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Abstract A recent study of people physically falling focused on analyzing the motions of the falls using
a recurrent neural network (RNN) and a deep learning approach to get good results from detecting 2D
human poses from a single color image. In this paper, we investigate a detection method for estimating
the position of the head and shoulder keypoints and the acceleration of positional change using the
skeletal keypoints information extracted using PoseNet from an image obtained with a low-cost 2D RGB
camera, increasing the accuracy of judgments about the falls. In particular, we propose a fall detection
method based on the characteristics of post-fall posture in the fall motion-analysis method. A public
data set was used to extract human skeletal features, and as a result of an experiment to find a feature
extraction method that can achieve high classification accuracy, the proposed method showed a 99.8%

success rate in detecting falls more effectively than a conventional, primitive skeletal data-use method.
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Fig. 2. Keypoints information of Human Body

129

3.2 EXl ==(Feature Extraction for HSSC)
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Fig. 3. PoseNet Key Points Extraction example
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Fig. 4. PoseNet's Body Bounding Box
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Fig. 5. Bounding Box By Human Pose
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Table 1. PoseNet Configuration 2%
algorithm single-pose
architecture ResNet50
inputResolution 250
outputStride 32
multplier 1
quantbytes 2
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Ao ALgH dlolg AEx F/HE W<l Al HUB
9} UR Fall Dataset(URFD)E ARSI 271, ¢,
287 S S8 02 ARSSIITh 4EH oA g
A =2 blo|E(SD: Skeleton Data)E SD, H#e} o]
7 BES shte] HIHER §F HSSC 7%, HSSCY
7 £52 27138t VHSSC 7197} 24 dlolgd] 94
A= A E AAY 7HR(E) o AlR2(EC]) HlES
Z715t 7|HRWHSC)S A3stgirt.

PoseNetZ st ~2AHES] 7| XIE HAE 7|&
golg MER ARSI} 52ke] 22 Walox ARg5}
£ B2 dojgj7t A4 =] 1. %2 ZHA 2. SRt U=
A 3. 2 A= A 4. 237 ZAA] 5 4 7] AAE
71Z02 A5t

gaog wEEl= U Z7 HlolE(SD: Skeleton
Data)?t Heje} oj7fE shte] AlTHER HSSC 71
< A3 Pl d8sh= 2 keypoint®] x, y 23}
A12]ZH(Confidence score)2 Table 29} Ztt.

Table 2. HSSCS Y4 x, y, FHE L scoreX1&A4)
‘ Y(width) yiheight) score(H2ES)
1 ‘headﬁhou\dﬂ 448378536342765 | 29.6835843543787 | 0.9498823039600
2 ‘\eﬁE\bOW 05.8753425020545 | 417345342125375 | (.9460365044748
3 ‘rightE\boW 455378215783780 | 25.9365245745354 | 0924564380977
4 ‘\eﬁWnst 79.5783527858000 | 57.2156378637370 | 0.9815611980416
5 rightWrist 95.0353788112353 | 37AT27542452425 | 0.9859810826347
i IeftHip B34937834527527 | 44T837304345378 | 0.9954020891864
li rightHip 39IB73737837834 | 15.2378376227837 | 0.9418022064184
8 ‘\EﬁKﬂeE 15.6546587373543 | 97.5828528280000 | 0.9716006545777
9 ‘rightKnee £5.6540346042765 | 49.1386374837837 | 0.9337711781269
10 ‘\efbhnkle 456783193738765 | 27.2878245347583 | 0.9678408746095
11 ‘rightAnk\e 85.0375278542535 | 59.8235348378000 | 0.9881633553867
[Legend]
M1 : SD(Skeleton Key point Coordinate)
M2 : SD+HSSC(Head Shoulder Segment Key
Point Coordinate)
M3 : SD+VHSSC(Velocity of Shoulder Segment
Key Point Coordinate)
M4 : HSSC+VHSSC+RWHC(Ratio of Width to

Height body Key point coordinate)
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Table 3. Al hub + URFD Dataset® 5 ¥ AR A3}

Classification Accuracy(%) w7
g | Do) D) | e | ot | s | mepn | dE=
ST A | B | EAA | A (%)
AThub
Ml | 34 URFD 97.52198.52197.39|96.93 | 97.25 | 98.87
AThub
M2 | 38 URFD 98.36(99.78 | 99.3 | 97.41|96.95 | 98.99
AThub
M3 | 40 URFD 99.06(99.84 | 99.84|98.43 [ 98.15 | 99.00
AThub
M4 | 40 URFD 99.46(99.90 | 99.8999.05 [ 99.02 | 99.97
Table 32 SD&} AQtst HSSC , VHSSC 12]iL
RWHSC 7€ 5712 2§% 2% 27 2 3447
Boteg AN golet. 714 H8glo] SDo| 54 5
Aegr= HF 97.52% ©|i SD+HSSCY M2,

SD+VHSSCe] M3 12]at vk H¥pAo] i} o]
Al 7t 283t M49] Bt A 4 27 e
27t 98.36%, 99.06% 1213l 99.46%% M4} S &
A B27l 7B =9kttt YA 7R A 3k Aok
71 M47t A 719 #-85HA] ofqet SD Hrt i
A= E 1.1% F7Ftch

1=R=1
T

6. 28
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