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Super Resolution
« Mofj&f = (LR) O|O|X| & 1o =(HR) O|O|X| 2 HZA|7| = task
- SISR(Single Image Super-Resolution)

- MISR(Multi-Image Super-Resolution)

| One-to-one (VDSR)

Attention-based Fusion
[l

Many-to-many (BasicVSR) Many-to-one (DBSR)
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Deep Burst Super Resolution(DBSR)
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» Abstract

- Multiple RAW image input, generates a denoised, super-resolved RGB image output

- Input frames= 2| deep embeddings= pixel wise optical flows= A St alignment.

- Attention-based fusion model= O|& S0 adaptively merge =

- Real-world dataE training, evaluation= =5t 7| 2|5 Al BurstSR datasetE 27|
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Deep Burst Super Resolution(DBSR)
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» Architecture

- N7H2| RAW Burst LR image {b;}~.; & Input2 = 211 b, = reference(base)
frameL 2 M

- Input frames= Encoder= & Sl deep feature respresentation{e;

- Alignment module = &5l b; 1t {b;}, 7t 2| flow estimation(PWCNet)

}N AH )\'I

- =&t offsets 2 £ Zt featuress by = 7| =2 E warpingStH alignment =
- Aligned features = M|t St Attention based fusion module = O &3t combine

- Decoder & Sl SR output image =
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Deep Burst Super Resolution(DBSR)

 Encoder
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Figure 4. The network architecture employed for the Encoder
maodule E.

- Raw bayer pattern2| 2x2 block= X% & O] 4-channel image ‘35t input2 2
AHE

- Z} burst frames D=5122] feature &3 (B*D*H*W)

Camera sensor bayer pattern
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Deep Burst Super Resolution(DBSR)

» Alignment module (PWC-Net)

Image [mage Upsampled flow Feature Feature
pyramid 1 pyramid 2 pyramid 1 pyramid 2
e = [ ] i :
4 4 ' | !
e s v |
e ey
Lo -

Optical flow estimator

. Refined flow . Refined flow

- BurstSRO|| A & 2 Bt challengess StLt= O|O|X| 2F2| pixel-wise displacementS &
= Bllie A

- b; = base= b; frames= {+2| pixel-wise flow= H|AtSHLL feature level alignmentS
A SH
T ©

éi=¢lei fi), fi=F(bi,b)

- Flow estimation network 2 pretrained PWC-Net model= At-E
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Deep Burst Super Resolution(DBSR)
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e Fusion Module

. . o -
- Element-wise max or average pool &8 2 £ fusion= F/ot= A2 UFAHKX| X

21t

o

- Fusion module< image content, noise level s O [[t2} adaptively of Al &£

- Weight predictor netOf| 2|3l element-wise fusion weightS 0| =St fusion St=
Attention based fusion module | @t

»
R A THEa . vr‘
SOGANG UNIVERSITY L AB



Deep Burst Super Resolution(DBSR)
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» Fusion module (weight predictor)
- Aligned feature map &; 2} flow vector f; = input2 2 A&
&0 M A A ZEHS QI 512014 64 2 X F2 67, ¢
- &P — P 8 TSI residual map ;S

. &, f;, 175 concatenate TS0 weight w; M w; = W(ey, ri, fi)
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Deep Burst Super Resolution(DBSR)
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Figure 5. The network architecture employed for the Weight Predictor module T

« Noisy input frames& Sub-pixel S22 HE
« Alignment error0l| ZotHAM X alignment =l frame2| HEE @S O = fusion

- Base frame map é;”: local image content & &
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- Residual 7;: alignment errorg &8, misalign =l F2 0] %2 fusion weight& &&

- Flow vector f;: image2| sub-pixel sampling location S &
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Deep Burst Super Resolution(DBSR)

e Fusion module

& attention weights= ‘&3, aligned

=

- weight ;& softmaxE Foll 1=t ot & X|E
feature2} element-wise multiplication= St

. €
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Deep Burst Super Resolution(DBSR)

* Decoder

Ll Convefelt H=| | ResBlockx5 He| e conveRell Hm L ResBlock x4 He-|  He|  Conv e

e Hx'Wxg4 HxWuxG4 HiWx2048 25Hr2sWx3z2 2sHi2sWx32
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Figure 6. The network architecture employed for the Decoder module D
- Sub-pixel convolution= O| &S} upsampling

