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Fig. 1 Schematic diagram of eigenvalues of the prior geometric structure of an individual tree
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Fig.2  Overall network framework and module composition of Point Transformer—V3
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Fig. 3 Implementation process of Patch Grouping (Wu et al.,2024)
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Fig. 4 Different patch interaction strategy implementation methods (Wu et al.,2024)
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Fig. 6 Individual tree component segmentation result in each subset by using Point Transformer—V3
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Table 1 Segment accuracy of ITS-3D based on Point Transformer-V3

pigiiE S SRS OA TFEHEE mAce  FIZETF L mloU F T Trunk 5345 Branch - Foliage
TH1 0.959 0.921 0.865 0.966 0.687 0.943
THE4 0.954 0.838 0.788 0.957 0.457 0.951
TS5 0.928 0.872 0.775 0.945 0.473 0.906
THE6 0.974 0.806 0.746 0.862 0.402 0.975
T 0.884 0.808 0.737 0.936 0.403 0.871
TS 0.957 0.907 0.867 0.902 0.741 0.959
F4H9 (UAV) 0.885 0.725 0.609 0.564 0.367 0.897
SEREITS-3D Kidi 4 0.946 0.872 0.806 0.932 0.546 0.940
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Fig. 7 Comparison of the segmentation results of individual tree components with the true values
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Fig. 8 Confusion matrix of the individual component segmentation
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Table 2 Comparison of segmentation accuracy of between the deep learning and the traditional algorithm

XF ARG EE OA F-HHE E mAce FHZLIF H mloU AR5 Wood 1138 Foliage
LeWoS 0.873 0.782 0.684 0.514 0.854
GBS 0.871 0.818 0.695 0.542 0.847
Point Transformer V3 0.952 0.922 0.867 0.794 0.940
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Fig. 10 Comparison of individual—tree component segmentation by different deep learning networks
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Table 3 Comparison of segmentation accuracy of individual components in different deep learning networks

it b i BAKEEOA  FHIREIE mAce SERAEIF L mloU F2F Trunk /345 Branch 3B Foliage
PointNet++ 0.898 0.685 0.628 0.753 0.229 0.903
DGCNN 0.907 0.708 0.650 0.835 0.206 0.909
Point Cloud Transformer 0.818 0.426 0.363 0.273 0.002 0.813
Stratified Transformer 0.925 0.770 0.715 0.899 0.325 0.920
PointNeXt 0.899 0.705 0.641 0.707 0.316 0.900
PointVector 0.886 0.661 0.594 0.635 0.245 0.902
OctFormer 0.946 0.868 0.802 0.918 0.547 0.941
SparseUNet 0.944 0.864 0.799 0.934 0.525 0.937
OA-CNNs 0.942 0.853 0.791 0.932 0.505 0.935
Point Cloud Mamba 0.905 0.694 0.641 0.784 0.234 0.905
Point Transformer V3 0.946 0.872 0.806 0.932 0.546 0.940
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Table 4 Comparison of segmentation accuracy under

different input feature parameters
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Abstract: Forest aboveground biomass (AGB) is a crucial component of the global carbon cycle, playing a key role in monitoring global
carbon dynamics and effectively mitigating climate change. The segmentation of individual tree components to distinguish wood and leaf
structures effectively is an important foundation for accurately estimating the key structural parameters of trees and precisely inferring AGB.
With advancements in technology, the advent of terrestrial LIDAR has provided a novel nondestructive method for estimating tree structural
parameters and AGB. However, current algorithms for individual tree component segmentation that use point clouds exhibit limited
universality across different tree species, and their capability to segment fine branches remains relatively constrained.

Therefore, this study constructs a large individual tree component segmentation dataset, namely, ITS-3D, which contains 713 tree
samples to address the issue of insufficient high-quality training samples for individual tree component segmentation. In addition, the state-
of-the-art point transformer-V3 deep learning network is employed on the ITS-3D dataset for the segmentation of individual tree
components, including the main trunk, branches, and leaf categories. Furthermore, this study optimizes the segmentation performance of the
point transformer-V3 network for individual tree point clouds by constructing individual tree prior geometric features (SoD index, PCA2
index, and verticality index). Subsequently, a comparative study will be conducted with several current major deep learning algorithms.
Finally, this study also validates the effectiveness of the introduced prior geometric features through ablation experiments.

Experimental results demonstrate that the segmentation performance achieved an Overall Accuracy (OA) of 0.946, mean accuracy of
0.872, and mean Intersection over Union (mloU) of 0.806, reflecting high segmentation precision. Even smaller, higher-order branches
within the tree crown are successfully extracted. Moreover, the model’ s OA and mloU values for various TLS subsets of ITS-3D exceed
0.928 and 0.737, respectively, showing high generalization capability across tree species with large geometric structural differences.
Furthermore, compared with other mainstream deep learning networks, the point transformer-V3 network adopted in this study attains the
highest values for segmentation accuracy metrics. In addition, in the performance comparison with traditional leaf-wood separation
algorithms, such as LeWoS, the point transformer-V3 network increases OA and mloU by 7.9% and 17.2%, respectively. This result fully
demonstrates the excellent performance and generalization capability of high-performance deep learning techniques in individual tree
component segmentation across multiple tree species. Finally, when all the prior geometric features of trees are incorporated as input in the
ablation experiments, the OA and mloU of the segmentation results reach their peak values of 94.63% and 80.59%, respectively. This
finding represents an increase of 0.29% and 0.42% compared with the scenario where only the 3D coordinates of point clouds are used as
input, indicating that introducing effective individual tree prior features during training can better promote the segmentation effect of a deep
learning network.

Through this research, the application of state-of-the-art deep learning technology to individual tree component segmentation can be
improved further, providing technical support for the precise estimation of tree structural parameters.

Key words: individual tree component, LIDAR point clouds, semantic segmentation, prior features, deep learning, leaf-wood separation,
branch extraction, serialized attention mechanism
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