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Abstract

Artificial intelligence (AI), cloud computing, robotics, automation, and remote sensing
technologies are all contributing to digital transformation in forestry. Improving on low-
accuracy Global Navigation Satellite Systems (GNSS) positioning affected by multipath
error and interception under forest canopies is critical for integrating smart and digital
technologies into equipment in forest operations. In an era where lidar-derived individual
tree locations are now increasingly available in digital forest inventories, a possible alter-
native approach to positioning resources such as people or equipment accurately could
be to match locally-measured tree positions and attributes in the forest with an existing
global reference map based on prior remote sensing missions, effectively using the trees
themselves as satellites to circumvent the need for GNSS-based positioning. We evaluated
a lidar-based alternative to GNSS positioning using predicted tree positions from local
terrestrial laser scanning (TLS) matched with a global stem map derived from prior air-
borne laser scanning (ALS), a methodology we refer to as TreePS. The horizontal error of
the TreePS system was estimated using 154 permanent single-tree inventory plots on the
University of Idaho Experimental Forest with two different workflows based on two com-
mon R packages (lidR v. 4.3.0, FORTLS v. 1.6.2) using either spatial coordinates or spatial
plus stem DBH predicted using one or both segmentation routines and a custom matching
algorithm. Mean TreePS error using lidR for below and above-canopy segmentation had
mean error of 1.04 and 2.04 m with 93.5% and 91.6% of plots with viable match solutions
on spatial and spatial plus DBH matching. The second workflow with both FORTLS (TLS
point cloud) and lidR (ALS point cloud) had errors of 1.09 and 2.67 m but only 57.9% and
54.2% of plots with solutions using spatial and spatial plus DBH, respectively. There is
room for improvement in the matching algorithm but the TreePS methodology and similar
feature-matching solutions may be useful for below-canopy positioning of equipment,
people or other resources under dense forests and other GNSS-degraded environments to
help advance smart and digital forestry.

Keywords: TreePS; smart forestry; map matching; GNSS; terrestrial laser scanning; TLS;
airborne laser scanning; ALS; resource positioning; individual tree segmentation

1. Introduction
The turn of the 21st century has seen rapid changes in the technology used by in-

dustry [1,2]. Industry 4.0 is the digitalization and increased connectivity of steps along
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industrial hierarchies [3,4]. Operational forestry lagged behind agriculture with adoption
of precision equipment guidance and related technological advancements [5,6], in part be-
cause poor GNSS accuracy under forest canopies has delayed implementation of improved
mechatronic navigation systems. Technological innovation in remote sensing lidar applica-
tions, networking, and mechanization of forest operations are becoming more prevalent [7]
and are central to the global push to realize “Forestry 4.0”, the digital transformation of the
forest industry creating more modern solutions to forest practices [6,8,9]. Achieving many
Forestry 4.0 aspirational goals, such as identifying specific, known individual trees from
lidar-derived digital inventories operationally in feller-bunchers and single-grip harvesters
or teleoperation and automation of harvesting equipment, requires that the precise, real-
time position of equipment is known and updated with high accuracy during harvesting
operations [10].

Global Navigation Satellite Systems (GNSS) are global, multi-satellite positioning sys-
tems that encompass multiple satellite constellations such as GPS (USA), Galileo (Europe),
GLONASS (Russia), and Beidou (China) [11–13]. GNSS is used to determine continuous,
accurate point locations and navigation while working in remote locations [14–16]. Forestry
equipment uses GNSS [17,18] and will increasingly rely on it for precision navigation and
timing in teleoperated and fully autonomous operational systems. GNSS is now used to
detect specific motions of components of forestry equipment, such as the boom or harvester
head, to quantify work cycles and productivity, either positioning hydraulic components
directly or in reference to the equipment cab position [19]. Despite the many advantages of
GNSS, the horizontal accuracy of the system is often poor in forest environments due to
multipath scattering, canopy interception, loss of signal, and device degradation [20–22].
This has made important smart forestry advances challenging. For example, Wempe [23]
showed that the high level of GNSS horizontal error that occurs under mature canopies rel-
ative to clearcut stands is greater than an acceptable threshold needed for safety geofences
around jobsite hazards to help protect ground workers.

