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INTRODUCTION

« The incorporated noise during image acquisition degrades the human
interpretation, or computer-aided analysis of the images

< For a visual analysis of medical images, the clarity of details are
important.

«* Two approaches to reduce noise in a medical image.

SIMPLE ACQUISITION COMPEX ACQUISITION
(Faster) (Slower)
(Low SNR) (High SNR)

1 2



= Require long and repeated acquisition of the same subject to
reduce noise and blur and to maintain a high SNR.

High SNR DTI (1 hour) H|gh SNR HARDI (13 hours)

= To recover noisy and blurry image without lengthy repeated
scans, post-processing of data plays a critical role .




THESIS AT & GLANCE

< SPATIAL DOMAIN TECHNIQUES

[0 Bilateral filtering. =
0 NLm filtering. .%'9'“"

30[0/7 UTEDTOIMOGRAPHY SOFTWARE

France, Bourget du Lac — February 23, 2012

< TRANSFORM DOMAIN TECHNIQUES
0 DWT thresholding.
[0 Contourlet thresholding.

< PROPOSE A NOVEL ENTITY FOR MEDICAL
IMAGE DENOISING.
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SPATIAL DOMAIN METHODS?

Gaussian Bilateral NLm
blur filter filtering




BLUR IN GAUSSIAN COMES FROM

AVERAGING ACROSS EDGES

'n

Same Gaussian ﬁxérnel everywhere.



BILATERAL FILTER
NO AVERAGING ACROSS EDGES

[Aurich 95, Smith 97, Tomasi 98]

4 . n output

The kernel shape depen s on the image content.




Bilateral Filter on a Height Field
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HOW TO ENHANCE PERFORMANCE OF
BILATERAL FILTERING

< Bilateral very much depend on spatial intensities and thus abrupt noise values
< Need to device preprocessing technique which removes the abrupt noise value
retaining every edge information.




NL-MEANS FILTER (BUADES 2005)

"+ Same goals: ‘Smooth within Similar Regions’

e KEY INSIGHT: Generalize, extend ‘Similarity’

— Bilateral:
Averages neighbors with similar intensities;

— NL-Means:
Averages neighbors with similar neighborhoods!




NL-Means Method:
Buades (2005)

e For each and
every pixel p:

Define a small, simple fixed size neighborhood;
Define vector Vp: a list of neighboring pixel values.




NL-Means Method:
Buades (2005)

‘Similar’ pixels p, g
1 SMALL
vector distance;

2
1V, -V, I




NL-Means Method:
Buades (2005)

‘Dissimilar’ pixels p, q
(1 LARGE
vector distance;

2
1V, -V, I

Filter with this.

NLMF([I],= — G r(||VD—V )z,



HOW TO ENHANCE PERFORMANCE OF
NLM FILTERING?

< NLm peformance very much depend on spatial intensities and thus abrupt noise
values
< Need to device preprocessing technique which removes the abrupt noise value

retaining every edge information.



RESULT ANALYSIS OF SPATIAL
DOMAIN TECHNIQUES

Comparing performance

(a) Noisy image (o0 =40)
(b) Mean filtering .,
(c) Gaussian filtering
(d) Bilateral filtering
(e) NLm filtering.
Testimage | Mean filtering Gaussian Bilateral NLm filtering
filtering filtering
c =29

MRI 18.1010 21.0131 22.5029 ‘ 23.5457




TRANSFORM DOMAIN METHODS?

Input - REVERSE | output
TRANSFOR [— : —» TRANSFOR —
Image M Thresholding M Image

< DISCRETE COSINE TRANSFORM(DCT)
< DISCRETE WAVELET TRANSFORM(DWT)
< CONTOURLET TRANSFORM



“IDEAL SPATIAL ADAPTATION VIA WAVELET SHRINKAGE”
D.L. Donoho, .M. Johnstone

Biometrika, vol. 81, no. 3, pp. 425-55, 1994.

