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SUMMARY: In order to solve the problems of low accuracy and poor performance in the field 

of image recognition in massive image recognition, this paper proposes an image denoising 

algorithm based on improved CGAN after optimizing and improving the traditional conditional 

generative adversarial network (CGAN) algorithm on the basis of the neural network model by 

using the least-squares loss function and adopting techniques such as attention pyramid 

network. After that, the loss entropy of convolutional neural network is optimized, and the model 

network and shared feature parameters are constructed by inductive migration algorithm in the 

model training stage to achieve accurate recognition of denoised images. The results show that 

the denoised image repaired by this paper's algorithm has the best quality and structural 

similarity, and its PSNR and SSIM values are improved by 2.28dB and 0.124 respectively 

compared with those of the traditional CGAN model, which can significantly reduce the 

checkerboard effect phenomenon and improve the quality of the image. The improved 

convolutional neural network model achieves a correct rate of 99.47% for image recognition, 

and the recognition accuracy of 10 different types of images in the MNIST dataset is improved 

by 2.87% to 17.85% compared with the traditional convolutional neural network model. 

Comprehensive analysis shows that the model proposed in this paper has good application in 

both image denoising and recognition accuracy. 

 

KEYWORDS: CGAN algorithm; inductive migration algorithm; convolutional neural network; 

image denoising; image recognition 

1 Introduction 

With the rapid development of computer technology, computer vision has been widely used in 

industrial inspection, medical research, material science and other fields [1]. Due to the 

extremely high requirements on image quality in these fields, image noise has become one of 

the key factors limiting the performance of its applications. Image noise is mainly categorized 

into the following types: Gaussian noise, pretzel noise, Poisson noise, and scattering noise. 

Gaussian noise is usually caused by the thermal noise of electronic devices, which is manifested 

as random gray scale fluctuations in the image; pretzel noise is an obvious white or black spot 

triggered by the image sensor, transmission error, or bit error in the compression process; 

Poisson noise is mainly related to the random arrival process of photons, which is commonly 

found in the imaging under the low-light conditions; and the scattering noise is a peculiar 

phenomenon caused by the coherence of the light wave in optical imaging [2-5]. In addition, 

hardware noise, environmental disturbances and signal transmission errors are also common 
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sources of noise [6]. Together, these factors affect the image quality and accuracy of analysis 

results in computer vision applications. 

Image noise not only affects image clarity and makes it difficult to recognize, but also may 

lead to incorrect interpretation of information, and in serious cases, even affects the decision-

making output of the whole system [7, 8]. For example, in industrial inspection, noise may lead 

to misjudgment or omission of defect detection; in the field of life sciences, it may affect the 

correct understanding and analysis of microstructures such as cells. The presence of noise 

increases the computational complexity of image processing algorithms and requires more 

complex algorithms to correct the effects of noise, which not only consumes more 

computational resources, but also may reduce the processing speed of the system, thus affecting 

the real-time and stability of computer vision [9-12]. Therefore, effective noise removal and 

recognition techniques after denoising are the key to improve the performance of computer 

vision applications. 

Image denoising techniques with the development of deep learning techniques shifted from 

traditional methods such as spatial domain filtering, frequency domain filtering, and model-

based methods to methods such as Convolutional Neural Networks (CNN), Generative 

Adversarial Networks (GAN), and Transformer Architecture, etc., Kumar and Nachamai 

showed that, for medical images, the median filter was superior in removing peppered noise, 

Poisson noise, and blurring noise, while Wiener filter is better in suppressing speckle and 

Gaussian noise, while the performance is measured by a combination of file size, histogram and 

sharpness level [13]. Geng et al. used a fractional-order sparse representation model for image 

denoising by clustering image blocks, computing singular values, and adaptively learning 

fractional-order parameters for each cluster to construct a new sample space in the wavelet 

domain to obtain more accurate sparse coefficients with dictionaries [14]. However, this model-

based denoising method has high computational complexity.Choi and Jeong proposed a 

synthetic aperture radar (SAR) image denoising algorithm based on discrete wavelet transform, 

which transforms multiplicative noise into additive noise and filters it after multi-stage 

processing such as noise-canceling anisotropic diffusion, soft-thresholding with an improved 

bootstrap filter, which can better retain image edge features while significantly suppressing 

speckle noise and has a low computational complexity [15]. However, this kind of frequency 

domain filtering denoising method has limited effect on the processing of non-periodic noise. 

