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Abstract:  The blur is a common distortion which affects the digital imaging system. To measure the 

blur in a digital image and assess its quality, is very necessary task in digital imaging system. 

Sometimes when digital image is captured in the presence of movement of any object and camera 

shake, a distorted image is produced. In some cases, availability of original image of that captured 

image is not possible. These circumstances raise the need for development of no-reference (NR) blur 

detection methods. In the literature, for NR blur detection in the distorted image, many blur detection 

algorithms and computational models have been developed. Mostly, the performances of existing NR 

blur detection algorithms have been tested on Gaussian blurred as well as JPEG2000 compressed 

images of LIVE and TID 2008 databases. In this research paper, the overview of no-reference blur 

detection methods is presented. On the basis of existing results, the performance of these methods is 

analysed in terms of often-used performance parameters i.e. Pearson linear correlation coefficient 

 PLCC , Spearman rank-order correlation coefficient  SROCC , mean absolute error  MAE , 

root mean square error  RMSE and outliers ratio  OR .  

Keywords: No-reference (NR), Pearson linear correlation coefficient  PLCC , Spearman rank-

order correlation coefficient  SROCC , mean absolute error  MAE , root mean square error

 RMSE and outliers ratio  OR . 

 

Introduction: Blur is produced in a digital image due to low pass filtering, moving objects or defocus 

of the camera lens during capture. As the blur is highly complicated, so it is very difficult task to 

detect the blur in the image restoration area as well as computer vision, computational photography 

and image processing applications. On the availability of reference image, the blur detection methods 

are classified into different categories i.e. full-reference (FR), reduced-reference (RR) and no-

reference (NR). FR blur detection method requires the original as well as distorted images for 

processing. In RR blur detection method, a set of extracted features of a reference image as partial 

information is used to detect the blur in an image. NR blur detection method is very useful for the 

practical applications, because it does not require the original image.  

The blur, ringing effects and blocking artifacts are the common distortions faced by the digital image 

during processing. The blocks of an image processed independently, due to this blocking artifacts 

appears in image as the artificial boundaries. The sharpness around the edges is affected by the most 

annoying artifact named as ringing effect. The high frequency components like edges and important 

information of the image are affected by blur distortion. Different NR blur detection methods were 

presented in literature, which are used to detect the blur in a no-reference distorted image. Edge 

detection models estimates the blur based on the horizontal, vertical, local gradient directions and 

multi-scale gradients. Some models predicted the blur based on the variation of pixel intensities, edge 

detection operators (Sobel, Prewitt, Canny, Gaussian and Laplacian of Gaussian operators), feature 

extraction by Harris corner detector, image segmentation, deconvolution, orthogonal moments, 

discrete cosine transforms, Fourier transforms, wavelet transform, statistical analysis or spatial 

variation. In the multimedia research areas of image enhancement, image restoration and image 

segmentation, the algorithms of NR blur detection are very useful. Now a days, researchers pay very 

attention to NR blur detection algorithms.  
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This paper divided into four sections: Section 1 introduces the NR blur and its different detection 

methods. The section 2 introduces the standard performance parameters used for evaluation. The 

section 3 summarizes the different methods used for no-reference blur detection. The section 4 

elaborates the performance of the existing no-reference blur detection algorithms. The section 5 

presents the conclusion. 

 

2. Benchmarking Parameters 

The video quality expert group (VQEG) [5] was suggested a regression analysis which has been 

applied by researchers on different image databases to evaluate the performance of no-reference blur 

detection methods. Firstly, the predicted mean opinion scores  PMOS are calculated by using 

logistic function. The mathematical expression of this function is given below: 
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Based on PMOS , some standard performance parameters of no-reference blur assessment can be 

calculated are given below: 

2.1  Pearson  linear correlation coefficient  PLCC  

The expression for calculation of PLCC in terms of subjective and objective scores is given by the 

mathematical relation: 
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where 
ix  

are subjective scores, 
iy are objective scores and 1,2,3,4........i N  

 are the image 

numbers of the database images who is under the procedure of no reference blur assessment. The 

perfect match is equal to unity for the subjective scores consistency of PLCC  and SROCC . 

2.2  Spearman rank order correlation coefficient  SROCC  

Spearman rank-order correlation coefficient is calculated from the mapped subjective scores i.e. 

MOS  and mapped objective scores i.e. PMOS . the SROCC can be calculated by using formula: 
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2.3  Root mean square error  RMSE  

Root mean square error can also be calculated from the subjective and objective scores according to 

the mathematical expression given below: 
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2.4  Mean absolute error  MAE   

Mean absolute error can also be calculated from the subjective and objective scores according to the 

mathematical expression given below: 
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The statistical distance to subjective score is indicated by MAE and RMSE . It should be always 

equal to unity. 

