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Abstract—The rapid evolutions in artificial intelligence and the
machine learning era have significantly improved accuracy for
ionospheric space weather forecasting models. The ionospheric
total electron content (TEC) forecasting is necessary to alert global
navigation satellite system (GNSS) users about ionospheric space
weather influences on satellite-receiver radio communications. Pre-
cise modeling and forecasting of the ionospheric TEC are critical
for reliable and accurate GNSS applications. In this article, a deep-
learning-based bidirectional long short-term memory (bi-LSTM)
algorithm is implemented for 26 global positioning system sta-
tions TEC data over the Indian region. The bi-LSTM ionospheric
TEC forecasting maps are generated and compared with ANN
and LSTM models during both geomagnetic quiet and disturbed
periods. The potential of bi-LSTM networks in time-sequence pro-
cessing is improved by having forward and backward connections.
The bi-LSTM results are demonstrated with and without solar and
geomagnetic indices as input to the network. This work’s outcome
would help to develop an ionospheric weather alert system for
GNSS users.

Index Terms—Adjusted spherical harmonics function (ASHF),
artificial intelligence (AI), bidirectional long short-term memory
(bi-LSTM), deep learning (DL), forecast, global positioning system
(GPS), ionosphere total electron content (TEC).

1. INTRODUCTION

HE forecasting of spatial and temporal ionospheric total
T electron content (TEC) variations is challenging, espe-
cially over the low-latitude regions due to the complex be-
havior of the ionosphere ascribed to EIA [1]. The low-latitude
ionospheric behavior is complex and influences the forecasting
accuracy of models. Global positioning system (GPS) measure-
ments are crucial and most useful for monitoring the ionosphere
and predicting the TEC variations [2]. The long-term vertical
TEC (VTEC) data derived from GPS measurements provide an
opportunity to understand the ionospheric behavior and develop
ionospheric TEC forecasting models. The Indian low-latitude
GPS network of 26 GPS receivers as a part of the geoaugmented
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navigation system is operational for civil aviation, navigation,
and timing applications.

Krishna et al. [3] have implemented a regional adjusted
spherical harmonics function (ASHF) based TEC model using
26 GPS TEC stations data over the Indian region. The ASHF
TEC model performed well to capture northern EIA features
and ionospheric TEC variability for quiet and disturbed day
conditions [3]. These ionospheric TEC time-series forecasting
models are implemented at a specific location using time series
and statistical methods [4]-[6]. The machine learning (ML) tech-
niques successfully forecast ionospheric TEC variability. The
ML techniques, such as multilayer feedforward networks and
long short-term memory (LSTM) networks, are implemented to
specify the ionospheric TEC patterns by approximating the rela-
tion between the observed ionospheric parameters and geophys-
ical conditions solar activities, latitude/longitude, local time, and
seasons [7].

The deep-learning (DL) technique based on conditional gen-
erative adversarial networks is used to forecast global TEC
maps one-day ahead [8]. Saed ef al. have proposed a solar flare
predictions model using the ML technique, the support vector
machine (SVM) model with center for orbit determination in
Europe global ionospheric TEC maps (GIM) TEC data. The
SVM method is implemented for classifying daily, temporal,
and spatial TEC changes before solar flare events, such as B-,
C-, M-, and X-class [9]. The extreme gradient boosting over
decision trees model is developed to generate TEC maps by a
set of regression estimations [10].

