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al. 2006; Coomes and Allen 2007; Pretzsch 2021). In con-
trast, heterogeneous stands with a high variation in the shape 
and size of stems and crowns, require additional informa-
tion on tree crowns—such as leaf area, crown projection 
area, crown length, and crown ratio—to explain differences 
in tree growth (Pretzsch et al. 2015).

Tree crown is vital for growth because it holds the 
leaves that capture sunlight for photosynthesis (Enquist et 
al. 2009). The shape and size of the crown also influence 
water transpiration and gas exchange, which in turn affect 
overall tree’s health and growth rate. Tree crown reflects 

Introduction

Tree growth is a physio-ecological process that varies both 
within and between different tree species (Franklin et al. 
2002; Coomes and Allen 2007; Pretzsch 2009). Variations in 
tree growth influences forest stand development, mortality, 
and the diversity of tree size and spatial patterns (Fraver et 
al. 2014). Therefore, obtaining information on tree growth 
is essential for understanding forest ecosystem structure and 
functioning. Tree growth has been shown to depend on stem 
size, especially in homogeneous stands (Muller-Landau et 
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Abstract
Individual tree crowns are the primary interface with the environment and closely relate to tree growth, yet accurately 
characterizing them remains challenging. This study aimed to understand how individual tree stem volume growth (ΔV) 
depends on crown metrics both at the beginning of the monitoring period (T1_C) and on their changes over time (ΔC), 
using close-range multisensorial point clouds obtained from terrestrial and airborne laser scanning (TLS and ALS). Data 
were collected from 22 sample plots in boreal forests of Finland in 2014 (T1) and 2021 (T2). Spearman’s rank correla-
tion coefficient (ρ) was employed to assess the relationships between ΔV and crown metrics across different tree species. 
Additionally, Random Forest regression (RF) was applied to explore the relative importance of these metrics in explaining 
ΔV. A strong correlation (ρ = 0.60–0.63) was found between ΔV of Scots pine (Pinus sylvestris L.) and crown metrics, 
including volume (T1_CV), perimeter (T1_CP), projection area (T1_CA2D), and top height (T1_CHmax). In contrast, ΔV of 
Norway spruce (Picea abies (L.) H. Karst.) showed only weak correlations, with the best metrics being crown base height 
(T1_CHmin), T1_CV, and its change (ΔCV) (ρ  =  0.32–0.38). For birches (Betula sp.), ΔV also exhibited weak correla-
tions (ρ = 0.27–0.34), mainly with crown surface area (T1_CA3D), ΔCV, and T1_CHmax. RF analyses further highlighted 
species-specific drivers of ΔV. Scots pine with the most important metric of T1_CHmax explained 50% of variation in ΔV. 
However, ΔCV was the most important metric in explaining ΔV of Norway spruce and birch, with explained variability 
of 20% and 6%, respectively. In conclusion, this study demonstrated that multisensorial point clouds provide an effective 
approach to analyze the relationship between ΔV and tree crown structure. Nevertheless, challenges persist in consistently 
measuring various crown metrics over time and distinguishing actual changes from measurement errors.
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past growing conditions and interactions between neighbor-
ing trees, influencing both the current and future growth of 
trees (Lüttge and Hertel 2009). Moreover, the temporal and 
spatial arrangement of tree crowns indicates competition 
between individuals, ultimately determining how biomass 
is allocated between foliage and its supporting structure 
(Weiner 1990, 2004a; Niklas 1994). Thus, a change in the 
crown structure could lead to a change in the growth alloca-
tion strategy and this relationship can vary across different 
tree species (Weiner 2004a; Vincent and Harja 2008; Harja 
et al. 2012).

However, traditional methods for measuring crown 
structure are destructive and labor-intensive. In these meth-
ods, trees are felled, and detailed measurements of branch 
characteristics are conducted to calculate crown structure 
including the position, length, and angle of branches rela-
tive to the initiation point of each annual stem growth unit 
(Ottorini et al. 1996). Establishing permanent sample plots 
is also feasible to monitor changes in some of the com-
mon individual tree parameters, such as diameter at breast 
height (dbh) and height (Weiskittel et al. 2011). However, it 
requires the ability to relocate and remeasure trees which is 
time-consuming and prone to measurement errors (Luoma 
et al. 2017).

Terrestrial laser scanning (TLS) is now a widely used 
technology for non-destructive measurements of trees and 
forest stands, employing point clouds for the precise recon-
struction of their three-dimensional (3D) structure (Calders 
et al. 2020). The capabilities of TLS in providing the means 
for measuring tree height and diameters along the stem to 
estimate a taper curve have been confirmed in both tree and 
plot-level studies (Vastaranta et al. 2009; Kankare et al. 
2014; Liang et al. 2014; Srinivasan et al. 2014; Saarinen et al. 
2017; Liu et al. 2018; Yrttimaa et al. 2020a). TLS facilitates 
the characterization of crown structure, although challenges 
arise in dense forests where the crowns of individual trees 
are overlapping (Weiner 2004b; Jung et al. 2011; Metz et al. 
2013; Srinivasan et al. 2015). In addition, TLS has demon-
strated its capability to monitor tree growth and structural 
changes if consecutive measurements are collected over 
time (Sheppard et al. 2017; Luoma et al. 2021; Yrttimaa et 
al. 2022). However, the below-canopy viewpoint of TLS 
limits its ability for comprehensive tree characterization due 
to the reduced visibility of crown structures towards the top 
of the canopy. These parts of the canopy are often occluded 
by the crowns of adjacent trees (Liang et al. 2018; Vaglio 
Laurin et al. 2019; Terryn et al. 2022). In contrast, high-
density georeferenced point clouds acquired from above 
the canopy using an aircraft or an unmanned aerial vehicle 
(UAV), could provide a complementary viewpoint for TLS 
measurements and thus benefit the characterization of trees 
and forests (Yrttimaa et al. 2020b; Terryn et al. 2022). For 

instance, Yun et al. (2019) showed that the capacity of cap-
turing the leaf area of individual trees using TLS increased 
from 60 to 73% to 72–90% when supplementary airborne 
laser scanning (ALS) data was used. Similar results were 
obtained by Panagiotidis et al. (2022) as they could improve 
the characterization of the canopy structure for both broad-
leaved and coniferous-dominated plots by a fusion of UAV-
LS and TLS. Schneider et al. (2019) also suggested using 
a combination of TLS and UAV-based point clouds for the 
comprehensive characterization of the canopy at very high 
spatial resolution (< 2% occlusion in estimated canopy vol-
ume). However, the combined use of TLS and ALS has not 
been investigated in change-monitoring applications. Even 
with multisensorial datasets, repeated measurements over 
time may be affected by differences in point cloud character-
istics between two time points and their spatial alignment. 
Therefore, assessing consistency of these measurements 
over time is also necessary to justify the observed changes, 
while acknowledging the inherent random measurement 
errors.

