CHAPTER 3 Y*
N

DEVELOPMENT OF NNS AND HYBRID SARIMA-WODELS

\Y%

3.1 INTRODUCTION N
|5
4 X"
ingle ;9{210048 GPS
lonospheric Scintillation and TEC Mon@gT r sta{E) at Parit Raja,

Malaysia. A brief description on the mappMg techgiqu isu er convert the slant

TEC into vertical TEC is explaigd. nti'?u%’(h @'ér provides a detailed
q
description on the Neural Net\& N) a%rj Sea&& Autoregressive Integrated
M

Moving Average-Neural N (Hy@rid A@\I) techniques that are used to

|
estimate and forecast th pheric BEC, m@. The first method in this chapter,

describes the de\@t of E\matioé#odel based on NN. It includes the
ial t0

METHODOLOGY

background m

and output %ers, e a/Chi
model) @: Raﬁ VJ?
<&
S
%\The second method, explains the development of a hybrid model to forecast the
i0

pheric TEC. In this section, a linear SARIMA technique is hybridised with a non-

Qear NN technique to forecast the TEC values in advance. The pre-processing approach
in the hybrid SARIMA- NN model is demonstrated and outline.
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3.2 TECDATAAT WIRELESS AND RADIO SCIENCE CENTRE (WARAS),

PARIT RAJA STATION T

In this study, the GSV4004B GPS lonospheric Scintillation a Monitor
(GISTM) receiver is used to collect the ionospheric data. The receiver %ble to track up

to 11 GPS signals at the L1 (1575.42 MHz) and L2 (1227.60JdHZMTrequencies. The

primary purposes of this receiver are to measure the phase itude scintillation at
50 Hz rate from the LI frequency and to compute the G C as%«ath from the

combined of L1 and L2 pseudo-range and carrier

®
easufem (bi\?@om,
ofTIi te ofTEC (ROT)
Wbt

iteg™o begise thess@te community

to study the TEC and TEC rate. F shows t roc@%f extracting the
ionospheric TEC data from the@sTM @s\%s% {@he utility program,
Parseismr.exe is used to extra%nvertqhe bipasy f% data in the GSV4004B
receiver to a comma-delingy ma ﬁzn comma-delimited format is
imported in Microsoﬂ% furthe,edit' .' o'
S
N S

In GSV4Q04BWthe (in g\',l where 1 TECU =1 x 10 electrons m"

¢
%) is determj %nth Eq
i: 4

2004). The equipment computes and provides f

for every 15s. Therefore, this receiver is we

n{’;JQS SV4004B, 2004; Zain et al., 2005):
Y

= [9.483 * (PLZ’—@Y{:\AC/A—P PRN) + TEC, I]TECU (3.1)
\& S

1?ere P, is the L2 pseudo-range in meter, P, is the L1 pseudo-range in meter,
Q:

/a-p,pry 1S the input bias between satellite C/A- and P-code chip transitions in meter,

and TEC¢,; is the TEC due to internal receiver L1/L2 delay and offset (TECU).
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[1579_0_00.g9p= | | é 1870 2900 thesis xis
I T @ Y.

TEC and scintillation data logs i @ ey L.
(Binary format) [©®and scintilation data logs
4

in GSV4004B Y~  in Excel format
NG
S
y N @)
B Command Promgt X | . % N A\T '

. 1579_0_09.gpg [1579_8_0@_thesis

Imported in Microsoft excel
for further editing (delimited
the comma)

Extract and convert GPS
measurement using Parselsmr.exe

Figure 3.1: Process of E@g lonospheric TEC data from the GISTM receiver at Parit Raja station, Malaysia
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Accurate and precise TEC value is very important in the ionospheric study, since
the parameter is able to describe the Earth's ionosphere behaviours and anomali
slant TEC measurements obtained from the GISTM are a sum of real sIa@GPS
satellite bias and receiver bias (Karia & Pathak, 2011). This derived s C data is
corrupted by the instrumental biases of the GPS satellites and the receimerefore, itis
essential to remove the satellite-receiver instrumental biases in JEC €8fimation, because
incorrect estimation and biasing measurements (uncalibrat %ﬁry influence the
end-use results and lead to false interpretations. The cOMgined atw‘ re%i'ver
biases can even lead to a negative TEC, where negati C valgles grgndt @cally
reasonable. The satellite-receiver instrumental g re auge e r@/e travel

times between the L1 and L2 signals fromw aana the mé;z.CPU. Since
these biases are frequency dependent, M&i not be reMp@ed b@%tracting different

frequency observations (Kao et qw). T \h%e j{%s must be predicted
ﬁ 'y N
[y

accurately and removed from % measuremgnis to% eve a reliable TEC data
\ &

(Sardon & Zarraoa, 1994).

Z , l \}E
' &
The TEC in thela quati 1) is corrected for satellite inter-

lite c‘é‘-{o-P biases (GSVA004B, 2004; Gwal &

frequency biasegbut Mt fo

¢ (v)
Jain, 2011), tgled before, t TéC@Iues are measured on L1 and L2 frequencies,
N
where e codé ﬁzemené\ are on the L1 frequency, while the P code

me ents are on the Lz.{x\}é, each individual satellite introduces a time delay

e transitions between the C/A- and P- code, which eventually will cause a bias
& e recorded TEC values. In order to obtain accurate TEC values, C/A- to P- satellite
iases (ns) are added during the hardware initialization to remove the biases or

alternatively be corrected during the post-processing by adding these biases (converted in
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TECU) to the logged TEC values (GSV4004B, 2004). In this study, these biases are

obtained from the file published by the University of Bern at ftp://ftp.unibe. WI

cope -\g}

Besides the satellite biases, the other important factor that is kn§fvn to affect the
accuracy of the TEC values is the inter-frequency bias mhenﬁi e GPS receiver.
There exists an instrumental delay bias in each signal of th PS T'equencies. The

bias value can be consistent over a few days during t dist rbwgions and
latitudg regj sj—l@er in
va@ ydud-complex

theﬁ regigns (Saébn & Zarraoa,
1994; Manucci et al., 1999). There arNDtechnlque pre@ he GPS receiver

smooth ionospheric behaviours, for instance within th

certain regions such as equatorial and auroral z

and large unpredictable ionosphere variati

bias, however, most ofthetechnlqu ased on AGPS receiver network
(Mannucci et al., 1998; Otsuka%OZ fha & gprany »Qg-’zoos, Nayir et al., 2007;
Sunehra, 2013). In this stu I|bI tedpniq posed by Carrano & Groves

(2006) for the equatori IS ado dto re&d& inter-frequency bias for a single
o‘ &
station receiver b@minir \OR

the bias values ¢ prédicte ily be!j\s"usmg the TEC data attained before the

proce the TEC variability. In this approach,

0 Using the relative STEC, satellite bias and single layer mapping function (SLM),

the VTEC can be defined as a function of receiver bias. The SLM function is used to



83

convert the slant TEC to vertical TEC and the mapping method is described thoroughly
in the following subsection with aid of the diagram. In this study, the height of th

is 350km and to minimise the multipath errors, an elevation angle above @es 5

used. A

A series of trial receiver bias is used independently to c%e VTEC and the
I

variance of TECs to their mean at each observation time, i. var’ance, Var(bR)
of the computed VTEC values are summed over bins (i) e lo IMQO - 0600

o g
LT) as in Equation (3.2) ' _{')

Var(bR) = Z Varian TEX (b

\C—)

where VTEC is the vertical TEC, bR@s receive %su

@dependently, and [ ];
S

is the data computed during i*", e bﬂ. 9 6

The primary purpose of bin@ reT e ntr@ of small temporal gradients

in TEC, which may e totallvarighcd a(‘nbaffect the accuracy of the bias
' &

determination. \ j N @
o
N oSS
The prRdictefl regef r'fbi@ r each day is the value of bR that minimizes

the tot iavce ofdl ? EqY_ on (3.2) between 0300 - 0600 LT. Finally, the

prech receiver bias is com@ﬂ everyday and smoothed over 14 days to obtain a

@nd reliable calibrated TEC, TEC., for that day. In certain scenarios,
Q estimation of the bR value tends to lead a negative VTEC result. Since negative TEC
alues are not physically reasonable, the bias value is reassumed to enforce that the

min(TEC) value is equal to zero. Thus, a well calibrated TEC shows a hon-negative TEC
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value and the TEC curve from each satellite is very similar and collapse well at night.

The predicted TEC,; values for 2005 and 2006 are tabulated in APPENDIX Av

3.2.1 Single Layer Model and mapping function

inla columnwith a

The TEC computed from the post-processing (as in the @hod) is called as
slant TEC (STEC). It measures the number of free electrons ifed
cross-sectional area of 1m? along the ray path from satelli ther cM&e Earth's

Y-

surface through the ionosphere (Todorova et al., 2008 he slart TECJS deg@nt on

C v'ﬁE ue igﬁauired to
remove the dependency from the eIevatior@\ i lay: hin-s@hi‘n;del (SLM)
is adopted (Schaer, 1999) to approxim e a@solute ver E@e geometry of the
SLM is depicted in Figure 3.2. \? ,(k
o S
9 Q-
SLM assumes that ectI are nce@d in a thin layer at about 300

'S'S f‘gée.\ﬁ intersection point between the

&

ere shel§=#5 known as ionospheric pierce point

the elevation of the ray path, an equivalent veng

to 500 km height (hm he Ea}
transmitted GPS Wd thElI
(IPP). Further th®zeni

¢

angle at th e:ce'i)er logati

sTEC 1 1
= (3.3)

F = = =
) vTEC cosz' 1 —sin2z
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Satellite \
\&

rd

Figure 3.2: lonospheric Single La€ thin- odified from Schaer,

1999) ;
From Figure 3.2 the relatio n zr ; gved using the law of sines:

nz (3.4)

\ | &
¢
where z, z' re%’yt thd zenit arﬁletaJt e receiver location and at the ionospheric

| %p- | ) N
pierce p ectiye )s the%n radius of Earth ( ®6370 km), and hm denotes

the QO the single layer @Y;\ km. In this thesis, the slant TEC estimated from

@observaﬁons is converted to vertical TEC by assuming the ionosphere to be a

d e layer (ionosphere shell) of fixed height of 350 km above the Earth's surface.
q

uation (3.4) is substituted into Equation (3.3) to estimate the absolute VTEC value.

