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An Improved YOLOvV7 Algorithm For Fall
Detection in Elderly People

Y1 Zhengrong, PAN Hao', XIE Binggian
(College of Information Engineering, Shenyang Chemical University, Shenyang,lLiaoning 110000, China)

Abstract; Elderly falls have become a major issue for families and society as a result of the aging population’s increasing
prevalence and the rise in indoor fall incidents. This paper proposes an improved fall detection algorithm for YOLO-GDDH,
aiming at the issues that current fall detection models often require a large number of computational resources and parameter
configurations, the accuracy of these fall detection algorithms remains relatively low in complex environments. First, the
RepNCSPELAN4 module is added to the original backbone network, building on the generalized efficient layer aggregation
network (GELAN) developed by YOLOvV9, to enhance the network inference speed and accuracy while ensuring a light-
weight network. Second, the original path aggregation network (PANet) is modified using a better gather-and-distribute
mechanism (GD) mechanism. This improves the neck network’s information fusion capability. Finally, the dynamic head is
used to output detection results to accelerate the network convergence speed. The experimental results show that the im-
provement algorithm achieves 97. 8% mean average precision mAP@ 0.5 on the test set, which is better than the baseline
YOLOvV7-tiny. meanwhile, the model has only 6.4 M parametric quantities and 14. 3 B computational volume. in contrast to
other popular lightweight target detection models, YOLO-GDDH has a high detection precision while maintaining the light-
weight model, confirming the efficacy of the technique presented in this paper.
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