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Abstract: We present a new application of terrestrial laser scanning and mathematical
modelling for the quantitative change detection of tree biomass, volume, and structure. We
investigate the feasibility of the approach with two case studies on trees, assess the
accuracy with laboratory reference measurements, and identify the main sources of error,
and the ways to mitigate their effect on the results. We show that the changes in the tree
branching structure can be reproduced with about £10% accuracy. As the current biomass
detection is based on destructive sampling, and the change detection is based on empirical
models, our approach provides a non-destructive tool for monitoring important forest
characteristics without laborious biomass sampling. The efficiency of the approach enables
the repeating of these measurements over time for a large number of samples, providing a
fast and effective means for monitoring forest growth, mortality, and biomass in 3D.
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1. Introduction

The monitoring of forest resources has traditionally concentrated on the volume of stem wood. This
is because human interest in forests has strongly focused on this economically most valuable forest
characteristic. Today, the importance of forests is seen in a wider perspective. It is acknowledged that
several ecosystem services that forests provide are related to the whole biomass of trees rather than the
stem only. These services include, for example, carbon sequestration, forest bioenergy resources and
forest biodiversity value.

Tree biomass is monitored using established but rather coarse methods. A common method of biomass
monitoring (such as that in the IPCC Guidelines [1]) is based on allometric equations (e.g., [1,2]).
These equations give the biomass estimates as a function of stem characteristics, such as tree height
and the diameter [3,4]. The same equations are also used to estimate changes in the biomass based on
changes in the stem characteristics [1]. The mortality of tree biomass components is monitored using
litter collectors placed below tree canopies or deriving estimates from canopy measurements (e.g., [5]).
The litter production measurements are combined with the biomass estimates to obtain turnover rates
of tree biomass components; the turnover rate is equal to the litter production divided by the biomass
(e.g., [6]). These turnover rates are then used to estimate litter production based on the biomass
estimates. Although these methods are practical, their reliability and usefulness can still be improved.
First, the allometric equations and the biomass turnover rates can be made more reliable and applicable
to new conditions by taking more measurements. Since the current allometric equations and biomass
turnover rates are based on laborious biomass and litter measurements, they are still based on relatively
small data sets that represent selected intensively studied sites. Second, these methods do not provide
all the information needed for current and future analyses. For example, the size of litter elements is an
important attribute affecting the decomposition of litter [7,8]. This information is thus relevant for the
carbon budget of forests, but is very laborious to measure from the litter collectors. In addition, the
distribution of the biomass within a canopy is a key characteristic in understanding the light-use
efficiency and the competitive status of a tree [9]. The light-use efficiency (LUE); i.e., the amount of
carbon fixed per unit of absorbed photosynthetically active radiation, increases with the proportion of
light that is received at low irradiances and is therefore higher for clumped canopies [10]. Thus, fast
measurements of the canopy branching pattern can help to predict the efficiency with which canopies
harvest light for carbon assimilation. Since the LUE is frequently used with the remote-sensed
Normalized Difference Vegetation Index (NDVI) to calculate productivity, methods that improve the
understanding of the variation of the LUE are important to global carbon balance estimates [11].

Terrestrial laser scanning (TLS) has become increasingly important in forest studies because of its
capability of providing accurate 3D tree data with efficient and lightweight instruments for field use.
Thus far, TLS-based methods have been established for detecting forest attributes such as tree location,
the diameter at breast height (DBH), height, stem volume, and the total biomass [12—14]. The total
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biomass has been shown to correlate with the TLS point density or distribution [13,15], DBH, and tree
height, from which it is possible to retrieve with allometric biomass equations [3,4,16]. These methods
provide the total biomass of a tree and a stand, without information on its distribution in the canopy.
Tree modelling has thus far mostly focused on retrieving the stem volume for forest (timber) inventory
purposes [17,18]. Quite recently, methods have also been presented for tree 3D structure including
branches [19-21]. These studies have also extended into 3D reconstructions of the stump-root
systems [22,23]. An error range of £10% has been achieved for the main stem volume, whereas for
branches, the cumulative branch volumes have been estimated at £30% accuracy for branches down
to 7 cm in diameter [20]. Increasing the number of scans has been shown to reduce the errors
somewhat [21]. Getting quantitative structure models for trees with small branches has, however, still
been a challenge, and the small branches have most often been excluded from the analysis. A plant
topology model was presented in [24] to describe the topology and geometry of plants. They also
recorded the spatial coordinates of plants (e.g., branch tips).

