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Abstract:  
Blind Image Quality Assessment for Remote Sensing Applications has 

garnered a significant amount of interest from the community, presenting 

a problem that is both persistent and difficult to solve. The current quality 

indicators are, for the most part, in agreement with each individual's 

subjective perception. Traditional handcrafted quality measures focus on 

detecting low-level features such as contour, edge, color, texture, and 

shape. These are the attributes that will be measured. Nevertheless, it is 

possible that they will disregard the essential semantics that lie behind the 

warped image. Within the scope of popular deep learning, the process of 

acquiring multilayer features is a straightforward exercise. The unfortunate 

reality is that a significant number of these models either ignore superficial 

traits or focus only on high-level variables, which ultimately leads to poor 

prediction performance. In order to successfully portray varying degrees of 

distortion, the fusion features make advantage of the laws that govern the 

human visual system in order to extract both local and global components 

of information. In conclusion, the ultimate quality score is determined by 

considering the features of both the local and global levels. In this 

investigation, we developed two different NR-IQA methods. In one, a 

markov random field is used, while in the other, a sparse approximation 

variational autoencoder is established as the foundation. The effectiveness 

of our work is shown by the evaluation of multiple IQA datasets, where 

our model consistently generates findings that are at the leading edge of 

the field. This evaluation does not make use of any quality standards; 

rather, it compares it against a variety of well-known cutting-edge 

techniques and average opinion ratings based on the opinions of different 

people. Quality ratings are accurately predicted by the regression models 

that have been provided. 
Keywords: Deep neural networks (DNNs) Sparse approximation 

variational autoencoder. Quality evaluation Regression Model: no-

reference image quality evaluation, level set, Markov random field, fuzzy 

clustering, NR-IQA. 

 

1. Introduction  

It is essential to evaluate the quality of satellite pictures in order to determine whether or 
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not the equipment used to gather satellite photos is operating correctly and to design algorithms 

for image processing. It has a direct impact on the degree of accuracy with which information 

is collected from remote sensing [1]. The NR-IQA approach, which is often referred to as the 

BIQA technique, is a method that may automatically evaluate the quality of a photograph 

without the requirement for a pristine version to be compared from [2]. IQA encompasses both 

subjective and objective forms of evaluation [3]. Objective IQAs have become more popular 

as deep learning algorithms have evolved. This is due to the fact that they provide an alternative 

to subjective IQA that is both more efficient and requires less input from the user. IQA, also 

known as objective blind or no-reference (NR) image quality assessment, is a method of 

evaluating picture quality that is carried out via the use of an algorithm. No prior information 

is gathered by the algorithm before it begins to make a prediction about the quality of the 

distorted image. Assessing the quality of an image without any reference or guidance is a task 

that is very difficult to do. The ability to accurately predict quality has been shown by systems 

that are based on comparing photographs to a reference. Researchers often approach the 

problem of NR IQA by breaking it down into a series of smaller problems that are relevant to 

a certain area. They focus on a limited number of artefacts and distortion-specific identification 

and quality assurance. As the accuracy of picture quality prediction has increased, particularly 

via the use of deep learning-based algorithms, traditional no-reference image quality 

assessment (NR-IQA) procedures have undergone significant advancements. In spite of this, 

the free-energy principle-guided NR-IQA processes that are used by this approach are not 

successful in efficiently restoring badly damaged photographs. One of the consequences of this 

is that it is impossible to exactly evaluate the quality reconstruction relationship between the 

image that has been damaged and the picture that has been restored. At this time, there is not a 

single NR-IQA algorithm that has shown a consistent connection with human evaluations of 

subjective temporal visual quality. In the event that deviations from natural statistics are 

accurately measured, it is possible to develop algorithms that can assess the perceptual quality 

of a picture without relying on a reference image. The purpose of this study was to offer an 

NR-IQA technique that relies just on basic image visual criteria for learning, hence removing 

the need for human-scored picture libraries. Through our demonstration, we established that 

these components are essential for shaping an image and influencing the visual appeal of the 

picture. We introduced the Visual Evaluation Index (VEI), which is a tool for evaluating 

pictures that does not rely on references and instead employs visual measurements to evaluate 

image quality. 

