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ABSTRACT

Information on wood properties across trees and stands is needed to support silviculture and wood procurement.
Wood properties of standing trees are usually measured by destructive sampling limiting the number of obser-
vations that can be collected across a range of forest structural and environmental conditions. In contrast,
airborne laser scanning (ALS), with its capability to characterize tree crowns and their increment over time,
could provide a non-destructive approach for assessing wood properties. This study aimed at relating ALS-
derived mean annual increments in tree height and crown dimensions between 2009 (T1) and 2023 (T2) to
X-ray microdensitometry-measured mean ring width (RWpean.tree) and basal-area weighted mean wood density
(WDpean-tree) formed during the same period. The experimental design comprised 257 Scots pines (Pinus sylvestris
L.) and 142 Norway spruces (Picea abies (L.) Karst.) across 59 sample plots representing varying boreal forest
conditions. As per our investigations, the mean annual increment in tree height (AHmean tree) represented the
strongest correlations with RWean tree for both tree species (r=0.43-0.44) and a weak but statistically signif-
icant correlation with WDpean tree for Norway spruces only (r = —0.17). When aggregating individual tree ob-
servations for plot-level, AHpean plor €xhibited moderate correlations (r = 0.47-0.48) with RWean plot for both
species. WDpean plot Of Scots pines showed a correlation of 0.36 with the averaged mean annual increments of
crown surface area. However, none of the metrics were significant for WDmean plot Of Norway spruces. By utilizing
the linear-mixed effect model 40-41 % of the variations in RWean tree Of Scots pines and Norway spruces could
be explained when accounting for the variability between sample plots. Based on our study, it appears that some
of the variation in wood properties, particularly in ring width, can be captured using bi-temporal ALS mea-
surements. However, assessing wood properties over large areas remains challenging and requires further
research.

1. Introduction

considered crucial in dendrochronology and growth patterns studies
(Genet et al., 2013; Zeller et al., 2017; Ahmed et al., 2024; Jevsenak

Information on wood properties is essential for supporting decision-
making in forestry (Wylie et al., 2019). Wood density (WD) is among the
wood properties that directly affect tree biomass and carbon content
(Demol et al., 2021; Pokharel et al., 2016; Van Leeuwen et al., 2011).
Moreover, the stiffness of wood is governed by wood density and its
variation from pith to bark and bottom to top, with microfibril angle
playing a significant role (Demol et al., 2021; Van Leeuwen et al., 2011).
Another wood property affecting the physical and chemical character-
istics of timber is ring width (RW) (Van Leeuwen et al., 2011). It is
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et al., 2024).

Nowadays, wood properties can be measured using X-ray micro-
densitometry systems such as SilvaScan™ or ITRAX (Downes and Drew,
2008; Peltola et al., 2007; Schimleck et al., 2019). However, these
methods are expensive and labor-intensive as the wood samples need to
be taken whereas information on wood properties across a broad range
of stands is needed for forest managers and mill owners (Van Leeuwen
et al., 2011). Wood properties in general are known to vary by species,
tree, stand, and site conditions. At the tree level, intrinsic features like
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cambial age, WD, and RW, and the extrinsic ones including the tree
height and crown dimensions as well as the size and placement of knots
and branches influence wood properties (Duchesne et al., 1997; Krajnc
et al., 2019; Kuprevicius et al., 2013; Makinen and Colin, 1998). At a
broader scale, factors like competition, stocking density, and site con-
ditions play a key role in determining wood properties (Ikonen et al.,
2008; Kankare et al., 2022). Wood properties also change over time due
to tree and stand development, branch mortality, and branch wound
occlusion (Hein et al., 2008; Van Leeuwen et al., 2011).

Tree crown structure, one of the mentioned indicators, refers to how
branches are arranged along the stem. This affects the suitability of
wood for different products, based on the number and features of knots
in the timber. Hence, information on tree crowns has been widely used
in modeling wood formation and predicting wood quality (Van Leeuwen
et al.,, 2011). For example, according to Larson’s (1969) conceptual
model, trees with large crowns are likely to produce wood with poorer
mechanical properties, as auxin produced in the stem apex shapes xylem
characteristics, including cell size, wall thickness, and the ratio of
earlywood to latewood. Mechanical loading of the crown that re-
distributes the growth to the region of high stress is another factor
affecting xylem properties (Krajnc et al., 2019). Moreover, the crown
and its increment over time have been shown as a determining indicator
for predicting stem growth (Poorazimy et al., 2024; Pretzsch, 2021;
Seidel et al., 2015; Yrttimaa et al., 2022). However, wood properties
have been predicted using simple measures such as tree diameter at
breast height (dbh), height, and age (Van Leeuwen et al., 2011). Even
though tree size and age can be measured in the field, it is not possible to
obtain these attributes for all trees across large areas, yet this informa-
tion could support forest management and improve understanding of
how wood properties vary over wide regions.

