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1. Introduction

Space weather is on the UK government’s national risk register. Magnetic observatory measurements provide the underlying capability for real-time
dissemination of information and advice on geomagnetic activity and space weather hazard. Long-term operation of observatories enables continuous
monitoring of activity levels and is therefore a key component. Operational products derived from the observatories include real time local activity
(Hourly Standard Deviation or HSD, dB/dt, K, K, Az, DRX) and estimated global indices (Kp..,, ap/Ap. and aa/Aa_,,) updated at 5 minute intervals.
Monitoring is supplemented with forecasts of local and global 3-hourly and daily activity indices from automated algorithms (ARIMA and Neural Net) as
well as human-derived one-, two- and three-day-ahead categorical activity forecasts on a daily basis.

2. Geomagnetic Observatory Network: Data and Indices

Accurate, timely and reliable space weather products rely on high quality, accurate and reliable observatory data. The real-time processing of data from the BGS observatory
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3. Geomagnetic Activity Forecasts: Hand Built by Humans
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European Space Operations Centre since 1992, it was method [4].

* Although spanning 3-hourly time windows, the real-time operational cadence of all these products is 5 minutes
further developed for 3-hourly values in 2015.

Below is the forecast made by the duty forecaster at 10.38UT on .
7th Sep 2017. The storm, which was predicted due to a CME 1 Day Ahead GSS with variable S matrix
associated with the ~X10 solar flare of the 6t Sep, peaked at G4
and averaged. (storm shown above and in section 2). The
human forecast on this occasion, although not perfect, out-
performed any automated algorithms (ARIMA, Neural Net)
running at BGS at the time.

* Forecasting Team

* Benchmark

Forecast period Forecast Global Activity level
(noon-to-noon GMT) Average Max

7 SEP-8 SEP STORM G3
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9 SEP-10 SEP Skill of human forecasters over 13 years against a benchmark of persistence and recurrence.

A higher score indicates more skill. The S matrix of the Equitable (Gerrity) Skill Score (GSS)

A forecaster (above) making 1, 2 and 3-day ahead forecasts. Various solar and solar wind observations, _[5'6_] .was adapted to account for geomagnetm. activity levels for each'year[7]. Both the
data and models available in the public domain, as well as in-house products are analysed and interpreted. individual example (left) and the long term skill scores (above) are evidence of the need for

human interpretation in geomagnetic activity forecasting.
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4. Finding the ‘Right’ Geomagnetic Parameter for the Job

Kp (and the related Ap) are used extensively in space weather applications and models. Kp has become an (informal) standard for geomagnetic activity, despite its well documented limitations in both space and time.
There are many applications where these drawbacks are not significant and its use is reasonable. However, there are some applications where it could be misleading to consider only Kp, in particular where localised
geomagnetic activity levels are required and over a shorter time span than 3 hours. One such example is the monitoring of geomagnetically induced currents (GIC) in power systems.
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5. Activity predictions with Machine Learning (ML) — Better or Not?

The algorithm for predicting 3-hour ap using the ARIMA method relies entirely on patterns within the time-series itself. It is now well established that making use of precursor data - solar and solar wind - can improve
geomagnetic predictions. Exactly the best way of making use of the available data in an operational sense, is not yet established. In 2014 [11] work was carried out to evaluate Machine Learning (ML) algorithms [12] in
predicting ap at one 3-hour period ahead, using the ap time series and ACE solar wind measurements as input. Further work in 2016 [13] found that the method was more useful for activity categories, such as NOAA’s
G storm scale. Selected results are highlighted here.
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