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Abstract—The registration of LiDAR point clouds across mul-
tiple platforms in forests still poses challenges, such as unstable
features for alignment, limited robustness across varying forest
conditions, and uncertainties in integrating point clouds obtained
from diverse LiDAR platforms. To address these challenges, this
study introduces a method for registering multi-source LiDAR
point clouds based on progressive optimization of triangular mesh
similarity. This paper first leverages several spatial geometric fea-
tures for stable registration, generated based on relative distances
among neighboring trees and angles between the growth direction
and the vertical zenith. Subsequently, a progressive determination
and optimization strategy for registration was devised to reduce
sensitivity to tree positioning accuracy in different sources of Li-
DAR point clouds and improve the robustness of the proposed
method, particularly in complex forest environments. Further-
more, a similarity matrix was constructed to facilitate point cloud
data registration across different platforms. The effectiveness of
the proposed method was evaluated using 14 plots in three distinct
forest sites. Experimental results demonstrate that the method
yields satisfactory registration performance across various com-
binations of point cloud sources. The average residual distance
between reference and estimated coordinates using the calculated
transformation matrix was found to be 0.1589 m for the 14 plots.
The average rotation and translation errors were calculated as
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0.0056 degrees and 0.3470 m, respectively, confirming the successful
registration outcomes achieved by the proposed method. Compara-
tive analysis against five classical registration methods revealed that
the proposed method consistently outperformed its counterparts
across main accuracy indicators considered.

Index Terms—Multiplatform light detection and ranging
(LiDAR), point cloud registration, progressive optimization,
similarity matrix.

|. INTRODUCTION

OREST plays avital rolein terrestrial ecosystem [1], [2].

Accurately quantifying forest structure will benefit forest
inventory and monitoring, which will help for better understand-
ing of how terrestrial ecosystem changes in response to climate
change[3]. Moreover, forest structure parametersare crucial for
carboncycleanalysis[4],[5],[6]. For instance, diameter at breast
height (DBH) or tree height of individua trees are key factors
for estimating above ground biomass [7]. Traditional forest
parameters manua measuring methods generally rely on tape
measure, which is obviously time-consuming and laborious|[8].
Although optical remote sensing techniques provide an efficient
way for capturing forest attributes, only horizontal information
of forest canopies can be obtained. Alternatively, light detection
and ranging (LiDAR) has proven to be apowerful tool for forest
inventory dueto its capacity of 3-D point clouds acquisition and
the emitted laser pulses can penetrate forest canopies to capture
vertical profiles of individual trees[8], [9], [10].

According to different platforms, LiDAR system can be clas-
sified asterrestrial laser scanning (TLS), airbornelaser scanning
(ALS), backpack laser scanning (BLS), etc. It must be admitted
that different LiDAR platforms own its advantages and limi-
tations [11]. For instance, TLS adopts a bottom-up scanning
view, which helps to obtain detailed trunk information [12].
However, single-scan mode generally encounters with huge
occlusion by adjacent neighboring trees, while multiscan mode
needs time-consuming registration [13], [14]. Different from
TLS, ALSacquires LiDAR points using atop-down way, which
means the upper canopy information can be easily obtained by
ALS. Nowadays, withthefast devel opment of autonomousaerial
vehicle, unmanned laser scanning (ULS) isgradually becoming
a new substitute for ALS due to its lightweight and low-cost
strength [11]. However, similar to AL S, UL S has difficultiesfor
capturing the understory information because of the occlusion
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by the canopy [15], [16]. BL S belongsto mobile LiDAR system
and can acquire large-scale point clouds efficiently without
multiscan registration based on the simultaneous localization
and mapping (SLAM) [17]. However, the limited vertical scan-
ning view and measurement range will lead to upper canopy
information missing [14]. From al the discussion mentioned
above, it can be found that using single LiDAR platform owns
itslimitations. By integrating point cloudsfromdifferent LIDAR
sourceswill leveragethestrengthsof different LiDAR systemsto
obtain complete point clouds, which will help to achieve amore
comprehensive understanding of forest structure and dynamics
[28], [19], [20].

Based onvariousfusion principles, thefusion methodsof mul-
tisource LiDAR point clouds in forest environments can be di-
vided into three categories: external auxiliary information-based
methods, key feature points-based methods, and individual tree
attribute-based methods [14], [21].

The external auxiliary information-based fusion methods pri-
marily make use of external data such as Globa Navigation
Satellite System (GNSS) positioning information [22] and color
images [23] to combine point clouds from different sources. For
example, the utilization of Globa Positioning System (GPS)
enables precise alignment between laser scanners and target
positions for registration. Hauglin et al. [22] introduced a tech-
nique that utilizes GPS data to quickly match and identify air-
borneand terrestrial LiDAR point cloudsfor tree measurements.
Polewski et a. [19] employed GPS-IMU systems and survey
control points to register unmanned aerial vehicle (UAV) and
backpack LiDAR point cloudsinforests. Wangeta. [24] aligned
terrestrial LIDAR data with the WGS 84 projection system
using GPS information before aligning UAV and terrestrial Li-
DAR point clouds within the same coordinate system. However,
achieving accurate control pointsin dense canopy areas can pose
achallenge, affecting registration precision.

Key feature points-based methods typically involve the use
of clustering or segmentation techniques, such as Mean Shift
or DBSCAN algorithms, to identify key feature points corre-
sponding to different point clusters within multisource LiDAR
point clouds. The registration of these point clouds is achieved
by aligning these key feature points. Persad and Armenakis[25]
proposed a key point matching framework based on 2-D height
maps to address coarse registration challenges in multisource
LiDAR point clouds. The utilization of 2-D height maps ef-
fectively addresses issues related to inconsistent point densities
in multiplatform LiDAR data. Dai et al. [26] employed the
Mean Shift algorithm to extract key points from airborne and
terrestrial LIDAR data separately. Coarse registration of these
key pointswas carried out using the Coherent Point Drift (CPD)
agorithm, followed by fineregistration with the Iterative Closest
Point (ICP) algorithm. However, a challenge with this method
is the inefficiency of the Mean Shift approach in obtaining key
points, making it less suitable for processing large-scale point
cloud data. Zheng and Li [27] proposed aregistration and fusion
method based on differences in fast point feature histograms
(FPFH) features. Thisapproach surpassestraditional algorithms
such as ICP, normal distributionstransform, and fast global reg-
istration in noise-heavy point cloud scenarios. Fekry et al. [11]
introduced a multilevel DBSCAN algorithm to segment tree
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crowns into multiple point clusters within UAV LiDAR, back-
pack LiDAR, and handheld LiDAR data. They identified key
pointsby locating local density peaksin each cluster and created
feature descriptors based on the distance and azimuth of these
key points to the centroid of the point set. Subsequently, graph
matching was employed for coarse registration followed by fine
registration using the ICP algorithm. Dai et al. [16] introduced
the wood response index (WRI) for extracting key points from
terrestrial and UAV LiDAR data separately, followed by initial
registration using WRI filtering and binary shape context de-
scriptorsoptimized through therobust random sample consensus
(RANSAC) method. This method proves highly efficient and
unaffected by individual tree attribute extraction accuracy.

The methods based on individua tree attributes often be-
gin with segmenting individua trees to extract details such as
tree position, height, and DBH. Subsequently, the alignment
of multisource LiDAR point cloud data relies on similarities
in these individual tree attributes. Guan et a. [14] employed
techniques including individual tree segmentation, generation
of irregular triangular meshes, and matching of these triangular
meshes to gradually complete the registration of multiplat-
form LiDAR point cloud data. In their approach, the precise
positions of the trees are crucial for successful registration.
Shao et al. [28] presented a fusion and registration method for
integrating single-station terrestrial and mobilemapping LiDAR
data. They extracted virtual feature points based on trunk cen-
terline information and utilized a global optimization strategy
to reduce cumulative errors [29]. Wu et al. [17] introduced a
step-by-step minimum spanning tree (MST) matching method
for merging vehicle-mounted and backpack-mounted LiDAR
data, resulting in accurate registration outcomes with minimal
errors. Thisinvolved constructing an MST model based on the
positionsof treetrunksfollowed by topological similarity-based
matching. While this method is highly effective, it requires
precise identification of tree trunk center positions to ensure
accurate point cloud matching results. Ghorbani et al. [18]
separately extracted tree positions from terrestrial and airborne
LiDAR data, establishing local triangular networks based on
2-D tree positionsfor iterative alignment, ultimately completing
point cloud registration. This approach assumesthat larger trees
are more reliably detected and filters out small trees based on
DBH information during network creation.

