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Key Points:

e An artificial neural network model was built to reconstruct ring current oxygen ions using
geomagnetic indices as input.

e The model shows high accuracy in out-of-sample tasks and successfully captures the
enhancement and decay of oxygen ion fluxes.

e The model successfully reproduces the variation of global distribution for oxygen ions of
different energies during geomagnetic storms.
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Abstract

The ring current is an important component of the Earth's near-space environment, as its
variations are the direct driver of geomagnetic storms that can disrupt power grids, satellite
communications, and navigation systems, thereby impacting a wide range of technological and
human activities. Oxygen ions (O") are one of the major components of the ring current and play
a significant role in both the enhancement and depletion of the ring current during geomagnetic
storms. Although a standard statistical study can provide average global distributions of ring
current ions, it can’t offer insight into the short-term dynamic variations of the global
distribution. Therefore, we employed the Artificial Neural Network (ANN) technique to
construct a global ring current O" ion model based on the Van Allen Probes observations.
Through optimization of the combination of input geomagnetic indices and their respective time
history lengths, the model can well reproduce the spatiotemporal variation of the oxygen ion flux
distributions and demonstrates remarkable accuracy and minimal errors. Additionally, the model
effectively reconstructs the temporal variation of ring current O+ ions for an out-of-sample
dataset. Furthermore, the model provides a comprehensive and dynamic representation of global
ring current O+ ion distribution. It accurately captures the dynamics of O+ ions during a
geomagnetic storm with the oxygen ion fluxes enhancement and decay, and reveals distinct
characteristics for different energy levels, such as injection from the plasma sheet, outflow from
the ionosphere, and magnetic local time asymmetry.

Plain Language Summary

The ring current, a significant part of Earth's space environment, is closely linked to geomagnetic
disturbances that can disrupt power grids, satellite communications, and navigation systems,
affecting our daily lives. Oxygen ions (O+) are a key component of the ring current during
geomagnetic active time. In our study, we use a powerful tool called Artificial Neural Networks
(ANN) to create a model for ring current O+ behavior. This model only requires F10.7 and
geomagnetic indices as inputs. By carefully selecting the best combination of the geomagnetic
indices and their time history, we built a model that can accurately mimic the behavior of oxygen
ions observed by satellites. Our model demonstrates that the levels of O+ ion fluxes rise and fall
at various locations during geomagnetic disturbance, which is consistent with previous
observational trend. The model also helps us to understand the global distribution of O+ ions in
real time. During a test case of a geomagnetic storm, the model revealed details about energy-
dependent O+ ion flux enhancement and decay.

1 Introduction

The terrestrial ring current is a distinctive current system flowing toroidally around the Earth,
centered at the equatorial plane over a geocentric distance ranging from L ~ 2to L ~ 7 . Here
the Mcllwain L is the distance in Earth radii (Rg) from the Earth’s center to the point where a
geomagnetic field line crosses the equator (Daglis et al., 1999). The enhancement of ring current
causes global decreases in the Earth's surface magnetic field, known as geomagnetic storms.
Intense geomagnetic storms can disrupt power grids, satellite communications, and navigation
systems, impacting various technological and human activities. The ring current is formed due to
the collective azimuthal drift of energetic charged particles due to the gradient and curvature of
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the Earth’s magnetic field (Baumjohann & Treumann, 1996). Electrons move eastward, while
energetic ions above a several keV typically move westward (De Michelis et al., 1997; Yue et
al., 2017), forming the westward directed ring current.

The ring current is mainly composed of hydrogen (H+), helium (He+) and oxygen (O+) ions
from ~10s to several hundreds of keV (Williams, 1987; Daglis et al., 1993; Fu et al., 2023). Due
to the negligible mass (and hence energy density) of electrons, their contribution to the ring
current is minor (Baumjohann, 1993). During quiet times, H+ is the dominant ion species, while
the contribution from O+ increases drastically during active times and may become the dominant
ion species during the storm main phase (e.g. Daglis et al., 1999; Yue et al., 2019). Daglis (1997)
showed that as the storm intensity increases, the contribution of O+ to the ring current rises. Yue
et al. (2019) showed that the O+ ion fluxes intensify during the storm main phase and then
rapidly decay during the storm recovery phase, suggesting that O+ ion buildup and decay rates
are significantly faster than H+ ions. The faster build-up is probably related to some species-
dependent source and/or energization processes in the inner magnetosphere (e.g., Yue et al.,
2019), while the faster decay of O+ ions may be caused by the faster charge exchange and
Coulomb collision rates (e.g., Chen et al., 2020).