As a possible alternative to GNSS-based positioning in dense forests, another possible
methodology for locating resources such as people or heavy equipment could be achieved
by matching localized tree positions and other attributes with those mapped previously
using lidar or remotely sensed imagery as part of digital forest inventory programs. Map
matching, in which locally measured features are aligned with a global map developed
previously, could potentially provide a simple method for mapping tree or other object
locations. This concept is similar to SLAM algorithms used in mobile lidar devices and
previous studies with integrated SLAM/GNSS/INS [24] but instead could leverage pre-
viously acquired tree location data with much larger spatial coverage, e.g., over an entire
forest landscape. By using an existing set of predicted tree positions and a small number
of predicted tree attributes (e.g., DBH, height, species) from one or more prior remote
sensing missions, computational demands of developing a global stand map or processing
entire 3D point clouds in real-time as occurs with SLAM devices could be reduced con-
siderably. Additionally, matching local tree locations and other attributes to an existing,
global stem map has the advantage of integrating key digital forest inventory information
(e.g., tree species, volumes, crown characteristics) with localized decision-making processes
made by equipment operators or AI in ways that may be more intuitive for people inter-
acting with forests in various contexts, working toward the human-centered AI goals of
Forestry 5.0 [25].

Emerging technologies have led to further advancements in mapping systems, partic-
ularly with lidar accuracy [26–28]. Lidar devices are now routinely paired with self-driving
vehicles and mechanized equipment to accurately map surrounding environments [29,30].
Terrestrial lidar systems are typically fixed location scanning systems that accurately capture
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three-dimensional point clouds [31–33]. Terrestrial lidar systems produce high accuracy
maps from underneath the canopy [34,35]. Airborne Laser Scanning (ALS) systems are
fixed scanners attached to aircraft or satellites and are typically used to scan large spatial
extents efficiently [36,37]. Airborne lidar systems produce high accuracy canopy height
models and can be used to predict individual tree attributes from above as part of long-term
inventory programs [38,39]. The use of these single-tree data, coupled with AI and robotic
machine vision is now increasing efficiency and precision in operational forestry [40–42].
Prabhu [39] created large-scale maps under the canopy in forested environments with an
autonomous UAV system coupled with deep learning diameter profile estimation mod-
els, multi-robot metric semantic place recognition and map merging modules. Another
example of merging technologies in forestry is navigation of forest robots using 2D lidar
and gyroscopes [21] to map and maneuver through plantations to improve precision forest
management and provide a legacy map for future, automated robots based on prior maps.
Based on these studies, lidar-based systems coupled with other emerging technologies
continue to advance mapping accuracy and aid in the development of autonomous naviga-
tion using previously established maps. As mentioned previously, this approach differs
from SLAM in that the computational burden of mapping is fully separated from proximal
sensing during equipment navigation. This conceptual difference is important and is only
recently possible with the increasingly common availability of high-quality lidar forest
inventory over regional to national extents.

Map matching involves GNSS point correction and feature matching to existing
electronic maps to aid positioning and navigation [43–45]. Map matching aids advancement
of intelligent vehicle navigation systems in complex road networks and is used in consumer-
grade navigation systems like Google Maps [46–48]. Coupled with lidar and additional
sensors, map matching is also being used to support autonomous driving in urban settings
and more recently in agricultural environments [49–51]. Although tested in complex
urban and farm settings, the concept of map matching has received little prior attention in
forestry. Building on the concept of adhering vehicles to known, previously mapped road
features, a novel approach to positioning equipment and people in forests is collocation of
operational forestry resources with previously mapped tree locations derived from ALS
lidar in single-tree inventories that are now becoming common [10]. This could be done
independently of GNSS or as a supplement to GNSS. However, the accuracy of this new,
theoretical positioning method is currently unknown. It is also unclear how to reconcile
different vertical reference points used to characterize tree spatial positions in different
lidar inventory workflows such as DBH, commonly used with TLS analysis, or the top of
the tree, which is more commonly used with ALS workflows.

To estimate the horizontal accuracy of a simple tree-based positioning system adapting
the map matching concept to single-tree inventory data, which we refer to as TreePS,
we wrote an algorithm to match local (TLS) with global (ALS) derived tree locations.
We evaluated the horizontal accuracy of TreePS by trilaterating resource locations on
154 permanent Single-Tree Inventory (STI) plots on the University of Idaho Experimental
Forest (UIEF) in Princeton, Idaho, USA without GNSS (Figure 1). We hypothesized that
there would be no difference between the horizontal error of TreePS when positioning
resources based on stem maps using tree top and DBH-based methods for locating tree
positions, the methods that correspond with TLS- and ALS-derived estimates of spatial
pattern. We further evaluated the two methods with either spatial or spatial plus DBH
matching solutions, including weighting the relative importance of spatial position and
DBH for automated co-registration. If successful, TreePS could provide a simple alternative
to GNSS positioning for machinery and other resources in mature forests where GNSS is
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most degraded, potentially yielding similar or even lower positioning error under forest
canopies where existing ALS data or single-tree inventory feature layers exist.

