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Highlights 

What are the main findings? 

• Developed a sensor-agnostic deep learning framework for wood–foliar semantic seg-

mentation of terrestrial LiDAR point clouds. 

• Demonstrated robust transferability across globally distributed forest ecosystems, 

terrestrial LiDAR platforms, and seasonal leaf-on/leaf-off conditions. 

What are the implications of the main findings? 

• Point Transformer achieved the most consistent cross-dataset semantic segmentation 

without benchmark-specific optimization. 

• Probability-based predictions revealed localized annotation uncertainty, particularly 

within fine branches and densely occluded canopies. 

• Binary semantic segmentation enabled hierarchical geometric decomposition into 

ecologically relevant structural fuel classes. 

Abstract 

Terrestrial Light Detection and Ranging (LiDAR) provides detailed three-dimensional 

(3D) observations of forest structure, yet transferable wood–foliar semantic segmentation 

remains challenging because of forest structural heterogeneity, occlusion, and variability 

across forest ecosystems and terrestrial LiDAR platforms. Existing Deep Learning (DL) 

approaches are commonly developed for localized forest conditions or complex multi-

class semantic taxonomies, often limiting their transferability to structurally distinct for-

ests. Here, we introduce points2SBL, a geometry-driven, terrestrial LiDAR platform-ag-

nostic DL framework that reduces heterogeneous forest vegetation to a transferable 

wood–foliar representation and subsequently uses these semantics as the foundation for 

3D forest fuel characterization. The framework was developed using globally harmonized 

benchmark datasets acquired across multiple terrestrial LiDAR systems and broadleaf, 

coniferous, mixed, regenerating, and structurally complex forests. Three point-based ar-

chitectures (PointNet++, PointNeXt, and Point Transformer) were benchmarked under 

identical training and evaluation protocols. Point Transformer provided the most con-

sistent cross-dataset performance, achieving overall accuracy (OA) of 92–94%, mean 

Academic Editors: Antonio Luis 

Montealegre Gracia, Alberto  

García-Martín and Raúl Hoffrén 

Received: 31 July 2026 

Revised: 10 September 2026 

Accepted: 11 September 2026 

Published: 14 September 2026 

Copyright: © 2026 by the authors. 

Licensee MDPI, Basel, Switzerland. 

This article is an open access article 

distributed under the terms and 

conditions of the Creative Commons 

Attribution (CC BY) license. 

https://doi.org/10.3390/rs18183158
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/


Remote Sens. 2026, 18, 3158 2 of 51 
 

https://doi.org/10.3390/rs18183158 

Intersection-over-Union (mIoU) of 0.78–0.87, macro F1-score of 0.87–0.93, and Matthews 

correlation coefficient (MCC) of 0.74–0.86 across five independent benchmark datasets. 

Species-level, vertical-profile, and qualitative cross-ecosystem assessments further 

demonstrated consistent preservation of wood–foliar semantics throughout the 3D forest 

fuel continuum, including previously unseen forest point clouds, while revealing that 

some apparent semantic disagreements originated from manual annotation of bench-

marks. Finally, the points2SBL wood–foliar semantics were geometrically decomposed 

using a geometric algorithm named “Points2woodyseg” into fuel-related components: 

stem, branches, leaf, surface wood, and surface foliage. Collectively, these results demon-

strate that a simplified wood–foliar abstraction can provide a transferable semantic foun-

dation for characterizing structurally heterogeneous terrestrial LiDAR point clouds and 

deriving essential 3D forest fuel information across diverse forest ecosystems. 

Keywords: deep learning; terrestrial laser scanning; forest; wildland fuel mapping;  

semantic segmentation; global ecosystems 

 

1. Introduction 

Since the release of the first commercial Terrestrial Laser Scanner (TLS) in 1998 [1], 

Light Detection and Ranging (LiDAR) systems have substantially improved the ability to 

capture detailed understory and near-surface forest structure through high-density point 

clouds [2]. Modern LiDAR systems encompass a broad range of sensor platforms, includ-

ing TLS, handheld, backpack, mobile laser scanning (MLS), personal laser scanning (PLS), and 

Simultaneous Localization and Mapping (SLAM)-based LiDAR systems, enabling flexible 

and efficient data acquisition across structurally complex forest environments [1,3–5]. 

Terrestrial LiDAR can resolve detailed 3D structural information associated with 

stems, branches, foliage, understory, shrubs, coarse woody debris (CWD), and fine woody 

debris (FWD). This information supports a wide range of ecological and operational ap-

plications, including forest inventory, aboveground biomass (AGB) estimation, habitat as-

sessment, branch characterization [1], canopy cover estimation, gap fraction analysis, Leaf 

Area Index (LAI), Leaf Area Density (LAD), Canopy Base Height (CBH), and Canopy Bulk 

Density (CBD). These are essential metrics for currently available wildfire behavior mod-

els used for operational decision support [6–9]. TLS-based point clouds are highly heter-

ogeneous in forested sites and can require automated segmentation frameworks to clas-

sify points into ecologically meaningful structural components [10–12]. In terrestrial Li-

DAR applications, semantic segmentation assigns a class label to each point according to its 

structural category (e.g., stem, branch, and foliage), whereas instance segmentation further 

distinguishes individual object instances within the same semantic classes, such as individual 

trees [13–15]. Of these two tasks, accurate semantic segmentation is particularly important 

for characterizing complete forest strata and near-surface fuel complexes [16,17]. 

To achieve semantic segmentation of terrestrial LiDAR point clouds, parametric al-

gorithms, e.g., Density-Based Spatial Clustering of Applications with Noise (DBSCAN), 

machine learning (ML), and DL have been extensively investigated in past studies [10,18–

20]. Parametric algorithms and ML frameworks are generally easier to implement and 

computationally efficient, yet their performance often remains sensitive to forest struc-

tural variability, sensor characteristics, and manually tuned parametric thresholds, limit-

ing their transferability [3,10,21,22]. Recent studies comprehensively evaluated a large 

number of widely used wood–leaf separation algorithms and ML/DL frameworks to as-

sess their performance on wood–leaf segmentation [23,24]. The results demonstrated sub-

stantial variability in individual tree-AGB (IAGB) among methods, primarily due to 
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difficulties in accurately separating branches from leaf clouds. Inaccurate branch delinea-

tion resulted in notable underestimation of IAGB, reaching up to 14% in broadleaf and 

17% in coniferous species [23,24]. The study further reported that 3DSegFormer [14], a DL 

framework, achieved better IAGB compared with other approaches, highlighting the po-

tential of DL frameworks to better capture complex branch architecture, whereas trunk 

biomass predictions remained comparatively consistent across algorithms [22,23,25]. 

In particular, supervised point-wise DL frameworks directly operate on 3D irregular 

point clouds and can learn complex geometric representations from the data, thereby improv-

ing segmentation quality under structurally heterogeneous forest conditions [14,26–28]. Re-

cent advances in point-wise supervised DL architectures, including PointNet, PointNet++ [24], 

PointNeXt, Point-based convolutional neural networks (e.g., PointCNN), KPConv, RandLA-

Net [29], Point Transformer [27], LWSNet, and Forestformer3D, among others, have substan-

tially advanced semantic segmentation of terrestrial LiDAR point clouds by enabling hierar-

chical feature extraction and local neighborhood learning [3,16,30]. These frameworks have 

consistently demonstrated improved segmentation compared with conventional para-

metric approaches, particularly in complex forest environments where occlusion and fine-

scale structural variability remain challenging [14,23,24]. 

1.1. Related Work 

LiDAR semantic segmentation generally falls into two categories: tree-centric and 

plot-level methods. Tree-centric approaches operate on individual trees isolated from sur-

rounding vegetation and are primarily designed for applications such as branch charac-

terization, tree morphology analysis, IAGB estimation, and species classification 

[1,18,23,25,31,32]. Though these methods provide detailed information on individual tree 

structure, they are not intended to represent the full semantic complexity of forest plots 

containing canopy, understory, and surface fuels [23,33]. Plot-level semantic segmenta-

tion remains comparatively less investigated and is typically formulated as a multi-class 

semantic problem involving classes such as stem, branch, leaf, understory, ground, and 

CWD [18,34–37]. Although many frameworks report high semantic accuracies, model de-

velopment and evaluation are often conducted within localized forest environments, 

where training and testing data originate from similar ecological and structural conditions 

[38,39]. Consequently, performance may decline when applied to forests with different 

species compositions, structural characteristics, fuel complexes, disturbance histories, or 

sensor acquisition geometries, frequently requiring additional labeled data and model re-

training to maintain performance [8,26,28,36,37,40]. 

Furthermore, many existing segmentation frameworks rely on supplementary attrib-

utes such as intensity, optical imagery red–green–blue (RGB)-based colorization, multi-

spectral imagery, multispectral LiDAR, geometric descriptors, or combinations thereof to 

improve classification performance [18,20,41]. Radiometric or spectral features can en-

hance wood–leaf discrimination [13,41]; however, their consistency is often affected by 

sensor characteristics, acquisition geometry, radiometric responses, and variability in 

wood and leaf reflectance, limiting transferability across sensor platforms and forest con-

ditions [16,37,42]. In addition, most frameworks have been evaluated using relatively few 

forest plots representing localized environmental conditions, leaving their broader trans-

ferability capability largely unexplored [34,40,43]. 
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1.2. Terrestrial LiDAR on Wildfire Fuel Mapping 

In fire behavior modeling, forest structure is broadly classified into three intercon-

nected fuel strata—surface fuels (e.g., litter, grasses, and low shrubs), ladder fuels (vege-

tation and wood materials that create vertical fuel continuity between surface and canopy 

layers, facilitating the upward spread of fire into tree crowns), and canopy fuels (live and 

dead foliage, twigs, and branches within the tree crowns). Fuel strata vertical and hori-

zontal continuity strongly influences fire ignition, crown fire transition, spread dynamics, 

and fire intensity [9,44,45]. Among forest fuel strata, canopy fuels have been the most ex-

tensively studied because the overstory is comparatively easier to characterize using re-

mote sensing, including optical imagery, spaceborne LiDAR (e.g., Global Ecosystem Dy-

namics Investigations (GEDI)), airborne laser scanning (ALS), and Synthetic Aperture Ra-

dar (SAR), which effectively characterize canopy height, cover, structure, and AGB across 

large spatial scales [46–48]. In contrast, ladder and surface fuels are substantially more 

difficult to quantify because of canopy occlusion and fine-scale structural heterogeneity 

[16,35,49,50]. 

However, forest lower strata contain herbaceous (grasses and forbs) and highly 

heterogeneous woody fuel complexes, including shrubs, regenerating seedlings and 

saplings, downed woody materials, e.g., dead twigs, branches, stems, and boles broadly 

classified as CWD (diameter ≥ 7.6 cm) and fine woody debris (FWD; diameter < 7.6 cm), which 

collectively govern horizontal and vertical fuel continuity, surface fire propagation, fire 

intensity, and crown-fire transition dynamics [10,51,52]. CWD and FWD are commonly 

quantified using field-based fuel inventory methods that measure fuel diameter, length, 

volume, spatial distribution, and fuel loading across surface and near-surface strata [52]. 

Fine fuels strongly influence fire behavior (including grasses, shrubs, and FWD). Fine and 

coarse woody fuels collectively influence fuel continuity, fuel moisture dynamics, fire 

intensity, rate of spread, and crown-fire initiation. Fine woody fuels primarily govern 

ignition and rapid fire spread, whereas CWD sustains higher heat release and prolonged 

smouldering combustion after flaming has ceased, contributing to extended wildfire 

smoke emissions [53–55]. For that/those reason/s, 3D fuel characterization is essential yet 

remains challenging due to their highly heterogeneous spatial organization, variable 

decomposition states, and complex 3D structure across forest ecosystems [55–57]. 

Forest ecosystems exhibit substantial variability in species composition, canopy 

architecture, understory complexity, shrub abundance, regeneration dynamics, and the 

spatial distribution of CWD and FWD [58–60]. Consequently, semantic classes commonly 

used in existing multi-class segmentation frameworks—such as ground, understory, 

lower objects, stem, and foliage—may exhibit substantial variability across diverse forest 

ecosystems, with some classes becoming sparse, structurally ambiguous, or absent under 

certain environmental conditions [1,36,60]. Recent studies have similarly highlighted 

difficulties in separating understory and lower-object classes because of their strong 

geometric overlap with terrain and fine-scale mixing of wood–leaf components [35,36]. In 

contrast, although forest fuels comprise multiple structural strata and fuel types, their 

vegetation components can be represented for semantic segmentation by two primary 

combustible materials: wood–foliar biomasses (Figure 1). 
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Figure 1. Representative wood–leaf organization across globally distributed forest ecosystems—

Methow from the United States of America (USA), Robson Creek, and Litchfield from Australia. 

Wood is shown in red and foliage in green. Ground points were removed to highlight the 3D distribution 

of vegetation across canopy, ladder, understory, and near-surface fuel strata using FAST-GC 

(https://pypi.org/project/fastgc/ (accessed on 15 July 2026))—developed by the corresponding author. 

Wood fuels—including stems, branches, CWD, and FWD—form relatively persistent 

structural frameworks, whereas foliar fuels such as foliage, grasses, and fine litter are more 

dynamic and strongly influence ignition and fire spread [44]. Wood–leaf abstraction aligns 

with established fire behavior concepts while reducing semantic ambiguity in terrestrial 

LiDAR point clouds [9]. Existing segmentation frameworks primarily emphasize structural 

classes rather than explicitly representing fuel heterogeneity across canopy, ladder, and 

surface fuel strata [29]. Following robust ground filtering, the remaining above-ground point 

cloud consistently consists of wood and foliar components distributed throughout the 

vertical 3D fuel continuum, regardless of forest type or structural complexity [61,62]. Since 

wood–leaf classes represent fundamental structural elements common to virtually all 

forest ecosystems, they can provide a more stable and transferable target representation 

than ecosystem-specific semantic classes (Figure 1). Moreover, the millimeter-scale 

geometric detail captured by terrestrial LiDAR systems offers an opportunity to develop 

sensor-agnostic segmentation frameworks that not only separate wood and foliar 

components but also support subsequent decomposition into ecologically meaningful fuel 

classes relevant to wildfire behavior modeling [36]. 

1.3. Research Objectives 

To the best of our knowledge, no previous study has comprehensively evaluated 

wood–leaf semantic segmentation transferability across complete global forest plots while 

explicitly representing the full 3D fuel continuum, including canopy, ladder, and surface 

fuel strata. We focus exclusively on terrestrial LiDAR systems because their proximal 

sensing capabilities enable ultra-high-density point clouds with substantially greater 

structural detail than airborne LiDAR platforms, thereby providing improved characteri-

zation of surface, understory, and vertically connected fuel complexes that strongly influence 

wildfire behavior [49,63]. Furthermore, the datasets used in this study were acquired using 

several widely used terrestrial LiDAR platforms, e.g., RIEGL, GeoSLAM, and Leica [27,35]. 

Collectively, the independent terrestrial LiDAR datasets encompass a wide spectrum of 

forest ecosystems, vegetation structures, climatic conditions, phenological states, terres-

trial LiDAR platforms, and acquisition strategies, providing a globally representative 
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evaluation framework for assessing the robustness, transferability, and operational ap-

plicability of DL models beyond conventional benchmark datasets [36]. Consequently, 

this study aims to develop a terrestrial LiDAR platform-agnostic DL framework for 

semantic segmentation. Specifically, the study addresses the following objectives: 

1. Evaluate whether point-based supervised DL frameworks can achieve robust and 

transferable wood–leaf semantic segmentation across diverse forest ecosystems, sensor 

platforms, point densities, acquisition conditions, and seasonal leaf-on and leaf-off 

conditions [36]. 