In our previous study, we have shown that the structure of trees can be characterized in detail based
on TLS measurements combined with 3D quantitative structure modelling (which we hereafter call
QSM) [25]. If these measurements and this modelling were repeated over time, it could potentially
provide a largely automatic, non-destructive and fast means to estimate the growth and mortality of
tree biomass components in 3D.

In our QSM of trees, we use the geometric primitives approach with circular cylinders. Alternative
methods for modelling the tree volume based on voxels and voxel skeletons exist (e.g., [14,26,27]).
While the voxel and skeletonization models have been used successfully for extracting tree metrics,
such as the diameter and height [28], the QSM is different from these models because it has been
designed to follow the simple morphological rules of tree structure (such as branches attached to the
stem and sub-branches being attached to the main branches, c¢f. [25]) as a starting point for the
calculation. A particular challenge in the voxel methods is that they require a complete sampling of the
tree surface in order to fill the interior voxels. This requires a large number of measurements and scan
positions (e.g., 20—60 million points from 4 to 5 scan positions per tree [28]). With cylinders, the
inevitable gaps in the surface sampling and the fact that most branches are sampled only from the
bottom side are not so critical. Similarly, the voxel skeleton models do not require a large number of
measurements because the voxels are only needed for the reconstruction of the skeleton and then the
volume is modelled, e.g., with cylinders [27]. Changes in the total biomass have been monitored with
TLS and voxel or convex hull models [29], but more studies are needed to quantify the distribution of
the changes.

The objectives of this study were to (1) evaluate the suitability of this approach (presented in [25])
for estimating changes in tree biomass, e.g., growth and litter production; and (2) identify the most
important areas for improvement. The comparison with reference measurements also enabled us to
improve the data processing and modelling steps to optimize the procedure by finding and eliminating
the sources of major systematic errors in the measurement (e.g., removing extra noise) or modelling
the smallest branch tips. In this way, we improved the procedure for more reliable results. The change
detection approach presented in this paper is applied to free-standing trees. Our future objective is to
extend the approach into large areas and to validate such plot-based modelling. We have used and will use
the outputs of this procedure to compute carbon emissions via, e.g., the Yasso soil carbon model as in [23].
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This article is organized as follows: the materials and methods are presented in Section 2. The
results for both the laboratory and field cases are in Sections 3.1-3.3, and the discussion and
conclusions are presented in Sections 3.4 and 4, respectively.

2. Materials and Methods
2.1. Samples

We demonstrate the approach with two case studies: the first one was carried out in a laboratory for
a large (about 2 m in length) aspen (Populus tremula) branch. We created a time series of volume and
length measurements by cutting off pieces of the sub-branches, after which the branch was scanned
with a terrestrial laser scanner (see Section 2.2). The scanning was repeated four times (from three
directions each time) and the cuts were carried out between each scan. The aim of these measurements
was to provide reference to validate the branch size (the volume and length of the stem and all
sub-branches) estimation with the QSM model.

The second case study was a field monitoring of changes in tree biomass in Espoonlahti, Finland.
We produced a time series of TLS point clouds for a maple (Acer platanoides) shown in Figure 1. Five
scans were carried out: in February 2011, November 2011, November 2012, April 2013, and
November 2013. The changes in tree branch volume and branch length, caused by growth and
mortality, were modelled from each point cloud.

Figure 1. (Left) the maple tree in Espoonlahti (photographed February 2011). Some of the
white spherical reference targets used for registration are also visible, between the lamp
post and the tree; (Right) a section of the point clouds from February 2011 (red) and
November 2011 (green), showing a missing branch denoted by an arrow.

