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» High-Resolution Network (HRNet)
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K. Sun, B. Xiao, D. Liu, and J. Wang, “Deep High-Resolution Representation Learning for Human Pose Estimation,” CVPR, 2019.
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> Scalable Pose Network
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> Percentage of Correct Keypoints head-normalized (PCKh@0.5)
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v 2.6_1024: 95.75% (£7| ‘45), 95.81% (8™ &5
v 2_6_1024_blur: 95.95% (X£7| 45), 95.59% (HH 45)

98.33 97.97 98.69 98.84 96.37 90.12 94.11
98.47 97.67 98.91 98.98 96.00 91.06 93.90
98.47 97.53 98.69 98.62 96.44 91.64 94.69
97.38 96.66 99.06 98.76 96.95 91.57 94.26
| Left Shoulder | ___LeftBlbow | leftwrist | RightHip | __ Rightknee | RightAnkle | ___leftHip |
95.86 91.06 92.88 98.47 98.84 98.69 96.29
95.93 91.28 93.31 98.69 99.06 98.76 96.80
95.49 91.72 93.75 98.11 98.62 98.91 96.51
95.71 91.79 93.68 98.40 98.84 98.76 96.80
98.26 99.13 97.89 98.62 98.55 98.18 73.62
98.26 99.06 97.89 98.62 98.62 98.33 72.46
98.47 99.13 97.97 98.18 98.33 97.97 75.73
98.55 99.13 98.40 98.33 98.33 98.33 67.81
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> Pose-Guided SwingNet (PGSwingNet)
v ZF Z3Q mKof Mo 2AHII E £ Q= EX MHE Jlo|E HEE Y M2
%|23}1517| 218 Residual approachE 0|&3}0{ Z

v/ oE IHON £ El= HEE
z2 o 2|3 NNE A

v TUE £F UHSS AZEE LSTMO| SFAH 32

v 2t TY YUY 2t AMo| TES FH0] 2 AMO| It
ojojx| ZH Y Zt A AlAAS FHY

Video frames
/ \ o Action frame_num
N
ScalePoseNet Address 108
l — .\
Take-back 142
keypoints
o (e () f Back-swing 159
i Top 178
—’Z‘ ?\) Down-swing 197
aihe N — Impact 201
\ Points to gaussian heatmap \\ / FO”OW-thrOW 211
L, - Finish 240
PGSwingNet T+

13



4887

» 7| X| &
> Percentage of Correct Events (PCE)
> 2EAS
v 75%
> T 85
v 91.09%
Result of refined method without pose-guided heatmap (%)
Address Take-back Backswing Top Downswing Impact tf\?gz\gh Finish Average PCE Avgw/o AD & F
45.62 82.18 83.08 52.87 97.28 99.67 93.05 18.73 71.60 84.74
Result of proposed method (%)
Address Take-back Backswing Top Downswing Impact t';(:gz\gh Finish Average PCE Avgw/o AD & F
50.45 83.69 89.12 80.97 96.98 99.70 96.07 40.48 79.68 91.09
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OTPose: Al Research - IEEE SMC 2022 Oral accepted paper
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» OTPose: Occlusion-Aware Transformer for Pose Estimation in Sparsely-
Labeled Videos
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OTPose: Al Research — IEEE SMC 2022 Oral accepted paper
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» mean Average Precision (mAP)
Result on PoseTrack17 dataset

PoseFlow 66.7 73.3 68.3 61.1 67.5 67.0 61.3 66.5
SimpleBaseline 81.7 83.4 80.0 724 753 74.8 67.1 76.7
HRNet 82.1 83.6 80.4 73.3 75.5 753 68.5 77.3
MDPN 85.2 88.8 83.9 77.5 79.0 77.0 714 80.7
PoseWarper 81.4 88.3 83.9 78.0 82.4 80.5 73.6 81.2
DCPose 88.0 88.7 84.1 78.4 83.0 81.4 74.2 82.8

OTPose 90.7 91.5 86.5 80.2 85.2 84.6 80.5 86.0

OTPose DCPose
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> Exploiting Keypoint Motion for Human Pose Estimation with Scaled
Transformer
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