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Falling Behavior Recognition Method Based on

Dynamic Characteristics of Human Body Posture
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(School of Traffic &Transportation Engineering, Central South University, Changsha 410075, China )

Abstract : Accidental fall seriously threatens the health and safety of the elderly. Accurately identify the behavior
of human falls and giving timely alerts are effective means to reduce the damage of accidental fall-wound. In this pa—
per, we present a new fall detection method. In our method, dynamic characteristics of human tilt posture are extracted
from the key points of the human body based on OpenPose deep convolutional network , the dynamic characteristics
are then used for Linear SVM to detect falls, a judgment based on human descending posture is made to exclude con—
fusing human behavior and improve the recall rate. Our method has achieved 97.33% accuracy and 94.80% precision
on the human motion dataset, which is better than the current image—based falling behavior recognition method. Being
suitable for monocular RGB camera make our method superior in practicality to the existing falling behavior recogni—
tion methods that require Kinect cameras.
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Fig.7 Test results of human body tilting motion posture feature
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Tab.1 Classification result of training sample set
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Tab.2 Classification result of testing sample set

Kt % BER  FILAR AN
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Tab.4 Performance comparison of methods
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