Recent advancements in deep learning have spurred sig-
nificant innovation in point cloud registration methodologies.
Wang et a. [30] introduced You Only Hypothesize Once
(YOHO), anovel registration framework that achieves rotation
invariance through group-equivariant feature learning. This ap-
proach demonstrates enhanced robustness to variationsin point
density and noiselevels. Themethod’ srotational-equivariant de-
scriptors effectively constrain the transformation search space,
substantially improving registration efficiency. Qin et al. [31]
presented GeoTransformer, which incorporates geometric self-
attention mechanisms and feature-based cross-attention to cap-
ture geometric invariance in point cloud data. By establish-
ing hierarchical relationships through superpoint matching, this
architecture maintains rigid transformation invariance while
achieving state-of-the-art accuracy, particularly in challeng-
ing low-overlap scenarios. Addressing limitations in feature
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distinctiveness, Yu et a. [32] developed rotation-invariant
transformer (RolTr). This approach integrates a point-pair
feature-based attention mechanism at the local level with
a global transformer architecture, enabling robust point
cloud matching through coordinated local-global feature re-
finement. Liu et a. [33] proposed RegFormer, an end-
to-end transformer network designed for large-scale point
cloud alignment. By implementing a multilayer attention
mechanism to model spatiadl dependencies, this frame-
work directly predicts rigid transformations without requir-
ing postprocessing, streamlining the registration pipeline.
Jiang et al. [34] introduced alightwei ght registration method that
extracts multiview featuresto identify overlapping regions. This
strategy effectively mitigates interference from nonoverlapping
points, offering a computationally efficient solution for point
cloud alignment. It must be admitted that deep learning-based
registration methods have demonstrated remarkable efficacy in
registration. However, the majority of existing approachesfocus
on single-platform point cloud registration scenarios, such as
point clouds acquired through TLS. Furthermore, these deep
learning-based registration approaches rely heavily on labeled
training samples, making the annotation processextremely time-
consuming.

Although many point cloud registration methods have been
proposed, there are still several unresolved challenges in forest
environments. First, stablefeaturesfor registration are generally
unavailable in forest environments. Unlike urban environments
where corner points or rectangular geometric features of build-
ing roofs can serve as stable features for registering LiDAR
point clouds from multiple platforms, forest environments lack
suitable features for registration, especially in complex forest
settings.

Second, most recently proposed multiplatform LiDAR point
cloud registration methods heavily rely on the accuracy of
tree positioning [18]. However, not al trees can be correctly
positioned using top-down scanning LiDAR systems such as
ULS due to occlusion by the canopy. Inconsistent detection of
treesfrom different platformssuchasTLSand ULScanresultin
incorrectly matched trees and unsatisfactory registration results.

Lastly, existing registration methods mainly focus on TLS
point cloud registration and cannot be directly applied to multi-
platform registration [8]. Although multiplatform LiDAR point
cloud registration has become a popular research topic, most
methods are tested on single pairs of platforms such as TLS
and ULS registration. The application of registration methods
to point clouds from different sources simultaneously, such as
TLS and ULS, TLS and BLS, and BLS and ULS, remains a
question.

To address these challenges, this article proposes a multi-
source LiDAR point cloud registration method inforest environ-
ments based on progressive optimization of triangular meshes
similarity. Thekey contributionsof thisstudy can be summarized
asfollows:

1) This article leverages several spatial geometric features
for stable registration, generated based on relative dis-
tances among neighboring trees and angles between the
growth direction and the vertical zenith. These devel oped
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geometric features remain consistent and stable across
different scales of LiDAR source point clouds, enhancing
the applicability of LIiDAR point cloud data registration
across diverse platforms.

2) A progressive determination and optimization strategy
for registration was devised to reduce sensitivity to
tree positioning accuracy in different sources of LiDAR
point clouds and improve the robustness of the proposed
method, particularly in complex forest environments.

3) A similarity matrix was constructed to facilitate point
cloud data registration across different platforms. With
this matrix’s assistance, point cloudsfrom TLSand ULS,
TLS and mobile laser scanning (MLS), as well as BLS
and UL S can be correctly registered.

II. METHODOLOGY

The flowchart illustrating the proposed method is presented
in Fig. 1. This article focuses on the fundamental principle of
determining the rotation transformation matrix by identifying
corresponding triangular meshes in point clouds obtained from
different LiDAR platforms. Note that the proposed method
operates exclusively within local coordinate systems and does
not require georeferenced data.

Toachievethis, thepoint cloudsareinitially rotated along their
vertical zenith direction, which is determined by calculating the
median of tree growth directions. The key element in forming
matching triangular meshes is the triangle pairs, which consist
of three nearest trees found in both the source and target point
clouds. The process of identifying matching triangles begins
with constructing a spatial structure feature vector for each
triangle. Thisfeaturevector facilitatesthe creation of asimilarity
matrix by comparing feature vectors from the target and source
point clouds. By analyzing this matrix, similarity values for
pairs of triangles in both point clouds can be calculated using
aformulathat considers relative distance and growth direction
angle. Subsequently, triangle pairs are identified based on these
calculated similarity values, ranked from highest to lowest.

Once al matched triangle pairs have been identified, the
rotation transformation matrix isrefined using the RANSAC al-
gorithm to ensure accuracy. Finally, the rotation transformation
matrix is computed based on the most probable triangle pairs.
In summary, the multisource point cloud registration process
involves three main steps: 1) Calculating spatial structure fea-
ture vectors for triangular meshes; 2) Constructing a similarity
matrix for triangle pairs; and 3) Iteratively optimizing matching
triangular meshes to achieve accurate registration.

A. Calculating Spatial Structure Feature Vectors for
Triangular Meshes

Aspreviously mentioned, the fundamental unit for comparing
triangular meshes is the pair of triangles. In order to identify
corresponding triangles within source and target point clouds, it
is necessary to first create a vector that describes the geometric
attributes of each triangle. It is important that these generated
featuresremain consistent acrossdifferent point clouds obtained
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Fig. 1. Flowchart of the proposed method.

Fig.2. Sketch map of describing the geometric features for triangular meshes
generated by three nearest trees.

from varying LiDAR platforms. In this study, triangles within
the point clouds are formed by the three nearest trees.
Typically, the spatia relationship between trees can be de-
termined regardless of the LiDAR platform used to acquire the
tree point clouds. Asillustrated in Fig. 2, the distances between
Treej and its neighboring trees (T'reej,Treey, €tc.) should
exhibit similarity in both the source and target point clouds.
In addition, Fig. 2 demonstrates that the growth direction of

atree (§i) remains unchanged. Therefore, if the vertical zenith
directionisestablished, it can beinferred that angleswithin mul-
tisource LiDAR point clouds should also demonstrate similarity.
Here, “vertical zenith” refers to the gravity-aligned upward
direction in the LiDAR coordinate system. It is operationally
defined as the median growth direction of treesin the plot, cal-
culated from the vector sum of individual tree orientations. This
direction serves as a reference for computing growth direction
angles in the following 6-D feature vector.

Asillustrated in Fig. 2, the formation of triangular meshes
relieson accurate detection of individual tree centersand growth
orientations. To localize tree stems, vertical cross-sectional
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slices are extracted from the point cloud data. For each dlice, a
circular model isfitted to the stem points, with the circle center
determined through least-squares optimization. By tracking the
trajectory of these centers across sequential slices, the primary
growth axis of each tree is identified. Finally, integrating this
orientation datawith terrain pointsenabl espreci sedetermination
of 3-D tree positions. Note that the triangular meshes are con-
structed in 2-D horizontal space, where the points are projected
onto aplaneparallel totheground surface. Specifically, thishori-
zontal plane correspondsto the normalized digital terrain model
(DTM) generated from the terrain points, ensuring consistent
and stable triangular meshes construction for the registration
process.

Consequently, this article defines a 6-D eigenvector as the
feature vector for describing the geometric attributes of each
triangle. This eigenvector comprises two components. rela-
tive distance [ndisi j, ndisi K, ndisj k] and growth direction
anglepi , j, k] Specified as follows:

Aijk = [ndisij, ndisik, ndisjk, @i,, Pj, Pk]
ndisi,j = dz‘si,j/max (disi,j s disi’k, diSj,k)

5 oy
Vi = (Si,Ni> /180 x 7

where ndisj;j represents the relative distance between

TreeiTreeij andT'reejTreej. i istheanglebetweenitsgrowth
—

direction (?i) and the vertical zenith direction (INVi). disj jdisi

is the Euclidean distance between the positions of Tree; and

Treej.