S

N

=
=
3

These estimated and calibrated TEC values are utilised in ionospheric TEC modelling.
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3.3 DATA PROCESSING FOR IONOSPHERIC TEC MODELLING

Figure 3.3 shows the flow diagram of the overall methods used for@ﬂeric

TEC modelling in this thesis. The diagram is divided into two sections; tion and

forecasting. The two main models are thoroughly explained with pr@ger illustrations

throughout this chapter. Y\ V
Missing and erroneous data are always a crucia lem thj to false
timatipn e$ @ first

g sgf st TRCydata over

hod hébYe;ome a well
its r@‘finearity property

conclusions and affect the post processing analysis.

section offers an opportunity to estimate and fi
Parit Raja based on a neural network (NN)4eghnjue. ®hi
known tool to model the complex non-w cesses du
(Haykin, 1999). The incorporation %or know %to
N

learn, store the information andf can ge us r g@?alization. Since the prior
knowledge is very importa '\mo‘ n

yd

influence the ionosphe ariabil

’
These parameters@i as tr'e \mpaces \the TEC based NN model to estimate

accurate TEC dajg. FURher rchité?'e of NN for TEC modelling is determined
¢
inordertor, e fhe tragni er @N model. A short term hourly vertical TEC
N

dataset afe gse®to trath y mo%é\and the performance of the model to estimate the

ion c TEC over a singl@ station is investigated.

QE In the following part, forecasting the ionospheric TEC ahead for a short term
eriod is designed. In order to develop a reliable forecasting model, a valid TEC data is

required as an input parameter. Hence, the observed TEC and the estimated TEC (NN
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gram for TEC modelling using NN and hybrid SARIMA-NN models
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with reference to GPS
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TEC) values are used together (considered no missing or errors in the dataset) to develop
a single-station TEC short-term forecast model based on a hybrid SARIV\VM
technique. The hourly TEC data during a medium solar activity period fr@uary
2005 - September 2006 are used for training while the TEC values ast three

months of the year 2006 are used for validation and testing purposesq. 0 evaluate the

performance of hybrid model, the model is compared and vali
values of both the individual models; SARIMA referred a
denoted as FCAST-NN separately. The comparison resu e sh wwfussed in
the results chapter. é | C}
L 4
&y

3.4 DEVELOPMENT OF NEURAL %ng? TE(%&I MATION
MODEL \c') 6<
NN is very adaptive in n ,Jhe&e en rk’%@eneralization capability
9 Q-
L M6LOC

remains precise and robust ev has ron@whose characteristics may
\

change over time. Begj es,%m‘g a lata ven I, the NN impose few prior

assumptions on the underlyj proc{ I ta are generated. On account of this

property, NN is @e (@miss@cation compared to other non-linear
\
techniques. I@n, eo%z?'ﬂeagld non-linear function mapping capability,
b

which can any ron-lhegt m able function with arbitrarily desired accuracy

'

(Khasf&ﬂari, 20110
a

ttwe and well known % in many non-linear applications, for instance in

0%ﬁeric research (Hernandez-Pajares et al., 1997; Conway et al., 1998; Poole &

V\{ ng@l’l these properties, the NN technique has become an

Kinnell, 2000; Sutcliffe, 2000; Leandro & Santos, 2004; Oyeyemia et al., 2006;

Habarulema et al., 2007; Mckinnell, 2008; Jean et al., 2009; Acharya et al., 2010).
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Knowing the advantages of NN in complex processes, this technique has been adopted
and designed to estimate the non-linear ionospheric TEC. In this thesis, thev
developed using MATLAB version 7.11.0.584 (R2010b) with 64-bit (win 6@Iled

in a system which has Intel Pentium 987 processor with the speed of 1. nd 4 GB

memory under Windows7 operating system. Q

Figure 3.4 depicts the flow diagram that descr K ovirall process of
developing an ionospheric TEC model based on NN. T velopgm ess can be
divided into three stages: stage 1: Identify the in that f§igh cc'1t *53’(93 or

influences the ionospheric TEC data over Malaygi in% uldd;prlse the

full range of the input space so that the deyw odekwi mor%‘&)le, stage 2:
determine the number of hidden neur\ae hidden of@gl\lN and stage 3:

identify the best training algorlthm in the '*os hébTEC estimation. All
N
the three stages are explain ghl in cti&?s?S41 3.4.2 and 3.4.3,

respectively. N
(—) , ' §
&

The selectiofgf input pi : the n ﬁ).ber and arrangement of the neurons in

“

each layer, the orl the gv'ork and the interconnection links within

and betwee a ers a the ttﬁesé?dlstlngmsh the architectures of a NN. These
feature tet a ;veme&f a trained network. The predictive ability of the
NN que may vary with r@ﬁ to those features. However, according to Maruyama
( nd Ghaffari et al. (2006), the initial weights and biases even contribute on the
Q vement of NN training. In this study, both the weights and biases of the neurons are
itialized by random numbers in the NN training, where the values may vary between -1

and 1. To overcome the influence of random initialization in the NN training during
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Stage 1

Identify appropriate
input parameter(s)

Stage 2 s ;I ) Stage 3
|

Identify optimum hidden
L neuron(s) in the hidden laver

—> Adding one hidden nog
[ Train the NNs (10 trials d
L validate jl’le mo

[ Compare the N
yields the g%

, Identify appropriate training ]
L algorithm

\

Different training algorithm ]
[ ] ‘p-' ¢

‘-} [Train the NNs (10 trials) with one
o .
F e

" Compare the NN's output that )
vields the largest R’ J

-

Train the NNs ( 10 frials) and |
validate the model J

v

Compare the NN's oufput that |

Optimal Inputs

i Compare the NN's output that 1
vields the smallest RMSE

-

[ Compare the NN's training time |
| that has fastest convergence rate

S

Figure 3.4: Flow diagram elopment of ionospheric TEC estimation model based on Neural Network technique



the determination of input parameter(s), hidden neuron(s) and training algorithm, each
individual network in the training runs ten trials and the best results are uw

comparison and modelling. Finally, the developed NN model based o@hree

criteria is trained and used to estimate the ionospheric TEC values. *

3.4.1 Determination of optimum input space y V

The production of plasma in the ionosphere is stro oV nM %ctivity of

the sun and the magnetic perturbations. To provide @nform i0 tlfa p@ation

of electron concentration in the ionosphere i th%' sola&-tivity, a
quantitative study is carried out to obtain the®agti Y.

s)to @sent solarand
magnetic activities that are known t0%

parameters are used to develop a I@H EC mxa
Malaysia (equatorial region). B% i i

r)Q%‘station at Parit Raja

aria@y. The identified
N
he literatur: remexg;‘as possible to deduce that

S t@ould be considered during

ionospheric TEC modeg Mala

not many works have re \n )tl

ia. | orbe@nvestigate the effective indices, a
‘&
number of solar Metiﬁmm cc@l’the ionospheric TEC variability are
examined. Follw e th Ei ma@')ﬁfc indices examined in this thesis:
(f) o (3'3
N

i. @cefv)’ Y%_\

lar radiation is the @fy factor that controls the TEC variations. The solar

actagtWis directly proportional with the amount of ionizing radiations from the Sun.
6 ral solar indices were introduced for different objectives to foresee the ionospheric
onditions. However, in the empirical modelling of ionosphere system, a few indices

have long been used to represent the solar activity such as sunspot number (SSN) and
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solar radio flux at 10.7cm (F107) wavelength. Both of the indices are measured on
ground. Besides these indices, some solar indices are obtained from SEVQS
measurements and rockets (e.g. solar X-rays, solar extreme ultraviolet (E@}hese
proxies are commonly absorbed before reaching the lower atmospfercwghere the
variability of the indices will begin to fade out with lowering of heightw:the ground-

based instruments are not well-suited to monitor those proxies.i:‘ie criptions on the
e@belgw.

.

a.  Sunspot Number (SSN) -\q

solar indices that have been considered in this study are de

Sunspot Number (SSN) is the longest dat&geries gmang ersd@'indices.

X- N
SSN was introduced by JohanrngRudotph \&48 to ess the solar

activity in numerical terr@ﬂe & a escb<4.998). Generally,
rough

SSN is not constructedc ghan \e&s{ e t&gﬁdiation whereas it is
quantified from su@ um@ers ofs spo@d sunspots group on the

solar disk. It is aN mT pot @Q/{ty which varies with solar

cycle. Th%%ex isac yrq@chives of National Geophysical
re

’
&

Y

\

1 O

%ﬁg w}vtys ! a@r most commonly used solar proxy is the solar
244/ ’

dio flux, Fio7. ing & DeTracey (1990) stated that the thermal

N

\ ionization that originates from the photosphere and chromosphere interface
e with the magnetic resonance above the plages resulting Fio7 index. It is
closely related to the amount of ionization and hence the electron

concentration in the F2 region. Fip7 is the integrated emission from the
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entire solar disk at a frequency of 2800 MHz (10.7 cm radio wavelength).

The value was recorded routinely by radio telescope near Ottawa, w

since the first observation in 1947, while in 1991 the obsa@was

relocated to Penticton, Canada. The physical unit of Fyg7 i flux unit

(sfu) is (= 10*Wm™Hz™) and the value is observed at 200 (local time at

Penticton). It varies with the 11-year solar cyis an¥is used almost

NY.
Solar extreme ultraviolet (EUV) flux (S ' (}Y'
_ A
The Solar and Heliospheric ObservatoMy (SOH®) Wa aur@d in late
\hg Te@&e (EIT) are

asupldg EUV irradiance.
University of SoutherngCaliforhia ? fé&he SEM, where they
continually monitar ﬁar&ﬁltra@t (EUV) fluxes in two
wavelengths ranmic q%;;nm-\h 0.1 - 50 nm. According to
Maruyamg@(20074, the sollv?Me;m@ high correlation and coincides

‘TQ that i@éthe Earth's upper atmosphere. The

with th%\/e
valu€ i malj
r%:; cnf? &

interchangeably with the sunspot index.

.

a cor@ time frame mean value of 1.9955 x10*°

O

!
Q‘gen%&te a new index Sio7 by converting the

@

%maliap alye to sf, F107 through linear regression (Tobiska et al.,
Y ’

Qei Magnetic indices

Even though solar proxies are highly correlated with TEC variations, there are

some other factors that contribute to rapid and random fluctuations in the ionospheric
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TEC values, for instance the space weather disturbances. The occurrence of geomagnetic
storms and associated ionospheric storms are mainly due to the interference betww
high energy charged particles and the earth's magnetosphere. The interfe%\uses
large perturbations in the earth's magnetic field which excite the ions rease the
electron densities in the ionosphere. Thus, magnetic activity indices W€re designed to
describe variation in the geomagnetic field caused by these irregylar CMrrent systems. In
this study, two types of magnetic inputs that have been cons TEF modelling are

described below. .

| &
a.  Equivalent three hourly Planetary ite (@( \'Y.

