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About Me

1. Awards
*  Naver Paper Award (Summer Annual Conference of IEIE 2022)
e Graduation Project 1% Prize
2. Publications
* International
e  Four Published Journal Papers
*  One paper is published in Neurocomputing (IF: 6.0) (1%t Author)
- Pose Transfer
* One paper is published in Advanced Intelligent Systems (IF: 7.4) (Co-First
Author)
- Semiconductor Process Prediction and Input Optimization
*  One paper is published in Sensors (IF: 3.847) (15 Author) - Spine Detection
*  One paper is published in Sensors (IF: 3.847) (3" Author) - Text2Image
Review
*  One paper is under review (15t Author)
* Domestic
* Two conference papers
3. Patents
* Domestic
* Three patent applications

ICVSLab: Intelligent Computer Vision Software Laboratory @ YNU


https://drive.google.com/file/d/1cIR5tg0jkCucKVEr-DSaeQimEZaFeKCi/view?usp=sharing
https://drive.google.com/file/d/1W4ZKnRMRQdehYx3-Y0q2P8o4iAn0pbKm/view?usp=sharing
https://www.sciencedirect.com/science/article/abs/pii/S0925231223007427?via%3Dihub
https://onlinelibrary.wiley.com/doi/10.1002/aisy.202300089
https://www.mdpi.com/1424-8220/22/22/8628
https://www.mdpi.com/1424-8220/22/18/6816

Proj ects

e Contents

1. Semiconductor Process Prediction and Input Optimization
* Collaborated with POSTECH and SK Hynix Inc.

2. Medical Image Processing
* Vertebral Landmark Detection on X-ray Images
* Collaborated with Korea Institute of Oriental Medicine

3. Medical Image Processing
* Vertebral Landmark Detection on X-ray Images
* Collaborated with Korea Institute of Oriental Medicine

4. Image Generation with Mixamo and Fashion Video Dataset
* Pose Transfer

5. Image Generation with the dataset we created
* Pose Transfer

6. Image Inpainting (Mask Remover Application)
* Take Off Your Mask !!
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1.  Semiconductor Process Prediction and Input Optimization

B Machine Learning For Semiconductor

.o POSTECH SK hynix
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*  Hyeok Yun*, Chang-Hyeon An* et al., “Accurate Prediction and Reliable Parameter Optimization of Neural Network for

Semiconductor Process Monitoring and Technology Development”, Advanced Intelligent Systems. (*equal contribution)
(IF: 7.4, JCR, 13.1%)
« DOI: 10.1002/aisy.202300089.
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1.  Semiconductor Process Prediction and Input Optimization

_
L _ —~4

\ \

B Machine Learning For Semiconductor e,

T ,
POSTELCH SK hynix
XM gl A J
¢ -'_—||' o X E-'_|—|'

1. Framework 2. A1}
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LIHX] 242 MLPO|| oF ¥ O S1tA|Zl F| =282 BOot0 X[FT 222 A (Trim-Final Decision measurement \method | (/U5 G i ey (tain/ test)
d I MSE (1otal data) 4.648e-5/ 3.991e-5/ 3.992e-5/
Model-mean) 8 : L0994 9.413¢-5 9.814e 5
A @y ZEPM) — PDP._ R W v v S Yot

Pyy : Z(EPM) — PDP N % VISE (e 1362657 34995/ 3550e 57

% 7 N SE (sparsc data) 130ded  9.646e:5 1072¢-4

7 +71 0.9541/ 0.9632/ 0.9625/

2'Os4 F R (sparse data) 0.8662 0.9010 0.8900

Input 1 v Y .

_ (EPM) 22 V- Qrop Pre — PDPl TABLE 2: Comparison of prediction performance (MSE, R?)
trim | | Output .y ) ‘\ between the single NN and our proposed methods. Here,
mean (PDP} ! H, H, sparse dataset represents the bottom one-third of k-NN den-

compo. hidden layer FOM sity.
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E 1.0 Sid:0.080  width:0.228  width:0.213
o 0.928 $1d:0,036 sid:0.036
Pre — PDP; ( )k > ( ) Final — PDP, EO 1 w0918 a1
. . o %) - 8 081
randomized train (70%) ! test (20% Pre —PDP,(O) ?"0"" O Final = PDP, Output o ;
randomized valid (10%) Py (PDP) 0.8
Pre—PDP, () v & Final - PDP; . . .
FIGURE 3: Our k dd B [ traini : /,\\ : S_ingle_NN ‘I'riml-rn_ean Trim-FDM-mean
_. E S0 Our networ S[rL}Cture an ( ata Ijﬂ[]() ) tlalm.rlg, Pre = PDPN A Fmai— PDPN Opllmallnpulopllmlzed by each method
validation, and test. Normalized PDP is estimated by trim- FIGI ' PDP values of optimal EPM and RV based on
mean of outputs of N MLPs. — o b e e i
I'IGURE 4: Overview of trim-FDM-mean. by eac eodhod (- oomdinste, Do plots e (e vecags
and standard deviation of 100-NN-outputs, and error bars
mean the ranges of 100-NN-outputs with RV-inputs based on
optimal EPM by each method (x-coordinate) for 100 times.
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3. Medical Image Processing

