values,
indicating that ALS and TLS methods provide a similar characterization
of height, especially maximum tree height, in oil palm agroforestry
systems. Our study obtained consistently lower values for maximum
height from ground-based measurements compared to the LiDAR
methods. The difference could be due to the limited visibility given the
high density of canopy strata inside the tree islands, e.g., resulting from
the mixture of trees and palms, and because oil palms were not included
in the ground-based measurements. Other studies comparing tree height
estimations from field measurements and LiDAR techniques found that
height values within the plot varied across different measurement
methods (including LiDAR and field measurements), with higher values
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Table 2

Correlations (calculated as Spearman’s correlation coefficient r) between ALS
and TLS metrics. Only strong and moderate significant correlations with r val-
ues >= 0.40 and p-value < 0.05 are shown. Significance levels are indicated as
follows: * for p < 0.05, ** for p < 0.01, and *** for p < 0.001. All significant
correlations are shown in Table S5. See metrics code and description in Table S2.

Category of measure  ALS metrics TLS metrics r

Traditional stand zmax Top.height 0.58%**
summary zmax, lai ENL 0.40**, -0.40**
zmean, veg cover canopy. -0.59%**,
openness -0.78%**
sum_gapArea, lai canopy. 0.78%**,
openness -0.54%**
Heterogeneity zsd, rumple Top.height 0.52%%**
zsd, rumple ENL
zskew, rumple canopy.
openness
Vertical structure fhd_shan_eve ENL
pzabove2, canopy.
pzabovemean openness
2925, 2q50 canopy.
openness
2q75 canopy.
openness
fhd_shan_div, cr canopy.
openness
Horizontal structure max_gapArea, canopy.
min_gapArea openness
mean _gapArea, canopy.
pground openness

obtained from remote sensing techniques (Ganz et al., 2019; Wang et al.,
2019). In dense vegetation areas such as agroforestry systems, field-
based measurements of tree height can be over or underestimated pri-
marily due to limitations in the visibility of the treetop with errors up to
5 m (Bragg, 2014; Ganz et al., 2019). In contrast, ALS can provide good
estimations of heights for dominant trees, but its precision is reduced
when it comes to estimating the heights of less prominent trees from
intermediate crown classes (Hirschmugl et al., 2023; Wang et al., 2019;
Zimble et al., 2003). In large-scale restoration projects, remote sensing
technologies like LiDAR can be used to capture stand height over large
areas rapidly (Dickie et al., 2023), providing a comprehensive overview
of the structure of forest and agroforestry systems, otherwise difficult to
access by ground measurements due to time, resource limitations, and
vegetation density.

The variation in the correlation between the ALS rumple index and
the mean basal area from ground-based inventories, observed as nega-
tive in our study and positive in previous research (Kane et al., 2008),
underscores the complex interplay between metrics characterising
different aspects of forest structure. The discrepancies suggest that some
correlations must be interpreted in the context of the specific forest
ecosystem under study. In dense, uneven-aged stands such as agrofor-
estry systems, a high canopy complexity might not necessarily be related
to a high stand density. Furthermore, while the rumple index was
calculated for the whole plot, mean basal area was estimated only for
trees, excluding oil palms. Therefore, a comprehensive approach based
on the inclusion of multiple metrics describing different aspects of
vegetation structure is essential for accurately capturing structural
complexity in different forest ecosystems.

We studied measures of vertical structure because they can provide
information about height measurements, canopy vertical geometry and
complexity, leaf distribution, and stem diameter (Stark et al., 2012;
Sullivan et al., 2014). Furthermore, the first component identified in the
PCA for the ALS metrics was mainly associated with measures of vertical
structure. Most of the correlations for the three different approaches
were moderate. Positive correlations between the ALS metrics,
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Table 3

Correlations (calculated as Spearman’s correlation coefficient r) between ALS
and ground-based inventory metrics. Only strong and moderate significant
correlations with r values >= 0.40 and p-value < 0.05 are shown. Significance
levels are indicated as follows: * for p < 0.05, ** for p < 0.01, and *** for
p < 0.001. All significant correlations are shown in Table S5. See metrics code
and description in Table S2.

Category of ALS metrics Ground-based r
measure inventory
Traditional stand zmean, lai mean_height
summary
zmean, lai SD_height
zmean, lai H.Quantile_0.95
lai mean DBH
lai SD_DBH
Lai mean_BAm2
lai SD_BAm2
Heterogeneity zkurt, zskew mean DBH
zsd, rumple mean_DBH
zkurt, zskew mean_height
zsd, rumple mean_height -0.48%**,
_0.62***
zkurt, zskew H.Quantile 0.95 0.42%,
-0.58%**
zsd, rumple H.Quantile_0.95
gkurt, zskew mean_BAm2
zsd, rumple mean_BAm2
zskew, rumple SD_DBH
_0. 48‘!(**
zskew, rumple SD_height -0.59%**,
zskew, zsd SD_BAm2
rumple SD_BAm2
Vertical structure pzabove2, mean_ DBH
pzabovemean
2925, fhd_shan_eve mean_DBH 0.44%*,
0.52%%*
fhd_shan_div, cr mean_DBH
pzabove2, SD_DBH 0.43%*,
pzabovemean
2925, fhd_shan_eve SD_DBH
fhd_shan_div, cr SD DBH
pzabove2, mean_height
pzabovemean
2925, fhd_shan_eve mean_height
fhd_shan_div, cr mean_height
pzabove2, SD_height
pzabovemean
2925, 2q50 SD_height
fhd_shan_eve, SD_height
fhd shan_div
cr SD_height -0.52%**
pzabove2, H.Quantile 0.95 0.45%**,
pzabovemean 0.49%+*
2925, 2q50 H.Quantile_0.95 0.53%**,
0. 43*7‘:
fhd_shan_eve, H.Quantile 0.95 0.51, 0.49
fhd shan_div
cr H.Quantile_0.95 -0.55%**
pzabove2, mean_BAm2 0.46
pzabovemean 0.48%***

(continued on next page)
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Table 3 (continued)

