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Abstract 
In the information age, image is visual basis for human perception of the world. It is an 
important means for human beings to obtain, express and transmit information. Blur 
image not only affects the visual effect, but also hinders recognition and extraction of 
information. Motion blur is usually one of the main causes of blur image. How to make 
the computer automatically remove the blur of motion blur image has become an 
important problem to be solved in the field of image processing. In order to solve this 
problem, a large number of research have been made to proposed various deblurring 
methods which could be divided into traditional methods and deep learning ones. 
Nowadays, deep learning methods has become the major research direction of motion 
blur image deblurring. 
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1. Introduction 

Motion blur image deblurring with unknown blur kernel is called blind restoration. Blind restoration 
of the blur image is a fundamental subject in the image processing task, and restoring the motion blur 
image is seriously uncomfortable when the blur kernel is unknown. In the traditional blur image blind 
restoration, mainly through a variety of prior knowledge on image and blur kernel, establish a strong 
constraint image restoration model with generalization ability, where accurate blur kernel estimation 
is the key, at the same time need fast model solution algorithm, therefore, these problems have 
become the bottleneck affecting the practical application of blur image blind restoration technology. 

Deep learning has the characteristics of automatic extraction features and strong computational ability, 
which has become the development direction of blur image deblurring research. Although deep 
learning can realize spatial mapping of blur images to recovered images, early learning were mainly 
used to achieve non-blind restoration of blur images due to the lack of generalization ability to 
different blur types. Since the research of blind restoration of traditional images has obtained many 
distinctive research results, the researchers have recently proposed to combine deep learning with 
traditional methods to realize the blind restoration of blur images. The problems with such methods 
are computationally difficult and complex processes, while most cases still require estimated blur 
kernels. Therefore, blind restoration of blur image without estimation of blur kernel under the 
framework of deep learning has become the effort direction of researchers. 

2. Traditional Methods 

Camera shake could cause image blur. In the earlier research, Chan and Wang[1] proposed a full-
variational approach to constrain the gradients of clear images. This approach was further discussion 
in later work by Perrone and Favoro[2]. Shan et al.[3] proposed a parameterized model to fit the 
gradient distribution of natural images. With the application of sparse representation to image 
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processing, such methods are also widely applied to motion blur estimation. Hu et al.[4] proposed an 
adaptive dictionary learning method to guide the estimation of motion blur. Cai et al.[5-6]used the 
sparse representation methods to both clear images and motion blur kernels. However, Levin et al.[7] 
pointed out that methods based on simple maximal posterior estimates often hard to get solutions. 
The main reason among these is that the image priors proposed by these methods do not distinguish 
between clear and blur images. In most cases these image priors favor the characterization of blur 
images.To overcome this drawback, some researchers have proposed priors conducive the 
characterization of clear images. The sparse priors for the normalization are proposed by Krishnan et 
al.[8]. Michaeli and Irani[9] used image self-similarity as an image prior. Despite the better results of 
these methods, solving these models is relatively difficult and requires a lot of computational time. 

Significance edge methods introduce the process of edge selection in the conventional maximum a 
posteriori framework. The edges of the object are mainly drawn through the image maximum a 
posteriori estimates are calculated to obtain[10]. However, this method depends largely on the 
accuracy of the image matting method. By Joshi et al.[11], the blur kernel is estimated by predicting 
the edges directly from the blur images. Based on this idea, a series of methods for edge selection has 
been proposed successively[12-14]. Most of these methods act on some enhanced filtering through 
the images in the iterative process[15]. These method[16-17] have better results on existing motion-
blur data.However, edge selection-based methods require some heuristic filtering methods and design 
a better valve value to compute the strong edge information of the image. Such methods apply only 
where images have strong edges. To overcome the selecting edges problem during significance edge 
selection, some sample data-based methods are presented. By Sun et al.[17], block information of 
natural images is used to assist in the deblurring of strong edges of the images. 

Blur kernel can be obtained by maximum marginal distribution. By Fergus et al.[18], a variational 
Bayesian-based blur estimation of motion is proposed. In this method, the posterior distribution 
probabilities can be approximated by minimizing the Ku llback-Leibler Divergence. Based on the 
idea of reference[19], By Levin et al.[20], a method to maximum marginal distribution approximation 
is proposed. Despite the better theoretical guarantees of such methods, a lot of operational time is 
required during motion blur kernel estimation[21]. Given the advantages and disadvantages of 
maximum marginal distribution estimation and maximum a posteriori methods, some recent methods 
have focused on studying the relationship between the two methods[22]. 