** VisuShrink is wavelet thresholding by applying universal threshold

T, = 0,+/2log(L)

where, o 2 is the noise variance of AWGN and L is the total number of pixels in
an image.

‘*The best empirical thresholds for universal
thresholding are much different from this value,
independent of the wavelet used.




WHY CONTOURLET IS

SUPERIOR?

WHAT WE WISH IN A TRANSFORM?

MULTIRESOLUTION
LOCALIZATION
CRITICAL SAMPLING
DIRECTIONALITY
ANISOTROPY

I I I Iy

< WAVELET SATISFIES FIRST THREE WHILE CONTOURLET “ALL OF IT”.
< BECAUSE CONTOURLET IS NOT A SEPERABLE TRANSFORM.



RESULT ANALYSIS OF FREQUENCY

Comparing performance
(a) Noisy image (0 =40)
(b) DCT based denoising
(c) DWT based denoising
(d)

d) Contourlet based denoisng

@ . '
A L
Test image DCT based DWT Contourlet -
denoising visushrink visushrink \
MRI 21.2000 20.8224 15.4452 —
Ringing effect No ringing effect No ringing effect
-



PROPOSED CONTRIBUTIONS

#1 Empirically formed a scaling factor for universal threshold for
Visushrink.

#2 Introduced contourlet transform for denoising and empirically
formed a similar scaling factor.

#3 Introduced a new entity for medical image denoising comprised
of aforementioned contourlet thresholding as a preprocessing step
to non-local mean denoising.



CONTRIBUTION #1

THEORETICAL VALIDATION
0 Universal threshold as derived by Donoho is hundred percent
effective only when number of pixels in an image tends to infinity.

T = G\/2loge N

So a scaling parameter is deviced so that new thresholdis T _=A_*T.
Where A is

AW =3.944*10""" S%2 — 5.5285*10° *S+0.6022
and
S:U*%ﬁ



CONTRIBUTION #2

THEORETICAL VALIDATION
For image denoising, random noise will generate significant wavelet

coefficients just like true edges, but is less likely to generate significant
contourlet coefficients.

T = G\/Zloge N

So a scaling parameter is deviced so that new threshold is T_=A_*T.
Where A is

A, =3.944*101" S2 — 5.5285*10° *S+0.5522

S:G*%ﬁ

and



Universal threshold Vs Proposed threshold(PSNR)
“g=30 ®g=40 ©"go=50

23.8




#1 & #2
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CONTRIBUTION #3

THEORETICAL VALIDATION

Bilateral filtering —

* real homogeneous gray levels corrupted by noise is
polluted significantly

« fails to efficiently remove noise in regions of
homogeneous physical properties.

Contourlet denoising done before bilateral filtering,noise in
homogeneous regions can be removed efficiently retaining
the edge information as well as texture.



CONTRIBUTION #3

THEORETICAL VALIDATION

NLM filter —

 the calculation for similarity weights is
performed in a full-space of neighborhood.

« Specifically, the accuracy of the similarity
weights will be affected by noise

Contourlet denoising done before NLm filtering,noise in
neighbourhood can be removed efficiently retaining the
edge information as well as texture.



Bilateral and NLm Vs Proposed preprocessing ~ 26.2
"g=30 ®™g=4C 50
23.5 23.6

20.2

Bilateral filtering NLm denoisng Proposed preprocessing BL  Proposed prepry



SIMULATION RESULTS

#3 & #4

45

1-Noisy image(oc = 30)
2-Bilateral filtering

3-NLm denoising
4-Proposed scheme BL
5-Proposed scheme NLM




u(i,j)

PROPOSED MEDICAL

ADDITION

!

n(i,j)

PROCESSING ENTITY

v(i,j)

Proposed
Contourlet — NLm filtering
thresholding

u(i,j)
>

PROPOSED DENOISING Entity



PROCESSING TIME

Maximum exceeded time from Normal process = 0.2763 second

Proposec.l Proposed
: Bilateral NLm prepr.ooessmg preprocessing
Test image TR S prior to :
filtering filtering bilateral filterin prior to
& NLm filtering
c=30
MRI ’ 2.1578s | 2.88655s | 2.4341s 3.0889s
c=40
MRI \ 2.1867 s 2.8533s 2.3711s 3.0183s
c=50
MRI ’ 2.1735s 2.8903 s 2.3639s 3.1014s

s/m specification-4 GB RAM,2.30 Ghz processor.




