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Abstract

Key message Using laser scanning and industrial data, we found that over 70% of wood quality variability occurred
within Norway spruce (Picea abies H. Karst) trees. The most important wood quality predictors were stem size, crown
vigor, and growth rate inferred from laser scans. Random Forest models based on the laser-scanned features cap-
tured 25% of the industrially measured wood quality variability with 39.9% RMSE on average. The low crown plasticity
of Norway spruce introduced biological constraints to laser scanning-based wood quality modeling.

Context Wood quality models that also predict wood and timber properties in addition to size and growth variables
are essential for increasing the precision of forest management and forest use, yet they remain notoriously untransfer-
able. Laser scanning offers a powerful tool for their parameterization, but its ability to capture the within-tree variabil-
ity of wood quality is still poorly understood in many species.

Aims Our aim was to test whether multi-viewpoint laser scanning can capture within-tree gradients of wood quality
in Norway spruce trees (Picea abies H. Karst.), thereby enabling more robust and transferable models.

Methods We analyzed 479 mature Norway spruce trees, combining handheld and airborne laser scanning
with industrial wood quality data. We modeled 18 industrially relevant variables related to log geometry, heartwood,
knottiness, and timber strength IP value against laser-scanned features at stand, tree, and log levels.

Results Most wood quality variability (73%) occurred within trees. Log-level laser features explained 25% of the vari-
ation across stands and log types in the test data, with average RMSEs of 39.9%. The most stable predictions were
obtained for heartwood ring width, heartwood density, and knot percentage.

Conclusion Overall, external crown and stem attributes captured key growth responses but failed to robustly
represent most wood quality factors in Norway spruce. These results underscore biological constraints in laser
scanning-based wood quality modeling depending on the species-specific adaptiveness of the crown structure
to the environment.
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1 Introduction

Managed forests play crucial roles in climatic and envi-
ronmental changes. Multiple risks and often contradict-
ing expectations directed at forests introduce difficult
trade-offs to their management and use (Achim et al.
2022). Decision-making must consider, e.g., financial
return, carbon sequestration potential, product qual-
ity, and forest health and resilience (Barrette et al. 2023;
Biintgen et al. 2019; Chen et al. 2016; Gauthier et al. 2015;
Vauhkonen & Packalen 2018).

Wood properties, such as wood density, and ring and
branching properties, affect all aspects of these eco-
system functions and services. Decision-making thus
requires robust and flexible model-based tools to esti-
mate the wood properties of standing trees.

Wood properties result from tree growth, i.e., wood
formation. Wood formation encompasses primary
growth in the apical meristems (shoot elongation, or
height growth) and secondary growth induced by the
cambium (girth expansion, or radial growth) (Rathgeber
et al. 2016). The secondary growth provides trees with
their unique capability of growing large and continuing
to function, sequester carbon, compete for resources,
and acclimate to external changes over decades and cen-
turies. The baseline wood formation functions are driven
by intrinsic factors related to tree size and age. These
include hydraulic conductance influenced by tree height
and crown size and mechanical bearing capacity related
to tree mass (Holttd et al. 2010; Lachenbruch et al. 2011).
As a result, often more than half of the wood property
variation occurs within individuals (Jyske et al. 2008),
rather than between different trees. The environment,
climate, silviculture, competition, soil conditions, for-
est type, and forest health further influence the baseline
functions (Barrette et al. 2023; Pretzsch 2021; Zeller &
Pretzsch 2019).

The integration of wood properties and quality into
growth models and forest simulation frameworks has
been extensively studied (Drew et al. 2022; Friend et al.
2019; Mékela et al. 2010). Most existing models rely on
relatively sparse input variables, such as species or genus,
geographic region, forest type or site index, forest or tree
height, and diameter, to parameterize functions at the
stand or landscape scale.

Remote sensing—and laser scanning in particular—has
been explored to provide localized input data and extrap-
olate such models over broader areas (Babst et al. 2018;
Friend et al. 2019; Van Leeuwen et al. 2011). In recent
years, many countries and regions have adopted airborne
laser scanning (ALS) campaigns with point densities
ranging from 5 to over 20 points per square meter. These
data enable the segmentation of individual tree crowns,
particularly in the upper canopy layers of mature forests.
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Tree- and stand-level metrics derived from ALS, such
as return intensity and height profiles, canopy openness,
and crown size and geometry, correlate with important
indicators of wood quality (Pyorald et al. 2019b) and
wood properties (Hilker et al. 2013; Luther et al. 2014;
Pokharel et al. 2016). For example, Pokharel et al. (2016)
reported that stand-level ALS features explained 39%
of the variation in mean wood density in black spruce
(Picea mariana (Mill.) Britton, Sterns & Poggenb.).
Hilker et al. (2013) found that ALS features explained
55-65% of mean wood fiber attributes in lodgepole pine
(Pinus contorta var. latifolia Engelm.), which was 5-10%
less accurate than estimates from existing allometric
models. Similarly, Luther et al. (2014) explained 18-54%
of the variation in select plot-level mean wood proper-
ties in black spruce and balsam fir (Abies balsamea L.), a
level of accuracy comparable to that of large-area models
based on stand-level forest inventory variables (Lessard
et al. 2014).

Recently, drones and other mobile platforms equipped
with lightweight profile scanners have enabled the col-
lection of detailed point clouds both above and beneath
forest canopies (Hyyppd et al. 2020a; Wang et al. 2021).
Tools for processing such point clouds, such as quantita-
tive structure models (QSMs) implemented in treeQSM
(Raumonen et al. 2013), have been extensively applied to
data from terrestrial and mobile laser scanning (TLS and
MLS, respectively). These methods hold potential for the
derivation of wood property and quality indicators (Noc-
etti & Brunetti 2024) that could depict, in greater detail
than ALS, the multiple responses that trees show as they
grow, e.g., crown metrics, branching properties, and stem
form.

However, Winberg et al. (2023), for example, found
that the treeQSM and another method based on den-
sity-based spatial clustering of applications with noise
(DBSCAN) (Ester et al. 1996) could not fully capture the
branching structure of Norway spruce (Picea abies (L.)
H. Karst.) in MLS data when compared with sawmill-
derived internal references. Similar findings regarding
the feasibilities of branch extraction methods on MLS
and TLS data have been reported by, e.g., Yrttimaa et al.
(2023), Hartley et al. (2022), and Pyorila et al. (2018b).

Nevertheless, the features that can be extracted from
TLS and MLS are still sufficient for predicting wood qual-
ity, e.g., internal knottiness and wood density (Pyoréla
et al. 2019a, 2018a), and even fiber properties such as
microfibril angle, coarseness, and fiber length. Coté et al.
(2021) reported that TLS-derived fine-scale tree features
explained 12-56% of the mean fiber properties at the tree
level in black spruce and balsam fir. Giroud et al. (2019)
showed that TLS-based stem and crown metrics, when
combined with competition and topographic indicators,
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explained 33-55% of mean tree-level fiber properties in
black spruce. Blanchette et al. (2015) explored the vari-
ability of wood properties at an even coarser level: they
were able to explain up to 70% of the plot-level mean
fiber properties of black spruce and balsam fir with TLS-
derived forest metrics.

Nevertheless, the spatial transferability of the laser
scanning-based wood quality models has remained rather
low, i.e., the most accurate models fitted to one dataset
have not performed well in other areas. Recent examples
of larger area extrapolation attempts are lacking. Fur-
thermore, the tree- or stand-level mean values for wood
properties that are most often considered in the litera-
ture still omit significant amounts of the true variability
(that occurs within trees). We argue that one potentially
crucial factor limiting the accuracy and transferability
of wood quality models based on different laser scan-
ning techniques is the lack of accounting for within-tree
variability of wood properties and quality. Unfortunately,
major practical challenges often hinder the acquisition of
sufficiently detailed and extensive wood quality data for
modeling at the within-tree level.

Promisingly, laser scanners have been integrated into
harvesters (Sagar et al. 2024). Together with continued
improvements in drone platforms (Karjalainen et al.
2024), these developments could soon produce vast data-
bases of multi-viewpoint point clouds generated during
operational forestry. These forest-acquired point clouds
could further be fused with rich data streams collected in
industrial wood processing. For example, industrial wood
users routinely acquire detailed wood quality information
using technologies such as X-rays, sound waves, lasers,
and optical systems (Oja et al. 2004). These datasets have
so far been rarely integrated with remote sensing data.

In this study, we applied a data-fusion approach that
combined above- and below-canopy laser-scanned point
clouds with industrial log tomography and timber grad-
ing. We focused on Norway spruce, the second main
conifer in Fennoscandia alongside Scots pine (Pinus syl-
vestris L.). Whereas Scots pine, with comparatively high
crown plasticity, has been more frequently studied and
has shown promising results for laser scanning-based
wood quality modeling, the potential and limitations for
Norway spruce, with a markedly less plastic crown archi-
tecture, remain largely unexplored.

