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Research on multi-view 3D point cloud generation method without
camera parameters
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Abstract: With the development of computer technology, two—dimensional vision is gradually unable to meet the requirements of
complex object measurement and recognition, the generation of realistic three —dimensional content from two-dimensional images
has become crucial. The paper proposes an end—to—end point cloud generation model for calibration—free multi—view images. The
model improves the MVCNN 3D classification model by using multi—view pooling and feature fusion methods to extract shape
features from multi-view images. The features are fused to form a preliminary point cloud sequence, and a Transformer structure
based on self—attention mechanism is used to iteratively optimize the preliminary point cloud sequence, ultimately forming the target
point cloud model. The model is pretrained on the ModelNet dataset, fine tuned and tested for its IoU value on the ShapeNet—Core
dataset. Compared with 3D-R2N2, Pix2Vox, and 3D-AttriFlow image generation 3D models, the model exhibits better point cloud
similarity and generation efficiency, providing a new solution and research approach for calibration—free multi—view point cloud
generation tasks.
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Table 1 Complexity evaluation of the model

Model Input FLOPs/G  Params/M  Time/s
3D-R2N2M4) 12x3x127x127  130.32 34.30 0. 587
Pix2Vox[®  12x3x224x224  476.76 114.24  0.825
3D-AtwriFlow! '7112x3x224%224  74.01 11. 64 1.022
ASCRIRE 12x1x224x224  18.25 28. 62 0. 140
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Table 2 Quality evaluation of multi—view point cloud generation

Category 3D-R2N2M* Pix2Vox'>' 3D-AttriFlow! 7 A SCHR

airplane 0.509 0.727 0.452 0.733
car 0.798 0.877 0.515 0.703
chair 0.474 0. 606 0. 846 0.691
lamp 0.386 0.456 0. 697 0.619
table 0. 497 0.632 0. 867 0.688
mean 0.533 0. 659 0. 675 0. 687
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Fig.9 Results of multi—view feature extraction module generation
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Fig. 10 Results of removing view pooling point cloud generation
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Fig. 11 Results of removing exclusion loss point cloud generation
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Fig. 12 Results of unused point cloud scale normalization training
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