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Los Alamos National Laboratory, Los Alamos, NM, USAUniversity of Oklahoma, Norman, OK, USA%Geological
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Abstract Energetic electrons inside Earth's Van Allen belts pose a major radiation threat to space-
borne electronics that often play vital roles in modern society. Ultra-relativistic electrons with energies
greater than or equal to two megaelectron-volt (MeV) are of particular interest, and thus forecasting
these t2 MeV electrons has a significant meaning to all space sectors. Here, we update the latest
development of the predictive model for MeV electrons in the outer radiation belt. The new version, called
PREdictive MEV Electron (PreMeVE)-2E, forecasts ultra-relativistic electron flux distributions across

the outer belt, with no need for in situ measurements of the trapped MeV electron population except at
the geosynchronous orbit (GEO). Model inputs include precipitating electrons observed in low-Earth-
orbits by NOAA satellites, upstream solar wind speeds and densities from solar wind monitors, as well
as ultra-relativistic electrons measured by one Los Alamos GEO satellite. We evaluated 32 supervised
machine learning models that fall into four different classes of linear and neural network architectures,
and successfully tested ensemble forecasting by using groups of top-performing models. All models are
individually trained, validated, and tested by in situ electron data from NASA's Van Allen Probes mission.
It is shown that the final ensemble model outperforms individual models at moktshells, and this
PreMevE-2E model can provide 25-h (L-day) and 50-h ( 2-day) forecasts with high mean performance
efficiency and correlation values. Our results also suggest that this new model is dominated by nonlinear
components atl-shells < 4 for ultra-relativistic electrons, different from the dominance of linear
components for 1 MeV electrons as previously discovered.

Plain Language Summary High-speed electrons inside Earth's outer Van Allen belt pose a
major radiation threat to man-made satellites by causing malfunction of space-borne electronics. These
electrons, especially those traveling at nearly the speed of light, are of particular interest due to their high
penetrating ability, and thus forecasting ultra-relativistic (with energies greater than or equal to 2 MeV)
electrons has a significant meaning to all space sectors. Here, we update the latest development of the
predictive model for megaelectron-volt (MeV) electrons inside the Earth's outer radiation belt. This new
version, called PREdictive MEV Electron (PreMevE)-2E, focuses on forecasting ultra-relativistic electron
flux distributions across the outer radiation belt, with no need for local measurements of the trapped MeV
electrons except at the geosynchronous orbit (GEO). Model inputs include electrons observed in low-
Earth-orbits by NOAA satellites, upstream solar wind conditions from solar wind monitors, and ultra-
relativistic electrons measured by one Los Alamos GEO satellite. We evaluated 32 supervised machine
learning models in four different classes, and successfully demonstrated the performance of the ensemble
forecasting technique. All models are trained, validated, and tested by electron data from NASA's Van
Allen Probes mission. This new PreMevE-2E model provides 1- and 2-day forecasts of incoming nearly
light-speed electrons with high statistical fidelity.

1. Introduction

Since their discovery in 1958, energetic particles inside the Earth's Van Allen radiation belts have been a
top concern for space operations, including the Apollo missions in the early years of the Space Age. Since
then, our interests in these magnetically trapped electrons and protons have been repeatedly refreshed, and
our understanding of these belt particles has deepened through six decades of observations. It is well rec
ognized that these particles are usually present in a two-belt distribution—an inner belt in the region with
equatorial distances (i.e.l.-shells or simplyL) within 2—3 Earth radii and an outer belt with 3 <L <8
separated by the slot region in between. This general picture for the electron belts has been widely adopted
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by the aerospace industry, as specified by empirical models such as the AE8 (V&&@]). Starting in 1990,
observations from the Combined Radiation Release and Effects Satellite—in particular the deep injection
of megaelectron-volt (MeV) electrons during the March 1991 event (Blake et 4D92—reignited research
interest in understanding the dynamics of outer belt electrons, whose intensities may vary up to several
orders of magnitude during magnetic storms. Recently, observations from Van Allen Probes (also called
RBSP) again surprised the space community by showing the persistent absence of MeV electrons inside the
inner belt (Claudepierre et al. 2015 Fennell et al.,2015.

Indeed, for satellites operating in the geosynchronous orbit (GEO), geosynchronous-transfer-orbit, medi
um- and high-Earth-orbits with high apogees, energetic electrons inside the outer belt pose a major space
radiation risk, not only in terms of the ionizing dose, but also due to the deep dielectric charging and dis
charging phenomena (Reagan et all983. When space systems are irradiated, some of the electrons are
energetic enough to penetrate through satellite surfaces (e.g., ranges of 2.0 and 3.0 MeV electrons inside
Aluminum are 4.53 and 6.92 mm, respectively), stop, and bury themselves inside the dielectric materials
of electronic parts on board. During major MeV electron events when electron intensities across the outer
belt are greatly enhanced and sustained high levels, these buried electrons accumulate faster than they can
dissipate, and thus build up high electric fields (a process called “charging,” with the potential differences
reaching as high as multiple kilovolts), until eventually sudden intense breakdowns occur which result in
discharge arcs that may cause catastrophic failure to individual electronics or to the satellite as a whole.

Consequently, understanding and forecasting MeV electron events have been a central research topic for
radiation belt studies. Recent mounting evidence, particularly from Van Allen Probes, has suggested that
local wave-particle interactions play a critical role in energizing seed electrons to MeV energies and above
for individual events, but that radial diffusion can also be important (e.g., Li & Hudso019and references
therein). Based on this theoretical framework, a list of first-principles three-dimensional diffusive models
has been developed which have shown successes as well as limitations in describing the MeV electron
dynamics (see Chen et al2016for a brief review). A different approach has also been proposed and ex
plored which uses precipitating low-energy electrons observed in low-Earth-orbits (LEOs) as a proxy for
the wave-particle interactions. This new idea of predicting MeV electron events inside the outer belt was
first proposed by Chen et al. 016 using observations over 260 days to demonstrate feasibility. Chen

et al. (2019 then successfully constructed the first PREdictive MEV Electron (PreMevE) model based on
simple linear predictive filters. The follow-up study by Pires de Lima et aR@20 (abbreviated as P2020
hereinafter) advanced the model to PreMevE 2.0, by fusing machine learning (ML) algorithms, which is
able to reliably forecast 1 MeV electron distributions across the outer belt. This current study further ex
pands forecasts to electrons with higher energi¢2 MeV, the population with high beta ratio (velocity over
light speed) values > 0.98 and thus also called ultra-relativistic electrons in this work. Other notable work

in this area is that of Claudepierre and O'Brier2020 that used multilayer feedforward networks to specify
350 keV and 1 MeV radiation belt electron flux distributions. Their SHELLS model also takes data from a
LEO satellite as inputs and is demonstrated to make specifications with high correlations and low errors
when compared to observed fluxes.