Category of ALS metrics Ground-based r
measure inventory
2925, fhd_shan_eve mean_Bam2 0.51%%*,
0.59%**
fhd shan_div, cr mean_BAm2 0.54 %%
_0. 5 8 %k
pzabove2, SD_BAm2 0.40%%,
pzabovemean 0.44**
2925, fhd_shan_eve SD_BAm2 0.43%*,
0.47%%*
fhd_shan_div, cr SD_Bam2 0.43%*,
-0.48%**
Horizontal structure  pground mean BAm2 -0.40*

especially between foliage height evenness and all the inventory met-
rics, indicate that ALS can moderately capture information about ver-
tical forest arrangement (Hirschmugl et al., 2023; McElhinny et al.,
2005), especially mean height and basal area, as captured by ground-
based inventory. Strong correlations between ALS and TLS measures
of horizontal structure (e.g., between max_gapArea and canopy.openness)
suggest that both methods can capture similar patterns in canopy gaps.
ALS can be used in agroforestry systems for quantifying variation in
canopy density with greater detail (e.g., sum, min, max, mean, and
number of canopy gap area, etc.), compared to TLS or ground-based
inventory methods, where assessing canopy openness is more chal-
lenging due to the occlusion effect (Mathes et al., 2023; Wang et al.,
2019). In general, canopy gaps are essential for the regeneration of tree
species (Muscolo et al., 2014; Whitmore, 1989), influencing and shaping
forest structure and community dynamics (Chen et al., 2023; Jucker,
2022). Therefore, metrics describing horizontal structure, for instance
assessed through ALS, allow for large-scale and long-term monitoring of
changes in canopy dynamics (Jucker, 2022), useful in forest manage-
ment and conservation as indicators of forest functioning (Asner &
Mascaro, 2014; Atkins et al., 2018; Ehbrecht et al., 2017) and forests
restoration (Jucker, 2022; Li et al., 2023).

The moderate but statistically significant alignment between the
ordinations derived from ALS — TLS and ALS — ground-based inventory
datasets obtained in the Procrustes analysis indicates that while the
three approaches capture related aspects of vegetation structural
complexity, there are differences in the information content in each
dataset. Relatively high differences among individual points in the
concordance correlations expressed by tree islands with high residuals
may indicate areas where the structural complexity captured by ALS,
TLS, or ground-based inventory diverged significantly. These differences

A
[}
2
N
c
2
w 0
c
[

E >
=] -2 ® [ J
[ ]

[ J [ J
-4 0 4

Dimension 1

Ecological Indicators 166 (2024) 112306

could be attributed to the variability in structural complexity develop-
ment in the different tree islands, subject to different enrichment
treatments (Kikuchi et al., 2023) (e.g., varying plot size and planted tree
diversity level). Therefore, the specific characteristics of the vegetation
and the performance of the LiDAR technology need to be considered
while comparing methodological approaches for characterising vege-
tation structural complexity.

Overall, the significant correlations found between ALS and TLS
vegetation structural metrics, in the univariate and multivariate
comparative analysis, suggest that ALS has the potential to characterize
vegetation structural patterns 1) for measures of horizontal structure
and heterogeneity (e.g., vegetation height and canopy gap dynamics) as
captured by TLS and 2) for measures of vertical structure and hetero-
geneity (e.g., mean vegetation height and diameter) as ground-based
inventory. Furthermore, in line with our initial hypothesis, we found
that ALS and TLS multivariate datasets were more closely correlated
than ALS and the inventory dataset in agroforestry systems, highlighting
their ability to detect the variability of vegetation in three-dimensional
space from different positions. Unexpectedly, we did not find correla-
tions between the ALS rumple index and the TLS stand structural
complexity index or the effective number of layers (calculated following
a similar methodology). We conclude that the different methods are
compatible only to a certain degree. Correlations among metrics will
greatly depend on the technology utilised, the position of the LiDAR
sensor (Hilker et al., 2010; LaRue et al., 2020), and their capacity to
distinguish between upper and lower canopy structural characteristics
(Calders et al., 2020; Hilker et al., 2010). Furthermore, vegetation
structural complexity can vary with changes in scale, species composi-
tion, stand age, canopy disturbances (Hardiman et al., 2011), and in the
case of agroforestry systems, on management intensity (Bisseleua et al.
(2008); Kessler et al., 2005). We emphasise the importance of combining
different LiDAR technologies in different tree-based systems and using
different metrics to better describe vegetation structural complexity.

One limitation in our study was the ground-based inventory, which
unlike LiDAR data, excluded oil palm height measurements, although oil
palm can be generally higher than most recently planted (Zemp,
Ehbrecht, et al., 2019) or naturally established trees. Furthermore, the
ground-based inventory did not prioritise measures of horizontal
structure (i.e., canopy size and gap characteristics), whereas LiDAR
captured these structural features. This information gap constrained the
characterization of canopy structure and horizontal complexity and
limited the comparison with ALS-derived metrics. The characterization
of horizontal structure is particularly important in oil palm agroforestry
systems where the canopies have a complex structure influenced by the

Dimension 2

Dimension 1

Fig. 4. Comparative alignment of ordinations derived from (A) ALS — TLS and (B) TLS — ground-based inventory. The figure illustrates the spatial correlation and
alignment adjustment between dataset pairs through Procrustes analysis. In both panels (A) and (B), dark green points indicate the original position of observation
(n = 52), and light green points indicate their position post-alignment. The size of the light green points reflects the magnitude of Procrustes residuals. Grey arrows
indicate the adjustments in direction and magnitude required to align each observation with grey opacity indicating the magnitude of the residual. Closer proximity
between paired points indicates a higher degree of initial similarity between datasets, requiring minimal adjustment and indicating strong concordance. Conversely,
longer adjustment represented by a larger distance between points indicates a lower initial similarity, requiring greater adjustment and suggesting that the compared

metrics may represent different aspects of vegetation structure.
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different tree species and oil palm mixture, and high densities can lead
to occlusion effects from top to bottom and vice versa, challenging both
airborne and terrestrial scanning techniques. Strategies to generate
more integrated descriptions of forest structure as well as to alleviate
limitations in data acquisition due to signal occlusion include increasing
ALS flyovers (Schneider et al., 2019), integrating multiple-temporal TLS
data (Olivier et al., 2017), and combining data from airborne and
terrestrial laser scanning (Giannetti et al., 2018). However, applying the
mentioned strategies is limited due to practical and logistical constraints
(Kushwaha et al., 2023), especially in dense and structurally complex
environments. Additionally, expanding the scope of ground-based in-
ventories to include various structural components, such as measures of
canopy gaps, will facilitate comparative analysis with LiDAR-derived
metrics.

