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Abstract

One essential component of operational space weather forecasting is the pre-
diction of solar flares. With a multitude of flare forecasting methods now
available online is still unclear which of these methods performs best, and
none are substantially better than climatological forecasts. Space weather
researchers are increasingly looking towards methods used by the terrestrial
weather community to improve current forecasting techniques. This project
has utilized software programming principles as well as state-of-the-art tech-
niques used by the operational weather community in order to improve tools
used by space weather forecasters to predict flares. An active region track-
ing system has been successfully updated (Work Package 1) to provide an
improved warning system for potential flares, and an ensemble system has
been developed to provide an improved starting probability for flare forecasts
(Work Package 2). Both outputs have been successful tested for operational
use by the Met Office, and are openly available to the wider space weather
community for science collaborative efforts.

WP1: Automatic Tracking of Active Regions

The tracking of active regions (ARs), which can give rise to solar erup-
tive events such as solar flares and CMEs, is vital for the mitigation of
extreme space weather events. This work package was focused on updating
the successful Solar Monitor Active Region Tracker [SMART; Higgins et al.,
2011]. The original system was developed in the IDL programming language
(with problematic licensing for operations) and did not take full advantage
of high-resolution Solar Dynamics Observatory (SDO) solar surface obser-
vations. Thus SMART was updated and converted into the open source
Python 3 programming language, for easier use by Met Office operational
forecasters.

The system was fully upgraded in two phases; the segmentation algo-
rithm, then the tracking algorithm. The SMART algorithm inputs a solar
surface magnetogram which then is segmented into ARs of interest, from
which numerous magnetic properties of these regions are calculated (see
Figure [ The segmentation algorithm was converted line-by-line to ensure
it functioned the same as its predecessor. The tracking routine however was
quite outdated, so an improved algorithm was written in Python. A list of
AR objects are created from SMART processed output files for whatever
start and end times are chosen. Every possible AR pair from the two lists
are compared after accounting for solar rotation. If any of the rotated ARs
overlap they are re-designated as the same AR.

This project provided an excellent opportunity to ensure the updated
SMART code was sufficiently robust for operational purposes (it previously
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being a science code simply modified for operational use). After rigorous
validation procedures were completed (unit testing, bug fixing, documenta-
tion, etc), the code was then verified scientifically. First a well-known case
study was chosen for analysis, namely NOAA AR 12673 from September
2017, which underwent rapid evolution across the solar disk and produced
numerous M- and X- class flares from September 4th to 9th. The case study
reproduced expected magnetic property evolution (see Figure 2| with rapid
rises before the major flare events as well as typical declines towards the
western limb.

The second scientific test was a long-term study of AR evolution us-
ing the full dataset of SDO from 2010 - 2018. Figure [3] shows daily de-
tections by SMART over this nine year period compared to the SILSO
(http://www.sidc.be/silso/datafiles) sunspot number. Note that both
data are smoothed to show the trend using a convolution function to obtain
an average of the spread of daily numbers. Both datasets clearly show the
solar activity cycle, with discrepancies expected due to the use of visible
light vs magnetogram data, as well as SMART often grouping multiple ARs
together if they are close (particularly at solar maximum).

The new Python implementation of SMART is freely available on GitHub
(https://github.com/drsophiemurray/smart_python), and has been suc-
cessfully installed at the Met Office to replace its predecessor for operational
use. The code can be used independently by the community with only access
to the open source SDO data needed using any basic laptop with Python,
however it has also been designed for integration with SolarMonitor.org.
The website is currently undergoing an update (from IDL to Python), and
once completed daily SMART output will go online in realtime. The new
version of the code was also used for some initial scientific investigations
into solar eruption forecasting [Murray et al., [2018], which will be continued
in Award FA9550-19-1-7010 (Seeking the Source of Solar Eruptions, 2019 -
2022).
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Figure 1: Top: HMI magnetogram on 2017 September 2 with SMART de-
tection IDs labelled in yellow and detection boundaries in blue. Bottom:
SMART region 8 from top panel (NOAA AR 12673) tracked by SMART
throughout its rapid evolution across the solar disk.
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Figure 2: SMART detected total area (top) and polarity separation line
length (bottom) of AR12673 from Figure [IL M- and X- class flare events
are displayed with purple and red vertical lines respectively; 27 M- and 3 X-
flares occurred during the SMART-detected evolution of the region.
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Figure 3: Daily SILSO sunspot number (blue) compared to SMART daily
detections (red) from May 2010 to September 2018.
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WP2: Ensemble Flare Prediction

Ensemble forecasting has been used in numerical weather prediction for
many years as a way to combine different predictions in order to obtain a
more accurate result, but it is fairly new in space weather [Murray, [2018§].
This work packaged involved developing a flare forecasting ensemble system
for operational use for the first time.

