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Abstract—The ionosphere, a part of upper atmosphere, plays an important role on the propagation of radio
waves. Hence, understanding, remote sensing and monitoring of the ionospheric phenomena can provide a
compressive description to the physical process that are affected by the behavior of ionosphere. One of
descriptive quantity of ionosphere is Total Electron Content (TEC). TEC is the total number of electrons
integrated between two points and characterized by observing carrier phase delays of received radio signals
transmitted from satellites located above the ionosphere, often using Global Positioning System (GPS) sat-
ellites. In this study, TEC is predicted from TEC estimates obtained from GPS network located in Turkey in
space and time using an Adaptive Data Fusion Technique (ADF). It is observed that characteristic distribu-
tions of the predict TEC and original TEC values are similar with each other. Mean Square Errors are less
than 4 TECU. ADF has a high performance for the spatio-temporal prediction when the results are compared
with the techniques used in the related studies in the literature.
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1. INTRODUCTION

Ionosphere in an interaction layer between the
earth’s neutral atmosphere and the sun which lies
between 50 and 1000 km altitudes of atmosphere. The
ionosphere is significantly ionized by solar radiation
and free electrons in the ionosphere have a unique
importance in the radio communication. The radio
waves reach the larger distances by reflecting from the
ionosphere. Also, the ionosphere is significant error
source for satellite based communication, positioning
and navigation systems and detrimental effects on the
amplitude and phases of received signals. However,
these errors can be reduced by some models in order to
study the temporal and spatial variations of the iono-
sphere. The performance of the communication sys-
tems can provide the predicting of the ionospheric
parameters and variability. Empirical models of the
ionosphere are widely used to organize radio commu-
nication and to solve the direction finding and radio
location problems. Troitsky et al. (2007) demonstrated
that these models depend on the trajectory calcula-
tions and make it possible to easily calculate necessary
signal characteristics.

Solar, geomagnetic and gravitational activities
cause some anomalies which have some effects on
space based communication, navigation and position-
ing systems. Afraimovich et al. (2013) proposed a tech-

nique that can be used to analyze the state of near-
Earth space interaction and the spectrum and compo-
sition of the ionospheric disturbances caused by solar
eclipses, solar f lares and geomagnetic storms and they
show that the ionosphere displays significant changes
during the geomagnetic storms and Solar Flares (SFs).
As a result of a magnetic storm, large-scale Total Elec-
tron Content disturbances occur almost simultane-
ously in the ionosphere both in the Northern and
Southern Hemispheres. Karatay et al. (2017) shows
that there is a positive linear relation between the Sun-
spot Number (SSN) and TEC. Increase in solar activ-
ity results in increase in spread and metric distances
between different regions at mid-latitudes and differ-
ent years of solar maximum (especially during winter
solstice and autumn equinox). As given in studies such
as Calais and Minster (1995), Pulinets et al. (2006), it
has been observed that seismic activity can cause devi-
ations in the ionospheric plasma that can be detected
as disturbances. As given in Polekh et al. (2006), ion-
ospheric disturbances show a complicated complex of
events depending on many factors such as parameters
of the interplanetary magnetic field, intensity of the
geomagnetic storm, coordinates and local time of the
observation point. These disturbances can be catego-
rized with respect to their amplitude, duration and fre-
quency. Ionospheric researches have greatly utilized
from the space program with the related development
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of instruments for ballons, rockets and satellites. The
combination of remote sensing and direct measure-
ments are important for characterizing the ionosphere
and communication, navigation and positioning sys-
tems as discussed in Kelly (2009).

