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Abstract 
 

Context. The transition from conventional voice services to more intricate interactive multimedia 

services has been encouraged with the latest advances in wireless communications. There 

continuous changes in innovative advancements have empowered the propagation of speech, 

image and video services. Therefore, the researches about image quality assessment (IQA) has 

turned out to be extremely prominent. The impact of the distortions induced in the images on the 

visual user varies depending on the part of the image. The region of interest (ROI) is the part of an 

image which is mainly focused on the viewers. The visual attention (VA) of the viewers is mainly 

attracted to the most salient portions of an image. Generally, the distortions in the salient content 

of an image may distract the user by creating a bad visual experience for the user. As the main 

objective of every image related product is to fulfill the viewers’ experience, subjective quality 

assessment is the most accurate way of assessing its quality. In addition to subjective assessment, 

objective quality assessment of images is also done for more accurate evaluation of test images. In 

this thesis, the objective assessment is done in order to find the differences of images in terms of 

Peak Signal-to-Noise ratio (PSNR) and Structural Similarity (SSIM) index. The ROI in an image 

is disturbed by inducing impairments into it without disturbing the background. Similarly, the 

background is disturbed by inducing impairments into it without disturbing the ROI.  

Objectives. The performance of objective and subjective metrics are observed in various scenarios 

on the basis of two different cases, ROI and background. These two cases are observed based on 

two types of impairments, namely, blocking and white Gaussian noise. The metrics considered for 

objective quality assessment in this thesis are SSIM and PSNR.  

Methods. Image quality assessment is done by both subjective and objective methods. The 

impairments are induced in images in two ways, namely, blocking and white Gaussian noise. For 

the objective metrics mentioned above, performance is calculated by simulation in MATLAB and 

analyzed. The subjective quality assessment is done by comparing the test images along with the 

reference image in a subjective experiment. The method used is double stimulus continuous quality 

scale (DSCQS) in subjective tests. 
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Results. Performance of objective quality metrics and subjective quality metrics are evaluated and 

analyzed. 

Conclusions. With a detailed analysis and results comparison, we finally conclude that the 

distortions or the impairments induced in the ROI have higher impact on over all perceived quality 

than the impairments induced in the background. The mean opinion score which is obtained by the 

aggregate of quality scores from the subjective tests depicts the degradation of image quality due 

to the impairments induced.  

Keywords: Impairments, Region of Interest, Visual Attention, Mean Opinion Score. 

 



 

6 
 

CContents 

Acknowledgements ..................................................................................................................................... 3 

Abstract ........................................................................................................................................................ 4 

1. Introduction ........................................................................................................................................... 10 

1.1 Background ..................................................................................................................................... 10 

1.2 Image quality metrics ..................................................................................................................... 14 

1.3 Subjective quality assessment ........................................................................................................ 15 

1.3.1 Subjective testing standards and its recent works ................................................................ 16 

1.4 Objective image quality assessment .............................................................................................. 16 

1.4.1 No-reference image quality assessment .................................................................................. 17 

1.4.2 Reduced-reference image quality assessment ........................................................................ 18 

1.4.3 Full-reference image quality assessment ................................................................................ 20 

1.5 Motivation ........................................................................................................................................ 24 

1.6 Research questions .......................................................................................................................... 24 

1.7 Main contribution of the thesis ...................................................................................................... 25 

2. Related works ........................................................................................................................................ 26 

2.1 Subjective selection of ROI ............................................................................................................ 27 

2.2 Selection of ROI .............................................................................................................................. 28 

2.3 Averaging of ROI ............................................................................................................................ 30 

3. Methodology and implementation in MATLAB ................................................................................ 32 

3.1 Blocking ........................................................................................................................................... 32 

3.2 White Gaussian noise ...................................................................................................................... 33 

3.3 Mapping functions .......................................................................................................................... 35 

3.4 Prediction of quality scores ............................................................................................................ 37 

3.4.1 Prediction performance indicators ......................................................................................... 37 

4. Subjective test conditions and calculations ......................................................................................... 39 



 

7 
 

4.1 Observers ......................................................................................................................................... 39 

4.2 Test session ...................................................................................................................................... 39 

4.3 Presentation of the results .............................................................................................................. 40 

4.4 Selection of test techniques ............................................................................................................. 41 

4.5 Double-stimulus continuous quality scale method ....................................................................... 41 

4.5.1 General description .................................................................................................................. 41 

4.5.2 Grading scale ............................................................................................................................ 41 

5. Results and discussions ......................................................................................................................... 43 

5.1 Performance metric comparison of SSIM and PSNR ................................................................. 43 

5.1.1 Blocking .................................................................................................................................... 43 

5.1.2 Gaussian noise .......................................................................................................................... 49 

5.2 Objective and subjective MOS comparison .................................................................................. 55 

5.2.1 Blocking .................................................................................................................................... 55 

5.2.2 Gaussian noise .......................................................................................................................... 57 

5.3 Discussions ....................................................................................................................................... 58 

6. Conclusions and future work ............................................................................................................... 60 

7. References .............................................................................................................................................. 62 

 

  



 

8 
 

List of Abbreviations 

ACR    Absolute Category Rating  

BG    Background 

DCR                Degradation Category Rating 

DSCQS           Double Stimulus Continuous Quality Scale  

FR-IQA          Full-Reference Image Quality Assessment  

FSIM   Feature Similarity Index  

HVS    Human Visual System  

IQA   Image Quality Assessment 

IQM   Image Quality Metrics  

MAD   Most Apparent Distortion  

MOS   Mean Opinion Score  

MSE   Mean Squared Error  

MS-SSIM  Multi-Scale Structural Similarity Index  

NR-IQA   No-Reference Image Quality Assessment  

PEAQ  Perceptual Evaluation of Audio Quality  

PESQ   Perceptual Evaluation of Speech Quality  

PSNR   Peak Signal to Noise Ratio  

QoE   Quality of Experience  

QoS   Quality of Service  

RGB   Red, Green, Blue  

ROI   Region of Interest 



 

9 
 

RR-IQA  Reduced-Reference Image Quality Assessment  

SM   Saliency Map  

SSCQE  Single Stimulus Continuous Quality Evaluation  

SSIM   Structural Similarity Index Mapping  

UEP   Unequal Error Protection 

VA   Visual Attention 

VIF   Visual Information Fidelity  

RMSE  Root Mean Squared Error 

RMSESSIM RMSE value of SSIM metric 

RMSEPSNR RMSE value of PSNR metric 

SPEcorr Spearman correlation coefficient 

PEcorr  Pearson correlation 

 



 

10 
 

1. Introduction 

1.1 Background 

The transition from conventional voice services to more elaborate multimedia services has been 

facilitated by the recent advances in wireless communications. A widespread use of the Internet 

and a shift from speech to multimedia applications such as audio, data, image and video services 

are the most eloquent advances over the recent years. Especially, image and video applications are 

among those services that speed up the communication beyond the long-established voice services 

[1]. The rapid evolution of advanced wireless communication systems has been driven in recent 

years by the advancement of wireless applications such as mobile multimedia and wireless 

streaming services. The real-time audio and video services over the Internet are also supported by 

the recent advances in wireless communications. The traffic of mobile data has been increased 

globally by 81% in 2013. By the end of 2016, it is expected that the number of mobile connected 

devices will exceed the number of people on the earth. This analysis is done according to the 

predictions made by Cisco [1]. Therefore, it is conveyed that on an average, a person has more 

than one mobile connected device. Whereas, the traffic of the mobile data of video applications 

was 53% in 2013. This has been increasing drastically and is expected to exceed 67% by 2018 [1].   

Telecommunication networks have seen most significant advances over the last decades which 

deliver a variety of services [2]. There is a requirement of huge amounts of data in order to 

represent the visual content. The availability of limited bandwidth constitutes a difficult system 

design framework for wireless channels. It is also perceived that humans, as the end-user of such 

services, demand access to their extended surroundings. Humans broaden their surroundings 

without watching any limitations on the advances in the innovation or limitation on the mobility. 

Moreover, the largely heterogeneous complex structures, complex traffic patterns and distribution 

of severe channel impairments and also the fading channel which varies with time make wireless 

networks a great deal more unusual as compared to their wired counterparts. In spite of the 

advances of coding innovations and communication, an issue is still remains which is the fact that 

transmitted data suffers from the impairments through source encoder. This results in downgrading 

of quality of multimedia content such as speech, images and videos.  
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As there is a shift from speech to multimedia, the communication partners at both ends always 

expect best quality of experience (QoE) [2]. As humans are the ultimate judges of service quality, 

the human visual system (HVS) is used to deliver better quality of service (QoS). The HVS is often 

considered to be most important of our sense organs to obtain information from the outside world. 

The main function of the human eyes is to extract structural information from the viewing field 

and the HVS is highly adapted for this purpose. We would not be able to know and appreciate the 

beauty of the world around us without our sight. Our eyes are accustomed to observe a natural 

environment during human evolution. This has changed with the deployment of the many visual 

technologies such as television, cinema and mobile phones. These pervasive technologies now 

strongly influence our private life and everyday work. The technology is used at artificial 

reproductions of the natural environment in terms of digital images and videos. The Internet and 

third generation mobile radio networks allow sharing of visual content universally. 

As we are acquainted to perfect quality of the real world environment, a certain range of quality is 

expected. The systems that use visual representations of the world is broad and includes both image 

and video acquisition. These systems are developed from the compromise between the visual 

quality of the system output and available technical resources. Due to many factors including 

compression, transmission, and display of the image, reduction of overall perceived quality is often 

caused. The degradation in quality depends upon the severity and the type of the artifacts 

introduced in the visual content. 

