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Abstract We present the PINE (Plasma density in the Inner magnetosphere Neural network-based
Empirical) model - a new empirical model for reconstructing the global dynamics of the cold plasma
density distribution based only on solar wind data and geomagnetic indices. Utilizing the density database
obtained using the NURD (Neural-network-based Upper hybrid Resonance Determination) algorithm for
the period of 1 October 2012 to 1 July 2016, in conjunction with solar wind data and geomagnetic indices,
we develop a neural network model that is capable of globally reconstructing the dynamics of the cold
plasma density distribution for 2 ≤ L ≤ 6 and all local times. We validate and test the model by measuring
its performance on independent data sets withheld from the training set and by comparing the
model-predicted global evolution with global images of He+ distribution in the Earth’s plasmasphere
from the IMAGE Extreme UltraViolet (EUV) instrument. We identify the parameters that best quantify the
plasmasphere dynamics by training and comparing multiple neural networks with diﬀerent combinations
of input parameters (geomagnetic indices, solar wind data, and diﬀerent durations of their time history).
The optimal model is based on the 96 h time history of Kp, AE, SYM-H, and F10.7 indices. The model
successfully reproduces erosion of the plasmasphere on the nightside and plume formation and evolution.
We demonstrate results of both local and global plasma density reconstruction. This study illustrates how
global dynamics can be reconstructed from local in situ observations by using machine learning techniques.
1. Introduction
The plasmasphere is a toroidal region of cold (∼1 eV) and relatively dense (∼10–104 cm−3 ) plasma surrounding the Earth (Lemaire & Gringauz, 1998). It is located in the inner magnetosphere and extends from the
ionosphere out to a boundary known as the plasmapause, where the plasma density drops abruptly by several
orders of magnitude. The plasmasphere is very dynamic: its shape and size are highly susceptible to the time
history of solar and geomagnetic conditions (Chappell et al., 1970a; O’Brien & Moldwin, 2003). Two ﬂow
regimes, sunward convection and corotation with the Earth, determine the shape and size of the plasmasphere (Darrouzet et al., 2009; Singh et al., 2011). During quiet geomagnetic time, the plasmasphere is reﬁlled
with the ions from the topside ionosphere and expands up to ∼ 4 –7 RE (Goldstein, Sandel, Hairston, et al.,
2003; Krall et al., 2008; Singh & Horwitz, 1992); its shape is then roughly circular with a bulge on the duskside
(Nishida, 1966). In contrast, during periods of high geomagnetic activity, the plasmasphere is eroded by the
dominating sunward magnetospheric convection and, therefore, contracts (Carpenter, 1970; ,Chappell et al.,
1970b; Goldstein, Sandel, Hairston, et al., 2003). The stronger the disturbance, the more the plasmasphere
contracts (down to 2 RE during severe geomagnetic storms). Features of various scales (plumes, channels,
crenulations, shoulders, ﬁngers, etc.) (Carpenter & Stone, 1967; Foster & Burke, 2002; Garcia et al., 2003;
Goldstein et al., 2004; Grebowsky, 1970; LeDocq et al., 1994; Sandel et al., 2001; Spasojević et al., 2003) can be
formed during that time and are transformed during the storm recovery phase by the interplay between convection and corotating regimes (Dungey, 1961; Goldstein, Kanekal, et al., 2005; Goldstein et al., 2002). Their
formation depends on the previous conﬁguration of the plasmasphere/plasmapause, the time history of convective erosion from electric ﬁelds and of reﬁlling from ionospheric outﬂow (Darrouzet et al., 2009; Gallagher
et al., 2005).
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of the plasmasphere controls the growth and propagation of plasma waves and directly aﬀects resonant
wave-particle interactions, thus profoundly inﬂuencing energetic ion and electron distributions over a wide
range of energies (e.g., Orlova et al., 2016, Shprits et al., 2016; Spasojević et al., 2004). Eroded plasmaspheric
material is transported sunward and is regularly observed near the dayside magnetopause boundary
(e.g., Chen & Moore, 2006; Lee et al., 2016). Here the enhanced dayside plasma density may limit the rate of
reconnection and thus inﬂuence the global convection pattern (e.g., André et al., 2016; Borovsky & Denton,
2006). Storm time plasmaspheric structures have been found to be strongly associated with ionospheric
density features including ionospheric storm enhanced density and polar cap patches (Su et al., 2001; Zhang
et al., 2013).
One of the parameters that is used to quantify the plasmasphere dynamics is plasma density (Kotova, 2007;
Lemaire & Gringauz, 1998, and references therein). Plasma density can be measured on satellites in several
ways. These methods include measuring the density directly with active sounders (e.g., Trotignon et al.,
2003) or particle counters (e.g., Geiger & Müller, 1928), or it can be derived from the spacecraft potential
(e.g., Escoubet et al., 1997). Another method of determining plasma density, one of the most accurate and
reliable, is by observing intense upper hybrid resonance (UHR) frequency bands in dynamic spectrograms
(Mosier et al., 1973). Although the process of deriving UHR bands can be challenging, signiﬁcant success
has been achieved recently in developing methods for deriving UHR bands from the spectrograms in an
automated fashion (Kurth et al., 2015; Zhelavskaya et al., 2016). In both of these works, authors developed
automated algorithms for deriving UHR frequency bands from electric and magnetic ﬁeld measurements
made with the Electric and Magnetic Field Instrument Suite and Integrated Science (EMFISIS) instrument
(Kletzing et al., 2013) on board the Van Allen Probes (Mauk et al., 2013). Moreover, large density databases
have been produced in these studies. Although the value of the point density measurements obtained from
satellites is considered reliable, measurements from one satellite naturally only cover one point in space at
a time and do not provide a global view on the plasmasphere dynamics. Therefore, developing models of
plasma density capable of reproducing the global dynamics of the plasmasphere, particularly dynamic plume
development, is important.
Numerous empirical and physics-based density models have been developed. The most widely used empirical
models in recent years are those developed in the studies of Carpenter and Anderson (1992), Gallagher et al.
(2000), and Sheeley et al. (2001). The model Carpenter and Anderson (1992) is based on electron density measurements deduced from sweep frequency receiver (SFR) radio measurements on the International Sun-Earth
Explorer (ISEE-1) spacecraft and ground-based whistler measurements. It is a saturated density model and,
as such, represents the density distribution after several days of reﬁlling. The model covers the range of
2.25 < L < 8 and the local time interval of 0 to 15 MLT. It provides the mean density value for diﬀerent L shells.
The plasmasphere and plasma trough models of Sheeley et al. (2001) present statistical averages based on
densities derived from the Combined Release and Radiation Eﬀects Satellite (CRRES) swept frequency receiver
by identifying the upper hybrid resonance frequency. The models cover the range of 3 ≤ L ≤ 7 and all local
times. Sheeley et al. (2001) provide the mean and the standard deviation of measurements for the plasmasphere and trough models to represent depleted or saturated density levels for diﬀerent L and MLT for the
trough. The Global Core Plasma Model (GCPM) by Gallagher et al. (2000) combines several previously developed models (including Carpenter and Anderson (1992) and Gallagher et al. (1998)) using transition equations
in order to obtain a more complete description of the plasma in the inner magnetosphere.
Despite the extensive use of these empirical density models in space physics simulations, they cannot provide
reliable density estimates during extreme events, such as geomagnetic storms, since they are parameterized only by static geomagnetic parameters. The described models do not include the dynamic dependence
of plasma density on solar wind conditions, and density is known to be highly variable during storm times
(e.g., Moldwin et al., 1995; Park, 1974; Park & Carpenter, 1970). Accurately calculating the evolving density distribution from ﬁrst principles has also proven elusive due to the sheer number of physical processes involved
(Huba & Krall, 2013; Marchaudon & Blelly, 2015).
The IMAGE mission (Imager for Magnetopause-to-Aurora Global Exploration) (Burch, 2000), operating in
2000–2005, provided another important source of information about the plasmasphere. The IMAGE satellite
was launched into an orbit with a very high-latitude apogee, which made it capable of remotely observing
the azimuthal distribution of plasmaspheric plasma. The Extreme UltraViolet (EUV) instrument (Sandel et al.,
2000) on board the IMAGE satellite produced the ﬁrst global images of the plasmasphere. Analysis of the
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images revealed the complex and dynamic evolution of the plasmasphere (Goldstein, Burch, et al., 2005;
Spasojević et al., 2003) and highlighted the importance of the cold plasma distribution in controlling other
magnetospheric processes (Baker et al., 2004; Spasojević et al., 2004). Various plasmaspheric structures, such
as plumes, notches, shoulders, ﬁngers, channels, and crenulations, have been discovered or better understood
(Darrouzet et al., 2009, and references therein). The global EUV images can also be used to infer the plasmapause position by looking at the outermost sharp He+ edge (Goldstein, Spasojević, et al., 2003). However,
despite work in this area (Gurgiolo et al., 2005; Nakano et al., 2014), routine conversion of the images to plasma
density has not been available, in part due to diﬃculty inverting the line-of-sight measurements as well as
the unknown H+ -to- He+ density ratio.
In this work we use a diﬀerent approach to model plasma density and better understand its dynamical
dependence on solar wind and geomagnetic conditions. The methodology employed is neural networkbased empirical modeling. Neural networks are a powerful tool for deriving a highly multivariate nonlinear
functional relation between input and output data, if such a relation exists (Anderson, 1995; Bishop, 1995;
Haykin, 2009). An inherent part of neural networks includes ﬁnding the optimal inputs that best ﬁt the
output parameter. Thus, neural networks can serve as a good tool to identify parameters that are optimal for
quantiﬁcation of the plasmasphere dynamics.
In this work we investigate two important aspects pertaining to the plasmasphere dynamics: (1) the critical
combination of geomagnetic and solar wind parameters that determine the evolution of the plasmasphere
and (2) the time history duration that is critical for quantiﬁcation of the plasmasphere dynamics.
The inputs to our neural network models include not only location (L and MLT) like in the empirical models
described above but also the time history of solar wind and geomagnetic parameters. Our neural network
models have a single output: plasma density. To identify the optimal combination of input parameters and
time history that quantiﬁes the plasmasphere dynamic evolution, we train and test multiple neural networks
with various combinations of input and internal network parameters. The models undergo an extensive process of validation using in situ density measurements withheld from the training set. We also compare the
model-predicted global evolution with global images of helium distribution (from IMAGE EUV). The model
that performs well both quantitatively (on the point satellite measurements) and qualitatively (reproduces
the global dynamics of the plasmasphere qualitatively well) is selected as the ﬁnal model.
The rest of the paper is organized as follows. In section 2, we describe the methodology employed. We provide
the detailed description of the data used to train neural networks, the procedure of optimal input selection,
and the quantitative and qualitative validation methods. In section 3, we explain how the ﬁnal model was
selected and show examples of density determination for diﬀerent disturbance intervals for both Van Allen
Probes and IMAGE EUV data. In sections 4 and 5, we discuss the physical implications of the selected inputs,
model performance, its advantages and limitations, and possible improvements.