2.5  Outliers ratio  OR   

The ratio of false scores obtained by the objective method to the total scores is known as outliers ratio. 

The outlier ratio can be calculated as:   

          

Falsescores
OR

Totalscores
                                                                         (1.7) 

3. No-reference blur detection methods 

For no-reference blur detection in distorted digital image, many no-reference blur detection methods 

have been proposed in prior work done are discussed below: 

P. Marziliano et al. [12] proposed a low computational complex blur method based on edge analysis 

was proposed to detect the blur of no-reference and full- reference images. From the original image, 

the strong vertical edges were detected by the sobel edge detector. The gradient threshold was applied 

to remove the faint edges. Local blur measured by calculating the start and end positions of edges. 

The local blur values were averaged by the overall edges to measure the global blur. This method only 

effective for JPEG2000 compressed images to measure the blur. 

R. Ferzli et al. [13] was presented a just noticeable blur (JNB) method based on the probability 

summation model. In this method, sobel operator was used to perform the spatial edge detection. Test 

image was divided into 64 64  blocks and number of pixels was counted for each block. To label the 

blocks as edge blocks, threshold was applied. The local contrast and the width of the edge based on 

just noticeable blur condition were calculated. For each edge general edge width was calculated and 

by pooling the overall blocks with 3.6  , the overall distortion was calculated and the inverse of 

the overall distortion gives proposed sharpness method. 

D. Liu et al. [14] proposed a no-reference block-based blur detection (NR-BBD) method which was 

independent on edge detection. The blur of an image was calculated from the average of the local blur 

at the boundaries of the macro blocks (MBs). The influence from the texture was reduced by the 

content dependent weighting scheme, so the suitable region for the blur selection was selected by the 

NR-BBD method. The proposed method was highly stable for variable image content, less complex 

and exhibits high correlation with the subjective scores.  

L. Liang et al. [15] was utilized the gradient profile sharpness histogram (GRAPH) based on the just 

noticeable difference (JND) threshold to calculate the blur method. The gradient profile sharpness is 

calculated by vertical or horizontal directions instead of gradient direction. As this method focused on 

the sharpest edges of an image, the histogram bins were used to calculate the blur method. This 

method was very stable for the professional or many other images and the objective scores of GRAPH 

method achieved the good correlation with the subjective scores. 

A. Chetouani et al. [16] A new reference-free image quality index based on Fourier transform was 

proposed which was independent on the edge detection. The radial analysis in frequency domain 

(Fourier transform) was used to measure the impact of additional blur. This method overcomes the 

limitations of human visual system (HVS) by using the spectral analysis in the image quality index. 

The correlation of obtained results with subjective tests shows that it is very efficient method. 

R. Hassan et al. [17] have used local phase coherence (LPC) to calculate the sharpness of the test 

image. Firstly, the image was decomposed by the steerable pyramid decomposition into different three 

scale sub-bands and local phase coherence map was constructed. The LPC based sharpness method 
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was evaluated by using ranked LPC values based weighted averaging method. The LPC method 

correlated well with the human perceptions. 

C. Li et al. [18] have used the moving average filter to reblur the test image and 5x5 sobel operator 

was used to determine the edges and blocks enclosing the edge pixels (BEEPs) of the test image. For 

the BEEPs region of edge image and the reblurred images, sample statistic was calculated and then 

summed up to find the new blur index. This blur index had lower complexity as compared to multi 

feature neural network based classifier (MFNNC) method. 

N. D. Narvekar et al. [19] was proposed a cumulative probability of blur detection (CPBD) method 

based on the just noticeable blur (JNB) detection. After divided the image into blocks 64 64 , the 

classification of the blocks was done. The probability of blur detection at each edge of the test image 

was estimated by using JNB. The probability of blur detection for JNB was not greater than 63% for 

the proposed method. This method was very effective for JPEG2000 and Gaussian-blurred images.  

F. Kerouh et al. [20] was presented a blur image quality assessment method (BIQA) based on multi 

resolution concept. The edge analysis of an image and the high frequency components extracted from 

the image via wavelet transform. First the contour map was constructed at different resolution levels, 

then it was divided into blocks of size 
4 42 2i i  . The blur level was calculated by applied the 

threshold depending on the each resolution level. The objective assessment based on SROCC and 

RMSE showed that proposed method performed better than gradient and wavelet based methods. 

