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INTRODUCTION




BACKGROUND

request for image processing:

- development of new devices
- re-mastering of histrical images

(a) LR frame. (b) HR image.
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IMAGE SUPER-RESOLUTION

- problem:

- restore a clear image from low-resolution images
- consider degradation caused by

- noise

- blur

- down-sampling

- typical setup:

@®O®: 1 o -

- single-frame: one low-resolution image
- multi-frame: multiple low-resolution images with different degradation
processes

- typical approaches:

- model-based: e.g. random Markov field
- example-based: e.g. sparse representation
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SINGLE-FRAME VS MULTI-FRAME

single-frame super-resolution

5,

multi-frame super-resolution
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MULTI-FRAME IMAGE SUPER-RESOLUTION
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PROBLEM FORMULATION




SPARSE REPRESENTATION

- notation:
- dictionary: D = (dy,ds, ..., d;) € RPXF
- observation: y € RP
- coefficients: a € RF

optimization problem
estimate appropriate o and D:

minimize [ly — De||3 + nllc||1
ao,D
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DEGRADATION MODEL

- notation:
- X: high-resolution image
- Y: low-resolution image
- model of degradation process:

Y=LX+4+e=SHWX+¢

where degradation LL is decomposed as
- S: down-sampling
- H: blurring
- W: warping

and e is additive noise
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SINGLE-FRAME PROBLEM

- hypothesis:
- single observation: Y =LX +¢
- x: patch of X
y: corresponding patch of Y
- sparse representation with identical coefficients:

x =D"a (D" : high-resolution dictionary)
y =D!a (D': low-resolution dictionary)

~Lx =LD"a (linearity assumption)

problem
estimate of a from a low-resolution image:

miniamize ly — D'atl|3 + nllex]lx
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MULTI-RESOLUTION DICTIONARIES

@®O®: 1 o

D :HR dictionary constructed in advance —I
CallnEicsl g . =0.69 xﬁ+ 049 x +0.25 XE 0.24 XH

degra‘dauon degrapanon degraiiation degreidation
Observed
LR Patch

=060 [l 0 49 M 55

i0.24'x

Dl : LR dictionary (degraded from Dh)

STEP1---> Generate degraded dictionaries D' = LD"

: Estimate & by sparse coding
STEP3— : Reconstruct HR patch x = D'a

key issue

construct good D! from D"
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MULTI-FRAME PROBLEM

- hypothesis:
- multiple observations: Yi,...,Yy

Ye=LgX+er, kR=1,...,N

- x: patch of X
Y, corresponding patches of Y
- sparse representation:

x=D"a

Y, =Dha ~ Lyx =L, D"

()(:)()A 1 00+ 2 0«0« 0 + o v ot v v v 3 0. O ¢ e
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MULTI-FRAME PROBLEM

- problem:
- estimate of a from multiple low-resolution images:

minimize ||y — D'a|? + n]|ax
«@

where D and y are stacked as

D} Vi
D'=|:| and y=
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STACKED OBSERVATIONS AND DICTIONARIES
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key issue
appropriately align multiple low-resolution images and dictionaries
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BLOCK MATCHING

- simple approach: (Kato, Hino, and Murata 2015)
- block matching with reference patch

estimate Ly = SHW;, st. y, = Lyx

- sub-pixel accuracy method (Shimizu and Okutomi 2006)
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OBSERVATION ALIGNMENT

- stacked observation:

Vi
y= where y, = Lyx = SHW, x
N
1 2 L N
|
il
I 0 -
LR _,_ ] LI NI N
Space
Cl 02 [ ]|
;, eecoee
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DICTIONARY ALIGNMENT

- stacked dictionary:

l
Dl
Nl _ . h [ _ 1 h _ h h
D'= | : where D) =L,D" = SHW,D
[
DN
|put an HR atom d into the location of target HR patch
index 2 e e e e e N
HR W tslide)
Space -
S,
(bl | downsampling) (blurand sampling)
\
Space [ N o i 9 1 L S
(@) 'lll | G' Cl )
afl ...... M |
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DOUBLE SPARSITY

- sparse representation approach: (Kato, Hino, and Murata 2017)

- prepare “meta-dictionary”
- construct a dictionary

- which is sparse combination of meta-dictionary
- which offers sparse representation of target observations

(Rubinstein, Zibulevsky, and Elad 2010)
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MULTI-FRAME ALIGNMENT