Among the deep learning based denoising methods, Singh et al. combined method noise 

with CNN for efficiently removing Gaussian additive white noise and preserving details in CT 

images [16]. Xie et al. designed a DnCNN-based 2D image denoising method for log-

transformed phase images for laser imaging, overcoming data scarcity through neural network 

training, effectively suppressing the Goulburn distribution noise, and significantly decreasing 

the cloud-to-grid distance of the denoised point cloud, which improves the accuracy and 

reliability of 3D reconstruction on complex microscale targets [17]. Wang et al. proposed an 

infrared image hybrid noise removal algorithm using improved CycleGAN, which effectively 

improves denoising and detail retention, and the algorithm outperforms similar methods on both 

synthetic and real noisy images [18]. Simon and Kapileswar constructed a two-branch GAN 

system, which combines an attention feature aggregation module and a noise model unit 

through dual paths of texture and edge recovery, and introduces the radiologist consistency loss 

for optimization, effectively suppresses Poisson-Gaussian noise, and improves the quality of 

the image with a good generalization ability at the same time [19]. Zhang et al. utilized a self-

encoder for spectral domain denoising of near-infrared hyperspectral images, which 

outperformed traditional smoothing and wavelet methods [20]. Yao et al. reported a 

Transformer image denoising network called DenSformer, which achieved excellent 

performance on both synthetic and real noisy data, and the model parameters could be reduced 
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by up to 40% [21]. Deep learning based image denoising methods are more effective, but the 

computational complexity remains a challenge and the generalization ability of the model needs 

to be improved. 

For the study of image clarity recognition after denoising, Liang et al. developed a fast 

defogging algorithm based on bilateral hybrid filtering, which effectively enhances the image 

denoising and clarity, significantly reduces the computational complexity, and the recognition 

rate of the image after defogging can be up to 98.8%, which takes into account the real-time 

and reliability [22]. Berrimi et al. separated the large and small features by motion 

compensation and adaptive thresholding, and used kernel principal component analysis to 

reconstruct the details and anisotropic diffusion to smooth the homogeneous region, 

respectively, which effectively retained the key details of the recognition, and improved the 

quality of the image restoration and the recognition performance under different noise and 

blurring conditions [23]. Gonwirat and Surinta fused robust deblurring GAN and CNN to build 

an image denoising architecture for dealing with multiple noise problems in handwritten 

character images, converting noisy characters into clear images and completing the recognition 

at the same time, achieving a high recognition accuracy of more than 98% [24]. 

This paper firstly introduces the basic working principle of neural network model and its 

structural components, and optimizes the problem of network instability during the training 

process of neural network model with least squares loss function. After that, the dense module 

is added for feature conversion, and then APNet decoder is introduced to reduce the 

computation of the network; the generator is motivated to produce higher quality images by 

introducing PatchGAN discriminator network. Further, an improved convolutional neural 

network image recognition algorithm is proposed, which uses its advantages of sharing weights, 

self-learning to extract classification features, and completing network training, and combines 

with the inductive migration algorithm to construct the model network and shared feature 

parameters to improve the generalization of the model as well as the accuracy of classification. 

Finally, the MNIST dataset is used as an example to analyze the application effect of the 

research in this paper in image denoising and recognition. 

2 Machine vision-based network image denoising and 

recognition models 

2.1 Neural network modeling 

2.1.1 M-P model 

The M-P model is the first simplified model built according to the structure and working 

principle of human neurons.The M-P model consists of several input nodes { | 1,..., }ix i n  

corresponding to an output node y , the input 
ix  is multiplied by the corresponding 

connection weight 
iw  and then summed to get the computation result, and then the 

computation result is compared with the set threshold to output the result y . The value of the 

threshold h  is set in advance, if the calculation result is greater than the threshold h , then 

output 1, and vice versa output 0. i.e.: 

  1

n

i ii
y f w x h


   (1) 

Eq: 
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y  - network output; 

ix  - network input; 

iw  - input connection weights; 

h  - set comparison threshold. 

2.1.2 Perceptron 

When training samples for the M-P model perceptron, the desired output value needs to be set 

in advance and adjusted repeatedly according to the difference between the actual output and 

the desired output to complete the updating of the weight parameters, and this parameter 

updating method is called error correction learning. The specific operation process of error 

correction learning is: 

 1 ( )i i iw w r y x     (2) 

  1i ih h r y     (3) 

  - the parameter that determines the value of the connection weight adjustment; 

ix  - input nodes of the network; 

r  - the output expectation of the network; 

y  - the output units of the network; 

iw  - input connection weights at the i th adjustment; 

ih  - comparison threshold at the i th adjustment; 

Where   is equivalent to the learning rate and is mainly used to constrain the speed of 

correction. The perceptron uses random numbers to initialize the parameters, so the weight 

parameters may not be the same for each training. The weight adjustment method in the 

perceptron model is its innovation, the specific ideas are as follows: 

(1) If the actual output y  is equal to the desired output r , there is no need to adjust the 

values of 
iw  and h ; 

(2) If the actual output y  is not equal to the desired output r , adjust the values of 
iw  

and h  to account for two further cases: 

(a) The actual output 0y   and the desired output 1r   is inactive, the connection 

weight 
iw  should be decreased for h  and increased for 1ix  , and the connection weight 

for 0ix   should remain unchanged; 

(b) The actual output 1y   and the desired output 0r   is an over-activated state, which 

should increase h , decrease the connection weight 
iw  for 1ix  , and leave the connection 

weight for 0ix   unchanged. 

