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Example 1: Human Body Reshaping

[Sigggraph 2010]




Human Body Reshaping in a Single Image

Input Output




Reshaping with Existing Software

* E.g., Photoshop, PaintShop
* Use local editing operations

* Hard to achieve global
consistency
— Need professional skills
— Time-consuming




Reshaping with Our Method (Parameters)

* Intuitive control

— By manipulating a small set of
semantic attributes
* E.g., weight, height, etc.

Weight
| F I+

* Global consistency
automatically achieved




Observation

* Human body scanning database is available in the internet
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Height: :193 cm
Weight : 92 Kg
Waist girth: 94cm
Leg length: 131 cm

[Hasler et al. 2009]




Shapes Interpolation/Fitting (Learning)

Height: :193 cm
Weight : 92 Kg
Waist girth: 94cm

Leg length: 131 cm




Key Idea: Semantic Reshaping 3D

 Parameterize 2D reshaping effects
via 3D parametric model

Morphable




Basic Idea: 3D Model Driven Manipulation

* Fit a 3D human model to the image
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Our Solution

e Straightforward solution: e EiE. 5B
— 2D input = 3D textured model = 2D output

* Too heavily depend on the quality of 3D reconstruction

e QOur solution: 3D geometry guided image warping
— 2D input =2 image warping = 2D output

N
3D body model
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Step 1. Shape Fitting

® Minimize the match error between image contour and the mesh contour.
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ighed Warping

Step 2. Skeletal Al
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Results
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Weight Height




More Results: Which is the real one?

Height - ) w—
Walght - s —
Glirth - s —— +

Height = s es— 4 Height = sssssss—— 4 Height = sssisssisms— 4 Height = sssssss—t— + Height = ssss—— -
Weight = ssssnibe— 4 Weight = snlssssssism— 4 Weaight = st 4 Weight = ssentd— 4 Weight = st +
Girth = csss—le— + Girth = eslbessssiom— + Girth = cssss—tl— + Girth = csss——l— + Girth = csss—t——l +




Example 2: Garment Personalization

[IEEE CG&A 2013]




Garment Personalization

Catalogue




Results




Example 3: View Morphing

[Pacific Graphics 2019]




MOTIVATION

 Human performance synthesis
o Essential requirement for VR, AR and telepresence




MOTIVATION

 Human performance synthesis
o Essential requirement for VR, AR and telepresence
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MOTIVATION

 Human performance synthesis
o Essential requirement for VR, AR and telepresence




GOAL

 Input: Sparse multi-view RGB captures

g %RGB camera] .»f:\ﬁ
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GOAL

* Output: Synthesized video from novel view ...

: ‘ ‘Z[Novel view ]
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KEY IDEA

» Learn to understand human performance
Modeling — rendering pattern !
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KEY IDEA

» Learn to understand human performance
Modeling = rendering pattern !
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KEY IDEA

» Learn to understand human performance
Direct rendering, without 3D reconstruction !
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KEY IDEA

» Learn to understand human performance
Direct rendering, without 3D reconstruction "
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4 : _ Deep Generative Network

4 %




Deep Generative Network

Novel view prediction
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Detail enhancement
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EXAMPLE 1
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EXAMPLE 2
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Example 4: BCNet: Learning Body and Cloth
Shape from a Single Image

[ECCV 2020]




Clothed Body Reconstruction from a Single Image

Body shape,
pose variations

Garment type,
texture and
shape variations

Complicated
interactions




Learning based Method

6 separated + shared garment skinning
garment templates weights network

N— -~

+ SMPL body model

———

Parameterized clothed body
representation










Example 5: StereoPlFu: Clothed Human
via Stereo Vision

[CVPR 2021]

Project Page: https://hy1995.top/StereoPIFuProject




Left Image

StereoPlFu: Clothed Human Digitization
via Stereo Vision

StereoPIFu

Right Image

Reconstruction Ground Truth Aligned
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Example 6: Fabricating 2D Figure by Peeling

[Sigggraph 2019]




1. Peeling Art (by artist Yoshihiro Okada)

NOW I'VE SEEN EVERYTHING




Peeling art examples
(by artist Yoshihiro Okada)




Okada’s method: trial-and-error experiments




Peeling Art Design: A Geometric Problem
[Liu et al. Siggraph 2019]
* Given a 2D shape, the goal is to find a cutting path on the
surface such that the surface is flattened into the shape with
low distortion

Input: A 2D shape Output: A seam (cutting path) on the surface




Key idea

Cut generation
Difficult

Mapping computation
Easy




Key idea: Mapping from 2D to 3D surface

Key idea: mapping optimization
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Cutting Guidance Generation




Real Peeling with Guidance




Comparisons to Okada’s works

Okada's

Ours




Peeling Results using Our Method




Playing by Middle School Students




Playing by Primary School Students
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Christmas Holiday Creation Event in UK (2019)

CHRISTMAS TREE

‘New Scientists’ Qg

Appealing peels

To help you celebrate the end of the year in style,
we've teamed up with some computational artists
to add a little zest to your holiday decorations.

