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A B S T R A C T

Detailed characterization of forest structure is critical for applications ranging from production forestry and 
carbon monitoring to fire risk analysis or habitat and biodiversity assessments. Ground-based LiDAR technolo
gies, such as terrestrial (TLS) and mobile (MLS) laser scanning, enable precise 3D mapping of trees, understorey, 
and ground, offering rich structural detail. Yet, extracting meaning from these dense, unstructured point clouds 
remains a persistent challenge that requires reliable and scalable segmentation methods.

Earlier segmentation approaches have struggled to generalize across diverse forest types and acquisition 
conditions. Recent advances in deep learning (DL), particularly architectures designed for 3D data, offer new 
opportunities for robust and scalable forest structure modelling using ground-based point clouds. Nevertheless, 
their implementation in forestry remains limited, partly due to the difficulty of obtaining large, accurately 
labelled point clouds for training and evaluation.

In this study, we benchmark the performance of six different implementations of four state-of-the-art DL ar
chitectures (PointNeXt, SuperPoint Transformer, Point Transformer V3 and OA-CNN) on the public Segmented
Forests dataset, which contains over 850 million labelled points from 14 plots representing a range of coniferous 
and broadleaf forests scanned with both TLS and MLS. We assess segmentation performance across four 
ecologically meaningful classes: ground, understorey, stems, and canopy. The best-performing model, Point 
Transformer V3, achieved an overall mean Intersection over Union (mIoU) of 81.9%, confirming the strong 
potential of transformer-based architectures for forest point cloud segmentation.

The benchmark analysis considers how segmentation accuracy varies across forest type, sensor, understorey 
density and forest maturity. We observe clear differences in segmentation difficulty across conditions, with 
coniferous plots being consistently easier to segment than broadleaf plots, and TLS point clouds yielding higher 
accuracies than MLS acquisitions. Furthermore, a dense understorey was found to significantly improve class- 
wise saliency despite increased terrain occlusion. Cross-testing confirmed high model stability when general
ized to entirely unseen scenes. Together, these results provide the first comprehensive benchmark of modern DL 
models for forest segmentation from ground-based LiDAR point clouds and highlight key factors shaping their 
performance across forest structural diversity.

1. Introduction

The use of ground-based remote sensing point clouds, including 
those obtained from Terrestrial Laser Scanning (TLS) and Mobile Laser 
Scanning (MLS), has become increasingly central to the study of forest 

structure. These technologies provide high-resolution 3D point clouds 
that capture intricate structural details often obscured in airborne sur
veys (Calders et al., 2020) and also overcome limitations of traditional 
field-based measurements (Disney, 2019). They play a key role in 
improving biomass estimates (e.g., Kankare et al, 2013; Calders et al., 
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2015; Olschofsky et al., 2016; Gonzalez de Tanago et al., 2018), ana
lysing tree architecture (e.g., García et al., 2015; Li et al., 2017; Liu et al., 
2019; Schraik et al., 2021), estimating timber volume and quality (e.g., 
Kankare et al., 2014; Alvites et al., 2021; Stovall et al., 2023), and 
characterizing understorey vegetation (e.g., Loudermilk et al., 2009; 
Olsoy et al., 2014; Alonso-Rego et al., 2020; Tian et al., 2023).

Partitioning the 3D point clouds into informative classes is an 
important step in utilizing them, as it enables users to focus on the parts 
that are of interest (Kaijaluoto et al., 2022). Extracting ecological or 
silvicultural insights from such forest data often requires the classifica
tion of individual points into meaningful categories, such as stems, 
branches, understorey vegetation, or ground, a task commonly referred 
to as semantic segmentation (Kulicki et al., 2024). However, the seg
mentation of 3D point clouds poses unique challenges when compared 
to 1D or 2D data, primarily due to their unstructured and unordered 
nature, irregular sampling density, and lack of a grid topology (Hackel 
et al., 2016; Bello et al., 2020). Moreover, the increasing resolution (up 
to millimetre level) and size of ground-based point clouds further 
expand their range of potential applications but also pose major chal
lenges for efficient segmentation (Lines et al., 2022).

In addition to the challenges that are inherent to 3D data, the se
mantic segmentation of forest point clouds comes with additional dif
ficulties particular to the nature of forests (Cherlet et al., 2026). In this 
regard, forest point clouds are characterized by a lack of planar or reg
ular primitives and great geometric complexity (Xiang et al., 2025). For 
instance, a stem can be a straight cylinder but can also bifurcate and 
sprawl, and canopies of different tree species vary vastly in shape. 
Additionally, the boundary between classes is often physically contin
uous or geometrically identical (e.g., a small twig on a tree can look 
exactly like a small twig in a shrub). This makes much harder for a model 
to learn a “global shape” for a class. This difficulty is compounded by 
extreme intra-class variance, where no two biological structures are 
identical, and by significant density gradients caused by severe self- 
occlusion (e.g., within-canopy occlusion) (Kaijaluoto et al., 2022; 
Lines et al., 2022). All of these factors make semantic segmentation of 
forest scenes an extremely challenging task.

Earlier approaches to segmenting forest point clouds can be broadly 
divided into two categories: those that do not involve learning, and 
those that rely on learning. Non-learning methods include rule-based 
approaches that assign labels based on explicit geometric conditions 
(e.g., height thresholds, surface normals) (Ma et al., 2016), and 
connectivity-based methods such as region growing or graph-based 
clustering (Tao et al., 2015; Wang et al., 2018; Vicari et al., 2019; Hui 
et al., 2021). These strategies range from simple to highly elaborate, and 
can be used in combination to improve performance (Wang, 2020). 
While they can work well in specific settings, they typically require 
extensive manual tuning and struggle to generalize across different 
forest types or acquisition conditions (Kaijaluoto et al., 2022; Kulicki 
et al., 2024).

In contrast, 3D learning-based methods aim to automate semantic 
segmentation by deriving discriminative structural patterns from the 
point cloud geometry, though they differ in how these patterns are 
identified and the degree of supervision required (LeCun et al., 2015). 
Supervised learning utilizes labelled datasets to explicitly establish the 
relationship between geometry and semantic classes. Supervised ap
proaches (like random forests or support vector machines) typically 
perform segmentation by processing handcrafted features, that is, nu
merical descriptors explicitly designed by the user and representing 
specific characteristics of each point and its local neighbourhood (Cabo 
et al., 2019). While effective, the performance of these models is heavily 
dependent on the quality of feature engineering and the availability of 
large amounts of labelled data, which are logistically difficult to produce 
in forest environments. Alternatively, unsupervised learning approaches 
(Liu et al., 2023; Rozenberszki et al., 2024; Zhang et al., 2023; Chen 
et al., 2024; Zhang et al., 2024) rely on data parametrization rather than 
explicit annotations to identify geometric primitives. Nevertheless, they 

still require labelled data to be evaluated and, while they have shown 
significant promise in specific forestry-related tasks (e.g., leaf-vs-wood 
segmentation; Wang et al., 2019; Burmeister et al., 2025), their ability 
to generalize across full-plot, multi-class segmentation in diverse forest 
types remains an emerging area of research.

More recently, deep learning (DL) methods have emerged as the most 
powerful and flexible solution for 3D point cloud segmentation (LeCun 
et al., 2015). Their advances come with trade-offs, though. DL archi
tectures are typically computationally intensive, demanding high-end 
CPU/GPU resources, and they require vast quantities of accurately 
labelled training data to reach peak performance (LeCun et al., 2015; 
Bello et al., 2020; Camuffo et al., 2022). Furthermore, their 'black-box' 
nature offers limited user control over feature estimation compared to 
classical methods, which can hinder the interpretability of results (Şahin 
et al., 2025). However, unlike classical techniques, deep networks can 
learn feature representations directly from raw 3D coordinates and their 
spatial context (Vaswani et al., 2017), while also allowing the integra
tion of handcrafted features that may provide complementary infor
mation. This dual capacity enables DL methods to combine data-driven 
feature extraction with domain-specific knowledge, often resulting in 
improved segmentation performance (Kulicki et al., 2024). In this 
context, a substantial body of work has been dedicated to “wood-leaf” 
discrimination (e.g., Wang et al., 2019; Wu et al., 2020; Han & Sánchez- 
Azofeifa, 2022; Alvites et al., 2023; Dai et al., 2023; Jiang et al., 2023; 
Kim et al., 2023; Bryson et al., 2024; Lu et al., 2025) and tree instance 
segmentation (Straker et al., 2023; Henrich et al., 2024; Wielgosz et al., 
2024; Xiang et al., 2024; Burmeister et al., 2025; Xi and Degenhardt, 
2025; Cherlet et al., 2026), a task closely related to, and sometimes 
overlapping with semantic segmentation, since the fundamental goal is 
still to decompose the forest scene. Some studies have also put the focus 
on specific tasks as coarse woody debris detection (Xi et al., 2023).

Overall, however, few studies have explored multi-class forest seg
mentation schemes at the plot level (Krisanski et al., 2021; Kaijaluoto 
et al., 2022; Shen et al., 2022; Ma et al., 2023; Oviedo de la Fuente et al., 
2024). Most of these approaches incorporate handcrafted features, and 
they have shown that these descriptors improve segmentation perfor
mance in complex forest structures. However, results vary substantially 
across datasets, segmentation schemes and acquisition settings, and no 
single procedure has emerged as universally superior (Kulicki et al., 
2024). Thus, despite the rapid advancement of 3D DL, its application 
in plot-level, multi-class segmentation of forest scenes remains relatively 
limited (Kulicki et al., 2024). Furthermore, existing studies utilize 
seminal but dated 3D DL architectures as PointNet (Qi et al., 2017a), 
PointNet++ (Qi et al., 2017b) and DGCNN (Wang et al., 2018), leaving 
modern Transformer-based (Vaswani et al., 2017) and sparse convolu
tional networks (Liu et al., 2015) untested in forest environments. And, 
although DL is becoming the dominant paradigm for point cloud seg
mentation in forestry, the field still lacks systematic benchmarks and 
robust comparative evaluations across architectures. This is, in part, due 
to the logistical and physical constraints inherent in forest data acqui
sition, which result in a scarcity of high-quality training data and studies 
using private datasets. This fragmentation makes it nearly impossible to 
compare results across publications and underscores the need for a 
standardized evaluation protocol using open-source data (Lines et al., 
2022; Kulicki et al., 2024). Recent benchmark initiatives in tree instance 
segmentation (Puliti et al., 2023; Burmeister et al., 2025; Cherlet et al., 
2026) have begun to address this by providing comparative evaluations 
across varied models and datasets. However, we are only beginning to 
identify the key architectural limitations and 'failure modes' against 
forest heterogeneity, which limits both our understanding of the real- 
world applicability and the development of practical, generalizable 
solutions.

