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ABSTRACT 

Image compression has become an important aspect for many multimedia applications 

to fulfill the need of processing image for storage space, transmission bandwidth and 

representation with reduced cost. Image compression enables the autonomous 

machine to represent image utilizing less bits. Block-based compression algorithm 

with different transform techniques had been long used to compress image in a lossy 

manner. However, the reconstructed images from compression produces annoying 

blocking artifacts near the block boundaries, particularly in highly compressed 

images, as each block is transformed and quantized independently. Several techniques 

or algorithms have been proposed by researchers, both in spatial and frequency 

domains, for reduction of these blocking artifacts with varied degree of success. 

An image compression algorithm using Non-Separable Discrete Fractional Fourier 

Transform (NSDFrFT) employing any one of the suggested Bicubic interpolation and 

Nearest Neighbor interpolation apart from Bilinear interpolation as a transform 

technique has been proposed. The algorithm divide image into sub-images known as 

blocks, processing each independently. The NSDFrFT resulted in less MSE in 

blocked region than image compression using DFrFT and JPEG. However, if the 

different variations of NSDFrFT given as NSDFrFT-Nearest Neighbor Interpolation, 

NSDFrFT-Bilinear Interpolation and NSDFrFT-Bicubic Interpolation are compared 

then NSDFrFT-Bicubic Interpolation performs better than the other two variations. 

The performance of the transform techniques has been analyzed using various image 

quality metrics (IQM) among which GMSD is faster to calculate and provides high 

predictive accuracy. Thus, relying on accuracy of simulations, NSDFrFT results in 

structurally similar high subjective quality reconstructed image with reduced blocking 

for low frequency images at high compression percentages. 
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CHAPTER 1 

INTRODUCTION 

 

This chapter includes the exordium of fractional transform, image compression 

techniques and the blocking artifact knot. 

1.1 PROLOGUE 

An image is a two dimensional (2D) grid-form signal representation of physical things 

that are continuous in time and space. Mathematically, an image can be represented as 

       where,   and   locates the position of light intensity falling on a plane, 

popularly known as pixel [1]. An image can be of various types extending from black 

& white image to RGB plane image, X-ray image to grey image, ultrasound image to 

infrared image. These various types of images can be of nature, heat maps, satellite, 

human, ocean, microscopic, telescopic, sports, etc. 

Image processing has become an important matter as now-a-days lots of data are 

represented in graphics. Considerable amount of storage space and transmission 

bandwidth is needed by any uncompressed multimedia (graphics, audio and video) 

[2]. The capabilities of available technologies faces challenges in-terms of storage 

space and bandwidth despite rapid progress in the area of storage space, speed of 

processors, performance of digital communication systems and density of mass 

storage. The recent growth of web applications consisting intensive multimedia, have 

insisted on encoding and decoding of signals and images in an efficient manner. Thus, 

to handle such a large amount of data, practically efficient and planned methods are 

needed. Image compression is an apprehensive solution to this challenge [3].Image 

compression is a science that reduces the number of bits or amount of data required 

for image representation. 

Researchers strive hard to search for various techniques which can make image 

compression a competing process, yielding images of small size with good visual 

quality. People using digital camera, internet for uploading and downloading pictures, 

DVDs for watching movies and listening to MP3 songs are benefitted by the 
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algorithms of image compression [4]. Image compression finds application in satellite 

processing, medical imaging, remote sensing, preserving of art works, etc [5]. 

1.2 ESSENTIALS OF COMPRESSION 

Compression means reduction in amount of data required to represent image. The 

amount of data required to represent same amount of information can vary, as 

information (image) comprises of some data which repeats itself or is irrelevant in 

nature. Such data is known as redundant information or irrelevant data [6]. If     and 

   are taken into consideration, as two different number of bits for representation of 

same information then compression is said be given as 

      ⁄                                                                                                                                     

And relative redundancy of    data bits is given as 

      ⁄                                                                                                                                

The dependence of redundancy on compression can be analyzed for three different 

cases as- 

                                 

                                 

                                  

According to        when both representations of information are identical, there is 

no relative redundancy among the data. In        the number of bits in first 

representation is more than the other which tends compression to increase towards 

infinity and contributes towards high relative redundancy.        considers that the 

representation of second data has more number of bits, resulting in reduced 

compression and least amount of relative redundancy. 

In case of images, pixels are correlated to neighboring pixels, thus this redundant data 

of image can be eliminated without affecting much of image quality [5]. Moreover, 

image comprises of some pixel values which are not visible to the naked human eye, 

thus are irrelevant data and can be deducted without loosing much on the image visual 
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quality. Any image suffers from major three kinds of redundancies, namely, Coding 

Redundancy, Spatial Redundancy and Irrelevant Information. 

1.3 IMAGE COMPRESSION GENRE 

Image compression can be classified in many ways. Two such classifications have 

been discussed here. 

1.3.1 LOSSLESS VS LOSSY COMPRESSION 

This categorization is based on the amount of information required for the 

reconstructed image. When the image compression algorithm results in compressed 

image identical to the original image, then such an algorithm is said to be lossless 

image compression algorithm. Lossless image compression is also known as 

reversible compression as all information remains intact with the reconstructed image 

similar to that of the original image [7]. Therefore, it is generally used in applications 

where any loss of information is not acceptable such as medical imaging, technical 

drawings, preserved art-works, etc But only minimal amount of compression is 

achieved and thus, lossy compression is popular to attain higher extend of 

compression [6]. 

Lossy image compression discards significant amount of irrelevant information, thus, 

degrading the quality of reconstructed image in comparison to original image. This 

type of image compression is also known as irreversible compression because useless 

information is removed during the compression process, thus, some information of 

image is lost. These algorithms find application where minor loss of information is 

affordable such as photographic images, internet uploads, etc So, it can be assumed 

that high compression is achieved with no visual impairments at normal viewing 

conditions. 

1.3.2 PREDICTIVE VS TRANSFORM CODING 

This categorization is based on the application of compression algorithm on a space or 

region or area of interest. Predictive coding, compresses the information based upon 

the prediction of future values utilizing previously known values. It is generally 

applied in the spatial domain or upon pixels [8]. So, it has minimum computational 
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complexity and local image characteristics adapt it readily. Differential Pulse Code 

Modulation (DPCM), Adaptive Pulse Code Modulation (APCM), Differential Code 

Modulation (DCM), etc are some examples of predictive coding. 

On the other hand, transform coding converts the image from spatial domain to 

transform domain using various transform techniques. This method achieves high 

compression in comparison to predictive coding but at the cost of large computational 

complexity. Different transform techniques are Discrete Fourier transform (DFT), 

Discrete Cosine transform (DCT), Discrete Fractional Fourier Transform (DFrFT), 

Discrete Fractional Cosine Transform (DFrCT), Non-Separable Fractional Fourier 

Transform (NSFrFT) etc. 

1.4 BLOCKING ARTIFACTS 

A compression artifact is a detectable distortion of the multimedia including images, 

audio and video. As discussed earlier, lossy image compression results in high 

compression but some visual impairment are caused. These compression artifacts may 

occur at any media such as MP3 or MP4 or JPEG or MPEG files. The detection, 

reduction or removal of the compression artifacts is the main goal behind 

implementing an artifact removal or reduction algorithm [5].  

