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Abstract: [Objective] The structural stability of tall trees is central to the sustainable management of
landscape forests, and their precise monitoring and information extraction have become key tasks in urban
green space management. However, understory clutter, such as supports and shrubs, often obscures or
confuses trunk point clouds, limiting the accuracy of forest information acquisition. To address this issue,
this study proposes an automatic understory clutter filtering method to obtain clear and accurate structural
information of tall tree trunks, thereby supporting digital monitoring and refined management of urban
forests. [Method] This paper presents UFNet, an intelligent filtering method based on MLS point clouds.
To accurately extract local geometric features within voxels, the method first enhances the original point
cloud features through a voxel feature encoding module. Subsequently, a submanifold sparse convolution
module is employed to efficiently extract deep semantic information while preserving data sparsity, thus
avoiding ineffective feature diffusion in complex forest scenes. Finally, a hierarchical encoder-decoder
architecture is used to achieve multi-scale feature fusion, enhancing the perception of small clutter objects
and tree trunk boundaries, thereby enabling precise automatic filtering of understory clutter. [ Result] UFNet
demonstrates robust semantic segmentation performance in complex understory environments, effectively
distinguishing clutter from trunks. In experiments conducted in forest plots at the Shanghai Botanical
Garden, UFNet achieved an overall precision of 88.72%, recall of 88.65%, F-score of 88.69%, and
Intersection over Union (IoU) of 79.67%. Compared with five other deep learning methods, UFNet
improved these four metrics by 3.48-10.21, 5.04-11.37, 4.27-10.80, and 6.63—15.88 percentage points,
respectively. Following clutter filtering, the point cloud structure became markedly clearer, with the F-score
for individual tree segmentation increasing to 94.64% and the IoU rising to 89.83%. [Conclusion] UFNet
exhibits effective capability in understory clutter filtering and can effectively enhance the accuracy of
structural information acquisition for tall trees. It provides critical technical support for 3D modeling and
refined management of tree-dominated urban landscape forests.

Key words: urban forest; Mobile Laser Scanning (MLS); understory clutter filtering; point cloud semantic
segmentation; submanifold sparse convolution; hierarchical encoder-decoder; deep learning; individual tree

segmentation
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Fig. 4 Visualization of understory clutter filtering results for the Shanghai Botanical Garden dataset
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Fig. 5 Visualization of understory clutter filtering results for the Nanjing Forestry University dataset
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Tab. 1 Comparison of different methods in test plots %
. b B [ NN eiE
/ K REREIE:S Fior LI Uit 3 FEImES Fir ¥ IR
Pointnet++ 78.51 77.28 77.89 63.79 80.51 79.28 79.89 66.51
PointGroup 80.32 79.45 79.88 66.53 82.12 81.15 81.63 68.96
SCF-Net 83.69 82.12 82.91 70.79 84.07 83.04 83.55 71.75
Voxelnet 82.47 81.54 82.01 69.49 85.19 83.72 84.45 73.08
PCSCNet 85.24 83.61 84.42 73.04 86.44 84.91 85.67 74.93
UFNet 88.72 88.65 88.69 79.67 89.82 89.65 89.73 81.38
x2 AEFAENDEDFEBHELLER
Tab. 2 Comparison of segmentation boundary accuracy using different methods %
it b Hed 4 [EpR SN /S
Tk
BloU BF-score BloU BF-score
Pointnet++ 58.93 73.41 61.86 76.18
PointGroup 61.17 75.26 64.37 77.68
SCF-Net 66.07 79.43 67.12 80.57
Voxelnet 64.38 78.46 69.04 82.07
PCSCNet 68.79 81.12 71.82 83.93

UFNet 76.23 87.06 79.24 89.17
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Fig. 6 A local enlarged comparison of the segmentation effects of PCSCNet and UFNet in some typical areas
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Fig. 7 Comparison of individual plant segmentation effects before and after filtering out interfering substances
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Tab.3 Comparison of individual tree segmentation results across all experimental plots in Shanghai Botanical Garden

b3 ik HIEH fRIEZ (G3zES ¥ 1% H B /% F\5r80% 2 FEE/%
KA 2L 232 52 110 81.69 67.84 74.12 62.13
ARIERR 265 34 77 88.64 77.52 82.68 70.48
Pointnet++ 275 30 67 90.16 80.41 85.01 72.39
PointGroup 283 24 59 92.17 82.75 87.17 74.91
SCF-Net 295 22 47 93.06 86.26 89.52 78.85
R E Voxelnet 286 30 56 90.51 83.63 86.93 76.31
PCSCNet 301 17 41 94.66 88.01 91.22 82.44
UFNet 318 12 24 96.36 93.03 94.64 89.83
F4 HELEIE
Tab.4 Ablation experiment
et P AL i B AR R AR T2 - 2 T 1% HEER I /5
Variant-1 x v \ 83.59 537
Variant-2 \ v x 82.13 493
Variant-3 \/ x 79.61 9.21
UFNet S V 88.72 5.42
x5 HIUSENEBESN
Tab. 5 Trimmed data sensitivity analysis %
BT v B /m KR FECIE Fir 3 AZIELE
4 88.63 88.66 88.64 79.55
5 88.70 88.62 88.66 79.62
6 88.72 88.65 88.69 79.67
7 88.66 88.69 88.68 79.61
8 88.57 88.60 88.58 79.50
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Fig. 8 Effects of voxel grid size and number of SSC-block stacking

layers on model performance
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