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Abstract

The usage of data obtained from Personal Laser Scanning (PLS) for forest inventory purposes
has increasingly gained recognition in the past few years. The advantages and thus the
reasons for the growing popularity of PLS in forestry are not far to seek: Laser scanning
technology allows for an acquisition of highly precise individual tree and stand information in

a relatively short amount of time.

Nevertheless, the high labor cost efficiency of Personal Laser Scanning has one limitation
which is not to be underestimated when “wall-to-wall” data, in contrast to forest inventory data
with realtively small sample plots, is desired: larger areas (>1-3 ha) cannot be scanned at one
go, due to the scanning time limitation associated with software and data processing
restrictions. Therefore, multiple scans must be conducted and co-registered to obtain one
continuous point cloud. One way of doing this is to use easily recognizable artificial reference
markers, like white spheres placed on tripods. These markers can afterwards be detected by
semi-automatic software and used for the referencing of spatially adjacent scans. However,
the transportation and deployment of such markers constitute great logistic and occupational
efforts. Taking into account the additional time needed for the preprocessing and the matching
of the point clouds, this semi-automatic registration can be considered as bottleneck for the

otherwise high efficiency of PLS-based inventory and monitoring on larger areas.

The goal of this master thesis was to develop and evaluate an algorithm for the automatic and
marker-free registration of point clouds to eliminate this bottleneck and to pave the way for a
more practical and time-efficient usage of PLS on larger areas in the future. 29 scans obtained
from a forested area of 35 ha serve as data basis for this work. The point clouds were obtained
with a GeoSLAM ZEB Horizon (GeoSLAM Ltd., Nottingham, UK), featuring a high data
acquisition rate (300.000 points per second) and scanning range (100 m). Possible
approaches for the registration algorithm, which will be tested in the thesis, include feature-
based methods, like a rough 3D transformation using the tree positions and diameters as
matching features, as well as individual 3D-point-based methods, directly matching point
clouds based on the LiDAR data itself. The latter might be implemented using the lterative
Closest Point (ICP) method, which could serve as fine tuning after the rough registration of
the point clouds. In summary, the aim of this work is to develop an easy-to-use algorithm for
the automated, marker-free registration of forest point clouds and to evaluate the resulting

point clouds in terms of their accuracy.



1. Introduction

Forest inventory plays an important role in the sustainable management of forest ecosystems.
Stand parameters, such as the growing stock timber and the increment, were usually derived
from aggregates of single-tree parameters like DBH and height that were used as input for
taper functions. These stand-level estimates are crucial for the planning of thinning or harvests
[1]. Through the introduction of Terrestrial Laser Scanning (TLS) for forest inventory purposes,
the methods and possibilities of data acquisition for forest inventory purposes have undergone
significant changes in the past two decades. The usage of TLS for forest mensuration does
not only improve accuracy and efficiency, but also allows for an easier determination of stand
volume and biomass as well as the conduction of repeated measures across time [2]. A further
enhancement was achieved through the introduction of Personal Laser Scanning (PLS),

allowing for an improved mapping and a higher labour efficiency [3].

However, the efficiency of PLS in forestry also has limitations: Due to the restricted scanning
time associated with software and data processing, point clouds of larger areas can’t be
obtained in one go. Multiple scans of smaller subareas must be conducted, resulting in
separate point clouds which are all produced in their own local coordinate reference systems.
These separate point clouds need to be co-registered to merge the separate datasets and
obtain one continuous point cloud of the study area. Usually, easily recognizable targets like
white spheres are used as reference objects for a manual registration of point clouds [4].
Although a high registration accuracy can be achieved via this approach, its high time
consumption and intensity of labour strongly restrict the practicability of the described method
[5]. Therefore, the aim of this master thesis is to find and evaluate an algorithm for the

automated, marker-free registration of multiple PLS point clouds.