The emergence of laser scanning has enabled detailed measurements
of the structural characteristics of trees and forest stands (Hyyppa et al.,
2008; Kankare et al., 2014; Liang et al., 2016, Fassnacht et al., 2024).
Airborne laser scanning (ALS), collected via aircraft or drones flying
over forested landscapes, captures data such as tree heights, crown di-
mensions, and the respective changes in these attributes over time if
data acquisition is repeated (Duncanson and Dubayah, 2018; Frew et al.,
2016; Ma et al., 2018; Poorazimy et al., 2022). Terrestrial laser scanning
(TLS) is typically collected from sample plots or stands, allowing for
even more detailed measurements, such as the quantification of tree
architecture, including branch dimensions, lengths, and angles
(Akerblom and Kaitaniemi, 2021; Raumonen et al., 2013). When TLS
measurements are repeated, even millimeter-level changes, particularly
at the stem, can be detected (Luoma et al., 2021; Yrttimaa et al., 2023).
Due to these precise capabilities, TLS has been used to assess various
structural properties of trees, which are linked to wood characteristics
and the quality of wood in the forest industry. For example, Pyorala et al.
(2019) compared standing tree log geometry from TLS to their mea-
surements in the sawmill which was cut to length according to the
specific bucking matrix as well as wood properties measured by X-ray
scanning including WD and knottiness. In a recent study, Kankare et al.
(2022) used TLS to evaluate dependencies of Scots Pine (Pinus sylvestris
L.) structure and competitional status with wood properties of WD and
RW in the southern boreal forest. However, as mentioned, TLS can only
cover small, localized areas due to the need to frequently reposition the
scanner, as observations from a single scanning location are limited to
trees and tree parts that are within the scanner’s line of sight (Liang
et al., 2016). Therefore, to predict wood properties across large, forested
regions for supporting silviculture, forest management, and the under-
standing of wood property variability, ALS appears more appealing
(White et al., 2017). In addition, ALS is widely used for forest mapping in
many countries where forestry is among the key industries (White et al.,
2016). In such regions, ALS datasets are often openly provided by gov-
ernments, and there are regular ALS acquisition programs in place,
ensuring the continued availability of data in the future. Several coun-
tries aim for a 5- to 10-year cycle in ALS data collection, which offers
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unique opportunities to use this data for a better understanding of forest
growth and to link forest growth metrics with wood properties
(Fassnacht et al., 2024).

Hence, the study aimed to investigate how changes in tree height and
crown dimensions acquired with bi-temporal ALS can be linked with
wood properties obtained with an X-ray microdensitometry. We studied
how the relationship differed between Scots pine and Norway spruce
(Picea abies L. Karst.) at both individual tree and plot levels during the
study period from 2009 (T1) to 2023 (T2). Investigated wood properties
included the basal area-weighted mean WD (WDpean _tree) and mean RW
(RWmean tree) of individual trees measured between T1 and T2 as well as
their means (WDmeanploty RWmeanplot) and standard deviations
(WDstd plot, RWistd plot) aggregated for each sample plot. ALS data were
also processed to characterize mean annual increments of individual
trees in height (AHmean tree) and crown dimensions (ACmean tree) between
T1 and T2 as well as their means (AHpean_plot; ACmean_plot) and standard
deviations (AHgd plot» AGCstd plot) for each sample plot. With these in-
vestigations, we aimed to assess the feasibility of an approach relating
ALS-derived growth metrics to wood properties, emphasizing the use of
bi-temporal datasets to support forest management, forest planning, and
wood procurement.

2. Materials and methods
2.1. Study area and sample plots

The study area was located in the southern boreal forest of Finland,
Evo, bounded by 61°19.6' N and 25°10.8' E (Fig. 1). The experiment
consisted of 59 sample plots, each measuring 32 x 32 m, established in
2014. These plots were dominated by Scots pine (Pinus sylvestris L.) and
Norway spruce (Picea abies (L.) Karst.) with a mixture of birch (Betula
sp.) and aspen (Populus tremula L.) trees. Tree-wise inventory, measuring
dbh with a caliper, height with a Vertex IV clinometer, and determining
species and health status through visual interpretation, was conducted
for trees exceeding the dbh threshold (5 cm) during the field measure-
ments in 2014 (Table 1).

2.2. Wood sampling and X-ray microdensitometry measurements

Identified trees in the field measurements in 2014 were considered as
the population for sampling. Wood samples were collected only for Scots
pine and Norway spruce trees using an increment borer at a fixed height
of 1.30 m above the ground in April-May 2023 (Fig. 2).

The selection of sample trees per plot was carried out for the trees
that are located within an 11-meter distance from the plot center and
have a height of more than 80 % of the dominant height in that plot, to
enhance the likelihood of detecting these sample trees in the ALS data. In
addition, sample trees were distributed between dbh classes and the plot
sectors spanning 90° with the main cardinal point at the middle of each,
presenting various trees and stand conditions. Overall, 273 Scots pine
and 150 Norway spruce wood samples were collected. The structural
characteristics of sample trees have been provided in Table 2.

The ITRAX X-ray microdensitometry system was used for generating
WD profiles for each sampled tree, representing WD and RW of the
sampled tree rings (Cox Analytical Systems, Goteborg, Sweden). First,
the air-dried samples with a 12 % moisture content were scanned in the
batch mode and standard X-ray intensity in an exposure time of 20 ms
(Peltola et al., 2007), generating digital radiographic images with hor-
izontal and vertical pixel sizes of 25 um. Second, WD profiles were ob-
tained from scanned images using density software (Bergsten et al.,
2001). It was further analyzed to calculate the sample trees mean WD
(WDmean tree) and RW (RWmean ree) aligning with ALS acquisitions
(Section 2.3). Since wood sampling took place in April-May 2023,
WDmean tree and the RWpean tree Were computed based on tree rings
corresponding years 2009-2022 while omitting the possible early sea-
son of 2023 (i.e., not representing an entire growing season) to maintain
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Fig. 1. Study area in Evo, Finland, and distribution of sample plots over Esri’s world imagery basemap.

Table 1
Descriptive statistics of sample plot measurements (n=59) in 2014 including
minimum (Min), maximum (Max), mean, and standard deviation (Std.).