B. Constructing a Smilarity Matrix for Triangular Meshes

After generating the feature vectors, each triangle will be
represented by a6-D eigenvector. Thetriangleisformed by three
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Fig. 3. Triangle pairs comparison from source and target point clouds.

nearest trees, acknowledging that different treeswill have differ-
ent nearest neighboring trees. For example, for T'ree; itsnearest
neighboring trees may be Treej and Treex. Thus, the fea
ture vector for Tree; is [ndisi j, ndisix, ndisj k, i, Pj, Pk
Similarly, for T'reej, its nearest neighboring trees may be
Treex and Treey. Correspondingly, its feature vector is
[’I”LdiSj,k, ndz’s“, ndisk,h Pj,» Pk (p|].

Thus, if therearen, and n, treeswithin the source and target
point clouds, respectively, the source point cloud will generate a
n1 x 6 matrix (MatS Mat®) as defined in (2), while the target
point cloud will generate an, x 6 matrix (Mat").

il ol i1 1,1 .1
ndz.siz,j,ndzsiék,ndzs-’k, @;,gp- , gplz(
MatS ndzsj’k,ndzsjll,ndzsk,h<pj,<pk,<p|

a =

>N >N s N n n n
ndzsoylp, ndzsoqu, ndzsp}q, Vot Ppti gt nyx6

Each tree and its nearest two trees can form a triangle and
possess afeature vector. Therefore, if the source point cloud has
ny trees, there will be n; triangles and n; feature vectors. The
same applies to the target point cloud with n; triangles and n,
feature vectors.

To find matched triangles from the source and target point
clouds, their corresponding feature vectors should be similar
as depicted in Fig. 3. The triangles matching is the process
of identifying corresponding triangle pairs across point clouds
using similarity matrices.

This implies that the difference between these two feature
vectors should be minimal. Hence, to measure the similarity
of triangles from different point clouds, a similarity matrix for
triangle pairs is constructed as defined in (3). Here, the matrix
similarity isused to quantify structural correspondence between
triangular meshes formed by neighboring trees.

k=1,|»-'-v,|n (k,:) = i

= [5ndisf’T,5ndis§’T,5ndis§’T,(§pf’T,5@§’T, §’T] .

©)

From (3), it can be found that the similarity matrix should
be aniny x 6 matrix since each feature vector in M atS must
be compared to every feature vector in Mat" to quantitatively
assessthe similarity among thetriangles. A relative distance and
growth direction angle balancing equation is formulated as (4)
to evaluate this similarity.

(k)y=a Y ndiss T +8 > o5 7. (4)

i=1,2,3 j=1,2,3

SN T
Ma =) -, Ma ()

1n2

k=1,--,n1nz
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Obvioudly, SVSV isa1-D vector containing the calculated
similarity values. « and 3 are the balancing factors, which are
set to 0.4 and 0.6, respectively. Note that the relative distance
feature (weighted by «) exhibited robust stability acrossvarying
forest densitiesand LiDAR platforms, whilethegrowth direction
angle (weighted by /) provided critical discriminative power
for distinguishing structurally similar trees. Pre-experimental
comparisons of multiple parameter combinations confirmed that
these values optimally balanced stability and discriminability,
ensuring consi stent registration performance. Furthermore, em-
pirical validation demonstrated that minor variations in o and
(5 had negligible effects on registration accuracy, justifying the
use of fixed values for practical deployment.

C. lteratively Optimizing Matching Triangular Meshes to
Achieve Accurate Registration

After constructing the similarity matrix for each triangle
selected from the source and target point clouds, the similarity
values for each triangle pair can be calculated using (4) and
ranked from largest to smallest. Generally, the largest similarity
valueindicatesthat thetwo corresponding trianglesin the source
and target point clouds are the most likely matched triangles.
Thisisbecauseit signifiesthat the relative distances and growth
direction anglesamong thetreesforming thetrianglesare highly
similar in both point clouds.

Subsequently, the triangle pair with the largest similarity is
considered as the base for detecting other matching triangle
pairs. If thisbasetriangle pair isindeed correctly matched, other
matched pairsshould exhibit similar relative distances compared
to the base pair. The process of detecting matched pairs is
illustrated in Fig. 4. As depicted in Fig. 4(a), the triangle pairs
in the source and target point clouds are color-coded similarly.
The deep red color indicates higher similarity, while light red
signifies lower similarity. For instance, if triangles A and A]
form a correct match, another pair such as AS and AJ] can
be identified as a matching triangle pair if the relative distance
between A$ and A isakintothat between A7 and A] , asshown
in Fig. 4(b). This principle guides the detection of matched
triangle pairs by examining all pairs based on their similarity
values, starting from the highest and progressing downward.
Thisprocessiselucidated in Fig. 4(c). Itiscrucial to emphasize
that this optimizing step isnot optional but essential. Without it,
the proposed method would be unable to accomplish the final
registration.

Nevertheless, it must be acknowledged that thereisapossibil-
ity, albeit small, that the triangle pair with the highest similarity
may not be a true match. This could occur in cases where
artificialy planted forests have trees with structuraly similar
characteristics, leading to potential mismatchesin triangle pairs.
In such scenarios, if the pair with the highest similarity isincor-
rectly assumed to bethereferencematch, it becomeschallenging
toidentify another pair with similar relative distancesto both the
reference pair and the tested pair. For example, if triangles A7
and A are mistakenly considered as the reference pair due to
their high similarity, it may be observed that therel ative distance
between A7 and AF does not align with that between AjT and

AT, asillustrated in Fig. 5. In such instances, it is necessary to
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Fig. 4. Triangle pairs detection with similarity from larger to smaler.
(a) Corresponding triangle pairs from source and target point clouds. The deep
red color indicates higher similarity, while light red signifies lower similarity.
(b) Relative distances calculation between each two matched triangle pairs.
(c) Detection of matched triangle pairs according to similarity from larger to
smaller.

Fig. 5.  Wrongly accepted triangle pair with largest similarity value.

reject the pair with the highest similarity and select the one with
the second-highest value as the new reference for identifying
matching pairs. Subsequent triangle pairs can then be identified
following the steps outlined in Fig. 4(c).

Once all matched triangle pairs have been identified, the
rotation transformation matrix is refined using the RANSAC
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agorithm to ensure accuracy. Finally, the rotation transforma-
tion matrix is computed based on the most probable triangle
pairs.

[1l. EXPERIMENTAL RESULTS AND ANALYSIS
A. Experimental Datasets

To assess the effectiveness of the proposed method, this study
chose three datasets from different forest sites for testing. Two
of the datasets are publicly accessible, while the third dataset
was recently scanned in China. The first dataset was captured at
the Speulderbos Reference site in the Veluwe forest area, The
Netherlands (N52°15.15’, E5°42.00") [35]. This dataset covers
around 2 ha of forest, with mature beech and oak trees on one
hectare, and a mix of Douglas fir, Norway spruce, giant fir, and
young beech on the other hectare. The data was collected using
both ULSand TLS. The UL S datawas obtained using a RIEGL
RiCOPTER with VUX-1UAV laser scanner, featuring afield of
scanning view of 330° and an average point density of 4059
points/m?. The TL'S data was collected using a RIEGL VZ-400
laser scanner with an angular scanning resolution of 0.06° and
a minimum viewing zenith angle set to 30°. Ground control
points were utilized to align the ULS and TL S data. For testing
purposes, six sample plots measuring 30 m x 30 m and 60 m x
60 m were utilized.

The second dataset, known as the SilviLaser 2021 Bench-
mark Dataset, was captured during the SilviLaser conference
2021 in Vienna [36]. It comprises circular forest plots with
a radius of 25 m, showcasing various forest structures such
as single-layer, multilayer, natural regeneration, and deadwood
[18]. These plots contain tree species including spruce, pine,
beech, and white fir. Multiple LiDAR systems including TLS
and ML S were used to collect the data. The TL S data was ob-
tained using a RIEGL VZ-400i and the ML S datawas collected
by GeoSlam ZEB Horizon. Point densities ranged from 200
points/m? to 200 000 points/m?. This study selected five sample
plots from this dataset for testing to encompass diverse forest
environments ranging from regularly grown trees with simpler
structures to irregularly grown trees with higher density and
complexity.

The third dataset was scanned on-site by the researchers
in Lushan city, Jiangxi province, China (N 29°33'4.37", E
115°59'20.38"). Three 30 m x 30 m sample plots were scanned
using ULS and BLS, respectively. These three sample plots
exhibit varying stem densities, with Cryptomeria being the
predominant tree species. The ULS data was acquired using a
ZENMUSE L2 laser scanner, which integrates frame LiDAR
technology along with a self-developed high-accuracy 1MU
system and a CMOS RGB mapping camera for more precise
geospatial data acquisition on DJI flight platforms. The verti-
cal measuring accuracy of ZENMUSE L2 is 4 cm while the
horizontal measuring accuracy is5 cm. The BLS point clouds
were collected using the NavVis VL X3 laser scanner, which can
capture comprehensive 3-D measurements with two 32-layer
LiDAR sensors combined with cutting-edge SLAM software
for superior point cloud quality from a wearable device. Its



HUI et a.: MULTISOURCE LiDAR POINT CLOUD REGISTRATION METHOD BASED ON PROGRESSIVE OPTIMIZATION

Fig. 6. Six individua tree point clouds scanned by different platforms of
laser scanner from the testing sites. The blue points represent individua tree
scanned by TLS. The red points represent individual tree scanned by ULS. The
green points represent individual tree scanned by MLS. The olive green points
represent individual tree scanned by BLS.

measuring range is up to 300 m with a capability to acquire
up to 1280000 points/s.

