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Fault Location Technique of 154 kV Substation using Neural Network
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Abstract - Recently, researches on the intelligence of electric power facilities have been trying to apply artificial intelligence
techniques as computer platforms have improved. In particular, faults occurring in substation should be able to quickly
identify possible faults and minimize power fault recovery time. This paper presents fault location technique for 154kV
substation using neural network. We constructed a training matrix based on the operating conditions of the circuit breaker
and IED to identify the fault location of each component of the target 154kV substation, such as line, bus, and transformer.
After performing the training to identify the fault location by the neural network using Weka software, the performance of
fault location discrimination of the designed neural network was confirmed.
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Table 1 Error and simulation condition for fault location discrimination by neural network using Weka software
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| A Classifier that uses backpropagation to classify instances
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Fig. 8 Fault location discrimination (Type 1 fault)
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