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Abstract – This paper addresses the long-term climatology (over two solar cycles) of total electron content

(TEC) irregularities from a polar cap station (Thule) using the rate of change of the TEC index (ROTI).
The climatology reveals variabilities over different time scales, i.e., solar cycle, seasonal, and diurnal
variations. These variations in different time scales can be explained by different drivers/contributors.
The solar activity (represented by the solar radiation index F10.7P) dominates the longest time scale
variations. The seasonal variations are controlled by the interplay of the energy input into the polar cap
ionosphere and the solar illumination that damps the amplitude of ionospheric irregularities. The diurnal
variations (with respect to local time) are controlled by the relative location of the station with respect
to the auroral oval. We further decompose the climatology of ionospheric irregularities using the empirical
orthogonal function (EOF) method. The ﬁrst four EOFs could reﬂect the majority (99.49%) of the total data
variability. A climatological model of ionospheric irregularities is developed by ﬁtting the EOF coefﬁcients
using three geophysical proxies (namely, F10.7P, Bt, and Dst). The data-model comparison shows
satisfactory results with a high Pearson correlation coefﬁcient and adequate errors. Additionally, we
modeled the historical ROTI during the modern grand maximum dating back to 1965 and made the
prediction during solar cycle 25. In such a way, we can directly compare the climatic variations of the
ROTI activity across six solar cycles.
Keywords: Ionospheric irregularities / EOF / modeling / space weather / ROTI

1 Introduction
With increasing human activity in the Polar Regions, both in
the Arctic and in Antarctica, the safety of operations requires
reliable navigation and communication systems. Such systems,
for example, the Global Navigation Satellite System (GNSS),
rely on the space segment and can be vulnerable to space
weather phenomena at high latitudes (Kintner et al., 2007;
Jakowski et al., 2012). The polar ionosphere can be turbulent
and highly structured with signiﬁcant plasma irregularities of
different scales, inﬂuencing trans-ionospheric radio waves
(Yeh & Liu, 1982; Basu et al., 2002). To better understand
the inﬂuence of ionospheric irregularities on the daily usage
*
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of GNSS service, there is a high demand for modeling and forecasting of this phenomenon. It is well-known that ionospheric
irregularities can be very intense, and they frequently occur at
high latitudes (Basu et al., 1985). However, very few models
are capable of accurately describing their spatial extent and
intensity (Secan et al., 1997; Wernik et al., 2007; Priyadarshi,
2015b). Due to the absence of reliable models, users may be
unaware that disruptions should be attributed to ionospheric
disturbances (McGranaghan et al., 2018).
Ionospheric irregularities can be observed using groundbased GNSS receivers. One of the commonly used parameters for monitoring ionospheric irregularities is the rate of
change of total electron content (TEC) index (ROTI) (Pi
et al., 1997). Others use the ionospheric scintillation indices
(Van Dierendonck et al., 1993) from specialized scintillation

This is an Open Access article distributed under the terms of the Creative Commons Attribution License (https://creativecommons.org/licenses/by/4.0),
which permits unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

Y. Jin et al.: J. Space Weather Space Clim. 2022, 12, 23

receivers, which can record the high-rate raw amplitude and
phase data to calculate them. There is still a debate about the
appropriate choice for deﬁning scintillation indices in the highlatitude ionosphere (see, e.g., Forte, 2005). On the other hand,
ROTI can be readily obtained from any dual-frequency GNSS
receiver. Therefore, ROTI has been widely used for monitoring
the global extent and long-term variability of ionospheric irregularities by using worldwide GNSS stations (e.g., Basu et al.,
1999; Cherniak et al., 2014; Jacobsen & Dahnn, 2014; Cherniak
et al., 2018; Jacobsen, 2014; Kotulak et al., 2020).
At high latitudes, ionospheric irregularities and scintillations
have been attributed to speciﬁc ionospheric phenomena such as
storm enhanced density (Wang et al., 2016), the tongue of
ionization (Van der Meeren et al., 2014), polar cap patches
(Jin et al., 2014; Jin et al., 2016), and various auroral dynamic
processes (Jin et al., 2017; Semeter et al., 2017). These abovementioned studies address the plasma instability modes that
are responsible for the development of small-scale irregularities.
However, besides the physical processes involved in the evolution of ionospheric irregularities, it is also important to address
the statistics of ionospheric irregularities and scintillations. Such
statistics include when and where ionospheric scintillations
occur as well as their intensity level. In the era of GPS, some
authors have investigated the climatological characteristics of
irregularities and scintillations in the ionosphere (Spogli et al.,
2009; Li et al., 2010; Alfonsi et al., 2011; Prikryl et al., 2011,
2012, 2015; Prikryl et al., 2012; Moen et al., 2013; De
Franceschi et al., 2019; Kotulak et al., 2020; Meziane et al.,
2021). For example, Li et al. (2010) and Alfonsi et al. (2011)
investigated the climatology of GPS ionospheric scintillations
and irregularities in the Arctic and Antarctic regions. Prikryl
and coauthors studied the climatology of GPS phase ﬂuctuations
using data from the Canadian Arctic sector (Prikryl et al., 2011,
2015), while many others used GPS scintillation data from
Svalbard (Spogli et al., 2009; Moen et al., 2013; Jin et al.,
2018; De Franceschi et al., 2019).
For practical usage, it is also useful to be able to model
ionospheric irregularities with a data-driven empirical model.
In fact, modeling (either physics-based or empirical models) is
an important approach to studying ionospheric variability. For
example, Prikryl et al. (2012, 2013) and tried to forecast the
probability of high-latitude GPS phase scintillation and receiver
signal tracking performance based on the arrivals of solar wind
corotating interaction regions (CIRs) and interplanetary coronal
mass ejections (ICMEs). Priyadarshi (2015b) comprehensively
reviewed the existing climatological models of ionospheric scintillation at high and equatorial latitudes. Priyadarshi (2015a)
developed an ionospheric scintillation model for high- and
mid-latitude based on the B-spline technique, while Meziane
et al. (2021) presented a Bayesian inference-based empirical
model for high-latitude ionospheric scintillations. In this work,
we will study the climatology of ROTI over Greenland and
develop a climatological model of TEC irregularities using
GNSS data from two solar cycles (1999–2021).

