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ABSTRACT
Simultaneous Localization and Mapping (SLAM) Light Detection and 
Ranging (LiDAR) technology is a powerful option for forest inventory, 
particularly for estimating tree Diameter at Breast Height (DBH). 
However, the variability in DBH‐estimation accuracy across different 
size classes and ecological conditions remains underexplored. We 
therefore assessed a handheld SLAM LiDAR workflow in three ecologi
cally distinct Korean forests – Quercus mongolica on Namsan, Pinus 
densiflora on Jeombongsan, and a mixed Quercus stand on the same 
mountain – selected to span gradients in elevation, canopy density, 
and species composition. Point clouds acquired with an Ouster OS1-32 
sensor (650 k pts s−1, 30 mm accuracy, 120 m range) were geo- 
referenced with ground-control points, denoised, and processed with 
a Random Sample Consensus (RANSAC) cylinder-fitting algorithm to 
derive DBH. LiDAR-derived DBH corresponded closely to field measure
ments (R2  = 0.98, RMSE = 1.84 cm, MAE = 1.45 cm, maximum error =  
4.35 cm). Measurement reliability increased sharply above a threshold 
of 23.5 cm, whereas trees with DBH under 10 cm exhibited the largest 
deviations (MAPE = 30.76%; rRMSE = 33.71%). Accuracy peaked for lar
ger trees, with R2 reaching 0.96 in the 40 cm class. Shade-tolerant 
species such as Acer pseudosieboldianum and Styrax japonicus, 
which often have curved stems, showed greater variability, whereas 
canopy-dominant Quercus mongolica and Pinus densiflora displayed 
uniform growth and lower error. These discrepancies in small-diameter 
trees are likely due to the limited number of LiDAR points captured and 
the stronger influence of competitive growth, as non-upright stems 
can introduce errors in both LiDAR and manual measurements.
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1. Introduction

Trees are vital components of forest ecosystems, serving as essential carbon sinks and 
contributing significantly to forest inventory, carbon cycle modelling, and habitat assess
ments (Huang et al. 2011; Kirby and Potvin 2007). Among the measurable tree growth 
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metrics, Diameter at Breast Height (DBH) is critical for estimating aboveground biomass, 
a key metric in understanding forest carbon dynamics and ecosystem health. DBH can 
explain up to 95% of biomass variability, with accuracy enhanced by incorporating 
parameters like tree height and wood density (Aabeyir, Kyereh, and Anaba 2020; Baker 
et al. 2004; Nam et al. 2016; Parresol 1999). Additionally, DBH measurements offer insights 
into tree age, structural dynamics, and stand competition, providing a comprehensive 
understanding of forest development over time. This parameter not only reflects the 
current state of individual trees but also serves as a reliable indicator of overall forest 
health and productivity, which is crucial for modelling long-term ecological trends 
(Compeán-Aguirre et al. 2024).

The advent of Light Detection and Ranging (LiDAR) technology has transformed forest 
inventory by enabling high-resolution surveys of forest resources, carbon stocks, and 
biodiversity at larger scales (McRoberts, Tomppo, and Næsset 2010; Tomppo et al. 2010). 
LiDAR’s ability to generate detailed 3D representations of forest structures has made it 
indispensable for modern ecological studies. Among various LiDAR systems, 
Simultaneous Localization and Mapping (SLAM) LiDAR stands out for its portability and 
ability to collect detailed 3D spatial data in real time, particularly useful in complex and 
dense forest terrains (Aschoff and Spiecker 2004). Unlike airborne LiDAR systems, SLAM 
LiDAR allows for ground-level measurements with minimal logistical constraints, making 
it highly adaptable to diverse forest environments. The high-resolution point clouds 
generated by SLAM LiDAR have proven effective in characterizing both individual tree 
structures and larger forest landscapes, enabling enhanced accuracy in ecological model
ling, biomass estimation, and habitat assessments (Yang et al. 2024). These capabilities 
underscore its potential for addressing complex challenges in forest management, such 
as monitoring species-specific growth trends and assessing carbon sequestration 
dynamics. Furthermore, the cost-effectiveness of SLAM LiDAR compared to other remote 
sensing technologies makes it particularly attractive for large-scale forest surveys in 
resource-limited settings (Pang, Zhou, and Huang 2024). Compared to other ground- 
based laser scanning systems, SLAM-based LiDAR offers unique advantages in forest 
environments. While Mobile Laser Scanning (MLS) provides efficient data acquisition 
over broad areas and Terrestrial Laser Scanning (TLS) yields the highest accuracy in static 
plots, SLAM systems excel in GNSS-denied and complex terrains due to their real-time 
mapping capabilities and operational flexibility (Bienert et al. 2018, Balestra et al., 2024; 
Shao et al. 2020). However, trade-offs exist among these approaches, particularly in terms 
of point density and acquisition constraints. TLS achieves high precision with RMSE values 
below 1 cm for DBH estimation, whereas MLS offers reasonable accuracy but tends to 
struggle with finer structural details. SLAM-based systems, despite being more suscep
tible to occlusion or drift errors, have demonstrated competitive DBH accuracy – reporting 
estimation errors below 5 cm under optimized processing conditions (Guan et al. 2024). 
These comparisons underscore the need for sensor-specific calibration when deploying 
SLAM LiDAR in forest inventory applications.

