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CART MAKINE OGRENME ALGORITMASINDA iYiLESTIRMELER VE
BANKNOT DENETLEME VERISINDE UYGULANMASI

OZET

Bu bilimsel calismada, CART algoritmas: ile smiflandirma islemi yapilirken tiim
stireclerinin incelenmesi ve Kaggle platformu {izerinden alinan float tiirii veriler
kullanarak algoritmik iyilestirmeler yapilmasi amaclanmaktadir. Cross validation
asamasinda egitim verilerinin daha dogru sec¢ilmesi ile aga¢ yapisinin daha dogru
egitilmesi beklenmektedir. Test ve egitim verileri alt kiimelere ayrilirken belirli
kriterlere gbére bu islemlerin yapilmasi Ozellikle egitim asamasinda sistemin
kararhiligin1 artiracak ve basar1 oranini yiikseltecektir. Veri seti n alt boliime ayrilma
asamasinda kullanilacak olan verilerin simiflandirma sonucuna etkisini artirmak

amaciyla algoritmik gelistirmeler yapilacaktir.

Anahtar Kelimeler: CART, Makine Ogrenmesi, Siniflandirma, Cross Validation
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IMPROVEMENTS IN CART MACHINE LEARNING ALGORITHM AND
IMPLEMENTATION IN BANKNOTE AUTHENTICATION DATA

ABSTRACT

In this scientific study, it is aimed to examine all processes while performing classification
process with CART algorithm and to make algorithmic improvements by using float type data
obtained from Kaggle platform. In cross validation phase, it is expected that the tree structure
will be educated more accurately by selecting the training data more accurately. When testing
and training data is subdivided, performing these procedures according to certain criteria will
increase the stability of the system and increase the success rate, especially during the training
phase. Algorithmic improvements will be made in order to increase the effect of the data to be

used in the division of data set n sub-section on the classification result.

Keywords : CART, Machine Learning, Classification, Cross Validation
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1.GIRIS
1.1 Tezin Amaci

CART algoritmast kullanarak siniflandirma islemi yapilirken, Cross Validation
asamasinda test ve egitim verilerinin daha dogru se¢ilmesi amaglanmaktadir. Veri
setinde yer alan kayitlarin, belirli kurallara bagli olarak se¢ilmesi ve ayrilan kiimelerin
egitim ve test agsamalarinda yer almasinin siniflandirma islemde performans artisi
saglamasi hedeflenmektedir. Algoritma i¢in sadece float veri tiirii kullanilarak
matematiksel kurallar isletilecek, aga¢ yapisinda daha kararli bir yapi olusmasi
saglanacaktir. Tiim veri setinden n adet alt veriye ayrilmis kiimelerin ¢capraz dogruluk
kontrolleri yapildiktan sonra elde edilen sonuglarin toplanip, ortalama degerinin daha

yiiksek bir sonug¢ ¢ikmasi beklenmektedir.

1.2 Literatiir Arastirmasi

Bu bilimsel ¢aligmada Karar agaci kullanarak olusturulan CART algoritmasi
iizerinde algoritmik gelistirmeler yaparak verileri dogru sekilde simiflandirmak
amaclanmistir. Giinlimiizde verileri simiflandirma islemi i¢in birgok teknik

kullanilmaktadir. Bu metodlardan en ¢ok kullanilanlar1 asagida belirtilmistir.

e Karar agagclari

e [ ojistik regresyon

e Yapay sinir aglar1

o kKNN(En yakin komsuluk)
® Bayes

e Bulanik Mantik

CART’in sahip oldugu algoritma, benzerlik gosteren degiskenlerin ayni agag
diigiimiinde toplanmasina dayali olup, biitiin olusturdugu alt dallar1 bagimli degisken

olan kok diiglime baglamayla son bulmaktadir (Teng, J. , Lin, K. , Ho, B. , 2007, 741-



748). Her diiglim siirekli ikiye boliiniir. Boliinecek noktalarin belirlenmesinde siklikla

Gini veya Twoing gibi ayirma 6lgiitleri kullanilmaktadir.

CART algoritmasinda bir diigiimde belirli bir kriter uygulanarak boliinme islemi
gerceklestirilir. Her diiglimden ancak 2 alt dal ayrilabilir. CART algoritmasi CHAID
algoritmasmin daha geligsmis hali olarak yorumlanabilir. CHAID algoritmasi ¢oklu
kirilim modelini benimsemektedir. Bu 06zelliginden dolay1 ticari faaliyetlerde
kullanim1 daha yaygindir. CART algoritmasi ise sadece ikili kirilima izin verdigi i¢in

yiiksek kestirim yapilmasi istenilen alanlarda daha ¢ok tercih edilmektedir.
CART algoritmast:

e Kirli verilerle ¢alismaya izin verebilir.

e Gini index degerine gore kirilimlari belirler.

e Sayisal degerleri input olarak ¢alismaya izin Verir.

e Hem smiflandirma hem de regresyon tahminine olanak tanir.
e Eksik veriler ile ¢alisabilme 6zelligine sahiptir.

e Agac¢ budama islemini destekler.

CART algoritmasi, genellikle agac olusturmak i¢in kullanilan bir algoritmadir. Agag
yapisinin daha dogru ve dengeli olmasi hedeflenmistir. Ikili aga¢ yapisini kullanir. Bu
yiizden smiflandirma problemlerinin ¢oziimiinde 6nemli kolayliklar saglar. CART,
sayisal ve nominal degerler lizerinde ¢alisabilir (Bozan, 2010). CART algoritmasi ile

smiflandirma yapilirken 3 6nemli asama bulunmaktadir.

1.Aga¢ derinligini belirleme
2.Agac sayisini ve verilerin kag pargaya ayrilacagini belirleme
3.Ayrilmis test verilerini agaca uygulama

1.3 Hipotez

Cross Validation asamasinda tiim veri setinden n adet alt veri setine verileri
yerlestirirken belirli kriterlere gore ayrilip, bazi alt kiimelerde ¢ok daha yiiksek oranla
basar1 saglanirken bazi alt kiimelerde ise basar1 oraninda diisme meydana gelecektir.
Mevcut algoritma yapisinda n adet alt veri seti dogruluk oranlari ayri1 ayri

hesaplanmaktadir. N adet verinin aritmetik ortalamasi bize ortalama dogruluk oranini

2



vermektedir. Yapilacak olan algoritmik degisiklik ile birlikte performans artisi
saglanan verilerdeki dogruluk oranindaki yilikselme, performans kaybi1 yaratacak alt
veri seti dogruluk oranlarindan daha yiiksek olacagi i¢in ortalama deger daha da

yiikselecektir. Boylece daha dogru siniflandirma yapilmis olacaktir.



2. YAPAY ZEKA

Insan beyninin galigma prensibini taklit ederek problemlerin ¢dziimii i¢in kolayliklar
yaratan akilli sistemler, giinliik yasamda bir¢ok kolaylik saglamaktadir. YSA’lar
ogrenme, hafizaya alma ve veriler arasindaki iliskiyi ortaya c¢ikarma kapasitesine
sahiptir. Insana 6zgii davranislari taklit edebilme, duygu analizi, farkli durumlar

karsisinda karar alabilme gibi 6zelliklere sahiptir.

Son yillarda teknolojinin ilerlemesine bagli olarak, karsilasilan problemlerin
coziimiinde daha yiiksek performansh fakat daha az maliyetli yontemler 6n plana
cikmaktadir. Kompleks goriilen problemlerin ¢oziimii icin kullanilan yapay zeka
algoritmalari, biiyiik bilgi yiginlar1 arasindan ¢6ziim yolu bulan modern tekniklerdir.
Yapay zeka bircok teknolojiyi ve disiplini igerisinde barmdiran bir iist ¢atidir. Yapay
zeka kavrami bulanik mantik, yapay sinir aglari, derin 6grenme, karar destek
makineleri gibi birgok yaklasimi igermektedir. Bu yaklasimlar ile yapay zeka

sistemleri temel olarak smiflandirma ve tahmin olmak tizere 2 ana amag i¢in kullanilir.

2.1 Makine Ogrenmesi

Bir bilgisayar programinin, insan etkilesimi olmaksizin kendi kendine sorunlar1 analiz
edip, ¢oziim metodu gelistirmesine makine 6grenmesi denilebilir. Makine 6grenmesi
yontemlerinin toplumun genis kesimlerini ilgilendiren problemlere ¢6ziim bulmasi,
bilim insanlarinin bu konulara olan ilgisini daha da artiracaktir. Makine 6grenmesi
yaklagimlarimin kalitesi dogru &zelliklerin segimine baglhidir. (A. L. Blum and P.
Langley, 1997)

Ozellikle 1980°li yillarda satranctaki basarilariyla sohreti diinyaya yayilmis Garri
Kasparov’u yenebilecek bir makinenin ortaya ¢ikarilabilmesi fikri, biiyiik teknoloji
firmalarinin dikkatini ¢ekmistir. Bir zeka oyunu olan ve karmasik taktiklerle oynanan
satrang oyununda, IBM tarafindan gelistirilen bilgisayarm Kasparov’u 4-2’lik set

galibiyetleriyle yenmistir ve tiim diinyada yank1 uyandirmistur.



2.1.1 Denetimli 6@renme

Onceden egitmis oldugumuz veri setlerini kullanarak dgrenme gerceklestirilir. Giris
verisi olarak verdigimiz bilgiyi sistemdeki Orneklerini baz alarak tahmin etmeye
calisir. Karar agaglari, destek vektor makineleri, en yakin komsu algoritmalari (kNN)
bu tip algoritmalara Srnektir. Denetimli Ogrenme igin genellikle smiflandirma ve

regresyon metodlar1 kullaniimaktadir.

Smiflandirma metodunda, daha 6nceden ¢esitli 6zelliklerine gore ayrilmis smiflardan
hangisinde bulunacaginin karar1 verilir. Bu algoritmalar dost veya diigman karari,
kredi verilebilir/verilemez miisteri, iyi/kotii huylu tiimor gibi smniflara yerlestirir.
Gelen herhangi bir mailin spam olup olmadig1 yoniindeki degerlendirmede bulunmasi
bir smiflandrma smniflandrma metodudur. Son yillarda olduk¢a popiiler
uygulamalardan olan yiiz ve ses tanima uygulamalar1 denetimli 6grenme metodlariyla

gelistirilmis otonom sistemlerdir.

Regresyon teknikleri stirekli degisim gerektiren durumlar i¢in dinamik ¢6ziim Onerisi
sunar. Ornegin kisitl bir bdlge icin yillarca yagis miktarlarinm tutuldugu bir sistemde,
ilerde yagabilecek yagis miktar1 iizerinde tahminde bulunmasi, bir firmanin yeni
kampanyasmin satis miktar1 tizerindeki etkisinin tahmin vermesi birer regresyon

teknigidir.

Belirli bir bolgede evlerin metrekare/fiyat bilgilerini gosteren grafik Sekil 1.°de
gosterilmektedir. Metrekare bilgisi bilinen evin fiyatni tahminlemede kullanilan

model regresyon teknigidir.

A

Fiyat

v

Boyut m2

Sekil 1. Konut fiyat1 belirlemede fiyat/metrekare degisimini gosteren grafik



2.1.2 Denetimsiz 6grenme

Denetimsiz 6grenme, bilgilerin i¢indeki ortak alanlara dayanarak gruplastirma tabanli
veri analizine olanak veren bir yontemdir. Bu metotta girig olarak verinin karsisinda
bir ¢ikis bilgisi yoktur. Baslangigta veriler hakkinda bilgi verilmedigi i¢in kesin sonug
cikarilmast miimkiin degildir. Verilerin ¢esitli 6zellikleri ile iliskilendirilerek

kiimelenmesi mantigina dayanir.

Sekil 2.’de benzer 6zellik gdsteren verilerin kendi aralarinda guruplagsmasina dayali
ogrenme metodu gosterilmektedir. ‘X’ ve Y’ 6zellikleri birbirine yakin degerleri alan

bilgiler kendi aralarinda birliktelik kurmasi mantigima dayanmaktadir.

-
- "

Y

X

Sekil 2. Denetimsiz 6grenme metodunda kiimelenme kavraminin gosterimi



3. SINIFLANDIRMA

Siifi bilinmeyen, ham, islenmemis verilerin (unseen cases) daha 6nceden belirlenmis
kategorilerden birine yerlestirilmesi islemine siniflandirma denir. Siniflama tahmin
edici bir model olup, havanin bir sonraki giin nasil olacagi veya bir kutuda kag¢ tane
mavi top oldugunun tahmin edilmesi bir stniflama islemidir (Silahtaroglu, G. 2008 33,
45- 47,58). Smiflandirma yapabilmek i¢in mutlaka bir siniflandirma modeline ihtiyag
duyulmaktadir. Bu model siniflandirma yapabilen bir fonksiyon olarak gorev yapar.
Tahmin ve hedef degiskenleri arasindaki bag, veri seti lizerinde deneyerek bulunur.
Veri seti bu agamada egitim ve test verisi olmak tizere ikiye ayrilir. Eger bir degiskenin
cogu degeri eksik ise o degisken, veri setinden ¢ikartilmalidir.(Naive Bayes. ,(2009))
Egitim olarak ayrilan verilerle model egitilip, test verileriyle ise dogruluk kontrolii
yapilmaktadir. Bu dogruluk oran1t modelin basarisini ortaya koymaktadir. Kullanilacak
tim verinin yaklasik %80°1 egitim verisi olarak, %:20’s1 ise test verisi i¢in
ayrilmaktadir. Bu ayrim orani, %70-%30 olarak da se¢ilebilir. Modelin saglamasini
yapabilmek icin genellikle k-folds cross validation islemleri gergeklestirilir. Ornegin
%20’lik bir veri test icin ayrilmis ise, 5 kere farkli %20°lik alt veri setleri sirayla test
verisi olur. Boylece birbirini ¢apraz olarak test etmis olurlar. Bu islemler sonucunda 5
tane ayr1 oran elde edilir. Dogruluk oranini hesaplamak i¢in ise aritmetik ortalamasi
alimir. Bu elde edilen ortalama sonu¢ modelin dogruluk orani olarak kabul

edilmektedir.