2.1.3 Multilayer Perceptron 

In order to solve complex classification problems that are linearly indistinguishable, multilayer 

perceptron (MLP) models have been proposed.MLP models usually consist of an input layer, 

an intermediate layer, and an output layer.The MLP model is a network that propagates the 

input values forward, and is also known as feed-forward or forward-propagation network 

because of its ability to estimate the error of the previous layer by the error value of the current 

layer. 

The data in the MLP model is transmitted forward in one direction, from the input layer, 
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propagated through the intermediate layers, and finally output by the output layer, there is error 

propagation during the transmission of data in each layer, and the model gets different error 

signals in each layer. The gradient descent method can adjust the weights 𝑤, which need to be 

adjusted repeatedly with the help of the error between the actual output and the desired output 

to minimize the error and finally get the optimal connection weights 𝑤𝑜pt. 

The error is usually calculated with the help of an error function, the most commonly used 

is the least squares error function, which is obtained by operating on the desired output r and 

the actual output of the network 𝑦 to get the error 𝐸. The closer 𝐸 tends to 0, indicating that the 

results of the training and the more the desired value is trained, the better the training effect is. 

Thus, the training process of the MLP model is equivalent to ensuring that the least squares 

error function can be gradually approximated to 0 through the continuous adjustment of the 

connection weights w . The gradient at a given point can be obtained by derivation of the error 

function, and the value of the connection weight adjustment w  can be summarized as: 

 
E

w
w




  


 (4) 

  - learning rate, weights values adjusted according to the degree of deviation from the 

error; 

w  - weight adjustment change value; 

E  - least squares error function; 

w  - the value of connection weights. 

When adjusting the connection weights of the MLP model through the error back-

propagation algorithm, the selection of the activation function also needs to be considered.The 

M-P model uses the STEP function as the activation function, which can only output 0 or 1, and 

the output is not continuous. In order to enable continuous propagation of error, Rumelhart et 

al. proposed to use the derivable function sigmoid as the activation function. 

2.2 Image denoising algorithm based on improved conditional generative 

adversarial networks 

2.2.1 CGAN Principles 

The principle of Conditional Generative Adversarial Network (CGAN) is shown in Fig. 1. 

Random noise z  and conditional variable y  are used as inputs to generator G , which 

generates image _fake x  after processing by the generator. Subsequently the false image 

_fake x  and conditional variable y  generated by the generator will be input to the 

discriminator D , which will determine whether the input image is a real image. Alternatively, 

the real image _real x  and the condition variable y  will be input into the discriminator D , 

and the discriminator will determine whether the input image is a real image or not. 

z y fake_x

y

Generative Network G

Discriminative 

Network D

False

real_x

y

Discriminative 

Network D

True

 

Figure 1: CGAN schematic diagram 
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The objective function of CGAN adds conditional information y  to GAN and is 

calculated as follows: 

    , ,( , ) lg ( , ) lg(1 ( , ( , )))CGAN x y x zL G D E D x y E D x G x z    (5) 

2.2.2 CGAN improvements 

(1) Least squares loss function 

The adversarial loss function of the original CGAN network follows the sigmoid cross-

entropy loss function adopted by GAN. In this paper, the least squares loss function is used to 

replace the sigmoid cross-entropy loss function as the adversarial loss. In addition, using the 

least squares loss function as the adversarial loss also makes the training process of the network 

more stable. The least squares loss effectively solves the problem of vanishing gradient and 

improves the stability of the network by updating and optimizing the generator. Sigmoid cross-

entropy loss function and least squares loss function, the saturation state of sigmoid cross-

entropy loss is very long, while the saturation state of the least squares loss is only one point. 

After changing to the least squares loss function to calculate the adversarial loss of CGAN, 

the formula for the CGAN objective loss function is as follows: 

 
2 2

, ,( , ) ( ( , ) 1) ( , ( , ))CGAN x y x zL G D E D x y E D x G x z          (6) 

(2) Encoder-Decoder Structure (DenseNet) 

The generator network in this paper adopts the encoder-decoder structure, and combines the 

idea of CycleGAN to add a feature conversion module between the encoder and decoder. 

However, CycleGAN adopts the residual module as the feature conversion module, while this 

paper adopts the dense module for feature conversion, the specific reasons are analyzed as 

follows. 

In the traditional convolutional neural network, the output 
iX  of the i th layer is 

calculated as follows: 

  1i i iX H X   (7) 

where 
iH  denotes the nonlinear transformation of the i th layer, which is a combinatorial 

operation that may contain the activation function ReLU or LReLU, the normalization and 

pooling layers, etc. The 
1iX 
 is the input of the i th layer, i.e., the output of the 1i  th layer. 

ResNet enhances the training of deep networks by adding “shortcut” connections, which 

allow the input information to be passed directly to the output without intermediate processing, 

so that the input information is not corrupted during intermediate transmissions, and the 

learning process of the network becomes simpler. For ResNet, the output of the i th layer has: 

  1 1i i i iX H X X    (8) 

The gradient of ResNet can flow directly from the layers behind to the layers in front of it 

through a constant function.DenseNet differs from ResNet in that the output of ResNet is 

constantly accumulated, while DenseNet passes the input of the layer in front of it directly to 

the output of the layer behind it, establishing a dense connection between the layer in front of 

it and all the layers behind it. For DenseNet, the output 
iX  of the i th layer is: 



INGEGNERIA SISMICA – INTERNATIONAL JOURNAL OF EARTHQUAKE ENGINEERING 

7 

  0 1 2 1[ , , , , ]i i iX H X X X X   (9) 

where  0 1 2 1, , , , iX X X X 
 is the feature map obtained by connecting the outputs of the 

0X

th layer to the 
1iX 
th layer. 

