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Abstract

Tree architecture reflects a hierarchical growth pattern shaped by the interplay between genetics and the environment. Environmental
variation leads to unique resource availability, resulting in each tree developing distinct structural features, akin to the uniqueness of
a human fingerprint. In this study, we propose a nondestructive method for quantifying this architectural uniqueness using terrestrial
laser scanning for tree identification. While tree identification is commonly based on their precise geospatial location, this information
may not always be available. Instead, we hypothesized that a tree’s stem profile (diameters along the stem) and branching arrangement
(locations of branch origins on the stem surface) could distinguish individuals within a population. The experimental setup included
65 Scots pine (Pinus sylvestris L.) trees in a managed boreal forest stand, scanned with terrestrial laser scanning in September 2021
(T1) and November 2022 (T2). We investigated whether individual trees could be identified based on architectural similarities between
their point cloud reconstructions from T1 and T2. In total, 52 trees (80.0%) were identified based on their architectural characteristics.
The results supported our hypothesis, showing that identifying ≥10 branch origins from independent reconstructions was sufficient
to establish architectural uniqueness, resulting in 100% identification accuracy (n = 20 trees). These findings suggest that the complex
three-dimensional tree architecture can be condensed into a two-dimensional pattern of points representing branch arrangement,
which we term the “tree fingerprint.” These architectural characteristics, which can be reconstructed from the lower half of the tree, are
well suited for acquisition via ground-based sensing techniques such as terrestrial or mobile laser scanning. If point cloud data capable
of characterizing individual branches is acquired during forest operations, the proposed methodology can facilitate tree identification
for applications such as wood tracking, even without geospatial coordinates.
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Introduction
Trees are the largest and most significant providers of ecosystem
services in terrestrial ecosystems (Gamfeldt et al. 2013). They play
a key role in the global carbon cycle, provide habitats for a large
number of species, and offer economic value to communities and
nations (Pregitzer and Euskirchen, 2004; Pan et al. 2011). While
forest ecosystems harbor a variety of sites for trees to grow, no site
is identical to others regarding resource availability. Even within
the same geographical region and similar soil and climatic con-
ditions, competition between individuals eventually regulates the
availability of growth resources such as light, nutrients, and water.
Tree architecture is a realization of the growth process, reflecting
the interplay between genetics and the environment (Valladares
and Niinemets, 2007). Tree architecture refers to the dimensions
and spatial arrangement of its organs: stem, branches, and foliage
(Reinhardt and Kuhlemeier, 2002) that determine the domain
and the extent of biophysical processes such as photosynthesis
(Enquist et al. 2009, Rosell et al. 2009). Tree clones sharing the

same genotype and growing in close proximity will exhibit dif-
ferent phenotypes due to their interaction with one another and
the environment (Callaway et al. 2003). This suggests that each
tree develops a unique architecture, and, if this architecture can
be consistently measured, it may allow for the distinction and
identification of individual trees.

Tree architecture is shaped by the growth process generally
driven by the availability of growth resources (Larson, 1969; Oliver
and Larson 1996). The availability of these resources is controlled
by the tree’s adaptation to the environment and the interac-
tion with other tree individuals in close proximity (Waring and
Running, 2010). The growth process consists of two components:
primary growth, which increases the length of the leading shoots
and branches, and secondary growth, which increases the thick-
ness of the stem and branches (Taiz and Zeiger, 2010). With
limited availability, resources are allocated according to the pri-
ority theory, where respiration and primary growth are favored
over secondary growth (Kobe and Coates, 1997). This means that
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the allometric relationships within tree architecture reveal past
growth conditions. For example, increased competition for sun-
light drives a tree to enhance its light-capturing capacity by
extending its foliage toward open spaces, prioritizing either ver-
tical height growth or horizontal crown expansion (Gillet, 2008).
The proportion of foliage not receiving sufficient amounts of
sunlight cannot contribute to photosynthesis anymore, leading to
the decline and the death of respective branches, causing crown
asymmetry, resource allocation to maintaining living foliage (Taiz
and Zeiger, 2010), with fewer resources being allocated to increase
the thickness of the stem and branches.

Currently, it is understood that each tree is structurally unique
as no two trees grow under the exact same environmental con-
ditions (e.g. Larson 1969, Brousseau et al. 2013). Despite this
understanding, there remains a need for quantitative studies to
support this theory empirically. The main challenge has been
finding ways to describe tree architectures to distinguish one
tree from another precisely. However, state-of-the-art close-range
sensing techniques could provide a solution (Disney et al. 2018,
Malhi et al. 2018). Terrestrial laser scanning (TLS) has a demon-
strated capacity for detailed tree characterization as it enables a
millimeter level of geometric accuracy in the reconstruction of the
three-dimensional (3D) structure of trees (Hackenberg et al. 2014).
This 3D reconstruction of trees includes the characterization of
the stem (e.g. Simonse et al. 2003; Liang et al. 2013) and crown
dimensions (e.g. Henning and Radtke 2006; Ritter and Nothdurft
2018), foliage properties (e.g. Béland et al. 2011; Van der Zande
et al. 2011), and branching structure (e.g. Åkerblom et al. 2017;
Demol et al. 2022).

Detailed 3D observations can also be repeated over time,
capturing structural changes in tree architecture (Srinivasan
et al. 2014; Bogdanovich et al. 2021; Luoma et al. 2021). While
TLS can provide geometrically accurate 3D models of specific
objects, there is a concurrent need for computational techniques
to extract meaningful information from the resulting point cloud
data. Typically, this involves a semantic classification step to
categorize each point based on its origin or the structure it
represents, such as stem, branches, and foliage in the case of trees
(e.g. Morsdorf et al. 2018, Xi et al. 2020). Once relevant structures
of interest (e.g. branches with live foliage) have been identified,
their properties can be analyzed or inferred from the respective
point cloud reconstruction (Yrttimaa et al. 2020, Yrttimaa et al.
2023a). Ultimately, the effectiveness of capturing detailed tree
architecture relies on the quality of the initial 3D reconstruction
generated by the TLS and the sophistication of computational
methods employed to discern and detail the identified structures
from the point clouds.

