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Introduction

Low observability on distribution networks can obscure the signs of incipient faults which can develop into costly and unexpected plant failures.
While low cost sensing and further reaching communications infra-structure is improving this, it is also highlighting the complex nature of
operational fault signals, a challenge which entails extracting anomalous regions from operational data before classifying the underlying fault.
Here a solution in the form of a Bayesian online changepoint detection model is presented allowing a Multilayer Perception to classify the resulting
segmented signal. MV fault and abnormality datasets are used to demonstrate its capability for operational detection.
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Online Bayesian Learning

First, segment the monitoring data
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