The ambiguity caused by the motion of objects has also attracted the attention of many researchers. 
Earlier, researchers assumed that motion blur in images was consistent[12-13], but the blur was often 
inconsistent. Although non-consistent motion blur estimation method[19][23]account for ambiguity 
due to camera rotation. However, when an object moves faster, these methods can not effectively deal 
with the blur. By Tai et al.[24], the motion trajectories of objects were recorded using a special 
imaging equipment system. Although these methods can better recover clear images, it is relatively 
difficult to design these special imaging equipment systems. By Levin[25], a segmentation-based 
method is proposed, which first divides moving objects and background using some specific filtering, 
and then processes them separately for different segmentation regions using existing motion blur 
estimation methods. Based on this idea, various different segmentation methods are introduced into 
this problem[26-29]. References[27-28] utilizes the method of image pivot graph[28] to divide image 
into foreground and background to handle object motion blur. In reference[30], Da and Wu first 
estimate motion blur kernels based on the methods of reference[31-32], and then alternately 
iteratively solve image transparency, foreground and background. The method is able to effectively 
handle situations where the image is partially ambiguous. However, the motion blur estimation 
process and the segmentation process are processed separately, thus making the motion blur 
estimation largely dependent on the quality of the segmentation. By Chakrabarti et al.[26], a Gaussian 
hybrid model is used to depict the gradient distribution of natural images, however this method is 
effective for specific blur and cannot handle more ambiguous cases. Most of the above methods 
regard the segmentation and image deblurring steps as independent of each other, which often do not 
effectively deal with greater ambiguity. Kim et al.[33-36] restore blur image by segmentation method 



International Core Journal of Engineering Volume 8 Issue 5, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202205_8(5).0055

 

449 

with the same framework. However, these methods cannot deal with the large blur due to object 
motion. Although image segmentation plays a crucial role in object motion blur estimation, most 
existing methods only take segmentation methods as preprocessing. 

3. Deep Learning Methods 

Deep learning has been gradually applied to move the blur of motion blur image. Researchers usually 
combine traditional image deblurring methods with deep learning. The proposed method can be 
roughly divided into three main sections. 

Firstly, image priors are obtained by a convolutional neural network. And then the blur kernel and 
clear images are estimated using joint or prior identification. Such as Schuler et al.[37] proposed a 
image blind restoration framework with convolutional neural network, which makes full use of two-
layer neural networks to extract image features as a prior. It replaces the traditional artificial 
experience determination of the image prior. Then the blur kernel is estimated by the Tikhonov prior 
constraint model. However, since the Tikhonov prior constraints are based on the image global 
smoothness assumption, it is not effective in processing blur images with large scales. By Xu et al.[38], 
edge information of the neural network was used to obtain images as prior knowledge. Blur kernel is 
estimated with H1 norm as a canonical term constraint. The recovered images were recovered using 
a super Laplacian prior constraint. The proposed method simplifies the process of blur kernel 
estimation and reduces the computational load of image deblurring. But the proposed method can not 
effectively handle the singular values in the image and has a poor effect on the motion blur image 
deblurring with complex background. 

Secondly, the blur kernel was estimated by convolutional neural network The clear images were 
recovered using the prior identification method. This method is a combination of the method proposed 
by Delbracio et al.[39] and convolutional neural network, which solves the artificial parameter 
problem of the traditional blind restoration method. But the deficiency of the method is the long 
network training time. Yan et al.[40] proposed Pre-trained deep neural network and generalized 
regression network . They obtained the blur type of the image through deep neural network, estimate 
the blur parameters using general regression neural network, and finally reconstruct the clear images 
with log expectation of adaptive likelihood probability. The proposed method can handle Gaussian 
blur, defocus blur and linear motion blur. 

Thirdly, the blur kernel is estimated by traditional method. clear image or initial clear image are 
recovered by convolutional neural network. And then blur kernel and clear image are estimated by 
traditional method. By Xu et al.[41], singular value decomposition of the blur kernel was subplanted 
into the deconvolutional neural network to recover clear images. Convolutional neural network 
reduces the weight of neural networks and reduces training time. The method can be used to solve 
the defocus blur problem of image. Wu et al.[42] propose a novel deblurring method based on two-
level wavelet-based convolutional neural network. By Chakrabarti et al.[43], in convolution filtering 
of the blur image block was obtained by convolutional neural network. The Fourier coefficient of the 
initial clear image is combined with the discrete Fourier transform of the blur image block. The value 
of all the output image blocks is averaged to estimate the blur kernel of the potentially clear image. 
And then they recover the clear image with the discrete Fourier inverse transform. The method can 
estimate large scale blur kernel. But, the disadvantage of the method is the longer training time. 
However, because the convolutional neural network performs blur image deblurring, as the blur 
nuclear scale increases, the sensory field is expanded to handle the corresponding scale changes. The 
number of network layers needs to be increased, which requires a possible decrease in deblurring 
image quality. 

4. Conclusion 

In the traditional blur image deblurring, mainly through a variety of prior knowledge on image and 
blur kernel. A strong constraint image deblurring model with generalization ability is established. 



International Core Journal of Engineering Volume 8 Issue 5, 2022
ISSN: 2414-1895 DOI: 10.6919/ICJE.202205_8(5).0055

 

450 

Accurate blur kernel estimation is the key. At the same time, we need fast model solution algorithm. 
Therefore, these problems have become the bottleneck affecting the practical application of blur 
image deblurring technology. 

Deep learning has the characteristics of automatic extraction features and strong computational ability, 
which has become the development direction of blur image deblurring research. Since the research 
of traditional images deblurring methods have obtained many distinctive research results, the 
researchers have recently proposed to combine deep learning with traditional methods for blur image 
deblurring. The problems with such methods are computationally difficult and complex processes, 
while most cases still require estimated blur kernels. Therefore, motion blur image deblurring without 
estimation of blur kernel under the framework of deep learning has become the direction in the future 
research. 
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