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Development of a Model for Predicting Compressor Oil Degradation Using Bayesian Estimation

HiL- (IE) 52 KB} Bi-(E) F# @ HI-(E) AH = Bi- G FH RFE
Shotaro Yoshitomi*, Hayate Saito*, Ryo Ohta*, Shohei Terada*

*Hitachi Ltd.

1. [XCE®IC
MR BRI, EEBEOE T LT —LRRDENTWVWDE, —xkELEREIC 5D 5 22K A A0 EE

sl

HEIEE 10~20%TH D, T, KZEREME A — 7 THRE LIS ZRREEDIEL TBY, BRI
JEAER I 2 R & LT mA R DN ED DT D, ZOEmBEIL L EMEHSIIE LY SR, BESOBERE
IR SN ERIEMEEOEEMESME T T 2MENRE L D720, a2 @R EAEREE F obZaf RN A2HET 55
KL TR ME L 72 D, Ko TEMEHEM O LHLIEE Ch 2 B mowiE (2N OZ(bE stz T 2
VEERSH D, KRERTIIVR2NWT —ZETCEBHRAMEOS W THET A 25570, BEOLILTHET V& MRy
i CHEE AT RE R B A B+ 2 A XHEE ZTEA LS PRI T L OBEFEICHO VTN T 5,

2. REAFE

ARFZE CILERES I OMIED —>TH 5 2 (TAN) OERE 2L THET A ORELEIZIT, Fig 11773 A
Ty TCHME A HERE LT, (X U OIZ STEP 1 12°C, PWAABSEIEEm (L2 SR (ISOT R ) X v, IRE A BREAHK
L L7 0 IREUSICIEE S SRR TR L, /b RBEICESETEELZ LK E LZ2RMEOHLTHIT T LA
L7=, ®IZ STEP2 TlHl#xAR b2 EERABR (RBOT B2 L0, BN ERELKE LAk b2k
i OHERS % STEP | THESE L 72 BT /LITBIN L7-, #&#IC STEP 3 CTEMIEIRE O 2K EME» S B LZIRE - £/
DOFREMZEALSE L0 Bt O 2@ E TR L, £ L THBEORBMORET —F 11 & g4 2 FTHLTRET
VDR FE % WG LT,

STEP 1 : The relationship STEP 2 : The relationship STEP 3 : Evaluation of the
between temperature and between pressure and predictive accuracy of the
degradation degradation constructed model
Indiana Stirring Oxidation Test (ISOT) Rotary Bombe Oxidation Test (RBOT) Predicting TAN after driving
Temperature 1 Stirrin A
regulator ~ L | ° fn § [\—’\ g /\'\
Stirring rod Stirring rod \—\\“ -—Sdl-l-lp'm— 5 / =
-1 \ i 4 5 J 1 1
E) contaimer Pressure 3 ¥
(‘| e —— \y ghude Z | AITAN] = [Fipal model]
s \ £
~Test oj ;
| = —_ Thermostatic Constant =
Catalyst  Catalyst)—  chamber S —L’ T}Pefatum 2 >
Ccplger Iron—— Heater o At Time [h)
[Primary model] [Final model] [Evaluation of the predictive accuracy]
= & _ Poy ; . il  Comparing degraded oil
ATAN = 4 X exp(- RT+273.15) ) ATAN Pomger [Primary model] after driving (11 sample)

Fig. 1 Flow of construction of Air compressor oil degradation prediction model.
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Fig. 2 Degredation factor of Compressor oil.
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Fig. 3 Flow of constructing a mathematical model using Bayesian inference.
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Fig. 4 Actual machine verification result.

Table 1 Prediction accuracy for 3 test data using least squares (initial model) and bayesian inference (Improved model).

Actual value Initial model Improved model

Sample (mg KOH/g) Assume value Prediction accuracy Assume value Prediction accuracy

[mg KOH/g] [%] [mg KOH/g) [%]

A 0.3 0.19 63.3 0.35 83.3

B 0.47 0.45 62.5 0.39 83.0

C 0.26 0.15 57.7 0.26 100

Average - - 61.2 - 88.8

5. F&H

IEBACFRBRAE B L 0 /b TRIECRE(L LR O ET L Ll LT, FWT — ¥ 2T LA AHEE Chivi
L LRt BE T /L TR S iEE LT 2L F —13 102.4x103 2> 5 83.7X 103 [J/mol] & L=, ZoFEL Y, N
WAL 0 b ERBRE O B LUSDET LT WEIRIB SN Tz, IGHH#EIT LT < 2o iR E LT Fig 2
TR L7 & 5 2 iES LR TITE Y IAD 2 WBLIER B 22 R EMRO ETIER LIzt e s b, 4% &H
725 NG B T JEARAS I O 2T O S T T ARERICHT, v —% ORERIC L DO T-#HOE A KIS ORI T
H Y A BT & kT 2,

6. XMk

1) JISK2514-1 : 2013 {BEM-FRLLEE ORD - 5 155« PAHEB R IEmEE b E R
2) JISK2514-3 : 2013 M-I ZEE DR D - 5 3 ¥4 - [mlfsE A b2 &
3) WOLFRAM SCHNABEL #, g #i&ER, &0 70HL JREE Z D5 A-

M AR R U 2024 F O

THitE

229