The release of SegmentedForests (Laino et al., 2025), a publicly 
available benchmark dataset that comprises 14 forest plots spanning a 
wide range of forest types and acquisition conditions (TLS and MLS), 
offers an opportunity to address this gap. Researchers now have access 
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to a large, diverse and open dataset specifically designed for semantic 
segmentation of forest plots in ground-based point clouds. Yet, no study 
to date has provided a systematic, head-to-head comparison of modern 
deep learning models. Here, we present the first benchmark of this kind, 
combining recent architectures with open data to establish a new 
reference point for forest point cloud segmentation.

In this article, we evaluate the performance of six implementation of 
four state-of-the-art DL architectures for the semantic segmentation of 
ground-based forest point clouds: two implementations of PointNeXt, 
two implementations of SuperPoint Transformer (SPT), one imple
mentation of Point Transformer V3 (PTV3), and one implementation of 
Omni-Adaptive Convolutional Neural Networks (OA-CNN). We aim to 
quantify their ability to classify points into four ecologically and func
tionally meaningful structural categories in the context of forestry: 
ground, understorey, stem, and canopy. This class structure reflects the 
main vertical and functional strata of forest ecosystems, each of which 
plays a distinct role in ecological processes and forest management. To 
ensure a fair and reproducible comparison, we implement a standard
ized benchmark where all architectures are trained and tested on a level 
playing field.

In addition, we investigate whether model performance differs 
across a spectrum of forest heterogeneity using a suite of plot-level de
scriptors. We disaggregate our results in forest type (Coniferous vs 
Broadleaf), acquisition technology (MLS vs TLS), understorey density 
(Low vs High) and forest maturity (Young/Mid vs Mature). Finally, we 
assess the generalizability of the results to unseen forests via a leave-one- 
out cross-testing protocol. With these analyses we aim to move beyond 
accuracy metrics and provide insights into how specific forest configu
rations affect the spatial consistency and generalizability of modern DL 
architectures.

2. Materials and methods

2.1. Architectures

The benchmarked DL architectures include PointNeXt (Qian et al., 
2022), SPT (Robert et al., 2023), PTV3 (Wu et al., 2024), and OA-CNN 

(Peng et al., 2024) (Fig. 1). Each model was selected based on its rele
vance and performance in the field of point cloud processing and se
mantic segmentation. All four models are built around the same general 
architecture: a U-Net-like encoder-decoder structure, commonly used in 
segmentation tasks. The encoder (the contracting path) gradually trades 
spatial resolution for richness in the feature/latent space, and the 
decoder (the expanding path) remaps these features back to higher 
resolution through a mix of upsampling techniques and information 
from the corresponding encoder level (via skip connections). However, 
they differ in three important aspects that affect how they process spatial 
information (Fig. 1). First, they reorganize the point cloud into small, 
meaningful groups (or “pre-structure” it) in different ways before 
learning from it: PointNeXt uses point subsampling, SPT defines a set of 
Superpoints, PTV3 serialized patches of voxels with space-filling curves 
and OA-CNN uses a voxel grid. Second, they vary in how they learn 
information about each point’s position in space (e.g., if they incorpo
rate positional encoding and in which stage it is done). And third, they 
differ in how they capture the surrounding context of each point: while 
PointNeXt use a multiscale PointNet architecture, SPT and PTV3 use 
attention (transformer) layers (Vaswani et al., 2017) to adaptively learn 
relationships and OA-CNN uses a lightweight alternative to attention 
layers called Adaptive Relation Convolution (ARConv) layers.

PointNeXt
PointNeXt is a high-performance baseline for 3D point cloud pro

cessing, extending the concept of convolutional neural networks (CNNs) 
to irregular and unordered point sets (Qian et al., 2022). Introduced in 
2022, it builds upon the principles of the popular PointNet++ (Qi et al., 
2017a). PointNet++ extends PointNet (Qi et al., 2017b) by introducing 
a hierarchical grouping of points (Set Abstraction Layers, Fig. 1), which 
progressively abstracts increasingly larger local regions along the hier
archy, balancing local detail with global context. PointNet++ applies 
the PointNet architecture recursively on a nested partitioning of the 
input point set, which is achieved through a combination of farthest 
point sampling (FPS), neighbourhood grouping (via either k-Nearest- 
Neighbours —k-NN—, or search radius), and local feature aggregation.

PointNeXt itself expands upon the PointNeXt architecture by 

Fig. 1. Summary of the four point-based deep learning model architectures evaluated in this study for structure-aware forest segmentation from ground-based LiDAR 
point clouds. All follow a U-Net-like encoder-decoder structure.
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incorporating recent advances introduced by modern CNN architec
tures. Namely, an Inverted Bottleneck design with Residual Connections 
(InvResMLP; He et al., 2016) (Fig. 1) to improve gradient flow and 
enable deeper networks (deeper models are expected to perform better; 
Bello et al., 2021; Li et al., 2021; Zhai et al., 2022) and Separable Multi- 
Layer Perceptrons (MLPs) (Qian et al, 2021) to reduce computation and 
improve pointwise feature extraction.

PointNeXt has demonstrated strong performance in segmentation 
tasks on open computer vision datasets (Qian et al., 2022) and in
corporates modern architectural solutions to the two main challenges 
associated with processing large-scale 3D point clouds: the ability to 
capture both local and global information to decide what semantic label 
should be assigned to a point, and scalability. Additionally, its modular 
design also makes it adaptable for incorporating handcrafted features. 
However, its architecture does not incorporate mechanisms to adap
tively learn spatial relationships as attention layers or ARConv layers 
(Fig. 1). For these reasons, PointNeXt is used in this study as a baseline 
for benchmarking newer architectures.

SuperPoint Transformer
SPT is a state-of-the-art deep learning model introduced in 2023 

(Robert et al., 2023) and designed for efficient and scalable processing of 
large-scale 3D point clouds. SPT builds upon the seminal SuperPoint 
Graph method (Landrieu and Simonovsky, 2018) but adds transformer- 
based self-attention mechanisms (Vaswani et al., 2017) into the archi
tecture. SPT incorporates a pre-processing step to over-segment the 
input point cloud into Superpoints (Landrieu and Simonovsky, 2018) 
(Fig. 1), which are aggregations of spatially and semantically consistent 
points. This way, SPT reduces computational complexity by allowing the 
network to operate on a smaller set of representative, hierarchical re
gions instead of the whole set of points.

To partition the point cloud into Superpoints, an initial k-NN graph 
and a set of handcrafted features are computed. Then, this graph is split 
into a hierarchical partition using an unsupervised geometric partition 
technique (Landrieu and Simonovsky, 2018). The resulting components 
are dubbed Superpoints. A key property of the Superpoints is that they 
share adjacency relationships with both Superpoints across and within 
different partition levels. Then, for each Superpoint, geometric features 
are computed (Fig. 1). To do so, for coarser Superpoints with no parent, 
features are learned from the positions and the handcrafted features of 
the points it contains using a MLP. Feature information from Super
points is propagated within hierarchical levels. To propagate informa
tion within a level, the features learned from the set of Superpoints 
within that level are aggregated via max pooling and encoded using 
attention layers (Fig. 1). Finally, information within sets of neighbour
ing Superpoints is propagated across hierarchical levels in a similar 
fashion.

The simplification of the point cloud to this set of Superpoints and 
the inclusion of self-attention through transformer modules provides the 
ability to model long-range relationships and interactions between 
points while reducing computational overhead. This allows SPT archi
tecture to achieve high accuracy while being suitable to process large- 
scale point clouds (Robert et al., 2023). These properties make SPT 
potentially well suited for plot-level forest segmentation, where 
ecologically meaningful structures often span broad spatial extents and 
require the modelling of long-range spatial relationships.

PTV3
Similarly to PointNeXt, PTV3 expands predecessor architectures of 

deep learning models to address the challenges of capturing both local 
geometric details and global contextual relationships while trying to 
remain scalable (Wu et al., 2024). The original Point Transformer (Zhao 
et al., 2021) architecture pioneered the use of self-attention mechanisms 

through Transformer layers in 3D point cloud processing. Point Trans
former V2 (Wu et al., 2022) refined the implementation, improving 
computational efficiency and accuracy. PTV3 further advances this 
lineage thanks to optimizations in attention mechanisms and neigh
bourhood aggregation (Wu et al., 2024). This is especially relevant for 
forest plot data, where structural complexity and spatial extent require 
both scalability and contextual sensitivity.

The original Point Transformer introduces local self-attention 
mechanisms to model the relationships between points in a cloud. 
This mechanism allows the model to dynamically learn contextual in
teractions within neighbourhoods, similar to the approach seen in SPT 
but applied directly to local k-NN neighbourhoods rather than Super
points. What sets Point Transformer apart from previous transformer- 
based architectures is that it includes a Vector Attention (VA) layer 
instead of a Scalar Attention layer (Vaswani et al., 2017). This VA em
beds positional encoding about the spatial difference between neigh
bouring points through a MLP and a measure of relationship between 
points that is computed via a relation function. The VA layers in Point 
Transformer, however, suffer from scalability problems (Wu et al., 
2022). As the network goes deeper, the number of its VA weights in
creases drastically. In order to overcome these limitations, Point 
Transformer V2 introduces Grouped Vector Attention (GVA). In GVA, 
VA weights are shared within groups of points, which greatly reduces 
the number of parameters of the model, improving its overall efficiency.

Finally, to further leverage the power of raw scale, PTV3 introduces a 
series of performance improvements to PTV2. These mainly consist of 
transforming the point cloud from an unstructured format to a serialized 
structure using a space-filling curve (Hilbert, 1935; Morton, 1966) 
(Fig. 1), and modifications to neighbourhood, attention and positional 
encoding computations to fit this new paradigm. Instead of grouping 
points using k-NN neighbourhoods, the voxelized point cloud is 
segmented regularly across the space-filling curves in patches. The 
attention mechanism is then applied to those patches (Fig. 1), and the 
positional encoding from PTV2 is substituted by a modern, more effi
cient conditional positional encoding (CPE) (Chu et al., 2021). With 
these improvements PTV3 significantly increases computational speed 
(3 × faster) and reduces memory demands (10 × less) compared to PTV2 
without compromising accuracy, making it particularly well-suited for 
large-scale semantic segmentation tasks.

OA-CNN
OA-CNN (Peng et al., 2024) is a framework for 3D point cloud seg

mentation that adopts a different approach and bases its architecture on 
sparse convolution modules (Fig. 1). These are easy to apply, light- 
weight and leverage the benefits of (locally) structured data (Peng 
et al., 2024). However, they lack the adaptivity of the self-attention 
mechanism from point cloud transformers, which limits their accuracy 
when compared to the latter. To compensate for this, OA-CNN in
corporates an ARConv module (Fig. 1), which is lighter than Trans
former modules, and that also serves the purpose of being able to adapt 
the receptive field size based on local context. This allows OA-CNN to 
extract spatial information from groups of points very efficiently, 
achieving up to 5 × greater speed than transformer-based networks in 
open 3D datasets (Peng et al., 2024).