Visual content and service providers are measuring the quality loss in order to maintain a certain 

range of visual experience to the end-user [2]. As the wireless channel constitutes an unreliable 

and unpredictable medium, it is very important for network providers to transmit the signal 

efficiently that experience severe degradations. As the bandwidth available is limited, so, 

compared to the voice services, wireless image and video communication services is difficult. For 

traditional voice services, reliable communication networks have been used for many decades. The 

aim of visual attention is to predict the attentional behavior of human observers when observing a 

visual scene. Generally, these visual attention models cannot predict the human fixations, but are 

limited to predict the objects and locations where humans’ focus on.  
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Recent works [3]–[5] have shown that many visual attention (VA) models are developed based on 

the theory of Treisman and Gelade [3]. Specifically, the recent visual attention model constituted 

a theoretical basis for HVS characteristics that are incorporated to contribute to VA. The HVS 

characteristics such as contrast sensitivity, multiple-scale processing and center surround 

processing contribute to VA. The most widely used bottom-up VA model following this criterion 

is based on the neuronal architecture of the early visual system. The multiple-scale image features 

are integrated into a topographical saliency map (SM) in early visual system. Le Meur [4]  also 

proposed a bottom-up VA model that predicts SM based on a model including a visibility, a 

grouping stage and a humans’ perception. Marat proposed a spatio-temporal model [5] which 

accounts for static and temporal pathways in the HVS. Despite the validity of the proposing VA 

models inspired by the HVS, there is a strong flow towards content-based models. These 

approaches are incorporated with visual factors such as low-level and high-level attributes which 

attracts attention of the viewers. Based on the eye movement data, a model is proposed [3] based 

on a few assumptions about VA mechanisms in the HVS. In most of the models, the main focus is 

on bottom-up attentional processes unlike top-down attentional processes as it is less understood.  

Several recent studies predict the level of importance or the level of perceived quality [3]–[6]. Any 

region or object that receives a high level of interest in the visual content is referred to as Region 

of Interest (ROI) or Object of Interest (OOI). These models are completely based on division or 

segmentation of an image, i.e. visual content is segmented into different levels of interest. In other 

words, the visual scene is separated into ROI and background (BG). The ROI and the background 

of the visual content are assigned different levels of interest. Osberger in [3] validates an 

importance prediction model and the ROI prediction model using visual patterns recorded using 

eye tracking. In the Berkeley approach [3], it is assumed that interest levels are related to saliency 

driven visual cues and bottom-up cues. All the above approaches convey that there is strong 

relation between eye movements and the ROI selections. Thus, ROI is evaluated from SM by 

allocating accurate thresholds for various levels of interest. 

VA is one of the most vital features of the HVS. Therefore, the integration of the VA models into 

quality assessment is provoked due to the HVS. Usually, humans are sensitive to any disturbances 

or distortions in the image. The viewers mainly focus on most salient regions in the visual content. 

Their sensitivity to distortions is greatly reduced outside the salient regions in the visual scene. As 
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such, they may be perceived as less annoying and may have less impact on the overall perceived 

quality. Integration of visual saliency [7] and perceptual distortion is most important for improving 

the image quality assessment (IQM). Nevertheless, visual quality metrics ignore the impact of 

these factors and weight distortions uniformly over visual space. In the previous works, there has 

been many efforts to evaluate VA and saliency models for quality assessment. It is shown that 

when the saliency information is incorporated into quality metrics, the prediction of the perceived 

visual quality increases. The option of integrating auditory cues into attention models is explained 

in the subjective study of audio visual attention by Lee [3]. The studies show that sound source 

attracts VA. The visual distortions in the sound-emitting regions are more perceived relative to the 

distortions in the regions far from the source. 

There have been researches [2] [6] [8] conducted which conject that there are no added advantages 

from VA towards improved quality metrics in quality assessment. This was tested for different 

pooling functions to include saliency information with the distortion features. Moreover, recent 

works [6], [7] mainly depend on gaze or view patterns formed during the task of quality 

assessment. SMs are used for the viewing strategy of viewers when assessing image quality instead 

of using them directly to reflect the content saliency. The quality prediction improvement is less 

in global distortions than localized distortions. Similarly, from the recent studies [7], [9] it is shown 

that the impact is less in image applications than video applications. The reason is that there are 

continuous changes of the visual content in video and so there will be greater dynamic shifts and 

distortion fluctuations compared to still images.  

1.1.1 Quality of experience  

In recent years, the concept of QoE obtained attention to represent the quality of service as it is 

perceived by the users [9] [7]. One of the major challenges in communication systems is to deliver 

better quality of service in order to give best experience to the end-user. The main goal of network 

operators and content providers is to maximize the service quality at a given cost. The concept 

called QoE helps service providers and application developers to predict users’ experiences and 

perceptions. Appropriate metrics are needed to monitor the quality of the wireless communication 

services. The metrics are used to accurately quantify the end-to-end visual quality as perceived by 

the user. To fulfill given QoE requirements, resulting metrics can be utilized to perform efficient 

link adaptation and resource management techniques. Traditional metrics such as mean squared 
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error (MSE) and peak signal to noise ratio (PSNR) have been used to support this objective. Due 

to the impact of transmission errors on visual signal, the subjectively perceived quality is not 

suitably reflected to the performance metrics such as MSE and PSNR. 

1.2 Image quality metrics 

Image quality assessment (IQA) [8] becomes predominant in the multimedia areas such as audio 

and video. Research works on image quality assessment aim at deriving metrics that are well 

correlated with the human perception. Especially in recent years, the image quality assessment 

efforts have been increased considerably. The number of quality metrics that have been proposed 

for quality assessment is very high in the recent decades. There is no perfect image quality metric 

which is accepted globally that work under a wide range of conditions. Thus, this research field is 

considered to still be immature. In the fields of audio and speech there are two methods which are 

globally accepted, i.e. perceptual evaluation of speech quality (PESQ) and perceptual evaluation 

of audio quality (PEAQ) [2]. The higher level visual data and the HVS cannot be easily evaluated 

by an objective metric. Thus, traditional metrics such as the MSE and the PSNR are used for 

system optimization and for monitoring system performance. 

With the increasing demand for image-based applications, adequate and reliable evaluation of 

image quality has considerably increased in importance. Evaluating the quality of images in 

accordance with the human quality judgements is the main goal of IQA methods [2]. The most 

accurate and reliable way of assessing image quality is by conducting and evaluating subjective 

experiments. As subjective experiments are time consuming and expensive, it makes them 

impossible in real world applications. Furthermore, subjective experiments are complicated by 

several factors. It takes factors into consideration like viewing distance, lighting condition, display 

device, subjects’ mood and subjects’ vision ability.  

The transmission over wireless channels leads to a wide range of artifacts or distortions in image 

or video communication. It is desirable to determine the impact on visual perception to define 

objective metrics that assess image quality. The PSNR cannot be applicable as it is purely 

dependent on the reference image which is available at the receiver. The HVS has been well 

adapted to the extraction of structural information. On the other hand, the HVS does not recognize 

pixels as single entities unless the resolution of visual presentation is considered. It rather perceives 
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structures and objects in the scene that are composed of pixels. Each pixel is represented by a 

luminance value and corresponding chrominance values.  

 

 

Figure 1.1 Classification of objective image quality assessment [2]. 

The prediction of quality of an image precisely and automatically is the main goal of objective 

IQA. An ideal objective IQA method should be able to understand the quality predictions of an 

average human observer. The objective quality assessment methods are classified as shown in Fig. 

1.1. It is further classified into three types based on availability of the reference image. The first 

type is full-reference image quality assessment (FR-IQA) where the reference image is fully 

available. The second type is reduced-reference image quality assessment (RR-IQA) where the 

reference image is not fully available. Instead, some features of the reference image are extracted 

and used in order to evaluate the quality of the test image. The third type is no-reference image 

quality assessment (NR-IQA) in which neither reference image nor features extracted from the 

reference image are available.  

1.3 Subjective quality assessment 

Human observation is generally considered as the best judgement for visual quality. Thus, 

subjective assessment methods can be regarded as most reliable measures of perceived visual 

quality. Subjective quality ratings are necessary for metric design and validation. This data is 

gathered by conducting image and video quality tests which involve a number of human observers 

that give ratings to the visual stimuli displayed for them. Then, the average of all the scores is 
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taken producing a mean opinion score (MOS). There are several international standards that 

specify in detail the procedures for subjective image and video quality experiments that should be 

followed to obtain valid outcomes in terms of MOS [2]. 

1.3.1 Subjective testing standards and its recent works 

The single and double stimulus methods are two widely used methods, these are specified by the 

International Telecommunications Union (ITU).  The radio communications sector of the ITU 

(ITU-R) specifies procedures for television pictures in Rec. BT.500-11 [2]. 

In the single stimulus continuous quality evaluation (SSCQE) method, the quality of the distorted 

stimulus is rated without referring to the original stimulus. In double stimulus, both the reference 

and the distorted stimuli are rated using the double stimulus continuous quality scale (DSCQS). 

The procedures for multimedia applications are defined by ITU -T in Rec. P.910 which include 

absolute category rating (ACR) for single stimulus assessment and the degradation category rating 

(DCR) for double stimulus assessment [2]. 

