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Research on improved YOLOVvS8s fall detection algorithm

Zhu Qiangjun' Cheng Liangliang’ Wang Huilan® Wang Yang®
(1. Department of Big Data and Artificial Intelligence, Wuhu University, Wuhu 241000, China;
2. School of Physics and Electronic Information, Anhui Normal University, Wuhu 241000, China;
3. School of Computer and Information, Anhui Normal University, Wuhu 241000, China)

Abstract: In order to accurately identify the fall posture of the elderly, an improved YOLOvS8s fall detection model is
proposed. Firstly, the SE attention mechanism module is introduced into the backbone network of the YOLOv8s
model, which divides the channel features into multiple subgraph features, and fuses the features of different groups,
so that the network can adaptively focus on the key features, suppresses the features that contribute less to the current
task, and improves the feature extraction ability; secondly, the CloU loss function is replaced by EloU to accelerate the
convergence rate and improve the accuracy and stability of the model. Finally, the trained model is verified on URFD—+
and other data sets. The experimental results show that the precision rate of the model reaches 99. 50% , the recall rate
reaches 99.00%, and the mAP50 reaches 99.50% , which is better than the original model. Compared with the
YOLOv5s+ K-means+ + model, the accuracy is increased by 3. 22% , the recall rate is increased by 5. 32% , and the
mAP50 is increased by 2.38%. Compared with the C2D-YOLO model, the accuracy is increased by 10.00%, the
recall rate is increased by 11.40% , and the mAP50 is increased by 7. 80%. Compared with the YOLOv5s+ C3new
model, the accuracy is increased by 2.50% , the recall rate is increased by 6.80% , and the mAP50 is increased by
4.1%. The improved model has greater advantages than the original model and the current advanced model.

Keywords: fall detection; YOLOvVS8s algorithm; EIoU loss function; SE attention mechanism
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Fig. 3 Improved backbone network architecture
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Table 1 Ablation test results %
Rk P R mAP50 mAP50-95

YOLOvS8s 98.70 98.60 99.50 90. 20
YOLOv8s+SE 99.00 98.90 99.50 90. 40
YOLOv8s+EloU 99.30 99.40 99.50 90. 40
YOLOv8s+EIoU+SE 99.50 99.00 99.50 99. 40

FHEE 1 ATAL B SE & WL A SUS R 1 2 A
ARG TF T 0. 30% ; F] EloU it 2% B £ # CloU it &
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Some of the test results are displayed

PRBUS BRI T 0.60%, BRI FIE T T 0.80% ; SE
T2 S HLHI B A EToU #41 2% oR BP9 & 3L 1R 7 L S o %
AT 0.80% . BIIREFFT 0.40% ; LR m LK T, 5
JEAEAL L3, mAPS0-95 ¥ 42 TF T 0. 20% , mAP50 R AN
A5, PR BRI AE S R R A L v T OB A
T i) B 2 RO AR E M T TR A A P R

T 5 B R AR O A S S R e R
RO ASE AU HE AT B e ORS00 38 . 1 IR om AP AF Ry 55 A
KT HR . AN AR R 1) 3k (0 ARG U 25 SR a0 % 2 PR .

2 2 AT, 5 YOLOvSs fRB H g5 , Bk Ji 4 80 A 4
BRI T 0. 802, B EIAELET T 0. 4055 YOLOvSs+K-
means—+ A8 LA, e SR B RD PR B R ER T T 3. 22%,
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Table 2 Compare the results of the experiment %
o8 245 455 71 TS P R mAP50
YOLOvS8s URFD+ 98. 70 98. 60 99. 50
YOLOv5s+K-means+ 4+ URFD, Le2i Fall 96. 28 93. 68 97.12
C2D-YOLO™ URFD 89. 50 87. 60 91.70
YOLOv5s+C3new ™ URFD 97. 00 92. 20 95. 40
AR SRR URFD+ 99. 50 99. 00 99. 50

Al R TT 5.32%, mAP50 2 7F T 2.38%; 5 C2D-
YOLO #ERY F 5, Bt 5 45 28 (0 RS 8 R 42 7+ 7 10.00% .
BT T 11.40% . mAP50 $2F+ T 7. 80% 5 5 YOLOv5s+
C3new MBI L ass , etk Ja A (RS i R 32 T+ T 2. 50% . 3 [ml
R I T 6.80%. mAP50 2 T T 4.1%. k)5 MY
YOLOv8s BAIZE H AR 93 50T, R R I AR B 47

ST B UE B R A A L ] URFDA- | Le2i
Fall Dataset fll 50 Ways to Fall 38 % 43 5 7 YOLOvS8s
TR R A AR TR - AT IR E L 2 AL SIS A B SR N & 3 BT

7~o Le2i Fall Dataset #8484 2 i 2 [ 2 B 5595 B A L 22
REFHER LELS E R A0, R TN = L E . m
METE 55 AN [ 37 5N 08 5 480 0000, 4 W00 % 8 IBT R iR
S UE AR 4 L 90 TE 4R F 7 181 SR IE FOIRAS & v 159 sk
HBAMRESWE K. 50 Ways to Fall 045 4% &M J5 Kevinb
parry ZATTE Youtube P 3 [+ 8 #0431 , 1% #0090 B 480N 5 451
MR 50 FfAS [R) 28 3, K T2 A G 48 S 181 e o) A i 2k 50 4
% i 4 h 50 Ways to Fall, BiE 441 & 226 5K IE#RA K
Jr 259 sRERER A A .
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Table 3 Generalization experiment results %
e URFD+ Le2i Fall Dataset 50 Ways to Fall
P 38 b T e o N
AR SR YOLOv8s A S AY YOLOv8s AR SRR YOLOvSs
P 99. 50 98.70 84. 60 67.00 93. 70 92. 60
R 99. 00 98. 60 64. 10 75. 90 95. 50 94. 20
mAP50 99. 50 99. 50 80. 90 73.10 98. 00 97.40

H 3 3 Al %0, 78 URFD+ 408 4E I, ootk 5 B A (A 3¢
KR PRI R 35 YOLOv8s #8447 $2 5 . mAP50 14
F A8 7 Le2i Fall Detection Dataset 338 4E |, it J5 #5
) P Al mAP50 35 YOLOvSs K5I 4> B4R 55 17. 60 %
M 7.80% , A R FEAR T 11. 8% , we3tt 5 A & SR 4 T
JRAEAL HE 50 Ways to Fall $045 48 I, sit#f JR 887 P LR
A mAP50 LRI T IR YOLOvSs SR, ZE [ firik
AR SO ELA B A R e FIZ AR AR 1. 5 YOLOvSs f A
AHLEG , BA BRI

4 % it

PLYOLOvSs # R FE filh, 78 122 45 H0 f1 32 F 9 45 v 5
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F EloU 12Kk o6 B0 ¥ e CloU 451 4% oF %, 3 3t B /N 1k 75100
LS G AR B RS L S TR ARLRS I g M RE . oot
J B9 Y OLOv8s 48 2] 46 1 42 50 ) K5 5 26 F0 m AP 50 #B ik 3|
99.50% , B MK F] T 99. 00% , A5 i 2 1 3 7 L F
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