Bl Vertebral Landmark Detection on X-ray Images \)
otavto|olol el
[ ] 7 | |7_|- KOREA INSTITUTE OF ORIENTAL MEDICINE

2022/01 ~ 2022/12
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- 2 EXNTZ2=2EG7| o Qo 2M MEQE EXY o= Y= HF landmark detection network 7Hf 2.
« HNFO|dENM EMY, HF EZAH X |H EMH 2 1215t H=SHA landmarkE 0 EFE 4= U= network
X[t
., Oro sk
EL—_ 1=
« Landmark detection network 7H .

« MDPI Sensor X' 20| =2 & (1 HXP).

» Chang-Hyeon An et al., "Part Affinity Fields and CoordConv for Detecting Landmarks of Lumbar Vertebrae
and Sacrum in X-ray Images®, MDPI Sensors (IF: 3.847, JCR: 28.91%)
« DOI: 10.3390/s22228628.
- =L E5 &3 (10-2023-0063653).
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3. Medical Image Processing

B Vertebral Landmark Detection on X-ray Images AY,
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Heatmaps and PAFs for the lumbar spines and sacrum.
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Ours Kim et al.

Ref:

[1] Nibali et al, An Intriguing Failing of Convolutional Neural Networks and the CoordConv Solution, Arxiv

[2] Cao et al., Realtime Multi-Person 2D Pose Estimation using Part Affinity Fields, CVPR 2017

[3] Kim et al., Automatic detection and segmentation of lumbar vertebra from X-ray images for compression fracture evaluation, computer methods and programs in biomedicine.
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2. Medical Image Processing

B Vertebral Landmark Detection on X-ray Images
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Chang-Hyeon An et al., "GLCANet: Glocal Context-Aware Lumbar Vertebral Landmark Detection Network on X-ray
Image®, under review
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2. Medical Image Processing

\)

oI ot0|o[0i )

KOREA INSTITUTE OF ORIENTAL MEDICINE

B Vertebral Landmark Detection on X-ray Images

« A1} Demo

1. Framework

¢ NHANES II's lumbar X-ray dataset, BUU Spine Dataset &&

Otst= BB E9fl baseline HIERA2| 58 10% 74 5IH, state-of-the-art methods [1, 2, 3, 4] ECt pixel level 12|10 FH| 37| CHH| errorf M &2 4

Table 1

Comparison with the state-of-the-art methods. Each table presents the average distance error and (the standard deviation) of all
landmarks of each vertebra. The values in the upper table represent the pixel value of the Euclidean distance between predicted
landmarks and the corresponding ground truth in the original image resolution. The values in the lower table represent the

percentage of the relative distance errors ([16]).

U-Net U-Net++ U-Net3+ HRNet

indicates a predicted landmark, and each blue circle indicates ground truth.

Figure 5: Comparison with the state-of-the-art-methods include U-net [21], U-Net++ [23], and U-Net3+ [24]. Each yellow circle

Methods L1 L2 L3 L4 LS 51 Average
U-Net [21] | 10.9772(9.2000) | 9.7713(5.6559) | 9.5263(6.2054) | 9.0208(4.1708) | 13.0160(7.0035) | 34.3020(62.5758) | 14.5867(27.7319)
U-Net++ [23] | 11.0470(10.0855) | 9.2873(3.9406) | 9.2368(4.6058) | 0.7566(4.1832) | 12.1173(5.0664) | 20.4700(16.2210) | 11.9858(9.5407)
U-Net3+ [24] | 11.2190(10.5203) | 9.2249(3.9957) | 9.2671(4.9080) | 9.7317(4.2429) | 11.7622(6.0738) | 20.4282(15.5553) | 11.9388(9.4726)
HRNet [30] | 12.5203(11.3461) | 10.7202(3.9078) | 10.5421(4.3761) | 11.1141(3.9043) | 13.0420(5.8488) | 21.8804(14.5009) | 13.3033(0.2012)
Ours 11.5117(11.2156) | 9.5408(4.7709) | 8.8871(3.9203) | 9.6159(4.3672) | 12.0306(6.7970) | 18.8936(15.2015) | 11.7466(9.3793)

