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Abstract

A method of diesel rotor vibration fault pattern recognition based on rough set and neural net-
work was proposed. Aiming at huge of collected data and computation, representative point set
determination method was proposed, representative point set demonstrated original point, an
abnormal point was ticked off. Wavelet packet of representative point set was calculated, energy
feature of vibration signal was extracted. On the basis of different data discrete methods, the dis-
crete method was improved; a combined discrete method was determined by data construction.
Finally, faults were diagnosed by BP network and simplified rule. The fault diagnosis method was
applied to diesel, which is feasible.
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1. 518
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e B i SRR SR BRI 5 5, WP EE AR L SCRERA B AN RE BE SRR AR B A5 5 AT BR 124, PRI
TG TR I o DASRERFRE I DAy JE iy, 0] P e 2 X 2 RO e TR BB, A2 RN Bz A 1
SERRARE L . FEREAR SR 20 2 MITFOLS S ARURE SR A 22 W 2% i R 2 W 7 3k AT DA 31 AL
W E, VT IRENE T ML W AR R B T3S [5]
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Figure 1. Fault pattern recognition based on
rough set and neural network
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DA AN el s g 1, 33 4 7 AN PR A5 S AT S S sym TN K/ B oy i, THEAG BI1 )R Y
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Figure 2. System of fault pattern recognition
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Figure 3. Improved decomposition tree
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PRRYEC, . C, J Cpy PRI/ B MO, MA&EEIEC,. Cov Cov Cyov Gy Gy G CL K
TR B B O A

IR60/MR AN S REASR AT AN . FIVA— AR A M N AR PR IR Y, P AR 1 Sy v S
R R R R B . LR T SR S0 42 O RE A AT I A RE B S T TEM2S, W80 % KO
SR R AR, i3 HLECA R MR AR T BT 16/ BE A (AN REAR B0 R BB MR B0, FEEMUE), XA
R 20% IR 0 R R A . T O AR HIE B, B 4 B U 15— SR C, MR 50 0
AR URsE, IV T EN0~2, ENOARZEHE T AR oh MLk, LR M kA aLbE; 20 ZER M. KRS
PERPERAR AT . D TUAREAR, 2 SR RN . 4550 W23,

LW G, RO IR R R AR D B4R P S FO W B, KRS ] LS4 51
IRERHOREFE, SR LK 42 (920 % 1 A MRBEA BRI . RILx, X AREFIEIE MBI, S5
S ZRRE A S R BN R 6 T O BORRE AR, BRI S B2 R R B R . 2 Wi
BP LA I AR TE N HR2, IR RS, i 2 TEAN AL

1) R SCHBERER IR FoA et H

AR SRR 5 % 4 5SVM. k-means TRt He, KBS A B =R SC IR B Gk, 4
%4,

AT DU Y, RSO (AR B RS R de s, TSI AR B s 464 SV VA B
SR B B T A AR, (R AR RS BT RN TR, 45 5 SD TR, RIS T RSP,
R [0 22 A AT AR PE T, LR T4 s k-means e —FhERbE 4R K I35, 7 UG B B M 25 T
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Table 1. The corresponding frequency bands and energy characteristics of wavelet packet decomposition coefficients of mi-
salignment fault

T 1 DX R SRER VR L 5 R AR R R B0 ST RN RE B4 E

s (5,0 (5.1) (5,2) (5,3 (5.4) (5.5)
Pk 0~15.6 15.6~31.2 31.2~46.8 46.8~62.5 62.5~78.1 78.1~93.7
feE 0.2579 0.2176 0.0170 0.4672 0.0003 0.0055
Rip=t (4.3) 4,4 (4,5) (3,3) 11)
ik 93.7~125 125~156.2 156.2~187.5 187.5~250 250~500
s 0.0332 0.0001 0.0001 0.0001 0.0001
Table 2. Data table of fault energy feature
= 2. WIERREE IR
G
Xi [ et
C; C, Cs C4 Cs Cuo Cu
X1 0.2575 0.1968 0.0154 0.4743 0.0002 0.0019 0.0001 A%
X2 0.2526 0.1511 0.0103 0.5492 0.0013 0.0015 0.0002 A
X3 0.2346 0.4970 0.0132 0.2435 0.0002 0.0004 0.0001 A
X2 0.0509 0.0042 0.0060 0.0038 0.0141 0.0429 0.7192 ERAEN
X22 0.0234 0.0053 0.0088 0.0048 0.0306 0.0456 0.7368 KRN
X3 0.0337 0.0044 0.0083 0.0054 0.0284 0.0510 0.7290 RN
Xs8 0.0259 0.0387 0.0052 0.0096 0.0141 0.0104 0.0004 il 8
Xs9 0.0247 0.0394 0.0039 0.0071 0.0099 0.0073 0.0003 il 8
Xe0 0.0269 0.0395 0.0053 0.0112 0.0118 0.0088 0.0003 il 8
Table 3. Optimal fault diagnosis decision
= 3. HIMHPEISHR KR
F5 Cs C7 d
1 0 6 0
2 1 4 1
3 1 6 1
4 3 2 1
5 2 3 2
6 3 5 2
Table 4. Comparison of pattern recognition and other methods
= 4. ASRFIR B E AR 77 A FT L
USilpapes TR FE TR A ()
ARG 72 91.66% 66.52
Z 5 2SVM 83.33% 73.47
k-means /7% 75.00% 51.12
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73 0 SR an it 5 AR R AR AT AR AR AR B, T N B E AR AR G R g AT U . 4
RIS,

