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In the power system state estimation, the J{x)-index PE¥Ee &3 off=(neasurement redundancy)®] 4B&
test and normalized residuals rn have been used to ubz] ol=r}
detect the presence of bad measurements and identify 7S RO ASolA A3 Tute] 23t Bduojel A&
their location, But, these methods require the complete m e $8Me HEF7 8] Chi®E(x2(k)Y BAIF
re-estimation of system states vhenever bad data is xS o] &3t Earojolel Z&pulat viastact
identified,

This paper presents back-propagation neural network 2. Ae)A
mode! using autoregressive filter for identification of’
bad wmeasurements. The performances of neural network 2.1 35y
method are compared with those of conventional methods
and simulation results show the good performance in the zAox7t ZER EHA Al Auimeiste] BAALS th
bad data identification based on the neural network under- 22t )
sample power system, z = f{x) +e (1)
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