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A Method for 3D Human Pose Estimation
based on 2D Keypoint Detection using RGB-D information
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ABSTRACT

Recently, in the field of video surveillance, deep learning based learning method is applied to inteligent video surveillance system,
and various events such as crime, fire, and abnormal phenomenon can be robustly detected. However, since occlusion occurs due
to the loss of 3d information generated by projecting the 3d real-world in 2d image, it is need to consider the occlusion problem in
order to accurately detect the object and to estimate the pose. Therefore, in this paper, we detect moving objects by solving the
occlusion problem of object detfection process by adding depth information fo existing RGB information. Then, using the convolution
neural network in the detected region, the positions of the 14 keypoints of the human joint region can be predicted. Finally, in order
to solve the self-occlusion problem occurring in the pose estimation process, the method for 3d human pose estimation is described
by extending the range of estimation to the 3d space using the predicted result of 2d keypoint and the deep neural network. In the
future, the result of 2d and 3d pose estimation of this research can be used as easy datfa for future human behavior recognition and
contribute to the development of industrial fechnology.
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(Figure 1) The problem of occlusion
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(Figure 2) The overview of 3D hurman Pose Estimation based on 2D Keypoint Detection using RGB-D information
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(Figure 4) The structure of Convolutional Neural Network for 2D Keypoint Detection
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(Table 1) Experimental Environments

7¥ A% 27
CPU AMD Ryzen 7 1700 3GHz
GPU NVIDIA GeForce GTX 1080 Ti
RAM 32.00 GB
os Windows 10
Camera Hanwha Techwin SNO-6084R
Resolution 800450
Language C, C++, Python 3.0
Develop Tool | Visual Studio 2015, Jupyter Notebook
Library OpenCV, TensorFlow
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(Figure 9) Comparison of Results of Object Detection
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(Table 2) Comparison of results of 3D Human Pose Estimation using Human3.6M (MPJPE)

Model Direction Discussion Eating Greeting  Phoning Photo Posing Purchases
LinKDE [6] 132.7 183.6 1324 1644 1621 2059 1506 171.3
Tekin et al. [7] 1024 147.2 888 1253 1180 1827 1124 129.2
Chen et al. [8] 899 97.6 90.0 107.9 107.3 1392 9.6 1361
Zhou et al. [9] 874 1093 871 103.2 1162 1433 1069 9.8
Du et al. [10] 85.1 1127 1049 1221 1391 1359 1059 166.2
Park et al. [11] 1003 1162 90.0 1165 1153 1495 117.6 1069
Zhou et al. [12] 91.8 1024 96.7 98.8 1134 1252 90.0 93.8
Tome et al. [13] 65.0 735 768 86.4 86.3 1107 689 748
Martinez et al. [14] 518 56.2 581 59.0 695 784 55.2 581
Ours 595 86.9 735 88.6 93.6 1163 62.9 109.9
Model Sitting Sitting Down  Smoking  Waiting  Walk Dog  Walking Walk Together | Average
LinKDE [6] 151.6 243.0 1621 170.7 1771 96.6 1279 1621
Tekin et al. [7] 1389 2249 1184 1388 1263 55.1 65.8 125.0
Chen et al. [§] 1331 2401 106.7 106.2 1141 87.0 90.6 114.2
Zhou et al. [9] 1245 199.2 107.4 1181 114.2 794 97.7 113.0
Du et al. [10] 1175 2269 1200 1177 1374 9.3 106.5 1265
Park et al. [11] 1372 1908 105.8 1251 1319 62.6 96.2 117.3
Zhou et al. [12] 1322 159.0 107.0 944 126.0 790 9.0 107.3
Tome et al. [13] 1102 1732 8.0 85.8 86.3 714 731 884
Martinez et al. [14] 740 94.6 62.3 59.1 651 495 524 62.9
Ours 1400 247.0 86.4 87.2 104.6 56.1 585 98.1
2 Qo) A4 B WY MEE /1 RGB ARWE  F4 A9E3 vLoh Human3.6M HlolE AE[6]E
o848 7299 RGBD AHE o]§8 A2 ro] 4 360wsle] Aol thd Hrel 3 vt e WA ool
dstsith 19 9 e At d 94, RGB 4 B2 ATk E3 6] FAtek 599 o7t 157 €]
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Directions, Discussing, Eating, Greeting, Phone Call, Posing,
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&= Zlo] A B¢ TOF(Time of Flight) Hlo|E & o]&-5}o]
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