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ABSTRACT

In this paper, we introduce a regularization of long short-term memory (LSTM) based fall detection system using
TensorFlow that can detect falls that can occur in the elderly. Fall detection uses data from a 3-axis acceleration sensor
attached to the body of an elderly person and learns about a total of 7 behavior patterns, each of which is a pattern that
occurs in daily life, and the remaining 3 are patterns for falls. During training, a normalization process is performed to
effectively reduce the loss function, and the normalization performs a maximum-minimum normalization for data and a L2
regularization for the loss function. The optimal regularization conditions of LSTM using several falling parameters
obtained from the 3-axis accelerometer is explained. When normalization and regularization rate A for sum vector
magnitude (SVM) are 127 and 0.00015, respectively, the best sensitivity, specificity, and accuracy are 98.4, 94.8, and
96.9%, respectively.
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Fig. 1 Flow chart of fall recognition system
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Fig. 3 Visualization of pattern accuracy with 9 types of

regularization case. (a) Normalization=1, A =0.0015,

(b) Normalization=127, A =0.0015, (c) Normalization=255,
A =0.0015, (d) Normalization=1, A =0.00015,

(e) Normalization=127, A =0.00015, (f) Normalization=255,
A =0.00015, (g) Normalization=1, A =0.015,

(h) Normalization=127, A =0.015, (i) Normalization=255,

A =0.015.

Table. 1 Confusion matrix of SVM, 9 , DSVM, GSVM.

Regularization

Pil‘;arm Norrnali:tion A T ™ P N
0.00015| 114 86 10 13

1 0.0015 | 111 85 11 16

0.015 105 75 21 22

S 0.00015 | 125 91 5 2
\% 127 0.0015 | 106 84 12 21
M 0.015 109 13 83 18
0.00015 | 104 91 5 23

255 0.0015 | 116 90 6 11

0.015 111 78 18 16
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Table. 2 Sensitivity, Specificity, and Accuracy of SVM,
0 , DSVM, GSVM.

Para Regularization Sensitivity | Specificity | Accuracy
mter | Normalization A [%] [%] [%]
0.00015 89.8 89.6 89.7
1 0.0015 87.4 88.5 87.9
0.015 82.7 78.1 80.8
S 0.00015 98.4 94.8 96.9
\% 127 0.0015 83.5 87.5 85.3
M 0.015 85.8 13.5 54.8

0.00015 81.9 94.8 87.5
255 0.0015 91.3 93.8 92.4

0.015 87.4 81.3 84.8
0.00015 74.8 94.8 83.5

1 0.0015 | 89.8 80.2 85.7
0015 | 921 81.3 87.5

0.00015 | 87.4 76 82.6

0 127 00015 | 913 94.8 938
0015 | 906 813 86.6

0.00015 | 85 78.1 82.1

255 00015 | 937 86.5 90.6

0015 | 92.1 82.3 87.9

0.00015 | 92.9 19.8 615

1 00015 | 921 87.5 90.2

0015 | 906 938 9

D 0.00015 | 71.7 552 64.6
\S, 127 0.0015 | 858 90.6 87.9
M 0015 | 96.1 938 95.1
0.00015 | 66.9 86.5 75.4

255 00015 | 92.1 958 938

0015 | 764 75 75.8

0.00015 | 8.1 927 86.1

1 00015 | 913 96.9 93.8
0015 | 913 94.8 929
G 0.00015 | 92.1 87.5 90.2
\S, 127 0.0015 | 969 78.1 88.8
Y 0015 | 929 87.5 90.6
0.00015 | 78 88.5 82.6

255 00015 | 945 77.1 87

0.015 95.3 89.6 92.9
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