HI5A DA, AR AR R UGS HORHE RN, AR RAE S WORE BEIE R v ST, #8080 240 T3¢
Jio — Rk, AR AER SR /NS B, R R T IRGEEE N L RN O E KRR
FEEEAEE, Pl SN EGE . BRI R T, AR 7 A, KRR, Bt
LA TR AT 1R TSR .

3) RERHER S RHESRDUE IR HIXT L

730 SR a s QAR AR B A BIBPA L P 25 DL AR AR R IEIR BUR S AN BB R G b, 24T
W IR . S5 R W6,

B A6 LUR I, AREE s RN BIBPHIZE M2, Bhid T RFIESR IS ST, BRI T (A,
EARAEAEREIRG, #0787 SRRSO B R KR, RN SRR, KR
MY S5 B RAIE, BITSem T2

AR AE IR IR B R GO 4R R 1 RIS o (HA A, REANZRGTT LR, JhRAFE A
HHRIIPEA, UL A FRFIEA H AN 2 AMERR IR B e . fEBPHIA MRS AT, E RS SR A 5E (12
DI RT SN PEIRAE, Zor BT R BN A% AR A ¢, DRI B A2 (02 T R G5 (U {cy.¢,, G} Ud ), SR
NFIBPARZE M 2% (WL, F P2 T3S, HIRRHONS, fin i e MO 2 WS EIX £]100%.

7. BE

RSV T IR B AR SR + AN ARSI + RS IS + BPMRZR M & R 1))
RGE, Bk 7SR T IR R SRR AR U . A5 B AR T

1) ASCBCHHRE IR R GUE R TR RS R BT R BAE AR MR, ORI TS,
[ I ARR R ST DR R IR AR i 4 A5 8, 7T LUK BAR s 2 s FE

2) MERBEL RS A RE R AL LIS, REVS 15 2 iR AT AL (1 i ELEE (1 5 A AR SR AR AL, 12 Tk
JERIFE o I HASCHIR RN R 48 5 SVMZ 7 K Sk-meansii il ik A EE, T 5 A 568 FEA0A e

3) LAEMRIMLHIIZ IR AN, w5 AN B BP e/ ggh, AR AT S bee 4, B8 hn 2% 1+
JEIEECE, AT MG, T DA U RS

Table 5. Comparison of representative point and original data

%5 KEBREMRGHIERNNERIILL

LITIN Sk R T (s)
RFE L 91.66% 66.52
JRUEHHE 75.00% 103.82

Table 6. Comparison of representative point direct input and feature extraction
6. KR AEEREBANFHER RN RITEL

i LW 5 I (s)
IR LN RRAIE PN 91.66% 66.52
RE S EEERMA 83.33% 44.12
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SE K
[ fRE4e, JNZE, Bh. RAHPREZ 7328 SVM RS KB I2 I 7 k0] #EE4R, 2015, 33(6): 961-967.
[21 ZEmHR, TAhez, Je5k. FIF AR R R 2 3T 0 Gl AR SR AR VR (D], T A K 2 224, 2008, 44(5):
45-50.
[8] dmite, Tt FETJUATER B R SINLAE B 2 (3], 2 544k, 2006, 27(6): 1018-1022.
[41 &, WHE, EHR], 2 MRS 30007 vk K USRS IR S 0], $Rsh 5k, 2015, 27(3):
50-54.
[6] BH. HETHBEENETIRNE SIZREARTAD]: (WA 3]. WE: BEAT T2, 2010.
[6] ®HE, WABK, BEZE, & WERFREETS KA RS R R A5 R[], B BRHE K2 40), 2010,
32(2): 119-123.
[71 R4, TWIT. BT/ ISR R 1 B O SRR AR S WSS Wi[0]. P RE KSR (E A RH#AR), 2009,
40(3): 706-710.
[8] A&, WHAE, Mo, & ETHEERSHNSEIERES AN, RETESETFHEAR, 2006,
28(5): 704-707.
[9] WAL %, flim F. JETHRSE S R m s R S RI2 L[] SH R, 2008, 34(8): 1755-1760.
[10] A, B, AT, & REEURIHRAE B LW k] B RS K& 4R, 2008, 30(6): 83-88.
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