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FERROREZONANCE FAULT DETECTION IN ELECTRIC POWER
NETWORKS BY NEURAL NETWORK S

SUMMARY

Ferroresonance is a complicated nonlinear waving whichapg@ear in electrical
circuits with a series or parallel connection of nonlinear inductance and capacitance
Cause of the current of ferroresonance on the transmission linedesueh as cables

or transformers can bgartially or completely damaged. Thikestruction not only
creates huge material losses on the system but also areptsssuffering

It is important for the sustainability of the system that a devastating error such as
ferroresonance can betectedIf ferroresonance can detecting in adee prevent the

loss of time and money for the user by destroying the elements such as power
transformer and cables used in the system

Ferroresonance is nonlinedtustion and learning in artificial neural networks has
advantages such as working witiissing or uncertain data, processing real conditions,
handling nonlinear situations, being more successful than traditional methods, fault
tolerance.

Artificial neural networks are referred to by this name because they are based on
learning of the humaneural cell in principle. One nerve cell receives information
from other cells from the dendst departrent, which corresponds to ingatartificial

neural networks, while axon in humanrvee cells corresponds to outputartificial

neural networksAtrtificial neural networks mainly consist of three layers. There are
hidden tabs determined by the number of layers between the input and thiteTthep
learning process is multiplied by the randomly assigned weight value of the input
value, and the NEValue is created, and if it is determined, the bias others are summed
and output from the cell where this total value is found according to the activation
function.This output value is the input of the next hidden layer and continues until the
same procesreaches the output value. The output value gives the result of the learning
operation according to the specified value ranges. The activation function is important
in solving the problem used. Various activation functions are mentioned in the thesis.
A successful algorithm was investigated by using an artificial neural network method
to detect ferroresonance error.

In this study, four different ferroresonance data emerging with different scenarios in
the transmission line whichsedeneagy transmission e modelingfrom western
Anatolia Turkey Seydiseh@dy mapi1 nar transmission | ine
input values.

Work steps; iterature search on the subjedetection of the moment when

ferroresonance starts in voltage outpatsating input, traiing and example data from
ferroresonance datto create the appropriate algorithm for nonlinear ferroresonance

XXi



ELEKTRKK G| ¢ HATLARI NDA FERROREZONANS ARI ZAS
SKNKR AJLARI KLE BELKRLENMESK

OZET
Gunumizde artan enefjih t i yac | sonucunda il etimde ener |
icin iletim hatlarinda gedil mmgdalilewner et anar
akidimsidr mesiyle iletim kayi plarinin azal mas:|
enerji i htaigylancdkaa lnldaag 1 & r o Ismankat asdebrep Ol usan vy
gerilimler ve artan kablolar hatlardaki kapa
art mas:. iletim ve dagitim hatlari nda enduikt.

gibi doyuma gidebilen ve lineer olmayan enduktif 6zellik sergileyebiemyetik
cekirdege sahip elektrik makinalarin c¢akird

nedenoimkt a ve dogrusal ol mayan endiukBuans kar ak
dogrusalaoadkhmbgainski k kararl 1 ve gecici rejim
haraketl|l ere sBwepirol amakt @diektri ksel ol ayl ar
transformatorl er tasarl anirken, sisteme al me
onunde bulundurup cekr dek tasari m degerl eri, genel |l ik
cekirdekte ki | artialnaerci k| er i yonl endirilmis soguk ha
nuoveye ai-t uretici tarafindan verilen aki )
grafigindeki mna rreseekt @51l ghkeege rkitmiin kull ani | a
arasinda c¢alirsil arak onlem al maktadirl ar.
Devredeki 0gel erden Dbirinde meydana gel en
el emanl ar 1 n gerilim ve aki mlari nda ani vV e
Ferror& onans, dogrusal ol mayan enduktans vV e k
bagl anti si ol an elektrik devrelerinde meydan
sal 1 ni ml arrditbre. vPer attei okr itikefegoanén; y§ikeek sexiyede g o r e
harmonik bozulmalie yuUksek asi1r. gerilim ve asir.i a
gel eneksel asiri gerilim ve asir.i akir m baski
El ektri k soelbueskaeb ielrcienkd eg ni bir ferrorezonas s
aki ml a sisternuniaz eyra ndle ki | &toi noolagaklkeimsamil ar 1 nda

hasal ar ya da geri doénuos U0 damagetrdbimektedimmay an k al
Orne&iaml ol ar da koruyucu k1 ima $ tradolardan eri mesi
ferrorezonansin ol dugunlfaazdaai balkiinmdeardafsan

I st nma, kazanl arda patlama yirtilma,transform
sebekeyi degi l cevreyl de etkileyen tehlikey
arli zanin meydanazwgrdis@ir elsiekesiisge eedery na g |

ol abil mekte ve bu hat Gzerindeki dagrtirm ya
kaylr pl ara sebep ol dudgu gi bi kull anitcil ari n.
yasamal ari1 na s eBuagdeniefl abn é mekd readtasnlilder 1 zasi1 ndan
kaci ni | mas:] gerekir. Agin isleyisinde ferror
azalti Il madi girndan, verilen sorun gunumiuzde 0
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Elektriksel gu¢ sistemlerinde, ferrorezonans, temel frekansta veya subharmonik veya
daha yiksek derecelimo ni k frekansl ardan birinde ol

transformator bu akim ve gerilim har moni l
ve bir endiuktans bu harmoni kl erden birir
temel frekansta meydanagebrlkn, bazen subharmoni k ferror
dur umda, ferroresonant asir. gerilimler
zordur . Bu tuar ferrorezonans, bazen bir
boyunca uzanan enerjisiz birtld m hatt i1 na bagl andi1 g1 ekst
aginda meydana gelir.

Bu cali smadaAkTabiot@etnbrotdan Tur ki ye Ba

il etim hatt.] par ¢cas rOyanlagpn nd380kK V'eltuknm ey
model Gzerinde snht e me | ferrorezonanR fsandinty obdiat
far kl 1 f eaisikoulelzaomialnmi st 1 r .

Yapay sininir aglar, ma k i n@u ndugm tezndi emi tnii m
hastali1i k tespit.i ya da t ahmesinlretim, hatah e n d i
O0ngor s a, sosyal aglarda Kkisiye igizel r e
alanl arinigibanpmkagm&si@al anda farkl 1 ama
Yapay s iprnsipteiasgnlsiairhiicresirong r e n me s i fginbubsante a |l d 1 §
ani | maKitradsirni nir hiocresi dentrit bol dmai
al 1r bu durum yapay sinir aglarinda inpt

akson yapay sinir agl arviampdhy utenelde i@ gtl eak a
kat mandalnn podtusiulre out pt arasinda kat mansa
gizIli sekmeler bulunmaktadir.

Ogrenme i sl emi i nput dederinéncamptigal &Kk
degerin o ledbslitleari wlsma@rirdser i nin toplani p bl
aktivasyonf onksi yonuna go6re bul uBidug@iuk ithsi cd ed@en
sonr aki gi zl i kat manin girisi ol up ayni
eder . Belirl enen deg®ead areanimek liasrliennma ngi 6nr es o
Aktivasyon fonksiyonu kul | argdlletmektedp.r ob |l er
Tezin ic¢cerisindrekgieysaorllar arkdarn alsgylosne diol mi

Ferrorezonans gi bi yl1 ki ci et lamaya gorg U k s e k
siniflandtamamaeyapabil mel eri, yeaksky sini
ya da belirsiz datalarla da c¢al ilgerbi | mes
ol mayan duruml ar | i sleyebil mesili gel maek
hata tolerfaesroreazohanas! gi bi l i neer ol me
et ki si fazla olan olayin tespitinde avan
sinir aglar. yonteminin kull anigslamasliinibni r
algoritma arastiri |l mistir.

Bu tezde girdi ol ar ® maplh hamn dpi hodafiilen Say d
model | eninlies nod duepl Uzerinde muht emel ferroc
olusturul mus R fazinadatsi dbrtl é@tikd it | & re
6grenme ic¢cin kullani|l &nndatod d&lulg$tamndlam
Uzerinde ki ol asi1 |1 ferrorezonans durum
kull anitl an aktvasyon f onk s sinnaaha opgmui i deg
ol dugu arastiri |l mistir.
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Tezin hazirl|l alntmar asé@damasahdamasi yapi |l mistir
akademi ky ay adya nKiatrapl ar arastirri |l mistir.