Based on the current knowledge, we assume that multi-
sensorial laser scanning data will enhance the monitoring 
of tree growth compared to relying solely on data obtained 
from a single sensor. Therefore, the primary aim of this 
study was to investigate the species-specific relationship 
between individual tree stem volume growth (ΔV) and 
crown metrics using bitemporal, multisensorial point clouds 
including TLS and high-density ALS acquired in 2014 (T1) 
and 2021 (T2). Both crown metrics at the beginning of the 
monitoring period (T1_C) and their changes over time (ΔC) 
were examined. We examined the consistency of multisen-
sorial measurements at T1 and T2 to assess their reliability. 
Further, the extent to which the crown metrics can explain 
the variability in ΔV was determined. Based on the observed 
findings, we discuss the feasibility of using close-range 
sensing for monitoring the growth dependencies of different 
tree species within diverse southern boreal forests.

Materials and methods

Study area and field measurements

The study was conducted in the southern boreal forest zone 
in Evo, Finland (61◦19.6′ N 25◦10.8′ E, Fig. 1) and included 
approximately 2,000 ha of managed forest with elevations 
ranging from 125 to 185  m above sea level. Scots pine 
(Pinus sylvestris L.), Norway spruce (Picea abies (L.) H. 
Karst.), and birch (Betula sp.) are the dominant tree species 
in the study area, contributing 44.7%, 33.5%, and 21.8% 
of the total volume, respectively. The experimental setup 
for the current study includes twenty-two field plots with 
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a fixed size of 32 × 32 m, which were established in 2014 
(T1) to support various remote sensing research activities. 
These sample plots encompass a variety of stand conditions 
representing different stages of development, species com-
position, stand density, and canopy layering.

A tree-by-tree field inventory was conducted in the 
summer of 2014. The attributes recorded for trees with 
a dbh ≥ 5  cm included tree species, dbh, height, and 
tree’s health status (i.e., dead, or alive). Tree species and 
health status were assessed based on visual interpretation 
while measuring dbh with calipers. A Vertex IV clinom-
eter (Haglöf Sweden AB, Långsele, Sweden) was used to 

measure tree height. Basal area was calculated from the dbh 
measurements by considering the cross-sectional area of a 
tree to be circular, and the stem volume was estimated using 
the nationwide species-specific volume equations with dbh 
and height as explanatory variables (Laasasenaho 1982). 
Further, basal area–weighted mean dbh and height were 
computed by weighting each tree’s measurements according 
to its basal area. The field inventory was repeated in 2021 
with remeasuring the dbh and height of all trees that met 
the predefined dbh threshold. Based on the field inventories, 
Table 1 presents the number of trees and mean stem volume 

Table 1  Summary statistics of field measurements across all 22 plots are presented for the years 2014 (T1) and 2021 (T2)
Attribute 2014 2021

Min Max Mean Std. Min Max Mean Std.
Number of trees
(n ha− 1)

430 3008 1238 731 430 2568 1197 674

Mean volume
(m3 ha− 1)

110.64 482.33 297.24 115.21 143.89 537.24 356.42 117.14

Basal area-weighted mean dbh (cm) 13.91 41.58 25.93 9.10 16.08 42.41 27.91 8.79
Basal area-weighted mean height (m) 13.03 27.04 21.01 4.14 14.80 28.14 22.50 3.80
The minimum (Min), maximum (Max), mean, and standard deviation (Std.) values for the number of trees and mean stem volume per hectare, 
along with basal area-weighted mean diameter at breast height (dbh) and height are reported

Fig. 1  Location of the study area in Evo, Finland (left) and distribution of field plots overlaid on an orthophoto mosaic acquired in 2022 by the 
National Land Survey of Finland (right)
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treemaps were also updated with the trees that had reached 
the measurement threshold (i.e., dbh ≥ 5 cm). Respectively, 
the trees that had been harvested or fallen during the moni-
toring period were removed from the tree maps.

The T1-ALS data was acquired using a RIEGL VQ-480-U 
scanner (RIEGL Laser Measurement Systems GmbH, Aus-
tria) mounted on a helicopter in December 2014 (Table 2). 
The scanner was a lightweight pulsed scanner with a beam 
divergence of 0.3 mrad. It was operated at a 550-kHz pulse 
repetition rate with a flight height of approximately 75 m 
above the ground level. The target flight speed was 50 km/h 
and point clouds with a density of 450 pts/m2 were produced 
with a point spacing of 4.7 cm on the ground.

A multi-sensorial system carried by a helicopter was used 
to collect the T2-ALS data in June 2021 including three 
Riegl laser scanners of VUX-1HA, MiniVUX-3UAV, and 
VQ-840-G (Table  2). The pulse repetition rate was 1017, 
300, and 200  kHz for the mentioned sensors respectively 
at a target flying speed of 50 km/h. The flight height was 
approximately 80 m above the ground level resulting in a 
point density of 3200 pts/m2 and a point spacing of 2.0 cm 
on the ground.

Pre-processing multisensorial laser scanning point 
clouds and co-registration

The T1-TLS point clouds were first co-registered to a global 
coordinate system of EUREF-FIN based on the location of 
artificial reference targets, ensuring spatial alignment of the 
datasets (Fig. 2). To accomplish this, at least two reference 
points were located on open areas either inside or outside 
the plots using a Trimble R8 GNSS receiver (Trimble Inc., 
CA, USA) with a real-time kinematic (RTK) correction. A 
survey point was also established near the plot center using 
distance and angle from the reference points. Finally, the 
location of artificial reference targets was determined using 
a Trimble 5602 DR200 + total station. The manual co-regis-
tration was applied by determining whether the T1-TLS and 
T1-ALS point clouds overlapped from top and side views 
and further fine-tuned if discrepancies between the T1-TLS 
and T1-ALS point clouds in the horizontal plane persisted. 
For characterizing individual trees, a standard height-nor-
malization procedure was applied for the TLS and ALS 
point clouds (Fig. 2). To accomplish this, point clouds were 
first classified into ground and non-ground points and then 
normalized by transforming the Z-coordinate relative to 
the height above the ground surface using the LAStools 
software (Rapidlasso 2023). This was followed by the co-
registration of the local TLS with georeferenced ALS point 
clouds at T2 (Fig. 2).

