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I. INTRODUCTION

Vision is an important sense by means of which people 

can understand and perceive the real world, and studies 

show eighty percent of information is gained through the 

visual system. An image is a picture with visual effects, 

and it is a vivid description of the outside world. An 

image contains a wealth of information and plays an 

important role in the information exchange. The clearer the 

image, the more accurate the information obtained from 

the image, however for the process of collecting images, 

the image quality will decline for several reasons, such as 

the aperture and focal length of the camera, the intensity 

of illumination, the exposure time, the movement of 

acquisition equipment and so on. To obtain the accurate 

information of an image, the collected degraded images 

need to be restored, and the traditional image restoration 

techniques such as least squares filtering, Wiener filtering, 

Lucy Richardson filtering and blind image restoration all 

will generate ringing artifacts [1-3]. The ringing artifact is 

a byproduct of the lineal space-invariable regularization 

scheme in suppressing the noise amplification [4, 5]. The 

suppression for the ringing artifacts has two steps: Firstly, 

to detect and mark the ringing-regions in a restored image, 

and secondly, to reduce the ringing artifact. In the past 20 

years, much of the research on ringing artifact detection 

and elimination has been published.

Different methods were adopted to eliminate different 

kinds of ringing artifact. Lee et al. [6] present a blur 

kernel computational method based on bi-directional motion 

compensation. The problem with this approach is that an 

image cannot be restored from a single frame image and a 

clear reference image is needed. Chen et al. [7] introduce 

a restoration method based on bringing out the strongest 

line fuzzy kernel for the motion blurred image. This 

method can effectively decrease the ringing, but it is 

difficult to find the best light-line regions. Deshpande et 

al. [8] propose a method for restoring the motion blurred 
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image and eliminating ringing, but the definition of the 

weight matrix for the algorithm is complex. El-Regaily et 

al. [9] put forward a restoration method based on a 

genetic algorithm for the motion blurred image, it is 

suitable for images whose moving distance is small, while 

the restored image suffers from distortions and has strong 

ringing. Li et al. [10] describe a method of compensating 

for restoring the motion blurred image by the near infrared 

image, but it needs a multi-spectral camera. A restoration 

method, based on multi-scale, for motion blurred images is 

proposed by Duan et al. [11], to remove the ringing 

artifact, constraints are added in the smooth regions at 

different scales. Yang et al. [12] present a gradient 

attenuation Richardson-Lucy algorithm for image motion 

deblurring, the algorithm improves the speed of the pixels, 

and can effectively eliminate ringing, but it does not 

objectively assess the quality for the restored image.

Aim at the above problems, to eliminate the ringing 

artifacts produced by restoring the motion-blurred image, 

we propose an image ringing elimination method based on 

improved bilateral filtering. The principle and experimental 

results of our algorithm are illustrated in detail below. To 

verify the effect of eliminating ringing artifacts, we have 

evaluated the restoration results from the subjective and 

objective aspects. There are many objective quality 

evaluation methods to evaluate the restored images 

[13-16], so we chose 5 common indexes to do this.

II. RELATED WORKS

In this section, we will show you the principle and 

process of images blurred and restored by uniform 

rectilinear motion, and will show you the principle that 

generates ringing during the restoring of the motion 

blurred image.

2.1. The Degradation Mode of the Motion Images

The degradation model of natural images is detailed in 

the literature [6, 17, 18], and it can be expressed as
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where )),(),,((
'' yxyyxxh   is the point spread function 

(PSF),   is a set of neighboring points around the pixel 
),( yxf  in the input image, ),( yxg  is the pixel value of 

pixel ),( yxf  in a degraded image, and ),( yxn  is the noise 

of pixel ),( yxf . So by standardizing the expression (1), 

we can obtain
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where   is the convolution operation. As we know the 

convolution operation in the spatial domain is the same as 

the multiplication operation in the frequency domain, 

therefore, in order to simplify the calculation, the Eq. (2) 

in the airspace can be converted to the following formula 

in the frequency domain
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where ),( vuG , ),( vuH  and ),( vuN  are the Fourier trans-

forms of ),( yxg , ),( yxh  and ),( yxn , respectively. If the 

noise ),( vuN  is ignored, the image restoration can be 

expressed as
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It is worth noting that the restoration of an image is 

closely related to the degradation reasons of that image, 

which means that solving the point spread function ),( vuH  

depends upon the degradation reasons.