Low-resolution image (input) n, feature maps

Hidden layers Sub-pixel convolution layer

- LR ©] 7] %] 9] feature map=- r? WHE A d 5 =¥ = U5 I feature mapS
A2 Z518] H« W * C *r? tensors rH * rW x C2] L&) %= o) u| =] 2 ¥ 3}
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Deep Burst Super Resolution(DBSR)

* Experiments & Result

Synthetic data BurstSR Synthetic data BursiSR
PSNRT LPIPS| SSIM?T | PSNRT LPIPS | SSIM ¢ PSNRT LPIPS| SSIM 1T | PSNET LPIPS | SSIM T
Single Image | 3642 0123 0913 | 4641 041 0979 Ours 38.61 0.084 0941 | 4752 0031 0.983
Burst-2 3490 0133 0.893 46.10 0040 0977 MaxPool 36.24 0116 012 46.74 0.039 0.98%0
Burst-4 3708 0092 0927 | 4706 0033 0981 AvgPool 35.45 0.131 0902 | 4653 0040 0979
Burst-§ 3861 0084 0941 | 4752 0031 0983 Concatenate | 3780 0.098 0928 | 4717 00334 098]
Burst-14 39,09 [LNIEE] 0945 47.76 0,030 0984 RecMerge 37.55 0098 0927 47.12 0.033 0981
Table 1. Comparison of the baseline SISR network with our multi- Table 3. Analysis of different fusion approaches for merging the
frame approach, evaluated using different number of input frames. information from input frames.
" y Synthetic data BurstSR
Synthetic data BurstSR PSNRT LPIPS| SSIMT | PSNRT LFIPS| SSIM?t
PSNEt LPIPS| SSIM T | PSWNRT LPIPS | SSIM T
Only Feature 3746 0001 0927 | 4701 0034 DSEI
Ours 3861 0084 0941 | 4752 0031 0983 Only Residual 3814 0003 0035 | 4746 0031 09K
No Alignment [ 3666  0.11% 0915 | 4650 M0 0979 ResidalsBase 3841 0085 0039 | 4746 0030 009853
Single Image | 3642 0123 0913 | 4641 0041 0979 Residal+Basc+Flow | 3861 0084 0941 | 4752 0031 0983
Table 2. Comparison of our approach performing explicit align- Table 4. Impact of different inputs used by the weight predictor.

ment with a baseline which does not employ an alignment module.

L gray

Single Image DeepJoint+RRDB HighRes-net Ours HR Reference
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

. RAW Burst SR

Burst Denoising |

Ground Truth

» Abstract

- Muli-frame image restoration task Ol A{ 29| A& k| = maximum a posteriori
formulation(MAP) 7| 'H 2| deep reparametrization= A| 2F

- Deep reparametrization= =0l latent & 7t2| image @& MHE2 A 2 HE ot

St& El image priorsE 0| 50| S AIZ 5= UALCH

- Deep learning= H7H 2 2-25t= A0 MAPZ 7HX| = multi-frame fusion 2|
Ok O|&
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

e Method

- 7| & 2| multi-frame image restoration problem

zi = H(dm, (y)) +mi (2)
N

g = argmin Y [~ H (6, (v) E+Ry) ©
i=1

— xl.9|- X; = H ((pmi (y)) 29| errors X| A2} Sf= BIEH O & MAP estimations O| & 3tHLC},

- R(y): & & 0O|0|X| yQ| prior knowledgeE & & S} regularization term
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

N
j=argminy_ |z, — H (6m, () s+ R(y) O
Y i=1

- multiple frames information= intergrating ot= 0| == 254
- degradation operator H2} regularizer R& &8 2 2 H7H5{F[Of 5t= =Xl

e . — E . -
- =%t noise =X & generalize Ot= FHE0| £5¢

- Deep Reparametrization= Al| @t
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

<Step 1>

- 7|&2| L2 distance llzi — Zill2 & Z[22} Sfb= X Z encoder E & &2t5}0
A2 embeddings= 7t2| L2 distance d(w;,7;) = | E(z;) — E(z:)|2 & Z2&2)
St Z102 Wi

- /2 E9| depthf H| Mg I Z0f| ZECH noise2f error 220 & T X gtot
O % 7 A B metric’ &

<Step 2>
o O|O|X| yQ| latent deep representation ‘z’ & ‘St decoder network ‘D’ =
0| &5t0] y& TSI (y = D(2))