Smiflandirma yontemleri kullanarak son yillarda yapilan ©nemli c¢alismalar

bulunmaktadir.

e Saghk alaninda, hastalarin kan degerleri ve doku oOrnekleri kullanilarak
tiimorlii hiicrelerin erken/zamaninda tespiti yapilmaktadir. Onceden kanserli
hastalardan alinmis numunelerle siiflandirma modeli egitilerek, yeni gelen bir

hastanin dogru sekilde siiflandirilmasi i¢in ¢alismalar yapilmaktadir.



e Bankacilik ve sigortacilik alanlarinda anomali tespiti ile uygun olmayan
islemlerin 6niine gegilmesi, beklenmeyen bir islem yapildiginda erken 6nlem

almabilmesine izin vermektedir.

e Kimlik dogrulama islemleri 6nemli olan giivenlik alaninda, ses ve yiiz

siniflandirma iglemleri hassas ayrimlar yapabilmeye olanak vermektedir.
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Sekil 3. Lineer ve lineer olmayan siniflandirici modelleri

Sekil 3’te 2 farkli sinifin dogrusal ve dogrusal olmayan yontemlerle birbirinden

ayrilmasi modellenmistir.

Smiflandirma islemine baglanmadan 6nce verinin detayli incelenmesi siniflandiricinin
basarisini dogrudan etkileyecektir. Ham veri siniflandirilmadan 6nce 6n isleme tabi

tutulmas1 gerekmektedir:

e Veri donilisiimiiyle, siirekli nitelik degerlerinin birbirinden ayrilmasi ve

birbirinden ayiric1 6zelliklerin belirlenmesi.
e Degerlerin normalize edilmesi ( [0,1], [-1,+1])
e Kullanilmayacak olan bilgiler varsa o verilerin temizlenmesi(Data Cleaning)

e Giiriltiili verinin doniistiiriilmesi ve kaldirilmasi gibi islemlerin yapilmasi

gerekmektedir.
Smiflandirma islemi temel olarak 3 ana asamadan olusur.

e Modelin insa edilmesi



e Modelin test edilip, degerlendirilmesi
e Modelin faaliyete alinmasi

Bir smiflandirma modelinin basarisin1 degerlendirmenin birden fazla parametresi

bulunmaktadir.
e Siiflandirma iglemi i¢in gerekli siire

e Smiflandirma islemi yapilirken giriiltii veriler karsisinda dogru sonuglar

verebilme
e Veri miktar1 arttiginda dogru sonuglar elde edilebilme

e Birbiriyle ters diisen sonuglarm meydana gelmemesi gibi oOzellikleri

saglamalidir.

3.1 Smiflandirma Yontemleri
Giinlimiizde verileri simiflandirmak i¢in bir¢ok metod kullanilmaktadir.
3.1.1 Karar agaglan

Karar agaclari, agag¢ yapist formunda smiflandirma ya da regresyon modeli olusturur.
Karar agaclari, basit karar verme adimlari uygulanarak, ¢ok sayida kayit igeren bir veri
kiimesini ¢ok kiiciik kayit gruplarma bélmek i¢in kullanilan bir yapidir (Berry, M.
J.,Linoff, G. S., 2004). Karar agacglar1 olusturulurken kullanilan algoritmanin ne
oldugu 6nemli bir husustur. Burada, amag-hedef degiskene iliskin miimkiin olabilen
en homojen veri alt gruplarini tiretmektir.(Kurt, I. Ture, M., Kurum, A. T., 2008, 366—
374). 1liskili karar agaclar1 kademeli olarak olusturulur, tiim veri kiimeleri daha kiigiik
veri kiimelerine ayrilir. Karar Agaci lizerinde diiglimleri birbirine baglayan ¢izgilere
dal adi verilir (Gordon ve Pressman 1983: 110). Aga¢ diigim ve yapraklar1 olarak
giderek biiylir. Boliimlendirme islemi cocuk diigiimlere (child node) veya alt
diiglimlerin her birine ardisik olarak uygulanir (Hand, Manila ve Smyth, 2001: 147).
Ozellikleri belirten karar diigiimleri birden fazla dala sahiptir. Bir agacta en iistteki
karar diigimii yani kok digiimii o agacin en belirleyici 6zelligini temsil eder. En
belirleyici 6zelligin belirlenmesi i¢in bircok metod bulunmaktadir. Karar agaclari
farkli veri tiplerinin istesinden gelebilecek oOzellige sahiptir. Herhangi bir karar

problemi i¢in kullanilabilen Karar Agaci teknigi 6zellikle birden fazla kararin ardisik



olarak verilmesini gerektiren karar problemlerinin gdsteriminde c¢ok kullaniglidir

(Albright, Winston ve Zappe 2006: 311).

Karar agaci yontemi i¢in asagidaki asamalarin yapilmasi gerekmektedir.
1. Problemin tanimlanmasi,

2. Agag yapisinin tasarlanmasi ve olusturulmasi,

3. Bagimsiz olaylarin olusma ihtimallerinin belirlenmesi,

4. Elde edilecek kazancin hesaplanmasi,

5. Kazancm belirlenen karar noktalarma yerlestirmede goz oniinde bulundurularak

atamalarm yapilmasi,

6. Tahmin isleminin yapilmasi

OLAYLAR
SECENEKLER 0 02 0,
a) X11 X2 Xln
as X2] X22 X2n
am Xml Xm2 Xmn

Sekil 4. Karar Agacit modellemesi

Yukarida Sekil 4’te olaylar ve secenekler karsisinda hangi durumlarin olusacagi
bilgisinin modellenerek karar agacma yerlestirilmesi gosterilmistir. Karar agaci
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metodu dgreterek 6grenme metodlar arasinda ¢ok sik kullanilan bir yontemdir. S6zde

kod olarak algoritmay1 ifade etmek gerekirse asagidaki agamalar1 takip etmek gerekir.
Step 1: M 6grenme veri setini olustur.
Step 2: M kiimesindeki 6rnekleri birbirinden ayiran en 6nemli 6zelligi bul.

Step 3: Belirlenen 6zellik ile agacin bir digiimiinii olustur ve bu diiglimden ¢ocuk
diigtimleri ve/veya yapraklari olustur. Alt diigtimlere ait alt veri kiimesinin 6rneklerini

belirle.

Step 4: Step 3’teki adimda olusturulmus her alt veri kiimesi igin:
o Orneklerin eger tiimii ayn1 sinifa aitse gelmis ise,

o Ornekleri bdlecek baska herhangi bir 6zellik bulunmuyorsa,

o Gerideki niteliklerin degerini barindiran elimizde baska 6rnek kalmamis ise iglemi

sonlandir. Diger kalan tiim durumlar i¢in, Step 2 adimma don ve dongiiye devam et.

Ele alinan bagimli degisken kategorik ise yontem smiflama agaglar1 (Classification
Tree), siirekli ise regresyon agaclar1 (Regression Tree) olarak adlandirilmaktadir
(Deconinck, E., Hancock, T., 2005, 91-103). Karar agaglarinda en ayirt edici 6zelligi
belirlemek agacin dogruluk oranini etkileyen en 6nemli 6zelliklerden biridir. Ayirt
edici oOzelligi belirlemek i¢in bilgi kazanci hesaplamasi yapilir. Bilgi kazancini
hesaplamak i¢in entropy metodu genellikle kullanilmaktadir. Entropy metodu,
rastgeleligi ve kararli yapilar1 belirlemeyi saglayan bir formiilasyondur. Asagidaki
formiilasyonda p(x) bir sinifin gerceklesme oranmi, H ise entropi degerini

gostermektedir.

H=-% p(x) log p(x)

Ornegin, M veri seti icin 9 adet 6rnek Class1, 5 adet 6rnek Class?2 tiiriine ait oldugunu
kabul edilirse, entropi degeri asagidaki gibi hesaplanabilir. 2 smifin entropi degeri

toplami 1 olmak zorundadir.

H(cl)= - (9/14) Log2 (9/14) - (5/14) Log? (5/14) = 0.940
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Sekil 5. Entropi skala grafiginin gosterimi

Sekil 5°te goriilecegi gibi eger ornekler ayni sinifa ait ise, entropi degeri 0’dir ve en
kararlt oldugu durum bu durumdur. Karar agaclarinda entropi degerini en az olmasi
verileri ayirirken en dogru secenegi belirlemede anahtar rol oynar. Entropiler
hesaplandiktan sonra, en iy1 bdliinmeyi saptamak i¢in bilgi kazancmi(Information
Gain) kullanilir. Bilgi kazancmin bulunmasi ise asagidaki formiilasyona gore

yapilmaktadir.

Gain(S, D) = H(S) — |—VlH(V)
o ISI

Formiildeki S gercek veri setini gostermektedir. D ise kiimenin ayrilmis bir blokunu
temsil etmektedir. V tiim verilerin alt kiimesidir. V veri setlerinin timii bagimsizdir.
Boliinmeden 6nceki veri setinin entropisi ile ayr1 ayr1 her 6zelligin entropi degeri
arasindaki fark, bilgi kazancimi olusturmaktadir. Giiniimiizde smiflandirma
problemlerinin ¢6ziimii i¢in en ¢ok kullanilan karar agaci algoritmasi ID3’tiir. C4.5,
CHART, CHAID algoritmalari da kullanilan bazi yontemlerdendir. Entropi,
belirsizligin Olciisiinii verdigi i¢in, aga¢ tabanli smiflandiricilarda, dallara ayiric

ozelligi belirlemede kullanilir. (Silahtaroglu, G. ,(2009))

Karar agacint olustururken en Onemli ozelligi belirlemede en c¢ok kullanilan
yontemlerden biri de Gini Index metodudur. T veri seti iizerinde n tane smif oldugunu

kabul edersek,
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T veri seti i¢in 2 adet 6rnek Classl, 4 adet 6rnek Class?2 tiiriine ait oldugunu kabul

edilirse, agagidaki gibi gini index hesaplanmaktadir.
P(C1) = 2/6 P(C2) = 4/6 Gini =1 — (2/6)2 — (4/6)2 = 0.444

Bir agacini olusturmak icin ¢esitli parametreler bulunmaktadir. Asagidaki temel

yaklagimlar Cizelge 1 lizerinde gosterilmektedir.

Cizelge 1 Agag olustururken kullanilacak temel kriterlerin gosterimi

Bolme Kriteri Gini Index, bilgi kazanci (entropi)

Dallanma Olgiitii Binary dallanma (gini index), ¢oklu dallanma

(bilgi kazancr)

Durma Karar1 Dallanmaya devam etme/etmeme kararinin ne

zaman alinacaginin belirlenmesi

Etiketleme Karar1 Yaprak, diigiim en ¢ok 6rnegi olan siifa

bakilarak benzer 6zellikle etiketleniyor.

Karar agaci olustururken 6grenme kiimesindeki drneklerin azlig1 veya giiriiltiilii veri
ile c¢alisilmigs olmasindan dolayr asir1 6grenme(overfitting) meydana gelebilir.

Overfitting’in olugmasini dnleyen temel 2 yaklagim bulunmaktadir.

1. Esik degeri belirleyerek, siireci erken sona erdirmek.
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2. Karar agacini olustuktan sonra agaci budama islemiyle agaci kiigiiltmektir.

Egtm kumes:

Dogruluk

/ Test kumesi

Agac boyu = dUgum sayis

Sekil 6. Karar agacinda overffiting isleminin gdsterimi

Sekil 6’da gorildiigii lizere gliriiltiilii veri ile calisildigi zaman her yaprak saflagana
kadar ayrilmasina izin verilmesi, agacin veriyi ezberlemesine yol acabilir. Yani test
verisi ile Ol¢iilen dogruluk oran1 6nce artar; fakat belirli asamadan sonra oran azalmaya
baslar. Genellikle bunun 6niine gegmek i¢in kullanilan yontem aga¢ budama Sekil 7°de

gosterilmektedir.

Tear production rate Tear production rate

Sekil 7. Agac budama isleminin gosterimi

Karar agaci algoritmasmi kullanmanin avantajlari:

e Kolay anlagilabilir kurallardan olusur.

¢ Kolay olusturulabilmesi ve yorumlanabilir.
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e Yapisi siirekli ve farkli 6zellikler ile kullanilabilmeye miisaittir.

Karar agaci algoritmasmin dezavantajlart:

e Ogrenme drnegi az olan yapilarda yiiksek basar1 elde edilemeyebilir.

e Veri sayisinin az ve smif sayisinin ¢ok oldugu durumlarda performansi

diistiktiir.

e Agag olusturma ve budama i¢in karmasiklik fazladir.

3.1.2 Yapay sinir aglari(YSA)

Yapay sinir aglari, insan viicudundaki ndéron yapisini taklit ederek olusturulmus bir
modeldir. Farkli disiplinlerdeki problemlerin ¢6ziimlenmesinde kullanilabilen YSA
icin farkl1 ag mimarileri ve farkli egitim algoritmalar1 gelistirilmistir. (Giiler I, Ubeyli
ED 2006) Bu donemde, YSA yeniden, destek vektor makinelerine rakip olmaya
baslamustir. (J. Schmidhuber, 2015)

Dentrit: Diger hiicrelerden gelen isaretleri toplayan yapidir. Sistemin girisleridir.

Akson: Cikis darbelerinin tiretildigi elektriksel aktif govdedir ve govde lizerinde
iletim tek yonliidiir. Sistem cikisidir. Insandaki sinir hiicresinin yapis1 Sekil 8.’de

gosterilmektedir.

15
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Sekil 8. Sinir hiicresinin gdsterimi

Bir giris vektoriinii isleyerek ¢iktilara doniistiiren, katmanlar iizerinden veriyi
gecirerek cikisa ulastiran yapiya sinir ag1 denilmektedir. Her giris bilgiyi alir ve
siradaki katmana aktarir. Bir katmandan bir baska katmana, aradaki katmani
atlayarak gecebilmek miimkiin degildir. (Cetin M, Ugur A, Bayzan S. ,2006) Bu
aktarimlar, katmanlar arasindaki bagin agirligima baglh ve degeri dlgiisiinde
degerlenir. Yapay sinir aglarinin 5 temel eleman1 mevcuttur. Bunlar girdiler,
agirliklar, toplam fonksiyonu, aktivasyon fonksiyonu ve ¢ikt1 seklindedir. Sekil 9°da
yapay sinir aglar1 gosterilmektedir.

Baglanti

~O E éj\cfiﬁ

e 80—
=0 QT

—_OF, ,

Girig Katmani Ara Katmanlar Cikis Katmani

Sekil 9. Yapay sinir aglarmmin gosterimi
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Girdiler: Bir yapay sinir hiicresinin digaridan almis oldugu verilerdir. Sisteme

baslangi¢ olarak aktarilan giris degerleridir.