Intotal, 14 sampleplotswere chosen for testing encompassing
point clouds obtained through TLS, ULS, MLS, and BLS. This
testing allows for assessing the performance of the proposed
method in fusing point cloudsfrom different sources. Thetested
tree samples from each plot are depicted in Fig. 6 where it is
evident that different sources of point clouds possess distinct
characteristics; for instance, TLS point clouds capture more
stem details while ULS point clouds focus more on canopies.
Additional detailsregarding the characteristics of the 14 sample
plots can befound in Tablel.

B. Experimental Results

As stated in Section A, 14 plots from three forest sites were
chosen for testing purposes. To visually analyze the registration
results of the multisource point clouds, pairs of plotsfrom each
of the three sites were presented in Fig. 7 to demonstrate the
performance of the proposed method. The profiles of each plot
were specifically selected in Fig. 7 to visually showcase the
registration results of the multisource point clouds. It is evident
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Fig. 7. Registration results for the six plots. The left sub-figures show the
registration results for the plots. The transparent gray cuboid represents a cross
section and the profile points are shown in the right subfigures. The blue points
represent individual tree scanned by TLS. The red points represent individual
tree scanned by ULS. The green points represent individua tree scanned by
MLS. The olive green points represent individual tree scanned by BLS.
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TABLE |
CHARACTERISTICS OF THE 14 SAMPLE PLOTS

Number of points

Sites Plots Laser scanners (million point) Tree species Scopes Data sources
S1-1 TLS: 12.20 ULS: 4.17 ;
TLS and ULS Giant fir
Sitel S1-3 s TLS: 837 ULS: 5.60 Douglas fir re[;‘ijt al
Si-4 - TLS: 50.24 ULS: 13.65 Young beech
S1-5 RIEGLVOXAUAY S, 4770 ULS: 1527 Old beech and oak 60 m* 60'm
S1-6 TLS: 26.49 ULS: 21.64
S2-1 TLS and MLS TLS: 59.27 MLS: 82.73 o
S2-2 TLS: RIEGL VZ-400i TLS: 48.40 MLS: 106.21 gmce Holl i
Site2 $2-3 MLS: TLS: 133.11 MLS: 81.93 B;::h r=25m © ?;Z]et a
S2-4 GeoSlam TLS: 81.16 MLS: 109.48 white fir
ZEB-Horizon
$2-5 TLS: 81.16 MLS: 109.48
S3-1 BLS and ULS MLS: 49.88 ULS: 0.85 S d
Site3 $3-2 BLS: NavVis VLX3 ~ MLS: 61.48 ULS: 0.96 Cryptomeria 30mx30m r:;rilcrzl:ll
S$3-3 ULS: ZENMUSE L2 MLS: 51.79 ULS: 0.95 P Y

from Fig. 7 that point clouds obtained from different LiDAR
platforms exhibit distinct characteristics, as previously men-
tioned. For instance, TLS utilizes a bottom-up scanning mode
leading to less upper canopy information, displayed in Fig. 7(a).
Conversely, ULS uses a top-down scanning mode resulting in
lesssteminformation, showninFig. 7(b). MLSand BLSemploy
a similar scanning mode with a limited vertical field of view
and measurement range, which enables them to capture dense
trunk points but restricts canopy upper information, depicted in
Fig. 7(c), (d), (e), and (). Theanalysisof profiles extracted from
these six plotsindicatesthat the proposed method can effectively
register multisource point clouds, such as TLS with ULS, TLS
with MLS, and BLS with ULS. Following registration, the
fused point clouds can address the limitations of individual data
sources and provide comprehensive point cloud profiles.

Fig. 8 illustrates the detailed registration outcomes for the
six trees listed in Fig. 6. In Fig. 8(a) and (b), it is evident that
utilizing the proposed method enables effective registration of
TLSand UL Spoint clouds, successfully integrating both canopy
points (I and I1) and branch points (I11 and 1V). In Fig. 8(c)
and (d), while TLS and MLS may be constrained by their
vertical scanning views, merging MLS point clouds with TLS
data compensates for occlusions observed in the TLS resullts,
particularly noticeablein areas 1l and 1V as shown in Fig. 8(d).
In Fig. 8(e) and (f), it is clear that compared to BLS, ULS can
capture more high-density canopy points in regions | and II;
however, it falls short in acquiring sufficient stem points as seen
inareas |l and IV.

To quantitatively evaluate the performance of the proposed
method, this study utilized five accuracy metrics asdescribed in
(5)H9). Thefirst three metrics primarily assessthe residual dis-
tance of each point before and after registering the point clouds.
In this research, al multisource point clouds were manually
registered, meaning that the reference coordinates of each point
(CooriCoorl, i =1---n) after registration were provided.
Consequently, upon obtaining the estimated coordinates of each
point (Coorl, i = 1---n) using the computed transformation
matrix, the mean (dismeandiSmean), Maximum (dismax), and

root mean square error (disrmse) Of distance residua can be
calculated asindicated in (5)—(7) [37]. Inaddition, given that the
multisource point cloudsweremanually registered, thereference
transformation matrix betweenthe source and target point clouds
wasdetermined. Thisincludesthereferencerotation matrix (Ry)
and translation vector (¢,). By comparing these reference values
with the estimated values derived from the proposed method,
the rotation error (ER) and the tranglation error (E£¢) can be
computed using (8) and (9) [16].

_ iz [Coory — Coorg|

dismean = ©)
n
dis M{lX ||C’007“ir — Cooré”max (6)
i=1-n
n i i(2
diSRMSE — \/El:l HCOO";;' C(OOTeH (7)
tr(Ry (Re)") 1
ERr = arccos 5 (8)
Et = Htr - te” (9)

where Coor! and Coor! denote the reference and estimated
coordinatesof each point, respectively. || || meansthedistancebe-
tween thereferenced and estimated coordinates of each point. R,
and ¢, are referenced rotation matrix and translation vector,
while Re and te are calculated rotation matrix and translation
vector. The trace of amatrix is denoted by tr().

The results of accuracy metrics cal culations were presented
in Table Il. It is evident that the average distance residual
between the reference coordinates and the estimated coordi-
nates using the computed transformation matrix for the 14
plots is 0.1589 m, indicating superior performance of the pro-
posed method. Furthermore, the average maximum and RM SE
of residua distance for the proposed method are 0.2667 m
and 0.1646 m, respectively, demonstrating the method’s abil-
ity to achieve precise and reliable registration results. The
average rotation error and translation error are calculated
as 0.0056 degrees and 0.3470 m, respectively, affirming the



HUI et a.: MULTISOURCE LiDAR POINT CLOUD REGISTRATION METHOD BASED ON PROGRESSIVE OPTIMIZATION

29153

TABLEI
ACCURACY METRICS CALCULATION RESULTS FOR THE 14 PLOTS

Sites Plots disean (M) dispax (M) disgppmsg (m) ER (0) E[ (m)
S1-1 0.1315 0.2206 0.1343 0.0059 0.4443
S1-2 0.0804 0.1728 0.0853 0.0062 0.3717
Sitel S1-3 0.1033 0.1616 0.1059 0.0033 0.4112
S1-4 0.2506 0.5246 0.2680 0.0068 0.3795
S1-5 0.0656 0.0880 0.0661 0.0005 0.1332
S1-6 0.1137 0.1500 0.1153 0.0011 0.3143
S2-1 0.1129 0.2693 0.1192 0.0065 0.1319
S2-2 0.1522 0.2451 0.1538 0.0049 0.2106
Site2 S2-3 0.1066 0.1792 0.1083 0.0031 0.3319
S2-4 0.1362 0.1417 0.1362 0.0014 0.2296
S2-5 0.0620 0.1159 0.0639 0.0017 0.5330
S3-1 0.2797 0.5184 0.3008 0.0136 0.5230
Site3 S3-2 0.3865 0.4678 0.3887 0.0077 0.2875
S3-3 02437 0.4792 0.2579 0.0156 0.5565
AVE 0.1589 0.2667 0.1646 0.0056 0.3470

satisfactory registration outcomes achieved by the proposed
method.

