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Vibrant Fault Diagnosis for Hydro-turbine Generating Unit Based on
Rough sets and Multi-class Support Vector Machine
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ABSTRACT: The traditional vibrant fault diagnosis classifier
of hydro-turbine generating unit (HGU) can’t reflect the
uncertain information in fault pattern recognition. To overcome
this disadvantage, a novel classifier based on rough set (RS)
and 1-v-1 multiclass support vector machine (SVM) were
introduced. The proposed method takes full advantages of RS
and SVM. The essential ideas of RS was used: upper
approximation, lower approximation to describe the
classification results of SVM. Then 1-v-1 method was used to
realize the multi-class SVM classification. The set expression
of upper approximation, lower approximation and boundary
region in multi-class SVM classification was deduced, and the
rules of the proposed classifier were extracted. At last, the
method was successfully applied in analyzing an international

standard data set, as well as diagnosing vibrant faults of a HGU.

The results show that the proposed classifier has high
classification reliability and lower requirement of memory
space in operation stage, and can reflect the uncertain
information of fault classification.

KEY WORDS: hydro-turbine generating unit; rough set;
support vector machine; fault diagnosis
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K HLHL41 (hydro-turbine generating unit, HGU)
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ln] AL (support vector machine, SVM)H A K 4 i #E
) kR AR AN R K e e e =B, S T,
FIE¥S RS F1 SVM LA, okt —Fiz b
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HGU #RzhM b2 Wr. %77 H RS M0 AR
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1 ETHESEMNZXIFHESNNSESR
1.1 BETFHERENREFEEN

2 MR S={(x0,y1),(X2,Y2)- -, (XiYk)}s Xie R™,

yie{+1,-1}, b xi b m iR, i R
He Ph<x,w >R SVM i A [n) 55 BUE &= 1
Bl b FoRfmEAt, y AX NI4T . W SVM 14y
KPR <x, w>+b=0, fHEFEA O &t 5
Tl o B0 WSS A 450 DAy e T 4 1 v 2 7 ) o X
by 43 y(<x, w>+b1)>0, X FHrEHI(xy)eS, F/b
AAE N INGRFEAEAT y=1 I y(<x, w>+by) =0; K
U, 523 b, {13 y(<x, w>+0,)>0, X T BT i
(xy)eS, BLEE—NINGFEARMELT y=—1 B y(<x,
w>+hy) =01, f & 1 B, by A by 43 G Tl
B R A

—ANEETF RS (2K SVM 2R n il K 3
SR 5E X

1) y(<X, W>+b1)>0, x J& T Hkr 5 h+1 125,
R I 458

2) y(<X, W>+hp)< 0, x J& T2IAs 5 -1 125,
B A7 458
3) b, x MFMHEAE, RILHRX.
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Fig. 1 Rough set based SVM classifier
1.2 ETHEMREN 1-v-1 SETIFEEN
FrifE SVM Sk X 2 K008l i), Fyzdt
22K SVM {5t — AR BEREFAR e ) . F R
WM Z R SVM 4 RTTEA “1-v-17 (— X ),
“Lov-r” (AR [ G B (DAG) . Hsu Al
Lin®™I g g2 “1-v-17 F1 DAG 7ESZHL SVM £ 2%
I3 RINEE ) L EE Lv-r” I vk, WA SCR A “ 1-v-17
TESEI 2 K3 K. “1-v-17 TTVELE N I ZpEA
TR IE BT A PRI 2 A0 A%, RERANAE N 28
2 RINGRFEA EIZR, JLiatid N(N-1)/2 43 288
AKX 2 R RBT B, SRR ZMER
Br B 2K
7E“1-v-1” 22 SVM 5| N RS, AL UT:
T N BREA R AERT 2 2K 0 M, ek
SbRS R+, 2§ IRAIRR S -1, KR 1.1
U 1) ~3) 5 X3 AEEI: Py(POS), Py(POS)),
Pii(BND) 7> 5l FHAR MK 1) ~3) [FEARLIALG, #
WARIRIE T AR § & BRI 2 252 [a) i [a] b X
B, S0 MFIERIEY Py(POS), il
Pii(POS;)) U P;(BND), ZKMLHLE j M T izl A
Pi(POS)), IEflh Py(POS)) U P;j(BND).
Bl 2 frosh 14N 3 K IEI 4r 28, FEAR D
283 HEP A eR H I S AR e B T e M T o 1 e 4
“Fla). & 3~5 73l R HEET RS () SVM X 1. 2
%%, 1. 3 A2, 3R IR, A
R, )32 2C(Q) THASE T 2RI TR A
Aclass,) = 1P, (POS,) 1)
j=1
J=i
SyiE B SR A 2R R I U HR
KIE T R (POS)NPR(POS)) =@, XihX(1)n]
%1: Aclass;) < B;j(POS;) » A(class;) < P;(POS;) ,