The work of Guerra et al.| [2015] was expanded upon to create the system,
who demonstrated the applicability of multi-model input ensemble forecast-
ing for flare occurrence for a small data sample (four forecasting meth-
ods and 13 active regions). The authors proved that linearly combining
probabilistic forecasts using combination weights based on the performance
history of each method makes more accurate forecasts, and that combin-
ing forecasts intrinsically different (i.e., automated software versus human-
influenced expert systems) improves the prediction in comparison to the
case in which only forecasts of similar type are used. The code originally
developed for this work was built upon to create an operational system.
The forecasts that are made available by the NASA/CCMC Flare Score-
board (https://ccmc.gsfc.nasa.gov/challenges/flare.php) were used
as inputs to a six-member ensembleE] (in particularly using ASAP, ASSA,
MAG4, MOSWOC, NOAA, and SolarMonitor (MCSTAT)). Once the soft-
ware system was sufficiently validated, similar to Work Package 1, it was
then verified in the scientific sense.

To test usefulness of the ensemble system, a similar method to |Guerra
et al.| work was used, however including further forecasting methods and a
larger data sample. This WP also focused on analyzing full-disk forecasts
rather than AR forecasts, which are used more widely by operational centers.
Ensembles for M- and X- class flares were created by linearly combining
the full-disk probabilistic forecasts from the Flare Scoreboard. Forecasts
from each method are weighted by a factor that accounts for the method’s
ability to predict previous events, and several performance metrics (both
probabilistic and categorical) are considered. The results can thus provide
operation centres with an improved starting point to their forecasts that can
be tailored to different end-user needs. For example, some users may want
to mitigate false alarms while others may want to mitigate misses, therefore
the most appropriate weighted metric ensemble can be chosen for each user.

Figure [ presents the 24-hour probabilistic forecast data for M-class flares
for the time period tested from 2014-2016, with histograms of values on the
left and three-year time series on the right. Data is color-coded according

!Note that it was originally intended to use the outputs of the FLARECAST project
(https://api.flarecast.eu), which would have provided an up to 20-member ensemble
of machine learning outputs. However the realtime system is still not live as of April 2019.
The final WP2 ensemble system has been flexibly designed such that any new method can
be easily integrated if inputted using a standardized format.
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to the forecasting method. All forecasts for M-class flares show similar
characteristics: probability values range from almost 0.0 to 0.9 — 1.0, with a
decreasing frequency from low to high probability bins. Although, in case of
MAG4, higher frequency is concentrated in the lowest-probability bin while
some bins are empty. On the other hand, forecasts for X-class flares (not
displayedEI) show a variety of upper limit for probability ranges, between 0.25
(ASSA) and 0.90 (ASAP). There were in total 189 and 17 days between 1
January 2014 and 31 December 2016 that observed M- and X- class flares,
respectively. These values yield climatological frequencies of 0.172 and 0.016
that were used to measure the skill of the ensemble forecasts compared to
the originals.

Three different schemes for linearly combining forecasts were tested: in-
ternal linear combination, constrained, and unconstrained linear combina-
tion [see Guerra et al., for more details|. In the last two cases a group
of 13 metrics (7 probabilistic and 5 categorical) were used as functions to
be optimized and thus find the most optimal combination weights (see Ta-
ble . The performance of the ensemble outputs were compared using sev-
eral probabilistic performance metrics, following the operational flare fore-
casting verification measures suggested by Murray et al. [2017]. For example,
Relativistic Operation Characteristic (ROC) curves and reliability diagrams
are displayed in Figure [5| for a selection of M-class forecasts. Reliability dia-
grams indicate how close the forecast probabilities of an event correspond to
the actual chance of observing the event, and are good companions to ROC
curves since they are conditioned on forecasts (while ROC is conditioned
on observations). ROC curves present forecast discrimination, and the area
under curve the provides a useful measure of the discriminatory ability of a
forecast.

The figure compares a selection of forecasts including the best original
ensemble members and outputs, namely MOSWOC (human-edited, black
line), MAG4 (automated, turquoise line), an average ensemble forecast of
all original methods (blue line), and the best performing ensemble, which
was created using an unconstrained NLCC weighting scheme (purple line).
The ROC curve in the top row (with the better performing methods tend-
ing towards the upper left corner of the plot) highlights the clear improve-
ment the ensembles have over the automated MAG4 method, with all other
curves similarly good for M-class forecasts. In the reliability diagrams in
the bottom row, methods should preferably be in the grey zone of ‘skill’
along the diagonal, and if they are tending toward the horizontal line they
are becoming comparable to climatology. Here most methods are generally
over-forecasting (lines lying to the right of the center diagonal line), except
the best-performing NLCC ensemble method.

2The results of M-class flares are highlighted in this final report rather than X-class
due to the rarity of events in the dataset.
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Table 1: Performance metrics used during the optimization process. Each
metric produces a different set of combination weights, or a different ensem-
ble. In each case a label is shown in parenthesis. Categorical metrics are
calculated using the 2x2 contingency table once probabilistic forecasts are
turned into deterministic forecasts by choosing a threshold value.

