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Abstract

The fall detection based on human pose estimation, because the human pose estimation involves
the recognition and processing of more than a dozen joint points, the detection speed of the over-
all model is slow. In order to achieve real-time fall detection, a real-time fall detection method based
on a lightweight human pose estimation and graph convolution network is proposed. The method
first uses an optimized two-stage lightweight human pose estimation based on object detection to
detect joint points, so that the overall model is lightweight; then uses the spatio-temporal graph
convolutional network with only 6 feature extraction modules to perform fall detection on the
human joint point sequence to improve the accuracy of the overall model fall detection. This ar-
ticle conducts experiments on two data sets, NTU-D-RGB-120 and UR Fall Detection Dataset, and
the accuracy rate of fall detection reaches 96.1%, and the overall model reaches about 33FPS in
the GTX1060Ti.
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(4) £ NTU-D-RGB-120 1 UR Fall Detection Dataset iX i ™5 4 1 ik 47 5256, S36 45 FR Ay
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NS T R R T B A WA BTN FRE R b BT R R R B,
et H ARSI SRS DU AR IAE , SR 5 T A AAAS DU P A G105, REHEIEH G-RMI [10].
AlphaPose [11]. CPN [12]5F. HIJKIA R 2H2 0 AR B, 1 Jafil i BUE AT A 16T 8, RS
FHE A TR % — € RIS H & A N BB, R FIEHA Openpose [13]. PifPaf [14]. DeeperCut [15]
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BB I — fE £ 1 KSR 330 12 M 2% (Long Short-Term Memory, LSTM) [19] [20]. 37+ &ML
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3. Fikigit

BT R BN LS AT B AR B3] S I 7 v B B R AR W ] 1 B . B SRS
PIARASE O E T, R 5 TR S B g N B N AR A il AR 2R R b A7 OG0T i ksr il o [RIENE, AR A
R SR ) 571 A AR B H FR ERERHESREAT HARIBEE . SR)5, JEESERES 1D A I 5 (0 1 i Ak b
754N B 2 B AR 28 i o I 2 A AR I 28 0 T B A S AR A7 A I e R AL b 1 41 B i IS A2 AR AE 2R 4T
BIVENIE, WM EAT BRI I 4 .

DOI: 10.12677/csa.2021.114080 785 MR 5 R


https://doi.org/10.12677/csa.2021.114080

il 2%

%mﬁ» MEEE Lt o MR Lo

[
MR ﬁ{iﬁiﬁ!ﬁi&fﬂ? J
MR R —————BRER I

Figure 1. Flow chart of the overall algorithm of fall detection
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Figure 2. Flow chart of human pose estimation
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Figure 3. The network structure of the Lightweight Pose De-
tection Network

3. Lightweight Pose Detection Network B[ 4& 4545
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Figure 4. Schematic diagram of key points
and limb prediction
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Figure 5. Schematic diagram of connection join points
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Figure 6. Spatio-temporal joint point
graph data flow
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Figure 7. Spatio-temporal graph convolutional network
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RSG5 1$ Y Intel Core i7-6700 3.4 GHz 4b¥ 48 5 GTX1060Ti 6 GB J 37 & K HIZE 1L A BB i{E A
MR VL%, #F GTX1080Ti 11G Jh 7 B E/E NN % .

4.1. TRBHRESE

AR AR AT R e A e, BT AR 46 MPII S 4 - MP I B4 — 3R 5 4 x 100N,
25000 7KK Fr o A BRI 2R S50 urEE 5 .

FRAB 50 1) B 28 W9 £ 4 FFl NTU-D-RGB-120 AT UR Fall Detection Dataset ${#54:. NTU-D-RGB-120
H R4 AL A9 standing up. A8 sitting down. A43 falling. A59 walking towards each other 1 A60 walking
apart from each other iX 5 Nz {E 7 BFEANE A BHE S, LEVIZRNT 75 2 T3k 370 2 A~ 30 it i mT FH £
PR, 5Bk Z ABARJF % 1 B 15 5 - UR Fall Detection Dataset £i4f5 £€ H 8 IX standing up .sitdown. falling.
waliking . standing. sitting. lying iX 7 NEI{EF BFEAME AEHES . Hd, UR Fall Detection Dataset %1
PEEE RV AT T S IRRES, BT DA RS P A i 1) AllphaPose A A4 28285 At TR 70 Sl Ay Hh o VR AL A8 o 4 L
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Figure 8. Comparison of accuracy and speed of different
algorithms

