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Anahtar Kelimeler

X- Isinlan

Kiitle Sogurma Katsayisi
Etkin Atomik Numarasi

Ozet: Siiper iletken kiitle MgB2.xSiCx (% 5) kiitle sogurma Kkatsayilar1 (% 5) 14,16 -
36,37 keV enerji araliginda odlgtilerek hesaplanmis ve etkili atom sayilar1 tahmin
edilmistir. Belirlenen enerjileri, 241-Am'in gama 1sin1 fotonlar1 ile 1sinlanmis
sekonder hedefler kullanilarak elde edildi. X 1s1nlar1 5.9 keV'de 150 eV ¢ozuniirlige
sahip Canberra Ultra-LEGe dedektdrii kullanilarak sayildi. Sonuglar teorik olarak
hesaplanan degerlerle karsilastirildi ve ortalama bir deneysel hata ile uyumlu

oldugu tespit edildi.

Measurement of Mass Attenuation Coefficients and Effective Atomic Numbers for

MgB:.xSiCx (%5) Superconductor Using X- Ray Energies

Keywords

X -Rays

Mass Attenuation
Coefficient Effective
Atomic number

Abstract: The mass attenuation coefficients for superconducting bulk MgB2xSiCx
(5%) were measured in the energy range 14,16 - 36,37 keV and effective atomic
numbers were calculated. The energies were obtained by using secondary targets
that were irradiated with gamma-ray photons of 241-Am. The X-rays were counted
by using a Canberra Ultra-LEGe detector with a resolution of 150 eV at 5.9 keV. The
results were compared with theoretical calculated values and fairly good agreement

was found between them within an average experimental error.
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1. Introduction

The electrical resistivity of many metals and alloys
drops suddenly to zero value when the specimen is
cooled down to a critical temperature which the
resistant of the material suddenly drop to the zero, the
phenomena is called superconductivity, was observed
first by Kamerlingh Onness in Leiden in 1911,cthree
years after he first liquefied helium. After learned to
superconductor’s structure many superconductor
alloys, compounds were studied by researchers. One
of this superconductor compound is MgB2[1-6].

The boron atoms in MgB2 form graphite like sheets
separated by hexagonal magnesium atom layers. This
compound is a mixed bonded solid: the bonding
between boron atoms is covalent, between boron and
magnesium atoms ionic and between magnesium
atoms metallic [7]. Recently MgB24SiCx type
superconductor was investigated and found that SiC
doped are increased of flux for MgB2 superconductor
[8-10]

The mass attenuation coefficients are a measure of the
average number of interactions that occur between
incident photons and matter mass per unit area. They
are related to the atomic number of element and the
photon energy. In composite materials like alloys, for
photon interactions a single atomic number cannot
represent the atomic number uniquely across the
entire energy region because of the effective number
being related to the density and atomic number of an
element. The partial interaction cross-sections have
different elemental number dependence. This number
for composite materials is called the effective atomic
number and also it varies with energy [11].

There are many studies like Singh et al [12] measured
gamma-ray attenuation coefficients in bismuth borate
glasses using the narrow transmission method. Akkurt
etal [13] made a study on Z dependence of partial and
total mass attenuation coefficients with the help of
XCOM. Materna et al [14] performed near K-edge

measurement of x-ray attenuation coefficients of

bismuth and uranium using a tuneable hard X-ray
source based on the linear electron accelerator.
Moreover, there are many studies on the mass
attenuation coefficients, ranging from determining the
energy and composition dependences of the mass
attenuation coefficient of building materials to
determining the mass attenuation coefficients of
Earth, Moon and Mars samples [15-23].

Effective atomic numbers and electron densities have
been calculated for some investigators whose studies
aboutamino acids and sugars [24-27] and polypyrrole
[28] using total attenuation coefficients. El-Kateb et al
[29] have measured the atomic cross sections and
effective atomic numbers for some alloys. For some
biological compounds containing H, C, N and O,
Manjunathaguru and Umes [30, 31] have measured
the total cross sections, effective atomic numbers and
electron densities in the energy range 6.4-1330 keV.
In addition to these studies, many researchers [32-42]
performed a number of studies on the electron
densities and effective atom and effective atomic
numbers of different materials.

In this study the mass attenuation coefficients and
effective atomic number for MgB2 doped SiC (5%) was

studied.
2. Theoretical information

Mass attenuation coefficients for the superconducting
materials and energies are determined by the
transmission for collimated monoenergetic beam. If a
material of thickness x (cm) is placed in the path of
beam of gamma or X-ray radiations, the intensity of
beam will be attenuated according to Beer-Lambert’ s

law:

| =1, (1)
where p (cm 1) is linear attenuation coefficient of the
material and Ip and [ are the non-attenuated and
attenuated photon intensity. A coefficient, accurately

characterizing a given material, is the density-

independent mass attenuation coefficient u/p (cmZg).
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| = |Oe—(#/p)px — |Oe—(#/p)d 2)

Where d is the mass per unit area (g/cm?2)

The mass attenuation coefficient, pu/p, for a compound

or a mixture is given by:

20

= \p

where p is density of mass of the target, and, wi and
(1/p)i are the weight fraction and mass attenuation
coefficient, respectively, of the constituent element i.
For a chemical compound, the fraction by weight is
given by:
W = niAli
I Z niAi (4)
i

where Ai is the atomic weight of the ith element and ni
is the number of formula units.

Theoretical values for the mass attenuation
coefficients of MgB2xSiCx alloy was calculated by
program XCOM and photon cross-section database

[44] according to the mixture rule:

Oum =1IN(ul p) D (n; Al (5)

where N ia the Avogadro number.
Total atomic cross-section ( O ta) can be easily

determined by using equation (5) as

ot,a:d%:n;]/NZfiAi(%)i ©)

where fi= ni/Zini is the fractional abundance of
element i with regard to number of atoms.

The total electronic cross-section (otel) for the
individual elements is expressed by the following

formula:

ot.el = Y D F A Z,(u/ p) )

where Zi is the atomic number of the ith element in a
molecule.

The total atomic and electronic cross-sections are
related to the effective atomic number (Zeff) through

the following relation [4]:

ot,a

8
ot,el (®)

Zet =
The electron density Nel (number of electrons per unit

mass) can be derived by using Equations (2) and (7)
3. Experimental procedure

According to general formula MgB2xSiCx (x=0.05),
MgB2 and SiC-doped bulk superconductors were
prepared by the standard ceramic processing. The
mixtures of the corresponding powders were sintered
at 750 0C for 0.5 h under pressure of 8 bar Argon.

The schematic arrangement of experimental set up
was shown that previous paper [43].

The X-rays transmitted from the absorber were
detected using a Canberra Ultra-LEGe detector with an
active area of 30 mm?, a thickness of 5 mm, a Be
window thickness of 0.4um and an energy resolution
of 0.15 keV at 5.96 keV. The output from the
preamplifier, with pulse pile-up rejection capability,
was fed to a multi-channel analyser interfaced with a
personal computer provided with suitable software
for data acquisition and a peak analysis program.

The signal-to-noise ratios of the spectra of the samples
were in an acceptable region for a good-quality
sample. A very narrow collimator is ideal to avoid
scattered radiations reaching the detector. However,
the narrow collimator reduces the count rate and
adversely affects the counting statistics. To reduce the
error due to poor statistics, the collimator has to be
wider. Obviously, one has to arrive at an optimum

value between these two opposite trends. The incident
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and transmitted intensities are determined by
integrating the counts in the channels under a photo
peak. While determining the transmitted intensity,
one has to avoid counting photon that have suffered
small angle and multiple scattering but yet reach the
detector. In an experiment like this, these important
parameters have to be judiciously selected to arrive at
accurate values for attenuation coefficients [45].

The dead time of the multichannel analyser is a
combination of the rise time of the pulse, the
conversion time in the analogue-to-digital converter
and the data processing time. There was a built-in
provision for dead time correction in the multi-
channel analyser used in the present measurements.
In the present measurements, the percentage dead
time correction was always 2-3%.

The thickness of the samples that are suitable for
transmission measurements is dictated by counting
statistics. The sample thickness has been optimized so
that multiple scattering effects are corrected for in the
present experiment. Also, in the present
measurements, the intensity of bremsstrahlung
secondary photons would be very low. A detector of
high resolution as well as a thin absorber was used; so
the effects of photon build-up are expected to be
negligible in the present measurements. In addition,
the pulse pile-up effects were kept at a minimum by
selecting an optimal count rate [43].

In this study are investigated that the mass
number

attenuation and the effective atomic

measured for MgB2x SiCx superconductor.

4. Results and Discussion

The nominal composition of MgB: superconducting
powders were prepared by the mixing of magnesium
and boron in the stoichiometric ratio 1:2 using the
standard ceramic processing. SiC-doped MgB:
powders were well mixed for 1.5 h with the ratio of
%5. The mixtures of the 1 gram powder were pressed

into the rectangle pellets form in the size of 10x15 mm

under the 10 ton pressure and put in a stainless steel
tube under 8 barr argon gas pressures and sintered at
650 °C for 1.5 h. The stainless steel tube was removed
from the furnace to air cool to room temperature.

In order to improve the homogeneity of reacted
powders, the pellets were crushed into small pieces
and ground using a mortar machine for 1.5 hours.
Finally, the fine powders were pressed into the
rectangle pellets form in the size of 10x15 mm under
the 10 ton pressure and sintered at 750 °C for 0.5
hours under 8 bar argon gas pressures in same
conditions.

