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Abstract: Preharvest information on the quality of Scots pine (Pinus sylvestris) timber is
required by the forest industry in Nordic countries, due to the strong association between
the technical quality and product recovery of this species in particular. The objective of this
study was to assess the accuracy of estimating external quality attributes and classifying
the quality of mature Scots pine trees by terrestrial laser scanning (TLS). The tree quality
was estimated using a random forest approach, based on both field and TLS measurements
of stem diameters, tree height and branch heights. The relative root mean squared errors of
the TLS measurements for tree height, diameter, diameter at 6 m and the lowest living and
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dead branch height were 7.1%, 5.9%, 8.9%, 9.6% and 42.9%, respectively. The highest
errors of the branch heights were caused by the shadowing effect in the point cloud data.
The quality classes were estimated accurately, based on both (field and TLS measured) tree
attributes. Trees were classified with 95.0% and 83.6% accuracy into three
operationally-important quality classes and with 87.1% and 76.4% accuracy into five
classes using, field or TLS measurements, respectively. The obtained quality classification
results were promising. The enhanced tree quality information could have a significant
effect on planning forest management procedures, wood supply chains and optimizing the
flow of raw materials. To fully integrate tree quality measurements in operational forestry,
the methods used should be fully automated.
Keywords: remote sensing; forest inventory; GIS; forest management planning; laser
scanning; terrestrial laser scanning; timber quality; forest technology

