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Figure 1 (Color online) Viewpoint selection based on viewpoint entropy. (a) illustrates viewpoint selection process;
(b) is a projection image at a viewpoint
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Figure 2 (Color online) Comparison of viewpoints selected based on viewpoint entropy method and the fixed view-
points. (a) Fixed viewpoints; (b) viewpoints selected based on viewpoint entropy; (¢) projection images at fixed viewpoints;
(d) projection images at viewpoints selected based on viewpoint entropy
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fH7E 0 B 1 Z ). Sigmoid BOFH BB ARA
Sigmoid(z) = T +leim.
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Figure 3 (Color online) Multi-view information fusion network structure
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I3 25 R IR S R FR AR BIERG = (instance accuracy). T 7ESCHR [6,16] F 1 5 —Fhkl o
e B ZEHIAIINR B AT 20 MERDGINREE, Y125 H 30T 80 AMER I ZR8E, {3 HIX — R4 145
(R 25 AR A AHERA 2 (class accuracy). N7 MVCNN S8 J7E3E T AT EE, ASCfE 2R 2 Ff
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Figure 4 (Color online) Relationship between viewpoint entropy and visible faces coverage under different number of
viewpoints
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Table 1 Comparison of the influence of perspective selection on classification accuracy

Method #Views Accuracy (ModelNet40) (%)
12 89.9
MVCNN (]
80 90.1
MVCNN-MultiRes [7] 20 91.4
7 89.7
9 90.3
MVCNN (viewpoint entropy)
12 91.6
20 91.7

® 2 UAEREN D IEMHEZIAIXTEL

Table 2 Comparison of the influence of perspective selection on classification accuracy

Method #Views Accuracy (ModelNet10) (%) Accuracy (ModelNet40) (%)
Ours (fixed viewpoints) 12 93.8 90.9
Ours (viewpoint entropy) 12 95.1 92.2
MVONN [ 12 - 89.9
80 - 90.1
PANORAMA-NN [28] - 91.1 90.7
Pairwise [27] - 92.8 90.7
MVCNN-MultiRes [7] 20 - 91.4
KD-Networks [24] - 94.0 91.8
PointNet [21] - - 86.2
3D-GAN [20] - 91.0 83.3
3DShapeNets [16] - 83.5 77.0
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GBS E A, RART =4 S R AR &
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445



FME T4 BT 2 AL AG B N 2% i) = YRR 3 575

*® 3 ANFIESNHE Topl~b HIRE

Table 3 Topl~5 error rate by using this paper’s method

Measure method Error rate (ModelNet10) (%) Error rate (ModelNet40) (%)
Topl 4.84 7.82
Top2 3.87 6.36
Top3 3.26 5.19
Top4 2.69 4.23
Top5 2.18 3.07

(@ (b)

5 (MHFZE) ModelNet40 Epa4> LKLER AN
Figure 5 (Color online) ModelNet40 partial classification results visualization. (a) Before classification; (b) after classi-
fication
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Figure 6 (Color online) ModelNet40 partial clustering features visualization
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3D shape classification based on convolutional neural networks
fusing multi-view information

Pengyu WANG, Panpan SHUI, Fenggen YU, Yuan GAN, Kun LIU, Yan ZHANG" & Zhengxing SUN

State Key Lab for Novel Software Technology, Nanjing University, Nangjing 210023, China
* Corresponding author. E-mail: zhangyannju@nju.edu.cn

Abstract In recent years, convolutional neural network (CNN) architecture has achieved good results in the
fields of 2D image recognition, detection, and semantic segmentation. However, given the complexity and irreg-
ularity of 3D shape structures, CNNs cannot be directly applied to 3D data. With the advantage of the deep
learning framework in the field of 2D image analysis, the view-based method can be used for 3D shape classifi-
cation. However, the existing multi-view based 3D shape classification methods mostly adopt fixed viewpoints.
Considerable information redundancy exist in the rendered images, and it can cause certain interference to the re-
sults. Herein, we propose a novel multi-view CNN framework, which automatically discriminates the contribution
of each viewpoint during the network training and discards the redundant information. In addition, the optimal
viewpoint selection method based on viewpoint entropy is introduced into the field of 3D shape classification. In
comparison with the fixed viewpoint method, this procedure can retain more detailed information of the shapes
and requires no orientation alignment of the model. Experiments on the ModelNet10 and ModelNet40 datasets
verify the rationality and superiority of applying the optimal viewpoint selection method based on the viewpoint
entropy to 3D model classification and the multi-view information fusion method proposed herein. The experi-
mental results show the better classification accuracy of this method than that of existing 3D model classification
methods.

Keywords 3D model, viewpoint selection, viewpoint entropy, convolutional neural network, deep learning
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