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Abstract

Individual tree species classification from LiDAR (Light Detection And Ranging) point clouds has significant potential to sup-
port forest inventory and management, yet remains challenging due to complex three-dimensional canopy structures and the lim-
ited availability of labelled ground truth data. This study investigates self-supervised learning for tree species classification from
LiDAR point clouds by comparing the PointMAE, a masked autoencoder-based model, with two supervised baselines, PointNet
and PointNet++. Using the FOR-species20k dataset, two experiments were conducted: a 33-species classification and a 6-species
classification, each evaluated with point cloud sizes of 2048 and 8192 points. Using 2048 points, the PointMAE achieved the
highest overall accuracy in both experiments (0.67 and 0.89 respectively), outperforming PointNet++ (0.63 and 0.84) and PointNet
(0.39 and 0.75). Across all models, performance decreased when using 8192 points, indicating sensitivity to point cloud density
and sampling. Per-species analysis showed that coniferous species with distinctive crown geometries were the easiest to classify,
while broadleaf species with similar crown forms, particularly Carpinus betulus, were the most challenging. These results show that
self-supervised pretraining can improve classification accuracy over fully supervised approaches, highlighting its value for forestry
applications where labelled data are limited.

1. Introduction

Accurate individual tree species classification is crucial for sus-
tainable forest inventory management and forest biomass estim-
ation. Advances in remote sensing, particularly Light Detection
and Ranging (LiDAR), enable three-dimensional (3D) analysis
of forest structure through point clouds. At the individual-tree
level, LiDAR point clouds capture fine-scale crown geometry
and vertical structure, which are highly informative for tree spe-
cies differentiation (Li et al., 2025). However, the rich struc-
tural detail captured by LiDAR point clouds also introduces
substantial intra- and inter-species variability, making reliable
tree species classification challenging in structurally complex
forest canopies (Ma et al., 2024).

Recent developments in deep learning, such as point-based
and transformer-based models, have led to increasingly accur-
ate results for pattern recognition tasks, including tree spe-
cies identification. Two types of models are particularly rel-
evant in this context. Point-based models, such as PointNet (Qi
et al., 2017a) and PointNet++ (Qi et al., 2017b) operate dir-
ectly on 3D LiDAR point clouds, enabling the modelling of
local geometric structure through neighbourhood aggregation.
Transformer-based models have also garnered attention due to
the flexibility of their self-attention mechanisms and strong per-
formance across a range of domains, including natural language
processing (Vaswani et al., 2017) and computer vision (Doso-
vitskiy et al., 2020). However, despite their performance gains,
deep learning models require large labelled datasets to per-
form optimally, posing a major challenge given the time- and
cost-intensive nature of collecting ground-truth species labels
(Wang et al., 2024).

In response to the limited availability of labelled data, al-
ternative learning paradigms that reduce reliance on manual
annotation warrant consideration. Unsupervised learning ad-
dresses label scarcity by discovering intrinsic patterns in un-
labelled data; however, it typically lacks task-oriented super-
visory signals required for effective downstream classifica-
tion. In contrast, self-supervised learning (SSL) introduces
structured supervision through automatically generated pretext
tasks, enabling the learning of transferable feature representa-
tions without human-annotated labels (Rani et al., 2023). As a
result, a self-supervised learning framework is adopted in this
study to reduce reliance on manual species annotations while
learning transferable feature representations from LiDAR point
clouds.

Within this self-supervised learning paradigm, Masked Autoen-
coders (MAEs) have demonstrated strong performance in nat-
ural language processing and computer vision by learning rich
feature representations through the reconstruction of masked in-
put data (He et al., 2021; Baevski et al., 2022). MAEs have re-
cently been extended to 3D point clouds through models such as
PointMAE (Pang et al., 2022). The PointMAE divides a point
cloud into patches, masks a large portion of them, then trains
the model to reconstruct the missing geometry from features
learnt through the visible patches. This self-supervised pre-
training enables the model to learn meaningful structural and
geometric features without requiring manually-annotated spe-
cies labels, directly addressing the challenge of limited ground
truth available in forestry applications. Following pretraining,
the encoder can be finetuned for downstream classification us-
ing a substantially smaller set of labelled samples.

