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ABSTRACT. The development of computer vision has made three-dimensional models
play a crucial role in the field of image processing. However, compared to 2D models, 3D
models have more features, making it difficult to extract features and mine correlation
information between features. Based on this, this study is based on a multi-perspective
graph convolutional neural network, which uses an image entropy weight pooling layer to
improve the original view pooling layer. It assigns a weight based on image entropy to each
perspective image, and then performs view pooling operations. The Vision-Transformer
module is embedded into a multi-perspective graph convolutional neural network to mine
information associations between multi-view graphs. The results show that the multi-
perspective graph convolutional neural network model fused with Vision-Transformer is
more concentrated in classifying features of the same category in the view graph, and there
18 a significant distance difference between different features. The multi-perspective graph
convolutional neural network model fused with Vision-Transformer achieves accuracy of
89.0%, 92.0%, 94.0%, and mean average precision values of 80.0%, 85.0%, and 88.0%
when the number of view images is 6, 10, and 14. This study improves the retrieval
accuracy of 3D models and has certain reference value in the field of computer vision.
Keywords: Vision-Transformer, Multi-perspective graph convolutional neural network,
3D, Perspective image, Image entropy

1. Introduction. 3D model retrieval refers to the retrieval of 3D models that are similar
or related to the query model from a given 3D model database through computer algo-
rithms and techniques [1]. 3D model retrieval has important application value in fields
such as computer vision and computer-aided design. The traditional 3D model retrieval
methods are mainly based on manually designed feature descriptors, such as shape de-
scriptors, statistical features, and local features [2]. However, these methods have poor
retrieval performance when faced with complex model shapes and affine transformations.
In recent years, researchers have begun to use deep learning algorithms for 3D model re-
trieval to address this issue. By constructing a deep neural network model, richer feature
representations can be learned directly from the original data of the model [3]. A com-
monly used method is to represent a 3D model as a point cloud or voxel form, and extract
and learn its features through convolutional neural network (CNN) [4]. In addition, there
are also some methods that attempt to represent 3D models as graphical structures and
use graph convolutional networks for feature extraction and learning [5]. The current al-
gorithms focus more on the feature extraction of a single view graph, and it is difficult to
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mine the correlation between multi-view graphs. To solve this problem, this study designs
a retrieval algorithm by combining multi-view CNN and Vision-Transformer (MVVCNN)
to deeply excavate the information correlation between multi-view images, so as to make
the retrieval of 3D models more accurate.

The contributions of this paper are as follows. 1) It improves the 3D model retrieval
algorithm based on multi-view CNN (MVCNN), improves the original maximum perspec-
tive pooling to a weight pooling method based on image entropy, and fuses the information
of multi-view graphs more efficiently. 2) A novel 3D model retrieval algorithm based on
Vision-Transformer (ViT) is proposed. The two-level ViT is embedded in the MVCNN
graphs to mine the information correlation between multi-view graphs.

The innovations of this study are as follows. A 3D model retrieval system with B/S
architecture is designed based on MVVCNN. A multi-view graph generated from the
3D model is reduced by virtual camera to construct 2D image data for representing the
3D model, which is then sent into the multi-view graph retrieval model for training and
similarity measurement. Finally, the search result is obtained.

This study is divided into five parts. The first part introduces the background and
significance of this study. The second part discusses the existing research on CNN and
3D model retrieval. The third part is based on MVCNN, using Entropy Weighted View
(EWYV) pooling layer to improve the original view pooling layer. ViT module is introduced
to construct a 3D model retrieval system. In the fourth part, the model is tested and
analyzed. The fifth part is a summary of the full text, and points out the shortcomings
of this paper.