The ionospheric irregularities are described mainly
by the electron density distribution that can character-
ize the variations and disturbances of ionosphere.
Radio propagation in magnetized plasma depends on
electron density and magnetic field along propagation
path. One of the most important ionospheric parame-
ter, which is a function of the electron density, is Total
Electron Content (TEC). TEC, which is defined as
the line integral of electron density on a given ray path,
is an observable parameter that can be estimated from
ground based Global Navigation Satellite System
(GNSS) receivers. The unit of TEC is TECU that is
1016 electrons per square meter described in Hofmann
et al. (1992) and several papers (McNamara, 1994;
Kouris et al., 2005; Kim and Tinin, 2007). Global
Positioning System (GPS) is the prominent system
that is used in estimation of TEC. The observing car-
rier phase delays of received signals transmitted from
GPS satellites located above the ionosphere are used
in the estimating GPS-TEC. Kim and Tinin (2007)
presented that the error of range determination intro-
duced by the ionosphere reaches 20–30 m under quiet
conditions and considerably increases during geomag-
netic storms. In the dual frequency method, the phase
and (or) group paths of a GPS signal are measured at
two frequencies. Using the known dependence of
these characteristics on frequency, one subsequently
finds two quantities: range and Total Electron Content
along a line of sight of a GPS receiver and a GPS trans-
mitter. In GPS-TEC computation it is defined that the
Slant TEC (STEC) is the linear integral of the electron
density along any satellite-receiver ray path as given in
studies such as Arikan et al. (2004), Arikan et al. (2008),
Nayir et al. (2007) and Brunini and Azpilicueta
(2010). GPS observations can provide very precise
estimation of the STEC. The TEC in the local zenith
direction at the ionospheric pierce point is known as
Vertical TEC (VTEC). STEC is converted to VTEC
using a mapping function that is discussed in detail by
Arikan et al. (2003), Arikan et al. (2004), Arikan et al.
(2008) and Nayir et al. (2007). There are techniques
based on different free-to-use software in the literature
as given in studies such as Arikan et al. (2003),
Yasyukevich (2015), Seemala (2017) that are used for TEC
estimation. In this paper, the VTEC data with 2.5 min
time resolution is computed using IONOLAB-TEC
technique. IONOLAB-TEC is state-of-the-art signal
processing technique for GPS-TEC estimation for a
single station. IONOLAB-TEC provides accurate,
reliable and robust GPS-TEC estimation with some
limit for any high latitude, midlatitude, or equatorial
GPS station (www.ionolab.org). Current version of
IONOLAB-TEC, which can be used online or can be
downloaded from www.ionolab.org site as *.exe for-
GEOMA
mat, can estimate GPS-TEC in the temporal resolu-
tion of any RINEX file. IONOLAB-TEC can be esti-
mated in enough accuracy with 30 s and 2.5 min.

Total Electron Content also shows significant vari-
ations in both space and time depending on solar and
geomagnetic conditions discussed in detail by Rish-
beth and Garriott (1969) and Kelly (2009), geographic
location and seasons as discussed in Karatay et al
(2017) and strong seismic activity given in detail by Liu
et al. (2004), Liperovsky et al. (2008) and Karatay et al.
(2010). Astafyeva and Heki (2011) showed that even
under solar minimum, the main driver for the iono-
spheric disturbance is the geomagnetic activity. Space
weather effects mostly produce significant changes in
TEC distributions, even during solar minimum.
Perevalova et al. (2010) demonstrated that the atmo-
spheric winds significantly affect to the day-to-day
variability of TEC. Abnormal diurnal variations in
TEC distributions (evening maximum, near-noon
minimum) are observed at mid and high latitudes
under the influence of the atmospheric wind. These
conditions have negative effects also on the navigation
systems. GPS signals are affected by multipath, envi-
ronmental or physical conditions and various disrup-
tions of data or problems like cycle slips that may occur
in the estimation of TEC. At the same time, the
receiver hardware can cause TEC to be computed in
discrete epochs. State-of-art receiver can measure sig-
nals with 100 Hz cadence, which is more than enough for
studying ionospheric processes. There are many alterna-
tive models that are developed in literature for providing
the lack of data due to the discrete epochs and the exact
data such as Mannucci et al. (1998), Iijima et al. (1999),
Teunissen and Odijk (2003), Arikan et al. (2011) Deviren
et al. (2013) and Tuna et al. (2015).