Attribute Min Max Mean Std.
Number of trees (n/ha) 342 3076 820 485
Mean volume (m®/ha) 49.44 518.39 280.91 119.57
Basal area-weighted mean dbh (cm) 14.81 46.42 26.71 7.50
Basal area-weighted mean height (m) 12.70 31.09 21.75 4.61

the consistency of the measurements. WDpean tree Was weighted by basal
area, meaning it was computed as a weighted average across the
sampled rings with the WD of each ring weighted according to its basal
area derived from ring width measurements (Biondi and Qeadan, 2008).
To obtain plot-level measures for mean wood properties by species, the
tree-level measures were averaged (WDmean plotv RWmean plot). Addi-
tionally, their standard deviations (WDstq plot; RWstd plor) Were calcu-
lated for sample plots with at least three observations per species.
Table 2 summarizes the variability of these attributes across the sample
plots.

Ring Density (g/cm®)

2.3. Bi-temporal ALS data acquisition and characterizing tree crown
dimensions

Bi-temporal ALS data covering the sample plots were used in this
study. T1 ALS was collected in 2009 using a Leica ALS50-II SN058
scanner mounted on an airplane, providing an average point density of
25 pts/m?. For T2 ALS data acquisition in 2023, a helicopter-borne Riegl
VUX-1HA scanner was utilized to provide an average of 1182 pts/m?
point density. Table 3 summarizes the acquisition parameters of these
datasets.

All ALS data were first clipped by sample plot boundaries utilizing a
5 m buffer around each plot to ensure that all relevant trees become
reconstructed. Ground points were distinguished from non-ground
points using LAStools software (rapidlasso GmbH, Austria). It uses var-
iations on a progressive densification filter algorithm based on trian-
gulation of the lowest points considered to represent ground surface
level (Axelsson, 2000). Then, point cloud elevations were normalized to
heights above the ground surface by subtracting the corresponding
ground height from the Z coordinates. Then, canopy height models

Ring width (mm)
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Fig. 2. Wood sampling using an increment borer (a) and the core extracted from the tree (b), the digital radiographic image generated by X-ray microdensitometry
(c), and the resulting wood density (d) and ring width (e) profiles spanning the tree’s lifetime. The red dashed line represents the study period.
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Field-measured sample tree structural characteristics of diameter at breast height (dbh), height (h), stem volume (v), and age in 2014, and X-ray microdensitometry
measurements including 1) basal area weighted mean wood density (WDpean tree) and mean ring width (RWean tree) between T1 (2009) and T2 (2023) and 2) their
plot-level means (WDmean ploty RWmean_plot) @s well as standard deviations (WDgd plot, RWistd plor). Minimum (Min), maximum (Max), mean, and standard deviation

(Std.) are presented.

Min Max

Mean Std.

Tree-level statistic of Scots Pine/Norway spruce

sample trees (n = 273/150)

dbh (cm) 9.45/5.95 63.00/57.90 25.02/29.40 7.45/9.12
h (m) 11.70/5.80 35.50/36.60 20.81/25.01 4.58/5.38
v (m?) 0.05/0.01 4.30/3.39 0.57/0.93 0.54/0.63
Age (year) 28/28 175/173 64.40/84.40 32.50/31.95
WD nean tree (8/cm®) 0.42/0.34 0.69/0.57 0.54/0.45 0.05/0.05
RWinean tree (mm) 0.28/0.28 2.53/3.18 1.26/1.24 0.46/0.51
Statistics of the mean values of Scots Pine/Norway spruce

dominated sample plots (n = 45/25)
WDnean plot (g/cm®) 0.44/0.40 0.60/0.49 0.54/0.45 0.03/0.02
RWmean plot (mm) 0.43/0.50 2.44/2.06 1.25/1.26 0.37/0.41

Statistics of the standard deviation values of Scots Pine/Norway spruce

dominated sample plots (n = 39/23)
WDy plot (g/cm®) 0.01/0.02 0.09/0.08 0.04/0.05 0.02/0.02
RWitd_plot (mm) 0.04/0.10 0.62/0.86 0.33/0.37 0.13/0.18

(CHMs) were created for both time points at a 0.5 m resolution by uti-
lizing the pit-free algorithm originally developed by Khosravipour et al.
(2016). The local maxima filter (LMF) with a fixed window size of 3 by 3
was employed to detect individual treetops. Those were considered
markers in the marker-controlled watershed algorithm to eventually
segment CHMs into tree crowns (Meyer and Beucher, 1990). After that,
points located inside each tree crown segment were extracted and
treated as individual tree point clouds. Points above a 2-m height
threshold were considered to represent tree crowns and were further
used for tree crown characterization (Fig. 3). For each tree, a 2D convex
hull enveloping the crown points projected onto the XY plane was used
to derive crown diameter (CD) and crown projection area (CA), whereas

Table 3

Acquisition parameters of bi-temporal ALS data in years 2009 (T1) and 2023 (T2).

crown volume (CV) and crown surface area (CSA) were derived based on
the volumetric characteristics of a respective 3D convex hull. Tree
height (H) was determined as the highest point return within the crown
segment. An illustration of the crown dynamic over time for a specific
tree is provided in Fig. 3.

2.4. Tree-to-tree matching and calculating crown increments

To calculate the increments in tree height and crown dimensions and
to investigate wood properties at individual tree and plot levels, tree-to-
tree matching was applied. First, ALS-detected trees at T1 were matched
with the closest ALS-detected trees at T2 within a maximum distance of

Year Sensor Field of view (°) Wavelength (nm) Laser pulse frequency (kHz) Beam divergence (mrad) Flying height (m)

2009 (T1) Leica ALS50-II SNO58 30 1064 150 0.22 400

2023 (T2) Riegl VUX—1HA 360 1550 119 0.50 100
Cross-sectional view Top View Side view

4

CD=6.10 - 7.18 m

CA=16.93 - 34.85 m? 1

2

\
|

CV=243.52 - 667.44 m3
CSA=291.61 - 49831 m?
H=2136-2572 m

e 2009 » 2023

Fig. 3. A cross-sectional view of ALS point clouds depicting individual trees in 2009 (T1) and 2023 (T2) along a transect (left) as well as respective crown measures
for a specific tree highlighted in a border from both top and side views (right). CD stands for crown diameter, CA for crown projection area, CV for crown volume,

CSA for crown surface area, and H for tree height.
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Table 4
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Summary statistics for 1) the individual tree’s mean annual increment in tree height and crown dimensions derived from bi-temporal ALS data between T1 (2009) and
T2 (2023) (AHpean_tree> ACmean_tree) and 2) their means (AHmean plot; ACmean_plot) and standard deviations (AHtd plot> ACstd_plot) at plot-level. AH and AC stand for mean
annual increments in tree height (H) and crown dimensions of diameter (CD), projection area (CA), volume (CV), and surface area (CSA). Minimum (Min), maximum

(Max), mean, and standard deviation (Std.) are presented.