(3) Attention Pyramid Network (APNet) 

In this paper, we use a channel attention model implemented with APNet, which gives more 

weight to the channels with higher response, thus making the model more attentive to the salient 

features in the image. The channel attention module uses SE layer which consists of a global 

average pooling layer and two consecutive fully connected layers. 

Given a feature mapping X , the channel attention is computed as follows: 

   2 1Re ( )C c c

avgA W LU W Pool X  (10) 

where 
1

cW  and 
2

cW  are the parameters of the two fully-connected layers, 
avgPool  is the 

average pooling layer, and the final channel attention CA  will be applied to the original feature 

mapping by channel multiplication. 

(4) PatchGAN Discriminator 

The discriminator of CGAN outputs a scalar between 0 and 1, which represents the 

probability that the image generated by the generator is a real image. PatchGAN, on the other 

hand, outputs an N×N matrix M. Each element of this matrix represents a patch, corresponding 

to a sensory field of the image, and finally the average of each patch is taken to represent the 

probability that the image generated by the generator is a real image. Therefore, in order to 

generate denoised images with higher quality, PatchGAN is used as the discriminator network 

in this paper. 

2.2.3 Improving the network structure of the model 

The generator network used in the experiments of this paper adopts the encoding-feature 

transformation-decoding structure, which contains, in turn, the BN layer, the activation function 

ReLU, the convolutional layer consisting of 1024 convolutional kernels of size 1×1, the BN 

layer, the activation function ReLU, and the convolutional layer consisting of 256 convolutional 

kernels of size 3×3. 

The encoder in the generator contains, in order, 64 convolutional layers with convolutional 

kernels of size 7 × 7 and step size 1, 128 convolutional layers with convolutional kernels of size 

3 × 3 and step size 2, 256 convolutional layers with convolutional kernels of size 3 × 3 and step 

size 2, the feature converter contains nine sense modules, and the decoder is a channel attention 

network implemented in APNet. All convolutional layers in the generator contain BN layers 

and ReLU activation functions. 

The discriminator in this paper is PatchGAN.This discriminator network contains 5 

convolutional layers.The image generated by the generator and the input real image will first 

be spliced and then after three times downsampling, and then after convolutional layers, BN 

layer and ReLU activation function etc., the image will be divided into N×N regions and these 

regions will be scored individually to form a N×N score matrix and finally through the sigmoid 

outputs the average of this score matrix as a reflection of the similarity between the generated 

image and the real image. 
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2.3 Improved image recognition algorithm with convolutional neural 

network 

2.3.1 Convolutional Neural Networks 

The core principle of the convolutional neural network structure is to use convolution and 

pooling operations to construct supervised learning style training nets, which are classified into 

two types of training propagation for the forward training as well as the backward training 

propagation, which are combined with each other as inputs, viz: 

  ,

0 0

( , )
M N

m n i m b

m n

s i j w x w

 

   (11) 

The feature vector matrix is identified using ( , )s i j , the 2D input matrix is labeled using 

the 2D matrix M N , 
,m nw  represents the convolution kernel matrix of size M N , and 

bw  

represents the offset vector. The loss function used in the network model construction process 

is calculated using loss entropy: 

  
1

ln( ) (1 ) ln(1 )
x

L y a y a
n

     (12) 

The formula uses L  to represent the loss, x  represents the input sample data, a  is the 

result of the computation, y  represents the labeled term value, and n  is the total number of 

samples. 

2.3.2 Generalized Migration Model Training 

(1) Migration model training process 

In this paper, a parameter-based inductive migration algorithm is used for model training. 

The migration model training process is as follows: 

Step 1:Carry out the loading work with the training model, get the tensor value of the input 

data as well as calculate the tensor value of the existence of bottleneck layer. 

Step 2:Complete the CNN network initialization input work, initialize the learning rate, the 

number of training times, the number of batches and the Dropout value of each layer of the 

network. 

Step 3:Extract training image features. The sample image to be classified is used as input to 

the CNN model, and the feed-forward neural network model is used to calculate the tensor 

value of the bottleneck layer again. 

Step 4:Complete the classification task by classifying the fully connected layer for the target 

task and constructing the loss layer using the cross-entropy loss function. 

Step 5:Introduce the sample set of data images to be tested for feature classification and 

obtain the accuracy of the model. 

(2) Group normalization 

The normalization process is completed after first performing channel grouping and 

calculating the variance and mean within the group, using the standard deviation and its mean 

corresponding to the set of image pixel points 
iS : 

 ,
/ /

c c
i N N

k i
S k k i

C G C G

 
   
 

 (13) 
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i  and k  are representing the image index coordinates which are in the same channel, N  

is the number of samples and /C G  represents the number of channels in each group. 

