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Abstract. This work designs a new model called PreMeVE to predict storm-time distributions
of relativistic electrons within Earth’s outer radiation belt. This model takes advantage of the
cross-energy, -L-shell, and —pitch-angle coherence associated with wave-electron resonant
interactions, ingests observations from belt boundaries—mainly by NOAA POES in low-
Earth-orbits (LEOSs), and provides high-fidelity nowcast (multiple-hour prediction) and
forecast (> ~1 day) of MeV electron fluxes over L-shells between 2.8 - 7 through linear
prediction filters. PreMeVE can not only reliably anticipate incoming enhancements of MeV
electrons during storms with at least 1-day forewarning time, but also accurately specify the
evolving event-specific electron spatial distributions afterwards. The performance of
PreMeVE is assessed against long-term in situ data from one Van Allen Probe and a LANL
geosynchronous satellite. This new model enhances our preparedness for severe MeV
electron events in the future, and further adds new science utility to existing and next-

generation LEO space infrastructure.
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1. Introduction

Growing-reliance on modern technology infrastructures makes our society prone to space
weather threats. For instance, satellite-based global navigation and communication systems are
known to be vulnerable to sudden increases in near-Earth space radiation, often caused by the
arrival of solar originated coronal mass ejections (CMES), corotating interaction regions (CIRs)
and solar energetic particle (SEP) events. Other space-weather related risks include ground
induced currents that disrupt power grids, petroleum pipelines and high-speed rail systems. For
details about how space weather affect our society, readers are referred to reviews such as Pirjola
et al. [2005] and Ferguson et al. [2015]. Consequently, in the National Space Weather Strategy
[2015] and the National Space Weather Action Plan [2015], for the first time the US government
issued guideline principles to coordinate efforts to enhance national space-weather preparedness.
Among the list of strategic goals prioritized in those two documents is to advance understanding

and predictions of energetic particles encountered by spacecraft within Earth’s magnetosphere.

Aiming to address this high-priority goal, here we specifically target on the Megaelectron-volt
(MeV) electrons trapped inside Earth’s outer radiation belt, distributed between the slot region (~
2.5 Rg) and magnetopause (up to ~10 Rg). MeV electrons, also called relativistic electrons due to
their very high speeds, adversely affect satellites in two major ways. First, they are the main
contributor to total ionization dose (TID) on satellites operating in the outer belt [Daly et al.,
1996]. Using empirical models such as AE9 [Ginet et al., 2013], engineers can manage and
reduce the TID on satellite payloads with proper shielding designs, though. More dangerously,
relativistic electrons are notorious for causing instrument malfunctions through the deep-
dielectric charging and discharging phenomenon [Lai et al., 2018]. Due to their high penetration
capability, MeV electrons can travel through satellite’s surface and deposit charges deeply inside

internal dielectric materials. Those charges quickly accumulate with prolonged high levels of
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MeV electrons, and when the induced electric field exceeds the breakdown threshold of the
insulator-material, electrostatic discharge occurs and sometimes can be devastating to space-
borne electronics that are increasingly miniaturized nowadays. Indeed, model calculations have
suggested the cause of deep-dielectric discharges by sudden increments of MeV electrons
[Bodeau et al., 2010]. Also there are a list of reported spacecraft anomalies or failures accounted
by this phenomenon [e.g., Koons et al., 1998, Baker, 2000, lucci et al., 2005, and Ferguson et al.,
2015]. Hence, it will be of great practical benefit to be able to predict when the MeV electron

population will start to rise significantly and how long high electron fluxes will sustain.

MeV electrons inside the Earth’s outer radiation belt are well known to be highly dynamic when
disturbed. As shown in Figure 1A, Van Allen Probes (VAP, also known as RBSP) [Mauk et al.,
2013] observe that MeV electron fluxes vary by orders of magnitude during geomagnetic storms,
e.g., the wide red regions indicate flux increments while blue for decays and fast dropouts;
however;. changes in MeV electron fluxes differ event by event and not simply determined by
storm intensities (i.e., the minimum Dst values) as discovered previously [Reeves, 1998 and
Chen et al., 2007]. This event-specific behaviorsuggests the governing physics for MeV
electrons are very different from those experienced by newly injected ring-current particles
(mainly 10s - 100s keV ions) during storms. Dynamics of outer-belt electrons have intrigued the
space research community throughout the past half century, and recently substantial progress in
both understanding the drivers and modeling the diffusive processes has been made. For example,
it is now widely accepted that the ups and downs in MeV electrons reflect the various
interplaying processes, including the local energization caused by the resonance of whistler-mode
chorus waves with injected seed populations, local precipitation losses due to hiss and
electromagnetic ion cyclotron waves, magnetopause shadowing losses when drifting electrons

encounter the high-altitude boundary, radial redistribution caused by ultra-low frequency waves,
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and adiabatic effects due to the distorted global magnetic field induced by upstream solar wind
structures. However, comprehensively understanding MeV electron dynamics demands much
more efforts, and implementing all these entangled physics to make event-specific predictions of

MeV electron behaviors is still challenging and ongoing.

