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Abstract: The ionospheric F2 layer is the essential layer in the propagation of high-frequency radio
waves, and the peak electron density height of the ionospheric F2 layer (hmF2) is one of the important
parameters. To improve the predicted accuracy of hmF2 for further improving the ability of HF
skywave propagation prediction and communication frequency selection, we present an interpretable
long-term prediction model of hmF2 using the statistical machine learning (SML) method. Taking
Moscow station as an example, this method has been tested using the ionospheric observation data
from August 2011 to October 2016. Only by inputting sunspot number, month, and universal time into
the proposed model can the predicted value of hmF2 be obtained for the corresponding time. Finally,
we compare the predicted results of the proposed model with those of the International Reference
Ionospheric (IRI) model to verify its stability and reliability. The result shows that, compared with
the IRI model, the predicted average statistical RMSE decreased by 5.20 km, and RRMSE decreased
by 1.78%. This method is expected to provide ionospheric parameter prediction accuracy on a
global scale.

Keywords: ionosphere; peak height of F2 layer; hmF2; machine learning; prediction

1. Introduction

The ionosphere is the atmosphere between 60 km and 1000 km above the Earth’s
surface. Due to its electrical and ionized structure, and its complex temporal and spatial
variability, it is of significant importance for its high frequency (HF) [1]. It influences sky
waves, challenging radio propagation and wireless communication [2]. hmF2 is an impor-
tant parameter of the F2 layer in the ionosphere, which serves as the basis for predicting
the usable frequency [3] by reflecting the ionosphere [4]. Namely, usable frequency and
propagation loss [5] are a function of hmF2, which indicates the height characteristics and
changes of the ionospheric F2 layer [6]. Therefore, a reliable modeling method of hmF2
will help in propagation prediction, frequency selection, and spectrum management for
HF communication systems [7]. Moreover, estimating and predicting the characteristics of
hmF2 is vital for identifying adverse space weather [8] and hmF2 is a major aeronautical
parameter involved in aeronautical [9] and ionospheric electrodynamic [10] studies. In
general, the hmF2 can be observed at the sounding station using ionospheric sounders [11].
Without sounding stations, hmF2 can be predicted based on the ionospheric models that
provide helpful empirical values for educators, engineers, and scientists.

As an internationally recognized standard, the International Reference Ionosphere
(IRI) provides ionospheric parameters [12] and is often used as a benchmark to evaluate the
performance of new ionospheric prediction models. Similar to critical frequency and the
propagation factor, the modeling methods and models for predicting hmF2 are continuously
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developing. In order to improve the prediction performance of the ionospheric model,
many new methods have constantly been introduced by experts at home and abroad.

For example, based on the empirical orthogonal function, Zhang et al. [13,14] and
Yu et al. [15] constructed a global and Chinese ionospheric hmF2 prediction model, re-
spectively, and the results were superior to the IRI model. Themens [16] proposed an
ionospheric empirical model of the Canadian high Arctic. Compared with the IRI model,
the prediction error of hmF2 of this model was reduced by 3~9 km. Sai et al. established
a two-dimensional ionospheric model based on the artificial neural network (ANN) [17]
and improved it [18], which can more accurately predict the detailed changes of hmF2
compared with the IRI model. Li et al. [19] established a global ionospheric model based on
the improved ANN technology based on the genetic algorithm, which has better temporal
and spatial characteristics of the global or regional ionosphere.

To further improve the hmF2 prediction accuracy, we propose an explicable long-term
method of hmF2 based on the statistical machine learning (SML) method and the correlation
between hmF2 and the solar activity index. The structure is arranged as follows: firstly, the
paper elaborates on the SML method, briefly introduces the data required for modeling,
and establishes a long-term prediction model for hmF2 based on this data; next, the model
prediction results are analyzed, followed by a discussion of the model and a conclusion of
the entire paper.