P. V. Vu et al. [21] proposed fast image sharpness (FISH) algorithm. The image was decomposed 

into three level subbands by separable discrete wavelet transform. The total log energies at each 

decomposition level were calculated. The log energies were added to get the scalar sharpness index 

(FISH method) which represented the image overall sharpness. Then each subband was divided into 

small blocks of size 8 8,4 4  and 2 2 for levels 1, 2 and 3. This FISH method applied to 16 16  

sized blocks of an image to generate the scalar sharpness method FISHbb. 

R. Hassan et al. [22] was proposed a flexible framework which allowed the LPC computation in 

random fractional scales. The spread of complex coefficients by the earlier method of local phase 

coherence (LPC) was limited only in three dyadic scales, but The „MN‟ subbands and complex 

coefficients were generated by passing the blurred image through log gabour filter having N-scale M-

orientations and LPC strength was calculated. In all orientations, this LPC strength combined by using 

weighted average at each spatial location. The spatial LPC map was constructed by all locations of 

spatial LPC map and the overall sharpness method was calculated. 

Z. Li et al. [23] presented a no-reference blur (NRB) detection method to detect the Gaussian blur.  

Firstly, global edge detection performed by sobel edge detector for 64 64  blocks of test image and 

the strong edge detection performed by canny edge detector. The probability of blur and degree of 

blur calculated from the general edge width and JNB edge width. The final blur method calculated 

from weighted average of probability of blur method produced from sobel edge detector and degree of 

blur produced by canny edge detector. The performance of proposed method was better than the 

spatial domain methods and it performed like hybrid and spectral domain analysis. 

F. Kerouh et al. [24] have presented a perceptual blur image quality assessment (PBIQA) method. In 

this method, the image resolved into three resolution levels and wavelet transform was applied to each 

resolution level. The edge map was constructed and the perceptual blur through resolutions was 

estimated by using the psychometric function. From each resolution level, the perceptual edges were 

extracted by using the JNB concept. The perceptual edge map was constructed and blur was 

calculated from the total number of perceptual edge pixels and blurred pixels at each resolution. 

D. B. L. Bong et al. [25] have used the reblur algorithm based on double Gaussian convolution to 

reblur the test image. The difference between test and reblur images was measured in terms of local 
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histogram shape. Finally, blind image blur score (BIBS) method was developed based on the 

weighted difference of the histogram shapes of original and blurred images. The experimental results 

have proved that the BIBS method was performed better than other existing spatial domain methods 

and produced the high correlation as compared to them. 

F. Kerouh et al. [26] was used the multi-resolution wavelet transform and psychometric function to 

construct perceptual edge map. Likely-hood function was applied at each resolution level to detect the 

perceptual edge pixels. From perceptual edge map of image based on JNB concept and original 

image, DCT histogram was obtained. Then the ratio of total number of pixels less than the histogram 

mean value to the histogram length was calculated. This ratio subtracted from unity to get the 

perceptual blind blur quality method (PBBQM). The experimental results proved that this method was 

less effective for the JPEG2000 compressed images due to the presence of blur and ringing artifacts.  

H. Cai et al. [27] have applied the Gaussian blur to the already blurred image to produce the reblurred 

image. The feature points of the blurred and reblurred image were extracted by using the Harris corner 

detector and feature point maps were obtained. Block-wise quantity map was computed by divided 

each feature point map into blocks and based on block-wise quantity map, feature point similarity 

map was calculated. The final blur score calculated by pooled the resized visual saliency map (VSM) 

with similarity map. The computational cost of this method was less and its objective evaluation 

produced the high correlation with the subjective scores. 

J. Guan et al. [28] was presented a paramethod edge based model to calculate the blur. In JNB 

method, image was divided into blocks of size 64 64  and value of contrast was based on fixed 

value. In CPBD method, the probability of detecting blur depends on the fixed percentage. Due to 

these fixed values blur cannot be detected properly, these drawbacks of JNB and CPBD method were 

overcome by EMBM method. In this method, from standard deviation of blurring distortion edge 

width was computed and contrast was estimated from each edge pixel using paramethod edge model. 

The blur calculation based on the salient edges computed by applying the thresholding technique. The 

proposed method performed well as compared to CPBD and JNB method. 

L. Li et al. [29] was computed the gradient of test image and then divided into blocks of equal size. 

To characterize the image shape, Tchebichef moments (orthogonal moments) were calculated. The 

non-DC values of these moments are squared and sum up to compute the energy of the block. With 

the adaption of human visual system (HVS), the visual saliency map was computed. The block 

variances were used to normalize the moment energy according to visual saliency map and blur score 

was calculated. The attenuation of high frequency components in blurred image was used to compute 

blind image blur evaluation (BIBLE) method, so it was not performed well for Gaussian and JPEG 

noise.  

