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Abstract: Predicting the behaviour of the Earth’s ionosphere is crucial for ground-based and space
borne technologies relying on it. This paper presents a novel way of inferring the ionospheric electron
density profiles and electron temperature profiles using machine learning. The analysis is based on
the Nearest Neighbor (NNB) and Radial Basis Function (RBF) regression models. Synthetic data
sets used to train and validate these two inference models are constructed using the International
Reference Ionosphere (IRI 2020) model with randomly chosen years (1987-2022), months (1-12), days
(1-31), latitudes (-60 to 60°), longitudes (0, 360°), times (0-23h), at altitudes ranging from 95 to 600
kilometres. The NNB and RBF models use the constructed ionosonde-like profiles to infer complete
ISR-like profiles. The results presented show that the inference of ionospheric electron density profiles
is better with the NNB model than with the RBF model while the RBF model is better at inferring the
electron temperature profiles than the NNB model. A major and unexpected finding of this research is
the ability of the two models in inferring full electron temperature profiles that are not provided by
ionosondes using the same truncated electron density dataset used to infer electron density profiles.
NNB and RBF models generally overestimate or underestimate the inferred electron density and
electron temperature values, especially at higher altitudes, but they tend to produce good matches at
lower altitudes.

Keywords: Ionosphere; electron density and temperature profiles; machine learning; regression
models; ionosonde

1. Introduction

Ionospheric variability in electron and ion density and temperature predominantly affects ground-
based and space borne instruments by interfering with transmitted signals. The magnitude of these
ionospheric perturbations depend on the local time, latitude, longitude, season, and solar activity.
The Earth’s ionosphere (a quasi-neutral plasma) was discovered by Appleton [1]. Later on, it was
shown that the ionosphere is actually stratified into 3 main different layers known as D layer, E layer
(Kennelly-Heaviside layer), and F layer (Appleton-Barnet layer) according to their corresponding
critical frequencies. The F layer is subdivided into F; that exists only during daytime and F, that persists
even at night when, the electron-ion recombination rate is high due to the absence of sunlight, which
explains the disappearance of the D layer and the thinner E layer. Marconi was the first researcher to
establish a trans-atlantic communication system by taking advantage of the ionospheric electron and
ion densities to reflect transmitted signals in 1901 [2]. Following the discovery of the ionosphere and
its related technologies, ground-based instruments such as ionosondes [3,4] and incoherent scattering
radars (ISR) [5] have been developed and used to study the behaviour of the ionosphere with the
collected data. Recently, space borne techniques have also been implemented to learn more on the
variability of the Earth’s ionosphere given its costly effects on telecommunication satellites orbiting
within and above it [6-8]. With these data from ground and space instruments, several researchers
have attempted to model and forecast the behaviour of the ionospheric electron density profiles (day
and night) as well as the ionospheric electron temperature. Anderson et al. [9] inferred the night-time
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electron density integrated along a magnetic field line by comparing whistler dispersions, measured
from a sounding rocket, with model ionospheric calculations. Using ionosonde data from 2014 to
2018, Hughes et al. [10] constructed a model for Observation System Simulation Experiments (OSSEs).
He et al. [11] used the Total Electron Content (TEC) data from the Constellation Observing System for
Meteorology, Ionosphere and Climate (COSMIC) to reconstruct a global ionospheric electron density
for one complete solar cycle (2006-2016). In their paper, Giovanni and Radicella [12] developed an
analytical model to infer complete ionospheric electron density profiles from the E layer to the F2 layer.
The inputs of their model were the altitude at the peak of the F2 layer, at the point of inflection below
that peak, at the maximum or point of inflection in the F1 layer, and at the peak of the E region. Another
study was conducted by McKay et al. [13] who used a multi-frequency riometry to assess the possibility
to estimate the ionospheric electron density altitude profiles. However, they found out that the use of
a RIOMETER (Relative Ionospheric Opacity Meter for Extra-Terrestrial Emissions of Radio noise) was
not effective without a priori assumption of the electron density profile, such as a parameterized model
for the source of ionization. In 2011, Sibanda and McKinnell [14] reconstructed the topside ionospheric
vertical electron density profiles using GPS and ionosonde data over South Africa. They compared
the constructed electron density profiles with the profiles from ionosondes and IRI-2007 model. In
2021, Habarulema et al. [15] used radio occultation (RO) data, and neural network model (3D-NN) to
globally reconstruct the ionospheric electron density. In 2024, Habarulema et al. [16] improved their
previous 3D-NN model, which is only valid at quiet times, and developed a 3D storm-time model
based on artificial neural networks and RO data to globally reconstruct the ionospheric electron density.
Moreover, there are several models that provide various ionospheric parameters such as the IRI models
valid from 60 km up to 2000 km [17,18]. The IRI-Plas 2017 model is an extension of the IRI model which
accounts for the plasmaspheric electron contribution to the total electron content (up to 20200 km).
The above mentioned models are global ones, but there exist other regional models such as E-CHAIM
model for high-latitude regions [19] and AfriTEC model for Africa [20]. Larson et al. [21] compared
the inferred E-CHAIN electron densities to ISR observations over Resolute bay. It was concluded that
the model-to-measured ratios of the ionospheric electron densities in the central part of the F layer and
around its peak are close to unity. In 2023, Chen et al. [22] developed a four-dimensional physical grid
model of ionospheric electron density using electron density profiles from FORMOSAT-3/COSMIC
(Constellation Observation System for Meteorology, lonosphere, and Climate) from 2006 to 2013. Their
model, known as EDG-DNN, runs a DNN (deep neural network) to infer the electron density and
display it on a physical grid. In order to retrieve ionospheric electron density profiles, Zakharenkova
et al. [23] used the Radio Occultation (RO) technique applied to measurements from the Global
Positioning System (GPS) receivers onboard two Geostationary Operational Environmental Satellites
(GOES). Regarding inference of electron temperature, Kéhnlein et al. [24] implemented an empirical
model of the electron and ion temperatures in the altitude interval of 504000 km as a function of time
(diurnal, annual), space (position, altitude) and solar flux (F10.7) using observations from six satellites,
five incoherent scatter stations (Arecibo, Chatanika, Jicamarca, Millstone Hill, St Santin) and rocket
measurements during quiet geophysical conditions. Matta et al. [25] constructed a model to infer
electron ad ion temperatures at Mars using numerical simulations in one-dimensional fluid model
of the martian ionosphere coupled to a kinetic supra-thermal electron transport model in order to
self-consistently estimate ion and electron densities and temperatures. Their model revealed hundreds
of degrees Kelvin variations in dayside electron and ion temperatures at a fixed altitude above Mars.