In sparse CNNs, point clouds are voxelized (Fig. 1) and then 3D 
convolutions kernels are operated onto the voxels. Submanifold 3D 
Sparse Convolutions are then applied to the voxels in sparse CNNs 
(Fig. 1). To achieve this, a voxel grid size and a convolution kernel are 
defined. Either fine grid sizes or large kernels produce an intolerably 
heavy increase in the number of parameters of standard sparse CNNs, 
which is one of their main limitations (Chen et al., 2023). OA-CNNs 
addresses this introducing a novel 3D sparse convolution-based mod
ule, the ARConv. This module operates in multi-scale pyramid grids with 
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K grid sizes, weighting and fusing convolution outputs across scales. The 
simplicity and speed of OA-CNN makes it especially attractive in sce
narios where processing constraints are critical, such as large forest in
ventories or repeated scanning campaigns.

2.2. Dataset

All the experiments described in this article were conducted using 
SegmentedForests (Laino et al., 2025), a public dataset of manually 
labelled data that has been designed for benchmarking semantic seg
mentation of ground-based point clouds in forest environments. The 
dataset covers forest plots with diverse structure, composition, and 
acquisition conditions (Table 1). Specifically, the point clouds were 
acquired using both TLS and MLS technologies in a range of temperate 
forest ecosystems, capturing broad variation in species, tree density, 
canopy structure, understorey coverage and scanning geometry. Over
all, the dataset comprises 14 forest plots that encompass more than 1600 
trees across 16 different species and that cover 2.3 ha across four 
countries (Austria, Spain, United Kingdom, and United States). More 
detailed information regarding the geographic location, data acquisition 
protocols, and point cloud pre-processing steps is provided in the orig
inal dataset publication (Laino et al., 2025).

The original data has 16 manually labelled semantic classes but for 
the experiments conducted here these were aggregated into four broader 
categories (Fig. 2).: 0 − “Ground” is unchanged from the original 
dataset. 1 − “Understorey”, includes “shrub” and the four “understorey 
tree” classes present in the original dataset. 2 − “Stem”, includes both 
“stem” and “standing dead stem”. 3 − “Canopy” is unchanged from 
“branches + leaves”. These aggregate classes align with the structural 
components of interest presented in the Introduction.

The remaining seven SegmentedForests classes were aggregated into 
an additional class 4: “Other” that aggregates low-frequency or struc
turally ambiguous elements, including “dead down wood”, “vine”, 
“people”, “rocks”, “stakes”, “stump”, and “other”. The aggregate “Other” 
class was excluded from the experiments since it represents only a small 
fraction of the point cloud (~3.5% of all points) and individual sub- 
classes within it appear too sparsely to allow for the learning of repre
sentative geometric features. Additionally, when aggregated, the class is 
geometrically incoherent; it lacks a consistent structural signature, 
which would introduce significant noise into the feature-learning 
process.

2.2.1. Data partitions
To evaluate the robustness of the deep learning models across 

varying forest heterogeneity, the dataset was partitioned into categori
cal groups based on plot descriptors presented in Table 1 and into 
structural archetypes derived from a Principal Component Analysis 
(PCA) of the plot structural descriptors (Fig. 3). The PCA identified two 
primary axes of variability that define “structural archetypes”. The first 
one (PC1, 27.6% explained variance) is determined by Understorey 
cover (the proportion of the plot area covered by shrubs and understorey 
trees), Ground (%) and Understorey (%) (the proportion of points with 
“Ground” and “Understorey” labels, respectively). It therefore is an in
dicator of the variability in understorey density. In this regard, plots 
with higher understorey density feature higher understorey cover and a 
higher proportion of points labelled as “understorey”. In turn, the 
understorey occludes the ground, which is denoted by a decreasing 
amount of “ground” points. The second axis (PC2, 24.8% explained 
variance) is determined by Plot Density (trees / ha), dominant DBH, 
Canopy cover (the proportion of the plot area covered by the canopy) 
and Stem (%) (the proportion of points with “Stem” label). In this axis, 
dominant tree diameter at breast height (DBH) is inversely proportional 
to tree density, canopy cover and “stem” points. Thus, it can be under
stood as a gradient in “Forest Maturity”, where more mature plots have 
thicker trees with larger canopies and lower tree densities (McGee et al., 
1999). Ta
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Fig. 2. Original classes in the SegmentedForests dataset* (a) and class aggregation into final segmentation scheme used in this study (b). *Note that not all the 16 
original classes are illustrated here, for full details see Laino et al. (2025).

Fig. 3. Data partitions, showing what plots are included in each group. Partitions (A) “Forest Type” and (B) “Sensor” are directly based on categorical descriptors 
shown in Table 1. Partitions (C) “Understorey Density” and D) “Forest Maturity” are based on the PCA of numerical plot structural descriptors. These descriptors are 
also presented in Table 1.
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Based on the categorical variables directly available in the dataset 
description, the plots were categorized by A) Forest Type and B) Sensor, 
and based on the PCA the plots were partitioned by C) Understorey 
Density and D) Forest Maturity (Fig. 3): 

A) Forest type: the plots were categorized by forest type into 
“coniferous” or “broadleaf” (depending on the dominant tree 
species; Table 1). In the original SegmentedForests dataset, plots 
are labelled as either “coniferous,” “broadleaf,” or “mixed.” For 
this experiment, plots originally labelled as “mixed” were reas
signed to the group corresponding to their dominant tree type. As 
a result, plots 7, 9, and 10 were treated as “coniferous” based on 
the higher relative proportion of conifers.

B) Sensor: to evaluate the impact of the acquisition mode, plots were 
divided into Mobile Laser Scanning (MLS) and Terrestrial Laser 
Scanning (TLS) groups (Table 1). This distinction allows for the 
assessment of model robustness against varying point densities 
and sensor-specific occlusion patterns.

C) Understorey Density: the plots were partitioned by using a 
threshold of 37.5% understorey cover, representing the midpoint 
of the middle cover-abundance classes of the Braun-Blanquet 
scale (Wikum & Shanholtzer, 1978). This threshold is the 
boundary between the three lower and three upper cover classes 
defined in this scale and separates plots where the understorey is 
a subordinate structural element (“Low Density”) from those 
where it becomes a dominant component (“High Density”) of the 
forest profile.

D) Forest Maturity: Stands were partitioned based on a dominant 
DBH threshold of 50 cm. In temperate forests, 50 cm / > 20 in. is 
a common criterion for defining “mature” or “old-growth” 
structural stages (Buongiorno et al., 1994; McGee et al., 1999). 
Thus, the plots were divided in “Young/Mid” vs “Mature”. This 
maturity threshold also effectively captures the stand's self- 

thinning dynamics, as mature plots exhibit lower stem densities 
(thus larger, more distinct geometric primitives for stems) 
compared to younger, more crowded stands.

2.3. Processing and implementation

The following subsections describe the workflow applied to process 
the SegmentedForests dataset and to implement the DL models. Data 
preparation involved aggregating the original SegmentedForests classes 
into the final segmentation scheme, voxelizing the point clouds and 
computing the set of features. For model implementation, the experi
mental protocol was kept fixed across models in terms of data splits, 
input features, computational constraints, and evaluation metrics of 
model performance. This overall workflow is summarized in Fig. 4.

2.3.1. Voxelization
Feeding the point clouds directly to the models exceeded the memory 

capacity and computational efficiency limits of current state-of-the-art 
architectures, necessitating a downsampling approach. To make the 
process computationally efficient, all point clouds were first voxelized 
(Fig. 4) to reduce their spatial resolution while preserving essential 
structural information. Voxelizing the point clouds also has the added 
benefit of reducing sensitivity to noise points caused by scanner errors 
and registration errors (Putman et al, 2018). Voxelization was done 
using the in-house Python package dendroptimized (Janvier and Cabo, 
2024). Semantic labels were assigned to each voxel using a majority 
voting scheme, where a voxel is assigned the label of the most frequent 
class among the points falling within its boundaries. This majority 
voting approach is necessary for computational tractability but in
troduces a degree of discretization error, which may slightly influence 
the final point-level accuracy metrics. Nevertheless, performing infer
ence in voxelized point clouds means predictions are made at the voxel 
level, rather than the point level. In order to predict point labels, voxel- 

Fig. 4. Schematic overview of the data processing and model implementation workflow.
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level predictions needed to be remapped back to the original points. To 
enable this, each point in the original cloud was assigned a voxel ID 
during pre-processing, corresponding to the voxel it was aggregated into 
Cabo et al. (2014). After inference, the predicted label of each voxel was 
propagated to all original points sharing its ID. This ensured that accu
racy metrics were computed consistently at point-level resolution, even 
though the models operated on voxelized inputs.

2.3.2. Feature computation
All experiments except SPT-based ones were conducted using the 

following features: surface normal vectors (normals) at each point and 
the height above ground (Z0) (Fig. 4). These normals were computed in 
Python at 0.5 m search radius. Z0 was calculated using the height 
normalization module based on Cloth Simulation Filter (CSF; Zhang 
et al., 2016) that is implemented in 3DFin v0.5.0 (Laino et al., 2024), 
a widely used virtual forest inventory tool developed by the authors of 
this study. For SPT-based models normals were dropped in favour of 
their built-in set of k-NN-based handcrafted features.

2.3.3. Benchmarking setup
The experimental framework was structured into a two-tier general 

benchmark (Fig. 4) to assess both architectural fairness and geometric 
scalability:

Tier 1: All architectures were first compared using a common 0.1 m 
voxel resolution. This represents a compromise between geometric fi
delity and computational feasibility, preserving primary forest struc
tures while remaining tractable.

Tier 2: The benchmark was repeated at a 0.05 m resolution to eval
uate the impact of increased geometric detail. This voxel size resolves 
smaller patches of understorey and thinner trees; however, is compu
tationally much more expensive.

Although voxel size was standardized at the input level, we 
acknowledge that internal architectural mechanisms (e.g., superpoint 
oversegmentation in SPT or FPS sampling in PointNeXt) result in vary
ing levels of internal data quantization; these implications are discussed 
in Section 4.3 Runtime Trade-offs. Model performance was further dis
aggregated at both voxel sizes by the data partitions defined in Section 
2.2.1 Data Partitions to explore the effect of forest structure in seg
mentation quality. To standardize the results, we adhered to the data 
splits that are available in the SegmentedForests dataset for model 
benchmarking (Laino et al., 2025). The dataset includes a predefined 
50/25/25 train/validation/test split (Fig. 4) which contain, respec
tively, ~398, ~245 and ~ 205 million points. This split was used 
consistently across all experiments done in this study to facilitate 
comparability of results. This ensures that performance variations are 
attributable to architectural differences rather than differences in data 
sampling.

