Machine Learning Approaches
with Real-world Priors for

Zhixiang Wang
Advisor: Shin’ichi Satoh
The University of Tokyo

g



Everyone Takes Images/Videos

Keep Moment Create Video ” Video Conference

£ @Q o J =



But, Taking Good Ones is Not Easy

Distortions Exist in Imaging Process
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Quality Lighting Viewpoint Composition



Imaging Process Has Various Factors
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Imaging Factors Affect Images
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Perfectly Setting Factors Is Not Trivial
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A Less-than-ideal Imaging Factors
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Viewpoint
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How to Alleviate These Distortions?




Image Manipulation

Qut-of-focus Blu

“Bad/Undesired” Image or Video

“Good/Desired” Image or Video
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Photoshop

Interactive Image Manipulation

Adobe Photoshop 2020
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Interactive tool

d Need efforts to master
d Not automatic
O Require sufficient observation

Q Not physically plausible
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Imaging Factor Manipulation

Automatically Manipulate Less-than-ideal Factors
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Interactive tool
B-Needeffordstomaster
O-Notautomatic
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Our techniques

L No effort to master
O Automatic
L No sufficient observation, OK

4 Physically plausible



Three Manipulations in Our Thesis

Image Sensor » Viewpoint and Lens » Background
Chapter 2 Chapter 3 Chapter 4
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Relation to Automatic Image Manipulation
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Saharia et al, TPAMI'22
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Difference
= Recover the scene from imperfect observations
= Edif imaging factors rather than others (e.g., scene/content)
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The Most Popular Approach

Dataset ot Output GT

Neural Network
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Wang et al, Deep Learning for Image Super-Resolution: A Survey, TPAMI'19

Li et al, Low-Light Image and Video Enhancement Using Deep Learning: A Survey, TPAMI'22
Zhang et al, Deep Image Deblurring: A Survey, [JCV'22

Wang et al, Deep Learning for HDR Imaging: State-of-the-Art and Future Trends, TPAMI'22
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A Problems

- Learning structure: Ineffective for seriously ill-posed problems
Tedious data with perfect label



Inspiration from Human Perception

Can you see this image clearlye
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Inspiration from Human Perception
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Traditional Approaches
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Handcrafted Image Priors

Smoothness Prior Dark Channel Prior
He, CVPR’ 09
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Images Are More Than Just Pixels
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Images Are More Than Just Pixels

Subject: girl
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Machine Learning Approaches
with Real-world Prior

L[]

Inpu’r Scene '
Imaging Factors '
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(Reol-world Priors vs Image Prior

- Priors of scenes
- Priors that are not handcrafted

~

Machine Learning
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%

\ 3 3
0 L 1

Benefits
- Change the learning structures
- Solve severe ill-posed problems

.- Reduce the requirement to data |
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IMAGING FACTORS
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Social Impact 1 - Machine Vision with
Lower Costs, Enhanced Perception

Autonomous Driving Nelele)i
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Social Impact 2 - Bringing Cinematic
Filming Capabilities to Everyone's Phone
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Image credit: Thai Nguyen @Unsplash and DALLE2 3]



Social Impact 3 - Empowering Memories

“My Father passed away yesterday,
please blur/remove the background”

“I'love this photo of my
girls...nhate the background. Will
“Fix perspective distortion please” tip $20 fo the best one.”

“My eyes are always distorted and
warped in my phone selfies ..."”
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https://www.reddit.com/r/PhotoshopRequest/

Social Impact 4 - Psychological

“People tend to view the inevitably warped stance of
self-taken (i.e., hand-held) self-portraits as a new — Ward et al, 2018
universal standard in appearance”

Distorted Undistorted
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Manipulation

Image Sensor

Hardware-Induced
Motion Prior
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“exposure ~
B readout

Pixel rows

Neural Global Shutter
Wang et al, CVPR 2022

Warping — Deblurring

Ours

CVPR'20 | DSUR

CVPR'21 | JCD
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Strong Geometric Distortion

Real shape

Distorted Capfture
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Rolling Shutter Image Sensor

Row-by-row Exposure

o Cheap, Fast, and Widely Used
o Cons: Distortion under Fast Movement
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@Annoying Rolling Shutter Distortion

Autonomous Driving
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Manipulate Camera Sensor

Scene ﬂ
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Existing Methods — Warping-based
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Limitations of Existing Methods
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No Prior

rolling shutter
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Motion Prior Induced by Hardware

No hardware change Target

rolling shutter with global reset
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Traditional Learning Structure
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New Learning Structure
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Time
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Learning Algorithm

Long-term Propagation  ghort-term Fusion

Temporal Attention
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Learning Algorithm

Encoder Decoder

Input
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Encodmgi

Output

Attend to row-wise degradations
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Time

Learning Algorithm

Use temporal information
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Time

Learning Algorithm

Long-term Propagation

Use temporal information
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Learning Algorithm

Short-term Fusion
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Lens

Real Camera System

Synchronized Cameras

Relay lens

Exposure
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640x640 resolution

vV v v Vv Vv

Qutdoor, street

27 seq

for fraining

/9 Video Sequences
300 frames per seg

Ground truth per frame

Dataset Detail

640%x640

52 seq for

evaluation

640%x640
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vV v v Vv Vv

Dataset Detail

/9 Video Sequences
300 frames per seg
640%x640 resolution
Ground truth per frame
Outdoor, street

» Camera motion
» Scene motion
» Mixture

Camera motion

Mixed motion

65



Results — Video
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Results — Selected Frame
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Resulls — Selected Frame
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Results - Complex Degradations

Degradations Caused by Camera + Scene Motion
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Evaluation — Setup

Warping-based Warping-based

Input -* GT
(rs ) ous - (Gs) sl (o)

ESTRNN «-- ESTRNN -
| |

85 sequences for train

Metrics PSNR and SS|M

1 4 sequences for validation

49 sequences for fest Liu et al, DSUR, CVPR'20  Zhong et al, ESTRNN, ECCV’20 70



Evaluation — Quantitative Results

el
0°
PSNR1 SSIM 1 SR
Method Type RS  RSGR RS  RSGR ol %
1N
Input None 16.1612 0.5356 p
oV
DSUR RS correction 20.0274 0.6883
ESTRNN Deblurring 19.3529 0.6986 ESTRNN
Ours RSGR correction  22.9542 0.7870

RSGR+[any model] outperforms RS+[any model]

\ RSGR is easier to correct than RS

Liu et al, DSUR, CVPR'20
Zhong et al, ESTRNN, ECCV'20



Evaluation — Quantitative Results

Method Type

PSNR? SSIM 1
RS RSGR RS RSGR pur

Input None
DSUR RS correction
ESTRNN Deblurring

16.1612  17.3206  0.5356 0.6696
20.0274| 22.5732 |O.6883 0.7873

|

19.3529 4222271  0.6986 0.7974

Ours RSGR correction

Liu et al, DSUR, CVPR'20
Zhong et al, ESTRNN, ECCV'20

22.9542 0.7870

RSGR+OQurs achieves the best score
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