This study evaluates the potential of self-supervised learning for
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tree species classification from LiDAR point clouds by compar-
ing the PointMAE against two supervised baselines, PointNet
(Qi et al., 2017a) and PointNet++ (Qi et al., 2017b). Using the
FOR-species20k benchmarking dataset (Puliti et al., 2024), two
experiments are conducted: a 33-species classification evalu-
ated through an online benchmark, and a 6-species classifica-
tion evaluated locally. In addition, the effect of point cloud size
is examined by testing samples with 2048 and 8192 points. The
main contributions of this study are as follows:

1. A systematic evaluation of self-supervised learning is
presented for individual tree species classification from
LiDAR point clouds, focusing on the PointMAE model
and comparing self-supervised pretraining with fully su-
pervised point-based baselines (PointNet and PointNet++)
on the large and heterogeneous FOR-species20k dataset.

2. The effects of point cloud size and species-level structural
variability on classification performance are analysed.

3. The practical implications of self-supervised learning for
forestry applications where labelled data are limited are
discussed.

2. Methods

2.1 Dataset

The dataset used for this study is the FOR-species20k, a large-
scale publicly available benchmarking dataset that consists of
individual tree point clouds and is designed for tree species
classification (Puliti et al., 2024). The dataset consists of over
20,000 tree point clouds across 33 species, with data samples
being captured through terrestrial (TLS), mobile (MLS), and
UAV laser scanning (ULS). It is important to note that the
FOR-species20k does not apply harmonisation or normalisation
across samples from different scanning platforms. The FOR-
species20k dataset combines 25 different datasets across vari-
ous European, North American, and Australian forests, cover-
ing different dominant genera such as Pinus, Fagus, Picea, and
Carpinus. Within the dominant species, the dataset covers each
developmental stage from young saplings to mature trees (Pu-
liti et al., 2024). The dataset is split into training and testing
sets with a 90:10 ratio, with the testing set labels being with-
held. For the training dataset, each tree has associated metadata
about the species label, genus, scanning platform, and approx-
imate tree height.

This study explores two different experimental setups: one
which utilises the entire dataset and is evaluated through an
online benchmarking website from Puliti et al. (2024), and a
second which utilises the 6 species with the most samples from
the training dataset and is evaluated locally. The six species se-
lected for the second experiment are shown in Table 1. Even
with the dataset being trimmed to just six species from exclus-
ively the training set, the total number of samples available is
11,258. This study also explores the resulting differences when
the data is downsampled to different point cloud sizes, namely
2048, denoted 2k, and 8192, denoted 8k. For experiment 1,
the training dataset was split into 85% train and 15% validation
datasets using stratified sampling, with the unlabelled test data-
set being used for testing. For experiment 2, only the 6 species
with the most samples, shown in Table 1, were used, with the
samples being split into 70% train, 15% validation, and 15%
testing datasets using stratified sampling.

Species Samples
Pinus sylvestris 3296
Fagus sylvatica 2482
Picea abies 1983
Carpinus betulus 1243
Acer campestre 1240
Quercus faginea 1014

Table 1. The six most represented species in the training dataset,
used for testing on a smaller number of species.

2.2 Data Preprocessing

For preprocessing the dataset, all of the point clouds were nor-
malised by centering the points around the origin and scaling
them to fit within a unit sphere. By scaling every point cloud
to be within the range [−1, 1], variance associated with differ-
ences in tree size and height is reduced. After normalisation,
FPS (Farthest Point Sampling) is applied to downsample the
point clouds to the same size. For data augmentations, random
rotation (full 360◦ rotation around the z-axis, and ±15◦ tilt for
the x and y axes), random scaling in the range [0.8, 1.2], and
Gaussian noise with a standard deviation of σ = 0.01 and a
maximum magnitude of 0.05 were all applied to the training
dataset. Applying each augmentation independently to gener-
ate additional samples increased the size of the training dataset
by a factor of four.

2.3 PointMAE

PointMAE was first introduced by Pang et al. (2022) as a
self-supervised learning framework that applies masked autoen-
coding to 3D point clouds. PointMAE is formulated as a de-
noising autoencoder, in which noise is introduced into the input
point clouds by masking portions of the data, and the model is
trained to reconstruct the original geometry from the remaining
visible points. The training pipeline follows a two-stage proced-
ure consisting of self-supervised pretraining on unlabelled point
clouds, followed by supervised finetuning for downstream tree
species classification. The pretraining and finetuning pipeline
follows the implementation of Pang et al. (2022), with modific-
ations to the data augmentation and finetuning configuration to
suit the FOR-species20k dataset. The details of each stage are
described in the following subsections.

