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ABSTRACT This paper aims to improve the quality and fidelity of three-dimensional (3D) animation.
Firstly, the application model of Multi-Column Convolutional Neural Network (MCNN) in 3D animation
generation and image enhancement is proposed. Aiming at the generation of 3D animation, the MCNN
algorithm suitable for this field is selected, and its working principle is explained in detail. Meanwhile, the
theoretical basis of 3D animation generation is introduced, which provides a theoretical basis for subsequent
experiments. Secondly, for image enhancement, the MCNN is also selected as the key technology, and its
application model in image enhancement is explained. Finally, a simulation experiment is carried out to
evaluate the effect of the proposed MCNN model in 3D animation generation and image enhancement.
By collecting appropriate data sets and setting parameters in the corresponding experimental environment,
the performance of the proposed model is evaluated. The results show that, compared with the traditional
methods, the MCNN model shows better performance and effect in animation generation and image
enhancement tasks. Specifically, this method can still maintain good performance under the conditions of
shorter training time, faster reasoning time and lower memory occupation, and this method has advantages in
computational efficiency. 3D animation generation and image enhancement technology with MCNN model
can significantly improve the animation quality and image fidelity, and satisfactory experimental results
have been obtained. The experimental results in this paper verify the application potential of MCNN in 3D
animation generation and image enhancement, and provide new ideas and directions for further research and
application.

INDEX TERMS Multi-column convolutional neural network, three-dimensional animation, image enhance-
ment, computational efficiency, image fidelity.

I. INTRODUCTION virtual reality and other fields. 3D animation generation
A. RESEARCH BACKGROUND AND MOTIVATIONS technology can simulate real-world objects and scenes, mak-
With the continuous development of science and technology ing cartoons, games and special effects more realistic [1].
and the expansion of application fields, three-dimensional Image enhancement technology can improve the image qual-
(3D) animation generation and image enhancement technol- ity, enhance details, reduce noise, and improve the visual
ogy play an important role in entertainment, advertising, effect and information transmission ability of the image. The
development and application of these technologies are very

The associate editor coordinating the review of this manuscript and important to meet people’s demand for high-quality visual
approving it for publication was Chong Leong Gan . experience [2]. However, there are still some challenges
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and problems to be solved in the field of 3D animation
generation and image enhancement. Traditional 3D anima-
tion generation methods often require complex modeling
and rendering processes, which consume a lot of time and
human resources [3]. Image enhancement technology also
faces the problems of insufficient illumination, blurred image
and noise interference [4]. Therefore, in order to improve the
efficiency and quality of 3D animation generation and image
enhancement, it is necessary to introduce new algorithms,
models and technologies.

In this context, Multi-Column Convolutional Neural Net-
work (MCNN) has become a research direction of great
concern. MCNN is a deep learning model, which extracts
features from images and videos through multiple convo-
lution layers and pooling layers. It has the advantages of
processing large-scale data, automatically learning feature
representation and good generalization ability [5]. Therefore,
the application of MCNN in 3D animation generation and
image enhancement is expected to achieve better results and
performance [6]. The motivation of this paper is to explore the
application of MCNN in 3D animation generation and image
enhancement. It is hoped to make use of the advantages of
MCNN to improve the efficiency and quality of 3D animation
generation, and improve the effect of image enhancement and
the ability of detail preservation.

B. RESEARCH OBJECTIVES

The objectives of this paper include the following aspects:
Firstly, the application of MCNN in 3D animation genera-
tion will be studied. By deeply understanding the theoretical
basis of 3D animation generation, a MCNN model suit-
able for this field will be selected, and its principle and
characteristics will be explained in detail. On this basis,
a MCNN application model for 3D animation generation is
proposed, aiming at improving the efficiency and quality of
the generation process. Secondly, the application of MCNN
in image enhancement is studied. The MCNN model suitable
for image enhancement field is selected, and its working
principle and characteristics are explained in detail. By intro-
ducing MCNN, a specific application model for 3D animation
image enhancement is proposed, aiming at improving image
quality, enhancing details and reducing noise [7].