D6rt f ar dnénsverifere500voerreizd e mp ao Icu @& farrorazpmans| 1 p

ol ayrnin basladi g1 nokltayitreismpimeydarnd pge If ckir g

her dortverii ¢i n t op !l averiepdenpudbe §atlt bani ol usturul must
Matlab© pr ogr a mi kul I ani | alinaek olnayagfarrordzonanga | gor i t ma |
ol ayr ni duegluinr ieeyean uygun | agoritma arayl sl na
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1. INTRODUCTION

Today, as a result of technological advances, the need for energy is increasing. The
consumption andeed of electricity is increasing every year due to reasons such as
preferring electric vehicles instead of petrolebased fuels, increasing the number of
domestic appliance used in the home, producing a special electrical device for every
need and an inease in industrializatiofroviding quality and reliable electricity that
consumers will need in the electrical energy system is of great importance socially and
economically. The generation, transmission and distribution of electrical energy is a
rathercomplicated evenDuring this event, it may be necessary to add new elements
to the system or maneuver the system. These events can cause various failures such as
ferroresonanc@Akinci, et al., 2009)(Dimitriyev, et al., 2003)

Increasing energy demand not only caused a rise in energy production but also
increased the elements required for the transmission of energy, for instance
underground transmission and distribution cables, circuit protectiements,
transformers, capacitors, etcndfgy is transntied with high voltage in order to
minimize losses while transmitting energy. In order to reduce losses that occur in
cables, energy is transni@d to high stress. High voltages and increased able
resulting from this increasing energy need increase the capacitive loads in the lines,
increase in capacitive load induction transformer, shunt reactor, power transformers,
electrical machines with magnetic cores lead to saturation of core inductadces an
cause nottinear inductance characteristics. This fioear characteristic of stable and
transient regimens difficult to predict sudden electrical moveme@atsl. Boucherot

first used defirtion of ferroresonancdor this nonlinear conditionn the 192Gs.
(Boucherot, 1920J he firstanalyticalexperiment and work about ferroresonance were
carried out in the 1950s by RudenberdRudenberg, 195@nd later in the 1950s by

C. Hayashi(Hayashi, 1964)



1.1 Literature Study

There are different approachiesdetecting ferroresonance;

Akinci, et al.009, investigated the effect of the ferroresonance event, which has a
destructive effect on energy transmission lines, in a phgstem. In this study, a
general approach is obtained by modeling the Ferroresonance event with the ATP
package program in the 36 kV transmission systdtRT analysis of the harmonics
formed in the modeled system was made thislanalyzeand results werevaluated.

With the formation of ferroresonance in the transmission line, -inegtuency
components appearddigh-frequencycomponents dominate between 0 and 2000 Hz

by FFT analysis. It can be seen that it contains the working frequency in particular.
Although the arrow above 2000 Hz has high amplitude frequencies, it is rarely seen.
These frequencies are likely to be iAt@rmonis. With the formation of
ferroresonance, the system contamgh-frequencycomponents other than 50 Hz
frequency. These valgje and highlirequencychanges are harmftd the system.

Seker, et al(2011), by using Seyitomer s 1 k| ar model data to detern
and statistical properties of the event using the voltage values in the R phase, power
spectral density approacandFourieranalysis. In this study, it is mentioned that inter
harmonicsareimportant in ferroresonance detiea. In this study, frequenegomain
analysis and related to the statistical studies were conducted, frequency ranges
resulting from ferroresnance are determined and it is concluded that the
ferroresonance effect will be explained by irfftarmonics.

Sharbain, et al., 2017n the 60 Hz frequency system, they modeled the 32 km
transmission line withihe pi section. In this study, it was obsedvthat the highest
recognition rate was achieved in Dd6 and after learning the changes in the number of
neurons and layers. It has been observed that in most of the tested cases, ferroresonance
can be detected with an average accuracy of more than 95%.

Wahyudi, et al.2017), in this articlemaneuvers were performed with cutters in a-step
down transformer in 20kV distribution network and ferroresonance was created, this
data was used for ANN and it was concluded that ANN is a successful ferroresonance
analysis method.

Valverde, et alZ012), The voltage output in the fuachental ferroresonance mode of

the fault generated by the voltaansformer usedviatlab© analy®d using artificial



neural network tool and concluded that artificial neural network is extremely

successful in determining thmsalfunction.

1.2 Outline of the Thesis

In this thesis; Western Anatolia, Turkey was part of the power transmission line
Seydiseh#tOy ma p 1ansaission fault databtainedmodels made in accordance
with the actual data of the line is used. Four differentofesonance faults were
created with different scenarios from the model and the voltage outputs of this fault
were used as the inputs of the neural network used, to use these inpatrtificial

neural network to investigate which algorithm is mastable for this type of non
linear situation and to be a guide in matters compatibleawvittural network that can

be developed for this type of failure.

This thesis consists of six main chapters. In the first part, the introduction of the thesis

is mertioned. Studies on the subject of the literature survey and ferroresonance are
mentioned. In the second part, the phenomenon of ferroresonance is explained. In the
third chapterthe artificial neural network is explained, in the fourth chaptee

fractions obtained from the actual mddtgj of the Seyitomer s 1 k1 ar | i ne and
scenarios are explained. In the fifth section, various algorithmes eveated using the

Matlab© tool and in the last section, the algorithms tested were compared and the

sucesses of the established algorithms were evaluated.






2. FERRORESONANCE PHENOMENA

Excessive voltages and currents that occur in systems where ferroresonance occurs,
especially ovecurrents, cause the insulation materials to go above their thermal
resistance due to the high heat they generate and thus loss of insulation. As a result of
this loss of insulation, short circuits occur in the system and irreversible failures may
occur (Akgun, et al., 2019)Because in the cas# ferroresonant, the voltage in the
system can be approximately (B8%) times the nominal voltage. The fact that these
malfunctions are highly charged and cause disruptions in energy transmission and
distribution creates both a substantial material oneéc and victimization.
Ferroresonance not only causes problems in insulation materials but also causes the
protection devices to work and break down untimely. Before understanding
ferroresonance, the concept of resonance should be consideegd. et al., 2017)

(Akinci, et al., 2013)(Akinci & Ekren, 2011)

2.1 Resonance

Resonance circuits, capacitive elements and induetemens are needed for
resonance to oac. The resonance circuidggeobtained by connding theinductance

in series or parallel a capacitor as shawfigure 2.1. Irequatior2.1 andequatior.2

shows that resonance formul a, teghistheor mul a
inductance irhenry, C is thecapacitance in farads. For resonance inductive reactance

and capacitive reactance must be equal etpigationshows equi#on 2.3.

1 cA'Q (2.1)

1o 2 (22)
1 O

1 p (2.3)
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Figure 2.1: (a) Pardkl resonance circuit (b) Series resonance circuit.

2.2 Physical Approachto Ferroresonance

In linear circuits, resonance occumhen the capacitive reactance is equal to the
inductive reactant at the frequency at which the circuit is dif8enhat, et al., 2012)

For ferroresonance circuits ne&dn core inductorshathave a nonlinear propertg

have inductance values (Short, 2004). In a power system, ferroresonance occurs when
a nonlinear inductor isafeed from a series capacitor. The alamear inductor in the

power system may be caused by the magnetic core of the transformers or reactors in
the transmission or distribution liné&kinci, et al., 2012) The circuit capacitance in

the power system can be caused by elements such as the following or during
commissioning or deactivation of the transmission and distoibdines or circuit
elements(Endahl, 2017) Some examples of circuit capacitors elememntgigding
capacitance of the conductarapacitance of busars, parallel line capacitance,
capacitance in bushings

In short, the effect of ferroresonance & ferromagnetic material, in the system
ferromagnetic materials are found in the cores of transformers or reactors (Short,
2004) (Valverde, 2012).

2.3 Nonlinear Magnetization Characteristic

The cores of the transformers are made of-colieéd grairoriented (CRGO) silicon
steel. In order to prevent eddy losses in the core of the transformer, CRGO materials
are produced and used in thicknesses ranging fromnn23o 0.35mm also cold

rolled grain oriented steel is a ferromagnetic material.



The currehcharacteric versus voltage of a voltage transformeussially known as
the magnetic curveore of transformers design in knee area because when the core
designed at a value higher than the elbow, goes into saturation. When the magnetic

core is satuted the magnetic core exhibitscharacteristicallyhat is different from
the calculated or predictable, causungpredictable oscillations in the systef®is
magnetic flux density it is seen in edion2.6 and unit is Weber/or Tesla, A is area
unitis m?is used inequation2.7,"®is magnetic field intensity artthe unit is A/m,N

is theturn ofthecoil. © magnetic permability ( & 4 ."#®/m)tide permability is
shown equality 2.4

=t 8 (2.4)
B'®Ab= | (2.5)
"=t 8 ."® (2.6)
U(t)=-N—_ " O &b (2.7)

The sinusoidal currenrt starts from zero and increases to the maximum pegiht

increases in direct proportion kpthis is seen irquation2.5. However, flux density
B does not increase linearly in this increase. An examphgsieresicure shown at
figure 2.2.;asexplainedin figure follows the path OA Ay d 1 n.,As tAeOclri@nt

decreases frorh, to 0, "Pfollows the path AB and remains @®. 6P. calledresidual

flux density(Jiles & Atherton, 1983)This time when the current is increased from

zero to-Im the magnetic field strength increases-t®and following the path of flux
densityBCD takes the value ofBn. The HC value, where the flux density is zero,
called the cleaning ardain, et al., 1989) Flux densk follows pathDEF when the
magnetic field decreases to zero with cur(8eiduroglu, 1960)Udpa & Lord, 1985)
(Jiles, 1993) When the residual current starts in deeond period, the flux density
follows the fa path, not the Opath.This loop namedthysteresisoop (Allan & Moore,
2004) In other words, the curve does not close in the first pef@d.Kulkarni &
S.A.Khaparde, 2004)


https://tureng.com/en/turkish-english/residual%20flux%20density
https://tureng.com/en/turkish-english/residual%20flux%20density

L
”

SATURATION
Retentivity B

P Coercivity. c F

SATURATION D

=

Figure 2.2 : Hysterisiscurve(Patsios, et. al 2011)

2.4 Harmonics

Harmonics are higifrequency sineshaped components of the fundamental frequency
of the system. The frequencies of the harmonios,example when the basic
frequency is 50 Hz, (50 Hz) x degree of harmor8o. 3¢ Harmonic 150Hz, B
Harmonic 250 Hz, ¥ harmonic 350 Hzfigure 2.3 shows that one main signals with
3and %" harmonic signals and signals with harmorgi2andan, 2003Y0n sinusoidal
function as seeequation2.8 in other words, because there is no odd function, there
are no cosine terms iRourier expansion, there are only sinusoidal terms also this
situation can be seen in figure 2ZIherefore,only odd harmonics are forméRosa,
2006)

f(wt)= f(-wt) (2.8)
Calculation of harmonics bipurieranalysisshown belowequation2.9;

fl)=—+B O ATE) 00 OEN o (2.9)
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Figure 2.3 : Harmoncs plot ofthemain signalthird andfifth signal and signals with

harmoncs.

