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ABSTRACT. Based on the characteristics of the image, the traditional methods are
improved based on the theory of convolutional networks and the research results at
home and abroad. Firstly, the training algorithm of convolutional network is studied.
By analysing the algorithm, debugging and finding the optimal initialization
parameters and the most suitable network structure configuration. Then, for the
calculation of the classification result, a multi-region test method is used, and the
accuracy of image recognition can be improved by calculating a plurality of regions
of the image during the test. Finally, a general dataset input interface is designed
for the system, and the experimental results show that the improved convolutional
neural network structure is more conducive to obtaining the diversity characteristics
of the image. Under the same experimental conditions, the recognition rate is higher
than that of the traditional network.
KEYWORDS: Image recognition; Deep convolutional neural network; Feature
fusion; Diversity feature
1. Introduction
The human brain receives a lot of information all the time and can process and
save it. This information can be read and used when it is used next time. Artificial
neural network is an artificial intelligence method that imitates the structure and unit
of the human brain [1,2]. Since Rumelhart and his colleagues proposed learning
algorithms in 1985, research on neural networks has raged, and artificial neural
networks have gradually been applied to various fields. However, using the
traditional artificial neural network, in the process of image processing, despite a lot
of pre-processing work, there are still many noise factors in the image that affect the
image recognition effect [3,4]. In order to further improve the efficiency of image
recognition, many scholars at home and abroad have proposed many different
feature extraction algorithms and neural network models.
Among them, the literature [5] proposed a space-time domain deep convolutional
neural network based on the filter response product. The network first divides the
convolution kernels corresponding to adjacent frames into two groups, and detects
the motion characteristics between adjacent frames by the rotation angle of the
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adjacent frames on the invariant subspace. Literature [6] proposes a method for
learning binary hash coding based on deep convolution path network for large-scale
image retrieval. The basic idea of this paper is to add a hash layer to the deep
learning framework while learning image features and hash functions. In [7], the
advantages of deep learning convolutional neural network automatic learning feature
are used to solve the problem of poor universality of manual design features, and the
DNN parallel computing strategy based on CUDA architecture is used to improve
training speed and speed up classification, and for deep convolution. Neural
networks are susceptible to parasitic disturbances and introduce batch regularization
to improve the robustness of the algorithm [8-10].
Based on the reality, this paper improves the existing image recognition process
combined with artificial neural network. Due to the characteristics of artificial neural
networks, the network can automatically learn various low-level and high-level
features. Therefore, image preprocessing can be merged into the image feature
extraction part, and the image feature extraction part can be realized by artificial
neural network model. Due to the complexity and redundancy of the artificial neural
network, on the one hand, the model is too large, and when it is applied on the
mobile terminal, due to the limitations of its own platform, the space and memory of
the network computing time are difficult to meet the calculation requirements, and
the other Due to the speed of the network, it is generally difficult to meet the realtime requirements. Therefore, this paper proposes a new system flow that adds the
network model compression and acceleration module to the image recognition
flexibly, and adopts the model compression and acceleration method for the artificial
neural network. Its applicability and real-time requirements. Through the actual
model test, it is verified that the proposed model is feasible and effective.
2. Convolutional network layer design
2.1 Input layer and output layer design
The network model for image classification in this paper includes three
convolutional layers. There is a collection layer behind each convolutional layer.
The convolutional layer uses a filter size of 5*5. All collection layers have a stride
size of 2 and a collection area of 3*3. The first convolutional layer is followed by
the largest collection, and the others are averaged. The reaction normalized layer is
applied to the first two collection layers. The local weight non-sharing process is
used in the convolutional layer. The third collection layer is followed by a fully
connected layer fc and an enhancement layer. We mainly use DROPOUT in the fc
layer. There is also a logistic regression cost layer, which is mainly used to perform
multi-regional logistic regression calculation of images in this layer.