Another new component of this study is the utilization of ensemble forecasting, a predictive skill that has
been widely adopted in meteorology forecasts. Ensemble forecasting is a numerical method that uses mul
tiple predictions from slightly different initial conditions, or different forecast models, to generate a broad
sample of the possible future states of a dynamical system (Knigp16. The instances of different con
ditions or different models are called “members.” In the forecast cycle, each member starts with a current
state of the system based on a combination of observations and a background model, followed by a-calcu
lation of the system evolution over time. Outputs from the members are then combined and analyzed for
trends and uncertainty ranges. Recently, ensemble methods have been applied to a list of space research
topics, ranging from predicting new solar cycles and coronal mass ejections to magnetospheric reactions,
for which a brief review was given by KnippZ016 and references therein.

The purpose of this paper is to report how PreMevE has been upgraded to make predictions of ultra-rel
ativistic electron flux distributions across the outer radiation belt. Still, with no requirement for in situ
measurements of trapped MeV electrons except for at GEO, this unique model, named PreMevE-2E where
E stands for both ensemble forecast and enhancement, has enhanced its capability to meet the predictive
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requirements for penetrating outer-belt electrons during the post-Van Allen Probes era. In the next section,
data and parameters to be used for this study are briefly described, as well as the selected ML algorithms.
Section3 explains in detail how the model is trained, validated, and tested to forecast the distributions of
>2 MeV electron integral fluxes, followed by the forecasts of 2 MeV electron differential fluxes in Sectdbn
This work is concluded in Sectiorb with a summary of findings and possible future directions.

2. Data, Parameters, and ML Algorithms

Most data, model parameters, and ML algorithms used in this work have been previously described in detail
by Chen et al. 019 and P2020, and this is a brief recap focusing on the differences. Ultra-relativistic €lec
tron flux distributions are from the in situ observations made by the Relativistic Electron-proton Telescope
(REPT, Baker et al.2012 experiment aboard one Van Allen Probe spacecraft (RBSP-a) ai6, and by the
Energy Spectrometer for Particles (ESP, Meier et d1996 instrument carried by one Los Alamos National
Laboratory (LANL) GEO satellite LANL-01A at. = 6.6. The ESP instrument measures relativistic electrons
between 0.7 and 10 MeV, and its flux data previously have been calibrated with other particle instruments
(e.g., Friedel et al.2005 and used for scientific studies of GEO electron dynamics (e.g., Boynton et2dl14
Sicard-Piet et al.2008. As presented in Figurela, integral fluxes of >2 MeV electrons are the target data
set that is a function ofL-shell over a 1,289-day interval starting from February 20, 2013. These >2 MeV
electron data are used for model training, validation, and test, and are not needed as model input (except for
at GEO) for making predictions.

Model input parameters include low-energy precipitating electrons measured by one NOAA Polar Opera
tional Environmental Satellite (POES) NOAA-15 and upstream solar wind conditions over the same time
interval. As shown in Figurel, POES electron data used here are the same as in P2020, and thus the same
nomenclature is adopted: E2, E3, and P6 refer to the count rates of >100, >300, and >1,000 keV electrons
from different POES channels, as shown in Panels (b—d), respectively. Hereinafter, all electron intensities
for the target, E2, E3, and P6 data are in logarithmic values unless otherwise specified. Upstream solar wind
conditions include the speeds that have been tested in P2020, and solar wind densities (SWDs) as the new
model input parameter. All electron intensities as well as solar wind parameters in Figuteare binned in

5 hincrements, and electrons are also binned every Q-Ehell. We standardized the solar wind speeds and
densities by first subtracting their mean values and then dividing the results with the standard deviations.

The same four supervised ML algorithms tested in P2020 are used due to their previous success, including
linear regression, feedforward neural networks (FNNs), long short-term memory (LSTM), and convolution

al neural networks (CNNs). Briefly, linear regression models seek the optimized linear relationship between
input parameters and targets. FNNs use layers of neurons to process inputs with linear transformations fol
lowed by nonlinear activation functions to optimize outputs. LSTM networks consist of connected memory
cells that learn the sequential and temporal dynamics from the previous time steps to make predictions,
and CNNs rely upon a convolution kernel to filter the data and explore the local patterns inside. All FNNs,
LSTM, and CNNs are trained with the objective to digest inputs and minimize a specified loss function.
More details of these four ML algorithms can be found in Secti@wof P2020 and references therein.

For model development, data in Figurd are split for training, validation, and test, with portions of 65%

( 835 days), 14% (175), and 21% (267), respectively. Models are trained for each indilidslzll between

2.8 and 6 as well as at GEO (6.6) in the outer belt region, with the optimization goal of minimizing the
root-mean-square error between the target valugs(electron fluxes in logarithm) and predicted value&
Different parameter combinations and temporal window sizes are tested for model inputs. We also compare
the performance of models using different ML algorithms as in P2020. Model performance is gauged by per
formance efficiency (PE), which quantifies the accuracy of predictions by comparing to the variance of the

target. On namingy andf both with sizeM, PE is defined as where is the mean

of y. PE does not have a lower bound, and its perfect score is 1.0, meaning all predicted values perfectly
match observed data, or that=y.
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Outer Belt Electron Fluxes and Solar Wind Conditions (2013/02/31 - 2016/08/31)
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Figure 1. Overview of electron observations and solar wind conditions. All panels present the same 1,289-day interval
starting from February 20, 2013. (a) Flux distributions of >2 MeV electrons, the variable to be forecasted (i.e., targets).
(b—d) Count rates of precipitating electrons measured by NOAA-15 in LEO, for E2, E3, and P6 channels, respectively.
(e) Solar wind speeds measured upstream of the magnetosphere from the OMNI data set. (f) Solar wind densities. Data
in Panels (b—f) serve as model inputs, that is, predictors. The bottom color bars indicate the portions of data used for
training, validation, and test.

