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Subject to yi(wTsc—l-b)—l >0,1=1,2,3,....1 (2.5)
4 @35k pe AHs BALS Q] A BT SUL AENAG o
BE eUS HAS BANA A 5L Aage B AT FH APon =

_l
%0
o

l l
w= Zaiyimi, Eaiyi =0 (2.6)
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¥ 2.1 948 BEFE 9 SVM AY T
Table 2.1. Kernel function of SVM for

nonlinear classification

Kernel Function
Kernel Type
K(a?i7a:), 1=1,2,....0
linear zlr+e
RBE eIk
e 20"
polynomial (zlz+1)

2.1.3. 21FA A% (Artificial Neural Network)
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X= [z, 2y, ...w,], W= [w,wy, ..., w, ] (2.10)

n n

f : Activation function
y=f(We X+b)
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2.1.4. 2 €23 (Auto—Encoder)
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2.1.6. AEFAH A7 F(Convolution Neural Network)

(a) CNN operation process
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(b) Basic structure of CNN
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Fig 2.12. Convolution neural network operation process and structure
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2.2.6. X AAF(Replacement)
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Fig 2.19. Example of replacement process
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® ATedM s AM 2 dE 2 RS A FaTA[7004 28d delEE
ARE-3FQITE Hlo]Ei= TC1047/TC1047A Precision Temperature-to-Voltage Converter=
BE =4 H9om, 44 AENoma)s) 5744 fAe AA 14 ABEL A8l

ATH17]. & 3.1004= A7) 57HA 24FHES A3
%31 A4 dHeolH 1% §3 2 EH

Table 3.1. Sensor data fault type and characteristics

Fault type Fault description
1 : Erratic fault AMA S wo|=7) FA3 =7}t
2 : Drift fault AN ZHo] A& B2sAY 278t A
3 : Hard-over fault AX ZHo] SAXE FoyA biased™ = HA
4 : Spike fault AA ZFo] dA 148 A2 HA spikeH = A
5 : Stuck fault AXZHEE 2481 &80l Yo e d4
Ax e 1 Aset 3% 3194 S erratic, drift, hard-over, spike, stuck L7

] S7HAE sAld 83 AHE 29 3194 B
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Fig 3.1. Comparison of normal signal and each signal type
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Fig 4.1. Flowchart of sensor fault diagnosis using time-domain statistical feature

extraction and SVM

# 4.1. SVMlA AFL9 v 79 HlolE ZQIE , EHE F&H
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Table 4.1. The time-domain statistical features extracted from the N data

points x;, used in the SVM

N
1 max(|x|) max(|x;|) Ky
RS = s
rms (N & %) %2¥=1|xk| Ksra Kyms
N N .

1 X —m K= M 1 X —M 4 1
e VBT T Y G
’ =T (Nzﬁ=1|xk|)l/2 Nk=1 o mean N L

1 N max(|xx]) 1SN ()t
Kppy = max(x,) —min(x;) Kea = (ﬁ Z [Ixe])? Ko = = K. = Nk%
k=1 rms

RMS(root mean squrare), KV(kurtosis value), PPV(peak-to-peak wvalue), IF(impulse
factor), SF(shape factor), SRA(square root of the amplitude), MF(margin factor),
SV(skewness value), CF(crest factor), KF(kurtosis factor), Mean, CM(central moment,
n=5)[12]-[13]. H1olA AFs RMSHE CM7HA 127F4] 54l tial et = 15
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Table 4.2. Features selected from the genetic algorithm

HA ool

G

5

Kernel 0 | 2 3 4 5
Function
1, 2, 3, 6
> 2, 3, 0, 1,2, 3,4
8. 10. 11 10, 15, 19
. D2 2 1, 2, 3 PO 2,5, 7,8 5, 10, 11
Linear 12, 15, 17, A 20, 22, 23, 24 S 2 > 4
19,21, 24 | 14,16, 26 by 17, 24 | 12, 15, 16,
25, 26 23, 25
I, 2, 3,5,
8, 9, 10, 3, 8, 20, 1, 9, 17,
RBF 1115, 17, |2 3. 8,26 s 13 3, 26 %, 22
20, 26
1’ 2” 69 99 2! 4) 6) 7)
. 110, 11, 13, 1, 20, 23, 3, 7,16, | 9, 10, 11,
Polynomial 15, 16, 20, 3,9, 23 25 24 18 20, 23, 25,
23, 26 26
= H= =] = = =
4.3. EAH SVM &7/ 23 4 € gF AS SVM +4d
2 AT = oA AYE Fd dagEs AREE 5 A" B3-S AX SVM
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Fig 4.10. Sensor fault diagnosis whole process
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Table 4.3. Accuracy of SVM for each features(%)

(a) Accuracy of SVM(%) with time-domain statistical features

Kernel Time-domain statistical features
Function 0 1 2 3 4 5
Linear 87.22 100 83.33 | 92.78 | 97.5 | 86.11
RBF 92.22 | 99.72 | 975 | 99.44 | 99.44 | 92.5
Polynomial 93.06 90 96.39 100 99.72 | 94.44