W. Zhou et al. [30] was developed a local gradient patterns (LGP) method based on local-statistical-

feature-extraction scheme. The image was decomposed by using Gaussian partial derivative filter into 

gradient magnitude and phase. By using procedure of SVR, the structural information given by local 

image statistics mapped into subjective scores. The results demonstrated that acceptable 

computational complexity as well as predictive performance provided by LGP method.  

W. Wang et al. [31] proposed a local total variation based blur assessment algorithm (LTVBA) for 

no-reference images. The perceived blurriness in no-reference image was calculated from the 

variation of local contrast in that image. The regions were extracted where high contrast was detected 

by the total local variation. The five parameter logistic function was used to calculate final image 

blurriness. This logistic function was used to obtain the high correlation between the human 

perception and results obtained from LTVBA. 

G. Yue et al. [32] was presented the local binary pattern (LBP) based no-reference image blurriness 

method. To represent characteristic of image, the LBP patterns was used to calculate histogram. Some 

special histogram bins and entropy of histogram bins was considered as the feature vector which helps 
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in the calculation of blurriness in image. Then support vector regression model was used for training 

procedure and final blur score was calculated from trained model. This method was very efficient, 

effective and produced good correlation scores. 

4. Discussion 

The table 4.1 gives the overview of existing no-reference blur detection methods. The performances 

of existing no-reference blur detection algorithms have been tested by using LIVE [6], TID 2008 [7], 

TID 2013 [8], CSIQ [9], IVC [10] and TOYAMA [11] databases. These databases contained Gaussian 

blurred as well as JPEG2000 compressed images.  The performance analysis of discussed no-

reference blur detection methods have been done in terms of the performance parameters i.e. Pearson 

linear correlation coefficient  PLCC , Spearman rank-order correlation coefficient  SROCC , 

mean absolute error  MAE , root mean square error  RMSE and outliers ratio  OR .  

 
Table 4.1 Various methods for no-reference blur detection  

Reference  Technique used Database Performance parameters 

PLCC 

(%) 

SROCC 

(%) 

MAE RMSE  OR 

[12] Edge analysis  LIVE JPEG2000 0.73 0.81 ----- ----- ----- 

[13] 

 

probability summation model 

based on JNB concept 

LIVE G. blur 0.932 0.936 0.360 0.464 0.413 
LIVE JPEG2000 0.881 0.873 0.320 0.391 0.471 

[14] Average of local blur from 

macro block boundaries 

Random selection 

(1176 images) 
0.85 ----- ----- ----- ----- 

 

[15] 

Gradient profile sharpness 

histogram 

LIVE JPEG2000 0.973 0.837 ----- 3.05 4.37 

[16] Radial analysis in requency 

domain 

LIVE G. blur 0.867 ----- ----- ----- ----- 
IVC G. blur 0.938 ----- ----- ----- ----- 

[17] 

 

LPC values based weighted 

averaging method 

LIVE full set 0.952 0.943 4.33 ----- 0.046 
LIVE G. blur 0.936 0.923 4.76 ----- 0.483 

[18] 

 

Sample statics of test image LIVE G. blur 0.947 0.937 ----- ----- ----- 
TID2008 G. blur 0.854 0.815 ----- ----- ----- 
CSIQ G. blur 0.934 0.896 ----- ----- ----- 
IVC G. blur 0.940 0.902 ----- ----- ----- 
Real blur image 0.377 0.362 ----- ----- ----- 

[19] JNB based Cumulative 

probability of blur detection 

LIVE G. blur 0.910 0.943 6.886 8.985 0.160 
LIVE JPEG2000 0.883 0.886 9.054 11.42 0.326 
TID2008 G. blur 0.831 0.840 0.502 0.643 ----- 
TID2008 JPEG2000 0.922 0.925 0.583 0.740 ----- 
IVC G. blur 0.886 0.840 0.512 0.662 ----- 
IVC JPEG2000 0.778 0.788 0.619 0.863 ----- 
Toyama JPEG2000 0.782 0.787 0.634 0.820 0.142 

[20] wavelet transform LIVE JPEG2000 ----- 0.856 ----- ----- ----- 

[21] 

 

Global and local image 

sharpness 

LIVE G. blur 0.944 0.938 ----- ----- 0.544 
TID2008 G. blur 0.858 0.841 ----- ----- ----- 
IVC G. blur 0.941 0.919 ----- ----- ----- 
CSIQ G. blur 0.943 0.917 ----- ----- 0.24 

 

 [22] 

