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Abstract:     

 In the perception of image quality, contrast distortion is the important factor. In this paper, we propose a simple method fo r the 

quality assessment of contrast distorted images based on the principle of natural scene statistics (NSS). In order to build NSS model, 

an image database of large scale is employed to build NSS models .The image with the contrast distortion is taken and then is  

converted to Grayscale image. The Gray scale image is then subjected to different distortions and based on the fitting parameters; the 

NSS parameters of particular image are calculated. Then the same image is applied with different distortions and the paramete rs are 

calculated. Based on these parameters, the distortion of any image can be estimated by comparing the image with and without 

distortion. By changing the image parameters close to that of fitting parameters; we can have the image without distortion. In this 

paper, we have taken the images from CSIQ2013 database and apply different levels of d istortions and estimated the NSS parameters.  

 

Index Terms: Contrast distortion, image quality assessment, natural scene statistics, and no-reference image quality assessment. 

 

1. INTRODUCTION 
 

Advancements in digital imaging and image processing 

technologies have revolutionized our way of life. Image 

acquisition, storage, transmission, viewing, sharing and 

processing technologies has undergone incredulous 

advancements during the recent years. The innovations in 

medical imaging techniques have changed the diagnosis and 

treatment procedures to such an extent that many such 

procedures were unimaginable a few years back. In our daily 

life, we are using a number of image processing applications 

with or without our knowledge. In the field of image processing, 

the assessment of image quality is the major problem. Subjective 

evaluation of an image is time -consuming. In order to overcome 

this problem, many objective metrics have been proposed to 

evaluate an image. When compared with the subjective 

evaluations, the objective measures are advantageous in terms of 

repeatability and scalability.The signal fidelity measures refer to 

the traditional MAE (mean absolute error), MSE (mean square 

error), PSNR (peak SNR), or one of their relatives .Although 

they are simple, well defined, with clear physical meanings and 

widely accepted, they can be a poor predictor of perceived visual 

quality, especially when the noise is not additive. Existing IQA 

metrics can be classified into three categories based on the 

availability of the original (reference) image, which is 

considered to be distorted-free or perfect-quality. Full-reference 

(FR) metrics require complete access to the reference image[1]; 

reduced-reference (RR) metrics require only partial information 

of the reference image[2]; and no-reference (NR) metrics do not 

require any in formation of the reference Image[3][4]. In many 

practical applications, informat ion regarding the reference is not 

available, and thus NR metrics are highly desirab le.  
 

Objective image quality assessment (IQA) plays an important 

role in image and video processing, such as in information 

compression, transmission, restoration and display .During the 

last decade, a lot of IQA indices have been introduced. Most of 

them are fu ll-reference (FR) methods which require the whole 

reference image for quality evaluation .However, the reference 

images are not always available, and no reference (NR) IQA 

indices are expected. Because of the varied image contents and 

the individual d istortion types, the NR quality evaluation with no 

prior knowledge is an extremely difficu lt task. Objective image 

quality metrics can be classified according to the availability of 

an original (distortion-free) image, with which the distorted 

image is to be compared. Most existing approaches are known as 

full-reference, meaning that a complete reference image is 

assumed to be known. In many practical applications , however, 

the reference image is not available, and a no-reference or 

"blind" quality assessment approach is desirable. In a third type 

of method, the reference image is only partially Available, in the 

form of a set of extracted features made available as side 

informat ion to help evaluate the quality of the distorted image. 

This is referred to as reduced-reference quality assessment. 

