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Abstract: In order to achieve high accuracy of ionospheric total electron content (TEC)
short-term prediction for Europe, a hybrid novel deep learning model was established
applying the dung beetle optimizer (DBO) algorithm to optimize the bidirectional long
short-term memory (BiLSTM) neural network, named DBO-BiLSTM. For evaluating the
TEC prediction accuracy of DBO-BiLSTM model, the TEC predicted by this model was
compared with TEC computed using GPS observation released by the European Permanent
Global Navigation Satellite System network (EPGNSS), and with those predicted by the
sparrow search algorithm-based BiILSTM (SSA-BiLSTM), BiLSTM, and long short-term
memory (LSTM) neural network models. The test results indicate that the predicted TEC
by DBO-BiLSTM has the closest agreement with those solved by GPS data compared with
those predicted by the other three models, and the prediction accuracy achieved by DBO-
BiLSTM model is the highest with the root mean square error (RMSE) values of 1-h and
2-h predictions reaching 0.57 TECU and 0.92 TECU, respectively. What’s more, the
optimized hybrid DBO-BiLSTM model can effectively capture the ionospheric
characteristics with the spatial-temperal changes, under quiet and moderate disturbed
geomagnetic conditions, and during moderate solar activity period. This research provides
a valuable hybrid DBO-BiILSTM model for high accuracy short-term prediction of
ionospheric TEC for Europe, and gives an important reference for the further
comprehensive TEC prediction under more sever disturbed geomagnetic conditions and
more violent solar activity periods.

Keywords: Dung beetle optimization algorithm, neural networks, TEC short term
prediction, total electron content
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The ionosphere is a part of the Earth’s atmosphere that is ionised by solar ultraviolet
rays and X-rays approximately within the range of 60-2000 km in latitude (Yuan et al.,
2017; Tang et al., 2022). The large number of free electrons generated by ionisation not
only can block the direct radiation of high-energy particles in the universe to the Earth, but
also can reflect, refract, and absorb electromagnetic wave signals, and thus affect satellite
navigation and communication, remote sensing monitoring and other applications (Yao
and Gao, 2022; Tang et al., 2024). The degree of impact has direct relation with the total
electron content (TEC) in the ionosphere. Therefore, the high-precision prediction of
ionospheric TEC is of great significance for the propagation of space electromagnetic wave
signals, satellite navigation and communication, and space weather research (Tang et al.,
2023a).

The previous prediction models for ionospheric TEC were mainly based on empirical
and time series models. Classic empirical models includs the Bent (1972), Klobuchar
(1987), and NeQuick models (Giovanni, 1990). In terms of ionospheric prediction,
empirical models are characterised by high calculation speeds, but some of them have low
prediction accuracy and cannot accurately capture the time-varying characteristics of the
ionosphere in local regions (Feng, 2019). Time series models are characterised by the small
amounts of input required data and simple structures. Xie et al. (2017) carried out 6-day
TEC prediction using Holt-Winters model, and the predicted results were in good
agreement with the actual observation. Li et al. (2013) performed the 5-day TEC prediction
using the auto-regressive moving average (ARMA) model, and achieved relative
accuracies above 90%. Sivavaraprasad and Ratnam (2017) established an ionospheric
delay prediction model for India using the ARMA model, and found that this approach
could effectively predict the ionospheric delay with a high relative accuracy of 94%.
However, with the extension of the forecast time, the prediction accuracy of these time
series models decrease seriously, and none of the above models can take the influence of
varieties of geomagnetic condition and solar activity into consideration.

