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Research on improved YOLOVS algorithm for indoor elderly fall detection

Liu Yunting Liu Xinran Xiao Peiyu Li Fuwang Wang Xiaoyi

(School of Automation and Electrical Engineering, Shenyang Ligong University, Shenyang 110159, China)

Abstract: To address the limitations of traditional fall detection methods, which are prone to false detections under occlusion and
illumination interference and struggle to balance lightweight design with detection accuracy, this paper proposes an improved YOLOvS-
based algorithm for indoor elderly fall detection. Specifically, omni-dimensional dynamic convolution is integrated into the C2f module of
the backbone network, enabling adaptive feature extraction and enhancing representational capability. In the neck network, the C2f
module is further optimized with the FasterNet module to effectively reduce computational cost. In addition, a large selective kernel
attention ( LSKA) mechanism is embedded into the SPPF module to improve detection precision, while a spatial-enhanced attention
module (SEAM) is introduced into the detection head to further strengthen discriminative ability. Comparative and ablation experiments
were conducted, and the detection results were further visualized as heatmaps to validate the effectiveness of the proposed approach.
Experimental results demonstrate that, compared with the baseline YOLOv8n model, the improved algorithm achieves an mAP@ 0. 5 of
91.0% (an improvement of 1. 1% ) , with a 20. 6% reduction in parameters and a 42. 7% decrease in GFLOPs, thereby confirming that
the proposed method effectively balances detection accuracy and lightweight design in indoor elderly fall detection tasks.

Keywords : fall detection; YOLOv8; ODConv; FasterNet; LSKA; SEAM
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Table 1 Comparative experiments of different algorithms

) 245 5351 R ZHE/(x10°%) P15/ GFLOPs
b/ TV T gz i i B e '

YOLOv5s 94.5 90. 6 86. 8 90. 6 9.11 23.8
YOLOv6n 94.3 90. 5 86.7 90.5 4.23 11.8
YOLOv8n 94.3 90. 8 84.8 89.9 3.50 8.9
YOLOv9t 93.7 88.3 85.7 89.3 1.97 7.6
YOLOv10n 93.7 88.9 86. 8 89. 8 2.26 6.5
SCik[ 28] 94.0 88.6 85.7 89.4 3.34 6.6
SCHk[29] 92.9 87.8 83.2 88.0 3.03 20.0

AL 9.8 90. 6 87.5 91.0 2.78 5.1
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Table 2 Comparison test of improvement schemes for the C2f module

24 0 o i e % S e BHI/(xI0) IR/ GRLORS
YOLOv8n ( baseline ) 9.3 90. 8 84.8 89.9 3.50 8.9
YOLOv8-C2f-RVB[] 96. 1 93.0 78.9 89.3 2.28 6.3
YOLOv8-C2f-DRB!3! 93.8 89.7 84.7 89. 4 2.78 5.2
YOLOV8-C2f-DynamicConv * 95.1 91.5 85.7 90.8 4.42 6.9
YOLOv8-C2f-ODCony! ¥/ 94.9 89.9 85. 1 90.0 2. 84 7.9

2 AHT, AN RV B B B dE C2f 76K B #2751 &
FEAEZES, a1 c2f ffH DynamicConv Dt B
BARH mAP_0.5% 4R T+ T 0.9% , H LS5 & T
26. 4%, MASCHHAY ODConv B HEH T C2f FEHe g 3k
Rl 1 mAP_0. 5% /Mg EER T, SHCR LT 18.9%,
AR T 11, 2% WEA R Y ODConv MLt B
T C2f BEHLAY i AE S TG TS FiE A [] B 3 7T DA AT =
o MR, NI & H A SR A E TN
ODConv HCHH T4 C2f itk

2) Y i S 5

S UE A B HE B e O A AR, T B R

YOLOv8n 53 , A% SCR FH 2 9 4 Fb de ik 5 325 43 51 ok
ODConv FasterNet Block .SEAM 775 JHLHI A1 LSKA 7%
JIBLHEA T I Rl 2 5, T Rl S 9 45 SR M e X L 45 SR n
#£ 3PN,

GEHT R 3 R AL, AR SCHR I Y 4 Bk gy ik R
YOLOv8n Bk PR REAR ™ Az T AR (520, A SCEE B 4
Pt 7 vk et 300 236 ARUIN LR, A8 UMFD S A51AG I 44
P - mAP @ 0.5 535 91.0%, 7% S it A E b T
42.7% S/ T 20. 5%, F B BE IS A0 AR R 7R £
U A RS B ) T AR R S R AR T B AR A% B RN A AR
(LA



- 170 - B & 5 g R %40 &
3 AEESREITHBERSIE
Table 3 Ablation experiment of different module designs
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Fig. 6 Comparison of detection effects under normal lighting and low-light conditions
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Fig. 7 Comparison diagram of detection effectiveness under obstructed view
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Fig. 10  Precision-recall curves for fall detection by various algorithms
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