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ABSTRACT: 3D model classification has emerged as a significant research focus in computer vision. However,
traditional convolutional neural networks (CNNs) often struggle to capture global dependencies across both height
and width dimensions simultaneously, leading to limited feature representation capabilities when handling complex
visual tasks. To address this challenge, we propose a novel 3D model classification network named ViT-GE (Vision
Transformer with Global and Efficient Attention), which integrates Global Grouped Coordinate Attention (GGCA)
and Efficient Channel Attention (ECA) mechanisms. Specifically, the Vision Transformer (ViT) is employed to extract
comprehensive global features from multi-view inputs using its self-attention mechanism, effectively capturing 3D
shape characteristics. To further enhance spatial feature modeling, the GGCA module introduces a grouping strategy
and global context interactions. Concurrently, the ECA module strengthens inter-channel information flow, enabling
the network to adaptively emphasize key features and improve feature fusion. Finally, a voting mechanism is adopted to
enhance classification accuracy, robustness, and stability. Experimental results on the ModelNet10 dataset demonstrate
that our method achieves a classification accuracy of 93.50%, validating its effectiveness and superior performance.

KEYWORDS: 3D model; voting algorithm; visual transformer design space

1 Introduction

Recently, with the rapid development of computer vision and sensors, the entry threshold of 3D models
has been greatly reduced, making their application in computer fields, autonomous driving, medical imaging,
virtual reality, industrial production design, and other fields more and more extensive. In autonomous
driving, accurate recognition of surrounding 3D objects is essential for ensuring safe navigation and collision
avoidance. In medical imaging, precise classification of 3D anatomical structures assists in disease diagnosis
and treatment planning. Industrial inspection relies on 3D model recognition for defect detection and
quality control of complex components. Similarly, virtual reality and robotic manipulation systems depend
on accurate understanding of object geometries for realistic interaction and reliable operation. As 3D sensing
technologies continue to advance, massive volumes of 3D data are being generated across these fields.
Developing robust and accurate 3D classification algorithms has therefore become increasingly critical to
fully unlock the potential of these intelligent systems.

Biasotti et al. [1] established a dataset of 572 textured 3D models in the SHREC’14 competition. By
comparing 22 algorithms from 8 participating teams, they demonstrated that processing textures in CIELab
color space outperforms RGB space, advancing the development of multimodal 3D retrieval technology.
The data structure of 3D models is richer than that of 2D models and can capture geometric information
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such as the depth, contour, and shape of objects, thereby providing the possibility for more accurate analysis
and recognition. As the core task of managing and identifying 3D data, 3D model classification can directly
affect the application effect of the model in actual scenarios. Traditional 3D model classification methods
rely on manually designed features, extracting geometric information through feature descriptors, and then
combining them with machine learning methods such as support vector machines (SVM) for classification.
However, manual feature design has limitations and is not easy to capture the global information and deep
structure of complex models. The rapid development of deep learning can solve this problem, especially
convolutional neural networks (CNN) and graph neural networks (GNN), which make it possible to
automatically extract features. Li et al. [2] proposed the hierarchical multiview top-k pooling (HMTPool)
method with deep-Q-networks, which adaptively selects the optimal pooling ratio and scores nodes based on
multiview information, addressing the limitations of existing graph pooling methods. Li et al. [3] presented a
systematic survey on graph pooling techniques, comprehensively reviewing the theoretical foundations and
research progress of node/subgraph merging methods in graph neural networks. They categorized existing
approaches, evaluated performance through benchmark testing, and analyzed current challenges along with
future directions. With the introduction of neural networks such as YOLO [4], Efficient Net [5], and Google
Net [6], classification tasks have achieved remarkable results.

This indicates the urgent need to develop more advanced architectures capable of capturing global
spatial dependencies while preserving fine-grained feature details across diverse views. Based on the diversity
of 3D model data representation, 3D model classification algorithms based on deep learning can be
divided into four categories: point cloud-based classification methods, voxel-based classification methods,
mesh-based classification methods, and view-based classification methods.

Among the point cloud-based methods, llamchezhian and Raj [7] proposed an efficient parallel method
for segmenting 3D point cloud images using OpenMP. Lagahit et al. [8] proposed a learnable scaling
and Laplacian filtering U-Net that can extract and classify sparse point cloud images. Charles et al. [9]
proposed Point Net to perform input transformation and feature transformation on unordered point cloud
data and then obtain the global features of the point cloud through the Maxol symmetric function to
achieve model classification. Subsequently, Song et al. [10] proposed the Kernel Correlation Learning Block
(KCB), which can adaptively learn local geometric features and global features of different layers to enhance
the perception ability of the network. Hassan et al. [11] introduced a deep hierarchical 3D point cloud
classification architecture that consists of multi-layer sampling, concentric ring convolution, a pooling layer,
and a residual feature propagation block. They can learn robust geometric features. Although the above
methods can directly process point cloud data, the classification effect is still affected by the disorder and
limited information of point clouds.