The output of the convolutional neural network uses the “1 of N” method, and
the output is a one-dimensional matrix vector containing 10 output values (the value
range of each value is [0-1]). We define two fully connected layers in the
classification: the fc10 and probs layers, where the probs layer is a data
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enhancement layer. The Fc10 layer is connected to the third-stage sub-sampling
layer, no matter how many outputs are in the S3 layer, that is, no matter how many
inputs are received by the fc10 layer, we only define the number of outputs by the
parameter’s outputs. Probs is an enhancement layer. Such a layer is very effective
for data classification. Its input is the fc10 layer, and the data generated by the fc10
layer appears as a probability. There is also a logical regression cost layer behind the
probs layer. If the probability value of the output of the i-th position is the largest (i
starts from 0), it means that the set of feature vectors belongs to the i-th
classification. In the system of this paper, there are 10 categories of 0-9, each of
which corresponds to the label of the position corresponding to the vector matrix in
the label layer.
Because the system finally needs to output the classification error rate
recognized by the system, we need to compare the actual label of the image with the
label output by the system. After the input layer we also need to define a logical cost
regression layer. At this level we need to enter two layers: the label layer and the
enhancement layer. The label layer is the vector matrix of the data set that is the
label, and the enhancement layer is the output of the system test generated after the
image is trained. Comparing the two data to get the classification and recognition of
the image is correct, and then the system generates a classification error rate [11].
The input layer and output layer of the neural network are determined by the
characteristics of the network structure and the network samples, and the weight
connection between the neural units is learned by training, that is, the memory
function of the network. The specific problem directly determines the dimensions of
the input and output layers of the neural network. It can have one or several hidden
layers. The number of hidden layers and the number of neurons contained in the
hidden layer are related to the problem to be classified. So far, there is no general
method for determining the functional relationship between them [12]. Basically, it
is adjusted in experiments, and sometimes the network needs to be reduced. The
recognition accuracy and generalization ability are not the deeper the network layer,
the better, and the number of hidden layers and the number of neurons in each layer
are better.
Sometimes, the generalization ability and recognition accuracy of the network
need to be reduced. The MINIST data set is a 28×28 image, which is stored in the
data file in the pixel manner of the entire image, and the pixel is a decimal number
between 0 and 255, and is stored in the file in hexadecimal form. Then each picture
corresponds to 28×28, which is 784 pixels, taking all the pixels of a picture as input,
and the output of the network is between 0-9, that is, the network output has 10
digital categories, so the output layer needs to set 10 neuron nodes.
2.2 Intermediate layer design
2.2.1. The choice of activation function:
After determining the network topology and learning algorithm, choose an
appropriate activation function to determine the convergence and convergence speed
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of the network. If an inappropriate activation function is selected, it may cause overfitting of the network and even cause the network to lose learning ability. As for the
choice of activation function, there is no certain applicable function for different
identification problems. Only in the experiment, it is explored according to the
specific problem.
Each neuron can receive one or several input signals from other neurons in the
network. There is a connection weight between the neuron and the neuron, and the
neuron is in an active or suppressed state. The weighted sum of the inputs is
determined. The output value of the perceptron network can only be 0 or 1, and it is
not transmissive. However, the sensitivity-based training algorithm requires that its
output function must be everywhere, so the S-type derivative function is introduced,
that is, Each neuron must be processed by the S-type activation function before it
can be output.
Commonly used activation functions are tanh function and sigmoid function.
Compared with other activation functions, sigmoid has its own advantages, such as
robustness, smoothness, and its derivatives can be represented by itself. This feature
is important during the experimental training phase because the back propagation of
weights produces many derivatives when seeking the derivative of the activation
function. A typical continuous function creates many computational and storage
problems. In addition, selecting the sigmoid function will speed up the convergence
under the same conditions. After the sigmoid function, the output of the neuron is as
shown in equation (1).