Blocking occurs when image undergoes transform coding where image is converted 

from spatial to transform domain. The neighboring block boundaries having 

correlation among them are not taken into consideration in block based transform 

techniques. As a result, the adjacent blocks boundaries become visible causing 

blocking artifacts on reconstructing the decoded image [9]. Thus, visual quality of an 

image can be increased by reducing these blocking artifacts. So, detecting and 

reducing blocking artifacts in reconstructed images of compression process is an 

critical issue.  

1.5 FRACTIONAL TRANSFORM IN IMAGE COMPRESSION 

Among various techniques used in transform coding, fractional transform proved to 

be quite efficient. Fourier transform (FT) on generalization results into Fractional 

Fourier Transform (FrFT). FrFT has come up as an important tool in the field of 

signal processing and image processing. 
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The well-known and widely used FT was first given by Jean-Baptiste-Joseph Fourier 

[10]. FT finds application in signal analysis, optics, image, physics, statistics, 

acoustics, antenna and array processing. But FT proved to be inadequate for non-

stationary signals, thus leading to the emergence of FrFT. The first introduction of 

fraction into the definition of FT was done back in year 1929 and lead to development 

of FrFT [11]. Without any knowledge of work done in 1929, Namias [12] gave the 

definition of FrFT, the generalized definition for FT as a transform technique. Ozaktas 

and Mendlovic [13] gave numerous definition of FrFT equivalent to each-other. For 

various types of signals (1D, multi-D, periodic, aperiodic, discrete and continuous) 

Cariolario et al. [14] gave FrFT. Pei et al. [15]-[16] studied FrFT in detail considering 

many different aspects. 

An era of computers leads to development of DFT to compute FT digitally. Thus, 

working on the same line of thought, digital version of FrFT was needed to process 

the signals in discrete form. Use of digital devices like computers and DSP processors 

increased with advancement in technology. Keeping in mind the advancement in 

technology, the definition of DFrFT was given by McClellan et al. [17]. However, 

many other definitions of DFrFT [18]-[19] also came up but none of them was able to 

satisfy all the properties of continuous FrFT [15]. Non-Separable definition of FrFT is 

a generalized case of Separable FrFT. In non-separable definition both the axes are 

rotated simultaneously to achieve rotation in both directions [20]. NSDFrFT can also 

be derived from the Non-Separable Linear Canonical Transform (NSLCT) definition.   

In earlier times most of the applications of FrFT were found in the field of optics and 

signal processing. FrFT has inspired the study of fraction introduction in various 

transforms used in signal and image processing. But with advancements in research, it 

has found application in solving differential equations, optical beam propagation, 

quantum mechanics, statistical optical, watermarking, compression, encryption, signal 

detectors, space variant filters, correlation and pattern recognition, restoration, etc 

[21]. However, NSDFrFT have been used for the purpose of filtering the noise intact 

in the images and optics so far [20].  
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1.6 ORGANIZATION OF THESIS 

This work comprises of following chapters: 

CHAPTER 1: INTRODUCTION, discusses about need, principle and elements of 

image compression with an introduction to images, types of image compression, 

fractional transform, blocking artifacts and aim behind research. 

CHAPTER 2: LITERATURE SURVEY, briefs about the developments made in 

image compression algorithms, blocking artifacts reduction and removal techniques 

and types of fractional transform. 

CHAPTER 3: INTERPOLATION, discusses about non-adaptive and adaptive 

techniques and algorithms for various applications. 

CHAPTER 4: IMAGE COMPRESSION USING VARIOUS TRANSFORM 

TECHNIQUES, briefs about the techniques used to compress an image along with the 

simulation results and comparison are done among various transform techniques.   

CHAPTER 5: REDUCTION OF BLOCKING ARTIFACTS, briefs about the extent 

of compression artifact known as blocking artifact found in the proposed algorithm 

along with the comparison with other techniques. 

CHAPTER 6: CONCLUSION AND FUTURE SCOPE, sums up the results 

concluded from the proposed algorithm and implementation of other algorithms and 

discusses the possibility of future work.  
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CHAPTER 2 

LITERATURE SURVEY 

 

This chapter discusses about the precis of the research work, regarding image 

compression, fractional transform in image compression and blocking artifacts. 

2.1 IMAGE COMPRESSION 

JPEG in 1987 studied the subjective quality of image using blind assessment based 

selection process. This study suggested that best image quality is achieved by     

DCT, concluding that statistical form of data compression gives better results [22]-

[23]. Thus, at the encoder end, the input image is divided into     blocks and 

processed by Forward DCT. Similarly, at decoder end, the image is processed using 

Inverse DCT and     blocks are aggregated to achieve the reconstructed image. 

ISO/CCIT group indulged in developing an international image compression 

algorithm which is known as JPEG, whose overall structure was given by Wallace in 

1990 [23]. In 2001 [24], JPEG2000 standard was studied using the wavelet coding 

techniques. The main technique in focus was wavelet transform and not the JPEG 

standard itself. Wavelet coders use bi-orthogonal filters which do not preserve energy 

rather than orthogonal filters which preserve the energy. In 2001 Yetik et al. [25] 

presented a FDD filtering representation of images along with image compression 

algorithm. In fractional Fourier filtering initially, input image is processed using FrFT 

then multiplied with the filter function and the resultant is processed by Inverse 

Fractional Fourier Transform (IFrFT). Multi-channel and multi-stage filtering has two 

unknowns namely, fractional Fourier transform orders and filter coefficients. These 

unknowns are estimated by the use of minimum mean square approach. The 

implementation cost of FrFT and FT is same, thus, FrFT provides faster 

implementation of system in space [25]. As the compression extend increases so does 

the error. 

In 2006, DFrFT combining with Set Partitioning In Hierarchical Tree (SPIHT) 

scheme was used for signal compression [26]. High compression was achieved with 



8 

 

better results than DCT when tested for different types of signals. In 2008, Cebrail et 

al. [27] analyzed fidelity criteria, coding repetitions for different compression 

approaches. Meanwhile, different techniques to implement image compression came 

up such as using neural networks, wavelet transform and phase information [28]. 

Image compression was performed using Artificial Neural Network (ANN) 

considering visual features and information embedded in the image [29]. This 

algorithm works in a lossy way causing high compression but with preserved 

characteristic data with or without quantization and median filter. Lossy image 

compression utilizing phase information with reduced storage requirements can regain 

an original image adaptively using spectral phase information only. In fact, the 

number of quantization bits had been varied adaptively based on spectral phase 

information to achieve high compression. 

In 2012, Li et al. [30] discussed the wavelet, a multi-resolution based image 

compression which overcomes the DCT drawbacks. In 2013, Jindal et al. [31] used 

discrete fractional transforms to compress as well as encrypt the image. In the same 

year, Jindal et al. [32] gave an image retrieval algorithm using discrete fractional 

transforms. 

2.2 BLOCKING ARTIFACTS 

In order to reduce the computational complexity of the image compression algorithm, 

an image is divided into     sub-images known as blocks, where       but results 

in image impairment known as blocking artifacts [5].The algorithms for blocking 

artifacts reduction can be classified into pre-processed and post-processed methods. 

Pre-processed methods are applied in the spatial domain before encoding. While in 

post-processing, the technique can be applied in both transform domain and spatial 

domain as it is done on reconstructed image at decoding end.  

