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* 217bA| ADLs1t 157HA] falls= 32| 4 BH= =73
o IMU: LPMS-B2

* Three-axis accelerometer (216 G)

* Three-axis gyroscope (2,000 °/s)

* Three-axis magnetometer (16 Gs)

e Sampling rate = 100 Hz
o BH M YA HES A SYB HIO[E|A

« Fall onset moment(=f &F A2 A|H) 2t
Fall impact moment(=5f & S & A|E) XM=

[12] Yu, X., Jang, J., Xiong, S., & Yu, X. (2021). A Large-Scale Open Motion Dataset (KFall) and Benchmark Algorithms for

Detecting Pre-impact Fall of the Elderly Using Wearable Inertial Sensors. Frontiers in Aging Neuroscience, 13.
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Description

Stand for 30 seconds

Stand, slowly bend the back with or without bending at knees, tie shoe lace
,and getup

Pick up an object from the floor

Gently jump (try to reach an object)

Stand, sit to the ground, wait a moment, and get up with normal speed
Walk normally with turn (4m)

Walk quickly with turn (4m)

Jog normally with turn (4m)

Jog quickly with turn (4m)

Stumble while walking

Sit on a chair for 30 seconds

Sit on the sofa (back is inclined to the support) for 30 seconds

Sit down to a chair normally, and get up from a chair normally

Sit down to a chair quickly, and get up from a chair quickly

Sit a moment, trying to get up, and collapse into a chair

Stand, sit on the sofa (back is inclined to the support), and get up normally
Lie on the bed for 30 seconds

Sit a moment, lie down to the bed normally, and get up normally
Sit a moment, lie down to the bed quickly, and get up quickly
Walk upstairs and downstairs normally (5 steps)

Walk upstairs and downstairs quickly (5 steps)

Forward fall when trying to sit down

Backward fall when trying to sit down

lateral fall when trying to sit down

Forward fall when trying to get up

lateral fall when trying to get up

Forward fall while sitting, caused by fainting

lateral fall while sitting, caused by fainting

Backward fall while sitting, caused by fainting

Vertical(forward) fall while walking caused by fainting

Fall while walking, use of hands to dampen fall, caused by fainting
Forward fall while walking caused by a trip

Forward fall while jogging caused by a trip

Forward fall while walking caused by a slip

Lateral fall while walking caused by a slip

Backward fall while walking caused by a slip
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€ Window

o Shifting window

ADLs Falls
. Length; 64 frames (0643) Type Window size/step Type Window size/step
M1 Sliding window 0.64/0.16 Sliding window 0.64/0.16
* Overlap: 75% (Step: 0.16 s) M2 | Event-defined 2.56/- Event-defined 2.56/-

o Event-defined window: 256 frames (2.56 s)
o Criteria of the labelling [49]

* Fall: more than 40% of the window

* ADLs: all frames
€ Data Split
o Train-validation-test split
* Training: 26 subjects
* Test: 6 subjects
» Validation split: 0.2

[13] Musci, M & Marco P. "Recurrent Neural Networks Architectures for Accidental Fall Detection on Wearable Embedded Devices." Deep Learning for Biomedical Data Analysis. Springer, Cham, 2021. 81-98. 8
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€ ConvLSTM Autoencoder (ConvLSTM-AE)
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€ ConvLSTM Autoencoder (ConvLSTM-AE)

Layer Filters  Kernel size/Stride ~ Outputsize  Layer Filters  Kernel size/Stride  Output size
Encoder Encoder

Input - - 64x6x1 Input - - 256x6x1
Conv (LeakyReLU) 4 2,2)/(2,1) 32x5x4 Conv (LeakyReLU) 4 2,2)/(2,1) 128x5%4
Conv (LeakyReLU) 2,2)/2,1) 16x4x8 Conv (LeakyReLU) 2,2)/2, 1 64x4%8
Conv (LeakyReLU) 16 2,2)/(2,1) 8x3x16 Conv (LeakyReLU) 16 2,2)/(2,1) 32x3x16
Conv (LeakyReLU) 32 2,2)/2,1) 4x2%32 Conv (LeakyReLU) 32 2,2)/2,1) 16x2%32
Reshape - - 8x32 Reshape - - 32x32
LSTM bottleneck LSTM bottleneck

LSTM (LeakyReLU) 64 - 8x64 LSTM (LeakyReLU) 64 - 32x64
LSTM (LeakyReLU) 128 - 8x128 LSTM (LeakyReLU) 128 - 32x128
LSTM (LeakyReLU) 64 - 8x64 LSTM (LeakyReLU) 64 - 32x64
LSTM (LeakyReLU) 32 - 8x32 LSTM (LeakyReLU) 32 - 32x32
Reshape - - 4x2x32 Reshape - - 16x2x32
Decoder Decoder

