
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Hyyppä, Eric; Muhojoki, Jesse; Yu, Xiaowei; Kukko, Antero; Kaartinen, Harri; Hyyppä, Juha
Efficient coarse registration method using translation- and rotation-invariant local descriptors
towards fully automated forest inventory

Published in:
ISPRS Open Journal of Photogrammetry and Remote Sensing

DOI:
10.1016/j.ophoto.2021.100007

Published: 01/12/2021

Document Version
Publisher's PDF, also known as Version of record

Published under the following license:
CC BY

Please cite the original version:
Hyyppä, E., Muhojoki, J., Yu, X., Kukko, A., Kaartinen, H., & Hyyppä, J. (2021). Efficient coarse registration
method using translation- and rotation-invariant local descriptors towards fully automated forest inventory.
ISPRS Open Journal of Photogrammetry and Remote Sensing, 2, [100007].
https://doi.org/10.1016/j.ophoto.2021.100007

https://doi.org/10.1016/j.ophoto.2021.100007
https://doi.org/10.1016/j.ophoto.2021.100007


ISPRS Open Journal of Photogrammetry and Remote Sensing 2 (2021) 100007
Contents lists available at ScienceDirect

ISPRS Open Journal of Photogrammetry and Remote Sensing

journal homepage: www.editorialmanager.com/OPHOTO
Efficient coarse registration method using translation- and
rotation-invariant local descriptors towards fully automated forest inventory

Eric Hyypp€a a,1,*, Jesse Muhojoki a,1, Xiaowei Yu a, Antero Kukko a,b, Harri Kaartinen a,c,
Juha Hyypp€a a,b

a Department of Remote Sensing and Photogrammetry, Finnish Geospatial Research Institute, 02431, Masala, Finland
b Department of Built Environment, Aalto University, School of Engineering, P.O. Box 11000, FI-00076, Aalto, Finland
c Department of Geography and Geology, University of Turku, FI-20014, Turku, Finland
A R T I C L E I N F O

Keywords:
Point cloud registration
Coarse registration
Airborne laser scanning
Mobile laser scanning
Handheld laser scanning
Individual tree detection
* Corresponding author.
E-mail addresses: eric.hyyppa@nls.fi (E. Hyyp

kaartinen@nls.fi (H. Kaartinen), juha.hyyppa@nls.fi
1 These authors contributed equally.

https://doi.org/10.1016/j.ophoto.2021.100007
Received 31 May 2021; Received in revised form 2
Available online 19 October 2021
2667-3932/© 2021 The Author(s). Published by Els
article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).
A B S T R A C T

In this paper, we present a simple, efficient, and robust algorithm for 2D coarse registration of two point clouds. In
the proposed algorithm, the locations of some distinct objects are detected from the point cloud data, and a
rotation- and translation-invariant feature descriptor vector is computed for each of the detected objects based on
the relative locations of the neighboring objects. Subsequently, the feature descriptors obtained for the different
point clouds are compared against one another by using the Euclidean distance in the feature space as the sim-
ilarity criterion. By using the nearest neighbor distance ratio, the most promising matching object pairs are found
and further used to fit the optimal Euclidean transformation between the two point clouds. Importantly, the time
complexity of the proposed algorithm scales quadratically in the number of objects detected from the point
clouds. We demonstrate the proposed algorithm in the context of forest inventory by performing coarse regis-
tration between terrestrial and airborne point clouds. To this end, we use trees as the objects and perform the
coarse registration by using no other information than the locations of the detected trees. We evaluate the per-
formance of the algorithm using both simulations and three test sites located in a boreal forest. We show that the
algorithm is fast and performs well for a large range of stem densities and for test sites with up to 10 000 trees.
Additionally, we show that the algorithm works reliably even in the case of moderate errors in the tree locations,
commission and omission errors in the tree detection, and partial overlap of the data sets. We also demonstrate
that additional tree attributes can be incorporated into the proposed feature descriptor to improve the robustness
of the registration algorithm provided that reliable information of these additional tree attributes is available.
Furthermore, we show that the registration accuracy between the terrestrial and airborne point clouds can be
significantly improved if stem positions estimated from the terrestrial data are matched to stem positions obtained
from the airborne data instead of matching them to tree top positions estimated from the airborne data. Even
though the 2D coarse registration algorithm is demonstrated in the context of forestry, the algorithm is not
restricted to forest data and it may potentially be utilized in other applications, in which efficient 2D point set
registration is needed.
1. Introduction

With the rapid development of geospatial technologies, the need to
integrate point cloud data collected using different sensors, platforms,
and moments of time has increased. Most point cloud matching tech-
niques employ the coarse-to-fine strategy (Guo et al. (2013)). The coarse
matching step aims to find an approximate estimate for the orientation
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and the translation parameters between two data sets that are modeled as
rigid bodies (Xu et al. (2019)). Following the coarse registration, a fine
registration step is then applied typically using a normal distribution
transform (NDT, Biber and Straβer (2003)) or iterative closest point (ICP)
algorithms (Besl and McKay (1992)) and their variants (e.g., Das and
Waslander (2014); Censi (2008)). Reviews of general-purpose registra-
tion methods have been presented in Zhu et al. (2019), Maiseli et al.
uhojoki), xiaowei.yu@nls.fi (X. Yu), antero.kukko@nls.fi (A. Kukko), harri.

October 2021

al Society of Photogrammetry and Remote Sensing (isprs). This is an open access

mailto:eric.hyyppa@nls.fi
mailto:jesse.muhojoki@nls.fi
mailto:xiaowei.yu@nls.fi
mailto:antero.kukko@nls.fi
mailto:harri.kaartinen@nls.fi
mailto:harri.kaartinen@nls.fi
mailto:juha.hyyppa@nls.fi
http://crossmark.crossref.org/dialog/?doi=10.1016/j.ophoto.2021.100007&domain=pdf
www.sciencedirect.com/science/journal/26673932
www.editorialmanager.com/OPHOTO
https://doi.org/10.1016/j.ophoto.2021.100007
http://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1016/j.ophoto.2021.100007


E. Hyypp€a et al. ISPRS Open Journal of Photogrammetry and Remote Sensing 2 (2021) 100007
(2017), and Guo et al. (2015).
There are also applications, where data registration is not aiming to

provide a fully registered single data set. For example, the variance in the
other data set can lead to increased variance in the other or the joint data
set. Sometimes it is beneficial to process the data sets individually and
integration is done, e.g., at the object level (e.g. Liang and Hyypp€a
(2013)). As an example of such an application, forest inventory requires
airborne remote sensing data covering the whole forest area to be in-
ventoried as well as data from smaller field reference plots or individual
trees that are needed for teaching the machine learning models used to
predict tree characteristics from the airborne data. Recently, automated
methodologies have been developed for field reference collection using
technologies such as terrestrial laser scanning, close-range photogram-
metry, mobile laser scanning (MLS), including backpack, handheld,
vehicle-based, under- and above-canopy un-manned aerial vehicle (UAV)
and smart-phone based laser scanning (e.g. Bauwens et al. (2016);
Bienert et al. (2018); Liang et al. (2019); Cabo et al. (2018); Brede et al.
(2017); Hyypp€a et al. (2018, 2020b,c,a); Hun�caga et al. (2020)). Some of
these technologies are based on simultaneous localization and mapping
(SLAM) approaches that create a point cloud that does not have a position
in the global coordinate system and that can also include internal dis-
tortions due to drift not being properly corrected by loop closure algo-
rithms. For example, handheld laser scanners provide dense terrestrial
point clouds that are in a local coordinate system and that can be used to
accurately derive the stem curves and heights of trees when the tree
crowns are not fully shadowed by lower canopy layers (Hyypp€a et al.
(2020c)). On the other hand, airborne laser scanning data is optimal for
deriving tree heights and 3D crowns. In the worst-case scenario,
fine-registering handheld and airborne laser scanning point clouds gives
rise to additional noise points both below the tree canopy and in the tree
canopy deteriorating the performance when processing the
fine-registered point cloud. Therefore, the preferred solution is to utilize
a coarse matching algorithm to associate the tree attributes derived from
the handheld laser scanning data to individual trees detected from the
airborne laser scanning data.

Coarse matching algorithms can be grouped into classes such as point-
based methods, line-based methods, surface-based methods and other
methods (Cheng et al. (2018)). Point-based methods are usually based on
building corners, traffic and road signs, point feature operators, such as
point feature histogram (Rusu et al. (2009)), spin images of points
(Johnson and Hebert (1999)), scale-invariant feature transform (SIFT,
Barnea and Filin (2007)), local surface patches (Chen and Bhanu (2007)),
intrinsic shape signatures (Zhong (2009)), key point quality (Mian et al.
(2010)), heat kernel signature (Sun et al. (2009)), Laplace-Beltami sca-
le-space (Unnikrishnan and Hebert (2008)),
Mesh-Difference-of-Gaussian (Zaharescu et al. (2009)), or 3D Harris key
points (Sipiran and Bustos (2011)). Eo et al. (2012) suggested a
point-based intensity matching algorithm using SIFT with constrained
geometry for matching two overlapping terrestrial laser scanning (TLS)
point clouds and tested the proposed solution with point clouds of
buildings.

