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Ionosondes offer broad spatial coverage of the lower ionosphere, supported
by a global network of affordable instruments. This motivates the exploration
of new methods that exploit this geographical coverage to capture spatially
dependent characteristics of electron density distributions using data-driven
models. These models must have the versatility to learn from ionogram data.
In this work, we used neural networks (NN) to forecast ionograms across two
solar activity cycles. The ionosonde data was obtained from the digisonde at the
Jicamarca Radio Observatory (JRO). Each NN comprises one NN that estimates
the ionogram trace and another one that estimates the critical frequency.
Two forecasting models were implemented. The first one was trained with all
available data and was optimized for accurate predictions along that time range.
The second one was trained using a rolling-window strategy with just 3 months
of data to make short-term ionogram predictions. Our results show that both
models are comparable and can often outperform predictions by empirical and
numerical models. The hyperparameters of both models were optimized using
a specialized library. Our results suggest that a few months of data was enough
to produce predictions of comparable accuracy to the reference models. We
argue that this high accuracy is obtained with short time series because the
NN captures the dominant periodic drivers. Finally, we provide suggestions for
improving this model.
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1 Introduction

Space weather is highly nonlinear, where several neutral and plasma regimes are
interconnected (McGranaghan, 2024). Steady-state conditions are usually in reasonable
agreement with empirical models built by fitting historical data to some basis expansion.
Nevertheless, the events that drive space weather require state-of-the-art, interconnected
numerical models of considerable sophistication to be modeled. Even these sophisticated
numerical models are limited in accuracy, are often not open to the public, or require
computational resources unavailable to most of the community. Unlike the numerical
models, data-driven frameworks based on machine–learning have a simple mathematical
structure but rely on a comprehensive sampling of the potential scenarios to be reproduced
(Camporeale et al., 2018; Camporeale, 2019).

Electron density distribution is probably one of the most important dynamical
variables for modeling the Earth’s plasma environment because it directly
influences ionospheric conductivity, wave propagation, and energy transfer processes
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(Kelley, 2009). Even though there are currently many numerical
and empirical models, they often suffer from the abovementioned
limitations. Furthermore, direct measurements of electron density
profiles are very sparse over time and in different geographical
locations. For example, the altitude profiles obtainedwith incoherent
scatter radars have the appropriate resolution but have very
low geographical coverage. Moreover, indirect measurements of
electron density profiles for the bottom side ionosphere are
relatively abundant in the form of total electron content (TEC)
and ionogram measurements. Several NN have been trained to
predict TEC (Uwamahoro et al., 2018) and ionosonde-derived
parameters (Gowtam and Ram, 2017).

An NN trained to predict electron density profiles from
geophysical parameters and previous densities could be used as a
local forecasting model. This forecasting NN should be capable of
estimating virtual heights before attempting to estimate electron
densities. Furthermore, forecasting ionograms may be useful for
estimating the impact of radio-propagating signals. This work
describes how two NNs were trained and tested to reproduce
ionograms obtained with Jicamarca’s ionosonde. Section 2 first
details the considerations for choosing themodels’ architectures and
parameters.Then, we show how the outputs from IRI (International
Reference Ionosphere) and SAMI2 (SAMI2 is Another Model of the
Ionosphere) were processed to compare them with the estimated
outputs. Then, in Section 3, we assess both the NNs’ capacity
for f0F2 and ionogram predictions compared to test ionsonde
measurements and IRI predictions. In Section 4, we propose an
explanation for the accuracy of the second model despite using
small data sets. Finally, Section 5 outlines the conclusions and briefly
comments on our future work.

2 Input data, architecture design, and
reference models

In this section, we describe the mathematical relation between
the forecasted variable (the ionogram) and the physical parameters
of the ionospheric plasmas. Furthermore, we describe the time
series used as model inputs, the NNs’ structure, and the reference
ionograms obtained from other models. All the NNs described in
this work were built using TensorFlow.

2.1 Building the input and output data sets

Given a electrondensity profilene(z) that only depends onheight
(z), the virtual height of a wave of frequency f propagating vertically
can be represented by (Reyes, 2017):

h( f) = ∫
zr

0

dz

√1− 80.62 ne(z)
f2

(1)

Here, n2e(zr) = f2/80.62. Furthermore, this expression only
captures the O-mode of the wave. The h( f) profiles (Equation
1) describe most ionogram O-mode traces, measured using fast
frequency sweeps. We can assume that during the experimental
construction of the h( f), the electron density does not change.