1. Introduction
Information on the quality of available timber is an essential input for wood procurement planning,
because the technical quality of standing timber directly affects the production potential and its value
in the forest industry [1]. In the Nordic countries, the quality of Scots pine (Pinus sylvestris L.) trees is
of particular interest, since the quality of this species and its effects on product recovery can be
somewhat estimated based on external tree properties [2]. The most influential quality factors are the
stem form, the heights of the lowest living (lb) and dead branches (db) and the branch size distribution
(diameter, location and number of branches) (e.g., [2,3]), of which the branch size distribution has the
most pronounced effect on timber quality [4]. Bucking of the tree stems is affected by the lengths of
the branchless trunk section, dead branch section and living crown. Quality attributes are currently
measured only in specific sample-based inventories, and they are not available for forest management,
due to the high costs of the fieldwork required. Therefore, the information available does not fully
support demand-based wood procurement.
New technologies for forest inventorying have been developed rapidly in the last decade. Laser
scanning-based applications have been widely studied (e.g., [5–7]) and are already in operational
use [8–12]. Airborne laser scanning (ALS) has been used to estimate forest structural parameters from
single trees (e.g., tree species, height (H), diameter-at-breast height (dbh) and volume (v)) to area levels
(stand-level mean characteristics) [13–17]. Stand attribute information is conventionally estimated to
a certain area level, based on large numbers of field sample plots, predictors derived from ALS data and
statistical models linking field plots and ALS-derived predictors. With ALS data, this stand attribute
estimation process is often called an area-based approach (ABA), e.g., [18]. Fixed-position (mounted on
a tripod) terrestrial laser scanners offer a high potential for three-dimensional (3D) mapping of smaller
areas or individual trees in high detail. Terrestrial laser scanning (TLS) is seen as an efficient and
objective option for acquiring accurate field data to be used, e.g., with ABA (e.g., [19,20]).
TLS has been used for detailed modeling of individual trees and canopy (e.g., [21]). Previously,
TLS has been capable of measuring tree characteristics, such as dbh, h, location and biomass [22–26].
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Most importantly, TLS provides detailed information on stem taper and branch size distribution.
The same level of detail cannot be achieved by any conventional field measurements [21–29].
The challenge in the use of TLS is the data processing, which should be fully automatized. Automatic
data processing has been studied intensively, and promising algorithms have been developed
(e.g., [7]). One practical consideration is that the forest structure (visibility at ground level)
significantly affects the accuracy of TLS measurements [25,30].
ALS and TLS have previously been used to estimate tree quality properties, such as crown base heights
at the level of individual trees (e.g., [31]) or plots [32], db [31], branch size distribution (e.g., [21]) and
stem form (taper, sweep and lean) [29,33]. Kretschmer et al. [34] proposed an approach to measure
external bark characteristics, based on TLS, while Stängle et al. [35] linked these measurements with
the internal quality of logs, as determined by X-ray computer tomography. A strong correlation was
reported between external branch scar measurements, based on TLS and inner wood quality [35].
Further, van Leeuwen et al. [36] reviewed standing wood and fiber quality attributes (e.g., fiber
length and wood density) potentially measurable by laser-scanning methods. Hilker et al. [37]
investigated the use of forest canopy- and topography-related characteristics derived from ALS to
predict wood fiber properties and indicated that ALS-derived characteristics can potentially be used to
predict wood fiber properties. Hilker et al. [37] and Luther et al. [38] proposed that forest structural
variables extracted from area-based ALS data could explain 20%–50% of the variation observed in
wood density and fiber attributes. Hilker et al. [37] concluded that ALS could also provide important
tools for broader-scale wood quantity and quality characterization.
The applications and capabilities to measure or estimate various tree quality properties, e.g., stem
curvature, branch distributions or stem damage, vary between the laser scanning techniques used. ALS
measures various crown-level properties (cf. [39]), which can be related to the heights of the living
crowns with an uncertainty of 1 m at best (see [40]). No direct information on the branch type (living
or dead), stem attributes or defects can, however, be obtained.
The objective of this study was to assess the accuracy of tree quality estimation of Scots pine using
attributes measured from TLS-point clouds. Tree quality could be a viable addition to the traditionally
measured tree attributes (e.g., dbh and height). TLS allows detailed measurement of tree and stem
attributes, but the accuracy of estimating particular quality properties has not been evaluated so far.
The objectives in detail were: (1) to assess the accuracy of tree quality estimation using tree attributes
measured from TLS; (2) to assess the accuracy of tree quality estimation, based on field measured
attributes; and (3) to assess the accuracy of TLS-measured tree variables (e.g., h, dbh, db and lb). The
quality estimation results were compared with the quality classification done in the field. The study
focuses on the quality estimation accuracy of Scots pine, because the effect of quality defects has the
highest impact on the usability of timber in the forest industry in Finland.
2. Material and Methods
2.1. Study Area and Field Measurements
The study area (Figure 1) was located in Evo, southern Finland (61.19°N, 25.11°E). The area
belongs to the southern boreal zone and comprises approximately 2,000 ha of mainly managed forest.
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The forest stand selected (Figure 1) was about 2 ha, and the main tree species was Scots pine. The site
type of the stand was medium-rich mineral soil forest. The mean age of the pine trees was
approximately 75 years, and the forest management history included thinnings and two fertilizations,
which caused wide variations in quality. Traditional field measurements with clinometers and calipers
were conducted for 140 trees selected from the study stand. The trees were marked and numbered in
the field to ease identification from the TLS data. The dbh was measured with steel calipers from two
perpendicular directions and tree h was measured with a Haglöf Vertex laser rangefinder (Haglöf
Sweden AB, Långsele, Sweden), as were the lb and db. The diameter at 6-m height (d6) was measured
to centimeter accuracy, using specially designed calipers, where a traditional diameter caliber is
attached to a 6 m-long pole. The ground level was used as the starting point for measuring the 1.3-m
and 6-m heights. The mean h and dbh of the sample trees were 24.8 m and 298.3 mm, respectively.
More detailed statistics of the sample trees are presented in Table 1.
Figure 1. The study area located in Evo, southern Finland (61.19° N, 25.11° E).

Table 1. Descriptive statistics of the field measurements. Abbreviations: diameter-at-breast
height (dbh), tree height (h), diameter at 6-m height (d6), height of the lowest living (lb)
and dead (db) branch and tree volume (v).
dbh, mm
h, m
d6, mm
lb, m
db, m
v, dm3

Min
183.0
22.4
130.0
10.2
2.3
282.5

Mean
298.3
24.8
241.5
14.5
5.2
817.2

Max
410.0
28.1
350.0
17.9
10.5
1,549.4

SD
45.0
1.4
42.1
1.9
1.9
259.9
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The following tree quality classes were recorded for the sample trees using ocular assessment
(based on instructions of the National Forest Inventory (NFI) in Finland): (5) best-quality
timber; the tree includes high-quality sawlogs and over 80% of the tree is saw wood; (6) damaged
good-quality timber; the tree includes high-quality sawlogs, but less than 80% of the tree is saw wood;
(7) timber; over 80% of the tree is saw wood, but without high-quality logs; (8) damaged timber; less
than 80% of the tree is saw wood, and there are no high-quality logs; and (9)-quality timber
(pulpwood); the tree is log size, but it does not fulfil the quality requirements for sawlogs. The tree
quality class distributions are shown in Figure 2. These quality measurements for all of the 140 sample
trees were used as a reference for quality estimations based on tree attributes measured either in the
field or from the TLS data.