We used the Finnish forest type classification as the
highest hierarchical level to represent local populations
stratified by growth conditions. Forest type is an indica-
tor of site productivity, integrating the effects of soil type,
moisture, and fertility, as indicated by ground vegetation.
Forest type is generally assumed to influence wood qual-
ity through its strong association with site productivity
and tree growth rates. Beyond forest type, stand-specific
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factors, such as thinning intensity, are also considered
major drivers of wood quality variation. At the individ-
ual tree level, attributes such as tree size and immediate
competition via its effects on crown size and structure
further contribute to wood property differences.

Our aim was to test a hypothesis that multi-viewpoint
point clouds capture key sources of variations in wood
properties—from site- and stand-specific factors to
within-tree gradients—thereby enabling more robust
and transferable wood quality models across spatial
scales. Explicitly, our objective was to answer the follow-
ing research questions: (1) How is the variation in wood
properties in Norway spruce hierarchically distributed
across spatial levels (forest type, stand, tree, log)? (2) How
do wood quality indicators derived from various laser
scanning techniques align with these directions of vari-
ation? (3) To what extent can wood quality models based
on above- and below-canopy laser scanning predict the
wood properties of Norway spruce? (4) How robust are
these predictions across forest stands?

2 Material and methods

2.1 Study area and materials

The study materials entailed 14 mature Norway spruce-
dominated stands from southeastern Finland (Fig. 1). The
stands were selected together with the wood buyers of
our industrial partner Stora Enso (Stora Enso Metsd oyj,
Finland). The stands covered the most common Norway
spruce stand conditions within the area (Table 1). Within
each stand, we formed 2-5 circular sample plots with
a 12-m radius, and within each plot, we selected 6-10
sample trees (Fig. 1). In total, 479 sample trees from 52
sample plots were selected. For each sample tree, the
diameter at breast height (DBH) and tree height (H)
were measured using calipers as the mean of two per-
pendicular measurements, and Vertex IV (Haglofs AB,
Sweden) as the mean of three repeated measurements,
respectively.

The stands were clear-cut between October and
December 2020. We paint-marked both ends of all saw-
logs bucked from the sample trees to trace them to the
sawmill (Fig. 1). The stems were bucked to sawlogs with
lengths ranging from 4.1 m to 5.7 m at 30-cm inter-
vals. The minimum allowed top diameter was 12 cm.
The minimum quality requirement was that each saw-
log should stay in one piece after bucking, i.e., anything
else was tolerated, including sweep, crook, decay, and
ramicorn branches that otherwise downgrade sawlogs
to pulp wood. The paint-marked sample tree logs were
kept separate from the rest of the logs, hauled to Stora
Enso’s Honkalahti sawmill in Joutseno (Fig. 1), and stored
in a designated pile. One stand experienced harvest-
ing operation delays, and some sample logs were mixed
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Fig. 1 Study site locations across southeastern Finland, an example of plot locations at one of the studied stands, a sample tree group waiting to be
harvested, and examples of tree identification numbers painted on the logs in the forest and at the sawmill

Table 1 Information regarding the analyzed stands. Forest type according to the Finnish classification system (OMT = herb-rich, Oxalis-
Myrtillus type, MT/MT 4+ = mesic Myrtillus type, ° denotes stands partly on peatland). BA basal area, Spruce-% percentage of spruce
from the total stand volume, DBH mean diameter at breast height, H mean tree height

Stand ID Area, ha Forest type BA,m?*/ha Stems/ha Volume m3/ha Spruce-% Age,a DBH,cm H,m Sample plots Sample trees

1 33 OoMT 252 952 3894 935 71 253 21 5 42
2 1.8 MT+ 311 465 2737 58.7 66 29.8 22 4 31
3 0.8 MTP 237 495 188.7 84.1 77 29.1 20 3 22
4 0.6 MT+ 310 544 2743 95.2 64 274 21 2 17
5 2.8 MT 296 600 217.3 66.5 64 26.3 20 4 34
6 34 MT+ 253 524 2433 85.7 71 27.0 21 5 44
7 1.8 MT+ 233 407 232.0 86.1 68 293 22 4 33
8 25 MTP 259 482 2223 595 71 274 20 5 39
9 23 MT 273 315 2500 88.9 90 306 26 4 30
10 53 MT 332 479 4176 75.6 91 332 25 5 46
1 0.9 oMT 320 506 2740 87.1 85 290 23 2 18
12 47 OMT 255 696 226.0 70.1 76 23.7 19 5 44
13 1.6 MTP 306 481 3448 76.2 82 312 25 4 33
14 38 MT 33.7 632 383.5 77.8 84 280 23 5 46
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with the bulk of the harvested wood, but 1244 annotated
logs eventually found their way to the sawmill within the
timeframe scheduled for the measurements. The total
fresh volume of the batch was 2945 m®,

2.2 Airborne laser scanning data

We used an ALS system known as HeliALS-DW that was
mounted to a helicopter. The system incorporated a Riegl
VUX-1HA scanner (1550 nm) (Riegl GmbH, Austria),
Riegl miniVUX-1UAV scanner (905 nm), and a posi-
tioning system consisting of a LITEF UIMU-LCI iner-
tial measurement unit (IMU), a NovAtel Flexpaké6 GNSS
receiver and GGG-703 antenna. The ALS measurements
were conducted individually for each test site in October
2020. The flight trajectories consisted of a 2D rectangular
grid with flight lines separated by 50 m. The flight speed
was 9.5 m/s and the flight altitude approximately 80 m
above ground. We used Waypoint Inertial Explorer (ver-
sion 8.90, NovAtel Inc., Canada) and nine virtual global
navigation satellite system (GNSS) base stations from the
Trimnet service (RINEX 2.11), situated at each of the test
sites and at the airfields, i.e., over an area spanning 40 km
in radius, to enable precise georeferencing of the flight
trajectories. The raw ALS data were processed using
RiProcess software (version 1.8.8, Riegl GmbH, Austria)

HHLS

HHLS
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into point clouds using the obtained trajectory, includ-
ing further fine-tuning. The final point cloud product
was exported in LAS 1.2 format for further processing.
Points with reflectance values below—25 dB or higher
than 5 dB were removed from the final point clouds. The
reflectance thresholds refer to calibrated reflectance used
for quality filtering, but in subsequent data processing we
used raw intensity values (at the scale of 0-65,353). The
point density of the final VUX-1HA point cloud ranged
from 800 pts/m? to 6000 pts/m? and from 100 pts/m? to
600 pts/m? in the miniVUX-1UAV point cloud, depend-
ing on stand density and structure. For further details
on ALS data acquisition and preprocessing, see Hyyppa
et al. (2022). Figure 2 presents an example of an ALS
point cloud from the stand to tree levels.

2.3 Handheld laser scanning data

All test sites were surveyed by handheld laser scanning
(HHLS) using a ZEB Horizon (GeoSLAM, Nottingham,
United Kingdom). The survey involved walking through
the test stands in a four-leaf clover-shaped pattern with
multiple loops passing the sample tree groups. The trajec-
tory was started and ended at the same point to enhance
data accuracy. This approach facilitated loop closure
detection and minimized drift and offset errors in the

Combined

ALS

Fig. 2 Example of point clouds from handheld and airborne laser scanning (HHLS and ALS, respectively). The ALS data were VUX-1HA data
measured from a helicopter (point densities 800-6000 pts/m?) and cover entire stands wall-to-wall. The HHLS data were collected from a trajectory
connecting the sample tree groups, entailing loop closure at several points along the trajectory and at its end. Due to the high density of the ALS
data, it depicts the Norway spruce crowns in detail and even some returns from the tree stems. The HHLS data depicts the stems and the lower
parts of the crowns in greater detail, but some occlusion is inevitable towards the crowns. The colors represent the raw intensity of the laser returns
(scaled from 0 to 65,535). Brighter yellow tones indicate higher return intensity. The HHLS data generally show lower intensities due to lower pulse
energy, and the later ALS returns that penetrate deeper into the canopy also exhibit reduced intensity. Consequently, the lower parts of the trees

appear in darker shades
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point clouds (Hyyppé et al. (2020b), see Fig. 4c of their
work). The walking speed was approximately 2 km/h, and
the scanner was held upright at a fixed height of 1.2 m
above the ground. Each stand took approximately 20 min
to record.

Following data collection, the raw data underwent pre-
processing in the GeoSLAM Hub software (version 6.0.0.).
Default processing parameters were utilized, including
“Convergence threshold” 0, “Window size™ 0, “Voxel
density”: 1, “Rigidity”: 0, “Maximum range”: 100 m, and
“Closed Loop” Subsequently, the processed point cloud
data were exported in LAS format for further analysis. The
quality of the scans was verified, similarly to Hyyppa et al.
(2022). Figure 2 presents an example of an HHLS point
cloud from the stand to tree levels, combined with ALS.