was a data gap in March 2015. Therefore, we substitute the
missing data with the data from THU3 that is collocated with
THU2. Figure 1 presents the data coverage (the extent of ionospheric pierce points) of THU2 as a red circle at two times
(15 universal time (UT) and 03 UT). The map is displayed in
magnetic latitude/magnetic local time (MLAT/MLT) coordinates, which are converted using magnetic Apex coordinates
(Richmond, 1995; Emmert et al., 2010). In order to present
the relative location of the data coverage with respect to the
auroral oval, we plot the auroral oval as a green band which
is calculated from the Feldstein model (Holzworth & Meng,
1975). The parameter Q is set to 3 to present moderate geomagnetic activity. As it can be seen from Figure 1, THU2 is a
nominal polar cap station (i.e., poleward of the auroral oval).
At 15 UT, the station is located near magnetic noon, and it is
poleward of the cusp location (~75° MLAT at noon). At
03 UT, THU2 is in the nightside polar cap, and the data coverage is about ~7° poleward of the poleward auroral boundary.
The data from THU2 are downloaded from the IGS website
(ftp://garner.ucsd.edu/pub/rinex), and the data are in RINEX
format at 30 s temporal resolution. Only GPS data are used in
this study. The GPS TEC data can be calculated from the carrier
phase observations at L1 and L2 frequencies using the following formula:
TECU ¼ 9:52  ½ðU1  U2 Þ  Brs  N 

TECU is the slant TEC in a unit of TECU (1 TECU =
1 1016 elm2), and U1 and U2 are the carrier phase observations at L1 and L2 frequencies. Brs are the instrumental
biases (differential code biases) of the GPS satellites and
receiver, and DN is the phase ambiguity. Brs are relatively
stable over several days, and the phase ambiguity is constant
over one continuous tracking arc (i.e., without cycle slips).
From TEC, we can calculate the rate of change of TEC
(ROT) which is the time derivative of TEC:
TECðt þ dtÞ  TECðtÞ
ð2Þ
dt
where dt = 30 s, since we use the 30-s resolution RINEX data.
Note that we use slant TEC to be consistent with (Pi et al.,
1997). In this way, the instrumental biases and phase ambiguity are canceled out. We remove ROT with absolute values
larger than 10 TECU/min to account for possible cycle slips.
In addition, the ROT is smoothed using a median ﬁlter of the
consecutive three data points to further remove the possible
impact of small cycle clips.
When calculating ROTI, we use a similar method as Pi et al.
(1997), i.e., the standard deviation of ROT in a running window
of 5 min:
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
X
u 1 ti ¼tþt=2
2
jROTðti Þ  ROTj
ð3Þ
ROTIðtÞ ¼ t
N  1 t ¼tt=2
ROTðtÞ ¼

i

and ROT is the mean of ROT(ti):
ROT ¼

2 Data and methodology
We use GPS Receiver Independent Exchange Format
(RINEX) data from the Thule station in Greenland. The data
are mainly from THU2 (76.54°N, 68.83°W). However, there

ð1Þ

1
N

ti ¼tþt=2
X

ROTðti Þ

ð4Þ

ti ¼tt=2

where Dt = 300 s, i.e., 5 min.
We also use solar irradiance parameters and geomagnetic
indices to characterize the space environment. The F10.7 index

Page 2 of 16

Y. Jin et al.: J. Space Weather Space Clim. 2022, 12, 23

Fig. 1. The data coverage of THU2 data in geomagnetic latitude/magnetic local time coordinates. The red circle is the data coverage (extent of
pierce points) of GPS data at a cutoff elevation of 30° by assuming pierce points at 350 km altitude. The left panel shows the data coverage at
15:00 UT when THU2 is located around magnetic noon, while the right panel shows for 3:00 UT when THU2 is located around magnetic
midnight. The green shaded area is the auroral oval derived from the Feldstein model for Q = 3.

that measures the total emission at the wavelength of 10.7 cm of
the solar disk is widely used to represent solar activity (e.g.,
Tapping, 2013). For modeling the ionosphere, the F10.7 index
is often used (Bilitza et al., 2011). However, recent studies
suggest that F10.7P “is recommended as a better solar proxy
for common use in that it retains the advantages of F10.7 of a
long-term record and good availability”. F10.7P is deﬁned as
(F10.7 + F10.7_81)/2, and F10.7_81 is the average of the
F10.7 solar ﬂux index in a running window of 81 days (3 solar
rotations) (Rentz & Lühr, 2008; Xiong et al., 2010a). In
addition, the sunspot number is also presented in the present
study.
For the geomagnetic indices, we choose to use the Dst
(Disturbance Storm Time) index. It is an hourly geomagnetic
index that measures the intensity of the globally symmetrical
equatorial electrojet (the “ring current”) and is derived from four
magnetic observatories at low latitudes. The variations of Dst
provide a quantitative measure of the level of geomagnetic
disturbances that can be correlated with other solar and
geophysical parameters. The Dst index can also be used to identify various phases of a geomagnetic storm. The original Dst
index can be downloaded from the World Data Center for
Geomagnetism, Kyoto (http://wdc.kugi.kyoto-u.ac.jp/dstdir/).
For the present study, we use the daily averaged Dst index from
the NASA CDAWeb (https://cdaweb.gsfc.nasa.gov/index.html/).
In order to present the upstream interplanetary magnetic
ﬁeld (IMF), we use the daily average of the total magnetic ﬁeld
(Bt) from the OMNI dataset (King & Papitashvili, 2005).