In recent years, as the development of deep learning algorithms, neural network models
have shown an excellent ability to fit nonlinear data, and increasing numbers of studies
applied these models to predict ionospheric TEC. Silva et al. (2023) established a TEC
prediction model for Brazil based on deep learning feedforward artificial neural networks
(ANN). Li et al. (2021a) developed a three-dimensional ionospheric tomography model
based on ANN with multi-source data. The recurrent neural network (RNN) can learn the
nonlinear features of the time series data (Lin et al., 2022), therefore, Yuan et al. (2018)
built an ionospheric TEC prediction model for single station based on RNN. However,
RNN units suffers the gradient dispersion when processing long sequences of data
(Hochreiter, 1998). Long short-term memory (LSTM) model can solve the problem of
gradient explosion of RNN (Bengio et al., 1994). Xiong et al. (2022) constructed single-
station and regional ionospheric TEC prediction models based on the LSTM model, and
found that the LSTM model had better performance than other model did. However, LSTM
cannot exactly capture the dependencies between the former and later data in the time series.
In contrast, BILSTM can solve the problem by simultaneously inputting sequences in both
the forward and backward directions. Shi et al. (2022) achieved short-term prediction of
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regional TEC in China using four models, International Reference lonosphere (IRI-2016),
artificial neural network (ANN), LSTM, and BiLSTM, and found that BiLSTM owned the
best prediction performance.

When dealing with large amounts of data, neural networks faces the challenges such as
low search speeds and easy falling into local optimization. While, by integrating neural
network with the optimisation algorithms of strong stability and fast convergence, the
weights and thresholds of the neurons can be effectively adjusted to achieve the optimal
solution and solve the potential local optimisation problems. Particle swarm optimisation
(PSO) and the sparrow search algorithm (SSA) have been used to optimise an Elman neural
network for ionospheric TEC prediction (Tang, 2022; Tang, 2024). The genetic algorithm
(GA) has been used to optimise a back propagation (BP) algorithm to establish a TEC
prediction model (Jiang et al., 2023), and the dingo optimisation algorithm (DOA) has been
applied to optimise BP neural network to achieve higher TEC prediction accuracy (Ni et
al., 2024). Xue and Shen (2022) proposed a new optimisation algorithm called the dung
beetle optimiser (DBO). Duan et al. (2023) applied the DBO algorithm to optimise a
combined model involving convolutional neural networks (CNNs) and LSTM for air
quality prediction, and found that the prediction results were better than those predicted by
the original combined CNN-LSTM model. Li et al. (2024) used the whale optimization
algorithm (WOA) to optimise the combined model of convolutional neural networks
(CNNs) and LSTM for TEC prediction, and the prediction results owned higher accuracy
compared to those predicted by CNN- Gated Recurrent Unit (GRU), BiLSTM, and RNN.

Based on the above analysis, this study propose to construct a novel hybrid DBO-
BiLSTM model to perform high accuracy short-term TEC prediction for Europe, applying
the great optimizing ability of DBO to break through the limitations of low search speed
and easy falling into local optimization of the traditional neural networks. The performance
of DBO-BILSTM was comprehensively investigated using TEC computed by GPS data,
predicted results by SSA-BiLSTM, BiLSTM, and LSTM models in different latitude bands,
at different time points, under different geomagnetic conditions and in moderate solar
activity period. The contents of this study are arranged as follows. Section 2 focuses on the
theory and methodology of TEC calculation and construction of prediction model. Section
3 introduces the multi-source data used for TEC prediction. Section 4 analyses and
compares the performances of the established TEC prediction models. Section 5
summarizes and analyses the contributions of this research.

2. Theory and Methodology
2.1 Calculation of TEC

The ionospheric TEC is computed using the GPS dual-frequency carrier phase data
smoothed by pseudo-range, and can be expressed as (Mannucci et al., 1998):
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(1)
where the slant TEC (STEC) is the TEC along the slant path, f, and f, is the
frequencies 1 and 2 of the carrier phase, respectively, /N is the number of epochs, Pl and
B are the pseudo-range observations for frequencies 1 and 2, respectively, l1 and L2

are the carrier phase observations of frequencies 1 and 2, respectively, d]IDCB and dDCB j

are the differential code bias of the satellite and receiver, respectively, and C is the speed
of light.