y=

1
1 + e − kx

(1)

x is the net input of neurons. The larger the value of k is, the flatter the
function is, the easier the network is to converge, but the convergence speed is slow;
the smaller the value of k, the steeper the function, and the more difficult the
network is to converge, but The convergence speed is faster. Experiments show that
when the error is small when k = 1 and the convergence speed is faster, the
activation function finally selected in this paper is shown in equation (2).
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−
=
y − y2
−x
2
−
x
1+ e
(1 + e )

(3)

The activation derivative can be expressed by itself. This feature greatly reduces
the derivative operation of the activation function in the error propagation process,
which saves the computer a lot of time and greatly speeds up the convergence of the
network.
2.2.2. The design of the convolution layer:
The convolution layer convolves the feature map by the convolution kernel, and
then processes the convolution result with the sigmoid function, and finally forms a
feature map. Compared with the original image, the feature of the convolved feature
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map becomes more and more significant, just like the learnable convolution kernel
extracts the feature information of the sample. This is also the advantage of CNN,
which is to learn the sample features while calculating, and does not use explicit
extraction features. The convolution kernel is an n×n matrix, and n is usually an odd
number, and the values therein can be continuously updated during the learning
process[13,14].. During the training iteration process, the sample characteristics are
continuously enhanced to approximate the accurate output.
Here, discrete convolution is used, and the step size of the convolution is l, that
is, one pixel is moved each time in the horizontal and vertical directions. If the
original image size is 3×3 and the convolution kernel size is 2×2, then the volume
The result of the product operation is shown in Figure 1.
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Figure 1 Convolution operation
2.2.3. The design of the down sampling layer:
Using the principle of local correlation of images, the image is subsampled after
convolution, which not only preserves the effective information of the image, but
also reduces the amount of data processing and the learning dimension of the
network. Mean-pooling selects four pixels of the convolutional layer image and
takes the average value as one pixel of the down sampling layer, which greatly
reduces the network scale. If the windowing window size is 2×2, in the forward
direction, the 2×2 window average is not coincident on the previously convolved
output, and the obtained value is the value after the current mean-pooling. In
backwards, divide this value into four equal parts and place it in the front 2×2 grid.
The 2×2 window average is not coincident in order, and the obtained value is the
value after the current mean-pooling. In the backwa, divide this value into four equal
parts and put it in the front 2×2 grid.

forward：
[1 3；2 2] -> [ 2]

backward：
[ 2] -> [0.5 0.5；0.5 0.5]
In this paper, max-pooling is chosen, which is to maximize the feature points in
the neighbourhood. In the forward, you only need to take the largest one in the 2×2
window. In the backward, you should put the current value to the largest position
before, and the other three positions are 0.

forward：
[1 3；2 2] ->3
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backward：
[3] -> [0 3；0 0]
2.3 Image pre-processing
This paper is based on the CNN of the literature [15], which does not give an
input interface for a common data set. In this section, a general method for
constructing data sets is proposed. We can construct data sets and input them into
the system for image recognition and classification. The following is a detailed
process of building a data set by building a small data set. This method can also be
used for other data sets. The data set is built as shown in the following figure:
The image file
(JPG/PNG/
GIF)

PKL file
(information about
each image and its
corresponding
classification
number)

Batch file (storing
information in the
form of data
dictionary, PKL
file is divided into
training set and
test set)

Meta file (Batch
file information is
stored in the form
of data dictionary)

Data set
construction
completed

Figure 2 The process of building data sets
Pre-processing is an essential step in image recognition, which requires
converting the original image into a binary form that the recognizer can receive.
Image pre-processing is to remove redundant information and noise in digital images,
obtain a normalized lattice, and prepare for image recognition. Therefore, in the preprocessing process, when eliminating factors unrelated to identification, the digital
features of the original image should be preserved as much as possible. In order to
ensure the diversity of handwritten numbers, this paper selects the MNIST
handwritten digit set (a subset of the NIST database), which has 60,000 training
sample sets and 10,000 test sample sets [16,17].
The pre-processing operations include grayscale of the image, tilt correction,
normalization, binarization, refinement, etc. For the handwritten digit set, the effect
of the grayscale processing is not obvious, and the image is For the same size, no
normalization operation is required. Therefore, the main purpose of this paper is the
image refinement and tilt correction operation.
3. Convolutional neural network training process
The convolutional neural network is essentially a mapping from input to output.
It can learn many features that do not require any precise mathematical expression
between input and output, and realize the mapping between input and output,
because the network performs Supervised learning, so its sample set is a vector pair
like an input vector and an ideal output vector.
3.1 Network Initialization
The small random number with different sizes is used to initialize the
convolution layer threshold, the two-layer convolution kernel, the BP network input
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layer and the hidden layer, and the connection weight between the hidden layer and
the output layer. At the same time, the learning speed and the corresponding
precision control parameters are set.
3.2 Network Forward Propagation Process
First, a 6-layer convolutional neural network (without the input layer) is
initialized, and then the network is trained. The training begins with the forward
propagation phase. The pixel matrix with the sample size of 28×28 is regarded as the
input layer of CNN, and the original image is convolved by 6 convolution kernels
with a size of 5×5, so that six convolutional layers C1 with different characteristics
are obtained, and the size is 24 ×24, and these feature maps store features extracted
by different filters.
Next, a 2×2 local averaging is started for each feature map in C1, thereby
obtaining six 12×12 down sampling layers S2, which are 1/4 of the C1 layer in
dimension. Then, a second convolution operation is performed on S2, and 12 5×5
convolution kernels are selected to obtain 12 feature maps C3 having a size of 8×8.
A 2×2 down sampling process is also performed on the C3 layer to obtain S4 having
a size of 4×4. Then, all the 4×4 feature maps are broken into a one-dimensional
matrix E5, which is regarded as the input layer of the BP neural network. Finally,
the output layer F6 with 10 neurons as the representative category is used, and E5
and F6 are all the method of connection.
The forward propagation phase of convolutional neural networks is like the
forward-to-back transmission of traditional neural networks. The samples in the data
set are input into the network, and the output is obtained through step-by-step
transformation. The output of the upper layer in the network is used as the output.
The input of the current layer, the relationship between input x l −1 and output x l of
the current layer is as follows:
x l f (W l x l −1 + bl )
=

