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ABSTRACT 

Image quality assessment (IQA) consider as a challenging fields of digital image 

processing system. The image quality assessment algorithms are linked to image 

similarity assessment in which the differences between the degraded and the original 

images quality are calculated.  Despite the great number of developed metrics, there is 

still a need for image analysis tools that is able to extract the most perceptual relevant 

characteristics of an image. This paper offers a literature survey of the existing 

objective IQA algorithms based on multiscale geometric Analysis (MGA), and focus 

on No- Reference image quality assessment (NR-IQA) methods, in which a reference 

image will be unavailable for finding the quality of the distorted image. Several NR 

IQA metrics have been overviewed in this paper, which were compared in terms of the 

accuracy, and time complexity. The presented survey will to keep up-to-date the 

researchers in the field of image quality assessment. This survey also provides an 

outlook for future work using many combinations among MGA Transforms to access 

to new blind IQA metric, which has efficient quality evaluation and highly correlation 

with human perception. 

Keywords:  Image quality assessment (IQA), Image Quality, MSE, PSNR, SSIM, No Reference 

Image quality assessment (NR-IQA), NSS, Multiscale Geometric Analysis (MGA). 
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1. Introduction 

2. The fast development of information technology, has its impacts on the way in which 

images have been captured, stored, or transmitted. The results are images which are not 

identical to the original image. Because of these alterations, an important requirement for 

any system to measures the image quality. Several algorithms for image quality 

assessment (IQA) have been studied and over several years, which it have significant role 

in numerous image processing and computer vision applications. 

3. The human visual system can recognize thousands of different color shades and 

intensities. So, the extra information in color image can be used to simplify image 

analysis (Thakur et al., 2011). Distortion has a negative effect on quality of the image. In 

image compression, if the captured image contains distortions then it would not match 

with the original image that is stored in the database. So finding the quality of the image 

in those areas is very necessary. 

4. However, most image quality algorithms assess only the image quality when the image 

has a single type of distortion (George et al., 2014; Shen et al., 2011). Fig. 1 illustrates 

reference image with five distorted types: Gaussian blur; Fast-fading; JPEG2000 

compression; JPEG compression, and Gaussian white noise. 

5.       

 
6.                     (a)                  (b)                        (c)                      (d)                        

(e)                     (f) 
7. Fig 1: Reference image with five distorted types. (a) Reference image (b) Gaussian blur (c) Fast-fading (d) JPEG2000 

compression (e) JPEG compression (f) Gaussian white noise (Zhang et al., 2013a). 

8. Basically there are two approaches for IQA or video quality assessment (VQA) which are 

subjective and objective measurements. Fig. 2 shows the general taxonomy of IQA/VQA. 

Objective IQA and VQA metrics (or algorithms) can be classified into full reference 

(FR), reduced reference (RR), and no reference (NR).  

9. Subjective assessments methods give best results that are high correlation with human 

vision system (HVS). The best way to assess the quality of an image in subjective IQA 

methods is by human observers.  However, subjective IQA algorithms are expensive, 

time consuming, laborious, non-repeatable, too inconvenient, and in addition observers 

can be inconsistent (Gao et al., 2009; Shen et al., 2011). Because of several reasons that 

aforementioned, we will ignore it and we will focus on objective IQA. Review of their 

metrics can be found in (Pappas et al., 2000). 
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2. Literature Review  

                1.1 Objective Measurement 

For many real-time applications the subjective IQA methods cannot readily be used to assess the 

image quality. Objective IQA algorithms that can analyze the images and predict the quality 

without human role and are classified depending on the availability of an original image into: full 

reference (FR); reduce reference (RR), and no reference (NR) (ECE et al., 2011). We focus on 

no reference (NR) IQA in details. FR-1QA metric need the reference image for the purpose of 

calculate the visual quality by comparing the distorted image with the reference image. RR-IQA 

metrics does not need the whole original image, but part of the information extracted from 

original images to reflect visual sensitivity (Ramesh et al., 2011). NR-IQA metrics does not need 

the reference image. 