Several methods for point cloud registration have already been developed and described in
literature [6—10]. Apart from the already mentioned target-based methods, which need exterior
information like GNSS (Global Navigation Satellite System) data [11] or reference targets [12],
feature- and point-based methods are commonly used approaches. Feature-based methods
use features which can be identified within the point cloud itself, working without any additional
input [13—15]. Similarly, point-based methods directly match point clouds based on the LiDAR
points themselves and on the geometric information they provide [16,17]. Such information
might for example be generated by computing “spin-images”, as described by Johnson [10].
Since these geometric descriptors are computed via the relative positions of the points to each
other, this method is invariant to a changing translation of the point clouds [10]. A similar

approach was described by Yang et al. [6], who took the relative distances and positions



between separate points as input features to decouple scale, rotation and translation for an
easier computation of the transformation. Figure 1 was adapted from a summary on existing
registration methods by Guan et al. [16] and lists the different groups of co-registration as well
as exemplary applications of them which can be found in literature.

Point cloud registration

I
[

feature-based

target-based point-based

features identified within
the point clouds

geometric information of

exterior information LiDAR points

tree attributes (e.g.
DBH, tree locations)

GPS - information
Klein & Filin [11]

Distances between points

Hyyppa et al. [13] _ :
Polewski et al. [14] ICP (lterative Closest Point)

Besletal. [17]

registration targets

color information : :
Geometric point

Cho et al. [12]

Wendt [15]

descriptors
Johnson [10]

Figure 1: lllustration of different methods for point cloud registration. Adapted from Guan et al. [16].

The goal of this thesis was to adapt an algorithm described by Hyyppa et al. [13], which was
initially developed to co-register the priorly extracted tree locations of terrestrial and airborne
point clouds. In the course of this work, this algorithm was adapted in such a way that it allows
for the coarse registration of the tree positions of multiple, partially overlapping terrestrial point

clouds using R software (version 4.2.1).



2. Materials and Methods

Table 1 gives an overview of the materials and methods used in the course of this thesis, with

detailed explanations following in the next sections.

Table 1: Workflow table

transformation parameters

Step No. Step/ Sub-step Hard-/
Software
1 Scanning GeoSLAM ZEB
Horizon
2 Preprocessing of the point clouds Workstation /
GeoSLAM Hub
3 Tree detection and extraction of tree locations as input data
4a Spanning of four quadrants (one axis in direction of nearest
neighboring tree, one axis perpendicular to the other) around each
) tree location
Computation of
4b feature descriptor Identification of the nearest neighboring tree in each of the four
vector for each tree quadrants within a search radius of 10 m
4c Computation of angles and distances to the nearest neighboring
trees (8-digit feature descriptor vector)
Computation of Euclidean distances between the feature descriptors of the two datasets
Ranking matching pairs (Euclidean distance below threshold) based on second nearest
neighbor distance ration (NNDR)
5¢ Selection of k = 60 best matching pairs and calculation of the Workstation /R
corresponding transformation parameters & R Studio
5d Identification of Computation of variance between the calculated y-translations in
optimal parameter k steps of 3
Se Selection of optimal k (median of the triplet with smallest variance)
6a Application of the k transformations to all points of the point
pattern which must be transformed
6b Calculation of the number of matching pairs (Euclidean distance
Computation of the below threshold) for each of the k transformations
transformation
6¢ parameters Selection of the transformation which results in the highest number
of matching pairs
6d Iterative optimization algorithm for final adjustment of selected




2.1. Data acquisition

The study site was located nearby Jaidhof (Lower Austria) and covered an area of
approximately 35 ha. To gain area-covering point clouds, 31 scans had to be conducted
(Fig. 2). Since the Scans 19 and 21 did not contain enough trees for the registration algorithm
to work, they could not be co-registered, involving the exclusion of Scans 22, 23 and 24. Thus,
26 scans spanning an area of approximately 30 ha were included for the development and
testing of the co-registration algorithm. The device used for the scanning process was the
Personal Laser Scanner (PLS) GeoSLAM ZEB Horizon (GeoSLAM Ltd., Nottingham, UK),
featuring a scanning speed of up to 300.000 points per second. The portability and relatively
small weight of the scanner facilitate the fast and flexible acquisition of large amounts of data.
A minimum of 3 white spheres was deployed in the overlap areas of adjacent scans as
reference points, allowing for an opportunity to compare the output of the registration algorithm
with the results of a target-based, manual co-registration.
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Figure 2: Map of the scanned areas