Frequency, n

Figure 2. Reference tree quality distribution based on ocular assessment. Classes:
(5) best-quality timber; (6) damaged good-quality timber; (7) timber; (8) damaged timber;
and (9) low-quality timber (pulpwood).
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2.2. Terrestrial Laser Scanning
The TLS data were collected with a Leica HDS6100 TLS system (Leica Geosystems AG,
Heerbrugg, Switzerland). The TLS scanner is a 690-nm, phase-based, continuous-wave laser scanner
with a 360° × 310° field-of-view, and its data acquisition rate is 508,000 points per second. The
distance measurement accuracy is 2 mm at a distance of 25 m. The point spacing is 6.3 mm at 10 m
(with an angular resolution of 0.009°), which results in approximately 25,000 points per m2 at the same
distance. More detailed specifications are presented in Table 2. In all, 45 scans were done to cover the
entire stand and sample trees.
The TLS measurements of the stand and sample trees were collected in multi-scan mode
(e.g., [26]). The TLS data were collected in four scan groups consisting of 10 or more scans per group.
TLS point clouds within each group were coregistered, using reference targets (spheres). The reference
targets are distributed in the sampling in the following manner: all of the targets are visible from
the center scan, and at least three targets are visible from the rest of the scans. Coregistration was
carried out with Z+F LaserControl 8.2 software (Zöller + Fföhlich GmbH). The principle of
co-registration is that spheres of constant size are fitted in the point clouds (reference targets), and
the 3D transformation is then calculated between the point clouds. Coregistration was undertaken by
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searching these overlapping targets (spheres) from the point clouds, and the corresponding sphere pairs
were used as constraints between point clouds. The software computes automatically the optimal
alignment of the point clouds using these selected sphere constraints. The TLS data were
georeferenced into the ETRS-TM35FIN coordinate system, using reference target locations and scan
locations measured with a Global Positioning System (GPS). The GPS error was estimated to vary
between 10 to 30 cm. TLS points belonging to sample trees were extracted from the whole point cloud,
using Terrascan software (Terrasolid, Helsinki, Finland). After point extraction, the following tree
variables were measured from the tree-by-tree point clouds, using the same software: dbh, h, lb, db and
d6. Tree variables were measured manually using a distance measurement tool, which measures
the distance between two points. The following procedure was used: (1) define ground level; (2) define
1.3-m and 6-m height from the ground level and measure diameters; (3) search and measure visually
the height of the lowest living and dead branch; and (4) measure the tree height.
Table 2. Terrestrial laser scanning (TLS) data acquisition parameters.
Field of view
Range
Speed points per s
Spot size
Distance measurement accuracy at 25 m
Max resolution, Horizontal × Vertical
Max points 360°, Horizontal × Vertical
Laser wavelength
Laser power

Leica HDS6100
310° × 360°
79 m
508,000
3 mm + 0.22 mrad
±2 mm
0.009° × 0.009°
40,000 × 40,000
690 nm
30 mW

2.3. Tree Quality Estimation and Accuracy Assessment
The following additional tree and canopy variables were calculated to assist in the quality estimation:
crown ratio (cr, %) as the ratio of the living canopy to the tree h (1); dead branch trunk ratio (dr, %) (2);
and branchless trunk ratio (bt, %), describing the sections of the trunk without branches, respectively, in
proportion to the length of the entire trunk (3). The equations are shown in detail below.
Crown ratio (cr, %) = (h − lb)/h

(1)

Dead branch trunk ratio (dr, %) = (lb − db)/h

(2)

Branchless trunk ratio (bt, %) = db/h

(3)

Tree quality was estimated for the sample trees, using a nearest neighbor (NN) approach. Tree
quality was used as the response variable (y-value), and the tree variables measured from the field and
TLS were used as predictors (x-values). With this procedure, we aim to investigate the accuracy of
TLS-derived variables in the tree quality estimation compared to traditional field measured variables.
Random forest (RF) was applied in the search for NNs. The use of the RF method for NN searching
was explained by Crookston and Finley [41] and used by Hudak et al. [42] and Falkowski et al. [43]
with remote sensing data. In order to gain a high level of consistency, a total of 1,000 regression trees
were fitted in each RF run. Randomness was also taken into account by running the RF method