=lij



90 S R <E 1 R R = SO 4

30 4%

A
mENEES
Q Q ¢
QQ mif 23k
aa~Q Q3K
ae .
| -.
] n
m]
m] O ] .
o o o n N
o O O

2 — 3 EKEEAY S KR

Fig. 2 Anexample of 3 classes classification
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Fig. 3 Classification for the 1st and 2nd class
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Fig. 4 Classification for the 1st and 3rd class
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Fig. 5 Classification for the 2nd and 3rd class
1 A(class;) N A(class ;) = &
R T A2 50 (2) T
A(class;) — A(class;) = LNJ P, (BND) - LNJ_A(cIassj) (2)
i1 i1
J#i
e — SR BB 2 U 3) v
A(class;) = LNJ P, (BND) - LNJ A(class ;) + Aclass;) (3)
=L =1
J#i
1.3 #HER®
I 441 ris PR EE SR INAA S 41 1 73

Kk BT Gist SCRE LA T AR ik
[RIRTAT R H iris B8P KHT 30 ML 90 A
VERUZRREA, HoAx 60 MEAMEAMRFEA. %K 1
HMRAEARE 1. 2 Ko o 4
F1 EAGist1-v-13E 1. 2 XBHHHLER
Tab. 1 Partial Gist output of classes 1 and 2

AT ks BUE aRaR DL
8 1 0 1 1.1390
4 1 0 1 1.1110
21 1 0.9458 1 0.4788
65 -1 -2586 1 0.4293
17 1 1.2410 1 0.3136
15 1 3.0810 -1 -0.7023
58 -1 -05289 -1 -0.7100
72 -1 -0.5249 -1 -0.7122
78 -1 0 -1 -1.0270

L e 5 HIAFEAI AN, RAEFEAS 2] K
Vi) B B~ T PR R RS, DB I IE . SR IR
P2 b TR R R B A RS
BB IE - RN I JG — AN IEFEAR R REAR 21), 1E
IBAR N P W X (VA W (e - 1 B oY (O e N
FEAR(RTFEA 58), 1 NiL A X BRI 2R &

M dip B3 1. 2 B, KA dip
(VHE AT LA REA x P s X sk, Ri: d2>0.4788,
I xe P,(POS,); d, <-0.71, I xePR,(POS,) ;
-0.71<d,, <0.4788, Wl x e P,(BND) . 2&fLlith, fik
UOFEE 1. 32K, 20 3 KIUMTINE, Frfgai g s
A (L) FA@) AT A3 B ARFIFEA x 1153 R -

If d1,>0.4788 and d;5>0.671, thenx e A(class,) ;

If d1,<-0.71 and d3>0.0538, then x € A(class,) ;

If d13<-0.667 and d3<—0.063, then x € A(class;) ;

If d;,>-0.710r d13>-0.6671, then x € A(class,) ;

If d;,<0.47880r dp3>-0.063, then x e A(class,) ;

If d13<0.6710r d»3<0.0538, then x € A(class,) -

2 16 3 B LR AT RE [F B R T 2 2R
Dk () B DX 3 A T ), K Tk S A 1) ) 1) B X
AR SR S S I B AR (AN A U
SIS () RO FF SR 4B, KT n 2] A n-1
ANZEE, FRXTIXEEL ISR, IR /MR,
HPE AR T2 LIl BR R e 2 (4)
IR MNZAEAS 8 TS0 A

min {3 ) @

J#i

test train
di,j _di,j
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Tab. 2 Classification conclusion of test samples

