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Abstract: Falls in crowded places are easy to cause safety problems, and real-time monitoring can reduce safety
risks. Aiming at the problems of large scale and poor timeliness of existing fall detection methods based on pose
estimation, this paper proposes an OpenPose human fall detection algorithm DSC OpenPose that integrates atten-
tion mechanism. Drawing on DenseNet’s dense connection idea, each layer is directly connected with all previous
layers in the channel dimension to achieve feature reuse and reduce the scale of model parameters. A method of
identifying fall behavior based on the outer ellipse parameters, head height and lower limb height is proposed to
realize the fall detection of human objects. The experimental results on COCO dataset show that compared with
other algorithms, this algorithm achieves a good balance between model size and accuracy. At the same time, the

fall detection method proposed in this paper has an accuracy of 98.2%, a precision of 96.6%, and a detection
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speed of 20.2 frame/s on the real fall (RF) data set, and the model scale is small to meet the real-time reasoning

needs of embedded devices.
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Al Challenger £, 5HAMBAIA ML, 48 SCHE
RIFE LE, RK JCHE S ARG FEA BREE T, FEHAh G
A b A B A AR

£ 4 5FIRBIE COCO # Al Challenger #iB& X% SR E G RXTLE %
) COCO Al Challeger
F5E 9
N LE RE LK RK LA RA N LE RE LK RK LA RA
OpenPose!® 81.6 77.6 782 744 718 646 654 817 785 779 746 723 654 649
Lightweight OpenPose”"’  80.8 77.0 77.1 73.1 706 622 629 798 77.6 768 739 726 632 622
HRNet?! 82.0 782 780 76.1 722 647 663 802 789 771 750 73.1 651 64.4
HigherHRNet-w32L® 825 786 778 760 73.1 652 66.0 82.1 787 780 751 73.8 657 65.0
AL 824 796 779 770 745 655 665 81.7 80.6 79.8 745 751 66.0 64.5
. MR RS R,
2, BUE CA  HLHAL B X 46 0 fiE 114 5% # 5 COCO #1 Al Challenger 2B L &mm
SPId 4 :
. A% 3C7E COCO Fl Al Challenger $E4E 1 %f CA SHH SR I
BHHEATIH RS, 25N 5 FR. X CA Btk — coco Al Challenger
1 il S 0 O R B 5 S 13 6 BT mAP® B mAP, ZHLE
AR FELG OpenPose MTEE K LR, M £2 621 M 638 364M
. . el e . DenseBlock 1. 267M 4. 295M
5TATLIF H, % DenseBlock J&, MM fFS *DenseBloc 619 267M 640 293
wr . . . +DenseBlock+Transiti 619 182M 639  188M
BoR A W S0, RN Transition 25, & sheeRlockT TsHon
WK TR T tion JZHEISM 161 (0 F R +CA 639 36IM 648  379M
SO IR, ransiion Ja it A3 63.9  194M 648  199M
FEERUZ T8 I8 2 B R4, 1853 Transition 2% . R—
. e RN . HURE R B .
1% F| ' —~ DenseBlock A9 8 B w2, KR
T SR TR CABIHUS, mAP FE bR L T AR, SR B, AR SO LA S L R

2 N AR, B0k T CA BERAERFIE SRR Y

PERE.
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36 4%

M 6 AT LA, FETRINERE IS, mAP
IR CHE S R BE A — € #2871 12 COCO %
e, mAP $#27F 1.6 1~ H 4044, 7E Al Challenger
BAGET, mAP R 1.1 ANE 48, 1EFR A ek N
K BE bt HAT At R B, R T O U M R PR
JIBLH R, 43 0 R A G AL Y
AT R T SRR I, BOREAn L 8 .

E 8 FTLAE H, BnEZ s, $2)
TRRE OSSR B, AR T e A AR, 3R

A AR SRR R SR A T RN S R 119 O i 1 7
B, T I A 7 e AR, RN R R
SRR TIRS . Tl A/ JC T ML R Y
AT, JE 1R IR A R

T RS I 23, 1 S o o 48 25 A il a4
RIXS RF Kt 4R PR 4T 5 B A5 5 IO S &1 A= i
SR AT S B A A B R A S A A A 0
ik, FRAHIHET MLP 7328 45 4 Bk 8 A6 Il A5 75 it
Fr9:5.

