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Abstract

NASA human exploration missions seek to bring astronauts to new radiation en-
vironments outside the protection of the Earth’s magnetosphere. In these envi-
ronments, crew members experience an increased risk of radiation exposure from
transient enhancements caused by solar energetic particle (SEP) events. SEP fore-
casting models seek to give operators both an assessment of the likelihood of these
events and advance warning that can improve response times and be used in opera-
tional decision making. The ISEP project has been developed to gather and assess
SEP forecasting models from across the field. In this report, we present the first
systematic validation of model performance for a set of 11 models deployed on the
ISEP SEP Scoreboards and validated in the SEPVAL community challenge. The
validation results allow us to define state-of-the-art model performance and develop
reasonable requirements for forecasting models to be used in operations. We also
discuss the application of these results to understanding model performance from
the operator perspective.
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Executive Summary

The Space Radiation Analysis Group (SRAG) is tasked with the radiation protection
of NASA astronauts, who are at an increased risk of radiation exposure from Solar
Energetic Particle (SEP) events as Artemis missions take them into the deep space
environment, outside the protection of the Earth’s magnetic field. Reliable forecasts
of these events would enable SRAG console operators to expedite protective actions
for deep-space crews. The Integrated Solar Energetic Proton Event Alert/Warning
System (ISEP) project, a collaborative effort between NASA’s SRAG, Community
Coordinated Modeling Center (CCMC), and Moon to Mars Space Weather Analysis
Office (M2M), has aggregated and improved SEP forecasting models from through-
out the community, and has produced the SEP Scoreboards as a single system for
forecasts to be visualized and monitored by SRAG console operators in real-time.
This system has allowed—for the first time—a comprehensive quantitative validation
of forecasts issued by SEP models in real time. In parallel, a dedicated community
validation challenge, SEP Model Validation Working Meeting (SEPVAL), solicited
model forecasts for a benchmark set of SEP event and non-event periods, allowing
for model evaluation and comparison on a consistent basis.

The SEP model forecast landscape is extremely complex, with dozens of models
forecasting a subset of several characteristics of SEP events, using different observ-
ables as inputs, forecasting for different particle energy channels, and operating
with widely different cadence and prediction windows. To evaluate models in this
complex landscape, SRAG has developed the Solar Particles in the Heliosphere
validation INfrastructure for SpWX (SPHINX) Validation Framework to prepare
satellite observations as ground truth, automatically match SEP model forecasts to
observations, calculate a wide variety of validation performance metrics, and finally
generate reports for end users. Additionally, Validation in Visually Interactive Dis-
plays (VIVID) was developed as a stand-alone interactive web tool that allows users
to investigate SPHINX results by applying filters, generating plots and recalculating
metrics on the fly. SPHINX was developed to be robust to the unique challenges
of real-time forecasting, including duplicate, incomplete, or corrupted forecasts, the
ability to incrementally update validation results with new forecasts, and optimiza-
tion to manage the hundreds of thousands of forecasts issued to the Scoreboards
each month.

This technical report evaluates a set of 11 models that have been operating in
real time on the Scoreboard since as early as March of 2020, and have participated
in the SEPVAL challenge. The goal of the evaluation is to develop a quantitative
understanding of model performance to communicate to console operators, to com-
pare models to one another, to inform and update SRAG’s model requirements, and
to assess the current state of the art in SEP forecasting and where this capability
stands with respect to our needs as stated in the previous NASA gap analysis. It
is important to note that this report presents validation results that represent SEP
model forecasting performance with respect to SRAG’s operational needs. Model
forecasts are compared to >10 MeV and >100 MeV operational GOES proton mea-
surements provided by NOAA as these are the particle fluxes used by SRAG to



monitor the radiation environment for astronaut protection. This report is the re-
sult of a large-scale numerical analysis of over 8 million model forecasts covering 10
validated quantities evaluated according to more than a dozen metrics. We have
found that model performance is multi-faceted and cannot be adequately expressed
by a single metric. Nonetheless, every effort has been made to simplify the validation
to the largest degree possible.

SPHINX produced metrics for many forecasted quantities, but here we focus
on All Clear, Probability of Occurrence, and peak flux predictions. All Clear is
defined as a binary forecast of “Clear” or “Not Clear” indicating whether the particle
intensity is expected to remain below or exceed a threshold, e.g., >10 MeV protons
exceeding 10 pfu.

General conclusions regarding the validation and model performance are made,
followed by general recommendations intended to contribute to the Operations-to-
Research process in the R202R cycle.

Validation and model performance outcomes:

1. Models have some ability to discriminate between solar conditions that pro-
duce >10 MeV SEP events and those that do not. None of the models evalu-
ated here had skill in forecasting >100 MeV events.

2. For real-time All Clear forecasts on the SEP Scoreboards, event Hit Rates
show some skill (~50-70% median values) for >10 MeV forecasts, but are
very poor for >100 MeV (18% median for flare/CME post-eruptive models).

3. For the SEP Scoreboards, a “Not Clear” forecast turns out to be clear in the
vast majority of the cases, >70% median False Alarm Ratio across models.
The false alarm problem is substantially worse for >100 MeV forecasts than
>10 MeV forecasts, and worse for regular cadence pre-eruptive forecasts than
for post-eruptive models triggered by flares or Coronal Mass Ejections (CMEs).

4. For the imbalanced Scoreboard dataset, we find a median HSS of 0.28 for >10
MeV forecasts across all flare/CME post-eruptive models, and 0.03 for pre-
eruptive forecasting models. Median values increase to 0.47 for post-eruptive
models and 0.07 for pre-eruptive models on the balanced SEPVAL dataset.

5. The highest skill models for >10 MeV All Clear on the Scoreboard were
UMASEP-10 with a Hit Rate of 69%, False Alarm Rate of 3%, False Alarm
Ratio of 63%, and HSS of 0.46. SEPSTER achieved the second highest HSS of
0.44 with a Hit Rate of 62%, False Alarm Rate of 1.8%, and False Alarm Ratio
of 64%. Comparing HESPERIA RElIeASE SOHO-60 min’s warning conditions
for 15.8-39.8 MeV with GOES >10 MeV threshold crossings results in a Hit
Rate of 88%, False Alarm Rate of 0.1%, False Alarm Ratio of 42%, and HSS
of 0.70.

6. NOAA SWPC Warnings have high skill with a 100% Hit Rate and 29% False
Alarm Ratio for the SEP Scoreboards and an 85% Hit Rate and 3% False
Alarm Ratio for SEPVAL. Thus, the Warnings surpass the skill of all models
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10.

11.

while achieving a median advance warning time of an hour, providing a clear
benefit to operations.

For the SEP Scoreboard period, NOAA SWPC has a more skillful 24-hour
>10 MeV probability forecast than any of the Scoreboard models when an-
alyzed over 5 years of real solar conditions ranging from quiet to active, but
in the SEPVAL challenge dataset its performance was worse than the mod-
els. Considering the bias toward complex active regions that produced strong
flares and fast CMEs in the SEPVAL dataset, this could be an indication
that Space Weather Prediction Center (SWPC)’s ability to discriminate such
conditions between events and non-events is worse than models performing
numerical analyses of active regions.

. Pre-eruptive forecasting models (e.g. MAG4, MagPy) predicting the proba-

bility of occurrence for >10 MeV events show a limited ability to distinguish
event periods from non-event periods. In the best case (MAG4 LOS_FEr), a
3% increase in the median probability issued preceding SEP events is seen.

. Post-eruptive forecasting models (e.g. SEPSTER2D, SEPMOD) show limited

success in predicting the peak flux. Most predictions are within a factor of 10
and ~1/3 are within a factor of 2 of the observed value, but errors extend out to
multiple orders of magnitude. Peak flux forecasting performance significantly
deteriorates for >100 MeV events. Overall, models can generally reproduce
the statistical trending between large and small SEP events, but cannot predict
the intensity of any particular event with accuracy.

CME-triggered post-eruptive models generally do not provide advance warning
prior to observed threshold crossings for >10 MeV or >100 MeV events, but
can provide peak flux estimates in advance.

Models taking in situ energetic proton or electron fluxes as input (UMASEP
and REleASE) have significantly lower occurrences of false alarms and provide
useful advance warning. UMASEP gives median advance warning on the order
of 45 minutes for >10 MeV events and 20 minutes for >100 MeV events.
HESPERIA REleASE provides 1 to 3.5 hours median advance warning for
>10 MeV events, depending on the observational data stream. These models’
ability to issue a forecast minutes to hours ahead of an SEP event, coupled
with a relatively high level of skill, make them potentially useful models for
operations.

General recommendations for model improvement informed by validation results:

1.

Previous modeling efforts have focused on the NOAA SWPC definition of an
SEP event in the >10 MeV energy channel, however space radiation operations
are primarily concerned with energetic events that show enhancements for
>100 MeV particles. Significant improvements are needed to forecast energetic
>100 MeV SEP events and concentrated efforts towards that goal is identified
as a priority for future model development.
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. The combination of mediocre Hit Rates with high False Alarm Ratios make
it difficult to trust model All Clear forecasts in operations. Development of
strategies to achieve high Hit Rates while reducing false alarms is identified
as a priority to increase reliability for operations.

. For All Clear forecasts, the number of false alarms tends to be much higher
than the number of observed SEP events in real-time operations. To achieve
high skill in an imbalanced, climatological scenario, False Alarm Rates must
be on the order of a few percent while False Alarm Ratios should be less than
50% such that the false alarms do not outnumber hits.

. The Heidke Skill Score (HSS), widely used in SEP forecasting model validation,
is extremely sensitive to dataset imbalance and is low when the False Alarm
Ratio is high on imbalanced datasets. The use of numerical values for this
metric as a requirement must be accompanied by conditions on the dataset
for which it is measured.

. HSS is sensitive to both the Hit Rate and False Alarm Ratio, making it a
good choice for optimization of model performance (e.g., for development of
machine learning models) compared to other widely used metrics such as True
Skill Score (TSS). Since the numerical value of HSS is sensitive to imbalance in
the dataset, a numerical target has limited utility, but optimization of HSS for
a given dataset should result in skill that is calibrated towards space radiation
operations needs.

. Validation results for probability forecasts show that there are simple mod-
ifications that could improve aspects of model performance. In particular,
inspection of ROC curves (see Section 3.3.2 for ROC definition) for models
forecasting event probability reveals that there is room for tuning and opti-
mization of Hit Rate/False Alarm Rate by choosing an alternative probability
threshold.

. Pre-eruptive forecasting models (e.g., MAG4, MagPy) have a very challenging
task to discern between active region conditions that will produce only flares
and conditions that will produce both flares and SEPs. However, these are
the only types of models that are likely able to provide significant advance
warning, if they gain skill. Studies to identify new or supplemental pre-eruptive
parameters with predictive power is needed.

. CME-based models have demonstrated skill, but due to delays in receiving the
necessary CME parameters, they struggle to produce forecasts on a timeframe
useful for operations. Any reduction of time to input CME parameters into
the models would improve advance warning. Tools, data availablity, or other
ways to speed up CME measurements would be beneficial, e.g. high cadence
coronagraphs, low latency data streams, or automated extraction of CME
parameters.
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9.

10.

11.

Accuracy of peak flux forecasts must be increased while scatter is decreased
in order for peak flux forecasts to become reliable enough for operational use.
This implies that the conditions responsible for event-to-event variability must
be better understood and reproduced by models. The paradigm must shift
from predicting statistically average outcomes to predicting the outcome for
this event.

Models should optimize on continuous metrics, as well as categorical (i.e.
HSS). For example, reducing mean log error for peak flux models. Using
continuous metrics reduces the error between observations and predictions,
improving accuracy without assuming specific SEP event definitions or thresh-
olds.

In light of operational needs, SRAG proposes a new skill score
called False Alarm Event Ratio (FAER), pronounced “fear”, defined
as: FAER = false alarms/(hits + misses). This ratio represents the num-
ber of false alarms compared to the number of observed SEP events and has a
simple intuitive utility for communicating performance to operators as models
with high FAER are impossible to trust.
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1 Introduction

The Space Radiation Analysis Group (SRAG) at NASA Johnson Space Center
(NASA JSC) continuously monitors the space weather environment with the aim
to protect astronauts from enhancements in space radiation. Eruptions in the so-
lar corona, typically flares and coronal mass ejections (CME) are associated with
the release of solar energetic particles (SEP), charged particles mainly consisting of
protons that travel at near-relativistic speeds. These charged particles can arrive
at Earth as quickly as 20-30 minutes following an eruption where they can then
penetrate satellite hardware or the shielding of crewed vehicles and cause radiation
impacts to electronics and humans in space (Hu et al., 2009).

For the last two decades, SRAG has supported space radiation operations for
astronauts onboard the International Space Station (ISS). The ISS orbits at an
altitude of 250 km, well within the Earth’s protective magnetic field, which acts
to deflect most SEPs that arrive at Earth. The ISS is typically vulnerable to SEP
enhancements only during short (10-20 minute) orbital passes near the geomagnetic
poles, naturally reducing the radiation risk.

The Artemis missions, starting with Artemis II, will take astronauts beyond the
Earth’s magnetic field, exposing them to the full duration of an SEP event should one
occur. In this scenario, SRAG must respond quickly to solar activity and potential
changes in the space radiation environment to determine whether astronauts should
take action to reduce radiation exposure or conclude that no action is required. In
support of this goal, the ISEP project was established to investigate the use of SEP
forecasting models in SRAG console operations. ISEP is a collaboration between
NASA’s SRAG, NASA’s CCMC, and NASA’s M2M. Through this collaboration, the
SEP Scoreboards! have been developed to visualize forecasts from SEP prediction
models running in real time, as well as official alerts and warnings from the NOAA
SWPC. SEP model forecasts are currently being monitored by SRAG operators to
evaluate their utility for Artemis operations.

Over the last two decades, measurements of the space weather system have prolif-
erated, ranging from remote sensing observations of the Sun to in situ measurements
at Earth. Near real-time observations of photospheric magnetic fields, extreme ul-
traviolet (EUV) images of coronal structures, X-ray measurements of flares, white-
light coronagraph images of solar wind structures and coronal magnetic fields, radio
signatures of particle acceleration, in situ magnetic field measurements of the solar
wind and interplanetary shocks, and in situ energetic particle measurements provide
a wide variety of resources for understanding and predicting the space weather envi-
ronment. In addition, new Machine Learning (ML) and Artificial Intelligence (AI)
techniques have become popular in the research community, while computational
power has increased significantly, making computationally-intensive physics-based
models more accessible. This has led to the development of a wide variety of model
approaches that take advantage of different combinations of available model inputs
and produce many different forecast outputs.

With the proliferation of SEP forecast models, the development of real-time

"Mttps://ccmc.gsfc.nasa.gov/scoreboards/sep/
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forecast tools through ISEP, and the need for a fast response to changing space
weather conditions during Artemis, it has become imperative to quantify individual
model performance and define the state of the art of SEP model forecasting. A
generalized validation infrastructure is needed to evaluate the wide array of SEP
model approaches and predictions. SPHINX was created to meet this need.

The SPHINX Validation Framework was developed through a two-pronged ap-
proach — a validation challenge within the research community for a benchmark set
of events and the validation of the continuously-running, real-time SEP Scoreboards.
Both approaches have been highly successful Reasearch-to-Operations-to-Research
(R202R) efforts that have led to new understanding of SEP model performance
while inspiring improvements and new developments in many of the participating
models. At the same time, these efforts have enabled the development of SPHINX
into a generalized, robust, and flexible tool.

SRAG and ISEP have been leading an SEP model validation effort within the
research community for more than six years that defined a set of challenge events
and solicited forecasts from all interested model developers, regardless of model
type, maturity, or underlying approach. This challenge was carried out through the
Solar Heliospheric and INterplanetary Environment workshop (SHINE), Committee
on Space Research (COSPAR), and ESWW conferences. An International Space
Weather Action Team (ISWAT) was created for SEP model validation (H3-01)2.
Additionally, two dedicated SEPVAL working meetings were organized in 2023, one
in the US and one in Europe, that focused on the progress of the validation effort
and facilitating R202R, communication. Topics included:

e Progress reports of the SPHINX validation infrastructure with the goal to
reach community concurrence and consensus

e Reporting validation results to and soliciting feedback from model developers

e Communication between researchers and representatives from NASA SRAG
and CCMC to relay how models could be onboarded into the SEP Scoreboards
at CCMC and contribute to SRAG operations

e Communication between researchers and representatives from NOAA SWPC
and the ESA Space Weather Office to clarify the R20 process into space
weather operations

Starting in 2019, the first community challenge defined a small set of ten “SHINE
challenge” SEP events and invited the community to submit forecasts. This chal-
lenge list was later expanded to 33 SEP events and a nearly equal number of 30
non-event (quiet) periods to enable a more complete validation of each model. The
community challenge played a critical role in the development of SPHINX as a
generalized tool. It allowed SRAG to survey the research community and better
understand the models and predictions under development. SPHINX had to be
developed to be robust to the range and combinations of forecasts. Workflows had
to be developed that validated the intent of each model. To ensure that metrics

*https://iswat-cospar.org/H3-01
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typically reported by the research community were included, a wide variety of met-
rics were programmed into SPHINX. In reviewing the validation results, it became
evident that no single metric accurately represented model performance, but rather
a set of metrics was required to build a full picture, inspiring the further expansion
of SPHINX’s metrics library. Finally, the community challenge enabled progress in
the development of a validation framework while the SEP Scoreboards were still
under development.

ISEP goals are to identify, transition, and evaluate new models (R20); develop
CCMC SEP Scoreboard software tailored for SRAG; and implement these capabil-
ities within CCMC as a non-operational prototype. The ISEP group worked with
model developers to implement the capability to run models robustly in real time
and, in some cases, to improve or expand models to provide additional predictions
useful to SRAG. The SEP Scoreboards were developed by NASA CCMC with sig-
nificant input from SRAG to ensure that they provide relevant information in a
useful format for SRAG console operators. Shortly after the beginning of the ISEP
project, M2M was established. One element of the ISEP partnership is the transi-
tioning of ISEP models/software from CCMC to M2M. M2M hosts the SEP models
and SEP Scoreboards within its own production environment, serving as both a
proving ground and operational framework. M2M supports the evaluation of SEP
models with real-time analysis of the space weather environment provided to SRAG
console operators. M2M provides critical human-in-the-loop activities required to
run the SEP Models and SEP Scoreboards in real time.

Model validation results published in the literature are calculated using historical
event lists that may not accurately represent the real climatology of SEP events and
non-event periods. In these types of studies, models may be trained on data that
occurs in the future of a given “test” event. Furthermore, historical analyses do
not typically include the real-time availability of model inputs. For these reasons,
the SEP Scoreboards are extremely valuable tools for collecting genuine forecasts
with no knowledge of the future using the true availability of real-time data sources,
demonstrating model performance in an operational-like scenario.

Validation of the SEP Scoreboards comes with its own set of challenges for
SPHINX. Many of the models on the SEP Scoreboards produce forecasts every few
minutes or with an hourly cadence. There may be dozens of flares or CMEs within
a short time period, triggering forecasts for each occurrence. Together, these result
in millions of forecasts over the lifetime of the Scoreboards, introducing computa-
tional challenges. Further complications include forecast revisions and duplication.
SPHINX had to be developed to be robust to each of these issues.

Through the two developmental pathways, SPHINX has reached a high level
of maturity. In this report, we use the SPHINX Validation Framework to derive
first results for SEPVAL and the SEP Scoreboards and define the state of the art
in SEP model forecasting. A description of the framework is outlined in Section 2.
Details about the participating models and validation data sets are described in Sec-
tion 4. Summary results reporting group median metrics and range of performance
for each effort are presented in Section 5. Detailed descriptions of individual model
performance are provided in Section 6. Many models in the research community
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participated in the SEPVAL effort; however, in this report we focus on the models
that are active in the SEP Scoreboards as they are currently being used by SRAG for
situational awareness during console operations. In Section 7, cross-model compar-
isons of similar models investigate the performance of different implementations of
similar concepts. Section 8 highlights major take-aways and provides a definition of
the state-of-the-art SEP model performance. In Sections 8.3 and 8.3, we relate the
model results described here to NASA gaps and SRAG’s requirements. We provide
final thoughts in Section 8.4.

SPHINX

Figure 1.1: SPHINX logo." Figure 1.2: SEPVAL logo.f

Figure 1.3: VIVID logo.

T Artwork by Jordan Stegeman, used with permission.
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2 Validation Infrastructure

SPHINX: A gatekeeper who devours all who do not correctly answer her riddle.

The SPHINX Validation Framework consists of a set of programs that prepare
observational inputs, organize forecasts, evaluate model performance, and display
the performance results. SPHINX, an automated, generalized validation program
developed to evaluate forecasts from SEP prediction models, forms the heart of the
Framework. The term SPHINX will be used interchangeably throughout this report
to represent the validation program and the broader framework.

The SPHINX Validation Framework, outlined in Figure 2.1, is comprised of the
individual programs:

e fetchsep

— Prepare observed “truth” values from satellite particle measurements
— Prepare forecast jsons for models that output time profiles

— Manage lists of observation files
o fetchcasts

— Download forecasts submitted to the SEP Scoreboards from CCMC’s
iISWA servers

— Manage lists of forecast files
e sphinxval (SPHINX)

— Automatically associate (match) observed values with forecasted values
— Calculate metrics and produce plots

— Generate HTML reports for individual models and summary plots for
model cross-comparisons

e mailsphinx

— Generate a periodic report of SEP forecasting model activity, including
validation information, and emails information to subscribers (model
developers, console operators, management, etc.)

— Summarize forecast statistics over the summary period, year-to-date,
and all-time

— Summarize space weather during the summary period, with special at-
tention paid to any solar particle events that occurred
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e VIVID

— Web application for displaying validation results in a dashboard of in-
teractive plots and tables

— Apply filters (e.g., time range, CME speed, etc.) and recalculate metrics

SPHINX Validation Framework Components

fetchsep

Prepare satellite observations Web app for interactive
as “ground truth” analysis of validation results

%,
gei.’ Match forecasts to observations
b‘b - Calculate performance metrics -

Generate validation reports

Extract forecasts sent to the Email validation results for real

SEP Scoreboard from CCMC’s - - time validation of the SEP
iSWA datatree Scoreboards

i v v
b e LN [
o S | b -

Figure 2.1: The main components that make up the SPHINX Validation Frame-
work. Taken together, the components create an end-to-end workflow to prepare
observations, receive forecasts, automatically associate forecasted and observed val-
ues, calculate metrics, and report metrics in a variety of formats and interactive
tools.

2.1 FetchSEP
The FetchSEP package contains two distinct programs:

e IDSEP - processes long timescale particle intensity time series and automati-
cally produces SEP event lists

e OpSEP - processes individual SEP events, extracting the SEP event charac-
teristics and saving in the appropriate JavaScript Object Notation (JSON)
format

FetchSEP first runs IDSEP to identify all enhancements above background due
to SEP events over a long timescale, e.g., a solar cycle or more. Figure 2.2 shows
an example of enhancements above background identified by IDSEP as SEP events
(orange). The SEP list is then processed by OpSEP, which creates individual JSON
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files for each SEP event and the quiet time periods between them. OpSEP calculates
SEP event start, end, and peak times, peak values, and event-integrated fluence
spectra. In this way, the JSON files produced by FetchSEP contain the ground truth
values for every moment in time for a continuous observational period. Figure 2.3
shows the values calculated by OpSEP for an SEP event in November 2011.
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Figure 2.2: Automatic identification of proton enhancements due to SEP events
(orange) using IDSEP.
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Figure 2.3: Derivation of various quantities for a specific SEP event on May 17, 2012
using OpSEP. A threshold of 10 pfu is applied to >10 MeV and 1 pfu is applied to
>100 MeV to created event definitions.

OpSEP calculates two types of peak flux values, which SPHINX validates sepa-
rately. The “onset peak” is the point at which the initial particle rise stops or slows,
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Figure 2.4: The black circle indicates the “onset peak”, the point at which the
particle intensity finishes its initial rise. The red circle indicates the “max flux”, the
maximum flux achieved during the SEP event.

shown as the black circles in Figures 2.3 and 2.4. The onset peak is most closely
related to the particle acceleration physics in the low solar corona and is typically
the peak predicted by first-principles physics-based models. The “max flux” is the
maximum flux achieved during the full SEP event. This peak may be the same
as the onset peak, as seen in Figure 2.3, or very different, as seen in Figure 2.4.
The maximum flux depends on particle transport effects and CME passages that
may cause Energetic Storm Particle (ESP) enhancements, particularly for energy
channels below 30 MeV.

The max flux is a straightforward value to calculate and reproduce. The onset
peak is more difficult and subjective to define. FetchSEP takes the approach that
all derived SEP quantities should be fully reproducible and therefore applies an
automated algorithm to identify the onset peak. Using the threshold crossing time
as a reference point, the algorithm extracts a portion of the time profile a number
of hours prior to the threshold crossing and up to 18 hours after in order to capture
the initial SEP rise. A Weibull function is fit to this portion of the profile, shown in
Figure 2.5 (orange). The maximum of the first order derivative of the fit taken with
time identifies the location of the maximum of the Weibull fit (green circle) and a
minimum in the second order derivative identifies the initial turning point of the
fit (purple diamond). The second derivative was found to identify the onset peak
more effectively. The final value of the onset peak (brown triangle) is selected as the
maximum measured flux within +1 hour of the minimum in the second derivative.
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Figure 2.5: To identify the onset peak, a Weibull function is fit to the rising portion
of the SEP event (orange). A maximum in the first order derivative of the fit (green
circle) and a minimum in the second order derivative of the fit (purple diamond)
were investigated as approaches to identify the onset peak. The final onset peak
(brown triangle) is taken as the maximum measured flux within +1 hour of the
minimum in the second derivative.

OpSEP processes individual SEP event time profiles to extract SEP event in-
formation, including time profiles produced by SEP models. OpSEP may be used
to read in a predicted time profile, extract all predicted parameters, like threshold
crossings, peak flux, and fluence spectra, then export the prediction in the CCMC
JSON format for the SEP Scoreboards and SPHINX.

2.2 FetchCasts

The fetchcasts package manages the download and synchronization of forecast JSONs
from the CCMC SEP Scoreboard (or integrated Space Weather Analysis System
(iISWA) Data Tree) to a local directory. FetchCasts works on a per-model and per-
month basis to download the forecast data from the iSWA Data Tree. It uses custom
per-model file filters to avoid downloading data that is not needed by SPHINX. The
program evaluates the local forecast directory and can generate forecast JSON lists
to be used by SPHINX on a per-model and per-month (or time period) basis. Ad-
ditionally, the program can produce statistics on the number of forecasts per model
and over time, that can be used to understand the forecast cadence and the overall
workload for SPHINX.

2.3 SPHINX

SPHINX (i.e., the sphinxval package) performs three major functions:

e Automatically identifies the appropriate observed “truth” values to compare
to forecasted values, a process referred to as “matching”
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e (Calculates metrics from the paired observed and forecasted values

e Generates output files, plots, and reports

SPHINX is meant to be used for both historical validation of discrete time peri-
ods and for the validation of the SEP Scoreboards which continuously receive SEP
forecasts in real time. Some models produce forecasts every few minutes, resulting
in millions of forecasts over the lifespan of the Scoreboards. This makes it infeasible
to do a manual comparison between observations and forecasts, driving automation
of every step in the validation process.

In general, SPHINX identifies the appropriate observational values to be com-
pared to each forecasted value. Referring to the CCMC SEP Scoreboard JSON
schema 2, any of the following forecasted values may be present in a forecast JSONS,
thus the observed value of each is determined:

e All Clear e Peak Flux
e Probability e Peak Flux Time
e Threshold Crossing Time e Fluence

e Start Time
e End Time e Time Profile

Fluence Spectrum

When performing automated “matching” of observed to forecasted values, the
algorithm uses the information prepared from the observed proton intensity time
series by FetchSEP along with timing of the forecast inputs/triggers and the pre-
diction window specified in the forecast JSONs.

In general, SPHINX takes the approach that a model prediction is considered
a forecast if all data input into the model is earlier in time than the observed phe-
nomenon. If a forecast is triggered by an eruption (flare or CME), additional checks
of the timing are done to determine whether that specific eruption should be asso-
ciated with a particular observed SEP event. Note that SPHINX does not require
a forecast to be issued (made available to forecasters) before the observed phe-
nomenon, discussed further below.