The vertical TEC (VTEC) is applied to avoid the impact of the susceptibility of STEC
to the signal propagation path and satellite orbit inclination. VTEC can be obtained by
STEC (Schaer, 1999) as shown in Equation (2):

VTEC = ﬂ (2)
MF(z)
1 1
MF(2)= cosz’' B 2 ®)

1- Lsin(ozz)
R+H,,

where z is the zenith distance of the receiver, z'is the zenith distance of the ionospheric
pierce point (IPP), R is the radius of the Earth (6371 km), Hapt is the height of the

ionosphere thin layer, and « is the zenith distance coefficient. In this study, we set
Hopt =450 km and « = 0.9782.

Based on formula (2), the VTEC of all grid nodes can be obtained using the spherical
harmonic function with 6 orders and 4 degrees.

2.2 Construction of the TEC Prediction Model

Neural network algorithms are widely applied in various fields, such as classification,
image recognition, speech recognition, linear/nonlinear data fitting, and time series data
prediction (Li et al., 2021b). In this research, a multiple regression model is established
using a single-layer neural network to predict ionospheric TEC. LSTM is a widely used
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gated RNN. It can transfer relevant information to long sequences for prediction, and can
solve the problems of short-term memory and gradient disappearance of the traditional
RNN (Bengio et al.,, 1994). BiLSTM is an extension model of LSTM, in which an
additional reverse loop layer is introduced to enable the LSTM to effectively abstract and
capture the forward and backward association characteristics of the TEC time series, thus
making the model more robust (Tang et al., 2023). This study sets the BILSTM neurons to
200, the maximum training period to 50, the initial learning rate to 0.01, and the number
of regularization to 0.001. The structure of the BILSTM model constructed in this study is
shown in Figure 1.

(oAA) e (i) GRS (O

h b
c L h

r+12 7+l

Figure 1. The BILSTM model structure

In Figure 1, X is the independent variable in the #-th epoch, and / and ¢ represent the

temporary results and storage units, respectively. In this study, the root mean square error
(RMSE) is used as a loss function for the LSTM model and the Adam optimiser is applied
to the BILSTM model.



DBO is a new population intelligence algorithm that is characterised by its great
optimisation ability and high convergence speed (Xue and Shen, 2022). The DBO
algorithm used in this study is based on four main processes: rolling, breeding, foraging,
and stealing, as described below.

(1)Rolling: We assume that the light intensity affects the position of the dung beetle and
there are no obstacles. The formula used to update the positions of the dung beetles is
as follows:

x,(t+ D) =x,(t) +axkxx,(t-1)+bx Ax

y ©)
Ax =|x,(t)-X"]

where t is the current iteration number, Xi(t)is the position information of the i-th dung

beetle at the r-th iteration, & is a natural coefficient with a value of —1 or 1,
k € (0,0.2] is the constant of the deflection coefficient, b is a constant with a value of

(0,1), X"is the global worst position, and Ax is used to simulate changes of light
intensity.

(2) Breeding: the DBO algorithm adopts an edge selection strategy to simulate the
spawning area of dung beetles, which is defined as:

Lb" =max(X'x(1—-R),Lb)

e gl &)
Ub =min(X x (1+ R),Ub)

where X' is the current local optimal position, L»* and Ub"are the lower and upper

t

limits of the spawning area, respectively, R=1———_T  is the maximum number
max

ofiterations,and Lb and Ub are the lower and upper limits of the optimisation problem,

respectively.

(3) Foraging: When dung beetles forage, the boundary of the optimal foraging area is
determined based on the changes of their positions during the foraging process, and is
defined as:

Lb" =max(X" x(1-R),Lb)

(6)
Ub” = min(X"’ x (1+ R),Ub)
where X ’is the global optimal position, and Lb” and Ub’are the upper and lower

bounds in the optimal foraging area, respectively. The updated position of the dung beetle
6



x(tH D =x, () + G x (o (O-LE") + C, x (x (0-UB")  (7)

where xl.(t) is the position of the i-th dung beetle in the #-th iteration, C, is a random

number following the normal distribution, and C, is a random vector in the range (0,1).
(4) Stealing: When a dung beetle steals, the location of the thief beetle is updated as follows:

5D =X +5xgx( 50X [+]x0-X") "

where X(t) is the position of the i-th thief beetle in the #-th iteration, X ?is the global

optimal position, g is a random vector of size IxD following the normal distribution,
and S is a constant.