8. FRIEEBESEEXLL

Table 1. Comparison of accuracy and speed of different algorithms on the MPII data set
F* 1. MPIl BiRE EAEEEREE SHREXTLE

ki ME FH O FW B ME BB mAP  FPS

AlphaPose [11] 87.2 85.8 77.4 69.7 74.0 72.2 64.4 76.3 22

OpenPose [13] 90.8 87.2 773 66.5 74.8 67.6 61.2 75.2 7

Pose Proposal Networks-ResNet18 [17] 925 88.5 73.8 62.1 71.7 61.9 54.6 72.1 42
Pose Proposal Networks-ResNet50 [17] 929 89.6 77.3 67.2 735 66.8 58.4 74.7 26
AR 93.1 89.5 773 67.4 734 66.9 58.7 74.8 35

Table 2. Analysis of ablation experiments

2. HRRSE ST

Lresp Llou Lcoor Lsize Llimb mAP FPS
FBr B 12.647 0.062 1.675 0.071 13.287 717 48
F BB 13.012 0.063 1.769 0.137 12.979 742 30
AR 12.654 0.062 1.676 0.073 12.982 74.8 35
[ Stage 1
144 I Stage 2
I Ours
12
10|
v 8
ke

Liesp Liou 10 Loy Lgex10 Ly

Figure 9. Loss comparative analysis of ablation ex-
periments
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Figure 10. The detection results of stage 1
and stage 2
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Figure 11. The detection results of the human pose estimatio
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4.3. EEHARIS

PR 0 P I 2 B A AR O 248 S 4 T NTU BB B8 AT T 25, SR J5 0 UR 0 4R A7 i3 — 251
g5, WIZRMEF 30 MUELLM 16 AN s, /Nl 128, WIHGSIH N1 x 10°°, 14 50 #, 4F 10
A epoch ZE 0.1, {8 F 22 M4 2k iR UL S Adam fli Ak 25 .

KK 4 MBI TERR, 20 W J9KS R (Precision). 7 [ # (Recall). #E#fi % (Accuracy)fl F1-measure
SEEETHIN AR . B, BSEIRREAR S NP FIER] TP, BRI FP. x5 FN FIE &5 TN. HIE
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% TP(True Position) 3 7~ IEFE A, IR b 73 SR A IEFEAS; (B 1E45 FP (False Position)2% 7~ fiE A4t £t i i 7
FONIEREAR; BB FN (False Negative)F s IEFEASAS R FNFMFEAR; HRH TN (TrueNegative)
TR PREARY IEH > 2R AREAR
FIr LA, & FE (Precision) #e7s IERf b 73 SR AU ERBIFEA 3 2 FEONSRBIFEAR I LLB], A= (6) s -
TP

Precision = 5 Fp (6)
172 (Recall) /w8 TE A b 73 FS R BEIRE A o5 SE PR BIRE A L], an AT s
Recall =— 1 )
TP+FN
HERf 2R (Accuracy) e s 170 43 2 b TE B (B 5 BR BRI R 3R M80) IR AS 5 BT REA I L], 4028 3R(8) BT o
Accuracy = TP+TN 8
+N

Fl-measure 73 JH M — AN ER G EIERFR, WA OQ)FR.

* % ‘o
F1-measure = 2 Recall Pre.CI.smn o
Recall + Precision

SRS R 1 300 WHESL ST M, (HASTI AL S M THERLIE EEL) 35 FPS, 4
T AR L B S AR, BeE AT 30 Wi EE . LIRSS KA 3 Fos, BCEM 30 T, HEAAR
R FR BRI AE R R IF B T2 D HIR, EMZ R IERAE R 6 2, SE I A HEm R L 5cf
NG EZ0N

Table 3. Analysis of the influence of the number of key frames and the number of feature extraction layers on detection

3 3. REMUEBAHERR B AR B XM B S 47

Precision Recall Accuracy F1-measure
300 9 0.973 0.947 0.981 0.961
30 9 0.970 0.942 0.975 0.956
30 6 0.957 0.925 0.961 0.941

BEOMEM T RERMNRLS M TR, (B8 2 EGRR M EAT B ER 2 5, BRI e
BRI LLAE AR EZ B =i 1 Alphapose N A& 35 THE R (UHER RAR 2 b . BEsh, X ELAER] SVM Zhff:
PRINTTE, HERMFRAEIRE, WE 4 PR, AONENEERNRCR K 12 fior.

Table 4. Comparison of accuracy and speed of fall detection
4. BERNAERERSEE T

Precision Recall Accuracy F1-measure FPS
SVM 0.797 0.237 0.801 0.343 36
Alphapose + GCN 0.963 0.932 0.969 0.949 23
0.957 0.925 0.961 0.941 33
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Figure 12. detection results of the fall detection
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