MSE and PSNR have low computational complexities, most used full-reference quality metric, 

and acceptable for image similarity measures when the images in question differ by simply 

increasing distortion of a certain type (ECE et al., 2011). But both of them do not correlate well 

with human perception of quality and do not model the HVS. To improve both of them, the 

SSIM metric is introduced is to find out about all the ways to compare the structures of the 

reference and the distorted images (Wang et al., 2004). For the reader's convenience, an 

alphabetical list of the acronyms used in the text is provided in Table 1.  
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Fig. 2: IQA Measurement Classification 

Table 1: List of the acronyms used in the text 

Acronym Expanded form 

(IQA) Image quality assessment 

(MGA) multiscale geometric Analysis 

(NR-IQA) No- Reference image quality assessment 

(HVS) human vision system 

(FR-IQA) Full  Reference  Image quality assessment 

(VQA) video quality assessment 

(MSE) mean square error 

(PSNR) peak signal to noise ratio 

(SSIM) Structural similarity  Image 

(MS-SSIM) multi scale  Structural similarity 

(VSNR) visual signal-to-noise ratio 

(MAD) Most apparent distortion 

(RR-IQA) Reduced Reference  Image quality assessment 

(JND) Just-Noticeable-Distortion 

(SROCC) spearman rank-order correlation coefficient 

(MOS) mean opinion score 

(DMOS) difference mean opinion score 

(DS) distortion specific 

(NDS) NRIQA nondistortion-specific  No- Reference image quality assessment 

(SVR) support vector regression 

(NSS) Natural Scene Statistics 

 Objective IQA  Subjective IQA 

  FR 

Metrics 

Single-
stimulus 

 

NR 

Metrics 

 

RR 

Metrics 

 
 Mathemati

cal 

Metrics 

 HVS-

Based 

Metrics 

 Watson

’s 

JND, 

etc. 

  

SSIM 

WSSIM 

VIF 

MSSIM 

MSDD 

WAM, 

etc. 

 

 

 Others 

Metrics 

 

CNR-II 

BIQI 

GRNN 

CBIQ 

LBIQ 

DIIVINE 

HNR 

BRISQUE 

CBIQ-II 

BLIINDS-

I 

BLIINDS-

II 

LBPS 

, etc. 

 

 

 

 

PSNR 

MSE 

 

WBCT 

WNIS

M, etc. 

Quality 

Ruler 

IMAGE/ VIDEO QUALITY 

ASSESSMENT (IQA) 

Mean 

Opinion 

Score 
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(BLIINDS) Blind image integrity notator using DCT statistics 

(BIQI) Blind Image Quality Index 

(WBCT) Wavelet-based Contourlet transform 

(HWD) hybrid wavelets and directional filter banks 

(CNR) Curvelet  No- Reference 

(HNR) hybrid no-reference 

(STAIND) STAtistical INDependence 

(LIVE) Laboratory for Image & Video Engineering 

(TID2008) Tampere image database 2008 

(DMOS) difference mean opinion scores 

(BIQI) Blind Image Quality Index 

(GRNN) General regression neural network 

(LD-TS) local dependency 

(CBIQ) Code Book Image Quality 

(LBIQ) Learning-based blind image quality 

(DIIVINE) Distortion Identification – based Image Verity and Integrity Evaluation 

(BRISQUE) Blind/reference less image spatial quality evaluator 

(CNSS) Contourlet Natural Scene Statistics 

(WNSS) Wavelet Natural Scene Statistics 

(NCNSS) Nonsubsampled Contourlet domain Natural Scene Statistics 

(SPNSS) Steerable Pyramid Natural Scene Statistics 

1.1.1 No Reference Image Quality Assessment (NR-IQA) 

NR IQA is a quite fresh research with successful efforts. The NR-IQA or “blind” quality 

assessment approach is still desirable in which the reference image is not available. Designing 

a good NR-IQA methods are very difficult task. Nowadays, the blur is very influential on the 

quality of the image and it is considered as a common problem in many different image 

processing applications. The majority of NR IQA algorithms trying to detect specific one types 

of distortion. Although there is serious requests for NR-QA algorithms that are applicable to 

different types of distortions, while, the metric must be high correlate with human vision 

assessment (Wang et al., 2002). 

NR-IQA could be used in applications such as image compression, dynamic monitoring and 

adjustment of image quality, image restoration and enhancement processes, optimizing the 

parameter settings of denoising, deblurring and sharpening.  

This survey focuses on NR-IQA or “blind” image quality assessment approach by incorporating 

the merits from multiscale geometric analysis (MGA). Additionally, MGA offers a series of 

different transforms which are used to capture different types of image geometric information.  