3. Forecasting >2 MeV Electron Flux Distributions

Models in this section predict the integral fluxes of >2 MeV electrons. Key results are summarized in Ta
bles 1 and 2, followed by detailed discussions. Tablg lists PE values of all 32 models for 25 h (or called
1-day) forecasts, and Tabl2for 50 h (2-day) forecasts. In each table, there are eight input and window size

SINHA ET AL. 4 of 23



Space Weather

10.1029/2021SW002773

Table 1
Performance of Models in Four Categories (>2 MeV) for 1-Day (25 h) Forecasts
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Note Models in the second column belong to four categories: linear regression, feedforward neural networks (FNNs), long-short-term memory (LSTM),
and convolutional neural networks. Window size column tells the number of 5-hourly bin data points needed as input, Input Parameters are model input
combinations, and the rest of the columns show mean performance efficiency (PE) values for different intervals. Among the eight models in each category,
the top performer—ranked by the out-of-sample PE values in the (PE val + test) column—has its model number in bold font and underscored, and the second
performer has its number in bold. In the last column for PE at geosynchronous orbit (GEO) for validation and test data sets, the highest PE value for each
category is also in bold and underscored, and it may not be the same as the one from the top performer (which always has its GEO PE value underscored). The
last row (model 33) is for the ensemble model PE values.

combinations for each of the four ML algorithms, where the model names follow the convention of P2020.
For example, FNN-64-32-elu are FNNs composed of two hidden layers—the first one has 64 neurons and
the second has 32 neurons, and the neurons use Exponential Linear Unit (ELU, Clevert et28l15 as the
activation function; LSTM-128 models have one layer with 128 memory cells; and conv-64-32-relu are CNN
models composed of two convolutional layers—the first one contains 64 kernels and the second contains 32
kernels, and the kernels use Rectified Linear Unit (ReLU, Hahnloser et &00Q Nair & Hinton, 2010 as an
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Table 2

Performance of Models in Four Categories (>2 MeV) for 2-Day (50 h) Forecasts
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Note In the same format as Tablé.
FNN, feedforward neural network; GEO, geosynchronous orbit; LSTM, long-short-term memory; PE, performance efficiency.

activation function. All four categories of models in Tablesand 2 are the same as those in Tables 2 and 3 of
P2020 and also have the same model hyperparameters. “Window size” refers to the number of 5-h time bins
of input data needed by the models, for example, a window size of four corresponds to a time history of 20 h.
The input parameters’ column specifies the features needed for each model, dE2 refers to the normalized
temporal derivatives of E2 fluxes, E246 indicates that E2 fluxed.at 4.6 are used as inputs for all-shells,

and SW and SWD refer to solar wind speeds and densities, respectively. Here, E246 is used folLesihetls

due to the high crosd:--shell correlation observed previously (e.qg., Figure 2C in Chen et 2019 as well as

the demonstrated positive effects on forecasts (e.g., see models with highest PE values in Table 2 of P2020).
Because of different selection of input features, the size of the input layer changes accordingly. For example,
the size of the input layer for model 10 in Tabl& uses a window size of 16 and data from E2, E3, P6, and

SINHA ET AL. 6 of 23



Space Weather 10.1029/2021SW002773
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Figure 2. Performance efficiency (PE) values for the combined validation and test sets are presented as a functiorslegll for linear and long-short-term
memory (LSTM) models as in Tablé. (a) Comparison of eight linear regression models with the last three being numbered. (b) Comparison of eight LSTM
models also with the last three being numbered. The models are numbered in the way as in TabiMote all linear models behave similarly, but LSTM models
vary greatly with different input parameters and window sizes. Also note there are no data points on each PE curve inside the shadkell range (i.e.,

6.0 <L < geosynchronous orbit [GEQ]).

SW channels. This corresponds to an input size of 64—four data channels multiplied by 16 data points for
each channel. The last row in each table is for the ensemble model that will be discussed later in this section.

First, we examined the effects of feature selection (i.e., input combinations and window sizes) as in Figure
which uses linear and LSTM models as the examples and plots the out-of-sample PE values (for validation
and test data) as a function df-shells. In Panel (a), the general trend can be observed for linear models that
PE increases with the increasing number of input parameters and window sizes. All curves have similar
shapes with the highest PE dt 4.0 and decreasing in both directions, while PE values at GEO increase
above 0.6. Note each PE curve has data points locateld-ahells from 3.0 to 6.0 with an increment of 0.1 as
well as at GEO, as per the way PreMeVE is constructed as specified in Chen e2@19. The high PE values

at GEO can be explained by the inclusion of >2 MeV electron fluxes in situ measured by the LANL-01A
satellite, as previously seen in P2020. Here, we highlight three examples: models 6 and 8 have different input
parameters but the same window size, while models 7 and 8 have the same input parameters but different
window sizes (see Tabl#). It is seen that model 8 has the highest PE with SWD included in inputs. In Panel
(b), LSTM models have very different PE curves with large variations. Several LSTM models show a local
minimum in PE with L-shell at 4 and a plateau ak between 3.1 and 3.8. In addition, the inclusion of SWD

to models 23 and 24 indeed decreases their PH.atl6 compared to those of model 22 (also see Tahje

PE values can drop below zero at small< 3.0, particularly for the linear models, mainly due to the lack of
training events, which are discussed later in this section. Therefore, hereinafter we confine our discussions
on PE only forL t 3.0.
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Model Performance for Two Top Performers in Each Category (> 2 MeV)
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Figure 3. Model performance efficiency (PE) values for validation and test data are presented as a functidngifell for the top two performers in each
category forecasting >2 MeV electrons. (a) Top two performers of each category for 1-day (25 h) forecasts as listed inlTabkae each category, the thick
(thin) curve is for the top (second) performer. The PE curve for the top linear model in PreMevE 2.0 making 1-day forecasts of 1 MeV electrons (P2020) is
plotted in dashed gray for comparison. (b) Top two performers of each category for 2-day (50 h) forecasts as listed inZI&#ecurves are in the same format
as in Panel (a). The PE curve for the top linear model in PreMevE 2.0 making 2-day forecasts of 1 MeV electrons (P2020) is also plotted in dashed gray for
comparison. GEO, geosynchronous orbit.