2. Methodology
The methodology employed in this work is neural network-based empirical modeling. Neural networks are
one of the best techniques for ﬁnding multivariate nonlinear mapping between input variables (in this case,
radial distance, MLT, geomagnetic and solar wind parameters, and their time histories) and output variables
(in this case, a single output, cold plasma density). Constructing a neural network requires a set of data,
referred to as a training set, for which both the inputs and outputs are known. The input to the model is the
time history of geomagnetic and solar wind parameters. The output of the model is electron number density.
We construct a large number of neural networks and determine which conﬁguration of input variables (which
solar wind parameters, length of time history, etc.) and internal network parameters (number of neurons in
the hidden layer) produces a model that (1) is quantitatively accurate and (2) generalizes well and avoids overﬁtting the training data. To do so, the neural networks undergo an extensive process of validation and testing
using data that was withheld from the original training set. Moreover, we validate the model-predicted global
evolution by comparing it to global images of the helium distribution from NASA’s IMAGE mission.
In the rest of the section, we describe training, validation, and input selection procedures in detail.
2.1. Details of the Neural Network
In this work, we use feedforward neural networks, a type of neural network commonly used for solving
regression, approximation, and function-ﬁtting problems (e.g., Hassoun, 1995; Haykin, 1994). Here we describe
speciﬁc aspects of neural networks concerning the current work. A detailed description of feedforward neural
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networks is provided in section 2 of Zhelavskaya et al. (2016). Zhelavskaya et al. (2016) used a feedforward
neural network with one hidden layer to derive electron number density from electric and magnetic ﬁeld
measurements made by Van Allen Probes.
Following Zhelavskaya et al. (2016), we also use feedforward neural networks with one hidden layer. Although
it is possible to design a neural network with multiple hidden layers, it has been proven both theoretically and
empirically that it is suﬃcient to have one hidden layer of ﬁnite size in a network to approximate continuous
functions (Cybenko, 1989). A second layer is unlikely to improve results and introduces the additional problem
in that the commonly used gradient descent training algorithms are unlikely to ﬁnd an optimal solution when
applied to all layers at once (Hochreiter et al., 2001). Moreover, adding more layers to the neural network
increases the number of parameters to be optimized (i.e., it is necessary to search for an optimal number
of neurons in every additional hidden layer) and can signiﬁcantly increase the computational demand for
training. Certainly, for more complex tasks, such as object recognition in images or other tasks related to
computer vision, deep neural networks (neural networks with many hidden layers) are generally used and
have achieved signiﬁcant success (e.g., Cireṡan et al., 2012; Le, 2013; Krizhevsky et al., 2012). However, diﬀerent
approaches to training must be employed for the case of deep neural networks in order to train them
eﬃciently (e.g., Vincent et al., 2010).
The complexity of a neural network is characterized by the number of neurons in the hidden layer. More
neurons in the hidden layer means a more complex network. In building a neural network model, it is important to ﬁnd the model of optimal complexity that will minimize the error and at the same time will not overﬁt
the training data, that is, will generalize well when applied to data that was not used to train the network.
Here we determine the optimal number of neurons using ﬁvefold cross validation combined with a learning
curve approach. These techniques are described in section 2.4.
In this work, the input to the neural networks is the time history of geomagnetic and solar wind parameters
and the location given by L and MLT. The output of the neural networks is plasma density. The process of input
selection is described in detail in section 2.3. The plasma density data set used to train the neural networks is
described in section 2.2.
2.2. Training Data
All solar wind, magnetic ﬁeld data, and geomagnetic parameters were obtained from NASA’s OMNIWeb
data service. The density data to train the neural networks came from the density database obtained using
the Neural-network-based Upper hybrid Resonance Determination (NURD) algorithm (Zhelavskaya et al.,
2016) for the period 1 October 2012 to 1 July 2016. Zhelavskaya et al. (2016) used neural networks to infer
upper hybrid resonance frequency from electric and magnetic ﬁeld measurements made with the Electric
and Magnetic Field Instrument Suite and Integrated Science (EMFISIS) instrumentation suite (Kletzing et al.,
2013) on the Van Allen Probes satellites. Deriving the plasma density from the upper hybrid frequency is
straightforward. This electron density data set is publicly available at ftp://rbm.epss.ucla.edu/ftpdisk1/NURD.
Van Allen Probes provide density measurements for L ∼ 2 − 6 at all local time sectors.
2.3. Inputs to the Neural Network
A wide variety of parameters might potentially be used to quantify the plasmasphere dynamics. They include
(1) geomagnetic parameters (Kp, AE , AU, AL, Dst, SYM-H, and ASYM-H), (2) solar wind data (np , v , Pdyn , Bz , and By ),
(3) solar wind coupling functions (vBs, vBT , vBT sin 𝜃c , and dΦMP ∕dt) (e.g., Newell et al., 2007), (4) solar cycle
indicators (F10.7 , sunspot number, and ionospheric IG index), (5) time history of activity inputs (total duration
(e.g., 24, 36, and 48 h) and resolution (linear, log)), and (6) averaging technique (weighted average and average
from t = 0).
The goal of this work is to identify the critical combination of geomagnetic and solar wind parameters that
determine the evolution of the cold plasma. However, the number of possible combinations of these parameters is extremely large, and sweeping through the input parameter space for optimal input parameters may
not be feasible due to the cost in time and computational resources. In this work, as a ﬁrst step toward
building an accurate plasmasphere model, we consider a limited number of input parameters. We focus on
two important scientiﬁc questions:
1. How well do models driven solely (a) by geomagnetic parameters, (b) by solar wind, or (c) by a combination of both predict cold plasma dynamics? (i.e., which combination of activity parameters determines the
evolution of the cold plasma best?)
ZHELAVSKAYA ET AL.
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Figure 1. Eighteen combinations of input parameters to the neural network explored in this work. We start from simple
models containing only instantaneous values of (1) geomagnetic indices, (2) solar wind and IMF parameters, and (3)
their combinations and then subsequently add a time history of these parameters to the models. Each subsequent
model includes inputs of the previous model and several more inputs corresponding to more time history added.

