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Abstract— Image quality assessment refers to the estimation 

of the quality of an image and it is used for many image 

processing applications. Image quality can be measured by 

two methods, subjective and objective method. Subjective 

method is expensive, time consuming and cannot be 

implemented in system where real time evaluation of image 

quality is needed while Objective method can be 

implemented without human intervention and predict image 

quality that is consistent with human subjective observation. 

When quality of test images are done without the information 

of distortion present then it is called blind image quality 

assessment. The objective of this paper is to overview the 

different methodologies employed for quality assessment of 

an image and briefly explains the recent approach and 

analyses its performance. 

Key words:  MATLAB 2013, NSS features, IL-NIQE method 

I. INTRODUCTION 

The quality of the image is lost due to the occurrence of noise 

and these noises occurred during the storing and transmit of 

information or during sharing time of information between 

the devices. A wide range of applications depend on this 

transmitted digital information. Hence quality measuring is 

needed for assessing and control the quality of those images. 

Image quality assessment refers to a model which predicts the 

quality of distorted images. Image quality assessment 

methods fall into two categories: subjective assessment by 

humans where the evaluation of quality by humans is 

obtained by mean opinion score (MOS) method and other is 

objective assessment by algorithms which automatically 

predict the quality of the distorted images as would be 

perceived by an average human. 

Depending on the degree of information that is 

available from the original image as a reference, the objective 

methods are further classified into full reference (FR), 

reduced reference (RR) [6] and blind or no-reference (NR) 

methods [6] described as follows 

FR methods: With this approach, the entire original 

image is used as a reference image. This method compares 

distorted image with original image. Mean Square Error 

(MSE) and Peak Signal to Noise Ratio (PSNR) fall into this 

category. 

RR methods: In this case, the complete original 

image is not available as a reference only some features about 

texture or other suitable descriptive features of the original 

image are provided. 

Blind or NR methods: These methods do not require 

access to the original image but searches for artifacts with 

respect to the pixel domain of an image.  

Both FR and RR methods require the availability of 

a reference image against which the test image is compared. 

In many applications, however the reference image is not 

available to perform a comparison against the test image. This 

strictly limits the application domain of FR-IQA and RR-IQA 

algorithms and demands for reliable blind/NR-IQA 

algorithms. 

Blind (NR IQA) is based on the principle that 

natural images own certain regular statistical properties that 

are measurably altered by the existence of distortions. Some 

deviations from the uniformity of natural statistics, when 

quantified properly enable the designs of algorithms capable 

of assessing the quality of an image without the need for any 

reference image. 

II. METHODOLOGY 

An IQA model is shown in figure 1. 

 
Fig. 1: Block Diagram of IQA 

The test image is processed to different steps and a 

viewer gives his or her opinion on a particular image and 

evaluates quality of the multimedia content as shown in 

figure 1. Any natural image can be a test image whose 

features are first extracted in the form of numeric values. 

Next a set of natural images are trained and features are 

extracted and stored in matrix form. Both features are then 

compared and accordingly ranking are done which predicts 

the quality of an image.   

Various IQA models [5] are shown in figures 2, 3 

&4. 

 
Fig. 2: Block Diagram of FR IQA method 

In FR IQA method, the test image is compared with 

the reference signal which is already available as shown in 

figure2. In RR IQA method part of information of the 

reference image is used for evaluation process as shown in 

figure3.  
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Fig. 3: Block Diagram of RR IQA 

BIQA (NR IQA) method does not need any distorted 

model of images or human subjective scores for training as 

shown in figure4, yet experiment show its better quality-

prediction performance and hence make it suitable for 

assessment of image quality.  

 
Fig. 4: Block diagram of BIQA (NR IQA) method 

III. CATEGORIES OF BIQA 

Blind Image Quality Assessment (BIQA) methods are 

categorised as: Opinion aware methods in which a large 

number of training samples are used and the distortion types 

is also known and uses a human subjective scores to predict 

the quality of distorted images. The second category is 

Opinion unaware methods which do not use any distorted 

sample images or human subjective scores for training. 

Various Opinion aware methods are: 

1) BIQI 

2) DIIVINE 

3) BLIINDS& BLIINDS-II 

4) BRISQUE 

5) CORNIA 

Various Opinion unaware methods are: 

1) NIQE 

2) QAC 

3) IL-NIQE 

In first opinion aware method called BIQI, some 

statistics (features of an image) of test image is first extracted 

and used to classify the test image into n distortions. Same 

statistics set of natural image are then used to evaluate the 

quality of test image.  

