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Abstract 
In order to effectively solve the problem of image noise pollution, this paper takes the 
noisy image as the input of the network and the noiseless image as the output, learns the 
mapping relationship between the two noisy images, and proposes an image denoising 
algorithm based on deep convolution neural network to realize the process of 
transforming from noisy image to noiseless image. In this paper, the denoising algorithm 
based on deep learning uses the residual network (ResNet) model and combines the 
Inception structure in the residual block to solve the problems of gradient 
disappearance, over-fitting and strong difficulty in training. Residual network model can 
save computing resources and reduce training time while deepening the depth of 
network model. Taking BSD300 data set as training set, the network model is trained by 
GPU in colaboratory environment. The simulation results show that, when there are 
enough samples, the denoising model trained by noise pictures in this paper is similar 
to the network model trained by noise pictures in PSNR (Peak signal to noise ratio) and 
image detail restoration, so this model has good practicability. 
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1. Introduction 

1.1. Research purpose and significance 
In the process of image generation, image noise may come from film grain and shooting 
equipment, and noisy pictures sometimes cover up the information we need. Sometimes, 
because noise pollutes images, we can't get image information clearly and accurately. For 
example, after the medical image is polluted by noise, it may lead to errors between our 
judgment on the patient's condition and the real situation, and the fuzzy security inspection 
image may lead to major mistakes. In medical images, security images and satellite images, 
images polluted by noise are common. Therefore, it is of great significance to solve this problem 
and obtain clear images. Its purpose is to effectively remove noise while preserving the 
important feature information of the image itself. De-noising can improve the accuracy of 
obtaining visual information, which is the premise of observing images correctly. One of the 
methods to improve image quality is denoising. In the process of image processing, the first 
step is often image denoising, so the quality of denoising is very important. Noise pollution may 
be caused by images of equipment, systems, environment, etc. Noise is unavoidable in many 
cases, so it is particularly important to use an effective algorithm to remove noise to effectively 
solve this situation. Combining the popular deep learning technology with image denoising 
technology, although many achievements have been made, there are still some problems, so it 
is necessary to continue to study image denoising technology. 
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1.2. Research status of image denoising 
According to statistics, visual information accounts for 60% of the information we receive 
passively or actively. Image information is a way for us to understand information with naked 
eyes. 
1.2.1. Traditional denoising algorithm 
Among the effective denoising methods for removing salt and pepper noise, a good method is 
median filtering. In order to make the image look more vivid and clear, researchers have 
designed many optimized filters. The optimized linear filter has made great progress and 
achieved effective results in general image denoising. However, in the experiment, the 
researchers found that the linear filter can destroy the image edge when processing the image, 
so this denoising method is not suitable for removing the salt and pepper noise. Therefore, 
various nonlinear filters have been proposed to solve this problem. Traditional nonlinear 
filtering includes MF (Median filtering method) and AMF (Adaptive median filtering method). 
For random noise, almost all spatial denoising algorithms can denoise this kind of noise because 
of its zero-sum characteristics. 
1.2.2. Image denoising algorithm based on deep learning 
Compared with traditional denoising, image denoising based on convolutional neural network 
can better optimize image quality. With the popularity of deep neural networks, deep learning 
has made many attempts to deal with denoising problems. There are many image denoising 
methods based on deep learning. One is to use MLP (Multilayer Perceptron Network) to train 
the model for image denoising. MLP can approach any function, and its nonlinear ability is very 
strong [2]. Convolutional neural network has a structure like human eyes, which is a local 
receptive field and can improve the adaptability of network model when dealing with different 
standard noises. However, after the number of layers increases, the deep learning denoising 
algorithm will have some technical problems. If the number of network layers is deepened too 
much, it will make the model difficult to train, and the gradient is prone to dispersion or 
explosion, in addition, the learning effect of the model will be attenuated. The research tide in 
the field of machine learning tends to be deep learning, which provides a new way to solve the 
problem of image denoising and the successful application of Deep Convolutional Neural 
Network (DnCNN) in the field of recognition and image feature extraction. Therefore, this paper 
adopts a denoising algorithm based on deep learning. 