In addition, this study computed the average accuracy metrics
for each site, with comparative results displayed in Fig. 9. It is
observed that the proposed method achieved similar registration
outcomes in Sitel and Site2, with all five accuracy indicators
exhibiting smaller values. Analysis from Table | and Fig. 6
revealsthat TLS and UL Swere used for point cloud acquisition
in Sitel, whereas TLS and MLS were utilized in Site2. By
examining Fig. 6(a), (b), (c), and (d), it becomes apparentx
that despite using different laser scanners to capture individual
tree points, the fundamental structural characteristics remain
consistent, particularly for tree stems. Conversely, in contrast to
Sitel and Site2, point cloud quality obtained viaULS is subpar
in Site3. Examination of Fig. 6(e) and (f) reveas low point
density of individual trees scanned by ULS in Site3, especially
for tree stems due to canopy occlusion. Consequently, accuracy
indicators for multisource point cloud registration in Site3 are
a little worse than those of Sitel and Site? as illustrated in
Fig. 9.

C. Comparison and Analysis

To objectively evaluate the performance of the proposed
method, five other classical point clouds registration methods
were aso utilized for testing. Rusu et al. [38] proposed the
FPFH point cloud registration algorithm that can efficiently
describe the local geometric features of points, matches cor-
responding points based on these features, and computes a
transformation matrix to align point clouds, achieving robust
and accurate registration. Le et al. [39] introduced a robust
registration method called SDRSAC. The core concept of this
method involves developing a novel semidefinite-based ran-
domized approach for robust point cloud registration without
explicit correspondences. By treating the correspondence issue
as aform of graph matching and using an efficient semidefinite
relaxation, the authors proposed a new sampling strategy that
alows the use of larger subsets for hypothesis generation. This
approach combines the strengths of randomized techniques and

Algorithm 1: : Similarity Matrix Construction.

Input: idx_single, stempoint, high, para, dtm
1 Set 13 Cluster Filtering by Shape and Height
2 for sach clusfer 1 do

a Extract P, + stempoint{idr_singlr e

4 if || = 3 then

[ | econtinue

L end

T Compute covariance E; and singular values oy 2 02 2 oy
] f,1|;||||:.|||4 “]"'l“' metric Sob | :.Jr.l... :

B if Sob < para(l) or height( ) < paral2) then

10 | econtinne

¥ erud

12 end

1a Filter remaining clusters into newstes and idx newsingle;

14 Set 2: Estimate Base Location and Axis per Tree
18 for each clusfer @ in idz_newsingle do

16 Slice points vertically with height window high;
17 for each stice do

s Fit best civele (via RANSAC + Taubin);

18 Store circle conter, radius, and height

0 el

3 Remove radius outliors via 20 rule

73 if too few valid circles then

o) | continue

T end

20 Estimate axis direction vis SVD of circle conters;
26 it'_pumjl: == {] then

a7 | Project axis to ground height

2R else

20 | Search nearest IVTM point and adjust base elevation
0 end

%1 if tarse too for from cluster then

a2 | continme

a1 etud

4 Saye f!l:l:-u-.(lilt-l"l i|>||; as line in Line;

a5 end

38 Output: newstes, idx newsingle, Line;

graph matching to swiftly filter out outliersin the sampled sets,
resulting in high-quality hypotheses. Guan et a. [14] proposed
a multiplatform LiDAR data fusion method based on tree lo-
cations. Five main steps were involved in their method, such
as individual tree segmentation, triangulated irregular network
(TIN) generation, TIN matching, etc. Among these steps, TIN
matching is the core step for realizing the multiplatform point
clouds registration. This article proposed a voting strategy for
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Fig. 8. Details analysis for the registration results for the six trees scanned
by different platforms of laser scanner from the testing sites. The blue points
represent individual tree scanned by TLS. The red points represent individual
tree scanned by ULS. The green points represent individual tree scanned by
MLS. The olive green points represent individual tree scanned by BLS.

fusing the backpack and UAV LiDAR data. Yang et a. [40]
proposed arapid and verifiable point cloud registration method
known as TEASER. By reformulating the registration problem
through a truncated least squares cost function, the algorithms
are able to effectively handle many erroneous correspondences.
A graph-based framework is introduced to separate scale,
rotation, and translation estimation, enabling each subproblem
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Fig. 8. (continued)

to be solved sequentially. Scale and translation estimation us-
ing truncated least sgquares are efficiently solved through an
adaptive voting scheme, while rotation estimation viatruncated
least squares is optimized through atight semidefinite program.
In addition to conventional registration techniques, this article
conducts a comparative analysis of YOHO, a state-of-the-art
deep learning-based method proposed by Wang et al. [30]. This
approach demonstrates superior robustness in handling varia-
tions in point density and noise levels compared to traditional
methodol ogies.

The comparison of accuracy metrics for the 14 plots among
the five methods is presented in Table 111 When considering
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Fig. 9. Average accuracy indicators comparison for the three sites.

Algorithm 2: Iterative Triangle Matching.

Input 53 |

i souree anid target point clonds

alatency ilwek

o matches

1 Set 1: Generate amnd Hank Candidate Matches /« Compute
feature similarity scores for all pairs (p,.+;) and create
a list £ ranked in dezscaending order of scorae #

2 £+ GenerateRanked Candidintes(S;, &)

a Het 2: Iteratively Select Geometrically Consistent Matches

Coe=dl /¢ Imitialize the set of accepted matches
4 for cach candidate paie (pg;) € £ do
if g or g is already imoa paie in C then
[/ Bkip points that are already matched
[} end
7 if [sCleometricallyConsistent| (py. ., C. 7) then
Co—Cu{ipigl /¢ Accept the match if consistent
end
1 el
11 Set 3: Estimate the Final Transformation if |0 < N, then

12 roturn fadlwre ff Hot encugh matches found
14 emnd
14 Cpipat = C
158 T + Estimate Transform{C riue ) // Compute transformation from
final matches
i return Cpppu. T
Output: Cp,p0 The finnl set of rolost mateles
T: The rigicd trnmsformackon matriy that aligns S to 8,

the mean distance between referenced and estimated coordi-
nates after registration of each point (referred to as dismean),
it is evident that the proposed method achieved significantly
smaller values compared to the other methods, which recorded
values tens of times larger than those of the proposed method.
In addition, the proposed method consistently demonstrated
stable and smaller dismean across all tested plots, whereas the
dismean Values obtained by other methods exhibited significant
variability. For example, in plot S3-1, Le et al. [39] achieved
the smallest dismean Value of 0.2551 m, while in plot S1-6, the
dismean Valueis 37.5025 m. The same findings can be concluded
in terms of the other two distance accuracy indicators, such as
dismax and disrmse. In terms of the rotation error (Fr) and
the trandation error (Ey), it is obvious that smaller values indi-
cate the better registration performances. The proposed method
consistently attained the smallest Fr values acrossall 14 tested
plots, suggesting that its cal culated rotation matrix (Re) closely
approximates the reference rotation matrix. Furthermore, in
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Algorithm 3: : RANSAC for Transformation Matrix Re-
finement.

Input: Point sets A, B; correspondence indices € adjustod points A

1 Extract matched points: Py — A(C[;, 1],:), P +— B(C[:. 2],:);
2 Set scale s + 1, best inlier count mye., + 0;
3 Initinlize best model parameters
4 for i+ 1 to N, do
Randomly select 3 cormespondences from Py, Py
6 Estimate (R, ¢;) + ComputeTransform(-}:
T Transform all Pa: Py 5 8- Pp + 85
1] [IIIIII‘IIHI' I":'f‘-illllllg" IllI |'I'r'|'\.""|'|| JIJ.’I rIIILI .r.p:
a Determine inliers: [; = {d; < 7}
10 If |F| = ripeyy then
11 | Update best model: B+ R, 4= &, T+ L, fhew 4+ [Fi]
12 end
13 end
14 if mgeas < 4 then
15 .;)IE" lr" III I'IFI'I"i\iIIIIIEIf'III'I'\:
16 enid
17 Recompute (R, 1) + ComputeTransform( Py (f), Pa(ll);
18 r'c||||'||1::|' final transformmed ||(|i|||- A'—5-R- AT + 1
19 Output: Retation R, translation ¢, transformed points A

terms of tranglation error (Et), results from Table Il reveal
that the proposed method consistently yielded smaller values
for all 14 plots, outperforming the other methods in this regard.
In summary, based on these observations, it can be concluded
that the proposed method delivers satisfactory registration out-
comes while maintaining robustness and superior performance
compared to aternative methods.

