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1. Equipment Failure Randomness

» L =2 Failure= Random : &ttt Mx S-S mHYst7| 0{2{2 HEHOA] /Y
UAL : 11%
= Broberg: 8%
AE-I 7:” > Xl'XH > 7|'_g_ > =S E > Eg > %OO:' I\/Ir(S)D(Fe’r%tudies 1 23%
] SSMD : 7%

——| | Age-related failure ~ 13%
(Evidence of Wearout,
Simple system,

BAR

e .
' Fewer failure modes)
' - — Random ~ 87% (Reliability-centered)
(No Evidence of Wearout, Maintenance Area

Complex system,
A large variety of failure modes)

Wearout . “there is a marked increase in the conditional probability of failure”

(Reliability-centered Maintenance Handbook, NAVAL SEA SYSTEMS COMMAND, 2007)
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2. Al & CBM

» Al Machine Learning Model(ML)2 0| %t CBM"

Mey) [ax ol A A7 0|

Temperature
Vibration
Pressure, etc. -
- CBM Model » OIAOI-?_:'*QI- ?:I'xl .T'_ﬁ"?.;-lc.’_' Fiek |I_|'0:|-¢-:g 0‘“%
) @ o/ z
— o] MA GOl H MM | 0| B 9F MM 5| 0| E{ QF
@ e 017 &l 017 =l
) o] 2 ELfo/E 2 3o/E
jﬁ ML Model E
SVM .
Decision Tree Age-related failure = 13%
Deep Neural Network, etc. (EwdgncT of Wearout, . \ .
S|mp¢ system, Al o/ -
Fewer failure modes) =
~
S|
2
Random =~ 87% A
(No Evidence of Wearout, ‘ . .
Complex system,
A large variety of failure modes)

1) Condition based maintenance
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2. Al & CBM

» How many examples(data) do we need for ML?

Hoeffding's Inequality (Proven by Wassily Heoffding, 1963)
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2. Al & CBM

» How many examples(data) do we need for ML?

In Machine Learning, M
2 e .
P[ | E, | > €] < 2Me %€V {oznesue saf 2o
n OUt — L XMt Zatof| HE penalty.
T T T T T | =X DAASE sample Y |
2s Training DataE X Za} X} Hypothesis sample | =/F &= &%, training error i
olgs ¥ 2t (28) M= M+ 1 9 test error AFO|7f BEO| B
| Mt i

Ol 20| Li2= Ol :
17He] sT™2 102 E™HA 2FHDE 102 L= 2HE ~ 0.1%

1000712l ST S 2 2 102 EHMA, 174 0| &2 3T0| 10=2] A& BT Li= =HE ~ 63%
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2. Al & CBM

» How many examples(data) do we need for ML?

Pllpu —v]
bt
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it Sample
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2. Al & CBM

» How many examples(data) do we need for ML?
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2. Al & CBM

» How many examples(data) do we need for ML?

Sotel 9+ [ 77| Tls A|AEE o8¢ T
< Rotation machinery vibration research - 2332 dH|E S5l N > 40 0| &2 & O|O|E =52 Xz | O3 &
Vibration signal > & 4" "o cict S AHel 27t
Feature Extraction/Selection - MUY OO|H= o|dH el 2tF0M ot 7 52 F Mo 7|ANM ==
=> Biased
Failure Pattern Training > St 1Y 2 E0f CHel =272l data set &, & A&0|A &= 1742| Hjo|H
> Zu7h MEld A CHE (A0 HEE L= 45 8ls
Failure Diagnosis
. YE Aol N DCOF T
v Proven by Lab generated (simulated) > E a3 EEZL =7te 75"('3; 213 7'=':§ g
data (Not real data!) > E AT 2= FH A RS M A oloh
v’ Limited failure modes - S o
+ Data setO| 22 &2, Overfit 7t5d0| 1@ =&
> Reliable AND Appli | h > Nof machine learning, memorize everything B N
eliable pplicable to the £3|, Deep Neural Network(CNN/RNN 5)0] Z© TH2tOHE] 7§47} S| SH6HOY(& K ~ 40i7H)
REAL SITUATION? 512 data setO] T o8t