2.2. Hard- and Software

Processing of the point clouds using SLAM (Simultaneous Localization and Mapping)
algorithm was conducted using GeoSLAM Hub, a processing platform provided by the
company which produces the scanner. The software allowed for an easy transition of the raw
data obtained from the scanner in “.geoslam” — format to point cloud data in “.las” — format.
Afterwards, the data could be imported into the workspace of the R software (version 4.2.1),
enabling further processing of the data via the statistical programming language R [18]. Since
the tree positions are needed as input data for the registration algorithm, an automatic tree

detection algorithm, as described by Gollob et al. [19], was applied.

The computations for the registration algorithm were performed using a PC workstation
equipped with an Intel® Xeon® W-3223 processor possessing 8 cores and 16 threads.
256 GB of internal memory were available, so that the partly CPU- and memory-intensive

computations could be performed without problems.

2.3. Methodology

The approach adapted as part of this thesis was developed and described by Hyyppa et al.
[13], who co-registered terrestrial and airborne point clouds by matching the priorly detected
tree positions of the two data sets and thus finding a 2D-transformation for the tree locations
extracted from the terrestrial point cloud. The algorithm computes a set of feature descriptors
for each tree location in both data sets by calculating the distances and angles to the nearest
neighbouring trees and finds matching tree pairs by minimizing the Euclidean distance
between these feature descriptors. In the course of this study, the described algorithm was
adapted in such a way as to enable a co-registration of tree locations from multiple terrestrial
point clouds obtained with a Personal Laser Scanner (PLS) and when overlapping areas are

small.

2.3.1. Initial algorithm

The purpose of the algorithm developed by Hyyppa et al. [13] was to find the 2D Euclidean
transformation between the detected tree locations derived from terrestrial and airborne point
clouds. After some adaptions, which will be addressed in section 2.3.2, this algorithm
performed well also for the co-registration of only sparsely overlapping PLS point clouds. The
initial algorithm described by Hyyppa et al. [13] computes a feature descriptor vector for each
tree in both data sets, consisting of the angle and distance to the closest neighbouring tree in

each of four quadrants. The characteristic direction, which is essential for the definition of the



quadrants, is derived from the direction to the closest neighbouring tree. As illustrated in Figure
3 [13], the characteristic direction and the vector perpendicular to it span the four quadrants
needed for the following steps: In each of the quadrants, the closest neighbouring tree within

a search radius R = 10 m is identified.

Figure 3: lllustration of the feature descriptors. Adopted from Hyyppéa et al. [13]. The quadrants are
spanned using the characteristic direction v,, ;. For each quadrant, the distance (r;_,) and angle (¢ _,)

to the closest neighbouring tree within a search radius R is calculated.

The distances and angles from the investigated tree to these closest neighbouring trees
constitute the feature descriptors for the eight-digit feature descriptor vector. If no tree is
detected within the predefined search radius of 10 m, the corresponding feature descriptors
are set to -1. The resulting feature descriptor vectors are the basis for a comparison and thus
matching of the point patterns derived from two separate laser scans. Since every tree in each
of the data sets has its own feature descriptor vector, it is possible to identify matching trees
which were detected in both point clouds by calculating the Euclidean distance between the

feature descriptors of trees in data set 1 and the ones in data set 2 [13].

After computing the Euclidean distances, the tree pairs are ranked based on the “2"¥ nearest

neighbour distance ratio” (NNDR), which is defined as follows:

f c,'_f c1, j
NNDRj= || pc2.j 171NN(1)||2 (1)

1Foesi= focrana ol

foeunn() 18 the nearest neighbour descriptor in point cloud 1 (pc,) to each feature descriptor
in point cloud 2 (f,, ;), whereas fy,c »nann(j) IS the second nearest neighbour descriptor. The
smaller the described ratio, the more reliable the tentative matches are. The k = 20 most
reliable matches, thus the ones with the lowest NNDRs, are afterwards taken to compute the
corresponding Euclidean transformations. This approach results in 20 different

transformations, which are subsequently applied to both point patterns. After separately



shifting and rotating the coordinates according to these 20 transformations, the one with the
highest number of matching tree pairs with a Euclidean distance below r;,,.c = 1 mis selected

as the best fitting transformation.