The mean and variance corresponding to the pixel points are calculated as: 

 
1

i

i k

k S

x
m




   (14) 

 
21

( )
i

i k i

k S

x
m

  


    (15) 

The 
kx  in the formula represents the pixel points that need to be calculated,   represents 

the parameter that maintains the stability of the data, and m  represents the length value of 
iS . 

After the normalization process is completed for the pixels within each channel group using 

Eq. After the normalization process is completed for the pixels within each channel group using 

Eq. Since the learned feature distributions cannot be corrupted, normalization of the data is 

required, which is accomplished by reconstruction and scale offset changes: 

 2
ˆ i i

i

i

x
x



 





 (16) 

 i iy x    (17) 

x  represents the pixels to be grouped for normalization, ˆ
ix  represents the feature 

distribution after completing the normalization process, and   as well as   represent the 

reconfigurable learning parameters. 

(3) Optimize the loss function 

Improve the cross-entropy function for the deep mining of positive samples, increase the 

weight and occurrence probability of positive samples, and further improve the accuracy of 

image recognition: 

  
 

log , 1
log 1

log 1 , 0

y y
L y y y

y y

 
      

  
 (18) 

Since the positive samples of this loss function show negative correlation with the loss 

function, and the opposite negative samples y  are positively correlated with the loss function, 

so it can not adapt to a large number of sample data, based on this, the loss value of easy to 

categorize samples is reduced by adding the adjustment parameters   and  , balancing the 

imbalance in the distribution of the existence of positive and negative samples: 

 
(1 ) log , 1

(1 ) log(1 ), 0

y y y
L

y y y







 

   
 

    
 (19) 

where the experiment confirms that the adjustment parameter   takes the value of 2 and   

takes the value of 0.25. 

The overall process of image recognition is shown in Figure 2. The core of the algorithm is 
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to first remove the classification layer of the pre-training model, and then freeze the previous 

layer to extract features, followed by group normalization to complete the construction of the 

network, adjust the sample training weights, complete the optimization of the loss layer, and 

finally complete the target task classification. 

Data 

Preprocessing

Feature 

Extraction

Fully Connected 

Layer

SoftmaxLoss Layer
Recognition 

Results

Group 

Normalization

1*1 Convolution 

Layer

Target Dataset

Freeze Trained 

Model 

Parameters

Reinitialize

Adjusted Batch 

Size Training  

Figure 2: Image recognition workflow 

3 Image noise removal effect and recognition results analysis 

3.1 Analysis of image denoising results based on generative adversarial 

network 

3.1.1 Experimental setup 

(1) System environment construction 

The model in this paper is based on Tensorflow deep learning framework, Tensorflow has 

a high degree of flexibility, portability, its internal implementation of the automatic derivatives 

for a variety of given objective function, support for Python, C++ and other languages and 

highly optimized performance. 

(2) Experimental data set 

The basic experimental environment of this paper is Linux operating system, and the 

development language is Python. The experimental data of this paper is MNIST dataset, and 

the experimental content mainly focuses on the experiments of the improved CGAN model. 

The dataset has 6,000 images of each type, and the sheets are color images of 32×32 pixel size. 

(3) Image denoising quality evaluation metrics 

In this paper, PSNR and SSIM are used as objective evaluation indexes to calculate the 

objective data of image quality and evaluate them. The formulas are as follows: 

The peak signal-to-noise ratio (PSNR) formula is: 

 

2

10log
L

PSNR
MSE

 
  

 
 (20) 

The expression for structural similarity (SSIM) is: 

  
  

  
1 2

2 2 2 2

1 2

2 2
,

x y xy

x y x y

c c
SSIM x y

c c

  

   

 


   
 (21) 
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The formula: 

x  and 
y  - the mean of the image x ; 

2

x  and 2

y  - the variance of the image; 

xy  - the covariance of the image and; 

1c  and 
2c  - constants used to maintain stability, with values equal to 2

1( )k L , 

1 20.01, 0.03k k  ; 

L  - dynamic range of pixel values. 

3.1.2 Image denoising result analysis 

In order to show the effect of this paper's model on image denoising under different noise 

variance, 1 image from MNIST dataset is taken as standard, and Gaussian noise of 

10,20,30,40,50 is added respectively, and denoising restoration is carried out using this paper's 

model. 

The PSNR and SSIM of this paper's model on MNIST under different noises are shown in 

Table 1. The results show that under the condition of noise of 10dB, the value of PSNR, an 

objective evaluation index, can be maintained above 30dB, and overall better denoising results 

are achieved. Even under the conditions of 40dB and 50dB noise environment, the denoising 

effect of this paper's model is still significant, and the value of PSNR is still able to maintain a 

medium-high level of more than 25dB although it decreases, which reflects the strong 

generalization ability of this paper's model. 

