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Geomagnetic Activity and Indexes Gaussian Process Dst prediction
Example 30-Day Dst Plot for the 2003 Halloween Storm Dst(v) ~ GP(m(v), C(u,v)) (4)
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Due to the complex nature of geomagnetic response to the solar wind, it is useful to use v
activity indexes to record and predict the magnetosphere’s state.
The Dst index is an index of magnetic activity derived from a network of near-equatorial s 30-
geomagnetic observatories. Hourly records of Dst are available since 1957. Dst has hourly = 24.8 L
frequency and and 1 nT resolution. > 21.4
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2. Recurrent Neural Networks Model
3. Approximate physical models based on ODE: dDjf(t) = Q(t) Dsf@)
4. Dst(t) = Dst(t — 1): the (in)famous Persistence model. o nw
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of injection term in Burton.

FL Fenrich and Luhmann (1998) Uses polarity of magnetic clouds
to predict geomagnetic response. Performance of our models (GP-ARX and GP-AR) compared with previous models:
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Gaussian Process Regression N

Gaussian Process (GP) models specify statistical distributions over functions. In GP mod- 08-
els, the finite dimensional distribution of the output data is a multivariate Gaussian specified 0
by equation 3. %06 -
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In order to make predictions using GP models, one must calculate the posterior predictive f

distribution f,| X, y, X, which is also a multi-variate Gaussian. | | | | | | | | | | |
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lllustration of the mechanism of
Gaussian process regression for
the case of one training point and Empirical Cumulative Probability of Relative Errors.
one test point, in which the red el-

lipses show contours of the joint dis-
tribution p(t1,t2). Here t1 is the
training data point, and condition-
ing on the value of ¢,, correspond-
ing to the vertical blue line, we ob-
tain p(é2|t1) shown as a function of

to by the green curve.

Conclusions

1. Persistence model must be central in the model evaluation process in the context of one
step ahead prediction of the Dst index.

2. Gaussian Process AR and ARX models give encouraging benefits in One-Step-Ahead
prediction even when compared to the Persistence model.

3. More informative performance metrics for evaluation and comparison are required.



