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Image Restoration problem
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®Image super-resolution
® Image denoising

® Image deblurring
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Model-driven Methodology: Generative Understanding

arg mZin L(Y—Z7)+ R(Z)

z~p(z); e~p(e) ‘ p(z ely)~likelihood(y|z, e)p(z)p(e)












Model-driven Methodology: Generative Understanding

arg min Lg (Y — Z) + R(2) + R(E) L e~ ) mN(el0,0,2)
) k

2~p(2); e~p(e) L e ) mNGelon)
‘ p(z, e|ly)~likelihood(y|z, €)p(z)p(€) tececsssisitecomascmcocmaansh
W Wei, LX Yi, , et al., ICCV 2017 :












Model-driven Methodology: Generative Understanding
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Model-driven Methodology

Y mmmmm) 7 = Algorithm(Y)










Model-driven Methodology

||| - o L, efy)~likelihood(y17, ©)p(2)p(e) |
. B |
IH arg mzln L(Y —Z) + R(Z) :{> arg n}%x p(Z, E|Y) ”













Data-driven Methodology: Learn Clean Image

E——

2010-2012

arg mv\i/n 1Z — Networkyy (Y)I‘2

. Symmetric Connections

Y mmmmmm) 7 = Networky(Y)






Data-driven Methodology: Learn Noise

E——

2010-2012

arg mv\i]n ||E — Networkyy (Y)I‘2

Residual Image

Conv + RelLU
L
Conv + BN + RelLU
Conv + BN + RelU
Conv + BN + RelLU
Conv

Residual Network

Y s

F = Network,(Y)

/hang, Zuo, Chen, Meng, Zhang, TIP, 2017







Data-driven Methodology

arg n%&n |E — Networky (Y)|

Moisy Image Residual Image ”
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Conv + ReLU

Conv + BM + RelLlU

Conv + BN + ReLU

Conv + BN + RelLU
Conv

= z AP BIT
T EIRERIX




| — i~

arg min L(Y — Z) + R(Z)

" Ahp(z’ e|y)~likelihood(y|z, e)p(z)p(e)

:(> arg max  p(Z E[Y)
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P, e|y)~likelihood(y|z e)p(2)p(e)

@ arg max  p(ZE|Y)
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arg mZin L(Y —7Z) + R(Z)

Z = Algorithm(Y)
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arg minL(Y — Z) + R(Z)

==
I )

= .

U

TTiz M=

are min

Unsupervised Data

[arggjn IV — Networley OO, |

E—

r'l Amm
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Attempt 1

Unsupervised/Semi-supervised Deep Learning for
Low-dose CT Enhancemenq

Probabilistic
understanding
has been
presented in our
TMI18 paper
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likelihood(x, fz(x)) + prior(fy (x)) 1_!-

Robust Low-Dose CT Sinogram Preprocessin.g -------------------

via Exploiting Noise-Generating Mechanism

Qi Xie, Dong Zeng, Qian Zhao, Deyu Meng™, Zongben Xu, Zhengrong Liang, and Jianhua Ma’

Residual CNN ~ Comvolution

Unsupervised learning

_____________

T —— ———

Geng, Deng, Zhao, Xie, Zeng, Ma, Zuo, Meng, arxiv, 2018




Attempt 2

Semi-supervised Transfer Learning for Image Rain Removal

Wei Wei'2, Deyu Meng'* Qian Zhao', Zongben Xu', Ying Wu?
ISchool of Mathematics and Statistics, Xi’an Jiaotong University, Xi’an, China
?Department of Electrical and Computer Engineering, Northwestern University, IL, USA

- Supervised learning part

N
p—

Probabilistic

understanding
has been :
presented in our . e s
ICCV17 paper e SRR

Should We Encode Rain Streaks in Video as Deterministic or Stochastic?

residual (real rain)

Wei Wei', Lixuan Yi', Qi Xie', Qian Zhao'*, Deyu Meng'**, Zongben Xu'? Wel, Meng, ZhGO, XU, WU, C\/PR, 20] 9
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:> arg nzlaEx p(Z,E|Y)
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arg mZin L(Y —7Z) + R(Z)

Z = Algorithm(Y)
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/= Networkw(Y)
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[Unsupervised Data__| - n [[E—N !
Jsupervied Dot arg min |1Z — Networky (V)| argmin ||& Networky, (Y) |2