Figure 1. TreePS uses prior tree locations (red dots) derived from airborne lidar as a global map.
Locations of trees derived from TLS, MLS, a smartphone, or other local measurement methods (blue
dots) are then matched to the global stem map, proving a georeferenced but GNSS-free location of
the individual, equipment or other resources.

2. Materials and Methods
This experiment was conducted at the University of Idaho Experimental Forest (UIEF)

using Single-Tree Inventory (STI) permanent plots established in 2024. The plot network
was established using a non-uniform systematic random sample design. Each plot center
was permanently marked using a six-foot metal pole placed in a 6-in diameter concrete post
base that serves as a platform for local, multitemporal remote and proximal sensing from a
fixed, known point. Plot centers were recorded using the mean of 300 points recorded with
an EOS Arrow Gold RTK GNSS unit (EOS Positioning Systems, Terrebonne, QC, Canada)
with satellite-based Real-Time Kinematic (RTK) correction. In fall 2024, a Leica BLK 360
TLS (Leica Geosystems, Heerbrug, Switzerland) was mounted to the top of the metal pole
in each plot. Once mounted, the subject moved out of the TLS field of view while the plot
was scanned. Each plot was scanned once from the center location. Plots were 706.9 square
meters and TLS scans had an average of 21,841,505 points per plot, which equates to
approximately 31,000 points per square meter. This process was repeated at all 154 UIEF
STI plot locations (Figure 2). The aerial lidar used for comparison was funded by the
Federal Emergency Management Agency (FEMA) and flown in October 2022. These files
were clipped to the boundary of the UIEF in ArcGIS Pro Desktop version 3.1.0 (Redding,
CA, USA). The ALS point clouds were then clipped to a 15 m radius around each plot
center. ALS point clouds had an average of 20,502 total points per plot, or approximately
23 points per square meter. If the lidar files associated with individual plots were split
due to flight lines, the two component files were merged using the merge function in
the lidR package version 4.2.0 [52] in R version 4.4.2. This combined the two lidar .las
files to generate a single, complete record for processing and segmentation with any plots
separated across tiles.
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Figure 2. Research sites in the University of Idaho Experimental Forest (46◦54′49′′ N 116◦49′52′′ W).
Stand boundaries are outlined in light gray. Inset map: example of TLS captured at one UIEF
Single-Tree Inventory permanent plot 88, one of 154 plots that cover the extent of the forest.

Two methods were used to process, align, and match the point cloud data. The first
method only used the lidR package [52], while the second used two separate algorithms to
segment trees and derive metrics. The first method determines the trees position based on
the top of the tree in both the ALS and TLS point clouds. The second method determines
the position of the TLS trees based on their DBH, while positioning the ALS trees based on
the tops (Figure 3).

 

Figure 3. Differences in horizontal tree position based on the vertical point of measurement and lean.
Dot size corresponds to stem diameter.
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The first method reads in the TLS point clouds for tree top segmentation to be per-
formed using the treetops (ttops) function in the lidR package (Figure 4). After the seg-
mentation and normalization were completed, the plot level aspect and elevation were
derived from a generated digital terrain model (DTM) and assigned to the identified tree
locations. Once all data were derived and assigned to the correct tree locations, a coordinate
conversion was conducted to transform the TLS point locations from a local coordinate
system to NAD83 UTM ZONE 11. The same workflow was used to process the ALS
acquisitions, but since the ALS was recorded in NAD83 UTM ZONE 11, the coordinates
were not transformed. To estimate the DBH of the trees in each plot file, a model was
trained in R using the randomForest package 4.7-1.2 [53]. The model predicted tree DBH
based on the height, aspect, and elevation of the tree. The model had an RMSE of 6.63 cm
when predicting the diameter at breast height for the segmented trees in the acquisition.
After this process was conducted, the TLS and ALS tree location datasets were exported
to comma-separated values (csv) files that contained the tree top position (latitude and
longitude), aspect, elevation, and estimated DBH. When scanned, TLS measurements were
not oriented in the cardinal directions; each scan was rotated at an arbitrary angle relative
to the ALS data. The Kabsch algorithm [54] was used to align and rotate tree positions
to match TLS- to ALS-derived tree locations. In this first method, only the lidR package
was used to estimate tree position based on the top of the crown for both the TLS and ALS
point clouds.

Figure 4. (Left): Workflow of method 1 using only the lidR package to estimate tree positions based
on the tops of crowns for both TLS and ALS point clouds. (Right): Example plot with identified tree
positions (black crosses) overlaid on Canopy Height Model (CHM) raster.