Table IV presents the registration outcomes for the 14 plots
using six different methods. It is observed that in the first six
plots, the registration resultsfor tree points scanned by TLS and
ULS are displayed. Notably, Le et al. [39] and Yang et al. [40]
exhibited the poorest registration performance in this set. The
alignment of multisource point clouds showed discrepancies,
with some even being in opposite directions. Rusu et al. [38]
demonstrated improved registration performance for TLS and
ULS point clouds, although not as precise as the proposed
method.

For plots from S2-1 to S2-5, these five plots represent tree
points scanned by TLS and MLS. It was noted that Le et a.
[39] achieved superior performanceinregistering TLSand MLS
point clouds compared to TLS and UL Sregistration. Guan et al.
[14] yielded inferior resultsin TLS and MLS point cloud regis-
tration, while Yang et al. [40] still had the poorest performance.
Compared with these traditional registration methods, the deep
learning based method by Wang et a. [30] achieved better
registration performance. Comparatively, the proposed method
exhibited notably better registration accuracy compared to the
other four methods.

The last three plots indicated the registration outcomes for
BLS and ULS point clouds. It was found that Guan et a. [14],
Yang et a. [40] and Wang et al. [30] had the weakest resultsin
BLS and ULS point cloud registration, whereas Le et al. [39]
achieved significantly better performanceinthisregard. Overall,
the proposed method consistently demonstrated superior perfor-
mance compared to the other methods.

Fig. 10 illustrates the comparison of registration profiles
among various methodsfor aligning TLS and UL S point clouds.
In comparison to the reference registration result shown in
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TABLEII
COMPARISON OF ACCURACY INDICATORS FOR THE 14 PLOTS AMONG THE SIX METHODS. THE BOLD FONTS REPRESENT THE SMALLEST VALUE

Plots Methods diSmean (M) diSmax (m) disgmsEg (m) ER (0) Et (m)
Rusu et al. [38] 1.0884 2.4860 1.1887 0.0911 6.2160
S1-1 Le et al. [39] 22.0075 49.9744 23.8813 3.0309 63.7841
Guan et al. [14] 14.6498 45.5382 16.8050 1.5716 145.9199
Yang et al. [40] 18.4689 44.5060 20.8214 1.9047 76.9058
Wang et al. [30] 7.0548 15.2171 7.5901 0.2209 0.2846
Proposed Method 0.1315 0.2206 0.1343 0.0059 0.4443
Rusu et al. [38] 17.7199 35.8406 19.1336 1.5627 135.2477
Le et al. [39] 23.3360 42.8300 24.6384 2.9846 81.0514
12 Guan et al. [14] 8.1517 14.0143 8.5445 0.3189 26.0479
Yang et al. [40] 30.3799 57.5765 31.6487 2.9095 84.9293
Wang et al. [30] 25.1442 49.0471 25.9761 0.2440 0.3771
Proposed Method 0.0804 0.1728 0.0853 0.0062 0.3717
Rusu et al. [38] 20.3892 37.9836 21.7496 2.1476 258.5885
Le et al. [39] 25.4038 42.8406 26.2827 3.1072 103.8912
313 Guan et al. [14] 24.2518 51.3661 26.1498 2.9276 299.3980
Yang et al. [40] 16.0693 29.9959 17.1401 1.2873 125.5128
Wang et al. [30] 21.0023 52.0085 23.0692 0.0721 0.0687
Proposed Method 0.1033 0.1616 0.1059 0.0033 0.4112
Rusu et al. [38] 44.3199 93.3926 47.9994 2.8240 140.2170
Le et al. [39] 34.3485 89.7093 38.1612 3.0705 115.4438
914 Guan et al. [14] 6.8018 14.4195 7.3097 0.2746 13.7742
Yang et al. [40] 52.5463 116.7466 57.9729 2.9601 122.4467
Wang et al. [30] 14.0447 28.9048 14.9110 0.0920 0.1632
Proposed Method 0.2506 0.5246 0.268 0.0068 0.3795
Rusu et al. [38] 6.1138 13.5785 6.6374 0.2646 36.1619
Le et al. [39] 34.2508 83.6287 37.8545 3.1008 95.5625
S1-5 Guan et al. [14] 5.9834 14.2353 6.6112 0.2572 36.2822
Yang et al. [40] 129.4246 195.1956 132.7127 2.3084 178.5433
Wang et al. [30] 11.2362 25.2693 12.0883 0.1232 0.1558
Proposed Method 0.0656 0.088 0.0661 0.0005 0.1332
Rusu et al. [38] 9.0288 18.3455 9.7344 0.3815 70.7773
Le et al. [39] 37.5025 73.5147 40.1323 2.8600 38.7264
S1-6 Guan et al. [14] 6.1921 10.9845 6.5580 0.2454 43.6241
Yang et al. [40] 20.5867 40.4956 21.6985 0.6458 116.9172
Wang et al. [30] 26.1458 54.9088 27.9292 0.1636 0.2284
Proposed Method 0.1137 0.15 0.1153 0.0011 0.3143
Rusu et al. [38] 11.2408 31.7183 12.8193 1.2847 30.7431
Le et al. [39] 15.2214 40.1171 16.9700 1.6359 45.9333
$2-1 Guan et al. [14] 2.9203 8.5348 3.1942 0.3334 6.9622
Yang et al. [40] 22.1999 54.0666 23.7125 2.5675 14.9383
Wang et al. [30] 8.7464 45.3782 10.7822 0.0779 4.1484
Proposed Method 0.1129 0.2693 0.1192 0.0065 0.1319

Fig. 10(b), it isevident that Rusu et al. [38] and Wang et al. [30]
achieved a satisfactory registration outcome. The ground points
from both TLS and UL S scans are well-aligned, but discrepan-
cies can be observed in the positions of tree stems between the
two sources. Notably, the registration direction by Le et al. [39]
is completely opposite, as depicted in Fig. 10(d). Furthermore,
Fig. 10(e) and (f) reveal rotation errorsin theregistration results.
Conversely, Fig. 10(h) displays the registration outcome using
the proposed method, demonstrating successful alignment of
tree stems from the distinct point sources and retaining de-
tailed information on tree stemswhileincorporating rich foliage
points.

Fig. 11 presents acomparison of registration profilesfor TLS
and MLS point clouds registration methods. Comparing with
the reference result showcased in Fig. 11(b), it is noticeable
that rotation errors are minimized in the registered outcomes

obtained by Rusu et a. [38], Leet a. [39] and Wang et al. [30].
Moreover, athough ground points from TLS and MLS align
well asillustrated in Fig. 11(c), (d) and (g), deviations are ob-
served in tree stem positions sourced from differing origins. The
registrations conducted by Guan et al. [14] and Yang et a. [40]
exhibit apparent rotation errors, depicted in Fig. 11(e) and (f).
Notably, the proposed method performs notably better than
the other four methods, ensuring detailed branch information
acquisition despite potential self-occlusion challenges.

In Fig. 12 a comparison of registration profiles for BLS and
ULS point cloud registrations is presented. As evidenced in
Fig. 12(b), BL Scapturesdetail ed tree points beneath the canopy,
while ULS provides upper canopy information not attainable
by BLS alone. Registration outcomes by Rusu et a. [38] and
Guan et al. [14] display evident translation errors as shown in
Fig. 12(c) and (€), wheresas registrations by Le et a. [39] and
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TABLE I
(CONTINUED.)

