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Abstract: In recent years, with the continuous exploration of NNs and the upgrading of
mobile phone hardware, more and more researches focus on how to design effective
models to suort terminal task reasoning. IC is a classic task in many studies. It can be used
in many fields such as image search, face recognition, and medical imaging. It has great
practical significance in reality. The main purpose of this paper is to carry out optimization
research on the classification algorithm of multiple image formats based on the suort of
complex NN models (NNM). This paper proposes improved methods for problem
transformation and model adaptation, and studies the problems of blurred scenes and
difficult method selection in multi-format image classification (IC). In the direction of
problem transformation, a basic classification model and a classification model combined
with advanced strategies are designed., in the direction of model adaptation, transform
multi-format output and use transfer learning for training. Finally, it is found that the
problem transformation method can obtain better classification results in small data sets,
but the classification time is several times as long as the model adaptation method. The
model adaptation method can save a lot of time and is easier to promote.

1. Introduction

Multi-format image refers to an image that contains multiple objects of interest. The research on
multi-format image is mainly multi-format IC. The current problems of multi-format IC are mainly
that the classification accuracy and classification time cannot be well balanced, and the adaptability
of the model is poor [1, 2]. At present, the main directions of multi-format image learning are
problem conversion and model adaptation. Problem conversion is mainly to optimize ideas and
strategies. Model adaptation is to adapt to multi-format by changing the structure of the model, in
order to obtain stronger generalization ability. model, this paper conducts a detailed study in
multi-format IC.
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In related research, Ansari et al. proposed an image steganography algorithm that can process
cover images in multiple formats [3]. Steganographic algorithms that can be used in a variety of
cover image formats, exploit concepts such as capacity prediction, adaptive partitioning schemes,
and data propagation to embed secret data with enhanced security. The proposed method is tested
for robustness against steganalysis with good results. Devi et al. alied deep learning techniques to
the topic of hyperspectral image exploration [4]. Unlike traditional machine vision exercises, which
focus on the spatial setting, the proposed solution will use both spatial setting and phantom relations
to enhance hyperspectral image grouping.

This paper is mainly based on the suort of complex NNMs, to carry out optimization research on
the classification algorithm of multiple image formats. Two improved methods of problem
transformation and model adaptation are proposed, and the problems of blurred scenes and difficult
method selection in multi-format IC are studied. In the direction of problem transformation, a basic
classification model and a classification model combined with advanced strategies are designed. In
the direction of model adaptation, multi-format output is transformed and trained using transfer
learning. Finally, it is found that the problem transformation method can obtain better classification
results in small data sets, but the classification time is several times as long as the model adaptation
method. The model adaptation method can save a lot of time and is easier to promote. Advanced
strategies can reduce part of the prediction time, but there will be a certain drop in accuracy.

2. Design Research
2.1. Analysis of Research Significance

As a classic task of computer vision, IC is a technology that uses computers to analyze and
understand images, thereby identifying targets and objects of different patterns, and grouping them
according to relevant rules [5, 6]. It has a large number of alications in real life. In addition, face
punching, medical imaging, license plate detection, etc. have also alied image recognition
technology to varying degrees. Due to the excellent performance of artificial NNs in the field of
artificial intelligence, the current mainstream IC models are based on NNs. Different from the
combination strategy of traditional methods that use feature descriptors and machine learning
models for classification, the training method of NNs is a feature maing process from input to
output. With the technological innovation of equipment, the efficiency and quality of image data
collection have been greatly improved, so researchers pay more attention to image-related task
reasoning on the terminal [7, 8].

The reason why NNMs have achieved remarkable achievements in various fields is at the
expense of their increased complexity [9, 10]. The increase in the width and depth of the NN leads
to the introduction of a large number of parameters and the number of calculations, making the
NNM "bloated". The amount of parameters directly brings challenges to the memory resources of
the terminal. The storage space of a large model can increase to hundreds of megabytes, which is
comparable to most mobile phone alications. When the model performs inference, it will take up
more memory. However, the amount of calculation puts a load on the computing resources of the
mobile phone processor, and a large amount of calculation will keep the mobile phone in working
state, which will have a certain impact on the battery life of the mobile phone [11, 12]. Therefore,
focusing on the amount of parameters and calculation can directly affect the size of the model,
thereby indirectly affecting the memory, battery life, performance and other issues of the mobile
phone [13, 14].

To sum up, the basis of the NNM inference on the side is the lightweight of the model, and the
lightweight of the model depends on its own small amount of parameters and calculations.
Therefore, the focus of this paper is to design the model around the two core tasks of reducing the
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complexity of the model's convolution kernel parameters and the calculation amount of
participating in the NNM for image recognition, analyzing the main problems faced by the
lightweight model, and designing an effective solution to solve [15, 16].