Fl TERE AR RIE SRS
1 17 19
2 19 21
3 18 20

HI3E 2 AT 43 2R 3E 3 2803 il /) 7 K 45k
YRR BE ORI FEA K 20 R BO A F i A7 6 2L
W, O NI fif A7 2N 2R, T g
1-v-1 JEAE RARAT I Be i i AF N(N=1)/2 D30
B AEAS, W7 R ORI 70 i 4720 ) ) 2
Ko BEAh, FOETT LU M S AT E 5

2 ETHBEMZ X FEENKATK
BB B4R BB P& S

2.1 KEHBRYIRENELE
IKNRARGE DRI ALY S T R 4,
IBAT I R R PR e A R, £ DR PR AN
UM R, s RSB GEI. EWA e
VBT R K LA BT T R GER) 74T
AR LA A5, R LA AR L 23
5 KW, gh SRRSO R
0 (NI e I NI VR T B S Sl NN
AR R, SRR 3. FaAoK
SR V&R EE PN (R Yo R R
IREEHUh SIS, R AR EEHLIEAE EIE 2 il 1)
2 VARl HED R A Sk, Fubk, B
PERT S HET SO OB BUVEARE T e 1 Bk
gike; WA RAS KB B KRR AR
XL EAT R RE L DA FIRE L (R e, A7 483k o
R
MRIEFARRI AR, KL el i v 7
JaK I3 HUMRT BRI 3 200, K sl &K Jg
EIHUAR BAE AR, B2 S E KT
ezl Wese. R AR KA A 5 R I 3l ;
SR ER T T 5 R I PRsl; 2B BAES]
BRSBTS R i 51 1k
gl WM RAN IR S DB . HLIRa 0k 3
TR B I B AU A ARG T AN ] o AU 3 3 2
A BB R TR AP 5 DR RSD: T8hAT

g DR IPRS) s il PO ) BROK slHE o Bl 4 0 3k
FABFIAE 7 2t FOANT- 485 B DR 5 S I 3R Bl s HLAL %5
A 5 (] 5 A (P S 1 S ) 4R B 5 o LR B E
SRR BN K A S e AR A 4. PR AR 2 - 2
H: ¥ 5E TS A AN R T
B AN A7 I ) 6 B 5 2 1 PRy ) AN Sl LA
JOEFEIAB S R IIRSNFE . BLE 3 R 25 3O
HRE, 7K T 77 TR PR 55 3 s L4 4 B3 o3 PR 5))
I, ol L e 1 (R 2 SR BRAN I 2
DRLAGE = 2 T AN RRERE 7, et ke X4 n Jall 2 BEL
Je WL #3308 73 4IR30 o

gE LT, KLl TAE R R YE, HL4l
WAL Bl BILFEERMZ R, HLAL v fe
HELLEAS R (P3RBT, B P05 T 5 & (1 LA
PRI R BN AT AT AT FRRIRIY, ML Z A2
IR, HAESRZAHEEE. Bk, 5K
(IR IS o e, DARR SRl IR 5 S 2
Vi) P 52 2% BRI DG 2R B ANT 2 A5 TR A2 7K FRUBTL Al e
ST AR R
22 I#MAXE

Kt Wt SR B = 7K RIS [R] 41 2 il i 4
SN NG — S A 53, [N, AN R RHR Bl
SR K FUATLZEL TR AN 3 A7 A 0 21388 o SR VR I
PN AR . ALK LIRS 5 I ATE R
H1(0.4~0.5)x. 1x. 2X. 3x. >3x, 5 M LHiE
fEL 73 B AE A WA IR 8 PR (xR i A), AR SOk
[7,20-21], XF/KELALALI 3 Fobr s 250 kg e (3 i (i 1L+
ANK R AN 2H IR 27 ST REASSR IO, AR 5 Xt
WRRFEATEAT IR o« X5 22 800 1R W R b A 712 W I
TR . 3R 3 FIEK 4 23 57m B Y ZRFE A
HFIAREA