ML techniques are also applied using local global navigation
satellite system (GNSS) stations to obtain regional ionospheric
predictions [11], [12]. A DL recurrent neural networks (RNNs)
are implemented for forecasting TEC at Beijing GPS station
(40°N, 115°E) [13]. The RNN networks are computationally
more powerful than the feedforward networks due to their
capability to incorporate past information based on the inter-
nal recurrence. However, these networks suffer from gradient
vanishing and exploring problems. Therefore, it is difficult to
train the network for learning the information based on the
long-term TEC data. LSTM networks are the extension of
RNN and learn the information for training long-period TEC
time-series data to overcome the long-term problems of RNN
[14]. Neural-network-based ionospheric TEC model and an
extended encoder—decoder LSTM were established to forecast
the ionospheric VTEC over China [15]. The LSTM for TEC
forecasting uses 8 years (2008-2016) of GPS TEC data from
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Fig. 1. Block diagram for ASHF-based bi-LSTM network.

the Bengaluru station (16.26°N, 80.44°E) [16]. The LSTM with
convolutional NN (LSTM-CNN) model for ionospheric TEC
forecasting uses GPS data taken over Bangalore station for eight
years (2009-2016). The LSTM-CNN model has well captured
the seasonal VTEC patterns [17]. However, the forecasting
capability is limited to the local GNSS station only. The LSTM
algorithm is implemented to forecast the spherical harmon-
ics’ coefficients and forecast the GIM [18]. Artificial neural-
network-aided spherical cap harmonic analysis methodology is
proposed for regional ionospheric mapping and studying the
TEC maps over the Australian region [19]. Forecasting regional
ionospheric TEC models are helpful to investigate the localized
ionospheric disturbances. This article implements the ASHF-
driven bi-LSTM TEC model with multivariate input parameters
(solar and geomagnetic indices) to forecast ionospheric TEC
maps over the Indian region. Bi-LSTMs train the network with
two LSTMs instead of one. The first is on the input sequence,
and the second is on a reversed copy of the input sequence, i.e.,
it utilizes both the past and future data for predictions [19]-[22].

A total of 64 ionospheric grid points (IGP) cover the entire
Indian region with a spatial resolution of 5° x 5°. The iono-
spheric regional TEC forecasting maps are obtained from the
Indian geographical latitude ranges from 5° N to 40° N and geo-
graphical longitude ranges from 65° E to 100° E. The real-time
dual-frequency GPS TEC measurements are collected by the
Indian GPS network of 26 GPS receivers. The nowcasting VTEC
maps are generated using the derived ASHF coefficients. The
ASHF-generated VTEC maps data are considered as input for
the bi-LSTM algorithm. The forecasting of regional ionospheric
TEC with a denser GPS receivers’ network would provide
ionospheric alerts to high-precision positioning and navigation
applications, such as civil aviation and railways and automated
driving.

The rest of this article is organized as follows. Section II of
this article describes a detailed description of the proposed (bi-
LSTM) algorithm. Section III describes the experimental results.
Finally, Section IV concludes this article.

II. PROPOSED ASHF-DRIVEN BI-LSTM MODEL TO FORECAST
REGIONAL TEC MAPS

The bi-LSTM-based TEC forecast model is implemented
using ASHF modeled VTEC data obtained from 26 GPS sta-
tions, as shown in Fig. 1. The proposed DL model also requires
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knowledge of solar and geomagnetic parameters and ASHF-
VTEC values to predict ionospheric TEC variations. Therefore,
the input parameters, such as time, day, F10.7, and Kp, are
considered input predictors. The stepwise details of the proposed
approach are as follows.

Step 1: GPS measurements, such as week number, time (s), az-
imuthal angle(deg), elevation angle(deg), and STEC(TECu),
with a 1-min time resolution are extracted from the Novatel
GPS receivers of the model, GSV4000B for all 26 GPS
stations.

Step 2: The conversion of slant TEC (STEC) into VTEC using
a mapping function [3].

Step 3: The VTEC maps over 64 IGP are estimated using the
ASHF nowcasting TEC model [3]. The GPS TEC maps are
generated with a temporal resolution of 1-h step size.

Step 4: Preparation of hourly ASHF VTEC time series for each
grid (total 64 grids) from 1 November 2015 to 31 October
2016.

The input parameters are considered as follows [23], [24].

Diurnal variation

HOD: is the sine component of the universal hour number of
the day. HOD. is the cosine component of the universal hour
number of the day.