Forecasting and nowcasting of TEC are important
in the planning and operation of Earth-space and sat-
ellite-to-satellite communication systems. Therefore,
several papers are devoted to predicting of TEC in
space and time. One of the parameter estimation
method, namely Adaptive Data Fusion (ADF), is
close in the nature to the Random Forest technique
that is used for temporal prediction of TEC by Zhukov
et al. (2018). Adaptive Data Fusion (ADF) is described
as a multilevel, multifaceted process that is dealing with
the automatic detection, association, correlation, estima-
tion, and combination of data and information from sin-
gle and multiple sources which is divided into four steps,
namely object refinement, situation assessment, threat
assessment and process refinement (Klein, 1993). In this
study, an ADF algorithm is developed for prediction of
TEC, which is based on IONOLAB-TEC software,
combined with weights updated band on the gradient
of the error. TEC data used in this study is obtained
from Turkish National Permanent GPS Network
(TNPGN-Active) stations during May and October of
2010 and May and October of 2011. ADF is used for
the first time in the literature in this context. Results
are made separately in time and space. The Adaptive
GNETISM AND AERONOMY  Vol. 59  No. 8  2019
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Data Fusion (ADF) Technique used in the study and
the results are presented in Sections 2 and 3, respec-
tively.

2. ADAPTIVE DATA FUSION TECHNIQUE

Adaptive Data Fusion (ADF) is a linear combining
algorithm for subdata that is developed for many
applications. For example, Benaskeur and Rheaume
(2007) showed that ADF can be used in distributed
military surveillance operations, at both the tactical
and operational levels. A more robust algorithm for
data fusion in presence of all uncertainties is needed in
this technique. Wu et al. (2014) investigated three
adaptive methods and showed that data fusion is an
effective approach because of the large number of
competitive techniques. As reported in Linas and
Singh (1998) and Hong (1991), by reducing uncer-
tainty in the existing pieces of information and provid-
ing means to conclude about the missing pieces, data
fusion processing supports the decision-makers in
compiling and analyzing.

In the literature such as Gunay et al. (2012), Erken
et al. (2016), and Karaman et al. (2018), an online
learning structure is used for various image analysis
and computer vision applications. Data are linearly
combined with weights according to an active fusion
method based on performing orthogonal projections
onto convex sets describing these values. The pre-
dicted data are obtained by weighting and combining
from other data which are correlated with the missing
data. The error term is acquired with the gradient of
the difference between each predicted and available
data. The weighted values in data are regenerated
according to the contribution of an increase or a
decrease in the error term. Initially, the weights are
accepted as equal and then they are regenerated using
ADF algorithm.

Let  represent the set of VTEC data of length
N at time step  estimated for day d of any receiver  as:

(1)

where  is the transpose operator.  is the window
size that can be defined as the number of the previous
days used for the temporal prediction of a day . In
order to predict the value at any time step,  values of
vectors  for the window size  are obtained as
follow:

(2)

The current weight vector can be defined as (Erken
et al., 2016):

( )u dy
n u

( )
( ) ( ) ( )[ ]1,   ,   , ,

u
T

u u u

d

y d y n d y N d= … … … … … …

y

T M

d
n

( )u dy M

( )
( ) ( ) ( )[ ]

,

,1 ,   , .
u

T
u u u

n d

y n y n d y n M= … … … … … …

y

GEOMAGNETISM AND AERONOMY  Vol. 59  No. 8 
(3)

Using Equation 3, the estimate of compound value
 of any sample at any time step is defined as

follow (Erken et al., 2016):

(4)

The error  and the minimizing mean square
error of regenerated weights can be defined as follows,
respectively (Erken et al., 2016):

(5)

(6)

where  is the expectation operator. In order to obtain
minimum value of , Equation (6) is derivatived with
respect to weights and equal to zero (Erken et al., 2016):

(7)

Thus, a set of  equations are obtained, namely
Weiner Solution. The gradient in Equation (7) can be
used in steepest descent algorithm in order to obtain
an iterative solution to the minimisation problem in
Equation (6) as follow (Erken et al., 2016):

(8)
In the above equation, the step size can be replaced by
(Erken et al., 2016):

(9)

where  is the update parameter. Then Equation (8)
can be re-written as in Normalized Least Mean
Square Algorithm (N-LMS) as defined earlier by
Haykin and Widrow (2003) as follow:

(10)

This algoritm provides the controlled feedback mech-
anism based on the error term. Weights of the data are
adaptively regenareted according to Equation (10).

In order to measure the errors or deviations between
the predicted and real values, Mean Square Error ( )
is obtained as follow (Erturk et al., 2008):
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Fig. 1. TNPGN-Active GPS stations located in Turkey in a 2.5° by 2.5° resolution in latitude and longitude, respectively. The
station with red star is chosen for the predicted station and the stations with blue stars are used for the prediction.
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VTEC from GPS mesaurements for receiver  and day .
 is the total number of samples in a day. For the predic-

tion in space, ,  and  are
computed for any u station, respectively.