On a final note, the rotational () and translational (t) parameters of this transformation are

taken as initial values for the loss function

L(6,t) = Zj”R(e)xpcl,MATCH(j) +t— xpcz,j”z (2)

which is finally minimized by applying an iterative optimization algorithm. The loss function
computes the sum of the squared Euclidean distances between the transformed matching
pairs in the first data set and the matching pairs in the second data set, where 6 and t are
rotation and translation, thus the parameters which are being refined. Their initial values are
taken from the best Euclidean transformation parameters, which have been identified as

described above [13].

Using the described approach, Hyyppa et al. [13] were able to efficiently match terrestrial and
airborne point clouds. The authors learned that the proposed algorithm is robust even when
the scanned areas greatly differ in size or show only partial overlap, which should make it
perfectly suitable as basis for the co-registration of two adjacent terrestrial point clouds and
hence for achieving the objectives of this thesis. Moreover, this coarse registration can serve
as basis for a finer registration, using for example point-based methods such as ICP (lterative
Closest Point). Since ICP operates by minimizing the distances between the closest
neighbouring points in two adjacent scans, this method requires a smaller difference between
the initial and the transformed point clouds, and a prior coarse registration - as elaborated in
this thesis — is prerequisite for a successful application of ICP [17,20]. The fine registration
using the ICP method could be implemented using CloudCompare software [21], which

includes a tool for the automatic registration via ICP [22].



2.3.2. Adaptions of the algorithm

2.3.2.1.  Parameter settings

In the initial algorithm described by Hyyppa et al. [13], there are essentially three parameters
that can be changed: the search radius R, the threshold for the Euclidean distance r;;,. and
the number of matching pairs k, taken for the computation of the k tentative Euclidean
transformations. Initial trials have failed to match the tree positions from the laser scans
according to descriptions in section 2.1. As solution, caliper thresholds were introduced to
minimize the number of misleading points. As depicted exemplarily for Scan 12 and 13 in
Figure 4, the filtering of trees with a DBH < 20 cm already led to a successful co-registration
of these two scans. However, the optimal caliper threshold is different for other scans and

strongly dependent on stand density and number of trees, making it hardly predictable.

Figure 4: Tree locations of Scan 12 (in black) and Scan 13 (in red). The first picture shows the
unregistered tree locations, whereas the second and third picture show the tree locations after the
transformation. The green and blue points signify matching tree pairs in Scan 12 and 13 respectively.
The right point set results from a co-registration with a prior threshold for the tree diameters set to
DBH > 20 cm. The point pattern in the left panel results from a co-registration without any threshold.



x-translation

A more easily implementable way of optimizing the algorithm for our purposes was to change
the parameter k. As mentioned before, this parameter determines the number of tentative
matching pairs taken for the computation of k transformations, from which the best one is
afterwards identified by comparing the number of matching pairs. A static parameter setting
with k = 20 turned out to be unsuitable for most of the scans, leading to inadequate registration
results. The algorithm was thus extended in such a way that the optimal number of tentative
matching pairs is evaluated beforehand. To illustrate the issue, the transformations derived
from k = 100 matching pairs were computed at first. Figure 5 exemplarily shows the resulting
x- and y-translations for Scan 13 when matching it with Scan 12, exhibiting congruent and
thus appropriate results for the first 6 transformations. The same conclusions can be drawn
when examining the rotation parameters. The almost compliant x-translations of the 6
matching pairs with the lowest NNDRs indicate the correctness of the calculated

transformations, whereas the other pairs exhibit strongly varying translations.