Identification of individuals within a population requires that
each member has unique qualities or features that make them
recognizable from one another (Jain et al. 2007). Accurate iden-
tification of individuals also necessitates that these identifying
features exist across the entire population, can be quantitatively
and noninvasively characterized, and are sufficiently invariant
over a period of time (Rai et al. 2020). For instance, the identifi-
cation of people typically relies on biometric recognition through
unique physical or behavioral traits, including fingerprints, iris
patterns, facial features, voice, and signatures (Jain et al. 2007).
Similarly, identifying individual trees hinges on their distinctive,
measurable architectural characteristics. A digital twin of each
tree individual can be captured using close-range sensing tech-
niques, enabling the reconstruction and characterization of its
architecture nondestructively (Calders et al. 2020). Based on an
understanding of tree morphology, trees typically feature a main

stem serving as the origin of branches. Usually, the stem surface
cannot be reconstructed up to the treetop due to limited visibility
through the occluding foliage (Liang et al. 2016), suggesting that
the origins of branches on the stem surface could only be detected
for the part of the stem that can be reconstructed from the point
clouds (Yrttimaa et al. 2023a). Once detected, the locations of
branch origins on the stem surface can be presented with respect
to height above the ground and azimuth angle around the stem.
This comprises a two-dimensional (2D) point pattern that can
be derived for all tree individuals using detailed point clouds.
It also remains relatively unchanged in time for live and dead,
unpruned branches at the lower part of the stem. Due to the
contribution of both environment and genetics to the phenotype
of a tree individual, the branching arrangement is expected to
vary among individuals to such an extent that it could serve as
a distinguishing feature for identifying tree individuals.

In this study, we aim to provide empirical support for the
uniqueness of tree structures and introduce a computational
method for quantifying this trait. We explore this concept through
an experimental framework involving a managed boreal forest
stand of 65 Scots pine (Pinus sylvestris L.) trees, all subject to seem-
ingly similar growing conditions and management history. Using
bitemporal TLS, we characterize each tree’s branching arrange-
ment at two consecutive time points to investigate whether these
arrangements can be consistently characterized from indepen-
dent TLS acquisitions at such accuracy that enables the identi-
fication of individuals. This approach will provide insights into
structural uniqueness, suggesting its potential for tree identifi-
cation in situations where accurate geospatial positioning is not
possible. We hypothesize that independent TLS reconstructions
can distinguish individual trees based on their architectural char-
acteristics, particularly the spatial relationship of their branching
patterns. Additionally, we aim to determine the minimum set of
branch origins required to define a tree’s unique structure and
evaluate the role of stem profile in this uniqueness. Based on
the findings of these experiments, we provide emphasis toward
utilizing this information for tree identification, beneficial to
applications such as wood tracking.

Materials and Methods
Experimental design
The study site is a managed Scots pine–dominated forest stand
of ∼0.4 ha in size in Evo, southern Finland (61◦11’ N, 25◦8′ E),
within the southern boreal forest biome. Typical to such forest
stands that were regenerated by planting or seeding and managed
by harvesting, the trees were approximately of the same age,
∼50 years, and featured limited variation in their dimensions.
According to the field inventory data acquired in 2021, the forest
stand featured a mean density of 430 trees per hectare, a mean
basal area of 23.8 m2 per hectare, and basal area-weighted mean
diameter and height of 28.2 and 22.8 m, respectively.

Terrestrial laser scanning data acquisition
Multiscan TLS data were acquired at two time points using dif-
ferent scanners and scan positions, resulting in slightly different
3D reconstructions of the trees (Table 1, Fig. 1). This approach
was chosen to mimic realistic conditions, as acquiring data with
an identical setup is often impractical in real-world applications.
The trees were scanned for the first time on 2–3 September 2021
(T1) using a Leica RTC360 time-of-flight laser scanner, with a
scanning setup consisting of 25 individual scan positions arranged
in a regular grid of 16 m spacing across the forest stand. The
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Table 1. Summary of the bitemporal terrestrial laser scanning data acquisition setup used to obtain 3D reconstruction of the studied
trees at two time points, T1 and T2

T1 T2

Acquisition date 2–3 September 2021 16 November 2022
Scanner type Leica RTC360, time-of-flight Riegl VZ-400i, time of flight
Field of view 310◦ vertical, 360◦ horizontal 100◦ vertical, 360◦ horizontal
Wavelength 1550 nm 1550 nm
Angular resolution 0.034◦ 0.04◦

Beam divergence 0.5 mrad @ 1/e2 0.35 mrad @ 1/e2

Point spacing 3 mm @ 10 m distance 3.5 mm @ 10 m distance
Scanning geometry 25 scans, average of 16 m apart, coverage of 162 m2/scan 23 scans, average of 11 m apart, coverage of 129 m2/scan

Figure 1. Illustration of the scanning geometries applied during the terrestrial laser scanning data acquisitions in September 2021 (T1) and November
2022 (T2). The figure shows the relative positions of the scan locations and their arrangement with respect to the studied trees, highlighting
differences between the two acquisition campaigns.

scanner operated at a 1550 nm wavelength and a pulse repetition
rate of 2000 kHz, delivering a hemispherical point cloud with a
300◦ vertical and a 360◦ horizontal field of view and an angular
resolution of 0.034◦ resulting in a point spacing of 3 mm at a 10
m distance. All the scans were coregistered and merged using
the Leica Cyclone Register360 software with artificial reference
targets attached to trees. The co-existence of these known objects
within point clouds acquired from different scan locations was
utilized in determining rotation along the Z-axis and translation
on the (X,Y) plane to align the point clouds with respect to each
other.