Finally, simulation experiments are carried out to verify
the performance of the proposed MCNN application model in
3D animation generation and image enhancement. The appro-
priate data sets are collected and simulated and evaluated in
the experimental environment. The appropriate parameters
are set, and the proposed models are objectively evaluated
and compared through performance evaluation indicators.
Through the analysis and discussion of experimental results,
the effects and advantages of MCNN in 3D animation gener-
ation and image enhancement are evaluated, and suggestions
for improvement and optimization are provided. By achieving
the above research objectives, it is expected to provide useful
contributions to the research and application of 3D animation
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generation and image enhancement. This paper helps to pro-
mote the development of these fields, and provides guidance
and reference for academic research and practical application
in related fields.

Il. LITERATURE REVIEW

By using the powerful feature extraction ability and learning
ability of Convolutive Neural Network (CNN), researchers
have proposed a variety of 3D animation generation meth-
ods based on CNN, such as Anantrasirichai and Bull based
on the method of generating confrontation networks [8],
Kwolek et al. and the method of variational self-encoder,
etc. [9]. These methods have achieved remarkable results
in reducing manual participation, improving generation effi-
ciency and enhancing generation quality. At present, image
enhancement techniques are mainly divided into traditional
methods and methods based on deep learning [10]. Tradi-
tional methods mainly include histogram equalization, filter
and edge enhancement [11]. With the rise of deep learn-
ing, the image enhancement method based on deep learn-
ing has made remarkable progress. Especially, the applica-
tion of CNN has brought a new breakthrough for image
enhancement.

The CNN can better capture the features and context infor-
mation of the image and improve the enhancement effect [12].
Some mainstream image enhancement methods based on
deep learning include super-resolution reconstruction, image
denoising and image restoration [13]. These methods realize
the learning and recovery of local and global features of
images by training deep neural networks with large-scale
image data sets [14]. MCNN is a model based on CNN, which
has multiple convolution layers and pooling layers [15]. In the
task of image denoising, MCNN can learn the noise pattern in
the image and improve the image quality through denoising
operation [16]. In addition, Toshpulatov et al. applied the
MCNN to image super-resolution reconstruction [17], and
Hazourli et al. transformed the image style of MCNN into
other image processing tasks [18], all of which achieved
remarkable results.

Based on the review of related literature, this paper will
further study and explore the application of MCNN in 3D
animation generation and image enhancement. In the next
section, the research model and method of this paper will
be introduced in detail, and the experimental simulation will
be carried out to verify the performance and effectiveness of
the proposed method.

IlIl. RESEARCH MODEL
A. MCNN IN 3D ANIMATION GENERATION
1) THEORETICAL BASIS OF 3D ANIMATION GENERATION
3D animation generation is a process of simulating a
three-dimensional scene by computer technology and gener-
ating animation, as shown in Figure 1 [19].

Figure 1 involves several key concepts and technologies,
such as 3D modeling, animation rendering, kinematics and
key frame interpolation. Firstly, 3D modeling is the basis of
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FIGURE 1. 3D animation generation.

3D animation generation, which involves modeling the geo-
metric shape, texture and material properties of 3D objects.
Secondly, animation rendering is the process of transform-
ing the modeled 3D scene into the final image. In addition,
kinematics is the description and simulation of object motion
in animation. In 3D animation, the motion of objects can be
realized by key frame interpolation [20].

2) APPLICATION MODEL OF MCNN IN 3D ANIMATION
GENERATION

MCNN is a model based on convolutional neural network,
which is widely used in 3D animation generation. The model
structure of MCNN is shown in Figure 2 [21].

In Figure 2, MCNN extracts features from 3D scenes
through multiple convolution layers and pooling layers, and
trains them through back propagation algorithm to optimize
and improve the animation generation process.

The application model of MCNN in 3D animation gener-
ation is as follows: Firstly, MCNN uses convolution layer
to extract the features of 3D scene. The convolution layer
performs convolution operation on the input feature map by
sliding convolution kernel to obtain the output feature map.
Each convolution kernel can learn different features. Multiple
convolution layers can build a deep network structure, so that
the network can learn more abstract and advanced feature rep-
resentation. The process of convolution operation is shown in
equation (1) [22].

Y )=, > Xi—mj—n-Kmn (1)

Y (i, ) is the pixel value of the output feature map. X (i —
m, j — n) is the pixel value of the input feature map. K (m, n)
is the weight of convolution kernel. m and n are index vari-
ables in convolution operation, which are used to indicate
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FIGURE 2. Model structure of MCNN.

the position of convolution kernel when it slides on the input
feature map.