Agrrliklar: Bir yapay hiicreye gelen bilginin giiciinii ve hiicre iizerindeki etkisini

gosterir. Sekildeki agirlik wi, xi girdisinin hiicre tizerindeki etkisini gdstermektedir.

Agirliklarin degerlerinin kiigiik olmasi illaki o hiicrenin 6nemsiz oldugunu

gostermez.

Toplam Fonksiyonu: Bu fonksiyon, bir hiicreye gelen net girdiyi hesaplar. Bunun

icin farkli farkl fonksiyonlar kullanilmaktadir. En ¢ok kullanilan fonksiyon agirliklh

toplam fonksiyonudur. Cizelge 2’de en ¢ok kullanilan fonksiyonlar gosterilmistir.

E= (x1*wl+x2*w2+x3*w3...)

Cizelge 2. En sik kullanilan fonksiyonlar(Makinist,S ,2018)

Toplam

Net =X X; * W,

Agirhk degerleri girdiler ile ¢arpilir ve bulunan degerler birbirleriyle
toplanarak Net girdi hesaplanir.

Carpim

Net =[TL, X; « W,

Agirhk degerleri girdiler ile ¢carpilir ve daha sonra bulunan degerler
birbirleriyle carpilarak Net Girdi Hesaplanr.

Net =N Sgn(X; * W;)

Maksimum n adet girdi icinden agirhiklar girdilerle ¢arpildiktan sonra iglerinden
Net = Max(xi*wi) en biylgi Net girdi olarak kabul edilir.
Minimum n adet girdi icinden agirhklar girdilerle carpildiktan sonra iglerinden
Net = MII‘I(XI*WIJ en kiicligli Net girdi olarak kabul edilir.
Cogunluk n adet girdi icinden girdilerle agirhiklar carpildiktan sonra pozitif ile

negatif olanlarnin sayisi bulunur. Baylk olan sayi hiicrenin net girdisi
olarak kabul edilir.

Kumilatif Toplam

Net =Net(eski) + YV, X; = W,

Hiicreye gelen bilgiler agwrhikh olarak toplanir. Daha énce hilcreye
gelen bilgilere yeni hesaplanan girdi degerleri eklenerek hiicrenin net
girdisi hesaplamir.

Aktivasyon Fonksiyonu: Bu fonksiyon toplam fonksiyonuyla gelen bilgiyi isleyerek,
kendisinde hangi sonuca karsilik gelecegini belirler. Cogunlukla dogrusal olmayan bir
fonksiyon belirlenir. Aktivasyon fonksiyonu belirlerken en 6nemli 6zellik tiirevinin
rahat alinabilecegi bir fonksiyon olmasidir. En sik kullanilan fonksiyon sigmoid
fonksiyonudur. Cizelge 3’te genelde tercih edilen bazi fonksiyonlar gosterilmektedir.
(Makinist,S ,2018)

17



Hiicrenin Ciktis1: Aktivasyon fonksiyonun tliretmis oldugu ¢ikt1 degeridir. Bu deger

tek basmna bir sonu¢ olabildigi gibi baska bir sinir aginin girdisi olarak da

kullanilabilmektedir.
Dogrusal F(NET)=A* NET Dogrusal problemler ctiamek
(Lineer) amaaryla aktivasyon fonksiyonu
Aktivasyon (A sabk bir san) dogrusal bir fonksiyon olarak
Fonksiyonu secilebilir, Toplama
fonksiyonundan grkan sonug, belll
bir katsay: ile garpilarak hixcrenin
¢kt olarak hesaplamr.,
Adim (Step} s { 1 if Net>Egik Degier Gelen Net girdinin belirflenen bir
Aktivasyon et)= 5 : eslk deferin altinda veya Ustlnde
Fonksiyonu 0 if Net<=Egik Doger olmasina gore hilcrenin giktisi 1
veya O degerini akr,
Sigmoid 1 Sigmoid aktivasyon fonksiyonu
Aktivasyon F(Net)= strekli ve tirevi aknabilir bir
Fonksiyonu / 1+e™" fonksiyondur. Dogrusal olmayis:
dolayisiyla yapay sinir 3
uygulamalannda en sik kullanilan
fonksiyondur. Bu fonksiyon girdi
degerlerinin her biriigin Dile 1
arasinda bir deger Uretir.
"Tanjant oy o™ Tanjant hiperbolik fonksiyonu,
Hiperbelik F(Net)= sigmoid fonksiyonuna benzer bir
Aktivasyon LI fonksiyondur. Sigmoid
Fonksiyonu fonksiyonunda gikig degerleri O ile
1 arasnda degisirken hiperbolik
tanjant fonksiyonunun gilag
degerieri -1 lle 1 arasinda
degismektedir.
Esik Deger 0 if Net<=0 Gelen bilgilerin 0 dan kiglk-egit
Fonksiyonu oldugunda O giktiss, 1 den biylk-
F(Net)= Net if O<Net<1 esit oldufiunda 1 grktiss, O lle 1
arasinda oldugunda ise yine
1 ifNet>=1 kendisini veren giktilar retilebilir,
Sinls F(Net) = Sin(Net) Ogrenilmesi disinilen olaylann
Aktivasyon sinds fonksiyonuna uygun daphm
Fonksiyonu gosterdigi durumliarda kullanile.

Cizelge 3. En ¢ok kullanilan aktivasyon fonksiyonlarmim gdsterimi

Yapay sinir agini egitebilmek i¢in asagidaki asamalar1 uygulamak gerekir:

e Agirliklar1 6rneklere rastgele atanmasi,

e Input degerlerini teker teker sinir agina uygula
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e Agirlik ve hiicre degerlerini toplam fonksiyonuna uygula

e Aktivasyon fonksiyonu yardimiyla ¢ikis degerini hesapla

e Hata degerini hesapla

e Hatay1 minimize edecek sekilde agirliklar: degistir ve dongiiye devam et.

e Minimum hata degerinde dongiiden ¢ik.
Yapay sinir aglarini kullanmanin avantajlart:

e Yiiksek dogruluk oranlar1 elde etme.

e (Ogrenme verisinde hata oldugu durumlarda bile ¢alisabilme, dayaniklilik.
Yapay sinir aglarini kullanmanin dezavantajlari

e Veriyi isleyecek giiglii donanim gereksinimi oldugu icin d68renme siiresi

uzundur.

e Ogrenilen fonksiyonun anlasiimasi zor.
3.1.3 Bayes simflandiricisi

Bu smiflandirici, Bayes teoremini baz alarak siiflandirma islemlerini yapar. Modeli
insa etmesi basittir. Bliylik ¢apli verilerle kolayca c¢alisabilmektedir. Bayes
smiflandiricisinda 6zelliklerin 6nemi ayn1 seviyededir. Nitelikler birbirinden
tamamen bagimsizdir. Naive Bayes siniflandirmasinda 6ncelikle sistemin kendisine
ogretilmis veri verilmektedir. Ogretim i¢in sunulan veriler dncesinde kesinlikle
etiketlenip, kategorisi isaretlenmis olmahdir. Ogretilmis veriler iizerinde yapilan
olasilik iglemleri ile sisteme sunulan yeni test verileri, daha dnce elde edilmis olasilik
degerlerine gore isletilir ve verilen test verisinin hangi smifa ait oldugu tahmin
edilmeye ¢alisilmaktadir. Bu siniflandiricinin dogruluk orani 6gretilmis veri sayisi
arttikca nispete daha da artacaktir. Naive Bayes smiflandirma yonteminin bir¢ok
kullanim alani1 bulunmaktadir. Siniflandirma islemi igin kullanilacak veri, ikili deger
veya karakter olabilmektedir. Asagidaki Cizelge 4’te veriler ve etiketli kategorik
bilgileri verilmistir. Bayes simiflandirmasia gore dncelikle her bir kategorinin tiim

satirlara gore oran1 bulunmasi gerekmektedir. Naive Bayes, tiim degiskenlerin
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birbirinden bagimsiz ve hepsinin ayn1 dneme sahip oldugu varsayimlarina dayanan

bir algoritmadir.( Zhang H.,(2004))

Cizelge 4. Ornek veri seti

Numara Ogretilen ciimle Kategorisi
1 Tiirkiye Misir Japonya A
2 Tiirkiye Singapur Tiirkiye A
3 Fransa Tiirkiye A
4 Tunus Fas Tiirkiye B

P(A) =3/4 =0.75 (A kategorisindeki satirlarin tiim satirlara orani)

P(B) = 1/4 = 0.25 (B(Tunus) kategorisindeki satirlarin tiim satirlara orant)

Sonrasinda ciimlelerin ait oldugu sinifa gére kosullu olasiligi hesaplanir. Asagida

formiilasyonu gosterilmektedir.

P(X| Y) =( Y kategorisindeki satirlarda “X” ifadesinin tekrar sayist +1) / (Y

kategorisindeki satirlarda bulunan tiim kelimelerin sayis1 + Ogretilen veri sayisi)
Mevcut 6rnek tizerinde toplam 6 tane durum ortaya ¢ikmaktadir.

P(Tiirkiye | A) = (5 + 1) / (8 + 6) = 0.428

P(Tunus|A) =(0+1)/(8+6)=0.071

P(Fas|A) =(0+1)/(8+6)=0.071

P(Tiirkiye | B) = (1 + 1) / (3 + 6) = 0.222

P(Tunus|B) =(1+1)/(3+6)=0.222

P(Fas|B) =(1+1)/(3+6)=0.222
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3.1.4 Destek vektor siniflandiricisi

SVM smiflandiricilary, farkli kategorideki Ornekleri egitim verisi kullanilarak elde
edilmis lineer bir karar fonksiyonu yardimiyla birbirinden ayrilmasi amaglanir.
Verileri tamamen birbirinden ayiran ¢izgiye lineer karar dogrusu denilmektedir. Sekil

10°da iki farkli smifin bir karar dogrusu yardimiyla ayrimi gosterilmektedir.

Y

Support Vectors i )

Sekil 10. Karar dogrusu yardimiyla verilerin siniflandirilmasi

Karar dogrusunun illaki bir tane olmasi gerekmez. Eger birden fazla dogru
cizilebiliyorsa en optimal dogrunun kullanilmas1 gerekir. SVM smiflandiricis ile
kategorik ayrim yapildig1 6rneklerde genellikle [-1,+1] veya [0,+1] smif etiketleri
kullanilmaktadir. Iki smifin karar dogrusuna en yakin oldugu noktalara karar destek
noktalar1 denilmektedir. Sekil 11°de smiflandirmay1 saglayan destek vektorlerinin

iizerinde bulundugu kesikli ¢izgilerle gosterilmis diizlemlere sinir diizlemleri denir.
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Sekil 11. Smir diizlemi dogrularini gdsterimi

Iki sinir diizlemine esit mesafede olan, ayn1 zamanda margin mesafesinin ortasinda

yer alan diizleme ise hiper diizlem adi verilmektedir. Sniflandirma islemi sirasinda
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karar dogrusunu miimkiin oldukca hiper diizleme yaklastirmak smiflandirmanin
performansini olumlu yonde etkileyecektir. Sekil 12°de hiper diizlemin belirlenmesi

sekil lizerinde gosterilmektedir.

Margin
Support vectors
X " : X, t/ w
\
S x4 Decision boundary /\/
W + + wix=0 & +
Y < \I\ + \\»4 ++
o 6\ ' \ + o o \ ",+-
o t\ \\ + unegativen o s’ \\. o + |
* \ hyperplane
0 o °'. \\‘ . hy‘pr_exrgjla:e (o) 00 \\ ot

SVM: X

Which hyperplane? Maximize the margin

Sekil 12. Hiper diizlemin belirlenmesinin gosterimi
3.1.5 En yakin komsu yontemi (KNN)

En yakin komsu algoritmasi en kolay ve 6grenmesi en basit algoritmalardan biridir.
Endiistriyel alanda kullanimi basarili oldugu i¢in ¢ok tercih edilen siniflandirma
yontemlerinden biridir. Hem regresyon hem smiflandirma problemlerinde
kullanilabilmesi tercih edilmesinin sebeplerinden biridir. En yakin komsu algoritmast,
etiketlenmis olan verileri kullanir. Siniflandirmasi bulunacak olan 6rnegin, verilere
gore uzaklig1 hesaplanip, k kez yakin komsuluklar1 kontrol edilir. Asagidaki Sekil
13’de farkli iki smiftan hangi siifa dahil olabilecegini bulabilmek i¢in 3 komsunun
smifin1 kontrol edip, kendi smifin1 belirlemeye ¢alistigir goriilmektedir. kNN
smiflandiricis1 ¢oklu siniflandirma iglemlerine uygun bir smiflandiricidir. Duygu
analizi ve tahmini gibi trend problemlerin ¢6ziimiinde yiiksek performans ile

calisabilmektedir.
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Sekil 13. KNN smiflandiricisiin uygulanmasi

kNN algoritmasindan adim adim asamalart:

e Bu algoritma igin ilk olarak k kez sayis1 belirlenir. Bu say1 verilen bir noktaya

en yakin komsularin sayisidir.

o Smiflandirilacak olan verinin, mevcut verilere gore uzaklhigi Oklid Teoremi

kullanilarak ayr1 ayr1 hesaplanir.

e En yakin k sayida komsu ele alinir, k adet komsunun sinifina uygun olarak yeni

verinin sinif atamasi yapilir.

Kullanim1 kolay bir siniflandirma yontemi olmasina ragmen dezavantajli yonleri de
mevcuttur. Ornegin, uzaklik hesabi yaparken tiim verilerin konum bilgilerini bellekte
tutma zorunlulugu oldugu i¢in, biiyiik veri setleri tizerinde galisildiginda genis bellek

alanina gereksinim duymaktadir.
3.1.6 Rastgele orman siniflandiricisi

Son yillarda 6zellikle siniflandirma problemlerinde en ¢ok kullanilan yontemlerden
biridir. Kullanimi kolay bir smiflandiricidir. Regresyon ve smiflandirma
problemlerine yanit verebilmektedir. Rastgele orman algoritmas: denetimli 6grenme
yontemlerinden biridir. Bu algoritma birgok rastsal olarak karar agacindan orman

olusturma mantigina dayanir. Agaclar1 olustururken en iyi 6zelligi belirlemek yerine,
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rastgele bir¢ok agac olusturur. Bu sonuglarin aritmetik ortalamasini alir. Sekil 14°te
rastgele orman siniflandiricisinin ¢alisma prensibi modellenerek gosterilmektedir.
Karar agaclar1 ile rastgele orman smiflandiricisini birbirinden aywran en 6nemli
ozelliklerden biri de asir1 6grenmedir. Rastgele orman smiflandiricisinda ¢ok sayida
fakat kiiglik agaclar olusturulacagi i¢in biiyiik Gl¢lide ezberlemenin Oniine geger ve
yiiksek dogruluk orani elde etmeye yardimei olur. En sonunda elde edilen alt agaclar1
birlestirir. Yiiksek islem giiciine ihtiya¢ duyulacagi i¢in agaclarin olusturulmasi uzun

surebilmektedir.

