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com?n important factor threatening the safety of the elderly. Detection systems that
ectively minimize the injuries caused by falls. This paper proposes a human fall
atures combined with kinematic features. Firstly, human object detection algorithm
network is used to obtain the location of the human skeleton in the video. The Open Pose

act bone key points from the target human body. Then the kinematics features such as the width

height ratio of the human body's external rectangle, the falling speed of the centroid node, the distance between the head joint
point and the ground, and the included angle between the human body's main trunk, left and right legs, left and right arms

and the ground are used to fuse with the extracted joint-point features. The results show that the sensitivity, the specificity

and the accuracy have reached 97.5%, 95%, and96% respectively in the fall test.
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2 FREFEM F5 % (Fall detection method)
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Fig.1 Flowchart of human fall detection method
3 BiRENFIERIEENE £ (Object detection and

skeleton extraction algorithms)
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Fig.3 Schematic diagram of different postures of the

human body
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Fig.4 Downward trend chart of centroid velocity
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Fig.5 Distance variation chart of the center point from
the ground
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Change trend chart of included angle between
mam torso and the ground
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Fig.7 Change trend chart of included angle between
limbs and the ground
4 LRSS (Experimental results and
analysis)
TEEEIMA, A MRS R LI, £—FFR
SRR T EREI A, AR E R ZER(TP) s 55 ARG L
LR R AR E A, RN R SR (FP) s =R
155 02 S s R AR BB S, A R A BRI S5 R (TN) s 56
PUFP IR G2 S PRI A A AR BRI A, AT R I B 4
(FN), {5 AT ZFSHOT0 AT 558 B4 I 7 ¥4 1 R
IR,
Hrr, REEITAAERE 0 ERE
Sensitivity= TP TP+FN) (4)
TRV R P 1 B
Specificity = TN [(TN+FP)) (5)



16 TR

20224F12 A

AT PP R A SRR B A R
Accuracy = (TP+TN){ TP+ FP + TN +FN) (6)
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Tab.1 Test action classification

i SIRE/A Ltk diib e o
Hf) 40 39
v 15 0
1138 15 0
MR 15 1
] 15 2

LEFHALR T, REMELFI0T.5%, FFRrEikF
95%. WEBATEILFI06%, BUS T REEIRCR, W AA ROBIX 4
BB ERIE T AT HENAE: SRR 0 REUE . Frretk. M
PSS R AR 2R,

F2 XN
Tab.2 Performance test results in the text P

ik R/ % F et/ %

ZhR 97.5 95
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A PREBON AR S, R 5 OB AR IEAT FIW, %07 YR
RAT R RBON MR, JIWT 2% 08 M AR . ABIT ST Y
IR TR, MAKE, ZHRRREZHE/D, HH
HREE, Pk, WERREEEUS T AL, LA
A7 RS LA R AR TR o
*3 SHMITELRIEXI

Tab.3 Experimental comparison with other methods

ks R/ % Fesett /% @t/ %
SCHR(LL] 91 96.4 —
SCHk(12] — 91
SCHR[13] 92 99 94.8
BTN 97.5 95 96

5 #it(Conclusion)
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