The paper is structured as follows: section 2 describes the NR-IQA algorithms. Section 3 

introduces an overview about some of MGA transforms. Section 4 describes NR-IQA metrics 

based on MGA Transforms. The evaluation results by spearman rank-order correlation 

coefficient (SROCC) for various NR-IQA metrics have been shown in section 5. Finally, section 

6 concludes the paper. 

2. NR-IQA Algorithms  

The NR-IQA approach is used to predict image quality based on the extracted features which are 

related to image quality. The selection of good features can strongly affect the prediction of 

image quality, beside the features used must be suitable for the application and the classifier. In 
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general, the NR-IQA algorithms can be further classified into two categories: distortion-specific 

(DS) and non-distortion-specific (NDS), depending on the prior knowledge of the distortion type.  

2-1 DISTORTION-SPECIFIC (DS NR-IQA) APPROACHES 

Distortion that affects the image is assumed to be known in the DS NR-IQA, where it is 

quantified in isolation of other factors. These algorithms measure one or more specific types of 

distortions such as blockiness (Wang et al., 2000) blur (Sazzad et al, 2008), or ringing (Feng et 

al., 2006) and score the image accordingly. 

Majority of existing NR-IQA algorithms (Wang et al., 2002; Sheikh et al., 2005a) are distortion 

specific (DS) and require the limited kind of distortion. For example, (Marziliano et al., 2004) 

introduce blur and ringing measures for JPEG2k compressed images. (Wang et al., 2002) 

introduce blockiness measures for JPEG compressed images. Unfortunately, application domains 

of the algorithms might be limited by this assumption. Multiple types of distortion may present 

in the distorted image, thus universal or generic NR-IQA algorithms which are responsive to 

multiple distortions are preferred in real-world applications. 

2-2 NON-DISTORTION-SPECIFIC (NDS NR-IQA) APPROACHES 

The general-purpose nondistortion-specific (NDS) NRIQA methods that do not need any prior 

knowledge about the distortion type (Ye et al., 2012). Most of the NDS NR-IQA algorithms are 

designed to follow one of these two approaches: (1) learning or training based approach and (2) 

natural scene statistics (NSS) based approach. 

2.2.1 TRAINING BASED APPROACHES 

       The training process of the model is very important to predict the image quality (Jung et al., 

2002; Charrier et al., 2006). Different gradient techniques such as support vector regression 

(SVR), and neural networks used to learn the mapping from feature space to image quality (Tang 

et al., 2011; Li et al., 2011).  

2.2.2 NATURAL SCENE STATISTICS (NSS) 

     The NSS assumes that the natural scenes has a specific statistical features and these features 

will be affected by the existence of distortion. Therefore, the image quality can be predicted by 

obtaining features which illustrate the extent to which these statistics deviate in the distorted 

image. Current state-of-the-art NR IQA algorithms explore NSS-based features are explained in 

(Moorthy et al., 2010; Michele A et al., 2010; Saad et al., 2010; Tang et al., 2011). The statistical 

properties of the natural images played an important role in NSS. Recently, two NR approaches 

Blind image integrity notator using DCT statistics (BLIINDS) (Saad et al., 2010) and Blind 

Image Quality Index (BIQI) (Moorthy et al., 2010) based on NSS were developed as general 

frameworks for various filters. A summary of previous NR IQA metrics can be found in Table 2. 
Table 2: Some of Previous NR-IQA Metrics. 

Algorithms Year 
Database 

Used 
Results 

An image content metric Q based on 

the singular value decomposition 

(SVD) of local image gradients (Zhu 

et al., 2010). 

2010 TID2008 

This metric captures the changing in image quality 

during the denoising process, and shows good visual 

performance in balancing between denoising and detail 

preservation. 

Blind/no-reference IQA algorithm 

based on a NSS model of DCT 
2010 LIVE 

The BLIINDS index was well correlated with human 

visual perception, and it is computation ally suitable as 
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coefficients called BLIINDS (Blind 

image integrity notator using DCT 

statistics) algorithm (Saad et al., 

2010). 

it is based on a DCT-framework entirely. 

Blind/no-reference (NR IQA) 

algorithm 

Based on a NSS model of DCT 

coefficients called BLIINDS-II 

algorithm (Saad et al., 2012). 

2012 LIVE 

The resulting algorithm BLIINDS-II, was correlated 

highly with human judgments of quality, at a level that 

is competitive with the SSIM index. 

No-reference blur metric based on 

the complex edge analysis (Wang et 

al., 2012). 

