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Human Fall Detection Method Based on Key Points in Infrared Images

XU Shiwen, WANG Heng, ZHANG Hua, PANG lJie
(School of Information Engineering, Southwest University of Science and Technology, Mianyang 621000, China)

Abstract: To address the problems with existing human fall detection methods for complex environments,
which are susceptible to light, poor adaptability, and high false detection rates, an infrared image human
fall detection method based on key point estimation is proposed. This method uses infrared images, which
effectively eliminates the influence of factors such as lighting; first, the center point of the human target is
found through a neural network, and second, the human target attributes, such as the target size and label,
are regressed to obtain detection results. An infrared camera was used to collect human body fall images in
different situations and establish datasets containing infrared images of human falls. The proposed method
was used for experiments; the recognition rate exceeded 97%. The experimental results show that the
proposed method has a higher accuracy and speed than other two methods in infrared image human fall

detection.
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Fig.4 Partial human fall dataset

SN S SRl EVES
Fig.5 Human fall detection effect
FE IAE BN ARSI v, 8 RDIR S AT 2
15 B I S S 3, A SON T IR R 2 AR,
SN S BB S 37 5 rp RO R AR, ST 1
L BEAE BRI LU T AR 1T R A TS AS R R R A
ZeH, WA 5 PRSRIGE R LIEH, HIkRER
AETA ARG LY A MR (B 85 5 IE W RS . X THE
BB Iy A 2B AT A AT AN B AR R 17 0T IR REAE R A
W, BENETH AL — B S A BT AR BRI R
N o B A SR Y SE RO PR BE AT SEIN %, I
{fFl YOLO v3. Faster RCNN &y 5 > fint kb szig,
M Es Rk 1 s,
F1 xFesesss R

Table 1 Comparison of experimental results

Algorithm Accuracy/(%) Time/(ms/frame)
Yolo v3 96.9 0.0421
Faster RCNN 95.7 0.441
Ours 98.4 0.0462
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