Min Max Mean Std.
Tree-level statistics of Scots pine/Norway spruce
sample trees (n = 257/142)
ACDmean tree (m) —0.15/-0.15 0.47/0.37 0.07/0.05 0.09/0.09
ACAmean tree (M) —1.50/-0.78 3.22/2.37 0.54/0.41 0.54/0.49
ACVean_tree (m3) —13.32/-3.75 46.12/58.08 12.99/14.92 8.15/10.53
ACSAmean tree (M?) —2.73/-1.50 23.89/29.74 9.44/9.41 4.39/5.57
AHpmean tree (M) 0.02/-0.01 0.49/0.45 0.26/0.19 0.10/0.09
Statistics of the mean values of Scots Pine/Norway spruce
dominated sample plots (n = 44/24)
ACDpean_plot (m) —0.03/-0.04 0.22/0.13 0.07/0.05 0.05/0.04
ACApean plot (m?) —0.64/-0.11 2.06/0.97 0.54/0.40 0.39/0.29
ACVimean_plot () —1.15/2.26 27.66/26.42 13.60/14.87 5.76/6.86
ACSAmean plot (m?) 0.73/2.50 16.03/17.30 9.48/9.26 2.91/3.65
AHmean plot (M) 0.06/0.09 0.46/0.38 0.25/0.18 0.10/0.08
Statistics of the standard deviation values of Scots Pine/Norway spruce
dominated sample plots (n = 38/21)
ACDyd plot (m) 0.01/0.01 0.24/0.15 0.08/0.08 0.04/0.04
ACAd plot (m?) 0.11/0.14 1.87/0.93 0.46/0.41 0.32/0.20
ACViid plor (m?) 2.15/2.34 16.09/16.89 6.98/7.98 3.33/4.39
ACSAstd plor (m?) 1.21/1.46 7.21/8.10 3.81/4.19 1.48/2.08
AHgtd plot (m) 0.01/0.01 0.09/0.10 0.04/0.04 0.02/0.02

2 m. These matched trees, along with their consecutive measurements,
were then used to calculate the mean annual increments of tree height
and crown dimensions (AHmean treex ACmean tree) by dividing the
observed change (T1 measurement subtracted from the respective T2
measurement) with the number of growing seasons in between the
measurements. Table 4 summarizes these observations across the
sampled trees.

Second, we established links between the ALS-derived trees and
field-sampled trees to enable the assessment of how the obtained crown
increments were associated with wood properties. The proximity of the
geospatial locations between the ALS-derived and field-measured tree
locations was utilized for this matching, aided by visual interpretation
due to differing approaches for determining tree locations (tree top
location for ALS compared to stem cross-section midpoint for field-
sampling). This resulted in 257 Scots pine and 142 Norway spruce
trees for tree-level analysis which were further used to calculate the plot-
level means (AHmeanplot ACmeanplo) and standard deviations
(AHgid plot, ACstd plot) by tree species. Among the total number of 59
sample plots, Scots pine was represented by 44 sample plots and Norway
spruce by 24 sample plots, and the plot-level means were computed for
these sample plots. However, for assessing the standard deviations of
wood properties, sample plots with at least three observations per spe-
cies were considered, leaving 38 sample plots for Scots pine and 21
sample plots for Norway spruces. Table 4 summarizes these observations
across the sample plots.

2.5. Statistical analysis

The relationships between wood properties and ALS-derived mean
annual increments in tree height and crown dimensions were assessed
by tree species due to assumed differences in the growth strategies be-
tween Scots pine and Norway spruce. We used Pearson’s correlation
coefficient (r) as a measure of the strength of the observed relationships.
The correlations were considered to provide statistical support for the

possible associations if the related p-values were < 0.05. The analyses
were first conducted at the tree level, where a higher absolute value for r
would imply a stronger association between wood properties
(WDmean treesy RWmean tree) and mean annual increments in tree height
and crown dimensions. This would allow us to assess the feasibility of
utilizing ALS-derived metrics for monitoring the WD and RW of indi-
vidual trees.

Then, we scaled up our analysis from tree-level to plot-level, aiming
to assess the feasibility of utilizing ALS-derived metrics for estimating
mean wood properties and their variation within sample plots.
Employing r, these relationships were assessed between 1) averaged
mean annual increments in tree height and crown dimensions and
averaged mean wood properties (WDmean_plot a1d RWean plot) as well as
2) standard deviations in mean annual increments in tree height and
crown dimensions and standard deviations in mean wood properties
(WDgtd plot and RWiq plor). Here, a higher absolute value for r would
imply a stronger association between the investigated metrics, sug-
gesting the feasibility of utilizing ALS for monitoring WD and RW of
sample plots.