The matching and validation procedure proceeds via the following workflow:

e Each forecast undergoes a check that requires that the issue time is the same
or later than the last data time of the inputs/triggers. A valid forecast cannot
be issued prior to the last data ingested to produce the forecast.

e The forecasts are sorted by model, energy channel, and threshold.

e For each forecast, SPHINX identifies the observation files that contain mea-
surements in the time period specified by the forecast prediction window.

e If no observed SEP event occurs in the forecast prediction window, then ob-
served values are set accordingly.

Shttps://ccmc.gsfc.nasa.gov/scoreboards/sep/#submission-file-format-information
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e If an observed SEP event occurs in the forecast prediction window, then a
number of checks are performed related to the timing of the forecast.

e Once the matching criteria have been determined, a revision step is performed.
For models that use flare/CME inputs, if multiple forecasts triggered by differ-
ent flares/CMEs are matched to the same observed SEP event, then SPHINX
applies simple logic to identify the most likely eruption as the cause of the
SEP event and “unmatches” the other less likely forecasts (see Section 3.2.7
for more detail).

e The final outcome of the matching logic is stored as a Match Status, which is
used later by the validation module.

e Finally, the observed and forecasted values and matching information are
passed on to the validation module where metrics and plots are calculated
and saved in output files.

SPHINX calculates a wide variety of metrics that represent accuracy, precision,
correlation, and skill. As highlighted in (Liemohn et al., 2021), multiple metrics are
needed to describe a complete picture of model performance. SPHINX calculates
nearly all metrics used in the model community, allowing users to select their pre-
ferred subset of results. See Appendix A for the complete set of metrics calculated
for each quantity.

In the case that models generate multiple forecasts for a single SEP event,
SPHINX provides metrics for subsets of forecasts, i.e., first, last, mean, and max, to
enable interpretation of model performance from different perspectives. For exam-
ple, the metrics for the “first” forecast subset are derived from the first forecast that
was made for each SEP event, giving insight into the performance of the earliest
forecasts available to operators. Likewise, the “last” forecast subset describes model
performance with the most amount of information available to the model prior to
the SEP event. For probability or peak flux models, it is interesting to look at the
maximum value provided for each SEP event.

SPHINX evaluates model performance and forecast availability separately; it
takes the approach that model output is considered a forecast if all data input
into the model is earlier in time than the observed phenomenon. Performance is
calculated for all forecasts that satisfy this criteria. The speed at which the model
is able to produce the forecast or the availability of the forecast in real time is
determined by the issue time and is calculated as a separate metric, the Advance
Warning Time (AWT), defined as the time between the issuance of a“Not Clear”
forecast and the observed SEP event start time. Model performance and AWT taken
together indicate utility in an operational setting. With this approach, SPHINX may
be used both for scientific and operational validation purposes.

A number of features are implemented in SPHINX to manage the challenges of
forecasting in real time to the SEP Scoreboards, namely large data sets, corrupt
and duplicate forecasts, and adjustments to human analyses.

Handling the millions of forecasts generated over the lifetime of the Scoreboards
requires optimization of SPHINX to speed up processing and reduce unnecessary
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memory usage to ensure that the program can run in a reasonable amount of time
without exceeding the available computational resources. The “resume” function
processes forecasts in weekly or monthly increments, cumulatively adding them to
previously calculated results until the complete set of forecasts is evaluated. This
procedure allows SPHINX to add new forecasts submitted to the SEP Scoreboards
to the validation metrics without having to reprocess the entire history of the SEP
Scoreboards each time.

SPHINX applies duplicate forecast checking at many stages throughout the vali-
dation workflow to ensure that only unique forecasts are included in the final valida-
tion results. Duplicate forecasts are produced in the SEP Scoreboards for a variety
of reasons. During data gaps, many models continue to produce forecasts using the
last available data as input even though the data has become stale, creating many
duplicate forecasts with no new information. These are not considered new forecasts
in the SPHINX philosophy and are not be counted in the validation metrics. Some
models implemented on the SEP Scoreboards have produced duplicate forecasts due
to a bug. For example, during one particular month SEPSTER experienced a bug
that caused the model to issue duplicate forecasts every 5 minutes until the hard
drive of the CCMC host computer was out of space. The bug was identified and cor-
rected. The duplicate forecasts have since been deleted, but at the time of processing
the results presented in this report, they were still present and had to be identified
and removed by SPHINX. To handle these cases and more, duplicate checking was
implemented in SPHINX at many points within the workflow to ensure that only
unique forecasts are included in the final validation results.

M2M uses coronagraph imagery from Geosynchronous Orbit Earth observing
Satellite (GOES), Solar and Heliospheric Observatory (SOHO), and Solar TERres-
trial RElations Observatory (STEREO) as it becomes available to make CME mea-
surements which are then entered into CCMC’s Database Of Notifications, Knowl-
edge, Information (DONKI). M2M will typically first make measurements with as
few images as possible so that models that need these CME values can produce a
forecast as quickly as possible (see Table 4.8). As more images become available,
M2M will make new measurements and enter these higher-quality CME parameters
into DONKI which automatically trigger revised forecasts. SPHINX applies logic
in the observation-to-forecast matching step that makes use of flare and CME in-
formation. This logic is developed to ensure that forecasts from the same flare or
CME, even with slightly different parameters, are evaluated in the same way.

More details about SPHINX functionality is described in Section 3.2

2.4 MailSPHINX

MailSPHINX is a program that generates periodic reports of SEP forecast model
validation metrics and sends these reports to interested parties (model developers,
radiation console operators, etc.) via email. A typical MailSPHINX report is orga-
nized into a few sections:

e an overview section that notes the total number of SEP forecasts produced
during the summary period, year-to-date, and all-time,
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e an event section containing a list of SEP events that occurred during the
summary period (if any), alongside event timing statistics,

e an all-clear contingency table for each forecasting model under consideration,
including the number of hits, misses, false alarms, correct negatives, total
forecasts (all-time and submitted during the summary period), and links to
SPHINX validation reports,

e a summary of relevant space weather during the summary period (GOES X-ray
flux, ACE differential electron flux, GOES integral proton flux), and

a model performance section, which includes a series of plots that show model
outputs as a function of time.

MailSPHINX is intended to run at a set cadence (e.g., every Monday at 00:00 UTC)
immediately after a periodic SPHINX execution. Validation metrics are collected
from SPHINX outputs, space weather timelines are collected from SWPC, and those
data are ultimately compiled into a series of email-compatible graphs, tables, and
text prior to distribution. Figure 2.6 shows an example of a potential MailSPHINX
email format.

2.5 VIVID

VIVID is a web app developed at SRAG and hosted at the CCMC (https://
web-dev.ccmc.smce.nasa.gov:8001/vivid/, note: a NASA VPN is currently re-
quired). There are plans to make VIVID available publicly in the near future.
VIVID displays SPHINX results in a series of tables and plots, allows users to ap-
ply filters, and immediately recalculates all metrics. An example view of VIVID is
shown in Figure 2.7. VIVID serves the purposes listed below and detailed in the
paragraphs to follow.

e The SRAG validation team can further explore SPHINX results without the
need to rerun SPHINX

e SRAG console operators can filter SPHINX results to check model performance
for current radiation environment conditions

e The SRAG validation team can use VIVID to compare models side-by-side
and determine the state-of-the-art performance in order to drive future work
plans

e Model developers can independently explore SPHINX results and determine
if their model has any internally-correlating conditions

e SRAG, model developers, the space weather community can download plots
and tables for publications and presentations, or even use VIVID in real-time
at a conference or working meeting
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MailSPHINX Report

Report Generation Time: 2024-10-02 16:17 (all UTC)
Evaluation Period: 2024-05-01 00:00 to 2024-05-15 00:00

= MailSPHINX Archive

Overview
Time Period [— Not ClearForecasts PR S —
he Pet Sce 224 0501 0000 ) wn 50
This Year: Since 2024-01-01 00:00 262520 27083 5858
ATre:Sico 201708042305 sotaezs ) 075

Event Summary

210 210 GOES-18 20405101405 202405110100 109167 NA 357863 2024051015:10 2069193 202405101745
230 21 GOES-18.GOES18 202405101745 20405110100 7250 NA 08740 202405101645 1243 202405101755
210 210 GOES-18GOES18 20260510210 20405110100 109167 NA 357863 20240510 15:10 2069193 20240510 1745
230 21 GOES-18GOES18 200406510200 202405122215 442500 NA 27298 200405110720 2279 202405110910
250 21 GOES-18GOES18. 20240510205 202405121120 22500 NA 168283 202405110720 199175 202405110015
2100 21 GOES-18,GOES18 2040510210 202405120030 2338 NA 7125 202405110655 77752 202405-1107:15
210 210 GOES-18,GOES18 20405131400 20405161455 729167 NA 489364 200405132150 1209137 202405140520
230 21 GOES-18,GOES18 200405131145 202405160500 652500 NA 86854 200405131905 152310 202405140005
250 21 GOES-18.GOES18. 200405131745 20405140720 135633 NA 18397 202405131850 24630 202405140015

All Clear Contingency Tables

Values are given in the form X (+Y), where X is the all-time quantity, and Y is the quantity added from this week's results. X is inclusive of Y.

Hits Misses.

AiCleer 20(:31) 140 (+30) 1809 (+44) 8437 (+321) GSUAI Clear

MAGH Los_FEr 488 (+60) %(+0) 919(:2) 24049 (+321) MAG4LOS FEr

MAGH Losr 43 (+60) 148(+40) o 12653 (+14) 24050 (+321) MAG4LOS ¢

MAGH SHARP 143(+38) 299(415) 14508 (+45) 17065 (+271) MAGA SHARP

MAGS SHARP_FE 165 (+38) 29(+14) 13623 (+42) 16820 (+267) MAGA SHARP_ FE

MAGH SHARP_HMI 85(+32) 27622) 5 15905 (+73) 17286 (+274) MAGA4 SHARP_HMI

MegPy SHARP_HMI_CEA 160) 309058) 6611 (+168) 7481 +329) MagPy SHARP_HMI_CEA

SAWSASPECS flre. 89(:22) 434020) 13306 (+22) 21157 (499) SAWS-ASPECS fare

Figure 2.6: Portion of MailSPHINX email; includes overview, event summary, and
all-clear contingency table sections.
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Validation In Visually Interactive Displays

Figure 2.7: An example screenshot of VIVID showcasing filters in the sidebar, tables
of results and metrics, and plots of models compared together. Note: not all filters,
tables, and plots are shown — as some are in the scrollable area below the screenshot.

SPHINX is capable of validating a large set of predictions and observations.
However, if any predictions need to be excluded from the validation study, SPHINX
needs to be rerun or separate post-processing programs need to be applied in order
to calculate the new metrics. VIVID solves this problem by taking the entire set
of SPHINX results, then allowing the user to apply filters to create any subset of
desired results. Metrics are then immediately recalculated for the subset. The filters
within VIVID include catalog, SEP model, energy, quantity, date range, trigger, and
match status. The catalog refers to the set of SPHINX validation results such as the
one for SEPVAL or the SEP Scoreboard. The rest of the filters are based on what
is provided in SPHINX. Any continuous quantity or trigger can be further filtered
by minimum and maximum values. Similarly, categorical quantities such as all-clear
can be filtered by True/False. Filtering within VIVID gives the ability to determine
the performance of SEP models in any given environmental conditions.

During an SEP event, SRAG console operators monitor the SEP Scoreboards as
new predictions are made. The operators need to verify how much trust they can
put in these predictions since they contribute to the operator’s recommendation for
crew action. Metrics from SPHINX validation studies reflect model performance for
a wide range of SEP events, but these metrics may slightly differ for the current,
ongoing SEP event that the operators are monitoring. By using VIVID, SRAG
console operators can select the models making predictions on the SEP Scoreboards,
apply filters based on the current conditions of the ongoing SEP event, and verify
their trust in the predictions based on the newly-calculated metrics. As an example,
SEPSTER is a model that predicts the onset peak of an SEP event based on the
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associated CME. If the CME was fast, wide, and occurred on the west limb of
the Sun, then the console operator can use VIVID to filter out slow, narrow, and
non-western CMEs. All metrics are then recalculated for the subset of SEPSTER
predictions that only pertain to the current CME. This allows for a more precise
representation of model performance for the ongoing SEP event.

An important approach to improving the SEP models is allowing the developers
to explore the validation results in addition to the SRAG validation team. Since
VIVID is an accessible web app, the model developers can explore independently. A
commonly requested feature within VIVID is its custom plots where the user can plot
any quantity or trigger on either axis. This is important for SEP models based on
machine learning algorithms in order to determine if there is any internal correlation
— which may be reflected in the metrics and therefore inaccurately represent the
model performance.

VIVID offers a handful of additional features beyond exploring validation re-
sults. Users can download the subset of SPHINX validation results pertaining to
the models and other filters selected. The intent of this tool is to allow the SRAG
validation team, model developers, and others in the space weather community to
use the results for independent studies. Another feature is the ability to download
any of the plots that are displayed on VIVID so they can be used for publications
and presentations. Since VIVID is an accessible web app and calculates metrics
on-the-fly, it is a valuable tool for discussion-based working meetings. This was
demonstrated by using VIVID in real-time during SEPVAL, our working group ses-
sions at ISWAT, and Topical Discussion Meetings at ESWW.

To summarize the SPHINX Validation Framework:

e The collection of programs that comprise the SPHINX Validation Framework
prepares satellite observations as ground truth, automatically matches fore-
casts to observations, calculates a wide variety of validation metrics, and gen-
erates reports and emails for end-users.

e VIVID is an stand-alone interactive web tool that allows users to investigate
SPHINX results by applying filters, generating plots and recalculating metrics
on the fly.

e SPHINX was developed to be robust to the unique challenges of real-time fore-
casting, including duplicate, incomplete, or corrupted forecasts, the ability to
incrementally update validation results with new forecasts, and optimization
to manage the hundreds of thousands of forecasts issued to the Scoreboards
each month.
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3 Validation Approach

3.1 Validation Overview

In this report, we present validation results for two separate efforts — SEPVAL and
the SEP Scoreboards. The datasets and participating models are described in detail
in Section 4. Each effort contributes distinct insights into model performance, with
different benefits and drawbacks. Taken together, they provide a broad assessment
of predictive skill and operational utility.

SEPVAL was carried out as a community challenge with the participation of
SEP model developers who volunteered their time and effort. An approximately
equal sample of SEP events and non-event periods were selected by SRAG, focusing
on the types of SEP events and parent eruptions (flares and CMEs) that are relevant
to SRAG operations. Nearly all of the selected periods were associated with strong
flares and fast CMEs, except for three SEP events for which the flares were not
visible from Earth because the source regions were beyond the Sun’s western limb.
Prior to the SEPVAL effort, many published validation studies focused on SEP
events only without testing for quiet periods. A specific aim of SEPVAL was to
include SEP events and time periods following solar eruptions that did not result in
significant proton flux enhancements at Earth, referred to here as non-event periods,
so that the validation would reflect correct predictions, misses, and false alarms.

The SEPVAL challenge encouraged developers of all types of models to partic-
ipate. A few developers submitted science-quality predictions that had been opti-
mized to produce the best results possible for each event (STAT and M-FLAMPA).
These types of predictions answer the question ”What is the best we can do with
our current technology and understanding?”. SEPVAL’s primary interest was real-
time performance and most model developers submitted forecasts in that category.
Models were required to set free parameters to default values and produce forecasts
without tuning or calibrating from event-to-event. Developers were asked to use
flare and CME parameters provided by SEPVAL organizers or to use the real-time
inputs their system was designed to use if it was already mature enough to run in
real time. While this approach simulates a type of real-time workflow, the flare and
CME parameters provided by SEPVAL could not represent what was truly available
at the time of each event because catalogs do not sufficiently version control histor-
ical data. We instead focused on providing the best measurements possible. M2M
reviewed each CME and produced high-quality 3-dimensional CME parameters with
the same tools used to support SRAG operations. Models also had the option to use
2-dimensional plane-of-sky CME parameters published in the human-derived CDAW
CME Catalog? or automatically-derived CACTus catalog®. In this way, SEPVAL
allows cross-comparisons between models using their most appropriate workflows
for a standardized set of challenge events.

The SEP Scoreboards, built to visualize forecasts in real time for use in SRAG
console operations, represent a very different validation scenario. Models forecast-

‘https://cdaw.gsfc.nasa.gov/CME_list/
Shttps://www.sidc.be/cactus/
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Figure 3.1: Timeline for models onboarded into the SEP Scoreboards. Red vertical
lines indicate Solar Particle Event (SPE) where >10 MeV exceeds 10 pfu. Black
vertical lines indicate Energetic Solar Particle Event (ESPE) where >100 MeV ex-
ceeds 1 pfu.

ing to the SEP Scoreboards use true real-time inputs as they become available from
various satellites, ground-based observatories, SWPC forecasters, and M2M ana-
lysts. Real-time measurements are often of lower quality and prone to data gaps
as opposed to the higher-quality, post-processed, back-filled archived data used in
historical analyses. Models run regularly and automatically with humans in the loop
only to provide necessary inputs (e.g. CME measurements). Here, model run-times
play an important role in the ability to produce forecasts in a timely manner for
SRAG operators. Forecast coverage represents the true climatological ratio of SEP
events as rare deviations from typical quiet conditions. The forecasts aggregated
on the SEP Scoreboards are the best representation of forecasting capabilities and
performance of SEP models today.

The SEP Scoreboards are a valuable tool for SRAG, but they are also active plat-
forms for research and development. Models within the Scoreboards are at varying
levels of maturity. Many of the model developers have had to resolve bugs that
resulted in corrupted forecast files, incorrect forecasted values, duplicate forecasts,
missing forecasts or other problems. Throughout the lifetime of the Scoreboards,
many models have upgraded versions to address problems or implement improve-
ments, resulting in forecasts produced by a mix of versions for the same model.
Furthermore, models have been onboarded on different dates and “encountered”
different numbers of SEP events, resulting in incongruous forecast coverage. Fig-
ure 3.1 shows the time coverage for each model on the SEP Scoreboards and the
SEP events (red and black vertical lines) that occurred in those time frames.

The characteristics of the source eruptions for the SEP event and non-event
periods in SEPVAL and the SEP Scoreboards are shown in Figures 3.2 — 3.5. The
events for the SEPVAL challenge were selected with the aim of creating similar
distributions of flare and CME properties for the SEP event and non-event periods.
The yellow (SEPVAL non-events) and blue (SEPVAL SEP events) in Figures 3.2

31



— 3.5 show that this goal was not quite accomplished but that there is significant
overlap between the two distributions. The Scoreboard SEP events (green) and non-
event flares and CMEs (red) show the true climatological distribution of eruptions for
Solar Cycle 25. The Scoreboard non-event periods cover all C, M, and X flares and
all CMEs with speeds >400 km/s and widths >10 degrees entered into DONKI from
March 2020 to December 2024, representing the active lifetime of the Scoreboards.

Figures 3.2 — 3.5 show that the SEPVAL non-event flare and CME distributions
are different from both the SEPVAL SEP event distributions and the Scoreboard
non-event distributions. Model performance on the SEPVAL non-events can indi-
cate whether a model has skill in discriminating between event and non-event peri-
ods, but is not necessarily representative of performance for a climatological sample
of non-event flares and CMEs. The figures also highlight the true imbalance of re-
ality — only 37 out of thousands of flares and CMEs produced threshold-crossing
>10 MeV SEP events at Earth in Solar Cycle 25.

The SEP maximum flux distributions for SEPVAL and the SEP Scoreboards
are shown in Figure 3.6. It is clear that SEPVAL contains larger SEP events than
have occurred Solar Cycle 25 so far, particularly in the >100 MeV channel. For
SEPVAL, 13/32 (41%) of >10 MeV events exceed 100 pfu and 5/32 (16%) exceed
1000 pfu, whereas only 13/37 (35%) exceed 100 pfu and 2/37 (5%) exceed 1000 pfu
for the SEP Scoreboards. This is a potential source of bias that should be kept in
mind when interpreting results from both datasets as models may have more success
predicting larger events.

The two validation approaches of SEPVAL and the SEP Scoreboards provide
different interpretations of model performance with different characteristics, outlined
in Figure 3.7. We analyze these results to inform SRAG, ISEP, and the research
community. In Section 4, we describe the SEPVAL and SEP Scoreboards models
and datasets that contribute to the validation results. In Section 5, we discuss
the ensemble median results for selected metrics. In Section 6, we focus on the
models active in the SEP Scoreboards as they are currently being evaluated by
SRAG for utility in space radiation operations. Here, performance is described in
detail for the SEP Scoreboards and SEPVAL (when applicable) with interpretations
and conclusions for each model. For similar models, cross-model comparisons are
discussed in Section 7. Finally, state-of-the-art model performance is derived for
historical (SEPVAL) and real-time (SEP Scoreboards) scenarios in Section 8.1.
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Figure 3.2: The distribution of flare magnitude for SEPVAL non-event periods (yel-
low), SEPVAL SEP events (blue), Scoreboard SEP events (green), and Scoreboard
non-event flares.

33



20
16 1
12 1

SEPVAL Non-Events

20
16 1
12 1

EEm SEPVAL Events

4
N

20
16 1

12
N ]

N = ]
ol om M H_Emm._

200 -

B Scoreboard Events

B Scoreboard Non-Events

0- —
-90-75-60-45-30-15 0 15 30 45 60 75 90 105120135150
Flare Longitude [deg]

Figure 3.3: The distribution of flare longitude for SEPVAL non-event periods (yel-

low), SEPVAL SEP events (blue), Scoreboard SEP events (green), and Scoreboard
non-event flares.
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Figure 3.4: The distribution of CME speed for SEPVAL non-event periods (yellow),
SEPVAL SEP events (blue), Scoreboard SEP events (green), and Scoreboard non-
event CMEs with speed >400 km/s and width >10 degrees.
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Figure 3.5: The distribution of CME 3D half angle from DONKI for SEPVAL non-
event periods (yellow), SEPVAL SEP events (blue), Scoreboard SEP events (green),
and Scoreboard non-event CMEs with speed >400 km/s and width >10 degrees.
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Figure 3.6: The distribution of maximum proton flux during the SEPVAL (blue)
and SEP Scoreboard (green) SEP events for >10 MeV (left) and >100 MeV (right).
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SEPVAL Pro Con
Inputs High-quality, historical inputs Not always available inreal time
Dataset Same for all models; allows cross-model comparisons Balanced dataset not representative of true climatology

Dataset Bias

Model Settings

Model Output Files

Forecast Issue Time

Stronger events relevant to space radiation operations

Real-time-like workflow with default settings and no recalibration
from event to event

SEPVAL team ensured forecast files were complete and contained
intended forecasted values

Evaluated separately from performance, so realistic timing was not
required for participating models to enable broader participation

Enbles models to test various inputs or model settings for the same

May not be representative of the general space weather
environment, which can also vary according to solar cycle

Models may have included SEPVAL events in training/development

No check of model robustness

Availability of forecasts in a timely manner could not be evaluated

Sensitivity Analysis set of events to understand the effect on forecast skill

SEP Scoreboards Pro Con

Inputs True real-time inputs Lower quality measurements with data latencies and gaps
Dataset Reflects true space weather climatology during model forecasting |Models cover different time periods; cross-model comparisons

Dataset Bias

Model Settings

Model Output Files

Forecast Issue Time

Sensitivity Analysis

period

Representative of the space weather environment for SC 25

True real-time workflow as would be used in operations

Check of model robustness

Representative of forecast availability to end-users

Allows comparison between models with similar approaches

difficult
SEP events in SC 25 generally smaller than past cycles

Model performance includes the effects of data availability, human-
in-the-loop activities, and mixed versions

Includes corrupted/incorrect/duplicate/missing forecasts

Impacted by effects beyond the model's control including data gaps
and human availability

Detailed sensitivity analysis in real-time would require ensemble
forecasts, which are not currently produced by any model

Figure 3.7: Pros and cons of the SEPVAL and SEP Scoreboard validation approaches.




3.2 SPHINX Approach

The SPHINX Validation Framework was created to evaluate SEP model perfor-
mance in a systematic, consistent, and fully reproducible manner. The logic within
SPHINX is designed to validate forecasts with an emphasis on end-user needs.
Within the automated logic, important choices are made that determine how ob-
served values are paired with forecasted values for validation. When interpreting the
validation results, it is worthwhile to be aware of the key parameters and caveats of
SPHINX.

Figure 3.8 shows a simplified example of how SPHINX “evaluates” forecasts
against observations. Some key components of a SPHINX evaluation are shown in
Figure 3.8c. The forecast specifies a “prediction window” during which the forecast
is valid — a time period within which the declarations made by the forecast (e.g.,
all clear, peak flux, probability of occurrence, etc.) are intended to apply (blue bar
and blue horizontal lines). Given this prediction window, an observation window—a
time period prepared by FetchSEP which encapsulates the prediction window and
defines the range of available proton flux measurement data used for comparison
with the forecast declarations—is also defined (red bar). With the prediction and
observation windows defined, SPHINX is able to compare the forecast declarations
against the observation data. Consider an SEP forecast model that attempts to
predict whether an SEP event will or will not occur. Figure 3.8a shows an example
of an observed SEP event with forecast and observation parameters overlaid. SEP
event duration is defined as the duration over which the proton flux exceeds the flux
threshold (red horizontal lines). In this example, the prediction window encapsulates
the SEP event, the forecast was issued prior to the event onset, and the forecast
was issued after the last piece of data necessary to issue the forecast was available.
If this forecast had predicted that an SEP event would occur, then this forecast
would be classified as a “Hit”. If it failed to predict the onset of an SEP event, then
this forecast would be classified as a “Miss”. Contrast this with Figure 3.8b. In
this example, the prediction window covers a period where the proton flux remains
at background levels. If this forecast had incorrectly predicted that an SEP event
would occur, then this forecast would be classified as a “False Alarm”. If it had
correctly predicted that no SEP event would occur in the prediction window, then
this forecast would be classified as a “Correct Negative”.

3.2.1 SPHINX Validation Philosophy

SPHINX asserts that a forecast is only considered a forecast if it uses measurements
from the past or present, as indicated by the “last data time”, to predict the future.
Furthermore, a model must issue a forecast, specified by the “issue time”, before
the SEP event start (or peak, or end) has already occurred in order for the forecast
to be used for real-time decision-making. SPHINX evaluates forecasts to quantify
predictive skill and separately evaluates the availability of the forecasts in real time
to quantify utility to the end user. SPHINX’s strict requirements on timing may
differ from validation studies published in the literature.
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Figure 3.8: Conceptual visualization of SPHINX “evaluating” a forecast against an
observation.
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3.2.2 Automation

To ensure reproducibility, and to handle the millions of forecasts issued to the SEP
Scoreboards, SPHINX must be fully automated. As with any automated process,
parameters set within the program are chosen to optimize correct outcomes, but
occasionally result in incorrect outcomes. These errors introduce uncertainty in the
final metrics. The most impactful choices and how they affect the final metrics
are described here. Substantial quality and assurance studies of SPHINX’s
performance were carried out by checking hundreds of forecasts associ-
ated with a sample of Scoreboard SEP events and checking the forecast
and observation associations. Some errors were identified for a small per-
centage of forecasts, but for the vast majority, it was found that SPHINX
assigned the correct observed values for comparison with the forecasts.
Nonetheless, it is important to understand the sources of uncertainty in the metrics,
described below.

3.2.3 SPHINX Only Evaluates Forecasts Provided

SPHINX receives a list of forecasts as input. All forecasts undergo a series of quality
control checks for completeness and timing and those forecasts that do not pass
are removed from analysis. The remaining forecasts are then evaluated — they are
paired with appropriate observed values, and then metrics are calculated to quantify
model performance.

SPHINX is only aware of the forecasts in the input list, whether they indicate
an event or not. If forecasts are not provided for a given SEP event, that event
will not be included in the final metrics. If forecasts are not produced for quiet
time periods, those quiet periods will not be included in the metrics. This means
that, from SPHINX’s perspective, each model in the SEP Scoreboards has its own
individual climatology affected by any gaps in the input data or problems with the
model pipeline and subsequent missing forecasts. Models use different inputs, are
triggered by different phenomena, and have different cadences, so SPHINX does
not have an automatic mechanism to know when a model should have produced a
forecast. However, if a user would like to evaluate model performance for a specific
set of time periods, the SPHINX framework includes post-analysis tools that can
check a given list of SEP events or quiet periods and determine whether forecasts
were issued on those dates and what their validation outcomes were.

