Application of Wavelet Theory in Image Processing: A Study of Digital
| mage Denoising
A thesissubmitted in partial fulfilment of requirementsfor the degree of
DOCTOR OF PHILOSOPHY
in
MATHEMATICS
by

Parvaze Ahmad Dar

Enrollment No.: A171106

Research Supervisor

Dr. Afroz

Associate Professor and Head
Department of Mathematics

School of Sciences

Maulana Azad National Urdu University, Gachibowli
Hyderabad, | ndia-500032
(2022)



A o A 7 gttt AT TS
MAULANA AZAD NATIONAL URDU UNIVERSITY

{A Certral Uziresity cstablishes by an Act of Parlusmect in 2553)
| Acseedited with ‘A" Geads by NAAC

Declaration

|, Parvaze Ahmad Dar hereby declare that the research work entitled “Application of
Wavelet Theory in Image Processing: A Study of Digital Image Denoising”
submitted to Maulana Azad National Urdu University, Hyderabad is entirely prepared by
myself and has been the result of my own work after studying the material related to the
thesis under the supervison of Dr. Afroz Associate Professor, Department of
Mathematics. The analysis done in this thesis is entirely origina and is not copied.
Therefore, | declare that this thesis is my original work and have not been produce in any

other university or institution for the award of any degree.

Parvaze Ahmad Dar
Ph.D Research Scholar
Maulana Azad National Urdu University,
Hyderabad

Place: Gachibowli Hyderabad

Date:



ey e A 7 gt AT Gl
MAULANA AZAD NATIONAL URDU UNIVERSITY

{A Certral Uzivesity cstablishes by an Act of Parliumment in 2553)
| Acseedited with ‘A" Geads by NAAC

Certificate

This is to certify that the thesis entitled “Application of Wavelet Theory in Image
Processing: A Study of Digital Image Denoising” is submitted by Parvaze Ahmad
Dar, Enrolment No: A171106 to the Maulana Azad Nationa Urdu University,
Hyderabad in partial fulfillment of the requirements for the award of the degree of
DOCTOR OF PHILOSOPHY in Mathematics and this is an original work under my
guidance.

Supervisor
Dr. Afroz

Head Dean
School of Sciences
Maulana Azad National Urdu University,
Hyderabad

Department of Mathematics
Maulana Azad National Urdu University,
Hyderabad

Place: Gachibowli Hyderabad
Date:



A R STy
e Ao At I3 gk o s F5 05T “ "
MAULANA AZAD NATIONAL URDU UNIVERSITY = '.ﬁ

¥
(A Central University established by an Act of Parliament in 1998) e,

=

Synopsis Authenticity Certificate & Metadata

Name of the Research Scholar | Parvaze Ahmad Dar |

Enrolment No. | A171106 |

Degree (M. Phil / Ph. D.) [ Ph.D. |

Department / Centre/ Institution | Department of Mathematics MANUU Hyderabad |

Guide/Supervisor | Dr. Afroz (Associate Professor) |
Thesis/ Dissertation Title Application of Wavelet Theory in Image Processing: A Study
approved in DRC held on: of Digital Image Denoising

Date:15/09/2022
Registration Date | 01/08/2017 |

Submission Date ‘ ‘

Key words | Wavelet theory, Denoising, SNR,PSNR,DWT,IWT WPT, |
Language of Thesis | Bilingual: English, Urdu |
Title Application of Wavelet Theory in Image Processing: A Study

of Digital Image Denoising

Format of accompanying | PDF File |
material (PDF file, Imagefile, Text file, etc.)

| hereby certify that the Synopsis contained in this CD/DVD is complete in al respect and is
same as submitted in print.

Signatur e of the Scholar Signature of the Guide Signatureof theLibrarian

Gachibowli, Hyderabad - 500032, Telangana, India

www.manuu.edu.in




Hic AT AT 35, Forhet o s F5 05T “ l
MAULANA AZAD NATIONAL URDU UNIVERSITY = '.ﬁ

¥
(A Central University established by an Act of Parliament in 1998) T

=

Consent Form for Digital Archiving

Name of the Research Scholar | Parvaze Ahmad Dar |

Degree (M. Phil / Ph.D.) [ Ph.D. |

Department / Centre/ Institution | Department of Mathematics, MANUU, Hyderabad |

Guide / Supervisor | Dr.Afroz (Associate Professor) |
Thesis / Dissertation Title Application of Wavelet Theory in Image Processing: A
Study of Digital Image Denoising

1. I do hereby authorize Maulana Azad National Urdu University and its relevant
Departments to archive and to make available my thesis or dissertation in whole or
in part in the University’s Electronic Thesis and Dissertations (ETD) Archive,
University’s Intranet or University’s website or any other electronic repository for
Research Theses setup by other Departments of Govt. of India and to make it
accessible worldwide in all forms of media, now or hereafter known.

2. I retain all other ownership rights to the copyright of the thesis/dissertation. I also
retain the right to use in future works (such as articles or books) all or part of this
thesis or dissertation.

Signature of Scholar Signature & Seal of Guide Signature of Librarian

Gachibowli, Hyderabad - 500 032, Telangana, India

www.manuu.edu.in




FHieE AT A T4 ZREFIET (55 22 Fao A o ST L1 5= Q
MAULANA AZADNATIONALURDU UNIVERSITY ll : ‘
(A central University established by an Act of Parliament in the year 1998)

CERTIFICATE OF PLAGIARISM CHECK

The following certificate of plagiarism check is issued with certification for the
bonafide work carried out by him/her under my supervision and guidance. This
thesis is free from plagiarism and has not been submitted previously in part or in full
to this or any other University or institution for award of any degree or diploma.

1. Name of the Research Scholar Parvaze Ahmad Dar

2. Research Programme Ph.D.

Application of Wavelet Theory in Image

3. Title of the Thesis / Dissertation Processing: A Study of Digital Image

Denoising
4. Name of the Supervisor Dr. Afroz (Associate Professor)
5. Department / Research Centre Department of Mathematics, MANUU
6. Acceptable Maximum Limit 10%

7. % of Similarity of content Identified 8%

8. Software Used TURNITIN

9. Date of verification 18- Oct- 2022 at 11:20 pm
(Signature of the Scholar) (Signature of the Supervisor)
(Head of the Department) (University Librarian)

Gachibowli, Hyderabad 500 032, Telangana, India
Www.manuu.edu.in




turnitingJ)
Digital Receipt

This receipt acknowledges that Turnitin received your paper. Below you will find the receipt
information regarding your submission.

The first page of your submissions is displayed below.

Submission author:  Parvaze Ahmad Dar
Assignment title:  Central Library
Submission title:  Application of Wavelet Theory in Image Processing: A Study ...
File name:  My_thesiss_1.pdf
File size:  3.04M
Page count: 130
Word count: 25,574
Character count: 129,469
Submission date:  18-Oct-2022 11:20AM (UTC+0530)
Submission ID: 1928486595

Applicsian o Werkd Theery ie bra Preorverg: A SNosh of
Dl by Daedaiin

i s i i paeE Rl @ s S e e

FREELEL N AR IEIF

SE—mmE e
il [TFLI LTI Y

Thr, b

iei bl Py o @ Dl
Taparrare o Ualrwam
Shesd wl Simas

Blaidwnn Ayl S benad 1 i Loy, il )i
Wodsrabeaad, Tl - SBSE
Ihabsr-221

Copyright 2022 Turnitin. All rights reserved.



Application of Wavelet Theory
in Image Processing: A Study of
Digital Image Denoising

by Parvaze Ahmad Dar

Submission date: 18-Oct-2022 11:20AM (UTC+0530)
Submission ID: 1928486595

File name: My_thesiss_1.pdf (3.04M)

Word count: 25574

Character count: 129469



Application of Wavelet Theory in Image Processing: A Study of
Digital Image Denoising

ORIGINALITY REPORT

¥

SIMILARI

I B 2%

TY INDEX INTERNET SOURCES PUBLICATIONS STUDENT PAPERS

PRIMARY S

OURCES

Submitted to Manchester Metropolitan 1
1 . . < %
University
Student Paper
www.researchgate.net
Internet Source g <1 %
www.ncbi.nlm.nih.gov
Internet Source g <1 0/0
vdoc.pub
InternetSEurce <1 %
1library.net
Internet Sozlrce <1 %
H Cajetan M. Akujuobi. "Wavelets and Wavelet <1 o
Transform Systems and Their Applications”, ’
Springer Science and Business Media LLC,
2022
Publication
u.edu.i
I(aternetSourc((gl <1 %




2020

Publication

E Bhawna Goyal, Ayush Dogra, Sunil Agrawal, <1 o
B.S. Sohi, Apoorav Sharma. "Image denoising ’
review: From classical to state-of-the-art
approaches", Information Fusion, 2020
Publication
fdocuments.net

Internet Source <1 %
scopedatabase.com

InternEtSource <1 %
WwWw.ijeat.or

Internethurce g <1 %

Exclude quotes On Exclude matches <14 words

Exclude bibliography On



Acknowledgements

All praises be to the Almighty Allah, peace and blessings be upon the holy Prophet
Muhammad (Salla Allaahu alayhi Wasalam) for bestowing me the honour to complete
this work.
| cordialy express my sincere gratitude to my supervisor and mentor Dr. Afroz for his
wisdom fused guidance, suggestions, never ending inspiration and support for shaping
and reshaping this research work until it reached its completion. Indeed, it would have
been impossible to give it the shape of a thesis without his guidance and support. | feel
this research work was very much difficult for me without him immense efforts.
| am highly thankful to Professor Syed Nagjamul-Hassan for his caring support, love,
affection and his inestimable suggestions. He always used to encourage me during my
entire research and | cannot forget the support that | got from him when | was al about to
quit my research.

| would like to express my sincere thanks to all teaching staff of the Department
of Mathematics, Dr. Khaja Moinuddin, Dr. Subhash Alha, Dr. Mgjid Ali Choudhary, and
Dr. Syed Waseem Rgja, for their help and support during my research days.
My sincere gratitude to Librarian of MANUU Professor Akhter Parvez and other staff of
the Salyad Hamid Library MANUU Hyderabad for providing an encouraging and
inspiring working environment.
| extended my hearty thanks to al non-teaching staff and colleagues of my department
especially Mr. Syed Sohail and Mr. Rupak, for their sincere encouragement and help at

al stages of my work.



| am highly thankful to my MANUU friends, Mr. Ramiz Dani, Mr. Ab Hamid Kawa,
Mr. Ishfag Mallah, Mr. Yasir Altaf, Mr. Hilal Ahmad Pandith, Mr. Mohd Khalid and Mr.
Imtiyaz Ahmad, for their for their brotherhood, love and care inside and outside the
campus.

I will aways be grateful to my friends Mr. Sheeraz Ahmad Ganaie, Mr. Gh Ahmad
Ganaie and Mr. Mehrgj Ahmad Dar for their love and support.

It was really hard and impossible for me to complete this work without support of my
family especially my parents. They encouraged me from time to time during my research
days. | am very much obliged to my loving father Mr. Ghulam Mohammad Dar my loved
mother Sgja Banoo.

I'm grateful to my sisters Jawhera Akhter and Ruby Jan as well as my nice brothers Mr.
Zahoor Ahmad Dar, Mr. Faroog Ahmad, and Mr. Aijaz Ahmad Dar. My niece Qurat-ul-
Ain and nephew Mueen-ul-ldam have consistently motivated me to do research, for
which | am incredibly grateful.

| would especially like to thank my beloved wife Nuzhat Y ousuf. She inspired me, even

more, to finish my research because of her purity, ssmplicity, love, care, and expertise.

Parvage Aumad Dar



Table of contents

DIECIAIELION. ...ttt b e bt b et e b e et nr e n e n e |
(@0 gL Tor= (TSRO PSR PPR I
ACKNOWIEAGEMENES......cceeeiecice et e e e s e e e sreesreenneeneensens 1]
TahI € Of CONEENLS........cvieeiiiii et r s \Y
I ES CSY 0 1T 01 = XI
LISt OF TADIES.....ceeeeeeee et XV
LiSt Of SYMDOIS..... oo s e ne e re s XX
ADDIEVIGLIONS. ...ttt n e XXI
Chapters:

1. INTRODUCTION

LI INtrodUCHION. .. eue ettt e 1
1.2 Literature REVIBW. ... ..o 3
1.3Image and Its TyPeS. .. .oueuuiniiti i 13
131 IMaAGE.. .ottt e 13
0 2 0 o € P PP 13

1.3.2 Digital IMAJE. ... .uoooeiniiie et e 13
1.3.3  Color IMage.....cuuveieieti e 14
1.3.4 Grayscale Image.........oovuiiiiiiii i 14
135 Binary IMage.....ccoceeniniiie i 15
1.4 Tmage FOrmat........co.oiuiiuiiii i e 15



Table of contents

14.1 Joint Photographic Expert Group (JPEG)... ......ccooiiiiiiiiiiiii, 15
1.4.2 Tagged Image File Format (TIFF)............ oo, 16
1.4.3 Graphic Interchange Format (GIF)............ ..o 16
1.4.4 Portable Network GraphiCs............cooouiiiiiiiiiii e 16
145 Raw Image Format (RIF)........ccoooiiiiiii e, 16
1.5 Description of Digital Image............oooviiiiiiii e 17
1.6 Graphical Representation of the digital image ...................c.ocooiii 17
1.7 Mathematical Representation of the Digital Image ..............c..ocevvniniennnen. 17
1.8 Image Processing and Its Types........oevuiiiiiiiiiiiii e 18
1.8.1 Digital Image Processing ...........ccooeeuiiuiiiiiiiiiii i, 18

1.8.2 Analog Image Processing.........cccovuviiiiiiiiiiiiiiiiiniiiee e ieriieeneen: 18
1.9 Components of the Digital Image Processing ..............cccveveiiiiiiinininn 19
1.9.1 Digital CamMeraL ... .c.viriiitii et 19

1.10 Objective of Digital Image Processing..........ccocevceeevevinineeininienininnen......20

1.11 Sources of Digital Images.......c.vvviiriiiiitii e e 20
1.12 Mathematical Preliminary.............cccoooiiiiiiiiiii e 20
1.12.1 Convolution.........oueiuinei i 20
1.12.2 Parseval’s Identity........ccoouiiiiiiniiiiiii e 21
1.12.3 Mathematical Signal Transformation with Application................... 21
1.12.4 Simulated Noises and Its Types........c.oovivriiiiiiiiiiiiiiiieieeeiene 25
11241 Digital Noisein Image Processing............................ 25

1.12.4.2 Digital NOiSe TYPeS...cuvirieniiitiiiiiiiieeeieeieaeeans 25

VI



Table of contents

1.12.4.2.1 Gaussian NOISE ....ovvreeeeeeeeeiiiie e, 26
1.12.4.2.2 Salt & Pepper Noise ...........cceeeevvveennnnnnn .20

1.12.4.2.3 PoOiSSON NOISE....evvueeeeeeeeeeee i 20

1.12.4.2.4 Speckle NOiSe......oevveeeiniiiiiiiiiee e, 26

1125 Wavelet. . o.vniie e 29
11251 Haar Wavelet. ..o 32

1.125.2 Mexican Hat Wavelet.............cooooiviiiiiiiiiieiens 34

11253 Daubechies Wavelet............oviiiiiiiiiiiiin e, 34

11254 Orthonormal Wavelet.............c.coooiiiiiiiiiiinn 35

11255 Biorthogonal wavelet.................cooo 35

1.12.5.6 Meyer Wavelet..........o.ouiiiiiiiiiieeeeee 35

11257 Morlet Wavelet................ooiii 36

1.12.5.8 Symlet Wavelet..........oooiiiii 37

1.125.9 Coiflet Wavelet.........ccovveiiiiiiiiiiiiii e 37

1.12.6 Wavelet Transform..........c.oooveiiiiiiiiiiiiii e 38
11261 Continuous Wavelet Transform...................ooeeuiee 39

1.12.6.2 Discrete Wavelet Transform................cooeviieininnnn. 40

1.12.7 Wavelet Packet Transform.............cooeviiiiiiiniiiiiiiiieeeeee 40
1.12.8 Inverse Wavelet Transform............cooveviiiiiiiiniiiiiiien 41
1.12.9 Multiresolution Analyses........c.couiiriiitiiiiiiee i ieeeeeieas 42
1.13 ObJeCtiVES RESEAICN. ... ...t 43
114 TRESIS SIUCKUIE. ... ..eeeeitet ettt et 43

Vil



Table of contents

1.15 A sample programs for image processingin MATLAB..............cccoooinne 44

2. DIGITAL IMAGE DENOISING BY DIFFERENT FILTERS AND WAVELET

TRANSFORMATION
2.1 INEFOTUCTION. ...ttt n e n e nreneas 49
2.2 Digital Image Filtering TEChNIQUES.........cccueiieiieeee e 50
221 GaAUSSIAN FITEN ... e 50
2.2.2 Median Filter . ... e 50
2.2.3  WIENEr FilLEr ..o 51
224 GUIAE FITEN....ceiieiceseeee e e 51
2.2.5 Block Matching and 3-D Filtering (BM3-D) ......cccccceveevevcieiieceeee e, 51
2.2.6 Additive Fuzzy Switching Median Filter...........ccccoevveieiievecceceeee, 51
2.2.7  LiNEAN FIITEN ..o 52
228  MINFIE oo e 52
2,29  MaX FITEN e 52
2.3 Wavelet Decomposition (DWT) of aDigital Image..........ccocevvveieneninenereenns 52
24 NV @IMANCE. .....eite ettt ettt b e et h bt e b b e e bt b bt aeea e et et e 54
2.5 Signal NOISE RaiO (SNR) ..o 54
2.6 Mean SQUar€ ErTOr(IMISE) .....c..ooiiieieiiie et 54
2.7 Peak Signal N0OiSe Ratio (PSNR) .......couiiiiiiereseseseseeesee e 55
2.8 Thresholding Technique and ItS TYPES........ccuerirrirerenereeee e 55
2.8.1 THreSnOIdiNg......cccoiireriieieiere e e 55
2.8.2 Typesof Thresholding..........ccooeveririiieiene e 57

Vil



Table of contents

2821 Hard Thresholding...........coooiiiiii e 57
2.8.2.2 Soft Thresholding...........coovviiiiii e 58
2.9 Proposed Algorithm for Digital Image Denoising...............ccooeeviivinen.... 59

2.10 Table Analyses of MSE, SNR, and PSNR values for Image Denoising...60
211 Test Image (Input image) and Synthesized (Output image) Image........... 67
212 111072 67
3. DIGITAL IMAGE DENOISING BY A THRESHOLDING TECHNIQUE AND

WAVELET PACKET TRANSFORMATION

S L INEFOTUCTION. ...ttt ettt e b e n et n e nne e 68
3.2 Proposed Thresholding TeChNIQUE.........cc.ecveiueeiieceece e 71
3.3 Proposed MELNOQ...........c.coveiiiieceee e e ne s 72
3.4 Table Data Anaysesintermsof SNR and PSNR .........ccccccevvevieiecieceece e 73
3.5 Original Image and Synthesized IMage.........cccccueeveeieieeci e 79
3.0 SUMIMBIY ...ttt nn e neene e nrs 80
4. ESTIMATED THRESHOLD FOR DIGITAL IMAGE DENOISING
THROUGH WAVELET PACKET TRANSFORMATION
70 R | L1 0o [F 1 o o USSP PP 81
4.2 Noise Shrinkage FUNCLIONS..........ccoiiiieeresee e 83
421 SUFESHIINK....ceiieiiiiieiciee et 84
4.2.2 BaYES SNINK.....c.eiiiiiiiieeeee s 84
4.2.3  VISUSHIINK.c.ceiiiiiiiiceeee s 85
4.2.4 New thresholding fuNCLION. ..o 85



Table of contents

VARG = o700 1s"=0 AN [ o] 11 1 o VS 86
4.4 Image DenoiSNg ANBIYSIS ......oceeiieie e sieee et ee et ae e ae et eneesnee s 88
A5 SUMIMIY ...eeeiiteeeeieeesteesesiteesseessbeessbeesaseeesbeeeasseeeasbeeeasbeessbessseeesseeesaneessneeenns 91

5. IMPORTANCE OF NORM IN A DIGITAL IMAGE DENOISING

S5.LINETOTUCTION ...ttt 93
5.2 Digital NOISE AQAITION.....c.eceeeeeeieeie et 93
.3 NOMM. e 94
9.3 1 L-NOIML e 94
9.3.2  Z2-NOIML et 95
5.3.3  PropertieS Of NOIMM.......covioiiiie et 95
5.4 Proposed AIQOMTRM ........ooveeiice e e 95
5.5 Denoising Performance Parameters............coveveeieceenieccee e 96
5.6 Table Analyses Of the RESUILS..........ccviiiiieiececee e 97
5.7 Input Digital Images (or Test Images ) and Denoised Digital Images............... 109
5.8 SUMIMEIY ...ttt et r e e nne e 110
(000] 10/ 11T o] o ISP PR PR 112
Future Scope of thiSRESearCh WOrK.........cooiiiieiiiieeee e 116
BiblIOGrapNY ... e 117
N 0] 7= 00 [ OSSR 128




Fig. No.
Fig.1.1

Fig.1.2

Fig.1.3

Fig.1.4
Fig.1.5
Fig.1.6

Fig.1.7

Fig.1.8

Fig.1.9

Fig.1.10
Fig.1.11
Fig.1.12
Fig.1.13
Fig.1.14
Fig.1.15

Fig.1.16

List of Figures

Description
Colour (RGB) Images: (a).Pouts, (b).Vegetables, (c). Author and

(d).Apples

Grayscale Images. (8).Chalks, (b).Sunflower, (c).Motor Car and
(d).Girl

(a)Author RGB Image, (b). Image Matrix and (c). Binary digital
Image

2-D Matrix Representation of Digital Image

Bitmap Representation of Digital Image

Electromagnetic Energy Spectrum for Image

Representation of a Signal in Different Domains, i.e. Time
Domain, Frequency Domain, STFT and Wavelet Analysis.