Ring current ions may originate from the Earth's plasma sheet and/or directly enter the inner
magnetosphere from the terrestrial ionosphere (e.g. Chappell et al., 1987, 2000, 2008; Delcourt
et al., 1992; Gkioulidou et al., 2019; Huddleston et al., 2005; Keika et al., 2016, 2018; Kronberg
et al., 2014; Sheldon et al., 1998; Yue et al., 2020). With increasing geomagnetic activity, a
broader range of ion species, including the heavy O+ ions, are transported into the inner
magnetosphere, thereby enhancing the ring current. During this transport process, these ions gain
energy through adiabatic transport driven by large-scale convection, mesoscale impulsive
dipolarizations, and localized nonadiabatic acceleration (Keika et al., 2013; Yang et al., 2011;
Zong et al., 2012; Zhou et al., 2012). During geomagnetically active periods, ring current ions
including O+ ions, are depleted due to Coulomb collisions and charge exchange processes with
the geocorona, as well as pitch-angle scattering induced by electromagnetic ion cyclotron
(EMIC) waves (Jordanova et al., 1997; Jordanova, 2007; Kennel & Petschek, 1966; Meredith et
al., 2003) and current sheet scattering (Donovan et al., 2003; Liang et al., 2014; Sergeev &
Tsyganenko, 1982; Sergeev 87 et al., 1983, 1993; Yue et al., 2014). These mechanisms lead to
the decay of the ring current back to quiescent levels.

The Artificial neural network (ANN) model has become a powerful machine learning (ML)
technique able to build empirical models with the development of hardware facilities and the
increasing computing power in recent years. Recent studies (e.g. Chu et al., 2021) show that
ANN model for radiation belt electrons does not rely on any initial conditions, boundary
conditions, or certain assumptions. Compared with traditional empirical models (e.g.
Claudepierre et al., 2016), the ANN model offers a remarkable advantage in capturing intricate
patterns and relationships directly from data that are very hard to detect otherwise. This is
particularly advantageous when dealing with complex, nonlinear systems or when the underlying
physics is not well understood. Moreover, ANN excels at handling noisy or incomplete data,
making them a robust choice for space science scenarios where data quality from satellites may
vary. Additionally, their scalability to large and high-dimensional datasets further enhances their
utility in various domains. Utilizing the ANN technique, Bortnik et al. (2016) developed a
method to use ANNSs to capture the spatiotemporal variability of plasma density at the equatorial
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region, employing the Sym-H index as the primary predictor. Chu, Bortnik, Li, Ma, Denton, et
al. (2017); Chu, Bortnik, Li, Ma, Angelopoulos, and Thorne (2017) and Zhelavskaya et al.
(2017) created dynamic plasma density models using multiple input sources, including solar
wind parameters in addition to time series of geomagnetic indices. Additionally, the ANN
technique has proven successful in reconstructing distributions of radiation belt electrons (S. G.
Claudepierre & O’Brien, 2020; Chu et al., 2021; Ma et al., 2022; Landis et al., 2022) and wave
distributions (Bortnik et al., 2018; Guo et al., 2022). Li et al. (2023) developed an ANN model to
reconstruct the distribution and dynamic variation of ring current protons by optimizing the best
combination of geomagnetic indices and time history length.

In this study, we utilize the ANN model to predict ring current oxygen ion fluxes across a range
of energy channels spanning from 38 keV to 870 keV. The ANN model is constructed based on
particle fluxes measured aboard the Van Allen Probes, and uses solely geomagnetic indices as
input parameters. Notably, the ANN model operates independently of any specific initial or
boundary conditions, relying instead on the direct influence of geomagnetic activity, as
expressed by the geomagnetic indices on the fluctuations in ring current oxygen ion fluxes. This
unique characteristic, which distinguishes the ANN model from traditional physics-based
approaches, opens up new avenues for comprehending the dynamics of the ring current.
Furthermore, our ANN model exhibits exceptional robustness, effectively filtering out noise
presented in the measurements obtained from the Van Allen Probes. This robustness enhances
the reliability of our model. Through rigorous analysis, we demonstrate that our ANN model
accurately captures the dominant patterns of variability observed during geomagnetic storm
periods. Additionally, it accounts for variations across different magnetic local time (MLT)
intervals for distinct energy channels, providing valuable insights into the intricate behavior of
the ring current under varying conditions.