2. Related Works. CNNs are broadly applied in computer vision, and some experts and
scholars have conducted relevant research based on this. Wang et al. believed that CNN,
as a mainstream deep learning model, has achieved great success in the field of image
recognition. However, the neurons used in CNN were too simplified. To raise the learning
ability of the model, a new dendritic CNN was raised. This network model considered the
nonlinear information processing function of dendrites in a single neuron, and its superior-
ity was demonstrated through experiments [6]. Vives-Boix and Ruiz-Fernandez believed
that synaptic plasticity affected the performance of models in memory and learning in
neural networks. Therefore, a method was provided to incorporate partial plasticity into
CNN to strengthen learning in image classification issues. This method involved using
partial plasticity as a weight update function during the backpropagation phase of the
convolutional layer. The outcomes denoted that this method could effectively enhance
the image classification learning of the model [7]. Shi et al. found that existing physics
based methods could not control the focus of each pixel in 3D projection. Therefore,
a CGH pipeline based on deep learning was proposed, which could synthesize realistic
color 3D holograms in real time from a single RGB depth image. Moreover, CNN has
extremely high memory efficiency, running at a resolution of 60 Hz on a single consumer
level graphics processing unit, with a resolution of 1920 x 1080 pixels. The experiment
findings expressed that this method could present the projection effect of holograms [8].
Joshi et al. proposed an efficient deep learning architecture-based peripheral blood cell
image recognition and classification using interruption-based salp swarm and cat-based
optimized CNN algorithms. At the same time, a binary encoding technique was devel-
oped to transform the parameter adjustment problem into an optimization problem. This
method increased the diversity of the search space by providing higher classification ac-
curacy. The experimental results showed that the global classification accuracy of this

method was 97% [9].
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Any design industry cannot do without 3D design, and 3D model data is increasing
year by year, making it difficult to search. Some experts and scholars have conducted
relevant research on the retrieval methods of 3D models. Hamza et al. proposed a 3D
model shape retrieval system based on triangular meshes. This method first extracted
the features of the 3D model to calculate its descriptor, and then divided the model into
clusters based on descriptors that remain unchanged in scale and direction. It clustered
the model using the fuzzy C-means clustering method. The results demonstrated the su-
perior performance of this method [10]. Cheng et al. proposed a rapid design method for
process equipment driven by classification retrieval based on 3D model definition. Firstly,
a 3D model of information integration was established. A classification machine learn-
ing algorithm was constructed based on the definition of a 3D model using an extreme
learning machine. Finally, the processing equipment for retrieving and mapping the 3D
model definition was called, and the existing process equipment model was adjusted and
modified. The outcomes denoted that this method could improve the efficiency of design
[11]. Nie et al. proposed a novel multi-modal fusion network for 3D shape recognition,
which utilized the correlation between different modalities to generate more robust fusion
descriptors. Moreover, two new loss functions were designed to help the model learn rele-
vant information during the training. The experimental results showed that this method
had significant advantages compared to the most advanced methods [12]. Starly et al. be-
lieved that in the field of computer graphics, different datasets were used for 3D shape
classification and retrieval, resulting in different categories of model descriptions. Based
on this, an algorithm based on the MVCNN algorithm was put forward. This algorithm
used the camera angle of the original angle to capture feature details for classification and
retrieval, to reduce the amount of data and processing time required for training shape
recognition algorithms. Through simulation experiments, it is shown that the algorithm
was improved by nearly 6% compared to the original version [13].

In summary, existing research on image recognition using CNN mainly focuses on 2D
images, lacking applications in 3D image recognition. In addition, most existing 3D mod-
el search methods are limited to image classification and lack research on information
association and feature fusion of perspective maps. Therefore, this study is based on an
MVCNN and uses an EWYV pooling layer to improve the original view pooling layer and
achieve information fusion of multi-view graphs. Then, it embeds the ViT module into the
MVCNN to explore the information association between multi-view graphs. The method
proposed by this research has high application value in computer vision.

3. Construction of a 3D Model for Deep Learning from Multi-View Fused with
ViTs. To achieve the retrieval of 3D models, this chapter is divided into two parts to
construct the model. The first part is based on an MVCNN, which uses the EWV pooling
layer to improve and achieve the fusion of multi-view graph information. The second
part embeds the ViT module into an MVCNN based on EWV, achieving the mining of
information associations between multi-view graphs.

