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The Modified Fall Detection Algorithm based on YOLO-KCF for Elderly Living
Alone Care
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Abstract As the number of elderly people living alone increases, the frequency of fall accidents is also increasing.
Falls are a threat to the health of older adults and can reduce their ability to remain independent. To solve this
problem, we need real-time technology to recognize and respond to the critical condition of the elderly living alone.
Therefore, this paper proposes a modified fall detection algorithm based on YOLO-KCF that can check one of the
emergency situations in real time for the elderly living alone. YOLO can detect not only the detection of objects, but
also the behavior of objects, namely stand and fall. Therefore, this paper can detect fall using the ratio of change of

boundary box between stand and falling situation, and this algorithm can improve the shortcomings of KCF.
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Fig. 2. YOLOV3 Network Architecture
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Table 1. Accuracy of fall detection of Le2i dataset

number of video class Accuracy of fall detection
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Fig. 7. YOLO-KCF detection result
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