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ABSTRACT

Since air compressor, as an essential equipment used in the factory and plant operations, accounts for around 20%
of the total domestic electricity consumption, a real time sensor data monitoring based analysis for electricity
consumption reduction is important. In particular, flow rates and pressures of these monitored variables has a direct
correlation with the power consumption. This paper proposes a method to identify if the measurement error of the flow
rate sensor comes from the sensor measurement limit through bivariate classification analysis of the flow rate and
power using the EM (Expectation and Maximization) Algorithm and show how to enable more accurate analysis by the
correlation between the flow rate and power on the right-censored data.

7%=
371 4571, 7 24, #F A, @A deolH, EM &xeFE

- 551 —



ro

IYBENSHS| 2016 EAHSESHEHE|

.M E

—

377 FVE 45 AR A A
| Ao ¥t AXE, AU T3 5 7
AAANA B4 AN 2 GEEH 9o I M
AREEEY] 20%0)dS ARste T8 4H =AY
o|th.

gutgdo= 9% ¥7] A4k VSD(Variable
Speed Drive)®} FSD(Fixed Speed Drive) E}J<]
7] dE7E BFE AAStY 935k, B =
BolA =z Al2E"e VSD ERIe] 37717}
AA EHE ARt 4537 a7Fo] AR A
AE F9E 293h= AR, 92 FSD B &
71457180 EAHoRE &S ARSI Wl
ot FSD B4le] A% ARsl, F73sh AAY 37
A FAFFVE Jom, TRy A dEan
WASA T &3 7= AR et whebA
FSD 37195719 FH3et 4d& Fasles
VSD 7145719 88 7MHsE)] a5 HAs)
H AvE 71ssta, FSD BN a7Idsrle] 7%
3l 2de HUg st A dREAE A
T AUTH1L

T7INE71Y AanlHEeY A7 Wi EE 8
e 71& A0 SHAA AAE AlA HlolE 2y
Bl ogk AnjHy A7k B4 F83ith o]y
3 BUHH ®FE T 53 9 dEHe 4
A8 ARHAQ ABAATE Aok oleg A

rir

tlo

.|
{ IIIHII

L U4 F9L FAN] AT B AY a7F
2 F4 F Yu AZE 8TAR HH3e
AzE) dA9) shtel AEE AgE Sk

B RS EM 93eES ol8d #3v AY
o ol BR 4L Fajel f AAe] AZA
b AN o 24 gl ofF QRAAE veshs
gAML S

A SAATE EASH= Hlol
o AR FHAE T

e
g N I\
L ot

ElolA T % A%
3 £40] 7P

ol
bt

.2 2
EM &xg]&e Holx o= A ¥4 (latent
variable)el| &3 = BEr o)A B2

(parameten =2 HU$E= FAHX  (maximum
likelihood estimates of parameters)E 2t A}Sh=
2arg]Eolty. & Expectation(E) @Al = 2
W4 7|HXE ALk, Maximization (M) THA
o= FoIX HolE e} Z|thA|7} FoE A W
£ 0|83ty RFES HueE FARAE AR
[2]. EM ¢3E]E2 (B) @A M A9 F 714
AR FARTE Ao gAdAE 3 & HEE
4% A UHAE gtk ol wr] 734l
(alternating update) ¥g]E&L 3 WHol| =H3FHA
%71 w&el, EM €aglE2 (E) dAS M @A
g ¢auglgo] £HY o) 74X §HE gk

B =FdAe AL dolEe), 9= A &

AX7} ZAsk= WA HolHE THsE 25 W
) Aol FERYHL T 7ML o2
714 gt

m. 24

AH B4 dlolelE VSD (250mH) &) =)
o FEAe AHAZREE FH3AT o] dFdl=
VSD &7] =717 718 2Ergo=m HAAFa
BayRrsl e}g] FSDQO0HIE) Zr|9t=7)7} o
g AX=ejlern, 4537 A BasE T3t
AFEAE s e dA SIS
SA3= AA A AAFH oy O™ 12
AR A2®"l A% o] FSDH#6 of FSDH#72 Bz
FSD 24 dlolg 43 7|7t vigA e

