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Video and Image Computing Lab

< Location
= VIC Lab website: http://www.viclab.kaist.ac.kr
= Ofhces
Professor: Rm. 1107, Bldg. N24, KAIST
Students: Rms. 1106, 1108, Bldg. N24, KAIST

< Members

= Professor

Munchurl Kim (Full Professor)
= Ph. D. Students (9 persons)

= Master Students (8 persons)
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Video and Image Computing Lab

<+ Research Areas

* Computational Imaging and Image/Video Processing
Machine/Deep Learning based single Image and Video Super Resolution

(Reserve) Tone Mapping for (SDR-to-HDR) HDR-to-SDR Conversions

Deep Learning based Image Denoising,

4K/8K
(Higher Resolutions)

Motion Deblurring

Frame Rate Up Conversion (FRUC)

Bit Depth High Frame Rate

Image Dehazing 10-16 bits SR 60/120/240fps

(UHQ)
Ultra High Quality

Camera Image Signal Processing (ISP)
o Denoising and Demosaicking for CFA Images

o Denoising for Low-light Images
WCG HDR

(Wide Color Gamut) (High Dynamic Range)

Image Dehazmg BT. 2020 Above 500 nits

Quality Enhancement and Defect Detection for Semiconductor Wafer Images
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Video and Image Computing Lab

<+ Research Areas

* Image Quality Assessment
Perceptual Visual Quality Distortion Metrics based on HVS’s Perceptual
Quality Modeling

Perceptual Visual Quality Estimation for Full-Reference, Reduced-Reference,

No-Reference

* Deep-Learning based Object Recogmtion
Automatic Target Detection and Recognition for SAR Imagery

Classification of Ballistic Missile Fragments

* 2D/3D Video Coding
Deep Video Compression for High Compression and High Quality

Perceptual Video Coding (PVC)
HDR Video Coding Optimization

' VIDEO AND [MAGE
4 KAIST EE
Las ELECTRICALENGINEERING
VIC LAB



1. Z5| &=} (Super-Resolution, SR)

< SR 7|t

= X 5}j & &= (Low-Resolution, LR)
IS =22 H 15} 4f T (High-
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FHD: 19201080
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F2} (Super-Resolution, SR)

Machine Learning
Deep Learning (e.g. Neural Net, CNN)
Nonlinear Functions (e.g. ReLU)

Visually High Quality
High-Resolution
High Frame Rate

Residual Learning Output Video
Low-Resolution Residual Network
Low Frame Rate
Input Video
Super-Quality Perceptual
Super-Resolution —>|  Quality Metric
Architecture For Super-Resolution
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1.1 Proposed SR Network using SU (SelNet)

Selection Unit (SU)

1x1

.............................................

Bicubic

22 conv layers

Improved residual units
Residual learning

Sub-pixel convolutions
Gradient switching for training

+ + + + +
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N
= Selection Unit (SU) :
» A novel nonlinear activation unit for the E
SR problem. E
v" Filter A: 3x3 Conv
v" Filter B: 3x3 Conv - ReLU - 1x1 Conv
31
308 ® APSNR performance curve for our toy network
R 30.6 with SU and a baseline network with ReLU.
vg.
psNR >4 ® The basic architecture for the both networks
30.2 are the same (6 conv layers).
30 ® The number of channels for two networks is
298 adjusted, so that the total number of filter
13 5 7 9 1113 15 17 19 21 23 25 parameters are the same.
Epoch
—o—(urs ==e=Baseline
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1.1 NTIRE Challenge 2017

21.JULY HONOLULU, HAWAII .4thP1ace

N TI R E 2 O 1 7 * The lowest computational complexity

* The highest SSIM value for a scale factor of 4

New Trends in Image Restoration and Enhancement workshop

and challenge on image super-resolution
in conjunction with

CALL FOR PAPERS

4th
Scale| Metric Lst 2nd 3rd Our
SNU_CVLab’| SNU_CVLab?|Lab402 SelNet’
PSNR 34.93 34.83 34.66 | 34.29
5 SSIM 0.948 0.947 0.946 | 0.943
Time 67.24 14.07 4.08 0.54
Complexity x125 x26 x8 -
PSNR 31.13 31.04 30.83 | 30.52
3 SSIM 0.889 0.888 0.882 | 0.880
Time 28.72 7.34 5.12 0.27
Complexity x106 x27 x19 -
PSNR 26.91 29.04 28.83 | 28.55
4 SSIM 0.752 0.836 0.830 | 0.845
Time 20.05 5.24 5.22 0.19
Complexity x106 x28 x27 -