2. What is the memory of the magnetosphere? That is, what is the total time history duration of the solar
wind and geomagnetic state that is critical in quantifying the distribution of cold plasma within the
magnetosphere?
To address these questions, we consider the combinations of input parameters shown in Figure 1. We consider
models based solely on geomagnetic indices, solely on solar wind data, and on a combination of both. Since
the size and shape of the plasmasphere is known to be a result of the integrated time history of magnetospheric convection, it is important to provide as inputs not only the current value of activity parameters but
also their time history. We start with simple models containing only instantaneous values of activity parameters (ﬁrst row of Figure 1). Every neural network also includes a location input as L and MLT. Then, we subsequently add more time history of the corresponding parameters to the networks, up to 120 h of time history.
We use averages of the time histories of activity parameters integrated from hour 0 (e.g., 0–3 h, 0–6 h, and
0–12 h). Initial analysis showed that such averaging technique produces a model that transitions more stably
from one state to the next than one that uses successive time histories (0–3 h, 3–6 h, 6–12 h, etc.). Overall,
the lower the row in Figure 1, the larger the number of input parameters included to train the neural network.
We use the procedure described in the next section to determine the combination of parameters that best
quantiﬁes the cold plasma dynamics.
2.4. Model Selection and Validation
A model is a conﬁguration of input variables, internal neural network parameters, and a learning algorithm.
We consider 18 combinations of input variables shown in Figure 1. The internal network parameters include
the number of hidden layers in the network, the number of neurons in the hidden layer, and the transfer function of neurons. We use networks with one hidden layer in this work. The transfer function of neurons in the
hidden layer is the hyperbolic tangent and is linear in the output layer. The training algorithm is the LevenbergMarquardt algorithm (Hagan & Menhaj, 1994; Hagan et al., 1996; Levenberg, 1944; Marquardt, 1963) for all
neural networks. The only parameter that varies and is being optimized is the number of neurons in the
hidden layer. As mentioned before, the number of neurons in the hidden layer characterizes the complexity
of the neural network.
To select the optimal model, that is, a neural network model with input variables and internal parameters that
(1) is quantitatively accurate and (2) generalizes well and avoids overﬁtting the training data, we consider
two aspects: (1) model performance on the point density measurements made on Van Allen Probes (local
validation) and (2) model’s ability to reproduce the global dynamic evolution of the plasmasphere (global
validation).
ZHELAVSKAYA ET AL.
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Figure 2. Schematic representation of K -fold cross validation (when K = 5). The data set is split into ﬁve subsets of
approximately equal size. At every iteration, a diﬀerent subset is left out, and the rest of the data are used for training.
Thus, we can estimate the error of the model on ﬁve diﬀerent subsets unseen during the training and obtain the mean
and standard deviation of error of the validation error.