2.2. Terrestrial Laser Scanning

Both the tree and the branch sample were measured with a phase-based terrestrial laser scanner
Leica HDS6100, see Table 1 for scanner parameters. The same scanner (and the same scanning
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parameters) was also used in our previous studies [25]. The instrumental parameters related to each
measurement are listed in Table 2. The scanning was carried out with the “High” resolution setup.
To produce a point cloud, three stationary TLS scans were carried out for each sample from different
directions, and these scans were co-registered using white spherical reference targets (visible in
Figure 1 during the TLS of the Espoonlahti maple, ¢f. [13]). The co-registration accuracy is best
described in terms of the error in locating the centre points of the spherical reference targets, which
varied between 1 and 3 mm in the laboratory. However, there are greater sources of uncertainty,
especially in outdoor measurements, caused by, e.g., the branches moving during the scans. In
Espoonlahti, some parts of the target (such as the canopy) were further from the scanner, and the
co-registration accuracy varied from 4 to 7 mm. The distance between the scanner and the tree varied
from 1 to 2 m in the laboratory and 9-20 m in Espoonlahti. The aspen branch was scanned before any
cuts and after each three cuts, from three different directions each time. After the third cut, we carried
out two independent scans (denoted with cut 3A and 3B in the following sections), i.e., altogether six scans
were made. This was done to compare the repeatability of the measurement and modelling procedures.

Table 1. Terrestrial laser scanner parameters.

Scanner Leica HDS6100
Wavelength 650—690 nm
Field of view 360° x 310°
Point separation 0.036°
Beam diameter 3 mm
Beam divergence 0.22 mrad
Maximum Range 79 m

Table 2. Measurement specifications for the laboratory and field case.

Measurement Laboratory (aspen) Espoonlahti (maple)
Number of points 390,000-460,000 1-5 million
Horizontal dist bet
orizontal distance between scanner 15-1.9m 7 12m
and branch/tree stem
Average point density 11-25 points /cm® 2-5 points/cm’

The pre-processing of the TLS data was carried out with the Z+F LaserControl 8 software
(Zoller + Frohlich GmbH). The distance measurement of the scanner, based on phase difference,
causes increased mixed pixel noise in complex structures, where the laser beam hits multiple targets at
the same time. The measurement noise was minimized with intensity- and point-density based filters
available with the Z+F software. In this case, noise filtering resulted in the rejection of 1%—-3% of the
data points.

2.3. Reference Measurements

To change the branch length and volume in the laboratory, the sample branches of the aspen were
cut after each measurement of point clouds. The lengths of the cut branch pieces were measured manually
(with a standard metric measure). The total volume removed in each cut was measured by weighing
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the cut branches, and approximating their volume on the basis of their density. The density of the fresh
sample branches was measured by submerging the branch pieces in water and recording the increase of
weight of the water replaced by the branches. The weight represents the volume, and the fresh weight
divided by this volume gives the density, which was used as a density approximation for the entire
branch. In this way, the approximate fresh density for our sample branches was 0.925 kg/dm’. We also
measured the total length and volume of the entire branch (including all the sub-branches) after the
third cut of branches (after which we made two sets of scans, which were processed as two
independent three-scan measurements, 3A and 3B). Because the total volume reference was retrieved
using the approximate density measured from small branch bits, some uncertainty may occur in the
density of the larger parts of the branch. These branch length and volume values were compared to
those produced by TLS and the QSM model [25].

2.4. Quantitative Structure Modelling (OSM)

The branch size and volume for each sample was computed using the quantitative structure
modelling method [25]. In the QSM, the surface of the visible tree parts is reconstructed by making a
flexible surface model of the tree to model the stem and branch sizes and the topological branching
structure. The method uses a local approach in which the point cloud is covered with small sets
corresponding to connected surface patches in the tree surface. With these patches the entire tree is
segmented into stem and branches. The patches are randomly but evenly distributed along the visible
tree surface and their size determines the smallest details that can be separated for the tree model. The
segments are then modelled with collection of cylinders fitted to the details of the segments. With
these cylinders, the branching structure, volume, and branch size distributions, efc. can be approximated
both for the whole tree and some of its parts individually. We use cylinders because of all the
geometric primitives that approximate the local stem and branch shape well, they are the most robust
and reliable to fit. More details of the model and its validation are provided in [25].