2. Materials and Methods
2.1. Method

Machine learning is an interdisciplinary field that uses probabilistic models to analyze
and predict data based on provided data [20]. The idea behind machine learning’s data
processing is simple to understand, and the process is straightforward. Unlike the black-box
algorithm, the model parameters determined using SML methods have explainable and
transparent meanings [21]. For example, SML algorithms can be used to solve specific
functional analytic expressions, which deep learning algorithms such as artificial neural
networks cannot do [22]. Therefore, statistical machine learning is widely used to model
ionospheric parameters. Using SML to reconstruct the ionospheric parameter hmF2 model,
it is indispensable to determine the algorithm, strategy, and model with hmF2 data as the
core and solve four problems in the process of machine learning:

(1) What data are needed? In machine learning, data are central. The paper is carried
out using the data of the median value (the median of each month measured by the hour)
calculated from the ionospheric hmF2 observation data of the Moscow station;

(2) How is the model chosen? The selection model finds the mapping relationship
between input and output variables. The model should be based on analyzing input and
output variables’ characteristics. Ionospheric parameters are affected by solar activities,
and there are seasonal, semi-annual, annual, and more subtle changes [23]. Therefore,
to establish the hmF2 long-term prediction model, it is necessary to find the mapping
relationship between hmF2 and solar activity index and time;

(3) How is the model determined? The model needs to be determined based on
the relationship between the independent and target-dependent variables. Here, the
relationship between hmF2 and solar activity index and time is determined by regression
analysis under the least square;

(4) How is the model evaluated? The discrepancy between the sample’s real output
and the learner’s actual predicted output is called an “error”. “Training error” or “empirical
error” is the learner’s error on the training set. “Generalization error” refers to the learner’s
error on the new sample. Generally, it is desirable to obtain a model with low generalization
error. Therefore, the hmF2 data are divided into three parts: training data, verification
data, and test data, using training data to train the model and validation data to select and
adjust the model. Test data are used to represent the generalization ability of the model [24].
Because of the ionosphere’s prominent time-varying characteristics, this paper uses the
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relative root mean square error (RRMSE) as the general evaluation standard to evaluate
the model.

In brief, this paper uses the RRMSE analysis strategy as the model selection and
evaluation criteria to establish the long-term prediction model of hmF2 according to the
correlation between the Moscow station’s hmF2 median value data and solar activity
and time. Finally, the validity and reliability of the prediction model are verified by the
observation data and IRI model. According to the learning process of SML, the following is
the process of data acquisition, model training, validation, and testing.

Figure 1 shows the hmF2 modeling process according to SML:

 
Figure 1. Modeling flowchart based on SML.

(1) The hmF2 are closely related to solar activity, and there are seasonal, semi-annual,
and annual variations. According to the above characteristics, this paper determines the
training model set.

(2) The solar activity index, including the solar radio wave flux with a wavelength of
10.7 cm, the number of sunspots, and the strongest single line in the ultraviolet band are
selected. The highest power index of solar activity parameters and the highest harmonic
number in the trigonometric function is also selected.
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(3) Data from August 2011 to December 2015 are used to train, and data from February,
March, May, June, August, and September 2016 are used to validate.

(4) The relative root mean square error calculated and recording between the verified
and actual data are calculated.

(5) Whether all the highest harmonic numbers in the trigonometric function are tra-
versed is checked. If the traversal is completed, step b is entered; otherwise, the remaining
highest harmonic number for model training is selected; Whether all the highest power
index of solar activity parameters are traversed is checked. If the traversal is completed,
step c is entered; otherwise, the remaining highest power index for model training is
selected. Whether the index of solar activity has been traversed is judged. If so, the next
step is entered; otherwise, the remaining solar activity indices for training are selected.

(6) The prediction model according to RRMSE is determined.
(7) A modeling test is undertaken. According to the division of seasons, the data

of January, April, July, and October 2016 are respectively used for testing and compared
with the IRI-2016 model. If the model performance is worse than the IRI model, the data
characteristics need to be re-analyzed to determine the model set; if the model performance
is better than the IRI model, it can be used for engineering prediction.

2.2. Data

Following the modeling technique route and flow identified in the previous section,
this section specifies the data required for hmF2 parameter modeling.