Table 1: PSNR and SSIM of the proposed model on MNIST under different noises 

Test 
sample 

Gaussian noise value 
10 20 30 40 50 

PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM 
1 35.28 0.8 30.46 0.86 30.75 0.81 26.15 0.82 27.38 0.75 
2 33.24 0.85 33.71 0.93 29.1 0.85 26.22 0.76 33.01 0.83 
3 33.14 0.85 32.14 0.89 29.56 0.8 28.25 0.82 28.29 0.68 
4 32.44 0.92 33.13 0.91 31.57 0.85 28.24 0.78 27.53 0.81 
5 34.42 0.87 30.32 0.95 27.52 0.78 26.69 0.84 29.24 0.83 
6 34.42 0.89 32.98 0.93 31.5 0.7 27.71 0.81 29.2 0.8 
7 34.95 0.82 33.28 0.84 27.97 0.84 28.29 0.74 27.28 0.83 
8 32.4 0.91 31.76 0.93 31.67 0.87 29.78 0.71 30.26 0.74 
9 31.75 0.95 34.25 0.89 30.54 0.93 25.6 0.86 28.11 0.77 
10 36.69 0.87 31.2 0.85 29.86 0.59 27.69 0.82 30.88 0.79 
11 34.02 0.97 30.7 0.88 28.01 0.93 28.67 0.8 27.86 0.82 
12 31.81 0.94 32.96 0.81 28.91 0.87 27.12 0.83 28.49 0.8 
13 34.24 0.85 32.5 0.93 30.98 0.9 28.32 0.92 27.78 0.82 
14 32.51 0.79 32.42 0.87 33.71 0.92 26.83 0.76 30.43 0.82 
15 33.08 0.95 28.63 0.84 30.2 0.96 27.58 0.91 31.11 0.77 
16 33.61 0.95 31.6 0.91 28.27 0.83 29.18 0.81 28.37 0.82 
17 33.28 1.06 32.51 0.91 28.5 0.95 29.12 0.75 29.34 0.83 
18 36.07 0.96 31.61 0.88 28.61 0.58 29.51 0.72 27.36 0.88 
19 33.85 0.8 34.54 0.97 29.61 0.79 28.59 0.75 28.88 0.83 
20 33.62 0.89 28.49 0.89 31.76 0.76 29.76 0.89 26.3 0.82 
21 33.7 0.96 32.22 0.91 26.46 0.64 27.59 0.76 28.47 0.84 
22 33.16 0.98 35.13 0.93 34.29 0.92 29.26 0.88 27.9 0.84 
23 37.22 0.86 29.67 0.87 30.25 0.89 28.04 0.77 27.93 0.75 
24 31.97 0.99 32.27 0.98 31.12 0.72 29.35 0.78 29.78 0.81 
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Taking the Gaussian noise value of 20 as an example, the PSNR and SSIM of this paper's 

algorithm on MNIST are shown in Fig. 3.The model in this paper denoises 24 images, and the 

quality of the images obtained can all be maintained in a relatively stable state. Its PSNR is 

maintained between 28.49dB~35.13dB, and SSIM is maintained between 0.81~0.98, and the 

restoration effect of the model is stable, and will not have a large deviation because of the image 

content. 

 

Figure 3: The PSNR and SSIM of the proposed algorithm on MNIST 

The model in this paper is analyzed for the average PSNR and SSIM of the images obtained 

after denoising 20,000 images on the MNIST test set, respectively. The average PSNR and 

SSIM of this paper's model under different noises are shown in Table 2. It can be seen that after 

using the algorithmic model of this paper for denoising and repairing the images, the PSNR 

value of the model is above 28dB and the SSIM value is greater than 0.85 in five noise levels 

of 10, 20, 30, 40 and 50, which shows that the improved model of this paper can also obtain 

good results in the objective evaluation index. 

Table 2: Average PSNR and SSIM of the proposed model under different noises 

Test set Noise variance 
Gaussian noise value 

10 20 30 40 50 

MNIST 
PSNR (dB) 38.71 31.58 30.99 29.37 28.56 

SSIM 0.97 0.95 0.93 0.89 0.86 

 

In order to demonstrate the excellent performance of the improved model results in this 

paper, this paper also combines two models, SRGAN and traditional CGAN, and 

experimentally compares them in the MNIST test set. The average PSNR and SSIM values of 

different models are shown in Table 3. Among the three noise levels, the PSNR and SSIM 

values of this paper's model are larger than those of SRGAN and traditional CGAN models, 

which indicates that this paper's model can remove the presence of noise more cleanly, retain 

more detail information and texture features in the image, and the model has better denoising 

effect on the image. 
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Table 3: Average PSNR and SSIM values of different models 

Gaussian noise value Evaluating indicator SRGAN Tradition CGAN Improve CGAN 

10 
PSNR (dB) 31.76 31.38 40.21 

SSIM 0.8741 0.922 0.9152 

20 
PSNR (dB) 29.17 28.18 34.35 

SSIM 0.8384 0.8114 0.857 

50 
PSNR (dB) 26.94 26.66 28.45 

SSIM 0.8057 0.7237 0.7948 

3.1.3 Before and after loss function improvement 

In this paper, 2000 randomly selected preprocessed images from the MNIST dataset form the 

training set, and the denoising results of images with noise levels of 10, 20 and 50 are compared. 