Probabilistic Categorical

Brier score (BRIER) Brier score (BRIER_C)
Mean Absolute Error (MAE) True Skill Score (TSS)
Linear Correlation coeff. (LCC) Heidken Skill Score (HSS)
Nonlinear Correlation coeff. (NLCC) Accuracy (ACC)
Reliability (REL) Critical success index (CSI)
Resolution (RES) Gilbert skill score (GSS)

ROC curve score (ROC)

The ROC area for all forecasts and Brier score is presented in Table [2] for
M-class forecasts. Brier score measures the mean square probability error,
and can be broken into reliability, resolution, and uncertainty, which are
also listed in the table. The scores in the table are listed in order of original
input forecasts, then ensembles from probabilistic and categorical weighting
schemes, with tesults for both constrained and unconstrained schemes are
included. Most values are to be expected, with overall good Brier scores
but poor resolution, and only a few resulting forecasts with a ‘poor’ ROC
score (in the range 0.5 - 0.7). There is definitive improvement compared to
MAGA4, the best of the original automated forecasts.

It is particularly interesting to note how well the simple ensemble aver-
age performs in this work compared to the more complex weighting schemes.
While ensemble averages will likely rarely outperform the human-edited
forecasts, they are successful here in outperforming the best of automated
methods. These could be a good starting point for forecasters when issu-
ing forecasts operationally before additional information or more complex
model results are obtained. However, the weighting schemes do provide a
level of flexibility that simple averages cannot; they allow operational cen-
ters to tailor their forecasts depending on what measure of performance a
user cares about the most. In this work only a selection of metrics are high-
lighted based on current standards used by the community, however the data
and code is provided open access so the community can perform their own
analysis. The code for the ensemble system is freely available on GitHub
(https://github.com/drsophiemurray/ensemble_system).

The results of Work Package 2 demonstrate that multi-model input en-
semble predictions of solar flares are versatile enough to be implemented
and used in operational environments with metrics that satisfy user-specific
needs. These results (figures and tables) are taken from a paper currently
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under preparation for the journal Space Weather |Guerra et al.], and the
ensemble system itself has been tested for operational use by the Met Of-
fice. The ensemble average is currently available on the Flare Scoreboard
and it is planned to integrate the weighting schemes and performance metric
comparisons online in the future for community use. It is worth noting that
an invited commentary on the importance of ensembles for space weather
was also published during the project |[Murray, 2018§].
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Table 2: Table with verification metrics for M-class flare forecasts.

Note

that there are 189 events and 907 non-events out of 1096 total records, and
uncertainty for all cases is 0.143.

Forecast Brier Reliability Resolution ROC Group Overall
name score area Rank  Rank
1.0-0.0 1.0-0.0 0.0-10 05-1.0
ASAP 0.151 0.0163 0.0079 0.575 7 35
ASSA 0.150 0.0235 0.0167 0.738 5 34
MAG4 0.126 0.0064 0.0237 0.772 4 28
MCSTAT 0.183 0.0606 0.0200 0.769 6 33
MOSWOC 0.116 0.0056 0.0327 0.842 1 23
NOAA 0.116 0.0070 0.0335 0.838 2 25
Equal Weight 0.121 0.0046 0.0264 0.816 3 27
Brier 0.110 0.0009 0.0338 0.848 8 8
Brier_unc 0.107 0.0007 0.0368 0.853 2 2
LCC 0.109 0.0016 0.0355 0.848 6 6
LCC_unc 0.106 0.0019 0.0387 0.853 2 2
MAE 0.126 0.0064 0.0237 0.772 15 28
MAE _unc 0.127 0.0082 0.0244 0.811 15 30
NLCC_rho 0.110 0.0011 0.0334 0.849 7 8
NLCC_ho_unc  0.107 0.0007 0.0366 0.854 1 1
NLCC_tau 0.110 0.0018 0.0344 0.848 8 10
NLCC_tau_unc  0.109 0.0011 0.0351 0.856 2 4
REL 0.114 0.0013 0.0298 0.831 14 26
REL_unc 0.111 0.0008 0.0322 0.841 12 19
RES 0.110 0.0009 0.0332 0.841 11 17
RES_unc 0.114 0.0010 0.0322 0.832 13 24
ROC 0.109 0.0021 0.0357 0.847 8 10
ROC_unc 0.108 0.0010 0.0357 0.853 ) )
Accuracy 0.112 0.0023 0.0335 0.890 10 19
Accuracy_unc 0.126 0.0131 0.0297 0.625 11 31
Brier 0.111 0.0008 0.0327 0.891 8 19
Brier_unc 0.129 0.0156 0.0289 0.596 12 32
CSI 0.109 0.0013 0.0350 0.889 1 7
CSI_unc 0.111 0.0062 0.0376 0.630 2 12
GSS 0.110 0.0008 0.0338 0.839 3 12
GSS_unc 0.129 0.0221 0.0360 0.878 7 18
HSS 0.111 0.0033 0.0349 0.889 7 16
HSS_unc 0.108 0.0021 0.0372 0.620 5 15
TSS 0.111 0.0013 0.0348 0.856 3 12
TSS_unc 0.130 0.0227 0.0359 0.879 9 22
12
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