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@® Visual Degradation

Data Acquisition

Degradation before Degradation in Degradation after
Data Acquisition Data Acquisition Data Acquisition

* Heavy Rain/Snow * Downsample * Scratches

* Underwater * Motion Blur * Watermark

* Low Light * System Noise * Package Loss

* Haze/Sandstorm * Optical Distortion * Compression Loss
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SETTTHEl Research Scopes

TextRemovaI Super Resolution
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Problem Formulation
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I =SETTTAE Reconstruction Prior
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I =SETTTAE Reconstruction Prior
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8 Background
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Problem Formulation
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I STl Detail Reconstruction
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STl Detail Reconstruction
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=ITTTHE Video Super-Resolution
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HETTTE Research Scope

* BRAESHEAL
- R Fe B B G AR
SR m PR A A S

- T H CHARSRIA A

* BB HEHE
S E e — o
%tb‘




HETTTE Research Scope

* RIETRM AT B RF A

- KT AEAA A ik
- KT S Mgk A0 ik
- KT E Tk
[ I M
w
B 1% 2 B4 iR Mk & & -1k H R R
N st £ A HIEE




I.6

/
=|-RIPKU-

Edge Guided Interpolation
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Multi-Frame SR
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SETTCEM Multi-Frame SR
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Multi-Frame SR
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I SITTTIEN Learning-Based SR
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HETTTIEl Methodology
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3 Edge Adaption Interpolation
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=ITTTI Edge Adaption Interpolation
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Edge Adaption Interpolation
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Edge Adaption Interpolation
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*IEEE Trans. on Image Processing, Xiaolin Wu, 2008
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3 Edge Adaption Interpolation

R RALEEDY & g

- AR 3% 2 M Aa i (Neighbor) P Tl
125 203 122 201
2 © u] . _ooulm B
pn (ls J) — exp(_ uNr o NJ' HZ /O-lj N IO<p’A:024427>O k
205 136 4 28
- & iE s B2 (Smoothness) o\ 216
~09 »Oj
J T et ]
2034
.. 2 (O
ps (Zv .]) — exp(_ |11 B IJ‘ /0-2] p.“:'(‘) """""" 27
#=UI0s A0k
- ¥ & & = (Distance) 205, —os76 205
Qim0
.o ool f" Uiy 205
pd(la.])_exp( ‘Pz IDJH2/0-3J d=1 CP)J“AOk



'"'"&

/
-RAIPKU-

Edge Adaption Interpolation
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Edge Adaption Interpolation
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=ITTTI Edge Adaption Interpolation
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Experimental Results

© TR
* X A% & Kodak |4, USC-SIPIE % &

255 1 & 2
PSNR:20><log( j MSE=—> (X,-Y)
MSE NS

Images Resolution  Bicubic =~ NEDIMO  SATIWuOs] IPAR
Cameraman 256 X256 25.18 25.34 25.70 25.78
Peppers 512X 512 32.77 33.30 33.51 33.56
Lena 512X512 33.86 33.80 34.63 34.67
Monarch 768 X512 31.72 31.68 32.90 33.16
Tulips 768 X512 33.69 34.16 35.66 35.82
Caps 768 X512 33.67 34.05 34.48 34.48
Airplane 768 X512 30.73 31.21 31.65 31.72
Bike 768 X512 25.93 25.97 26.97 27.02




=TT Sparse Coding-Based SR

* Image Super-Resolution

LR image Y

HR image X

* Conventional Methods
* Interpolation: artifacts for large upscaling factor
* Signal processing in spatial / frequency domain:
assume known degradation model, multiple LR images
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3 Sparse Coding-Based SR

* Sparse Coding based Super-Resolution [Yang'0

* Conventional Methods
* Interpolation: artifacts for large upscaling factor
* Signal processing in spatial / frequency domain:
assume known degradation model, multiple LR images
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8 Sparse Representation

* Patch-Based Sparse Representation
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Sparse Representation

* Sparse Representation Model

Sparse coefficients a

argmin  |HDa -y
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=TT Sparse Coding-Based SR

* Patch - Signal Bridge
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=TT Sparse Coding-Based SR

* Patch - Signal Bridge




3 Sparse Coding-Based SR

* Coupled Dictionary Learning
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* Coupled dictionary pair {D,, D,} defines a transform from LR to
1R feature Space

* Learn {D,, D,} -2 the sparse code of y, can well reconstruct x;

2
2

min Z x.—D,z
Dy.Dy 5

s.t. z, =argmin

a;

2
Y, — D, ) _I_M ;

1

* Coordinate Descent
* Fixing D,, update D, (quadratic programming)
* Fixing D,, update D, (stochastic gradient descent)
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Sparse Coding-Based SR

* Experimental Results
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Input Bicubic Neighbor Embedding




I I Sparse Coding-Based SR

* Experimental Results

Input




=TT Sparse Coding-Based SR

* Experimental Results




=HETITEEN Data-Driven Motivation

B Data-Driven Solution

* Learning to be intelligent

Feature Feature
Representation Mapping
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\- J

Low Quality Image/Video Data-Driven Solution

High Quality Image/Video



SFTTTH Deep-Learning Based SR

* Super-Resolution CNN [Pong14]

* Patch Extraction = LR Representation
* Non-linear Mapping = LR to HR Coefficient Mapping

* Reconstruction = HR Patch Reconstruction

ni feature maps no feature maps
of low-resolution image of high-resolution image
, I1x1 fa X f3
Low-resolution g, ¥ ¢----= = :::::fﬁfﬂ““‘ o High-resolution
image (input) —— = ol image (output)
Patch extraction : _ :
Non-linear mapping Reconstruction

and representation



SITTTHEN Deep-Learning Based SR

* Very Deep

a

Super-Resolution Kimte

* 20 convolutional layers (41x41 receptive field)
* 64 channels, 3x3 filters in each convolutional layer
* Skip connection to learn residual only