3 Results
3.1 Typical observations

The GPS data used in this study are collected during two
solar cycles, i.e., it contains completely different states of the
polar cap ionosphere driven by different forcing in terms of
solar irradiance, solar wind conditions, and the strength and orientations of IMF, etc. In order to show the nominal ionospheric

conditions during different phases of solar activity, we present
GPS data during 9 days near solar maximum in 2001 and solar
minimum in 2020. The data are selected during the geomagnetic
quiet condition (daily averaged Kp < 3) to isolate the impact of
geomagnetic storms. We also choose the same season (winter)
to avoid the control of seasonal variations. Figure 2 presents
GPS vertical TEC and ROTI from THU2 in 2001 and 2020
from all available GPS satellites. To calculate the absolute
GPS TEC, the instrumental biases of the GPS satellites and
receiver should be removed (see Eq. (1)). For this purpose,
we extracted the information on instrumental biases from the
Center for Orbit Determination in Europe (CODE) (ftp://ftp.
aiub.unibe.ch). The instrumental biases from both GPS
receivers and satellites are removed from the TEC data in
2020, and thus they are correctly calibrated. However, the
instrumental bias information for the THU2 receiver was not
available in 2001 from CODE, and we use the least-squares
method to estimate the instrumental biases of the GPS receiver
(Bishop et al., 1995). The vertical TEC is converted using a
single layer mapping function by assuming pierce points at
350 km altitude (see, e.g., Mannucci et al., 1998).
Figure 2 clearly presents different states of the polar
cap ionosphere between two years. In 2001, there were
prominent TEC increases around noon and afternoon (increase
from 5 TECU before sunrise to 50 TECU in early afternoon,
i.e., TEC increase = ~45 TECU) every day. This is due to the
diurnal variations of TEC, where the solar EUV ionization
near local noon is the strongest. In 2020, the diurnal TEC
increases were much weaker (TEC increase = 5–8 TECU).
The ranges of ROTI were also quite different for different
years, i.e., ROTI only reached up to ~2 TECU/min in 2020,
while the value of 4 TECU/min was very common in 2001.
This can be explained by a higher background density and
strong forcing by auroral dynamics and ﬂow channels during
solar maximum in 2001. Besides the difference in the magnitude of the diurnal variations, the trend of these variations
was quite similar, i.e., the TEC and ROTI all peaked around
local noon (15–16 UT) with only sporadic increases at other
local times.
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Fig. 2. Examples of vertical TEC and ROTI during different solar activities. (a–b) TEC and ROTI from December 3 to 12 near solar maximum
in 2001. Different colors represent different satellites according to the PRN number in the color bar. (c–d) TEC and ROTI during 9 days near
the solar minimum in 2020.

3.2 Climatology

As shown in the previous sections, the GPS data contains
two solar cycles with variable and sometimes distinctive ionospheric conditions. In this study, we will focus on the long-term
climatology scale and not focus on timescales smaller than a
month. To show the long-term variations, we arrange the ROTI
data into bins of UT and month (1 h in UT for every month).
The mean value in each bin from January 1999 to December
2021 is shown in Figure 3a. Data from two months were missing in the dataset (August in 2000 and April in 2019). Figure 3b
shows the F10.7P index (black) and sunspot number (red). The
F10.7P index and sunspot number show a similar trend in the
solar cycle. Compared to the sunspot number, the F10.7P index
is more commonly used in ionospheric modeling (Xiong et al.,
2010b; Liu et al., 2011).
For the long-term variations, ROTI varied clearly with the
solar activity, i.e., during solar maximums (1999–2003 and
2013–2015), the ROTI values were signiﬁcantly bigger.
Figure 3b shows that the high sunspot number (red) and high
F10.7P index (black) matched with high values of ROTI. This
implies that the most severe space conditions mostly occur
during solar maximums. In addition to the solar cycle dependence, Figure 3a shows clear seasonal variations in the TEC
irregularities. The enhanced ROTI values tended to occur during
the winter period (October–February) and showed a minimum
near June. Also, there were small minima near December in
the middle of the enhanced wintertime ROTI, which is in line
with previous studies (Prikryl et al., 2015; Meziane et al.,
2020b). These features are called the annual variations (wintertime enhancement) and semi-annual variation (local minimum
around December), and they are similar to the statistics of

GPS phase scintillation from Ny-Ålesund at a slightly lower
magnetic latitude (Jin et al., 2018). The ROTI data in Figure 3a
also show a clear diurnal variation, i.e., ROTI is intensiﬁed
around 15 UT (close to magnetic noon), and it remains at high
values until 24 UT during solar maximum. During solar minimum, ROTI only shows a peak around 15 UT from equinoxes
to summer, while the peak shifts to the afternoon and nightside
sector from November to February. This feature is also consistent with the observation in the Canadian sector (Prikryl et al.,
2015; Meziane et al., 2021). THU2 is a polar cap station
(~83.5° MLAT, cf. Fig. 1). Around magnetic noon, the southern
part of the data coverage is closer to the plasma entry region,
i.e., the cusp location (~75° MLAT). Therefore, the plasma that
enters the polar cap can be observed at Thule without obvious
decay in density (Weber et al., 1986). During solar maximum,
the transport of plasma in the form of a tongue of ionization/
polar cap patches is the most prominent (Basu et al., 1985;
Foster et al., 2005). Due to the relatively high latitude of the
Thule station, the nominal nightside aurora is not expected to
affect the observed ROTI.
Figure 3c shows the Dst index and IMF strength (Bt). The
Dst index is commonly used to measure the intensity of
geomagnetic storms (see e.g., Borovsky & Shprits, 2017 for
the history and limitations of the Dst index). During geomagnetic storms, the status and variability of the ionosphere can
be greatly affected (Buonsanto, 1999). During the peak of solar
cycle 23 (2001–2003), there were a few severe geomagnetic
storms (Dst was below 200 nT). Even the monthly averaged
Dst index reached as low as 50 nT in 2002. The high-latitude
ionosphere is directly coupled to the solar wind and IMF. The
high-latitude convection patterns and the plasma transport are
greatly modulated by the strength and orientation of the IMF.
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Fig. 3. (a) The averaged ROTI in bins of 1 h in UT and 1 month. (b) The F10.7P index (black) and monthly averaged sunspot number (red).
(c) The monthly averaged Dst index (black) and the total interplanetary magnetic ﬁeld (red).