We select the model that is optimal in terms of both local and global validation. If two models have a similar
performance, we select the less complex model (this is a common practice in machine learning; e.g., Blumer
et al., 1987).
Models are validated locally by using K -fold cross validation combined with the learning curve analysis.
For the global validation, we compare the neural network output on an L and MLT grid (global view of the plasmasphere in the equatorial plane) to images of He+ distribution taken with the EUV instrument. Speciﬁcally,
we compare the plasmapause locations identiﬁed manually in the EUV images to the approximation of
plasmapause derived from the neural network global output. We discuss aspects of local and global validation
in the two following subsections.
2.4.1. Local Validation: Cross Validation and Learning Curves
K -fold cross validation (CV) is a method for estimating the generalization ability of the model by measuring its error on validation data (not shown during the training) (e.g., Devijver & Kittler, 1982, Kohavi, 1995).
The optimal model is the model with the lowest validation error among the considered models. It is worth
noting here that a model is a conﬁguration of input variables, internal network parameters, and a learning
algorithm, as opposed to a particular model instance trained in the cross validation procedure. By using cross
validation, we select a model, but not an individual learned instance of a model. Combining CV with the learning curve analysis signiﬁcantly speeds up the model selection procedure (e.g., Cortes et al., 1994; Meek et al.,
2002). Learning curves are also used to determine whether a model overﬁts or underﬁts (Perlich et al., 2003).
Both K -fold cross validation and learning curves are described below in detail.
The idea of K -fold cross validation is shown in Figure 2. The data set is divided randomly into K subsets of
approximately equal size (K = 5 in Figure 2). In each iteration, one subset is left aside and not used for training,
while the rest of the K − 1 subsets are used to train a neural network. The subset left aside is called a validation
set. The performance of the model on the validation and training sets is then calculated. One can use an error
measure suitable for a speciﬁc application at hand (e.g., RMSE, MAPE, or sMAPE) to calculate the performance
of the model. This procedure is repeated K times with the validation subset being diﬀerent in each iteration.
This way we can assess how well the model performs on the unseen data and obtain an estimate of generalization error mean and standard deviation. If the procedure is repeated a certain number of times (every time
the data set is split diﬀerently), the result becomes more statistically signiﬁcant.
One drawback of cross validation is that it can be computationally expensive if the training procedure takes
signiﬁcant time. One factor that can inﬂuence the time required for training is the size of the training set.
The larger the training set, the more demanding the training procedure. However, if the training set is
extremely large, it is possible that some part of the data does not add any new information to the model.
ZHELAVSKAYA ET AL.
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Figure 3. Toy illustration demonstrating learning curves in three diﬀerent scenarios: (a) overﬁtting, (b) underﬁtting,
and (c) ideal case. All three panels show plots of error versus number of examples in the training set. In every panel, the
blue solid curve denotes cross validation (CV) error on the training set, and the blue shaded area shows the standard
deviation of CV training error. The red solid curve represents CV error on the validation set, and the red shaded area
shows standard deviation of CV validation error. The black dashed line stands for the appropriate error level in the
task at hand.

Thus, for the sake of model selection, it might be suﬃcient to train models on a smaller portion of the data.
Learning curve analysis allows assessment of how much data are needed to build a model and how much a
model beneﬁts from adding more data.
A learning curve is a plot of validation and training errors (obtained during cross validation) as a function
of the training set size (number of observations in the training data). The learning curve is used to assess
improvements in the model performance as the number of observations in the training sample increases.
To illustrate how the method works, we describe three possible scenarios that can be observed in practice
below: overﬁtting, underﬁtting, and desired model performance.
1. Overﬁtting occurs when a model is too complex for the underlying data structure. Subsequently, it can ﬁt
every data point in the training data set perfectly but performs very poorly on the unseen data (validation
data). One example of overﬁtting would be ﬁtting a quadratic function with a high-order polynomial.
The ﬁtted polynomial might go through every training data point, but it will not ﬁt well the general shape
of a quadratic function. Thus, the generalization ability of such a model is very low, and it cannot be used
in practice. The performance of a model that overﬁts might be improved if more data are used to train it or
if the complexity of the model is reduced.
2. Underﬁtting, on the other hand, occurs when a model is too simple for the underlying data structure; that
is, it cannot ﬁt the data because it does not have a necessary level of complexity. An example of underﬁtting
would be ﬁtting a quadratic polynomial with a straight line (a one-order polynomial). It is obvious that no
matter what coeﬃcients we choose for the straight line or how much data we use, it is not possible to
ﬁt a straight line to a quadratic function. A model that underﬁts has high error, both on the training and
validation data sets. Such a model is also not suitable for use in practice. Its performance can be improved
only by increasing its complexity.
3. In the case when the errors on both the training and validation sets are close to each other and at the same
time are low enough, a model can be considered well trained and can be used in practice.
Figure 3 shows a toy illustration of these scenarios. In all three plots, the error obtained during cross validation
is plotted on the y axis against the number of training examples on the x axis. The blue curve is the mean error
on the training set; the blue shaded region is the standard deviation of the training error. The red curve and
shaded region show the mean and standard deviation of the model error on the validation set, respectively.
Dashed horizontal line shows the appropriate or desired error chosen for a speciﬁc application. All three
scenarios start similarly. When the number of samples in the training set is small, the training error is close
to 0 because the network can ﬁt all the points in the training set perfectly, and the validation error is very
high. Then, for the case of overﬁtting (Figure 3a), the error on the training set remains small as more observations are added to the training set. At the same time, the error on the validation set decreases but is still too
far from the training error or the appropriate error level. The gap between the training and validation errors
indicates overﬁtting. For the underﬁtting scenario (Figure 3b), training and validation errors move closer to
ZHELAVSKAYA ET AL.
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Figure 4. Example of comparison of the neural network output with EUV image. (a) EUV image of the He+ column
density mapped to the equatorial plane with the manually selected plasmapause indicated (white circles). (b) The
output of a neural network model trained on 3.6 years of RBSP-A and RBSP-B measurements driven by the time
history of the solar wind for the same interval. The neural network captures the erosion on the nightside and the
formation of a plume in the afternoon sector. Minimum Dst is −68 nT for this event, and maximum Kp is 5.3. The Sun
is to the left.

