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LITERATURE RIVIEW
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2. \ARTH’S IONOSPHERE

0 The name “ionosphere” was superseded from the older term “conducting layer” or

the “Kennelly-Heaviside Layer”. Arthur E.Kennely and Oliver Heaviside

<
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predicted the existence of the free electric charges in the upper atmosphere that enable
radio waves reflection. In 1924, Edward V.Appleton proved the existencew
reflecting layers from the “frequency change” through experiments. The ion@ Isan
ionized region of the Earth's atmosphere, where it is formed by the p jzation of
atoms and molecules. The ionization is mainly owed by extreme ultrMe.t(EUV) and
X-ray radiation from the sun that able to ionize one or more guospWeric constituents
(Rishbeth & Garriott, 1969). Besides the photoionization rpusl:ular ionization

produced by precipitation of energetic charged particle ma ew, solar or

cosmic origin and by burst of solar EUV and X-ra

atmosphere at high latitudes is also a source of ¥

lonospheric layered structure i%a' ed by the ity @(&)er of the plasma

with altitude variations. Figure 2.1 efgQiaiis the distt er d@ed byD, E,Fland F2
N

layers. It even shows the domir%denm y progHes w@?spect to the heights. The
existence of each layer depe?\gne s] @y at various altitudes relying
on the absorption of at , differ@nt p si(!a cesses and altitudes variations in
' &
the atmospheric n&%mpoit \Fhe pro@n of ionization through absorption of
ion

solar photon radi dth ion oé'(ization through recombination process of

¢
electron ang% iong are.t rréin@‘D?sical processes that control the ionosphere.

N
Mostly igle cessd8 yinans&the lower ionosphere, the D and E regions which

are Aas “photochemical esses.
QE The D-region is the lowest part of the ionosphere, which has an altitude range of
5

0 to ~90 km above the Earth's surface. The recombination process of ions and electron

is relatively quick at D, which causes the layer has low electron density compared to



19

RO | oo oo s o pt it s i twi, ot o s i 0 b s o i b e a7

Topside

600 | - s s cccccc e ccac i Neccanaa
\ma\V

F2 Layer

F Region

Altitude in km

F1 Layer

150 F===--=-=--X=z---3 T ol \,Y.

E Region _NO

D0 | s s S TS e T T T SR S D N T T Y-
D Region é

=
&
d iorﬂsphe sCplas nsity with various layers
pdf, sgPo13)&)
1 S
fore a set, the ionization level reduces

pear in the night.

w@an altitude range of ~90 to ~150 km is referred

N
as the E€egiol¥ Thisdeg ?mair@iominated by oxygen ions which are formed by

sof&s and UV solar ra@ff)n of the sun dissociating the molecular oxygen

( hann & Treumann, 1997).

0 The F region with an altitude range of ~150 to 500 km is often subdivided into

two sub-layers during the day denoted by F1 - layer and F2 - layer, whereas in the night
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Figure 2.2: Profiles of p%nsit)’durl zz:/@ght (Kelly, 2009)
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N
the two sub-layers meg@e ba®k into W la %he maximum electron density
occurs at this region T& roce‘s. re still dominant in the F1 layer, the
lowest layer of th&lon We thegr2 Iay@e uppermost layer of the F region, lies
at a level of @n twlee ho&)bhemlcal and “transport” processes such as

dlfoSIO a d| i d@ant process in controlling the electron density
distrib o n the F2 layer. 'Eh;e}'ecomblnatlon process is much slower, thus the

i | jon st|II persists till overnlght (Rishbeth & Setty, 1961; Rishbeth & Garriott,
9). Figure 2.2 shows typical profiles of plasma density during day and night. The
sappearance of the lower layers and mergence of the F1 and F2 layers are clearly seen

in this figure.
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2.3 IONOSPHERIC VARIATIONS

The factors that describe the ionospheric variability have been extens@died

around the global (Rishbeth & Setty, 1961; Alex, 1987; Davies, 1990; al., 1996;

Loewe & Prolss, 1997; Abdu et al., 2008; Bagiya et al., 2009; Aggarw&().ll; Liuetal.,

2011; Aggarwal et al., 2012; Richa et al., 2013). The results qguclU®d that the major
3

factors that influence the ionospheric variability are alway. with the sun and its

activities under different space weather conditions. The rs ar as\lsu,d‘
¥
| S
I.  Solar activity 4 \'Y'

the p@ry factor that
influences the ionospheric vartaly ity)t describeSy#e pe@fe changes in the

sun's activities with an aver%ration 0 gea ,@P period of maximum
ﬁ 2 N

and minimum sunspot as Hitg an@w??/solar activity variations
respectively. Moreo? i
solar activity W I

'
temperatu@ral V\' ields in the ionosphere due to high
intensitw ele i n. Conversely, changes in the intensity

¢

of s %ion ri wSol
E ' 4

omagnetic activity \C-,

c@aﬁon processes during high

the ion, electron densities,

E\Apart from solar activity, other events e.g. geomagnetic storms, ionospheric and
0 solar storms affect the ionospheric variations. Geomagnetic storm is defined as a
large and persistent perturbation of the Earth’s magnetosphere. The occurrence of

geomagnetic storms and associated ionospheric storms are mainly due to the
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interference between the high energy charged particles and the Earth's
magnetosphere. These disturbance events have a profound influencew
Earth’s upper atmosphere, where the ionosphere exhibits c@ and

unpredictable behaviours resulted from the intensity of the stoA

iii. Diurnal variation
Diurnal variation of the ionosphere mainly descri Iari ion of electron
density and ions in the ionosphere throughout a da yto iw\‘ariaﬁons

mainly depend on the rotation of the Earth abo axis wiith elt @ sun.

ce% the@-atlons of
a nig respeévz.

SN S
iv. Seasonal variation % ﬂ>\,?

The ionosphere also vari easons whgpe the m@;bhere s seasonal variation

The photoionization and decay of ionizag

electron density in the ionosphere d

<

is the result of the E?\g)lw the&kl he solar radiation and solar
ors t

zenith angle ar haficon t‘:)‘dte@e seasonal anomaly (Wu et al.,

2004), wh use the'e \mment éﬂkpletlon of electron densities in the
ionosph Xa i.latoro sub-solar point or the sun is perceived to

ver a’::? atw ring equinoxes. Hence, the incoming solar

d tign is Eﬂ") ntr e electron population and can produce more

ctrons during both s{%’naxmum and minimum activities. However, during

E e solstices, the sub-solar point moves toward higher latitudes in the
0 hemispheres. As a result, the photoelectron at the equator decreases and the effect

reduces electron density in the solstices. Apart from the sub-solar point, the

change of the neutral atmosphere's composition and direction of the neutral winds
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are other possible mechanisms for causing seasonal variations (Rishbeth & Setty,

g
O

The latitude variations of the ionosphere show a signm distinctive

1961; Liu et al., 2013; Bhuyan & Borah, 2007).
v. Geographical variation

characteristic. This is due to the physical processes ?_ d with different

geomagnetic field lines configurations governed ion(lspheric plasma

especially in the equatorial region. The electro siti Mted to be

oy
higher over the equatorial region compare@id- andihig ti‘;o@ions.
4 X"

2.4 IONOSPHERIC TOTAL ELECW O!\F‘E TEQ&
S W S
The space plasma variability&jregularl\eﬂ%t n@%dern applications that
N

use radio waves, for instance s

systems. The high freque

reflected from or prop

' &
medium) are highl&ged. Tr \rgnals inﬁdk with large number of free electrons
and positively c% ions™y nosp, %{resulting in modifications of the signals
#
like amplit %)has lugtu 'o{s, ng?changes in propagation speed as well as the

N
directio, e sigh diCY' & Tulunay, 2004; Jakowski et al., 2004;
Wa angmechai, 2011). @nospheric effects on the radio wave technologies are

@u in Figure 2.3,
S

Prominent changes in the electron density and varying population of electron can

induce severe ionospheric disturbances and may give a significant impact on any
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2011) N
g

% 5 &
operating system which inviihﬁo[ S gt tran e the ionosphere. Due to the

inhomogeneity, the Ea% phere & ref red asbispersive medium, which causes

the refractive indeX&jin the mf

atthanasangmechai,

propagation spegd o radi
: b
dﬁm@ acted or bent from the shortest path (a prefect

signals that %roug this
straight%!k

propaga®on as depicted in Fi@A. The ionospheric time delay encountered by the

r \ve is found to be the largest effect on the GPS signal. In addition, increasing in
ha

ropagation delay may influence the performance of high precision satellite

N _ o
! ﬁnd re&/er at ground station), cause delay in the signal

ositioning, navigation and surveillance systems (Watthanasangmechai, 2011) as well as

degrade the position accuracy and affects the signal integrity (Jakowski et al., 2004).



