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Design of CBM Algorithm for Naval On-board Equipment
M=, ORI HhEks

Jae-Soon Shim', Hyeong-Min Lee?, Chan-Yeong Park?

{Abstract)

The Integrated Condition Assessment System (ICAS) is a system that supports
Condition Based Maintenance (CBM) by diagnosing the status of major onboard
equipment on a naval ship in real time and allowing maintenance personnel to
immediately perform maintenance when an abnormal condition occurs to maintain the
operational performance of the on-board equipment. This study introduces the
necessity of data preprocessing collected from naval ship, and compare and review
baselines generated through statistical and designed machine learning algorithms using
the same data preprocessing. Through these, this paper analyzes and proposes the
suitability of a baseline algorithm, a machine learning methods that has not been
applied to the condition based maintenance of naval ship equipment.

Keywords . Integrated Condition Assessment System, Condition Based
Maintenance, Data preprocessing, Baseline, Machine Learning

FARL, S AE BjoFiTAa BJFAARIZE, AAT 1 Chief Engineer, Naval System Team3, Naval R&D Center,

E-mail: js2014.shim@hanwha.com Hanwha Systems
SHPAIAHE] ST A FUAARIRE, HEATY 2 Senior Engineer, Naval System Team3, Naval R&D Center,
E-mail: hmlee815@hanwha.com Hanwha Systems
SR AE SFATLA SPAABIE ALY 3 Junior Engineer, Naval System Team3, Naval R&D Center,

E-mail: young.park@hanwha.com Hanwha Systems



IR EEe =2 A27E AH5=

T

oA 85 FERUBE7HAs(Integrated
Condition Assessment System, ICAS}S %317
Ao\ A Al (Engineering  Control System, ECS)9]
T8 oM AARA, FE7IIAIAA dHlele A
= 7INre R A EAof wep bl AlA
e, 7MEE)E AXste] 978 F8 g9

FEE Adsial, ol dEl A Al AHladol

=2k Aulg 4stel BAY S8 S &
A 4 QS AUBHE A2dol
A4 WML ARPINEANI(Time  Based

Maintenance, TBM)E F4108 AH|ALE 3
sfal Qlow, FERAWIMAES HExF J%
A

St dlo] wren e T 7a

L35S B oFg AP ey
S AN71HPgR](Condition Based Maintenance
System, CBMS)E Zgksl= Zo] RI=A] L ReA]

g WA W 2859 SURABIATS
AFH FANH BAPAES ML Glol, I

% EAEle] gt Adeirigte] gebdol Al ¢
< ZJElolh T AAl 285 & gAEHIel
sy A7) =
© A Aol diet ARl glolgrh =53t
of AHI7IRE Au|2e] o] of2fR Aol

2 dellde d S 8dHolEE Tite
= CBMSE $1%t Hlolg AAele] Ba4d3) Ho]
2ol A4 darElgel AR X e &
gt el FAE 71 valed 71
HlolAgRel A dalelgs U AXE 7Y

=Nl
< Fot AAIBAL o] & v, EAste] wAley

71%e] ol Aol A datelgel didh & A
7R e e 2 e] A3hde SIgH1l[2l.

2. Glo[&| FHAz|

gloJg] A |(Data Preprocessing)= %
olf] & =& YA olnsh= IAolr. TAolA
TR HolEe 850 $85Es Be dlold
24 G os FETIEAIAA AE. o]
ot os A dolds ARt AuHlE
flste] CBMSE Ad=l=t] 24 9 33 59
& Al Sk dloleliyt ofdef, el -
E2Q% dojg E= #HHos IAgsk= o]
glolel7A] . THERE AR Q= AH
719 AHlE S Qo AXeErE Sk o]

BE 7IHtes wojAeiele AT et ek

o lo Mo

2.1 HolH =5 % MHE=E

2 Ao ARSEE dHlolE= 8] AleA
oM = el dlolgol}, oF 3744
717K22. 07. 01 = 09. 30)&<te] ©lolefo]n 3=
AAAE AN 2AAE| g AT Eaka]

A 1

g SR IRACIAARE 12

1 o] AN B 4

)
i}
o
=
N
N
>

g, oleldt dlole] % RIS $

ECS Server

ECS
Data

Fig. 1 Data Flow Between ECS and CBMS.

CBMS Server

Naval Ship
Operational
Data

CBMS
Data




Ao AJEide] 2aetk Holgeg AEHA o
g A IREIEAA] AFSHA d. Fig. 100
P A& Hlolg ols Z2E dEislth o
714 CBMZ 91l a3t HoleE Aulak= 4
Hafol 3h, ol d¥FER t2A AEE £ 3l
ok CBMS Aol #3H dHloJel= H2o] 5
ZxfE] =o] thAl CBMS AlHje]l A4,

[oZ

2.2 Hlo|| HxE|

2.1401A Hlolg #5 9 AYHEE Fig. 1
soto] Yopugitt. olwf, CBMS AlHol A=
o= et 9 wjojAwel AAE 9%t dlo ]Em
ofsiia ARt dlojelolet. ;AR Hlo]
B FolAE HIE -85k e o Wss
o], g AlE R HATH &2 HEFEHY] &
grole] G2l Het ko] Edast dloe]
Al AEle] Qe IEE Fig. 29 22 Mg
OF e HAE] Sk Bge] s3]

Fig. 25 & © A9EH, o 8dolEz
S CBMSe]l A4 Hlolele 12 99 Eﬂ°1E1
BA] AARE Alof 9l ZPA] A o7 ECSof A
dlofglojc}. o] tlolele HAE tolEE HFe
2 ]9 e Aesls CBMS HlofElek= &
ol t=rhal & 4+ ek eEe 14} Xﬂiﬂl
Hoj| glolEE 587t 300749] dlojE SAFE 7]

jin) m{o

15t Filter
On / Off
Filter
i Transition State
Naval Ship Filter
Operational

Data Max. / Min.