To get an idea of model performance, we first inspected Takléor 1-day forecasts comparing models' mean

PE values, which are averaged over dlishells except for GEO for individual models. Based on the mean
out-of-sample PE values for combined validation and test data, one can rank the model's performance from
high to low. For instance, in the linear category, model 8 is the top performer with the highest mean PE of
0.523, followed by model 6 with a PE value of 0.509. For the top performer model 8, its out-of-sample PE
at GEO is 0.629, also the highest in the category and thus in bold and underscored. Similarly, the top and
second performers in other categories are picked out with their mean PE in bold font and underscored. In
Table 1, mean PE values of the four top (second) performers are 0.523 (0.509) for linear, 0.553 (0.488) for
FNN, 0.537 (0.521) for LSTM, and 0.479 (0.477) for CNN, while their PE values at GEO are 0.629 (0.625),
0.630 (0.603), 0.600 (0.581), and 0.598 (0.566), which are not necessarily the highest of each category. Note
among the four top performers, only the linear model 8 has SWD in model inputs, while at GEO three out
of the four models with the highest PE, that is, models 8, 15 and 23, have SWD included.

Similarly, in Table 2, for 2-day forecasts, mean out-of-sample PE values for the four top (second) performers
are 0.438 (0.431), 0.460 (0.416), 0.456 (0.451), and 0.423 (0.408), while their PE at GEO are 0.428 (0.431
0.423 (0.419), 0.390 (0.384), and 0.402 (0.345) which are often not the highest in the category. For 2-day fore
casts, SWDs are not needed for the top four performers, while at GEO the only exception is the linear model
8. Therefore, unlike the important role of SW as demonstrated here and in P2020, SWD is not necessary
for model input except for 1-day linear forecasts at GEO. Also, in both Tableand 2, top FNN and LSTM
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Figure 4. Overview of target and 1-day forecasted >2 MeV electron fluxes acrosd adhells for the entire 1,289-day
interval. (a) Observed flux distributions to be forecasted for >2 MeV electrons. Panels (b—e) show 1-day forecasted flux
distributions by the four top performers, each with the highest out-of-sample performance efficiency (PE) from one
category, including the linear regression model 8, the feedforward neural network (FNN) model 13, the long-short-
term memory (LSTM) model 22, and the convolutional neural network (CNN) model 29 as listed in Tablé5EO,
geosynchronous orbit.

models marginally outperform top linear models, suggesting the significance of nonlinear component for
>2 MeV electrons, in sharp contrast to P2020 models for 1 MeV electrons in which linear models always
have the highest (or next to the highest) PE values. Additionally, PE values at GEO d@€l higher than the
mean PE at. d6 for 1-day forecasts, while for 2-day forecasts PE values are slightly lower at GEO.
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Figure 5. Relative error ratios of 1-day forecasts across lalshells for >2 MeV electrons. Panels (a—d) plot the
deviations ratios, defined as targets minus forecasts and then divided by the targets, as a functibrsb®ll and time for
the linear regression model 8, the feedforward neural network (FNN) model 13, the long-short-term memory (LSTM)
model 22, and the convolutional neural network (CNN) model 29, respectively, the four top performers as listed in
Table 1. Green color depicts perfect predictions, and red (blue) indicates under-predictions (over-predictions). GEO,
geosynchronous orbit.

f
|
Iy
o

PE curves for the top two performers in each category for 1- and 2-day forecasts are further compared in
Figure 3 as a function ofL-shell. First, note that in both panels there is no one individual model that cut
performs others over alL-shells. For example, linear models (i.e., the solid gray curves) have higher PE at
L-shells above 3.8, while the top FNN (red) and LSTM (brown) models perform better at sméHshells

than the quickly degrading linear ones. Plus, the PE curves for the top linear model 6 of PreMeVvE 2.0 for

1 MeV electrons (see Tables 2 and 3 in P2020) are plotted in dashed gray for comparison. It can be seen that
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Figure 6. Model prediction versus target 2D histograms for 1-day forecasted >2 MeV electron fluxes acrods-sifiells. (a) Histogram of the fluxes predicted

by the LinearReg model 8 (the linear top performer as in Tahlg versus the target >2 MeV electron fluxes. The color bar indicates the count of points in bins of
size 0.1 x 0.1. Similarly, panels (b—d) show predictions versus > 2 MeV target for the feedforward neural network (FNN) model 13, the long-short-term memory
(LSTM) model 22, and the convolutional neural network (CNN) model 29, the top performers as in Tahlén each panel, the diagonal line for perfect matching

is shown in solid black curve, and the dashed dark gray (and light gray) lines indicate ratio—between the fluxes—factors of 3 (and 5). The dark gray (light gray)
number in lower right is the percentage of points falling within the factors of 3 (5), and the red number shows the correlation coefficient.

for this new model, PE curves for the linear ones in solid gray and magenta have higher PEstiells >4.5
for 1-day (>4.0 for 2-day) but lower PE at smallér-shells than the dashed gray curve.

An overview of 1-day forecasted flux distributions from the four top models is presented in Figdreshow

ing similar dynamics compared to those observed in target data. Over the entire interval, most MeV electron
events are captured well in terms of both intensities aridshell ranges, for example, the areas in red and
yellow colors. Exceptions include the significant electron dropouts, for example, the vertical blue strip on
days 1,080 at. > 5, and the deep electron injections into small-shells below 3.0. To highlight the differ
ences between forecasts and target, error ratios for the four models are plotted in Figiie which green
color indicates perfect predictions while blue (red) means over-(under-) predictions. For example, in the
validation and test periods, the lack of vertical red strips suggests that the onsets of >2 MeV electron events
are well predicted, while the vertical blue strips reflect the predicted high fluxes during dropouts, which is
acceptable since this model aims to predict the enhancements of energetic electrons. Again, the reddish
areas at smallL-shells 2.8 and 2.9 during the validation and test periods, particularly in Panel (a), indicate
the models' under par performance in the area. This is due to the fact that at these leghells training data

are dominated by background and the ML algorithms can learn only from the single major event starting on
day 758, while there are up to three events during the validation and test periods. To keep the comparison
standardized, we chose not to modify the training set farshells 2.8 and 2.9, and hence predictions at these

SINHA ET AL.

