Valse Webinar 222



) F b X %

L SUN YAT-SEN UNIVERSITY

X O HY"+W444quo%w EONOL SR *
* 1 O g 63 rpo AMgy ®3 " Gos e Gl

G, 7 T X AMgy dAd_ /v Oled
L oz eeOMgud sAA |

N

@@/B%ﬁff? RER SN

Al R (5 I
: @ L
E P

W — g
1k,

N\
KEEA

o
TP S




X B

SUN YAT-SEN UNIVERSITY

X amuvAdA" ®

€4CNN _ v H S ANA'HZv O £w®d T a’Yaa Yy R HA
A T AdNWIWOPREQ Q@ b E'Q Y1 own §dvoE T R

AM1T oMIAD AT VANBAAL . 7 " nivQ n™ 2 Gy "

y=~kxx

M I: blurred signal,
Convolutioh il = Z klmlj[n —m] K: blur kernel,
m=0 X latent signal
I M_ .k —
Deconvolutioh J[n] = n] _ 2m=1 [m]j{n —m]

k[0] k[0]

JIn] £ wyln] +w,j[n — 1]

Recurrent neural network

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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Left to right RNN

Feature Image
extraction NI reconstruction

Blurred input Blurred region| Sharp region Deblurred result
DI
0.8
0.6
ey Deep CNN - ot
0.2
Recurrent weight map

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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A From 1D RNN to 2D RNN ¥

o
-

b) RF fused from (a (c) RF from (b) by
by alxl kemel adding another RNN

(a) RFs of four
directions of 1D RNN

A 1D RNN only fuses the information from a single
column and row

A weadd 3 3 convolutions between consecutive
RNNs to fuse the information from the 1D RNN

output and capture whole 2D image

(a) 1D RNN (b) 2D RNN

A 1D RNN with onevay
connection

A 2D spatial propagation RNN
with three-way connection

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic

Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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blurred feat?fe . Spatial varying reconstruction deblurred = & £
SEAcHon ! RNN deconvolution module (conv21- image

conv22)

image . -
= (convl-conv2)

“T‘-T-l-l-l-LL:;-%.
)

weight weight

> generation generation
(conv3-conv12) (conv13-convl6)

(a) (©)

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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(f) RNN weight from [50] (g) weights of the 1st 2D RNN (h) weights of the 2nd 2D RNN

Visualizations of the learned RNN weights

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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(a) blurry image (b) Whyte [3] (c) Xu [1] (d) Sun [15] (e) Gong [16]
psnr/ssim 21.6708/0.6027 18.5335/0.4884 21.4903/0.5866 25.5825/0.7751

w3

(f) Nah [4] (g) Tao [5] (h) Our 1D RNN (i) Our 2D RNN (j) clean image
21.8819/0.6126 31.6697/0.9379 32.1817/0.9535 32.7524/0.9572 +00/1

Quantitative result on th&oprodataset

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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(g) Nah [4] (h) Tao [5] (i) Gao [35] (j) Zhang [43] (k) Ou; ID RNN (1) Our 2D RNN

Quantitative result on the DVD dataset

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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() Gao [35] (h Zang [43] (1) ur 1D RNN (]) Our 2D RNN

Qualitative result on realvorld videos

Wengi Ren, Jiawei Zhang, Jinshan P&ifeiLiu, Jimmy S. RenJunpingDu, XiaochunCao*, and MingHsuanYang, Deblurring Dynamic
Scenes via Spatially Varying Recurrent Neural NetwdB&E TPAMI 2022.
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LR image LR patches LR image LR patches

Image patches tend to recur abundantly in natural images

YanyangYan, Wengi Ren, XiaochunCao,SRGAT: Single Image Supdtesolution With Graph Attention Network, IEEHEP 2021.
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' Deconvolutional layer
' Reshape Operation
‘ GAT layer
@ Concatnate Operation
. <> Judgment
~» Skip Connection
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2021.