   The following is the structural arrangement of the remaining parts of the paper: In the 

second section, a review of the most recent quality assessment techniques follows, followed by 

a discussion of the primary drawbacks of the ones that are now in use. Section 3 contains a 

discussion of the model that was proposed. Within the fourth section of the study, the analysis 

of the experiment that was utilized to evaluate performance metrics is presented. Last but not 

least, some closing reflections are included in Section 5. 

2. Literature Survey:  

In the beginning of the study on no reference quality assessment, models were developed to 
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correct picture faults such as blurriness, graininess, blockiness, and ringing. This was the 

beginning of the assessment. Blurring, noise, or compression artefacts were the root causes of 

these technical difficulties. Participants ranged in age from 18 to 21 years old. Throughout the 

course of their research, L.Hu et al.[4] provide a novel BIQA approach that places equal focus 

on both synthetic and actual distortion. They present a framework for a visual transformor that 

is configurable and utilizes hierarchical feature fusion in order to improve the accuracy of the 

evaluation. An effective vision-Transformer backbone is used in the first portion of the 

approach, which is the extraction of multiscale features. In addition, a hierarchical feature 

fusion module is provided so that features from various levels may be progressively integrated 

into the system. The elimination of redundant information is accomplished in a straightforward 

and efficient way by using an attention mechanism that is implemented immediately after each 

fusion. In their research work, S. Bosse and colleagues [5] proposed a method for evaluating 

picture quality, which they referred to as the image quality assessment (IQA). As part of this 

approach, a deep neural network is used. Ten convolutional layers and five pooling layers 

constitute the network, which is trained from the very beginning to the very end. The pooling 

layers are used for feature extraction. In addition to this, it has two regression layers that are 

completely interconnected, which makes it a great deal more thorough than prior IQA models. 

In their research, W. Zhang and his colleagues [6] constructed a deep bilinear model that is 

capable of accurately rating the quality of a photograph, regardless of whether the photos were 

altered purposefully or organically. For the purpose of providing a final quality forecast, the 

two feature sets are blended into a single representation. Following that, a modified form of 

stochastic gradient descent should be used in order to optimize the whole network on the 

databases that are being taking into account. During the course of their research, J. Wu and his 

colleagues [7] presented a CNN method for blind IQA (BIQA). This technique is capable of 

accurately taking into account the quality drop. Despite the fact that CNN is highly dependent 

on enormous volumes of data, the IQA databases that are now available are not sufficient to 

meet the requirements necessary to optimize its operations. Additionally, W. Zhang and his 

colleagues [8] developed a unified BIQA model as well as a training technique that is capable 

of dealing with both synthetic and true aberrations. For the purpose of improving the 

performance of a deep neural network for BIQA, they compare an extremely large number of 

picture couplings. Integrity loss is the method that is used to accomplish this. In addition, they 

suggest the use of a hinge constraint in order to guarantee a more precise assessment of 

uncertainty throughout the process of optimization.  

  The ranking is based on a controllable list. IQA, also known as CLRIQA, is an 

innovative rank learning-based NR-IQA technique that was published by OU et al. [9]. Using 

the inverse of the Weber-Fechner rule, this method assesses whether or not there is an excessive 

or insufficient exposure. Fusion and compression techniques are used in order to create rank 

picture samples and imitate the effects of real-world distortion. Two distinct components make 

up the VCRNet, which was created by Pan Z and his colleagues [10]. These components 

include a quality rating network and a visual restoration network. The purpose of this is to 

establish a connection that is suitable between the distorted and restored images. A visual 

compensation module, an optimized asymmetric residual block, and an error map-based mixed 
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loss function are the components that make up the network model. Liu C. and colleagues [11] 

provide a multi-level feature augmentation technique that may be used to retrieve local features 

from photographs that have been previously distorted. The above paragraph provides an 

illustration of this tactic. Deep pan sharpening was the subject of a quality assurance network 

that was constructed by N. Badal and colleagues [12]. To do this, it establishes the equivalence 

of feature representations that are derived from panchromatic and input low resolution 

multispectral photos that have properties that are comparable to one another. The self-

supervised collaborative autoencoder that Z. Zhou and colleagues [13] have developed is 

shown here. Additionally, this autoencoder is able to differentiate between distortion and 

information that is connected to the content material. In addition to this, they provide a quality 

predictor that is based on self-adaptive weighting, which guarantees that the content and 

distortions are suitably balanced when estimating the quality of the image. Yang et al. [14] 

developed a saliency-guided architecture that includes spatial and transposed attention. This 

architecture is based on NR-IQA and operates from beginning to finish.  