2.2. Network Structure

It is difficult for conventional NNs to learn image features with large sizes. For example, in the
MNIST dataset, the size of the image is 28x28x1, and there are 28>28x1=784 weights in each
neuron in the first layer of the NN. Although this order of magnitude is relatively small, there is not
only one neuron in the NN, nor more than one layer of network structure, so the amount of
parameters will increase rapidly with the increase of the number of network layers and neurons,
which will increase the computational burden. And easily lead to model overfitting [17, 18].
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Figure 1. Network structure diagram
2.3. Model Quantization Strategy Design

The quantization in the NN training process is a quantization strategy with pseudo-quantization
as the core, which includes the conversion of high-precision floating-point numbers to
low-precision fixed-point numbers during quantization and the conversion of low-precision
fixed-point numbers to high-precision floating-point numbers during inverse quantization. The
specific strategy of model quantization is the bridge between the two fixed-point numbers and
floating-point numbers. The relational transformation of the general quantization process is as
follows:

R=(Q-2)*T 1)
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Inverse quantization is the oosite process of the quantization process, and its relationship
transformation is to make the above function identity deformation. The specific process is as
follows:

R=(Q-2)*T @

For equations (1) and (2) R represents the real floating-point value, Q represents the quantized
value, T and Z are both quantization parameters, Z represents the quantized fixed-point number
corresponding to 0 floating-point number, and T represents the fixed-point quantized value. The
smallest scale that can be represented. The production processes of T and Z are:

— Rmax — Rmin
Qmax _QRmin (3)
Rmax
T= Qmax _? (4)

For equations (3) and (4) Rmax and Rmin respectively represent the maximum floating point
value and the minimum floating point value during a certain operation, and Qmax and Qmin
respectively represent the maximum fixed point value and the minimum fixed point value in this
operation. Through the above formal conversion, the mutual conversion of fixed-point numbers and
floating-point numbers can be conveniently realized, thereby suorting the quantization process of
model weights and activation values.

3. Experimental Study
3.1. Dataset Preprocessing

The process of generating digital images is often affected by various factors, such as shooting
tools, external environment and so on. The main purpose of image preprocessing is to eliminate
irrelevant information in the image, extract valuable real information, normalize the data to adapt to
the network structure, simplify the data, etc., so as to improve the accuracy and reliability of the
model. For traditional CNN, the work of image preprocessing is more complicated. The process
generally includes: grayscale, geometric transformation, image denoising, region extraction and
other steps. The processed image features are more prominent, and there is basically no irrelevant
information, so it can be very It can well adapt to the training needs of traditional CNN, which is
helpful to improve the performance of the model.

image size data Grayscale Enter the
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Photo album adjustment augmentation adjustment model to train

Figure 2. Image processing flow

The data set used in this paper has a single shooting background and some noise. Due to the
problem of shooting conditions, the brightness of the pictures is not uniform, and the collected
leaves of the same species have certain differences, the size of the leaves is not uniform, and some
leaves are defective, as shown in Figure 3 -4 shown. This data set generally needs to be
preprocessed when used as a training data set of traditional CNN, but the CapsNet network can
establish spatial connections between features. The network requires normalization and grayscale
processing.
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Traditional CNN requires a large amount of data to train the model, and the number of pictures is
generally tens of thousands, while CapsNet does not require a huge data set like CNN. However, the
number of each 300 images is relatively small for training the CapsNet classification model, so it
needs to be enhanced to a certain extent. The image enhancement method used in this paper is as
follows:

(1) By translating the original image by a distance in a random direction;

(2) Rotate the image by randomly selecting an angle;

(3) Slightly blur the image;

(4) Add random noise to the image.

3.2. Experimental Verification

Based on the specific design method of the custom NN basic module and the basic principles of
different model compression rate variant settings, the main purpose here is to verify which basic
module variant can be more effectively used for feature extraction and classification. The data set
used for verification is Public dataset CIFAR-10. Table 1 details the NN architecture stacked by the
base modules (a0 = 0.5).

The operation represents the current layer, which can be the convolution layer (Conv) the basic
module, the global pooling (AvgPool) and the dense connection layer (Dense) using Softmax for the
activation function; the input feature map represents the current layer. The input feature map of the
three Dimension; output channel refers to the number of feature maps; convolution kernel size/step
size represents the size and step size of the convolution kernel respectively. The basic module has
been described in detail above, and it contains many types of convolution kernels, so it will not be
described.

To verify the effectiveness of the model, the following training strategies were adopted. First, the
training set is divided into a training set and a validation set by 4:1, in order to effectively avoid the
overfitting phenomenon that the model performs well on the training set and performs poorly on the
test set during the training process of the NN. For 200 epochs, the iteration of each epoch is 1250
times, and the corresponding batch size is 32; monitor the accuracy on the validation set, and
perform an Early Stop operation if there is no accuracy improvement in 10 epochs.

Table 1. NN architecture parameters table

operate Input feature map output channel Kernel size/step size
Input image 32>32>3 - -
Convl 32>32>3 32 3*3/1
base2 32>32>32 16/1
base3 32>32x16 32/1
base4 16x16>32 32/2
base5 16x16>32 64 /1
base6 16x16>64 64/2
base7 8>8>64 128 /1
Conv8 8>8x128 1000 1*1/1
AvgPool 8>8>1000 1000 -
Densel0 1x1x1000 10

4. Experiment Analysis
4.1. Parameter Performance Comparison
After experiments, it has been verified that the NN constructed by the basic module can
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effectively extract image features and perform IC. Next, for model variants with different
compression rates, the design model compares the amount of parameters (in millions) and the
amount of calculation (MFLOPs: million floating-point multiplication-adds, million floating-point
addition operations) between them. ) and the changing law of accuracy, so as to determine a better
solution to reasonably design a lightweight NN (the units of parameters and calculations in
subsequent chapters are the same as those in this chapter, and will not be explained again). Table 2
shows the relevant parameters of different model variants, and the rest of the experimental settings
are the same for each variant except for the architecture.