Forests 2014, 5

1885

100 times. The final result was the average of these runs. The R statistical computing environment [44]
and yaImpute library [41] were applied in the RF predictions.
In addition to the NFI classification (five quality classes, Section 2.1), the classification accuracy
was evaluated for an aggregated three-class case, in which the classes were: 1 (NFI Classes 5 and 6,
high-quality timber); 2 (NFI Classes 7 and 8, low-quality timber) and 3 (NFI Class 9, pulpwood).
The accuracies of predicting the categorical variables were evaluated in terms of overall accuracy (%)
calculated from the out-of-bag samples produced by the RF. The estimation of continuous variables
was assessed in terms of bias and root-mean-squared errors (RMSEs).
3. Results
3.1. Accuracy of the Tree Attributes Measured from TLS Data
The accuracies (RMSE and bias) of the tree attributes measured from TLS data are shown in Table 3.
The traditional field measurements were used as reference values in this validation. The tree h values
were mainly underestimated, as shown in Figure 3 (top left corner), with an RMSE of 1.8 m. The dbh
and d6 values were unbiased with RMSEs of 17.7 mm and 21.7 mm, respectively. The db value had the
highest RMSE of 2.2 m (43%), while the lb was underestimated in most cases (76.4%). The accuracies
were highly affected by the visibility and the amount of points returned from the sample trees.
Table 3. Tree variable measurement accuracy from TLS data. Abbreviations:
dbh = diameter-at-breast height (1.3 m), d6 = diameter at 6-m height, lb = height of the
lowest living branch and db = height of the lowest dead branch.
h, m
dbh, mm
d6, mm
lb, m
db, m

Bias
1.4
6.6
−1.6
0.6
−0.3

Bias %
5.6
2.2
−0.7
4.4
-6.3

RMSE
1.8
17.7
21.7
1.4
2.2

RMSE %
7.1
5.9
8.9
9.6
42.9

Figure 3. Field measured tree attributes (reference) against TLS measured tree attributes
(estimated). The line represents a 1:1 relationship.
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3.2. Tree Quality Predicted Using RF
Visual field observation (see Section 2.1) were used as a reference for tree quality predictions using
TLS and field measured tree attributes (e.g., dbh and branch heights) as explanatory variables. Tree
quality was estimated via two different class partitionings: (1) in three quality classes; and (2) in five
quality classes. The classification accuracies and confusion matrices are shown in Tables 4 and 5.
The overall accuracies of classifying the trees to three classes based on the field and TLS
measurements were 95.0% and 83.6%, respectively. The results showed that trees can be classified
into aggregated timber quality classes accurately. The classification accuracies decreased when quality
estimation was evaluated in five classes. When tree quality was predicted based on field
measurements, the most important predictors for quality estimation were db and bt, whereas when
based on TLS measurements, they were db, bt and dbh. Figure 4 shows the variation in different
variables measured in the field within each quality class in the boxplot. The figure shows that high
(Classes 5 and 6) and low-quality (Classes 7 to 9) classes can be differentiated, but more detailed
classification is challenging. For example, there are only small differences with the tree variables used
between Classes 5 and 6, e.g., with db (see Figure 4, top right corner).
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Table 4. Confusion matrix of three quality classes (reference vs. RF estimates), overall and class-level classification accuracies based on field
(left) and TLS (right) measurements.
Field Measurements

1
2
3

Reference

Prediction
1
2
74
0
5
59
0
2

Class-Level
Accuracy, %
100.0
90.8
0.0

3
0
0
0

TLS
Overall Accuracy, %
95.0

Prediction
1
2
62
11
9
55
1
1

Class-level
Accuracy, %
83.8
84.6
0.0

3
1
0
0

Overall Accuracy, %
83.6

Table 5. Confusion matrix of five quality classes (reference vs. RF estimates), overall and class-level classification accuracies based on field
(left) and TLS (right) measurements.
Field Measurements

Reference

5
6
7
8
9

5
45
6
3
1
0

Prediction
6
7
8
2
0
0
20
1
0
0
36
1
1
1
21
0
1
1

9
0
0
0
0
0

Class-Level
Accuracy, %
95.7
74.1
90.0
87.5
0.0

TLS
Overall
Accuracy, %
87.1

5
45
3
3
3
0

Prediction
6
7
8
0
1
1
16
5
2
3
33
1
1
7
13
1
1
0

9
0
1
0
0
0

Class-Level
Accuracy, %
95.7
59.3
82.5
54.2
0.0

Overall
Accuracy, %
76.4
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Figure 4. Boxplots of the various field-measured explanatory variables used to
estimate quality.

