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Introduction

* What is image restoration?

- Corrupted irnageE—'?'— B high quality
clean image= = & Of= inverse
problem (ill-posed)

- Denoising

Deblurring

- Deraining
- DL N X / _c|>_

10 L=
- Regularization, optimization problem
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Introduction
* What is image deblurring?

Narrow aperture : | Wide aperture

= Types of blur

- Defocus blur

Motion blur

;= Uniform/non-uniform blur
v'Levin / Lai dataset
:': Real-world synthesized blur

v'GoPro / RealBlur / HIDE
dataset

e LN MWW ﬂ-

< Lai dataset blur/sharp image pair >
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Introduction
* What is image deblurring?

- Conventional dataset

- Levin dataset / Lai dataset

- Sharp image 25 H blur kernel 2 convolutionot0{ O|O|X| 2l =
= Real-world synthesized dataset

- GoPro dataset / REDS dataset / RealBlur dataset

- F| 5t sharp imagel| HEH =g} =2 B2 Sl blurry image ‘S

Beam splitter

Multi-camera
trigger

Optical enclosure

(a) A diagram of our image acquisition system

< blur/sharp dataset ‘& 1178 (Lai / GoPro / ReaBlur dataset) >
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Introduction
* What is image deblurring?

. Methods of debluring oWl el AL

- Non-blind deblurring

;' Denoising + deconvolution

- Blur kernel = E_l_ ULCH= 71 5t
deconvolution 3 denoisingdll === = 2 '’ N
_ Blind deblurring < Levin dataset blur kernel ¥ GT image >

' Kernel estimation + non-blind deblurring
'+ Image-to-image regression

- Blur kernel2 Z2LCt10 7, kernel
estimation THA| =7}

< Blur kernel estimation + non-blind deblurring >

I Deblurring based on deep learning
) [

I Non-blind deblurring I { Blind deblurring ]
[

[
Denoising Deconvolution Kernel estimation Image-to-image regression
(Section 4. 1) (Section 4. 2.) (Section 5. 1) (Section 5. 2.)

< Deblurring algorithms classified into four categories [1] >
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Background

» Conventional deblurring [2, 3]

- Motion blur modeling

- Blurry image B+ latent image L1t blur kernel K2| convolutionZ} noise N2 2 modeling

B=I1I1®k+n

- Blurred / sharp image prior AF&

- Blurred / Sharp image2| prior, & O|0|X| §42 BtAH

- AMEO| &S Sofl o'l AP X4

15000

= Clear image
===Blurred image

10000

5000

0 _
.. 0 0.1 0.2 0.3 0.4 0.5

(b) (a) Clear (b) Blurred Intensity

< Using dark channel prior (dehazing ¥ deblurring)>

Average dark channel pixels

»

B azasa ; VDS



Background

» Conventional deblurring [2, 3]

- Regularization term= Z=7}2} optimization problem = 7| (MAP 2! FFT)
min |11 & — BI + [k + 1 VI]lo + AID(T) o

- Kernel ! restored image update

- Coarse-to-fine method £ kernel % imageS iterativeSt | update

Blurred image Prediction Kernel estimation Deconvolution Final deconvolution

EQ -7 B R B
A I

-LIEIEIES

< Overall deblurring process & kernel estimation >
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Background

* End-to-end DL method [4, 5]
- MPRNet [4]

- ImageE patch'® £ &2} A] cross-stage?t feature fusion X supervised attention module &
= HINet [5]

- Mini-batch 22| image patch?t variance} 37| {2 0| A& = X| &+ batch normalization
CH Al instance normalization Xl EY

- GoPro dataset / HIDE dataset & S8 datasetOf| A t&5 E| O A CHE HEJ Q| blurry
imageOf| CHol ‘8-S of&2 2

F l—\
. 3x3 CONV EDESY
= Fmid LeakyReLU
B ©-/[orey el et
mid, Fmid,
)
1 ORSNet Restored(X.) IN\?/ID 1x1 CONV. 1x1 CONV
LeakyReLU
3x3 GONV/ 3x3 CONV
LeakyReLU LeakyReLU
Rout
P
Fou
(a) HIN Block (b) Res Block
IN :Instance Normalization @D :Add
Degraded(1)
D :identity ® :Concat

< MPRNet network architecture, HINet2| HIN Block idea>
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Exploring Blur Kernel Space

* Modeling blur kernel

« MAP based models
- In-wild blurry image % blur Z =7t 2 O|0|X| & S ASI=0 $HA

=)
- Optimization problem= F= 0| M x2t k= 02 BHOH=S &
problem

oA

-|> i

N

U= ill-posed

' Convolution operator = 2F blur kernel = & 2|
B=I®k+n

= Deep-learning models

- Cross-domain tasksOf| £& gt
= REDS datasetO]| €h5 =l 4| E 23 = GoPro datasetdf| CHol £X| &2 452 2¢

