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The Application of Data Stream Mining Method of Associative Rule Classification
in Fault Diagnosis of Hydro-Turbine Generating Unit
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Abstract: This paper introduces a kind of data stream associative rule classification method, and this
method is used to carry out the classification test of the standard datasets in the UCI machine learning re-
pository. The test results indicate that this method is accurate and effective. And then, this method is used
in the fault diagnosis classification of hydro-turbine generating unit, whereby proving that the classification

accuracy of this method is improved with an increase in the testing samples. Accordingly, this method is of
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the certain significance for the in-situ fault classification of generating units of different types.
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Fig. 1 Associative classification algorithm
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Fig.2 The accuracy and time of different block size
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Fig.3 The accuracy and rules of different support thresholds

3 KEHLAIRSNZHE LG 1IE

SRR LA IRS Y ERR 2, KRBT IHY8,
B K A3 A7 T o XS 7K HL AL P I Y
AR BT I AR B R R AR A A R A
[e] , 0 ok B a s A A BT AN ], (AR TR 200
TR TR Sl 5 B 0 ik IR K 22 RS R iR 3k
PRLIEG AT R A3 B A A B Tt A T 23 28 o ek
W R S5 5 3T FET A2 46 5 15 3 HAE R e,
WEIEPE(0.15 ~0.5 (FHWE) ). 1x.24.3x.50
Hz 100 Hz -5 x 564500 28 43 gk A7 e (Hrp
x ) X FFT A8 46 5 14 2% R I e A 75—
ks

H T, © A A D ST 7K B AILZE A iR Tl B bl
PEHEAT I3 B SO B 5 A SRR SCHR [ 13 ] ~ [15]
W B A AL I 2l 1) S B e REAE K, s B 45
W1 PR a1 X R dR b T IR A
RO R R I FR G 19 53 28 2 6T W AL ZH B 30 ) s
WHEAT 4328, B ek ML IE 3 s AT B i A 53 2



SRSLEE RN 432 BRI AZ I 5 T AE /K B ML S 12 4 o 109
i, NN HIRE TE 3 B B 0 o S B i A B 32k BORSE A, nak 2 s
it o AR I G 1 40 S RN AT 4028 A5
R EIRAE
Tab.1 Learning samples for fault diagnosis
BREREA FEARAR AU o
(0.15~0.5)x 1« 2x 3x 50 Hz 100 Hz S04 x #6457
T O 0.88 0.22 0.02 0.04 0.06 0.05 0.05 Classl
T O 0.90 0.20 0.05 0.02 0.02 0.01 0.03 Classl
At 0.02 0.52 0.40 0.32 0.10 0.08 0.05 Class2
X 0.01 0.41 0.43 0.34 0.15 0.09 0.01 Class2
il ANl 0.04 0.98 0.10 0.10 0.02 0.01 0.08 Class3
% NS 1 0.02 0.90 0.08 0.05 0.03 0.04 0.04 Class3
F BT B 0.02 0.13 0.15 0.08 0.80 0.75 0.05 Class4
* E TR B 0.05 0.18 0.07 0.11 0.76 0.77 0.04 Class4
=R A AN S 0.92 0.05 0.89 0.12 0.05 0.08 0.01 Class5
= AH A A AT 0.88 0.09 0.77 0.15 0.04 0.11 0.20 Class5
2 JF LRy 0.02 0.10 0.13 0.14 0.05 0.04 0.93 Class6
A2 HTF Oy 0.03 0.14 0.22 0.18 0.07 0.06 0.98 Class6
2 MALRE
Tab.2 Testing samples for fault diagnosis
T e o
(0.15~0.5)x 1« 2x 3x 50 Hz 100 Hz S35 x 5445
N ANy 0.02 0.91 0.08 0.01 0.02 0.05 0.08 Class3
it K e 0.01 0.48 0.48 0.36 0.10 0.08 0.10 Class2

R IRIKFEHL A PR AR 5 LY SR il B A —
L AHAT S TR, e — 22 5 . Wl
SO RAAE L L W G Ja F o I A HL S [ 7 AN AL
9, AR SCAYTREAZ 8 1) 7 5 AE R I TR AR 20 AT 0 X
R AR AT LE o A AR AR A B T A )
T, KRR ISR L L 2o AR I A A 114 18 T i
TN 3 7R o AR T B S bk, 6 <
A AREAS I , BB ) 73 SR JEE b 2, %ot
B IR By A — E T8 o

3 AFIEAR

Tab.3 Results comparison of different methods

P B S
aEsR R ERR
DL 78.3% 78. 1% 78. 4%
KA RIS 77.9% 80.2% 81.5%

4% F

SR L PR 7 2 Bl AN TR T 2 T e A (R
[HEOVACITE QRS S rak DI KRR LB DRV &/ D RmI PO
T AW B o A G i SR 4 7842
Jrigxt UCLARMERR R BEAT 2028, S0 A AN S B Uk BA

TSR AR IR 2T s A EDK
NS eI R b s e SV W LR T ok L
LA PRI S ) I AT R R AL, B
—RE IS

S 3Lk

[1] Han J, Kamber M. Data mining: concept and techniques
[M]. 2nd Edition. San Fransisco: CA. Higher Education
Press, 2001 :1-7.