5. Conclusions

The integration of ALS, TLS, and ground-based inventory data can
provide a comprehensive understanding of vegetation structural
complexity in agroforestry systems, thus enhancing monitoring and
management strategies, for example in the context of ecosystem resto-
ration practices. The comparative analysis presented in this study
showed the ability of ALS to capture patterns of vegetation structural
complexity in oil palm agroforestry systems similar to those captured by
TLS and ground-based inventories. Our results revealed that ALS
captured stand height and canopy density variations consistent with TLS
and can characterize measures of heterogeneity and complexity as
measured by ground-based tree inventories. Despite the observed cor-
relations, the different methods provided different characterizations of
structural complexity, with discrepancies possibly attributed to the
technology used and the characteristics of the studied system. These
insights suggest that integrating different methodologies to leverage the
strength of each approach can provide a comprehensive understanding
of vegetation structure in agroforestry systems. Such an integrated
approach holds the potential to improve the knowledge of ecosystem
functioning and can contribute to guiding forest management strategies
and supporting landscape restoration monitoring efforts in different
forest systems and at different scales.

CRediT authorship contribution statement

Vannesa Montoya-Sanchez: Writing — review & editing, Writing —
original draft, Visualization, Methodology, Formal analysis, Conceptu-
alization. Nicolo Camarretta: Writing — review & editing, Software,
Data curation. Martin Ehbrecht: Writing — review & editing, Software,
Data curation. Michael Schlund: Writing — review & editing. Gustavo
Brant Paterno: Writing — review & editing, Data curation. Dominik
Seidel: Writing — review & editing. Nathaly Guerrero-Ramirez:
Writing — review & editing. Fabian Brambach: Writing — review &
editing, Data curation. Dirk Holscher: Writing — review & editing.
Holger Kreft: Writing — review & editing. Bambang Irawan: Writing —
review & editing. Leti Sundawati: Writing — review & editing. Del-
phine Clara Zemp: Writing - review & editing, Supervision,
Conceptualization.

Declaration of competing interest

The authors declare that they have no known competing financial
interests or personal relationships that could have appeared to influence
the work reported in this paper.

Data availability

Data will be made available on request.

Ecological Indicators 166 (2024) 112306
Acknowledgments

We thank PT Humusindo Makmur Sejati and Pak Hasbi and his
family for granting us access to and use of their properties. We thank the
many field assistants, in particular, Juliandi and Eduard J. Siahaan,
Krisman Hakim Dalimunthe, and Toni Rohaditomo for their support in
the field. We are grateful for the logistical support by the EFForTS staff
and coordination. This study was financed by the Deutsche For-
schungsgemeinschaft (DFG) German Research Foundation—project
number 192626868—SFB 990 in the framework of the collaborative
German—Indonesian research project CRC990 EFForTS (http://www.
unigoettingen.de/crc990). Research permit by the Indonesia Ministry
of Research and Technology (337/SIP/FRP/E5/Dit.KI/I1X/2016). Tree
icons in Fig. 1 were provided by F. Arndt, Formenorm Leipzig. EFForTS-
BEE is a member of the global network of tree diversity experiments
TreeDivNet (http://www.treedivnet.ugent.be).

Appendix A. Supplementary data

Supplementary data to this article can be found online at https://doi.
org/10.1016/j.ecolind.2024.112306.

References

Aalto, 1., Aalto, J., Hancock, S., Valkonen, S., Maeda, E.E., 2023. Quantifying the impact
of management on the three-dimensional structure of boreal forests. For. Ecol.
Manage. 535, 120885 https://doi.org/10.1016/j.foreco.2023.120885.

Aronson, J., Blignaut, J.N., Aronson, T.B., 2017. Conceptual Frameworks and References
for Landscape-scale Restoration: Reflecting Back and Looking Forward 1,2. Annals of
the Missouri Botanical Garden 102 (2), 188-200. https://doi.org/10.3417/2017003.

Asner, G.P., Mascaro, J., 2014. Mapping tropical forest carbon: Calibrating plot estimates
to a simple LiDAR metric. Remote Sens. Environ. 140, 614-624. https://doi.org/
10.1016/j.rse.2013.09.023.

Atkins, J.W., Bohrer, G., Fahey, R.T., Hardiman, B.S., Morin, T.H., Stovall, A.E.L.,
Zimmerman, N., Gough, C.M., 2018. Quantifying vegetation and canopy structural
complexity from terrestrial LIDAR data using the forestr r package. Methods Ecol.
Evol. 9 (10), 2057-2066. https://doi.org/10.1111/2041-210X.13061.

Avery, T.E., Burkhart, H.E., 2015. Forest Measurements, Fifth Edition. Waveland Press.
Bazezew, M.N., Hussin, Y.A., Kloosterman, E.H., 2018. Integrating Airborne LiDAR and
Terrestrial Laser Scanner forest parameters for accurate above-ground biomass/
carbon estimation in Ayer Hitam tropical forest, Malaysia. Int. J. Appl. Earth Obs.

Geoinf. 73, 638-652. https://doi.org/10.1016/.jag.2018.07.026.

Becknell, J. M., Keller, M., Piotto, D., Longo, M., Nara dos-Santos, M., Scaranello, M. A.,
Bruno de Oliveira Cavalcante, R., & Porder, S. (2018). Landscape-scale lidar analysis
of aboveground biomass distribution in secondary Brazilian Atlantic Forest.
Biotropica, 50(3), 520-530. https://doi.org/10.1111/btp.12538.

Benayas, J.M.R., Bullock, J.M., Newton, A.C., 2008. Creating woodland islets to reconcile
ecological restoration, conservation, and agricultural land use. Front. Ecol. Environ.
6 (6), 329-336. https://doi.org/10.1890/070057.

Bisseleua, D., Hervé, B., Vidal, S., 2008. Plant biodiversity and vegetation structure in
traditional cocoa forest gardens in southern Cameroon under different management.
Biodivers. Conserv. 17 (8), 1821-1835. https://doi.org/10.1007/s10531-007-9276-
1.

Bragg, D.C., 2014. Accurately Measuring the Height of (Real) Forest Trees. J. for. 112 (1),
51-54. https://doi.org/10.5849/jof.13-065.

Calders, K., Adams, J., Armston, J., Bartholomeus, H., Bauwens, S., Bentley, L.P.,
Chave, J., Danson, F.M., Demol, M., Disney, M., Gaulton, R., Krishna Moorthy, S.M.,
Levick, S.R., Saarinen, N., Schaaf, C., Stovall, A., Terryn, L., Wilkes, P., Verbeeck, H.,
2020. Terrestrial laser scanning in forest ecology: Expanding the horizon. Remote
Sens. Environ. 251, 112102 https://doi.org/10.1016/j.rse.2020.112102.

Camarretta, N., Harrison, P.A., Bailey, T., Potts, B., Lucieer, A., Davidson, N., Hunt, M.,
2020. Monitoring forest structure to guide adaptive management of forest
restoration: A review of remote sensing approaches. New for. 51 (4), 573-596.
https://doi.org/10.1007/5s11056-019-09754-5.