100 best x-translations with smallest NNDR - no calipering threshold

100 best y-translations with smallest NNDR - no calipering threshold
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Figure 5: 100 best x- and y-translations when matching Scan 13 to Scan 12 (no caliper threshold)
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An examination of this graphic for the same point pattern after filtering all trees with a DBH
below 20 cm indicates why the application of this caliper threshold led to good registration
results (Fig. 6), since the transformations were congruent for the first 31 tentative matching
pairs. Accordingly, without the pre-filtering of points, choosing k = 20 matching pairs for the
computation of tentative transformations more likely leads to the selection of wrong

transformation parameters.
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Figure 6: 100 best x- and y-translations when matching Scan 13 to Scan 12 (caliper
threshold: 20 cm)

To obtain optimal registration results, the variance between the y-translations (x-translation
and rotation would lead to the same results) of the first 60 tentative matching pairs was
calculated in steps of 3, i.e., for matches 1-3, for matches 2-4 etc. The value 3 was chosen for
this step because 3 transformations were at least necessary to indicate correctness when
congruent. Choosing a larger number might have led to false results, as there might only be 3
congruent y-translations for some point patterns. The medial matching pair of the triplet with
the smallest variance was finally selected to function as the new parameter setting for k. Using
the example of Scans 12 and 13, the hereby selected parameter setting of k = 3 resulted in
an adequate co-registration, even without the preliminary thinning of the point pattern through

the application of a caliper threshold (Fig. 7).
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Figure 7: Tree locations of Scan 12 (in black) and Scan 13 (in red). The green and
blue points signify matching tree pairs in Scan 12 and 13 respectively. No caliper
threshold was applied, the value for parameter k was set to 3.
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2.3.2.2. Registration of multiple scans

Unlike the task solved by Hyyppa et al. [13], the challenge which was met in the course of this
study was the co-registration of a large number of adjacent scans. In order to obtain
appropriate transformation parameters for each single scan and to produce a single

comprehensive pattern of tree locations, two methods were applied and evaluated.

The first method, which is henceforth referred to as sequential method, was based on the
consecutive co-registration of point patterns, which functions as follows: The registration
process starts at one point pattern, with the first step being the calculation of the transformation
parameters for the second point pattern to fit to this first one. After obtaining the transformed
x- and y-coordinates of the second point pattern, the third point pattern is likewise attached to
these already transformed coordinates. Thus, there is always one set of tree locations
obtained from one scan, which are co-registered referring to the very first scan, and one set
of tree locations that has to be matched to it. The second method, applying a cumulative co-
registration, starts in a similar way to the sequential method and is henceforth referred to as
cumulative method. The second scan is matched to the first scan and the transformed
coordinates of the former are saved for the next step. This time however, the third set of
coordinates is not only matched to the coordinates of the second one, but to the combined set
of both the first and second scan. The described two methods could themselves be varied by

selecting different starting scans, which will be further addressed in Sections 3.1.1 and 3.2.1.

12



3. Results

3.1, Application of the algorithm using sequential co-registration

3.1.1. Tree pair matching

When applying the modified algorithm proposed by Hyyppa et al. [13] with a varying parameter
k and consecutively matching the coordinate sets of located trees starting from Scan 34
(compare Fig. 1), a contiguous point pattern as depicted in Figure 8 could be obtained. The

tree locations seem fitting, roads and open spaces are clearly distinct from forested area.
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Figure 8: Tree locations after sequential transformation
As can be derived from a closer look at Figure 8, the remaining offset after the application of
the above-mentioned method was quite large, especially for point patterns which were
adjacent but not directly co-registered. The matching tree locations of the Scans 11 and 5 for
example (Fig. 9) displayed a mean deviation of 1.51 m (standard deviation = 0.81 m), with a

maximum of up to 3.22 m and a minimum of 0.25 m. Trials with an initial point pattern near

13



the centre of the scanned area were also conducted, since in the semi-automatic manual co-
registration using target spheres this approach has turned out to exhibit less error propagation
and thus resulted in smaller offsets. However, the deviation between matching tree locations
did not considerably change when applying this method, ranging from 0.27 to 3.29 m with a

mean of 1.48 m and a standard deviation of 0.93 m.

Matching tree pairs of Scans 5 & 11 after sequential transformation

mean deviation =1.508 m
RMSE =1.710 m
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Figure 9: Plotted matching pairs of Scan 5 & 11. The offsets top right of the plot reach over 3 m.
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3.1.2. Computation time

The time needed for the computation of all transformations, using the hardware components
listed in section 2.2, is depicted in Table 2. Since each point pattern is only matched with one
of its directly neighbouring point patterns, the computation time per iteration does not

continually increase.