The IMF does not simply follow the solar cycle. Strong IMF is
generally associated with the Coronal Mass Ejection (CME) and
CIR. However, the statistical distribution of CMEs and CIRs
are different with respect to the phases of a solar cycle (e.g.,
Tsurutani et al., 2006). Therefore, the IMF strength displays different variations in comparison to the sunspot number (solar
cycle). Consequently, it is not redundant to include the IMF
in describing the variability of the polar ionosphere.
3.3 EOF decomposition

Next, we describe how to decompose the climatological
variations of ROTI into several main components. The empirical orthogonal function (EOF) method has been widely used to
analyze the spatial and temporal variations of the atmosphere
and ocean (Lorenz, 1956). It has been used in developing empirical models of the ionosphere (Dvinskikh & Naidenova, 1991).
For example, the EOF analysis model has been successfully
used to develop the global models of hmF2, foF2, and TEC
maps (Zhang et al., 2009; A et al., 2011, 2012). Using the
EOF method, the interested dataset can be effectively decomposed into a series of orthogonal base functions with corresponding EOF coefﬁcients. These base functions are directly
calculated from the original dataset, and they can reﬂect the
inherent features of the original data. In addition, the advantage
is that the EOF method converges very quickly, and only the
ﬁrst few EOFs can reﬂect the majority of the total data
variability.
We use the climatological data of ROTI from 2000 to 2020
to develop the EOF model, while the data in 1999 and 2021 are
only used for validation purposes. The climatology of ROTI is
expressed by a 2-D matrix in UT and month (24  252) (cf.
Fig. 3a). As shown in the previous section, ROTI shows solar
cycle, seasonal and diurnal variations. The ﬁnal model should

also reﬂect temporal variations in these timescales. Using the
EOF method, ROTI can be decomposed into the product of a
series of orthogonal base functions (Ei) and the corresponding
coefﬁcients (Ai):
ROTIðUT; mÞ ¼

24
X

Ei ðUTÞ  Ai ðmÞ:

ð5Þ

i¼1

Table 1 presents the percentage of total ROTI variability
captured by the ﬁrst four EOFs. Clearly, the ﬁrst order EOF
contributes to the majority (96.25%) of the total ROTI variability. The EOF converges very quickly, and the ﬁrst four order
EOFs contribute to 99.49% of the total variability. We, therefore, use the ﬁrst four EOFs to build the climatological model
of ROTI in the following.
The ﬁrst four EOF functions and coefﬁcients are presented
in Figure 4, where the EOF base functions are shown on the left,
and the corresponding coefﬁcients are shown on the right. In
addition, we also plot the mean ROTI in terms of diurnal variations in the top left panel of Figure 4. The mean ROTI represents the averaged behavior over all solar activity and seasons. It
shows a minimum value at 6 UT, and it increases quickly from
12 UT to reach a peak at 15.5 UT (close to magnetic noon). The
ﬁrst base function E1 is similar to the averaged diurnal variations of ROTI and it shows the same trend as the averaged
ROTI. The ﬁrst coefﬁcient A1 shows a similar trend as the mean
ROTI over all UT. It reﬂects the solar activity and seasonal variations of the ROTI activity. The ﬁrst EOF coefﬁcient A1 was the
highest during solar maximum (2000–2003 and 2012–2015),
and it was the lowest during solar minimum. In addition, the
seasonal variations were also very clear, i.e., A1 was the highest
near December solstices. This behavior is similar to the seasonal
variations of ROTI and GPS scintillations at high latitudes (e.g.,
Prikryl et al., 2015; Jin et al., 2018; Meziane et al., 2020b).
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Table 1. The percentage of data variability captured by the ﬁrst four Empirical Orthogonal Functions (EOFs)
EOF
Percentage of variability
Cumulative percentage of variability

1

2

3

4

96.25
96.25

2.34
98.59

0.71
99.30

0.19
99.49

Fig. 4. The decomposed base functions (left column) and the associated coefﬁcients (right column). The mean of ROTI data over all months is
also presented in orange in the top left panel. The mean ROTI over all hours is plotted as an orange curve in the top right panel.

The second base function E2 can be regarded as deviations
from the averaged diurnal variations of ROTI and the ﬁrst base
function E1. The second EOF coefﬁcient A2 represents the semiannual variation, and it peaks around equinoxes. This behavior
reﬂects typical characteristics of the high-latitude plasma
irregularities, i.e., there is a small decrease in the amplitude of
irregularities near December solstices. This is due to the decrease
of the background electron density because of the low photoionization rate during the deep polar night. To explain the
deviation of the second EOF base function from the averaged
diurnal variation of ROTI, we show in Figure 5 the averaged
ROTI in summer (May, June, and July) and winter (November,
December, and January) months. Clearly, the mean ROTI is
different between summer and winter, i.e., ROTI was higher,
and it peaked at a later time (19.5 UT, evening side) in winter.
This effect can be explained by the impact of solar illumination
(Kelley et al., 1982; Jin et al., 2018). The sunlight can ionize the
E region ionosphere and enhance the E region conductivity
and the conducting E region can short circuit the F region irregularities by plasma diffusion (Vickrey & Kelley, 1982; Ivarsen
et al., 2019). Therefore, the mean ROTI is lower in summer,
and the wintertime ROTI peaks at later local time when the solar

illumination is weaker. In addition, the solar insolation during
summer can create new ionization and smooth the existing
horizontal gradients in the whole polar cap. Consequently, there
is a minimum in the observations of polar cap patches (or tongue
of ionization) in the polar ionosphere during summer (Wood &
Pryse, 2010; Spicher et al., 2017; Jin & Xiong, 2020). This can
also explain the lower ROTI values in summer. Therefore, the
second EOF base function presents the deviation of the
wintertime ROTI from the averaged diurnal variations of ROTI.
ROTI peaks at later local time, and this deviation is most prominent during December solstices (winter).
The third and fourth EOFs only contribute 1% of the total
ROTI variability, and the corresponding coefﬁcients show some
seasonal variations. However, it is difﬁcult to explain the related
sources/mechanisms for the two minor components.
Next, we ﬁt the EOF coefﬁcients using the solar ﬂux
(F10.7P index, sunspot number), solar wind conditions
(solar wind speed, dynamic pressure, IMF, and Interplanetary
Electric Field (IEF)), geomagnetic indices (Kp index, Dst index,
Ap index, AE indices, and Polar Cap index). These geophysical
parameters were obtained from the NASA CDAWeb. The highlatitude ionosphere is directly coupled to the solar wind and
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Fig. 5. The mean of ROTI data over all winter (November, December, and January) in black and summer (May, June, and July) months in
blue. The mean ROTI over all seasons is also presented as a thick red line.