2.2.1 DETECTION AND REDUCTION ALGORITHMS 

In 1983, Reeve et al. [33] proposed two methods to reduce the effect of blocking 

artifacts. Firstly, method in which an image is segmented into sections containing 

some pixels known as an overlap method. When merging these regions to recreate the 

image slight overlap around the perimeter can reduce blocking artifacts. Secondly, the 
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filtering method, a     Gaussian spatial filter can be applied at pixels adjacent to 

sub-image boundaries which reduces the blocking artifacts with least damage to the 

content of the image. Zakhor [34] in 1992, gave an iterative block reduction technique 

which starts with low pass or band limit filtering of the image which has horizontal 

and vertical high frequency components. Then     image is divided into sub-

images and DCT of each sub-image is taken independently, followed by quantization. 

The proposed algorithm uses     low pass filters which reduce blocking artifacts 

and excessive blurring. 

Later in 2000, Paek et al. [35] studied high frequency components at two stages as 

blocking artifacts are the result of the high frequency component in the image. At first 

stage, two adjacent homogenous blocks from the boundary of block are found. Then 

at the second stage, the local frequency characteristics in the homogeneous block are 

studied through DCT. For two homogeneous blocks of different sizes the relation 

between DCT coefficients is derived, through which identification of high frequency 

components is done. An algorithm to detect and reduce the effect of blocking in JPEG 

compressed images was given by Singh et al. [36], in 2007. Visual perception along 

the block boundary provides assistance in detection of blocking artifacts modeled as 

2D step function. The regions between block boundaries are either smooth or non-

smooth regions. The blocking artifacts in the smooth region are removed by 

modifying DCT coefficients while the blocking artifacts in the non-smooth region are 

removed by applying an edge preserving smoothing filter. Liew et al. [37] designed 

the algorithm which uses the fact that the block discontinuities are constrained by the 

DC quantization interval of the quantization table. Since artifacts mainly occur at the 

strong edges, which can be found at block boundaries, thus suppression of block 

discontinuities do not always reduce blocking artifacts. The algorithm reduces 

blocking artifacts and ringing effects while preserving edges and texture information. 

Lee et al. [38] proposed an algorithm which was used to detect the corner outlines and 

then applying thresholding on the coefficients blocking is reduced. A     median 

filter was applied on the reconstructed image and the image quality metrics used for 

image quality determination viz PSNR, MSE, MSSIM were also improved. Singh et 

al. [39] proposed a detection and reduction algorithm for blocking artifacts using a de-

blocking filter in the four modes of attack. These modes include a corner mode and 
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three frequency based modes namely, smooth, non-smooth, intermediate. The main 

feature of this algorithm came out to be its reduced computational complexity with 

preserved and enhanced image quality. In later 2012, Purushothaman et al. [40] gave 

an adaptive non-linear algorithm based on smooth and edgy regions detected by 

binary edge map. This algorithm reduces blocking artifacts along with preserving the 

fine details and edges of the image at low-bit rates. Pandey et al. [41] in 2015, studied 

block wise DCT based image compression and the quantization matrix values was 

modified to achieve reduced blocking artifacts in the reconstructed image. 

2.2.2 REMOVAL ALGORITHMS 

Apart from various detection and reduction techniques, several algorithms to eradicate 

blocking from the compressed images were also given. Hsu et al. [42] proposed an 

adaptive separable median filter which adaptively transforms from a traditional 

median filter to a low-pass filter progressively when the filter is close to the position 

of blocking. This filter gives the advantage of edge preserving and noise reduction. In 

the conventional transform coding such as JPEG standardized coding, Minami et al. 

[43] suggested a new approach without introducing extra information or blurring to be 

applied. This technique exploits the correlation between the pixels intensity values at 

the block boundary. Due to the quantization of DCT coefficients, the expected value 

of Mean Squared Difference of Slope (MSDS) between the slope across the adjacent 

blocks and average between the boundary slopes of each of the two blocks is 

increased.  

Meier et al. [44] proposed an algorithm which segments the degraded image and at 

each segment low pass filter is applied. This prevents blurring of edges as low pass 

filter is never applied at the segmented region boundary. The algorithm result depends 

greatly upon the segmentation method and the type of filter used. Chou et al. [45] 

estimated the maximum likelihood of quantization noise to be formed to distinguish 

possible artificial edges from natural edges. Then by applying one time non-linear 

smoothing artificial edges are removed. Luo et al. [46] has taken two properties into 

consideration. First, for smooth region within the block the original pixel level 

provides continuity. And second, the correlation between the neighboring blocks is 

utilized to reduce the discontinuity of pixel across the boundaries. Utilizing these two 

properties, the blocking removal algorithm enhances the visual quality of image. 
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Singh et al. [47] gave a new adaptive post-processing algorithm for removing 

blocking artifacts in the block based DCT compressed images. The blocking artifacts 

in the smooth and non-smooth region were removed by modifying DCT coefficients 

and an edge preserving smoothing filter is applied at the intermediate region. In 2013, 

Dandiwal et al. [48] summarized and analyzed the performance of various post-

processing blocking removal algorithms given till date in spatial domain. The analysis 

suggested that the algorithm given by Chou [45] produced good quantative results. 

2.3 FRACTIONAL TRANSFORM 

In 17
th
 century, Bernoulli questioned the meaning of non-integer order derivative, 

giving rise to the concept of fractional orders. Later in 1929, the concept of fractions 

was introduced using FT [11]. Initially, fractional calculus concept was applied in the 

field of mathematics and optics only. In 1930 H. Weyl worked upon FrFT definition 

who was followed by others namely, in 1937 by E. U. Condon, in 1939 by H. Kober, 

in 1956 by A. P. Guinanad, in 1959 by A. L. Patterson, in 1961 by V. Bargmann, in 

1973 by De Brujin and lastly in 1974 by R. S. Khare [49]. 

2.3.1 SEPARABLE FRACTIONAL FOURIER TRANSFORM 

The first mathematical concept of fractions in the definition of FT, with ordinary FT 

at an order of 1 was introduced by Namias [12] completely unaware of the work done 

earlier in 1929. McBride et al. [50] considered the application of modified fractional 

operators and their proved theorems on ordinary differential equation. Almeida [51] 

discussed FrFT as a signal which changes from time to frequency while changing 

fractional order from 0 to 1. FrFT when defined as a linear integral transform kernel 

in the one-dimensional (1D) then FrFT of      is defined as [51] 

  (    )  ∫                      
 

  

                                                         

According to this definition   (    )  transforms      into    domain such that 

      . The kernel of FrFT is given as 

  (    )  ∑      
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     is the normalized   th-order Hermite function with   as unit variance. 

Mathematically, 

        
 

(     √ )
 

 

  (
 

 
)  

 (
  

   )
                                                                

where,       is the Hermite polynomial of   th-order. The Hermite-Gaussian function 

has the same eigen-function with similar eigenvalues and eigenvectors as that of 

Fourier Transform. In accordance with this reason, the Hermite-Gaussian function is 

considered to be the FrFT decomposition kernel. The inverse of the FrFT can be 

obtained simply by replacing –   which is actually a backward angle. Mathematically, 

it can be given as 

   (     )  ∫                       
 

  

                                                

 For different values of  , FrFT of a signal is considered to be rotated at arbitrary 

angles on the time-frequency plane. 