3. RESULTS AND DISCUSSION

The technique described in Section 2 is applied to
TEC data to predict the Vertical Total Electron Con-
tent (VTEC) in space and time. The raw data for cor-
responding GPS stations in the region of the interest
are obtained from Turkish National Permanent GPS
Network (TNPGN-Active) during May and October
of 2010 and 2011. The geographical locations of repre-
sentative stations are shown in Fig. 1 and Table 1 in
alphabetical order. The VTEC values for each station
are estimated using IONOLAB-TEC technique, a
high resolution, reliable and accurate GPS-TEC esti-
mation algorithm developed by IONOLAB group as

u d
N

( )ˆ ,d n uy ( ),d n uw ( ),dMSE n u
GEOMA

Table 1. Locations of the selected TNPGN-Active receivers

Station Station Code Latitude, °N Longitude, °E

Aksaray aksr 38.22 33.59
Ardahan ardh 41.06 42.41
Çankiri cank 40.36 33.36
Catak catk 38.00 43.03
Edirne edir 41.40 26.33
Kastamonu kstm 41.22 33.46
Mugla mugl 37.12 28.21
defined in detail by Arikan et al. (2003), Arikan et al.
(2007), Nayir et al. (2007), Sezen et al. (2013) and cur-
rently available at www.ionolab.org.. The prediction is
obtained separately in time and space.

In Figure 2, a block diagram is given for the tempo-
ral prediction.  in the block diagram represents
the VTEC values belonging to the same time in previ-
ous days for the time to be estimated. Estimated VTEC
values of this time is obtained by weighting with ADF
technique.  is the window size and it indicates that
the prediction method will use the VTEC value for the
number of days before the estimated day. Initially, the
weights are accepted as equal to . The weights are
updated according to the contribution of an increase
or decrease in the error term. The error term  is
obtained with the difference between the intrinsic
value and the predicted value at any time. Then, they
are updated using the ADF algorithm during the test.
Since weight values are initially considered equal and
constantly updated for every new day to be estimated,
the prediction starts a few days before. In the spatial
prediction, VTEC values of the desired station are pre-
dicted from VTEC values of the stations to be used in
the prediction for each time to be estimated by weight-
ing with ADF technique. Here, the window size  is
the number of the stations that will be used in the pre-
diction. The weight values obtained from recent days
using VTEC values are used to predict the VTEC val-
ues of the station that will be predicted.

In the temporal prediction, VTEC values of kstm is
predicted using Equation 4. There are two chosen
periods between May 08 and 17, 2011 and October 16
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Fig. 2. Block diagram for temporal prediction.
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0.5 where the error  has the smallest value. First,

the algorithm accepts that the weights are equal and
updated according to the error term. The first 10 days
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Fig. 3. 10-days distributions of the temporal-predict

10

15

20

25

30

40

35

1 2 3 4

May 10

T
E

C
 (

T
E

C
U

)

starting from 20 days before the day to be predicted are

used for the training and the last 10 days are used for

the prediction. Since the weights should reach the

appropriate value, the first 10 days in this study are

accepted for educational purposes and not taken into

consideration. It is observed that the predictions in

this period are close to intrinsic values. Mean Square

Errors (MSE) vary between 2 and 3.5. As an example to

this result, in Figs. 3 and 4, the distributions of predicted

values and real TEC for kstm are given for May 8–17,

2011 and October 16–25, 2011, respectively. 2011 can

be accepted as solar maximum year. Sun Spot Num-

bers (SSNs) are 41.6 and 88.0 on May and October,

respectively (https://www.ngdc.noaa.gov/stp/space-

weather/solar-data/solar-indices/sunspot-numbers).

Kp and Ap indices reach up to 5 and 16 on April 20;

5 and 24 on April 30; 5 and 20 on May 2

(ftp://ftp.swpc.noaa.gov/pub/indices/old_indices/).

Maximum observed MSE value on May 10 shown with

an arrow in the figure and greater difference between the

predicted TEC and the real TEC in Fig. 3 can be due to

the previous geomagnetically disturbed days.