Here are some commonly used NR-IQA methods:  

i. BRISQUE (Blind/Reference less Image Spatial Quality Evaluation) uses spatial 

attributes to evaluate quality [2-22].  

ii.  PIQE (Perceptual Image Quality Estimate) is a quality assessment approach that 

uses spatial information, like BRISQUE [24-25].  

iii. The NIQE (Natural Image Quality Evaluator) assesses spatial and frequency 

domain characteristics [26]. 

3. Methodology: 

The quantity of distortions or noise that a picture contains is the same thing that is considered 

while assessing the quality of the image. Obtaining accurate evaluations of these quality 

indicators is challenging due to the absence of a reference image. The method that is referred 

to as general-purpose no-reference image quality assessment (NR-IQA) was first developed 

with the intention of evaluating the quality of the picture without taking into consideration the 

various kinds of distortion [15] - [16]. The approach that is being used here is to make use of 

extracted qualities that have the potential to aid in detecting various types of distortion. As a 

consequence of this, the performance of the product is directly proportional to the architecture 

of its many components. However, the most basic problems with the satellite image datasets 

that are now available are that 1) they have a limited range of content and distortions, and 2) 

they do not accurately represent complex combinations of distortions that are frequent in photos 

captured in the real world. Both of these problems plague the satellite image datasets. In 

addition, there is no reference image that can be accessed, and it is not apparent how the human 

visual system (HVS) distinguishes between the various levels of picture quality and 

authenticity.  

A) Sparse Approximated Variational Autoencoder (SAVA) IQA: 

Alternative autoencoders, also known as variational autoencoders or VAEs, are models that 

address a specific challenge that is associated with conventional autoencoders. A condensed 
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form of the input, also known as the latent space or bottleneck, is the sole form that an 

autoencoder learns to represent throughout the course of its training. On the other hand, the 

latent space that is formed as a result of training is not necessarily continuous and in certain 

cases may be difficult to interpolate. This is the specific difficulty that variational autoencoders 

[27], which describe the latent properties of the data as a probability distribution, are designed 

to answer. In this way, a continuous latent space is produced, which may be sampled and 

interpolated with relative ease. An strategy that is often used for learning sparse codes involves 

repeatedly applying the recursive equation that is shown below until convergence is reached. 

In order to solve the problem of l1-norm regularized least squares in sparse codebooks, the 

authors of this work suggest the use of an iterative sparse approximation that is accompanied 

by a pre-conditioner that is unique to itself.  

In order to produce sparse code 𝓍 ∈ ℝη from noisy input, this method is used. The following 

is an example of a general sparse approximation:  

𝔟 = 𝒜𝓍 + 𝓃 ∈ ℝM                                           (1) 

Where  𝒜 ∈ ℝMxNand   𝓃 ∈ ℝM  is the environmental noise. 

A huge amount of data points are needed for the conventional Least Squares (LS) method.  

ℳ ≥ 𝒩and 𝒜 has full rank 𝒩 to recover 𝓍̇ = (𝒜𝒯𝒜)−1𝒜𝒯𝔟. A much lower number of 

observations, ℳ ≤ 𝒩 might be used to reconstruct 𝓍 using current Compressed Sensing (CS) 

methods. The previously noted challenge with basis-based image content representation may 

be overcome so long as the input picture seems sparse: 

𝑚𝑖𝑛
𝑥𝑒ℝ𝑁

1

2
‖𝐴𝑥 − 𝑏‖2 + 𝜏‖𝑥‖1                                         (2) 

Where 𝜏 > 0 is a specified normalization coefficient, ‖𝑥‖ =  √∑ 𝑥𝑖
2𝑁

𝑖=1  and ‖𝑥‖1 =

 √∑ |𝑥𝑖|
𝑁
𝑖=1 denote the𝑙2and the 𝑙1norms of 𝑥, respectively, 

Incorporating the restriction clarifies the solution key space. The data would be extracted 

utilizing an effective optimization method in the suggested recovery procedure.  