2. Basic Theory of Image Denoising 

2.1. Noise classification 
2.1.1. Correlation classification 
According to the influence of correlation between image noise and image, it can be divided into 
multiplicative noise and additive noise. 
Additive noise is added to the interference of signals in transmission, thus causing interference 
to images. Whether the signal exists or not, the noise will always exist. Additive noise is usually 
considered as "standard" noise under Gaussian distribution image, and because image signal 
has no correlation with additive noise, it is regarded as one of the mainstream models in the 
field of image denoising. The noise in this experimental study is additive white Gaussian noise. 
Multiplicative noise is based on pixel values, which means that low-value pixels show only a 
small amount of noise, while high-value pixels show a large amount of noise. Therefore, 
multiplicative noise has correlation with image signal. Image noise is affected by image signal. 
In signal processing, multiplicative noise refers to an unnecessary random signal multiplied by 
some correlation signal during capture, transmission or other processing. Examples of 
multiplicative noise affecting an image include appropriate shadows due to undulations of the 
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surface of an imaging object, shadows cast by complex objects such as leaves and venetian 
blinds, black spots caused by dust in a lens or an image sensor, changes in gain, and various 
elements of an image sensor array. 
2.1.2. Classification of probability distribution 
According to the characteristics of noise distribution, randomness can be divided into white 
Gaussian noise, random impulse noise and uniform noise [9]. In this paper, additive white 
Gaussian noise and random impulse noise are used to train the denoising network model. 

2.2. Image quality evaluation index 
With the increasing demand for image-based applications, it is increasingly important to 
evaluate image quality efficiently and reliably. Measuring image quality is very important for 
many image processing applications. In these applications, image quality assessment (IQA) is 
widely used in the field of image processing. Researchers can evaluate and analyze this problem 
from many aspects according to their own research needs. This paradigm of image quality 
assessment is also called full reference IQA. According to the evaluation subject, it can be 
divided into subjective evaluation and objective evaluation. Image quality evaluation focuses 
on image fidelity, that is, how close an image is to a given original or reference image.  
2.2.1. Subjective evaluation 
On the basis of science, subjective evaluation is to judge the image quality through people's 
feelings, which can reflect whether the quality standard can meet our needs, so subjective 
evaluation method is necessary for us to recognize the image quality. However, because this 
method can't get accurate values, we can only evaluate the image by feeling to measure the 
quality of the image. In addition, the object of subjective evaluation is human, which will be 
influenced by people's physiology, psychology and hobbies, and the image quality may vary 
from person to person. Therefore, this method is not the mainstream evaluation standard. 
2.2.2. Objective evaluation 
In order to solve the problem that the subjective evaluation method can't get accurate data and 
can't truly reflect the image quality, a scientific and objective analysis method that doesn't focus 
on human feelings is proposed. This method needs to build a model to evaluate the image 
quality, because it needs to simulate the features of high-quality pictures as much as possible, 
so as to accurately evaluate the image quality after processing. In this paper, the peak signal-to-
noise ratio model is used to objectively evaluate the image quality. The higher the peak signal-
to-noise ratio decibel, the better the image quality, which is close to the original image.  

3. Basic Theory of Image Denoising Based on Deep Learning 

3.1. Activate function 
The function of activation function is to modify the perceptual network model, which becomes 
a complete neural unit after modification. Using the activation function introduces an extra step 
at each layer in the forward propagation process. ReLU function is a nonlinear activation 
function, which has been popular in the field of deep learning. Compared with other activation 
functions, the main advantage of rectifying linear unit is that it does not have to activate all 
neurons. 

3.2. Multilayer perceptron 
They are the real computing engines of MLP. MLP with a hidden layer can approximate any 
continuous function. Feedforward networks like MLP are like tennis or table tennis. They 
mainly involve two movements, a constant back and forth movement. Table tennis with this 
guess and answer can be regarded as an accelerated science, because every guess is a test of 
what we think we know, and every response is feedback, which makes us know where our 
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mistakes lie. In reverse transmission, chain rules of back propagation and calculus are used. 
This can be done using any gradient-based optimization algorithm (such as random gradient 
descent). 