Co-registration of the T2-TLS was carried out by search-
ing for correspondent structures from the T2-ALS data. The 

per hectare, along with basal area-weighted mean dbh and 
height for all 22 field plots in 2014 and 2021.

Multisensorial laser scanning data collection

The TLS and high-density ALS datasets were acquired in 
2014 (T1) and 2021 (T2) over the study area. Table 2 sum-
marizes the main details of the data acquisition campaigns.

The T1-TLS campaign was conducted in April-May 
2014 using a Leica HDS6100 (Leica Geosystems, St. Gal-
len, Switzerland) phase-shift scanner (Table  2). A total 
of five individual scans per sample plot were collected to 
deliver hemispherical point clouds with an angular resolu-
tion of 0.018°. There was one scan located at the sample 
plot center and four auxiliary scans at quadrant directions 
with an 11.3 m distance around the sample plot center. The 
point clouds from each sample plot were co-registered and 
merged using the Z + F LaserControl software. The co-
registration of individual scans was implemented using six 
artificial reference targets attached to the trees, resulting in 
an average of 2 mm registration accuracy within the sample 
plot. To create a treemap for each sample plot, the trees were 
identified and located through visual detection of stem-cross 
sections from a horizontal slice of the T1-TLS points cloud. 
The treemaps were verified in the field, and any undetected 
trees were located during the tree-by-tree inventory.

A Leica RTC360 3D time-of-flight scanner was used 
for the T2-TLS campaign conducted in April-May 2021 
(Table  2). A multi-scan approach was implemented to 
deliver a hemispherical points cloud with an angular res-
olution of 0.009° while the scan setup was modified from 
that applied in T1 by placing eight auxiliary scans approxi-
mately at plot borders in addition to the central scan. The 
same co-registration procedure with a similar level of accu-
racy was applied to the T2-TLS point clouds using a Leica 
Cyclone 3D Point Cloud Processing Software. The existing 

Table 2  Acquisition setup of multisensorial datasets including ter-
restrial laser scanning (TLS) and close-range airborne laser scanning 
(ALS) in 2014 (T1) and 2021 (T2)
Specification 2014 2021

TLS ALS TLS ALS
Sensor Leica 

HDS6100
Riegl 
VQ 
480-U

Leica 
RTC360 
3D

Riegl VUX-
1HA/ Mini-
VUX-3UAV/ 
VQ-840-G

Wavelength 690 nm 1550 nm 1550 nm 1550/905/532 
nm

Beam 
divergence

0.22 mrad 0.3 
mrad

0.16 
mrad

0.5/0.5 × 1.6/1 
mrad

Field of view 310° 
vertically 
and 360° 
horizontally

60° 300° 
vertically 
and 360° 
horizon-
tally

360°/120°/40°

1 3

   33   Page 4 of 20



European Journal of Forest Research          (2026) 145:33 

as point spacing between the datasets. Second, the canopy 
height models (CHMs) were generated from the identified 
canopy points for both T2-TLS and T2-ALS (i.e., CHM-
TLS and CHMALS) using a 40 cm grid. The CHMs were fur-
ther used to find the locations of treetops by applying local 
maxima filtering (LMF) with a variable window size (Pit-
känen et al. 2004). Third, the XY locations of the treetops 

workflow was similar to that initially presented by Dai et al. 
(2019) and was adopted to align the normalized TLS and 
ALS point clouds. First, points obtained above 60% of the 
maximum height of each sample plot point cloud from both 
T2-TLS and T2-ALS were considered as canopy points. 
Those canopy points were then down-sampled into a 5-cm 
grid to ensure comparable point cloud characteristics such 

Fig. 2  The workflow of applied methodology. TLS stands for terrestrial laser scanning, ALS for airborne laser scanning, GNSS for global naviga-
tion system, and CHM for canopy height model
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(Meyer and Beucher 1990) from the ALS CHM that was 
expected to better represent the upper canopy structure. 
For this purpose, ALS CHMs were first generated from 
the height-normalized ALS point clouds at a 40 cm resolu-
tion. The treetops identified as local maxima in the CHMs 
using a Variable Window Filter approach (VWF) (Popescu 
and Wynne 2004) were then used as the markers in the 
watershed segmentation. The derived crown segments for 
individual trees were used to determine a set of ALS and 
TLS points belonging to each tree (or a group of trees 
with mixed crowns) using a point-in-polygon approach. In 
cases where multiple stems were later distinguished within 
a crown segment, a Voronoi diagram was used to split the 
point cloud segment accordingly. Individual tree-segmented 
TLS point clouds were then classified into stem and crown 
points based on point neighborhood characteristics assum-
ing stem points have more planar, vertical, and cylindrical 
characteristics than points representing branches and foli-
age (Fig. 4) (Yrttimaa et al. 2020a). This was accomplished 
by binning the data into horizontal slices with a repetitive 
procedure carried out for each slice. This included downs-
ampling (voxelization) the point cloud into a 5 mm regular 
grid, computation of surface normal vectors for each point 
based on a plane defined by 40 neighbor points to reveal 
smooth and vertical surfaces, and clustering those with a 
minimum 30 cm Euclidian distance from each other, with 

considered as canopy tie points were used to estimate the 
initial 2D rigid transformation matrix between T2-TLS and 
T2-ALS. This included XY-translation and rotation along 
the Z-axis. The transformation solution was then fine-tuned 
using the Iterative Closest Point (ICP) algorithm applied on 
the sampled canopy points (Zhang 1994). Using the final 
2D rigid transformation matrix, the T2-TLS and T2-ALS 
could be co-registered with accuracy better than 10 cm. In 
this context, such accuracy ensured that combining TLS and 
ALS data did not artificially expand the horizontal extent of 
tree crowns but rather enhanced the vertical reconstruction 
of the point clouds, as intended (Fig. 3).

Extraction of individual trees from the 
multisensorial laser scanning point clouds

The point cloud processing workflow initially presented 
in Yrttimaa et al. 2019, 2020a) was applied in this study 
(Fig. 2). The workflow began with a preliminary individ-
ual tree segmentation to delineate the sample plot point 
cloud into reasonable processing units and was followed 
by semantic point cloud classification aiming at separating 
points originating from the stem and crown of individual 
trees. This workflow was applied separately for T1 and T2 
point clouds. A marker-controlled watershed segmenta-
tion was used to generate individual tree crown segments 

Fig. 3  A sub-sample of normalized point clouds representing terrestrial laser scanning (TLS), high-density airborne laser scanning (ALS), and 
co-registered TLS and ALS
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Fig. 4  An illustration of terrestrial laser scanning (TLS) point clouds 
depicting an individual tree with points originating from the stem sepa-
rated from points originating from the crown (left), augmented with a 

high-density airborne laser scanning (ALS) point clouds to provide a 
complete characterization of the tree crown structure (right)
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were measured by circle fitting at those intervals. Second, 
outliers in diameter-height observations were removed 
based on the method initially presented by Saarinen et 
al. (2017). Finally, a cubic spline curve with a smoothing 
parameter of 0.5 was fitted into the diameter-height observa-
tions for leveling unevenness, interpolating missing values, 
and obtaining the taper curve at 10 cm intervals up to the top 
of the tree. Considering the stem as a sequence of vertical 
cylinders at predefined sections in 10 cm height intervals, 
the Huber formula (Eq. 1) was used to estimate V  based on 
the estimated taper curve (Table 3).