Developing a reliable predictive model demands two essential steps: first, identifying proper
informational trigger(s) as inputs; and second, building an appropriate triggering mechanism to
generate predictions (outputs) quantitatively. Different approaches in these two steps lead to
different kinds of models. For MeV electrons, first-principle models are the first kind, in which
the informational trigger mostly includes upstream solar wind conditions and background
parameters, while the triggering mechanism is implemented by simulating the related physical
processes as described above (see Chen et al. [2016] for a brief review). Models of this kind are
usually based on the diffusive framework, and often face challenges such as the
comprehensiveness of physics included, and the accuracy of parameterized input parameters
driven by forecasted geomagnetic index from other sources. Predictive models of the second kind
are more or less based on empirical relations—often with unspecified physics—by directly
relating solar wind conditions and/or geomagnetic indexes to MeV electrons in specific regions.
These include the Relativistic Electron Forecast Model (REFM) operated by NOAA which is
confined to the geosynchronous (GEO) orbit [Baker et al., 1990]. Recent new models also appear
by-applying data mining techniques, such as the neural network scheme using solar wind inputs
to predict GEO electrons by Shin et al. [2016], and Kalman filter using in-situ RBSP data to
nowcast outer belt electrons by Coleman et al. [2018]. Although outperforming persistence
models; the latter model cannot reliably forecast the arrival of incoming MeV electron events due

to the lack of a storm precursor in its inputs.
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Following a different approach, this work develops a new model to predict the event-specific
variance of relativistic electron fluxes within the whole outer radiation belt, by expanding our
previous study of identifying and utilizing cross-population coherence in Chen et al. [2016].
This new model aims to forecast MeV electron distributions even with no in-situ measurements
available, e.g., during the post-RBSP era, and is designed to be driven by easily accessible inputs
from long-standing space infrastructures including constellations in low-Earth-orbit (LEO) and
GEO. In Section 2, instruments and data are to be described and we also explain how the model
is constructed based upon identified coherence that is related to the governing physics. Model
prediction results, quantitative verification and validation are presented in Section 3, followed by
discussions for further improvements in Section 4. The paper is summarized and concluded by

Section 5.

2. Model Construction Based upon Multiple Cross-population Coherence

Electron-data used in this work come from measurements made by RBSP, one LANL GEO
satellite and one NOAA Polar Operational Environment Satellite (POES) within a period ranging
from February 2013 to August 2016. First, fluxes of trapped MeV electrons across a range of L-
shellsare in situ measured by the MagEIS instruments [Blake et al., 2013] on board RBSP
spacecraft, which operate in low-inclination and nearly GEO-transfer orbits with a period of ~9
hr. Original MagEIS level 2 spin-averaged fluxes were downloaded from RBSP’s data portal
(https://www.rbsp-ect.lanl.gov), and here we use the Mcllwain’s L-shell [Mcllwain, 1966] values
calculated from the quiet Olson and Pfitzer magnetic field model [Olson and Pfitzer, 1977]
together with the International Geomagnetic Reference Field (IGRF) model. Second, to expand
the L-shell coverage, we also use observations from the SOPA [Belian et al., 1992] and ESP
[Meier et al., 1996] instruments carried by one GEO satellite LANL-01A. Original GEO data are

10 sec spin-averaged SOPA/ESP fluxes generated by the co-author Michael Henderson. Here for
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simplicity all GEO fluxes are placed on one fixed L=6.6, and an adjusting factor is derived—Dby
statistically matching RBSP 1 MeV electron fluxes to GEO fluxes when both are simultaneously
located at L=6.6—and applied to GEO fluxes aiming to have relatively smooth radial flux
distributions at most times. This simplified treatment of GEO data should not cause significant
issues at this model development stage, and we leave the effects of temporally varying L-shells
of GEO satellites to the future. Last, precipitating electrons are monitored by the Space
Environment Monitor 2 (SEM2) instruments on board NOAA POES satellites in LEO [Evans
and Greer, 2000]. Original 2 sec count rates by NOAA-15 are level 2 data files downloaded from

NOAA website (http://www.ngdc.noaa.gov/), and their L values calculated from IGRF model are

used for this study. Here we use POES data from the 90° telescopes that measure outer-belt
electrons-near and/or cross the loss cone and thus register more dynamic features than those from
the 0° (zenith-pointing) telescopes. For convenience and to distinguish from the “trapped”
population measured by RBSP and GEO, hereinafter we use the term “precipitation” loosely to
refer to the electron populations with small equatorial pitch angles measured by POES. All
RBSP, LANL-01A, and POES-15 original fluxes have been cleaned for background removal and
assumed to have high quality. Furthermore, following Rodger et al. [2010], we exclude POES
electron data points with fluxes lower than 2 times of P3 (240-800 keV) proton fluxes to reduce
the potential proton contamination. All electron data are binned by 5 hr to allow for RBSP’s full

coverage on the outer belt for each time bin.

We started with the visual resemblance between trapped MeV electrons and precipitating
electrons. As mentioned, Figure 1A presents the fluxes of trapped 1 MeV electrons measured by
RBSP-aand LANL-01A. One can clearly see that the responses of trapped MeV electrons to
storms are typically in an event-specific but globally coherent manner. For practical purposes,

here we ignore electron dropouts and only focus on MeV electron events—the half-raindrop
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shaped (cut along the line of symmetry) features in the L-time plot—that are characterized by
sudden significant enhancements over the core region (with L-shells ~3 — 6) followed by slow
decays over days. During those events, fluxes over a wide range of L-shells vary L-dependently,
while more intense storms tend to affect electrons closer to the Earth. Meanwhile, count rates of
precipitating electrons observed by NOAA-15 in LEO are plotted in Panel B for >100 keV (E2
channel), C for >300 keV (E3), and D for >1 MeV (P6, see Appendix for details), respectively.
For MeV electron events, one can discern the one-to-one temporal relation existing across the
outer belt between the increments of trapped population (Panel A) and intensifications of
precipitating populations (Panels C - D), as discovered by Chen et al. [2016] but over a much

longer interval here.

