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Abstract: In response to the safety concerns caused by falls and the limitations of existing object detection models in robustness,
generalization and susceptibility to missing fall events, an optimized algorithm for detecting falls in the elderly population was proposed.
The improved RepVGG modules was used for replacing the 3X 3 convolutional modules of the YOLOv5s algorithm, the loss function
was optimized, and the K-means + + clustering algorithm was employed to enhance dataset clustering. Experimental results
demonstrate that the proposed algorithm exhibits strong robustness and generalization, achieving an average accuracy improvement of

9%, 8%, 3%, and 1. 2% compared to YOLOv3, YOLOv4, YOLOv5s and CBAM-YOLOv5s models, respectively. The proposed
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algorithm meets the diverse requirements for fall detection in different real-world scenarios and can be applied in mobile devices or

monitoring equipment, making a significant contribution to the field of elderly safety and protection.
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Fig. 1 YOLOv5s optimization algorithm model
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Fig. 2 Improved YOLOvV5s network architecture
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Fig.5 Cluster comparison result graph
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Tab.1 Experimental environment configuration

I i B
CPU 14 vCPU Intel(R) Xeon(R) Gold 6330 CPU @ 2. 00 GHz
GPU RTX 3090(24GB) 1
RO Windows 10
fifk FE A Python 3. 8
Jon i B 85 Torch 1. 7. 0+CUDA 11.0

2.3 HBLELIEiZit

T 3Ry o3 BT A B Y K-means+ + REHAE L 2 if RepVGG B Alpha ToU Loss X fig £ K1 B K
DA DTEREE 13T 1 7 LI R IE S FR G0 5 A B U R 3 X i ¢ R A 0 B 1k 19 5 ) DA T B 4 D b A
AL A S AL 3
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SEEGEE AN 2 N, W 2 Al EERL A YOLOvSs % RepVGGs i fl K-means+ + 82K )5,
KR4I T 1.49% . mAP,, {HETF T 1.57% . mAP ;oo HIRTF T 1. 27%; FAER A YOLOVSs N
RepVGGs Biefl Alpha IoU Loss J& HE# R8T T 1. 02% .mAP, s H32TF T 1. 17% .mAP, .o o, (IR T+
T 1.08% . AT RMERR AR SCE BRI R T T 2. 36 %0 . mAP, , T T 1. 84% . mAP 5 o5 [H 2
T T 4.68% . L LRI, B Y 3 R Oy 2K e 6% B B AU (Y PR RE L [n] B 5 R AR A w5 0 AT —Fh DA
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Tab. 2 Ablation experiment result table

. S0 P KA AN S 8
K-means+ + RepVGG Alpha_IoU P/% mAP, . /% mAP 5o o5,/ %
1 X X X 93.92 95.28 71.05
2 X X N 94. 48 95. 96 71.62
3 X J X 94.75 96. 22 71.87
4 N X X 94. 16 95. 67 71.35
5 J N/ X 95.41 96. 85 72.32
6 X NG N 94. 94 96. 45 72.13
7 N NG NG 96. 28 97.12 75.73

T /7R U A B 5 X7 3R 7 I S 36 R il P AR B e

3.2 WKW ERSH

PSR 3 B, 3 3 AT A, BT YOLOvSs £ Ak A5 AR %5 T H A 455 A0 4G I 24 SR e, Hoh P
e YOLOv3, YOLOv4,YOLOvS fil CBAM-YOLOv5s 2035 T 8. 75%.8.02%,2. 96 % Al 1. 12% R
YOLOv3,YOLOv4,YOLOv5 fl CBAM-YOLOv5s 20l 48 % T 7.55%.7.31%,2. 19% F1 1. 60% ; mAP, ;
Ft YOLOv3, YOLOv4, YOLOv5 fil CBAM-YOLOv5s 43 942/ 7 8.07%,7.09%. 1. 84 % F1 0.70% ;
mAP - o5, lb YOLOvV3, YOLOv4, YOLOvVS il CBAM-YOLOv5s ZF B3 T 7.26%,6.40% . 4. 68% Fl
3. 15 %, A WHAR bR & = T HAA AL, LB kI 2R Ko 10. 5 h BERI K/ 15.4 MB, T 51 ABTHY
W 5 e, ) 2% A8 A5 R HL B B0 £ MBS T YOLOvSs 5k, Il 25k 18] A0 R0 K /1N Bl 386
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Tab.3 Comparison table of experimental results of different models

I 24 152 750 2
P/% R/ % mAP, /% mAP s o5,/ % Bf & /h
YOLOv3 87.53 86.13 89.05 68.47 13.0
YOLOv4 88. 26 86. 37 90.03 69. 33 12.8
YOLOv5s 93,32 91.49 95. 28 71.05 10.0
CBAM-YOLOV5s 95. 16 92.08 96. 42 72.58 12.0
Fi# YOLOv5s 96. 28 93. 68 97.12 75.73 10.5

3.3 MABERIBWERSN
o FH 0 L Bl BILE 37 5% S N kA5 B0 ) IR A el 2 P R A D AR A 23 B H AR AL 2 H Bs 2 AR B0
0 RS I 5 v B P BE AR DU 25 2R e il i 1B 6 RN 7 Fron . BT ERBE AR I T ANRHERY 3 AL Hh Bk AR
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Fig. 6 Home scene model detection results
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Fig. 7 Generic scenario model detection results
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Fig. 8 Model evaluation results
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