[[ arg min L(X — Networky (X)) + R(W)}]
w _ Nolsy Image Residual Image

s = TN & 3
| 3| |3 :

{[ arg n‘ll\iln ||Y— NetworkW(X)H2 }]

Supervised Data

Cony + BN + ReLU
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Deep Unfolding

* Field of Experts (FoE) energy: HEIIZ Zpi([f‘[iu]p) P(u) = Vo D(u) | “\\ f,/
Roth and Black, FICV 2009 i=1p=1 Vo
7 — y
pl(z) = o2)| . V. 5
Ny N 3 p(z) = log(1 + =27)
*+ Half-quadratic splitting min ZZ (p,(z,, E{z — I{.,-u)i,,)
Schmidt and Roth, CVPR 2014 i=1p=1

| ¥ ¥ ¥ ¥

E—D hix, w,b ™ iter-] = jter-2 P dter-3 iter-n

Primal dual proximal scheme

Wang et al.,, NIPS 2018

I L |—b‘ Comv H lx 1 Camy |—b$->| Activation ] H Decams H Ix] Coa H Activation 2 I—.-E il
1 F 3
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Alternating direction method

Yang et al., NIPS 201§

Sampling data
in k-space

Reconstructed
MR image
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Ouvur aitempt:. Hyper-spectral Image Fusion

o

y = RH)(WKS‘
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ZE RthxS

Y =XR+N,,
Z=CX +N..
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Xie, Zhao, Meng, Xu, CVPR, 2019




Ouvur aitempt:. Hyper-spectral Image Fusion

Iterative optinuzation algonthm  Network design
Fork = 1: K do: In stage k = 1: K of the network do:
XH_ya yviipg —— ylh_ o, AT 4 PR, BT

E¥_ox® _g — - gb _ downSample = {X[k]]'l - =

G = "B ——— gk n - upSample ;e {E[ﬂ} xa B

yllk+1) pm‘a_—._rl_{f':"‘: - ﬂ':E:J—- Ple+1) pm‘«;h'@t,,__z. Ii,].-?':E: -

c(x™)
D =

hxwxs5

Hx W x(r—s)

HxWx(r—s)

~
|

XR+ N,
Z=0CX+ N,,

1 % 1 convolution E} upSamplegm(-)
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m pmeetgék) () downSamplceék; ()
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Xie, Zhao, Meng, Xu, CVPR, 2019




Ouvur aitempt:. Hyper-spectral Image Fusion

Table 1. Average performance of the competing methods over 12
testing samples of CAVE data set with respect to 5 PQls.

T

o

MHF-netwith (K, L
vV YRAN ResNet —goy—17.9) [1&,4} :I (139
=XR+ N, FSNR 325 3615 3661 3685 3.3
Z—CX+N.. SAM 10093 0206 8636  T.587  7.298
- ERGA 14128 9204 8856 8653  BL87
SSIM 0865 0948 0955 0960  0.962
FSIM 0966 0974 0975 0975  0.976

y = RH)(WKS‘

=

7ZE RthxS

Table 3. Average performance of the competing methods over 16
testing samples of Chikusei data set with respect to 5 PQIs.

PSNE SAM  ERGAS aalM FaIM

FUSE 26.59 192 27143 0.718 0.860
ICCV15 nmn 308 178.14 0.779 0.870
GLP-HS 28.85 4.17 163.60 0.7% 0.903
SFIM-HS 28.50 4122 167.85 0.793 0.900
GSA 27.08 539 238.63 0673 0.835
CNME 2878 384 173.41 0780 0.898
M-FUSE 24.85 6.62 282.02 0.642 0.849
| i SASFM 24.93 T.95 36935 0.636 0.845
HXW X (r—5) ; PNN 24.30 4.26 157.49 077 0.807
ID-CNN 30.51 302 129.11 0.869 0.933
ResNet 29.35 369 144,12 0866 0.930
MHF-net 31.26 3.02 109.55 0.390 0.946

1 % 1 convolution E} upSample o ()
d

m proxNetgék) () downSampleeék) ()

Xie, Zhao, Meng, Xu, CVPR, 2019




Ouvur aitempt: Blind Hyper-spectral Image Fusion

y = RH)(WKS‘

or,

7ZE RthxS

‘i,: c RHXW)(S

TABLE 6
Awerape parformance of all compating mathods over 12 sting im BN
of CAVE date sel. For each image, wa compuie the average rosul KN
10 random genarated spactral and spatial msponsas.