Table 2.1: Convergence of FrFT 

    Operator Operation performed on Signal 

0 and 4 0 and         Identity Operator 

1           Fourier Transform 

2        Inverse Identity Operator 

3             Inverse Fourier Transform 

For the analysis of 2 dimensional (2D) signals, the expression for FrFT is given as 

[52] 

  (      )         (      )   ∬                                                  

where, 
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Figure 2.1: FrFT in time-frequency plane 

In 1997 Kutay et al. [53] gave the digital computation of FrFT which disobeyed 

additivity property. While developing Discrete Fractional Fourier Transform (DFrFT), 

it was essential that it closely follows the property of continuous FrFT. Initial 

definitions of DFrFT were made by linearly combining the four signals namely, 

original signal, its circularly flipped signal, its DFT and circularly flipped signal of 

DFT [52]. The results of these definitions were not close to continuous FrFT. In 1996 

Ozaktas [13] gave an accurate and efficient FrFT computation simply by factor 2 

oversampling without involving any additional cost as in case of ordinary transform. 

The discrete counterpart was also defined. In the same year, McClellan et al. [17] 

defined DFrFT by digitally computing FrFT which follows rotational property but not 

angle addition property of FrFT. Later Cariolario [14] gave definition for different 

types of signals namely, one dimensional and multi-dimensional signals, periodic and 

aperiodic signals and continuous and discrete signals. 

The simplest manner to define DFrFT is to sample FrFT but this result in DFrFT 

which do not follow properties of FrFT at all. Candan et al. [19] proposed generalized 

DFT as DFrFT based on the particular set of eigenvectors of DFT, which comprises 

of discrete counterpart of Hermite-Gaussian functions.        the DFT of the 

sequence of data      is given as [54] 

     ∑      
     

                                                                                                 

 

   

 

𝛼  

𝛼  

Time 

Frequency 

a=0 

a=1 

a=2 

a=3 
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And Inverse Discrete Fourier Transform (IDFT) is given as 

     
 

 
∑       

     

                                                                                          

 

   

 

The DFrFT obtained satisfactorily follows unitary, index additive and for unit order 

reduces to DFT. Utilizing the Hermite-Gaussian function the transform kernel to 

calculate DFrFT is given as 

                                                                                                                

                              

{
 
 

 
 

∑        
 

   

   

  
                            

(∑        
 

   

   

  
  

)         
   

           

 

where,        
 |  

 |      
  for odd N and       

 |  
 |      

    
   for even N. 

These are the normalized eigenvector of the k-th order discrete Hermite function and 

D is defined as 

                        [

     
     

  
  

  
  

  
          

],              odd N 

and                                                                                                                                            

                       [

     
          

  
  

  
            

  
      

],             even N 

 In 2000 Pei et al. [18] proposed a new DFrFT which has DFT eigenvalues and 

eigenvectors. The eigenvectors were obtained by two orthogonal projection method. 

The obtained eigenvectors of the S matrix was made orthogonal using Gram Schmidt 

procedure in accordance to the first orthogonal method. The least Frobenius norm 

between the samples of Hermite function and the orthogonal DFT Hermite 

eigenvectors was obtained by using Orthogonal Procrustes Method (OPM). Hanna et 

al. [55] formulated a technique for generating orthonormal eigenvectors from F 
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(twiddle matrix of DFT) using SVD method of orthogonal projection matrices with 

Gram Schmidt Orthogonalization  (GSO), Orthogonal Procrustes Method (OPM) and 

Sequential OPA (SOPA). Santhanam et al. [56] defines DFrFT based on the centered 

version of DFT as the eigenvectors are derived using the Grunbaum’s tri-diagonal 

commutator which approximates the Hermite-Gauss eigenvectors very closely. Serbes 

et al. [57] proposed a new DFrFT using centered DFT twiddle matrix. This CDFT is 

used to determine the projection matrices which are Hermite-Gauss like eigenvectors 

of the CDFT corresponding to each eigenvalues of CDFT. Singh et al. [58] reviewed 

the existing methods of DFrFT classifying them into classes based upon the 

methodology used. Comparison of various classes concluded that eigen-

decomposition was the best class of definition for DFrFT. However, none definition 

of DFrFT satisfies all the properties of FrFT till date, creating scope for further 

improvements in the definition. 

2.3.2 NON-SEPARABLE FRACTIONAL FOURIER TRANSFORM 

Non-Separable Fractional Fourier Transform (NSFrFT) is a generalization of FrFT 

and a special case of Non-Separable Linear Canonical Transform (NSLCT) [59]. The 

class of non-separable transforms can represent a large number of systems such as 

non-orthogonal systems, anamorphic systems and astigmatic systems. The non-

separable case represents the two dimensions coupled to each other with the help of 

additional four cross-parameters. A methodology to represent NSFrFT from NSLCT 

has been discussed by Ding et al. [21] by working upon the values of the ABCD 

parameters of the NSLCT definition. The definition of Non-Separable Linear 

Canonical Transform (NSLCT) [21] considering that           is given as 

       (  √       )
  

∫ ∫           
          

            
 

  

 

  

 

   *
 (                          )

      
+    *

     
          

  

       
+                

       

where, A, B, C, D are     matrix representing 16 parameters of NSLCT 

          *
      

      
+ ,    [

      

      
]  , 
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          *
      

      
+ and   [

      

      
]                                                                          

                is the output obtained [21] and 

                          ,  

                                                                                                               

                           ,                   

                             ,                   

The equation (2.11) should satisfy the following constraints- 

                                                                                        

NSFrFT, a generalized definition of FrFT, can be obtained by substituting 

             *
          

          
+    [

          

          
]   

           [
            

            
]       *

          

          
+ 

in the eq. (2.11), the definition of NSLCT. 

In 1998, Sahin et al. [20] proposed a definition of NSFrFT along with its discrete 

version depicting its usefulness by optical and image-noise removal implementation. 

When the linear distortion is applied on the function, the 2D FrFT cannot be 

represented as the linear distorted signal of the original signal. If        has a FT 

given by        then                has FT given as  

       
 

 
 (

     

 
 
      

 
)                                                                       

where, 

                   

Utilizing this fact, a non-separable definition was given which can specify transform 

orders in arbitrary directions without any hindrance from orthogonal x and y axes. 
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This process of rotation is equivalent to mapping       to                   

                                         . This mapping is achieved by 

the use of Bilinear Interpolation (Bil Intr.). Thus, NSDFrFT has four main parameters 

of vital importance   ,   ,   and   . In 2015, Ran et al. [60] implemented NSFrFT 

along with chaotic maps to achieve image encryption. Highly secure and valid image 

cryptosystem has been achieved using this technique.  

 

 

 

 

 

 

 

 

 

       

                                      

                                (a)                                                                                    (b)           

Figure 2.2: Time-Frequency plane rotation for (a) separable FrFT (b) NSFrFT 

The non-separable transforms have an important necessity for interpolation to reverse 

rotated grid samples to the original grid which is in the shape of rectangle. However, 

an important fact to be noted is that no such substantial impact in separable case has 

been observed [59]. Thus, the errors occurred greatly rely upon the accuracy of the 

interpolation algorithm used. In some cases, customized interpolation algorithms for 

non-rectangular grids are required to further enhance the accuracy of the non-

separable definition. 