2.3.4. Generalizability study
In addition to the general benchmark, we implemented a Leave-One- 

Plot-Out Cross-Testing (LOO-CT) protocol of 14 iterations (one per each 
plot) to assess the spatial generalizability of the results (Fig. 4). For each 
iteration, one forest plot was completely withheld from training. For the 
remaining 13 forest plots, training and test splits were merged, leaving a 
75/25 split for training and internal validation, respectively. The model 
was then tested on the 25% test split of the withheld, unseen plot. This 
provides a direct comparison of the generalizability results to the main 
benchmark as consistent test-data splits are used.

2.3.5. Model training and configuration
All model developments in this study were performed using the 

Drago Supercomputer (https://aic.csic.es/servicios/computacion/ 
hpc-drago), a high-performance computing (HPC) cluster managed by 

the Spanish National Research Council (CSIC). Computational tasks 
were executed on an NVIDIA H200 GPU with 141 GB of VRAM; how
ever, the VRAM was capped at 40 GB for all experiments. Additionally, a 
maximum training window of 24 h was established for each experiment. 
This threshold was used to identify models that, while potentially ac
curate, may be computationally impractical for large-scale forest ex
periments. Computations were executed using PyTorch 2.2.0 and CUDA 
12.1.

We tested two configurations of PointNeXt: a smaller version 
(PointNeXt-S) and a larger one (PointNeXt-L), which includes 
InvResMLP blocks (Fig. 1) to improve performance at the cost of addi
tional memory and computation (Qian et al., 2022). For SPT, we tested 
an additional in-house implementation (hereafter referred to as “SPT- 
Delaunay”) with improved portability and CPU pre-processing. In this 
version, the superpoint linkage is based on Geogram’s highly optimized 
triangulation method (Lévy & Filbois, 2015), which is the linkage 
method employed in the original SuperPoint Graph architecture 
(Landrieu and Simonovsky, 2018).

To evaluate the architectures in their standard forms, all models 
were tested using their reference open-source implementations (Qian 
et al., 2022; Pointcept Contributors, 2023; Robert et al., 2023) and 
default configurations, strictly avoiding model-specific hyperparameter 
tuning.

Additionally, to ensure broad contextual awareness, we maximized 
batch size and minimized the number of batches during training as much 
as possible for all models. This is particularly important for dis
tinguishing overlapping classes like canopy and understorey. The main 
differences in model configuration are shown in Table 2 for reference. 
To ensure reproducibility, full training configurations, model weights, 
and settings are available in the Supplementary Material.

2.3.6. Evaluation metrics
To follow the standardized evaluation protocols provided by the 

original model repositories and to facilitate direct comparison with 
existing 3D benchmarks, performance was assessed using the following 
accuracy metrics: Overall Accuracy (OA), mean class Accuracy (mAcc), 
class-wise Intersection over Union (IoU), and mean Intersection over 
Union (mIoU). These metrics are widely used to assess 3D point cloud 
segmentation performance (Kulicki et al., 2024; Sarker et al, 2024). OA 
is defined as the ratio of correctly predicted points to the total number of 
points: 

OA =
TP + TN

TP + TN + FP + FN
,

where TP are true positive points, TN are true negative points, FP are 
false positive points and FN are the false negative points. mAcc is the 
average of the accuracy computed per each class: 

mAcc =
1
C
∑C

c=1
Accc,Accc =

TPc + TNc

TPc + TNc + FPc + FNc
,

where C is the total number of classes and Acci is the accuracy calculated 
for the i-th class.

Class-wise IoU measures the overlap (intersection) between the 
predicted points of a specific class and the ground-truth points of that 
class, divided by the total area covered by both (union): 

IoUc =
Intersection

Union
=

TPc

TPc + FPc + FNc 

Intersection is the set of points that are correctly predicted as belonging 
to a specific class. This corresponds to the True Positives for the class c 
(TPc). Union is the total number of points in both the predicted and 
actual labels for the class, which includes TPc, (points correctly pre
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dicted), FPc (points incorrectly predicted), and FNc, points of class c that 
were missed by the model. Lastly, the mIoU is the average IoU across all 
semantic classes. It is computed in a similar way to mAcc, but averaging 
class-specific IoU (IoUc) instead of class-specific accuracy: 

mIoU =
1
C
∑C

c=1
IoUc 

All metrics were computed on the test sets using the predicted labels 
mapped back to the original resolution via voxel-label remapping. 
Furthermore, to support extended analyses, we provide the full set of 
point-wise predictions in the Supplementary Materials.

Training and inference runtimes were registered as well. We regis
tered training runtime as the sum of pre-processing (any operation done 
by the models to digest the point clouds), training and testing runtime 
averaged across all plots. The inference runtime was calculated as the 
time required to perform inference in the whole Plot 1 (not just the test 
split), averaged across 5 runs. This provides a reference value of what 
time it takes for each model to perform inference on a more realistic 
scenario.

3. Results

In this section we evaluate the performance of the models for se
mantic segmentation of forest point clouds. All the results are computed 
in the original point cloud resolution, after voxel-to-point label remap
ping. We structure the evaluation in four parts. First, we provide general 
benchmark results where we compare overall performance across 
models and across tiers (Section 3.1, Figs. 5 and 6, Tables 3 and 4). 
Second, we assess how different forest structural configurations affect 
model performance (Section 3.2, Figs. 7 and 8, Tables 5-8). Third, we 
analyse the generalization capability of the models in unseen scenes 
(Section 3.3, Tables 9 and 10). Finally, we examine trade-offs in ease of 

implementation and runtime (Section 3.4, Table 11). All code, raw ac
curacy results and predicted labels are available in Supplementary 
Materials for reproducibility.

3.1. Model comparison

3.1.1. Tier 1 benchmark (0.1 m voxel size)
The Tier 1 benchmark established a level playing field to evaluate 

architectural performance under identical constraints (Figs. 5 and 6, 
Table 3).

PTV3 clearly outperformed all other architectures, achieving the 
highest scores across all global metrics and leading in every class-wise 
IoU. OA-CNN emerged as the second-most performant model. The SPT 
and SPT-Delaunay models showed moderate consistency, while 
PointNeXt-L yielded the lowest overall scores. The semantic separation 
of the understorey was particularly struggling for every model.

3.1.2. Tier 2 benchmark (0.05 m voxel size)
The Tier 2 benchmark (Figs. 6 and 7, Table 4) served as a scalability 

stress-test, revealing clear differences in the computational efficiency of 
the architectures. Several models could not handle the increased point 
density and memory overhead at this resolution: PointNeXt-L and 
PointNeXt-S were excluded after exceeding the VRAM and training-time 
thresholds, respectively, while OA-CNN was limited by the point- 
processing capacity of its underlying spconv dependency (SPConv 
Contributors, 2022), resulting in an integer-overflow error.

For the “surviving” architectures (PTV3, SPT, and SPT-Delaunay), 
the transition to 0.05 m resolution yielded consistent performance im
provements. PTV3 maintained its lead, reaching a peak mIoU of 81.9% 
and demonstrating superior accuracy in resolving canopy and stems. 
SPT variants showed the most significant relative gains in this tier, with 
mIoU increasing by over 6 percentage points compared to tier 1. This 
places them ahead of OA-CNN in terms of segmentation accuracy.

Table 2 
Main configuration differences of each architecture. Batch size of 1 means the whole point cloud is passed to the network as input. “PointNeXt” refers to both 
PointNeXt-L and PointNeXt-S and“SPT” applies to both SPT and SPT-Delaunay models. To ensure reproducibility, full training configurations, model weights and 
settings are available in the Supplementary Material.

Configuration PointNeXt SPT PTV3 OA-CNN

Scheduler Cosine Annealing Cosine + Warmup OneCycleLR OneCycleLR
Epochs 300 (3 x 100) 450 300 300
Loss Function CrossEntropy CrossEntropy + Kullback-Leibler CrossEntropy + Lovász-SoftMax CrossEntropy
Batch Size 1 4 1 1
Data Augmentation Rotation, Scale, Jitter Tilt/Rotation, Anisotropic Scale Rotation, Scale, Jitter, Flip Rotation, Scale, Jitter, Flip

Fig. 5. Accuracy metrics (OA, mAcc, mIoU) of all benchmarked models across all plots. Left: Results from Tier 1 benchmark (using a voxel size of 0.1 m). Right: 
Results from Tier 2 benchmark (using a voxel size of 0.05 m): PointNeXt-L exceeded VRAM limit, PointNeXt-S exceeded time limit and OA-CNN ran into integer 
overflow in this benchmark tier.
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Fig. 6. Visualization of the inference in the test dataset in the original point density. As examples, a broadleaf (Plot 6) and a coniferous (Plot 7) plot are shown. A 
crop of the test point clouds is shown; the complete results are available in Supplementary Materials.
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3.2. Semantic segmentation by structure

In this section we explore how the segmentation results vary when 
they are disaggregated by the data partitions introduced in 2.2.1. Fig. 7
visually displays the disaggregated results of Tier 1 of the benchmark 
and Fig. 8 shows those of Tier 2.

3.2.1. Forest type
When disaggregating results by forest type (Figs. 7 and 8, Table 5), 

coniferous plots always yielded higher mIoU values than broadleaf plots. 
On average, coniferous plots yielded an mIoU increase of 6.4% in Tier 1 
and 5.3% in Tier 2 compared to broadleaf stands.

The largest per-class disparity was found in the Understorey IoU, 
where coniferous plots outperformed broadleaf plots by an average of 
21.2% in Tier 1 and 24.5% in Tier 2 (Fig. 7). Models like SPT and SPT- 
Delaunay saw their understorey segmentation nearly double in accuracy 
when transitioning from broadleaf to coniferous environments. While 
the majority of classes favoured coniferous structures, the Ground class 

Table 4 
Inference results on the test splits for Tier 2 benchmark (0.05 m voxel size). Metrics are given as percentages (%), OA: Overall Accuracy; mAcc: mean class Accuracy; 
mIoU: mean Intersection over Union; IoU: Class-specific Intersection over Union. Bold values indicate the highest value per each accuracy metric.

Model OA mAcc mIoU Understorey IoU Ground IoU Stem IoU Canopy IoU

PointNeXt-L Exceeded VRAM limit
PointNeXt-S Exceeded time limit
PTV3 95.5 89.4 81.9 58.4 83.0 89.2 96.9
SPT 92.4 88.5 78.7 52.6 80.4 83.7 93.3
SPT-Delaunay 92.0 86.6 77.6 50.8 78.6 82.9 93.1
OA-CNN Hit integer overflow

Fig. 7. Tier 1 (0.1 m voxel size) mIoU of all benchmarked models disaggregated by data partitions. A) Results disaggregated by forest type. B) Results disaggregated 
by Sensor. C) Results disaggregated by Understorey Density. D) Results disaggregated by Forest Maturity.