Camarretta, N., Ehbrecht, M., Seidel, D., Wenzel, A., Zuhdi, M., Merk, M.S., Schlund, M.,
Erasmi, S., Knohl, A., 2021. Using Airborne Laser Scanning to Characterize Land-Use
Systems in a Tropical Landscape Based on Vegetation Structural Metrics. Remote
Sens. (basel) 13 (23), Article 23. https://doi.org/10.3390/rs13234794.

Chen, J., Wang, L., Jucker, T., Da, H., Zhang, Z., Hu, J., Yang, Q., Wang, X., Qin, Y.,
Shen, G., Shu, L., Zhang, J., 2023. Detecting forest canopy gaps using unoccupied
aerial vehicle RGB imagery in a species-rich subtropical forest. Remote Sens. Ecol.
Conserv. 9 (n/a) https://doi.org/10.1002/rse2.336.

Coverdale, T. C., & Davies, A. B. (2023). Unravelling the relationship between plant
diversity and vegetation structural complexity: A review and theoretical framework.
Journal of Ecology, n/a(n/a). https://doi.org/10.1111/1365-2745.14068.

Crespo-Peremarch, P., Fournier, R.A., Nguyen, V.-T., van Lier, O.R., Ruiz, L.A., 2020.
A comparative assessment of the vertical distribution of forest components using
full-waveform airborne, discrete airborne and discrete terrestrial laser scanning data.
For. Ecol. Manage. 473, 118268 https://doi.org/10.1016/j.foreco.2020.118268.


http://www.unigoettingen.de/crc990
http://www.unigoettingen.de/crc990
http://www.treedivnet.ugent.be/
https://doi.org/10.1016/j.ecolind.2024.112306
https://doi.org/10.1016/j.ecolind.2024.112306
https://doi.org/10.1016/j.foreco.2023.120885
https://doi.org/10.3417/2017003
https://doi.org/10.1016/j.rse.2013.09.023
https://doi.org/10.1016/j.rse.2013.09.023
https://doi.org/10.1111/2041-210X.13061
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0025
https://doi.org/10.1016/j.jag.2018.07.026
https://doi.org/10.1890/070057
https://doi.org/10.1007/s10531-007-9276-1
https://doi.org/10.1007/s10531-007-9276-1
https://doi.org/10.5849/jof.13-065
https://doi.org/10.1016/j.rse.2020.112102
https://doi.org/10.1007/s11056-019-09754-5
https://doi.org/10.3390/rs13234794
https://doi.org/10.1002/rse2.336
https://doi.org/10.1016/j.foreco.2020.118268

V. Montoya-Sanchez et al.

Almeida, D. R. A. de, Broadbent, E. N., Ferreira, M. P., Meli, P., Zambrano, A. M. A.,
Gorgens, E. B., Resende, A. F., de Almeida, C. T., do Amaral, C. H., Corte, A. P. D.,
Silva, C. A., Romanelli, J. P., Prata, G. A., de Almeida Papa, D., Stark, S. C.,
Valbuena, R., Nelson, B. W., Guillemot, J., Féret, J.-B., ... Brancalion, P. H. S. (2021).
Monitoring restored tropical forest diversity and structure through UAV-borne
hyperspectral and lidar fusion. Remote Sensing of Environment, 264, 112582. https://
doi.org/10.1016/j.rse.2021.112582.

Almeida, D. R. A. de, Stark, S. C., Silva, C. A., Hamamura, C., & Valbuena, R. (2021).
leafR: Calculates the Leaf Area Index (LAD) and Other Related Functions (0.3.5)
[Computer software]. https://CRAN.R-project.org/package=leafR.

Dickie, M., Hricko, B., Hopkinson, C., Tran, V., Kohler, M., Toni, S., Serrouya, R.,
Kariyeva, J., 2023. Applying remote sensing for large-landscape problems:
Inventorying and tracking habitat recovery for a broadly distributed Species At Risk.
Ecological Solutions and Evidence 4 (3), e12254.

Drescher, J., Rembold, K., Allen, K., Beckschafer, P., Buchori, D., Clough, Y., Faust, H.,
Fauzi, A. M., Gunawan, D., Hertel, D., [rawan, B., Jaya, I. N. S., Klarner, B., Kleinn,
C., Knohl, A., Kotowska, M. M., Krashevska, V., Krishna, V., Leuschner, C., ... Scheu,
S. (2016). Ecological and socio-economic functions across tropical land use systems
after rainforest conversion. Philosophical Transactions of the Royal Society B: Biological
Sciences, 371(1694), Article 1694. https://doi.org/10.1098/rstb.2015.0275.

Ehbrecht, M., Schall, P., Ammer, C., Seidel, D., 2017. Quantifying stand structural
complexity and its relationship with forest management, tree species diversity and
microclimate. Agricultural and Forest Meteorology 242, 1-9. https://doi.org/
10.1016/j.agrformet.2017.04.012.

Ehbrecht, M., Schall, P., Ammer, C., Fischer, M., Seidel, D., 2019. Effects of structural
heterogeneity on the diurnal temperature range in temperate forest ecosystems. For.
Ecol. Manage. 432, 860-867. https://doi.org/10.1016/j.foreco.2018.10.008.

Ehbrecht, M., Seidel, D., Annighofer, P., Kreft, H., Kohler, M., Zemp, D.C., Puettmann, K.,
Nilus, R., Babweteera, F., Willim, K., Stiers, M., Soto, D., Boehmer, H.J.,

Fisichelli, N., Burnett, M., Juday, G., Stephens, S.L., Ammer, C., 2021. Global
patterns and climatic controls of forest structural complexity. Nat. Commun. 12(1),
Article 1 https://doi.org/10.1038/s41467-020-20767-z.

Frank E, H. J., & Charles, D. (2021). Hmisc: Harrell Miscellaneous (4.6-0) [Computer
software]. https://CRAN.R-project.org/package=Hmisc.

Ganz, S., Kéber, Y., Adler, P., 2019. Measuring Tree Height with Remote Sensing—A
Comparison of Photogrammetric and LiDAR Data with Different Field
Measurements. Forests 10 (8). https://doi.org/10.3390/f10080694. Article 8.

Garrity, D.P., 2004. Agroforestry and the achievement of the Millennium Development
Goals. Agrofor. Syst. 61 (1), 5-17. https://doi.org/10.1023/B:
AGF0.0000028986.37502.7c.