Graph of Morlet Wavel et

Graphical Representation of Wave and Wavel et

Scaling and Trangdation of a Wavelet

Graphical Representation of Haar Wavelet

Graphical Representation of Dilation of Haar Wavel et

Graphical Representation of Mexican Wavel et

Graphical Representation of Meyer Wavel et

Graphical Representation of Morlet Wavelet

Graphical Representation of Coiflet Wavelet

Xl

Page No.
14

15

15

17
17
20

28

29
30
31
33
33
34
36
37

38



List of figures

Fig.1.17
Fig.2.1
Fig.2.2
Fig.2.3
Fig.2.4
Fig.2.5
Fig.2.6
Fig.2.7
Fig.2.8
Fig.2.9
Fig.2.10
Fig.2.11
Fig.2.12
Fig.2.13
Fig.2.14
Fig.2.15
Fig.2.16
Fig.2.17
Fig.2.18
Fig.2.19

Fig.2.20

Graphical Representation of WPT of agiven Signal.

1st Level of DWT

2" Level DWT

3 Level DWT

Hard Thresholding

Soft Thresholding

A flow Chart of the Algorithm
Gaussian Filter with sym4
Median Filter with sym4
Guided Filter with sym4
Winner Filter with sym4
Gaussian Filter with coif2
Median Filter with coif2
Guided Filter with coif2
Winner Filter with coif2
Gaussian Filter with db2
Median Filter with db2
Guided filter with db2
Winner Filter with db2
Gaussian Filter with bior1.5

Median Filter with biorl.5

X1

41

53

53

58

58

60

61

61

62

62

62

63

63

63

64

64

65

65

65

66



List of figures

Fig.2.21
Fig.2.22
Fig.2.23
Fig.2.24
Fig.3.1
Fig.3.2
Fig.3.3
Fig.3.4
Fig.3.5
Fig.3.6
Fig.3.7
Fig.4.1
Fig.4.2
Fig.4.3
Fig.4.4
Fig.4.5
Fig.4.6
Fig.5.1

Fig.5.2

Fig.5.3

Guided filter with biorl.5

Winner Filter with biorl.5

Noisy Test Image (Poisson Noise)

Image Denoised by Winner Filter and Wavelet (sym4)
DWT of the Cameraman Image up to level-3

WPD at level-1, level-2, and level-3

Wavelet and Wavelet Packet Decomposition of the Signal §[n]
Flow chart of the above-proposed method

Graph Comparison of SNR values of the Eight Wavelets
Graph Comparison of PSNR values of the Eight Wavelets
Input and Synthesized Image of Cameraman

Different ways of Thresholding

Diagram of a Proposed Algorithm

Input Image, Noisy Image, and Denoised Image of Lena
Line graph of SNR values of Lena Image

Line graph PSNR values of Lenalmage

Column graph of both SNR & PSNR values of Lenalmage
Diagram of the Proposed Algorithm

SNR values of four wavelets at different decomposition levels of
Barbara Image

1-Norm of four deferent wavelets at different decomposition
levels of Barbaralmage

Xl

66

66

67

67

69

70

70

73

79

79

80

82

87

88

91

91

91

97

99

100



List of figures

Fig.5.4

Fig.5.5

Fig.5.6

Fig.5.7

Fig.5.8

Fig.5.9

Fig.5.10

Fig.5.11

Fig.5.12

Fig.5.13

2-Norm of four deferent wavelets at different decomposition
levels of Barbara Image

SNR values of four wavelets at different decomposition levels of
House Image

1-Norm of four deferent wavelets at different decomposition
levels of House Image

2-Norm of four deferent wavelets at different decomposition
levels of Barbara Image

SNR values of four wavelets at different decomposition levels of
Author Image

1-Norm of four deferent wavelets at different decomposition
levels of Author Image

2-Norm of four deferent wavelets at different decomposition
levels of Author Image

Barbara Digital Image and Synthesized Image

House Digital Image and Synthesized Image

Author Digital Image and Synthesized Image

101

103

104

105

107

108

108

109

109

110

XV



Tableno.
Tableno.2.1

Tableno.2.2

Tableno.2.3

Tableno.2.4

Tableno.2.5

Tableno.2.6

Tableno.2.7

Tableno.2.8

Tableno.3.1

Tableno.3.2

Tableno.3.3

Tableno.3.4

Tableno.3.5

Table no.3.6

Tableno.3.7

List of Tables

Description
Gaussian filter with sym4, Median filter with sym4

Guided filter with sym4, Winner filter with sym4
Gaussian filter with coif2 & Median filter with coif2
Guided filter with coif2 & Winner filter with coif2
Gaussian filter with db2 & Median filter with db2
Guided filter with db2 & Winner filter with db2
Gaussian filter with biorl.5 & Median filter with biorl.5
Guided filter with biorl.5 & Winner filter with biorl.5
Average threshold value obtained by WT (haar) from
detailed coefficients

Wavelet Packet Transform (haar) a8 A =1.315
Average threshold value obtained by WT (sym4) from
detailed coefficients

Wavelet Packet Transform (sym4) at 4 =1.505
Average threshold value obtained by WT (sym6) from
detailed coefficients

Wavelet Packet Transform (sym6) at 4 =1.423
Average threshold value obtained by WT (stm7) from

detailed coefficients

bY

Page no.
60

61
62

63

65
66

73

74

74

74

74

74

75



List of tables

Tableno.3.8

Tableno.3.9

Tableno.3.10

Tableno.3.11

Tableno.3.12

Tableno.3.13

Tableno.3.14

Tableno.3.15

Tableno.3.16

Tableno.3.17

Tableno.3.18

Tableno.3.19

Tableno.3. 20
Tableno.3.21

Table no.3.22

Wavelet Packet Transform (sym7) at 4 =1.370
Average threshold value obtained by WT (db4) from
detailed coefficients

Wavelet Packet Transform (db4) at 4 =1.505

Average threshold value obtained by WT (coif2) from
detailed coefficients

Wavelet Packet Transform (coif2) at A =1.423

Average threshold value obtained by WT (coif5) from
detailed coefficients

Wavelet Packet Transform (coif5) at A =1.081

Average threshold value obtained by WT (bior2.4) from
detailed coefficients

Wavelet Packet Transform (bior2.4) at 4 =1.480
Average threshold value obtained by WT (bior2.6) from
detailed coefficients

Wavelet Packet Transform (bior2.6) at 4 =1.370
Average threshold value obtained by WT (bior2.8) from
detailed coefficients

Wavelet Packet Transform (bior2.8) at 4 =1.301
Average threshold value obtained by WT (bior3.3) from
detailed coefficients

Wavelet Packet Transform (bior3.3) at A =1.505

bY

75

75

75

75

75

76

76

76

76

77

77

77

7
78

78



List of tables

Tableno.3.23

Tableno.4.1

Tableno.4.2

Tableno.4.3

Tableno.4.4

Tableno.4.5

Tableno.4.6

Tableno.4.7

Tableno.4.8

Tableno.4.9

Tableno.4.10

Tableno.4.11

Tableno.5.1

Tableno.5.2

Tableno.5.3

Tableno.5.4

MSE, SNR, and PSNR values between the Input and

Synthesize Image through Wavel et Packet Transformation
Wavelet Packet Transform (haar)

MSE,SNR and PSNR through WPT (haar) a 1 =44.6047
Wavelet Packet Transform (db5)

MSE, SNR and PSNR through WPT (db2) at 1 =42.7079
Wavelet Packet Transform (sym?7)

MSE, SNR and PSNR through WPT (sym7) at A =43.4729
Wavelet Packet Transform (coif2)

MSE, SNR and PSNR through WPT (coif2) at 1 =42.4829
Wavelet Packet Transform (bior6.8)

MSE, SNR and PSNR through WPT (coif2) at 4 =41.9924
MSE, SNR and PSNR values of Lena Original and Denoised
Image

SNR, 1-Norm, and 2-Norm values using wavelet (db2) at
different decomposition levels of Barbara Image

SNR, 1-Norm, and 2-Norm values using wavel et (symb5) at
different decomposition levels of Barbara Image

SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at
different decomposition levels of Barbara Image

SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at

XVI

78

88

88

89

89

89

89

89

90

90

90

90

97



List of tables

Tableno.b.5

Tableno.5.6

Tableno.b.7

Tableno.5.8

Tableno.5.9

Tableno.5.10

Tableno.5.11

Tableno.5.12

Tableno.5.13

Tableno.5.14

Table no.5.15

different decomposition levels of Barbara Image

SNR values using different wavelets for Barbara Image at
different decomposition levels

1-Norm and 2- Norm between the original and denoised
images of Barbaralmage

1-Norm values for different wavelets at different
decomposition levels of Barbara Image

2-Norm for different wavelets at different levels of Barbara
Image

SNR, 1-Norm, and 2-Norm values using wavelet (db2) at
different decomposition levels of House Image

SNR, 1-Norm, and 2-Norm values using wavel et (symb5) at
different decomposition levels of House Image

SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at
different decomposition levels of House Image

SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at
different decomposition levels of House Image
SNR values using different wavelets for House Image at

different decomposition levels

1-Norm and 2- Norm between the original and denoised
images of House Image

1-Norm values for different wavelets at different

decomposition levels of House Image

XV

99

100

100

101

101

102

102

102

103

103

104



List of tables

Tableno.5.16

Tableno.5.17

Tableno.5.18

Tableno.5.19

Tableno.5.20

Tableno.5.21

Table no.5.22

Table no.5.23

Table no.5.24

1-Norm values for different wavelets at different
decomposition levels of House Image

SNR, 1-Norm, and 2-Norm values using wavelet (db2) at
different decomposition levels of Author Image

SNR, 1-Norm, and 2-Norm values using wavelet (symb5) at
different decomposition levels of Author Image

SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at
different decomposition levels of Author Image

SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at
different decomposition levels of Author Image

SNR values using different wavelets for Author Image at
different decomposition levels

1-Norm and 2- Norm between the original and denoised
images of Authors Image

1-Norm values for different wavelets at different
decomposition levels of Author Image
1-Norm values for different wavelets at different

decomposition levels of Author Image

104

105

105

106

106

106

107

107

108

XVl



List of Symbols

Sno. Symbol Name

1 w Psi

2 ¢ Phi

3 a Alpha

4 Jij Beta

5 £ Epsilon

6 A Lambda

7 0 Theta

8 J Square Root
9 Z Summation
10 1] Integral

11 n Eta

12 o Delta

13 0] Omega

14 T Tau

15 V4 Phi

18 |x| Absolute value of x
19 || x|| Norm of x

XX



S. no.
01

02
03

05
06
07
08
09
10
11
12
13
14
15
16
17
18
19
20

Abbreviations
AIP

AWGN
CWT
DIP
DWT
I_—l'

GSl
HPF
LPF
IWT
ICWT
IDWT
IWPT
MSE
MATLAB
PSNR
SNR
SPN
STFT
WT

Abbreviations

Words
Analog Image Processing

Additive White Gaussian Noise
Continuous Wavelet Transform
Digital Image Processing

Discrete Wavelet Transform

Fourier Transform

Gray Scale Image

High Pass Filter

Low Pass Filter

Inverse Wavelet Transform

Inverse Continuous Wavelet Transform
Inverse Discrete Wavelet Transform
Inverse Wavelet Packet Transform
Mean Square Error

Matrix Laboratory

Peak Signal to Noise Ratio

Signal to Noise Ratio

Salt & Pepper Noise

Short Time Fourier Transform
Wavelet Transform

XXI



Chapter 1
INTRODUCTION

11  Introduction

In the mathematical world, the transformation of one function to another for analysis
purposes is an old fashion. Every signal cannot be analyzed in their real domain.
Therefore, for analysis and observation purposes or to know the nature of a signal, one
should have to change it to another form or transform it into another domain. In other
words, we can say that the transformation of any signal into another form helps us to
investigate or to manipulate it. These mathematical transformations make it easy way for
a learner to know the nature and purpose of these signals and how to deal with them as
well.

There are several types of signals available for analysis purposes, such as seismic signal,
audio signals, speech signals, astronomical signals, ECG signals, medical imaging. In
practice, it is known that the maximum numbers of signals have a raw shape. In some
signals, the signal frequency is essential and a vast amount of information is hidden in
that part. To obtain such information, the Fourier Transform is applied to mathematically
transform it from time-based to frequency-based by decomposing it into sinusoids of
varied frequencies. There is no doubt that the Fourier Transform (FT) has its own beauty
and importance, but it has a big drawback: it loses time information while transformation
to the frequency domain. In other words, we cannot say at what time which part of the
signal occurs. A Short-Time Fourier Transform (STFT) came in existence, which carried

out an approach called the windowing of a signal. Therefore, with the help of STFT, only
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a small part of the signal can be analyzed. Of course, STFT provides information about
the time at which the frequencies of the signal occur.

It also has a serious drawback: once a particular size is fixed, the window size cannot be
changed and remains fixed for al frequencies. Moreover, while performing STFT on the
signal, if we fix a small size for a window, it gives better time-resolution, but poor
frequency-resolution. On another side, if we fix alarge size for a window, it gives poor
time-frequency-resolution and better frequency-resolution. In this way, different
techniques and algorithms, like Discrete Fourier Transform, Fast Fourier Transform,
Wavelet Transformation, and Curvelet Transformation are utilized for signals analysis.
Usually, signals carry other unwanted signal's, such as noise, and it is a challenging task
for modern science to remove them without affecting their original properties.
Sometimes, we say noise-contaminated in the signal are components of the same signal
unidentified and unrecognized, and do not match its single component to the properties of
the actual signal. The noise available in a signal may affect the whole or part of the
signal. The removal of noise from noisy signals for signal enhancement and quality
improvement depends on the technique and method applied.

Signals such as seismic signals, astronomical signals, speech signals, audio signals, ECG
signals are major sources of information about different branches of science. Here, we
discuss an essential signal known as Digital Image. Digital images are considered arich
source of information, available in almost every field of human life. Digital image
processing is a process of image enhancement, like image denoising, image compression,

and diagnosis of medical images through computers. Digital images catch noise during
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the process of capturing, transmitting, processing, and many other reasons. This noise
may harm some components or features of the entire or part of the image. Therefore, for
the removal of such types of noise, different approaches, algorithms, techniques, and
methods have been adopted to visualize the origina purpose of such types of digital
images.
12  Literature Review

A review of literature is nothing, but a comprehensive study or data related to any
topic or research. This data may be available in different forms like books, newspapers,
magazine cuttings, research papers, thesis, dissertations, audio & video, etc. In the same
manner, by taking all things into the consideration, we have mentioned the literature
review for thisresearch.
Sami Hussien Ismael, Firas Mahmood Mustaf, and ibrahim Taner in their research
paper titled, “A New Approach of Image Denoising Based on Discrete Wavelet
Transform”, propose a method for digital image denoising based on wavelet transform
(WT), because it has a quality of splitting the digital image into sub-bands and then work
on each sub-band frequencies individually. They also used a median estimator to estimate
the noise ratio of noisy images. In the end, it shows that the proposed approach gives
good values for image denoising in terms of Mean Square Error (MSE) and Peak-Signal
to Noise-Ratio (PSNR)[1].
Barware Mela Ferzo, Firas Mahmood Mustafa Nawroz, in their research article
entitled, “Image Denoising in Wavelet Domain Based on Thresholding with Applying

Wiener Filter” , proposed a new method for image denoising for the images affected by
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additive white gaussian noise (AWGN), by applying Wiener filter before and after the
wavelet transform. For the removal of noise from the pixel, two-dimensional discrete
wavelet transform, as well as threshold techniques and wiener filter, is taken into
consideration. Finally, a two-dimensional inverse discrete wavelet transform (2D-IDWT)
is used to remove noise and get the objective. The performance of the method in terms of
image denoising is shown by the peak signal-to-noise ratio (PSNR) and gives an
improvement of about 17.5% in comparison with the results of the related work([2].

Ura Tuba, Dgjan Zivkovic, in their article with the title, “Image Denoising by Discrete
Wavelet Transform with Edge Preservation”, proposed a method for denoising digital
images. They combine three methods that were applied in the wavelet domain to improve
the performance of image denoising. Therefore, for the image noise removal, the soft
thresholding approach was combined with the median filter. The method was tested on
four benchmark images. Finally compares the results of the proposed method with other
literature methods in terms of peak signal-to-noise ratio (PSNR). The proposed method
also achieves robust results and is efficient for removing Gaussian noise[3].

Nalin Kumar and Mrs. M Nachamai, provide noise removal method in their research
article entitled, “Noise Removal and Filtering Techniques used in Medical Images”.
In this paper, they primarily used three filters namely Weiner, Gaussian, and median
filters which were already used successfully in medical like Magnetic Resonance Image
(MRI). The digital image MRI is usualy affected by the noises like Salt and Pepper,
Speckle, Gaussian, and Poisson noise. The method was applied to each type of image,

which was contaminated with the noises mentioned above. The medical image taken into



Chapter 1: Introduction

consideration for operation includes grayscale, RGB, and MRI images. The test of these
algorithms is done on the bases of measuring the size of the file, histogram, and clarity of
the image. Finally according to the experimental results median filter performs better in
terms of removing salt-and-pepper noise and Poisson noise for images in grayscale, the
Weiner filter performs better for removing speckle and gaussian noise, and the Gaussian
filter for the blurred noise[4].

QingKum Song, Li Ma, JianKun Cao, and Xiao Han have proposed an approach in
their research article with the title, “Image Denoising Based on Mean Filter and Wavelet
Transform”, the authors combine two filtering methods for digital image noise removal
processing. The result and experiment test effect for the noise reduction of noisy images
seem superior to the other simple denoising methods. The result and efficiency of the
method for denoising of images were checked by Signal-to-Noise Ratio (SNR) and Root
Square Error (RSE)[5].

JunLie Song, MeiJuan Chen, Chang Jiang, presents a new threshold function in their
research article entitled, “Research on Image Denoising Method Based on Wavelet
Transform”, which is based on traditional soft & hard threshold functions for image
denoising. Through the software of MATLAB, the denoising effect of soft threshold,
hard threshold, and the proposed threshold function are compared in terms of signal-to-
noise ratio (SNR) and root mean square error (RMSE). Finally, on the result of the base,it
shows that the result of the proposed threshold function has a higher signal-to-noise ratio
and small mean square error i.e. SNR=26.27709 and M SE=153.4579 [6].

Y. Yang, Z. Su, L. Sun, in their research paper titled, “Medical image enhancement
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algorithm based on wavelet transform”, proposed a better method for medical image
denoising. The medical image is decomposed by wavelet transform, high-frequency sub-
images are decomposed by haar wavelet, noise in the frequencies was removed by the
soft-threshold method, and high-frequency coefficients were enhanced by diverse weight
values in different sub-images. Finally, enhancement of images was carried by inverse
wavelet transform especially haar wavelet transform. The result of the experiment
visualizes that the method is not only better for image enhancement but can preserve
image edge featureq[7].

Wasan A. Alawsi, Zahraa Ch. Olewi, Ali H. Alwan, and Maytham K. Fadhil, in
their article entitled, “Performance Analysis of Noise Removal Techniques for Digital
Images”, gives an overview of various sources of noises, and noise removal techniques
for digital images. The main motive of this paper was to perform segmentation of the
corrupted image before using a noise removal filter and the noise filters are applied to
eliminate noise for each segment of the image individually. A comparative study between
noise removal filtering and segmentation-based method for image denoising is produced
in terms of MSE and PSNR and then compared the result with the original image. For the
same operation, six image samples are used for the test for the image noise removal
approach. The segmentation technique has shown the best result in terms of MSE and
PSNR in comparison with traditional noise removal filters[8].

Tanay Mehendale, Vishal Ramina, and Soham Pinge, in their research article entitled,
“Analysis of the Effects of Different Types of Noises and Wavelets used in Denoising of

an Image using Wavelet Transform”, uses the latest method for digital image denoising
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through wavelet transformation to eliminate much more noise and obtain minute- noisy
image by suppressing noise. Two main factors may affect the image, first result-type of
wavelets and the second is the type of noise. In the same paper, these factors are studied
and detailed analyses are given so that to select the correct parameter while doing image
denoising by wavelet transform[9].

Leena Jain, Palwinder Singh, in their research article entitled, “A novel wavelet
thresholding rule for speckle reduction from ultrasound images”, proposed an important
thresholding technique based on wavelet transform. The main aim is to reduce speckle
noise from ultrasound images because speckle-noise causes blur or loss of edges and may
degrade whole or important features of the image. The wavelet transform performs muilti-
scale analyses of the signal by treating different frequency components present in an
image separately. Finaly, the testing result of the proposed thresholding technique
provides superior results for speckle noise reduction, edge preservation, and feature
preservation of medical ultrasound in comparison to existing thresholding techniques[10].
Chintada Lavanya, D. Yugandhar in their article entitted, “Medical Image
Enhancement Based on Wavelet Transform, proposed” a blind image de-convolution
(BID) method to protect mammographic images from gaussian bluer, and real dual-tree
wavelet transform is used for image enhancement. The output results obtained from the
experiment are compared with the hybrid combination of BID, conventional wavelet
Transform, and median filter approach. So that to eliminate gaussian noise, Salt & Pepper
and Speckle Noise. The performance evaluation of the method is obtained by the

platform of the Mini-MIAS database[11].
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Nasser Edinne Benhassine, Abdelnour Boukaache, and Djalil Boudjehem, in their
research article entitled, “Medical image denoising using optimal thresholding of wavel et
coefficients with selection of the best decomposition level and mother wavelet”, proposed
an approach for medica image denoising based on discrete wavelet transform by
selecting best decomposition level of the mother wavelet. Then thresholding technique is
applied on detail coefficients. Optimal thresholding is obtained by using optimization
techniques such as the crow search algorithm and social spider optimization technique. In
the end inverse wavelet transform (IDWT) is applied to reconstruct the denoised image
and the results of the approach are visualized on the bases of peak signal-to-noise ratio,
mean square error, and the structural similarity index measure. The investigational results
visualize that the proposed denoising method is better than the standard methods[12].