In mesh-based approaches, Biasotti et al. [12] compared six textured 3D model retrieval algorithms and
demonstrated that processing textures in CIELab color space yields better results than RGB space. However,
existing methods still struggle with complex geometry-texture combinations. This study established the first
systematic evaluation benchmark for 3D object recognition.

In voxel-based methods, the 3D model is changed into a standard voxel format, and then a 3D
convolutional neural network (3D CNN) is used to identify important details and sort the model. Wu
et al. [13] showed the shape of the 3D model as a probability distribution of binary variables on a 3D voxel
grid, and then used 3D Shape Nets to learn the model’s category features. Xu et al. [14] adopted a framework
similar to 3D Shape Nets and formulated the CNN learning process as a directed search. Subsequently, Kim
etal. [15] designed a Part Geometry Network (PG-Net), which can be used as a robust feature descriptor for
3D model classification and reconstruction. Ma et al. [16] introduced a network that focuses on two types
of input data, using both dual-channel input voxels and 3D Radon feature matrices. Cai et al. [17] suggested
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a network that uses both voxel data and three different views, merging them together for better results. He
et al. [18] created a two-part system for extracting voxel features by using graph attention networks and 3D
sparse convolutions. Vowelized data can directly use 3D convolutional neural networks to extract multi-level
and multi-scale local information. Voxel-based methods are limited by voxel resolution. At the same time,
3D convolution consumes more resources in feature extraction than 2D convolution.

Because deep learning is more developed for 2D image processing than for point clouds and voxels,
view-based methods create a 3D model’s view by projecting it into 2D and use 2D neural networks to
gather important features, instead of applying 3D convolution directly to the model. Denisenko et al. [19]
proposed using integral spin images as representations of 3D models. Several computational experiments
were conducted on constructing spin images of Princeton Shape Benchmark 3D models, and they were used
to train deep neural networks. Hegde and Zadeh [20] designed a voxel CNN architecture that represents 3D
models by combining views and voxels and extracted model features through CNN. Jin et al. [21] proposed
a representative view positioning framework for 3D models using rotation direction prediction and rotation
angle prediction. The local information fusion network proposed by Zhu et al. [22] uses the relationship
between image regions and feature map channels to perform feature map reorganization and regional feature
extraction. Liu et al. [23] created a semantic and contextual fusion network (SCFN) that produces images
from various angles of a 3D model and uses CNN to pull out the original features from each image. They
then designed a channel attention mechanism (CAM) to enhance view-level semantic information. They
then constructed a contextual fusion module (CFM) to achieve the effective fusion of multi-view features.

At present, view-based classification methods are widely studied, and they can achieve excellent
classification results when combined with neural networks. However, traditional neural networks still have
some problems. First, in an image, many useful features may be distributed between distant pixel regions.
Second, traditional neural networks gradually accumulate global information through local convolution; it is
not easy to capture the overall layout and global semantic information of the image at a shallow level. Finally,
traditional neural networks are not very efficient when working with large image datasets, and because the
convolution operations happen one after another, they can’t easily take advantage of parallel processing.
To address the above problems, this paper proposes a 3D model classification method based on the ViT-
GE feature extraction network and voting mechanism. First, the 3D model data is changed into a 2D view
by rotating it 60° up and down and 60° side to side, which shows the structure of the 3D model from
different angles. This view setting can ensure that the key features of the model are captured in different
orientations, providing a more comprehensive input for subsequent feature extraction. Secondly, based on
the ViT-GE feature extraction network, deep feature extraction of the view is performed. GGCA enhances
how the model understands spatial information by using global grouping coordinate interaction, and the
ECA mechanism helps improve the flow of channel information, allowing the network to smartly pick
important features, which boosts its ability to express those features. After that, the modified patch features
go into the Transformer encoder to gather overall features, and the multilayer perceptron (MLP) is used to
further refine the features after each self-attention layer to improve how well they are represented. At the
same time, ViT introduces a special classification token in the input to aggregate all patch information to
form the final global image feature representation. Finally, the features taken by the Transformer encoder
are sent to the classification layer, where the results from several separate classifiers are combined using the
Softmax function and a voting system to enhance accuracy, stability, and reliability in classification.

This study targets the core challenge of achieving robust and accurate multi-view 3D object classifica-
tion, which plays a crucial role in real-world applications such as autonomous driving, medical imaging,
and industrial inspection. These tasks often require reliable understanding of geometric structures from
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diverse viewpoints, even under occlusions, noise, or limited data availability. To this end, the proposed ViT-
GE framework incorporates global self-attention with lightweight attention modules to effectively capture
both local and long-range spatial dependencies. Compared with existing CNN-based and transformer-based
approaches, ViT-GE introduces a modular attention design and a probabilistic multi-view fusion strategy,
enabling a favorable trade-off between performance and computational cost. These contributions underscore
both the practical applicability and theoretical advancement of our method, making it a compelling solution
for complex 3D perception tasks.