The second method used the FORTLS package version 1.6.1 [55] and lidR package in
R to perform the matching workflow. FORTLS is a package that specializes in deriving tree
metrics from TLS point cloud scans. This process normalizes, performs a statistical removal
of points, and then segments the individual trees (Figure 5). During the segmentation
portion, elliptical rings are fitted to each tree stem to estimate the diameter at breast height.
Whereas lidR estimates tree position based on tree top, FORTLS estimates tree position
based on DBH. Analysis of ALS data followed the same workflow as in the first method
described above. After all the data were stored in individual csv files, the point locations
were plotted and aligned. Using the Kabsch algorithm in R, the points were aligned and
rotated. After this, the point patterns associated with each data set were matched based
on horizontal location (UTM coordinates) and DBH. In the second method, both FORTLS
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and lidR were used to estimate tree locations. FORTLS was used to estimate tree locations
based on DBH derived from TLS point clouds. LidR was used to estimate tree locations
based on the tops of crowns derived from ALS point clouds.

 

Figure 5. (Left): Workflow of method 2 using FORTLS to estimate tree positions based on DBH
derived from TLS point clouds and lidR to estimate tree positions based on the top of tree crowns
derived from ALS. (Right): Example output showing identified and segmented trees with red bands
wrapped around stems at DBH height.

TLS-derived tree locations were matched to potential ALS tree candidates within a
fixed horizontal distance and allowable range of predicted DBH error (Figure 6). A custom
script was written in R for the matching to be conducted. The script began by reading
two .csv files generated after the DBH and coordinate transformation were conducted for
each plot. Stem maps were generated from the .csv files and overlaid. Once the files were
overlaid, the TLS tree locations were transformed into the most optimal viable pattern that
matched the overall plot of ALS tree locations using a 2-D Kabsch algorithm. The Kabsch
algorithm builds a covariance matrix from the predicted tree positions and then applies
a singular value decomposition to determine how the TLS-derived positions should be
rotated to best fit the ALS. After the initial rotation and alignment were conducted, the trees
were then refined with an additional brute force matching in a nested loop that varied both
spatial horizontal distance and DBH tolerance. Only plots that had 3 or more successfully
matched trees were included; all plots that had fewer than 3 trees matched were excluded.
To estimate horizontal distances, a Euclidean distance was calculated between the position
of the estimated TLS tree position and each predicted ALS tree position within a 15 m
radius (Equation (1)). To derive the DBH difference, the absolute value was taken from
the TLS-derived DBH minus the ALS-derived DBH. These values were taken from the
segmented .las files and stored in a .csv. For method 1, a maximum radius of 5 m from
the tree’s position, and a maximum difference in DBH of 5 cm was used for the matching.
Trees that were within those tolerance values were considered for matching until the most
optimal match was selected. For method 2, a maximum horizontal radius of 6 m neighbor
distance from the target tree position and maximum DBH difference of 8 cm was used. In
both methods, the matching trees were evaluated using a composite matching score, which
was the weighted sum of the normalized spatial distance (70%) and the DBH difference
(30%). The evaluation was conducted with this split because the spatial distance was
generally a more accurately recorded metric than predicted DBH, which tends to vary by
tree size. ALS trees, with the lowest scores, were selected as the best potential match. Once
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selected, the matched pair was saved to ensure that no trees had duplicate matches. This
process was repeated for the matching based only on spatial pattern. When using only
spatial pattern, method 1 had a maximum horizontal radius of 2.5 m, while method 2 used
a maximum radius of 3 m horizontal difference. Relative weights for horizontal distance
and DBH difference were estimated using a loop script in R that evaluated combinations
of values from 1 to 10 m horizontal distance and 1–10 cm DBH difference when matching
ALS and TLS tree locations and attributes. The brute force algorithm script read segmented
files and implemented the matching workflow in a nested loop. The matching started at
1 m horizontal distance between potential tree matches and 1 cm DBH tolerance. DBH
was increased incrementally by 1 cm in each loop until reaching 10 cm. After 10 cm,
horizontal distance was increased. Equation (1) shows the spatial distance calculation
between tree positions.

di f f =

√
(xals − xtls)2 + (yals − ytls)2 (1)

Figure 6. lidR-based segmentation with matching based on spatial and DBH characteristics. Red
dots represent TLS-predicted tree positions, green dots represent ALS-predicted tree position with
lines connecting the matches. Vectors in blue represent the distance and inverse azimuth from each
TLS-identified tree applied to ALS-derived tree locations. A circle is drawn for each tree with radius
equal to the distance of the vector to trilaterate a location based on prior ALS tree positions. The
orange X represents the true plot center location, while the blue star represents the predicted location
from map matching and trilateration.