2 Data Description

The predictors, which are the input parameters of the model, include several geomagnetic and
solar indices, the candidate indices are Sym-H, Sym-D, Asy-H, Asy-D, SME, and F10.7. The
asymmetric (Asy) and symmetric (Sym) disturbance indices describe the geomagnetic
disturbances at mid-latitudes, including the horizontal (H) and the east-west (D) components.
The 1-min resolution Sym/Asy indices used in this study are obtained from the Coordinated Data
Analysis Web (CDAWeb). SME is the SuperMAG version of Auroral Electrojet (AE) index,
which is typically and indication of particle injections during substorms. F10.7 is the solar radio
flux at a wavelength of 10.7 cm (2800 MHz), which is an excellent indicator of solar activity and
is usually used as a proxy for high frequency X-ray and UV radiation which is strongly
attenuated by the atmosphere. Figure 1 illustrates an overview of above mentioned geomagnetic
indices and the F10.7 index from 2013 to 2018.



SymH({nT}

F10.7{W/m3)

140

SymD(nT}
o

AsyH(nT)

100

manuscript submitted to Space Weather

L=
X

| |
M =
=2 [ =]
= o

1 1

2013 2014 2015 2016 2017 2018 2019

50 4

_50 -

2013 2014 2015 2016 2017 2018 2019

300
200 -
100 1

0-

1 L] 1 1 1 1 T
2013 2014 2015 2016 2017 2018 2019

2013 2014 2015 2016 2017 2018 2019

2013 2014 2015 2016 2017 2018 2019

2013 2014 2015 2016 2017 2018 2010
Year

141 Figure 1. Overview of predictors from 2013 to 2018. The predictors include the (a) Sym-H, (b) Sym-D, (c)
142 Asy-H, (d) Asy-D, (e) SME and (f) F10.7 indices.
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The oxygen ion flux data we use in this study are obtained from the Van Allen Probes, which
operated on an elliptical orbit of 1.2Rg X 5.8Rg. We use energy channels from 38 keV to
870 keV, with data from 38 — 52 keV measured by the Helium Oxygen Proton Electron
(HOPE) instrument (Funsten et al., 2013), and data from 71 — 870 keV measured by the
Radiation Belt Storm Probes lon Composition Experiment (RBSPICE) instrument (Mitchell et
al., 2013). Data ranges from February 2013 to April 2019, and is reduced to have a time
resolution of 1 minute. Figure 2 shows O+ ion fluxes at selected energies versus L-shell and the
Sym/H, SME, and F10.7 indices throughout 2017.
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Figure 2. (a) SME, (b) Sym-H, (c) F10.7, and (d-f) oxygen ion fluxes measured throughout
the year of 2017.

3 Methodology
3.1 Model Description

In this study, the 2 dimensional (2D) distributions of fluxes of ring current oxygen ions are
reconstructed using a fully connected multi-layer ANN. This network consists of massively
parallel distributed processors with processing units called neurons. These neurons perform
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progressive learning of the inputs using a learning algorithm that involves orderly modification
of the synaptic weights until a required objective is achieved as an output.

Each layer in ANN has interconnected neurons, with connections defined by weights matrix W
and bias vector b. For a given input vector z in layer [, the output of this layer can be expressed

as
N-1
I+1 _ Ll l
zji" = f(Z Z;wi; + bi>

i=0

Here, i and j are the number of neurons in each layer, wilj and b} are the weight and bias in each
layer. The activation function f(z) is applied to obtain the final output of the layer. In this study,
we use the ReLU function f(z) = max(0, z), which is widely used for regression tasks (e.g.
Ramachandran et al.,, 2017). This process is performed at each layer during the forward
propagation phase.The output zj‘+1 in layer [ is the input of the next layer [ + 1. It allows for the
mapping of the input data to nonlinear representations, enabling the network to capture complex
patterns and relationships. This iterative process continues until it reaches the output layer.

In the training process, the ANN model can adjust the weights (w;) and biases (b}) of each layer
automatically (Rumelhart et al., 1986), minimizing the difference between the network's final
output and the true output (the measured oxygen fluxes). We use Tensorflow software, adopting
2 hidden layers and 75 neurons for each layer. We choose mean square error (MSE) as the loss
function and use stochastic gradient descent (SGD) optimizer to minimize it. The training
process stops when the training goes for 2000 epoches or the MSE of the validation set stops
improving for 32 consecutive steps to prevent overfitting (Ma et al.,, 2022). The model
performance is evaluated in term of the coefficient of determination R of the test set, which is
expressed as

2i(z; — 2)?
= Jl ICEDE

Here z; is the measured value for each test sample, Zz is the mean value of z;, and Z is the
predicted value for each test sample.