The TLS campaign was repeated on 16 November 2022 (T2)
using a Riegl VZ-400i (Riegl Laser Measurement Systems GmbH,
Austria) time-of-flight terrestrial laser scanner operating at a
1550 nm wavelength and providing 100◦ vertical and 360◦ horizon-
tal field of view. The scanner was operated at a pulse repetition
rate of 600 kHz, which enabled recording up to eight returns
per emitted laser pulse. The applied “Panorama 40” scan pat-
tern featured an angular resolution of 0.04◦ and a point spacing
of 3.5 mm at a 10 m distance. The multiscan setup consisted
of 23 scans distributed around the forest stand, favoring loca-
tions with direct visibility to the treetops, considering the 100◦

vertical field of view of the scanner. While acquiring the scan data,
the scanner provided automatic pose estimation based on built-
in GNSS (global navigation satellite system) and IMU (inertial
measurement unit) sensors. This enables automatic on-board
coregistration of the individual scans without the use of external
reference targets. The raw scan data from individual scans were
converted to point clouds that were coregistered and merged in
the RiSCAN PRO processing software (version 2.14.1) provided by
the scanner manufacturer.

Point cloud preprocessing and semantic
classification
The acquired point clouds were delineated according to the extent
of the study area and thinned to a regular point spacing of 1 mm. A
standard height-normalization procedure was applied separately
for T1 and T2 point clouds to remove topography from the point
clouds following the workflow presented by Ritter et al. (2017).
Individual trees were then segmented from the point clouds using
marker-controlled watershed segmentation (Yrttimaa et al. 2020;
Popescu and Wynne, 2004). During this process, the tops of the
10 tallest trees were identified from both the T1 and T2 point
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Figure 2. Semantic point cloud classification method for identifying stems and branches. Points from smooth, vertical, and cylindrical surfaces were
considered as candidate stem points to determine stem orientation (A, B). The point cloud was converted from 3D cartesian (X,Y,h) to cylindrical
coordinates (θ,ρ,h), where branch points showed variation in ρ, allowing separation of stem and branches (C). The obtained classification labelling was
then applied to the original point cloud in Cartesian coordinates (D).

clouds. Their (X,Y) coordinate pairs were used to compute a rigid
2D transformation, including XY translation and Z-axis rotation,
to align the T1 point cloud (in local coordinates) with the T2 point
cloud (in global coordinates). A point-in-polygon approach was
then applied to extract individual tree point clouds at T1 and T2.
In closed canopy conditions, these point cloud segments could
represent the crowns of multiple trees. Trees were automatically
further delineated from each other if multiple stems were found
within the point cloud segment (see Yrttimaa et al. 2020).

For each individual tree point cloud, a semantic classification
method was then applied at both T1 and T2 to identify points
originating from the stem surface (i.e. “stem points”) following
a procedure initially presented by Yrttimaa et al. (2023a) (Fig. 2).
The classification employed a coordinate conversion from 3D
Cartesian (X,Y,Z) to 3D cylinder representation (θ,ρ,h), where the
location of each point was defined as an azimuth angle (θ) and
radius (ρ) with respect to a stem orientation axis at a given
height (h). With the cylinder representation, it was assumed that
the stem points would spread on a 2D plane defined by θ and
h, featuring a low variation in the ρ-coordinates. Respectively,
points originating from branches and foliage would seemingly
deviate from the (θ,h)-plane, featuring a higher variation in the
ρ-coordinate than the stem points (Fig. 2C).

To complete the conversion, information on stem orientation
was first obtained based on candidate stem points featuring
smooth, vertical, and cylindrical neighborhoods. Least-squares
circle fitting and linear interpolation were applied to obtain a stem
orientation curve representing the midpoint of the stem cross-
section as a function of height (Fig. 2A and B). The coordinate
conversion was then carried out for each point by computing ρ

as the horizontal Euclidean distance to stem orientation axis, θ

as the four-quadrant inverse tangent (atan2) based on the X and
Y components of the obtained ρ, while h equaled Z (Yrttimaa
et al. 2023a). Coordinate conversion from 3D Cartesian into 3D
cylinder representation made the stem points appear on a flat
surface aligning with the (θ,h)-plane, while points originating from
branches and foliage (i.e. “branch points”) were forming clusters
deviating from that surface (Fig. 2C). This setup allowed us to
separate stem points from branch points using a simple morpho-
logical filter algorithm (Pingel et al. 2013). The procedure resem-
bled identifying terrain from point clouds: a minimum “elevation”
surface map was created by searching for the lowest ρ values
within a regular grid laid onto the (θ,h)-plane using a resolution of

1 rad × 1 m, respectively, to find stem surface. The obtained point
class labeling (i.e. “stem points” or “branch points”) was applied to
the original T1 and T2 point clouds represented by the Cartesian
coordinates for the next processing steps (Fig. 2D).

Finally, we reviewed the locations of the segmented trees to
obtain reference information on which point cloud characteri-
zation at T1 represented the same tree individual characterized
from the T2 point clouds. The point cloud reconstructions were
also visually reviewed, and trees with incomplete point cloud
reconstruction (i.e. only reconstructed from one side, while the
opposite side of the tree remained occluded) were omitted from
further analysis, resulting in 65 Scots pine trees.

Characterizing the identifying features of trees
Stem profile
The stem profile was estimated at T1 and T2 based on the
obtained stem points using the methodology presented in Yrtti-
maa et al. (2019) and Yrttimaa et al. (2023a). First, diameters were
measured along the stem at 10 cm intervals based on a least-
squares circle fitting into points projected onto the (X,Y)-plane.
The relationship between the consecutive diameter-height obser-
vations was examined to identify and remove outliers resulting
from inaccurate diameter measurements using a second-order
polynomial curve fit with a random sample consensus algorithm
(Yrttimaa et al. 2023a). Based on this filtering, the height of
the highest successful diameter observation was marked as the
height up to which the stem could be reliably reconstructed by
the point clouds. All points above this stem reconstruction top
height were considered to originate from branches and foliage
(i.e. “branch points”), and thus, their point class labeling was
updated accordingly. A cubic spline smoothing was then applied
to estimate the stem taper curve, aiming to reduce unevenness
in consecutive diameter observations and interpolate the missing
diameters toward the top of the tree, considered as the maximum
height of the individual tree point cloud (Yrttimaa et al. 2019).