Harmonics in the system can occur for many reasonsexXaonple;

Grooves in electrical machines, sudden load changes in synchronous machines,
distortion of magnetic flux waveforms, magnetizing currentsasfsformersvorking

in saturation zone, nonlinear loads in the network such as rectifier, inverter, gveldin
machines. Also arc furnaces, voltage regulators, frequency inverters, engine speed
control devices, energy transfer wifgh voltagedirect current (HVDC), statigolt-
ampere reactivgenerators, uninterruptible power supply (UPS), effects of battery

charging circuits, devices and methods used for energy saving

2.5 Subharmonics

The harmonics formed by dividing the main frequency by the main frequency in the
system are called subharmonic. For example;

Network frequencyd 50 Hz

Subharmonic oscillationsg/® : 25 Hz

Subharmonic oscillationsg/8 : 16 2/3 Hz

Subharmonic oscillationsg/d :10 Hz
Single subharmonics can be observed in ferroresonance @gentsing in single
phase or threphase systems, double subharmonics were observed only in

ferroresonance events occurring in thpease system€etin, 2019)


https://en.wikipedia.org/wiki/Volt-ampere_reactive
https://en.wikipedia.org/wiki/Volt-ampere_reactive

2.6 Type of Ferroresonance

Electrical excitation that triggetthe formation of ferroresonance in systems can be

named as soft and hard excitation.

2.6.1 Soft excitation

When the system reaches ferroresonance conditions, used for oscillations where
oscillation change is slow

2.1.6.1.85teady state ferroresonance thattons.

2.1.6.1.b Norsteady state increasing ferroresonance oscillati@&umling &
Hofstetter, 2018)

2.6.2 Hard excitation

Failures caused by saturation of the transformer core as a result of sudden changes
such as a pls&, phase earth or switching operations.

2.1.6.2.a: Steadgtate ferroresonance oscillations

2.1.6. 2.b: Norsteady state increasing ferroresonance oscillations

2.1.6.2.c: Norsteady state decreasing ferroresonance oscillatip@sining &
Hofstetter, 2018)

2.7 Ferroresonance Waveforms

During the explanation ferroresofflance
depending orthe systems frequency contemférroresonant oscillations are normally
classified.

2.7.1Fundamental mode

Currents and voltage periodeasame periodT) with the systemfundamentaimode
has odd harmonic&igure 2.4 is showm fundamentamode graphs.

10
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Figure 24 : Fundamentalsmode graph¢Ferracci,1998)

2.7.2 Subharmonic Mode

The sib-harmonic mode is the signal that invadvibe n times the system frequency
signals T/n) and also subharmonic frequency oscillationgFigure 2.5 is showin

subharmonic mode graphs.
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Figure 25 : Subharmonic Mod&raphs(Ferracci, 1998)

2.7.3 QuasiPeriodic Mode

This mode is not periodid.he spectrum is disorderly but it hasepetitious period.
The frequency spectrums a@mpermanenidentified asnfi+mf. wherem andn are

integers. Figure 2.6 is shown quasrriodic mode graphs(Valverde, 2012)(Ang,

2010)

11
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Figure 2.6 : Quastperiodic mode graph$-erracci, 1998)

2.7.4 Chaotic Mode

The taotic form dffersthan otheforms;this form hasot steady and not predictable

form from other waveforms. Figure 2.7 is shown chaotic mode graphs

v V(I v

Strange attractor

Figure 2.7 : Chaoticmode graphg¢Ferracci, 1998)

2.8 Single Phase Ferroresonance Oscillation

In singlephasesystem, ferroresonangeay happen the occasion of subharmonics.
System capacitance and voltage transformer can cause ferroresonance formation
Figure 2.8 is showsinglephasenonresonance oscillatio(Daumling & Hofstetter,

2018) (Chen, et al., 2012)

12
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Figure 2.8 : Singlephasderroresonanceample circuit.

A major circuit element is breakers that makeup capacitance in-gihgée systems
then overhead lines and capacitive ldagis capacitance of circuit breakéy is non
linear main inductance of transformer c&#eis represent of nehinear resistance of

transformer coilCe is totalground capacitance of facility.

2.9 Ferroresonance on Tree Phase System

All along many years, thethreephaseferroresonance was believed to be only
difficulties of thetransformer with nofgrounding primary connections, as open delta
delta or ungroundedwye. However, the ferroresonance base on many other
circumstance and motivatipnfor instance, transformer steel reo saturation
characteristictype of transformer winding connection, residual fluxes density in the
transformer iron core, itial conditions of the systemh,h e ci rcui t’ s capac
of-wave switching operationotal losses. So its predictability may be considered as
quite complex and difficulfMork, 2006) (Moses & Masoum, 2009)

When thregphase protectiveswitching are not usegpssible that ferroresance may
appearBut a factorthat may impact on it is not just limited to connection also to
various constructivepperation,protective parameters and design. Thus Network
characteristic, shurtapacitors, undergrourghbles, transformestray capacitare of
circuit breakerspverheadconductors.The figure represent thahreephasecircuit,
which is ferroresonant, the circuitan showthat interruptingdevices, threg@hase
transformer and overhead lines which represents by just capacitors. Grouectioonn
represented by dCand connection phas® tphase in wye conogon G-Co.All

inductive and resistive pameters are negligible. When two or ome2$ of switches

13



are closed forltat cause whei@.=Co the transformer ndral must be ungrounded and

circuit became ferroresonagitcuit. Figure 2.9 shown possible ferroresonant circuit.

INTERRUPTING
DEVICES L Lcics TRANSFORMER
.
_/ '\:"\f‘v"wi J rwﬁ%é
|
i

Figure 2.9 : Possiblehree phaséerroresonant circuCsanyi, 202Q)

14



3. ARTIFICIAL NEURAL NETWORK

With the development of computer technology, mathematical and statistical methods
can be analyzed with software tools. The application of computational and decision
making capabilities of the human brain to engineering arsalygih the model
approach started with the development of Artificial Neural Networks. With Artificial
Neural Networks, it is possible to create trainable -Is@lfning, adaptive, decision
making structures. Artificial Neural Networks can be applied taatrany discipline

and offer very meaningful results. The artificial neural network is an artificial learning
method created with inspiration from the biological neural network and whose

mathematical expression is compared to biological neuron.

3.1 Biological Neuron

Since artificial neural networks based on biological models, the structure of a natural
nerve cell must be understood before understanding artificial neural nefiviisksa

& Srivastava, 2014 Reed & Marksll, 1999)The figure 3.1 below shows a biological
neuron. The biological neuron consists of a nucleus, soma and two types of appendages
( Mar tet al,@2) One of them is delrite, which is short and branched, also
recaves input information from other cells, and the other is axons, which is the
structure that transmits the information in the long cell to other cells, that is, transmits
the outputs(Brink, et al., 2013)The combination of »on and dedrite is calleda
synapsé€Lin, 2017) (Bose, 2001)(Watson, et al., 2010)

DENDRITES

SYNAPSES

AXON TERMINAL

NUCLEUS

Figure 3.1 : Biological neuronWatson, et al., 2010)
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3.2 Modelling Neuron

The atificial neural network, the data to be learneaitificial neural networksntered

as input. These input data can consist ad dath as sound, image, voltage piature.

The atificial neural network performs learning by imitatitige event that takes place

in nerve cells and reveals the relationships between the cases. Inputs sk@y as
while mathematical mod@hg of artificial neural networks is showimformation
processing is done when the inputs go to the middle layer. Inputs are values that are
referred to as weight in mathematical mdidegl and are symbolized ad/(n),
expressing the effect of the input set or another proweskement in a layer lhere it

on this process elemefi¥lehrotra, et al., 2000)Veights can be positive or negative
theinput data is multiplied bg weight and summed with the bias value. The weights

are randomly selected and may vary in the agplew.