3.1. The construction of improved MVCNN models. A 3D model is a virtual
representation form used to present the appearance and structure of objects in 3D space,
consisting of a set of geometric data [14]. To batch generate multi-view graphs of 3D
models in the Blender mapping system, it is necessary to first generate a blank model
file in the Blender system. In this model file, environmental features such as background,
texture, and lighting are constructed in advance. At the same time, to avoid the impact of
light and shadow changes on the rendering of the perspective map when importing a 3D
model, a Phong style lighting model is used to complete the rendering of the perspective
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map. Phong style lighting model [15] is a commonly used algorithm in computer graphics
for simulating lighting effects. The Phong style lighting model mainly considers ambient
light, diffuse light, and specular light. It determines the color of each point on the model
surface by calculating the direction and intensity of light. The calculation for the Phong
type lighting model is shown in Equation (1).

I =1k, + Z (Lpaka cosi + I,sks cos™ ) (1)

In Equation (1), I represents the intensity of lighting in the 3D model. k, represents the
environmental reflection coefficient. k; represents the diffuse reflection coefficient. kg rep-
resents the specular reflection coefficient. I, represents the intensity of ambient light. I,
represents the intensity of diffuse reflection. I, represents the intensity of specular reflec-
tion. Due to different 3D models having different perspectives, the generated perspective
images contain different information. Therefore, when choosing a perspective, the om-
nidirectional nature of the perspective image should be considered. Therefore, using the
center of the 3D model as the origin of the Cartesian coordinate system, it constructs
a cube that is larger in length, width, and height than the 3D model to surround the
model. The length, width, and height of the cube can be adjusted according to the size
of different models, and the coordinate axis divides the space into 8 quadrants. It sets
up a virtual camera at the center of all faces of the constructed cube, as well as at the
vertices of the 8 quadrants. The perspective of the virtual camera is aligned with the
origin of the Cartesian coordinate system. Therefore, each 3D model can obtain 14 differ-
ent perspective images, which can contain comprehensive information of the 3D model.
After obtaining the perspective image, the MVCNN is used to extract features [16]. The
architecture diagram of MVCNN is shown in Figure 1.

Different
perspectives

| 1S [CNN1 3D model
database
IS[CNNT Yiew Similarity
pooling layer measurement

FIGURE 1. Architecture diagram of MVCNN

]

The MVCNN consists of a first segment CNN, a view pooling layer, and a second seg-
ment CNN. When each perspective image of a 3D model independently passes through
the first CNN, a feature is generated [17]. All features generated from perspective images
are fused into one feature after passing through the view pooling layer. The fused fea-
tures are input into the second CNN to generate the final 3D model features [18]. The
view pooling layer includes maximum pooling and mean pooling methods, but unlike the
original pooling layer, the original pooling layer is a planar pooling method, with the
convolutional kernel moving along the X and Y axes. The view pooling layer is a 3D
pooling method, with its convolutional kernel moving along the Z-axis, which can stack
the feature matrices of N perspective images [19]. The maximum pooling and average
pooling operations in the view pooling layer are shown in Figure 2.

It assumes that the output of the view pooling layer is VP, and the total number of
view graph features is N. The formulas for maximum and average view pooling operations
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FIGURE 2. Maximum pooling and mean pooling operations

are shown in Equation (2).
VP(j) = max (fi(7))

1<i<N

N 2
VPG) = 1 S0 ) .

In Equation (2), the first and second formulas represent maximum and mean view pooling,
respectively. j represents the dimension of the feature in the perspective image, while f;
represents the feature corresponding to the ith perspective image. Due to the different
angles of the perspective image during shooting, each perspective image contains different
amounts of information, resulting in varying degrees of importance in feature extraction.
Therefore, the maximum view pooling operation has been improved to perform weight
pooling based on image entropy. Image entropy is an indicator used to measure the richness
of image information, representing the distribution of pixels in an image [20]. The 1D
entropy of an image refers to the amount of information contained in the aggregated
features of the grayscale distribution in the image, as defined in Equation (3).
255
H = sz‘ log pi (3)
i=0
In Equation (3), p; means the proportion of pixels with a grayscale value of i in the
image. The grayscale value ranges from 0 to 255. Due to the inability of 1D entropy
to represent the spatial characteristics of image grayscale distribution, the 2D entropy
method of images is adopted. Assuming the scale of the image is NV, it defines a binary
(7,7). Among them, i stands for the grayscale value of the pixel, and j represents the
domain grayscale mean of the image. The frequency at which a binary group appears is
defined as f(i,j), and the comprehensive feature expression combining the aggregation
features of the image grayscale distribution and spatial features is shown in Equation (4).
S, g
p, =100 ()
In Equation (4), P,; represents the comprehensive feature. The 2D entropy calculation
for images is shown in Equation (5).