Perhaps more critically, if predictions are triggered by a series of flares and CMEs
that occur in quick succession followed by an SEP event, SPHINX expects that one
of those forecasts is triggered by the parent eruption for the SEP. If for some reason,
a forecast for the parent eruption was never issued, SPHINX does not know this
and will associate an incorrect forecast with the observed SEP event. For example,
consider three flares in a 24 hour period with one flare leading to an SEP event. If a
model makes a prediction for only two of the flares, excluding the one that is known
to be associated with the SEP event, SPHINX will take a forecast from an incorrect
flare and associate it with the observed SEP event as long as the flare satisfies the
matching criteria described in Section 3.2.7. When evaluating forecasts in real-time,
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Figure 3.9: SEPSTER (star) and SEPSTER2D (triangle) forecasts with prediction
windows (shaded bars) overlapping an observed SEP event (red vertical lines with
shading in between).

SPHINX needs complete coverage to ensure correct associations. Work has already
begun to resolve this problem by including the known flare and CME associations
with observed SEP events in SPHINX’s matching logic.

3.2.4 Last Data Time

Timing is important in SPHINX. Forecasts are required to include a “last data time”
for all data ingested by the model for each forecast. To be considered a forecast
in SPHINX, the last data time must occur before the forecasted phenomenon is
observed. If a model predicts a threshold crossing time, Probability of Occurrence, or
binary All Clear, then all data used as input into the model to make the forecast must
be measured before the observed threshold crossing time. Likewise, if the prediction
is for peak flux, then all input data must be measured prior to the observed peak.
SPHINX will either discard a forecast with last data time after a phenomenon is
observed or will assume the forecast is for a next event, depending on multiple
factors. This may be different from validation published in the literature that may
not apply such strict rules on timing.

3.2.5 Prediction Window

Each forecast specifies a “prediction window” that indicates the time period for
which the forecast is valid, pictured in Figure 3.8. SPHINX will only compare fore-
casted values to observations within the prediction window. The choice of prediction
window is thus very important. A model must choose an appropriate time frame
that encompasses the observed phenomenon of interest.
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Figure 3.10: SEPSTER (star) and SEPSTER2D (triangle) forecasts with prediction
windows (shaded bars). The SEPSTER prediction window for the leftmost forecast
is too short to include the threshold crossing (red vertical lines with gray shading)
for this very gradually rising SEP event even though the CME that triggered the
forecast is responsible for the particle enhancement. The leftmost SEPSTER2D
prediction window is long enough to capture the threshold crossing.
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Figure 3.9 shows a case where Solar Energetic Particle STEReo (SEPSTER)
and Solar Energetic Particle STEReo 2D (SEPSTER2D) forecasts are triggered by
a CME and the forecast prediction window overlaps with the associated SEP event
that follows. In this case, both SEPSTERs are assigned a hit. If a prediction
window is too short, a forecast predicting an SEP would not get credit for a hit if
the window did not extend to the observed SEP start time. Rather, such a forecast
would be evaluated as a false alarm. Figure 3.10 shows SEPSTER and SEPSTER2D
forecasts triggered by a CME (leftmost forecasts) and the very gradual SEP event
that follows. The event finally crosses threshold nearly two days later likely due to
an ESP caused by a passing CME at Earth. In this case, SEPSTER’s prediction
window is too short to overlap with the 10 pfu threshold crossing and it is assigned
a false alarm. SEPSTER aims to forecast the onset peak, so in this case, this is
the correct validation outcome since the onset peak does not exceed the threshold.
Unfortunately, two SEPSTER. forecasts near 12:00 on April 23, 2023 overlap with
the observed SEP event, one of which will be incorrectly associated to the event and
evaluated as a miss. The SEPSTER2D prediction window from the correct CME
does overlap with the threshold crossing and is assigned a hit. SEPSTER2D aims to
forecast the maximum flux, so this is the correct validation outcome. If a prediction
window is too long, then correct forecasts for quiet periods would be evaluated as
misses if a SEP event occurs inside the prediction window. The models evaluated in
this report have generally applied appropriate prediction windows. In some cases,
as demonstrated in Figure 3.10, there have been very gradually rising events that
take a day or more to finally cross threshold. In those cases, the prediction windows
for some models may not have been long enough to overlap with the observed SEP
event even though the forecasts were triggered by the associated flare or CME.

3.2.6 Ongoing SEP Event

If a forecast’s prediction window begins while particle fluxes are enhanced above
threshold — specifically that the prediction window begins between the start and end
time of an ongoing SEP event — SPHINX takes the approach that these forecasts
cannot be evaluated. SPHINX assumes that a new forecast issued while an event is
ongoing is forecasting for the next possible event. If no clear additional enhancement
is seen in the particle fluxes, then it is not possible to determine whether a smaller,
but possibly threshold-crossing enhancement occurred or the environment remained
quiet. SPHINX chooses to remove these forecasts from the metrics and they count
neither for nor against model performance.

3.2.7 Associating Eruption-triggered Forecasts with an SEP Event

Generally, if an SEP occurs inside of a forecast’s prediction window, then SPHINX
associates that forecast with the SEP event. If a model uses an eruption — a flare
or CME — to trigger the forecast, additional logic is applied to determine whether
that specific eruption could have reasonably caused the observed SEP event.
SPHINX requires flares and CMEs to occur within 24 hours prior to the proton
threshold crossing to be associated with the event. For very gradually rising SEP
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events or threshold crossings due to ESPs late in an event, this logic will not hold and
forecast-to-observation matching errors may occur, as demonstrated in Figure 3.10.
Three out of 37 events on the SEP Scoreboards fell into this category which may
have resulted in incorrect associations or complete emissions of the events for some
models. The events initiated by flares on 2023-04-21 (link to 2023-04-21 on the SEP
Scoreboard) and 2024-09-14 (link to 2024-09-14 on the SEP Scoreboard) both cross
threshold due to an ESP more than 48 hours after the initial particle enhancements
began. The event on 2023-04-21 is shown in Figure 3.10 and matching outcomes for
SEPSTER and SEPSTER2D were discussed above. The event on 2023-12-31 (link
to 2023-12-31 on the SEP Scoreboard) rises very gradually, finally crossing thresh-
old a few days later. Using SEPSTER as an example for 2023-12-31, no forecasts
happened to overlap with the threshold crossing when it finally occurred, meaning
that this particular SEP event does not appear in SEPSTER’s validation results.
The SEPSTER forecast triggered by the parent CME happened to predict that no
threshold would be crossed. The observed onset peak remained below threshold in-
side of SEPSTER’s prediction window and the forecast was appropriately assigned
a result of correct negative since SEPSTER aims to predict the onset peak.

When forecasts triggered by different flares or CMEs are associated by SPHINX
with the same SEP event, additional logic is applied to identify the most appropriate
source eruption. Strong eruptions of western M & X-class flares and CMEs with
speeds >600 km/s and half widths >35 degrees are given preference. If there are
multiple, the strong eruption closest in time to the SEP threshold crossing is taken
as the forecast to associate with the event. If two strong flares and CMEs occur
within 1.5 hours or less of each other (e.g., 2012-03-07), SPHINX will associate both
with the following SEP event because it is not obvious which eruption is the source.
If none of the forecasts are produced by strong eruptions, then the one closest in
time to the threshold crossing is selected.

3.3 Description of Validation Metrics

There are dozens of metrics calculated within the SPHINX framework, which are
used to determine performance across the variety of different quantities that are
predicted for SEP events. A full description of all of these metrics is in Appendix A,
but this section will focus on a subset of the metrics that are used in the validation
described within this report. There are plans in place to add uncertainties for each
of the metrics to allow users to better interpret whether differences in metric values
are significant when making cross-model comparisons or evaluating improvements
to model performance.

3.3.1 All Clear

In this report, All Clear is interpreted as a binary prediction for SEP proton flux to
cross a threshold, answering the operational question: “Will an SEP event occur/not
occur?” The metrics used for All Clear are a combination of metrics that are
commonly used within the SEP modeling community and a number that have been
determined by SRAG to be useful in addressing our operational questions. Before
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Observed
Yes No Sum

Pred. Yes h flh+f
Pred. No m c|lm+c
Sum | h+m f+ec N

Table 3.1: Example contingency table.

describing our selected metrics, many are affected by the balance of the dataset,
which is the observed frequency of “yes” events and “no” events. Balanced datasets
have a 1:1 ratio of “yes” to “no,” whereas SEP event climatology is much lower.
In cases like the SEP Scoreboard, there can be hundreds of “no” forecasts (quiet
periods) for each “yes” forecast (SEP events), which can affect how useful some
metrics can be. A full description of this problem is included in Section 3.4.

All of the metrics for the All Clear quantity are defined in Collaboration for
Australian Weather and Climate Research (2015) and the references therein®. All
Clear metrics are defined from the components of the contingency table: hits (h),
misses (m), false alarms (f), correct negatives (¢), and total forecasts (N). The
below definitions use the description of “yes” events to be SEP events for which
the proton flux crossed threshold, and “no” events to be periods when proton flux
remained at background or below threshold.

All Clear metrics are derived from the components of the contingency table
(Table 3.1),

e h (hits) represents the number of events forecasted to occur and actually oc-
curred,

m (misses) represents the number of events forecasted to not occur and actu-
ally occurred,

f (false alarms) represents the number of events forecasted to occur and did
not actually occur,

¢ (correct negatives) represents the number of events forecasted to not occur
and did not actually occur, and

e NN is the total number of forecasts.

The all clear metrics that SPHINX calculates are derived from these integers.

The first set of metrics are ratios, which describe some fraction of events, meaning
they all have ranges from 0 to 1 and the perfect score can be either depending on if
that fraction needs to be small or large. Percent Correct is the fraction of forecasts
that are correctly forecast (events are hit and non-events are correctly negative):

h+c
N )
Shttps://wuw.cawcr.gov.au/projects/verification/#Methods_for_probabilistic_
forecasts

Percent Correct =

(3.1)
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also known as accuracy and has a perfect score of 1. Hit Rate is the fraction of
“yes” events that are correctly forecast as “yes”, in other words, SEP events that
are hits:

h

is also commonly called recall, sensitivity, or Probability of Detection (POD). This
metric is not affected by the imbalance of the dataset, and is important since it
determines whether a model is responding to the environmental conditions that
produce SEP events. A high hit rate (close to 1) is desired. False Alarm Rate is
the fraction of “no” events that were incorrectly forecasted as “yes”:

f
f+ec

also known as the False Positive Rate. Typically used alongside the false alarm rate
is the False Alarm Ratio (FAR) which is the fraction of “yes” forecasts that are
false alarms:

f

h+f
In highly unbalanced datasets like the SEP Scoreboards, the False Alarm Rate is
dominated by the large number of negative event periods. FAR is more sensitive to
false alarms due to the very small number number of positive observed events—even
a small False Alarm Rate can result in a large FAR in a highly imbalanced dataset.
For both of these false alarm metrics lower scores are better with 0 being the best.
The last of these fractional scores is the Threat Score which answers the question:
“How well did the forecast ‘yes’ events correspond to observed ‘yes’ events?”

False Alarm Rate = , (3.3)

False Alarm Ratio (FAR) = (3.4)

Threat Score = L (3.5)
h+f+m

is also commonly called the Critical Success Index. Threat score is another accuracy
score, but one that does not include correct negatives while still being sensitive to
hits, false alarms and misses, the latter two penalize the metric. In this way, the
Threat Score sidesteps the problem of being swamped by correct negatives for highly
imbalanced climatologies. Bias indicates a model’s tendency to overforecast (false
alarms) or underforecast (misses) events.

h+f

Bias = — .
T m

(3.6)
Bias has a range from 0 to infinity, and a perfect score is 1. Values of bias less
than 1 mean a model has a tendency toward misses, whereas values greater than 1
indicate the model has a tendency towards false alarms.

The next type of metric is a skill score, which is defined as a measure that looks at
the relative improvement of the forecast over some reference forecast.”. Skill scores
often range from —1 to 1, with 1 being a perfect score, 0 represents no skill, and

"https://www.cawcr.gov.au/projects/verification/#Skill_score
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—1 being perfectly negative skill (always a “yes” forecast for “no” events, and vice
versa). The reference forecast for Heidke Skill Score (HSS) is that of random
chance (sometimes this is replaced with a climatological forecast):

2(he — fm)

HSS = (h+m)m+c)+ (h+ )(f+e)

(3.7)

HSS is very sensitive to the class imbalance of SEP events, meaning that its numer-
ical value cannot be compared across datasets with different imbalances. HSS is a
good indicator of the type of skill important for SRAG, showing sensitivity to the
number of hits and false alarms even when the number of correct negatives is very
large. True Skill Statistic (TSS) is a measure of discrimination used to answer
“how well did the forecast separate the ‘yes’ events from ‘no’ events?”

TSS = Hit Rate — False Alarm Rate = L - ! )
h+m f+c

(3.8)

and is also referred to as Hanssen and Kuipers discriminant or Pierce’s skill score.
Notably, this metric is not affected by class imbalance in the sense that it will
give the same score for models with the same Hit Rates and False Alarm Rates,
regardless of class imbalance. However, a False Alarm Rate of, e.g., 25% may be
acceptable in a balanced data set, but far too large for an imbalanced data set due
to the very large number of false alarms. TSS has disadvantages in situations where
events are rare Doswell IIT et al. (1990). This score is widely reported in the research
community, but is not a sensitive indicator of the aspects of model performance that
are important to SRAG. There are many other All Clear metrics that are calculated
by SPHINX, which are listed in Appendix A

In light of operational needs, SRAG proposes a new skill score called
False Alarm Event Ratio (FAER), pronounced “fear”, where:

f
FAER = —— .
R h+m (3:9)

This ratio represents the number of false alarms compared to the number of observed
events. FAER ranges from 0 to infinity and, ideally, it should be less than 1 and
close to zero. For values greater than 1, it represents the excess factor of false alarms
to the number of observed SEP events. For example, FAER = 30 means there are
30 times more false alarms than observed SEP events in the validation dataset. This
metric has a simple intuitive utility for communicating to operators as models with
high FAER are impossible for operators to trust.

3.3.2 Probability

The next set of metrics address models that provide forecasts of the probability
that an SEP event will occur. Many of these models also provide an All Clear
binary forecast by evaluating whether the forecasted probability is above or below
an internally applied probability threshold. The first probability metric is the Brier
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Score, which is equivalent to a mean squared error and measures the magnitude of
the probability errors.

N
. 1
Brier Score = N Z(Ppredicted — Ppserved)?, (3.10)

where Ppedicted is the predicted probability, Popserved is the observed probability (0
for “no” events and 1 “yes” events) and N is the total number of prediction and
observation pairs. A perfect score for Brier Score is 0, and due to this metric being
sensitive to the class imbalance of SEP events it is easy for models with no skill to
have good scores. The Brier Skill Score uses the previous Brier Score to develop a
skill score to describe the relative skill of the model compared to a reference forecast:

Brier Score

Brier Skill Score (BSS) =1 — (3.11)

Brier Scorereference ‘

Unlike other skill scores mentioned previously, the range of the metric is from nega-
tive infinity to 1, with a perfect score of 1, and a score of 0 showing no skill compared
to the reference forecast. In this validation report, the reference forecast used in
the Brier Skill Score is 3.3% from Bain et al. (2021), representing the average like-
lihood of an SEP event for any given day in Solar Cycle 24. This is an appropriate
climatological comparison for pre-eruptive models that issue forecasts on a regular
cadence, but it is not an appropriate climatological reference for models triggered
by flares and CMEs. Using this percentage affects our validation in two ways: 1) for
the balanced dataset of the SEPVAL challenge, this climatology is much lower than
the frequency of “yes” events and 2) since this percentage is from Solar Cycle 24,
it does not represent the climatology of Solar Cycle 25 which cannot be calculated
until the solar cycle has completed.

Used frequently with probabilistic models is a Receiver Operator Charac-
teristic (ROC) curve. An ROC is a plot that displays how well a model can
differentiate between “yes” and “no” events for probabilities, and an example is
shown in Figure 3.11. On the x-axis is the False Alarm Rate and the y-axis is the
Hit Rate, such that each point represents the False Alarm Rate and Hit Rate of
the model when the internal probability threshold is varied to determine the binary
All Clear value. A perfect forecast on this plot would have a vertical line at False
Alarm Rate of 0 up to Hit Rate 1 ((0,0) to (0,1))and a horizontal line from Hit Rate
1 out to False Alarm Rate 1 ((0,1) to (1,1)). A model predicting a purely random
guess would have a slope of 1/2 and would bisect the area of the plot evenly. Models
that have more skill than random chance would produce a curve above the random
guess line, and models with less skill would be below. Integrating under the ROC
curve produces the Area Under the Curve (AUC), which is commonly used
as a complimentary metric. The random guess line has a value of 1/2, the perfect
forecast has a value of 1, and the minimum value is 0. Models demonstrate skill if
AUC is greater than 0.5 and it is desirable if the curve tends towards the upper left
of the plot such that there is a probability threshold for which the False Alarm Rate
remains low but the Hit Rate is high.
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Figure 3.11: Example ROC Curve demonstrating a perfect forecast, random guess,
and a hypothetical model curve.

Another plot that is used with probabilistic models is a reliability diagram
shown in Figure 3.12. This plot displays of the frequency of observed events for
each predicted probability. On the x-axis is the predicted probability value and on
the left y-axis is the observed frequency of events that occur within the prediction
windows when the prediction is at that probability value. A perfect probability
model would generate points along the diagonal line, where the predicted probability
value corresponds to the same frequency of observed events (when the predicted
probability is 30% and 30% of the time there is an observed event in the same
time frame). Displayed in the background is a histogram of the counts for each
probability bin, with the number of counts displayed on the right y-axis. The
histogram is used in tandem with the line plot to understand the frequency at
which the model predicts certain probability values and whether there are sufficient
statistics to calculate reliable observed frequencies.

3.3.8 Peak Flux

The next question that SRAG is asked in operations is: “How big will an SEP event
be?” The answer to this question could be informed via forecast models that give
a peak intensity prediction. In this report, we consider two types of peaks — the
onset peak, which is the peak typically associated with the initial rise of an event (see
Section 2.1), and/or the maximum peak, which is the peak flux achieved over the
full duration of the event. For the observed onset peak, as well as the models that
provide time profiles, we use an automated algorithm to find the onset peak as part
of the FetchSEP module. The maximum peak flux during an SEP event is simply
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Figure 3.12: Example reliability plot.

the maximum value taken from the time profile of the respective energy channel,
and for lower energies (i.e. >10 MeV for this report) this can be associated with the
arrival of an Interplanetary Coronal Mass Ejection (ICME) at Earth called an ESP
phase. Since these values of peak flux are given as flux values (with units of Particle
Flux Unit (cm~2 s~ sr~!) (pfu)) the metrics used to determine skill are typically
error metrics. Since peak values for a given energy channel can span multiple orders
of magnitude across events (i.e. a small SPE event may peak near ~10 pfu but
a large one can be >1000 pfu), errors in linear space would be dominated by the
larger events. To accommodate for this, we use Log Error to determine bias of the
peak flux forecasts and Absolute Log Error to determine accuracy. We use the
log-space errors since they better measure forecast order of magnitude error and are
normalized across different orders of magnitude. Additionally, we look at histogram
distributions of the errors as well as scatter plots to assess model performance in
this quantity. Another measure used is the ratio or percent of forecasts that are
within an a factor of 10 or 2 of the observed peak value. Many models forecast for
only one of the peaks, but the peak intensity field in the CCMC JSON files is used
ambiguously, so we provide metrics comparing the predicted value to both the onset
peak and maximum flux, allowing the end-user to choose the appropriate one after
the metrics have been calculated.

Related to peak intensity predictions is the third question SRAG wants to an-
swer operationally, which is: “Do models capture the event-to-event variability of
SEP events?” This question essentially asks if models know what causes an SEP
event to be small (barely cross threshold) versus what causes an event to be large.
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This question may be addressed by looking at correlation coefficients and linear re-
gression, when appropriate. The Pearson correlation coefficient measures the
linear correlation between two variables and is given by

pxy = — "2 (3.12)

where pxy is the correlation coefficient, cov(X,Y’) is the covariance of the two
variables, and o; is the standard deviation of each variable (Weisstein, 2025). It
is desirable for predicted and observed flux values to have a linear relationship in
log space, thus the Pearson correlation coefficient is useful to indicate the level of
linear correlation between the two. It should be noted that it is susceptible to
outliers. The Spearman correlation coefficient (Spearman, 1904) measures the
monotonic relationship between two variables without requiring any specific form
of the relationship between them and is more robust to outliers. It is calculated by
organizing the variables in rank order (smallest values are given the lowest rank and
highest into high rank) then calculating the Pearson correlation coefficient using the
ranks of the forecast and observation pairs. If the two data sets share the same rank
order, then the Spearman correlation coefficient will have a high value of 1. If the
rank orders are not correlated, then Spearman will be 0. If variables have opposite
ranked order, then Spearman will be —1. Spearman will have a high value if the
forecasts and observations have a monotonic relationship, but it will not indicate
what type of relationship exists between them. The Pearson correlation coefficient
then provides complimentary information about the linearity of the correlation.
Note that correlations calculated from very sparse data hold very little meaning, so
they should not be used unless there are enough data points. The literature reports
minimum sample sizes of n = 25 or more (Bonnett and Wright, 2000), however our
analyses are limited by small numbers of SEP events; we proceed with the data
available. The reader should understand that the correlation values will become
more reliable as statistics accrue. In the case that there are enough forecasts and
observations and they show some level of correlation, linear regression in log space
may provide useful information about the relationship between them. In particular,
the value of the slope (best = 1) indicates whether the model appropriately captures
the relative differences from event to event. It should be noted that outliers can
significantly impact the linear regression line. Correlation coefficients and line fits
should be interpreted with care, taking into account the sample size and presence
of outliers. This is why it is best to use the correlation coefficient in tandem with
the error metrics described above to analyze flux predictions.

3.3.4 Advance Warning Time

The last question SRAG wants to answer is: “Do models provide advance warning?”
Forecasts hold no operational value if they are issued after the event has already
unfolded in real time. To determine forecast availability, we calculate the Advance
Warning Time (also sometimes called the lead time or forecast horizon) by compar-
ing the forecast issue time (when the forecast is made available to the user) to the
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Figure 3.13: The AWT (or lead time) is the difference between the forecast issue
time and SEP threshold crossing time. (Figure credit: Philip Quinn)

SEP event start time when the fluxes first cross threshold. Some models predict
onset peak or maximum flux, so AWT with respect to the observed peaks is also
calculated for those models. Even if a model cannot produce a forecast prior to the
start of an event, a peak prediction is still useful before the observed peak occurs.

Figure 3.13 shows a schematic of the timings involved in a model forecast and
observed SEP event. The AWT (labeled Forecast Lead Time in the figure) will be
positive if the forecast is issued prior to the observed threshold crossing time and
negative if it is issued after the threshold has already been crossed. Likewise for
AWT with respect to peak values — if a forecast is issued prior to (after) the peak,
AWT will be positive (negative).

There are many factors that contribute to the AWT of a model, from the timings
of the event (e.g., the gradual or prompt nature of the particle rise after the solar
eruption) to the real-time availability of a model’s input data source, human-in-the-
loop activities, and computation time. Due to this, AWT reflects the entire forecast
pipeline.

As one last note on metrics, model performance in one quantity is not indicative
of model skill or usefulness in operations, rather a comprehensive analysis across all
of a model’s forecasted quantities using a variety of metrics determines skill.

3.4 Impact of Imbalance on Metrics

Some All Clear and probability metrics are affected by the level of imbalance in the
validation data set. The two validation cases presented here, SEPVAL and the SEP
Scoreboards, have very different class imbalances. SEPVAL is a nearly balanced data
set with ~1:1 SEP events to non-event periods. The SEP Scoreboards, depending on
the type of model and time period covered, have class imbalances closer to 1:28 for
flare or CME-triggered models and even higher imbalances for pre-eruptive models
like MAG4 and MagPy.

Ahmadzadeh et al. (2023) look closely at the behavior of various metrics with
respect to True Positive Rate (TPR) (also known as Probability of Detection (POD)
or Hit Rate (HR)) and True Negative Rate (TNR) (also known as Probability of
Correct Negatives (POCN)). They show that, given the same TPR and TNR, some
binary categorization (e.g., All Clear) metrics, such as HSS, result in different nu-
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meric values for data sets with different class imbalances while other metrics, e.g.
TSS, are invariant to class imbalance in this space. While this in and of itself is not
necessarily a drawback for a given metric, it does indicate that HSS numeric values
are not directly comparable between the SEPVAL and SEP Scoreboards. Further-
more, Ahmadzadeh et al. (2023) showed that the metric space for some metrics is
distorted by class imbalance (e.g. Figure 5 in their paper) such that a small change
in TPR or TNR might cause a large change in HSS or vice versa, depending on where
model performance is within the space. This means that cross-model comparisons
need to be done carefully in the context of class imbalance to understand whether
a difference in scores between two models is a significant difference in performance
according to end-user needs.

To demonstrate the effect of class imbalance on metrics, let us assume two con-
tingency tables with TPR = 0.75 and TNR = 0.75, but different class imbalances.
Using 32 SEP and 32 non-events (similar to SEPVAL), this gives the contingency
table in Table 3.2 (left). If we assume a daily forecast for the past 4 years (1460
days) with 32 SEP events (similar to the SEP Scoreboards), this produces the con-
tingency table in Table 3.2 (right). The resulting metrics for both cases are shown in
Table 3.3. For the balanced contingency table, HSS=0.50, Threat Score=0.60, and
TSS=0.50. For the imbalanced contingency table, HSS=0.079, Threat Score=0.062,
and TSS=0.50. This example highlights that the numerical values of HSS,
Threat Score, and other metrics sensitive to imbalance should not be
compared across SEPVAL and the SEP Scoreboards and one must be
careful when comparing published results in the literature.

Balanced =~1:1 Imbalanced ~1:40
Observed Observed
Yes No | Sum Yes No | Sum
Pred. Yes | 24 8 32 Pred. Yes | 24 357 | 381
Pred. No 8 24 32 Pred. No 8 1071 | 1079
Sum | 32 32 64 Sum | 32 1428 | 1460

Table 3.2: Balanced (left) and imbalanced (right) example contingency tables with
Hit Rate (TNR) = 0.75 and TPR = 0.75. The numbers in the contingency tables
are selected to be similar to the SEPVAL periods and the number of days models
have been forecasting on the SEP Scoreboards.

The HSS and Threat Score are sensitive to the relative number of hits compared
to false alarms. For SRAG’s purposes, this is a desirable trait, since a large number
of false alarms will erode operator trust in a model. The TSS reflects the ratios of
correctly forecasted SEP events and correctly forecasted negative events, but may
not fully reflect SRAG’s needs as the relative numbers of SEP events and clear
periods are not captured by this metric. For a model to achieve HSS = 0.50 for the
same imbalanced data set, it would need a False Alarm Rate of 0.026. Scores for such
a model are shown in the third column of Table 3.3. In a highly imbalanced dataset,
it is important from SRAG’s perspective for models to reduce the false alarm rate
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All Clear Scores Balanced ~1:1 Imbalanced ~1:40 Imbalanced High Skill

Percent Correct 0.75 0.75 0.97
Hit Rate 0.75 0.75 0.75
False Alarm Rate 0.25 0.25 0.026
False Alarm Ratio 0.25 0.94 0.61
Bias 1.0 11.9 1.9
Threat Score 0.60 0.062 0.35
HSS 0.50 0.079 0.50
TSS 0.50 0.50 0.72

Table 3.3: All Clear metrics for balanced and imbalanced datasets with Hit Rate
(TPR) = 75% and TNR = 75% (False Alarm Rate = 25%) with the example con-
tingency tables in Table 3.2. A third column shows the required False Alarm Rate
of 2.6% to achieve HSS=0.50 for the imbalanced data set.

close to zero so that the number of false alarms does not exceed the number of
hits. This is extremely challenging in SEP climatology; for example, only 37 events
occurred in Solar Cycle 25 by the end of December 31, 2024. A model would need
to achieve a similar number of false alarms across a 4 year period to obtain a high
Threat Score and HSS. An even smaller number of false alarms, coupled with a high
hit rate, is desired before SRAG could consider using a model for decision-making
in operations. A new metric, called False Alarm Event Ratio, described in Section
A.1, is proposed to capture the important aspect of desirable model performance.
In summary:

e The numerical values of many metrics cannot be compared across validation
data sets with different levels of imbalance, e.g. SEPVAL and the SEP Score-
boards.

e Models forecasting in real time and evaluated for the true climatology of SEP
events must generate much lower False Alarm Rates than those validated using
balanced historical data sets to achieve comparable HSS and other skill scores.

e HSS, Threat Score, Bias, and False Alarm Ratio are sensitive to the relative
numbers of false alarms compared to hits while TSS and False Alarm Rate
are sensitive to the ratio of false alarms to clear periods. SRAG would like to
attain a high Hit Rate while minimizing the number of false alarms, therefore
the former group of metrics is most appropriate for SRAG’s needs.