On the other hand, the time evolution of ne obeys the
continuity equation (Kelley, 2009):

∂tne +∇ ⋅ (neve) = Pe(ne) − Le(ne) (2)

The terms Pe and Le of Equation 2 are the production and
loss functions, respectively. These two functions will depend on the
electron density and other local variables like the neutral density
and electron temperature. As a first approximation, we can say that
electron velocity ve will be dominated by the electric and magnetic
fields and, to a lesser extent, pressure gradients and momentum
exchange with other species. If we integrate the continuity equation
over the time needed to build an ionogram, we will get that.

∫
T

0
∂tne ≈ 0⇒∫

T

0
Pe(ne) − Le(ne) −∇ ⋅ (neve)dt ≈ 0

⇒ ⟨Pe(ne)⟩ ≈ ⟨Le(ne)⟩ + ⟨∇ ⋅ (neve)⟩
(3)

We use the notation ∫T0 gdt = ⟨g⟩. During an ionosonde
measurement, the electron density should be such that, in a defined
volume, the number of produced electrons is approximately the
same as the number of electrons lost by recombination plus the
number of electrons moving stated by Equation 3.

Even though all the variables involved in Pe, Le, and ve can be
measured, these values are rarely obtained simultaneously and are
too few to use for training a statistical model like a NN. Instead,
we use measurements correlated to these functions, hoping the
correlation is strong enough for our model to have good predictive
power. We will use standard geophysical parameters, F10.7, Kp,
MgII, and time, as model inputs. We expect the solar activity
proxies F10.7 and MgII to be directly correlated to Pe because
of photoionization and indirectly correlated to ve because solar
flux affects the electrodynamic of the ionosphere (Laštovička and
Burešová, 2023). Another factor affecting the electrodynamics
is the geomagnetic fluctuations captured by Kp, so we
estimate that its effect will be through ve. Then, the causal
relations will be:

F10.7,MgII → Pe
Kp → ve

}
}
}
⇒ ne⇒ h( f) (4)

Time was chosen to be represented as a superposition of
a cosine and a sine with annual periodicity. This is standard
practice in linear models when a dominant periodicity is known.
Building a time series of the trigonometric functions makes the
fitting linear. Figure 1 shows 10 months of the input time series.
DNS and DNC indicate the sine and cosine time series. Notice
that the time series are not continuous; these gaps correspond to
times when there is no ionosonde data or the data did not pass our
quality filters.

The ionogram data was obtained from JRO’s digisonde and
filtered using the ARTIST’s quality flags. Times corresponding to
geomagnetic events (Kp > 3) and ionograms with fewer than 10
points were removed from the study. Figure 2 shows the monthly
median and median absolute deviation (MAD) of all the ionograms
used for training. Notice that the MAD is more prominent near the
critical frequencies of both the F and E regions, indicating that the
ionograms are more variable and more challenging to model. The
usual solar annual and semiannual periodicities can be seen as well.
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FIGURE 1
Time series of various geophysical parameters. From top to bottom: Kp, sin(ωyt), cos(ωyt), f10.7, and MgII time series. ωy is an annual frequency and t
indicates the time index.

FIGURE 2
Top: Monthly median of ionograms measured with JRO’s digisonde. The color indicates virtual heights and the vertical axis frequency. Bottom: Median
absolute deviation (MAD(x) =median(|x−median(x)|)) of the monthly ionograms.

2.2 Ionograms from empirical models: IRI
and SAMI2

To evaluate the accuracy of our model, we compared it against
two established ionospheric models: IRI and SAMI2. IRI is an
empirical model based on extensive observational data, designed
to capture the average behavior of the ionosphere (Bilitza et al.,
2022). In contrast, SAMI2 is a physics-based model that solves
the ionospheric plasma fluid equations, though it simplifies the
system to a 2D geometry and is sensitive to initial conditions.
Both models are easy to use and are open to the space physics
community. We obtained electron densities as discretized profiles of

N elements from thesemodels, and using (Equation 1), we estimated
the virtual heights via trapezoidal integration with a correction for
the reflection height (Reyes, 2017):

h ( f) = ∫
zr

0
dzng (z) ≈

N−2

∑
k
Δz

ng (zk) + ng (zk+1)
2

+
2ng (zN−1)Δz

ng(zN−1)2 − ng(zN)2

(5)

We define the group refractive index of the O-
mode in (Equation 5) as ng(z) = (1− 80.62

ne(z)
f2
)
−1/2

. This
method was validated against Gaussian quadrature, showing no
significant differences in accuracy.
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FIGURE 3
Some sample ionograms for morning (left) and afternoon (right). The ionograms for SAMI2 and IRI were calculated using (Equation 5). The “prediction
3M″ ionograms correspond to the estimated obtained with our first model using 3 months of data.