2w X hh
HOD,; =sin| ————— 1
0] sm( o ) (1
21 X hh
HODCCOS(24 ) (2)

Seasonal variation

DOY  represent the sine component of numbering a day of the
leap year. DOY . represents the cosine component of numbering
a day of the leap year.

(27 x dd

DOY, = Sm<366) leap year 3)
21 X dd

DOY, = COS(S%) leap year 4

where dd are the days in a year, and hh are the hours in a day.
The solar and geomagnetic parameters F10.7 and Kp are
considered as input predictors.
The hourly ASHF VTEC values for each grid (total 64 grids)
from 1 November 2015 to 31 October 2016 for 366 days are in
terms of 8784 h for each IGP.

Step 5: Here, vtecigp is the TEC data extracted from ASHF
modeling over Indian region.

vtecigpl
[X] grideddata(VTEC) — : : &)

VIECIGP64 | 64,8784
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XtrAN 1s the input predictor dataset that can be represented
as follows:

[ vtecigp |
HOD:
HOD:
Xmran = | DOY{ (6)
DOY}
F10.7¢
KP?
= = 7Tx8784
I vtecigp: i -VteCIGP2 i
HOD! HOD?
HOD! HOD?
X, = DOYel Xo = DOYE
DOY} DOY?
F10.7! F10.7%
KP! KP?
- = Tx8784 = = Tx8784
[ vtecigpe |
HODS%
HODS%
Xg4 = | DOYS?
DOYC64
F10.7%4
KP64

= = 7x8784

A. Bi-LSTM Methodology

Using bidirectional RNN possesses the inputs into two ways:
one from past to future and another from future to past data.
Moreover, this is different approach from LSTM unidirectional
process. Adaptive moment estimation was used for optimization
technique, which is gradient descend. The appropriate iono-
spheric features are extracted from raw data and provided as
an input bi-LSTM network. Moreover, the input sequence of
bi-LSTM also consists of the drivers for ionospheric responses,
such as solar and geomagnetic activities, which fed to train two
LSTM networks, as shown in Figs. 1 and 2. It combines LSTM
and bi-directional RNN, which can handle information from
both front and back [25]. This method has forward and backward
connections and performs the training process in sequential
order (see Fig. 2). The process inside the LSTMs in the proposed
model is given below.

Let i, 04, and f; are the input gate, the output gate, and the
forget gate, respectively, at a time step ¢, where t = 1-24 h.

Bi-LSTM sequential forward:

Z{ = 0 (Wyi Tt + While—1 + Weici—1 + by) @)
1l =0 (wapzs +winphe 1 + wepes 1 + by) )

ol = flei ) +itanh (weey + whehi 1 +b.)  (9)

of = o (weozs + whohi—1 + WeoCt + bo) (10)

hi = ojtanh (c{) (11
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Fig. 2. Architecture for the bi-LSTM network.
Bi-LSTM sequential backward:
it = 0 (Weis + Whihit1 + WeiCe1 + bi) (12)
fl =0 (Wopms + whphis1 + wepcrr + by) (13)
C? = ftth+1 + ittanh (wmﬁct + ’Ll}hcht+1 =+ bc) (14)
0? = 0 (wzo% + Whohes1 + WeoCt + bo) (15)
hy = oitanh (c}). (16)

Step 1 at input gate: The input gate i, of LSTM controls the flow
of new information to the cell [13], [26], where h;_; is the
previous cell output, z; is the current VTEC input vector, ¢;_1
is the previous cell memory, bias vector (b;) and w,;, wp;, and
w,; are the weights of input vector, hidden state vector, and
memory cell state at input gate, respectively.

Step 2 at forget gate: The forget gate f; LSTM describes the
amount of information from the previous internal state c;_
that should be forgotten or stored [13]. The old memory
(ct—1), present input (zy), previous output h;_1, and bias
vector can be merged by the pointwise summation operation
and passes through the sigmoid function. The output of the
sigmoid function is the value that is forgotten. The forget
value can be varied between 0 and 1. Closer to 0 indicates to
forget the information, and closer to 1 means to preserve the
information.