The phase and crystal structure of all the samples was
obtained from x-ray diffraction (XRD) patterns using a
Rigaku D/Max-III diffract meter with CuKea radiation.
Densities of samples were measurement using
Archimedes method.

The x-ray diffraction (XRD) patterns of MgB2x (SiC) x
(x= 5%,) is shown in figurel.According to Fig.1.when
the content of SiC increases some unknown peaks

appear. This peaks belong to SiC and MgO.

A JL. A A

20 30 a0 50 60 70

20 (degree)

Intensity(au)

Figure 1. XRD pattern of MgB2.« (SiC) x (x=5 %) sample

In Table 1, the experimental and theoretical mass
attenuation coefficients (p/p) for bulk MgB2xSiCx
superconductors sintered at 8 Ar pressure and a
represented at 14.16, 15.77,15.83,17.66,19.27, 21.65,
22.16, 24.94, 25.27, 27.47, 28.48, 30.99, 32.19, and
36.37 keV photon energies. Theoretical values of mass
attenuation coefficients have been calcuated by using
XCOM computer program. Our results and theoretical

values were shown at Table 1. According to values the
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mass attenuation coefficients decreased with

increasing photon energies.

Table 1. Experimental and theoretical values of the
mass attenuation coefficients pu/p (cm2g1) for bulk
MgB2«SiCx supercondutors

Energy (keV) Exp. Theo.
14.16 4.54 4.43
15.77 3.05 3.25
15.83 3.06 3.22
17.66 2.65 2.36
19.27 1.59 1.85
21.65 1.01 1.35
22.16 1.28 1.27
24.94 0.76 0.94
25.27 0.86 0.91
27.47 0.76 0.74
28.48 0.79 0.68
30.99 0.49 0.56
32.19 0.69 0.52
36.37 0.43 0.41

At the Fig. 2 is shown that experimental values and
theoretical values are in good relation each other.

5

8 ®  experimental
O theoretical

[ Jo}

Mass attenuation

T T T T T
10 15 20 25 30 35 40

Energy

Figure 2. Comparison of theoretical and experimental
data of Mass attenuation coefficients

By using experimental and theoretical data of u/p, the
effective atomic numbers Ze were determined from
Eg. (8) and the variation of Zeff with photon energy for
MgB2-xSiCx superconductors is tabulated in Table 2.
These values show that Zeff changes with the photon
energy. Theoretical values and our results conform

with each other. The errors in the present

measurement are estimated to be 8-10% due to the
evolution of peak areas ( < 5% ) sample thickness

measurements (*2%) and counting statistics (<2%).

Table 2. Theoretical and experimental values of Zef for
bulk MgB2«xSiCx supercondutor

Energy (keV) Theo. Exp.
14.16 7.4 7.29
15.77 7.4 7.39
15.83 7.4 7.28
17.66 14.95 14.94
19.27 14.90 14.90
21.65 14.89 14.86
22.16 14.85 14.83
24.94 14.80 14.80
25.27 14.74 13.25
27.47 14.60 13.66
28.48 14.48 13.46
30.99 14.27 13.39
32.19 14.19 14.20
36.37 14.00 13.00

In this paper the mass attenuation coefficients and the

effective atomic numbers of  MgB2SiCx
superconductor were estimated at the energy range of
14.16-36.37. The results were compared with the
theoretical values and there is qualitative agreement
between each other. We have shown that a MgB2xSiCx
superconductor is a good absorber in the above

mentioned energy range.
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Anahtar Kelimeler

Yapay Zekd

Eksik Veri Tamamlama
Giirtiltii Tespiti ve Onarimi
Yapay Sinir Aglart

k-En Yakin Komsular(KNN)
Sezgisel KNN

Ozet: Yapay zeka, giiniimiizde bir¢ok problemin ¢éziime kavusturulmasinda basrol
oynamaktadir. Su an ki konum itibariyle en degerli maden haline gelen veri, bilginin
olusmasindaki asil kaynaktir. Bilgiyi elde etme siireci goz dniine alindiginda, kaliteli
bir bilgiyi elde etmek i¢in ise verinin incelenmesi, analiz edilmesi ve islenmeye hazir
hale getirilmesi gerekmektedir. Veri analiz siirecinde karsilagilan problemlerin
basinda, eksik ya da giiriiltiilii/hatali verilerin tespit edilmesi ve diizeltilmesi
gelmektedir. Bu calismada eksik ve giriltiili verilerin tespit edilmesi ve
diizeltilmesi amaciyla yapay zeka tabanl ¢alisan, 6zgiin ve giicli bir veri yonetim
arac1 gelistirilmistir. Bu ara¢ sayesinde veri setlerinin analiz edilmesi, bu veri
setlerindeki eksik ve giriltili verilerin tespit edilmesi ve diizeltilmesi
saglanacaktir. Gelistirilecek yazilim aracinin 6zgiinligi ise eksik ve giriltili
verileri dizeltme siirecinde modern, giiclii ve melez yapay zeka algoritmalarini
kullanacak olmasidir.

Artificial Intelligence Based Big Data Management Tool

Keywords

Artificial intelligence

Missing Data Completion
Noise Detection and Repair
Artificial neural networks

K nearest neighborhood(KNN)
Intuitive KNN

Abstract: Today, artificial intelligence plays a leading role in solving many
problems. Data, which has become the most valuable mine in terms of the current
location, is the main source of information. When the process of obtaining
information is taken into consideration, in order to obtain a quality information, the
data must be examined, analyzed and made ready for processing. One of the
problems encountered during the data analysis process is the identification and
correction of missing or noisy / incorrect data. In this study, a unique and powerful
data management tool based on artificial intelligence will be developed in order to
detect and correct missing and noisy data. With this tool, data sets will be analyzed,
missing and noisy data in these data sets will be detected and corrected. The
originality of the software tool to be developed is that it will use modern, powerful
and hybrid artificial intelligence algorithms in the process of correcting missing and
noisy data.
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1. Giris

Teknolojik gelismelerin en hizh yasandign ve
hissedildigi alanlarin basinda yapay zeka gelmektedir.
Yapay zekanin gelisimi lizerinde etkili olan baslica
Ogelerden biri ise veridir. Veri, gegmisten gliniimiize
bilginin olusmasindaki asil kaynaktir. Insanin bir
hiicresinde tutulan verinin terabaytlar mertebesinde
oldugu diistiniildiigiinde biyolojik olarak insanin veri
depolama kapasitesinin gilintimiiz teknolojisinden
istiin oldugu sdylenebilir. Bunun yaninda veri isleme
teknolojisinde son yillarda yasanan gelismeleri goz
ard1r etmek miimkiin degildir. Cok ¢ekirdekli, paralel
islem yapabilen, yliksek hizl1 ve biiyiik kapasiteli yeni
nesil islemciler yaninda veriyi bilgiye doniistiirmede
insan ve diger canlilara benzer karar mekanizmalari
kullanan algoritmalar sayesinde ¢ok giiclii veri
madenciligi araglar1 gelistirilmektedir. Sirketler
triinlerinden daha fazla kazang¢ elde edebilmek,

calismalarinda  verimliligi artirmak ve karar
mekanizmalarnini  giiglendirebilmek  i¢cin  veri
madenciligi icin gelistirilmis araglardan

faydalanmaktadirlar. Bu siiregte veri kalitesi ve
bitlinliigii i¢in harcadiklar1 zamani ve biitceyi
artirmaktadirlar. Bunun nedeni, veri Kkalitesi ve
biitiinligiiniin firmalara katmakta oldugu degerin fark
yaratmasidir [1].

Yapay zekanin bir alt disiplini olan veri madenciligi
teknolojik gelismelerden etkilenerek buylik veri
madenciligine evrilmistir. Bu degisimin temelinde ise
internet-tabanlh alis-veristen uzay araglari ile yapilan
haberlesmeye, endiistriyel otomasyon
uygulamalarindan sosyal medya uygulamalarina
kadar sayisiz alanda biyiik bir veri yiginin ortaya
¢ikmasi ve bunlarin elektronik ortamda saklanmasi
ihtiyac1 gelmektedir. Yarn iletken teknolojisindeki
gelismeler, veriyi depolama ve isleme kapasitesi
yiksek elektronik  malzemelerin iretilmesini
saglamistir. Verideki ve islem yapma kapasitesindeki
artis ise veriyi isleyerek anlamli bilgiye dontistirmede
kullanilan yapay zeka algoritmalarinin tekrar gézden
gecirilmesine neden olmustur. Ge¢miste, giinlimize
kiyasla kiiciik sayilabilecek veri yiginlar1 tizerinde
etkili sonuclar treten algoritmalar bugiin ise biyiik
veri isleme gereksinimini ayni sekilde
karsilayamamaktadirlar. Giiniimiizde biiyiik veriyi
isleyerek en kisa siirede en uygun sonucu bulmak
giderek zor bir hale gelmistir. En uygun sonug, kabul
edilebilir bir maliyet ile en kaliteli olan sonuctur.
Basarili bir veri madenciligi i¢in veriyi isleyecek
algoritmadan daha oOnemlisi verinin kendisidir.
Verinin, problem uzaymi homojen bir sekilde
orneklemesi ve dogru olmasi gerekir. Yani basaril bir
veri madenciligi etkisi elde etmek icin kaliteli bir
veriye ihtiyac¢ vardir. Kaliteli bir veriyi elde etmek i¢in
ise verinin incelenmesi, analiz edilmesi ve islenmeye
hazir hale getirilmesi gerekir. Veri analiz siireci,
bilimsel arastirma siirecinin ve veri madenciliginin en
onemli basamaklarindan biridir. Bu siirecte toplanan

veriler amaca en uygun istatiksel, matematiksel ya da
yapay zeka teknikleriyle islenir veya analiz edilir.