Branching arrangement
Branch origins on the stem were located by identifying inter-
sections between stem points and branch points at T1 and T2
(Yrttimaa et al. 2023a). It was assumed from tree morphology
that branches connect structurally to the surface of the stem.
These intersections were determined by a minimum 3D Euclidean
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Figure 3. Experimental setup and methodology for investigating tree architectural uniqueness. Bitemporal terrestrial laser scanning was used to
obtain point cloud reconstructions of a tree population (A, B). The assumption was that unique tree architectures allow individual identification based
on stem profiles (diameters along the stem) and branching arrangements [branch origin patterns relative to height (h) and azimuth angle (θ)] (C).

distance (<1 cm) between stem points and branch points. Pre-
liminary branch origins were extracted by connected compo-
nent analysis, searching for stem and branch points within a 3D
Euclidean distance ±ρ around the intersections. Further segmen-
tation into clusters, with a maximum distance r between them,
identified individual branch origins. Parameters ρ and r were set
at 5 cm based on prior knowledge of the branching structure of
Scots pine. Point cloud clusters representing individual branches
were further labeled based on their connectivity with the obtained
locations of the branch origins (Yrttimaa et al. 2023a). The loca-
tions of the branch origins were converted from Cartesian to
cylinder representation, using information on stem orientation as
previously described. This allowed the arrangement of branches
along the stem surface to be presented as a pattern of points in
2D space defined by θ and h (Fig. 3).

Quantifying structural uniqueness of trees
Analyzing the capacity of terrestrial laser scanning to
characterize the unique architecture of trees
To empirically test whether tree individuals feature a unique
architecture, we investigated how accurately the tree individ-
uals at one time point (T1) could be recognized among those

characterized at a subsequent time (T2) based on the tree archi-
tecture. Successfully identifying the same individuals from two
independent characterizations would confirm that they feature
a unique architecture that can be quantified using point clouds.
Identifiable features of an individual must be measurable and
consistent over time for accurate recognition (e.g. Rai et al. 2020).
To evaluate the reliability of these features, we first assessed
how consistently tree architecture could be captured across two
different sets of point cloud data.

We explored how well the stem profile and branching arrange-
ment derived at T1 correspond to the respective characteristics
derived at T2 for each individual tree. Correspondence in the stem
profiles was analyzed by computing the root mean square error
(RMSE) of stem diameters measured at 10 cm intervals, as well
as the proportion of T2 diameter measurements that deviated
<1.0 cm from the corresponding T1 measurement. This thresh-
old was considered the measurement tolerance, accounting for
both the measurement accuracy (Yrttimaa et al. 2020) and a
1-year stem diameter increment of some millimeters (Yrttimaa
et al. 2023b). Correspondence in the branching arrangements was
analyzed by computing how large a part of the branch origins
identified from the T1 point cloud reconstruction could also be
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identified from the T2 point cloud reconstruction. The two point
patterns, representing the branching arrangements derived at T1
and T2, were compared, and the nearest neighbor points in T2
were searched for each point in T1. First, rotational alignment
between the T1 and T2 point clouds was confirmed by manu-
ally identifying corresponding branch origins for four randomly
sampled trees around the sample plot and computing �θ that
averaged to zero at the tree level. If this were not the case,
the required θ translation between the T1 and T2 branch origin
point patterns could have been determined using, for example,
the iterative closest point (ICP) algorithm (Besl and McKay, 1992)
combined with Delaunay triangulation–based triangulated irreg-
ular networks (TINs) to analyze geometric relationships between
points and identify correspondences (McCullagh and Ross, 1980).

Then, nearest neighbor distances were computed on the stem
surface by first obtaining �θ and �h and then converting �θ from
an angular distance (radians) to surface distance (meters) based
on information of stem diameter at the given height. Point pairs
separated by a maximum distance of 3 cm on the stem surface
were considered as a “match,” determined based on experiences
gained from a previous study (Yrttimaa et al. 2023a). The number
of these matching point pairs between the T1 and T2 characteri-
zations was divided by the number of branch origins identified in
T1 to estimate branching arrangement correspondence.

Considering the feasibility of TLS to characterize the lower part
of the tree architecture rather than the upper crown structures,
we delineated the analysis of the correspondence in stem profile
and branching arrangement for the lower half of the tree height.
We also analyzed the correspondence in different height intervals
between 1 and 10 m above the ground to provide insights into the
capacity of bitemporal TLS to characterize trees’ unique architec-
ture.

Identifying tree individuals based on their unique
architecture
After investigating the capacity of TLS to characterize the poten-
tial identifying features of trees using bitemporal point clouds,
we investigated whether the tree individuals can be separated
from one another based on their unique architecture. To do so,
we assumed that the T1 point cloud characterizations of each of
the 65 Scots pine trees constitute a digitally reconstructed tree
population A, while the T2 point cloud characterizations consti-
tute a digitally reconstructed tree population B. It should be noted
that these digitally reconstructed populations represent the same
tree individuals with reconstructions based on two independent
point cloud characterizations (see Fig. 3A and B). For each digitally
reconstructed individual in population A, we searched for its
architectural counterpart in population B, aiming at identifying
the same tree individual from two different point cloud recon-
structions (Fig. 3C). We tested two different approaches for the
counterpart search: (i) based on similarity in stem profile and
branching arrangement and (ii) based on similarity in branching
arrangement only. With this test, we aimed to determine whether
tree structural uniqueness can be quantified only by the branch-
ing arrangement and assess the contribution of the stem profile
to the architectural uniqueness.

In the first approach, we shortlisted candidate individuals from
population B based on similarity in stem profile by accepting a
mean absolute difference of 1.0 cm in 70% of diameters along the
stem within the 2–8 m height interval. The similarity in branching
arrangement was then investigated among trees that featured a
similar stem profile. In the second approach, the initial shortlist-
ing based on stem profile was not conducted, and thus, similarity

in branching arrangement with the subject tree in population A
was investigated against all the trees in population B.