each other as the training set size increases but are both high and do not reach the appropriate error level.
This generally means that the model is too simple and is not able to ﬁt the data. Ideally (Figure 3c), as the
number of training examples increases, the training and validation errors are close to each other and are close
to the appropriate error level indicated by the dashed line. Moreover, after some point, increasing the training
sample size does not further reduce the error (in Figure 3c, the error is not reduced by increasing the training
set from 100 to 200 data points).
Learning curves and cross validation can also be used in identifying whether a model is stable, that is, performs
similarly on diﬀerent sets of data. This aspect is very important, since, if a model is not stable, that is, the spread
of its error is large, we cannot trust predictions made by this model in practice. This can be interpreted from the
standard deviation of error shown as the blue and red shaded areas in Figure 3 on the training and validation
data, respectively. These areas show the spread of the model error on diﬀerent training and validation subsets.
A large spread means that the model is not consistent across diﬀerent data sets, which we aim to avoid. It is
therefore desirable that this spread is small. This aspect is also taken into consideration in the model selection
procedure.
2.4.2. Global Validation: Comparison With IMAGE EUV Data
The validation techniques described above allow us to determine whether a model generalizes well on the
unseen data and whether its output is quantitatively accurate. However, we also need to evaluate how well
the model reproduces the global evolution of the plasmasphere, for example, the development and evolution
of the plasmaspheric plume. For this, we compare the output of the neural network-based empirical models
to EUV images mapped to the equatorial plane. Speciﬁcally, we compare the shape of the plasmasphere, the
plasmapause locations derived manually from IMAGE EUV images, to the approximation of the plasmapause
predicted by the neural network models. The density threshold of 40 ± 10 el/cm3 is used as an approximation
of the plasmapause in the global density reconstructions predicted by neural networks, that is, equivalent
to the lower sensitivity threshold of the EUV instrument (Goldstein, Sandel, Forrester, et al., 2003). Although
IMAGE EUV produced images of He+ distribution and not of H+ dominant in the plasmasphere, it was shown
in the study of Goldstein, Sandel, Forrester, et al. (2003) that the sharp He+ edge in the EUV images coincides
with the actual plasmapause locations. Authors showed this by comparing the L shells of steep electron
number density gradients derived from dynamic spectrograms produced by the IMAGE Radio Plasma Imager
(RPI) in the passive mode with the L shells of He+ edges in the EUV images obtained when the satellite was
outside the plasmasphere near the apogee. The IMAGE EUV instrument provided the ﬁrst global images of the
plasmasphere. The IMAGE mission also operated during a diﬀerent solar cycle than the one used in training.
Therefore, we consider the IMAGE EUV images to be the best source of data available for validating the global
evolution of the plasmasphere shape predicted by our neural network-based empirical models.
Figure 4a shows an example EUV image from 9 May 2001, a moderate geomagnetic disturbance interval
(min Dst = −68 nT) examined in Spasojević et al. (2005). The white dots are the manually estimated plasmapause location. Figure 4b shows the output of a neural network empirical model. This particular model
was trained, validated, and tested using over 1,000,000 points of density data from RBSP-A and RBSP-B. The
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inputs to the network include L, MLT (rather than LT or UT since electric ﬁeld is organized in terms of magnetic local time), and the averages of AE, Kp, SYM-H, and F10.7 taken over 0–6, 0–12, 0–24, 0–36, 0–48, and
0–96 previous hours. The optimal network was found to have 45 neurons in the hidden layer with a
root-mean-square error (RMSE) of 0.295 and 0.3 on the training data and in cross validation, respectively. The
optimal number of neurons in the hidden layer was determined in the procedure described in section 3.2. The
neural network was then applied to a grid of L and MLT using the solar wind and geomagnetic conditions from
9 May 2001. Goldstein, Sandel, Forrester, et al. (2003) estimated that the lower sensitivity threshold of the EUV
instrument was equivalent to 40 ± 10 cm−3 , which is indicated by the black and gray section of the color bar in
Figure 4b. However, this threshold depends on many factors including the unknown H+ -to-He+ density ratio.
We perform such comparisons for multiple events starting from June 2000 to November 2005, when the
IMAGE mission was operating. The considered events cover various geomagnetic conditions including both
quiet and active times. Manually identiﬁed plasmapause locations for this period were taken from http://enarc.
space.swri.edu/EUV. We visually compare the manually extracted plasmapause locations to the locations of
the density threshold of 40 ± 10 cm−3 in the global output of the neural network models. For each model,
we identify how well it reproduces the size and shape of the plasmasphere in general for many diﬀerent
events. We track the ability of each model to reproduce the plume formation, its size and location, and the
plasmasphere erosion on the nightside.
2.4.3. Model Selection
We determine the optimal model (conﬁguration of input variables and internal network parameters) using
results of both local and global validation. Local validation aids in identifying which models do not overﬁt
or underﬁt and are stable (i.e., their performance is consistent over diﬀerent data sets). By validating these
models globally, we determine the optimal model that best reproduces the global dynamic evolution
on average.
Finally, after determining the optimal conﬁguration of input variables and internal neural network parameters,
a model that can be used in practice should be built. To do that, all available data (from 1 October 2012, to 1
July 2016) are divided into two subsets that are called design and test sets. This division must be done before
cross validation, so that the test set is completely independent and is not used in model selection or training.
The division is in 9:1 ratio (design:test). The selected model is then trained on the whole design set. After the
model is trained, its performance is evaluated on the test set and can be regarded as the ﬁnal model error.

3. Implementation
3.1. Details of Neural Networks Implementation
All operations on neural networks are performed using the Matlab Neural Network Toolbox. To train the
neural networks, we use the Levenberg-Marquardt algorithm (Hagan & Menhaj, 1994; Hagan et al., 1996;
Levenberg, 1944; Marquardt, 1963). The training set is composed of density measurements made on both
Van Allen probes A and B (Zhelavskaya et al., 2016). Density measurements coming from Van Allen Probes initially have a 6 s cadence. The minimum resolution of the solar wind measurements from OMNIWeb is 1 min.
Therefore, we use 1 min averages of density measurements to train the neural networks. That way, we can preserve the variability in the plasma density measurements and at the same time have the maximum possible
measurement resolution for the OMNIWeb data. After averaging, a total of 3,274,908 density measurements
are available for training.
The data set is randomly divided into two parts in a 9:1 ratio, as discussed above. The larger part, the design
set, is used to select the optimal model by using ﬁvefold cross validation and learning curve analysis. Eighteen
neural networks models corresponding to 18 input combinations from Figure 1 have been considered in the
model selection process. The smaller part, the test set, is used to estimate the accuracy of the ﬁnal model.
The test set is used neither in training nor in validation.
For each neural network model with diﬀerent inputs, it is also necessary to select the optimal number of
neurons in the hidden layer (internal parameter of the neural network). The optimal number of neurons might
depend on the number of inputs to the model, which contributes to the complexity of the model. The number
of inputs to the models ranges from 6 in the simplest models based solely on instantaneous values of solar
wind data or geomagnetic parameters to 90 in the most complex model, which includes 120 h of time history
of both solar wind and geomagnetic parameters. Depending on the number of inputs, diﬀerent numbers of
neurons in the hidden layer are considered when selecting the optimal number of neurons for each model.
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Figure 5. Root-mean-square error (RMSE) on the y axis versus models having diﬀerent time history included on the
x axis for (a) all models and (b) models having time histories of 48, 96, and 120 h. The farther on the x axis, the more
time history is included into a model. In both panels, the blue solid curve denotes the cross validation (CV) error on the
training set, and the blue shaded area shows standard deviation of the CV training error. The red solid curve represents
the CV error on the validation set; the red shaded area shows standard deviation of the CV validation error. Models
based on combination of solar wind and geomagnetic parameters perform best, while models based only on solar
wind data have the worst performance.