As a brief review, the following concepts have been used in forestry
applications for the coarse registration. The earliest examples included
registering field reference measurements to airborne laser scanning
(ALS) data (Yu et al. (2006); Olofsson et al. (2008); Lindberg et al.
(2013); Hauglin et al. (2014). Yu et al. (2006) minimized the distance
between treetop pairs, as well as difference in tree height, z-coordinate
and diameter at breast height (DBH). Olofsson et al. (2008) modeled tree
positions as a Gaussian surface and fitted the coordinate transformation
by maximizing the cross correlation between the created Gaussian sur-
faces. In Lindberg et al. (2013), the positions were refined by linking tree
pairs with the smallest treetop distances. Hauglin et al. (2014) matched
tree pairs with distance and tree size constraints to derive the optimal
rotation and translation. More recently, Paris et al. (2017) used a
gradient descent method to minimize the difference in the rasterized
canopy height models (CHM) obtained from TLS and ALS. All the
2

aforementioned studies required an initial guess for the transformation
parameters that were obtained by measuring the location of the plot with
a terrestrial device equipped with a Global Navigation Satellite System
(GNSS) receiver.

Dai et al. (2019) applied the mean shift algorithm (Ferraz et al.
(2012)) to detect keypoints from CHMs derived from TLS and ALS point
clouds that had been sub-sampled to similar point densities. Subse-
quently, the key points were coarsely registered with the coherent point
drift method (Myronenko and Song (2010)). The coherent point drift
method is a probabilistic method aiming to minimize the negative
log-likelihood for the points in the second data set to be generated by a
Gaussian mixture model whose centroids are the points in the first data
set. Zhang et al. (2021) utilized fast point feature histograms (Rusu et al.
(2009)) for the coarse alignment. The fast point feature histogram is a
descriptor for 3D point clouds, which describes the local geometry of a
point with respect to the surface normal. The random sample consensus
(RANSAC, Fischler and Bolles (1981)), was used to generate correspon-
dences, aiming to minimize the Huber loss function (Huber (1964)) for
the point cloud.

However, using the entire 3D point cloud, albeit sub-sampled, can be
computationally very expensive. Kelbe et al. (2016) and Polewski et al.
(2019) circumvented this issue by reducing the point clouds down to tree
locations. Kelbe et al. (2016) used RANSAC to perform coarse registra-
tion between two similar point clouds. To reduce the prohibitive
computational cost of the RANSAC, they utilized measured tree di-
ameters at breast height to sort the correspondences by similarity.
Polewski et al. (2019) computed a global descriptor for each detected
tree, containing sorted distances to all other trees, supplemented by ab-
solute measures, such as DBH and height, in order to fit a coordinate
transformation between a backpack laser scanning point cloud and an
ALS point cloud. In their method, the similarities between all the de-
scriptors were computed and the optimal transformation was found by
maximizing a scoring criterion based on the number of matches and
average distance between them, while reducing computational load with
the help of simulated annealing. However, using a global descriptor with
OðnÞ entries can be computationally too expensive for the registration of
large point clouds that may contain n > 100–1000 trees. The time
complexity of the above described solutions based on tree locations scale
typically as Oðn3Þ–Oðn4Þ in the number of trees detected from the point
clouds.

In this paper, we depict a computationally fast (time complexity
Oðn2Þ) coarse registration algorithm, the goal of which is to find the 2D
Euclidean transformation between two point clouds that are in different
coordinate systems. The proposed algorithm utilizes the locations of
objects detected from the point clouds in order to construct a rotation-
and translation-invariant feature descriptor vector for each of the objects.
The feature descriptor vectors are utilized to find promising matching
object pairs that are further used to fit the Euclidean transformation
between the two point clouds in a quadratic time with respect to the
number of detected objects. In this work, we utilize both simulated and
real data to demonstrate the potential of the proposed algorithm in the
context of forestry by using trees as the objects. Using simulated data, we
show that the algorithm is fast and performs well for a large range of stem
densities and plot sizes. Additionally, we show that the algorithm works
reliably even in the presence of moderate errors in the tree locations,
commission and omission errors in the tree detection and only partial
overlap of the data sets. The simulated data sets also allow us to verify
that the accuracy and robustness of the algorithm may be improved
further by using additional tree attributes, such as the DBH or the tree
height, in the matching if such information can be accurately estimated
from both of the point clouds.

In the case of real point clouds, we apply the algorithm to find the 2D
Euclidean transformation between tree maps obtained fromMLS and ALS
point clouds, which allows us to estimate the positions of the trees
detected from the MLS data in a global coordinate system. As an



Fig. 1. Schematic illustration of the construction of the feature descriptor vector
f pck ;j for a single tree at the location xpck ;j in the point cloud k. The red circle
corresponds to the tree, for which the descriptor is to be computed, whereas the
black circle denotes the closest neighboring tree that we use to define the
characteristic direction vpck ;j. The green circles denote the closest neighboring
trees in each of the four quadrants. To compute the feature descriptor for the
central tree, we use the distances ri from the central tree to the neighboring
trees, and the angles φi that the neighboring trees make with respect to the
quadrant borders. The remaining blue circles denote other nearby trees. The
dashed red circle illustrates the search radius R. If some of the quadrants contain
no trees within the search radius, the corresponding entries in the feature
descriptor are set to �1. (For interpretation of the references to colour in this
figure legend, the reader is referred to the Web version of this article.)
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additional novelty, we show that the registration accuracy can be
significantly improved if stem positions estimated from the MLS data are
matched to stem positions estimated from high-density ALS data instead
of the corresponding tree top positions estimated from the ALS data. The
improvement in the registration accuracy is the larger the smaller area
the MLS point cloud covers.

2. Algorithm

2.1. Problem description

The goal of the proposed algorithm is to find the 2D Euclidean
transformation between two point clouds whose (x, y) coordinates are in
different coordinate frames and whose z axes point to approximately the
same direction. Such a situation is ubiquitous in many forestry related
remote sensing applications and it may arise, for example, if the first
point cloud is not georeferenced (e.g., MLS data), whereas the second
point cloud is georeferenced (e.g., ALS data). Mathematically, the 2D
Euclidean transformation between the two point clouds can be parame-
trized by the rotation angle θ 2 R and the translation vector t 2 R2 as

x2 ¼ RðθÞx1 þ t; (1)

where RðθÞ 2 R2�2 is the rotation matrix corresponding to the angle θ

and the vectors xi 2 R2; i ¼ 1;2, contain the (x, y) coordinates of a point
correspondence in the two coordinate frames.

2.2. Description of the algorithm

In this section, we describe a robust, efficient and simple algorithm
for solving this coarse registration problem in the case of forest related
data. In our algorithm, we assume that the point cloud data has been pre-
processed such that individual trees have been detected using some tree
detectionmethod (see e.g., Hyypp€a et al. (2020a)), and the coordinates of
the detected trees have been stored in the matrices X1 2 R2�n1 and
X2 2 R2�n2 , where n1 and n2 denote the numbers of detected trees in the
data sets 1 and 2, respectively. To improve the numerical stability, it may
be useful to center the matrices X1 and X2 by subtracting the mean co-
ordinate. Our algorithm takes the tree locations as its input and aims to
find the 2D Euclidean transformation between the two data sets using
only the geometric information encoded in the tree locations. If available,
the robustness of the algorithm can be improved by using additional
tree-specific features such as tree heights for the registration. Note that it
is not known a priori, which of the detected trees correspond to each
other in the two point clouds and therefore, we must find the matching
tree pairs before determining the optimal transformation between the
two data sets. It is also noteworthy that we do not assume anything about
the magnitude of the rotation angle or the translation vector meaning
that the algorithm can find a general 2D Euclidean transformation with
no initial guess required for these parameter values.

To solve the registration problem efficiently, we first construct a
feature descriptor vector for each of the detected trees based on the
relative locations of the neighboring trees using an approach that is
visualized in Fig. 1. Note that the proposed feature descriptor vector
depends only on the immediate local neighborhood of each tree unlike,
e.g., in Polewski et al. (2019), where a global feature descriptor
depending on the locations of all trees was used. This allows us to
compute the similarity between two feature descriptors in a constant
time Oð1Þ once the descriptors have been computed for each tree. In
Polewski et al. (2019), the similarity computation between two global
feature descriptors takes a time Oðn1n2Þ using a dynamic programming
method. Here, we describe the construction of the feature descriptor
vector from the point of view of a single tree in one of the point clouds:

1. First, we find the closest neighboring tree within the same point cloud
pck for the tree of interest with index j. We use the location of the
3

closest neighboring tree to define a characteristic direction vpck ;j 2 R2

for the tree of interest as

vpck ;j ¼
ypck ;j � xpck ;j��ypck ;j � xpck ;jk2

; (2)

where xpck ;j 2 R2 denotes the location of the tree of interest in data set k,
and ypck ;j 2 R2 denotes its spatially closest neighboring tree in the same
data set.

2. We divide the xy plane around the tree of interest to four quadrants as
shown in Fig. 1 by using the characteristic direction and the direction
perpendicular to it as the axis directions.

3. We consider each of the four quadrants at a time and find the closest
neighboring tree in each of the quadrants provided that such a tree
exists within a search radius R.

4. Using the closest tree in the ith quadrant (i¼ {1, 2, 3, 4}), we compute
the distance ri between the closest tree in the ith quadrant and the tree
of interest. In addition, we also compute the angle φi between the
closest tree in the ith quadrant and the quadrant border.