255

=0

In Equation (5), H represents the 2D entropy of the image. The higher the image en-
tropy, the more evenly distributed the pixels in the image, and the more information the
image has. On the contrary, the lower the image entropy, the more concentrated the pixel
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distribution in the image, and the less information image has, which may be uniform areas
or edges. Therefore, it is necessary to assign higher weights to perspective images with
high image entropy, and lower weights to perspective images with low image entropy. The
calculated weights form a convolutional kernel and perform view pooling fusion for each
perspective image. The improved view pooling module is the EWV pooling layer [21].
The schematic diagram is shown in Figure 3.

Convolutional
kernel
Wa Feature n
N )
W, Feature 3
W, Feature 2
W, Feature 1

FIGURE 3. Schematic diagram of EWV pooling layer

The output of the EWV pooling layer is shown in Equation (6).

VP(j) = Zwifi(j) = Z %ﬁ(]) (6)

In Equation (6), w; represents the weight assigned to the ¢ viewpoint map, and H; repre-
sents the image entropy of the ¢ viewpoint map.

3.2. Construction of MVVCNN. In the Transformer module, self attention mecha-
nism, multi start attention (MSA), and position encoding are the main three parts. The
attention mechanism can focus on key information and remove secondary information
[22]. The self attention mechanism is more suitable for analyzing the internal correlations
between input features, reducing dependence on external information [23]. The self at-
tention mechanism first multiplies the lowest level input sequence with their respective
weight matrices to obtain the query vector @), key vector K, and value vector V. The
calculation for the three vectors is shown in Equation (7).

Q=Ww,I
K = Wil (7)
V =W,I

In Equation (7), I represents the input sequence, and W refers to the corresponding
weight matrix. It calculates the similarity between the query vector () and the key vector
K. Tt multiplies each ) with all K points to obtain the correlation coefficient. It uses
Softmax to calculate an attention weight matrix composed of weight values between 0
and 1. Then, the weight matrix is weighted to sum the corresponding V' values, and the
final output weighted by the self attention mechanism is obtained as shown in Equation

(8).

0(Q, K, V) = softmaz (?Z_:) 1% (8)

In Equation (8), O represents the weighted output, and dj represents the correlation
coefficient. To better integrate the information correlation between various perspective
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images and fuse the features of perspective images, the ViT module [24] is used to integrate
the correlation information between multi-view graphs. The architecture diagram of the
ViT module is denoted in Figure 4.

When ViT processes 2D image information, it first divides the image into fixed sized
small blocks, treating each block as a patch. That is to flatten the input image z €

REXWxCinto o € RNX(PQXC). P denotes the size of the patch. N expresses the length of
the input sequence. Then it needs to flatten the image information, position information,
and image category information of the patch into a single vector and use it as input.
Assuming that each patch is a tensor of d; X dy X d3, the vectorized result vector is dydyds X

1. If the image is divided into n blocks, the vector is expressed as [x1, T2, T3, ..., 2,]. A
fully connected layer is utilized to linearly transform the vector [xy,zs, 23, ..., 2], and
then a new vector [21, 29, 23, . . ., 2,] is obtained. It encodes each position in the image into

a position vector with the same size as the z vector. It adds the position vector to the z
vector, where the z vector contains the content and position information of the patch. In
addition, feature classification is represented by CLS and an embedding operation is used
to obtain a vector z, of the same size as z. The above operation is shown in Equation (9).

