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Abstract: Objective 3D model classification holds considerable promise across diverse applications, including autono-
mous driving, game design, and 3D printing. With the rapid advancement of deep learning, numerous deep neural net-

works have been investigated for 3D model classification. Among these approaches, view-based methods consistently out-
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perform voxel mesh and 3D point cloud-based methods. The view-based method captures multiple 2D perspectives from
various angles of 3D objects to represent their 3D information. This approach closely aligns with human visual processing,
transforming 3D problems into manageable 2D tasks that can be solved using standard convolutional neural networks
(CNNs). In contrast, voxel-based and point cloud-based methods primarily focus on the spatial characteristics of 3D mod-
els, necessitating the generation of substantial datasets. The view-based method visually transforms 3D challenges into 2D
tasks by obtaining multiple 2D views from different angles of 3D models, mirroring human approaches and facilitating reso-
lution through conventional CNNs. The utilization of CNNs typically involves employing established models such as the
visual geometry group (VGG ) network, the inception network (GoogleNet) , and the residual network (ResNet) to derive
a view representation of 3D models. Methods such as MVCNN and the group-view convolutional neural network leverage
pretrained network weights to obtain view descriptors from multiple perspectives. However, these approaches often neglect
the complementary information between views, an aspect crucial for shaping the final descriptor. As shape descriptors are
integral to the recognition task, acquiring 3D model shape descriptors through view descriptors remains a fundamental chal-
lenge for achieving optimal 3D model classification. Recent studies, including MVCNN and the dynamic routing convolu-
tional neural network (DRCNN), employ a view pooling scheme to generate discriminative descriptors from feature repre-
sentations of multiple views, marking crucial milestones in 3D model classification with notable performance improve-
ments. Notably, existing methods inadequately exploit the view characteristics among multiple perspectives, severely limit-
ing the efficacy of shape descriptors. On the one hand, the inherent differences in the two-dimensional views projected from
three-dimensional objects constitute complementary information that enhances the generation of the final shape descriptor.
On the other hand, each 2D view can, to some extent, represent its corresponding 3D object, indicating consistent features
between views. Integrating these consistent features enhances the accuracy of recognition tasks. Consequently, learning
complementary information between views and integrating it with consistent information emerges as a critical aspect for
advancing 3D model classification. Method Addressing this challenge, our paper introduces a network model that inte-
grates complementary and consistent information derived from multiple views, thereby enhancing the overall comprehen-
siveness of the information. Specifically, the model aims to fuse association information between views for 3D object classi-
fication. Initially, an enhanced residual network is employed to extract feature representations from multiple views, result-
ing in view descriptors. Subsequently, a pre-classification network, combined with an attention mechanism and a weight
learning strategy, is utilized to merge these view descriptors and generate shape descriptors. Multiscale dilated convolution
is introduced following ordinary convolution within the residual module during one-way network propagation in a single view
to improve the residual structure of the ResNet model. This improvement extends the receptive field of the convolution
operation, facilitating the extraction of complementary information. Additionally, a pre-classification module is proposed to
assess the recognition degree of each view based on shape characteristics. Using this information, the views are categorized
into complementary and consistent groups. A subset of both types of views is combined into feature views, each possessing
two key characteristics. These feature views are then input into an attention network to strengthen consistency and comple-
mentarity. Subsequently, a learnable weight fusion module is applied to the two feature views, weighting and merging them
to generate shape descriptors. Finally, the overall network structure is refined and the pre-classification and attention lay-
ers are strategically positioned to ensure optimal performance for the proposed methodology. Result This study conducted a
series of experiments to validate the effectiveness of the proposed model on the ModelNet10 and ModelNet40 datasets. Ini-
tially, an ablation experiment was performed to compare the positions of module insertion, feature extraction networks, and
the number of views. Experimental results indicate that tightly coupling the pre-classification module with the attention
module and placing them in the second or third layer of the residual network yields superior final classification accuracy
compared to inserting them in other layers. The method introduced in this study demonstrates higher average single-class
classification accuracy than models such as ResNet50 with an equivalent number of training iterations. Additionally, this
method exhibits lower average losses and more robust convergence of losses in terms of loss reduction. The performance of
the model is further evaluated across varying numbers of views. Regardless of the number of views, the method consistently
outperforms or matches MVCNN and DRCNN. As the number of views increases from 3 to 6 to 12, the proposed model and

the DRCNN model exhibit a continuous improvement in accuracy. Finally, when compared to 15 classic multiview 3D
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object classification algorithms, the proposed model achieved an average instance accuracy of 97.27% on ModelNet10

using the designed feature extraction network with the same 12 views. However, this model falls slightly behind DRCNN,

possibly due to limited data in the ModelNet10 dataset, which may lead to overfitting and reduced classification accuracy.

In ModelNet40, the model achieved an average instance accuracy of 96. 32%. Comparisons with ResNet50 and VGG-M

also highlight the advantages of the model in classification accuracy, confirming its capability to more effectively extract

information between views on the backbone network than other methods. Conclusion This study presents a robust deep 3D

object classification method that leverages multiview information fusion to integrate consistency and complementarity infor-

mation among views through adjustments in the network structure. The experimental findings substantiate the favorable per-

formance of the proposed model.
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Fig. 1 View based 3D model classification network
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Fig.2  Multi-view consistent and complementary information fusion network for 3D model classification
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Fig. 4 Projection method and sample examples
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Table 1 Performance comparison of different methods on the ModelNet40 and ModelNet10 datasets
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Fig. 5 Experimental results of the pre classification

module at different positions
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