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: : : : EDR encounter by MMS
e Magnetic reconnection drives the flow of energy e The Region of Interest (ROl) encompasses o Burst selections are made orimarily by the -
throughout the magnetosphere locations likely to contain EDRSs. (human) Scientist in the Logp (SITL§/ y e Too much data for one lifetime
e Itistriggered by the microphysics of the Electron e Only enough telemetry to downlink ~43 minutes o Need to automate the selection brocess e Machine Learning can make it
Diffusion Region (EDR). of burst data per day P tractable

Automation Options Burst Triggers

Equation 1. Cycle Data Quality (CDQ) Calculation
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Ground Loop
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Ground Loop 1: Recurrent Neural Network (RNN) with Long Short-Term Memory (LSTM)
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_ _ _ _ e Preliminary model identifies the magnetopause
e Magnetopause crossings detection e Selections influence the SITL o .
_ _ e Larger training set should improve results
e SITL Selections and comments factor into the model e And may one day replace the SITL

Ground Loop 2: Hierarchical Bayesian Model

The Hierarchical Model
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