Step 3 at updating the memory: In this step, it is required to
decide the updated new information stores in the cell state.
The memory of the current unit is given as [13], where w,..
and wy, are the weights of input vector and hidden state vector
of the cell state, respectively, and b, is the bias vector.

Step 4 at output gate: Finally, the output(Y) for the LSTM unit
is to be generated. This step provides the output valve that
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TABLE I

BI-LSTM MODEL PARAMETERS
Parameters Bi-LSTM
Learning method DL
LSTM layers 2
LSTMcells 8784
Train Function trainbr
Learning rate 0.005
Hidden units 1 no: 250
Hidden units 2 no: 250
length of sequence 8784
Optimizer adam
Drop factor 0.2
mini batch Size 120
Maximum Epochs 3
Verbose 1
Loss function MSE

is controlled by the input z;, previous output h;_1, updated
memory ¢, and a bias vector by. The output is computed by
bypassing the current input and the previous hidden state into
a sigmoid function [13].

The one-hour ahead TEC value(Y) for each grid point value
is repeated for 64 grid points all over the Indian region.

VTEC!

VTEC?

Y = (17)

VTEC?4

64x1

The bi-LSTM feedforward network details are set in MAT-
LAB, as given in Table I.

Table I presents the bi-LSTM parameters and hyperparam-
eters considered. Improved forecasting results are obtained by
adjusting the bi-LSTM model parameters. The adam optimizer is
chosen for the optimization of the proposed forecasting method.
The Train function “trainbr” is combined to optimize the param-
eters. The loss function is selected as MSE between the target
TEC value and input TEC values.

B. Performance Analysis of the Proposed Bi-LSTM Model to
Forecast Regional TEC Maps

Forecast performance is analyzed by Skill scorel(SS1) and
Skill score2 (SS2) and is known as the forecast score and forecast
skill, respectively. The persistence is considered for the forecast
performance of the proposed model. Here, one-hour persistence
z¥ is obtained from the model analysis z¢, and is expressed as
2P =27 . (18)

7
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The mean squared error (MSE) is the scalar accuracy mea-
surement in forecast performance, where yif is the ith forecast
TEC value and z; is the ith model TEC value, respectively.

Model MSE can be expressed as

MSE del — lzn:(yf —29)2
mode n s i i)

19)

Here, n is the total number of observations in the proposed
model.
Persistence MSE can be expressed as follows:
1 5
MSEpersist = — P 20)”.
persist n Zzzl (zz 2 )
The MSE of the model and the average observed TEC are
considered for computing the prediction efficiency (PE).
The PE is computed as follows:

(20)

MSEmodel
PEpogel = 1 — — o model 1)
odel MSEmOdeLmean
MSE ersis
PEpersist =1- : . (22)

MSEpcrsisit_mean .
The Skill score 1 is defined as the ratio of PE of the model to

that of persist of the PE.
The skill score 1 (SS1) can be calculated as
PEodel
§S1 =, (23)
PEpersist

Forecast skill is a relative parameter obtained from forecast
score as follows:
PEpersist (SS1 — 1)
1 — PEpersist
The skill score 1 or (forecast score) number should be greater

than one for a better forecast performance, and the skill score 2
or (forecast skill) number should be greater than zero.

SS2 =

(24)

III. RESULTS AND DISCUSSION

The solar and geomagnetic indices are available in
(https://omniweb.gsfc.nasa.gov/form/dx 1.html).