2.2.1. Ionospheric hmF2

hmF2 data from the Moscow station (55.9◦N, 37.7◦E) are selected to train and learn
the proposed model and parameters, which can be obtained from http://www.wdcb.ru
(accessed on 1 January 2023) and were measured by an instrument known as the ionosonde.
The collected data were averaged by month and hour to obtain the corresponding median
value, which is the target variable modeled in this paper and referred to as hmF2 monthly
median value data. Figure 2 shows the hmF2 monthly value data of the collected station,
which was completed from August 2011 to October 2016 and used in this study to train
and validate the proposed model.
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Figure 2. hmF2 monthly median data from the Moscow station.

2.2.2. Solar Activity Index

People usually use the solar activity index to represent the intensity of solar activity.
The most commonly used solar activity index includes: (1) F10.7 [25], the solar radio wave
flux with a wavelength of 10.7 cm affected by the upper atmosphere and chromospheric
corona [26], denoted simply as F; (2) R [27], the number of sunspots affected by the lower
chromosphere and the photosphere; (3) Lyman-α [28], the strongest single line in the
ultraviolet band, abbreviated as A. The three solar activity indices are available from the
corresponding forecast websites.

(1) The outer chromosphere and part of the inner corona of the sun’s atmosphere emit
F10.7. Flux (sfu) is the unit of F10.7, 1 sfu =10−22 Wm−2Hz−1 [29]. As a common index
of solar activity, F10.7 is closely related to the intensity of solar activity [30]. It is mainly

http://www.wdcb.ru
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determined by sunspot number groups on the solar surface and can describe the intensity
of solar activity [31]. It is widely used in ionospheric parameter prediction models. For
example, F10.7 is used as the input parameter of the model to fit the ionospheric parameter
hmF2 [13,14]. The twelve-monthly smoothed value of F10.7 is used here, denoted as F12.

(2) The sunspot number is a swirling airflow caused by the solid solar magnetic field
activity located in the solar sphere [32]. The sunspot number is often used to measure
the level of solar activity. Changes in the ionosphere are subject to solar activity, and so
the sunspot number is used to describe changes in ionospheric parameters and to study
prediction models of ionospheric parameters [31]. Li et al. introduced sunspot numbers
into the model when predicting ionospheric hmF2 [19]. The twelve-monthly smoothed
value of R is used here, denoted as R12.

(3) The Lyman-α line is the hydrogen line in the Lyman series and represents the
most vital single line in the outer band. Electron transitions produce it within hydrogen
atoms when atomic electrons transition from the first excited state to the ground state.
Lyman-α is released by hydrogen produced in large quantities in the universe [33] and also
participate in the modeling of ionospheric parameters as an input parameter [34]. Here, the
twelve-monthly smoothed value of Lyman-α is used, denoted as A12.

The twelve-monthly smoothed value is calculated by the following formula:

S12 =
1

12

[
∑n+5

i=n−5 Si +
1
2
(Sn−6 + Sn+6)

]
(1)

where S represents the index of solar activity, S represents the solar activity index’s monthly
mean value, and n represents the month.

Figure 3 shows the changes in F12, R12, and A12 over time. The three solar activity
indices tend to be the same year by year, but the details are still different.
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Figure 3. Trend of solar activity index over time.

3. Results
3.1. Model Determination

There is a correlation between ionospheric parameters and the solar activity index,
and there are annual, semi-annual, seasonal, and more subtle variations [23] Therefore,
for the given local time and geographical coordinates, the Formula (2) shows the general
formula for defining the harmonic mapping between the solar cycle variation parameters,
year, season, and month, and hmF2:

hmF2(p, m) = ∑K
k=0 ∑J

j=0

[
γk,j pj · cos(2πkm/12) + βk,j pj · sin(2πkm/12)

]
(2)

where p represents F12, R12, A12 and m represents the integer of the month. The harmonic
number k describes the variation characteristics of annual, semi-annual, seasonal, and
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monthly cycles. k = 1, 2, 3, and 4, respectively, represent one year, half a year, a quarter,
and one month. Considering that the increase in the K value does not bring a significant
increase in calculation accuracy [35], K = 1 and 2 are chosen here. The value of j is directly
related to the solar activity index. J = 1 and 2 are selected here. Given the solar activity
index and the values of K and J, the hyperparameters in the model can be statistically
obtained by regression analysis under the least square method. The final determination of
the model requires the consideration of RRMSE. The specific solving process is as follows:

(
CCT

)


γ0,0
γ0,1

...
βK,J−1

βK,J

 = C


hmF21
hmF22

...
hmF2O−1

hmF2O

 (3)

where O is the number of hmF2 obtained statistically, and

C =



1 1 · · · 1
(p)1 (p)2 · · · (p)O

...
...