Tree quality estimation accuracy was also evaluated at the class level. The field-measured tree
variables enabled high classification accuracies in RF tree quality estimation. Trees could be classified
to the best-quality timber with 100% accuracy and to low-quality timber with 90.8% accuracy. Only
the pulpwood class resulted in low accuracy, but it was mainly caused by the limited number of sample
trees, only two, within this class. The TLS measurements resulted in slightly lower accuracies than did
the field measurements.
The classification accuracies to five classes (NFI quality Classes 5–9) varied between 74.1% and
95.7% with field measurements and 54.2% and 95.7% with TLS (Table 5). The pulpwood class (9)
accuracy was low with both measurements. The TLS measurements show lower classification
accuracies with Classes 6 and 8 than the field measurements. Three trees were classified in the better
class (5), and eight trees were classified in lower-quality classes (7–9). The confusion matrix in
Table 5 shows that the field measurements mainly overestimated the tree quality class. Similar trends
were not found with estimates based on the TLS measurements.
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4. Discussion
Precise knowledge of the quality of available timber plays an essential role in planning and
managing the raw material flow from forest to final product. It significantly affects the total amount of
income from timber sales [3]. It is more profitable for the forest owner to grow high-quality timber
when the demand and the pricing methods support the real added value. There has been widespread
discussion in the forest industry about the feasibility of modifying timber pricing more towards
quality-based pricing (e.g., [45]). This could significantly affect the timber market and also the
accuracy of required inventory information from the forests. Currently, tree quality attributes are not
usually included in forest planning, due to the high cost of the fieldwork required. Therefore, the
information available does not fulfil the requirements of a product-based wood supply chain.
TLS has been used for detailed modeling of individual tree and canopy characteristics, such as dbh,
h, location and biomass (see, e.g., [22–26]). Most importantly, TLS provides more detailed
information on stem taper and branch size distribution that cannot be achieved by any conventional
field measurements. Tree quality could be a viable addition to the traditionally measured tree attributes
(e.g., dbh and height). The accuracy of estimating tree quality attributes has not been evaluated so far.
Therefore, the objective of this study was to assess the accuracy of tree quality estimation of Scots
pine. Tree quality was estimated, using attributes measured from TLS-point clouds. The study focused
on the quality estimation accuracy of Scots pine, because the effect of quality defects for Scots pine
has the highest impact on the usability of timber in the forest industry in Finland.
The accuracy of TLS-measured parameters (e.g., h, dbh, lb and db) were assessed. The db
estimation accuracy (RMSE) was 42.9% (2.2 m). The accuracy obtained here was lower than in [31].
The ALS estimation is based on an indirect relationship, and the accuracies therefore depend on the
quality and extent of the reference database. The difference between the accuracies obtained in [31]
and [40] indicate that it may be difficult to establish a database covering the full variation of db
between the stands. Thus, the direct measurement of the raw TLS point cloud depicting the forest stand
of interest should fundamentally improve the accuracy. The low accuracy of the db measurements here
was mainly caused by the shadowing of the TLS-point cloud data, due to the dense understory layer in
the stand. Normally, this understory layer of small trees would have been cleared before harvesting to
ensure the efficiency and safety of the procedure. In all, the visibility is one of the most significant
factors affecting the accuracy of TLS measurements.
Tree dbh was estimated with the highest accuracy. These results are similar to those previously
published (e.g., [26,29]). Liang et al. [28] showed that even more accurate dbh estimation can be
achieved using automatic stem curve measurements. The estimation accuracy of tree h was also similar
to that obtained in previous studies (e.g., [26,29]). Tree h was systematically underestimated due to the
limited visibility for the tip of the tree crown.
The results achieved here for the estimation of the external quality of timber are promising. The
results show that a quality classification corresponding to the ocular assessment carried out in the NFI
can be achieved in terms of the branch height features (95% accuracy), and a closely corresponding
result can be derived from the TLS measurements of these attributes. Trees were classified with 83.6%
accuracy to three classes and 76.4% accuracy to five classes, using tree attributes measured from TLS
data. The lower classification accuracy to five classes was caused mainly by the smaller difference in
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predictors, e.g., db, between Classes 5 and 6 (see Figure 4). The quality differences were more clear
(significant) if only three quality classes were used. The most important predictor was the db, which is
in line with previous studies (e.g., [4]). If the accuracies were evaluated by class, the highest
classification accuracies would be found in Classes 5 and 7 (Table 5). The lowest accuracy (0%) was