(4)

Where l is the number of layers; W is the weight; b is an offset; f is an
activation function.
3.3 Reverse Propagation Phase
In the forward propagation process, usually the convolution layer is followed by
a corresponding down sampling layer. Since the convolution operation can extract
the features of the original image, the down sampling layer performs spatial scaling,
which can make the network structure more Robust. In the process of
backpropagation, different calculation methods are used to adjust the coefficients of
the convolutional layer and the down sampling layer. We call the magnitude of the
weight adjustment as the sensitivity, that is, modify the network weight of the
corresponding layer, which is calculated according to each the error sensitivity of a
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layer.
In the convolutional layer, the feature map of this layer can be obtained by
convolution operation of several feature maps of the upper layer, and each output
feature map will be given an offset variable b. For the feature map, even if the same
is used for the feature map Input feature map, and because it uses different
convolution kernels, it will also form different output feature maps, which also
determines the characteristics of different dimensions extracted from each output
feature map compared to the input feature map. It ensures that the key features of the
original image are not lost during the computational transmission between networks.
Because the convolution layer is the down sampling layer, the error is transmitted
through the down sampling layer. The error propagation is the reverse process of
down sampling, that is, up sampling, that is, the error of the down sampling layer is
copied into 2×2=4 copies, making it the same size as the convolutional layer. The
convolutional layer output is generated by the action of the sigmoid function.
According to the error back propagation algorithm, the error from the down
sampling layer needs to be processed by the sigmoid.
After each forward propagation, an error needs to be defined to characterize the
state of the network after this propagation. The backpropagation process is to pass
the error forward by layer by means of reverse transmission, so that the neurons in
the upper layer update their own weights according to the error. The backpropagation algorithm of convolutional neural networks generally adopts a method
based on gradient descent. By calculating the global error of the network, the unit
weight in the network can be adjusted in the direction of error reduction. The
iteration is divided into two steps: finding the error between the output obtained by
the forward propagation phase of the sample and the target output, and transmitting
the inverse of the error to realize the update of the weight in the network.
(1) For sample n , the error function can be expressed as:
En =

2
1 c n
1
∑ ( tk − ykn ) = 2 t n − y n
2 k =1

2
2

(5)

The number of sample categories in the data set is c, tkn is the expected value
corresponding to the k dimension of the n sample in the data set, and ykn is the k
dimension of the actual output corresponding to the n sample in the data set. The
output of the current layer can be Expressed as:
=
x l f ( u l=
) , u l W l xl −1 + bl

(6)

Here, f is the activation function, and then calculate the partial derivative of the
error with respect to the network bias and weight.

∂E ∂E ∂u
= = δ
∂b ∂u ∂b
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∂u
∂E ∂E ∂u
= 1=
= δ , then the sensitivity of the error signal and the
,
∂b
∂b ∂u ∂b
partial derivative of the error with respect to all input of A single neuron are equal,
then the sensitivity formula of the hidden layer can be deduced as follows:
Since

δ l = ( wl +1 ) δ l +1  f ′ ( u l )
T

(8)

Here, “  “ means that each element is multiplied. Since the sensitivity of the
network is generally determined by this layer, the sensitivity of the output layer is
further expressed as:
=
δ l f ′ (ul )  ( yn − t n )

(9)