SLAM LiDAR applies the Random Sample Consensus (RANSAC) algorithm to estimate 
DBH by fitting cylindrical shapes to point cloud data. This approach is particularly effective 
in mitigating noise and occlusion, which are common challenges in forested areas 
(Schnabel, Wahl, and Klein 2007). Despite its strengths, RANSAC has certain limitations, 
including reduced accuracy for smaller DBH trees due to sparse point cloud density and 
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irregular growth forms. For instance, slender or non-cylindrical stems often produce 
higher errors as RANSAC struggles to accurately fit geometric primitives under these 
conditions (Morales and MacFarlane 2024). Recent studies have compared RANSAC with 
other state-of-the-art algorithms for DBH estimation, highlighting its robustness and 
efficiency in various conditions (Xie et al. 2020; Yao, Krzystek, and Heurich 2012). 
However, these comparisons also underscore gaps, such as its performance in capturing 
finer structural details or adapting to heterogeneous ecological conditions. Emerging 
alternatives, including machine learning-based methods, offer potential improvements, 
yet RANSAC remains widely used due to its computational simplicity and effective 
performance in diverse forest environments. These advantages, combined with its flex
ibility in varying ecological contexts, continue to position RANSAC as a valuable tool in 
forest monitoring applications (Salehi, Jarahizadeh, and Sarafraz 2022).

Existing research has highlighted several limitations in SLAM LiDAR-based DBH estima
tion. Notably, inaccuracies in smaller DBH classes remain a persistent challenge, often 
leading to the underestimation of forest biomass and structural complexity. While indivi
dual small-diameter trees contribute relatively little biomass, their high frequency within 
forest stands can significantly impact total estimates if excluded. Prior studies have 
demonstrated that omitting small-diameter trees from inventories can lead to biomass 
underestimations of up to 30% in certain forest types (Haripriya 2002; Nalaka, 
Sivananthawerl, and Iqbal 2013). Moreover, inaccuracies in these small-diameter classes 
are not always limited to underestimation; several recent studies have reported systema
tic overestimation arising from partial stem coverage, occlusion effects, or circle-fitting 
bias under low point densities (Kuželka and Surový 2024; Pierzchała, Giguère, and Astrup  
2018; Xie et al. 2022). These bidirectional errors underscore the need for more precise 
evaluations of SLAM-based DBH estimation, particularly with respect to error direction 
and magnitude across different DBH ranges.

Additionally, while previous studies have visualized DBH estimation models, they have 
often lacked comprehensive evaluations of ecological implications, particularly regarding 
species-specific growth patterns and competition dynamics (Zhao, Popescu, and Nelson  
2009). Understanding the specific DBH intervals where inaccuracies occur is critical for 
refining methodologies and improving accuracy. These refinements should address prac
tical ecological challenges, including ensuring measurement accuracy across diverse 
forest types and improving the adaptability of DBH models to specific conditions. 
Enhanced calibration models tailored to unique forest characteristics can mitigate these 
issues, making SLAM LiDAR a more reliable tool for diverse environmental applications 
(Liu et al. 2021; Xie et al. 2022). While recent studies have explored advanced 3D tree 
modelling techniques using hierarchical or matrixial representations to reconstruct full 
tree morphology (Kurdi et al. 2024; Tarsha-Kurdi et al. 2024), these approaches have 
primarily focused on structural visualization rather than precise DBH quantification. In 
contrast, our study emphasizes the evaluation of SLAM-based DBH estimation accuracy 
across varying ecological and structural conditions, contributing directly to methodolo
gical improvements for forest inventory.

We extend earlier work by analysing error distributions not only across DBH 
intervals but also across dominant species groups, providing an initial link between 
measurement error, growth form, and competitive status. The study identifies the 
conditions where inaccuracies are most prominent and examines how 
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environmental factors, species variability, and point cloud density influence mea
surement precision. The proposed approach offers actionable insights for improv
ing SLAM LiDAR-based forest monitoring and ensuring its alignment with real- 
world ecological needs.

This study focuses on three primary objectives:

(1) To evaluate the accuracy of SLAM LiDAR in estimating DBH across different size 
classes and forest conditions, as part of ongoing efforts to assess its applicability in 
forest measurement.

(2) To identify the DBH intervals where SLAM LiDAR-based estimates are prone to 
inaccuracies and examine relevant patterns observed in the results.

(3) To assess the ecological implications of DBH estimation inaccuracies and consider 
potential approaches to mitigate their effects on forest monitoring and manage
ment practices.

By addressing these objectives, this research aims to build a clearer basis for applying 
SLAM LiDAR in forest inventory, with the goal of improving the accuracy and ecological 
relevance of forest monitoring efforts. The results are intended to refine existing metho
dological approaches and provide field-applicable insights to support effective forest 
monitoring and management.

2. Materials and methods

2.1. Study area

This study was conducted in permanent forest monitoring plots established by the 
National Institute of Ecology (NIE) in Korea, which were classified based on the dominant 
tree species present in the area: NQ and JQ plots were dominated by Quercus mongolica, 
while the JP plot represented a forest of Pinus densiflora. The NQ plot is situated on the 
summit slope of Namsan in Seoul, encompassing a total area of 1,600 square metres (40 
metres by 40 metres), and field data for this plot was collected on 7 March 2024. The JP 
plot, located on the northern slope of Jeombongsan in Gangwon-do, covers a larger area 
of 2,500 square metres (50 metres by 50 metres), with data acquisition completed on 
26 April 2024. The JQ plot consists of three smaller subplots, each measuring 400 square 
metres (20 metres by 20 metres), and together they form a total area of 1,200 square 
metres; field surveys for the JQ plot were conducted on 25 April 2024 (Figure 1).

According to long-term forest monitoring data maintained by the NIE, the NQ, JP, and 
JQ plots contain 232, 517, and 230 individual trees of canopy species – defined in this 
study as tree species that reach or contribute to the uppermost forest layer in mature 
stands – respectively (National Institute of Ecology 2023).