Giannetti, F., Puletti, N., Quatrini, V., Travaglini, D., Bottalico, F., Corona, P., Chirici, G.,
2018. Integrating terrestrial and airborne laser scanning for the assessment of single-
tree attributes in Mediterranean forest stands. European Journal of Remote Sensing
51 (1), 795-807. https://doi.org/10.1080/22797254.2018.1482733.

Gower, J.C., 1971. Statistical methods of comparing different multivariate analyses of
the same data. Mathematics in the Archaeological and Historical Science 138-149.

Hardiman, B.S., Bohrer, G., Gough, C.M., Vogel, C.S., Curtis, P.S., 2011. The role of
canopy structural complexity in wood net primary production of a maturing
northern deciduous forest. Ecology 92 (9), 1818-1827. https://doi.org/10.1890/10-
2192.1.

Hilker, T., van Leeuwen, M., Coops, N.C., Wulder, M.A., Newnham, G.J., Jupp, D.L.B.,
Culvenor, D.S., 2010. Comparing canopy metrics derived from terrestrial and
airborne laser scanning in a Douglas-fir dominated forest stand. Trees 24 (5),
819-832. https://doi.org/10.1007/s00468-010-0452-7.

Hirschmugl, M., Lippl, F., Sobe, C., 2023. Assessing the Vertical Structure of Forests
Using Airborne and Spaceborne LiDAR Data in the Austrian Alps. Remote Sens.
(basel) 15 (3), Article 3. https://doi.org/10.3390/rs15030664.

Husson, F., Josse, J., Le, S., Mazet, J., 2022. FactoMineR: Multivariate Exploratory Data
Analysis and Data Mining (2.7). [Computer software].

Jackson, D.A., 1995. PROTEST: A PROcrustean Randomization TEST of community
environment concordance. Ecoscience 2 (3), 297-303. https://doi.org/10.1080/
11956860.1995.11682297.

Jayathunga, S., Owari, T., Tsuyuki, S., 2018. Analysis of forest structural complexity
using airborne LiDAR data and aerial photography in a mixed conifer-broadleaf
forest in northern Japan. J. for. Res. 29 (2), 479-493. https://doi.org/10.1007/
s11676-017-0441-4.

Jucker, T., 2022. Deciphering the fingerprint of disturbance on the three-dimensional
structure of the world’s forests. New Phytol. 233 (2), 612-617. https://doi.org/
10.1111/nph.17729.

Kane, V.R., Gillespie, A.R., McGaughey, R., Lutz, J.A., Ceder, K., Franklin, J.F., 2008.
Interpretation and topographic compensation of conifer canopy self-shadowing.
Remote Sens. Environ. 112 (10), 3820-3832. https://doi.org/10.1016/j.
r5e.2008.06.001.

Kane, V.R., McGaughey, R.J., Bakker, J.D., Gersonde, R.F., Lutz, J.A., Franklin, J.F.,
2010. Comparisons between field- and LiDAR-based measures of stand structural
complexity. Can. J. for. Res. 40 (4), 761-773. https://doi.org/10.1139/X10-024.

Kassambara, A., Mundt, F., 2020. factoextra: Extract and Visualize the Results of
Multivariate Data Analyses (1.0.7). [Computer software].

Kessler, M., KeBler, P.J.A., Gradstein, S.R., Bach, K., Schmull, M., Pitopang, R., 2005.
Tree diversity in primary forest and different land use systems in Central Sulawesi.
IndonesiaBiodiversity & Conservation 14 (3), 547-560. https://doi.org/10.1007/
5§10531-004-3914-7.

Kikuchi, T., Seidel D., Ehbrecht, M., Zemp, D.C., Brambach, F., Irawan, B., Sundawati, L.,
Holscher, D., Kreft, H., Paterno, G.B., 2023. Temporal development of vegetation
structural complexity in experimental oil palm agroforests. [Unpublished
manuscript].

10

Ecological Indicators 166 (2024) 112306

M. Kohl S. Magnussen M. Marchetti (Eds.). Forest Inventories — an Overview. In Sampling
Methods, Remote Sensing and GIS Multiresource Forest Inventory 2006 Springer
10.1007/978-3-540-32572-7_1 1 15.

Kovdcs, B., Tinya, F., Odor, P., 2017. Stand structural drivers of microclimate in mature
temperate mixed forests. Agric. for. Meteorol. 234-235, 11-21. https://doi.org/
10.1016/j.agrformet.2016.11.268.

Kushwaha, S.K.P., Singh, A., Jain, K., Cabo, C., Mokros, M., 2023. Integrating Airborne
and Terrestrial Laser Scanning for Complete 3D Model Generation in Dense Forest.
In: IGARSS 2023-2023 IEEE International Geoscience and Remote Sensing
Symposium, pp. 3137-3140. https://doi.org/10.1109/
IGARSS52108.2023.10283032.

LaRue, E.A., Wagner, F.W., Fei, S., Atkins, J.W., Fahey, R.T., Gough, C.M., Hardiman, B.
S., 2020. Compatibility of Aerial and Terrestrial LIDAR for Quantifying Forest
Structural Diversity. Remote Sens. (basel) 12 (9), Article 9. https://doi.org/10.3390/
rs12091407.

Lefsky, M.A., Cohen, W.B., Acker, S.A., Parker, G.G., Spies, T.A., Harding, D., 1999. Lidar
Remote Sensing of the Canopy Structure and Biophysical Properties of Douglas-Fir
Western Hemlock Forests. Remote Sens. Environ. 70 (3), 339-361. https://doi.org/
10.1016/50034-4257(99)00052-8.

Lefsky, M.A., Cohen, W.B., Parker, G.G., Harding, D.J., 2002. Lidar Remote Sensing for
Ecosystem Studies: Lidar, an emerging remote sensing technology that directly
measures the three-dimensional distribution of plant canopies, can accurately
estimate vegetation structural attributes and should be of particular interest to
forest, landscape, and global ecologists. Bioscience 52 (1), 19-30. https://doi.org/
10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2.

Li, K., Grass, 1., Zemp, D.C., Lorenz, H., Sachsenmaier, L., Nurdiansyah, F., Holscher, D.,
Kreft, H., Tscharntke, T., 2023. Tree identity and canopy openness mediate oil palm
biodiversity enrichment effects on insect herbivory and pollination. Ecol. Appl. n/a
(n/a), 2862 https://doi.org/10.1002/eap.2862.

Lines, E.R., Fischer, F.J., Owen, H.J.F., Jucker, T., 2022. The shape of trees: Reimagining
forest ecology in three dimensions with remote sensing. J. Ecol. 110 (8), 1730-1745.
https://doi.org/10.1111/1365-2745.13944.