PsME - SAM ERGALS 55IM Foll

FUSE 40.21 7.22 67 89 a7 (.95
ICCV1S 3385 1139 17 48 0944 (R
GLP-HS 39.32 7.50 66.86 0.968 0.497¢

SFIM-HS 3696 77 15565 i a63 (.97 BN
G5A 36,04 B.52 93,39 i Gd8 0L.974 B
CHNF 40126 454 &1L08 ihaEd (987
h-Fuse 33.65 4.54 13563 ihand (L47E (1) M-FUSE (1) ResNet
FMM 1470 JR0T 7. 13 (1.5

AD-CNMN 34.90 9.60 108.67 0958 0979
ReaMet 3410 1406 1171 0917 0979

CMHF-met | 4122 6.20 53.60 0983 0990 i
BAMHF-net 44.73 4.9 40.62 0.990 0992 Xle' ZhCIO, Meng' XU' TPAM" 2020




More Attempts
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Li, et al., T
CVPR, 2018

(b) The design of a single stage

Wang, et al.,
CVPR, 2019

l:l._. J%} Stage1 == Stage 2 _.j

min — ) log N((Xy — UVY),,

Leision Detection . B ot o,

= log > " mN((Xg — UV3)ul0,07) 00—

y - =
L] ,f k=1 (%] i £0 = W(p®) o (u(y®) — FO),
i G® = l‘.unv"(C,E(‘)),

. _
] M = methﬁ-[(M” D —ng®),

__________________________

Wang, et al., ——w
TMI, 2019 @

Wang, et al.,
Submitted, 2020
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P8}, (2, e|y)~likelihood(y|z, e)p(z)p(e)

:> arg nzlaEx p(Z,E|Y)
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Z = Algorithm(Y)
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Z = Networkw(Y)
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Unsupervised Data

[[ arg n‘un L(X — Networky (X)) + R(W)J]
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arg mZin L(Y—Z) + R(2)

N mEams || TREE | | =R |

(z,0%|y) @ p(z,o?ly)
1 [|E = Networky, (V)]
IREE

[[ arg ne\}n L(X — Networky (X)) + R(W)}]
&+
{[ arg n‘ll\iln |]Y - NetworkW(X)ll2 }]

Supervised Data













Model-driven Methodology: What we want?

Generative Adversarial
z Z Network

uuuuu

Encoder q{z|x) Decoder p,(x|2) A |— %%J >
| f l N B[S = |
8 |

Data: x Reconstruction: &

Fine Tune Training |




Varational Posterior

Real Posterior

Variational Posterior

p{z.,-:rﬂ\y_]" » q(z,0%ly) = q(z|y)a(a?|y)

-
_______

q(zly) = H“v il s (WY, m2(yiWph) | D-Net |

::::::5

,_____~
_______

::::::’4

ﬁf( Network parameters W_D and W

. calculated on all training dato

_______
_______

- =y
_______

(53 20

_S are shared by pos’renors ' m

Yue, Yong, Zhao, Meng, NeurlPS, 2019




Objective: Minimizing KL Divergence

whaws Dre (a(z,0%y)llp(z,07y)) |
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Implementation Scheme

D-Net: Denoising Network

5-Net: Sigma Network

| i
E (z.05[logp(ylz, 6”) 15 L(z, 6% y)

|
|
q(zly) = N (zlp,m*) !
q(a®ly) = IG(e*|a. B) :

Yue, Yong, Zhao, Meng, NeurlPS, 2019




More Explanations on Rationality of This Objective

I Variational Posterior:
q(zly) = ¥ (z|p, m?)
q(e®ly) = 1G(c%|a. B)

Yue, Yong, Zhao, Meng, NeurlPS, 2019

{ Extracted Noise Distribution }




Synthetic Experiments

i Training Images: .1 Testimages: }}}
| v 432images from BSD | l}} v Set5s i
m v 400 images from ImageNet | m v LIVE] 1
I v 4744images from Waterloo | | v BSD68 ;
\\\\\=====================é// \\\\\=EE5555555555555555554%

Training Noise Test Noise

Yue, et al., NeurlPS, 2019




Synthetic Experiments

Table 1: The PSNR(dB) results of all competing methods on the three groups of test datasets. The best and
second best results are highlighted in bold and Italic. respectively.