3.5 Forecast Deoverlapping

Many SEP models produce forecasts on a regular cadence. MAG4 and MagPy pro-
duce forecasts every hour as new magnetograms become available. SAWS-ASPECS
forecast module produces forecasts every 3 hours depending on magnetogram avail-
ability. UMASEP monitors the in situ proton flux and issues a new forecast with
each new GOES data point, every 5 minutes. For SEPVAL (but not on the SEP
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Scoreboards), SPRINTS issues a new forecast for every minute while a flare is on-
going, updating the forecast as new X-ray measurements become available. In all
cases, the forecast prediction window is longer than the cadence at which forecasts
are issued. This results in multiple overlapping predictions for any given point in
time. In SPHINX, each forecast is evaluated and counted individually. In some
cases, this can produce metrics that are hard to interpret, particularly for All Clear.

As an example, UMASEP might issue tens of forecasts that overlap with an SEP
event threshold crossing or dozens of false alarms over just a few hours. The contin-
gency table for every individual UMASEP-10 forecast calculated for the lifetime of
the SEP Scoreboards is shown in Table 3.4 (left). There were 37 SEP events since
the start of the SEP Scoreboards, but the contingency table shows 1138 hits and a
nearly equal number of 1131 misses. What does this mean in terms of individual
SEP events? The contingency table also show 8711 false alarms and 797,871 correct
negatives. The false alarms make up only 1.1% of all forecasts during quiet periods,
but on the other hand, 8711 false alarms sound very disruptive in an operational en-
vironment. An additional complication, mentioned in Section 3.2.6, is that forecasts
during SEP events are not evaluated by SPHINX. This has the effect of removing
forecasts for the varying durations of SEP events and essentially applies a weighting
that de-emphasizes SEP events and emphasizes quiet periods, the opposite of what
is desired.

A method to “deoverlap” forecasts was developed to calculate a single validation
result for all forecasts within a given period of time. For this report, deoverlapping
was applied to calculate All Clear metrics. The deoverlapped All Clear outcomes
were calculated as follows:

Forecasts associated with an SEP event: Any Hit = Hit

Forecasts associated with an SEP event: All Misses = Miss

Forecasts associated with a non-event period: Any False Alarm = False Alarm

Forecasts associated with a non-event period: All Correct Negatives = Correct
Negative

The scheme developed for deoverlapping All Clear emphasizes both hits and false
alarms, in line with SRAG’s needs. For SEPVAL, all forecasts associated with each
challenge period were combined to create a single result for each period. For the
SEP Scoreboards, a single result was identified for each SEP event and each 24 hour
quiet period — essentially the model forecasts were translated to daily forecasts.

Following this approach, the corresponding deoverlapped contingency table for
UMASEP-10 for the SEP Scoreboards is shown in Figure 3.4 (right). Now we are
able to interpret that UMASEP-10 has provided 1,361 days of forecasts to the SEP
Scoreboards. It forecasted at least one hit for 24 SEP events and completely missed
11. On quiet days, 1,285 were correctly predicted as clear while 41 days had at least
one false alarm. We now see that the 8,711 forecasts were not generated at random
times, but were constrained to 41 days out of 1,361, or 3% of the days that it has
been forecasting on the SEP Scoreboards. These false alarm days are roughly equal
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to the 35 days with SEP events, much smaller than the ratio of nearly eight times
more false alarms as reported in the raw scores.

Individual Forecasts Deoverlapped
Observed Observed
Yes No Sum Yes No | Sum
Pred. Yes | 1138 8711 9849 Pred. Yes | 24 41 65
Pred. No | 1131 797,871 | 799,002 Pred. No | 11 1285 | 1296
Sum | 2269 806,582 | 808,851 Sum | 35 1326 | 1361

Table 3.4: Contingency tables for UMASEP-10 for the total number of individual
forecasts submitted to the SEP Scoreboards (left) and the deoverlapped results for
24 hour periods (right).

For SEPVAL, deoverlapping was applied to MAG4, MagPy, UMASEP, and
SPRINTS. For the SEP Scoreboards, deoverlapped All Clear results are reported
for GSU, MAG4, MagPy, and UMASEP.

Note that deoverlapping will tend to improve a model’s All Clear scores if false
alarms display some kind of pattern. This is the case for UMASEP, which tends to
produce many false alarms in quick succession for a short period of time, discussed
further in Section 6.11. If a model produces false alarms in a more random manner,
deoverlapping tends to have less effect on the scores.

3.6 GOES Proton Observational Data

The validation results presented here were calculated with respect to GOES inte-
gral proton fluxes provided by National Oceanic and Atmospheric Administration
(NOAA). GOES-15 and previous satellite measurements were downloaded from the
NOAA NESDIS archives® for dates prior to March 2020. From March 2020 to
the present, real-time GOES integral fluxes served by NOAA SWPC and archived
at CCMC in the iISWA database’ were used. These fluxes were downloaded and
processed using FetchSEP!?, described in Section 2.1, to extract threshold cross-
ing times and additional proton information for quiet periods and individual SEP
events.

The low-energy GOES proton channels are known to suffer from contamination
during SEP events when particles with energies above 50 - 60 MeV are present
(Bruno, 2017; Posner, 2007). These particles can penetrate the GOES/EPEAD
(or older GOES/EPS) detector shielding and create a spurious signal in the lower
energy differential channels and the >10 MeV integral channel. This contamination
has the effect of producing a spurious rise in the >10 MeV proton intensities at
the beginning of an SEP event, in some cases resulting in an earlier-than-realistic
threshold crossing time. The contamination may also artificially inflate the overall

8https://www.ncei.noaa.gov/data/goes—space-environment-monitor/access/avg/
https://iswa.gsfc.nasa.gov/IswaSystemWebApp/hapi/
Yhttps://github.com/ktindiana/fetchsep
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>10 MeV proton intensities near the peak of the event if very energetic particles are
present. These effects have not yet been quantified, but studies are underway within
SRAG, working with various collaborators, to better understand the impact of this
contamination and to produce a “cleaner” proton dataset. When such a dataset
becomes available, the validation results can be recalculated using the SPHINX
Validation Framework.

This analysis focuses on evaluating forecasts for All Clear threshold crossed/not-
crossed outcomes, the probability of occurrence, and peak flux. Despite contamina-
tion effects, the observed binary outcome of whether >10 MeV flux exceeds 10 pfu
should be robust. For the onset peak or maximum flux comparisons, the validation
analysis presented here considers forecasts that fall within an order of magnitude
of the observed value to be “good”, leaving leeway for contamination in the mea-
surements. The AWT is calculated with respect to the >10 MeV threshold crossing
time, which may be incorrect due to contamination. However, this threshold cross-
ing time with respect to the GOES data is used by SRAG in their support of Mission
Control and reflects the timing relevant for making operational decisions. Therefore,
it is meaningful to evaluate how models perform with respect to this value.

In summary:

e Proton fluxes measured by NOAA’s GOES series of spacecraft suffer from con-
tamination in the lower energy channels when protons above 50 - 60 MeV are
present as they penetrate the detector shielding. This contamination creates
unphysical onsets at the start of SEP events in the >10 MeV channel and may
affect peak flux values.

e GOES spacecraft are the operational source of proton fluxes used in SRAG
operations to support NASA Mission Control, therefore SRAG is interested in
SEP model performance with respect to GOES measurements.

e SPHINX was built to be flexible so that validation may be performed with
respect to any satellite measurements. If and when a higher quality dataset

becomes available for the GOES proton fluxes, the validation results can be
readily recalculated with SPHINX.

4 Validation Datasets

It should be noted that, throughout this report, we will typically use the generic
term Solar Energetic Particles (SEP), however the terms Solar Particle Event (SPE)
and Energetic Solar Particle Event (ESPE) carry specific operational meaning for

SRAG and are used at times.

e SPE: >10 MeV protons exceed 10 pfu, relevant to astronauts during EVA

e ESPE: >100 MeV protons exceed 1 pfu, relevant to astronauts in a spacecraft
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4.1 SEPVAL Dataset

The SEPVAL challenge contains 33 SEP events and a nearly equal number of 30
non-event periods to enable a validation of each model that tests for hits, misses,
false alarms and correct negatives. The so-called “SEPVAL 2023 Challenge” lists are
available on Zenodo 1! and listed in Table 4.1 (non-event periods) and Table 4.2 (SEP
events). Note that there were two strong flares and fast CMEs in quick succession
for the large SEP event on 2012-03-07, so it is listed in Table 4.2 twice. Models were
given the opportunity to produce forecasts using both eruptions as inputs. Also note
that a start time is not listed for the event on 2017-09-06. The >10 MeV proton
flux was already elevated from the SEP on 2017-09-05 and no significant new onset
was visible in that channel on 2017-09-06. This event was not included in the >10
MeV All Clear evaluation but was included in peak flux comparisons.

Most of the event periods in the SEPVAL challenge are associated with strong
M and X class flares and fast CMEs, as described in Section 3.1 and shown in
Figures 3.2-3.5. For each CME in the challenge, M2M used all available data to
check the quality of the fits reported in the DONKI catalog and update the fits
as needed to ensure that all CME parameters were the highest quality possible.
The updated CME parameters are saved in the “SEPVAL_CME_CATALOG” in
DONKI'2.

The participating SEP models covered a wide range of model approaches and
forecasted quantities (see Table 4.3) as well as observational inputs and number of
forecasts provided (see Table 4.4). A main goal of the SEPVAL challenge was to
evaluate models as they would perform without human intervention. Participants
were asked to produce forecasts in a “real-time-like” mode without changing pa-
rameters, tuning, or recalibrating their models from event to event. Each developer
was asked to indicate which event periods in the challenge list were used in training
their model. SRAG operational energy channels and thresholds for SEP and ESPE
were solicited (but not required).

Forecasts were received for 20 different models from a wide variety of United
States and international institutions, including universities and operational entities.
The participating models are Air Force Dynamic Energetic Particle Tool (ADEPT),
COronal Mass Ejections and Solar Energetic Particles (COMESEP), cRT+AE10,
Solar Energetic Particle MODel (SEPMOD), Lavasa model, MagPy, Multivariate
Ensemble of Models for Probabilistic SEP prediction (MEMPSEP), Proton Predic-
tion System (PPS), Multiple Field Line Advection Model for Particle Acceleration
(M-FLAMPA), SEP Advanced Warning System (SAWS)-Advanced Solar Particle
Events Casting System (ASPECS), SEPSAT, SEPSTER, SEPSTER2D, Solar Par-
ticle Radiation Environment Analysis and Forecasting — Acceleration and Scatter-
ing Transport (SPREAdFAST), Space Radiation Intelligence System (SPRINTS),
SPE Threat Assessment Tool (STAT), University of Mélaga Solar Energetic Particle
(UMASEP), UNSPELL, and improved Particle Acceleration and Transport in the
Heliosphere (iPATH).

"https://doi.org/10.5281/zenodo . 156020584
2https://kauai.ccmc.gsfc.nasa.gov/DONKI/search/
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The models span a wide range of purposes and maturity levels. Some models, like
STAT and M-FLAMPA, were created to understand the details of the physics behind
solar energetic particle production and transport. Other models, like COMESEP,
PPS, and UMASEP, have been forecasting in operational settings for years. Some of
models, like cRT+AE10, MEMPSEP, and UNSPELL, were very recently developed,
exploring new machine learning (ML) approaches for forecasting SEPs.

For the first time, the SEPVAL challenge evaluated a wide variety of SEP pre-
diction models for the same set of benchmark events, testing their ability to dis-
criminate between conditions that lead to SEP events and those that do not. There
are more SEP models in the operations and research communities—Whitman et al.
(2023) summarized 36 SEP models and new models are in development—however,
the breadth of approaches, purposes, maturity levels, forecasted quantities, and
developers make the participating models a representative sample. The SEPVAL
challenge is the first assessment of the current state-of-the-art performance of SEP
forecasting.

In summary:

e The SEPVAL community validation challenge received forecasts from 20 dif-
ferent SEP prediction models in the research community.

e The SEPVAL results represent the first assessment of the state-of-the-art per-
formance of SEP model forecasting capabilities.
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SEPVAL Flare Start Flare | CME Start CME | CME
Non-Event Class Speed | Width
Period [km/s] | [deg]
2011-05-09 | 2011-05-09 20:42 | C5.4 | 2011-05-09 20:57 | 776.0 | 58.0
2012-03-04 | 2012-03-04 10:29 | M2.0 | 2012-03-04 11:00 | 1540.0 | 60.0
2012-03-05 | 2012-03-05 03:30 | X1.1 2012-03-05 04:00 | 1363.0 | 51.0
2012-06-13 | 2012-06-13 11:29 | M1.2 | 2012-06-13 14:00 | 643.0 | 39.0
2012-06-29 | 2012-06-29 09:13 | M2.2 | 2012-06-29 09:36 | 1344.0| 23.0
2013-06-07 | 2013-06-07 22:32 | M5.9 | 2013-06-07 23:12 | 704.0 | 39.0
2013-06-28 | 2013-06-28 01:36 | C4.4 | 2013-06-28 02:00 | 1200.0 | 41.0
2014-08-01 | 2014-08-01 18:00 | M1.5 | 2014-08-01 18:36 | 709.0 | 36.0
2014-10-24 | 2014-10-24 07:37 | M4.0 | 2014-10-24 08:00 | 728.0 | 19.0
2014-11-06 | 2014-11-06 03:32 | M5.4 | 2014-11-06 04:00 | 662.0 | 38.0
2014-11-07 | 2014-11-07 16:53 | X1.6 | 2014-11-07 18:08 | 802.0 | 52.0
2014-12-17 | 2014-12-17 04:25 | M8.7 | 2014-12-17 05:00 | 680.0 | 26.0
2014-12-18 | 2014-12-18 21:41 | M6.9 | 2014-12-19 01:04 | 1405.0 | 44.0
2015-03-09 | 2015-03-09 23:29 | M5.8 | 2015-03-10 00:00 | 1711.0| 22.0
2016-07-23 | 2016-07-23 05:00 | M7.6 | 2016-07-23 05:24 | 740.0 | 40.0
2021-11-01 | 2021-11-01 00:57 | M1.5 | 2021-11-01 02:00 | 657.0 | 47.0
2021-11-02 | 2021-11-02 02:03 | M1.6 | 2021-11-02 02:48 | 1151.0 | 51.0
2022-01-18 | 2022-01-18 17:01 | M1.5 | 2022-01-18 17:48 | 962.0 | 47.0
2022-04-17 | 2022-04-17 03:17 | X1.1 2022-04-17 03:48 | 841.0 | 47.0
2022-04-20 | 2022-04-20 03:41 | X2.2 | 2022-04-20 04:12 | 868.0 | 30.0
2022-04-29 | 2022-04-29 07:15 | M1.2 | 2022-04-29 07:36 | 1397.0 | 48.0
2022-05-25 | 2022-05-25 18:12 | M1.3 | 2022-05-25 18:36 | 929.0 | 34.0
2022-08-17 | 2022-08-17 13:26 | M2.0 | 2022-08-17 14:36 | 767.0 | 49.0
2022-08-18 | 2022-08-18 10:37 | M1.5 | 2022-08-18 11:00 | 1076.0 | 35.0
2022-08-19 | 2022-08-19 04:14 | M1.6 | 2022-08-19 04:49 | 878.0 | 47.0
2022-08-29 | 2022-08-29 16:15 | M3.8 | 2022-08-29 17:00 | 949.0 | 30.0
2022-08-30 | 2022-08-30 18:05 | M2.1 | 2022-08-30 18:12 | 1378.0| 32.0
2022-12-01 | 2022-12-01 07:04 | M1.0 | 2022-12-01 07:48 | 1306.0 | 30.0
2023-03-04 | 2023-03-04 15:19 | M5.2 | 2023-03-04 15:36 | 894.0 | 45.0
2023-03-06 | 2023-03-06 02:08 | M5.8 | 2023-03-06 03:12 | 970.0 | 35.0

Table 4.1: SEPVAL Challenge non-events. The CME Start indicates the LASCO First Look Time. The CME speed and half-
width are 3D measurements provided by M2M and recorded in DONKI.
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SEPVAL Flare Start Flare CME Start CME CME >10 MeV SEP Start | >100 MeV SEP Start
SEP Event Class Speed | Width

Period [km/s] | [deg]

2011-03-08 | 2011-03-07 19:43 M3.7 2011-03-07 20:00 | 1980 45 2011-03-08 01:05

2011-06-07 | 2011-06-07 06:16 M2.5 2011-06-07 06:49 | 1400 46 2011-06-07 08:20 2011-06-07 07:20
2011-08-04 | 2011-08-04 03:41 M9.3 2011-08-04 04:12 | 1950 60 2011-08-04 06:35 2011-08-04 05:10
2011-08-09 | 2011-08-09 07:48 X6.9 2011-08-09 08:12 | 1175 20 2011-08-09 08:45 2011-08-09 08:25
2012-01-23 | 2012-01-23 03:38 MS.7 2012-01-23 04:00 | 2211 62 2012-01-23 05:30 2012-01-23 04:45
2012-01-27 | 2012-01-27 17:37 X1.8 2012-01-27 18:27 | 2200 55 2012-01-27 19:05 2012-01-27 19:00
2012-03-07 | 2012-03-07 00:02 X5.4 2012-03-07 00:24 | 2809 54 2012-03-07 05:10 2012-03-07 04:05
2012-03-07 | 2012-03-07 01:05 X1.3 2012-03-07 01:30 | 2040 50 2012-03-07 05:10 2012-03-07 04:05
2012-03-13 | 2012-03-13 16:21 M7.9 2012-03-13 17:36 | 2250 60 2012-03-13 18:10 2012-03-13 18:10
2012-05-17 | 2012-05-17 01:25 M5.1 2012-05-17 01:48 | 1263 54 2012-05-17 02:10 2012-05-17 02:00
2012-07-07 | 2012-07-06 23:01 X1.1 2012-07-06 23:24 | 1200 40 2012-07-07 04:00

2012-07-12 | 2012-07-12 15:37 X1.4 2012-07-12 16:48 | 1400 70 2012-07-12 18:35

2012-07-23 | Beyond West Limb 2012-07-23 02:36 | 2395 54 2012-07-23 15:45

2012-09-28 | 2012-09-27 23:36 C3.7 2012-09-28 00:12 | 1252 47 2012-09-28 03:00

2013-04-11 2013-04-11 06:55 M6.5 2013-04-11 07:24 | 743 48 2013-04-11 10:55 2013-04-11 09:40
2013-05-22 | 2013-05-22 12:30 M5.0 2013-05-22 13:25 | 1756 64 2013-05-22 14:35 2013-05-22 14:35
2013-09-30 | 2013-09-29 21:43 C1.2 2013-09-29 22:12 | 1100 70 2013-09-30 05:05

2014-01-06 | Beyond West Limb 2014-01-06 08:00 | 1138 51 2014-01-06 09:15 2014-01-06 08:30
2014-01-07 2014-01-07 18:04 X1.2 2014-01-07 18:24 | 2048 50 2014-01-07 19:20 2014-01-07 20:30
2014-02-25 | 2014-02-25 00:41 X4.9 2014-02-25 01:25 | 1670 66 2014-02-25 14:10

2014-04-18 | 2014-04-18 12:31 M7.3 2014-04-18 13:25 | 1244 47 2014-04-18 15:25

2014-09-11 2014-09-10 17:21 X1.6 2014-09-10 18:00 | 1400 45 2014-09-11 02:55

2015-10-29 | Beyond West Limb 2015-10-29 02:36 | 535 20 2015-10-29 05:50 2015-10-29 04:35
2017-07-14 | 2017-07-14 01:07 M2.4 2017-07-14 01:25 | 750 49 2017-07-14 09:00

2017-09-05 | 2017-09-04 20:28 M5.5 2017-09-04 20:36 | 1323 54 2017-09-05 00:40

2017-09-06 | 2017-09-06 11:53 X9.3 2017-09-06 12:24 | 1636 45

2017-09-10 | 2017-09-10 15:35 X8.2 2017-09-10 16:00 | 2314 58 2017-09-10 16:45 2017-09-10 16:25
2021-05-29 | 2021-05-28 22:19 C9.4 2021-05-28 23:12 | 949 44 2021-05-29 03:00

2021-10-28 2021-10-28 15:17 X1.0 2021-10-28 15:48 | 1109 49 2021-10-28 17:40 2021-10-28 16:35
2022-01-20 2022-01-20 05:41 M5.5 2022-01-20 06:12 | 1426 44 2022-01-20 08:00 2022-01-20 07:45
2022-03-28 | 2022-03-28 10:58 M4.0 2022-03-28 12:00 | 662 45 2022-03-28 13:25 2022-03-28 12:45
2022-04-02 | 2022-04-02 12:56 M3.9 2022-04-02 13:36 | 1370 45 2022-04-02 14:40

2022-08-27 | 2022-08-27 01:52 M4.8 2022-08-27 02:24 | 1372 40 2022-08-27 11:55

2023-02-25 | 2023-02-25 18:40 M6.3 2023-02-25 19:24 | 920 58 2023-02-25 21:10

Table 4.2: SEPVAL Challenge SEP events. The CME Start indicates the LASCO First Look Time. The CME speed and half-
width are 3D measurements provided by M2M and recorded in DONKI.
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SEPVAL Model Method Energy Channels (MeV) | Forecast Quantities
ADEPT 1hr, 6hr Empirical >10 Time Profile
COMESEP flare Empirical >10 Probability, Peak
COMESEP flare+CME Empirical >10 Probability, Peak
cRT+AE10 ML >10 Probability
ENLIL4+SEPMOD Physics-based >10, >30, >50, >100 Time Profile
Lavasa ML >10 All Clear

MAGA4 Empirical >10 Probability
MagPy Empirical >10 Probability
MEMPSEP Mean, Median | ML >10 Probability
MFLAMPA Physics-based >10, >30, >50, >100 Time Profile
PPS (SFS Update) Empirical >10, >100 Peak Flux

SAWS-ASPECS
SAWS-ASPECS electrons
SEPSAT

SEPSTER
SEPSTER2D
SPREAJFAST
SPRINTS 0-24 hour
STAT

UMASEP-10
UMASEP-100
UNSPELL
ZEUS+iPATH

Empirical, Physics-based
Empirical, Physics-based
Physics-based

Empirical

Empirical

Physics-based

ML

Physics-based

ML, Empirical

ML, Empirical

ML

Physics-based

>10, >100
>10, >100

>10, >100

>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10

>100

>5

>10, >30, >50, >100

Probability, Time Profile
Probability, Time Profile
Time Profile

Peak Flux

Peak, Fluence

Time Profile

Probability, Peak

Time Profile

Peak, Start

Peak, Start

Probability

Time Profile

Table 4.3: Model approach, predicted energy channels, and forecasted quantities for models participating in the SEPVAL challenge
(in alphabetical order).
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SEPVAL Model Observational Inputs Cadence N Forecasts
ADEPT 1hr, 6hr protons 1/SEP 25
COMESEP flare X-ray, EUV 1/flare 60
COMESEP flare+CME X-ray, EUV, CME 1/CME 63
cRT+AE10 1/eruption 63
ENLIL+SEPMOD Magnetograms, CME 1/CME 63
Lavasa X-ray, CME 1/flare 58
MAG4_LOSr Magnetograms, SWPC Solar Region Summary (SRS) 1 hour 509
MAG4_SHARP_HMI Magnetograms, SWPC SRS 1 hour 1462
MagPy Magnetograms, SWPC SRS 1 hour 2182
MEMPSEP Mean, Median X-ray, magnetograms, solar wind, suprathermal, protons, electrons 1/flare 60, 60
MFLAMPA Magnetograms, EUV, CME 1/CME 9

PPS (SFS Update) X-ray, ground-based radio 1/flare 61
SEPSAT Magnetograms, EUV, CME, solar wind 1/CME 64
SEPSTER Solar wind, CME 1/CME 64
SEPSTER2D Solar wind, CME 1/CME 60
SPREAdFAST Magnetograms, EUV, CME, suprathermal, protons 1/CME 8
SPRINTS 0-24 hour X-ray, magnetograms, EUV 1 minute during flare | 15263
STAT Magnetograms, EUV, white light, CME, suprathermal 1/CME 6
UMASEP-10 X-ray, protons, SWPC SRS 5 minutes 27572
UMASEP-100 X-ray, protons, SWPC SRS 5 minutes 32240
UNSPELL X-ray 1/flare 61
ZEUS+iPATH Magnetograms, EUV, CME, solar wind, suprathermal 1/CME 60
SAWS-ASPECS X-ray, Magnetograms, EUV, CME, protons 1/flare, 1/CME 57 - 63
SAWS-ASPECS electrons X-ray, Magnetograms, EUV, CME, protons 1/flare, 1/CME 57 - 63

Table 4.4: Observational inputs, model cadence, and the number of forecasts provided by each model for the SEPVAL challenge.



4.2 SEP Scoreboards Dataset

The first models onboarded into the SEP Scoreboards began continuously producing
forecasts in real time starting in March 2020; see Figure 3.1 for a timeline. Addi-
tional models were added as their technological maturity increased through their
collaborations with ISEP. The Scoreboard models are SWPC, Magnetogram Fore-
cast (MAG4), MagPy, Georgia State University (GSU), SAWS-ASPECS, SPRINTS,
SEPSTER, SEPSTER2D, iPATH, SEPMOD, UMASEP, High Energy Solar Particle
Events foRecastIng and Analysis (HESPERIA)-Relativistic Electron Alert System
for Exploration (REleASE).

Models and forecasted quantities currently available on the SEP Scoreboards are
listed in Table 4.6. Model onboarding dates and the number of forecasts produced
during the reporting period for this Technical Report are listed in Table 4.7. The
wide variety of observational inputs, human-in-the-loop requirements, and filters
applied in the forecasting schemes are listed in Table 4.8.

The Scoreboard models use inputs available in real time to produce their fore-
casts. These inputs include satellite particle and X-ray fluxes, white light and EUV
imagery, catalogs provided by NOAA SWPC and other sources, and inputs pro-
vided by M2M. M2M provides critical human-in-the-loop activities required to run
the SEP Scoreboards in real time, including measuring CME parameters and enter-
ing them into the DONKI'3 catalog where models automatically access them and
issue new forecasts.

It is important to keep in mind that validation metrics for models on the SEP
Scoreboards include:

e Model approach (internal theory and empirical, statistical relationships)

e Availability and quality of real time measurements (satellite and ground-based
sources)

e Availability of human-in-the-loop analyses

e Availability of information served in real time in various catalogs (SWPC
reports, Solarsoft, CACTus, etc)

The SEP Scoreboards are real-time systems used for applied research and envi-
ronmental awareness. They run continuously in real time, but are not operational.
They are being used by SRAG, which is an operational entity, for environmental
awareness and to identify promising models, as well as for envisioning how SEP
forecasting could be incorporated into operations or used as a support tool for as-
tronauts. Models on the SEP Scoreboards may use measurements from scientific
observatories that experience regular data gaps or that do not have a backup data
source in the event of an unforeseen data outage (e.g. Solar Dynamics Observa-
tory (SDO) data was unavailable for multiple months after a broken pipe flooded
the Joint Science Operations Center (JSOC) computer center'*). Models that re-
quire CME measurements from DONKI are subject to the availability of the Moon

Bhttps://ccme.gsfc.nasa.gov/tools/DONKI/
MBroken water pipe knocks out data processing for NASA sun-studying spacecraft, Space.com.
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Figure 4.1: Timing of SWPC alerts and model forecasts make the the Intensity SEP
Scoreboard on January 20, 2022.

to Mars Space Weather Analysis Office which do not currently operate on a 24/7
schedule, but will do so during Artemis missions.