V =
n∑

i=1

πhi

16
(di + di+1)2� (1)

where hi and di are the height and diameter of cylinder 
i respectively, and n is the total number of cylinders. The 
growth in individual tree stem volume (ΔV) was obtained 
by subtracting the TLS-derived V in T1 from its respective 
measure at T2.

The TLS points labeled as ‘crown points’ were combined 
with the respective ALS-derived crown points to obtain 
a comprehensive reconstruction of tree crowns (Fig.  2). 
The combined data was used to quantify crown character-
istics by applying geometry calculation including 2D and 
3D convex hulls, and voxel-based approaches (Table  3) 
(Fernández-Sarría et al. 2013; Yrttimaa et al. 2022). The 2D 
projection area (CA2D) and perimeter (CP) were obtained by 
identifying points lying on a 2D convex hull. Crown surface 
area (CA3D) was estimated using a 3D convex hull by apply-
ing Delaunay triangulations to the outer points of the closed 
convex surface boundary. Given the high density of com-
bined data including redundant points, the crown volume 
(CV) was computed by voxelizing the points into a 10-cm 
regular 3D grid (Yan et al. 2019). As a measure of how effi-
ciently a tree utilizes resources to achieve a certain architec-
tural structure, the perimeter-to-projection area ratio (CP/
CA2D) and surface area-to-volume ratio (CA3D/CV) were 
calculated (Yrttimaa et al. 2022). These metrics are useful 
to understand crown shape as a tradeoff between photosyn-
thetic gain and maintenance cost. It is worth mentioning that 
the need for capturing light is the key to tree crown develop-
ment in certain shapes (Seidel et al. 2019). Hence, a lower 
CP/CA2D indicates a tree that achieved a larger area with 
less perimeter, potentially leading to better crown architec-
ture in terms of light capture and maintenance cost. Simi-
larly, CA3D/CV is the ratio between the crown surface in the 
cost of its volume and larger ratios potentially mean more 
optimized architectures. The crown base height (CHmin) and 
top height (CHmax; representing tree height) were two other 
metrics representing the lowest point of the 3D convex hull 

small and horizontal clusters being filtered out. Then, a ran-
dom sample consensus (RANSAC)-cylinder filtering was 
applied, aiming at removing points that deviated from the 
cylindrical form of the recognized tree stem. Once this pro-
cedure was repeated through all the horizontal point cloud 
slices, TLS points considered to represent the stem surface 
were enveloped with an alpha shape, and all TLS and ALS 
points falling outside of the shape were considered to rep-
resent the crown (i.e., TLS crown points and ALS crown 
points; Fig. 4). The XY location of a RANSAX cylinder fit-
ted at breast height was considered a tree location.

Characterizing individual trees and their change 
using the multisensorial laser scanning point clouds

The TLS points labeled as ‘stem points’ were used for com-
puting the individual tree stem volume (V) at T1 and T2 
(Fig. 2). We followed the procedure originally developed by 
Yrttimaa et al. (2019) to estimate the taper curve i.e., stem 
diameter as a function of tree height. First, the stem points 
were binned into horizontal slices at 20 cm vertical intervals 
(starting from 1.30 m above the ground and moving towards 
the stump and treetop, respectively) and the tree diameters 

Table 3  Description of metrics characterizing tree and crown derived 
from TLS and a combination of TLS and ALS, respectively
Metric Abbreviation 

(unit)
Description

Stem volume V (dm3) Calculated by considering the 
stem as a sequence of vertical 
cylinders (Eq. 1).

Crown volume CV (m3) Calculated as the sum of the 
volumes of 0.1 m voxels occu-
pied by crown points.

Crown projection 
area

CA2D (m2) The area of a 2D convex hull 
enveloping crown points pro-
jected onto the XY plane.

Crown surface area CA3D (m2) The area of a 3D convex hull 
enveloping crown points.

Crown perimeter CP (m) The perimeter of a 2D convex 
hull enveloping crown points.

Crown perimeter-
to-projection area 
ratio

CP/CA2D (m/
m2)

The ratio of CP to CA2D.

Crown surface 
area-to-volume 
ratio

CA3D/CV 
(m2/m3)

The ratio of CA3D to CV.

Crown base height CHmin (m) The height at which the 3D 
convex hull enveloping crown 
points reaches its lowest points.

Crown top height CHmax (m) The highest point within the 
crown segment, corresponding 
to tree height.

Metrics were extracted at two time points, 2014 (T1) and 2021 (T2). 
The change in each metric over the monitoring period was then cal-
culated by Subtracting T1 measures from the respective T2 measures 
(Δ = T2–T1)
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species information were further grouped by tree species: 
Scots pine, Norway spruce, and birch. After removing out-
liers which were three times the interquartile range larger 
than the first and third quartile of ΔV, 219 Scots pine, 112 
Norway spruce, and 77 birch trees were used in the analysis. 
Summary statistics for the matched trees measured in the 
field plots are provided in Table 4.

Analyzing the capability of multisensorial point 
clouds to understand species-specific tree growth 
dependencies

To evaluate the reliability of measurements derived from 
bitemporal, multisensorial point clouds, we initially 
assessed their consistency between T1 and T2 using Pear-
son’s correlation coefficient (r) and visual inspection 
through scatterplots. This analysis aimed to provide justi-
fication for observing changes in tree and crown structures 
using applied methodologies. A high agreement between the 
T1 and T2 measures of the same attribute would imply con-
sistency in the measurements. Such consistency suggests 
that the observed variations may reflect a real change in the 
investigated tree and crown metrics, while acknowledging 
the inherent random measurement errors.