25

® e Y'
\Z L2 \\\\\ /’_,-‘"
e Y High Total \
,\\\'\ Electron Count %

5 Transmission
/ Delay

- .
-
-

\Y\"

Figure 2.4: Propagation of radio waves is byﬂt po Iation&lectron in the

Earth's ionosphere (http://reflexiong.u cm 5 /enkhf-erroneous-gps-
signal, February 2014) \
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A

l \
Total electron content (%an irﬂborta uanos@c parameter that affects

&

the radio waves that propag MQh Iv ogena&region. The ionospheric TEC

is defined as the total n electro@s in cdu@f one square meter (1m?) in area
T o
Y

along the propagatighgpath of tﬁ aves een the satellite and receiver. Itis a
key parameter gI ioMgsphe 'o
¢

de
ionization r %lher ore, tHE tifne gﬂy of the electromagnetic radio waves is in

N
proport% e vagi ber s&ree electron and inversely in proportion to the

e the ionosphere electron density and

Yv

sunts frequency. Thus,@(der to correct the ionosphere's time delay error, in-

owledge in TEC is required since TEC modelling is important for the estimation

6% ionospheric time delay in the applications involving GPS (Sarma & Madhu, 2005).

Historically, the ionospheric TEC studies were widely studied with the aid of
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measurements obtained from different observing techniques. Monitoring the polarization
twist imposed on VHF radio waves by the ionosphere using a lunar technique w'm
earliest method used to study and determine TEC (Klobuchar, 1975). TEC i%\ed to
describe the first temporal and spatial behaviour of the topside of‘%nosphere
(Klobuchar, 1989). Furthermore, in the satellite era, the advent of radioYgeacon on board
artificial earth satellites, has led to a new method to measure N the VHF radio
waves transmitted from the satellites. Few techniques are u %

ive'the ionospheric

TEC i.e. Faraday polarization rotation, group delay diffe erwi‘er phase

(Klobuchar, 1989; Davies, 1990; Bhuyan et al., 200 er thah th o'er@‘g\ed
techniques, in the recent decades, the number ing{ sitio@ﬁ System
(GPS) receivers is growing extensively. O\W Its I&\ge P ulatia@f;‘d. continuous
operation, GPS has served as a valid a %ul instrumeg#to st@fﬁnd determine the
ionospheric TEC. Knowing to its va%mamﬁ}%v oI arried out in different
locations around globe to inve%EC &omj v, 122%%}Bhuyan & Borah, 2007,

Abdullah et al., 2009; Bagig% 201 *Mu erje@., 2010; Purohit et al., 2011;
me

Adewale et al., 2012). % esis, :ﬁl E‘rlen?& of TEC obtained from the dual

frequency GPS rec are inv's

explained thorow sub

technique i o Jused o
techniq&g tof fp an
inf n to compute the veg@l’electron density profile up to the F2 layer peak (Alex,

1?\ iinisch & Huang, 2001; Mosert et al., 2007; Mushini et al., 2009).

0 TEC is measured in Total Electron Content Unit (TECU), with 1 TECU

equivalent to 10*° electrons meter per square area (10™° electrons/m?)(Kersley et al.,

Xy Z

ogram derived electron content, which gives

&7
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2004). The nominal range of TEC value is from 10**(minima) to 10*°(maxima) and the
value of TEC depends on many variables, including long and short term changesw
ionizing flux (solar activity), magnetic activity, season, time of day, @Ning
direction (elevation and azimuth of the satellite). The electron populati g1y builds
up when direct sunlight interacts with the upper atmosphere. Besides teNporal variation,
ionospheric TEC values show distinctive characteristics atdif t geographical
locations (polar, mid-latitude and equatorial regions). Amo &g.lor]s the equatorial

ionosphere is considered to induce the high range error ositignin gvigation

systems, due to large electron density irregularitie compilex ri#i@ this

region(Wu et al., 2004; Bagiya et al., 2009; LiuYL 0% 4 ZOlﬁiu etal.,
&~

2013). \C}' o\ é

The equatorial ionosphere di%ignifica } ?he ha.‘éﬂeristics and dynamic

N
structures compared to other last . qua?orial ru'zat&/@«nomaly (abbreviated as
EIA) or “Appleton anomalysg '\tezt nom Ain this region. The anomaly is
characterized by two iORizatgr¥crests oh the ith!ar@ of the magnetic equator at about
’ &
+ 15° magnetic latW@nd retiu ectror&ﬁcentration (trough) at the magnetic
equator. For insw Ais by théj&‘*’ountain effect” which has been explained

¢
in the electr argics dpft ifﬁsi{r;meories (Rishbeth & Garriott, 1969; Sethia et

3
al., 1979 pcrdingft ift th@y, the east-west electric field perpendicular with
the nmouth geomagnetic t@‘ét the magnetic equator produces a plasma fountain
% s the plasma from the magnetic equator to higher altitudes. Once it has been
Q to a certain height, the drifting plasma loses its momentum and diffuses along the
agnetic field lines, due to the combined influence of pressure gradient forces and

gravity. It also forms the crests at the higher latitudes from the magnetic equator (Bhuyan
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& Borah, 2007; Kumar & Singh, 2009; Aggarwal et al., 2012). Thus, this region is
subjected to large spatio-temporal variations that severely affect the accuracy of tw
signals (Obrou et al., 2009). Since Malaysia lies in the EIA region, it is %\nt to
study and investigate TEC as it is more prone to the anomalies. *
X~
Knowing the importance of TEC, many space researchegghav@hown interest in
the ionospheric study. These groups have started to comp Q?h.

e tlehawour of the

ionospheric TEC at various locations around the glob&g nu dlctlon or

oy
estimation TEC models were developed regiona@loball to vld@:able
information on the ionization level of the ion TK om x@ﬁ;redlcted

model are compared between the observed su enli?nd existi&bal models.
Apart from the estimation models, a nN approach ere @ﬁiuced to develop

the ionospheric TEC forecastlng to fore \m io 'htrlc state in advance,

which is a crucial requirement |% eﬂ and gipumd- Q§technolog|cal systems as
well as on human life and h eser icT odels are briefly described in
the following section. { o'

&

NN

2.5 ESTIM | AN CA G IONOSPHERIC TEC MODELS

:")

\
sp aﬂ comvnémty and engineering groups are endeavouring to

incr e ionospheric TEC s (single station, regional and global) for estimation

a 0 castlng at different locations and time intervals with greater accuracy. In this
Q s, two categories of ionospheric TEC models will be discussed. In subsection 2.5.1, a
mber of ionospheric TEC estimation models used to estimate the TEC will be

explained while in the following subsection 2.5.2, efforts that have been made to develop
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a number of forecast model to forecast the ionospheric TEC values in advance (short- and

N
N
X

long- term) will be described.
2.5.1 Models for estimating the ionospheric TEC

Among the estimation TEC models, one of the mosgywell™nown empirical
ionospheric global models is International Reference lonos [).Jt is a combined
international project established by the International Uni Radi MRSI) and

the Committee of Space Research (COSPAR

measurements from ground and space (i.e. iono

tiosKQ'n onalggllites for
unds‘ sateMyjtes inéh‘gent scatters

radars, rocket measurements, satellite frain situ, etCyf the @%Os (Bilitzaetal.,
Bé@’working groups are

1993; Bhuyan & Borah, 2007; BiI%‘ Reinisth, $8)
N

responsible in developing and4 ng IR de sion with new data and

lonospheric Studies (IS1S) and Alouette t

o

modelling techniques. As *theI IR@eI has been through several

major milestone editio%\ reacil‘ a hj E‘I'ewa reliability especially in the mid-
latitude iOﬂOSphere&Qﬁthe eal \aopme%gﬂhis model was primarily based on the

mid latitudes an% nly
¢

al., 2009). vep, in rgce

ta fr@ﬂe low and equatorial latitudes (Obrou et
rs,’th(IB model has concentrated to hecome areliable
N

ionosphgfigrePresenigiti ')owanﬁgh latitudes (Zhang et al., 2010). The empirical

IRI Ais widely used for@dard specification of ionospheric parameters which

XS the median and average electron density, electron, neutral and ion temperatures,
G omposition (OF, H*, He", NO*, N, and ion drift as functions of year, month, day,
ocal or universal time (LT/UT), height, geographic or geomagnetic coordinates and solar

zenith angle. Besides those parameters, the IRI model describes the ionospheric TEC and



the values are obtained by integration the electron density from 50 km to 2000 km. An
online web interface for computing and plotting the ionospheric parameter vz?%
accessible from the IRI homepage to estimate or calculate the TEC valu ther
ionospheric parameters using the appropriate independent variable inpu\?& model at
http://iri.gsfc.nasa.gov/. Fewer databases from a particular region\hay cause the

estimation accuracy of the IRI results can largely deviate from t*\eibs ation data, since
efed d

the model depends fundamentally on the accessibility of era for a specific
region and time period. This difficulty has been encounte intfodues n‘umber of
regional approaches to estimate the ionospheric total ron copte d'th@zt'ing
regional TEC estimation models are summarizegi le 1’ \'Y.