Secondly, the pooling layer plays the role of down-
sampling in the MCNN, which is used to reduce the size and
parameters of the feature map, thus improving the calculation
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efficiency and reducing over-fitting [23]. The most com-
monly used pooling operations are average pooling and
maximum pooling. Average pooling takes the average value
of features in the pooled area as the output, while maximum
pooling takes the maximum value as the output. The process
of average pooling operation is shown in equation (2).

1
Y(i,j):k—zsznX(k~i+m,k.j+n) 2)

k is the size of the pool area.

In addition, activation function is often used to introduce
nonlinear transformation in MCNN to increase the expres-
sive power of the networks. The training process of MCNN
usually adopts back propagation algorithm to optimize net-
work parameters by minimizing loss function. Common loss
functions include mean square error loss and cross entropy
loss, and the loss function of mean square error loss is shown
in equation (3).

1 N ; N2
L= N Zi:l (Ytggget - Y(l)) 3)

L is the loss function value. N is the number of samples.
Yt(;r)get is the target output value. Y is the predicted output
value of the network.

In the training process, the back propagation algorithm
is used to calculate the gradient and update the network
parameters, so that the network can be gradually optimized
and adjusted to achieve better animation generation effect.

In this paper, an innovative concept of adaptive convolu-
tion kernel is introduced to improve the quality and effect
of 3D animation generation. Traditional MCNN usually use
fixed convolution kernels to extract features in 3D anima-
tion generation. The innovation of this paper lies in the
use of adaptive convolution kernel, whose weight can be
dynamically adjusted according to the characteristics of input
data [24]. The adaptive convolution kernel can be expressed
by the following equation (4):

Coy) =20 D0 W I +iy+) @)

C(x, y) represents the pixel value of the feature image of
the convolution result. / (x, y) represents the pixel value of the
input image, and W (i, j) represents the weight of the adaptive
convolution kernel. Different from the traditional fixed con-
volution kernel, the weight W (i, j) of the adaptive convolution
kernel is automatically learned and adjusted according to
the characteristics of the input data. In order to realize the
adaptive convolution kernel, the attention module is intro-
duced into the network, and the weight distribution adapted
to different scenes and features is learned through training.
By minimizing the difference between the generated image
and the real image in the training process, the network can
learn an adaptive convolution kernel suitable for the current
input data.

In order to better capture the time sequence characteristics
of animation sequences, a time sequence modeling mech-
anism is introduced into the MCNN. By combining time
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sequence information, the relationship between consecutive
frames can be predicted more accurately, and a more coherent
and natural animation sequence can be generated. The Recur-
rent Neural Network (RNN) structure is adopted to model the
time series information. Long Short-Term Memory (LSTM)
unit is used as the basic unit of RNN. The LSTM unit has
mechanisms such as memory unit, forgetting gate, input gate
and output gate, which can effectively deal with long-term
dependencies. For the 3D animation generation task, the time
sequence information is expressed as the feature vector of
the input sequence, and then these features are processed
through the LSTM layer [25]. The LSTM layer can capture
the time series relationship in the input sequence and output
a hidden state representing context information. This hidden
state contains the information of past frames, so that the
generation of current frame can be influenced by previous
frames.

In order to further improve the quality of 3D animation
generation, an innovative optimization strategy is adopted
in the training process. Firstly, the attention mechanism
is introduced to enhance the attention of the network to
key features. Attention mechanism allows the network to
dynamically adjust the weight of features in the genera-
tion process to better capture important details. Secondly,
in order to enhance the generalization ability of the model,
the domain adaptive method is adopted. 3D animation gener-
ation involves multiple scenes and animation styles, and these
data often have different feature distributions. In order to
adapt the model to different data domains, a domain adaptive
loss function is introduced. This loss function enables the
model to realize feature transfer between different scenes by
minimizing the distribution difference between the source
domain and the target domain [26]. Specifically, the max-
imum mean variance (MMD) is adopted as the objective
function of domain adaptation. Based on the above opti-
mization strategies, the objective function can be expressed
as equation (5).