Since the particle flux span over a few orders of magnitude, we model the lograrithm of the
particle flux with a base of 10, and remove all invalid flux data. The whole data set are split into
contiguous 1-day segments (Ma et al., 2022; Li et al., 2023). We first we use a 5-fold cross-
validation method to find out the best combination of input parameters. We select each whole
year as the test set, and partition the rest of data segments into a training set (~ 80%) and a
validation set (~ 20%). After we obtain the optimal combination of predictors, we construct a
new model using the predictors that produce the best performance.-

3.2 Selection of input parameters and time history length
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The input to the first layer in our model includes X (t,) and P(t,). X(t,) is the spacecraft's
location in the solar magnetospheric (SM) coordinates at the time of the observation t,,,
including L, cos®, sin6, MLAT. Here MLAT is the geomagnetic latitude, 0 is the azimuthal angle

where 0 ° indicates the direction pointing to the Sun. We use both cos6 and the sin® to describe
the azimuthal coordinate is to eliminate the discontinuity at 6 = 0 following the approach of
Bortnik et al. (2016). P(t,) is am X n tensor denoting a series of geomagnetic indices, where m
denotes the number of geomagnetic indices used, and n denotes the time history length with with
a 1-hour resolution. Specifically, the number P;; denotes the ith predicter at the time of j hours
prior to to.

Following the procedure of the work by Ma et al., (2022), we perform a series of experiments to
select the optimal predictors. We first use coordinates as the only input, and perform 5
experiments in which each whole year of data is used as the test set. Then we calculate the
averaged R score. Table 1 illustrates the results for the 52 keV O+ ions, showing an averaged R
score of 0.434. Then, we add each candidate parameter (including their history over the past few
days) into the input—, and evaluate the resultant R score. The model incorporating the SME
index produce a R score of 0.743, outperforming those incorporating other parameters. We
continue this process, and identify the parameters that most efficiently improve our model. The
exploration for optimal predictors concludes when the model ceases to yield improvements when
adding additional parameters.

The SME index makes the most significant improvement to the model performance, increasing
the R value of 52 keV O+ from 0.43 to 0.74. This possibly reflects that substorm effects make a
major contribution to the ring current O+ ion enhancements. Table 1 suggests that the
combination of SME + Sym-H + F10.7 yields the best performance for modeling the 52 keV O+
ion flux. This is understandable, since the Sym-H index reflects the intensity of the ring current
iteself, the SME reflects the intensity of substorm injections, and the F10.7 reflects the intensity
of solar illumination which closely correlates with the degree of photoionization in the
ionosphere and potential upflow/outflow of the O+ ions. All these activities can direct impact the
sources of ring current oxygen ions.

Input parameters R score
Settled parameters Pending parameters
Coordinates 0.434
coordinates Sym-H 0.478
Sym-D 0.460
Asy-H 0.451
Asy-D 0.429
SME 0.743
F10.7 0.387
coordinates + SME Sym-H 0.832
Sym-D 0.824
Asy-H 0.831
Asy-D 0.824
F10.7 0.828
coordinates+ SME + sym-H Sym-D 0.830
Asy-H 0.839
Asy-D 0.828
F10.7 0.846
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coordinates+ SME + sym-H + | Sym-D 0.834

F10.7 Asy-H 0.835

Asy-D 0.82
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Table 1: The process to find the best input parameter combinations for 52 keV
oxygen ions fluxes model. The cells highlighted by green color are the highest R
score for each step, and the cell highlighted as yellow is the highest R score in the
training process, which indicates the best combination of input parameters for 52
keV oxygen ion fluxes.

We repeated the input-parameter-optimizing technique on other energy channels, and find that

the combination of SME + Sym-H + F10.7 roughly produce the best model performance across
all energies. Therefore, we adopt these parameters in the model for all energies from 38 keV to
870 keV.