The average PSNR and SSIM of the model before and after the loss function improvement are 

shown in Table 4. The results show that the average PSNR of the model in this paper is 32.45 

dB, which is 2.04 dB higher than that of the traditional CGAN model, and the SSIM value 

proves that the denoised result images of the model in this paper have higher structural 

similarity with the original ones, which indicates that the image denoising results of the 

improved CGAN model have good image quality and structural properties. 

Table 4: Average PSNR and SSIM of the Improved and Conventional Models 

Gaussian noise value Evaluating indicator Tradition CGAN Improve CGAN 

10 
PSNR (dB) 32.16 34.65 

SSIM 0.8317 0.8978 

20 
PSNR (dB) 31.56 32.93 

SSIM 0.8101 0.8512 

50 
PSNR (dB) 27.52 29.77 

SSIM 0.8035 0.8377 

3.1.4 Comparison of experimental results of image denoising algorithms 

In this paper, we use three-channel joint denoising color image denoising algorithms: BM3D 

and DnCNN for comparative validation in experiments. The objective evaluation results in the 

test set at a noise variance of 50 are shown in Table 5. The results show that the denoising effect 

of this paper's algorithm model for each image in the MNIST test set is better than that of BM3D 

and DnCNN. at a noise variance of 50, the PSNR of this paper's algorithm is higher than that 

of the BM3D algorithm and DnCNN by an average of 4.16dB and 2.28dB; and the SSIM value 

is higher than that of 0.1605 and 0.124, respectively, which indicates that the denoised image 

repaired by this paper's algorithm has the best quality and structural similarity are the best. 

  



Dong 

14 

Table 5: Objective evaluation results of test set with noise variance of 50 

Images 
BM3D DnCNN Improve CGAN 

PSNR SSIM PSNR SSIM PSNR SSIM 

1 23.4 0.7268 25.74 0.7323 28.23 0.8163 

2 23.91 0.6816 25.44 0.7797 28.03 0.9036 

3 23.53 0.7125 24.86 0.7304 28.05 0.8946 

4 22.83 0.678 25.31 0.6768 29.14 0.8746 

5 24.5 0.7018 25.87 0.7186 28.3 0.9553 

6 24 0.7951 26.24 0.7368 27.91 0.8048 

7 24.19 0.6747 26.07 0.764 28.14 0.8033 

8 23.55 0.7381 25.54 0.7508 27.68 0.9003 

9 25.88 0.6699 27.89 0.8117 27.21 0.9257 

10 23.46 0.7266 25.64 0.7462 30 0.8700 

11 25.46 0.7225 25.68 0.7722 27.7 0.8629 

12 24.05 0.7151 26 0.7194 28.02 0.9932 

13 24.75 0.6676 24.91 0.7539 26.94 0.9111 

14 23.83 0.7631 27.04 0.8863 27.4 0.8098 

15 24.36 0.7272 26.64 0.7958 27.74 0.9059 

16 23.32 0.7071 27.39 0.8768 28.38 0.8029 

17 22.92 0.7444 26.24 0.7295 29.21 0.9158 

18 23.91 0.7352 25.07 0.733 28.93 0.8767 

19 25.06 0.6995 25.91 0.7036 27.66 0.9092 

20 23.28 0.7053 25.17 0.6608 28.46 0.9236 

21 24.1 0.711 25.66 0.7199 28.93 0.9455 

22 23.64 0.7575 25.2 0.8023 27.5 0.7548 

23 24.17 0.7153 25.5 0.7303 28.68 0.9194 

24 23.53 0.7208 25.66 0.7416 27.19 0.7679 

Mean  23.98 0.7165 25.86 0.7530 28.14 0.8770 

3.2 Analysis of image recognition results based on convolutional neural 

network 

This section continues with experiments on the MNIST dataset, which are divided into two 

parts; the first part is an experimental analysis of the improved activation function, and the 

second part is an experiment on the improved convolutional neural network model. 

3.2.1 Experimental analysis of the improved activation function 

The more commonly used activation functions in deep learning are sigmoid, ReLU function, 

here we set sigmoid, ReLU and improved sigmoid_ReLU function as the activation function in 

the improved convolutional neural network for experiments respectively. The image 

recognition accuracies of the three activation functions are compared on MNIST, respectively. 

Figure 4 shows the recognition correctness of different activation functions on MNIST. It 

can be seen that the correct rate using the improved sigmoid_ReLU function as the activation 

function in the improved convolutional neural network is higher than that of the sigmoid and 

ReLU functions. As the number of iterations increases, the recognition rate of all three functions 

as activation function increases. On the MNIST dataset, the highest correct rate of the sigmoid 

activation function is 98.73%; the ReLU function works better than the sigmoid function, with 

the highest correct rate of 98.94%; and the improved sigmoid_ReLU activation function has 
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the highest correct rate of 99.09%, and converges faster. Therefore, from the experimental 

results, it can be seen that the improved sigmoid_ReLU function as an activation function is 

better than the sigmoid and ReLU functions, which can improve the recognition rate of the 

improved convolutional neural network on the MNIST dataset. 