Table 2: Computation time for sequential co-registration

Scan 34 & 33 2.39 Scan 8 & 10 2.78
Scan 33 & 32 1.85 Scan 10 & 11 3.57
Scan 32 & 30 1.29 Scan 11 & 12 2.09
Scan 30 & 29 1.91 Scan 12 & 13 1.25
Scan 29 & 27 2.00 Scan 13 & 14 0.99
Scan 27 & 26 1.56 Scan 14 & 16 0.91
Scan 26 & 25 1.43 Scan 16 & 15 0.73
Scan 25 & 28 2.07 Scan 15 & 17 0.5
Scan 28 & 5 2.17 Scan 17 & 18 0.28

Scan5 & 4 1.86 Scan8 & 7 1.22
Scan 4 & 31 1.27 Scan7 & 6 0.7
Scan 31 &9 14 Scan 25 & 20 1.09

Scan9 & 8 1.51

26 Scans - c. 30 ha . 39 min

15



3.2.  Application of the algorithm using cumulative co-registration

3.2.1. Tree pair matching

When matching the obtained tree locations cumulatively, again starting at Scan 34, at first
appearance a similar output to the one described in section 3.1.1 was obtained (Fig. 10). The
remaining offsets between matching pairs of adjacent scans, however, were lower after the
application of the cumulative method. To facilitate a closer look at each separate scan after
the application of this co-registration method, detailed cuttings of each tree location point

pattern with its adjacent point patterns are provided in Appendix A.

Tree positions

o
o_
N
o_

[2]

[0

2

®©

£

g 84

g o

?

>

.

o
o
)
I
o
o
@

-600 -400 -200 0 200
X-coordinates

Figure 10: Tree locations after cumulative transformation
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Especially when once again taking a closer look at the exemplary clipped section of Scans 11
and 5 (Fig. 11), the difference becomes obvious. The offsets between the same matching
points which have been analysed in Section 3.1.1 ranged between 0.44 cm and 19.20 cm,
with @ mean deviation of 5.10 cm (standard deviation = 3.19 cm). When choosing an initial
point pattern near the centre of the scanned area, the deviation between matching tree
locations ranged between 0.48 cm and 20.66 cm with a mean of 4.50 cm and a standard

deviation of 3.31 cm.

Matching tree pairs of Scans 5 & 11 after cumulative transformation

mean deviation = 0.051 m
RMSE = 0.060 m
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Figure 11: Plotted matching pairs of Scan 5 & 11. The offsets never exceed 20 cm.
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3.2.2. Computation time

The time needed for the computation of all transformations, using the hardware components
listed in section 2.2, is depicted in Table 3. Since the number of points to which a point pattern
is matched rises with each iteration, the computation time per iteration increases accordingly.
Scan 10 had to be registered separately because of registration errors. They probably
occurred due to a corrupted point cloud and tree location errors. This would also explain the
relatively large offsets of Scan 10, which are clearly recognizable in Appendix A, even after

the direct registration only with its neighbours.

Table 3: Computation time for cumulative co-registration

Scan 34 & 33 2.36 previous &10 204.97
previous & 32 5.04 previous & 11 234.06
previous & 30 9.21 previous & 12 281.95
previous & 29 16.39 previous & 13 306.56
previous & 27 25.45 previous & 14 331.84
previous & 26 36.34 previous & 16 353.72
previous & 25 47.97 previous & 15 407.99
previous & 28 65.61 previous & 17 429.27
previous & 5 87.29 previous & 18 446.46
previous & 4 106.94 previous & 20 519.80
previous & 31 125.23 previous & 7 493.11
previous & 9 140.07 previous & 6 512.67
previous & 8 177.78 Scan 10 and adjacent 11.99
26 Scans - c. 30 ha c. 89 hours / 3.7 days
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4. Discussion

4.1. Parameter settings

The parameter which was varied to optimize the registration results was k, the number of
matching pairs selected for the computation of tentative transformation parameters. As
described in section 2.3.2.1, these k transformations were applied to all tree locations of one
point pattern to identify the transformation with the highest number of matching trees. Hyyppa
et al. [13] suggest that suitable values for the parameter k lie between 10 and 50, depending
on stem density and estimation errors of the tree locations [13]. Since these variables change
with each scan, an adaptable parameter k seems to be a reasonable solution. As mentioned
before, the temporary number of k, analysed for the identification of the optimal value for this
parameter, was 60. The selection of this value allowed for a reliable determination of the
optimal value for the parameter k, as the range suggested by Hyyppa et al. [13] is covered

with certainty.