The similarity in branching arrangement was investigated
using two different approaches based on the analysis of (i)
spatial association and (ii) nearest neighbor distances between
the obtained point patterns PA and PB representing the locations of
branch origins along the stem for the subject tree from population
A and its counterpart-candidate from population B, respectively. It
was expected that there should be (i) a higher spatial association
between PA and PB and (ii) a lower mean distance between
nearest neighbors in PA and PB when PA and PB represent the
branching arrangement of the same tree individual, compared to
an alternative scenario where PA and PB represent the branching
arrangement of different individuals (Fig. 4).

For the first approach, we applied the Spatial Pattern Analysis
using the Closest Events (SPACE) approach (Soltisz et al. 2023).
The procedure included analyzing the spatial relationship of PA

relative to PB (PA → PB) based on spatial statistics on nearest
neighbors. The 2D point patterns were converted to binary raster
images at a resolution of 0.02 rad in θ and 2 cm in h. Nearest
neighbor distances between PA and PB were computed to obtain a
cumulative distribution function (CDF), showing the cumulative
proportion of increasing nearest neighbor distances (see Fig. 4).
The obtained CDF was compared with another CDF character-
izing the cumulative proportion of nearest neighbor distances
between PA and each image element. Subtraction between the
CDFs resulted in a �CDF, indicating the magnitude by which the
obtained spatial relationship between PA and PB deviated from a
random spatial relationship. The spatial association between PA

and PB was then summarized as a spatial association index (SAI),
indicating the maximum absolute difference between PDF and
CDF. SAI reached values between [−1,1], with a negative value
indicating spatial dispersion, a positive value indicating spatial
aggregation, and a value around zero indicating a random spatial
relationship. Finally, the counterpart candidate from population
B, which eventually featured the highest spatial association in
the branching arrangement, was then considered a correspondent
reconstruction for the subject tree in population A, concluding the
identification of the respective tree individual.

In the second approach, the similarity in branching arrange-
ment was quantified as the mean distance between nearest
neighbors in PA and PB. The counterpart candidate from
population B that featured the lowest mean nearest neighbor
distance in branch origins was then considered a correspondent
reconstruction for the subject tree in population A, concluding
the identification of the respective tree individual.

Accuracy assessment
Once the corresponding point cloud reconstruction from popu-
lation B had been linked to each of the individuals represented
by population A, the identification accuracy was assessed with
reference information of which point cloud characterization at T1
represented the same tree individual characterized from the T2
point clouds. The identification accuracy was separately assessed
by the employed approaches to determine whether the stem
profile contributes to structural uniqueness or can it be solely
determined by the branching arrangement.

Given the expectation that not all branch origins would be
visible in the point clouds, we focused our analysis on those
branch origins that were closely positioned on the stem surface.
Thus, in addition to using all the observed branch origins for
branching arrangement similarity analysis, we examined the fea-
sibility of using a limited number of branch origins featuring
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Figure 4. The similarity of branching arrangements was analyzed by comparing the spatial association between point patterns PA and PB, representing
branch origin locations derived from independent point cloud reconstructions A and B, respectively. Two methods were used: (1) Spatial Pattern
Analysis using Closest Events (SPACE) and (2) mean distance to N nearest neighbor points (NNdist). In the SPACE method, a spatial association index
(SAI) was computed as the maximum absolute deviation between the observed and random cumulative distribution functions (CDFs). For NNdist, the
mean distance between N nearest neighbor branch origin pairs was computed. PB patterns with the highest SAI or lowest NNdist were considered
counterparts to PA. (A) shows nonmatching patterns (different individuals), and (B) shows matching patterns (same individual).

N lowest nearest neighbor distances between PA and PB, with
N ranging from 5 to 30 with steps of 5. We also analyzed how
the identification accuracy was affected when the identifying
features were obtained from different height intervals between 1
and 10 m above the ground. To assess minimum requirements for
tree identification, we analyzed the contribution of stem profile
similarity assessment for identification as well as the minimum
number of branch origin pairs to be identified from PA and PB that
still resulted in the correct identification of individuals.

Results
Capacity of terrestrial laser scanning to
characterize the unique architecture of trees
The experiments on a stem section between 1 and 10 m in height
showed that 87.7% of diameter observations along the stem at T2
deviated <1.0 cm and 94.9% <1.5 cm from the respective T1 mea-
surements. Depending on the stem section investigated, RMSE
in the diameter observations ranged between 0.4 and 0.7 cm.
Agreement between T1 and T2 in stem profile characterization
increased for shorter stem sections positioned lower on the stem
(Fig. 5A and B).

The number of branch origins observed from the T1 point cloud
reconstruction ranged between 16 and 114 (mean 57) for the stem
section between 1 and 10 m in height. From this stem section,
an average of 10 branch origins (range 0–38, standard deviation
9.2) were identified also from the T2 point cloud reconstruction
at a positional accuracy of <3 cm and 19 branches (range 1–64,
standard deviation 14.5) at an accuracy of <5 cm. The number of
branch origins observed at T1 and also identified at T2 decreased
when the stem section got shorter or was positioned lower on the
stem (Fig. 5C–E). The higher the stem section reached, the lower
the mean distance between the five nearest neighbor branch
origins (Fig. 5F).

Identifying tree individuals based on their
unique architecture
Out of the 65 trees studied, 52 trees (80.0%) were identified from
the independent point cloud characterizations based on their
architecture. The highest identification accuracy was obtained
when stem profile shortlisting was applied prior to the analysis
of branching arrangement similarity that relied on the mean dis-
tance to the 10 nearest neighbor branch origins (NNdist) between
PA and PB. The accuracy was only slightly influenced by the num-
ber of branch origins used, with a minimum value of 72.3%). The
best results were obtained when 10–20 branches were considered,
while using fewer or more branches slightly reduced the accu-
racy (Fig. 6). When the branching arrangement similarity analysis
was based on the SPACE approach, the identification accuracy
increased along with the number of nearest neighbor branches
identified from the point cloud reconstructions (Fig. 6). When all
the observed branches were used, the identification accuracy was
similar between the two methods.

