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Marker-free coregistration of UAV and backpack LiDAR point clouds in forested
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Abstract

13
14 Unmanned aerial vehicle Laser Scanning (ULS) and Backpack Laser Scanning (BLS) are two emerging mobile map-
15 ping technologies applicable for monitoring forested environments in unprecedented detail from complementary perspec-
16 tives. Although ground-based backpack techniques provide detailed information about the forest understory and terrain,
17 the measured point clouds based on SLAM techniques are stitched together gradually and normally expressed in a less-
18 accurate arbitrary coordinate system. Conversely, ULS point clouds are acquired from above and usually georeferenced,
19 yet the point density and penetrability near the ground may still suffer from dense overstory despite the low attitude
gg operation. Coregistering the ground and aerial point clouds in the ULS coordinate system therefore provides a method
5 for fusing understory and overstory information at single tree level without the time consuming procedure of applying
>3 ground control points. Since the ULS and BLS acquisition viewpoints differ greatly, standard coregistration methods
24 requiring 3D point-level correspondences are likely to fail. This paper presents an object-level coregistration approach
25 which instead operates on two sets of tree positions, with the goal of finding the optimal 3D transformation (consisting of
26 rotation, translation and scaling) between the respective coordinate systems. The entire task is decomposed into separate
27 problems of computing the common Z axis, estimating the scale, and 2D coregistration. In contrast to existing methods,
28 our approach does not require additional information such as tree diameters or heights. We evaluated our method on real
29 test plots involving diverse stem densities and tree species situated in forest farm of the eastern coastal region of Jiangsu,
30 China. The tree positions for ground and aerial data were obtained respectively by cylinder fitting and tree segmentation.
31 On 3 coniferous (dawn redwood) plots, 46-81% trees were matched with a distance below 50 cm, and mean position
32 deviation of 27-36 cm. For 4 broadleaf (poplar) plots, no more than 50% trees were matched below a 1 m threshold and
33 mean error of 54-67 cm, which can be attributed to the broadleaf trees’ more irregular shape and lack of a well defined
34 tree top. Moreover, we show that the introduction of scaling into the transform can increase the matched tree count by up
35 to 20 percentage points and decrease the mean matched distance by up to 13% compared to a strictly rigid transform.
36
37 Keywords:
38 coregistration, unmanned aerial vehicle, backpack laser scanning, graph matching, precision forestry
39
40
41 1. Introduction point cloud. This feature is useful for directly relating the

42 acquired 3D data to actual geographic locations. On the

43 Airborne Laser Scanning (ALS) is an established re-  other hand, despite the lower flying altitudes compared to
44 mote sensing technique with many applications in forest ~ ALS, in case of ULS the laser beam is still subject to at-
45 monitoring tasks (Hyyppd et al., 2012). Although tradi-  tenuation when interacting with a dense tree canopy, re-
46 tional ALS systems are mounted on piloted aircraft, recent sulting in insufficient point density near the ground. This
ar advances in hardware have led to the emergence of un- may prove problematic for estimating some forest param-
48 manned aerial vehicle (UAV)-borne laser scanning (ULS). eters of interest, including tree species diversity, vertical
49 This new technique has already shown promise for sev- structure, biomass and the soils carrying capacity, which
gg eral forest inventory applications (Dandois et al., 2015;  require detailed understory information (Korpela et al.,
0> Wallace et al., 2016; Sankey et al., 2017). Similar to its ~ 2012). To name a concrete example, the minimum point
53 predecessor, ULS also possesses integrated global naviga- density near the ground required to successfully segment
54 tion satellite system (GNSS) hardware as well as an inertial fallen dead trunks with a diameter at breast height (DBH)
55 measurement unit (IMU), which results in a georeferenced  of about 30 ¢m is 20 points per m? (Polewski et al., 2015).
56 If the target objects are smaller or exhibit finer geometric
57 - . detail, an even higher point density is necessary. To al-
58 g;r;;sszgfel?fe:‘}“hor' leviate this problem, techniques complementary to aerial
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pealing alternative to TLS in forested environments due
to its relatively low cost, complementary performance and
fast operational time. Note that the ground-based meth-
ods including BLS generally tend to provide the measured
point cloud in a local coordinate system (CS), whereas in
a common forest inventory scenario, a georeferenced CS
is required (Kukko et al., 2017; Bauwens et al., 2016).
In particular, BLS can be equipped with cheap embedded
global positioning system (GPS) modules which are still
insufficient due to their low precision and susceptibility to
canopy attenuation in closed forested areas. Therefore,
in order to transform the coordinate system, additional
effort must be undertaken by providing artificial control
points with a priori measured positions, or by using expen-
sive external navigation devices (GPS, IMU). Moreover,
for BLS based on the simultaneous localization and map-
ping (SLAM) technique it usually requires several iden-
tifiable feature objects in the scene, which are unfortu-
nately scarcely available in forested areas. Consequently,
one usually needs to set up artificial markers with known
coordinates placed on the scanning route to provide addi-
tional support to strip adjustment/stitching and trajectory
georeferencing ability (Ronnholm et al., 2016; Tang et al.,
2015). In this case, the derived BLS point clouds could
further suffer from scale variance and planimetric/vertical
deviations. To enable accurate fusion with the georefer-
enced ULS point cloud, these errors need to be corrected
through coregistration of the two datasets. Unfortunately,
most generic methods for point cloud coregistration re-
quire correspondence on individual 3D point level to cal-
culate a transformation between their respective coordi-
nate systems (Theiler et al., 2014; Weinmann and Jutzi,
2015). Due to the strongly diverging acquisition perspec-
tives, the scans of a forest plot obtained from BLS and
ULS are not expected to overlap to a high degree. Also,
the geometric characteristics of the acquired datasets are
likely to be different. This work presents an alternative ap-
proach based on semantic overlap between the two datasets
- i.e. the fact that they contain complementary informa-
tion about the same objects (trees). We define a fully au-
tomated, marker-free method for coregistering BLS and
ULS point clouds of forested areas, which utilizes rela-
tive tree positions to compute the optimal transformation
(consisting of translation, rotation and scaling) between
their CSs. The core idea is to decompose the coregistra-
tion problem into a series of independent, simpler tasks.
First, the Z axis of the terrestrial dataset is aligned accord-
ing to the dominant tree trunk direction, which yields two
of three rotation angles. Next, the mutual distances be-
tween trees are used for constructing a similarity function
to determine corresponding trees in the two datasets. High-
probability correspondences are found by means of a graph
matching procedure. Moreover, the graph matching score
function is optimized with respect to the scale factor using
univariate maximization methods, which leads to an ap-
proximation of the scale difference between the datasets.
Finally, a combinatorial optimization metaheuristic is ap-
plied to find the subset of correspondences which leads

to the optimal non-rigid transform (measured by matched
tree count), consisting of the final rotation angle, 3D trans-
lation as well as a refinement of the scale factor. This
method is an extension of our previous work (Polewski
et al., 2016), which was originally introduced in the con-
text of coregistering point clouds obtained by ALS as well
as terrestrial photogrammetry. Aside from the application
to new types of data, the methodological contributions of
this paper are: (i) support for automatic scale calculation
at the graph matching and transform calculation levels, (ii)
generalization of the graph matching framework to handle
combinations of similarity functions, and (iii) introduction
of simulated annealing-based optimization for determining
the optimal corresponding tree subset. We evaluate the per-
formance of the proposed method through comprehensive
experiments on 7 real plots from planted forests situated in
the eastern coastal region of Jiangsu, China. Also, a com-
parison to the most relevant competing method is carried
out. We investigate the influence of various parts of the
CS transformation (scaling, 3D rotations) on the coregis-
tration accuracy. Finally, we examine the sensitivity of our
method to large scale variations.