2. Benchmark three widely used supervised point-based architectures—PointNet++, 

PointNeXt, and Point Transformer [23,27,35,64] —using harmonized, manually annotated 

terrestrial LiDAR point clouds and identical training, validation, and evaluation 

protocols, thereby isolating the influence of network architecture on segmentation 

accuracy and cross-ecosystem transferability. 

3. Investigate whether wood–leaf segmentation can serve as a foundation for 

automated fuel characterization by developing a geometric post-processing framework that 

further partitions wood–foliar binary abstractions into ecologically and operationally relevant 

fuel classes (i.e., stems, branches, canopy foliage, wood debris, and surface leafy fuels). We 

hypothesize that the wood component contains sufficient geometric information to support 

subsequent structural decomposition while reducing computational requirements and 

improving transferability relative to existing multi-class DL segmentation frameworks. 

2. Materials and Methods 

2.1. Datasets 

To address the research objectives (Section 1.3), a comprehensive set of manually an-

notated point clouds representative of globally distributed forest ecosystems is required 

to train DL frameworks [27,36,65]. Given the limited availability of manually annotated 

forest point clouds, a targeted search of the published literature and publicly available 

data repositories was conducted to identify suitable datasets for model development. 

Search terms combined forest point cloud descriptors (e.g., “forest,” “point cloud,” “Li-

DAR,” and “labelled/annotated”) with acquisition-platform terms, including “TLS”, 

“MLS”, and “PLS”. Additionally, terms such as “benchmark,” “semantic segmentation,” 

and “wood–foliage/leaf classification” are also used to cover the wide range of keywords 

used for annotated datasets [66,67]. 

Candidate datasets were considered for inclusion when (i) the point clouds and cor-

responding point-level semantic annotations were publicly accessible and open-source, 

(ii) the annotations contained classes that could be explicitly mapped to wood–foliage tax-

onomy—a desired input for DL framework training and evaluation, (iii) metadata were 

available to interpret the LiDAR sensor and forest ecosystem context, and (iv) the annota-

tion quality was considered adequate following the quality-control (QC) procedures de-

scribed below (Section 2.2). 

For the datasets satisfying these criteria, we assembled a multi-source benchmark 

collection spanning different geographic regions, forest structural conditions, acquisition 

platforms, and spatial representations (Table 1). The resulting collection was intended to 

maximize the diversity of forest and sensor conditions represented in the currently acces-

sible annotated data rather than to constitute a statistically representative sample of global 

forests [3]. The integration of these complementary datasets enables model development 

across multiple hierarchical levels of forest structure, ranging from individual trees and 

plot-level forest stands (understory and surface removed) to complete forest scenes con-

taining understory vegetation, surface fuels, and terrain, thereby supporting robust learn-

ing across increasingly complex structural environments. 
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Table 1. Summary of the main characteristics of open-source terrestrial LiDAR point clouds used in 

the DL framework’s training and validation. 

Dataset Country Data Type Total Sensor Labels 

Lin3D [35] China Plot 1 TLS Ground, understory, wood, leaf 

SYSSIFOSS [68] Germany Individual trees 11 SLAM Wood, leaf 

SegmentedForest [60] Austria Plot 5 MLS * Multi-class 

 USA Plot 3 TLS * Multi-class 

Plot-semantics [69] Cameroon plot 1 TLS Wood, leaf 

 Finland plot 4 TLS Wood, leaf 

 Spain plot 3 TLS Wood, leaf 

 Poland plot 4 TLS Wood, leaf 

* Multi-class: Semantic labels comprising 16 manually annotated vegetation and non-vegetation cat-

egories, including ground and ground vegetation, shrubs, understory and lower-canopy trees, 

stems, branches and foliage, down wood, stumps, ivy, and ancillary non-vegetation objects (e.g., 

rocks, stakes, and people), following the SegmentedForests annotation scheme [60]. 

2.1.1. Wood–Foliar Plot-Level Datasets 

Plot-level semantically labeled TLS point clouds from diverse forest ecosystems 

(Figure 2a,b) were incorporated to strengthen the representation of complete forest 

structural conditions. These datasets were acquired using multi-scan TLS protocols with 

extensive upright and tilted scan positions to minimize occlusion and preserve fine wood 

structures throughout the canopy profile [20]. Unlike isolated individual-tree datasets, 

plot-scale acquisitions capture complex interactions among stems, branches, foliage, 

understory, and surface fuels under natural stand conditions. The manually curated 

binary wood–leaf annotations provide high-quality benchmarks for learning wood–leaf 

structure across complete forest scenes [69]. 

The Lin3D dataset is a forest-scene point cloud benchmark developed for semantic 

segmentation across forest types and sensor platforms. It contains forest point clouds an-

notated into four semantic categories: foliage, wood (stems and branches), ground, and 

lower objects (e.g., grass and shrubs) [35]. In this study, we used TLS-annotated Lin3D 

(v0.1), which comprises six annotated forest plots acquired in Guangxi Zhuang Autono-

mous Region, southern China. The TLS plots originate from the same regional Lin3D ac-

quisition subset and therefore represent geographically related forest conditions; a single 

plot (plot # 1) with sufficient representation of both woody and foliar components was 

selected to incorporate the regional subset into the global forest ecosystem training and 

validation data pool. The remaining five plots were intentionally excluded from model 

development and retained as independent data for assessing model generalization using 

a spatially held-out sample [35]. 

The Plot-Semantics dataset is a high-density TLS dataset developed for wood–leaf 

semantic segmentation across diverse temperate forest ecosystems, comprising plots 

collected from Spain, Austria, Germany, Finland, and the United Kingdom (UK). Data 

were acquired using a RIEGL VZ-400i TLS (RIEGL Laser Measurement Systems GmbH, 

Horn, Austria) following a systematic multi-scan protocol within 30 × 30 m forest plots to 

minimize occlusion and capture detailed canopy architecture. The final dataset consists of 

twelve plots spatially partitioned into 10 × 10 m blocks at 1 cm resolution, containing xyz 

coordinates, reflectance values, and wood–leaf semantics of canopy and understory [69]. 
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Figure 2. Representative examples of the labeled terrestrial LiDAR datasets used for training the 

wood–leaf segmentation framework. (a) Plot-level tree datasets containing only tree structures after 

removal of ground, understory, and surface fuel components. (b) Complete forest-plot datasets rep-

resenting the full 3D fuel continuum from surface fuels to canopy foliage. (c) Individual-tree da-

tasets with detailed wood–leaf annotations. Insets (1–5) show representative examples from the cor-

responding datasets and demonstrate variability in branching architecture, crown complexity, veg-

etation density, understory structure, and fuel organization. Red points represent wood, and green 

points represent foliar-labeled point clouds. 

2.1.2. Individual Tree Point Clouds 

Second, manually annotated individual-tree TLS point clouds with wood–leaf anno-

tations (Figure 2c) were incorporated to complement the plot-level benchmarks. Unlike 

plot-level acquisitions, these datasets provide detailed representations of individual tree 

architecture, preserving fine branches, crown morphology, and wood–foliar interactions 

while substantially reducing occlusion through multi-scan acquisitions [68]. This enables 

the training framework to learn detailed structural characteristics across diverse branch-

ing patterns and crown forms, thereby improving its ability to generalize across heteroge-

neous forest conditions. 

The SYSSIFOSS-Trees benchmark consists of 11 manually annotated individual-tree 

TLS point clouds representing seven temperate and boreal tree species, namely Norway 

spruce (Picea abies), Scots pine (Pinus sylvestris), Douglas fir (Pseudotsuga menziesii), Euro-

pean beech (Fagus sylvatica), sycamore maple (Acer pseudoplatanus), silver birch (Betula pen-

dula), and European aspen (Populus tremula), acquired under leaf-on conditions in man-

aged mixed forests of southwest Germany [70]. Individual trees were scanned from five 

to eight terrestrial laser-scanning positions using a RIEGL VZ-400 to maximize canopy 

coverage and minimize occlusion. Each point cloud was manually annotated into binary 

wood and foliar classes, providing a high-quality benchmark for evaluating fine-scale 
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wood–foliar semantic segmentation across diverse crown architectures and branching or-

ganizations [26]. 

2.1.3. Multi-Class Plot Labels 

Existing plot-level forest semantic segmentation benchmarks provide detailed multi-

class semantic annotation comprising 16 manually annotated vegetation and non-vegeta-

tion categories, including ground and ground vegetation, shrubs, understory and stems, 

branches and foliage, down wood, stumps, ivy, and ancillary non-vegetation objects (e.g., 

rocks, stakes, and people), following the SegmentedForests annotation scheme [60]. How-

ever, a major limitation of SegmentedForest is the absence of explicit wood–foliar seman-

tics; e.g., leaves and fine branches are often grouped within the same vegetation class, 

obscuring the structural distinction between fine wood and foliar components (Figure 3a). 

Consequently, fine branches are frequently grouped with foliage within the same canopy 

class, obscuring the structural distinction between wood–foliar components (Figure 3a). 

 

Figure 3. Harmonization of the SegmentedForests [60] multi-class benchmark into wood–foliar an-

notation used in this study. Panels (a) and (c) present the original semantic labels comprising ground 

and surface vegetation (blue), stems (brown), shrubs (red), understory vegetation (green), and fine 

branches and foliage (pink). Panels (b) and (d) show the harmonized annotations after semantic 

aggregation and manual refinement, where all woody structures were merged into a single wood 

class (brown), all foliage-bearing vegetation into a foliar class (green), and ground into a grey class. 

To overcome this limitation, we incorporated a manually refined subset of the Seg-

mentedForests benchmark [68], which contains forest point clouds acquired using TLS 

and MLS across multiple forest ecosystems. The original plots range from approximately 

1300 to 3590 m2. Rather than annotating the complete forest plots, representative 5 m × 10 

m transects were extracted from each plot (plots #6–10 and 12–14) to capture these con-

trasting structural conditions while substantially reducing the manual annotation effort 

required for the much larger original scenes. Manual refinement was performed in Cloud-

Compare (Version:2.14 beta) following the same slice-based workflow described by the 

original authors, ensuring methodological consistency with the published benchmark 

[60]. To this end, branches were manually separated from foliage throughout tree crowns, 

understory, shrubs, and wood debris to produce high-quality binary semantic labels (Fig-

ure 3c,d). Finally, the refined annotations were harmonized into a unified binary repre-

sentation by merging stems, branches, CWD/FWD, and woody shrubs into a single wood 

class, while foliage and all foliar vegetation were assigned to the foliar class (Figure 3b–d). 
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ForestSegmented represents diverse natural and managed temperate forest ecosys-

tems across Austria and the USA, spanning broadleaf, coniferous, and mixed stands dom-

inated by European beech (Fagus sylvatica), European ash (Fraxinus excelsior), Norway 

spruce (Picea abies), silver fir (Abies alba), ponderosa pine (Pinus ponderosa), and longleaf 

pine (Pinus palustris) [60]. Structurally, these plots encompass multi-layer canopies, dense un-

derstory, natural regeneration, open woodlands, and stands with strong vertical fuel continu-

ity (Figure 3a–c). The processed subset contributed approximately 51.2 million labeled points, 

comprising 10.9 million wood points (21.29%) and 40.3 million leaf points (78.71%). 

2.2. Quality Control and Data Inclusion Criteria 

All labeled datasets were subjected to rigorous QC to ensure consistency in wood–

foliar annotations across datasets (Table 1). Plot-level binary labels were assessed through 

statistical sampling to identify potential labeling errors. Because visual assessment of en-

tire forest plots is difficult in high-density terrestrial LiDAR point clouds, a transect-based 

QC approach was implemented in which total (n = 100) non-overlapping (10 × 5) m tran-

sects were automatically extracted from each plot for detailed visual qualitative assess-

ment. This procedure enabled efficient assessment of canopy, understory, and wood–fo-

liar labels across structurally heterogeneous forest environments. Datasets exhibiting poor 

labeling quality or combined wood–leaf classes were excluded. Although manually anno-

tated forest point clouds inherently contain some degree of labeling uncertainty. Point 

clouds were retained when residual labeling inconsistencies were visually assessed to be 

minor (≈5%), with particular attention given to ambiguous wood–foliar boundaries, oc-

cluded branches, and dense canopy regions. The 5% value therefore represents a con-

servative visual quality-control criterion rather than a statistically estimated annotation-

error rate [71]. This approach is consistent with the inherent uncertainty reported for man-

ually annotated forest point cloud benchmarks, particularly in regions affected by occlu-

sion and complex crown structure. Recent independent validation of manually corrected 

TLS wood–foliar annotations has similarly reported 96.34% mean agreement between fi-

nal labels and independent manual re-classification, corresponding to approximately 

3.66% disagreement [66]. 

While recent studies have increasingly relied on synthetic forest point clouds to aug-

ment training data, simulated environments cannot fully reproduce the structural com-

plexity, ecological variability, sensor-specific artifacts, and labeling uncertainty present in 

real forests [36]. Furthermore, training on narrowly distributed datasets may increase sus-

ceptibility to domain shift and negative transfer when models are applied to structurally 

distinct forest conditions [36,72]. Negative transfer occurs when a model trained on one 

or more source forest ecosystems experiences a measurable decline in semantic accuracy 

after transfer to previously unseen target forests exhibiting different structural character-

istics, species compositions, or acquisition conditions than those represented in the train-

ing data. To the best of our knowledge, this represents the first effort to systematically 

combine tree-assembly (plots without understory and ground; Figure 2a), individual-tree 

(Figure 2c), and complete plot-scale terrestrial LiDAR datasets (Figures 2b and 3) for the de-

velopment and evaluation of a generalized wood–leaf semantic segmentation framework. 

2.3. Structural Variability and Class Composition of the Training Datasets 

Across all benchmark datasets, foliar points accounted for approximately 74% of all 

labeled observations, whereas wood points represented 26% (Figure 4a), reflecting the 

natural class imbalance commonly observed in LiDAR acquisitions under leaf-on canopy 

conditions [18]. At the individual dataset level, however, class composition varied sub-

stantially, with wood fractions ranging from approximately 3% to 62% and foliar fractions 

from 38% to 97%, likely indicating pronounced differences in canopy density, branching 
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architecture, and structural organization among forest ecosystems. Within-dataset distri-

bution of class proportions further highlights this heterogeneity (Figure 4b). The median 

foliar fraction was 0.68, compared with 0.32 for wood points, while the broad interquartile 

ranges reflect considerable variability in vegetation composition across benchmark da-

tasets. Such variability is advantageous for model development because it exposes DL 

frameworks to a wide range of structural conditions rather than a narrow, species-specific 

domain. Point densities spanned more than one order of magnitude, ranging from ap-

proximately 5 × 103 to over 1.5 × 105 points m−2 (Figure 4c). Both wood and leaf classes 

were represented across the full density spectrum, indicating substantial diversity in sen-

sor configurations, acquisition geometries, and scanning protocols. Similarly, vertical 

structural complexity varied markedly among datasets, with vertical extents ranging from 

12 to 57 m (Figure 4d), encompassing low-stature vegetation, intermediate-height stands, 

and tall dominant canopy forests. 