The planetary indices Kp and regWo m‘nm indiceég; to indicate
the severity of geomagne tivgly and the O rba@ the ionosphere.
The non-linear relation@jf the M r)e‘L%meter fluctuations and

o @ S
the difficulty in g the K-sgple w IS expressed in “quasi
logarithmic, a \Ient ‘-in has%bén derived from the K-index.
The ap in%

400 w. M@duce'

'Valleﬁ&nplitude” index ranges from O -

&

in a linegethdex from Kp in nanoTesla (nT). The

ieragee‘)%‘designate the daily planetary index Ap,
(fgl
N

%&x isdtelL fromathe archives of World Data Centre (WDC) for

Yv

Qtfj? geomagnetic variability of each day. The ap

QE b.  Disturbance Storm Time (Dst)
The enhancement of ring current intensity and energy which leads to a

significant depression in the Dst index is another method to define the
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severity of geomagnetic storm. Disturbance storm time (Dst) was introduced
and the average behaviour was established by Sugiura (1964). T‘?ﬂ
index is defined as the average value of the horizontal m \fldd
component (H) at four observatories near the magnetic equ e index s
calculated at hourly basis and expressed in nT. The Dst Wop to lower
negative as the intensity of the magnetic storm inc aims to measure
the strength of the equatorial ring current. % Il)st values were
obtained from the National Geophysical Cenfpre zat their
anonymous FTP site: (ftp.ngdc.noaa. @/GE E"IgQ TA/
INDICES/DST) \f \,Y'

Besides these proxies, two ext&alces, nam ay @%oer and hour are

considered as a constant parameter ( this stu%\h&i Aber (DN) represents as

seasonal variations, while the h%} den%tes agdmirn Q‘?latlons Since Parit Raja
station lies in the equatori XIy,r

variability. The dmna%a onal v'g

factors in specifyi TEC 'a

5 @subjected to large temporal
atio 0* oaphere are considered as dominant
ion. Therefore the HR and DN are

“é
@T‘ based NN. The DN and HR are split

into trigong |c compongn to‘gllw e data continuity and consistency (Poole &
McKinn€ll ) asdh }on (Y3§\and Equation (3.6):
&’

\ o (27T xDN) e (anDN) (35)
§ — S\ 736525 )77 T 9936525 '

2m X HR 2w X HR
= sin (T),HRC = cos (—) (3.6)

included as the ut ces

24
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where the DNs, DNc, HRs and HRc are the sine and cosine components of the day

number (DN) and hour (HR), respectively. In the above Equation (3.5), the factorY!!&

taken into account if there are data from leap years. %\

For this training, fifteen months (February to April 2006) TERata are used to
train the network while two months data (July 2005 and May 2@ used to validate
T

the network to obtain the best model among the considered he lralidation datais

excluded during the training session to ensure the capadWgty of ghe Qnique to
| . _ NS

generalize from the training set and not to memorize t aset. Rbot nlsq& error

(RMSE) is used to monitor the performance ne% 0 deteymine the

optimum parameters that capable to estimat&ghe JEC

t biasé%. method has
lmuofsarameters in NN

been used in many areas as a meanNamine

estimation (Jean et al., 2009; Oye

defined as:

(3.7)

A d§'t°’

@eural network, GPS TEC is the vertical TEC

where NN 5:' |§, EC gsti
retrieve% e G%ﬂ.;?; Ra&_ ation and N is the number of the data sets.
&
N

@Dptimum solar proxies

All three solar inputs that describe the TEC variability are investigated using NN

model. The solar proxies represented as the input parameters in the NN model to
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determine the ionospheric TEC. As mentioned above, the solar proxies are originated at
different time and locations around the globe. Thus, the behaviour of these indice

with short-term and long term variations. According to Tobiska et al. (200@%9-
term and short-term variations of solar indices are desirable and shod*aken into
consideration during the modelling. The application of three solar prxs.with various
mean periods is introduced as the input spaces for the NN mod 'nt”wstudy. The daily
values of sunspot number (SSN), solar radio flux (F107) and extremg ultraviolet flux

(S10.7) are used in the NN model. Besides the daily values;Sigg indi es‘ahgdc:thed into
Y-

pes offti alﬁeia'l and

d t)re\!s taticknxs period,

H'he bﬂikw and &d means are

used to smooth these periods because !N%a (2010) a d@%d response in the

ionospheric variations to solar irradi%hanges.\os,?t i @tant and necessary to
; E, N

consider the time lag of the ior-% TEe varighons @ correspond to the solar
proxies in the TEC modelli \ , \A

(—) ; '§
’ s
| N g
Daly (d) N
\ ¢ 2 (,)(J
27-day bac (27b) ) \(@5‘-24‘...‘4‘-3‘-2‘-1‘0‘1‘
&2l
81-day kW

means (S10)P [78-8[aoRp| [ 1] 6] 5] 4] 3] 2] 1] o] 1]

two different schemes, centered and backward, over

81- days. Here, the 27- and 81- days represen

respectively. The periods are shown in Figu

tered means (27¢ ‘-13‘-12‘ ‘1 ‘ 0 ‘ 1 ‘ 2 ‘ 3 H 12‘ 13‘

(27¢)
éﬂ- y centered means (31c)

Figure 3.5: Proxies are averaged in different smoothing schemes
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There are 15 solar inputs (5 variables/periods for 3 solar proxies) in this study.
Figure 3.6 (a), (b) and (c) illustrate the daily, 27 and 81 backward means fow,
respectively while Figure 3.7 (a), (b) and (c) show the daily, 27 and 81 cer@eans
for SSN, respectively. The smoothing periods for other proxies; F1o7 andSiomgre shown

in the APPENDIX B. In this study, 13 combinations of period patterN€ for each solar

proxy along with the constant parameter (Cp) are included as t%NE arameter in the

NN model to identify the appropriate proxy that influence

Y.

Figure 3.8 shows the comparison between % and 8%-d fte@nd
backward means patterns for SSN, Fijp7and S th isr x;ents the
period and time lag patterns. The plus sign & p‘tte escrib@?gconcurrent

rsfl, bandca wit@% periods denoted

daily, backward and centered mearﬁjectivzﬁsge Mty of each pattern is
N
assessed by comparing the dev% a @22

use of those values in NN training. Th e

etween thegpbserv, PS TEC) and estimated

(NN TEC) values. The patte@rovr the Tpast I@ value is considered to be the
best pattern for TEC eShiaaatgoM. { o'

NUle;
In general, theWroxi oret ne period produced smaller RMSE than

!
¢
proxies wit % perigd. Ne e’th(;?wtered nor the backward means of a single

N
period significafft n t@(: estimation. Furthermore, the NN estimation

resu&%riorate when only @ 81-days with centered or backward means used as
@ space in the NN training. For SSN, F1o7and Si07, the combination of daily and
Q— ay centered mean yielded the least RMSE values. Among the proxies, SSN gives an
provement in TEC estimation when daily and 27c (centered mean) are used

concurrently compared to the other patterns in the NN models.



99

120 _(a) ........................................................................................................................................................ &J ....... S l _D;il}' SSN L

90
60 .

[u—
o]
e

o
s

Sunspot Number (3SN)
L O
L] o

120
S0

550 600 650
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Both the short and long-term variations of proxies are included in the NN models
and found that the 27-day which is equal to one solar rotation yielded more a
results than 81-day. Tobiska et al. (2008); Watthanasangmechai et aI.@ and
Maruyama (2010) have concluded that the long-term means perfo tter and

improved the TEC modelling. Conversely, in this study, the 27-day perNd is fairly good
Mset. Mostly the
e thrn 4 years) inthe
M‘ed iYn'the
training process. Thus, the 27-day solar rotation m@ent as goet ndex_@ﬁﬂore
SNt

Knowing that the combination m%nd 2@ ds ‘{Qfgrrently yielded the
least RMSE and shows impro@ %93 b(&)ﬁhe periods are used to
investigate further. A few stud*& inveSwgate hg e ve solar inputs specifying
the ionospheric variations aw congjude lt m \an one solar proxy describe the
ionospheric parameter %\an a simﬂﬁj; (@%ka etal., 2008; Mckinnell, 2008;
Bowman et al., 2&\%, a l’ariet fco '(Jtions of solar proxies (SSN, F1o7and
Sio7) withac Mt uge gf s ';dr \ns (daily and 27-day) is investigated. The
effects of @olar roXIBs I 'Iséw!odelling using short term periods are compared
andwd in T’abb'JtL@term variations are not included in the modelling,

to describe the TEC variations. This may due to the duration

aforementioned researchers have used longer period of data

Y

e

Si revious result showsrat the 81-day centered or backward means of SSN only
émall effect on the TEC modelling. Similarly for EUV and solar radio flux, the
lusive of 81-day means had no improvement on the modelling while the indices

deteriorated the estimation accuracy.
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Table 3.1: Combinations of solar proxies " "

Proxy

No. of run &Ma

SSN Fio7 Si107

6 c c z \ EY‘Z.43

7 b C;' D? é 2.16

8 C \ C .
O S

' Each proxy consists of combinati ailyand 27 flay petigy

" b denote backward mean; c \

Generally the re%&s that F] v(:-c}jpled‘zig'of different proxies improved the

model efficiency &Nmpar'ed he casesdn which SSN, Fip7 and Sy 7 are used
separately. Ovew\ Y
e

n fo@ultiple proxies is better than the centered
mean. The 1Q#d useof Sy, 0)

combindki ich‘er

detef

7 na‘ S%yielded the least RMSE than the other types of
%are examined and result is worse than the other cases. A correlation study
tWeen TEC and solar indices (F10.7 and SSN) was conducted by Bilitza (2001) and

N
Q;md that it is desirable to use Fi07 (SSN) index in ionospheric modelling for region

nedvﬁ both SSN and S4q.7, the combination with Fqg
which exhibits strong solar variations below (above) the F-peak. In a recent study in

s the performance \é model. In addition, the combinations of all three
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Malaysia, Rhazali & Zain (2011) have investigated on true height of F-layer over Parit
Raja, Malaysia and stated that the true height density peak (hyax) is around 5504

during daytime and 300 km from midnight till pre-sunrise hours. Since the ?%\cmve
the F-peak, SSN would be a better index to represent solar activity in t ion. In the
other hand, Maruyama (2010) describes that the wavelength of EUWionizes the

ionosphere, overlap with the wavelength of Sio7. Therefo;iyahi dex offers the

possibility of a more accurate representation of TEC varia

modelling, which is consistent with the W tioregivemyby B (2001) and

Maruyama (2010). Therefore, in this tH®4g S;ef and SSN

of solar proxies for modelling the io@ﬁeric TE%\Ngre
€ :

N
the other factor that is known tosg ce the TE amab{og‘rs magnetic activity. The

dop@ arepresentation

Q{i’ther than solar inputs,

following section discusse@ th' Im pe@ter(s) to represent magnetic
activity at this region. [ Q
NG,

N |
3.4.1.2 Opumcl}%net.'pg (:,)O
Fals

?'ned fRprder to find the effective magnetic indices which

attriAto the ionospheric T@ariability in this region. The optimum solar proxies,

%, n he magnetic proxies described above are used as the input parameters in the NN
q el to determine the TEC values. A combination of input parameters, which yielded
e smallest RMSE is considered to be the optimum parameters for TEC estimation.