To quantify the cross-population coherence, we next proceeded to compute the time-shifted
correlation between the simultaneous observations of trapped MeV and precipitating electrons.
First is the cross-energy cross-pitch-angle coherence for each L-shell. As in Figure 2, high
correlation coefficient (CC) values are found between POES E2/E3 and RBSP 1 MeV data. For
CC distributions in Panel A, the maximum value for each individual L-shell within ~ 3.6 —5.0 is
generally > 0.7. More importantly, the significant positive lead times of low-energy precipitating
electrons ahead of 1 MeV trapped electrons can be found from the maximum CC locations (the
black curve) in the plot. For example, at L = 4.0, CC values in Panel A have a maximum of 0.84
and the lead time for >100 keV precipitating electrons is ~20 hours ahead. While in Panel B for
>300 keV precipitating electrons, high maximum CC values (> 0.7) are seen to extend to L-shells
as'low as ~3.0, but the lead times at maximum CC are shorten to ~10 -15 hr for low L-shells and
even negative for L-shells larger than 4.6. Chen et al. [2016] suggests these coherence is
consequence of the dominance of local wave-particle interactions in the region, and the ~10 — 20

hr leading time in 100s keV electron precipitation can be explained by different diffusion speeds
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in causing precipitation and energization. (Indeed, these 10 - 20 hr time difference is shorter and
thus-consistent with the typical > ~1 day time scales calculated for the electron energization
caused by chorus waves [e.g., Li et al., 2007].) Therefore, following the success in Chen et al.
[2016], the positive lead times at L < 4.8 for E2 and E3 precipitating electrons will be used as the
first partial informational trigger for predicting MeV electron events, specifically as precursors

for event starting times.

For larger L-shells, significant coherence also exists for electron populations at different L-shells.
As shown in Panel C, the three solid curves present the correlation between E2 electrons at L =
4.6 to 1 MeV trapped electrons at larger L-shells 5.0, 6.0, and 6.6, respectively. For instance, the
red curve.indicates a maximum CC between >100 keV precipitating electrons at L = 4.6 and 1
MeV trapped electrons at L = 6.0 is ~0.6 with a leading time >20 hr. We speculate this cross-L-
shell coherence is due to the dominance of spatial redistribution process in the region, e.g., the
outward radial diffusion whose importance grows as a power function of L-shells [Schulz and
Lanzerotti, 1974]. This coherence will also be used for forecasting the start of incoming MeV

electron events at L > 4.8.

The last coherence studied in this work is between the trapped and precipitating populations with
the same energy at the same L-shell. First reported by Kanekal and Baker [2001], this global
coherence is confirmed to exist over a wide range of L-shells as the CC distributions shown in
Panel D between precipitating (POES P6) and trapped 1 MeV electrons. Comparing to those in
Panels A and B, CC values in this panel are generally higher (e.g., the maximum CC is 0.75 at L
= 6.0) though with negative lead times at maximums. It is understandable because this high
cross-pitch-angle coherence reflects the efficient local pitch angle diffusion, and time delay is

expected for wave-particle interactions to diffuse electrons into the loss lose. The negative lead
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times indicate this coherence cannot be used for predicting the onsets of MeV electron events,
but it still suits as an informational trigger for predicting and tracking electron flux values during

steady, long-lasting decays following initial enhancements.

Finally, with above three informational triggers identified, we developed a new predictive models
for MeV electrons, i.e., the PreMeVvE model, by implementing linear predictive filters (LPFs) as
the main triggering mechanism. Using linear combination of past values as inputs, Chen et al.
[2016] has proven that simple LPF can forecast MeV electrons at one single L-shell with high
fidelity. Therefore, here the application of LPFs is expanded to the core region in outer belt.
Panel E illustrates how the model is constructed: Within the gray-shaded L-shell region and in
GEO, individual LPF is trained for each single L-shell; while for 6< L<7, interpolation and
extrapolation over L-shells are used. We confine LPFs below L = 6 mainly due to the continuous
RBSP data coverage in the area. For each LPF at individual L, MeV electron fluxes are predicted
by the maving average linear filter [Detman and Vassiliadis, 1997] J = Aj, where ] is the
predicted MeV electron flux for n time steps ahead of the current time t, j are the model inputs,
e.g., LEO electron count rates, at times t, t-1, ..., t-m+1 (m is the total number of data points
needed by the filter), and the filter vector A is determined by applying the singular value
decomposition algorithm to a training data set. A LPF is called static if the filter vector A being
fixed after the initial training, and a LPF is called dynamic if A is updated over time with new (or,
latest) training data being available. Here PreMevE model has an L-shell bin size of 0.1 and a

time step of 5 hr.

It should be noted that, as a simple but powerful analysis tool for linear time-varying systems, the

LPF.method has been applied for understanding and predicting radiation belt dynamics for

decades. Pioneer forecasting works include such as predicting >2 MeV electrons at GEO using
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Kp index as inputs by Nagai [1988], and the previously mentioned REFM model bases on
upstream-solar wind conditions [Baker et al., 1990]. Also, LPF has been used to characterize the
time-delayed responses of MeV electrons to upstream solar wind [Vassiliadis et al., 2002], and
the combination of data assimilation with LPF has been suggested to improve prediction
performance by Rigler et al. [2004]. PreMeVvE model differs from previous ones by taking
advantage of the newly discovered cross-population coherence to predict the onsets of MeV
electron events as well the varying flux distributions in the outer belt, even with no in-situ

measurements of trapped MeV electrons.