Veri analiz siirecinde karsilasilan problemlerin
basinda, eksik ya da giirtltiilii/hatali verilerin tespit
edilmesi ve diizeltilmesi gelmektedir. Bu sorunun
¢oziimiinde kullanilmak {lizere ge¢misten gliniimiize
farkl yontemler gelistirilmistir. Eksik veri ile analize
devam etme, eksik gozlemleri analiz dis1 birakma,
eksik gozlemler yerine veri atama veya c¢esitli
istatistiksel yontemlerle eksik verileri tamamlama gibi
yontemler bu durumlarda sik¢a kullanilmaktadirlar
[2]. Bu yontemler icerisinde arastirmacilar tarafindan
en ¢ok kullanilan ydntemler, liste bazinda silme ve
ciftler bazinda silme gibi eksik verileri analiz disi
birakma yontemleridir. Ancak yapilan ¢alismalar bu
yontemlerin  orneklemde kayba, glivenirlikte
azalmaya, tahminlerde yanhliga neden oldugunu [3]
ve yanliliktan kaynakl olarak da érneklemin evreni
temsil etme derecesinin diistiigiinii gostermektedir
[4]. Belirtilen bu sebeplerden dolayi, son yillarda, bu
yontemler yerine, beklenti maksimizasyonu ve ¢oklu
atama gibi modern yontemler dnerilmektedir. Clinki
bu yontemler, silme yontemleri gibi geleneksel kayip
veri yontemlerinin aksine, yanlhiligin azaltilmasi, etkili
parametre tahminlerinin yapilmasi ve daha biiyiik
istatistiksel giiciin saglanmasi hususunda daha etkili
sonuglar vermektedir [2].

Bu proje ¢alismasinda eksik ve giiriiltiilii verilerin
tespit edilmesi ve diizeltilmesi amaciyla yapay zeka
tabanli ¢alisan, 6zgiin ve gii¢lii bir veri yonetim araci
gelistirilmistir. Bu arag sayesinde veri setlerinin analiz
edilmesi, bu veri setlerindeki eksik ve giriltili
verilerin  tespit  edilmesi ve  dizeltilmesi
saglanmaktadir. Gelistirilmis olan yazilim aracinin
ozgunliigi ise eksik ve giiriltili verileri diizeltme
strecinde modern, giicli ve melez yapay zeka
algoritmalarim1  kullanmis olmasidir. Bu stirecte
sezgisel optimizasyon algoritmalarindan (genetik
algoritma [5], yapay ar1 kolonisi algoritmasi [6], ortak
yasayan organizmalar [7] ve meta-sezgisel tahmin ve
siiflandirma algoritmalarindan [8-9])
faydalanilmaktadir. Gelistirilmis uygulamanin basit
bir ara yiz ile kullanilmasi ve problemlere ait veri
setlerinin kolaylikla diizenlenebilmesi
saglanmaktadir. Veri setindeki eksiklikler ve giiriiltiili
veriler veri yonetim yazilimi tarafindan otomatik
olarak tespit edilip arastirmacilara rapor halinde
sunulmaktadir. Hata tespiti yapildiktan sonra,
program hatali verilerin yerine gecebilecek en uygun
degerleri bulup degistirme islemi yapmaktadir. Bu
stirecte melez bir tahmin ve siniflandirma teknigi olan
“meta-sezgisel k-nn algoritmasi” ve dogrusal olmayan
regresyon problemlerinin ¢dziimlenmesi amaciyla
literatlirde en yaygin kullanilan algoritma olan yapay
sinir aglar1 kullanilmistir.
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2. Yontem

Bu calismada gelistirilen yapay zeka tabanli veri
diizenleme araci, meta-sezgisel k-nn algoritmasi ve
yapay sinir aglarinin ¢ok katmanl bir mimari yapida
melezlenmesi ile gelistirilmistir. ihtiyac halinde diger
tahmin ve siniflandirma algoritmalar: sisteme dahil
edilebilmektedir. Gelistirilmis olan yapay zeka tabanli
veri yOnetim aract web sunucusu iizerinde
calismaktadir. Arastirmacillar web ara yiizi ile
etkilesime girip veri setlerini kolay bir sekilde
onarabilmektedirler. Sekil 1’de verildigi gibi, yapay
zeka tabanl veri yonetim araci veri isleme araglart ile
veri seti arasina konumlandirlmaktadir. Yazilim araci
veri seti onarimini yaptiktan sonra, onarilmis veri
setini arastirmacilara sunmaktadir.

~Parsmetraler]

Parametre-1 Parametre-m

. VERI ISLEME ARACI
Veriler GR'!EK.‘
ot , - Big Data Framesworderi
Vert- . ; :
- Yopay Zeks Tabanh [Haroo, Flink,Sparc .|
ez - - )
= - | eri Vonetimtrans | <> | er adencil

Veri3
~ uygulamalan

~Yapay zeka egitim setleri

(Danigmanh dErenme)

Sekil 1. Yapay zeka tabanli veri yonetim aracinin
dagilim diyagrami

Yapay zekd tabanli veri yonetim araci Sekil 2’'de
verildigi gibi 5 adet modiilden olusmaktadir. Bunlar:
problem  parametrelerini tamimlama = modiili,
regresyon (tahmin) moduld, giirdltili (eksik veya
hatali) veri tespit modiilt, veri onarim modiilii ve
raporlama modiilidiir.

Parametre
Tanilama
Modulu

Raporlama
Modilu

Regresyon
Moduilu

Veri Onarim
Modilu

Guraltla Veri
Tespit
Modilu

Sekil 2. Veri yonetim siireci yasam dongiisii

Problem parametrelerini tanimlama modiiliinde;
kullanicidan alinan veri seti dosyasi (excel tablosu
formatinda) okunup, problem parametreleri bagimh
ve bagimsiz degiskenler olarak etiketlendirilmektedir.
Programlama araclarinin sahip oldugu islevler
kullanilarak her bir parametre i¢in veri tiirii tespiti ve
dogrulamasi yapilmaktadir (sadece siirekli ya da ayrik
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sayisal degerli niteliklerden olusan veri setleri kabul
edilecektir). Bu modil bir sonraki regresyon islemi
icin probleme ait niteliklerin girisler ve cikislar
seklinde etiketlendirmesini saglayacaktir.

Regresyon (tahmin) modiilii: regresyon modiiliiniin
giris verisi, bir 6nceki modiiliin ¢iktis1 olan probleme
ait etiketlendirilmis ve wveri tiirleri dogrulanmis
niteliklerden olusan ¢ok boyutlu bir veri setidir.
Regresyon modiiliiniin islevi, problemlere ait bagimh
degisken(ler) ile bagimsiz degiskenler arasindaki
iliskileri modellemektir. Bu amacla modiilde,
literatiirde yer alan iki gii¢li yapay zeka teknigi
kullanilarak alternatif modeller olusturulmaktadir. Bu
teknikler yapay sinir ag1 (YSA) ve sezgisel k-nn
algoritmalaridir. YSA ile yapilmak istenen, probleme
ait biitiin nitelikler icin bir regresyon modeli
yaratmaktir. Ciinkii veri setinde herhangi bir veri
orneginin herhangi bir parametresi (niteligi)
giirtltili veri iceriyor olabilir. Bu durumda probleme
ait biitlin parametreler icin bir tahmin modeli
yaratilmasi gerekir. Bu asamada kullanilacak veri seti
icin birkag senaryo iizerinden tartisma yapuilabilir. Ik
senaryo en olumsuz gartlardan biri olsun. Ornegin,
veri seti girdltili veri iceriyorsa bununla
olusturulacak bir regresyon modelinin performansi
kotl olur mu? Literatiirde YSA algoritmasi giiriiltila
veri orneklerine karsi giiclii ve etkili bir teknik olarak
bilinmektedir. Bu yoniiyle YSA ile olusturulan
modelden tatmin edici bir performans elde etmek
miimkiindiir. Bunun yaninda ideal ve olagan senaryo
probleme ait kaliteli bir 6rnek veri setinin (girtltili
verilerden arindirilmis ve probleme ait bilgi
alanindaki uzman tarafindan dogrulanmis) bu
asamada  kullanilmasidir.  Ciinkii  endiistriyel
uygulamalarda ve bilimsel calismalarda oncelikle
problem uzayin1 homojen bir sekilde temsil eden veri
orneklerinden olusan bir veri seti hazirlanir. Bu veri
seti kullanilarak problem modeli olusturulur. Daha
sonraki asamalarda ise gercek bir sistem tlizerinden
akan veri kullanilarak hedef parametreye yonelik
tahmin islemi gerceklestirilir. Bu proje calismasinda
gelistirilecek olan regresyon modiliiniin amaci kaliteli
veri lizerinden probleme ait biitiin nitelikler icin
(sadece bagimhi degisken icin degil) tahmin
modellerini olusturmak ve bir sonraki asamayi
gerceklestiren “giiriiltiilii veri tespit modili” icin
hazir hale getirmektir. Boylelikle kullanicilarin
“giriiltili veri tespit modiliine” yiikleyecegi veri
setindeki giirtltili verilerin tespit edilmesi ve
duzeltilmesi saglanacaktir. YSA disinda bu modiilde
parametre tahmini icin ayrica sezgisel k-nn
algoritmasi kullanilmaktadir. Sezgisel  k-nn
algoritmasinin secilmesinin nedeni YSA'ya alternatif
olabilecek nitelikte ve modern bir yapay zeka teknigi
olmasidir. Regresyon modiiliinde sezgisel k-nn
algoritmasi ile ilgili yapilacak ¢alisma bu algoritmanin
probleme ve veri setine baghh olarak degisen
parametrelerinin (problem parametrelerinin agirhik
degerleri, k-nn algoritmasinin k-degeri, uzaklik
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bagintis1 ve oylama yontemi gibi) ideal degerlerini
tespit etmektir [9].