%3 RIS GAER
Tab.3 Samples for training

" R RHE

et
0.4x~0.5x 1x 2X 3x >3x
0.88 0.22 0.02 0.04 0.06
0.90 0.20 0.05 0.02 0.02

FL s focy
sk 0.92 0.21 0.03 0.01 0.02
0.85 0.25 0.06 0.02 0.01
0.04 0.98 0.10 0.02 0.02
N 0.02 1.00 0.08 0.03 0.01

F2 ACF i
0.05 0.90 0.11 0.05 0.02
0.03 0.96 0.12 0.04 0.03
0.02 0.41 0.43 0.34 0.15
0.01 0.52 0.40 0.32 0.1

F3 Xl
0.01 0.40 0.47 0.35 0.18
0.02 0.45 0.42 0.28 0.29
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Tab. 4 Samples for testing

Fi'5  0.4~0.5x Ix  2x  3x >3x W
1 0.82 028 005 004 003 W i
2 0.02 091 008 001 0.02 AT
3 0.01 048 048 036 0.20 AN
4 0.40 003 0.02 003 0.04 B RO

F 8 1.3 I 5 NN R A G R0«
If dyp>0.7863 and dy,>0.8145, then xeA(classy);
If dwp<—0.8375 and d,,>0.6488, then xeA(class):
If dy,<-0.852 and d,,<-0.741, then xeA(class,);

If dp>—0.8375 or d,;>-0.852, thenx e A(class,,) ;
If dyp<0.7863 or d,>-0.741, thenx e A(class,) ;

If dy,<0.8145 or d,,<0.6488, thenx e A(class,) -
e dwps dwas A2 AR R AT fi Lo i B AR A 5
AN B RE AR L 30 Yl L g AN e B A
AR AN R 5 AN R BR A AR 2 TR 3 S T
SRR ZEIMIEE; x ARFHBFEAR, A(classy),
A(classp), A(class;), Aclass,,), A(class,) » A(class,)
AR ARG AT AT 3 R R
LR 3L

x5 HIH T EANMAKFEA “BEEE”, 456
A T ) 23 R, PR A 4T 4328, W B
33 1. 2. 3 SMEAFEABEFRIA 3 M T
DIk, REMCREgemvnsiit . FEA 4 8 T5—K1
A ARL, JE I R(E) VAR B TR A e 028 B
AL, 31X 5 SRR TR 8 BE i atd DA 7 A o AT
LIBSVMP?, SR i C-SVM 13 3 0 2445 - 585 1.
2. 3 NIRRFEA P LT 8, FEA 4 18153 3“0
Al ” BB o SRTIFEAS 4 AR 58 B 10
L, HERAGHREREL, SARG 2
TAEHRA R g e RAASCER B 5, i
INABMBEAEA 1. 20 34ieWii, Wb 4 J8 ik
P MBS B, TAAAEAS 4 3 AL TRty fg
oW, SREERAHCIBAT N 0L, Ak — 20 AT Ab B

x5 MABHKHEA “FHEME"
Tab.5 Discriminant of test samples

4‘/]1\%::7' dwp dWz dPZ
1 0.7890 0.8261 0.657 4
2 —-0.8396 -0.2613 0.7237
3 —-0.3655 -0.8539 -0.7459
4 0.723 2 0.703 8 0.090 8
A4S
3 iR

N fifE P K LA AR 2 e e 2 W v el T i e e
TR L, MEEEE I AR RA SRS A 5[

(K370 AN SE P ) L, ASSCRESE T RS 1) 1-v-1 228
SVM 73 k5 I N KL I sh i i e, 2
TR B HE S . T R SRR )
=G INE o N AL RS S U R (W0 N RS C B U
2 R A M IESNEL Fr D, Rep RS BS FE A
SIINBISCRF RIS, AR S itid 52
FE AL SO SR, JFRA] 1-v-1 18
RS T SCRF RN Z RIS, I IR T
IrRAF AT AL . 2RI M RS AR, 1257
BAER BT F A7 22 )/ BERS S W2 IR 1) )
AERR, EE T RN RS i iZ .
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