Methods L1 L2 L3 L4 L5 51 Average
U-Net [21] | 5.2008(4.8072) | 4.4219(2.6530) | 4.2653(3.1371) | 4.5405(2.0547) | 6.1020(4.1702) | 14.2106(25.6780) | 6.4750(11.5804)
U-Net++ [23] | 5.1004(5.0527) | 4.2334(1.0995) | 4.1627(2.3373) | 4.4753(2.0242) | 5.7720(3.0066) | 8.5556(7.3894) | 5.3982(4.4137)
U-Net3+ [24] | 5.3280(5.4374) | 4.1931(1.9161) | 4.1593(2.2179) | 4.4671(2.0458) | 5.6184(3.2119) 8.4933(7.0066) 5.3765(4.3772)
HRNet [39] 5.8476(5.2726) | 4.8303(1.8729) | 4.6896(2.0024) | 5.0646(1.9851) | 6.2025(2.9890) 9.0765(6.5890) 5.9518(4.1800)
Ours 5.4052(5.2649) | 4.3524(2.3258) | 3.0897(1.8688) | 4.4124(2.1111) | 5.7489(3.4952) | 7.0150(7.1157) | 5.3039(4.3608)

Ref:
[1] Ronneberger et al., . U-net: Convolutional networks for biomedical image segmentation, MICCAI 2015.
[2] Zhou et al., Unet++: A nested u-net architecture for medical image segmentation, DLMIA 2018.

[3] Huang et al., Unet 3+: A full-scale connected unet for medical image segmentation, ICASSP 2020.

[4] Wang et al., Deep high-resolution representation learning for visual recognition, TPAMI 2020.

ICVSLab: Intelligent Computer Vision Software Laboratory @ YNU



https://drive.google.com/file/d/1qqvD5lNUjRay2RpkFXvDyxRI4-VTlD0F/view?usp=share_link
https://www.nlm.nih.gov/databases/download/nhanes.html
https://services.informatics.buu.ac.th/spine/

4. Image Generation with Mixamo and Fashion Video Dataset

B Pose Transfer
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«  Dataset 75, demo web page M| &,
«  Neurocomputing X 20 ==& =Tt (1 X X}).

*  Chang-Hyeon An and Hyun-Chul Choi, “"CaPTURe:
Cartoon Pose Transfer Using Reverse Attention”,
Neurocomputing (IF: 6.0, JCR: 27.9%) .

DOI: 10.1016/j.neucom.2023.126619. -

- TU £ =3 (10-2022-0106683). Good Case

12 1. Open Pose & &3
character 2| 2& keypoint £

K, ﬁ estimation 3+ Z 1}

Bad Case
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https://github.com/CMU-Perceptual-Computing-Lab/openpose

4. Image Generation with Mixamo and Fashion Video Dataset

B Pose Transfer
. I Y Aq}

Project Page
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Ref:

Siarohin et al, Motion Representations for Articulated Animation (MOAA) — CVPR 2021

Siarohin et al., First Order Motion Model for Image Animation (FOMM) — NeurIPS 2019

Liu et al,, Liquid Warping GAN: A Unified Framework for Human Motion Imitation, Appearance Transfer and Novel View Synthesis (LWGAN) — ICCV 2019
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5. Image Generation with the dataset we created
B Posc Transfer

 2021/03~2021/07
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5. Image Generation with the dataset we created

B Pose Transfer

. Iy Y 2D}
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5. Image Generation with the dataset we created

B Posc Transfer
- St 1P (Feature Matching Loss)
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6. Image Inpainting (Mask Remover Application)
B Take Off Your Mask !!

. 7]
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6. Image Inpainting (Mask Remover Application)
B Take Off Your Mask !!

« X THE, Demo

server
upload /
Face Detection & Cropping

!

Remove Mask & Generate Face

s
1

Remove used images

\ 4
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https://user-images.githubusercontent.com/61732687/113242086-0c85d780-92eb-11eb-9f0e-2d1ace3688f4.mp4

6. Image Inpainting (Mask Remover Application)
B Take Off Your Mask !

* Face inpainting network 1}°3

1.Dataset T3 2. Face Inpainting 3. 21}
Kaggle Dataset 12|11 CelebA 2} =3t dataset S =25 Generative Test Set Of| A
Masking ToolZ OFAIE £ 2l Adversarial Network (GAN) 7|2} face

= AT, inpainting network &

OpA3 22 ARTlat OF 2 AP S

AHESH O A3 segment map S
M
o.

\\dﬂ -
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https://mmlab.ie.cuhk.edu.hk/projects/CelebA.html
https://github.com/aqeelanwar/MaskTheFace

Thanks
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