After obtaining insights into the possible associations, we modeled
these relationships to assess the combined effects of studied metrics on
mean wood properties at levels of the tree (WDmean_tree a0d RWean tree)
and plot (WDpean_plot and RWiean plot)- A linear mixed-effect regression
(LMER) was applied for the tree-level modeling to account for the
possible variability in the associations between sample plots, in terms of
their magnitude and direction, which could differ depending on site
conditions that were not specified in this study. We conducted this
analysis using the LME4 package in R software (Eq. 1) (Bates et al.,
2015).

Yi = Bo + Brxuy + PoXay + ... BpXnj + boi + &y @

where yjis the response variable of interest (WDmean tree O RWmean tree)
for tree j within a sample plot i, xy4,...,Xy; represent the fixed effects
variables and f, f;,...,5, are corresponding coefficients. The by; and ¢;
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Table 5

Pearson’s correlation coefficients and related statistical significance (p-value) measuring the relationships of tree-level basal area-weighted mean wood density
(WDpean_tree) and mean ring width (RWpean ree) With the respective ALS-derived mean annual increments of tree height (AHpean tree) and crown dimensions
(ACmean tree) Which were measured between T1 (2009) and T2 (2023). AH and AC stand for mean annual increment in tree height (H) and crown dimensions of
diameter (CD), projection area (CA), volume (CV), and surface area (CSA). The level of significance is denoted as ™ (not significant) for p-values > 0.05, * for p-value

< 0.05, ** for p-value < 0.01, and *** for p-value < 0.001.

Tree-level correlations of
Scots Pine (n = 257)

Tree-level correlations of
Norway spruce (n = 142)

WDmean,(ree
Correlation p-value Correlation p-value
ACDpean_tree —0.02 0.707 ™ 0.00 0.957 "¢
ACAnean tree —-0.05 0.441 "¢ 0.02 0.789 "¢
ACVmean tree —0.04 0.560 ™ 0.08 0.354 ™
ACSAmean_tree 0.06 0.303 ™ 0.06 0.444 ™
ns *
AHmean tree 0.08 0.220 -0.17 0.039
RWhean_tree
Correlation Correlation p-value
ACDmean tree 0.14 —-0.01 0.911 "™
ACAmean tree 0.21 -0.01 0.921 "¢
ACVmean tree 0.17 —0.03 0.685 "
ACSAmean tree 0.16 ~0.02 0.806 ™
AHmean_tree 0.44 0.43 < 0.001 **

denoted as normally distributed random effect for plot i and residual
error, respectively with mean zero and unknown, unrestricted var-
iance—covariance matrix. It is worth mentioning that fixed-effect vari-
ables were scaled into the range 0-1 using the min-max method to
compare their contribution to the model. The MuMIn package of R was
used to carry the information-theoretical model selection based on AIC
(Akaike Information Criterion) (Barton, 2015). We tested models with
different combinations of up to five predictors for both tree species and
selected the ones with the lowest AIC for predicting RWpean-ree and
WDpean-tree- These models were assessed using the marginal coefficients
of determination which account for the variance of fixed effects alone
(Rlzn) and conditional coefficient of determination to consider the pro-
portion of variance explained by both fixed and random effects (R?).
At the plot-level, multiple linear regression was applied to investi-
gate possible interaction between the ALS-derived plot-level variables in
explaining variation in WDean plot and RWean plot €mploying the Stat

package of R software (R Core Team, 2021). The model selection was
carried out using a similar systematic approach as LMER. The adjusted
R? (Rgdj) was reported to measure the proportion of variance in
WDmean_plot @nd RWiean plot Which was explained by the respective
ALS-derived plot-level metrics.

3. Results

3.1. Relationship between the individual tree-level wood properties and
the mean annual increments of tree height (AHmean ree) and crown
dimensions (ACmean tree)

The relationships between WDmean treex RWmean trees ald ACean tree
measured by Pearson’s correlation coefficients are presented in Table 5.
We found none of the investigated ALS-derived metrics to correlate with
WD mean tree Of Scot pine (p-value > 0.05). AHpean tree Was found as the

Table 6

Pearson’s correlation coefficients and related statistical significance (p-values) measuring the relationships of plot level means and standard deviations of basal area-
weighted mean wood density (WDmean_plots WDstd_plot) and mean ring width (RWmean_plots RWistd_plot) With the respective ALS-derived means and standard deviations of
mean annual increments in tree height (AHmean _piot, AHstd plot) and crown dimensions (ACmean plots ACstd plot) measured between T1 (2009) and T2 (2023). AH and AC
stand for annual increment in tree height (H) and crown dimensions of diameter (CD), projection area (CA), volume (CV), and surface area (CSA). The level of sig-
nificance is denoted as ™ (not significant) for p-values > 0.05, * for p-value < 0.05, ** for p-value < 0.01, and *** for p-value < 0.001.

Plot-level correlations of mean
values of Norway spruce (n = 24)

Plot-level correlations of mean
values of Scots Pines (n = 44)