Mathematically, electron density and electron temperature are related via the electron critical

angular frequency w, and the Debye wavelength Ap with w,= g)f:; and Ap= i(z’k;e where 7, is the

electron density, T, is the electron temperature, e is the elementary charge, m, is the electron mass,

k is the Boltzmann constant, and ¢ is the space permittivity. Several studies have been conducted
to establish a correlation (positive or negative) between ionospheric electron density and electron
temperature using various techniques. For instance, Pignalberi et al. [26] investigated the main features
of the correlation between electron density and temperature in the topside ionosphere using Swarm


https://doi.org/10.20944/preprints202504.0367.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 April 2025 d0i:10.20944/preprints202504.0367.v1

30f13

B satellite Data. Their study characterized the correlation between ionospheric electron density and
electron temperature at high latitude and described the diurnal trend at all latitudes. They also noticed
a positive correlation dependence on season at very high latitudes. In 2015, Su et al. [27] investigated
the global relationship between electron density and electron temperature in the topside ionosphere
from 2006 to 2009 using satellite detection of electromagnetic emissions transmitted from earthquake
regions. Their study did not find longitudinal variations in the correlation between electron density
and electron temperature.

The remaining sections of this paper are organized as follows: Section 2 describes the methodology
used in the nearest neighbor and radial basis function models; Section 3 presents the results and their
discussion; and Section 4 consists of a conclusion.