2.3 Proposed forecasting models and
training strategies

We used two NNs to simulate ionograms: one used a regression
model to predict virtual heights, and the other predicted the
critical frequency. Regression NNs predict continuous values by
learning patterns from input data, making them suitable for
forecasting virtual heights, as they can model the smooth variations
typically observed in ionograms. By comparing a regression and a
classificationNN for calculating the critical frequency, we found that
the latter more often produced lower discrepancies with the data.
The training data for the classificationNN consisted of virtual height
labels 0 when they did not correspond to the critical frequency and
1 when they did. This NN was trained to predict the occurrence
of critical frequencies in ionogram curves as a predictor of label
1 based on the structure of each ionogram. We found that a
classification NN and a regression NN were often more effective
in determining the critical frequency and the virtual heights,
respectively.

To optimize the architecture of our neural networks, we
employed Optuna (Akiba et al., 2019), an optimization framework
based on Python. Optuna automates the search for optimal
hyperparameters using a trial-based approach through efficient
sampling techniques and pruning algorithms to explore a large
search space. For our model, we used Optuna to fine-tune the
learning rates, test different activation functions (ReLU and Swish),
and determine the optimal number of nodes per layer. The exact
architecture of the NNs can vary because the architecture parameters
are part of the hyperparameter optimization process. However,
most NNs generated through this process have five layers, use
the Swish activation function, and an initial learning rate of
approximately 10−4.

We conducted a series of tests to inform the design of our
model. For these tests, we used datasets spanning both 1-month and
3-month periods, specifically selecting months corresponding to
solstices and equinoxes. Figure 3 shows some predicted ionograms
by our model, SAMI2, and IRI, together with real ionograms
measured with JRO’s digisonde. The ionograms obtained with IRI
have a visible oscillation near the E-to-F region transition, and the

ones obtained with SAMI2 seem to underestimate the variation
in this same region. The model’s performance was evaluated by
forecasting ionograms and foF2 values and calculating the rootmean
square errors (RMSE) compared to the real values obtained with the
ionosonde.We also compared the RMSE for predictions made using
IRI and SAMI2.The results of these comparisons are summarized in
Tables 1, 2.

Across all datasets, our model demonstrated higher accuracy in
forecasting ionograms than IRI and SAMI2. The 3-month training
dataset did not consistently outperform the 1-month dataset. In
most cases, the model trained on 1 month of data yielded better
accuracy than the 3-month training. This unexpected result raises
questions about the influence of training data size on model
performance, which we aim to explore further in future work.
Regarding the foF2 forecasts, our model generally achieved superior
accuracy relative to IRI and SAMI2, except for the solar maximum
equinox case. Additionally, the 3-month dataset test during the solar
maximum solstice produced a forecast that, while less accurate than
IRI, still outperformed SAMI2.

These initial results led us to further investigate the influence
of the training data time span on the accuracy of our forecasts.
To do so, we developed two specialized NNs: IoNNo-C and
IoNNo-R.

IoNNo-C was designed to capture long-term behavior and was
trained using the complete dataset spanning 18 years. Our goal with
IoNNo-C is to model the climatological behavior of the ionosphere
and capture finer variabilities that may have been overlooked by
empirical models like IRI, which are designed to capture global
average behavior. To optimize IoNNo-C, we employed a sliding
window technique for hyperparameter tuning. Initially, a set of
hyperparameters is selected, and the model is trained on 3 months
of data before being evaluated on the following month. This process
is repeated over the next 4-month interval, with the average loss
function calculated across all windows. After multiple iterations,
the set of hyperparameters that results in the lowest average loss
function is chosen, ensuring that the model’s parameters do not
favor any specific subset of the data.

On the other hand, IoNNo-R was developed for short-
term predictions. It is trained using only 3 months of data, with
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TABLE 1 RMSE of predicted virtual heights (km).

1 month of data 3 months of data IRI Sami2

Solar Min. Solsticea 43.47 51.69 87.23 81.15

Solar Min. Equinoxb 25.64 30.37 82.86 70.07

Solar Max. Solsticec 53.04 40.20 54.45 91.68

Solar Max. Equinoxd 32.46 31.15 67.00 49.23

aDecember 2009.
bMarch 2009.
cJune 2014.
dMarch 2013.

TABLE 2 RMSE of predicted critical frequencies (MHz).

1 month of data 3 months of data IRI Sami2

Solar Min. Solsticea 0.44 0.47 1.12 0.59

Solar Min. Equinoxb 0.58 0.51 1.00 0.75

Solar Max. Solsticec 0.62 0.82 0.67 1.47

Solar Max. Equinoxd 1.81 1.53 1.25 0.70

aDecember 2009.
bMarch 2009.
cJune 2014.
dMarch 2013.