The following empirical formula was used to calculate the range of neurons to consider for each number of
inputs: round((x − mod (x, 5))× coefi ), where x is the number of inputs to the model and coefi is each number
from the range {0.75, 1.0, 1.25, 1.5, 1.75}. Using this formula, we obtain ﬁve diﬀerent numbers of neurons to
consider. For example, if a number of inputs is equal to 34, this formula will yield 23, 30, 38, 45, 53. In total,
we consider 90 neural networks in our analysis, which arise from 18 possible model conﬁgurations (input
combinations), with each of them having ﬁve possible numbers of neurons in the hidden layer. The following
procedure is conducted for each neural network model.
The design data set is randomly divided into ﬁve subsets of approximately equal size for K -fold cross validation
(the division is the same for all models). Here we use K = 5, and thus a total of ﬁve cross-validation iterations are
performed for each model. The size of one subset is approximately 590,000 samples. Thus, the total number
of measurements that can be used for training in one iteration of cross validation is approximately 2,360,000
samples. In each iteration, a diﬀerent subset was left aside to estimate the accuracy of the model trained on
the remaining four subsets. The learning curve plot is produced as follows. In each iteration, the validation set
remains the same, while the training set is increased from 100 to 1,000,000 training samples. Training samples
are drawn from the four subsets used for training in each CV iteration. Depending on the model complexity, a
diﬀerent number of training samples might be suﬃcient for the training and validation errors to become close
to each other. Speciﬁcally, it is suﬃcient to train simple models (such as ones from the ﬁrst to the third rows
in Figure 1) on the training set containing 500,000 samples, but for complex models sometimes more than
1,000,000 samples might be required. In that case, we increase the size of the training set and train the network
on this set. In all our tests, the training set size does not reach 2,360,000 samples (size of the total training set
in one iteration). On average, training and validation errors get close to each other when the training set has
1,000,000 samples.
3.2. Optimal Model Selection
3.2.1. Local Validation
After the training procedure described above is conducted for all neural network models, the model with the
optimal number of neurons in the hidden layer is selected for each of the 18 considered neural networks with
diﬀerent inputs (see Figure 1). We select models that minimize the error on the validation set in the same
way done by Zhelavskaya et al. (2016). Below we plot the errors of the 18 resulting models with the optimal
number of neurons selected.
Figure 5a shows the root-mean-square error (RMSE) of the resulting models against the time history included
in the model inputs. The three groups of curves correspond to models with diﬀerent input combinations
as indicated by arrows in the plot: solely based on the time history of solar wind data, of geomagnetic
indices, and on their combination. Blue curves show errors on the training set, and the blue shaded areas
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Figure 6. Example comparison of the EUV image of the He+ column density mapped to the equatorial plane (a) with
the output of three neural network models: (b) based solely on geomagnetic indices, (c) based on solar wind
parameters, and (d) based on both geomagnetic and solar wind parameters. White circles indicate the manually
selected plasmapause. Minimum Dst for this event is −27 nT, maximum Kp is 5.3. The Sun is to the left.

show the standard deviation of error. Red curves and shaded areas show the same but for the validation set
correspondingly. Figure 5b is a zoomed-in fragment of Figure 5a indicated with the dashed rectangle. All three
groups of curves decrease quite steeply in the beginning when not much history is included in the models.
As the duration of the time history included in the models grows, the curves become less steep. This suggests that there is a certain saturation point in the time history, after which the performance of models stops
improving. Although in the frame of considered durations of time history, the error is still reduced to 120 h.
Figure 5 shows that models based solely on solar wind data perform worse than models based on geomagnetic parameters or a combination of both. Models based on the combination of the solar wind and
geomagnetic parameters have the lowest error. Thus, although solar wind alone might not be the best driver
of the plasmasphere dynamics, its contribution is signiﬁcant when combined with geomagnetic parameters.
The improved performance of the combination model implies a nonlinear relationship between solar wind
and geomagnetic parameters and plasmasphere dynamics.
Finally, the error spread (indicated by the shaded areas in Figure 5) of the models based solely on geomagnetic parameters is smaller than that of the models based on the combination of parameters. The diﬀerence
between the mean error on the training and validation sets is also smaller for the models based solely on geomagnetic parameters. This can indicate slight overﬁtting of the models based on the combination of solar
wind and geomagnetic parameters.
3.2.2. Global Validation
Output of all models is also compared to the images of the global He+ distribution made with the IMAGE EUV
instrument. Particularly, plasmapause locations manually identiﬁed in IMAGE EUV images were compared to
the approximation of the plasmapause locations in the neural network output, which was determined by a
density threshold of 40 ± 10 cm−3 (Goldstein, Sandel, Forrester, et al., 2003).
Comparison with IMAGE EUV data showed that models trained solely on solar wind parameters perform worse
than the models based on the geomagnetic parameters or their combination, which conﬁrms the quantitative results in Figure 5. Models based on the geomagnetic parameters and the combination of the solar
wind and geomagnetic parameters perform signiﬁcantly better in reproducing the global dynamics of the
plasmasphere and capturing plume formation and evolution. However, it was observed that despite being
quantitatively more accurate, models based on the combination of parameters perform slightly worse during
increased geomagnetic activity when compared with IMAGE data. This might be due to the slight overﬁtting
indicated above (seen in Figure 5).
An example of such a comparison is shown in Figure 6. Figure 6a shows an example EUV image from 2 June
2001, a mild geomagnetic disturbance interval (min Dst = −27 nT) examined in Goldstein, Sandel, Hairston,
et al. (2003). The white dots are the manually estimated plasmapause location. Figures 6b–6d show the
output of three neural network models correspondingly: (b) based solely on geomagnetic indices, (c) on
solar wind parameters, and (d) both geomagnetic and solar wind parameters. The black and gray section of
the color bar indicates a 40 ± 10 cm−3 density threshold. Inputs to all three networks contain 96 h of time
history. Each model contains its optimal number of neurons selected in the local validation procedure
described above. The number of neurons in the hidden layer of these models are 45 (Figure 6b), 45 (Figure 6c),
and 81 (Figure 6d). It can be seen from Figure 6 that the model based solely on geomagnetic parameters captures the erosion on the nightside and the formation of a plume in the afternoon sector quite well, whereas
ZHELAVSKAYA ET AL.

GLOBAL DYNAMIC PLASMASPHERE MODEL

11

Journal of Geophysical Research: Space Physics

10.1002/2017JA024406

the model based solely on solar wind does not reproduce the plume formation. The model based on the
combination of parameters seems to overestimate the size of the plume and does not reproduce the plasmasphere shape accurately. Such a performance of the models based solely on solar wind (SW) data was
quite often observed when compared to IMAGE EUV data. Frequently, independent of how much time history
is included into the SW-based model, it does not do a very good job at reproducing plume formation and
evolution. Additionally, the models based on the combination of parameters do not always accurately reconstruct plasmasphere evolution. Another signiﬁcant disadvantage of the models that include solar wind parameters is the presence of gaps in the solar wind data, which cause gaps in the density reconstruction. In general,
the models based solely on geomagnetic parameters produce the most reliable and stable global density
reconstruction.
3.2.3. Resulting Model
As a result of local and global validation procedures, for further use in practice we selected the model based
solely on the geomagnetic parameters. In the future, gaps in the solar wind data might be ﬁlled (Kondrashov
et al., 2010), and as our quantitative analysis shows, models based on the combination of parameters should
perform better. The total duration of the geomagnetic parameters time history that is critical for quantifying
plasmasphere dynamics was found to be 96 h. A visual comparison with IMAGE EUV plasmapause data shows
that there is no signiﬁcant improvement in performance of the model that includes 120 h of history. Therefore,
the less complex model is selected. The optimal number of neurons in the hidden layer, that is, at which the
model has the minimum error on the validation set, was found to be 45.
Altogether, the resulting ﬁnal neural network model is based on the 96 h time history of the following indices:
AE, Kp, SYM-H, and F10.7 and has 45 neurons in the hidden layer. After selecting the optimal combination of
input parameters and number of neurons in the hidden layer, the ﬁnal neural network model is trained on the
whole design data set and evaluated on the test set. The root-mean-square error (RMSE) of the resulting model
is 0.3015 on the test set and 0.2950 on the design set. The linear correlation coeﬃcient between the density
measurements made on the Van Allen Probes and the density determined with the developed model is 0.9458
on the test set and 0.9462 on the design set. The ﬁnal model is further referred to as the PINE model—the
Plasma density in the Inner magnetosphere Neural network-based Empirical model.