 
Figure 1 Schematic diagram of three-layer BP model 

3.3. Convolution neural network 
Convolutional neural network (CNN) is the best artificial neural network, which is used to 
model images, but it is not limited to modeling images, and can also be used in many 
applications. Just as children learn to recognize objects, we need to show an algorithm, millions 
of pictures, extract the features of these pictures, and carry out simulation training. Each image 
can be represented as a two-dimensional array of numbers, called pixels. However, the fact that 
they have different perceptions of images does not mean that we cannot train them to recognize 
patterns. We only need to consider the differences of images. In order to realize the algorithm 
about how to recognize objects in images, we use a convolutional neural network, which is a 
specific type of DnCNN[3]. Convolutional neural network can identify objects similar to the 
pictures it has learned by learning the feature details of pictures. For example, convolutional 
neural networks are used to identify faces, individuals, street signs, tumors and many other 
aspects of visual data. Each pixel is represented by a number between 0 and 255, and each 
image is composed of multiple pixels, so any image can be represented by a digital matrix, which 
is how computers process images. 
CNN uses filters (also called kernel, feature detector) to detect whether there are features such 
as edges in the whole image. The filter moves over each part of the image to check whether 
there is a function to be detected. In order to provide a value indicating the confidence that a 
specific feature exists, the filter performs a convolution operation, which is the product of each 
element and the sum between two matrices. 
When the feature exists in a part of the image, the convolution operation between the filter and 
that part of the image will result in a higher real value. If the function does not exist, the result 
value is low. 
3.3.1. Network structure 
The network structure of convolutional neural network contains several unit layers, such as 
convolution layer, pooling layer, activation layer and full connection layer [5]. Each cell layer 
contains multiple feature maps, and each feature map contains multiple neurons. Generally, 
DnCNN consists of multiple pooling layers and convolution layers, and finally consists of one or 
more full connection (FC) layers to perform the final classification. Convolution layer can be 
considered as an interesting existence. Once it learns the characteristics of a specific point in an 
image, it can be recognized in any part of the future. For the convolution layer, multiple features 
will be used, which in turn will generate multiple feature maps. Feature maps are stacked 
together and passed to the next level as input. Pooling layer, that is, sampling layer, refines a 
feature set in a domain into a new feature set. Pooling layer reduces the dimension by merging 
multiple neurons into one. There are two types of pools: average pool and maximum pool. The 



Volume 1 Issue 9, 2020 

DOI: 10.6981/FEM.202009_1(9).0014 

96 

Frontiers in Economics and Management 

ISSN: 2692-7608 

network generally uses the maximum pool, because the output node is equal to the maximum 
value of the input area. The network structure diagram is shown in Figure 2: 

 

 
Figure 2 CNN network structure diagram 

4. Image Denoising Process Based on Deep Learning 

4.1. Data preprocessing 
The purpose of data preprocessing is to optimize the speed of model training, and data 
preprocessing is an essential link in image processing. Download the required data set to 
Google Cloud Disk for backup, and then upload the data to the data folder in colab. 

 

 
Figure 3 Figure data set in Google cloud disk 

 
Figure 4 The data set in colab 
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The first step is to scale the data to ensure that the pixel value is between 0 and 255. 
The second step is integration. If the data distribution is roughly the same, we can subtract the 
mean value from the outliers. 
The third step is to divide the data sets, dividing 90% of one data set into test data sets and the 
rest into verification sets. 

 

 
Figure 5 Generate training set and verification set 

4.2. Establishment of ResNet model 
4.2.1. Setting of hyperparameters of ResNet model 
When training ResNet model, the superparameters that need to be set mainly include setting 
the size of batch training, the size of learning rate, the number of classifications and the 
selection of weight attenuation rate. The superparameter initial values used in ResNet model 
in this paper can be set as shown in table: 

 
Table 1Super parameter setting of ResNet model 

Super parameter Set up 
Size of batch training 128 

Learning rate 0.1 
Minimum learning rate 0.0001 

Number of residual blocks 5 
Weight attenuation rate 0.0002 

Optimizer Momentumoptimizer 

 
4.2.2. Input of ResNet model data 
TensorFlow2.0 in Colab provides users with a fast and compatible way to read files. Data input 
is divided into three steps. The first step is to extract image features to form a new feature set, 
and the second step is to select multi-dimensional features of sample points to generate sample 
feature matrix. The last step is to generate data sets, which are divided into training data sets 
and verification data sets in proportion. 
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4.2.3. Convolution layer of ResNet model 
The convolution layer of ResNet model is composed of several residual blocks connected in 
series. In the same convolution layer, the dimension of the image input to the residual module 
is equal to that of the output image [12]. 