Table 3 
Inference results on the test splits for Tier 1 benchmark (0.1 m voxel size). Metrics are given as percentages (%), OA: Overall Accuracy; mAcc: mean class Accuracy; 
mIoU: mean Intersection over Union; IoU: Class-specific Intersection over Union. Bold values indicate the highest value per each accuracy metric.

Model OA mAcc mIoU Understorey IoU Ground IoU Stem IoU Canopy IoU

PointNeXt-L 87.1 76.6 64.7 47.5 75.7 50.2 85.5
PointNeXt-S 86.0 75.7 62.8 45.6 76.0 44.6 85.0
PTV3 94.5 87.1 79.5 56.4 80.9 84.9 95.7
SPT 88.5 84.0 72.6 44.1 73.0 77.2 90.5
SPT-Delaunay 89.0 83.4 73.0 43.9 77.6 74.4 90.6
OA-CNN 93.0 84.0 75.6 52.0 75.1 80.9 94.4
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showed the smallest margin of difference (+4.7% in Tier 1).
In the Tier 2 benchmark (0.05 m voxel size), the performance gap 

between forest types remained stable (Fig. 8). Although the finer reso
lution improved absolute scores for both types, it did not mitigate the 
inherent difficulty of broadleaf scenes. For the PTV3 model, coniferous 
plots reached a peak Canopy IoU of 97.7% and a Stem IoU of 90.8%, 
representing the highest class-wise accuracies recorded in this study.

3.2.2. Sensor
The results grouped by sensor type (Figs. 7 and 8, Table 6) show that 

TLS generally provides a more favourable environment for semantic 
segmentation, though this effect is model-dependent. In the Tier 1 

benchmark (Fig. 7), TLS led to an average increase in mIoU of 6.0%. This 
gap was most extreme for the PointNeXt architectures, which saw mIoU 
improvements of over 14% when transitioning from MLS to TLS.

However, the SPT and SPT-Delaunay models broke this trend, 
demonstrating superior performance in MLS acquisitions (e.g., SPT Tier 
1 mIoU: 74.6% in MLS vs. 71.0% in TLS). While TLS provided a massive 
boost for the Ground (+14.8%) and Stem (+13.9%) classes, the 
Understorey IoU was consistently higher in MLS setups across all models 
and both tiers (− 4.5% in Tier 1 and − 5.7% in Tier 2). In Tier 2 (Fig. 8, 
Table 6), the performance gap virtually disappeared for global metrics 
due to SPT variants performing better on MLS data and PTV3 performing 
better on TLS data. The class-specific divergence persisted, as TLS 

Fig. 8. Tier 2 (0.05 m voxel size) mIoU of all benchmarked models disaggregated by data partitions. A) Results disaggregated by forest type. B) Results disaggregated 
by Sensor. C) Results disaggregated by Understorey Density. D) Results disaggregated by Forest Maturity. PointNeXt-L exceeded VRAM limit, PointNeXt-S exceeded 
time limit and OA-CNN ran into integer overflow in this benchmark tier.

Table 5 
Inference results aggregated by forest type. Accuracy metrics are given as percentages (%). Average difference between coniferous and broadleaf plots is shown. 
Positive values mean higher segmentation accuracy in coniferous plots. Bold values indicate the highest value per each accuracy metric.

Model ForestType OA mAcc mIoU Understorey IoU Ground IoU Canopy IoU Stem IoU

Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2

PointNeXt-L Broadleaf 86.2 − 74.9 − 59.5 − 35.0 − 72.6 − 85.4 − 45.2 −

Coniferous 87.9 77.8 68.6 56.8 78.1 85.7 54.0
PointNeXt-S Broadleaf 84.6 − 73.6 − 56.8 − 33.7 − 70.9 − 84.3 − 38.5 −

Coniferous 87.0 77.2 67.2 54.5 79.8 85.5 49.2
SPT Broadleaf 88.1 91.4 82.4 88.6 70.8 76.4 31.4 38.4 69.5 79.6 90.8 92.4 78.8 83.4

Coniferous 88.9 93.1 85.2 88.4 73.9 80.5 53.7 63.2 75.6 81.0 90.3 94.0 76.0 84.0
SPT-Delaunay Broadleaf 89.1 90.8 82.6 85.6 72.4 75.0 32.8 35.3 75.1 78.7 90.9 91.9 78.0 82.5

Coniferous 88.9 92.8 84.1 87.4 73.4 79.6 52.2 62.4 79.4 78.5 90.4 94.0 71.7 83.3
PTV3 Broadleaf 93.9 95.0 85.5 88.3 75.4 77.8 44.4 46.0 80.5 82.1 94.4 95.8 82.4 87.1

Coniferous 94.9 95.9 88.3 90.2 82.5 85.0 65.5 67.6 81.1 83.7 96.7 97.7 86.8 90.8
OA-CNN Broadleaf 92.2 − 82.0 − 71.1 − 39.6 − 73.5 − 92.9 − 78.5 −

Coniferous 93.6 85.6 79.0 61.4 76.3 95.5 82.6
Average difference: þ1.18 þ1.5 þ2.87 þ1.2 þ6.43 þ5.3 þ21.2 þ24.5 þ4.7 þ1.0 þ0.9 þ1.8 þ3.15 þ1.7
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Table 6 
Inference results aggregated by Sensor. Accuracy metrics are given as percentages (%). Average difference between MLS and TLS plots is shown. Positive values mean 
higher segmentation accuracy in TLS set ups. Bold values indicate the highest value per each accuracy metric.

Model Sensor OA mAcc mIoU Understorey IoU Ground IoU Canopy IoU Stem IoU

Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2

PointNeXt-L MLS 82.5 − 71.8 − 56.5 − 48.4 − 63.7 − 81.5 − 32.5 −

TLS 90.7 80.2 70.9 46.8 84.7 88.6 63.5
PointNeXt-S MLS 80.0 − 69.3 − 52.8 − 46.6 − 63.3 − 79.3 − 21.8 −

TLS 90.5 80.4 70.3 44.8 85.5 89.2 61.7
SPT MLS 89.3 92.1 84.0 91.5 74.6 79.9 48.9 55.5 68.3 76.4 90.9 93.1 77.5 82.7

TLS 88.0 92.6 84.0 86.2 71.0 77.9 40.5 50.4 76.5 83.4 90.2 93.4 76.9 84.5
SPT-Delaunay MLS 89.6 91.7 84.6 89.4 75.3 79.0 48.8 54.1 72.3 76.4 91.1 92.6 76.4 81.6

TLS 88.5 92.2 82.5 84.6 71.2 76.5 40.3 48.3 81.5 80.2 90.3 93.5 72.9 84.0
PTV3 MLS 92.9 94.5 86.7 89.9 76.9 80.2 58.8 61.9 74.7 77.3 93.6 95.5 80.3 86.2

TLS 95.6 96.2 87.3 89.0 81.5 83.1 54.7 55.7 85.5 87.3 97.4 97.9 88.4 91.5
OA-CNN MLS 91.0 − 82.0 − 71.6 − 53.5 − 65.1 − 92.0 − 75.9 −

TLS 94.5 85.6 78.6 50.9 82.6 96.2 84.6
Average difference: þ3.7 þ0.9 þ3.6 ¡3.7 þ6.0 ¡0.6 ¡4.5 ¡5.7 þ14.8 þ6.9 þ3.9 þ1.2 þ13.9 þ3.1

Table 7 
Inference results aggregated by Understorey Density. Accuracy metrics are given as percentages (%). Average difference between low-density and high-density plots is 
shown. Positive values mean higher segmentation accuracy in high-density understorey. Bold values indicate the highest value per each accuracy metric.

Model Understorey 
Density

OA mAcc mIoU Understorey IoU Ground IoU Canopy IoU Stem IoU

Tier 
1

Tier 
2

Tier 
1

Tier 
2

Tier 
1

Tier 
2

Tier 1 Tier 2 Tier 1 Tier 2 Tier 
1

Tier 
2

Tier 
1

Tier 
2

PointNeXt-L Low 87.5 − 76.5 − 62.6 − 32.4 − 87.4 − 83.4 − 47.3 −

High 86.8 76.7 66.9 62.5 64.1 87.7 53.2
PointNeXt-S Low 87.0 − 76.4 − 61.2 − 29.9 − 89.0 − 83.8 − 42.1 −

High 85.0 74.9 64.4 61.2 63.0 86.1 47.1
SPT Low 90.9 93.7 84.1 86.9 71.7 76.7 29.7 38.0 85.7 89.1 92.4 94.9 78.9 84.6

High 86.2 91.1 83.9 90.2 73.5 80.8 58.5 67.1 60.3 71.6 88.6 91.7 75.4 82.9
SPT-Delaunay Low 90.9 93.6 82.2 84.8 71.0 76.0 30.3 36.4 87.7 88.9 91.3 94.8 74.7 84.0

High 87.1 90.3 84.7 88.5 75.0 79.1 57.6 65.2 67.5 68.3 89.9 91.4 74.1 81.8
PTV3 Low 95.7 96.6 86.5 89.0 78.6 80.6 42.5 44.3 92.2 92.6 95.5 96.8 84.1 88.4

High 93.2 94.4 87.7 89.8 80.4 83.2 70.4 72.4 69.6 73.4 95.9 96.9 85.8 90.0
OA-CNN Low 94.2 − 84.1 − 75.1 − 37.7 − 89.7 − 93.8 − 79.1 −

High 91.8 84.0 76.1 66.4 60.6 94.9 82.6
Average difference: ¡2.7 ¡2.7 þ0.4 þ2.6 þ2.7 þ3.3 þ29.0 þ28.7 ¡24.4 ¡19.1 þ0.5 ¡2.2 þ0.5 ¡0.8

Table 8 
Inference results aggregated by Forest Maturity. Accuracy metrics are given as percentages (%). Average difference between young/mid and mature plots is shown. 
Positive values mean higher segmentation accuracy in mature plots. Bold values indicate the highest value per each accuracy metric.