HFAH
=2 o

;= Kernel overfitting

= Blur operator family

- Blur kernel generator= 25 SHAH
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Exploring Blur Kernel Space

* Learning the blur operator family

= Blur operator family F + Kernel extractor §

- F2F GE sharp / blurry input image (x,, y) = A0 &t&
vi = Flxp ki), ki= G(x, )
- Blurry image y; 2F 2 Ao “fake” blurry image F (x;, G(x;,y;) 2l XIO| & X| A 2}SH= Wt

Minimize Y7— 1 p(y;, F (x;, G(x1, ¥1))

——— o —

’ Skip connections \

I 1
1 1
! 1
! [
! 1
! Decoder 1

1
! 1
1 1
1 1
1 1
' I

____________________

< Blur operator 7 & blur kernel extractor G >
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Exploring Blur Kernel Space
* Learning the blur operator family

= Blur operator family F + Kernel extractor §
1. Concatenation of (x, y) pair G &1tSt0 encoded kernel vector k 24
2. F2| encoderE &5l bottleneck embedding vector 4§ &

3. k2 concatenation £ decoderE &5l fake blurry image F(x, k) ‘8 d

4. Loss _*_l_)té__l' ?:1 p(yiJ:F(xi; g(xi:yi))

< Blur operator 7 & blur kernel extractor G >
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Exploring Blur Kernel Space

* Blind image deblurring

- Blur operator family F 3 Kernel

extractor G= nks| Algorithm 1 Blind image deblurring

Input: blurry image y
- Kernel k2} sharp image x update Output: sharp image x

1: Sample z, ~ N(0,1)
_AME =] X k T 3
AEE 7, 2, ZFH Go,» Goy, 2: Randomly initialize 6, of G

updateStOq x, k update 3: while @, has not converged do

“x = GE(zy) 4 Sample z, ~ N(0,1)
x 5 Randomly initialize 6 of G§_
-k = ng (zx) 6: while ;. has not converged do
: . : T: Gr < OL(0,0x)/ 00y
- GAN-1nversion 1mage restoration 3: Or — O + o x ADAM (Bx, gr.)
9 end while

- G¥ 2 StyleGAN pretrained model :
e T 0: g, « OL(0,,0)/06,
< 11: By 6O, +ax ADAM (0., g:)
12: end while

13: = Gy_(zz)

< Blind image deblurring algorithm >
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Exploring Blur Kernel

 Blind image deblurring

Space

Algorithm 1 Blind image deblurring

_____________________

4 N Input: blurry image y

P T ————

1
2
3
4:
5:
6
7
8
9

10:

Output: sharp image =
. Sample z, ~ N (0,1)

: Randomly initialize 6, o
. while 6, has not converged™do

Sample z, ~ N(0,1)
Randomly initialize 6, 0
while ;. has not convergeddo

gr + 0L(0;,0)/00)

O — Ok +ax ADAM (6, gr.)
end while
gz 5£(€ma gk)fﬁ'gx

end while

= Gy_(z)

< Blur operator 7 & blur kernel extractor G >
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< Blind image deblurring algorithm >
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Exploring Blur Kernel Space

* Deep Image Prior [6]

;J i . J A : -t =
\
Al L \\W

Corrupted 100 iterations 600 iterations 2400 iterations ) 50K iterations

e Original Loss : p(y;, F(x;, G(x;, ;)
- Regularization term 37}
« X|F Loss : p(yy, F(x3, Gxi, ) + Akl + (g2 () + g2 (x)%/?
- Optimization 2@} 2 trivial solution= I|SH7| €2t L2 norm of k
- Hyper-Laplacian prior of image gradients of x

-y, A, a: hyperparameters
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Experiments

 Retrieving unseen kernel
- Blur operatorOf| Cif ot M 2| HA}
xS = A

- SRN-Deblur [7]% EHSH blur-swap =l dataset2 £ training 21 =

olr
o
ro

= Cross domain kernel extraction
- CHZ datasetOl CHSH blur operator family & &

;s Reconstructed blurry image 2} original blur image2F2| PSNR H| 1!

original blur retrieved blur
Dataset
Training data REDS GOPRO
Original 30.70 30.20
Blur-swapped 29.43 28.49

Table 2. Results of SRN-Deblur trained [16] on the original and
blur-swapped datasets.