Bachir Dehda, Khaled Melkemi, in their research article entitled, “Image Denoising
using new Wavelet Thresholding Function”, proposed a new digital image denoising
approach based on the thresholding technique. In the same approach, the authors
introduce a nonlinear thresholding function distinguished by a shape parameter and
properties. Such a type of uniqueness makes the proposed method competent to attain a
compromise between both traditional thresholding techniques such as Hard and Soft
thresholding. The experimental results of many images on test bases are framed in terms
of the Peak Signal to Noise Ratio (PSNR). Finally, the computed results visualize that the
proposed method provides better performance as compared to other classical thresholding
approaches in terms of the appearance quality of the noise-free image and has higher

PSNR[13].
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Yang Zhang, Weifeng Ding, Zhifang Pan, and jing Qing, in their research article
entitled, “Improved Wavelet Threshold for Image De-noising, proposed an approach for
digital image noise removal to get higher-quality images”. An image gets noise during
collection, transmission, and storage, decreasing the rea quality of the image. Therefore
noise reduction process is important and necessary to obtain a noise-free image. A
wavelet transform is a powerful tool in the field of image denoising, because of its multi-
analysis property, relativity removal, low entropy, and flexible bases. Shortcomings in
thresholding like hard threshold function are discontinuous, soft threshold function
causes constant deviation and traditional threshold functions have some lacking in image
de-noising. Taking all things into consideration, the authors proposed a method for noise
remova in digita images. In the first step, the method decomposes the noisy digital
image to determine wavelet coefficients. In the next step, these coefficients are used on
the high-frequency part for threshold processing utilizing a superior threshold function. In
the end, de-noised images were acquired to reconstruct the images under the estimation in
the wavelet-based conditions. Acquired outputs illustrate that this method is better than
traditional hard threshold de-noising and soft threshold de-noising methods, in terms of
denoising performance and visual effects[14].

Diwakar Manoj, Chauhan Diwaka, Teeswi Negi, in their article entitled, “An
Enhanced MoBayesShrink Thresholding for Medical Image Denoising”, proposed a
method that controls the threshold (T) adaptively to remove noise. The proposed method
is applied to numerous grayscal e test images with sizes (512 x 512) by using Daubechies

(db4) at four levels of decomposition. Bayes method is modified so that noise over the
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edges can be reduced exactly and edges can be better preserved. Method result
Performance is obtained using the tool peak signal to noise ratio (PSNR). The output
results of the proposed method are better than the existing denoising agorithm in terms
of noise removal and edge preservation, such as NSTISM (19), SPBIDM (18),
BayesShrink, Normal Shrink, and Modified BayesShrink[15].

Arun Dixit, Poonam Sharma, in their research article entitled, “A Comparative Study of
Wavelet Thresholding for Image Denoising”, has reviewed different methods of image
denoising using wavelet thresholding. A brief analysis of different wavelet-based image
denoising methods like VisuShrink, SureShrink, BayesShrink, ProbShrink, BlockShrink,
and Neigh ShrinkSure is done. Then these wavel et-based approaches are compared with
other special applied methods i.e. Median Filter and wiener Filter. Finaly, on the
examination bases, wavelet-based methods like Prob Shrink, Block Shrink, and Neigh
Shrink Sure perform superior to spatial domain methods. The result of each method is
examined and compared on the base of Peak Signal to Noise Ratio (PSNR) as well as on
image appearance superiority bases[16].

Ridhi Bhatnagar, Aparna Vyas, in their article entitled, “Comparative Study of
Wavelet Transform and Wavelet Packet Transformation in Image Denoising Using
Thresholding Technique”, are dealing with the comparative study of different methods
for digital image denoising by using wavelet transformation and wavelet packet
transformation (Coiflet, Haar, Daubechies, Symlet wavelet). In the modern world images
are considered as the best way of communication for the people of any field, but the

noises present in images may affect little or whole information present in that images.

10
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The images used in the experiment are contaminated with Gaussian noise, then applying
threshol ding approach to provide the best result and gain back the original information of
the image. The comparative results are shown or revealed by Peak signal-to-noise ratio
(PSNR) and mean sguare value (M SE) formulas[17].

P. Venkata Lavanya, C. Venkata Narasimhulu and K. Satya Prasad, in their research
article entitled, “Denoising Images by Dual-Tree Complex Wavelet Transform Combined
With Meta-Heuristic Optimization Algorithms”, present a Duel-Tree Complex Wavelet
transform (DTCWT) approach to denoise image because it performs Multi-Resolution
decomposition by two DWT trees. The wavelet techniques, Soft, and hard thresholding
are used to threshold wavelet coefficients. The proposed research provides a new
technique for the removal of noise from noisy images and also provides clear information
about an image through thresholding and optimization techniques. The process of
optimization is taken by various Meta-heuristic Optimization Algorithms, Genetic
Algorithms (GA), and Grey-wolf optimization (GWO) algorithms. The threshold valueis
applied after the Bayesian method. The result obtained from the proposed method was
better when it is compared to the results of other techniques like VisuShrink, SureShrink,
and BayesShrink. The performance of methods in terms of image denoising is decided on
the bases of Peak Signal to Noise Ratio (PSNR), Mean Square Error (MSE), and present
visibility or quality of the image[18].

Payal Gupta and Amit Garg, in their research paper entitled, “Image Denoising Using
Bayes Shrink Method Based on Wavelet Transform”, have proposed the best method for

removal of noise from Ultrasound images, based on linear filtering, for the images which

11
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were corrupted by gaussian noise. The proposed method consists of linear filtering of
appropriate wavelet coefficients of the image, corresponding to diagona and vertical
details. For experiment and test purposes standard Boat images and real US images are
taken into consideration. The proposed method shows good performance and
effectiveness for the noise removal of the above images. Finally, results are framed and
compared in terms of PSNR and SSIM values obtained for gaussian corrupted images. In
the end, the results of the proposed method showed that the method is more efficient and
direct to the enhancement of parameters PSNR and SSIM[19].

Khawla Bnou, Said Raghay, and Abdelilah Hakim, in their article entitled, A Wavelet
Denoising Approach Based on Unsupervised Learning Model, proposes the best wavel et
denoising approach based on the unsupervised learning model. Images are known as well
sources of information, but the unwanted thing which makes them polluted is called
noise. Therefore, image denoising plays an important role in image processing, because it
helps to clean images from noisy images. The proposed method is based on wavelet
transformation, because of its Sparsity, multi-resolution structure, similarity with the
human visual system, and has the property of cleaning or denoising images in a good
manner. By using the k-singular value decomposition (K-SV D) algorithm, they obtain an
adaptive dictionary by learning over the wavelet decomposition of the noisy image.
Finally, on the bases of analyses and results on benchmark test images, it clearly shows
that the proposed method achieves the best results in terms of digital image denoising.
The denoising performance of the said proposed method is better than some other well-

developed denoising methods; it is visualized in terms of peak signal-to-noise ratio [20].

12
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1.3 Image and Its Types
1.3.1 Image

The name of the image came into existence from the Latin word ‘Imago’, which
means a copy of anything. An image is an actual appearance or photo or two-dimensional
picture of any place, person, or thing. In signal processing, it isadigital representation of
physical quantity. In the modern world, images are considered the biggest source of
information. A huge amount of data in the form of images are captured and transformed
daily for different information purposes.

Mathematically, theimage is atwo-dimensional function f (x,y) X,y e Z . Here(x,y) are
special coordinates. The amplitude of f (X, y) at any pair of coordinates (x,y) is called the
intensity at that point or pixel value. The 2-D function f (X, y)iscalled adigital image if

itsvaluesi.e. x, y, and amplitude are finite[21].
1311 Pixel
A pixel isan important and small component of an image, having a particular place

in theimage. Usualy, we called it the intensity value of the image[21].
1.3.2 Digital Image

The image which is captured by digita device (camera) is caled the digita
image. Examples are images captured by the digital camera, computers, CCTV -type
images, etc. In other word image obtained by a digital device which can be processed by
different computers are known as digital images. These images are stored in binary codes
and are framed mathematically as a matrix of pixels. Examples are satellite camera

images, modern medical camera images, scientific camera images, human purpose

13
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cameraimages, etc[22].
1.3.3 Colour Image

A picture or photo displayed with different colors with the help of a computer
device is known as a color image. In other words, an image that contains three color
channels, defined in different ways is called a color image. The examples are RGB (red,

green, blue), HIS (Hue, saturation, intensity) etc[22],[23],[24]. Examples of color images;

(a) (b) (c)
Fig. 1.1: Colour (RGB) Images; (a). Pouts (b). Vegetables, (c). Author and (d). Apples,

1.3.4 Grayscalemage

An image whose each pixel value represents the intensity information of light i.e.
it displays only bright-white and dark-black colors. In other words, we can say that the
images contain darkest-black, brightest-white, and gray colors, but the gray color has
multiple color levels. Usually, grayscale images have 256 gray shades or pixel values
ranging from O to 255. Here the value zero, or the pixel value nearest to zero, denotes
dark pixels or dark shade and the pixel values nearest to 255 denote the white pixel or

white shade[21],[22] .Examples of grayscaleimages;

14
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(a) (b) () (d)
Fig.1.2: Grayscale Images (a).Chalks, (b). Sunflower, (c). Motor Car and (d). Girl

1.3.5 Binary Image
If an image has only two intensity (pixels) valuesi.e. 0 and 1, we call it a binary
image. Here O is displayed as a black pixel and either 1 is displayed as a white pixel[22].

Example of digital binary image;
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(a) (b) (c)
Fig.1.3: (a). Author RGB Image, (b). Image Matrix and (c). Binary Digital Image

14 I mage For mat

An image can be stored in many available formats. Some commonly used and
available formats for image storage are;
1.4.1 Joint Photographic Expert Group(JPEG)

JPEG images are digital images, which are compressed to store a vast amount of data

15
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(Information) in alittle size file. That is why most of the common people used this type
of format because they store massive data in the form of photosin this format[24].
1.4.2 Tagged Image File Format (TIFF)

TIFF images are uncompressed digital images. TIFF contains detailed image
information and takes large file sizes. These images are very flexible in the matter of
color content. This type of format is usualy used in photo software and photo layout
software like, “Photo-Shop and Quark Design”[24].

1.4.3 Graphic Interchange Format (GIF)

JF format of digital images can compress the images but is not more effective
than JPEG format. This type of compression of image is lossless i.e. no information or
details about the image is lost. Therefore, the file size of GIF cannot be lesser than the
JPEG file size[24]

1.4.4 Portable Network Graphics (PNG)

PNG was introduced to replacethe GIF format because the copyright of GIF
was in the possession of another company and no one wants to pay the licensing fee for
the same format. Thisformat is able for excellent compression and full-color range.

145 Raw ImageFormat (RIF)

RIF contained a source of data from a digital camera. It is called raw image
because the images have not been processed and are still unedited and unprinted. The size
of the RIF istypically large because the raw photos or files include a huge amount of data
uncompressed. That is why they are converted into TIFF or another format before editing

and color processing.
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15 Description of Digital Image

In the above, we have already mentioned that the image is a 2-D signal or matrix

f (X, Y), with coordinates x and y together forming pixel values of the same image. The

digital image is nothing but a structure of different intensity values.

_Pixel

(X%

y-i%1s

Xeaxis
Fig. 1.4: 2-D Pixel Matrix Representation of Digital Image

16  Graphical Representation of TheDigital Image
Drigin 5
@

G

Fig.1.5: Bitmap Representation of Digital Image

1.7 Mathematical Representation of The Digital Image

A digital imageisa2-D function mathematically defined as,
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[ £(0,0),f(0), —— ——— f(O,nNn-1 |
f10),f@4), - —— -——  f@n-1

fxy)=|-— — —— - ——— (1.2)
 f(m-10), f(m-11), ——— f(m-Ln-1) |,

Here M and N are the corresponding rows and columns of the digital image
1.8 ImageProcessing and Its Types
Image processing is a process or away to carry out an operation on images to achieve an
improved image. Sometimes we call it a method applied for analyzing and manipulating
the images. Image processing is a sub-type of signal processing. In image processing, the
input data is an image, but the output image may be an image or some characteristics or
featuresrelated totheinputimage. In modern technology and research, image
processing has spread its wings in severa areas like engineering, mathematics, and
computer science disciplines. Image processing can be done in two ways[22],[24].
1.8.1 Digital Image Processing
Digital image processing is a process or method, which assists in enhancing and
improving digital images with the help of computers. There are three steps under DIP
works for image enhancement[22],[24];
a) Pre-Processing
b) Enhancement
¢) Present Information Removal
1.8.2 AnalogImage Processing

Analog image processing is a technique or method, usually applicable for hard
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copies like Printouts and Photographs. In other words, AIP is useful for analog 2-D
signals. In AIP electrical signals are used for image manipulation. The analog signal can
be both periodic and non-periodic[24].
19 Component of the Digital Image Processing

The first and most important component of digital image processing is the
Camera. It is used to capture an image of a 3-D object and depict or represent it on 2-D
paper.
1.9.1 Digital Camera

The digita camera is a camera, which produces a digital image that can be
displayed, shared, and stored on the computer. There are two types of sensors used in the
digital camera. The first one is called Charged Coupled Device (CCD) and the second
one is called Complementary Metal-Oxide Semiconductor (CMOS). The CCD sensor-
type cameras comprise a huge number of tiny photo-diodes, known as Photosites. The
CMOS sensor type camera has a big number of transistors are used for amplification of
the image signal at each pixel location. Sometimes these two sensors were responsible for
noise creation in the digital images.
The digital camera can capture a digital image at dissimilar resolutions like 230x388,
410x%330, and 515x750,710x615, etc pixels on the little-to-average resolution range to
1250%916 or 1500x1300 on the higher resolution size. An ordinary digital camera can
produce around 16 million colors. In other words, for each intensity (or pixel) value,

there are 16 million colors available.
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1.10 Objective of Digital Image Processing

One of the main objective of DIP isto convert the input image into a digital shape

and then operate some operations on it and then take out various valuable information

fromit [22],[24].
1.11 Sourcesof Digital Images
The electromagnetic energy spectrum is one of the main sources of digital images;

THE ELECTRO MAGNETIC SPECTRUM
Wavelangth
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Fig.1.6: Electromagnetic Energy Spectrum for Image (online)
1.12 Mathematical Preliminary
1.12.1 Convolution

Mathematically, the convolution of two functions g, (t) and g, (t) isgiven ag[25];

o0- [ 0.Me0-0x

Symbolically we write,

git)=g, () *g,®)

Here symbol * denotes the convolution of two functions
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1.12.2 Parseval’s Identity

If two functions, g, (t)and g, (t) arerelated to their Fourier Transforms

9,(®), and 9, ()

Then their identity is given as;
<gl(t),gz(t)>=2i<gl(t),gz(t)> .............. (1.4)
JT

If g,(t)=g,(t),itiscaled Parseval's theorem.

1.12.3 Mathematical Signal Transformation with Application

As usual, signas carry a lot of information. Sometimes information of signals
may be defective or in raw data form. In the beginning, signals were investigated and
analyzed through time domain-based methods. These techniques and methods were not
enough to study signals, because al characteristics of the signal were not studied. Also,
we know that the signal frequency contents hide huge information, Therefore, there was a
of need some proper investigating techniques and methods, in order to get original and
real information from it. Then a robust method came into existence in the shape of the
Fourier Transform to analyze these signals. This approach for signal analyses came into
practice in 1807 by the French geographer and mathematician Joseph Fourier. Through
this method, the original signal is transformed from time-based to frequency-based, so
that information can be taken from frequency contents. In other words, the FT
decomposes the given raw signal into sinusoids of different frequency components. Then
information about the given signals is taken from these frequency components. The

mathematical form of the Fourier Transform (FT) is given as;
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F[f(1)] :T f(t)e™“dt = F(ew) ,here @=2zv or 2T—” ..............

—00

(1.5)

In the above function, F denotes FT, f(t) is an analyzing signal. T is called a period
which represents cycle length in a particular time, v is caled ordinary frequency, t is a
time, and o is the angular frequency. The integra (continuous sum) used in Fourier
transform utilizes the properties of sine and cosine series to improve the amplitude from

minus infinity to plusinfinity. The Inverse Fourier Transform (I.FT) isgiven as,

f(t)= f F[f®]e"de (1.6)

—0

Here a major problem is connected with FT, i.e. the time information is not available
when transforming to frequency information. In other words, we can say that, while
doing FT of any signal, we can't say in what time which frequency content occurs. In any
signal, there are amplitudes of different frequency components present. Therefore, the
frequency resolution of the time domain is very high and has zero time resolution.
Especidly, FT is appropriate for stationary signals and is not suitable for non-stationary
signals, because frequency changes occur over time. Due to some reasons, FT is not
appropriate for analyzing some signals and has some disadvantages and limitations like;

e |tisnot applicable for stationary signals

e The Fourier Transform is unable to confirm the local behaviour of the signa i.e. it

cannot check any discontinuity or spike in an analyzing signal.

¢ It hasazero-time resolution, but extremely high-frequency resolution.
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e In Fourier Transform the analyzing (input) signal may be real or complex, but the
reconstructed (output) signal is always a complex function.

Because of these disadvantages and limitations, there was a requirement for a new
method that will solve the problem created in FT.
Then an approach or technique came into existence in the shape of Short Time Fourier
Transform (STFT) to resolve the problems of Fourier transform. The concept of STFT
was introduced by Dennis Gabor in 1947. In this approach, we simply multiply analyzing
signals with the window function. The concept behind the STFT was to set a window to
break down the signal into different parts and obtain time localization. The window here
used in the transformation has a small length, but a fixed window size. Here partitioning
of signa simply means, windowing the signal by multiplying the window function w(t)
by the original function f (t). Then FT is applied to each part of the signa which was

decomposed (sliced) by STFT. The mathematical representation of STFT is given below;

—0 +

F(x0)= j f («c,t)edt = jw f (OW(t—x)e dt :<f(t),gw(t)> .............. (1.7)

and g_ () =W(t-x)e™at L (1.8)
Here, vis caled the average frequency of the window function, x is the centre of the
window in time f (x,t) is part of the signal f(t) andg, ,(t) is known as the short-time
Fourier Transform Atom.

One of the key concepts behind the Short Time Fourier Transform is that it considers the

non-stationary signa as stationary for a short time interval. Therefore, STFT gives the

solutions to the problems of FT under some limits. For any signal, STFT provides three

23



Chapter 1: Introduction

3-D information i.e. about time, frequency, and amplitude. One of the big weaknesses of
the STFT isthat the size of the window remains always fixed. But the constant size of the
window is not acceptable for al frequency components present in the signal.

To resolve the problem related to STFT, another transformation came into existence in
the early 1980s known as Wavelet Transform (WT). Wavelet theory is well suited for
digital signals in terms of analyzing the local behaviour (“local part of a big signal”) of
the input signal. Sometimes we say it presents localization in time (space) to a certain
degree. In simple words, wavelet series indicates a “Square Integrable Function” with
regards to the “Orthogonal set of Bases Function” called wavelets, which means small
wave. In the beginning, wavelet theory was used for analyses of seismic signals for time
dimension recognition. With time it rapidly spread application in several areas like
finance and statistics, turbulence, medical science, astrophysics, image processing, and
other signal processing areas. Wavelet Transform decomposes the signal into a set of
functions called wavelets (Daughter Wavelets). Then analyze the characteristics of the
signal in the modular domain as well as in the time domain (converted-space domain).
We will discuss wavelet transformation in detail in the next chapter of thisthesis.

At the current time, we are working on the application of wavelet theory in digital image
processing. In particular denoising (noise-reduction) of digital images through wavel et
transformation. Here we will also discuss the purpose and necessity of digital image
denoising (noise removal, noise compression). As we know digital image denoising is

one of the important tasks of signal processing.
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Digital images are usually corrupted by noises (unwanted signals). Images catch noise
during the process of acquisition, transmission, and recovering it from storage. With our
naked eyes, we can observe some dots on the digital image; the reason may be low
lightening during image capturing. This may be the cause of the original images getting
corrupted by noise. These unwanted or noisy signals may corrupt both images and
videos. One reason for the image denoising is that a noisy image is not delightful to view.
Sometimes the important details in the images are confused with the noise and it is
difficult to identify the real information in the image.

Mathematically we can define image denoising as;

h(x,y)=f(x,y)+a(xy) .
(1.9
Here h(x,y) is anoisy image, f(x,y) is an origina image, andg(X,y)is a simulated
noise (any type). The main purposeisto estimate f (X, y)givenh(x,y) .
Severa methods and techniques were applied for digital image noise reduction or
compression.
1.12.4 Simulated Noisesand Its Types
1.12.4.1 Digital Noisein Image Processing

Digital noisein digital imagesis random pixels spread all over the image. It arises
during the process of transmission, capturing at the wrong angle of the camera, or getting
it from media storage. It often occurs due to capturing images in low light like, in a dark
room, at night, etc. As already mentioned above, noise may enter into the images due to

sensors (CCD & CMOS) installed in digital cameras.
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1.12.4.2 Digital Noise Types

There are severa types of simulated noise, some common hoises are mentioned
below[26];

1.12.4.2.1 Gaussian Noise

Gaussian noise is usually called additive noise. It arises in the images because of little
illumination during the process of capturing or sometimes because of high temperature.
In the process of modification of pixels, a certain distribution is added to each pixel. It
may be caused because of the noise available in electric circuits.