magnetosphere. We also calculate the correlation with the solar
8=3
,
wind-magnetosphere coupling function as V 4=3 B2=3
t sin ðhc Þ
where hc is the clock angle of IMF, and V is the solar wind
speed (Newell et al., 2007). The selected parameters and their
correlation with the ﬁrst four EOF coefﬁcients are presented
in Table 2. The correlation coefﬁcients are obtained by correlating each EOF coefﬁcient with the monthly averaged geophysical parameters. In Table 2, for the ﬁrst EOF coefﬁcient, we also
highlight the three highest correlations (except the sunspot
number) that reﬂect the main contribution. The ﬁrst EOF
coefﬁcient is mainly driven by the F10.7P index, total IMF
strength (Bt), and Dst index. Both F10.7P and the sunspot
number can reﬂect solar irradiance. Due to the close relation
and high correlation coefﬁcient (0.98) between F10.7P and sunspot number (cf. Fig. 3b), we only use F10.7P as it gives a
higher correlation coefﬁcient with A1 (0.86 for F10.7P versus
0.81 for the sunspot number). The other two parameters are
chosen to reﬂect the control of IMF and geomagnetic storms.
Note that there are many geomagnetic indices, such as Dst,
Kp, Ap, and AE indices, to characterize geomagnetic storms
and substorms (see e.g., Borovsky & Shprits, 2017). However,
we choose to use the Dst index as it gives a higher correlation
coefﬁcient, as shown in Table 2. Though the three selected
geophysical parameters reﬂect three different classes of drivers,
i.e., solar irradiance (F10.7P), IMF (Bt), and geomagnetic storm
(Dst), there is also a correlation between them. The correlation
coefﬁcient for F10.7P versus the Dst index is 0.48, and it is
0.76 for F10.7P versus Bt. However, as the Sun is the dominant
driver of the near-Earth space environment, the inter-connection
through complex processes and unavoidable correlation
between different geophysical parameters, especially on the
long time scales, are not uncommon. Unlike the Bayesian
framework (Meziane et al., 2021), the ﬁts of the EOF coefﬁcients do not require the ﬁtting variables to be independent.

Table 2. Correlation coefﬁcients of the commonly used solar and
geomagnetic indices with the ﬁrst 4 EOF coefﬁcients.
Coefﬁcient
IMF Bt
IMF BX
IMF BY (GSM)
IMF BZ (GSM)
Solar wind speed
Solar wind pressure
IEF
Kp index
Sunspot number
Dst index
Ap index
AE index
AL index
AU index
Polar Cap index
F10.7P index
Coupling function

A1

A2

A3

A4

0.73
0.09
0.17
0.04
0.15
0.45
0.08
0.48
0.81
0.54
0.45
0.35
0.36
0.32
0.38
0.86
0.13

0.07
0.25
0.36
0.04
0.04
0.08
0.03
0.02
0.05
0.01
0.05
0.14
0.07
0.24
0.02
0.02
0.08

0.42
0.11
0.11
0.06
0.11
0.33
0.01
0.34
0.43
0.47
0.35
0.18
0.23
0.08
0.37
0.48
0.10

0.30
0.08
0.08
0.12
0.16
0.12
0.09
0.25
0.36
0.13
0.19
0.33
0.24
0.45
0.18
0.35
0.19

Therefore, we choose to use the F10.7P index, total IMF
strength (Bt), and Dst index to ﬁt the EOF coefﬁcients. The
correlation coefﬁcients for the other EOF coefﬁcients are much
lower. This indicates that it is more difﬁcult to ﬁnd the main
sources of the other EOFs.
The procedure to ﬁt the EOF coefﬁcients is explained as
follows:
Ai ðmÞ ¼ Bi1 ðmÞ þ Bi2 ðmÞ þ Bi3 ðmÞ

ð6Þ

Bi1 ðmÞ ¼ Ci1 þ Di1  P 1 ðmÞ þ Ei1  P 2 ðmÞ þ Fi1  P 3 ðmÞ:
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Fig. 6. The EOF coefﬁcients and the ﬁtted coefﬁcients using three selected parameters (see text for more details).

Bi2 ðmÞ ¼ ½Ci2 þ Di2  P 1 ðmÞ þ Ei2  P 2 ðmÞ
þFi2  P 3 ðmÞ  cosð2pm=12Þ
þ½Gi2 þ Hi2  P 1 ðmÞ þ Ii2  P 2 ðmÞ
þJi2  P 3 ðmÞ  sinð2pm=12Þ

ð8Þ

Bi3 ðmÞ ¼ ½Ci3 þ Di3  P 1 ðmÞ þ Ei3  P 2 ðmÞ
þFi3  P 3 ðmÞ  cosð4pm=12Þ
þ½Gi3 þ Hi3  P 1 ðmÞ þ Ii3  P 2 ðmÞ
þJi3  P 3 ðmÞ  sinð4pm=12Þ

ð9Þ

where Ai(m) is the ith EOF coefﬁcient, and it is expressed by
three components, Bi1, Bi2, Bi3, which represent the solar
cycle, annual and semi-annual variations in the EOF coefﬁcients, respectively. P1, P2 and P3 are the three selected geophysical parameters, namely the F10.7P index, IMF strength
Bt and Dst index. The constants C, D, E, F, G, H, I, and J
can be obtained using the linear regression method. The
EOF coefﬁcients and the ﬁtted ones are presented in Figure 6.
The ﬁts using linear regressions agree with the EOF coefﬁcients very well, with only small discrepancies during solar
maximums of solar cycles 23 and 24.
3.4 Data-model comparison