Local phase coherence LIVE G. blur 0.921 0.950 ----- 6.109 ----- 
TID2008 G. blur 0.845 0.843 ----- 0.626 ----- 
CSIQ G. blur 0.906 0.893 ----- 0.121 ----- 
IVC G. blur 0.957 0.920 ----- 0.329 ----- 

[23] Blur ratio of detected edges LIVE G. blur 0.948 0.953 ----- ----- 0.489 
TID2008 G. blur 0.879 0.843 ----- ----- 0.640 

     [24] Wavelet transform and JNB LIVE G. blur 0.902 0.907 0.678 ----- ----- 
LIVE JPEG2000 0.896 0.935 0.254 ----- ----- 
CSIQ G. blur 0.865 0.842 0.149 ----- ----- 
IVC G. blur 0.939 0.919 0.386 ----- ----- 

[25] 

 

weighted difference of 

histogram shapes 

LIVE G. blur 0.926 0.907 5.383 6.973 0.510 

TID2008 G. blur 0.849 0.853 0.472 0.619 0.630 
CSIQ G. blur 0.936 0.917 0.080 0.100 0.233 

 Perceptual edge map and DCT LIVE G. blur 0.832 0.855 ----- 7.796 ----- 
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[26] histogram LIVE JPEG2000 0.796 0.762 ----- 0.554 ----- 
TID2008 G. blur 0.846 0.848 ----- 0.639 ----- 
TID2013 G. blur 0.823 0.810 ----- 0.616 ----- 
IVC G. blur 0.907 0.890 ----- 0.399 ----- 
CSIQ G. blur 0.820 0.779 ----- 0.290 ----- 

[27] 

 

Visual saliency map LIVE G. blur 0.918 0.903 ----- 7.296 ----- 
TID2008 G. blur 0.915 0.864 ----- 0.115 ----- 
TID2013 G. blur 0.846 0.844 ----- 0.625 ----- 
CSIQ G. blur   n0.869 0.866 ----- 0.617 ----- 

[28] 

 

Edge modeling  

 

LIVE G. blur 0.923 0.929 5.051 6.567 0.057 
LIVE JPEG2000 0.887 0.819 9.683 7.594 0.149 
TID2008 G. blur 0.862 0.858 0.593 0.470 ----- 
TID2008 JPEG2000 0.924 0.924 0.743 0.594 ----- 
CSIQ G. blur 0.847 0.849 0.123 0.151 0.360 
CSIQ  JPEG2000 0.876 0.877 0.120 0.152 0.533 

[29] 
 

Tchebichef moments and 

visual saliency map 

LIVE G. blur 0.962 0.960 ----- 5.032 ----- 
TID2008 G. blur 0.892 0.891 ----- 0.528 ----- 
TID2013 G. blur 0.905 0.898 ----- 0.530 ----- 
CSIQ G. blur 0.940 0.913 ----- 0.097 ----- 

[30] Local stastical feature 

extraction scheme and LGP 

LIVE full set 0.957 0.953 ----- 7.901 ----- 
TID2008 full set 0.942 0.925 ----- 0.527 ----- 

[31] local total variance  

and logistic function  

LIVE G. blur 0.956 0.949 ----- 0.084 ----- 

TID2008 G. blur 0.870 0.868 ----- 0.155 ----- 
TID2013 G. blur 0.893 0.890 ----- 0.147 ----- 
CSIQ G. blur 0.922 0.900 ----- 0.132 ----- 

[32] Local binary pattern histogram 

and SVR learning 

LIVE G. blur 0.977 0.970 ----- 4.625 ----- 
TID2008 G. blur 0.905 0.896 ----- 0.484 ----- 
TID2013 G. blur 0.931 0.919 ----- 0.447 ----- 
CSIQ G. blur 0.949 0.931 ----- 0.088 ----- 
LIVE JPEG2000 0.960 0.952 ----- 6.743 ----- 
TID2008 JPEG2000 0.948 0.918 ----- 0.601 ----- 
TID2013 JPEG2000 0.946 0.902 ----- 0.545 ----- 
CSIQ JPEG2000 0.915 0.8892 ----- 0.127 ----- 

 

(a)   Performance analysis of Gaussian blurred images  

For Gaussian blurred images of LIVE [6] database, performance analysis of methods [13][16-19][21-

29][31-32] is shown in Table 4.1 respectively. It is cleared from that the LBP method [32] has 

achieved good correlation between objective and subjective scores as compared to all other methods. 