11 of 23



Space Weather 10.1029/2021SW002773

Outer Belt >2 MeV Electron Fluxes: Target (Obser v.) vs Forecasts

GEO 1 Trapped >2 MeV e- (Target) 1 6
5.5 1 S
- 4 o~
@" 4.5 3 15
#*
F2 %
3.5 1 o

2.8 . : : : . . . : . : . . . Lo

GEO Linear: Model 06 __ 6
5.5 1 S
- 4 o
(B 45 g
H*
-2 %
3.5 1 k]

2.8 1 T T T T T T T T T T T T T —-0

GEO M
FNN: Model 13 L6

5.5 1

[o]
L
»
3]
N
log(#/cm2/s/sr)

M2
3.5 1
2.8 1 T T T T T T T T T T T T T —0
GEO —

LSTM: Model 22
5.5 1

L
N
3]
N
log(#/cm2/s/sr)

Fr2

3.5 1
28 T T T T T T T T T T T T T — 0
GEO T"CNN: Model 29 e

5.5 1

4.5

L
N
log(#/cm2/s/sr)

3.5

28 T T T T T T T T T T T T T —-O
0 92 184 276 368 460 552 644 736 828 920 1012 1104 1196 1288

Days from 2013/02/20
e g R Tes

Figure 7. Overview of target and 2-day forecasted fluxes acrosslaihells. Panel (a) shows the observed flux
distributions to be forecasted for >2 MeV electrons. Panels (b—e) show forecasts from the four top performers, each
with the highest out-of-sample performance efficiency from one category, including the linear regression model 6, the
feedforward neural network (FNN) model 13, the long-short-term memory (LSTM) model 22, and the convolutional
neural network (CNN) model 29 as listed in Tabl2. GEO, geosynchronous orbit.

L-shells are not as good as others. For the same reason, we excluded thesk-shells and only counted 3.0
and higher to calculate the mean PE values oviershells as in Tabled and 2.

Alternatively, the model's performance on 1-day forecasts can also be examined from scatter plots of flux
data points over the entire 1,289-day interval, as shown in Figusefor the top four models. In each 2D
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Figure 8. One-day ensemble forecasting results for >2 MeV electron fluxes over individliathells. Results are

shown for the validation and test periods, and panels from the top to bottom are fseshells at 3.5, 4.5, 5.5, and
geosynchronous orbit (GEO) (6.6), respectively. In each panel, the target is shown in black, and the gray strip shows the
uncertainty ranges (or standard deviations) from the ensemble group, and the median from the ensemble predictions

is shown in bright red color. Note that the uncertainties from the ensemble models vary both spatially and temporally,
however, the median values follow the targets closely.

histogram, the position of each pixel compares the predicted and target fluxes and the pixel color counts
the occurrences over the interval. In each panel, the diagonal indicates a perfect match, and the dark gray
(light gray) dashed lines on both sides mark error factor ratios of 3 (5) and 1/3 (1/5) between predicted and
observed fluxes (original flux values not in logarithm). The majority of the points (in red) fall close to the
diagonal and are well contained between the two factor-3 lines, particularly the points in the upper right
quarter during MeV electron events. The two percentages in the lower right show the portions of data points
that fall with the two pairs of factor lines, and the red number in the second row is the correlation coeffi
cient (CC) value. It is seen that all models have high CC values from 0.90 to 0.91, and 71%-78% (87%—-90%
forecasts have error ratios within the factors of 3 (5). In addition to PE, all these CC values and percentages
help to further quantify the performance of the top four models.

The overview plot for 2-day forecasts is given by Figufdor the four top performers as identified in Tabl&.
Similar features can be seen here as in Figuteincluding the resemblance between forecasts and observa
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Outer Belt >2 MeV Electron Fluxes: Target (Observ.) vs 2-day
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Figure 9. Two-day ensemble forecasting results for >2 MeV electron fluxes over individuakhells. Results are shown
for the validation and test periods, and in the same format as FigBeGEO, geosynchronous orbit.

tions as well as the misses at lolshells of 2.8 and 2.9. One noticeable feature in Panel (d) is the “patchi
ness” atL = 4.2, where predicted fluxes by LSTM model 22 are persistently lower than those in neighboring
L-shells. This feature corresponds to the local minimum &at= 4.2 in the solid brown PE curve for the same
model in Figure 3b. A similar feature is also visible in Figur&e at the sameL_-shell and corresponds to the
local minimum in the solid orange PE curve in Figur&b. Considering theL-shell-dependent performance
of models as shown in Figur&, we decided to test ensemble forecasts for optimization, using a combination
of linear and nonlinear models. Indeed, as mentioned in Sectidnthe ensemble forecast has been widely
applied for weather forecasting (e.g., see the review by Cheu@0J), and studies have shown that the
ensemble mean can act as a nonlinear filter with a skill statistically higher than any ensemble individual
member (Toth & Kalnay,1997.

We first tested 1-day forecasts using a small ensemble group. As shown in the last row of Taldesemble
members include linear model 8, FNN model 13, LSTM model 22, and CNN model 29, which are the top
four performing models in each of the four categories. At each time step, the ensemble prediction of-elec
tron fluxes at onel-shell is the median of all four member model outputs, and standard deviation of the out
puts is the measure of uncertainty. One such example is shown in Fig8revhere at four individualL-shells

the ensemble forecasts (in red) closely track the increments and decays of >2 MeV electron fluxes (black)
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Figure 10. Overview of target versus 1- and 2-day ensemble forecasted >2 MeV electron fluxes acrokssaklls for the entire 1,289-day interval. (a) Observed
flux distributions. (b) One-day predicted flux distributions from the ensemble model. (c) Deviation ratios between the target and 1-day predicted fluxes. (d and
e) Same format as (b and c) but for 2-day ensemble forecasts. GEO, geosynchronous orbit.

observed during MeV electron events, and the gray strips in the background represent the uncertainties
from this ensemble group. Similarly, another ensemble group was constructed for 2-day forecasts, with the
same member models except for the linear one being replaced by model 8 (see the last row in Zakdad
the ensemble forecasts are also shown to closely trace observations at four indivillestiells as in Figure9.

