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MOTIVATION

SPIM delievers images recorded from different angles

These images need to be:
Registered
Fused to one single imageFused to one single image

Existing fusion algorithms:g g
Frequency based
Deconvolution based on optimization of the MSE

New fusion algorithm:
Deco ol tio  ba ed o  o ti i atio  of SSIM 2Deconvolution based on optimization of SSIM 2



“An optimized system is only as good as the 
i i i  i i  d  d i  i ”optimization criterion used to design it.”
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DEFINITION

MSE = Minimum Square Error
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SSIM1 = Structural Similarity Index Measure

( ) 321 22 CCC xyyxyx +++ σσσμμ( )
3

3

2
22

2

1
22

1,
CCC

yxSSIM
yx

xy

yx

yx

yx

yx

+
⋅

++
⋅

++
=

σσσσμμ
μμ

4
luminance contrast structure

4

1Z. Wang et al, IEEE TIP, vol. 13, no. 4, pp. 600-612, Apr. 2004



EXAMPLE2

The structure of the image is important for the 
visual similarity!!

SSIMSSIM
High
(noise not visible
in the structure)

SSIM
Low
(noise disturbs the
smooth structure)in the structure)
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2Z. Wang and A.C. Bovik, IEEE Signal Processing Magazine, vol. 26, no. 1, 2009



Backup 2

EXAMPLE2

a) Reference image

Almost identical MSE!!

b) Mean contrast
stretch

c) Luminance shiftc) Luminance shift

d) Gaussian noise

e) Implusive noisee) Implusive noise

f) JPEG compression

g) Blurring

h) Zooming out

i) Translation to right

6

j) Translation to left

k) Rotation counter-
clockwise 6

l) Rotation clockwise
2Z. Wang and A.C. Bovik, IEEE Signal Processing Magazine, vol. 26, no. 1, 2009



COMPUTATION OF SSIM
SSIM is computed locally within a sliding SSIM is computed locally within a sliding 
window that moves pixel by pixel across the 
imageg

For each pixel the result is stored in a SSIM map 

The SSIM value of the whole image can be 
obtained by averaging the values from the SSIM 
map

7

image SSIM map

7sliding window



PROBLEM OUTLINE

The recorded image y can be described as a 
convolution of the original image x and the point 
spread function h plus the noise η introduced by spread function h plus the noise η introduced by 
the recording system:

h
GOAL of multi-channel restauration: 

η+∗= xhy

Find the best estimate for     given the recorded 
images 

x
iyimages 

The quality of the estimate      is computed 
maximizing the structural similarity index 
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PROBLEM OUTLINE II
Basic Idea:  Turn non-convex problem into a 

quasi convex problem

We use the simplified SSIM1:
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It is obtained from the original SSIM index by 
h i  C  C /2 9

Q1 Q2

choosing C3 = C2/2 9



EXTENSION OF PREVIOUS WORK

Restoration problem was solved for single 
channel images4

W  t d th  l ti  t  lti h l iWe extend the solution to multi-channel images:

1010

4S.S. Channappayya, IEEE TIP, vol. 17, no. 6, 2008



PROBLEM FORMULATION

GIVEN:
Recorded image y1, …, yM
Bl i  filt  H   HBlurring filters H1, …, HM
Probability density function of the noise

GOAL:
Find inverse filters g1  …  gM such that:Find inverse filters g1, …, gM such that:

[ ] [ ] [ ] [ ] [ ]nyngnyngnx MM ∗++∗=ˆ 11

Maximizing the simplified SSIM
11
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SOLUTION
( ) 22

2ˆ
22

1ˆ 22ˆ,
C

C
C

CxxSSIM xxxx

++
+

⋅
++
+

=
σσ

σ
μμ
μμ

TQ1 only depends on 

Constrain          to   egT
i iα

2ˆ1ˆ CC xxxx ++++ σσμμ

Q1 Q2

egT
i

The optimization problem is simplified to:

egi i
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vectors g1, …, gM
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SOLUTION II
A boundary      is set to obtain a quasi-complex 
optimization problem:

γ

min: 
bj  
γ γmin:

subject to:
max: γ≤2Q ( ) 0≥γf

subject to:
min:

subject to:

α=egT α=egT

subject to:
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LAGRANGE MULTIPLIERS

The overall problem is now convex and can be 
solved by applying the Lagrange multipliers
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The optimal     is computed 
using the bisection method

γ
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SOLUTION FOR M = 2
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IMPLEMENTATION

Filter is implemented pixelwize for a 
neighborhood of size K×K (here K = 35)
th  i  i  ti t d i   h i ti  the covariance cxy is estimated using a heuristic 
technique described  by Portilla and Simoncelli5

Each block is made zero mean before computing Each block is made zero-mean before computing 
the inverse filter; the mean is added back after 
the computationthe computation
Implementation in Matlab R2009a, for images of 
size 50×50 pixels the computation time is 30 sec p p
on a Intel Core Duo processor with 3 GHz

1616

5J. Portilla and E. Simoncelli, Proc. of IEEE TIP, vol. 2, pp. 965-968, 2003



RESULTS LENA

Compare single vs. Multiview reconstruction

The original lena
image (top row left) is 
distorted by ση = 5, 
σh1 = 1 and σh2 = 2 ση = 5, ση = 5, 
resulting in the images 
Distorted 1 and 
Distorted 2 (top row 
middle and right). MSE: 102.128

SSIM: 0.917
MSE: 180.337
SSIM: 0.846

η
σh1 = 1

η
σh1 = 2

After SSIM restoration 
is applied the results 
are presented for 
single-channel 
restoration of

SSIM:    0.917 SSIM:    0.846

R t d 1 R t d 2 R t d 1+2

17

restoration  of 
Distorted 1 and 
Distorted 2 (bottom 
row left and middle) 
and multi-channel MSE: 85.277 MSE: 156.397 MSE: 52.673

Restored 1
Single-view

Restored 2
Single-view

Restored 1+2
Multi-view

17restoration (bottom 
row right).