Since there is no error function that can be directly used in the hidden layer, the
back-propagation algorithm needs the above formulas to realize the backpropagation layer by layer. Finally, the weight of each neuron in the hidden layer is
updated. For the l layer of the network, the partial derivative of the error relative to
each weight in the layer is equal to the cross product of the input and sensitivity of
the layer, and then the calculated partial derivative is multiplied by a negative
learning rate to obtain the updated weight of the neuron in the layer.
T
∂E
= x l −1 (δ l )
l
∂w

∆wl =
−η

(10)

∂E
∂wl

(11)

Because the convolutional neural network is composed of convolution and
sample layer alternate connection, the characteristics of the sample layer on regional
characteristics of the figure is based on convolution layer and sampling operation,
every nerve in the sample layer node corresponds to the convolution layer in a local
area, which makes the convolution of feature points and sampling layer exists
between the feature points many-to-one mapping relation. This requires that the
errors of each nerve node in the lower sampling layer be formed into an error signal
graph corresponding to the local region in the convolution layer during the
backpropagation. For example, when calculating the error of the layer l , the error of
each node in the lower sampling layer shall be firstly sampled to obtain the error
signal graph corresponding to the size of the corresponding region in the
convolution layer. Then the partial derivative of the activation function in the
convolution operation is multiplied by the resulting error signal graph. Since the
weights in the lower sampling layer are all β , multiply the above calculation results
by the previous β :

(

δ lj = β lj +1 f ′ ( u l )  up (δ lj +1 )

)

(12)

When a characteristic graph is given, the deviation gradient relative to the bias
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can be calculated, that is, the sum:
∂E
= ∑ (δ lj )
uv
∂b j u , v

(13)

Finally, back-propagation algorithm is used to calculate the weight gradient.
Considering the weight sharing in each feature graph, it is necessary to sum up all
gradients related to the weight:

∂E
= ∑ (δ lj ) ( pil −1 )
u ,v
uv
∂kijl u , v

(14)

Where pil −1 is the region where xil −1 multiplies with kijl element by element in the
convolution operation, and the value of ( u , v ) position in the output convolution
feature graph is obtained by multiplying the region of ( u , v ) the previous layer by
the convolution kernel kijl . For the above formula, MATLAB convolution function
can be used to achieve:

(

∂E
= rot180 conv 2 xil −1 , rot180 (d lj ) , ' valid '
∂kijl

(

))

(15)

When calculating the partial derivative of the lower sampling layer, since the
convolution layer is connected behind the lower sampling layer, it is necessary to
first calculate which local region of the lower sampling layer corresponds to which
pixel in the error of the next layer.

(

δ lj = f ′ ( u lj )  conv 2 δ il +1 , rot180 ( k lj +1 ) , ' full '

)

(16)

Then figure out the gradient corresponding to the multiplicative bias β and the
additive bias b , and the gradient of the additive bias b is equal to the sum of the
elements in the error signal diagram:
∂E
= ∑ (δ lj )
uv
∂b j u , v

(17)

Since the multiplicative bias A has β certain correlation with the original downsampling graph without additive bias in the current layer, these feature graphs can be
directly saved in the forward propagation stage, and the calculation of these feature
graphs is omitted:
d lj = down ( x lj−1 )

(18)

Therefore, the gradient of the error pair can be expressed as:
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∂E
= ∑ (d lj  d lj )
uv
∂b j u , v

(19)

In the process of network training, the initial network weight is generally set to a
random value, but the actual output result of the network will be greatly different
from the expected output result. The proposed error back-propagation algorithm
provides the possibility for the training and learning of neural networks [18].
Because of its excellent performance, it has become the most extensive training
method in artificial neural networks.
4. Simulation results and analysis
4.1 Simulation setup
vIn order to prove the effectiveness of the improved algorithm, the improved
convolutional neural network algorithm proposed in this paper is analyzed and
compared with the experimental results of the algorithms in literature [5], literature
[6] and literature [7]. In order to guarantee the diversity and authority of data sources,
MNIST data set was selected in this paper, which is a handwritten digital database
with 60,000 training sample sets and 10,000 test sample sets. We selected 10,000,
20,000 and 30,000 samples as training sets and 2,000 samples as test sets
respectively to observe the experimental results.
4.2 Results and analysis
The algorithm in literature [5] is a classical convolutional neural network
structure with problems such as too long training time. Compared with the
algorithms in literature [5], literature [6] and literature [7], this paper proposes an
improved convolutional neural network algorithm and introduces a multi-region
logistic regression algorithm to improve the accuracy and training time of image
recognition. The comparison between the image recognition rate and the algorithms
of literature [5], literature [6] and literature [7] is shown in figure 3. As can be seen
from figure 3, with the increase of training times, the image recognition rate of the
proposed algorithm has been greatly improved compared with the comparison
method, and the advantages are more obvious when the training times are less.
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Comparison of recognition rates