Subjective quality experiments have very specific procedures and the results obtained are widely 

accepted measures of quality. As the procedures require a detailed set up, they are usually difficult 

to set up and time consuming. This is due to the fact that they involve many observers. The result 

also depends heavily on the subjects’ physical and emotional state apart from the technical aspects 

such as display device and surrounding light. Therefore, in most real world scenarios, in live 

systems it is not suitable to conduct subjective tests. Nevertheless, the results in terms of MOS are 

necessary for the design and validation of IQM. Also, it gives us insight into visual human 

perception in the presence and absence of distortions in an image. 

1.4 Objective image quality assessment 

The assessment of image quality has gained importance in recent years, with the interest increasing 

for image-based applications. The role of IQA methods is to assess the image quality in accordance 

with human quality perceptions. IQA plays a crucial role in visual signal communication and 

processing of images. The visual content passes through different processing steps prior to 

reaching the viewers. Images are subjected to several distortions when it undergoes compression, 

acquisition, and transmission. For instance, in image compression, blurring and ringing effects are 
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introduced which often lead to a decrease in the quality of an image. As bandwidth is limited, some 

data might get lost or dropped during transmission which degrades the quality of the received 

image. In image communications, it is most important to maintain, control, and enhance the quality 

of images. The quality of images is often tested by acquisition, management and processing of the 

images.   

Generally, the main motto of objective IQA is to develop models which are able to predict the 

image quality automatically and accurately. An ideal objective IQA method must be able to convey 

the quality predictions of an average human observer. These objective IQA methods have a wide 

range of applications. They can be used in quality control systems to continuously check image 

quality. In some image acquisition systems, they are used to monitor and adjust themselves 

automatically for obtaining best quality image data. In benchmark image processing algorithms, 

objective IQA metrics are also used [7]. An objective IQA metric is used to select the efficient 

algorithm amongst the image enhancement algorithms available to obtain good quality images. 

They can also be used for optimization of image processing and transmission systems. In visual 

communication networks, they are used to optimize bit assignment and pre-filtering algorithms at 

the encoder. At the decoder, the post-filtering and reconstruction algorithms are available.  

There are general purpose methods in which no specific distortion is assumed. Thus, these methods 

can be used globally in wide areas of applications. Similarly, there are application specific methods 

in which the distortions used are specified in advance. The algorithms proposed in the area of 

image compression applications falls into this category. In image compression, most of the quality 

metrics are designed for wavelet based image compression or block-DCT.  

The three main types of objective IQA methods are NR-IQA, RR-IQA, and FR-IQA. Their 

characteristics are described in the following subsections. 

1.4.1 No-reference image quality assessment 

Generally, the reference image is not available in many real-world applications such as image 

communication systems. When compared to RR-IQA and FR-IQA, the most difficult method 

among IQA methods is NR-IQA. While human beings can easily assess the quality of test images 

without any reference images, it is very difficult for an algorithm to perform the same task. This 
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is due to the fact that our brain stores a lot of information about how an image should or should 

not appear in the real world.  

1.4.2 Reduced-reference image quality assessment 

In RR-IQA, the reference image to compare with the test image is not fully available [10]. Rather, 

features that are extracted from the reference image are available for quality assessment. This 

method is used in a wide range of applications. As such, they can be used to monitor the level of 

degradation of visual content transmitted. This method is used if the data is transmitted through 

real-time communication networks.  

 

Figure 1.2 Frame work of an RR-IQA system [10]. 

At the transmitter, the features of the reference image are extracted which are then transmitted 

through an auxiliary channel as shown in Fig. 1.2. The feature extraction process is also applied to 

the test image at the receiver. The extracted features are used as side information at the receiver 

which is indicated by dotted arrow. The features extracted from both the test and the reference 

images are assessed to get the quality score for overall test image quality [10].  

The most important part of RR-IQA are the features that are used to encode the side information. 

If the features availability is high, the information about the reference image can be included for 

more accurate quality predictions. If the availability of features is high enough for the transmission 

of the reference image, then RR-IQA can also be considered as FR-IQA metric [10]. Similarly, if 

the availability of features is low, the information about the reference image to be transmitted is 
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very little. This results in the less accurate prediction of the quality of images. If there is no 

availability of features, the RR-IQA can also be considered as NR-IQA metric. In real world 

applications which uses RR-IQA metric, the maximum allowed features are usually very little. 

Thus, the following criteria are to be satisfied by the features extracted from the reference image:  

 Efficient summary of the reference image. 

 Sensitive to various types of distortions. 

 Good perceptual relevance. 

RR-IQA methods are further classified into three categories based on the design philosophy as 

shown in Fig. 1.3. 

 

Figure 1.3 Classification of RR-IQA methods.             

Methods based on the models of the image source  

In this method, statistical methods are used that capture the low level statistical features of natural 

images. Very little features are available in this method. As such, the parameters of this method 

summarize the information about the image in an efficient manner.  
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Methods based on capturing image distortions 

When sufficient information about the image distortions is available, then this method comes into 

use. This method has very limited application scope.  

Methods based on the models of human visual system 

In this category, physiological or psychophysical studies can be used to design the system. In the 

case of JPEG and JPEG2000 compression schemes, this method has shown very good 

performance.  

1.4.3 Full-reference image quality assessment 

In FR-IQA metrics, there is a complete availability of the reference image. The FR-IQA metric is 

used in the applications such as image compression and image watermarking. The different FR-

IQA quality evaluation metrics include MSE, PSNR, structural similarity (SSIM) index, multi-

scale structural similarity (MS-SSIM) index, visual information fidelity (VIF), most apparent 

distortion (MAD), feature similarity (FSIM) index [2]. Most importantly, these quality evaluation 

metrics is especially designed for gray-scale images. A rapid increase in image-based applications 

also lead to an increase in the evaluation of the image quality. PSNR and SSIM are the quality 

evaluation metrics considered in this thesis to judge the image quality. 

Root mean squared error 

It measures fidelity in terms of misfit/fit and is used in many applications. The regression line 

which predicts the average value of a variable y with respect to a variable x. It becomes necessary 

to measure the spread of the y values around that average. Root mean square error (RMSE) [11] 

performs this task and is defined as 

 = ∑ ( − )
 

 
(1) 

where  denotes the ith predicted value,  denotes the ith observed value and n is the number of 

values. 
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Peak signal to noise ratio 

PSNR is the ratio of the maximum possible power of a signal and the power of distortion [9]. A 

higher PSNR indicates that the image is of higher quality. PSNR is measured in decibels (dB) and 

is defined as  

 PSNR = 10 log ( )  
(2) 

where D denotes the dynamic range of pixel intensities. For instance, given 8 bits per pixel, we 

obtain D=255. 
To compute the PSNR, the block first calculates the MSE as follows: 

 

MSE =  
∑ [ ( , ) ( , )],    

(3) 

where M and N are the number of rows and columns in the input images i.e. width and height of 

the input images respectively. Moreover, ( , ) and ( , ) represent the values of 

intensity of pixel for reference and test images respectively.  and  denote the reference and 

test images. 

Structural similarity index 

The SSIM index exploits that the HVS is highly adapted for extracting structural information from 

a scene. Thus, this algorithm endeavors to model the structural information of an image. The SSIM 

algorithm is based on pixels of an image having strong dependencies. These dependencies are used 

to carry important information about the structure of a scene. Thus, this method that is capable of 

measuring the changes in the structural information which provides accuracy in perceived image 

distortion. The main task of the SSIM algorithm is to define the degradation of the image as 

perceived change in structural information [12].  
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Figure 1.4 Block diagram of the SSIM algorithm [13]. 

The SSIM algorithm processing involves three stages: luminance comparison, contrast comparison 

and structure comparison as shown in Fig. 1.4. 

In first stage, the luminance of each image is measured and compared. The luminance comparison 

function, ,  is a function of  and  which is given by  

, = 2 ++ +  
 

(4) 

where  and  denote the average values of the intensity distributions of reference and test 

images respectively. Moreover,  is a positive stabilizing constant chosen to prevent the 

denominator from becoming too small. We have =  ( ) , where D is the dynamic range of 

pixel values and ≪ 1 is a small constant.  

In the second stage, the contrast of each image is measured and compared. The contrast comparison 

function, ,  is a function of  and  given by 

, =  2 ++ +  

 

 

(5) 
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Where  and  represent the standard deviations of reference and test images respectively. 

We have =  ( )  is a positive stabilizing constant, where D is the dynamic range of pixel 

values and ≪ 1 is a small constant.  

In the third stage, the structure of each image is compared. The structure comparison function, ,  is a function of  and  is given by 

, =  . ++  
 

(6) 

where  is a positive stabilizing constant and .  is the correlation coefficient between the 

reference and test images. 

Finally, structural similarity is defined as  , = [ , ] [ , ] [ , ]  (7) 

where α, β, γ are positive constants chosen to illustrate the relative importance of each component.  

Pearson correlation 

Pearson correlation is used to measure the degree of relationship between linearly related variables. 

There are few conditions to be satisfied for the Pearson correlation [14], i.e. linearity and 

homoscedasticity. Linearity assumes a straight line relationship between the variables and 

homoscedasticity assumes that data have the same finite variance.  

Spearman correlation 

The Spearman correlation is a non-parametric measure of rank correlation between two variables. 

The Spearman correlation coefficient [14] is a statistical measure of strength of a monotonic 

relationship between paired data. 
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1.5 Motivation 
In recent works, image quality metrics are used to calculate the quality scores by assuming that 

the full image is of interest to the viewer. After several researches, this assumption has been 

changed as specific parts of image may be of higher interest to the end-user, i.e. ROI. The ROI of 

an image depends on the humans’ perception and mental condition. Generally, the ROI includes 

text, human faces, objects differing from surroundings, and animals. Therefore, it conveys that 

distortions especially in ROI makes the viewer more annoyed than distortions in the remaining 

part of the image.  

