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Outdoor Human Footsteps Event and
Environment Joint Recognition

XU Feng, LI Ping

(College of Information Science and Engineering, Huaqiao University, Xiamen 361021, China)

Abstract: In order to realize the joint recognition of outdoor human footsteps events and environment, firstly,
a human running and walking data set in a complex and similar environment was designed, and a cross double
footsteps segmentation scheme was proposed to cross segment the continuous footsteps signals. Then, features
were extracted from the perspectives of events and environment, and two fusion features were designed from
the perspective of task balance. Finally, three deep learning models were used to identify the task accurately.
The results showed that the proposed method simplified and balanced the tasks, and the multitask design of
joint identification of outdoor human footsteps events and environment could realize accurate identification

without complicated models.
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Fig.1 Waveforms and envelopes of three footsteps
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Fig.4 MFCC visualization of wetleaves and metal
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