Subsequently, the monotonic relationships between ΔV 
and crown structural metrics at T1, as well as their ΔC were 
explored employing Spearman’s rank correlation coefficient 
(ρ) as a measure of the strength of association. This analysis 
was intended to provide an initial understanding of species-
specific relationships between individual metrics and ΔV, 
independent of interactions. The statistical significance of 
the observed relationships was confirmed according to the 
associated p-value considering a 95% confidence interval. 

and the highest point within the crown segment, respec-
tively (Table 3). These crown metrics describe the crown at 
T1 (T1_C) and T2 (T2_C). To compute the change in crown 
metrics during the monitoring period (ΔC), T1_C obtained 
by ALS and TLS combination were subtracted from the 
respective T2_C, resulting in ΔCA2D, ΔCV, ΔCA3D, ΔCP, 
Δ(CP/CA2D), Δ(CA3D/CV), ΔCHmin, and ΔCHmax estimates. 
The T1_C together with ΔC were later used in the analysis.

Individual tree-to-tree matching

To quantify the species-specific changes over time, tree-to-
tree matching was required for linking field-measured and 
point cloud-based observations. In this study, the species 
information of the extracted individual trees was obtained 
by searching for the corresponding field-measured tree for 
each T1-TLS-measured tree, applying a 1.5-m search radius. 
A similar, XY location-based search was also applied to link 
the T1-TLS measurements with the T2-TLS measurements. 
In both scenarios, if multiple candidates were found within 
the search radius, similarity in the tree metrics was consid-
ered to confirm the match between the field measurements 
and T1-TLS measurements as well as between the T1-TLS 
and T2-TLS measurements. In addition, to target the analy-
sis on trees with sufficient point cloud reconstruction at both 
T1 and T2, we accepted following thresholds for tree met-
ric variability between the subsequent measurements: dif-
ference in the field-measured and TLS-derived dbh < 3 cm, 
difference in TLS derived diameter at 6  m height < 4  cm, 
difference in TLS-derived crown volume < 70%, and dif-
ference in TLS-derived tree height < 6 m. These threshold 
values were determined based on experiences of the TLS-
based tree characterization accuracy and its variability 
within the sample plots. The matched trees carrying their 

Table 4  Summary statistics of matched trees by tree species, derived from field measurements/point clouds, are presented for the years 2014 (T1) 
and 2021 (T2)
Attributes/Species group Scots pine

(n = 219)
Norway spruce
(n = 112)

Birch
(n = 77)

2014 2021 2014 2021 2014 2021
Dbh
(cm)

Min 5.45/4.91 5.20/4.86 6.35/4.65 6.20/5.09 6.50/7.26 6.45/6.66
Max 57.10/54.40 58.60/56.33 50.70/48.75 54.00/50.25 29.75/31.84 32.50/32.52
Mean 19.10/18.93 20.76/20.10 21.54/21.90 23.04/22.77 16.60/16.74 18.10/17.64
Std. 7.77/7.48 8.36/7.86 10.02/9.78 10.43/10.02 5.63/5.56 6.04/5.95

Stem volume
(m3)

Min 0.01/0.01 0.01/0 0.01/0.01 0.01/0 0.01/0.03 0.01/0.01
Max 3.34/3.12 3.87/3.35 2.78/3.07 3.38/3.30 0.77/0.96 1.02/0.95
Mean 0.31/0.32 0.40/0.38 0.52/0.57 0.62/0.65 0.24/0.26 0.31/0.28
Std. 0.37/0.35 0.44/0.40 0.51/0.57 0.59/0.63 0.20/0.21 0.24/0.23

Height
(m)

Min 5.80/7.59 6.00/10.31 5.30/8.06 5.40/9.92 7.60/9.58 7.10/11.55
Max 34.30/34.14 36.00/34.57 34.40/34.85 37.40/35.84 29.70/25.89 29.50/28.59
Mean 16.75/17.00 18.75/19.01 19.74/23.90 21.23/25.41 19.18/18.90 20.76/21.03
Std. 4.65/4.37 5.09/4.33 7.49/4.78 7.70/4.53 4.66/3.77 4.81/3.87

The minimum (Min), maximum (Max), mean, and standard deviation (Std.) of the diameter at breast height (dbh), stem volume, and height are 
reported
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crown metrics. CHmax demonstrated the most consistent 
change over time, with an r > 0.97. Following that, CV 
was increased through time with correlations of 0.85 for 
the Scots pine, 0.82 for the Norway spruce, and 0.74 for 
the birch trees, showing some variability among individual 
trees. The other crown metrics exhibited more variability 
around the 1:1 line (Fig. 5). CHmin is an example where its 
variation was likely associated with measurement errors. 
The lowest consistency was observed for CA3D/CV in Scots 
pine, Norway spruce, and birch trees with correlations of 
0.65, 0.56, and 0.40, respectively. For other metrics, birch 
trees were found to have higher variability than Scots pine 
and Norway spruce, with a maximum correlation of 0.81 for 
the CA2D (Fig. 5). For CA2D, CA3D, and CP, Norway spruce 
trees showed a higher correlation than pine trees (r > 0.90).

The highest correlation was observed for the V (r > 0.97) 
(Fig.  5). Further investigation of estimated ΔV for three 
different species showed a right-skewed distribution, espe-
cially for pine and spruce (Fig.  6). The ΔV mean values 
were 62.60, 77.57, and 28.83 dm3 for pines, spruces, and 
birches, respectively.

The correlation between stem volume growth (ΔV) 
and crown metrics

For the Scots pine trees, T1_CV, T1_CP, T1_CA2D, and 
T1_CHmax were the metrics with the highest positive cor-
relations (ρ  =  0.60–0.63), all statistically significant at a 
95% confidence interval. The T1_CP/CA2D demonstrated 
a negative relationship with Scots pine ΔV, with an ρ of 
− 0.59. Additionally, T1_CA3D with ρ = 0.58 and ΔCV with 
ρ  =  0.53 showed a strong positive correlation with Scots 
pine ΔV (p-value < 0.001). The metrics of T1_CV and 
T1_CHmin were among the highest correlated metrics with 
Norway spruce ΔV with ρ of 0.38 and 0.34, respectively 
(p-value < 0.001). Following that, T1_CA3D/CV, and ΔCV 
exhibited correlation of 0.32 at a 95% confidence interval. 
Birch ΔV had the highest correlation with ΔCV, reaching a 
value of ρ = 0.34 (p-value < 0.01). In comparison, metrics of 
T1_CHmax, T1_CA3D, and T1_CA2D showed a lower corre-
lation with birch ΔV (ρ = 0.25–0.28, p-value < 0.05). Table 5 
shows the monotonic relationships between various crown 
metrics and ΔV for three species groups of Scots pine, Nor-
way spruce, and birch.

