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Estimate 3D Human Poses from Persenalized 3D Human Model and Depth Data
ZHAO Hai-Feng, FEI Ting-Ting, WANG Wen-Zhong, TANG Zhen-Yu
(School of Computer and Technology, Anhui University, Hefei 230039, China)

Abstract: 3D human pose estimation using depth sensor is an important research topic in computer vision, and it is useful
for applications in human-computer interaction, virtual reality, and design of animation etc. The most successful methods
toward this problem are bottom-up methods which predict 3d poses using classification, regression or retrieval techniques.
These methods are widely applied in human-computer interactions. However, these methods rely on a huge human pose
database and the predictions are rather inaccurate. In this paper, we propose to estimate 3D human pose using personalized
3D human models and monocular depth images. We firstly reconstruct a 3D virtual human model for eagh subject, and in
the pose estimation phase, we reconstruct incomplete mesh from depth data, and estimate the correspondences between
points of the 3d human model and the incomplete mesh. We estimate the optimal 3D poses throug}'i‘iterative optimization of
objective function. In comparison with bottom-up methods, our method is free of any pre-captured dataset. Our experiments
verifies that our results are more accurate than those of other method_s.\ i
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Dataset WiRES R Posel | Pose2 | Pose3 | Pose4 | Poseb | Pose6 | Pose7 | Pose8 | Pose9 | PoselO
Manl | A% | RMSE | 1.1012 | 1.1804 | 1.0123 | 1.1082 | 1.7451 | 1.2365 | 1.3201 | 1.1067 | 1.2036 | 1.3894
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SDK 13458 | 14577 | 13012 | 14526 | 2.1245 | 1.4569 | 1.6302 | 1.3567 | 1.4569 | 1.6524
ARy 12015 | 1.3210 | 1.4120 | 1.1236 | 1.3268 | 1.2369 | 1.6584 | 1.2310 | 13451 | 1.4897
Man2 RMSE
SDK 15632 | 1.6527 | 4.7956 | 1.3687 | 1.6459 | 1.5239 | 2.0547 | 1.4621 | 1.5873 | 1.6982
ARy 13215 | 12362 | 13557 | 1.1058 | 1.3427 | 1.4153 | 1.5201 | 1.0267 | 1.2986 | 1.3558
Man3 RMSE
SDK 1.6019 | 1.4597 | 1.7012 | 14210 | 1.6234 | 1.7133 | 1.8963 | 1.3204 | 1.5266 | 1.4329
R 2 PRI SLEG R ZE 0] L
Dataset Jiik R Posel | Pose2 | Pose3 | Pose4 | Pose5 | Pose6 | Pose7 | Pose8 | Pose9 | PoselO
R T5 ik 1.2012 | 1.3204 | 1.3567 | 1.2367 | 1.4126 | 1.3687 | 1.2659 | 1.5016 | 1.6987 | 1.2367
Womanl RMSE
SDK 1.5119 | 1.5627 | 1.6238 | 1.4235 | 1.7028 | 1.6397 | 1.4365 | 1.7983 | 1.9026 | 1.4563
R T5ik 1.1120 | 1.2028 | 1.0755 | 1.0482 | 2.1433 | 1.4142 | 1.3263 | 1.5121 | 1.4096 | 1.2392
Woman2 RMSE :
SDK 1.4236 | 1.4706 | 1.2221 | 1.3433 | 2.4084 | 1.6987 | 1.7216 | 1.8029 1 1.6987 | 1.5647
KTk 1.1245 | 1.0542 | 1.1806 | 1.0279 | 2.0548 | 1.2334 | 1.1998 1.§429 1.0987 | 1.2569
Woman3 RMSE 1
SDK 1.3855 | 1.4123 | 1.5016 | 1.3986 | 2.2104 | 1.4567 | 1.5321 | 1.6354 | 1.3209 | 1.5631
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