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Research on CV

APixel based (low level/ early vision)

AFiltering, restorationdenoise enhancementdeblur;
editing,dehaze etc.

ARegion/ Patch based (Middle level vision)

AMatching, optical flow, stereo matching, tracking,
segmentation, etc.

AObject/ Semantic based (high level vision)

A Semantic segmentation, Object detection, image
classification, recognition, etc.



My Research on CV
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Image Filtering and Restoration



Multi-Spectral Image Restoration

Alnput
ANoisy RGB imadg
A E.g. captured at night
AClean guidance imagg
A E.g. darKlashed NIR, or flashed RGB imag

AOutput

ADenoisedmagel
A Structures are clear as guidanGe
A Appearance is the same as imdge
A Shadow/Highlight does not affect.

[TPAMI 2015] 5



Scale Map

AGiven'©¢ the expected ground truth noise
free Image, ouscale masis defined under
the following condition
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OurResult
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Mutual-Structure Filter

-

[ICCV 2015 Oral Presentation]



Depth/RGB Restoration

Noisy Depth
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Depth/RGB Restorat

Noisy RGB Image



Depth/RGB Restoration

Ground truth



Depth/RGB Restoration

Ours
PSNR = 37.19



Rolling Guidance Filter

One line code only: O 0 "GDHO

[ECCV 2014 Oral Presentation]



Texture Removal
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Halftone Image




De-Filter

One line code only: O ‘O 0O 00




Reverse Skin Retouch

Retouched input



Reverse Skin Retouch

Reversed



Reverse Skin Retouch

Before retouch



Image Matching



Multi-Spectral Matching

AMatch general multspectral images with

significan

C

Isplacemen@nd obvious structure

inconsistency

T

Different Exposures

RGB/Depth RGB/NIR /No-flash Flash



Result

AMatch RGB/NIR image pair




Applications

AHDR construction




Internet Image Matching

Dense
Correspondences ?

Reference Input

() Exist Correspondence

No Correspondence

[SIGGRAPASIA 2016]



Our Motivation

Dense
Correspondences ?

Foremost Region
Matching

Reference




Timelapse Generation




Automatic Morphing




Automatic Morphing




Objectbased Matching

Achieve higher accuracy with the help of object (person)




Objectbased Matching

Stateof-the-art Ours



Image Classification and
Segmentation



Classification and Segmentation

AFinegrained Classification
ADeepLACCVPR 2015)

AText detection and recognition

ASemantic object segmentation
APortrait segmentation and matting
AVOC challenge



Automatic Portrait
Segmentation



Motivation

AAbundant portraits in smartphone photos

Others,
10%

Portrait,
30%

Others
70%

Portrait,
90%

Samsung UK Symonwhitehornfrom HTC
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Portrait Posf{processing
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Foreground Selection
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Quick Selection
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Automatic Segmentation

Automatic?
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Challenges

Low Contrast

Compllcated Edges

Various Accessories

Diverse Pose
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Possible Solutions

AGraphcut with face tracker
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Possible Solutions

ACNNSs for semantic segmentation
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Most Related Work

Alnteractive Image Selection
A Lazy snappinfi.i et al. 2004]
A Grabcut[Rotheret al. 2004]
A Paint SelectiofLi et al. 2009]

ACNNSs for Semantic Object Segmentation
A FCNLong et al. 2014]
A DeepLaliChen et al. 2014]
A CRFasRNheng et al. 2015]

Almage Matting
A Bayesian mattinflChuang et al. 2001]
A Closedform matting[Levin et al. 2008]
A KNN mattingChen et al. 2013]
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Our Approach

PortraitFCMNnd PortraitFCMN



Our System
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PortraitFCN

AFine tune it from original FG8s model

Portrait
Knowledge
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PortraitFCM
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Shape Channel
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Canonical Pose Shape Channel Test Image
Labeled Masks
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Position Channel

Canonical Pose

—

x- Coordinate y- Coordinate

Position

Test Image
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Effectiveness
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Effectiveness

PortraitFCN

54



Effectiveness

PortraitFCMN
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Experiments and Applications



Our Dataset

A1,800 portraits from Flickr with labeled mask

A 1500 portraits as the training data
A 300 for testing

AL arge variations on portrait types

AAge, color, background, clothing, accessories, head
position, hair style, lighting, etc.
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Training

AFine turn the model starting from FG3s

A Synthesize more data with different transforms
AUsing the person class and background weights

AFind the best learning rate

ALoss
Aaccuracy
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Find the Best LR

Loss

0.8

le-2
le-3
le-4

1000

2000

3000 4000
Iterations

5000

6000

7000
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Evaluation

Graphcut
FCN (Person Class)

AOADODEOI BIODOE
) S R SAD 6P BT DODOE
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Evaluation

Graphcut
FCN (Person Class)

PortraitFCN

AOADODEOI BIODOE
) S R SAD 6P BT DODOE
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Evaluation

Graphcut
FCN (Person Class)
PortraitFCN

PortraitFCN (Only with Mean Mask)
PortraitFCN (Onlywith Normalized x and)y

c AOADODQOT @WOOOE
AOADODQOT @WOOOE
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Evaluation

Graphcut
FCN (Person Class)
PortraitFCN

PortraitFCN (Only with Mean Mask)
PortraitFCN (Onlywith Normalized x and)y
PortraitFCN-

c AOADODQOT @WOOOE
AOADODQOT @WOOOE
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Comparisons
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Comparisons

Ground Truth

66



Comparisons
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Comparisons
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Comparisons

PortraitFCN
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Comparisons

PortraitFCMN
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Comparisons

Input Ground Truth

loU=0.83

loU=0.85
FCNB8s

loU=0.42

loU=0.91
Graphcut

loU=0.99

loU=0.98
Ours
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