2012 LIVE 

The metric is able to distinguish blurred edges in a cost-

effective way. It shows high prediction accuracy when 

it is applied to Gaussian blurred images, correlates well 

with subjective quality evaluations and great potential 

to be used in practical blur evaluation applications, with 

less computational cost and high accuracy. 

NR IQA metric based on fuzzy 

neural network to estimate the 

quality of watermarked images 

automatically (Gaata et al., 2012). 

2012 

IVC- 

Fourier 

SB 

Trusted prediction with low computational cost, high 

correlation with MOS values. 

A blur metric based on the 

Cumulative Probability of Blur 

Detection (CPBD) (Kemalkar et al., 

2013). 

2013 
LIVE and 

IVC 

CPBD metric gives amount of blur detected in an 

image, with a good performance across Gaussian blur 

and JPEG2000 compressed images. 

A blind/ NR IQA based on the log- 

derivative statistics of natural 

scenes. DErivative Statistics-based 

Image QUality Eval-uator 

(DESIQUE) (Zhang et al., 2013a). 

2013 

LIVE, 

CSIQ and 

TID 

Has achieved better prediction of image quality 

comparing to many other well-known NR IQA methods 

across various databases. 

NR image quality assessment (IQA) 

based on a local binary pattern 

statistic (LBP) (Zhang et al., 2013b). 

2013 LIVE 
Low data rate, high efficiency and outperforms the 

popular FR methods, including PSNR and SSIM index. 

MULTISCALE GEOMETRIC ANALYSIS (MGA) 

Some of traditional transforms like wavelet and Gabor transforms are fail to explicitly extract the 

image geometric information such as line, curve, and contour. Therefore, MGA transforms can 

capture the characteristics of image, e.g., lines, curves, and the contour of object, which it have a 

big role in prediction process as features.  

MGA consider as a common feature extraction method, due to its optimal representation of high 

dimension functions (Damera et al., 2000). MGA has the following main properties:  

1. Multi- resolution mechanism can represent images in continuous resolution values, 

which is normally called band pass. 

2. In time and frequency domains, the basis of MGA are directional and local (Ramesh 

et al., 2011). 

MGA (Führ et al., 2006) led to increase the number of transforms through combining multiscale 

and multidirectional transform properties.  MGA offers a series of transforms including: 

Ridgelets (Candes et al., 1999a), Curvelets (Candes et al., 1999b), Wave atoms (Demanet et al., 

2007), Contourlets (Liu et al., 2009), Complex wavelets (Wang et al.,2005), Cortex transform 

(Watson,1987), Steerable pyramid, Bandelet (Le et al.,2000), Wavelet-based Contourlet 

transform (WBCT) (Eslami et al.,2004), and hybrid wavelets and directional filter banks (HWD) 
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(Eslami.,2005). MGA is an arising area of high-dimensional signal processing and data analysis, 

used in computer vision, and in machine learning.   

  3.1 CURVELET TRANSFORM 

The Curvelet transform is a special member of the MGA transform, was designed to represent 

edges and other singularities along curves much more efficiently than traditional transforms 

(Ismail Taha Ahmed et al., 2012).  CNRs (Shen et al., 2009) are first attempt to use Curvelet 

with NR-IQA. It is a very appropriate to capture the curved singularities within natural images. 

In addition, use it as a filter discriminator because the corresponding Curvelet coefficients are 

very sensitive to noise and blur.  

Curvelet transform has several properties: approximate properties, the high directional sensitivity 

of this transform, highly anisotropic, and treat the singularities and the curve of the edges 

accurately. 

3.2 WAVE ATOMS TRANSFORM 

Wave atoms transform is also one of MGA methods. The name wave atoms come from the 

representation of the propagation way of the wave atoms. The main characteristic of wave atoms 

transform is the ability to adapt to arbitrary local directions of a pattern, and the ability to 

sparsely represent anisotropic patterns aligned with the axes (Demanet et al., 2007). 

3.3 CONTOURLET TRANSFORM 

The Contourlet transform is one of MGA algorithms based on two dimensional non-separable 

filter banks. Provides an abundant directional selectivity, good dealing with the singularity in 

two or higher dimensions, and can represent different directional smooth contours in natural 

images (Lu et al., 2010). 

4.  NR-IQA METRICS BASED ON MGA TRANSFORMS 

MGA transforms can extract the features e.g., lines, curves, and the contour of object from the 

decompose images to simulate the multichannel structure of HVS. As mentioned in Table 3, 

different transforms of MGA capture different features of an image, and complement to each 

other.  