Since the O+ lifetime varies over different energies (and different L-shells), we select the
optimal history length for the O+ modeling of different energies. An overly short history length
will result in an underfitting model that lacks sufficient information about past events, while a
overly long history length will result in an overfitting as the model collects too much information
that does not contain the relevant information. We try to change the different history length
ranging from O to 10 days with a resolution of 1-day for the model. We split the segments into

~ 70% training set, ~ 15% validation set and ~ 15% test set to optimize the best history length.
The best time history lengths for 38 and 142 keV were both found to be 5 days, and for 400 keV
channel was found to be 2 days which stands in contrast to the electron energy channels that
typically require longer time histories for larger energies (Ma et al., 2022, Chu et al., 2021).
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Figure 3: R score (left panel) and mean square error (right panel) of ANN models of
the O+ fluxes for the test data set as a function of history lengths for selected
energies.

4 Model Results



245
246
247
248
249
250
251
252
253
254

255

256
257

258
259
260
261
262
263
264
265
266
267
268
269

270
271
272
273
274
275
276

277

manuscript submitted to Space Weather

We build our ANN models by adopting the optimized combination of input parameters and
history length, and hold out the data in 2017 as test set to illustrate the model's out-of-sample
performance over long term. Note that the year 2017 observed low solar activity but multiple
strong geomagnetic storms. Figure 4 shows the out-of-sample performance of the three selected
energies by comparing the log,, of the measured fluxes versus log,, Of the model fluxes in a
two-dimensional distribution of occurrence. A perfect regression follows the diagonal red solid
line (y = x) and yields R = 1 between the observations and model results. Our model results
indicate that the ANN models can predict the (sequentially organized) out-of-sample ring current
O+ fluxes with more than 70% accuracy which is the most accurate global model of O+ ion
fluxes at the present time, to the best of our knowledge.
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Figure 4: Model performance on the test data set for O+ fluxes at energies of (a) 38, (b) 142,
and (c) 400 keV.

Figure 5 provides a comparative analysis between the measured 38 keV O+ fluxes and the ANN
modeled results over the whole year of 2017 which has not been involved in the model training
and is fully out of sample, as noted above. Figures 5a-5¢ show the variations of SME, Sym-H
and F10.7 indices which serve as inputs to the model. It could be seen from Sym-H index that
there are several large geomagnetic storms with minimum SYM-H index less than -100 nT.
Figure 5d shows the measured 38 keV O+ flux as a function of L-shell and time along Van Allen
Probe B’s orbit. The modeled O+ flux, shown in Figure 5e, captures the rapid intensification and
subsequent decay during geomagnetic storms in a realistic way. Notably, the discrepancy
between the model predictions and the measured data are generally minimal, as depicted in
Figure 5f with the largest relative errors typically occurring when the observed fluxes become
very low (e.g., at L<3), which are also the times when the ring current plays the smallest role in
space weather effects.

Figure 6 shows the model performance for 142 keV O+ fluxes in a similar format to Figure 5.
The behavior of 142 keV oxygen ions is different from that of 38 keV: the magnitude of flux
variations is smaller than that of 38 keV oxygen ions, and it is seen that the model successfully
captures these characteristics. In addition, it should be noted that Figure 6 demonstrates the
robustness of our model: RBSPICE exhibits a continuous period of noisy data from mid-March
to mid-May at L = 2.5, as shown in Figure 6d. Remarkably, the model adeptly filters out the
noise present in the original data (Figure 6f), underscoring its reliability.
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282  logqo modeled fluxes minus log4, observed fluxes.
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Figure 6: Same format as Figure 5 but for 142 keV O+ fluxes.

ANN models have the advantage that they are capable of reconstructing the global distribution of
ring current oxygen ions (based directly on the data itself), whereas satellites only provide
single-point observations. This holds significant implications for our understanding of the O+
enhancement and loss during storm events. Figure 7 illustrates the modeled global distribution of
38, 142 and 400 keV O+ fluxes during a large geomagnetic storm spanning from 27 May to 30
May 2017. Figures 7a and 7b show the variation of Sym-H and SME indices during this storm
event. Figures 7c-7h illustrates the variation of 38 keVV O+ fluxes at six distinct moments
representing the pre-storm, the initial main phase, the late main phase, the recovery phase, the
subsequent substorm time, and the post-storm time, respectively. During quiet period, the flux
level of 38 keV oxygen is small. In the early main phase, a notable asymmetry in the magnetic
local time (MLT) is observed, consistent with the physica understanding that enhanced oxygen
ions drift is directed toward the pre-midnight to dusk side. This phenomenon arises from oxygen
ion injection in the magnetic tail, followed by westward drift induced by magnetic field gradient
and curvature. In the late main phase, the model displays symmetry in the dawn-dusk direction
due to ring current intensification, while asymmetry is evident in the day-night direction due to
continuous plasma sheet injection. During the recovery phase, the flux of 38 keV oxygen ions
decreases and the distribution returns to a symmetrical state, with the peak around L = 3 — 5.
We reiterate that none of these physical processes have been inserted into the ANN model in any
way, it is simply picking up subtle patterns in the data and reconstructing the global O+
distribution according to these patterns.
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The 142 keV oxygen ions contribute little during quiet time, while during the early main phase,
the flux enhance dramatically with strong day-night asysmetry, indicating strong substorm
injection as shown in Figure 7b. During the later main phase, these ions penetrate into smaller L
shells and move towards dusk side, demonstrating strong dawn-dusk asymmetry. As
geomagnetic activity goes down, the flux of 142 keV oxygen ions decreases as shown in Figure
7i. When there is another substorm during the recovery phase of geomagnetic storms, the flux of
142 keV oxygen ions increases again and it shows fast decay after the storm. The observed
asymmetry, peaking on the dusk side during the main phase, recovery phase, and substorm times
(Figure 7k-7m), can be understood physically by drift physics in theoretical models (Spence &
Kivelson, 1990, 1993), as well as by related findings (Keesee et al., 2011) based on TWINS
energetic neutral atom observations.

