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Abstract. Objectives: To predict short term ionospheric Total Elec-
tron Content (TEC) data derived from the International GNSS Service
(IGS) station. Methods: A new hybrid technique based on Autoregres-
sive Integrated Moving Average (ARIMA) and Artificial Neural Net-
work (ANN) model for the short-term ionospheric TEC prediction is
constructed. The TEC dataset in this research work is utilized from
Crustal Dynamics Data Information System (CDDIS), NASA from the
year 2014 to 2016 and for each day the 10 minute average TEC data
have been utilized for modeling and prediction. The hybrid model than
compared with existing developed model such as ANN and ARMA as
well as IRI-2016 global model. Findings: In order to estimate the per-
formance of new hybrid model, it is compared with the existing ANN
model, ARIMA model and IRI-2016 global model. Based on the com-
parison results, it is observed that new hybrid model predicts well than
other prediction models with RMSE of 10.21 TECU and MAPE 0.034
TECU. Novelty: The proposed model can recognize the usual pattern of
TEC in different seasons and it can predict the TEC values with 86%

accuracy up to 24 hours.
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1 Introduction

Total Electron Content (TEC) is a very important ionospheric parameter and
is used as an indicator for detecting various atmospheric irregularities. It is
the determination of the total number of electrons per square meter near the
line of sight from satellite to the receiver down where 1 TECU (TEC Unit)
= 1 x 10'6 electron/m?. Variations and characteristics of TEC at different lat-
itudes have been studied by many scientists [1,2]. Earth ionosphere elements
are a very complex visual process that reflects a variety of daily, seasonal, and
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latitudinal features. The seasonal variation of TEC at different latitudes depends
on various factors such as solar zenith angle, medium wind direction, thermo-
spheric neutral formation etc. [3-8]. It is noteworthy that differences in total
electron content (TEC) in the equator and low latitude are significant compared
to the mid-latitude regions. The prediction of TEC is quite challenging and
complex since TEC also depends on the effect of sun solar activity, geomagnetic
storm effects, seasonal and diurnal variations etc. International Reference Iono-
sphere (IRI) and Klobuchar the most widely used models of climate models in
the world in comparison with VTEC values measured by GPS. Model developed
by N. Elmunim [9] and A. Krankowski model [10] is used for short-term forecast
of the TEC timeline at different geomagnetic times. However, these are stand-
ing time series models consider the trend in a given input. A TEC timeline that
may not be suitable for prediction non-concentrated / variable patterns present
in ionospheric TEC. Therefore, artificial neural networks are used by various re-
searchers, in order to consider atmospheric weather and influential geomagnetic
features of non-ionospheric patterns TEC.

In recent study, artificial neural network and ARIMA models has been utilized
for consideration to design better model prediction and variations in ionospheric
TEC.Dabbakuti et al has designed a model based on combining the signal ex-
traction technique Singular Spectrum Analysis (SSA) with Autoregressive Mov-
ing Average (ARMA) for prediction of TEC [11]. Sivavaraprasad G. et al. has
studied the performance of TEC prediction models based on Artificial Neural
Networks (ANN) [12]. Tang Rongxin et al. has designed and compared model
based on Autoregressive Integrated Moving Average (ARIMA), Long Short-
Term Memory (LSTM) and Sequence-to-sequence (Seq2Seq)method [13]. Ma-
chine learning techniques has been also utilized for forcasting TEC data by dif-
ferent researchers around the globe [14]. In this paper an attempt is made to de-
velop and analyze a new mixed TEC forecast method using the Autoregressive
Integrated Moving Average and the Artificial Neural Network. The predicted
TEC values are compared with the values observed by the IGS channel to assess
the reliability and performance of the forecast model. The TEC data used in this
study is used in the International GNSS Service (IGS) Lasha, China station.

2 Methodology

Ionosphere characteristics depend on different geomagnetic parameters such as
solar activity, sunspot number, geomagnetic indicator etc. In this paper, the
average 10-minute interval of TEC values is considered as input to the model.
The inclined TEC values are first converted to a straightforward TEC value to fit
into the model.