1.12.4.2.2 Salt & Pepper Noise

This type of noise is aso called impulse noise. It affects only a small number of pixels
and the rest image pixels remain untouched. It may be caused, because of abrupt
disturbances like dust or afaulty CCD during the accusation of the image[26].

1.12.4.2.3 Poisson Noise

It is sometimes called Photon or Short Noise. It may follow the Poisson distribution. It
often arises in the lighter parts of an image. It may arise, because of the dissimilarity in
the number of photons sensed at a given exposure level[26].

112424 Speckle Noise

It is aso caled multiplicative noise. This type of noise may corrupt images like
Ultrasound, Laser Sonar, etc. For the modification of the pixels of the image certain
distribution is multiplied by certain pixels of the image. There are still number of noises

that can be encountered in the digital images.
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According to the latest research articles and research trend in digital image processing,
especialy for digital image denoising, it clearly shows that there is a huge scope of
research in the field of digital image denoising. It is aso a critical and complex research
problem in the application of wavelet theory. So in order to deal with this research
problem, it needs to study and apply some approaches, methods & techniques, and other
statistical parameters. We need to work on different thresholding techniques, applications
of the different wavelet functions, exiting filters and filtering techniques, and the
application and validation of other mathematical thoughts for an acceptable reason for the
outcome of the proposed work in terms of the digital image denoising. Finally, some
modifications and adaptations have been done in the existing work in the opinion of
statistical parameters. Different techniques and methods have come into existence from
time to time for digital image analysis, enhancement, modification, and other purposes.
Fourier transform is an important technique for signal analyses, in which a given signa
(or image) is decomposed into sine and cosine waves of the number of frequencies. In the
same way, wavelet transform also decomposes the signa (Image) into translated and
scaled versions of the wavelet (Mother Wavelet). We have already mentioned above the
disadvantage and limitations of Fourier transform and STFT. But now these signals are
well analyzed by the latest transformation known as wavelet transformation because it
analyzes the given signal into two domains i.e. time domain and frequency domain. In
particular, the signals carrying quick changes could be well analyzed by the wavelets,
then the existing sinusoids. Therefore, wavelet theory is considered the best tool for

analyzing the given signal. Two important functions play a vita role in the Wavelet
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transformation for the signal analyses, caled the wavelet functiony (or Mother
Wavelet) and the scaling functiong (Father Wavelet). These two functions together
produce a set or family of functions or wavelet functions (Daughter Wavelets). Later this

set of functions isimplemented to decompose or reconstruct the given signal.

Here we can show graphicaly the wavelet transform in comparison with other

transformations for a given signal.

Figure-A Figure-B
A (Time Domain) 4 (Frequency Domain )
(Fourier Analysis)
¥ )
s :
i ]
z -
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< &
Time Amplitude
A Figure-C A Figure-D
(S.T.E.T) (Wavelet Analysis)
-
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=
S
g =
e ]
= A
»> >
Time Time

Fig.1.7: Representation of a Signal in Different Domains, i.e. “Time Domain,

Frequency Domain, STFT and Wavelet Anaysis”.
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From the above figures, figure-A gives time information but has zero information about
frequency in the time domain, figure-B gives zero information about time, but gives good
information about frequency in the frequency domain, figure-C anyway gives
information about both time and frequency but the frequency information gained is
dependent on the adopted window in the time domain. Because once the window size is
fixed it remains the same aong the time axis. Figure D gives information about both time
and frequency by trandating the wavelet by unfixed width throughout the time axis.
Finally, we can say that at a higher frequency, wavelet transform gives superior time
resolution and bad frequency resolution, and at a lower frequency, it gives bad time
resolution and good frequency resolution.

1.12.5 Wavelet

Wavelet may be defined as a mathematical function that displays the oscillatory fashion
in alimited time. In other words, a wavelet is a small wave similar to oscillation with
amplitude that starts increasing from zero and finaly decreases back to zero. Example

Morlet Wavelet;

.54

0 -

-0).5 -

-

Fig.1.8: Graph of Morlet Wavelet
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This function is aso caled the bases function used for the waveet transform.
Symbolically it is denoted as /(t)
Mathematically awavelet function is defined [27]as;

Voo (t) = ﬁw(%] abeRaz0 (1.10)

. . . 1 . : .
Here a is the scaling factor i.e., f =5 is a frequency, b is known as trandation or

window location on axis, and - € L*(R) i.e., aset of orthogonal wavelet basesin L?(R) .

This function is known as the mother wavelet. Graphically, we can differentiate wavel et

function from wave function as;

Wave (Sine Wave) Wavelet (Mexican Hat Wavelet)

" N f \
/ x,f! \/\/H ' x/\f §

Fig.1.9: Graphical Representation of Wave and Wavelet

The wavelet function decomposed the input signal into severa frequency components. It
can generate a series of wavelet functions (daughter wavelets) of varied scales about the
frequency or assign a frequency range to each scale component. These generated
functions are small waves with a short duration. Then each divided signal component is
analyzed with a resolution that matches its scale. In wavelet transformation two

parameters play an important role, one is called the translation parameter and the second
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is the scaling parameter. Tranglation parameter means shifting the wavelet along the time
axis, in order to find out the time information about a signal. While scaling parameter
means changing the amplitude and time duration of the wavelet function in order to

obtain frequency information.

Scaling of Wavelets Translation of Wavelets

\
X
/\

i

Fig.1.10: Scaling and Trandation of a Wavelet
Any function is said to be awavelet or mother wavelet if it satisfies certain conditions;

e Wavelet must have finite energy [27];

E=T|l//(t)|2dt <o (1.12)

Here E is called the energy of the function, which is equal to the integra of its

square magnitude.

e  When y(X) isthe Fourier transform of w (t) i.e;
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w(X) = Tl//(t)e_i(z”x)tdt .............. (1.12)

Then, the below condition must satisfied;

The above function is known as the admissibility condition. Here Cis known as the
admissibility constant. It means the wavelet has no zero frequency component or

w(0) =0 the wavelet w (t) have zero mean[27].

Here, we are going to discuss several wavelets, used in this research work, as basis

functions.

1.125.1 Haar wavdet

It isasimplest and discontinuous wavelet, mathematically defined as;

1 ; O£t<%
w(t)=4-1; %st<1 ............... (1.14)
0 ; otherwise

Here w (t) is called Mother Wavel et
And, Its Father Wavelet ¢(t) isdefined as;

()= 1 ; 0<t<1 115
o(t) = 0 dswhee e (1.15)
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Hereit’s simple to observe that the function "y (t — k) : k e N" create an orthogonal set of
bases function. It can be used for both discrete as well as continuous functions. A
graphical representation of a Haar Wavelet and its dilation is given below;

"lh.l:r':l k.3

(T

Fig.1.11: Graphical Representation of Haar Wavelet

B
T e

Fig.1.12: Graphical Representation of Dilation of Haar Wavel et

If weintegrate, w(t) and y(t—1) together result equalsto zeroi.e.

j yOwt-Ddt=0 (1.16)

Therefore, in general, we have;

T yt-myt-nd=95,., (1.17)
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But, (1.17) equalsto 1, whenm=n, and Owhenmm=n i.e.

J vy td=1

11252 Mexican Hat Wavelet (mexh)

Mexican Hat Wavelet is aso called Richer Wavelet because it was originally introduced

by American Geophysicist H. Richer. This wavelet function is a negative second

derivative of a gaussian function. The orthogonal analysis is not possible, as it does not

exist in scaling function. It is an even, rea-valued and continuous type wavelet.[ 28].

Mathematically Mexican Hat Wavelet is denoted as[27];

_t2

p(t)=[1-t)e?

_t2

Here e 2 isgaussian function with unit variance.

It is graphically denoted as,

4

0.8}

4

]

é' 2 4 6

Fig.1.13: Graphical Representation of Mexican Wavelet

1.125.3 DaubechiesWavelet (dbN)

34



Chapter 1: Introduction

The dbN is a family of Daubechies wavelets and are, discrete, orthogonal, and compact
supported orthogonal wavelets. The whole work of Daubechies was done on the bases of
the theory and framework of Morlet and Grossmann and finally refined by Myers. These
wavelets are applicable for different types of signals because it uses easy filtering
thought. It cannot have an absolute expression, other than dbl. The maximum present
wavel ets are asymmetric. Its wavelet function has N number of vanishing moments.
11254 Orthonormal Wavelet

A wavelet function (t) e L>(R)is known as an orthogonal wavelet when a set of a

wavelet functiony | (t) I,me Z,i.e.

¥, @ =2%1//(2't—m) ................

(1.20)

is an “orthonormal base of the finite energy space L?(R)”. Here the orthogonality of the

function is certain by the factor 2 % :

11255 Biorthogonal Wavelet (biro)

In a biorthogonal wavelet, the associated wavelet transform is invertible, but not
necessarily orthogonal. It gives more degree of freedom than orthogonal waveletsi.e. the
possibility to construct symmetric wavelets. In the biorthogonal type of function, we have
two scaling functionsi.e., ¢ and ¢, which may help for multi-resolution analyses.

1.125.6 Meyer Wavelet (meyr)

Meyer wavelet was introduced by a famous mathematician Y ves Meyer[28]. The name of

the wavelet was chosen in his honor. He is also a part of the group of the founder of the
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wavelet theory. This wavelet is a continuous type and is applicable for several types of

signal analyses. It is defined as;
w(t)= ZTsin(a)(h)) cos[ 27z (t — %) hjgh (1.22)

The Meyer wavelet can be applied in several areas like “Ultrasonic Waves Processing,
Audio & Speech Coding, Biomedical Signal Processing, Image Processing, Image Edge
Detection, Signal Filtering and Image Compression” etc.
It can be graphically shown as;
0.6 y , — : ;
0.4 |
0.2
(8] - |
-0.2 .', |
-.04 T, 3

=0.6 L | | [ [
-6 . | -2 0 2 4 &

lNme
Fig.1.14: Graphical Representation of Meyer Wavelet
1.125.7 Morlet Wavelet (morl)

The Morlet Wavelet was introduced by French geophysicist Jean Morlet [28]. In 1975 he
started working on wavelet theory. His wavelet is basically the combination of two
functions, namely sinusoidal function and gaussian function. It has both-time as well as
frequency localization features, are better. It is a continuous nature type wavelet.

Its mathematical function is given as;
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v()=Ce sy (1.22)
Here constant C can be applied for the reconstruction of the signal.

Graphically Morlet Wavelet can be shown below as;

1
|

Y v
1 1 . ’ . L)
o “ -2 0 2 il

Time

Fig.1.15: Graphical Representation of Morlet Wavelet

11258 Symlet Wavelet (symN)

The Symlets wavelet was designed by Daubechies, by analysis and modification to the
Daubechies set of wavelets. In order to make the properties of the two wavelet functions
similar. This wavelet is close to an asymmetric wavelet. It is sometimes known as
Daubechies “least asymmetric” wavelet. The set of wavelet are shown by SymN, N
denotes the order. It is applied in severad areas, like biomedical, communications,
medicine, seismic, ultrasonic waves, audio speech coding, geophysics, filtering
denoising, image, compression, etc.

11259 Coiflet Wavelet (coif.)

The name of the wavelet coiflet[28] was given in honor of Ronald Coifman. Because on
his request to Ingrid Daubechies to design a wavelet and to have scaling function with

vanishing moments. These are orthogonal wavelets in which both the mother wavelet and
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the father wavelet have many vanishing moments after zero. It has % vanishing

. : N _—
moments and the connected scaling function has 5—1van|sh| ng moments. It can be

graphically shown as
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Fig.1.16: Graphical Representation of Coiflet Wavelet

1.12.6 Wavelet Transform

In wavelet transform, we require a mother wavelet, which should be more flexible than
others existing before. We do two basic manipulations, in order to make wavelets more
flexible, first we have to stretch and sgqueeze it, and second we have to shift it. Here
dilation parameter is denoted by “a” and the trandation parameter is denoted by “b”.
Thus, if we put these parameters in the Mexicana Hat Wavelet, which is given above

equation (1.19), it becomes[27];

t—b t—b | 1 (n /e
N
a a
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It gives back to the original equation hat wavelet if we put a=1 and b=0 in equation
(1.19). Thusin terms of the above equation (1.23), we will transform a function, x(t) on
the bases of ranges of a’s and b’s.
1.12.6.1 Continuous Wavelet Transform

The wavelet transform of signal x(t) w.r.t wavelet function w isgiven ag[27],[29];

T(a,b)=w(a) T X yw" (ﬂJ a (1.24)

a

Here “a” is scale, “b” is translation, “w(a)” is a weighted function, “y ” is wavelet

function, “*” is complex conjugate (“applicable in case of complex function”).

Therefore, we will get continuous wavelet transform (CWT), if smply we put

w(a) = in the above equation (1.24) i.e.

-

T(ah) =% T x(t)z//*(t_bjdt ............... (1.25)

a
Equation (1.25) it can be written as,

T(ab)= j X p(t)dt, or T(@b)=(xM.w,,(t)

(1.26)

1 . o o
Here—= is the normalization factor “It indicates at every scale, wavelets have equal

Ja

energy” Here integral indicates the product among two functions, namely analyzing
signa and mother wavelet over signal length, and this process is also known as a

convolution between x(t) , and y . The output result of CWT for a signal is in the shape
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of wavelet coefficients, they are actually the functions of scale and trandation. The
computing of the wavelet coefficient at “each scale and translation” by means of CWT
can produces huge data. So CWT takes much more time for calculating data about any
signal. To avoid such calculations, we have to adopt a process called a “dyadic scaling
and shifting”.

1.12.6.2 Discrete Wavelet Transform

As we have Discrete Fourier Transform (D.FT) and Discrete Short Time Fourier
Transform (D.STFT), in the same fashion we have Discrete Wavelet Transform (DWT).
As in Fourier theory we discretize time and frequency axes, but in DWT we extract the
discrete values from the scale and trandation parameters by a distinct manner. Here is a
motive to introduce DWT, and then explain connection between DWT and IWT[25],[28].
Now, we will give another shape of scale parameter and tranglation parameter below as;
Let a=2" and b=k2", k,leZ

Put these valuesin equation (1.25), we get

T k2" =2V2T xOp(2t-k)at (1.27)

—00

The above applied wavelet is aso known as adyadic grid wavelet i.e,;
v O=22p@t-k)y

(1.28)
1.12.7 Wavelet Packet Transform
The Wavelet Packet Transform (WPT) was introduced by Meyer Coifman and other

researchers. In redlity, it is an extension of wavelet and multiresolution theory. The
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wavelet transform is universal to create a set of the orthogonal basis of wavelet packets.
The wavelet packet has strength and power for deciding which bases function is perfect
to represent the given signal. It has much more flexibility for using the basis function for
the frequency contents of a given signal. The WPF’s are generated by scaling and

tranglation of a set of bases functions, they may be mother and father wavelets i.e.y and

¢ [30].

In WPT both types of coefficients (approximation as well as detailed coefficients) are
again decomposed at each level for approximations and details parts, which is not
possible in WT. In Wavelet transformation there is a chance of discard of information
because after the first level of decomposition only approximation coefficient is further
decomposed. But in wavelet packet transform both approximations as well as detailed
coefficients are further decomposed at each level. The process of analyzing a given signal

by WPT is shown below;

~{poo:)

_.(T}.FIDD:] =
s | e
ol I =

Image

J —>l DA ]-»

‘l
.__,! Aj :r_

‘ AA ]—-P

Fig.1. 17: Graphical Representation of WPT of a given Signal.
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1.12.8 Inverse Wavelet Transform(IWT)

In simple, inverse wavelet transformations (IWT) mean the reconstruction of the signal,
which were under wavelet transformation. In other words, we decompose a signa by
wavelet transformation for analysis purposes, then we need a transformation to get (or
reconstruct) the signal back, which is known as inverse wavel et transform.
Mathematicaly it iswritten as;

f(t) = % T TWW f(a,b)y,, (t)(é da)db
T (1.34)

or f(t)=$T %[\wa(a,b)]://a’b(t)da? db

(@)
(4

here, C, :j dw <0 is known as the admissibility condition. In digital image

processing, the IWT is applied to synthesizing the input signal. The IWT provides us the
synthesized result about the signal which is analyzed by WT. Sometimes we say it is a
reverse process of WT under certain conditions.

1.12.9 Multiresolution (MRA)Analysis

Multiresolution simply means analyses of every component of asignal at different scales
(different window sizes). In other words, by applying the MRA, we can break a difficult
function into a number of simpler parts and then study them individually. One of the

important purposes of these analyses is to obtain an approximation of function f(x) at

different resolutions. MRA was introduced by Yves Mayer and Mallat in 1989. It is
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basically applied for constructing an orthogonal wavelet basis for the spaceL®. It is a set

of the closed subspace of > and satisfying certain conditions25],[31]

1.13 Objectives of Research

+*

+*

Importance of Wavelet Transform in Digital Image Processing, especialy
Denoising of Digital Grayscale Images.

Denoising of Digital Images through various Filters and Wavelet Functions.
Denoising of Digital Image applying different Thresholding Parameters and
Wavelet Transform.

Performance comparison of various wavelet functions for denoising of digital
images based on SNR and Wavelet Transform.

Importance of Norm in digital image denoising.

1.14 Thesis Structure

The outlines of the various chapters of thisthesis are as follows:

Chapter 1: Introduction.
Chapter 2: Digita Image denoising by different Filters and Wavelet

Transformation.

Chapter 3: Digital Image Denoising by a Thresholding Technique and Wavel et
Packet Transformation.

Chapter _4: Estimated Threshold for Digita Image Denoising Through Wavelet
Packet Transformation.

Chapter 5: Importance of Norm in aDigital Image denoising.
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1.14 A sample programsfor image processing in MATLAB.

% % 2-D-discrete wavelet transform + IDWT) For-true color-image%%

3Fead Input Image%;

Input Image=imread ('barbara download.jpeg'):

%Red Component of Colour Image

Fed Input Image=Input Image(:,:,1};

iGreen Component of Colour Image

Green Input ImagesInput Image{:,:,2};

%81ue Component of Coloor Image

Blue Input Image=Input Image({:,:,3);

RApply Two Dimensional Discrete Wavelet Transform

[LLr, LHe, HLr, HHr]=dwt2 {Red Input Image, "haar'};

[LLg, LHg,HLlg, HHg]=dwt2 {Green Input Image, 'hazr'});

[LLb, LHb, HLL, HEb] =dwt2 {Blue Input Image, "haar');

f4pply 2=-D Inverse Discrete Wawelet Transform (idwt])

Firat Level Decomposition(:,:,1)=idwt2{LLr,LHr,HLr, HHr, 'haar’,;size{lnput

_Image));

First Level Decomposition(:,:,2)=idwt2(LLg,LEqg,HLg,HHg, 'haar®,size{lnput

_Image));

First Level Decomposzition(:,:,3)=idwt2 (LLb,LHEDb,HLE,HHb, 'haar®,size{Input
Image));

Eirst_Level_pe:nmpcsitiﬂn-uintﬂ{Fi:st_Lewel_pe¢qmpn5itinn};

¥Display Image

figure;

subplot{l,2,1) imshow (Input_Image};title('Input Image'};

subplot{l,2,2);imshow(First Level Decompositien, []l:title('Rsconatructed

image');

e teWavelel Packet Transform For Image enoising e
ERE[fl loname . pathnamel-ulgecflle i "GRAYSECALE TMAGE. Jpg'iz
Bifllewithpath=at it {pathname,, L Tasfsannk] |
img=imread{' TEST TMACZE 0OF BEARAERA =0 el ]

immhow [ iewg] ;

Emgne=imnolasa (lmg, "gausaian®, 0, 0. 0L] v %%add nolse

wrams="hass ' ; level=3; kespap=1;

crlceahanoon' ;celity=ds

apEh="9"]

dutmade ("pec' j ;fnzgral Excenmion Mods:
Hpt-ﬂpdecE{dﬂublnlimqnh.]nvulrwnane,trlt,crifvrr L% WPD Decowmpostition
det le=[wpoocaf {wpt, 2] wpeeef (wpt, 3| wpsoesf (wpt, 43 ]; ficelliescting detel led
oo ffl1oianta

gsligma=20 %% Estimation noioe varianoo

Pmpigma"agre(2*log|{langthidetl {111 :%% To find threshald

2% Tewthmngr i ' wpdddensEZELY, ' BOtwologaswn® Wt 1 %% find threshold
Ehonp=T/3 &&Threahold adjust

imgdewpdancmp (Wwpt, sorh, *nobest ' thrwp,; keepap) | YShenotising wich foll Tree
'||.'||.i.r.-_:-1'-l\..]-.:|-|-||u..'|l|F.- iwpk marh, ik, Fhowp, ceespap] ;RS Deanozaing with benxt Erms
LagdE=uinTi {imgd} 7

i1 Caloalate MEE, ONR, PENE

Mo, Mo ]=al =a  dmg) s

HEE=stum [aum{ { {(imyd-doublae (dmghk f . "2 ) § A (Hc*HBa) ) §

mamxpe=max (Emx (double (imgd {2} )  pmax {(double(ieg{: ikl

FENP=l 0" LoglO| (makn 3) JMSE) 2

EHF=Z0* loaglOimorm idouble cimgdt b b | fnoemidoubleiimy iz b-doobiadimyaf=1 1132
eubplat (2,2, 1)
imohow (imag] . Eitla [
RUDploT (2, 2,2 ;
imshow(imgm] ) £itle | "Modsy Imaga” |
subplot (Z, £, 331