Explaining species-specific stem volume growth 
(ΔV) using crown metrics

Using crown structural metrics and their ΔC in the RF 
model, we were able to explain 50% of the variation in 
Scots pine ΔV (R2 = 0.50) (Fig.  7). For Norway spruces, 
the explained variation in ΔV was 20%, a notably lower 

These analyses were applied across different tree species to 
determine species-specific relationships.

To further explain these species-specific relationships, 
we employed a random forest (RF) model. The RF allowed 
us to assess the potential non-linearity in these relationships, 
particularly considering the distribution of ΔV. Moreover, 
this model is well-suited to handle complex interactions 
between predictors and can manage collinearity to some 
extent, due to its ensemble structure of decision trees (Brei-
man 2001).

The entire sample size was used to build the RF model 
as the goal was to maximize the use of available data to 
uncover tree growth dependencies. Hence, we ensured the 
model reflected all the variability present. To address collin-
earity among crown metrics, the highest-correlating metrics 
with r > 0.8 were retained, while their most redundant coun-
terparts were eliminated. This step ensured that the predic-
tors included in the RF model were not overly correlated, 
reducing the risk of multicollinearity affecting the model’s 
performance.

The Gini index was then employed to compute the rela-
tive importance of the selected predictors. It quantifies the 
extent to which the metrics contribute to reducing the impu-
rity of decision tree nodes (Hapfelmeier et al. 2014), and 
the resulting values were scaled into a range of 0-100 for a 
more intuitive comparison. To facilitate the interpretability 
of the RF models, we used partial dependence plots to gain 
more detailed insight into the species-specific relationships 
between the most important predictors and ΔV in the RF 
model while other metrics were kept constant (Greenwell 
2017).

Finally, the coefficient of determination (R2) was used 
to quantify the proportion of observed variation in ΔV that 
could be explained by crown structure and its ΔC, allowing 
an assessment of the overall strength of the relationship by 
tree species (Eq. 2).

R2 =
∑

i∈n (yi − ŷ)2
∑

i∈n(yi − ȳ)2 � (2)

where ŷi is the predicted value, yi is the observed value, 
−
y  is the mean of observed values, and n is the sample size.

Results

Consistency of species-specific point clouds over the 
monitoring period

Figure 5 shows the relationship between individual tree 
characteristics measured in T1 and T2, including V and 
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Fig. 6  The distribution of individual tree stem volume growth (ΔV) for Scots pine, Norway spruce, and birch trees is illustrated in the histogram 
and box plots. The red line represents the density curve

 

Fig. 5  Scatter plots and Pearson’s correlation coefficient (r) visualize 
the consistency of species-specific individual tree characteristics mea-
sured in T1 (2014) and T2 (2021). These characteristics include indi-
vidual tree stem volume (V) and the following crown metrics: volume 

(CV), 2D projection area (CA2D), surface area (CA3D), perimeter (CP), 
perimeter to projection area ratio (CP/CA2D), surface area to volume 
ratio (CA3D/CV), base height (CHmin), and top height (CHmax)
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affected the predicted ΔV of Scots pine (Fig. 8b). T1_CA3D 
with a relative importance of 29.22, is another metric with 
a notable impact on the predicted Scots pine ΔV (Fig. 8). 
The predicted ΔV of Scots pine increases as the T1_CA3D 
increases up to 280 m3 while showing no discernible effect 
beyond that (Fig. 8d). Additionally, ΔCV and ΔCA2D were 
among the selected predictors that contributed to predicting 
Scots pine ΔV, even though to a lesser extent. Their relative 
importance was 27.00 and 20.04, respectively.

The most important metric for explaining Norway spruce 
ΔV was ΔCV (Fig. 9). The partial dependence plot showed 
that an increase in ΔCV was associated with an increase 
in predicted Norway spruce ΔV (Fig.  9a). Likewise, the 

proportion compared to Scots pine trees (Fig. 7). Only 6% 
of the ΔV variation was explained by the crown structural 
metrics in birch trees (Fig. 7).

According to the scaled mean decrease in the Gini Index, 
T1_CHmax was the most important metric in determining 
Scots pine ΔV (Fig. 8). T1_CP also contributed to the Scots 
pine ΔV predictions with a relative importance of 44.16. 
Based on the partial dependence plots, an increase in both 
T1_CHmax and T1_CP increased the predicted ΔV of Scots 
pine (Fig.  8a and c). Even though T1_CP/CA2D demon-
strated a rather high relative importance of 45.09 in the RF 
model, the partial dependence plot showed that there is only 
a small range of values where the changes in T1_CP/CA2D 

Table 5  Spearman’s rank correlation coefficients measuring the relationship between stem volume growth (ΔV) and various crown metrics at T1 
(T1_C) as well as their changes (ΔC)—including volume (CV), 2D projection area (CA2D), surface area (CA3D), perimeter (CP), perimeter to 
projection area ratio (CP/CA2D), surface area to volume ratio (CA3D/CV), base height (CHmin), and top height (CHmax)—are provided
Crown metrics Scots pine Norway spruce Birch

Correlation p-value Correlation p-value Correlation p-value
T1_CV 0.63ab 2.01e − 25*** 0.38abc 4.49e − 05*** 0.24 3.27e − 02*

T1_CA2D 0.62ac 0.00e + 00*** 0.28ade 3.33e − 03** 0.25a 2.69e − 02*

T1_CA3D 0.58 0.00e + 00*** 0.27bdf 3.98e − 0.3** 0.27 1.69e − 02*

T1_CP 0.63bcd 0.00e + 00*** 0.30cef 1.58e − 03** 0.25ab 2.66e − 02*

T1_CP/CA2D − 0.59d 0.00e + 00*** − 0.26 6.25e − 03** − 0.22b 5.40e − 02ns

T1_CA3D/CV − 0.36 6.04e − 08*** − 0.32g 5.08e − 04*** − 0.05c 6.64e − 01ns

T1_CHmin 0.38 9.47e − 09*** 0.34 2.82e − 04*** 0.10 3.76e − 01ns

T1_CHmax 0.60 5.46e − 23*** 0.29 1.70e − 03** 0.28 1.37e − 02*

ΔCV 0.53 3.76e − 17*** 0.32 5.57e − 04*** 0.34 2.67e − 03**

ΔCA2D 0.25e 1.63e − 04*** 0.19h 4.81e − 02* 0.10d 4.12e − 01ns

ΔCA3D 0.19 4.33e − 03** − 0.003 9.73e − 01ns 0.02 8.43e − 01ns

ΔCP 0.17e 1.00e − 02* 0.19h 4.26e − 02* 0.16de 1.77e − 01ns

Δ(CP/CA2D) − 0.23 7.89e − 04*** − 0.21 2.92e − 02* − 0.11e 3.93e − 01ns

Δ(CA3D/CV) 0.04 5.39e − 01ns 0.13g 1.70e − 01ns − 0.10c 4.31e − 01ns

ΔCHmin 0.16f 1.83e − 02* 0.15i 1.18e − 01ns 0.18f 1.28e − 01ns

ΔCHmax 0.21f 1.62e − 03** 0.14i 1.37e − 01ns 0.15f 1.91e − 01ns

Significance level denoted as ns (not significant) for p-value > 0.05, * for p-value < 0.05, ** for p-value < 0.01, and *** for p-value < 0.001. Metrics 
sharing the same superscript letter represent collinear pairs