Figure 4.1 lists the timing of SWPC alerts and forecasts issued to the Intensity
SEP Scoreboard as the January 20, 2022 SEP event unfolded, resulting in both
>10 MeV and >100 MeV threshold crossings. The SEP event was produced by an
M5.5 flare followed by a 1426 km/s CME. SWPC sent out an X-ray alert after the
flare reached peak at 06:01 UT. Note that 06:01 UT is 1:01 am Eastern Time, the
middle of the night for the M2M office. The SEP Scoreboard remained quiet until
REIleASE produced a forecast above threshold at 06:31 UT, followed by UMASEP-
100 45 minutes later at 07:15 UT. UMASEP-10 issued a prediction 40 minutes later
at 07:55 UT. The >100 MeV proton flux exceeded the 1 pfu operational threshold at
08:05 UT and the >10 MeV proton flux exceeded the 10 pfu operational threshold
10 minutes later at 08:15 UT (3:15 am ET). The remaining models on the Intensity
SEP Scoreboard require CME measurements to trigger their forecasts. The SEP
Scoreboard remained quiet and the >100 MeV ESPE ended at 11:35 UT (5:35 am
ET) without any additional forecasts. Finally, at 14:41 UT (9:41 am ET), M2M
analysts arrived at work and had the chance to review the space weather conditions
overnight and fit the CME responsible for the ongoing SEP event. SEPSTER and
SEPSTER2D forecasts are issued in quick succession at 14:41 UT and 14:47 UT,
respectively. Two hours later, at 16:08 UT, M2M remeasured the CME parameters
and submitted them to DONKI. Revised SEPSTER and SEPSTER2D forecasts were
issued and an Wang-Sheeley-Arge Enlil (WSA-Enlil)+SEPMOD run was initiated.
The >10 MeV SPE ends just 7 minutes later at 16:15 UT (11:15 am ET). Finally,
WSA-Enlil+SEPMOD completed and issued a forecast to the SEP Scoreboard at
17:03 UT (12:03pm ET).

The above example demonstrates that the validation metrics and, particularly the
AWT, reflect the availability and quality of real-time measurements, the underlying
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model approach, and the SEP Scoreboard system as a whole.

The forecasts aggregated by the SEP Scoreboards are an extremely valuable
dataset representing true real-time performance. The 11 different models partici-
pating in the Scoreboards, alongside SWPC forecasts, are the best representative
sample available of our current real-time capabilities for SEP prediction.

In summary:

e The SEP Scoreboards went live in March of 2020, performing the critical role
of collecting and visualizing forecasts produced in real time.

e Validation of the SEP Scoreboards represents true forecasting performance,
including availability and quality of input data in real time, time for human-
in-the-loop analyses, computational run-time, and inherent model approach.
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Flare Start

Flare Class

CME Start

CME Speed [km/s]

CME Width [deg]

>10 MeV SEP Start

>100 MeV SEP Start

2021-05-28 22:19
2021-10-28 15:17
2022-01-20 05:59
2022-03-28 10:58
2022-03-30 17:21
2022-04-02 12:56
2022-08-27 01:52
2023-02-25 18:40

2023-04-21 17:44
2023-05-07 22:53
2023-05-09 18:20

2023-07-17 23:20
2023-07-28 15:39
2023-08-05 06:16
2023-08-05 21:45
2023-08-07 20:30
2023-09-01 02:54
2023-12-15 07:23
2023-12-31 21:36
2024-01-29 03:54
2024-02-09 12:53

2024-03-15 00:59
2024-03-23 00:58
2024-05-10 06:27
2024-05-11 01:10
2024-05-13 08:48
2024-06-08 01:23

2024-09-09 00:57
2024-09-14 15:13
2024-10-09 01:25
2024-10-26 06:32

C9.4
X1.0
M5.5
M4.0
X1.3
M3.9
M4.8
M6.3

M1.7
M1.6
M4.2

M5.7
M4.1
M1.6
X1.6
X1.5
M1.2
M6.9
X5.0
M6.8
X3.3

C1.9
X1.1
X3.9
X5.8
M6.6
M9.7

M1.0
X4.5
X1.8
X1.8

2021-05-28 23:12
2021-10-28 15:48
2022-01-20 06:12
2022-03-28 12:00
2022-03-30 18:00
2022-04-02 13:36
2022-08-27 02:24
2023-02-25 19:12
2023-03-13 03:36
2023-04-21 18:12
2023-05-07 23:12
2023-05-09 19:00
2023-07-16 04:42
2023-07-17 23:36
2023-07-28 16:00
2023-08-05 07:00
2023-08-05 22:24
2023-08-07 20:48
2023-09-01 03:24
2023-12-15 07:48
2023-12-31 22:00
2024-01-29 04:38
2024-02-09 13:23
2024-02-12 06:36
2024-02-14 04:09
2024-03-15 02:10
2024-03-23 01:25
2024-05-10 07:12
2024-05-11 01:36
2024-05-13 09:12
2024-06-08 01:53
2024-07-23 00:23
2024-09-09 05:23
2024-09-14 15:36
2024-10-09 02:12
2024-10-26 06:48
2024-11-21 18:12

824

1109
1426
662

808

1370
1372
920

2127
1204
1494
1651
1220
1388
2000
1044
1757
1429
1142
1101
2184
1277
1754
3180
2012
1121
1613
1018
1263
1456
1106
1299
1452
2040
1509
1523
1560

46
49
44
45
40
45
40
o8
50
43
44
45
o1
93
43
46
49
45
49
37
45
54
46
42
43
51
41
41
ol
49
45
45
45
45
45
53
49

2021-05-29 03:00
2021-10-28 17:40
2022-01-20 08:00
2022-03-28 13:25
2022-03-31 06:20
2022-04-02 14:30
2022-08-27 11:55
2023-02-25 21:10
2023-03-13 07:45
2023-04-23 18:15
2023-05-08 12:40
2023-05-09 23:35
2023-07-16 05:45
2023-07-18 01:15
2023-07-29 00:20
2023-08-05 11:15
2023-08-05 23:45
2023-08-08 01:15
2023-09-01 04:30
2023-12-15 23:45
2024-01-03 20:05
2024-01-29 06:15
2024-02-09 15:30
2024-02-12 08:05
2024-02-14 09:10
2024-03-15 20:50
2024-03-23 04:00
2024-05-10 13:35
2024-05-11 02:10
2024-05-13 14:00
2024-06-08 02:55
2024-07-23 03:00
2024-09-09 08:50
2024-09-17 07:35
2024-10-09 05:05
2024-10-26 18:05
2024-11-21 19:25

2021-10-28 16:35
2022-01-20 07:20
2022-03-28 12:45

2024-02-12 10:15

2024-05-11 02:10

2024-06-08 02:25

2024-07-23 02:05

2024-10-09 03:50

2024-11-21 18:45

Table 4.5: SEP Scoreboard era SEP events. The CME Start indicates the LASCO First Look Time. The CME speed and
half-width are 3D measurements provided by M2M and recorded in DONKI.
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SEP Scoreboard Model

Method

Energy Channels (MeV)

Forecast Quantities

SWPC Day 1

SWPC Warning
MAG4 LOS FEr
MAG4 LOS r

MAG4 SHARP FE
MAG4 SHARP HMI
MAG4 SHARP
MagPy

GSU

SAWS-ASPECS
SPRINTS

SEPSTER
SEPSTER2D
ZEUS+iPATH
ENLIL+SEPMOD
UMASEP-10,-30,-50,-100
UMASEP-500
HESPERIA REIleASE

Human Forecaster
Human Forecaster
Empirical
Empirical
Empirical
Empirical
Empirical
Empirical

ML

Empirical, Physics-based
ML

Empirical
Empirical
Physics-based
Physics-based
ML, Empirical
ML, Empirical
Empirical

>10, >100
>10, >100

>10

>10

>10

>10

>10

>10

>10

>10, >30, >100, >300
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>10, >30, >50, >100
>500

15.8-39.8, 28.2-50.1

Probability

All Clear

Probability

Probability

Probability

Probability

Probability

Probability

Probability

Probability, Time Profile
Probability, Peak

Peak Flux

Peak, Fluence

Time Profile

Time Profile

Max in prediction window, Start
Peak, Start

Flux in 30, 60, 90 minutes

Table 4.6: Model approach, predicted energy channels, and forecasted quantities for models forecasting in real time on the SEP
Scoreboards (in order discussed in this report).
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SEP Scoreboard Model Date Duration Cadence Number of | Number of
Onboarded | (Years) Forecasts | SEP Events

SWPC Day 1 1 day

SWPC Warning 2021/05 3.5 as needed 52 29
MAG4 LOS Fer 2021/02 3.8 1 hour 28,027 35
MAG4 LOS r 2021/01 3.9 1 hour 28,040 35
MAG4 SHARP FE 2021/04 3.6 1 hour 19,214 34
MAG4 SHARP HMI 2021/04 3.6 1 hour 19,813 34
MAG4 SHARP 2021/04 3.6 1 hour 19,531 34
MagPy SHARP HMI CEA 2023/06 14 1 hour 11,892 23
GSU 2023/04 1.6 1 hour 12,857 24
SPRINTS (All) 2022/08 2.3 1/flare 30,076 30
SAWS-ASPECS (All) 2022/10 2.2 1/flare, 1/CME, 3 hours | 493,566 22
SEPSTER (Parker Spiral) 2020/04 4.6 1/CME 3,899 31
SEPSTER (WSA-ENLIL) 2020/04 4.6 1/CME 3,660 31
SEPSTER2D 2021/06 3.5 1/CME 1,103 31
ZEUS + iPATH CME 2023/06 1.6 1/CME 869 18
ENLIL + SEPMOD 2021/04 3.7 1/CME 2,045 29
UMASEP-10 2020/03 4.8 3 minutes 810,485 35
UMASEP-30 2021/01 4.0 3 minutes 814,363 35
UMASEP-50 2021/01 4.0 3 minutes 813,793 21
UMASEP-100 2020/03 4.8 3 minutes 841,771 8
HESPERIA REleASE ACE 60-min 2020/03 4.8 5 minutes 184,802 26
HESPERIA REleASE SOHO 60-min | 2020/03 4.8 5 minutes 382,676 22

Table 4.7: Model forecast statistics for the SEP Scoreboards. The number of SEP events listed are for the > 10 MeV channel
unless the model’s predicted energy range is explicitly different, e.g. UMASEP-100.
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SEP Scoreboard Model Observational Inputs Human-in-the-loop | Filters

SWPC Day 1 All SpWx info SWPC forecaster | N/A

SWPC Warning protons SWPC forecaster | N/A

MAG4 LOS Fer MDI LOS magnetogram, SRS No No

MAG4 LOS r MDI LOS magnetogram, SRS, | No M & X flares
SWPC Events

MAG4 SHARP FE MDI vector magnetogram, SRS | No None

MAG4 SHARP HMI HMI vector magnetogram, SRS, | No M & X flares
SWPC Events

MAG4 SHARP MDI vector magnetogram, SRS, | No M & X flares
SWPC Events

MagPy SHARP HMI CEA HMI vector magnetogram, SRS, | No None
SWPC Events

GSU HMI vector magnetogram No None

SPRINTS Post Eruptive 0-24 hrs | X-ray, Solarsoft No

SAWS-ASPECS flare Solarsoft No

SAWS-ASPECS flare 50%, 90% Solarsoft, protons No

SEPSTER (Parker Spiral)
SEPSTER (WSA-ENLIL)
SEPSTER2D
ZEUS+iPATH CME
ENLIL+SEPMOD
UMASEP-10
UMASEP-30
UMASEP-50
UMASEP-100
UMASEP-500
HESPERIA REleASE

DONKI CME, solar wind speed
DONKI CME, WSA-ENLIL
DONKI CME, solar wind speed
DONKI CME, ZEUS

DONKI CME, WSA-ENLIL
protons, X-rays, SWPC Events
protons, X-rays

protons, X-rays

protons, X-rays

protons, X-rays

ACE, SOHO electrons

M2M analyst
M2M analyst
M2M analyst
M2M analyst
M2M analyst

>200 km/s, >10 deg

>200 km/s, >10 deg

>600 km/s, >20 deg

>450 km/s, >30 deg

>450 km/s, >30 deg

>C1 (WCP), >M2 (SOD), >5.9 pfu (PCP)
>C9 (WCP), >0.76 pfu (PCP)
>M2 (WCP), >0.56 pfu (PCP)
>M3.5 (WCP), >0.74 pfu (PCP)
>X2.5 (WCP)

None

Table 4.8: Observational inputs, whether a human is in-the-loop to generate forecasts, and any filters applied to inputs for each
SEP Scoreboard model. Protons are from GOES. Models that use WSA-ENLIL and ZEUS need magnetograms as inputs into
the solar wind simulations. SRS is the NOAA Solar Region Summary and SWPC Events is https://services.swpc.noaa.gov/

json/edited_events. json.


https://services.swpc.noaa.gov/json/edited_events.json
https://services.swpc.noaa.gov/json/edited_events.json

5 Group Validation Results

Here we report the median and distribution of selected metrics for the group of
models that participated in the SEPVAL challenge and the group of models active
on the SEP Scoreboards. We further divide the models into two subgroups, “post-
eruptive” and “pre-eruptive”, which have distinctly different forecasting intentions
and skill.

Post-eruptive models produce a forecast following a solar eruption and answer
the question: “Will an SEP occur after THIS eruption?” These models use ob-
servational inputs that are produced by the eruption itself, like flares, CMEs, or
enhancements in the in situ proton and electron flux. These models typically pro-
duce forecasts at a cadence of solar eruptions.

Pre-eruptive models answer the question: “Will an eruption and SEP occur
in the next X hours based on current conditions?” These models use the current
conditions in active regions in the photosphere and/or corona to predict whether
an eruption and associated SEP event will occur. If an eruption has recently been
observed on the Sun, then forecasts from these types of models are interpreted as
a prediction for the NEXT possible eruption. These models use magnetograms and
SWPC active region products as observational inputs and typically produce forecasts
at a regular cadence, e.g., hourly or some other regular time period. Models in the
pre-eruptive category do not benefit from information about a specific eruption as
post-eruptive models do.

Pre- and post-eruptive models face different forecasting challenges so their vali-
dation scores have been separated in this report.

5.1 SEPVAL Group Results

Here we discuss the summary metrics for the 33 SEP events and 30 non-event
periods chosen as benchmark events for the SEPVAL community challenge, making
an approximately balanced data set with an equal number of positive (SEP) and
negative (non-event) samples. These results can be viewed as an idealized evaluation
of model performance using their default workflows. As discussed in 4.1, the inputs
are of higher quality than real-time observations and do not suffer from data gaps,
the sets of model forecasts are as complete as possible, and the extreme imbalance
of true climatology is not taken into account here.

This section includes median metrics for All Clear, probability, onset peak, and
maximum flux with separate scores for post-eruptive and pre-eruptive models as
identified in Table 5.1. Definitions of the onset peak and maximum flux are described
in Section 2.1 and shown in Figure 2.4. Box plots for each metric show the range
and distribution of the individual model scores.

5.1.1 All Clear

Figures 5.1 and 5.2 show the All Clear outcomes for >10 MeV for all participating
SEPVAL models that provided All Clear forecasts for SEP event and non-event
periods, respectively. Figures 5.3 and 5.4 show the same for >100 MeV, 1 pfu. The
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SEPVAL Model

Model Type

Included in Median Metrics

ADEPT AFRL 1-hr

COMESEP flare only
COMESEP flare+CME
cRT+AE10

Lavasa

MAG4_LOSr
MAG4_SHARP_HMI
MagPy_SHARP_HMI_CEA (19%)
MagPy SHARP_HMI_CEA (7%)
MEMPSEP Mean
MEMPSEP Median
SAWS-ASPECS CME (SOHO)
SAWS-ASPECS CME (SOHO) 50%, 90%
SAWS-ASPECS CME (SOHO) electrons

SAWS-ASPECS CME (SOHO) electrons 50%, 90%
SAWS-ASPECS flare + CME (SOHO)

SAWS-ASPECS flare + CME (SOHO) 50%, 90%
SAWS-ASPECS flare + CME (SOHO) electrons
SAWS-ASPECS flare + CME (SOHO) electrons 50%, 90%
SAWS-ASPECS flare

SAWS-ASPECS flare 50%, 90%

SAWS-ASPECS flare electrons

SAWS-ASPECS flare electrons 50%, 90%

SEPSAT

SFS-Update

SPRINTS Post Eruptive 0-24 hrs

ENLIL+SEPMOD

SEPSTER (Parker Spiral)

SEPSTER2D

UMASEP-10, UMASEP-100

UNSPELL flare

ZEUS+iPATH CME

post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
pre-eruptive

pre-eruptive

pre-eruptive

pre-eruptive

post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive

Peak

Probability, Peak
Probability, Peak
Probability

All Clear

All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Probability
Probability
Probability

All Clear, Probability
Peak

All Clear, Probability
All Clear, Peak

All Clear, Probability
Peak

All Clear, Probability
Peak

All Clear, Probability
Peak

All Clear, Probability
Peak

All Clear, Peak

All Clear, Probability, Peak
All Clear, Probability
All Clear, Peak

All Clear, Peak

All Clear, Peak

All Clear, Peak

All Clear, Probability
All Clear, Peak

Table 5.1: Models included in SEPVAL median metrics for All Clear, probability,

onset peak and max flux).
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sums at the bottom and right sides of the figures are components of each model’s
contingency table. The SEPVAL >10 MeV dataset has an imbalance of 1:0.94 (32:30
events to non-events) and the >100 MeV dataset has an imbalance of 1:2.7 (17:46
events to non-events). As described in Section 3.5, MAG4, MagPy, SPRINTS, and
UMASEP results have been deoverlapped to derive a single answer for each challenge
period. A label of “No Data” indicates that a forecast was not provided. These No
Data periods are left out of the metrics and do not count for or against the model.

In Figure 5.1, many models have a status of No Data for 2017-09-06 which is
primarily due to the ambiguous nature of the event’s onset since particle fluxes were
already elevated at the time. Many models provided forecasts for this event, but
differences in alignment of the timing parameters within SPHINX (e.g. prediction
window with observation period) resulted in no association for some models, leaving
this event out of the statistics. For three events, 2012-07-23, 2014-01-06, and 2015-
10-29, the associated flare was beyond the West limb and was not observed at Earth.
All of the models that required flare data as input could not issue forecasts, as is
evidenced by the numerous outcomes of No Data in those rows. While these aren’t
counted as misses in the metrics, it demonstrates how models that use flare
inputs are limited by our current one-sided view of the Sun.
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Figure 5.1: All Clear outcomes for SEPVAL challenge >10 MeV, 10 pfu SEP events showing hit, miss, or

SAWS- SAWS- ASPECS
SPRINTS SAWS- ASPECS |ASPECS [flare+ SAWS-
MagPy MagPy Post IASPECS |CME flare + CME SAWS- ASPECS SEPSTER
MAG4 MAG4 SHARP  |SHARP Eruptive CME (SOHO) |CME (SOHO)  |ASPECS |flare (Parker |SEPSTERZD UNSPELL |ZEUS+IPATH Total |TotalNo

SEP Events LOS r SHARP HMI |HMI CEA |HMI CEA 7 |0-24 hrs |UMASEP-10 [Lavasa |{SOHO electrons |{SOHO| electrons |flare electrons |SEPMOD |SEPSAT |[Spiral) |CME SFS-Update |flare CME Total Hits |Misses |Data |
2011-03-08 01:05:00)  Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss. Hit Hit Hit Hit Hit Hit Hit 17! 3 0
2011-06-07 08:20:00, Miss Miss Miss Miss Miss Hit Hit Hit Hit Hit Hit Miss Miss. Hit Hit Hit | No Data Hit Hit Hit 12/ 7 1
2011-08-04 06:35:00]  Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit 19 1 ]
2011-08-09 08:45:00] Miss Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Miss Hit Hit Hit Miss 14 6 0
2012-01-23 05:30:00)  Hit Hit Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit 18/ 2 0
2012-01-27 19:05:00 Miss Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit 17! 3 0
2012-03-07 05:10:00)  Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss 18/ 2 ]
2012-03-13 18:10:00)  Hit Hit Miss Hit Hit Hit No Data|  Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit No Data Hit 17/ 1 2
2012-05-17 02:10:00)  Hit Miss Miss Miss Miss Hit NoData|  Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit No Data Hit 13 5 2
2012-07-07 04:00:00)  Hit Hit Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss Hit Hit Hit Miss Hit 16/ 4 0
2012-07-12 18:35:00)  Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit Hit Hit 18! 2 0
2012-07-23 15:45:00| Miss Miss Miss Miss  |No D Hit Mo Data Hit Hit No Data | No Data | No Data | Mo Data | Miss Hit Hit Hit No Data | Mo Data Hit 7 5 8
2012-09-28 03:00:00, Miss Miss Miss Miss Miss Hit Miss Hit Hit Miss Miss Miss Miss Hit Hit Hit Hit Miss Miss Hit ] 12 ]
2013-04-11 10:55:00)  Hit Miss Miss Miss Hit Hit Miss Hit Miss Hit Miss Hit Miss Miss Hit Miss Miss Hit Hit Miss k] 11 ]
2013-05-22 14:35:00)  Hit Miss Miss Miss Hit Hit MNoData| Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit No Data Miss 14 4 2
2013-09-30 05:05:00 Miss Miss Miss Hit Miss | NoData [NoData| Hit Hit Miss Miss Miss Miss. Hit Hit Miss Hit Miss Miss Hit 7 11 2
2014-01-06 09:15:00 Hit Hit Miss Hit No D Hit No Data Hit Hit No Data | No Data | No Data | No Data | Miss Hit Miss Hit No Data | No Data Miss 8 4 8
2014-01-07 19:20:00]  Hit Hit Miss Hit Hit Hit Hit Hit | No Data Hit No Data Hit Mo Data | Miss Hit Hit Hit Hit Hit Hit 15/ 2 3
2014-02-25 14:10:00)  Hit Hit Hit Hit Miss Hit Miss Hit Hit Hit Hit Hit Hit Miss Hit Miss Hit Hit Hit Miss 15/ 5 0
2014-04-18 15:25:00)  Hit Hit Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss 17/ 3 0
2014-09-11 02:55:00)  Hit Hit Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit 18/ 2 ]
2015-10-29 05:50:00 Miss Miss Miss Hit  [NoD Hit No Data| Miss Miss | No Data | No Data | No Data | No Data | Miss Hit Miss Miss No Data | No Data| No Data 3 8 9
2017-07-14 09:00:00 Miss Miss Miss Miss Hit Hit Hit Hit Hit Hit Hit Miss Miss. Miss Hit Miss | Mo Data Hit Hit Miss 10! 9 1
2017-09-05 00:40:00)  Hit Hit Miss Hit Hit Hit Miss Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit Miss Hit 16/ 4 0
2017-09-06 12:00:00) Hit Hit Hit Hit Miss | NoData |No Data| NoData | No Data | No Data | No Data | No Data | No Data | No Data |No Data| No Data] No Data | No Data | No Data| No Data 4 1 15!
2017-05-10 16:45:00 Miss Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit 17! 3 0
2021-05-29 03:00:00, Miss Miss Miss Hit Miss Miss Hit Miss Miss Miss Miss Miss Miss. Hit Miss Miss Hit Hit Hit Hit 7 13 0
2021-10-28 17:40:00]  Hit Miss Miss Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss Hit Hit Hit Miss 14/ 6 ]
2022-01-20 08:00:00, Miss Miss Miss Hit Miss Hit Miss Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit Hit Miss 13! 7 0
2022-03-28 13:25:00)  Hit Miss Miss Hit Miss Hit Miss Miss Miss Hit Hit Miss Miss Miss Miss Miss Miss Hit Miss Miss [ 14 0
2022-04-02 14:40:00)  Hit Miss Miss Hit Hit Hit No Data|  Hit Hit Hit Hit Miss Miss. Hit Hit Hit Hit Hit No Data Hit 14/ 4 2
2022-08-27 11:55:00)  Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit | No Data Hit Hit Hit Hit 18 1 1
2023-02-25 21:10:00]  Hit Hit Miss Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit 18] 2 0

Total Hits 22 16 4 22 20 29 18 29 27 26 24 21 19 19 27 20 27 27 20 20

Total Misses 11 17 29 11 10 2 [ 3 4 3 4 8 9 13 5 11 3 2 5 11

Total No Data 0 [1] 0 0 3 2 k2] 1 b 4 5 4 5 1 1 2 3 4 8 2

no data for each model.




9.

sAWS-
| SAWS- | SAWS- ASPECS
SPRINTS SAWS-  [ASPECS |ASPECS [flare+ SAWS-
MAGE  [MagPy  [MagPy  |Post ASPECS |CME flare+  |CME SAWS-  |ASPECS SEPSTER Total  [Total |Total
MAG4  [SHARP  [SHARP  [SHARP  |Eruptive |UMASEP- CME SOHD)  |CME [SOHD) |ASPECS |flare [Parker |SEPSTERZD |SFS-  |UNSPELL |ZEUS+IPATH |Comrect |False [No
MNon-Event Start Non-Event End LOS r HMI HMI_CEA_|HMI CEA 7 |0-24hrs (10 Lavasa SOHO electrons | (SOHO! electrons _|flare electrons |SEPMOD | SEPSAT i CME e |flare CME MNegatives |Alarms |Data
2011-05-08 21:42:00) 2011-05-10 FA CN CN CN ] CN CN FA CN CN CN CN CN CN CN CN CN CN cN CN 18 2 0
2012-03-03 11:29:00' 2012-03-04 19:00:00| No Data | NoData | CN FA CN CN CN FA CN FA CN CN CN CN FA CN FA FA cN cN 12 ] 2
2012-03-04 2012-03-05 17:30:00| No Data | NoData | CN FA FA CN FA FA cN FA CN FA CN CN FA CN FA FA FA CN 8 10 2
2012-06-12 12:29:00) 2012-06-14 01:29:00 NoData | FA CN CN FA CN CN CN CN CN CN CN CN CN CN CN CH FA cN CN 16 3 1
2012-06-28 2012-06-29 FA cH CN cH ] CN CN cN cN CH cH CN CN cN FA cN FA cN cH CN 17 3 o
2013-06-06 2013-06-08 12:32:00{ CN CN CN CN ] CN CN CN CN FA CN FA CN CN CN CN CH FA FA CN 16 4 0
2013-06-27 nz-aa:ool 2013-06-28 15:36:00) CN cN CN cN CH CN CN FA cN CN CN CN CN CN CN FA A cN CN FA 16, 4 o
2014-07-31 | 2014-08-02 MoData | NoData | CN FA CN CN CN CN CN CN CN CN CN CN CN CN CN CN CN | NoData 16 1 3
2014-10-23 na:a?:ool 2014-10-24 21:37:00]  FA FA CN FA CN FA CN CN CN CN CN CN CN CN CN CN CN FA cN CN 15, 5 0
2014-11-05 04:32:00| 2014-11-06 17:32:00| No Data | NoData | CN FA ] CN CN cN cN FA CN FA CN CN FA cN CN FA CN CN 13 5 2
2014-11-06 17:53:00) 2014-11-08 06:53:00| No Data | NoData | CN FA ] CN CN CN CN FA CN FA CN CN CN CN CH FA FA CN 13 5 2
2014-12-16 05:25:00| 2014-12-17 18:25:00| No Data | NoData | CN cN FA CN CN cN cN FA cN FA CN CN )] cN CN FA FA cN 13 5 2
2014-12-17 2014-12-19 11:41:00]  FA FA CN FA FA CN FA FA CN FA CN FA CN CN FA CN FA FA FA CN 8 12 0
2015-03-09 00:00:00) 2015-03-10 13:29:00]  FA FA CN FA CN CN CN FA CN FA CN FA CN CN FA FA FA FA cN cN 0 10 0
2016-07-22 06:00:00| 2016-07-23 19:00:00) CN cN CN FA CH cN CN cN cN FA FA FA FA CN CN cN cN FA FA cN 13 7 o
2021-10-31 ni:a?:ool 2021-11-01 13:00:00) CN CN CN CN CN CN CN CN CN CN CN CN CN CN CN CN CH FA CN CN 19 1 0
2021-11-01 2021-11-02 cH cN cH cN FA CN FA FA FA FA FA CN cN FA FA cN A FA cN cN w0 10 o
2022-01-17 18:01:00| 2022-01-19 07:01:00] CN CN CN CN ] CN CN CN CN FA FA CN CN CN FA CN FA FA cN FA 14 B
2022-04-16 04:17:00| 2022-04-17 17:17:00] CN CN FA FA CN CN CN CN CN FA CN FA CN CN FA CN CH FA FA CN 13 7
2022-04-19 2022-04-20 17:41:00]  FA FA =] FA FA CN CN cN cN FA FA FA FA CN CN CN | NoData | Fa FA =] 9 10
2022-04-28 08:15:00| 2022-04-20 21:15:00) CN CN CN FA CN CN CN CN CN FA FA CN CN FA FA FA FA CN cN CN 13 7
2022-05-24 19:12:00| 2022-05-26 08:12:00]  FA FA CN FA ] CN CN FA cN FA cH CN CN cN FA cN FA cN cH FA 12 8
2022-08-16 u:za:ool 2022-08-18 00:00:00]  FA FA_ | MoData | MoData | CN CN CN FA CN FA CN CN CN CN FA CN CH FA cN CN 12 ]
2022-08-18 2022-08-18 21:00:00) A FA CN FA CH CN CN FA cN FA CN CN CN CN FA FA FA FA CN CN 1 5
2022-08-18 21:00:00| 2022-08-19 18:14:00{ FA CN CN CN CN CN CN CN CN CN CN CN CN FA FA CN FA FA CN CN 15 5
2022-08-28 17:15:00| 2022-08-30 FA CN CN CN CN CN_|NoData| CN CN FA CN CN CN CN CN CN CN FA FA CN 15 4
2022-08-30 2022-08-31 FA cN CN cN FA CN FA FA cN FA CN CN CN CN CN cN CN FA FA CN 13 7
2022-11-30 08:04:00| 2022-12-01 21:04:00] CN CN CN FA CN CN CN CN CN CN CN CN CN FA FA FA FA CN CN FA 14 ]
2023-03-03 16:19:00| 2023-03-05 04:00:00]  FA cN FA FA FA CN FA FA cN FA cN FA CN CN FA cN CN FA FA cN s 1
2023-03-05 04:00:00) 2023-03-06 16:08:00] FA CN CN FA CN CN CN FA FA FA FA FA FA CN FA CN FA FA FA CN 8 12
Total Correct N 9 1£| 27 12 22 29 24 17| 28 9 24 18 27 26 13 25 1£| 7 18 2i|
Total False Alarms l 14 8 2 17 8 1 5 13 2 21 & 12 3 4 17 5 14 23 12 4
Total No Data | 7 6] 1 1| 0 0 1 0 [ 0 0 0 [ [ o] 0 1] 0 0| 1|

Figure 5.2: All Clear outcomes for SEPVAL challenge >10 MeV, 10 pfu non-event periods showing false alarms, correct negative,

or no data for each model.