A mixed-effects model was used to test the hypothesis of no difference between the
two separate location estimation methods and match types (spatial only, or spatial plus
tree DBH). The response variable in the model was the difference between the true plot
center from which TLS measurements were recorded and the predicted plot center based
on trilateration from ALS-derived tree locations after map matching the two data sets.
Fixed effects in the analysis were the method type used to derive tree locations and DBH,
FORTLS or lidR, and the match type, which was either spatial information only or spatial
information plus DBH. Finally, the random effect included was the management unit of
each plot on the UIEF (Flat Creek, West Hatter, East Hatter, or Big Meadow). This was
included to account for possible autocorrelation of sampling error within management
units for the single-tree inventory plots. The four management units correspond to distinct
watersheds. After the mixed effects model was fitted, the ANOVA function in R was used
to determine the effect of lidar workflow (FORTLS, lidR) and matching method (spatial
only or spatial plus DBH) on overall positioning error using TreePS.
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3. Results
The total number of plots recorded was 154; out of these, 107 plots contained three

or more trees. 107 were used for matching since it was required for the plot to have at
least three trees to successfully match before performing trilateration. The method for
identifying tree positions that successfully matched the most plots was lidR (Table 1). lidR
matched 100 plots only using spatial characteristics, and 98 plots using both spatial and
DBH characteristics. The FORTLS method of identifying tree positions had a lower rate
of successful matches (Table 1). FORTLS successfully matched 62 plots using only spatial
characteristics and matched 58 plots when using both spatial and DBH characteristics
(Table 1). There was more horizontal error when positioning plot center when the matching
algorithm used both spatial and DBH characteristics (Figure 7).

Table 1. Successfully matched plots and plots that were not successfully matched based on method
of identification and match type. 154 total plots were sampled; 107 plots had 3 or more trees present
for matching to be performed.

Variable Successfully
Matched Plots

Plots Without
Matches Total Plots

lidR: Spatial Only 100 (93.5%) 7 (6.5%) 107
lidR: Spatial and DBH 98 (91.6%) 9 (8.4%) 107
FORTLS: Spatial Only 62 (57.9%) 45 (42.1%) 107

FORTLS: Spatial and DBH 58 (54.2%) 49 (45.8%) 107

Figure 7. Box and whisker plot showing distribution of horizontal error by method and match type.

3.1. Mixed-Effects Model

The method used to segment and identify where trees were positioned (FORTLS or
lidR) affected TreePS horizontal error. We therefore rejected the null hypothesis of no
difference in horizontal localization error between the two methods (Table 2). There was a
difference in the plot center horizontal error between the treetop-based method (lidR) and
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the DBH-based method (FORTLS) when using spatial-only attributes compared to using
both spatial and DBH for matching (Table 2). There was no difference between method
type and type of matching (Table 2).

Table 2. Results of analysis of variance on mixed-effects model.

Variable Sum Sq Mean Sq Num DF Den DF F Value Pr (>F)

Method 8.69 8.69 1 312.11 4.65 0.03
Match Type 124.07 124.07 1 313.33 66.33 9.14 × 10−15

Method: Match Type 6.31 6.31 1 312.99 3.37 0.07

Four datasets representing different combinations of segmentation methods (FORTLS
or lidR) and matching criteria (Spatial or Spatial and DBH) were imported into a linear
mixed-effects model using the lme4 version 1.1-36 [56] and lmerTest version 3.1-3 [57]
packages in R. The mixed-effects model was fitted with plot center horizontal error as the
response variable. Segmentation workflow method (FORTLS, lidR) and match type (spatial
only, or spatial plus DBH) and their interactions were included in the model as fixed effects.
Finally, the UIEF management unit was included as a random intercept to account for
autocorrelation between similar plot conditions within each watershed.

Analysis of variance using Satterthwaite’s method was used to evaluate the mixed-
effects model [57]. The ANOVA model indicated that both method and match type affected
the plot center horizontal error (Table 2). This suggests that including additional variables
may introduce additional complexities into the matching algorithm, causing increased
horizontal error when positioning the plot center. Additionally, it showed that the method
used to segment and identify tree positions, FORTLS or lidR, had a significant effect on
horizontal error when positioning the plot center. Due to this, we rejected the null hypothe-
sis because there was a significant difference (p = 0.03) between the two methods (Table 2).
There was no difference between method and matching type (p = 0.07) (Table 2). Although
there is no difference, this value is close to 0.05 which suggests that there could be some
difference between using the treetops method (lidR) with DBH and spatial characteristics
compared to using the same matching type as the DBH-method (FORTLS).

The mixed-effects model with random effects being management unit shows the
relationships between error within the management districts. Five units were represented
across the 4047 hectares sampled. Each management district has different environmental
characteristics such as species presence, slope, and tree size. The horizontal error variation
is mainly within the management units themselves rather than between them. The variance
of the management districts was 0.0005, while the residual variance was 1.87 (Table 3).
Overall, the horizontal error between watersheds is negligible.