Suppose, T' = {T,(t), t = 1,...,n}, is a time series for daily TEC data at

discrete time ¢ and number of data points at time ¢ is represented by n. Our aim
is to predict the T, (¢t + 1) value at time ¢ + 1. For this, we have to convert the
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vertical TEC to its similar volatility index with the following formula:
V() = (log(To(t + 1)/7v(t)) - ey

ARIMA (p, q, d) is used as the mean process. The ARIMA (p, ¢, d) can be rep-
resented as in Eq. (2)

(1—Zp:o¢k3k> (1-B)'X, = (1+zq:ﬂk3k)€t, 2
k=1 k=1

where X is the time series, « and 3 are the parameters/coefficients of autore-
gressive and moving average terms with order p and g respectively. €, are er-
ror terms generally assumed to be independent, identically distributed variables
sampled from a normal distribution with zero mean. B is the difference operator
defined as follows by Eq. (3), where d is the order of the difference operator

AXt = Xt - Xt,1 == (]. - B)Xt . (3)

In order to find the series is stationary or not, the autocorrelation of the series
has to be found out. The autocorrelation between time X, and X, .1 is given
by the Eq. (4), where X, and X .1 are the time series with lag ¢. y is the mean
of the population. 0 X;, 0 X, are standard deviations at the time ¢ and ¢ + 7.
Pk 1s the autocorrelation at lag k£ given by the Eq. (4).

E(Xe—p) (Xigr —p)]
O'XtUXt+7— ’

KT ppr = “

In ANN model, single hidden layer feed forward network is the mostly utilized
by the researchers for time series modeling as well as for the prediction. In the
model, a collection of processing units for construction of three layers network
is used. The relationship between the inputs (y;—1,yt — 2 ... ,y;—,) and the
output (y;) has the following mathematical representation:

q
ye =0+ Y ;g (Biyyi—i) + e, Q)

j=1

where a; (j = 0,1,2,...,¢)and 8;; 1 =0,1,2,...,p;5 = 1,2,...,q) are the
connection weights; the total number of input nodes are represented by p and
the total number of hidden nodes are represented by ¢. The activation function
that is used in this research is the sigmoid function which can be represented as

follows.
1

T lqev ©)

Therefore, we can say that the ANN model executes a nonlinear functional map-
ping for the past observations (ys—1,¥t—2, - - ., Yt—p) to the future value v, i.e.,

g9 (x)

yt:f(ytflayt727"'>yt7paw)+Et' (7)
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Here, W is a vector for the all parameters and f is a function determined by the
network structure and connection weights.

ARIMA and ANN are ideal for both direct and indirect domains that can be
used to model for protection. ARIMA model estimates for complex non-linear
problems may not produce equally positive results; ANN will provide mixed
results on the line domain. Since many details are complex in nature, it is very
important to find its features. Mixed methods are a great way for you to model
both direct and indirect time series in real-time applications from a different
coalesce model that can identify basic data patterns.

Practically a time series may be considered to have a linear component and a
non-linear component as shown

Yye =1l +n+t (8)

where [; is the linear part and n; is the nonlinear part. The two parts can be
measured separately from the data. First the linear part is determined that is
separated from the time series. This residual is fitted with the ANN model. This
is fundamental strategy behind this model. Let e; be the residuals which can be
obtained from the time series by subtracting forecasted value [, from ARIMA
model as shown

et =y — . 9

If there is a linear correlation left over, then linear models are not sufficient for
predicting data. It is noted that residual analysis is the best option for capturing
indirect patterns in data. Therefore, if the model has passed a diagnostic test, the
model may not be eligible because the indirect relationship has not been properly
modeled. Indirect relationships between data can be captured if modeling of
fossils is done with the help of ANN. Total mean percentage error (MAPE),
mean total error (MAE) and root mean square (RMSE) error can be used to
calculate predictive accuracy.

3 Dataset and Simulation Model

The ionospheric TEC data for the year 2014 to 2016 were considered for anal-
ysis and for each day the 10 minute average TEC data have been utilized for
modelling and prediction. For each month the first ten quietest days are consid-
ered for modelling and the next day is considered for checking the validity of
the prediction. The prediction of TEC data on 01 January 2015 and (b) 06 April
2015 are presented in Figure 1 (a) and (b) respectively.
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Figure 1. Comparison of the predicted TEC values by the model and the observed TEC
values for: (a) 01 January 2015; and (b) 06 April 2015. The green line indicates the
observed TEC collected at Lasha, China station and the red line indicates the predicted
TEC.