3.2.1 Singlelayer

The inputs are collected by multiplying them by the randomly assigned weight values
according to the learning methatiosen,as this explanation isquation3.1. This
summing process is symbolized T ( C a k 1 r aseqgBafioh32) Addition of

NET collection with b symbolized by bias, bias determines the neuron's response
partneraddition symbolized by passes through the activation function and returns
the output indicat byy. ¢« symbolized activation functioasequation3.5 while the
matrix representation of the input informationtli® column, the weight values are
shown in rows in the matrixhisis seen in equin 3.3 and3.4. Epoch is the number

of times weightsare updated for possible inpytSurney, 2003)(Patel & Stonham,
1991) (Specht, 1991)Huang & Xing, 2002)(Hassoun & Clark, 1988)Sergio, et

al., 2015)
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Figure 3.2 : Single layer artificial neural netwoK§ergio, et al., 2015)
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3.2.2 Activation function

A

(3.1)
(3.2)

(3.3)

(3.4)

(3.5)

Many different activation functiorsan be used in artificial neural networkéthough

the activation is notequired in the function, it is expected that the output should not
be linear, it can be differentiated, it does not have a lower and upper limit, it is

monotonous increasing or decreasing, it converges at the origin point. Some examples

of activation funtions are as follows.

3.2.2.1 Linear(Purelin) function

This function has net input is produced exactly as output. It is linear, differentiable,
has no upper and lower bounds, monotonous increasing and decreasing, converging at

the origin point. Belowigure3.3 showshelinear function and mathematical equation

of this function can show a&juation3.6.

X=y

17
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Figure 3.3 : Linear function

3.2.2.2Logsig (Sigmoid)function

Looking at theliterature, one of the most applied activation functions is the sigmoid
function. Sigmoid function is not linear, but maddey can be done by producing
balanced outputs for both linear and nonlinear functions, it is differentiable, it has
lower limit, upper limit, monotonous increasing and decreasing functiofigline 3.4
belowsigmoid functiorcan be seen. The equati®i is a mathematical representation

of the sigmoid function(Karlik & Olgac, 2011) (Nguyen & Widrow, 199Q)

fneTF (3.7)

LOGSIG FUNCTION
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Figure 34 : Logsigfunction
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3.2.2.3Hyperbolic tangent (Tansig) function

This is another most frequently used activation function in ANN. In order to use this
function, input values normalized in the rangebetween 1first, output values are
also in this range increasing and decreasing, converges at the point ofldailgibi

& Jahani, 2017)In figure3.5 belowhyperbolc tangent (Tansig functioncan be seen.

The equatior3.8 is a mathematical representation of the tansig function.

foven=———-1 (3.8)

TANSIG FUNCTION
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Figure 35 : Hyperbolictangent (Tansig) function

3.2.2.4 Hard sigmoidfunction
This function has linear, differentiable, lower limit, upper limit features.

3.2.2.5 Softsign Function

Not linear, derivable, no lower limit, no upper limit, monotonous increasing and
decreasingConvergego itself at the point of origin Wherg| | absolute value of the
input. The soft sign usually using for regression computing problems. In figbire
below softsign function can be seen. The equatidh9 is a matbmatical

representation of theoft-sign function.

(3.9)

Fuen s s
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SOFTSIGN FUNCTION

X

Figure 3.6 : Soft-sign function

3.2.2.6 ReLU Function

This function has linear differentiable, low limit, no upper limit, monotonous
ascending andescendingantithetical converges to itself at the point of origin features
(Habibi & Jahani, 2017)In the figure3.7 below ReLUfunction can be seen. The
equation3.10 is a mathematical representation of the ReLU function.

A0 "Y T (3.10)

Q0 OY 5 o 6D Y 1

ReLU FUNCTION

X

Figure 3.7 : ReLU function

3.2.2.7 Softplus Function

This function has not linear, differentiable, haslower limit, no upper limit,
monotonous ascending and descending, do not converge at him at the point of origin
featuregWang, et al., 2020)n figure 3.8 below sofiplus function can be seen. The

equation3.11 is a mathematical representation of the-glf$ function.
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QG O0MNQ  p (3.11)

SOFTPLUS FUNCTION

Figure 3.8 : Soft-plus function

3.2.2.8 ELU Function

This function has not linear, derivable, no lower limit, no upper limit, monotonous
increasing and decreasing, converges to itself at the origin point fegBassat &
Roth, 2019) In figure 3.9 below ELU function can be seen. The equa8dr® is a
mathematical representation of the ELU functiod. is constant gradient
(Normally, U=0.01)

1 A p AIGADY It (3.12)

"Q0 O"Y el
. %4 AFI0AD"Y 1t

ELU FUNCTION

X

Figure 3.9 : ELU function
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3.2.2.9 Selu Function
This function hashot linear, derivable, no lower limit, no upper limit, monotonous

increasing and decreasing, converges to itself at the origin point features.

3.2.2.10 Swish Function
Not linear, derivable, has lower limit, no upper limit, monotonous increasing and

decreasing, converges to itself at the origin point features.

3.2.2.11 Poslin Function
Positive linear Transfer Function is a positive linear function. If the net \@tyreater

thanzeroand the net value is less thaerq it takes the value 0.

3.2.2.12 Step or Heaviside Function
Values with a threshold less tharm will be zera In figure 3.10 below stepfunction

can be seen.

STEP FUNCTION
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Figure 3.10: Stepfunction

3.24 Multiple Layer

Unlike the singldayer system, the multayer system has hidden layd#&hang &
Morri, 1998) Each hidden layers outputs are inputs the other hidden layers inputs
(Lippmann, 1987)A single layer, multiple laysrhas input data shown b, and
outputs data shown by, and between inputs and outputs multiple layer neural
networks has hidden layer, the number of layers in the hidden lager vary
experimentally according to the method chosen and the most accurate |¢Ramnk)g

et al., 1991)
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Neurons in a layer are not related to each other and they perform the work of
transferring the information that is the system to the next layer or exit. Neurons in
two layers in a row affect each other wilferent activation values and perform a
transfer that determines the learning level of the mode fi@ddeis shown multiple

layer figure(Zhang, et al., 1995)

INPUT LAYER HIDDEN LAYER OUTPUTS

Figure 3.11: Multiple layess of artificial neural network

3.3 Artificial Neural Network Models

There are two types of feddrward and feedack networks depending dahe

direction of the signal in the neural networks.

3.3 1 Feed Forward Neural Networks

In feedforward ANN, cells are arranged in layers and the outputs of cells in one layer
are given as input to the next layer via weights ANN, which is used to solve any
problems, is as precise as the number of layers and the number of cells in the middle
layer (Binev & Aires-de-Sousa, 2004)Cybenko, 1996)

Despite undetermined information, besides areas sumbjest recognition and signal
processing, feetbrward ANN is also widely used in the diagnosis and control of
systemq S a z | 1 Figurg 812 & shown that feéakrward neural networks.
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INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 3.12: Feed forward neural networks

3 3 2 Feedback Neural Networks

In the feedback ANN, at least one cell is output as input to itself or other cells, and
usually, feedback is done through a delay element. foeatk can be between cells in

a layer as welbs cells between layers. FigBd.3 is shown that Fedashck neural
networks.

INPUT LAYER HIDDEN LAYER OUTPUT LAYER

Figure 3.13: Feedback neural networks

3.4 Learning Rules in Artificial Neural Networks

Below are the information about Learning Ruledéitificial Neural Networks.

3.4.1 Error Correction Learning

It is the method used to train the error. With an algorithm suttreasickpropayation

algorithm, error valuessed to adjust the weights. If the system output is known to be

24



y and home, the output of the desired system can be shdatwessor €) = k-y. Error
correction learning algorithms try to minimize the error signal in each training repeat
(Komendantskaya, 2011by doing this by adjustinthe weight values. The most

popular learning algorithm for this learning is the Gradient descent algorithm.

3.4.2 Self (Unsupervised) Learning

In this learning style, only sample inputs are given. No sample output information is
given. The system is exped to learn the relationships between the parameters in the
examples by itsel{Kriesel 2005). This is the learning method used mostly for

classification problems. According to the information given in the introduction, the

network creates its own rules that each sample is classified among themselves.

3.4.3 Supervised Learning

During the training, an input and a target output vector are given to the system in pairs
(Balaji & K.Baskaran, 2013)and the weight values in tlsystem are updated and
changed accordinglfPriddy & Keller, 2005)

3.4.4 Reinforcement Learning

This learning rule is a close method with a consultant. Insteatbafrangto give the

target output, there is no output to the artificial neural network, but a criterion that
evaluates the goodness of the output obtained against the given input is used. Boltzman
Rule or Genetic Algorithms developed by Hinton and Sejnowski xaenples of

reinforced learning to solve optimization problef8stton & Barto, 1998)

3.5 According to the learning time

Below is the information about the learning time.