Casas Datasats Methods

: ’  CBAM3IDD WHNNM MNCSRE MLF DnCHM-B FFTIORNet FFIONet,, FFONei: ODORNet WL

Sath .76 26.53 26,62 7.6 20,87 FLia 315 7.0 28.13 an.39

Casa | LIVEIL 2658 25.27 2406 25.71 2E.B1 28 o 2E.0aG X702 27.19 20,22

B5136E ]| 23,13 2406 2558 JETE 288 SRV 6. ED 2713 2007

Sath 26,34 24.61 25.76 25.73 20,05 20680 20,56 25857 2601 20,80

Case 2 LIVEIL 2518 23.52 2408 24.31 JE. 1B 28 58 2B.56 24 B85 25.25 28.82
B5136E I35 7E 2357 e W) e EERE! 2843 JE47 JAET 2513 2867

Sath XT.EBR 26.07 26,84 - 20,17 20 54 20,449 X760 27.54 20,74

Casze 3 LIVEIL 26.50 24. 67 2406 25.26 2R 15 28 30 2B.38 2644 26,48 2H.65

B5136E ! R 2405 2510 JE 1O 2827 B0 ! 2649 25846

Table 2: The PSNR(dB) results of all competing methods on AWGN noise cases of three test datasets.

. Methods
Sigma Datasets _ . : = - = oL =

Sets 33.42 32.92 32.57 - 3404 34.30 3431 34.19 34.34

a =15 LIVE] 3283 A1.70 3146 - 33,72 33.9% 33,596 RENE! 33.94
B5Da 3l.6/ 31.% RIE:E! - i1 3383 33.6X 33,76 33,9

Sets 30.92 30.61 30.33 30.55 31.BE 3210 32.00 31.82 32.24

o = 25 LIVE] 3005 .15 2005 2. 16 31.23 3137 337 R KLY J1.50
B5Da iRk 2562 28,35 2893 3122 31.21 3120 sL.02 J1.35

Sets 28.16 X1.58 X1.20 X7.59 28.95 20.25 20.25 28.87 20.47

a = 50 LIVEI 26.98 26.07 26.06 26.12 X7.95 28.10 28.10 Z1.82 28.36
B5Da 2h.E] 23 .86 AN 2601 X191 2.9 2.9 2176 25.19




Synthetic Experiments

(42)

Yue, et al., NeurlPS, 2019




Real Experiments

Table 3: The PSNR (dB) results of all compared methods on SIDD  Table 4: The PSNR (dB) results of all

Benchmark Dataset. compared methods on SIDD validation set.
CBM3D WNNM MLP DnCNN-B CBDNet VDN DnCNN-B CBDNet VDN
25.65 25778 2471 23.66 33.28 39.02 38.65 38.68 39.04

Table 5: The PSNR (dB) results of all competing methods on DND Benchmark Dataset.

CBEM3D  WNNM NCSR MLP DnCNN-B FFDNet CBDNet VDN
34.51 34.67 34.05 34.23 37.90 37.61 38.06 38.35

(a) (b) (c) (d) (e) (f)

Figure 4: Denoising results on one typical image in the validation set of SIDD. (a) Noisy image, (b) Simulated
“clean” image, (c) WNNM(21.80dB), (d) DnCNN (34.48dB), (e) CBDNet (34.84dB), (d) VDN (35.50dB)

Yue, et al., NeurlPS, 2019




Noise Generator!

Two perspectives of joint distribution

Noise removal perspective

Noise generation perspective

pr(z.y) = prlx|y)p(y)

RARD y ~ p(y). & = R(y) = (&.9)

pe(, ) = f pe(yle, 2)p(@)p(2)dz

z~p(z), z~p(x), y=G(z,z) = (=,9)

Yue, Zhao, Zhang, Meng, ECCYV, 2020




Noise Generator!

y~p(¥) - X~pr(xly) (X, ¥)~pr(x,y)

Denoiser KR)

(x,y)~p(x,y)

Generator (G)

z~p(z), x~p(x) V~ps(ylx.z) (x,P)~pe(x.y)

nin max Lo, (R, G, D)

\ rﬁ:ﬂ D
Eiz ) D(z.y)] — aE; y[D(E, y)]
7
4 — (1 —a)Eg 4)[D(x.9)]

=5 Fake

Discriminator (D)

\{ IGF (5 — =) — GF(y — )|l

Yue, Zhao, Zhang, Meng, ECCYV, 2020




Noise Generator!