Imahow(iEgdB) ;cicla | "Oanol pad Dmage ' bz

rpas imoga” |
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%o Digital image decomposition by wavelet theory at certain levels%: %

V% Doubachias Wavaletr Transform {(dhi) for 2-D signal ([(AGE Digital Imagas)
claar

Claar allp

m=imraad ('Tast RGE digital images"]%% Load input RGE digital image
Imshow (®) ; subplot (1,1,1]):%% Show loaded digital imags

YiApply Two Dimansional Discrate Wawelat Transform at laval-1

[ar, xhe, XvE, Rdre]sdewtZ{x{:z, ,1],"dbd")  Yired ocolor cannal

[®ag, xhg, xvg, xdg]edewtZ{x{z; :; £}, "dbZ"') ' YEgraan color cannal

[®ak, ¥hb, ¥vh, ¥xdb]sdwrZ (x{=, =, 3], "dbZ') %% blua color cannal

Haf:,r lp=Rary ®al(:, @, Z)=xaqr wale, , 3j=wab Wk Approximation coafficiants
shiz; 1 1p=xhey h(:;, :; 2)=xhg; xhif{z, , 3)=xhb,; %% Horizontal coafficiants
v lbmnver w2, 2lexwgr el 3 =xvb %% Vartical coaefficiants

el dpmndEey mA(:, &, Z)=xdgr mAd e, 5, 3 =pdb K Diagonal coafficiants
figura, imshow (®a/100) ¢ Approximation imaga

figura, imshow (xh) 4% Horizontal Image

figura, imshow (v} %% Vertical Image

figura, imshow (xd} %% Diagonal Image

wl=|xa*0.03 logldixw]*0.3 : loglO{=xh)*0.3 loglO{xd)*d.3];
figura, imshow (1} ) %4First level decomposition lawel of a digital image
SApply Two Dimansiconal Discrate Wavelat Transform at lawval-2

[aar, xhhE, xvwE ¥ddry |edetZ ({2, =, 1), 'di"])
[®aag, xhhg, xvwg, ddg |edwt2 (x{z, 2, 2], "E0d ")}
[®aak, xhnb, ¥vwh, ¥ddb | sdewcZ ({2, =, 3], "dba* )}
Haalz,: . lj=raary Haal:,:,Z])=xagr =axi!, . A =waak
Mhhiz,; 2 1j=xhhe; xhh{:z, :;2]=xhgr =xhhk{:, L 3)=whhiy
vl s lbmuwwEr mww s, 2lEaegy xww il f g 3)Envvh
bl 1 pmuddrr mdd (s, =, 2)medgy xddy:, @, 3)=nddh
figura, imshow (Raas100] ¢

figura, imshow (xhn}

figuea, imshow [(xww) 2

Tigara, imshow (xdd}p @

xll=[xaa*d.03 logld|xww]*0.02 r lLoglOi{xhh)*0.2 loglDixddp=3.3];
Tilgararimshow (X111} 2

SAapply Two Dimansional Ddscrete Wavelsat Transform at lawval-3
[aaar, xhfihr, xvewr  edddr|jesdetcZ {x{z; =, 1) ,; "dd ")}

[®aaag, xhhhg, 2vvwg, sdddge=dwt2 {x{z,; 2,320, "d0d ')}

[raaak, xhhhb, xvevb, xdddb |=sdetZ (x =, =, 3), "dh2 ")}
Haaa(: .2, lj=xXaaary xazal:z,:, Zl=xagy Haaaf:, a3y =xaaal)

®hhh (2,2, 1p=xhhhey xhhh{z, :, Zl=xhgys xhhhi:, !, Ay =xwhhhi
o e e sl EwwwwEp xwwwls, t FleEwegr o 0 3 sy
widd (2l pmpdddr) xddd{z, @, Zlmedgy wdmdfr ' A) st
fligura, imshow (xaaa/S100) ¢

figura, imshow [(xhnh) »

Tigura, imshow [(Xvwwhr

figara, imghow (Rddd ) »

xlll=|xaaa*0d.03 loglO{xzwwew]*0.02 ¢ logllO{xhhh) 0.2 logldixddd)+*0.3];
Tigurarimshow (X111}

A% Apply Two Dimansional Inverse Discrate Wavelat Transform

Fiut_lawl_ﬂncm&].tlnni'.,'.,1]lll:llti:xmr,ﬂmnr,mr\r:,mdd.:,‘M‘,:L:niﬂll]]r
Flegt Laval Dacampasition(:, @, Z]=idwtd {xaaag, xhhhy, wonvg, xdddq, 'ded" slzae{xlll] )}
E‘irst:l.nwl:nmmsl.tlnni b Deddutd (xaaab, xhhhb, wvvvh, xddde, 'dbd sizex111] )}
Flegt Laval Dacompositionsuintl(FLrst Lavel Decompositian))

\Display Inage ST

imshmr[l'iut_lawl_uncnnpnsltlnn]r fiques)

subplot (1,4,1)) imahow (%]} title{'My Qrglonal image')!

subplot (1,4,2)) 1ruhnu1FJ.r:t_Ln'.*nJ._IJmmq:e:il:im,[]:|,' titla('Reconstructed imaga')!

i
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%% Lena digital Image denoising%s%
$%3[filename, pathpname |=uigetfile ('GRAYSCALE IMAGE.jpg');
¥afilewichpath=gtreat (pathname, filenams) ;

img=imread|{'Llena gray scale image for new paper.jpg'):

imshow (img) ;

imgn=imnoize (1mg, 'gaussian', 0,0.01); %%add noige
wname="aymd " ; level=3; keepap=1;

crit='shannon';ceitv=0;

gorh="a';

dwtmode [ 'per') ;%signal Extension Mods;

wpt=wpdec? {double (imgn) , level , wname, crit,eritw); %% WPD Decomposition
detl=[wpcoef (wpt, 2) wpcoef {wpt,3) wpcoef (wpt,4)]; %%collecting detalled
cogfficients

sigma=median (aba{decl{:})) 0.6745; %% Estimation nolse wvariance
T-zigma*sqgrt {2*1log(length(detl{:§}}) ;%% To find threshold

% T=wthmngr | 'wp2ddennzEL", "agtwologawn',wpt) ;%%find threshald
thrwp=T; %%Threshold adjust

imyd=wpdencmp (Wpt , 2orh, 'nobsat®, thewp, keepap)  3i0enoising with full tree
$timgd=-wpdencmp (wpt , sorh, ceit, thewp, keepap) F 3% Denoising with best tree
imyd8=uints {imgd) ;

imgB=uinth (img) ;

%% Calculate PSHR

[Mc, He)=3ize (img) ;

MEE=gum (gum{ {imgd=double {img} ) . *2) ) f (Mc*He) ;

maxp=max (max (imgd () ), max (double(img(:)}) )2

PENR=10*1oglil{ (maxp"2) /MSE) ;
SHE=20+*1o0gl0{ (sum (sum{ {{{ (imgd) .*2} ./ { (img} =double (imgd)).*2)30))};
fprintf {"\n,0rgional wvs Denoised PSNRE =% f
\n',Original wa Denpized PSHE);

imt=uinthl (255*ones | [Mc, el ) )

PENR=numZatr (Original vz Denoised PSNR):
imtp=ingertText (imt, [Mc/d,Ne/2), PSHE, 'FontSize’ 300 ;

subplot (2,2,1)

imshow (img), title (' Input image"}

subplot (2,2,2);

imshow(imgn) ;title|*Holay Image');:

subplot (2,2, 3);

imshow(imgdB) ;title ('Denoized Image'):

subplat (2,2,4);

imshow (imtp) ; title {"PSHE')
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% % lmage denoising and Norm Calculation%s %
$:Img:input nolsy image image
% Programme
%% load original image
img=imread('Barbara 25&67256.jpeq');
&% Add Nolse (Gaussian White Moisze (0.003)%%
imgn=imnoise (img, 'gaussian',0,0.003) ;%% gaussian noise with zero mean
and
dwtmode {("per') ;%% =ingle extension mode
[thr, sorh, keepapp]=ddencmp (‘den', "wv',imgn}; % finding default walue
$Denoising noisy image by global threshalding
imgden=wdencmp {'abl',double (imgn), 'stmd ', 1, thr, sorh, keepapp) ¢
% (3xN) Threshold matrix for ‘lvd’ option.
thr=[thr,thr;thr Ehr;thr thr]:%denoise image uzing level dependent
thresholding
% imag=wdencmp(‘lvd’' ,double (imgn)), ' symd’,5, the,'5");
SPLOTTING
subpleot (131) ;imshow (img) ,title('Original Image');
subplot (132) ;imshow (imgn) , title('Hoisy Image');
subplot (133) ;imshow (uintB {imgden), [])}, title('Cencised Image');
$%Finding SMR and Norms
Orgional wvs Noisy SNR=20*logll(norm(double{img(:}))/norm{double (img(:)])-
double(iman{:z)}i)q
Orionalg vs dencisd SNR=20*lagl0 (norm{double (imgden(:}}) /normi{double (img
{:))—double (imgden(:z)))}:
Li=max (sum{abs{uint8 (img) —uint8 (imgden) ) )}
LZ=max (sqrt (sum{abs (uintB (img)—uintd (imgden) )} .2} )} ) ;

% %o Global thresholding %%

cle;

clear all;

warning off;

x=imread|'GRAYSCALE IMAGE.jpg');

imshow (x};

title ('Orgional Image'};:

figure;

d=imZdouble (x} ;

imshow (d} 7

title('Glabal Threshelding using Matlab'):
Id=« %I iz a unit8 gray scale Image;

T=0.5* (min{min (Id)+max{Id{:)}))):
deltaT=.0001 ;8 CONVERGENCE CHEATION
done=false;
whila-dona
g=Id>=T;
Tnext=0.5* (mean (Id{g) ) tmean {(Id(~g)h);
T=Tnext
end
figure;
d=im2w(x,T) ;
imshow (d} ;
title{'Global Thresholding using our own code');
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%% DWT +NOISE+THRESHOLD+IDWT FOR 2-D Images% %
clear all,

Tmimread (uintd(*BFOUT.ipa')}:
Jeimnoige (I, "gaussian',0.005);

subplot(1,2,;1): imshow({Il}; title('Original image"):
gubplot(l,2,2); imshow(J); title('Moisze Added Image");
%apply discrete wawvelet transform to noisy imaged
type='h';

[chl,cHl, W1, cDl])=dwt2 {J, "haac");

[ch2,cH2, V2, cD2 )| =dwt? {cAl, "*haar'};

[eh3,cH3, cV3, cD3 ) =dwt? (cA2, "haac'):

%% sigthresh = threshold to remove outliers (default = 3}
T cH3=gigthresh(cH3,3,cH3);

T cVimgigthresh(cH3,3,cV3);

T ch3i=gigthresh (cH3, 3,203} ;

¥ cH3=wthresh (cH3, type,T chB3);
Y_:?E-uthresh{:UJ.type,T_pHEJ:
¥ cD3=wthregh ({cD3,type,T cb3);

T cHZ=gigthresh (cH2Z,2,cH2);
T cVi=gigthresh(chH2,2Z,cV2);
T ch2mgigthresh(cHZ,2,ch2);

Y cHZ=wthresh{cH2,type,T chZ);
¥ cVimwthresh{cVZ,type,T cVi);
¥ cDZ=wthregh({cDZ,type,T cH2);

T cHl=gigthresh(cH1,1,cHl);

T cVl=gigthresh(cHl,1,cV1);

T chl=gigthresh(cHl,1,chl);

¥ cHl=wthresh(cHl,type,T chHl);

Y cVl=wthregh(c¥l,type,T cV1)};
Y_:Hl-uthresh{cnl,type,T_;l};

R INVERSE DSICHRETE WAVELET TRANSFORM (idwt)
Y cAZ=idwt2(ch3, ¥ cH3, ¥ V3, ¥ cD3, 'haar'});
Y cAl=idwtl(cAZ2,¥ cH32 ¥ cVZ ¥ cD2,'haar');
¥ jmidwtZ(Y¥ cAl,¥ cHl,¥ c¥1,Y cDl, 'haar'};

§Find PSHR
error diff=T-unit (¥ j);

LPSHR = 20*logll {25542 e *2);
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%% Speckle noise + wame (sym4) For digital image denoising% %
&% speckle noiss + wame (symd)
img=rgblgray (imread{'CT-5cane Chest.jpg image.jpg'}});
[tows columns] = size(img);
%% add noi=seh%
imgn=imnoise (img, 'speckle’,0.002) ;%% gaussian noise with zero mean and
noige variance 0.005

dwimode {'per'} ;%% single extension mode
[thr, gorh, keepapp]=ddencmp ('den', 'wv' imgn); % finding default wvalue
Denoising noisy image by global thresholding
imgden=wdencmp!('gbl’,double (imgn), 'symd ', 2, thr, sorh, kespapp) ;
% {3xM} Threshold matrix for 'lvd’ option.
thr=[thr, thr;thr thr;thr thr];%denoise image using level dependent
thresholding
% imag=wdencmpi'lvd’,double(imgn)},'sym4’,2,thr,'8"};
¥PLOTTING
subplot (131);imshow (img),title | 'drgional Image');
subplot (132) ;imshow{imgn) ,title ('Hoisy Image'});
subplot (133) ; imshow (uintB (imgden), []), title('denciszed Image'}:
¥8finding MSE, PANE and SHR
aFinding MSE, PANE and SNR
M3E= sum{zum({double{img) = double{imgden}}.* 2)}/|rows * columns);
PSNE = 10 * loglO{ 256"Z/MSE)
SHE=20+1logl0(norm(double (img(:)) ) /normidouble (img{:}) -
double (imgden{:})¥);
eggage = gprintf{'The mean sguare error iz %.2f£.\nThe PSHE = %.2f", MSE,
BSNE) &
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Chapter 2
DIGITAL IMAGE DENOISING BY DIFFERENT FILTERSAND WAVELET
TRANSFORMATION
2.1 Introduction
In the modern world, digital images are considered a wonderful source of information for
various purposes. In the first chapter of thisthesis, we mentioned different types of digital
images. In modern medical sciences, medical imaging plays an important role in the
detection of severa types of diseases. Different types of machinery are available in the
market for human body disease examinations. In medical machines, different types of
cameras are fitted to capture images or videos (set of images) of the human body
internally and externally for disease spot identification purposes.
According to the different recent research articles, for medical image analysis purposes,
we selected a grayscale CT— Scan image (255x 255) of the human chest as a test image.
The CT- Scan facility for human purposes was applied as aclinical applicationin 1971. It
is an enhanced version of the X-ray imaging technology that is restricted to imaging the
body. This CT-scan images can be disturbed and affected due to certain reasons.
The CT images may be contaminated by gaussian noise and may decrease the clarity of
low-contrast objects. Sometimes CT-scan images may corrupt due to gaussian noise,
because of the presence of the electrical signals. It may also be contaminated by artifacts
and structural noise. To view the objects in CT-scan image, the number of times at “high-
speed computation creates “thermal energy fluctuation” and becomes the cause of noise

entrance in the images. It may be affected by the noise produced by “Mathematical
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Computational and Quantum Statistics”. Therefore, noise becomes a hurdle in obtaining
correct information about the original digital images. Noisy signals (or unwanted signals)
may corrupt the original signal fully or partially. The contaminated CT-scan image (or
noisy CT-scan image) sometimes create problems for medical doctors in distinguishing
among tissues of different densities.

Therefore, the removal of noise from the affected images becomes an essential part of
modern research. Different techniques and methods have been applied to reduce the noise
from noisy images. Optimal Weght Method (OWM)[32]. Selective Mean
Filter(SMF)[33]. Blind Image De-convolution (BID) method[11].Wavelet Domain
Filtering (WDF)method. Non Loca Mean (NLM) and wavelet packet-based
thresholding[ 34].

2.2 Digital Image Filtering Techniques

There are severd filtering techniques used in image processing. Here we mention some
common filtering techniques used in digital image enhancement, especialy for digital
image noise reduction[26].

2.2.1 Gaussian Filter

Gaussian filter is used to reduce the noise and the unnecessary details of the digital
images. It is often used to blur digital images. It gives small weight to the pixels further
from the center of the window[35].

2.2.2 Median Filter
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The median filter is another best approach for noise removal in digital images, without
any smoothing effects. It gives better results in terms of noise removal when added
impulse noise like salt & pepper noise[26],[35].

2.2.3 Wiener Filter

The winner filter is a type of additive filter. It performs small smoothing when the
variance is large and the other hand performs large smoothing when the variance is small
and vice-versa. The winner filter is more selective than the other common linear filters
because it preserves digital image edges as well as the high-frequency parts of an
image] 26],[35].

2.2.4 Guided Filter

It is called a guided filter because it uses the contents of the other images to perform
edge preservation of the digital images. The image under consideration for guidance may
be the image itself. But if both images are the same then their structures are the same and
if they are different, the structure in the guidance image effect the filtered image.

2.2.5 Block Matching and 3-D Filtering (BM 3-D)

This is a superior and difficult technique for image filtering. It performs its operation by
grouping similar two- dimensional image fragments into a three-dimensiona data array,
known as “groups”. In this filtering approach, the good details are shown by grouped
blocks and protect the important features of each block.

2.2.6 Additive Fuzzy Switching Median Filter

This type of filtering approach is aso known as a noise adaptive filter. For the filtering

process of the images, it first uses the histogram of the corrupted images, so that to
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identify noisy pixels. Then these identified noisy pixels are utilized for filtering action,
here denoised pixels are retained and left unprocessed. Finally, for the filtering process,
the filters utilize “fuzzy logic to handle uncertainty present in the external local
information”.

2.2.7 Linear Filter

In image processing, linear filtering is a unique technique applied for noise reduction,
sharpening the image edges, and correcting unequal illumination. It is called alinear filter
because the value of the output image pixel is a linear combination of the value of the
pixel in the input pixels neighbourhood. The filtering technique is done by filtering the
input image with the correlation of an appropriate filter kernel[26],[35].

2.2.8 Min Filter

This filtering technique is used to find out the darkest points in the digital images, and
then enhance the dark area of the digital image. It’s also used to find minimum values in
the area surrounded by the filter. It’s sometimes used to remove the impulse noise like
salt noise, on the of minimum operations.

229 Max Filter

This filtering technique is used to find out the brightest points in the digital images, and
then enhance the bright area of the digital image. It’s also used to find maximum values
in the area surrounded by the filter. It’s sometimes used to remove the impulse noise like
pepper noise, because of max operations

2.3 Wavelet Decomposition (DWT) of a Digital Image

52



Chapter 2: Digital Image Denoisng by Different Filters and Wavelet Transformation

The Wavelet Decomposition refers to the decomposition of the signal into varied

frequency sub-bands[36][35]. These sub-bands are like “LL,,LH,,HL and HH, ", here

k=12,...... i or k™ frequency level, i represents the highest scale in the decomposition.

Here LL,is the lowest frequency sub-band called the Approximation Coefficient of the
analyzing signal, andLH, ,HL, and HH, are known as the “Horizontal Coefficient,

Vertical Coefficients, and Diagonal Coefficients” respectively. At the level first, a signal
is decomposed into four parts i.e. “Approximation Coefficients part, Horizontal
Coefficients part, Vertical Coefficients part, and Diagonal Coefficients part”. But at level
2" only the Approximation part is further decomposed. Because the Approximation
coefficients were passed by low pass filters. In this way, the whole process of signal

decomposition is done. The wavelet decomposition can be shown by below

diagrams[36];
et
AW B W oW
“Jﬂ \\\ﬂ
ﬂéﬂ ﬁﬁx \}h ﬁg‘n
Fig.2.1:1% Level of DWT Fig.2.2: 2" Level DWT
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Fig.2.3: 39 Level DWT
2.4 Variance

In Mathematical terms, we define variance as[ 36];

Variance (%) = Mz_lf(f (X’l\););[:(x’ y)

Here, f (x,y) isan estimated function, f (x, y) is the mean of the estimated function, and

o’ is a difference of “predicted values from its mean”
2.5 Signal Noise Ratio

Mathematically we write the SNR function as,

SNR=201og, 5 110 | 311000 - F )

X=0 y= x=0 y=
Here, f (x,y) istheinputimage and f (x, y) is synthesized image
2.6 Mean SquareError

The M SE function is defined as[ 36];

1 M-1N-1

> LTy~ Fel”

=0 y=

MSE =

x
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As above mentioned, f (x,y) isaninput image and f (x, y) is synthesized image
2.7 Peak Signal Noise Ratio
The mathematical form of a PSNR is given as[36];

2552 2557
or 10xlog,, ——  .....i...... 24
1% MSE (2:4)

PSNR = 10X|Oglo 1 M—1N-1 A
f X, - f X! 2
TRODILCURLCRY

Here, 255255 is the size of the input image, f (x,y) the input image, and f (x,y) is
synthesized image.
2.8 Thresholding Technique and Its Types
2.8.1 Thresholding

Thresholding is a technique of image segmentation. In other words, it decomposes
or divides the image into different parts or sections. The decomposition process involves
the partitioning of the image into a region corresponding to objects. We are doing
segments of the regions to recognize common features. One of the important qualities of
pixels in a region is that they may share intensity. Therefore thresholding is a unique
technique to divide these regions. Sometimes it is used to divide the light and dark
regions] 36].
This technique is aso used to produce binary images from grayscale images, by
converting all the pixel values above than threshold to one and all the pixel values less
than the threshold to zero.