™ 77| 1% & O|4 a2 1FO0| TEHE|= B2+= 7.25% (Based on OREDA (Offshore
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2. Al & CBM

» Al Machine Learning Model2 0| &%t CBM & & &£4

[ O LG
o B8 7ted 0% o4
J\/L,)) AN Hl0]E] A7 E[0] 1
Tgmpgrature l Ve \
Vibration
Pressure, etc. O|g|"o|"_g|' .7:.*7(| _T'_’g'%-_l?_! it ’E_|‘0=|-“|“—'§ 01]"—5
iy CBM Model | mp _
or/\Wo | % H0]E E
== (=] R RELEE XA B O] E1 9
el oA &l oA =
0| A OJE] I OJE]
L’*\% ML Model £ -
J¥ =
Decision Tree Age-related failure = 13%
Deep Neural Network, etc. (Evidence of Wearout, 6
Simpl_e system, Al |
Fewer failure modes) =
~
S|
2
Random =~ 87% A ‘
(No Evidence of Wearout, 6 . .
Complex system,
A large variety of failure modes)
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2. Al & CBM

» I QI T
Data &l 50| {32 &

S|

ol

40| HO{Z = Well-proven technology(Expert system/Fuzzy logic)

Al History

Dartmouth College Workshop(1956)

Herbert A. Simon  John McCarthy

~ 8\

Marvin Minsky Arthur L. Samuel

“machines will be capable, within twenty years, of doing any work a man

can do“(H.A.Simon)

"within a generation ... the problem of creating 'artificial intelligence' will

substantially be solved”(M. Minsky)

Al Problem Solving/Planning

O] of=| o & 42
(11974)

* checkers strategies(1954)
* proving logical theorems(1964)
« speaking English(1965)

Input space

Feature space

Lisp Market Failure

1987
( : 2015

AbZE

Computing Power

Ties Al with other fields
Mathematical methods
Scientific Standards

2000

P Second
-] Al Winter

Expert System

* Planning
» Expert System
+ Statistical Learning

Al Winter 1980

Computing Power
Large Amount of Data
Advanced Algorithms

Most Successful Engineering Applications

Knowledge Representation : Expert System Fuzzy Logic

Machine Learning : Artificial Neural N

Statistical Learning

11

Deep Learning
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2. Al & CBM

L

Sensor
Signals
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O atod ot ZHX|
achine Learning)

Ay el A

(Expert System)

Residual Base

-------- » Residual Amount

Distance Base

-------- + Distance Amount

Time-series
Pattern Base

Time-series
........ + Pattern Matching,
Anomaly Score

Fuzzy Logic
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2. Al & CBM

>

0]

0%

Sa 24X /1%

W) Sionar

ro

SV EET:

O

DE Bearing Temp
Cooling Air Temp

NDE Bearing Temp

PT Vibration
A Sump Lube Temp
LO Cooler Outlet Temp

LO Supply Pressure
B Sump Lube Temp

Lube Oil Pressure Gear Inlet

Gear Box Bearing temp

10l

VALY

T (GlIAD)

% O| &% &4
(Residual Base)

Status 1 : O] & &4} reporting
DE Bearing Temp : 1 12%
Cooling Air Temp : 1 18%
NDE Bearing Temp : | 2%

ZICH Z 1t “Bearing Worn 32%"

Status 2 : O| &34 reporting
DE Bearing Temp : 1 12%
Cooling Air Temp : 1 23%
NDE Bearing Temp : 1 15%

ZICH Z 1t “Bearing Worn 98%"

13

¢ NA\¢

BD Fuzzy
Logic

If ("DE Bearing Temp is High”
AND “Cooling Air Temp is High”
AND “NDE Bearing Temp is High”
Then
Bearing Worn

