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Abstract

Falls are unexpected occurrences during daily activities that lead to
significant difficulties in life. Not only do falls frequently happen among
the elderly, but they also account for a high percentage of accidents in
industries and hazardous occupations. For people who working in
high-risk jobs such as firefighters or even working in industrial site,
the rate of accident realated with falls are more than 20%.

To address these incidents caused by falls, research related to fall
detection 1s actively being conducted. This study aimed to develop and
evaluate various models that classify whether a fall has occurred when
given measured data using a device attached to body which is equipped
with an accelerometer and a gyroscope to measure people’s movements.
The goal was to ascertain which model performed best through
performance evaluations.

To gather data, an experiment was conducted where devices were
attached to the waists of participants who repeatedly performed actions
defined as falls and non-falls.

Collated data tested by 5 models which were Support Vector Machine
(SVM), Convolutional Neural Networks (CNN), Long Short-Term
Memory (LSTM), Temporal Convolutional Networks (TCN), and
CNN-LSTM model. Performance evaluations were carried out while
maintaining some of the hyperparameters the same for the deep
learning models, to make the appropriate model selection. Among the
implemented models, the LSTM model showed the most superior

performance on the configured dataset.
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19 3.3. Equipment Attached Status and Location.
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19 3.5. Falling movements.
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19 3.8. Comparison of Augmented Data.
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19 4.2. Confusion matrix.
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4.2. Setting Common Parameters
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3 4.3. SVM result according to C

C Accuracy Precision Recall F1l-score
1.0 0.917 0.819 0.473 0.600
10.0 0.913 0.750 0.509 0.606
100.0 0.910 0.716 0.524 0.605
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19 4.4. Confusion matrix of SVM.
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Corvolution Layer
filters: 64

kernel : 2
Flatten laver Danse layer

[rnput
MaxPoolinglD layer
size: 2

relu
dropout: 0.3

1% 45. Structure of 1D CNN model.

1D CNN2& 555 #Har g ot dukdgor AAgtso] FAH =
AS Bt 29 H Recall §t2 Precision-Recall Alo]2] Edo]l= Q3
o] F3Fo = 0.00050 Hl& Precision®] WA 5ot 23]e HolA
= dde B2t o9k & 1D CNNe| A3 Ay g3 o] e
ot
3t 4.4. CNN result according to learning rate
Learning Rate Accuracy Precision Recall Fl-score
0.001 0.933 0.804 0.652 0.720
0.0005 0.940 0.792 0.731 0.760
0.0001 0.947 0.864 0.701 0.774
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19 4.6. Result of 1D CNN.
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3t 45. LSTM result according to learning rate

19 47, Structure of LSTM model.

Learning Rate Accuracy Precision Recall Fl-score
0.001 0.942 0.810 0.721 0.763
0.0005 0.935 0.763 07 30 0.747
0.0001 0.952 0.812 0.823 0.817
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19 4.8. Result of LSTM.
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Convolution Layer

Input hidden layer Dense layer
filters : 64 call call —
kernel : 2
—_|:=:‘1 5=60 60=30 |—
Input W i Output
A1 Sx60 = B0=30 |—>
s —>C D
-~ 5260 | 60-30 |—
relu
200 200 —
sigm oid
dropout : 0.3

19 49. Structure of CNN - LSTM model.

CNN-LSTM =222 0.00059 g5EoA 718 =2 A5
Precision& 0.00019] 85894 092 ol A9 Recalle

© A%E5 B3t CNN-LSTM Ede] A9 H7F Adae b3 2o

R

3 4.6. CNN-LSTM result according to learning rate

Learning Rate Accuracy Precision Recall Fl-score
0.001 0.940 0.837 0.670 0.745
0.0005 0.951 0.886 0.720 0.794
0.0001 0.944 0.910 0.634 0.747
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9 4.10. Result of 1D CNN - LSTM.

TCN®| 45, && sto]l3 erHE A4S adam, sigmoid, crossentropy
39} MinMaxScalerS A3t3 29 o g #8519 3L dropoute 30% = A3
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19 4.11. Temporal Convolutional Network.

- 11 1 -



135

S
Tl

Fl-score
0.771
0.755
0.756

7} Ase g

|

2

Recall
0.743
0.805
0.679

A Wk 5ol

S

g

Q)
=

A ZZA1Z] Fl-score® 745 0.001

Precision
0.802
0.712
0.854

whe} 2 3}gko]

Age B TCNe A2l

H 3} o]
47. TCN result according to learning rate
0.943
0.932
0.943

Accuracy

‘q

=
=
Ay A
it

CN2 gk
0.001
0.0005
0.0001

Learning Rate

T

GRS SR Sy
i : N = =
R
Ty 3 M
=S — - o't -
7 © o< _AO
ol o
o o D
~ =0 .
; o X %o o
= - 0
g — 0
& B el = ma
—~ @]
N el < ] g
< O ho U.._r — o
= fpiz
° 7 BoE 3
g = T
A 7 o T
Q ,._f |
~ ~ T El N
. M mmom?om‘_:mu( M 2 7~l w ﬂ -
— i oF X =
= o = |
™ TN ﬁ R
—~ 55 ol
M = m 700 A=
W B
N

o
=

Recall #te] 71 &
o

_42_



=

3t 4.8. Performance evaluation score using Confusion matrix based on

Recall
SVM Cll\]I)N LSTM —Eg}F\IM TCN
Accuracy 0.910 0.940 0.952 0.951 0.932
Precision 0.716 0.792 0.812 0.886 0.712
Recall 0.524 0.731 0.823 0.720 0.805
Fl-score 0.605 0.760 0.817 0.794 0.755

91 ® 4804 HH, Recalle] 71y =4 S4E 2d2 LSTMe| 833
U} Recalle] HA4S HAo= ZASE Aoe UEUe H=olm=w o
A3 LSTMe] 7HE 9&ds & A%
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3t 4.9. Performance evaluation score using Confusion matrix based on

F1-score
SVM Cll\]I)N LSTM _EIS\I%\IM TCN
Accuracy 0.913 0.947 0.952 0.951 0.943
Precision 0.750 0.864 0.812 0.886 0.802
Recall 0.509 0.701 0.823 0.720 0.743
Fl-score 0.606 0.774 0.817 0.794 0.771
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