WDmean,plm RWiean, _plot WDmean,plot RWiean, _plot
Correlation p-value Correlation p-value Correlation p-value Correlation p-value
ACDrean_plot 0.10 0.538 ™ 0.02 0.893 ™ —0.01 0.972 " —0.16 0.457 ™
ACAmean_plot 0.16 0.287 " 0.01 0.972"™ 0.24 0.255 " -0.25 0.246 "
ACViean_plot 0.14 0.363 ™ -0.12 0.448 ™ 0.27 0.200 ™ -0.34 0.104 ™
ACSAmean plot 0.36 0.01 * —-0.10 0.937 ™ 0.19 0.364 ™ —0.25 0.241 ™
ACHmean_plot 0.27 0.08 ™ 0.48 < 0.001 *#* —0.30 0.153 ™ 0.47 0.021 *
Plot-level correlations of standard deviation Plot-level correlations of standard deviation
values of Scots pine (n = 38) values of Norway spruce (n = 21)
WDstq _plot RWstd,plot WDstd,plot RWstd,plot
Correlation p-value Correlation p-value Correlation p-value Correlation p-value
ACDgtq plot 0.13 0.440 " 0.19 0.246 ™ -0.22 0.331"™ 0.35 0.124 ™
ACAgid plot 0.19 0.257 "¢ —0.03 0.843 ™ -0.37 0.103 ™ 0.19 0.414 "™
ACViid plot 0.21 0.203 ™ 0.02 0.896 ™ —0.15 0.514 "™ 0.07 0.767 ™
ACSAstd plot 0.15 0.374 ™ —-0.01 0.947 ™ -0.23 0.324 "™ 0.12 0.608 ™
ACHgd plot —-0.20 0.236 ™° 0.24 0.147 ™ -0.13 0.581 " 0.25 0.283 ™
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Table 7
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The coefficient estimates, standard errors, and p-values for the models predicting basal area-weighted mean wood density and mean ring width measured between T1
(2009) and T2 (2023) at the levels of the individual tree (WDpean_trees RWmean_tree) and plot (WDmean piots RWmean_plot)- The level of significance is denoted as ™ (not
significant) for p-values > 0.05, * for p-value < 0.05, ** for p-value < 0.01, and *** for p-value < 0.001.

Coefficient estimate Standard Error p-value Coefficient estimate Standard Error p-value
Model parameters
WDnmean_tree RWiean tree
Intercept 0.55 0.01 2e—16 *** 0.42 0.13 0.002 **
. ACVpean tree —0.18 0.06 0.003 ** 2.39 0.57 < 0.001 ***
P. =2 -
Scots Pine (n = 257) ACSAmean tree 0.15 0.05 0.003 ** ~1.57 0.49 0.002 **
Tree-level AHmean_tree - - - 0.99 0.17 < 0.001 ***
Intercept 0.46 0.01 2e—16 *** 0.77 0.12 < 0.001 ***
Norway spruce (n = 142) R - - 1.20 0.27 < 0.001 ***
AHmean _tree . . .
WDnmean_plot RWiean plot
Intercept 0.50 0.01 2e—16 *** 0.90 0.11 3.58e—10 ***
Scots pine (n = 44) AHpean_plot - B - 0.73 0.20 < 0.001 ***
Plot-level ACSAmean_plot 0.06 0.02 0.01 * - - -
Intercept 0.46

Norway spruce (n = 24)

0.01 2e—16 *** 1.02 0.11 8.56e—09 ***

AHmean _plot - - 0.71 0.28 0.02 *
0.70 4 gz, = 0.04 R 3.0 9 r2,=0.20,0.16 ¢
- R%=0.14 _ R%,=0.40,0.41 *
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Fig. 4. Scatter plots of observed versus predicted basal area-weighted mean wood density and mean ring width measured between T1 (2009) and T2 (2023) at the
levels of the individual tree (WDpean_trees RWmean_tree) @nd plot (WDpean ploty RWmean_plot)- The dashed line represents a 1:1 relationship.

only ALS-derived metric that showed a statistically significant correla-
tion with WDean tree Of Norway spruces (r = -0.17, p-value < 0.05). The
observed associations were stronger for RWmean tree; Where AHmean tree
demonstrated the highest correlations regardless of tree species
(r = 0.43-0.43). For Scots pine, ACAmean tree (r = 0.21) and ACVean tree

(r=0.17) also showed rather weak but still statistically significant
correlations with RWpean tree (p-value < 0.01). These positive correla-
tions indicate that an increased mean annual increment in tree height
and crown dimensions would be associated with an increased RWyean.

tree-
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3.2. Relationship between the plot-level wood properties and the means
and standard deviations of mean annual increments of tree height
(AHmean pior and AHgq pioy) and crown dimensions (ACmean pior and
ACsq _plot)

Relationships between the plot-level wood properties and their
respective ALS-derived mean annual increments in tree height and
crown dimensions have been provided in Table 6. ACHmean plot Was the
only metric significantly related to RWean plotr regardless of tree species
(r = 0.47-0.48). Considering WDmean plot, ACSAmean plot Was the only
metric showing a significant relationship (r = 0.36) for Scots pine.
However, none of the metrics were significantly associated with the
WDipean _plot of Norway spruces. Weak correlations were recorded for the
plot-level standard deviation of wood properties and respective ALS-
derived metrics, but the associations were not statistically significant
(p-value > 0.05) (Table 6).

3.3. Assessing the wood properties at individual tree and plot levels

The models employing increments in tree height and crown di-
mensions for describing the variation in the tree-level WDpean tree and
RWinean_tree as well as plot-level WD mean plot and RWean plot are provided
in Table 7. According to LMER, WD pean tree Of Scots pine seemed to be
associated with ACVpean tree and ACSAmean tree- The model coefficients
implied that a decreased ACVean tree and an increased ACSAmean tree
was associated with an increased WDpean tree. Considering these fixed
effects, the model could explain only 4 % of the observed variation in
WDmean tree (R2, = 0.04) while the inclusion of random effects to account
for the variability between sample plots slightly improved the model
performance (R? = 0.14) (Fig. 4). Regarding Norway spruce, none of the
ALS-derived metrics were considered statistically significant in
explaining WDpean tree-

For the RWpean tree Of Scots pine, the LMER analysis showed that
increases in ACVpean tree and AHmean ree @s well as a decrease in
ACSAmean ree Were associated with an increased RWean tree (Table 7).
With these fixed effects, the model could explain 20 % of the observed
variation in RWean tree While the inclusion of random effects to account
for the variability between sample plots improved the model perfor-
mance (R? = 0.40) (Fig. 4). For Norway spruce, AHpean tree Was the only
variable that demonstrated a statistically significant coefficient estimate
of 1.20 for RWpean tree, indicating a positive association. Similar to Scots
pine, the inclusion of random effects to account for the variability be-
tween sample plots slightly improved the model performance from R2,
=0.16 to R? = 0.41 (Fig. 4).