. . .
...

(p)J−1
1 sin

(
2πKm

12

)
(p)J−1

2 sin
(

2πKm
12

)
. . . (p)J−1

O sin
(

2πKm
12

)
(p)J

1 sin
(

2πKm
12

)
(p)J

2 sin
(

2πKm
12

)
· · · (p)J

O sin
(

2πKm
12

)


(4)

In the given model set, the data from August 2011 to December 2015 are used for
training to obtain the hyperparameters in the model. Then, the data from February, March,
May, June, August, and September 2016 are used to verify the trained model. The RRMSE
between the verified and observations is calculated, and RRMSE is taken as the evaluation
strategy of the model. Formula (5) is the calculation formula of RRMSE:

RRMSE =

√√√√ 1
N

N

∑
i=1

(
hmF2′i − hmF2i

hmF2i
)

2

(5)

where hmF2′i is the calculated value of the model, hmF2i is the measured statistical value,
and N is the total data count.

We calculated the RRMSE value obtained by verification calculation of all training
models in the model set. The result shows that: (1) the increase of orders J and K does not
improve the model’s predictive performance, but improve the calculation of the algorithm;
(2) RRMSE is minimum when R is selected as the index of solar activity to participate
in the modeling. The minimum RMSE of using F, R, and A is 4.52%, 4.27%, and 4.67%
with J = 1 and K = 1. This is different from the model of ionospheric foF2 [1] and other
parameters [35].

3.2. Results Analysis

Based on the training results, the values of p, J, and K were selected as R, 1, and 1,
respectively, and then plugged into Equation (2). This led to the derivation of the prediction
model for hmF2 at the Moscow station, which is represented by Equation (6):

ĥmF2(R, m) =
1
∑

k=0

1
∑

j=0

[
γk,j R

j · cos
(

2πkm
12

)
+ βk,j R

j · sin
(

2πkm
12

)]
=
(
γ0,0 + γ0,1 R

)
+
(
γ1,0 + γ1,1 R

)
· cos

( 2πm
12
)
+
(

β1,0 + β1,1 R
)
· sin

( 2πm
12
)

= γ0,0 + γ1,0 · cos
( 2πm

12
)
+ β1,0 · sin

( 2πm
12
)
+
(
γ0,1 + γ1,1 · cos

( 2πm
12
)
+ β1,1 · sin

( 2πm
12
))
· R

, (6)
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The exact value of the hyperparameter in the model can be obtained by substituting
the training data into Equation (6) and using the least square method to fit it. The result
is shown in Figure 4, where the rows represent the world from UT = 0 to UT = 23, the
columns represent the names of the hyperparameters, and the colors represent the values
of the hyperparameters.
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As can be seen from Figure 4, the change of the hyperparameter changes obviously
with time, and the γ0,0 is the maximum. With the increase in the order, the value contribu-
tion of the hyperparameter decreases.

Based on the above conditions, it is only necessary to provide the sunspot number,
month, and universal time corresponding to the time in the model to obtain the predicted
value of hmF2. In Figure 5, we present the RRMSE between the observations and the
predicted values obtained by using the verification dataset, where OBS is the observed
value and VAL is the model validation value.
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As shown in Figure 5, the model’s predicted ability varies for different months. The
RRMSE is less than 3% for February and May, while the predicted ability is relatively poor
for July and August, with RRMSE greater than 5%. Furthermore, the predicted values are
generally higher than the observations.

4. Discussions

To test the generalization ability of the model, we compared the proposed model
(denoted as PRO) with the IRI model [36]. The test data used are hmF2 of January (winter),
April (spring), July (summer), and October (autumn) of 2016.

Figure 6 compares the observations, predicted values of the IRI model and PRO model.
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(b) April, Spring; (c) July, Summer; (d) October, Autumn.