𝑥̂ = [𝑥+; 𝑥−] ∈ ℝ2𝑁 ≥ 0and𝐴̂ = [𝐴, −𝐴] ∈ ℝ𝑀𝑥2𝑁(3) 

where, 𝑥𝑖
+ = max(𝑥𝑖, 0) and 𝑥𝑖

− = max (−𝑥𝑖, 0) , the 𝐴𝑥 = 𝐴̂𝑥̂ and, ‖𝑥‖1=‖𝑥̂‖1and hence 

Eq.) can be solved with respect to 𝐴̂ and. 𝑥̂ ≥ 0.  

 Thus, the proposed method need just identify the form of Eq. shown below.  

for  𝑥 ≥ 0 

𝑚𝑖𝑛
𝑥𝑒ℝ𝑁

1

2
‖𝐴𝑥 − 𝑏‖2 + 𝜏𝑒𝜏𝑥(4)  

𝑠𝑡𝑥 ≥ 0 
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 An optimized solution may be found using the Karush-Kuhn-Tucker (KKT) system if 

the optimization problem in Equation (4) is convex and contains only linear constraints that 

satisfy Slater's condition:  

𝐴𝜏𝐴𝑥 − 𝑠 − 𝐴𝜏𝑏 +  𝜏𝑒 = 0                                 (5a) 

𝑋. 𝑆𝑒 = 0                                    (5b) 

(𝑥, 𝑠) ≥ 0                                 (5c) 

Where  

𝑋 = 𝐷𝑖𝑎𝑔(𝑥)𝑎𝑛𝑑𝑆 = 𝐷𝑖𝑎𝑔(𝑠) 

 from implication, diagonal matrices are composed of the primal coefficient x and the 

dual coefficient values x and s, respectively. This is implied from the equation that was shown 

before. In addition, it was observed that the values 0 and e represent arrays that are either 

entirely zero or entirely one, and the size of these arrays ought to be obvious from the reference. 

In order to enhance the link between different regions of images on a global and local scale, 

the modules work together in a manner that is either multidimensional or multidimensional. By 

simply including Equation (5b) into the fundamental Karush-Kuhn-Tucker framework, the 

Inverse Sparse Approximation (ISA) is able to handle a modified Karush-Kuhn-Tucker 

technique.  

𝑋𝑠𝑒 = 𝜎𝜇𝑒                           (6) 

Where 𝜇 = 𝑥𝜏𝑠/𝑁 goes to 0 , Whenever it converges, it returns to zero and 𝜎 ∈ [0,1]is a 

centeredness element.  A 𝜎 closer to 1 will prompt search results further towards the interior 

(𝓍, 𝑠) > 0. Moving from a specific point(𝓍, 𝑠), The new Karush-Kuhn-Tucker system's 

orientation might be determined as 

𝐴𝜏𝐴∆𝑥 − ∆𝑠 = 𝑟𝑑                                (7a) 

𝑆∆𝑥 + 𝑋∆𝑠 = 𝑟𝑒                                  (7b) 

The stationary residual 𝑟𝑑 and the slackness residual 𝑟𝑒  may be expressed as follows:  

𝑟𝑑 = 𝑠 − ∇ℎ(𝑥)                          (8a) 

𝑟𝑒 =  𝜎𝜇𝑒 − 𝑋𝑆𝑒(8b) 

Here,∇ℎ(𝑥) = 𝐴𝜏𝐴𝑥 − 𝐴𝜏𝑏 + 𝜏𝑒  is the gradient of the objective function    

ℎ(𝑥):
1

2
‖𝐴𝑥 − 𝑏2‖ + 𝜏𝑒𝜏𝑥                     (9) 
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Fig.1. Proposed SAVA based NR-IQ Estimation 

An example of Sparse Approximated Code (SAC) with predictor-corrector phases is provided 

by Algorithm 1, which makes use of the SAC architecture. When compared to the many sparse 

approximations, it is generally acknowledged to be the most successful candidate. A number 

of different initializations are used by the SAC that is advised in order to facilitate speedier 

convergence. These initializations include coefficients that are basic but sufficient, an 

imaginative pre-conditioner, and adaptive tolerance. During the initial setup and subsequent 

iterations, the proposed SAC allows for extremely flexible 𝑥, 𝑠 that contradict Equation (5a), 

despite the fact that Equation (5a)  must be met at all times. However, in order for the SAC to 

be considered adequate, Equation (5a) must first be satisfied by the process of convergence.  