Table 3.2 shows the RMSE values obtained from each pattern, where an improvement is
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Pattern Proxy :%E
Cp Dst ap

Table 3.2: Combinations of magnetic and solar proxies

Solar
Proxies

1 v v v \; 2.22
2 v v T 1.96
, J

3 v

N
qc»

vari@ns over Parit Raja

e@orated the estimation

station. The use of two magneti %es c&’\\x
() Y )
r, the ongrall sult@own that the inclusive of

magnetic indices in the Nr\lvnng, ir'pro he Q@hll accuracy of the estimation
C—) 'S

model.

—

In concl@e da as t?@)&'/backward means of S;p7and SSN (solar
¢ (v)
proxies), apgaiagnitic ingex 6iu@l variations) and DN (seasonal variations) are
N
the best€ogabNationd ?/e thY' C estimation accuracy based on NN. Hence all

the Aentioned proxies ar@ﬁpted for TEC modelling over Parit Raja, Malaysia.

ugh the geographical position does contribute in TEC variability but in thesis
ISparameter is not included as in input space, since the work only dealt with a single
tation. Once the model is trained with sufficient and well-defined information, the NN

model is capable of generalizing on new or unseen data.
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3.4.2 Determination of optimum hidden neurons
Y
NN is an information processing paradigm with high degree of int%\tion
processing element known as neurons. Number of hidden layer neuron( Jmportant
criterion to develop an optimal NN architecture because inappropriWrons in the
hidden layer may cause the NN model becomes ill-conditionedJf theWlimber of neurons
are less as compared to the complexity of the application th tt"ng” may occur.
This occurs when there are too few neurons in the hidden rs to d‘ehuagdgetect the
ary mdre orls &E&Yes'ent
e, i% I to@ﬁpute the

ddeﬁ‘lay to ac@g.an optimal
)

signals in a complicated application. Conversely, if un

in the network then “overfitting” may occur.

number of neurons that should be kept

architecture. \) O
&
Several general rules areg ente% by aghumb @esearchers to determine

the best number of hidden uRiis.de nd] nt app@n,yetaccording to Shuxiang
not

& Ling (2008) most les ar Ep‘l@ in most circumstances. This is
’ &

because the proces&f@idir@ber of ﬁdbn units depends on many criteriae.g.
number of inpw utp 'er of@'fs, the activation function in the hidden
¢

layer, traini %ithm co i&ot application, etc (Kumar, 2004; Shuxiang &
&I

N
Ling, 2% smafhi s (ZOOA,\ has also indicated that there is no explicit
speqaficAion and experimenta@k to explain the layout of a network.

QE Therefore in this thesis, the optimal hidden nodes are attained by varying the
umber of nodes in the network. It is done by adding one hidden node at a time, then

train and validates the network and finally calculates the RMSE between the GPS TEC
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and NN TEC. The NN that gives the smallest RMSE is adopted as the optimal number of

hidden neurons. In this work, the results show that the number of hidden no

|

provided least RMSE is summarized as follow:

%5

Number of hidden neurons = n + 2 Q (3.8)
where n is the number of inputs space in the NN. z '
Further increase or reduce number of neurons in the'wgden Jaye ‘ced high

generalization errors due to over-fitting or unde@as well e s[h@ning
quality and time. Y. \’ \'Y'
3.4.3 Determination of optimum tféh %Igorithm O

Training algorithm usef%w

contribute on the improve f
& McKinnell (2012) h%) asized hata rode@ction of training algorithm is able

to minimize the ralizati(in

=
r

predictability ofgQe

contribute i elPping

in feed gor N re a

Yv

scie financial, medical, @eering, pharmaceutical, physiochemical and other

icable in various applications like behavioural

te NI fields have shown that different applications require different training
Ig®rithms (Plumb et al., 2005; Koker et al., 2007; Ghaffari et al., 2006; Torrecillaetal.,
007). Generally it is hard to determine which of the training algorithms have the highest

efficiency with fastest rate of convergence for a specific application.
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In this thesis, the NN training is assessed among eight different training
algorithms using Neural Network toolbox of MATLAB. The algorithms belongw
major methods: gradient descent, conjugate gradients, quasi-Newton, and @erg -
Marquardt. The training algorithms shown in Table 3.3 are analysed i esis. The
eight training algorithms presented here were chosen based on the Wity of these
algorithms in many applications (Koker et al., 2007; Plumb et 008 Sakamoto et al.,
2005; Ghaffari et al., 2006; Torrecillaetal., 2007; Habarule %;.Liandro & Santos,
2007; Mckinnell, 2008; Alsmadi et al., 2009; pan hwi’ 2011;
Watthanasangmechai et al., 2012). A comprehen escripfio lh.e_\%ning
algorithms and the features are fully described i sou@ tt, 1Q9%4; Haykin,

1999).

Table 3.3: Traini g di aning
Wﬁ;:, A
o S
u (,Q'
Training
algorithms Methods
GDA Gradient descent

orithm Gradient descent

RP N ';ati&)
CGF @cher Regpvas Up conjugate gradient Conjugate gradient

CGB w Powﬁl e resgalts conjugate gradient Conjugate gradient
- . . . .
C Polak-Rlblere’®jate conjugate gradient Conjugate gradient
Scaled conjugate gradient Conjugate gradient
G Boyden, Fletcher, Goldfarb and Shanno Quasi -Newton
update
LM Levenberg-Marquardt algorithm Levenberg-Marquardt
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This study concentrated on the performance of the training algorithms to
determine the optimum training algorithm. In order to allow a direct perfow
comparison between the algorithms, identical dataset and network architec@used
to test the aforementioned algorithms. The best algorithm for TEC estinﬁ&wased NN
IS obtained via the comparison. The network architecture which was imfemented during
the determination of optimum input spaces and number of hidd W(S) isused. The
assessment of the NN modelling requires evaluation of dat Yezf'om the training
set. In this case, the hourly TEC data in July 2005 is use lida M‘mance of
the model. In order to determine the best training algoRi™ in estifnatj ofT?}S;ew

performance criteria are taken into consideratio r%ﬂ' pared p terms of

capability, reliability and computational tiw trab"ng. S.
The first criterion is the dete%ion coemeMR2 qﬁb’e linear regression line

N
between the NN TEC and GPS%2 IS u‘s‘ed toptudy @pability of the network.
This measurement denote Xenjr t Iin@sociaﬁon between the two
lue

variables, the estimate erved: :1‘0' sh@s the predictability of TEC using

the designed model wzz ta@ue betm\éﬂ the interval [0, 1] and the greater the
R?is, the better @ned eto @fibe the observational data. A scatter plot
¢

is generall % ar hiﬁ%ﬁre@ the correlation between the estimated and
e<$' o
r

observegvaluMas wllgs.ai ?thei pretation of the gradient (m), intercept (c) and R,

Yv

For aining algorithm a @ plot with the linear regression analysis is computed

a%&trated between the NN TEC and GPS TEC in Figure 3.9 and Figure 3.10.

0 The R? gives a simple measurement of a model performance as well as measure

the ability of a trained model to estimate. The NN models are tested on the dataset which
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was excluded from the training, and results shown that all the mentioned training
algorithms achieved R? value significantly greater than 0.9 in NN training. This isw
denoted by the characteristic of NN which able to interpolate well within th%\pace
(Habarulema, 2007). Amongst the training algorithms, the NN model* by CGB
training algorithm (R? = 0.9691) shows the highest estimation acculy, while SCG
training algorithm shows the lowest estimation accuracy (RZ NBl). The result
indicates that the NN model trained by SCG is not as goo F:YC.G'B However, the
overall deviation of the R? values among the eight traini orifhmSs I‘I and the
the jig d‘terﬁzt'ion
e a the Qg;stness of

ides Fﬁ‘mo han Qgc;msidered a
well trained model and can be rega@ good oV fité‘this case all the

algorithms well suited in training t}%model t\ﬂ%t b{%ﬂospheric TEC.

N
/ 4353
The following Cfite% hej E, hic@ to distinguish the model’s
performance between Mg algo¥i

ithms. 'I'he&ning algorithm which gives the
' 4 &
minimum RMSE&‘ﬁder@nost Egdpfiate training algorithm in the NN
training. Figure% Fi shomttﬁé"diurnal variations of TEC and the errors
¢
d )"l {E?U with respect to hours in Universal Time
N

(UT) foalpth®trainigt )thmsé\

Y &

\Dverall, the NN training results showed a good agreement with the observational
&  The RMSE is computed for each training algorithm and their abilities to estimate
re in the order of: LM > CGP > CGB > CGF > SCG > BFG > RP > GDA. The LM

algorithm yielded the highest accuracy with least error in estimating the TEC values. The

measurement only differs in the range of 0.004 to 0.00

3

N

coefficient. Ghaffari et al. (2006) have mention

a model and according to them a model th

(between G an
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Figure 3.11: Computed errc&es between GPS TEC and NN TEC based on (a) GDA, (b) RP, (c) LM and (d) BFG



114

— T T T T | T
5 | @ : [ e wnwTEC ® NN TEC
E;‘O .................. II .IO ............................... _'__GPS,I,EC

Ezo :

Jal’

o s

Eo

s

S s

=

00:00 Local Midday Local Midnight Local Midnight 23:00

Universal Time (UT)

g (©) : [ e nNTEC

540_. ............................................................................................................ —'*-"G-PS'I'EC_

E 20 L W e TR, :

Z 0 i

B S ...........

E O o A ¥ 0w N

Sl .

. i i Y S, i i i :
00:00  Local Midday Local f WI*':OO\' X 00:00  Local Midday Local Midnight 23.00

Universal Time (UT) e Universal Time (UT)

N
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RMSE value for LM is ~1.7534 TECU and for this algorithm the error range is between -
4 and 4 TECU, whereas the remaining algorithms have wider range of errors whw
be evidently seen in the Figure 3.11 and Figure 3.12. The GDA algorithm ha@uted
the highest RMSE compared to the rest of the training algorithms. The%mance of

this algorithm is very sensitive and may disrupt, mainly due to the Qtermination of

in the RMSE values between the LM and the gradient desc

learning rate in the initial setting of the network (Demuth & Beaemiz . The difference
thn's, GDA and RP

are 1.3802 TECU and 1.0669 TECU, respectively. T njudggte ; descent
algorithms give better estimation accuracy compare t A. Thg m Is[ra' with
CGB and CGF give improvements in estimati acyb\f:% 0 wh@YEGP and
SCG improvements of 33.12% and 29.13%&@‘0 : rtz@ﬂvy.ely.

QS WS

Finally, the training perio%ach a \N%i ob‘\s%rved and used as a
ﬁ l’ N
determinant in the choice of tha%ﬂ rﬂ

Z

sinthe Nf¥.€o tion time is an important

factor in NN based applicat?\n; it1| e proga e time required by the model
to achieve the converg% gthe } ini pr!)cté’l' he designed model that has long
Y-

&
training time will | wove% geneddize the data. The over-fitting process
causes the modekQegiM to a i)m n(éé‘fn the data, and generalizes poorly to new
q : ¢
or “unseen’gdata. This may cQn qlfan@a fect the performance of the designed model
N
and mig% | detéfi ye erl%@@sults of the model. Thus, the computational time

requs each training al@m during the training period is considered as a

\ance criterion in evaluating the network. The algorithm with the fastest

: E
6 ergence rate is used for the further development of the model.