At the plot-level, the observed variation in WDpean_plot Of Scots pine
was explained by variation in ACSApean plot With an Rgdj of 0.11 (Fig. 4).
Instead, none of the ALS-derived metrics were considered statistically
significant in explaining the WDyyean_plot of Norway spruce. However, the
variation in AHpean plot Was significantly associated with the variation in
RWiean plot Of both Scots pines and Norway spruces by a similar coef-
ficient estimate of 0.71-0.73 (Table 7). This indicates that as the
AHpean plot increases, the RWmean plot also tends to increase. Assessment
of the model performances showed that ALS-derived AHpean_plot could
explain 21 % and 18 % of observed variations in RWean plot Of Scots
pine and Norway spruces, respectively (Fig. 4).

4. Discussion

In this study, we investigated how mean annual increments in tree
height and crown dimensions obtained with bi-temporal ALS data can be
associated with wood properties measured by X-ray microdensitometry
of different tree species (i.e. Scots pine and Norway spruce) at both tree
and plot levels. When assessing the relationship at the tree-level, all the
studied ALS metrics were correlated with the RWpean tree Of Scot pines,
whereas AHpean tree Was the only metric correlated with WDppean tree and
RWmean tree Of Norway spruces (Table 5). There was no correlation
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between WDpean tree and ALS metrics for Scots pines at the tree-level.
Similarly, AHmean plot correlated with the RWpean plor Of both Scot
pines and Norway spruces at the plot-level, but for Scots pines, there was
also a correlation between WDean_plot and ACSAmean plot (Table 6). The
significant correlations between increments in tree height and RW for
both Scots pine and Norway spruce at the tree and plot levels are an
indication of a relationship between tree height and diameter growth
(assessed here through ring width). This was also supported by the re-
sults from mixed-effect and multiple linear regression modeling as
increment in tree height, either at tree or plot level, was a significant
predictor for all the models. This aligned with previous findings as tree
height and its growth have been related to the stand density and radial
growth (Valentine et al., 2012). However, there are also contrasting
results in Kankare et al., (2022) as increment in height was not signifi-
cantly correlated with RW when it was calculated by differencing TLS
height from field-measured height. This difference between the studies
could have been attributed to the enhanced tree height characterization
capability of ALS due to the above-canopy viewpoint of ALS (e.g.Wang
et al., 2019). It should be noted that while an increased height growth
may indicate an overall enhanced growth rate of the tree, changes in
wood density are primarily driven by alterations in radial growth, which
affect the proportions of lower-density earlywood and higher-density
latewood production (Timell, 1986). Since ALS cannot directly mea-
sure the thickening of stem and branches, increases in crown dimensions
were expected to reflect conditions where radial growth might have
occurred. This expectation is supported by previous studies that have
demonstrated a link between crown structure and a tree’s past radial
growth (Pretzsch et al., 2022).

For Scots pine, there were also significant correlations between
RWean tree and increment in all the crown metrics of Scots pines at the
tree-level. In particular, tree-level modeling showed ACSAmean tree and
ACViean tree as significant predictors (Table 7). This can be related to the
relationship between RW as well as increment in both tree height and
crown metrics due to the interplay between photosynthetic leaves and
growth rate (Pretzsch et al., 2022). The model explaining Norway spruce
RW at the tree-level, however, was not statistically significant. Con-
trasting results were obtained by Pretzsch et al. (2022) where they fitted
a regression model explaining variation in the annual diameter growth
of Norway spruce trees with TLS-derived crown characteristics within a
mature monospecific stand. They found the standard deviation of the
maximum crown radius along the stem axis and crown top-heaviness as
significant metrics. In a similar study, Ahmed et al. (2024) showed a
significant correlation between tree ring width and crown metrics such
as the coefficient of variation of crown radius (r = 0.68) and crown
length (r = 0.77) across Norway spruces. While their study consisted of
four stand types that significantly contributed to the observed variability
of crown shapes and ring patterns, this rather strong relationship is in
contrast with the current study. It is worth mentioning that they utilized
the intensive TLS scan and manual tree extraction which may have
affected the results and could complicate the comparison to this study.

For RWhean plots ACHmean plot Was the only metric that showed a
statistically significant correlation for both Scots pine and Norway
spruce at the plot-level which was supported by the regression modeling
as ACHpean plot Was the only metric included in the models predicting
RWnpean_plot for both tree species (Table 7).

Our results did not show statistically significant correlations between
WDmean tree and mean annual increments in tree height and crown di-
mensions for Scots pines (Table 5). However, ACSAmean tree and
ACViean tree Were included in the mixed-effect model for Scots pine as
significant predictors when predicting WDyean tree- The results obtained
by Kankare et al. (2022) were similar as they did not find statistical
evidence for the initial tree height and crown metrics of width, area,
volume, and length, as well as height increment to correlate with WD of
Scots pine trees. Instead, they found the mean branch angle as a sig-
nificant predictor to explain 31 % of the WD variation between trees.
Pyorala et al. (2019) also found moderate correlations of —0.49 and
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—0.61 between X-ray-derived WD measurements and TLS-derived stem
taper and volume for Scots pine trees, respectively. It should be noted
that both of the above-mentioned studies only utilized one-time point
TLS data and neither of them investigated the effects of changes in
crown size on wood density. For Norway spruce, however, AHmean tree
had a statistically significant, although rather low correlation with
WDpean tree (Table 5) but no ALS metric was significant for predicting
WD mean tree Of Norway spruce (Table 7). It is worth mentioning that the
study period investigated in the current study only focuses on the last 15
growing seasons corresponding with ALS acquisitions. This might limit
the dependencies between crown development and wood density,
particularly given the age of sample trees at an average of 64 years for
Scots pine and 84 years for Norway spruces (Table 2). Wood density is
mostly determined by tree age as a result of cambium maturation and
thus it largely varies from corewood to outerwood (Wylie et al., 2019).
Many of the studied trees were likely producing outerwood within this
period considering their age. The high, stable wood density in the out-
erwood, driven by a high proportion of latewood, could diminish
observed correlations. Additionally, the variation in wood density is
more pronounced over a longer time frame as age-related changes in
cambial activity occur gradually, particularly for older trees already in
the outerwood production phase. However, other environmental factors
such as resource availability, precipitation, and temperature in the
growing season could have affected the annual variability in wood
density along with tree age (Rocha et al., 2019). For Norway spruces, on
the other hand, the latewood production is generally consistent, and
earlywood tends to vary more in response to environmental factors.
Nevertheless, up to 80 % of the variation in Norway spruce WD comes
from differences within annual rings (Jyske et al., 2008), which were
averaged out in our experimental design.