YanyangYan, Wengi Ren, XiaochunCao,SRGAT: Single Image Supdresolution With Graph Attention Network, IEEHP
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Graph Attention layer

= N o — exp(LeakyReLU(?T[Wﬁi||W?j])) N R
eij = a(Wh;, Whj), (1) @ii= > ren, exp(LeakyReLU(@T[W It 4||W B 1]))’ (2) hi=o (Z OéijWhj) . (3)

JEN

g; indicates the influence of nog node

YanyangYan, Wengi Ren, XiaochunCao,SRGAT: Single Image Supdtesolution With Graph Attention Network, IEEHEP 2021.
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k=9
LR images Patches Learned weights

Visualizations on the similarity map of the same central patch

YanyangYan, Wengi Ren, XiaochunCao,SRGAT: Single Image Supdtesolution With Graph Attention Network, IEEHEP 2021.
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Bicubic VDSR [20] LapSRN [25] DRRN [41] EDSR [29]
PSNR/SSIM 21.87/0.8728 26.16/0.9468 27. 85/0 9627 27. 66/0 9646 30.16/0.9796
B100 CARN [2] FRSR [40] RNAN [52] OISR [14] USRNet [48] SRGAT

29.55/0.9549 29.99/0.9790 30.69/0.9822 29.57/0.9773 30.54/0.9814 31.59/0.9846

Bicubic VDSR [20] LapSRN [25] DRRN [41] EDSR [29]

PSNR/SSIM 14.86/0.5840 16.17/0.7145 16.06/0.7304 17.91/0.7958 19.71/0.8541

B100 CARN [2] FRSR [40] RNAN [52] OISR [14] USRNet [48] SRGAT
8023 19.93/0.8643 20.24/0.8714 20.37/0.8785 19.66/0.9693 16.36/0.8785 20.42/0.8841

YanyangYan, Wengi Ren, XiaochunCao,SRGAT: Single Image Supdtesolution With Graph Attention Network, IEEHEP 2021.
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X

Observation

y=~kxx

Sharp image Point Spread Function Blurred image

FFT(Blurred image)

Wengi Ren, Jiawei Zhang, Lin Ma, JinshanPan, Xiaochun Cao, WangmengZuo, Wei Liu, and Ming-Hsuan Yang, Deep Non-Blind
Deconwvolutionia Generalizedlow-RankApproximation,NeurlPS2018
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Spatial domain Frequency domain:

y==kxzx (1) ' l F(y)=F(k)oF(z), (2)

x can be obtained as: r=F Y1/F(k)) sy =k *y, (3)
1= ' """ TTTTTT T T |
: Singlepseudainverse kernel : = UsyT = Z si U * ,UJ"_I" (4)
| |
A set oTpEEJdBﬁ\Te'rsTe?Erﬁas g v Ne
|
I

@ii---ﬂﬂﬂmlll) k LMRT St My, (5)

15'| 15

(a) clean image (b) blur kernel (c) blurry image (d) inverse filter (e) deblurred image

Wengi Ren, JiaweiZhang,Lin Ma, JinsharPan XiaochunCao,WangmendZuo, Wei Liu, andMing-HsuanYang,
DeepNonBlind Deconwvolutionia Generalized.ow-Rank Approximation,NeurlPS2018
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Wengi Ren, JiaweiZhang,Lin Ma, JinsharPan XiaochunCao,WangmendZuo, Wei Liu, andMing-HsuanYang,
DeepNon-Blind Deconwvolutionia Generalized.ow-Rank Approximation,NeurlPS2018
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(a) Blurred input  (b) Features by random initialization (c) Rand initialize (d) Features by our mmahzauon »(e) Our result
nt = @& O oz e o1 J
Figure 7: Comparisons of feature maps from the +- th and 5-th layers. (b) Feature maps from random

initialization. (d) More informative maps using our initialization scheme. (c) and (d) are the results
by random initialization and our approach (best viewed on high-resolution displays).