2.4 Sawmill data

At the sawmill, the logs were X-rayed using a two-direc-
tional FUSION G3X digital radiographer (Finnos oy, Lap-
peenranta, Finland) with 0.7-mm effective resolution.
From the X-ray measurements, over 100 features were
calculated for each log using the in-house algorithms from
Finnos. We targeted 11 variables in our model analyses:

— Log geometry (4): log volume, taper, sweep, and
crook.

— Knottiness (4): number of whorls within log, mean
distance between the whorls, knot percentage (knot-
to-stem volume ratio), and mean whorl volume.
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— Heartwood properties (3): mean ring width, heart-
wood volume, and mean heartwood density.

In addition, we gathered the X-ray-measured top-end
diameters (D) and log lengths (L), used them and the Tree
IDs to infer log top end heights (i.e., height from the ground;
H,,,), and considered these four as explanatory features in
our models (see Table 2 and chapter Statistical analysis).

A subsample of 728 logs was sorted into three sawing
assortments (I-III) based on the D,,,y. From each of these
logs, two core battens of 50x150 mm or 47%x148 mm in
cross-sectional dimension were sawn, depending on the top
end diameter of the log: I) D, 270-300 mm to 50X 150 mm
core battens, II) D,,,x 210-240 mm to 50X 150 mm core bat-
tens, and III) D, 170-200 mm to 47x148 mm core bat-
tens. All faces and edges of each fresh sawn piece of wood
were analyzed with a FinScan BoardMaster NT (MiCROTEC
Srl, Bressanone, Italy) imaging device, and several hundreds
of features were calculated. We targeted the following seven
timber-grading features on the sawn core timber battens:

— Knottiness (6): statistics of dry and fresh knots (num-
bers and mean and maximum diameters) (averaged
from both faces of the battens).

— Timber strength (1): strength IP value, i.e., an indi-
cator of the modulus of rupture of the batten based
on the number, size, and distribution of the knots,
in accordance with the Scandinavian timber grading
standard INSTA-142 (compatible with the European
standard EN-14081-1). N.B.: While IP correlates with

Table 2 The explanatory variables used in this study, grouped by the respective feature space. NOF number of features, DBH diameter
at breast height, H tree height, H,,, and H,,,, height of the sawlog top and butt, L sawlog length, Dy, and Dy, .y diameter of the
sawlog top and butt from the X-ray, LAD leaf area density, CGF canopy gap fraction, VM05 0.5-m voxel metrics, CPA crown projection
area, CrVol crown volume, CrVolUp crown volume above 50-% height, relCrVol CrVolUp/CrVol, Rl rumple index, VCl vertical complexity
index, zq height quantile, pzabovezmean percentage of points above mean height, pnth percentage of n™" returns, Zpcum percentage
of points cumulated up to the given height, NIRT-i and NIR2-i: return intensities of near-infrared 905 nm and 1550 nm wavelengths,
respectively, NDI normalized difference index between the NIRT and NIR2 wavelengths, D, and D, diameter of the sawlog top
and butt derived from HHLS, LogVol log volume, FF form factor of the log, Taper taper of the log, relTaper Dy /Dy KnotVol total knot

volume, KnotVolmean mean knot volume of whorls, KnotVolmax maximum knot volume of whorls, KI knot index, N, number of

branch whorls, D, branch diameter, A, branch insertion angle, Dist,,;,,s distance between whorls

Feature space Features NOF

1 Stand Stand volume/ha, stems/ha, pine-% (of m?3), broadleaved-% (of m3), spruce mean DBH, spruce mean H, spruce stems/ha, 8
forest type

2 Tree H, DBH, H/maxH,, o, H/meanH,,,,, DBH/maxDBH,,,,, DBH/meanDBH,, o, 6

3 LOg Hropf L, DropX' Dburr)( 4

4 ALS (geometric)
Zpcumb5, Zpcum?9

5 ALS (spectral)

max, mean, sd, skew., and kurt. of Z, LAD, CGF, VMO05, CPA, and CrVol, CrVolUp, relCrVol, Rl, VCl, zq90, 295, pzabovemean, p2th, 32

max, mean, sd, skew., and kurt. of iy;s; and iy, ratios ie,/inso and NDJ; all, 1 st returns, 2nd returns and late returns sepa- 48

rately+pTth and p2th for NIR1 and NIR2 separately and together

6 HHLS
of Dpranchr Abranc DistWhorls

Dyopis Dourers LogVol, FF, Taper, relTaper, KnotVol, KnotVolmean, KnotVolmax, Ki, Nwhorls, max, mean, min, sd, skew., and kurt. 29
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the modulus of rupture (typically R*=0.6-0.7; see,
e.g., Hanhijarvi et al. (2005)), it is an indirect indi-
cator and not a direct measurement of actual bend-
ing strength. Accordingly, we report results as asso-
ciations with the IP value rather than as true timber
strength.

Placement of the logs in both the X-raying device and
the sawing were videoed, and we read the Tree IDs from
the log ends on the videos to link the X-ray and timber-
grading data to respective sample trees (see chapter Data
fusion). We successfully identified 1130 X-rayed logs
from 450 trees and 604 sawn logs from 365 trees.

In this study, we used the sawmill data as a reference
standard at the operational level, consistent with their
intended industrial purpose, similarly to, e.g., Pyorild
et al. (2018a and 2019a). The features used in this study
are the same variables employed in industrial log and
timber grading. Their measurement accuracy is consid-
ered sufficient for operational decisions, including but
not limited to sorting timber for structural use (strength
grading), identifying wood suitable for lamella pro-
duction (based on knot cluster spacing), and selecting
material for carpentry (e.g., absence of large dead knots
or suitable ring width). For example, Oja et al. (2003)
showed that the grading accuracy of sawlogs was 77-83%
with a similar device.

Based on available documentation, the FUSION G3X
applies a single-energy, dual-view X-ray configura-
tion optimized for high-throughput log sorting. Similar
industrial X-ray scanners have been widely evaluated in
the literature and shown to provide repeatable and suf-
ficiently accurate estimates of wood properties for opera-
tional use at industrial sawmills (Oja et al. 2004; Sandberg
et al. 2023; Wei et al. 2011).

The wood density values provided by the FUSION G3X
system were directly derived from X-ray attenuation at
the 0.7-mm pixel level, which follows well-established
physical relationships with wood density in moist mate-
rial (Liu et al. 1988; Olson et al. 1988). Literature shows
that green wood density can be measured with mean
errors between 1 and 15 kg/m3, depending on species,
wood moisture, and scanning configuration (Wei et al.
2011). The density values were averaged over the entire
log to represent apparent green density (green weight
over green volume), as used in operational log sorting.
The measurement routine was identical to what is oper-
ationally used, and we therefore assume that the logs
passed through the scanner under their typical opera-
tional moisture conditions and that the scanner’s inter-
nal calibration sufficiently compensated for moisture
variability for industrial use. However, to be careful not
to overinterpret the results, we considered the wood
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density estimates consistent across the studied stands
and logs scanned under similar operational conditions
and avoided direct comparisons of the absolute density
values per se with the existing literature.

The delineation of internal quality features in heart-
wood, i.e., knot clusters (whorls), rings, and heartwood
boundary was based on detecting the sharp boundaries
in wood density values, e.g., between stemwood and knot
wood, latewood and earlywood, and sapwood and heart-
wood (Johansson et al. 2013; Longuetaud et al. 2007). The
delineation used a combination of deep-learning edge-
detection and template matching techniques trained by
Finnos. Similar approaches have shown good agreement
with reference values, e.g., a 1.8-mm mean error in heart-
wood and sapwood separation (Longuetaud et al. 2007)
and 88-94% knot detection accuracy (Johansson et al.
2013). We concentrated on heartwood-derived varia-
bles, where the influence of moisture variability on X-ray
attenuation is smaller than in sapwood.

2.5 Segmentation and extraction of features from the ALS
point clouds

The aims of this study, which concentrated on identify-
ing the relevance of various spatial levels on wood qual-
ity from the forest type and stand level to the individual
tree level, required identification and extraction of indi-
vidual trees from the point cloud data. In ALS data, this
procedure refers to individual tree delineation, which
entails the segmentation of the canopy layer into indi-
vidual tree crowns that are henceforth called crown seg-
ments. Here, we delineated the crown segments from
the point clouds and calculated tree-specific features for
each crown segment using the lidR package (Roussel &
Auty 2024; Roussel et al. 2020) in R software (R, 2023).
Ground points were classified, and the point heights were
normalized with respect to the ground points. The crown
segmentation was done on the height-normalized canopy
height model using a local-maxima filter with a moving
4-m circular window to detect treetops and a watershed
algorithm-based method to delineate the crowns using
treetops as seed positions (Dalponte & Coomes 2016).
For each delineated crown segment, 37 geometrical fea-
tures were calculated (Table 2):

— The heights where 90% and 95% of points had accu-
mulated (zg90 and zg95, respectively, depicting tree
height).

— The crown volume as an alpha shape fitted to the first
returns in the segment (CrVo/, with an alpha value of
10 m, see Edelsbrunner and Miicke (1994)) to repre-
sent crown size.
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— The crown volume above 50% height (CrVolUp) and
its relative value (relCrVol=CrVolUp/CrVol) as a
descriptor of crown shape.