5. Using the distances ri and angles φi, we construct a rotation- and
translation-invariant feature descriptor vector f pck ;j 2 R8 for the tree
of interest as

fpck ;j¼
�
r1
�
R; r2

�
R; r3

�
R; r4

�
R;:::

φ1=ðπ=2Þ;φ2=ðπ=2Þ;φ3=ðπ=2Þ;φ4=ðπ=2ÞÞ;
(3)

where the elements of the descriptor vector have been normalized to be
in the interval [0, 1].

6. If there is no tree within the search radius R in some of the quadrants,
the corresponding entries in the feature descriptor f pck ;j are set to �1.
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Importantly, the feature descriptor can be straightforwardly extended
to incorporate more variables if, e.g, stem diameters or tree heights are
known accurately for all of the detected trees in the two data sets. Note
that the possible additional variables must be rescaled to be of the same
order of magnitude as the normalized descriptor elements in Eq. (3). We
also point out that the computation of the feature descriptors in Eq. (3)
can be carried out efficiently since the computations for the different
trees can be parallelized to a high extent. Furthermore, it is possible to
use space-partitioning data structures to speed up the search of the
nearest neighboring trees if desired. If no space-partitioning data struc-
tures are used, it takes a time of Oðn21 þn22Þ to compute the feature de-
scriptors of all the trees in the two point clouds.

After computing the feature descriptors for each of the trees in both of
the point clouds, we use the following steps to find matching tree pairs
and to fit the optimal Euclidean transformation between the data sets:

1. For each of the feature descriptors in the second data set, we find the
nearest neighbor descriptor in the first data set by using the Euclidean
distance in the feature space kf pc2 ;j �f pc1 ;ik2 as the distance metric.
The nearest neighbor descriptors found in this way are treated as
tentative matching pairs.

2. We rank the tentative matching pairs based on the 2nd nearest
neighbor distance ratio (NNDR) defined for each tree in the second
data set as

NNDRj ¼
��f pc2 ;j � f pc1 ;NNðjÞk2��f pc2 ;j � f pc1 ;2ndNNðjÞk2

; (4)

where again pck in the subscript refers to the data set k, f pc1 ;NNðjÞ denotes
the nearest neighbor descriptor to the descriptor f pc2 ;j, and f pc1 ;2ndNNðjÞ
denotes the second nearest neighbor descriptor to the descriptor f pc2 ;j.
Importantly, the matching pairs with a small nearest neighbor distance
ratio are most likely to be reliable since the nearest neighbor distance
kf pc2 ;j �f pc1 ;NNðjÞk2 is significantly shorter than any of the other distances
kf pc2 ;j � f pc1 ;ik2 ; i 6¼ NNðjÞ.

3. Then, we consider the kmost promising tentative matching pairs that
are chosen as the k tentative matching pairs with the lowest nearest
neighbor distance ratio. For each of the kmost promisingmatches, we
compute the Euclidean transformation corresponding to the matching
pair with the help of the characteristic directions and the tree
locations:
(a) As illustrated in Fig. 2, we estimate the rotation angle θ of the

Euclidean transformation with the help of the characteristic di-
rections vpc2 ;j and vpc1 ;NNðjÞ as
Fig. 2. Sign convention of the rotation angle θ. The sign of the rotation angle can
be estimated using the cross product between the extended characteristic direction
vectors v3Dpc1 ;NNðjÞ and v3Dpc2 ;j that differ from the 2D characteristic direction vectors

with an appended zero-element as the z-coordinate. The magnitude of the angle
can be deduced based on the dot product of the two vectors.

4

θ ¼ acosðvpc1 ;NNðjÞ � vpc2 ;jÞsgn½ðv3Dpc1 ;NNðjÞ � v3Dpc2 ;jÞz�; (5)
where the dot denotes dot product, acos denotes the inverse cosine, the
cross denotes the cross product of 3d vectors and sgn denotes the sign
function that is equal to þ1 for positive arguments and �1 for negative
arguments. Furthermore, v3Dpc1 ;NNðjÞ and v3Dpc2 ;j denote 3-dimensional vectors

obtained by extending vpc1 ;NNðjÞ and vpc2 ;j with one additional zero
element. The subscript z denotes the z component of the cross product.

(b) Using the estimated rotation angle θ and the tree locations
xpc1 ;NNðjÞ and xpc2 ;j, we also estimate the translation vector t as

t ¼ xpc2 ;j � RðθÞxpc1 ;NNðjÞ: (6)

4. For each of the k estimates of the Euclidean transformation, we
compute the number of matching tree pairs as the number of nearest
neighbor tree pairs in the xy plane whose Euclidean distance is below
rthres meters after applying the estimated Euclidean transformation to
the tree locations of the data set 1.

5. The Euclidean transformation estimate with the highest number of
matching tree pairs can be regarded as the best fit.

6. To refine the values of the parameters θ, t, we finally apply an iter-
ative optimization algorithm to minimize the loss function

Lðθ; tÞ¼
X
j

kRðθÞxpc1 ;MATCHðjÞ þ t� xpc2 ;jk22; (7)

where the summation goes only over the matching tree pairs found in the
previous step, and MATCH(j) denotes a mapping from the tree index j of
the data set 2 to the index of the matching tree in the data set 1. We use
the best Euclidean transformation estimate found in the previous step to
set the initial values of the parameters θ, t for the optimization.

7. By using the optimized values of θ, t, we can compute a final estimate
for the number of matching tree pairs as the number of nearest
neighbor tree pairs whose Euclidean distance is below rthres meters in
the xy plane after applying the optimized Euclidean transformation to
the tree locations of the data set 1.

2.3. Relevant qualities of the algorithm

The relevant qualities of the proposed 2D coarse registration algo-
rithm include:

● The algorithm finds the transformation efficiently once the tree lo-
cations have been estimated. The time complexity of the algorithm
scales as Oðn21 þ n22 þ n1n2Þ, where n1 and n2 denote the numbers of
trees in the two data sets.

● The Euclidean transformation can be found with no prior assumptions
of the translation vector t and the rotation angle θ.

● Only the tree locations need to be known to fit the Euclidean trans-
formation, and naturally no information of the matching tree pairs is
needed beforehand. Thus, the algorithm can also be used to find the
Euclidean transformation between MLS data and field reference data
that contains information of the reference tree locations but that is not
associated with any point cloud data.
– Note that there needs to be some variability in the local neigh-
borhoods of the trees for the method to work. This assumption is
satisfied in typical forests (both managed and unmanaged) but may
not be satisfied on plantations, on which the trees may be planted in
a regular and repeating pattern.

● Additional tree attributes, such as tree height or DBH, can be
appended to the descriptor vector. This may help to improve the
robustness of the algorithm if these additional tree attributes can be
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estimated sufficiently accurately for the majority of the trees in both
of the data sets.

● The algorithm has only three free parameters, which are the search
radius R, the number k of tentative matches, for which a tentative
Euclidean transformation is computed, and the threshold distance
rthres for regarding a tree pair as a match. Reasonable values for these
parameters are R ~ 10 m, k ~10–50, and rthres ~ 0.5–2.0 m. Optimal
values for these parameters depend slightly on the magnitude of tree
location estimation errors and the stem density.

3. Materials and methods

As mentioned above, the performance of the algorithm was tested on
both real point cloud data and simulated tree maps of a forest. In this
section, we describe the test sites, acquisition of the point cloud data, pre-
processing of the point cloud data and experiments used to study the
performance of the algorithm using both real and simulated data.

3.1. Test sites

The algorithm was tested on three forest test sites in the south-eastern
corner of Finland in the Lappeenranta region in the boreal forest zone. All
of the three test sites consisted of mature spruce stands. The sites can be
considered to belong to the complexity category “medium difficult”
based on the stem volume per hectare, number of stems per hectare and
the relatively large proportion of spruces among the trees on the test
sites. More detailed descriptive statistics for the DBHs, heights and vol-
umes of trees inside the test sites are provided in Table 1. See also Fig. 3
for a photo of the first test site. The average number of stems per hectare
was 690 stems/ha within the plot 1, 470 stems/ha within the plot 2, and
1000 stems/ha within the plot 3. See Table 1 for the minimum and
maximum stem density within each test site. The statistics for the stem
density have been estimated by drawing a polygon around each test site
and randomly sampling circles with a radius of 7 m within the polygon to
estimate local stem densities at different regions within the test site.

3.2. Data acquisition

For the registration experiment, we decided to use a GeoSLAM Zeb-
Horizon (GeoSLAM, UK) system for obtaining the tree locations from
the ground perspective, and a FGI-developed helicopter-based laser
scanner HeliALS-DW equipped with RieglVUX-1HA and miniVUX-1UAV
Table 1
Descriptive statistics for the DBH, height and volume of individual trees on the
three test sites computed based on the point clouds collected with the Zeb-
Horizon scanner. In the table, we also report the minimum, maximum and
mean stem density within each test site. The statistics for the stem density have
been estimated by drawing a polygon around the test site and randomly sampling
circles with a radius of 7 m within the polygon to estimate local stem densities at
different regions within the test site.