4.2. Sequential versus cumulative co-registration

The crucial difference between the two conducted methods for the registration of multiple
adjacent point patterns is the accuracy of the transformations. As mentioned in the previous
sections, the accuracies which can be achieved with sequential co-registration contrast
strongly with those reachable when cumulatively matching the point patterns. Since the
obtainment of one contiguous point cloud for the whole area could be useful for a variety of
applications, a fine registration using point-based methods such as PCA should be possible,
only functioning with already quite closely matched point clouds [17,20]. Thus, a high
registration accuracy is a fundamental requirement of the algorithm. As a result, a distance
between two matching trees of over 3 m, as was sometimes the case for the sequential

registration method, disqualifies the latter for all further applications.

The great registration errors of the mentioned method are probably a consequence of error
propagation [23]. As outlined by Evangelidis et al. [24], these “sequential register-then-
integrate strategies” only lead to optimal results when applied locally, otherwise falling victim
to error propagation. This assumption could explain why adjacent, yet not directly co-
registered point patterns displayed large offsets while point patterns directly matched with
each other did not show these inaccuracies. The sequential method can be considered a
pairwise registration method, contrary to global methods, meaning that transformation

parameters are always computed between two point sets. Since point correspondences might
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not only exist between the co-registered points when operating on multiple point sets, global
methods are considered to be a better alternative for this case of application [25]. The
cumulative approach applied in the course of this thesis resembles these global, also known
as group wise, registrations to the extent that it considers all adjacent point sets which might
have correspondences with the not yet transformed points [23]. The high accuracy of the
applied method results from the fact that, in the end, each point set is finally correlated with all

its neighbouring point sets, leaving less room for potential errors.

Another downside of the sequential method is the impossibility of performing the point set
registration in one run. Depending on the spatial distribution of the conducted scans, there
were always one or more point patterns which could not be integrated into the “registration
sequence” because, doing so, the algorithm was stuck in a false status beyond the global
optimum. Thus, some point patterns had to be added separately, implying additional work and
losses in efficiency. The cumulative method, however, allowed for the registration of each
point set regardless of any predefined sequence, the only conditions being that the new set of
points is adjacent to the already registered accumulation of point sets and that it contains
enough trees which overlap with the latter. Scan 19 did not fulfil the second condition, as the
scanned area was a deforested area with only few, scattered trees spread over it. The
overlapping areas need to contain a high number of trees for the registration algorithm to work
optimally, which was not sufficiently considered during the scanning process and thus lead to
the exclusion of scans 19, 21, 22, 23 and 24.

The drawback of the more accurate, cumulative registration method is its high computation
time, which increases with each iteration, such as already mentioned in Section 3.2.2. Since
the feature descriptor vectors for every single point in each of the point sets as well as the
Euclidean distances between them must be calculated, computation time inevitably rises with
increasing point number, as is the case when cumulatively matching the point sets.
Undoubtedly, the original MATLAB version of the registration algorithm developed by Hyyppa
et al. [13] would perform much faster than its modified R version, as R is known to be the
slower of these two programming languages [26]. However, the computation time seems

tolerable, especially when the relatively large extend of the study area is considered.