Table 3. Results of mixed-effects model on random effects.

Group Name Variance Std. Dev.

Management District (Intercept) 0.0005 0.02
Residual 1.87 1.37

3.2. Matching Characteristics

The distribution of horizontal error when the match type was only based on spatial
characteristics was right-skewed, with low horizontal error (Figure 8). The distribution of
horizontal error when the match type was based on both spatial and DBH characteristics
followed a similar right skew pattern (Figure 8). When only using spatial characteristics,
the lidR segmentation method had a mean horizontal error value of 1.04 m. This value
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increased to 2.04 m when DBH was included as an additional variable in the matching
(Table 4). Results were similar when using the FORTLS segmentation method. The mean
horizontal error when only using spatial characteristics was 1.04 m. This value increased to
2.67 m when DBH was included (Table 4).

Figure 8. Histogram showing the distribution of horizontal error between the two methods and two
match types.

Table 4. Range of horizontal errors when estimating the plot center.

Variable Average
Error Min Error Max Error Range of

Error

lidR: Spatial Only 1.04 0.04 4.32 4.28
lidR: Spatial and DBH 2.04 0.09 8.42 8.32
FORTLS: Spatial Only 1.09 0.13 3.91 3.78

FORTLS: Spatial and DBH 2.67 0.17 9.72 9.56

When matching tree locations using only spatial proximity of the subject tree and
potential matches, the resulting differences in DBH for matched tree pairs identified when
using the lidR method had a wide distribution (Figure 9). When DBH was factored into the
matching algorithm, the DBH distribution for the lidR method was contained to a smaller
range of values (Figure 9). The same result occurred when using the FORTLS method.
When matching only using spatial proximity, the mean DBH difference spans a wide range
of values (Figure 9). Matching based on proximity and DBH reduced error in the DBH
difference between matched tree pairs.

Although matching stems based on spatial proximity only had a lower average hori-
zontal error value, the value may not be as accurate as the value derived from matching
algorithms that incorporated DBH to identify subject and neighbor tree pairs. Since the
distribution of diameter differences for trees in the spatial plus DBH matching was not as
widely distributed as the horizontal error from matching with spatial information only,
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trees matched with DBH information included were more likely to match the correct tree
pairs (Figures 8 and 9).

Figure 9. Histogram showing the distribution of mean DBH differences (per plot) in matches between
the two segmentation workflow methods (lidR and FORTLS) and two match types.

Co-registration of terrestrial laser scanning (TLS) and airborne laser scanning (ALS)
derived tree positions to determine resource location was better when the same segmenta-
tion algorithm was used to match trees based on spatial and DBH characteristics (Figure 7).
Using different algorithms to position a tree increased horizontal error when deriving plot
center position. The lowest level of horizontal error occurred when the same algorithm
and segmentation workflow (lidR) were used to derive tree positions and when they were
matched using only spatial characteristics. While this was found to be the most accurate, the
most impactful tree matches occurred when spatial and DBH characteristics were factored
into the match. Due to there being more tree positions found in the lidR TLS segmentation
than the FORTLS TLS segmentation, there could have been more potential spatially close
matches around the segmented ALS tree positions (Figure 10).

The total number of trees measured over 5 inches in diameter in the field was 2054 trees
across all 154 plots in the UIEF STI network. FORTLS segmented 940 total stems, lidR
ALS segmented 1243 total stems, and lidR TLS segmented 2726 total stems. All algorithms
either over or underestimated the correct number of trees, with the lidR TLS overestimating
the most.

All algorithms had the highest number of predicted tree diameters between 20 and
30 cm in diameter (Figure 11). The predictions then gradually decreased as the diameter
classes increased by 10 cm increments.
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Figure 10. Comparison of identified stems in different segmentation algorithms. FORTLS TLS
(orange) identified 940 total stems, lidR ALS (green) identified 1253 total stems, and lidR TLS (blue)
identified 2726 total stems.

Figure 11. Predicted diameter distribution of segmented stems in each algorithm in 10 cm bins.
FORTLS TLS (orange), lidR ALS (green), and lidR TLS (blue).