Glriiltild veri tespit modiliinde, bir 6nceki asamada
olusturulan tahmin modelleri kullanilmaktadir. Bu
tahmin modelleri, veri setindeki her bir veri 6rnegi
nesnesi icin glriltili deger iceren nitelikleri
(bagimli/bagimsiz degiskenleri) tespit etmek icin
kullanilmaktadirlar. Bu stirecte veri setindeki bos ve
dolu hiicrelerin kontrolii yapilmaktadir. Bos verilere
sahip hiicreler isaretlenerek kayit altina alinmaktadir.
Dolu hiicrelerdeki veriler i¢in ise tahmin modelleri
(YSA ve sezgisel k-nn) ile elde edilen degerler ile bu
hiicrelerin degerleri karsilastirilacak ve veri setinde
ilgili nitelik icin belirlenen standart sapmanin ¢ok
tizerinde bir anlamli farklilik olmasi durumunda bu
hiicrenin degeri giiriiltiili olarak etiketlendirilecektir.
Bu siirecte “siipheli” ve “kesin” seklinde iki diizeyli bir
etiketlendirme yapilmaktadir. Siipheli durumlarda
tahmin sonucunun mu yoksa hiicredeki degerin mi
kullanilacagina ya da bu veri orneginin silinme
durumuna kullanic1 karar vermektedir. Bu durumlar
kullanicinin onayina sunulmaktadir.

Veri onarim modiiliinde; hata tespit modiiliinden
donen sonuglar alinip, ilgili hiicreler lizerinde gerekli
islemler yapilmaktadir. Bos hiicrelerin doldurulmasi
icin ilgili nitelik icin gelistirilen tahmin modeli
kullanilarak ~ deger  olusturulmaktadir. Dolu
hiicrelerdeki verilericin ise “stipheli” durumda olanlar
kullanici karariyla ve “kesin” durumda olanlar da ilgili
tahmin  modellerinin  iiretecegi  degerler ile
diizeltilmektedir.

Hata raporu modiliinde; onarimi yapilan hiicrenin
kayitlart  tutulup, kullaniciya  rapor  olarak
sunulmaktadir. Ara¢ gercek ortamda c¢ok biylik
veriyle karsilastiginda ka¢ adet degisiklik yapilds,
hangi niteliklerde ylizde ka¢ problem yasandi gibi
ayrica istatistiksel olarak raporlama yapilmaktadir.

Yapay Zeka Tabanl Veri Ynetim Araci

Problem Parametrelerini Tamma - - - - - - - 2

|

Sekil 3. Yapay zeka tabanli veri yonetim aracinin
temel 6geleri
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3. Deneysel Calisma

3.1.Veri seti: Enerji Verimliligi Veri Seti (Energy
Efficiency Dataset)

3.1.1. Veri Seti Bilgisi:

Ecotect'te simiile edilmis 12 farkli yap1 seklini
kullanarak enerji analizi yapilmaktadir. Veri kiimesi,
iki gercek degerli bagimh degiskeni tahmin etmeyi
amaclayan 768 ornek ve 8 ozellikten (bagimsiz
degisken) olusur [10].

3.1.2. Ozellik Bilgisi:

Veri seti, sekiz bagimsiz degisken (X1 .. X8 ile
gosterilen 6zellikler) ve iki bagiml degisken (Y1 ve Y2
ile gosterilen sonuglar) icerir. Amag, iki bagimh
degiskenin her birini tahmin etmek i¢in sekiz bagimsiz
degisken kullanmaktir [10].

3.1.3. Problem Parametre Karsiliklar:

Tablo 1. Problem parametreleri

X1 Goreceli Kompaktlik
X2 Yiizey Alani
X3 Duvar Alani
X4 Cati1 Alani
X5 Genel Yiikseklik
X6 Yénelim
X7 Camlama Alani
X8 Camlama Alani Dagilimi
Y1 Isitma Yiikii
Y2 Sogutma Yiikii
3.1.4. Problemin Yapay Sinir Aglan ile

Modellenmesi ve Tahmin Modeli Hata Sonuglari

Problem ait veri seti sisteme yiiklendikten sonra,
sistem veri setine ait her bir problem parametresi
(bagimh veya bagimsiz degisken) icin bir tahmin
modeli (Yapay Sinir Ag1) olusturmaktadir. Olusturulan
tahmin modeli icin MAPE (Ortalama Mutlak Yiizde
Hata), MAE (Ortalama Mutlak Hata), MSE (Ortalama
Kare Hata), Ortalama Tahmin Hatasi ve tahmin modeli
sonuglar ile gercek sonuclarin karsilastirildigr grafik
cikt1 olarak verilmektedir.


https://www.kaggle.com/elikplim/eergy-efficiency-dataset
https://www.kaggle.com/elikplim/eergy-efficiency-dataset
https://www.kaggle.com/elikplim/eergy-efficiency-dataset
https://www.kaggle.com/elikplim/eergy-efficiency-dataset
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Tablo 2. Tahmin modelleri hata sonuglari Sekil 5. X1 (1. Problem Parametresi) tahmin modeli
sonucu veri dagilim grafigi
Hatalar
Problem X1 problem parametresi icin olusturulan tahmin
Parametreleri MAPE | MAE | MSE | Ortalama modelinin egitimi sirasindaki hata degisimi Sekil 6’da
(%) Tahmin ki histogramda gosterilmektedir.
Hatasi
X1 0 0 0 0 Error Histogram with 20 Bins
X2 0 0 0 0 =t -Training
I Test
X3 0 0 0 0 Zera Error
X4 0 0 0 0
X5 0 0 0 0 g 100
X6 33.44 1 1.25 0.01 £
X7 399 | 0.01 0 0 E
X8 59.18 1.15 1.87 0.02 50
Y1 0.95 0.18 0.08 0.02
Y2 1.12 0.24 0.12 0.01
o
88888888885 5888888¢88
. . . . $e8desbdytdssessedss
3.1.4.1. X1 parametresine ait tahmin modeli N A I LA T R - B
Errors = Targets - Outputs

grafikleri

Sekil 6. X1 (1. Problem Parametresi) tahmin modeli

Veri setinde bulunan 768 veri 6rnegi icin “Goreceli
hata histogrami

Kompakthk (X1)” parametresi veri dagilim grafigi

asagidaki gibidir. X1 problem parametresi icin olusturulan tahmin

modelinin veri seti lizerindeki performansi Sekil 7'de
ki grafikte gosterilmektedir.

o Best Training Performance is 5.0732e-12 at epoch 116

10

= Train
Test | °

Sekil 4. X1 (1. Problem Parametresi) veri dagilim
grafigi

Mean Squared Error (mse)

X1 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X2, X3, X4, X5, X6, X7, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri drnegi baz

alinarak X1 parametresi icin bir tahmin modeli (Yapay ’ “ “ 116 Esuochs ” m
Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri Sekil 7. X1 (1. Problem Parametresi) tahmin modeli

seti, tahmin modeline gonderilmis ve ele alinan
sonuglar Sekil 5’te ki grafik tizerinde gosterilmistir.

performans grafigi

3.1.4.2. X2 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi icin “Yiizey Alani

(X2)” parametresi veri dagihm grafigi asagidaki
gibidir.

12
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X2 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 11’de

00 ki grafikte gosterilmektedir.
650
600 5 Best Training Performance is 2.5929e-10 at epoch 821
. 10 3
550 Train| :
500 Test

& L e Best

=
(=]
=]

Sekil 8. X2 (2. Problem Parametresi) veri dagilim
grafigi

X2 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X3, X4, X5, X6, X7, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak X2 parametresi icin bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim i¢in kullanilan veri

=
=
&

Mean Squared Error (mse}

. . . . . . 0 100 200 300 400 500 600 700 800
seti, tahmin modeline goénderilmis ve ele alinan 822 Epochs

sonuglar Sekil 9’da ki grafik lizerinde gosterilmistir.