“q

One of the approaches is an emwahnique eur@‘stwork (NN). This

technique is proven to be relativel%cient fo\Odgli &0 plex and non-linear
ﬁ ;y N

processes such as the ionosphe ses ﬂoole Mc@l, 2000; Sutcliffe, 2000;

Sarma & Madhu, 2005; Oy x al. : Mckin 008; Jeanetal., 2009). With

sufficient of historical %?:fouub@ting tool in the ionospheric TEC

modelling. Leandr wtos (2‘ ) us@NN technique to predict the vertical
&

Gf —=%

1ons yth éﬁ’@ network in Brazil during low and high
O

TEC values at a\
¢ (?
solar activitjgsDasgtl on §vo | pgra eférs (i.e. latitude and longitude). The estimation

N
accuracyfoftBr mode ’pprog_&;ltely 85%. Besides, the NN technique has been

use sively in estimating,;{%’énospheric TEC over South Africa. A feasibility study
o% EC estimations over South Africa based on NNs was carried out on three GPS
@ ns separately by Habarulema et al. (2007a). The TEC values were estimated (NN
EC) as a function of day number (DN), hour (HR), a 4-month running mean of the daily

sunspot number (R4) and the running mean of the previous eight 3-hourly magnetic A-
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Summary of regional TEC estimation models

N

Author-year Country  Method Data
Liu etal. (1991) China a) Empirical model i. Data from¥881-1985
based on Fourier ii. Si ion
harmonic analysis
Leandro & Santos Brazil a) NN ) ring LSA & HSA
(2004, 2007) uIt"station
i
Habarulema et al. (2007, | South a) Feed forward NN
2009a, 2009b, 2009c, Africa
2010)
b) Recurrent - n 3
NN i Y"
c) F i@ﬂZOOO-ZOOS
I Wi— tation

\

A

Acharya et al. (2010) India a) gAdaptive \UK% &kData August 2006
etwo " Three different
situfearni u QG? locations: magnetic
algesihm equator, equatorial

N

anomaly crest,

&

Cmy
&

’

e outside the anomaly
| Q range
) ‘L‘?L 7
Cypris Geneti @ i. Data from 1998-2009
Pro ming (GP)

ulti-objective

P ! tionary
4 Algorithm based on
:\(-ESecomposition

characteristics (GP-

s Y MOEAD
A \C},
"l N
asangmechai et | Thailand a) Feed forward NN i. During LSA

=1 2)

ii. Data from 2005-2009
iii. Single-station

SA denotes high solar activity; LSA denotes low solar activity
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index values (A8). Based on the following inputs, Habarulema et al. (2009b) employed
recurrent EIman neural network (ENN) technique to determine the TEC valuw
estimated TEC was used as a reference to quantify the solar wind effects on @C by
including solar wind velocity (Vsw), proton number density (Np) rth-south
direction of the interplanetary magnetic field (IMF Bz) as separate M;The results

showed that the estimation accuracies were close to the referencim leading them to

strongly believe that the solar, magnetic, diurnal and season i iIity'are the strongest

mechanisms for TEC variations. Continuously, Habarul tal. )2 \‘/eloped a
o | Y

multi station or regional NN model to determine the valuesjat Io':a‘tk over

South Africa by including data from different stags dit@ i desa@?in South
Africa. They incorporated the geographica@tﬂ?e r ivers@&er with the
parameters adopted in Habarulema et & Ooaas the inp ran@“é. This developed

regional NN model (National NN m%was use \st?ﬂ @TEC dynamics during
ﬁ 5 N

magnetic storms over a five-ye%i (2000 to Zp04) (@rulema etal., 2010a). In

most of Habarulema's mod \e rt S frgm the model were compared with

those TEC values deri% GPS,’I la ic’n@de for validation. Acharya et al.
S &

@D

ric using an adaptive recurrent neural

—

tput is the estimated TEC values for three

o)

different stglons Wcated at th !:Jjnw equator, equatorial anomaly crest and also
N
outside an®malydt the@ that, a feed forward NN technique has been

app Watthanasangmec I. (2012) to estimate the TEC values during low solar

a%%period (2005-2009) for a single station at Chumpon (10.72°N, 99.37°E),

& torial latitude Thailand by using the day number, hour and sunspot number as the
put data. The hourly, diurnally and seasonally TEC variations were estimated and the

results were compared with the TEC values estimated by IRI-2007 model for validation.
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Besides NN techniques, a few other approaches have been introduced on the
estimation of the ionospheric TEC. Liu et al. (1991) proposed a new empiricawm
based on Fourier harmonic analysis for estimating TEC values from 1981 t@over
Xinxiang (35.3°N, 113.9°E). Diurnal TEC values were estimated bas e annual
coefficients generated from this analysis. A feasibility study on the TEC\Stimations over

Cyprus using a Genetic Programming (GP) approach with a Mu '-Nve Evolutionary
wa

Algorithm based on Decomposition characteristics (GP-M idesigned using

TEC data that covers one full solar cycle (1998 - 2 Thg m c‘ces

sfully

e - Uy

estimated the vertical TEC with a good approximatio nstantfhidjsgt 4., _é‘) ).
L ¥

Y\"
Other than estimation, forecasting thw he eters %’p ahead is also

a vital issue in space research due to nd}wpredlcta ang@Qh the ionospheric

condition. To re-establish readers’ \%dge on \fbcflis i %ed in forecasting the
? [ (.

TEC, the following sections m
2.5.2 Models for fo & ¥ the iorfosp ri<! 'I‘@
' &
Theim a%sks i ing aQUJ%ﬁaIysing the ionospheric parameters are to

¢
monitor, for; %dde ctthe nG‘sp@ anomalies earlier. lonospheric perturbations

N
are al adSociatell ’ coYm‘é?x solar-terrestrial and acoustic-gravity waves

inte& in the course of spa@éather and natural hazard events, respectively. Thus,

re X the forecasting models are being used as the background models to produce the
G minary real-time data of the ionospheric parameters. In addition, forecasting the
onospheric parameters such as critical frequency foF2, electron density and total electron

content ahead have long been an attractive solution for many diverse applications, both in
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civil and military applications such as communications, radar, positioning, navigations

systems, and seismology. T

A short-term forecasting of ionospheric TEC that forecast the ior@%ic state in

time scale of hours or days is very demanding due to fast changes irfghe ionospheric

applications (Garcia-Rigo et al., 2011). There has been a g

condition (diurnal variation) and has great impact on many sciggtific®nd technological
itrt ir'the ionospheric

research community, where several forecasting techniqueStgyve begn p ‘using the

Y-
ground- and space- based ionospheric TEC data. Th& &Rgsting fgrec nd @s are
summarized in Table 2.2. Y. \f

for@ the ionospheric

4 , 2006). Cander et al.
N
@al network to forecast the

ata retrieved from Faraday

(1998) presented a hybrid time-

TEC values for 1-hour ah ) T
2°E), ullin

rotation at Florence (43 uling tiie sqg fthe OTS-2 satellite. The model
’

was designed base &{2 inpu‘ \heters wi 0 hidden layers to perform a short-

term forecastingagbili The\% 'amet(PJ&'xed to construct the NN model are shown

@K :
in Table 2. %rese t dﬁctieg?f electron population in the ionosphere, the

N
model yge sug® i ano%?t as the input parameters to describe the TEC
variaQili®. Since the model h @ér index, the model's output shows a good agreement

@ve daytime compared to night because solar activity does not influence the
& ron contents during night hours. Tulunay et al. (2004) from Middle East Technical
niversity (METU) in Ankara developed a NN model to forecast the TEC values for the

intervals ranging from 10 minutes to 24-hours ahead during high solar activity period



Table 2.2: Summary of regional TEC forecasting modeQ,_
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Author-year Country  Method Data Y- Output
Cander et al. (1998,1998a) Italy a) A hybrid time-delay i. Data \' I. 1 hourahead TEC
multi-layer percepton i. % ati?n: Florence values
neural network
NY.

Krankowskia et al. (2005)

Tulunay et al. (2004, 2006)

Europe a) Autoregressive Moving

Average (ARMA)

@Uring HSA

. Dual-station:

C—)Y' \',' u_jt.gﬁiQDatafmm 2000-2002
|

Chilbolton, Hailsham

Data November 2003

i. Multi-station

1- to 3- hours ahead
TEC values

10 minutes to 24 hours
ahead TEC values
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Vin e

&

ﬁut@r& \,‘9
o’

A v.ad
N
Acharya et al. (2009) India a) Kalman filter i. During LSA g@tember 1-, 3- and 5-minutes
2005 & ahead TEC values
ii. Multi- statw—

Yan & Yamin (2011) China a) Superposition analysis i. X arly and February 2 days ahead TEC

of periodical wave values

variance

&j &
’ b8
Ratnam et al. (2014) India a) Holt-winters : Additive Y'D [0 b 2 days ahead TEC
T : . Ny
and Multiplicative c'})l Sﬂng sta values
&
\ O

Mane et al. (2014) India a) Autoregressive n t 3 24 hours ahead TEC

Average (AR values

X" ] =

Niu et al. (2014) China  a) Comblrﬁﬁ of, } i Data 2013 2 days ahead TEC

seaso CV values

ST

<
"HSA denotes high solar activity; LSA deno ﬁ)&/'solar activit@mSA denotes medium solar activity

<
N

\
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Table 2.3: The parameters used in (Cander et al. 1998) forecasting model

No Input parameters
1 TEC attime t
2 Mean TEC at t
3 Mean TEC at t-1
4 Mean TEC at t-23
5 Mean TEC at t-47
6 Mean TEC at t+1
7 Delta f(t)