The SAC network takes encoded feature vectors as input and uses them as 𝑋 = [𝑥1, 𝑥2, … 𝑥𝑘] 

Where 𝑘 stands for the amount of encoded coefficients used in each computation. An approach 

suggested for hastening the framework's convergence, Min-Max Normalization gradually 

transforms and normalizes the variables for every data dimension to the [0,1] range.  

𝑥 = [
𝑥−𝑚𝑖𝑛

𝑚𝑎𝑥−𝑚𝑖𝑛
] A minimum and maximum value are included in every column. Each column 

also has a minimum value. Convolution is performed once data restructuring is finished by 

converting the 1 by 1024 deep characteristics to a 32𝑥2 matrix.  

The following outcome is seen when the𝑗𝑡ℎ feature map is applied to the 𝑖𝑡ℎ  unit of the l 

convolution layer:  

𝑥𝑖
𝑙,𝑗

= 𝜎[𝑏𝑗 + ∑ 𝑤𝑎
𝑗𝑚

𝑎=1 𝑥𝑖+𝑎−1
𝑙−1,𝑗

]              (10) 

The activation function is denoted by 𝜎, the weight of the 𝑗𝑡ℎfeature map and 𝑎𝑡ℎ   filter index 

is denoted as 𝑤𝑎
𝑗
, 𝑚 is the kernel size, and 𝑏𝑗 is the bias term for the 𝑗𝑡ℎ feature map. 

B) Modified Level Set And Markov Random Field (MLs-MRF) IQA: 

FCM, which stands for fuzzy C-mean, is a fuzzy clustering approach that is often used for the 

purpose of medical picture segmentation [17]. The FCM algorithm is responsible for dividing 

the sequence 

{𝓍𝓀}𝓀=1
𝒩   into clusters by striving to minimize the objective function that is provided.  

ℐ = ∑ ∑ 𝓊𝒾𝓀
𝓂 ‖𝓍𝓀 − 𝓋𝒾‖2𝒩

𝓀=1
𝒸
𝒾=1               [11] 
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𝓍𝓀 = Gray Value associated with 𝓀th pixel 

𝓋𝒾 =  𝒾thCluster Center 

𝓊𝒾𝓀 = Fuzzy menmbership Value of pixel 𝓀 

𝓂 = Fuzziness Exponent with valuelarger than 1 

Following these steps, the results of the fuzzy clustering are used to initialize the level-set 

function. 

ℳ𝒾,𝒿 = Membership Function 

𝒵𝒾,𝒿 = ROI extracted fromImage 

A ROI is computed using, 

𝒵𝒾,𝒿 = {
1, 𝓊𝒾𝒿 > 𝒷0

0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
 

𝒷0 ∈ (0,1) 𝑖𝑠 adjustable threshold 

The level-set function is set up initially as: 

φ0(𝓍, 𝓎) = 2ε(2𝒵𝒾,𝒿 − 1) 

ε =  constant meant for regularizing the Dirac function  

 

Fig.2. Proposed  Modified Level Set And Markov Random Field based NR-IQ Estimation 

Controlling parameters are manually input in traditional levelset approaches, and the 

values of these parameters change depending on the application. This is done in order to 

influence the progression of the level-set function on the level. The technique that has been 

described makes use of the outputs of fuzzy segmentation in order to carry out an incremental 

evaluation of all controlling parameters. To determine the area and length of a contour that was 

created by fuzzy clustering, the Heaviside and Dirac functions are used in the calculation 

process.  

𝒞Area(φ ≥ 0) = ∫ ℋ(φ(𝓍, 𝓎))
Ω

−Ω
𝑑𝑥 𝑑𝑦           [12] 

𝒞Length(φ = 0) = ∫ δ0(φ(𝓍, 𝓎))
Ω

−Ω
|∇φ(𝓍, 𝓎)|𝑑𝑥 𝑑𝑦                        [13] 
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It is possible to express the Heaviside function in this context as follows:  

ℋ(φ) = {
1, 𝑖𝑓 φ ≥ 0
0, 𝑖𝑓 φ < 0

            [14] 

An efficient representation of the local interactions between the characteristics of neighboring 

pixels may be achieved via the use of the Markov Random Field (MRF), which is a complicated 

stochastic modelling tool. This can be accomplished by using the MRF.  

There is a random field that can be seen inside the area of hierarchical random field models.  

 

𝒶 = (𝒶1, … , 𝒶𝒩) 

𝒶𝒾 = Feature Value of Pixel 

Which attempts to derive an underlying stochastic field. 