— The crown surface area (CrA), as a feature for crown
size.

— DPercentage of points above the mean height
(pzabovezmean), descriptive of crown shape and
openness.

— The rumple index, RI, the roughness of a surface as
the ratio between its area and its projected area on
the ground: descriptive of crown shape and evenness
(Jenness 2004).

— The vertical complexity index (VCI, a fixed normali-
zation of the entropy function (van Ewijk et al. 2011),
to depict the evenness (and length) of the crown).

— The percentage of points accumulated at 5 and 9 m
above ground (Zpcum5 and Zpcum9), depicting
crown length and canopy openness.

— The percentage of 1st and 2nd returns of all returns
(pIth, p2th), to represent crown shape and canopy
openness.

— The mean, maximum, standard deviation, skewness,
and kurtosis of:

o Normalized point heights (Zmean, Zmax, Zsd,
Zskew, Zkurt, respectively),

o Leaf area density profiles (LADmean, LADmax,
LADsd, LADskew, LADkurt),

o Canopy gap fraction profiles (CGFmean, CGF-
max, CGFsd, CGFskew, CGFkurt),

o Crown projection area profiles (CPAmean,
CPAmax, CPAsd, CPAskew, CPAkurt), and

o 0.5-m voxel metric profiles (VMO5mean,
VMOSmax, VMO5sd, VMO5skew, VMOSkurt)

The vertical profiles of canopy gap fraction, leaf den-
sity area, crown projection area, and voxel metrics were
based on values observed from vertical slices of 1 m in
height. They were assumed to represent the shape of the
tree crowns and were thus characteristically different
across forest types or competitive situations. The canopy
gap fraction was estimated as the ratio between returns
within and below the targeted slice and the total number
of returns, and the leaf-area density was defined as the
natural logarithm of the canopy gap fraction, divided by
an extinction coefficient k=0.5 (Bouvier et al. 2015). The
crown projection area was the convex hull-based esti-
mate of the area occupied by points, and the voxel met-
rics were the number of 0.5-m voxels occupied by points
in each slice. Moreover, 48 spectral features were derived,
describing the distribution and statistics of the intensities
(i) from the two near-infrared wavelengths (NIR1: 905
nm and NIR2: 1550 nm) (Table 2). We calculated mean,
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maximum, standard deviation, skewness, and kurtosis of
i for both wavelengths, the ratios between the mean and
standard deviation values of both wavelengths and the
normalized difference index NDI as inyp;-ingro/ ingri + inir2
separately for the different return groups and using all
returns. The spectral features were considered represent-
ative of crown vigor, i.e., the combined effects of health,
water content, and foliage density.

Finally, we calculated the geometrical and spectral ALS
features also for vertical sections of the crown segments
that corresponded to the sawlog heights in the sawmill
data (see chapter Data fusion). Segmenting crowns ver-
tically was expected to reveal finer structural differences
relevant to log-level quality—for example, distinguishing
butt logs from trees with similar overall height and crown
width but differing crown positions, which could result
in different crown influence at the butt-log height. See
Table 2 for an exhaustive list of all features.

2.6 Reconstruction of tree stems and branching
from HHLS point clouds

We processed the HHLS point clouds by filtering out
spatial outliers based on local neighborhood densi-
ties and extracted individual tree stems from the point
clouds. The method pipeline consisted of arc detec-
tion, random sample consensus (RANSAC) circle fitting
(Fischler & Bolles 1981), and classification of point ori-
entation and flatness, following the procedure in Hyyppéa
et al. (2020b). Stem geometry features were derived using
existing stem taper models reparameterized based on
the HHLS-derived stem curve measurements: The stem
diameter observations were expressed relative to the
stem diameter at 20% height, divided into height bins
corresponding to 5% height intervals, and the stem taper
model from Laasasenaho (1982) was reparameterized
according to the relative diameters (see Saikkonen et al.
(n.d.) (In review) for details). With the refitted stem taper
functions, we calculated the following features for each
log: diameters of the log top and butt end from HHLS
(Dyoprs and Dy, respectively), log volume (LogVol) log
taper (Taper) as (Dy,up — Dyoppy)/L (log length), relative
log taper (relTaper) as D,/ Dy, and log form factor
(FF) as LogVol/m(Dy,,51/2)*.

After tree stem extraction, the point clouds were seg-
mented into individual-tree-level point clouds, and
the points around the tree stems (within a 1-m radius)
were subjected to the extraction of the branching struc-
tures using the quantitative structure model algorithm
(treeQSM, (Raumonen et al. 2013) with the approach
described in Winberg et al. (2023). Using the branches
extracted from the HHLS point clouds, we calculated the
number of whorls and the minimum, mean, maximum,
standard deviation, skewness, and kurtosis of branch
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diameters (D,,,,.,), branch insertion angles (4,,,,.), and
whorl-to-whorl distances (DistWhorls). Branch insertion
angles were defined based on the eigenvector direction
of the branch points, and branch diameters were esti-
mated by RANSAC circle fitting on branch points pro-
jected perpendicular to the branch eigenvector. Branch
whorls were separated by hierarchical clustering using
a 0.1-m distance threshold. In addition, we calculated
direct proxies of the X-rayed variables total, mean, and
maximum whorl-level knot volumes (KnotVol, KnotVol-
mean, KnotVolmax), knot percentage (or knot index, KI)
as KnotVol/LogVol, and the number of whorls (Nwhorls)
within each log (see Winberg et al. (2023) for details).

2.7 Data fusion

The data produced from HHLS and ALS were linked at
the tree level by matching the tree maps generated from
each data source. We used the matching methods from
Hyyppé et al. (2020a), accompanied by manual verifica-
tion and adjustments of the matching results. We used
the matched tree maps to link the ALS crown segments
with the Tree IDs known from the paper sheet identi-
fied in the HHLS point clouds. The annotated tree-level
laser-scanned data were linked, based on the Tree IDs, to
respective sawmill references, separately for the X-rayed
variables, and the timber grading variables, based on
Tree IDs read from the log ends in the video of feeding
the logs into X-raying and sawing. The fused datasets and
their respective sample sizes used in the statistical analy-
ses are presented in Table 3. Figure 3 illustrates examples
of tree-level fused ALS-HHLS point clouds and sawmill
data grouped by forest type.

2.8 Statistical analysis

To address the first and second research questions, we
used linear mixed-effect models (LMEM) (Pinheiro &
Bates 2009). With LMEMs, we analyzed the level of vari-
ance in wood and timber quality and the laser-scanned
features associated with forest type, and stand-, tree-,
and log-level factors. We first observed the variance
of tree-level intercepts in the LMEMSs nested within
stands nested within the forest type strata. The variance
explained by the hierarchically nested random parts was
compared to the residual variance (unexplained, i.e., due
to the log-level variance) of the models to infer the level
of variance associated with each of the four levels.

To answer the third and fourth research questions, we
used the Random Forest algorithm (RF) (Breiman 2001).
RF is a machine learning method that builds multiple
regression trees on random subsets of the data and aver-
ages their predictions. This approach improves predic-
tion accuracy, reduces overfitting, and allows assessing
variable importance through the impact of each predictor
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Table 3 The sizes of fused datasets between the predictor (laser
scans or sawmill/field data) and target feature spaces (X-ray and
timber-grading variables)

Predictors Targets Stands Trees Logs
Sawmill/field X-ray 14 450 1130
Timber 14 365 604
HHLS X-ray 13 330 833
Timber 13 274 455
ALS X-ray 1M 263 488
Timber M 160 222
HHLS+ALS X-ray 10 258 657
Timber 10 212 354

on the model’s out-of-bag (OOB) error. We chose RF as
an example of a machine learning-based approach to per-
form efficient feature selection from a large set of parallel
explanatory features. RF is widely used in forestry-related
studies because it can handle high-dimensional, corre-
lated features, automatically assess feature importance,
and capture nonlinear relationships without requiring
prior assumptions about data distributions. Using REF,
we (i) analyzed the level of variance in wood and tim-
ber quality explained by the hierarchical levels and data
sources, (ii) identified the most important factors, and
(iii) assessed the model performance and transferability
in predicting wood quality. Nine feature spaces of predic-
tor variables were used (see list of variables in Table 2):

1. Stand-level forest inventory variables,

Tree-level field variables,

Log-level sawmill measurements (dimensions and
height),

Tree-level geometrical ALS features,

Log-level geometrical ALS features,

Tree-level spectral ALS features,

Log-level spectral ALS features,

Log-level HHLS branching and stem features, and
Combined log-level HHLS and tree-level ALS fea-
tures.

w

O © N oo s

To account for the randomness of the RF predic-
tions, each model was fitted 100 times, each time
using different training data and test data from ran-
domly divided data in an 80/20 ratio, respectively. The
pre-selection of the explanatory variables to each RF
model was based on the ten most important features
of a single regression tree fitted to the training data in
each case (Pyorila et al. 2019b). Subsequently, the RF
models trained using the ten preselected features con-
sisted of 1999 regression trees, with a minimum node
size of 10, and two variables permuted in each node.
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30m
22,5 m
15 m
7.5m
0 {