Wengi Ren, JiaweiZhang,Lin Ma, JinsharPan XiaochunCao,WangmendZuo, Wei Liu, andMing-HsuanYang,
DeepNon-Blind Deconwvolutionia Generalized.ow-RankApproximation,NeurlPS2018
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(e) DCNN [31] (f) CSF [25] (g) Our approach (h) Ground-truth

Wengi Ren, JiaweiZhang,Lin Ma, JinsharPan XiaochunCao,WangmendZuo, Wei Liu, andMing-HsuanYang,
DeepNon-Blind Deconwvolutionia Generalized.ow-RankApproximation,NeurlPS2018
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Fig. 1. Pipeline of the feature alignment process in
the proposed filter adaptive alignment module.

WeileiWen,Wenqi Ren, JingangZhang, Xiaochun Video SuperResolutionvia a Spatic TemporaAlignment Network,IEEE TIP 2022
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(d) LR image I; (e) After alignment () GT
Fig. 2. Effectiveness of the proposed filter adaptive alignment module.
WeileiWen,Wenqi Ren, JingangZhang, Xiaochun Video SuperResolutionvia a Spatic TemporaAlignment Network,IEEE TIP 2022
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Residual Group (RG) RCAB Channel attention ﬁ é ' ®
) ™ Conv+RelLU Conv+Rel.U+Pooling Conv  Element-wise Product
» RCAB-1 | ™ — RCAB-i | == RCAB-m (NP >
1 U ﬂ ® D S,
: : Adaptive ; ; g
Long skip connection ResBlock Convolutional Layer Sigmoid Element-wise Sum
Filter Adaptive Alignment Network HR Image Reconstruction Network
17'" t-1 RAG-1 RAG-n RAG-N E
> > A o
2 =
= P
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g A =) 4
] -
S| |l 64 64 64 64
[=] 1
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i Share Source Skip Connection
e ! SR result
: i 64  64xk Adaptive :
LR inputs  —F— I_gahgnTL Filters e
‘ ®
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Fig. 2. Architecture of the proposed STAN. It consists of three main parts: the feature extraction module, the filter adaptive alignment module (FAAM), and
the SR reconstruction module. Given three consecutive frames (1}_ 10 I;L. and If‘r‘ 1), the features extracted from them are fed to the filter generation network
align 'O generate adaptive filters Gy. Then, employing the proposed adaptive convolutional layer, Gy aligns the previous time step features F;_1 with the
current time step features. At last, a high-resolution image is recovered from the fused features using the HR image reconstruction network. Note that we
only show one alignment module in the framework. In our implementation, three cascaded adaptive convolutional layers are used for alignment.

WeileiWen,Wengi Ren, JingangZhang, Xiaochun Video SuperResolutionvia a Spatic TemporalAlignment Network,|[EEE TIP 2022
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Training datasets:

U Vimeo-90K Dataset : with a fixed resolution of 448 256.

Testing datasets
U Vid4 Dataset: 4 video clips.
U REDS4Dataset: 4 video clips with resolution of 1280720.

U Vimeo-90K -T Dataset: with a fixed resolution of 448 256.

WeileiWen,Wengi Ren, JingangZhang, Xiaochun Video SuperResolutionvia a Spatic TemporalAlignment Network,|[EEE TIP 2022
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TABLE 11
AVERAGE PSNR AnD SSIM OF SUPER-RESOLVED RESULTS ON THE REDS4 DATASET. BEST RESULTS ARE SHOWN 1N BOLD