L.

SAWS- SAWS-
SPRINTS SAWS- ASPECS SAWS- ASPECS SAWS-
Post ASPECS CME ASPECS flare + CME |SAWS- ASPECS SEPSTER
>100 MeV Eruptive |UMASEP- |CME (SOHO) flare + CME |(SOHO) ASPECS flare (Parker SEPSTER2D ZEUS+PATH |Total |Total (TotalNo
SEP Events 0-24hrs _|100 (SOHO) electrons  |{SOHO) electrons _ |flare electrons  |SEPMOD | SEPSAT Spiral) CME SFS-Update [CME Hits  |Misses |Data
2011-06-07 07:20:00| Miss Hit Hit Hit Hit Hit Miss Miss Miss Miss Miss NoData Miss Hit 6 7 1
2011-08-0405:10:00]  Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Miss Hit 12 2 0
2011-08-0908:25:00]  Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss NoData Miss Hit No Data 9 3 2
2012-01-2304:45:00]  Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Miss Hit 12 2 0
2012-01-27 19:00:00]  Hit Hit Hit No Data Hit No Data Hit NoData Hit Miss Hit Hit Hit Hit 10 1 3
2012-03-07 04:05:00] Miss Hit Hit Hit Hit Hit Hit Hit Miss Miss Miss Hit Hit Miss ] 5 0
2012-03-1318:10:00]  Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit 13 1 0
2012-05-17 02:00:00] Miss Hit Hit Hit Hit Hit Hit Hit Miss Miss Miss Miss Miss Hit 8 6 0
2013-04-1109:40:00] Miss Hit Miss Miss Hit Miss Hit Miss Miss Miss Miss Miss Miss Miss 3 11 0
2013-05-22 14:35:00]  Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Miss 12 2 0
2014-01-06 08:30:00] No Data Miss Hit Hit NoData No Data No Data NoData Miss No Data Miss Miss No Data Miss 2 5 7
2014-01-07 20:30:00 Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss Hit Hit Hit Hit 12 2 0
2015-10-29 04:35:00| No Data Hit Miss Miss NoData No Data No Data NoData Miss Miss Miss Miss No Data No Data 1 6 7
2017-08-10 16:25:00 Hit Hit Hit Hit Hit Hit Hit Hit Hit Miss Hit Hit Hit Hit 13 1 0
2021-10-28 16:35:00 Hit Hit Hit Hit Hit Hit Hit Hit Miss Miss Miss Miss Miss Miss 8 [ 0
2022-01-2007:45:00] Miss Hit Miss Miss Hit Hit Hit Hit Miss Miss Miss Miss Miss Miss 5 9 0
2022-03-2812:45:00) Miss Hit Miss Miss Miss Miss Miss Miss Miss Miss Miss Miss Miss Miss 1 13 0
Total Hits 9 16 13 12 14 12 13 11 [ 0 7 8 7 a8
[] 1 4 4 1 2 2 3 11 16 9 8 8 7
2 0 0 1 2 3 2 3 0 1 1 1 2 2

Figure 5.3: All Clear outcomes for SEPVAL challenge >100 MeV, 1 pfu SEP events showing hit, miss, or no data for each model.
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SAWS- SAWS-
SPRINTS SAWS- ASPECS  |SAWS- ASPECS SAWS-
Post ASPECS CME ASPECS flare + CME [SAWS- ASPECS SEPSTER Total Total
=100 MeV >100 MeV Eruptive |UMASEP- |CME (SOHO) flare + CME |(SOHO) ASPECS flare (Parker SEPSTER2D ZEUS+IPATH |Correct False |TotalNo

Non-Event Start MNon-Event End 0-24 hrs | 100 (SOHO) electrons __[(SOHO) electrons  [flare electrons  |SEPMOD SEPSAT |Spiral) CME SFS5-Update |CME MNegatives |Alarms |Data
2011-03-07 01:05:00|  2011-03-08 04:55:00 FA CHN FA FA FA FA CN CN Mo Data CN FA FA CN FA 5 8 1
2011-05-08 21:42:00| 2011-05-1010:42:00] CN CHN CN CN CHN CN CN CN CN CN CN CN CN CN 14 1] 1]
2012-03-0311:29:00| 2012-03-04 19:00:00) CN CHN FA CN FA CN CN CN CN CN CN CH CN CN 12 2 1}
2012-03-04 19:00:00| 2012-03-0517:30:00] CN CHN FA CN FA CN FA CN CN CN CN CH FA CN 10 4 1}
2012-06-1212:29:00|  2012-06-1401:29:00] CN CN CHN CN CN CN CN CN CN CN CN CN CN CN 14 0 [1]
2012-06-2810:13:00 2012.06-2923:13:00] CN CN CN CN CN CN CN CN CN CN CN CN CN CN 14 [1] 1]
2012-07-06 04:00:00| 2012-07-0707:45:00) FA CN FA& FA FA FA FA FA CN CN CN CH CN CN 7 7 0
2012-07-1118:35:00| 2012-07-12 22:15:00 FA CHN CN CN FA FA FA FA CN CN CHN CN FA CN 8 ] 1]
2012-07-2215:45:00) 2012-07-2313:45:00| Mo Data CN FA FA Mo Data NoData Mo Data No Data CH CH FA FA Mo Data FA 3 5 [:]
2012-09-27 03:00:00| 2012-09-2804:45:00) CN CHN CN CN CH CN CN CN FA CN CN CN CN CN 13 1 1]
2013-06-06 23:32:00|  2013-06-0812:32:00] CN CHN CHN CN FA CN FA CN CN CN CN CH CN CN 12 2 0
2013-06-27 02:36:00  2013-06-2815:36:00] CN CHN CN CN CN CN CN CN CN CN CN CH CN CN 14 0 0
2013-09-29 05:05:00| 2013-09-3017:00:00] CN NoData FA FA CN CN CN CN No Data CN CN CN CN CN 10 2 2
2014-02-24 14:10:00| 2014-02-2622:10:00) CN FA FA FA FA FA FA FA CN CN CN CH FA CN 6 8 1}
2014-04-17 15:25:00|  2014-04-18 19:55:00 FA CHN FA FA FA FA FA FA CN CN CN CN CN CN 7 7 1]
2014-07-3119:00:00|  2014-08-02 08:00:00] CN CHN CN CN CH CN CN CN CN CN CN CN CN Mo Data 13 1] 1
2014-09-10 02:55:00|  2014-09-11 04:55:00 FA FA FA FA FA FA FA FA Mo Data CN CN CN FA FA 3 10 1
2014-10-23 08:37:00| 2014-10-2421:37:00] CN CHN CHN CN CN CN CN CN CN CN CN CH CN CN 14 0 0
2014-11-05 04:32:00|  2014-11-0617:32:00] CN CHN CHN CN CN CN CN CN CN CN CN CHN CN CN 14 0 1]
2014-11-0617:53:00| 2014-11-0806:53:00) CN CHN CHN CN CN CN FA CN CN CN CN CN FA CN 12 2 1}
2014-12-16 05:25:00|  2014-12-1718:25:00) CN CN CN CN FA CN FA CN CN CN CN CN CN CN 12 2 0
2014-12-17 22:41:00|  2014-12-1911:41:00] CN CN FA& CN FA CN FA CN CN CN CN CH CN CN 11 3 1}
2015-03-09 00:00:00| 2015-03-1013:29:00) CN CHN CN CN FA CN CN CHN CN CN CHN FA CN CN 12 2 1]
2016-07-22 06:00:00|  2016-07-2319:00:00] CN CHN CN CN FA FA FA FA CN CN CN CN CN CN 10 4 1]
2017-07-13 09:00:00|  2017-07-14 14:45:00 FA CHN FA FA FA FA CN CN CN CN CN NoData CN CN -] 5 1
2017-05-04 00:40:00|  2017-09-0507:10:00] CN CN FA FA FA FA CN CN No Data CN CN CH CN CN 9 4 1
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Figure 5.4: All Clear outcomes for SEPVAL challenge >100 MeV, 1 pfu non-event periods showing false alarms, correct negative,
or no data for each model.



SEPVAL Median = SEPVAL post-eruptive ~ SEPVAL pre-eruptive
All Clear Scores >10 MeV  >100 MeV  >10 MeV  >100 MeV

Percent Correct 0.73 0.74 0.55 -
Hit Rate 0.82 0.68 0.58 -
False Alarm Rate 0.23 0.21 0.46 -
False Alarm Ratio 0.25 0.53 0.36 -
Bias 1.02 1.35 0.91 -
Threat Score 0.56 0.37 0.42 -
HSS 0.47 0.36 0.07 -
TSS 0.47 0.38 0.07 -

Table 5.2: Median metrics for the SEPVAL challenge set and participating models.
The models that contribute to the median scores are listed in Table 5.1.

For >10 MeV forecasts, the post-eruptive models in Table 5.2 have median
scores of 82% Hit Rate, 23% False Alarm Rate, 0.56 Threat Score, and HSS and
TSS of 0.47. The HSS and TSS mathematically have the same value for balanced
data sets. The median Bias of 1.02 indicates that half the models have a tendency
towards false alarms (>1.0) while the other half have a tendency towards misses
(<1.0) with most models scores close to 1.0. The box plots in Figure 5.5 show a
clear separation between Hit Rate and False Alarm Rate, which would be roughly
equal for a balanced data set if forecasts had random skill. The median scores
for SEPVAL post-eruptive models demonstrate that these models can discriminate
between eruptions that lead to SEP events and those that do not. Figure 5.5 shows
wide-ranging scores around these median values, but most models demonstrate some
forecasting skill.

Pre-eruptive models have much lower forecasting skill for >10 MeV. With a
median Hit Rate of 58% and a False Alarm Rate of 46%, just over half of the SEP
events are hit and nearly half of the non-event periods are false alarms. The HSS is
0.07, slightly greater than zero, indicating that the skill is above random guessing,
but not by much. All SEPVAL challenge periods are associated with strong flares
and these models clearly have a difficult time discerning which active regions will
produce only flares and which will produce flares and SEP events.

For >100 MeV forecasts, the post-eruptive models have lower median scores of
68% Hit Rate, 22% False Alarm Rate, 0.27 Threat Score, HSS of 0.36 and TSS of
0.40. The >100 MeV data set has 17 SEP events and 46 non-event periods, so the
imbalance results in different values for HSS and T'SS. Despite a drop in scores, the
post-eruptive models show some skill at discriminating between event and non-event
periods for the >100 MeV SEPVAL dataset.
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Figure 5.5: Summary box plots of SEPVAL All Clear metrics for post-eruptive
forecasts associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.6: Summary box plots of SEPVAL All Clear metrics for pre-eruptive fore-
casts associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.7: Summary box plots of SEPVAL All Clear metrics for post-eruptive
forecasts associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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5.1.2 Probability

Many models participating in the SEPVAL effort provided forecasts for Probability
of Occurrence, as indicated in Table 5.1. Most models were post-eruptive models,
providing a likelihood that an SEP event would follow a particular flare or CME.
MAG4 and MagPy predicted the probability that an SEP would occur in the next
24 hours based on the present magnetic conditions in active regions on the solar
surface. Table 5.3 reports the median probability metrics for post-eruptive and
pre-eruptive models and Figures 5.8-5.10 show the range of scores per model. The
Brier score is the root-mean squared error of the predicted probability compared
to the observed probability, thus a score of zero is the perfect score. To achieve
a low Brier score, forecasted probabilities for SEP events should be high, close
to 1.0, while forecasted probabilities for non-events should be low, close to zero.
Figures 5.11-5.15 show the distribution of probabilities issued for SEP events and
for non-event periods. A difference between these distributions indicates that a
model is able to discriminate between the two cases. The Brier Skill Score compares
model skill to climatology. In this study, the Brier Skill Score was calculated using
the climatology published in Bain et al. (2021) as a reference, representing the
average likelihood of an SEP event for any given day in Solar Cycle 24. This is
an appropriate climatological comparison for pre-eruptive models like MAG4 and
MagPy, but it is not an appropriate climatological reference for models triggered
by flares and CMEs and is therefore left out of Table 5.3 for post-eruptive models.
The Area Under the Curve (AUC) refers to the curve created in the ROC diagram,
described in Section 3.3.2. An area of 0.5 represents random chance, less than 0.5
represents worse skill than random chance, and a value greater than 0.5 represents
some skill with 1.0 being a perfect score. Figures 5.16, 5.17, and 5.18 show the ROC
curves for SEPVAL.

SEPVAL Median SEPVAL post-eruptive ~ SEPVAL pre-eruptive
Probability Scores >10 MeV  >100 MeV  >10 MeV  >100 MeV
Brier Score 0.23 0.17 0.22 -
Brier Skill Score - - —0.003 -
Area Under the Curve 0.76 0.78 0.56 -

Table 5.3: Median metrics for the SEPVAL challenge set and participating models.

The post-eruptive models reported in Table 5.3 and in Figure 5.8 achieve a
median Brier score and individual scores that are fairly low (i.e., good) for both
>10 and >100 MeV. This indicates that, across models, forecast probabilities for
SEP events must typically be on the higher side while those for non-events are lower.
The pre-eruptive models have a similar median Brier Score for >10 MeV, however
the Brier Skill Score is —0.003, indicating no skill compared to using the average
probability of SEP occurrence for Solar Cycle 24 as a prediction.

Figures 5.11 — 5.15 help to further interpret the Brier score. These raincloud
plots group forecasts associated with observed SEP events (top) and forecasts asso-
ciated with non-event periods (bottom) for >10 MeV (left) and >100 MeV (right).
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Figure 5.8: Summary box plots of SEPVAL Probability metrics for post-eruptive
model forecasts associated with >10 MeV integral proton flux with 10 pfu flux
threshold.
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Figure 5.9: Summary box plots of SEPVAL Probability metrics for pre-eruptive
model forecasts associated with >10 MeV integral proton flux with 10 pfu flux
threshold.

The points show the forecasted probability values and the shaded region shows
the kernel density estimator (KDE) of the distribution of probabilities. Ideally,
SEP and No SEP plots should have different distributions that allow the model to
discriminate between the two cases. Figure 5.11 shows the SPRINTS probability
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Figure 5.10: Summary box plots of SEPVAL Probability metrics for post-eruptive
model forecasts associated with >100 MeV integral proton flux with 1 pfu flux
threshold.

forecasts. SPRINTS issues a probability forecast every minute while a flare is ongo-
ing. The figure shows that forecasts associated with >10 MeV SEPs achieve higher
probabilies than those associated with non-events, indicating good discrimination.
The >100 MeV case is clearly more challenging, nonetheless the two distributions
are different. Figure 5.12 shows raincloud plots for COMESEP, MEMPSEP, PPS
(SFS-Update), UNSPELL, and cRT4+AE10. Each of these models produced a sin-
gle probability forecast per SEPVAL challenge period. As indicated by the Brier
Scores, it is seen that most models have different probability distributions between
SEP and non-event periods. The SAWS-ASPECS models in Figures 5.13 and 5.14
show an interesting comparison that clearly demonstrates how the use of electrons
to suppress false alarm increases discrimination between events and non-events. Fi-
nally, Figure 5.15 shows that the pre-eruptive models do not produce probability
distributions that discriminate well between the two types of challenge periods.
The median AUC for post-eruptive models is 0.76 and all of the individual scores
are above 0.5, which indicates forecasting skill. The ROC curve reflects how the
choice of a probability threshold to convert probability forecasts to binary All Clear
forecasts affects the False Alarm Rate and the Hit Rate. It is desirable to have a
curve that extends to the top left corner where False Alarm Rate is low but Hit
Rate is high. The ROC curves for SAWS-ASPECS in Figure 5.16 show very good
skill in both >10 and >100 MeV, particularly for the “electrons” model versions
that use electron flux as input to reduce false alarms. Figure 5.17 shows that the
other SEPVAL post-eruptive models have similar skill to the non-electron version of
SAWS-ASPECS for >10 MeV. The cRT+AE10 model stands out in this group as a
high performer in this metric. For >100 MeV, the SAWS-ASPECS models and PPS
(SFS-Update) shows similar skill to the >10 MeV counterparts, as reflected in the
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Figure 5.11: SEPVAL probability distributions for SPRINTS associated with >10
MeV integral proton flux with 10 pfu flux threshold and >100 MeV integral proton
flux with 1 pfu flux threshold.
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Figure 5.12: Probability distributions for SEPVAL post-eruptive models associated
with >10 MeV integral proton flux with 10 pfu flux threshold and >100 MeV integral
proton flux with 1 pfu flux threshold.

similar median AUC scores. The median AUC for pre-eruptive models is 0.56, just
above random chance. The ROC curves in Figure 5.18 show performance of MAG4
and MagPy SHARP versions slightly above random guessing with MAG4_LOS_r
demonstrating the most skill.
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Figure 5.13: SEPVAL probability distributions for selected SAWS-ASPECS models
associated with >10 MeV integral proton flux with 10 pfu flux threshold and >100
MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.14: SEPVAL probability distributions for selected SAWS-ASPECS elec-
trons models associated with >10 MeV integral proton flux with 10 pfu flux thresh-
old and >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.15: SEPVAL probability distributions for selected pre-eruptive models as-
sociated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.16: ROC curves for selected SEPVAL SAWS-ASPECS results associated
with >10 MeV integral proton flux with 10 pfu flux threshold and >100 MeV integral

proton flux with 1 pfu flux threshold.
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Figure 5.17: ROC curves for selected SEPVAL post-eruptive models associated with
>10 MeV integral proton flux with 10 pfu flux threshold and >100 MeV integral

proton flux with 1 pfu flux threshold.
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5.1.83 Onset Peak and Maximum Flux

Many models aim to predict the peak flux of an impending SEP event. With
SPHINX, we consider both the onset peak and maximum flux. Without know-
ing the details of each model, it is sometimes unclear which peak flux prediction a
particular model intends to provide, so forecasts are evaluated against both.

SEPVAL Median Onset Peak Maximum Flux

Flux Metrics >10 MeV  >100 MeV  >10 MeV  >100 MeV
Median Log Error 0.06 —0.15 —-0.15 —0.50
Median Absolute Log Error 0.94 0.89 0.86 0.96
Pearson Correlation Coefficient 0.37 0.33 0.39 0.34
Spearman Correlation Coefficient 0.29 0.22 0.39 0.24

Table 5.4: Median metrics for the SEPVAL challenge set and participating models.
The models that contribute to the median scores are listed in Table 5.1. The Pearson
Correlation Coefficient is calculated in log space. The onset peak refers to the initial
rise of the SEP event while the Max Flux refers to the maximum flux value measured
during the SEP event.

The median metrics for onset peak and maximum flux are reported in Table 5.4.
Figures 5.19 — 5.26 show the spread of the metrics in box plots and the Log Error
distribution for each model in combined histograms. The median log error for both
the >10 MeV onset peak and the max flux are near to zero, indicating that the model
predictions as a whole are centered on the observed peak values with little bias.
The median absolute log error, however, indicates that the predictions are generally
different from the observed fluxes by an order of magnitude. Both the median
Pearson and Spearman correlation coefficients indicate that model predictions trend
with observations, but not well. The box plots in Figures 5.19 and 5.21 show that
the individual models have very wide-ranging errors and correlation values. The
histograms in Figures 5.20 and 5.22 show that most SEPVAL models have a bias
close to zero, however predictions can differ from observations by multiple orders of
magnitude.

The median log error for >100 MeV onset peak and maximum flux are both
negative (although the onset peak error is small) indicating that the models have a
tendency to underpredict >100 MeV peak flux. The predictions also tend to differ
from observed values by an order of magnitude or more, as indicated by the median
absolute log error. The correlation coefficients are low. Figures 5.23 — 5.26 show
that the metrics widely vary per model and the distribution of log errors have an
overall bias to underpredict >100 MeV flux. Again, the errors range over a few
orders of magnitude.

Many models produce onset peak and max flux forecasts within an order of
magnitude of the observed value, but the potential for very large errors for indi-
vidual forecasts indicates that more improvements need to be made to increase the
reliability of peak flux forecasts.
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Figure 5.19: Summary box plots of SEPVAL onset peak metrics for forecasts asso-
ciated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.20: Summary histograms of SEPVAL onset peak Log Error for forecasts
associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.21: Summary box plots of SEPVAL max flux metrics for forecasts associ-
ated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.22: Summary histograms of SEPVAL maximum flux Log Error for forecasts
associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.23: Summary box plots of SEPVAL onset peak metrics for forecasts asso-
ciated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.24: Summary histograms of SEPVAL onset peak Log Error for forecasts
associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.25: Summary box plots of SEPVAL max flux metrics for forecasts associ-
ated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.26: Summary histograms of SEPVAL maximum flux Log Error for forecasts
associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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5.1.4, SEPVAL Group Results Summary

Here we summarize the main takeaways of the SEPVAL challenge from the perspec-
tive of the overall group of participating models. The SEPVAL validation effort can
be viewed as an idealized real-time-like validation with high quality inputs and a
balanced data set of a roughly equal number of SEP events and non-event periods.
The All Clear and probability metrics demonstrate that the participating models
are able to discriminate between the SEPVAL challenge SEP events and non-events.
The flare and CME post-eruptive models are more successful than the pre-eruptive
models in all cases. Performance is stronger for >10 MeV events than >100 MeV
events, but the models demonstrate skill for both. Onset peak and max flux pre-
diction median values show little bias, but the accuracy is low with a very wide
range in errors reaching up to 3 orders of magnitude or more between predicted and
observed peak flux values.

For >10 MeV, the post-eruptive models have a median Hit Rate of 82%, False
Alarm Ratio of 25% and HSS of 0.47. The median Brier Score is a fairly good
0.23 and the median AUC is a fairly skillful 0.76. The ROC curves demonstrate
significant skill over random guessing. The pre-eruptive models show less success
in All Clear and probability forecasting, achieving metrics just slightly higher than
random chance with the best performance from the MAG4 LOS approach. The
onset peak and max flux predictions are generally centered around the observed
fluxes, with a median log error close to zero, but there is a very large spread, giving
a median value of ~1 order of magnitude with errors reaching up to 3 or more orders
of magnitude.

For >100 MeV, model performance is generally lower than for >10 MeV but
models are able to discriminate between >100 MeV events and non-event periods.
The median Hit Rate is 68%, the False Alarm Ratio increases to 53%, and the
HSS drops to 0.36. The median Brier Score is good at 0.17 and the median AUC
of 0.78 shows skill. The onset peak and max flux predictions have a bias towards
underprediction with median values of —0.15 and —0.50, respectively. The absolute
log error in peak flux predictions has a median value of &1 order of magnitude, with
a spread in errors of up to more than 3 orders of magnitude.
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5.2 SEP Scoreboard Group Results

The SEP Scoreboards have aggregated real-time forecasts from 10 different SEP
forecasting models and SWPC for over 4 years. These forecasts represent the true
model performance in a real-time setting and their utility for operations. As de-
scribed in Section 4.2, these results include the performance of the full forecasting
chain including real-time data-quality and gaps, model approach, model robustness
and run time, model version updates, and human-in-the-loop support. This analysis
can provide an assessment of AWT that reflects the availability of forecasts for use
by operators. The underlying dataset is a true climatological sample of SEP event
and non-event periods, the imbalance of which depends on each model’s triggers and
cadence. The performance reported here can inform SRAG about the use of models
in operations as well as establish realistic target metrics that define the state of the
art for real-time SEP model forecasting.

In this section we will discuss the group performance (median and distribution)
for the SEP Scoreboards. Section 6 describes the performance of each individual
model for the Scoreboards and SEPVAL (when applicable) in great detail. As was
done for the SEPVAL group comparison, post-eruptive and pre-eruptive models are
evaluated separately. Table 5.5 shows which models are included in the median
metrics for All Clear, probability, onset peak and maximum flux. Most models are
post-eruptive models triggered by flares or CMEs. MAG4 and MagPy forecasts are
produced on a pre-eruptive basis using magnetograms as input. SWPC Day 1 fore-
casts are also considered to be in the pre-eruptive category while SWPC Warnings
are in the post-eruptive category. Deoverlapped All Clear scores (see Section 3.5)
are used for GSU, MAG4, MagPy, and UMASEP.

Scoreboard Model Model Type  Included in Median Metrics

GSU All Clear
MAG4_LOS_FEr
MAG4_LOS_r
MAG4_SHARP
MAG4_SHARP_FE
MAG4_SHARP_HMI

MagPy_SHARP_HMI_CEA (19%)

ENLIL+SEPMOD

SEPSTER (Parker Spiral)
SEPSTER (WSA-ENLIL)

SEPSTER2D

SPRINTS Post Eruptive 0-24 hrs

SWPC Warning

UMASEP-10, UMASEP-100

ZEUS+iPATH CME

pre-eruptive
pre-eruptive
pre-eruptive
pre-eruptive
pre-eruptive
pre-eruptive
pre-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive
post-eruptive

All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Probability
All Clear, Peak

All Clear, Peak

All Clear, Peak

All Clear, Peak

All Clear, Probability
All Clear

All Clear, Peak

All Clear, Peak

Table 5.5: Models included in SEP Scoreboard median metrics for All Clear, Prob-

ability, and Peak (Onset Peak and Max Flux).

95



5.2.1 All Clear

All Clear performance is described through numerous metrics and skill scores, a
subset of which are selected as a focus for this report. Some of these metrics and
skill scores are impacted by the level of imbalance in the dataset used for validation,
as discussed in Section 3.4. The SEPVAL events are an approximately balanced
data set while the SEP Scoreboards are highly imbalanced between SEP and non-
event periods, therefore the numerical values of many metrics cannot be directly
compared between SEPVAL and the SEP Scoreboards. It is also a challenge to
compare scores from different models across the Scoreboards due to their own in-
dividual time coverage and climatologies, however Ahmadzadeh et al. (2023) show
that metrics become less sensitive to imbalance as the imbalance increases. Since
the SEP Scoreboard models are all in the high imbalance regime, we assume that
skill scores can be approximately compared across models.

Scoreboard Median Scoreboard Post-eruptive Scoreboard Pre-eruptive
All Clear Scores >10 MeV >100 MeV  >10 MeV ~ >100 MeV

Percent Correct 0.95 0.99 0.55 -
Hit Rate 0.61 0.18 0.71 -
False Alarm Rate 0.04 0.006 0.46 -
False Alarm Ratio 0.67 0.90 0.96 -
Bias 1.80 2.24 16.9 -
Threat Score 0.26 0.06 0.04 -
HSS 0.28 0.09 0.03 -
TSS 0.50 0.14 0.21 -

Table 5.6: Median All Clear metrics for the SEP Scoreboard. The models that
contribute to the median scores are listed in Table 5.5.

