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Singular Value Decomposition (SVD)«
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Why SVD Works for Images

oy
oK

=@ (8 S(1,1) | AREEPFZZL
(RSERVEIEXISHE

.
e
.

EREE - AR
= SRR IS A A BN ER AR 5T o



/

7

oy

SVD vs MSVD sl
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Multiresolution SVD (MSVD) s
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MSVD Denoising Algorithm s
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MSVD Denoising Algorithm s
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ﬂ MSVD Denoising Algorithm s
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MSVD Results

(a) Noisy (b) I level decomposition (c) Denoised

(b) II level decomposition (c)Denoised

Fig. 2. Denoising of Gaussian noise from “circle” image Fig 4.Denoising of speckle noise from “Barbara™ image

(b) I Lewvel decomposition (c) Denoised

(b) I level denoising (¢) Denoised

Fig 3.Denoising of impulse (salt & pepper) noise from “coin™ image Fig 5.Denoising of color image (impulse) from “apple3™ image
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MSVD Results

Tablel. PSNR values in dB

Noise Gaussian (10%) Impulse  (10%) Speckle

Image WT MSVD WT MSVD WT MSVD
Circle 35.21 34.72 34.56 34.67 32.26 33.43
Coin 32.78 32.89 33.23 34.01 30.23 30.34
Barbara 36.43 37.12 36.12 36.87 36.21 35.89
Colour 30.21 29.89 29.87 30.21 30.23 30.54

Table2.Correlation Coefficient (CC) values

Noise Gaussian (10%) Impulse  (10%) Speckle

Image WT MSVD WT MSVD WT MSVD
Circle 0.6823 0.6612 0.6712 0.6832 0.6251 0.6325
Coin 0.8976 0.9210 0.9490 0.9320 0.8841 0.9144
Barbara 0.6810 0.6923 0.5832 0.7125 0.7012 0.7851

Table3. Structural Similarity Index (S5IM) values

Noise Gaussian (10%) Impulse  (10%) Speckle

Image WT MSVD WT MSVD WT MSVD
Circle 0.8504 0.8231 0.6325 0.8165 0.8507 0.8351
Coin 0.6150 0.6354 0.6010 0.6325 0.7367 0.6250
Barbara 0.6530 0.7321 0.6215 0.7356 0.7254 0.7213

. Colour 0.7810 0.7921 0.7625 0.7952 0.8211 0.8423
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Why Adaptive PCA?
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Adaptive PCA Denoising
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Adaptive PCA Denoising
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Use local patches to build PCA basis;/
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Projection & LMMSE s

oy

— o 510 noisy patch %5 %! PCA basis Lt > 1%/ PC coefficients
Patch o 0 : [12.3,5.8,1.2,0.3,0.1)
J
Covariance Matrix o {55t PCA coefficient variance
J
Eigenvectors M y
. ) . gi:? = max {0, o ng —
""""" ~ Projection . t=1
J
"""" - LMMSE e / LMMSE {Z1E PC coefficients =7 denoised patch
! 2
Reconstruction ~ 0 |
g = gf _I_ D-E y'},




nnnnnn

TR -
Patch
)

Covariance Matrix

i

Eigenvectors

¢

Projection

i
LMMSE

l
'~> Reconstruction

PCA Denoising Framework

* F17

5 coefficient =R B

A — E Y; U
7

5

[ ZE

5



/

Image Quality Metrics
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Experimental Results

Gaussian noise of variance = 50

[ Image || Noisy | HMM [.Sp. A. | SI-AShr | PC B
[ TLena 1413 ] 2607 | 2723 | 27.96 | 28.00 |
Boat 14,15 | 24.70 | 25.74 | 2629 | 26.36
Barb 14.16 | 23.29 | 2503 { 24.72 { 26.21 |
| Ring 14.15 | 17.58 | 23.28 | 2297 | 27.18 |
Gaussian noise of variance = 25
Image || Noisy | HMM | Sp. A. | SI-AShr | PC
I.ena 20.16 | 29.22 | 30.64 | 31.05 | 31.26
Boat 20,16 | 28.01 | 2899 | 2942 | 29.62
Barb 20.20 | 26.75 | 28.67 | 28.58 | 29.91
Ring 2017 | 22.10 | 27.66 | 27.54 | 32.82

Gaussian noise of variance = 15
Irnage || Noisy | HMM | Sp. A. | SI-AShr | PC
Lena | 24.60 | 31.66 | 33.05 | 33.31 | 3d.60
Boat 2459 | 30.68 | 31.65 32.01 32.25
Barb 24.63 | 29.39 | 3149 | 31.56 | 32.63
Ring 2461 | 2580 | 3097 | 31.07 | 36.32

oy

5

adaptive PC

Sl-AdaptShrink

Fig. 2. Barbara's knee (o = 50): SI-AdaptShrink (top) and adaptive PC (bottom).
Notice how much better the stripes are preserved using adaptive PC.
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Comparison & Discussion
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