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(4.9)

relu(x) =

{
0, x ≤ 0

x, x ≥ 0
(4.10)

softmax(x) =
exi∑
i e

xi
(4.11)

Back Propagation; BP wij

Ei η 4.12

ŵij = wij − η
∂Ei

∂wij
(4.12)

4.2.2 Recurrent Neural Network; RNN

FFNN

Recurrent Neural Network; RNN

RNN RNN Long Short Term

Memory

RNN 4.5(a) RNN 4.5(b)
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(a) RNN (b) RNN

4.5 RNN

t RNN

1 t− 1 RNN

Bidirectional RNN, BRNN RNN

t RNN i z
(t)
i x

(t)
j

w
(t)
ij t− 1 z(t−1) v(t−1)

(4.13)

z
(t)
i = f(

∑
j

w
(t)
ij x

(t)
j + v(t−1)z(t−1)) (4.13)

RNN Back Propagation Through Time BPTT [36]

RNN

RNN BPTT

5-10

[37]
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Long Short Term Memory; LSTM

RNN Long Short Term

Memory LSTM LSTM 4.5 RNN

LSTM LSTM

Gers [37]

LSTM LSTM 4.6

4.6 Gers [37] LSTM
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LSTM input output forget 3

4.6 t LSTM x’(t) input

i(t) forget f(t) c(t) output o(t)

LSTM y(t) (4.14) (4.15) (4.16) (4.17)

(4.18) (4.19) �
t− 1

[38] RNN

x’(t) = tanh(Wx’x
(t) +Rx’y

(t−1) + bx’) (4.14)

i(t) = sigmoid(Winx
(t) +Riny

(t−1) + bin) (4.15)

f(t) = sigmoid(Wforx
(t) +Rfory

(t−1) + bfor) (4.16)

c(t) = i(t) � x’(t) + f(t) � c(t−1) (4.17)

o(t) = sigmoid(Woutx
(t) +Routy

(t−1) + bout) (4.18)

y(t) = o(t) � tanh(c(t)) (4.19)
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4.2.3 Temporal Convolutional Network; TCN

Temporal Convolutional Network

1 NN 1

Encoder-Decoder TCN (ED-TCN) [39]

4.7 ED-TCN ED-TCN Encoder Decoder

4.7 Encoder-Decoder TCN (ED-TCN)

Encoder-Decoder 4.7 xk k

( )

k = 128 Encoder 1 l Encoder

E(l), l ∈ {1, 2, ..., L} 1 E(l−1) W= {W (i)}Fl
i=1 (Fl l

) b f (4.20)

E(l) = f(W ∗E(l−1) + b) (4.20)
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(4.21) ReLU (normalized

ReLU) ε

f(x) =
relu(x)

max(relu(x)) + ε
(4.21)

T (l) 1 Encoder 1
2

(TE
(l)

= 1
2T

E(l−1)

)

Decoder Encoder Encoder

Decoder l Decoder

D(l), l ∈ {L, ..., 2, 1} 1 D(l+1) 2 (TD
(l)

= 2TD
(l+1)

)

4.3

Autoencoder

4.3.1 Autoencoder; AE

Autoencoder (AE) NN

4.8 FFNN AE

FFNN-AE AE

Encoder-Decoder [11] AE

( 4.8)

)

NN

AE

AE

AE

AE

[7]
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4.8 Autoencoder (AE) .

4.3.2 LSTM Autoencoder; LSTM-AE

LSTM-Autoencoder(LSTM-AE 4.9) LSTM

AE AE

[40]

LSTM-AE

Encoder LSTM

4.9 Decoder LSTM

LSTM-AE Encoder Decoder LSTM
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4.9 LSTM-AE 4.8 Encoder Decoder LSTM

.