Rastgele ormanin performansini belirleyen bir¢ok parametre mevcuttur. En 6nemli
parametre olusturulacak agac sayisidir. Genel olarak agac¢ sayisinin artmasi,

performansi yiikseltir. Fakat islem sayisini1 artirdigi i¢in uzun siirmesi beklenmektedir.

Hizin1 artirmak i¢in bagka bir parametre ise bir agacta denemeye izin verilecek
maksimum 06zellik sayisidir.(max_features) Eger modelin tiimiiniin hizin1 artirmak

isteniyorsa kullanilabilecek islemci sayisint artirmak etkili olacaktir.( N_jobs)

X dataset
M, features N, features M, featuras B, features
e e e Y
S o &0 o ® @ db Jd0o o
TREE #1 TREE #2 TREE #3 TREE #4
CLASS C CLASS D CLASS B CLASS C

| MmasorITY voTinG |
[

| FmaLcass |

Sekil 14. Random Forest smiflandiricisinin ¢alisma prensibinin gosterimi

Smiflandirmanin safligini bulabilmek i¢in Gini Index hesaplamasi yapilmaktadir.
Gini degeri ne kadar diisiik ise, sinif o kadar homojendir. Algoritmanin ¢alisma
prensibinde bir alt diiglimiin gini indeks degeri, bir iist diiglimiin gini indeksinden

kiiciik ise o dal basarili olarak degerlendirilmektedir.

Rastgele orman siniflandiricis1 ¢ok sayida aga¢ olusturuldugu i¢in, gergek zamanl
tahmin veya siniflandrmanm gerekli oldugu endiistriyel alanlarda geri planda

kalabilir. Yeteri kadar agac olusturulmadig: takdirde modelde basarisizlik meydana
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gelecegi ongoriilebilir. Bu siniflandiriciyr kullanmak duruma gore tercih edilebilecek
bir durumdur. Giinliik hayatta bankacilik, sigortacilik, e-ticaret sitelerinde oldukca

kullanilmaktadir.
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4. DERIN OGRENME

2000’11 yillarin baglarindan itibaren popiilerligini giin gegtikce artiran derin 6grenme
kavrami, makine 6grenmesinin alt dallarindan biridir. Denetimli derin beslemeli ¢ok
katmanli perceptronlar i¢cin ilk genel, 6grenme algoritmasi Ivakhnenko ve Lapa
tarafindan 1965 yilinda yayinlanmistir.(A. G. Ivakhnenko and V. G. Lapa, 1966) Derin
o0grenme terimi 2000’11 yillarm ortalarindan itibaren siklikla kullanilmis ve {lizerine

biiylik akademik caligmalar yapilmaya baslanmustir.

hidden layers

. %
input. layer ¢ :

DA
O LK

Sekil 15. Katmanli yapay sinir aglarinin gosterimi

Derin 6grenme metodunda biiylik bilgi yiginlarina anlam kazandirmak icin ¢ok
katmanli yapay sinir aglar1 kullanilmaktadwr. Katmanlar Oncelikle egitilmek
zorundadir. Sekil 15°te katmanli yapay sinir aglarinin modellemesi goriilmektedir.
Agm performansmi iist seviyeye c¢ikarabilmesi kullanilan data miktar1 ile dogru
orantilidir. Her ardigik katman, 6nceki katmandaki ¢iktiy1 girdi olarak alir.( L. Deng
and D. Yu, 2014) Derin 6grenme yaklasimi ¢oklu soyutlama yapisi ile verinin
temsillerini 6grenmek i¢in bir araya getirilmis ¢oklu isleme katmanlarinda olusur.( Y.

LeCun, Y. Bengio, and G. Hinton, 2015)
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== Derin Ogrenme

== Klasik Eski Algoritmalar

Sekil 16. Performans ile bilgi miktar: arasindaki iligki

Sekil 16.’da goriilecegi lizere data miktar1 arttik¢a yapay sinir aglarinda basar1 o kadar
artmaktadir. Grafik Isleme Unitesi(GPU) sayesinde yiiksek islem giicii kullanilarak
katmanli yapay sinir aglar1 ile tanimlama, analiz etme ve sonug¢ ¢ikarma islemlerin

yapilmasi kolaylagmaistir.

Bir goriintiiniin  smiflandirilmasinda katmalarin en alt seviyesinde pixeller yer
almaktadir. Onceden egitilmis katmanli yapay sinir aglarma input olarak verilen
goriintii, ¢esitli katmanlarda konumlandirilarak pixel bazinda analizler yapilmaktadir.
Bu katmanlarda kdseler ve kenarlar olarak siniflandirilarak, diger nesnelerden ayrilan
ozellikleri saptanmaya c¢aligilir. Diger katmanlarda ise bu kdse ve kenar bir araya
getirilerek goz, burun, kulak gibi 6zellikleri, baska katmanlarda yiizleri vs. bir araya
getirilerek incelenmekte olan goriintiiniin 6zellikleri belirlenmektedir. Derin 6grenme

metodu ile gbriintii analizinin ¢aligma prensibi Sekil 17°de gdsterilmektedir.
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Sekil 17. Derin 6grenme metoduyla goriintii tanima

Resim veya video akisindaki anlik gortintiilerini farkli katmanlarda alt boliimlere

ayirarak, onceden egitilmis aga input olarak verilerek islemler gerceklestirilmektedir.

Facebook, Microsoft, Google gibi teknoloji firmalar1 bu teknigi, yliz tanima, konugma
tanima, otomobillerde nesne tanima gibi alanlara yatirim yaparak insanlik i¢in oldukga
faydali sonuglar elde etmektedir. Son zamanlarda adindan ¢ok fazla s6z ettiren otonom
araglar, lizerlerinde bulundurdugu onlarca sensorler vasitasiyla aldiklari bilgileri
kullanarak etraftaki araclari, agaclari, canlilar1 degerlendirip kullanict ile

paylasabilmektedir.

Milyonlarca otomobil, bisiklet, yaya resimleri toplayan otomobil firmalar1 araclara
yerlestirdikleri sensOrler vasitasiyla nesneleri tanima, siiriicliyii bilgilendirme, aracin

giivenlik paketini harekete ge¢irme gibi ek 6zellikler sunmaktadir.

4.1 Grafik Isleme Unitesinin Derin Ogrenmede Kullanim

Derin 6grenme yonteminin yiiksek performansh ¢aligabilmesi i¢in birim zamanda
islenen veri miktarinm artmasi gerekmektedir. Merkezi Islem Unitesi (CPU) ile
milyonlarca veriyi paralel olarak islemek istenildiginde performans kaybina neden

olmaktadir. Derin 6grenme metodunda uygulama kodunun yaklasik %5°1 uygulamay1
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calistrmada GPU, geriye kalan yaklasik %95’inde ise srali veri isleme igin
kullanilmaktadir. Derin 6grenme, goriintli islemenin bir alt dali sayilabileceginden,
tibbi goriintii analizi problemlerin ¢oziimiinde de oldukea etkilidir.( S. K. Zhou, H.
Greenspan, and D. Shen)

2000’1 yillarin sonlarma dogru yapilan ¢alismalarda yapay sinir agin1 egitme kismini
ise GPU ile yapildiginda cok yiiksek performans elde edildigi goriilmiistiir. CPU
ardigik seri islem i¢in optimize edilen birkag ¢ekirdekten olusurken, GPU birden fazla
is1 eszamanl olarak yiirlitmek i¢in tasarlanan binlerce daha kii¢iik fakat daha yiiksek
verimle ¢alisabilen bir mimariye sahiptir. Sekil 18’de CPU ve GPU ¢ekirdeklerinin

beraber ¢aligmasi gosterilmektedir.

+

Sekil 18. CPU ve GPU ¢ekirdek yapist

4.2 Evrimlestirilmis Yapay Sinir Aglar1 (ESA)

Evrimlestirilmis yapay sinir aglari, adindan da anlasilacag iizere yapay sinir
aglarmnm ileri halidir. ESA mimarisi, birka¢ adet Konvoliisyon (Convulation) ve
Havuzlama (Pooling) katmanlari, son boliimde ise tam baglantili katmanlar ve
smiflandirma katmanindan olusur. ESA mimarisinde, giristen alinan veri ses, video,
goriintii olabilmektedir. En son asamada bir final ¢iktis1 olusturulur. Olusan final
ciktist ile istemis oldugumuz sonug arasindaki hata algoritmalar yardimiyla geri
yonde tiim agirliklara dagitimi yapilir. Bu igslemin binlerce kez tekrar edilmesiyle
beraber aglardaki agirliklar gilincellenir. Boylece hata pay1 giderek azalmis olur.

Sekil 19°da ESA mimarisinin modellemesi gosterilmistir.
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Sekil 19. ESA Mimarisi

Giris Katmani

ESA mimarisinin ilk katmanmi olusturmaktadir. Islenmemis veri, ham olarak aga
verilir. Girig olarak verilen goriintii boyutunun yiiksek olmamasi agin performansini
dogrudan etkileyen faktorlerdendir. Hem egitim hem de test siiresi i¢in girig boyutunun

diistik tutulmas1 6nemlidir.

Konvoliisyon Katman

Bu katman, belirlenmis olan herhangi filtrenin tiim goriintii {izerinde gezdirilmesi
mantigina dayanir. Sectigimiz filtreler genellikle 2x2,3x3,5x5 boyutlarmdadir. Onceki
katmanlardan gelen goriintiilere doniisiim uygulayarak yeni bir ¢ikis olustururlar.
Ogrenme islemi ilerledikge, filtrenin katsayis1 da degisir. Giris verisinin 5x5
boyutlarinda oldugunu kabul edersek ve renkli(RGB) bir goriintii {izerinde

calisilacaksa, verinin boyutu 5x5x3 olacaktir.

Sectigimiz filtre kirmizi, yesil ve mavi renk kanallar1 i¢in matris lizerinde gezdirilerek
aktivasyon haritas1 olusturulmasi amaglanir. Sekil 20’de renk kanallarma filtrenin

uygulanmasi gosterilmektedir.
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Renk Kirmizi Yesil Mavi
Kanallari
0 5 5 2 3
Giris 5 6 8 5 1
GOrintinsii mep & 4 5 2 &
(5x5) %
3 is 1 5 J 1
0 \l 0 1 l 1
| T
\ [ \
01} 0 0 |1]| 0 0o |1]| 0
Filtre 1 ol -1 1ol 1 1
(323} o111} 0 o |1]| o0 o |1]| 0
K =075+178+0%1+ (-1)*0+ ¥ = 075+175+0%2+ (-1)*6+ M = 0#3+1+5+0%4= (-1)*5+
| 079+(-1)*0= 0% 4+178+0*2 DFBH(-1)*5+ 0" 4+1*5+0%2 07 2+(-1)*8= 0*6+1*0-0%8
K=7 T =-1 M=1
7-1+1=7
AKtivasyon sy -13 | 7
Haritasi

Sekil 20. 5x5x3 olarak girig yapan goriintiiye 3x3 olarak uygulanan filtrenin
gosterimi

Havuzlama Katmani

Havuzlama katmani olarak bilinen bu katmanda genellikle konvoliisyon islemi
sonrasinda olan bir katmandir. (Castelluccio ve ark. 2015). Havuzlama katmaninin
temel gorevi kendisinden bir sonraki konvoliisyon katmanima verilecek bilginin
(genislik x yiikseklik) bilgilerini kiigiiltmektir. Boyutlar1 azalmis olan goriintii hem

ezberlemeyi onler hem de kendisinden sonraki katmanlarin is yiikiinii azaltmis olur.

Tam Baglantih Katman

Konvoliisyon katmanindan ve havuzlama katmanlarindan gegen goriintiiniin hangi
siifa oldugunu tespit etmek i¢in kullanilan katmandir. Girig yapan goriintiiniin hangi
nesne oldugunun kararin verildigi bu katmanda, ¢ikis sayisinin aktarimi saglanir.
Smiflandirmalarm yapilmasindan sonra kag tane nesne smiflandirilacaksa ayni sayida
cikis degeri olmak zorundadir. Sekil 19°da giris olarak verilen resmin siniflandirma

katmanindan sonra sonug iirettigi gosterilmektedir.

DropOut Katmani

ESA mimarisinde,aglar bazen ezberlemeye(overfitting) yonelmektedir. Bunun 6niine

gecilmesi i¢in bazi diiglimlerin ag yapist igerisinden kaldirilmasmi saglamakla
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miimkiindiir.Sekil 21.’de ESA agma DropOut katmaninin uygulanmasi gosterilmistir.

Agm performansini artirir.(Xiao ve ark. 2016)

(a) Standart ESA Ag: (b) DropOut Katmanindan
sonraki ag yapisi

Sekil 21. ESA agina DropOut katmanin uygulanmasi
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5. CART ALGORITMASI
5.1 Kullanilan Yazihim Dilleri ve Platformlar

Bu c¢alismada Anaconda platformu iizerinde bilimsel ¢alisma ortamina olanak veren
Spyder IDE’si yardimiyla Python yazilim dili kullanilarak yapilmistir. Siirlim olarak
Python 3.7 kullanilmistir.

5.2 Veri Setinin incelenmesi

Smiflandirma ¢aligmasi i¢in Kaggle platformu iizerinden tedarik edilen
data banknote authentication isimli veri seti kullanilacaktir. Bu veri seti 4 input ve 1
output degeri icermektedir. orjinal ve sahte banknot benzerlerinden alinmis 6rnek
goriintiilerden faydalanilarak hazirlanmistir. Dijitallestirme islemi i¢in endiistriyel
kamera ile 400*400 pixel goriintiiler kullanilmistir. Yaklasik 660 dpi ¢oziiniirliikte gri
renkli fotograflardan G&zellikler ¢ikarabilmek i¢in dalgacik doniisiimii araci
kullanilarak elde edilmistir. Cizelge 5.’de veri setinde yer alan siitunlar ile ilgili

bilgiler gdsterilmektedir.