 

 
Figure 6 Structure diagram of model residual block 

 
In the training process of ResNet model, the output result of each output layer is the input batch 
normalization of input layer. The main purpose of normalization is to avoid gradient 
disappearance and accelerate the convergence speed of ResNet model. Its calculation formula 
can be expressed as follows: 

In the 
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 formula, 𝑥  is the average value of 𝑥  obtained by the activation degree 

of the neuron E[𝑥 ] representing a batch of training data sets. 𝑉𝑎𝑟[𝑥 ]  is the standard 
deviation of each batch of training data. 
Activation function is very important for learning image features and understanding complex 
functions in ResNet model. sparse activation function ReLU is used in ResNet model. The ReLU 
activation function is distributed as shown in the figure: 

 
Figure 7 ReLU activation function 
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4.2.4. Training of ResNet model 
When training ResNet model, the convolution layer will extract the features of each batch of 
sample image data, calculate the sparse features of image data layer by layer, record the 
corresponding parameter values, and input the sparse features extracted from the bottom layer 
of ResNet model into logist layer. The batch data training mode also enhances the robustness 
of the model and reduces over-fitting. 

 
Figure 8 Pre-training network 

 
When BSD300 is used as training set, GPU in Colab environment takes nearly 10 hours. Every 
time you start training, you will generate a subfile under the corresponding folder. 

 
Figure 9 Training 

 
The verified running results will be saved in the result folder: 

 
Figure 10 Running results 



Volume 1 Issue 9, 2020 

DOI: 10.6981/FEM.202009_1(9).0014 

100 

Frontiers in Economics and Management 

ISSN: 2692-7608 

5. Experiment 

5.1. Environment configuration 
The model in this paper is trained and tested on Google Colaboratory platform, which solves 
the difficult problem of studying the collocation of deep learning environment. Colab platform 
will provide a virtual environment, so there is no need to configure the environment. 
First, because Colab won't save the code automatically, we need to mount Google Cloud Disk to 
store the program. As shown in fig. 11: 

 
Figure 11 Google cloud disk backup 

 
In the second step, we need to change the running configuration first. In order to improve the 
training speed of the model, this paper adopts GPU, as shown in Figure 12: 

 
Figure 12 Selection of hardware accelerator 

 
Our other related configurations are shown in Table 2: 

 
Table 2 Related configuration 

Name Version number (model) 
Pyhton 3.6 

tensorflow 2.0 
Gpu Telsa T4 

CUDA 10.0 
Memory 128 
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5.2. Experimental parameter analysis 
5.2.1. White Gaussian noise 
The loss function corresponding to different noises is different, and the additive white Gaussian 
noise is zero-mean, so it is more suitable to train the network with L2 loss function. The whole 
blind denoising process needs to estimate the noise amplitude, and randomly add σ∈[0,50] 
noise to the image. In order to compare the performance of this denoising model with that of 
the model trained with noiseless images, we compare the loss of noisy image training set and 
noiseless image training set under the same network model by statistical graph. The abscissa 
represents the number of iterations, and the ordinate represents the loss value on the 
verification set. When the number of iterations is 40, the loss value tends to be stable. As shown 
in the figure, the denoising model using noise-free training is similar to the denoising model in 
this paper in convergence speed and denoising quality. 

 
Figure 13 Loss change curve 

 
5.2.2. Random value impulse noise 
For every pixel in the position, it is possible to be replaced by [0,1] random value. Both the mean 
value and the median value can get better results, but the most practical output is the mode. 
When the number of iterations is in the range of 0 to 15, the convergence rate of verification set 
loss is the fastest, and the two models tend to be almost consistent. With the iteration times 
reaching 20 times, the two models have achieved good results in removing random value 
impulse noise. 