Manning, P., Loos, J., Barnes, A.D., Batdry, P., Bianchi, F.J.J.A., Buchmann, N., De
Deyn, G.B., Ebeling, A., Eisenhauer, N., Fischer, M., Friind, J., Grass, 1., Isselstein, J.,
Jochum, M., Klein, A.M., Klingenberg, E.O.F., Landis, D.A., Leps, J., Lindborg, R.,
Tscharntke, T., 2019. Chapter Ten—Transferring biodiversity-ecosystem function
research to the management of ‘real-world’ ecosystems. In: Eisenhauer, N., Bohan, D.
A., Dumbrell, A.J. (Eds.), Advances in Ecological Research, Vol. 61. Academic Press,
pp. 323-356. https://doi.org/10.1016/bs.aecr.2019.06.009.

Mathes, T., Seidel, D., Haberle, K.-H., Pretzsch, H., Annighofer, P., 2023. What Are We
Missing? Occlusion in Laser Scanning Point Clouds and Its Impact on the Detection of
Single-Tree Morphologies and Stand Structural Variables. Remote Sens. (basel) 15
(2), Article 2. https://doi.org/10.3390/rs15020450.

McElhinny, C., Gibbons, P., Brack, C., Bauhus, J., 2005. Forest and woodland stand
structural complexity: Its definition and measurement. For. Ecol. Manage. 218 (1),
1-24. https://doi.org/10.1016/j.foreco.2005.08.034.

McElhinny, C., Gibbons, P., Brack, C., 2006. An objective and quantitative methodology
for constructing an index of stand structural complexity. For. Ecol. Manage. 235 (1),
54-71. https://doi.org/10.1016/j.foreco.2006.07.024.

Meijide, A., Badu, C.S., Moyano, F., Tiralla, N., Gunawan, D., Knohl, A., 2018. Impact of
forest conversion to oil palm and rubber plantations on microclimate and the role of
the 2015 ENSO event. Agric. for. Meteorol. 252, 208-219. https://doi.org/10.1016/
j.agrformet.2018.01.013.

Muscolo, A., Bagnato, S., Sidari, M., Mercurio, R., 2014. A review of the roles of forest
canopy gaps. J. for. Res. 25 (4), 725-736. https://doi.org/10.1007/s11676-014-
0521-7.

Nesset, E., 2002. Predicting forest stand characteristics with airborne scanning laser
using a practical two-stage procedure and field data. Remote Sens. Environ. 80 (1),
88-99. https://doi.org/10.1016/50034-4257(01)00290-5.

Nair, P.K.R., 1991. State-of-the-art of agroforestry systems. For. Ecol. Manage. 45 (1),
5-29. https://doi.org/10.1016,/0378-1127(91)90203-8.

Nair, P.K.R., 1993. An Introduction to Agroforestry. Springer Science & Business Media.

Nair, P.K.R., Gordon, A.M., Rosa Mosquera-Losada, M., 2008. Agroforestry. In:
Jorgensen, S.E., Fath, B.D. (Eds.), Encyclopedia of Ecology. Academic Press,
pp. 101-110. https://doi.org/10.1016,/B978-008045405-4.00038-0.

Nguyen, T.A., Ehbrecht, M., Camarretta, N., 2023. Application of point cloud data to
assess edge effects on rainforest structural characteristics in tropical Sumatra.
IndonesiaLandscape Ecology 38 (5), 1191-1208. https://doi.org/10.1007/s10980-
023-01609-x.

Oksanen, J., Simpson, G. L., Blanchet, F. G., Kindt, R., Legendre, P., Minchin, P. R.,
O’Hara, R. B., Solymos, P., Stevens, M. H. H., Szoecs, E., Wagner, H., Barbour, M.,
Bedward, M., Bolker, B., Borcard, D., Carvalho, G., Chirico, M., Caceres, M. D.,
Durand, S., ... Weedon, J. (2022). vegan: Community Ecology Package (2.6-4)
[Computer software]. https://CRAN.R-project.org/package=vegan.

Olivier, M.-D., Robert, S., Richard, A., F., 2017. A method to quantify canopy changes
using multi-temporal terrestrial lidar data: Tree response to surrounding gaps. Agric.
for. Meteorol. 237-238, 184-195. https://doi.org/10.1016/j.
agrformet.2017.02.016.

Palace, M.W., Sullivan, F.B., Ducey, M.J., Treuhaft, R.N., Herrick, C., Shimbo, J.Z., Mota-
E-Silva, J., 2015. Estimating forest structure in a tropical forest using field
measurements, a synthetic model and discrete return lidar data. Remote Sens.
Environ. 161, 1-11. https://doi.org/10.1016/j.rse.2015.01.020.

Peres-Neto, P.R., Jackson, D.A., 2001. How well do multivariate data sets match? The
advantages of a Procrustean superimposition approach over the Mantel test.
Oecologia 129 (2), 169-178. https://doi.org/10.1007/5004420100720.