2.3.1 Stage 1: Self-Supervised Pretraining The full FOR-
species20k dataset was used for pretraining in both experi-
ments, without any species labels. Since the pretraining ob-
jective operates on exclusively point coordinates, no class dis-
criminative information is introduced.

For the 2k dataset, each point cloud is tokenised into 64 patches
of 32 neighbouring points each; for the 8k dataset, 128 patches
of 64 points are used. Each patch can overlap and is represented
by subtracting its centroid from the local coordinates, which are
then projected into a 384-dimensional token. Positional embed-
dings are produced by a learnable MLP that maps each patch
centroid to the same embedding dimension (Pang et al., 2022).

Since patches are able to overlap, masking is applied at the
patch level rather than per-point to preserve the completeness of
each patch’s local geometry. Pang et al. (2022) found the most
success with a masking ratio within the range of 60% − 80%.
As such, a 70% masking ratio is used for this study, applied by
randomly selecting patches to mask. The masked patches are
then replaced by shared learnable mask tokens, a trainable em-
bedding projected to the decoder’s input dimension (192-dim).
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Figure 1. Example of how the visible and masked patches look on Eucalyptus miniata (top) and Pinus sylvestris (bottom) samples
from the 8k dataset, and how the masked patches get reconstructed on epoch 300. Each patch is visualised through a different colour.

Reconstructed points are shown in red.

Visible tokens are passed through a transformer encoder (384-
dim, 6 heads); the resulting encoded tokens, together with the
learnable mask tokens, are received by a decoder (192-dim,
6 heads) to reconstruct the point coordinates of the masked
patches. Feeding only the visible tokens into the encoder re-
duces the number of input tokens and avoids leakage of pos-
itional information that would degrade feature learning (Pang
et al., 2022). The reconstruction objective is the Chamfer Dis-
tance between the predicted and ground-truth coordinates in the
masked regions. Some examples of the patches used and the re-
constructed point cloud can be seen in Figure 1.

Augmentations (random rotation, scaling, Gaussian noise) are
applied to all samples each epoch. Pretraining runs for 300
epochs across both the 2k and 8k configurations, using the
Adam with decoupled weight decay (AdamW) optimiser with a
learning rate of 0.001 and a weight decay of 0.05, gradient clip-
ping at a maximum norm of 1.0, and a learning rate schedule
of 10 epochs of linear warmup followed by cosine annealing to
1× 10−5.

2.3.2 Stage 2: Supervised Finetuning Following pretrain-
ing, the encoder is finetuned for species classification using la-
belled training samples. The pretrained tokeniser, positional
embedding, and encoder are retained from pretraining. Unlike
during pretraining, all patches are fed into the encoder, and the
resulting encoded tokens are aggregated into a global feature
vector via concatenated max-pooling and mean-pooling.

A classification head consisting of two fully connected layers
(512 and 256 units) with batch normalisation, ReLU activa-
tions, and 20% dropout is appended to map the global feature

vector to species predictions. To address class imbalance, we
use inverse-frequency class weighting in the cross-entropy loss
with label smoothing of 0.1 to reduce overfitting.

A differential learning rate is applied, with the encoder para-
meters being trained at 0.2× the base learning rate to preserve
pretraining representations, while the classification head trains
at the full rate of 1 × 10−4. Finetuning runs for 150 epochs
using AdamW (weight decay of 0.05) with 10 epochs of linear
warmup followed by cosine annealing to 1×10−6, and gradient
clipping at a maximum norm of 1.0.

2.4 PointNet and PointNet++

PointNet (Qi et al., 2017a) and PointNet++ (Qi et al., 2017b)
serve as fully supervised baselines, trained end-to-end on la-
belled species data without a pretraining stage. PointNet ag-
gregates per-point features into a global representation via max-
pooling, while PointNet++ extends this with a hierarchical set-
abstraction architecture that captures local geometric structure
at multiple scales.