We also compared the QSM with the Triangulated Irregular Network (TIN), commonly used for
filtering laser scanner data for digital elevation model (DEM) generation and producing 3D models of
different objects [30,31].

The TIN model was a reduced 3D Delaunay triangulation. The algorithm had the following steps:

1. The raw point cloud was first triangulated with 3D Delaunay triangulation.
Tetrahedrons with side lengths over a predefined threshold (3 cm) were removed.

3. The surface of the reduced triangulation was searched and then divided into separate layers
using points on the surface as initial points.

4. The second tetrahedron reduction run with 2 cm threshold was carried out for the tetrahedrons
in the two outermost layers.

5. The tree volume was estimated by summing the volume of the tetrahedrons remaining after
both reduction runs.

No additional smoothing was done for the point clouds, thus some noise points near branches and
the stem were left, resulting in overestimation of the tree volume.
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3. Results and Discussion
3.1. Aspen Branch Measured in Laboratory: Validation of Branch Size Modelling

The changes in the volume (Table 3) and length (Table 4) of branches estimated with the QSM
agreed well with reference measurements. The modelling was carried out as if the branch were a small
tree, i.e., the main branch was segmented as “stem”, whereas the sub-branches are treated as branches.
All changes are mean values of 10 modelling runs, where the size of the average patch remains
constant but their number and locations vary randomly between different models which affects the
segmentation and fitted cylinders. Typical ranges of the standard deviations of the 10 models of each
cut are 5%—15% for the branch volume and 1%—2% for the branch length.

Table 3. Change of aspen branch volume (in (litres)) after each cut. Cuts 3A and 3B
represent two independent scans of the tree after the third cut (the reference being the same).

Cutl(L) Cut2(L) Cut3A(L) Cut3B(L)

Reference —0.06 —0.06 —0.08 —0.08

QSM -0.02 —0.06 -0.11 -0.11
Reference, cumulative —0.06 —0.11 —0.19 —0.19
QSM, cumul. -0.02 —0.08 —0.18 -0.18

Table 4. Cumulative change of aspen branch length (in metres) after each cut. Cuts 3A
and 3B represent two independent scans of the tree after the third cut (the reference being
the same). In “Reference (>5 cm)”, the smallest sub-branches (less than 5 cm length) were
not included in the total branch length.

Cutl(m) Cut2(m) Cut3A (m) Cut 3B (m)

Reference —3.85 =7.25 —10.43 -10.43
Reference (>5 cm) —3.08 -5.37 =7.97 =7.97
QSM —2.29 —5.06 —6.53 —6.37

The point clouds and models are presented in Figures 2 and 3. To compare with the reference
measurements, which were carried out for the cut pieces only, the modelling results are also presented
here as changes from the original condition of the branch (before any cuts). The model has
underestimated the cumulative changes, which is most likely a result of inaccuracies in the
measurement; see Section 3.2 for more details. A close examination of the point clouds and models
(see Figure 4) revealed that the smallest sub-branches (those with length less than 5 cm) were hardly
visible in the point cloud, and had mostly been left out by the model. The number of points for those
bits is too small to form a cylinder. To get some insight into the effect of this feature on the results, we
made another length reference, where the smallest (<5 cm) sub-branches had also been omitted
(see Table 4). In addition, some segmentation errors were also present, resulting in the cylinders
overlapping each other (Figure 4). A further analysis on the overall accuracy of the approach is
provided in Section 3.2.
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Figure 2. TLS point clouds of the aspen branch: the original branch (green) and that after
the last (third) cut (red). The point cloud has been plotted into an xyz-coordinate system to

show the scaling (in (metres)).
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Figure 3. Quantitative structure models of the aspen branch (with cylinders plotted over
the point cloud): (a) the original branch; (b) the branch after the third cut. The order of
branches has been denoted with colours: the stem (the main branch) is blue, the first order

and second order branches are green and red, respectively.
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Figure 4. Error sources in the QSM, marked with green circles: (a) Branches shorter
than 5 cm are poorly visible in the point cloud (blue points) and have been omitted by the
model (no cylinder); (b) Some cylinders overlap in the model.