Model Forest Maturity OA mAcc mIoU Understorey IoU Ground IoU Canopy IoU Stem IoU

Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2 Tier 1 Tier 2

PointNeXt-L Young/Mid 83.9 − 76.5 − 63.0 − 48.9 − 73.7 − 79.4 − 50.2 −

Mature 90.4 76.7 66.4 46.1 77.8 91.7 50.2
PointNeXt-S Young/Mid 81.4 − 74.8 − 59.2 − 45.4 − 73.1 − 77.3 − 41.1 −

Mature 90.6 76.6 66.3 45.7 78.9 92.7 48.1
SPT Young/Mid 89.1 92.5 84.7 90.3 75.5 81.4 47.2 55.3 73.4 81.7 89.1 92.1 81.4 86.6

Mature 87.9 92.3 83.3 86.7 69.6 76.0 41.1 49.8 72.6 79.1 91.9 94.5 73.0 80.8
SPT-Delaunay Young/Mid 89.3 91.8 83.7 88.8 75.7 80.0 47.1 52.6 76.8 80.8 88.4 91.4 79.5 85.3

Mature 88.7 92.2 83.2 84.5 70.3 75.2 40.8 49.0 78.4 76.4 92.8 94.8 69.3 80.6
PTV3 Young/Mid 94.1 95.5 87.5 89.9 80.3 83.0 59.9 62.2 80.7 83.1 93.9 95.8 86.6 91.1

Mature 94.8 95.4 86.7 88.9 78.7 80.7 53.0 54.5 81.1 83.0 97.5 97.9 83.2 87.4
OA-CNN Young/Mid 92.3 − 84.2 − 75.5 − 54.3 − 73.3 − 91.9 − 82.7 −

Mature 93.7 83.9 75.7 49.8 76.9 96.9 79.0
Average difference: þ2.6 0.0 ¡0.2 ¡2.9 ¡0.4 ¡4.2 ¡4.4 ¡5.6 þ2.5 ¡2.4 þ7.3 þ2.7 ¡3.1 ¡4.7

Table 9 
Generalization study results using a 0.1 m voxel size. CT subscript means the metrics are averaged across all 14 folds of the LOO-CT. Bold values indicate the highest 
value per each accuracy metric.

Model OACT mAccCT mIoUCT Understorey IoUCT Ground IoUCT Stem IoUCT Canopy IoUCT

PTV3 92.9 85.9 78.8 58.0 79.5 83.9 93.9
SPT 90.2 81.5 71.5 46.6 73.9 75.6 89.8
SPT-Delaunay 89.5 81.4 70.1 44.2 75.2 72.2 88.7
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continued to favour stem and ground resolution, while MLS provided an 
advantage for understorey and canopy delineation.

3.2.3. Understorey density
The disaggregation of results by Understorey Density (Figs. 7 and 8, 

Table 7) reveals a divergence between semantic accuracy and global 
geometric consistency. Across all models and both tiers, mIoU was 
consistently higher in high-density plots (+2.7% in Tier 1; +3.3% in Tier 
2), despite a general decrease in OA (− 2.7%). However, this gain came 
at the expense of the Ground class, which suffered a sharp average 
decline of 24.4% in Tier 1 (Fig. 7). In the Tier 2 benchmark (Fig. 8), the 
higher resolution mitigated the ground-degradation effect slightly for 
SPT models but reinforced the understorey segmentation gains. In Tier 
2, the high-density understorey plots yielded the highest mAcc scores of 
the entire experiment (reaching 90.2% for SPT), suggesting that a denser 
understorey provides a more recognizable geometric signature for deep 
learning architectures, even as it complicates the delineation of the 
terrain below.

3.2.4. Forest Maturity
Disaggregating the results by forest maturity (Figs. 7 and 8, Table 8) 

reveals a complex relationship between stand age and segmentation 
accuracy. On average, mature plots yielded a higher OA (+2.6% in Tier 
1), yet showed a decline in mIoU (particularly in the Tier 2 benchmark), 
where mIoU dropped by an average of 4.2% compared to younger 
stands. The most notable class-wise trend was the significant increase in 
Canopy IoU, which rose by an average of 7.3% in Tier 1 (Fig. 7). This 
gain was especially pronounced in the PointNeXt architectures, where 
Canopy IoU jumped by over 12% in mature plots. Conversely, Under
storey and Stem IoU scores generally declined in mature environments 
(− 4.4% and − 3.1% in Tier 1, respectively). Interestingly, while the 
higher-performing models like PTV3 and SPT versions saw their mIoU 
scores decrease when moving from young to mature stands, the Point
NeXt models exhibited the opposite behaviour, achieving higher mIoU 
scores in mature environments (Figs. 7 and 8).

3.3. Model generalizability

To assess the spatial generalizability of the results, we implemented a 
Leave-One-Plot-Out Cross-Testing (LOO-CT) protocol. The results from 
this analysis (averaged across the 14 folds) are shown in Tables 9 and 10. 
OA-CNN and PointNeXt were excluded from the generalizability study 
due to the same technical and scalability bottlenecks that arose in the 
Tier 2 benchmark. Specifically, OA-CNN encountered the same integer 
overflow issues when handling the increase training data volume, and 
PointNeXt exhibited significantly lower training efficiency, making a 14- 
fold cross-testing cycle computationally prohibitive within the stan
dardized HPC window even at the 0.1 m resolution. In this regard, SPT, 
SPT-Delaunay and PTV3 implementations demonstrated the highest 
computational efficiency and architectural stability again, considering 
the high computational demand of performing 14 independent training 
and testing cycles.

At the 0.1 m voxel size, a slight performance decay was observed 
when predicting on entirely unseen plots (Table 9). PTV3 emerged as the 
most robust architecture, maintaining a 78.8% mIoU, a marginal 0.7% 
decrease from the standard 50/25/25 split. For the SPT family, the mIoU 
remained highly consistent, with only a marginal 1.1% decrease for the 
base SPT and a 2.9% decrease for SPT-Delaunay. The primary source of 
this decay was the Understorey class, where IoU dropped significantly 
compared to the standard benchmark. Notably, the Overall Accuracy 
(OA) for both SPT models increased during cross-testing (SPT: +1.7%), 
suggesting that the additional training data in the LOO-CT protocol 
helped the models better handle the global geometry of unseen plots.

At the higher resolution (0.05 m voxel size), the generalizability of 
the models improved (Table 10), narrowing the gap between the stan
dard benchmark (Table 4) and the LOO-CT results. In this regard, the 
SPT models showed resilience: SPT-Delaunay improved its mIoU from 
77.6% (Table 4) to 77.9% (Table 10). This trend suggests that higher 
spatial resolution is beneficial for spatial generalizability, as finer res
olutions help to resolve the more complex branching and foliage pat
terns that define the forest architecture. Moreover, SPT-Delaunay’s 
Understorey IoU jumped from 50.8% (Table 3) to 58.0% (+7.2%) 
(Table 10). This could indicate that the increased training volume in the 
LOO protocol was particularly beneficial for the Understorey class, 
which represents the most geometrically variable (and possibly “data- 
hungry”) component of the dataset.

3.4. Runtimes and computational efficiency

To assess runtime and computational efficiency, training runtime 
(the time required to complete the training, evaluation and testing of 
each model in the general benchmark) and inference runtime (the time 
required to perform inference on Plot 1) were recorded (Table 11). 
Evaluating these metrics reveals trade-offs between segmentation ac
curacy and computational efficiency. PointNeXt models emerged as the 
most computationally demanding, requiring over 6 h for training and 
nearly 1 min for inference per plot at 0.1 m resolution. Given that these 
models also yielded the lowest segmentation scores, their high compu
tational cost suggests a lack of suitability for large-scale forest studies 
compared to more modern alternatives.

Notably, at the 0.1 m scale, PTV3 offered the fastest inference time 
(4 s) and tied with SPT-Delaunay for the fastest training time (0.6 h), 
while still outperforming every other architecture in accuracy (Tables 3 

Table 10 
Generalization study results using a 0.05 m voxel size. CT subscript means the metrics are averaged across all 14 folds of the LOO-CT. Bold values indicate the highest 
value per each accuracy metric.

Model OACT mAccCT mIoUCT Understorey IoUCT Ground IoUCT Stem IoUCT Canopy IoUCT

PTV3 93.4 87.1 80.4 60.0 79.0 88.0 94.5
SPT 92.9 87.7 77.7 58.2 80.2 81.1 91.4
SPT-Delaunay 92.8 86.3 77.9 58.0 81.7 80.6 91.2

Table 11 
Training and inference runtimes of all model variations. Inference runtime is 
measured as the time required to perform inference in the complete Plot 01, 
averaged across five repetitions. * Inference times exclude the time required to 
compute Z0 using 3DFin, which is approximately 58 s.

Model Voxel size (m) TrainingRuntime (h) InferenceRuntime (s)*

PointNeXt-L 0.1 6.3 57
PointNeXt-L 0.05 Exceeded VRAM limit
PointNeXt-S 0.1 5.9 55
PointNeXt-S 0.05 Exceeded time limit
SPT 0.1 0.7 14

0.05 1.0 23
SPT-Delaunay 0.1 0.6 9

0.05 0.9 12
PTV3 0.1 0.6 4

0.05 1.3 16
OA-CNN 0.1 0.8 6
OA-CNN 0.05 Integer overflow
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and 4) (even those trained at the finer 0.05 m resolution). OA-CNN also 
showed strong training efficiency (0.8 h) and competitive inference (6 
s), though it remained constrained by its underlying software de
pendencies at the higher resolution. The most notable scalability trend 
was observed within the SPT family. Moving from the 0.1 m to the 0.05 
m resolution resulted in a training runtime increase of only 0.3 h (from 
0.7 h to 1.0 h in base SPT and from 0.6 h to 0.9 h in SPT-Delaunay). 
Moreover, at the finer 0.05 m resolution, both SPT variants trained 
faster than PTV3, which required 1.3 h and SPT-Delaunay outperformed 
PTV3 in inference time.

4. Discussion

In this study, we performed an evaluation of recent deep learning 
models for the semantic segmentation of ground-based LiDAR point 
clouds in forest environments. Among all tested architectures, 
transformer-based models performed the best. Particularly, PTV3 ach
ieved the highest overall performance, reaching an mIoU of 81.9%, OA 
of 95.5%, and mAcc of 89.4%. This model consistently outperformed 
others across all semantic classes and demonstrated generalizability, 
maintaining stable performance levels when evaluated on entirely un
seen forest plots in the LOO-CT protocol. Architecturally, this superiority 
could be attributed to its self-attention mechanisms and serialization 
strategy (Wu et al., 2024), which effectively capture long-range geo
metric dependencies across the forest scene, allowing for better 
discrimination of complex, overlapping structures. SPT showed the 
second-best accuracy but demonstrated the best training scalability, 
outpacing PTV3 in training runtime at the finer 0.05 m resolution. The 
abstraction of raw points into a coarser geometric graph allows SPT to 
efficiently “absorb” varying point densities during pre-processing, 
although this secondary quantization might limit its absolute point- 
level precision compared to other methods. OA-CNN achieved moder
ate results with highly competitive runtimes at the 0.1 m scale, but its 
performance remained below that of transformers and suffered from 
dependency issues. PointNeXt, however, segmented the point clouds 
with less accuracy while taking the longest runtime. This struggle likely 
comes from relying on iterative Farthest Point Sampling (FPS) to process 
the overly complex structures found in forest plots, which shows that the 
solutions found in more modern paradigms are noticeably more efficient 
for this task.