 
Figure 14 Loss change curve 
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5.2.3. Text cleanup 
Choosing the appropriate loss model for different noises, the probability that characters pollute 
pixels in the image during the training process is [0.0,0.5], so L1 loss function should be used 
during the training process to achieve the effect of removing outliers. With the increase of 
iteration times, the network keeps learning. After 45 iterations, the loss value tends to 5, and 
the loss value and convergence speed of the two models are almost the same. 

 
Figure 15 Loss change curve 

5.3. Measure standard of denoising effect 
5.3.1. Subjective analysis 

 
Figure 16 Additive white Gaussian noise 

 
In the last baby in the picture, we can clearly see the white bright spot in the baby's eyes, and 
the skin details are almost consistent with the model trained with clean images, and the knitting 
texture on the baby hat is also very clear. There is not much difference between the whole and 
noiseless training baby images. Even in the case of high noise, the denoising algorithm of this 
model is still outstanding. 

 
Figure 17 Random value impulse noise 
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Comparing the images in the figure with the clean images after denoising, we can see that the 
baby's facial skin and contour are only slightly different, and in the right and left images, the 
baby's eyelashes after denoising are well-rooted, only slightly different in sparsity. On the 
whole, the denoising effect of the two methods is very close.  

 
Figure 18 Text removal 

 
In the image in the picture, after adding the garbled characters to the clean image, when 
removing the characters, the amazing effect comes out. Comparing the clean image and the 
denoised clean image, we can see that there are slight differences between the first image and 
the third image except the baby's nose, and the denoising effects of the two methods are similar 
in terms of text removal.  
5.3.2. Objective analysis 
Because subjective evaluation will vary from person to person, there is no explicit performance 
evaluation index in this evaluation process, and the objective performance evaluation method 
is based on explicit numerical standards for comparison, such as the original uncontaminated 
reference or prior knowledge, which will not be introduced too much in this section. This 
section will mainly introduce an objective evaluation index PSNR (Peak signal to noise ratio). 
The x axis represents the model epoch, and the y axis represents the size of PSNR. 

 
Figure 19 PSNR for Gaussian noise 

 
The variation curve of peak signal-to-noise ratio (PSNR) with the number of training rounds 
during training is recorded, as shown in the figure. The curve in the figure is the change curve 
when the noise level is 50. It can be seen from the figure that the peak signal-to-noise ratio 
(PSNR) rises fastest with the increase of training rounds from 0 to 20 epochs, and the highest 
PSNR can also be obtained in 20 epochs. 
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Figure 20 PSNR of random value impulse noise 

 
The variation curve of peak signal-to-noise ratio (PSNR) with the number of training rounds in 
the training process is recorded. It can be seen from the figure that the PSNR rises fastest with 
the increase of training rounds from 0 to 35 epoch, and the highest PSNR can be obtained in 35 
epoch. 

 
Figure 21 PSNR for text removal 

 
The variation curve of peak signal-to-noise ratio (PSNR) with the number of training rounds in 
the training process is recorded. It can be seen from the figure that the PSNR rises fastest with 
the increase of training rounds from 0 to 32 epoch, and the highest PSNR can be obtained in 32 
epoch. 

6. Summary 

Under normal circumstances, we can recover the signal without observing the clean signal, and 
can directly use noisy samples for training. That is to say, the noiseless signal can be 
reconstructed only from the unlabeled noise signal. In the previous image denoising based on 
deep learning, there must be clean pictures and noisy pictures, because a pair of matched 
images are needed to train neural networks. 
The specific innovations and achievements of this paper are as follows: Different from previous 
image denoising algorithms, no noise-free images are needed as labels. Sometimes clean 
pictures are very rare. It's better to train the network directly on noisy images, only on noisy 
images. When there are enough samples, PSNR (Peak Signal-to-Noise Ratio) and image detail 
restoration can achieve almost the same results as clean images. 
Shortcomings of this algorithm: Compared with other denoising models, the performance of 
this model is better on the whole, but it is not very good in some specific fields, such as medical 
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images. For medical images, although we can get high PSNR, there are still some gaps with real 
high-definition images. Later, we will continue to study the denoising model to further optimize 
the denoising effect. 
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