MT+ Peat
H 30.7m 26.5m 234 m 229m 255m 254 m 20.8 m 21.0m
DBH 41.6cm 30.0cm 28.8cm 25.6 cm 34.5cm 29.5cm 26.1 cm 28.7 cm
Ring width 3.7 mm 1.8 mm 3.5mm 3.1 mm 4.5mm 3.8 mm 3.1 mm 2.3 mm
Wood density 452 kg/m? 571 kg/m® 416 kg/m®  571kg/m® 470 kg/m3 517 kg/m?3 439 kg/m® 536.5 kg/m?
Strength 48.3 46.5 47 4 48.8 453 449 453 471
Mean br. diam. 5.1 cm 4.4 cm 5.1¢cm 5.1cm 6.4 cm 6.2 cm 6.2cm 49cm
VCI 0.70 0.63 0.61 0.74 0.60 0.76 0.59 0.51
NDI -0.01 0.01 -0.04 -0.05 0.01 0.08 -0.02 -0.05

Fig. 3 Examples of the studied trees to exemplify how the dependencies between tree characteristics and wood and timber properties may

vary between forest types. Two example trees were selected from different forest types (according to the Finnish system: OMT = herb-rich,
Oxalis-Myrtillus type, MT/MT+ =mesic Myrtillus type). The point clouds entail combined handheld laser-scanned point clouds and the aerial
laser-scanned point clouds (see Fig. 2 for comparison of these point cloud types). Key tree, wood, and timber property variables are reported

for the example trees. VCl=vertical complexity index, NDI=normalized difference index. The colors represent the raw intensity of the laser returns
(scaled from 0 to 65,535). Brighter yellow tones indicate higher return intensity. The HHLS data generally show lower intensities due to lower pulse
energy, and the later ALS returns that penetrate deeper into the canopy also exhibit reduced intensity. Consequently, the lower parts of the trees

appear in darker shades

We evaluated the prediction accuracies against the val-
ues observed in the sawmill data using the coefficient
of determination (R*), and the root-mean-squared
error relative to the mean of the references (RMSE-
%) and reported their averages across the 100 rounds.
The RMSE-% was found useful, as it provides a scale-
normalized expression of RMSE and enables compara-
ble error interpretations across variables with different
units. R%s and RMSE-%s were assessed separately for
the training data (to assess the level of variance asso-
ciated with each hierarchical level) and test data (to
assess model robustness and transferability). The most
important predictors were identified as those caus-
ing the largest increase in OOB MSE when permuted.
We reported the five most important factors for each
wood quality variable that appeared most frequently in
the top five most important factors in each 100 fits.

3 Results

3.1 Wood quality variability associated with forest type
and the stand, tree, and log levels

3.1.1 Overview

LMEMs showed that 73% of the wood quality variance

occurred within trees, i.e., depending on log height or

type (from butt logs to top logs): the log-level residual
variance in the LMEMs was 64% for the X-rayed fea-
tures and 92% for the sawn timber variables, after
accounting for forest type and stand- and tree-level
random variances (Table 4). The differences between
trees accounted for 23% and 6% of the variances in
the X-ray and sawn timber grading, respectively, while
stand and forest type explained only a minor portion
of the variance (Table 4). In alignment with the wood
quality variables, the predictor features extracted from
HHLS and ALS showed the most variance within trees
(Table 4). However, there were some exceptions, where
larger proportions of the variances originated higher in
the hierarchy, e.g., heartwood ring width (forest type:
22%, stand level: 32%), mean whorl distance (tree level:
36%), and sweep and crook (tree level: 24% and 28%,
respectively) (Table 5).

3.1.2 Log geometry

Log volumes were consistent between the log types
across all forest types (Fig. 4a), as well as the abso-
lute taper values that increased towards the top logs
(Fig. 4b). Relative log taper values measured from the
HHLS data showed more distinctive values for peatland
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Table 4 The proportion of variance associated with hierarchical
levels in different features spaces (mean, and standard deviation,
sd): X-rayed wood quality variables, sawn timber variables,
geometrical and spectral features from airborne-laser scanning
(ALS), and stem and branching features from handheld laser
scanning (HHLS)

Feature space Level of hierarchy  Mean (%-unit)  sd (%-unit)
X-ray Forest type 38 4.1
Stand 9.2 12.1
Tree 22.7 1M1
Log 643 2022
Timber grading  Forest type 0.5 0.6
Stand 13 1.2
Tree 6.3 8.2
Log 92.0 77
ALS geom Forest type 1.3 1.8
Stand 17 24
Tree 4.0 7.6
Log 93.1 10.0
ALS spectr Forest type 12 23
Stand 9.1 89
Tree 104 9.0
Log 794 139
HHLS Forest type 09 1.3
Stand 84 9.2
Tree 21.3 12.6
Log 69.5 164

top logs that displayed the smallest relative values (i.e.,
exhibited the most conical stem shapes) (Fig. 4j). Sweep
was generally largest in butt logs, especially in the OMT
stands (Fig. 4c).

3.1.3 Knottiness

Knot percentage increased in the uppermost logs, and
the highest values were observed in the MT+stands
(Fig. 4d). However, the largest mean branch diameters
were recorded with HHLS in butt logs from OMT stands
(Fig. 41). The largest branches were most likely dead
branches, since the highest frequencies of dead knots
were also found in the butt logs, especially in OMT
and peatlands (Fig. 4h). Fresh knot diameters increased
towards the top logs, with the largest ones on peatlands
(Fig. 4g). No major differences were found in HHLS-
recorded mean whorl-to-whorl distances between forest
types, but slightly higher values were observed in MT top
logs and peatland butt logs (Fig. 4k).

3.1.4 Heartwood properties
Heartwood ring width was largest in the more fertile
MT +and OMT stands (Fig. 4e), which was accompanied
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by a slightly lower heartwood density in the OMT stands
(Fig. 4f). However, both ring width and wood density
within trees increased from the butt logs to top logs—
except for ring width in OMT that was equally large
across all log types. Core timber strength IP value did not
differ remarkably between the forest or log types, except
for the notably lower values in the peatland top logs
(Fig. 4i).

3.1.5 Crown properties

The ALS-based crown projection area increased from
butt logs to top logs, and the widest crowns were found
on peatlands (Fig. 4m). VCI and NDI of the crowns
decreased from the bottom to the top (Fig. 4n,), indicat-
ing the presence of live foliage and that the point clouds
were more densely and uniformly populated within the
live crown. However, it is also possible that VCI and NDI
simply increased towards the lower parts of the crowns
due to fewer and more attenuated signal returns.

3.2 Analysis of the wood quality models based on above-
and below-canopy laser scanning
3.2.1 Overview
According to RF, the most important wood quality pre-
dictors across all the hierarchical levels were related to
tree size, growth rate, and within-tree position: mean
height of the spruce trees, stand volume, and forest type
at the stand level; DBH and tree-level crown volume; and
log dimensions, log taper and volume, along log-level
branch diameters (Table 6). With the ALS data, NDI and
statistics related to the return intensities of the two wave-
lengths (which may be interpreted as signals of crown
vigor) were among the most common explanators of sev-
eral wood quality variables at both the tree and log levels
(Table 6).

In the training data, log-level features explained
over 90% of the wood quality variability in RF (average
RMSE=15.5-16.7% across all features), while tree-level
variables explained, on average, 64% of the variability
with 27-28 RMSE-%s (Table 8, in the Appendix). Stand-
level features accounted for 11% of the variabilities on
average, with an RMSE=42.2% for the training data
(Table 8, in the Appendix). Regardless of the data source
in RE, the different feature spaces depicting the same
level of hierarchy explained similar levels of variability in
the training data (Table 8, in the Appendix).

3.2.2 Log geometry

HHLS-derived log butt diameter and relative taper were
the main predictors of log volume and log taper, respec-
tively (Table 6). In butt logs, a larger log volume was
associated with smaller relative taper values, i.e., a more
conical shape (Fig. 5b1). In middle and top logs, relative
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Table 5 The variance level (%) explained by the hierarchical
levels for wood quality variables according to the linear mixed
effects models. Color coding is row specific, indicating the
variance level explained (smallest variance = dark red, largest
variance = dark green)
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log taper value increased with higher log volume, indicat-
ing a more cylindrical shape (Fig. 5b1).

Crown volume, Zmean, and NDI were the main log
volume predictors in ALS (Table 6). Larger crown areas
measured from the ALS data naturally increased with log
volumes (Fig. 5d1). VCI generally increased with log size,
except in the top logs (Fig. 5el). Moreover, higher NDI
was associated with greater log volume in most groups,
except butt logs from MT+and OMT stands (Fig. 5f1).