The rest of this paper has the following structure: sec-
tion 2 discusses related work and outlines the differences
between our approach and competing methods. Section 3
is devoted to presenting the entire coregistration approach,
including a method overview (see Fig. 1) and detailed de-
scriptions of each processing stage. In section 4, the details
of data acquisition, evaluation criteria and the conducted
experiments are given, while the next section presents and
discusses the experimental results. The principal conclu-
sions are gathered in the final section.

2. Related work

Several studies regarding coregistration of point clouds
obtained from differing perspectives have been reported
in literature. Persad and Armenakis (2017) proposed an
approach for the automatic coarse alignment of 3D point
clouds acquired from various platforms. However, the
method was based on 2D keypoint matching performed
on height map images of the point clouds, which was
designed primarily for scenes containing man-made ob-
jects. Some research effort has also been dedicated specif-
ically to point clouds acquired in forested areas. St-Onge
et al. (2015) consider semi-automatic fusion of aerial pho-
togrammetric and ALS point clouds. Turning to the case
of TLS/ALS coregistration, Hauglin et al. (2014) consider
the case when an initial georeferenced position of the TLS
scanner is available. They exhaustively check groups of 2
matched tree pairs with distance and tree size constraints to
derive the optimal rotation and translation. This method re-
quires estimates of tree height (from ALS) and DBH (from
TLS) for approximating the tree size. In the work of Brede
et al. (2017), the authors compared RIEGL VUX-1 ULS
system with TLS for estimating forest canopy height and
DBH under the studied forest conditions. They found out
that ALS canopy height models were on average 11.5 cm
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Figure 1: Overview of coregistration framework for a terrestrial and an aerial point cloud representing the same forested area.

higher, which means that TLS could not always detect the
top of canopy. Moreover, 39 out of 58 extracted tree trunks
could be found simultaneously in ALS and TLS for mod-
eling stem diameter (DBH). It showed the complemen-
tary information provided by both data sources. Lindberg
et al. (2012) also consider the TLS/ALS scenario, however
it is assumed that coarse locations of the trees are avail-
able in both datasets (e.g. from GNSS), and the goal is to
refine the positions by linking tree pairs with the small-
est treetop distances. For this purpose, they create pairs
of grayscale images corresponding to the stem positions
and heights of the two tree sets. They assume that the
Z axes of both coordinate systems are equal and focus
on calculating the in-plane rotation angle and 2D trans-
lation through cross-correlation analysis of the grayscale
images. Paris et al. (2017) utilize correlation images of the
aerial and terrestrial canopy height models to calculate the
optimal 2D rigid transform (2 translations, one rotation).
However, this method may not be suitable for BLS data
since in the general case, the scanned point cloud does not
always contain canopy-level information. Moreover, this
method requires initial parameter estimates derived from a
coarse GNSS position. Finally, perhaps the most similar
approach to ours is that of Kelbe et al. (2016), concern-
ing the coregistration of two TLS point clouds of forested
areas. Similar to our method, their strategy is based on
analysis of relative tree positions in both datasets. These
positions are derived from stems segmented in the 3D
data. This method analyses pairs of tree position triplets
to find the best rigid 3D transform aligning the two CSs.
To limit the number of considered triplet pairs, a filter-
ing step is applied based on the stem diameter (DBH).
The remaining triplets are ranked based on their geomet-
ric similarity. One problematic aspect for applying this
strategy to our case of BLS/ULS data is that no tree at-
tributes common to both datasets are guaranteed to exist,
except the tree locations themselves. In particular, neither
tree height or DBH can be estimated from both BLS and
ULS data, which renders the triplet filtering step ineffec-
tive and causes the geometric similarity ranking to boil
down to an exhaustive search. This would be prohibitively
time-consuming for even medium-sized datasets contain-
ing ca. 100 trees. In summary, to the best of our knowledge
there is currently no approach applicable to our scenario
having the following features: (i) not requiring any initial
position/transformation parameter estimates, (ii) handling

changes of scale, (iii) applicable to large-scale datasets,
(iv) not requiring additional common tree attributes. Our
work attempts to bridge this gap by providing a method
fulfilling criteria (i)-(iv).

3. Methods

3.1. Overview

We present a general coregistration framework which
covers various scenarios of terrestrial/aerial point cloud
combinations. The framework distinguishes two types of
input point clouds based on the availability of tree stem re-
flections. If stems are well preserved in the 3D data for
most trees, the tree positions can be derived directly from
stem modeling through 3D fitting of cylinders (Polewski
etal., 2017) or lines (Amiri et al., 2017) depending on the
geometric detail. We regard this step as an external sub-
routine to our framework, which accepts the point cloud
as input and returns a list of 3D segments representing the
fitted cylinder axes or stem lines. At this stage, depend-
ing on the input sensor type, a Z axis correction procedure
may be applied (Sec. 3.4). For datasets originating from
laser scanning (BLS,TLS), the coordinate Z axis is usu-
ally well-aligned with the Z axis of the georeferenced CS.
However, in case of photogrammetric point clouds, the CS
orientation is arbitrary and needs to be corrected. This is
accomplished by aggregating the line segment orientations
obtained from stem modeling and aligning the Z axis with
the dominant direction. The tree positions are calculated
as intersections of the stem lines with the digital terrain
model (DTM). The second category of input point clouds
does not contain sufficient tree stem information. In this
case, single-tree segmentation is applied, and the tree po-
sitions are computed as highest points of each segmented
tree cluster. Here, we assume that the local CS Z axis is
aligned with the Z axis of the georeferenced CS, which
holds for laser scanning systems (ALS, ULS). Once the
tree positions are known and the Z axes are aligned, the
remainder of the problem boils down to 2D coregistration.
The challenging part of this task is finding pairs of corre-
sponding trees in the two datasets. The sets of trees cap-
tured in each of the two datasets need not be equal, we
only assume that a sufficient number (at least 3) of trees is
present in both. In Section 3.5, we describe the part of the
framework which is responsible for constructing a similar-
ity measure between tree pairs based on the distributions
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of inter-tree distances. The pairwise similarities induce a
weighted bipartite graph, whose maximum-weight match-
ing represents the set of high-probability tree correspon-
dences (Sec. 3.6). Note that since the similarity measure
is based on tree distances, it is not invariant under scaling.
Therefore, the graph matching score function is parameter-
ized by a rescaling factor applied to one of the point clouds.
The extremum of this function constitutes an approxima-
tion of the true scale ratio between the coregistered point
clouds. In the final part of the method (Sec.3.7), we seek a
subset of the calculated correspondences which will yield
the optimal coordinate transformation between the point
clouds’ respective CSs. This step is necessary because the
graph matching procedure provides a match for every tree
(from the smaller of the two datasets), but since only a sub-
set of the trees is common to both point clouds, not all cal-
culated correspondences are correct. The subset of optimal
correspondences is found by applying the well-known sim-
ulated annealing (SA) metaheuristic in order to make better
use of computational resources compared to exhaustive or
random search. The typical workflow for coregistering a
pair of terrestrial/aerial point clouds is shown in Fig. 1.