Input - - 4x2x32 Input - - 16x2x32
ConvTran (ReLU) 16 2,2)/(2, 1) 8x3x16 ConvTran (ReLU) 16 (2,2)/(2, 1) 32x3x16
ConvTran (ReLU) 2,2)/2,1) 16x4x8 ConvTran (ReLU) 2,2)/2,1) 64x4x8
ConvTran (ReLU) 4 2,2)/ 2, 1) 32x5x4 ConvTran (ReLU) 4 2,2)/@2, 1) 128x5x4
ConvTran (tanh) 1 (2,2)/(2, 1) 64x6x1 ConvTran (tanh) 1 2,2)/2, 1 256%6x1
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@ ITPredNet(IMU Trend Prediction Network):
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o First stage: 32 OHO| HlO|E{2 37 0[=9) P\
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o Second stage: 2 H =l H|O|E{ 2} 40|35t 0.2
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BroadFallNet ConvLSTM-AE
D Input/Output D Conv D ConvTranspose D LSTM
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Sensitivity = TP /(TP + FN)
Specificity =TN/(FP +TN)
Accuracy = (TP +TN)/(TP +FP + FN +TN)
Precision = TP /(TP + FP)
Recall =TP/(TP + FN)

F1 score = 2 X (Precision X Recall)/(Precision + Recall)
© Anomaly score
Anomaly score = E,._py|x — G(x)|4

Threshold = Q3 + w(Q3 — Q1)

13
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Data Training Test
Weight 90 100 110 100
Threshold 7.4e-05 8.2e-05 9.0e-05 8.2e-05
F1 score 0.663 0.664 0.662 0.656
Precision 0.908 0.924 0.933 0.873
Recall 0.522 0.518 0.513 0.525
Accuracy 0.953 0.953 0.953 0.949
Sensitivity 0.522 0.518 0.513 0.525
Specificity 0.995 0.996 0.996 0.992
TP 5511 5470 5420 1317
FN 5047 5088 5138 1191
TN 107022 107130 107190 24605
FP 556 448 388 192

Distribution of the anomaly score

Bo i oze B % o
(a) Before training the model (training data)
DisTibution ofthe anomaly séare
. rormal
10000 = Sonamal
woon
| .

abnormal

™
a3
%oz
i
£ oz
02
022
20000 20000 50000 50000 10000
samples
) (a) Before training the model (training data)
’7 0.007
0.006
a00s
g
§ 0.004
H
g 0.003
a002
0.001
a000

ancmaly score

(b) After training the model (training data) ‘

so00a

o
0000

Distribution of the anomaly score

rmal
abnar

mal

0000 00010 00015 000 00025 00030 00035
anomaly score

(c) after training the model (test data)

00040

20000 40000 60000 80000 100000
les

(b) After training the model (training data)

uuuuu

nnnnn
samples

(c) after training the model (test data)

uuuuu

25000

14




X741 S LEAF H=E
L k< IO B e
E re) E Distribution of the anomaly score
o RUO| SHE|P £ FLHo| O|F KL}
XL & o
2 UF=dd EY
= L = 1 = K
o 4 ™YY d=0 v5t0 & &
X d L [=) o
2 Eolke 8T EY
(a) Before training tl';:zmr;;c::iel (training data)
Data Training
Weight 5 6 7
Threshold 6.4e-05 7.5e-05 8.5e-05 - e s e
F1 score 0.963 0.963 0.960 (b) After training the model (training data)
Precision 0‘943 0.952 0.958 (Normalized) Distribution of the Reconstruction Loss ml«w:m
Recall 0.984 0.975 0.963 o
Accuracy 0.965 0.966 0.963
Sensitivity 0.984 0.975 0.963 e
Specificity 0.949 0.958 0964 0917 _.
TP 1866 1848 1825
FN 30 48 71
TN 2101 2120 2133 o ]
FP 112 93 80 (c) after training the model (test data)
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Feature

ADL

Training
Fall

Total

ADL

Test
Fall

Total

Ax
Ay
Az
Gx
Gy
Gz
A
G
AG

0.000712
0.003241
0.001272
0.000122
0.000719
0.000316
0.001742
0.000385
0.001064

0.003872
0.003555
0.005492
0.000428
0.001195
0.001264
0.004307
0.000962
0.002634

0.002170
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Data Training Test

Weight 0.7 0.8 0.9 0.8
Threshold 1.8e-0.6 1.9¢-0.6 2.0e-0.6 1.9¢e-0.6
F1 score 0.855 0.855 0.851 0.787
Precision 0.860 0.870 0.877 0.784
Recall 0.851 0.841 0.827 0.791
Accuracy 0.867 0.869 0.867 0.800
Sensitivity 0.851 0.841 0.827 0.791
Specificity 0.881 0.892 0.901 0.808
TP 1613 1594 1568 352
FN 283 302 328 93
TN 1950 1975 1994 408
FP 263 238 219 97
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[14] Kim, T. H., Choi, A., Heo, H. M., Kim, H., & Mun, J. H. (2020). Acceleration magnitude at impact following loss of balance can be estimated using
deep learning model. Sensors, 20(21), 6126

[15] Lee, S., Koo, B., Yang, S., Kim, J., Nam, Y., & Kim, Y. (2022). Fall-from-height detection using deep learning based on IMU sensor data for accident
prevention at construction sites. Sensors, 22(16), 6107.
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