 

2. BACKGROUND 

 

Modern methods of image quality assessment can generally 

be classified as follows :  

 

1. Those that operate based on properties of the HVS 

 

2. Those that operate based on measurements of image structure 

and 

 

 3. Those that operate based on other proxy measures of quality.  

     

In this section, we provide a brief review of current assessment 

methods. 
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2.1. Methods Based on Properties of the Human Visual 

System: 

 

Given a distorted image,  a human can readily rate the quality of 

the image relat ive to the original image and relat ive to other 

distorted images. Accordingly, a great deal of research in image 

quality assessment has focused on the use of computational 

models of the human visual system. In general, methods of this 

type perform best as image difference metrics—i.e., they have 

been designed to determine if changes are visible and 

accordingly operate best when the distorted images contain 

artifacts near the threshold of detection. Researchers have 

previously argued that the underlying visual models need to be 

extended to take into account higher level properties of human 

vision. Unfortunately, although current understanding of low-

level near-threshold_ vision is quite mature from a modelling 

perspective, much less is known about how the HVS operates [5] 

when the distortions are in the supra-threshold regime. In which 

higher levels of vision are invoked. Nonetheless, Recent HVS-

based methods have begun to model higher levels of v ision.  

 

2.2 Methods Based on Image Structure: 

 

A recent thrust in image quality assessment has focused on 

measuring degradations in image structure as a proxy for 

measuring image quality. The central assumption in this 

approach is that the HVS has evolved to extract structure from 

the natural environment. Consequently, a higher quality image is 

one whose structure closely matches that of the original image, 

whereas a lower quality image exhib its less structural similarity 

to the original. Although a precise definition of “image 

structure” remains an open question, methods of this type have 

been shown to correlate highly with subjective ratings of quality. 

Although a precise definition of “image structure” remains an 

open question, methods of this type have been shown to 

correlate highly with subjective ratings of quality. 

 

3. IMAGE QUALITY ASSESS MENT TECHNIQUES  
 

A. Subjective Measurements  

 

The evaluation of quality may be div ided into two classes, 

subjective and objective methods. Intuitively one can say that the 

best judge of quality is the human himself. That is why 

subjective methods are said to be the most precise measures of 

perceptual quality and to date subjective experiments are the 

only widely recognized method of judging perceived quality In 

these experiments humans are involved who have to vote for the 

quality of a medium in a controlled test environment. This can 

be done by simply provid ing a distorted medium of which the 

quality has to be evaluated by the subject. Another way is to 

additionally provide a reference medium which the subject can 

use to determine the relative quality of the distorted medium. 

These different methods are specified for television sized 

pictures by ITU-R and are, respectively, referred to as single 

stimulus continuous quality evaluation and double stimulus 

continuous quality-scale. 

 

 In subjective quality assessment, images are provided to 

a number of observers and are asked to compare original images 

with distorted images in order to evaluate the quality of the 

distorted images. 

 
Figure.1. Subjective Quality Assessment 

 

B. Objective Methods  

This is a quantitative approach where intensity of two images, 

reference and distorted type are used to calculate a number 

which ind icate the image quality. The objective Image Quality 

Assessment (IQA) can be classified into full-reference, reduced-

reference and no-reference [6]. IQA based on the availability of 

the reference image. The goal of objective image quality  

assessment models is to automatically estimate the perceptual 

quality of images, in a way correlated with the human 

appreciation. The three models of objective method on the basis 

of reference images are categorized as given below.  

 

1)No Reference (NR) models: It is also called “blind models” 

methods, in which the QA algorithm has access only to the 

distorted signal and must estimate the quality of the signal 

without any knowledge of the 'perfect version'. NR methods can 

be used in any application where a quality measurement is 

required because they do not require any reference information.  

 

2) Reduced Reference (RR) models: In this partial information 

regarding the 'perfect version' is available. A side-channel exists 

through which some information regarding the reference can 

made available to the QA algorithm. RR QA algorithms use this 

partial reference information to judge the quality of the distorted 

signal of the scene.  

 

3) Full Reference (FR) model: In this method quality 

assessment algorithm have access to a 'perfect version' of the 

image or video against which it can compare a 'distorted 

version'. The 'perfect version' usually comes from a h igh-quality 

acquisition device, before it is distorted by, say, compression 

artifacts and transmission errors . There are in general two classes 

for objective quality assessment approach, simple statistical error 

metrics and human visual system feature based metrics.  