Stem profile shortlisting prior to the branching arrangement
similarity analysis enhanced the identification accuracy by up
to 10.8%–15.4%-points depending on the applied method and
the number of nearest neighbor branches utilized in the identi-
fication (Fig. 6). Computed as the relative enhancement in tree
identification accuracy, the contribution of stem profile in tree
identification varied between 2.0% and 14.6% while branching
arrangement accounted for an 85.4%–98.0% contribution.

Assessment of the minimum requirements for
tree identification
After finding the best-performing approach for tree identification
at a fixed stem height interval, we analyzed how the tree identi-
fication performance was influenced by the length and vertical
position of the stem section under investigation. The results
showed that the unique architecture enabling tree identification
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Figure 5. Assessment of bitemporal terrestrial laser scanning capacity to characterize stem profile and branching arrangement across different stem
height intervals. (A) Mean root mean square error (RMSE) in diameter measurements along the stem. (B) Percentage of repeated diameter
measurements deviating <1.5 cm. (C) Mean number of branch origins observed from the T1 (September 2021) point cloud reconstruction. (D) Mean
number of branch origins identified in both T1 and T2 (November 2022) point cloud reconstructions at <3 cm positioning accuracy, and (E) at <5 cm
positioning accuracy. (F) Mean distance measured between the five nearest neighbor branch origins from T1 and T2 reconstructions. NA = not
analyzed.

Figure 6. The percentage of correctly identified trees based on: (1) similarity in both stem profile and branching arrangement (solid line), and (2)
similarity in branching arrangement alone (dashed line). The similarity in branching arrangement was assessed using either (a) spatial pattern
analysis using closest events (SPACE) or (b) nearest neighbor distance (NN dist.) analysis. The investigations focused on a fixed stem section between 2
and 8 m above the ground, with the number of nearest neighbor (NN) branch origins used for identification varying as indicated along the X-axis.

was obtained for a larger proportion of Scots pine trees when the
investigated stem section started below the height of 3 m and
extended up to the height of 8 m (Fig. 7).

Assessment of the minimum requirements for tree identifica-
tion revealed that 96.9% of such trees for which ≥5 branch origin
pairs from PA and PB were identified with a 3 cm positioning accu-
racy (n = 32 out of 65 trees) could be identified from the point cloud
reconstructions. The identification accuracy increased to 100%
among trees for which ≥10 branch origin pairs were identified
(n = 20).

The branching arrangement seemed to be the most determi-
nant identifying feature, as none of the trees were identified solely

based on stem profile similarity. However, shortlisting the can-
didates prior to the branching similarity analysis enhanced tree
identification accuracy by 0%–7.7% when the identification was
based on the mean distance among 10 nearest neighbor branch
origins (Fig. 7). The enhancement was more prominent when the
investigated stem section was shorter and was positioned lower
on the stem, i.e. when the number of identified branches within
the investigated stem section got smaller.

Assessment of the architectural properties between uniden-
tified and identified trees showed that, while identified trees
featured a larger number of branches observed at T1, their prob-
ability of being identified seemingly increased with an increasing
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Figure 7. The percentage of correctly identified trees from the sampled population (n = 65) based on the assessment of: (A) similarity in both stem
profile and branching arrangement and (B) similarity in branching arrangement alone, evaluated across different stem sections. Columns indicate the
starting height of each stem section, while rows represent the length of the section extending upward from the starting height. The similarity in
branching arrangement was determined using the nearest neighbor distance (NN dist.) analysis of 10 nearest branch origins. NA = not analyzed.

Figure 8. Comparison of the characteristics between trees identified and those not identified based on their architecture, as reconstructed from point
clouds at T1 and T2. In each boxplot, the box represents the interquartile range (IQR), the middle point represents the median, the whiskers show the
statistical range (i.e. 1.5 ∗ IQR, equivalent to 99.3% confidence interval for normally distributed data), and the scattered circles represent outliers.
NN = nearest neighbor, RMSE = root mean square error.

number of such branch origins that could be identified at both
time points (Fig. 8). The identified trees also featured a lower
mean distance to the five nearest neighbor branch origins when
comparing PA and PB, while the stem profile characterization
accuracy was rather similar between unidentified and identified
trees.

Discussion
In this research, we investigated the capacity of TLS to capture the
branching patterns of Scots pine trees with sufficient precision
to distinguish individual trees, thereby empirically demonstrating
their architectural uniqueness. We propose that through digi-
tal tree reconstruction, it is possible to identify tree individuals
from bitemporal TLS data by examining the point cloud data of
their structure, particularly the distribution of branches along the
stem. In this study, we focused on assessing the effectiveness of
TLS in depicting the unique architecture of trees, with findings
showing a strong consistency in the characterizations of stem
profiles at the lower part of the stem. Identifying exactly the same
branch origins from two point cloud reconstructions proved to
be more challenging, yet up to 10 matching branch origins were
identified on average when considering <3 cm positional accuracy
on a stem section between 1 and 10 m height. Subsequent exper-
iments showed that the level of detail achieved in characterizing
tree architecture was sufficient for identifying individual trees.

We found that trees could be reliably identified if 10 or more
pairs of branch origins were discerned from independent point
cloud reconstructions. This suggests that tree architecture can
serve as a unique distinguishing feature, offering opportunities
for various applications that necessitate tree identification based
on characteristics other than geospatial location.

Tree architectural uniqueness was presumed based on cur-
rent knowledge of how tree architecture is a realization of the
growth process driven by various external drivers with effects
varying by individuals and growing environments (Valladares and
Niinemets, 2007). However, it has remained unknown to what
extent the architectural details should be quantified to distin-
guish two individuals from each other. It was already known that
close-range sensing techniques such as TLS enable millimeter-
level detail in observations of tree architecture (Hackenberg et al.
2014), providing the means for measuring stem profiles (Simonse
et al. 2003; Liang et al. 2013) and identifying individual branches
(Demol et al. 2022; Yrttimaa et al. 2023a), for example. Never-
theless, even state-of-the-art technology cannot capture all the
architectural details due to the complex structure of trees and
their surrounding environment (Côté et al. 2011; Liang et al.
2016). It is important to note that TLS-based characterization
of the structures of interest requires their digitization during
data acquisition (i.e. remaining within the scanner’s line of sight)
and subsequent identification and quantification using computa-
tional point cloud processing methods (Yrttimaa 2021). Thus, the
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current technical and methodological capacities in point cloud-
based tree characterization define the limits for the extent to
which the tree’s architectural uniqueness can be assessed: an
incomplete 3D reconstruction—one that omits some architectural
details—should provide a sufficient basis for this assessment to
serve practical applications.