 

Figure 4. Structural and acquisition diversity of the training datasets used for wood–foliar seman-

tics. (a) Within-scan wood and foliar class composition for all plot-level and individual-tree point 

clouds ranked by total labeled points. (b) Distribution of wood and foliar class proportions across 

datasets. (c) Variation in class composition across a broad gradient of point densities, representing 

different terrestrial LiDAR sensors. Point size is proportional to the total number of labeled points 

within each scan. (d) Variation in class composition across forest stands spanning contrasting verti-

cal structural complexity, illustrating the broad structural domain. Brown represents wood points, 

whereas green represents foliar points throughout the figure. 

2.4. Benchmark Datasets for DL Frameworks Evaluation 

To evaluate model transferability and transferability, five independent benchmark 

datasets representing contrasting forest structures, fuel conditions, and spatial scales were 

used for model assessment (Table 2). Importantly, these datasets were not represented 

during training and validation (except Lin3D single plot (plot # 1) to understand how in-

domain training validation influences the DL frameworks); they therefore provide an in-

dependent evaluation of model robustness across different forest regimes. 
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The TLS benchmark dataset consists of plot-level point clouds collected across Fin-

land and Canada using Leica HDS6100 and Optech ILRIS terrestrial laser scanners oper-

ating under different acquisition configurations and wavelengths (Table 2). The subset 

used in this study includes lodgepole pine (Pinus contorta Douglas; LPine), red pine (Pinus 

resinosa Aiton; RPine), Scots pine (Pinus sylvestris; SPine), Norway spruce (Picea abies; 

NSpruce), sugar maple (Acer saccharum Marshall; SMaple), and trembling aspen (Populus 

tremuloides; TAspen), representing a broad range of forest structures, species composi-

tions, and canopy architectures [73,74]. Representative examples of the plot-level bench-

mark datasets are presented in Figure 5a–c, illustrating wood–leaf annotations for 

NSpruce, RPine, and TAspen genera. 

The Tropical Tree benchmark dataset consists of 147 individual tropical tree TLS 

point clouds acquired from three tropical rainforest sites in north-eastern Australia, 

namely Daintree Rainforest Observatory (DRO), Oliver Creek (OC), and Robson Creek 

(RC), using a RIEGL VZ-400i operating at 1550 nm, 300 kHz pulse repetition rate, 0.35 

mrad beam divergence, and 0.04° angular resolution. The benchmark manually annotated 

trees representing 41 tropical species, selected from structurally diverse rainforest plots 

spanning tree heights from approximately 10 to 37 m and encompassing a wide range of 

crown architectures, stem diameters, and branching complexities. Trees were extracted 

from registered plot-level TLS acquisitions and subsequently labelled into wood and fo-

liar classes (Figure 5e) through a semi-automated workflow followed by rigorous manual 

refinement [27]. 

The LeWoS benchmark dataset consists of 61 individual tropical tree TLS point 

clouds acquired from tropical forests in eastern Cameroon using a Leica C10 ScanStation 

under multi-scan acquisition protocols. The benchmark encompasses structurally diverse 

tropical trees spanning a broad range of heights (8.7–53.6 m) and diameters at breast 

height (10.8–186.6 cm), providing high-quality binary wood–foliar annotations (Figure 5f) 

for independent semantic segmentation evaluation [75]. 

ForestSemantic is a TLS benchmark dataset collected from six 32 × 32 m boreal forest 

plots in Evo, Finland, using a Leica HDS6100 TLS (Leica Geosystems AG, Heerbrugg, 

Switzerland) [76]. The dataset contains manually annotated plot-level point clouds repre-

senting the major boreal tree species, including Scots pine (Pinus sylvestris), Norway 

spruce (Picea abies), and silver birch (Betula pendula), with semantic labels for ground, 

trunk, first-order branch, higher-order branch, foliage, and miscellaneous objects [76]. It 

was used to evaluate the capability of the points2woodyseg framework (research objective 

3) to further separate wood components into stem and branch classes. Surface wood and 

surface leaf annotations are not available; quantitative assessment was limited to stem, 

branch, and foliage classes within the annotated single plot data [76]. 

Table 2. Summary of main characteristics of open-source benchmark terrestrial LiDAR point clouds 

used for generalization and transferability assessment of the development of a DL framework. 

Dataset Country Type Total Labels 

TLS [73,74] Finland and Canada plot 12 Leaf–wood 

Lin3D [35] China plot 5 Ground, understory, wood, leaf 

Tropical [27] Australia Individual tree 147 Wood-leaf 

LeWOS [75] Cameroon Individual tree 61 Wood–leaf 

ForestSemantic [76] Finland plot 1 Ground, understory, stem, branches, leaf 
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Figure 5. Independent benchmark datasets used for quantitative evaluation of wood–foliar semantic 

segmentation. The benchmarks comprise (a–c) complete forest plots, (d) plot-level tree datasets 

without understory (light green) and ground (yellow), and (e–f) individual-tree datasets. Red points 

denote wood components and green points denote foliar vegetation. 

2.5. Global Datasets for Qualitative Evaluation 

In addition to the benchmark (Table 2), a diverse collection of publicly available TLS 

and MLS datasets was assembled for qualitative assessment (Table 3). These datasets, in-

cluding Wytham Woods, BlueCat, Ofental, Robson Creek, Litchfield, and other independ-

ent forest sites, have been widely adopted for DL frameworks for tree instance segmenta-

tion [12,39,77,78]. In contrast, their application to wood–foliar semantic segmentation has 

remained comparatively limited owing to the lack of consistent semantic annotations and 

standardized evaluation protocols. Collectively, these datasets encompass diverse forest 

ecosystems, acquisition geometries, sensor platforms, and structural conditions, thereby 

providing a rigorous assessment of DL frameworks’ transferability under realistic opera-

tional scenarios. 

Datasets (Table 3) were intentionally excluded from quantitative evaluation because 

they do not satisfy the QC criteria established in the present study (Section 2.2). For ex-

ample, Wytham Woods, which is a leaf-off TLS dataset [36], and several recently released 

benchmarks provide high-quality TLS point clouds but do not include point-wise wood–

foliar semantics required for quantitative evaluation. Conversely, datasets such as Blue-

Cat provide wood–foliar semantics and have been adopted in previous semantic segmen-

tation studies [30]; however, visual inspection revealed substantial annotation 
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inconsistencies, particularly within fine branches, branch–foliage interfaces, and partially 

occluded woody structures. Consequently, these datasets were retained exclusively for 

qualitative assessment, which is a visual quality assessment of the processed dataset [35]. 

This evaluation strategy ensures that quantitative benchmark metrics are derived only 

from datasets satisfying the proposed QC protocol, while simultaneously demonstrating 

the transferability and operational applicability of the trained framework across a broad 

range of independently acquired forest LiDAR datasets. 

Table 3. Summary of main characteristics of open-source global terrestrial LiDAR point clouds used 

for transferability assessment across diverse global forest ecosystems. 

Dataset Country Type Total Sensor 

SegmentedForest [60] Spain, Austria, UK, USA Plot 6 TLS, MLS 

Wytham Woods [30,39] UK Plot 1 TLS 

BlueCat [30] Czech Republic Plot 1 TLS 

Robson Creek [39] Australia Plot 1 TLS 

Ofental [39] Germany Plot 1 TLS 

Australia Australia Plot 1 TLS 

Methow [79] USA Plot 1 TLS 

Litchfield [39] Australia Plot 1 TLS 

TUWIEN [80] Austria Plot 1 ULS 

NIBIO_MLS Austria Plot 1 MLS 

2.6. Methodology Overview 

The proposed framework, points2SBL, which performs segmentation of LiDAR point 

clouds into wood–foliar semantics, uses the diverse training and validation datasets pre-

sented in Section 2.1. The framework was specifically designed to generalize across heter-

ogeneous forest ecosystems, structural conditions, and close-range LiDAR acquisition sys-

tems, including TLS, MLS, backpack laser scanning (BLS), and other near-ground plat-

forms. Unlike conventional multi-class semantic segmentation approaches that rely heav-

ily on radiometric information, spectral attributes, or sensor-specific features [80], 

points2SBL emphasizes geometry-driven learning using spatial structure and local neigh-

borhood characteristics derived directly from 3D point clouds [18]. points2SBL is imple-

mented in Python (Version 3.1) within the Anaconda environment with PyTorch (Version 

2.5.1) and is publicly available at https://github.com/nadeemfareed/points2SBL (accessed 

on 15 July 2026) . Processing and benchmarking were performed on a high-performance 

workstation running Windows 11 Enterprise (64-bit), equipped with an Intel Xeon W5-

2465X processor (3.10 GHz), 384 GB DDR5 RAM (4400 MT/s), and an NVIDIA RTX 5000 

Ada Generation GPU (31 GB VRAM). 

points2SBL supports CUDA-accelerated inference, configurable block batching, geo-

metric-feature caching, and multi-layout voting to accommodate different computational 

and prediction-quality requirements. The maximum-quality configuration uses 10 confi-

dence-weighted spatial voting layouts (HYBRID8-V10), whereas a four-layout configura-

tion (GRID4-V4) provides a lower-cost alternative for large-scale processing. Processing 

time depends on point cloud size and density, GPU resources, and the selected voting 

configuration. 

Figure 6 demonstrates the schematic design of points2SBL, which comprises six au-

tomated modules: (a) point cloud preparation and label harmonization, (b) spatial block 

generation and sampling, (c) geometric feature extraction from point clouds, (d) DL net-

work training, testing, and validation, (e) tiled multi-vote inference, and (f) prediction re-

finement and post-processing—an optional step. Together, these modules produce (g) 
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point clouds with wood–foliar semantics along with a continuous leaf-probability map. 

Each module is described in detail in the following subsections. 

 

Figure 6. Conceptual workflow of points2SBL for wood–leaf semantics of terrestrial LiDAR. (a) 

Multi-platform near-ground LiDAR point clouds are partitioned into overlapping (b) spatial blocks 

represented using local (c) geometric descriptors derived from neighborhood covariance structure, 

to train (d) point-wise supervised DL frameworks. Classification outputs are aggregated through 

(e) tiled multi-vote inference and refined using (f) geometric post-processing operations to produce 

(g) final wood and foliar semantics. 

2.6.1. Spatially Aware Block Generation 

A large fraction of points in terrestrial LiDAR scans correspond to ground, which is 

not relevant for wood–leaf segmentation [62]. Ground points were first classified using 

the Fully Adaptive Self-Tuning Ground Classification (FAST-GC) algorithm 

(https://pypi.org/project/fastgc/, accessed on 25 July 2026). After removing the classified 

ground points, the remaining 3D point clouds consisted solely of wood and leaf compo-

nents [18]. This pre-processing step also reduces the computational burden of geometric 

feature calculation and DL framework training. Wood–foliar point clouds were then par-

titioned into spatial blocks to further improve scalability and mitigate boundary artifacts 

during DL training and inference. Spatial partitioning was performed in the horizontal 

plane while preserving the complete vertical structure of vegetation and fuel strata within 

each block (Figure 6b). The spatial support of each block was defined as: 

𝐵𝑚 = {𝑝𝑖 ∈ 𝑃  |  𝑥𝑚 ≤ 𝑥𝑖 < 𝑥𝑚 + 𝑤𝑥 ,  𝑦𝑚 ≤ 𝑦𝑖 < 𝑦𝑚 + 𝑤𝑦}  (1) 

where 𝐵𝑚 represents the 𝑚-th spatial block, 𝑃denotes the input point cloud, and 𝑤𝑥and 

𝑤𝑦 represent the horizontal window dimensions. A set of candidate tile sizes (0.5, 1, 2, 4, 

and 6 m) was evaluated to select an appropriate horizontal block extent. Because of the 

strong wood–leaf class imbalance (Figure 4), very small tiles (<2 m) produced a large num-

ber of leaf-dominated blocks, whereas large tiles (e.g., 5 m) substantially reduced the 
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number of training tiles for individual-tree point clouds (Figure 2). Based on these exper-

iments, we adopted 2 × 2 m spatial windows with 50% overlap in both horizontal direc-

tions (x, y), which provided a well-balanced total number of training tiles across wood- 

and leaf-dominated regions. For each valid block, a fixed number of 8192 points was ran-

domly sampled to maintain consistent tensor dimensions during optimization. Blocks 

containing fewer than 64 valid points were discarded, whereas partially sparse but still 

valid blocks were sampled with replacement to preserve fixed-size network inputs. To 

improve geometric invariance and reduce directional bias, training blocks were randomly 

rotated around the vertical axis and spatially centered prior to model optimization. In-

stead of splitting the input datasets into three distinct blocks (e.g., 70% training, 15% in-

ference, and 15% testing), blocks from entire labelled point clouds were pooled and ran-

domly shuffled before being partitioned into 80% training and 20% validation subsets to 

minimize site-specific and acquisition-specific bias during training and validation. The 

50% spatial overlap was applied during training block generation, whereas overlapping 

windows were disabled for validation. Because blocks were pooled before partitioning, 

strict spatial independence between training and validation samples was not enforced, 

and spatially neighboring observations could therefore occur across the two subsets. Ac-

cordingly, the validation subset was used primarily to monitor model convergence and 

select the best-performing checkpoint, while model generalization was assessed sepa-

rately using spatially held-out plots Lin3D and independent benchmark datasets. 

2.6.2. Selective Geometric Feature Representation 

The proposed framework was designed to operate exclusively on geometric features 

derived from local 3D neighborhood structure without relying on radiometric attributes 

and RGB [80]. This limitation is generally associated with labelled point clouds in that a 

large amount of labeled data is missing radiometric/intensity and RGB information 

[80,81]. Geometric features-based design improves transferability across heterogeneous 

terrestrial LiDAR systems where radiometric responses and acquisition geometries vary 

substantially among sensors and forest environments [82]. For each point, local geometric 

structure was estimated by k-nearest-neighbors (KNN) neighborhoods using covariance-

based eigenvalue decomposition (Figure 6c). The covariance matrix was computed as: 

𝐂𝑖 =
1

𝑘 − 1
∑(𝐩𝑖𝑗 − 𝐩̄𝑖)

𝑘

𝑗=1

(𝐩𝑖𝑗−𝐩̄𝑖)
𝑇
 (2) 

where 𝐂𝑖 denotes the covariance matrix associated with the point 𝑝𝑖, 𝐩𝑖𝑗 represents the 

𝑗-th neighboring point, and 𝐩̄𝑖 denotes the centroid of the local neighborhood (Figure 6c). 

Eigenvalue decomposition was subsequently applied as: 

𝐂𝑖𝐯𝑚 = 𝜆𝑚𝐯𝑚 (3) 

where 𝜆1 ≥ 𝜆2 ≥ 𝜆3 ≥ 0  are the ordered eigenvalues and 𝐯𝑚 are the corresponding ei-

genvectors. Four covariance-derived geometric descriptors were computed from the ei-

genvalues: 

𝐿𝑖 =
𝜆1 − 𝜆2

𝜆1 + 𝜀
 (4) 

𝑃𝑖 =
𝜆2 − 𝜆3

𝜆1 + 𝜀
 (5) 

𝑆𝑖 =
𝜆3

𝜆1 + 𝜀
 (6) 

𝐶𝑖 =
𝜆3

𝜆1 + 𝜆2 + 𝜆3 + 𝜀
 (7) 
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where 𝐿𝑖, 𝑃𝑖, 𝑆𝑖, and 𝐶𝑖 represent linearity, planarity, scattering, and curvature, respec-

tively. The final point-wise feature vector comprises centered spatial coordinates and a 

compact set of covariance-derived geometric descriptors. Although many additional geo-

metric metrics can be computed from TLS point clouds [24,65], all of them would substan-

tially increase computational costs for feature calculation, model training, and inference 

on large scenes [11,81]. Moreover, several higher-order descriptors are sensitive to forest 

structure, sensor modality, and local point density, which can reduce robustness when 

transferring models across sites or LiDAR systems. We therefore focused on a small subset 

of descriptors that complement 𝑥, 𝑦, 𝑧 and are most informative on wood–leaf separation. 