Current version of PreMeVE includes two submodels: Submodel 1 focuses on predicting arrival
timings of MeV electron events, and submodel 2 specifies evolving flux levels afterwards. For
inputs, submodel 1 is driven by storm precursors POES E3 electrons for L < 3.6, E2 electrons for
3.6 <L <4.8, and E2 fluxes fixed at L = 4.6 for larger Lshells. Submodel 2 is driven by both E2
and P6 data from LEO, except at GEO where LANL SOPA data replace P6 data. This
arrangement is based on the fact that the correlations at GEO in Panels A, B and D are not very
high—with maximum CC < 0.55. As a special treatment, we decided to use the self-coherence
for GEO, which has a high value of 0.8 even with a lag time of 25 hr as shown by the dashed
curve in Panel C of Figure 2. Though, this coherence is excellent for tracking steady decays but
cannot forecast the sudden enhancements due to the arrival of new MeV electrons, and thus
SOPA data are only used for submodel 2. All input choices are based on trial and error method
with the goal of optimizing model performance. For one example, Panel E shows flux
distributions predicted by submodel 1 and 2 for one time bin compared to observations. It’s seen
that submodel 1 captures the distribution shape but with flux values being too high, while

submodel 2 reproduces observations precisely.
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3. Prediction Results and Model Performance

As an overview, 25-hr (i.e., n=5) predictions of 1 MeV electron fluxes by PreMeVE are presented
in Panels B and C of Figure 3 for the whole ~1300-day interval. Following Chen et al. [2016],
observations (Panel A) in the first two months (300 time bins) are used as training data for
deriving the filter vector at each individual L-shell, and the number of data points for LPF inputs
are chosen to be m = 15 here. (Effects of different training period lengths and m values will be
further discussed in the next Section.) All LPFs used here are static, thus predictions in the first
two months verify the method, and rest results can validate the model performance as out-of-
sample tests. First, from visual inspection, both submodels reproduce MeV electron fluxes
reasonably well but with noticeable differences. For example, submodel 2 predictions in Panel C
resemble observations more closely than submodel 1 in Panel B, particularly for those MeV
electron events (the red-yellow areas in plots). Also, submodel 2 is able to predict most variations
in GEO but not submodel 1 as shown in Panel D (and I). To examine details, a 260-day period is
selected for enlargement (Panels F to J), which includes multiple intense storms (Panel J). For the
ten major MeV electron events during the period, submodel 1 (Panel G) seems to capture all
arrival timings correctly in the core region, but tends to over-predict fluxes afterwards for most
events (e.g., those between day 900 — 990). In comparison, submodel 2 cannot predict the start of
events, but it does capture the evolving flux distributions particularly during decays (Panel H).

Factually the performance of two submodels differs by our design as discussed in Section 2.

Closer inspection reveals more details when predictions are plotted against observations for
multiple individual L-shells as in Figure 4. In left panels, submodel 1 successfully predicts the
onsets of all major MeV electron events within the forecasting window for L-shells below 6,
indicated by the vertical green boxes with a width of 25-hr (also called prediction windows), and

most other lower-level events. The L-shell dependence is clear in model performance: the higher
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L-shells sees more MeV increments are not timely predicted by submodel 1 as indicated by the
yellow and blue boxes, i.e., the forecasted enhancements are not within prediction windows.
Indeed, by visually examining the whole ~1300-day interval, success percentages of submodel 1
capturing the starting of MeV electron enhancements within prediction windows are 92%, 95%,
88%, 67%, and 61% for L = 3.0, 4.0, 5.0, 6.0, and 6.6, respectively. It implies the effect of cross-
L-shell coherence degrades quickly with increasing L values. When comparing panel E1 to B1,
one can see more electron apparent enhancements at GEO and many of them cannot be predicted
by LEO electron intensifications, suggesting factors other than local wave-resonance
energization may take over. On the other hand, although missing the starting phases, submodel 2
predicts fluxes at individual L-shells with high fidelity as shown by the panels on the right. Thus
submodel 2 call tell us for how long high electron fluxes above a given level will sustain. Note
the usage of LANL GEO data as inputs leads to excellent predictions at GEO by submodel 2

(Panel E2), except for lagging behind at the starting of events.

We also calculate forecast skill scores to quantify the submodel 1 performance in forecasting
onsets of MeV electron events in a more objective and rigorous way. In Figure 5, panels in left
compare 25 hr forecasts by submodel 1 (in red) for 1 MeV electrons to observed fluxes at one
single L=4.6 in the core of the outer belt over the whole interval. The forecasted starting times
are automatically identified from submodel 1 forecasts when predicted fluxes increase
consecutively and the accumulated increments in the logarithm of fluxes are beyond the
threshold value of 0.35 (i.e., a ratio of linear flux values > 2.24). Events in four categories are
identified in the plot: a prediction is called successful (indicated by a green dot) when the
forecast falls within the 25 hr prediction window compared to observations; when a starting is
predicted but earlier than the observed one by more than 1 day, it is called a partial success, such

as the one on day ~123 in panel Al; when a predicted starting cannot find a correspondence from
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observations, it is called a false alarm indicated by a blue dot; and a prediction miss is called
when the.observed onset is not predicted at all, such as the one on day ~102 (red dot). As
indicated in Figure 5, there are 105 successful events, 4 partial successes, 15 misses, and 34 false
alarms. Following Mozer and Briggs [2003], we first calculate a contingency table with
coefficients n,; = (successes) + 0.5*(partial successes) = 107, n,, = false alarms = 34, and n,, =
(misses) + 0.5*(partial successes) = 17. Then, a list of standard skill scores can be calculated: the
hit rate (HR) can be calculated as n,/(ny;+ng+ny,), which express the ratio of events correctly
forecasted to those either forecasted or observed, ranging from 0 (worst) to 1 (perfect); the
probability of detection (POD) can be calculated as n,/(n;;+ny,), the ratio of successful predicted
events, ranging from 0 (worst) to 1 (perfect); the false alarm rates (FAR) can be calculated as
Not/ (Ne1+N41), ranging from O (perfect) to 1 (worst); and the bias ratio (BR) can be calculated as
(N1 +ng;)/(ny+ny,), which determines if the forecast system is consistently over or under
forecasting events, and has an ideal value of 1. Therefore, for L=4.6, skill scores are HR = 0.68,
POD = 0.86, FAR = 0.24, and BR = 1.16. Panels in the right column of Figure 5 compare

submodel 2 forecasts to observations which track each other closely over the whole period.