The main motivation of this thesis is to study the impact of distortions in ROI and BG on the visual 

attention (VA) of the user. In this thesis, as the results produced cannot be generalized, if only one 

sort of impairment is considered. Therefore, two different sorts of impairments considered, namely 

Gaussian noise and blocking. The scenario considered in this thesis is inducing of impairments 

only in ROI of image without disturbing the BG and only in BG of image without disturbing the 

ROI. If the images are passed through a wireless channel, the impairments induced are random 

and they are spread out across the ROI and BG. So, in this thesis, manual insertion of impairments 

is considered rather than passing it through a wireless channel in order to control the environment. 

The quality assessment of the ROI and the BG of the image is assessed by objective quality 

assessment and subjective quality assessment. In this thesis, two quality metrics are considered 

under the FR-IQA method, namely, PSNR and SSIM.  

1.6 Research questions 

RQ1: Is there an impact of the impairments that are induced in the image on the visual attention 

of the end user?  

RQ2: What are the challenges faced by the network operators to reduce the impact of impairments 

on visual attention?  

RQ3: Does the impairments in ROI or BG has more impact on visual attention of the user?  
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1.7 Main contribution of the thesis 

The main contribution of this thesis is to convey the importance of ROI while assessing the quality 

of the image. In recent works, image quality metrics are used to calculate the quality scores by 

assuming that the full image is of interest to the viewer. After several researches, this assumption 

has been changed as specific parts of image may be of higher interest to the end-user. The 

importance of ROI in the role of IQA is explained in this thesis by considering the images used in 

the database [2].  

The quality assessment of the impaired image is done by comparing it with the reference image. 

When the IQA is done for the whole image, then it is difficult to convey whether the distortions in 

ROI or the BG of the image plays a key role in the overall perceived quality. In order to convey 

the importance of ROI, the impairments are added separately to ROI of the image without 

disturbing the BG. Similarly, the impairments are added separately to BG of the image without 

disturbing the ROI. The images are impaired using Gaussian noise and blocking. In this thesis, the 

ROI coordinates of the image are taken from the database [2] which is used to differentiate the 

ROI and BG of the images considered.  

In addition to the ROI importance in the role of IQA, the quality metric which performs better 

among the PSNR and SSIM in case of impaired images is suggested in this thesis. The quality 

metric which gives the predicted mean opinion score (PMOS) which is almost equal to the 

subjective MOS is the best quality metric. The better quality metric is also defined based on the 

other performance parameters such as RMSE, Pearson correlation and Spearman correlation. The 

main contribution of this thesis is to convey the importance of ROI in IQA and also to convey that 

the distortions in ROI irritate the users more than the distortions in BG of the image. The better 

quality metric among PSNR and SSIM in case of images impaired with Gaussian noise and 

blocking is also suggested.  
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2. Related works 
In image analysis with respect to visual quality assessment, the observer is usually more focused 

on ROI [2]. Thus, distortions in ROI may result on perceived quality lower than severe distortions 

in the BG. However, it is well known that the HVS detects with most accuracy in the central point 

of focus, the fovea. Thus, one can easily predict that distortions in the BG are not perceived as 

severe as in the ROI. Unequal error protection (UEP) in wireless image communication, where the 

ROI may get greater protection than the BG to improve overall perceived quality [15]. A 

prerequisite of integrating visual attention into quality metric design is detecting salient regions in 

the image. Several methodologies have been studied which detect the salient regions in the visual 

content. Liu [16] proposed a motion model to discover and track ROI in video. Though the 

algorithm is of high reliability, there are few prediction errors. When the viewers are asked to 

select the ROI, the prediction errors from the algorithm can be excluded. 

The quality scores which are obtained from image quality metrics are based on the assumption that 

viewers' interest is constant to all the regions in the image. The overall quality perception of the 

image quality is based on distortions which are randomly distributed across the visual content. The 

quality perception is also based on the interest of the visual content. Every image is divided into 

ROI and BG. The ROI depends on the viewers’ interest of the visual content. The image can have 

one or more ROI. Generally, natural scenes have objects and regions which are of different 

interests to the viewer. Moreover, ROI include humans and especially their faces, animals and any 

important text written in the visual content. Thus, it is usually expected that distortions in ROI 

would have a greater impact on perceived quality than the distortions in the remaining part of the 

image. Similarly, the localized distortions caused due to transmission errors has greater impact 

than global distortions which occur due to source coding artifacts.  

The image quality metrics are integrated with ROI awareness in order to extract the ROI from the 

image. Therefore, metrics are computed separately both in the ROI and the BG to obtain quality 

scores of both the regions. The ROI and BG metrics are then subjected to a weighted pooling. By 

subjecting the image to human perception, optimal weights of ROI and the BG are determined. 

They are used to improve the quality prediction accuracy and generalization ability of the metric. 

The detection of ROI does not take into account the impact of content saliency on perception of 
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structural distortions. Each image has different ROI, one image may have ROI at the middle of the 

image and other image may have ROI at the corner of the image. When the ROI detection for the 

test images is carried out using detection algorithms, it may cause ROI detection errors which 

results in the miss detection of the ROI. So, there is a need to conduct the subjective experiment 

for ROI identification.  

In the subjective tests, conducted at the Blekinge Institute of Technology in Ronneby, Sweden [2], 

human observers were asked to select ROI in the test images presented to them. So, the 

experimenters conducted ROI subjective experiments and the results are analyzed. In the following 

Subsection 2.1, selection the ROI is performed based on the human perceptions.  

2.1 Subjective selection of ROI 

The experiment is referred to the experiment conducted at the Blekinge Institute of Technology in 

Ronneby, Sweden [2]. In this experiment, human observers are presented with the reference 

images to select ROI that were used in this thesis. Most importantly, the ground truth is that ROI 

selected from perception of human observers is reliable. In addition, MOS also being a quality 

ground truth, it can be used to design ROI based image quality metrics. The viewers are asked to 

select a part of the image in every image which is of particular interest to them.  

As we can see from the database [2], the viewers presented six different images in the experiment.. 

An explanation and analysis of the experiment is given in [2]. In the following, we will provide a 

summary of the experiment conducted. In this experiment, 30 non-expert viewers participated of 

which 17 were male and 13 were female. The viewers’ task was to select a region in the presented 

image which drew most of their attention. All the images presented were of size 512 x 512 pixels 

and were presented in grey scale. Two stabilization images were presented for viewers in order to 

select the better image among them and to make it as reference image. The viewers are asked to 

select the ROI in which ever size they like in the whole image. Only rectangular shape is 

considered ROI in order to avoid complexity and for easy processing. Only one ROI is considered 

for an image in order to avoid confusion. If the ROI selected is not that satisfactory, they are asked 

to select the ROI again to make the selection of ROI more efficient. No time limit was imposed 

for ROI selection of the image. Most of the viewers were able to perform within very little time 

for the ROI selection process.  
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2.2 Selection of ROI 

The images that are presented for the ROI selections [15] are shown in Fig. 2.1. In order to display 

the ROI of the image, the selected ROI is added as the intensity to the reference image as shown 

in Fig. 2.2. The brighter area of the image relates to the added ROI to the image which is of 

particular interest in the image. The lighter area of the image relates to the background of the 

image. The identification of ROI changes from person to person as it also depends on the persons’ 

interest and mood. 

Generally, there may be one or more ROI [2] for the image. Sometimes, the identification of ROI 

becomes little difficult if the whole image is of same colored pixels. In this case, the viewers are 

asked to look carefully for more time and to identify the ROI which is of particular interest in their 

perspective. As the viewers are presented only with the grey scale images, it is difficult for the 

viewers to find out the ROI. Therefore, the identification of ROI is done based on the viewers’ 

interest on the portion of the image.  
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(a) Lena  

 

 
                    (b) Elaine 

 
(c) Barbara 

 

 
              (d) Goldhill  

 
(e) Mandrill 

 

 
               (f) Tiffany 

Figure 2.1 Images used in the database [2]. 



 

30 
 

As expected, faces were generally of highest interest for the viewers and were usually selected as 

the primary ROI. The size of a face in an image may vary from image to image. So, the size of the 

image plays a crucial role in the identification of the ROI of the image. As such, if a whole person 

is shown in the image, for instance ‘Barbara’, the ROI is identified as face. Similarly, in the other 

case if most of the image is covered by face for instance ‘Mandrill’, then only an important part of 

the face is chosen as ROI rather than the whole face. In addition to that, in the case of ‘Tiffany’, 

the whole image is covered only by face in which the ROI is chosen in such a way that it covers 

from eyes to lips which is of most interest to the viewers.  

In the case of ‘Lena’, the face covers only half of the image. In this image, the ROI is chosen in 

such a way that it covers the face leaving the hat and remaining as BG. Similarly, in the case of 

‘Elaine’, the face covers only little part of the image. So, the ROI is chosen in such a way that it 

covers the whole face and some part of the hat leaving the remaining part as BG. Finally, coming 

to the case of ‘Goldhill’, it is totally different and the ROI may vary from person to person. There 

is disagreement between the viewers regarding the ROI selection in this case. In the ‘Goldhill’ 

image, only the man walking down the street may be of particular interest to most of the viewers, 

as humans and their faces are selected in general with ROI. The houses which are of different color 

from the rest of the houses are also selected as ROI, as the viewers interest is on the whole block 

of houses. For some viewers, the varying houses among the whole block of houses including the 

man walking on the street seemed to be ROI.   