In particular, linearity, planarity, and curvature provide a stable foundation for distin-

guishing wood components from foliage, while scattering is highly indicative of leaf clus-

ters. Using the Classification and Regression Tree (CART), a recent study concluded that 

curvature, planarity, and linearity are important distinguishing features for woody sur-

faces [24]. Furthermore, the training data contains a very large number of leaf samples but 

relatively fewer wood samples (Figure 4); selective geometric features characterize wood 

structure and potentially compensate for class imbalance for DL frameworks. All feature 

channels were independently standardized prior to model training using z-score normal-

ization. DL frameworks were input with the same sets of seven-dimensional training, val-

idation, and inference datasets (Equation (8)). 

𝐱𝑖 = [𝑥𝑖 , 𝑦𝑖 , 𝑧𝑖 , 𝐿𝑖 , 𝑃𝑖 , 𝑆𝑖 , 𝐶𝑖] (8) 

2.6.3. DL Frameworks for Wood–Foliar Semantics 

Three supervised point-based DL architectures were evaluated: PointNet++, Point-

NeXt, and Point Transformer. The primary configuration used seven input channels 

(Equation (8)) and binary semantic outputs corresponding to wood and foliar classes. The 

optimization objective used in all reported experiments combined weighted cross-entropy 

and Dice losses (Equation (9)), with weighting coefficients 𝛼 = 1.0 and 𝛽 = 0.2, respec-

tively. Class-specific weights of 3.0 and 1.0 were assigned to the wood and foliar classes, 

respectively, to account for class imbalance in the training data (Figure 4). Focal loss was 

implemented as an optional component of the framework but was disabled in the experi-

ments reported here (𝛾 = 0.0) [35,80]. 

ℒtotal = 𝛼ℒCE + 𝛽ℒDice + 𝛾ℒFocal (9) 

Herein, 𝛼, 𝛽, and 𝛾 are weighting coefficients controlling the contribution of each 

loss component. Weighted cross-entropy loss was estimated as: 

ℒCE = −
1

𝑁
∑ ∑ 𝑤𝑐

𝐶

𝑐=1

𝑁

𝑖=1

𝑦𝑖𝑐log(𝑝𝑖𝑐) (10) 

Herein 𝑤𝑐 denotes the class-specific weighting coefficient, 𝑦𝑖 represents the refer-

ence class label, and 𝑝𝑖,𝑐 denotes the predicted posterior probability for the class. Dice 

loss was computed as: 

ℒDice = 1 −
2 ∑ 𝑦𝑖

𝑁
𝑖=1 𝑝𝑖 + 𝜀

∑ 𝑦𝑖
𝑁
𝑖=1 + ∑ 𝑝𝑖

𝑁
𝑖=1 + 𝜀

 (11) 

Focal loss was additionally implemented as an optional optimization component to 

emphasize difficult samples during training: 

ℒFocal = −
1

𝑁
∑(1 −

𝑁

𝑖=1

𝑝𝑖)
𝛾𝑦𝑖log(𝑝𝑖) (12) 

https://doi.org/10.3390/rs18183158


Remote Sens. 2026, 18, 3158 18 of 51 
 

https://doi.org/10.3390/rs18183158 

Here, the Focal-loss focusing parameter was set to 𝛾 = 2.0; however, because the Fo-

cal-loss contribution weight was set to 𝛿 = 0.0, this component did not contribute to the 

optimization objective. 

Model optimization was performed using the AdamW optimizer with an initial learn-

ing rate of 1 × 10−4 weight decay of 0.01, a batch size of 8, and 40 training epochs with 

early stopping enabled. Learning-rate adaptation used a OneCycleLR schedule with a max-

imum learning rate of 3 × 10−4, a warm-up fraction of 0.1, and cosine annealing. The best-

performing validation checkpoint was retained for inference. 

2.6.4. Multi-Vote Inference 

To support operational-scale prediction of large terrestrial LiDAR point clouds, tiled 

multi-vote inference was implemented using overlapping spatial offsets (Figure 6e). Dur-

ing inference, each point cloud was partitioned into multiple overlapping tiles, and se-

mantic predictions were independently generated for each tile configuration. Individual 

points, therefore, received multiple semantic predictions from neighboring inference win-

dows. Final posterior probabilities were estimated using weighted ensemble averaging: 

𝑝̄𝑖 =
∑ 𝜔𝑖

𝑚𝑀𝑖

𝑚=1
𝑝𝑖

𝑚

∑ 𝜔𝑖
𝑚𝑀𝑖

𝑚=1

 (13) 

where 𝑝𝑖
𝑚 represents the predicted probability from the 𝑚-th vote, 𝜔𝑖

𝑚 denotes the cor-

responding vote weight, and 𝑀𝑖 is the total number of valid predictions received for the 

point 𝑝𝑖. The final semantic label was assigned using maximum posterior probability: 

𝑦̂𝑖 = arg max
𝑐

𝑝̄𝑖𝑐 (14) 

The multi-vote inference strategy substantially reduced tile-boundary artifacts and 

improved spatial consistency across neighboring prediction regions while preserving 

fine-scale wood and foliage structures under strong canopy occlusion conditions. 

2.6.5. Prediction Refinement and Post-Processing 

To improve the spatial consistency of wood–foliar semantics and reduce isolated seg-

mentation artifacts, particularly when offset voting contributes less to per-point predic-

tions at the scene edges of plots or individual trees, post-processing operations were ap-

plied following neural network inference. These operations were designed to preserve 

continuous wood structures while suppressing noisy leaf-to-wood and wood-to-leaf mis-

classifications commonly observed in dense canopy environments. 

Following semantic prediction, neighborhood-based spatial refinement was applied 

to improve the local consistency of semantic labels. For each point, neighboring semantic 

probabilities were aggregated using a k-nearest-neighbor (KNN) neighborhood defined 

in 3D Euclidean space, with 𝐾 = 16, to reduce isolated point-wise prediction noise: 

𝑝̃𝑖 =
1

𝐾
∑ 𝑝𝑗

𝐾

𝑗=1

 (15) 

where 𝑝̃𝑖 denotes the refined posterior probability for point 𝑖, 𝑝𝑗 represents neighboring 

probabilities, and 𝐾 is the number of local neighbors. Additional structural refinement 

operations were implemented to preserve the spatial continuity of wood structures and 

suppress isolated false-positive wood predictions. A subsequent structural-consistency 

refinement, also using K = 16 , protected high-confidence woody-core points based on 

pleaf ≤ 0.18, local woody support ≥ 0.55, geometric woody support ≥ 0.52, vote variance 

≤ 0.030, and a minimum vote count of 2. Weak non-core woody predictions were retained 

when supported by a woody-core neighborhood fraction of at least 0.20, strong geometric 

woody evidence (≥ 0.68), or strong local woody support (≥ 0.72). These thresholds were 

ascertained with subsequent pooling of all possible combinations to obtain the threshold 

https://doi.org/10.3390/rs18183158


Remote Sens. 2026, 18, 3158 19 of 51 
 

https://doi.org/10.3390/rs18183158 

of maximum accuracies over benchmarks. Nevertheless, continuous posterior probabili-

ties were retained in the output point clouds for downstream analysis and uncertainty 

assessment. All quantitative performance metrics reported in this study were calculated 

from the final semantic classifications after prediction aggregation and the post-pro-

cessing operations described above. 

2.6.6. Performance Evaluation of DL Frameworks 

For wood–foliar semantics, the DL frameworks were evaluated using standard point-

level metrics derived from the confusion matrix, including overall accuracy (OA), mean 

class accuracy (mACC), mean Intersection over Union (mIoU), precision (P), recall (R), F1-

score, macro F1-score (MF1), and the Matthews correlation coefficient (MCC) (Equations 

(16)–(23)). Class-specific omission error and commission error were additionally calcu-

lated to characterize semantic errors (Equations (24) and (25)). These metrics were com-

puted for wood–leaf semantics across all terrestrial LiDAR point cloud datasets (Section 

2.2). Global semantic performance was quantified using OA, mACC, mIoU, MF1, and 

MCC, whereas class-specific performance was assessed using precision, recall, and F1-

score. Mean class accuracy represents the average class-wise recall and is therefore equiv-

alent to balanced accuracy (BA) under the formulation used here; consequently, BA was 

not reported separately. Similarly, omission error is the complement of recall (𝑂𝐸𝑖 = 1 −

𝑅𝑖), whereas commission error is the complement of precision (𝐶𝐸𝑖 = 1 − 𝑃𝑖). Herein, 𝑇𝑃𝑖, 

𝑇𝑁𝑖, 𝐹𝑃𝑖, and 𝐹𝑁𝑖 represent the true positives, true negatives, false positives, and false 

negatives for class 𝑖, respectively; 𝑛 denotes the total number of semantic classes, and 

𝑁denotes the total number of evaluated points. 

𝑚𝐼𝑜𝑈 =
1

𝑛
∑

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖

𝑛

𝑖=1

 (16) 

(𝑚𝐴𝐶𝐶 = 𝐵𝐴) =
1

𝑛
∑

𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖

𝑛

𝑖=1

 (17) 

𝑂𝐴 =
∑ (𝑇

𝑛

𝑖=1
𝑃𝑖 + 𝑇𝑁𝑖)

∑ (𝑇
𝑛

𝑖=1
𝑃𝑖 + 𝑇𝑁𝑖 + 𝐹𝑃𝑖 + 𝐹𝑁𝑖)

 (18) 

𝑃𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑃𝑖
 (19) 

𝑅𝑖 =
𝑇𝑃𝑖

𝑇𝑃𝑖 + 𝐹𝑁𝑖
 (20) 

𝐹1𝑖 =
2 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 × 𝑅𝑒𝑐𝑎𝑙𝑙𝑖

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛𝑖 + 𝑅𝑒𝑐𝑎𝑙𝑙𝑖
 (21) 

𝑀𝐹1 =  (1/n) Σᵢ₌₁ⁿ F1ᵢ (22) 

𝑀𝐶𝐶 =  
(𝑇𝑃ᵢ𝑇𝑁ᵢ −  𝐹𝑃ᵢ𝐹𝑁ᵢ) 

√[(𝑇𝑃ᵢ +  𝐹𝑃ᵢ)(𝑇𝑃ᵢ +  𝐹𝑁ᵢ)(𝑇𝑁ᵢ +  𝐹𝑃ᵢ)(𝑇𝑁ᵢ +  𝐹𝑁ᵢ)]
 (23) 

𝑂𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 = 1 −  𝑅𝑖 (24) 

𝐶𝑜𝑚𝑚𝑖𝑠𝑠𝑖𝑜𝑛 𝐸𝑟𝑟𝑜𝑟 =  1 −  𝑃𝑖 (25) 

hᵣ, ᵢ =  (zᵢ −  zₘᵢₙ) / (zₘₐₓ −  zₘᵢₙ) (26) 
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To quantify semantic performance along the vertical forest strata, mIoU, wood F1-

score (WF1), wood precision (WP), and wood recall (WR) were assessed across normal-

ized relative height (ℎ𝑟) from the surface to the canopy. This analysis was designed spe-

cifically to characterize the vertical stratification of wood semantics and identify height-

dependent patterns in wood classification performance within the forest profile. For each 

dataset, the normalized relative height of point 𝑖, ℎ𝑟,𝑖 was calculated using min–max nor-

malization (Equation (26)), where 𝑧𝑖 is the elevation of point 𝑖, and 𝑧min and 𝑧max are 

the minimum and maximum elevations, respectively, within the corresponding bench-

mark dataset. This transformation scaled the vertical extent of each dataset from 0 to 1, 

with the minimum and maximum elevations corresponding to relative heights of 0 and 1, 

respectively. 

2.6.7. Evaluation Scenarios 

DL frameworks were evaluated under three complementary scenarios: (1) complete 

forest plots containing surface, understory, and overstory vegetation (Table 2, Figure 5a–

c); (2) individually segmented trees (Figure 5e,f); and (3) plot-level tree point clouds with 

surface and understory vegetation removed to isolate overstory tree structures and assess 

improvements in segmentation performance following the exclusion of lower vegetation 

strata, where wood–leaf discrimination is often more challenging [27]. This third scenario 

was particularly significant for the Lin3D benchmark, where understory and surface fuel 

components are not explicitly annotated for wood–leaf semantics (Figure 5d). The three-

tier evaluation framework, applied across five benchmark datasets, i.e., three plot-level 

and two tree-level datasets (Section 2.3), enables a more comprehensive investigation of 

terrestrial LiDAR semantic segmentation across varying structural complexities and op-

erational scales. To the best of our understanding of existing investigations of similar 

scopes, such a unified multi-scenario 3D forest vertical stratum evaluation remains largely 

unexplored, whereas a large number of studies have documented overall accuracy assess-

ments for individual trees or forest plots [35,83] using a combination of equations (Equa-

tions (16)–(26)). Furthermore, the proposed framework was designed to establish a fully 

automated DL framework capable of operating robustly across these complementary sce-

narios, thereby extending its practical applicability and utility for broader forest vegeta-

tion, AGB, and fuel characterization using emerging terrestrial LiDAR systems [40,84]. 

3. Results 

3.1. Comparative Assessment of DL Frameworks Performance 

DL frameworks showed stable convergence, with rapid loss reduction during the 

first 10–15 epochs followed by gradual stabilization in both training and validation phases 

(Figure 7a,b). Point Transformer consistently achieved the lowest training and validation 

losses, indicating more effective optimization than PointNeXt (PNx) and PointNet++ 

(PN++). This trend was consistently reflected across all validation metrics, where PT main-

tained the highest and most stable performance throughout training, reaching peak values 

of approximately OA = 92.00, mIoU = 78.00, MF1 = 86.00, WF1 = 78.00, LF1 = 95.00, and 

mACC = 87.00 (Figure 7c–h). PointNeXt and PointNet++ followed similar optimization 

trajectories and converged to comparable performance, generally remaining 1–3 percent-

age points lower across most metrics (Figure 7c–h). 
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Figure 7. Comparison of training convergence and validation performance for Point Transformer, 

PointNet++ (PN++), and PointNeXt (PNx). Panels show (a) training loss, (b) validation loss, (c) over-

all accuracy (OA), (d) mean intersection over union (mIoU), (e) macro F1-score (MF1), (f) weighted 

F1-score (WF1), (g) leaf F1-score (LF1), and (h) (BA = mACC) over 40 training epochs. All models 

reached stable convergence within 40 epochs, after which no meaningful improvement in training 

or validation performance was observed. 

Overall, these results indicate that all three architectures successfully learned the gen-

eralized wood–leaf semantics under identical training conditions, with Point Transformer 

showing superior optimization stability and stronger within-distribution validation per-

formance [27]. However, because the validation subsets represent sparse samples drawn 

from the broader harmonized training pool (Figure 4), these results primarily reflect 

within-distribution model behavior. Therefore, the independent benchmark evaluations 

presented in the following sections provide a more rigorous assessment of model robust-

ness and true cross-ecosystem transferability. 