N N
min > Lgen (3 yis0) + A1+ D L (3, 3i36)
+ A2 - MMD (x¢. x1) )

Ly 1s the loss function of attention mechanism. x; and y;
are the input and target output respectively. 6 is the parameter
of the model, and x; and x; are the characteristics of the source
domain and the target domain respectively.

Based on the above contents, the application model flow of
MCNN in 3D animation generation in this paper is as follows:
data preprocessing, converting 3D animation data into input
format that can be used for training, and extracting key time
sequence information and spatial features. Model architecture
design uses deep convolution neural network architecture
with adaptive convolution kernel. Time series information
modeling uses cyclic neural network and LSTM network to
model. Application of adaptive convolution kernel: Feature
extraction and convolution operation. Deconvolution and up
sampling. Result generation and optimization.
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FIGURE 3. Content of image enhancement.

B. MCNN IN IMAGE ENHANCEMENT

1) THEORETICAL BASIS OF IMAGE ENHANCEMENT

Image enhancement is one of the key tasks to improve
image quality and visual effect. The main contents of image
enhancement are shown in Figure 3.

In Figure 3, the traditional image enhancement method is
usually based on image processing technology and mathe-
matical model. Among them, histogram equalization is one
of the most commonly used traditional methods. In addi-
tion to histogram equalization, filter method is also widely
used in image enhancement. Filter is a method to change
the pixel value of an image by applying a specific filtering
operation in the image. However, with the rise of deep learn-
ing, the image enhancement method based on deep learning
has made remarkable progress. Deep learning model, espe-
cially CNN, shows great ability in image enhancement task.
The image enhancement method based on deep learning
enables the network to learn more advanced representation
from the input image by designing appropriate loss function
and network structure [27]. For example, the super-resolution
reconstruction method uses the depth network to recover
the details of high-resolution images from low-resolution
images. Image denoising method learns noise model and
image noise distribution by training network to realize image
noise suppression.

2) APPLICATION MODEL OF MCNN IN 3D ANIMATION
IMAGE ENHANCEMENT

Compared with the existing related research, this paper intro-
duces the MCNN into the 3D animation image enhancement
task, and adopts a specific model construction process to
improve the enhancement effect and quality. The construction
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process of the model includes input and output definition,
multi-layer convolution and pooling, activation function and
batch normalization, residual connection and jump connec-
tion. The innovation lies in that for the 3D animation image
enhancement task, the realism and detail retention ability of
the enhanced image are improved through a well-designed
model construction process [28].

First, define the input and output. The input is the original
3D animation image data, and the output is the enhanced
image data. Next, multi-layer convolution and pooling oper-
ations are used to extract the features of the image. These
operations are helpful to capture the local and global features
of the image and provide valuable information for the subse-
quent enhancement steps.

In the design of the model, activation function and batch
normalization operation are adopted to enhance the nonlinear
ability and stability of the model, and the calculation process
can be expressed as equation (6).

Z=o(W-X+b) (6)

Z represents the feature map after activation function and
batch normalization. o represents the activation function.
W represents the weight. X represents the input feature map.
b stands for offset.

These operations help to keep the details of the image and
improve the quality and visual effect of the enhanced image.
In order to further improve the enhancement results, residual
connection and jump connection are introduced. This connec-
tion can promote the flow and gradient spread of information
and avoid the loss of information and the degradation of
the model. By combining these connection methods, a more
accurate and realistic enhanced image can be obtained.
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In order to evaluate the performance of this paper, a set of
suitable evaluation indexes is used. This includes the visual
quality evaluation of the generated image, such as image clar-
ity, texture details and fidelity. Commonly used evaluation
indicators include Peak Signal to Noise Ratiom (PSNR) and
Structural Similarity Index (SSIM) [29].

The calculation of PSNR is shown in equation (7).

PSNR = 10 % logl0(MAX2/MSE) 7

MAX is the maximum possible pixel value of the image,
and MSE is the mean square error, which indicates the
difference between the original image and the generated
image.

The calculation of SSIM is shown in equation (8).

SSIM (x,y) = [I(x, y) * c(x, ) * s(x, )]* ®)

x and y represent the original image and the generated
image respectively. [(x, y) represents the similarity of bright-
ness. c(x, y) represents the similarity of contrast. s (x, y)
represents the similarity of structure, and « is the weight
coefficient.