To further examine the submodel 1 performance dependence in L, predictions for other two
Lshells, 5.6 and 3.2, are also plotted in Figure 6 and 7, respectively. From the left panels in
Figure 6, the contingency table coefficients are n;; = 112.5, ny; = 12, and n,, = 48.5, and therefore
skill scores at L=5.6 are HR = 0.65, POD = 0.70, FAR = 0.10, and BR = 0.77. Similarly, from the
left panels in Figure 7, the contingency table coefficients are n;; = 16.5, n, = 7, and ny, = 2.5, and
therefore skill scores at L=3.2 are HR = 0.63, POD = 0.87, FAR = 0.30, and BR = 1.24.
Therefore, comparing above skill scores, we see HR does not change much over three L-shells,
POD tends to decrease at large Lshells, and the model changes from over forecasting to under

forecasting with increasing L-shell values. All these trends are basically consistent with what is

© 2019 American Geophysical Union. All rights reserved.



shown in Figure 4. Finally, it is interesting to see that FAR tends to decrease with increasing L

values.

With the same weight given to all flux values, the model performance is additionally quantified

by calculating values of prediction efficiency (PE, e.g., Nash and Sutcliffe, 1977) defined as

%, [1g(i;)-19(ii) |

N2 !

% [19(J,)-19 (i)

PE=1- where subscripts p and o for flux j indicate predicted and

observed values, respectively, and j, is the mean of the observations. PE=1 indicates that event-
specific changes in fluxes are predicted perfectly point to point; PE=0 means predictions fit
observations with the same average and same variation, e.g., an empirical distribution averaged
from all observations will have PE=0; and PE<0 means predictions perform worse than using the
average of observations. In Figure 8, Panel A plots submodel-1 PE values for the whole interval
as a function of L-shell for different prediction lead times: current, 5 hr (1 time step, n=1), 25 hr
(n=5, also called 1 day here), and 50 hr (n=10, also called 2 day). As PE values are not expected
to be high for submodel 1 per design, we still see values of > 0.2 for L-shells below 5. The
double peaks at L~3.4 and 4.0 are due to switching filter inputs from POES E2 to E3 electron
count rates at low L-shells, and the local peak at L ~ 4.8 is caused by changing to cross-L
coherence at large L-shells. Differences between PE curves are not significant for submodel 1
since it aims at predicting the correct onset times (which have much limited data points compared
to data set over the whole interval) but not statistically match observations. In Panel B, submodel
2 has relatively high PE values for even 2 day predictions. For example, PE values at L ~ 4 are
all above 0.8 for all four curves. Also, PE values at GEO increase from 0.45 for 2 day predictions
to 0.70 for 1 day predictions, and to 0.93 for 5 hr predictions. To put these PE values into
context,, REFM has slightly higher values of 0.71 (0.49) for 1 (2) day predictions for daily

averaged fluence of > 2 MeV electrons at GEO, and Shin et al. [2017] appears to have PE values
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of ~0.6 for 24 hr predictions on ~1 MeV electron hourly fluxes. Besides, the performance of
submodel 2 gets better with shorter lead times. This indicates the reliability of submodel 2
improves as we get closer to the real time, and thus flux distributions in MeV electron events can
be predicted in the same way as terrestrial weather by gaining accuracy from long-term to short-

term forecasts.

4. Discussions

Currently PreMeVE is designed to be driven by inputs from long-standing satellite constellations
in LEO and GEO, assuming no in-situ MeV electron measurements available. This arrangement
targets at the future but realistic scenario after RBSP mission being ended. Indeed, a persistence
forecasting model driven by in-situ measurements can statistically outperform our current
PreMevE submodel 2, as shown by the purple and blue curves in Figure 8C. It is not surprising
because the information from in-situ data is expected to improve predictions on a persistent
system like the outer radiation belt. Nevertheless, using only in-situ MeV electron data is still
unable to forecast the occurring of MeV electron events due to the lack of related informational
trigger. If including RBSP data to drive PreMeVE by replacing POES P6 data (but keeping E2),
submodel 2 PE values can be the highest as shown by the green curve in Panel C. This again
supports that the addition of electron data from LEO does help improve the model’s
performance. Thus, in term of predicting both the starting times and evolving flux levels of MeV
electron events, a combination of in-situ MeV and LEO >100s keV electron data will be ideal for

model inputs if possible.

In addition, it is useful to examine how PreMevE model performance depends on different model

parameters, such as the length of training data set and the number of input data points m needed

by LPFs. Results that have shown so far use observations in the first two months, i.e., data points
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in the first 300 time bins, as training data and the number of data points for LPF inputs has m =
15. These numbers are chosen based on two reasons. First, from Figure 2, it can be seen that CC
values on the right-side of maximum values monotonically decrease with increasing lag times
and their values get significantly lower over an 75 hr interval; meanwhile, as in Figure 3, in the
first two months MeV electrons observations exhibit several major MeV electron events during
multiple geomagnetic storms, and thus should provide adequate dynamic information for LPF
training. Two, results justify the means: examples in our previous study by Chen et al. [2016]
and the predictions in this work have demonstrated those numbers will work reasonably well.
Still, the effects of different training data lengths and m values are tested and their PE values are
compared in Figure 9. As shown in Panel A1, longer training data sets can increase PE values of
submodel 1 by ~0.07 — 0.3 at L>5, while longer training data sets have no obvious effects on
submodel 2 performance as in Panel B1. Increasing m values from 15 to 25 show no noticeable
difference for both submodels as in the right panels. Nevertheless, results in Figure 9 are still

preliminary and more detailed analyses of wider parameter ranges are left for future work.