Plots Methods diSmean (M) dispmax (m) dispmsE (M) E, (® E, (m)
Rusu et al. [38] 14.6572 33.6386 15.8588 1.0300 61.0651
Le et al. [39] 18.6230 48.1937 21.1393 2.6828 111.5276
S22 Guan et al. [14] 13.2676 56.0707 16.5518 1.5855 10.1598
Yang et al. [40] 245709 54.6413 25.3964 2.4081 20.8312
Wang et al. [30] 9.6301 45.2664 11.8274 0.2704 4.4729
Proposed Method 0.1522 0.2451 0.1538 0.0049 0.2106
Rusu et al. [38] 2.1037 5.8724 2.3711 0.1998 15.6683
Le et al. [39] 15.1240 48.3987 17.7006 22732 134.5069
3 Guan et al. [14] 2.8779 6.8804 3.0121 0.1696 8.3634
Yang et al. [40] 30.8361 70.3296 32,5329 3.0546 161.7665
Wang et al. [30] 8.7560 46.1572 10.7236 0.4442 4.5297
Proposed Method 0.1066 0.1792 0.1083 0.0031 0.3319
Rusu et al. [38] 10.1599 27.8859 11.4854 1.0613 131.3049
Le et al. [39] 8.3977 24.2858 9.5034 0.8185 109.2487
S2-4 Guan et al. [14] 1.9216 5.5874 2.1030 0.1685 5.8966
Yang et al. [40] 17.3183 28.6864 17.4958 0.5356 69.6642
Wang et al. [30] 9.5111 48.9831 11.5595 0.0861 4.8975
Proposed Method 0.1362 0.1417 0.1362 0.0014 0.2296
Rusu et al. [38] 12.1786 27.7258 13.1569 0.9376 1192.9058
Le et al. [39] 14.6937 32.6746 15.7393 1.2051 1498.1100
$2-5 Guan et al. [14] 7.3604 13.3793 7.4901 0.1937 211.4428
Yang et al. [40] 303648 69.8599 332140 3.1258 26312212
Wang et al. [30] 12.5681 52.8825 15.4163 0.1973 3.6047
Proposed Method 0.0620 0.1159 0.0639 0.0017 0.5330
$3-1 Rusu ct al. [38] 53113 8.8586 55721 0.1909 9.1002
Le et al. [39] 0.2551 0.4987 0.2746 0.0186 0.3260
Guan et al. [14] 25.8029 51.9985 29.0217 1.5710 26.0026
Yang et al. [40] 29.0002 60.9709 31.2477 2.7460 31.0848
Wang et al. [30] 11.4742 20.0107 12.1183 0.7218 0.4455
Proposed Method 0.2797 0.5184 0.3008 0.0136 0.5230
Rusu et al. [38] 20.6045 532421 22.5064 2.0161 84.9582
Le et al. [39] 1.3863 2.6596 1.4786 0.0661 2.5928
G0 Guan et al. [14] 15.9850 44.5993 17.5135 1.5950 78.7331
Yang et al. [40] 15.4210 38.5111 16.7810 1.5423 69.8211
Wang et al. [30] 22.2971 50.5292 23.9773 0.7154 0.5114
Proposed Method 0.3865 0.4678 0.3887 0.0077 0.2875
Rusu et al. [38] 3.7968 4.7991 3.8272 0.0564 6.0274
Le et al. [39] 1.3593 2.8262 1.4753 0.0849 1.0586
$3-3 Guan et al. [14] 24.8071 66.2841 28.1960 1.5758 99.2052
Yang et al. [40] 26.8625 53.4721 28.4855 2.6010 64.8482
Wang et al. [30] 13.1110 22.4256 13.7431 0.5386 0.4271
Proposed Method 0.2437 0.4792 0.2579 0.0156 0.5565

Yang et al. [40] show clear rotation errors instead. Although
Wang et a. [30] achieves better the registration result, there are
still registration errors compared with thereferenced registration
result shown in Fig. 12(b). Conversely, the proposed method
showcased in Fig. 12(h) closely aligns with the reference result
displayed in Fig. 12(b), enabling acquisition of both upper
canopy information and detailed stem points beneath thefoliage
postregistration.

Tables V-IX display comparisons of average accuracy indi-
cators among the six methods across three sites. It is evident
that, regardless of the accuracy indicator used, the proposed
method consistently outperforms the other four methods. The
distance indicators, including dismean, dismax, and disgrmse, pri-
marily indicate deviations between reference coordinates and
postregistration coordinates. The proposed method consistently
achieved the smallest values for registration of different point

cloud sources, such as TLSto ULS, TLSto MLS, and BLS to
ULS.

Regarding ER, it is notable that the largest Fr value of the
proposed methodis0.0123° in Site3, whereasthe smallest corre-
sponding valueamong the other fivemethodsis0.0565°, approx-
imately five times higher than that of the proposed method. In
Sitel and Site2, the performance of the other five methods lags
significantly behind that of the proposed method. In addition,
when considering Ft values, it is apparent that they are severa
times higher than those of the proposed method, particularly for
Sitel and Site2.

In conclusion, it can be inferred that irrespective of the point
cloud sources selected for registration (TLS-ULS, TLS-MLS,
or BLS-ULS), the proposed method consistently surpasses al-
ternative methodsintermsof accuracy indicatorsacrossall three
Sites.
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TABLE IV
REGISTRATION RESULTS FOR ALL THE 14 PLOTS AMONG DIFFERENT METHODS. BLUE POINTS REPRESENT INDIVIDUAL TREE SCANNED BY TLS. RED POINTS
REPRESENT INDIVIDUAL TREE SCANNED BY ULS. GREEN POINTS REPRESENT INDIVIDUAL TREE SCANNED BY MLS. OLIVE GREEN POINTS REPRESENT
INDIVIDUAL TREE SCANNED BY BLS

Plots Rusu et al. [38] Le et al. [39] Guan etl-al. [14]
@ Y W
S1-1 Yang et al. [40] ‘Wang et al. [30] The Proposed Method
@« ¢ ©&
Rusu et al. [38] Le et al. [39] Guan et al. [14]
¢ ¢ =
S1-2 Yang et al. [40] Wang et al. [30] The Proposed Method
Y & ¢
Rusu et al. [38] Le et al. [39] Guan et al. [14]
¢ ¢ =
S1-3 Yang et al. [40] ‘Wang et al. [30] The Proposed Method
¢ $ €
Rusu et. al. [38] Le et al. [39] Guan et al. [14]
® ¢ ¢
S1-4 Yang et al. [40] ‘Wang et al. [30] The Proposed Method

g
¢

Rusu et al. [38]

Le et al. [39]

Guan et al. [14]
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TABLE IV
(CONTINUED.)

S1-5
Yang et al. [40] ‘Wang et al. [30] The Proposed Method
Rusu et al. [38] Le et al. [39] Guan et al. [14]
S1-6 Yang et al. [40] Wang et al. [30] The Proposed Method
Rusu et al. [38] Le et al. [39] Guan et al. [14]
S2-1 Yang et al. [40] ‘Wang et al. [30] The Proposed Method
Rusu et al. [38] Le et al. [39] Guan et al. [14]

S2-2 Yang et al. [40] Wang et al. [30] The Proposed Method
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Fig. 10. Registration profiles comparison among the methods for TLS and
UL Spoint clouds registration. The blue points represent individual tree scanned
by TLS. Thered pointsrepresent individual tree scanned by UL S. (a) Reference
registration results for TLS and UL 'S point clouds. The transparent gray cuboid
represents a cross section. (b) Reference registration profile points. (c) Profile
points obtained by Rusu et al. [38]. (d) Profile points obtained by Le et a. [39].
(e) Profile points obtained by Guan et al. [14]. (f) Profile points obtained by
Yang et a. [40]. (g) Profile points obtained by Wang et a. [30]. (h) Profile
points obtained by the proposed method.

IV. DiscussioN
A. Extreme Scenarios Analysis

Whilethe proposed method demonstrates robust performance
in multisource LiDAR point cloud registration, it inherently
faces two critical limitations when applied to dense forests or
young/small trees with indistinct growth direction vectors.

Fig. 13(a) illustrates point clouds acquired in a dense for-
est environment. Notably, individual trees cannot be properly
delineated, and tree stems remain undetectable. This observa-
tion is further validated by the profile analysis in Fig. 13(b).
Given that the method requires precisetreelocalization to derive
geometric features (e.g., relative distances between neighbor-
ing trees), its effectiveness diminishes in dense forests. This
issueisparticularly pronounced for point clouds collected using
top-down scanning systems such as ULS, where heavy canopy
occlusion prevents reliable stem identification. Consequently,
the foundational requirement for accurate feature computation
cannot be fulfilled, leading to unsuccessful registration.
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Fig. 11. Registration profiles comparison among the methods for TLS and
MLS point clouds registration. The blue points represent individual tree
scanned by TLS. The green points represent individual tree scanned by MLS.
(a) Referenceregistration resultsfor TLSand ML S point clouds. Thetransparent
gray cuboid represents a cross section. (b) Reference registration profile points.
(c) Profile points obtained by Rusu et al. [38]. (d) Profile points obtained by
Leet al. [39]. (e) Profile points obtained by Guan et al. [14]. (f) Profile points
obtained by Yang et al. [40]. (g) Profile points obtained by Wang et al. [30].
(h) Profile points obtained by the proposed method.

Another challenging scenario occurs in forests dominated
by young/small trees, as shown in Fig. 13(c). Profile analysis
in Fig. 13(d) reveals that these trees lack well-defined growth
direction vectors. Since the method depends on these vectors
to calculate geometric features, the absence of clear orienta-
tion cues for individual trees undermines the formation of a
registration basis. Without this critical information, the algo-
rithm fails to establish valid correspondences between point
clouds, resulting in registration failure for young/small tree
stands.