http://refhub.elsevier.com/S1470-160X(24)00763-5/h0095
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0095
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0095
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0095
https://doi.org/10.1016/j.agrformet.2017.04.012
https://doi.org/10.1016/j.agrformet.2017.04.012
https://doi.org/10.1016/j.foreco.2018.10.008
https://doi.org/10.1038/s41467-020-20767-z
https://doi.org/10.3390/f10080694
https://doi.org/10.1023/B:AGFO.0000028986.37502.7c
https://doi.org/10.1023/B:AGFO.0000028986.37502.7c
https://doi.org/10.1080/22797254.2018.1482733
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0140
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0140
https://doi.org/10.1890/10-2192.1
https://doi.org/10.1890/10-2192.1
https://doi.org/10.1007/s00468-010-0452-7
https://doi.org/10.3390/rs15030664
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0160
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0160
https://doi.org/10.1080/11956860.1995.11682297
https://doi.org/10.1080/11956860.1995.11682297
https://doi.org/10.1007/s11676-017-0441-4
https://doi.org/10.1007/s11676-017-0441-4
https://doi.org/10.1111/nph.17729
https://doi.org/10.1111/nph.17729
https://doi.org/10.1016/j.rse.2008.06.001
https://doi.org/10.1016/j.rse.2008.06.001
https://doi.org/10.1139/X10-024
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0190
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0190
https://doi.org/10.1007/s10531-004-3914-7
https://doi.org/10.1007/s10531-004-3914-7
https://doi.org/10.1016/j.agrformet.2016.11.268
https://doi.org/10.1016/j.agrformet.2016.11.268
https://doi.org/10.1109/IGARSS52108.2023.10283032
https://doi.org/10.1109/IGARSS52108.2023.10283032
https://doi.org/10.3390/rs12091407
https://doi.org/10.3390/rs12091407
https://doi.org/10.1016/S0034-4257(99)00052-8
https://doi.org/10.1016/S0034-4257(99)00052-8
https://doi.org/10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2
https://doi.org/10.1641/0006-3568(2002)052[0019:LRSFES]2.0.CO;2
https://doi.org/10.1002/eap.2862
https://doi.org/10.1111/1365-2745.13944
https://doi.org/10.1016/bs.aecr.2019.06.009
https://doi.org/10.3390/rs15020450
https://doi.org/10.1016/j.foreco.2005.08.034
https://doi.org/10.1016/j.foreco.2006.07.024
https://doi.org/10.1016/j.agrformet.2018.01.013
https://doi.org/10.1016/j.agrformet.2018.01.013
https://doi.org/10.1007/s11676-014-0521-7
https://doi.org/10.1007/s11676-014-0521-7
https://doi.org/10.1016/S0034-4257(01)00290-5
https://doi.org/10.1016/0378-1127(91)90203-8
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0280
https://doi.org/10.1016/B978-008045405-4.00038-0
https://doi.org/10.1007/s10980-023-01609-x
https://doi.org/10.1007/s10980-023-01609-x
https://doi.org/10.1016/j.agrformet.2017.02.016
https://doi.org/10.1016/j.agrformet.2017.02.016
https://doi.org/10.1016/j.rse.2015.01.020
https://doi.org/10.1007/s004420100720

V. Montoya-Sanchez et al.

Perles-Garcia, M.D., Kunz, M., Fichtner, A., Hardtle, W., von Oheimb, G., 2021. Tree
species richness promotes an early increase of stand structural complexity in young
subtropical plantations. J. Appl. Ecol. 58 (10), 2305-2314. https://doi.org/10.1111/
1365-2664.13973.

Pretzsch, H., Schiitze, G., 2016. Effect of tree species mixing on the size structure,
density, and yield of forest stands. Eur. J. for. Res. 135 (1), 1-22. https://doi.org/
10.1007/s10342-015-0913-z.

Roussel, J.-R., documentation), D. A. (Reviews the, features), F. D. B. (Fixed bugs and
improved catalog, segment_snags), A. S. M. (Implemented wing2015 for, track_
sensor), B. J.-F. (Contributed to R. for, track_sensor), G. D. (Implemented G. for,
management), L. S. (Contributed to parallelization, & code), S. A. (Author of the C.
concaveman. (2022). lidR: Airborne LiDAR Data Manipulation and Visualization for
Forestry Applications (4.0.2) [Computer software]. https://CRAN.R-project.org/
package=lidR.

Rutten, G., Ensslin, A., Hemp, A., Fischer, M., 2015. Vertical and Horizontal Vegetation
Structure across Natural and Modified Habitat Types at Mount Kilimanjaro. PLoS
One 10 (9), e0138822.

Santos, M., Cajaiba, R.L., Bastos, R., Gonzalez, D., Petrescu Bakis, A.-L., Ferreira, D.,
Leote, P., Barreto da Silva, W., Cabral, J.A., Gongalves, B., Mosquera-Losada, M.R.,
2022. Why Do Agroforestry Systems Enhance Biodiversity? Evidence From Habitat
Amount Hypothesis Predictions. Front. Ecol. Evol. 9. https://www.frontiersin.
org/articles/10.3389/fevo.2021.630151.

Schneider, F.D., Kiikenbrink, D., Schaepman, M.E., Schimel, D.S., Morsdorf, F., 2019.
Quantifying 3D structure and occlusion in dense tropical and temperate forests using
close-range LiDAR. Agric. for. Meteorol. 268, 249-257. https://doi.org/10.1016/j.
agrformet.2019.01.033.

Seidel, D., Ehbrecht, M., Puettmann, K., 2016. Assessing different components of three-
dimensional forest structure with single-scan terrestrial laser scanning: A case study.
For. Ecol. Manage. 381, 196-208. https://doi.org/10.1016/j.foreco.2016.09.036.

Seidel, D., Ehbrecht, M., Annighofer, P., Ammer, C., 2019. From tree to stand-level
structural complexity—Which properties make a forest stand complex? Agric. for.
Meteorol. 278, 107699 https://doi.org/10.1016/j.agrformet.2019.107699.

Seidel, D., Stiers, M., Ehbrecht, M., Werning, M., Annighofer, P., 2021. On the structural
complexity of central European agroforestry systems: A quantitative assessment
using terrestrial laser scanning in single-scan mode. Agrofor. Syst. 95 (4), 669-685.
https://doi.org/10.1007/510457-021-00620-y.

Silva, C.A., Valbuena, R., Pinagé, E.R., Mohan, M., de Almeida, D.R.A., North
Broadbent, E., Jaafar, W.S.W.M., de Almeida Papa, D., Cardil, A., Klauberg, C., 2019.
ForestGapR: An r Package for forest gap analysis from canopy height models.
Methods Ecol. Evol. 10 (8), 1347-1356. https://doi.org/10.1111/2041-210X.13211.

Stark, S.C., Leitold, V., Wu, J.L., Hunter, M.O., de Castilho, C.V., Costa, F.R.C.,
McMahon, S.M., Parker, G.G., Shimabukuro, M.T., Lefsky, M.A., Keller, M., Alves, L.
F., Schietti, J., Shimabukuro, Y.E., Brandao, D.O., Woodcock, T.K., Higuchi, N., de
Camargo, P.B., de Oliveira, R.C., Saleska, S.R., 2012. Amazon forest carbon
dynamics predicted by profiles of canopy leaf area and light environment. Ecol. Lett.
15 (12), 1406-1414. https://doi.org/10.1111/j.1461-0248.2012.01864.x.

Stovall, A.E.L., Anderson-Teixeira, K.J., Shugart, H.H., 2018. Assessing terrestrial laser
scanning for developing non-destructive biomass allometry. For. Ecol. Manage. 427,
217-229. https://doi.org/10.1016/j.foreco.2018.06.004.

11

Ecological Indicators 166 (2024) 112306

Sullivan, F.B., Palace, M., Ducey, M., 2014. Multivariate statistical analysis of
asynchronous lidar data and vegetation models in a neotropical forest. Remote Sens.
Environ. 154, 368-377. https://doi.org/10.1016/j.rse.2014.04.027.