2 Methods

The 3D model classification framework of this paper is shown in Fig. 1. The 3D model classification
framework mainly consists of three key parts: multi-view projection, the ViT-GE feature extraction network,
and the voting mechanism.
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Figure 1: 3D model classification framework

First, the 3D model is converted into a 2D image by multi-view projection. Specifically, the 3D model
is rendered from different angles (such as front view, top view, side view, etc.) to generate grayscale images
of multiple views. This process can effectively map the 3D information to the 2D space while retaining the
geometric features of the object, ensuring that the model can learn the key information from different angles.

Then, the generated multi-view image is inserted into the ViT-GE feature extraction network. The
network builds on the traditional Vision Transformer (ViT) by adding global grouped coordinate attention
(GGCA) and efficient channel attention (ECA) to improve how it understands features. GGCA helps
recognize the overall layout of the image, especially linking different views, while ECA improves how
channel information is organized, allowing the model to better focus on important features. GGCA can
capture the global spatial relationship in the image, especially to establish connections between different
views, while ECA is used to optimize the distribution of channel information so that the model can focus
on key features more effectively. In the ViT-GE network, each view image is processed through several
Transformer encoder blocks, which include multi-head self-attention (MHA) and feed-forward networks,
to pull out important details. Ultimately, the features of each view are mapped to a high-dimensional feature
space for subsequent classification tasks. In the classification decision stage, a voting mechanism is used for
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final classification. Since multi-view images extract features separately and predict independently, a fusion
strategy is required to determine the final classification result. The framework integrates the classification
results of all views through a voting mechanism, using hard voting or soft voting methods to improve the
robustness and accuracy of classification. Compared with the single-view classification method, the voting
mechanism makes full use of the information of different viewpoints, reduces the classification errors caused
by occlusion or information loss of a single viewpoint, and thus improves the overall performance. The overall
classification framework, including GGCA, ECA, and the voting mechanism, is summarized in Algorithm 1
for clarity.

Algorithm 1: 3D model classification algorithm based on ViT-GE and voting mechanism

Inputs: Multi-view image set X = {x,Xz,...,X,} of a 3D model

Outputs: Final predicted class label V*

1: Each view x; is input to the GGCA module to enhance spatial geometric representation

2: The output of GGCA is input to the ViT encoder for feature extraction

3: The resulting feature f; is passed through the ECA module to recalibrate channel-wise attention
4: The refined feature is forwarded through a classification head to produce a class probability vector p;
5: Repeat steps 1-4 for all N views

6: If soft voting is used:

7: Average all probability vectors: Sy = % >N pi

8: Determine final class label: V* = arg max(s)

9: Else if hard voting is used:

10: For each p;, determine predicted class C; = arg max(p;)

11: Determine final label V* via majority vote from {C;, ..., C,}

12: Return predicted class label V*

2.1 Projection Method

The main dataset of this experiment uses the ModelNet10 dataset, which is a classic benchmark dataset
for 3D model classification. To classify it more efficiently using image processing methods, this paper image-
processes the 3D model. Specifically, each 3D model in the dataset is first rotated at a 45° vertical angle and
then photographed in turn at intervals of 60° on the horizontal plane to generate images. Show Fig. 2.
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Figure 2: Representation by projection methods
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In this way, each 3D model can generate 2D images from multiple perspectives, thus forming a view-
based dataset. This multi-perspective image processing method can not only retain the important structural
information of the 3D model but also make full use of the existing technology for processing 2D images for
feature extraction and classification tasks.

2.2 View Feature Extraction

Nowadays, convolutional neural networks are developing rapidly, and using them to classify images has
become the preferred method, but they still have some shortcomings and problems. ViT [24] has significant
advantages over traditional convolutional neural networks in capturing global features and adapting to
complex task requirements, so this paper chooses the ViT neural network. The structure of ViT is shown
in Fig. 3. ViT extracts image features through the self-attention mechanism, which is different from the CNN.
The whole process starts with the input image. First, the image is divided into several patches of fixed size,
and then each patch is linearly projected, flattened, and converted into a series of feature vectors. To retain the
position information, ViT also adds positional encoding to help Transformer identify the spatial relationship
between image patches. The processed patch features are fed into the Transformer Encoder as tokens, which
is made up of several multi-head self-attention and feedforward neural networks (MLP). In the Transformer
structure, each patch token interacts with all other tokens through the self-attention mechanism to capture
global features. Each self-attention layer is followed by a normalization operation, and MLP is used to further
enhance the feature expression capability.
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Transformer Encoder
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Figure 3: Vision Transformer Architecture (adapted from Dosovitskiy et al., “An image is worth 16 x 16 words:
Transformers for image recognition at scale” [24])