When, h(x,y) isthethreshold of |1(x,y) at aglobal threshold T, then mathematically can

be shown as;
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h(x,y) ={1 Tyt (25)

0 otherwise
Here h(x,y) isthethreshold at (x, y) and | (x,y) agray-scaleimageat (X, y).
In digital image processing, the thresholding technique plays an important role in image
denoising. In other words, the thresholding approach removes the unnecessary and
unwanted features from the given images and aso helps in showing hidden information
in the images. Wavelet thresholding is also known as wavelet shrinkage. In the wavel et
thresholding technique, each small coefficient gained from wavelet decomposition is
decreased to zero. Usually, these big wavelet coefficients represent the real image and the
small wavelet coefficients represent the noisy image. From time to time, different
thresholding techniques were proposed for digital image denoising. But the most
common and broadly applied thresholding techniques are hard and soft thresholding,
introduced by Donoho in 1994.
This technique helps in the removal of the wavelet coefficient which is taking the noise
beneath our selected threshold value and the rest coefficients could perform the
requirement for estimation of the signal.
Therefore, to remove the noise from noisy images, different approaches and techniques
are needed. In this research work, we used different methods and techniques for digital
image denoising. Among these techniques, wavelet thresholding is one of the important
techniques used for digital image denoising. Thresholding technique includes Hard
Thresholding, Soft Thresholding, Hybrid Thresholding, BayesShrink Thresholding,

VisuShrink thresholding, SureShrink Thresholding, etc. In the application of thresholding
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for digital image denoising, it equates small wavelet coefficients to zero, because these
are the noisy wavelet coefficients present in the image. The theory of thresholding is
based on threshold value T. Letting its value small, there may remain a small amount of
wavelet coefficients that carry unwanted signal and these wavelets remain in the
predictable signal. But still, our image remained noisy. On the other hand, if we choose a
big value T it may eliminate some noise-free wavelet coefficient and it may create the
problem of losing information. Again it becomes an obstacle in the way of digital image
denoising. This type of problem can be indicated by SNR and PSNR. In another word, if
SNR and PSNR are higher, superior is the accuracy of the digital image denoising.
Finally, we conclude by saying that, we must choose an optimal threshold to get higher
SNR and PSNR.

2.8.2 Typesof Thresholding

The two genera ways of thresholding the wavelet coefficients are given below as;

2.8.2.1 Hard Thresholding

Hard thresholding is also called gating. It sets to zero all the coefficients of the function if
they are less than the selected threshold value. For applying the hard thresholding to all
the wavelets coefficient of the image for the elimination of noisy coefficients. Let T be
the threshold value carried from noise variance. The Dohono defined the hard

thresholding as [36],[25],[37],[38];

X, if [x>
T, = 4 T (2.6)
0, otherwise
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Here, x represents all the wavelet coefficients, higher than our selected threshold value

and 0O represents noisy wavelet coefficients, which we are going to eliminate.

¥

-

Fig.2.4: Hard Thresholding
2.8.2.2 Soft Thresholding

Mathematically Dohono defined the soft thresholding as[37],[38],[36];

T =

S

{Sig(x)(lxl—a), tWze 2.7)
0, otherwise

Here, sigis called the signum function

Soft thresholding also sets all the wavelet coefficients to zero, whose absolute value is
lesser than the given threshold value T, then shrinking the non-zero wavelet coefficients
toward zero. The threshold value T which we apply in the above threshol ding techniques

is called a universal threshold.

Fig.2.5: Soft Thresholding
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Mathematically Dohono and John Stone define it ag[38];

T= nglogi N (2.8)

Here o2 is caled noise variance of detailed wavelet coefficients at the extreme level of

decomposition. N is the size of the signal (i.e. a digital image may have a size of 256x

256) etc. The above T is sometimes called a Universal or VisuShrink threshold.

2.9 Proposed Algorithm for Digital Image Denoising

Step 1. Load a grayscade (CT scan of chest) image in MATLAB (2020a
software), with asize 255x%255.

Step 2. Add al four above-mentioned noises separately to the loaded image.

Step 3. Apply all four filters separately to the images present in step 2.

Step4d. Apply wavelet transform ((DWT), sym4, coif2, db2 and biorl.5) to al the
images present in step 3 at decomposition level 3.

Step 5. Apply Thresholding (gbl) to the detailed coefficients of matrices present
in step 4.

Step 6. Apply Inverse Discrete Wavelet Transform (IDWT) to the matrices
present in step 5. Finaly, we get synthesized (reconstructed) images and we find
out results between original and synthesized images on the bases of MSE, SNR,

and PSNR.
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The flow chart of the above algorithm is shown below;
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Fig.2.6: A flow Chart of the Algorithm

2.10 Table Analyses of MSE, SNR, and PSNR valuesfor | mage Denoising

Gaussian filter with wavelet Median filter with wavelet
Image (symd) (sym4)
MSE SNR PSNR MSE SNR PSNR
Gaussiannoise | 222.7798 | 18.0714 | 24.6905 | 367.5120 | 15.8974 | 22.5120
Poisson noise 218.1478 | 18.1627 | 24.7773 | 368.4742 | 15.8861 | 22.5007
Salt & pepper noise | 215.9369 | 18.2069 | 24.8215 | 366.2468 | 15.9006 | 22.5152
Speckle noise 216.5448 | 18.1947 | 24.8093 | 362.0227 | 15.9628 | 22.5774

Table no.2.1: Gaussian Filter with sym4, Median Filter with sym4
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Fig.2.7: Gaussian Filter with sym4
23
222.3 — —— ——l
215
21
20.5
20
53 ——
181..2 SNR
17.5 =i—=PSNR
17
i — .
151_2 & >—
Gaussian Poissonnoise  Salt &  Specklenoise
noise pepper noise
Fig.2.8: Median Filter with sym4
Guided filter with Wavel et Winner filter with Wavelet
Image (sym4) (sym4)
MSE SNR PSNR MSE SNR PSNR

Gaussian noise

166.777 | 9.5464 | 15.9444 | 63.7052 | 23.5084 | 30.1230

Poisson noise

165.457 | 9.3727 | 15.9873 | 57.2195 | 24.9747 | 30.8694

Salt & pepper noise | 167.714 | 9.3031 | 15.9177 | 54.3127 | 24.2012 | 30.8158

Speckle noise

163.546 | 9.4066 | 16.0212 | 50.6327 | 24.5059 | 30.1205

Table no.2.2: Guided filter with sym4, Winner filter with sym4
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Fig.2.9: Guided Filter with sym4
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Fig.2.10: Winner Filter with sym4

Gaussian filter with Wavelet Median filter with Wavel et
Image (caif2) (coif2)
MSE SNR PSNR MSE SNR PSNR
Gaussian noise 233.6111 | 18.0553 | 24.6699 | 367.7112 | 15.8951 | 22.5097
Poisson noise 219.3934 | 18.1380 | 24.7526 | 367.014 | 15.9137 | 22.5283
Salt & pepper noise | 217.9397 | 18.1669 | 24.7814 | 357.6676 | 16.0154 | 22.6300
Speckle noise 218.0626 | 18.7790 | 24.7790 | 361.2324 | 15.9723 | 22.5869

Table no.2.3; Gaussian Filter with coif2 & Median filter with coif2

24.5 B -~ i d

23
53
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Fig.2.11: Gaussian Filter with coif2
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Fig.2.12: Median Filter with coif2
Guided filter with Wavel et Winner filter with Wavel et
Image (caif2) (coif2)
MSE SNR PSNR MSE SNR PSNR
Gaussian Noise 166.565 | 9.3321 | 15.9468 | 63.4031 | 23.5291 | 30.1437
Poisson Noise 165.456 | 9.3789 | 15.9936 | 70.9913 | 24.6166 | 30.8312
Salt & Pepper Noise | 167.425 | 9.3003 | 15.9149 | 52.8049 | 24.3234 | 30.7381
Speckle Noise 164.102 | 9.3991 | 16.0137 | 50.5920 | 24.5094 | 30.1240

Table no.2.4: Guided filter with coif2 & Winner filter with coif2
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Fig.2.13: Guided Filter with coif2
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Fig.2.14: Winner Filter with coif2
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Image

Gaussian filter with Wavel et
(db2)

Median filter with Wavelet (db2)

MSE SNR PSNR

MSE SNR PSNR

Gaussian noise 227.9909 | 17.9710 | 24.5856

368.145 | 15.8835 | 22.4981

Poisson noise 223.4957 | 18.0575 | 24.6721

367.7662 | 15.8945 | 22.5091

Salt & pepper noise | 221.8690 | 18.0892 | 24.7038

362.2767 | 15.9598 | 22.5744

Speckle noise 221.7060 | 18.7069 | 24.7070

346.457 | 15.9941 | 22.8614

Table no.2.5: Gaussian filter with db2 & Median filter with db2
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Fig.2.15: Gaussian Filter with db2
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Fig.2.16: Median Filter with db2

Image

Guided filter with Wavelet
(db2)

Winner filter with Wavelet
(db2)

MSE NR PSR

MSE SNR PSNR

Gaussian noise 166.600 | 9.3335 | 15.9481

65.3762 | 23.3960 | 30.0106

Poisson noise 165.455 | 9.3644 | 15.9753

60.9272 | 24.5470 | 30.4616

Salt & pepper noise | 166.154 | 9.2966 | 15.9112

51.9088 | 24.3978 | 30.0124

Speckle noise 164.125 | 9.4041 | 16.0187

54.4555 | 24.3956 | 30.0102

Table no.2.6: Guided filter with db2 & Winner filter with db2
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Fig.2.17: Guided filter with db2
31 =
29.5 B —i il
28
262.3 =—SNR
23.5 &[ — ¢ —#-PSNR
22 T T
Gaussian Poisson Salt & Speckle
noise noise  pepper noise  noise

Fig.2.18: Winner filter with db2

Gaussian filter with Wavelet

Median filter with Wave et

Image (biorl.5) (biorl.5)
MSE SNR PSNR MSE SNR PSNR
Gaussian noise 223.3576 | 18.0602 | 24.6748 | 368.6849 | 15.8830 | 22.4982
Poisson noise 218.9749 | 18.1463 | 24.7609 | 364.9486 | 15.9279 | 22.5425
Salt & pepper noise | 216.6532 | 18.1925 | 24.8071 | 357.9440 | 16.0120 | 22.6266
Speckle noise 216.8145 | 18.1893 | 24.8039 | 363.0442 | 15.9506 | 22.5652

Table no.2.7: Gaussian filter with biorl.5 & Median filter with biorl.5

245 4 P——e——

185 T
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noise noise pepper  noise
noise
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Fig.2.19: Gaussian filter with biorl.5
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Fig.2.20: Median filter with biorl.5

Image

Guided filter with Wavel et
(biorl.5)

Winner filter with Wavelet (biorl.5)

MSE SNR PSNR

MSE SNR PSNR

Gaussian noise

166.456 | 9.3417 | 15.9563

64.9217 | 23.4263 30.0409

Poisson noise

164.215 | 9.3659 | 15.9805

59.2671 | 24.8222 30.8368

Salt & pepper noise

164.524 | 9.3075 | 15.9221

52.2470 | 24.3696 30.6842

Speckle noise

161.456 | 9.3984 | 16.0130

59.2972 | 24.4493 31.0639

Table no.2.8: Guided filter with biorl.5 & Winner filter with biorl.5
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Fig.2.21: Guided filter with biorl.5
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Fig.2.22: Winner filter with biorl.5
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2.11 Test Image (Input image) and Synthesized (Output image) | mage
The CT scan of the chest is selected as atest image, asit is used in different research

articles|34],[39],[40] [41].

v
Fig.2.23: Noisy Test Image Fig.2.24: Image Winner filter
(Poisson Noise) and Wavelet (sym4)
2.12 Summary

The whole ssimulation (work) is done through MATLAB (2020a) software. In the given
algorithm we use four simulated noises, four digital image denoising filters, and four
discrete wavelets for CT-scan image denoising. A comparative study was done on image
denoising performance bases. The image denoising performance is based on three
parameters, especially on SNR and PSNR i.e. “Signal Noise Ratio, and Peak Signal to
Noise Ratio”. We say higher is the SNR higher is denoising performance between the
input and denoised image. Each filter with wavelets performs better in terms of CT scan
image denoising. But from table2.2, table2.4, table2.6, and table2.8, the wavelets, i.e.
symd, coif2, db2, and biorl.5 with winner filter perform better in terms of image

denoising on passion simulated noise on the bases SNR values than the rest wavelets.
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Chapter 3
DIGITAL IMAGE DENOISING BY A THRESHOLDING TECHNIQUE AND
WAVELET PACKET TRANSFORMATION

3.1 Introduction

Noise entrance in digital images during capturing, transmission, and storing is a major
concern[42]. Different techniques and methods have been applied to remove the noise
from noisy images[8],[43].The wavelet transform is a well-known method for analyzing
both stationary and non-stationary signalg[44]. It represents the signal in the frequency
domain as well as in the time domain[45]. The key concept behind the wavelet transform
isthat it defines the analyzing signal into 2-categories of coefficienty36]. The higher size
coefficients denote original data, and smaller coefficients denote noise present in it.
These coefficients are generated because the wavelet decomposition is a procedure of
trandation and scaling of a given signal. Scaling means stretching and squeezing the
window function (or wavelet) to detect the sharp spikes, discontinuities and translation
means shifting of window function across the signal on the entire time axis[45].

In this chapter, we denoised a digital image of a cameraman of size
256%x256[46]. First, we applied wavelet transform to decompose the given function
(Image) up to three levels, here we get a threshold value from detailed coefficients, and
then finally we decompose the same function by wavelet packet transform and applied a
threshold value obtained from wavelet transformation. In other words, we applied three
parameters wavelet transform, thresholding, and wavelet packet transform, to remove

noise from the given digital image.
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We have aready discussed wavelets and wavelet transform in first chapter. Here we add
that wavelets have the potential to cut down alarge signal into small pieces or wavelets,
and each piece is then anadyzed with a resolution that matches its
scale[44],[47],[48],[49].

Wavelets are applied for different purposes, like signal compression, smoothing,
sharpening, denoising, etc. It is important to denoise aimost every type of signal. A
wavelet has its shape, identity, and varied characteristics. There is no particular rule for
the selection of wavelets for any signal. Wavelet performance in terms of signal analyses
varied from signal to signal i.e., al wavelets cannot perform better at every time for any
signal.According to the different latest research articles and research trends we have
selected a digital image of a cameraman as a test image which is a non-stationary signal.
Wavelet transform decomposes the input signal into four types of coefficients at a level
first i.e. “approximation coefficient, horizontal coefficients, vertical coefficients, and
diagonal coefficients”. But at a level second, only the approximation part of the signal is
further decomposed. The same process is applied at the next levels until we apply the

inverse wavelet transform[44],[49],[50].

Crpermmmatt ot Imnge (2456 - 25%0) Waveket Decompontiion w Leved )

F|g 3.1: DWT of the Cameraman Image up to level-3
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The different decomposition levels of an input image by DWT are given above,

In the WT process, there is a chance of loss of some information from the same input
signal. But in the case of wavelet packet transform (WPT) which is a generalization of
the wavelet transform, where all the coefficients i.e. ‘“approximation coefficient,
horizontal coefficients, vertical coefficients, and diagonal coefficients” are further

decomposed at each level[47].The tree decomposition of asignal by WPT is given as,

% . T

N ,WMHW

Leevel-1 lereral-2
Fig.3.2: WPD at level-1, level-2, and level-3
The difference between wavelet transform and wavelet packet transform is shown

below[44],[50],[36];
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Fig.3.3: Wavelet and Wavelet Packet Decomposition of the Signal g[n]
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Here gn] is original signal, A[n] is approximation coefficient and D[n] is detailed
coefficients.

In the same chapter, we have used both wavelet transform and wavelet packet transform
separately and finaly use the IWPT to reconstruct the synthesized image for the
denoising purpose.

3.2 Proposed Thresholding Technique

We have already defined a thresholding technique for noise removal in the second
chapter of this thesis. Several types of thresholding techniques like Soft, Hard, Hybrid,
SureShrink, and VisuShrink BayeShrink are utilized to denoise the digita

images| 51][16][38]. The genera thresholding function is defined ag[52];
A(n)=oynlogM)=T ,neN ... (3.1

Here M is the size of the image, 11ke128x128, 240x 240, 256x 256 etc, o is the standard
deviation of the detailed coefficients at finer levels. “It is an increasing function of ‘n’ ”,

let us put n=1, in function (3.1) we “get

A=oylogM) (3.2)

M is the image size, o is variance obtained from detailed coefficients, A or T is called
the threshold value

Put n =2, infunction (3.1), we get

2, =0 \[2log(M)
Here A or T iscaled as Universal or SureShrink threshold[53][36][52]”.

Now, Put= 2, we get
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A=0oy3log™M)
(3.3)

Now applied the above three threshold function A,,4, and A, separately and took the

average threshold valuei.e. Aty +% .

3.3 Proposed method
The whole is work done through MATLAB (2020a) software. The proposed method
consists of the following steps,

1. Load an image of the cameraman with size 256x256 and converted it to a
grayscale image.

2. Theinput image is decomposed by wavelet transform up to level 3.

3. At decomposition level 3 of agiven input image, determine the threshold from the
detailed coefficients by the above-given formula and their average for comparison
purposes in the next step.

4. Now decompose the original image of the cameraman by WPT and apply the
threshold value obtained in step 3.

5. Finally, applying IWPT for the reconstruction of the synthesized image, and

comparing the results of MSE, SNR, and PSNR between input and synthesized
images. Here
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Here f(x,y)is an input image, f(X,Y)is output or synthesized image, 256x256 is a
size of the f (x, y)[36].

The process of the proposed method is shown below;
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Fig.3.4: Flow chart of the above-proposed method.

3.4 Table Data Analysesin terms of SNR and PSNR

Size of the cameraman Image (256x256) Wavelet Transform (Haar)
Threshold value A A, Y3 Average Threshold
c=0.227 0.499 1.549 1.897 1.315

Table no.3.1: Average threshold value obtained by WT (haar) from detailed coefficients
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Wavelet Packet Transform (haar) at A =1.315

MSE

SNR

PSNR

Between the Input and Synthesized
Image of the Cameraman

90.9403

18.1690

28.5895

Table no.3.2: Wavelet Packet Transform (haar) at 4 =1.315

Size of the cameraman Image (256x256)

Wavelet Transform (sym4)

Threshold value

2

z

A

Average Threshold

c=0.2604

0.571

1.773

2172

1.505

Table no.3.3: Average threshold value obtained by WT (sym4) from detailed coefficients

Wavelet Packet Transform (sym4) at 4 =1.505

MSE

SNR

PSNR

Between the Input and Synthesized

Image of the Cameraman

90.3907

18.2440

28.6759

Table no.3.4: Wavelet Packet Transform (sym4) at 4 =1.505

Size of the cameraman Image (256x256) | Wavelet Transform (sym6)
Threshold value A A, 2, Average Threshold
o =10.2463 0.540 1.677 |2.054 1.423

Table no.3.5: Average threshold value obtained by WT (sym6) from detailed coefficients

Wavelet Packet Transform(sym6) at 4 =1.423

MSE

SNR

PSNR

Between the Input and Synthesized
Image of the Cameraman

90.8933

18.2161

28.6036

Table no.3.6: Wavelet Packet Transform (sym6) at 4 =1.423
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Size of the cameraman Image (256x256) | Wavelet Transform (sym3)
Threshold value A A, 2 Average Threshold
0=0.2371 0.520 1.615| 1977 1.370

Table no.3.7: Average threshold value obtained by WT (stm8) from detailed coefficients

Wavelet Packet Transform(sym7) at 4 =1.370
MSE 91.1485
SNR Between the Input and Synthesized 18.2047
Image of the Cameraman
PSNR 28.5679
Table no.3.8: Wavelet Packet Transform (sym8) at A =1.370
Size of the cameraman Image (256x256) | Wavelet Transform (db4)
Threshold value A A, 2 Average Threshold

o =2604 0.571 1733 | 2172 1.505

Table no.3.9: Average threshold value obtained by WT (db4) from detailed coefficients

Wavelet Packet Transform(db4) at 4 =1.505

MSE

SNR

PSNR

Between the Input and Synthesized

90.6363

Image of the Cameraman

18.2357

28.5098

Table n0.3.10: Wavelet Packet Transform (db4) at 4 =1.505

Size of the cameraman Image (256x256)

Wavelet Transform (coif2)

Threshold value

2 4, y8

Average Threshold

c=0.2463

0.540 1677 | 2054

1.423

Table no.3.11:Average threshold value obtained by WT (coif2) from detailed coefficients

Wavelet Packet Transform(coif2) at 4 =1.423

MSE

SNR

Between the Input and Synthesized

PSNR

Image of the Cameraman

90.8420

18.1911

28.5888

Table no.3.12: Wavelet Packet Transform (coif2) at 4 =1.423
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Size of the cameraman Image (256x256) Wavelet Transform (coif5)

Threshold value A A, 2 Average Threshold

c=0.1869 0.410 1.273| 1.559 1.081

Table no.3.13: Average threshold value obtained by WT (coif5) from detail coefficients

Wavelet Packet Transform(coif5) at 4 =1.081

MSE 93.2874
SNR Between the Input and Synthesized 18.0836

Table no.3.14: Wavelet Packet Transform (coif5) at 4 =1.081

Size of the cameraman Image (256x256) Wavelet Transform (bior2.4)
Threshold value A A, 2 Average Threshold
c=0.2561 0.562 1744 2136 1.480

Table no.3.15: Average threshold value obtained by WT (bior2.4) from detail coefficients

Wavelet Packet Transform(bior2.4) A =1.480

MSE 89.6341
SNR Between the Input and Synthesized 18.2308
PSNR Image of the Cameraman 28.6617

Table n0.3.16: Wavelet Packet Transform (bior2.4) at 4 =1.480
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Size of the cameraman Image (256x256) | Wavelet Transform (bior2.6)
Threshold value A A, y3 Average Threshold
c=0.2371 0.520 1.615| 1977 1.370