Although it is technically possible to scan and measure all trees within a 50 × 50 m plot, 
we limited the sample to 60 canopy trees per plot to ensure consistent sampling across 
sites with different tree densities. This number was chosen to represent a broad range of 
DBH values while allowing an even spatial distribution. In the field, reference measure
ments were collected along paths planned to pass near the selected trees, enabling 
efficient and balanced coverage across each plot.
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2.2. Data acquisition

SLAM LiDAR scanning was performed at all three study locations – Namsan in Seoul and the 
two Jeombongsan sites (Quercus mongolica and Pinus densiflora forests) – to ensure 
a thorough capture of forest structure and reduce errors arising from scanning inconsis
tencies. At each site, four separate scans were conducted using the uMaps-32 SLAM LiDAR 
system, which integrates the Ouster OS1-32 sensor (Ouster Inc., U.S.A.). This sensor is 
capable of capturing 650,000 points per second, with a scanning accuracy of ± 30 milli
metres and a maximum effective range of 120 metres (Table 1). The system processes laser 
points to detect and record the locations of distinct features in three dimensions, utilizing 
odometry measurements to construct a precise 3D spatial map of the scanned area.

During data collection, the LiDAR sensor was positioned 30 centimetres above the 
operator’s head to minimize obstruction by branches and vegetation. The device was tilted 
at multiple angles in areas with limited foliage to ensure accurate scanning of the tree 
canopy and to reduce shadowed regions caused by variations in terrain and vegetation 
height. At each study site, 60 trees were selected, covering a DBH range of 3 to 55 
centimetres, and were labelled with high-contrast numbers ranging from 1 to 60 to facilitate 
their identification during LiDAR scanning (see Appendix, Figs. A1–A3 for SLAM scan 
trajectories). The trees were evenly distributed along the SLAM LiDAR path to ensure 
comprehensive spatial coverage. The nominal point density across the three study sites 
averaged 5,945 pts m− 2, based on total point counts and horizontal scan areas. Individually, 
the NQ, JP, and JQ plots exhibited densities of 9,060, 4,718, and 4,057 pts m− 2, respectively.

Figure 1. Location of study sites in Korea. (a) NQ refers to the Quercus mongolica forest located at 
Namsan, (b) JP refers to the Pinus densiflora forest located at Jeombongsan, and (c) JQ refers to the 
Quercus mongolica forest located at Jeombongsan.
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To improve geographic accuracy and enhance the reliability of the collected data, five 
to six Ground Control Points (GCPs) were established at strategically important locations 
within each study site for georeferencing the SLAM LiDAR scans. DBH measurements were 
taken manually using a caliper, and the values were calculated as the average of the long 
and short diameters. Additionally, the x, y, and z coordinates of each sampled tree were 
recorded using the KMapper software (2024 version), which applies advanced filtering 
techniques to stabilize positional data and calculates mean sea level altitude for precise 
identification of tree locations. The incorporation of GCPs and the manually measured 
DBH values played a critical role in validating the DBH estimates derived from the SLAM 
LiDAR data.

2.3. Data processing and georeferencing

The initial stage of LiDAR data processing involved terrain normalization, which serves as 
a foundational step for consistent DBH estimation and further structural analysis 
(McRoberts, Tomppo, and Næsset 2010). Raw point cloud data was extracted from the 
SLAM equipment’s Bag files, which contained both 3D point coordinates and trajectory 
metadata. Trajectory alignment was corrected using custom Python scripts implemented 
with the Open3D library, ensuring spatial consistency and accuracy across scan 
sequences. The corrected data was then exported to the PLY format for further processing 
and visualization.

To classify terrain surfaces, we applied the Cloth Simulation Filtering (CSF) algorithm 
(Zhang et al. 2016) using CloudCompare, an open-source point cloud processing soft
ware. This method performs ground versus non-ground classification by simulating 
a cloth-like mesh that drapes over the point cloud to distinguish ground points from 
above-ground features such as vegetation and tree trunks. The algorithm was parameter
ized with a cloth resolution of 0.3 and a classification threshold of 0.1 metres. For sloped 
terrains, these parameters were tuned to minimize ground point misclassification and 
ensure accurate surface extraction.

Table 1. Specifications of uMaps-32 Mobile SLAM LiDAR.
Specifications of uMaps-32 Mobile SLAM LiDAR

Sensor: Ouster OS1-32 
Max.Range: ≤120m at 80% 
reflectivity 
Typical Range Accuracy : ± 30 mm 
Beam Divergence: 0.18°(3 mrad) 
Beam footprint : 22 cm at 100 m 
Scanning channels/beams: 32 
channels 
Output rate : 655,360 pts s−1 

Laser Returns: 1 per outgoing pulse 
FOV (Vertical) : 45°(± 22.5°) 
Rotation Rate : 10 - 20 Hz 
Angular resolution: 0.35°-2.8° 
Operating Temperature : −20 to 
+50°C
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After ground point classification, a Digital Elevation Model (DEM) was generated at 
a spatial resolution of 0.1 metres using raster interpolation techniques consistent with the 
methodology of Zhou et al. (2021). Point cloud normalization was subsequently per
formed using PDAL, aligning the z-values of all points to the ground surface. This normal
ization ensured that DBH-related calculations were consistently referenced at 1.2 metres 
above ground level across all plots.

Finally, statistical filtering was applied to remove outlier points that deviated 
significantly from the local surface profile. Specifically, a 0.5-metre search radius 
and a standard deviation threshold of 1.0 were used to identify and eliminate 
noise, thereby enhancing the structural clarity and overall reliability of the dataset 
(workflow illustrated in Figure 2).

2.4. Individual tree parameter estimation

To estimate tree parameters from the LiDAR dataset, we combined field-measured data 
with a RANSAC-based cylinder-fitting algorithm (Figure 3). The algorithm models each 
trunk as a series of cylindrical cross-sections using points captured within the designated 

Figure 2. Workflow of SLAM LiDAR data processing and DBH estimation. The flowchart illustrates the 
data processing pipeline, beginning with the extraction of point cloud and trajectory data from SLAM 
LiDAR devices. Ground points are identified using cloth Simulation Filtering (CSF) followed by DEM 
generation. In parallel, outlier points are removed before individual tree segmentation. All data are 
normalized relative to ground elevation and used to estimate tree DBH through a RANSAC-based 
cylinder fitting method. The final estimates are validated against field-measured tree parameters.
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DBH height band (1.2–1.4 m above ground level). RANSAC iteratively identifies inlier 
points that best represent the trunk surface while discarding outliers.