SSIM:    0.935 SSIM:    0.879 SSIM:    0.962



RESULTS DROSOPHILA

Compare single vs. Multiview reconstruction

The original 
drosophila image
(top row left) is
distorted by ση = 3, 
σh1 = 1 and σh2 = 2h1 h2
resulting in the
images Distorted 1 
and Distorted 2 (top 
row middle and
right)

MSE: 116.475
SSIM:    0.961

MSE: 256.474
SSIM: 0.910right).

After SSIM restoration
is applied the results
are presented for
single-channel

18

single-channel
restoration of
Distorted 1 and
Distorted 2 (bottom
row left and middle) 
and multi-channel MSE: 83.431 MSE: 188.594 MSE: 49. 611 18and multi channel
restoration (bottom
row right).

MSE:    83.431
SSIM:     0.974

MSE: 188.594
SSIM:    0.942

MSE: 49. 611
SSIM:    0.984



RESULTS CHECKBOARD

Compare single vs. Multiview reconstruction 

The original 
checkboard image 
(top row left) is 
distorted by σ = 30

MSE: 1616.418
SSIM: 0 712

MSE: 2266.447
SSIM: 0.572

distorted by ση = 30, 
σh1 = 1 and σh2 = 2
resulting in the 
images Distorted 1 
and Distorted 2 (top 
row middle and right) SSIM:    0.712 SSIM:    0.572row middle and right).

After SSIM restoration 
is applied the results 
are presented for 
single-channel

19MSE: 1371.04 MSE: 1867.621 MSE: 692.040

single channel 
restoration  of 
Distorted 1 and 
Distorted 2 (bottom 
row left and middle) 
and multi-channel 19MSE: 1371.04

SSIM:    0.745
MSE: 1867.621
SSIM:    0.621

MSE: 692.040
SSIM:    0.861restoration (bottom 

row right).



RESULTS: INFLUENCE OF NOISE

Compare single vs. Multiview reconstruction
while alternating the noise on chessboard image

The influence of 
noise (x-axis) on ( )
the SSIM index 
(y-axis) is plotted 
for single-channel 
restoration (red 
and blue) and 
multi-channel 

20

restoration 
(green).

σ = 1 and σ = 2 20σh1 = 1 and σh2 = 2



CONCLUSIONS

Multi-channel SSIM image restoration 
significantly improves the single-channel SSIM 
restorationrestoration.

Advantages of multi channel SSIM restoration:Advantages of multi-channel SSIM restoration:

• very effective if the noise level is high
• a small filter size is sufficient to achieve 

optimal reconstruction results
• local structures are preserved

2121



OUTLOOK

Disadvantages of the method:

• high computation timehigh computation time
• needs an estimate for the original image

Future research:

• extension to blind deconvolution
• application to three dimensional images
• significance of the number of distorted 

images M
2222
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BACKUP
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Backup 1

MSE VS SSIM
MSE SSIMMSE

F t &  t  

SSIM

M d l  i il it   Fast & easy to 
compute
Valid distance metric 

Models similarity as 
perceived by human 
visual systemValid distance metric 

in RN

Natural way to define 

y
Natural image signals 
are highly structured 
( t  i hb h d energy of error signal

Convex, symmetric 
and differentiable

(strong neighborhood 
dependencies)
Symmetric  bounded 

25

and differentiable
Widely used

Symmetric, bounded 
and has a unique 
maximum

25



Backup 2

DEFINTION II
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Backup 3

DISTORTIONS

N t t l 

Additive noise and Change of luminance 

Structural distortions Non-structural 
distortions

Additive noise and 
blur

Change of luminance 
and brightness

Lossy compression Change of contrast

Gamma distortionGamma distortion

Spatial shiftSSIM describes the visual

27

quality good Better use Complex Wavelet
SSIM3

27

3Z. Wang and E. P. Simoncelli, Trans. IEEE ICASSP, vol. 2, pp. 573-576, 2005



Backup 4

PROBLEM FORMULATION II
The inverse filters g1, …, gM are found adjointly 
by optimizing the statistical SSIM index3
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Backup 5

STATISTICAL SSIM INDEX
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Backup 6

BISECTION METHOD

Th  i l     i d i h bi iThe optimal     is computed using the bisection
method

γ

3030



Backup 7

EXPLANATION Kyy - covariance matrix
cxy – cross covaraince vector 

Explicitly Q2 is:

( )And            is:( )γf

3131



Backup 8

RESULTS: INFLUENCE OF BLUR STD
Compare single vs. Multiview reconstruction 
while alternating the blur STD for the 
checkboard imagecheckboard image

The SSIM 
values of thevalues of the 
single-channel 
restored image 
and the multiand the multi-
channel 
restored image 
(y-axis) are

32

(y axis) are 
plotted against 
the blur size 
σh1 (x-axis) 32σh1 (x axis)



Backup 9

RESULTS: INVERSE FILTER SIZE

Compare single vs. Multiview reconstruction
while alternating the filter size

The SSIM values of
the single-channelthe single channel
restored image and
the multi-channel
restored image (y-axis) 
are plotted against thea e p otted aga st t e
filter size (x-axis). 

Here results for the
lena image with

33

g
parameters σh1 = 3, 
σh2 = 6 and ση =15 is
presented.
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