(a)

(b)

The QSM and TIN models are compared in Figure 5, which also presents the standard deviation
errors for the QSM. In the initial tests, both models overestimated the branch volume change by
several orders of magnitude. This results from the inaccuracy in measurement, because the diameters
of the branch tips are less than or equal to the laser spot size (about 3 mm) towards the branch tips.
Therefore, we used a modified approach to the QSM presented in [25], where the sizes of branches
with diameter less than 1 cm were approximated with a branch diameter that decreases linearly towards
the branch end. This improved the results, although some discrepancy between the measurements and
the model still remained. Another improvement was the removal of extra noise.

Figure 5. Comparison of the QSM (blue) and TIN (red) models of: (a) The total volume.
The decreasing trend has not been reproduced in cut 2 by either of the models; (b) The total
length. The QSM standard deviations are presented as error bars. Reference measurements

for total volume and length, plotted with green symbols, only exist for cut 3.
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The TIN model has overestimated the branch volumes more than the QSM (cf. Figure 5), whereas
the lengths have been underestimated somewhat. The TIN model seems to be more sensitive to
measurement noise in this case than the QSM, especially in the case of thin branches, for which the
TIN model tends to include the noise points in the calculation. The computational reference for branch
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length estimations were calculated using a beta skeleton estimator [32]. The skeletonization routine
(by [32]) took the outermost points of the reduced TIN model as an input for the stem and branch
length calculation. The routine underestimated the total length systematically as it did not advance to
the branch tips. This was tested with several different parameter combinations. However, the relative
changes (in percentage) were well reproduced by both models, which is in agreement with our
previous results, where the changes in TLS point cloud density correlated with the changes in the total
biomass [15]. The QSM and TIN models perform differently in estimating the quantitative values of
the volumes and their changes.

3.2. Accuracy

Overall, the trends in both branch volume and branch length changes were reproduced by the QSM.
The repeatability of the reference length measurement was also tested by comparing measurements
with different metric scales, and the estimated uncertainty in the measurement was about 5%—10%.
The branch bits were not straight and therefore the final reading of the length was inaccurate. There was
also inaccuracy in approximating the branch density for the volume experiment. The variability of
modelling results measured as standard deviations of 10 subsequent modelling runs indicate that the
repeatability of the modelling itself is reasonable. A more significant source of error is the noise and
uncertainty in the point cloud itself, but this error is not measurable in terms of the model. Therefore,
analysing the accuracy and performance of the entire approach (i.e., the TLS measurement and the
structure models of the point clouds) is more reasonable by comparing the QSM with reference results.
The difference in volume change between the model and reference was 20—40 mL, which is up to 12%
of the estimated total branch volume. The length change estimates differed from the reference about
8%—14% (1 and 2 cut), whereas in the third cut the difference was up to 27%. Leaving out the
branches shorter than 5 cm from the reference, the corresponding differences were 6%—7% and 19%,
respectively. As the number of branch bits of <5 cm length was large in the case of aspen branch, the
role of these bits was likely to be exaggerated.

The uncertainty in the modelling is partly explained by the noise in the data, which complicates the
branch size estimation. This is more pronounced for small branches (as their measurement is complicated
in the first place, cf. Figure 4) resulting in systematic overestimation of the branch volume, but some
errors are present even in the measurement of the thickness of the main branch, which in the aspen
experiment was segmented as “stem”. This is clearly visible in Figure 6 where the diameter at 1.3 m
height of the stem (main branch) is plotted between different cuts. This value should remain the same,
as that part of the main branch at 1.3 m height was not changed. However, as the cylinder that occupies
the height around 1.3 m is not always fitted to the same region exactly, the diameter of the cylinder
may represent different regions. If this region is systematically different between the cases, then we
can expect small changes in the modelled DBH.