2.4 MOTIVATION 

The literature of image compression is full of techniques and methodologies to 

achieve a high quality reconstructed image at the receiver’s end. The thrilling history 

of Fractional Transforms created interest for its implementation. Though now-a-days 

Fractional Transforms have gained popularity owing to its versatile features but still 

applications utilizing NSDFrFT are limited to optics and filtering. Working upon the 

same line of thought, the usefulness of NSDFrFT as a transform technique in the 

JPEG based image compression algorithm has to be explored. Thus, the main driving 

y’ 
y 

𝑎  

𝑎  

x 

y 
𝑎  

𝑎  

𝑥  
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force behind this research is the target to achieve visually superior, highly compressed 

reconstructed image.  

2.5 OBJECTIVES OF THESIS 

This research accomplishes following objectives: 

 To achieve image compression using Non-Separable Discrete Fractional Fourier 

Transform (NSDFrFT). 

 To compare NSDFrFT definition comprising of different interpolation techniques 

and suggest the better performer for compression purposes. 

 To analyze the blocking in the reconstructed image for different fractional 

transform techniques. 

 

 

 

 

 

 

 

 

 

 

 

 

 



19 

 

CHAPTER 3 

INTERPOLATION 

 

3.1 INTRODUCTION 

The lossless process of implementing digital samples to approximate the continuous 

function’s values is known as interpolation. Interpolation performs the transformation 

of function from one resolution to another resolution without any degradation in the 

quality of transformed function. In the process of interpolation, actually the empty or 

unknown spaces are created in the source image and are filled up with the determined 

appropriate pixel values. An image interpolation can be done to achieve image 

enhancement, image rotation, image resizing, image zooming and many more [61].  

3.2 NON-ADAPTIVE INTERPOLATION ALGORITHMS 

The algorithms which are applied on all the pixels of the image irrespective of 

features and quality are known as non-adaptive interpolation algorithms. These 

algorithms can process all the pixels of the image without any constraint. The non-

adaptive interpolation algorithms are the simplest interpolation techniques available. 

3.2.1 NEAREST NEIGHBOR INTERPOLATION 

The simplest interpolation method and requires minimum calculations to compute the 

point to be interpolated. The Nearest Neighbor Interpolation (NN Intr.) follows the 

point shift algorithm [62]. However, it can also be achieved by convolving the image 

with one-pixel rectangle in the spatial domain. The kernel for NN Intr. is given for 

both horizontal and vertical directions as 

     {
                     
                     

                                                                                          

Mathematically, the interpolation point P based upon the kernel can be given as 
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where,           ,           ,            and            are pixels of an image. 

                                           

 

 

 

                                                 

 

Figure 3.1: Interpolation of a point P 

The effect of this process is that image pixel becomes larger with jagged heavy edges. 

To overcome the problem of jaggy edges, bilinear interpolation algorithm was used. 

3.2.2 BILINEAR INTERPOLATION 

Bil Intr. takes four immediate neighbor points to calculate the point to be interpolated. 

It is an extension of linear interpolation which is performed on a 2D grid. The main 

concept is to apply linear interpolation first in horizontal direction and then in vertical 

direction to achieve the Bil Intr. However, the directional sequence has no 

significance [63]. Suppose P      is the point in the image to be interpolated and 

      ,       ,        and        are the pixel value at            , 

          ,           and            the immediate neighbor pixel of the point to be 

interpolated respectively as shown in Figure 3.1.    

The mathematical representation of linear interpolation in the x-direction is given as 

         
    

     
       

    

     
                                                                 

         
    

     
       

    

     
                                                                   

Similarly, the linear interpolation in the y-direction is obtained. Substituting the 

values of        and         from eq. (3.3) and eq. (3.4) respectively, the Bil Intr. 

pixel can be given as 

.P 
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The images interpolated by Bil Intr. have softer edges overcoming the shortcoming of 

NN Intr. with a better tradeoff between image visual quality and cost of computation. 

But the interpolated images are blur, reducing the visual quality of image. Thus to 

counter the problem of blurring, the interpolation algorithms using the concept of 

convolution were suggested, giving way to Bicubic Interpolation (Bic Intr.). 

3.2.3 BICUBIC INTERPOLATION 

 Bic Intr. is an extension of cubic interpolation. Bic Intr. considers 16 points or 

coefficients to estimate the interpolation point of the image. The point to be 

interpolated by Bic Intr. is given as 

       ∑ ∑                           

 

    

 

    

                              

where, 

               
 

 
                                  

and 

                ,
                    
                    

 

Bic Intr. results in smoother images and extend of interpolation artifacts in the 

interpolated images are also very less. However, speed and complexity of 

computation is where Bic Intr. lags [61]. 
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3.3 APPLICATIONS 

Interpolation being capable of predicting points at unknown locations finds numerous 

applications. In one such application of image zooming, while trying to excessively 

zoom an image, it becomes blur and blocky. So zooming an image only increases the 

size of a pixel, rather than imploring more pixels which effectively reduces the 

number of pixel contained in the same area. By putting the same number of pixels in 

the area after zooming as it was before zooming [63], a better resolved image without 

significantly affecting the size of image is attained as a result. This is termed as image 

zooming via interpolation. This process of image editing helps us focus at particular 

area in the image when the details in the image are more important than intricacy of 

detail. The process of image resizing helps us increase (or decrease) the size of image 

which are not perceived in their original size. This type of editing is necessary when 

total number of pixels in an image requires change [61].  

Image rotation via interpolation is done when the viewing angle is not appropriately 

adjusted. In this method the pixels are simply copied and pasted on their new location 

[64], hence producing a rotated image. The new location of pixel can be calculated 

using rotation of axis about a fixed point. 

 

 

  

Figure 3.4: (a) Original image, (b) Image rotated at an angle of 150, (c) Image 

rotated at an angle of 450 

 

(b) (a) (c) 
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3.4 SUMMARY 

The different definitions of non-adaptive interpolation techniques have been discussed 

in this chapter. The mathematical analysis of different non-adaptive interpolation 

techniques such as Nearest Neighbor Interpolation, Bilinear Interpolation and Bicubic 

Interpolation has been done along with their applications in the area of images. These 

different non-adaptive interpolation techniques have been used in the definition of 

NSDFrFT respectively, so that the effect of interpolation on the performance can be 

analyzed. 
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CHAPTER 4 

IMAGE COMPRESSION USING VARIOUS 

TRANSFORM TECHNIQUES 

 

Image compression deals with the scarcity of storage space and transmission 

bandwidth with less processing cost and computational time. Image compression is a 

procedure to reduce the number of bits required to represent an image without any 

significant loss in image visual quality. This chapter discusses and compares different 

transform techniques in image compression algorithm following JPEG technique. 

4.1 INTRODUCTION 

Digital imaging has gained importance, giving way to many applications [65]. These 

applications thrive for greater need of image compression to reduce the amount of 

digital data available globally. Redundancy and irrelevancy in image are the reasons 

which lead to the requirement of image compression. Redundancy is the amount of 

correlated pixels available in the image and irrelevancy of data is generally not noted 

by human eyes [1]. A digital image is obtained by sampling and quantizing a 

continuous image, but such images requires large amount of storage and samples to 

represent the energy. So, limitation of storage space will always be there and addition 

of extra storage devices does not solve the problem. Thus, to counter the storage 

problem, various image compression algorithms had been given [5]. In the past 

decades various image compression algorithms had been given which are JPEG2000 

compression coding [65], using DFT, using DCT [66], using DFrFT [67], using 

DFrCT [67] and wavelet domain [68]. 