3.5.1 Statc

The ANN is trained with the trainingata and the structure of the network is recorded.
The network always works with the same structure from now on. It does not change
anything during its us@~yfe, 2005)

3.5.2 Dynamic

After training of the ANN training datat continues to regulate itself during its use,

thus obtaining a constantly learning ANN.
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3.6 Artificial Neural Network Advantages and Disadvantages

For detectionferroresonancén years researcher tried many difference method as
power spectral density, current wavelet transform, short time Fourier transform and
continuous wavelet transform. While these methods are basically determined by the
statistical values of the frequencieseural network method is a more dynamic
determination method for nonlinear problems compared to these mefiididshas
obtained fame over alternative techniques, as it is a client in discovelatignships
among largdramesof data, to learn the caih status or operating condition of the
objective schemes (Pan & Chen, 2012)ANN has ability to work incomplete
knowledge, has fault tolerance; corruption of onéiighercells of ANN does not
prohibit it from engenderingutput. This feature makes the networks fault tolerance
(Mijwil, 2018).

On the other hand it is created as a result of efficient algo@timraxperience that
works. There is no specific formula, the duration of the netwondnislentified for
example for this thesis NN2¥urationwas forty one minuté)N18 duration was one

hour forty minutes.

It should not begnoredthat the disadvantages of ANN networks, which are an ever
evolving science branch, are eliminated one by ondteidadvantages awidening

day by day. This means that artificial neural networks edthean essentiapart of

our lives increasinglyelevant(Mijwil, 2018).
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4. DATA ACQUISITION AND MODELLING

The overvoltages in thisystem can reach levels greater than 2.5 times the nominal
voltage, and the ferroresonance event formed has a sinusoidal characteristic that is
voltagestressedThis property of voltage can be measured by harmonics and inter
harmonics of the system. lhi$ thesis, since the ferroresonance detection will be
performed with ANN rather than the characteristic structure of the system, the signal
characteristics have not been examined.

In figure 4.1, a schematic representation of the Seyitdmgn k| arPovwet ect r i
transmission line transmission. It was created by using real parameters on the model
given for the energy transmission lirks can be seen in the figure, ferroresonance
scenarios were obtained by sudden cutting of the line by switching. As caarbms

the figure, ferroresonance scenarios were obtained by sudden cutting of the line by

switching.

Bus Bus %Fauh \; g\/J i\/-
(= x —"l

362MVA \ P=361MW
SEYITOMERIKLAR 15,75kV/ 380kV QL=6MVAr
ELECTRIC POWER NETWORK QG0

362MVA 50Hz "~ Line284,341km

Figure 4.1: Schematic representation of the transmission line.
The electrical parameters d@he power plant and the line feeding the energy
transmission line are given in talflel below.

Table 4.1: Paramedrs of Electrical Components used in Seyitothes 1| k| ar Powe

Networkfor Figure 4.1.

Electrical Parameters
Components
Generator 362 MVA, 15.75kV, 50Hz
Transformers 362 MVA, 15.75kV/380kV
Lengt of Line 284.341km
P=361 MW
Load
Q=6MVAr
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Bus

Fault

C ”
G 3¢ ” -
TRL
OYMAPINAR 180MVA

POWER PLANT 144 kv/ 380kV

Bus &
L L H 3¢ g "

600KVA LOAD

380/ 154kV P=50MW

180MVA 50Hz

QG17MVAr
Line85,104km

Figure 4.2 : Schematic representation of tBgmapinar transmission line

These different data were obtained from different branches on the line, and different

time intervals were selected and different scenarios were created for Ann.

Table 4.2 : Paramegrs of Electrical Components used@ymapinarPower

Networkfor Figure 4£.

Electrical

Parameters
Components
Generator 180 MVA, 14.4 kV, 50 Hz
Transformers TR1:180 MVA, 14.4kV/ 380kV
TR2: 600kVA, 380kV /154kV
m Li nAB2)(8B.104 km
R: 0.2568 Q/ km
Lines L: 2e-3 H/km
C: 8.6e9 F/km
Line(B2-B 3) R-3H Q
Loads L1:P=50 MW, Qc=17 MVAR
. S: 25-5sec:0On
Switch

0—2.5 sec. Off

4.1 Ferroresonance Detection

We have foussignals calls as R1, R2, R3, and R4. Which inform below. In order to

process these signals more easily, to capture the moment when they are ferroresonance,

and to process the ferroresonance data, the data divided into 500 slices.

4.1.1 R1 Data

R1 has 4988 data. It divided into 98 pieces of 500 data. It is observed that

ferroresonance started in part 62, figdi@ shows that when ferroresonance started in

R1 data, mean is arounes8cond failure started also this voltage change is visible in
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figure 4.5. This ferroresonance form is chaotic form, heading 2.7.4 has information

about chaotic ferroresonance.

" %108 R1 DATA

1.

o
o

AMPLITUDE [V]
o

o
2]

-1 .5 1 1 1 1 1 1 1 1 1
0 0.5 1 1.5 2 25 3 3.5 4 4.5 5

TIME [Sec] x10%

Figure4.3:R1 data’'s pl ot

THE MOMENT WHEN FERRORESONANCE FAILURE

8 x10° STARTS INRI

AMPLITUDE [V]

_6 1 1 1 1 1 1 1 1 1
0 50 100 150 200 250 300 350 400 450 500

62.-500-data

Figure 44 : The moment when ferroresonance failure started in R1.
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4.1.2 R2 Data

R2 has 57005 data. It divided into 114 pieces of 500 data. It observed that
ferroresonance started in part 57 figdi@shown that starting point of ferroresonance.
As shown figure 4.7, ferroresonance falure voltage magnitude of R2 data
approximately2.5x1C V. This kind of overvoltage failure can be dangerous for

electrical equipment.

%10°

AMPLITUDE [V]
o

TIME [Sec] x10%

Figure 45: R2 data.

THE MOMENT WHEN FERRORESONANCE FAILURE
%108 STARTS IN R2

AMPLITUDE [V]
o i

'
-
T

3 . \ . . . . . . .
0 50 100 150 200 250 300 350 400 450 500

57.-500-data

Figure 4.6 : The moment when ferroresonance failure started in R2.
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4.1.3 R3 Data

R3 has 57005 data. It divided into 114 pieces of 500 data. We observed that
ferroresonance started in part 57 figdt® shown that beginning of ferroresonance
fault, figure4.9 shown that R3 data has ovesltage as R2 bute oscillation of R3
different than R2

x10° R3 DATA

AMPLITUDE [V]
o

TIME [Sec] x10*

Figure 4.7 : R3 data.

THE MOMENT WHEN FERRORESONANCE FAILURE
%10° STARTS IN R3

AMPLITUDE [V]
=

M/

-3

0 50 100 150 200 250 300 350 400 450 500
57.-500-data

Figure 4.8 : The moment when ferroresonance failure started in R3.
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4.1.4 R4 Data

R4 has 71054 data. It divided into 142 pieces of 500 data. It observed that
ferroresonance started in part 29 shown in figuld. Figure4.10 shown R4 data
which ferrorezonance fault has overvoltage oscillation. This kind of oscillations can

damage systemquipmentwhich is on the same line with failure.

%10° R4 DATA

AMPLITUDE [V]

TIME [Sec] x10*

Figure 49 : R4 data.

THE MOMENT WHEN FERRORESONANCE FAILURE
%10° STARTS IN R4

16

_ W
05t
L T H‘\
\

Vo
A

-2

B

AMPLITUDE [V]
[=]

0 50 100 160 200 250 300 350 400 450 500
29.-500-data

Figure 4.10: The moment when ferroresonance failure started4in R
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5. APPLICATION OF ARTIFICIAL NEURAL NETWORK FOR
FERRORESONANCE IDENRIFICITION

In this thesis, Turkey's energy transmission I8&yitomesl s 1 k| ar and Oym
transmission line models were examinéd the analysis, firstly, the model of the
transmission line was created by using the actual parameters on the-$atldimk

© model. Afterwards, the load parameters and synthetidt$awere created on the

Simulink model and the system was dragged into ferroresonance. Data on
ferroresonance ovevoltages are collected ANN analyzes were performed and
ferroresonance failures in the model were detected and sep&@téide data create

for the thesis study, the interface of the Matlab © tool used for created algorithm
Detailed analyzes of the variable parameters used in the study are also given in the

appendix.

5.1 Matlab Tool

In this section, some variables in the algorithm wilhientioned. In this way, it will

be easier for us to understand the results of the algorithm.

5.1.1 Variables

Figure 5.2 shown that the interface where input, target data entry, function etc. values

are selected.
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Create Network or Data - X
Network Data
Name

A NETWORK NAME|

Network Properties

B Network Type: Feed-forward backprop w7
C Input data: (Select an Input)
D Target data: (Select a Target)
E Training function: TRAINLM e
F Adaption learning function: LEARNGDM
G Performance function: MSE w7
H MNumber of layers: 2

Properties for: |Layer1
I MNumber of neurons: |10
J Transfer Function: TANSIG

0 view # Restore Defaults

P Help f Create D Close

Figure 5.1 : Variables input interface.

5.1.1.1 Network name

For identfy network,itis used this section.
5.1.1.2 Network type

For thiscase,choosefeedforward backpropagationother than thishtere are many
network types as

Cagadeforward backpropagation,feedforward distibuted time delayfeedforward

time delay,generalized regressiohlopfield, Layer recurrent, Linear laydrearning
vector quatization (LVQ), Non-linear auteregressive exogenous model (NARX),
NARX seriesparalel, perception, Probalistic, Radial Basis (exact fit), Radial basis
(fewer neurons), Selbrganizing magDemuth & Beale, 2004)

Back propagation is an algorithm method that calculates how weights and allegiances
will change during network learning@ackpropagation steps basically; feed forward
computation, to calculate output layer error, weights and bias update and output.
(Rojas, 1996)

34



5.1.1.3 Input & train data

Here figures.2form A to J we have v@ables. Input data and target datéhissame it

is ferroresonance data. Our input data is 13x500 xreatd our taining data is 35x500

matrix.