For the PointNet implementation, an orthogonality regularisa-
tion term is applied to the feature transformation matrix to pre-
serve distances and angles between points. For PointNet++,
two set abstraction layers with multiple radii (0.1/0.2/0.4 and
0.2/0.4/0.8) extract hierarchical features, followed by a global
set abstraction and classification head with dropout rates of 0.4
and 0.5.

Both models use negative log-likelihood loss with inverse-
frequency class weighting, AdamW with a learning rate of
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Model Exp. Points OA Precision Recall F1
PointNet 1 2048 0.39 0.38 0.37 0.35

1 8192 0.37 0.35 0.35 0.32
2 2048 0.75 0.71 0.73 0.71
2 8192 0.65 0.58 0.60 0.58

PointNet++ 1 2048 0.63 0.67 0.61 0.63
1 8192 0.48 0.52 0.48 0.47
2 2048 0.84 0.81 0.82 0.82
2 8192 0.83 0.80 0.81 0.80

PointMAE 1 2048 0.67 0.67 0.66 0.66
1 8192 0.65 0.69 0.64 0.64
2 2048 0.89 0.87 0.87 0.87
2 8192 0.76 0.78 0.79 0.76

Table 2. Test results across all models, experiments, and point cloud sizes. Precision, recall, and F1 are macro-averaged. Bold
indicates best performance per experiment.

0.001 and weight decay of 0.05, 10 epochs of linear warmup
followed by cosine annealing, and gradient clipping at a max-
imum norm of 1.0. Both are trained for 200 epochs with early
stopping applied at a patience of 25 epochs based on validation
accuracy.

3. Results

Table 2 presents the results across both experiments and point
cloud sizes. In both experiments, PointMAE achieved the
highest overall accuracy at the 2048 point cloud size, outper-
forming PointNet++ by 0.04 OA in experiment 1 (0.67 vs. 0.63)
and by 0.05 in experiment 2 (0.89 vs. 0.84). PointNet con-
sistently ranked lowest across all experiments and point cloud
sizes.

Across all models, performance decreased when the point cloud
size was increased from 2048 to 8192, though the magnitude
of the drop varied considerably by model. The PointNet++
showed the largest drop among all models in experiment 1
(0.15 OA) but the smallest in experiment 2 (0.01 OA). A not-
able exception to PointMAE’s overall lead emerged on the 8k
dataset in experiment 2, where PointNet++ outperformed Point-
MAE by 0.07 OA (0.83 vs. 0.76).

Figure 2 shows the normalised confusion matrix for the Point-
MAE on the 2k dataset in experiment 1. Among the 33 spe-
cies, 8 achieved above 80% recall, namely Picea glauca, Pinus
contorta, Pinus radiata, Pinus resinosa, Corylus avellana,
Eucalyptus miniata, Populus deltoides, and Quercus rubra.
Within-genus confusion was most pronounced among Quer-
cus, Pinus, and Fraxinus species, where geometrically similar
crowns within the same genus produced the largest off-diagonal
concentrations.

Species Precision Recall F1 Support
Acer campestre 0.82 0.78 0.80 186
Carpinus betulus 0.61 0.73 0.66 186
Fagus sylvatica 0.91 0.85 0.88 372
Picea abies 0.97 0.93 0.95 298
Pinus sylvestris 0.95 0.96 0.96 495
Quercus faginea 0.93 0.97 0.95 152
Macro avg 0.86 0.87 0.87 1689

Table 3. Per-species test results for the PointMAE with the 2048
point cloud size in experiment 2.

Per-class results for the PointMAE in experiment 2 (Table 3)
show that Pinus sylvestris, Picea abies, and Quercus faginea
achieved the highest F1-scores (0.96, 0.95 and 0.95 respect-
ively), while Carpinus betulus was the most challenging (0.66).
This pattern was consistent across all models in experiment 2.

4. Discussion

4.1 Self-Supervised Pretraining vs. Supervised Baselines

The PointMAE’s advantage over both supervised baselines at
the 2048 point cloud size suggests that self-supervised pre-
training captures more transferable geometric features than
end-to-end supervised training achieves with equivalent la-
belled data. However, this advantage is not unconditional:
the reversal on the 8k dataset in experiment 2, where Point-
Net++ outperformed PointMAE, indicates that SSL benefits are
configuration-dependent and that pretraining must be tailored to
point density to remain effective.