In this paper we fully research on the restoration of 

motion blur caused by uniform rectilinear motion. Li [19], 

Zhao [20] and Zhao [21] conduct their own research on 

the kernel of motion blur caused by uniform rectilinear 

motion. In this, set the exposure time to T, the motion 

distance to L and the motion angle to  , then the blurring 

kernel can be expressed as
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For a 2D image, in discrete space, its kernel of motion 

blur caused by uniform rectilinear motion can also be 

represented as
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M

N
x , (6)

1,...,2,1,0],[  Nxx
N

M
y , (7)

where M is the number of the blurred points in the x 

direction, N is the number of the blurred points in the y 

direction and [] is the integer-valued function. When M <=

N, PSF is calculated by Eq. (6), and when M > N, PSF is 

calculated by Eq. (7).

2.2. Ringing Artifact

In a restored image, the direct cause of the ringing 

artifact is the information, especially the high frequency 

information lost during the restoration. In image processing, 

an image is filtered. If the selected frequency-domain filter 

has a steep change, the filtered image will generate ringing. 
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The so-called ringing refers to the shock caused by the 

sharp change in the gray level of the output image. 

According to the location of the ringing artifact, the ringing 

artifact can be clarified into edge ringing and boundary 

ringing [22]. Boundary ringing is a parasitic ripple that 

occurs near the edge of the recovered image, Edge ringing 

artifacts are a kind of pseudo-wave which appears near the 

edges, and they are also parallel stripes which appear near 

the edges. So edge ringing artifacts are caused directly by 

the edges especially by the discontinuity of the sharp 

edges. Figure 1 shows an example of the ringing artifact 

and its classification.

III. METHODS

Our algorithm for eliminating ringing artifacts consists 

of three steps: (1) ringing detection; (2) calculating filter; 

(3) eliminating ringing artifact. So following are details 

about its principle and implementation process.

3.1. Ringing Detection

Ringing detection is to detect and to mark ringing 

artifact regions, and it involves in two parts, the edge 

detection and the ringing detection.

Edge detection: Ringing artifacts usually appear near the 

sharp edges, which are the regions with violent changes of 

gradient. However, there are no obvious ringing artifacts 

in the regions where gradient changes slowly. Therefore, 

we need to detect the sharp edges before detecting and 

eliminating the ringing artifacts. Here, we use the mature 

edge detector Canny [23, 24] to detect image edges.

Ringing detection: The characteristics of the ringing 

artifact in motion-blurred images are: (1) ringing is a kind 

of edge ringing; (2) The edge ringing artifacts appear near 

the sharp edges in an image, in the meantime, they are 

parallel to the edges and distributed on the two sides of 

the edges, at the same time, the distance between ringing 

and edge is the integral multiple of moving distance len; 

(3) ringing intensity decreases with the increasing of the 

distance between ringing and edge. An example of the 

ringing artifact caused in motion-blurred images with 

Richardson-Lucy and Levin are shown in Figs. 1(d) and 

1(e). Experiments show that there are 3 obvious ringing 

edges near the edges as to the Richardson-Lucy method, 

while the ringing artifacts in farther distance are not 

obvious and so they could be ignored. The above detected 

ringing artifacts can be detected by edge detectors, but the 

difference of the visual effects of ringing artifacts in 

different regions is not considered. Based on the sensitivity 

of vision to image signal, an image can be classified into 

two parts: texture regions and flat regions [24]. In texture 

regions, such as foreground of the image shown in Fig. 