Plot Variables Minimum Maximum Mean Standard
deviation

1 DBH [cm] 9.22 48.57 24.83 7.29
Tree height [m] 4.48 29.80 21.11 4.31
Volume [m3] 0.04 2.49 0.64 0.39
Stem density
[trees/ha]

130 1400 690 –

2 DBH [cm] 8.02 47.78 28.57 5.14
Tree height [m] 6.45 29.70 22.70 2.90
Volume [m3] 0.03 3.50 0.82 0.34
Stem density
[trees/ha]

65 970 470 –

3 DBH [cm] 8.84 51.56 23.29 6.16
Tree height [m] 2.94 27.39 18.89 3.57
Volume [m3] 0.02 2.12 0.50 0.29
Stem density
[trees/ha]

320 2400 1000 –
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scanners (Riegl GmbH, Austria) for measuring the forest structure and
tree locations from the airborne perspective. The Zeb-Horizon scanner
(MLS-ZEB) is a handheld laser scanning system based on a Velodyne VLP-
16 laser scanner mounted on a rotating arm. The airborne system con-
sisted of a GNSS-IMU positioning system based on a LITEF UIMU-LCI
inertial measurement unit, a NovAtel Flexpak6 GNSS receiver and
GGG-703 antenna. The airborne system was mounted on a helicopter.

The data collection procedure for the Zeb-Horizon scanner included
the initialization of the scanner system within the site, covering the site
with a looped square-like walking pattern providing loop closure detec-
tion possibilities for the SLAM algorithm employed in the system, and
finishing the measurement approximately at the centre of the site. The
measurements with the Zeb-Horizon scanner were conducted in October
2020.

The airborne measurements were conducted during the same week.
In the airborne measurements, a flight altitude of 80 m above the ground
was used and the average flight speed was around 9.5 m/s when scan-
ning. The flight path was planned as a 2D grid of straight flight lines and
adapted based on the shape of each site with a targeted flight line sep-
aration of 50 m. For the VUX-1HA system, the scanning was carried out
with a pulse rate of 1017 kHz and 200 lines per second, thus providing an
angular resolution of 1.2 mrad (98 mm point spacing at 80 m range) and
a line spacing of 48 mm. For the miniVUX-1UAV system, the measure-
ments were carried out with a pulse rate of 100 kHz and 100 lines per
second resulting in an angular resolution of 6.3 mrad and a line spacing
of 96 mm. The scan planes were tilted 15� forward with respect to the
vertical plane for both the scanners in order to be able to capture the tree
stems. In this study, we used only the data collected with the VUX-1HA
scanner from the HeliALS-DW system. The resulting point cloud for the
analysis had an average point density of 3800 points/m2.

The ALS-collected point clouds of the test sites 1, 2, and 3 covered an
area of 21 ha, 2 ha, and 3 ha, respectively. The point clouds collected
with the handheld Zeb-Horizon scanner were located within the point
clouds collected by the ALS system, and they covered an area of 0.6 ha,
0.9 ha and 0.7 ha, respectively.

3.3. Pre-processing of the data

The raw data of the Zeb-Horizon scanner data was pre-processed with
the GeoSLAM Hub (version 6.0.0.) software using the following default
processing parameters: Convergence threshold: 0, Window size: 0, Voxel
density: 1, Rigidity: 0, Maximum range: 100 m, Closed Loop. The ob-
tained point cloud data was exported into LAS-format for further pro-
cessing. In the remaining sections of this paper, we refer to the point
clouds collected with the Zeb-Horizon scanner as handheld (HH) data
emphasizing the method of the data collection.

The raw HeliALS-DW data was first processed to obtain an accurate
trajectory using Waypoint Inertial Explorer (version 8.90, NovAtel Inc.,
Canada) and nine virtual GNSS base stations in total from Trimnet service
(RINEX 2.11) located at the airfields, where the aircraft took off and
landed, and at each of the sites scattered over an 80 km spatial span. The
differential GNSS solution was based on GPS and GLONASS constellation
satellites, and multi-pass tightly coupled computing with a 12-degrees
satellite elevation threshold. The output of the trajectory data was at
200 Hz with 6 mm planimetric and 9 mm elevation mean errors, and
0.5 mm and 1 mm standard deviations (STD) respectively. The estimated
mean attitude errors were 0.11 0.11 0.21 arcsec, and the corresponding
STDs were 0.06, 0.06 and 0.07 arcsec. On average, the number of
observed satellites was 12.8 with 7 being the lowest number of satellites
observed at any instant of time.

The raw ALS lidar data was then computed into the point cloud
format by using RiProcess software (version 1.8.8, Riegl GmbH) and its
RiPrecision utility to further optimize the flight path and point could data
geometry. First, the boresight misalignment between the laser scanners
and IMU were solved using a scan alignment tool with automatic tie
plane search and matching over the full range of data. The residual



Fig. 3. Photograph of the first test site consisting mainly of mature spruce trees. For the most part, the other two test sites were also covered by a mature spruce forest.
However, the third test site also contained a significant number of small birch trees.
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alignment error was 66 mm on 111 015 correspondence planes found
from the point cloud data using object distance weighted robust esti-
mation. The next step was to remove the dynamic drifting from the tra-
jectory with the help of the multi-pass lidar data. On average, the
positioning of the trajectory was updated less than a millimetre in plane
and about 7 mm in elevation on average, while attitude corrections were
0.007, 0.007 and 0.002 arcmin for the roll, pitch and heading angles,
respectively. After the optimization step the internal residual error (STD)
for the whole point cloud data was estimated to be 51 mm based on
195 178 planar matches. When selecting only tie planes with at least 500
points per plane (n ¼ 9686) gives 16 mm error (standard deviation).
These planes express a set of good quality planar features, such as
building roofs, road pavement, bare bedrock and such targets found in
the study area. The data was then exported for further processing in LAS
1.2 format with the reflectance values ranging from -25 to 50 dB. In the
remaining sections of this paper, we refer to the point clouds collected
with the VUX-1HA scanner of the HeliALS-DW system as ALS data
emphasizing the fact that the point clouds have been collected using an
airborne platform.

In Fig. 4(a) and (b), we illustrate the point clouds obtained with the
handheld and airborne systems on a small region within the first plot. As
can be seen from Fig. 4(a), the point cloud collected with the VUX-1HA
scanner of the HeliALS-DW system captures the canopy of the forest
accurately allowing us to estimate the tree top locations with a good
precision. Importantly, the ALS point cloud incorporates sufficiently
many stem hits such that it is additionally possible to directly estimate
the stem locations at the height of 3 m. As can be seen from Fig. 4(b), the
HH point cloud collected with the Zeb-Horizon scanner precisely models
the lower parts of the tree stems allowing us to estimate the locations of
individual stems accurately at the height of 3 m. Note that the point cloud
also contains several hits from the tree tops, which would make it
possible to determine the tree heights that could, in principle, be used to
aid the 2D registration.

3.3.1. Estimating tree top positions from ALS point clouds
First, the points in each of the ALS point clouds were classified into

ground and non-ground points by a standard procedure using TerraScan
software (TerraSolid, Finland). Then, a digital elevation model (DTM) of
6

the terrain was constructed using triangulation interpolation based on
the classified ground points. Subsequently, non-ground points were
normalized by subtracting the ground level from the z coordinates of the
points. Finally, a canopy height model (CHM) was produced by dividing
the xy plane into rectangular pixels of size 0.5 m � 0.5 m and finding the
maximum z coordinate of the normalized points within each pixel. In-
dividual trees were detected from the CHM using an algorithm that
combines tree top detection and crown delineation (Yu et al. (2011)). To
this end, the CHMwas first smoothed using a Gaussian filter with a kernel
size of 3-by-3 pixels in order to mitigate the small variation in the canopy
surface. Local maxima were then searched and considered as tree tops.
Finally, the locations of the local maxima were stored in a matrix to be
used for the registration experiments.

3.3.2. Estimating stem positions from HH and ALS point clouds
To estimate stem positions from the high-density ALS point clouds

and from the HH point clouds, we performed the following steps for each
of the collected point clouds usingMatlab: 1) digital terrain model (DTM)
generation, 2) preliminary watershed segmentation and 3) stem detec-
tion. In all of the steps, we used algorithms similar to our previous work
described in Hyypp€a et al. (2020a). Here, we only provide a brief outline
of the algorithms and the interested reader is referred to Hyypp€a et al.
(2020a) for a more detailed description of the algorithms.

We calculated the DTM by using a simple voxel-based algorithm, in
which we divided the xy plane into square-shaped pixels and the z axis
into equispaced height intervals. Then, we estimated the ground eleva-
tion within each xy-pixel by computing the average z coordinate of the
lowest height interval containing at least 1% of the total number of points
within the pixel. The final DTM was obtained by applying Gaussian
smoothing for the preliminary DTM.