Selected median All Clear scores are reported in Table 5.6. For the post-eruptive
models, the >10 MeV median Hit Rate is 61%, the False Alarm Rate is 4%, and
the False Alarm Ratio is 67%. In the SEP Scoreboards, models are hitting only
about half of the observed SEP with a range as low as ~10% up to ~90%+, shown
in Figure 5.27. The human-driven SWPC Warning has the highest Hit Rate (al-
though Warnings issued after SEP thresholds were crossed were not included in this
analysis). The False Alarm Rate is much lower than SEPVAL, however due to the
highly imbalanced climatology, even a small percentage of false alarms results in
a number of false alarms that exceeds the number of observed SEP events. This
is reflected in the False Alarm Ratio which reports that 67% of yes forecasts are
false alarms. The median bias of 1.80 reflects this tendency towards false alarms
while the Threat Score (0.26), HSS (0.28), and TSS (0.50) are fairly low. The False
Alarm Ratio, Threat Score and HSS are more sensitive to the number of false alarms
with respect to hits (False Alarm Ratio), resulting in very little skill. The TSS is
more sensitive to the Hit Rate and False Alarm Rate, so the score is higher. This
highlights the fact that, in a climatological scenario, the Hit Rate needs to be high
while the False Alarm Rate needs to be reduced to extremely small values to achieve
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high skill scores. Deoverlapped UMASEP-10 achieved the highest HSS = 0.46 with
a False Alarm Rate of 3% and Hit Rate of 69%. SEPSTER (Parker Spiral) achieved
the second highest HSS = 0.44 with a False Alarm Rate of 1.8% and a Hit Rate of
62%.

The >10 MeV All Clear scores for the pre-eruptive models are much lower. As
seen in the SEPVAL results in Section 5.1, these types of models have a difficult
time discerning between active periods that generate SEPs and those that do not.
The median Hit Rate is 71%, but the False Alarm Rate is 46%, and the False Alarm
Ratio is 95%. These models forecast an event will occur nearly half of the time when
conditions are quiet and that nearly all of the yes forecasts are false alarms. The
median Threat Score (0.04) and HSS (0.03) are just barely above zero, indicating
no skill above random chance. Figure 5.28 shows that there are a range of Hit Rates
and False Alarm Rates, but that the False Alarm Ratios are all very high and the
skill scores are all low.

All Clear performance for >100 MeV events is poor for post-eruptive models
(no pre-eruptive models predict >100 MeV). The range of scores is plotted in Fig-
ure 5.29. The low Hit Rates and high False Alarm Ratios result in very little
forecasting skill, with the exception of UMASEP-100.

1.01 ¢ 1.0 M mm SEPMOD
SEPSTER (Parker Spiral)
e BN SEPSTER (WSA-ENLIL)
5 I SEPSTER2D
0.8 0.81 I SPRINTS Post Eruptive 0-24 hrs
B SWPC Warning
M UMASEP-10
° 4 1 BN ZEUS+PATH_CME
06 06 L
- 31
L]
o
0.4 0.4 °
° 2 4
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I 1-
0.0 Q 0.0+ 0-
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Figure 5.27: All Clear, Post-eruptive, >10 MeV: Summary box plots of SEP Score-
board All Clear metrics for post-eruptive forecasts associated with >10 MeV integral
proton flux with 10 pfu flux threshold.
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Figure 5.28: All Clear, Pre-eruptive, >10 MeV: Summary box plots of SEP Score-
board All Clear metrics for pre-eruptive forecasts associated with >10 MeV integral
proton flux with 10 pfu flux threshold.
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gral proton flux with 1 pfu flux threshold.
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5.2.2 Probability

Probability forecasts are issued to the Scoreboards by the pre-eruptive models GSU,
MAG4, and MagPy and the post-eruptive SPRINTS. Table 5.7 shows the median
scores for both model types. SPRINTS is the only post-eruptive probability model
evaluated here. It has a low (good) Brier Score, but this is driven by the vast
number of correct negatives, however the AUC of 0.70 for >10 MeV and 0.90 for
>100 MeV indicates the model does have skill. The pre-eruptive models have a weak
performance, although the median AUC of 0.61 and the box plot in Figure 5.31 show
small skill above random chance for MagPy and the MAG4 variants.

Scoreboard Median Scoreboard Post-eruptive Scoreboard Pre-eruptive
Probability Scores >10 MeV >100 MeV  >10 MeV ~ >100 MeV
Brier Score 0.006 0.002 0.03 -
Brier Skill Score - - -0.04 -
Area Under the Curve 0.70 0.90 0.61 -

Table 5.7: Median probability metrics for the SEP Scoreboards. The Brier Skill
Score is calculated using the climatology published in Bain et al. (2021) as a refer-

ence, therefore it is not an appropriate climatological reference for models triggered
by flares and CME.

In Figure 5.33, the ROC curve for SPRINTS demonstrates skill above the random
guess line. Encouragingly, the ROC curves of the pre-eruptive models MAG4 and
MagPy, in Figure 5.34, show positive skill over random guess and further, indicate
that the All Clear metrics for the LOS versions of MAG4 might increase with a
different choice of probability threshold for binary conversion.

In real-time forecasting, it is desirable for issued probabilities to represent the
observed frequency of SEPs. The reliability diagrams in Figures 5.35 and 5.36
compared the predicted probabilities with the associated observed SEP frequencies.
For >10 MeV, SPRINTS over-predicts the probabilities compared to the observed
frequency of SEP events. Figure 5.36 shows that MAG4 variants generally issue
forecasts below 50%. The points in the lower right corner are due to a series of 99%
forecasts that were issued randomly for a short period of time and are believed to be
caused by a temporary bug. The remaining probability forecasts have a tendency
to follow the perfect calibration line, indicating that they are fairly calibrated to
realistic observed frequencies, however under- and over-prediction is seen for some
probabilities.

For the SEP Scoreboards, MAG4 and MagPy demonstrate the best performance
with respect to probability. Their issued probabilities are generally aligned with
observed SEP frequencies, as demonstrated by their reliability diagrams, and their
skill exceeds that of random guess, as shown by the ROC curves and AUC values
above 0.5.

99



1.01

0.8

0.6 1

0.4

0.2

0.0-

1.01 1.00 1
0.751
0.8 1
0.50 1
0.251
0.6 1
0.00 1
0.4 -0.251
-0.50 1
0.2 1
-0.751
— - -1.00- :
Brier Brier Area
Score Skill Under
Score ROC
Curve

I SPRINTS Post Eruptive 0-24 hrs

Figure 5.30: Probability, Post-eruptive, >10 MeV: Summary box plots of SEP Score-
board probability metrics for post-eruptive forecasts associated with >10 MeV in-
tegral proton flux with 10 pfu flux threshold.
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board probability metrics for pre-eruptive forecasts associated with >10 MeV inte-
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Figure 5.32: Probability, Post-eruptive, >100 MeV: Summary box plots of SEP
Scoreboard Probability metrics for forecasts associated with >100 MeV integral

proton flux with 1 pfu flux threshold.
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Figure 5.33: Summary ROC curves of SEP Scoreboard SPRINTS forecasts associ-
ated with >10 integral proton flux with 10 pfu flux threshold and >100 MeV integral

proton flux with 1 pfu flux threshold.
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Figure 5.34: Summary ROC curves of SEP Scoreboard MAG4 and MagPy forecasts
associated with >10 integral proton flux with 10 pfu flux threshold.
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Figure 5.35: Summary reliability diagrams of SEP Scoreboard SPRINTS forecasts
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integral proton flux with 1 pfu flux threshold.
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Figure 5.36: Summary reliability diagrams of SEP Scoreboard MAG4 and MagPy
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5.2.83 Onset Peak and Maximum Flux

Half of the models on the SEP Scoreboards make a peak flux or time profile pre-
diction. SEPSTER was designed to predict the onset peak while SEPSTER2D was
developed to predict the maximum flux achieved during an SEP event. SEPMOD
and iPATH are physics-based models that track simulated CMEs as they propa-
gate through a solar wind simulation and produce particles with time that travel
to Earth. This results in full time profile predictions and both the onset peak and
maximum flux are extracted, however only SEPMOD will model ESP enhancements.
UMASEP predicts the maximum flux expected to occur in a specific time window
that varies according to particle energy and estimated magnetic connectivity. These
windows are designed to encompass the onset peak of observed SEP events, but this
may not always be the case. All of these models are compared to both the observed
onset peak and maximum flux.

Scoreboard Median Onset Peak Maximum Flux

Flux Metrics >10 MeV  >100 MeV  >10 MeV  >100 MeV
Median Log Error 0.12 —1.12 —0.55 —1.25
Median Absolute Log Error 0.56 1.12 0.68 1.25
Pearson Correlation Coefficient 0.14 0.19 0.22 0.60
Spearman Correlation Coefficient 0.23 0.14 0.21 0.40

Table 5.8: Median metrics for the SEP Scoreboards. The models that contribute
to the median scores are listed in Table 5.5. The Pearson Correlation Coefficient is
calculated in log space. The Onset Peak refers to the initial rise of the SEP event
while the Max Flux refers to the maximum flux value measured during the SEP
event.

Table 5.8 reports the median errors for onset peak and maximum flux. For the
SEP Scoreboards, the median log errors are within an order of magnitude for both
types of peaks and both energies with an underprediction of half an order of mag-
nitude for max flux. The correlation coefficients show that there is little correlation
between the predictions and observations, except for >100 MeV maximum flux. It
should be kept in mind that a small number (17 or less) of events are included in
the correlation values for >100 MeV. Figure 5.37 shows that models generally pre-
dict onset peak fluxes in the right order of magnitude, but that the correlation is
very low indicating that the event-to-event variability is not being captured. Figure
5.39 shows an overall underestimation of the maximum flux, but this is expected
as most of the models are designed to predict the onset peak, with the exception
of SEPSTER2D. Figures 5.38 and 5.40 of the log error distributions demonstrate
that the models have a spread centered within an order of magnitude of zero. The
median absolute log error of 0.56 for onset peak and 0.68 for maximum flux indi-
cate that predictions are generally within an order of magnitude of the observed
fluxes. Similarly, log error distributions in Figure 5.38 show that most predictions
are within an order of magnitude, but the range of errors extends to 2 or more orders
of magnitude. For >100 MeV, Figures 5.41 —5.44 show that the story is the same for
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>100 MeV with a tendency to underpredict by more than an order of magnitude.
Only iPATH and UMASEP-100 span log errors close to zero. For any individual
SEP event, the wide range of possible errors means that peak flux forecasts are

unreliable. This is consistent with what was found for SEPVAL.

v v 1.00 1
041 0.8 0.75+
0.50 1
0.21 ] o °
0.6 0.25 1 T
0.0 0.00 1 =
0.4
° -0.251
-0.2
. 021 -0.501
-0.4
-0.751
= 0.0- . -1.00- .
Median Median Pearson
Log Absolute Correlation
Error Log Coefficient
(MedLE) Error (Log)
(MedALE)

Spearman

Correlation

Coefficient
(Linear)

SEPMOD

SEPSTER (Parker Spiral)
SEPSTER (WSA-ENLIL)
SEPSTER2D
UMASEP-10
ZEUSH+iPATH_CME

Figure 5.37: Summary box plots of SEP Scoreboard Onset Peak metrics for forecasts
associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.38: Summary histograms of SEP Scoreboard Onset Peak log error for
forecasts associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.39: Summary box plots of SEP Scoreboard Max Flux metrics for forecasts
associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.40: Summary histograms of SEP Scoreboard Max Flux log error for fore-
casts associated with >10 MeV integral proton flux with 10 pfu flux threshold.
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Figure 5.41: Summary box plots of SEP Scoreboard Onset Peak metrics for forecasts
associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.42: Summary histograms of SEP Scoreboard Onset Peak log error for
forecasts associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.43: Summary box plots of SEP Scoreboard Max Flux metrics for forecasts
associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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Figure 5.44: Summary histograms of SEP Scoreboard Max Flux log error for fore-
casts associated with >100 MeV integral proton flux with 1 pfu flux threshold.
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5.2.4 Advance Warning Time

The Advance Warning Time (or lead time) evaluates how far in advance a model
makes a forecast available to the end-user. It is calculated by comparing the forecast
issue time (when the forecast is written to file) and the time that the phenomenon
is observed, described further in Section 3.3.4. In this case, we compare the forecast
issue time for All Clear forecasts to the observed SEP event threshold crossing time.
We also compare the forecast issue time for peak flux forecasts with the observed
onset peak time. A positive AWT means that the forecast was issued before the
observed start or peak happened and a negative AWT means the forecast was issued
after the observed start or peak happened. A negative AWT might occur for models
with long run times or due to delayed input data. If the model run time is too long
or the input data takes too long to become available, the model may not be able to
get the forecast into the hands of the end-user before the observed start or peak has
already happened.

Forecasts only provide advance warning if they correctly predict an event will
occur, therefore AWT is calculated from the subset of forecasts that were hits. Ta-
ble 5.9 lists the median AWT per model in hours for >10 MeV events and Table 5.10
lists the median AWT per model in hours for >100 MeV events. The columns la-
beled “N” indicate the number of hits that were used to calculate the median value.

The labels “Strict” and “First” refer to two different methods implemented in
SPHINX to evaluate AWT. For models that produce multiple forecasts ahead of
a single SEP event, the “Strict” approach requires that all forecasts leading up
to the event are hits. The first forecast in the pre-eruptive sequence of hits is
used to calculate AWT. In the “First” approach, the very first hit associated with
a SEP is used to calculate AWT, regardless of whether later forecasts may have
been misses. The “First” forecast approach is consistent with the method used to
calculate deoverlapped All Clear scores, since in that logic, any hit gives the model
credit for correctly predicting an event.

In Table 5.9 for >10 MeV, the pre-eruptive models GSU and MAG4 show very
long lead times for tens of SEP events. It should be kept in mind that models that
produce many false alarms, like GSU and MAG4, may get hits in a random fashion
when a series of false alarms happened to “run into” an observed SEP event. AWT
can only be appropriately evaluated alongside model skill. Also note that many of
the models have a very small number of hits, so the reported AWT reflects only a
few events and is not a reliable estimate.

For models with demonstrated skill and a large number of hits, two categories are
evident on the SEP Scoreboards — those that require CME parameters and those
that do not. SEPSTER, SEPSTER2D, SEPMOD, and iPATH all require CME
parameters to be measured by M2M and entered into the DONKI catalog to trigger
a run. These models typically issue forecasts an hour or more after an observed
SEP event threshold has been crossed. The good news is that these models all
predict peak flux and forecasts are typically available prior to the observed onset
peak. Figure 5.45 shows that the AWT for CME-input models ranges across positive
and negative values, meaning that some forecasts are able to be issued prior to an
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observed SEP threshold crossing.

SPRINTS runs automatically after a flare occurs and shows 1.8 hours of warning,
however it should be noted that the All Clear and probability sections above show
limited skill. UMASEP-10 and HESPERIA-REIeASE both ingest in situ energetic
proton and electron measurements, respectively, to make forecasts. Both models
have demonstrated forecasting skill and are often the first models to indicate a
change in the space radiation environment on the SEP Scoreboards. UMASEP-
10 has a median AWT of 0.74 hours (44 minutes) and HESPERIA-REIeASE has
median AWT values of 3.4 hours using ACE electron inputs and 1.0 hours using
SOHO electron inputs. It should be noted that HESPERIA-RElIeASE ACE 60-min
has a tendency towards false alarms compared to HESPERIA-REleASE SOHO 60-
min. The SWPC Day 1 forecasts provide an impressive lead time of over 14 hours,
however this forecast does suffer from false alarms. The SWPC Warning product
is by far the most reliable as it is typically issued by a forecaster when conditions
are obviously leading towards an SEP event. Even so, the median AWT for these
warnings is 0.93 hours (56 minutes). It is interesting to note that Figure 5.45 shows
a very similar AWT distribution for SWPC Warning and UMASEP-10.

Table 5.10 for >100 MeV tells a similar story — iPATH issues forecasts many
hours after a >100 MeV threshold crossing has occurred, and in this case, does not
typically provide forecasts before the >100 MeV peak is observed. Only UMASEP-
100 and SWPC Warning have enough hits for an informative lead time and both issue
forecasts less than 20 minutes prior to the observed event start. Near-relativistic
>100 MeV protons can arrive at Earth within 20-30 minutes after an eruption on
the Sun, therefore providing advance warning ahead of these energetic events is an
extremely challenging task for SEP model forecasting today.
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Model AWT N AWT N AWT to N AWT to N

(Strict) (Strict)  (First) (First)  Onset Peak (Strict) Onset Peak (First)
(Strict) (First)
GSU All Clear 23.1 14 23.3 23 - - - -
MAG4_LOS_FEr 22.5 27 22.6 29 - - - -
MAG4_LOS_r 224 23 22.5 28 - - - -
MAG4_SHARP 16.1 10 20.3 23 - - - -
MAG4_SHARP_FE 13.0 15 20.8 24 - - - -
MAG4_SHARP_HMI 16.0 6 19.4 13 - - - -
MagPy SHARP_HMI_CEA 0 17.6 2 ; ; ; ;
SEPMOD —-3.5 8 -3.1 9 —-1.5 8 —-1.1 9
SEPSTER (Parker Spiral) —0.61 16 —0.70 18 4.1 16 3.6 18
SEPSTER (WSA-ENLIL) —0.96 15 —0.96 15 14 15 14 15
SEPSTER2D —0.55 27 —0.55 29 3.5 27 3.5 29
SPRINTS Post Eruptive 0-24 hrs 1.81 5 1.8 5 - - - -
SWPC Day 1 (1%) 14.3 28 14.3 28 - - - -
SWPC Day 1 (10%) 14.7 17 14.7 17 . ; ; ;
SWPC Warning 0.93 28 0.93 28 - - - -
UMASEP-10 0.74 23 0.77 24 5.7 23 5.9 24
ZEUS+iPATH_ CME —-2.9 11 -29 11 2.5 10 2.5 10
HESPERIA REleASE ACE 60-min - - 3.4 25 - - - -
HESPERIA REleASE SOHO 60-min - - 1.0 25 - - - -

Table 5.9: Median Advance Warning Time in hours for SEP Scoreboard models (>10 MeV). Positive (negative) AWT indicates
forecasts were issued before (after) observed threshold crossing or onset peak time. N is the number of forecasts included in the
median. Strict specifies that all consecutive forecasts leading up to the threshold crossing or onset peak had to be hits. First
specifies the AWT from the first forecast that was a hit. Dash indicates the field is not relevant. Note that AWT is a function of
a model’s tendency towards hits and false alarms.
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Model AWT N AWT N AWT to N AWT to N

(Strict) (Strict)  (First) (First)  Onset Peak (Strict) Omnset Peak (First)
(Strict) (First)
SEPSTER2D —0.88 1 —4.8 2 3.8 1 —0.36 2
SPRINTS Post Eruptive 0-24 hrs 0.49 3 0.49 3 - - - -
SWPC Warning 0.33 6 0.33 6 - - - -
UMASEP-100 0.29 6 0.29 6 4.4 4 4.1 )
ZEUS+iPATH_.CME —10.0 3 —6.8 4 —2.0 2 —-2.1 3

Table 5.10: Median Advance Warning Time in hours for SEP Scoreboard models (>100 MeV). Positive (negative) AWT indicates
forecasts were issued before (after) observed threshold crossing or onset peak time. N is the number of forecasts included in the
median. Strict specifies that all consecutive forecasts leading up to the threshold crossing or onset peak had to be hits. First
specifies the AWT from the first forecast that was a hit. A dash (-) indicates the field is not relevant. Note that AWT is a
function of a model’s tendency towards hits and false alarms.
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Figure 5.45: Advance Warning Time box plots showing the distribution of AWT per forecast for models on the SEP Scoreboard

for >10 MeV proton flux crossing 10 pfu threshold (left) and >100 MeV crossing 1 pfu threshold (right).



5.2.5 SEP Scoreboards Group Results Summary

Models forecasting to the SEP Scoreboards demonstrate the challenge of forecasting
in real-time conditions. For >10 MeV All Clear forecasts, the median Hit Rate is
only 61%, however the scores vary widely with some models achieving upwards of
70%. The False Alarm Rates are very low, clustered around a median of 4%, however
that is not low enough to reduce the number of false alarms to less than the number
of observed SEP events. The SEP Scoreboards provide a realistic evaluation of skill
for SEP models running in real time. Due to the mediocre hit rate and high numbers
of false alarms, HSS is low with a median of 0.28, much lower than is often reported
in the literature. The highest skill models for All Clear were UMASEP-10 with a
Hit Rate of 69%, False Alarm Rate of 3%, and HSS of 0.46. SEPSTER achieved the
second highest HSS of 0.44 with a Hit Rate of 62% and False Alarm Rate of 1.8%.
Models must aim to maintain a high Hit Rate while reducing false alarms almost to
zero to achieve high skill scores in a realistic climatological scenario for SEP events.

The performance of probability models on the SEP Scoreboards is very low with
skill just above random chance. MAG4 and MagPy were able to achieve AUC
values greater than random chance. Reliability diagrams demonstrate that these
two models are able to produce probability values that trend around the observed
frequencies of SEP events.

SEP models have a very difficult time predicting onset peak and maximum
flux. For >10 MeV events, SEPMOD, SEPSTER, SEPSTER2D, UMASEP-10, and
iPATH, have biases for log error close to zero. The distribution of errors extends
across multiple orders of magnitude for most models. For >100 MeV, the overall
story is the same with an increased bias towards underprediction. SEP Scoreboard
forecasts are able to trend around observed onset peak and maximum flux values
in a statistical sense, but for any given forecast, the error may be up to 3 orders of
magnitude, making it very difficult to use peak flux forecasts in operations.

The SEP Scoreboards provide the opportunity to quantify Advance Warning
Time, the lead time provided by the model. The AWT reported here is the differ-
ence between the forecast issue time (when the forecast is written to file) and the
observed SEP event threshold crossing time. Additionally, AWT to onset peak time
is calculated for models that give peak flux forecasts. Advance warning must be
interpreted in the context of model skill and the likelihood for hits and false alarms.
Models that require CME parameters as input typically have negative AWT due
to the current delay in receiving coronagraph imagery as well as operational con-
straints in measuring CMEs in a timely manner (i.e. M2M not 24/7), although some
forecasts are able to be issued ahead of SEP start times. UMASEP and HESPERIA-
REleASE provide about an hour advance warning, which is similar to the SWPC
Warnings issued when an SEP event is imminent.
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6 Individual Model Validation Results

6.1 SWPC as a baseline model

NOAA SWPC is the official space weather forecasting service for the United States.
SWPC forecasters use a wide variety of operational assets to monitor the Sun 24/7,
and produce dozens of forecasting products at a regular cadence touching upon all
aspects of space weather, including solar active regions, solar flares, radio bursts,
geomagnetic storms, and SEPs. SWPC has a long history of collaboration with
SRAG dating back to the Apollo era. As such, their forecasting skill is a natural
reference point from which to compare computer models with similar objectives.

SWPC forecasting products range from free-form discussions of overall space
weather conditions, to quantitative forecasts of specific events, with rigorous defi-
nitions and meaning. Two of these forecasting products are evaluated here using
the SPHINX framework in order to serve as a basis of comparison for the largely
automated computer models evaluated throughout this report. SWPC Day-1 fore-
casts, discussed in Section 6.1.1, are daily probabilistic proton event forecasts for
SPEs, or “S1 Events” using the SWPC solar radiation storm scale. SWPC Warn-
ings, discussed in Section 6.1.2, are issued when an SPE or ESPE appears to be
imminent. Both of these types of forecasts are extensively validated in the analysis
of Bain et al. (2021). However, our analysis is necessary in order to (1) evaluate
SWPC forecasts for the time frame of Scoreboard operation (2019-2024; the ascend-
ing phase of solar cycle 25) and for the specific set of SEPVAL event periods, and
(2) to use exactly the same SPHINX forecast matching logic that will be applied
to other models in this analysis (see Section 3.2). This provides us with a fair set
of performance metrics to use as a basic of comparison for the Scoreboard models.
However, those differences will lead to discrepancy with respect to results published
in Bain et al. (2021), which covered the entire solar cycles 23 and 24. In particular,
readers are cautioned that our “All Clear” analysis in the following section uses a
different probability threshold than what was used in Bain et al. (2021), resulting
in skill scores that are not comparable.

6.1.1 SWPC Day-1

SWPC Day 1 forecasts were gathered from archives of the Report of Solar and Geo-
physical Activity (RSGA). This product is issued daily at 22:00 UTC and contains a
probability forecast for SPEs to occur on days 1, 2, and 3 following midnight (00:00
UTC) after the forecast was issued. We only consider the forecast for the following
day, Day-1. SWPC never fails to issue a forecast, however our collection of archival
data was missing forecasts for 18 days, resulting in the difference between N Days
and N forecasts in Table 6.1. Furthermore, SPHINX matching logic rejects forecasts
that are issued during an event, and this occurred for 38 forecasts, resulting in a
total of 2135 forecasts considered. This is a crucial difference between our analysis
and that of Bain et al. (2021), where SWPC often issues forecasts of 99% probability
of an event to occur the following day when an event is ongoing at the issue time of
22:00 UTC. These persistence forecast “hits” are not operationally useful for SRAG
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SWPC Day-1

Characteristic > 10 MeV
First Forecast 2019-01-02
Last Forecast 2024-12-31
N Days 2191
N Forecast Days 2172
N SEP Days 34
Forecast Cadence daily
Prediction Window 24 hr
N forecasts 2173
N matched w/events 34
Imbalance (raw) 62.9
Imbalance (days) 62.9

Table 6.1: SWPC Day-1 validation characteristics.

Brier Score: 0.6863
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Figure 6.1: Forecasted probabilities and Gaussian kernel density estimates for
SWPC Day-1 from SEPVAL and the SEP Scoreboard, separated by event peri-
ods and non-event periods. Considers >10 MeV integral proton flux with a 10 pfu
flux threshold.

and are not considered by SPHINX.

Figure 6.1 shows the distributions of probability forecasts issued by SWPC Day-
1. We see good performance in distinguishing SEP event periods from non-event
periods in real-time operations during the Scoreboard period, with a significantly
higher median probability of 12.5% for event periods over the 1.0% median during
non-event periods. The distribution for the non-event periods is also very narrow,
with the vast majority of forecasts being either 1% or 5%. Note that SWPC Day-
1 forecasts are typically quantized at 5% intervals, with the exception on their
preference to issue a 1% forecast instead of a 0% forecast. By comparison, the event
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period distribution is much broader and has an extended tail of higher probability
forecasts. Note that the fatter tail is only relative to the peak: there are many
more probability forecasts issued during non-event periods, as seen in the scatter
plot below the distribution. But relative to the overwhelming peak of 1% forecasts
the high-probability tail is much smaller.

The performance for the SEPVAL dataset was not as good. Figure 6.1a shows
that higher probability forecasts were issued during non-event periods than event
periods. This appears to be due to a relatively larger number of 10% forecasts
for this particular challenge set. This outcome would seem to indicate difficulty in
distinguishing SEP-producing solar conditions when many of the underlying char-
acteristics of the event and non-event periods are the same. Recall that the SEP-
VAL non-event periods were intentionally biased to contain trigger events (flares
and CMEs) that have characteristics similar to those in the event period class (see
Section 4). It is likely that this bias also resulted in similarities in other character-
istics that SWPC considers when making the Day-1 forecast, such as AR sizes and
complexity, recent flaring rates, etc. The Scoreboard results can be interpreted as
evidence of skill in distinguishing active, SEP-producing periods from much more
frequent quiet periods, while the SEPVAL results indicate difficulty distinguishing
SEP-producing active periods from non-SEP producing active periods.

SWPC Day-1 SEPVAL  Scoreboard
Probability > 10 MeV > 10 MeV

(N =58) (N =2135)
Brier Score 0.41 0.02
Brier Skill Score 0.12 —0.25
Brier (SEP) 0.801 0.686
Median P SEP 0.030 0.125
Area Under the Curve 0.48 0.78

Table 6.2: SWPC Day-1 probability metrics.

Table 6.2 summarizes probability performance metrics for SWPC Day-1. The
performance follows from the quality of the probability distributions described above:
performance of the continuous set of forecasts issued during the Scoreboard time
period is better than for the limited set of 58 event and non-event periods for SEP-
VAL. The Brier Score for the Scoreboard is close to the ideal value of 0, dominated
by the correct issuance of low probability forecasts during the vast majority of quiet
days. The Brier Skill Score for the Scoreboard is negative, indicating worse Brier
Score performance than a consistent climatological forecast of 3.3%, the value found
by Bain et al. (2021) for solar cycle 24. As described above, the median probability
issued prior to Scoreboard events was 12.5% and well separated from the median
1% issued for non-event periods. The Area Under the Curve was reasonably high,
0.78.