The experiments revealed that an exact reconstruction of the
entire tree architecture was unnecessary for determining the
architectural uniqueness of trees within the studied tree popula-
tion (n = 65). Within managed boreal forest conditions, character-
izing the profile of the lower part of the stem at <1.5 cm accuracy,
as well as distinguishing a small number (≥10) of branch origins
on the surface of the respective stem section, seemed sufficient to
determine unique tree architecture and enable the identification
of tree individuals without knowledge of their geospatial location.
Comparison of tree identification accuracies between the applied
methods highlighted the contributions of different architectural
characteristics to tree uniqueness. The branching arrangement
emerged as the most determinant identifying feature, followed
by the stem profile, which contributed an average of 4% to the
overall identifying accuracy. However, we note that our experi-
mental setup employed a limited number of trees. Caution is,
therefore, required when interpreting the universality of our find-
ings. Regardless, we point to data and methods that demonstrate
that the unique architecture of trees can be determined solely
by a point pattern representing the locations of only ten branch
origins on the stem surface. The findings also demonstrate the
level and magnitude of individual tree-level detail required for
quantifying the architectural uniqueness of trees. In this study,
we only focused on branch locations, though incorporating addi-
tional factors such as branch base diameter could have served as
weights when determining correspondences between point cloud
reconstructions. Nevertheless, we recommend further investiga-
tions to assess the validity of the investigated hypothesis across
different forest stands and tree species.

The process of identifying the same tree individual from two
independent point cloud reconstructions aimed to demonstrate
that each tree has unique structural traits that uniquely set it
apart within a population. The arrangement of branches along
the stem surface was desired as a nondestructively measurable
characteristic that also captures the complexity of crown archi-
tecture in a simplified manner. The branching arrangement was
presented as a pattern of points defined by θ and h, making the
representation invariant over time for branches not breaking off.
A comparison of these point patterns obtained from the same
individual and also from different individuals revealed that, while
single branch origins could spatially overlap by chance, it was
very unlikely that other individuals would feature multiple over-
lapping branches. Thus, similarity in the branching arrangement
was expected to identify tree individuals. We used two approaches
to quantify this similarity, considering nearest neighbor distances
between PA and PB. The SPACE approach enables an assessment
of how much the observed distribution of nearest neighbor dis-
tances differs from a distribution of distances to a random point
pattern, while NNdist measures the actual mean nearest neighbor
distance to a selected number of nearest neighbor branch origins.
The NNdist appeared to be the better performing of the two tested
methods, being more intolerant to the number of branch origin
pairs identified between the point cloud reconstructions. How-
ever, both approaches successfully identified the corresponding
point cloud reconstructions representing the same tree individ-
ual when numerous branches were identified between the point
cloud reconstructions. This underscores the robustness of the

presented method for quantifying the architectural uniqueness
of trees through branching arrangement characterization. The
key lies in reconstructing the tree’s branching structure with
sufficient accuracy to identify the origins of a handful of branches.
Once this is achieved, alternative methods can be applied to
quantify the similarity between the resulting point patterns and
identify correspondences.

While the branching arrangement seemed to be the most deter-
minant identifying feature, the presented approach for quanti-
fying the architectural uniqueness of trees ultimately relied on
the capacity and accuracy of the point cloud–based methods for
identifying individual branches and their origins on the stem
surface. The method applied in this study was initially presented
in Yrttimaa et al. (2023a), where its branch identification per-
formance was validated using the same TLS data acquisition
that corresponds to the T2 TLS in this study. The trees used for
validation (n = 100) were randomly sampled across the sample plot
and did not entirely represent the same population investigated
in this study. Furthermore, the methodology was not specifically
tailored to the data used here but was developed for character-
izing the branching structure of similar types of trees. The trees
selected for method development and validation in Yrttimaa et al.
(2023a) were Scots pines typical of boreal forests, featuring a
bole-like main stem, relatively small-diameter branches, and a
sparse lower crown structure (see Fig. 1). These characteristics
enabled detailed reconstruction of the first half of the stem and
respective branches. Experiments carried out in Yrttimaa et al.
(2023a) showed that branches located at 10%–50% relative height
and visible in the point cloud were automatically identified at an
accuracy of 0.91 with a recall of 0.85 and a precision of 0.97. These
figures indicate that it is likely that the observed branch origins
actually represented the origins of branches, while a considerable
proportion of branches could still have remained unidentified.

Although the accuracy of identifying branches was not sepa-
rately validated for the population investigated in this study, a
similar level of accuracy could be expected for the identification
of branch origins at T1 and T2 located at the 1–10 m height
interval. However, we note that the observations were repeated
in time using point clouds acquired with slightly different scan
setups, resulting in different point cloud reconstructions. In this
case, no rotational misalignment was detected between the T1
and T2 point clouds. However, if such misalignment had occurred,
an iterative procedure to determine the corresponding rotational
shift (�θ) required for data alignment would have been necessary.
If the T2 branching arrangements were derived independently
from each tree, for example after harvesting, rotational reorienta-
tion would need to be applied to each candidate before comparing
PA and PB to identify correspondences. Although this was not
investigated here, methodologies such as Delaunay triangulation–
based TINs (McCullagh and Ross 1980) could be employed to
identify geometric similarities, enabling the application of algo-
rithms such as ICP (Besl and McKay 1992) to compute the required
coordinate transformations automatically.