4.1. Effects of structural variability in segmentation

Our experiments revealed a clear and consistent trend: coniferous 
plots were easier to segment than broadleaf-dominated ones across 
nearly all metrics. When using the best-performing model (PTV3), 
coniferous plots achieved an average mIoU of 82.5%, compared to 
75.4% in broadleaf plots. Similar patterns were observed for OA and 
mAcc. The largest differences were found in understorey segmentation, 
where coniferous stands outperformed broadleaf by 21.2% in IoU. Stems 
and canopy segmentation also improved in coniferous plots, with gains 
of 4.4% and 2.3% in IoU, respectively. Coniferous stands in the dataset 
feature uniform, vertically aligned stems and more homogeneous can
opy shapes, which facilitate clean separation between structural classes. 
In contrast, the broadleaf plots often contain irregular branching pat
terns, horizontal occlusions, and multi-layered understorey components 
that make semantic boundaries harder to learn from 3D point clouds.

Segmentation accuracy also varied depending on the acquisition 
technology. Across all base models, TLS generally outperformed MLS, 
averaging an mIoU 6.0% higher. PTV3 reached an mIoU of 81.5% in TLS 
plots. Class-wise, the largest differences were obtained in ground and 
stems, where IoU differences are of 10.8% and 8.1% respectively. This 
difference could be attributed to the higher point density and greater 
measurement precision of TLS data, particularly in vertical and hori
zontal surfaces. Although MLS can mitigate occlusion effects by scan
ning from multiple trajectories, its data are generally noisier. This factor 

may make semantic boundaries harder to learn, whereas the higher fi
delity of TLS could provide clearer geometric signals that translate into 
more accurate segmentation. However, a notable exception was found in 
the SPT family, achieving slightly higher scores in MLS scans. This 
suggests that graph-based Superpoint features may act as a natural filter 
for the sensor-induced “jitter” and non-uniform densities of mobile 
scanning. Additionally, the multi-angle perspective of MLS appears to 
favour understorey segmentation, which was consistently more accurate 
in mobile scans than in static TLS setups. Nevertheless, disentangling the 
effect of acquisition method independently from forest structure re
mains a challenge and will require future datasets with matched plots 
acquired using both techniques under controlled conditions.

Beyond forest type and sensors, understorey complexity emerged as a 
primary driver of semantic accuracy. A “saliency threshold” was 
observed: understorey IoU increased by a substantial 29.0% on average 
on “High” Understorey Density plots. This suggests that sparse under
storey is often confused with ground noise, whereas denser undergrowth 
provides a distinct geometric signature that architectures can more 
easily delineate. However, this gain in understorey accuracy creates a 
direct trade-off with ground-level resolution; as shrub density increases, 
laser occlusion depletes the ground-point signal, leading to a drop in 
Ground IoU. Consequently, the understorey remains the primary clas
sification bottleneck across all tested architectures. Overcoming this 
limitation will likely require the continued expansion of training data
sets to capture a wider variety of understorey morphologies. Further
more, as deep learning architectures become even more 
computationally efficient, the ability to process point clouds at even 
finer spatial resolutions (e.g., below 0.05 m) could provide the geo
metric fidelity needed to disentangle sparse, low-lying vegetation from 
the underlying terrain. In relation to this, several fine-scale classes are 
merged in the dataset. This aggregation is particularly detrimental to the 
understorey, which currently functions as a catch-all class for highly 
heterogeneous elements ranging from woody shrubs and saplings to tall 
grasses. As the availability of open data expands, future work should 
incorporate more granular classes or hierarchical label structures to 
disentangle these elements.

Finally, forest maturity also revealed an architectural divergence in 
model behaviour. While mature stands provide a clearer “canopy”, 
likely due to the dominance of large crowns (+7.3% Canopy IoU), they 
also present higher individual geometric complexity that hinders stem 
classification. In this regard, the observed decrease in Stem IoU in 
mature plots (− 3.1%) could be attributed to the fact that, as trees age, 
first-order branches increase in diameter and develop bark textures that 
become geometrically indistinguishable from the main trunk. This 
causes models to “absorb” these branches into the stem class rather than 
resolving them as part of the canopy. While high-performing architec
tures like PTV3 and SPT performed best in younger, high-density stands 
with simpler tree hierarchies, point-set architectures like PointNeXt 
proved more robust to the massive structural features of older trees. 
These results could suggest that the lower tree density found in mature 
forests simplifies the global scene for some models, even as the complex 
branching of individual mature trees complicates the specific segmen
tation of stems and undergrowth.

4.2. Practical considerations

Beyond segmentation accuracy, practical implementation factors 
such as processing time, memory requirements, and ease of deployment 
are critical in determining the applicability of software. The transition to 
a 0.05 m voxel resolution in Tier 2 served as a significant computational 
stress test, revealing the scalability limits of several architectures. While 
PTV3 and the SPT family handled the increased density with manage
able overhead, the PointNeXt models proved prohibitively computa
tionally expensive, exceeding the operational limits of 24 h training time 
and 40 GB VRAM. Furthermore, while OA-CNN showed great potential, 
it was limited by the point-processing capacity of its underlying spconv 

D. Laino et al.                                                                                                                                                                                                                                   ISPRS Journal of Photogrammetry and Remote Sensing 241 (2026) 253–272 

267 



dependency (SPConv Contributors, 2022), which triggered an integer- 
overflow error at this resolution.

Another practical consideration concerns the inference strategy 
applied to voxelized point clouds. PointNeXt and PointCept frameworks 
offer an alternative evaluation procedure in which inference is repeated 
multiple times per voxel, based on the number of points contained in the 
most populated voxel. This approach ensures that every original point is 
evaluated at least once and can mitigate the mixing of multiple semantic 
classes within a single voxel, which could lead to higher accuracy. 
However, this procedure would incur substantial runtime and memory 
costs, making it impractical for large-scale or operational forestry 
workflows. For this reason, and to ensure consistency across all models, 
we adopted the simpler and more scalable remapping strategy in which 
each voxel receives a single predicted label that is propagated to all 
points it contains.

Similarly, this benchmark utilized the default hyperparameters and 
configuration settings for each architecture to ensure a controlled and 
unbiased comparison. While this 'level playing field' was necessary for 
an initial evaluation, it likely overlooks the maximum performance 
potential of each model. Future research should explore task-specific 
hyperparameter optimization tailored to the unique geometric proper
ties of forest data. This includes tuning specialized data augmentation 
strategies (such as the tilting rotations and the anisotropic scaling in 
SPT, which potentially simulates different tree shapes from the same 
training sampling) or the refinement of loss functions (like Lovász- 
SoftMax loss in PTV3, which is specifically designed to optimize mIoU in 
datasets with extreme class imbalances such as forests). Furthermore, 
hyperparameter tuning could alleviate the performance gap observed 
between acquisition modalities. For instance, adjusting the spatial 
receptive fields or modifying point-sampling strategies could help 
models better accommodate the sensor noise typical of MLS, potentially 
achieving more consistent segmentation quality across both TLS and 
MLS data. Transitioning from standardized baselines to fine-tuned, 
forest-specific configurations represents a logical next step in moving 
these models from experimental benchmarks to high-precision opera
tional tools.

Lastly, all models were trained and tested under supervised learning 
settings, relying on complete and manually labelled data. This is an 
inherent characteristic of supervised learning, since the segmentation 
accuracy depends on availability and quality of manually labelled data 
(Sarker et al., 2024). Given this, and the lack of labelled datasets of 
forest point clouds, semi-supervised, weakly supervised, or self- 
supervised learning approaches could represent promising avenues to 
reduce dependence on extensive manual labeling (Sarker et al., 2024), 
until more publicly available datasets emerge. In this regard, a partic
ularly promising avenue is the use of synthetic and semi-synthetic 
datasets. With engines like HELIOS++ (Winiwarter et al., 2022), it is 
possible to generate labelled forest scenes that simulate various sensor 
noise patterns and occlusions (Liu et al., 2026). Integrating these syn
thetic environments in the training dataset could allow models to 
encounter a much wider range of tree allometries and understorey 
conditions.

4.3. Runtime trade-offs

The evaluation of total runtime revealed substantial differences be
tween architectures. PTV3 offered the best balance between segmenta
tion quality and computational efficiency, requiring just 0.6–1.3 h to be 
trained. Notably, its training runtime remained low even at the 0.05 m 
resolution, which could largely be attributable to its use of space-filling 
curves for data serialization. The mapping of 3D spatial relationships 
into a 1-dimensional sequence that preserves locality allows the model 
to process high-density volumes with minimal memory overhead and 
linear scaling. This efficiency, combined with its top-tier performance, 
positions it as the most practically viable model in our benchmark. OA- 
CNN was less accurate but completed training in under one hour, 

making it an attractive option when inference speed is a key concern and 
highlights sparse convolutions as a highly promising and scalable 
alternative to more computationally intensive transformer-based ar
chitectures. SPT presented good computational costs under its default 
implementation. Yet, its inference runtime dropped a further ~ 50% 
after plugging a faster Delaunay triangulation algorithm for neighbor
hood linkage, while maintaining similar mIoU scores across tests. These 
results suggest that the choice of spatial data structures plays a deter
minant role in the scalability of forest segmentation. Moreover, the shift 
to a 0.05 m resolution enabled a significant performance leap for the SPT 
models, allowing them to overtake OA-CNN in absolute mIoU. This in
dicates that SuperPoint-based models are particularly sensitive to geo
metric fidelity; at the 0.1 m scale, distinct structural elements may be 
collapsed into a single Superpoint, obscuring the graph's features. In this 
regard, while a fixed voxel resolution was maintained across all models 
to ensure a standardized input baseline, it is important to acknowledge 
that 'spatial resolution' is not strictly equivalent across different archi
tectural paradigms. Each framework applies unique internal quantiza
tion and sampling strategies that further modify the density of the data. 
For example, the SPT framework performs Superpoint oversegmentation 
on top of the initial voxelization. Superpoints actually preserve higher 
semantic purity than voxels at equal scale (Robert et al., 2023). But, in 
the benchmark setup, they represent a secondary level of quantization, 
meaning that the SPT models reason on a 'coarser' graph representation 
than the rest. Thus, when the input point cloud is voxelized, SPT might 
require a higher voxel resolution to achieve a strictly 'fair' comparison 
against models like PTV3 or OA-CNN. Conversely, PointNeXt utilizes 
farthest point sampling within its hierarchical layers to subsample the 
cloud, which also introduces a density mismatch compared to the rest of 
the models.