Later BIQI method is modified in which more 

number of natural scene features are used and named as 

Distortion Identification-based Image Verity and INtegrity 

Evaluation (DIIVINE) method [1]. It uses a two stage 

framework for QA: distortion–identification followed by 

distortion-specific QA. The Distortion Identification-based 

Image Verity and INtegrity Evaluation (DIIVINE) – predict 

the quality of an image without using any reference and 

distortion models and its evaluation performance is précised 

and statistically incomparable from previous popular FR 

algorithm such as  structural similarity index (SSIM). The 

DIIVINE approach is distortion-agnostic as it adopts Natural 

Scene Statistic based approach to qualify and compute the 

distortion afflicting the image rather than computing 

distortion –specific indicators of quality. The approach is 

modular, in that it can easily be extended beyond the group 

of distortions considered here. DIIVINE approach cannot be 

applied to compute quality in real time as it is difficult to 

compute large number of features.  

Further then a new opinion aware BIQA model is 

proposed that operates in the DCT domain and is named as 

Blind Image Notator using DCT Statistics (BLIINDS) [9]. A 

probabilistic model first extracts contrast and structure 

features in Discrete Cosine Transform (DCT) domain and 

then train this new model. A small number of efficient 

features are computed from a NSS model of block DCT 

coefficients and is fed to a regression function that delivers 

precise QA predictions. This method relies on a simple 

probabilistic model for quality score prediction and requires 

minimal training. This leads to further computational gains.  

Also, this method correlates highly with human subjective 

scores of quality and gives highly competitive performance, 

even with respect to state-of-the-art FR-IQA algorithms. 

BLIINDS-II model is an extension of BLIINDS model which 

uses more NSS based DCT features.  

BLIINDS-II is more efficient than DIIVINE but it 

requires non-linear sorting of block based NSS features 

which slows it considerably. 

The new model Blind/Reference less Image Spatial 

Quality Evaluator (BRISQUE) [9] is an another opinion 

aware BIQA model that predict the quality of image by using 

the scene statistics of pair-wise products of neighboring 

(locally normalized) luminance coefficient values to quantify 

possible losses of naturalness in the image due to the presence 

of distortions. BRISQUE [9] has very low computational 

complexity and may be used for distortion-identification 

which makes it suitable for real time applications 

Later an unsupervised feature learning framework 

BIQA model called CORNIA is proposed that extract the 

local feature and maintain a codebook and accordingly assign 

subjective scores of its quality. 

After then the first opinion unaware method called 

Natural Image Quality Evaluator (NIQE) [3] is proposed that 

extracts local features from an image and fits the feature 
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vectors to a single global Multivariate Gaussian Model 

(MVG) and predicts the quality by the distance between 

MVG’s model of pristine image and of natural image.  

Another model is trained which first partitioned the test 

image into overlapped patches and learn a set of quality aware 

centroids and use them as a codebook to infer the quality of 

an image patch. This model is trained from the dataset using 

patch based clustering and percentile pooling strategy to 

estimate the quality of each patch. 

A powerful opinion unaware method called 

Integrated Local Natural Image Quality Evaluator (IL-NIQE) 

is a recent methodology which uses quality aware NSS [2] 

features of natural pristine images. In IL-NIQE [1] method, 

first a pristine multivariate Gaussian model of NSS features 

is learned from a collection of stored pristine images. Then 

from each patch of a given test image, an MVG model is fitted 

using the feature vector and then its local quality score is 

computed by comparing it with the learned pristine MVG 

model. Finally, the overall quality score of the test image is 

obtained by pooling the local quality scores.  

A. Nss Features Used: 

Image quality distortions are characterised by 

1) Features of local structure. 

2) Contrast. 

3) Multi-scale and multi-orientation decomposition. 

4) Distortion in image color space. 

1) Features of Local Structure: 

To characterize structural distortion, two types of NSS [2] 

features are adopted which is derived from distribution of 

local mean subtract and contrast normalized (MSCN) 

coefficients and from the distribution of product of pairs of 

adjacent MSCN coefficients. On both pristine and distorted 

images, these products are modelled as zero mode 

asymmetric GGD (AGGD) [7]. 





















































































































 

















0,exp
1

)(

0,exp
1

)(

),,;(

x
x

x
x

x

r

rl

l

rl

rlg






















 

where 
)/3(

)/1(











ll
 

)/3(

)/1(











rr

 
The shape parameter  controls the shape of the 

distribution while  and  are scale parameters that control the 

spread on each side of the mode respectively. 

