EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hostélkova, A. Prochazka

EDGE DETECTION IN BIOMEDICAL
IMAGES

Table of Contents

Eva Hostalkova & Ale$ Prochazka

Institute of Chemical Technology in Prague
Dept of Computing and Control Engineering
http://dsp.vscht.cz/

ICT PRAGUE

Process Control 2008, Kouty nad Desnou



Table of Contents

EDGE DETECTION IN
BIOMEDICAL IMAGES

© Introduction

Table of Contents



Table of Contents

EDGE DETECTION IN
BIOMEDICAL IMAGES

© Introduction
Table of Contents
© Image Denoising
@ Analytic Wavelets
@ Directional Selectivity
© DWT versus DTCWT
@ Denoising Technique



Table of Contents

EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hostalkové, A. Prochazka .
© Introduction
Table of Contents
© Image Denoising
@ Analytic Wavelets
@ Directional Selectivity
© DWT versus DTCWT

@ Denoising Technique

© Edge Detection
@ Gradient Masks
o Canny Edge Detector
o Hidden Markov Models (HMM)



Table of Contents

EDGE DETECTION IN
BIOMEDICAL IMAGES

© Introduction
Table of Contents
© Image Denoising
@ Analytic Wavelets
@ Directional Selectivity
© DWT versus DTCWT
@ Denoising Technique

© Edge Detection
o Gradient Masks
o Canny Edge Detector
o Hidden Markov Models (HMM)

@ Conclusions



Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

Image Edges
rerirsten @ Most important for image
Image Denoising percept|0n
- @ Abrupt changes of intensity
e High frequencies

Denoising Technique

Edge Detection
Gradient Masks
Canny Detector
HMM

Conclusions

Further Reading




Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hostélkové, A. Prochézke [l |Mage Edges (@ sawp o6z
N " 200
e @ Most important for image 150
1 2z
Image Denoising peFCeptIOn % 100
Analytic Wavelets 0 g <
5 o @ Abrupt changes of intensity %
irectional Selectivity
DWT versus DTCWT o ngh frequencies ol - L - 1
Denoising Technique pixels
Edge Detection 200 (b) BLURRED EDGE
Gradient Masks
Canny Detector 150
HMM z
2 100
Conclusions £
50
Further Reading
% 10 20 30 2
pixels
(c) BLURRED & NOISY EDGE
200
150
z
2 100
2
50
0
o 10 20 30 2
pixels
y




Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

Image Edges (&) SHARP EDGE
200

—— @ Most important for image 150
. 2z
Image Denoising peFCeptIOn % 100
- @ Abrupt changes of intensity %
DWT versus DTCWT ° ngh frequencies o m - = o
Denoising Technique y pixels
Edge Detection 200 (b) BLURRED EDGE
Gradient Masks
Methods Used
MM . . 2
i @ Short gradient filters: £ 100
Conclusions . £
. ' o Insufficient for blurred or 50
urther Reading > .
nOISy lmages 00 10 20 30 40
pixels
o Canny detector: (c) BLURRED & NOISY EDGE
200
e More robust against noise 150
o Operating at various scales | £,
@ Hidden Markov Models: %
o In our future work % < 5 5 »
J pixels )




EDGE DETECTION IN
BIOMEDICAL IMAGES

Introduction

Image Denoising
Ana Navelets
Directional Selectivity
DWT versus DTCWT

Denoising Technique

Edge Detection
Gradient Masks
Canny Detector

HMM
Conclusions

Further Reading

Introduction

he Data
@ Magnetic Resonance (MR) images
e Computed Tomography (CT) images

(2) MR BRAIN IMAGE (b) CT BRAIN IMAGE




Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hostélkova, A. Prochazka
e — @ Magnetic Resonance (MR) images
Image Denoising e Computed Tomography (CT) images

(2) MR BRAIN IMAGE

Analytic Wavelets
Directional Selectivity (b) CT BRAIN IMAGE
DWT versus DTCWT

Denoising Technique

Edge Detection
Gradient Masks
Canny Detector

HMM
Conclusions

Further Reading

Preprocessing

o Noise reduction prior to edge detection
@ By wavelet coefficients shrinkage




Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hostélkova, A ochézka

Introduction Denoising Prior to Edge Detection

fmage Densing Wavelet Shrinkage Algorithm:
Analytic W
Jectonal Seecty @ Wavelet decomposition

DWT versus DTCWT

Denoising Technique

@ Thresholding of wavelet coefficients

Edge Detection

 Masks © Reconstruction using the altered coefficients

anny Detector

HMM
Conclusions

Further Reading



Introduction

EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Ho$

Introduction Denoising Prior to Edge Detection

R —— Wavelet Shrinkage Algorithm:

Analytic W
@ Wavelet decomposition

Denoising Technique

@ Thresholding of wavelet coefficients

Edge Detection .
Gradiet Masks © Reconstruction using the altered coefficients

v

Conclusions N
Alternatives of the Wavelet Transform
Further Reading

o Discrete Wavelet Transform (DWT)

@ Dual-Tree Complex Wavelet Transform (DTCWT) by
Prof. Kingsbury and Prof. Selesnick