3.2. Notation

In the description of the proposed method, we uti-
lize the following notation: T4, Tp denote respectively
the first and second set of trees to be coregistered, while
tl‘.‘ € Ty, tf € Tp indicate individual trees belonging to
these sets. Datasets A and B contain respectively ny, ng
trees. The 3D positions associated with the trees from each
dataset are represented by P4, Pg, where p? is the position
of the i—th tree from set A.

3.3. Tree stem modeling with cylinders

To fit cylinders to tree trunk points, we first perform
DTM filtering of the point cloud, retaining a vertical slice
of the data in a height interval [A{ . ; A7, ], such that the
points lying within this interval are expected to belong
mostly to tree stems. The specific values of Ay . . A7,
depend on the target area, in particular the height of the
herbal/ground vegetation layer as well as the average tree
heights. We then perform connected component segmen-
tation on the filtered points, and retain components having
at least n.. members, resulting in candidate stem clusters.
If the ground vegetation is low, usually a good separation
of stem candidates can be achieved (see differently col-
ored point clusters in Fig. 2), and the stem positions can
be approximated by the centroids of the clusters’ mem-
ber points. In more complicated scenarios, dense and high
shrub/herbal vegetation may cause the connected compo-
nent segmentation to yield clusters which contain more
than one stem. In this case, a cylinder fitting method which
simultaneously locates multiple cylinders in its input data
should be applied independently to each connected com-
ponent, i. e. the method of Polewski et al. (2017). The
stem positions and orientations can then be derived from
the fitted cylinder axes.

3.4. Z axis adjustment

To find the most probable Z axis based on tree stem ori-
entations, we make use of the fact that trees usually grow
in a direction antiparallel to the vector of gravity, a phe-
nomenon also known as gravitropism. After obtaining the
list of stem lines from cylinder/line fitting, we gather the
normalized line direction vectors v; and compute their 3D
spatial median ¥:

p=argmin )" v = vill (1)
veR3 7

The spatial, or geometric, median is one of several pos-
sible generalizations of the univariate median to multiple
dimensions. It is defined as the vector having the minimal
sum of distances to the set of input vectors. Here we utilize
Euclidean distance as the metric. We chose the multivari-
ate median over a mean as a measure of central tendency
due to its robustness in the presence of outliers, which in
our case may represent false positives from the stem mod-
eling process or inaccurately fitted cylinders/stem lines.
The algorithm of Kirkkiinen and Ayrimd (2005) is ap-
plied to ensure efficient computation of . The original
point cloud is then rotated to align the vector ¥ with the
coordinate Z axis. A sample scene depicting the individual
tree axes and the aggregate Z axis is shown in Fig. 2.

Figure 2: Aggregation of Z axis votes of individual trees (red vectors)
using spatial median results in combined Z axis estimate (green vector).
Point colors represent assigned clusters from connected component seg-
mentation, shown over the DTM (brown surface). Length of aggregate
axis (green vector) is 10 meters.

3.5. Similarity function

The proposed similarity function S (', %) is defined on
a pair of trees belonging respectively to the first and second
dataset. Each tree ¢; is associated with a set of M abstract
features F!,..., FM. The aggregate similarity function is
a convex combination of partial similarities S™(F}", F;."),
which are normalized on the interval [0; 1] and weighted
by the non-negative coefficients y,,:

M M
Sy =Y yuS"EFLFN, Y =1 (2)
m=1 k=1

The relative weights y; should be set based on how well
an attribute can discriminate between different trees in a
dataset. Two types of features may be distinguished based
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on whether they characterize ’absolute’ or ’relative’ traits.
By ’absolute’, we are referring to unary properties of sin-
gle trees which have meaning regardless of other trees in
the same dataset, e.g. tree height, stem diameter, species
etc. Their advantage is that their similarity is easy to model
through a univariate monotonically decreasing function,
e.g. a Gaussian kernel with an appropriate bandwidth o,

S™F!,FT) = exp(-|F]' = F/Q207) ()

It should be noted that matching features may not be avail-
able in the coregistered datasets, due to differing data ac-
quisition perspectives. For example, it is hard to estimate
the tree height from terrestrial point clouds, and the same
is true for DBH estimation from aerial data. Even when
common features are available, they may not be distinctive
enough to provide any useful basis for a similarity func-
tion. A prime example of this would be a dataset covering
a monoculture planted forest, where all trees have approx-
imately the same height and diameter at any point in time.
For these reasons, we augment the absolute features with
the ’relative’ category, where the feature is based only on
mutual distances between trees in the dataset, but does not
have any meaningful interpretation outside the local CS.

Relative features

We consider vector-valued features F¥ = [ flk, e, f,{‘]
which can be interpreted as descriptors of a tree’s distance
to other trees within the dataset. Specifically, recalling the
notation from Sec. 3.2, the general form of the proposed
relative features is:

Fk(rzx) = [dk(pzx9 pr(l))’ R dk(p‘lx’ pfx(ﬂX))] (4)

In the above, X is a placeholder for either A’ or 'B’,
while dj represents a distance metric on the pair of 3D
points, and 7%(-) is the permutation of the tree posi-
tions which sorts F* according to ascending distance val-
ues. To ease the notational burden, we will write F' f(’i =

F k(tf‘). Some natural choices for dj include planimetric
Euclidean distance, 3D Euclidean distance, or Z deviation
(see Fig. 3). Several features of the form given in Eq. 4 can
be combined within the framework of Eq. 2, with different
relative weights y; depending on the plot characteristics.
Note that the relative features are, in general, vectors
of different length, since the numbers of tree positions de-
rived from the first and second dataset may differ. More-
over, only a subset of trees will actually be common to
both datasets, while the remainder will belong to only
one of them. This calls for a special similarity measure
which can handle such properties of the relative descrip-
tors. We utilize an approach from computational biology
for the optimal matching of DNA sequences, developed
by Needleman and Wunsch (1970). The general algorithm
computes the highest-similarity alignment between two se-
quences of elements, equipped with a pairwise similarity
score s(-,-). In our case, the aligned sequences are the
descriptors F' ,]fx,i’F]z(;,j’ and the elements are the distances
dy. The aggregate similarity S f‘ i between these two feature

(b)

Figure 3: Tree positions marked with red boxes on DTM with different
types of distances displayed. (a) side view - Z deviation and full Eu-
clidean XYZ distance, (b) top view - XY (planimetric) distance.

descriptors, belonging to the i-th tree in the first dataset
and the j-th tree in the second, is defined recursively as
S;"j = T(na,np):

T(m—1,n—1)+ s(F4 [m], Fj;’j[n])
T(m,n) =max{T(m - 1,n) + pg
T(m,n—1)+ pg

)

