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Research progress on fall detection based on image recognition

SONG Xiaoxiao, XIE Minglu

(' Medical Engineering Department, Navy Qingdao Special Servicemen Recuperation Center, Qingdao 266071, Shandong, China )

Abstract: This study aims to systematically review the research progress in image recognition-based fall detection, analyze the core
challenges and future requirements for its practical application, and provide a reference for researchers by synthesizing the current state of
technology. A literature review and comparative analysis were adopted. Firstly, fall behaviors were classified. Secondly, the robustness of
fall detection algorithms was analyzed, focusing on their ability to handle complex lighting, occlusion, and background interference.
Finally, multiple public datasets were used as benchmarks to compare key performance metrics of different algorithms, such as accuracy,
recall, precision, and F',-score. The analysis indicates that, among various models, the skeleton-based action recognition model utilizing the
spatial-temporal graph convolutional network ( ST-GCN) demonstrates superior performance, achieving an F,-score of up to 100% on
several databases. Although algorithms represented by ST-GCN perform well in controlled environments, their practical deployment faces
three major challenges: 1) insufficient algorithmic robustness and generalization, making adaptation to complex real-world scenarios
difficult; 2) privacy protection constraints, limiting the application of video surveillance in private settings; 3) limited application
scenarios, with a lack of integrated closed-loop systems incorporating alarm and healthcare services. Future work should focus on enhancing
algorithmic generalization capabilities, exploring new privacy-preserving computing methods, and promoting the development of intelligent
monitoring systems based on multimodal fusion.

Keywords: fall detection; image recognition; fall classification; spatial-temporal graph convolutional network ( ST-GCN) ; robustness; fall
dataset
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Classification and comparison diagram of fall detection technologies
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Tab.2 Fall database based on images and videos
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Tab.3 Comparison of F,-scores for algorithms based on database differences
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