Figure 4 shows the 10-days distributions of the tem-

poral-predicted TEC and real TEC between October 16

and 25, 2011. Kp and Ap indices reach up to 8 and 67 on

September 26; 7 and 30 on September 27; 7 and 23 on

October 24; 6 and 25 on October 25, respectively

(https://www.ngdc.noaa.gov/stp/space-weather/solar-

data/solar-indices/sunspot-numbers). These differ-

ences observed on October 21 and 25 that are demon-

strated with arrows in Fig. 4, can also be due to the

intense geomagnetic activity. Maximum MSE is

observed on October 25 in this period. The other pre-

dicted values are close to real TEC estimates both in

May and October periods. Thus, the ADF can be

accepted as the susceptible tool for seeing the geomag-

netic disturbance. According to the MSE values calcu-
 2019

ed TEC and real TEC between May 08 and 17, 2011.

5 6 7 8 9 10

Real TEC (kstm)

Predicted TEC (kstm)

Days



976 FARUK ERKEN et al.

Fig. 4. 10-days distributions of the temporal-predicted TEC and real TEC between October 16 and 25, 2011.
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lated for prediction in time, ADF can be successful
tool to use for the temporal prediction.

In the spatial prediction, TEC values for kstm is
predicted using data from 6 TNPGN-Active stations
given in Fig. 1 for 10 days for two periods between May 2
and 11 and October 2 and 11, 2010, respectively. The
window size equals to the number of the chosen sta-
tions in this group of the application. So the window

size  and the updating parameter  are chosen as 6
and 0.5, respectively. Initially, one-day TEC estimates
for the central station kstm before 10 days used for the
spatio-prediction are inputted to the algorithm for the

training. First value  of TEC data is weighted

by . For the next , the ADF algorithm and TEC

estimates of kstm are multiplied by the weights. The
weights are continuously updated depending on

 obtained by the comparison of the 

with . Thus, the weights computed for all  of

a day are used for the spatio-prediction of the follow-
ing 10 days. In order to verify the results, TEC esti-
mates from one of the receivers given in Fig. 1 is chosen
as central station to control the predicted TEC. The
spatio-prediction is based on the remaining six sta-
tions. TEC data predicted from the ADF algorithm
using six stations are compared with the original TEC
estimates for the central station with using Equation
(11). This validation is also checked for the temporal
prediction. TEC predictions are compared with the
actual 10-days TEC estimates for the central station
using Equation (11).

In the spatial prediction, it is observed that the pre-
dicted TEC has very close values to TEC although MSEs
in spatio-prediction are greater than those in the tempo-
ral-prediction. SSNs are 8.7 and 23.5 on May and Octo-
ber 2010, respectively (https://www.ngdc.noaa.gov/
stp/space-weather/solar-data/solar-indices/sunspot-
numbers). 2010 is a solar minimum. Maximum values

M μ
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1 M n
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of Kp and Ap indices are 4 and 13 on May and 4 and
14 on October, respectively (ftp://ftp.swpc.noaa.gov/
pub/indices/old_indices/). There is no too much dif-
ference observed between the predicted TEC and the
real TEC. In Figs. 5 and 6, distributions of the pre-
dicted TEC obtained using data from six stations
located at corner regions and middle zone of Turkey
and real TEC are presented for May 2–11 and Octo-
ber 2–11, 2010, respectively. It is observed from two
figures, the predicted TEC and the real TEC match
with each other. Characteristics of the distribution of
real TEC values occur in the predicted values. So the
ADF algorithm can be used for the spatio-prediction.

Table 2 shows the Mean Square Errors (MSEs) both
for spatio and temporal predictions. Both for spatio and
temporal predictions, MSEs are less than 4 TECU. Can-
der (2003) focused on the mapping and forecasting of
the ionospheric space weather conditions in near-
real-time over Europe. The prediction error in this
study is less than 4 TECU. Habarulema et al. (2011)
analyzed this problem based on neural networks. They
demonstrated that temporal extrapolation is better
during quiet periods than magnetic storm periods.
Zhukov et al. (2018) used the Random Forest tech-
nique for the temporal prediction of TEC. In this
paper, the error is obtained 2 TECU for machine
learning based models and 4 TECU for linear regres-
sion model. In Tulunay et al. (2004), the prediction of
TEC is performed with neural network based models.
Absolute error is less than 7 TECU and cross correla-
tion coefficients are greater than 0.8. In Garcia-Rigo
et al. (2011), VTEC is predicted using Discrete Cosine
Transform (DCT), which is widely used in image
compression. The errors in the related study vary
between 2 TECU and 4.56 TECU.