5.7.1.4 Training function

Below table 5.1 shows that some training functionsytool It is working with
performance function as given chapter 5.7.1.6. These algorithms using for find
optimizations algorithm and stop the process if calculations catch the minimum error
value. There are many various optimization algorithms, which have ietyvarf
different calculation and storage preconditions table 5.1 is options for using training
algorithms in the table. The optimization algorithm detects how the arrangement of the
frameworks in the neural network takes place.

Table 51: Training function tablédDemuth & Beale, 2004)

Acronym Algorithm Description
LM trainlm LevenbergMarquardt
BFG trainbfg BFGS QuasNewton
RP trainrp Resilient Backpropagation
SCG trainscg Scaled Conjugate Gradient
CGB traincgh Conjugate Gradient with Powell/Beale
Restarts
CGF traincgf FletcherPowell Conjugate Gradient
CGP traincgp PolakRibiére Conjugate Gradient
0SS trainoss One Step Secant
GDX traingdx Variable Learning Rate Backpropagatior

QuastNewton method usddessian of loss function, conjugate gradient is performed
forward with conjugate controls, which makes generally faster convergence than
gradient descent directions. Train LM, LevenbBfgrquardt function, is common and
most applied function in this toallso it is used in this thesis. Levenbé&igrquardt
algorithm was developed to solve nonlinear lesagtares problems. (Du &
Stephanus, 2018The LevenbergMarquardt algorithm blends two minimization
methods that are theagtient descent method and the Gassiton methodGavin,

2019) (Demuth & Beale, 2004)
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5.7.1.5 Adaption Learning Function

For adaptation function program hag choices LEARNGD and LEARGDM.
LEARNGDM is used to calculate the change in weight using the input from the neuron
and the error(Siddique & Adeli, 2013)When momentum is ndiandled the net can

be installed at eegionalminimum and oscillates. When montem is used, it can gain

the possibility of jumping. Momentum is between 0 and 1. If the momentum value is
0, the weight change is completely gradient dependeARNGDM is used in this

thesis.

5.7.1.6 Performance Function

Three performance functionsrche chosen

MSE mean is mean square ermher one iSMSEREGwhich main is Mean squared
error w/reg performance functiowhich includes MSE one term proportional to
moduls of the weights of ANNGrassi, 2007/06/2Q)Gao, et al., 2010he last one

is SSEandmean is sum square Errém this thesis MSE and SSE used for performance
function when training datalhe first basic cost evaluation functidaquation5.1
shown SSE mathematicalpresentation and equatidr2 shows the MSE functiorn
order to understand equality, wheggis actual value for the data pointN is total

number of data point& is predicted value for data poin{Singh, et al., 2013)

SSEB 0 (5.1)
MSE=B o6 ® (5.2
MAE=—B 'Qcs (5.3)

5.7.1.7 Transfer Function

For transferfunction, we have tree choiceE A N S,iILGGSIG, PURELIN These

functions are mentioned in third chapter.
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5.7.1.8 Performance

Plotted versus each of epochs for training in which the over training prevent while the
MSE error for validation is at its min valugiajian, 2018) An epochrefers to one

cycle through the full training dataset.

5.7.1.9 Training state

In thisplot, each window checks are plotted versus egprths
5.1.1.10Regression

Theyshow how much the input and output data overlap

5.2.Results ofTraining

The characteristics of the education groups classified in this section are explained. Five
different groups and their features are explaifRdddivided into 98 pieces of 500 data.

R1 of ferroresonance stars 62. 500 data and until 98. 500 data. R2 dnmldd 4

pieces of 500 data R2 of ferroresonance stars 57. 500 data till 114.500 data. R3 divided
into 114 pieces of 500 data R3 of ferroresonance stars 57. 500 data and until 114. R4
divided into 142 pieces of 500 data. R4 of ferroresonance stars 28at&0and until
142.Input data, target data and created using data pieces as mentioned chaper 3. Input,
target and examphiata created using this ferrooesince data from fotfailure period

used as input and target on

5.2.1 First group of training

For first group training chosen network type fefaiward backpropogation for

training function preferredrainim, learngdm is chosen as adaptation learning
function, for performance function MSE and transfer function TANSIG,epochs

1000,and max fag 1000table5.2s how t hat gr o3ome examplesff or ma t
training below, Here are a few examples of this training group, not all of them are

included.The rest is in the appendix.
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5.2.1.1INN28

For NN28 neuron number is 20. We can see figures performance of NN28.%:@jure
shown that performance output of NN28 and figbu®shown that regression output

of NN28 training.Figure 5.2 plot shows that the network training has stopped at the
209 iteration but it has concluded the best performance af'titertion.For figure

5.3 output data match with target data 0,99459 this matches shows us the training is

successful.
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Figure 5.2 : Performance plot for NN28.
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Figure 5.3 : Regression plot for NN28.

38



5.2.1.2NN11

For NN11 neuron number is 35. The figlsel shown that performance output of

NN11 and figures.5 shown that regression output of NN11 trainihgn t he char t |
network traiing has ended at th&000" iteration but it has acquired the best
performance on the8", best performance value 3884189436,99The regression

output for 35 neuron of first training group input and target data match 0,98113.

12Blast Validation Performance is 3884189436.9882 at epoch 28
0=k
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Figure 54 : Performance plot for NN11.

%«10° : R=0.98113

Output ~= 0.96*Target + -6.3e+03

Target <105

Figure 55 : Regression plot for NN11.

39



5.2.1.3NN12

For NN12 for neuron number is 50. Figure 5.6 shown that performance output of NN12
andin the chart, the networlraining has ended at tH00" iteration but it has
acquired the best performance on 6e The regression output of 50 neuron of first
training group input and target data match 0,99576 figure 5.7 shown that regression
output of NN12 training.

2Best Validation Performance is 1401977141.1889 at epoch 6

10’

Train
Validation
Test

—_— Best

i

E

L

(=]

E

w

©

2

]

=

g L

8 L

= 10

]

7]

=

108 E L L L L . . 1

0 100 200 300 400 500 600 700 800 900 1000
1000 Epochs

Figure 5.6 : Performance plot for NN12.
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Figure 5.7 : Regression plot for NN12.
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Table 5.2 : First Group of Training.

Rk NETWORK TeANNG, “Leamunc | PERGRMANCE T or " Tor  TMNSFER cpocws MAYX mecression
FUNCTION LAYERS NEURONS
NN7 fbc train learngdm MSE 2 2 TANSIG 1000 1000 0.27793
NN23 fbc t a learngdm MSE 2 5 TANSIG 1000 1000 0.96002
NN8 fbc t a learngdm MSE 2 10 TANSIG 1000 1000 0.98113
NN31 fbc t a learngdm MSE 2 15 TANSIG 1000 1000 0.99306
NN28 fbc t a learngdm MSE 2 20 TANSIG 1000 1000 0.99459
NN11 fbc t a learngdm MSE 2 35 TANSIG 1000 1000 0.99592
NN12 fbc t a learngdm MSE 2 50 TANSIG 1000 1000 0.98554
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5.2.2 Second Group of Training

For second group training chosen network type -feedard backpropitiation, for

training function preferredrainim, learngdmis chosen as adaptation learning

function, for performance function MSE and transfer function TANSIG, for epochs

1000, and maxdils 500 tabl&s.3s hown t hat gr &aneexampiendf or mat i on
training below, Here are a few examples of this training group, not all of them are

included. The rest is in the appendix.

5.2.2.1INN18

For NN18 is neuron number 20. Figus@ shown thaperformance output of NN18
in the chart, the network training has ended ab0&' iteration but it has acquired the
best performance on tié#. The regression outpA0® neuronfor second training group
input and target data match 9438 and figure5.9 shown that regression output of
NN18 training.

12Bt‘-zst Validation Performance is 2039807947.0516 at epoch 6
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Figure 5.8 : Performance plot for NN18.
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Figure 59 : Regression plot for NN18.

5.2.2.2NN24

For NN24 is neuron number 35. Fig&:40 shown that performance output of NN24
in the chart, the network training has ended abtt#' iteration but it has acquired the
best performance on tHs". The regression output 35 neuron for second training
group input and target data match 0,99&b@2 figure5.11 shown that regression
output of NN24 training.
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Figure 5.10: Performance plot for NN24.
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Figure 5.11: Regression plot for NN24.