'R. Timofte, et al. NTIRE 2017 challenge on single image super-resolution: methods and results. IEEE CVPRW: NTIRE Challenge, Hawaii, USA, 2017.
2B. Lim et al. Enhanced deep residual networks for single image super-resolution. IEEE CYPRW: NTIRE Challenge, Hawaii, USA, 2017.
3).-S. Choi and M. Kim. A deep convolutional neural network with selection units for super-resolution. IEEE CVPRW: NTIRE Challenge, Hawaii, USA, 2017.
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1.2 CNN 7|8k A A ZF SRHW A A S FPGA +4

HW Design and Real-Time (4K60P) Implementation of CNN-based Super-Resolution
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https://www.youtube.com/watch?v=2VbgFCSnLfA

2. DCNN based Reverse Tone Mapping

Ofl 1]

HDR O:I Al

SDR &5 G4 =B S0o° MR LY
= 8 bits/pixel = 10 bits/pixel FE| K AHA
= BT 709 = BT. 2020 HDR =2=Sc
= Gamma = PQ-OETF
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. based Reverse Tone Mapping
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3. Motion Debluring (& & S & H|AH)

< Motion blur(2%| & S &)
= Gt =2l5 MHEHO M ZHH 21| titE Z A Y EE
= HLF 7-H 2F o] == A A
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Blur Kernel Non-uniform Motion Blur
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3.1 CNN 7|4t 2212 S &l XA

** CNN-based Motion Deblur Network with Our ERC Unit
= ERC - Extended Receptive-Field Convolution Unit

Input Convolution _ Down-scale  Up-scale ; Convolution  Output

Layer Auto Encoder Auto Encoder Layer

Proposed CNN Structure with Enlarged Receptive Convolution (ERC) Units

.................................................................. P
: Convolution Convolution
[ (Stride 2) (Strlde 1) \
a SeISc'Fion | Selection |
i nit Unit I
i Down-scale | Up-scale " B I
Input Feature Maps Activation Feature maps Activation ‘ Feature Maps Output
(HxWxC) (H/2 x W/2 x 4C) Function (H/2 x W/2 x 4C) Function (H/2 x W/2 x 4C) (HxWxC) l

\——————'

.
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3.2 Experimental Results of GOPRO dataset

¢ Input Blurry Image
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3.2 Experimental Results of GOPRO dataset

«» Result of Our ERC32 net
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3.2 Experimental Results of GOPRO dataset

¢ Input Blurry Image
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3.2 Experimental Results of GOPRO dataset

«» Result of Our ERC32 net
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3.2 Experimental Results of GOPRO dataset

*» Input Blurry Image
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3.2 Experimental Results of GOPRO dataset

+* Result of Our ERC32 net
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3.2 Experimental Results of GOPRO dataset

¢ Input Blurry Image
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3.2 Experimental Results of GOPRO dataset

«» Result of Our ERC32 net
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3.3 Experimental Results of DBN dataset

¢ Input Blurry Image
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3.3 Experimental Results of DBN dataset

«» Result of Our ERC32 net
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4. Frame Rate Up-Conversion (FRUC)

< Motion judder is jerky movement on screen.

< FRUC is used to increase the number of frames for improving visual quality.

= Avideo plays more smoothly because increasing the number of frames alleviates
discontinuous motion which is called motion judder.

(30fps)

: Original frames

(60fps)
. Interpolated frames
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/ 4.1 Workflow of conventional ME & MC based FRUC \

Frame Rate Up-Conversion

\\ Video (60fps)

\

Previous frame
—)

Motion estimation
(ME)

Motion Vector
Refinement (MVR)

Current frame

ME": Motion estimation
L MC": Motion compensation

Motion-
Compensated
Frame Interpolation
(MCFI)

Intermediate frame

.

32
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4.2 Hierarchical CNN-based FRUC Network

Shift positions to

Shift positions to
convolvu

ed

Bilinear with
0.5 scaling ration

) 4
* |

Imglnterp.