Sekil 11. X2 (2. Problem Parametresi) tahmin modeli
performans grafigi

850

800

3.1.4.3. X3 parametresine ait tahmin modeli

650 grafikleri
600
550 Veri setinde bulunan 768 veri drnegi icin “Duvar Alam
500 " - (X3)” parametresi veri dagihm grafigi asagidaki
© & gibidir.
Sekil 9. X2 (2. Problem Parametresi) tahmin modeli

sonucu veri dagilim grafigi jni

380

X2 problem parametresi icin olusturulan tahmin 260
modelinin egitimi sirasindaki hata degisimi Sekil -
10’da ki histogramda gosterilmektedir. 200

Error Histogram with 20 Bins

e =¥:tn " Sekil 12. X3 (3. Problem Parametresi) veri dagilim
350 Zero Error graflgl
300
D o X3 problem parametresini tahmin etmek icin diger 9
Em nitelikten (X1, X2, X4, X5, X6, X7, X8, Y1, Y2)
£ faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
b alinarak X3 parametresi i¢in bir tahmin modeli (Yapay
100 Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri
< seti, tahmin modeline gonderilmis ve ele alinan
0 % - R sonuglar Sekil 13’te ki grafik lizerinde gosterilmistir.
ddbdsdbeseibssessgs g
PEY P T O sews 33855339
Errors = Targets - Outputs

Sekil 10. X2 (2. Problem Parametresi) tahmin modeli
hata histogrami

13
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420

380

Sekil 13. X3 (3. Problem Parametresi) tahmin modeli
sonucu veri dagilim grafigi

X3 problem parametresi i¢cin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil 14’te
ki histogramda gosterilmektedir.

Error Histogram with 20 Bins
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Sekil 14. X3 (3. Problem Parametresi) tahmin modeli
hata histogrami

X3 problem parametresi icin olusturulan tahmin
modelinin veri seti lizerindeki performansi Sekil 15’te
ki grafikte gosterilmektedir.

Best Training Performance is 2.0674e-17 at epoch 652

Train| :
Test

10710+

Mean Squared Error (mse)

10"

653 Epochs

Sekil 15. X3 (3. Problem Parametresi) tahmin modeli
performans grafigi

14

3.1.4.4. X4 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi icin “Cat1 Alani
(X4)” parametresi veri dagilim grafigi asagidaki
gibidir.

Sekil 16. X4 (4. Problem Parametresi) veri dagilim
grafigi

X4 problem parametresini tahmin etmek icin diger 9
nitelikten (X1, X2, X3, X5, X6, X7, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri drnegi baz
alinarak X4 parametresi i¢in bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri
seti, tahmin modeline gonderilmis ve ele alinan
sonuglar Sekil 17°de ki grafik iizerinde gosterilmistir.

Sekil 17. X4 (4. Problem Parametresi) tahmin modeli
sonucu veri dagihm grafigi

X4 problem parametresi icin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil 18’te
ki histogramda gosterilmektedir.
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Error Histogram with 20 Bins
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Sekil 18. X4 (4. Problem Parametresi) tahmin modeli
hata histogrami

X4 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 19’da
ki grafikte gosterilmektedir.

Best Training Performance is 3.0392e-14 at epoch 171

——Train|
s T 5

Mean Squared Error (mse}

0 20 40 60 80 100 120 140 160
171 Epochs

Sekil 19. X4 (4. Problem Parametresi) tahmin modeli
performans grafigi

3.1.4.5. X5 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri ornegi icin “Genel
Yiikseklik (X5)” parametresi veri dagilim grafigi
asagidaki gibidir.

Sekil 20. X5 (5. Problem Parametresi) veri dagilim
grafigi

X5 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X2, X3, X4, X6, X7, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak X5 parametresi icin bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim i¢in kullanilan veri
seti, tahmin modeline gonderilmis ve ele alinan
sonuglar Sekil 21’de ki grafik iizerinde gosterilmistir.

Sekil 21. X5 (5. Problem Parametresi) tahmin modeli
sonucu veri dagihm grafigi

X5 problem parametresi icin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
22’de ki histogramda gosterilmektedir.

Error Histogram with 20 Bins
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Sekil 22. X5 (5. Problem Parametresi) tahmin modeli
hata histogrami
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X5 problem parametresi icin olusturulan tahmin
modelinin veri seti lizerindeki performansi Sekil 23’da
ki grafikte gosterilmektedir.

Best Training Performance is 4.3388e-15 at epoch 101
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Sekil 23. X5 (5. Problem Parametresi) tahmin modeli
performans grafigi

3.1.4.6. X6 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi icin “Yonelim
(X6)” parametresi veri dagilim grafigi asagidaki
gibidir.

5.0

35

30

Sekil 24. X6 (6. Problem Parametresi) veri dagilim
grafigi

X6 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X2, X3, X4, X5, X7, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak X6 parametresi i¢in bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri
seti, tahmin modeline goénderilmis ve ele alinan
sonuglar Sekil 25’de ki grafik iizerinde gosterilmistir.

Sekil 25. X6 (6. Problem Parametresi) tahmin modeli
sonucu veri dagilim grafigi

X6 problem parametresi i¢gin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
26’da ki histogramda gdsterilmektedir.

Error Histogram with 20 Bins
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Sekil 26. X6 (6. Problem Parametresi) tahmin modeli
hata histogrami

X6 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 27°de
ki grafikte gosterilmektedir.

Best Training Performance is 1.2279 at epoch 3
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Sekil 27. X6 (6. Problem Parametresi) tahmin modeli
performans grafigi
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3.1.4.7. X7 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi i¢in “Camlama
Alani (X7)” parametresi veri dagilim grafigi asagidaki
gibidir.

0.40
035
030
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020
0.15
010
0.05
e

Sekil 28. X7 (7. Problem Parametresi) veri dagilim
grafigi

X7 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X2, X3, X4, X5, X6, X8, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak X7 parametresi icin bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim i¢in kullanilan veri
seti, tahmin modeline goénderilmis ve ele alinan
sonuglar Sekil 29°da ki grafik iizerinde gosterilmistir.
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Sekil 29. X7 (7. Problem Parametresi) tahmin modeli
sonucu veri dagihm grafigi

X7 problem parametresi icin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
30’da ki histogramda gosterilmektedir.

17

Error Histogram with 20 Bins
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Sekil 30. X7 (7. Problem Parametresi) tahmin modeli
hata histogrami

X7 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 31’de
ki grafikte gosterilmektedir.

Best Training Performance is 5.846e-05 at epoch 415
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Sekil 31. X7 (7. Problem Parametresi) tahmin modeli
performans grafigi

3.1.4.8. X8 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi icin “Camlama
Alani Dagilimi(X8)” parametresi veri dagilim grafigi
asagidaki gibidir.
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Sekil 32. X8 (8. Problem Parametresi) veri dagilim
grafigi

X8 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X2, X3, X4, X5, X6, X7, Y1, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak X8 parametresi icin bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim i¢cin kullanilan veri
seti, tahmin modeline goénderilmis ve ele alinan
sonuglar Sekil 33’de ki grafik tizerinde gosterilmistir.
4.0

30

25

20

Sekil 33. X8 (8. Problem Parametresi) tahmin modeli
sonucu veri dagilim grafigi

X8 problem parametresi icin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
34’de ki histogramda gosterilmektedir.

Error Histogram with 20 Bins
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Sekil 34. X8 (8. Problem Parametresi) tahmin modeli
hata histogrami
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X8 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 35’de
ki grafikte gosterilmektedir.

Best Training Performance is 1.9205 at epoch 991
10?
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Sekil 35. X8 (8. Problem Parametresi) tahmin modeli
performans grafigi

3.1.4.9. Y1 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi i¢in “Isitma Yiki
(Y1)” parametresi veri dagihm grafigi asagidaki
gibidir.
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20

Sekil 36. Y1 (9. Problem Parametresi) veri dagilim
grafigi

Y1 problem parametresini tahmin etmek icin diger 9
nitelikten (X1, X2, X3, X4, X5, X6, X7, X8, Y2)
faydalanilmaktadir. Veri setindeki 768 veri 6rnegi baz
alinarak Y1 parametresi i¢in bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri
seti, tahmin modeline gonderilmis ve ele alinan
sonuglar Sekil 37°de ki grafik tizerinde gosterilmistir.
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45

Sekil 37. Y1 (9. Problem Parametresi) tahmin modeli
sonucu veri dagilim grafigi

Y1 problem parametresi i¢cin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
38’de ki histogramda gdosterilmektedir.

Error Histogram with 20 Bins
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Sekil 38. Y1 (9. Problem Parametresi) tahmin modeli
hata histogrami

Y1 problem parametresi icin olusturulan tahmin
modelinin veri seti lizerindeki performansi Sekil 39’da
ki grafikte gosterilmektedir.

Best Training Performance is 0.042713 at epoch 801
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Sekil 39. Y1 (9. Problem Parametresi) tahmin modeli
performans grafigi
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3.1.4.10. Y2 parametresine ait tahmin modeli
grafikleri

Veri setinde bulunan 768 veri 6rnegi i¢in “Sogutma
Yikii (Y2)” parametresi veri dagilim grafigi asagidaki
gibidir.

45

40

Sekil 40. Y2 (10. Problem Parametresi) veri dagilim
grafigi

Y2 problem parametresini tahmin etmek i¢in diger 9
nitelikten (X1, X2, X3, X4, X5, X6, X7, X8, Y1)
faydalanilmaktadir. Veri setindeki 768 veri drnegi baz
alinarak Y2 parametresi i¢cin bir tahmin modeli (Yapay
Sinir Ag1) olusturulmustur. Egitim icin kullanilan veri
seti, tahmin modeline gonderilmis ve ele alinan
sonuglar Sekil 41’de ki grafik iizerinde gosterilmistir.