The timeline in Figure 3.13 shows the computational time (seconds) required by
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Figure 3.13: Time line of the training algorithmsy nds
each training algorithm. The result exhibits that the L@ thhe fastest
®

convergence among the others. Despite the fact, LMthajping algprith

r uizgg;ore

i IT-\h |

ie e least
F

computation time compared to other training algol to 9%32'005) stated

that the least computational time is o\% propert g@%lly motivate the
researchers to employ this algorithmgftin many N o?pp s. The convergence
speeds of conjugate gradients eralﬁ/%d > significant difference
compared to LM. The computEMime njug@rladient training algorithmis

[; LN Thé{b’.%vergence speed of LM is 45.49%,

memory and high computational complexity, yet thalgori

approximately 2 to 3 tigfes higRer than

S s
34.69%, 35.69% angya3.7% Tast N comguitional time required by CGB, CGF,

: ~

CGP and SCG, rebpsiiyely. B algou@u has the slowest convergence rate, where

~ s compuataal
the LM algorl%n yn eded /fofé) FG's computational time.

&3

cording to Hagan 06' (1996) and Koker et al. (2007), the LM training

al requires higher storage for large dataset because the algorithm needs to store

0 approximate Hessian matrix. However, in this study the LM still gives the less

number of iterations with the fastest convergence rate compared to other algorithms. This

may be due to the small duration of training dataset used in this study. This shows that
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different applications and dataset require different algorithm and a specific training

are summarized

algorithm can’t fit in all kind of scenarios.

The results of the performance criteria for each training algorit

in Table 3.4. The training algorithm with highest R?, lowest deviai t mean square

and fastest convergence rate is considered to be the most ad quWing algorithm. In

th('%o/astimation
t is essengialeto®attagar an
5

accuracy and can be considered as good algorithmsg Sinc
optimal training algorithm, all of them are compar@MSE nd mpl'Jt (?time.

terms of correlation coefficient, all the algorithms achi

Training algorithm Computation Time

(second)
GDA 17.784
RP Q 17.597
28.689

CQ— o879 \b 2.1418 37.614
v’ >
.9@?‘ 2.0956 36.567
[
\ G 0.9%81 2.2209 24.290

LM 0.9681 1.7534 13.050

BFG 0.9651 2.3527 43.432
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The LM algorithm is found with least error and has the fastest convergence rate. It is
difficult to generalize a specific training algorithm for all types of applications dwYN
complexity of each research area, but in this study the NN trained with %\rg -
Marquardt provides the optimum TEC model. Although this work does nﬂ*stigate all
types of training algorithms, it serves as a guide to NN users who m&§ want to apply

different training algorithms to their datasets, especially for io% applications.

3.4.4 Optimum architecture of neural network ‘\d‘

inpu es, optimum

ithn@ ployed in order

@nodes (SSN (d +27b),

S10.7(d+27h), ap, HRs, HRc, D inj s in asingle hidden layer

to estimate the GPS TEC. The NN c%ration u\wwm
h% i@

and 1 node (ionospheric T Mtpu’l ign e"qés 9:11:1 used in this thesis.
; , ' &
\t'vwrk as

Afeedforvw@lti-lale saBiated with Levenberg - Marquardt (LM)
back-propagatiag algOwith
iog i

cw m ment@)ﬁﬁ provide optimum results. Hyperbolic
¢
tangent sigawct' S
e

:?ag aw Ivation function in both layers; hidden and
Y

output | Si | ctior&ﬂways preferable in non-linear technique, since

the Qn IS continuous and@be easily differentiable at any point. In other words,
t%\tion is capable to move forward from a layer to another layer which is a main
rl

S

ion in a multi layer network. The optimal NN architecture is illustrated in Figure
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(—} ‘' 27 §
In the\N N | Jall tae yputs @the corresponding GPS TEC are scaled to take

ode
values the rﬁ an o0 that the maximum and minimum value of any

mpAutput is within the m@ values. This indirectly reduces the computation time

of\?t\/\/ork during learning and testing phases. The input-output mapping features of

N,

geomagnetic, diurnal and seasonal during the learning process with the aid of inter-

N develop a relationship between the TEC and the input parameters; solar,

neuron connections between the layers and the learning algorithm function. The output of
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the NN model is known as estimated TEC (NN TEC) and it is expressed as a function of

the SSN, S07, ap, DN and HR, as in Equation (3.9): T

NNTEC = f(SSN(d + 27b),S,9,(d + 27b),ap, DNs,DNc HRS,

(3.9)
HRc) i
V

where d is the daily value, 27b is the 27 days backward%% S arei the cosine sine
Nd.

Hourly GPS TEC data from 2005 to 2006 are us train, yalida ,'mdcgs the

components, respectively.

performance of the NN based TEC model to egtimat®he iogbsphey€ TEC\PVer Parit

Raja. The validation and testing data are e udegro h\ming @ to prevent
memorization. Memorization could deﬁ\%he generalizgon c@bility of the model
o furt

ery \Rth '@wralization of NN, a
N,

and causes over fitting. Thereforec
performance function is used a@ oredduri e traMhg process. Mean square
error (mse) is represented as a%jng lr' ' ere@‘ue training is halted when the

mse of the dataset st%Zasing. nce el odel is trained, the predictive
odel i

performance of the \I tad. The@ ed NN model is tested on new or
“unseen” datasef o Wagify t

gene@ﬁon capability.
Y (IS®,
=l BV
o
S esis,& i ’olat%_ nd extrapolation capabilities of the developed NN

stimate the missingés TEC are investigated. Two NN models, NN1 and

N?\ developed to estimate the hourly ionospheric TEC. The NN1 model is used for
pot

mo

Q polation technique. In this network, the March 2006 dataset is employed within the
raining set period (February 2005 - April 2006), however the data is set aside for testing

purposes. The NN2 model is used for extrapolation technique, where in this network, the
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March 2006 dataset is outside the training sample (February 2005 - February 2006). In
this investigation, the original TEC data are removed and assumed to be missing,
the real measurements would be still available and can be used for comparati ses.
The findings of this work are presented in Chapter 4, subsection 4.2.1 #N.Z.
X~
In order to access the NN’s extrapolation capability m Mughly, the NN2
model is further used to estimate the seasonal TEC and gi.st rbed TEC. The
estimated TEC (NN2 TEC) is compared with the observe Ce rawlthe GPS
measurements (GPS TEC) and also with the estim3&i®w TEC fro elll?{@vs'ion
2007(IR1 TEC) to validate the developed mod md% ' invqt%-ation are
',
T S
&
O
3.4.5 Verification of NN model % A\? ,(k
% [} 4 S
An estimation mod \s ve icat@ quantify the confidence of a

developedmodel'scor% ritsi"n nd :J‘s'e.'beeforetoverifythecreditabilityof
vj &

the developed TEC rt of ﬁzlaining TEC data are used for testing

w base‘i
(“seen” data) as@ db
(2012). Cor esh, reli il" d&)b s('%ss of the model are ensured via this method.
The ver@gf the is peY_\med using TEC data in June 2005. The level of

agre& between the two\ bles, the estimated and the observed values is

presented in Chapter 4, section 4.3 and 4.4.\'

@D

Iema&f. (2007) and Habarulema & McKinnell

in Nated using the determination coefficient, R%.

0 Figure 3.15 shows the scatter plot and the R” value between the observed and

estimated TEC values. Itis found that, the correlation coefficient is more than 0.9, which
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Figure 3.15: Scatter plot and correlati\hient, R en t@served TEC and

estimated TEC
<

)

shows that the NN model is ab matg aboutP3% 0& “seen” GPS TEC values

accurately. Overall the perﬁ% of ti§je Moge onc%&s that the developed NN model
can be used for estima kT configence. l o’
N “CJQ
173
3.5 DEV ME oF Phl RIMA-NEURAL NETWORK-BASED
O

—9

& v
% S’
\ ecasting the ionosphenc parameters ahead is still an ongoing concern even

% various time series methods have been used in these applications (Cander et al.,

098; Cander, 1998a; Stankov et al., 2001; Tulunay et al., 2004; Tulunay et al., 2006;

Acharya et al., 2009; Garcia-Rigo et al., 2011; Niu et al., 2014). Commonly, the



123

ionospheric parameters are highly complex and stochastic nature. Hence, it is difficult to
completely understand the characteristic of those parameters. In other wor
difficult to determine an appropriate model to forecast their unique nature \ this

type of scenarios, neither non-linear nor linear models can be sole@%lcable in

forecasting the time series patterns. ?

SARIMA (Seasonal Autoregressive Integrated M Cerape) is a type of

linear model modified from ARIMA (Autoregressive rate i ,a\verage).
functipn s'd@oints

|ing£ eirYrStE'e of pre-

to obt@more accurate
-Iin@%pplications have

SARIMA models assume that the present data are a

and past errors. They are well known for line

processing the raw data before fitting a line u

predictions. However, using the SA %ﬂodel the
yielded mixed results because SA% 0 no\u?ve
3
network) is an efficient techni on-I?near se@- orecasting. They are so
adaptive in nature because? car 0 ittin@n-linear function to a given
data. The NNs are advamtag usl ared with SARIMA in many
' &
applications becau heir nor- \lﬂty appéah, flexible computing framework and

do not require w esse F
¢
models and %mor geqe aﬂ‘d g?accurate forecasting model, a non-linear NN
N
techniq ridizBowiah ghe @MA model to capture both the linear and non-

line ponents of a compl% e series.

m‘éﬁnearity. NN (neural

orc@}ﬁﬁ overcome the limitation of SARIMA

QE The benefits of a hybrid model is supported and agreed by Zhang (2003); Aladag
t al. (2009); Khashei & Bijari (2010) and Yolcu et al. (2013). According to them,

integrating linear and non-linear models contribute more accurate prediction model than
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an individual model in forecasting a complex time series patterns. This may be due to the
fact that each individual model carries its own signatures and features which is?'!)

characterize the time series pattern in its own way. The performance of th@ting

model may be enhanced by integrating these different features into a si@kmewcrk.