3.2. Post-Processing 

An optional post-processing refinement step was applied after DL inference to im-

prove the spatial consistency of wood–foliar semantics. This is an optional yet important 

step to suppress isolated artefacts in wood–foliar semantics. This refinement combined 

neighborhood-based posterior smoothing and local wood-support filtering to preserve 

continuous stem and branch structures under dense canopy occlusion. The effect of re-

finement was quantified as the change in performance metrics between raw and refined 

predictions, expressed in percentage points (pp). The response to refinement was strongly 

model-dependent (Figure 8). Point Transformer showed consistent improvement across 

nearly all metrics, including OA (+0.26 pp), mIoU (+0.36 pp), MF1 (+0.21 pp), MCC (+0.58 

pp), WF1 (+0.12 pp), WIoU (+0.20 pp), and notably wood precision (+2.17 pp), indicating 

that its predictions already exhibited stronger spatial coherence and clearer structural 

boundaries between wood and leaf components (see Figure 8). 
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Figure 8. Performance change after optional post-processing refinement for PNx, PN++, and Point 

Transformer. Heatmap values show the percentage-point (pp) difference between refined and raw 

predictions across all evaluation metrics. Positive values indicate performance gains, while negative 

values indicate reductions. Refinement yielded the most consistent improvements for Point Trans-

former, whereas PNx and PN++ showed increased WP but reduced WR, reflecting greater sensitiv-

ity to over-smoothing of ambiguous local predictions. 

Results indicate that neighborhood-based refinement was able to reinforce existing 

local consistency while suppressing localized salt-and-pepper inference artifacts, result-

ing in cleaner and structurally more coherent semantic boundaries even where overall 

metric gains remained modest. In contrast, PN++ and PNx showed slight declines across 

most metrics, despite modest gains in wood precision (+1.91 and +1.76 pp, respectively), 

accompanied by modest reductions in wood recall (−2.83 and −2.51 pp). This pattern 

shows that these architectures produced noisier and less distinct class boundaries, where 

refinement tended to over-smooth ambiguous regions and remove valid wood predic-

tions. Overall, the results indicate that post-processing refinement is most effective when 

the underlying model already provides spatially stable and structurally coherent predic-

tions (Point Transformer). It should be noted that post-processing refinement remains an 

optional user-defined step. Based on the performance trends observed (See Figure 8), its 

application is not recommended for PN++ and PNx, as these frameworks already provide 

results comparable to PT and may experience slight reductions in overall performance 

following refinement. 

3.3. Models Generalization Evaluation on Lin3D 

To provide an intermediate assessment between within-distribution validation and 

fully independent external benchmarking, Lin3D was used for a spatially held-out cross-

plot evaluation. One comparatively small Lin3D plot, with ground and understory re-

moved, was included in the harmonized training and validation pool. The remaining five 

plots (plots 2–6) were excluded entirely from model development and used only for final eval-

uation. The experiment therefore assesses generalization to unseen forest plots from the same 

benchmark, while retaining consistency in annotation taxonomy and acquisition domain. 

Across all metrics, Point Transformer achieved the highest overall performance (Table 

4), with an OA of 92.35, mIoU of 85.12, MF1 of 91.93, MCC of 84.08, WF1 of 90.09, and WIoU 

of 81.97, consistently outperforming PN++ and PNx. Although PN++ and PNx showed com-

parable overall performance, both remained lower than Point Transformer across all ma-

jor segmentation metrics, consistent with previous benchmark studies [27]. The largest 
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improvements were observed in wood-specific agreement, where Point Transformer im-

proved WF1 by 1.78–2.10% and WIoU by 2.90–3.41% relative to the other architectures. 

Table 4. Performance of the evaluated DL architectures on five spatially held-out Lin3D plots ex-

cluded from model training and validation. Metrics include overall accuracy (OA), mean Intersec-

tion over Union (mIoU), macro F1-score (MF1), Matthews correlation coefficient (MCC), wood F1-

score (WF1), wood Intersection over Union (WIoU), wood precision (WP), wood recall (WR), and 

leaf F1-score (LF1). 

Model OA mIoU MF1 MCC WF1 WIoU WP WR LF1 

Point Transformer 92.35 85.12 91.93 84.08 90.09 81.97 94.11 86.41 93.77 

PointNet++ 91.33 83.09 90.71 82.27 88.31 79.07 96.62 81.32 93.11 

PointNeXt 91.13 82.71 90.48 81.89 87.99 78.56 96.73 80.70 92.97 

Note: All values are reported as percentages. Boldface indicates the highest-performing value for 

each evaluation metric. 

The metric distributions further support this pattern (Figure 9), with PT showing con-

sistently higher median values and narrower interquartile ranges across mIoU, MF1, WF1, 

WIoU, MCC, and OA, indicating stronger and more stable generalization and transfera-

bility. In contrast, PN++ and PNx exhibited broader variability and lower lower-bound 

performance, particularly in wood-sensitive metrics (WF1, WIoU, MCC), reflecting higher 

uncertainty in structural discrimination. 

 

Figure 9. Distribution of segmentation metrics across five spatially held-out Lin3D plots for Point 

Transformer (PT), PointNet++ (PN++), and PointNeXt (PNx). Boxplots summarize mean Intersec-

tion over Union (mIoU), macro F1-score (MF1), wood F1-score (WF1), wood Intersection over Un-

ion (WIoU), Matthews correlation coefficient (MCC), and overall accuracy (OA). Black points rep-

resent individual plot-level results. Point Transformer achieved the highest median performance 

across most metrics, indicating stronger cross-plot generalization within the Lin3D benchmark. 
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These results confirm that the performance metrics observed during training and val-

idation remained consistent under a spatially held-out complete Lin3D benchmark, with 

Point Transformer maintaining its generalization capabilities and higher accuracy [27,85]. 

3.4. Point Transformer Transferability Assessment of Benchmark Datasets 

Table 4 summarizes the overall wood–foliar semantic performance achieved by the 

Point Transformer model across benchmark datasets (Section 2.3). Point Transformer was 

selected for detailed evaluation because it consistently outperformed PN++ and PNx dur-

ing model generalization and transferability assessment (Sections 3.1 and 3.3). Conse-

quently, the following analyses focus on evaluating Point Transformer across benchmark 

datasets comprised of forest plots, LeWoS Trees, and Tropical Trees (Table 2). 

Table 5 shows that the Point Transformer demonstrated consistently high wood–fo-

liar semantic segmentation performance across benchmarks despite substantial differ-

ences in forest structure, species composition, point density, acquisition geometry, and 

sensor characteristics (Section 2.3; Figure 5). OA remained remarkably stable, ranging 

from 91.63 to 94.09, while mACC and BA varied between 87.60 and 93.57. Similarly, mIoU 

ranged from 77.57 to 86.57, MF1 from 86.80 to 92.73, MCC from 73.65 to 85.57, WF1 from 

78.82 to 90.01, WP from 76.72 to 87.11, and WR from 81.04 to 93.11, indicating a balanced 

trade-off between wood precision and recall across all evaluation scenarios. The close cor-

respondence between mACC and BA indicates that wood–foliar semantic segmentation 

remained relatively insensitive to class imbalance despite the predominance of foliar 

points within the training data (Figure 4b). 

Table 5. Overall dataset-level semantic segmentation performance across the evaluated benchmark 

datasets. Performance is summarized using Overall Accuracy (oACC), mean Accuracy (mACC), 

mean Intersection over Union (mIoU), Macro F1-score (MF1), and Matthews Correlation Coefficient 

(MCC). Higher values indicate better classification performance for all evaluation metrics. 

Dataset Total Points (M) OA mACC mIoU MF1 MCC WF1 WP WR 

TLS plots 133.71 91.63 87.60 77.57 86.80 73.65 78.82 76.72 81.04 

Tropical Tree 43.37 94.09 92.66 84.41 91.33 82.78 86.44 82.97 90.21 

LeWoS Trees 183.89 93.75 93.57 86.57 92.73 85.57 90.01 87.11 93.11 

Note: All values are reported as percentages. Boldface indicates the highest-performing value for 

each evaluation metric. 

The TLS plots dataset represented the most challenging evaluation scenario because 

it contained the complete 3D fuel continuum, including canopy fuels, ladder fuels, under-

story vegetation, shrubs, regenerating seedlings and saplings, CWD, and FWD. Conse-

quently, this dataset produced the lowest yet comparable metrics, with OA = 91.63, mACC 

= 87.60, mIoU = 77.57, MF1 = 86.80, MCC = 73.65, WF1 = 78.82, WP = 76.72, and WR = 81.04. 

In contrast, the highest performance was observed for the individual-tree datasets. LeWoS 

Trees achieved the strongest overall agreement across nearly all metrics (OA = 93.75, 

mACC = 93.57, mIoU = 86.57, MF1 = 92.73, MCC = 85.57, WF1 = 90.01, WP = 87.11, WR = 

93.11), followed closely by the Tropical Tree benchmark (OA = 94.09, mACC = 92.66, mIoU 

= 84.41, MF1 = 91.33, MCC = 82.78, WF1 = 86.44, WP = 82.97, WR = 90.21) (Table 5). 

3.5. Confusion Matrix Analysis 

To further investigate the sources of classification uncertainty, the distributions of 

TP, TN, FP, and FN together with class-specific omission and commission errors were 

examined across all benchmark datasets (Figure S1). Although overall wood–foliar se-

mantics remained consistently high (Table 5), the confusion analysis revealed important 
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differences in how classification errors were distributed among benchmark datasets and 

structural conditions. 

Across all datasets, TN represented the largest proportion of classified points, rang-

ing from 62.0% in Lin3D to 76.0% in TLS plots (Figure S1). TN reflects the large proportion 

of foliar points present within benchmarks and indicates consistently reliable segmenta-

tion. Likewise, FP fractions remained low across all benchmarks, varying between 2.4% 

and 4.7%. The lowest FP fraction was observed in Lin3D, whereas TLS plots exhibited an 

FP fraction of 4.7%. Lin3D and LeWoS Trees exhibited the largest TP fractions, 29.8% and 

28.2%, respectively, whereas TLS plots contained the smallest TP fraction (15.6%). How-

ever, Lin3D also produced the largest FN fraction (5.8%), indicating a tendency toward 

conservative wood classification in which uncertain points were preferentially assigned 

to the leaf class. In contrast, the Tropical tree and LeWoS Trees exhibited substantially 

lower FN fractions (2%), indicating improved recovery of wood structures. 

The class-specific error metrics are shown in Figure 10 to further clarify metric trends. 

Wood omission decreased progressively from 0.19 in TLS plots to 0.07 in the LeWoS Trees, 

while wood commission declined from 0.23 to 0.13 across the same datasets. The relatively 

large wood-related errors observed in TLS plots indicate that most residual uncertainty 

originated from the classification of wood components rather than foliage. By comparison, 

LeWoS Trees and Tropical Trees exhibited substantially lower wood-related errors, re-

flecting improved visibility of wood elements. Foliar-related errors remained consistently 

small across all benchmark datasets (Figure 10). Leaf omission varied between 0.04 and 

0.06, while leaf commission remained below 0.09 in all benchmarks. The comparatively 

low magnitude and limited variability of these errors indicate that foliage was identified 

reliably regardless of forest type, species composition, or acquisition platform. 

 

Figure 10. Class-specific error decomposition for the four benchmark datasets. Wood and leaf omis-

sion and commission errors are shown for (a) TLS plots; (b) Lin3D; (c) Tropical tree; and (d) LeWoS 

Trees. The profiles summarize the distribution of segmentation errors and facilitate comparison of 

class-specific uncertainty among benchmark datasets. 

  

https://doi.org/10.3390/rs18183158


Remote Sens. 2026, 18, 3158 26 of 51 
 

https://doi.org/10.3390/rs18183158 

3.6. Quantitative Analysis Across Forest Vertical Strata 

Section 3.4 demonstrated overall Point Transformer wood–foliar semantic segmen-

tation performance, which is a widely used technique in DL framework evaluations. Nev-

ertheless, aggregate statistics do not reveal where within the canopy profile these errors 

occurred. Given that wood–foliar semantics exhibit complex vertical stratification in forest 

ecosystems, segmentation performance was further evaluated as a function of relative 

canopy height of plots and individual tree benchmarks. 

Vertical performance profiles revealed consistent height-dependent trends across all 

benchmark datasets (Figure 11). Segmentation accuracy generally increased from lower 

canopy layers toward the mid-canopy region, where maximum performance was ob-

served, before progressively declining toward the overstory. The Tropical tree and LeWoS 

Trees datasets exhibited the most stable vertical responses, maintaining mIoU, WF1, WP, 

and WR values above approximately 0.80 throughout much of the canopy profile (Figure 

11c,d). TLS plots displayed a similar pattern but with a more pronounced reduction in 

performance above approximately 0.80 relative height (Figure 11a), whereas Lin3D main-

tained high WP throughout most canopy layers but exhibited a marked decline in WR 

within overstory regions (Figure 11b). 

 

Figure 11. Vertical performance profiles of Point Transformer across the four benchmark datasets. 

mIoU, WF1, WP, and WR are plotted as a function of relative height for (a) TLS plots; (b) Lin3D; (c) 

Tropical tree; and (d) LeWoS Trees. Dashed reference lines indicate a metric value of 0.80 and a 

relative height of 0.80. The profiles illustrate height-dependent variation in wood segmentation per-

formance throughout the canopy. 

Point Transformer preserved the vertical distribution of wood throughout the 3D fuel 

continuum (Figure 12). The background shading represents the relative abundance of 

wood (brown) and leaf (green) points within each benchmark dataset, providing ecologi-

cal context for interpreting prediction behavior across contrasting forest structures. The 

reference woody profile represents the benchmark-derived vertical distribution of woody 

points, whereas the predicted woody profile denotes the corresponding distribution 
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predicted by Point Transformer. The woody agreement profile quantifies the proportion 

of points simultaneously classified as woody by both the benchmark and Point Trans-

former, while the predicted woody where the reference leaf identifies benchmark-labelled 

leaf points that were assigned woody labels by Point Transformer. 

 

Figure 12. Vertical wood distribution and agreement profiles across the four benchmark datasets. 

The shaded background represents the relative abundance of wood and leaf points along the nor-

malized canopy profile, while the curves depict the reference wood fraction (brown), predicted 

wood fraction (dark red), wood agreement (green), and predicted wood where reference leaf (or-

ange) fraction. Results are shown for four benchmark datasets: (a) TLS plots; (b) Lin3D; (c) Tropical 

Tree; and (d) LeWoS Trees. 

Substantial differences in vertical wood–foliar semantic composition were evident 

among the benchmark datasets (Figure 12). TLS plots exhibited the strongest leaf domi-

nance, with foliage comprising most canopy layers (Figure 12a). In contrast, Lin3D, Trop-

ical Tree, and LeWoS contained substantially larger woody fractions throughout much of 

their vertical domains, reflecting the predominance of stems and branches and the re-

duced influence of understory vegetation and surface fuels (Figure 12b–d). Across all 

benchmarks, Point Transformer closely reproduced the dominant vertical distribution of 

woody material. Predicted woody fractions closely followed the benchmark-derived pro-

files, while woody agreement remained high throughout most height intervals. The 

strongest correspondence was observed for the Tropical Tree and LeWoS benchmarks, 

where predicted and reference woody profiles were nearly coincident across extensive 

portions of the canopy (Figure 12c,d). Likewise, the major transitions between wood-dom-

inated and leaf-dominated strata were consistently preserved across all datasets, demon-

strating that Point Transformer effectively reconstructed the overall vertical organization of 

forest fuels despite substantial differences in canopy architecture and structural complexity. 