4. Discussion
Our study was conducted with two separate, common lidar segmentation algorithms

used in forestry to derive tree attributes, including their position. In the first method, lidR
was used to position each tree based on the top of the tree stem for both local, below-canopy
(TLS) and global, above-canopy (ALS) point clouds. In the second method, FORTLS was
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used to identify tree position based on DBH for only the local TLS files, while lidR was
used to segment trees and identify their locations in the global ALS point cloud. Our results
showed that when using map-matching methodology to identify tree pairs based on local
TLS stem positions map-matched with global ALS-derived tree positions, the use of the
same R package and segmentation algorithms above and below the canopy to estimate
resource locations resulted in the best matches. Segmentation methods and algorithms
that identify tree positions using the same reference point, either DBH or top height, seem
to reduce horizontal error associated with tree lean, defect, or other data artifacts when
matching like pairs. Although positioning trees with either DBH or the tree top is feasible
if done consistently, use of a common reference point that is unlikely to change over time,
such as the tree stump position, may be the most effective methodology for long-term
single-tree inventory programs. Trees are susceptible to lean of varying degrees, offsetting
the top, DBH, and stump positions due to wind, snow loading, breakage, and other factors
(Figure 3), particularly in less intensive management. To reduce horizontal error in tree
positions, the use of the reference point closest to the ground with the least susceptibility to
lean or stem defect may make the most sense of a defensible, repeatable true position for
long-term, multi-temporal map feature matching. An additional useful benefit of using the
stump location is that as forest operations are conducted, the stump location is often the
only remaining piece of the tree after harvesting, but stumps often persist on the landscape
for decades post-harvest. Stumps therefore offer more consistent reference points as a
tool for TreePS map matching, both before and after harvest. For example, they may be
useful for other kinds of feature matching and map methods integrated into robotics during
post-harvest stand regeneration or post-fire restoration.

Our study only used horizontal position error for the segmentation algorithms de-
ployed in lidR and FORTLS. These positions were likely affected by tree lean, which could
have impacted whether matched pairs were identified correctly. When possible, future
studies and future iterations of TreePS may benefit from representing trees as 3D verti-
cal vectors that account for stem lean from top to bottom. This facilitates estimation of
stump position as a common reference point. Additionally, while our TreePS matching
algorithm used spatial proximity or both the spatial-only and spatial plus DBH approaches
to stem-matching below-canopy (TLS)- and above-canopy (ALS)-derived tree locations,
map matching in mixed conifer forests could likely be improved through the use of tree
species information or other single-tree attributes. Many UIEF STI plots used in this study
have 3–8 species present. Algorithms that either incorporate species predictions for all
individuals, or leverage trees with unique features that function as tie points developing
unique fingerprints in the pattern of tree location, size and species, may help to improve
the matching of local and global single-tree point patterns. For example, a single, large
western larch or ponderosa pine seed tree, when surrounded by smaller diameter stems
in a regenerating age class in a seed tree silvicultural system could carry more weight in
matching algorithms, because the combined pattern may stand out with a distinct signature
using both below- and above-canopy methods. Future development of TreePS may also
benefit from incorporating additional factors such as high-resolution DEM or DSM into the
map-matching algorithm. Site and location characteristics such as boulders, roads, or other
distinct landscape features could also enhance positional accuracy locally, supplementing
use of tree locations.

In this study, our map matching methods underlying TreePS focused on finding com-
mon patterns of tree position and DBH within a 15 m radius of the center of 154 inventory
plots. Future studies should expand TreePS to match local tree position and size patterns
to larger sample areas such as a 50–75 m radius or entire forest stands. Our intention is
not that TLS be used exclusively in TreePS approaches, but that mobile lidar, UAS, mobile
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device apps, or even direct compass and tape field measurements could be used for local
measurements, depending on the application.

There are several limitations of our study and ways the work can be broadened and
improved in the future. Our lidar acquisitions were only captured during the late summer
months from July–October after the growing season. Future research could evaluate
how seasonal changes in shrubs and foliage may affect tree detection, particularly where
hardwoods are present. Future studies should also quantify how stand characteristics,
understory presence, and canopy closure affect TreePS match quality and accuracy. We
also focused on estimating horizontal error estimation and consideration of vertical error
and broadening testing to sources from a wide geographic extent, and a variety of stand
management conditions will be important to ensure the generalizability of the methodology.
Tree information was extracted via different R packages to estimate positioning as would
occur with a person, animal, or machine being located with GNSS.