8 Delta f(t-1)
9 Delta f(t-ZBQ
10 Delta f(t-%
11 Ra\

(2000-2001) E@t n (3
I

4
validated th_ ting fhe aluéa} Hailsham (50.9°N, 0.3°E) in 2002 whose data

was no, dintl{a #Tigh phase Tulunay et al. (2006) presented ionospheric TEC

) l.2@tation. The developed model was further

| parameters and past TEC values for 104 grid locations over Europe. The
ecast TEC values from 10 minutes to 1-hour ahead at these 104 grids are used to

generate the TEC maps over Europe using Bezier surfaces.
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Besides NN technique, Acharya et al. (2009) have put forward the Kalman filter

approach for short-term ionospheric TEC forecasting using the TEC data from dwml

w

GPS Aided GEO Augmented Navigation (GAGAN) stations in 2005. The @rthi
model forecast the TEC for different intervals (1-, 3-, 5-minutes) at diffe ions. The
model tends to forecast fairly for stations located out of the equatorialWIy region as
well as for shorter estimation intervals. Garcia-Rigo et al. (20 rop0sed ionospheric
vertical TEC forecasting approach to forecast the TEC 2-da el at qobal scale using

GPS data from the International Global Navigation Sate Sys mw Service

is model lﬁs@' the

Discrete Cosine trasform (DCT), where the li % d wag ppplied to

(IGS) lonospheric Working Group (IGS lono-WG

In addition, a few statistica%d metho\ve% i r@ted in modelling the
S
ionospheric total electron conte [

ysuiISGAutoregressive (AR)and

Autoregressive Moving A R iqu@re developed to forecast the
ionospheric TEC time $gg ad usindsin stﬁtb&PS measurements (Krankowskia

’ f &
tal.,é.&). Yan & Yamin (2011) from China

et al., 2005; Kartw 2011;
developed an imgQrovée su Won anb s of periodical wave variance forecast

5 n
¢
method usia%data btz’n fém(lg in 2008. The model is used for short-term

N
nospft Suﬁ&quently, a weighted method was implemented in

Yv

thisg&ﬂ to improve the v@rfce analysis. The model successfully forecast the

ric TEC with higher precision accuracy compared to the existing forecast model

forecast@f

G ina. A study by Ratnam et al. (2014) proposed Holt-Winters method to forecast the
onospheric TEC ahead for a single station in a low latitude region. In this work, Additive

and Multiplicative Holt-Winter models were adopted to forecast the TEC values 2-days
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ahead based on the history of the TEC values. The output of these models showed that
Holt-Winters additive model was able to forecast the TEC values more accuratevm
the multiplicative model over low latitude region. Niu et al. (2014) pro@new
combination technique based on seasonal and ARMA models to forecasf&nospheric
TEC ahead and the output of this model was compared with the tradithodel. They
found that the combination method produces better resultg,comPéred to a single
traditional model. '
Y.
casting T nfod_{s}vf;r a

e e% of dgvyi)ping an
Y-

nt approatRes ha@en introduced
ere@ﬂ‘aviours are very

p@’acteristics. Therefore,

N

A great number of ionospheric estimation an
single station or regional) in this direction, sho

ionospheric TEC model in this field. Beside

and developed in different countries hegarth's ion

geographical dependant, especially %Jatoria Nsp?er'

@

it is necessary to develop esting nd forecasgng T odel based on the local
measurements at the equatogg n dL the um@omplexitie& The importance

ofdevelopinglocalest% dfor'g sti ioho ric TEC models in this region has

<&
been highlightedi&%ﬁer 1.'| \work, gﬁl technique is used for estimation of
wh

ionospheric TE\ ac
q : ¢
developed f refasting th SfE@a ues ahead for different condition days. The
% N
followi ns dser }he @es, concepts and algorithms of the NN and

SAmmmethods in detail. >
S
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2.6 NEURAL NETWORK (NN) MODEL IN NON-LINEAR

APPROXIMATION T

Neural Network (NN) is advent of modern neuroscience. The neﬂk are often
described based on the brain concept. Neural network has massive ichonnection of

processing elements referred as 'neurons' and an artificial neur 'Mr to the nervous
system in the human brain. The network requires knowle ; itsjenvironment to
accomplish a complex task that corresponds to the desire et. hwlearning
process or known as “experience” in human langu%@twor as IiI‘/ t@; its
own rules according to the specific task. Inde > CX. riél fl1C na@;s in the

network are trained to learn about the env$ ton, du@;t.he learning

process, the synaptic weight refers Naer-neuron nn@ strength in the
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Eventually, after storing the sufiig periential
generalize. NN can produc@mu[ isfac result for the unseen inputs,
which are excluded du% arnirlg nd yhlida rocesses. In other words, a new

‘&
sample set of inpK%into lh \rﬂed netg\l to generalize new desired outcome
use

(Haykin, 1999; 199
Q) ¢

rge Tandam® ?ects oé\n artificial NN are the connection links, the adder

andﬂ&tivation function. d%’éctions between the processing units are known as

S weights, wy. In the connection, an effective element input, X; is transmitted to
G on k and it is multiplied by weight wy;. The weighted values from the parallel inputs
re fed into a summing junction to sum up the input signals. Finally, the activation

function performs a mathematical operation on the output signal to control the amplitude
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range of the output signal to some finite values based on the activation function assigned

to the network. Besides weights, there is also another factor that has effects on th

signals of the activation function known as bias, b. It is an external input o@work

with a positive or negative value (Krose & Van der Smagt, 1996; HaykifT, ). Figure

2.5 depicts a general model of an artificial NN with bias. Q

%ﬁvatiu

Bias

Input
signals

N
’ s
Figure Z%g n@q I modelpvith bias (Haykin, 1999)
8 S
\ [ | . .
An ap@ e afftivhti Wctuﬁ‘r)s able to scale the output signals to a desired

range of, \% Th?ev# W ation functions that are commonly used in
S T
t

design network. Linear f n, piecewise linear function, threshold function are
Nﬂs the linear activation functions while the non-linear activation functions are
oid (S-shaped) function and tangent hyperbolic function. Mostly the non-linear

tivation functions are used to comprehend complex task in a network. There are a few

factors that cause the non-linear activation functions become well known than the others.
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In a multilayer network, the non-linear activation functions permit the input signals to
propagate through many layers, whereas the linear activation functions present sw
as in a single-layer network. Therefore, a non-linear function does Nl the
capabilities of a network. Furthermore, a network which is trained with ﬂk@pagation
algorithm is always beneficial with a non-linear activation function¥This is mainly
0

because the function has two significant criteria, continuity a onicity (Kumar,

2004). In addition, this function can be easily differentiate ointl resulting in the

reduction of computational process time during training sett, 1992 ;ulema et
al., 2007). In general, the sigmoid function is divid@vo cateori i‘a@oid
and bipolar sigmoid. The binary sigmoid is defg i%' 2.1)@;re the x
represents the input vector and the o corr@g:ﬁlope ramgv

NS o

1{%\,? § 2.1)

&

The desired range of the o@luej a bipary oid are in between 0 and 1.

However in certain sce g e netwark re ‘ijgs@ger range of output values and in
s &

this case the bipol:r@id furlc \,expan om the binary sigmoid. It has a wider

range than the % 1IgmOt

network whigh regliires

'on. '@“function most commonly is used in the

<£tp€tjr nge in the interval between -1 to 1 and the
N

functionfe as il lgn (2.29{\
i\ N
A
%\ ) =1 +i - (2.2)

he bipolar sigmoid is closely related to tangent hyperbolic function which has the

similar output range. The tangent hyperbolic function is derived as in Equation (2.3):
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2.6.1 Architecture of Neural Network T

In general, NN has various kinds of architegtures part?ula
L S
architecture commonly depends on the types of ap ions thatt e n&gvor léeqmre

The arrangement of the neurons in each Iayer i te n on II%O\/IthIn and

nt ty] gﬁ architectures

=

between the layers are the two key factors t

in NN. Fundamentally, there are two typ

?J [
i. Single-layer network \ :_\. ;
A single-layer perce S kan/ in

form of networ%h cons @yen Input layer with input nodes that
correspon& numl‘er of typuts f to NN and an output layer with output

nodes gwt the cpm sllg Gf the network to real world. The signals

pr 7re tl@ the computation is only executed in the output
Werefore nsfworl?s referred as a single-layer.
S
N

? ultilayer network
Q A multilayer network is referred as multilayer perceptrons. It is an expanded form
of a standard single-layer perceptron. A layered network consists of an input layer

and an output layer. In addition a multilayer network usually has one or more
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hidden layers located between the input layer and the output layer (Habarulema,
2007; Alsmadi et al., 2009). Both the input and output nodes are conn&?ﬂ
external environment or to the real world. The internal connections @nd to
number of hidden neuron to the hidden layer is not directly accesgl'kherefore,
the hidden neurons are the intermediation between the sourcgnodes and the

output nodes. The outcome from the output layer is a%ve to each of the

V‘ Y-
The number of hidden layers and hidden neuro r layer fre gii al:ri_@‘lssue
0

in a multilayer network due to lack o IC aﬁ) to detg¥mine the

input pattern specified in the network (Haykin, 19

appropriate number of the processinéaglemghts aw‘i hideen Iay&mar, 2004;
Alsmadi et al., 2009). Alsmad l. aJOQ), has ind| (ﬂi that there is no

explicit specification and ex%ent I wo\ttxe?pl m‘é@ layout of a network.
E j 'y N
There are certain gener. are i% @7

jab)

plenmgnted e researcher to design a
network depending%appl: on. KU@OM) has suggested a cross
validation appr timate $he n b!ar@idden neurons to obtain areliable