* No dimension reduction such as pooling



SITTTHEN Deep-Learning Based SR

* Very Deep Super-Resolution Kmtel

* Build a single convolutional network to learn and handle multi-scale SR
* Train multi-scale images jointly
* Different scale helps each other

* Learns to upscale with inter-scale factor
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=fTTTHE Deep-Learning Based SR

Ground truth A+ [1] RFL [2] SelfEx [3] SRCNN [4]
(PSNR/S

I & I
A v
! s

Ground truth RFL [2] SelfEx [3] SRCNN [4]
26.15/0.8692 25.79/0.8588 26.33/0.8733 26.39/0.8684

IM) 24.94/0. 7637 25.00/0.7448

VDSR (ours)

VDSR (ours)
28.18/0.9073




EI[THER Deep-Learning Based SR Route

bicubic bicubic

interpolation interpolation
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VDSR (CVPR16)

bicubic
interpolation

FSRCNN (ECCV16) DRCN (CVPR16) LapSRN (CVPR17)

Back-Projection Stages
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DBPN (CVPR18)
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Single Image Derain
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® Background

B Image Degradation Model

kM © RN
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Scene X

B Model Formulation

y, = DHF X+n




Single Image Rain Streak Removal

Deep Joint Rain Detection and Removal From a Single Image
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® Previous Works

B Classification in texture feature space
= Morphological Component Analysis [Xang12]
= Discriminative Sparse coding ["°1°]
® Rain Streak Removal Using Layer Priors (LP) [1'16l

B Fail to handle heavy rain cases

Light Rain Cases Heavy Rain Cases

Y

Rain image

Rain image LP




e T2
=|-AIPKU- |=

@ OurAim: Heavy Rain Cases

B Heavy Rain Problems

m  Heavy rain - Different types of rain streaks in the same image
m  Mist - Distant rain accumulation, like haze
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@ RainImage Generation (1/3)

B Traditional Rain Synthesis Model
m  Additive Model [Lu15, Li16]
O=B+S

S is not consistently distributed = designing prior is hard
Signal separation = loss texture detail in non-rain regions
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® Rain Image Generation (2/3)

0=B+2S,R
=1

O=a|B+ ing +(1-) A
=1
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® Rain Image Generation (3/3)

B Region Dependent Rain Removal
m Separating streak location + rain level

® Region detection enable implicit separation processing for

rain / non-rain regions

[ICCV15, CVPR16]
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® Joint Rain Detection and Removal

B Multi-Task Learning

Joint Rain Detection and Removal T(-)

CNNs —

Rain Images (0)
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T

@® RecurrentlJoint Derain and Demist

B Recurrent Rain Removal
®  Onetype foreach

Demist

m Derain = Demist = Derain

Input (0y) |

_________________________

Rain Features (F) |

CNNs
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B e 3 e [

Rain Images (0)
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® Objective Evaluation
B Compared Methods B Datasets

m  Proposed-, Proposed, Proposed-R m Rain12 [L16]
= LPlLit6] pSC[Luolsl SRCNNPore4l  m  Rain100L,
CNN Rain Drop!Eigeni3] Rain100H

B Normal case B Heavycase
Baseline Rainl2 Rain100L Baseline Rain100H
Metric PSNR SSIM PSNR SSIM Metric PSNR SSIM
ID 27.21 0.75 23.13 0.70 ID 14.02 0.5239
DSC 30.02 0.87 24.16 0.87 DSC 14.26 0.4225
LP 32.02 0.91 29.11 0.88 LP 15.66 0.5444
CNN 26.65 0.78 23.70 0.81 Proposed- 20.79 0.5978
SRCNN 34.41 0.94 34.41 0.94 Proposed 22.15 0.6736
Proposed 35.86 0.96 36.11 0.97 Proposed-R 23.45 0.7490



® Subjective Evaluation

| PICVPR16] " DSClIcCv15]
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Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]
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® Subjective Evaluation

Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]
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® Subjective Evaluation

Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]

70



® Subjective Evaluation

Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]
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® Subjective Evaluation

Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]
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® Subjective Evaluation

| PICVPR16] pSclicevis]
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® Subjective Evaluation

Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]



Rain Image
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Rain Image

ID[MP12]

| PICVPR16]
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Rain Image

ID[MP12]
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Rain Image

ID[MP12]

| PICVPR16]

DSClICCV15]

/8



	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	Image Restoration



	Reference页
	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	Background
	幻灯片编号 3
	Background
	Background
	Background
	Research Scopes
	Problem Formulation
	Reconstruction Prior
	Reconstruction Prior
	幻灯片编号 11
	Background
	Background
	Background
	Problem Formulation
	Edge Reconstruction
	Detail Reconstruction
	Detail Reconstruction
	Video Super-Resolution
	Research Scope
	Research Scope
	Edge Guided Interpolation
	Multi-Frame SR
	Multi-Frame SR
	Multi-Frame SR
	Learning-Based SR
	Methodology
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Edge Adaption Interpolation
	Experimental Results
	Experimental Results
	Experimental Results
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Sparse Representation
	Sparse Representation
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Sparse Coding-Based SR
	Data-Driven Motivation




	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	Deep-Learning Based SR
	Deep-Learning Based SR
	Deep-Learning Based SR
	Deep-Learning Based SR
	Deep-Learning Based SR




	AI实践-CV_Lecture08上21年
	7-图像复原增强
	7-图像复原增强
	7-图像复原增强
	AI实践-CV_Lecture08上_wh(1)