2.3 Averaging of ROI 

From the subjective experiments, the mean ROI [15] from the MOS of the users for all the test 

images is calculated. Though there is variability of ROI selections for some images, it is decided 

to define only ROI for each of the reference images. There are 3 reasons for this decision. Firstly, 

overlapping the ROI selecting over the test images. For instance, in case of ‘Goldhill’, viewers 

mostly chose varying houses or person walking. So, the selection of the ROI is done by including 

both person walking and varying houses among the blocks of houses. Similarly, each image has 

different observations made and ROI is selected based on them. Secondly, the computational 

complexity and overhead is reduced for applications in wireless imaging. As the increased 

overhead is directly related to the larger number of ROI. In terms of computed metrics, only one 

ROI per image is considered in order to reduce complexity. 
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(a) Lena 

 

 
(b) Elaine 

 
(c) Barbara 

 

 
(d) Goldhill 

 

 
(e) Mandrill 

 

 
(f) Tiffany 

Figure 2.2 Masked ROI images [2]. 
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3. Methodology and implementation in MATLAB 

Generally, images may have several kinds of impairments. The impact of the impairments on 

visual attention of the users totally depends on the type of the impairments. The impact on visual 

attention of the users varies from impairment to impairment. The impairments used in this thesis 

are blocking and white Gaussian noise. 

3.1 Blocking 

Blocking is defined as the addition of artifacts or impairments to the image in the form of blocks. 

The inserted block may be of any size. The size of the block depends on the pixel size of the image 

and its quality. The block size is usually small in less sized images as the inserted blocks will be 

visible in the image. Furthermore, the block size increases depending upon the increased size of 

the image as the number of pixels will be more and visibility of blocks will be less. The images 

used in this thesis are of 512x512 pixels. The blocks size used in this thesis are of 5x5 pixels. The 

block size is chosen in such a way that the inserted blocks should be visible to the viewer looking 

at the impaired image. The blocking can be of several types such as black pixels blocking, white 

pixels blocking, blurred pixels blocking. 

Black pixels blocking 

In black pixels blocking, the blocks are inserted as impairments to the image. The inserted blocks 

are of size 5x5 which is chosen according to the visibility of blocks in a 512x512 image. The pixels 

in the blocks are given values as zero. Therefore, the zero valued pixels turn out as black blocks 

as impairments in the image. 

White pixels blocking 

In white pixels blocking, the blocks are inserted as impairments to the image. The inserted blocks 

are of size 5x5 which is chosen according to the visibility of blocks in a 512x512 image. The pixels 

in the blocks are given the maximum value which is 255 in three dimensions, namely red, green, 

blue (RGB). Therefore, the maximum valued pixels turn out as white blocks as impairments in the 
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image. These white blocks are formed as the red, green, blue values in the pixels are maximum 

and no color is dominating among them as they are equal. 

Blurred pixels blocking 

In blurred pixels blocking, the blocks are inserted as impairments to the image. The inserted blocks 

are of size 5x5 which is chosen according to the visibility of blocks in a 512x512 image. The pixels 

in the blocks which are chosen to be blurred will be encoded and layers will be removed from the 

pixel to make it blurred. Therefore, these pixels in which layers are removed turn out as blurred 

blocks as impairments in the image.  

3.2 White Gaussian noise 

Image noise is irregular or an uneven change of contrast and color data in pictures, and is normally 

a part of electronic noise. It is caused due to many unknown factors. Image noise [18] is generally 

caused while taking pictures in a digital camera. Image noise is an unwanted intermediate of the 

image capture which includes false and unessential data. The range of magnitude of the noise 

varies from negligible to unacceptable.  

When the image noise is very low, then it might not affect the data or the information in the image. 

When the image is almost filled with noise, then it surely affects the information in the image as 

one cannot see the information present in the image due to noise. There are many discussions 

carried out in recent times for the removal of noise from images due to the loss of information. 

Many algorithms have been developed for the noise removal from noise images to save the 

information present in the images.  

The noise generally present in images is numerous but out of them few are observed frequently in 

image processing such as 

 Salt and Pepper noise 

 White Gaussian noise 

 Random noise 

 Photon noise 
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Only white Gaussian noise is chosen among the others in this thesis due to its simple nature and 

low complexity. The Gaussian noise is independent of signal intensity and is distributed over 

different pixels in the image. The Gaussian noise is uniformly distributed across the image and it 

is uncorrelated with other signals. The main cause of Gaussian noise [19] in digital images is high 

degrees of temperature, its transmission and the noise present in circuits of the electronic devices. 

It can be reduced by smoothing of the noisy image which can be done by passing it through low 

pass filters which removes unwanted noise. When it is passed through filters, the edges of the 

resulting image get blurred very finely. An efficient algorithm should be used in order to get the 

original image as the output when the noisy image is processed through it. 

The implementation in MATLAB is done on the grey scale images which are provided in the 

database [20]. The images that are provided in the database are processed and impairments induced 

accordingly. Firstly, the impairments are induced in the ROI of the image without disturbing the 

BG. The same process is done for the rest of the images. Now, the images in the database are taken 

again and then processed in a different way this time. The impairments are induced in the BG 

without disturbing the ROI. When both the processing of ROI and BG of the image is done, then 

the full images are processed accordingly. Now, the full image is inserted with impairments in 

both the ROI and the BG.  

The impairments are inserted in the image in two ways, namely, blocking and white Gaussian 

noise. In blocking, the blocking artifacts are induced in the image in the increasing order of 1, 2, 

4, 8, 16, 32. This is done for ROI without disturbing BG. Similarly, now the blocking artifacts are 

induced in BG without disturbing the ROI. Finally, the blocking artifacts are induced in the full 

image. The same process is repeated in the case of white Gaussian noise. White Gaussian noise 

artifacts are induced as impairment to the ROI which is formed as a white layer on the ROI without 

disturbing the BG. Similarly, white Gaussian noise artifacts are induced in the BG which is formed 

as white layer around the ROI that is on the BG but without disturbing the pixels in the ROI. 

Finally, white Gaussian noise artifacts are inserted in the total image which is formed as the extra 

white layer on the full image. The noise intensity is increased in the order of 10, 20, 30, 40, 50, 

60. These output images are processed through performance metrics like SSIM, PSNR and MSE.  
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3.3 Mapping functions 

The mapping functions of SSIM and PSNR can be generated by curve fitting tool in MATLAB. 

The curve is formed when both the x-axis and y-axis inputs are given and the goodness of the 

curve is checked. When a good curve is formed, then the corresponding mapping function is 

generated and the coefficients are also generated. The coefficients generated are used to calculate 

the predicted MOS of the input metric values given a metric SSIM or PSNR. 

There are two mapping functions considered corresponding to the two performance metrics SSIM 

and PSNR. The curve fit which works best for SSIM is a power function. The curve fit of type 

exponential function works better for PSNR. 

 

 

Table 3.1Obtained mapping functions.  

Metric Function  A B  Function 

SSIM power 77.32 5.778 SSIM value ×  

 

PSNR Exponential 24.79 0.0255 PSNR value × exp × ( )  

 

The mapping functions shown in Table 3.1 are used to calculate the predicted scores using the 

SSIM and PSNR values of impaired images. 
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Figure 3.1 Curve fit for SSIM. 

Fig. 3.1 shows the curve fit using the power function. The outliers present outside the 95% 

confidence interval are low. The curve fitted is the best curve when MOS values which are taken 

from the subjective tests conducted are compared with the corresponding SSIM values. The dashed 

lines represent the 95% confidence interval and the dots represent the value of subjective MOS for 

given SSIM value. The solid line represents the fitted curve with respect to MOS over SSIM. 
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Figure 3.2 Curve fit for PSNR. 

In Fig. 3.2, the curve fit using the exponential function is shown. Again, outliers outside the 95% 

confidence interval are low. 

3.4 Prediction of quality scores 

The prediction of quality scores of the considered quality metrics, i.e. SSIM and PSNR, are 

obtained by MATLAB. The mapping function is used in MATLAB to predict MOS from the 

values of the quality metric. The quality scores are obtained separately for SSIM and PSNR. The 

predicted MOS values, PMOSSSIM of the SSIM quality metric are obtained when the SSIM value 

is given as input to the obtained exponential mapping function. Similarly, the predicted MOS 

values, PMOSPSNR of the PSNR quality metric are obtained when PSNR value is given as input to 

the obtained power function. 

3.4.1 Prediction performance indicators  

Prediction accuracy 

Ability of the quality metric to predict subjective score. This can be obtained by the Pearson 

correlation coefficient (PCORR). 
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Prediction monotonicity 

Degree with which the objective score matches with subjective score. This can be obtained by the 

Spearman correlation coefficient (SCORR). 

Prediction consistency 

 Degree of which a quality metric maintains its prediction accuracy over a wide range of images. 

The prediction accuracy is determined using the PCORR and RMSE. 

3.4.2 Prediction of quality performance  

The quality performance of the quality metric can be predicted using the mapping functions 

obtained by using the curve fitting tool on MATLAB. These are validated and evaluated using 

prediction performance indicators. In this case, the prediction accuracy is quantified by the PCORR, 

which is formed based on the actual metric values and also the predicted MOS. If the Pearson 

correlation coefficient is relatively high on the predicted MOS, then it depicts the linear 

relationship between the quality scores obtained by subjective and objective quality assessment. 

Similarly, the prediction monotonicity is measured using the SCORR. It is well known that mapping 

functions are monotonically increased or decreased.  
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4. Subjective test conditions and calculations 

Subjective assessment methods are used to demonstrate the performance of the visual content 

using measurements that predicts the reactions of the users viewing the content tested. Therefore, 

the performance of the visual content is tested by subjective tests in addition to objective 

measurements [21].  