Clip_000 (RGB) Clip_011 (RGB) Clip_015 (RGB) Clip_020 (RGB) Average (RGB) Average (Y)
Method PSNR T SSIM T PSNRT SSIMT PSNRT SSIMT PSNRT SSIM1 || PSNR T SSIM 1 || PSNR +  SSIM 1
VESPCN [11] 25.54 0.7035 27.38 07744 2099 0.844] 26.63 0.7855 27.39 (0.7769 2876 0.7991
SPMC [12] 25.95 0.7246 27.81 07878 30.57 0.8591 26.93 (0.7993 27.81 0.7927 2919 0.8136
DBPN [49] 25.97 0.7245 28.68 0.8108 3110 0.8721 27.43 (0.8183 28.30 0.8064 20.68 (0.8266
RCAN [33] 26.17 0.7376 2934 0.8260 31.85 (.8884 27.74 (0.8297 28.78 0.8204 30.12 (0.8383
FRVSR [14] 26.27 0.7421 28.24 0.7990 30.92 0.8682 27.20 (.8094 28.78 0.8204 29.55 (0.8252
TGA [50] 2597 0.7274 28.71 0.8127 31.21 0.8764 27.39 (0.8194 28.32 (0.8000 20.67 0.8275
SOF [13] 26.49 0.7547 27.99 0.7963 309 0.8707 27.26 08114 28.21 0.8083 20,57 0.8276
TDAN [46] 26.53 0.7541 28.40 0.8037 3107 (.8704 27.35 (.8145 28.34 0.8106 2070 0.8301
STAN 26.21 0.7379 29.35 0.8252 32.01 0.8890 27.84 0.8309 | | 28.85 0.8207 | | 30.22 0.8392

WeileiWen,Wenqi Ren, JingangZhang, Xiaochun Video SuperResolutionvia a Spatic TemporaAlignment Network,IEEE TIP 2022
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A 3D face reconstruction can generate a high-quality
textured 3D face,whether the input is sharpor blurry.

Blurry inputs 3D models  Rendered faces

3DMM model: v. Bianzand T. vetter. Amorphable model for the synthesis of 3d faces. SIGGRAPH 1996

Coefficients:
(I - identity

Shape: g _—S(a,B) =S+ Biya + B..,3
Texture: T =T(§) =T + B4

_ JJ - expression

N Model

O - texture

P - pose

- lighting
where S an'T arethe average face shape and texture

Wengi Ren, Jiaolong Yang, SenyouDeng, David Wipf,Xiaochun Cao, Xin Tong,Face Video Deblurring using 3D Facial Prid&CV 2019 (oral)
X. Hu, W. Ren, J. Yang, X. CadD.Wipf, B. Menze X. Tong, H.Zha Face restoration via plegndplay 3D facial priors, IEEHPAMI 2022
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A 3D face reconstruction can generate a high-quality
textured 3D face,whether the input is sharpor blurry.

n

Atn
22 W
AN - )

Analytic face

P
ResNet-50 rI generation
a P ) ) )
1 Sient,; A pl1p — R (2(Bug))ll2
-_-> ' ‘ e ﬁi pq;fz::l Yien,; Ao
) ( econstructi [ Rendered Renderi
[Oentralrfr . 3D reconstruction R neg

| subnetwork 'l face l loss
x
777777777777777777777777777 »

4 Ground
> B 1N ot im0 |
7 _64x64x128  64x64x128
128x128x64
256%256x32 256%256%32
l Input video deblurringsubnetwork Derbe:ﬁﬁd <--[ ll\gif

Wengi Ren, Jiaolong Yang, SenyouDeng, David Wipf,Xiaochun Cao, Xin Tong,Face Video Deblurring using 3D Facial Prid&CV 2019 (oral)
X. Hu, W. Ren, J. Yang, X. CadD.Wipf, B. Menze X. Tong, H.Zha Face restoration via plegndplay 3D facial priors, IEEHPAMI 2022
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baseline w/o rendering  w/o identity
PSNR/SSIM Identity similarity
ident. | rend. Su [36] Ours Su [36] | Ours
x | x 36.74/0.9817 0.8352
vV | x 36.82/0.9812 0.8335
| 2021w agee | 08302 8362
v |V 37.70/0.9849 0.8373