Sekil 41. Y2 (10. Problem Parametresi) tahmin
modeli sonucu veri dagilim grafigi

Y2 problem parametresi icin olusturulan tahmin
modelinin egitimi sirasindaki hata degisimi Sekil
42’de ki histogramda gosterilmektedir.
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Error Histogram with 20 Bins
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Sekil 42. Y2 (10. Problem Parametresi) tahmin
modeli hata histogrami

Y2 problem parametresi icin olusturulan tahmin
modelinin veri seti tizerindeki performansi Sekil 43’de
ki grafikte gosterilmektedir.

Best Training Performance is 0.075563 at epoch 344
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Sekil 43. Y2 (10. Problem Parametresi) tahmin
modeli performans grafigi

4. Sonug¢

Bu proje 6nerisinde yapay zeka tabanli veri yonetim
aracinin gelistirilmesi konusunda detayli bir planlama
ve analiz yapilmistir. Yapay zeka tabanl veri yonetim
aracinin temel 6geleri ve algoritmalari tanimlanmis ve
tanitilmistir. Bu aracin gelistirilmesine iliskin yontem
ise detayll bir sekilde verilmistir. Gelistirilmesi
planlanan aracin literatiirde hangi  boslugu
dolduracagl yani arastirmacilar agisindan O6nemi
acikca ortaya koyulmustur. Ortaya koyulan hedefler,
gelistirilecek yazilim aracinin entegre edilecegi
sistemleri ve internet lizerinden bagimsiz calisabilen
bir uygulamay1 isaret etmektedir. Bu yoniiyle somut
ve Olgllebilir ¢iktilar tanimlanmistir. Projenin kabul
edilmesi biz proje calisanlarinin yapay zeka ile veri
madenciligi konusunda planladigimiz ¢alismalar
yapmamiz acisindan son derece onemlidir. Projeyi

20

hayata gecirmemiz, mezuniyet sonrasi yapay zeka
alaninda faaliyet gosteren yazilim firmalarinda ise
girmemiz agisindan 6nemli bir referans ve motivasyon
kaynagi olacaktir.
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Abstract: Flow duration curves (FDC) showing exceedance probabilities across
flow value frequencies at a specific time can be used for determining flow values
having certain exceedance probability. But FDC has not been obtained at the place
where flow measurements are not existed or insufficient, so discharges having
certain exceedance probabilities have been estimated by different methods. In this
study, drainage area ratio (DAR) method was considered due to obtaining discharge
values at ungauged sites for feasibility studies. Three basins having similar
hydrologic characteristics were chosen for this purpose. Discharges having %3,
%20, %30, %50 and %90 exceedance probabilities were selected for the estimation.
Three basins are 2251 stream flow gauging station (SGS), 22-88 SGS, and 22-61 SGS
in the Black Sea Basin, Turkey. The 22-88 and 22-61 SGSs are included in the area of
2251 SGS. If discharges having special exceedance probabilities need to be
determined, firstly it is considered to investigate whether the DAR method can be
used. DAR method is mainly depended on a regression analysis between the project
site and the other basins/subbasins which have long-term data. %3, %20, %30, %50
and %90 exceedance probabilities on yearly scale discharges were obtained from
10 years of data from each SGS. Regression analysis was applied between flow
records and drainage areas of the SGSs. Flows having exceedance probabilities of 3,
20, 30, 50 or 90 percent and their regression equations were analyzed and absolute
relative error of them were investigated. After analysis, determination coefficients
of discharges having %3, %20, %30, %50 and %90 exceedance probabilities were
obtained as 0.898, 0.807, 0.834, 0.782 and 0.892, respectively. Mean absolute
relative errors were 18.88, 7.28, 5.83, 2.14 and 1.53, respectively. According to
discharges for the considered exceedance probabilities, errors can be dangerous
level for %3 exceedance probability, but the other exceedance probabilities, DAR
method can be useful for feasibility studies. Consequently, it has been found that
errors of the DAR method can’t be convenient for all percent values of exceedance
probabilities. Using for higher discharges having smaller exceedance probabilities
can cause more errors.

1. Introduction

characteristics of a river basin, including severe
multiple-year droughts, major floods, and the full

Many water resources projects and models are
applied by researchers and practitioners worldwide.
These models and projects are needed to simulate
reservoir/river system operations for flood control,
water supply, hydropower generation, etc. The
streamflow input datasets capture the hydrologic

range of more normal flow fluctuations [1].

In most of the water resources engineering
applications, water quantities at the project site or
discharge probabilities having certain values are
required but flow measurements are limited and
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available only at the streamflow gauging stations
(SGS). Flow duration curves (FDC) showing the
exceedance probabilities across flow value
frequencies at a specific time can be used for
determining flow values having certain exceedance
probability. However, FDC or discharges having
certain exceedance probabilities need to be estimated
by using different methods [2] at places where FDC
has not been obtained or flow measurements do not
exist sufficiently.

In 2003, the International Association for the
Hydrological Sciences (IAHS) launched an initiative
focused on Prediction in Ungauged Basins (PUB). The
PUB initiative is aimed at engaging the scientific
community in a cohesive effort to advance the
understanding and prediction capability of hydrologic
parameters in ungauged basins. By defining ungauged
basins as those that lack sufficient length or quality of
recorded data, the prediction is understood to include
reconstruction of past events, prediction of future and
passed magnitudes and forecasting, the coupling of
certain magnitudes with particular points in time [3].

When flow values are requested at an ungauged site,
traditional streamflow transfer techniques can be
applied. Mainly, four types of flow transfer techniques
are named as standardizing flows by drainage area,
standardizing flows by mean flows, standardizing with
the maintenance of variance extension (MOVE) and
the use of the FDC. The use of drainage area ratio
(DAR) is the most common and is appealing as it
requires no additional information other than the
streamflows at an index site and the drainage areas of
the index and ungauged sites, making it the easiest
possible method that one could consider. [4]. That is,
for any given month for two sites,

Q

=y _ & (1)
A, A,

X and Y, with monthly streamflow Q and drainage area
A. Traditionally, site X is considered the gauged site
and site Y is the ungauged site [4].

Often the logarithms of streamflows are better
behaved than the flows in real space. For this reason,
it is important to consider the log-space
transformation (?) of the DAR. It recognizes that one
could standardize the logarithms of flows by the
logarithm of the drainage areas such that, for any
given month,

In(Q,)  In(Q,)
ln(Ay) " In(4,)

(2)

for the two sites X and Y. Solving the equation above
yields,
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(3)

which allows for the streamflow at the ungauged site
to be estimated directly [4].

The basic equation of the DAR had been modified with
bias correction factor and exponent parameter as
followings:

Q=K (A—y)¢ Qs 4)

Ay

Where Qy is streamflow at an ungauged site, Qx is
streamflow at a gauged site, Ay is the drainage area of
the ungauged site, Ax is the drainage area of the gauged
site, Kis a bias correction factor, and ¢ is an exponent
parameter. The bias correction factor is estimated
using the nonparametric method described by Duan
(1983), and the exponent parameter is calculated by a
regression equation between flow sequence and
drainage area at a gauged site [5].

The DAR method is also one of the linear equations,
and this can be simply represented as:

Y =BX (5)
Assuming Y is Qy, and X is Qx. B can be written as:
AN?
— k(X 6
B=K ( Ax) (6)

“B” can be estimated by linear regression equation
without intercepts, made from selected primary
control point pairs with high correlation coefficient
(more than r=0.91) [1].

All discharge transfer methods applications are
needed to be highly correlated data between the
discharge and drainage area, this also shows that, have
same hydrologic characteristics areas, have same
discharge transferring characteristics.

Flow Duration Curve (FDC) characterizes the
relationship between the amount and frequency of the
flows in an SGS for a certain period of time. FDCs can
be obtained by plotting discharges on the vertical axis
and time percentages on the horizontal axis by using
flow course line belonging to the mentioned station,
by calculating the time percentage in which the
discharge equals or exceeds a certain value.

To obtain FDCs, discharges are ranged from the largest
tos the smallest and the probability of exceedance can
be calculated through Weibull formula below.

p=i/(n+1) (7)
In the formula, i indicates the sequence number of
sorted discharges and n indicates a total number of
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data. Duration characteristics of a river network are
determined by using FDCs. However, the time period
considered in the discharges to be used in the
formation of FDC affects the shape of FDC, so FDCs
differ from each other based on the duration (i.e daily,
monthly or any other). The characteristics of
discharge data also change depending on the time
period of the study. FDC can be formed either by using
all discharge values measured during recording
period or by drawing separate FDC for each year, and
these are called annual FDC., Comparing annual FDC
enables to see year-by-year changes in the river flows

[2].
2. Materials and Method
River and reservoir system analysis models start with

homogeneous sequences of monthly or daily
streamflow volumes covering a hydrologic period-of-

analysis at relevant sites. Homogeneous means that
the flows represent a specified uniform condition of
watershed and river system development, long-term
climate, and water use. Non-homogeneities in
historical gauged stream flows are typically caused
primarily by the construction of reservoir projects,
growth or changes in water use, and other changes in
water management practices over time. However,
watershed land-use changes, climate changes, and
other factors may also affect the stationary of recorded
streamflow measurements [1]. Homogeneity of data
used was carefully tested.