In order to speed up the stem detection in step 3, we divided each
point cloud into smaller spatial regions by applying the watershed al-
gorithm for a canopy height model generated from the point cloud. The
canopy height model was obtained by subtracting the ground elevation
from the highest laser hits within each xy-pixel. Each of the resulting
watershed segments included 0, 1 or a few stems. Note that the seg-
mentation process resembles that used to detect trees from ALS point
clouds. Here, our goal was, however, not to detect individual trees but to



Fig. 4. (a) Side view of the point cloud collected on the first test site with the RieglVUX-1HA scanner mounted on the helicopter-based HeliALS-DW system. (b) Side
view of the point cloud collected on the first test site with the handheld Zeb-Horizon scanner. Note that the we have transformed the point cloud collected with the
Zeb-Horizon scanner to the coordinate system defined by the ALS point cloud using our 2D registration algorithm. As a result, the point clouds shown in panels (a) and
(b) cover the same region of the forest. (c) Cross section of an example stem in the ALS point cloud in the height interval z 2 [2.5, 3.5] m. The blue dots correspond to
the raw point cloud obtained by combining the individual point clouds corresponding to different flight lines, whereas the red dots correspond to the end result of the
arc extraction algorithm. At the end of the arc extraction algorithm, the arcs within the given height interval for the tree of interest have been matched locally to find
the optimal circular fit, which is useful for visually inspecting the end result of the stem detection algorithm (see Hyypp€a et al. (2020b) for the arc matching method).
(d) Cross section of the corresponding stem in the point cloud collected with the Zeb-Horizon scanner in the height interval z 2 [2.6, 3.0] m. Here, the blue dots
correspond to the SLAM-corrected point cloud, whereas the red dots show the end result of the arc extraction algorithm. (For interpretation of the references to colour
in this figure legend, the reader is referred to the Web version of this article.)
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divide the point clouds into smaller regions in order to reduce the run
time of the clustering algorithm used for the stem detection in step 3.

In the stem detection algorithm of step 3, we analyzed the point
clouds one watershed segment at a time and aimed to find circular
clusters that could be reliably identified as tree stems. Despite the inte-
grated SLAM system (Simultaneous Localization and Mapping) of the
handheld scanner and the use of GNSS by the ALS system, the positional
drift of individual points in the point cloud was at the ~10 cm level.
Therefore, we used an arc-based stem detection algorithm detailed in
Hyypp€a et al. (2020a,b). Since the number of stem hits in the ALS point
cloud was significantly lower than that in the HH point cloud, we needed
to use somewhat different parameter values for the different data sets in
order to enable successful stem detection.

As a first step in the stem detection algorithm, we grouped the points
in the point cloud based on their time stamp and their z-coordinate by
using a time interval of 3 s (5 s) and a height interval of 0.4 m (1.0 m) for
the HH data (for the ALS data). Subsequently, we utilized the arc
extraction algorithm described in Hyypp€a et al. (2020a) for each of the
obtained point groups. The arc extraction algorithm incorporated the
following steps: 1) density-based clustering for applications with noise
(DBSCAN) (Ester et al. (1996)), 2) robust circle fitting using random
sample consensus (RANSAC, Fischler and Bolles (1981)), 3) removal of
7

noise points close to the edges of the detected circular arcs with the help
of an arc division algorithm (Hyypp€a et al. (2020a)), and 4) a quality
check for each of the arcs with the goal of keeping only reliable circular
fits. For the HH data (ALS data), we used the following quality criteria:

● maximum acceptable standard deviation of the radial residuals:
1.75 cm (1.5 cm)

● lowest acceptable number of points in one arc: 50 (8)
● minimum acceptable stem radius: 4 cm (5 cm)
● maximum acceptable stem radius: 40 cm (40 cm)
● minimum acceptable central angle: 0.6π rad ¼ 108� (0.5π rad ¼ 90�)

After extracting arcs for all the time intervals and height intervals, we
clustered the centers of the arcs in the xy plane with the help of DBSCAN
in order to detect trees. To increase the reliability of the stem detection,
we only accepted clusters with at least 5 (2) arcs as trees in the case of the
HH (ALS) data. In addition, we required that the height difference of the
lowest arc and the highest arc needed to exceed 1 m for the cluster to be
accepted as a tree. Subsequently, we estimated the growth direction of
each tree using principal component analysis (PCA). By using the growth
direction, we finally estimated the location of each detected stem at the
height of 3 m above the ground level. The x and y coordinates of the
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detected stems were stored into a matrix to be used later for the coarse
registration of the point clouds.
3.4. Verification of the registration algorithm

3.4.1. Verification of the algorithm on simulated data
In order to test the performance of the algorithm for various stem

densities, plot areas, and against different types of measurements errors,
we used simulated data sets of tree locations. Furthermore, this allowed
us to gather statistics from a large ensemble. As discussed previously, we
later demonstrate that the algorithm performs similarly on real data sets
as well, confirming that our simulated forests are a sufficiently good
representation of a real one.

The simulated forests were created by drawing random x- and y-co-
ordinates for the tree locations from an uniform distribution, producing a
square shaped forest. The number of trees was chosen based on the forest
area and the desired stem density. As the default value, we used a tree
density of 750 trees/ha. The data (or a subset of it) was then copied to a
different array and the copied tree locations were rotated and translated.
This copy is thereafter referred to as the second data set, and the original
data set is called the first data set. We verified that the performance of our
algorithm is not affected by the magnitude of the translation nor the
rotation angle, and therefore all simulations were performed with an
arbitrarily chosen rotation angle of 1.21 radians and a translation of
-100 m and 200 m in x and y directions, respectively. Lastly, we applied
normally distributed noise with zero mean and a default radial standard
deviation of 0.25 m to the tree positions of the second data set to simulate
measurement errors in the tree positions. The radial standard deviation is

defined as σr ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
σ2x þ σ2y

q
, where σx and σy are the standard deviations in

the x and y directions, respectively. Here, we used σx ¼ σy. We point out
that the default standard deviation of 0.25m is a relatively high standard.
Based on the results in Sec. 4.2, this level of standard deviation can,
however, be realistically reached in a boreal forest if MLS-derived stem
locations are matched to ALS-derived stem locations or if MLS-derived
stem locations are matched to ALS-derived tree top locations and gross
outliers are excluded.

To test the robustness of the algorithm against different sources of
error and in different forest conditions, we altered the plot size, tree
density and the standard deviation of the noise, one at the time, while
keeping the other parameters at their default values. For the plot size, we
used two default values and ran all the simulations for both. In the first
setting, the first data set had a side length of 100 m, and the second data
set was a 30 m by 30 m subset of the first one. In the second setting, both
areas were 30 m by 30 m. We also tested the algorithm in a case where
the data sets did not fully overlap. Furthermore, we tested the perfor-
mance of the algorithm under commission and omission errors by adding
(removing) random trees to (from) the second data set before handing
them to the algorithm.

Finally, we demonstrated that the algorithm can benefit from added
tree attributes to the descriptor, if the attribute can be measured with a
sufficiently low error. For this purpose, we simulated a random tree
height for each tree. The simulated height was drawn from a normal
distribution with a mean of 20 m and a standard deviation of 3 m. The
mean and standard deviation of the simulated heights were chosen to
resemble the statistics of the measured tree heights on the three test sites
(see Table 1). We then added noise to the heights in the second data set.
The noise was normally distributed with zero mean and standard devi-
ation of 0.5 m. The simulated height of each tree was appended to the end
of the feature descriptor vector after dividing by the height of the tallest
tree and multiplying by a pre-defined weight factor. The multiplier was
used to give more weight to the height entry since the locations of the
neighboring trees affected eight elements in the descriptor, whereas the
height information was encoded into a single element. The weight was
not optimized over, because a root-mean-square error of 0.5 m is
currently difficult to achieve in practise. However we tested the
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algorithm with weights of 1, 3, 5, 8 and 10, and found that all of them
improve the results by similar amounts, but the weight factors of 3 and 5
were slightly more effective than the others. Thus, a weight of 3 was used
for this demonstration. When it comes to the other parameters of the
algorithm (see Sec. 2.2), we used a search radius of R ¼ 10 m, distance
threshold of rthres ¼ 1 m, and k ¼ 10 for tentative matches considered.

3.4.2. Verification of the algorithm on real point cloud data
To test the performance of the proposed algorithm on real data sets,

we utilized the tree positions estimated from the HH and ALS point
clouds on the three test sites with the goal to transform the coordinates of
the trees detected from the HH data into the global coordinate system.
First, we used our registration algorithm to fit the 2D Euclidean trans-
formation between the terrestrial and airborne point clouds in the con-
ventional setting, in which the stem positions estimated from the HH data
(see Sec. 3.3.2) were matched to the positions of tree tops detected from
the ALS data (see Sec. 3.3.1).

Due to the relatively high-density of our ALS point clouds, we were
also able to directly estimate the stem positions from the ALS point clouds
as explained in Sec. 3.3.2. This allowed us to test fitting the 2D trans-
formation by matching the stem positions estimated from the HH data to
the stem positions estimated from the ALS data. This second approach
was tested primarily on the first test site with the goal to see whether the
registration accuracy could be improved by using the ALS-derived stem
positions instead of the tree top locations.

In addition to using the full tree maps containing all the detected
trees, we also tested fitting the transformation when using subsets of the
HH-derived tree positions corresponding to plot sizes ranging from
400 m2 to 2500 m2.

In all these tests, we used a search radius of R ¼ 10 m, a distance
threshold of rthres ¼ 0.5 m or rthres ¼ 2.0 m, and k ¼ 10 for tentative
matches to consider.

3.4.3. Accuracy analysis
We evaluated the accuracy of the registration using the root-mean-

square error (RMSE) defined as

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
NM

X
i2M

�����yi � xik22

vuut ; (8)

where yi and xi are the tree positions of the corresponding tree in the first
and second data sets after applying the proposed coarse registration al-
gorithm, M denotes the set of matched trees, and NM the number of
matched trees. In the simulated data sets, all corresponding trees are
known and thus included in M, even if the algorithm does not find the
match. In the case of the simulated data, we removed the noise added to
the second data set before calculating the RMSE so that a perfect fit
would correspond to RMSE ¼ 0 m regardless of the magnitude of the
noise.