The GPS TEC maps data are categorized into four sea-
sons as summer (May—August), winter (January—February 2016
and November—December 2015), autumn equinox (September—
October), and vernal equinox (March—April). The training data
of 261 days (November 2015 to September 2016) are given as
input to the bi-LSTM ionospheric forecasting algorithm. The
validation dataset for 24 days in September 2016 and testing
data for 31 days in October 2016 are considered to evaluate
the performance of bi-LSTM model forecasting accuracy. Fig. 3
shows a typical ionospheric TEC variability for IGP location
(80°E, 15°N). Fig. 3 shows that diurnal ionospheric behavior
and a maximum TEC of 60 TECU are noticed during the March
month. It is observed that March equinox ionospheric TEC
values are higher than Autumn equinox, confirming seasonal
asymmetry (see Fig. 3). Seasonal asymmetry is mainly due to
the changes in the ratio of concentrations of atomic oxygen
and molecular nitrogen [27]. The F10.7 solar index and sunspot
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number variations are shown in the bottom panel of Fig. 4. The
F10.7 solar index was almost the high (90sfu), and the sunspot
number is also high on 14 October 2016. The minimum F10.7
(74sfu) and sunspot R values are noticed on 20th October 2016.
The geomagnetic indices are Kp*10 Index, Dst Index, (nT), Ap
index, and solar wind B(nT), whose values are shown in the top
panel of Fig. 4. The maximum Kp index value of 55 was on 14
October 2016. It can be seen that the Dst. Index sharply increased

from ~55 to ~110 nT (see Fig. 4). The Ap index also increased
from ~10 to ~65 nT on 14 October, and from Fig. 4, the Ap
dropped to ~0 on 20th October 2016. The maximum solar wind
B(nT) is 22 nT on 14 October 2016, and the minimum B (nT)
value of 5 nT is noticed on 20 October 2016, considering the
solar and geomagnetic indices properties.

Fig. 5(a) shows b quiet day variations of different iono-
spheric forecasting models on 20 October 2016. The proposed
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Fig. 5. (a) ASHF, ANN, LSTM, and bi-LSTM spatial TEC variations models during geomagnetic quiet day, 20 October 2016. (b) TEC bias estimated among
ASHF, ANN, LSTM, and bi-LSTM models during geomagnetic quiet day, 20 October 2016.
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bi-LSTM model predicted the TEC structure entry compared
with the observed TEC structures. The fully developed TEC
occupancy was observed at 09:00 and 12.00 hrs UTC at the
northwestern part of India with the maximum TEC of 27 TECU
(09.00 hrs UTC) and 23 TECU (12.00 hrs UTC). However,
LSTM model has predicted better TEC values than the ANN
models during 05.00UTC to 15.00 UTC hours. Bi-LSTM model
has forecasted the occurrence of EIA patterns as seen from
the time instant from 05.00 to 15.00 UTC hrs. The exit of
EIA movement is observed at 15.00 hrs UTC with a maximum
VTECU of 20TECu. The bi-LSTM model well forecasts the
movement of exit EIA TEC structures compared with the other
models for quiet day conditions.

Fig. 5(b) shows the absolute difference of ANN, LSTM
models, and proposed regional bi-LSTM maps’ values with
observed TEC values during the quiet day, 20 October 2016.
It is observed that the bi-LSTM results show the lowest TEC
bias values compared with the other models at 05:00 UTC.
The difference of TEC bias values varies between 1 TECU to
2.5 TECU. However, the LSTM model has performed better than
the ANN model with a maximum bias of 4 TECU. Nevertheless,
to say that bi-LSTM model bias TEC values are lower than
the other models with a maximum of 2 TECU occurred at IGP
location 15° N and 90° E and 2.5TECu at 35° N and 80° E during
15:00 UTC hours, correspondingly.

The ionospheric forecasting model TEC results for the dis-
turbed day (14 October 2020) are shown in Fig. 6(a). The entry
of EIA phenomena is noticed at 5.00 hrs UTC with a maximum
of TEC of 20 TECU in the central part of India. The depleted
EIA is passing over the southern part of Indian near to crest and
is observed at 09.00 hrs TEC with a maximum TEC of 34TECU
using the ASHF model. The bi-LSTM model predicted the fully
EIA occupancy during 09:00 hrs UTC. The ANN and LSTM
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models have overestimated the TEC values compared with the
ASHF TEC values.