Overall, the hmF2 exhibit a trend of being low during the day and high at night. In
January and October, the hmF2 values are relatively stable, while, in April and July, they
fluctuate to some extent at UT = 7 and UT = 15, respectively. The predicted values of the IRI
and PRO models for January and October are relatively close to the observations, but the
IRI model tends to overestimate the hmF2 values. However, the IRI and PRO models show
significant prediction errors compared with the observations in April and July. Specifically,
the predicted values of the IRI model are lower than the observations around UT = 6, while
the PRO model’s predictions are higher than the observations.

To further evaluate the model’s predicted ability and accuracy, RRMSE (Equation (7))
and RRMSE (Equation (4)) is calculated to intuitively analyze the difference between hmF2
predicted by the IRI model and the PRO model and the observed value.

Formula (7) is the calculation formula of RMSE:

RMSE =

√√√√ 1
N

N

∑
i=1

(hmF2′i − hmF2i)
2 (7)

where hmF2′i is the calculated value of the model, hmF2i is the measured statistical value,
and N is the total data count.

Figure 7 shows the RMSE and RRMSE results of the IRI and PRO models. To conduct
a more refined analysis of the results, we also calculated the error of the prediction results
in different months. The results are shown as follows:
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(1) For all the predictions, the RMSE of the IRI model is 17.02 km, and that of the PRO
model is 11.82 km. Compared with the IRI model, the RMSE of the PRO model is 5.20 km
smaller, proving that the PRO model’s stability is better than that of the IRI model.

(2) Specific to each month, the RMSE of the PRO model is smaller than that of the IRI
model. In January and October, the RMSE of the PRO model was much smaller than that
of the IRI model. In April, the RMSE of the PRO model was only slightly lower than that
of the IRI model. Compared with other months, the RMSE of both models was relatively
large in July.

(3) The total RRMSE of the IRI model is 6.01%, and that of the PRO model is 4.23%.
Compared with the IRI model, the RRMSE of the PRO model is 1.78% smaller, proving that
the PRO model’s prediction accuracy is better than that of the IRI model.

(4) In each month, except April, the RRMSE of the PRO model is smaller than that
of the IRI model in other months. In January and October, the RRMSE of the PRO model
decreased most significantly compared with the IRI model. Compared with other months,
the RRMSE of both models was relatively large in July.

Generally speaking, the PRO model is superior to the IRI model in both stability
and accuracy of hmF2 prediction at the Moscow station. In other words, the PRO model
improves the predicted accuracy at the Moscow station. The following are our reflections
on the results and prospects for the future:

(1) During January and October, the hmF2 of observation showed relatively stable
changes, and the PRO model demonstrated a noticeably better predicted ability for the
hmF2 data than the IRI model. However, in April and July, the hmF2 exhibited significant
fluctuations, causing a decrease in the predicted ability of both models. This suggests that
there is room for improvement room in both models to learn the finer details;

(2) The PRO model utilized J = 1 and K = 1 as its model parameters, which differs
from other research findings. This phenomenon could be attributed to the size of the
collected data, which warrants further exploration. This choice could also result in a
weaker generalization ability of the model towards hmF2 details, which also requires
further investigation;
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(3) Due to data collection limitations, the model could only verify hmF2 data collected
from the Moscow station. Future efforts will aim to verify hmF2 data from stations in
different latitude regions;

(4) In the future, his model can also be compared with other models such as ANN
and LSTM.

5. Conclusions

Based on the SML method, this paper proposed an interpretable long-term prediction
model for the ionospheric hmF2 median value of the Moscow station. The model only
needs to input the sunspot number, month, and universal time to predict the monthly
median value data of hmF2 in the corresponding month. In general, compared with the
IRI model, the RMSE of the PRO model decreased by 5.20 km and the RRMSE of the
PRO model decreased by 1.78%, indicating that the PRO model has certain advantages in
predicting hmF2 parameters at this station. Specifically, when predicting hmF2 in January,
July, and October, the PRO model has a higher precision prediction. When predicting hmF2
in April, the PRO model has a better predicted degree but lower prediction accuracy than
the IRI model. In the future, the applicability of this model needs to be further discussed on
other stations in different latitude ranges or other ionospheric parameters. In addition, this
model can be compared with other methods such as ANN and LSTM models in the future.
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