To perform a self-validation of the EOF model, its results
were directly compared with the experimental data. Figures 7
and 8 show such comparisons of the ROTI data and the model
results. Figure 7b is obtained from the ﬁrst four EOF
components calculated using equation (5), where the EOF base

functions and EOF coefﬁcients are directly decomposed from
the ROTI data. Figure 7b shows that the ﬁrst four EOF components can well represent the climatology of ROTI from the GPS
data, as shown in Figure 7a, from both the long-term variations
(solar cycle, seasonal) and short-term ones (diurnal variations).
This conﬁrms the rapid convergence of the EOF method such
that the majority (99.49% in Table 1) of the ROTI climatology
can be captured by the ﬁrst four terms, as shown in Section 3.3.
Figure 7c is obtained from the EOF model, where the three
geophysical parameters (F10.7P, Bt and Dst) are used as input
to calculate the EOF coefﬁcients. The results from the EOF
model can reﬂect the ROTI climatology, except Figure 7c is
smoother than the ROTI data in Figure 7a. This is often the case
for the climatological model, where the input parameters are
averaged. However, the actual data represents the real ionospheric system, which contains variations, from smoothly and
slowly varying climatological scale to rapid variations during
storms.
Figures 8a and 8b show the scatter plots of ROTI data versus
the reconstructed ROTI using equation (5) and EOF model,
respectively. The correlation coefﬁcients are very high for both
cases, i.e., 0.99 for that based on equation (5) and 0.96 for the
EOF model using geophysical parameters. The correlation
between data and the EOF model is slightly lower than that using
equation (5). This should be related to the imperfect ﬁt of the
EOF coefﬁcients in the EOF model, while equation (5) uses
the EOF coefﬁcients directly extracted from the data. To assess
the performance of the model reconstruction, Figures 8c and 8d
present the distribution of the bias between data and model in
terms of the differences between modeled and experimental
ROTI. The statistics of the differences such as the mean, standard deviation (STD), max, min, and upper (UQ), and lower
quartiles (LQ) are also shown. For both cases, the mean is almost
zero, which indicates that the model is not biased. This indicates

Page 8 of 16

Y. Jin et al.: J. Space Weather Space Clim. 2022, 12, 23

Fig. 7. (a) The climatology of ROTI from the Thule station; (b) the reconstructed ROTI climatology using equation (5); (c) the reconstructed
ROTI climatology using the EOF model using the geophysical parameters as input.

that there is very little systematical underestimation or overestimation from the model. However, Figure 8d shows that there are
slightly more occurrences of negative deviations for absolute
deviations of less than 0.1 TECU/min. The STD of the deviations of the EOF model is 0.03 TECU/min, which is not
signiﬁcant. This suggests that the developed EOF model can
well reﬂect the climatology of ROTI activity over the polar
cap station at Thule, Greenland.
We also evaluate the performance of the model by comparing the model output with the experimental data in 1999 and
2021. The ROTI data in 1999 and 2021 are not used to build
the EOF model, and this makes the testing dataset independent
for the model validation. The results are shown in Figure 9 in a
similar format as Figure 8. The left panels are for 1999 (close to
solar maximum), while the right panels are for 2021 (close to
solar minimum). For both cases, the linear correlation coefﬁcients give satisfactory results, while the EOF model tends to
underestimate the actual ROTI values in both cases. The error
is bigger for the high solar activity year in 1999, where the mean
error is 0.07 TECU/min with an STD of 0.07 TECU/min. These
errors are close to the noise level of 0.05 TECU/min. A close
look at Figure 9a suggests that the modeled ROTI agrees
well with the experimental data within the ROTI range of
0.5 TECU/min. This is also the range for the majority of ROTI.
For values larger than 0.5 TECU/min, the model obviously
underestimates the actual ROTI activity. The performance during the low solar activity year in 2021 is much better. The mean
error is 0.03 TECU/min with an STD of 0.02 TECU/min. This
good performance is probably related to the low ROTI activity
when the solar activity is low. As shown in Figure 7, the EOF
model gives a smoother ROTI climatology than the experimental data. As the input geophysical parameters are monthly averaged, the most disturbed conditions with extreme geophysical

parameters may be hidden in these averages. On the other hand,
the most disturbed ionosphere during storms may make a high
contribution to the climatology in the experimental data. We
note that the probabilistic model based on the Bayesian framework also tends to underestimate the actual phase ﬂuctuations at
high latitudes (Meziane et al., 2021).
3.5 Modeled ROTI in the Past and Future

An application of the EOF model is to reconstruct the historical ROTI activity over the past solar cycles. Since the
EOF model only depends on three parameters, i.e., F10.7P,
Bt, and Dst, the only requirement is that the three parameters
should be available. While the ﬁrst two geophysical parameters
have been available for a long time (Dst from 1957 onwards,
F10.7P from 1947 onwards), the IMF data can only be observed
in-situ by artiﬁcial satellites in the solar wind. The IMF data
have been incorporated into the “OMNI” dataset by the Space
Physics Data Facility at NASA/Goddard Space Flight Center
(Couzens & King, 1986). Though the IMF data can be obtained
as early as 1963, the observations were relatively sparse at the
beginning (Lockwood et al., 2017). We thus use the IMF data
from 1965 when the solar wind data applicable in the present
study are more continuous. For completeness, we also make
predictions of the ROTI activity in the solar cycle 25. The Space
Weather Prediction Center at National Oceanic and Atmospheric Administration (NOAA) predicts the monthly sunspot
number and the monthly F10.7 of solar cycle 25. The predicted
values are based on the consensus of the Solar Cycle 24
Prediction Panel (see https://www.swpc.noaa.gov/products/
solar-cycle-progression). Figures 10a and 10b show the
F10.7P index, sunspot number, Dst index, and IMF strength
(Bt) from solar cycle 20 to the beginning of solar cycle 25.
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Fig. 8. The comparison of (a) reconstructed ROTI climatology using equation (5) and (b) EOF model versus the GPS ROTI data. The
histogram of the bias (Data – Model) using equation (5) (c) and EOF model (d) in a bin step of 0.02 TECU/min. UQ = upper quartile; LQ =
lower quartile.

The predicted F10.7P and sunspot number from August 2021
are also shown. The F10.7P index and sunspot number show
a clear periodicity of 11 years that deﬁnes the solar cycle.
The IMF strength (Bt) also shows some variations with the solar
cycle, with high values from the peak and the early declining
phase of the solar cycles 21–24. For discussing geomagnetic
storms and IMF during different phases of solar cycles, interested readers may refer to Tsurutani et al. (2006). One can also
see that the solar cycle 24 is much weaker than solar cycle 23,
which in turn is comparable to the previous three solar cycles,
and these four solar cycles coincide within the so-called Modern
Grand Maximum (1938–2000) (Lockwood et al., 2018).
According to the prediction by NOAA, the solar cycle 25 will
continue to be quiet (with F10.7P and sunspot numbers similar
to or slightly weaker than solar cycle 24). Since there are no
predictions of Bt and Dst for solar cycle 25, we use 5 nT for
Bt and 9 nT for Dst for the whole solar cycle 25. These
values are chosen to match the average values of Bt and
Dst in solar cycle 24 (December 2008–December 2018).
However, this choice may appear arbitrary as it cannot precisely
reﬂect the variations of Bt and Dst during the phase of solar
cycle 25.