It should be noted however, that the PointMAE encoder was
pretrained on the full FOR-species20k dataset, including the
geometric structure of test samples that the supervised baselines
never observed during training. Although no species labels
were used during pretraining, this asymmetry in data exposure
means that the performance gap between PointMAE and the su-
pervised baselines cannot be attributed solely to the benefits of
self-supervised pretraining. Future work should pretrain using
only the training split to isolate the contribution of SSL from
incidental geometric familiarity with the test set.

One limitation of this evaluation is that neither of the baseline
models used, the PointNet and PointNet++, shared architec-
tural similarities with the PointMAE. The lack of another SSL
model, such as the PointM2AE (Zhang et al., 2022), and a
transformer-based model, such as the Point Transformer (Zhao
et al., 2021), makes it difficult to discern whether the increased
performance is due to self-supervised pretraining or the self-
attention mechanisms shown in transformer models. Along-
side introducing similar architectural models, another way to
verify the benefits is to forgo pretraining, finetune the Point-
MAE’s encoder, and compare the results against the pretrained
model. Performing an ablation study on the encoder in this
manner would also help determine whether the data exposure
asymmetry noted above inflates the apparent benefit of SSL.

4.2 Effects of Point Cloud Size and Species-Level Struc-
ture

The diversity of the samples in the FOR-species20k dataset,
while a boon for training a generalisable model, introduces sig-
nificant challenges for classification. The varying scanner types
utilised each produced point clouds with different densities and
point distributions, which combined with the absence of har-
monisation or normalisation across each sample, increases the
difficulty of learning consistent features across species and plat-
forms. This variation can also directly impact preprocessing
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Figure 2. Normalised confusion matrix for the PointMAE with the 2048 point cloud size in experiment 1 (33 species). Values
represent the percentage of true samples predicted as each class. Figure as returned by the FOR-species20k benchmarking platform

(Puliti et al., 2024).

steps such as FPS downsampling, as its greedy approach to
downsampling could potentially discard structurally important
regions in unevenly dense point clouds.

The performance drop with increased point cloud size likely re-
flects the fixed hyperparameter configuration used across both
settings. With the exception of the PointMAE’s patch count
and patch size, no other parameters were adjusted for the 8k
setting, including the learning rate, neighbourhood radii in the
PointNet++, or the number of pretraining epochs for the Point-
MAE. Under these conditions, the additional points may have
introduced extra noise rather than meaningful structural detail.
The differential impact across models and experiments is also
notable: in experiment 2, PointNet++’s hierarchical multi-scale
architecture showed considerably greater resilience than Point-
Net or PointMAE, yet this pattern did not hold in experiment 1,
where PointNet++ experienced the largest drop among all mod-
els. This suggests that the benefits of multi-scale feature ex-
traction at higher point densities may be modulated by classi-
fication task complexity. The larger drop for the PointMAE
in experiment 2 could reflect overfitting during pretraining, as
300 epochs on larger point clouds with more visible tokens may
produce less generalisable feature representations. Future work
should investigate the effects of varying pretraining duration

and configuration on PointMAE performance at higher point
densities.

Across each model in experiment 2, coniferous species such as
Pinus sylvestris and Picea abies were consistently the easiest
to classify, which is likely due to the distinct crown shape in
point cloud form. Quercus faginea was also consistently easy
to classify despite having the least number of samples in exper-
iment 2, suggesting that the structural features of the species
are distinctive enough for reliable classification. In contrast,
Carpinus betulus was consistently the most challenging species
to classify across all configurations. As seen in Table 3, both
the F1-score (0.66) and precision (0.61) are significantly lower
than the next lowest F1 and precision (Acer campestre, 0.80 and
0.82 respectively), indicating that other species were frequently
misclassified as Carpinus betulus, while the lower recall (0.73)
suggests that true Carpinus betulus samples were being classi-
fied as other classes. This pattern of confusion with Carpinus
betulus samples was also observed by Puliti et al. (2024), with
roughly a quarter of all true Carpinus betulus samples being
predicted to be Fagus sylvatica samples with their DetailView
method. This cross-family confusion is likely due to the similar
convergent crown forms that each of these species exhibits.
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The confusion matrix from experiment 1 (Figure 2) extends
this pattern to the full 33-species classification, where within-
genus confusion was most pronounced among Pinus, Quercus,
and Fraxinus species. This is consistent with the crown geo-
metry argument: species within the same genus tend to share
similar architectural forms, making them harder to distinguish
from point cloud structure alone. Conversely, the eight spe-
cies exceeding 80% recall (Picea glauca, Pinus contorta, Pinus
radiata, Pinus resinosa, Corylus avellana, Eucalyptus mini-
ata, Populus deltoides, and Quercus rubra) are also consist-
ent with this pattern, as each tends to exhibit relatively dis-
tinctive crown architectures. However, several of these spe-
cies are North American or Australian, and their high recall
may also reflect distributional uniqueness within the predom-
inantly European dataset rather than purely morphological dis-
tinctiveness. These findings, together with the experiment 2
results, where Quercus faginea achieved near-perfect recall des-
pite having the fewest samples, suggests that crown geometry is
an important driver of per-species performance, though scanner
source and geographic representation in the training data may
also contribute.