In the case of real data sets, the matching tree pairs were obtained as
the nearest-neighbor tree pairs whose Euclidean distance was below rthres
after applying the optimized Euclidean transformation to the tree loca-
tions of the data set 1. Therefore, RMSE alone is not a good indicator for
the registration accuracy for real data sets unless the correctness of the
found matches is verified first. To evaluate whether the fit was correct
when using real data sets, we used our algorithm to find the 2D trans-
formation between the full HH and ALS data sets containing all the
detected trees. The found fit was then inspected by eye and deemed
successful if the tree maps were clearly overlapping after applying the
obtained transformation. When using a subset of the HH data to perform
coarse registration, the fit was deemed as successful if the obtained
transformation parameters were sufficiently close to the transformation
parameters obtained when using the full HH data.

In the case of the simulated data sets, we regarded a fit as successful if
the RMSE computed using Eq. (8) satisfied <1 m. Thus, we defined the
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success rate as

Success rate ¼ Runs with RMSE < 1m
Total number of runs

: (9)

In the analysis of simulated data, where the success rate was lower than
1.0 throughout the parameter range of interest, we used the success rate
as the main tool to evaluate the performance of our algorithm.
Fig. 5. (a) and (b) illustrate the accuracy of the registration as a function of the standa
the accuracy is measured with RMSE defined in Eq. (8) averaged over 1000 simulated
a function the stem density of the simulated plots. In (a), (b) and (c) the red dots repre
simulations producing the blue dots, both data sets had a fixed area of 900 m2. (d) M
simulations where the area of the second data set was kept constant at 900 m2, while
the areas of both of the data sets. (e) Success rate of the registration as a function of
Note that we have computed the mean RMSE in panels (a), (c), and (d) by ignoring th
be lower than the standard deviation of the added noise. (For interpretation of the refe
this article.)

9

4. Results and discussion

4.1. Results for simulations

Figs. 5 and 6 present the results obtained using the simulated data
sets. As illustrated in Fig. 5(a), the registration error is close to zero for
both the data sets with equal and unequal plot sizes, when the standard
deviation of the normally distributed noise is below 0.3 m. For standard
rd deviation of the noise added to the tree positions of the second data set. In (a),
runs and in (b) with success rate defined in Eq. (9). (c) Mean registration error as
sent simulations where a 900 m2 subplot was fitted into a 10 000 m2 plot. In the
ean registration error as a function the plot area. Here, the red points mark the
the area of the first set was increased. The blue dots were obtained by increasing
the standard deviation of the noise for different overlaps between the data sets.
e added noise as explained in Sec. 3.4.3, which explains why the mean RMSE can
rences to colour in this figure legend, the reader is referred to the Web version of



Fig. 6. (a) and (b) Success rate of the algorithm as a function of (a) omission and (b) commission errors. (c) The run time for our implementation of the algorithm as a
function of the plot size for a stem density of 750 trees/ha. The blue dots represent an experiment where the area of both the data sets is the same, whereas red dots
were obtained by keeping the size of the second data set constant at 900 m2. Both curves follow the theoretical n2 scaling, where n is the number of trees, proposed in
Sec. 2.3. We ran the code implemented in Matlab on a laptop with Intel Core i7-10750H 2.6 GHz processor and 62,5 GiB of RAM. (d) Success rate of the algorithm as a
function of the standard deviation of the positional noise when using the default feature descriptor given by Eq. (3) (red dots) and when using the extended feature
descriptor (blue dots) incorporating the tree heights. We added normally distributed noise with a standard deviation of 0.5 m to the tree heights in order to simulate
measurement errors. (For interpretation of the references to colour in this figure legend, the reader is referred to the Web version of this article.)
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deviations of noise ranging from 0.3 m to 0.5 m, the curves start to
diverge from one another, as the error for the plots with unequal size
begins to increase rapidly, while the error for the plots with an equal size
stays low. The success rate (see Eq. (9)) presented in Fig. 5(b), is 100%
below a standard deviation of 0.3 m and over 95% up to 0.5 m for the
experiments where the data sets correspond to plots with an equal size.
For the simulations where a 900 m2 plot was fitted into a 10 000 m2 plot,
the thresholds for 100% and 95% success rate were 0.25 m and 0.35 m,
respectively.

Fig. 5(c) demonstrates that the stem density does not significantly
impact the accuracy and robustness of the fit. Only experiments with 200
trees/ha yielded a considerably lower registration accuracy. This result
did not change when the search radius R was increased, and thus this
outlying result was caused by the low number of trees, rather than the
density itself. The extreme densities of 200 and 2000 trees/ha had 18 and
180 trees in the 900 m2 area, respectively.

The RMSE of the registration as a function of the plot area is shown in
Fig. 5(d). When the area of the second data set was kept constant at
900 m2, the area of the first data set did not impact the accuracy of the
registration. When the area of both sets were kept the same, the mean
RMSE dropped slightly initially and then increased at a linear rate from
0.025 m to 0.28 m, when the area increased from 0.5 ha to 9 ha.

Experiments with partially overlapping data sets are presented in
Fig. 5(e). In these simulations, the area of the first data set was fixed to
10 000m2. The second data set had a constant overlap of 300m2 with the
first one (after the correct transformation), while the area outside of the
first data set was altered such that the overlap varied between 25% and
10
100% of the total area of the second data set. As can be seen from
Fig. 5(e), the success rate was high even for the lowest overlap of 25% as
long as the standard deviation of position errors was below 0.3 m. As
expected, the success rate decreases faster as a function of the standard
deviation of position errors in the case of partial overlap, but the dif-
ference to the case of full overlap is relatively small as long as the overlap
exceeds 50%.

Fig. 6(a) and (b) illustrate the success rate of the algorithm under
simulated omission and commission errors, respectively. For the data sets
with vastly unequal plot areas, the performance of the algorithm starts to
deteriorate when roughly 10% of the trees are missing or the same
amount of extra trees are detected. Data sets that are of the same size
perform significantly better in this test than the data sets with vastly
different plot areas. The algorithm can successfully register the data sets
of equal area in almost 90% (98%) of the cases even when the omission
(commission) error equals 40%. When data sets with vastly different plot
areas are used, the success rate drops to approximately 40% and 80% for
a 40% omission and commission rate, respectively. Importantly, the
commission (omission) errors were simulated by adding (removing) trees
sampled from a uniform distribution. Therefore, it is possible that the
success rate is higher for real data sets than predicted by these simula-
tions if the omission and commission rates vary in different parts of the
plot. In such a case, there may still exist regions where the omission and
commission rates are low, and thus the local nature of our feature
descriptor enables accurate registration of the data sets.

The execution time of our algorithm is presented in Fig. 6 (c) as a
function of forest area. The execution time stayed below 20 s on our
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laptop with Intel Core i7-10750H 2.6 GHz processor and 62,5 GiB of
RAM running on Matlab 2020b, even when fitting two tree maps with an
area of 16 ha and containing 12 000 trees each. Note that the speed
improving tricks mentioned in Sec. 2.2, such as space-partitioning data
structures, were not used in our implementation. Finally, Fig. 6(d) il-
lustrates that the descriptor can be improved further, if one can extract
tree related qualities, such as tree height, DBH, or crown volume, suffi-
ciently precisely from both of the data sets.
Fig. 7. Results for the plot 1. Panels (a) and (b) depict an overview of the plot after
point cloud were detected from the canopy height model (stem-to-top approach). Pan
point cloud were used for the registration (stem-to-stem approach). The figures are in
the trees detected from the ALS data. In panels (b) and (d), the green (red) dots show
pair in the HH data, whereas the blue (black) dots show the locations of trees detecte
0.5 m for pairing the trees. (e) Histogram of the radial location error for individual tr
to-stem approach (blue). (f) Error of the rotation angle as a function of the subplot siz
reference angle defining the zero-level for the error. The angle error for the stem-to-to
included here for clarity. (For interpretation of the references to colour in this figur
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4.2. Results for real data sets

Fig. 7 shows the registration results that were obtained for the plot 1
in the Lappeenranta test site. In panels (a) and (b) stem positions detected
from the HH data were matched to the tree top positions estimated from
the ALS data. In panels (c) and (d), we show the corresponding results for
the plot 1 that were obtained when matching stem positions detected
from the HH data to the stem positions estimated from the ALS data. To
distinguish between these two approaches, we use the name stem-to-top
for the first approach and the name stem-to-stem for the latter approach.
fitting the handheld data to the ALS data, when the tree locations from the ALS
els (c) and (d) show the same figures when stem locations detected from the ALS
the coordinate system of the ALS data centered to the average tree coordinate of
the locations of trees detected from the ALS data with (without) a matching tree
d from the HH data with (without) a matching tree pair. We used a threshold of
ees with a matching pair for the stem-to-top approach (orange) and for the stem-
e. The rotation angle obtained from the fit with the full data set was used as the
p method was larger than 1 rad for subplot sizes below 1300 m2, and are thus not
e legend, the reader is referred to the Web version of this article.)
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The panels (a) - (d) depict an overview of the tree maps after aligning the
stem locations detected from the HH data to the tree locations detected
from the ALS data. Based on the aligned tree maps, we can conclude that
the registration algorithm was able to correctly estimate the trans-
formation parameters even though the ALS point cloud covered a roughly
40 times larger region than the HH point cloud. To obtain these results,
we used a distance threshold of rthres ¼ 0.5 m for determining the nearest
neighbor pairs that were considered as matching tree pairs. Note that the
coordinates of the trees detected from the ALS point cloud have been
shifted such that the average coordinate is zero in both the x direction
and the y direction. The RMSE of the matching tree pairs was found to be
Fig. 8. (a) and (b): An overview of the plot 2 after transforming the tree locations
proposed coarse registration algorithm. The green (red) dots show the locations of tree
whereas the blue (black) dots show the locations of trees detected from the HH data w
panels (a) and (b), respectively. (c) and (d): same as (a) and (b) but for the plot 3. (e)
and 3, respectively. An angle error significantly larger than 0 rad means that the co
erences to colour in this figure legend, the reader is referred to the Web version of
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0.286 m when using the stem-to-top method, whereas the corresponding
RMSE for the stem-to-stem method was as low as 0.061 m.

