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Abstract. Blind or non-referential image quality assessment (NR-IQA) indicates 

the problem of evaluating the visual quality of an image without any reference, 

Therefore, the need to develop a new measure that does not depend on the 

reference pristine image. This paper presents a NR-IQA method based on 

restoration scheme and a structural similarity index measure (SSIM). Specifically, 

we use blind restoration schemes for blurred images by reblurring the blurred 

image and then we use it as a reference image. Finally, we use the SSIM as a full 

reference metric. The experiments performed on standard test images as well as 

medical images. The results demonstrated that our results using a structural 

similarity index measure are better than other methods such as spectral kurtosis-

based method.   

Keywords. Blind image quality assessment (BIQA), deblurring, point spread 

function (PSF), structural similarity index measure (SSIM). 

1. Introduction 

Image quality assessment (IQA) is important for numerous image processing measures, 

such as re-extraction, restoration, enhancement, compression, and acquisition [1]. IQA 

is divided into Non-reference NR IQA that's refer to the automatic evaluation of image 

quality using an algorithm so that the only information the algorithm receives before it 

predicts quality is the distorted image whose quality is obtained, Full-reference  FR 

IQA that requires as input not only the distorted image, but also pristine image which 

the distorted image quality is evaluated, reduced reference (RR) approaches that 

possess some information regarding the reference image, but not the actual reference 

image itself, regardless of the distorted image [11]. 

Images are affected by different types of distortion during transmission and 

processing. Therefore, their quality must be addressed or evaluated before they are 

used. Image quality evaluation is used in various applications such as enhancement, 

recovery, compression, acquisition, etc. Motion blur is one of the most common 

artifacts in digital photography [2] [3]. When taking a photo in dim light with a 

portable camera, tilting the photographer's hand to shake can blur the image. In 

response to this problem, image deblurring has become an active topic in 

computational photography and image processing in recent years [6]. 

The images are blurred due to many reasons such as defects in capturing pictures, 

low intensity during camera exposure, atmospheric problems, lens defocus, etc. Human 
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visual systems are good at being aware of it. But the mechanism of this processing is 

not fully understood. Therefore, it is difficult to come up with metrics to estimate blur 

in images. In digital images, there are 3 types of blur effects: average blur, gaussian 

blur, motion blur. Recently, efforts have been made to develop such blind IQMs 

devices including spectral kurtosis [4] [13], Blind Referenceless Image Spatial Quality 

Evaluator (BRISQUE) [16], and the Natural Image Quality Evaluator (NIQE) [17], etc. 

Some of these IQMs rely on the statistical properties of the deblurred image while 

others rely on measuring the image quality by basing them on the Human Visual 

System (HVS)[14][15][20]. Min et al.[6] proposed a blind image quality assessment 

based on a pseudo reference image and they are using “reference” called pseudo 

reference image (PRI), and a PRI based blind IQA (BIQA) framework, they develop 

specific measures of distortion to estimate blockiness, sharpness, and noisiness. PRI-

based scales calculate the similarity between distorted image structures and PRI 

structures. Through a two-stage quality regression after the distortion identification 

framework, they then incorporate metrics for PRI-based distortion into a general-

purpose BIQA method called the PRI-based blind scale (BPRI). Moreover, BPRI not 

only performs well in landscape images, but also applies to screen content images. 

Moorthy and Bovik [15] proposed a blind image quality assessment (IQA) based on the 

hypothesis that landscapes possess certain statistical properties that are altered in the 

presence of distortion, rendering them unnatural; and that by characterizing this 

anomaly using Scene Statistics. Accordingly, they presented an (NR)/blind Algorithm, 

the distortion identification-based image verity and integrity evaluation (DIIVINE) 

index, that evaluates the quality of the distorted image without the need for a pristine 

image. DIIVINE is based on a two-stage framework that includes distortion 

identification followed by assessing the quality of the specified distortion. DIIVINE 

can evaluate the quality of a distorted image across multiple distortion classes, against 

most NR IQA algorithms of a distortion-specific nature. 