2. Materials and Methods

Two multivariate regression techniques, the Nearest Neighbor (NNB) and the Radial Basis
Function (RBF) [28], are used to infer and extend the ionospheric electron density and temperature
profiles. The input used in these inferences consists of low altitude ionosonde density profiles, and
the output are profiles extending to higher altitudes, beyond the E and F layers, which cannot be
diagnosed with ionosondes. The constructed models can also be used to infer temperature altitude
profiles between the E and F density maxima and beyond, not accessible by ionosonde measurements.
The NNB and RBF models are trained and validated using a large synthetic data set derived from
the International Reference Ionosphere (IRI 2020) model. The entries in the input data set consist of
ionosonde-like altitude profiles calculated from an IRI random distribution of latitude, longitude,
month, day of the month, local time, and daily solar activity index Fjg 7, followed by full density profiles
to be inferred. These synthetic density profiles are parameterized with 200-tuples of densities and
temperatures values derived from the IRI 2020 data at as many altitudes uniformly distributed between
95 and 600 km divided into 200 equidistant intervals. In these constructed 200-tuples, densities above
the E-region maximum (NmE), when it exists, up to the altitude in the F-region where the density is
equal to the F-region maximum (NmF2), are set to zero, in order to mimic the gap in density profiles
obtained from ionosonde measurements in this region. Similarly, densities at altitudes above F-region
maximum (NmF2) are also set to zero as illustrated in Figure 1. The dependent density profile to
be inferred is also parameterized using a 200-tuple of densities at the same altitudes, in which none
of the densities are set to zero. The construction of the inference model follows standard machine
learning (ML) techniques involving disjoint training, validation, and test sets; only the first being
used to optimize the model, and the other two, to assess the training skill. Machine learning is a
subset of artificial intelligent (AI) that was introduced by Arthur Samuel in 1959 [29]. Commonly used
ML algorithms are the linear regression, logistic regression, clustering, decision trees, random forests
and artificial neural networks [30-33]. So far, there exist four main approaches to machine learning;:
supervised ML, unsupervised ML, semi-supervised ML [34] and reinforcement ML [35]. Supervised
ML (with labelled datasets) was used to construct the NNB and RBF models and infer electron density
and temperature profiles. Inferred results are presented and compared with full IRI 2020 profiles and
ISR profiles. Figure 1 below is an example of a truncated and full electron density profile.
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Figure 1. This is a figure. Schemes follow the same formatting.
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2.1. Nearest Neighbour

The nearest neighbor method is used to do regression or classification tasks [36,37]. In regression,
the goal is to infer a value of a continuous variable, i.e., inferring electron profiles or electron temper-
atures without discontinuities. The distances between different electron density 200-tuple profiles
are estimated using Equation (1) and then used in order to determine the nearest neighbor one. In
2022, Monte-Moreno et al. [38] proposed a global TEC forecast using the nearest neighbor method. In
this study, a large number of 200-tuple inputs of electron density profiles and electron temperatures
are used to construct the electron density and electron temperature inference models. In machine
learning, the Manhattan or L1 distance is usually preferred over the Euclidean or L2 distance to avoid
the curse of dimensionality in high dimensional space where traditional indexing and algorithmic
techniques fail from an efficiency and/or effectiveness perspective [39,40]. The distance between
two respective electron density profiles or electron temperature profiles A and B is determined using
the following equation:

& |ai — byl

ja—p) =Y Ja=bl
L iin(lar], 1)

)

where i=1,..,N and 4; and b; are the components of A and B respectively. The denominator in
Equation (1) is introduced to prevent large overestimations in the inferences [41].

2.2. Radial Basis Function

The Radial Basis Function method is a regression method that performs interpolations of depen-
dent variables at locations in a multi-dimensional space from selected reference points, also known as
centers [41-45]. The RBF method generally does not require many centers in order to construct accurate
models. Computer-based or synthetic based inferences require large number of data entries/nodes for
the training and validation of the model. In this study, the number of centers is varied between 8 and 12.
As with the nearest neignbor approach, the independent input data set consists of X=(x1, x2, x3, ..., XN)
and the inferred dependent densities are in 200-tuple arrays Y calculated mathematically using the
equation below:

N
Y =Y aG(1X - Xi|), @)
i=1

where G is the interpolating function, a; are the interpolation coefficients calculated from 2, X represent
the independent input and X; represent the N centers. The interpolation coefficients 4; are the solutions
of the following system of k = 1, .., N linear equations:

N
Y aiG(| X — Xi|) = Vi 3)
i=1

As indicated by the argument of G(|X — X;|) function in Equation (2) and (3), radial basis func-
tions depend on the distance (Euclidean in our study) which is denoted as |x — x;|. This distance
dependence is the reason why those function is are called radial basis functions. The interpolating
function G can either be local or global and have different types as discussed bellow where r = |x — x;]|
and c is an adjustable parameter for accuracy maximization by minimizing the loss function on the
training and validation sets. Examples of interpolating functions are given by the following equations.

G(r)=e ", @)
G(r) = (1+c?) 5)
G(r)=r5k=24,.. (6)

G(r)=rInr;k=1,2,3,... 7)
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Among the above equations, (6) and (7) are examples of global G(r) functions whereas
Equations (4) and (5) are examples of G(r) local functions. In this study, local equation given by (4)
was used to construct the RBF model. Global functions vanish at the center but are finite elsewhere
whereas local functions are non zero at the center where they are defined but tend to zero far from their
centers. Using global functions, regression of the dependent variable Y will be calculated by combining
all the centers. However, with local functions G(r), the determination of the dependent variable Y at a
given n-tuple X is evaluated mostly from nearest neighbors in the set of all the centers. The choice of
local or global functions in regression depends on the specifics of the problem, the number of centers,
and the accuracy required. With a few centers, global functions are preferred to local ones whereas
local functions are preferred when there are many centers. Another consideration is the distribution of
centers in the multivariate space, in order to optimize inference accuracy [46].

2.3. Loss Function

Finally a key component of these regression techniques is the loss, or cost function. This is the
function which quantifies the discrepancy between an inference and the known data from the training
set. Training an inference model consists of minimizing the loss function of a given data set. The loss
function must generally have the following properties:

1. it must be nonnegative;
2. if the inferred data match the modelled ones, the loss function vanishes;
3. theloss function increases as the discrepancy between inferred and known training data increases.

Various mathematical expressions can be used to evaluate the loss function, for instance:
1) the Maximum Absolute Error (MAE)

MAE = maX|Yinferred - Yinput‘r 8)
2) the maximum absolute relative error (MARE)

Yinferred - Yinput

MARE = max|—, , )
|m1n(|yinferred|r |Yinput|) |
3) the Root Mean Square Error (RMSE)
1 N
RMSE = N Z(Yinferred - Yinput)zz (10)
i=1
4) the Root Mean Square Relative Error (RMSRE)
el (Yinferred - Yinput)z
RMSRE = | — . (11)
N 1; mln(lyinferred|/ |Yinput|)2

where N is the number of entries in the training and validation sets. In this work, 200-tuple profiles
from IRI-2020 model or ISR observations are used for training and testing the NNB and RBF models.
The type of loss function used with nearest neighbor model is the maximum relative absolute error in
Equation (9) whereas the RBF model estimates the accuracy with the Root Mean Square Relative Error
given by the Equation (11).

3. Results

As mentioned in previous sections, the results were obtained using ionosonde-like profiles
truncated from IRI-2020 and two multivariate regression models (NNB and RBF). The inference results
are discussed in 2 groups: the first results are for electron density inferences and the second results are
for the electron temperature profiles. The two regression models were assessed by applying them to
ten randomly selected cases. The best inferences among these ten, referred to as the “best inferences”,
correspond to the cases for which the loss functions are the smallest. Conversely, the cases for which
the loss functions are the largest are referred to as the “worst inferences”. The comparisons between
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inference methods considered.

3.1. Inference of Electron Density Profiles with NNB and RBF Models

In order to illustrate the accuracy for both the NNB and RBF models, best and worst inferences
for each model are considered and compared for discussion. Figure 2 represents the best-inference
for the NNB model while Figure 3 shows the worst-inference also for the NNB model. Similarly,
Figure 4 represents the best-inference for the RBF model and Figure 5 shows the best-inference for the

same model.
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Figure 2. Truncated (left) and best-inference (right) profiles inferred with NNB model compared with the

corresponding IRI density profile.
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Figure 3. Truncated (left) and worst-inference (right) profiles inferred with NNB model.
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Figure 5. Truncated (left) and worst-inference (right) profiles inferred with RBF model.