4.2 IMAGE COMPRESSION CHARACTERISTICS 

Image compression can be characterized by three vital parameters: image 

compression percentage, compression speed and compressed image quality. Any 

image compression algorithm can undergo inspection considering these vital 

characteristics. These vital characteristics have been discussed in detail. 
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4.2.1 COMPRESSION PERCENTAGE  

Compression percentage can be given as the ratio between the compressed image size 

and the original image size, multiplied with 100. Mathematically, compression 

percentage is given as  

    
                                          

                   
                                   

The quality of image greatly depends upon the compression percentage. Higher the 

value of compression percentage, the visual quality of reconstructed image is inferior 

[10]. Highly image data dependent compression percentages are also considered by 

some image compression algorithms.  

4.2.2 COMPRESSION SPEED 

Compression speed is inversely proportional to the total computational time which 

includes both the compression time and the decompression time of an image [10]. 

Specifically, compression time is the time taken by the algorithm to compress an 

image and decompression time is the time taken to decompress an image. Thus, it can 

summarized that an image compression algorithm is considered to be best if it takes 

least compression and decompression time which enables the system to process 

quickly and depict the processed images in an efficient and interactive manner. 

4.2.3 IMAGE QUALITY PARAMETERS 

To analyze the quality of reconstructed image, various mathematical and statistical 

parameters are required. Among which subjective quality measurements includes 

visual scene perception influenced by spatial fidelity, viewing environment, 

observer’s state of mind and extend of observer interacts with the visual scene [9], 

whereas, objective quality measurements includes algorithms which compares the 

processed images with original image. For example- Mean Square Error (MSE), Peak 

Signal to Noise Ratio (PSNR), Mean Structural Similarity Index Measure (MSSIM), 

Gradient Magnitude Similarity Deviation (GMSD) etc. The image quality metrics 

used for the analysis have been discussed in detail. 
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MSE is the average squared difference between a reference image and a distorted 

image. It is computed pixel by pixel, adding the squared differences of all pixels and 

dividing by the total count of the pixels [9]. Considering that        represents a pixel 

of reference image    and        represents a pixel of distorted image   . 

Mathematically 

    
 

  
∑ ∑                

   

   

   

   

                                                                         

An important objective quality measure, PSNR is generally computed on the 

logarithmic scale and its values inversely depend upon MSE in the ratio with squared 

of maximum value of pixel, i.e.        .The formula for PSNR is given as 

             (
    

 

   
)                                                                                          

where,      is the maximum pixel value [9]. In case of 8-bit image         .  

In 2004, Wang et al. [69] gave a Structural Similarity Index Measure (SSIM) with the 

idea that human eyes are adaptive to the structural information of the test object, 

image or scene. It compares the luminance firstly then contrast and at last the 

structure of the reference image and the distorted image. However, these components 

are independent of each other. The mathematical representation of SSIM index is as 

follows 

          
(        )(       )

(  
    

    )(  
    

    )
                                                          

where,    and     are the mean intensity and the contrast estimation is done by 

standard deviation    and   .    and    are the constants which are included to avoid 

instability when   
    

  is near to zero [69]. The overall image quality is calculated 

using mean SSIM index given as 

           
 

 
∑           
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In 2014, Xue et al. [70] gave an image quality assessment model known as GMSD. 

The image gradients are sensitive to distortions occurring at different degrees for 

various local structures. The GMSD algorithm used is highly accurate and faster in 

calculation. The standard deviation of the GMS map results into the final image 

quality score known as GMSD. The GMS map at location   is given as 

       
             

  
       

      
                                                                                    

whose average value GMSM is given as 

     
 

 
∑       

 

   

                                                                                                 

Utilizing above mentioned        and     , the GMSD is given as 

      √
 

 
∑              

 

   

                                                                      

The higher the GMSD score, the more is the distortion in the image. For the good 

quality of the reconstructed image among the image quality metrics used, MSE and 

GMSD must be minimum while the metrics PSNR and MSSIM should be maximum.  

4.3 IMAGE COMPRESSION USING DISCRETE FRACTIONAL 

FOURIER TRANSFORM  

To compress image using fractional transform, following methodology has been 

adopted. 

1. The original image of     size is divided into sub-images known as blocks of 

    size. In the presented simulations   =512 and   =8 has been used.  

2. Each block undergoes transformation independently. That means each sub-image 

is processed using 2D fractional transform technique.  

3. The obtained image is in transform domain rather than in spatial domain. 

Obtained transform coefficients undergo quantization to remove the irrelevant 

information indulged with an image. Compression percentage plays an important 

role in deciding the limit for quantization of transform coefficients.  
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4. To achieve the image back into spatial domain, the complete procedure in inverse 

order is implemented. Implying that inverse fractional transform of the 

compressed image is done and then the blocks are combined and thus the 

decompressed image is obtained. The quality of obtained image is evaluated by 

means of different image quality parameters such as PSNR, MSE, MSSIM and 

GMSD. Figure 4.1 and Figure 4.2 shows the block diagram of compression and 

decompression process. 

 

 

 

Figure 4.1: Encoding process of block based image compression 

 

 

Figure 4.2: Decoding process of block based image compression 

The algorithm of image compression has been applied upon the grey scale images of 

         shown in Figure 4.3 (Baboon, Barbara, Boat, Lighthouse, House, Lena, 

Pepper [71] and Grass [72]) for different compression percentages viz 10%-70%. The 

optimum value of    and    varies from 0 to 1. For the sake of simplicity    and    

have been kept same, represented by    . The compressed image by DFrFT is shown 

in Figure 4.4 and Figure 4.5 with optimum values complied in Table 4.1. 

 

(a) Baboon 
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(c) Boat 

 

(d) Lighthouse 

 

(e) Grass 

 

(f) House 

 

(g) Lena 

 

(h) Pepper 

Figure 4.3: Different images for the purpose of image compression [71], [72] 
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(a) Compressed Image at 10% 

 

(b) Compressed Image at 20% 

 

(c) Compressed Image at 30% 

 

(d) Compressed Image at 40% 

 

(e) Compressed Image at 50% 

 

(f) Compressed Image at 70% 

 

Figure 4.4: Simulation results of image Lena at different compression 

percentages using DFrFT as transform technique 



31 

 

 

(a) Compressed Image of Baboon 

 

(b) Compressed Image of Barbara 

 

(c) Compressed Image of Boat 

 

(d) Compressed Image of Grass 

 

(e) Compressed Image of House 

 

(f) Compressed Image of Pepper 

 

Figure 4.5: Simulation results of different images at 70% compression using 

DFrFT as transform technique 
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4.4 IMAGE COMPRESSION USING NON-SEPARABLE 

DISCRETE FRACTIONAL FOURIER TRANSFORM 

To compress an image using 2D NSDFrFT, following methodology has been adopted. 

1. The original image is rotated by    in x direction and    in y direction to obtain 

  *
               

          
 
                

          
+ 

from        via interpolation. Mathematically, mapping via Bil Intr. is given as 
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Similarly, mathematical representation for mapping via Bic Intr. can be obtained 

by substituting the values                               and   

                             in the eq. (3.6) we get Bic Intr. image. 

While for NN Intr. 

        
       

 
   

       

 
                                                    

gives the NN Intr. image. 

2. The interpolated image of     size is divided into sub-images known as blocks 

of     size. In our simulations we have used  =512 and  =8. Each block 

undergoes transformation independently. Mathematically, 
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where, 

                                     ⁄  

and 

                                      ⁄   

 

3. Resulting image is in transform domain rather than in spatial domain. Next 

quantization of obtained transform coefficients is done to remove the irrelevant 

information intact with an image. Compression percentage plays an important role 

in deciding the limit for quantization of transform coefficients.  