The RANSAC procedure was first calibrated for tree-trunk modelling. A grid 
search was conducted on a validation subset of 30 reference trees, testing residual 
thresholds of 0.005–0.020 m (0.002 m increments), iteration counts of 100–1 000 
(step 100), Z tolerances of 0.10–0.20 m (step 0.02 m), and XY tolerances scaled from 

Figure 3. Estimation of DBH using a RANSAC-based cylinder-fitting algorithm. Individual tree trunks 
were identified and extracted based on seed points within a DBH height range of 1.2–1.4 meters. GPS 
x, y, and z coordinates recorded during fieldwork were used to accurately position each tree in the 
LiDAR dataset.
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1.0 to 1.4 × (DBH ⁄ 2) in 0.1-step increments. A residual threshold of 0.01 m and 500 
iterations gave the most stable fits and the lowest absolute DBH deviations across 
species and stem sizes, and were therefore adopted for the full dataset. The 
Z tolerance was fixed at 0.15 m, while the XY tolerance remained dynamically 
scaled to 1.2 × (DBH ⁄ 2) to focus on the expected trunk radius and exclude 
surrounding clutter. A circular-cylinder model was retained because Ye et al. 
(2020) showed that cylinder fitting achieved the lowest DBH RMSE among the 
geometric models they evaluated.

DBH estimates derived from the fitted cylinders were validated against field-measured 
DBH values. Accuracy and reliability were quantified with the coefficient of determination 
(R2) and the mean absolute error (MAE). Tree height was estimated separately by analys
ing LiDAR points within a 2.5 m radius of each stem and selecting the 95th percentile of 
point elevations, a procedure that mitigates the influence of outliers and yields robust 
height measurements.

2.5. Manual tree species identification

Tree species identification was performed for a representative sample of individuals 
during the LiDAR survey. Plant specialists from the National Institute of Ecology (NIE) 
determined each stem’s species in the field while DBH was being measured, consulting 
the National List of Species of Korea (National Institute of Biological Resources 2023) 
and the Coloured Flora of Korea (Lee, 2003) for scientific names. In post-processing, all 
stems whose trunks intersected the SLAM trajectory were reviewed, producing 
a verified subset that encompassed every species observed in the field, for a total of 
31 species.

2.6. Statistical analysis

Statistical analyses were conducted to explore the relationships between various tree 
parameters and to ensure the robustness of the study’s findings. The Height to DBH 
Ratio (HDR), which quantitatively represents tree form by relating tree height to DBH, 
was analysed to evaluate variations among individuals and species. To meet the 
assumptions of parametric tests, HDR values were Box-Cox transformed to achieve 
normality (Shapiro-Wilk test: W = 0.987, p = 0.11). The transformed data were then 
subjected to a one-way ANOVA, followed by Tukey’s Honestly Significant Difference 
(HSD) post hoc test, to compare DBH groups and identify significant differences 
between them.

All statistical analyses were performed using R version 4.4.1 (R Core Team 2024). During 
the analysis, it was observed that one tree sampled in the Namsan plot was a broken, dead 
individual. As its inclusion would have introduced significant inaccuracies into both 
ecological and statistical interpretations, this tree was excluded from the dataset. 
Although the tree was known to be dead at the time of field measurement, it was retained 
for DBH accuracy evaluation, as both manual and LiDAR-based measurements were 
successfully conducted. However, it was excluded from analyses involving species com
position, HDR, and other ecological interpretations to prevent bias arising from non-living 
individuals.
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3. Results

3.1. DBH accuracy in LiDAR and field measurements

SLAM LiDAR-based DBH measurements were validated against manual field measure
ments across three study sites – NQ, JQ, and JP – using key statistical metrics such as Mean 
Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), Root Mean Squared Error 
(RMSE), and relative Root Mean Squared Error (rRMSE). The results demonstrated a strong 
agreement between LiDAR-derived and manual measurements, as summarized in Table 2.

Among the three sites, NQ exhibited the highest accuracy, with an MAE of 1.0 cm and 
the highest R2 value of 0.99. This near-perfect alignment between LiDAR and manual DBH 
measurements can be attributed to the uniform canopy structure and minimal under
growth, which facilitated consistent and high-quality point cloud acquisition. The rRMSE 
for NQ was the lowest among the sites at 6.67%, further emphasizing the high precision 
achieved in this area. The results from NQ establish it as an optimal environment for the 
application of SLAM LiDAR for DBH estimation.

In the JQ site, the MAE increased slightly to 1.47 cm, while the rRMSE rose to 8.6%. The 
R2 value remained strong at 0.97, indicating reliable performance despite the slightly 
increased errors. The moderate canopy density and variation in tree spacing at this site 
may have introduced minor inconsistencies in point cloud density, which affected DBH 
estimation accuracy. Nonetheless, the results still demonstrated high reliability and 
supported the suitability of the SLAM LiDAR system for forest environments similar to JQ.

The JP site, characterized by dense and overlapping Pinus densiflora canopies, exhib
ited the highest errors, with an MAE of 1.89 cm and an rRMSE of 10.71%. Despite these 
increased errors, the R2 value at JP was still 0.97, indicating that the system maintained 
consistent performance even in complex forest environments. The denser canopy struc
ture and overlapping branches in JP likely introduced shadowing effects and noise, which 
reduced the accuracy of the point cloud data around the DBH measurement height.