(b) Accuracy

of SVM(%) with convolutional auto-encoder

based features

Kernel Convolutional auto-encoder based features
Function 0 1 2 3 4 5
Linear 85 100 | 91.39 100 | 98.61 | 88.33
RBF 90.83 | 99.44 | 97.78 | 98.61 | 98.06 | 91.39
Polynomial 89.17 | 99.72 | 96.11 100 | 99.44 | 91.94

(c) Accuracy of SVM(%) with VAE latent variables based features

Kernel VAE latent variables based features
Function 0 1 2 3 4 5
Linear 83.33 | 83.33 | 83.33 | 91.67 | 95.83 | 83.33
RBF 83.33 | 83.33 97.5 99.72 100 85.28
Polynomial 83.33 | 83.33 | 96.39 100 99.44 85
(d) Accuracy of SVM(%) with All features
Kernel All features
Function 0 1 2 3 4 5
Linear 88.06 100 97.78 100 100 93.06
RBF 90.56 | 98.61 | 98.06 | 97.5 | 97.78 | 88.33
Polynomial 90 99.44 | 94.72 100 100 93.33
(e) Accuracy of SVM(%) with selected features by GA
Kernel Selected features
Function 0 1 2 3 4 5
Linear 87.78 100 97.78 100 100 91.94
RBF 91.39 | 99.72 | 98.61 | 99.72 100 93.06
Polynomial 94.17 | 99.72 | 98.06 100 100 95.28
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Fig 4.12. Multi-layer SVM
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Table 4.4. Confusion matrix for SVM-Poly classification result(%)

0 1 2 3 4 5
(normal) (erratic) (drift) (hardover) (spike) (stuck)
0
(normal) 100 0 0 0 0 0
(err;tic) 1.67 98.33 0 0 0 0
(drzift) 11.67 0 88.33 0 0 0
3
(hardover) 0 0 0 100 0 0
(sp?ke) 0 0 0 0 100 0
o sck) 2333 0 0 0 0 76.67

¥ 4.4 multi-layer SVMS AF8-3le] AlA 3% dlolHE WES A3E K

O X 4404 D53 gae] 0% AN Ak 247 AA e o5
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Fig 5.1. CNN operation process for sensor fault classification
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Table 5.1. Confusion matrix for CNN classification result(%)
0 1 2 3 4 5
(normal) (erratic) (drift) (hardover) (spike) (stuck)
(noromal) 96.67 0 0 0 0 3.33
(err;tic) 0 98.33 1.67 0 0 0
( drzi 0 3.33 0 96.67 0 0 0
(har (f’over) 3.33 0 0 96.67 0 0
(sp?ke) 0 0 1.67 0 95 3.33
(Sufck) 3.33 0 0 0 0 96.67
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0 1 2 3 4 5
(normal) (erratic) (drift) (hardover) (spike) (stuck)

(noromal) 100 0 0 0 0 0

(err;ﬁc) 0 100 0 0 0 0

( e 0 3.33 0 96.67 0 0 0
(har (f’over) 0 0 0 96.67 0 3.33

(sp?ke) 5 1.67 1.67 0 91.67 0
(Sufck) 1.67 0 0 0 0 98.33
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ABSTRACT

With recent development of automation technology and artificial intelligence
technology, which is the core technology of the fourth industrial revolution, process
machines in the industrial field perform not only simple repetitive operation but also
operation requiring advanced control technology. Therefore, interest in the management
and maintenance of automation machines is growing. Most automation systems are
controlled based on data collected from various sensors. Therefore, if there are faults in
sensors attached to automation machines, it can lead to massive economic loss as well
as human injury due to malfunction of the machine. To prevent this, a system that
detects sensor fault in real time is essential.

In general, researches using signal processing and analysis techniques or rule-based
expert systems have been actively studied in the field of fault diagnosis of machines
such as turbines, motors, and bearings. However, it is difficult to determine the fault
condition of the sensor itself by applying the existing research method, and it is

difficult to add or modify the algorithm when a new fault type occurs.
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In order to solve this problem, sensor fault diagnosis and type are classified using
Support Vector Machine(SVM) which is a machine learning method and Convolution
Neural Network(CNN) which is one of deep learning method in this paper. Also, a
real-time monitoring system using CNN classifier was designed.

In fault diagnosis using SVM, genetic algorithms are applied to features which are
used in learning to improve accuracy efficiency (time-domain statistical features,
statistical features based on auto-encoder and latent variable of variational auto-encoder)
for feature selection and a multi-layer SVM was designed to classify sensor faults. In
order to improve the performance of the classifier using CNN, pre-training was
performed using Convolutional Auto-Encoder (CAE). After that, decoder part was
removed and fine-tuning was performed after fully connected layer was connected. In
real-time monitoring system implementation, the sensor data is sent to the server, the
server detects the fault with CNN, stores the data in the database, and displays the

result on the web in real time.
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