Maximum and mean branch diameter measured from
the HHLS data and tree height (Zmax) and crown area
measured from the ALS data were key predictors of
log-level sweep and crook in the RF models (Table 6).
Interestingly, tree-level V'CI was also a good indicator of
sweep. In line with this, larger branch diameters, shorter
whorl distances, and larger crown areas aligned with
more severe sweep (Fig. 5a2, 2, d2).

3.2.3 Knottiness

HHLS-derived log size (D,,,y) and ALS-derived
Zmax and NDI were the main indicators for the num-
ber of whorls and mean whorl distances at the log level
(Table 6). However, knot percentage was best predicted
by relative log taper from HHLS (Table 6): more conical
logs displayed larger knot percentages (Fig. 5b3).

Larger branch diameters from HHLS indicated a higher
knot percentage in butt logs and MT+top logs but a
lower percentage in the other groups (Fig. 5a3). It is note-
worthy that the HHLS-derived mean branch diameter
exhibited log type-dependent relationships with log vol-
ume (Fig. 5al): it increased with log volume in butt logs
but decreased in the middle and top logs.

Longer whorl distances generally indicated smaller
knot percentages, except in the top logs from MT +and
peatland sites (Fig. 5¢3). Mean whorl-to-whorl distances
slightly decreased with increasing log volume (Fig. 5¢c1).

The relationship between NDI and knot percentage was
positive in top logs (except for MT+) and negative in butt
logs (Fig. 5£3).

HHLS-derived relative log taper and mean branch
diameter were the best predictors of core timber fresh
knot size (Table 6). The mean fresh knot diameter gen-
erally increased with HHLS branch diameter, except for
peatland top logs. However, the correlations of whorl-
to-whorl distance with fresh knot size in the core timber
were less obvious (Fig. 5¢6).

ALS-derived crown volume (both at the tree and log
levels) was also an important predictor of core timber
fresh knot size (Table 6). In alignment, crown projection
area measured from the ALS data correlated positively
with the fresh knot diameters, especially in the top logs
and butt logs (Fig. 5d6).
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Fig.4 The variability of selected wood quality variables from X-ray (subfigures a—f) and timber grading (subfigures g-i) measurements,
along with wood quality indicators from handheld and airborne laser scanning (HHLS and ALS, subfigures j-I and m-o, respectively) per forest type
(according to the Finnish system: OMT = herb-rich, Oxalis-Myrtillus type, MT/MT+ = mesic Myrtillus type) and log type (butt, middle, and top)
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Table 6 The most important wood quality predictors across the hierarchical levels and data sources according to Random Forest. See
Table 2 for variable abbreviations. Shaded cells highlight features that appeared most frequently among the most important predictors

in Random Forests for each target variable
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The relative taper value derived from HHLS was also an
important indicator of dead knot levels (Table 6); in all
groups except MT+ top logs, the more cylindrical the log
shape, the more dead knots in the core timber (Fig. 5b7).
Moreover, an increasing mean branch diameter in HHLS
indicated fewer dead knots, except in peatland top logs.
The number of dead knots correlated poorly with whorl
distance (Fig. 5¢7).

At the tree level, the ALS-derived statistics of CGF
and LAD were good predictors for dead knot pres-
ence and size (Table 6). However, the best ALS-derived
indicator at the log level was related to tree height
(Zmean) (Table 6). Indeed, increasing crown area indi-
cated fewer dead knots in all groups except OMT top
logs (Fig. 5d7). Increased vertical complexity and NDI
generally indicated more dead knots at the log level
(Fig. 5e7, £7).
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Fig. 5 Relationships between selected log-level features measured from handheld (HHLS) and aerial (ALS) laser-scanned point clouds (on
the x-axis: mean branch diameter, relative log taper, and mean whorl distance from HHLS, and crown projection area, vertical complexity index
and normalized difference index from ALS) and wood and timber quality features measured at the sawmill (on the y-axis: log volume, sweep, knot

percentage, and heartwood mean ring width and wood density with X-rays,

and mean fresh knot diameter, number of dead knots, and timber

strength IP value from the photogrammetric grading of the core timber). The relationships are presented separately for each log type (butt, middle,
and top) and forest type (according to the Finnish system: OMT =herb-rich, Oxalis-Myrtillus type, MT/MT+ =mesic Myrtillus type)

3.2.4 Heartwood properties

More conical stem shape and larger crown areas typi-
cally resulted in wider rings and higher wood density
(Fig. 5b4, b5, d4, d5). Mean branch diameters were
strongly and positively correlated with ring widths

(Fig. 5a4) but had a less clear relationship with wood
density (Fig. 5a5). Timber strength IP value in general
decreased with increasing branch diameters, although
the peatland top logs showed an exemption to this
rule (Fig. 5a8). A moderate positive correlation was
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observed between timber strength IP and whorl-to-
whorl distance, particularly in the top logs (but exclud-
ing peatlands) (Fig. 5c8). A larger relative log taper
(more cylindrical logs) was associated with larger tim-
ber strength IP in the top logs and MT+ and peatland
butt logs but showed a negative correlation with tim-
ber strength IP in other logs (Fig. 5b8).

NDI correlated slightly positively with wood den-
sity in butt logs and middle logs (Fig. 5f5) and nega-
tively with ring width in the top logs and middle logs
(Fig. 5f4). Crown properties also reflected variations
in timber strength (Fig. 5d8, e8) across log positions
and forest types. Trends between strength IP value and
VCI were less obvious (Fig. 58).

3.3 Robustness and transferability of log-level wood
and timber property predictions

The transferability of the RF models to the test data was
remarkably lower than that indicated by the total vari-
ance level explained by the various hierarchical levels
in the LMEMs or the explanatory powers of the differ-
ent feature spaces in the RF training data (Table 8, in
Appendix).

The wood quality predictions made with the HHLS
features outperformed the other data sources in the
extrapolation to the test data, with an average R? of 0.32
and an RMSE of 35% for the X-ray variables and an R?
of 0.04 and an RMSE of 43% for the sawn timber vari-
ables (Table 7). Best performance was obtained for the
log volume and heartwood volume predictions with the
HHLS features (R? 0.78 and 0.72 and RMSE 21% and 34%,
respectively) (Table 7).

The log-level ALS features were less robust predictors
than the HHLS features: R* was 0.13 with geometrical
ALS features and 0.07 with spectral ALS features for the
X-ray variables and 0.02 with both in the sawn timber
variables (Table 7).

All feature spaces yielded similar RMSEs for the core
timber fresh knot mean diameter and timber strength IP
(approximately 12—18%) and for timber strength IP value
(4%) (Table 7). It is noteworthy that timber strength IP
exhibited a rather low level of variability in the data, with
a standard deviation of 3% of the mean.

After testing various combined feature spaces at both
the log and tree levels, we found that the combination
of log-level HHLS features and tree-level ALS features
(both geometrical and spectral) slightly improved the
robustness and transferability of the prediction from
those achieved with the sole HHLS features (Table 7).
For example, heartwood ring width (R%: 0.51, RMSE
24%), heartwood density (R% 0.24, RMSE: 8.5%), and
knot percentage (R* 0.38, RMSE: 40%) gave relatively
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good responses to the combined use of ALS and HHLS
features.

The issues related to the robustness and transfer-
ability of the wood quality models based on size- and
growth-related tree features are also interpretable from
the appearance of the trees studied here (Fig. 3). We
observed that some trees, despite sharing macro-level
resemblance, may differ in wood density, e.g., the two
example trees in MT+ were similar in size, mean branch
diameter, NDI and VCI, and ring width, but different in
mean heartwood densities (416 kg m™ vs. 571 kg m™)
(Fig. 3, MT+). On the other hand, some trees with rather
similar wood properties differed in their exterior appear-
ance, e.g., two trees from MT and MT+that had simi-
lar heartwood density (571 kg m~) but different mean
branch diameters, NDI, and ring width (Fig. 3, right-side
MT, right-side MT+).

4 Discussion
4.1 How is the variation in wood properties
and laser-scanned wood quality indicators in Norway
spruce hierarchically distributed across spatial levels?
With respect to our first research question, we found that
most of the wood quality variability was due to within-
tree factors that accounted for 73% of the variance in the
data according to LMEM.

Relating to our second research question, the ALS-
and HHLS-derived wood quality indicators aligned with
these directions of variance, with roughly 70-90% of the
variability occurring within trees.

Across all forest types, the synchronous morphosis of
crown geometry and stem shape was one of the most
distinguishable trends observed in the point clouds. The
increased conicity of the butt logs (more bottom-heavy
stems) was associated with long and large live crowns,
indicating continued rapid growth in the lower stems.
This was also reflected in the greater branch diameters
in the conical butt logs. Together, the relative stem taper
and branch diameters from HHLS were good indicators
for growth rate-associated variables, e.g., ring width,
higher knot percentage, and larger knots in almost all
groups (Table 6).

Forest type and stand-level factors generally held minor
importance to wood quality, although their effect on the
growth rate was evident (Table 5).