4.1 Observers 
Depending upon the goals of the quality assessment, observers used for assessment may be experts 

or non-experts. A non-expert observer is said to be an observer who has no knowledge and is not 

an expert regarding the image artifacts that are introduced by the system under test. An expert 

observer is said to be an observer who has knowledge and is an expert regarding the image artifacts 

which may be introduced by the system under test. In any case, observers may or may not have to 

acquire knowledge in detail and in particular regarding the development of the system under test 

[21].  

The observers must be screened for a trial session before the actual test. The trial session should 

reflect the actual test. A minimum of 15 observers must be used in the test. The number of 

observers varies depending upon the sensitivity and reliability of the test procedure selected [21]. 

It also depends on the size of the effect which is introduced in the test images. The observers used 

can be less than 15 for some researches which does not require more quality scores. In such cases, 

the research or study is analyzed as informal.  

4.2 Test session 
A session ought to last up to thirty minutes. Toward the start of the main session, around five 

"sample presentations" ought to be acquainted to balance out the observers’ feeling. The 

information issued from these presentations must not be considered in the outcomes of the test 

[21]. If more sessions are to be conducted, around three sample presentations are only essential at 

the start of the accompanying session.  

A random order ought to be utilized for the presentations. But the test condition order ought to be 

put in an order so that any consequences for the evaluating of tiredness or adjustment are offset 
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from session to session. A portion of the presentations can be rehashed from session to session to 

check coherence. 

The test session is basically divided into training sessions and then a break is provided to the 

observers in order to answer the questions put forth by them as shown in Fig. 4.1. Then, the actual 

session begins after the break but the results of the training session are not processed. A session 

can last maximum up to half an hour at a stretch.  

 

 

Figure 4.1 Presentation structure of test session [21]. 

 

4.3 Presentation of the results 

For every test parameter, the mean and 95% confidence interval of the statistical distribution of 

the evaluation grades must be given [21]. Logistic curve-fitting and logarithmic pivot will permit 

a straight line representation, which is the prescribed form of presentation.  

The outcomes must be given together with the following information: 

 Details of the test arrangement  

 Details of the test material 

 Sort of picture source and display screens  

 Number and sort of assessors  

 Reference systems utilized 

 The total mean score for the analysis 
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4.4 Selection of test techniques 

A wide range of fundamental test techniques have been utilized as part of image quality 

assessments. Specific techniques ought to be utilized to address specific evaluation issues [21].  

There are many assessment methods available for image quality assessment. The assessment 

method is chosen based on the assessment problem which addresses a particular issue about the 

assessment.  

In this thesis, the quality of systems is measured relative to a reference. The method used for 

assessment is double-stimulus continuous quality scale (DSCQS) method.  

4.5 Double-stimulus continuous quality scale method 

4.5.1 General description 
The double-stimulus technique is thought to be particularly helpful when it is most certainly 

possible to give test stimulus test conditions that display a wide range of quality. The technique is 

cyclic in that the assessor is solicited to see a couple of pictures, each from the same source, 

however one by means of the procedure under examination, and the other one straightforwardly 

from the source [21]. The assessor is also solicited to evaluate the quality from both. In sessions 

which last up to thirty minutes, the assessor is given a progression of picture sets in arbitrary 

request, and with arbitrary weaknesses covering all required blends. Toward the end of the 

sessions, the mean scores for every test condition and test picture are calculated.  

4.5.2 Grading scale 

An observer is basically requested to evaluate the general overall picture quality of every 

presentation by embedding a mark on a vertical scale as shown in the Fig. 4.2. The vertical scales 

are printed in sets to accommodate the double presentation of every test picture. The scales give a 

continuous rating system to maintain a strategic distance from quantizing errors, however they are 

separated into five equivalent lengths which compare to the ordinary ITU-R five-point quality 

scale. 

 



 

42 
 

 

 

 

Figure 4.2 Portion of quality-rating form using continuous scales [21]. 
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5. Results and discussions 

The results section is divided into two subsections. Firstly, performance metric comparison using 

SSIM and PSNR with varying blocking artifacts and Gaussian noise intensity levels are 

considered. Secondly, comparison of the MOS with the PMOSSSIM and PMOSPSNR is considered. 

5.1 Performance metric comparison of SSIM and PSNR 

5.1.1 Blocking 

The number of blocking artifacts are chosen as 1, 2, 4, 8, 16, 32. The blocking is done for the test 

images shown in Fig. 2.1. Firstly, the blocking is done for the test images in ROI without disturbing 

the BG and similarly the blocking is inserted in the BG without disturbing the ROI as shown in 

Fig. 5.1 and 5.2. 
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(a) ROI – blocking artifact 1 

 
(b) BG – blocking artifact 1 

 

 
(c) ROI – blocking artifact 2 

 

 
(d) BG – blocking artifact 2 

 

 
(e) ROI – blocking artifact 4 

 

 
(f) BG – blocking artifact 4 

 
Figure 5.1 Image sample “Barbara” impaired with 1,2,4 different blocking artifacts in ROI and BG. 
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(a) ROI – blocking artifact 8 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) BG – blocking artifact 8 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) ROI – blocking artifact 16 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(d) BG – blocking artifact 16 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(e) ROI – blocking artifact 32 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(f) BG – blocking artifact 32 
Figure 5.2 Image sample “Barbara” impaired with 8,16,32 different blocking artifacts in ROI and BG. 
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The performance metric values along with the varying number of blocking artifacts are tabulated 

in Table 5.1. 

Table 5.1 Performance metric values using SSIM metric with varying blocking artifacts.  

Blocking 

level 

Image 

portion 

MOS 

 

PMOSSSIM SSIM RMSE SCORR PCORR 

 

1 

ROI 89.11 91.3012 0.9881 13.4215 0.9979 0.9246 

BG 96.67 92.3842 0.9964 14.3413 0.9968 0.9056 

 

2 

ROI 80.44 84.4322 0.9367 13.4215 0.9979 0.9246 

BG 82.33 85.3202 0.9591 14.3413 0.9968 0.9056 

 

4 

ROI 69.67 84.4322 0.9367 13.4215 0.9979 0.9246 

BG 71.44 74.9387 0.9284 14.3413 0.9968 0.9056 

 

8 

ROI 58.56 56.5065 0.8729 13.4215 0.9979 0.9246 

BG 62.22 62.92 0.8969 14.3413 0.9968 0.9056 

 

16 

ROI 43.78 44.3723 0.8436 13.4215 0.9979 0.9246 

BG 49.22 47.2891 0.8541 14.3413 0.9968 0.9056 

 

32 

ROI 23.55 22.8937 0.8112 13.4215 0.9979 0.9246 

BG 26.85 25.2551 0.8228 14.3413 0.9968 0.9056 

 

For every blocking level, it is observed from Table 5.1, that PMOSSSIM in case of ROI is almost 

equal to MOS when compared to the PMOSSSIM in case of BG. The SSIM value is lower in case 

of ROI compared to BG for any blocking level. The reason behind it is that SSIM checks for 

similarity between two images, the ROI impaired image has less similarity than the BG impaired 

image when compared with the reference image. The RMSE in case of ROI is low compared to 

BG, as the difference between MOS and PMOSSSIM is less in case of ROI than BG. The SCORR 

value is equal in both the cases ROI and BG, as the degree with which the PMOSSSIM matches with 

MOS is almost equal in case of ROI and BG. The PCORR value is higher in case of ROI and lower 

in case of BG, as the degree with which quality metric maintains its prediction accuracy. 
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Figure 5.3 SSIM for varying number of blocking artifacts (1,2,4,8,16,32). 

In Fig. 5.3, it is observed that when the blocking artifact is one, then the SSIM metric values in ROI and 

BG are almost the same. As the blocking artifacts are increasing, the difference of the SSIM metric value 

between ROI and the BG is also increasing. It indicates that the SSIM metric values are less in ROI 

compared to the BG for various range of blocking artifacts. As the SSIM checks for the similarity between 

the two images, the SSIM metric value differs when the blocking artifacts are in ROI or in the BG. As it is 

observed from Fig. 5.3, that the SSIM values are lower in the ROI and higher in the BG. This shows that 

distortions in the ROI has great impact than the distortions in the BG on the overall quality of the image. 
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Table 5.2 Performance metric values using PSNR metric with varying blocking artifacts.  

Blocking 

level 
Image 

Portion  
MOS 

 
PMOSPSNR PSNR RMSE SCORR PCORR 

 

1 

ROI 89.11 93.1817 54.2323 12.732 0.9982 0.9406 

BG 96.67 95.6549 56.7169 13.0888 0.9975 0.931 

 

2 

ROI 80.44 82.8306 45.7889 12.732 0.9982 0.9406 

BG 82.33 80.3251 48.4992 13.0888 0.9975 0.931 

 

4 

ROI 69.67 82.8306 45.7889 12.732 0.9982 0.9406 

BG 71.44 72.4945 35.2661 13.0888 0.9975 0.931 

 

8 

ROI 58.56 57.4775 30.2084 12.732 0.9982 0.9406 

BG 62.22 65.388 32.845 13.0888 0.9975 0.931 

 

16 

ROI 43.78 44.0046 24.8795 12.732 0.9982 0.9406 

BG 49.22 49.109 26.2178 13.0888 0.9975 0.931 

 

32 

ROI 23.55 25.3830 19.0305 12.732 0.9982 0.9406 

BG 26.85 27.2007 21.9007 13.0888 0.9975 0.931 

 

It is observed from Table 5.2, for every blocking level, PMOSPSNR is almost equal to MOS in case 

of ROI when compared to the case of BG. In case of BG, the PSNR value is higher compared to 

ROI for any blocking level. As the PSNR checks for ratio of peak signal to noise of the image, the 

ROI impaired image has less PSNR than the BG impaired image when compared with the 

reference image. The RMSE in case of BG is high compared to ROI, as the difference between 

MOS and PMOSPSNR is high in case of BG than ROI. The SCORR value is equal in both the cases 

BG and ROI, as the degree with which the PMOSPSNR matches with MOS is almost equal in case 

of BG and ROI. The PCORR value is low in case of BG and high in case of ROI, as the degree with 

which quality metric maintains its prediction accuracy. 
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   Figure 5.4 PSNR for varying number of blocking artifacts (1,2,4,8,16,32). 