The values of PLCC and SROCC calculated by LBP method are 0.977 and 0.970 respectively. The 

value of RMSE  is 0.084 for LTVBA [31] and It seems to very small as compared to LBP method 

[32]. NRB method [23] and LTVBA [31] have given the comparable performance in terms of 

correlation coefficients. For the spatial domain methods [13][17][19][25][28], performance analysis is 

also available in terms of MAE
 
and OR  parameters. For Gaussian blurred images of LIVE database, 

the JNB method [13] has shown minimum values of MAE
 
is 0.360 and EMBM method [28] gives 

the minimum value of OR  is 0.057. The EMBM method [28] is very effective method among all 

spatial domain methods [13][17][19][25] as it shows good correlation between subjective and 

objective scores.  

 

For Gaussian blurred images of TID2008 [7] database, the performance analysis of methods [18-

19][21-23][25-29][31-32] is shown in Table 4.1. The maximum value of PLCC  is 0.915 for VSM 

method [27] and maximum value of SROCC calculated by LBP method [32] is 0.896. The value of 

RMSE is 0.115 in case of VSM method [27] which seems to be very small. For the spatial domain 

methods [19][25][28], the  performance analysis is also available in terms of MAE . The calculated 

value of MAE
 
is 0.472 for BIBS method [25], which is very small as compared to other spatial 

domain methods [19][28]. Overall, VSM method [27] performs well for Gaussian blurred images of 
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TID2008 [7] database as it shows very good correlation between objective and subjective scores as 

compared to all other methods. 

 

For Gaussian blurred images of TID2013 [8] database, the performance analysis of methods [26-

27][31-32] is shown in Table 4.1. The maximum values of PLCC  and SROCC  is 0.931 and 0.896 

calculated by LBP method [32]. The value of RMSE is 0.147 in case of LTVBA method [31] which 

seems to be very small. The LBP method [32] performs well for Gaussian blurred images of TID2013 

[8] database as it shows very good correlation between objective and subjective scores.  

 

For Gaussian blurred images of CSIQ [9] database, the performance analysis of methods [18][21-

22][24-29][31-32] is shown in Table 4.1. The maximum values of PLCC  and SROCC  for LBP 

method [32] are 0.949 and 0.931. The minimum value of RMSE  is shown by LBP method [32] and 

it is 0.088. The minimum value of MAE
 
is shown by BIBS method [25] and it is 0.472. The LBP 

method [32] performs well for Gaussian blurred images of CSIQ [9] database as it shows high 

correlation scores and minimum RMSE . 

 

For Gaussian blurred images of IVC [10] database, the performance analysis of methods [18][21][24-

24] is shown in Table 4.1. The maximum values of PLCC  and SROCC  for LBP method [32] are 

0.941 and 0.919 respectively. The value of RMSE is 0.399 in case of PBBQM method [26] which 

seems to be very small. The minimum value of MAE
 
is 0.386 calculated by PBIQA method [24]. 

The PBBQM method [26] performs well for Gaussian blurred images of IVC [10] database.  

 

(b) Performance analysis of JPEG2000 compressed images  

For JPEG2000 compressed images of LIVE [6] database, the performance analysis of methods [12-

13][15][19-20][24][26][28][32] is shown in Table 4.1. The JNB method [13] gives minimum RMSE  
and its value is 0.391. The values of PLCC and SROCC calculated by LBP method [32] are 0.960 

and 0.952 respectively. For the spatial domain methods [12-13][15][19][28], the performance analysis 

is also available in terms of MAE  and OR . The calculated value of MAE
 
is 0.284 for PBIQA 

method [24] and OR  is 0.149 for EMBM method [28] which are very small as compared to other 

spatial domain methods [12-13][15][19].  As LBP method [32] has shown the good correlation 

between subjective and objective scores, so it is effective for JPEG2000 compressed images of LIVE 

database. 
 

For JPEG2000 compressed images of TID2008 [7] database, the performance analysis of methods 

[19][28] [32] is shown in Table 4.1. The maximum value of PLCC was calculated in case of LBP 

method [32] and it was 0.948. The maximum value of SROCC was calculated in case of CPBD 

method [19] and it was 0.925. The value of  RMSE  is 0.594 and it was found to be minimum in case 

of EMBM method [28] method. The calculated value of MAE
 
is 0.583 for CPBD method [19]. It is 

cleared from table that the CPBD method [19], EMBM method [28] and LBP method [32] have 

shown very good correlation scores and gives comparable performance for JPEG2000 compressed 

images of TID2008 databases.  

Overall, the LBP method [32] has performed very well for Gaussian blurred as well as JPEG2000 

compressed images of LIVE [6], TID 2008 [7], TID 2013 [8], CSIQ [9],  databases. For Gaussian 

blurred images of IVC [10] database, the PBBQM method [26] have shown very good correlation 

scores.  