4.3. Outlook

Since the starting positions of multiple scans are usually not exactly in the same height and
each scan produces its own local coordinate system, the final step to complete the coarse
registration would be the transformation of the z-coordinate. Wang et al. [7] for example

computed the vertical translation by calculating the differences between the z-coordinates of
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matching tree pairs and averaging the results over the total number of matches, which is
possible because modern scanners usually produce well-levelled point clouds. This approach
implies that each matching tree position in one point pattern can be assigned to its
corresponding position in the other point pattern. An easily implementable way of doing this,
which has already been tested successfully, is to identify trees which are closer than a certain
threshold by applying the function “connected.ppp” from the spatstat.geom package [27]. Tree
pairs which are closer than the chosen threshold and exhibit different scan IDs can be
regarded as matching pairs. Taking the mean of their respective attributes, such as DBH,
height or z-coordinate, allows for the merging of trees which would otherwise be duplicated
and thus results in an accurate list of all scanned trees. From this list, stand parameters such
as stem density or volume of standing timber can be calculated. As already mentioned, the
knowledge of corresponding tree pairs also allows for the transformation of the z-coordinate

following the approach described by Wang et al. [7].

After the completion of this step, a fine registration based on the coarsely transformed point
clouds can be performed. The open-source program CloudCompare [21] includes a tool for
the fine registration of point clouds based on an ICP algorithm, which could offer a solution for
this final task of improvement. The input data required for this algorithm are basically two point
clouds: a “data” point cloud, which should be transformed and a “model’-point cloud, which
acts as reference. For each point of the data point cloud, the ICP algorithm in CloudCompare
calculates the closest point in the model point cloud and afterwards minimizes the RMSD
(Root mean squared deviation) between these points by applying iteratively optimized
transformation parameters on the data point cloud. Adjustable parameters for this process
include the number of iterations and a scaling parameter [28]. Although Rajendra et al. [20]
pointed out that other ICP algorithms, such as Brute Force or KDTree, perform better than the
algorithm implemented in CloudCompare when it comes to speed and accuracy, the latter still

produced promising results in various studies [22,29].

According to Hyyppa et al. [13], there are several possibilities for improving the efficiency and
accuracy of the coarse registration algorithm. If desired, additional parameters can be added
to the feature descriptor vectors, such as DBH or height of the trees. The computation of these
feature descriptors could be parallelized in some degree and the identification of the nearest
neighbouring trees can be accelerated by space-partitioning [13]. For the size of the given
research area however, computation time kept within reasonable bounds and thus no further
adjustments to increase time efficiency were made to the algorithm. The inclusion of the DBH
as additional parameter was not considered as necessary, since the described registration
method led to adequate results and every additional parameter would only lead to higher

computation times.
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5. Summary and Conclusions

The efficient co-registration of point clouds obtained from Personal Laserscanning is an
indispensable component of modern forest inventory based on LiDAR technology. The time-
and labour-consuming target-based registration has long been a major obstacle, contributing
eminently to the scepticism of many forestry companies towards the usage of PLS for forest
inventory purposes. Therefore, alternative methods for an efficient co-registration need to be

evaluated in order to put LiDAR technology into practice.

In line with this, the goal of this thesis was to assess an algorithm in terms of its utility for the
target-free coarse registration of PLS-point clouds and, if necessary, make adaptions to adjust
to the given circumstances and tasks. To obtain practically relevant data for the testing of the
algorithm, 30 ha of forested area were scanned in 26 scans using the Personal Laser Scanner
(PLS) GeoSLAM ZEB Horizon (GeoSLAM Ltd., Nottingham, UK). The selected algorithm,
described by Hyyppa et al. [13], is based on the spatial distribution of trees and their postitions
relative to neighboring trees, making it resistant to any given translation or roatation. Some
adjustments were made in order to minimize the input required for the algorithm, leaving only

the tree locations and the neighborhoods of each scan as necessary input.

The resulting transformations exhibited adequate accuracy, allowing for a further fine
registration of the point clouds themselves. Concerning the array of registered tree location
patterns, a cumulative method with each point pattern being matched to the accumulated total
of the already registered point patterns led to the best results. A sequential approach however,
with each point pattern being matched only to its previously registered, direct neighbor,

resulted in large offsets to neighboring points which have not been directly registered.

In summary, the described approach can lay the foundation of an efficient, target-free point
cloud registration, enabling the fast and precise inventory of large forested areas without the
need to spare time and space for the effortful target-based registration. The resulting
redundancy of the latter could ideally pave the way for a broader usage of LiDAR technology

in practical forest inventory.
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