We also made a reference measurement of the entire remaining aspen branch after the third cut
(and corresponding scans 3A and 3B) of branch bits. This enabled us to compare the total reference
volumes and lengths with the models, as well as the two independent laser scans made for this sample.
These are plotted in Figure 7, where the accuracy of the QSM and TIN models with respect to the
reference can be compared. Figure 8 illustrates the total, branch, and stem volume from the QSM and
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the reference measurement of the tree after the third cut. The uncertainty in total length appears to

result from the uncertainty in branch length, whereas the volume approximation varies more between

tree parts and the two scans.

Figure 6. Diameter at breast height (DBH) of the aspen main branch. The reference (1.875 cm)

was measured by averaging two calliper measurements taken at right-angles.
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Figure 7. Comparison of the QSM, reference, and the TIN model after the third cut
(3A and 3B denote the two independent sets of TLS scans made after the third cut):
(a) Total volume (including branches and stem; (b) Total length.
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3.3. Application: Monitoring the Changes in a Maple Tree in Espoonlahti

Time series of branch volume and length for the Espoonlahti maple between February 2011 and
November 2013 are presented in Table 5. All changes are mean values of 10 modelling runs, with
standard deviations of length and volume. The branch length increases in all scans, so the tree growth
is visible as an overall trend during the whole period. The volumes increase from scan to scan, except
for the April 2012 scan. One reason for this is most likely the loss of two large branches between
November 2012 and April 2013 measurements. To estimate the effect of branch loss on the total
volume, the results of the QSM for one of the missing branches (total length of 31.4 m and total
volume of 18.8 L) (the branch is visible in Figure 9) can be compared to the decrease in branch
parameters. The loss of two branches of similar size corresponds well to the decrease of 57 L in branch
volume between these two scans. It must be noted, however, that there is a similar change in the stem
volume as well, resulting in a total loss of volume of about 115 L. This is about 10% of the total
volume of the entire tree.

Table 5. Espoonlahti maple: Tree branch and stem parameters. The branch length is the
sum of the lengths of cylinders not classified as stem.

Tree Parameters  February 2011 November 2011  November 2012  April 2013  November 2013

Branch vol. (L) 865+ 96 922 + 106 1107 = 82 1050 = 87 1298 + 98
Stem vol. (L) 165 +42(*) 402 £43 438 +£32 379 £ 133 452 £ 40
Total vol. (L) 1013 £97(*) 1324 +£92 1545+ 57 1429 £ 105 1750 £ 101

Branch len. (m) 1270+ 114 1282 + 88 1590 + 67 1733 £ 116 1895+ 119

(*) Part of the stem was covered by snow in February 2011.

Figure 9. Co-registered maple point clouds measured in November 2012 (red) and

April 2013 (green). A missing branch (31 m in total length) is clearly visible in the
April 2013 data.

The variation in the stem volume is partially caused by similar systematic errors and noise as in the
case of the aspen branch. Some of it may result from errors in the segmentation, especially in the upper
parts, where it is more difficult for the model to choose which one is segmented as the main branch.
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3.4. Discussion

To our knowledge, there are no measurements (time series) of tree changes combining this level of
efficiency and accuracy. To assess whether the results are realistic, we compared the magnitude of the
average branch volume to that measured in laboratory. The branch volume of the Espoonlahti maple
was approximately 1000 L and the volume of first and second order branches (i.e., those attached to
the stem or the first order branches, respectively) was about 350430 L in different modelling runs.
This is about 2.3-2.8 L per branch, which is the in the order of the total volume (about 1.3 L) of the
aspen branch measured in the laboratory. As the reference change of volume for the aspen branch was
well reproduced in the measurements, we assume the volume approximation to be realistic.

The major sources of uncertainty were the noise and inaccuracy in measurements, which also
affected the modelling. The major error sources can be classified as follows:

- Systematic errors in measurements, caused by, e.g., the size of the laser spot (3.3 mm at
about 1.5 m distance, affecting mostly the small branches), tree parts being shadowed by each
other, uncertainty in the co-registration of point clouds (where, e.g., wind effects play a role) or
noise. The noise points (extra points around the branches) tend to get included in the model,
causing overestimation of branch volume.