4.3 Practical Implications for Forestry Applications

A central motivation for SSL in forestry applications is the
high cost and time associated with acquiring labelled ground
truth data. Collecting ground truth data and individual tree de-
lineation are time consuming and costly (Wang et al., 2024),
making large-scale labelled datasets difficult to produce. This
study directly demonstrates the SSL pipeline under condi-
tions that reflect the learning paradigm’s intended use: the
PointMAE was pretrained on the full FOR-species20k data-
set without any labels, then finetuned using only the labelled
training split, matching the labelled data available to the su-
pervised baselines. The pretrained model outperformed end-to-
end supervised training under equal label budgets in the ma-
jority of configurations, with the exception of the 8k dataset in
experiment 2. This suggests that within a dataset where indi-
vidual trees have already been delineated, SSL pretraining on
the unlabelled portions of data can improve classification over
supervised-only approaches, reducing the number of species
annotations required.

However, the benefits of SSL were not evaluated under expli-
citly label-limited conditions, as both the PointMAE and the
supervised baselines were finetuned on the same labelled train-
ing set. Future work should aim to evaluate the ability for
self-supervised learning to train a model on unlabelled data by
constraining the amount of samples used in finetuning, such as
through progressively reducing label fractions (e.g. 50%, 25%
of available training labels) or using underrepresented species
with few labelled samples (e.g. the six species with the least
number of samples in the FOR-species20k dataset) in order to
quantify the practical label efficiency of SSL pretraining.

5. Conclusion

This study evaluated self-supervised pretraining with the Point-
MAE for individual tree species classification from LiDAR
point clouds, benchmarked against fully supervised PointNet
and PointNet++ baselines on the FOR-species20k dataset.

Self-supervised pretraining improved general classification per-
formance over supervised baselines when using the same la-
belled finetuning data, with PointMAE achieving 0.67 and

0.89 OA on the 2k dataset in the 33 and 6-species experiments
respectively. This advantage, however, diminished at larger
point cloud sizes without corresponding hyperparameter ad-
justments, implying that the benefits of SSL are configuration-
dependent.

Increasing the point cloud size from 2048 to 8192 reduced per-
formance across all models, though the impact varied by model
and experiment. PointNet++ showed the greatest resilience in
experiment 2 but the largest drop in experiment 1, suggesting
that the relationship between architecture and point density is
modulated by task complexity. Species-level analysis revealed
that coniferous species with distinctive crown geometries were
consistently the easiest to classify, while broadleaf species with
similar crown forms, particularly Carpinus betulus, posed the
largest challenge.

These results suggest that SSL pretraining on unlabelled point
clouds is a promising strategy for forestry applications where
annotated data is costly to collect. However, since the Point-
MAE encoder was pretrained on the full dataset including test
set geometry, the observed performance advantage over super-
vised baselines may be partially attributable to incidental geo-
metric familiarity with the test samples rather than SSL bene-
fits alone. Future work should pretrain using only the train-
ing split to isolate SSL contributions from data exposure asym-
metry, conduct an ablation study comparing pretrained and non-
pretrained encoder finetuning, test finetuning under reduced la-
bel budgets and sample sizes, include both a supervised trans-
former and another SSL baseline to disentangle architectural
from SSL contributions, and explore pretraining schedules op-
timised for high-density point clouds.
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