If ("PT Vibration is High”
AND NOT “B Sump Lube Temp is High”
AND NOT “LO Cooler Outlet Temp is High”
AND NOT “LO Supply Pressure is Low”
AND "A Sump Lube Temp is High”

Then
Sump A Bearing Degradation

If (NOT “LO Pressure Gear Inlet is Low”

AND “Gear Box DE Bearing temp is High")
Then

GB DE Bearing temperature Sensor Damaged
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3. Anomaly Detection

» o| sy

axl 371X 7|8

classification

Hel MM E |0 pair2
N
-1 0O

2 HE2 g2 MA
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base Demerits Differences
Regression =1t %2 474 0| Aol MM - D Y MARY | Ot Ee| A8 = WY
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£ 7tX|2 QlojoF gt
. LO|= 0IHE s MAMO| regressiong M8 42, 1702 MAMO|| LSt statistical
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error)= K| A &[0{0F & - SESE

One-class =7t LOI=E MHE sl ES 2 N7H2| sensor0i| H-8& B2, [N * (N-1) / 2] 7H2| modelO| B3t

2
AR A X|£=7F O} regressions HE% 4 ¢l Mo HE

Time-series ALzt 7He] AMER HE - DAY MY | TERE Bl0] nFO| gl + A= BR HE
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A g - HAE 0|3 oS0 dUNCeR B2 AlZH 422 & Fo MAMHT HE
S L
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3. Anomaly Detection

» Regression

. Wearouts & A& o x
LUSEA IR ) i
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RealOPF© Run Result
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3. Anomaly Detection

» One-class Classification

Compressor | v 274 Mo Abm e v | Ef ﬂ*1%lﬂf =2 éf'.ﬂ A Clajsification 2 E'#QOI M A ©|o|E{ 7}
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3. Anomaly Detection

» Time-series Pattern Analysis

Condensate Pump v | Wearout= 4t ole VM ®HxE Aol 1o v | Time-series AnalysisOf 2|t
ua (LR A ce Be - 4 High Anomaly Score 23| &

HH| RRIEH(YA =X 2)
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Time-series Pattern Analysis, Regression
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Time-series Pattern Analysis= LH5 M
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4. Anomaly Base Expert System

» Overview

_— e

nowledge
presentation

Sensor Anomaly
Low/High

- Sensor High
- Sensor Low

Vs

- Rule Base

Knowledge Acquisition System

- Standard Cause of Failure

- Corrective Action Statements
- Manual rule Setting

- Auto-rule Generation

Fuzzy Logic System
- Sensor Anomaly Analysis
- Inference Engine
- Membership Function
- Deffuzzification

\

-

Fuzzy Rules

- IF, THEN
- AND/OR/NOT

18

Standard Cause
of Failure

- Standard
Language

Corrective Action
Statements

- Manual
- History

Tz X&) 7|8k Z ML 7|8t ZICH
LWoOo|y 2 |- Zt failure mode'® 4074
o|AI-
Mz 2% UE K| A/H0[E 2 | 2- RfEHY
BE F7t =
o Eete ESaUNE HlOlE &
HolH &
ZIEH Ao oA 49 28 =+ gls
Cict 29
59| Bt 2 TALE DE XAy
71710 HE
HE oA E XA ==0| O{ECt | Clo[E =2t 7t ofFLCt
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4. Anomaly Base Expert System

» Assumptions

1 o5 flet 24 (engineering)
(operation) X| A2 H2SHA #HE 5= ULt

2. X| Al Update 3. AL & o H
O| 4 MO| ZX|=l sensorgt Hate= Sensorgf2| Hzl7t O] ™o Hdat 0%t
DE QI AAZI MER 2F KA FASH patterng 74X Q= 42, 0F
o=z mE 5 QUCt Hol2 Zrta 7Pt}
4. O| MM ZtX] B 5. 58 9|
O|AtSIAH ZEX|Of| AFRE|= DEIQ| | EquipmentO EX|&l sensorgfl2 =
test error= Of % ZOLOF SHC} Trotel o= e AT oIS = ATt
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4. Anomaly Base Expert System