4.3.3 TCN-Autoencoder(TCN-AE)

TCN-AE ED-TCN

[39] ED-TCN

t Ŷt Decoder D(1) softmax

ED-TCN Autoencoder

Y

(4.22) U D(1) c

Ŷt = U ∗D(1)
t + c (4.22)
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5

Autoencoder

2

5.1 1 Autoencoder GMM

5.1 1 .LSTM-AE GMM 2 LSTM-AE

GMM
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1 LSTM-AE GMM

5.1 LSTM-AE

GMM

( )

( )

LSTM-AE

GMM LSTM-AE

LSTM-AE GMM 2

LSTM-AE

LSTM-AE

LSTM-AE

GMM 2

LSTM-AE GMM

LSTM-AE GMM
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————————————–

5.2 2 Autoencoder end-to-end

5.2 .Autoencoder end-to-end

2 AE

end-to-end 5.2 4

3 Autoencoder (FFNN-AE, LSTM-AE, TCN-AE) Autoencoder

( ) ( )
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T X= {x1, x2, ..., xT } Y = {y1, y2, ..., yT }
a(Y ;X) (5.1)

a(Y ;X) =

T∑
t=1

(yt − xt)
2 (5.1)

a(Y ;X)
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6

5

2 6 7

6

6.1

1 2 2

3 New

Half-worn Half-worn Worn New Worn

6.1.1 1

1 3 2

5 7

1 New

0% Half-worn 50%

Worn 100% 3
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2250

6.1.2 2

2 2

5 5

2 1

5 (0% 25% 50% 75%

100%) 2

New Half-worn Worn 3

Half-worn 3 3 25% 50% 75%

1 3

6.1

20 kHz 3 2kHz

2kHz

20kHz

6.1

( 1) ( 2)

/ 5 / 7 5 / 5

2kHz

point 6,533,729 pt 4,500,000 pt

326.68 225.00

3 5

3



6 36

6.2

6.2

FFNN-AE TCN-AE 2 4

K-NN (KNN) OC-SVM (SVM) Hotelling’s T-square (T2) GMM 4

K-NN

k = 3

AE

0 1 256point

TCN-AE (256 point,

) 2 FFNN-AE OC-SVM TCN-AE

2 256point 128point 1

(128 point× )

K-NN Hotelling’s T-square GMM TCN-AE

2 1 PCA 95%

6.2

Area Under Curve (AUC) 2

FFNN-AE TCN-AE

GPU CPU

200

AUC

6.2

( 1) ( 2)

1 256 point

128 point 64 point

51,041 70,295

8,520 7,029

TCN-AE (256,7) (256,5)

FFNN-AE OC-SVM 896 640

419 347
PCA

PCA 95%

200

AUC
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6.2.1 AE

AE 6.3 TCN-AE FFNN-AE

6.4 6.5 6.6 6.7 3

3 AUC

New New

6.3 AE

OS Windows 10

Keras[42] (TensorFlow[41] backend)

TCN Normalized ReLU

AE Linear

Mean Squared Error

Stohastic Gradient Decent

0.01

AE 2000 (with Early Stopping)

6.4 TCN-AE ( 1)

input (256,7)

Convolution 1D 16 (256,16)

Max Pooling 1D - (128,16)

Convolution 1D - 32 (128,32)

Max Pooling 1D - (64,32)

Up Sampling 1D - (128,32)

Convolution 1D 16 (128,16)

Up Sampling 1D - (256,16)

Convolution 1D 7 (256,7)
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6.5 FFNN-AE ( 1)

input 896

Full Connection 448

Full Connection 224

Full Connection 448

Full Connection 896

6.6 TCN-AE ( 2)

input (256,5)

Convolution 1D 16 (256,16)

Max Pooling 1D - (128,16)

Convolution 1D 32 (128,32)

Max Pooling 1D - (64,32)

Up Sampling 1D - (128,32)

Convolution 1D 16 (128,16)

Up Sampling 1D - (256,16)

Convolution 1D 5 (256,5)

6.7 FFNN-AE ( 2)

input 640

Full Connection 320

Full Connection 160

Full Connection 320

Full Connection 640
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6.2.2 : Area Under Curve

Area Under Curve (AUC)

ROC (Receiver Operatorating Characteristic curve

6.1) [10] ROC

True Positive Rate (TP)