Acknowledging the advantage of a combined model, i Nrk, a feasibility
study of a new hybrid method that combines two different m, inear SARIMA
model and non-linear NN model is carried out to investig e po siwbe hybrid
model to forecast the GPS TEC values ahead. The hyb del isHesiggdfbs if%vct'ion
of past observations of the TEC series data to fo e t% ; ead\gg.ure 3.16
shows the flow chart which describes the O\W tho®of forené?z; based on a
hybrid technique. The hybrid techniqu@ed into thr as@fﬁase 1: modelling
and forecasting the linear compone% the er, @ng SARIMA model,

phase 2: modelling and foreca res

components) using NN an \3: T
t

Y,

the IMA model (non-linear
3& TEC values are yielded by

integrating both the ues andl the esljlls}e compared with the individual

4 b g &
models, SARIMA ST-S nd N&CAST-NN) separately.
L
\ $ ! (J
2 9
351 M ind of SARI \(J
& v
AN >
\ RIMA model is an &xtension of the ARIMA model in order to include the

%al components which exist in most of the time series. Stationary time series data is

Qecessary condition in building a SARIMA model used for forecasting. A time series is

defined stationary if the statistical properties of the data do not vary with time where the
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individual models

Figure 3.16: Flow chart for development of forecasting TEC model based on the hybrid
technique




126

mean and variance of the data are constant. The time series with trends or seasonality are
considered to be non-stationary as explained in Chapter 2 subsections 2.7.4 anwﬂ
Both the components have significant impact on the time series data, and it@rtam
to identify those components and pre-process it before the data is fitted i ARIMA
model for identification purpose. The pre-process is performed to W stationary.

Therefore, before fitting the TEC time series into the linear modili it ISMmportant to have

.o

Figure 3.17 is the enlarged portions of some da ints of fhe pcfa‘l_{aplatlon

prior knowledge on the characteristic of ionospheric TEC.

for ;@%ys. The

ery da?;‘n. the diurnal

pattern, rapid and stochastic fluctuatioffSy th;/TEC exhibythe b (ﬁour of the vVTEC

in the equatorial anomaly region. T)‘%C show\'(s%y s,d‘\lﬁthe early morning till
N
noon, maximizing during the@ anangrad I d% es after the sunset. The

diurnal behaviour shows iati In TEC@ng the day time while the
amplitude of VTEC ig}te in[ari a{ ﬁ@t time. The TEC time series is
' &
considered non-st ry bec'a \H\ as b the stochastic trend and periodic
characteristics. &di failon oceb&'over a short period. In this work, the
periodicity wes iesd
data). %
2\
% statistical hypothesis test is conducted on the TEC time series to verify the
ta

of VTEC in 2005 and 2006, i.e. the diurnal vanied

results show that, almost similar diurnal

Q narity of the time series. There are many methods to perform the stationarity test,
or instance the Kwiatkowski, Phillips, Schmidt, and Shin (KPSS) test, unit root test,

Augmented Dickey-Fuller (ADF) test, and Leybourne-McCabe (LMC) test. In this
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50

<GPS TEC

L]
=

[ge]
=

vTEC(TECU)

10

'K\ [h] | Rpsgtest &Q. (3.10)

\ ¢ ' (—)
where y; is timg segies £ a((lglcal value represents the test rejection value.
* Z N

ypoﬂ%s) indicates the test takes the null hypothesis that

The valw T

Ve idered trend statiom&y;\'l' he value of h equal to 1 (alternative hypothesis)
in? the test rejects the null hypothesis that y, is considered as a non-stationary trend
IME series. The result from the KPSS test shows that the TEC time series is a non-

Qtalionary time series data, where the h value is equal to 1.

ual @
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In order to further cross check the statistical hypothesis test, an autocorrelation
function (ACF) is used to examine the TEC time series. In brief, the ACF giw
visibility to identify the stationarity of a time series. The behaviours and @s of
ACF are explained and summarized thoroughly in Chapter 2. The autoc jon plot of
the TEC time series is displayed in Figure 3.18. Commonly, in a nWonary time

series, the ACF is always dominance by the trend and seasona ents compare to

the other components in the time series. The sample of auto

identical periodicity, where high spikes are observed at xact ewgs; L, 2L,

properties of a seasonal time series. Besides, th

standard errors at near the seasonal lags, wh% —2,!1 -

1, 2L +1, 2L + 2, and so on. Tho g%epresent

According to Theresa (2013), the tir%es value ?n i
shows cuts off or dies away fair%y thr‘éugh re at the non-seasonal and
—

erie§ V&lues §re co red non-stationary. Since the

seasonal levels, otherwise t??'
ACF pattern shows 24 % sonalityand oe! n‘bth off or slowly decay to zero, the

on-@fsonal component.

wn

Q@stationary if the ACF
N

F o &
meagm in variance, thus the data must be

transformed to aghieV@stati &
'S

& ’\(,

0 rii&dn&
(s

i@eded to decompose the trend and seasonal
co ts. Mostly differenc@ﬁd power transformations methodsare applied to the

TEC time series is,ffeither statl'o

ti fes data to adjust those components (Zhang, 2003; Khashei & Bijari, 2010). The
& nding technique removes the deterministic and stochastic trend of the time series.
esides, this technique helps to stabilize the expectation of the time series. In this study,

the power transformation and the combinational differencing methods are implemented
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Autocorrelation

Figure3.18:Autocorrelo%ofth%s i June 2005
? R A

S,
in tandem to handle the trend amasol ' ies. @t y the logarithm (to the base

to Btalili e variance of the data series.

'y

into {tapfonary time series z;, by differencing.

of 10) is used on the%‘e seri

Subsequently, the Io% are

A mixed of firs@so
differencing w [

cin%;%gular differencing) and second seasonal

acgjarmed data. Equation (3.11b) expresses the

z; = (1'-B)(1 - B*")?y, (3.11)

§ = (1—B)(1—2B?** + B*®)y, (3.11a)

z; =(1—B—2B* +2B% + B* — B%)y, (3.11b)
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where z; time series can be also referred as stationary TEC time series or deseasonalised
and detrended time series, y, denotes the non-stationary TEC time series, B den

the backward shift operator, (1 — B) is the non-seasonal differencing, and @24 is

the seasonal differencing. Since By, = y,_4, therefore \

Ze =Y — Vi1 — 2Ve-1 ¥ 2Veop—1+ VieoL — yE—ZL— (3.12)

where L represents the seasonal lag which in this case to 24.\d
®

| S
anQ?.once the
\ffansforrﬁ'kw\'l,s plotted in

The time series achieved stationary with re to m(?n nd yfari

differencing transformation is implemented. The rggult o

Figure 3.19 along with the original @rie
ries a

differencing is required if the time sti n

S TER). Higher degree

naty. he stationary time

N

series, z; is further used in model i [ffCatign. SAR v A r@ is adopted in this study

to model and forecast the Iineaﬁ ntj C U{ﬁg eries. GPS TEC data over a

period of 20 months (F UMES to Jeptegbey @re used for model calibration to
o

obtain the optimal SA He& e*élseries, while 3 months TEC data

(October 2006 t& ber !)06 e use@ model verification, forecasting and

\
comparison : e‘%lw& el is implemented by MATLAB version

@,

8.0.0.78 Wi}h 2-I ( m@s installed in a system which has Intel Pentium
4
987 progess®r with the speed of @Hz and 4 GB memory under Windows7 operating
S
S ,

0 Model identification is the first iterative step in building up a seasonal ARIMA

model. The shorthand notation for SARIMA model is SARIMA(p,d,q)(P,D,Q)s. The
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| . g |
lowercase notation (p,d,q) aN ase n (P&%ﬁ denote the optimal non-

N
seasonal and seasonal m&ent, res}ecti I)i w S represents the length of the
seasonal period . Basically igfthis % nﬁ@i AR terms and number of MA terms

are identified fo&mo Jnen non- nal and seasonal by examining the
N
stationary tir@s, + PUS ‘&qe correlation function (ACF) and partial

refers to the autoregressive function regressed

autocorr ctionfPAZF’Th

s N .
on theWgl n the prev usper& hile the MA denotes the moving average regressed
0 krandom process. Besks, verifying the stationarity of the time series, the
%

—+

>

"

our of ACF and PACF plots along with their theoretical properties are used to

Ontify the plausible models and determine the appropriate p, g, P and Q to fit the

stationary TEC time series, zi.
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Figure 3.20 shows the sample of ACF and PACF for z, along with the

approximate 95% confidence intervals which are denoted by the bold dotted line ==

N

-””) on the both sides of the horizontal axis. The length of ACF or PACF s hequals

to 100, where it covers four full hours of the seasonal component orgeasondl lag. The
correlograms illustrate a mixed process where the autocorrelatio howz damped sine

wave decay with large spikes at lag 1, suggesting a possible OYRl) term while the

partial autocorrelation depicts an exponential tails off tow e il@?&nt spikes

up to 3 lags suggesting a possible of AR(3) at the nog-seas al cgmpo .ﬂ@ots

indicate that the stationary time series depends on servatiors (r rre!j ‘?p erms)
L 4

and past shocks (referred as g terms). In additionWh Bﬁe& ams sh@hrge spike
at lag 24 which indicates the seasonal r@wp f ﬁ@o data<< ACF, a single
er

significant spike is seen at lag 24 and no a

%ﬁ S azi ther seasonal lags
whereas in PACF, the pattern sho r spike% 2 arﬁh Since, the spike at lag

[
q
24 in ACF falls more abruptl& CF, m su@e a seasonal MA(2).
X ES
|

A multiplicativ%lMA\ j uﬁ&}ii'nce the time series is factored into
non-seasonal an(@l c@ts, T@” in the SARIMA model known as

\
integration, dtw th diﬁ?mh o[d;guh the time series which is represented by d

ne d D (differencing seasonal component). The

(differenc@ easoffal c
4
inte wcess ind ate; thal’?re time series data has been transformed into a

N

gratl
sta% ime series. Since th@%ﬁ‘ferencing process is considered during the stationary

é, therefore further integration is not required at this stage. The orders of
O‘Yerencing for non-seasonal and seasonal components are equal to 1 and 2, respectively.

In conclusion, by matching the visualization of ACF and PACF patterns with the
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Figure 3.20: (a) The autocorrelation function, ACF and (b) partial autocorrelation, PACF
plots of the stationary TEC time series, z; for June 2005



134

theoretical properties which are explained in Chapter 2, number of possible models are
identified to select the optimal non-seasonal components (p,d,q) and the s?ﬂl

components (P, D,Q) of the SARIMA model. Akaike Information Crit%\\lc

N—r

described in Chapter 2 subsection 2.7.6 is used as a model selection crit he model
that gives minimum value of AIC is considered as the best fitted model. ¥1C is calculated
using Equation (2.30). Table 3.5 shows some possible models t MTEC time series
with an initial suggestive model that is SARIMA (3,1,1)(0, thianalysis above.