There are three basins in the study area. Those are
indicated by streamflow gauging station (SGS) 2251,
22-88, and 22-61 in the Eastern Black Sea Basin,
Turkey. The 22-88 and 22-61 SGSs form sub-basins of
2251 SGS (Figure 1). Input datasets are 10-yr mean
daily discharge measurements and drainage areas for
each basin.
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Figure 1. The Eastern Black Sea Basin, Turkey, and the configuration of three basins

Determination of discharges having 3, 20, 30, 50 and
90 percent exceedance probabilities was done using
FDC. To derive these, 10-yr daily discharges of 2251,
22-61, and 22-88 SGSs are used. Drainage areas and
tributaries were determined using NetCAD. Daily
mean discharge values (m3 s-1) of each SGSs were
gathered from relevant institutions (General
Directorate of State Hydraulic Works, General
Directorate of Electric Power Resources Survey and
Development Administration). Periods of annual
discharge records and drainage areas are presented in
Table 1.

Table 1. Periods of annual daily discharges and
drainage areas of SGSs

Period of Records Area (km?2)
22-61 1990, 1992,1995-2002  260.1
22-88 1987-1989, 1993-1999 154.9
2251 1996-2005 726.5

Discharges having exceedance probabilities of 3, 20,
30, 50 and 90 percent have been used in this research.
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Minimum, maximum and mean values of these
discharges are shown in Table 2.

Table 2. Discharges having exceedance probabilities
of 3, 20, 30, 50 and 90 percent

Discharges
Min.-Max Mean
Q3 5.20-67.00 24.60
Q20 1.72-30.60 10.55
Q30 1.05-18.70 6.31
Q50 0.48-7.90 3.15
Q90 0.14-4.12 1.58

Table 2 shown the discharge values evaluation
according to exceedance probabilities. If there is a
correlation between discharge values and major basin
characteristics, DAR is considered to be usable for
these areas. According the same hydrological
characteristics 2251, 22-61 and 22-88 SGSs were used
in this paper.
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3. Results

Correlation and regression analysis results are given
below for the 2251 SGS. Determination coefficients of
discharges having %3, %20, %30, %50 and %90
exceedance probabilities are obtained as 0.807, 0.834,
0.782, 0.838 and 0.892, respectively.

For the coefficient of determination values less than
0.700, relations between discharges and drainage
areas are considered poor and regression equations
are not derived. Solely coefficient of determination
value is not sufficient to decide the success of the
regression analysis. Therefore mean absolute relative
error used for evaluating of regression analysis
results. Mean absolute relative errors for discharges
having %3, %20, %30, %50 and %90 exceedance
probabilities are 18.88, 7.28, 5.83, 2.14 and 1.53,
respectively and some characteristics of them are
shown in Table 3.

Table 3. Values of % relative absolute errors for
discharges having exceedance probabilities of 3, 20,
30, 50 and 90 percent

% Relative Absolute Errors

. Max. Mean
Min.-Max Mean RZI. Erf;‘r
Q3 0.56-113.64 28.18 18.88
Q20 0.60-157.34 23.80 7.28
Q30 2.10-176.32 31.17 5.83
Q50 0.40-203.00 27.05 2.14
Q90 0.11-294.15 37.19 1.53

Table 4 contains regression equations which were
created using the independent variable drainage area
(A). Table 4 can use correction for mean absolute error
thus, it was aimed at improving the reliability of the
study.

Table 4. Regression equations of discharges having exceedance probabilities of 20, 30, 50 and 90 percent

Q20 Q30

Q50 Q90

0.221+0.027-A 0.558+0.015-4

4. Conclusions and Suggestions

It is found that according to discharges for the
considered exceedance probabilities, errors can be
dangerous level for %3, but for the other exceedance
probabilities, the DAR method can be useful for
feasibility studies. Thus, DAR method can not be
convenient for all percent values of exceedance
probabilities. Using for higher discharges having
smaller exceedance probabilities can cause more
errors. It is shown that the DAR method is suitable for
discharge estimation but method can not suitable for
estimation of higher discharge values. After all, the
DAR method is useful for 2251 SGS for some
discharges having exceedance probabilities of 20, 30,
50 and 90 percent.
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Anahtar Kelimeler

Renk kaydirmal
anahtarlama,

Goriiniir 151k haberlesmesi,
Bit hata oram

Ozet: Bilgi ve iletisim teknolojilerindeki gelismeler, kullanict yogunlugunun hizli bir
seklide artmasi ve bilgiye daha hizli erigim ihtiyaglarindan dolay1r mobil haberlesmeye
ayrilan radyo frekans bantlar1 hizla dolmakta ve {ist siirlarina dogru yaklagilmaktadir.
Radyo frekans bantlariyla girisim olugturmayan goriiniir 151k bandin1 kullanan gérunir
151k haberlesmesi bu problemin ¢dzliimiine uygun bir aday olarak goriilmektedir. Bu
calismada, goriiniir 151k haberlesme sistemlerinde kullanilan renk kaydirmali anahtarlama
modiilasyonunun bagarim analizleri yapilmustir.

Performance of Color Shift Keying Modulation in Visible Light Communication Systems

Keywords

Color shift keying,

Visible light communication,
Bit error rate

Abstract: Due to the developments in information and communication
technologies, the rapid increase in user density and the need for faster access to
information, the radio frequency bands allocated to mobile communications are
rapidly filling and approaching to their upper limits. Visible light communication
using visible light bands that do not interfere with radio frequency bands is seen as
a suitable candidate for the solution of this problem. In this study, performance
analysis of color shift keying modulation used in visible light communication
systems is performed.

1. Giris

teknolojisinin ortaya ¢ikmasi anlamina gelmektedir.
Goriiniir 151k bandinin  haberlesme amaciyla

lletisim teknolojilerinde yasanan hizli degisim ve
gelismeler yiksek hizli kablosuz haberlesme
sistemlerini giinlik hayatimizin vazgecilmezleri
durumuna getirmistir. Kullanict  yogunlugunun
artmasi, bilgiye daha hizh erisim ihtiyacinin artmasi
veri trafiginin artmasina neden olmus ve bunun
sonucunda mevcut olarak kullanilan radyo frekans
bandinda kapasite problemini olusturmustur. Bu
problemin bir ¢6ziimii olarak radyo frekans bandiyla
girisim olusturmayan lisansiz goriiniir 151k bandinin
kullanimi ciddi bir aday olarak gériilmektedir. Giinliik
yasantimizin 6nemli ve vazgecilmez bir parcasi olan
1518In  haberlesme sistemlerinde bilgi tasimak
amaciyla kullanilmasi yenilikgi, diisiik maliyetli ve
enerji tiketimi acisindan etkin bir haberlesme

*ilgili yazar: emintugcu@ktu.edu.tr
ORCID: 0000-0001-5308-3071

kullanimin1 amaglayan goriniir 1sik haberlesmesi
(Visible Light Communication, VLC) yeni nesil
haberlesme sistemleri i¢cin 6nemli bir tamamlayici
olarak goriilmektedir [1]. VLC sistemleri yliksek veri
hiz1 avantajina sahip, saglhiga zarari olmayan, giivenli,
maliyet etkin, lisansiz ¢ok biiyilk bant genisligine
sahip, sinyal izolasyon 6zelligine sahip kompakt yapisi
ile veri iletiminde daha az gii¢c harcayan yeni nesil bir
teknolojidir.

GlUnlumiizde hiikiimetler enerji tiiketiminin
azaltilmas! konusunda 6nemli rol Ustlenmektedirler.
Ornegin US hiikiimeti yakin zamanda gii¢ tiiketimi
yuksek olan akkor ve florasan lambalar1 verimli, ve
giic tiiketimi diisiik olan LED’ler ile degistirme karari
almistir. Verimliligi yaklasik olarak 15 Im/W olan
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geleneksel 60-100 W akkor 1sik ampilleri ile
karsilastirildiginda LED’ler 150 Im/W degerinde bir
verimlilige sahiptir [2]. Diinyadaki tiim aydinlatma
kaynaklarinin LED’ler ile degistirilmesi durumunda
aydinlatma i¢in harcanan toplam kiiresel gili¢
tiketiminin 50 % oraninda azalacagi tahmin
edilmektedir.

VLC sistemlerinde de son yillarda
aydinlatmada yaygin bir kullanim alam olan LED’ler
verici ve foto-dedektorler ise alic1 olarak kullanilir.
LED’lerin geleneksel aydinlatma kaynaklarina gore
yuksek verimlilikleri aydinlatma alaninda ilgi
gormelerine neden olmaktadir. VLC sistemleri
yogunluk modilasyonu/dogrudan sezim (intensity
modulation/direct detection, IM/DD) yontemi
kullanilarak gerceklenmektedir. Veri iletimi LED’ler
tarafindan yayilan 15181n yogunlugunun degistirilmesi
ile saglanir. IM/DD tekniginde bilginin tasinmasi i¢in
sadece 151k siddetinin kullanilmasj, iletimde kullanilan
optik sinyallerin, RF sistemlerinden farkli olarak,
gercel ve pozitif degerli olmasini gerektirmektedir.