Figure 10c shows the reconstructed ROTI from the EOF
model. The advantage of the EOF model is that it is now possible to quantitatively compare the space climate of ROTI irregularities across different periods even when the GPS data were
not available. The solar cycle variations are clearly visible,
where the solar cycles 21–22 had higher ROTI activity than
solar cycle 23. This indicates that TEC irregularities were even
more intense when the ﬁrst GPS satellites were launched in the
1980s. Solar cycle 20 was during the modern space age when
an increasing number of artiﬁcial satellites were launched into
space. The ROTI irregularities in solar cycle 20 were weaker
than in cycle 23 and stronger than in cycle 24. This indicates
that the solar activity and ionospheric irregularities are entering
a quiet period since the space era. As the predicted solar cycle
25 is similar to the activity of solar cycle 24, the ROTI activity
should be similar to that during solar cycle 24. The peak phase
of ROTI irregularities will be around the next solar maximum in
2025–2026, followed by a decrease in the ROTI activity.
Because there are no predictions of Dst and Bt, the values used
in the model may lead to overestimating the ROTI activity near
solar minimum (2033–2035) and underestimation near solar
maximum (2025–2026). With proper predictions of the solar
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Fig. 9. (a–b) The comparison of reconstructed ROTI using the EOF model versus the experimental ROTI data. (c–d) The histogram of the bias
(Data – Model) using a bin step of 0.02 TECU/min. UQ = upper quartile; LQ = lower quartile.

activity and geophysical proxies, it is possible to predict the
ROTI activity accordingly.

4 Discussion
This paper has developed a climatological model of ROTI
over the polar cap station in Greenland based on the EOF
method. The EOF method is suitable for developing the climatological model due to its quick convergence. Only the ﬁrst few
components can reﬂect the majority of the total data variability.
The model is also quite simple to use, and it only depends on
three geophysical parameters (F10.7P, Bt, and Dst). The model
can well reﬂect the long-term variations (solar cycle, annual and
semi-annual) and short-term variations (diurnal variations). The
results of the model self-validation show that the model is
accurate with a Pearson correlation coefﬁcient of 0.96 and
STD of 0.03 TECU/min. The validations against independent
ROTI data in 1999 and 2021 also show satisfactory results.
During the high solar activity year in 1999, the EOF model
tended to underestimate the ROTI activity, with a mean bias
of 0.07 TECU/min and STD of 0.07 TECU/min. During the

low solar activity year in 2021, the EOF model also tends to
underestimate the actual ROTI activity. However, the performance in 2021 appears better with a higher correlation (0.94
versus 0.90 in 1999), lower mean bias (0.03 TECU/min), and
lower STD (0.02 TECU/min).
Only three geophysical parameters (F10.7P, Bt and Dst) are
used in our model. This selection reﬂects different groups of
geophysical drivers/sources (i.e., solar activity, IMF, and geomagnetic storms) of the high-latitude ionospheric variability
and high correlation coefﬁcients with the ﬁrst EOF component.
We note that different geophysical parameters have been used to
develop space weather models in the literature. For example, to
predict the high-latitude phase scintillation in the prediction time
of 1 hour, McGranaghan et al. (2018) have selected 51 geophysical parameters. To avoid overﬁtting, their ﬁnal model is driven
by 25 parameters (including the current scintillation index,
OVATION prime particle precipitation, AE index, Newell coupling function, dTEC, Kp index, Sym-H index, solar wind
dynamic pressure, IMF Bz, and the location).Our model is quite
simple compared to these variables, though different groups of
geophysical drivers have already been represented in our model
except particle precipitation. Despite the simplicity of our
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Fig. 10. (a) The monthly averaged F10.7P index (black), sunspot number (red). (b) The monthly averaged Dst index (black) and magnetic
strength of IMF (red). (c) The reconstructed ROTI climatology in bins of 1 hour in UT by 1 month from 1965 to 2035. The predicted values of
F10.7P and sunspot number are plotted from August 2021 to 2035. One month (July 2021) is intentionally omitted to separate observations and
predictions.

Fig. 11. The standard deviation (std) of ROTI in bins of 1 h by 1 month. It is clear that the variations of std (ROTI) also show solar cycle,
seasonal, and diurnal variations in the same manner as the climatology of mean ROTI.

model, the validation with an independent dataset suggests that
our model can already well represent the ROTI climatology
(R=0.9, Mean = 0.07 TECU/min, STD = 0.07 TECU/min).
Empirical models, which can represent the climatological
ionosphere very well, often fail to represent the short timescales

(or “weather-like”) variability. In other words, climatological
models cannot satisfactorily represent the ionospheric environment on minute-to-minute, hour-to-hour, and day-to-day time
scales. This feature is not due to the chosen method but because
of the nature of ionospheric variability. Figure 11 presents the
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Fig. 12. The occurrence rate of ROTI during 2000–2020. The probability density function (PDF) is ﬁtted with lognormal distribution by the
red line. The ﬁtted parameters are also displayed.