: Methods
Metries , = .
CBDNet | ULRD | GRDN | DANet
PGapl &.30 4.90 2.28 2.06
AKLD. 0.728 0.545 0.443 0.212
Datasets | Metries Methods
Atasels | WetS TEM3ID [WNNM | DnCNN | CBDNet | RIDNet | VDN | DANet | DANet
Teatine |PONRT| 25.65 25.78 | 23.66 | 33.28 ; 39.26 | 39.25 30.43
TS BEIMT [ 0.685 0.200 | 0.583 | 0.868 _ 0.955 | 0.955 0.056
Validation IESNRT| 2529 26.31 | 38.56 | 38.68 | 38.71 | 39.29 | 39.30 39.47
E— SSIMT [ 0.412 0.521 | 0.010 | 0909 | 0.913 | 0.011 | 0.0916 0.018
Yue, Zhao, Zhang, Meng, ECCYV, 2020




Rain Generator!

(enerator
Latent space Rain manifold

(a) The flowchait of rain generation (b) Three groups of interpolation experniments

Background Restoration

BNet

q(blo) b D(0) =—>Fake

b D(0) ==>Real

b~N (b|p,0?)
R:I(:.LO) reparame- - G G(z Wo) WO N g ’ Y ue ! Z h ao ’
; terization . Eﬁ Y% : 5 Discriminator M e n g , S U b mi.l..l.ed ,

]
Rain Inference wp) Generator T~ pun (T]2) 0 2020

Ellll




Rain Generator!

Input
L] g
coefficient = 0.00

DSC/ ICAS

Table 1: PSNR and SSIM comparisons on synthetic datasets. *+° denotes the one trained on a larger training
dataset augmented by the proposed VRGNet, i.e., augmented training.

DO / DDMN+

SPANet / SPANet+

FEeMet ( FRelet+

JORDER._E / JORDER. E+

Methods | Input [ DSC [JCAS|DDN DDN+[SPANet SPANet+ [PReNet PReNet+ [JORDER_E JORDER_E+[RCDNet RCDNet+
Rain100L| PSNR| 26.90127.34128.54| 3238 3556 | 3533 3583 (3742 3784 37.68 38.01 3913 39.21
SSIM | 0.838 | 0.849 | 0.852|0.926 0.966 | 0.969 0972 | 0.979  0.980 0.979 0.980 0.984  0.984
Raintoon PSNR| 13.56[ 13.77[14.62|22.85 2699 [ 25.11  27.24 [30.11  30.48 30.50 32.26 3128 3240
SSIM | 0.371|0.312 0451 |0.725 0.797 | 0.833  0.883 | 0905 0.910 0.897 0.920 0.909  0.921
Rain1ao0| PSNR[25.24| 2788 [26.20| 2845 3027 [ 2985 3024|3221 3251 32.00 3285 3304 3344
SSIM | 0.810|0.839 | 0.847 | 0.889 0.917 | 0.915 0927 | 0.943  0.945 0.935 0.946 0.947  0.951

Table 2: PSNR and SSIM comparisons on SPA-Data testing set.

Methods [ Input [ DSC [JCAS]DDN DDN+[SPANet SPANet+ [PReNet PReNet+ [JORDER_E JORDER_E+[ RCDNet RCDNet+
SPA_Data| PSNR[34.15[34.95[34.95[36.16 39.47 [38.14 3859 [40.16  40.27 40.78 41.49 4147 4155
SSIM|0.927 | 0.942|0.945|0.946 0.974 | 0973 0974 | 0981 0.984 0.980 0.985 0.983 0985

RCDNet / RCDMet+

coefficient = 0.00 coefficient = 0.00

Wang, Yue, Zhao,
Meng, Submitted,
2020




“U¥E, ; e|y)~likelihood(y|z )p(z)p(e)

:> arg nzlaEx p(Z,E|Y)

[ 77 ]

arg mZin L(Y —7Z) + R(Z)

Z = Algorithm(Y)

[Observq’rion Y
Y=AX)+¢

Recovery X }

/= Network (Y)

[[ arg n‘un L(X — Networky (X)) + R(W)J]
&+
{[ arg nQAi/n ||Y - NetworkW(X)||2 }]

Supervised Data
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