From Fig. 5.4, it is observed that when the blocking artifact is one then, the PSNR values in ROI 

and BG are almost the same. As the blocking artifacts are increasing, then the difference of the 

PSNR value between the ROI and the BG is also increasing. This indicates that the PSNR values 

are higher in BG compared to ROI for the considered range of blocking artifacts. As PSNR checks 

for the ratio of the peak signal to the noise between the two images, the PSNR values differ when 

the blocking artifacts are in ROI or in the BG. As said, the distortions in the BG have lower impact 

on overall image quality than the distortions in ROI.  

5.1.2 Gaussian noise 

The Gaussian noise intensity is chosen as 10, 20, 30, 40, 50, 60. The Gaussian noise is inserted in 

the test images that are shown in Fig. 2.1. Firstly, the Gaussian noise is inserted in the test images 

in ROI without disturbing the BG and similarly the Gaussian noise is inserted in the BG without 

disturbing the ROI. 
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(a) ROI – Gaussian intensity level 10 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) BG – Gaussian intensity level 10 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) ROI – Gaussian intensity level 20 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(d) BG – Gaussian intensity level 20 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(e) ROI – Gaussian intensity level 30 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(f) BG – Gaussian intensity level 30 
 

Figure 5.5 Image sample “Lena” impaired with 10,20,30 Gaussian intensity levels in ROI and BG. 
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(a) ROI – Gaussian intensity level 40 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(b) BG – Gaussian intensity level 40 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) ROI – Gaussian intensity level 50 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(d) BG – Gaussian intensity level 50 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(e) ROI – Gaussian intensity level 60 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(f) BG – Gaussian intensity level 60 
 

Figure 5.6 Image sample “Lena” impaired with 40,50,60 Gaussian intensity levels in ROI and BG. 
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The performance metric values along with the varying levels of Gaussian noise intensity are shown 

in Table 5.3. 

          Table 5.3 Performance metric values using SSIM with varying Gaussian noise intensity levels. 

Noise 

Intensity 

level 

Image 

portion  

MOS 

 

PMOSSSIM SSIM RMSE SCORR PCORR 

 

10 

ROI 90 89.8240 0.9967 14.9876 0.9972 0.9385 

BG 94.32 62.9264 0.8969 15.5526 0.9964 0.8913 

 

20 

ROI 79 79.2361 0.9758 14.9876 0.9972 0.9385 

BG 82.22 80.4291 0.9784 15.5526 0.9964 0.8913 

 

30 

ROI 56.7 60.3672 0.9201 14.9876 0.9972 0.9385 

BG 62.9 62.0424 0.9267 15.5526 0.9964 0.8913 

 

40 

ROI 47.9 45.9054 0.9094 14.9876 0.9972 0.9385 

BG 51.27 52.1886 0.9107 15.5526 0.9964 0.8913 

 

50 

ROI 32.7 34.7402 0.8876 14.9876 0.9972 0.9385 

BG 34.27 35.5685 0.8924 15.5526 0.9964 0.8913 

 

60 

ROI 20.7 19.0489 0.8698 14.9876 0.9972 0.9385 

BG 24.27 26.6619 0.8742 15.5526 0.9964 0.8913 

 

For every Gaussian intensity level, it is observed from Table 5.3 that the SSIM value is high in 

case of BG compared to ROI. The reason is that SSIM checks for similarity between two images, 

the BG impaired image has high similarity than the ROI impaired image when compared with the 

reference image. The value of PMOSSSIM in case of ROI is almost equal to MOS when compared 

to the BG. As the difference between MOS and PMOSSSIM is lower in case of ROI than BG, the 

RMSE in case of ROI is low compared to BG. The SCORR value is higher in case of ROI than the 

BG. Similarly, PCORR value is also higher in case of ROI than the BG. 
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Figure 5.7 SSIM for varying levels of Gaussian noise intensities (10,20,30,40,50,60). 

 

In Fig. 5.7, it is observed that when the Gaussian noise intensity level is 10, then the SSIM metric 

values in ROI and BG are almost the same. As the Gaussian noise intensity is increasing, the 

difference of the SSIM value between ROI and BG are also increasing. This indicates that the 

SSIM values are lower in the ROI compared to the BG for various levels of Gaussian noise 

intensities. It is observed from the Fig. 5.7 that the SSIM values are lower in ROI and higher in 

BG. The results illustrate that distortions in the ROI has great impact on overall image quality than 

the distortions in the BG. 
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         Table 5.4 Performance metric values using PSNR with varying Gaussian noise intensity levels. 

Noise 

Intensity 

level 

Image 

portion  

MOS 

 

PMOSPSNR PSNR RMSE SCORR PCORR 

 

10 

ROI 90 92.8378 48.747 11.5213 0.9987 0.9502 

BG 94.32 95.388 32.845 12.5363 0.9978 0.9498 

 

20 

ROI 79 77.8406 38.8304 11.5213 0.9987 0.9502 

BG 82.22 81.7467 40.413 12.5363 0.9978 0.9498 

 

30 

ROI 56.7 53.7487 29.0452 11.5213 0.9987 0.9502 

BG 62.9 60.6226 31.9094 12.5363 0.9978 0.9498 

 

40 

ROI 47.9 46.0280 21.2686 11.5213 0.9987 0.9502 

BG 51.27 49.8588 24.658 12.5363 0.9978 0.9498 

 

50 

ROI 32.7 33.5810 19.4154 11.5213 0.9987 0.9502 

BG 34.27 32.8588 21.698 12.5363 0.9978 0.9498 

 

60 

ROI 20.7 21.8601 16.0193 11.5213 0.9987 0.9502 

BG 24.27 23.1753 18.0428 12.5363 0.9978 0.9498 

 

It is observed from Table 5.4, for every Gaussian noise intensity level, PMOSPSNR is almost equal 

to MOS in case of ROI when compared to the case of BG. The PSNR value is higher compared to 

ROI for any blocking level in case of BG. The ROI impaired image has less PSNR than the BG 

impaired image when compared with the reference image, as the PSNR checks for ratio of peak 

signal to noise of the image. As the difference between MOS and PMOSPSNR is high in case of BG 

than ROI, it illustrates that RMSE is lower in case of ROI but whereas in case of BG, RMSE is 

high. From Table 5.4, it is also illustrated that SCORR value is slightly lower in case of BG than 

ROI, as the degree with which the PMOSPSNR matches with MOS is slightly high in case of ROI 

than BG. Similarly, in case of ROI, PCORR is higher than in case of BG, as the degree with which 

quality metric maintains its prediction accuracy. 
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Figure 5.8 PSNR for varying levels of Gaussian noise intensities (10,20,30,40,50,60). 

 

From Fig. 5.8, it can be seen that initially the PSNR value is high when the Gaussian intensity 

level is 10. PSNR value gradually decreases when the Gaussian noise intensity level keeps 

increasing. But the value of PSNR is always higher in case of BG than ROI at every intensity level. 

5.2 Objective and subjective MOS comparison 

Subjective MOS is the aggregate of all the quality scores obtained from the subjective tests. 

Objective MOS is the predicted MOS which is obtained using the quality metrics SSIM and PSNR, 

i.e. PMOSSSIM and PMOSPSNR, respectively. 

5.2.1 Blocking 

The blocking artifacts are chosen as 1, 2, 4, 8, 16, 32. Firstly, the blocking is inserted in the test 

images in ROI without disturbing the BG and similarly the blocking is inserted in the BG without 

disturbing the ROI. 
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Figure 5.9 Comparison of MOS with PMOS of SSIM and PSNR in ROI for varying blocking artifacts. 

In Fig. 5.9, MOS values which are calculated from the subjective tests and PMOS which is 

calculated by using SSIM and PSNR are compared along with the varying number of blocking 

artifacts. Further in Fig. 5.9, it can be seen that PMOSPSNR is slightly higher than PMOSSSIM in 

case of ROI. It is additionally represented that by using the PSNR, the PMOS obtained is almost 

equal to the MOS of the impaired images. 

 

 

Figure 5.10 Comparison of MOS with PMOS of SSIM and PSNR in BG for varying blocking artifacts. 
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In Fig. 5.10, it is observed that in case of BG, PMOSSSIM and PMOSPSNR are marginally higher 

than MOS. But PMOSPSNR is close to MOS as compared to PMOSSSIM. As the number of blocking 

artifacts are increasing, the difference between MOS and PMOSSSIM is increasing moderately but 

difference between MOS and PMOSPSNR is slightly less compared to PMOSSSIM. The values of 

MOS, PMOSSSIM and PMOSPSNR are somewhat higher in case of BG than ROI as seen from Fig. 

5.9 and Fig. 5.10. 