VLC sistemlerinde, aydinlatma ile birlikte
haberlesmenin de saglanmasi, veri iletiminde
kullanilan LED’ler tarafindan yayilan 1s18inin beyaz
151k olmasini gerektirmektedir. Beyaz 1sik LED’lerle
temel olarak iki yontem kullanilarak tiretilmektedir.
Birinci yontemde beyaz 15181n liretimi mavi LED’lerin
ylzeyinin fosfor ile kaplanmasiyla saglanir. Bu yontem
basit olmasina ragmen haberlesme hiz1 agisindan
degerlendirildiginde modiilasyon hizi disiiktiir ve
fosforun olusturdugu etkiden dolay1 yaklasik olarak 1
Mhz ile smrhdir [3]. Mavi (filtreleme yontemi
kullanilarak bu LED’lerin iletim bant genisligi 20 Mhz
seviyelerine ¢ikarilmistir [4]. Ayrica fosfor tabanl
LED’lerin aydinlatma verimliligi de diisiiktiir. ikinci
yontemde ise kirmizi, yesil ve mavi 151k treten tcli
kromatik LED’lerin (RGB LED) bir araya getirilmesiyle
beyaz 1s18in lretimi gergeklestirilmektedir. Bu
yontemde goriilebilir 151k spektrumu  yiliksek
modiilasyon hizlarina sahip G¢ ayri renk bandina
boélinmektedir. Her bir renk bandi1 Dalgaboyu Bdlme
Cogullama (Wavelength Division Multiplexing, WDM)
teknolojisi kullanilarak bagimsiz olarak modiile
edildiginde ytiksek veri hizlarina ulasilmaktadir [5].
RGB bantlarinin her biri bagimsiz olarak modiile
edildiginde beyaz 1s181in iretilmesinde problem
olusmaktadir [6]. Beyaz 1s18in insan gozini
etkilemeyecek sekilde iiretilmesi icin IEEE 802.15.7
standardinda [7] renk kaydirmali anahtarlama (Color
Shift Keying, CSK) VLC i¢in tamimlanmis bir
modiilasyon tiridir.

Bu calismada CSK modilasyonun AWGN
kanallarda VLC sistemleri icin BER basarimi
incelenmistir.

Calismanin sonraki kisminda ikinci bolimde
CSK modiilasyonu ve demodiilasyonu incelenmistir.
Ugiincii  bélimde CSK modiilasyonu igin AWGN
kanallarda elde edilen BER basarim sonuclari
verilmistir. Calismanin son boliimde ise elde edilen
sonuglar irdelenmistir.
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2. CSK Modiilasyonu ve Demodiilasyonu

CSK modiilasyonunda veri iletimi i¢in, kirmiz, yesil ve
mavi (RGB) gibi ¢ok renkli LED’ler tarafindan yayilan
goriiniir 15181n  yogunlugu modiile edilir. CSK
modiilasyonu CIE 1931 renk uzayinda [8] uluslararasi
aydinlatma komisyonu tarafindan tanimlanan x-y
renk koordinatlar1 kullanilarak gerceklestirilir. Sekil
1'de goriildigii gibi tanimlanan renk uzayinda tiim
renkler 2 boyutlu uzayda x-y koordinatlari ile temsil
edilirler. x ve y koordinath diizlem renklerin kromatik
degerlerine karsiik gelmektedir. CSK sinyalinin
tiretilmesi icin ¢ farkh 151k kaynagi kullanilmalhdir.
CSKmodiilasyonunda isaretyildiz diyagramlari iiggen
yapiya sahiptir.

VLC sistemlerinde haberlesmenin yaninda
aydinlatmanin da saglanmasindan dolay1 CSK
sinyallerinde bazi kisitlamalar vardir. Verici kissmda
ilgili renk bantlarindaki LED’lerden yayilan optik
giclin daima pozitif degerli olmasi gerektiginden

iletimi yapilacak olan isaret vektoriine s = [si, sj,sk]T
karsiik gelen gii¢ degerleri [PL-, Pj,Pk]T vektorii
asagida (1) ile verilen sartlar1 saglamalidir.

P;20,P;j=0,P;, >0 (1)

00 0.1 02 03 04 05 06 07 08

X

Sekil 1: CIE 1931 renk uzay1 kromatik diyagrami [8]

Kirpisma etkisinin meydana gelmemesi icin LED’
lerden yayilan isaretin toplam optik giiciiniin bir
sembol siiresi boyunca (2) esitliginde verildigi gibi
sabit olmas1 gerekmektedir.

CSK sistemine ait blok diyagrami Sekil 2’ de
verilmistir.
Optik
Filtre "
S ¥ pDs é ros
i . | e
Vesi¢ Renk CSK < ML | Ven
—> /P , ‘ Sembol
‘ . Kodlamasi | ¥ | Modulasyonu M\ I - i De‘::;'tzm

Sekil 2: CSK Sisteminin Blok Diyagrami
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Verici tarafta ilk islem olarak gelen ikili veri renk
kodlamasi yapilarak CIE 1931 renk uzayinda x-y
kromatik degerleri ile tamimlanan M seviyeli
sembollere dontstiiriiliir [7]. Sonrasinda ise
doniistiirilen kromatik degerlere karsilik gelen R, G, B
renk bantlarina {i, j, k} ait optik giic yogunluklar (3),
(4) ve (5) ile verilen denklem sistemi ¢oziilerek elde
edilir [9].

Pixi+ Pjxj + Ppx = x 3
Piyi+ Pjyj+ Py, =y (4)

Denklem sisteminde yer alan (x;, y;), (%, y;) ve
(xx, ) kromatik degerleri CSK sisteminde kullanilan
3 farkh 151k kaynagimin (kirmizi/yesil/mavi, RGB)
merkez dalga boylarina karsilik gelen x-y kromatik
degerleridir. Sembol uzayinda bulunan her bir

T
sembole ait hesaplanan [Pi, p;, Pk] yogunluk bilgileri

isaret uzayinda §; = [Si’l,sj’l,sk,l]T (0s1=sM-1)
olmak tizere 3-boyutlu sembolleri olustururlar. Alici
ile verici arasindaki optik kanal ortami, kanallar
arasindaki girisimin ve optik filtreleme kayiplarinin
ihmal edildiginde AWGN kanal oldugu durum i¢in alic
tarafta alinan isaret (6)'da verildigi gibi yazilabilir.

r; S; Uh
Til=1|Si|+|N (6)
Tk Sk Nk

Burada 7;, n; ve n; he birininin varyansi ¢ olan
beyaz giriltidiir. Alicida ilk olarak RGB iletim
bantlarindan gelen isaretler foto detektorler
tarafindan alimarak optik isaretler elektriksel
isaretlere donitstiiriliirler. Alinan isaret vektorii r =
[ri,rj,rk]T 3-boyutlu isaret uzayinda (7) esitligi ile
verildigi gibi en kiiciik 6klid mesafesine gore en biiyiik
olabilirlik (Maximum Likelihood, ML) sezici ile iletilen
sembollere karar verilir.

§ = argmin||r — s;||, (7
SIES
Burada S, 3-boyutlu uzayda M seviyeli CSK

sembollerinde olusan kiimeye karsilik gelir.
3. Basarim Sonuclar

Sekil 2’ de 4-CSK, 8-CSK ve 16-CSK modiilasyonlariigin
elde edilen sonuglar verilmistir. Beklendigi gibi
modiilasyon seviyesi arttikca semboller arasindaki
oklid mesafeleri azalacagindan giriltiiniin etkisi
basarim iizerinde daha fazla etkili olmaktadir ve
sistemin basariminin diistiigii BER sonuglarindan
gorilmektedir. 1le-4 BER seviyesine 4-CSK
modiilasyonu i¢in yaklasik isaret giiriiltii orani (Signal
to Noise Ratio, SNR) SNR=15.4 dB seviyesinde
ulasilmaktadir. 8-CSK ve 16-CSK modiilasyonlari
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kullanildiginda ise ayni BER seviyesine yaklasik olarak
sirasiyla 19 dB ve 23.2 dB SNR degerlerinde
ulasilmaktadir. Ayn1 BER seviyesinde 4-CSK ile 8CSK
modiilasyonu arasinda yaklasik 4 dB’ lik bir fark
goriilmektedir. 4-CSK ile 16-CSK arasinda ise yaklasik
8dB’lik bir fark olusmaktadir.

—4CSK |
8-CSK
10 E —16-CSK

BER

10°

10

10 15 20
E,/N,(dB)

Sekil 2: 4-CSK, 8-CSK ve 16-CSK modiilasyonlari i¢in
benzetim BER degisimleri

4. Sonuglar

Bu ¢alismada yeni nesil haberlesme teknolojilerinden
olan VLC sisteminde CSK modilasyonun AWGN
kanallar i¢cin BER basarimlari elde edilmistir. Elde
edilen sonuclardan modiilasyon seviyesi ylikseldikce
semboller arasindaki 6klid mesafesinin azalmasiyla
beklenildigi gibi BER basarimimin  diistigi
goriilmektedir. 1e-4 BER seviyesinde 4-CSK
modiilasyonu ile 8-CSK ve 16-CSK modiilasyonlar:
arasinda sirasiyla yaklasik olarak 4 dB ve 8 dB’ lik bir
SNR farki olusmaktadir.
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