5.2.2.3NN6

For NN6 neuron number is 50. The fig@:&2 shown that performance output of NN6
in the chart, the network training has ended abtt@' iteration but it has acquired the
best performance othe 10". The regression output 50 neuron for second training
group input and target data match 0,992r@ figure5.13 shown that regression
output of NN6 training.
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12Blﬂ.'st Validation Performance is 1363549693.7993 at epoch 10

10
Train
Validation
Test
- Best
0n
g 1010
T
o
£
w
k=
2 :
o] L
- 5
o 5
n :
c :
2] g
@D 2
=
10° F:
0 50 100 150 200 250 300 350 400 450 500
510 Epochs
Figure 5.12: Performance Plot for NN6.
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Figure 5.13: Regression plot for NN6.
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Table 53 : Second Group of Training.

FUNCTION LAYERS NEURONS
NN4 fbc trairn learngdm MSE 2 2 TANSIG 1000 500 0.52888
NN22 fbc tra learngdm MSE 2 5 TANSIG 1000 500 0.77428
NN5 fbc tra learngdm MSE 2 10 TANSIG 1000 500 0.98554
NN17 fbc tra learngdm MSE 2 15 TANSIG 1000 500 0.99306
NN18 fbc tra learngdm MSE 2 20 TANSIG 1000 500 0.99430
NN24 fbc tra learngdm MSE 2 35 TANSIG 1000 500 0.99752
NN6 fbc tra learngdm MSE 2 50 TANSIG 1000 500 0.99279
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5.2.3 Third Group of Training

For third.group training choosen netik type feed forward backprofor training

function preferredtrainim,learngdmis chosen as adaptation learning funcfion
performance function MSE artensfer function TANSIG,for epochs 1000,and max

fail 200 tabl e 5. 4 s Somerexanples df traqmingbelgy, s i n
Here are a few examples of this training group, not all of them are included. The rest

IS in the appendix.

5.2.31 NN29

For NN29 neuron number is 35. The figure 5.14 shown that performance output of
NN29 and figure 5.15 shown that regression output of NN29 training.at the graph for
performance NN29 training stopped at the 10@€ration but it has acquired the best
performance on th@1™". The regression output of 35 neuron of fourth training group

input and target data match 0,99635.

12Br—:st Validation Performance is 3018547178.597 at epoch 21
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Train
Validation
Test

Best

-

(=]
-
s

%
o
=]

—
L=
w

Mean Squared Error (mse)

g
(=]
o

107— Il 1 1 1 1 1 1 1 1 i
0 100 200 300 400 500 600 700 800 900 1000

1000 Epochs

Figure 5.14: Performance plot for NN29.
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Figure 5.15: Regression plot for NRB.

5.2.32NN30

For NN30 neuron number is 50. The figlgd 6 shown that performance output of
NN30 at the graph for performance NN30 training stopped at th® idi@tion but it
has acquired the best performance onltffe The regression output 60 neuron of
third training group input and target data mat@901.and5.17shown that regression
output of NN30 training.

12Best Validation Performance is 1639105458.2794 at epoch 13
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Figure 5.16: Performance plot for NN30.
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Figure 517 : Regression plot for NN30.
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Table 5.4 : Third group of training.

NETMQRK NETMORK TRANNG “Leamuig | PECRMANCE Tor © Tor  TEANSTER nocus M recnession
FUNCTION LAYERS NEURONS
NN20 fbc trairn learngdm MSE 2 2 TANSIG 1000 200 0.58136
NN21 fbc tra learngdm MSE 2 5 TANSIG 1000 200 0.95854
NN25 fbc tra learngdm MSE 2 10 TANSIG 1000 200 0.99045
NN26 fbc tra learngdm MSE 2 15 TANSIG 1000 200 0.99615
NN27 fbc tra learngdm MSE 2 20 TANSIG 1000 200 0.99477
NN29 fbc tra learngdm MSE 2 35 TANSIG 1000 200 0.99635
NN30 fbc tra learngdm MSE 2 50 TANSIG 1000 200 0.99010
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5.2.4Fourth Group of Training

For fourth group training choosen network type feed forward backfwograining

function preferredtrainim,learngdm is chosen as adaptation learning fungton
performance function SSE an@usferfunctiontansigfor epochsl000,and max fail

500 tables.5s hown t hat group’s informatisn. Thi
for our ferroresonance data. When regression output between €l andans the

higher level of error for this domain of data train and test are very haugér than

the error value for validation second group of training of table 5.3 can be shown below.

5.2.5 Fifth Group of Training

For fourth group traininghosennetwork type feed forwarfackprop for training

function preferredrainim, learngdmis chosen as adaptation learning functidor
performance function MSE andhnsferfunctionlogsigfor epochs 100(and max fail

1000 table 5.6 shown that group’s infor
successful as transfer functitansigfor our ferroresonance data.
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Table 5.5 : Fourth group of training.

ADAPTAT

NUMBER NUMBER

NETWORK NeTwoRk e Mlenmun | PERTOmIANCE "o o Tansrer oo AKX recression
FUNCTION LAYERS NEURONS
NN1 fbc trairn learngdm SSE 2 2 TANSIG 1000 500 0.13512
NN15 fbc trairn learngdm SSE 2 5 TANSIG 1000 1000 0.0778
NN2 fbc trairn learngdm SSE 2 10 TANSIG 1000 500 0.225
NN3 fbc trarn learngdm SSE 2 50 TANSIG 1000 500 -0.059251
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Table 5.6 : Fifth group of training.

NETWORK NETWORK TRAINING ADAPT AT PERFORMANCE NUMBER ~ NUMBER TRANSFER MAX
NAME TYPE FUNCTION LEARNING FUNCTION OF OF FUNCTION EPOCHS FAIL REGRESSION
FUNCTION LAYERS NEURONS
NN13 fbc trairn learngdm MSE 2 10 LOGSI 1000 1000 0.78735
NN14 fbc trai learngdm MSE 2 15 LOGSI 1000 1000 0.86119
NN32 fbc trai learngdm MSE 2 20 LOGSI 1000 1000 0.75319
NN33 fbc trai learngdm MSE 2 35 LOGSI 1000 1000 0.99636
NN34 fbc trai learngdm MSE 2 50 LOGSI 1000 1000 0.97117
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6. CONCLUSION

In this study, using the actual parameters have been creatgdluskey's Seyitomer

|l si1 kl ar energy transmission |ine model
created in artificial neural networks usifegroresonanceoltage values, which is a
nonlinear condition used as input of artificial neural network. In the algoritreated,

the contribution of the variables to the successful result was examined and the results
of the algorithms were compared. Changes were made on the numiagerss
transfer function, performance function and max fail variables. The created algorith
can be examined in detail in chapter 5.2. The resfiltee algorithms created, their
success and comparison are given beBelow is figure 6.1 the number of layers

and learning graph used in the first education grégpre 6.2 the number of layes

and learning graph used in the second education group, @itkenumber of layers

and learning graph used in the third education group, the effect of the transfer function
used in this research on success was obtained by comparing the fouirly geooip

and the first training group.

FIRST GROUP OF TRAINING

REGRESSION VALUE
=) = = =) o =
E=S on ()] -l co w

<
w

<
]

5 10 15 20 25 30 35 40 45 50
NEURON VALUE

o

Figure 6.1 : First group of trainig graph

Figure 6.2, it was created by using regression and neuron numbers from the

information given in Table 5.3.
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SECOND GROUP OF TRAINING
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Figure 6.2 : Second group of traing\graph

Figure 63, it was created by using regression and neuron numbers frem th

information given in Table 5.4

THIRD GROUP OF TRAINING
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Figure 6.3 : Third group of trainig graph
First, second, third group functiotansig function has provided more successful

learning with fewer layers. Wheansigfunction is successful, when we examine the

number of layers; while there was not much difference in the learning results86f 20
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layers, it was observed that the learning level decreased betwédhl&%ers. Since

the increase in the number of layers means an increase in the analysis process, it has
been observed that the most optimal learning isi r d t r ailoVilageg g r o u
becaise the number of failures also affects the process. As can be seen from the
obtained results, this proposed algorithm has been very successful in detecting

malfunctions.

COMPARING T‘I-LE FIRST THREE‘GR('}UPS

0.9

0.8 r

0.7 1

06

05

REGRESSION VALUE

0.4

03

0.2 : : g . 5 : : g :
0 5 10 15 20 25 30 35 40 45 50
NEURON VALUE

Figure 6.4 : Chart comparing the first three groups

In the 4" group, the algorithm used was not suitable for the detection of ferroresonance
failure, for performing function chosen When the SSE performance function was
chosen, a successful training could not be observed. As the number of layers increases,
a linear output is expected while a nonlinear process is observed. In 50 layers, the
regression value decreased to minus. When regression output betweel thaads

the higher level of error for this domain of data train and test are very much larger tha
the error value for validation. Also this algorithm, it had the chance to observe that the
trainlm training function does not work efficiently with the SSE performance function
and that it works more efficiently with MSE. Whilteainim training function is
expected to work more efficiently with MSE, the result of SSE performance function
outputs is that this performance function will not yield rational results. As shown in
figure 6.7, it is the graph of the values shown in Table 5.8afAAde seen in this chart,

education not offers a predictable chart.
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_— FOURTH GROUP OF TRAINING
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Figure 6.5: Fourth group of training graph.

