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Research on CV

ÅPixel based (low level/ early vision)
ÅFiltering, restoration, denoise, enhancement, deblur, 

editing, dehaze, etc.

ÅRegion/ Patch based (Middle level vision)
ÅMatching, optical flow, stereo matching, tracking, 

segmentation, etc.

ÅObject/ Semantic based (high level vision)
ÅSemantic segmentation, Object detection, image 

classification, recognition, etc.
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ÅPixel based (low level vision)
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editing, dehaze, etc.
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ÅMatching, optical flow, stereo matching, tracking, 
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ÅObject based (high level vision)
ÅSemantic segmentation, Object detection, image 

classification, recognition, etc.





Multi-Spectral Image Restoration

ÅInput
ÅNoisy RGB image I0

ÅE.g. captured at night

ÅClean guidance image G
ÅE.g. dark-flashed NIR, or flashed RGB images

ÅOutput
ÅDenoisedimage I
ÅStructures are clear as guidance G.
ÅAppearance is the same as image I0.
ÅShadow/Highlight does not affect.
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Scale Map

ÅGiven Ὅᶻςthe expected ground truth noise-
free image, our scale map s is defined under 
the following condition

ÍÉÎ​Ὅᶻ ί​Ὃ

ÅIt adapts structures of Ὃto that of I*.

ÅIt is an ideal ratio map between ​Ὃand ​Ὅᶻ.
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Result

7Our Result Ground Truth

Input Noisy Image Input NIR Image



RGB Input I
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NIR Input G
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BM3D
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Our Result
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Mutual-Structure Filter

[ICCV 2015 Oral Presentation]



Depth/RGB Restoration

Noisy Depth



Depth/RGB Restoration

Noisy RGB Image



Depth/RGB Restoration

Ground truth



Depth/RGB Restoration

Ours
PSNR = 37.19



Rolling Guidance Filter

One line code only: Ὅ ὐὊὍȟὍ

[ECCV 2014 Oral Presentation]



Texture Removal
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Halftone Image
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De-Filter

One line code only: Ὅ Ὅ Ὅ ὊὍ



Reverse Skin Retouch

Retouched input



Reverse Skin Retouch

Reversed



Reverse Skin Retouch

Before retouch





Multi-Spectral Matching

ÅMatch general multi-spectral images with 
significant displacementand obvious structure 
inconsistency

Different Exposures                       RGB/Depth                              RGB/NIR                                Flash/No-flash



Result

ÅMatch RGB/NIR image pair

InputsOur ResultBlended



Applications

ÅHDR construction

Without AlignmentWith AlignmentConstructed HDR



Internet Image Matching

Reference Input

Dense 
Correspondences ?

Exist Correspondence

No Correspondence

[SIGGRAPH ASIA 2016]



Our Motivation

Reference Input

Dense 
Correspondences ?

Foremost Region 
Matching



Time-lapse Generation



Automatic Morphing



Automatic Morphing



Object-based Matching
Achieve higher accuracy with the help of object (person)



Object-based Matching

State-of-the-art Ours





Classification and Segmentation

ÅFine-grained Classification
ÅDeepLAC(CVPR 2015)

ÅText detection and recognition

ÅSemantic object segmentation
ÅPortrait segmentation and matting

ÅVOC challenge



Automatic Portrait 
Segmentation



Motivation

ÅAbundant portraits in smartphone photos
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Portrait, 
30%

Others, 
70%

Samsung UK

Portrait, 
90%

Others, 
10%

Symon Whitehornfrom HTC



Portrait Post-processing
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Foreground Selection

40



Quick Selection
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Automatic Segmentation
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Automatic?



Challenges 
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Similar Color Complex Background Various Accessories

Low Contrast Diverse PoseComplicated Edges



Possible Solutions

ÅGraph-cut with face tracker
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Possible Solutions

ÅCNNs for semantic segmentation
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Most Related Work

ÅInteractive Image Selection
ÅLazy snapping [Li et al. 2004]
ÅGrabcut[Rotheret al. 2004]
ÅPaint Selection [Li et al. 2009]

ÅCNNs for Semantic Object Segmentation
ÅFCN [Long et al. 2014]
ÅDeepLab[Chen et al. 2014]
ÅCRFasRNN[Zheng et al. 2015]

ÅImage Matting
ÅBayesian matting [Chuang et al. 2001]
ÅClosed-form matting [Levin et al. 2008]
ÅKNN matting [Chen et al. 2013]
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Our Approach
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PortraitFCNand PortraitFCN+



Our System
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Detector

Conv ReLU
Pooling Conv

ConvPooling
ReLU

DeConv Mask
[Long et al. 2015]

PortraitFCNModelRGB Channels 2 Outputs



PortraitFCN
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ÅFine tune it from original FCN-8s model

Portrait 
Knowledge



PortraitFCN+
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Detector

Conv ReLU
Pooling Conv

ConvPooling
ReLU

DeConv Mask
[Long et al. 2015]

PortraitFCN+ ModelRGB+Shape+Position 2 Outputs

Shape Position



Shape Channel
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ΧΧ

Labeled Masks

Align

Canonical Pose

Mean

Shape Channel

ὓ
Вύ Ὕʐὓ

Вύ

Align

Test Image



Position Channel
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Canonical Pose

x- Coordinate y- Coordinate

Position Test Image

Align



Effectiveness 

53

Input



Effectiveness 
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PortraitFCN



Effectiveness 
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PortraitFCN+



Experiments and Applications
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Our Dataset

Å1,800 portraits from Flickr with labeled mask
Å1500 portraits as the training data

Å300 for testing

ÅLarge variations on portrait types
ÅAge, color, background, clothing, accessories, head 

position, hair style, lighting, etc.
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Training

ÅFine turn the model starting from FCN-8s
ÅSynthesize more data with different transforms

ÅUsing the person class and background weights

ÅFind the best learning rate
ÅLoss

Åaccuracy
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Find the Best LR
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Evaluation
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Methods Mean IoU(%)

Graph-cut 80.02

FCN (Person Class) 73.09
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Evaluation
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Methods Mean IoU(%)

Graph-cut 80.02

FCN (Person Class) 73.09

PortraitFCN 94.20

PortraitFCN+ (Only with Mean Mask) 94.89

PortraitFCN+ (Onlywith Normalized x and y) 94.61
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Evaluation
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Methods Mean IoU(%)

Graph-cut 80.02

FCN (Person Class) 73.09

PortraitFCN 94.20

PortraitFCN+ (Only with Mean Mask) 94.89

PortraitFCN+ (Onlywith Normalized x and y) 94.61

PortraitFCN+ 95.91
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Comparisons
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Input



Comparisons
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Ground Truth



Comparisons
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Graph-cut



Comparisons
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FCN-8s (Person)



Comparisons
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PortraitFCN



Comparisons
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PortraitFCN+



Comparisons
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Input Ground Truth

IoU= 0.83 IoU= 0.42 

IoU= 0.91 IoU= 0.85 

FCN-8s Graph-cut

IoU= 0.99 

IoU= 0.98 

Ours