EDGE DETECTION IN
BIOMEDICAL IMAGES

Introduction

Image Denoising
Analytic Wavelets
Directional Selec
DWT versus DTCWT

Denoising Technique

Edge Detection
Gradient \
Canny Detector

HMM
Conclusions

Further Reading

© Image Denoising
@ Analytic Wavelets




EDGE DETECTION IN
BIOMEDICAL IMAGES

E. Hoktélkovs, A. Prochazka Ideal Complex Wavelet Transform

Introduction @ Employs analytic complex wavelets
e ek @ = Magnitude-phase representation

Analytic Wavelets

Directional Seectivity o Large magnitude = presence of a singularity
OWT versus DTEWT o Phase: its position within the support of the wavelet

Denoising Technique

Edge Detection @ = Shift invariance & no aliasing

Gradient Masks

anny Detector

HMM
Conclusions

Further Reading



EDGE DETECTION IN
BIOMEDICAL IMAGES

Ideal Complex Wavelet Transform

Introduction @ Employs analytic complex wavelets
e ek @ = Magnitude-phase representation

Analytic Wavelets

Directional Seectivity o Large magnitude = presence of a singularity
OWT versus DTEWT o Phase: its position within the support of the wavelet

Denoising Technique

Edge Detection @ = Shift invariance & no aliasing

Gradient Masks

Canny Detector

HMM

Analytic Wavelets

Conclusions

Further Reading A complex wavelet 1¢(t) = 1, (t) +j - 1;(t) is analytic when
its real and imaginary part form a Hilbert transform (HT) pair
L[> (1) 1
() = HT{4,(t)} = = 2 dr =, (t)— 1
wl) =HT =+ [ P ar—un= @

t, 7... continuous time




Analytic Wavelets

EDGE DETECTION IN

EIRMERIEAL (HAE=3 Fourier Transform of a HT Pair
E. Hostélkova, A ochédzka

sodcion Vi(w) = FT{yi(t)} = FT{HT{¢(t)}} = —j-sgn(w)V () (2)
I:a?;D;"ming w ... frequency; j... the complex unit

Directional Selectivity

DWT versus DTCWT

Denoising Technique

Edge Detection
t Masks
anny Detector

HMM
Conclusions

Further Reading



Analytic Wavelets

EDGE DETECTION IN

EIRMERIEAL (HAE=3 Fourier Transform of a HT Pair
E. Hostalkova, A. Prochazka
Vi(w) = FT{ei(t)} = FT{HT {4, (t)}} = —j-sgn(w)¥,(w) (2)

w... frequency; j... the complex unit

Introduction

V.

Single-Sided Spectrum as a Consequence

e Detection

nt Mu:: \UC(L{)) = wr(w) + sgn(w)\U,(w) (3)
0 for w < 0
Conclusions wc(w) _ \Ur(w) forw =20 (4)

Further Reading

2V, (w) otherwise

<




Analytic Wavelets

EDGE DETECTION IN

BIOMEDICAL IMAGES Fourier Transform of a HT Pair

BN () = FT(i(1)) = FT{HT(6,(0)}} = —j-sgn()¥,(w) (2)

Image Denoising Lo .
WA w ... frequency; j... the complex unit
Directional Selectivity

DWT versus DTCWT

v
e T Single-Sided Spectrum as a Consequence

Edge Detection

Grade , asksr \Ilc(w) = wr(w) + Sgn(w)wr(W) (3)
0 forw <0
Conclusions wc(w) _ Wr(w) forw =20 (4)

Further Reading

2V, (w) otherwise

v
Implications

@ No aliasing = shift invariance

@ Impossible for wavelets of compact support = only
approximately analytic




Analytic Wavelets

EDGE DETECTION IN

BIOMEDICAL IMAGES y Spectra of a Real and alytic el
E.H c

(a) Db~7 REAL WAVELET (b) Db=7 WAVELET: DFT
Introduction 1
0.06
Image Denoising 0.04 e) 0.8 ¥ (@)
Analytic Wavelets @
. " 0.02 206
irectional Selectivity 2
0 c
DWT versus DTCWT o4
Denoi _ -0.02 s O
enoising Technique
-0.04 0.2
Edge Detection
-0.06
Gradient Masks
- 50 100 150 200 -0.5 0 0.5
Canny Detector time o2
HMM
(c) Q-SHIFT COMPLEX WAVELET (d) Q-SHIFT WAVELET: DFT
Conclusions -
o2k W (B [=w_(£)+3y, (£) | s [P (@) [=]¥_(@)+5¥ (o) |
Further Reading
L6
2
E
&a
=
2
~
50 100 150 200 -0.5 0 0.5
time /2

Level 4, 14-tap filters: Daubechies (for DWT) and g-shift (for DTCWT).
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o Fewer large coefficients corresponding to singularities

@ The marginal distribution of the coefficients within each
scale - modeled as a 2-component mixture of distributions
(2 values of variance)
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@ The marginal distribution of the coefficients within each
scale - modeled as a 2-component mixture of distributions
(2 values of variance)

Further Reading

| A

Persistence

@ Strong parent-child relations - the relative size of a
coefficient propagates through its children across scale

\
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o DTCWT outperformes the DWT

e Approximate shift invariance

o Steady values of the magnitude across scale

o Phase representation of edges orientation

o Improved directional selectivity in higher dimensions

@ Both transforms

e For noise reduction in biomedical images
e By soft wavelet shrinkage
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e For noise reduction in biomedical images
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Conclusions

Further Reading

@ Edge detection for the resulting images:

o Gradient approximating masks

o Canny detector

o Possible use of the DTCWT through hidden Markov
models
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