5.2.2 Gaussian noise 

The Gaussian noise intensities are chosen as 10, 20, 30, 40, 50, 60. Firstly, the Gaussian noise is 

inserted in the test images in ROI without disturbing the BG and similarly the Gaussian noise is 

inserted in the BG without disturbing the ROI. 

 

Figure 5.11 Comparison of MOS with PMOS of SSIM and PSNR in ROI for varying levels of Gaussian 

noise intensities. 

As seen in Fig. 5.11, for varying levels of Gaussian noise intensity, MOS which is obtained by 

subjective tests and PMOS which is obtained by SSIM and PSNR are compared accordingly. 

Further in Fig. 5.11, it can be said that PMOSPSNR values are nearly equal to MOS for every 

Gaussian noise intensity level. Whereas in case of PMOSSSIM, MOS values are always higher and 

the difference between them is also increasing continuously. 
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Figure 5.12 Comparison of MOS with PMOS of SSIM and PSNR in BG for varying levels of Gaussian 

noise intensities. 

As it is observed from Fig. 5.12, PMOSSSIM values are lower than PMOSPSNR. MOS is slightly high 

but almost equal to PMOSPSNR. Whereas in case of PMOSSSIM, the difference between MOS and 

PMOSSSIM is quite high compared to PMOSPSNR. In case of ROI, the values of MOS, PMOSSSIM 

and PMOSPSNR are lower than BG as seen from Fig. 5.11 and Fig. 5.12. 

5.3 Discussions 

RQ1: Is there any impact of the impairments that are induced in the image on the visual attention 

of the end user?  

The impairments that are induced in the image definitely has impact on the visual attention of the 

viewers, as the viewers cannot see the content properly as it does not match with their expected 

visual content. They get disappointed due to their expectations regarding the quality of the visual 

content. The quality of the image gets degraded due to the insertion of impairments in a good 

quality image.  

RQ2: What are the challenges faced by the network operators to reduce the impact of impairments 

on visual attention?  
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One of the major challenges in communication systems is to deliver better quality of service in 

order to give best experience to the end-user. The main goal of network operators and content 

providers is to maximize the service quality at a given cost. The viewers may get distracted while 

viewing the distorted visual content. The network operators face challenges while presenting the 

distorted content with less distortions so that the viewer should not get distracted. The network 

operators should develop algorithms which should make the highly impaired image to less 

impaired image. It is a very tough challenge to the network providers, as the algorithm which is 

developed should be applicable to any kind of impaired image.  

RQ3: Does the impairments in ROI or BG has more impact on visual attention of the user?  

The impairments induced in the image are of two types, namely, blocking and white Gaussian 

noise. These impairments are induced in the different portions of the image. The impairments 

induced in the BG of the image as blocking or Gaussian have an impact on the visual attention of 

the users but the users are not that distracted. Whereas the impairments in the ROI of the image 

has much more impact on the visual attention of the users compared to the impairments in the BG. 

This is due to the visual perception of the users as they concentrate mainly on the face of the person 

and the animal or the most attractive portions in the image. The simulated results and the MOS 

from the subjective tests indicate that users got distracted when viewing the impaired images. They 

got even more distracted when the impairments are in the ROI when compared to impairments in 

BG.   
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6. Conclusions and future work 
There have been many researches previously carried out in the area of IQA. There are few works 

carried out on the importance of ROI and BG of the image in assessing the quality of the image.  

In this thesis, the main focus is to convey the importance of ROI in IQA. The blocking and 

Gaussian noise are the impairments considered in this thesis that are induced to the images to make 

them impaired. In order to calculate the prediction accuracy of quality of the image using SSIM 

and PSNR metric, the mapping function which is previously used is considered. It gives more 

accurate results which are much more close to the MOS of the subjective tests. 

The main conclusion from this work is when the impairments are inserted in the ROI without 

disturbing the BG of the image, the quality of the image is lower. But in case of inserting 

impairments in the BG without disturbing the ROI, the impact on the quality of the users is less 

compared to impact of ROI. In other words, the impairments in the ROI are more annoying when 

compared to the impairments in the BG. The PSNR metric performs better than SSIM in case of 

impaired images as the degree with which PMOSPSNR matches MOS is higher than PMOSSSIM. 

There is a lot of scope for future work in the area of ROI based quality assessment. It is observed 

from the results obtained that the impairments in the ROI of the image are more annoying when 

compared to the impairments in the BG of the image. Many algorithms can be developed in order 

to reduce the impact of impairments on the end user and increase the image quality. Particularly, 

the algorithms should be developed to make the quality of ROI better rather than the BG of the 

image. In this thesis, only blocking and Gaussian noise are used as artifacts due to time constraints. 

Furthermore, the images can be impaired by other artifacts such as ringing, blurring and passing it 

through a wireless fading channel.  

As the impairments are manually induced in the image, it takes a lot of time to find out the 

coordinates of ROI and proceed accordingly. In this thesis, there are about 7 reference images. For 

each reference image, the coordinates of the ROI are different. This makes the insertion of 

impairments particularly in ROI time consuming. The subjective tests performed by non-experts 

in this thesis took a lot of time. The results of subjective tests purely depend on the viewers’ interest 
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and so care must be taken while conducting the subjective tests. But for better validation of results, 

subjective tests are necessary.  

 

 

 

 

 

 

 

 

  



 

62 
 

7. References  

[1] Cisco VNI Forecast, “Cisco visual networking index: Global mobile data traffic forecast 

update 2009-2014,” Cisco Public Information, Feb. 2016, pp. 4-7. 

[2] U. Engelke, “Modelling perceptual quality and visual saliency for image and video 

communications,” Ph.D. dissertation, Department of Communication Systems, Blekinge 

Institute of Technology, Karlskrona, Sweden, 2010. 

[3] A. M. Treisman and G. Gelade, “A feature-integration theory of attention,” Cognitive 

Psychology, vol. 12, no. 1, Jan. 1980, pp. 97–136. 

[4] O. Le Meur, P. Le Callet, and D. Barba, “Predicting visual fixations on video based on low-

level visual features,” Vision Research, vol. 47, no. 19, Sep. 2007, pp. 2483–2498. 

[5] L. Duan, T. Xi, S. Cui, H. Qi, and A. C. Bovik, “A spatiotemporal weighted dissimilarity-

based method for video saliency detection,” Recent Advances in Saliency Models, 

Applications and Evaluations, vol. 38, Oct. 2015, pp. 45–56. 

[6] S. Goferman, L. Zelnik-Manor, and A. Tal, “Context-Aware Saliency Detection,” IEEE 

Transactions on Pattern Analysis and Machine Intelligence, vol. 34, no. 10, Oct. 2016, pp. 

1915–1926. 

[7] J. You, A. Perkis, and M. Gabbouj, “Improving image quality assessment with modeling 

visual attention,” IEEE European Workshop on Visual Information Processing, Jul. 2010, 

pp. 177–182. 

[8] Q. Wang, L. Xu, Q. Chen, and Q. Sun, “Import of distortion on saliency applied to image 

quality assessment,” in IEEE International Conference on Image Processing, Paris, Oct. 

2014, pp. 1165–1169. 

[9] U. Engelke, M. Barkowsky, P. L. Callet, and H. J. Zepernick, “Modelling saliency awareness 

for objective video quality assessment,” in International Workshop on Quality of Multimedia 

Experience, Jun. 2010, pp. 212–217. 

[10] P. Mohammadi, A. Ebrahimi-Moghadam, and S. Shirani, “Subjective and objective quality 

assessment of image: A survey,” Majlesi Journal of Electrical Engineering, vol. 9, No. 1, 

Dec. 2014, pp. 55–83. 

[11] Y. Q. Shi and H. Sun, "Image and video compression for multimedia engineering: 

fundamentals, algorithms, and standards," 2nd edition, CRC press, 2008. 



 

63 
 

[12] B. Niu and Z. Yang, “An image subjective quality evaluation model based on structural 

similarity,” in IEEE International Conference on Communication Technology, Hangzhou, 

Oct. 2015, pp. 763–767. 

[13] P. Mohammadi, A. Ebrahimi-Moghadam, and S. Shirani, “Subjective and objective quality 

assessment of image: A survey,” Majlesi Journal of Electrical Engineering, vol. 9, No. 1, 

Dec. 2014, pp. 55–83. 

[14] L. Vaughan, "Statistical methods for the information professional: A practical, painless 

approach to understanding, using, and interpreting statistics," International Journal of 

Information Management, Information today, 2001. 

[15] U. Engelke, H. J. Zepernick, “Framework for optimal region of interest–based quality 

assessment in wireless imaging,” Journal of Electronic Imaging, vol. 19, no. 1, Jan. 2010. 

[16] H. Liu, U. Engelke, J. Wang, P. L. Callet, and I. Heynderickx, “How does image content 

affect the added value of visual attention in objective image quality assessment?,” IEEE 

Signal Processing Letters, vol. 20, no. 4, Apr. 2013, pp. 355–385. 

[17] U. Engelke, H. Kaprykowsky, H.-J. Zepernick, and P. Ndjiki-Nya, “Visual attention in 

quality assessment,” IEEE Signal Processing Magazine, vol. 28, no. 6, Nov. 2011, pp. 50–

59. 

 [18] Tudor Barbu, “Variational image denoising approach with diffusion porous media flow,” 

Abstract and Applied Analysis, vol. 2013, Dec. 2013, pp. 1–8. 

[19] U. Engelke, T. Kusuma and H. J. Zepernick, “Wireless imaging quality (WIQ) database,” 

2009. 

[20] “Methodology for the subjective assessment of the quality for television pictures,” ITU-R 

Rec. BT. 500-11, 2002.   
 

 

 


