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BACKGROUND

The next generation of radio telescopes will have unprecedented sensitivity and time-resolution offering exciting new capabilities in time-domain
science. However, this will result in very large numbers of potential pulsar and transient event candidates and the associated data rates will be
technically challenging in terms of data storage and signal processing. Automated detection and classification techniques are therefore required and

must be optimized to allow high-throughput data processing in real time.

SIGNAL
FEATURES

Automated detection methods exploit the signal feature space to identify data representations which maximize separation between noise and
candidate events. Features can be extracted from diagnostic plots resulting from various stages of the signal processing pipeline. In particular,

parameters derived from the dispersion measure search stage and the final integrated pulse profile are commonly used in classification algorithms.
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LITERATURE REMARKS

The evolution of automated candidate selection techniques. Automated detection methods have reduced the amount of
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