' &
\aﬁons, ir&a%ing the hidden layers might ease the

, the et)%fracy of the results may still not vary

!
signﬂ" ntly (Hagkin,1 9{T@(j?llyinterconnectedmultilayernetworkwitha
idde

N
% ndt hovw%\n Figure 2.6. The multilayer network is able to

ve complicated tasl@re effectively but it requires longer computational

network. In in NN tp

E ime compared to a single-layer network. The following section focuses on the
0 algorithm in a feed forward multilayer network. There are several algorithms
available for multilayer NN applications, yet in this thesis only the feed forward

network trained by back propagation is explored and briefly discussed.
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Input layer Hidden layer Qutput layer

Outputs

Inputs <

AV
Figure 2.6: A multilayerhrk WW'

\
TR A
2.6.2 Feed forward with bK opagatQn al rl'{hm,(%'

S
K. P

A feed forwar is a io m NN% h exists in both single-layer and
multilayer netwo@xa@nultk?%ﬁfeed forward network with a single

hidden IayereEWust te'd } qure @ Overall in a feed forward with back
oFr

=

(<)

s
propagatio, #hm legrni ase@signals flow from the input layer to the output
fwzho

layer i %a:rd dirgc Lé?mits any closed paths (closed-loop) from a layer
: s N

ba If, while the erro als are sent in the backward direction during back

tion (Fausett, 1994). The theoretical and mathematical formulations of feed
Q\Nard multilayer network trained by back propagation (of errors) algorithm with a
randomized weights are referred and adopted from Fausett (1994). In this section an

example of the basic method of back propagation based on an optimization technique
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known as gradient descent learning method, which is used to estimate the errors and alter
the weights in all the layers during each training pattern is presented with the obje

minimizing the total squared error of the output computed by the network (F%\Q%;

Kumar, 2004). A

A feed forward network with back propagation algorﬁ' m three standard
t B exe

stages but prior to the main stages, random initialisation of uted. Following

are the stages of this algorithm: ‘\d.

‘é | &
I. Stage 0: Random weight (w) initialisati 4 \,Y.

The weights in each layer are randow;alisv‘j antyhe va& the weight
falls within the interval range < 35 1. O<<

Ii. Stage 1: Feeding the in Is m?orwa
‘()é(cxtracted the signals and summed its

a. Inthisnetwork@utr]
signaldlto t
P 4

O

\'{\
S

i i@...,n) received the input signals

hadmeuron(s) (Z, j = 1....p) in the
¢ &

_'$ Vg; + Z XiVjj (2.4)

neuron j, x; is the input signal of the X;, and v;; represents as the weight

§ where z_in; is the net input to Z;, v,; denotes as the bias on the hidden

connection between the input neuron i and hidden neuron j.
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Once summed up the weights, as in Equation (2.5) each hidden neuron then

computed its net input ( z_in ;) using its specific activation functionw

been assigned to this neuron; ! %\

2 = f(z.in)) Y' 2.5)

where z; is the output activation signal of Z; alf is“e assigned activation

function. \d
[

The output signals from the hidden | are foryarde t? th@)&t-put
ULy

neuron(s) (Yx, k = 1,...,m) as the in nals {p the gfitput Iver. Each
N

\f&weigwput signals

O

K = Wy J jM"jkA& (2.6)

X , 'S
where y_in,, isghe ne,i\n'p \{ 1. denotes as the bias on the output

neur@st !)utp ignaIQl he Zj, and wy,, represents as the weight
\

@or;letwe ,'ﬂd neuron j and output neuron k.

p. @pn calculated its net input (y_in,) using its

.\.%tivation function a@roduced the output signal at the output neuron as in

QO

AV

Equation (2.7):

i = f(y_ing) (2.7)
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where y, is the output activation signal of Y and f is the assigned activation
function. The feed forward process ends here and as the training corw

the error signals are estimated and propagated in back dire tl%\

iii. Stage 2: Computation and back propagation of the errors Y'
Since a supervised training method is employed in the n k, both known
inputs and desired outputs are used in the training zhere ore each output

neuron has its own target value, t; . In this sta

a.  Firstly each output neuron (Y, k=1,..., mparedjts ou ut's @ « {0
the corresponding targeted valuet pute SS mte@?’or From

the error, &y, is calculated as i qua n (2,?) S.
=
A,

N
o \

where &y, is the e&%rmwo th put neuron k, Yy and f " is
the derivati eoW:tlva'onf cllon Welght correction term, Awy,
(between the atputK enﬁ blas correction term Awg, are

com&\mg@ as @quatlon (2.9) and Equation (2.10),
\

'( 3 (2.8)

¢ Y- Awj, = abyz; (2.9

A S
\ N Awg, = ab (2.10)
QE where « is the learning rate. Both the weight and bias correction terms are

calculated to update the random weights and biases between the hidden and

output layers later as in Equation (2.15) and (2.16) in stage 3. Then the
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computed J; is sent back to the neurons in the previous layer connected to

Yk, Where in this case the previous layer is the hidden layer with

neuron j, Z;. \

Secondly in the hidden layer, each hidden neuron (Z;, j = 1,...;Pgum its &y

input from the output layer Q

5.in; = Z 5w, "\d (2.11)
k=i
N3

| O

where 6_in; is the sum of all delta in Its at hi}id nn rons@ﬁsed on
_ N

the 6_in it the error information term ¥@r eac neuro 5;1'5 calculated

as follow: %V 0\

Y
\& (2.12)

The §; isonly qudat the hts @iases between the hidden and
|
input Iaye%) to

samm&Nre, tf‘é w

\caw AUU = a5jxi (213)

where Av;; is the weight correction term between input and output layers

and Av,; is the bias correction term between input and output layers.
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Iv. Stage 3: Adjustment of the synaptic weights
a.  Inthe final stage using the correction terms, the weights and bias (] Yﬂ)

between the hidden and output layers are updated as follows: %\

wjx(new) = wy, (previous) + ijkY' (2.15)

b. Using the same procedure as above, the wgight@nd bias (i = 0,...,n)
between the input and hidden layers are éoll%
®
N
| . Q
v;j(new) = v;;( us) + A (2.16)
s b4
Y* \ N
Y—
The adjustments to all WeightﬁWyers eously during
the training phase. The WM er e@raining pattern is

executed. In other o%he a@“p é'd,‘ktfm adjusted weights
o =

iteratively until t ork reaches it¥ stbppiftgtondition(s).
\ il RIS
Overall the sta% he complexiffy of th@gorithm during NN applications.

' &
Due to the complexity, a numtle hs argﬁquired to train the back propagation

network, wheregdn hi e ofﬁv{antire training set. The combination of

¢
sigmoid funct d th@ netw v‘airtd} back propagation algorithm simply benefits

N
the net% ausegh
N b

}e relagdfiship between the value of the function at a point
and lue of the derivative@lnat point reduces the computational burden during

N
tgm(Fausett, 1994).
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2.7  SEASONAL AUTOREGRESSIVE INTEGRATED MOVING AVERAGE

(SARIMA) MODEL IN LINEAR APPROXIMATION v

(e

Autoregressive Integrated Moving Average (ARIMA) is a tradirﬂkme series
forecasting technique, which is mainly used in developing linear moRs. ARIMA has
been established based on the Box- Jenkins methodology Q;at d, 2000) where

sometimes it is also referred as Box- Jenkins models. ARI i omMination of three

different functions comprising autoregressive (AR), ing a rw and an

Y-
| are

integrated (I). The theoretical and mathematical form ns of the M'\

referred and adopted from Box and Jenkins (19?. \’ \'Y.

Y—
1P &
2.7.1 Autoregressive (AR) process\

O
\ A
S NS
The autoregressive funce

e previous periods. The
autoregressive model with

the form: %

(1 — ¢1B — ¢ZBZ - ¢po)}’t =

A=) 6By =a (2.18)
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where ¢,(B) = 1 — ¢,B — ¢p,B? — - — ¢p,BP or 1 — Y7, ¢;B'is polynomial in B in

order p. Finally the AR process in order of p is written in the form: Y'
d)p (B)yt = Qg

2.7.2 Moving average (MA) processes

\%

The moving average function regressed on the procesw. MA(q)

®
is a moving average model with q lags and expressed@igthe form ' (§'
-
L 4
— X

L

where a, represents a purely random m}/itM{ n am@nstant variance of
o2. The Equation (2.20) can alt %y beAeg
? (]

substituting the backward shi& tor, B! .