PA
WVsD

FSD #2

FSD #3

Air
Tank

FSD #4

NN AT

#

FSD #5
FSD #6

FSD #7

Power meter, Air Flow Sensor

a8 1 B7IUET| NAY

PAE AZEA} F3A, P= AgA), 181 A=
FEFAZE AR A ARE rigch £ =7
Ae AA FF AA oA = A SZAF =
Agt Al dlolElE o]g3tHTE. 20159 5€¥ 1
URE 62 12974 FE 4,051709 158 Hlo]
Hol 1z i AF5F7|F 3 Y 26 dlolH
& EM gaElgoE BRIt 9=5%A S X0l
&34 e 259 tlolERES Algste] X 2
7t EAlE @89 ASFIHY dEde] JHH
A B F IS HAETh

Pourer

a7 2. AEB7I (Q (M3) MKW AEE

a9 2¢ &E53IEY A9y izl 4
(Scatter PlohE &3t 4537 54 AA7F ¢
34 =43 (Right censored data)E Ho]il 9}
=S & g Ath

b

o AN

- 552 -



EM 2|57 || 37| =Y H T oolH 27 84

Classification

Power
015 020 025
i L L

0.10
L

005
L

000
L

% e A EES A
& F GFTNF Qo Aol opaF HolHE
B 2k nolsh B 2
E

"3 volels) wRE

die] H 7 242 4 (13) 3 2} (14) olH,

;12: w :01..13956} (13)
;;7;« o :00.60865 (2):(1)52] 107 (14)
d2¢] Bt 3t FRAL 2 (15) s+ 4} (16) ol
pwrl = ,096698297] (15)
o) o =lo520004 (16

dlel) &3l= AE 4= 1,1857), d2o &3l= A
Z 4= 2864700]Th

dlell oF 30%°l sigshs dolE 3o H
TEHL35) o] Hdl dEFF71FEA 1.356)F w¢ &+
Al Al ¢ e B ZH 6x10 9L
BAFo] SASHA EATS & 4 Tk

O 4+ HA AE sty 37 BAES 9
AL ¢ AA AZ F EM gugEel o) Bid
d2 ol &3 WET o] 83t IF BHE I
7§-°r—§— HoEth

A BES AP 78, @®
(pwr = 0.14air — 0.001)2] EF  ZF=xHResidual

standard error)7} 0.0157¢]31 d2¢)] 43+ AMZ9r A}
/YL AS @ (pwr=0.132air+ 0.002)8) F=
= 0.0146 & Ho] B =FoA A|ASHE WY
= X483 %Oﬂ oS P I 2¥s 4%
= ¢ T Itk

Regression Fit

Power

g B

—

E 3% 2 AN sk AgE: B
G AN T 84S wsle) 20%olde Ans
3 gle] AN A Helel BUEY of o3 &

Ay W7 BAe FRa. od RUEHY
S5 7 B3 fud e an A= AR
A7} ek
B oeRe EM 2ugEe ol8d 3w A
oMz R BAL Bl BRo Y HE,
& B4 9T A AR AoE FF Al
o AZAZ} WM o ZH FA T 2R

o
ﬁ
N
N
i
N
R ob X ¢

ACKNOWLEDGMENTS
This research was supported by the project
20142020104070 of KETEP (Korea Institude of
Energy Technology Evaluation and Planning). We
thank people from KETEP for invaluable
contributions.

ESank

ot

[1] A4S, 283, w9, 3317, “37) WaF pre
olgs T AMEIEY YZ7) AlzEl” YR
BAIEEs|=EA Vol. 19, No.10, pp. 2396-2402, Oct,
2015

[2] AP. Dempster, N. M. Laird, D. B. Rubin
“Maximum Likelihood from Incomplete Data via the
EM Algorithm™ Journal of the Royal Statistical
Society. Series B (Methodological), Vol. 39, No.1, pp.
1-38, Jan., 1977

[3] W. N. Venables, and D. M. Smith “An Introduction
to R, 2013

- 553 -