For the predicted woody component, the reference leaf profile provides additional 

insight into the origin of prediction disagreement. Across all benchmarks, this component 

remained comparatively small throughout most height intervals, indicating that woody 
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predictions assigned to benchmark-labelled leaf regions constituted only a minor fraction 

of the total point distribution. Localized departures from this near-zero baseline were pri-

marily confined to canopy transition zones, particularly within TLS plots, the Tropical 

Tree, and parts of the Lin3D benchmarks, where predicted woody fractions exceeded the 

reference profile. 

3.7. Species-Specific Quantitative Analysis 

Species-specific evaluation revealed consistently balanced wood–foliar semantics 

across six benchmark tree species/genera, although measurable differences were observed 

among species (Figure 13). OA remained remarkably stable, ranging from 0.91 to 0.95, 

while MF1 varied between 0.84 and 0.91. Similarly, mIoU ranged from 0.74 to 0.84, indi-

cating relatively consistent performance despite substantial variation in species composi-

tion, canopy structure, and wood–foliar distributions. The uniformly high OA and LF1 

values across all species further demonstrate that the Point Transformer generalized ef-

fectively across diverse temperate forest conditions. 

 

Figure 13. Species-level semantic segmentation performance of the Point Transformer across six TLS 

benchmark species. Overall Accuracy (OA), Macro F1-score (MF1), mean Intersection over Union 

(mIoU), Leaf F1-score (LF1), Wood F1-score (WF1), Wood Precision (WP), Wood Recall (WR), and Mat-

thews Correlation Coefficient (MCC) are shown for (a) LPine; (b) RPine; (c) Spine; (d) NSpruce, (e) SMa-

ple; and (f) TAspen, illustrating species-specific variation in semantic segmentation performance across 

contrasting canopy architectures, branching structures, and wood–foliar structural complexity. 

Among the evaluated species, SMaple achieved the highest overall performance, 

with OA, MF1, and mIoU values of 95.5, 90.6, and 83.5, respectively (Figure 13e). SMaple 

also produced the highest LF1 value (97.4) while maintaining strong wood-specific per-

formance (WF1 = 83.8, WP = 82.0, WR = 85.7) and the highest MCC (81.2) among all species. 

LPine exhibited comparable performance, achieving OA of 90.6, mIoU of 79.7, WF1 of 

83.6, and MCC of 77.1 (Figure 13a). RPine and SPine similarly maintained high overall 

performance, with OA values of 92.6 and 91.0, mIoU values of 79.4 and 77.6, and MCC 

values of 76.1 and 74.2, respectively (Figure 13b,c). These results indicate that Point 
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Transformer remained highly effective across multiple conifer species despite differences 

in canopy organization and branching patterns [27]. 

Greater variability was observed within wood-specific metrics than in overall accu-

racy metrics. NSpruce and TAspen produced the lowest mIoU values (75.0 and 73.6, re-

spectively) and correspondingly lower wood-specific performance (Figure 13d,f). For 

NSpruce, both WP (72.6) and WR (77.3) were reduced relative to the other species, result-

ing in a WF1 of 74.9 and an MCC of 69.8. TAspen exhibited the lowest overall wood per-

formance, with WP, WR, and WF1 declining to 73.4, 73.1, and 73.3, respectively, together 

with the lowest MCC (67.6). In contrast, LPine, SPine, and SMaple maintained compara-

tively high WR values (85.6, 86.0, and 85.7, respectively), indicating strong recovery of 

wood structures. Notably, SPine exhibited relatively high WR (86.0) but lower WP (74.1), 

suggesting that wood structures were frequently detected but accompanied by increased 

commission errors. Conversely, RPine showed slightly higher WP (82.0) than WR (79.3), 

indicating a more conservative classification pattern. 

3.8. Quantitative Analysis Across Species Vertical Stratum 

To further assess framework robustness across contrasting canopy architectures, spe-

cies-specific vertical performance profiles and wood agreement distributions were evalu-

ated for all six TLS benchmark species (Figure 14). Across species, performance showed a 

consistent height-dependent pattern, increasing rapidly from lower canopy regions, peak-

ing within lower- to mid-canopy strata, and declining toward canopy tops. WF1, WP, and 

WR generally exceeded 0.80 across most of the canopy profile, indicating robust wood–

leaf separation across diverse crown architectures. Similar to the overall benchmark-level 

analysis (Figure 11), the largest performance reductions occurred in upper-canopy regions 

where fine branches and dense foliage increased structural ambiguity. 

 

Figure 14. Species-specific vertical segmentation performance profiles for the six TLS benchmark 

species. Curves show mIoU, WF1, WP, and WR as a function of relative tree height for (a) LPine, (b) 

RPine, (c) SPine, (d) NSpruce, (e) SMaple, and (f) TAspen. The horizontal dashed line indicates a 

metric value of 0.80, and the vertical dashed line marks 0.80 relative height. The figure illustrates 

species-level variation in segmentation performance throughout the canopy profile and highlights 

the increasing difficulty of detecting fine wood structures within upper-crown regions. 

https://doi.org/10.3390/rs18183158


Remote Sens. 2026, 18, 3158 30 of 51 
 

https://doi.org/10.3390/rs18183158 

Species-level differences were primarily expressed in the magnitude of upper-can-

opy degradation. SMaple maintained the most stable performance throughout the canopy 

profile (Figure 14e), whereas LPine, RPine, and SPine showed strong lower- and mid-can-

opy agreement followed by moderate declines above ~0.75 relative height (Figure 14a–c). 

In contrast, NSpruce and TAspen exhibited the strongest upper-canopy reductions, par-

ticularly in wood recall above ~0.70–0.80 relative height (Figure 14d,f). Across all species, 

the divergence between wood precision and recall increased toward canopy tops, indicat-

ing that performance reductions were primarily driven by reduced recovery of fine wood 

components rather than increased commission errors. Overall, these results demonstrate 

strong cross-species transferability, with most performance differences confined to struc-

turally complex upper-canopy environments. 

The genus-specific wood agreement profiles further evaluated the ability of Point 

Transformer to preserve the vertical distribution of wood material across contrasting can-

opy architectures (Figure 15). Consistent with the benchmark-level analysis (Figure 12), 

the predicted wood profiles closely followed the reference wood distributions across all 

species, indicating that the dominant vertical organization of wood material was largely 

preserved. The strongest agreement generally occurred within canopy regions containing 

the highest wood abundance, where the reference, predicted, and agreement profiles re-

mained tightly aligned. Species differed primarily in the shape and vertical extent of their 

wood distributions. LPine and RPine showed pronounced wood peaks concentrated in 

lower- to mid-canopy strata, whereas SPine and TAspen exhibited broader wood distri-

butions extending across larger portions of the canopy profile (Figure 15a–c,f). In contrast, 

NSpruce and SMaple maintained comparatively lower wood fractions throughout most 

height intervals, although the agreement between prediction and reference remained con-

sistently high (Figure 15d,e). 

 

Figure 15. Species-specific vertical wood agreement profiles for the six TLS benchmark species. 

Shaded backgrounds indicate the benchmark-derived vertical distributions of wood and leaf points. 

Curves show the reference wood fraction, predicted wood fraction, wood agreement, and predicted 

wood where reference leaf as a function of relative tree height for (a) LPine, (b) RPine, (c) SPine, (d) 

NSpruce, (e) SMaple, and (f) TAspen. The figure illustrates the ability of Point Transformer to pre-

serve species-specific vertical wood structure and identifies canopy regions where disagreement 

between predictions and benchmark annotations is concentrated. 
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Disagreement profiles remained comparatively small across all species and were largely 

confined to localized canopy regions rather than distributed systematically throughout the 

profile. These departures were most evident where predicted wood fractions exceeded 

reference wood fractions while maintaining strong overall agreement, suggesting that a por-

tion of the mismatch may reflect localized benchmark labeling uncertainty or conservative 

annotation of fine wood components rather than persistent model overprediction. 

3.9. Cross-Dataset Transferability and Structural Validation 

The vertical performance profiles (Figure 11) are strongly supported by the qualita-

tive assessment of benchmark vs. Point Transformer wood–foliar semantics (Figure 16), 

revealing how segmentation behavior changes along the canopy profile and across struc-

tural complexity gradients. 

 

Figure 16. Qualitative assessment of Point Transformer predictions on a representative tree from 

the Tropical Tree benchmark dataset. Panels (a,d) show the benchmark wood–leaf annotations from 

lateral and bottom-up views, respectively; (b,e) present the corresponding Point Transformer pre-

dictions, and (c,f) show the predicted leaf probability maps (0–1). Insets highlight representative 

stem and crown regions for detailed visual comparison. Wood is shown in brown, foliage in green, 

and prediction confidence is represented by the probability color scale. 

In the tropical benchmark (Figure 16), Point Transformer maintained consistently 

high wood recall (WR > 0.80) through most of the canopy (Figure 11c), which is visually 

evident from the strong preservation of internal branch architecture and continuous wood 
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skeletons in both lateral and bottom-up views (Figure 16b,e). The probability maps further 

show high confidence across crown interiors, indicating that most wood elements, includ-

ing fine branches, were successfully retained (Figure 16c,f). However, the moderate de-

cline in wood WP and WF1 in the upper crown corresponds to regions where the model 

recovered additional fine wood structures that appear absent or incompletely annotated 

in the benchmark reference, suggesting that part of the apparent error may reflect anno-

tation incompleteness (see white square boxes in Figure 16a–f) rather than model inability 

to segment the wood and leaf in particular, performance differences with lower validation 

metrics in extreme lower i.e., surface wood and top of the canopy, are indicative of human 

labelling in these regions being found to be challenging and the model performed better 

than labelling efforts. A similar trend is observed in the LeWoS benchmark (Figure S2), 

where Point Transformer reproduced the dominant trunk and branch framework with 

strong structural continuity [27]. 

The vertical performance profiles of the Lin3D benchmark (Figure 11b) are strongly 

supported by the qualitative comparison between benchmark and Point Transformer se-

mantics (Figure 17), revealing how segmentation behavior changes across canopy strata 

and structural complexity gradients. Point Transformer maintained consistently high 

wood recall (WR > 0.80) and wood precision (WP > 0.80) throughout most of the vertical 

profile, while wood F1 and mIoU remained above 0.80 over a large portion of the canopy 

(Figure 11b). This strong agreement is qualitatively evident, where the dominant stems, 

major branches, and canopy foliage are consistently preserved (Figure 17a,b). 

 

Figure 17. Representative examples of semantic segmentation discrepancies between reference la-

bels and model predictions in complex forest scenes. Panels (a,b) show the same plot-level Lin3D 

point cloud from two perspectives, highlighting differences in the assignment of wood and foliar 

components, particularly surface and understory regions. Panels (c,d) illustrate plot-level examples 

where understory vegetation and near-ground wood structures exhibit substantial labeling ambi-

guity compared to Point Transformer (black circle). 

In contrast, performance degradation was concentrated within the lower understory 

and upper-canopy transition zones. The reduction in mIoU, WF1, and WR above 
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approximately 80% relative height (Figure 11b) coincides with highly fragmented branch 

networks and dense crown interfaces, where fine woody structures become increasingly 

sparse. Similarly, lower agreement within the near-ground region corresponds to under-

story vegetation, woody shrubs, and surface fuels, where semantic boundaries between wood, 

foliage, and lower objects become inherently ambiguous. These patterns are clearly illustrated 

in Figure 17c,d, where Point Transformer consistently identifies woody structures within re-

gions annotated as lower objects or foliage in the benchmark dataset (black circles). Im-

portantly, the localized disagreement observed in Figure 15 is not uniformly distributed 

throughout the canopy but is concentrated within structurally complex transition zones. 

The simultaneous decline in wood precision and recall in these regions suggests that part 

of the apparent segmentation error originates from semantic ambiguity and annotation 

uncertainty rather than systematic model failure. 

3.10. Qualitative Assessment of Transferability Across Heterogeneous Forest Ecosystems 

To further evaluate the qualitative performance of the proposed framework, the 

Point Transformer was applied to a large registered multi-scan TLS dataset acquired in an 

Australian eucalypt forest (Figure 18). 

 

Figure 18. Point Transformer semantic segmentation of a large, registered multi-scan TLS dataset 

acquired in an Australian eucalypt forest. (a) Top-down view of the complete 180 × 160 m plot; the 

black rectangle identifies the transect displayed in (b). (b) Side view of the selected transect, with 

colored bounding boxes indicating the regions enlarged in (c–e). These regions extend from the relatively 

high-density plot center toward the lower-density outer edge, illustrating segmentation performance un-

der spatially variable sampling density. Wood and foliage are shown in red and green, respectively. 

The complete 180 × 160 m plot (Figure 18a) demonstrates successful semantic seg-

mentation over a large forest scene, while the extracted transect (Figure 18b) provides a 

continuous side view extending from the plot center toward the outer boundary. Enlarged 

examples from the high-density central region (Figure 18c), intermediate region (Figure 

18d), and lower-density outer edge (Figure 18e) show that the model consistently pre-

served the principal stems, branches, and foliar components throughout the plot. 
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Although fine-scale structural detail gradually decreased toward the plot boundary where 

point density was substantially reduced, the overall wood–leaf semantics remained spa-

tially coherent across the registered multi-scan dataset, demonstrating stable performance 

under substantial spatial variations in sampling density. 

Qualitative comparison with the BlueCat dataset further illustrates systematic differ-

ences between the manually annotated labels and the Point Transformer semantics (Fig-

ure 19). 

 

Figure 19. Comparison of manually annotated reference labels and Point Transformer semantic seg-

mentation for the BlueCat dataset. Panels (a) and (c) show the reference labels and corresponding 

Point Transformer predictions, respectively. Blue and yellow boxes indicate representative regions 

enlarged in (b–f). The black boxes in (e,f) are further enlarged in (g–i), where (g,h) show the refer-

ence labels and Point Transformer predictions, respectively. Panel (i) presents the corresponding 

Point Transformer leaf-probability map, demonstrating confidence estimates that are consistent 

with the predicted semantic labels in (h). 

Relative to the reference labels (Figure 19a), the Point Transformer identified sub-

stantially more woody points throughout the forest scene, particularly within tree crowns, 

fine branches, and understory vegetation (Figure 19c). Enlarged canopy regions (Figure 

19b,d) show that many fine branches labeled as foliage in the reference were predicted as 

wood by the Point Transformer, resulting in a denser and more continuous woody repre-

sentation. Similar differences are evident within the understory (Figure 19e,f), where a 
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substantially greater number of fine-scale branches of seedlings and saplings were de-

tected by Point Transformer (Figure 19e) compared with benchmark annotations (Figure 

19f). Further enlargement (Figure 19g,h) highlights these differences at the individual 

branch level. The corresponding leaf-probability map (Figure 19i) demonstrates that the 

additional woody predictions are accompanied by consistently low leaf probabilities, in-

dicating that these predictions were produced with high model confidence. 

The Wytham Woods (UK) TLS dataset (Figure 20) provided an additional qualitative 

assessment under a leaf-off condition [36]. Leaf-off phenology exposed densely intercon-

nected wood architecture while substantially reducing foliar returns, resulting in a 

strongly wood-dominated class distribution that has long been recognized as challenging 

for LiDAR-based forest segmentation because intertwined branches increase structural 

ambiguity and reduce separability [86]. 