 

4. PROPOS ED METHOD 
 

An image with good quality should be natural, but now-a-days it 

is the major problem for an image to look natural. In this paper, 

we have many studies based on the statistics of natural images. 

Here, our major focuses is on distortion of the image in terms of 

contrast only and build our NSS models based on these features 

and we are not going to develop NSS model fo r images [7]. Here, 

we affect the intensity of the image distributions, NSS models 
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will be build upon these features which would be useful to note 

the changes made in the naturalness of the images which gone 

under contrast distortions. We here compute the mean, standard 

deviation, Skewness, kurtosis and entropy of all images from 

CSIQ2013 database. The histograms are as shown in fig. For the 

Mean, Standard Deviation and Skewness features can be well 

fitted by Gaussian probability density functions given by 
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Pe=1/ e exp(e-µe/ e-exp(e-µe/ e))…5 

 

Where µ denotes sample mean operator and pm, pd, ps, pk,   stand 

for the likelihood of an image being natural given its mean, 

standard deviation and skewness, respectively. The fitting 

parameters are found to be µm=118.559,  m=26.063, µd=57.274, 

 d=12.858, µs=0.180, λk=19.317  

and  s=0.632 respectively. 

 

5.  EXPERIMENTAL EVALUATION 

 

We use the database to validate the performance of the proposed 

NR-CDIQA metric: CSIQ 2013 [8]. CSIQ was built from 30 

reference images with different types of distortions. It contains 

5000 subjective ratings from 35 subjects. The 116 contrast -

distorted images from CSIQ are selected in our study. To the 

best of our knowledge, there is no other NR measure that has 

been developed specifically for contrast distortion. We compare 

the performance of the proposed method with existing image 

quality metrics including PSNR, MAD [9], and are used FR 

quality metrics. Three commonly used performance metrics are 

employed to compare the subjective and objective quality 

evaluation results: Pearson Linear Correlat ion Coefficient 

(PLCC), and Mean-Square Error (MSE). A good objective 

quality is expected to achieve high values in PLCC, while low 

values in MSE. The images in this CSIQ 2013 databases are 

converted to Gray scale image and the gray scale image is 

applied with different distortions. At first calculate the original 

Gray Scale image parameters like Mse, Psnr, mean, skewness, 

entropy, kurtosis and standard deviation. Now apply different 

distortion factors to the gray scale image and calculate the above 

parameters. Compare the parameters of both distorted and 

distortion less image. If both are not equal, then update the 

weights of distorted images, so that the image will be close to 

that of distortion less images. Now calcu late the parameters of 

the Gray Scale image. It is as shown in fig2. Now apply d ifferent 

distortions and calculate the MSE and PSNR.  

 
Figure.2. Conversion of RGB image to Gray scale image 

 

Mean: 

 

The mean is the average value, it tells about the general 

brightness of the image. A bright image will have a high mean, 

and dark image will have a low mean.  

 

Standard Deviation: 

 

Standard deviation is also known as the square root of the 

variance, it tells about the contrast. It describes the spread in the 

data, so a high contrast image will have a high variance and a 

low contrast image will have a low variance.  

 

Skewness: 

 

Skewness is a measure of symmetry, or more precisely, the lack 

of symmetry. A distribution or data set is symmetric if it looks 

the same to the left  and right of the centre point. The skewness 

for a normal d istribution is zero, and any symmetric data should 

have skewness near zero. Negative values for the skewness 

indicate data that are skewed left and positive values for the 

skewness indicate data that are skewed right.  

 

Entropy: 

 

The entropy is a measure that tells us how many bits we need to 

code the image data. An image that is perfect ly flat will have 

entropy of zero. Consequently, they can be compressed to a 

relatively small size. On the other hand, high entropy images 

such as an image of heavily cratered areas on the moon have a 

great deal of contrast from one pixel to the next and 

consequently cannot be compressed as much as low entropy 

images. 