5. Conclusion 

To detect the blur from the no-reference image is more effortful task that requires knowledge and 

intelligence. The knowledge of human visual system and natural image statistics are demanded for 
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developing good no-reference blur detection method. The subjective scores available with 

corresponding database are used for the benchmarking of these methods. The existing no-reference 

blur detection methods with respect to the technique used, databases used for evaluation, distortion 

type, are reviewed in this paper and the performance compared on the basis of existing results. 

Researchers have used mathematical models and other training approches for the simulation of human 

perception. But the no-reference blur detection methods have faced performance limitations due to 

training approaches and mathematical models. The perspective researchers are expected to get a 

complete overview of no-reference blur detection methods from this extensive literature survey. The 

non availabilty of different statics of no-reference image makes it very difficult to detect blur from 

that image. So no-reference blur detection becomes a vey challenging task for the practical problems. 

References 

1. A. C. Bovik, “Handbook of image and video processing,” Academic press, Second Edition, 

July, 2010. 

2. W. Gonzalez and R. E. Woods, Eddins, “Digital Image Processing Using MATLAB,” Third 

New Jersey: Prentice Hall, 2004. 

3. A. K. Jain, “Fundamentals of Digital Image Processing,” Prentice Hall International, Inc., 

1989. 

4. A. Zaric, M. Loncaric, D.Tralic, M. Brzica, E. Dumic and S. Grgic, “ Image Quality 

Assessment-Comparison of Objective and Subjective Measures with Results of Subjective 

Test,” In Proc. International Symposium ELMAR 2010, pp. 113-118, September, 2010.  

5. Video Quality Experts Group, Final Report From The Video Quality Experts Group on The 

Validation of Objective Models of Video Quality Assessment. VQEG, 2000. 

6. H.R. Sheikh, Z. Wang, L. Cormack and A.C. Bovik, “LIVE Image Quality Assessment 

Database Release 2,” 2007 07-17]. http://live, ece. utexas. edu/research/quality. 2005. 

7. N. Ponomarenko, V. Lukin, A. Zelensky, K. Egiazarian, M. Carli and F. Battisti, “TID2008 - 

A Database for Evaluation of Full-Reference Visual Quality Assessment Methods,” Advances 

of Modern Radioelectronics 10, no. 4, pp. 30-45, May, 2009. 

8. N. Ponomarenko, O. Ieremeiev, V. Lukin, K. Egiazarian, L. Jin, J. Astola, B. Vozel, K. 

Chehdi, M. Carli, and F. Battisti, “Tampere Image Database 2013 (TID 2013)”, 2014-04-13 ]. 

http://www, ponomarenko, info/tid2013. 2013. 

9. E. C. Larson and D. M. Chandler, “Categorical Subjective Image Quality CSIQ Database” 

2014-03-16]. http://vision. okstate. edu/csiq. April, 2009.  

10. P. Le Callet and F. Autrusseau, “Subjective quality assessment IRCCyN/IVC database. 2005. 

11. Y. Horita, K. Shibata, Y. Kawayoke, and Z.P. Sazzad, “MICT image quality evaluation 

database,” Online], http://mict. eng. u-toyama. ac. jp/mictdb. html. 2011. 

12. P. Marziliano, F. Dufaux, S. Winkler, T. Ebrahimi, “Perceptual Blur and Ringing Metrics: 

Application to JPEG2000,” In Proc. Signal Processing: Image Communication, vol. 19, pp. 

163-172, February, 2004. 

13. R. Ferzli and L. J. Karam, “A No-Reference Objective Image Sharpness Metric based on the 

Notion of Just Noticeable Blur (JNB),” In Proc. IEEE Transactions on Image Processing, vol. 

18, no. 4, pp. 717-728, April 2009. 

14. D. Liu, Z. Chen, H. Ma, F. Xu and X. Gu, “No Reference Block Based Blur Detection,” 

In Proc. IEEE, International Workshop on Quality of Multimedia Experience, pp. 75- 80, 

July, 2009.   

15. L. Liang, J. Chen, S. Ma, D. Zhao and W. Gao, “A No-Reference Perceptual Blur Method 

using Histogram of Gradient Profile Sharpness,” In Proc. IEEE, International Conference on 

Image processing (ICIP), pp. 4369-4372, November, 2009.  

16. A. Chetouani, A. Beghdadi and M. Deriche, “A New Reference-Free Image Quality Index for 

Blur Estimation in Frequency Domain,” In Proc. IEEE, International Symposium on Signal 

Processing and Information Technology (ISSPIT), pp. 155- 159, December, 2009.  