2z =[CLS;t1E;x9F; .. . ;0,E] 4+ Eyps, E € RDX(PQ'C), Epos € RPX(VHD) ()

MSA layers and fully connected layers are alternately stacked to form an encoder, and
a total of n + 1 vectors from zy to z, are input into the encoder to obtain the output
vectors ¢g to ¢,. The output vector ¢q to ¢, is represented as the extracted feature vector
from the image, and finally input ¢y into the Softmax classifier. The output result of the
classifier represents the classification result vector, represented by p, and the size of p is
represented by the number of categories. The schematic diagram of the ViT workflow is
denoted in Figure 5.

In traditional Transformers, both encoders and decoders are included, but the decoder
has been removed from the ViT framework, leaving only the encoder to classify and
retrieve images [25,26]. In ViT, it consists of alternating MSA modules and multi-layer
perceptron (MLP). The MSA expression is shown in Equation (10).

2) = MSA(LN(z)) + 2.1, 1€1,2,...,L (10)

In the above equation, L represents the number of layers of the encoder, and LN represents
the layer standardization function. The expression of MLP is shown in Equation (11).

2z1= MLP(LN(z))+z2, 1€1,2,...,L (11)
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FIGURE 5. Schematic diagram of ViT workflow

Encoder

In addition to MSA and MLP, layer standardization and skip connections are also added
at the beginning and end of each encoder, as shown in Equation (12).

y=LN (z1) (12)

To achieve the fusion of associated information from multi-view images, improvements
were made on the Transformer module and MVCNN network to construct an MVVCNN
model. The MVVCNN architecture diagram is shown in Figure 6.

Different
perspectives
I:I_ N CNN View level ViT
N CNN View level ViT Mode'l level
[ ] viT
I:l 4 View level ViT

Similarity
measurement

3D model
database

FiGureE 6. MVVCNN architecture diagram

In the MVVCNN, after passing through the CNN module, the feature matrix of each
perspective image is independently extracted through the view level ViT layer. In this
module, the [6,6, 256] matrix is flattened to [36, 256] and the position of each patch
is decoded. It adds the position vector to the feature vector, and the synthesized new
vector contains the content and position information of the patch. After inputting the
new feature vectors into the view level ViT module, 14 256-dimensional view features are
generated. These 14 features are input into the model level ViT after passing through the
EWYV module. In the original ViT, the position vector is simply encoded. Based on the
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characteristics of Transformer position encoding, a position encoding method based on
virtual camera position was constructed and applied to model level ViT. This encoding
method can obtain the rendered perspective map of the virtual camera based on its abso-
lute position in the coordinate system, and encode the position based on the perspective
images. A 3D Cartesian coordinate system is established based on the origin of the 3D
model, with the number of cameras represented by C'. The position of the camera is shown
in Equation (13).

X = RO (13)

In Equation (13), X represents the 3D vector of each camera. The position of each per-
spective image is encoded into a vector embedded in Equation (14).

Epps = RP (14)

By using XE,,s, the feature encoding vector for each position can be obtained, and
the size of this vector is consistent with the weight pooling output of the image entropy.
Finally, the feature vector and position encoding vector are added to obtain the final
feature vector. It measures the similarity between the feature vector and the features in
the feature library using Euclidean distance one by one, and the calculation is shown in
Equation (15).

The calculated Euclidean distance values are sorted from smallest to largest, and the
smaller the value, the higher the similarity between the two features.

4. Model Performance Testing and Analysis. To study the retrieval performance
of the constructed model, this chapter is divided into two parts for testing. The first part
will compare and analyze the models before and after improvement, and the second part
will compare and test the MVVCNN model with other existing models.

4.1. Performance testing of MVVCNN. Princeton University’s ModelNet dataset
was selected for the study. There were 4899 models in ModelNet10, including 10 cate-
gories, 3991 of which were training sets and 908 of which were data sets. ModelNet40 had
a total of 12291 3D models, including 40 categories, of which 9843 models were training
sets and 2448 models were test sets. The experiments in this study were conducted on a
computer with 32GB memory, an Intel(R) Xeon processor and an NVIDA Quadro P620
graphics card under Windows operating system. The code of the experiment was based
on Tensorflow framework, and Adam optimization method was used for network training.
The initial learning rate of 0.001 was set first, the exponential attenuation was main-
tained, and the learning rate was changed to 0.0001 when the loss was not significantly
reduced. The other parameter settings and experimental environment settings are shown
in Table 1.

