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e The machine learning algorithm showed
promising results with an accuracy of 90 - 95
% depending on which randomized test set
was used.

® The number of data points used was 525600.
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Machine learning software is a
key component of the SWPS. It is
used to improve the accuracy
rates of the predictions. The
output data each time would be
fed into the machine learning
software which would have an
external input (at first) from an
astronaut or researcher
confirming the predictions and

their levels. This would be done
based on observing the values of
the various parameters during a
geomagnetic event.

the earth’s magnetosphere called WINDMI,
the system will output local indices to alert
the satellite's main control system of space
weather events. Additionally, the spacecraft
module will monitor the spacecraft power
system for noise, spacecraft charging values,
and other indicators in real-time to provide
situational awareness status to the satellite
control system. The expected outputs of the
module would be various predictions like
spacecraft charging, one to three hour ahead
geomagnetic indices, recognition of
geomagnetic activity such as substorm and
substorm onsets, etc. This system will focus on
how to use the measurements by
understanding what the measurements may
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currents, and other MHD/plasma parameters
[14] [15]) from varied data sources?

What kind of software or algorithm needs to
be used to process the data (inputs or
processed data) from various sources (NASA
satellites, GBOs, NOAA, etc)?

How accurately can a machine learning
algorithm be programmed to predict space
weather events (Sunspots variance, CME
occurrences, solar flare strength, Size and
magnitude of geomagnetic storms and
substorms, ionospheric scintillation, etc)?
What is the correct input vector, of the
existing data (NASA satellites, GBOs, NOAA,
etc), to supply the machine learning
algorithm?

e What all models can be combined effectively
to run the data from various satellites and
ground stations?

e How can the machine learning algorithm be
programmed to work with previously
recorded SWPS data, user observations
(astronaut observations in space), and data
from other sources (data from GBOs and data
from other forecasting systems) to improve
predictions?

The first factor tested was be at a particular location based on current

substorm onset time by taking space weather conditions. The component
various indices like SML, AL, AE, researched here is substorm onsets
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an initial phase of testing, the
values would be given ranges and
set into the software. So each
time the output is passed through *For the preliminary round of tests one year
the machine learning software, (2015) of AE, AL, AU, AO, Dst, and Kp OMNI
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