When the Mean Square Error values provided in
Table 2 are compared with the results of the studies
mentioned above, it is observed that ADF algorithm is
GNETISM AND AERONOMY  Vol. 59  No. 8  2019
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Fig. 5. 10-days distributions of spatio-predicted TEC and real TEC between May 02 and 11, 2010.
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Fig. 6. 10-days distributions of spatio-predicted TEC and real TEC between October 02 and 11, 2010.
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Table 2. Daily Mean Square Errors

Days

Mean Square Error (TECU)

spatial temporal

May 02–11

2010

Oct. 02–11

2010

May 08–17

2011

Oct. 16–25

2011

1 3.1172 3.0261 3.1093 3.0938

2 3.1341 2.9988 2.4762 2.8182

3 2.9085 2.9497 3.3277 2.8850

4 3.1226 2.9005 2.9598 2.0396

5 3.0019 2.9404 3.1747 2.2410

6 2.9821 2.8392 2.6564 3.0174

7 3.0418 3.0412 2.3740 2.3597

8 3.5224 3.0390 2.9654 2.6479

9 3.2982 3.1746 2.5257 3.1345

10 3.4123 2.9735 2.5550 3.0949
more successful than the techniques used in these
studies. It can be said that ADF has a high perfor-
mance for the spatio-temporal prediction. When the
temporal and spatial predictions are compared with
each other, it is observed that ADF is more successful
tool in making temporal predictions according to the
MSE values in Table 2.

The results presented in this section indicate that
the ADF technique is a successful technique for the
spatio-temporal prediction of Vertical Total Electron
Content obtained from GPS receivers. The ADF algo-
rithm can help to reduce the computational complex-
ity for the prediction and be used to reconstruct GPS-
TEC.

4. CONCLUSION

In this paper, an Adaptive Data Fusion technique is
tested for the spatio-temporal prediction of GPS-
GEOMAGNETISM AND AERONOMY  Vol. 59  No. 8  2019
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TEC. This technique is used in two groups of application.
In the first group of the application, the temporal-pre-
diction is obtained using data of previous 10 days. The
updating parameter  is chosen 0.5 where the error

 has the smallest value. The chosen year for the

prediction is the solar maximum year. Although iono-
sphere is geomagnetically disturbed on May 2011, the
ADF algorithm outputs the predictions in a small-
error range. When the predicted-TEC and actual TEC
data are compared with each other, it is observed that
the characteristics of the predicted TEC and TEC are
similar. Mean Square Errors (MSE) vary between 2
and 3.5 and it corresponds to less than 4 TECU.

In the second group of the application, six GPS
receivers located corner regions and middle zone of
Turkey are chosen for the spatial prediction. One
receiver, namely kstm, is chosen as the central station
to control and compare the predicted-TEC with actual

TEC data. The window size  is 6 that equals to the
number of the chosen stations. The updating parame-

ter  is also chosen 0.5 where the error  has the

smallest value. It is observed that the predicted TEC
has very close values to original TEC although MSEs
in spatio-prediction are greater than those in the tem-
poral-prediction. Chosen year is solar minimum year.
There is no too much difference observed between the
predicted TEC and the real TEC values. Characteris-
tic distributions of the predict TEC and original TEC
are similar with each other. Mean Square Errors
(MSE) also vary between 2 and 3.5 in this group and it
corresponds to less than 4 TECU.

When the Mean Square Error values are compared
with the results in the literature, it is observed that
ADF algorithm is more successful than the techniques
used in the most studies in literature. It can be said
that ADF has a high performance for the spatio-tem-
poral prediction. When the temporal and spatial pre-
dictions are compared with each other, it is observed
that ADF is more successful tool in making the tem-
poral predictions according to the MSEs. It is
expected that the ADF technique used in this study
can be improved when the joint space-time analysis of
ionospheric Total Electron Content is done over a
denser GPS network in Turkey for the future works.
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