Cizelge 5. Veri setindeki siitun isimleri

Input 1 Input 2 Input 3 Input 4 Output
Dalgacik Dalgacik Doniistiiriilmiis | GOriintiiniin Siif (0-1)
Doniistiiriilmiis | Dondistiiriilmiis | gériintiiniin entropisi

gbriintiiniin gbriintiiniin basiklig1 (stirekli).

varyansi egriligi

(stirekli). (stirekli)

Asagidaki Sekil 22.’de dosyadan verinin okunmus hali gosterilmektedir.
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& dataset - List (1372 elements) — O X

Index Type Size Value e
: Zlist 5 ['3.6216', '8.6661', '-2.8@Y3', '-8.44p99', '@']
1 list |5 ['4.5459', '8.1674', '-2.4586', '-1.4621', '8']
2 list 5 ['3.866', '-2.6383', '1.9242', '8.18645', '8']
3 list 5 ['3.456B", '9.5228', '-4.8112', '-3.5944', '@']
4 list 5 ['@e.32024"', '-4.,4552', '4.5718', '-8.9888"', '@']
5 list 5 ['4.3684", '9.6718', '-3.9686', '-3.1625', '@"']
b list 5 ['3.5912', '3.e129', '@.72888', '@©.56421', '@']
7 list 5 ['2.8922', '-6.81', '8.4636', '-98.68216', '@']
3 list |5 ['3.2832', '5.7588', '-@.75345', '-@.61251', '@']
9 list 5 [*1.5356", '9.1772', "-2.2718", "-8.73535", '@"]
1@ list 5 ['1.2247", '8B.7779', '-2.2135', '-8.88847", '8']
v

Save and Cloze

Sekil 22. data_banknote_authentication.csv.csv isimli dosyanin okunmast

CART algoritmasi bos veri ile ¢alismaya olanak vermesine ragmen daha hassas
sonuglar elde edbilmek amaciyla algoritma asamasina gegmeden 6nce NaN veri olup
olmadig1 kontrol edilmistir. Mevcut veri setinde rastlanmamistir. Gelistirilecek
algoritma matematiksel islemler gerektirdigi i¢in tiim verilerin float tiiriinde olmasina

dikkat edilmistir. Toplam 1372 adet veri bulunmaktadir.

5.3 Gelistirilecek CART Algoritmasinin Asamalari
Giris Parametrelerinin Atanmasi

Dosya okuma isleminden sonra smiflandirma algoritmasina gegmeden 3 adet
parametre atanmistir. Cizelge 6.’de parametre isimleri ve atanan ilk degerler

goriilmektedir.

Cizelge 6. Girig parametrelerinin gosterimi

Parametre Adi Ik Degeri
n_folds 5
max_depth 10
min_size 1
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n_folds parametresi, cross validation asamasinda veri setinin kag¢ alt veri kiimesine
ayrilacagini gdsteren parametredir. ilk deger olarak bu ¢alismada 5 belirlenmistir. 5 alt
kiimeye ayrildiktan 4 tanesi egitim i¢in 1 tanesi ise test etmek amaciyla kullanilacaktir.
max_depth parametresi, karar agacinin en fazla ulasabilecegi derinligi géstermektedir.
Ik deger olarak 10 atanmistir.min_size parametresi ise, en kii¢iik agacin boyutunu

gostermektedir. Minimum deger olarak 1 belirlenmistir.
Cross Validation

n_folds parametresi kullanilarak veriseti boliimlere ayrirken mevcut CART
algoritmasinda Random smifinin i¢inde bulunan randrange() fonksiyonu kullanilarak
0 ile len(dataset) arasinda bir index deger olusturur. Bu index degere sahip eleman
fold'lara yerlestirilir. n-1 adet alt kiime egitim ve 1 adet test verisi olmak tizere alt veri
setleri olusturulur. Cross Validation yontemi miimkiin olan en kiiciik hata ile segimleri

yapar. (Arlot S, Celisse A. ,2010:4:40-79)

Veri setini egitim ve test set olarak ayrilmasinin amaci, olasi overfitting’den kaginmak
ve modelin daha 6nceden gérmedigi veri seti lizerinde nasil performans gosterdigini

anlamak i¢indir. Sekil 23’te bu modelleme yapis1 gosterilmektedir.

All Data

Training data Test data

| Fold1 | Fold2 || Fold3 | Fold4 || Fold5 "

Split1 | Foldl | Fold2 || Fold3 | Fold4 || Fold5

Split2 | Fold1 | Fold2 || Fold3 | Fold4 | Fold5

|
|
split 3 | Fold 1 H Fold 2 HMI Fold 4 ‘ Fold 5 \
|
|

> Finding Parameters

Split4 | Fold1 | Fold2 || Fold3 || Fold4 || Fold5

Spiit5 | Fold1 | Fold2 || Fold3 || Foida || Folds | _/

Final evaluation { Test data

Sekil 23.’de Tiim veri setinden 5 alt veri setine ayrilarak capraz dogrulama isleminin
yapilmasi
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Her test verisi, dongii igersinde daha sonra egitim verisi olarak da kullanilir. n adet
sonug toplanarak ortalama deger siniflandirma igleminin dogruluk oranini

hesaplamada kullanilir.

Bu ¢alismada, mevcut CART algoritmasinda Random simifinin iginde bulunan
randrange() fonksiyonu kullanilarak 0 ile len(dataset) arasinda tiretilen bir index

yerine, asagida belirtilen asamalar isletilerek bir index deger iiretilecektir.

Step 1 :Smiflandirma sonucuna etkisi en yiiksek siitunu belirle.

Step 2: Smiflandirma sonucuna etkisi en diisiik siitunu belirle.

Step 3: Siniflandirma sonucuna etkisi en yiiksek stitunun ortalama degerini hesapla.
Step 4: Smiflandirma sonucuna etkisi en diistik stitunun ortalama degerini hesapla.

Step 5: Dongii yapisi igerisinde siniflandirma sonucuna etkisi en yiiksek siitunun
ortalama degeri, ayni siitun tizerindeki verileri dolasirken siradaki degerden biiyiikse

indexi tut ve dongiiden ¢ik.

Step 6: Dongii yapist igerisinde smiflandirma sonucuna etkisi en diigiik slitunun
ortalama degeri, ayni siitun tizerindeki verileri dolasirken siradaki degerden biiyiikse

indexi tut ve dongiiden ¢ik.

Step 7: Step 5 ve Step 6 asamalarinin ikisini de saglamiyorsa, Random simifinin i¢inde
bulunan randrange() fonksiyonu kullanilarak 0 ile len(dataset) arasinda bir index deger

iiret ve dongiiden ¢ik.

Step 1 ve Step 2 asamalarinda 4 input degerine sahip bir veri setinin sonuca en ¢ok
ve en az etkisi olan siitunlar1 belirlemek igin ayr1 bir ¢alisma yapilacaktir. Bu iKinci
calisma i¢in Spyder platformu tizerinde Python 3.7 siiriimii kullanilacaktir. Bu python
projesi icerisine Pandas ve Scikit-learn kiitiiphaneleri eklenmistir. Python yazilim dili
bu kiitliphaneler sayesinde bir¢cok islemi kisa ve kolay sekilde yapmaya imkan
vermektedir. Pandas kiitiiphanesi dosya okuma, satir ve siitunlar iizerinde 6n isleme
yapma, veriler ilizerinde istatiksel bilgiler ortaya ¢ikarma gibi konularda pratik ve

kullanict dostu bir kiitiiphanedir.
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EE dataset? - DataFrame — O =

Indesx 3.6216 8.6661 -2.8073 -0.44699 o 2

Sekil 24. Pandas kiitiiphanesi ile verilerin okunmasi

Sekil 24’te Pandas kiitiiphanesi kullanilarak verilerin python projesi iizerinden
okunmasi1 gosterilmistir. Swrasiyla 0,1,2,3 nolu siitunlar sisteme giris verisi olarak
verilecektir. 4 no’lu index ise simiflandirmanin sonucu olan ¢ikis verisini verecektir.
Scikit-learn kiitiiphanesi igerisinde yer alan train test split nesnesi yardimiyla test ve
egitim verileri otomatik sekilde ayrilacaktir. Bu ayrim sirasinda en dikkat edilmesi
gereken test size parametresidir. Parametrik deger atamasi istenildigi oranda
yapilabilinir; fakat genellikle kullanilan %25°1 test ve %751 egitim seklindedir.
Herhangi bir oran belirtilmeden train_test split(X.,y) seklinde birakilirsa, default deger
olarak arka planda 0.25 olarak ayrim gerceklesecektir. Sekil 25.’te parametrelerin

belirlenmesi ve train_test_split nesnesinin kullanimi gosterilmistir.
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5 [@author: Batuhan

& import pandas as pd

9 from sklearn.model_selection import train_test_split

12 dataset?2 = pd.read_csv('data_banknote_authentication.csv.csv')
14X
i

dataset2.iloc[:, [@]].values
dataset2.iloc[:, 4].values

17 ®_train, x_test, y_train, y_test = train_test_split(X,y,test_size=8.25,random_state=8)

Sekil 25. Input ve output parametrelerinin belirlenmesi

Scikit-learn kiitiiphanesi smiflandirma iglemini ID3 algoritmasini baz alarak
yapmaktadir. Karar agact smiflandirmasi i¢in, DecisionTreeClassifier siniflandirict

nesnesi kullanilacaktir.

DecisionTreeClassifer nesnesi bir¢ok parametre ile kullanicidan istenilen 6zellikler
dogrultusunda bir smiflandirma yapmaya imkan vermektedir. En cok kullanilan

parametreler:

criterion: Boliinmenin kalitesini belirlemek i¢in kullanilir. DecisionTreeClassifer’in
destekledigi kriterler: gini safsizlig1 i¢in gini, bilgi kazanimi i¢in ise entropi’dir.
Opsiyonel bir parametredir. Belirtilmedigi durumlarda arka planda default deger

olarak gini Kkriteri tizerinden ayrim islemlerini yapmaktadir.

splitter: Her diiglimdeki boliinmeyi belirlemek i¢in kullanilacak strateji parametresidir.
Opsiyoneldir. best veya random olmak tizere 2 farkli yontemden biri segilebilinir.
Belirtilmedigi durumlarda ise arka planda best parametresi iizerinden strateji

belirlenecektir.

max_depth: Bu parametre agacin maximum gidebilecegi derinligi belirlemek i¢in
kullanilir.  Veri tiirli olarak integer deger almak zorundadiwr. Opsiyonel bir
parametredir. Agacin maksimum derinligi belirtilmemis ise, tiim yapraklar saf olana
kadar veya tiim yapraklar min_samples_split orneklerinden daha az igerinceye kadar

diigtimler genisletilir.

min_samples_split : Bir i¢ diiglimiinii bdlmek i¢in minimum 6rnek say1 bilgisini tutar.

Arka planda parametre degeri belirtilmedigi durumlarda 2 {izerinden islemleri yapar.
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Bu ¢alismada, DecisionTreeClassifier nesnesi i¢in criterion: ‘gini’ ve max_depth:10
baslangi¢ degerleri atanarak siniflandirma yapilacaktir. Sekil 26.’da parametre

atamalarinin yapilmasi gosterilmistir.

28 from sklearn.tree import DecisionTreeClassifier
21
22

23 dtc = DecisionTreeClassifier(random_state=8,criterion="gini",max_depth=18)

Sekil 26. Smiflandiricinin projeye eklenmesi ve parametre atamalarinin
yapilmasi

x_train ve y_train egitim verileri fit() fonksiyonu yardimiyla agac egitilmektedir.
x_test verileri ise predict() fonksiyonu kullanilarak tahminleme islemi
gergeklestirilecektir. Bu fonksiyonlar scikit-learn kiitiiphanesinin kullanicilara
sagladig biiyiik bir kolayliktir. Sekil 27°de agacin egitilmesi ve tahminde
bulunulmasi iglemleri gosterilmistir. Tahmin edilen degerler ile gercek degerlerin ne
kadarinin gergeklestigini ise accuracy score fonksiyonu yardimiyla

hesaplanmaktadir.

26 dte.fit(x_train,y train)
29 result = dtc.predict(x_test)

=T e
)

Sekil 27. Egitim ve tahminleme islemlerinin uygulanmasi

Sekil 28.’de ise makinanin tahmin ettigi degerler ile gercek degerlerin yiizdesel olarak
ne kadarmin dogru ¢iktigini 6grenmek i¢in accuracy score nesnesinin kullanimi

gosterilmektedir.
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32 from sklearn.metrics impert accuracy _score
33 accuracy? = accuracy_score(y _test, result)

35 print{accuracy2)

Sekil 28. Dogruluk oraninin hesaplanmasi

0 nolu index i¢in siniflandirma sonucuna tek basina etkisini bulmak i¢in algoritma
calistiginda, Sekil 29.’da goriildiigii gibi yiizdesel bir oran elde edilmistir. Bu sonug

diger siitunlarin hicbir katkis1 olmadan elde edilmis bir degerdir.

IPython console &

[0 Console 1/a B 4

Python 3.7.3 (default, Mar 27 2019, 17:13:21) [M5C v.1915 64 bit (AMD&4)]
Type “"copyright”, “"credits" or "license” for more informaticn.

IPython 7.4.8 -- An enhanced Interactive Python.

In [1]: runfile('C:/Users/Batuhan/Desktop/untitlede.py’, wdir="C:/Users/
Batuhan/Desktop')
@.8338192419825873

In [2]:

Sekil 29. Algoritmanin sadece 0 no’lu index icin ¢alistiginda siniflandirmaya olan
etkisi

4 girig slitunu i¢in bu igslemler ayr1 ayr1 yapilip, siitunlarin tek basina smiflandirma
sonucuna etkisi goriilecektir. Bu islemler sonucunda smiflandirma i¢in en énemli ve
en az etkiye sahip siitunlar belirlenecek ve hipotezin Step 1 ve Step 2 asamalarmnin
yanitlar1 bulunmus olacaktir. 4 siitun i¢in de bu ¢aligma yapildiginda elde edilen
sonuclar Cizelge 7°te gosterilmistir.Sonuglar noktadan sonra 2 basamak olacak sekilde
diizenlenmistir. Bu yapilan ek calisma sonucunda en 6nemli siitun 1 no’lu, en az etkiye
sahip siitun ise 4 no’lu siitun oldugu sonucu ortaya ¢ikmistir. Bu siitun index degerleri

hipotezin 3.asamasina ge¢mek i¢in kullanilacaktir.