The term F' /’gy ;[m] is the m-th element in the feature vec-
tor F} describing the i-th tree in the first dataset. The
function s(-, -) represents a partial similarity score between
two elements of the feature vector. Its purpose is to quan-
tify how likely it is that the two compared values repre-
sent the same relative distance, taking into account mea-
surement uncertainty and other errors. The recursive for-
mula in Eq.5 represents the three options that the algorithm
may choose from at every step of the recursion. To il-
lustrate these choices, consider the position (m,n) of the
aligned sequence pair. Assuming that the solution for the
smaller subsequences T (m—1,n—1), T(m—1,n), T (m,n—1)
is known (through recursion), there are three ways that
the optimal solution for the shorter subsequence may be
combined with the current elements F' /'j"i[m] and F g’j[n].
First, these two elements may be considered as matched,
in which case the new solution is formed by appending the
current elements to the solution of 7(m—1,n—1). The sec-
ond option is to assign a ’gap’ to element m in the first se-
quence, which effectively means that this element does not
have a similar enough counterpart in the second sequence.
This may happen if the sets of tree positions detected in
the two data sources are not equal, for example if addi-
tional trees were discovered from the terrestrial perspec-
tive, which could not be acquired from the aerial perspec-
tive due to occlusions. Finally, the third option is to assign
a’gap’ to element n in the second sequence. The algorithm
selects the locally optimal move (resulting in the maximum
aggregate similarity for 7'(m, n)) at each step of the recur-
sion. Based on the principle of dynamic programming and
due to the structure of this combinatorial problem, it can
be proved that the locally optimal moves lead to a globally
optimal result for the entire sequences. In our setting, the
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gap penalty p, is set to zero, and the boundary conditions
for the recursion are 7(0,0) = 0. We propose to model
the similarity score s(:,-) using a Gaussian kernel of the
form given in Eq. 3, truncated to 0 at 307 to avoid wasteful
computation of near-zero values. A suitable value for o
can be derived from the mean nearest-neighbor value of dj
over all pairs of trees in each dataset.

3.6. Correspondence matching and scale estimation

A complete weighted bipartite graph G = (V, E) is con-
structed, such that the set of vertices V comprises two
disjoint subsets V4,V € V,V4 N Vg = O correspond-
ing respectively to trees detected in the first and second
dataset. To ensure that the vertex counts of Vy, Vp are
equal, dummy nodes are added to the smaller set. The
edge set E consists of all pairs (u, v)lu € V4,v € V. The
weight w;; associated with the edge connecting 7' with 77 is
their similarity value S (tlA, tf) (Eq. 2), whereas the weights
of any edges containing the dummy nodes are set to zero.
Figure 4 visualizes the graph construction process.

Figure 4: Bipartite graph on datasets A,B with weights obtained from
pairwise similarity function S. White nodes represent auxiliary vertices
to remove imbalance in tree counts between A and B.

We find the maximum weight matching M € E in G
with respect to the weights (w;;) using the Kuhn-Munkres
algorithm, such that the total similarity S 7 of the matched
vertices is maximized:

Sr= ), wy= ). @ ©)

(i.))eM (i.)eM

Scale search
Since the relative features describe distances between
the tree positions, descriptors constructed from different
datasets in general exhibit a high similarity only when
the dataset scales are nearly equal. To account for poten-
tially large scale differences, we model the total similarity
(Eq. 6) as a continuous function of the second dataset’s
scale k:
St = > S k-1 )

(6.))eM

In the above, the term & - tf refers to rescaling all the spa-
tial attributes of tree tf (e.g. height, diameter, position)
by a factor of k. By maximizing S w.r.t. k, we obtain a
rough estimate of dataset B’s relative scale versus dataset
A. Moreover, based on empirical evidence it seems that S 7
has a single, dominant global optimum on a broad range of

scale factors (e.g. 0.1 to 10, see Fig. 5), making it amenable
to unimodal, univariate optimization methods. Our method
of choice is golden section search, since it is derivative-free
and in practice it is able to converge to the optimal scale
factor in a limited number of iterations. Our approach of
explicitly minimizing St is a relatively computationally
cheap method of obtaining a relative scale estimate com-
pared to a brute-force grid search for k over a potentially
broad interval.

Total matched similarity as a function of scale

Total matched similarity

1 2 3 4 5 6 7 8 9 10
Scale factor of dataset B

Figure 5: A typical profile of the total matched tree similarity when one of
the datasets has its tree positions rescaled. Usually, a single strong local
maximum can be observed near the relative scale of the two datasets.

3.7. Optimal coordinate transform search

The matching M* which yields the highest total similar-
ity is used as a basis for finding a subset Tg C T4 X Tp
of tiepoints (or ’tie-trees’) that will define the coordinate
transformation between the datasets’ CSs. First, we de-
scribe the adopted transformation type and a way of calcu-
lating it from sample points. Then, we describe the process
of finding the optimal tiepoint subset.

3.7.1. Coordinate transform

We wish to find a coordinate transform 745 from the
CS of dataset A to that of dataset B. Since we assume that
the Z axes have already been equalized, T4p consists of a
single 2D rotation by angle 6, a scaling factor k,, and a 3D
translation vector Tyyz:

X cos® —sinf 0)(xA Iy
Y2 |=k|sind cos@ Of[y*|+]|t (8)
8 0 o 1A |

Assuming that a sequence of n. corresponding points from
Ta,Tp is known, four of the five parameters of inter-
est (k, 0, 1., 1,) may be recovered by applying the method
of Umeyama (1991) in two dimensions. Let u#, u? denote
the planimetric centroids of the n. tree positions respec-
tively from 74 and Tp. Also, let 48 indicate the (2D)
cross-covariance matrix between the corresponding points,
and let S be the identity matrix, whose last diagonal ele-
ment is set to -1 if and only if det(Z*%) < 0. Consider
the singular value decomposition of 48 as 48 = UDVT,
where D is the diagonal matrix of singular values, and
U,V represent matrices with columns corresponding re-
spectively to the left and right singular vectors of XA45.
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Umeyama’s main result connects the singular value de-
composition of 42 to the transform parameters yielding
the minimal average least-squares distance on the matched
point pairs after transformation:

Ry =USVT
Ly = /,lB - kSRg,uA
1 A 2
= — A _ )
o nc Z lp; — pall

1
ky = — tr(DS)
TA

In the above, Ry indicates the standard 2D rotation ma-
trix by angle 6, from which the angle can be recovered.
The only missing parameter, the vertical translation t,, is
found as the median signed Z deviation over the n. corre-
sponding tree positions.

3.7.2. Optimal tiepoint selection

Our goal is to find a coordinate transform which ’opti-
mally’ aligns the datasets T4, Tp. This optimality may be
defined in different ways. We propose to use a modified
random sample consensus-style criterion which is a linear
combination of two terms n,, and d,,g. The first term n,,
denotes the number of matched tree pairs whose distance
(after transformation into the common CS) does not ex-
ceed a threshold value dy;,. The second term is the average
dayg distance between the n,,, matched pairs. They are com-
bined with the proportion coefficient 8 to form the scoring
criterion V for a transform 7'

V(T) = nw(T) +,Bdavg(T) (10)

Equipped with this criterion, we wish to solve a combi-
natorial problem of choosing n. tiepoint pairs out of the
matching M*, such that the transform obtained by apply-
ing Umeyama’s method (Eq. 9) maximizes Eq. 10 on the
datasets T4, T. It should be noted that by decoupling the
correspondence calculation step from the tiepoint subset
selection, the resulting combinatorial problem’s complex-
ity has been greatly reduced compared to the simultaneous
variant. Using the big O notation, the latter has a solu-

tion space of size 0((:’LA)(ZB)nC!), whereas in case of our
C c

subproblem it decreases to 0((mi“(,';/"”"))). We follow the
general scheme of the simulated ar;nealing metaheuristic
to maximize (10). The outline of the procedure is given
in Algorithm 1. The function optimalTransform, called in
lines 3 and 8 of the top-level function OptimalTiepointsSA
(Algorithm 1), implements Umeyama’s procedure (Eq. 9).
Our algorithm uses standard meta-parameters concerning
the cooling scheme: fy, #; indicate the initial and final tem-
peratures, while p is the cooling factor. At each tempera-
ture level, n;,, iterations are executed. The function neigh-
bor (called in line 7 of OptimalTiepointsSA) produces a
neighboring solution out of an existing matching M by
randomly swapping out moveOrder elements of M and
replacing them with elements from M* which were previ-
ously not included. The value of moveOrder is typically 1
or 2.