1(a), the gray scale changes very rapidly and the gradient 

changes uniformly in various directions, so the changes of 

ringing in various directions can be offset, and the ringing 

artifact is not obvious, therefore, one’s vision is not 

sensitive to the ringing artifact in texture regions and the 

ringing artifact can be ignored. In contrast, the ringing 

artifact in flat regions, such as background of the image 

shown in Fig. 1(a), has stronger orientation, so the results 

are very obvious, and one’s vision is very sensitive to the 

ringing artifact in flat regions, thus the ringing artifact 

cannot be ignored. This paper makes use of the region 

detection algorithm proposed by Liu and others [24] for 

the detection of ringing regions.

The detection and marking process of ringing regions is 

divided into the following several steps: The first step is 

edge detection, and the edge is detected by a Canny edge 

detector; the second step is edge processing, its intent is to 

detect out the smooth and real edges, and this process 

includes two steps that are expansion and filtering. 

Expansion is meant to get smooth edges, filtering is meant 

to eliminate the shorter edges and noise to get the real 

edges; the third step is to detect texture regions, its aim is 

to segment the ringing regions which are not sensitive to 

human vision; and the fourth step is to mark out ringing 

regions, and here express them by black pixels. An 

example is illustrated in Fig. 2, (a) shows a clear image, 

(b) is the motion blurred image of (a), (c) shows the image 

restored with ringing by the Richardson-Lucy algorithm, 

the ringing is shown as the regions with dotted blue line, 

(d) gives the results of edge detection, (d) provides the 

texture regions of Lena detected by the PRARDD 

algorithm, and (f) marks out the ringing marking regions 

(RMR) in (b).

(a) (b) (c) (d) (e)

FIG. 1. Ringing artifact and its classification. (a) Original image. (b) Blurred image. (c) Boundary ringing. (d) and (e) Edge ringing.
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3.2. Filtering Operation

Based on the above analysis, we may draw a conclusion 

that the ringing artifact of the restored image of motion 

blur caused by uniform rectilinear motion is related to the 

location and intensity of edge. For those reasons, we 

choose a bilateral filter to eliminate the ringing artifact. As 

we know, a bilateral filter [25, 26] is a kind of nonlinear 

filter, it has the characteristics such as non-iteration, locality 

and realization, and its weight coefficient consists of two 

parts: spatial proximity factors and luminance-similarity 

factors. Spatial proximity factor s
  describes the position 

relationship between the center pixel ),( yx  and its adjacent 

pixels ),( ji , and its value decreases with the increasing of 

the Euclidean distance between ),( yx  and ),( ji . In the 

discrete case, the spatial proximity factors of the adjacent 

pixels ),( ji  of a certain pixel ),( yx  in an image can be 

expressed with the following Gauss function
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where s
  is the standard deviation of the spatial proximity 

factor.

Luminance-similarity factor r
  for a certain pixel ),( ji

describes the similarity degree of luminance between the 

center pixel ),( yx  and its adjacent pixels ),( ji  i.e. the 

difference of their luminance values, it reflects the 

continuity of the luminance values in the adjacent space 

on an image plane, and it is expressed as ),( ji
r

 , its 

value decreases with the increases of the difference of the 

luminance values between the center point and its adjacent 

pixels, and it can be calculated as follows:
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where ),( yxf  is the luminance value of the center point 

),( yx , and ),( jif  is the luminance value of the adjacent 

point ),( ji  of the center point ),( yx . Then, the weight 

coefficient of the filter is the product of the spatial 

proximity factor and the luminance-similarity factor, the 

weight coefficient of the filter for a pixel ),( yx  is calculated 

as follows:

ω(i, j) = ωs (i, j) * ωr (i, j)      Sji ),( . (10)

3.3. Eliminating the Ringing Artifact

Ringing-effect elimination is a filter, and it uses the 

above bilateral filter to calculate the local weighted value. 