- z= y2o| A 07 H==0|7| CHZ 0| zOf| CHSt objectiveE Z|[ & 2t St Z[F latent
representation 2= ot ¥ X[E O|0|X[ y = D(2)E +& =+ ULt

- =3 O|D0|X| yC &l latent representation zOi| CHSH Z| & 3} St7| If-Z0]| decoder D=
preconditioner §& 2 ot0] I WEA =&

N
):ZHE(.’M) —EoHo oy, OD(z)H2 +R(D(2)) L(z)zz |E(2:) — Eo HoDodm,(2)

i/ = D(ﬁ) s Z= arg min L(z) . ) - el (S)
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

<Step 3>
* Degradation operatorH._ AHH O 2 unknownO|H = EE=Sh50| ER
-HE B MBYo = U0 D7/t AA S5 A ZE = US
- EoHoDE deep feature space degradation operator G= CH A
- HE 2 St50k= Ci A operator G2 &850 Al =2{0|4 &l embedding
((pmi(z) E Q=0 AP

N .
L ]=Z | E(:) —werﬁmi{zjn;rﬁ{ (z)), ™ [(z)= Z ||E (x;) — cbm(z))”z +Q(z). (6)
i=1 e
(3)
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

{ Simulated
10b: b I
it 1embeddings  embeddings!
i /] -
1
' ”
]
i
L1t
I
1
1
I
1
T 21|-
]
1
I
1
T L
34
I
1
N
Reconstruction
Error

N
Y= argmjnz ”CL’i — H (pm, (1)) Hi + R(y) ‘ L(z) = ; ||E($z) —EocHo¢m, o D(Z)H; +R(D(2))

y=D(2), Z=argminL(z). 4)

— — N
d@s, &) = [|1B(@i) = B(@)ll2 (=)= | B — o Ho Dodm,(2)|2+ R (D (2)),
i= e

Iz = 2ll> = H (60,,(9)) - )
v = D) L(z) = Y ||B(x:) = G0 () |5+ Q). (6)
=1
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

* Certainty Predictor

N

L(z) =Y |E@) - G(om.(2)|; + Q). 6

i=1

- Z} frame OFCt CHE L O| =, T EEIm, 0| 27 52 12151 certainty predictor W

=7t
_Z s G (6, (1)) 13+ N[
where v, =W ({E TJ)};-\"::L: M, ni) . (7)

£ Sl Al AHEl weights v; £ frame wiseotA| &

- W= DBSR 2| weight predictor2t & &
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Deep Reparametrization of Multi-Frame
Super Resolution (DeepRep)

« Optimization
= Steepest descent algorithm (=gradient descent)
- Gradient : g/ = VL(z/)
- Step size (learning rate) : a’ = argmin,L(z/ — ag’)

It = gl _gig

g :_Qme("x (v (E(x:) = G * pm(27))) + 2227

i _ ”QI' ||z (8)

N 20vs - (G * B, (99)) |12 + 2)]|g7|12

E'H'l — ﬁ_? ﬂlgl

e Initializer P

- H SEE A7 7] I8l Z£7] 1atent representation z° = P(E(x;)E 28
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Deep Reparametrization of Multi-Frame

Super Resolution (DeepRep)

* Experiments & Result
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BurstSR

~ DBSR i Ours

SyntheticBurst BurstSR
PSNRT LPIPS | SSIMt | PSNRT LPIPS | SSIMT | Time (s)

Singlelmage 366 113 0919 | 46.60 0039 0979 0.0z
HighResMet [17] | 3745 0106 0924 | 4664 038 0980 .11
DBSE [2] 40.76 053 0959 | 48.05 0025 0954 0.24
Ours 41.56 045 0964 | 48533 023 0985 040

Table 1. Comparison on the SyntheticBurst and real-world
BurstSK validation dataset from [ ].
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Conclusion

« Real-world Burst SRO]| Cli{ ot 7| & A7

- Deep Burst Super Resolution (CVPR 2021)

- Deep Reparametrization of Multi-Frame Super Resolution (ICCV 2021)
« Muti-frame super resolution2| critical2t & @I alignment £ & 7l
- DCN alignment

» Other flow estimation model

» DeepRep model2| MAP7| &= O| &t image fusion model 7H

- Parameter 3= 22>

LA SEAL
OO oo

B gz . VDS
SOGANG UNIVERSITY L AB