FIGURE 4
Top: The points in the background correspond to the digisonde data and the models’ estimates. The lines were obtained by smoothing the direct
outputs for better visualization. Bottom: The absolute errors for critical frequency estimates of both IRI and IoNNo-C.

hyperparameters selected to minimize the error for the last week
of training data. It is this hyperparameter tuning with recent
data that makes this forecasting “shorter-termed.” Furthermore,
all the ionograms used in this model were averaged hourly to

avoid geophysical noise’s impact in the prediction. This approach
aims to maximize the accuracy of immediate, short-term forecasts,
providing a complementary perspective to the long-term trends
captured by IoNNo-C.
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FIGURE 5
Top: The purple and red triangles and light-blue squares correspond to the digisonde measurements, IoNNo-R predictions, and IRI estimates,
respectively. Bottom: The absolute errors for critical frequency estimates of both IRI and IoNNo-R.

3 Assessing predictions

Each model serves a distinct forecasting needs. IoNNo-R
is designed to explore the predictive power of smaller datasets,
focusing on short-term, higher-accuracy forecasting.Thekey feature
of IoNNo-R is that its hyperparameters are tuned using data
immediately preceding the forecasted period. In contrast,IoNNo-C
is built to capture the climatological behavior of the ionosphere over
a longer timescale. Because IoNNo-C is trained for the geographic
region where the forecasts will be applied, we expect it to provide
more accurate predictions than global models that generalize across
different locations.

We applied IoNNo-C to predict foF2 values for the last year of
data, which had been extracted from the training set. Furthermore,
we trained IoNNo-C with a regression and a classification
NN for the critical frequency prediction for comparison. On
the top of Figure 4 we can see the smoothed digisonde values
(dashed pink line), IRI predictions (dashed blue line), and IoNNo-
C predictions (continuous red and gray lines for the regression and
classificationNN, respectively). From this figure, we observe that IRI
systematically overestimates foF2 values from May to December. In
the plot below,we compare the absolute errors ofIoNNo-C (red and
gray squares for the regression and classification NN, respectively)
and IRI (blue triangles). The binary classification version of

IoNNo-C achieves slightly better accuracy than its regression
counterpart. Moreover, the average improvement of IoNNo-

C over IRI is approximately 1 MHz, with IRI exhibiting more
extreme outliers.

For shorter-term predictions, we utilized IoNNo-R. Based on
the results with IoNNo-C, we decided to use a classification NN for
the virtual height forecasting in IoNNo-C. Figure 5 demonstrates
IoNNo-R’s performance in predicting foF2 compared to IRI from
July to September 2019. In the top plot, the digisonde values
are marked with light red circles, while the IRI and IoNNo-

R predictions are indicated with blue triangles and red squares,
respectively. IRI’s systematic overestimation of foF2 compared to the
digisonde measurements is still visible in this shorter time range.
Although IoNNo-R predictions are closer to the actual values, a
systematic shift relative to the digisonde’s values is still noticeable,
particularly in the first half of the time range. Nevertheless,
IoNNo-R shows an average foF2 error improvement of around
1 MHz compared to IRI, matching the improvement seen in
IoNNo-C.

Figure 6 analyzes the absolute error statistics for ionogram
predictions made by IoNNo-R over the same time
interval shown in Figure 5. The figure depicts the distribution of
errors, where each box spans the first to third quartiles, with an
orange line indicating the median. The whiskers extend up to 1.5
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FIGURE 6
Statistics of virtual height absolute errors of IoNNo-R compared to the digisonde’s ionograms for the same times shown in Figure 5. Each box extends
from the first quartile to the third quartile of the virtual heights for each frequency, with a line at the median. The whiskers extend from the box sides to
the farthest virtual height lying within 1.5× the inter-quartile range. Points outside the whiskers are indicated independently with gray dots. The top and
bottom plots indicate the morning and afternoon ionograms, respectively.

times the interquartile range, and any outliers beyond this range are
plotted individually. The top and bottom plots represent morning
and afternoon ionograms, respectively. In both cases, the model’s
accuracy noticeably decreases as it approaches critical frequencies.
However, the afternoon ionograms show significantly less precision,
with a greater number of outliers across all frequencies, and higher
variability at the upper frequency range.