%)
51

AV NN

: Averaging pooling layer a: Bilinear upsampling layer
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4.2 Hierarchical CNN-based FRUC Network
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4.3 convLSTM 7| ¥t FRUC
+* convLSTM Network for FRUC

Feature Feature ma
. . convLSTM encoder bottleneck  convLSTM decoder P
Tlme, t extraction kernels

g [T 42
L
i

. X : Ski
ﬂconvLSTM Econvolutlon m RelLU ' average mupsamhne; — P C State of convLSTM
pooling = connection

Architecture of the proposed convLSTM FRUC
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4.3 convLSTM 7| ¥t FRUC

«¢» convLSTM Network for FRUC
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Pocari area 71%t frame
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Niklaus [2]

[2] S. Niklaus, L. Mai, and F. Liu, "Video Frame Interpolation via Adaptive Separable Convolution," Proc. [EEE Int. Conf. Computer Vis. (ICCV), Venice, Italy, Oct. 2017.
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Proposed Hierarchical CNN-based VFI
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Short track 743t frame
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Short track 744t frame
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Niklaus [2]

SEIS sports

LIVE

L ¢ ,f‘L/;fzfzfvs
NN 7T

22012 850

[2] S. Niklaus, L. Mai, and F. Liu, "Video Frame Interpolation via Adaptive Separable Convolution," Proc. [EEE Int. Conf. Computer Vis. (ICCV), Venice, Italy, Oct. 2017. J
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Proposed Hierarchical CNN-based VFI

. LE ok 8:50

WR 39.937 ;
4.4
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9. Image Dehazing

< Image haze is of the sources that not only lower image aesthetical values,
but also cause significant performance degradation for object recognition.

< Thus, image dehazing is an essential preprocessing to both aesthetic
photography and computer vision applications.

< Our Approach

Downscale of input hazy images for large receptive field sizes
Hard

downscale Easy downscale  Hazy Image

Clean Image

Reducing the input image sizes by using a simple bicubic interpolation method, and
then extending the generated dehazed images by the same interpolation method.

- Homogeneous region-dominant image (Indoor dataset) = Large downscale ratio(KT)

- Complex texture-dominant image (Outdoor dataset) = Small downscale ratio(KY)
KKAIST EE
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9. Image Dehazing

Skip connections

Output . X .

-
—————

Lg = JanerrDeke +411|G(x) =¥+ 66 Lra

GAN loss L1 loss Perceptual loss

< Our Fully End-to-End learning based Conditional BEGAN for Image Dehazing

Fake loss
D(G(X), X)

Hazy Image is also input to the
Discriminator as structure condition

Real loss

DY, X)

y

u
L@
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5.1 NTIRE Challenge on Image Dehazing
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9.2 Experimental Results

(b) Hazy (c) pix2pix

[
Methods (dB)

2114 0.8472

AOD-net
(ICCV 16] 19.06 0.8504

(d) BEGAN (e) CBEGAN RO 22.07  0.9187
m@um 48 KAISTEE




6. Automatic Target Detection/Recognition

< Synthetic aperture radar(SAR)
= Can operate in all weather conditions, day and night
= Back-scattering of electromagnetic-wave
= Difficult to interpret intuitively

< Decision based on expert group
= Huge expense and time

< Needs of recognize and analysis algorithm for SAR
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6. Automatic Target Detection/Recognition

< Deep CNN based Approach with Multi-Stage ATD/R

A Proposed multi-stage Automatic Target Detection and Recognition System

Regions of
Input data interest
Sensory
imagery

Target
categories

(€1} 4 feature maps {52) 6 feature maps  (CZ) & feature maps

Ty %y

Tuty MLP

= Target Candidate Detection

= Discrimination of False Targets
= Low-Complexity-CNN based Discriminator

= Target Classification and Recognition
= Deep CNN based Classifier

A

50
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6. Automatic Target Detection/Recognition

< Deep CNN based Approach with Multi-Stage ATD/R

= Data Augmentation of ISAR Target Data
Translation

DA=20° DA=15°

Speckling Noise
Pose (azimuth angle) Synthesis

Stationary
radar

DA: depression angles

6=80°
0
1

\otate

Stationary
radar

A
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6.1 Automatic Target Detection/Recognition

< Deep CNN based Approach with Multi-Stage ATD/R

= Feature Learning of ISAR Target Data
Sparse Autoencoder for low-complexity and fast processing