 

Figure 20. Qualitative assessment of the proposed Point Transformer framework on the independ-

ent leaf-off Wytham Woods (UK) terrestrial LiDAR dataset. (a) Oblique view of the predicted wood–

foliar semantics. (b) Top-down view showing the region selected for detailed inspection. (c) En-

larged view illustrating semantic predictions under leaf-off conditions, where extensive leaf abscis-

sion resulted in a strongly woody-dominated forest structure. This independent dataset demon-

strates the robustness of the proposed framework under contrasting seasonal class distributions. 

Despite the substantial structural variation and pronounced class imbalance, with 

woody components dominating the Wytham Woods (Figure 20a) in contrast to the foliar-

dominated training dataset (Figure 4a,b), Point Transformer consistently identified stems, 

major branches, and fine woody structures while simultaneously preserving the limited 
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remaining foliar semantic class (Figure 20a,b). This result indicates that the learned geo-

metric representations remained robust under contrasting seasonal and phenological con-

ditions. The enlarged views further demonstrate coherent delineation of intricate branch 

networks and clear separation between wood–foliar semantics, with minimal evidence of 

semantic confusion despite the sparse leaf cover (Figure 20c). In particular, Point Trans-

former successfully recovered fine branches and crown connectivity that remained visu-

ally distinct from the residual foliage, as shown for understory leaf-on and leaf-off seed-

lings and saplings (see square boxes in Figure 20c). This shows that model transferability 

was not compromised by the substantial seasonal shift in canopy composition and class 

proportions on which the Point Transformer was trained (Figure 4). The Wytham Woods 

dataset was completely excluded from both training and validation, providing an inde-

pendent qualitative assessment of model transferability under leaf-off conditions. The 

Wytham Woods benchmark has been extensively evaluated for instance segmentation 

and has largely remained unexplored for semantic segmentation [36,77,78]. 

Owing to space limitations, additional qualitative transferability examples are pro-

vided in the Supplementary Material (Figures S3 and S4). These include independent in-

ference on the Methow, Robson Creek, Litchfield (Figure 1), wood–foliar predictions for 

Plot 2, a natural Fagus sylvatica forest in Asturias, Spain, acquired using a GeoSLAM ZEB 

Horizon MLS system (Figure S3), and the NIBIO MLS dataset (Figure S4), thereby extend-

ing the evaluation across contrasting forest ecosystems, stand structures, and terrestrial 

LiDAR systems (Table 3). Particularly, the SegmentedForests Plot 2 example (Figure S3) 

demonstrates that Point Transformer preserves the complex wood–foliar semantics while 

recovering visually continuous fine branches that are annotated as foliar components in 

the benchmark. Similarly, the NIBIO MLS (Figure S4) probability exhibits spatially coher-

ent confidence patterns with disagreement largely confined to structurally ambiguous 

wood–foliar transition zones, further supporting the transferability of the proposed ge-

ometry-only framework across independent datasets and MLS acquisitions. 

3.11. 3D Fuels Wildfire Fuel Mapping 

The Point Transformer wood–foliar semantics were subsequently processed using a 

geometric post-processing framework, termed “Points2woodyseg”, to derive wildland 

fuel-oriented classification (Figure 21). Points2woodyseg—the algorithm operates on the 

structurally simplified wood and ground point clouds (Figure 21a), where the wood 

points are first normalized relative to the ground and then used for stem detection. Once 

stem structures are identified, the algorithm uses the geometric relationships between 

ground and stems as reference constraints to further decompose the remaining wood 

points into ecologically relevant classes such as stem, branches, leaf, surface wood debris, 

and surface foliage (Figure 21b). This hierarchical strategy leverages the stable geometric 

properties of wood structures as a foundation for downstream structural decomposition, 

thereby reducing semantic complexity and providing an alternative pathway to conven-

tional end-to-end multi-class DL segmentation (Figure 21b). 

Points2WoodySeg is presented only to demonstrate the downstream applicability of the 

proposed DL wood–foliar semantic segmentation framework; its methodology is beyond the 

scope of the present study. However, to examine the applicability of Points2WoodySeg across 

different forest types and structural complexities, several plots from the benchmark datasets 

were processed, with a representative example from the SegmentedForest [60] plot 13, 

presented in Appendix A (Figure A1). 
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Figure 21. Example of the proposed fuel characterization workflow. (a) Wood–foliar semantics pro-

duced by Point Transformer, with ground (gray) classified by FAST-GC, wood (red), and foliage (green). 

(b) Geometric decomposition of the binary wood–foliar predictions using Points2WoodySeg into stems 

(red), branches (yellow), canopy foliage (green), surface foliage (light green), and woody shrubs and 

woody debris (blue). The multi-class decomposition presented in (b) is useful for next-generation 

fire behavior models [87]. 

Multi-Class Fuel Decomposition Benchmark Assessment 

To further evaluate whether the wood–foliar semantics retained sufficient structural 

fidelity for ecologically meaningful fuel decomposition, the wood predictions generated by 

Point Transformer (Figure 21a) were subsequently processed using the Points2woodyseg ge-

ometric algorithm (Figure 21b) and evaluated against an independently annotated For-

estSemantic [76] benchmark (Table 2) containing stem, branch, and leaf classes. 

The vertical class profiles revealed strong overall correspondence between predicted 

and reference structural distributions throughout the canopy following Point Trans-

former-based wood–leaf segmentation and subsequent geometric decomposition (Figure 

22a,b). Predicted class fractions closely followed the benchmark distributions across both 

wood and foliar semantics. The strongest agreement occurred within the lower and mid-

dle canopy, where stems and major branch structures dominate, whereas all class fractions 

progressively declined toward the upper crown where foliage became increasingly dominant. 

These decomposition patterns remain consistent with the wood–foliar semantics segmenta-

tion performance observed across the benchmark evaluations in Sections 3.5–3.7. 

Stem segmentation achieved the highest overall performance, with P = 0.96, R = 0.99, 

F1 = 0.98, and IoU = 0.96, demonstrating near-complete detection of stems by the geomet-

ric framework (Points2woodyseg). Leaf segmentation also remained robust, with P = 0.91, 

R = 0.93, F1 = 0.92, and IoU = 0.85. In contrast, branch segmentation showed substantially 

lower agreement (P = 0.54, R = 0.51, F1 = 0.52, IoU = 0.36), indicating that branch-level 

lower accuracy is associated with the combined effect of uncertainty in benchmark anno-

tations (Figure A2a) and Point Transformer wood–foliar semantics (Figure A2b). 
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Figure 22. Performance assessment of the Points2WoodySeg structural decomposition framework 

for stem, branch, and leaf segmentation derived from Point Transformer wood–leaf predictions (Fig-

ure 21a). (a) Vertical distribution of reference, predicted, and agreeing class fractions along normal-

ized canopy height of Point Transformer wood–foliar semantics (Figure 21a). The boxed region (1) 

highlights localized branch–leaf disagreement within the mid-canopy transition zone (see repre-

sentative examples in Figure A2, Appendix A). (b) Normalized confusion matrix between predicted 

and reference structural classes. (c) Class-specific Precision (P), Recall (R), F1-score (F1), and Inter-

section over Union (IoU). (d) Omission and commission errors for each structural class decomposi-

tion using the Points2woodyseg algorithm. 

The omission and commission analysis further supports this pattern (Figure 22c,d). 

Importantly, the near-symmetrical branch omission (0.49) and commission (0.46) errors, 

together with the localized vertical offsets between predicted and reference branch frac-

tions in the mid-crown transition zone (black-box region in Figure 22a), indicate that the 

total branch point budget remained broadly comparable but differed in its precise spatial 

allocation. Collectively, these results indicate that branch disagreement largely reflects 

fine-scale spatial ambiguity in wood–leaf semantics rather than Points2woodyseg algo-

rithm failure. 

4. Discussion 

4.1. Probabilistic Qualitative Evaluation of Wood–Foliar Semantics Error Propagation 

We thoroughly investigated the disagreement between benchmark annotations and 

Point Transformer wood-leaf semantics using leaf continuous probabilistic maps generated 
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by Point Transformer. Figure 23 provides additional insight into the nature of the remain-

ing discrepancies between benchmark annotations and Point Transformer semantics. Un-

like traditional segmentation, continuous leaf-probability predictions preserve semantic 

confidence information, allowing semantic uncertainty to be ascertained beyond the 

threshold-based binary semantics (Figure 23b,g). Across BlueCat and TUWIEN datasets, 

disagreement was highly localized rather than randomly distributed, occurring predom-

inantly within densely occluded understories, canopy interiors, and fine-scale branch net-

works (Figure 23c–j). In these regions, the model consistently assigned low leaf probabil-

ities to visually continuous fine branches that were annotated as foliage or remained un-

labeled in the benchmark datasets (Figure 23d,e,i,j). On the contrary, disagreement was 

insignificant for stems and larger branches, where predictions and reference annotations 

showed almost complete agreement (Figure 23d,e). Similar relationships were observed 

in the BlueCat, where the wood–foliar semantics revealed additional fine branches, seed-

lings, and saplings that were absent from the benchmark annotations (Figure 23b,d,e–h). 

Comparable observations were evident for the Tropical Tree and LeWoS datasets, where 

Point Transformer consistently recovered more intertwined fine-scale branch architecture, 

particularly within densely obscured inner canopies (Figures 16 and S2). 

These qualitative observations closely correspond with the quantitative height-de-

pendent analyses presented in Figures 11 and 14. Across all benchmark datasets, segmen-

tation performance declined primarily toward the lower understory and upper canopy 

extremes, whereas the mid-canopy remained comparatively stable for overall assessment 

(Figure 11) and genus-specific analyses (Figure 14). The height intervals coincide with re-

gions exhibiting the greatest structural complexity, strongest obstruction, and highest 

abundance of fine-scale branches. Notably, the corresponding probability maps fre-

quently retain coherent confidence patterns along visually continuous branch networks, 

suggesting that the remaining disagreement cannot be attributed exclusively to model 

failure (Figure 19g,h). Instead, the combined qualitative and quantitative evidence indi-

cates that part of the measured reduction in benchmark performance originated from the 

practical limitations of manually annotating point clouds of complex forest environments. 

Exhaustive point-wise delineation of every small branch is inherently labor-intensive and 

requires subjective interpretation where wood–foliar semantics are densely intertwined, 

making some degree of annotation unreachable or significantly challenging (see Figures 

16, 19, 20, S2 and S4). 

Furthermore, a qualitative example demonstrating the transferability of 

“Points2WoodySeg” is provided in Appendix A (Figure A1). Building upon the multi-

class decomposition. Figure A1 illustrates the application of the framework to Plot 13 of 

the SegmentedForests benchmark (Oregon, USA), a structurally complex Pinus ponderosa 

forest characterized by mature trees, dense understory, and complex branch morpholo-

gies [60]. Despite these challenging conditions, the framework consistently transformed 

Point Transformer wood–foliar semantics into comprehensible multi-class representa-

tions of stems, branches, leaves, surface foliage, surface woody debris, and woody shrubs, 

preserving tree architecture and structural continuity of the complete 3D fuel continuum 

(Figure A1, Appendix A). 

These findings have broader implications for the development of future terrestrial 

LiDAR benchmarks. Continuous probability predictions provide substantially richer in-

formation than hard semantic labels alone by identifying regions of persistent semantic 

ambiguity while simultaneously highlighting high-confidence predictions (Figure 23g–i, 

Figure 23d,e,i,j). Nevertheless, relying exclusively on explicit manual annotation, proba-

bility-guided interactive labeling could concentrate expert review on uncertain regions 

while accepting high-confidence predictions elsewhere. Such a human-in-the-loop work-

flow has the potential to substantially reduce annotation effort, improve labeling 
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consistency for fine intertwined branches (Figure 23d,e), and facilitate the development of 

larger, more reliable state-of-the-art datasets for transferable forest LiDAR semantics. 

 

Figure 23. Qualitative comparison of benchmark annotations and Point Transformer predictions for 

the BlueCat and TUWIEN. (a,f) Reference wood–leaf annotations (wood: red; foliage: green). (b,g) 

Point Transformer continuous leaf probability confidence: 0 (lowest, blue) and 1 (highest, yellow). 

(c,h) Spatial probability disagreement between the reference annotations and model predictions 

(blue: lowest (0), and red: highest (1)). Enlarged views (d,e,i,j) highlight representative canopy re-

gions where localized discrepancies occur. Although disagreement is concentrated within dense 

crowns (blue and white square boxes in (i,j)) and fine woody structures (pink and white rectangles 

in (c,e)), the probability maps indicate consistent geometric representations (b,d,g,i). 

4.2. Comparative Assessment 

Recent advances in DL have substantially improved semantic segmentation of forest 

LiDAR point clouds through increasingly sophisticated network architectures and learn-

ing strategies [24,35,81,83]. However, direct comparison of wood–foliar semantics (our 

study) and published studies remains inherently challenging because benchmark datasets 

differ in semantic taxonomies, training, evaluation protocols, and annotation strategies 

[35,36]. Consequently, reported performance reflects not only network capability but also 

the degree of benchmark-specific optimization and characteristics of reference annota-

tions. To provide a rigorous and unbiased comparison, the present assessment was 
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restricted to overlapping benchmark datasets (Lin3D, Tropical Trees, LeWoS Trees, ge-

nus-specific investigations—TLS plots) for quantitative assessment. For that reason, ex-

tensive sets of evaluation metrics were derived (Section 2.6.6) and compared with metrics 

reported by the original authors. 

The Tropical Tree benchmark [27] provides the most direct comparison with 

KPConv, RandLANet, Point Transformer, the leaf–wood separation (LeWoS), and graph-

based leaf–wood separation (GBS), which adopted identical wood–leaf semantics of trees 

(n = 148) and were explicitly optimized for the target dataset (Table 6). 

Table 6. Comparative assessment of wood–foliar semantics on the Tropical Tree benchmark. Per-

formance is summarized using Overall Accuracy (OA), Leaf Intersection over Union (LeIoU), Wood 

Intersection over Union (WIoU), and mean Intersection over Union (mIoU). Higher values indicate 

better segmentation performance. 

Model Train/Test/Validate Split? Evaluation Protocol OA  LeIoU  WIoU  mIoU  

GBS Yes Same-dataset held-out test 91.90 90.20 67.80 79.00 

LeWoS Yes Same-dataset held-out test 93.70 92.30 73.60 82.90 

RandLA-Net Yes Same-dataset held-out test 95.20 93.90 81.80 87.90 

KPConv Yes Same-dataset held-out test 96.20 95.20 84.20 89.70 

Point Transformer Yes Same-dataset held-out test 96.50 95.60 85.80 90.70 

Point Transformer (ours) No cross-dataset inference 94.09 92.72 76.11 84.41 

Note: All values are reported as percentages. Boldface indicates the highest-performing value for 

each evaluation metric. 

Table 6 demonstrates the progressive improvement in wood–foliar semantics on the 

Tropical Tree benchmark from the traditional GBS (OA = 91.9, mIoU = 79.0), through the 

LeWoS parametric algorithms (OA = 93.7, mIoU = 82.9) and point-based DL architectures, 

including RandLA-Net (OA = 95.2, mIoU = 87.9), KPConv (OA = 96.2, mIoU = 89.7), and 

Point Transformer (OA = 96.5, mIoU = 90.7). Nevertheless, the Point Transformer (ours) 

was not trained, validated, or adapted using the Tropical Tree benchmark. Instead, it was 

evaluated exclusively through frozen cross-dataset inference and achieved OA = 94.09, 

LeIoU = 92.72, WIoU = 76.11, and mIoU = 84.41 on the unseen Tropical Tree benchmark. 