In addition, ViT introduces a special class token into the input token sequence. This token aggregates
the information of all patches after multiple layers of processing by the Transformer encoder and is ultimately
used for classification tasks. The classification head (MLP head) uses SoftMax to make the final classification
prediction based on the output of this classification token, for example, identifying that the input image
belongs to the category of “chair”, “bed”, or “bathtub”

Vision Transformer (ViT) is a model based on the self-attention mechanism that can effectively extract
global features. However, due to the lack of modeling capabilities for local information, some fine-grained key
information may be ignored when expressing features. The CNN have advantages in processing local features.
Therefore, to make up for the shortcomings of ViT in local modeling, the channel attention mechanism
can be combined to enhance the feature expression capability. Among them, Efficient Channel Attention
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(ECA) can boost how well features are represented without making things more complicated by learning
how different channels relate to each other. When ECA is used with ViT, it helps improve how channel
information works together, allowing ViT to better capture overall features and also improve the details of
local features, which leads to better classification results for the model. ECA (Efficient Channel Attention) is
a lightweight attention module based on the channel domain. It uses 1D convolution without dimensionality
reduction to achieve better cross-channel information interaction. The ECA structure is shown in Fig. 4.
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Figure 4: Efficient channel attention architecture

As shown in Fig. 4, for the input feature matrix Fi that has the size (C, H, W), we first use GAP to get the
features that are still the same size in two dimensions (C, 1, 1); next, we apply 1D convolution (1IDConv) to
gather information across the channels; finally, we use the Sigmoid function to adjust the feature weights to a
range between 0 and 1, and then combine these with Fi to create the output feature matrix Fo. The convolution
kernel K represents the local cross-channel interaction coverage, which is obtained by Formula (1), where |t|
odd represents the odd number closest to t.
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Although ViT can capture global features, the ECA mechanism makes up for its shortcomings in
modeling local features to a certain extent; ECA mainly focuses on information interaction in the channel
dimension and lacks in-depth modeling of spatial relationships. Therefore, to further enhance the model’s
ability to understand three-dimensional shape information, the Global Grouped Coordinate Attention
(GGCA) mechanism is introduced. GGCA is a new attention method that seeks to greatly boost how well
features are extracted and combined by using grouping and global context interaction. It is particularly
suitable for application in computer vision tasks such as image classification, object detection, and image
segmentation. Instead of using traditional attention methods, GGCA focuses on organizing input features by
their channel dimension (group-wise), which makes it less complicated to compute while keeping the features
in the group independent and expressive. For the input feature tensor X € RF*W*C its channel dimension is
first divided into G groups; each group contains % channels, forming a tensor of shape R7*W* %G, Through
this grouping operation, the computational cost of the model is significantly reduced while providing a
relatively independent subspace for each group of feature learning, thereby enhancing the flexibility of
feature expression.

After grouping, GGCA uses average pooling (Avg Pooling) and maximum pooling (Max Pooling) to
extract features in the height direction (Height) and width direction (Width), respectively. These two pooling
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operations capture global feature distribution and local saliency information, respectively. Among them, the
pooling operation in the height direction outputs a shape of R&*XG, while the pooling operation in the width
direction outputs R&XXG This design allows the GGCA module to gather detailed context in space while
keeping local details, striking a balance between global information and local features.

The results of the pooling operation are further processed by the cross-dimensional interaction module,
which is the core component of GGCA. The cross-dimensional interaction module first reduces the pooling
results using a shared 1 x 1 convolutional layer, then adds batch normalization and ReLU activation
functions to allow for more complex expressions. The processed features are re-expanded through a second
1 x 1 convolutional layer to form context-enhanced features. In this process, all operations share weights
within each group, thereby achieving cross-group feature interaction and further reducing computational
complexity. Through this module, the information between pooled features can be effectively fused to
generate highly expressive contextual features.

After generating cross-dimensional interactive features, the GGCA module generates two attention
weight vectors through weighted fusion, corresponding to the height and width directions, respectively.
Subsequently, the input feature tensor is weighted element by element according to these attention weight
vectors to complete the fusion of global context and local features and output an enhanced feature tensor
consistent with the input dimension. Through this mechanism, the GGCA module can focus on important
feature areas and dynamically adjust the attention distribution, thereby improving the performance of the
model in complex tasks. The specific structure is shown in Fig. 5.
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Figure 5: GGCA structure

The GGCA module has significant advantages in many aspects. First, its grouping design and shared
interaction mechanism greatly reduce the computational overhead, enabling it to efficiently process high-
resolution feature maps. Second, by combining the average pooling and maximum pooling methods, GGCA
can capture both global and local contextual information, thereby improving the model’s feature expression
capabilities. In addition, the module is designed to be highly versatile and scalable and can be seamlessly
integrated into existing networks such as ViT, Reset, and NextViT. By adjusting the number of groups G,
GGCA can flexibly adapt to different hardware conditions and model requirements, providing optimization
for applications of different scales.
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GGCA uses a grouping method to understand how features relate to each other in space and across
channels, which helps the model better represent 3D structures while still considering the overall picture.
When ViT, ECA, and GGCA work together, ViT gathers global information, ECA boosts attention on
different channels, and GGCA handles the interaction of spatial information globally, which makes the
features more complete and ultimately leads to better accuracy and stability in classifying 3D models.