Algorithm 1 Optimal tiepoint search - simulated annealing

1: function OpTIMALTIEPOINTSSA(T 4, T8, M"* ,11)

2 randomly initialize M¢ ¢ M*,|M€| = n,

3 T¢ « T°P" «— optimalTrans form(T 4, T, M®)
4 1ty

5: while t > ¢/ do

6 for k=1..n;,, do

7 M"" «— neighbor(M*, moveOrder)

8 T «— optimalTransform(Ty, Tg, M)
9: A= V(T - V(T"™)
10: if A <0 orexp(—A/t) > rand(0, 1) then
11: M€ «— M"™"
12: TC¢ « T""
13: if V(T°) > V(T°P") then
14: TOP! « T¢
15: te—t-p
16: return 77

To ensure a quick execution of each move, we pro-
pose an incremental update scheme for the Umeyama al-
gorithm, avoiding the most computationally expensive part
of re-calculating the entire covariance matrix, even though
only 1-2 data points have changed. This is based on
the observation that both the means and o4 as well as
the cross-covariance matrix 4% may be updated on-line
by maintaining certain additional accumulation variables.
Let p, u?, 2% o, denote the updated parameter values
after tree positions pﬁl g pfl 4 have been removed and re-
placed with p2, . pB . First, it is straightforward to up-
date the two means p*’, u® by subtracting the (appropri-
ately scaled) removed point and adding the newly intro-
duced vector:

X X
Phew — pgld

ne

,LlXI<—/JX+

(1)

Regarding o7, we note that o4 (Eq. 9) can be expressed
as oa = o 2 ()T pt = @t Ttis then sufficient
to maintain an accumulator variable 44 = ¥ (p)7 p?,
which can be updated on-line in constant time. The for-

mula for updating o7 is given by:

SAA, — SAA + (p‘:ew)Tp;‘ew - (pﬁld)Tp?ld 12
’ AAr AT Ar ( )

oy — S8 n.— W) u
Finally, a similar trick may be applied to 4%, using an-
other accumulator variable S#% = Y™ p#(p?)", which
leads to the on-line update formula:

ABr AB A B \T A B \T
N S + pnew(pnew) - pold(pold)

13)
zABI — SAB//nC _ﬂA/(,uB/)T (

The search for corresponding trees necessary to perform
the evaluation in V(:) (Eq. 10) is accelerated by using a
grid-like spatial index on the tree positions of Tz, which
reduces the time complexity of evaluation to O(n4). The
dominant component of evaluating V in terms of comput-
ing time is applying the transform to the tree positions in
Tq.
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o UAV take-off location

© BLS Plots e UAV landing location
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Figure 6: The orthophoto of the research site, ULS strips and BLS
plots. (a) overview of the research site and the three ULS strips (swath
width=100 m); (b) ULS strip one with flight trajectories and the included
two BLS plots; (c) ULS strip two with flight trajectories and the included
three BLS plots; (d) ULS strip three with flight trajectories and the in-
cluded two BLS plots.

3.7.3. Fine-grained scale search

To account for the fact that the scale estimate obtained
from the graph matching score (Sec. 3.6) is a rough es-
timate and may differ from the true scale by up to 15-
20%, we execute the processing pipeline on a small grid of
scale factors around the estimate. Typically, we found that
the scale estimate is biased towards higher values, there-
fore we multiply it by factors of 0.8-1.0 with a step of A,
rescale one of the datasets and run the graph matching and
tiepoint search with the altered scales. We retain the result
which obtains the highest score V (Eq. 10).

4. Experiments

4.1. Material

4.1.1. Research site and sample plots

The research site is located in the Yellow Sea coastal na-
tional forest park of southeast China (120° 49°9.80”E, 32°
52°23.27°N). The total area of the forest park is approx-
imately 2240 ha (Cao et al., 2016). Approximately 80%
of the forest park is covered by planted forests dominated
by poplar (Populus deltoids), dawn redwood (Metasequoia
glyptostroboides) and ginkgo (Ginkgo biloba). On the
north side of the forest park, an array of forest stands (cov-
ering an area of approximately 6000 m x 600 m, elongated
in east-west direction) was selected as the research site for
this study. Within the study site, there are pure poplar and
dawn redwood plantation stands grown at different devel-
opmental stages (Fig. 6). Seven square plots (30 m X 30
m) were established within the ULS strips. These plots
were chosen according to a GIS-based forest inventory
data (2017) covering a range of tree species, stand ages
and forest structures (e.g. mean DBH and stem density) -
see Table 1 for overview of plot properties. Note that the
dawn redwood and poplar are respectively coniferous and

broadleaf species, resulting in a partition of 3 vs. 4 plots of
these two categories.

Tree Stand Mean Stem
Plot species age [yr] DBH [cm] density [1/ha]
1 dawn 39 29.1 422
redwood
2 dawn 43 31.6 689
redwood
3 dawn 34 27.1 744
redwood
4 poplar 21 333 242
5 poplar 22 34.6 411
6 poplar 23 38.2 344
7 poplar 13 247 611

Table 1: Summary of forest parameters measured within the field plots.

4.1.2. ULS data

A GreenValley (GreenValley, 2018) UAV LiDAR Sys-
tem was implemented in this study for acquiring strips
of LiDAR point clouds of the forest stands. An eight-
rotor UAV was used as the remote sensing platform in
the system (Fig. 7a). The components of a LiDAR scan-
ner (Velodyne Puck VLP-16), an IMU (Novatel SPAN-
MEMS-IMU), a dual-frequency GPS (Novatel) receiver
are mounted on the UAV platform. The UAV has a con-
trolling system and an auto-pilot system, which allows the
UAV to fly according to the pre-designed trajectories in ap-
proximately 25 minutes maximum flight time (Guo et al.,
2017). The ground control station includes two laptops
(using GreenValley LiAcquire software to control the UAV
and monitor the flight and scanner parameters) and a Nova-
tel GNSS ground base station. Two dual frequency anten-
nae on the UAV provided real-time kinematic differencing
positioning observations. The IMU and GPS data were fur-
ther post-processed using Novatel Inertial Explorer soft-
ware and the Novatel GNSS reference station information
to improve the accuracy of UAV flight trajectories, and to
calculate the final LiDAR point clouds in georeferenced
mode (Guo et al., 2017). Within the research site, three
strips of ULS point clouds (placed from west to east) were
acquired during July 24-26th, 2017 under leaf-on condi-
tions. The swath widths of the strips were approximately
100 m, and the lengths of the strips used in this study were
approximately 1000 m, 2000 m and 1500 m respectively
(Fig. 6). The UAV flight parameters and scanner proper-
ties can be found in Table 2.

