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Abstract: Human motion dataset is an important foundation for researches such as motion data denoising,
motion editing, motion synthesis, etc. In order to support more generic studies of multimodal motion data
fusion, designing and collecting a public multimodal human motion data set is an urgent problem. First, the
acquisition environment is designed for precise motion data collected by sensor-based motion capture de-
vices, rough motion data collected by body sensing devices, and local inertial data collected by inertial
measurement units (IMU). Then, temporal synchronization among equipment is applied based on network
time protocol (NTP) and spatial synchronization is applied among multi modal data. A full body motion
dataset named HFUT-MMD is captured, which contains 6 971568 frames in 6 types from 12 ac-
tors/actresses. The experimental results on the HFUT-MMD dataset using the existing algorithm show that
the low precision motion data can be optimized to obtain the motion data similar to the accurate motion data,
which corroborates the consistency between the modal data.

Key words. human motion data; multimodal motion data; motion capture; somatosensory devices; inertial meas-
urement units
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