" Test set
. Tranini t REDS4 GOPRO
atﬁ " “ R:][;l;lmg - 34.35 30
A 34. 30.67
‘ a ‘ d GOPRO 31.38 35.13

< GoPro dataset 94 REDS dataseto'” A-I -6—-||-§E|_| blur Table 3. Results of our method in retrieving unseen blur kernel
Operator% Al__g_-SH cl):-|2 retrieved blur > with same and cross-domain configs.
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Experiments

* Loss convergence

Original blur —— bicub
. = - L 0.010 j —
+ GAN manifoldE AFE3diA 50| & o e—
Lt ZAO0|X| BfLt?
0.008 A
- Yes PULSE blur uniform blur _ours blur
- Blur kernel prior 12{ot= A £t 5 %7
2
== Uniform / bicubic / encoded kernel e
'« BWEE A converge E| 11 deblur 21t =
Q |—|‘% 0.002 -
- Real world blur
. 0.000 A : : : . E .
'« Linear X 0 100 200 300 400 500
# iterations
= Uniform X
—
- = R 22| 12/ =0| face imageOf|
CHoH ZIsH PULSE Uniform Ours
prediction prediction prediction

i
- Pretrained StyleGAN manifold S
2BIK| UL A M=0| H|mE Of
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Experiments

* Qualitative results

Blur SelfDeblur [ ‘U] DeblurGANv2 [ 1 5] SRN-Deblur [36 ]

0.717 0.780 0.707 0.694 0.664
Figure 3. Results of deblurring methods trained on REDS and tested on GOPRO, and their LPIPS score [+] (lower is better).
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Experiments

* Qualitative results

Blur SelfDeblur [ 2Y] |51 REDS Ours

| 5] imgaug ‘6] REDS 16] imgaug

QRRER
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Experiments

* Blur synthesis

- Transferring blur kernel
- Source image pair (x,y) — target image pair (£, 9) O|O| X| ‘44
= Real world blur transfer/} 7t StCt= A

:'s Data augmentation2 £ & 7t5
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Exploring Blur Kernel Space

» Network Architecture & training details

- Blur operator 7 & blur kernel extractor G
- Training: 6 X 10° iterations / Nvidia V100 SGBZ 4 &

- Inference: Nvidia V100 210s

- 128 Hif == image resolution input

RGB @ N N
image

PreprocessBlock (PrB)

feature A . 5
map & *)
5 PostprocessBlock (PoB)
PrB RS e
& Network G
X,y
<" Encoder . /I Decoder ™
PB|! H|PoB
x RO 1 P — ’
Network 7
Figure 2. Detailed architecture of the proposed method
»
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feature
map

RGB
image

=~

7, Poirwiss

'+) addtion

(© Conatention
Comvsiuton

LeskyRel U

-

Residual block

21

Encoder
Layer Output shape
PreprocessBlock 64 = H/4 =W/4

Conv(64,64,3,2,1)
LeakyReLU(0.1)
Conv(64,128,3,2,1)
LeakyReLU(0.1}
Conv(128,256,3,2,1)
LeakyReLU(0.1}
Conv(256,512,3.2,1)
LeakyReLU(0.1}
Conv(512,512,3,2,1)
LeakyReLU(0.1)

64 < H/S = W/8
64 x H/S xW/8

198 « H/16 = W/16
198 x H/16 = W/16
956 x H/32 x W/32
956 x H/32 x W/32
512 x H/64 x W/6d
512 < H/64 x W/64
512 : T

512 f H/128 x W/128

Decoder

Layer

‘ Output shape

TransConv(1024,512,3,2,1)
LeakyReLU(0.1)

TransConv (1024, 256,3,2, 1)
LeakyReLU(0.1)
TransConv(512, 128,3,2,1)
LeakyReLU(0.1)

TransConv (256, 64, 3, 2,1)
LeakyReLU(0.1)
TransConv(128 64,3,2,1)
LeakyReLU(0.1)
PostprocessBlock

512 x H/64 x W/64
512 x H/64 x W/64
256« H/32 x W /32
256 x« H /32 x W /32
128 « H/16 x W/16
128 » H/16 x W/16
64 = H/E8 = W/3
64 x H/8 =< W/8
64 « Hf/4 x W/
64 x Hf4 = Wjd
64 « H x W

Table 4. Structure of the encoder and decoder of F
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Conclusion

* Encoding blur kernel space

- Arbitrary datasetO| CH{SHA] encoded space
- Linear, uniformo}X| &2 real world blur

* Blur synthesis
- Transferring blur kernel
- Data augmentation
- SHAIE
- Pretrained StyleGAN manifoldE AFE5}H7| L= 0 face imagell CHH SHEX 2 2
Mool & Lo A
- Prior % optimization, regularization 2 E L 2= 7| & & H
- 128 H|==2] resolution= 7} ¢! O|O|X| & input2 =2 &£ 03 OF &t
- GoPro datasetlt 20| 1282| Hlj=7} Ol O] O] X| Of| CHol ZI=l 2 & ofl Chai K& 7|

=

E& =S QEHE2 459 =2E0| AUX| 2 SRN-deblur(2018) =21t H|
S|
O

0

X
St

—

»
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