 

Mean S quare Error (MS E): 

 

In the image coding and computer vision literature, the most 

frequently used measures are deviations between the original and 

coded images of which the mean square error (MSE) or signal to 

noise ratio (SNR) being the most common measures. The MSE 

is the cumulative squared error between the compressed and the 
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original image. The reasons for this error metrics widespread 

popularity are their mathematical tractability and the fact that it 

is often straight forward to design systems that minimize the 

MSE but cannot capture the artifacts like blur or blocking 

artifacts. The effectiveness of the coder is optimized by having 

the minimum MSE at a particu lar compression. 

 

Peak Signal to Noise Ratio (PSNR): 

 

PSNR is a measure of the peak erro r. It is most easily defined via 

the mean squared error (MSE) which for two m x n monochrome 

images I and K where one of the images is considered a noisy 

approximation. 

 

ALGORITHM 

 

Step-1: Input Image (degraded image) 

I=f(x, y) 

Step-2: Div ide Image into blocks 

Step-3: Feature extraction of NSS model 

Mean Square Error: 

     MSE= 
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Step 4: Quality Predict ion Model    
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    Pe=1/ e exp (e-µe/ e-exp (e-µe/ e)) 

 

Step 5: Compare the results with distortion    less gray scale 

image. 

 

Step 6: Update Weights. 

 

Step 7: Repeat Step 4 & 5 

 

Step 8: Obtain Distortion less Image.  

 

FLOW CHART: 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 Yes 

 

 

 

        No 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

               No 

 

 

 

 

                                       Yes 

 

 

 

 

 

 

 

 

   Input image 

 

 
Divide the image 

into m*n blocks 

 

Find MSE, PSNR 
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skewness, entropy, 

Standard deviation 

and kurtosis 

    fi+1-f>ft 

Update Weights 

Compare the distortion 

less and distorted image 
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Image without 
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6. RES ULTS : 

 

 
Figure. 3. 10%  distortion 

 

 
Figure. 4. 30%  distortion 

 
Figure. 5. 50%  distortion 

 

 
Figure. 6. 70%  distortion 

 

Parameters Fig3 Fig4 Fig5 Fig6 

Mean 

Square 

Error 

 

136.7 

 

217.1 

 

240 

 

248.2 

PSNR 26.8 24.79 24.3 24.21 

Mean 133  106  79   51 

Standard 

Deviation  

 

  77 

  

   87 

 

 88 

 

 91 

Entropy  7.70  6.63  4.93  3.34 

Kurtosis  1.735  1.517  1.70  2.83 

Skewness -0.11  0.148  0.55 1.17 

 

A lower value for MSE means lesser error, and as seen from the 

inverse relation between the MSE and PSNR, this translates to a 

high value of PSNR. Logically, a higher value of PSNR is good 

because it means that the SNR ratio is higher. Here, the 'signal' is 

the original image, and the 'noise' is the error in reconstruction. 

So, a compression scheme having a lower MSE (and a high 

PSNR) can be recognized as a better one. The main advantage of 

this measure is ease of computation but it does not reflect 

perceptual quality. An important property of PSNR is that a 

slight spatial shift of an image can cause a large numerical 

distortion but no visual distortion and conversely a small average 

distortion can result in a damaging visual artefact, if all the error 

is concentrated in a small important region.  

 

7. CONCLUS ION 

 

We propose an NR quality metric fo r contrast-distorted images 

based on NSS models built upon moment and entropy features. 

Promising quality prediction performance is achieved based on 

our test on three public databases. Our results suggest that NSS 

models are promising at handling contrast-distorted images. On 

the other hand, NSS modelling is  a highly challenging problem 

by itself that needs future research to resolve. The current 

research is limited at capturing some specific aspects of NSS 

modelling that are likely to be relevant to the perceptual quality 

of contrast distorted images. Future work will be focused on 

better NSS models and the extension of the application scope of 

the general approach to other types of distortion. Depending 

upon the parameters, we can estimate the distortion in the image 

so that the image can be free from that of distortion. 
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