» Assumption : 1

01|f§ &et B A (engineering)2t =& (operation) X| A2 H2t5tAH HTHE 4= RUCH operation manual, diagnosis
manual 24 know-how &)

>

XHRH

27
—

General knowledge

A\

>

N

= =

>

HH

A H|/Engineering X| &

Operation/Diagnosis manual &0 ®%&
2> &7 X|A0f randomnessE H2| 82

=™ EF0| 7|82 & failure mode 9|
> 357|710 38 M8 X4 =g

Tch "ol= HEHQl 427 S (EA SHAX| 7t
HAEE 4% Hel)
= "High”, "Low", "Very High", &
> HEXOl rulel] CHTH M3 2R
> A& ol 29F THAOA mtet
N Y,

Randomness CHE£&

of Foll =X

A /Engineering X[ A2 RuleZ BEH

If ('DE Bearing Temp is High”

AND “Cooling Air Temp is High”/ > "High” & THX} 15% 0|4 &2 &

AND “NDE Bearing Temp is High”
Then
Bearing Worn

20

o
> =4
) Specific knowledge
p
29 x4
AR A H=HSHH AL K] @2

failure mode

HAKXIAO| FestA BHEX| E2
HHEH mH0f st gEst
(Know—how = 1% HolH 2#8)
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4. Anomaly Base Expert System

» Assumption : 2

Y=o A HAL(R
A MZE2

e nol ZRMA/LY KMol g B2
2 x40z BHE + Yot

A

o

o

A0 ZH K| =l sensorg} Q|

Hots 0

[0

i

s

ThAL A

(Regression

i

Knowledge
Update

4

(.

Anomaly Detected

Bearing PAD Material Temperature-1 High : 16%
Bearing PAD Material Temperature-2 Low: 16%
Bearing ROTOR Vibration-X Low : 28%

Bearing ROTOR Vibration-Y High : 26%

J/

-

Fuzzy Rule(New)

If ("Bearing PAD Material Temperature-1 is High”
AND “Bearing PAD Material Temperature-2 is Low”
AND "Bearing ROTOR Vibration-X is Low”
AND “Bearing ROTOR Vibration-Y is High”
Then
Bearing Damaged

TRIP Occurred

4

Cause of Failure

JBearing Damaged

.

-1.0

-0.16 0.0 0.16

Bearing PAD Material Temperature-1

21

Standard
Cause of Failure

Bearing Damaged

Corrective Action
Statements

Bearing Damaged
Management History
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4. Anomaly Base Expert System

» Assumption : 3

Sensorg(2| F=t7} OO EHoh NF FALSh patterns
pattern2| CtE 1Y # Q0| HEE F2, X[A2

IR D
update® == QUCt
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ks,
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Ty
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oz
rot
i

Anomaly Detected

~N

Operation Bearing PAD Material Temperature-1 High : 16%
History Bearing PAD Material Temperature-2 Low: 16%
Bearing ROTOR Vibration-X Low : 28%
Bearing ROTOR Vibration-Y High : 26%
Anomaly Detected
o o= Bearing PAD Material Temperature-1 High : 14%
X'&ffpm b Bearing PAD Material Temperature-2 Low: 13%
(Regression) Bearing ROTOR Vibration-X Low : 23%
Bearing ROTOR Vibration-Y High : 20%

22

4

TRIP Occurred

b

—

=7

K

J

Diagnosis Result

Bearing Damaged

83%

N

~

Cause of Failure

JBearing Damaged

2)Realweb



4. Anomaly Base Expert System

» Assumption : 4

O| MaiAl ZEX| 0 AFR E|= model?| test error= 0%
S R @ E 2 Jts5d0| =Lt
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N T¢)
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[OF ©FCH(~ 5% O|S}). Test error?t 2 8%, FALSE/TRUE ALARM
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100%
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' One-Class Classification Model — Test Error 5% O|&}
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5. Conclusions
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