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Abstract: Objectives: To address the problem of internal inconsistency of classification targets in existing
three dimensional(3D) point cloud data segmentation and classification methods. we propose a high—preci-
sion classification method for indoor point cloud jointly optimized by super voxel random forest and long
short-term memory (LSTM) neural network. Methods: The method takes into account that the super voxel
structure has the characteristics of internal feature consistency, divides the original point cloud into super

voxels, and uses super voxels as the basic unit for multivariate feature calculation to build a super voxel ran-
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dom forest classification model for indoor point cloud to achieve coarse classification of point cloud data. On
this basis, LSTM is introduced to train and predict the neural network model for the hyper voxel neighbor-
hood connectivity of coarse classification to achieve the optimization of hyper voxel coarse classification re-
sults. The validity and accuracy of the proposed classification method are verified based on the open dataset.
Results: The results show that the classification accuracy of the proposed classification method can reach
83.2% for 13 types of elements in the open dataset. The training data of the LSTM optimization network
proposed in this paper used only the label information of region 1 for model training, while other deep learning
frameworks used regions 1-5 for model training, so from the perspective of training data requirements, the
point cloud data classification framework proposed in this paper can achieve a relatively better prediction re-
sult with a small portion of the training data set. The super voxel-based LSTM optimization method ap-
proach has high classification accuracy on objects with obvious set features such as ceiling, floor and wall,
however, it is inferior to the deep learning algorithm RandlLA—-Net in classifying objects with complex struc-
tures such as chair, sofa and bookcase. Conclusions: In this paper, we consider the association characteris-
tics between different types of elements embedded in the connection relations among super voxels, and in-
troduce LSTM to train and predict the model for the coarse classification of super voxel neighborhood con-
nection relations to achieve the optimization of coarse classification results of super voxels. The proposed
method can achieve better classification accuracy when trained with small samples compared with the classi-
cal deep learning framework.
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Fig.2  Classification of Indoor Point Clouds of LSTM Optimization
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Tab.1 Comparison of Classification Accuracy of Different Methods/ %

BIREBIL BIKFELSTM HEFHHER

by . ) . PointCNN PVCNN++ PointNet+ -+ RandLA-Net
ML 2 xta RF 732
mloU 39.2 46.3 8.7 65.4 59.0 54.5 70
mAcc 72.4 83.2 24.3 75.6 87.1 82
x2 ARFEEAREEYERSEBEILL/ %
Tab. 2 Comparison of Classification Accuracy of Different Methods in Different Types of Objects/ %
5 KA MR b P FE WP ] ®yY KT YWk o BE i FS7)
HRE LSTM ik 97 99 80 56 20 38 35 59 20 5 34 26 33

RandILA-Net 93.1 96.1 80.6 62.4 48 64.4 69.4 69.4 76.4 60 64.2 65.9 60.1
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Tab.3 Comparison of Training Time and Prediction
Time of Different Methods/min

T5 i Il 2515 1] T e [R]
PointCNN 288 19
PVCNN++ 305 14
PointNet+ + 269 13
RandLA-Net 241 8
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