Tan Pangning, Sreinbach M, Kumar V. %5128 516
[M]. JEst: st s i, 2006.

TV, R BURE, 55 BUE A2 I > R HOR Sk
[1]. PGS & 2, 2007,44(11) :1809-1815.
Wang Tao, Li Zhoujun, Yan Yuejin, et al. A survey of

(2]

(3]

classification of data streams[ J]. Journal of Computer Re-
search and Development, 2007,44(11) :1809-1815.
[4] Babcock B, Babu S, Datar M, et al. Models and issues in
data streams[ C]//proc of ACM Sump on Principles of Da-
tabase Systems. New York: ACM Press,2002.1-16.
O BT TR R T S B LRA LT ]
BAF#4R,2004,15(8) :1172-1179.
Jin Cheqing, Qian Weining, Zhou Aoying. Analysis and

(5]

management of streaming data; a survey [ J ]. Journal of



110

VU2 BT R 2274 (2012) 55 28 545 1 4]

Software, 2004,15(8) :1172-1179.
(6] BUGER, B, FERRE, 55, 7K A HLAHL AR 3l i i 1 15 5 Al
FeW ST EPIFE ], B E R R 4R, 2005, 25
(20) .137-142.
Zhao Daoli, Ma Wei, Liang Wuke, et al. On data fusion
fault diagnosis and simulation of hydroelectric unit vibration
[J]. Proceedings of the CSEE, 2005, 25(20) :137-142.
FR R T R AR SR A A T LT ] AL
R HFSE,2009,26 (11) :4054-4056.

Meng Caixia. Research on mining frequent patterns in data

[7

[

streams[ J |. Application Research of Computers, 2009 ,26
(11) .4054-4056.

B0 A, R, B — R T OCER R 1) 22 25 bR A 2
BT]. iS5k ,2009,24 (4) :574-578.

Li Hong, Li Bo, Wu Min, et al. Multi-label classification

(8

(R

algorithm based on association rules[ J]. Control and Deci-
sion, 2009 ,24(4) :574-578.

[9] Liu Bing, Wynne Hsu, Ma Yiming. Integrating classifica-

[

tion and association rule mining: proceedings of the Fourth
ACM SIGKDD International Conference on Knowledge Dis-
covery and Data Mining[ C]. New York,1998.
(10 ] BAALH AN 4775 2% 3T 22 20 2SR ) e dh
AR ] LR, 2010,36(9) :38-40.
Zhao Chuanshen, He Shungang, Yang Jihong. Data
stream classification algorithm based on multiple class-as-
sociation rules[ J]. Computer Engineering,2010, 36(9) :
38-40.
BUBR AR R, — I E TR A 1 2 P B UL
LT BN ,2005,25(3) :637-638.
He Yue, Zheng Jianjun, Zhu Lei. An entropy-based algo-

[11

[

rithm for discretization of continuous variables[ J]. Com-

[

puter Applications, 2005,25(3) :637-638.
Fioe, M, 200, S5, T I ] e ) AR LM 92 40 74 7K
HULALIR SISRZ W T 52 [ T ). K ) A e 24l 2010,
29(6) :229-236.
Bai Liang, Wang Han, Li Hui, et al. Vibration fault di-
agnosis based on time-series similarity mining for hydro-
power units [ J]. Journal of Hydroelectric Engineering,
2010,29(6) :229-236.
TR, INSE R, ERA:. TR A RBF 28 f0 25 72K 48
RSB 2 W i (D], K ) R LA R
2009,28(6) :219-223.
Zhang Liping, Sun Meifeng, Wang Tiesheng. Application
of a novel RBF algorithm to fault diagnosis of hydro-tur-
bine generating unit [ J]. Journal of Hydroelectric Engi-
neering, 2009,28(6) :219-223.
ST B R BRI S AR 1) A R R
K AL RS RS W [T ] P E R L LR 4R,
2006,26(9) :155-158.
Peng Wenji, Luo Xingqi, Zhao Daoli. Vibrant fault diag-
nosis of hydro-turbine generating unit base on spectrum a-
nalysis and RBF network method[ J]. Proceedings of the
CSEE,2006,26(9) :155-158.
B, PN, B, 45, JE TIPSO flifk LSSVM ik e &
HUPLALR SR is e [T ). K F 2441, 2011,42(3)
373-377.
Jia Rong, Hong Gang, Wu Hua, et al. Vibration fault di-
agnosis of hydroelectric generating unit by Least Squares
Support Vector Machine based on Improved Particle
Swarm Optimization [ J]. Journal of Hydraulic Engineer-
ing,2011,42(3) :373-377.

(sifLamiR £