The VIT-GE feature extraction network combines three methods: Vision Transformer (ViT), global
grouped coordinate attention (GGCA), and efficient channel attention (ECA), to enhance the ability to
extract features for classifying 3D models. The feature extraction network is shown in Fig. 6. The main
process of the entire network includes three core stages: global spatial feature modeling, channel attention
enhancement, and global feature extraction and classification. First, the network starts with the input view
image and uses the GGCA module to model the global spatial features. The GGCA module uses a method
called grouped coordinate attention to analyze the feature information in both the horizontal (H_Attn) and
vertical (W_Attn) directions. Specifically, the input features are subjected to two parallel pooling operations
(average pooling, AvgPool, and maximum pooling, MaxPool) to extract information of different scales,
and then the features are transformed through shared convolution (Shared Conv), batch normalization
(BatchNorm), and ReLU activation functions, and weights are generated through Sigmoid activation. Finally,
H_Attn and W_Attn are weighted and fused with the original features to enhance the expression of global
spatial information. Next, the features processed by GGCA enter the ECA module to further improve
the feature expression ability in the channel dimension. The ECA module uses adaptive one-dimensional
convolution (ConvlD) to calculate the correlation between channels and generates channel attention weights
through Sigmoid activation, thereby enhancing important feature channels and suppressing irrelevant
channels. Unlike the traditional SE attention mechanism, this method does not reduce dimensions using a
fully connected layer, allowing it to fully utilize channel information while keeping computations efficient,
which enhances the ability to express features. The features optimized by GGCA and ECA are then sent
to the ViT network for deep feature extraction. First, ViT divides the input image into several fixed-size
patches through linear projection and flattens them into feature vectors. Subsequently, these feature vectors
enter the core module of ViT, the Transformer encoder, which consists of multiple Transformer Blocks,
each of which contains multi-head self-attention, layer normalization, and multi-layer perceptron (MLP).
The multi-head self-attention mechanism can effectively model the long-distance dependencies between
different patches, allowing the model to focus on the overall structural information of the 3D shape, while
the MLP layer enhances the expressiveness of features through nonlinear transformations. In ViT’s self-
attention mechanism, the features of each patch are first processed using query (Q), key (K), and value (V);
then, an attention score is calculated, and the features are adjusted using Softmax normalization to create
the final attention representation. After all transformer blocks complete feature extraction, the final global
features are transformed by normalization (Norm) and linear layers (Linear), and the feature representation
for 3D model classification is output. The ViT-GE network enhances the spatial feature modeling capability
through GGCA, ECA optimizes channel attention allocation, and ViT provides powerful global information
modeling capabilities, enabling the entire network to achieve higher classification accuracy and stronger
feature expression capabilities in 3D model classification tasks.
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Figure 6: VIT-GE feature extraction network

2.3 Voting Mechanism

In multi-view 3D model classification, each model is projected into multiple 2D views from different
angles. Since each view provides partial information, individual predictions from multiple views may vary. To
aggregate multi-view information and improve classification robustness, we adopt a voting-based ensemble
strategy. Specifically, two fusion strategies are utilized: hard voting and soft voting.

2.3.1 Hard Voting

In hard voting, each view independently predicts a class label. The final prediction is determined by
counting the number of votes received for each class and selecting the class with the highest count.

Let:
N denote the number of views,

Vi € L be the predicted class label for the ith view,
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L be the set of all possible class labels.

The final predicted class V* is shown in Eq. (2), where §(+) is the indicator function, equal to 1 if the
condition holds, otherwise 0. Hard voting considers each view equally, regardless of the model’s confidence
in individual predictions. The method is simple, but may ignore useful confidence information when some
views are more informative than others.

N
V*:argmax(28(V,-:l)) (2)
leL i=1
2.3.2 Soft Voting

In soft voting, instead of directly using class labels, we aggregate the predicted probability distributions
across views, allowing the confidence of each prediction to contribute to the final decision.

Let:
P; = [pi1>Pi2> - - - » Pix | be the predicted probability distribution (after softmax) from the ith view,
K be the total number of classes.