In Fig. 7(e), we show a histogram of the radial errors obtained for the
matching tree pairs after the coarse registration process. For the stem-to-
stem approach, most of the radial errors in the tree locations are below
10 cm after the registration. For the stem-to-top approach, the radial
errors are significantly higher due to the inherent difference in the lo-
cations of the stem and the tree top.

As mentioned in Sec. 3.4.2, we also tested fitting the transformation
when using subsets of the HH-derived tree positions corresponding to
plot sizes ranging from 400 m2 to 2500 m2 and the full ALS-derived tree
detected from the HH data to the coordinate system of the ALS data using the
s detected from the ALS data with (without) a matching tree pair in the HH data,
ith (without) a matching tree pair. Values of 0.5 and 2 m were used for rthresh in
and (f): angular error of the registration as a function of subplot area for plots 2
rrect transformation parameters were not found. (For interpretation of the ref-
this article.)
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map. In Fig. 7 (f), we show the error in the estimated rotation angle θ as a
function of the area of the HH subplot used to find the transformation.
The rotation angle obtained from the fit with the full data set was used as
the reference angle defining the zero-level for the error. For the stem-to-
top method, the fit was incorrect for subplots with an area ranging from
400 m2 to 1200 m2, whereas the fit was correct for subplots with an area
exceeding 1300 m2. For the stem-to-stem method, the registration was
successful throughout the whole subplot area range [400, 2500]m2. Note
that we also tracked the error in the translation vector in order to ensure
that the fits with a small rotation angle error also outputted the correct
translation vector. Our results suggest that the errors in the estimated
tree locations have a more detrimental impact on the registration accu-
racy if the HH point cloud covers a very small area as compared with the
ALS point cloud. Importantly, this problem can be mitigated if it is
possible to use stem locations detected from the ALS point cloud for the
registration.

Fig. 8 presents the registration results for the plots 2 and 3. Fig. 8(a)
and (b) show the results of the fit for the plot 2 when using a matching
threshold radius of rthresh ¼ 0.5 m or 2 m, respectively. The same figures
for the plot 3 are presented in Fig. 8(c) and (d). The fit was excellent for
the plot 2, and the result did not changemuch by increasing the matching
threshold. For the plot 3, the matching rate was quite low at 23.0% when
using rthresh ¼ 0.5 m. The proportion of trees with a match increased
significantly to 76.8% when rthresh was increased to 2.0 m. However, the
fit parameters remained unchanged. Furthermore, the registration was
mostly unaffected by changes in the other parameters, as the algorithm
found the correct transformation with any number of tentative matches
considered (k � 1), and with any search radius, R, larger than 5 m. Note
that rthresh ¼ 2.0 m is quite a large value, as the average distance between
trees in our test sites was only approximately 4 m, and thus the analysis
was done with such a large value only to demonstrate the robustness of
the algorithm with respect to changes in its parameter values. We pre-
sume that the small percentage of matched trees in plot 3 is caused by the
relatively large number of small birches present on the test site. These
small birches can be detected from the HH data but not from the ALS
data, and therefore, the feature descriptor vectors computed from the HH
data and from the ALS data can differ greatly for the corresponding tree
pairs making it more difficult to accurately estimate the transformation
parameters.

For the plots 2 and 3, we found that the RMSE of the fit was 0.226 m
and 0.311 m, respectively, for rthresh ¼ 0.5 m, and 0.397 m and 0.969 m,
respectively, for rthresh ¼ 2.0 m. The panels (e) and (f) of Fig. 8 depict the
error in the estimated rotation angle as a function of the subplot area for
the plot 2 and for the plot 3, respectively. The results are similar to plot 1
presented in Fig. 7(f), but the threshold for a successful registration was
slightly lower, around 900 m2 and 780 m2 for plots 2 and 3, respectively.
The maximum subplot size for the plot 3 was lower compared to the other
two plots due to the shape of the plot. The results of the registration
experiment for all the plots are summarized in Table 2.
Table 2
Summary of the registration results for all the 3 plots. The results are presented
for rtresh ¼ 0.5 m and rtresh ¼ 2.0 m (in parenthesis). Matched HH (ALS) trees
mean the ratio of matched trees to all trees detected from HH (ALS) data.

Plot 1 Plot 1 Plot 2 Plot 3

rtresh ¼ 0.5 m (2.0 m) (stem-to-
top)

(stem-to-
stem)

(stem-to-
top)

(stem-to-
top)

RMSE [m] 0.29
(0.80)

0.06 (0.35) 0.23
(0.40)

0.31
(0.97)

Matched trees 204 (335) 366 (389) 316 (347) 143 (476)
Matched HH trees [%] 48.5

(79.6)
87.0 (92.5) 74.7

(82.0)
23.0
(76.8)

Matched ALS trees [%] 2.6 (4.3) 6.3 (6.7) 54.3
(59.6)

8.9 (29.7)

Smallest successful subplot
fit [m2]

1300
(1300)

<400
(<400)

900 (900) 780 (780)
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4.3. Further discussion

Based on the registration experiments conducted on both the simu-
lated and real data sets, we have shown that the proposed coarse regis-
tration algorithm works efficiently and reliably even for large-scale point
clouds incorporating up to thousands of trees in a boreal forest. However,
more tests would be needed to assess how well the proposed registration
method would work in the case of more complex forests containing, for
example, a large number of young trees or a significant proportion of
broad-leaved or deciduous trees. In the following paragraphs, we briefly
discuss possible challenges that may arise in more complex forests and
how these challenges may be overcome.

First, we discuss the case of a forest containing a large number of
young trees growing below the forest canopy. Due to the small height and
diameter of such young trees, it may not be possible to detect the tree
tops or stems of these trees from ALS point clouds using conventional
methods, whereas such trees may still be easily detectable from dense
point clouds produced by a mobile laser scanner such as the Zeb-Horizon
scanner. If the percentage of omitted trees in the analysis of the ALS data
is significant throughout the point cloud, the computed descriptor vec-
tors may no longer match well to those computed from the MLS data,
which may lower the success rate of the registration. Importantly, it
appears to be possible to mitigate this problem to some extent by
excluding trees that are unlikely to be observed from one of the point
clouds before applying the proposed registration algorithm. We demon-
strate this by applying the proposed registration method to the top right
corner of the plot 3 (see Fig. 8(c)), which contained a large number of
small trees that could not be detected from the ALS data due to occlusion
by the forest canopy. The algorithm failed to find the correct trans-
formation parameters when a subplot was taken from this area. However,
the registration results were significantly improved if the shortest trees
were removed from both the HH data and the ALS data before the
registration, as shown in Fig. 9. The figure shows the area of the smallest
subplot with a successful registration result as a function of a height
cutoff value for tree height. For cutoff values of 18–19 m, the smallest
area of successful fit was below 1000 m2, which is comparable to the
Fig. 9. Area of the smallest subplot with a successful fit as a function of the
cutoff for tree height. For a given cutoff value, trees shorter than the cutoff value
were removed from both the ALS and HH data sets before the registration. The
smallest subplot area was determined by calculating the angle error as a func-
tion of the subplot area (see 7 (f)), and considering an angle error smaller than
0.02 rad (~ 1�) as a successful fit. The tested subplot area range was [400, 2500]
m2 and if no successful fit was found, the smallest area of successful fit was set to
2600 m2. Note that the results were obtained by performing the registration
using HH-derived trees in the top-right corner of the plot 3 and the full ALS data
set of the plot 3. The results differ from those in Fig. 8(f) since the lower left
corner of the plot 3 was used to obtain the results in Fig. 8(f).



E. Hyypp€a et al. ISPRS Open Journal of Photogrammetry and Remote Sensing 2 (2021) 100007
other plots. However, the results started to deteriorate at very large cutoff
values due to the low number of remaining trees. Note that the success of
intentionally omitting small trees depends on both the data acquisition
method and the type of forest, and thus confirming the general applica-
bility of this method requires further research.