It can be seen in the Figure 2 above that the NNB model’s inference almost matches the IRI
electron profile values at higher altitudes from 400 km and above. However, the NNB model could
not infer well the peak electron number densities of E-layer (NmE ~ 1.85 x 10% m~3) in the inferred
densities. The deviations become larger in the E and F regions from around 95 km to 400 km. This
good inference above the hmF2 region may suggest that NNB would be a good candidate to infer
plasmaspheric electron densities which would be compared with satellite (GPS) data. One can notice a
slight translation of the IRI electron density against the inferred electron density from around 150 km to
300 km which shifts the hmF2 from 180 km to 220 km at NmF2 ~ 1.15 x 10'* m 3. Another observation
is that in the best inference, NNB only overestimates the electron density values below the peak values
in the F region from 95 km to around 200 km and then changes the trend to underestimate them above
it from 200 km to 400 km.

On the other hand, for the worst inference with NNB model, the electron densities are largely
overestimated below the F region peak (1.7 x 10'> m~3) from around 115 km to 260 km. Above the
F region, the electron densities were underestimated from about 260 km to 340 km and again from
470 km to 600 km whereas an other overestimation is observed from 340 km to 470 km. It is worth
mentioning that NNB models mostly follows the usual trend of electron density profiles for both the
best and worst inferences.

Figure 4 shows the best-inference from the RBF model. This model underestimates the elec-
tron densities at altitudes from around 135 km to 600 km. However, the RBF best-inference is able
to better reconstruct well the density peak in the E region than the NNB model. On the other
hand, the RBF best-inference largely underestimates the electron densities around the F-region peak
(NmF2 >~ 2.5 x 10> m~3), while the NNB model does not. This observation suggests a possible
improvement to inferences by combining both NNB and RBF models.

Figure 5 above suggests again that the RBF model yields good inferences of electron densities at
lower altitudes even in the E region layer. Given that the E region normally displays a single peak
(hmE), an interesting feature would be to train and validate the RBF model with data on days with
pronounced E sporadic and see its accuracy in the E region.

Table 1 shows the values of maximum absolute relative error and their corresponding altitudes
at which they occur for both best and worst electron density profile inferences using NNB and
RBF models.

Table 1. Maximum absolute relative error and corresponding altitudes for electron density profile inferences with

NNB and RBF models.
Model-inference MARE h (km)
NNB-Best 0.20 145
RBF-Best 0.25 360
NNB-Worst 0.60 415

RBF-Worst 0.83 420
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It is observed that the NNB model has smaller MARE values than the RBF model for both best
and worst inferences. The altitudes at which MARE values are large are generally found above the
hmF?2 except for the best inference of electron density profiles at 145 km. For the best inference from
NNB model, maximum MARE is almost constant and smaller from hmE through hmF2 to around
300 km.

3.2. Inference of electron temperature profiles with NNB and RBF models

It is found that both NNB and RBF models perform well at lower altitude for both the best and
worst inferences. [47] were among the first researchers to model the ionospheric temperature profiles
with IRI-79 model. They found that IRI electron temperatures were not well estimated between 300 and
600 km, which is the same range where NNB and RBF models mostly underestimate or overestimate
the inferred temperatures.

Figure 6 shows the best inference of electron temperature profiles with the NNB model. It is
observed that the NNB model reconstructed well the electron temperatures values from 95 km to
150 km with a slighter underestimation than the remaining. From 260 km to 600 km, the slope or
shift of the IRI against the inferred electron profiles is almost uniform and this feature has also been
revealed in the inference of electron density profiles with NNB model as seen in Figure 2.

Truncated Electron Temperature profile: IRI model Electron Temperature profile: NNB vs. IRl models
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Figure 6. Best inference of the electron temperature with NNB model.