In order to fully take the advantage of fast convergence of the DBO algorithm, the DBO-
BiLSTM neural network model is established by combining BiLSTM model. The
maximum number of iterations of DBO algorithm is set to 20 and the number of dung
beetle population is set to 30. The optimal parameters can be obtained in a short time by
this parameter setting. The range of BILSTM neuron number is from 50 to 300, that of the
initial learning rate is from 0.001 to 0.01, and that of the maximum training period is from
50 to 80.

The detailed steps of TEC prediction using the DBO-BILSTM model are as follows:

Step 1: TEC data is combined with KP, AP, Dst, F10.7 index of one-hour interval
resolution to form the data set, and 80% of the data set is used for model training and 20%
for testing.

Step 2: The initial hyperparameters including learning rate, number of neurons and
training period are set for BILSTM model.

Step 3: The hyperparameter matrix is composed and input into the DBO algorithm, and
then the position and fitness of dung beetles is initialized and calculated.

Step 4: According to the total population number of dung beetles, the population number
is allocated, and according to different population location update strategies, the location
is updated.

Step 5: After the location update of all dung beetle populations, the optimal
hyperparameter combination is calculated and sorted according to the optimal degree from
top to bottom, and the hyperparameters exceeding the set range will be deleted.



Step 6: Repeat step 5 until the maximum number of iterations is reached, the optimal
combination of hyperparameters is obtained, and BiLSTM training is finished.

Step 7: BILSTM model is established with the optimal hyperparameters from step 6 and
TEC prediction results achieved.

The TEC prediction process of the DBO-BiLSTM model is shown in Figure 2.

Prediction model

| DBO algorithm

Regional IONEX

A

Training set
TEC data

Initialise
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'

Calculate fitness
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Y
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'

'
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TEC data
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value

Rolling Breeding Foraging Stealing
dung beetle dung beetle dung beetle dung beetle
! I I I
! Optimal
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: Update meters
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Figure 2. Ionospheric TEC prediction process of the DBO-BiLSTM model

3. Data Source



The European Permanent Global Navigation Satellite System Network is a voluntary
consortium of over 100 self-funded institutions, universities, and research institutions from
over 30 European countries. In 2022, this network consisted of 360 continuous tracking
GNSS stations, as shown in Figure 3, and provided large amounts of high-precision, high-
stability, and real-time GNSS observation data. These observations are widely used for
monitoring surface deformation, sea level changes and space weather research. In this
study, GPS data of 360 GNSS stations from 1 February 2022 to 31 August 2022 were used
for the TEC calculations.

The Ap, Kp, and Dst indices are important indicators for measuring the degree of
geomagnetic activity, and the solar radio flux index F10.7 is an important indicator for
characterising the degree of solar activity. These four indices together reflect the extent of
the space weather disturbances which can induces TEC changes effectively. Therefore, in
this study, these four indices are used as variables in deep learning models to establish the
relationship between ionospheric TEC and space weather environment changes.

German Researth Center For Geosciences (GFZ) provides Kp and Ap with time
resolution of 3 h, F10.7 and Dst with time resolution of 1 d and 1 h, respectively. The time
resolution of TEC computed by GPS data used in this study is 1h. In order to unite the time
resolution to 1 h, the values of Ap for each hour during 3 hours are set to the same value
with that provided by GFZ, and the value of F10.7 of each hour is set to the same value of
that day. Similarly, the values of Kp for each hour are achieved by the same way of Ap. In
the DBO-BiLSTM model, 24-h values of the Ap, Kp, Dst, F10.7 and TEC at the same point
are used as independent variables for the 1-h or 2-h TEC prediction.