At the plot-level, the only significant correlation was found between
AGSAmean plot and WDpean plot Of Scots pines, suggesting that an incre-
ment in crown surface area increases the mean wood density (Table 6).
Similarly, the ACSApean plor Was the only statistically significant pre-
dictor when predicting wood density at the plot-level (Table 7). For
Norway spruce, none of the metrics showed a significant correlation or
were significant predictors in the developed models. In comparison,
Luther et al., (2014) explained 40-53 % of plot-level variations in fiber
attributes such as density across the boreal forest of Canada dominated
by balsam fir (Abies balsamea (L.) Mill) and black spruce (Picea marana
(Mill.) Britton, Sterns and Poggenb) trees. They used ALS-derived pa-
rameters of height, density, and canopy complexity for predictions.
However, several other factors such as environmental conditions and
past management activities likely contributed to the variability in wood
properties which was not fully captured by crown increments in our
study. Saarinen et al., (2022) and Ahmed et al., (2024), for example,
have demonstrated how crown size and shape vary between sample
plots with different management histories. Thus, the used metrics may
not be the primary drivers of plot-level wood properties for the studied
species. This was also confirmed by the mixed-effect modeling where the
inclusion of random effects to account for the variability in the tree-level
associations between sample plots improved the explanatory power of
the RWmean tree a0d WDmean tree models (Table 7). Similarly, when
assessing the standard deviation of wood properties at the plot-level,
none of the metrics were significantly correlated for either species
(Table 6). This might be caused by the low variability in the WDpean tree
as the sample trees were selected among the dominant trees.

Altogether, the experiments carried out in this study aimed to eval-
uate the feasibility of an approach where ALS-derived mean annual in-
crements in tree height and crown dimensions are related to wood
properties. This would enable a nondestructive assessment of charac-
teristics typically measured by destructive sampling with limited geo-
spatial coverage. However, the results presented here may have been
influenced by the relatively short timeframe, especially considering the
lifespan of boreal tree species. During this period, there may not have
been sufficient variation in growth patterns, as reflected by crown
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characteristics, to fully explain the observed differences in wood prop-
erties among trees. Specifically, the observed variation in WDpean tree
was relatively small within this predominantly managed forest which
may have affected the observed relationships with increments in crown
metrics. In this context, it is important to emphasize the extraction of
ALS-derived crown metrics, given the applied data and processing
methods. First, the point clouds featured different data acquisition
setups, leading to varying point cloud densities, which particularly
affected the level of detail in point cloud-based observations. This
inconsistency in point cloud characteristics may have affected the ability
of the bitemporal approach to capture growth-induced changes in the
studied metrics (Van Leeuwen et al., 2011). Nevertheless, even the
lower-density T1 ALS data, with 25 pts/m?, was considered sufficient for
reconstructing tree crowns, and tree-level growth analysis (Zhao et al.,
2018). Second, potential errors in the mean annual increment obser-
vations could have arisen from the applied tree crown segmentation
method, particularly due to its repetition over time. In this approach,
crown boundaries were first determined based on the CHM, and indi-
vidual tree point clouds were delineated accordingly to compute volu-
metric characteristics. While this method is applicable regardless of
point cloud density, the drawback is that errors in crown delineation can
result in larger errors in volumetric characteristics when
two-dimensional polygons are applied in the delineation of
three-dimensional crown structures, assuming vertical crown bound-
aries. This is especially evident in closed canopies, where determining
the boundaries of mixed crowns becomes rather arbitrary. However,
since the same methodology was applied for both T1 and T2 data, the
observed changes are still expected to reflect growth-induced in-
crements at the level of accuracy attainable with bitemporal ALS.
Nevertheless, the underlying relationship between crown increments
and wood properties could have been obscured.

5. Conclusion

Forest management and timber procurement could benefit from in-
formation on wood properties and their variation. We developed and
tested an integrated approach combining bi-temporal airborne laser
scanning and X-ray microdensitometry to assess wood properties. Tree
crown and stem growth are structurally and functionally linked, and
their development affects the wood formation process. With the
increased availability of multitemporal ALS data, there is a potential to
use increments in tree height and crown dimensions as proxies for stem
growth and, consequently, assess wood properties. Thus, the core idea of
the developed approach was to link tree growth measured from ALS data
collected at two-time points to wood properties. However, the observed
correlations over the 15 growing seasons were not strong, and the pre-
dictive models could not explain a large portion of the variation in wood
properties. The strongest relationships were observed between ring
width and ALS-derived tree height and crown growth. Further research
could benefit from applying the same methodology over a longer
observation period or in younger stands, where growth rate differences
are likely to be more pronounced in wood properties.
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