However, among the tested SARIMA models, SARIMA )(0,2.2)28 nd to be to

o
the most appropriate which yielded the least AIC valu ident‘ivt:jf cb(E\QD) are

substituted in the mathematical expression of A r&él | isixyressed in

Chapter 2 Equation (2.27). \' o‘
D\:

@p(B*) by (B)(1 ~ B)* (1~ BRLy: = ﬁ@i?) i
e, N
@0(B2)3(B)(1 - B)l(l%m 00, ()% (5242 (313)
N &
(1 — ¢5B3)(1 — BY(1 ") &'@ +0,(B*)Ya, (3.133)

A 3
The stationary TEC time sefies I qu%" (3.11) is substituted into Equation
RI

(3.13a) to obtai@al (J
S o3

@Y %) Zt +6,B)(1+ @2(324)2)at (3.14)
el s
Yv

Y
w the stationary TE e series, a; is random error at time period t, B is the
%rd shift operator, ®, is the second coefficient of seasonal moving average, ¢ is
0 hird coefficient of non-seasonal autoregressive, and 0, is the first coefficient of non-

seasonal moving average. The random errors or the noise components of the model, a;

A,

ﬁ”
+
D

mat tical expression as below:

are assumed to be independently and identically distributed.
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Table 3.5: SARIMA models with the AIC, Ljung-Box statistic and Chi-square’ values

No

Model AIC

10

11

12

13

14

SARIMA (3,1,1)(0,2,1)24
SARIMA (2,1,1)(0,2,1)24
SARIMA (1,1,1)(0,2,1)24
SARIMA (3,1,2)(0,2,1)24
SARIMA (3,1,3)(0,2,1)24
SARIMA (2,1,3)(0,2,1)24
SARIMA (1,1,3)(0,2,1)2
SARIMA (3,1,1)(0,2,2)24

SARIMA (3,1,2)(0,2,2)4

SARIMA (3,1,3)(0,2,2@

SARIMA (2,1,3)(0,Y

SARIMA(l,l,%Ll 2 -‘3%

SARIMA ( N‘l,z,ow\ -1085:

SARIMAG, 1 (2,2 @é.s?
N »?:' S

SA 1,DfL,2)5 \(J -1132.9

INWA (3,71 P

passs

1 14.0643

1 16.430

1 18.964

1 17.807

51.520

30.497

)
' Chh&e (critical test), x2 @7.410

model does not exhibit lack of fit

The model exhibits lack of fit
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In the second stage, the coefficients of the best fitted parameters are estimated
once the orders of the SARIMA model are determined. The parameters are es
such that the overall accuracy of the measured errors is minimized. Maxm@vood
estimation (MLE) technique - based MATLAB is used to accomplish thi utatlonal
The method is recognised as a standard approach for parameter estim Wpeually for
large samples of data (Myung, 2003). The coefficients of the b ARIMA model
for TEC time series are estimated and substituted in the E &.1

t) These values

may vary with respect to the TEC dataset.

(1—-¢3B*)z, = (1+6,B)(1 & ®2 24)? )f

(1+0.360B%)z, = (1+0 )(

In the development of SARI }

the residual analysis. The resi the€¥itted

! .@

Y'
s 43' (3.15)
s?p i t'ed,lagnostlc checking or

del examined to verify the

0 d@gnlme if the selected model

ilduals from the model should

O

adequacy of the model. Th )
assumptions about the‘e&ii ar satisjled
resemble pure rand erro s e). Zl(a?p% (2003) and other previous works

(Zhang et al., 1@%9 9) maj&wned that the residual from the ARIMA
model only %ws n -Ime M)p&rﬁ:% Therefore, the diagnostic check of the

re3|duaz m}v vte_a)to delémme the sufficiency of the SARIMA model.

Ad(wmo the developed Imee?_;model (SARIMA) is considered not sufficient enough
st| Il left of linear correlatlon structure in the residuals. A few statistical tests are
ested in the following studies (Box & Jenkins, 1976; Zhang, 2003; Zhang & Qi,

05; Durdu, 2010; Khashei & Bijari, 2010) to examine the goodness of fit of the model.
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In this analysis, with the aid of ACF correlogram, the correlation or the
independence of the residuals is tested. Figure 3.21 illustrates the autocorrelograw
residual where there is no significant correlation between the present and pa@. All
the values of the residuals are within the confidence intervals, except a relations
appeared slightly larger. The residuals of the model exhibit white noiS¢ properties and

proved that the overall SARIMA model is considered adequati

Besides the ACF test, the residuals are examinedWging th IM:( statistic
(@) to check the adequacy of the proposed model. T t is magnly, (’J(@) test

whether a series of data over time are random i e% est stqtfstic is:

(3.16)

where n is the number of obsemi, Ki ocorrelations lags, r(k) is

the autocorrelation of t resq5a| at lags k.
D
Accordin@u (@ mod@considered adequate and the residuals
\

are considere(%\noi |it§ylx o(éJstatistic is less than the chi-square (critical
, ' S &

ipn with péQ&ve degree of freedom. In this scenario, the null

0) IS ac pteg, ‘AQ e the residuals of the fitted model exhibits no

c won for a fixed numb(h)f lags. Conversely, if Q* is more than y?2, then the
%

ative hypothesis (H,) is accepted. This means the tested model is inadequate and the

Qiduals represent a non-white noise. In this study, the Q™ statistic is calculated for all

the possible models and presented in Table 3.5 to observe the adequacy of the proposed
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Figure 3.21: Autoco gra@ id
' &
o q
model. The analysis shows t?‘\ valu%}tisﬁ& .880) for fitted SARIMA
vatpel (31

@ The result explains the null

(3,1,1)(0,2,2),4 model is le the 2 (
| Y
hypothesis cannot be reJecte i

thus the mb(g'ls considered adequate.

Event Ne S RJ ',‘1,1) )24 Mmodel is chosen as the most adequate
ar q&vﬁonent (L,) of the ionospheric TEC time series.

and final orecgbt thgli
s
Based %hang’s (2 )ﬁethupv ogy, to build up the hybrid model, the time series
N

da@ decomposed into a\cﬁu?ear and non-linear component as below:

QE Ve = Ly +nL; (3.17)
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where y, denotes the actual time series data, L, represents the linear component and nL,
denotes the non-linear component. Both the components have to be estimated fr

time series actual data, y;. In this phase, the SARIMA (3,1,1)(0,2,2)4 mod@with
the linear component of the time series dataset and forecast the linear coﬂ%nt ahead.
The difference between the actual data, y, and the forecast linear confonent from the

SARIMA model, L, is known as the residuals. That is: Yy

e, = y, — L, ‘\d, 18)

N
{S | O
where e; denotes as the residual at time t from ?g r SART del\'Y'
In the second phase the residuals are used ugpeugd ne
is discussed thoroughly in the follo ection. \Y

=
N
SVUE

&

3.5.2 Modelling of neur mrk ¥ \A

The diagno WCk oflt
examine the goagnesSWf fit Iineﬁtﬁdel but the analysis is unable to capture
¢
tifye

orec e non-linear

o@ﬁﬂent of the dataset

revious section can be only used to

Yes

the non-ling %rnsi th ériéﬁder study. In other words, even though the
N

model sed the g jc chesing, but the model is still lack off in the non-linear

rela'm&p which have not c@’modelled. This shows the major limitation of the

@Q model where no non-linear patterns are captured by the model.

Thus, in this phase, the residuals obtained from the SARIMA model are modelled

using the NN technique to analyse the non-linear relationship. The NN model is
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developed to forecast the non-linear components, since theoretically and practically in
many works (Fausett, 1994; Bishop, 1995; Hagan et al., 1996; Hernandez-PaJareYEV
1997; Conway et al., 1998; Zhang et al., 1998; Tulunay et al., 2006; Habar%\t al.,
2007; Maruyama, 2007), it is proven that the NN model is able to lear eneralize
any complex environment with high accuracy. The concept of NN mod§ was discussed
thoroughly in section 3.4 and in Chapter 2. Therefore only the f ure of the model
is discussed in this section. A three - layers feed forwa m ssociated with
Levenberg - Marquardt (LM) back-propagation algorithm ed t fow‘residuals

ahead. In this work, the lagged residuals represent t

Y-
ut noges Ieﬁh&@ecast
is,Kée saf ion of the

past observations of the residuals, where thw cange e ssed

_1,et 2 et &\ (3.19)
3 o C}
N
where f is the non-linear funct neur twork structure, e, denotes
err d

as the residual at tlmet |s e rando he number of lagged residuals
in the NNN. “

values are obtained from the output node. The

The r ve the p }Jf il nths (February 2005 to June 2006) are used
for traini onths Jul’ eptember 2006) and 3 months (October to
r 6) data ar€ used f@ldatlon and testing purposes, respectively. All the

c ondlng residuals are no}allsed to the range of 0 to 1 so that the maximum and
um value of any residuals does not exceed the range values. The determination of
Ooptimal number of input neurons and hidden layer neurons are always a complex task

in NN modelling which contributes the most to obtain a precise output. The residuals
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obtained from the SARIMA model exhibit white noise properties where the residuals are
independent of each other. Hence, it is quite complex and difficult to identYﬂ
appropriate lagged observations that could contribute the best model. A @tive
analysis of the residuals denoted by the hourly lags from 1 to 24 is exec btain the
optimal number of input nodes. The seasonal lags more than 24, whiciare 48, 72, 96,
to be deseasonalised data and free from the linear correlati

120, 144, 168, etc. values are not taken into consideration sinceﬁgmals are assumed

ture'

Y.
| | Ng
RMSE is used to monitor the performance of tworldan d[te_@me the
optimum input parameters that capable to fore es% wihbﬁast error.
Each of the architecture is run ten trials indivieyal itlﬂ‘an initia@;‘o.n of weights

and biases to attain the best performan 'tea and the re ar@%! for comparison.

MSE is used as a stopping criterion%by the \h'mg a(e%rwhen the mse of the
N

validation dataset starts increas%we hidden U@Byers, the log-sigmoid is
used as an activation functi@oesr del i s&cted based on the validation

sample result. % :J|$
Q N @
Table 3.% rise

each patter %thes , vari s‘ag upibers are considered, with minimum two and
N

maxim 12 diff mbe lags. This may be due to the fact that there is no

spez&gged observation IK Id contribute the most to the random residual time
s%’ . Several observations can be made from the summary of the table. Overall, for all
& rns, the RMSE values only differ slightly from each pattern. First, as the lagged
atterns reached the maximum or minimum lag numbers, the NN model unable to

forecast the residuals well. This may due to inappropriate and insufficient number of
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Table 3.6: Combinations of residual lag numbers

Lag values
=
o

L, 1693

Pattern
(TECU
(10%)

[ERN

Ye-2, V-4 Yt—-6Yt-8 Ve-100Vt-12) Yt—14 Ye—16, Vt—-18 Yt—20/ 22:

1.677

N

V-1 Yt-3Vt-5 V-7 Yt-9 Yt-11, Vt-13, Yt-15 Yt-17, Yt-19 )’t 23
3 Ye-1,Vt-2Yt-3 V-4 Ve-5Yt—6 Yt -7Vt -8 Vt—9, V- 1'3’t 1611