Fig. 6(b) shows the absolute difference of ANN, LSTM
model, and the proposed regional bi-LSTM TEC maps for the
geomagnetically disturbed day (14 October 2016). Itis observed
that the bi-LSTM model yields low forecasting bias (1 TECU to
3.5 TECU) compared with ANN and LSTM models. However,
the biases of LSTM and ANN models are varied up to 15 TECU
at 05:00 UTC hours, 09:00 UTC hours, 12:00 UTC hours, and
15:00 UTC hours, respectively. Also, the LSTM model performs
better than the ANN model with maximum bias TEC values
of 4 TECU. It is evident that the maximum bias values of the
bi-LSTM model are 3 TECU at IGP (15° N and 90° E) during
05:00 UTC hours and 2.5 TECU at IGP (35° N and 80° E) during
15:00 UTC hours, respectively.

The northern crest EIA variations for Indian latitudes over
meridional cross section at 80° E longitude for a quiet day (20
October 2016) is shown in Fig. 7. The LSTM model estimated
the northern EIA from the crest to trough at 10:00 hrs UTC.
Bi-LSTM predicted the maximum TEC (45TEC) at 25° latitu-
dinal bands indicating the regular formation of northern EIA
structure for quiet day conditions. Fig. 8 gives the temporal ETA
variations of ANN, LSTM, and bi-LSTM forecasting results
for the geomagnetically disturbed day. All the models captured
the early movement of EIA that occurred at 09.00 hrs UTC.
However, the bi-LSTM model has predicted EIA TEC structures
depleted and downward shift compared with the ASHF model.
Fig. 9 shows the Skill scores of bi-LSTM, ANN, and LSTM
models overall testing period.

From Fig. 9, itis evident that all modes forecasting skill scores
1 is greater than 1 and forecasting skill scores 2 is greater than
0. The bi-LSTM model skill scores 1 and 2 are the low values of
1.3 and 1.7. The forecasting skill results reveal that the bi-LSTM
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forecasting model has improved predicting the TEC response
compared with the other selected ionospheric models.

Fig. 10 shows a comparison between the Indian regional
ionospheric forecast TEC maps with and without solar and
geomagnetic indices as input to bi-LSTM, during quiet day,
(20 October 2016) and disturbed days (14 October 2016) at
09:00 UTC hours. The regional ionospheric forecast TEC maps
with solar and geomagnetic indices as input to bi-LSTM can
be slightly better than without solar and geomagnetic indices as
input to bi-LSTM.

IV. CONCLUSION

A DL algorithm based on bi-LSTM is performed for fore-
casting ionospheric TEC values over the Indian region using 26
dense GPS station network data. The gridded TEC time-series
dataset is analyzed from November 2015 to October 2016 with
one-hour ahead of forecasting. The long-term data from Novem-
ber 2015 to September 2016 over the Indian region are used
to implement and test the performance of the proposed model.
The two LSTMs for forward and backward connection pass the
spatial and temporal information, leading to improved bi-LSTM
compared with the ANN and LSTM models. The bi-LSTM
model well predicts the quiet time regular northern EIA TEC
structures and is reasonably predicted by ANN and LSTM. Fur-
thermore, the bi-LSTM model can capture the downward shift
of depleted EIA TEC structures on geomagnetically disturbed
conditions. The regional ionospheric forecast TEC maps with
solar and geomagnetic indices as input to bi-LSTM are slightly
better than without the solar and geomagnetic indices as input
to bi-LSTM. The preliminary results confirm that the bi-LSTM
model improves efficiency by exploring both the past and future
information. The data patches in terms of artifacts are noticed
over the Indian region and may be due to the data sparsity and
low-order ASHF model limitations. The data sparsity and ASHF
model limitations will be handled by employing an assimilation
or ML approach. In the future, the present work will be extended
to develop a DL-aided web-based ionospheric forecasting sys-
tem for GNSS users.
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