Recognition rate

1

0.95
Proposed method
Literature [5] method
Literature [6] method
Literature [7] method

0.9

0.85

10

20
30
Number of training

40

Figure 3 The comparison of recognition rate
As the data samples of the training set and the test set are different, the
recognition accuracy of the improved convolutional neural network algorithm will
vary with the increase of training times. The changes in the accuracy of the proposed
algorithm's training set and test set are shown in figure 4.
Comparison of recognition rates

Recognition rate

1

0.95

Proposed method
Literature [5] method
Literature [6] method
Literature [7] method

0.9

0.85

10

20
30
Number of training

40

Figure 4 The comparison of Training and test results
With the increase of training times, the curve of training time between the
proposed algorithm and the algorithms in literature [5], literature [6] and literature [7]
is shown in FIG. 5. It can be seen from the figure that the training time of the
improved algorithm is significantly shortened.
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Comparison of recognition rates

Time of completion

80
70
60

Proposed method
Literature [5] method
Literature [6] method
Literature [7] method

50
40
10

20
30
Number of training

40

Figure 5 the comparison of identify time
We define the method of using multi-region logistic regression calculation as
method one and the method of not using multi-region image recognition as method
two. In the training stage, due to the different number of training samples, the
recognition accuracy is also different. The comparison method and the proposed
algorithm are shown in table 1.
Table 1 the comparison of training results
Network type

The number of
training samples
is 10000
92.1%

The number of
training samples
is 20000
95.3%

The number of
training samples
is 30000
96.2%

The recognition rate of
literature [5] method
The recognition rate of
92.3%
95.4%
96.1%
literature [6] method
The recognition rate of
92.1%
95.1%
96.7%
literature [7] method
The recognition rate of
94.5%
97.4%
98.9%
the proposed method
As can be seen from table 1, compared with the comparison method, the
recognition accuracy of the proposed algorithm is significantly improved, and with
the increase of the number of samples, the accuracy of the proposed algorithm
reaches 98.9%. MINIST datasets are used here, and the system saves the error rates
of each epoch test. In the training stage, the accuracy of the algorithms in literature
[5], literature [6] and literature [7] was 96.2%,96.1%,96.7% when the multi-region
image recognition method was not used before by adjusting parameters and
changing network structure. After using the multi-region image as the method, the
accuracy of the proposed algorithm was about 98.9%, an increase of 2.5%. In the
training process, the time of using method 1 is less, but in each test process, the test
time is increased due to the increase in the selection of recognition region and the
integration process of recognition results. In order to verify this conjecture, method
2 removes the selection process of recognition region based on the original
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algorithm, and the result pairs are shown in table 2.
Table 2 the comparison of results
Network type

Number of
training
sample sets
30000

Training time

The test of
time

Error rate

Comparative
78.4s
104.2s
3.8%
approach
Method 2
30000
41.8s
3.7%
66.2s
Method 1
30000
117.6s
39.5s
1.1%
As can be seen from table 2, compared with the comparison algorithm, method 1
can greatly shorten the training time, and the improved algorithm can greatly
improve the accuracy of image recognition, but the total time of image recognition is
increased. Method 2 compared with the contrast algorithm, the algorithm without
using more area of the image recognition method, the identification accuracy and no
obvious change, but greatly reduces the total time of the image recognition, method
2 relative to a, recognition greatly reduces the total time of the same, so method a
while can improve the recognition accuracy, but also has its limits, at the expense of
a lot of time at the expense of, in the later study, should look for both can effectively
combine the way.
5. Conclusion
Based on the architecture of typical convolutional neural network and the
characteristics of images, a simple convolutional neural network model is
constructed in this paper. Because the current data set formats are different, in order
to make the system has a certain degree of universality, a method to build data sets
meeting the needs of the system is proposed here, which can be used to complete the
training process of image classification and view the classification results. In
addition, the image set is tested and the results are analyzed by alternating the intralayer bias sharing and non-sharing of convolution layer. The test results on the
MNIST data set show that the proposed method is superior to the comparison
algorithm in the recognition rate and other indicators.
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