standard deviation of ROTI in bins of 1 hour by 1 month. The
variance of ROTI shows clear solar cycle, annual, semi-annual
and diurnal variations in the same manner as the mean ROTI.
The standard deviation of ROTI is at the same level as the
mean ROTI. This indicates that though the modeling of the
climatological behaviors of ROTI can be very accurate, the variances around the mean ROTI are in the same order as the mean
ROTI. This is due to the increased complexity of the space
environment at high latitudes. The polar ionosphere is highly
variable as it is affected by plasma transport in terms of tongue-of-ionization/polar cap patches, localized particle precipitation, ﬂow channels, and various other geophysical processes.
However, the climatological model such as the one in the present paper can still be useful as it can provide baselines for
space weather monitoring and space segment operation.
On the other hand, one may argue that the deterministic
model such as the present one and most of the available climatological models (e.g., WBMOD) cannot be used for operational
purposes. The only way that seems to be adequate is to build a
probabilistic model. For example, Meziane et al. (2021) developed a Bayesian inference-based empirical model for highlatitude scintillations. Once the prior probabilities are determined, the posterior probabilities can be directly deduced for
an arbitrary set of predictors (Universal Time, F10.7 index,
the maximum solar zenith angle, the solar wind ram pressure
and speed, IMF By and Bz components, the SuperMAG auroral
Electrojet (SME) index (similar to AE index)). The results are
satisfactory on hourly averaged values of GPS phase and amplitude scintillation indices. However, it is not known what the
magnitude of the standard deviations around the hourly averaged values is. In any case, the study suggests that the future
space weather forecast products may consider probabilistic
models for operational purposes. Our model is a regional model
that calculates ionospheric irregularities in the central polar cap
(Greenland). For example, we can estimate the GNSS carrier
phase tracking errors in terms of ROTI calculated from the

EOF model. Ionospheric irregularities and scintillations affect
the delay-locked loop and phase-locked loop (PLL) of GNSS
receivers. With a proper model of the receiver design, one
can also estimate the tracking performance of the user receiver
(Conker et al., 2003). This model can also be used for the
mitigation of the scintillation effect caused by ionospheric irregularities. For example, Tiwari et al. (2011) used the WBMOD
scintillation model to mitigate the scintillation effect at high latitudes. Strong scintillations can cause a loss of phase lock for
PLL, resulting in no GNSS signal available. A PLL with a larger bandwidth (at the expense of extra phase noise) can avoid
loss of lock due to the scintillation effect. Increasing the bandwidth during intense scintillations (predicted by models) allows
one to receive a GNSS signal during scintillation conditions.
Another way to complement the climatological model is to
construct the distribution function of ROTI. Figure 12 presents
the occurrence rate of ROTI in bins of 0.02 TECU/min as blue
bars. The red curve presents the ﬁtted probability density function (PDF) of ROTI in the form of the lognormal distribution.
The lognormal distribution is only dependent on two parameters, i.e., l and r, where l is the mean of logarithmic values
and r is the standard deviation of logarithmic values. It is
possible to make models of l and r using the EOF method.
Once l and r are obtained, the associated PDF is deﬁned.
The advantage of the lognormal distribution is that the two
parameters have their physical meanings (mean and standard
deviation). From the PDF of ROTI, it is straightforward to calculate the occurrence rate of ROTI above certain values (e.g.,
extreme events) in the same manner as the occurrences of
storms and substorms (Lockwood et al., 2018). This is a probabilistic forecast, i.e., to predict the probability and likelihood of
space weather events above certain thresholds. The work to ﬁt
and model of the distribution functions will be left for future
studies. Note that there exist other ways of ﬁtting the ionospheric variability. For example, Meziane et al. (2020a) ﬁtted
the distribution of the GPS phase scintillation index (ru) using
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4 parameters (a, b, c, d), where the distribution function
fa,b,c,d(x) can be simpliﬁed to several well-known distributions
such as Gaussian (a = 2, c ¼ prﬃﬃ2, and d = l), and Levy (a =
1/2, b = 1) distributions. However, the detailed discussions of
the best distribution functions are beyond the scope of the
present study.

5. Summary and conclusion
Using ROTI, we have presented the long-term climatology
(over two solar cycles) of TEC irregularities from a polar
cap station (Thule). The climatology reveals variability with
different time scales, i.e., solar cycle, seasonal, and diurnal
variations. These variations can be explained by different
drivers/contributors. The solar activity (represented by the solar
radiation index F10.7P) dominates in the longest time scale variations. The seasonal variations are controlled by the interplay of
the energy input into the polar cap ionosphere and the solar illumination that damps the amplitude of ionospheric irregularities.
The diurnal variations (with respect to local time) are controlled
by the relative location of the station and the auroral oval. For
example, enhanced ROTI values occur around 15–16 UT (close
to magnetic noon) when the station is close to the nominal cusp,
while the ROTI values are relatively low at night when Thule is
far away from the nightside auroral zone. Furthermore, this kind
of diurnal variation is clearly different between different seasons
(cf. Fig. 5). During summer, ROTI peaks around 15.5 UT (close
to magnetic noon), while it peaks around 19.5 UT (evening) in
winter. This effect is again controlled by solar illumination.
The climatology is decomposed into a series of components
using the EOF method. The ﬁrst four EOFs reﬂect 99.49% of
the total ROTI variability. The ﬁrst EOF is the dominant component that contains 96.25% of the total variability. The ﬁrst
EOF base function reﬂects the diurnal variations of the mean
ROTI. The ﬁrst EOF coefﬁcient represents mostly the solar
activity dependence (solar cycle) and annual variations. The
second EOF base function reﬂects the deviation from the mean
diurnal variation, and the deviation is the most prominent during
winter. The second EOF coefﬁcient mainly represents seasonal
variations in the semi-annual scales.
By ﬁtting the EOF coefﬁcients using only three geophysical
proxies (namely, F10.7P, Bt, and Dst), we can effectively model
the climatology of ROTI variations. The data-model comparisons show a satisfactory result with a Pearson correlation
coefﬁcient of 0.96. The validation using data outside the model
training dataset reveals that the EOF model underestimates the
actual ROTI. However, the error is within 0.1 TECU/min. Additionally, we modeled the ROTI during the Modern Grand
Maximum dating back to 1965 and made predictions in solar
cycle 25. In such a way, we can directly compare the climatic
variations of ROTI across six solar cycles. The modeled results
can reveal the averaged activity of TEC irregularities and indicate the severity of the space weather condition in the long term.
Given the three needed proxies, this model is capable of making
the long-term prediction of the future space weather climatology
and reconstructing historical data.
This EOF model is relatively simple in use and easy
to develop. This method is also useful for developing models
for other irregularity indices that characterize ionospheric

irregularities. Such applications may be useful in the GNSS
amplitude and phase scintillation indices from ground-based
GNSS scintillation receivers, as well as for other irregularity
parameters measured using in-situ techniques from Low Earth
Orbiting satellites such as Swarm (Jin et al., 2019). In addition,
it is also possible to expand the 1-D model into a 2-D map of
ROTI irregularities over the whole Arctic area.
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