Aggregated across all three sites and 180 trees, the overall MAE was 1.45 cm, with an 
rRMSE of 8.97%, and the R2 value was 0.98. The maximum absolute error observed was 
4.35 cm. These results validate the robustness of the SLAM LiDAR system for DBH estima
tion across diverse forest environments, with varying canopy structures and terrain 
complexities (Figure 4).

3.2. DBH accuracy across size intervals

The accuracy of SLAM LiDAR-based DBH measurements was further analysed by 
grouping the results into five DBH size intervals: 0–10 cm, 10–20 cm, 20–30 cm, 
30–40 cm, and ≥40 cm. The lowest class begins at 3 cm, the smallest diameter mea
sured in the field. A one-way ANOVA on MAE confirmed that the five classes differed 

Table 2. Validation of lidar-based DBH with field data.
Site Count MAE (cm) MAPE (%) RMSE (cm) rRMSE (%) R2

NQ 60 1 9.03 1.26 6.67 0.99
JQ 60 1.47 12.84 1.85 8.6 0.97
JP 60 1.89 18.35 2.26 10.71 0.97
Overall 180 1.45 13.41 1.84 8.97 0.98
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significantly (F₄,₁₇₅ = 8.32, p < 0.001). Table 3 provides a detailed summary of error 
metrics for each interval, including MAE, MAPE, RMSE, rRMSE, and R2 (R2 is not 
reported for the 0–10 cm class). The analysis revealed significant differences in mea
surement accuracy based on tree size.

For trees with DBH less than 10 cm, the highest errors were observed, with an 
MAE of 1.93 cm, a MAPE of 30.76%, and an rRMSE of 33.71%. These elevated errors 
were primarily due to the smaller surface area of thinner trunks, which limited the 
number of LiDAR point cloud returns available for DBH modelling. Additionally, the 
lower data density increased sensitivity to noise, resulting in reduced precision in 
cylinder fitting. In this class, R2 was effectively zero, indicating that a linear rela
tionship between LiDAR- and caliper-derived DBH could not be established; MAE 
and MAPE therefore provide a more meaningful accuracy indicator for stems <  
10 cm.

As tree size increased, accuracy improved significantly. For the 10–20 cm inter
val, the MAE decreased to 1.88 cm, and the MAPE dropped to 13.23%. The rRMSE 

Figure 4. Comparison of DBH from field measurements and SLAM LiDAR. The overall R2 value of 0.98 
demonstrates the strong alignment between the two measurement methods, with an average MAE of 
1.45 cm and a maximum absolute error of 4.35 cm.

Table 3. Comparison of DBH results by 10 Cm intervals.
Interval Count MAE (cm) MAPE (%) RMSE (cm) rRMSE (%) R2

0–10 cm 50 1.93 30.76 2.28 33.71 —
10–20 cm 44 1.88 13.23 2.2 14.72 0.43
20–30 cm 43 1.16 4.74 1.42 5.75 0.75
30–40 cm 30 0.76 2.22 1.05 3.03 0.87
≥40 cm 13 0.77 1.7 1.02 2.23 0.96

*One-way ANOVA on MAE: F₄,₁₇₅ = 8.32, p < 0.001. 
*R2 was not reported for 0–10 cm because total variance (SST) is too small for a meaningful coefficient of determination. 
Notes: The first class covers 3 ≤ DBH < 10 cm (the smallest stem measured was 3 cm).
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also declined to 14.72%, reflecting more reliable DBH measurements in this size 
range. In the 20–30 cm category, the MAE decreased further to 1.16 cm, while the 
MAPE and rRMSE were reduced to 4.74% and 5.75%, respectively. The R2 value 
increased to 0.75, showing better alignment between LiDAR-derived and manual 
measurements for medium-sized trees.

For trees in the 30–40 cm DBH range, the MAE reached its lowest at 0.76 cm, while the 
MAPE dropped to 2.22% and the rRMSE to 3.03%. The R2 value rose to 0.87, reflecting a high 
degree of precision in this category. Similarly, for trees with DBH ≥40 cm, the system achieved 
its best performance, with an MAE of 0.77 cm, a MAPE of 1.7%, and an rRMSE of 2.23%. The R2 

value peaked at 0.96, indicating excellent alignment between the two measurement meth
ods. These results suggest that the increased trunk surface area in larger trees provided denser 
point cloud data, enabling the LiDAR system to achieve greater accuracy in modelling DBH.

A locally weighted scatter-plot smoothing (LOWESS) analysis of absolute DBH errors 
indicated that the derivative of the fitted curve (|dy/dx|) fell below 0.02 within a broad 
stability zone; the median diameter of this zone, 23.5 cm, was therefore adopted as the 
stability threshold. Above 23.5 cm the MAE remained < 1 cm and the MAPE < 5%, con
firming that SLAM LiDAR yields consistently accurate DBH estimates for medium- and 
large-diameter trees (as illustrated in Figure 5(a,b).

3.3. Variation in species composition and structural traits across DBH-based HDR 
classes

The composition of species and their structural characteristics varied across DBH classes, 
and a total of 31 species were recorded across all sites. In the small DBH class (0–10 cm), 
a total of 15 species were recorded across all survey sites. At the NQ site, Acer 

Figure 5. (a) Mean absolute percentage error (MAPE) for successive 10 cm DBH intervals. (b) Absolute 
error versus measured DBH with LOWESS trend (red) and the median stability threshold of 23.5 cm 
(green dashed line) derived from the |dy/dx| < 0.02 criterion.
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pseudosieboldianum and Styrax japonicus were dominant, accounting for over 50% of 
individuals. Conversely, the JQ and JP sites demonstrated a more balanced distribution of 
species, without a clear dominant species. In the medium DBH class (10–30 cm), a total of 
23 species(DBH 10–20 cm: 19 species, DBH 20-30 cm: 13 species) were recorded across all 
survey sites. Quercus mongolica was dominant in both NQ and JQ, while JP showed co- 
dominance of Q. mongolica and Quercus serrata, suggesting an ongoing successional 
trend towards Quercus-dominated forest structure. In the large DBH class ( > 30 cm), 
a total of 9 species(DBH 30–40 cm: 7 species, DBH > 40 cm: 5 species) were recorded 
across all survey sites. Q. mongolica remained dominant in NQ and JQ, while Pinus 
densiflora was the most prevalent species in JP, possibly reflecting site-specific differences 
in past disturbances or environmental conditions.