Tableno.3.17: Average threshold value obtained by WT (bior2.6) from detailed
coefficients

Wavelet Packet Transform(bior2.6) A =1.370

MSE
SNR
PSNR

Between the Input and Synthesized

Image of the Cameraman

90.8283

18.2237

28.6197

Table n0.3.18: Wavelet Packet Transform (bior2.6) at 4 =1.370

Size of the cameraman Image (256x256) | Wavelet Transform (bior2.8)
Threshold value A A, 3 Average Threshold
c=0.2250 0.493 1532 | 1.877 1.301

Table no.3.19: Average threshold value obtained by WT (bior2.8) from detailed
coefficients

Wavelet Packet Transform(bior2.8) 4 =1.301

MSE 90.0804
SNR Between the Input and Synthesized 18.1869
PSNR Image of the Cameraman 28.6725

Table no.3.20: Wavelet Packet Transform (bior2.8) at 4 =1.301
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Size of the cameraman Image (256x256) Wavelet Transform (bior3.3)
Threshold value A A, 2 Average Threshold
6 =0.2604 0.571 1773 2172 1.505

Table no.3.21: Average threshold value obtained by WT (bior3.3) from detailed
coefficients

Wavelet Packet Transform(bior3.3) A =1.505

MSE

SNR

PSNR

Between the Input and Synthesized
Image of the Cameraman

88.0702

18.23801

28.8607

Table no.3.22: Wavelet Packet Transform (bior3.3) at 4 =1.505

average threshold value (4 ) through WPT

MSE, SNR, and PSNR values between the input image and synthesized image at an

S. no | Wavelets
01. haar
02. sym4
03. Ssym6
04. sym8
05. db4
06. coif2
07. coif5
08. bior2.4
09. bior2.6
10. bior2.8
11. | bior3.3

) MSE SNR | PSNR
1315 | 90.0403 | 18.1690 | 28.5895
1505 | 90.3907 | 18.2440 | 28.6759
1423 | 90.8433 | 182116 | 28.6036
Wavelet 1370 | 91.1485 | 18.2047 | 28.5679
Packet
1504 | 90.6363 | 18.2357 | 28.5008
Transform
1423 | 90.8420 | 18.1911 | 28.5888
1081 | 932874 | 18.0836 | 28.4653
1480 | 89.6341 | 18.2308 | 28.6617
1370 | 90.8283 | 18.2237 | 28.6197
1301 | 90.0804 | 18.1869 | 28.6725
1506 | 88.0702 | 18.2780 | 28.8607

Table n0.3.23: MSE, SNR, and PSNR values between the Input and Synthesized Image
through Wavel et Packet Transformation
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Fig.3.6: Graph Comparison of PSNR values of the Eight Wavelets
3.5 Original Image and Synthesized I mage
We choose an image of a cameraman of size 256x256 as our test image because it
is used as a test image in severa research articles[46],[52],[54],[55],[56],[57],[58],[59].
We have denoised it and obtained a synthesized image by applying the above-proposed

method.
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Noisy Cameraman Imag Denoised Cameraman Image

Fig.3.7: Noisy and Denoised Image of Cameraman

3.6 Summary

Here we have proposed an agorithm to denoise a digital image. For digital image
denoising purposes, we have selected an image of a cameraman of size 256x256 as
our test image, which are used in several research articles. Here we observe, higher
the threshold value higher the SNR and PSNR. We know higher the SNR and PSNR
better is signal denoising. Finally a performance comparison of wavelets in terms of
digital image denoising is done. According to the Table no.2.23 and Fig.3.6 the
wavelet bior3.3 performs better at rank-1,sym4 at rank-2,db4 at rank-3,bior2.4 at
rank-4,bior2.6 at rank-5,sym6 at rank-6,sym8 at rank-7,coif2 at rank-8,bior2.8 at
rank-9, haar at rank-10 and coif5 at rank-11 in terms of SNR values. On other side
according to the Table no.2.23 and Fig.3.7 the wavelet bior3.3 performs better at
rank-1, sym4 at rank-2, bior2.8 at rank-3, bior2.4 at rank-4,bior2.6 at rank-5,sym6 at
rank-6,haar at rank-7,coif2 at rank-8,sym8 at rank-9, db4 at rank-10 and coif5 at rank-

11 in terms of PSNR values.
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Chapter 4
ESTIMATED THRESHOLD FOR DIGITAL IMAGE DENOISING THROUGH
WAVELET PACKET TRANSFORMATION

4.1 Introduction

Thresholding is a popular technique applied for digital image denoising. Different types
of signals have been improved by the thresholding technigue in terms of enhancement,
compression, and denoising [60],[61],[62],[63],[64],[65]. The thresholding technique
basically divides the input function (image) into two types of coefficients: High-value
coefficients and Lower value coefficients[66]. Then, it may consider the small
coefficients of the signal are noise (unwanted data) present in it and the rest coefficients
asthereal or original signal. Thresholding is basically a signal-improving technique[65].
There are several ways to select the threshold, depending on the method and process. A
good threshold selection yields better results i.e.,, once we select a perfect threshold,
better results will be produced in terms of signal denoising. In other words, the optimal
threshold value aways performs better in terms of digital image smoothing, edge
preservation, compression, and denoising. Therefore, in digital image processing, the
thresholding technique depends on how the better optimal threshold value or threshold
function is be obtained[67].

Wavelet thresholding or shrinkage is considered to be an advanced technique for digital
image denoising. If we have selected a method for thresholding and have an optimal

threshold or threshold function, we can apply it in the following manner.
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Wavelet Thresholding

s

Threshold
{Thﬂ:&tmld value i -
J Tunction
Universal | Soft - 2 |
Threshold | | Thresholding
Sub-hand Adaptive] | Hard |
Threshold | | Thresholding
Special
Adaprive Threshold

Fig.4.1: Different ways of Thresholding

As dready mentioned in the chapter second thresholding function are of two types i.e.
“hard thresholding and soft thresholding technique[66][65]. In HT all coefficients are put

to O if they are less than the fixed threshold (T), and the rest coefficients are taken

unchanged[53]. It is defined as

W ()= {Wq(t)’ for wol=m 4.1)
0 , otherwise
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Here, T is a fixed threshold. The two functions Wp(t) and V\/q(t) denotes de-noised and

noisy wavelet coefficients. But in soft-thresholding the coefficients less than threshold
value T are set to be zero. The rest essential coefficients are reduced by absolute

threshold value and are shown as;

W (0 = W, OO -T forozT (4.2)

0 , otherwise
Here, sgn is called the signum function, it goes back to one, if the element is bigger than

zero, zero if it is equal to zero, and -1 if it is less than zero. Also, the function Wp(t)

Wp(t) and T are already defined in the above function ”’[16]. Noise present in the signals
can be in additive or multiplicative form[35],[67] i.e.
a(Xy)=pyY)+n(xy) (4.3)

a(X,y)=0Y)xn(xXy) . (4.4)
Here, (X y)denotes the image pixd position, 7(x,y) which is an unwanted signa
(noise) executed (add or multiple) with the original image #(X,y) and created a noisy
imagea(x,y). We have already mentioned in chapter second that various noises entered

in the digital images due to certain reasons, and affect the digital image. Therefore
different methods were adopted to de-noise such noisy images”.

4.2 Noise Shrinkage Functions

In digital image processing, different types of noise shrinkage (reduction) functions are

available. Some of the important functions are mentioned below;
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4.2.1 SureShrink

SureShrink is sometimes called a hybrid of the “Universal threshold[65],[68],[69],[70].
This thresholding technique is based on the principle of Stein’s Unbiased Risk Estimator
(SURE). In other words, while applying soft thresholding it is used to “minimize the
stein’s unbiased risk estimate”. Sometimes it is applied to minimize mean square error
(MSE). The threshold value of t; at each resolution level j of the said used wavelet
transform, it is opted to level-dependent thresholding. The threshold value of SureShrink

(ts) is defined ag[65]”;

t.=mi n(t,c;n J2logn) (4.5)

Thevalue of t in (4.5) is used to minimize “Stein’s Unbiased Risk Estimator (SURE)”’.
4.2.2 BayesShrink

In digital image processing, BayesShrink is a versatile method for image de-noising[69].
It gives thrust on “the minimization Bayesian risk, so it is called BayesShrink. As we
know that the noise is Additive in Nature”. Therefore, a polluted signal is an “Additive
Sum of Original Image and Noisy one”. It can be shown in terms of variances,

2 2 2
o, =0, 10,

4]

Where aalzand aa22 denotes variance of the damaged and original image, while as 0%2

denotes variance of the noise. Therefore the estimated threshold function or Bayesian

threshold is defined as

2

84



Chapter 4: Estimated Threshold for Digital Image Denoising Through Wavelet Packet
Transformation

2
Here, o, is calculated as

2 2 2
o, =ymaX(c, —o

L0 (4.8)
By BayesShrink, we mean to get a better outcome (Image) as well as to de-noise the
smooth region of the image by applying thresholding (“at each sub-band of the wavelet
decomposition”).

4.2.3 VisuShrink

The VisuShrink is another broadly applied method for digital image denoising[69]. “The

value of VisuShrink tV is corresponding to the “standard deviation of the noise”. The

function of the VisuShrink method is defined as;

t, :a«/ZIogn ................. (4.9)

Here, nisthe size of the signal, “sigma called the standard deviation of the noise, and is

calculated ag[69],[70];

o
06745 e

Here, the coefficient W_ix is corresponding to, HL, LH, and HH (“Wavelet Detail

Coefficients)”. “The VisuShrink is especially well identified for providing very soft
improved signals. That is why, because it removes excessive coefficients”[9],[65].

4.2.4 New thresholding function

Here we introduce a new thresholding technique based on global thresholding for digital

image denoising. The threshold value (or sigma value) is obtained from detall
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coefficients (LH, HL, HH) of the image when wavelet transform is applied for
decomposition of the image at finer level-3. The given Thresholding function is defined

below as;

A(n)=o/nlogM /i% ;neN (4.11)

Where n is the number of decomposition levels, M is the size of the original or denoised
image, and the value of ¢ (standard deviation) is calculated by the above function (4.10).
4.3 Proposed Algorithm

The whole simulation (work) is done through MATLAB (2020a) software under these
steps.

Stepl. A grayscale image of Lenaof size (256x256) is taken as atest image.

Step2. Adding (Simulated) Gaussian Noise (0.01) of the above input image.

Step3. Then this digital noisy image is broken down (decomposed) into approximation
and detailed coefficients by various wavelets at level 3.

Step4. Find out threshold value from detailed coefficient at standard deviation (o) by
threshold function.

Step5. For de-noising the noisy digital image, we apply WPT with the threshold obtained
from step 4.

Step6. Now apply IWPT to reconstruct the synthesized (de-noised) image for analysis
pUrposes.

Step?7. Finally, compute the results of SNR and PSNR to measure the de-noising ratio
between the original and synthesized image.

Here, MSE, SNR, and PSNR are calculated by the below formulag] 65],[69];
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Here256x 256 is the size of the input image, it has 0 to 256 gray shades, f (X,y) isan

input noisy image, and f (X, Y) isareconstructed (de-noised) image.

l M-1N-1

yervO DI LCBVRRICRY

=0 y=

Here MSE, SNR and PSNR are caculated as, MSE=

x

2552 d 1 M-1N-1 A 5
PSNR=10x| — an SNR= f(x,y)— f(x, ,
<log, = VPRI

=0 y=

Digital image denoising scheme of this agorithm
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Fig.4.2: Diagram of a Proposed Algorithm

According to several research articles we have selected the Input Image as Lena 256x256

as our test image[55],[56],[57],[58],[59].
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Input Image of Lena Noisy Image of Lena
(256x256) (256x256)

Denoised Image of Lena
(256x256)

Fig.4.3: Input Image, Noisy Image, and Denoised Image of Lena
4.4 . 1mage Denoisng Analysis

Wavelet Packet Transform (haar)
Digital image Simulated Noise variance Threshold
(256x256) Noise Added obtained from Vaue
(HL,LH,HH)
Lena Grayscale | Gaussian Noise (0.01) 27.4277 44.6047

Table no.4.1: Wavelet Packet Transform (haar)

MSE,SNR and PSNR values
Original v/s Denoised Image MSE SNR PSNR
51.6607 | 19.0837 29.6417
Table no.4.2: MSE,SNR and PSNR through WPT (haar) at 1 =44.6047
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Wavelet Packet Transform (db5)
Digital image Simulated Noise variance Threshold
O56% 956 Noise Added obtained from Vaue
(HL,LH,HH)
Lena Grayscale | Gaussian Noise (0.01) 26.2614 42.7079
Table no.4.3: Wavelet Packet Transform (db5)
MSE,SNR and PSNR values
Original v/s Denoised Image MSE SNR PSNR
50.6151 | 20.1456 30.7050

Table no. 4.4: MSE, SNR and PSNR through WPT (db2) at A =42.7079

Wavelet Packet Transform (sym?7)
Digital image Simulated Noise variance Threshold
256x256 Noise added obtained from Vaue
(HL,LH,HH)
Lena Grayscale | Gaussian Noise (0.01) 26.1230 43.4729
Table no.4.5: Wavelet Packet Transform (sym?7)
MSE,SNR and PSNR values
Origina v/s Denoised Image MSE SNR PSNR
49.7908 | 20.2572 30.7763

Table no.4.6: MSE, SNR and PSNR through WPT (sym7) at 4 =43.4729

Wavelet Packet Transform (coif2)
Digital image Simulated Noise variance Threshold
obtained from
256x256 Noise added Vaue
(HL,LH,HH)
Lena Grayscale Gaussian Noise 26.2916 42.4829
(0.01)

Table no.4.7: Wavelet Packet Transform (coif2)
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MSE,SNR and PSNR values
Origina v/s Denoised Image | MSE SNR PSNR
493632 | 20.2910 30.9517

Table no.4.8: MSE, SNR and PSNR through WPT (coif2) at A =42.4829

Wavelet Packet Transform (bior6.8)
Digital image Simulated Noise variance Threshold
O56x256 Noise added obtained from Vaue
(HL,LH,HH)
LenaGrayscale | Gaussian Noise(0.01) 25.8217 41.9924
Table no.4.9: Wavelet Packet Transform (bior6.8)
MSE,SNR and PSNR values
Origina v/s Denoised Image MSE SNR PSNR
50.6065 | 20.1627 30.7895

Table n0.4.10: MSE, SNR and PSNR through WPT (coif2) at 4 =41.9924

MSE,SNR and PSNR values between original and denoised images at
different wavelets
S.no’s. | Wavelets MSE SNR PSNR
1). haar 51.6607 19.0837 29.641
2). db5 50.6151 20.1456 30.7050
3). sym7 49.7908 20.2572 30.7763
4). coif2 49.3632 20.2910 30.9517
5). bior6.8 50.6065 20.1627 30.7895

Tableno.4.11: MSE, SNR and PSNR values of Lena Original and Denoised Image
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Fig.4.4: Line graph of SNR values of Lenalmage
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Fig.4.6: Column graph of both SNR & PSNR values of Lenalmage
45 Summary
In this piece of work, we have selected a digital image of Lena of size 256x 256 as our
test image. We introduce a new thresholding function-based universa thresholding for
the denoising of the above-mentioned image. The selected images are contaminated by

gaussian white noise (GWN @ 0.01). First, we decompose the signal by wavelet
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transform at level-3 to get the value of sigma (o) from detailed coefficients for the new
thresholding function. Applied the wavelet packet transformation for the same image
decomposition at the obtained threshold value for the image noise remova purposes.
Then applied the IWPT at the same decomposition level to the above-decomposed image
by WPT to obtain the reconstructed image or noise-free image. Finally, on the tabulated
data analyses of SNR value between the input and reconstructed images. We analyze
coif2 performs better in terms of image denoising at the first position and sym7 at the
second position. Similarly, the wavelet functions bior6.8, db5, and haar performed better
in terms of digital image denoising at the 3, 4", and 5", positions. On other side the
wavelet coif2, bior6.8, sym7, db5 and haar performs better in terms of PSNR vaues at 1%

2" 3 4™ and 5™, positions simultaneously.
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Chapter 5

IMPORTANCE OF NORM IN A DIGITAL IMAGE DENOISING
5.1 Introduction
We have aready mentioned in the preceding chapters of this thesis that digital images are
a big source of information in different areas. In the modern world, digital images are
captured and transferred at a very high speed for various purposes. However, various
technical faults and human negligence, digital images may be corrupted by the wrong
angle of the camera while capturing it. Sometimes these may catch noise (unwanted
signal) by capturing them under poor lighting or at night[71],[72]. It may be corrupted
due to the installed camera sensors like, “charge-coupled device (CCD), complementary
metal oxide semiconductor (CMOS), eectron-multiplying charge-coupled device
(EMCCD), back-illuminated CMOS,” etc.[73],[74]. Here we discuss some basic reasons
for the corruption of digital images[72]. But there are other severa reasons behind the
corruption in digital images[72],[75]. Therefore, noise removal from these noisy images
isone of the challenging task for the researcher and experts. The various research articles,
clearly show that digital image denoising is a major trend in modern research[75].
Different approaches and techniques have been adopted to make them noise
freg[72],[76].
5.2 Digital Noise Addition
Usualy, we insert different types of simulated noises in the input images for image
denoising purposes[72]. As we have mentioned above, that digital image catches noise

due to certain reasons. These noises may affect the part or the whole image and is a big
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challenge for researchers to remove them. In this chapter, we have selected Gaussian
White Noise (GWT=0.003) as our simulated noise[72],[76],[77]. For denoising of the
digital image, we insert selected ssimulated noise in the selected digital image at step3,
according to our proposed algorithm. Mathematically can be defined a[77],[6],[72];

gx,y)=f(x,y)+h(xy) (5.1

ag(x,y)=f(x,y)+0003 (5.2
Here h(X, y) gaussian noise f (X, y) isthe original noise and g(x, y) isanoisy image.
In the same way, we can multiply the same noise to the given input signal, i.e.

agx,y)=f(x,y)xh(xy)
(5.3

g(x,y)=f(x,y)x0003 (5.4
5.3Norm

Mathematically, a Norm is a function that gives an absolute (non-negative) value to each
vector (of any dimension) from a real or complex space. According to the literature,
various types of norms are available for different purposes. It is sometimes used to
calculate the distance between the coordinates or calculate the whole variation between
two images[57],[43]. In this chapter of our thesis, we have used 1- Norm and 2-Norm as
a tool to check out the variation between the noisy and the synthesized digital images
through the proposed agorithm. If we have a 256 x 256 image it means there are 65536
dimensions or pixels in this image. So here norm may calculate the square root of the
squares or pixels. The 1-Norm and 2-Norm are defined below as;

5.3.1 1-Norm
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IV, =]+ Yl Vsl + Ve oot |yl MEZ (5.10)

Here | || (double mod) represents the notation of the Norm, | | represents modulus which

provides only positive values to each vector and |y|, is called 1-Norm. It is sometimes

denoted by L* norm or ¢* norm which may calculate the total variation between the two
images or measure the added average variation.

5.32 2-Norm

This Norm is identified by different names like Euclidean norm, L? norm, (> norm or
square norm etc. Sometimes it is a “square root of the inner product of a vector” with

itself. Thisnorm is mathematically defined as;

I, =AY ot Y n€Z (5.11)

5.3.3 Propertiesof Norm

There are various properties of the Norm, but some important are mentioned below as;

[¥I=0

ly|=0iff y=0, hereOisa 0 (vector).

ltyl|=[t/|¥], tisascalar quantity and |t| isthe modulus of t, which gives astrictly

positive value.

Iz+ ] <[7+|¥| (Triangular Inequality)
5.4 Proposed Algorithm
The digital image denoising is done under certain steps;

1) Load adigital imagein MATLAB 2020a software.
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2) Convert the input image into a grayscale image
3) Addasimulated noise (gaussian noise@ 0.003)
4) Apply the wavelet transform to decompose the input image at up to level-5, also
applying the threshold (gbl) obtained from detailed coefficients at each level.
5) Finally, applying the Inverse Wavelet Transform to reconstruct the denoised
digital image or to obtain the synthesized image at each level.
5.5 Denoising Perfor mance Parameters
Once we select our test image and compl ete our image denoising process, we may
obtain synthesizes image (noise-free image). Then we need to check the quality
performance between our input image and output image (synthesized image). There are
several parameters applied for the same purpose like MSE, PSNR, SNR, etc[76]. We
have aso introduced another parameter to check denoising performance between input

and output digital images.

Here;
“ SNR=10Iog{Z ST (oY) Zz[f(x,y)—f(x,y)ﬂ ................ (55)
+ MSE:MlNZl[f(x, y)-f(xy)] /M N (5.6)
+ PSNR=10l0g10(Max?/MSE) = 20l0og10(Max ) —1010g(MSE) ...cvvvvveeeee. (5.7)
+ 1-Norm= Max (Sum (abs (Origina Image-Synthesized Image))) ............... (5.8)
+ 2-Norm =Max (sgrt (sum (abs (Original —Synthesized))?) ..o, (5.9)
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Here f (X, y)isan input image, f (X,Yy) isasynthesized image, Max; is the maximum
value in the signal i.e. if we have a digital image of size 256x 256, then Max;- 256
and (Max;) %= (256)* Also Max in equation (5.8), (5.9) means the fluctuation of pixel
values between the input and output images.