 Hidden Random Field = (𝒷1, … , 𝒷𝒩) 

𝒷𝒾 ∈ 𝒦 

𝒦 = set of all possible labels. 

𝒷𝒾 = configuration of labels 

If the Markovian requirement that is shown below is satisfied, then the label field 𝒶𝒾  should 

be considered an MRF in regard to its neighborhood system.  

𝜌(𝒶|𝒷) = ∏ 𝜌(𝒶𝒾|𝒷𝒾)

𝒾∈𝒮

                                                                [15] 

𝒮 𝑆𝑝𝑜𝑡 𝑟𝑒𝑙𝑎𝑡𝑒𝑑 𝑡𝑜 𝑎𝑛𝑜𝑡ℎ𝑒𝑟 𝑜𝑛𝑒 𝑎𝑛𝑜𝑡ℎ𝑒𝑟  𝑤𝑖𝑡ℎ  

𝑛𝑒𝑖𝑔ℎ𝑏𝑜𝑢𝑟ℎ𝑜𝑜𝑑 𝑆𝑦𝑠𝑡𝑒𝑚   

𝒩 = {𝒩𝒾, 𝒾 ∈ 𝒮} 

𝒩𝒾 =  pots adjacent to pixel 𝒾 

𝒷𝒩𝒾 = Neighbourhood Configuration 

The equation z1 of MRF, which describes conditional independence, seems to be as follows:  

𝜌(𝒶|𝒷) = 𝜌(𝒶|𝒷)𝜌(𝓍) = 𝜌(𝒷) ∏ 𝜌(𝒶𝒾|𝒷𝒾)

𝒾∈𝒮

                               [16]   

𝜌(𝒶𝒾, 𝒷𝒾|𝒷𝒩𝒾) = 𝜌(𝒶𝒾|𝒷𝒾)𝜌(𝒷𝒾|𝒷𝒩𝒾)                                          [17]  

Assuming 𝒶 is selected at random from a probability distribution 𝑓(𝒶; 𝓀, 𝜃), for 𝓀 ∈ 𝒦, the 

marginal probability of 𝒶𝒾 is given by: 

𝜌(𝒶𝒾|𝒷𝒩𝒾, 𝜃) = ∑ 𝜌(𝒶𝒾, 𝓀|𝒷𝒩𝒾, 𝜃) = 𝑓(𝒶𝒾, 𝜃𝓀)𝓀∈𝒦  𝜌(𝓀|𝒷𝒩𝒾)                            [18]          

Measurement of the HMRF using the EM algorithm: 

𝒷̂ = arg max
𝒷

{𝜌(𝒶|𝒷, Θ)𝜌(𝒷)}                                        [19] 
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A Gibbs distribution may be thought of as an alternative way to describe an MRF: 

𝜌(𝒷) = 𝓏−1𝑒𝑥𝑝(−𝒱(𝒷))    [20] 

𝓏: normalization constant 

𝒱(𝒷) = potential function 

In Equation [12], the prior probability 𝜌(𝒷) is a Gibbs distribution, and its joint probability 

is expressed as 

𝜌(𝒶|𝒷, Θ) = ∏ 𝜌(𝒶𝒾|𝒷, Θ) = ∏ 𝜌(𝒶𝒾|𝒷𝒾, 𝜃𝒷𝒾)𝒾𝒾         [21] 

𝜌(𝒶𝒾|𝒷𝒾, 𝜃𝒷𝒾): Gaussian distribution with parameters  

𝜃𝒷𝒾 = (μ𝒷𝒾 , Σ𝒷𝒾) 

 

Experiments  

Numerous pieces of information pertaining to photo databases are included in Table 1. The 

RIN represents the number of reference photographs, the DIN represents the number of images 

that have been warped, and the DTN represents the number of different forms of distortion. 

The specific score type (SST) is a subjective score. SR stands for the subjective score range 

category.  

  The first database comprises one hundred photographs that have been purposefully 

distorted, with a total of three different types of distortion. There were a total of fifteen 

observers who were responsible for assigning the DMOS values to the database, which ranged 

from 0 to 1. The DMOS value and the image quality are said to have a negative relationship 

with one another. 

  The second database, which consisted of a distorted photo dataset marked with blur, 

was examined by around 10 different observers independently. It comes with 250 pictures that 

include genuine blur distortions, such as blur caused by motion and blur caused by ordinary 

out-of-focus blur. 