In this research, the TEC dataset of 187 ionospheric grid points in Europe is calculated
from February 1 to August 31, 2022. The training dataset covers the period from February
1 to July 20, 2022, and the test dataset from July 21 to August 31, 2022. Setting Kp>3 as
the geomagnetic disturbance, the data under the quiet geomagnetic condition accounts for
93% and the one under the disturbed condition accounts for 7%.
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Figure 3. Distribution of GNSS stations of the European Permanent Global Navigation
Satellite System Network

4. Analysis of Experimental Results

The TEC prediction accuracy of the DBO-BiLSTM model was compared with those
predicted by the SSA-BiLSTM, BiLSTM, and LSTM models. The root mean square error
(RMSE), fitting coefficient ( R* ), Pearson correlation coefficient (Corr) and mean absolute
error (MAE) defined as follows were used to evaluate the accuracy of the TEC prediction
results.

N
Z (Xsi B pr )2
RMSE == T; )

N
Z (pr o XS[ )2
R*=1--2 (10)




Corr = = = (11)

MAE=F (12)

where X is the TEC value calculated by GPS data, Xp; is the predicted ionospheric
TEC, and )_(S_ and Xp, are the mean values of TEC computed by GPS data and the

mean predicted values, respectively.

4.1 Analysis of the Overall Prediction Accuracy of the Model
(1) Correlation Analysis of Prediction Results

The correlation between the calculated TEC test dataset by GPS data and those predicted
for 1-h and 2-h by the DBO-BiLSTM, SSA BiLSTM, BiLSTM, and LSTM models are
shown in Figure 4. In each subgraph, the black line is a linear function obtained by fitting

the TEC, and three statistical indicators are RMSE, R?, and Corr.
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Figure 4. The correlations between the TEC estimated using GPS data and the predicted
ones for 1-h and 2-h by DBO-BiLSTM, SSA BiLSTM, BiLSTM, and LSTM models

From the values of RMSE, R’ and Corr in Figure 4, it can be noticed that the predicted
TEC in the 1-h and 2-h by the four models achieves close correlation with the estimated
one using GPS data. The DBO-BiLSTM model owns the highest consistency with the TEC
estimated using GPS data, no matter for 1-h or 2-h, followed by SSA-BiLSTM, BiLSTM,
and LSTM. From the scatter distributions and the statistical correlation indicators in Figure
4, it can be seen that the accuracy of the predicted results for 1 h are better than those for 2
h. Taking RMSE as an example, the RMSE values for the 1-h predicted results of the DBO-
BiLSTM, SSA-BiLSTM, BiLSTM and LSTM models are reduced by 38%, 30%, 26% and
23% compared to those of the 2-h predicted results, respectively.

(2) Analysis of TEC Prediction Accuracy in Different Latitude Bands

TEC has a close relationship with latitude, therefore, in this study, the European is
divided into four latitude bands of 30°N—40°N, 40°N-50°N, 50°N-60°N and 60°N-70°N.
Tables 1 listed the statistics of the accuracy indices between the TEC of the test datasets
estimated from GPS data and the ones predicted by the four models (DBO-BiLSTM, SSA-
BiLSTM, BiLSTM and LSTM) in these four latitude bands for 1-h.

Table 1. Accuracy indices statistics between the TEC values estimated using GPS data
and the ones predicted by four models in different latitude bands for a 1-h period

Lf;g;ge Evaluation index ~ DBO-BiLSTM  SSA-BiLSTM BiLSTM  LSTM
RMSE/I\[AJSAE(TEC 0.93/0.50 1.47/1.09 7o/1as 1861155
30°N-40°N
R%/Corr 0.98/0.99 0.96/0.98 0.94/0.97 0.93/0.97
RMSE/I\SI)AE(TEC 0.54/036 0.99/0.73 R B LR E:
40°N-50°N