IInntteerrnnaattiioonnaall  JJoouurrnnaall  ooff  EElleeccttrroonniiccss  EEnnggiinneeeerriinngg  ((IISSSSNN::  00997733--77338833))  

              VVoolluummee  1100  ••  IIssssuuee  11    pppp..  333311--334400      JJaann  22001188--JJuunnee  22001188            wwwwww..ccssjjoouurrnnaallss..ccoomm 
 

 

AA  UUGGCC  RReeccoommmmeennddeedd  JJoouurrnnaall                                 Page | 340 
 

17. R. Hassan, Z. Wang and M. Salama, “No-Reference Image Sharpness Assessment based on 

Local Phase Coherence Measurement,” In Proc. IEEE, International Conference on 

Acoustics, Speech and Signal Processing (ICASSP), pp. 2434-2437, March, 2010.  

18. C. Li, W. Yuan, A. C. Bovik and X. Wu, “No-Reference Blur Index using Blur 

Comparisons,” In Proc. Electronics Letters, Vol. 47,  no. 17, pp. 962-963, August, 2011.  

19. N. D. Narvekar and L. J. Karam, “A No-Reference Image Blur Metric based on the 

Cumulative Probability of Blur Detection (CPBD),” In Proc. IEEE Transactions on Image 

Processing, pp. 2678-2681, vol. 20, no. 9, September, 2011.  

20. F. Kerouh and A. Serir, “A No Reference Quality Metric for measuring Image Blur in 

Wavelet Domain,” In Proc. International Journal of Digital Information and Wireless 

Communication, vol. 1, no. 4, pp. 767-776, July, 2012.  

21. P. V. Vu and D. M. Chandler, “A Fast Wavelet-based Algorithm for Global and Local Image 

Sharpness Estimation,” In Proc. IEEE Signal Processing Letters, vol. 19, no. 7, pp. 423-426, 

July, 2012.  

22. R. Hassan, Z. Wang and M. Salama, “Image Sharpness Assessment based on Local Phase 

Coherence,” In Proc. IEEE Transactions on Image Processing, vol. 22, no. 7, pp. 2798-2810, 

July, 2013.  

23. Z. Li, Y. Liu, J. Xu and H. Du, “A No- Reference Perceptual Blur Metric based on the Blur 

Ratio of Detected Edges,” In Proc. 5
th

  IEEE International Conference on Broadband Network 

and Multimedia Technology(IC-BNMT), pp. 1-5, November, 2013.  

24. F. Kerouh and A. Serir, “A Perceptual Blind Blur Image Quality Metric,” In Proc. IEEE 

International Conference on Acoustics, Speech and Signal Processing (ICASSP), pp. 2784-

2788, May, 2014.  

25. D. B. L. Bong and B. E. Khoo, “Blind Image Blur Assessment by using Valid Reblur Range 

and Histogram Shape Difference,” In Proc. Signal Processing: Image Communication,  vol. 

29, no. 6, pp. 699-710, July, 2014.  

26. F. Kerouh and A. Serir, “A No Reference Perceptual Blur Quality Metric in DCT Domain,” 

In Proc. IEEE International Conference on Control Engi-neering and Information 

Technology, pp.1-6, May, 2015.  

27. H. Cai, L. Li and J. Qian, “Image Blur Assessment with Feature Points,” In Proc. Journal of 

Information Hiding and Multimedia Signal Processing, vol. 6, no. 3, pp. 482-490, May, 2015.  

28. J. Guan, W. Zhang, J. Gu and H. Ren, “No-Reference Blur Assessment based on Edge 

Modeling,” In Proc. Journal of Visual Communication and Image Representation, vol. 29, pp. 

1-7, May, 2015.  

29. L. Li, X. Wang, G. Yang and K. Bahrami, “No-Reference Image Blur Assess-ment based on 

Discrete Orthogonal Moments,” In Proc. IEEE Transactions on Cybernetics, vol. 46, no. 1, 

pp. 39-50, January, 2016. 

30. W. Zhou, L.  Yu, W. Qiu, Y. Zhou, and M. Wu, “Local Gradient Patterns (LGP): An 

Effective Local-Statistical-Feature Extraction Scheme for No-Reference Image Quality 

Assessment,” In Proc. Information Sciences, vol. 397, pp.1-14, August, 2017. 

31. W. Wang and Z. Wang, “No-Reference Image Blur Assessment based on Local Total 

Variation,” In Proc. IEEE International Conference on Signal and Image Processing (ICSIP), 

pp. 220-224, August, 2016. 

32. G. Yue, C. Hou, K. Gu, and N. Ling, N., Yue, “No Reference Image Blurriness Assessment 

With Local Binary Patterns,” In Proc. Journal of Visual Communication and Image 

Representation, vol. 49, pp. 382-391, November 2017. 

 