- Systematic errors in modelling, e.g., the shape approximation error due to the geometric
primitives used. Here, we used circular cylinders due to their robustness, but, e.g., cones or
elliptic cylinders could be used as well. This aspect is addressed in a forthcoming paper.

- Identifiability errors: changes in the tree shape over time, e.g., the branches bending
downwards as they grow, can result in difficulties in identifying the same branches in scans
made at different times.

In spite of these errors, the overall accuracy was mostly about £10%, which is in the order of the
laboratory measurements (cf. Section 3.2). In manual measurements, a representative sample of a tree
or stand is usually taken. The idea in our approach is to cover all trees/branches in the sample,
so achieving 10% accuracy is a promising result. The aspen branch was relatively small (1.3 L)
compared to the total volumes of large trees, and hence the errors for small branches are likely to be
exaggerated in this case.

The density of points in the point cloud is important when there are not enough points for
meaningful segmentation and cylinder fitting. A low density compared to the size of the branches to be
reconstructed is problematic for a proper volume estimate with cylinders. Also, some short and thin
branches may be left out of the reconstruction, which shows in the total reconstructed branch length.
In our samples, the density was high enough, except perhaps for the smallest twigs in the aspen branch.
The effect of the registration errors on the maple is probably quite small, but for the aspen branch the
effect on the volume can be more significant because of the small size of the branch compared to the
registration errors. In the case of input parameters, the size of the surface patches is the most important
in reconstruction. Too large patches make the segmentation “rough”; i.e., the separation of the
branches does not follow the “true” boundaries which can make the volume too large, but the length is
less affected. In our reconstructions, we used 0.5-1.0 mm size patches for the aspen, and 15-30 mm
for the maple. We consider these values quite small compared to the size of details in these samples.
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Smaller patches, if the point density allows, can give more accurate absolute reconstructed values.
However, the change detection; i.e., the change in volume and length, is probably not as sensitive to
the patch size as the absolute values are, and smaller patches can be expected to better reconstruct the
smallest branches which do not contribute much to the volume.

The time consumption of the process (TLS + modelling) per tree varies between 20 and 30 min,
depending on the tree size and point density. Our future objective is to develop a version that produces
models of all trees in a test plot (consisting of, e.g., 10-20 large trees) from just a few scans. The
possible uses of this approach are related to the monitoring of tree growth and mortality and litter
production. In this way, there is potential for retrieving the biomass distribution for a set of trees and
using this information as ground truth for upscaling tree biomass models into large areas.

Another future issue is to improve the model to account for leaves. The trees presented in this paper
have been scanned without leaves, but we are currently developing both measurements and modelling
of the leaves, first to reduce their effect on branch models, and, eventually, to include leaf biomass in
the analysis.

4. Conclusions

The significant outcome of the study is that our approach based on TLS and QSM is capable of
reproducing the trends in the changes in both laboratory and field cases, and the large changes, such as
the loss of major branches, could be detected quantitatively from the volumes and observed
qualitatively from the consecutive point clouds. Given that the manual measurement of changes in tree
structure and dimensions has thus far been carried out by destructive methods, our approach provides
for the first time a fast and non-destructive means to monitor the changes in tree structure over time
(such as growth and litter production). Since large-scale quantitative information at this level of
accuracy has thus far been mostly non-existent, the 10% accuracy achieved by our approach provides a
new and unique tool for monitoring tree biomass, canopy structure, litter production, and other
important changes.

We are currently working on improving both the measurement and the model accuracy by means of
extensive measurement campaigns and model development. An important future objective is to
improve the data acquisition with instruments producing less noise, e.g., by the use of pulsed (cf. [12])
or full waveform scanners [33,34], to develop applications for improved monitoring of the growing
season and litter production, and to produce large-area (e.g., plot-level) statistics on branching
structures (cf- [25]).
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