4.4. Comparison to previous studies

Previous studies have performed semantic segmentation on complete 
forest scenes, including ground and understorey, assigning labels to 
every point in the point cloud (Krisanski et al., 2021; Kaijaluoto et al., 
2022; Shen et al., 2022; Ma et al., 2023; Oviedo de la Fuente et al., 
2024). These studies provide a relevant basis for comparison to our re
sults, as their objectives and methodologies are aligned with ours. Shen 
et al. (2022) reported high mIoU values (82.1–87.2%) using a modified 
PointCNN with geometric features. However, their taxonomy included a 
mixed “other” class, excluding detailed understorey classification. In 
contrast, our experiments explicitly preserve understorey as a separate 
category (a component of particular ecological relevance) and achieve 
comparable or better results under more complex segmentation condi
tions. Ma et al. (2023) achieved an mIoU of 69.0% and mAcc of 91.0% 
using PointNet with normal features. Our trained models outperform 
them by a wide margin in mIoU (up to 81.9%) across a broader and 
unaugmented dataset, highlighting the capacity of newer architectures 
to generalize in more diverse environments. Kaijaluoto et al. (2022)
explored the use of raw laser scanner measurements such as echo 
number, range, and reflectance alongside custom fully convolutional 
neural networks for semantic segmentation of MLS forest point clouds. 
Their taxonomy closely resembles ours, with four structural categories: 
ground, understorey, stem, and foliage (although branches were 
grouped with trunks in the ‘stem’ category). Their best-performing 
model reached a notable mIoU of 80.1% and OA of 93.1%, and they 
compare these with a standard implementation of RandLA-Net (Hu 
et al., 2020) which yielded an mIoU of 80.6% and an OA of 92.9%. 
While their accuracies are comparable to those reported in our work, 
their dataset is significantly smaller (13.7 million points from two plots), 
and the test data came from a subset of one of them. In contrast, our 
study covers over 850 million points across 14 plots with varied struc
ture and acquisition conditions.

Krisanski et al. (2021) implemented a custom configuration of 
PointNet++ and reported an mIoU of 78.7% and an excellent OA of 
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95.4%. However, their evaluation excluded large portions of the canopy 
and their class definitions did not separate understorey and canopy. 
Despite these simplifications, their mIoU remains slightly lower than our 
best-performing configuration. While their OA is high, our results 
demonstrate that modern transformer-based architectures can match 
this level of accuracy under more complete and structurally heteroge
neous conditions, while discriminating challenging vegetation layers 
like canopy versus understorey. Oviedo de la Fuente et al. (2024) pro
vides the most directly comparable results, as they use the same four 
structural classes and evaluate segmentation on full forest plot TLS data. 
Their best-performing model, DGCNN, achieved an mIoU of 79.4%. In 
our experiments, the PTV3 consistently outperformed this, reaching 
mIoU values above 81% and achieving higher class-wise IoUs, particu
larly for the stems (up to 88.7%) and canopy (up to 94.8%). Further
more, our results were obtained on a larger and more diverse dataset 
that includes both TLS and MLS scans. This introduces greater structural 
diversity, point density, and acquisition variability, further validating 
the robustness of our trained models under more realistic and wider 
applicable field conditions. Collectively, these comparisons show that 
modern transformer-based models, when combined with heterogeneous 
training data and appropriate feature integration, not only match but in 
several cases surpass the best results reported in the literature, even 
under more challenging segmentation setups.

In addition, while prior studies exist which report high accuracy 
(71.2–97.5% OA) for leaf-versus-wood segmentation across various ar
chitectures (Wu et al., 2020; Han & Sánchez-Azofeifa, 2022; Alvites 
et al., 2023; Dai et al., 2023; Jiang et al., 2023; Bryson et al., 2024; Lu 
et al., 2025), these primarily operate at the individual tree level, after 
filtering out the ground and understorey layers. This preprocessing al
ters segmentation dynamics, making direct comparisons to our plot- 
level finding difficult. Xi et al. (2023) used a dataset consisting of 
entire forest plots rather than individual trees, but their focus was 
restricted to distinguishing between stem and coarse woody debris, 
where they achieve an mIoU of 82%.

Similarly, while tree instance segmentation remains a highly active 
research field (e.g., Straker et al., 2023; Henrich et al., 2024; Wielgosz 
et al., 2024; Xiang et al., 2024; Burmeister et al., 2025; Cherlet et al., 
2026), its differing objectives and metrics limit direct comparisons. 
However, a recent large-scale benchmark (Cherlet et al., 2026) reporting 
plot-level results of up to 93% F1-score and Recall, and 95% Precision 
concluded that segmentation quality varied significantly across different 
forest types, a finding that agrees with the variability observed in our 
disaggregated results.

Finally, recent studies have also explored semantic segmentation 
using airborne and UAV laser scanning (ULS), achieving competitive 
results (e.g., 93.6–97.6% OA, 75.7––85.2% mIoU; Xiang et al., 2024; Lu 
et al., 2025) but representing a complementary perspective rather than a 
direct equivalent. ULS provides relatively dense top-down coverage 
whereas TLS and MLS directly capture sub-canopy structures like stems, 
understorey, and ground elements. Thus, both modalities support 
distinct research goals and require tailored modelling strategies.

4.5. Operational Outlook and deployment strategies

The high accuracy and computational efficiency demonstrated by 
architectures like PTV3 and SPT open a new range of downstream ap
plications for precision forestry. By providing a reliable automated 
separation of forest strata, these models facilitate the extraction of key 
inventory metrics such as Diameter at Breast Height (DBH) from the 
stem class, vertical fuel continuity for fire risk modelling from the 
understorey-canopy relationship, and aboveground biomass estima
tions. Furthermore, the ability to isolate the 'Ground' class with rela
tively high fidelity at a 0.05 m resolution could facilitate the generation 
of high-resolution Digital Terrain Models (DTMs) even under dense 
canopy cover.

Software dependencies within the Pointcept framework restrict 

execution to CUDA-enabled environments, which in turn prevents CPU- 
based inference. On the other hand, SPT is 100% portable to CPU. 
Moreover, SPT-Delaunay can achieve faster training and inference times 
than PTV3 while being easier to deploy on a standard PC thanks to its 
lighter weight and a reduced set of CUDA-only software dependencies. 
Overall, these trade-offs suggest that model selection should be guided 
not only by accuracy and runtime, but also by resource efficiency, 
flexibility, and ease of use. To facilitate the adoption of these tools, we 
propose two distinct implementation pathways based on user capacity: 

(i) Direct Inference (Operational Level): For forestry practitioners 
and managers, the pre-trained weights released with this study 
allow for 'out-of-the-box' application. A significant finding of our 
benchmark is the hardware accessibility of certain models; for 
instance, the SPT architecture allows for efficient inference on 
standard CPUs or entry-level GPUs. This facilitates access to deep 
learning, enabling users without specialized HPC infrastructure 
to process large-scale plot data on local workstations.

(ii) Model Adaptation (Research & Development Level): For 
advanced users with access to new datasets or specific forest types 
not covered here, our framework supports Transfer Learning. 
Rather than training from scratch, which requires significant 
computational resources, researchers can potentially fine-tune 
our provided weights with a smaller set of locally labelled data. 
This drastically reduces the entry barrier for developing site- 
specific models.

Nevertheless, although we have released all the code, model weights 
and configuration files, running pre-trained models via Python scripting 
could still be a burden for many forestry practitioners. In the future, the 
inclusion of pre-trained models within user-friendly software could 
unlock new applications of deep learning for structural forest analysis.

5. Conclusions

This study establishes a benchmark of state-of-the-art 3D deep 
learning architectures for the semantic segmentation of ground-based 
forest point clouds. Our findings emphasize the importance of select
ing model architectures and features that are well-aligned with the 
structural characteristics of the target forest type. Transformer-based 
architectures consistently achieved the highest performance, with 
PTV3 attaining the best scores while maintaining competitive processing 
times and high generalizability. SPT and OA-CNN demonstrated effec
tive trade-offs between accuracy and runtime. These differences are, 
however, subject to practical implications in terms of portability and 
ease of deployment in operational settings.

Conifer-dominated plots yielded higher segmentation accuracy than 
broadleaf-dominated plots, particularly for the stem and understorey 
classes. This difference likely reflects structural regularities in conifer 
stands, such as axis-aligned geometries, which facilitate semantic 
discrimination.

Understorey vegetation emerged as a key factor and a classification 
bottleneck, interacting strongly with forest type, scanning technology 
and ground segmentation. Providing models with sufficient training 
data to further separate distinct sub-categories of understorey vegeta
tion could create more consistent geometric targets, potentially easing 
the current classification bottleneck. Conversely, the development of 
thick, “trunk-like” branches in mature stands leads to reduced stem 
segmentation accuracy in favour of the canopy class.

TLS plots were generally segmented more accurately, possibly due to 
higher geometric precision, while graph-based architectures proved 
remarkably robust to the noise inherent in MLS data.

Our results also demonstrate the value of open and diverse bench
mark datasets, such as SegmentedForests, in advancing reproducible 
research in forest remote sensing. Still, future benchmarks should 
expand the scope by incorporating additional forest types such as 
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tropical, boreal, or open-canopy systems. Furthermore, we anticipate 
that future work will benefit from extending this benchmark with 
additional acquisition modalities, integrating synthetic and semi- 
synthetic training data, and adopting self-supervised learning regimes 
to reduce the manual labelling bottleneck. Finally, the integration of 
these segmentation methods into user-friendly software remains a crit
ical next step.

Ultimately, this study provides both a scientific baseline and a 
practical roadmap for deployment. By releasing our pre-trained weights 
and inference tools, we enable two distinct implementation pathways: 
direct inference for operational forest structure assessments and transfer 
learning for researchers seeking to adapt these state-of-the-art models to 
new ecological contexts.

Supplementary Material
Code for PTV3 and OA-CNN implementations is available in htt 

ps://github.com/3DFin/Pointcept_3DFin. Code for PointNeXt imple
mentations is available in https://github.com/3DFin/PointNeXt_3DFin. 
Code for SPT implementations is available in https://github.com/3DFin 
/superpoint_transformer_3DFin.

Benchmark results are available in: https://doi.org/10.5281/zenodo 
.17776120.

The full dataset and 3DFin configuration files listing the parameters 
used to compute Z0 can be found in https://zenodo.org/records 
/17396681 (Laino et al., 2025).
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Laino, D., Cabo, C., Ordóñez, C., Bolanos, R., Janvier, R., Giulioni, F., Herrmann, M., 
Hudak, A., Parsons, R., Santin, C., 2025. SegmentedForests: a labelled dataset of 
terrestrial LiDAR point clouds for semantic segmentation of forests. Forestry: an 
International Journal of Forest Research cpaf062. https://doi.org/10.1093/forestry/ 
cpaf062.

Landrieu, L., Simonovsky, M., 2018. Large-scale point cloud semantic segmentation with 
superpoint graphs. In: In Proceedings of the IEEE Conference on Computer Vision and 
Pattern Recognition (CVPR), pp. 4558–4567. https://doi.org/10.1109/ 
CVPR.2018.00479.

LeCun, Y., Bengio, Y., Hinton, G., 2015. Deep learning. Nature 521 (7553), 436–444. 
https://doi.org/10.1038/nature14539.
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