The plots in Figure 10 compare the observed and ensemble forecasted flux distributions over the entire
interval. There are noticeable improvements, including the better predictions of low fluxeslashells 3.5,

for example, the blue area centered on day 552 during the training in Panel (b), and the deep injections to
low L-shells during the validation and test periods when compared to the linear model in Figuth. Also,

the “patchiness” previously observed in 2-day forecasts in LSTM model has been much alleviated here in
Panel (d). In general, however, it is not easy to tell the difference just by eyeballing and comparing to istri
butions in Figures4, 5and?7.

Therefore, we again use the PE to quantify model performance, comparing the ensemble PE curves to those
of group members as a function df-shell in Figure 11 First, it is seen that in both panels, the ensemble
PE curves (in red) almost always stay to the rightmost for &lshells, including at GEO, when compared to
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Figure 11. Model performance efficiency (PE) values for validation and test data are presented as a functidnsifell for ensemble models forecasting
>2 MeV electrons. (a) PE curves for 1-day (25 h) forecasting models. The thick red curve is for the ensemble model compared to four individual ensemble
member models (the top performers as defined in Tahlg in different colors. The PE curve for the top linear model in PreMevE 2.0 making 1-day forecasts of

1 MeV electrons (P2020) is plotted in dashed gray for comparison. (b) PE curves for 2-day (50 h) forecasting models. The red curve is for the ensemble model
and other four curves are for ensemble member models (as defined in Ta})leThe PE curve for the top linear model in PreMeVvE 2.0 making 2-day forecasts of

1 MeV electrons (P2020) is plotted in dashed gray for comparison. GEO, geosynchronous orbit.

PE curves from four member models. The outperformance of ensemble models is consistent with previous
results from other fields, and justifies the usage of ensemble forecasting in this new model. Second, when
compared to the PE curves in dashed gray from the linear model of PreMevE 2.0, our ensemble forecasts
either have at least comparable performance in Panel (a) for 1-day or have even better performance in Panel

(b) for 2-day, in particular at medium or highL-shells. Looking back to Table4 and 2, the ensemble moed
els have a mean PE value of 0.612 for 1-day and 0.521 for 2-day @6, and 0.677 and 0.572 at GEO, and

all these values are significantly higher than those from individual top performer models. Therefore, our
test demonstrates the advantage of ensemble forecasting, and thus this new model is named PreMeVvE-2E
for its adoption of ensemble forecasting to enhance prediction capability. To put this model's performance
into context, the operational Relativistic Electron Forecast Model at NOAA has PE values of 0.72 and 0.49
at GEO for 1- and 2-day predictions for daily averaged fluence of >2 MeV electrons, and our model has PE
values of 0.68 and 0.57 at GEO for 1- and 2-day forecasts of >2 MeV electron fluxes with 5 h time resolu

tion. In addition, besides GEO, our model also has similar predictive performance acrbsshells between
3 and 6 in the heart of the outer belt.

Note that here we only tested with a small ensemble group, and obviously there are other possible options.
For example, the ensemble group may include more members, and not necessarily the same number of
models from all categories. Besides, particularly at GEO the ensemble group can be different, for instance
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Table 3
Performance of Models in Four Categories (2 MeV) for 1-Day (25 h) Forecasts
Index M odels qudow Input parameters PE train .PE. PE test PE val + PE all PE GEO
size validation test val+test
1 LinearReg 4 E2+E3+P6+SW 0.746 0.358 0.591 0.538 0.744 0.549
2 LinearReg 16 E2+E3+P6+SW 0.769 0.427 0.628 0.583 0.768 0.561
3 LinearReg 4 E2+E3+P6+SW+dE2 0.748 0.363 0.596 0.543 0.747 0.554
4 LinearReg 16 E2+E3+P6+SW+dE2 0.773 0.432 0.637 0.590 0.772 0.568
5 LinearReg 4 E2+E3+P6+SW+dE2+E246 0.761 0.383 0.594 0.550 0.755 0.553
6 LinearReg 16 E2+E3+P6+SW+dE2+E246 0.781 0.440 0.632 0.590 0.776 0.5
7 LinearReg 4 E2+E3+P6+SW+SWD-+dE2+E246 0.768 0.385 0.595 0.551 0.759 0.555
8 LinearReg 16 E2+E3+P6+SW+SWD+dE2+E246 0.792 0.450 0.645 0.600 | 0.784 0.566
9 FNN-64-32-¢lu 4 E2+E3+P6+SW 0.763 0.396 0.582 0.548 0.756 0.535
10 FNN-64-32-¢lu 16 E2+E3+P6+SW 0.721 0.298 0.481 0.451 0.710 0.471
11 FNN-64-32-elu 4 E2+E3+P6+SW+dE2 0.679 0.105 0.411 0.344 0.663 0.5&8
12 FNN-64-32-¢elu 16 E2+E3+P6+SW+dE2 0.700 0.238 0.476 0.426 0.693 0.505
13 FNN-64-32-¢lu 4 E2+E3+P6+SW+dE2+E246 0.769 0.417 0.571 0.549 | 0.760 0.461
14 FNN-64-32-¢elu 16 E2+E3+P6+SW-+dE2+E246 0.727 0.249 0.455 0.422 0.708 -0.735
15 FNN-64-32-¢lu 4 E2+E3+P6+SW+SWD+dE2+E246 0.782 0.389 0.554 0.529 0.762 0.572
16 FNN-64-32-¢lu 16 E2+E3+P6+SW+SWD+dE2+E246 0.730 0.168 0.418 0.369 0.695 0.487
17 LSTM-128 4 E2+E3+P6+SW 0.705 0.295 0.493 0.456 0.702 0.58
18 LSTM-128 16 E2+E3+P6+SW 0.751 0.387 0.539 0.518 0.742 0.539
19 LSTM-128 4 E2+E3+P6+SW+dE2 0.713 0.295 0.503 0.463 0.708 0.551
20 LSTM-128 16 E2+E3+P6+SW+dE2 0.744 0.360 0.519 0.496 0.731 0.509
21 LSTM-128 4 E2+E3+P6+SW+dE2+E246 0.757 0.362 0.539 0.511 0.746 0.577
22 LSTM-128 16 E2+E3+P6+SW+dE2+E246 0.791 0.423 0.525 0.525 0.764 0.516
23 LSTM-128 4 E2+E3+P6+SW+SWD-+dE2+E246 0.782 0.395 0.556 0.533 0.764 0.539
24 LSTM-128 16 E2+E3+P6+SW+SWD-+dE2+E246 0.836 0.453 0.551 0.549 0.795 0.509
25 Conv-64-32-relu 4 E2+E3+P6+SW 0.762 0.309 0.548 0.496 0.744 0.437
26 Conv-64-32-relu 16 E2+E3+P6+SW 0.602 -0.596 -0.096 -0.186 0.494 -0.549
27 Conv-64-32-relu 4 E2+E3+P6+SW+dE2 0.770 0.340 0.566 0.518 0.754 0.437
28 Conv-64-32-relu 16 E2+E3+P6+SW+dE2 0.637 -0.467 0.031 -0.057 0.545 -0.490
29 Conv-64-32-relu 4 E2+E3+P6+SW+dE2+E246 0.782 0.373 0.556 0.525 | 0.762 0.459
30 Conv-64-32-relu 16 E2+E3+P6+SW+dE2+E246 0.638 -0.422 -0.050 -0.090 0.533 -0.898
31 Conv-64-32-relu 4 E2+E3+P6+SW+SWD+dE2+E246 0.801 0.329 0.540 0.500 0.766 0.430
32 Conv-64-32-relu 16 E2+E3+P6+SW+SWD-+dE2+E246 0.670 -0.537 -0.086 -0.170 0.529 -0.631
33 Ensenble: models8 + 13 + 24 + 29 0.810 0.476 0.640 0.624 | 0.7% 0.564