Cizelge 7. Giris siitunlarinin siniflandirma sonucuna etkisi

Siitun No Tek Basina Siniflandirma Sonucuna Etkisi

1.Sutun %83.38
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2.50tun %70.26
3.S0tun %65.88
4.Sutun %53.06

Step 1 ve Step 2 asamasinda goriilecegi lizere smiflandirma sonucuna tek basina en
yiiksek etkiyi yapan 1.siitun, en az etkiyi yapan ise 4.siitundur. Step 3 ve Step 4
asamalarinda ise float degerlere sahip bu siitunlarin ortalama degerleri
hesaplanacaktir. Cross Validation asamasinda, sirayla veriler ortalama degerden
biiylik olmasina gore karsilatirilastirip ona alt veri setlerine yerlestirilecektir. Asagida
Sekil 30°da bu 2 siitun i¢cin ortalama degerleri hesaplayan fonksiyonlar

gosterilmektedir.

def best column find Average(dataset copy):
total=0
for 1 in range(len(dataset_copy)):
total=total+float(dataset copy[i][8])

return float(total/float(len(dataset_copy)))

def worst_column_find_Awverage(dataset_copy):
total=0
for i in range(len{dataset_copy)):
total=total+float(dataset_copy[i][3])

return float(total/fleoat(len(dataset _copy)})

Sekil 30. Simiflandirmaya etkisi en fazla ve en az olan siitunlarin ortalama degerinin
bulunmas1

Cross Validation isleminde alt veri setleri olusturulurken hangi indeksli verinin
yerlesecegine karar vermek i¢in asagida Sekil 31°de belirtilen algoritma kullanilmastir.
Swrayla ana veri setindeki veriler alinip, get best index isimli fonksiyon oncelikle
agirhigi en yiiksek olan siitunun ortalama degerinde biiyiik olma durum kontrolii
yapilacaktir. Bu kosulu saglamiyorsa agirligi en az olan siitunun ortalama degerinden
biiyiik olma durum kontrolii yapilacaktir. Bu iki kosulu da eger saglamiyorsa, Random
smifinin igerisinde bulunan randrange() fonksiyonu ile 0 ile len(dataset) arasinda bir

degeri iiretip, return edecektir.
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def get_best_index(dataset copy):
for i in range(len(dataset_copy)):

if (float(dataset_copy[i][@])>best column_find_Average(dataset copy)):

break

if (float(dataset copy[i][3])»worst_column_find Average(dataset_copy)):

break
else:
return randrange(len(dataset_copy))

return i

def cross_wvalidation_split(dataset, n_folds):
dataset_split = list()
dataset_copy = list(dataset)
fold_size = (int(len(dataset) / n_folds))

for i in range(n_folds):
fold = 1list()
while len(fold) < fold size:

index =get_best index(dataset_copy)
fold.append(dataset_copy.pop(index))
dataset_split.append(fold)
return dataset_split

Sekil 31. Cross Validation isleminin yapilmasi

Cizelge 8. Veri setinin kag alt veriye ayrilacaginin gosterilmesi

Parametre Adi

Ilk Degeri

n_folds

5

Cizelge 8’te goriilecegi lizere veri setinde bulunan verilerin gelistirilen algoritmik

kurallara gore 5 adet alt veri setine doldurulmasi saglanmustir. Sekil 32°de ayrilmis

veriler gosterilmektedir.

@ dataset_split - List (5 elements)

Index  Type Size Value
; E ist 274 [['3.6216', 'B.6GE1', '-2.8873', '-0.44699', '@'], ['4.5453', 'B.1674' ...
1 list 274 [['2.2833', '3.733', '@.6312', '-8.39786', '@'], ['2.6213', '5.7913', ...
2 list 274 [['-3.9284', '4.8723', '-86.23678', '-2.1151', '1'],
3 1ist 274 [['3.2294', '7.7391', '-@.37816', '-2.5485', '@'], ['1.8373', '6.1292' ...
4 list 274 [['-2.8619', '4.5193', '-@.58123', '-4.2629', '1'], ['-1.8387', '-6.38 ...

['-1.93B9", "1.578 ...

Sekil 32. Verilerin alt veri setlerine ayrilmis hali
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Her bir alt kiimenin dogruluk sonuclarini tutabilmek igin bir liste olusturulup,
algoritmanm tamamlanma asamasindan sonra ortalama dogruluk oranini
hesaplayabilmek i¢in kullanilacaktir. Sekil 33’de Once cross validation split
fonksiyonu yardimiyla veri setinden 6rnekler parametrede belirlenen deger kadar alt

veri setlerine yerlestirilir.

def evaluate algorithm(dataset, algorithm, n_folds, *args):
folds = cross_validation_split({dataset, n_folds)
scores = list()
for fold in folds:
train_set = list(folds)
train_set.remove(fold)
train_set = sum({train_set, [])
test_set = list()
for row in fold:
row_copy = list(row)
test_set.append(row_copy)
row_copy[-1] = Mone
predicted = algorithm{train_set, test_set, *args)
actual = [row[-1] for row in fold]
accuracy = accuracy_metric(actual, predicted)
scores.append (accuracy)
return scores

Sekil 33. Veri setinden alt veri setlerine verilerin yerlestirilmesi

Uzerinde ¢ahisilacak olan veri seti icin 5 ayr1 alt veri seti olusturulacaktir. Sonraki
stirecte sirayla 1. Alt veri seti test roliine, geri kalan 4 alt veri seti ise egitim veri seti
roliinli istlenecektir. Sekil 34°te bu c¢apraz kontrol isleminin modellenmis hali

gosterilmektedir.

Alt veri setleri olusturma iglemi gergeklestirildikten sonraki asama agacin olusturulma
asamasidir. Agacin olusmasi icin bazi asgari parametrelere ihtiyag bulunmaktadir.
Karar agacinin olusmasi i¢in egitim veri seti, test veri seti, agacin maksimum derinlik

bilgisi ve minimum olusacak agac¢ sayis1 parametreleri gonderilmektedir.
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k-Folds Cross Validation Testing Data [
Training Data.

Fold 1 Fold 2 Fold 3

|

v
v

Sekil 34. Capraz dogrulama yonteminin gosterimi

Agacmn insa edilmesi i¢in Oncelikle kok ve diiglimlerinin tespit edilmesi ve hangi
ozelliklere bakilarak yapraklarin olusturulacaginin belirlenmesi gerekmektedir. Sekil

35°te build _tree fonksiyonu kullanilarak agacin insa edilecegi adim gosterilmistir.

def decision_tree(train, test, max_depth, min_size):
tree = build tree(train, max_depth, min_size)
predictions = list()
for row in test:
prediction = predict(tree, row)
predictions.append({prediction)
return{predictions)

Sekil 35. Karar agaci olusturma igleminin gosterimi
Kok diigiimiin hangisinin olacagmin karar1 get split fonksiyonu yardimiyla
yapilacaktir. Kok diiglimiin ve bir sonraki diigiimlerin belirlenmesi agacin

olusmasinda hayati 6neme sahiptir. Sekil 36’da aga¢ olusturma asamasinda 6ncelikle

kok ve diiglimleri belirleyen yapi1 gosterilmektedir.
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def build tree(train, max_depth, min_size):
roct = get split{train)

split(root, max_depth, min_size, 1)

return root

Sekil 36. get_split fonksiyonu ile kok belirleme isleminin yapilmast

Kok diigiimden sonra ilk hangi nitelikten bdliinecegi ve kurallarinin tespit
edilmesi gerekmektedir. En iyi ayrim noktalarmin tespit edilmesi i¢in Sekil 37°de
gini index yontemi kullanilmistir. Gini index degeri, bir sinifin i¢indeki izafi
olarak sikligini ifade eder. Her bir 6zellik i¢in ayr1 ayr1 hesaplanan Gini degerleri
arasindan en kii¢iik olan1 secilir. Boliinme islemi bu degere gore yapilmaktadir.

Bu islemler kalan veriler i¢in de tekrar edilir ve diger boliinmeler i¢in hesaplanir.

def get split(dataset):
class_walues = list(set{row[-1] for row in dataset))
b_index, b _wvalue, b _score, b _groups = 1@, 1@, 18, None
for index in range(len(dataset[2])-1):
for row in dataset:
groups = test split(index, row[index], dataset)
gini = gini index{groups, class wvalues)
if gini <= b_score:
b_index, b walue, b score, b groups = index, row[index], gini, groups
return {'index':b_index, ‘walue':b walue, 'groups':b_groups}

Sekil 37. Gini index degerlerine gére ayrim yapilmasi

Gini index metodu bilimsel ¢alismalarda olduk¢a fazla kullanilmaktadir. Gini deger
hesaplama islemlerinin Python dilinde yapilmas1 Sekil 38’de gosterilmektedir. Sekil
38’de Gini degerinin hesaplanmasi i¢in fonksiyon guruplar ve smiflar olarak 2 adet

parametre aldig1 goriilmektedir.
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def gini_index{groups, classes):
n_instances = float(sum{[len{group) for group in groups]))

gini = @&.8
for group in groups:
size = fleat(len(group))

if size == @:
continue
score = @.8

for class wal in classes:
p = [row[-1] for row in group].count(class_wval) / (size)
score += (p * pl

gini += (1.8 - score) * (size / n_instances)
return gini

Sekil 38. Gini degerinin Python dilinde hesaplanmasimnin gosterimi

Bir diigiimiin altinda olusturulacak alt dallarin belirlenmesi i¢in Sekil 39°daki split
fonksiyonu kullanilacaktir. Bu fonksiyon maksimum derinlik, minimum agac¢ sayisi
parametrelerini kullanarak agaclar1 olusturacaktir. Agaci olusturmadan 6nce ayrim

kontrolii ve maksimum derinlige ulasip olusmadigi1 kontrol edilecektir.

def split(nocde, max_depth, min_size, depth):
left, right = node[ "‘groups']
del{node[ 'groups'])

if not left or not right:
node[ "left’] = noede[ 'right’] = to_terminal(left + right)
return

if depth »= max_depth:
node[ "left"], node[ 'right'] = to_terminal({left), to_terminal{right)
return

if len{left) <= min_size:
node[ "left'] = to_terminal(left)
else:
node[ "left’'] = get_split(left)
split(node[ "left'], max_depth, min_size, depth+l)

if len{right) <= min_size:
node[ "right'] = to_terminal(right)
else:
node[ "right"] = get_split({right)
split({node[ "right'], max_depth, min_size, depth+l)

Sekil 39. Split fonksiyonun Python yazilim dilinde olusturulmasi
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Split fonksiyonu ile aga¢ yapisi tasarlandiktan sonra verileri sirasiyla tahmin iglemleri
yapilacaktir. Oncelikle sol diigiim sonra sag diigiim kontrol edilecektir. Sekil 40°da bu

islemlerin algoritmik olarak gelistirmesi gosterilmistir.

def predict{node, row):
if row[node[ "index"]] < node[ "value']:
if isinstance(node['left'], dict):
return predict({node['left'], row)
else:
return node[ "left’]
else:
if isinstance(node[ 'right'], dict):
return predict(node[ 'right'], row)
else:
return node[ 'right"]

Sekil 40. Agag kullanarak tahmin iglemlerinin yapilmasi

Dongii icerisinde her bir alt veri seti igerisindeki Ornekler i¢in tahmin islemleri
yapildiginda sonunda 5 farkli alt veri seti i¢in tahminler olugsmus olacaktir. Scores
isimli olusturulacak liste i¢erisine sonuglar yerlestirilecektir. Makinanin tahimn ettigi
deger ile gergekteki verilerin karsilastirmasini yapabilmek amaciyla accuracy metric
fonksiyonu kullanilacaktir. Kolay olusturulacak bir for dongiisii icerisinde dogru sayisi
belirlenecek ve kontrol edilen veriler igerisindeki orani hesaplanacaktir. Python
yazilim dilinde dogruluk oraninin bulunmas i¢in kullanilacak fonksiyon Sekil 41°de

gosterilmistir.

def accuracy metric(actual, predicted):
correct = @
for i in range(len(actual)):
if actual[i] == predicted[i]:
correct += 1
return correct / float({len(actual)) * lea.a

Sekil 41. Dogruluk oraninin hesaplanmasi
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accuracy metric fonksiyonu calistiginda float veri tiiriinde bir deger dondiirecek ve
scores list yapist icerisine 5 kere eklenecektir. Bu algoritmik yapt Sekil 42°de

gosterilmistir.

for fold in folds:
train_set = list(folds)
train_set.remove(fold)
train_set = sum(train_set, [])
test_set = list()
for row in fold:
row_copy = list(row)
test_set.append(row_copy)
row_copy[-1] = None
predicted = algorithm(train_set, test_set, *args)
actual = [row[-1] for row in fold]
accuracy = accuracy_metric(actual, predicted)
scores.append(accuracy)
return scores

Sekil 42. Dogruluk oranlarmin liste yapisina atanmasi

Dongii yapis1 sona erdigi ve yiizdelik oranlarin belirlenme islemi sonra 5 farkli alt veri
seti i¢cin dogruluk oranlar1 hesaplanacaktir. Bazi alt veri setleri i¢in daha yiiksek bazi
alt veri setleri i¢in daha diisiik yiizdelik oranmnin ortaya ¢ikmasi beklenecektir.
Kullanilan 6rnekler, bir paranin sahte mi gercek mi oldugunu gdésteren ve float veri
tliriindeki ozellikleri igeren bir veri setidir. Sekil 43’te Scores listesinin igerisine

yerlestirilen 5 farkli dogruluk orani bilgisi gosterilmektedir.
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# scores - List (5 elements) - O >

Index  Type  Size Value

EE éflnat 1 96.71532846715328
Imm“m float 1 97 .88829197880292
2 float 1 96.71532846715328
3 float 1 99.63583649635837

4 float 1 96.71532846715328

Save and Close

Sekil 43. Scores listesinin igerisindeki degerlerin listelenmesi

5 alt veri seti i¢in elde edilen dogruluk oranlarinin hangisinin tiim model i¢in baz
almacaginin belirlenmesi i¢in tiim degerlerin aritmetik ortalamasinin bulunmasi islemi
yapilacaktir. Sekil 44’te hem 5 alt veri setinin dogruluk oranlarmin listelenmesi, hem
modelin ortalama dogruluk degerinin bulunmasi, hem de 5 alt veri seti i¢in en yiiksek

dogruluk oraninin rapor halinde gdsterilmesi i¢in hazirlanan kod bloku goriilmektedir.

scores = evaluate algorithmi{dataset, decisiocn_tree, n_folds, max_depth, min_size)
print('Scores: ¥s' ¥ scores)

print(‘'Mean Accuracy: ¥.3TEX' ¥ (sum(scores)/float({len(scores))))

print('Max Scores: ¥.3T¥¥" ¥ max(scores))

Sekil 44. Sonuclar1 gésteren kod bloku

IPython Console yardimiyla sonuglar listelenmek istenildiginde Sekil 45°deki
sonuclar elde edilecektir.
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IPython console [
[ Console 1/a B =

IPython 7.4.8 -- An enhanced Interactive Python.