Table 1. Quantitative PSNR and SSIM results on the synthetic datasets using different deblurring methods.
Panetal. [25] Shenetal [35] Suetal [36] Nahetal [23] Taoetal.[3Y] Ours
9 synthetic testing videos from the 300VW dataset [ 3]
PSNR/SSIM  25.46/0.9002  21.94/0.8803  34.40/0.9218 33.72/0.9559 36.36/0.9784 37.70/0.9849
11 synthetic testing videos from the VidTIMIT dataset [ 1]
PSNR/SSIM  24.01/0.9113  20.97/0.8684  37.00/0.9850 34.95/0.9805 37.25/0.9757 38.16/0.9871
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PSNR (dB): 29.25 30.68 28.82 24.56 2476
(a) Input (b) Nah [23] (c) Tao [39] (d) Su [36] (e) Pan [25] (f) Shen [35]

Wengi Ren, Jiaolong Yang, SenyouDeng, David Wipf,Xiaochun Cao, Xin Tong,Face Video Deblurring using 3D Facial Prid&CV 2019 (oral)
X. Hu, W. Ren, J. Yang, X. CadD.Wipf, B. Menze X. Tong, H.Zha Face restoration via plegndplay 3D facial priors, IEEHPAMI 2022
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magnification factors 8 and the input resolution 16*16

-
VDSR+3D SRCONN SRONN+ 'GI) TDAE

‘

Wavelet RCAN PSR-FAN I‘SR-( AN lhR Net Ground truth

» . '
/‘ o — - <

BKUM ‘ \Y l).\R ‘ v [ER 3[) SR( NN \R( NN+ 3]) lD\l
%Ammnnsw
/ / —
Dl rd " d " d Fr a4

Wavelet RCAN PSR-FAN FSR-GAN FSR-Net Owrs Ground truth

Wengi Ren, Jiaolong Yang, SenyouDeng, David Wipf,Xiaochun Cao, Xin Tong,Face Video Deblurring using 3D Facial Prid&CV 2019 (oral)
X. Hu, W. Ren, J. Yang, X. CadD.Wipf, B. Menze X. Tong, H.Zha Face restoration via plegndplay 3D facial priors, IEEHPAMI 2022
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W

Random
Atmospheric

Light 4 Edges E

Image Dehazing using Multi-scale CNN l\/lodcll

Estimated
Transmission Jx)=(x)-A)/t(x)+A

Map 7(x)
Estimated
Atmospheric
Light 4

WengiRen, Jinshan Pan, Hua ZhangaochunCao, MingHsuanYang, Single Image Dehazing via Mulsicale Convolutional Neural Networks
with Holistic EdgeslJCV 2020 ESI ).
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bT 1820 vH+WAyuO #A44Ppj PO vaAKH

0 o, 2p FYTH®WIXYOP LY T¥e (LAM)> LY T e
(CSAM)I © 1 TjaoMP:8sj a "IPR:
Matrix
N WxC @ multiplication NxHxWx €
Feature Groups
NxHWC Nx HWC .
,| E— ) H >
% LR ) LLE ) % %
L) | "El ﬁ {:} "5
< o ¢ H
h Featrue matrix
‘ HxW=NC
Long skip connection

PLYT1%e LAM)X 12 d LPT Pz Ge @ AT W= &

wij =0(p(FG)i - (p(FG))j), i,j=1,2,..,N,

Ben Niu, Weilei Wen, Wengi Ren, Xiaochun Cao, Single Image Sup&esolution via a Holistic Attention Network
(ECCV 2020)
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Visual comparison fori4 SR with Bl degradation model on the Urban100 datas
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(a) Hue Channel
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Mean Saturation

(b) Saturation Channel
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(c) Value Channel

fDIgplay €amera Image Enhancement @ascaded



¥k B

SUN YAT-SEN UNIVERSITY

e X amvH 2EEO

" *T HSV " v R iz O
WAYL X AANX 111 hNH g4 IMuAL OT g
Me 08X I mHM

Pixelwise curve adjustment:

lterative enhancement operation:
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