Teuscher, M., Gérard, A., Brose, U., Buchori, D., Clough, Y., Ehbrecht, M., Holscher, D.,
Irawan, B., Sundawati, L., Wollni, M., Kreft, H., 2016. Experimental Biodiversity
Enrichment in Oil-Palm-Dominated Landscapes in Indonesia. Front. Plant Sci. 7
https://doi.org/10.3389/fpls.2016.01538.

Thers, H., Bgcher, P.K., Svenning, J.-C., 2019. Using lidar to assess the development of
structural diversity in forests undergoing passive rewilding in temperate Northern
Europe. PeerJ 6, €6219.

UN Decade on Ecosystem Restoration (UN, 2021); https://www.decadeonrestoration.
org/about-un-decade.

Wang, Y., Lehtomaki, M., Liang, X., Pyoral4, J., Kukko, A., Jaakkola, A., Liu, J., Feng, Z.,
Chen, R., Hyyppa, J., 2019. Is field-measured tree height as reliable as believed — A
comparison study of tree height estimates from field measurement, airborne laser
scanning and terrestrial laser scanning in a boreal forest. ISPRS Journal of
Photogrammetry and Remote Sensing 147, 132-145. https://doi.org/10.1016/j.
isprsjprs.2018.11.008.

White, J.C., Coops, N.C., Wulder, M.A., Vastaranta, M., Hilker, T., Tompalski, P., 2016.
Remote Sensing Technologies for Enhancing Forest Inventories: A Review. Can. J.
Remote. Sens. 42 (5), 619-641. https://doi.org/10.1080/07038992.2016.1207484.

Whitmore, T.C., 1989. Canopy Gaps and the Two Major Groups of Forest Trees. Ecology
70 (3), 536-538. https://doi.org/10.2307/1940195.

Wilson, M. H., & Lovell, S. T. (2016). Agroforestry—The Next Step in Sustainable and
Resilient Agriculture. Sustainability, 8(6), Article 6. https://doi.org/10.3390/
su8060574.

Zellweger, F., Braunisch, V., Baltensweiler, A., Bollmann, K., 2013. Remotely sensed
forest structural complexity predicts multi species occurrence at the landscape scale.
For. Ecol. Manage. 307, 303-312. https://doi.org/10.1016/j.foreco.2013.07.023.

Zemp, D.C., Ehbrecht, M., Seidel, D., Ammer, C., Craven, D., Erkelenz, J., Irawan, B.,
Sundawati, L., Holscher, D., Kreft, H., 2019a. Mixed-species tree plantings enhance
structural complexity in oil palm plantations. Agr Ecosyst Environ 283, 106564.
https://doi.org/10.1016/j.agee.2019.06.003.

Zemp, D. C., Gérard, A., Holscher, D., Ammer, C., Irawan, B., Sundawati, L., Teuscher,
M., & Kreft, H. (2019). Tree performance in a biodiversity enrichment experiment in
an oil palm landscape. Journal of Applied Ecology, 56(10), Article 10. https://doi.org/
10.1111/1365-2664.13460.

Zemp, D.C., Guerrero-Ramirez, N., Brambach, F., Darras, K., Grass, 1., Potapov, A.,
Roll, A., Arimond, 1., Ballauff, J., Behling, H., Berkelmann, D., Biagioni, S.,
Buchori, D., Craven, D., Daniel, R., Gailing, O., EllsaBer, F., Fardiansah, R.,
Hennings, N., Kreft, H., 2023. Tree islands enhance biodiversity and functioning in
oil palm landscapes. Nature 1-6. https://doi.org/10.1038/541586-023-06086-5.

Zenner, E.K., Hibbs, D.E., 2000. A new method for modeling the heterogeneity of forest
structure. For. Ecol. Manage. 129 (1), 75-87. https://doi.org/10.1016/50378-1127
(99)00140-1.

Zimble, D.A., Evans, D.L., Carlson, G.C., Parker, R.C., Grado, S.C., Gerard, P.D., 2003.
Characterizing vertical forest structure using small-footprint airborne LiDAR.
Remote Sens. Environ. 87 (2), 171-182. https://doi.org/10.1016/50034-4257(03)
00139-1.


https://doi.org/10.1111/1365-2664.13973
https://doi.org/10.1111/1365-2664.13973
https://doi.org/10.1007/s10342-015-0913-z
https://doi.org/10.1007/s10342-015-0913-z
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0330
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0330
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0330
https://www.frontiersin.org/articles/10.3389/fevo.2021.630151
https://www.frontiersin.org/articles/10.3389/fevo.2021.630151
https://doi.org/10.1016/j.agrformet.2019.01.033
https://doi.org/10.1016/j.agrformet.2019.01.033
https://doi.org/10.1016/j.foreco.2016.09.036
https://doi.org/10.1016/j.agrformet.2019.107699
https://doi.org/10.1007/s10457-021-00620-y
https://doi.org/10.1111/2041-210X.13211
https://doi.org/10.1111/j.1461-0248.2012.01864.x
https://doi.org/10.1016/j.foreco.2018.06.004
https://doi.org/10.1016/j.rse.2014.04.027
https://doi.org/10.3389/fpls.2016.01538
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0385
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0385
http://refhub.elsevier.com/S1470-160X(24)00763-5/h0385
https://doi.org/10.1016/j.isprsjprs.2018.11.008
https://doi.org/10.1016/j.isprsjprs.2018.11.008
https://doi.org/10.1080/07038992.2016.1207484
https://doi.org/10.2307/1940195
https://doi.org/10.1016/j.foreco.2013.07.023
https://doi.org/10.1016/j.agee.2019.06.003
https://doi.org/10.1038/s41586-023-06086-5
https://doi.org/10.1016/S0378-1127(99)00140-1
https://doi.org/10.1016/S0378-1127(99)00140-1
https://doi.org/10.1016/S0034-4257(03)00139-1
https://doi.org/10.1016/S0034-4257(03)00139-1

	Comparing airborne and terrestrial LiDAR with ground-based inventory metrics of vegetation structural complexity in oil pal ...
	1 Introduction
	2 Methods
	2.1 Study area
	2.2 Data collection
	2.3 Data processing
	2.4 Statistical analysis

	3 Results
	3.1 Principal component analysis (PCA) for the ALS dataset
	3.2 Correlations between ALS and ground-based (TLS and ground-based inventory) vegetation structural individual metrics and ...

	4 Discussion
	5 Conclusions
	CRediT authorship contribution statement
	Declaration of competing interest
	Data availability
	Acknowledgments
	Appendix A Supplementary data
	References