On the completely unseen Tropical Tree benchmark, Point Transformer outperformed the 

traditional GBS and LeWoS approaches while maintaining competitive performance rel-

ative to DL frameworks. These findings suggest that a substantial proportion of the re-

maining performance gap reflects differences in evaluation protocol and target-domain 

optimization rather than limitations of the Point Transformer, as target-domain optimized 

DL frameworks perform better in localized context with limited transferability to an en-

tirely different forest ecosystem. 

Lin3D represents a complementary validation scenario by evaluating generalization 

to independent spatial hold-out plots (Table 7). In comparison, multi-platform synergistic 

training (MST) [36] addressed the four-class Lin3D semantic taxonomy (ground, lower 

objects, wood, and foliage), whereas the present study adopted wood–foliar semantics 

specifically designed to improve semantic consistency across forest ecosystems [35]. Un-

like Point Transformer, which used only Plot 1 during training (without ground and un-

derstory) and evaluated transferability on independent spatial hold-out plots (Plots 2–6), 

the MST framework followed the original Lin3D v0.1 benchmark split, which includes 

three training plots, one validation plot, and two test plots [36]. Therefore, the reported 

metrics should be interpreted descriptively rather than as direct performance rankings 

because both the semantic taxonomy and evaluation protocols differ substantially. In par-

ticular, the proposed Point Transformer performed wood–foliar segmentation on com-

plete forest plots containing canopy, understory, and transitional vegetation layers, which 
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constitutes a more demanding task than the simplified four-class segmentation frame-

work illustrated in Figure 17c,d. Despite these differences, Point Transformer achieved a 

lower OA (91.82 vs. 94.76) but higher mean accuracy (90.01 vs. 85.59) and mean Intersec-

tion over Union (83.40 vs. 79.48) than MST (Table 7). It is important to note that the original 

study reported only a limited set of evaluation metrics for the TLS-based Lin3D v0.1 

benchmark, with particular emphasis placed on Lin3D v0.2, which consists of unpiloted 

laser-scanning (ULS) data [36]. Nevertheless, the class-level confusion metric reported for 

Lin3D v0.1 reveals substantial variability among semantic categories, with IoU values of 

95.91 for ground, 49.70 for lower objects, 84.28 for wood, and 88.02 for foliage. Further-

more, Sen-Net [35] employed an evaluation strategy similar to MST but focused primarily 

on the Lin3D v0.2, which consists of ULS data. As the present study evaluates transferable 

wood–foliar semantics on the TLS-based Lin3D v0.1 benchmark, a direct comparison is 

not feasible because of differences in acquisition platform and assessment protocol. 

Table 7. Comparative assessment of semantic segmentation on the Lin3D v0.1 (TLS) benchmark. 

Performance of the original Multi-platform Synergistic Training (MST) framework and the Point 

Transformer under their respective evaluation protocols. Performance is summarized using Overall 

Accuracy (OA), mean Accuracy (mACC), mean Intersection over Union (mIoU), Leaf Intersection 

over Union (LeIoU), and Wood Intersection over Union (WIoU). 

Model Train/Test/Validate Split? OA  mACC  mIoU  

MST [36] Yes 94.76 85.59 79.48 

Point Transformer spatial hold-out  91.82 90.01 83.40 

Note: All values are reported as percentages. Boldface indicates the highest-performing value for 

each evaluation metric. 

More importantly, the present study extends beyond benchmark-level aggregate 

metrics on entire datasets by quantifying metrics of vertical stratification (Figure 11b) and 

investigating semantic uncertainty using probabilistic wood–foliar distributions, thereby 

providing insights into the origin and spatial distribution of residual errors that were not 

examined by Sen-Net and MST [35,36]. 

The LeWoS benchmark provides an additional individual tree-level evaluation on 

highly complex crown architecture (Table 8). Despite the absence of benchmark-specific 

optimization, the Point Transformer achieved higher OA (93.75 vs. 91.0) together with 

balanced wood recall WR (93.11) and wood specificity (94.02), demonstrating effective 

transfer to structurally complex forest ecosystems. 

Table 8. Comparative assessment of wood–foliar semantic segmentation performance on the LeWoS 

benchmark. The original LeWoS framework was evaluated using the published tree-level protocol, 

whereas the proposed Point Transformer (Point Transformer) was evaluated using aggregate 

pointwise inference. Performance is reported using Overall Accuracy (OA), Wood Recall (WR), and 

Wood Specificity (WS). Higher values indicate better segmentation performance. 

Model Train/Validation/Test Split? Evaluation Protocol OA WR Wood Specificity 

LeWoS Yes Tree-level mean ± SD 91.0 ± 3.0 92.0 ± 4.0 89.0 ± 6.0 

Point Trans-

former (ours) 
No 

Aggregate point-wise evalua-

tion 
93.75 93.11 94.02 

Note: All values are reported as percentages. Boldface indicates the highest-performing value for 

each evaluation metric. 
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4.3. The Rationale of Wood–Foliar Semantic vs. Multi-Class Segmentation 

Terrestrial LiDAR semantic segmentation has traditionally relied on multi-class tax-

onomies that partition forest scenes into categories such as ground, lower vegetation, 

shrubs, stems, branches, foliage, and CWD [64,83]. Although these taxonomies provide 

detailed ecological descriptions, they remain benchmark-dependent because class defini-

tions, annotation protocols, and ecological objectives differ substantially among datasets 

[60]. Consequently, identical 3D structures may receive different semantic labels across 

benchmarks, limiting direct comparison and reducing transferability. 

Evidence from recent DL studies consistently demonstrates that this limitation is con-

centrated within intermediate structural classes rather than the overall segmentation task 

[35]. This pattern is well evident in published multi-class semantic investigations in pre-

vious studies. For example, on the FOR-Instance benchmark, Xiang et al. (2024) reported 

that ForAINet achieved a confusion matrix between five semantic categories with 85.6 for 

low vegetation, 89.2 for ground, 55.3 for stems, 98.3 for live branches (a combined class 

comprising both woody branches and foliage), and 68.4 for dead branches, i.e., branches 

without foliage points [81]. Using the Lin3D and similar semantic taxonomy, Lu et al. 

(2025) reported confusion metrics of 82.1 for low vegetation, 96.2 for ground, 88.0 for 

wood (stem and branches collectively), and 99.6 for foliage [35]. In the same study, the 

confusion matrix of the five semantic categories on the FOR-Instance benchmark was 

ground (87.9), low vegetation (94.9), stem (53.2), live branches (99.5), and woody branches 

(85.2). The authors attributed this substantially lower accuracy to the strong geometric 

continuity and spatial proximity between lower objects and the ground surface, making 

their semantic boundaries inherently ambiguous [35]. The six-class HeliALS benchmark 

presented by Takhtkeshha et al. (2025) provides an even stronger illustration of this limi-

tation [64]. Using geometric coordinates alone, KPConv achieved confusion matrices of 

97.7 for ground and 99.7 for foliage, whereas low vegetation (95.1), trunks (77.7), branches 

(34.6), and woody debris (92.4). The authors attributed this poor performance to the in-

creasing structural complexity, geometric similarity, and annotation uncertainty associ-

ated with progressively smaller branch hierarchies [83]. 

The proposed wood–foliar formulation therefore does not merely simplify a multi-

class problem; it separates physically persistent foliage from application-specific struc-

tural interpretations. All woody points are assigned to wood, while photosynthetically 

active vegetation is assigned to foliage, avoiding the need to impose uncertain boundaries 

between stems, branch orders, standing deadwood, CWD, FWD, woody shrubs, and lad-

der fuels during DL inference. This rationale is supported by Hanousek et al. (2025), who 

removed CWD from a pretrained four-class taxonomy because lower branches were fre-

quently confused with CWD or ground and subsequently achieved 96.3 overall accuracy 

and 97.05 wood-class accuracy using ground–wood–foliage labels [88]. Wood–foliar se-

mantics can thus serve as a transferable intermediate representation, with ecologically 

specific stems, branches, and fuel classes subsequently derived through hierarchical geo-

metric and topological decomposition. 

Importantly, the proposed wood–foliar abstraction should not be interpreted as a 

simplification that sacrifices ecological information. Rather, it establishes a transferable 

intermediate representation from which higher-order structural classes can subsequently 

be recovered through geometry-driven post-processing (Objective 3; Figures 21 and A1). 

We showed that with Point Transformer wood–foliar semantics, the continuous woody 

skeleton can be hierarchically decomposed into stems, branches, foliage, woody shrubs, 

and coarse and fine woody classes without requiring the DL multi-class semantics to solve 

an increasingly ambiguous multi-class problem directly (Figures 21 and A1, Appendix A). 

This decoupling of semantic recognition from structural decomposition enables the net-

work to learn transferable material classes while deterministic geometric algorithms 
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exploit spatial topology to derive application-specific structural products. Consequently, 

the framework provides a wood–foliar semantic foundation for wildfire fuel characteri-

zation, quantitative structural modeling (QSM), AGB estimation, forest inventory, and 

leaf-off structural analysis across diverse forest ecosystems. 

Recent studies have demonstrated that terrestrial TLS LiDAR point clouds can be 

voxelized and converted into 3D fuel semantics suitable for physics-based fire behavior 

models, including the Wildland–Urban Interface Fire Dynamics Simulator (WFDS), 

QUIC-Fire, and the Fire Dynamics Simulator (FDS), thereby enabling explicit characteri-

zation of fuel continuity and vertical fuel structure [87]. However, the semantic decompo-

sition required to distinguish surface, ladder, canopy, woody, and foliar fuels remains a 

major bottleneck for operational fire simulations [60,89]. Previous studies have high-

lighted that semantic segmentation of forest point clouds is fundamentally constrained by 

structural overlap, occlusion, and semantic ambiguity among lower vegetation, woody 

debris, branches, and understory [89–91]. Consequently, most existing studies remain lim-

ited to laboratory settings [92], individual trees, or simplified fuel representations [93], 

restricting the applicability of TLS-based fire simulations to larger and more heterogene-

ous forest environments [89]. By preserving transferable wood–foliar semantics and geo-

metric-based decomposition to fuel relevant classes across complete forest plots and di-

verse forest ecosystems (see Figures 21b and A1, Appendix A), the present study provides 

an important step toward scalable 3D fuel characterization for next-generation wildfire 

behavior models [87]. 

5. Conclusions 

We investigated and developed a Python-based wood–foliar semantics deep learning 

(DL) framework known as “points2SBL” (https://pypi.org/project/points2sbl/, accessed on 

9 September 2026). points2SBL was evaluated to address three major research questions 

concerning: the trained DL framework’s transferability across global forest ecosystems, the 

generalization and transferability assessment of widely used DL architectures (PointNet++, 

PointNeXt, Point Transformer), and subsequent wildland fuel characterization from wood–

foliar semantics using the geometry-driven algorithm named “Points2woodyseg”. 

The benchmark evaluations demonstrated that LiDAR point clouds, along with 

fewer geometric descriptors—linearity, planarity, curvature, and scattering-based DL 

frameworks—can provide transferable wood–foliar segmentation across global forest eco-

systems and terrestrial LiDAR platforms. Over five benchmark forest point clouds, Point 

Transformer achieved overall accuracies (OA) of 91.63–94.09%, mean Intersection-over-

Union (mIoU) of 77.57–86.57%, F1-scores of 86.80–92.73%, and Matthews correlation coef-

ficients (MCC) of 73.65–85.57%. The consistency of these results across plot- and individ-

ual-tree LiDAR point clouds supports the transferability potential of simplified binary 

wood–foliar semantics under substantially different forest and acquisition conditions and 

LiDAR sensors. Secondly, the generalization and transferability potential of PointNet++, 

PointNeXt, and Point Transformer under identical training and evaluation protocols 

showed that Point Transformer provided substantially higher and consistent accuracy 

over benchmarks. Finally, from the wood–foliar predictions, we retained wood points to 

support subsequent decomposition into ecologically relevant structural components of 

forest surface fuel of wood–foliar classes, along with stem branches and leaves of domi-

nant and co-dominant canopy. 

Collectively, these findings demonstrated that binary wood–foliar semantics can re-

duce classification complexity while preserving essential three-dimensional (3D) forest 

structural and composition information, and that wood semantics can be decomposed 

into several other forest semantics through geometrical decomposition approaches rather 

than DL frameworks. points2SBL therefore provides a transferable semantic foundation 
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for terrestrial LiDAR analysis and a practical basis for future development of 3D forest-

fuel characterization. 

Supplementary Materials: The following supporting information can be downloaded at: 

https://www.mdpi.com/article/10.3390/rs18183158/s1. Figure S1: Distribution of point-wise classifi-

cation outcomes for Point Transformer (PT) wood–foliar semantic segmentation across the four 

evaluation datasets: (a) TLS plots, (b) Lin3D, (c) Tropical tree, and (d) LeWoS tree. Stacked bars 

show the proportions (%) of true negatives (TN), true positives (TP), false positives (FP), and false 

negatives (FN), with the percentage contribution of each component indicated within the corre-

sponding bar segment. Figure S2: Qualitative assessment of wood–leaf semantic segmentation using 

two representative trees from the LeWoS benchmark. Panels (a) and (c) show the benchmark wood–

leaf annotations, whereas panels (b) and (d) present the corresponding Point Transformer (PT) se-

mantics from lateral views. Panels (e) and (g) show the benchmark annotations from bottom-up 

views, whereas panels (f) and (h) present the corresponding PT semantics. Woody points are shown 

in brown and foliar points in green. Figure S3: Comparison of the original SegmentedForests anno-

tations and Points2SBL wood–foliar predictions for Plot 2, a natural Fagus sylvatica forest in Asturias, 

Spain, acquired using a GeoSLAM ZEB Horizon mobile laser scanning (MLS) system (GeoSLAM 

Ltd., Nottingham, UK). The plot is characterized by mature, sparsely distributed trees, thick branch-

ing architecture, and minimal understory. Figure S4: Transferability example for the independent 

NIBIO MLS dataset. From left to right: manually generated reference annotations, Point Trans-

former (PT) binary wood–foliar semantic predictions, continuous leaf-probability predictions, and 

the absolute difference between the reference labels and predicted leaf probabilities, illustrating re-

gions of prediction uncertainty. 
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Appendix A 

 

Figure A1. points2SBL wood–foliar semantics (a) to Points2WoodySeg (b) decomposition of Plot 13 

from the SegmentedForests dataset [60], representing a structurally complex Pinus ponderosa forest 

in Oregon, USA. The output illustrates the multiclass decomposition of forest structure into stems, 

branches, foliage, ground, and surface vegetation under sparse mature-tree cover, dense understory, 

and strong vertical structural continuity. 

 

Figure A2. Visual comparison between (a) manually annotated ForestSemantic benchmark labels 

and (b) Point Transformer wood–foliar semantics. Wood points are shown in red and leaf points in 

green. Insets highlight representative regions of disagreement. Subset 1 illustrates differences at oc-

cluded outer crown margins, whereas subset 2 shows additional fine wood structures identified by 

Point Transformer within the understory that were not assigned as wood in the benchmark annota-

tions. These examples illustrate the uncertainty associated with manual wood–leaf annotation in a 

structurally complex understory. 
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