2) Contrast: 

 To capture contrast distortion, quality aware gradient 

features are used. The distributions of its gradient 

components (partial derivatives) & gradient magnitudes are 

changed by introducing distortions to an image. The gradient 

components denoted by
h

I  and 
v

I are computed by 

convolving I with two Gaussian derivatives filter along the 

horizontal and vertical directions. Gradient components [10] 

are modelled as generalized Gaussian distribution. Gradient 

magnitude of natural image is modelled using weibull 

distribution expressed as  
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where a is scale parameter and b is shape parameter. 

3) Multi-Scale and Multi-Orientation Decomposition: 

To extract quality related multi-scale and multi-orientation 

property log Gabor filters are used that extract statistical 

features from filter responses. 

A one dimensional Log-Gabor function whose 

frequency response is expressed as: 
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where 𝞼 and  are the parameters of the filter. 𝞼 

affects the bandwidth of the filter.  is the center frequency of 

the filter. It is useful to maintain the same shape while the 

frequency parameter is varied. 

4) Distortion in Image Colour Space: 

These features can be derived from intensity distribution of 

an image in a logarithmic scale opponent colour space [1]. 

In a logarithmic-scale opponent color space, the 

distributions of photographic image data match to a Gaussian       

probability model (showed by Ruderman). Given an RGB 

image having three channels R (i, j), G (i, j) and B (i, j) first 

convert it into a logarithmic signal with mean subtracted: 

R (i, j) = log R (i, j) - 
R

  

G (i, j) = log G (i, j) - 
G

  

B (i, j) = log B (i, j) - 
B

  

where
R

 , 
G

 and 
B

  are the mean values of log 

R (i, j) , log G (i, j) and log B (i, j) over the entire image. 

Then, image pixels expressed in (R, G, B) space is projected 

onto an opponent color space: 
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The distributions of the coefficient , and  of natural 

images conform to a Gaussian probability law. 

IV. PERFORMANCE ANALYSIS 

Four benchmark IQA large scale datasets were used to 

evaluate the performance of IQA methods: CSIQ, TID2013,  

LIVE & LIVE multiply distorted databases. 

Two metrics were employed to evaluate the 

performances of the all BIQA methods. The first is Spearman 

rank order correlation coefficient (SRCC) [6] which operates 

only on the rank of the data points and not on the relative 

distances between data points. 

The second is the Pearson linear correlation 

coefficient (PLCC) [6] between mean opinion scores and the 

subjective scores following a non linear regression. Higher 

Spearman Rank-order Correlation Coefficient (SRCC) And 
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Pearson Linear Correlation Coefficient (PLCC) parameter’s 

values were chosen. 

Among both opinion aware and opinion unaware 

BIQA methods the prominent performance of IL‐NIQE 

indicates that if this opinion unaware approach is designed 

properly, could attain much better prediction performance 

than their opinion aware counterparts. 

In IL-NIQE, five types of features including MSCN 

based features, MSCN product based features, log-Gabor 

responses based features, gradient based features and color 

based features are used [1] . SRCC is used as the performance 

metric.  

The results of all the performance of each feature on 

all the databases are reported in Table I.  

   
Dataset 

MSC

N 

MSCN 

produc

t 

Log-

Gabor 

Gradien

t 
color 

TID201

3 
0.2966 0.2954 

0.446

5 
0.3701 

0.04

1 

CSIQ 0.5262 0.4804 
0.641

8 
0.6512 

0.09

2 

LIVE 0.8458 0.8401 
0.834

0 
0.6393 

0.32

2 

MD1 0.8321 0.8606 
0.859

5 
0.3702 

0.11

1 

MD2 0.6120 0.7298 
0.871

4 
0.4072 

0.11

1 

Table 1: Performance (SRCC) Of Each of the Five Types of 

Features Used In IL-NIQE 

The results lead to the following conclusion that the 

partition ratio has little effect on the performance of the 

opinion unaware methods and IL-NIQE performs better than 

all of the competing models even though it does not require 

any distorted images or human subjective quality scores on 

them to train the model. 

V. CONCLUSION 

Comparisons of all BIQA methods show that although   

opinion unaware methods have a good generalization ability 

but the prediction of quality of distorted images are not 

accurate than opinion aware methods. An approach which 

uses natural scene statistics model for feature extraction of 

distorted image without the need of any distorted sample 

images or subjective scores for training can be more précised 

if more features of an image can be used so that high 

correlation can be achieved.  
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