In broad-leaved or deciduous forests, the horizontal displacement
between the top and the stem of a tree can be significantly larger than for
coniferous trees in a boreal forest. This effectively results in an increased
standard deviation of the tree location errors when using the stem-to-top
registration approach. Therefore, the stem-to-top registration approach
might not work well in such a forest. However, we presume that the
proposed stem-to-stem registration approach should be viable also in
broad-leaved or deciduous forests. Depending on the severity of the oc-
clusion arising from the canopy, it may be necessary to conduct the ALS
measurement during the leaf-off season in order to ensure that the
resulting ALS point cloud contains a sufficient number of stem hits for the
stem detection. To obtain a sufficient number of stem hits, it is also
important that the scanner is tilted away from the vertical direction in the
ALS measurement similarly to our measurements and that the resulting
ALS point cloud has a relatively high point density of� 1000� 5000 pts/
m2. If these conditions are satisfied, we hypothesize that it is possible to
detect a sufficient proportion of the tree stems from the ALS data and
thus, the stem-to-stem registration approach should work reliably.

We would also like to point out that the choice of using NNDR for
ranking tentative matching tree pairs and the choice of setting feature
descriptor entries to�1 in the case of missing neighboring trees are well-
working heuristics and we have not thoroughly investigated whether
these choices are optimal. In our algorithm, trees on the outer boundary
of the point cloud are often associated with feature descriptor vectors
incorporating several entries set to �1, which may lead to false tentative
matches possibly degrading the registration accuracy if the number of
trees on the boundary of the point cloud becomes very high. Thus, it may
actually be a better option to remove feature descriptor vectors including
�1's from the NNDR ranking. All in all, future work may be needed to
refine the details of the algorithm in order to further improve the
robustness of the proposed method.

One interesting future research direction would be to use the pro-
posed coarse registration method for eliminating possible drifts present
in a SLAM-corrected MLS point cloud with the help of a previously
measured high-definition (HD) map of the corresponding forest region.
In principle, this may be achieved by splitting the MLS point cloud into
short time intervals and then finding the locations of stems for each short
time interval. Subsequently, the tree maps obtained during each time
interval are matched to the HD map using the proposed coarse registra-
tion algorithm. The HD map of the forest would include information of
the locations of the trees (tree tops or stems) and possibly some other
attributes, such as DBH. It remains to be seen whether such an approach
will be helpful in eliminating the remaining drifts in an MLS point cloud
and what are the requirements for the HD map if such an approach is
viable in the first place.

4.3.1. Extending the algorithm to fit a 2D similarity transformation
The algorithm described in Sec. 2 can be extended to estimate the

parameters (s, θ, t) of a 2D similarity transformation x2 ¼ sR(θ)x1 þ t,
which may be useful for registering a photogrammetric point cloud to a
laser scanning point cloud. To this end, we modify the feature descriptor
estimation process as follows: For each of the detected trees in both of the
point clouds, we not only estimate the normalized characteristic direc-
tion vpck ;j 2 R2 based on the closest neighboring tree but we also record
the distance to the closest neighboring tree dpck ;j ¼ kypck ;j � xpck ;jk2,
where similarly to Sec. 2.2 we use xpck ;j to denote the location of the tree
of interest and ypck ;j to denote the location of its closest neighboring tree.
Similarly to Sec. 2.2, we find the closest neighboring trees in each of the
four quadrants in a coordinate system defined by the characteristic di-
rection vpck;j and the direction perpendicular to vpck ;j. Unlike in Sec. 2.2,
14
we define the equation for the feature descriptor of a single tree as

f pck ;j ¼ �
βr1

�
dpck ;j; βr2

�
dpck ;j; βr3

�
dpck ;j; βr4

�
dpck ;j; :::

φ1=ðπ=2Þ; φ2=ðπ=2Þ; φ3=ðπ=2Þ; φ4=ðπ=2ÞÞ;
(10)

where β 2 R is a weight factor compensating for the fact that the
distance-related entries would have values exceeding unity in the
absence of the weight factor. Similarly to Sec. 2.2, we use ri, i 2 {1, 2, 3,
4}, to denote the distance to the closest neighboring tree in the ith
quadrant, and φi, i 2 {1, 2, 3, 4}, to denote the angle between the closest
neighboring tree and the quadrant border. Importantly, the feature
descriptor in Eq. (10) is invariant under arbitrary scaling, rotation and
translation transformations. Here, scaling refers to a uniform scaling
transformation that does not change the angle between two lines.

Similarly to Sec. 2.2, we can use the Euclidean distance between the
feature descriptors of different point clouds in the feature space to find
tentative matching tree pairs. For the k most promising tentative
matching pairs based on the nearest neighbor distance ratio, we need to
estimate the scaling parameter s as well as the rotation angle θ and the
translation vector t. For a tentative matching pair (NN(j), j) corre-
sponding to tree locations xpc1 ;NNðjÞ and xpc2 ;j, the scaling factor s can be
estimated using the nearest-neighbor distances dpc1 ;NNðjÞ and dpc2 ;j as s ¼
dpc2 ;j=dpc1 ;NNðjÞ. The rotation angle θ can be estimated similarly to Sec. 2.2
using the normalized characteristic directions, and the translation vector
can be finally estimated as t ¼ xpc2 ;j � sRðθÞxpc1 ;NNðjÞ. Again, we find the
best tentative transformation based on the number of matching tree pairs
after performing the tentative transformation to the trees in the data set
1. The parameter values corresponding to the best tentative trans-
formation can be taken as the starting point for the iterative optimization
process with the loss function

Lðs; θ; tÞ¼
X
j

ksRðθÞxpc1 ;MATCHðjÞ þ t� xpc2 ;jk22; (11)

where the sum goes over the matching tree pairs found using the best
tentative transformation assuming a distance threshold of rthres. This
modified process gives us an estimate of the transformation parameters
(s, θ, t) with practically no computational overhead as compared with the
default version of the algorithm. Thus, the time complexity of the
modified algorithm is also Oðn21 þ n22 þ n1n2Þ.

5. Conclusions

In this paper, we have proposed an efficient algorithm for deter-
mining the 2D Euclidean transformation between two point clouds that
are originally in different coordinate systems. The proposed algorithm
requires no other input information than the locations of some distinct
objects that have been detected from the point cloud data before running
the registration algorithm. In the proposed algorithm, the locations of the
detected objects are used to construct a rotation- and translation-
invariant feature descriptor for each of the detected objects, which en-
ables finding the 2D Euclidean transformation between the point clouds
in a quadratic time with respect to the number of the detected objects.
Importantly, the proposed algorithm requires no prior assumption of the
parameters of the optimal 2D Euclidean transformation. The proposed
algorithm can also be straightforwardly extended to efficiently estimate a
2D similarity transformation between two point sets while retaining the
quadratic time complexity.

In this paper, we applied the algorithm in the context of forestry to
find the 2D transformation between a terrestrial point cloud in a local
coordinate system and an airborne-collected point cloud in the global
coordinate system. To this end, we used the locations of trees detected
from the point clouds in order to fit the coordinate transformation. With
the help of simulations, we showed that the proposed algorithm works
reliably in the presence of moderate measurement errors in the estimated
tree locations for a large range of realistic stem densities. In addition, we
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verified that the algorithm works well even if one of the point clouds
covers a 100 times larger area than the other or even though there is only
partial overlap between the point clouds. Importantly, the simulations
confirmed that the algorithm is truly efficient since our Matlab imple-
mentation of the algorithm was able to determine the coordinate trans-
formation between two tree maps each containing 10 000 trees in
approximately 10 s on an ordinary laptop computer. Our simulations also
revealed that the proposed method is relatively robust against omission
and commission errors in the tree detection if the two point clouds cover
an almost equal area. However, our simulations predict that spatially
uniform omission and commission rates of above 15% may begin to
degrade the registration accuracy if one of the point clouds covers a
significantly smaller area than the other. Using simulations, we also
demonstrated that additional tree attributes, such as tree height or DBH,
may help to make the algorithm more robust against tree location errors
provided that the errors in the additional tree attributes are low enough.

We also studied the performance of the algorithm using real point
cloud data collected on three test sites located in a boreal forest. In the
studies involving real data sets, our goal was to transform a terrestrial
point cloud collected with the hand-held Zeb-Horizon scanner to the
global coordinate system defined by a point cloud collected with an ALS
system. On all of the test sites, the algorithm was able to determine the
correct 2D Euclidean transformation between the point clouds when
utilizing stem locations detected from the terrestrial data and tree top
locations detected from the airborne data. On all of the test sites, the
transformation could be fitted correctly even when using a subplot of the
terrestrial data with a size of approximately 30 m by 30 m that was
20–200 times smaller than the area covered by the airborne-collected
point clouds. Importantly, we also showed that the registration accu-
racy could be significantly improved especially for the smallest subplots
if the stem locations detected from the terrestrial data were fitted to the
stem locations detected from the airborne data.

Future research is required to study the performance of the registra-
tion algorithm in more complex forest conditions. More complex forests
may contain, for example, a large proportion of deciduous or broad-
leaved trees, or a large number of suppressed trees. When it comes to
forests with a large number of suppressed trees, it may be useful to
intentionally ignore small trees in the registration process to ensure that
the computed local feature descriptors are as similar as possible for both
the ALS data and the terrestrial data. Future research is also required in
order to ascertain whether it would be possible to eliminate drifts
remaining in a SLAM-corrected point cloud by using the proposed
method and a HD map of the forest of interest.

Code availability

We provide Matlab code implementing the 2D registration algorithm
of Sec. 2 in https://gitlab.com/fgi_nls/public/2d-registration. The
Gitlab-repository contains Matlab functions implementing the algorithm,
example scripts showing how to use the algorithm, and an example set of
tree locations in different coordinate systems.
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