Fig. 7  Scatter plot depicting observed versus predicted stem volume growth (ΔV) of Scots pine, Norway spruce, and birch trees. The dashed line 
represents the 1:1 relationship
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Fig. 10a, the predicted ΔV of birch increased as the ΔCV 
increased. T1_CP emerged as the second-ranked variable 
in explaining birch ΔV with a relative importance of 90.44. 
However, it showed a more gradual effect on predicted ΔV 
compared to ΔCV (Fig. 10b). T1_CA3D also exhibited a sub-
stantial impact on birch ΔV (relative importance of 80.17), 
while a lower impact was found for the T1_CV (relative 
importance of 75.95). The ΔCP and T1_CHmax were among 
other metrics that showed considerable impact on birch ΔV, 
representing an overall increasing trend (Fig. 10e and f).

Discussion

This study explored how crown metrics at the beginning 
of the monitoring period and their changes relate to ΔV of 
Scots pine, Norway spruce, and birch trees using bitemporal, 
multisensorial point clouds. Some initial crown metrics and 

T1_CV and ΔCA3D, with relative importance values of 
86.46 and 77.28 respectively, impact spruce ΔV predictions. 
An increase in these metrics leads to an increase in predicted 
ΔV as shown in Fig. 9b and c. However, it should be noted 
that the predicted ΔV was associated with both positive but 
also negative values for ΔCA3D which could be attributed to 
challenges in correctly delineating individual tree crowns 
and estimating CA3D using 3D convex hulls, making it a 
possibly unstable predictor. The predicted ΔV of Norway 
spruce also increased rapidly with increasing T1_CHmax and 
T1_CHmin (Fig. 9d and e). In contrast, a decreasing trend 
was found in the relationships between T1_CA3D/CV and 
predicted spruce ΔV in a certain threshold. However, addi-
tional changes in the ratio do not contribute to the variation 
in the predicted ΔV (Fig. 9f).

The relative importance of selected predictors in explain-
ing birch ΔV is shown in Fig.  10. ΔCV was identified as 
the most important predictor in the RF model. As shown in 

Fig. 8  Relative importance of predictors (left) characterizing the crown 
structure in T1 (T1_C, measured in 2014) and their changes over a 
7-year time interval (ΔC) in determining individual tree stem volume 

growth (ΔV) for Scots pine. Partial dependence plots (right) show the 
effects of the most influential predictors on the predicted Scots pine ΔV 
(black line) and the corresponding smoothed trend (blue line)

 

1 3

Page 13 of 20     33 



European Journal of Forest Research          (2026) 145:33 

birch ΔV (Table 5). T1_CHmax emerged as the most influen-
tial metric in explaining ΔV of Scots pine in RF (Fig. 8a). It 
was also ranked among the most important metrics for Nor-
way spruces and birches but with lower impacts. It suggests 
that trees with higher T1_CHmax may have a competitive 
advantage that led to increased ΔV. T1_CP also played a sub-
stantial role in explaining ΔV for Scots pine and proved to 
be of high importance for the birch trees as well. According 
to Poorter et al. (2012), CP is one of the tree crown dimen-
sions that allow greater access to the light. Hence, a large 
CP contributes to a higher level of photosynthesis and can 
thereby increase ΔV (Figs. 8c and 10b). Similarly, Pretzsch 
(2021) found that crown projection area had a strong posi-
tive effect on tree volume growth.

However, these relationships between ΔV and crown 
metrics are inherently complex and might vary by other 
factors such as stand density. For instance, CHmax is highly 

their changes were significantly correlated to ΔV (Table 5), 
and RF models showed varying degrees of explanatory 
power across different tree species (Fig. 7).

Overall, crown metrics at T1 had a higher correlation 
with ΔV than the metrics associated with crown changes 
(Table 5), aligning with the results of Yrttimaa et al. (2022). 
It implies that a tree with larger crown initially leads to a 
greater increase in ΔV. Nevertheless, changes in crown met-
rics were relevant for Norway spruce and birch (Table 5). 
In particular, ΔCV and ΔCA3D were among the important 
metrics for Norway spruce trees when RF modeling was 
used (Fig. 9). Similarly, changes in crown metrics such as 
ΔCV, ΔCP, ΔCA3D, ΔCHmin, and Δ(CP/CA2D) were among 
the important metrics explaining birch trees ΔV (Fig. 10).

We found a strong correlation between ΔV of Scots pine 
and crown metrics, including T1_CV, T1_CA2D, T1_CP, 
with T1_CHmax also showing a notable correlation with 

Fig. 9  Relative importance of predictors (left) characterizing the crown 
structure in T1 (T1_C, measured in 2014) and their changes over a 
7-year time interval (ΔC) in determining individual tree stem volume 
growth (ΔV) for Norway spruce. Partial dependence plots (right) show 

the effects of the most influential predictors on the predicted Norway 
spruce ΔV (black line) and the corresponding smoothed trend (blue 
line)
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was important metric in profile theory of growth proposed 
by Osawa et al. (1991). This theory provides a framework 
for understanding how the stem mass density at the crown 
base can influence the growth of an entire tree. They devel-
oped a model that explains the above-mentioned relation-
ship under specific assumptions such as vertical foliage 
distribution and constant annual height growth. The model 
successfully predicted tree growth patterns across different 
tree species by incorporating other metrics such as height 
growth, foliage mass, and length of clear bole. There is, 
however, uncertainty in defining the CHmin in our study due 
to the inaccuracy in the classification of points into stem and 
crown, the presence of neighbors in the tree’s branch archi-
tecture, and imputed values for the trees that CHmin couldn’t 
be directly defined. T1_CHmin was also not featured as a 
highly ranked metric for explaining Scots pine ΔV (Fig. 8), 
while previous research has shown the variation in CHmin 

affected by stand density, and constrained crown size due to 
high stand density could affect the growth rate of the entire 
tree (Valentine et al. 2012).