R?/Corr 0.98/0.99 0.96/0.98 0.94/0.97  0.92/0.96
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RMSE/MAE(TEC 0.77/0.55 1.13/0.98

U) 0.41/0.29 0.96/0.78
50°N-60°N
R?%/Corr 0.99/0.99 0.97/0.98 0.95/0.98  0.93/0.97
RMSE/I\[AJSAE(TEC 0.36/0.27 0.66/0.47 0.85/0.68 1.01/0.88
60°N-70°N
R?/Corr 0.99/0.99 0.96/0.98 0.94/0.97  0.91/0.96

Tables 1 show that the overall prediction accuracy of the DBO-BILSTM model is higher
than those of the other three models. For the 1-h prediction results of the 30°N—40°N
band, the RMSE values for the DBO-BiLSTM, SSA-BiLSTM, BiLSTM, and LSTM
models are 0.93, 1.47, 1.70, and 1.86 TECU, respectively. The corresponding correlation
coefficients were 0.99, 0.98, 0.97, and 0.97, respectively. The RMSE values for the 1-h
predictions of the DBO-BILSTM model were reduced by 37%, 45% and 50%,
respectively, compared with SSA-BiLSTM, BiLSTM, and LSTM models, respectively.
Similar performance can also be seen in the other latitude bands and in the 2-h predicted
results of the four models (listed in the attachment).

4.2 Analysis of TEC Prediction Accuracy with Local Time variation
(1) Analysis of Average Daily Change in TEC with Local Time variation

In order to comprehensively investigate the characteristics of ionospheric TEC changes
in the whole European region, nine uniformly distributed points were studied for the more

detailed analysis, namely £ (30°N, 0°), £ (30°N, 15°E), B (30°N, 30°E), F,
(50°N, 0°), B (50°N, 15°E), £, (50°N, 30°E), P, (70°N, 0°), & (70°N, 15°E), and

B (70°N, 30°E). Figure 5 shows the average daily changes of TEC and those of the 1-h

predicted TEC by the DBO-BiLSTM, SSA-BiLSTM, BiLSTM, and LSTM models (circle
lines), and the RMSE values (columns) for each hour of the day.
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Figure 5. Average daily changes of GPS-TEC and 1-h predicted TEC with the DBO-
BiLSTM, SSA-BiLSTM, BiLSTM and LSTM models, and the RMSE values of the
predicted results by these four models at nine grid points

From Figure 5, it can be seen that the average daily TEC variation predicted by the four
models has a close agreement with those computed using GPS data at different grid points.
It is should be noticed that the most RMSE values of the DBO-BiLSTM model for 1-h
predictions remains below 2 TECU at the 9 grid points, and the values are the smallest
compared with those of other three models, and the followed ones are SSA-BiLSTM,
BiLSTM and LSTM. It also can be observed that, no matter for RMSE or MAE, the values
of them in lower latitudes are smaller than those in the higher latitudes. The main reason is
that the ionosphere suffers more serious fluctuation as the rise of latitude, correspondingly,
TEC are more difficult to be modelled and predicted. Therefore, the high accuracy TEC
prediction is worth deep and thorough research in the future.

The optimal hyperparameters achieved by DBO optimization of nine grid points are
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listed in Table 2.

Table 2. The optimal hyperparameters of the DBO-BiLSTM model with nine grid points

Number of 1 1 1 2 1 12 1 2 1
Neurons 27 01 69 08 12 2 24 08 36
Maximum 7 6 6 7 5 4 5 3 4

—_
(e
—_—
O
W
3
[
O
(9]

training period

Initial learning  0.003  0.004 0.004 0.004 0.005 0.005 0.009 0.007 0.003
rate 564 523 152 307 232 126 272 426 654

(2) Analysis of TEC Prediction Accuracy for Daytime and Night Time of Local Time

In order to evaluate the TEC prediction ability of the four models during the day time
and night time, local time periods of test dataset were set as 10:00—18:00 and 19:00-9:00
to represent day time and night time, respectively. The average RMSE values for the 1-h
prediction results of DBO-BIiLSTM, SSA-BiLSTM, BiLSTM, and LSTM models during
the day time and night are listed in Table 3.