Filter

Kurtosis / Skewness / Crest Factor
Filter

Fig. 2 Data Preprocessing Diagram.

e A YERIT 2dug|E A
o dlole] A4S WS tole] MHel

b
o
12
(o]
all

9l ol dolel HAY 4%
d < Sl& 2 ook, 2l 2t el

a2
>,

32,
|

e or
o)

S~
)
ne
o
o
m,
)
o,

o
%

wlAlelg gAolA] AR TSPE g A7
A (Autocorrelation)©] o}
g 7}7(40] glojaict, o =
AL miEsly] olge] ARF TR Uil dg
kel tﬂol'ﬂ ATE 2= Ao

12 k71709 AAE 2he Hotdh

23k AR ol B

S

N

Fons
I
)
o
In}
iu}

iy
Mo

= tN o 4
P

Aolel, AR RIS B2 T el
B2l 0 BEE U Rolchd]

~ 1 &
= ; :E VZ/H_;‘ (D

oju, m=2k+I0It}. 5% T FAFeRE A
Hefshs Wl BAS 5o Sistel 5ol
ohd TeARtO R WS e vl & v
wel By gl Jhssh, CBMS At AT &
Al 1237 EEWM 2RSS 7] tE Al
o] AR Fig. 3o YeErlisich o714 7he
=2 dlolge g HER, AR 258

2nd Filter
: 2nd Filter
1(; Tltetr Outlier Filter Output
utpu E




g =2 27 AH52
3% COIE S BlofA] 2-85f= AH]o] A diEekE Akl o]
a4 l" N .
A\ S B IACAIA] SEEs AARE 2-8uolE
i N L okl i Atele] gu] el Asel A%
' 1 B T BEe Hgsto] Hlolielele A, oln) 4
| - M JE P
gl i , , , SHE ARHARLE ¥ 7F P association}
" awaomsay g%k di#AQl KA (parametric) o™
£ ok
o A \f\i HEES IS theat 22 oRfEes 7Pt
ol N 3 ASE 2ok ol
f \ A
A S\ i
39 — .l \..,‘L .,\-ﬁﬂ(‘/ s .
1LY ol A 1A Ag3] AR (linear regression)
- B B 1o;z1|0|51 %ﬁ;:l%r B - " Y=0,+08,X+e,wheree ~ N(0,0%) )
] 1\
P ‘z“", \ 7N
“1 & N\ ) = B. 24} Ag3]9 = (quadratic regression)
41 / \\' J \L!_l
B of \_\ .‘/—" Y= ,6’0+B1X+62X2+e,where e ~N(0,0%) (3)
38 - H’l‘l Y »/\‘7‘1
= f" A Y= 6y + 51X+ B, X2+ B, X+ e, 4)
2] "L N; . where € ~ N(0,0?)
1] f N ‘(I S
40 — /I‘ ‘\ /J'( -
39 L ‘ / R
21| - A Q- =PEs xo ot 2585 1
300 o 400 450 500 500 37‘_—1‘7:”‘?_ 1 5}]— j%ﬂﬂg%g_ ]/]']ﬂ‘lﬂj /_\_]O]Eq’ ﬁn}_‘:—l
Fig. 3 Statistical Graphs by Setting Time TR AleE UeRict. o] 49 MYl yEd
o] A HeEe] e sk IFEHE
UeRdT) Fig. 39] ZIgfzoflA E91% 4= §lxol 7Hgstal AlRRsE] wiiEe] A2 429 HojERE
34, 4, 1089 tlolH SAFe] & AtellA gesiar Ay 7hett e =2 4 o= A
283t 55 dold SAR & Aot glee olt}, o] o= Hlolf 47} FESIHHE ERh
sRelsielet. &, Apdol] A7t sito] AF i} e 7hst mdo] AW 4= ol e A
of & FoE HIX|A] 5ol FRlEr. B = Sk 2 A A HolARlE AA
Sk ARSSh= Hlolels A2 S AXER
T 92 S B 2 0
3. Hojaz2ol e enz|E ol g Sstel St Hel 1 BRI
Fof ek o & 1 |82 7 Aged
2 Ag9e v A2 B solo] ek
3.1 SAH 7|¥ Wd Ln2E

Table 1& 2 A7ol|A] AMSE dlo]elo] tfet A
B li%ﬂ*z} ﬁolfﬂ OHH Table 2, 3 Q—C—é



Table 1. Signal list of No, 1 & No. 2 Diesel Generator
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