Unlike pine trees, Norway spruce ΔV exhibited the high-
est correlations with 3D crown metrics, including T1_CV, 
T1_CA3D/CV, and ΔCV (Table 5). ΔCV, T1_CV, and ΔCA3D 
were also the metrics with high relative importance in the RF 
model explaining Norway spruce ΔV. An increase in these 
metrics was generally associated with higher predicted ΔV 
for Norway spruce (Fig. 9a, b, and c). Moreover, T1_CHmin 
in Norway spruce was also among the most correlated met-
rics with ΔV and showed relatively high importance in the 
RF model (Table 5; Fig. 9). This is in line with the findings 
by Yrttimaa et al. (2022) in a similar study utilizing TLS in 
the boreal forest. They identified the strongest relationship 
for Norway spruce, associating CHmin to ΔV with an R2 of 
0.52. CHmin can be related to the length of clear bole, which 

Fig. 10  Relative importance of predictors (left) characterizing the 
crown structure in T1 (T1_C, measured in 2014) and their changes 
over a 7-year time interval (ΔC) in determining individual tree stem 

volume growth (ΔV) for birch. Partial dependence plots (right) show 
the effects of the most influential predictors on the predicted birch ΔV 
(black line) and the corresponding smoothed trend (blue line)
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reduce the error related to metric estimations (Panagiotidis 
et al. 2022). Point density is another factor strongly affect-
ing the accuracy of the extracted CHM and the metrics 
such as height (Zhao et al. 2018). Hence, the high-density 
point clouds used in this study suppressed the limitations 
associated with lower-density data. However, it is impor-
tant to acknowledge the specific constraints associated with 
the point cloud measurements in this study. While Marker-
controlled watershed segmentation is known as an effective 
algorithm for tree crown delineation, it is likely prone to 
over- and under-segmentation and omits small trees with 
crowns mixed with their taller neighbors (Kwak et al. 
2007). It is therefore important to note that after applying 
the CHM-based tree segmentation, we searched for possible 
cases where multiple trees were found inside the segments 
and further partitioned the segment accordingly. Despite 
these efforts, we acknowledge the possibility of inaccu-
rate tree crown segmentation, particularly in the analysis 
of the crown dimensions over different time points. This 
could have influenced the consistency of the crown metrics 
derived at two time points. However, the observed dispari-
ties are confounded with both errors and inherent dynam-
ics of tree crowns. The co-registration accuracy between 
the terrestrial and aerial point clouds and the discrepancy in 
the used methods at T1 and T2 also may have affected the 
results. This could have led to a spatial mismatch between 
the trees identified at T1 and T2 that could have decreased 
the reliability of the tree-to-tree matching. Moreover, it may 
have affected the number of trees that were correctly linked 
to the field-measure trees from which tree species informa-
tion was derived. The GNSS errors at T1 and the limited 
capacity of the applied co-registration methods at T2 to 
provide accurate transformation information can potentially 
cause co-registration inaccuracy. Point cloud analysis may 
also be influenced by differences between sensors, sampling 
designs, and resulting point cloud properties at different time 
points (Cao et al. 2016; Socha et al. 2017; Zhao et al. 2018). 
The TLS field of view and the number and positions of 
scans might also have resulted in occlusion and thereby spa-
tial mismatches. Negative observations in ΔV, which were 
likely attributed to occlusion and the inaccurate taper curve 
estimation, posed an additional challenge in the analysis 
and interpretation of this study. Especially, it occurs when 
the magnitude of the actual change falls within the accuracy 
limits of the measurement technique. Accordingly, under-
standing the time interval to overcome excess noises and 
reveal real patterns can be crucial in forest change detection, 
particularly in slow-growth boreal forests (Yu et al. 2006; 
Coops 2015; Socha et al. 2017). Considering the continuous 
improvement in the segmentation algorithms in accuracy 
and efficiency and the growing availability of TLS measure-
ments, our multisensorial approach is expected to become 

driven by stand density can affect stem growth (Beekhuis 
1965; Fish et al. 2006; Mäkelä and Valentine 2006). For 
birch, we did not observe the same level of importance for 
T1_CHmin. However, given the small sample size of birch 
trees (n = 77), it is important to interpret this finding with 
caution. Moreover, our data were mostly collected during 
the leaf-off conditions, likely resulting in an underestima-
tion of the crown characteristics of the birch trees.

It is worth mentioning that we used RF modeling and the 
Gini index to better understand the relationship between ΔV 
and crown structural metrics at both T1 and their changes 
over time, rather than to build a predictive model. RF mod-
els are highly flexible in a wide range of data types without 
requiring a pre-specified functional form for relationships. 
They can capture complex data patterns and interactions 
(Breiman 2001), making them robust for our analysis. In 
addition, we complemented RF with partial dependence 
plots to enhance model interpretability, illustrating how 
the variability of key predictors affects the variability of 
ΔV. Given that the models were fitted on the full dataset, 
their predictive performance and generalizability cannot be 
assessed, but they give insight into relative importance of 
metrics within the observed data.

The observed dependencies between ΔV and crown met-
rics varied between different tree species (Fig. 7), although 
it might represent dynamics that differ from those over a 
longer time frame. Additionally, growth allocation may 
vary based on internal tree characteristics and stem itself 
beyond the crown structure (Pretzsch 2020) which hasn’t 
been considered in our study. The site conditions, prove-
nance, tree age, and mean tree size of the stand can also 
affect the observed relationships (Pretzsch et al. 2022). 
However, individual tree characteristics are particularly 
more relevant to ΔV in heterogeneous stands where trees 
vary strongly in social status, crown structure, and growth 
(Pretzsch and Rais 2016; Pretzsch 2019). For example, 
Pretzsch (2021), used linear regression models to under-
stand how stem volume growth is influenced by internal, 
structural, and morphological characteristics of trees in 
monospecific stands of different species. Their prediction 
model for volume growth, with stem volume as a predictor, 
resulted in an RMSE of 0.67 m3year− 1. The inclusion of tree 
age, mean tree volume, crown projection area, crown ratio, 
and mean tree ring width reduced the RMSE by up to 43%. 
Many of these attributes can be obtained with our approach 
and it could be utilized in assessing their effects on ΔV in 
future research. Furthermore, more research is needed on 
how multisensorial point clouds can provide information for 
studying the growth allocation of different tree species.

In this study, we used a multisensorial dataset with top- 
and below-viewpoints that was assumed to fill the gap 
caused by occlusion within a crown segment and potentially 
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Changes in Forest Ecosystem Research Infrastructure (decision num-
bers 337810 and 346383).
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