4.1.3. BLS data

In this study, the GreenValley LiBackpack LiDAR sys-
tem included the main components of a LiDAR scanner
(Velodyne Puck VLP-16), a Position Orientation System
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Figure 7: The UAV LiDAR system and Backpack LiDAR system used in this study. (a) the main components mounted on the UAV platform; (b) the

main components of the BLS

Parameter name Value
Flight altitude (m) 86
Flight velocity (m s™") 3.6
Side overlap (%) 100
Wavelength (nm) 903
Beam divergence (mrad) 3
Footprint (cm) 26
Pulse repetition frequency (kHz) 21.7
Scan frequency (line s™') 16
Maximum scan angle (°) 30
Point density (pts m~2) 84

Table 2: Flight parameters and scanner properties of the UAV LiDAR
system data acquisition

(POS) and a handheld touch pad (Fig. 7b). The BLS
point cloud registration was performed by the integration
of LiDAR scans and POS information under a SLAM pro-
cess. Within the strips, seven 30 m X 30 m square sample
plots were scanned by the BLS. An ”S” shape strip path
was designed to collect the BLS point clouds for the plots
(Fig. 8a). The characteristics of the BLS scanning system
are given in Table 3.

4.2. Single tree segmentation

The GreenValley LiForest (LiForest, 2018) software
was used to pre-process the ULS and BLS acquired point
clouds. The ULS point clouds were de-noised by set-
ting the filtering height-threshold and interactively remov-
ing the outlier points. The nearby strips of ULS data
were co-registered by finding the matching points. A
0.5 m digital terrain model was created by first filter-
ing the above-ground returns using an improved triangu-
lated irregular network (TIN) densification filtering algo-
rithm (Zhao et al., 2016), and then the remaining ground
points were interpolated by the Inverse Distance Weighted

r Start point
r Finish point

I Reference poles

m— Walking route

\ =
K_ 5 DBH
T e Gravity center

Trunk slice (1.3m)

Figure 8: The path of BLS data acquisition within one sample plot (size:
30 by 30 m), which is shown as the co-registered point clouds using a
SLAM process by integrating LIDAR scans and POS information (a), and
the demonstrated results of a trunk slice at 1.3 m, the extracted gravity
center from trunk slice and the calculated DBH (b).

(IDW) algorithm. The point cloud height (Z) was normal-
ized by subtracting the ground surface height, and then the
plots were extracted by the GPS-measured plot-corner co-
ordinates. Two different individual tree detection (ITD) ap-
proaches were applied to both ULS and BLS point clouds
respectively. For the ULS data, a point cloud based ITD
approach proposed by (Li et al., 2012), which judges the
relative spacing between trees by top-to-bottom region
growing, was implemented to delineate the tree crowns and
detect the tree tops. In contrast to the ULS data, where
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Ground speed (m s™!) 1
Maximum range (m) 100
Horizontal Field-of-View (°) 360
Vertical Field-of-view (°) 15

Beam divergence (mrad) 3
Scan frequency (line s™') 16
Total Weight (kg) 6
Point density (pts m~2) 5136
Min. footprint size (cm) 1.5
Max. footprint size (cm) 12.7

Table 3: Data acquisition parameters and scanner properties of BLS
within the plots

mainly densely intertwined forest canopies were acquired,
for BLS scanning the tree-trunks are usually isolated and
therefore relatively easier to detect. In this study, an al-
gorithm of Density-based spatial clustering of applications
with noise (DBSCAN) was implemented for tree-trunk de-
tection (Wu et al., 2013). A slice (vertical distance of 10
cm) at 1.3 m height was extracted for each plot and used
as input for the DBSCAN algorithm (Tao et al., 2015). Af-
ter the tree-trunk segmentation, the gravity centers of all
points for each slice of the trunk were calculated, and the
radius was determined as the average distance between the
gravity center and each trunk point. The DBH was calcu-
lated by doubling the radius at the height of 1.3 m. It is
possible that some trees were not fully scanned from all
directions, leading to high variations in sample density on
the trunk surface. This in turn might have distorted the
gravity center calculation. Assuming that each trunk was
scanned at least in an arc of 180°, based on simple simu-
lations we estimate the error in the center computations at
50-60% of the trunk’s radius, which translates to absolute
values of up to 12 cm average deviation (see average DBH
in Table 1). Table 4 summarizes the number of trees seg-
mented in both ULS and BLS point clouds for each plot.

Plot #ULS trees #BLS trees Type
1 65 36  coniferous
2 107 59  coniferous
3 97 64  coniferous
4 22 18  broadleaf
5 53 33 broadleaf
6 37 27  broadleaf
7 107 52 broadleaf

Table 4: Number of segmented trees in ULS and BLS data for all test
plots

4.3. Evaluation criterion

The evaluation criterion for coregistration quality was
the criterion V (Eq. 10) with the balance coefficient 8

set to 1. For coniferous-dominated plots, we assumed a
matched distance threshold dy;, of 0.5 m, whereas for plots
with an advantage of broadleaf trees, this was increased
to 1.0 m due to the less precise tree positioning. This
means that the most significant factor for evaluation was
the number of matched trees with distance under d,;,, and
in case of equality the average matched distance was deci-
sive. For each experiment, we report the percentage (rela-
tive to smaller dataset) of matched trees having a distance
below dy;,,, as well as the average matched tree distance.

4.4. Coarse co-registration

To provide a semi-automatic reference for our automatic
method, we performed coarse co-registration for both data
sources was performed in the sense of georeferencing ULS
and BLS point clouds respectively with the help of onboard
GPS-IMU systems and GPS-measured controlled points
set up in the forest stand. Particularly for BLS data of
each plot, four reference poles were placed at the begin-
ning and end of two outer strip paths (see Fig. 8a). The co-
ordinates of reference poles (height of 2 m) were measured
using the Real-time kinematic (RTK) positioning system
(positioning accuracy not exceeding Scm), which used the
Trimble NetR9 GNSS as the base station and a Trimble
R4 GNSS receiver as RTK rover. The collected BLS point
clouds were transformed from relative coordinates to the
geo-referenced coordinates by the GreenValley LiForest
software using the coordinates (X,Y,Z) of reference pole
tops. The accuracy of the coarse coregistration with re-
spect to the evaluation criteria from the previous section
are shown in Table 5. It should be noted that such a coarse
co-registration is not at all required as a pre-processing
step for our method (it does not influence the results), and
it is included in the experiment only for comparison pur-
poses.

Plot #matched % matched Avg. distance [cm]

1 6 42
2 8 31
3 26 41 28
4 17 79
5 7 21 69
6 1 4 33
7 13 25 73

Table 5: Coarse coregistration results. Number and ratio of matched trees
below 0.5 m (Plots 1-3) and 1.0 m (Plots 4-7) distance as well as mean
matched distance are given.

4.5. Experimental setup

We performed a comprehensive evaluation of our pro-
posed method over the 7 diverse test plots. The first group
of experiments aims at comparing our approach with a
baseline method adopted from Kelbe et al. (2016), whereas
the second group deals with the sensitivity of the algorithm
to big scale variations between the coregistered datasets.
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Baseline

graph match + SA

Scaled Unscaled Scaled Unscaled

Plot % match d,, % match d,, % match  d,,, % match d,,

75 26 72 27 81 28 72 27
2 39 31 41 32 44 33 46 36
3 48 31 45 31 78 28 52 34
4 50 55 44 67 50 54 44 66
5 33 57 33 63 30 53 36 62
6 41 63 48 62 41 75 48 66
7 44 65 44 72 46 58 44 67

Table 6: Coregistration quality of baseline method and our approach using 2D rotation, in scaled/unscaled configurations. Distances in cm. Best result
per plot outlined in bold. The best result is determined as the one with the highest percentage of matched trees, and in case of equality the tie-breaking

criterion is the lower average matched distance.

