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part, First, we present with different inputs of LEIR, and the model index of three-modal input was In the experimental part, we first evaluate on the dataset RELI11D. In
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R, the _b_est. This result confirms the impc_)rtaljce of multi-modal methods in human pose estimation. In the qualitative experiment, we show the different stages of data set
1280*800(1IMP) addition, we conduct cross-dataset validation, and our method also performs better on other datasets. TTrarEtfar At e R G e e T T T [rarethey s s (e oo
@I40MH? / Furthermore, we perform visualization experiments on the prediction results of global trajectories. ’
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real actions. In the Benchmarks experiment, we compare the human pose
estimation method based on 2D video and global human pose estimation.
It can be seen from the visualization experiments that existing methods
cannot estimate fast-moving limb movements well, and almost all
methods cannot estimate high-leg movements. The dual-modality based
method FusionPose shows the best local human pose estimation results.
Current methods all perform poorly in global human pose estimation.

Combine with the analysis of the previous quantitative experimental results, it Is show that the

For holistic human motion understanding, we present RELI11D. It records the _ _ _ )
multi-modal method can be of considerable help in global human pose estimation.

motions of 10 actors performing 5 sports Iin 7 scenes, including 3.32 hours of
synchronized four different modality and provides precise annotations. We built a  Affiliation: Fujian Key Laboratory of Sensing and Computing for Smart Cities, Xiamen University, China. National |

portable collection system that integrates different modal hardware devices to collect Institute for Data Science in Health and Medicine, Xiamen University, China. Key Laboratory of Multimedia Trusted
Perception and Efficient Computing, Ministry of Education of China, Xiamen University, China.

1N _dlffferent real-world scenarios. And We Propose a Consolidated Optlmlzatlon’ Shanghai Engineering Research Center of Intelligent Vision and Imaging, ShanghaiTech University, China
which includes global Pose Loss, human joint Loss, scene awareness Loss, et al.

Project Page: http://www.lidarhumanmotion.net/relilld/