We compute the aggregated probability score for each class k is shown in Eq. (3). The final predicted
class V*is shown in Eq. (4). Soft voting leverages the full probability distribution output from each view,
enabling a more nuanced integration of multi-view information. This often leads to improved performance,
especially when some views are ambiguous or less informative.

1 N
Si=—Spi 3
v ;P:,k 3)
V*=arg max S (4)
ke{1,2,....,K}

In the 3D model classification task, the voting mechanism is usually applied to multi-view learning
and multi-model fusion. Specifically, 3D objects can often be classified from multiple perspectives, and each
perspective provides different information. Through the voting mechanism, the classification results from
different perspectives can be fused, thereby improving the accuracy and stability of classification

3 Equations and Mathematical Expressions

The experiment is based on the PyTorch framework, the PC is Ubuntu 18.04.2, and the GPU is
RTX4080Ti. The classification experiment uses the rigid dataset ModelNetl10. The dataset is divided into a
dataset and a test set in a ratio of 4:1. Among them, the training set in ModelNet10 has 10 categories and a
total of 3991 models, and the test set has 10 categories and a total of 908 models. The ViT-Base (ViT-B/16)
architecture serves as the backbone of the classification framework. Each input image is resized to 224 x 224
and divided into non-overlapping 16 x 16 patches, resulting in 196 tokens per view. The encoder consists of
12 Transformer layers, each with 12 self-attention heads. Token embeddings have a dimensionality of 768,
and each MLP block contains a hidden layer with 3072 dimensions, corresponding to an expansion ratio of
4.0. GELU is used as the activation function, and Layer Normalization is applied before both the attention
and MLP modules. A learnable positional encoding is added to each token, and a class token is prepended
to the input sequence to serve as the final aggregated representation for classification.

The core objective of this study is to evaluate the effectiveness of the proposed ViT-GE architecture for
multi-view 3D object classification. We aim to assess whether the combination of grouped spatial attention,



5048 Comput Mater Contin. 2025;85(3)

channel attention, and transformer-based encoding improves recognition accuracy while maintaining
computational efficiency. Experiments are conducted on two standard benchmark datasets, ModelNet10
and ModelNet40, which represent widely adopted evaluation protocols in the 3D shape classification
field. Both quantitative performance and component-level ablation analyses are presented to validate the
proposed contributions.

The experimental procedure includes data preprocessing, model training, and evaluation. Multi-view
images are generated by rendering each 3D model from six viewpoints with fixed angular intervals. Allimages
are resized to 224 x 224 and normalized. During training, the ViT-GE model is initialized with ViT-Base
parameters and trained using the Adam optimizer with a cosine learning rate scheduler. Cross-entropy loss
is used as the objective function. We evaluate classification performance using top-1 accuracy on the official
test splits of ModelNet10 and ModelNet40. In addition to overall accuracy, ablation studies are conducted
to analyze the effects of attention modules (GGCA, ECA), view grouping (G), and voting strategies (soft vs.
hard voting). The classification results are shown in Table 1.

Table 1: Classification accuracy comparison of ViT-GE and plain ViT on ModelNet10 and ModelNet40 datasets

Network Dataset Accuracy

Modelnetl0 88.71
Modelnet40 86.42
Modelnetl0 93.50
Modelnet40 91.96

VIT (baseline)

VIT-GE+SV

The tabular data in Table 1 compares the classification accuracy of the baseline Vision Transformer (ViT)
and the proposed ViT-GE framework on the ModelNet10 and ModelNet40 datasets. The experimental results
show that the ViT-GE model, which incorporates Global Grouped Coordinate Attention (GGCA), Efficient
Channel Attention (ECA), and a soft voting (SV) mechanism, achieves an accuracy of 93.50% on ModelNet10
and 91.96% on ModelNet40. In contrast, the plain ViT model achieves 88.71% and 86.42% on the respective
datasets. This corresponds to relative improvements of 4.79% on ModelNetl0 and 5.54% on ModelNet40.
These improvements demonstrate that the introduced attention mechanisms effectively enhance the model’s
capability to capture global spatial dependencies and fine-grained feature representations. Moreover, the soft
voting mechanism enables more refined aggregation of multi-view predictions by leveraging probabilistic
outputs rather than discrete decisions, thus further improving overall classification performance.

The tabular data in Table 2 shows the classification accuracy performance of the four network models
under different voting algorithms (no-voting, HV, SV). Compared to the original ViT model, GGCA
and ECA introduce only a negligible increase in FLOPs and parameter count (from 1758 G/85.83 M to
17.60 G/85.90 M), yet yield substantial gains in classification accuracy. It can be seen that the voting algorithm
has a significant improvement on the model performance as a whole, among which SV has the most
significant improvement effect. The accuracy of the basic ViT model is only 88.71% when voting is not used.
After the introduction of HV and SV, it increased to 89.98% and 91.74%, respectively, indicating a significant
improvement. ViT+GGCA's best feature is its combination with the voting algorithm (up to 92.95%), even
though its accuracy is slightly higher than ViT’s without voting. ViT+ECA is better than the first two in all
three cases and reaches 92.29% under the SV strategy. The most outstanding performance is the ViT-GE
model, whose accuracy has reached 91.81% without voting, and it is even increased to 93.50% with the SV
strategy, the highest in the table. In general, the combination of model structure optimization and a voting
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mechanism is an effective way to improve the accuracy of multi-view image classification, especially the
combination of ViT-GE and SV voting, which has the best effect.