Our analysis has several limitations and shortcomings that need
to be acknowledged. First, the accuracy of our comparisons between
our models and IRI and SAMI2 relies on the assumption that
the ionograms we used are close to the correct values. Although
we filtered out ionograms with low-quality flags, our results still
depend on the precision of this labeling process. Additionally, our
approximation for the virtual height, as expressed in Equation 1, is
valid only when the ionosphere is perfectly stratified. This limits
its applicability in cases where horizontal gradients are significant,
meaning that our model may not fully capture the complexities of
certain ionospheric conditions. Finally, the number of samples used
to calculate the ionograms using Equation 5) will affect the final
form of the virtual height profile. Nevertheless, our numerical tests
suggest that the number of points is well within the limit for which
the ionogram’s numerical error is smaller than the absolute error of
our model predictions.

Moreover, while our models demonstrate promising results,
further experiments are necessary to optimize hyperparameters not
yet considered in our current framework and optimize the ones
we consider in larger parameter spaces. Another limitation is that

our models, in their current form, do not incorporate previous
information on the ionospheric state. This means that they can
not capture temporal dependencies or short-term fluctuations. To
address this, we are currently exploring the use of recurrent neural
networks that can learn from the time evolution of f0F2 and virtual
heights, potentially enhancing the models’ ability to forecast rapidly
changing conditions (Hu and Zhang, 2018).

Finally, smoothing the ionograms before training could
help remove transient variability. By reducing this variability,
we anticipate that our models’ accuracy could improve,
providing more reliable forecasts in a broader range of
scenarios.

4 Parameter periodicity and predictive
power

Our results suggest that even relatively small data sets can
be used to train NNs that can match and even outperform IRI
and SAMI2 in predicting ionograms and fo f2. Even though
this might sound surprising at first, after inspection, we think
this should be expected because of the periodic nature of the
dominant drivers of the system. For instance, (Wang et al.,
2011), analyzed NmF2 time series from ionosondes at different
geographical locations and found that the dominant periodicities
were consistent with known geophysical and heliophysical
periodic forcing.
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FIGURE 7
Top: Time series of the h′F parameter. Bottom: Periodograms of h′F up to periods of 70 hours, where the red dots indicate amplitudes significantly
larger than expected by white noise. Within the hour-scale periodogram there is a smaller one showing a day-scale periodogram.

We can illustrate this by analyzing the periodicity in
representative ionosonde parameters. Figure 7 shows a time series
of the parameter h’F and its corresponding periodogram. The
analysis was done using the Lomb-Scargle method, which is usually
recommended over Fourier transforms when gaps are present
in the data (VanderPlas, 2018). The h’F parameter captures the
virtual height of the bottom of the F region, which is a good
proxy for ionogram variability. The red dots in the periodogram
indicate the frequency components well above the amplitude
that can be assigned to random fluctuations. Notice how the
red dots cluster around several well-defined peaks at the diurnal
and semidiurnal periods with amplitudes much larger than the
smaller components.

The spectral analysis of h’F shows that most of the energy is
encapsulated to a few modes. Therefore, we might improve our
forecasting efficiency by focusing on predicting the evolution
of only the dominant modes using standard time series
methods. Nevertheless, it should be considered that given their
simplicity of usage current implementation of NNs are still a
great forecasting alternative even when its possible to use a
sparse representation. Moreover, the NNs have the advantage
of possibly capturing nonlinear interactions, which are difficult
to include in standard time series models. However, there are
currently modeling approaches that are able to exploit the sparse

representation of periodic time series and the versatility of NN
(Triebe et al., 2021).

5 Conclusion

This study leveraged nearly 2 decades of digisonde data to
train NNs for ionogram prediction. Initial small-scale tests on
months of equinoxes and solstices indicated that a simple NN
could outperform ionogram predictions generated by established
models like IRI and SAMI2 in certain situations. We developed
two models with distinct datasets and training strategies based on
these results. IoNNo-C was trained on the complete dataset, with
its hyperparameters tuned to avoid favoring any subset of the data.
In contrast, IoNNo-R was trained on only 3 months of data, with
hyperparameters specifically optimized to fit the last segment of the
training period to improve short-term forecasts.

Our findings show that IoNNo-C consistently produced more
accurate foF2 estimates over a full year of predictions, outperforming
IRI. Similarly, IoNNo-R also surpassed IRI’s foF2 predictions for
the studied time intervals, though we observed that the accuracy of
ionogram predictions declined at higher frequencies.

Improving short-term ionogram forecasts is crucial before
attempting to train a NN to derive electron densities directly
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from ionograms. However, our results suggest that even short-
term datasets may be sufficient for producing accurate ionogram
forecasts. We argued that this could be because the dominant
periodic forces in the ionosphere are well-resolved within 3 months
of data, providing enough temporal information to capture key
patterns in ionospheric behavior.
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