False Positive Rate (TP) 2

TP FP

ROC AUC ROC

AUC

AUC=1

6.1 ROC

3 3 ROC AUC

• ROC 1 AUC 1 New 1 Half-Worn 2 2

ROC AUC

• ROC 2 AUC 2 Half-Worn 1 Worn 2 2

ROC AUC

• ROC 3 AUC 3 New 1 Worn 2 2

ROC AUC
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6.3 1

6 1

ROC AUC 6

6.2 6.7

2 3

New Half-Worn

Worn 6

3 ROC 6.8 6.13

ROC 1 ROC 2 ROC 3 6

3 AUC 6.8

6.2 Hotelling’s T-square ( 1)
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6.3 GMM ( 1)

6.4 K-NN ( 1)
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6.5 OC-SVM ( 1)

6.6 FFNN-AE ( 1)
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6.7 TCN-AE ( 1)

6.8 Hotelling’s T-square ROC ( 1)

6.9 GMM ROC ( 1)
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6.10 K-NN ROC ( 1)

6.11 OC-SVM ROC ( 1)

6.12 FFNN-AE ROC ( 1)
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6.13 TCN-AE ROC ( 1)

6.8 6 3 AUC ( 1)

AUC 1 AUC 2 AUC 3 [sec]

Hotelling’s T-square 1.0000 0.0415 0.9999 509.9673

GMM 1.0000 0.9298 1.0000 0.4710

K-NN 1.0000 1.0000 1.0000 450.8965

OC-SVM 1.0000 1.0000 1.0000 197.7401

FFNN-AE 0.9999 0.9999 1.0000 7.1962

TCN-AE 1.0000 1.0000 1.0000 13.1796
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6.4 2

6 2 3

ROC AUC 6.3

6 6.14 6.19

4 5

New 3 Half-Worn Worn

6 3 ROC 6.20

6.25 6 3 AUC

6.9

6.14 Hotelling’s T-square ( 2)
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6.15 GMM ( 2)

6.16 K-NN ( 2)
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6.17 OC-SVM ( 2)

6.18 FFNN-AE ( 2)
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6.19 TCN-AE ( 2)

6.20 Hotelling’s T-square ROC ( 2)

6.21 GMM ROC ( 2)
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6.22 K-NN ROC ( 2)

6.23 OC-SVM ROC ( 2)

6.24 FFNN-AE ROC ( 2)
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6.25 TCN-AE ROC ( 2)

6.9 6 3 AUC ( 2)

AUC 1 AUC 2 AUC 3 [sec]

Hotelling’s T-square 0.9992 0.9998 1.0000 390.4237

GMM 0.2841 0.6225 0.4009 0.5556

K-NN 0.9997 1.0000 1.0000 381.3115

OC-SVM 0.4799 1.0000 1.0000 91.4443

FFNN-AE 0.6151 0.9999 1.0000 5.1946

TCN-AE 0.9996 1.0000 1.0000 80.7757
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6.5

AE

6.8 6.9 AUC 2

AUC 1 K-NN OC-SVM

TCN-AE 3 AUC 1 3

2 Hotelling’s T-square K-NN TCN-AE 3

AUC 0.99 3

AE GMM

TCN-AE AUC K-NN

1 0.02922 2 0.2705

TCN-AE

AE FFNN-AE

TCN-AE

TCN-AE

New

Half-worn Worn
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7

7.1

3 5

( 7.1) 3 10 10

7.2 7.1

7.1.1 A

7

A

A 7.3 4

( 1©)

5 ( 2©)

2

( 3©) 7.3

( 1©) ( 2©)
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7.1

7.2

7.1

2 ( 3©- 4© 500 )

3 3

1
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7.3 A

7.1 A

1 10

10

0.67

7452

500

12.8 kHz
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7.1.2 B

7.1

A 2

B

A

B 7.1 A 10

60

7.2 B

1 10

60

3393

12.8 kHz

7.2 1: 1

5.1 1

7.2.1

A

LSTM-AE GMM

7.3

7.4 LSTM-AE 7.5



7 57

7.3 1

500 ms

250 ms

290,628

19,500

LSTM-AE 500

LSTM-AE RMSprop

GMM 128

GMM = 1

SMA 50

90% 95%

7.4

OS Ubuntu 18.04.4 LTS

GPU GeForce GTX 1070 Ti

Keras[42] (TensorFlow[41] backend)