To examine whether DBH classes reflect differences in growth form, the HDR was 
calculated and compared across DBH groups.

The HDR exhibited a gradual decline in response to increasing DBH across all sites. The 
one-way analysis of variance (ANOVA) revealed statistically significant differences in the 
HDR among different DBH groups (F = 0.4334, p < 0.005). This indicates that while tree 
height remained relatively stable, an increase in DBH was the primary factor driving HDR 
variation (Figure 6). The results indicate that trees with smaller DBH exhibit substantially 
higher HDR values, implying a disproportionate allocation of growth to vertical rather than 
radial development. Given the relatively stable median tree heights across DBH classes, the 
observed variation in HDR is primarily attributable to differences in stem diameter. This 
pattern reflects a structural shift in growth strategy, whereby larger trees tend to allocate 
more resources to radial expansion than to vertical elongation. Such a shift may result from 
reduced competitive pressure or a diminished need for mechanical stabilization.

4. Discussion

4.1. Environmental influences on LiDAR-Derived DBH accuracy

The results demonstrated notable differences in DBH measurement accuracy across the 
three study sites, emphasizing the influence of ecological and structural conditions on 

Figure 6. Boxplot comparing height-DBH ratio (HDR) across DBH grades. DBH grade categories: 
a (0–10 cm), B (10–20 cm), C (20–30 cm), D (30–40 cm), E (>40 cm) intervals. Significant differences 
were found between all groups(*** : p < 0.001, ****: p <0.0001).
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SLAM LiDAR performance. The NQ site exhibited the highest accuracy, with an MAE of 1.0  
cm and an R2 of 0.99, indicating precise alignment between LiDAR-derived and manual 
DBH measurements. This superior performance can be attributed to the relatively uniform 
canopy structure and minimal undergrowth in the NQ site, which facilitated consistent 
point cloud density around tree trunks and reduced variability in data quality. The open 
canopy layers and sparse understory at NQ likely minimized occlusion, allowing the LiDAR 
sensor to capture a clearer, more complete view of each tree’s trunk (Zou et al. 2021). 
Additionally, uniform tree spacing in this site appears to have reduced overlapping 
signals, yielding cleaner returns and more reliable data for the cylinder-fitting algorithm.

In contrast, the JP site, with its dense Pinus densiflora canopy and overlapping 
branches, exhibited slightly higher errors, including an MAE of 1.89 cm and an rRMSE of 
10.71%. The increased structural complexity in this site likely contributed to shadowing 
effects and reduced point cloud returns near the DBH measurement height, thereby 
introducing greater variability in the cylinder-fitting algorithm’s outputs. Dense foliage 
can scatter or absorb the LiDAR beams, leading to partial or missing returns – especially 
around trunk areas that are overshadowed by foliage. Furthermore, fallen branches and 
thick understory vegetation at JP may also have contributed to data ‘noise’, which 
interferes with the segmentation of trunk points.

Similarly, the JQ site showed intermediate performance, with an MAE of 1.47 cm and an 
rRMSE of 8.6%, reflecting the influence of moderate canopy density and undergrowth 
conditions. Compared to JP, the canopy in JQ is slightly less dense, allowing for a higher 
proportion of successful trunk returns, yet still presenting enough structural variation to 
introduce some measurement errors. These site-specific variations highlight the relation
ship between forest structure and the accuracy of LiDAR-derived DBH measurements, 
demonstrating that environmental factors play a critical role in determining measurement 
reliability (Jakubowski, Guo, and Kelly 2013). For instance, differences in foliage density, 
tree spacing, understory vegetation height, and even topography can all contribute to 
variations in LiDAR performance. Overall, these findings suggest that while SLAM LiDAR is 
broadly effective in diverse forest settings, areas with uniform canopy structures and 
minimal undergrowth tend to offer the most favourable conditions for accurate DBH 
estimation. In more complex stands, targeted scanning strategies, higher-resolution 
sensors, or multi-sensor approaches may be necessary to minimize data loss and ensure 
reliable diameter measurements.

4.2. Size class effects on DBH accuracy

The accuracy of SLAM LiDAR-based DBH measurements varied significantly across differ
ent DBH size intervals. Trees with smaller DBH values – particularly those less than 10 cm – 
exhibited the highest errors, with a MAPE of 30.76% and an rRMSE of 33.71%. Overall 
agreement between LiDAR-derived and manual DBH was high (R2 = 0.98, RMSE = 1.84 cm, 
MAE = 1.45 cm, maximum error = 4.35 cm). This elevated error rate can be partly attrib
uted to the limited surface area of small trunks, which generate fewer LiDAR point cloud 
returns and thus undermine the reliability of the cylinder-fitting algorithm. Smaller trees 
are also more likely to be partially or completely occluded by understory vegetation or 
larger neighbouring trees, creating blind spots that reduce the number of valid returns at 
the DBH measurement height (Krůček et al. 2020). Moreover, the scanning geometry in 
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SLAM LiDAR surveys can be unfavourable for narrow stems; the laser beams may not 
intersect enough of the trunk’s circumference to provide an adequate fit. Collectively, 
these factors lead to a sparser, noisier point cloud for small stems, making it challenging 
to accurately model their geometry.