   Database 3 is comprised of one hundred photographs that have been purposefully 

altered and twisted according to two distinct methods. The database was evaluated by twenty 

observers from three different countries using a MOS scale that ranged from 0 to 9. If the MOS 

score was greater, it suggested that the image quality was better. 

 

Table:1 Database 
 

RIN DIN DTN SST SSR 

Database 

1 

25 20 3 DMOS [0,1] 

Database 

2 

20 200 1 MOS [0,9] 

Database 

3 

25 80 2 MOS [0,5] 
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To measure the accuracy and reliability of the predictions, we used both PLCC and Spearman's 

rank order correlation coefficient (SRCC). In order to determine the SRCC, you must:  

SRCC = 1 −
6 ∑ 𝑑𝑖2𝑁

𝑖=1

𝑁(𝑁2−1)′                                               [21] 

The variation in the ranks of the 𝑖𝑡ℎ  picture in the objective and subjective evaluations is 

denoted by 𝑑𝑖, and 𝑁 is the quantity of photos in the testing database. The following formula 

is used by the PLCC to find out how closely the expected scores match the actual facts: 

 

PLCC =
∑ (𝑞𝑖−𝑞̅)(𝑠𝑖−𝑠̅)𝑖

√∑ (𝑞𝑖−𝑞̅)2
𝑖  √∑ (𝑠𝑖−𝑠̅)2

𝑖

′                        [22] 

 The objective score of the 𝑖𝑡ℎ image after nonlinear regression is represented by 𝑞𝑖, and 

their mean value is 𝑞̅. In this context, 𝑠𝑖 is the subjective evaluation of the 𝑖𝑡ℎ  picture and 𝑠̅ is 

the average of the overall 𝑠𝑖. If both indices are rising, it means the quality metric is succeeding. 

Performance Evaluation: 

  In the next part, we will analyses the performance of the two suggested methods on the 

datasets that were taken into consideration while determining the degree of blur and distortion. 

Five cutting-edge BIQA algorithms were utilized by the researchers to conduct the same test 

and analyses the levels of performance that each algorithm exhibited. HyperNet [5], DBCNN 

[6], CaHDC [7], UNIQUE [8], CLRIQA [9], and VCRNet [10] are some examples of quality 

evaluations that are based on deep learning [28]. A representation of the experimental findings 

from the synthetic picture database may be seen in Figure 3.  

 

Fig-3 Comparison of State of the art method SRCC & PLCC for database-1 
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Fig-4 Comparison of State of the art method SRCC & PLCC for database-2 

 

 

Fig-5 Comparison of State of the art method SRCC & PLCC for database-3 

It can be seen from the table that both approaches resulted in promising results. The algorithm 

that was proposed to be used in dataset 1 received SRCC and PLCC scores of 0.96 and 0.96, 

respectively, making it the approach that performed the best overall. In addition, SAVA-IQA 

accomplished a satisfactory level of performance, achieving scores of 0.94 and 0.95 for SRCC 

and PLCC, respectively. Based on the information provided in the section on linked work, they 

have a tough time dealing with complicated distortion and blur. It was shown in the earlier 

research and conclusions that the MLs-MRF IQA technique performed more effectively. This 

result was achieved by the use of Level Set and Markov Random Field, in addition to the 

method that was utilized to simulate the human visual system. 

Conclusion: 

The evaluation of picture quality without reference is an important area of research in the field 
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of computer vision that has garnered a significant amount of research attention from academics. 

There have been considerable contributions made by the scientific community to the 

development of models that function exceptionally well. One of the novel approaches that we 

proposed for assessing the quality of photographs is one that does not need reference 

photographs. Compared to other methods, our satellite image statistics-based technique is 

superior when it comes to evaluating the quality of photos that do not have any references. The 

purpose of this research is to provide two different NR-IQA techniques. The first one is a 

combination of Quality Assessment Regression and a Sparse Approximated Code-based 

Variational Autoencoder. In this method, distortions are evaluated by extracting quality-aware 

features from the spatial domain as well as the spatial-temporal domain. In addition to this, an 

objective quality measure is developed by the use of a Markov random field. Additionally, our 

model consistently offers cutting-edge performance across a wide range of datasets, which is a 

significant advantage.  
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