4. To achieve the image back into spatial domain, the complete procedure in inverse 

direction is implemented. The inverse NSDFrFT is applied on the compressed 

image and the blocks are put together to obtain the decompressed image. The 

quality of obtained image is evaluated by means of different IQMs such as MSE, 

PSNR, MSSIM and GMSD. 

The compressed images using NSDFrFT-NN Intr., for different compression 

percentages of 10%, 20%, 30%, 40%, 50%, 60% and 70% for different images have 

been shown in Figure 4.6 and for NSDFrFT-Bil Intr. in Figure 4.7 and finally for 

NSDFrFT-Bic Intr. in Figure 4.8 and Figure 4.9 respectively. The optimum fractional 

order and the rotation angle for different compression percentages along with image 

quality parameters have been compiled in Table 4.2 for NSDFrFT-NN Intr., in Table 

4.3 for NSDFrFT-Bil Intr. and in Table 4.4 for NSDFrFT-Bic Intr. respectively.  

For sake of simplicity    and    have been kept same and represented by    . The 

definition of NSDFrFT converges to DFrFT by substituting 0 to both rotational angles 

   and   . 
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(a) Compressed Image of Baboon 

 

(b) Compressed Image of Barbara 

 

(c) Compressed Image of Boat 

 

(d) Compressed Image of Grass 

 

(e) Compressed Image of House 

 

(f) Compressed Image of Pepper 

 

Figure 4.6: Simulation results of different images at 70% compression using 

NSDFrFT-NN Intr. as transform technique 
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(a) Compressed Image of Baboon 

 

(b) Compressed Image of Barbara 

 

(c) Compressed Image of Boat 

 

 

 

( 

 

(d) Compressed Image of Grass 

 

(e) Compressed Image of House 

 

 

 

 

 

(f) Compressed Image of Pepper 

 

Figure 4.7: Simulation results of different image at 70% compression using 

NSDFrFT-Bil Intr. as transform technique 
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(a) Compressed Image at 10% 

 

(b) Compressed Image at 20% 

 

(c) Compressed Image at 30% 

 

(d) Compressed Image at 40% 

 

(e) Compressed Image at 50% 

 

(f) Compressed Image at 70% 

Figure 4.8 : Simulation results of image Lena at different compression 

percentages using NSDFrFT-Bic Intr. as transform technique 
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(a) Compressed Image of Baboon 

 

(b) Compressed Image of Barbara 

 

(c) Compressed Image of Boat 

 

(d) Compressed Image of Grass 

 

(e) Compressed Image of House 

 

(f) Compressed Image of Pepper 

Figure 4.9: Simulation results of different images at 70% compression using 

NSDFrFT-Bic Intr. as transform technique
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4.5 COMPARISON OF COMPRESSION ALGORITHMS USING 

IMAGE QUALITY PARAMETERS 

The Non-Separable Discrete Fractional Transform has been compared with Discrete 

Fractional Transform and JPEG for Lena and Pepper of size           at 50% 

compression in Table 4.5. An improvement of 1.21 dB for Lena and 4.80 dB for 

Pepper in PSNR has been achieved. However, the proposed algorithm lags from 

DFrFT in the computational time required to encode and decode the image by 1.31 

sec and 0.79 sec for Lena and Pepper respectively. The number of parameters in 

DFrFT is only two   and    therefore, the required computation time for encoding 

and decoding is also less in comparison to NSDFrFT which has four parameters 

            for computation. 

Table 4.5 : Comparison of Non-Separable Discrete Fractional Transform, 

Discrete Fractional Transform and JPEG at 50% compression 

 

Table 4.6 : Comparison of Non-Separable Discrete Fractional Transform, 

Discrete Fractional Transform at 50% compression 

 

The Non-Separable Discrete Fractional Transform has been compared with Discrete 

Fractional Transform for Lena and Pepper of size           at 50% compression 

in Table 4.6. An improvement of 0.39 dB for Lena and 4.29 dB for Pepper in PSNR 

Algorithm Image 

          

PSNR 

in dB 

CPU Time 

Encoding 

Time (sec) 

Decoding 

Time (sec) 

Non-Separable Discrete 

Fractional Transform 

Lena 45.76 6.64 6.64 

Pepper 47.08 4.27 4.27 

Discrete Fractional Transform 

[67]  

Lena  44.55 5.33 5.33 

Pepper 42.28 3.48 3.48 

JPEG [74] Lena 34.66 0.12 0.12 

Pepper 34.27 0.20 0.20 

Algorithm Image 

          

PSNR 

in dB 

CPU Time 

Encoding 

Time (sec) 

Decoding 

Time (sec) 

Non-Separable Discrete 

Fractional Transform 

Lena 45.59 10.03 10.03 

Pepper 40.81 8.56 8.56 

Discrete Fractional Transform  Lena  45.20 7.22 7.22 

Pepper 36.52 5.86 5.86 
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has been recorded. However, the computational lag in this case for Lena and Pepper 

are 2.81 sec and 2.70 sec respectively from DFrFT. 

The different variations of Non-Separable Discrete Fractional Transform, when 

compared suggest that NSDFrFT-Bic Intr. perform better in comparison to NSDFrFT-

Bil Intr. and NSDFrFT-NN Intr. In terms of image quality parameters, PSNR suggest 

that NSDFrFT-Bic Intr. performs better in comparison to DFrFT at higher 

compression percentages. In accordance to GMSD score and MSSIM index, 

NSDFrFT gives structurally and predictively similar reconstructed image as that of 

original image. Figure 4.10 shows the comparison of different transform techniques 

for the image Lena at different compression percentages. 

 

 

(a) Compression vs GMSD Score 

for Lena 

 

(b) Compression vs MSSIM Index  

for Lena 

 

Figure 4.10: Comparison of different fractional transforms for image Lena at 

different compression percentages 

The plot of GMSD Score vs compression percentage suggested that subjective image 

quality is high for NSDFrFT-Bic Intr. which considers the local image distortions 

caused by local structure diversity. The plot of MSSIM index vs compression 

percentage concludes that the reconstructed image from NSDFrFT-Bic Intr. have high 

structural similarity to the original image in comparison to compared fractional 

transform techniques. In order to analyze the techniques properly images have been 

categorized into three classes [72]:  
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1. High Frequency Images- Baboon, Grass 

2. Medium Frequency Images- Barbara, House, Lighthouse 

3. Low Frequency Images- Boat, Lena, Pepper 

PSNR and MSE are better for images of all classes in case of NSDFrFT-Bic Intr.  in 

comparison to DFrFT for higher compression percentages. The optimized values of 

MSSIM and GMSD shows that the reconstructed image comprises of high structural 

similarity to original image along with high subjective image quality for low 

frequency images compressed via NSDFrFT-Bic Intr. 

