is a regular hexahedron. The sensor is installed in a proper location. A section of PD location is
set as a target, /and training set is studied with several PD locations in the inside of the
transformer. As a result of training process, the learning capability of neural network is excellent.
The PD location is detected by division of internal structure of transformer and application of
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(A Study on The Estimation of Partial Discharge Location Using Division of Internal
Structure of Transformer and Neural Network)
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Abstract

This paper suggests the method for estimating a partial discharge (PD) location using divide of
the inside transformer as a grid. The PD location is found swiftly and economically compared
with the typical method detecting a PD. The reason is that the location of PD is detected in the
section. The estimation of PD location is trained using the Neural Network. JavaNNS(Java Neural
Network Simulator) and SNNS(Stuttgart Neural Network Simulator) are used for searching the
location of PD. The simulation procedure is following. The transformer is assumed that the case

neural network.
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