Most of the current NR-IQA metrics are focus on compression artifacts, noise and blurring. 

Table 4. Shows various NR-IQA metrics based on MGA transforms.  
Table 3: Main Features Captured By Different MGA Transforms (Sheikh et al., 2005 a). 

Transform Main feature captured by MGA methods 

Wavelet Point 

Curvelet Continues closed curve on smooth plane c2 

Bandelet Continues closed curve on smooth plane c2(α > 2) 

Contourlet Area with subsection smooth contour 

WBCT Area with smooth contour 

HWD Area with smooth contour with angle 
Table 4: Previous of NR-IQA Metrics based on MGA 

Algorithms Year Database Used Results 

NR IQA Metric based on the 

Curvelet Transform, called (CNR) 

model (Shen et al., 2009). 

2009 LIVE ,HIS    DB 

The CNR metric outperform on several methods 

including (SSIM and PSNR) in predicting levels 

of noise, blur and JPEG 2000 compression of 
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natural images. CNR is the first IQA using the 

curvelet transform. 

NR IQA Metric using contourlet 

transform based on NSS (CNSS) 

(Lu et al., 2010). 

2010 LIVE 
Algorithm is superior to the conventional NSS 

model and can be applied to different distortions. 

Nonsubsampled contourlet 

transform based algorithm for no-

reference image quality assessment 

(NCNSS) (Lu et al, 2011). 

2011 LIVE 

NCNSS Performance are effective and consistent 

with visual quality than those by WNSS or CNSS-

based NRIQA on four distortion types of image 

sets in the LIVE image database except for 

JPEG2000 compressed images. 

NR-IQA metric based on a hybrid 

of Curvelet, wavelet and DCT 

transform, called hybrid no-

reference (HNR) model   (Shen et 

al., 2011). 

2011 LIVE 

The proposed HNR model was handled the four 

filters, which has been used successfully to predict 

the noise or blur level of compressed images. 

NR-IQA approach based on visual 

codebooks. A visual codebook 

consisting of Gabor-filter-based 

local features extracted from local 

image patches is used to capture 

complex statistics of a natural 

image (Ye et al., 2012). 

2012 LIVE 

The predicted image quality assessment score was 

consistent with human visual perception of 

quality. This method was comparable to state-of-

the-art general-purpose NR-IQA methods and 

outperforms the FR IQA metrics, PSNR and 

SSIM. 

A new NR IQA model using 

Curvelet transform based on NSS 

methods. (CurveletQA) (Liu et al., 

2014). 

 

2014 LIVE,TID2008 

Experimental results show that a set of energy 

features extracted in the Curvelet domain are 

highly relevant to natural image quality across 

multiple distortion categories. Low time 

complexity. CurveletQA proved superior to the 

NR approaches: DIIVINE and BLIINDS-II but 

inferior to the spatial NR approaches: BRISQUE. 

Some improvement with color images quality 

prediction because some distortion information is 

hidden in color components especially for 

multiple distortion images. 

General purpose NR IQA 

algorithm based on Shearlet 

Transform. It is as combination of 

NSS and training based 

approaches (SHANIA) (Li et al., 

2014). 

 

2014 

LIVE DB, 

Multiply 

distorted LIVE 

and 

TID2008 DB 

 

SHANIA does not incorporate any prior 

knowledge about distortions, making it suitable to 

many distortions. 

Distorted images usually contain more or less 

spread discontinuities in all directions. Shearlet 

are apt at detecting these discontinuities. Thus, 

these variations in statistical property can be 

easily detected by shearlets and applied to 

describe image quality distortion. 

NR IQA based on Steerable 

Pyramid Decomposition using 

NSS (SPNSS) (Lu et al., 2015; 

Fangfang et al., 2014). 

 

 

 

2014 

 

LIVE DB 

 

The proposed method is capable of assessing the 

quality of a distorted image across multiple 

distortion categories and without any prior 

knowledge about the distortion of the original 

image. These in contrast with most NRIQA 

algorithms. 

-The results indicate that SPNSS outperforms 

WNSS, CNSS, NCNSS, BIQI, BLIINDS and 

DIIVINE on consistency, accuracy and 

monotonicity of prediction. SPNSS has a simpler 

learning process and less computational 

complexity. 
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3. Methodology 

There are a number of statistical measures to evaluate the performance of IQA metrics such as 

spearman rank-order Correlation coefficient (SROCC) between predicated quality score and 

difference mean opinion scores (DMOS). Its value close to 1 indicates good performance in 

terms of correlation with human perception. This metric measures the prediction monotonicity. 

