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Depth camera-based fall detection system for the elderly
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Abstract: A fall detection system using a depth camera with a high accuracy and a low false alarm rate is designed to ease the
pressure of children who are lacking the energy to take care of their elderly parents and alleviate the pressure caused by the
increasingly aging. In this scheme, calibrated RGB camera and infra red camera are used to obtain the 3D image of the
surroundings of the elderly, and convolutional neural network is used to extract the multijoint positions. Whether fall occurs is
determined by the comprehensive consideration of the 3D information of surrounding and the space-time characteristics of human

joints between video frames. The test results show that the proposed fall detection system has a high accuracy and superior roubst

for the elderly.
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Fig.1 The internal and external structures of Kinect 2.0
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Fig.2 Pinhole camera model
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a: RGB camera calibration
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Fig.3 Camera calibration

PREGRINFR I ME 2R, £1 MR ERH
RGB ML S, Hbp g R IRZE N 0.21 MER &R
2 BHRE S IR ML S, Hbp g B R 1R 25 M 0.12

WS, o35 T A LA AEAR ) W A2 5 1) ) W
A BT LATE W A BLAS A 3o 7 o A 20 2% SR X — 1Y
PRI AL A8 R B 0] R ok -

Cz[kl,kz,p,,pz,k3] (2)

4533 RGB AHHLFI IR MHHLI N S H B, AR RS
T JEHIE—K 6x8 MY BLALAS , W& 3 iR . B BLAL
5 R 40 mm, SR JE DA TR] F B O [R) BE 8 4 4
80~100 5K 5 A A s bR BIZ, 5 A1 K IAs
BT Kinect YE1 THRE o

b: IR camera calibration
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Tab.1 Intrinsic parameters of RGB camera

fe t, €. <,

k, k, ky P P

Default 1081.37 1081.37  959.50 539.50

Calibrated 1059.82 1059.37 945.65 519.32

0 0 0 0 0

0.0548 -0.0553 0.00889 -0.0529 0.000 531
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Tab.2 Intrinsic parameters of IR camera

7 1 e ¢

k, k, ke, P 23

Default 367.64 367.64 257.23 207.59

Calibrated ~ 366.56  366.49  253.31 206.35

0 0 0 0 0

0.101 -0.299 -0.117 -0.121  -0.000 155
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a: RGB-IR aligning

b: Colored depth picture
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Fig.4 Stereo calibration result of Kinect 2.0
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Fig.5 Detection of multijoint positions
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Fig.6 Probability distribution of left joints in a standing human
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Fig.7 Schematic diagram of a tilted human body
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Tab.3 Results of fall detection system for Kinect 2.0 (%)

Set Sensitivity Specificity Accuracy  Error rate
val 93.7 91.2 922 7.8
test 91.5 88.3 89.5 9.5
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Tab.4 Results of fall detection system for UR Fall Dataset (%)

Set Sensitivity ~Specificity ~Accuracy  Error rate
val 922 89.0 90.2 9.8
test 90.6 87.2 88.4 11.6
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