Ve = ar— 00,1 — 6,a;

r

,K\ 1, g (2:21)
e

where 04B) % 1 — §,8 - ? = 6,B%0r 1—Y1_, 6;B/ is polynomial in B in

ordegg. Winally the MA proce@order of g is expressed in the form:

0% Ve = 0,(B)a; (2.22)
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2.7.3 Autoregressive moving average (ARMA) processes

The combination of autoregressive moving average model with p a@swe

terms and g moving average is known as an ARMA (p, q) model Chat 00) The

function of the ARMA model can be expressed in the form Q

bp(B)y: = 04(B)a; q ' (2.23)

where ¢,(B) and 6,(B) are polynomials in B of figite order gand esﬁegt\wé
D)
.19

Equation (2.23) is a mixed combination of Equatio ) an uagon (2 é

Y-

2.7.4 Autoregressive integrated m@ge I O sses

A

A time series is said to be S y iftne stat Jal '&ertles of the data do not
vary with time where the mean nd over nd vﬂ%ﬁce of the data are constant.
However in many pracjgee time s%es ale@ seasonal and trend variations,
which are the major co%nts aﬂ%@.y time series. A trend component is
defined as a Ion m ve t indfe t|m ies data. This means that the observed
datahasanu e digeco r downwards) This type of trend is classified
as a dete tr n w e I|near or polynomial model can be used to
detren h deI Apar ronf th&t&?ere is also time series shows stochastic trend which
i Ie to be easily modelled\c‘,

Q Autoregressive integrated moving average (ARIMA) model is a combination of

ARMA model with an integrated “I” function, which allow the time series to be
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stationary by differencing. The main requirement for developing an ARIMA model is

that the process requires the original time series to be stationary. The first diﬁererw

the original time series can be expressed in the form. %\
(1-B)'y: =y: — By, T

=Yt~ Yt-1

and d™ non-seasonal differencing can be written as (1 +» Whe

time series and B is the backward shift operator.@M mqdel i$ab re'\é'gaga as

|ffereye at dfitime -\ore the

ARIMA (p,d,q) when the non-stationary data serie

T N
data is fitted into the ARMA (p,q) model. TQe¢ ma \ﬂcal exg'[&’ﬁon of the
ARIMA(p,d,q) model is as in Equatio(\%\' 0‘ O<<

=

bp (AT )ﬁ;at \& (2.25)
o

1 finit&d¥der p and q, y; is the original

where ¢, (B) and 6,(B) ar omi

SIn
o CoL S |
time series or non-stati ime ser}e a a;rgg ents a purely random errors with

zero mean and co Nrian of &§. The r@%r limitation of this model is that, it is
&
unable to comEMj thgnon- patt&)ﬁwnd pre-assumed linear form of the model.

Thus, the Q' lue af a Varidbl i§£a:sumed to be a linear function in an ARIMA
& v >

model Y'
c}'
S

%Seasonal autoregressive integrated moving average (SARIMA) processes

trend time series. Seasonal time series is a periodic and recurrent pattern that always has

Seasonality is another significant component that is often accompanied with the
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a fixed and known period e.g. hourly, weekly, monthly, quarterly and yearly. In seasonal
time series data, deseasonalisation is very important. According to Zhang and Q

and the references therein, seasonal fluctuation has high influence on the ti data
Without a proper seasonal adjustment, seasonal fluctuation can cau#&cultles in

capturing the other time series components e.g. cyclic and irregular ¢ aponents

SARIMA model is an extension of the ARIMA z rd rto include the
seasonality component, which is particularly present in f th IIM.The first

seasonal differencing can be expressed in the form: l _\C}

’ X
R RRIN 4\‘?’
c'ayc yes O (2.26)

and the D" seasonal dlfferencmg c rltﬁn s(1 S)%}Where s is the length of
q

the seasonal period. The math I pres ARI model can be explained as

ex
SARIMA (p,d,q) (P, Df re (p,d & rep san@on seasonal part of the model

while (P,D,Q)s is the seaso par&q{ odé‘léjmentloned in Equation (2.27):

Q7
(DP(% B) —,? {'Bég—ft = 6,(B)0y(B*)a, (2.27)
where ’v-) {éJ

‘Q f 5

1 ®,BS —csz%{s .~ @,BPS

=y

1 - QlBS - 62325 T OQBQS

QB)—l— $1B — $,B7 == ¢, B”

Qq(B) =1- HlB - 6232 — Hqu
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B is the backward shift operator, p is the order of non-seasonal autoregressive, q is the
order of non-seasonal moving average, d is the order of differencing non-seasorw
the order of seasonal autoregressive, Q is the order of seasonal moving ave@s the
order of differencing seasonal, s is the length of seasonal period, @ is t ficient of
seasonal autoregressive, @ is the coefficient of seasonal moving me, ¢ is the
coefficient of non-seasonal autoregressive, and 6 is the coe?y)f non-seasonal

moving average. The random errors or the noise compo th' model, a, are

assumed to be independently and identically distributed. ‘\d.

2.7.6  SARIMA model development based d?b\]er% ique\‘,r
\' QT‘

The Box and Jenkins (1976)W logy invo thr@terative steps for

SARIMA model selection. Figurez.%bitsthe e %n @-Jenkinsapproachto
3%‘ q G}

develop a SARIMA model. E esqribes i &si@ontribution to develop an

accurate linear forecasting V@O"O’VI garegheth Ateps to develop the SARIMA
model: % ; '0’

4

l <
i. Step1: %enti &

!
c : 2
Idea icati@n of fthe el{:o (—)

(syts of two stages: (1) In the first stage, data
3
&)

sformation such a

atiof i ,quir%_ to stationarize a time series. Appropriate

%

, differencing or detrending is performed to achieve
?\tationary time series. Stationary is a necessary conditions in modelling a
0 SARIMA model in order to attain its statistical characteristic that (mean and
variance) does not change over time or have a pronounced trend. The “I” or

known as “Integrated” which identifies the degree of differencing SARIMA
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Postulate general class
of models

Step 1
Model Identification

Step 2
Estimation Parameters

Step 3

Figure 2.7: Box-Jenkins modelling approach (Makridakis,1983)
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model indicates that the modelling data series has been transformed into a
stationary time series. (2) In the second stage, the order of the SARIMA

(the order of appropriate autoregressive, moving average, seasonal an% sive
and seasonal moving average) terms is identified by Jning the

autocorrelation function (ACF) and partial autocorrelation functR (PACF) of the

sample data (Box & Jenkins, 1976).

ACF is a basic statistical tool used to define th@l Wed on the
r

h
®
number of time-lags in a time series. The A%es are iffthe g' be@’x:l -1
and 1 computed from the time series at diffe lags tg nteasyfe the‘prrelation
N

\Vatior%@ation (2.28)

between the same variable with its p% d
ie

is a general formula for ACF a@haﬁ

(2.28)

N

where y; is th cuto-co e'co@clents fork=0,1,2,...,7%
S &

represents t rianc@ I ga'series Ye, Vi denotes the mean of the

time serw K s th

@"values of time series data at k. PACF is

t+
¢ (v)
ano o@ntialfy usgf toé'l ir@odel identification. PACF essentially measures

N
e s codfelati ft Iagv_ ich has not been accounted by autocorrelations

Aower order lags. PA@( lag 7 is given by the following Equation (2.29) with

-1 .
T — j=17TT—1,j Tr—j

-1 )
1- Zj=1 Tlr—1,j " To—j

(2.29)

T =
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where r and m is the autocorrelation and partial autocorrelation functions,

respectively. The ACF coefficient r and PACF coefficient r at zero lag aw

to 1, r, = my = 1, while both the coefficients are same at first lag, r%\

Table 2.4 shows the summary of the basic three types of g non-seasonal

theoretical ARIMA models; moving average model, at% sive model, and
R

mixed autoregressive moving average model. In IMA model, the

seasonal parameters; seasonal moving average mouigl, se ongressive

averdge e‘ f&ﬁaN the

dﬂ\é' y thJaer of the

eor sho that CF function

model, and seasonal mixed autoregressive

similar theoretical property as per the A

seasonal lags, P and Q. Furtherm

clearly indicates a moving av& cess of 0 @\(q)) through the

number of non-zero terms i Slmllar\P&: aﬁﬁ used to identify the
CO

AR processes, clearlyl he rder P, the Mofegressive process AR(p)

via the number o errr[ S @r than p. In addition, the
C

visualizations c% and

N Sl

&b 4 “seasonal retical ARIMA models
c : ¢

’Ntf‘?f

Moving Average oPerder q Cuts off after lag g Dies away

F I}A%Z'& their theoretical autocorrelation

S
ACF PACF
\'ad

Autoregressive of order p Dies away Cuts off after lag p

Mixed Autoregressive Moving

Average (p,q) Dies away Dies away
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autocorrelation properties are used to identify the possible model and determine
the appropriate p, g, P and Q to fit the stationary TEC time series. Usuai{y!

combining the autocorrelation patterns with the theoretical ones, it i%\le to

determine one or more than one potential model for a given tin‘@%s.

Among the plausible identified models, the most appr*MARIMA model

that provides adequate description of the stationary s@ries f determined by

using the Akaike Information Criterion (AIC). ThiSygdex i uw‘imate the
quality of the model and to determine the nf)ni-\m ious

that gives minimum value of AIC is @agsi he del. The AIC
can be calculated using equati(@and the fo ai red and adopted
from Durdu (2010): \? ,(k
@ S
T %S, AQI

AIC = 1 2$ (2.30)
N
<&y
ber (J mple in the estimation data set, and SSE

’
where m is | to (p+'q \les the er of orders estimated in the model
selectioéesen
repr %\e sugh o r@‘d U(?S
I 3
& v <>
Y'

=

%odel identificatior@'ér than ACF and PACF proposed by Box and Jenkins

N

\1976), there are some other new techniques that have been proposed widely in

model identification which can be found in Zhang et al. (1998) and Khashei &
Bijari (2010). Those techniques are based on validity criteria and intelligent

paradigms to improve the accuracy of order selection of ARIMA models.
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1. Step 2: Parameter estimation
Once the time series is transformed and the orders of the SARIMA mm?m
tentatively determined, the coefficients of the best fitted parameters @ated
in the second step. In Box-Jenkins approach, this stage is conﬂ&the most
straightforward. The parameters are estimated as such that the oWgrall accuracy of
model is maximized or in other words, the measure N the model are
minimized. This accuracy can be accomplished usi ‘%.