Full
.. Connection -4

X
X5
X =
- ~< XG
x N Y, [ 6 ]
v v
Encoder Decoder

mithg(X)—xH2+,1- Z‘ai‘ Layer2  Layer 3
0 i

reconstruction L T N
error term 1 Sparsity term
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6.2 Automatic Target Detection/Recognition

< Deep CNN based Approach with Multi-Stage ATD/R

= Deep CNN based Classifier for SAR Target Recognition
= 99.42% accuracy for 10 class classification (15 layers)

4

Conv1l Conv2 | Conv3

L Conv9 'Convlo
2@3x3 32@3x3 .
: Convolution
I layer

~
—_—
-

: Max Pooling : Dropout

. Softmax
layer layer

A
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6.3 &€l Z1}-ATDRR

< Deep CNN based Approach with Multi-Stage ATD/R

Target Detection
Network

| %

<Result of target
detection network >

Input
SAR data _
Target Recognition et ~N
_ Network Receptive fields
SAR ATD-ATR ¥ < |
Output = Target >
SE I =

LLLLLLLLLLLLLLLLLLL
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6.3 &€l Z1}-ATDRR

oo Deep FNN baqu Annrnaoh Wﬂ-h Mnlh-qmop A'TT)/R
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VICLAB

A AQ=OX| AA 2
6.1 3 oIx| '
e JNQD &S HEVCS| X 2|0 8%t of
2 &= Y (HM11.0, All Intra) CHH| F2H5 43 o ot U AHE A2t H| 0
> R=100*(1- (B2 YHE Y HEZ) - (FHH U5 S HEZ) (2 YF YL HEZ))
> DMOS = (&l & F4&2| MOS) - (F&& &= H4 MOS), MOS : mean opinion score
Sequence R (%) DMOS (std)
(sizes) QP ];;el;s LR-JNQD Jcl\lng Bac’s IND LR-JNQD JCI\IIVSD
22 [ 3996 3735 4225 |-07(009) 0.1(0.7) 0.0(0.8)
BQTerrace | 27 | 1643 -0.6(1.0)  -0.5(0.4) -0.40.7)
(1920x1080) | 32 0.02 -0.4(1.0)  0.0(1.0)  0.2(0.6)
37 | 058 -0.8(0.7)  0.000.4)  0.3(0.6)
22 | 2794 08(1.1) -02(0.9) -1.0(1.2)
Cactus 27 | 833 -0.7(0.8) -02(0.9) -0.6(0.9)
(1920x1080) | 32 | 1.52 0.5(1.7)  -04(1.1) -0.5(1.1)
37 | 039 -02(0.9) -0.1(1.2)  0.4(0.9)
22 | 2428 07(1.0) -0.1(0.7) -0.4(0.9)
ParkScene | 27 | 7.95 -03(0.7)  0.000.4) -0.1(0.6)
(1920x1080) | 32 | 197 0.4(0.7)  0.1(0.7)  -0.7(0.8)
37 | 055 0.100.7)  -020.9) -0.12.4)
22 | 2331 -0.7(0.9) -0.6(1.4) -0.500.7)
BQMall 27 | 975 -10(1.1)  -02(0.8)  0.1(0.9)
(832x480) | 32 | 055 0.1(0.9)  0.000.9)  0.0(1.0)
37 | 032 03(1.0)  04(14)  0.7(1.3)
22 | 3285 -0.8(0.9) -04(1.7) 0.0(1.1)
PartyScene | 27 | 16.88 -0.6(0.9) -03(1.4) -0.5(0.9)
(832x480) | 32 | 091 -0.5(1.0) -0.1(1.1) -0.4(1.1)
37 | 040 -02(1.0) -02(1.3) -0.7(1.0)
22 | 2675 02(1.0) -03(1.0) -02(0.9)
RaceHorses | 27 | 15.64 -0.7(0.9) -0.1(1.1) -0.3(0.9)
(832x480) | 32 | 057 -02(0.6) 0.1(1.1) -0.2(0.5)
37 | 035 -0.4(0.8) -03(1.4) -02(0.8)
Avg, 10.76 -05(0.9) -02(1.0) -02(0.9) )
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Orlglnal HM 11.0 (32”3'!Ilbps) Proposed PVC (CNN)’(1'5 1 Mbps)
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