In the process of performance evaluation, a set of suitable
experimental data sets and benchmark test images are used to
ensure the objectivity and accuracy of the evaluation. Mean-
while, in order to verify the stability of the evaluation results,
the experiment will be repeated many times and the exper-
imental results will be statistically analyzed [30]. In order
to verify the efficiency of the proposed method, the cal-
culation time and resource consumption, including training
time, reasoning time and memory occupation, are recorded.
The experimental comparison is also made to compare the
proposed MCNN method with other classic 3D animation
generation and image enhancement methods. Compared with
the existing methods, the advantages and improvements of the
proposed method are evaluated.

IV. EXPERIMENTAL DESIGN AND PERFORMANCE
EVALUATION

A. DATASETD COLLECTION

In order to carry out the experiment of 3D animation gen-
eration and image enhancement, this paper needs to collect
appropriate data sets for training and testing. For 3D ani-
mation generation, the classic 3D model database ShapeNet
is adopted, which contains abundant 3D model data. For
image enhancement, Cifar-10, a widely used image data set,
is selected, which contains all kinds of real-world images and
covers different scenes and object categories.

B. EXPERIMENTAL ENVIRONMENT

The consistency and repeatability of the experimental envi-
ronment is ensured when conducting experiments. A com-
puter equipped with Nvidia GeForce RTX 2080 Ti graphics
card is used as the experimental platform. The computer
configuration is as follows: Intel Core i7 processor (8 cores,
3.6 GHz), 16GB (Gigabyte) memory and 1 TB (Terabyte)
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SSD (solid state drives) hard disk. The operating system is
Windows 10, and an appropriate deep learning framework
and library TensorFlow 2.0 are installed.

C. PARAMETERS SETTING

Parameter setting involves model selection, network struc-
ture, learning rate, batch size and so on. In the aspect of model
selection, the method based on MCNN is adopted, and the
specific network structure is adjusted according to the actual
needs. In the design of network structure, factors such as
the number of layers of the network, the size of convolution
kernel and pooling mode are considered to achieve better
generation effect.

Learning rate is an important parameter in the training
process, which determines the speed of updating model
parameters. Batch size is also a parameter that needs to be
adjusted. Larger batch size can improve the efficiency of
training, but it may lead to over-fitting of the model. Smaller
batch size may lead to unstable training. There are some
other parameters that need to be set, such as regularization
parameters, selection of activation function, selection of opti-
mizer, etc. Reasonable setting of these parameters can further
improve the performance and generation quality of the model.

The parameter setting results in the two models in this
paper are shown in Table 1.

TABLE 1. Parameter setting results.

Model Generation of 3D images Image enhancement

5 convolution layers and

3 fully connected layers

(maximum pooling layer
and convolution layer
are used alternately)

3 convolution layers, 3
maximum pooling
layers and 2 fully
connected layers

Network layer
number

Convolution

. 3x3 3x3

kernel size

Pool mode Maximum pooling Maximum pooling
Learning rate 0.001 0.001

Batch size 16 64
Regularization 0.001 0.0001

parameter

Activation ReLU ReLU

function
Optimizer Adam Adam

Loss function Mean square error loss Mean square error loss

D. PERFORMANCE EVALUATION

In this paper, 300 data are randomly selected from the
ShapeNet data set for the experiment, and the experiment was
repeated three times. The performance evaluation result of 3D
animation generation is shown in Figure 4.

Through the analysis of three groups of experimental data
in Figure 4, it can be seen that the method in this paper is
superior to the methods based onCNN and rules in terms
of image clarity, texture details and fidelity. Specifically, the
method in this paper shows the highest PSNR value in terms
of image clarity, reaching 34.8, and the texture details are
slightly reduced but still better than other methods, and the
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FIGURE 4. Performance evaluation results of 3D animation generation.
(a) is the first experiment; (b) is the second experiment; (c) is the third
experiment.

fidelity also shows the highest PSNR value. This shows that
this method has obvious advantages in preserving details and
improving image fidelity.
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FIGURE 5. Performance evaluation results of image enhancement. (a) is
the PSNR for clarity and PSNR for texture details; (b) is the SSIM of PSNR,
clarity, texture details and fidelity without image enhancement; (c) is the
PSNR for image enhancement and SSIM for clarity, texture details and
fidelity.