The feature extraction effects of MVCNN, MVCNN-EWV, and MVVCNN models were
compared and ModelNet10 was selected as the dataset. The dataset included 10 features,
and the visualization results obtained after PCA dimensionality reduction are shown in
Figure 7.

From Figure 7, the features extracted by the original MVCNN model could achieve
clustering, but there was no significant distance between feature categories. The MVCNN-
EWYV model had a more significant clustering effect for features of the same category, and
the distance between categories also increased. The MVVCNN model had more concen-
trated features of the same category, and there were obvious differences between different
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TABLE 1. Experimental environment and parameter settings

Parameter and
environment settings

Parameters and environment

Setting

Operating system

Windows10 Enterprise

Intel(R)Xeon E-2244G

(¢) MVVCNN

Processor CPU@3.80GHz 3.79GHz
Experimental Memory 32GB
. Graphics card NVIDA Quadro P620
environment :
Programming language Python 3.6.7
Development editor PyChrm 2019.3.5
Deep learning framework TensorFlow1.14.0
Image processing library OpenCV4.4.0
Initial learning rate 0.001
Exponential decay rate 0.9
Parameter Fuzzy factor 10-8
Batch training volume 16
Epoch 20
2 , b
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FIGURE 7. Visualization of feature extraction

features. Therefore, the MVVCNN model could effectively distinguish the features of 3D
models and had better feature extraction performance. The accuracy of classification was
set as the testing indicator, and the number of perspective images was set to 6, 10, and
14. After conducting 5 experiments, the accuracy comparison results of the three models

are shown in Figure 8.
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F1GURE 8. Accuracy comparison chart

From Figure 8, when the number of perspective images was 6, the accuracy of MVCNN,
MVCNN-EWV, and MVVCNN was 82.0%, 85.0%, and 89.0%, respectively. When the
number of perspective images was 10, the accuracy of MVCNN, MVCNN-EWV, and
MVVCNN was 88.0%, 90.0%, and 92.0%, respectively. When the number of perspective
images was 14, the accuracy of MVCNN, MVCNN-EWV, and MVVCNN was 91.0%,
92.0%, and 94.0%, respectively. Therefore, as the number of perspective images increased,
the accuracy would improve. The MVVCNN model had higher accuracy values compared
to the other two models. The retrieval accuracy mean average precision (mAP) value was
used as an indicator, and the outcomes are indicated in Figure 9.

1.0 4@ MVCNN 1.0 4 D MVCNN

MVCNN-EWV : MVCNN-EWV 1.00 1 m MVCNN
0.9 1= MVVCNN 0.9 { == MVVCNN 0.85 0.95 1 == MVCNN-EWV
2 0 075 Y 2 0.8 1 — ] & 0.90 1 0.88
071 £0.71 E 0.85 1 0,851
0.6 1 0.6 0.80 ﬂo—%/
02 NN MVCNN MVV 03 "~ MVCNN MVV 075 " MVCNN MVV
MVCNN
-EWV  CNN MYCHN -EWV  CNN MVCNN -EWV  CNN
Model Model Model

(a) The perspective image is 6.  (b) The perspective image is 10.  (c) The perspective image is 14.
F1GURE 9. Comparison of mAP

From Figure 9, when the number of perspective images was 6, the mAP value of MV-
CNN, MVCNN-EWV, and MVVCNN was 75.0%, 77.0%, and 80.0%, respectively. When
the number of perspective images was 10, the mAP value of MVCNN, MVCNN-EWYV, and
MVVCNN was 80.0%, 82.0%, and 85.0%, respectively. When the number of perspective
images was 14, the mAP value of MVCNN, MVCNN-EWV, and MVVCNN was 80.0%,
85.0%, and 88.0%, respectively. Therefore, MVVCNN had higher retrieval accuracy values
and better performance in retrieving 3D models.