A fair comparison between different designs of NR-IQA metrics is difficult because many 

characteristics should be considered. Generally, a fair comparison is only achieved if the same 

tools and the same databases are used. In principle, comparing the performances of designs 

implemented in different platforms is not easy. Nevertheless, the results shown in the table are 

calculated based on measurements reported in the references. 

4. Finding 

Table 5 illustrates the evaluation results by (SROCC) for various NR-IQA metrics. Also Table 6 

illustrates the evaluation results by (SROCC) for various NR-IQA metrics based on different 

MGA transforms, e.g., Curvelet, Contourlet, Shearlet and Wave atom. 
Table 5: The evaluation results by (SROCC) for various NR-IQA metric 

Table 6: The evaluation results by (SROCC) for various NR-IQA metrics based on different MGA Transforms. 

IQA Metrics JPEG2000 JPEG White Noise G Blur Fast Fading 

IQA Metrics JPEG2000 JPEG 

White 

Noise 

(WN) 

G Blur 

Fast 

Fading 

(FF) 

Blind Image Quality Index (BIQI) ( Moorthy et 

al.,2010) 
0.7995 0.8914 0.9510 0.8463 0.7067 

local dependency LD-TS (Gao et al.,2011) 0.8202 0.8334 0.9566 0.9251 0.8863 

General regression neural network (GRNN)  (Li  et 

al.,2011) 
0.8156 0.8721 0.9794 0.8331 0.7354 

Code Book Image Quality (CBIQ) (Ye et al.,2012) 0.8935 0.9418 0.9582 0.9324 0.8727 

Learning-based blind image quality (LBIQ) ( Tang  et 

al.,2011) 
0.9040 0.9291 0.9702 0.8983 0.8222 

Distortion Identification – based Image Verity and 

Integrity Evaluation DIIVINE (Moorthy et al.,2011) 

 

0.9123 

 

0.9208 

 

0.9818 

 

0.9373 

 

0.8694 

Pointwise (Mittal et al.,2012) 0.7957 0.8593 0.9608 0.8759 0.7773 

Pairwise (Mittal et al.,2012) 0.9007 0.9510 0.9773 0.8759 0.8741 

Blind/reference less image spatial quality evaluator 

(BRISQUE) (Mittal et al.,2012) 
0.9139 0.9647 0.9786 0.9511 0.8768 

BRISQUE (2 Stage) ( George et al.,2013) - 0.8991 0.9439 0.9849 0.8825 

CBIQ II (Ye et al.,2012) 0.919 0.965 0.933 0.944 0.912 

STAtistical INDependence  STAIND I  (Chu et 

al.,2012) 
0.9086 0.9677 0.9686 0.9555 0.8928 

STAtistical  INDependence  STAIND II  ( Chu et 

al.,2012) 
0.9107 0.9676 0.9671 0.9604 0.9006 

STAtistical  INDependence  STAIND  (Chu et 

al.,2012) 
0.9141 0.9701 0.9657 0.9729 0.9034 

Blind Image Integrity Notator using DCT Statistics 

BLIINDS-I (Saad et al., 2010) 
0.9219 0.8391 0.9735 0.9569 0.7503 

Blind Image Integrity Notator using DCT Statistics  

BLIINDS-II (Saad et al.,2012). 
0.9506 0.9419 0.9783 0.9435 0.8622 

No reference -local binary patterns (NR-LBPS) (Zhang 

et al., 2013b). 
0.9275 0.9338 0.9484 0.9426 0.8890 
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(WN) (FF) 

Curvelet Transform, called (CNR)  II (Shen et 

al.,2009) 
0.905 - 0.968 0.948 - 

Hybrid no-reference (HNR) (Shen et al., 2011) 0.925 - 0.948 0.922 - 

CurveletQA (Liu et al., 2014) 0.9376 0.9117 0.9876 0.9650 0.9005 

Contourlet Natural Scene Statistics (CNSS) (Lu et 

al.,2010) 
0.8238 0.5623 0.6005 0.8561 0.8231 

Nonsubsampled Contourlet domain NCNSS 

(Fangfang et al.,2014) 

0.8669 

 

0.9161 

 

0.9519 

 

0.8651 

 

0.8880 

 

Steerable Pyramid Decomposition (SPNSS) 

(Fangfang et al.,2014) 
0.9263 0.9276 0.9568 0.9382 0.8987 

NR IQA algorithm based on Shearlet Transform 

SHANIA (Li et al., 2014) 
0.8611 0.8918 0.9582 0.9674 0.9169 

There are number of factors that make the metric is desirable and taken into account when 

selecting an IQA method for a specific application. Some of these factors include the availability 

of the reference image, computation time, implementation complexity, robustness, repeatability, 

multi-dimensional output formats, simplicity, application goal, and quality prediction accuracy. 