In the same way, the performance evaluation result of
image enhancement technology is shown in Figure 5.
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FIGURE 6. Calculation efficiency of 3D animation generation model.
(a) is the first experiment; (b) is the second experiment; (c) is the third
experiment.

As can be seen from Figure 5, in terms of image clar-
ity, the experimental results using image enhancement tech-
nology show that the average PSNR has increased from
28.1dB without image enhancement to about 30.0dB, which
indicates that the reconstruction quality of the image has
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FIGURE 7. Calculation efficiency of image enhancement technology.
(a) is the first experiment; (b) is the second experiment; (c) is the third
experiment.

been significantly improved. Texture details and fidelity have
also been improved, and the image enhancement technology
proposed in this paper has achieved remarkable results in
improving image quality.

The calculation efficiency results of the two methods are
shown in Figure 6 and Figure 7.
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As can be seen from Figures 6 and 7, the training time
of the 3D animation generation model in this paper is about
9 hours, the reasoning time is at least 4.5 milliseconds per
frame, and the memory occupation is at least 96MB (mbbyte).
Compared with the methods based on convolutional neural
network and rules, the 3D animation generation model in this
paper is better. In the three experiments, the image enhance-
ment technology in this paper also has better performance
than the other two algorithms, the training time is at least
7.8 hours, the reasoning time is at least 23 milliseconds and
the memory occupation is at least 340MB. Therefore, the
method in this paper can still maintain good performance in
the case of short training time, fast reasoning time and low
memory occupation, and it has advantages in computational
efficiency.

E. DISCUSSION

The method in this paper shows significant performance
advantages in 3D animation generation and image enhance-
ment, including better image clarity, texture detail preser-
vation and fidelity improvement. These results show that
the application of MCNN in 3D animation generation and
image enhancement is effective, and it has broad application
potential in these two fields. From the experimental results,
this method shows the highest PSNR value in image clar-
ity, which is due to the advantages of MCNN in capturing
image features and preserving details. However, there is a
slight decline in texture details, which may be due to some
processing of the image in the process of image enhancement,
resulting in some details blurred. Nevertheless, compared
with other methods, this method still maintains a good ability
to retain texture details. In addition, the experimental results
also show that the use of image enhancement technology
can significantly improve the image quality. By introduc-
ing the MCNN, the clarity of the image is successfully
improved, and the texture details and fidelity of the image
are enhanced. This shows that the application of MCNN in
the field of image enhancement has potential, which can help
improve the image quality and meet the needs of users for
higher quality images. The research also pays attention to the
computational efficiency of MCNN. Therefore, the method
in this paper has not only made significant improvement
in performance, but also has advantages in computational
efficiency.

V. CONCLUSION

A. RESEARCH CONTRIBUTION

In this paper, the MCNN model is introduced in the field
of 3D animation generation and image enhancement, and
the following important research contributions are made.
Firstly, the theoretical basis of 3D animation generation is
explored, and the key problems and challenges in this field
are analyzed. Secondly, the model of MCNN in 3D animation
generation is designed and applied, and an effective algorithm
or scheme is provided to generate realistic 3D animation.
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Meanwhile, the theoretical basis of image enhancement is
also studied, and the MCNN is applied to 3D animation image
enhancement to improve the quality and realism of the image.
Experimental and simulation results verify the effectiveness
and performance advantages of the proposed model. There-
fore, this paper provides a new perspective and method for
algorithms and technologies in the field of 3D animation gen-
eration and image enhancement, and has important guiding
significance for further research and development in related
fields.

B. FUTURE WORKS AND RESEARCH LIMITATIONS
However, although this method shows good performance
in many aspects, there are still some limitations. First, the
experimental data set is limited to specific scenes and image
types, so the universality of the results may be limited. Sec-
ondly, this paper only focuses on the application of MCNN
in 3D animation generation and image enhancement, while
the application in other fields needs further exploration and
research. Future research directions include expanding the
scale and diversity of experimental data sets to verify the
generalization ability and adaptability of this method. In addi-
tion, the structure and parameter settings of multi-convolution
network can be further optimized to improve its performance
and efficiency. In addition, people can consider comparing
with other deep learning models or algorithms to explore their
advantages and disadvantages in 3D animation generation
and image enhancement.
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