Detection of Background Seismic Waves Anomalies With a Hierarchical Temporal Memory (HTM) Cortical Algorithm\‘
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Our system is based on the Numenta HTM engine that implements a cortical algorithm based on y S 'm' | S S - | _ o S '260 v, - -

an innovative neural model in which dendrites act as coincidence detectors and synapses are smomaly snomaly sensitivty

formed continuously. The HTM networks learns and adapts to the seismic background noises and 5

0.3
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* Uses an innovative model of the neuron, based on realistic biological paradigms N crror average error RMS/200 pelnts |
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