All experiments were performed on the same tree posi-
tion sets calculated by tree crown/stem segmentation as
described in Sec. 4.2. The planimetric positions were pro-
jected onto the respective DTMs to obtain the Z values.
Since the aerial and terrestrial data did not possess any
common attributes, and all plots were situated in flat ter-
rain, only one relative feature F'! was used as the basis for
coregistration, using 2D Euclidean distance as its metric.
In all experiments we used a tiepoint subset size n. = 10.

4.5.1. Comparison with baseline and manual technique
We implemented the method of Kelbe et al. (2016),
based on matching tree position triplets using geometric
similarity. It should be noted that the original method was
designed for coregistering pairs of TLS point clouds, and
makes use of DBH estimates for filtering out many triplet
pairs. In our setting, this is not possible since DBH es-
timates are unavailable for the ULS portion of the data.
Therefore, a significantly higher number of tiepoint can-
didates must be examined than would normally be the
case for TLS data. We executed several configurations of
both the baseline and our method and compared the re-
sults. First, the case was considered where the coordi-
nate transform included only a 2D rotation angle, as de-
scribed in Eq. 8. Also, because the original implementa-
tion of the baseline method calculated a 3D rotation, we
investigated the second configuration where the transfor-
mation includes 3 rotation angles. Our working hypothesis
was that because the Z axes were already well aligned, the
gain in coregistration quality would be marginal and not
worth the additional computational effort. Moreover, for
both the baseline and the proposed methods, the calcula-
tion of potential corresponding trees takes up a significant
portion of the computation time. Therefore, we examined
the situation where the geometry-based matching steps of
both methods were replaced by random matching. For our
method, this meant omitting the graph-based correspon-
dence calculation and generating a completely random set
of tree correspondences, after which point the simulated
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annealing algorithm was applied. For the baseline method,
the correspondence ranking of triplet pairs based on their
geometry was replaced by a random order. We hypothe-
sized that the matching of tree positions based on their ge-
ometric properties is crucial to the coregistration quality.
Finally, all three configurations were investigated with and
without incorporating a scale factor into the transform, to
verify if scaling can lead to a significant improvement even
in cases of laser scanning data, where the dataset scales are
expected to be approximately equal. In this experiment,
since we already knew from coarse coregistration that the
relative scale factor is approximately 1, we did not perform
the rough scale estimation (Sec. 3.6). To ensure a fair com-
parison between our method and the baseline, we allocated
the same number of computational resources to both, by al-
lowing them to check the same number of corresponding
tiepoint subsets as a basis for the CS transformation. Also,
for the sake of completeness, we compare both automatic
methods to the coarse coregistration technique (Sec. 4.4).

4.5.2. Sensitivity to scaling

In the second major group of experiments, we artificially
rescaled each of the 7 test plots by factors of 0.1 to 10
and examined the performance of our method under con-
ditions of large scale differences. We executed the coarse
scale estimation as well as the line search for scale refine-
ment (Sec. 3.7.3). The fine-grained scale factors were 0.8
to 1.0 with a step size A; = 0.03, for a total of 10 attempts
per test plot and artificial scaling. The goal of these ex-
periments was twofold: (i) to quantify the accuracy of the
coarse scale estimate obtained from similarity-based graph
matching, and (ii) to determine to what extent the coregis-
tration quality deteriorates as the scale differences between
the coregistered datasets increases.

5. Results and discussion

5.1. Comparison with baseline
Table 6 shows the coregistration quality of both the
baseline and the proposed method for the case when the
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24
25 CS transform includes a 2D rotation. First, we compare is used. This could be associated with the worse quality
26 both automatic methods to the coarse manual coregistra- of broadleaf tree localization due to the less regular crown
27 tion (Tab. 5). Apparently, the automatic methods yield sig- shape, however we believe there is a more plausible ex-
28 nificantly higher matched tree rates for all test areas, with ~ planation. The four plots where our method proved supe-
29 increases between 37 - 75 percentage points (pp) on conif- rior by the highest margin are precisely the largest 4 plots
30 erous and 15 - 44 pp on broadleaf plots. This shows that ac- with respect to the total tree count (see Tab. 4). The num-
31 curate manual coregistration is difficult to achieve and the ber of configurations which the baseline (triplet-based)
gg result may usually be improved upon by automatic meth- method considers is fixed and independent of the dataset
34 ods. It is interesting to note that broadleaf plots have a sig- size. Therefore, for plots with higher tree counts, a smaller
35 nificantly lower matched tree rate (average 0.45) compared  percentage of the candidate triplet pairs can be examined,
36 to coniferous plots (average 0.68) although the matched  resulting in solutions farther away from the optimum. In
37 threshold distance d,;,, for the former is twice that of the this case, our method based on the simulated annealing
38 latter (1 m vs. 0.5 m). This confirms that coregistering metaheuristic seems to make better use of the (same) com-
39 broadleaf plots is generally a harder task due to less pre- putational resources. Moreover, the baseline method relies
40 cise tree localization. We think that this phenomenon can on a similarity ranking of all candidate triplet pairs, the
41 be attributed to the fact that coniferous trees generally pos- number of which is of the order of ni X nz, or more specif-
42 sess a well-defined and distinctive tree top, which provides ically 0((";)(’38)). Even for our moderately-sized datasets,
43 an estimate of the tree stem position and on the other hand we observed that this step constituted the majority of the
44 is relatively easy to calculate from ULS data as the point  computational burden. For larger plots with a higher tree
45 having the highest Z coordinate value within the tree clus-  count, exhaustive enumeration of triplets could prove pro-
46 ter. In contrast, the broadleaf trees utilized in this study  hjbitively computationally expensive. On the other hand,
?1; were characterized by crowns which fﬁd not fQIIOW any  the results in Table 7 suggest that the triplet ordering step
49 rigorous shape pattern, there.fore the highest points in the  is essential to the method’s success: for both the scaled
50 crowns were not as good estimates of the stem position as  and unscaled variations, the average matched tree rate on
51 in the coniferous case. Visualizations of coarse (manual)  the 7 plots decreases by 14 pp. Based on these results, we
52 and fine (automatic) coregistration for two plot pairs are  conclude that the triplet enumeration-based method would
53 shown in Fig. 9. not scale well to larger datasets in the terrestrial/aerial sce-
54 Turning to the issue of comparing the two automatic nario, where additional common tree attributes for filtering
55 . ) tiepoint candidates are not available. It should be noted
56 methods, th.e results indicate th?t for coniferous plots, 01-1r that our method is also severely affected when the tree cor-
57 method achieves an advantage in the matched tree .rate in respondence step is missing (replaced by a random match-
58 case of both the scal.ed and unscaled transform, display- ing) - especially in the scaled case the performance plum-
59 ing gains of respectively 5-30 pp and 5-7 pp. On the mets by up to 50 pp. However, we argue that for our
60 other hand, on broadleaf plots the average matched tree method this is less of an issue, because in our case the
61 rate difference is below 1 pp regardless of whether scaling
62
63
64 12
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Figure 10: Top row: quality of coarse scale estimate from graph matching vs. scale factor - vertical axis: calculated scale X artificial scale (closer to 1
indicates higher quality); bottom row: dependence of coregistration quality (num. matched trees) on scale factor.

tree correspondence search based on graph matching has
a computational complexity of O(nin% + (max na,ng)®),
which includes executing the Needleman-Wunsch algo-
rithm for all pairs of trees followed by the Kuhn-Munkres
algorithm. This function grows significantly slower than
the complexity function of exhaustive triplet examination,
and hence permits larger datasets before a prohibitive com-

putational cost is reached.