Note In the same format as Tablé.
FNN, feedforward neural network; GEO, geosynchronous orbit; LSTM, long-short-term memory; PE, performance efficiency.

by selecting the models with the highest out-of-sample PE values at GEO. Furthermore, another possibility
is to construct a “hybrid” model that uses the best performing model(s) at each individwatshell, instead of
selecting the same model(s) for all-shells. For example, this hybrid model may combine nonlinear models
at smallL-shells (e.g.L < 3.5 as in Figure3) and include more linear ones at large-shells depending on
their ranks in PE. From this sense, here the ensemble test is an initial test of the hybrid model—only with a
small model group though—and more extensive studies are expected in the future.
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Table 4
Performance of Models in Four Categories (2 MeV) for 2-Day (50 h) Forecasts
Index Models Wln_dow Input parameters PE train .PE. PE test PE val + PE all PE GEO
size validation test val+test
1 LinearReg 4 E2+E3+P6+SW 0.701 0.288 0.500 0.461 0.700 0.186
2 LinearReg 16 E2+E3+P6+SW 0.721 0.339 0.535 0.497 0.720 0.227
3 LinearReg 4 E2+E3+P6+SW+dE2 0.703 0.294 0.506 0.466 0.702 0.200
4 LinearReg 16 E2+E3+P6+SW+dE2 0.725 0.349 0.544 0.506 0.724 0.244
5 LinearReg 4 E2+E3+P6+SW+dE2+E246 0.717 0.309 0.500 0.469 0.710 0.198
6 LinearReg 16 E2+E3+P6+SW+dE2+E246 0.735 0.354 0.534 0.502 0.729 0.244
7 LinearReg 4 E2+E3+P6+SW+SWD-+dE2+E246 0.720 0.323 0.504 0.475 0.714 0.212
8 LinearReg 16 E2+E3+P6+SW+SWD+dE2+E246 0.743 0.364 0.546 0.512 0.735 0.234
9 FNN-64-32-elu 4 E2+E3+P6+SW 0.718 0.333 0.494 0.474 0.713 0.186
10 FNN-64-32-¢elu 16 E2+E3+P6+SW 0.669 0.212 0.395 0.370 0.661 0.222
11 FNN-64-32-¢lu 4 E2+E3+P6+SW+dE2 0.642 0.041 0.348 0.286 0.627 0.23
12 FNN-64-32-elu 16 E2+E3+P6+SW+dE2 0.661 0.143 0.394 0.346 0.650 -0.044
13 FNN-64-32-¢lu 4 E2+E3+P6+SW+dE2+E246 0.718 0.332 0.472 0.461 0.710 0.105
14 FNN-64-32-¢lu 16 E2+E3+P6+SW+dE2+E246 0.685 0.153 0.373 0.341 0.665 -0.891
15 FNN-64-32-¢elu 4 E2+E3+P6+SW+SWD+dE2+E246 0.725 0.306 0.446 0.436 0.706 0.081
16 FNN-64-32-¢elu 16 E2+E3+P6+SW+SWD+dE2+E246 0.681 0.087 0.327 0.289 0.647 0.146
17 LSTM-128 4 E2+E3+P6+SW 0.667 0.197 0.407 0.373 0.660 0.191
18 LSTM-128 16 E2+E3+P6+SW 0.699 0.270 0.435 0.416 0.687 0.204
19 LSTM-128 4 E2+E3+P6+SW+dE2 0.673 0.191 0.409 0.373 0.663 0.266
20 LSTM-128 16 E2+E3+P6+SW+dE2 0.689 0.237 0.435 0.404 0.678 0.224
21 LSTM-128 4 E2+E3+P6+SW+dE2+E246 0.702 0.261 0.439 0.418 0.691 0.201
22 LSTM-128 16 E2+E3+P6+SW+dE2+E246 0.735 0.322 0.440 0.438 0.712 0.138
23 LSTM-128 4 E2+E3+P6+SW+SWD+dE2+E246 0.715 0.271 0.426 0.413 0.696 0.247
24 LSTM-128 16 E2+E3+P6+SW+SWD+dE2+E246 0.772 0.327 0.436 0.435 0.730 0.106
25 Conv-64-32-relu 4 E2+E3+P6+SW 0.716 0.248 0.463 0.425 0.700 0.1%5
26 Conv-64-32-relu 16 E2+E3+P6+SW 0.562 -0.694 -0.195 -0.279 0.448 -0.332
27 Conv-64-32-relu 4 E2+E3+P6+SW+dE2 0.720 0.236 0.451 0.413 0.699 0.105
28 Conv-64-32-relu 16 E2+E3+P6+SW+dE2 0.670 -0.359 0.101 0.031 0.582 -1.124
29 Conv-64-32-relu 4 E2+E3+P6+SW+dE2+E246 0.740 0.294 0.456 0.4 0.717 0.102
30 Conv-64-32-relu 16 E2+E3+P6+SW+dE2+E246 0.584 -0.605 -0.203 -0.245 0.464 -0.980
31 Conv-64-32-relu 4 E2+E3+P6+SW+SWD+dE2+E246 0.745 0.219 0.425 0.393 0.708 0.076
32 Conv-64-32-relu 16 E2+E3+P6+SW+SWD+dE2+E246 0.680 -0.530 -0.117 -0.173 0.532 -1.216
33 Ensenble: models8 + 9 + 22 + 29 0.7483 0.361 0.543 0521 | 0.7% 0.186