Lin et al. [19] suggested a simple but highly effective full reference IQA method 

using Visual Saliency (VS).  In the suggested image quality assessment (IQA) model, 

the role of VS is divided into two parts.  The first part, Visual Saliency is used as a 

feature when computing the local quality map of the distorted image. In the second 

part, when aggregating the Quality Score, VS is used as a weighting function to reflect 

the local area's importance. The proposed IQA index is called a visual saliency-based 

index (VSI). The proposed IQA index VSI performs better while maintaining a 

moderate computational complexity. 

Yue and Jiangming [14] suggested a method for deblurring image method based 

on local edge selection. The local edges are determined by the difference between the 

bright channel and the dark channel, after that, a new image deblurring model is 

created including the term Local Edge Alignment. Obtaining a clear image and core 

blurring is based on alternating iterations, where the clear image is obtained by 

ADMM. 

Arthur and Lionel [8] proposed a deeper look at three recent measures of severity 

(global phase coherence, sharpness index, and a simplified version of it), All of which a 

probabilistic sense measure the surprisingly small overall contrast of the image 

compared to that of some of the associated random phase fields. They display many 

theoretical connections between these indicators and study their behavior in a general 

class of fixed random fields. In the end, they suggested an application to idiosyncratic 

blindness and demonstrated its efficiency in several examples.  
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This paper examines the efficiency of some existing blind IQMs for blind image 

deblurring like spectral kurtosis and compares it with the proposed SSIM metric as a 

blind image quality measures IQM [9]. 

2. Methodology 

Image degradation model can be described by: 

� = � ∗ � + �                                                       (1) 

where g is the blurry image, H indicates the distortion facto, known as the point spread 

function (PSF), n is added noise, and * represents the convolution operator [8]. In the 

spatial field, the PSF characterizes the rate at which the optical system blurs the 

spotlight [1][10], Figure1 illustrates image deblurring model. 

 

 

Figure 1. Deblurring image. 

In the proposed algorithm a blurred image is obtained by convolving the original image 

and blurring kernel (PSF). The PSF parameters (angle and length) can be calculated by 

first estimating the angle quite accurately using analysis in the Cepstrum domain [12], 

for a given angle we can estimate the length of the blur in the image for a given angle 

[1]. The Winner filter is applied to the blurred image to get the true image as the 

equation described below:  

���, 	
 =
�∗(�,�)

|���,��|��	
�
                                                      (2) 

where H is the blurring filter and NSR is the noise variance. When the filtered PSF is 

similar to the real PSF (h) it will be able to reproduce the same blur in reblurred image 

the restoration filter will produce less noise and resonance. SSIM (structural similarity 

index measure) is measured for blurred [18], reblurred image to emphasize similar blur 

reproduction [5][6]. The next pseudocode presents the steps of the proposed reblurring 

algorithm. 

 

Algorithm1:  Pseudocode for the proposed reblurring algorithm. 

1:Input pristine image 

2: Determine the blurred image by convolving the original image and  blurring kernel 

(PSF) using equation (1) The  PSF parameters (angle and length) can be calculated 

using analysis in the Cepstrum domain 
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3: Determine the deblurring image using Winner filter as equation (2)  

4: The image has been retrieved by a candidate blurring kernel (PSF)  

5: Using SSIM to measure the similarity between blurred and reblurred images. 

 

 
b) Blurred image with an angle  

46o

a) Original image 

 
d) deblurred image with an angle  

36o 

c) deblurred image with an 

angle  

25o 

 

f) deblurred image with an angle 

 57o 

e) deblurred image with an 

angle  

46o 

Figure 2. Examples for blind deblurring schema 

B. Ahmed et al. / No-Reference Digital Image Quality Assessment Based on Structure Similarity370



An example to illustrate a blind deblurring method is shown in Figure 2(a) the original 

livingroom image. Figure 2(b) shown livingroom image which was blurred with 

motion PSF at an angle of 46 degrees. Figure 2(c) and (d)(e)(f) show the Deblurred 

images due to PSF angle 25 and, 36,46, 57 degrees respectively. Figure 2(e) shows The 

deblurred image is similar to the original image and the noise level and ringing are 

tolerated. The image deblurred with a blur kernel similar to the true PSF shown in is 

the one that will reproduce a similar blur when reblurred. 