Figure 7 underscores the importance of point count by showing a moderate correla
tion (R2 = 0.544) between DBH and point count. As DBH increases, the number of LiDAR 
returns also tends to rise, primarily due to the larger cross-sectional area of bigger trunks 
and more favourable laser incidence angles. In the smaller DBH classes where point 
counts are inevitably lower, error metrics (such as MAE and RMSE) typically increase. 
This pattern suggests that a critical minimum point count is necessary to achieve robust 
cylinder-fitting (Raguram, Frahm, and Pollefeys 2008). Without sufficient data, the algo
rithm may converge on incorrect trunk dimensions, amplifying errors in diameter 
estimation.

For trees with larger DBH values, error metrics improved consistently. Trees in the 
30–40 cm DBH range achieved an MAE of 0.76 cm, reflecting a substantial reduction in 
measurement discrepancies compared to smaller classes. Meanwhile, trees with DBH 
values of 40 cm or more attained the highest accuracy, with an R2 of 0.96 and markedly 
lower error rates. The denser and more reliable point cloud data generated by thicker 
trunks provide the LiDAR system with abundant spatial information for modelling the tree 
circumference. Additionally, these larger trunks are less susceptible to partial occlusion, 
reducing the possibility of blind spots and incomplete data capture.

The identification of a stable error threshold at 23.5 cm further supports the notion that 
once tree diameter surpasses a certain range, the system delivers reliable and consistent 
DBH estimates. Beyond this threshold, diminishing errors suggest that the SLAM LiDAR’s 
cylinder-fitting approach can effectively handle larger, more consistently measured 

Figure 7. Relationship between DBH and LiDAR-derived point count, along with the mean absolute 
error (MAE) and root mean square error (RMSE) distribution across different point count bins. The left 
panel presents a linear regression model, demonstrating a moderate correlation (R2 = 0.544) between 
DBH and point count, with point count generally increasing as DBH increases. The right panel 
illustrates the error distribution, showing that as DBH increases, both MAE and RMSE tend to decrease, 
indicating improved accuracy in larger DBH measurements.
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trunks. In practical terms, this implies that SLAM LiDAR is particularly well-suited for 
monitoring medium and large-sized trees in a variety of forest contexts. These trees not 
only benefit from increased point counts but also experience fewer occlusion effects, 
facilitating greater accuracy in point cloud generation.

Nevertheless, the higher error rates observed for smaller DBH classes should not be 
overlooked. In young or regenerating stands dominated by smaller trees, additional 
measures – such as adjusting scanning trajectories to capture trunks from multiple angles 
or employing higher-resolution LiDAR sensors – may be necessary to mitigate data 
scarcity. Future research could focus on optimizing scanning paths or integrating com
plementary sensing modalities to enhance coverage and improve DBH estimation accu
racy for smaller stems. Despite these challenges, the present findings collectively reinforce 
the overall suitability of SLAM LiDAR for forest inventory applications, particularly when 
the aim is to monitor a broad range of size classes and ensure high accuracy for medium 
to large trees.

4.3. Species-specific structural traits and their influence on DBH measurement 
error

Variation in HDR can be influenced by differences in stem growth patterns related to 
species-specific growth characteristics and responses to external environmental factors. 
Shade-tolerant species such as Acer pseudosieboldianum and Styrax japonicus, which 
often have curved stems, showed greater variability, whereas canopy-dominant Quercus 
mongolica and Pinus densiflora displayed uniform growth and lower error. In particular, 
high HDRs show a growth pattern with more vertical growth instead of volumetric 
growth, which is likely due to disruption from external environmental factors. 
Measurement discrepancies in DBH were notably pronounced in smaller trees (under 
10 cm DBH), likely due to the smaller number of points in the point cloud and competitive 
growth effects. This observation underscores the complexity of how competitive growth 
shapes tree morphology and may impact measurement accuracy.

Similar limitations in measuring small-diameter trees have been discussed in previous 
studies. For instance, Li et al. (2020) reported a tendency for increased DBH estimation 
errors in trees with diameters under 10 cm when using SLAM-based LiDAR systems. 
Gonzalez-Benecke et al. (2021) also noted that measurement precision varied with 
crown coverage and neighbouring tree competition. Additionally, Calders et al. (2015) 
highlighted that automatic DBH retrieval tends to suffer from structural distortions in 
trees with lower point density. These findings are consistent with the results of this study, 
emphasizing the inherent challenges in accurately estimating DBH for small-diameter 
stems.

While many studies attribute the limitations in measuring small-diameter trees to 
insufficient point density, the underlying causes of this sparsity require closer examina
tion. In this study, ANOVA tests for both DBH absolute error and error ratio across DBH 
classes revealed significant differences. According to Tukey’s HSD post-hoc test, the 
absolute error was unexpectedly higher in Class B than in Class A trees (the thinnest 
class), with no statistically significant differences observed between Class A and Classes C, 
D, and E. In contrast, the error ratio decreased clearly with increasing DBH size: Class 
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A differed significantly from Classes C, D, and E, and even Class B differed significantly 
from Classes D and E (Tables 4, 5).

We particularly highlight the discrepancy in the results: although Class B trees exhib
ited higher absolute error than the thinner Class A trees, error ratio revealed significant 
differences between Class A and trees thicker than Class C. The absolute DBH error ranged 
from 0.04 to 4.3 cm, with maxima of 4.15 cm in Class A and 2.0 cm in Class E.

This variation reflects not only environmental noise but also intrinsic species-specific 
traits – such as bark roughness and non-linear stem form – that influence geometric 
reconstruction.

In particular, high HDR values in Class A suggest vertically biased growth under 
competitive light conditions, often resulting in curved or leaning stems that exacerbate 
measurement error. These discrepancies in small-diameter trees are likely due to the 
limited number of LiDAR points captured and the stronger influence of competitive 
growth, as non-upright stems can introduce errors in both LiDAR and manual measure
ments. While such traits can occur in larger trees, their relative impact on DBH accuracy is 
minor due to greater stem diameter and point cloud density. In smaller trees, however, 
even slight deviations can yield disproportionately high error ratios.