Iin'ar optimization

procedure (Zhang et al., 1998; Aladag et al., 208§, Dur u,w‘hashei &

Y-
, Maxifun,li er@thod
L 4
\ \T
iii.  Step 3: Diagnostic checking \ O‘{
Finally, the last step of buildc' gup asSA d :&,e diagnostic check to
determine the model ad@ n thlk ste res@'s e; generated from the

fitted model are examinethgpd verifs d o@‘tﬁe model is an adequate one

for the time serjs. egal testslan emn@ to examine the goodness of fit
; ? S 4

of the fitted r%l. esi ta€orrelafio}Y function (RACF) is one of the tests

ify tI@Jeft over residuals from the tentatively

Bijari, 2010), e.g. based on steepest descent m

and least squares method.

that is c ly u
!
21

@%ted o el gfSu p@\s about the residuals e; are satisfied, where the
sidlia

entert ode (D'ur (afrhis test is basically conducted to determine if

Is from the fittgjqxe'l should resemble pure random errors (white noise).

\n this case, the Whiten\oise means that the autocorrelation of the residuals are
% uncorrelated and normally distributed around a zero mean. Other than the
Q correlogram of the residuals, the diagnostic statistics tools among those such as

Ljung- Box Q test (Q*), Box-Pierce test (Qgp) are used to test whether the
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residuals over time are random and independent. If the test statistics Q* or Qgp

recedes the critical value y? (chi-squared distribution with degree of fre ,

then the model is considered adequate. %\

Lastly, if the fitted model exhibits lack of fit through the plots oRgtatistics test, all
the three steps for the SARIMA model's building% ; identification,
tis

estimation and diagnostic checking are repeated frctory model is

designed. The final fitted model is used for forecaSegg pu pckes\d‘
g
IS

28 |ONOSPHERIC TEC BASED ON G AS% Sy

N

c\'z 1 &
The Global Positioning Systew is the fi atel@“based navigation
@ system consists of a

system in operation in the mid-20th%ry. This %
7 &

constellation of at least 24 reli ite ight @bout 20,200 km above the

Earth's surface. All the GP S a1 e@ in six orbital planes with an
t

inclination of about i% e to" e ato'r Qnsure worldwide coverage (El-

Rabbany, 2002). T Iy, the \959|verr fres at least four different satellites in

order to providw ein on FEJ on or location. Initially, the system was
¢

developed f. wry pWrpasesy ﬁ:e @Gi?ed States Department of Defense (USDoD),
N
but wa@ge avai Pr ci\ﬂn\;}1 use as well.
<&
S

he GPS consists of three major segments; the space segment, the control
edMment and the user segment. As aforementioned, the space segment is formed by a
onstellation of 24 operational satellites for transmitting radio signals to users, receiving

and retransmitting navigation message to the control segment. Each satellite has a
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nominal period of 12 sidereal hours (Navstar, 1996). The control segment comprises
monitor and control stations. The monitor station tracks all the GPS satellites in vi

accumulates the ranging data of each satellite meanwhile, the master co%xtion
processes the gathered information to control the satellite constellation dates the

satellites' navigational messages (Navstar, 1996; Komjathy, 1997). Th&fliser segment is

utilised by the military as well as civilian which consists of GP‘MS and receivers.
In order to allow the users receive the GPS signals, the GP iVier is gonnected to the

GPS antenna to provide accurate positioning, velocity an

users (El-Rabbany, 2002). é J ' _\(}
b 4 \,Y'

The signals from GPS satellites are W d om‘vo cayier L&requencies,

L1 (1575.42 MHz) and L2 (1227.60 M\%Jlated by seu@%dom noise code,

N
Both the carrier frequencies are d basﬂed on Mur@ntal frequency, f, (10.23

MHz), where L1 = 154f, an%zsfi en though e GPS satellites transmit the
same carrier frequenci% each'g ellijg‘iheﬁégnificantly from one another due

to the modulatiorwhe P-io odulegdnto L1 and L2 frequencies while the
C/A code is modgyatetMonto ncy

;@?‘ The GPS network provides two types of

GN.K :
positioning %ing rvige (U‘P@(T?e Positioning Service (PPS) accessible for
4n§ %

N
orisd ’It uséspne of the transmitted GPS codes, called as P(Y)

military,
cod ypted P-code into @fie), and whereas (ii) Standard Positioning Service
( accessible for civilian users and the service is considered less precise than PPS

abbany, 2002; Navstar GPS, 1996; Habarulema, 2010). The C/A code is used for

is service, which is free to all users (authorised and unauthorised users). In order to

provide accurate positioning services as mentioned above, the GPS receiver is able to
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access the codes simultaneously from at least four visible satellites at any time from the
user position. The system is structured in such a way, so that it can use three sate

compute the receiver's location, and the fourth satellite is used to remove%\iver

clock offset from GPS time (Komjathy, 1997). A

Yv

Discontinue of Selectivity Availability (SA) feature, thgdonoSWhere has become
the largest source of error in the GPS positioning and nav g8 ysttins (Klobuchar,

1991). For high precision GPS positioning, the ionosphffgeffe Ml‘iminated

from the GPS observation. The next section give%knowl dg tle &%ts of
ionosphere’s refractive index on the propagatio?b tro@ i ave\"r
2.8.1 Radio waves refraction in io % O<<

\ _x
SIS
(4]
The electromagnetic w%n transversgptive EafS atmosphere are mostly
affected by the F2 region i \oosp'e . eov@ ionosphere, which acts as a
dispersive medium d numbe@r of, re‘a t@trons, causes the speed of the
' &
propagation signal We as t \T&n of i‘téquuency and delay in the modulating
signal. To undewgiand'and d f bef@éﬁﬁr of radio signals in the ionosphere, the
¢
ionosphere’ aghive intle 'clﬁs Q;i?ly related to the speed of an electromagnetic

Y
waves gNing inft }ium uld be understood.

3 &

\asically, the waves that propagate through a refractive medium can be

ss@ciated to its refractive index of the medium, n which can be defined as a function of
ropagation velocity in the free space, ¢ over the speed in the medium, v:



65

— (2.31)

v
Y
where c is the speed of light (3 x 10® ms™). According to Langley (2000), i %erive
medium, the phase velocity (phase speed) , v of propagation is a function ofthe wave's
frequency and the refractive index that influence the velocity is ca edx.ase refractive
index, ng, as defined in Equation (2.32) while the group refractivx, ng is defined as

in Equation (2.33): '

e\ (2.34)
& S

1 O
\ ¢ P &
ex refyactiye d@-‘ﬁf an ionized medium in a magnetic field is
s
pl

ted with é{on-lﬁftree formula (magnetionic dispersion equation) as

NV
n (2.35),which was\ck?rived in early 1930's by Sir Edward Appleton and

§s Hartree (Davies, 1990).:

n? = (u—ix)?

f;%
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N

where p and y are the real and imaginary component of the refraction in@&oectively,

X

-2~ (3 —Y)f—m)

=1-

N[~

-+

s
41-X—j2)z L

while the dimensionless quantities X, Y and Z are defined by the followAig expressions:

9,

where
Wy - Angular pla%

electron e, &
denotgll asSjectr
¢

wp - El yroffeque

ndwlar frgh f)f th pagating wave,

. 'S
) ALongitudinal comp@? of the electron gyrofrequency,

% Transverse component of the electron gyrofrequency,
G . Angular collision frequency between electrons and heavier particles,
0 :

Angle between the geomagnetic field vector and the propagation wave

direction.
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A few assumptions on the properties of the medium are considered in the Appleton -

Hartree equation (Davies, 1990): \Yv

i. The medium is electrically neutral. %

ii. Number of positive ions and electrons are equal in the ionoﬂk with no
resultant space charge. Q
iii. Constant external magnetic field. V

Iv. Refractive index varies inversely proportional to th Kss, Tus the effect of

the heavy ions on the radio waves is negligible digg hig st

| 2
g
{ |5
For high frequencies, the refractive index incre I% ati electron

density. During this period, the collisions a lighble OTere =0, = (0 and the

Appleton Hartree equation gives the fN expression: O<<

(2.41)

N

'y
nﬁ/ perpendicular to the magnetic field

évﬁplified to

and when the wave
(i.e. =90°), th =

3 (2.42)

Q&plane polarized wave will be splitted into two waves which can be derived from
q

uation (2.42). The wave with positive sign “+ve” is known as an ordinary wave:
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IR

W=1-X (2.43)

while the one with a negative sign “-ve” is referred as an extraordinary wac\:

, X(1-X) “
nz = 1- T—Y,Ig ‘T (244)

Among the two waves, the refractive index of extraord ry%ave depends on the

magnetic field. However according to Langley (2000) he fre% the radio

@

waves are significantly higher than the plasma frew.e. f > ) efff the
™~ ]

magnetic field is ignorable. In this case, the exp ns ofj)o

ordinary waves will be same: z

4

&
O (2.45)

S
Since, u = V1 — X and the expgn 0 Ip grv@ﬁg a Binomial expansion):
N
n |
;tem—Xﬁcf) :4$>
@
1 3
T s
3!