For each pixel ),( yx  in the ringing marking region, its 

pixel value can be calculated as follow:
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(a) (b) (c)

(d) (e) (f)

FIG. 2. Ringing region detection. (a) Clear image. (b) Motion blurred image. (c) Image with ringing. (b) Edge detecting. (e) Texture 

detection. (f) Ringing marking regions.
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IV. EXPERIMENTS

An imagery processing result can be validated from 

subjective and objective aspects, subjective validation 

means that restored effects are viewed directly through 

human visual system, and objective validation means that 

restored effects are validated via some objective indices. 

So we analyze and validate our algorithm subjectively and 

objectively.

4.1. Subjective Evaluation

To validate the validity of our algorithm above, we do 

simulation with several different styles of blurred images 

such as hat, house, Beach, chimney, play, bird, bike, 

village, wall, etc. These images stored as png were taken 

directly from Kodak Lossless True Color Image Suite, and 

their sizes are 768 × 512. The results of our experiments 

are shown in Fig. 3. The first column is the original 

images. The second column is the results restored with 

the deconvblind function in matlab2014a tools. The third 

Hat

House

Beach

Chimney

Play

Bird

Bike

Village

Wall

(a) (b) (c) (d) (e) (f)

FIG. 3. Visual effects. (a) Original image, (b) Ringing image, (c) Edge detection, (d) Texture region, (e) Ringing Mark, (f) Ringing 

removing.
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column is the edge images detected out with the Canny 

operator, and the edge threshold used in the experiment is 

0.2. The fourth column is the texture regions detected out 

with the method proposed by Liu et al. [24]. The fifth 

column is the ringing regions. And the sixth column is the 

results where the ringing artifacts were eliminated with our 

algorithm. As you can see from Fig. 3, our algorithm 

removes some of the ringing artifacts.

4.2. Objective Evaluation

In this experiment, the quality of the restored images is 

evaluated by PSNR (Peak Signal to Noise Ratio), FSIM 

(Feature Similarity Index for Image Quality Assessment) 

[27], MSSIM (Mean Structural SIMilarity) [28, 29], MSSIM 

(Ringing Metric RM) [28, 29], etc. PSNR refers to the 

difference between the signal-noise ratios of two images, 

and researchers tend to think: the bigger the PSNR, the 

higher the quality of the restored image. But experiment 

results show that PSNR cannot be completely consistent 

with visual quality, it is possible that, the bigger the PSNR 

is, the lower visual effect the image has. FSIM represents 

the similarity of the feature structures between two images, 

the bigger the FSIM is, the better the quality of image 

restoration will be. FSIMC is similar to FSIM, but FSIMC 

can be used to evaluate color images. RM is mainly used 

to evaluate the ringing artifacts of the restored images, the 

greater the RM value is, the more obvious the ringing 

artifact of the restored image is, so, the smaller the RM 

is, the better the image quality is. Table 1 showed the 

experiment results of the restored images in Fig. 3, in 

the experiments, the parameter values are: motion angle 

60 , moving distance 20len , edge detection threshold

2.0threshold , spatial proximity standard deviation 3
s

 , 

and the standard deviation of luminance 6
r

 .

In Table 1, the arrow “↑” shows that the bigger the 

index value is, the better the quality of the restored image 

is, whereas: the arrow “↓” shows that the smaller the 

index value is, the better the quality of image restoration 

is. To describe the performance of the algorithm more 

intuitively, the Hotelling T2 test is performed. Since the 

indexes of RM are opposite to the others, in order to keep 

consistent with others the value of the RM need to be 

modified to 1-RM during the test, then the mean vector 

before the ringing elimination is u0 = [27.3896, 0.92038, 

0.91968, 0.87293, 0.76698]’, and the mean vector after 

that is u1 = [27.4514, 0.9286, 0.9358, 0.88122, 0.82049]’, 

suppose H0:u0 = u1, H1:u0 < u1. Then, the F is computed 

as 18.1501, and F0.05(5, 8) = 3.69, so, F > F0.05(5, 8), the 

suppose H1 is accepted. So, taken as a whole, our 

algorithm enhances the quality of the restored images.