We also extend the model for electrons with higher energy. Following the same approach as
described in Section 2, forecasts for 2 MeV electron fluxes are presented for the same 260-day
period in Panels B and C of Figure 10. In general, 2MeV electron flux distributions are
reasonably well predicted but not as accurate as those for 1 MeV electrons. For example, both
submodels overestimate the dynamics at L-shells < ~3.5 during days 900 -990. One possible
explanation can be the lack of 2 MeV precipitating electron measurements from POES. We also
found the use of dynamic LPFs improves predictions for 2 MeV electrons statistically (not shown
here). Panel D plots PE values for submodel 1 as a function of L-shell for current and three
different prediction lead times. The maximum PE values are not very high (~0.3) for L-shells

close to 4, and it is interesting to see PE values for 2-day predictions are higher than others in the
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area. In Panel E, as expected submodel 2 has statistically better performance than submodel 1,
and PE values for all four cases are relatively high (with maximum values > ~ 0.75) for the high-
flux region with L < 4.5. In general, PreMevE submodel 2 predictions for 2 MeV electrons are
comparable but not as good as those for 1 MeV electrons. Systematically extending PreMeVE to

higher energy will be one of our future goals.

The performance of PreMeVE has demonstrated that LEO electron data, as internal constraining
conditions for recurring local wave-particle interactions, are the critical information trigger for
predicting storm-specific MeV electron events in the core region; however, the relatively low PE
values at larger L-shells indicates other inputs may also be needed. For example, adiabatic effects
and varying radial diffusion rates can play significant roles in modulating MeV electron fluxes at
large L-shells, to which LEO data simply bear no adequate information for reliable predictions
(e.g., as shown by Panel F1 in Figure 4). Whereas being the external driver, upstream solar wind
conditions have been successfully used for predictions at GEO as discussed in Section 1, and thus
they should be added to the input list to improve PreMevE performance. Besides, our current
model only exploits simple linear relations but no nonlinear ones. Therefore, another future
direction is to employ deep neural network (NN) tools [e.g., LeCun et al., 2015], and take
advantage of NN’s ability to auto-analyze the relationship—Ilinear or nonlinear—between multi-
source inputs through self-learning and thus produce results without any hypothesis of predictive
function forms. It is also possible to merge the two submodels into a single one through

employing NN algorithms in future work.

As a first-of-its-kind predictive model for outer-belt energetic electrons, PreMevE can have a

unique role in space weather forecasting and satellite operating communities. This model is

simple, light-weight, but also powerful. Once put into operation, it will be an invaluable tool for
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satellite operators to make decisions by providing early warnings of when MeV electron events
are incoming and also for how long the high flux levels of electrons will sustain—both critical
for preventing severe internal dialectic charging/discharging, and thus prepare us for future
severe space weather situations. Additionally, PreMeVE is specifically designed to only rely upon
inputs from long-standing space infrastructures—POES satellites in LEO and other satellites in
GEO, and the easy data availability also makes it feasible for PreMeVE to operate in real time.
Indeed, inputs for PreMeVE are not necessarily confined to POES and LANL GEO data; electron
data sets from other satellites in alike orbits are expected to work similarly. For example, LANL
GEO data used here may be replaced by measurements from NOAA GOES satellites, and
hopefully some future LEO missions equipped with electron instruments can be put into
operation before the retirement of current NOAA POES fleet. Furthermore, the coherence study
here and others in Chen et al. [2014] have suggested that particle observations in LEO can be
highly useful for remote-sensing and predicting the radiation dynamics in the near-Earth space,
and thus-assign new science utilities to existing and next-generation LEO space missions (e.g.,
particle instruments with high energy resolution and wide range coverage on board smallsates or

even cubesats).

5. Conclusions

In" this work, we have 1) identified the informational triggers needed for predictions, by
expanding previous study of the coherence between electron populations inside the Earth’s
outer radiation belt; 2) implemented LPFs and developed a reliable model to forecast storm-
time changes of relativistic electrons within the region. This PreMevE model, taking
advantage of the multiple coherence caused by local wave-electron resonant interactions,
ingests observations at outer-belt boundaries, specifically from NOAA POES in LEO and

LANL GEO, to provide high-fidelity nowcast (multiple-hour prediction) and forecast (> ~1
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day) of MeV electron fluxes over L-shells between 2.8 - 7. PreMevE can not only reliably
predict the start of enhancements in MeV electrons during storms with at least 1-day
forewarning time, but also accurately specify the evolving electron spatial distributions
afterwards. High performance of PreMeVE is assessed against long-term in situ data from
one. Van Allen Probe and a LANL geosynchronous satellite. With possible further
improvements, this new model enhances our preparedness for severe MeV electron events in
the future, and also adds new science significance to existing and next-generation LEO space

infrastructure.

Appendix: Can NOAA POES P6 data be used for > 1 MeV electron precipitation

guantitatively?