Table 2: The impact of GGCA and ECA embedding methods on ViT classification

Network model Flops (G) Params (M) Voting algorithm Accuracy

X 88.71

ViT (baseline) 17.58 85.83 HV 89.98
SV 91.74

X 86.71

ViT+GGCA 17.60 85.90 HV 91.96
SV 92.95

X 88.40

ViT+ECA 17.58 85.83 HV 90.64
SV 92.29

X 91.81

VIT-GE 17.60 85.90 HV 92.84
SV 93.50

Table 3 analyzes the impact of GGCA and ECA on classification performance at different embedding
positions. This paper attempts to embed GGCA and ECA modules at different stages of ViT and regards
ECA and GGCA as a whole, represented by a model. The insertion module positions include before input
(Model 1), between multi-head attention and MLP (Model 2), after output and before classification head
(Model 3), and fused into the self-attention module (Model 4), as shown in Fig. 7.

Table 3: The impact of different embedding positions of GGCA and ECA on ViT classification

Voting algorithm Modell Model2 Model3 Model4

HV 92.84 90.85 89.53 89.42
SV 93.50 91.62 90.63 89.31
Embedded Multi-Head
T)@J Norm _>[Atltjer|\tio?1a ]_f)[ Norm ] | MLP ] ? MLP Head
Model1 t Model2 Model3
Model4

Figure 7: Insertion position of the module

The experimental results show that when the model is embedded before the input (Model 1), the
classification accuracy is the highest, with the SV algorithm reaching 93.50% and the HV algorithm reaching
92.84%. When the model is embedded in other positions (such as 89.42% of Model 4), the classification
performance is significantly worse. This experimental result indicates that the embedding position of the
attention mechanism has a significant impact on the performance of the model. Model 1 is better at
understanding the overall context of multi-view data and improving the importance of key features, which
leads to the best classification results
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The tabular data in Table 4 are compared with other classic methods, such as DeepPano (88.66%) and
Geometry Image (88.40%). It can be seen that the classification performance of this method is better than
these traditional methods and slightly higher than CNN-Voting (92.85%). From Table 4, we can draw the
following conclusions: The voting mechanism plays a crucial role in the fusion effect of multi-view data,
particularly the SV algorithm. This algorithm is more suitable for processing complex 3D model classification
tasks, effectively reducing the error of a single view and improving classification stability.

Table 4: Accuracy comparison based on view-based methods

Algorithm Accuracy
DeepPano [25] 88.66
Geometry Image [26] 88.40
CNN-Voting [27] 92.85
PVR [28] 92.70
Efficient Net 90.60
VIT-GE-HV 92.84
VIT-GE-SV 93.50

The tabular data in Table 5 show the impact of different group numbers (G) on the performance of
the GGCA module. Among all configurations, the highest accuracy is achieved when G is set to 4, where
Soft Voting (SV) reaches 92.95% and Hard Voting (HV) also performs well at 91.96%. Compared with other
settings, G = 4 demonstrates superior fusion capability, indicating that a proper grouping strategy enhances
the representational capacity of the GGCA module. Moreover, SV consistently outperforms HV in most
cases, validating its advantage in multi-view information integration. It effectively mitigates single-view
errors and improves the overall classification stability.

Table 5: Performance analysis of GGCA under multiple group numbers

G HV Sv

2 9196 92.84
3 90.63 9140
4 9196 9295
6 91.07 9151
8 9174 9273

The tabular data in Table 6 compared the classification performance and computational complexity of
Vision Transformer (ViT) models enhanced with various attention modules, including SE, SA, CBAM, ECA,
and the proposed GGCA. The baseline ViT without attention achieves 88.71% accuracy. Introducing attention
modules significantly improves performance, with the GGCA module achieving the highest accuracy of
92.95%. Among all modules, GGCA not only delivers the best accuracy but also maintains a relatively low
computational cost (17.60 GFLOPs and 85.90 M parameters), which is comparable to other lightweight
modules like SE and ECA. Although CBAM and SA slightly increase the number of parameters and FLOPs,
their performance gains are limited compared to GGCA. These results demonstrate that GGCA provides an
optimal balance between performance and efficiency in multi-view 3D classification tasks.
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Table 6: Classification accuracy under different attention modules