V. DISCUSSIONS

5.1. The Performance Comparison of Different Algorithms

Out algorithm has strong robustness. To verify the 

robustness of our algorithm, we perform experiments with 

the hat images, in which we add the additive Gauss noise 

with the variance 001.0 , 01.0 , 05.0  and 1.0  

respectively, in the meantime, set the motion angle is 

20 , the motion distance is 15len . These images are 

restored with different algorithms, and the experimental 

results are shown in Fig. 4. The additional noise is shown 

in the first row, the hat images with different noise are 

shown in the second row, the images from the third to the 

seventh of the rows are respectively restored by different 

filters such as least square filter, Wiener filtering, Lucy- 

Richardson, blind convolution and our algorithm.

The objective evaluation indices of image are used to 

evaluate the quality of the images in Fig. 4, the experi-

mental results are shown in Table 2. From the table we 

can see, in all noise conditions, our algorithm is better 

than the other algorithms.

5.2. Filter Performance Evaluation

The quality of our bilateral filter has a great deal to do 

with its parameter s
  and r

 , the bigger the parameter s
  

and r
  are, the more smooth the image is, so the more 

TABLE 1. Objective assessment

Images
PSNR ↑ FSIM ↑ FSIMC↑ MSSIM ↑ RM ↓

Before After Before After Before After Before After Before After

Hat 30.7606 30.9340 0.9400 0.9490 0.9395 0.9485 0.8902 0.9080 0.1170 0.1060

House 22.5965 22.6198 0.8898 0.9089 0.8888 0.979 0.8467 0.8524 0.2231 0.2132

Beach 29.5914 29.8910 0.9207 0.9357 0.9201 0.9351 0.8481 0.8699 0.3330 0.2327

Chimney 26.6767 26.6775 0.9063 0.9118 0.9057 0.9112 0.8784 0.8836 0.2472 0.2249

Play 28.4585 28.5831 0.9122 0.9227 0.9117 0.9222 0.8951 0.9058 0.1502 0.1294

Bird 31.1455 31.0455 0.9538 0.9589 0.9533 0.9584 0.9294 0.9369 0.2956 0.2767

Bike 24.3458 24.3759 0.9185 0.9205 0.9172 0.9192 0.8638 0.8664 0.1955 0.1820

Village 28.3324 28.3169 0.9279 0.9296 0.9272 0.9289 0.8695 0.8706 0.2904 0.2507

Wall 24.5993 24.6190 0.9142 0.9203 0.9136 0.9197 0.8352 0.8374 0.2452 0.2026



Current Optics and Photonics, Vol. 4, No. 3, June 2020206

Gaussian noise

Noise image

Least square filter

Wiener filtering

Lucy-Richardson

Blind convolution

Our method

(a) (b) (c) (d)

FIG. 4. Different image restoration algorithms have different effectiveness. noise parameter: (a) 0.001, (b) 0.01, (c) 0.05, (d) 0.1.

TABLE 2. The quality of the restored images with different methods and noises

Noise Restoration method
Image quality assessment

PSNR↑ FISM↑ FSIMC↑ MSSIM↑ RM↓

1.0*E-3

Least square filter 33.3502 0.9010 0.9008 0.8669 0.2462

Wiener filtering 17.3004 0.5978 0.5724 0.2404 0.9029

Lucy-Richardson 35.3900 0.9346 0.9344 0.8926 0.1411

Blind filter 35.3834 0.9345 0.9343 0.8924 0.1402

Our method 35.5693 0.9450 0.9448 0.9115 0.1289
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TABLE 2. The quality of the restored images with different methods and noises (Continue)