4 Results and Discussion

4.1 Model performance
From Table 1, one can observe that the results of the statistical deviation (SD)

are astonishing. The SD between the model prediction and the marked TEC 24

Table 1. Precision statistics of the TEC predicted by models (§ = predicted value -
observed value)

Forecasttime ¢ <1TECU 1TECU<§<2TECU 2TECUZ<X § < 3TECU

24 hours 86% 33% 18%
48 hours 66% 35% 14%
72 hours 43% 45% 9%
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hours is more accurate than predictable, 48 hours and 72 hours forecast. By
analyzing SD it can be concluded that the model produces very good TEC pre-
dictions over time and has good performance. From the survey it was also noted
that the performance of TEC short-term price estimates is better than long-term
estimates.

To evaluate the performance of the new model based on ARIMA and Neural

Network, the forecast results are compared with existing models namely ANN,
ARMA, IRI-2016.

From the comparison results in Figure 1 and Table 1, it is observed that, the new
model prediction plot matches well with true TEC values than existing ANN,
ARMA, IRI-2016 predictions. The results in Table 2 show that the RMSE of new
hybrid model is 10.21 TECU and MAPE is 0.034 TECU. This result specifies
that the new model is able to simulate daily TEC data with an accuracy of a
degree in comparison to the ANN, ARIMA, IRI-2016 models. Xu Lin et al. [14]
has utilized LSTM as one of the modelling tools for GPS TEC, but the new
hybrid model based on ARIMA produced lower error values than a model based
on LSTM for short term time series prediction which indicated that ARIMA
is more successful than the LSTM for short term time series prediction [15].
Thus, the new algorithm for GPS TEC prediction can be able to recognize the
pattern of the input data to provide good predictions of the daily variations of
TEC data. Therefore, it can be concluded that the hybrid modelling approach
can give more reliable predictions of total electron data than the other existing
modelling approach.

Table 2. MAPE and RMSE of ARMA and ANN, ARIMA and ANN model

Models MAPE RMSE
ARIMA + ANN 0.034 10.21
ANN 0.068 19.33
ARMA 0.152 33.42

IRI 0.086 13.33

4.2 Seasonal Variation in model performance

Past studies indicate that the performance of TEC prediction model varies sea-
sonally [16—18] Therefore, the model is operated in each season to investigate
the performance throughout the solar year. The seasons are classified as winter
(December to February), spring (March to May), summer (June to August) and
autumn (September to November).

Tables 3 indicates that the ARIMA-ANN model delivered the best performance
in each season for the testing data from spring, summer, autumn, and winter, re-
spectively. The IRI 2016 model delivered the worst performance. This indicates
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Table 3. Model performance during seasonal variations

SEASONS R2 RMSE MAE

Winter 0.812 13.89 5.11

Spring 0.927 6.342 4.63

ARIMA-ANN Summer 0.982 6.775 4.12
Autumn 0.843 12.35 5.91
Winter 0.625 16.33 12.46

Spring 0.722 7.36 7.47

ARMA Summer 0.735 8.66 8.45
Autumn 0.561 15.89 11.34
Winter 0.338 19.34 14.89

Spring 0.638 8.32 8.24

IRI 2016 Summer 0.585 8.89 8.53
Autumn 0.395 17.87 12.47

that relatively advanced models achieved significantly better TEC-estimation ac-
curacy than did simpler models based on their consideration of more space en-
vironment parameters. Overall, prediction error was largest in winter, although
the winter TEC is smaller than those in spring and summer. This may be due
to the effects of solar activities. The performances of utmost models on the
seasonal scale were considerably better than those on the periodic scale, thus
highlighting the effect of seasons on TEC estimation. The R? values obtained
using conventional models (ARIMA, and IRI 2016) at the seasonal scale (espe-
cially in spring and summer) were significantly improved over those obtained at
the annual scale, thus verifying that conventional models are more appropriate
for seasonal observations.

5 Conclusions

Although the results in this study shows that ARIMA-based ANN models can be
used for short term ionospheric TEC predictions, future studies should focus on
the inclusion of more parameters to the model such as foF2, Dst etc. to estimate
TEC in the long term. Pre-processing techniques, such as the combination of
wavelet decomposition with machine learning, could also be explored for TEC
forecasting.
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