We did not derive a ground truth estimate for the accuracy of individual tree stems
matched in each plot. This is because ‘true’ matches with certainty with data from multiple
sources is not possible because of measurement error using either method. We relied
on the weighting relative importance of spatial and DBH attributes, both of which have
error. Future studies could also analyze and quantify how successfully correct stems are
matched using, e.g., a total station. When the UIEF STI plot network was established in
2024, plot centers for all 154 plots were located using an EOS Arrow Gold RTK GNSS with
satellite-based RTK service as the mean of 300 points logged using ArcGIS Field Maps.
While most plot centers had accuracy <0.1 m using subscription RTK, it was not possible
to achieve this number of points in plots in several of the densest, mature stands on the
UIEF, and the overall accuracy was 0.247 m for all 154 plots and these ranged from less
than 0.01 m to 0.96 m. So, by comparison, TreePS accuracy was definitely lower than what
can be achieved by a high-end RTK GNSS using our initial methods. However, it is useful
to note that even with full processing and segmentation of both TLS and ALS from scratch,
the TreePS lidR method was generally faster than waiting for sufficient points with high
accuracy to be obtained with an RTK subscription, which generally took > 1 h for most
plots in more mature stands. While TreePS has clearly much lower accuracy in our initial
attempt with a mean of approximately 1 m, we expect that refined methods building on
these initial results can likely improve both accuracy and computation time.

Though early in development, the TreePS concept may be useful for development and
implementation of teleoperated and autonomous equipment in forested settings. Use of
ALS-derived tree locations is much less computationally intensive than co-registration of
entire point clouds in real-time, simply because the number of points involved is signifi-
cantly reduced. Although mobile lidar processing GeoSLAM provides on-the-fly mapping
locally, these current approaches typically do not otherwise link local maps to the global,
single-tree forest inventory information that is of most interest in smart and smart forestry
analytics for digital transformation of the supply chain. TreePS bridges that gap efficiently,
simplifying tree location and possibly other single-tree attributes, as the common identifier
creating local and global database relations on-the-fly.

While equipment and human resources move through forested stands with degraded
GNSS, computational time needed to identify resource positions is important. Method 1,
which utilized the lidR package for both TLS and ALS analysis, took approximately 4 min to
run through the entire process of segmenting, matching, and identifying position. Method
2, with FORTLS and TLS, took roughly 25 min to process each plot. However, for typical
TreePS deployment, we assume above-canopy segmentation of ALS data will have been
completed at an earlier time.
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For practical field use, TreePS needs to be optimized to provide accurate, real-time
positioning and future development of improved matching algorithms should focus on
faster code solutions that isolate and prioritize rapid point pattern matching. Reducing
this will aid in the effectiveness of TreePS in real world situations when achieving and
maintaining a ‘fix’ during navigation. Once a preliminary fix is achieved, a secondary
TreePS movement algorithm could be leveraged based on local IMU data in a smartphone
or machine computer, independent of GNSS, building on prior work by Qian et al. [24] but
with reduced computational demand.

This study demonstrated how resource positioning using feature matching was af-
fected by choice of segmentation algorithms (DBH or tree top) and matching characteristics
(spatial only, or both spatial and DBH). This system could be valuable for determining
locations in forested areas with mature canopy and may also be useful in situations with
otherwise degraded or denied GNSS use. In locations where there is no canopy or stem
presence, GNSS can still be utilized. If no trees or stems are present to match, or stems are
sparse or widely spaced, then GNSS error tends to be low. TreePS could complement GNSS
in forested settings, particularly in mature forests. As TreePS methodology develops, we
expect that GNSS may be used to isolate a general location on the landscape, which can
then be refined quickly with TreePS. Because of distinct features in mixed conifer and mixed
size stands, TreePS may be particularly well-suited to navigation in areas with variable
stem diameter distributions and unique spatial patterns that create distinct patterns for
feature matching.

5. Conclusions
We have shown that TreePS can be used to position resources, whether an inven-

tory plot center, a person, or a piece of equipment, based on local measurements using
TLS matched with prior ALS-derived tree locations. Treetops and DBH-based methods
for referencing tree location were evaluated and were shown to influence the resulting
horizontal error of the TreePS system. TreePS worked best when both local and global
data were segmented using the same algorithm and relied on spatial characteristics to
match trees between files. Although this had the highest positioning accuracy overall,
including both spatial and DBH attributes increased the accuracy of correctly matched
trees. TreePS works best when the same algorithm is used for segmentation of both TLS
and ALS data, and when there are multiple unique characteristics that can be matched.
High point density lidar acquisitions could provide more detailed information about tree
characteristics. In ALS and TLS higher point density acquisitions provide more detailed
imagery which can provide a more accurate estimation of tree height and diameter at breast
height. Because there is more potential for stem matching error due to limited variability
in tree attributes, TreePS may not be as effective in highly uniform industrial plantations.
These locations are limited in unique feature patterns and mismatching of ALS and TLS
stems may increase horizontal error. Additionally, this would not be effective in locations
where there are widely spaced trees or no trees. However, GNSS work best in open areas,
and matching based on stump locations, DEMs, and other geographic features also holds
promise for map-matching. TreePS is a promising technique that can benefit from continued
development and improvement.
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