< Improved the performance of Wavelet based thresholding.

< Introduced contourlet transform to image denoising and proved
by simulation,proposed method is superior to wavelet
transform.

¢ By introducing proposed entity for common medical image
denoisng techniques,performance can be significanly increased
without significantly increasing time of processing.
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EQUATION OF GAUSSIAN FILTER

Same idea: weighted average of pixels.
GB[1], =2 G.(lp=all)Z,
qes

normalized
Gaussian function

1
OI -




GAUSSIAN FILTER

filter filtering

average

\/
L



FIXING THE GAUSSIAN BLUR”:
THE BILATERAL FILTER
——— A

Same id(r?gv\:/ weighted average of pixels.

not new new
BF[I],= &4 > G, (Ilp—qal) I,
qes
normalization space weight range weight
factor

A




Bilateral Filter on a Height Field
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WAVELET TRANSFORM?

A I Fourier

Signal Constituent sinusoids of different frequencies

A +

Signal Constituent wavelets of different scales and positions



DISCRETE WAVELET

RM?

High Freque;cy -

S | High pass P — -

1000 data points Low Frequency

— —®—r/ H\\//\\/ﬁ'\

Low pass

~500 DWT coefficients

8B \ 5
LP 4B >< HP 4B \ : f

Filter domain approach of 1D wavelet transform

< A family of wavelets is then associated with the bandpass, and a family
of scaling functions with the lowpass filters.



CONSTRUCTION OF 2D WAVELET?

< Wavelet is a seperable transform.

@y |
> LPalongx —>

[ -
image

> HPalongx —> @ by 2 ;




“IDEAL SPATIAL ADAPTATION VIA WAVELET SHRINKAGE”
D.L. Donoho, .M. Johnstone

Biometrika, vol. 81, no. 3, pp. 425-55, 1994.

** VisuShrink is wavelet thresholding by applying universal threshold

T,, = 0,4/ 2log(L)

where, o 2 is the noise variance of AWGN and L is the total number of pixels in
an image. Hx) o 7 0,

« ( > ‘/ x
J X I
/'/

'4 ¥

' .
Hard thresholding Soft thresholding

* The best empirical thresholds for both hard and soft thresholding are much
different from this value, independent of the wavelet used.




CONSTRUCTION OF CONTOURLS

T TRANSFORM.

FREQUENCY
DOMAIN

TIME
DOMAIN

N

N\

FREQUENCY
DOMAIN

TIME

DOMAIN

FREQUENCY
DOMAIN

TIME
DOMAIN

FREQUENCY
DOMAIN

TIME

DOMAIN

N

\

Amplitude of different points in frequency spectrum correspond to intensity of
corresponding directional details.

FREQUENCY
DOMAIN

Different points in frequency spectrum correspond to different directions

Image ——>|

Laplacian
Pyramid bands

N

TIME
DOMAIN

N\

Nearer to originin Frequency domain,
lower the frequency.

FREQUENCY
DOMAIN

Further to originin Frequency domain,

TIME
DOMAIN

N

higher the frequency.

\
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PROPOSED ENTITY VS SIMPLE BILATERAL AND NLM FILTERING

Proposed
preprocessing
prior to
bilateral filtering

Proposed
preprocessing
prior to
NLm filtering

Bilateral NLm
filtering filtering

Test image

c=30

23.8733
22.5029

23.9525
23.5457

30.0315
25.8689

30.3344
26.2227

20.0548

c=40

19.8352

26.1260

25.1537

19.7281

20.1621

c=50

23.5916

23.5454

17.3835
17.4913

17.1381
17.6718

22.9191
21.6140

22.0310
21.4456