Class No attention SE SA CBAM ECA GGCA

ACC (%) 88.71 9012 90.14 90.47 9229  92.95
Flops (G) 17.58 1758 1759 17.60 17.58 17.60
Params (M) 85.83 85.83 85.85 85.88 85.83 85.90

looks at how well the two ensemble learning methods, soft voting and hard voting, perform in
classifying objects into 10 categories. Experimental data show that Soft Voting does much better than Hard
Voting’s 92.84% and the baseline method’s 91.81%, achieving an overall accuracy of 93.50%. Experimental
data show that Soft Voting significantly outperforms Hard Voting’s 92.84% and the baseline method’s 91.81%
with an overall accuracy of 93.50%. From the perspective of subdivided categories, the four categories of bed,
chair, monitor, and toilet all achieved a perfect recognition rate of 100% under Soft Voting, and bathtub and
sofa also performed well (96%). However, categories such as dresser (80.23%), table (82%), and nightstand
(89.53%) still have great recognition difficulties, which may be due to the morphological similarities between
furniture items. According to the confusion matrix in , desk and table, as well as dresser and night, in
the dataset are misclassified. By comparing the instances of nightstand and dresser as well as desk and table,
it can be found that the overall shapes of the two models are extremely similar, and they differ only in local
details, which are easy to cause confusion in the classification experiment and affect the classification effect
of the model.

It is worth noting that Soft Voting has advantages in 7 categories, especially in difficult categories such
as dresser (improved by 5.45%) and nightstand (improved by 4.65%), which proves that its probability
weighting mechanism can more effectively deal with the problem of blurred category boundaries. This result
not only shows that the soft voting strategy is better, but it also highlights areas for future research, such as
improving features in tough categories, combining different strategies, and other ways to make it better.

Soft Voting Hard Voting Baseline

ags 100% 100% gg o7, 100% 100% gg 175 100% 100% gg.17% 100% 100% 99.67%

100 96% % 96% 96% 95.33%
89.53%g 375 89.53%
85.08% 84.88985.27% .
80.23%9 075, 8% gy, %
75.78%

Class

Figure 8: Accuracy comparison across different categories
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Confusion Matrix (Normalized) 10

0.00 0.00 0.00 0.02 0.00 0.00

bathtub

bed

0.8

chair

desk

0.6

True Label
monitor  dresser

- 0.4

night

sofa

-0.2

table

- 0.00 0.00 0.00 0.00

toilet

| " o -0.0
dresser  monitor night toilet

Predicted Label

'
batr;lub bed chair de;k

Figure 9: SV confusion matrix

The analysis of Tables 1-6, and Figs. 7-10 shows that the method suggested in this paper has clear
benefits in the voting mechanism, improving the attention mechanism, and extracting features. The SV
voting algorithm works better for multi-view classification tasks compared to the HV algorithm. The SV
voting algorithm is more suitable for multi-view classification tasks than the HV algorithm. The embedding
position of the GGCA module has a significant impact on the model performance, and the classification
accuracy of the model is further improved after the introduction of GGCA. These experimental results
verify the superiority and practical application value of the method in this paper on the ModelNet10 dataset.
Although this work focuses on the effectiveness of ViT-GE as a whole, future research will further investigate
the placement and interaction of attention modules within the network.

desk_0202_2 dresser_0203_0
- =
table_0020_2 night_stand_0202

Figure 10: Misclassified model instances
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4 Conclusion and Future Research

To further improve the accuracy of 3D model classification, this paper proposes a 3D model clas-
sification method that integrates ViT architecture, the ECA channel attention mechanism, the GGCA
global spatial attention mechanism, and a voting strategy. This method first projects the 3D model from
multiple perspectives to generate 2D views in six directions and uses ViT as the feature extraction backbone
network. The ECA mechanism is introduced to enhance the inter-channel feature modeling capability, and
the GGCA mechanism is combined to strengthen the key area response in the spatial dimension, thereby
comprehensively improving the feature expression capability. Each view group shares network parameters
to ensure a compact model structure and stable training. Subsequently, a voting mechanism is used to fuse
the discriminative features under multiple view groups, effectively alleviating the problem of multi-view
information redundancy and conflict. Compared with the traditional multi-view method of convolutional
neural networks, this method achieves more efficient collaborative expression in local channel modeling
and global spatial perception. Experimental results further verify the effectiveness of the proposed method.
In terms of voting strategy, the VIT-GE network achieved an accuracy of 92.84% on the ModelNetl0
dataset when using horizontal voting (HV), and the accuracy was increased to 93.50% after introducing
the soft voting (SV) strategy. Overall, VIT-GE showed significant advantages in accuracy, robustness, and
feature expression ability, proving the broad prospects and practical value of the three-dimensional model
classification method that integrates the Transformer structure and dual attention mechanism and combines
the voting strategy in practical applications.
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