Table 3. Average RMSE values for 1-h prediction results of the DBO-BiLSTM,
SSABiIiLSTM, BiLSTM, and LSTM models during the day time and night time (TECU)

DBO- SSA- .
BiLSTM BiLSTM BILSTM LSTM
Grid point
Da Ni D Ni D N1 D N
Y ght ay ght ay ght ay ight
1. 1. 1. 2. 1. 2. 1.
P1 131 08 93 53 36 84 31 95

16



1.63 16 25 &4 31 95 52 14

R 178 L. 362- o 1. 472. o 2. 642. 062,
F, 0.55 480‘ ot 870. R !
F, 0.45 440~ 780' 810. 071. 041. 201. 181_
R 046, 0. . 0. 890. N 1. 970. . 1. N 1.
F 0.42 360~ 720. 690. 860. " 0. . 1. N 1.
I L
5 o3 L0 0 0 0 0 o

It can be observed from Table 3 that the average RMSE values of the predicted results
by the four models in the daytime are all larger than those in the night time, and the RMSE

values at the three points /7, P,and P, inlow latitudes are larger than other points with

same longitudes in high latitudes no matter in day time or in night time. Table 3 also
indicated that, compared with the other three models, DBO-BiLSTM achieved the highest
prediction accuracy no matter in the day time or night time.

(3) Comparison and Analysis of TEC Map computed using GPS data and Predicted Ones

In order to assess the predictive ability of the proposed TEC prediction model in the

European region, TEC map difference between the map computed using GPS data and

those predicted by the four prediction models were computed at four time points on 24t
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August 2022 (the quiet geomagnetic period: Kp<I) at 0:00, 6:00, 12:00, and 18:00, as
shown in Figure 6.
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Figure 6. Distribution maps of the differences between TEC computed by GPS data
and those predicted by four models for the European region at different time points on
24t August, 2022

As can be seen from Figure 6, DBO-BiLSTM model achieved the smallest difference
between the TEC solved by GPS data and the TEC predicted by this model, and SSA-
BiLSTM, BiLSTM and LSTM followed in order. On the whole, the region with large TEC
differences are mostly concentrated in marine regions or the regions with fewer GNSS

receivers, such as the southeast and the western marine region at 6:00 local time, and the
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southwest and northeast at 18:00 local time in European region. On August 24, 2022, both
geomagnetic and ionospheric activities are quite, so even for LSTM forecast model,
performing worst compared with the other models, the largest difference between the TEC
forecasted and that gained by GPS is no more than STECU.

4.3 Analysis of the TEC Prediction Accuracy of the Built Models under moderate
disturbed Geomagnetic condition

During the time period of the GPS observation data used in the study, moderate magnetic
storm events occurred. Both moderate geomagnetic storm periods, from 21:00 on 7%
August to 8:00 on 8" August 2022, and from 15:00 on 17" August to 22:00 on 18™ August
2022, were selected to carry out the evaluation of the prediction ability for the four models.
In both periods, Dst range was from -30nT to -60nT and Kp range was from 4 to 7.
According to the values of the geomagnetic indices, the rest test dataset were all under the
quiet geomagnetic condition. Table 4 lists the RMSE values of the 1-h prediction results at
nine grid points under moderate disturbed and quiet geomagnetic conditions.