The 400 keV high energy O+ flux exhibit distinct characteristics from low energy O+ fluxes.
They do not constitute a substantial part of the storm time ring current due to their low flux
levels, as the typical energy range of oxygen ions which contribte the enhancement of the ring
current spans from approximately 10 keV to around 100 keV (Fu et al., 2023). Oxygen ions
above 100 keV remain stably trapped on the equatorial plane and contribute the quiet time ring
current (e.g., Yue et al., 2018). Compared to the 38 and 142 keV O+ fluxes, the 400 keV O+
fluxes are more symmetric, possibly because the magnetic drift along closed drift path and their
drift periods are short, while the low energy ions are largely impacted by the electric field,
leading to an evident asymmetry during storm time.
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Figure 7: The Modeled global distribution of O+ flux spanning from 27 May to 30 May
2017. (a) The Sym-H index. (b) The SME index. (c-h) Global distributions of 38 keV O+
fluxes at six moments representing the pre-storm phase, the early main phase, the late main
phase, the early recovery phase, the late recovery phase, and the post-storm time,
respectively. (i-n) The variation of global distribution of 142 keV O+ flux, and (o-t), that of
the 400 keV O+ flux at the same timestamps as above.

5 Conclusions

This study described the construction of a global, time-varying model of the ring current oxygen
ions at a range of energies spanning the lower boundary to the upper energy boundary of the ring
current ions, utilizing the ANN technique and trained on data measured on the VVan Allen Probes.
This model is driven by the time histories of the geomagnetic and solar indices, and does not
require any initial and/or boundary conditions. Hence, this model is capable of reconstructing the
oxygen fluxes for periods outside of the Van Allen Probe era (2012-2019) as long as
geomagnetic index information is available. Although this paper only shows the O+ model at
representative energies, we have established the ANN O+ flux model at a range of energies
spanning from 38 keV to 870 keV based on the HOPE and RBSPICE measurements.
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We summarize the model performance below:

(1) The model performance on the test set, exhibits a robust coefficient of determination
(R > 0.8). This impressive result underscores the model's high precision in predicting out-of-
sample data.

(2) The model successfully captures the results of various intricate processes involving the
enhancement and loss of oxygen ions during geomagnetic storms throughout the year 2017.

(3) In a specific test case involving the geomagnetic storm of May 2017, the model excels in
reconstructing the dynamic global variations in the fluxes of 38, 142, and 400 keV oxygen ions.
It accurately predicts the spatiotemporal flux variations that — we believe (as a result of our
physical understanding) - come about as a result of injection of ions from the plasma sheet and
the subsequent enhancement on the pre-midnight side for 38 and 142 keV oxygen ions.

Oxygen ions constitute a significant component of the storm-time ring current, they are closely
related to subsequent space weather events, and are particularly observed during large
geomagnetic storms. The study of oxygen ions within the ring current is pivotal for advancing
our comprehension of space weather and its repercussions on various technological systems.
Modeling the enhancement and loss processes of oxygen ions serves as a key aspect in
unraveling the dynamic characteristics of the inner magnetosphere. The application of ANN
techniques in modeling oxygen ion flux populations offers a novel and versatile approach. This
methodology can be readily extended to other ion species and energy channels, thus broadening
its applicability in the realm of space physics and space weather research.
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