The digital image denoising scheme of this algorithm is shown below;

f ) . ] Apply /
Ad:! Huue_ | DWT with f
| (Gaussian anu}lll' "" Threshold

o

t E——

/ - PPy
glmatiey )  Latdina
' e [ Reconstruct y

{ ag [ -
|I. 'h:l'uTl' = -'II ll Iw; .'.lll
[¥ 1-Norm Output
II::II;;: ?.-Hnt‘l‘ll Imagt

Fig.5.1: Diagram of the Proposed Algorithm

5.6 Table Analyses of the Results
Wavelet Transform (db2) with thresholding (gbl) obtained from detailed coefficients
Input Image (Barbara I mage) of size 512x 512

Decomposition Levels L L, L, L,

SNR 18.5133 | 17.5905 16.5987 16.0952
1-Norm (N,) 6944 7862 7841 8993

2-Norm (N,) 208.5138 | 261.0268 | 260.1826 269.8222

Table no.5.1: SNR, 1-Norm, and 2-Norm values using wavelet (db2) at different
decomposition levels of Barbara Image
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Wavelet Transform (sym5) with thresholding (gbl) obtained from detailed coefficients

Input Image (Barbara I mage) of size 512x 512

Decomposition Levels L L, L, L,
SNR 18.6542 | 17.6192 16.9241 16.4239
1-Norm (N,) 5910 1249 7820 7938
2-Norm (N,) 219.0183 | 245.4384 | 262.0868 265.1424

Table no.5.2: SNR, 1-Norm, and 2-Norm values using wavelet (symb5) at different
decomposition levels of Barbara Image

Wavelet Transform (coif4) with thresholding (gbl) obtained from detailed coefficients

Input Image (Barbara I mage) of size 512x512

Decomposition Levels L, L, L, L,
SNR 18.6721 17.6449 | 16.9814 16.4589
1-Norm (N,) 5997 7360 7747 8197
2-Norm (N,) 223.3449 | 231.3979 | 257.6645 | 266.4714

Table no.5.3: SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at different
decomposition levels of Barbara Image

Wavelet Transform (bior2.4) with thresholding(gbl) obtained from detailed coefficients

Input Image (Barbara I mage) of size 512x512

Decomposition Levels L, L, L, L,
SNR 18.5057 | 17.6601 17.1460 16.7995
1-Norm (N,) 7681 7573 7678 8235
2-Norm ('N,) 210.7724 | 252.7251 | 269.2341 275.5086

Table no.5.4: SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at different

decomposition levels of Barbara Image

98




Chapter 5: Importance of Normin a Digital Image Denoising

SNR values between the original and denoised images (Barbara I mage) at various
decomposition levels

Four levelsof | Wavelet (db2) | Wavelet (sym5) | Wavelet(coif4) | Wavelet(bior2.4)
SNR SNR SNR SNR
Decomposition
L, 18.5133 18.6542 18.6721 18.5057
L, 17.5905 17.6192 17.6749 17.6601
L, 16.5987 16.9241 16.9814 17.1460
L, 16.0952 16.4239 16.4589 16.7995

Table no.5.5: SNR values using different wavelets for Barbara Image at different

decomposition levels
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>
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Fig.5.2: SNR values of four wavelets at different

decomposition levels of Barbara Image
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1-Norm ('N,) and 2- Norm (N, ) between the original and denoised images (Barbara
I mage) at various decomposition levels

Four levels of Wavelet (db2) | Wavelet (sym5) | Wavelet (coif4) | Wavelet (bior2.4)
Decomposition
Nl N 2 Nl N 2 Nl N 2 Nl N 2
L, 6944 | 208.5138 | 5910 | 219.0183 | 5997 | 223.3449 | 7681 | 210.7724
L, 7862 | 261.0268 | 7249 | 245.4384 | 7360 | 231.3979 | 7573 | 252.7251
L, 7841 | 260.1826 | 7820 | 263.0868 | 7747 | 257.6645 | 7678 | 269.2341
L, 8993 | 269.8222 | 7938 | 265.8101 | 8197 | 266.4714 | 8235 | 275.5086

Table no.5.6:1-Norm and 2- Norm between the original and denoised images of Barbara

Image
1-Norm (N,)
Decomposition Levels (db2) (symb) (coif4) (bior2.4)
Ly 6944 5910 5997 7681
L, 7862 7249 7360 7573
Ls 7841 7820 7747 7678
Ly 8993 7938 8197 8235

Tableno.5.7: 1-Norm values for different wavelets at different decomposition levels of

Barbara Image
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Fig.5.3: 1-Norm of four deferent wavelets at different
decomposition levels of Barbara Image
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2- Norm (N,)
Decomposition Levels (db2) (symb) (coif4) Bior2.4
L 208.5138 219.0183 223.3449 | 210.7724
L, 261.0268 245.4384 231.3979 | 252.7251
L, 260.1826 263.0868 257.6645 | 269.2341
L, 269.8222 265.8101 266.4714 | 275.5086
Table no.5.8: 2-Norm for different wavelets at different levels of Barbara Image
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5.4: 2-Norm of four deferent wavelets at different
decomposition levels of Barbara Image

Wavelet Transform (db2) with thresholding (ghl) obtained from detailed coefficients

Input Image (House I mage) of size 256x 256

Decomposition Levels L, L, L3 La
SNR 24.5304 | 23.6955 22.2280 21.4642
1-Norm (N,) 3065 5011 6237 6969
2-Norm (N,) 180.0805 | 203.7548 | 205.0293 208.3795

Table no.5.9: SNR, 1-Norm, and 2-Norm values using wavelet (db2) at different

decomposition levels of House Image
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Wavelet Transform (sym5) with thresholding(gbl) obtained from detailed coefficients

Input Image (House I mage) of size 256 x 256

Decomposition Levels Ly L, L3 Ly
SNR 25.3318 25.0354 | 23.2804 22.2595
1-Norm (N,) 4980 5176 5870 6370
2-Norm (N,) 176.1448 | 202.3734 | 203.6050 | 206.9807

Table no.5.10: SNR, 1-Norm, and 2-Norm values using wavelet (symb) at different

decomposition levels of House Image

Wavelet Transform (coif4) with thresholding (ghl) obtained from detailed coefficients

Input Image (House I mage) of size 256 x 256

Decomposition Levels L, L, Ls La
SNR 25.3434 | 24.7842 23.0369 22.0753
1-Norm (N,) 4583 5898 5996 6010
2-Norm (N,) 199.2561 | 202.3018 | 202.9000 206.7801

Tableno.5.11: SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at different
decomposition levels of House Image

Wavelet Transform (bior2.4) with thresholding(gbl) obtained from detailed coefficients

Input Images (House | mage) of size 256 x 256

Decomposition Levels Ly Lo L3 Ly
SNR 24.8597 | 24.6245 23.4488 22.8087
1-Norm (N,) 2997 3600 3697 3710
2-Norm ('N,) 174.1608 | 195.4047 | 196.5310 198.5331

Tableno.5.12: SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at different

decomposition levels of House Image
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SNR values between the original and denoised images (House | mage) at various
decomposition levels
Four levelsof | Wavelet (db2) | Wavelet (sym5) | Wavelet(coif4) | Wavelet(bior2.4)
Decomposition SNR SNR SNR SNR
L, 24.5304 25.3318 25.3434 24.8597
L, 23.6955 25.0354 25.7042 24.6245
L, 22.2280 23.2804 23.5369 23.4488
L, 21.4642 22.2595 22.7753 22.8087

Table no.5.13: SNR values using different wavelets for House Image at different

decomposition levels

D \b‘
Q Cadd
&

\)

—Wavelet (db2) SNR

=l—\Wavelet (sym5)
SNR

Wavelet(coif4)
SNR

=>=\Navelet(bior2.4)

SNR

Fig.5.5: SNR values of four wavelets at different
decomposition levels of House Image

1-Norm (N,) and 2- Norm (N, ) between the original and denoised images (House | mage) at
various decomposition levels

Wavelet (db2) | Wavelet (sym5) | Wavelet (coif4) | Wavelet (bior2.4)
Four levels of
Decomposition | N, N, N, N, N, N, N, N,
L, 3065 | 180.0805 | 4980 | 180.0805 | 4583 | 199.2561 | 2997 | 174.1608
L, 5011 | 203.7548 | 5176 | 203.7548 | 5898 | 202.3018 | 3600 | 195.4047
L, 6237 | 205.0293 | 5870 | 205.0293 | 5996 | 202.9000 | 3697 | 196.5310
L, 6969 | 208.3795 | 6370 | 208.3795 | 6010 | 206.7801 | 3710 | 198.5331

Table no.5.14:1-Norm and 2- Norm between the original and denoised images of House

Image
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1-Norm (N,)
Wavelet Decomposition (db2) (symb) (coifd) | (bior2.4)
Levels
L, 3065 4980 4583 2997
L, 5011 5176 5898 3600
L, 6237 5870 5996 3697
L, 6969 6370 6010 3710

Table no.5.15: 1-Norm values for different wavelets at different
decomposition levels of House Image
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i

Fig.5.6: 1-Norm of four deferent wavelets at different
decomposition levels of House Image

2- Norm (N,)
Wavelet Decomposition Levels (db2) (symb) (coif4) Bior2.4
L 180.0805 176.1448 | 199.2561 | 174.1608
L, 203.7548 202.3734 | 202.3018 | 195.4047
L, 205.0293 203.650 | 202.9000 | 196.5310
L, 208.3795 203.9807 | 206.7801 | 198.5331

Table n0.5.16: 2-Norm values for different wavelets at different decomposition levels of

House Image
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Fig.5.7: 2-Norm of four deferent wavelets at different

decomposition levels of Barbara Image

Wavelet Transform (db2) with thresholding (ghl) obtained from detailed coefficients

Input Image (Author I mage) of size 256 x 256

Decomposition Levels L, L, Ls L4
SNR 22.2954 | 20.4288 19.2570 18.7391
1-Norm (N,) 2516 2632 2884 3030
2-Norm (N,) 139.7891 | 148.5879 | 163.3524 165.5600

Tableno.5.17: SNR, 1-Norm, and 2-Norm vaues using wavelet (db2) at different
decomposition levels of Author Image

Wavelet Transform (sym5) with thresholding (gbl) obtained from detailed coefficients

Input Image (Author Image) of size 256 x 256

Decomposition Levels L1 Lo L3 La
SNR 22.7575 20.8172 | 19.6321 19.0792
1-Norm (N,) 1792 2175 2744 3152
2-Norm (N,) 140.2712 | 151.4265 | 163.3952 | 168.2260

Table no.5.18: SNR, 1-Norm, and 2-Norm values using wavelet (symb) at different

decomposition levels of Author Image
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Wavelet Transform (coif4) with thresholding (ghl) obtained from detailed coefficients

Input Image (Author I mage) of size 256 x 256

Decomposition Levels Level 1 Level 2 | Level 3 Level 4
SNR 22.8036 | 20.8845 | 19.6518 19.0600
1-Norm (N,) 1882 2502 2702 28.26
2-Norm (N,) 139.8285 | 147.3839 | 161.1087 | 167.2393

Table no.5.19: SNR, 1-Norm, and 2-Norm values using wavelet (coif4) at different
decomposition levels of Author Image

Wavelet Transform (bior2.4)with thresholding(gbl) obtained from detailed coefficients

Input Image (Author I mage) of size 256x 256

Decomposition Levels L, L, Ls La
SNR 22.5169 21.0364 | 20.1910 19.8172
1-Norm (N,) 2376 2826 2989 3027
2-Norm (N,) 142.5693 | 146.4138 | 154.3470 155.3158

Table no.5.20: SNR, 1-Norm, and 2-Norm values using wavelet (bior2.4) at different

decomposition levels of Author Image

decomposition levels

SNR values between the original and denoised image (Author 1 mage) at various

Four levelsof | Wavelet (db2) | Wavelet(sym5) | Wavelet(coif4) | Wavelet(bior2.4)
Decomposition SNR SNR SNR SNR
L, 22.2954 22.7575 22.8036 22.5169
L, 20.4288 20.8172 20.8845 21.0364
L, 19.2570 19.6321 19.6518 20.1910
L, 18.7391 19.0792 19.0900 19.8172

Table no.5.21: SNR values using different wavelets for Author Image at different

decomposition levels
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Fig.5.8: SNR values of four wavelets at different

decomposition levels of Author Image

1-Norm (N,) and 2- Norm (N, ) between the original and denoised image (Author I mage)
at various decomposition levels

Wavelet (db2) | Wavelet (sym5S) | Wavelet (coif4) | Wavelet (bior2.4)
Four levels of
Decomposition | N, N, N, N, N, N, N, N,
L, 2516 | 139.7891 | 1792 | 140.2712 | 1882 | 139.8285 | 2376 | 142.5693
L, 2632 | 148.5879 | 2175 | 151.4265 | 2502 | 147.3839 | 2826 | 146.4138
L, 2884 | 163.3524 | 2744 | 163.3952 | 2702 | 161.1087 | 2989 | 154.3470
L, 3030 | 164.5600 | 3152 | 168.2260 | 2826 | 167.2393 | 3027 | 155.3158

Table no.5.22:1-Norm and 2- Norm between the original and denoised images of Authors

Image
1-Norm (N,)
Wavelet Decomposition Levels (db2) (sym5) | (coifd) (bior2.4)
L 2516 1792 1882 2376
L, 2632 2175 2502 2826
L, 2884 2744 2702 2989
L, 3030 3152 2826 3027

Table n0.5.23: 1-Norm values for different wavelets at different decomposition levels of

Author Image
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Fig.5.9: 1-Norm of four deferent wavelets at different

decomposition levels of Author Image

2-Norm (N,)
Wavelet Decomposition Levels (db2) (symb) (coif4) Bior2.4
L 139.7891 140.2712 | 139.8285 | 142.5693
L, 148.5879 151.4265 | 147.3839 | 146.4138
L, 163.3524 163.3952 | 161.1087 | 154.3470
L, 164.5600 168.2260 | 167.2393 | 155.3158

Table no.5.24: 2-Norm values for different wavelets at different decomposition levels of

Author Image
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Fig.5.10: 2-Norm of four deferent wavelets at different

decomposition levels of Author Image
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5.7 Input Digital Images (or Test Images) and Denoised Digital | mages

Here we have selected Barbara and House digital image as our test images.
Because these images are used in different research papers for the same purpose and we
have downloaded it online at the below links;

https://www.researchgate.net/figure/Barbara-256-256-M odel -with-8-possi bl e-angl es-

LeftLinearmodel 14730 _figl0 220411352” “https://www.researchgate.net/profile/Guodo

ngY e/publication/337655573/figure/figd/AS:1086065335115779@1635949562478/ T est-
result-a-plai n-image-of -house-b-carrier-image-of -l andscape-c-secret-image.jpg”’[ 78] .
Here author selected his own digital image as third test image. Finaly, the denoised

images of these test images are given below as.

Denoised Image

Fig.5.11: Barbara Digital Image and Synthesized Image
Original Image Noisy Image Denoised Image

Fig.5.12: House Digital Image and Synthesized Image
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Denoised Image
R ‘N't?\'
i e e

Fig.5.13: Author Digital Image and Synthesized Image

5.8 Summary

Like the previous chapters of this thesis, the whole work is done through
MATLAB 2020a software under the steps of the proposed algorithm and performance
parameters. Each digital image has its own properties and noises in it. So the true digital
image denoising depends on the property of the selected digital image, the noise present
in it, and the selected wavelet function. To denoise the digital images we have an open
choice to sdlect the decomposition level and obtain the threshold values at any
decomposition level. With the help of wavelet transform we have decomposed each
selected digital image up to four levels and used a global threshold at each level for
image denoising. To check the digital image denoising by wavelets at each level, we
select denoising performance parameter SNR.
From above table and figure i.e. Table no.5.5 and Fig.5.2 clearly shows each wavelet
performs well at each level in terms of denoising of digital image of Barbara. And the
table and figure i.e. Table no.5.13,and Fig.5.5 visualize each wavelet perform well in
terms of denoising of test image of House. Also the Table no.5.21 and Fig.5.8 shows the

better performance of each wavelet at each level for atest image of Author.
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As mentioned above each wavelet performs better in terms of image denoising
for each test image, but wavelet coif4 for some extent performs better than other
wavelets.

On other side the variation parameter Norm shows the increasing variation between the
original and denoised images. Both norms show better results in good way. The result of
1-norm for the Barbara, House and Author digital image is shown by the tables and
figures i.e. Table no.5.6, Table no.5.15, Table no.5.23 and Fig.5.3, Fig.5.6, Fig.5.9.
Which clearly show the variation between the input and output images increased from
level to level. Also, from the above tables and figures i.e. Table no.5.8, Table no.5.16,
Table no.5.24 and Fig.5.4, Fig.5.7, Fig.5.10, the 2-Norm to the input and output of the
tests images of Barbara, House and Authors too shows variation among the input and

output images increased from each wavelet decomposition level.
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In this research, we demonstrate digital image denoising algorithms based on wavelet
transformations and other severa parameters to denoise grayscae images. Each
parameter is defined in each proposed algorithms separately and the basic manua
mathematical calculations were performed for different parameters before executing the
algorithm.

Different grayscale digital images used in different research articles are used as test
images for denoising motives, such as CT scan of the human chest, Cameraman, Lena,
Barbara, and House images. Irrespective of these images, the author used his own
grayscale digital image as a test image for the same purpose. The simulation for image
denoising was performed in MATLAB using its wavelet analyzer and our own MATLAB
programs. After that, a comparative study of the parameters used in these algorithms is
performed using prominent performance parameters and other statistical terms.

The conclusion of thisthesisis defined in a chapter-wise manner as,

Chapter 1: In this chapter abrief introduction of transformation is presented. A detailed
review of relevant literature was conducted. Different techniques, approaches, methods,
and algorithms have been noted. It has been noted that wavelet transformation plays a
significant role not only in image denoising but is used for other purposes, such as image
compression, image edge detection, image segmentation, image smoothing and
sharpening, image spike and discontinuity detection, and image enhancement. In this
chapter, the approach employed to accomplish the various stated objectives is covered. It

largely covers the existence and applicability of wavelet theory, various wavelet
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functions, transformations, and the works involved in using wavelet functions to
approximate an image. Wavelet packet transformation, inverse wavelet packet
transformation, and multiresolution analysis (MRA) are discussed for signal analysis.
Different programs were discussed for how to load images in MATLAB for denoising
purposes. Further, the objectives of this research were developed in consideration of the
available literature review. The future scope and organization of thisthesisis summarized
at the end of this chapter.

Chapter 2: The primary focus of this chapter is on the denoising digital image in detail .
A CT-scan image of human chest is taken as test image for denoising and loaded it in
MATLAB (2020a) software. The denoising and analyses of digita image is done
according to proposed algorithm. Here, the input image was passed through four filters
for denoising after being added to four synthetic noises. Then denoising of digital image
is further done through wavelet transformation (DWT) and thresholding technique (gbl).
The synthesized CT scan image was obtained by inverse wavelet transformation (IDWT).
At end it was found that the denoising of digital image by wavelets i.e. sym4,coif2,db2
and biorl.5 with winner filter on poisson simulated noise performs better than other
wavelets and filters.

Chapter 3: The agorithms proposed in this chapter mostly focus on the threshold
function A(n)=oy/nlog(M)=T ,neNfor generalization. The digita image of

cameraman is selected as test image and is decomposed up to level 3 by wavelet
transformation. A denoising performance comparison is laid down for eleven wavelet

function on the bases of signal noise ratio and peak signal noise ratio. This comparison is
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shown in terms of SNR, the average of three SNR values that were independently
acquired using the soft thresholding technique and the given mathematical methods. It is
shown that each wavelet performs better in terms of digital image denoising. Finally, the
wavelet function bior3.3, in comparison with the other wavelet functions chosen for
image denoising, performs better in terms of image denoising.

Chapter 4: In this chapter adigital image of Lenais taken as test images. The estimated
threshold value is obtained from detailed coefficients at level three by genera
thresholding function for digital image denoising. Then the wavelet packet
transformation with obtained threshold values is applied for digital image denoising at
level-3.Finally, on the tabulated data analyses of SNR value between the input and
reconstructed images. We analyze coif2 performs better in terms of image denoising at
position first and sym7 at second position. Similarly, the wavelet functions bior6.8, db5,
and haar performed better in terms of digital image denoising at the 3", 4™ and 5™,
positions.

Chapter 5: In this chapter, the importance of the norm parameter in digital image
denoising is discussed. The proposed approach also makes use of several parameters.
Here we select three test images i.e. Barbara, House and Author digital image for
denoising purposes. At the beginning the gives test image is decomposed by severd
wavelet functions at level-3. The threshold value is obtained from detailed coefficients of
aimage by thresholding function (gbl) for denoising of digital image. Additionally, the 1-
Norm and 2-Norm expresses that all wavelet functions used gives better denoising

performance and check out fluctuation increased amongth  einput and output images.
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Conclusion

We find after each level of decomposition the denoising performance decreases gradually
and fluctuation among then images increases rapidly. Finaly, we observe each wavelet
performs better in terms of image denoising, but coif4 for some extent performs better

than other wavelet functions for all selected test images.
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Futur e Scope of this Research Work

In this thesis, we aim to study denoising of digital images, especially grayscale digital
images.
We extended our research to denoise other digital images, like RGB, Binary, Black
and white etc.
The latest literature clearly shows that the wavel et transformation is a best tool for not
only digital image analyses but also for the analysis of other different types of signals
It can be further extended in future works to denoise other types of signals, such as
Biological Signas, Seismic Signals, and Musical Signals.
We can a so enhance the methodology of the wavelet transform by selecting good
and perfect wavelet decomposition levels for a clear and broader analysis of different
signals.
One more key areafor research that can enhance wavelet methodology is the
selection of perfect threshold functions or threshold values.

Thiswork can be further extended to an important version of the wavelets called
curvelet transformation, by which we can hold the information in asignal at the curve

point, which is not retained by wavel et transformation
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