4.6 SUMMARY 

An algorithm to compress an image using NSDFrFT has been proposed. In this work, 

the effect of interpolation on the performance of NSDFrFT has been studied and it 

was found that for an image divided into a block of    , the NSDFrFT definition 

utilizing Bicubic Interpolation for mapping purposes performed better for higher 

compression percentages. The compressed image obtained comprises of blocking 

artifacts. Thus, the effect of fractional transform techniques on the extent of blocking 

artifacts has to be analyzed.  
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CHAPTER 5 

REDUCTION OF BLOCKING ARTIFACTS 

 

5.1 INTRODUCTION 

In accordance to transform coding, an image is divided into sub-images known as 

blocks. If an image is of     size then blocks will be of     size where   can be 

4, 8, 16, 32 and so on. Each block is processed independently [5]. To achieve the 

complete image again, these blocks are aggregated. This complete procedure results 

in visual impairment in the image as discontinuity at the block edges or boundaries 

become visible. This visual impairment is known as blocking artifacts. 

The main cause of blocking artifact is the loss in the accuracy of transform coefficient 

resulted from the independent quantization of each block. During the process of 

quantization a large number of transform coefficients are discarded. And when image 

is converted back into spatial domain, quantization error gets spread all over the 

image as quantization is done in the transform domain. Blocking artifacts are 

prominent when coarse quantization is done. The visibility of blocking artifacts is 

high in the plain areas or slowly varying portions of the image. 

In image compression procedure, there is always a trade-off between the coding bit 

rate and coded image quality. It is generally observed that with increase in coding bit 

rate, the quality of reconstructed image improves. But, this improvement is restricted 

by limited transmission bandwidth and storage space available. To improve the visual 

quality of image, many blocking artifact removal algorithms has been proposed such 

as DCT filtering, spatial averaging method, wavelet filtering and reconstruction 

technique for reconstructed image [9]. These algorithms can be categorized into pre-

processed methods which are applied in the spatial domain before encoding and post-

processing methods which comprises of technique that can be applied in both 

transform domain and spatial domain as it is done on reconstructed image at decoding 

end. 
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5.2 CALCULATION OF BLOCKED MEAN SQUARE ERROR 

In block-based image compression algorithm blocking artifacts are the prominent 

visual impairment in the reconstructed decoded image. Blocking can be detected by 

measuring the MSE of the block boundaries in vertical and horizontal direction [73].  

Mathematically, the          per pixel is given as  

          √
 

  
∑∑                

 

   

 

   

                                                             

where,       is MSE in horizontal direction and      is MSE in vertical direction. 

  and   are the number of rows and columns of a block. However, the MSE of 

overlapping pixels has to be subtracted. 

 

 

 

 

 

 

 

 

 

Figure 5.1: Horizontal and vertical boundaries of nine blocks 

 

5.3 COMPARISON OF VARIOUS TRANSFORM TECHNIQUES  

The          for different images at different compression percentages using DFrFT, 

NSDFrFT-NN Intr., NSDFrFT-Bil Intr. and NSDFrFT-Bic Intr. has been complied in 

the Table 5.1. The comparison of different transform techniques is shown in Figure. 

5.2. 

Overlapping 

region at block 

boundaries 
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(a) For Baboon Image 

 

(b) For Barbara Image 

 

(c) For Boat Image 

 

(d) For Grass Image 

 

(e) For House Image 

 

(f) For Pepper Image 
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(g) For Lena Image 

 

 

(h) For Lighthouse Image 

Figure 5.2: Compression vs Blocked MSE (        ) graph for images 

comparing the techniques 

In Table 5.1          has been calculated for eight different images for five different 

transform techniques at various compression percentages varying from 10% to 70%. 

It was observed that as the compression percentage increases from 10% to 70%, the 

         also increases for a particular image. Since the large value of MSE points 

towards degradation in the quality of image thus, increasing value of          

implies that as the compression increases the degree of blockiness increases. 

The comparison of different transform techniques for different images concludes that 

all the definitions of NSDFrFT i.e. NSDFrFT-NN Intr., NSDFrFT-Bil Intr. and 

NSDFrFT-Bic Intr. performs better and reduces blocking at all compression 

percentages. Blocking artifacts are significant for higher compression. The process of 

interpolation involved in the definition of NSDFrFT enables it to reduce the blocking 

in the reconstructed image. The process of interpolation involved in NSDFrFT 

definition performs the additional operation of low pass filter i.e. softening of edges 

or sharp transitions, enabling NSDFrFT performing better in terms of reduced 

blocking. However, for lower compression blocking artifacts are at minimal. While in 

case of DFrFT, separately post or pre-processing will be required to reduce or remove 

blocking artifacts in the reconstructed image. 

The graphical representation of comparison of different transform techniques for each 

of the image has been complied in Figure 5.2. The graph of a particular image depicts 
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the difference in           value computed for different fractional transform 

techniques. For example: In the comparison graph of image Lena it can be clearly 

derived that all three definitions of NSDFrFT, viz, NSDFrFT-NN Intr., NSDFrFT-Bil 

Intr. and NSDFrFT-Bic Intr. have less value of          with respect to DFrFT.  

5.4 SUMMARY 

The procedure of block processing results in the visual impairment known as blocking 

artifact in the reconstructed image. The non-separable definition of FrFT with 

different interpolation techniques reduces blocking in the compressed image much 

more efficiently than any other transform technique. However, among these three 

definitions of NSDFrFT, it was concluded that NSDFrFT-Bicubic Interpolation 

reduces blocking in the reconstructed image more profoundly than other two 

definitions of NSDFrFT. 
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CHAPTER 6 

CONCLUSION AND FUTURE SCOPE 

 

6.1 CONCLUSION 

This thesis presents the performance analysis of the NSDFrFT in the compression of 

an image to justify the practical utility and effectiveness of the technique in reduction 

of blocking artifacts. The summarized results of the analysis states that NSDFrFT with 

different interpolation methods resulted in high image quality parameters than DFrFT 

with relatively high GMSD score. For Lena and Pepper, an improvement of 0.39 dB 

and 4.29 dB in PSNR respectively has been achieved. Among different types of 

images used for analysis, low frequency images responded well for NSDFrFT-Bicubic 

Interpolation than DFrFT. The collective results of all image quality parameters 

suggested that NSDFrFT-Bicubic Interpolation performs better for higher compression 

percentages.  

The images compressed using NSDFrFT comprises of less blocking at the boundaries 

of the block. All the variations of NSDFrFT, namely, NSDFrFT-Nearest Neighbor 

Interpolation, NSDFrFT-Bilinear Interpolation and NSDFrFT-Bicubic Interpolation 

resulted in less blocking artifacts in the compressed images in comparison to DFrFT. 

However, among all the variations of NSDFrFT implemented, NSDFrFT-Bicubic 

Interpolation resulted in minimum blocked MSE. An improvement in blocked MSE of 

about 53.34% for Lena and 74.71% for Pepper  has been achieved for NSDFrFT-

Bicubic Interpolation. However, the proposed algorithm comprises of computational 

time complexity required to encode and decode the image. 

Thus, it can be concluded that NSDFrFT-Bicubic Interpolation has better performance 

at higher compression percentages for low frequency images resulting in high visual 

quality images with reduced blocking artifacts occupying less storage space and 

transmission bandwidth at reduced cost. 
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6.2 FUTURE SCOPE 

Evolution of ideas is a continuous process and thus, some aspects in the proposed 

algorithm can be improved to achieve an enhanced compression algorithm. As 

discussed in previous chapters, interpolation is a key aspect in the definition of 

NSDFrFT. Thus, improving the interpolation technique will improve the performance 

of NSDFrFT. Adaptive interpolation technique can be a way to achieve highly 

improved performance. Another aspect that will need improvement is the required 

computational time for the encoding and decoding of the image while performing the 

compression. 
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