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Faut diagnos s method for hydroelectric units
based on rough set & Rbf network

LIANG Wuke,ZHAO Dao-li ,\WAN G Rong-rong ,MA Wei L UO Xingq

(Institute of Water Resources and Hydroelectric Engineering, Xi’ an University of Technology, Xi’ an, Shaanxi 710048, China)

Abgtract : Due to the excessive data of monitoring and the complexity of fault reason for hydroelectric
units,the problems exist in neural network when it is used for the fault diagnoss of hydroelectric units,
such as the complex structure ,the long training time and the difficult diagnosis. The rough set theory isin-
troduced and the fault diagnos s method for hydroelectric units based on rough set & RBF neural network
ispresented. The fault information of hydroelectric unitsis reduced by the rough set theory on the bass of
classfying capability unchanged ,then the information is diagnosed by RBF neural network ,which not only
decreases the number of the network input nerve cells effectively ,but also predigests the network struc-
ture. The application of an example proves that the proposed method can improve the accuracy and the effi-
ciency of fault diagnos s of hydroelectric units.
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Condition attributes

Fault samples c1 C2 C3 C4 Cs Cs c7 Cs

Co

Decison attributes

u1 0.01 0.03 0.68 0.96 0.82 0.06 0.97 0.95
uz 0.01 0.10 0.75 0.92 0.81 0.05 0.93 1.00
us 0.01 0.02 0.80 0.98 0.80 0.02 0.98 0.98
U4 0.06 0.05 0.92 0.52 0.48 0.03 0.96 0.01
Us 0.06 0.08 0.98 0.50 0.50 0.03 0.96 0.08
Us 0.01 0.12 0.93 0.02 0.20 0.07 0.97 0.17
uz 0.01 0.02 0.96 0.05 0.10 0.12 0.89 0.13
Us 0.05 0.95 0.07 0.02 0.01 0.02 0.10 0.95
Ug 0.08 0.07 0.10 0.07 0.05 0.98 0.08 0.98
U1o 0.04 0.02 0.98 0.06 0.02 0.01 0.98 0.03
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4.2
4
, [0,0.2] 0,[0.2,0.6] Table 4 Testing samples for fault diagnoss
1 [0 6 1] 2 2 C1 C2 C3 Cq Cs Ce C7 Cs Co
2 0.01 0.08 0.85 0.09 0.12 0.02 0.98 0.08 0.02
Table 2 Decison table of discretization 5
Table5 Comparison of the result of two neura network
Fault Condition attributes Dedis RBE RBE “RBF
samples Ci1 C2 C C4 C5 Ce C7 Cg Co atter(i:lbsu?zs Fault kinds Neural network RS RBF neural network
1 0.058 9 0.099 9
up uz o o 2 2 2 0 2 2 1 1
2 0.194 9 0.174 3
us o o 2 2 2 0 2 2 O 1
3 0.796 2 0.948 2
Us Us o 0 2 1 1 0 2 0 O 2
4 0.120 6 0.007 7
Us U7 o 0 2 0 O O 2 0 O 3
5 0.1298 0.069 9
Us 0 2 0 0 O O O 2 O 4
Ug 0 0 0 00 2 0 2 O 4 , RBF
3] 10 0 0 2 0 0O 0o 2 o0 2 9
[12]
0.296 2;
, 'Cs Co, ,RBF 3
{CcsCs Co} {Cs5Cs o} {C2Cs5Cs o} ,
) ) 0.448 2,
{cs Cs Co} 3 5
3 RBF :
Table 3 Minimal decison table of fault diagnosis
Condition attributes . . ’ RBF ’
Fault samples Decison attributes
Cs Cs Co
U1 2 2 1 1
us 2 2 0 1 '
Us 1 0 0 2 RBF
Us 0 0 0 3 s
Us 0 2 0 4
uso 0 0 2 5 ' ’
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