4 V-1, Yt-2Yt-3, V-4 Yt-5Yt-6 V-7, YVt—-8 Yt—9s o }574

S V-1, YVt-2,Yt-3 V-4 Vt-5Yt—6, Vt-7

6 Ye-1,Yt-2Yt-3YVt-4Yi-5 Y-

1.588
1.590
1.620
1.601
1.602
1.598

1.638

ay affect the performance of the NN model. In both case, the RMSE values are
e 1.6 x 102 Second, the number of lags which varies from 1 to 24 or 2 to 24 with
certain numbers of increment e.g., 2, 3, 4, 6, and 12 even deteriorate the forecasting

results. These types of lagged inputs generate RMSE values between the range ~1.6 x 10°
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2and ~1.7 x 1072. It is obvious from the Table 3.6 that the consecutive lagged patterns

performed better compared to the cases in which lagged patterns with specific mc?ﬁ\

is used solely. This indicates that applying consecutive lagged pa tte%\nore

approachable in modelling and forecasting the random time sené%vong the

consecutive lagged numbers, the pattern with 9 consecutive lags ylelde e least RMSE

value in forecasting the random residuals data. The least RM is bolded in the
ol

Table 3.6. In conclusion, consecutive of 9 lagged inputs red as the best

combination of residuals to improve the forecasting acc . Th NWel is

Y-

| &

NN residual(ety71) = f(er—1,€r—2, €cz, - Wt—g, €@ol + \'Y' (3.20)
\ T

(et‘g{l) represents the

@)

es.g\e identified as in the

o

where (e;) is the residual at the present yn

residual values for 72 hours ahead. mﬂ | dde

subsection 3.4.2 by varying the hlq‘j no he@st network is attained by
adding and reducing one neur me Th tect &Qmat yielded the least error is
adopted as the optimal jidd urons, In §the optimal NN configuration
used to forecast the reeh IS , er!‘ a‘Jmput nodes to represent the lagged
observations, 1 n de he f st residuals values and 7 nodes in the
hidden layer. t arjy moti ?! t e number of hidden nodes vary for both
anaIySI atlo an fﬁtmg in this thesis. In conclusion, determining
the op mber of h der(nel,k'yﬁ is still an open issue, seem the numbers may vary

witinthe appllcatlons The 3 mchhs testing data are excluded from the training process to

Q%t memorization.

Finally, the forecast linear component (L) from the SARIMA and the forecast
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non-linear component (nL,) from the NN models are combined in the following hybrid

N
N
X

section to forecast the ionospheric TEC ahead.

3.5.3 Optimum Hybrid SARIMA-NN model

The hybrid modelling consists of three phases. In the !% e, the SARIMA
Ct

model is used to analyse and forecast the linear component e series. Inthe

==

&

second phase, residuals which represent the non-linear co ent @f th i‘me series

data are modelled based on the NN to analyse the

inear refatigaghid. ‘I&cl‘}e last

tain@ reca@glue. The
Y-

final output of hybrid SARIMA-NN mode!w epr@iente sin I@tion (3.21):

hybrid SARI% NN T \L?+ Zﬁ;\ (3.21)
: y' S

“« Q-
where hybrid SARIMA-NN 1& resewcas&g: values, L, represents the
\
forecast linear compoTt anzit derl)tes for. non-linear component.

phase, both the forecast components are integra

ed TEC (NN TEC) values, “without the

)
G -

gaps” are usedfy orgbast @'el tﬁ@/oid degradation in the model performance.

The obsex&\E a wi e es@
n
ys'p

r@EC data is utilised to forecast the ionospheric
s

h respect to the resylptin Chapter 4 subsection 4.2.2. The result shows that

In this @stu?y, 15
t

TECa

NS
t 2 model is able to estimate or extrapolate the missing TEC data up to 18 days
0% of the overall 30 days data). The performance of NN is model deteriorates for

rther missing days, where the value of the relative correction (Crel) starts reducing

while the RMSE value starts increasing. Sincel5 days TEC data are still within the
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estimation period of the NN2 model, this period is taken into consideration for TEC
forecasting model. The development of hybrid SARIMA - NN model is tested u

days prior hourly TEC data to forecast the TEC data 3 days ahead (72 poi y).

A

To validate the hybrid SARIMA-NN model, the forecast TEC¥fom the hybrid
model is compared against the actual values as well as, with t% fort¥ast values of the

individual models SARIMA and NN, used separately. Bo diviglual models are

described thoroughly in the following section. ‘\d
o

NP
s b4

3.5.4 Single model techniques Y- \ N
To verify and validate the perf@)f the @R “NN model, both
M

,{% NN are developed

A,

N
ith the de\iploped IQ‘Qid SARIMA-NN model.

The concept of the SARI M@wat aingd tho ly in the previous subsection
3.5.1 and the develo II\/IA’( 1,1 Oﬁ,Z}D’ls adopted to represent as the
‘&
\Sf\t eio

individual SARIM del to eric TEC variability. The model is
known as forecagl S MA
Q) ¢

%:ctioﬂtﬁg'&vidu@\l model used to forecast the TEC is explained

brieﬁ&ingle hidden layere @6 forward network with Lenvenberg- Marquardt back
@«ion algorithm is used. This NN model has one input layer, one hidden layer and
Q utput layer. The NN model is known as forecast NN (FCAST-NN). The FCAST-

N is represented as a function of 9 consecutive hourly lagged TEC values adopted from

the method in subsection 3.5.2 and also combined with the inputs adopted from Tulunay
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et al. (2004). Table 3.7 shows the inputs used in NN forecasting TEC technique, where
the t values in Table 3.7 represent hour(s) and the value of TEC at the presentw
designated by TEC,. The FCAST-NN configuration is determined as 12:10%\e 12
input nodes in the input layer, 10 hidden nodes in the hidden layer ano“l*mt in the
output layer. The output node produces TEC values 3 days or 72 hour$gn advance.

@,

Table 3.7: Input parameters of the FCAS gdeli

No | Input Parameters

1 |9 consecutive hourly ECi_
lagged TEC values

2 First difference
3 Second difference

4 Relative difference

z |
Both the indivig)odels F %s}f\

, IilQ and FCAST-NN are developed
based on the sam@TEcpata\s in h@ﬁ' SARIMA-NN model. Finally, to

&

analyse the pe@wce ftDe S% A-NN and the individual models, each the
models ar@e' singf themjd ti':aJ@gurly TEC data over Parit Raja station. The
compa %vers tAre frentyriods; quiet, moderate, and disturbed conditions,
w om October 2006 ts‘;ae'cember 2006. The comparison results between the

ARIMA-NN, FCAST-SARIMA and FCAST-NN are presented in chapter 4.
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3.6 ASSESSMENT OF RESULTS

Accuracy of a model can be quantified in terms of errors. The d@mies
between the observed and estimated values are indicated as the errors of&odel. The
predictability of the model is inversely proportional to the error froRthe model. To

assess the predictability of the model, the results are grou in®fder to compare

f the forecast model

developed in the latter section is also evaluated via thescNagethodp. wparison is

B
provided in terms of absolute and relative errors. '@Iute err@r ( )‘s @uted

according to: 4 Y.
N
Eabs = \Q’YO; :‘ OQQ\ (3.22)

where the observed TEC (Obsygc atraﬁt rory the @S measurement and the
9 Q-
tis fr 2 a@RI-O? models (Leandro &
4 S

Santos, 2007. In forecat'ng &dei the Hstrg Iiepl by Frec which is obtained from
hybrid SARIMA-NN, SARWIA aﬂdﬁ odé‘lt.:(he Eabs is expressed in units of TEC
(TECU). 4&\ Q S
o
N N
2 9
T Ve erro (Er?) iI§ex séséd in terms of percentage where it is defined as
er

lﬁrs alv-observed TEC. This error is calculated as follows:

between the observed TEC and estimated TEC. The predic

o

estimated TEC (Estpgc) mea

\ Erel = ( Labs ) x 100% (3.23)
0 rel = ObSTEC 0 .
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Finally the effectiveness of the estimation or the forecasting model is quantified

in terms of relative correction (Crel) which is defined as follows: Y'
Crel = (100 — Erel)% Aj (3.24)

The Crel indicates the estimation accuracy for the NN and IRI4ggdelYas well as the
forecasting accuracy of the hybrid and individual modgls. wgher the relative
correction, the closer the estimated values to the obser !I of 180 percent
indicates an optimum estimation while Crel approxim@ely zero pgfcentgge g'nl@'the

|G

model is no more efficient enough. Y.

T N
\ S_
Other than the absolute and relatl%ww, t y of(Ee estimation and

forecasting models are also quantlfl in te 0 w '

I\& hich used to avoid

the effects of large TEC unﬂ uri coragﬂrlson According to
Watthanasangmechai et al. (2 enorm Msgﬁ'computed as follows:
l
o‘ (QRMSE

(3.25)

é rage Obstgc

<<»

\ 2! 3%
where R Skec IS @root mean square error and the average GPS
TEC r ly. ¢ tablllty and the effectiveness of the constructed
NN as the forecasting h;@ SARIMA-NN models are investigated with respect

llowing assessment. The NN model is tested diurnally and seasonally whereas

ybrld SARIMA-NN model is tested during quiet, moderate and disturbed conditions.
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3.7 SUMMARY

T

The chapter explains the procedure of extracting the GPS TEC d@ the

GSV4004B receiver. The minimization technique used in estimating the re biasin
a single station receiver and the mapping function used in TEC convegion from slant

TEC to vertical TEC are described in this chapter. Th hapter gives a
K N

comprehensive discussion on the construction of Neural N to estimate the

TEC variations and hybrid Seasonal Auto Regressive rate errage -
ionogpheg dcﬁtions
O\Jn HVOK@. del used

ters L@Iﬂfluenced the
waéﬂeans of SSN and

ﬂ'@hal (HR) and seasonal

Neural Network (hybrid SARIMA-NN) model to forec

D

over Parit Raja, Malaysia. Neural Network (NN

to develop an ionospheric TEC modelling. 1\9

TEC variability are identified. They aNa y

S107, the hourly planetary amplltud nd toge %t

(DN) components. In addition, %numﬂlN c uguritgms determined, where the
NN model uses 9 numbers Xm |'p

node in output layer t%”[ as 9:
on aé(hm is used. In order to access the

forward network wy back-
performance ac the ethptis, an ionospheric TEC estimation, a number

S/

|g£teU(?d found that Levenberg —Marquardt (LM)

of training r|t ms affe iQv
algorlt besfnﬁ&) tlonﬂs\ thod for TEC modelling. This method differs
3|g Iy in terms of RMSF\@'tlme required to achieve convergence during training.

the criteria above the optimum NN architecture is constructed to estimate

Gsrate TEC values with least bias.

Continuously, this work is further extended using the recovery GPS TEC, where a
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time series forecasting model is developed using a hybrid technique that combines
seasonal autoregressive integrated moving average (SARIMA) and neural networ .
The SARIMA(3,1,1)(0,2,2),4 and NN with 9 consecutive lagged residual v@w the
optimum configuration 9:7:1 are used to forecast the linear and non-lin ponents,
respectively. Eventually both the components are integrated to obtain ¥e forecast TEC
values. The hybrid SARIMA-NN model utilized 15 days priorﬁc. a to forecast the

ionospheric TEC 3-day ahead.