These findings align with experimental results from Site 3,
where UL S-derived stem point clouds exhibited significantly
reduced density due to canopy occlusion. This degradation
directly impairs feature extraction and registration accuracy.
Collectively, these limitations indicate that the method may fail
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Fig. 12. Registration profiles comparison among the methods for BLS and
ULS point clouds registration. The olive green points represent individual tree
scanned by BLS. The red points represent individual tree scanned by ULS.
(a) Referenceregistration resultsfor BLSand UL Spoint clouds. Thetransparent
gray cuboid represents a cross section. (b) Reference registration profile points.
(c) Profile points obtained by Rusu et a. [38]. (d) Profile points obtained by
Leet a. [39]. (e) Profile points obtained by Guan et al. [14]. (f) Profile points
obtained by Yang et al. [40]. (g) Profile points obtained by Wang et al. [30].
(h) Profile points obtained by the proposed method.

in dense forests with severely compromised trunk visibility or
in stands where trees lack distinct growth directions.

B. Time Complexity Analysis for the Computationally
Intensive Operations

This article identifies three computationally intensive opera-
tions: Similarity matrix construction, iterative triangle matching
optimization, and RANSAC algorithm for transformation matrix
refinement. To analyze the efficiency of the proposed method,
pseudocodes for these three operations are provided.

1) Smilarity Matrix Construction (Algorithm 1): Algo-
rithm 1 constructs the similarity matrix through two sequential
for-loops. The first loop detects main tree stems using shape
metrics and height thresholds. A computationally intensive step
involvesbuilding covariance matricesfor shape characterization
via SVD decomposition. The number of iterations depends on
detected clusters - filtering numerous clustered points signifi-
cantly increases runtime. The second loop localizes tree bases
and determines growth directions using geometric features.
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Fig. 13. Point clouds acquired in extreme scenarios. (&) and (c) Point clouds
scanned in denseforest and the plot with many small young treeswith indistinct
growth direction vectors. The transparent gray cuboids represent cross sections.
(b) and (d) Profile points are shown.

2) Iterative Triangle Matching Optimization (Algorithm 2):
Algorithm 2 contains three sequential steps. 1) Generating and
ranking candidate matches, 2) iteratively selecting geometrically
consistent matches through for-loop iterations, and 3) deter-
mining the final match set. Computational load in the first step
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TABLEV
MEAN OF DISTANCE RESIDUAL COMPARISON AMONG THE FIVE METHODS FOR
THE THREE SITES. UNIT ISM
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TABLE VII
ROOT MEAN SQUARE ERROR OF DISTANCE RESIDUAL COMPARISON AMONG
THE FIVE METHODS FOR THE THREE SITES. UNIT ISM

Sitel Site2 Site3 Sitel Site2 Site3
(TLS-ULS) (TLS-MLS) (BLS-ULS) (TLS-ULS) (TLS-MLS) (BLS-ULS)
Rusu et al.
Rusu et al. 17.7405 11.1383 10.6352
16.4433 10.0680 9.9042 [38]
[38]
Le et al.
Le et al. 31.8251 16.2105 1.0762
29.4749 14.4120 1.0002 [39]
39
(391 Guan et al. 11.9964 6.4702 249104
Guan et al.
11.0051 5.6696 22.1983 [14]
[14]
Yang et al.
Yang et al. 46.9991 26.4703 26.4703
44.5793 25.0580 23.7612 [40]
[40]
Wang et al.
Wang et al. 18.5940 12.0618 16.6129
17.4380 9.8423 15.6274 [30]
[30]
The
The
Proposed 0.1292 0.1163 0.3158
Proposed 0.1242 0.1140 0.3033
Method
Method
TABLE VI TABLE VIII

MAXIMUM OF DISTANCE RESIDUAL COMPARISON AMONG THE FIVE METHODS
FOR THE THREE SITES. UNIT ISM

Sitel Site2 Site3
(TLS-ULS) (TLS-MLS) (BLS-ULS)
Rusu et al.
33.6045 25.3682 22.2999
[38]
Le et al.
63.7496 38.7340 1.9948
[39]
Guan et al.
25.0930 18.0905 54.2940
[14]
Yang et al.
80.7527 55.5168 50.9847
[40]
Wang et al.
37.5593 47.7335 30.9885
[30]
The
Proposed 0.2196 0.1902 0.4885
Method

scaleswith the number of point pairs (O(m?)). The second step’s
efficiency depends on candidate pair quantity, as each iteration
verifies triangle consistency. The final step checks match suffi-
ciency - insufficient matches result in algorithm failure.

3) RANSAC Transformation Refinement (Algorithm 3): Al-
gorithm 3 appliesRANSAC to optimize transformation matrices

ROTATION ERROR OF DISTANCE RESIDUAL COMPARISON AMONG THE FIVE
METHODS FOR THE THREE SITES. UNIT IS °

Sitel Site2 Site3
(TLS-ULS) (TLS-MLS) (BLS-ULS)
Rusu et al.
1.2119 0.9027 0.7545
[38]
Le et al.
3.0257 1.7231 0.0565
[39]
Guan et al.
0.9326 0.4901 1.5806
[14]
Yang et al.
2.0026 2.3383 2.2964
[40]
Wang et al.
0.1526 0.2152 0.6586
[30]
The
Proposed 0.0040 0.0035 0.0123
Method

by minimizing residuals between pre- and post-transformation
point clouds. Similar to standard RANSAC, it randomly sam-
ples4-point correspondencesto generate hypotheses. Efficiency
depends on iteration count and residual thresholds. The best
transformation matrix is selected based on minimal residual
error.
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TABLE IX
TRANSLATION ERROR OF DISTANCE RESIDUAL COMPARISON AMONG THE FIVE
METHODS FOR THE THREE SITES. UNIT ISM

Sitel Site2 Site3
(TLS-ULS) (TLS-MLS) (BLS-ULS)
Rusu et al.
107.8681 286.3374 33.3619
(38]
Le et al.
83.0766 379.8653 1.3258
[39]
Guan et al.
94.1744 48.5650 67.9803
[14]
Yang et al.
117.5425 579.6843 55.2514
[40]
Wang et al. 0.2130 4.3306 0.4613
[30]
The
Proposed 0.3424 0.2874 0.4557
Method

V. CONCLUSION

Registration of LiDAR point clouds across multiple platforms
in forest environmentsisacrucial step for forest inventory, asit
allowsthe integration of datafrom various sources to overcome
limitations present in single-source point cloud. To achieve a
comprehensive understanding of forest structure, it is essential
to register multisource point clouds. However, challenges such
as unstable features during alignment, limited robustness across
diverse forest conditions, and uncertainties in merging data
from different LIiDAR platforms need to be addressed. This
study presents a method for multisource LiDAR point cloud
registration based on progressive optimization of triangular
mesh similarity in forest environments. A key contribution of
this method is its progressive optimization strategy, aimed at
improving robustness and registration accuracy across varying
forest conditions. Through the optimization process, the most
likely matched triangle pairs are identified progressively using
a similarity matrix constructed from spatial structure feature
vectors proposed in this study. The performance of the method
was evaluated using 14 forest plots scanned with different Li-
DAR platforms including TLS, ULS, MLS, and BLS. Experi-
mental results demonstrate significantly improved registration
performance when fusing TLS point clouds with ULS point
clouds and TL S point clouds with ML S point clouds. While the
accuracy of registering BLS point clouds with ULS points was
compromised by the quality of ULS data, the average residual
distance between reference and estimated coordinates using the
transformation matrix was measured at 0.1589 m for al 14
plots. The average rotation error was calculated as 0.0057°,
and the trandlation error was 0.3470 m, affirming the successful
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outcomes achieved by the proposed method. When compared to
the other five alternative methods, the proposed method consis-
tently delivers superior performance regardless of the accuracy
indicators used. Thisarticle also presents a detailed comparison
of profile points postregistration using various methods. It can
be concluded that whether merging TL S pointswith UL S points,
TLS points with MLS points, or BLS points with ULS points,
the proposed method surpasses the performance of other meth-
ods. Postregistration, more detailed upper canopy information
and abundant stem points can be obtained, especially for tree
pointsscanned from different orientations, suchas TL Sscanning
from bottom to top and ULS scanning from top to bottom.
However, it should be acknowledged that the performance of
the proposed method is inherently dependent on the quality of
tree stem extraction. When processing low-quality tree stem
point clouds, particularly those acquired through ULS under
conditions of severe canopy occlusion, the registration accuracy
may be compromised. To expand the method'’s applicability to
challenging real-world forestry conditions while maintaining
registration precision, our future research will prioritize two key
directions. 1) Developing strategies to enhance the method's
effectiveness when operating on low-quality tree stem point
clouds; 2) Improving the method's robustness in dense forest
environments where tree stem growth directions are less clearly
defined or distinguishable. Furthermore, our ongoing research
will also focus on: integrating deep learning-based approaches
to automatically identify and weight stable geometric features
in occluded environments, reducing reliance on manual feature
engineering.
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