@®O®: 1 o -

o -

target LR Image Y1

magnify by
a factor of three

[—

ﬂ:yl € R5X5

i-th LR Image Y;

X € R15X15
a, b): shifted origin
to be estimated

: ——(O 0): origin of
LR patch
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DICTIONARY REPRESENTATION

- notation:
- dictionary for observation y::

D; = 6, 0,0D"®? +6;,(01yD Y + -+ + ; 5,y D'*P

- meta-dictionary matrix:

D}
Dl0.0) .. plkk)
B —=
D!(0.0) ... DUkK
- meta-dictionary coefficient:
T
0 = [1,02,00,0)- - -+ 02,(kk)s - - - » ON, (0,005 - - - » O, (k1)
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DOUBLE SPARSITY PROBLEM

- objective:
minimize|y — B vec (@87 |13 + nllelx
a?
subjectto E6 <1, 6>0, 0, =1

where

C)C)()A 1 00+ 2 O+« 0 « 0 « v v v v v v v 3 0. O ¢ e 4 ..
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ALTERNATIVE OPTIMIZATION

- optimization for registration:

6= argmgn |y —BI® «)8|3

- optimization for sparse representation:

& = argmin ||y — B(6 ® Darl|3 + nl|ex|x

C)C)()A 1 00+ 2 0«0+ 0 + ¢ v v v v 3 0. O ¢ e 4 ..

subjectto E6 <1, 6 >0

(21)
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STRUCTURE OF DOUBLE SPARSITY

[sparse coding] [registration]
solve eq. (21) I Dl solve eq. (20)

m mD! e
“ﬂz(o,()),---,@z(k,k)) llinl
.. 0K ) g I — :
@ .( ;’—K) D.3 (037(0:0)""703,(&1@)) 1

Dl(0,0) o Dl(kz,k)

ng (ON,00)5- O, (k) (k + 1)?base dictionaries
composed of pixel-level
parallel shifts
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ILLUSTRATIVE EXAMPLE




BLOCK MATCHING

comparison with existing works:

- ASDS (Dong et al. 2011): single-frame, sparse representation
- MF-JDL (Wang_etal2011): multi-frame, sparse representation
- BTV (Farsiu et al. 2004): multi-frame, model-based

- LABTV (Li et al. 2010): multi-frame, model-based

- Proposed (Kato, Hino, and Murata 2015): multi-frame, sparse representation,
block-matching
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a) ASDS. (b) MF-JDL.

(e) Proposed. (f) Original HR image.
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a) ASDS. (b) MF-JDL. (c) BTV.

(e) Proposed. (f) Original HR image.
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(a) ASDS. (b) MF-JDL. () BTV.

(f) Original HR image.
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a) ASDS. b) MF-]JDL.
d) LABTV. e) Proposed. (f) Original HR image.
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(f) Original HR image.
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DOUBLE SPARSITY

comparison with existing works:

- ASDS (Dong et al. 2011): single-frame, sparse representation
- MF-JDL (Wang_etal2011): multi-frame, sparse representation
- BTV (Farsiu et al. 2004): multi-frame, model-based

- LABTV (Li et al. 2010): multi-frame, model-based

- MF-SC (Kato, Hino, and Murata 2015): multi-frame, sparse representation,
block-matching

- Proposed (Kato, Hino, and Murata 2017): multi-frame, sparse representation,
double sparsity
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(a) Observed LR image (b) Original HR image

(d) Proposed
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(a)

(d) Proposed
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) Observed LR image (b) Original HR image

) MF-SC d) Proposed
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PSNRS AND COMPUTATIONAL TIMES

@®O®: 1 o -

SF-JDL  ASDS MF-JDL BTV LABTV ~ MF-SC  Proposed

MacArthur | 34.33  35.63 35.18 3439 3440  34.79 35.63
(2.69) (178.08) (133.78) (61.72) (96.17) (27.70) (61.74)
Samurai | 2597  26.66 2612 2616  26.07  25.90 26.49
(2.50) (211.65) (138.38) (62.13) (96.24) (30.75)  (59.86)

2
PSNR[dB] = 101log,, %

computational times[sec] (in parentheses)
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CONCLUSION




CONCLUDING REMARKS

we have investigated

- multi-frame super resolution method based on sparse representation

- registration performance of sub-pixel block matching and double sparsity
practical applications would be

- old or historic movies

- medical images

which consist of a number of low-resolution images
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