4. Results
4.1. Examples of the Resulting Model Output
Figures 7a and 7b show plots of the electron density during the March storm in 2015. The blue curve shows the
density derived with the NURD algorithm that is referred to as the true density on Van Allen Probes. The red
curve shows density determined by the PINE model, and the black curve shows the density calculated using
the plasmasphere and trough density model by Sheeley et al. (2001). Figure 7c shows the Kp index during this
event. It can be seen from the plot that the PINE model is capable of capturing the plasmasphere dynamics
during varying geomagnetic activity. The developed model does a signiﬁcantly better job following the
changing density levels than the model by Sheeley et al. (2001). The resulting model was tested for multiple
events, and its performance is consistently better than Sheeley et al. (2001).
The top row of Figure 8 shows an example of global density reconstruction for a series of time frames
during 26–27 June 2001, a minor geomagnetic disturbance interval (min Dst =−21 nT) examined in detail in
Spasojević et al. (2003). The black and gray section of the color bar is 40 ± 10 el cm−3 and is equivalent to the
estimated lower sensitivity threshold of the EUV instrument (Goldstein, Sandel, Forrester, et al., 2003). The Kp
index for the duration of the event is shown in the bottom row of Figure 8, and red vertical lines indicate the
particular times considered in the top row. To reconstruct the density in the equatorial plane, the developed
model was applied to a grid of L and MLT using geomagnetic conditions from 26 to 27 June 2001. Several
stages of this minor geomagnetic disturbance interval are shown. The ﬁrst snapshot (Figure 8a) shows the
onset of the disturbance. The neural network captures very well the nightside edge of the plasmasphere.
Figures 8b–8d show the density reconstructed during the disturbance. The model does a good job of reconstructing the size of the plume, its rotation, and the plasmapause location. Figure 8e shows the recovery
period after the disturbance when the plume begins to corotate with the main plasmasphere from the
afternoon sector across the nightside. As discussed in Spasojević et al. (2003), this is a particularly interesting event because of its isolated nature. Due to its isolated type, this event is particularly diﬃcult to model.
Prior to the disturbance, Kp remained below 2 for over 40 h, and then it dropped to 1- for over 30 h immediately after the disturbance. The neural network model experiences diﬃculties in accurately reconstructing the
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Figure 7. Example of density determination for the March storm in 2015. (a and b) Plots of density versus time. Blue
curves are the density derived from Van Allen Probes using NURD algorithm (Zhelavskaya et al., 2016) for Probe A.
Red curve is the density determined by the PINE model. Black curve is the density calculated using the trough and
plasmasphere density model by Sheeley et al. (2001). (c) Kp geomagnetic activity index during this event.

plasmapause location in the recovery phase of the storm shown in Figure 8e. Looking carefully at this panel,
we can see that the shape of the plasmasphere is slightly “ﬂattened out,” and the plasmasphere is deformed
from having a spherical shape with an extended plume. Such unusual shape of the plasmasphere can pose
diﬃculties for neural network since these types of events are underrepresented in data, which might explain
why the neural network is not able to accurately capture the plasmapause location. However, despite the

Figure 8. (top row) Example of global density reconstruction by the resulting neural network model during 26–27 June 2001, a minor geomagnetic disturbance
interval (min Dst = −21 nT) examined in detail in Spasojević et al. (2003). The white dots denote the manually estimated plasmapause location. (bottom row) Kp
geomagnetic activity index in gray; red vertical lines correspond to the density snapshots in the top row as indicated by letters. The Sun is to the left.
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Figure 9. Examples of global density reconstruction by the resulting neural network model for four diﬀerent events during the main phase plume formation.
(top row) The EUV images for the times indicated in the titles and (bottom row) the ﬁnal model output for those times. Events are ordered from left to right
according to Kp (from low to high). Kp is shown in the titles as well. The Sun is to the left.

complexity of this case, the neural network was able to reproduce the corotation of the plume and accurately
determine the plasmapause locations during the disturbance and its onset shown in Figures 8a–8d.
Further examples of global density reconstruction are shown in Figure 9 for four diﬀerent events during their
respective main phase plume formations: (a) 10 June 2001 at 06:33 UT, (b) 28 May 2001 at 22:17 UT, (c) 8 May
2001 at 18:24 UT, and (d) 20 March 2001 at 13:59 UT (considered in Spasojević et al. (2003, 2005); Spasojevic
and Sandel (2010), and Goldstein et al. (2007), respectively). The top row shows the EUV images, and the
bottom row shows the output of the resulting model for these times. Events are sorted from left to right in
accordance with Kp: from low to high Kp. Again, the white dots indicate the manually selected plasmapause.
It can be seen from the ﬁgures that the resulting model reproduces the plume formation quite well. Erosion
on the nightside is very well captured for all four events. However, the model slightly overestimates the
plasmapause boundary on the nightside for the time frame shown in Figure 9d, in the high geomagnetic disturbance interval where Kp = 7.3. This is caused by the fact that the training density data obtained from the
Van Allen Probes is underrepresented for highly disturbed times. Nevertheless, the model does a fairly good
job of reproducing the global shape of the plume for this event.
Overall, we ﬁnd that the developed model does a very good job of capturing the erosion of the plasmapause
on the nightside and the formation of the plume in the afternoon sector.
4.2. Model Use
The developed model was applied to multiple events from IMAGE and Van Allen Probes eras. The obtained
density reconstructions can be found at ftp://rbm.epss.ucla.edu/ftpdisk1/PINE.