The most fertile stands (OMT and to some extent
MT+) showed signs of higher growth rates in terms of
ring widths and larger branch sizes and knot percent-
ages, along with slightly lower heartwood densities. How-
ever, the higher growth rates in the OMT stands were
not pronouncedly reflected in the knot sizes (Fig. 4g)
or strength IP of the timber (Fig. 4i). The high growing
stock densities in the OMT stands (Table 1) likely had
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effectively alleviated some of the effects associated with
higher growth rates. The denser spacing was evident in
the higher frequency of the dead knots in the core timber
of the butt logs (Fig. 4h), indicating early branch mortal-
ity due to shading. The OMT butt logs had the largest
branch diameters, indicating that the dead branches also
remained attached to the stems throughout the years,
which could explain the more severe sweeping of these
logs (Figs. 4c and 5a2) via the distorting effect on the
stem grain.

The top logs from peatlands differed from the rest of
the material in that they had the least strong IP val-
ues (Fig. 4i) and largest fresh knots in the core timber
(Fig. 4g). It is also worth noting that the HHLS data did
not indicate a larger branch size for these logs (Fig. 41)
but instead suggested a negative correlation between
the HHLS branch diameters and core timber knot size
(Fig. 5a6). The HHLS also showed that these logs had
the most conical shape (Fig. 4j). Peatland trees also had
the widest crowns according to the ALS data (Fig. 4m).
These observations could indicate the effects of the
excessive soil water and the need for higher respira-
tion, hence the large knots, wide crowns, and more
conical stems. Nevertheless, the peatland trees had
similar ring widths and wood densities as the MT trees
did (Fig. 4e, f), underscoring the difficulty of linking
external characteristics of Norway spruces with their
interior wood quality.

Our observations generally aligned well with the current
wood scientific consensus regarding the directions of vari-
ability in wood quality (Eberhardt et al. 2019; Jyske et al.
2014; Moore et al. 2009). The baseline effects due to stem
and crown sizes affect the hydraulic and mass-bearing
requirements of the trees, with implications for all wood
property variables. Moreover, the growth, decline, death,
and branch pruning that morph the positions and dimen-
sions of the live and dead crowns contribute drastically to
within-tree wood quality variation (Moberg 2006; Maki-
nen et al. 2003).

Groot and Luther (2015) analyzed black spruce and
balsam fir trees and their wood density variability at the
plot, tree, and ring levels. While they found that over
50% of wood density variability occurred at the ring
level (within trees), they also highlighted the aggregated
effects of elevated growth rates on wood density at all
levels of hierarchy. Although we also found evidence
that tree size and growth rate descriptors were impor-
tant (e.g., in the most fertile OMT stands), the level of
variance explained at these higher hierarchical levels
for ring width, total log-level wood density, and most of
the wood quality variables was much smaller than those
found for knot-free stemwood density by Groot and
Luther (2015).
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4.2 To what extent can wood quality models based
on above- and below-canopy laser scanning predict
the wood properties of Norway spruce?
Regarding the third research question, the laser-
scanned features explained a major portion of the wood
quality variability in the training data (Table 8, in the
Appendix). The most important wood quality pre-
dictors were related to tree size, growth rate (as indi-
cated, e.g., by branch diameters and stem conicity), and
within-tree position. These factors resulted in similar
explanatory powers in the training data regardless of
the data source.

Coté et al. (2021) showed that tree-level structural
information from laser scanning improved wood
property models in black spruce and balsam fir trees
compared with the use of traditional forest inventory
attributes. They also found that the most important
predictors were related to crown geometry, branch-
ing structure, stem form, and competition. However,
they underlined the difficulty of establishing robust
relationships between tree characteristics using lin-
ear parametric approaches, which in part inspired our
use of RF to avoid problems caused by several col-
linear and potentially non-normally distributed pre-
dictor variables. Coté et al. (2021) found that the best
models in their data were nonparametric partial least
square models. With the best models, they were able
to explain 12-56% of the tree-level mean wood fiber
attributes. Although the wood property variables they
observed differed from ours, were generalized to the
tree level, and were obtained from ring samples (as
opposed to the X-rayed sawlogs in our study), some
common ground can be found. Our best models pre-
dicted the ring width with R?=0.51, which is closely
related to the radial tracheid diameter and cell wall
thickness; variables that Coté et al. predicted with a
similar accuracy at the tree level (R?=0.52 and 0.47,
respectively). Noteworthily, Giroud et al. (2019) had
observed similar explanatory powers with TLS mod-
els and environmental variables for similar wood fiber
attributes, indicating that the tree-level structural
data indeed has the capacity of depicting relevant
environmentally controlled drivers of wood property
variation.

Therefore, we would expect that our approach could
achieve similar accuracy also for the log-level mean
wood density of the stemwood (R? being 0.56 in Coté
et al. (2021)), it being majorly influenced by radial trac-
heid diameters and cell wall thickness. Wood density in
our study differed from the wood density measured from
knot-free ring samples in that the whole-log density also
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incorporates knots that are denser than stemwood. It is
worth noting that within forest types, the wood density
increased towards the top logs (Fig. 4f) regardless of the
wider rings (Fig. 4e), indicating that the X-ray heart-
wood density reflected the knot percentage (Fig. 4d) to
an important degree (knot wood being denser than stem-
wood). As a result, the prediction accuracy of the wood
density in our study (R*=0.24) was similar to that of the
knottiness variables (R* 0.24—0.32).

4.3 How robust are the wood quality models based

on above- and below-canopy laser scanning

across different forest stands?
In answer to our fourth and perhaps most press-
ing research question, significant overfitting evidently
occurred during the RF model training, since the pre-
diction accuracies decreased clearly in the test data
(Table 7), especially with the ALS features. A large pro-
portion of the log-to-log wood quality variances in the
Norway spruces appeared stochastic enough by nature
to remain elusive to descriptors captured in the point
clouds. In other words, the relationships of wood prop-
erties with tree size and crown dimensions in Norway
spruces are rather fluid, and the external characteristics
of the Norway spruce cannot robustly depict the internal
wood qualities (see, e.g., Figs. 3 and 5).

In light-demanding and plastic species, such as Scots
pine, the external characteristics are often strongly corre-
lated with wood properties (Kankare et al. 2022; Pyoréld
et al. 2019a). However, in species with low crown plastic-
ity, such as Norway spruce, the situation appears some-
what more complex.

Nevertheless, we obtained promising accuracies; for
example, when extrapolating the log and heartwood vol-
umes, knot indexes, and heartwood ring widths of the
Norway spruce trees into external test data using the
combination of log-level HHLS features and tree-level
ALS features.

Previous studies have stressed that tree-level detailed
structural data resolved from ALS and TLS point clouds
improve the accuracy of wood property models (e.g.,
Coté et al. 2021; Groot and Luther 2015). However,
based on our results, we argue that a significant por-
tion of the true wood quality variability remains elu-
sive to models based solely on the morphological traits
of trees—especially in species with low crown plastic-
ity such as Norway spruce, black spruce, and balsam fir.
Our careful visual analysis of the data revealed impor-
tant constraints regarding the complex wood quality
variations across the scale, i.e., from log types to forest
types (Figs. 4 and 5).

Page 19 of 23

4.4 Outlook for the future

A previous study on HHLS (Winberg et al. 2023) showed
that the HHLS method is comparable with TLS when
considered as a tool to produce stem and branching fea-
tures to serve as wood quality indicators (as opposed to
reproducing complete reconstructions of the branching),
despite its greater stochastic noise, lower point density,
and larger footprint. The main reason we used HHLS
in this study was because these point clouds resemble
those achievable from laser scanners mounted on intra-
or under-canopy flying drones (i.e.,, UAV-LS) (Hyyppa
et al. 2020a; Puliti et al. 2023) and harvesters (Sagar et al.
2024).

Moreover, our high-density ALS data collected from
a helicopter bears closer resemblance to drone-borne
above-canopy data. Thanks to recent advances in these
frontiers, similar data as that used in our study could
thus soon be collected autonomously at variable heights
from several trajectories through the stands to improve
the point cloud coverage, density, and footprint—espe-
cially in the vertical direction. For instance, (Hyyppa
et al. 2022) extracted the stem curves and Cattaneo et al.
(2024) and Puliti et al. (2023) also extracted the branch
whorls from UAV-LS point clouds.

Previously, comparative studies by Qi et al. (2022) and
Hyyppé et al. (2020c) evaluated UAV-LS and below-
canopy MLS in extracting stem and branch structures.
Qi et al. (2022) found that fusing the two point cloud
sources offered the most accurate depiction of com-
plete tree structures. Hyyppé et al. (2020c) concluded
that under-canopy systems provide the most accurate
and comprehensive stem curve data, whereas above-
canopy systems are better suited for deriving accurate
tree height. These developments hold promise for the
constitution of large-scale datasets that combine laser
scans, harvester data, and sawmill data for upfront
wood quality estimation and wood procurement plan-
ning in the industrial setting.