In Table 8, the coregistration results are presented for
the scenario where the CS transform was extended to in-
clude a 3D rotation instead of a single in-plane rotation
angle. As expected, there was little change in the coregis-
tration quality. For our method, 5 out of 7 plots retained
their matched tree rates, for one plot the rate dropped by 4
pp and for another, it increased by 2 pp. Also for the base-
line method, 5 plots had an unaltered matched rate, and for
the remaining two plots the rate increased by 2 and 3 pp.
Therefore we conclude that the incorporation of 3 rotation
angles instead of a single in-plane rotation does not yield
an improvement significant enough to warrant the higher
computational cost resulting from operating on 3x3 instead
of 2x2 matrices.

Finally, we consider the benefit of introducing a scale
factor into the CS transform model. In 3 cases, the scale
term led to a significant improvement of coregistration
quality. For two coniferous plots, the gain in matched tree
rate was 9 and 26 pp, while for the last broadleaf plot, there
was a small gain (2 pp) in the matched rate, but more im-
portantly the mean matched tree distance was reduced by
13 %. There were also cases where the scaled variation
resulted in a deterioration of the result by 6-7 pp on two
smaller broadleaf plots. We believe this could be attributed
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to an insufficient number of iterations in the simulated
annealing algorithm, which indicates that the more com-
plex transformation model incorporating scale needs more
computational resources to find the optimal solution. The
variations in coregistration quality could be explained by
the specific conditions of performing SLAM/point cloud
stitching while acquiring the BLS data for each test plot.
Note that the optimal scales recovered by our algorithm
showed small deviations from 1, not exceeding 3-4 %,
which is consistent with an error level that could be in-
troduced by SLAM.

5.2. Sensitivity to scaling

The top row of Fig. 10 presents the quality of the coarse
scale estimate obtained from maximizing the graph match
similarity (Sec. 3.6), as a function of the artificial scale fac-
tor applied to the data. Since initially the scales of the ULS
and BLS data were approximately equal, a good estimate
IAcs of the scale would be near the inverse of the artificial
scale factor 1/k,, such that IAcs -k, ~ 1. We utilize the devi-
ation of this product from 1 as a measure of estimate error.
Indeed, for both coniferous and broadleaf plots the prod-
uct is distributed around 1. In case of the former, 62 %
of the estimates have an error below 0.05, and 94 % be-
low 0.09. As for the latter, the quality is somewhat lower,
with 70 % estimates having an error not exceeding 0.16,
and 91 % not exceeding 0.29. Nevertheless, this scale es-
timate is useful in both cases, considering that it can be
obtained relatively cheaply compared to a grid search on
the whole interval of potential scale factors. This is con-
firmed by the results of the fine grid search around the
coarse scale estimates, shown in the bottom row of Fig. 10.
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Baseline (random)

random match + SA

Scaled Unscaled Scaled Unscaled

Plot % match d,, % match d,, % match  d,,, % match d,,

31 32 33 25 22 28 67 26
2 17 30 31 31 29 31 41 36
3 47 28 38 33 48 33 47 35
4 39 44 28 51 33 55 44 67
5 30 76 27 60 30 59 30 55
6 33 60 37 73 37 57 44 58
7 37 68 38 60 42 63 46 66

Table 7: Coregistration quality of baseline method and our approach using 2D rotation, in scaled/unscaled configurations, with the tree correspondence
search/ranking replaced by random matching. Distances in cm. Best result per plot outlined in bold. The best result is determined as the one with the
highest percentage of matched trees, and in case of equality the tie-breaking criterion is the lower average matched distance.

Baseline (3D) graph match + SA (3D)
Scaled Unscaled Scaled Unscaled

Plot % match d,, % match d,, % match  d,,, % match d,,

75 26 72 27 81 29 72 27
2 39 29 41 32 44 33 44 33
3 50 34 45 31 78 28 52 34
4 50 55 44 67 50 54 44 66
5 33 57 33 63 30 55 33 56
6 44 60 48 62 37 50 48 74
7 44 66 44 72 48 61 46 57

Table 8: Coregistration quality of baseline method and our approach using 3D rotation, in scaled/unscaled configurations. Distances in cm. Best result
per plot outlined in bold. The best result is determined as the one with the highest percentage of matched trees, and in case of equality the tie-breaking

criterion is the lower average matched distance.

For both coniferous and broadleaf plots, the coregistra-
tion quality remains remarkably stable regardless of the
point cloud scaling. Three of the plots show no change
in the number of successfully matched trees, while for the
remaining 4 plots, the difference from the optimal num-
ber of matches (at scale 1) is no more than 1 tree. This
shows that our proposed approach can handle even large
differences in point cloud scales (1:10) quite well using
moderate computational effort, since the fine-grained scale
search involves only 10 outer iterations of the 'unscaled’
processing pipeline.

6. Conclusions and outlook

This work presented a fully automatic approach for
coregistering aerial and terrestrial point clouds of forested
areas. Our method does not require any auxiliary attributes
of trees except the tree positions themselves. The success
of our approach depends on the quality of the tree positions
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recovered by the respective localization methods in terres-
trial and aerial data. Some factors that may inhibit the cal-
culation of tree positions are (i) dense, high ground veg-
etation and/or forest regenerations, occluding tree stems
from the terrestrial perspective, and (ii) high density of
trees in the plot, resulting in a thick canopy cover and
complicating 3D tree segmentation from aerial/ULS data.
The method was applied to 7 pairs of ULS/BLS plots
with varying characteristics. Experiments showed that the
automatic method can greatly improve the coregistration
quality compared to manual techniques. Also, processing
coniferous plots seems significantly easier than broadleaf
plots, probably due to the irregular shape of broadleaf tree
crowns lacking a distinct center position. This is in con-
trast to coniferous trees, which follow an approximate el-
liptic paraboloid model with a clear peak. Although both
data types (ULS,BLS) are derived from laser scanning and
their scales are similar, apparently the creation of the BLS
point cloud through SLAM techniques may in some cases
lead to small scale variations, which may be compensated
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by introducing a scale term into the coregistering coordi-
nate transform. Moreover, we found that the decoupling
of the tree correspondence matching step and the optimal
transform derivation can lead to superior results compared
to an exhaustive-search style approach, which may be at-
tributed to a reduction of the problem’s solution space as
well as more efficient use of computational resources by
the applied simulated annealing metaheuristic. Tests on
artificially scaled data indicated that the proposed frame-
work can handle large differences in the relative scales of
the coregistered datasets, which could prove useful for pro-
cessing other data types lacking an absolute scale, e.g. pho-
togrammetric point clouds. In the future, we would like
to test our framework on a broad spectrum of point cloud
types from different sources. Although this study was car-
ried out on stands from planted forests and hence situated
on a raster, we believe our method would be well suited
to natural forests. In fact, the inherent randomness of tree
positions in natural forests could improve the discrimina-
tive capabilities of the descriptors used for tree matching,
because the variety in inter-tree distances would be greater
compared to a regular structure (grid). As long as suffi-
ciently many common tree positions can be recovered in
both data sources, the coregistration method should be ap-
plicable to mixed as well as multi-layered stands. The
precise boundary conditions (stand characteristics) beyond
which coregistration is likely to fail are left to future inves-
tigations. An interesting future direction would be to de-
velop more accurate approximations of the tree positions
for aerial data, for example derived from paraboloid fit-
ting. Particularly improving the localization of broadleaf
trees based on their crowns could bridge the performance
gap between coniferous and broadleaf plots.
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