5. Discussion
Our results have shown that solar wind and geomagnetic parameters can be used to accurately quantify the
plasmasphere dynamics. The relationship between solar wind and geomagnetic parameters and plasma density is not linear, and both types of parameters have their own eﬀect on the cold plasma dynamics. Both
quantitative (comparison with the satellite point measurements) and qualitative (comparison with the global
EUV images) validations showed that neural network models based solely on the time history of solar wind
data perform worse than models based solely on the time history of geomagnetic parameters. This might be
caused by the fact that geomagnetic indices reﬂect the state of the geomagnetic system that is aﬀected by
the incoming solar wind and thus the indices already contain the information from the solar wind in a processed form. Also, geomagnetic indices are produced from the measurements made at ground observatories
around the world, which makes them “global” in the sense of local time unlike the solar wind parameters measured at the Lagrangian L1 point. Therefore, only solar wind parameters might not be fully representative of
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all processes occurring in the geomagnetic system and hence might be a worse proxy for the plasmasphere
dynamics than geomagnetic indices. Models based on the combination of both types of parameters are the
most accurate quantitatively; however, they tend to slightly overﬁt the training data. Overﬁtting might occur
since the models based on the combination of parameters have more inputs and thus are more complex.
More complex models (with more inputs) are more prone to overﬁtting (e.g., Linoﬀ & Berry, 2011). However,
the fact that the models based on the combination of parameters are quantitatively more accurate than the
models based solely on either the solar wind or geomagnetic parameters suggests that there is a nonlinear
relationship between solar wind and geomagnetic parameters, and the plasmasphere dynamics.
In terms of reproducing the global plasmasphere dynamics, models based on the solar wind data have a hard
time reproducing plumes, regardless of how much time history is included. This again might be potentially
caused by the inability of solar wind parameters to fully describe the state of geomagnetic system as opposed
to the geomagnetic indices. The two other types of models perform better in this regard. However, models
based on the combination of parameters have a signiﬁcant disadvantage: there are gaps present in the solar
wind data, and hence there are gaps in density determination (the gaps in solar wind data for years 2012 to
2016 range from 22.96 to 28.89% per year for solar wind data with 1 min cadence). These results answer the
ﬁrst question stated in section 1: the critical combination of solar wind and geomagnetic parameters that best
quantify the plasmasphere dynamics includes the Kp, AE, SYM-H, and F10.7 indices.
The time history of the solar wind and geomagnetic parameters plays a very important role in quantifying the
global dynamic evolution of the plasmasphere. Models that contain little to no time history are not able to
reproduce plume formations and are not very reliable during high geomagnetic activity. Starting from 48 h,
time history models tend to perform better during active times and in capturing the formation of the plume.
The optimal duration of time history of the solar wind and geomagnetic state that quantiﬁes the distribution
of cold plasma within the magnetosphere was found to be 96 h. By employing such a time history, it becomes
possible to reconstruct density for interesting and complex events as the one shown in Figure 8. In this event,
models including less time history were not able to reproduce the plume formation and rotation after the
disturbance. This result answers the second question stated in this work: the critical duration of time history
of parameters necessary for quantiﬁcation of the plasmasphere dynamics is 96 h.
Neural networks proved to be eﬀective in ﬁnding the multivariable nonlinear mapping from the time history
of solar wind and geomagnetic parameters to plasma density. It is worth noting, however, that neural
networks learn better when data are abundant. For our case, a large volume of data is available for the times
of quiet geomagnetic activity. However, the available data are not suﬃcient for the times of high geomagnetic activity. Data used for training the PINE model covers the period from October 2012 to July 2016, which
is a relatively quiet period with few storms. The PINE model still produces satisfactory results during periods
of strong geomagnetic activity (Kp > 7), but at times it has diﬃculties in accurately reproducing the plasmasphere shape. It is also important to note that the IMAGE EUV images were obtained between 2000 and 2005,
whereas density data from Van Allen Probes is measured between 2012 and 2016. These are diﬀerent periods
in the solar cycle, which might also aﬀect neural network training. This may be improved by using a larger
training set covering a full solar cycle and with more disturbance intervals on which to train the network
behavior, such as adding the density databases from the CRRES and THEMIS (Time History of Events and
Macroscale Interactions during Substorms) missions.
The PINE model performs remarkably well in reproducing the global plasmasphere dynamics and large-scale
irregularities, such as plumes. However, the model’s current limitation is capturing small- and medium-scale
irregularities (on the order of a few tenths of an RE ). This might be due to several reasons. First, the inﬂuence
of many activity parameters on the plasmasphere has not been explored in this work and therefore is not
included in the model (such as AU, AL, Bx , By , solar wind coupling functions (Newell et al., 2007), etc.). Second, a
rather coarse averaging of time (from hour 0) was included in the models. However, it is diﬃcult to know which
parameters would help model these ﬁne-scale features, since they are not very well understood (Darrouzet
et al., 2009) and probably involve very complex coupling that is unlikely to come up out of a set of parameters.
Despite the limitations, the PINE model does a very good job of reconstructing the global evolution of cold
plasma dynamics. It successfully reproduces the erosion of plasma on the nightside, sunward surge of plasma
on the dayside, and rotation of the plume toward midnight during disturbed times (e.g., Darrouzet et al., 2009;
Goldstein et al., 2004; Sandel et al., 2003; Spasojević et al., 2003). During quiet times, the PINE model can
also reproduce the size of the plasmasphere remarkably well. Output of the PINE model agrees signiﬁcantly
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better with both Van Allen Probes and IMAGE EUV observations than output of the existing empirical model
by Sheeley et al. (2001), both on a case-by-case comparison and on average.

6. Conclusions
We have built an empirical model of cold plasma density that is capable of globally reconstructing the plasmasphere dynamics. The model is based on a 96 h time history of geomagnetic activity parameters. To ﬁnd
the nonlinear mapping between activity parameters and plasma density, neural networks were used.
To determine the critical combination of activity parameters, we explored the inﬂuence of geomagnetic and
solar wind parameters and their time history on the plasmasphere dynamics separately and in combination
by means of neural network-based empirical modeling. Neural networks with diﬀerent combinations of input
parameters have been developed and compared among each other. To train the networks, a density data
set for Van Allen Probes developed by Zhelavskaya et al. (2016) was used. The performance of the networks
was estimated quantitatively by means of cross validation and learning curve analysis on the data from
Van Allen Probes. Qualitatively, the ability of the networks to reconstruct the global plasmasphere dynamics
was tested by comparing the approximate plasmapause locations in the output of the neural networks with
the plasmapause data obtained by the IMAGE Extreme UltraViolet (EUV) instrument.
The comparison showed that models improve their performance as more time history is included. The critical
duration of the time history of parameters, after which no signiﬁcant improvement is observed, was found
to be 96 h. Models based on the combination of solar wind and geomagnetic parameters achieved the best
quantitative performance. However, due to gaps in the solar wind data and slight overﬁtting of the models
based on the combination of solar wind and geomagnetic parameters, it was decided to use the model based
solely on geomagnetic parameters at the moment. If the gaps in the solar wind data are ﬁlled in the future and
the same analysis is repeated, models based on the combination of solar wind and geomagnetic parameters
show potential to perform better. Nevertheless, the improved quantitative performance of the combination
model implies that a nonlinear relationship exists between solar wind and geomagnetic parameters, and the
plasmasphere dynamics.
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Spasojević, M., Frey, H., Thomsen, M., Fuselier, S., Gary, S., Sandel, B., & Inan, U. (2004). The link between a detached subauroral proton arc
and a plasmaspheric plume. Geophysical Research Letters, 31, L04803. https://doi.org/10.1029/2003GL018389
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