Regardless, both T1 and T2 point clouds were still processed
independently, including height normalization and tree charac-
terization procedures. The branch origins were determined based
on the intersections between the stem surface and branches,
meaning that the obtained location can vary depending on branch
diameter and the direction from which the stem–branch inter-
section became scanned. Thus, it is more than possible that
the observed positions of branch origins on the stem surface
deviated by several centimeters. In this respect, the applied 3 cm
accuracy in distinguishing branch origin pairs between the point
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cloud reconstructions can be considered rather conservative, and
decreasing the accuracy to 5 or even 7 cm could be justified as
well. While the 3 cm accuracy threshold resulted in an average
agreement of 17.3% between the observed branching arrange-
ments, the 5 and 7 cm thresholds showed average agreements of
33.8% and 47.1%, respectively.

While methodological improvements in the applied point
cloud processing algorithms may enhance the characterization
of branching arrangement and thus the quantification of
architectural uniqueness, the properties of the point clouds
used still have the most significant contribution in how well
individual branches become identified. In this study, we used
TLS that represents the state-of-the-art geometric accuracy in
the acquired point clouds. However, the applied scan setup
was planned to capture the characteristics of an entire 0.4 ha
forest stand. Focusing on capturing the complete architecture of
individual trees instead would have required a more intensive
scan setup to ensure that each individual becomes scanned from
all perspectives. However, in this experimental setup, we aimed
to use point cloud data that would realistically represent the type
of 3D reconstructions that could be available for operational use.
In such cases, it is assumed that the utilized point clouds may
vary in acquisition method and characteristics, with the most
recent acquisition likely being the most precise and complete
due to advancements in sensor technology. It is also important
to note that if the presented methodology for quantifying tree
architectural uniqueness is used more widely, the utilized point
clouds are most likely acquired cost-effectively from a mobile
platform during a forest operation. Compared to TLS, mobile
laser scanning (MLS), conducted using a hand-held, backpack-
mounted, or vehicle-mounted laser scanner (Hunčaga et al.
2020), tends to provide an enhanced point cloud coverage per
allocated resources, but—at least currently—with the cost of
decreased geometric accuracy in the obtained point clouds
(Balenović et al. 2021). Even with current technology, a stem
profile and information about the branching arrangement can
be reconstructed from MLS point clouds as well (e.g. Hyyppä et al.
2020, Winberg et al. 2023). The results of this study suggest that
the key identifying features of trees, notably a select number of
branch origins, might also be derived from point clouds obtained
via mobile platforms instead of stationary ones.

The experiments conducted herein indicate that the distinctive
architecture of Scots pine trees can be captured and quanti-
fied using point cloud data of stem profiles and branching pat-
terns. Through our experimental setup and methodology, we pro-
vided empirical evidence that tree individuals feature a unique,
measurable architecture and that the architectural uniqueness
could be used for applications requiring the identification of
tree individuals. While validating the proposed hypothesis, we
introduced an approach to identifying tree individuals based on
two independent point cloud reconstructions. This approach can
also be implemented in an identification task that could benefit,
e.g. tracking the origin of trees during wood procurement. The
findings of this study suggest that if we have reconstructed the
architecture of trees the first time when standing in the forest
and then the second time during a harvesting operation, we could
identify which trees have been harvested and used as raw mate-
rial for certain wood products. Another option is to automatically
reconstruct the branching pattern when the timber arrives at the
factory by identifying knots and their positions in the wood using
X-ray computer tomography (CT) (e.g. Longuetaud et al. 2012).
By comparing laser scanning–derived and CT-derived branching
patterns, it may then be possible to establish a link between
harvested trees and their respective timber products. Currently,

such tracking is organized through artificial marking (e.g. radio-
frequency identification tags, paint labels; Müller et al. 2019),
while photographing the cross-sections of the harvested logs has
been shown as a feasible alternative that may be automated
(e.g. Schraml et al. 2016, Holmström et al. 2023). An additional
possible area of application is to use tree-identifying features in,
e.g. growth and yield purposes where it is essential to confirm
that analyses of structural changes are targeted to the same
tree individuals (Weiskittel et al. 2011). Tree identity information
could also be used for solving geolocalization problems related to
simultaneous localization and mapping and the acquisition and
georeferencing of multisensorial point clouds from mobile plat-
forms within under canopy conditions where the limited signal
from GNSSs does not provide sufficient positioning accuracy (e.g.
Tang et al. 2015, Muhojoki et al. 2024, Zhou et al. 2024).

Conclusion
The experiments in this study showed that individual Scots pine
trees can be characterized using close-range laser scanning with
a level of geometric accuracy that allows for tree identification
based on architectural features. The positioning of branch origins
along the stem was identified as a key distinguishing charac-
teristic, essentially serving as a tree’s “fingerprint.” While the
small sample size suggests that the findings should be interpreted
with caution, our methodology demonstrated that the complex
intricate structure of a tree’s branching can be simplified and
quantified as a pattern of 2D points. This simplification allows
for effective comparisons of branching patterns across differ-
ent point cloud reconstructions. Individual trees can be accu-
rately identified by evaluating the similarity of these 2D point
patterns, particularly using methods based on nearest-neighbor
distances. However, more extensive experiments across different
forest types are needed to provide more generalizable findings.

Identifying individual branches is crucial for establishing the
architectural uniqueness of trees, suggesting a need for high-
quality point cloud data collection that accurately characterizes
each tree. Terrestrial point clouds are particularly effective for
examining the lower stem section, where branches join the stem
and are visible to the sensor. Complete reconstruction of the tree’s
architecture does not appear necessary, but the analyzed stem
section should include a sufficient count of branches—evidently
at least 10 for Scots pine trees in managed boreal forests as
per our findings. The stem profile’s role in determining a tree’s
unique architecture appears minimal. However, initially narrow-
ing down potential matches based on stem profile before con-
ducting detailed comparisons of branching patterns is crucial for
accurately identifying individual trees within a large population.

Taken in combination, the experiments implemented offer
empirical evidence for the structural uniqueness of trees located
in a managed forest stand with uniform growing conditions
throughout. This underscores the effectiveness of close-range
laser scanning for detailing the distinct architectural features of
trees and suggests the potential of utilizing tree architecture as
a means of identification. The methodology introduced here can
benefit applications requiring tree origin tracing, such as tracking
wood to its source.
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