The P6 channel of Space Environment Monitor 2 (SEM2) [Evans and Greer, 2000] proton
detectors on board POES satellites was designed to detect multiple-MeV protons, but has been
reported to essentially measure >1MeV electrons in the outer belt region [Sandanger et al., 2009].
To quantify the P6 measurements on > 1MeV electrons, we use the independent electron data
set from Detection of Electro-Magnetic Emissions Transmitted from Earthquake Regions
(DEMETER) for inter-instrument calibration. DEMETER has operated from 2004 to 2010
into a circular polar sun-synchronous orbit at an altitude of ~700 km—slightly lower than the
PQES altitude of ~750 km—with an inclination of 98°. The Instrument for the Detection of
Particle (IDP) onboard measures locally mirrored electrons ranging from 70keV up to ~2.5

MeV with well resolved energy spectra for L-shells up to ~7 [Sauvaud et al., 2006].
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Here we compare IDP measurements of >1 MeV electrons to P6 fluxes from NOAA-17
within 40 days in 2008, as shown in Figure Al. During the period, DEMETER and NOAA-
17 simultaneously operate in the same local time sectors and have very similar orbits (Panel
C). Inthe two top panels, fluxes from both instruments exhibit similar dynamics during the
stormy intervals (e.g., days 2-7, 11-15 and 27-34) as well as on quiet days, suggesting the P6
channel does effectively responses to MeV electrons. In addition, the correlation between
IDP and P6 fluxes is quantified to be significant with a CC value of 0.68, and ~85% of flux
ratios between the two instruments fall within the factor of 3 (Panel D). Finally, periodical
assessment reports issued by David Evans from NOAA, available from

http://ngdc.noaa.gov/stp/satellite/poes/documentation.html, have addressed the inter-

calibration between SEM2 suites on difference POES satellites and suggested their similar
performance in general. Therefore, we believe it is reasonable to use NOAA-15 P6 fluxes

quantitatively for the dynamics of precipitating >1 MeV electrons.
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Figure 1 Dynamics of different electron populations in the outer radiation belt. Here radial
distributions of electrons are observed to vary dramatically during geomagnetic storms (Dst
index not shown here), and coherent responses of all populations can be clearly seen. A)
Radial distributions of spin-averaged fluxes for 1 MeV electrons, measured by MagEIS on
board RBSP-a, are plotted as a function of time. At L=6.6 is plotted 1 MeV electron fluxes
observed by SOPA on board LANL-01A GEO satellite. Fluxes at RBSP-GEO conjunctions
(e.g., including on days ~90-180) are used for deriving an adjusting factor that is applied to
SOPA fluxes. B, C, and D) Count rates (CRs) for >100keV, >300keV and >1 MeV
precipitating electrons, i.e., measurements from the 900 telescopes of MEPED E2, E3, and
P6 channels on board POES NOAA-15, are presented in the same format. All electron data
are binned by 5-hr in time and 0.1 in L-shell. Data in this plot covers a 1289-day interval
ranging from 2013/02/20 to 2016/08/31.
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Figure 2 Correlations between electron populations are used for optimizing PreMevE model.
A) Cross-E, -p/a, and same-L coherence: correlation coefficient (CC) values

between >100keV precipitating and 1MeV trapped electrons are presented as a function of
lag time and L-shells. Positive lag time means variations in RBSP fluxes lag by those in
POES data (i.e., changes in POES data lead). Electron intensities in logarithm are used for the
calculation. B) Cross-E, -p/a, and same-L coherence: CC values between >300keV
precipitating and 1MeV trapped electrons in the same format. C) Cross-E, -p/a, and cross -L
coherence: Three solid curves show CC values between >100keV precipitating at L=4.6 and
1MeV trapped electrons at larger L-shells. The dashed curve shows the self CC for 1 MeV
trapped electrons observed by SOPA at GEO (L=6.6). D) Cross-p/a, same-E, and same-L
coherence: CC values between >1 MeV precipitating and 1MeV trapped electrons in the
same format as panel A. E) One example radial distributions of observations (black)
compared to 25-hr predictions from PreMeVvE submodel 1 (blue) and 2 (red). For this moment,
the inner magnetosphere was in the later recovery phase of a moderate storm. Predictions
inside the gray area (including GEO) are made for each individual L-shell, and interpolation
and extrapolation are used for the rest L-shells.
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1 MeV e- Observations vs 25 hr Predictions over the Whole Interval

GEDL - - - = = - = 1000 -
“]| |'|-I “ |'1"'|'I IIlI M 'Il:mi
/ ' I' Ll ' &
e _J_-. _' i w o
Trq)pedlMEVE—[HBSP—a] ', F , =
T 000 =
100 i
3
i AR .--.--'._- 0 E
PRI B 1 2
i R 1DDD§
| 100 g
lW‘E
L aal ey mog
! 1
e Wy BLELE
. awn ]
u| é, NE
4] S0 180 270 350 450 540 630 720 810 a00 990 10ER 1170 1260 ﬁ
Days from 2013/02/20
50
" e - Y L S H -+ i 4 H H
£ E B ' ! &
E_oE
—150 2013 2014 015 2016
020 0BG Ak om —— " D& 1207 R
- Dates{MMDD]
1 Me‘v‘e Dbsewatlonsvs 25 hrPredmtlonsover Day,s 840 - 11{}{}
? — - LIRS P Bl T RN LERIEIE D T e L TR - -
T ANERETO AN e T
4= o b #
)
7
E
]
Fi
3
7
-]
5
4
3

015 o
0610 or1e o7 0920 1024 ngr 125 0z03
Dates (MMDD)

Figure 3 Overview of PreMevE’s 25-hr forecasts on 1 MeV electron flux distributions. Top
five panels show prediction results for the whole time interval, and the yellow box selects a

260-day period which are replotted in the bottom five panels showing details. A & F)

Observations of 1 MeV electron flux distributions from RBSP-a and LANL-01A. B & G)