Based on these factors, one can make the right choice for each specific application. 

Table 5 &Table 6, includes sets of performance evaluation of NR-IQA Metrics, which trained on 

the LIVE IQA database (Sheikh et al., 2005b) with five types of distortion (JPEG 2000, JPEG, 

White Noise (WN), G Blur, and Fast Fading (FF)). Although not all these methods have 

successfully passed all five filters.   

Because such kind of statistical features from LBPs miss out most the contrast information of the 

images, the NR-LBPS method has not been fully optimized yet (Zhang et al., 2013b). Note that 

all these methods (BIQI, DIIVINE, BLIINDS-II and BRISQUE) use the human scored images 

for learning. 

The results indicate that SPNSS outperforms WNSS, CNSS, NCNSS, BIQI, BLIINDS and 

DIIVINE on consistency, accuracy and monotonicity of prediction. SPNSS has a simpler 

learning process and less computational complexity (Fangfang et al., 2014). 

Most NR methods designed to work for one or two filters (Shen et al., 2011). HNR was capable 

of classifying the noise whether is a JPEG2000, White noise, or blurred, image. While 

CurveletQA (Liu et al., 2014) outperforms the existing MGA transforms as shown in table 6. 

The complexity of some algorithms is more because of the large computational time and the use 

of complex mathematical equations. Table 7 shows the computational complexity details (Manap 

et al., 2015) for each metric.  
Table 7: Computational complexity details (Manap et al., 2015). 

Algorithm Runtime 
Complexity (Xue et 

al.,2013) 
Remarks 

BIQI 0.08 O(N) N: number of pixels in test image 

BLIINDS-

II 
95.24 O((1/d2)N log (N/d2)) N: number of pixels in test image, d: block size 

 

DIIVINE 
28.20 

O(N( log N + m2 + N 

+ 392b)) 

N: number of pixels in test image, m: neighbor size in DNT, b: 

number of bins in the 2-D histogram 

BRISQUE 0.18 O(Nd2) N: Number of pixels in test image, d: filter window size 

CBIQ 59.80 O(Nd2K) 
N: Number of patches in test image, d: patch size, K: codebook 

size 

CORNIA 2.43 O(Nd2K) N: Number of patches in test image, d: patch size, K: codebook 
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size 

5. Discussion & Conclusion 

Many processes can affect the quality of images, including compression, transmission, display, 

and acquisition. Therefore, accurate measurement of the image quality is an important step in 

many image-based applications. Image quality measurement shows a significant role in 

numerous image processing applications. An excessive amount of efforts have been made to 

develop objective image quality metrics.  

The subjective IQA methods are time consuming, and inconvenient, so they cannot be easily and 

normally implemented for real time applications. Therefore, the alternative was the objective 

quality metric which deals with MGA.   

Most of existing objective IQA metrics are designed based on spatial domain (deal with image). 

But little based on MGA Transforms. Although the MGA is justified use it with IQA. For this 

reason, we work literature survey on NR-IQA metrics and methods which based on MGA 

Transforms (frequency domain). 

Review the literature in NR-IQA approaches and we highlighted the importance of image quality 

assessment algorithms and the weakness of existing image quality measurement algorithms in 

both by using MGA and without it to identify which the transforms are giving best and important 

features for quality prediction. Based on kind of the features, accuracy, time complexity and 

other requirements we can select the best MGA transform.  

This review and the aim of finding which one of MGA Transforms performs better accuracy for 

NR-IQA. There is no way of knowing which method would perform better because each author 

tends to consider different experimental frameworks (different database, different usages of the 

same database, different features, prediction models etc.). We note by hand using LIVE database, 

the CurveletQA superior to other methods. Future works, combinations among MGA transforms 

may be used to access to new blind IQA metric, which has highly correlation with human 

perception. 
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