gwng higher powers of X

wx(1-1x) (2.46)
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2
and substitute the X = 2& N

o2
w? gom(2mf)?

the earlier expression in Equation (2.46) gives

Ne? %\
p=1- W 5 (2.47)

where N is the electron density (electrons m™), e is the electron ch@z x10%°C),

& referred as electric permittivity of free space (8.854 ¢ 10 ?m' 1), m denoted as

electron mass (9.107 x 10! kg), and f is signal fg y sz)auting the
®

respective values in Equation (2.47) and the refractifge indeXx or glso oivn %") ase
refractive index (n) gives ? Y-.\

(2.49)

(2.50)

group velocity as:
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C
Yo = 203N (2.51)

o ¥

The dispersive effect of the ionosphere shows differences between the e arft group

refractive indices as well as in the velocities. Yv

2.8.2 Derivation of Total Electron Content from iono eg refraction

N,
The ionosphere's refractive index is an imwnd basif qua ty in gmng
g

the ionosphere TEC. The velocity of radio si%na thin ?e on phere?'e mainly
V

\mﬁerse@ah different

ng thégay path between

layers or regions in the ionosphere. TK&
ecum

satellite and receiver are affected by latd eTf edRposphere and the time

S s

legeometric range or distance, p of the signal is equal to speed of light multiplied by

me required by the radio signal (Langley, 2000; Hofmann-Wellenhof et al., 2001) and

can be expressed in the form:
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Rx
p=tc=f ndx
Tx \

The measured geometric phase range can be derived by substituting the exession of

40.3N

phase refractive index, ny = 1 — I in the Equation (2.53): \'z

(2.54)

N
and the measured geometric gr ng \innserting the expression of
phase refractive index.ffi, = Z+ 43;21\' [1 th Cﬂ@-%)i

~l ‘&

Q%' ? I = dx + 4}?;3 fT RxN dx (2.55)
% ' ¥ .

A &)

Q¥ -

2

= 1 and ffxx N dx is the integrated electron density along the signal path and known as

%
o

dx is the true satellite-receiver geometric range (p) which is obtained when

total electron content (TEC).
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The ionospheric distance correction, 4 d;,,, is determined by differencing the

measured (phase or group) and geometric ranges and the expression can be ex@'ﬁ

_40.3
Adion=lg¢/g—p=+7TECV (2.56)
' ;ath'delay, “—pe”is

the sign for carrier phase measurements, “4ve” is si Mo-‘%apge

N
measurements. The above expression concludes t@stence fi s;‘we&cﬁduces
the Yao-range

the carrier phase measurements (phase is adv andNy gre

measurements (signal is delayed). Both Ewurenﬁpts erate& same results

(dimension of length), but with opposite%

E") BNES
o )
2.8.3 Derivation of Total E n Con

nt fr 'GP@'@asu rements

the form (Alizadeh et al., 2013):

where Ad;,, is the ionospheric distance correction or iono

X S
In practice, GP tprovyi dir t‘m(zaQ ments of ionospheric parameters,

but measurements Nhich 'on

frequency GP @ IS liS

frequency | %D estirpat , Wh @an be derived through the differences between
both thew has&c@sj se ange (P) measurements at L-band frequencies, L1

anx‘ e advantage of duo&}équency P-code in the GPS is found to be a very
o).

ric par\&dters can be estimated. Single or dual

tain@ record the GPS measurements. A dual-

P

E ? g method in computing and correcting the ionospheric range errors (ionospheric
Q delay), by combining the pseudo-ranges observed on L1 and L2 (Habarulema,
010). From this ionospheric delay, valuable information on the properties, temporal and

spatial variations of the ionosphere can be inferred (e.g. the ionization level of the
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ionosphere). Therefore, GPS is a predominant technique for TEC measurement.

Basically, the GPS derived TEC data can be computed from the du@ency

based on either pseudo-range (P) or carrier phase (®) measurem can be
expressed mathematically as follows (Gao & Liu, 2002; Ya'acob et al%2009):

Pseudo-range measurement at L1 and L2 frequencies: L V

Py = p+c(er(t) — &5(T)) + Aorpic p +41p)

e o)
+ bSp, — bRp, + Amultipath¢1) ' *(;2.57)
P,=p+ c(eR(t) — eS(T)) + A 4 g \,Y.

+ bSp2 - blep2 + A (258)
(2.59)
‘? (2.60)
S |)) ¥
where ( P A é
p .\. . isthe line ofﬁrange between the receiver and satellite (m),

\ 1
\ ©is the speed of light in vacuum (ms™)

t),es(T) : are the receiver and satellite clock errors with respect to the GPS
time (s), respectively,



AOrbit

A Trop

Alp,, Alp,

Alp,, Aly,

/11! /12

Nl! NZ

bSp,, bSp,

bSe,,bSep,

bRp,, bRy,

multlpa

multlp h,

ath,®,

1),€(P2)

€(Py), &(P;)

. arethep ngi
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. is the satellite orbit error (m),

. is the tropospheric induced error (m), Y'
. are the pseudo-range ionospheric induced errors (m) T%NLZ

frequencies, respectively,

. are the carrier ionospheric induced errors (m) L1 and L2

frequencies, respectively,
. are the wavelength of the signal (m) ;d L'Z frequencies,

respectively,

. are the carrier phase integer @\IES b sa‘e_}ﬁ@ and

receiver (cycle) at L1 and L es ely\,

Y-

. are the pseudo-range E ite ardvxﬁare ys ( L1 and L2

frequencies, respecM O

frequencies

. are the carrier Gjatelllte h ge \ (m) at L1 and L2
)?l [} e,

3
%o
S e elveg ware delays (m) at L1 and
(

ctivj *

LZ% es, res

bRy, bRy, carrle" p PS re r hardware delays (m)at L1 and L2
% enci (itlvel \
I

re th§ ps gw@ultlpath effects (m),
,J,

. arethe carr@ase multipath effects (m),

:are the pseudo-range measurement noises (m),

. are the carrier phase measurement noises (m).
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By differencing the code observations at L1 (1575.42 MHz) and L2 (1227.60 MHz)
frequencies and by ignoring the effect of multipath and other measurement errofg 46 g.

thermal noise), the pseudo-range measurements can be described as follov%\

P, — P, = Alp, — Alp, + bSp, — bSp, — (bRp, — bRpl)Y' (2.61)

where V

I =Alp, — Alp, . pseudo-range ionospheric@, '

bSp = bSp, — bSp, . differential satellite hgrdware¥ del@y (sajetlit® iFQer-
frequency bias) bet@nd I’_2

bRp = bRp, — bRp, . differential receide N
frequency bi@een :\an freguémcies,

D1 — Py = 41Ny _M‘F 2 1 "'%% - bSqu
(2.62)
%z— bR 1' ; N

\
Y
2 9

: Pﬁa ioé\ heric path delay,
3 ﬁfferwnal integer ambiguities,

-
- diMefential satellite hardware delay (satellite inter-
frequency bias) between L1 and L2 frequencies,

. differential receiver hardware delay (receiver inter-

frequency bias) between L1 and L2 frequencies,
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Both the differencing pseudo-range and carrier phase measurements eliminate the

geometric range, the receiver and satellite clock errors, the satellite orbital error,

as the delay induced by the troposphere and eventually provide the “ge@ree”

linear combination. The difference in the code measurements b the two
frequencies, L1 and L2, can be derived by substituting the expression ozquation (2.56)

into Equation (2.61) and Equation (2.62) and express as below" V

PZ_P1: I +bSP_bRP

40.3
= f_ZTEC + bSp - bRP
- 1

N

@, — KNOB !? 12] T&Q&) AN + bSp — bRp (2.64)
C
\ ’ ! (3
Co Nk TE th pse@range measurements has relatively high noise

ro
compa % EC ﬂow'zfcar $ol* phase measurements, though the carrier phase

me, nts are introduced mﬁknown ambiguity, where the signal from L1 and L2
be easily differentiated each other. In the pseudo-range measurements, TEC is
biguity-free. Thus, combining both the code measurements linearly provide more
accurate TEC measurements although the output TEC is not the absolute TEC

(Habarulema et al., 2007). To estimate the absolute TEC, the differential satellite and
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receiver biases should be taken into consideration concurrently with the ionospheric
delay parameters. In the following chapter, the errors are estimated for a single RVM

station at Parit Raja to obtain the absolute TEC and the values are used m@xerlc

TEC modelling. *
N3
\of

This chapter discussed briefly on the existence arth' iwe and the

29 SUMMARY

major factors that influence its variability, e.g. solar agnetjc acii |t‘as _é'p and
latitudinal variations of the ionosphere. Furth he ch‘p sem@- he basic
definition of ionospheric TEC and its effect el rom\gne wave%orlef literature

on the techniques (globally and regm& t have bety#tised (ﬁonospherlc TEC

modelling is presented. Be5|des ac ensive M % mﬁé’theorles and concepts

of neural network and season resswe ini@grat @nng average techniques
along with their mathematy 1 be@sented. Finally the chapter
provided a brief descri he GPS sys 5n scribed how the GPS signals are

'
\m |nde>§é chapter ended with the derivation of

influenced by the i here's rf
rem@is‘ﬁased on the pseudo range (P) and carrier