Figure 6.2 shows the reliability diagram for SWPC Day-1. The log-scale his-
togram included in the plot shows a nearly power-law decrease in the numbers of
higher probability forecasts up to 40%, after which even higher probability forecasts
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Figure 6.2: Reliability diagram for SWPC Day-1 from the SEP Scoreboard. Con-
siders >10 MeV integral proton flux with a 10 pfu flux threshold.

are very infrequent. The issued probabilities are higher than the observed frequency
of events, indicating that SWPC systematically overestimates the likelihood of an
event. This result was also seen in Bain et al. (2021) for lower probability forecasts,
but there the situation improved for high probability forecasts P > 80%. We do not
see a similar improvement due to our removal of persistence forecasts issued during
an event.
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Figure 6.3: ROC curves for SWPC Day-1 from SEPVAL and the SEP Scoreboard.
Considers >10 MeV integral proton flux with a 10 pfu flux threshold. Note that the
“Model Choice” probability threshold was arbitrarily set at 1%. SWPC does not
issue All Clear forecasts.

Figure 6.3 shows the ROC curves for SWPC Day-1. Following the trends in
behavior observed from inspecting the event/non-event probability distributions in
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Figure 6.1, we see that the ROC curve is quite reasonable for the Scoreboard, but
very poor for SEPVAL. The Scoreboard curve, covering the rise phase of solar cycle
25 (2019-2024) is not as good as the aggregate curves presented in Bain et al. (2021)
for solar cycles 23 & 24, surely due to our rejection of forecasts issued during ongoing
SEPs. That work obtained AUC scores of 0.88 and 0.90 respectively'®, compared to
our result of 0.78. Nonetheless, our results show that a relatively good “All Clear”
model can be derived from SWPC Day-1 probability forecasts.
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»— Hit Rate
—8— False Alarm Rate
0.8 —8— False Alarm Ratio
: —e— Threat Score
—8— Heidke Skill Score
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Figure 6.4: SWPC Day-1 All Clear metrics as a function of the chosen probability
threshold.

SWPC does not issue an All Clear forecast product. Therefore, for the purposes
of comparison to other All Clear forecasts in this report, we construct a SWPC All
Clear model by choosing a threshold on SWPC Day-1 probabilities. This exercise
is a case study in the tradeoffs that must be made and kept in mind when com-
paring models on the basis of metrics of binary forecasts like All Clear. Figure 6.4
shows how our chosen set of metrics change with the choice of probability threshold.
Metrics values are tabulated up to 50% in Table 6.3, with the best metric values in
bold. As can be seen from the table, there is no choice of threshold that optimizes all
metrics simultaneously — significant tradeoffs are involved that ultimately depend
on whether the application prefers to minimize misses (1 — Hit Rate) or false alarms.
For the lower range of probability thresholds, the Hit Rate drops dramatically, as
does the False Alarm Rate. Note how quickly the True Skill Statistic becomes equiv-
alent to the Hit Rate as the False Alarm Rate trends to zero, as can be understood
from its definition given in Equation 3.8. For the purposes of model comparison in
this work we choose a middle point in the metric trends at a probability threshold

"5Note that Bain et al. (2021) published the ROC skill score, ROCSS = 2AUC — 1. We have
converted ROCSS back to AUC for comparison.
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This Work | Bain 2021

SC25 (2019-2024) SC23 SC24
Threshold 1% 10% 20% 30%  40% 50% 50%  50%
Percent Correct 0.68 091 0.96 0.98 0.98 0.98 0.97 0.99
Hit Rate 0.76 050 0.35 0.18 0.15 0.09 0.47  0.62

False Alarm Rate 0.33 0.09 0.03 0.012 0.008 0.005 | 0.002 0.004
False Alarm Ratio 0.96 091 0.85 0.81 0.76 0.79 0.07 0.16

Threat Score 0.04 0.08 0.12 0.10 0.07 0.05 | 045 0.55
Bias 21.0 582 229 0.91 0.62 0.41 0.50  0.73
HSS 0.04 0.12 0.20 0.17 0.17 0.12 | 0.61 0.70
TSS 0.44 041 032 016 0.14 0.08 | 047 0.61

Table 6.3: SWPC Day-1 All Clear metrics from Scoreboard forecasts by selection
of probability threshold. The best value for each metric is bold, as is our choice for
probability threshold. Results are compared to those of Bain et al. (2021) where
hits attributed to persistence forecasts issued during an ongoing event result in a
large difference in the metrics compared to our work which omits those forecasts.

of 10%. At this value, the Hit Rate (50%) is near the middle of its range, the False
Alarm Ratio remains high at 91%, but it is not possible to drive it too low in any
case, and the TSS (0.41) is near its high end while the HSS (0.12) is near the middle
of its range.

As discussed in the introduction, the differences in our dataset and approach
make our metrics uncomparable to those published in Bain et al. (2021). In that
work, a threshold analysis analogous to what is shown in Figure 6.4 showed that the
Hit Rate declined slowly from ~ 70% to ~ 50% for probability thresholds ranging
from 20% to 90%. HSS remains at relatively high values >0.60 throughout that
range, and False Alarm Ratios fall below 20%. Table 6.3 compares the metrics
directly. Our results indicate that the combination of high Hit Rate, low False Alarm
Ratio, and high HSS are unattainable when omitting the persistence forecasts issued
during an event.

SEPVAL Scoreboard
Observed Observed
% Yes No | Sum Yes No | Sum
E Pred. Yes 8 6 14 Pred. Yes | 17 181 198
7\ Pred. No | 22 23 45 Pred. No | 17 1920 | 1937
Sum | 30 29 59 Sum | 34 2101 | 2135

Table 6.4: Contingency tables for SWPC Day-1 at a 10% threshold for SEPVAL
and the SEP Scoreboard.

Table 6.4 gives the contingency table for SWPC Day-1 forecasts at a >10%
probability threshold for both the SEPVAL and Scoreboard datasets, while Ta-

ble 6.5 gives the resulting metrics. For the Scoreboard, as discussed above, we chose
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SWPC Day-1 (10%)

SEPVAL Scoreboard

All Clear > 10 MeV > 10 MeV

(N =59) (N =2135)
Percent Correct 0.52 0.91
Hit Rate 0.27 0.50
False Alarm Rate 0.21 0.09
False Alarm Ratio 0.43 0.91
Bias 0.47 5.82
Threat Score 0.22 0.08
HSS 0.06 0.12
TSS 0.06 0.41

Table 6.5: SWPC Day-1 (10%) All Clear metrics.

a threshold that provides a provide medium Hit Rate (50%), which results in a rela-
tively high False Alarm Ratio and low HSS. For the SEPVAL dataset the indicated
performance is worse, with a Hit Rate of only 27% and lower skill scores of HSS and
TSS at 0.06. The significant decline in skill scores for the SEPVAL challenge set is
surprising given the apparent quality of the SWPC probability forecasts discussed
above. One possible explanation is the relatively active non-event period selections
for SEPVAL are particularly challenging for SWPC to distinguish, while SWPC

excels at distinguishing quiet periods from active periods.
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6.1.2 SWPC Warnings

SWPC Warnings are issued when a >10 MeV GOES proton flux is expected to
exceed 10 pfu. SWPC only issues warnings when a threshold crossing is expected
and never when conditions are expected to remain quiet. The contingency table
therefore has only hits and false alarms, as this type of forecast will not result in
correct negatives. If a warning was issued after an event began, SPHINX does not
evaluate it. This is why the contingency table contains less than the 37 SEP events
that were observed during the evaluated period. This is different than the approach
of Bain et al. (2021), who counted warnings issued after the threshold crossing as
a “miss”. SWPC sometimes issues multiple warnings for the same SEP event. We
have separately “deoverlapped” these forecasts by removing the duplicity.

All Warnings Deoverlapped
Observed Observed
Yes No | Sum Yes No | Sum
Pred. Yes | 38 14 52 Pred. Yes | 29 12 41
Pred. No — — — Pred. No — — —
Sum | 38 14 52 Sum | 29 12 41

Table 6.6: Contingency tables for SWPC Warnings on the SEP Scoreboards for >10
MeV exceeds 10 pfu. All warnings (left). Deoverlapped warnings (right).

Observed
Yes No | Sum
Pred. Yes 28 1 29
Pred. No 5 29 34

Sum | 33 30 63

Table 6.7: Contingency table for SWPC Warnings for the SEPVAL events. Here
the choice not to issue a warning was interpreted as a “No Event” forecast.

Table 6.6 reports the contingency tables for all of the SWPC Warnings issued
to the SEP Scoreboards (left) and the result from removing duplicate (right). Ta-
ble 6.7 gives the contingency table for SWPC warnings issued for 25 warnings issued
during the SEPVAL events. For the purposes of a more complete comparison with
flare/CME-triggered post-eruptive models that participate in SEPVAL we treat
SWPC Warnings differently here: failure to issue a warning is counted as an “All
Clear” forecast. This is analogous to assuming that whatever particle flux increases,
CMEs, or flares that were observed by SWPC did not warrant issuing a warning
and a threshold crossing was not expected to happen.

Table 6.8 gives the All Clear metrics for SWPC Warnings for SEPVAL and
the Scoreboard. For the Scoreboard, only the percent correct and the False Alarm
Ratio can be computed, as there is no concept of an “All Clear” warning. The
metrics simply say that 71% the SWPC warnings were followed by events. These
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SWPC Warning This Work Bain 2021

Dataset SEPVAL Scoreboard | SC23 SC24
N 63 41 83 54
Percent Correct 0.90 0.71 | 0.77 0.76
Hit Rate 0.85 - - -
False Alarm Rate 0.03 - - -
False Alarm Ratio 0.03 0.29 | 0.23 0.24
Bias 0.88 - - -
Threat Score 0.82 - - -
HSS 0.81 - - -
TSS 0.82 - - -

Table 6.8: SWPC Warning All Clear metrics for SEPVAL and the SEP Scoreboard,
as compared to results from Bain et al. (2021) adapted to our Scoreboard method-
ology, see text.

results can be compared to those from Bain et al. (2021), where we have ignored
their misses that were counted for Warnings issued after threshold crossing since
SPHINX ignores such forecasts. For SEPVAL we have a complete set of metrics, and
the performance is excellent: 90% of the challenge periods were forecast correctly,
with skill scores > 0.80. The False Alarm Ratio was an exceptionally low 3%.
SWPC is highly accurate in issuing Warnings prior to large events represented in
the SEPVAL challenge.

Advance warning time to event threshold crossing was also analyzed for the
Scoreboard events, producing the following results:

e Mean AWT = 1.9 hours (29 events)

e Median AWT = 0.93 hours (29 events)

e Shortest AWT = 0.033 hours (2 minutes)

e Longest AWT = 12.7 hours (12 hours 42 minutes)

Warnings were issued after the threshold was already crossed for 9 events. These
would have negative AWT, but are not included in the metrics above. These warning
times are comparable to Bain et al. (2021), who found median AWT of 57 min for
SC23 and 88 min for SC24.
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6.2 MAG4

MAG4 LOS_FEr LOSr SHARP_FE SHARP SHARP_HMI
First Forecast 2021-02-09  2021-01-01 2021-04-28  2021-04-28 2021-04-28
Last Forecast 2024-11-27 2024-11-27  2024-11-27 2024-11-27 2024-11-27
N Days 1388 1426 1310 1310 1310
N Forecast Days 1276 1281 1239 1239 1239
N SEP Days 35 35 34 34 34
Forecast Cadence 1 hour 1 hour 1 hour 1 hour 1 hour
Prediction Window 24 hours 24 hours 24 hours 24 hours 24 hours
N forecasts 28027 28040 19214 19531 19813
N matched w/events 793 793 511 521 532
Imbalance (raw) 34.3 34.4 35.4 36.5 36.2
Imbalance (days) 35.5 35.6 36.6 354 354

Table 6.9: MAG4 Scoreboard validation characteristics.

The Magnetogram Forecast (MAG4) model produces a probabilistic forecast for
several categories of solar events based on magnetogram inputs. These categories
include M+X-class flares, CMEs, fast CMEs, and SPEs. Our validation is only con-
cerned with its SPE forecasts. A previously published validation effort in Falconer
et al. (2014) and summarized in Whitman et al. (2023) evaluates flare forecasts.

MAG4 was developed by David Falconer at the University of Alabama in Huntsville

and has been described in several publications (see Falconer et al., 2011, 2012, 2014,
and references therein). There has been a long history of collaboration with SRAG
in the development of this model, starting in 2011 and extending into the ongo-
ing development of MagPy described in the following section. First deployed on
the SEP Scoreboard in 2020, there is a large volume of real-time forecasts avail-
able for validation analysis (over 114,000 across five variants, see Table 6.9). Early
MAGH4 forecasts did not conform to the SPHINX file formatting standards and were
rejected, with the first valid forecast appearing in Feb 2021.

MAG4 LOSr SHARP_HMI
Event Periods 33 33
Non-Event Periods 23 24
Total 56 57
Imbalance 0.70 0.73

Table 6.10: MAG4 SEPVAL validation characteristics.

Support for this model has waned in recent years as focus has shifted to MagPy.
As a result, there was no active model developer participating in the SEPVAL
challenge. The forecasts for the SEPVAL challenge periods were gathered from a
previous large-scale production of forecasts from archival magnetogram data, cover-
ing the period 09/2012 to 03/2023, in addition to many of the periods being run on
internal CCMC servers. MAG4 forecasts for this period are available on the ISWA
data tree, and from this source forecasts covering a subset of the SEPVAL challenge
periods were gathered. Table 6.10 shows the number event and non-event periods
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that were obtained. The imbalance being less than 1 is due to getting a complete
set of SEP event periods but not all of the non-event periods. The impact of not
having a complete set of non-event periods is minimal and any comparisons to other
SEPVAL models is considered to be without any caveats. We compare MAG4 to
SWPC Day-1 forecasts and MagPy in Section 7.1.

MAG4 downloads SDO/HMI full-disk line-of-sight (LOS) and SHARP magne-
tograms at a one hour cadence and issues a forecast for the probability of a standard
definition SPE in a 24-hour prediction window. The magneotgrams are analyzed
to identify the neutral line between bipolar active regions. Several magnetic pa-
rameters relating to the neutral line are computed by MAG4 that serve as a proxy
for magnetic free energy of the active region, related to its eruptive potential. In
the model training process, these free energy proxies are computed from a large
archive of magnetogram data and used in conjunction with ancillary data on the
flaring history of an active region and the SPE events associated with the region to
produce a forecast curve. The MAG4 forecast curve relates the magnetogram-based
free energy proxies to the frequency of event occurrence. Following the training,
MAG4 is able to compute the free energy proxy for a given active region and use
the forecast curve to issue the probability that the region will produce an SPE in a
24-hour window.

Variant Magnetogram  Proxy  Flare History? Trained On
LOS_FEr LOS Gradient No MDI
LOS_r LOS Gradient Yes MDI
SHARP_FE Vector Gradient No MDI
SHARP Vector Shear Yes MDI
SHARP_HMI Vector Shear Yes HMI

Table 6.11: MAG4 variant properties.

Under this scheme, MAG4 is capable of generating several models with varied
selections of magnetogram instruments used for training, free energy proxies, and
consideration of ancillary data such as previous flaring. Five MAG4 model variants
are deployed on the SEP Scoreboard and described in Table 6.11. LOS_FEr, LOS_r,
and SHARP_FE use the integrated gradient of the magnetic field along the neutral
line as the free energy proxy, while SHARP and SHARP_HMI use the shear along
the neutral line. Another key difference between the model types is the source mag-
netograms: full-disk LOS or vector magnetogram SHARPs. Operationally, the LOS
magnetograms have higher availability, as SHARP data require more sophisticated
processing to produce, and are occasionally not available at the desired near-real-
time cadence. The SHARP vector magnetic field products are a more physically
complete representation of solar magnetic fields, and therefore are expected to pro-
duce a more accurate free energy proxy for forecasting Falconer et al. (2002).

Due to projection effects of the source magnetogram data, MAG4 probabilities
are only reliable when active regions are withing 45 degrees of disk-center. Predic-
tions are still made using regions up to 85 degrees, but accuracy drops significantly.
An additional caveat is that MAG4 variants that use active region SHARPS as input
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(SHARP, SHARP_FE, SHARP_HMI) will still issue forecasts based on incomplete
data when SHARP data is not available from JSOC. These types of data outages
are occasional. Such forecasts may omit significant active regions, and as a result
will have a reduced event probability. MAG4 re-issues an older forecast in the case
that no data is available, however SPHINX removes these forecasts as duplicates.
For more rare extended data outages and occasional periods when the source data
are corrupted, MAG4 issues a default 1% probability forecast. These undesirable
behaviors are folded into the Scoreboard validation analysis, and so the validation
should be thought of as representative of observed real-world performance of the full
model system, not isolated model performance under idealized conditions when all
data is available all the time.

MAG4 LOS_FEr LOSr SHARP_FE SHARP SHARP_HMI
Energy > 10 MeV > 10 MeV > 10 MeV > 10 MeV > 10 MeV
N 27137 27150 18699 19009 19288
Brier Score 0.030 0.029 0.028 0.028 0.028
Brier Skill —0.059 —0.037 —0.036 —0.032 —0.042
Brier (SEP) 0.88 0.92 0.91 0.94 0.96
Median P (SEP) 0.05 0.03 0.01 0.01 0.01
AUC 0.65 0.65 0.62 0.61 0.58

Table 6.12: MAG4 probability metrics from Scoreboard forecasts.

MAG4 SEPVAL Scoreboard

Variant LOSxr SHARP_HMI LOSxr SHARP_HMI
Energy > 10 MeV > 10 MeV | > 10 MeV > 10 MeV
N 897 547 27150 19288
Brier Score 0.19 0.21 0.029 0.028
Brier Skill Score 0.00 —0.03 —0.037 —0.042
Brier (SEP) 0.94 0.97 0.92 0.96
Median P (SEP) 0.03 0.01 0.03 0.01
Area Under the Curve 0.67 0.56 0.65 0.58

Table 6.13: MAG4 probability metrics from SEPVAL and Scoreboard forecasts.

Table 6.12 shows the probability metrics for all five MAG4 variants running on
the Scoreboard, while Table 6.13 shows the SEPVAL results for two selected variants
LOS_r and SHARP_HMI alongside the Scoreboard results. Overall, all five MAG4
variants have nearly equivalent performance. The Brier Scores are all small values
close to the optimal value of 0, but this is largely a result of the large imbalance
of SEP event dataset (~1 event to every 35 non-events, see Table 6.9) and a large
number of low probability forecasts issued by MAG4 entering into the Brier Score
average (see definition Equation 3.10). The Brier Skill Scores for all variants are all
nearly zero and slightly negative, indicating that the model performance is nearly
the same and as the reference model of a constant climatological forecast of 3.3%
based on solar cycle 24 statistics (Bain et al., 2021). The negative value indicates
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that the model performance is very slightly worse than this naive climatological
reference model, but one must keep in mind that this is only in a large average
sense. The Brier Score and the Brier Skill Score are not effective in showing the
models’ ability to discriminate between event and non-event periods.

The ability of MAG4 to discriminate events is captured by inspecting the dis-
tribution of probability forecasts, as shown in Figure 6.5. Two distributions are
shown for each MAG4 variant: forecasts whose 24-hour prediction window contains
an SEP event on the top, and those which do not on the bottom. Forecasts matched
to a SEP have a probability distribution that is generally broader and with a higher
median, indicating a larger proportion of higher probability forecasts preceeding
an event. The skill of the model in discriminating events can be evaluated from
the median and by the Brier Score for the SEP-matched forecasts. Model variants
that do not consider previous flaring (FE; free-energy only) outperform those that
do for both the line-of-sight (LOS) and Spaceweather HMI Active Region Patch
(SHARP) versions. This is a surprising result as it is well known that previous
flaring is a robust indicator of future flaring, and flaring and SEP acceleration are
related. The issue may come down to a difference or error in the probability scale
of the underlying forecast curve. Notice that the cluster of higher-probability fore-
casts (those at >20%) are higher for the free-energy-only variants than for the flare
variants. Both models may have similar ability to distinguish higher-threat active
regions, but the free-energy version may be assigning a higher probability per event
for those same regions. The best performing variant overall is LOS_FEr, with its
higher median probability for SEP-matching forecasts (0.05) and lowest Brier Score
for that subsample (Brier Score = 0.88). The discrimination of events is still clearly
very low, with the LOS_FEr median probability only rising to 0.05 for SEP-matching
forecasts, compared to 0.02 for those matching quiet periods.

Figure 6.6 shows the forecast probability distributions for the two variants partic-
ipating in SEPVAL: LOS_r and SHARP_HMI. The results for this validation dataset
are compatible with what was found for the Scoreboard: the LOS variant outper-
forms the SHARP variant, showing an increased ability to discriminate SEP event
periods from non-event periods. The median probability and Brier Score metrics
for the event periods are summarized in Table 6.13.

Figure 6.7 shows the reliability diagrams for the Scoreboard. These diagrams
illustrate how accurate the probabilities are, e.g. does a 10% probability forecast
precede an event 10% of the time? The bin widths in these diagrams are 10% in
probability, the points connected with lines give the reliability, with perfect reliabil-
ity falling on the 1:1 diagonal line, and the histograms show the number of forecasts
in each bin, with a log scale. The Figures show that for LOS_FEr, probabilities are
skewed to low for the 10%-30% bins, but are nearly accurate for the 0%-10% bin
and for the 30%-50% bins. LOS_r is similarly underestimating for low probabilities,
but is somewhat overestimating for higher probabilities. MAG4 SHARP was the
most consistently accurate from 0%—30%, but underestimates the highest bin, but
statistics are low. All points in the 90%—-100% bin are erroneous forecasts likely
caused by corrupted input data. MAG4 issued legitimate forecasts only up to 50%
probability, putting an upper limit on the certainty of its forecasts.
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ROC curves for all MAG4 variants are plotted in Figure 6.8 for the Scoreboard.
The skill in discriminating events is also captured by the AUC metric derived from
these plots. Here again the scores are very similar across variants, but with the
LOS models showing slightly higher skill. This is a surprising result, as the SHARP
vector magnetic field data product is a more complete physical representation of the
solar magnetic field than the LOS observation, which should allow for the computa-
tion of a more accurate free energy proxy. The lower reliability of the real-time data
products could also play a factor in the decreased performance, with MAG4 issuing
forecasts based on only a subset of the active region (AR)s available at time. How-
ever, slightly decreased performance of SHARP_HMI versus LOS_r is also seen in the
SEPVAL results, where real-time data availability is not an issue. See Figure 6.9 for
ROC curves from SEPVAL. A more detailed analysis is required to determine the
reasons for the performance difference between LOS and SHARP variants. One im-
portant consideration is the possibility of biases in the SEPVAL non-event dataset.
While the Scoreboard non-events are representative of the real Sun climatology, the
SEPVAL non-events were selected to have flare & CME characteristics similar to
the event set. This validation set may be a particularly challenging set for MAG4,
highlighting its ability to distinguish regions that produce SEPs against regions that
merely produce notable flares & CMEs but without SEPs.

MAG4 LOS_FEr LOSxr SHARP_FE SHARP SHARP_HMI
Energy > 10 MeV > 10 MeV > 10 MeV > 10 MeV > 10 MeV
N 1271 1275 1233 1233 1233
Hits 29 28 23 24 13
False Alarms 848 735 438 549 183
Correct Negatives 388 505 761 650 1016
Misses 6 7 11 10 21

Table 6.14: MAG4 All Clear contingency table, deoverlapped Scoreboard.
MAG4 All Clear contingency table values from deoverlapped Scoreboard forecasts.

MAG4 LOS_FEr LOSr SHARP_FE SHARP SHARP_HMI
Energy > 10 MeV > 10 MeV > 10 MeV > 10 MeV > 10 MeV
N 1271 1275 1233 1233 1233
Percent Correct 0.33 0.42 0.55 0.64 0.83
Hit Rate 0.83 0.80 0.71 0.68 0.38
False Alarm Rate 0.69 0.59 0.46 0.37 0.15
False Alarm Ratio 0.97 0.96 0.96 0.95 0.93
Threat Score 0.03 0.04 0.04 0.05 0.06
Bias 25.1 21.8 16.9 13.6 5.8
HSS 0.01 0.02 0.03 0.04 0.07
TSS 0.14 0.21 0.25 0.31 0.23

Table 6.15: MAG4 All Clear metrics from deoverlapped Scoreboard forecasts.
MAG4 produces an All Clear forecast by thresholding its probability forecast.

The chosen threshold was selected to be 1%, the minimum probability that can be
issued by MAG4. All forecasts exceeding 1% are “Not Clear”. The selection of such
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SEPVAL Scoreboard

Observed Observed
Yes No | Sum Yes No | Sum
MAG4_LOSr Pred. Yes | 22 14 36 Pred. Yes | 28 735 | 763
Pred. No | 11 9 20 7 505 | 512
Sum | 33 25 56 35 1240 | 1275

Observed Observed
Yes No | Sum Yes No | Sum
MAG4_SHARP_HMI Pred. Yes | 16 8 24 Pred. Yes | 13 183 | 196
Pred. No | 17 16 33 Pred. No | 21 1016 | 1037
Sum | 33 24 57 Sum | 34 1199 | 1233

Table 6.16: Contingency tables for MAG4 variants common to both SEPVAL and
the SEP Scoreboards.

MAG4 SEPVAL Scoreboard

Variant LOSxr SHARP_HMI LOSr SHARP_HMI
Energy > 10 MeV > 10 MeV | > 10 MeV > 10 MeV
N 57 56 1275 1233
Percent Correct 0.55 0.56 0.42 0.83
Hit Rate 0.67 0.48 0.80 0.38
False Alarm Rate 0.61 0.33 0.59 0.15
False Alarm Ratio 0.39 0.33 0.96 0.93
Threat Score 0.47 0.39 0.04 0.06
Bias 1.09 0.73 21.8 5.8
HSS 0.06 0.14 0.02 0.07
TSS 0.06 0.15 0.21 0.23

Table 6.17: MAG4 All Clear metrics from SEPVAL and Scoreboard forecasts.

a low threshold biases the model towards a high Hit Rate but with a large number
of false alarms, and this can be seen in the All Clear metrics shown in Figure 6.15
for the Scoreboard and Table 6.17 for SEPVAL compared to the Scoreboard. Note
that we calculate All Clear metrics from deoverlapped (see Section 3.5) MAG4 fore-
casts. Interestingly, at this threshold our ranking of model performance is largely
the opposite of what is seen in the probability forecast analysis above: LOS_FEr has
the lowest performance in terms of the skill score HSS and TSS, while SHARP_HMI
has the highest performance in terms of HSS and SHARP has the highest TSS. In
general, the flare-aware variants have higher performance than the flare-ignorant,
and the SHARP variants have higher performance than the LOS counterparts. Ob-
jectively, however, all variants have an extremely high number of false alarms, with
False Alarm Ratios exceeding 90%, indicating that the vast majority of all “Not
Clear” forecasts turn out to be clear. Hit Rates are high, however for all but the
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SHARP_HMI variant: with 68% to 83% of event days having a “Not Clear” fore-
cast. The SHARP_HMI variant has only a 38% Hit Rate, but a correspondingly
lower false alarm rate and ratio pushes up its skill scores (HSS and TSS) in this
highly unbalanced dataset (1 event days for every 35 non-event days).

MAG4’s selection of the lowest possible All Clear probability threshold results
in an All Clear performance that maximizes the Hit Rate at the expense of a large
number of false alarms. This leads to very poor skill overall, and inspection of the
ROC curves in Figures 6.8 and 6.9 indicate that larger skill scores are possible with
the selection of a higher probability threshold. Taking LOS_FEr as an example, the
1% probability threshold corresponds to the point (0.69, 0.83) on the corresponding
ROC curve. A more optimal All Clear skill is likely attainable by choosing the
probability threshold corresponding to the (0.4, 0.65) point. This would correspond
to a Hit Rate of 65%, approximately 20% lower than from using the current thresh-
old, but a ~30% lower False Alarm Rate. This tradeoff would likely result in higher
skill scores, however more analysis would be required to find the optimal probability
threshold.

The main takeaways from this validation are summarized below:

e The performance of the MAG4 probability forecasts are nearly equivalent
across all five model variants, with variants based on LOS observations slightly
outperforming SHARP-based variants in discriminating events from non-events.

e Free-energy-only variants outperform those that consider previous flaring in
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