Noise Restoration method
Image quality assessment

PSNR↑ FISM↑ FSIMC↑ MSSIM↑ RM↓

1.0*E-2

Least square filter 33.3502 0.9010 0.9008 0.8669 0.2462

Wiener filtering 17.3004 0.5978 0.5724 0.2404 0.9029

Lucy-Richardson 35.3900 0.9346 0.9344 0.8926 0.1411

Blind filter 35.3834 0.9345 0.9343 0.8924 0.1402

Our method 35.5693 0.9450 0.9448 0.9115 0.1289

5.0*E-2

Least square filter 33.3627 0.9015 0.9012 0.8672 0.2477

Wiener filtering 16.9689 0.5854 0.5595 0.2258 0.9058

Lucy-Richardson 35.3864 0.9345 0.9343 0.8923 0.1403

Blind filter 35.3798 0.9344 0.9342 0.8922 0.1441

Our method 35.5597 0.9447 0.9445 0.9110 0.1297

1.0*E-1

Least square filter 33.4047 0.9030 0.9027 0.8685 0.2388

Wiener filtering 16.4186 0.5602 0.5332 0.1920 0.9120

Lucy-Richardson 35.3726 0.9344 0.9342 0.8917 0.1376

Blind filter 35.3665 0.9343 0.9341 0.8915 0.1426

Our method 35.5639 0.9450 0.9448 0.9112 0.1242

 1 6

2 7

3 8

4 9

5 10

(a) (b) (a) (b)

FIG. 5. The results of eliminating the ringing artifact with different parameter s
  and r

 . (a) 10,101 
rs

 , (b) 
101,10 

rs
 .
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the ringing artifacts are eliminated, but the fuzzier the 

image is. The hat images are restored with different spatial 

proximity parameters and luminance similarity parameters, 

as shown in Fig. 5. The left column is the results when 
10

r
  and s

  equals 1 to 10, and right column is the 

results when 10
s

  and r
  equals 1 to 10.

As before, the objective evaluation indices of the image 

are also used to evaluate the quality of the images in Fig. 

5, the experimental results are shown in Fig. 6. Where, Fig. 

6(a) analysis changing trends of the objective evaluation 

indices when the parameter s
  changes, Fig. 6(b) analysis 

changing trends of the objective evaluation indices when 

the parameter r
  changes. Due to the difference of 

objective evaluation indices, the ranges of evaluation value 

may differ greatly, to compare these evaluation indices in 

the same image, the objective evaluation indices are 

normalized via dividing each index by the maximum 

index. The “Value” in Fig. 6 is the normalized indices. 

From Fig. 6 we can see, the filtering effect of the bilateral 

filter changes according to s
  and r

 , when 6
s

  and 
7

r
 , the curve reaches the peak value, at this point, the 

filtering performance is the best.

VI. CONCLUSION

The article focuses on the ringing artifact of the 

restoration of a motion blurred image. We present an 

edge-ringing-elimination algorithm for the restoration of 

the motion blurred image. Our algorithm is only related to 

the motion parameters and the adjacent pixels in the 

motion direction, and it is irrelevant to the adjacent pixels 

in the other directions. It uses a bilateral filter to eliminate 

ringing, and the pixel is associated with not only the 

positions of its adjacent pixels but also the luminance of 

its adjacent pixels. Its goal is to avoid the dramatic 

changes of pixel values and to improve the filtering effect. 

It also takes into account the relation between the ringing 

artifact and the textures. For a texture region is not 

sensitive to ringing artifact, it needs to detect out the 

textures in an image, and our algorithm has no need to 

perform in the texture regions. After the experiments on 

various images such as Lena, hat, play, etc., we could see 

that our algorithm eliminates the ringing artifacts evidently, 

and significantly improves the objective evaluation indices. 

In short, our algorithm is able to effectively eliminate the 

ringing artifacts in the motion-blurred restoration images, 

and to effectively improve the quality of the motion-blurred 

restoration images.
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