Several previous studies have indicated that sparse point returns and increased mea
surement errors may result from individual-level structural characteristics, such as leaning 
stems or crown asymmetry. For instance, in coniferous forests, some understory trees are 
more likely to experience occlusion and segmentation failure due to structural complexity 
and canopy shading (Brunner and Houtmeyers 2022). Additionally, Hamraz, Contreras, 
and Zhang (2016) noted that low point density in the understory layer of small-footprint 
airborne LiDAR often hampers accurate segmentation. These observations are consistent 
with our findings: individuals with higher error ratios were often shade-tolerant species, 
suggesting that shade-induced morphological plasticity may play a significant role in 
both point sparsity and DBH measurement error in LiDAR-based approaches.

Shade-tolerant species such as A. pseudosieboldianum, S. japonicus, Q. serrata, and 
Fraxinus rhynchophylla, observed in NQ and JQ, are typically late-successional, often 
growing under canopy pressure with limited light availability and competition for 
resources (Choung et al. 2020; Kim, Kang, and Lim 2016; Lei and Lechowicz 1990; 
Lienard, Harrison, and Gnanadesikan 2015). These conditions often result in leaning or 

Table 4. ANOVA results for DBH absolute error and error ratio by DBH class.
Response Variable Df Sum Sq Mean Sq F value p value

Absolute Error(cm) 4 47.65 11.414 11.16 p < 0.001 ***
Error Ratio(%) 4 8610 2152.4 31.33 p<0.001 ***

Notes: Asterisks indicate levels of statistical significance: *:p <0.05, **:p <0.01, *** : p < 0.001.

Table 5. Tukey HSD summary for DBH absolute error and error ratio by DBH class.
Variable Tukey Grouping by DBH Class Significant Groups

Absolute Error(cm) B (a) > A (ab) > C (bc) > D = E (c) B-A*, D-A*, C-B***, D-B***, E-B***
Error Ratio (%) A (a) > B (ab) > C (bc) > D = E (c) C-A***,D-A***,E-A***,C-B***,D-B***,E-B***

Notes: DBH grade categories: A (0–10 cm), B (10–20 cm), C (20–30 cm), D (30–40 cm), E (>40 cm) intervals. Different 
lowercase letters (a,b,c) indicate statistically significant differences among DBH class. Asterisks indicate levels of 
statistical significance: *:p <0.05, **:p <0.01, *** : p < 0.001.
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curved growth forms rather than upright stems (Saha, Kuehne, and Bauhus 2014). 
Similarly, shrub and sub-tree species including Symplocos chinensis var. leucocarpa, 
Maackia amurensis, Salix gracilistyla, and Sorbus alnifolia, observed in the JP forest, often 
exhibit non-vertical or curved stems due to external environmental factors, similar to 
those affecting shade-tolerant species (Sun, Liang, and Zhu 2021).

These non-upright growth patterns in thin trees may have contributed to discrepancies 
in LiDAR measurements, as non-upright stems can introduce errors in both LiDAR and 
manual measurements. The advantages of LiDAR lie in its ability to detect small trees and 
the significantly higher number of trees it can detect per unit of time compared to manual 
measurement, making it a valuable tool for forest assessments. While SLAM LiDAR 
requires improved accuracy for smaller trees, it remains effective for estimating under
storey layers, including late-successional shrub and sub-tree species. In line with our size- 
class analysis, an operational threshold of approximately 23.5 cm was observed; beyond 
this threshold, DBH estimates were generally more stable and consistent across the study 
sites. This capability, essential for monitoring forest structure and succession, helps 
predict future vegetation dynamics, making LiDAR a valuable tool for long-term forest 
research and management.

5. Conclusion

This study examined the performance of a SLAM LiDAR system for measuring DBH across 
three forest sites (NQ, JP, and JQ) characterized by varying canopy structures and species 
compositions. Overall, LiDAR-derived DBH values displayed strong concordance with field 
measurements, maintaining an R2 of 0.98. Notably, the site with relatively uniform canopy 
coverage and minimal understory (NQ) achieved the highest consistency, underscoring 
how simpler stand structures facilitate more reliable trunk detection and modelling. 
Conversely, in sites with denser canopies or overlapping foliage (e.g. JP), occlusion and 
irregular understory layers led to modestly increased estimation errors, illustrating the 
influence of stand complexity on LiDAR data capture.

Analysis by DBH class showed that larger trees typically yielded more accurate mea
surements, reflecting the denser point clouds and reduced occlusion associated with 
bigger trunks. In contrast, smaller stems ( < 10 cm DBH) exhibited greater errors, largely 
due to limited surface area and fewer LiDAR returns. A key finding was that beyond 
a certain DBH threshold – around 23 cm – measurement reliability improved considerably.

Furthermore, our findings indicate that elevated DBH errors in small-diameter trees are 
not solely attributable to point cloud sparsity, but also to species-specific structural traits 
such as curved stems and high HDR values associated with shade-tolerant growth 
strategies. These characteristics, while occasionally present in larger trees, contribute 
disproportionately to relative error in slender stems, emphasizing the importance of 
incorporating ecological variability into algorithm design.

Despite these challenges in small-diameter classes, the overall results affirm the 
practical utility of SLAM LiDAR for rapid, large-scale forest assessments, particularly 
when focusing on medium- to large-sized trees. Future enhancements, such as refined 
scanning trajectories, increased sensor resolution, or algorithmic adjustments for mor
phological plasticity, could further improve measurement accuracy for small stems.
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In addition, our study highlights the need for ongoing refinement in LiDAR data 
processing techniques. By optimizing field acquisition strategies and incorporating struc
tural diversity into modelling approaches, future work can enhance the precision and 
ecological relevance of automated forest inventories, supporting long-term ecosystem 
monitoring and data-driven management practices.
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