7.5 1 LSTM-AE

input - (320)

LSTM 10 (10,128)

RepeatVector - (10,128)

LSTM 10 (320)

[9]

(Simple Moving

Average;SMA) (7.1) t

a(x(t)) k
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k = 50 50

5

SMA(a(x(t))) =
Σt+k

t a(x(t))

k
(7.1)

90% 95% 2

2

7.2.2

LSTM-AE GMM

PCA

Hotelling’s T-Square LSTM-AE PCA

GMM Hotelling’s T-square 2 4

PCA Hotelling’s T-square

1 PCA GMM 2 LSTM-AE Hotelling’s T-square

3

PCA Hotelling’s T-square 7.6

LSTM-AE GMM 7.3

PCA 9

10 320 PCA

3200 PCA 3200

9 95% PCA 9

7.6 Hotelling’s T-square PCA

PCA 3200 (320 point × 10 )

PCA 9

Hotelling’s T-square 1

7.2.3

2 1

2
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(a) (b) (a) 1 10 1

4

( 1©) ( 2©) ( 3©)

( 4©)

2 90% 95%

1 2 7.4 1,2,3 2

7.5 7.6 7.7

2 2

4 -

2 (Period 1) 2 - (Period 2) 2

2 (Period 2/Period 1) 7.8 7.4

7.7

7.8

0 1 0

500

(a) (b)

7.4 1 . 90% 0.7225,

95% 0.9351 , 4.0766 .

1 3
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(a) (b)

7.5 1 (PCA+Hotelling’s T-square ) .

90% 0.0526, 95% 0.0954 , 0.4388 .

(a) (b)

7.6 2 (PCA+GMM) . 90%

0.0001, 95% 0.0002 , 0.1731 .
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(a) (b)

7.7 3 (LSTM-AE+Hotelling’s T-square )

. 90% 0.7858, 95% 0.9836 , 4.3055

.

7.8 4 - 2 (Period 1) 2 - (Period 2) 2

2 (Period 2/Period 1) PCA

LSTM-AE

7.2.4

8 3

3 90%
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2

2

1 3

Hotelling’s T-square GMM

2

GMM Hotelling’s T-square

LSTM-AE

Hotelling’s T-square

0.1 GMM

GMM Hotelling’s T-square

LSTM-AE PCA

LSTM-AE PCA

PCA 90% 95% 0%

90% LSTM-AE

90% 2 - 95%

PCA 95%

7.8

LSTM-AE 1.3895 3 1.2480

PCA 1 2.4912

2 2.1385 2

2

PCA 90% 95% 0% 90%

PCA 2

LSTM-AE

7.3
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LSTM-AE

PCA

LSTM-AE

PCA

LSTM-AE

PCA 1

LSTM-AE
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7.3 2: TCN-Autoencoder

AE

2 2 TCN-AE

7.3.1

1 A

7.7 [39]

10 1

AE

1 800ms

1,280Hz 1,024 1,024

1 1 1,024 2

2 1,025 3 3 1,026

encoder/decoder

encoder

2 1 8 2 16 F=(8,16)

95%
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7.7 2 AE

1,280 Hz

100/200/400/800 (ms)

encoder/decoder (8)/(16)/(32)/(8,8)/(8,16)/(8,8,8)/(8,8,8,8)

TCN Normalized ReLU

AE Linear

Mean Squared Error

Stohastic Gradient Decent

0.01

3,000

7.8 F=(8,16) TCN-AE

input (320,1)

Convolution 1D 8 (320,8)

Max Pooling 1D - (160,8)

Convolution 1D 16 (160,16)

Max Pooling 1D - (80,16)

Up Sampling 1D - (160,16)

Convolution 1D 8 (160,8)

Up Sampling 1D - (160,8)

Convolution 1D 1 (320,1)
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7.3.2

1 (8) 100

ms 7.9 800 ms 7.10 (16) 800

ms 7.11 4 (8,8,8,8) 800 ms 7.12

7.9 1

7.9 100 ms 1 (8)

7.10 800 ms 1 (8)
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7.11 800 ms 1 (16)

7.12 800 ms 4 (8,8,8,8)

