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Infrared Image Human Fall Detection Algorithm Based on Improved Alphapose

ZHANG Peng, SHEN Yuzhen, LI Peihua, ZHANG Kaixiang
(Aviation Industry Crop Huadong Photoelectric Company Limited, Wuhu 241002, China)

Abstract: Human fall detection in infrared images is not affected by ambient light and has important
research and application value in intelligent security. Existing fall detection methods do not fully consider
the position change law of key points on the human body, which can easily cause false detections of similar
fall movements. To solve this problem, we propose an infrared image fall detection algorithm based on an
improved alpha pose. The algorithm uses the YOLO v5s object detection network to directly classify human
poses while extracting the human body target frame and inputting the pose estimation network. It then
evaluates it in combination with the position information and posture characteristics of the key points of the
human skeleton. Experiments showed that the algorithm exhibited good performance in terms of accuracy

and real-time performance.
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1.1 YOLO v5s
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Table 1 Comparison of parameters between different

versions of YOLO v5
Size
Model ] Speedvioo/ms  Params(M)
/pixels
YOLO v5s 640 2.0 7.3
YOLO v5m 640 2.7 21.4
YOLO v5l1 640 3.8 47.0
YOLO v5x 640 6.1 87.7
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Fig.2 Improved Alphapose algorithm structure
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Fig.3 Alphapose key point detection results
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Fig.7 Annotated and predicted images under occlusion: (a) No

obstructions included when labeling; (b) Detection of
unobstructed state using unobstructed object annotation
method; (c¢) Detection of occlusion status using
unobstructed object annotation method; (d) Include partial
obstructions when labeling; (e) Detection of unobstructed
state using labeling method with occluded objects; (f)
Detection of occlusion status using labeling method with
occluded objects
*2 LIEER

Table 2 Experimental results

Method DIoU_average Time average/s
Alphapose 0.910 0.085
Ours 0.926 0.068
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Fig.8 Experimental results: (a) Alphapose for detecting self built infrared datasets; (b) Ours for detecting self built infrared datasets; (c)
Ours for detecting MOTIID dataset; (d) Ours for detecting FLIR_ADAS datasets
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Table 3 Experimental results under different Th values

Th TP FN TN FP Accuracy
0.01 36 0 41 10 88.5%
0.02 36 0 47 4 95.4%
0.03 36 0 50 1 98.9%
0.04 34 2 51 0 97.7%
0.05 32 4 51 0 95.4%
0.06 29 7 51 0 92.0%
0.07 25 11 51 0 87.4%

K 9(a) 5 & 9(b)43 7l & Th BL 0.03 I, AE T
FLSER B B E AT B 48 BN AE A 25 53, B 9(c) /2
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Fig.9 Fall detection results: (a) Detection result of real fall movements when Th=0.03; (b) Detection result of false fall action when

Th=0.03; (c) Detection result of false fall action when Th=0.01
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