Forecasts from submodel 1. C & H) Forecasts from submodel 2. D & 1) 1 MeV electron
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fluxes at GEO. Starting from top are observed fluxes, submodel 1 forecasts and submodel 2
forecasts. Note different color bars are used to highlight GEO electron dynamics. E & J) Dst
index. To guide comparison, ten global major MeV electron events (defined as the ones with

electron fluxes increase by a factor of 5 or higher at L=4.6) are marked out by vertical gray
lines during the 260-day period.
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Figure 4 PreMevE’s 25-hr forecasts on 1MeV electron fluxes at multiple individual L-shells
are compared with observations over the selected 260-day period. Panels in left (right)
column are for submodel 1 (2) results. Black curve in each panel are observations and
forecasts are red. From A to E, those panels are for L= 3.0, 4.0, 5.0, 6.0, and 6.6, respectively.
Dst index are in the bottom panels. The same ten global major MeV electron events as in
Figure 3 are marked out by vertical gray lines. Vertical boxes with green/yellow/blue colors
indicate successful/mixed/failed predictions of the start of incoming MeV electron events, i.e.,
submodel-1 predictions of sudden MeV electron increments fall within/hard-to-tell/outside
the prediction window.
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Long-term 25 hr Predictions of TMeV e- at L=4.6 by SubModel 1 Long-term 25 hr Predictions of 1MeV e-at L=4.6 by SubModel 2
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Figure 5 PreMevE’s 25-hr forecasts on 1MeV electron fluxes at one individual L-shell (L =
4.6) are compared to observations over the whole 1289-day period. Panels in left column
present submodel 1 results. Black curve in each panel are observations and forecasts are in
red. “In left panels, gray vertical lines indicate the starting of MeV electron events in
observations, and the short vertical lines in aqua are the starting of electron enhancements
identified from submodel 1 forecasts. Dots in different color below each panel indicate model
behaviors in four categories: green dots mark successful predictions, green dots filled with
yellow are for partial successes, red ones are for observed enhancements not being predicted
(misses), and blue are predicted enhancements that are not found in observations (false
alarms). The list below the bottom panel summaries the total event number in each category.
Panels in right column are for submodel 2 results. Note in Panels E1 and E2, the straight-line
like features in predictions between days ~843 — 847 are caused by data gaps in POES data.
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Long-term 25 hr Predictions of 1MeV e- at L=5.6 by SubModel 1 Long-term 25 hr Predictions of 1TMeV e- at L=5.6 by SubModel 2
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Figure 6 PreMevE’s 25-hr forecasts on 1MeV electron fluxes at one individual L-shell (L =
5.6) are compared with observations over the whole 1289-day period. Panels are in the same
format as Figure 5.
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Long-term 25 hr Predictions of 1MeV e- at L=3.2 by SubModel 1 Long-term 25 hr Predictions of TMeV e- at L=3.2 by SubModel 2
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Figure 7 PreMevE’s 25-hr forecasts on 1MeV electron fluxes at one individual L-shell (L =
3.2) are compared with observations over the whole 1289-day period. Panels are in the same
format as Figure 5. Note at this L-shell, a higher increment threshold value of 0.9 is used in
term of the logarithm of fluxes (i.e., a ratio of linear flux values = 7.94) for identifying
forecasted starting times.
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Figure 8 Dependence of PreMevE model performance on times in advance and model inputs.
A) Prediction efficiency (PE) of submodel 1 as a function of L-shell and forecast lead time:
gray for nowcast of current, black and 5-hr, red for 25-hr and blue for 50-hr forecasts. Note
gray and black curves almost overlap each other. B) PE curves of submodel 2 in the same
format. C) PE curve in blue for the normal submodel 2 using P6 and E2 as inputs, or the
purple curve for a persistence model based only on RBSP in-situ data as inputs, or green
curve for revised submodel 2 by using RBSP in-situ 1MeV data instead and POES E2 as

inputs.
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Performance Efficiency v.s. LPF Parameters
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Figure 9 Dependence of PreMeVvE model performance on parameters. To exclude the training
data portion, here all PE values are calculated based on 25 hr predictions starting from the
1000th time bin to the end of 1289-day interval. Al and B1) PE distributions as a function of
L-shell with different training data lengths: red for 300 training data points (~2 months),
orange for 600 training data points (~4 months), and yellow for 900 data points (~6 months).
All PLFs have the same number of input data m =15. A2 and B2) PE distributions with
different numbers of input data points for LPF: red for m=15, green for m=20, and blue for
m=25. All PLFs have the same training data length of 300.
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2 MeV e- Observations vs 25 hr Predictions over Days 840 - 1100
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Figure 10 PreMevE 25-hr predictions for 2 MeV electrons. A) In situ observations from
RBSP.and LANL-01A over the 260-day period, B) Forecasts from submodel 1, and C)
submodel 2. D) PE curves of submodel 1 as a function of L-shell and forecast lead time: gray
for current, black for 5-hr, red for 25-hr and blue for 50-hr forecasts. E) PE curves of
submodel 2 in the same format.
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Quantify POES P6 Measurements of >1 MeV Electrons by Comparing to DEMETER Data
NOAA-17 P6 Data
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Figure Al Correlation between >1 MeV electron dynamics and POES MEPED P6
measurements over a 40-day period. A) NOAA-17 P6 data as a function of L-shell (in
vertical direction) and time (horizontal) over 40 days in 2008. B) >1 MeV electron fluxes
observed by IDP instrument on board DEMETER over the same period. C) Orbits of
DEMETER (blue), NOAA-17 (dirt) and NOAA-15 (gold) during the period. D) Quantify the
correlation between NOAA P6 and IDP data sets.
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