In [1]: runfile('C:/Users/Batuhan/Desktop/Batuhan_New Cart_ Algorithm.py',
wdir="C:/Users/Batuhan/Desktop’)

Scores: [96.71532846715328, 97.88829197888292, 96.71532846715328,
99.635836496350837, 96.71532546715328)

Mean Accuracy: 97.372%

Max Scores: 99.635%

In [2]: |
IPython console History log

Sekil 45. Sonuglarin rapor halinde listelenmesi
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6.SONUC VE ONERILER

Geleneksel CART algoritmasi kullanilarak ayni veri seti ile simiflandirma yapildiginda

edilen n adet Accuracy, Max. Score, Mean Accuracy degerleri asagida Sekil 46’da

gosterilmistir.

IPython console

[0 Console 1/4 B3

In [2]: runfile('C:/Users/Batuhan/Desktop/untitledd.py’, wdir="C:/Users/Batuhan/
Desktop')

Scores: [96.35036496358365, 97.85829197088292, 97.3182189781822,
97.88029197088292, 97.880829197888292]

Mean Accuracy: 97.888%

Max Scores: 97.518%

In [3]: |

IPython console History log

Sekil 46. Geleneksel CART algoritmasi ile smiflandirma sonuglarmin gosterimi

Ayni1 veri seti kullanilarak yapilan algoritmik gelistirmeler sonucunda yeni CART

algoritmasiyla siniflandirma islemi yapildiginda elde edilen sonuglar Sekil 47°de

gosterilmistir.

In [4]: runfile('C:/Users/Batuhan/Desktop/pandas_calismasi.py’, wdir="C:/Users/
Batuhan/Desktop')

Scores: [96.71532846715328, 07.88029197@88202, 06.715328465715328,
99,635836496350837, 96.71532846715328]

Mean Accuracy: 97.372%

Max Scores: 99.635%

Sekil 47. Algoritmik degisiklikler sonrast CART algoritmasi ile siniflandirma
sonuglar1

Cross Validation agamasmda verilerin 5 alt sete ayrmm i¢in yapilan algoritmik
gelistirmeler sonucu daha dogru bir agac¢ yapisi ile max score ve mean scores

oranlarinda performans artis1 oldugu goriilmektedir. Endiistriyel alanda siniflandirma
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islemi yapilmak istenildiginde 6n ¢alisma yapilarak, siiflandirmaya etkisi en az ve en
cok olan ozelliklerin belirlenmesinin 6nemi ortaya c¢ikmustir. Yeni algoritmik
gelistirmeler sonrasinda float veri tipindeki veriler kullanildiginda 6zellikle finans
sektoriinde miisteri risk analizi, fraud detection gibi alanlarda dogruluk oranlarmin
oldukca artacagi oOngorilmistiir. Endiistriyel alanda elde edilecek basarmin
smiflandirma algoritmalarina olan ilginin ve Ar-Ge c¢alismalarinin ilerleyen yillarda

daha da artacagi diisiiniilmektedir.

Smiflandirma algoritmalar1 dogru veriler ile calisildigi takdirde finans alaninda
kullanildiginda oldukg¢a dogru sonuclar elde edilebilmektedir. Yiizde %80 dogruluk
orani ve lzerinde bir oran ile modeller olusturulmus ise, %0.5’lik bir artig bile
sirketlerin finansal tablolarma biiyiik katki saglayacagi asikardir. Biiyiime hedefleri
olan firmalarin bu alana yatirim yapmalar1 ¢carpan katsayisi ¢ok yiiksek oranda geri
dontistime yol acacak ve sirket hafizas1 olusmasinda biiyiik faydalar yaratacaktir. Tiirk
bankacilik sisteminde bir¢ok kurumun veri bilimi ekipleri kurup, islenmemis
verilerden anlamli veriler iiretmeye cabalamasi ve elde ettigi somut sonuglari
bilancolarina yansitmalar1 veri bilimi sahasina olan ihtiyaci artiracak ve popiilerligi

yiikselecektir.

Biiyiik veri yiginlarini isleyebilecek giiclii makinelerin ortaya ¢ikmasi ile problemlere
0zgii ¢oziim yollar1 inga edebilecek nitelikli miihendislere olan talebi artiracak ve AR-
GE yatirimlarm &niiniin agilacagi dngoriilmektedir. Oniimiizdeki 20 senelik zaman
diliminde, diinyanin en ¢ok talep edilen mesleklerinden biri olacagini gormek miimkiin
olacaktir. Gelecekte yeni smiflandirma algoritmalar1 ve performans iyilestirmeleri

sayesinde daha yiiksek oranlarda dogruluk oranlar elde edilebilinir.
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EKLER

1.Smiflandirma islemi 6ncesinde (0-1-2-3) nolu indekslerin en giiclii ve en zayif
ozelliklerin belirlenmesi i¢in kullanilan algoritma asagidaki gibidir.

HHHHHH
import pandas as pd
from sklearn.model_selection import train_test_split

# csv dosyamizi okuduk.
dataset2 = pd.read_csv('data_banknote_authentication.csv.csv')

X = dataset2.iloc[:, [0]].values
y = dataset2.iloc[:, 4].values

X_train, X_test, y_train, y_test =train_test_split(X,y,test_size=0.25,random_state=0)

# DecisionTreeClassifier sinifin1 import ettik
from sklearn.tree import DecisionTreeClassifier

# DecisionTreeClassifier sinifindan bir nesne tirettik
dtc = DecisionTreeClassifier(random_state=0,criterion="gini’,max_depth=10)

# Makineyi egitiyoruz
dtc.fit(x_train,y_train)

# Test veri kiimemizi verdik ve tahmin islemini gergeklestirdik

result = dtc.predict(x_test)

# Basar1 Orani
from sklearn.metrics import accuracy_score
accuracy2 = accuracy_score(y_test, result)

print(accuracy?)
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2.Sonuca etkisi en yiiksek ve en az olan 6zellikler belirlendikten sonra siniflandirma
isleminin gerceklestirildigi algoritma asagidaki gibidir.

# -*- coding: utf-8 -*-

Created on 11.08.2019 17:29

@author: Batuhan Bilenler

from random import seed
from random import randrange
from csv import reader

# Load a CSV file

def load_csv(filename):
file = open(filename, "r")
lines = reader(file)
dataset = list(lines)
return dataset

def best_column_find_Average(dataset_copy):
total=0
for i in range(len(dataset_copy)):
total=total+float(dataset_copy[i][0])

return float(total/float(len(dataset_copy)))
def worst_column_find_Average(dataset_copy):
total=0
for i in range(len(dataset_copy)):
total=total+float(dataset_copy[i][3])

return float(total/float(len(dataset_copy)))

def get_best_index(dataset_copy):
for i in range(len(dataset_copy)):

if (float(dataset_copy[i][0])>best_column_find_Average(dataset_copy)):
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break

if (float(dataset_copy[i][3])>worst_column_find_Average(dataset_copy)):
break

else:
return randrange(len(dataset_copy))

return i

# Split a dataset into k folds

def cross_validation_split(dataset, n_folds):
dataset_split = list()
dataset_copy = list(dataset)
fold_size = (int(len(dataset) / n_folds))

for i in range(n_folds):
fold = list()
while len(fold) < fold_size:

index =get_best_index(dataset_copy)
fold.append(dataset_copy.pop(index))
dataset_split.append(fold)
return dataset_split

# Calculate accuracy percentage
def accuracy_metric(actual, predicted):
correct=0
for i in range(len(actual)):
if actual[i] == predicted[i]:
correct +=1
return correct / float(len(actual)) * 100.0

# Evaluate an algorithm using a cross validation split
def evaluate_algorithm(dataset, algorithm, n_folds, *args):
folds = cross_validation_split(dataset, n_folds)
scores = list()
for fold in folds:
train_set = list(folds)
train_set.remove(fold)
train_set = sum(train_set, [])
test_set = list()
for row in fold:
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row_copy = list(row)
test_set.append(row_copy)
row_copy[-1] = None

predicted = algorithm(train_set, test_set, *args)

actual = [row[-1] for row in fold]

accuracy = accuracy_metric(actual, predicted)

scores.append(accuracy)

return scores

# Split a dataset based on an attribute and an attribute value
def test_split(index, value, dataset):
left, right = list(), list()
for row in dataset:
if row[index] <= value:
left.append(row)
else:
right.append(row)
return left, right

# Calculate the Gini index for a split dataset
def gini_index(groups, classes):
# count all samples at split point
n_instances = float(sum([len(group) for group in groups]))
# sum weighted Gini index for each group
gini=0.0
for group in groups:
size = float(len(group))
# avoid divide by zero
if size == 0:
continue
score = 0.0
# score the group based on the score for each class
for class_val in classes:
p = [row[-1] for row in group].count(class_val) / (size)
score += (p * p)

# weight the group score by its relative size
gini += (1.0 - score) * (size / n_instances)

return gini

# Select the best split point for a dataset
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def get_split(dataset):
class_values = list(set(row[-1] for row in dataset))
b_index, b_value, b_score, b_groups = 10, 10, 10, None
for index in range(len(dataset[0])-1):
for row in dataset:
groups = test_split(index, row[index], dataset)
gini = gini_index(groups, class_values)
if gini <=b_score:
b_index, b_value, b_score, b_groups = index,
row[index], gini, groups
return {'index":b_index, 'value':b_value, ‘groups':b_groups}

# Create a terminal node value
def to_terminal(group):
outcomes = [row[-1] for row in group]
return max(set(outcomes), key=outcomes.count)

# Create child splits for a node or make terminal
def split(node, max_depth, min_size, depth):
left, right = node['groups’]
del(node['groups])
# check for a no split
if not left or not right:
node['left’] = node['right’] = to_terminal(left + right)
return
# check for max depth
if depth >= max_depth:
node['left], node['right’] = to_terminal(left), to_terminal(right)
return
# process left child
if len(left) <= min_size:
node['left] = to_terminal(left)
else:
node['left] = get_split(left)
split(node['left’], max_depth, min_size, depth+1)
# process right child
if len(right) <= min_size:
node['right] = to_terminal(right)
else:
node['right] = get_split(right)
split(node['right'], max_depth, min_size, depth+1)
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# Build a decision tree

def build_tree(train, max_depth, min_size):
root = get_split(train)
split(root, max_depth, min_size, 1)
return root

# Make a prediction with a decision tree
def predict(node, row):
if row[node['index] < node['value:
if isinstance(node['left’], dict):
return predict(node['left’], row)
else:
return node['left’]
else:
if isinstance(node['right7, dict):
return predict(node['right’], row)
else:
return node['right’]

# Classification and Regression Tree Algorithm
def decision_tree(train, test, max_depth, min_size):
tree = build_tree(train, max_depth, min_size)
predictions = list()
for row in test:
prediction = predict(tree, row)
predictions.append(prediction)
return(predictions)

# Test CART on Bank Note dataset

seed(1)

# load and prepare data

filename = 'data_banknote_authentication.csv.csv'
dataset = load_csv(filename)

# convert string attributes to integers

# evaluate algorithm

n_folds=5

max_depth = 10

min_size =1

scores = evaluate_algorithm(dataset, decision_tree, n_folds, max_depth, min_size)
print('Scores: %s' % scores)
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print('Mean Accuracy: %.3f%%' % (sum(scores)/float(len(scores))))
print('Max Scores: %.3f%%' % max(scores))

3.Kullamlan Veri Seti (data_banknote authentication.csv)