Figure 7 shows a worst inference for the NNB model and displays again that temperature
inferences made with NNB are only reliable at lower altitudes up to around 200 km as for the best
inference. From around 300 km to 600 km the NNB model largely overestimated the inferred electron
temperature values. In this case even the altitude at which the electron temperature is maximum
(0.2 eV) is shifted from 260 km (IRI) to just 220 km (inferred) compared to the best inference where this
altitude is almost the same (250 km) for both IRI and inferred temperature profiles.

Truncated Electron Temperature profile: IRl model Electron Temperature profiles: NNB vs. IRl models
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Figure 7. Worst inference of electron temperature inferred with the NNB model.

Figure 8 above illustrate a best inference for RBF model. The RBF model shows a near-perfect
match at all altitudes from 95 km to 600 km. The deviation between IRI and inferred values is also
small. A slight underestimation and overestimation is only noticeable from 350 km to 600 km.
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Truncated Electron Temperature profile: IRl model Electron Temperature profiles: RBF vs. IRI models
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Figure 8. Plot of best temperature inference inferred with the RBF model.

However, a significant deviation is at altitudes above 400 km on the worst inference in Figure 9.
RBF overestimated the hmF peak (265 km) with a deviation of almost 0.01 eV. The underestimation
becomes large from the second peak (0.12 eV), but the model inferred well the second peak altitude
(h~ 350 km) with a deviation of about 0.02 eV.

Truncated Electron Temperature profile: IRl model Electron Temperature profile: RBF vs. IRl models
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Figure 9. Plot of worst temperature inference with RBF model.

The values of maximum absolute relative error and their corresponding altitudes for electron
temperature profile inference are given for the NNB and RBF inferences (see Table 2). It can be
seen that RBF model infers better the electron temperature profiles than the NNB model. Again, the
corresponding altitudes are at or above hmF2 as seen in Table 2.

Table 2. Maximum absolute relative error and corresponding altitudes for electron temperature profile inferences
with the NNB and RBF models.

Model-inference MARE h (km)
NNB-Best 0.27 255
RBF-Best 0.01 360
NNB-Worst 0.50 350
RBF-Worst 0.12 420

4. Conclusions

In conclusion, both NNB and RBF models are able to reproduce the trend of the ionospheric
electron density profiles well except at peak densities of the E and F regions where there is usually
either a larger underestimation or overestimation of the inferred profiles. NNB and RBF models
generally infer the electron density profiles and electron temperature profiles with a larger MARE
from hmF2 to 600 km except for the best inferences. However, the two models can be used to infer
the electron density and temperature profiles below the maximum densities and peak temperatures.
Electron density profiles are observed to be well inferred with the NNB model for the best and worst
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inferences than with the RBF model. On the other hand, RBF infer well the electron temperature profiles
than the NNB model. An important finding of this study is that standard machine learning regression
techniques, optimized to extend electron density profiles beyond altitudes accessible to ionosonde
measurements, can also be used to infer electron temperature profiles. The two models considered here
have been trained and validated with synthetic data constructed with the IRI 2020 model. A question
remains as to how well these model inferences will compare with actual measurements made in situ
with satellites, or remotely with arrays of GPS signals or incoherent scatter radars; considerations that
will be addressed in future studies.
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Abbreviations

The following abbreviations are used in this manuscript:

NNB Nearest Neighbor

RBF Radial Basis Function

IRI International Reference Ionosphere

E-CHAIM Empirical Canadian High Arctic Ionospheric Model
GPS Global Positioning System

AfriTEC Africa Total Electron Content

ISR Incoherent Scattering Radars

OSSEs Observation System Simulation Experiments

TEC Total Electron Content

COSMIC Constellation Observing System for Meteorology, Ionosphere and Climate
RIOMETER  Relative Ionospheric Opacity Meter for Extra-Terrestrial Emissions of Radio noise
RO Radio Occultation

RIOMETER  Relative Ionospheric Opacity Meter for Extra-Terrestrial Emissions of Radio noise

hmE Height at Maximum E layer

hmF2 Height at Maximum F2 layer

NmE Maximum electron density in E layer

NmF2 Maximum electron density in F2 layer

GOES Geostationary Operational Environmental Satellites
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