In summary, the sigmoid_ReLU function proposed in this paper performs better as an 

activation function in the improved convolutional neural network through testing on MNIST. 

This function is better than the commonly used sigmoid and ReLU functions, which can 

improve the correct rate of image recognition and the network convergence speed is faster. 

 

Figure 4: Recognition accuracy of different activation functions on MNIST 

3.2.2 Experimental Analysis of Improved Convolutional Neural Network Models 

In order to test the recognition effect of the improved convolutional neural network model, the 

improved convolutional neural network model is experimented on MNIST separately. Table 6 

shows the experimental results of different algorithms on MNIST. It can be seen that the correct 

rate of the improved convolutional neural network algorithm is higher than other image 

recognition methods on MNIST dataset. The recognition based on fuzzy shape model has the 

lowest correct rate of 93.15%, followed by the improved SVM algorithm based on KNN 

(96.03%), the KL + BP algorithm (98.36%) and the improved convolutional neural network 

algorithm are closer to each other; the improved convolutional neural network algorithm 

achieves a correct rate of 99.47%. Therefore, the improved convolutional neural network 

algorithm is better than the other compared algorithms in recognizing on the MNIST dataset. 

Table 6: Performance of Different Algorithms on MNIST Dataset 

Algorithm Accuracy (%) 

Recognition Based on Fuzzy Shape Model 93.15 

Recognition of Improved SVM Algorithm Based on KNN 96.03 

Recognition of KL+BP algorithm 98.36 

CGAN 96.94 

Improved convolutional neural network 99.47 
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Fig. 5 shows the recognition correctness of convolutional neural network and improved 

convolutional neural network on MNIST. It can be seen that a total of 50 iterations of training 

are performed, and the improved convolutional neural network algorithm has a much higher 

correct rate than the traditional convolutional neural network algorithm at the very beginning 

of training, with the former achieving a correct rate of 95.80% at the very beginning of training, 

and the latter having a correct rate of only 90.96%. The recognition correctness of both on the 

MNIST dataset increases with the number of iterations, and the improved convolutional neural 

network model has a higher recognition rate than the traditional convolutional neural network 

model, with the improved convolutional neural network reaching 99.52% correct and the 

unimproved convolutional neural network algorithm 98.94%. After 17 iterations, the network 

reaches convergence, and the traditional convolutional neural network algorithm converges 

slowly and unstably. Therefore, the improved convolutional neural network algorithm performs 

better than the unimproved one in terms of both correctness and convergence speed. 

 

Figure 5: Recognition accuracy before and after the algorithm improvement 

The average correctness of the MNIST dataset on each category of images is shown in Fig. 

6, where 1 to 10 represents airplane, car, bird, cat, deer, dog, frog, horse, boat and truck 

respectively. It can be seen that on the MNIST dataset, the improved convolutional neural 

network and the unimproved convolutional neural network have higher recognition rates on top 

of the images of airplanes, cars, birds, frogs, and trucks, and lower recognition rates on the 

images of cats, dogs, horses, and boats. As a whole, the improved convolutional neural network 

has a higher correct recognition rate than the unimproved convolutional neural network on each 

category, and the average correct rate is higher than the unimproved convolutional neural 

network. 

In summary, the feasibility of the improved improved convolutional neural network 

obtained by replacing the original softmax layer in the improved CGAN with an SVM classifier, 

mainly by using the improved Sigmoid_ReLU function, the Dropout idea, and the improved 

initialization weight method in the improved convolutional neural network, is experimentally 

verified. By comparing the experiments on MNIST dataset, it can be found that the improved 

convolutional neural network performs well and outperforms the unimproved convolutional 

neural network in terms of recognition rate and convergence speed. 
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Figure 6: The average accuracy rate of MNIST dataset across all image categories 

4 Conclusion 

In this paper, taking MNIST dataset as an example, on the basis of neural network model, the 

image denoising algorithm based on improved conditional generative adversarial network is 

first proposed to complete the denoising of the image, and then the image recognition algorithm 

through convolutional neural network is used to realize the clear recognition of the image. The 

results are as follows: 

(1) Compared with SRGAN and traditional CGAN algorithms, the model in this paper is 

able to remove the presence of noise more thoroughly, retain more detailed information and 

texture features in the image, and has better denoising effectiveness and excellent performance. 

The improved model using the least squares loss function can help the discriminator to better 

supervise the generator to generate denoised images with smaller gaps and better quality than 

the original image, reduce the artifacts of the image, and thus improve the recognition effect of 

the denoising network. 

(2) The improved convolutional neural network model in this paper achieves a recognition 

rate of 99.47% on the MNIST dataset, which is an improvement of 2.61% relative to the pre-

improvement period, and its recognition accuracy for different categories of images is higher 

than that of the traditional convolutional neural network model, so it can be seen that the 

improved model has a better performance for the application of image denoising and 

recognition. 
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