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Abstract: With the continuous development of three-dimensional (3D) data acquisition technology in re-
cent years,the acquisition of three-dimensional large-scale scene point cloud data is becoming more and
more convenient. At present,the deep learning network framework is becoming more and more mature in
the field of two-dimensional (2D) image processing, while the large-scale scene point cloud is a kind of
3D irregular data. When using 3D convolutional neural networks in deep learning to directly process
large-scale scene 3D data, there will be problems such as low classification accuracy and high computa-
tional complexity. Therefore,to effectively solve the problems of long computation time and low classifi-
cation accuracy in point cloud classification based on deep learning, this paper proposes a binary neural
network-based classification method for large-scale scene point cloud. designing the eigenvalue calculation
method for irregular 3D point cloud data, processing the input point cloud feature images based on IR-
Net binary neural network,further adopting Dynamic Rel.U activation function to improve the computa-
tional efficiency of the neural network,and finally deriving the point cloud classification results. The ex-
perimental results show that the proposed method achieves 97. 6% classification accuracy on the Oakland
dataset and 92. 3% and 97. 2% in the GML dataset, Experimental results show that Dy-ResNet can ef-

fectively improve the accuracy of point cloud classification, reduce the complexity of calculation and im-

% E-mail; lry@hznu. edu. cn
5 B #9:2021-06-22  {&1T HEA :2021-07-30
EEWA : HEK B ARPEASE (T187213D) . WiLARHE TR H -5 S & (2018C01080) FIHf VL4 A SRR = I & IR F H 4F
(1LQ22F030004) ¢ BhIwi H



AT T HM A M KGR Ak

prove training efficiency.
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Fig.1 binary neural network framework for large-scale scene point cloud classification
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Tab.1 Binary neural network framework design table
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Tab.2 Comparison of experimental results

of different network frameworks

Network model Classification accuracy

Dy-ResNetl8_lwla 97.6%
ResNetl18_lwla 97.2%
ResNet20_lwla 97.2%
ResNet20_1w32a 96.5%
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Tab.3 Confusion matrix of Dy-Resnet network framework

Wire Scatter_misc Pole Ground Facade

Wire 22.5% 0.01%  60.3% 1.08% 15.2%
Scatter_misc 0.28%  71.8%  19.6% 0.16% 8.16%
Pole 5.02%  0.0%  93.7% 0.01% 1.0%
Ground  0.01%  0.01%  0.00% 99.7% 0.01%
Facade  2.7%  0.01%  0.88% 0.01% 96.4%
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Tab. 4 Accuracy of different categories of each binary neural network framework

Wire Scatter_misc Pole Ground Facade

Dy-ResNet18_lwla 22.5% 71.8% 93.7% 99.7% 96. 4%
ResNet18_lwla 0.0% 92.1% 94.8% 98.9% 99.2%

ResNet20_lwla 10.0% 78.6% 68.8% 99. 0% 92.9%

ResNet20_1w32a 34.2% 93.0% 23.9% 99.2% 93.7%
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Tab.5 Time efficiency comparison of different network model

Network model Training time

Dy-ResNetl18 6 h£0.5 h
ResNetl8_lwla 6 h+0.5h
ResNet20_1wl 6.5 h®+0.5h
ResNet20_1w32a 7h+0.5h
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Tab. 6 Comparison accuracy of different methods

Category Ref. [19]Ref. [20]Ref. [21]Ref. [22] Ours

Scatter_misc 90.7% 80.68% 80.55% 92.0% 71.8%

Wire 5.3% 92.93% 93.08% 10.7% 22.5%
Pole 22.3% 68.42% 70.11% 59.7% 93.7%
Ground 99.6% 98.37% 98.22% 99.9% 99.7%

Facade 87.6% 71.13% 70.95% 94.6% 96.4%
All 93.53% 94.75% 94.68% 95.5% 97.6%

(c) ResNetl8 1wla

(d) Dy- ResNet18

B2 4MAEMEIERSLLERTRL

Fig. 2 Visualization of classification results of four different network frameworks
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Fig.3 Visualisation of GML_A and
GML_B training datasets
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Tab.7 Time efficiency comparison of different network model

Network model Training time

Dy-ResNetl18 4h+0. 1h
ResNetl8_lwla 4 h+0.1h
ResNet20_1wl 5h+0.1h
ResNet20_1w32a 5h40.5h
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Tab.8 Accuracy comparison of different network

Network GML_A GML_B
DataSet accuracy DataSet accuracy
Our method 92.3% 97.2%
Ref. [23] 90.5%
Ref. [24] 78.58% 94.16%
Ref. [25] — 94.3%
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Fig.4 The accuracy variation of
Dy-ResNet in GML_A and GML_B
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