Table 2. Parameters and performance comparison of model variants

Model Parameter quantity Compute volume

hyperparameter o M) (MFLOPs) Storage Space (Mb) precision
a=0.125 1.1 74 4.2 74.9%
a=0.25 1.2 97 4.6 75.2%
a=0.5 1.5 142 5.5 76.4%
a=0.75 1.7 185 6.3 75.8%
200 16.30%
180
160 16.00%
120 1330% g
E Fa g -g
E L -gl'
" 80 75.00%
60
40 I 14.50%
o=0.123 o=0.23 o=03 o=0.73
Parameter
B Pzrameter quantity (1) s Computs volume (MFLOPs)
i Storage Space (Mb) precizsion

Figure 3. Parameter and performance comparison analysis plot of model variants

In Figure 3, it can be seen that the best model accuracy is achieved when the hyperparameter
is 0.5. This is because as the value of  continues to rise, the proportion of standard convolution in
shunt feature extraction increases, which can maintain relative Fewer parameters ensure that more
features are extracted, so the performance is improved. At this time, the parameter amount of the
model is only 1.5M, which is nearly 100 times smaller than the parameter amount of the widely
used VGG16 model of about 138M. The memory size occupied by the calculation model is 5.5Mb,

58




International Journal of Neural Network

which fully satisfies the reasoning of the image recognition task of mobile phones that lack memory
resources. However, when it exceeds 0.5, the performance of the model decreases, which indicates
that the model complexity and accuracy are not completely positively correlated.

4.2. VValidation Verification

Taking the basic module of the NN (without the attention algorithm) as the baseline, to explore
the influence of the channel domain attention and the spatial domain attention, design and adopt one
of the model variants, and determine the performance of the model variants and the baseline. The
effect of two attention algorithms. The overall comparison is shown in Table 3.

Table 3. Channel domain and spatial domain model variant performance

Model Parameters (M) Compute volume (MFLOPS) precision
Model(baseline) 1.5M 142 76.4%
Model(channel) 1.7M 143 80.5%
Model(space) 1.7M 145 78.9%

160 31.00%
140 ) 30.00%
120
" 79.00%
100
& 7B00% B
£ £
E a0 2
: S
“ 77.00% &
1]
T6.007%
40
20 73.00%
0 — 714.00%
hpdel(bazalme) hodsl(channel) Model(space)
Model

B Porameters (W) Sl Compute volume (MFLOPs) s=@== precizion

Figure 4. Performance analysis graph of channel domain and spatial domain model variants

As can be seen from Figure 4, both channel domain attention and spatial domain attention
improve the performance of the baseline to varying degrees. The former only introduces about
200,000 parameters and 1,000,000 floating-point calculations to improve the accuracy by 4.1%,
while the latter Introduces roughly the same amount of parameters and floating-point operations to
improve accuracy by 2.5%. This shows that the design of the soft attention algorithm has great
practicability in the light-weight NN construction idea. On the other hand, the performance of the
channel domain attention is better than the spatial domain attention algorithm. This paper believes
that the channel domain attention describes all the information of a feature map. If this feature map
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is extracted separately, it can be aroximated. When the feature map is rich in information, it can get
a good effect. The spatial domain feature map is the feature information of the same index position
of the channel dimension. Although all the spatial information can be aroximately combined into
one picture, the feature information in this picture is "split and spliced” and cannot really describe a
complete picture. Meaningful pictures. Therefore, the attention algorithm in the channel domain is
slightly better than the feature map algorithm in the spatial domain.

After exploring the NN modules in the channel domain and the space domain respectively, the
effectiveness of the two is verified, but another question is how to effectively combine the two to
enhance the feature representation, lay a good foundation for high-quality model inference, and
further Effectively improve the overall performance of the model.

5. Conclusion

This paper proposes a new lightweight NNM for terminal IC. The model is divided into three
parts to realize image recognition on the terminal, which effectively reduces the "volume" of the
model while ensuring the accuracy of recognition. Improve the feasibility of the model in practical
alications. This paper finds that the existing lightweight model design is mainly divided into
automatic network search, model compression, and tight network design through preliminary
investigation. The automatic NN search uses a strategy to search for an effective model in a
predefined space, but this process is expensive and not universal. The tight network design mainly
reduces the connection between the feature map channels through special convolution to reduce the
amount of model parameters and calculation, but it also leads to incomplete fusion of feature
information, which reduces the accuracy to a certain extent. By analyzing the defects of existing
work, this paper proposes an attention-embedded NN design method, and uses the model
quantization during training as a sulementary optimization model.
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