found in Class 9. This was caused most likely by the small sample size (two trees), and therefore, to
evaluate the tree quality classification accuracies further, a larger and more diverse dataset is required.
Furthermore, the consistency of the ocular assessment of the tree quality measurements used as a
reference has an effect on the estimation accuracies. Tree-level field measurements are highly
dependent on the measurer and can vary significantly; therefore, it is important to evaluate the
consistency and quality of the ocular assessment in future studies.
Tree attributes were measured manually from TLS-point clouds in the present study, which is a
limiting factor. Manual measurements are not feasible to use in the wall-to-wall forest inventory of
large areas, but they can be used effectively at a small scale. To bring these methods to operational
forestry, data processing should be automatic, and there has already been many promising publications
(e.g., [7,21]. However, further development and validation is required, because the accuracy is highly
dependent on the sample data used. The accuracy of TLS and different data processing techniques
should be investigated in various forest conditions.
The real quality and obtainable final products of harvested timber are determined in the factory,
based on the internal structure of the logs. A nondestructive method is used to gain information on the
internal structure of logs. This information is provided by on-line applications in sawmills in Finland,
using 3D or X-ray log-scanning methodologies. Sawmills use 3D scanners or X-ray log scanners to
sort logs into different quality classes ([46,47]). These scanners give information on the general knot
structure for an entire log. The information gained could be useful for developing and testing novel timber
quality models that could be applied at all stages of wood production and the supply chain. The possible
link between industrial 3D and X-ray scanning and TLS or ALS should be investigated further.
The forest management decision-support systems that are currently used are based on more
generalized information (e.g., forest attribute information estimated by the ABA), which may result in
difficulties in distinguishing possible stands for management and prioritizing them (e.g., [48,49]).
The decision-support system needed in the Nordic cut-to-length method requires detailed preharvest
information [49]. The three most important preharvest information attributes mentioned were: (1) tree
species distribution; (2) stem distribution; and (3) quality [48,49]. Preharvest information is used to
allocate specific timber assortments required for raw materials and to plan harvesting operations to
fulfill production needs [49]. This type of detailed preharvest information is not used commonly in
practice. The use of ALS as a basis for the decision-support system has frequently been studied, e.g.,
by [48–51]. Vauhkonen et al. [49] concluded that the decision-support system proposed could be used
for ranking possible stands only by timber quantity, not timber quality. ALS data are seen as
inadequate to measure or estimate timber quality attributes in detail. Vauhkonen et al. [49] suggested
that TLS could be better used as input in the decision-support system if quality attributes are taken into
account, which was demonstrated, e.g., in [52], with promising results compared to forest inventory
methods in forest plantations in Australia.
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5. Conclusions
TLS measurements offer a new approach to derive precise information on standing trees, which can
be utilized in forestry application and forest management procedures. Tree quality attributes can be
measured in addition to traditionally measured parameters accurately from dense 3D point clouds. TLS
enables more detailed measurements from standing trees (e.g., stem curve or branch distributions) than
is feasible to measure with traditional means. This study showed the first results on external tree
quality estimation using TLS data. The quality classification accuracies were high, based on both
datasets (field or TLS measurements). The trees were classified with 95.0% and 83.6% accuracy into
three classes and with 87.1% and 76.4% accuracy into five classes using field-measured or
TLS-measured features, respectively. The higher error with db was caused by the shadowing effect of
the dense understory vegetation. The accuracy will increase if the understory vegetation would have
been cleared before the TLS. Results have shown that the accuracy of db measurement significantly
affects the quality classification results. The tree quality classification results achieved were promising,
but further evaluation of the method is required with more and more diverse sample data. The small
sample size, especially with Class 9, is a limiting factor in the present study, and it should be further
investigated. Tree quality information would significantly affect the planning of forest management
procedures, wood supply chain and optimizing the flow of raw materials. An important development
subject is the automation of the tree quality measurements, and promising methods have already been
published; e.g., [21]. The measurement procedure should be fully automatic before it can be used in
operational forestry. A combination of ALS, TLS and also mobile laser scanning (MLS) could be a
viable option in tree quality estimation (e.g., [53]).
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