4.2. Model comparison testing and analysis. To study the performance differences
between the MVVCNN model and existing advanced models, CNN, Spherical Harmonic
Function Descriptor (SPH), LightField Function Descriptor (LFD), ViT, and MVVCNN
were selected for comparison. CNN can be trained to recognize shapes independently in
a rendered view. SPH is the angle part of the spherical coordinate solution of Laplace’s
equation. It is a famous function in modern mathematics. It is widely used in quantum
mechanics, computer graphics, rendering light processing and spherical mapping. Another
example that is particularly popular in computer graphics settings is LD, which extracts
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a set of geometric and Fourier descriptors from the contours of objects rendered from
several different viewpoints. ViT treats images as sequence data and each pixel or region
of the image as a position in the sequence, so that spatial and temporal information in
the image can be captured using the self attention mechanism. The results of testing on
the ModelNet40 dataset are denoted in Table 2.

TABLE 2. Comparison of mAP values of different models

3D retrieval model | Number of perspective images | mAP (%)
CNN 62.5
SPH 34.5
LFD 10 41.3
ViT 78.5
MVVCNN 80.0
CNN 65.9
SPH 40.5
LFD 14 47.6
ViT 82.9
MVVCNN 88.2

From Table 2, when the perspective maps were 10 and 14, the MVVCNN model had
mAP values of 80.0% and 88.2%, respectively. The SPH and LFD models were the best
existing retrieval models based on shape descriptors, but the results obtained were average.
Therefore, deep learning could mine deeper correlation information in perspective images
and more accurately represent the features of perspective images. The P-R curves and
ROC curves of CNN, ViT, MVCNN, MVCNN-EWV, and MVVCNN were compared, as
shown in Figure 10.
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F1GURE 10. Comparison of P-R curves

From Figure 10, the P-R curve of the MVVCNN model had the largest area enclosed by
the coordinate axis. Although the performance of MVCNN-EWV and MVCNN models
was not better than that of MVVCNN model, they also achieved better performance
compared to CNN and ViT models.

5. Conclusion. To improve the accuracy of 3D model retrieval, this study was based
on an MVCNN, which uses the EWV pooling layer for improvement. It embedded the
ViT module into the improved MVCNN-EWYV to construct a 3D image retrieval model.
The research findings denoted that the MVCNN model could only realize clustering, and
there was no significant distance between feature categories. The MVCNN-EWV model
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had a significant clustering effect on features of the same category, and the distance
between categories also increased. The MVVCNN model had more concentrated features
of the same category, and there were obvious differences between different features. When
the number of perspective images was 6, the accuracy of MVCNN, MVCNN-EWV, and
MVVCNN was 82.0%, 85.0%, and 89.0%, respectively. When the number of perspective
images was 10, the accuracy of MVCNN, MVCNN-EWV, and MVVCNN was 88.0%,
90.0%, and 92.0%, respectively. When the number of perspective images was 14, the
accuracy of MVCNN, MVCNN-EWV, and MVVCNN was 91.0%, 92.0%, and 94.0%,
respectively. When the number of perspective images was 6, the mAP value of MVCNN,
MVCNN-EWV, and MVVCNN was 75.0%, 77.0%, and 80.0%, respectively. When the
number of perspective maps was 10, the mAP value of MVCNN, MVCNN-EWYV, and
MVVCNN was 80.0%, 82.0%, and 85.0%, respectively. When the number of perspective
images was 14, the mAP value of MVCNN, MVCNN-EWV, and MVVCNN was 80.0%,
85.0%, and 88.0%, respectively. The MVVCNN model had mAP values of 80.0% and
88.2%, respectively, when the perspective maps were 10 and 14. Moreover, the P-R curve
of the MVVCNN model had the largest area enclosed by the coordinate axis, which could
still achieve the best results compared to other models. There were shortcomings in this
study, such as a lack of optimization of model retrieval time. Therefore, in future research,
the minimum search time can be used as one of the optimization indicators.
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