Fz 6 EEBENIFIESRERM LRI %
COCO AI Challenger
TR
mAP N LE RE LK RK LA RA mAP N LE RE LK RK LA RA
ASC(H CAfEHY) 623 82.0 784 783 754 723 645 659 637 821 784 780 756 729 656 643
AR CAMiIH) 639 824 796 779 77.0 745 655 66.5 648 81.7 806 798 745 751 66.0 635

. MR R EALE.

a. JLIEE SIPLE
£

fift 4138 CRIE 7 2%, K AR 10
A, Hrb, 9 R TH#AT I, 1 A T T E, Xt
10 A PrA nlae s 2 I ZeFn k. % 5 iR 2
R4 (mean-square error, MSE)E M ik pR %L, #5453
UGE AT A (R 227 5 B9 BME Je/Mb, I 308
o) 26 A5 B RO 22, AN fofE P O iR 2 PR BSOR A I
MIPERE H s, A T ik HAA R, e RS2 g PR BT
T 5 H At I T A TR T A B R AR ) A Ay 11223
DA B 35 T 56 0 0 G T ASE A P A7 0 LS B, 2R A
Z A WENG K (accuracy, A) . K [ (precision, P) . # [1]
H(recall, R), F 7 8(F score). Wi . BifHZ
Beatatr. TR A58

b. AEE L

LB

TP+TN
TP+FN+FP+TN’

TP

" TP+FP’

_ TP

" TP+FN’
PxR
P+R’
Horp, TP ZRR BB 2 B AG I Sy 16 20 2 51 A 45 i, FP
FERAR BRI BUARSI y BR B2 BB FN 2R
A58 218 ARG I Sy A R AR 2 ) B B, TN R ARk
151 28 SRS A A5 28 5] ) B8

5 PR AYTE RF B0H6 45 L AT mhsc g a5 R an sk 7

A=

F=2x

£7 STIERE RF HIBE SRt

A A% P/% R/% F1/% T3/ (M-~ E e
PoseNet+GRU!" 97.2 96.1 97.6 96.8 17.6 302M
OpenPose+Conv+LSTM! 96.0 94.5 97.4 95.9 18.8 346M
3D LPN+CNN!#! 97.6 96.2 98.3 97.2 15.4 277M
VGG+Optical Flow 97.4 96.0 97.4 96.6 19.1 211M
A3 98.2 96.6 98.0 97.2 20.2 219M

. HRR A .



12 T, F A TER LS OpenPose A AR B4 I A 75 2049

s TR, 55 Bl (67 25 S B AT A D 73 e AR A
(497 3% DL R JE TAME TR 9 J5 ik b AT Se e L, 25
Rk 8 iR,

*8 M RFEEELHEMSIBLER %

iR A P R F
+CNN 94.1 93.3 90.8 92.0
+MLP 95.0 94.2 92.4 93.2
+SVM 92.3 93.4 93.1 93.2
+HMETE 96.5 95.0 94.7 94.8
AL 98.2 96.6 98.0 97.2

. AR R,

SR R AR SORORI G HETR R A F] 98.2%,
FEEEIRE] 96.6%, [ IKF] 98%, 1t IH K 7k

5T 2 BRI s TRl 5 HAB A R AR L, A
SCASE AL A i SRR BT e B S A A I AR,
AL ) 2 B0 HE R ot HE AR AL TEAI, () e A T
HEETAR, AR TR TR, N 8 i LIE
SR AR IO A O A B AR 42
#¥(CNN, MLP, SVM)YF1: AN AT ARSMETE Y
TV, AR SCRRIZE PP HE A 38 LA B R 9,
SRR UG B2 o, BERHIZ SRR U s T R A
REEVRIN TC O ) DB i 5 5, riE T A AL

AR SCEIE BRI RCR AN 9 fiw, Hirp, #(
LFR BB RE, GOEFRIERIRE, 4
HER R IR, SRS R, AR
REF I U R B A 720

B9 ARSCRIERIRCR

5 & &

ARSCHE A B JIHLEN) OpenPose A ARk
BRI 5 DSC-OpenPose, FHA 3 AT
fE: (1) #2HFIHH R DenseBlock U4 IR 11
CNN 22t /DR 2400, S35 OpenPose
A 43%, SLBBOEREAL, (2) BIA CABLH
i3 00 8 R BT SORE B A 7 DG B AT, ARAR T
TS THEE R (3) RIS BT 45 ik
71 MLP Z3 228 R BT R, S8 T A A Ul
A RE I e % G0 S B8 . AE A Al 1 4, DSC-
OpenPose H.IE7E COCO %#f 5 b HA R4 1 kI
KRS, TERREIRINER 4y, R BIEAE RF B 45 1o
AR F] 98.2%, FEEEILE] 96.6%, HAH = Mk
WrE RS, (B2, TR KRS T, DSC-
OpenPose 358 F A% e AR AIE $2 HUBC Y A RO 85 22,
[R] S 7E B0 A 3R 8 b oA 2 B3] (1) 56 4 o DL 2%

BRI A SC B AR BRAE TS AN . ROR TAR Y
SRR AR T S IUTE Y 52 2% PR3 ) v
i1t
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