For fifth group training all, while all inputs in the fifth education remain the same as
the values in the fiteeducation group, not only the transfer function has been changed
from tansigto logsig While the training chart of thegsigfunction is expected to be
close to the output of thansigfunction, in figure 6.6 shown that there is a noticeable
decline h education in 2Blayers, while learning in the $3ayer was close to the first
education group, while there was a decrease'iri@@rs. Thdogsigfunction for the
training function did not give the expected result in this ferroresonance data, laye

numbers and learning dynamics.

FIFTH GROUP OF TRAINING

0.95

0.9

0.85
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10 15 20 25 30 35 40 45 50
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Figure 6.6: Fifth group of trainiig graph
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Figure 6.7 is compared between the first group of training and the fifth group of
training it shown that the first group is more successful tharfifitie group for
nonlinear ferroresonance failure. Thogsig function did not display a predictable

graph,such as th&nsigfunction, and this training algorithm failed more than the first

group.

FIRST VS FIFTH GROUP OF TRAINING

1i/5'¢ : |

0.9

0.85

REGRESSION VALUE

0.8

0.75 : ; ; : : ;
10 15 20 25 30 35 40 45 50
NEURON VALUE

Figure 6.7: Graph comparing the first and fifth learning groups

For this case for algorithm in backpropagation algorithm, trainlm training function,
MSE performance function artdnsigas a transfer function is successful then other
algoritm. In nonlinear systems such as ferroresonance, théhficsalgorithms were
successful in neural network application, while tberth andfifth algorithms could

not display a predictable graphic. Although the lack of a specific algorithm is a
disadvantage of the neural network, uncertainties about this issue will decrease as

sucessful algorithm trials increase.

This thesis introduces a novel ferroresonance detection technique based on ANNSs.
This technique has the capability of detect fundamental ferroresonance situations with

high degree of accuracy.
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In nonlinear systems suchfasroresonance, the firttird algorithms were successful
in neural network applications, while theurth andfifth algorithms could not display

a predictable graphic.

A regression value of over 99% was detected as frdtdai@r to 50" layer inthe 3
group which is a very successful resulhi success started from the"2@yer in the
first group. It was observed that the max fail value was effective on ledhisng the

expected result when looking at the mathematics of the algorithm.

For trainingalgorithm third training algorithmhas best irthese groupsbut more
changes can be made regarding the max fail value and the optimum value can be

determined.

ANN techniques, black box sometimes negative because theytsbgwan produe
results .So, the forecast towlhen used as a traditional methadsults found in
supporting ANN techniques can be used as an aid. The nature of the prpbbgarly
established network will yield good result. Therefore, suitablevoré& structures
shouldresultbe investigated according to the problem examined. .In this thesis that
may best solution for detection of using that ferroresonance signal is rigactfo
backpropagation algorithifor training function Levenberlylarquardt {rainlm) ,for

cost fun¢ion mean squarerror function,learning functionlearngdmand transfer

function istansig

Although the lack of a specific algorithm is a disadvantage of the neural network,
uncertainties about this issue will decrease as successful algorithm trigiasecr
Since all error scenarios that may occur in the system are not tried, learning success
could not be tried for the error that may occur in another scenario. By usitigrthe
training group algorithm, an algorithm can be tried on the failure caysaddiher

scenario.
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APPENDICES

APPENDIX A:

NN7, NN23, NN8, NN31 from the first traing group output's performance and
regression outputs are below. For first training grahpsen network type is as feed
forward backpropagationfor training function preferrettainlm, learngdmis chosen
as adaptation learning functiofor performance function MSE ancnsferfunction
TANSIG, for epochs 1000 and max fail 1000

NN7

For NN7 neuron number is 2. We can see fiufeperformance of NN7Regression
output is not on below thetgy, as regression output is below 0.85n e ¢hdrt, the
network training has ended at ®@stiteration but it has acquired the best performance

on thel8" iteration.

Best Validation Performance is 154570099704.3634 at epoch 18
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Figure A.1: Performance plot for NN7.
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NN23

For NN23 neuron number is 5. The figure 5.3 shown that performance output of NN23
and figureA.2 shown that regression output of NN23 trainihgy t he char t
training has ended at tH®00" iteration but it has acquired the best performance on

the 37". The regression output for 5 neuron input and target data match 0,96.

12Best Validation Performance is 5598643897.1932 at epoch 37
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Figure A.2: Performance plot for NN23.
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Figure A.3: Regression plot for NN23.
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NN8

For NN8neuron numbeis 10. The figue A.4 shown that performance output of NN8
and figureA.5 shown that regression output of NN8 trainihgn t he chart, th
training has ended at ti®00thiteration but it has acquired the best performance on

the28th. The regressiooutput for 10 neuno input and target data matci98113

12Best Validation Performance is 3884189436.9882 at epoch 28
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Figure A.4 : Performance plot for NN8.
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Figure A.5: Regression plot for NN8.
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NN31

For NN31, neuron numbeés 15. FigureA.6 shown that performance output of NN31
in the chart, the network training has ended atl®@Othiteration but it has acquired
the best performance on tB&éh. The regression output of 15 neuron of first training
group input and target data match 0,99808 figureA.7 shown that regression output
of NN31 training.

12Best Validation Performance is 1886666187.0717 at epoch 9
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Figure A.6 : Performance plot for NN31.
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Figure A.7 : Regression plot for NN31.
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NN4, NN22, NN5, NN17 from the second training group output's performance and
regression outputs are below. For second training ghgsen network type is as
feedforward backpropagation chosen network type is as fefmward back
propagationfor trainingfunction preferredrainim, learngdmis chosen as adaptation
learning functionfor performance function MSE and trensfer function TANSIG, for
epochs 1000 and max fail 500

NN4
For NN4 neuron numbes 2. The figureA.8 shown that performance output of NN4

Best Validation Performance is 62045589204.0314 at epoch 128
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Figure A.8 : Performance plot for NN4.

NN22

For NN22 neuron numbes 5. FigureA.9 shown that performamecoutput of NN22
and figureA.10 shown that regression output of NN22 training.

Best Validation Performance is 28517031585.8227 at epoch 182
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Figure A.9 : Performance plot for NN22.
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.1p° Training: R=0.77428 10 Validation: R=0.73406
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Figure A.10: Regression plot for NN22.

NN5

For NN5 neuron numbes 10. We can see figures performance of NN5. Figufd
shown that performare output of NN5 and figurA.12 shown that regression output

of NN5 training.

Best Validation Performance is 28517031585.8227 at epoch 182
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Figure A.11: Performance plot for NN5.
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«10° Training: R=0.77428 «10° Validation: R=0.73406
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Figure A.12: Regression plot for NN5.

NN17

For NN17 neuron numbés 15. FigureA.13 shown that performane output of NN17
and figureA.14 shown that regression output of NN17 training.

12Best Validation Performance is 1886666187.0717 at epoch 9
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Figure A.13: Performance plot for NN17.
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<10° Training: R=0.99306 ~10° Validation: R=0.982
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Figure A.14: Regression plot for NN17.

NN20,NN21, NN25, NN26, NN27rom thethird training group output's performance
and regression outputs are below.

NNZ20

For NN20is neuron number 2. We can see figid.15 performance of NN20.

Best Validation Performance is 57932485032.3233 at epoch 624
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Figure A.15: Performance plot for NN20.
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NNZ21

For NN21 neuron numbes 5. The figue A.16 shown that performance output of

NN21 and figuréA.17 shown that regression output of NN21 training.

12Best Validation Performance is 5126434687.9847 at epoch 19
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Figure A.16: Performance plot for NN21.
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Figure A.17: Regression plot for NN21.
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NN25

For NN25 neuron numbes 10. The figue A.18 shown that perforance output of

NN33 and figureA.19 shown that regression output of NN25 training.
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Figure A.18: Performance plot for NN25
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Figure A.19: Regression plot for NN25.
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NNZ26

For NN26 neuron numbes 15. The figue A.20 shown that performance output of

NN26 and figuréA.21 shown that regression output of NN26 training.

_IzBest Validation Performance is 2961846980.9259 at epoch 16
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Figure A.20: Performance plot for NN26.
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Figure A.21: Regression plot for NN26.
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NNZ27

For NN27 neuron numbes 20. The figue A.22 shown that performaecoutput of

NN27 and figuréA.23 shown that regression output of NN27 training.
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Figure A.22: Performance plot for NN27.

& «10° Training: R=0.99477 @ xa0® Validation: R=0.98489
210 =)
% 4 O Dpata L6 O Data
] Fit o & ] Fit
% 8 Y=T o Y 4 Y=T o
+ +
@ 4 @ 2
g 2
& 2 o & S
= o =
@ o ~
=] oo o
S . & o s ?
¥ o !
514 =]
a [~
25 £
=] =
o o
5 0 5 10 -5 0 5
Target x10° Target x10°
& %x10° Test: R=0.98241 © 10 «10° All: R=0.99145
o o
® 6 O Data % o O Data
N Fit v Fit o
T 4 V=T Y 6 YT (o)
+ +
B, B 4
2 < o
© D o 2 o ©
£ o Ly o
e & 0 2
o ]
a2 S °
u v oo o)
1 1
P o 4 °
=] = o] el
B3 £ 5
=] =5
o o
5 0 5 5 0 5 10
Target x10° Target x10%

Figure A.23: Regression plot for NN27.
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