3. Experimental Results and Discussion 

Deblurring results using the scheme for images are presented, these include images 

under motion blur. Experiments for The proposed algorithm include testing of 

"Standard" test images (a set of images found frequently in the literature: Lena, 

peppers, cameraman, pirate, etc., all in uncompressed tif format and of the same 512 x 

512 size, and some medical images (Eye Fundus image, CT image, etc) as shown in 

Figure 3. 

     

  

Figure 3. Example of test images 

 

Table 1 summarizes the SSIM results for the blurred. In this case, motion blurred 

images were used and the PSF parameters angle, theta, was estimated using Cepstrum 

analysis. From the results shown in Table 1, we find the estimated values close to the 

theta values used to blur images. SSIM has been calculated for three sets of images: 

blurred and reblurred, original and blurred, and original and deblurred. The original 

blurred image and the reblurred image are compared using SSIM and shown by the 

blurred-reblurred pair column in Table 1. The high values of SSIM depict the reblurred 

images are in a close approximation of the original blurred images. Therefore the 

reblurring can estimate the blurring PSFs in the case of motion-blurred images. A 

higher value of SSIM shows an image of high quality. 

In this paper, SSIM were scrutinized. The reblurred images is obtained from re-

convolved the deblurred images with the estimated PSF. It turns out that if the 

candidate PSF is close to the original PSF, it will produce the same blurring in the 

reblurred image as the original blurred image. As it is evident SSIM based deblurred 

images produced better visual quality, in the case of motion deblurring. 
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4. A comparison between the proposed algorithm and spectral kurtosis for image 

quality assessment.  

By applying the comparison between the proposed scheme and spectral kurtosis 

method on some images such as (a) corn, (b) boat, (c) barbara, (d) woman darkhair as 

in Figure 4 with blur angle of 26.5,29, 32.35,47 degrees respectively.  Our proposed 

scheme SSIM error measure estimated the angle as 26.40, 29.1, 32.5, 46.8degrees 

respectively while spectral kurtosis estimated 26.38,29.3,31.9,49.6 as the blur angle. 

The corresponding SSIM, spectral kurtosis plot for deblurring images is also shown in 

Figure 5. We deduce from the shown graph that the SSIM measure maximizes the near 

the perimeter of the true blurring parameter value. This confirms that our results using 

a structural similarity index measure are better than spectral kurtosis method. 

 

 
(a) (b) 

 
(c) (d) 

Figure 4. Examples of images(a)-(d)  

SSIM 

Estimated  

Angle 

 

Original 

Angle 

Length 

using 

Cepstrum 

analysis 

 

Image Original 

Deblurred 

Original 

Blurred 

Blurred 

Reblurred 

0.5187 0.47590.8936464623 livingroom 

0.5441 0.48360.857244.14421 pirate 

0.6474 0.61130.906423.22314 woman_blonde

0.8104 0.79480.934446.54631 Mandrill 

0.5571 0.51140.845633.23317 Camera man 

0.4733 0.41770.871626.92723 Goldhill 

0.5303 0.47470.9130131325 Lena 

0.5921 0.40040.844241.94220 Peppers 

0.8964 0.88870.952540.34131 Eye Fundus Image 

0.8677 0.86580.974326.12623 Tomosynthesis 

0.4910 0.42980.782632.23211 CT image 

0.5781 0.51050.705045.84513 MRI  

Table 1. SSIM results for the test images 
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Image 

Algorithm 

Spectral kurtosis The proposed algorithm(SSIM) 

Corn 

 

 

 

Boat 

 

 

 

Barbara 

 

 

 

 

Woman 

darkhair 

Figure 5. The corresponding SSIM, spectral kurtosis plot for deblurring images 

 

 

Conclusions 

In this paper, a full-reference blind quality measure SSIM was proposed as a deblurring 

measure. The proposed SSIM performs well in the case of deblurring by motion-

blurred images. The proposed SSIM has been rigorously tested and compared with the 

other state-of-the-art IQA indices like spectral kurtosis on different images such as 

Standard" test images and some medical images. The results demonstrated that the 

proposed IQA index SSIM could yield much better-quality deblurring images as 

compared to others measures such as spectral kurtosis. In future work, for Blind Image 

Quality Measures (IQMs), it may be interesting to using other metrics and developing 

them. 
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