Note In the same format as Tablé.
FNN, feedforward neural network; GEO, geosynchronous orbit; LSTM, long-short-term memory; PE, performance efficiency.

4. Forecasting 2 MeV Electron Flux Distributions

This section explains how PreMeVvE-2E predicts differential flux distributions of 2 MeV electrons. The meth
odology is identical to those used for >2 MeV electrons as described in Sec8ptested models are the same

as in Tablesl and 2, and here we summarize the results. First, the effects of model input parameters and
window sizes are examined, and the mean PE values for individual models are presented in Tebbesl 4

for 1- and 2-day forecasts, respectively. In TalBemean PE values of the four top (second) performers are
0.600 (0.590) for linear, 0.549 (0.548) for FNN, 0.549 (0.533) for LSTM, and 0.525 (0.518) for CNN, while
their PE values at GEO are 0.566 (0.568), 0.461 (0.535), 0.509 (0.539), and 0.459 (0.437), which are lowe
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Outer Belt 2 MeV Electron Fluxes: Target (Observ.) vs and Forecasts
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Figure 12. Overview of target versus 1- and 2-day ensemble forecasted 2 MeV electron fluxes acrdsshé#lls for the entire 1,289-day interval. All panels are
in the same format as in Figurel0. GEO, geosynchronous orbit.

than the highest for each category. In Tablg mean PE values of the four top (second) performers are 0.512
(0.506) for linear, 0.474 (0.461) for FNN, 0.438 (0.435) for LSTM, and 0.439 (0.425) for CNN, while their PE
values at GEO are 0.234 (0.244), 0.186 (0.105), 0.138 (0.106), and 0.102 (0.125), which are often not eve
close to the highest value for each category. It is interesting to notice that the top (and second) linear models
have higher mean PE than all the remaining top performers for both 1- and 2-day forecasts. Based on the
rank of mean PE values, in the last row of both tables, ensemble forecasting models are constructed includ
ing the top performers from each of the four categories.

The overview plots in Figurel2 compare the observed and ensemble forecasted flux distributions over the
entire interval. The similarity between 1-day ensemble forecasts (Panel b) and target distributions (Panel a)
is impressive, but the vertical red strips in the error ratio distribution (Panel c) at> 4 also suggest that

the forecasts often miss the very beginning of the onsets of MeV electron events. Similar features are seen
in Panels (d and e) for 2-day ensemble forecasts.

In Figure 13, model performance is quantified by comparing the ensemble PE curves to those of group
members as a function oE-shell. First, as seen in Figurél, in both panels, the ensemble PE curves (in red)
almost always stay to the rightmost for all-shells, except at GEO for 2-day forecasts, when compared to
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Figure 13. Model performance efficiency (PE) values for validation and test data are presented as a functidnsifell for models forecasting 2 MeV electron

fluxes. (a) PE curves for 1-day (25 h) forecasting models. The thick red curve is for the ensemble model compared to those for four individual ensemble member
models (the top performers defined in Tabl8) in different colors. (b) PE curves for 2-day (50 h) forecasting models. The red curve is for the ensemble model

and the other four curves are for the ensemble member models (defined in Tad)lePE curves for the top linear model in PreMevE 2.0 making 1- and 2-day
forecasts of 1 MeV electrons (P2020) are plotted in dashed gray for comparison. GEO, geosynchronous orbit.

the PE curves from four member models. Therefore, the outperformance of ensemble models is confirmed
for 2 MeV electrons. Second, when compared to the PE curves in dashed gray from the linear model of
PreMeVE 2.0, our ensemble forecasts have comparable (Panel b) or even higher (a) PE values in average but
not at GEO. From the last rows of Table3and 4, the ensemble models have a mean PE value of 0.624 for
1-day and 0.521 for 2-day &t d6, and 0.564 and 0.186 at GEO, and all these mean PE values are higher than
those from individual top performer models but not at GEO. To show more details, for 1-day forecasts; Fig
ure 14 shows that at four individualL-shells the ensemble forecasts (in red) closely track the ups and downs

of 2 MeV electron fluxes (black), and similarly Figurd5 shows the 2-day forecast results. It is noticeable
that in Panel (d) the 2-day forecasts at GEO often have values much lower than those observed peak flux
values, in particular during the several major events, which may explain the low PE value of 0.186 at GEO.

There are two motivations for us to test predicting differential flux distributions of 2 MeV electrons. The
firstis to have a counterpart in comparing with PreMevE 2.0 model for 1 MeV electrons, and it turns out the
two models have very similar performance in term of PE (except for 2-day at GEO). The second motivation
is that, with both integral and differential fluxes available, one can further determine a single-parameter
energy spectrum shape (e.g., in an exponential form) that can be helpful to quantify radiation effects (e.qg.,
ionizing doses) with a given satellite geometry and shielding design.
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