On the next three pages, you will find designs for
three pieces of citrus peel art, along with instructions
for how to produce them. We've chosen a Christmas
tree because it is seasonal, an octopus because of our
fantastic octopus feature on page 52 and a stegosaurus
bemuse, let's face it, who doesn't lowve a dinosaur?

Make your own unigue holiday diorama and
tweet us pictures of 3 ations with the
hashtag #NScitruspeel. 50 grab a satsuma,

a mandarin, a clementine, an orange, a grapefruit,
a tangerine or — if you are feeling particularty
dextrous —a kumguat — and get peeling!
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Differentiable Rendering




Intrinsic

Properties

Geometry,
Material,

Capture

Traditional Rendering Pipeline
/"‘_‘,!

Depth estimation & segmentation Volumetric
fusion

Network

C luminati Extrinsic
amera Illumination Properties

Rendered
Images

Color,
Depth,
Mask,
Normal

Color Remote
Rendering rendering




Differentiable Rendering

Rendering

Geometry , Geometry,

Camera, , Camera,
Material, , Material,

Differentiable

Rendering
* Learning method:

- Find a function f, s.t G = f(I)

» Differentiable/Neural Rendering:

- Let the optimization: argmin ||R(G) — I|| be differentiable.
G




Differentiable/Neural Rendering

Output result
GANPaint . ACM ToG 2019 GIF. 3DV 2019

Proposed Real-time Re-Rendering

Input Image (and estimated lighting) Relighting results under novel environment illumination

Portrait relighting. ACM ToG 2019




Example 7: Mirror Art

[Ongoing]




Mirror Cup Art

https://www.yout
watch?v=8MG S

‘/’.
/

LUYCHO STRAIGHT cup

L WAVED sauCss

e

LUYCHO

AR
XK SN
N

,“ ™

S

- ™~
~
- - .ﬁ i il




Reflection Art
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Intrinsic
Properties

R R R
r
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(;D—:b Transform
f i

Color
Computation

Differentiable function

Extrinsic
Variables

TEEmErEE

MNon-differentiable function

Rendering Pipeline
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NeRF: Representing Scenes as
Neural Radiance Fields for View Synthesis

Ben Mildenhall** Pratul P. Srinivasan'* Matthew Tancik!*

Jonathan T. Barron? Ravi Ramamoorthi® Ren Ng!

'UC Berkeley “Google Research  *UC San Diego

Input Images Optimize NeRF Render new views
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Audio Source
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Audio Driven Results
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Original

Self-driven

Background
Editing

Pose
Editing
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GAMES: Graphics And Mixed Environment Symposium
ARFEREMIHELTE

F http://games-cn.org
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RE: FEVMEIESHENSHEDSTSEEFEEES

— X TEDN: 2016F4R 812 (BEFE)
— & F3ETN: 20176 ABIE (XFINI)
o K EEESEENREA: XFKN (2017.6.-2018.12.) , FEEEEFE (2019.1.-FES)
ot A=k ar I A SR (MUSR/PPT) ZibiRTE, MUE 100+ FAK
— FEIUA%8:00-9:30MFE LR (1668A)
— T JLA, & SR ME. ATARE..
— #12: 101 (343 | 201 (FAKMB) « 102 (XIFIMD 202 (F53H)
- BAKI: 203 (HEHM) | 103 (E4H7)
AR MISEE: 1678F (7600+A)
IARIEEER G ZE: EREPEZEMIE S gamesrobot3a 1w — 4T,

fMgamesrobot3 RiF A ; PAREIE “GAMES”EIA] 3k ERELHINER 15




GAMESFE 11 M =R
http://games-cn.org
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GAMES: Graphics And Mixed Environment Seminar
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Geometric Computation
Approximation and Processing
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GAMES 2021 & CAD/Graphics 2021, 5H14-16H, BAZ&
— http://event.icrp.xjtu.edu.cn/106149063

FERMFRAKRE (GHEILE

Fxana) EERTE, 7H59H, &HE

— http://staff.ustc.edu.cn/~Igliu/Courses/SummerSchool/USTC-summer-school.html

CCF CAD&CG 2021, 8H19-22

, RiE

— http://cs.dlut.edu.cn/CADCG2021/CADCG2021sy.htm

CSIAM GDC 2021, 10H15-17
— http://gdc21.csiam-gdc.cn
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