Table 4. RMSE values of 1-h TEC predictions of DBO-BiLSTM, SSA-BiLSTM,
BiLSTM, and LSTM models under moderate disturbed and quiet geomagnetic conditions

(TECU)
DBO-BIiLSTM SSA-BiLSTM BiLSTM LSTM
Grid
point
Disturbed Quiet  Disturbed  Quiet Disturbed  Quiet  Disturbed  Quiet
P, 1.37 1.14 1.96 1.66 2.50 2.00 2.28 2.08
P2 1.65 1.32 2.36 1.96 2.47 2.05 2.60 2.25
P, 1.82 1.46 2.45 2.00 2.48 2.16 2.71 2.24
}1 0.85 0.46 1.34 0.86 1.44 1.05 1.57 1.19
f; 0.73 0.40 1.11 0.76 1.32 1.02 1.53 1.15
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P6 0.59 0.43 1.18 0.87 1.27 0.96 1.45 1.27

P7 0.77 0.33 1.63 0.65 1.32 0.80 1.45 0.96
P8 0.64 0.36 1.02 0.61 1.16 0.77 1.37 0.94
P9 0.54 0.35 0.94 0.63 1.13 0.78 1.24 0.97

Table 4 indicates that, overall, the RMSE values under the disturbed geomagnetic
conditions are larger than those under the quiet conditions. This is mainly because, the
ionosphere is more active and the TEC change is more drastic under the disturbed
geomagnetic condition than under quiet condition. It can also be noticed that the smallest
TEC RMSE are achieved by the DBO-BiLSTM model, no matter under disturbed or quiet
geomagnetic conditions, and SSA-BiLSTM, BiLSTM and LSTM followed. Therefore,
under the same geomagnetic environment, the DBO-BiLSTM model can gain the highest
TEC prediction accuracy compared to the other three models.

5. Conclusion and Discussion

This study aims to establish a hybrid novel deep learning model to achieve high accuracy
for short-term TEC prediction in European region. To achieve this goal, a practical and
optimized DBO-BILSTM model for high accuracy short-term TEC prediction was
developed for the study region. This hybrid model applies DBO algorithm to optimize
BiLSTM neural network and taking the geomagnetic and solar activity indices into
consideration, thereby to break through the limitations of traditional deep learning
algorithms and the traditional TEC prediction models. The predicted results of DBO-
BiLSTM are assessed by the TEC computed with GPS observation, and the performance
of the novel optimized model is compared with those of SSA-BILSTM, BiLSTM and
LSTM models. The test results demonstrated that DBO-BiLSTM model outperformed the
other three models in prediction accuracy for both 1-h and 2-h predictions. The main
findings and contributions are as follows:

DBO-BiLSTM model can best capture the characteristic of ionospheric in the study
region, and gains the closest relationship with TEC computed by GPS data compared with

SSA-BiLSTM, BiLSTM and LSTM models evaluated by RMSE, R’, Corr and MAE
indices.
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The prediction performance of DBO-BILSTM was evaluated in different latitude bands,
at different local time points and under different geomagnetic conditions at 9 grid sites.
The test results show that the DBO-BILSTM model can effectively capture the TEC
characteristic with diurnal variation, latitude variation and geomagnetic condition variation.

In this research, the DBO-BiLSTM model was established under the moderate solar
activity condition with the average F10.7 index value around 120, and the index had an
obvious rising tendency. While, the TEC prediction accuracy has positive relationship with
time series length of the training dataset (Shi et al. 2022), and has close relationship with
the tense of solar activity (Nath et al. 2023). In this study, DBO-BILSTM model showed
good performance in short-term TEC prediction, and achieved higher accuracy than those
predicted by Shi et al. (2022) with BILSTM model, but the prediction accuracy gradually
decreased with the extension of the prediction time length as proved by Xiong et al. (2021).
Therefore, in order to improve the accuracy of the DBO-BiLSTM model, it is necessary to
evaluate the performance of the model using longer time series of training datasets and
under different intense of solar activity for longer prediction time period.

The above analysis and discussion verified that DBO-BiLSTM model owns superiority
in short-term ionospheric TEC prediction, particularly in capturing spatiotemporal
variation characteristics of TEC. The optimized novel hybrid model owns a promising
future in TEC prediction and can provide important reference to the time series prediction
of other atmospheric phenomena in the future.
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