7.9

(8) (16) (32) (8,8) (8,16) (8,8,8) (8,8,8,8)

9,241 34,865 135,265 25,641 66,617 42,041 58,441

/ (μs) 6.593 6.784 8.439 8.340 8.664 9.451 10.733

7.10 7.11 7.12

7.9

1 (8) 2 (8,8) 2 3
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7.9 7.10

7.10

7.10

7.10 AE

400/800/1,200/1,600 (ms)

encoder/decoder
(8)/(8,8)

7.11

(8) (8,8)

(ms) 400 800 1,200 1,600 400 800 1,200 1,600

/ (μs) 4.902 6.784 7.843 10.407 6.326 8.340 10.111 11.786

800 ms 800 ms

670 ms

800 ms

7.11

3 800 ms
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7.4 3:

2 2 3 AE

7.4.1

1 2 A 3 AE

7.7 800

ms TCN-AE LSTM-AE LSTM

1 (8) 2 (8,8) 2 FFNN-AE

2 (512,128) (256,128) 2

FFNN-AE

LSTM-AE TCN-AE 1
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7.4.2

LSTM-AE 2 (8,8)

7.13 FFNN-AE 2 (256,128) 7.14

7.12 2 ( 7.3 1©) ( 1) ( 2©) (

2) ( 3 3©- 4©) ( 4 4© )

4

1 7.13

7.13 LSTM-AE 2 (8,8)

7.14 FFNN-AE 2 (256,128)



7 71

7.12

= ( 1- 3)/( 2- 3)

1 2 3 4

FFNN-AE 0.7789 0.7147 0.7055 0.7057 7.954

LSTM-AE 0.0313 0.0137 0.0077 0.0082 3.915

TCN-AE 0.0351 0.0133 0.0067 0.0073 4.278

7.13 1

FFNN-AE LSTM-AE TCN-AE

(512,256) (256,128) (8) (8,8) (8) (8,8)

1,050,112 985,088 1,737 3,913 9,241 25,641

/ (μs) 3.129 3.050 272.207 543.781 6.593 8.340
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7.4.3

7.12 FFNN-AE 7.954 TCN-AE 4.278

LSTM-AE 3.915 LSTM-AE

TCN-AE FFNN-AE

LSTM-AE TCN-AE

7.13

LSTM-AE FFNN-AE LSTM-AE

FFNN-AE 5.320 TCN-AE 41.28

FFNN-AE LSTM-AE TCN-AE

FFNN-AE

LSTM-AE TCN-AE TCN-AE

LSTM-AE

LSTM-AE TCN-AE FFNN-

AE FFNN-AE

FFNN-AE

TCN-AE LSTM-AE TCN-AE

FFNN-AE

FFNN LSTM RNN

TCN

[43] TCN-AE

TCN-AE

7.14
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7.14 3 AE

FFNN-AE

•

•

•
•

LSTM-AE

•
•

•

TCN-AE

•

•

•
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7.5 4:

B

2

AE TCN-AE

7.5.1

7.15 800 ms

TCN-AE 2 (8,8) 2

100 ms 7.3

( 3©) 1

6

1 2 ROC AUC

7.15 4

1,280 Hz

3,933

( ) 800 ms

100 ms

393,293

178,193

TCN-AE encoder/decoder / 2 / (8,8)

3,000
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7.5.2

7.15

7.16 7.17

4 1 2 3

( 4©)

7.18 7.19 7.20 ROC

AUC 7.21 3 ROC

AUC

7.15 B

7.16 B
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7.17 B

7.18 B

7.19 B
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7.20 B

7.21 B ROC AUC

ROC AUC

7.5.3

7.21 AUC 0.9295

1 2

7.1.1

3
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8

8.1

2

1 Autoencoder AE

Gaussian Mixture Model GMM 2 1

2 AE 2

end-to-end

AE

2

TCN-AE

FFNN-AE

TCN-AE

TCN-AE

2

2



8 79

TCN-AE

3 AE

8.2

2

7.5 2 7.2 7.4

3

Autoencoder

2 1

GMM 2

2 2

3 AE
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KYB

Stuttgart University
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