Mapping wood properties in standing timber using
fused remote sensing and industrial data can potentially
improve the flexibility and precision of forest manage-
ment and use—thus contributing to a more precise and
flexible choice of raw materials, wood usage optimiza-
tion, and to accelerating the sustainability transition of
the forest industries via improved resource-use efficiency
and forest management flexibility. There are many ways
to utilize the improved information on wood properties.
Increasingly, harvested wood is distributed between vari-
ous processors, each with their own requirements for the
wood. In other words, “wood quality” in terms of superi-
ority or inferiority—and thus the production value—can
differ for the same batch of wood depending on the end
user. To ensure proper incentive for optimally targeting
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the harvesting operations, bucking the stem, and distrib-
uting the log products, the wood property estimation
in standing timber must be compatible with tools that
enable optimizing log breakdown according to various
end user requirements. The performance of the sawn
timber in long-term structural applications is crucial for
the sustainability of the forest industries. Therefore, the
maximal deposition of wood harvested to sawmilling is
one of the most sought-after outcomes of enhanced for-
est use and was selected herein as the starting point for
researching laser scanning applications in wood property
estimations.

5 Conclusion

Our hypothesis was that partitioning the feature space—
both for the response and predictor variables—at the
within-tree level would increase the explanatory powers
of the models. However, this hypothesis proved wrong
for most wood quality variables in Norway spruce. In our
study, approximately 73% of the wood quality variation
occurred within trees, but the relationships with exter-
nal tree features were dependent on stand conditions and

Appendix
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forest type. We found it challenging to establish robust and
transferable wood quality models with Norway spruce,
which shows relatively little plasticity in its crown devel-
opment. However, the positive exceptions were log-level
heartwood volume, ring width, and knot percentage for
which within-tree modeling did lead to promising explana-
tory performance when transferred from training data
to test data. By contrast, tree species with higher light
demand and/or more plastic crowns are likely better suited
for laser scanning-based wood property estimations at the
tree level.

Based on our findings, the fusion of complementary data
sources to improve our understanding of wood quality
should concentrate on capturing the within-tree variability
of wood properties across variable species and growth con-
ditions. This could be achieved by utilizing laser scanning
systems that are increasingly autonomous and can operate
both above and below forest canopies, accompanied by suf-
ficient references of wood quality to enable the establish-
ment of empirical models or calibration of process-based
models that are often used to derive large-scale maps of
forest growth and carbon uptake.

Table 8 The performance predictor variable feature spaces in explaining the variance of the target wood quality variables with Random
Forest in the training data; mean coefficients of determination (R?) and root-mean-squared errors relative to the reference mean (RMSE-
%) from 100 Random Forests fitted to random subsamples of the data. HHLS: handheld laser scanning, ALS: airborne laser scanning,
geom. and spectr.. geometrical and spectral (905 nm and 1550 nm) features, respectively, HW: heartwood, d: diameter. Cell colors
indicate the explanatory power and accuracy of the respective models (R2: red = lower explanatory power, green = higher explanatory

power. RMSE-%: red = higher RMSE-%, green = lower RMSE-%)

[ Hierarchy — LOG+TREE LOG TREE STAND
Feature space — HHLS+ALS HHLS ALS spectr. ALS geom. Sawmill ALS spectr. ALS geom. Field Field
Group Variable l Statistic — R? RMSE-% R? IRMSE-%) R? IRMSE-%| R? RMSE-%| R? IRMSE-%| R? RMSE-%) R? IRMSE-%| R? IRMSE-%) R? IRMSE-%|
Log volume (m’) 098 | 720 | 0.98 | 7.10 | 0.94 | 1590 | 0.94 | 15.00 |[/1000| 3:20 | 0.59 | 29.80 | 0.59 | 29.50 | 0.59 | 29.00 [F0W07"| 42.90
Geometry Taper (cm/m) 0.94 | 1660 | 0.94 | 17.60 | 0.95 | 16.70 | 0.94 | 16.30 | 0.92 | 18.10 [L0:46| 36.70 [ L0461 36.60 | 0.40 | 39.40 | 0.03 | 50.20
} Sweep (cm/m) 0.94 | 2240 | 0.96 | 20.90 | 0.97 | 2050 | 0.96 | 20.30 | 0.93 | 2220 | 0.62 | 36.10 | 0.62 | 35.10 | 0.62 | 35.80 | 0.07 | 54.00
Crook (mm/ 2m) 093 | 19.00 | 0.95 | 1840 | 0.97 | 19.70 | 0.97 | 19.20 | 0.95 | 19.10 | 0.65 | 31.00 | 0.64 | 31.40 | 0.65 | 28.90 | 0.09 | 46.90
Heartwood volume (m’) 097 | 12.50 | 0.97 | 12.30 | 0.94 | 2530 | 0.94 | 2440 | 098 | 9.60 | 0.59 | 44.00 | 0.59 | 42.80 | 0.60 | 40.60 | 0.11 | 59.80
X-ray | HW Heartwood density (kg/m’) 0.94 | 320 | 0.94 | 3.40 | 0.96 | 3.60 | 0.94 | 3.60 | 092 [ 3.70 | 0.64 | 6.00 | 0.64 | 600 | 0.68 | 5.80 | 0.21 | 9.00
Heartwood ring width (index) | 0.93 | 10.20 | 0.95 | 10.10 | 0.95 | 10.10 | 0.96 | 10.80 | 0.94 | 12.90 [10:87| 11.70 [0:87| 11.70 | 0.87 | 12.20 | 0.55 | 2230
Knot whorls (n) 095 | 10.50 | 0.94 | 10.70 | 0.97 | 12.10 | 0.95 | 11.90 | 093 | 10.70 | 0.59 | 20.50 | 0.59 | 2030 | 0.62 | 20.50 [ 0.1 | 31.10
R Mean whorl distance (cm) 095 | 11.60 | 0.94 | 11.90 | 0.97 | 12.80 | 0.96 | 12.50 | 0.93 | 1240 | 0.69 | 19.90 | 0.69 | 19.80 | 0.69 | 20.10 | 0.1 | 33.40
Knot index (percentage) 095 | 1500 | 0.95 | 1590 | 0.95 | 1650 | 0.93 | 15.80 | 0.92 | 16.90 | 0.59 | 32.90 | 0.59 | 32.80 | 0.59 | 33.30 | 0.08 | 48.50
Mean whorl volume (cm’) 0.94 | 1690 | 0.94 | 17.30 | 0.95 | 1730 | 0.93 | 16.70 | 0.93 | 16.30 | 0:49 | 37.60 | 0,50 | 38.30 | 0.48 | 37.80 | 0.05 | 51.30
Dead knots (n) 0.94 | 2430 | 0.95 | 25.00 | 0.96 | 27.70 | 0.94 | 27.00 | 0.93 | 2620 | 0.73 | 37.00 | 0.73 | 37.50 | 0.72 | 39.80 | 0.18 | 64.70
Dead knot max d (cm) 095 | 50.60 | 0.96 | 50.00 | 0.95 | 5690 | 0.95 | 50.00 | 0.94 | 52.10 | 0.61 | 82.70 | 0.61 | 80.10 | 0.60 | 81.50 | 0.05 |121.00
Timber Knottine Dead knot mean d (cm) 0.95 | 2630 | 0.96 | 2590 | 0.96 | 24.50 | 0.96 | 24.70 | 0.94 | 27.00 | 0.61 | 40.60 | 0.62 | 40.50 | 0.58 | 42.60 | 0.06 | 62.50
o Fresh knots (n) 094 | 9.80 | 0.95 | 990 | 0.97 | 1050 | 0.96 | 10.00 | 0.94 | 1050 | 0.77 | 14.60 | 0.76 | 1450 | 0.76 | 1520 | 0.16 | 26.00
sradin Fresh knot max d (cm) 0.93 | 1640 | 0.97 | 1930 | 0.97 | 1630 | 0.90 | 19.20 | 0.95 | 19.90 | 0.80 | 19.50 | 0.80 | 19.60 | 0.74 | 26.70 | 0.04 | 45.90
Fresh knot mean d (cm) 093 | 640 | 0.95 | 650 | 0.98 | 630 | 0.96 | 6.30 | 0.93 | 6.60 | 0.74 | 920 | 0.74 | 9.30 | 0.70 | 10.30 | 0.07 | 17.20
Strength (IP value) 093 | 140 | 0.96 | 1.40 | 097 | 130 | 0.96 | 1.40 | 094 | 150 | 0.67 | 2.20 | 0.66 | 220 | 0.65 | 2.30 | 0.05 | 3.70
Mean 094 | 156 | 095 | 15.8 | 0.96 | 17.4 | 0.95 | 17.0 | 0.94 | 16.1 | 0.65 | 28.4 | 0.65 | 28.2 | 0.641 | 29.0 | 0.12 | 43.9
Standard deviation 001 | 1112 | 0.01 | 10.98 [ 0.01 | 12.18 | 0.02 | 10.85 | 0.02 | 11.71 | 0.10 | 18.62 | 0.10 | 18.13 | 0.10 | 1827 | 0.12 | 2636
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