3.6216,8.6661,-2.8073,-0.44699,0
4.5459,8.1674,-2.4586,-1.4621,0
3.866,-2.6383,1.9242,0.10645,0
3.4566,9.5228,-4.0112,-3.5944,0
0.32924,-4.4552,4.5718,-0.9888,0
4.3684,9.6718,-3.9606,-3.1625,0
3.5912,3.0129,0.72888,0.56421,0
2.0922,-6.81,8.4636,-0.60216,0
3.2032,5.7588,-0.75345,-0.61251,0
1.5356,9.1772,-2.2718,-0.73535,0
1.2247,8.7779,-2.2135,-0.80647,0
3.9899,-2.7066,2.3946,0.86291,0
1.8993,7.6625,0.15394,-3.1108,0
-1.5768,10.843,2.5462,-2.9362,0
3.404,8.7261,-2.9915,-0.57242,0
4.6765,-3.3895,3.4896,1.4771,0
2.6719,3.0646,0.37158,0.58619,0
0.80355,2.8473,4.3439,0.6017,0
1.4479,-4.8794,8.3428,-2.1086,0
5.2423,11.0272,-4.353,-4.1013,0
5.7867,7.8902,-2.6196,-0.48708,0
0.3292,-4.4552,4.5718,-0.9888,0
3.9362,10.1622,-3.8235,-4.0172,0
0.93584,8.8855,-1.6831,-1.6599,0
4.4338,9.887,-4.6795,-3.7483,0
0.7057,-5.4981,8.3368,-2.8715,0
1.1432,-3.7413,5.5777,-0.63578,0
-0.38214,8.3909,2.1624,-3.7405,0
6.5633,9.8187,-4.4113,-3.2258,0
4.8906,-3.3584,3.4202,1.0905,0
-0.24811,-0.17797,4.9068,0.15429,0
1.4884,3.6274,3.308,0.48921,0
4.2969,7.617,-2.3874,-0.96164,0
-0.96511,9.4111,1.7305,-4.8629,0
-1.6162,0.80908,8.1628,0.60817,0
2.4391,6.4417,-0.80743,-0.69139,0
2.6881,6.0195,-0.46641,-0.69268,0
3.6289,0.81322,1.6277,0.77627,0
4.5679,3.1929,-2.1055,0.29653,0
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3.4805,9.7008,-3.7541,-3.4379,0
4.1711,8.722,-3.0224,-0.59699,0
-0.2062,9.2207,-3.7044,-6.8103,0
-0.0068919,9.2931,-0.41243,-1.9638,0
0.96441,5.8395,2.3235,0.066365,0
2.8561,6.9176,-0.79372,0.48403,0
-0.7869,9.5663,-3.7867,-7.5034,0
2.0843,6.6258,0.48382,-2.2134,0
-0.7869,9.5663,-3.7867,-7.5034,0
3.9102,6.065,-2.4534,-0.68234,0
1.6349,3.286,2.8753,0.087054,0
4.3239,-4.8835,3.4356,-0.5776,0
5.262,3.9834,-1.5572,1.0103,0
3.1452,5.825,-0.51439,-1.4944,0
2.549,6.1499,-1.1605,-1.2371,0
4.9264,5.496,-2.4774,-0.50648,0
4.8265,0.80287,1.6371,1.1875,0
2.5635,6.7769,-0.61979,0.38576,0
5.807,5.0097,-2.2384,0.43878,0
3.1377,-4.1096,4.5701,0.98963,0
-0.78289,11.3603,-0.37644,-7.0495,0
2.888,0.44696,4.5907,-0.24398,0
0.49665,5.527,1.7785,-0.47156,0
4.2586,11.2962,-4.0943,-4.3457,0
1.7939,-1.1174,1.5454,-0.26079,0
5.4021,3.1039,-1.1536,1.5651,0
2.5367,2.599,2.0938,0.20085,0
4.6054,-4.0765,2.7587,0.31981,0
2.4235,9.5332,-3.0789,-2.7746,0
1.0009,7.7846,-0.28219,-2.6608,0
0.12326,8.9848,-0.9351,-2.4332,0
3.9529,-2.3548,2.3792,0.48274,0
4.1373,0.49248,1.093,1.8276,0
4.7181,10.0153,-3.9486,-3.8582,0
4.1654,-3.4495,3.643,1.0879,0
4.4069,10.9072,-4.5775,-4.4271,0
2.3066,3.5364,0.57551,0.41938,0
3.7935,7.9853,-2.5477,-1.872,0
0.049175,6.1437,1.7828,-0.72113,0
0.24835,7.6439,0.9885,-0.87371,0
1.1317,3.9647,3.3979,0.84351,0
2.8033,9.0862,-3.3668,-1.0224,0
4.4682,2.2907,0.95766,0.83058,0
5.0185,8.5978,-2.9375,-1.281,0
1.8664,7.7763,-0.23849,-2.9634,0
3.245,6.63,-0.63435,0.86937,0
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4.0296,2.6756,0.80685,0.71679,0
-1.1313,1.9037,7.5339,1.022,0
0.87603,6.8141,0.84198,-0.17156,0
4.1197,-2.7956,2.0707,0.67412,0
3.8027,0.81529,2.1041,1.0245,0
1.4806,7.6377,-2.7876,-1.0341,0
4.0632,3.584,0.72545,0.39481,0
4.3064,8.2068,-2.7824,-1.4336,0
2.4486,-6.3175,7.9632,0.20602,0
3.2718,1.7837,2.1161,0.61334,0
-0.64472,-4.6062,8.347,-2.7099,0
2.9543,1.076,0.64577,0.89394,0
2.1616,-6.8804,8.1517,-0.081048,0
3.82,10.9279,-4.0112,-5.0284,0
-2.7419,11.4038,2.5394,-5.5793,0
3.3669,-5.1856,3.6935,-1.1427,0
4.5597,-2.4211,2.6413,1.6168,0
5.1129,-0.49871,0.62863,1.1189,0
3.3397,-4.6145,3.9823,-0.23751,0
4.2027,0.22761,0.96108,0.97282,0
3.5438,1.2395,1.997,2.1547,0
2.3136,10.6651,-3.5288,-4.7672,0
-1.8584,7.886,-1.6643,-1.8384,0
3.106,9.5414,-4.2536,-4.003,0
2.9163,10.8306,-3.3437,-4.122,0
3.9922,-4.4676,3.7304,-0.1095,0
1.518,5.6946,0.094818,-0.026738,0
3.2351,9.647,-3.2074,-2.5948,0
4.2188,6.8162,-1.2804,0.76076,0
1.7819,6.9176,-1.2744,-1.5759,0
2.5331,2.9135,-0.822,-0.12243,0
3.8969,7.4163,-1.8245,0.14007,0
2.108,6.7955,-0.1708,0.4905,0
2.8969,0.70768,2.29,1.8663,0
0.9297,-3.7971,4.6429,-0.2957,0
3.4642,10.6878,-3.4071,-4.109,0
4.0713,10.4023,-4.1722,-4.7582,0
-1.4572,9.1214,1.7425,-5.1241,0
-1.5075,1.9224,7.1466,0.89136,0
-0.91718,9.9884,1.1804,-5.2263,0
2.994,7.2011,-1.2153,0.3211,0
-2.343,12.9516,3.3285,-5.9426,0
3.7818,-2.8846,2.2558,-0.15734,0
4.6689,1.3098,0.055404,1.909,0
3.4663,1.1112,1.7425,1.3388,0
3.2697,-4.3414,3.6884,-0.29829,0
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5.1302,8.6703,-2.8913,-1.5086,0
2.0139,6.1416,0.37929,0.56938,0
0.4339,5.5395,2.033,-0.40432,0
-1.0401,9.3987,0.85998,-5.3336,0
4.1605,11.2196,-3.6136,-4.0819,0
5.438,9.4669,-4.9417,-3.9202,0
5.032,8.2026,-2.6256,-1.0341,0
5.2418,10.5388,-4.1174,-4.2797,0
-0.2062,9.2207,-3.7044,-6.8103,0
2.0911,0.94358,4.5512,1.234,0
1.7317,-0.34765,4.1905,-0.99138,0
4.1736,3.3336,-1.4244,0.60429,0
3.9232,-3.2467,3.4579,0.83705,0
3.8481,10.1539,-3.8561,-4.2228,0
0.5195,-3.2633,3.0895,-0.9849,0
3.8584,0.78425,1.1033,1.7008,0
1.7496,-0.1759,5.1827,1.2922,0
3.6277,0.9829,0.68861,0.63403,0
2.7391,7.4018,0.071684,-2.5302,0
4.5447,8.2274,-2.4166,-1.5875,0
-1.7599,11.9211,2.6756,-3.3241,0
5.0691,0.21313,0.20278,1.2095,0
3.4591,11.112,-4.2039,-5.0931,0
1.9358,8.1654,-0.023425,-2.2586,0
2.486,-0.99533,5.3404,-0.15475,0
2.4226,-4.5752,5.947,0.21507,0
3.9479,-3.7723,2.883,0.019813,0
2.2634,-4.4862,3.6558,-0.61251,0
1.3566,4.2358,2.1341,0.3211,0
5.0452,3.8964,-1.4304,0.86291,0
3.5499,8.6165,-3.2794,-1.2009,0
0.17346,7.8695,0.26876,-3.7883,0
2.4008,9.3593,-3.3565,-3.3526,0
4.8851,1.5995,-0.00029081,1.6401,0
4.1927,-3.2674,2.5839,0.21766,0
1.1166,8.6496,-0.96252,-1.8112,0
1.0235,6.901,-2.0062,-2.7125,0
-1.803,11.8818,2.0458,-5.2728,0
0.11739,6.2761,-1.5495,-2.4746,0
0.5706,-0.0248,1.2421,-0.5621,0
4.0552,-2.4583,2.2806,1.0323,0
-1.6952,1.0657,8.8294,0.94955,0
-1.1193,10.7271,2.0938,-5.6504,0
1.8799,2.4707,2.4931,0.37671,0
3.583,-3.7971,3.4391,-0.12501,0
0.19081,9.1297,-3.725,-5.8224,0
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3.6582,5.6864,-1.7157,-0.23751,0
-0.13144,-1.7775,8.3316,0.35214,0
2.3925,9.798,-3.0361,-2.8224,0
1.6426,3.0149,0.22849,-0.147,0
-0.11783,-1.5789,8.03,-0.028031,0
-0.69572,8.6165,1.8419,-4.3289,0
2.9421,7.4101,-0.97709,-0.88406,0
-1.7559,11.9459,3.0946,-4.8978,0
-1.2537,10.8803,1.931,-4.3237,0
3.2585,-4.4614,3.8024,-0.15087,0
1.8314,6.3672,-0.036278,0.049554,0
4.5645,-3.6275,2.8684,0.27714,0
2.7365,-5.0325,6.6608,-0.57889,0
0.9297,-3.7971,4.6429,-0.2957,0
3.9663,10.1684,-4.1131,-4.6056,0
1.4578,-0.08485,4.1785,0.59136,0
4.8272,3.0687,0.68604,0.80731,0
-2.341,12.3784,0.70403,-7.5836,0
-1.8584,7.886,-1.6643,-1.8384,0
4.1454,7.257,-1.9153,-0.86078,0
1.9157,6.0816,0.23705,-2.0116,0
4.0215,-2.1914,2.4648,1.1409,0
5.8862,5.8747,-2.8167,-0.30087,0
-2.0897,10.8265,2.3603,-3.4198,0
4.0026,-3.5943,3.5573,0.26809,0
-0.78689,9.5663,-3.7867,-7.5034,0
4.1757,10.2615,-3.8552,-4.3056,0
0.83292,7.5404,0.65005,-0.92544,0
4.8077,2.2327,-0.26334,1.5534,0
5.3063,5.2684,-2.8904,-0.52716,0
2.5605,9.2683,-3.5913,-1.356,0
2.1059,7.6046,-0.47755,-1.8461,0
2.1721,-0.73874,5.4672,-0.72371,0
4.2899,9.1814,-4.6067,-4.3263,0
3.5156,10.1891,-4.2759,-4.978,0
2.614,8.0081,-3.7258,-1.3069,0
0.68087,2.3259,4.9085,0.54998,0
4.1962,0.74493,0.83256,0.753,0
6.0919,2.9673,-1.3267,1.4551,0
1.3234,3.2964,0.2362,-0.11984,0
1.3264,1.0326,5.6566,-0.41337,0
-0.16735,7.6274,1.2061,-3.6241,0
-1.3,10.2678,-2.953,-5.8638,0
-2.2261,12.5398,2.9438,-3.5258,0
2.4196,6.4665,-0.75688,0.228,0
1.0987,0.6394,5.989,-0.58277,0



4.6464,10.5326,-4.5852,-4.206,0
-0.36038,4.1158,3.1143,-0.37199,0
1.3562,3.2136,4.3465,0.78662,0
0.5706,-0.0248,1.2421,-0.5621,0
-2.6479,10.1374,-1.331,-5.4707,0
3.1219,-3.137,1.9259,-0.37458,0
5.4944,1.5478,0.041694,1.9284,0
-1.3389,1.552,7.0806,1.031,0
-2.3361,11.9604,3.0835,-5.4435,0
2.2596,-0.033118,4.7355,-0.2776,0
0.46901,-0.63321,7.3848,0.36507,0
2.7296,2.8701,0.51124,0.5099,0
2.0466,2.03,2.1761,-0.083634,0
-1.3274,9.498,2.4408,-5.2689,0
3.8905,-2.1521,2.6302,1.1047,0
3.9994,0.90427,1.1693,1.6892,0
2.3952,9.5083,-3.1783,-3.0086,0
3.2704,6.9321,-1.0456,0.23447,0
-1.3931,1.5664,7.5382,0.78403,0
1.6406,3.5488,1.3964,-0.36424,0
2.7744,6.8576,-1.0671,0.075416,0
2.4287,9.3821,-3.2477,-1.4543,0
4.2134,-2.806,2.0116,0.67412,0
1.6472,0.48213,4.7449,1.225,0
2.0597,-0.99326,5.2119,-0.29312,0
0.3798,0.7098,0.7572,-0.4444,0
1.0135,8.4551,-1.672,-2.0815,0
4.5691,-4.4552,3.1769,0.0042961,0
0.57461,10.1105,-1.6917,-4.3922,0
0.5734,9.1938,-0.9094,-1.872,0
5.2868,3.257,-1.3721,1.1668,0
4.0102,10.6568,-4.1388,-5.0646,0
4.1425,-3.6792,3.8281,1.6297,0
3.0934,-2.9177,2.2232,0.22283,0
2.2034,5.9947,0.53009,0.84998,0
3.744,0.79459,0.95851,1.0077,0
3.0329,2.2948,2.1135,0.35084,0
3.7731,7.2073,-1.6814,-0.94742,0
3.1557,2.8908,0.59693,0.79825,0
1.8114,7.6067,-0.9788,-2.4668,0
4.988,7.2052,-3.2846,-1.1608,0
2.483,6.6155,-0.79287,-0.90863,0
1.594,4.7055,1.3758,0.081882,0
-0.016103,9.7484,0.15394,-1.6134,0
3.8496,9.7939,-4.1508,-4.4582,0
0.9297,-3.7971,4.6429,-0.2957,0



4.9342,2.4107,-0.17594,1.6245,0
3.8417,10.0215,-4.2699,-4.9159,0
5.3915,9.9946,-3.8081,-3.3642,0
4.4072,-0.070365,2.0416,1.1319,0
2.6946,6.7976,-0.40301,0.44912,0
5.2756,0.13863,0.12138,1.1435,0
3.4312,6.2637,-1.9513,-0.36165,0
4.052,-0.16555,0.45383,0.51248,0
1.3638,-4.7759,8.4182,-1.8836,0
0.89566,7.7763,-2.7473,-1.9353,0
1.9265,7.7557,-0.16823,-3.0771,0
0.20977,-0.46146,7.7267,0.90946,0
4.068,-2.9363,2.1992,0.50084,0
2.877,-4.0599,3.6259,-0.32544,0
0.3223,-0.89808,8.0883,0.69222,0
-1.3,10.2678,-2.953,-5.8638,0
1.7747,-6.4334,8.15,-0.89828,0
1.3419,-4.4221,8.09,-1.7349,0
0.89606,10.5471,-1.4175,-4.0327,0
0.44125,2.9487,4.3225,0.7155,0
3.2422,6.2265,0.12224,-1.4466,0
2.5678,3.5136,0.61406,-0.40691,0
-2.2153,11.9625,0.078538,-7.7853,0
4.1349,6.1189,-2.4294,-0.19613,0
1.934,-9.2828e-06,4.816,-0.33967,0
2.5068,1.1588,3.9249,0.12585,0
2.1464,6.0795,-0.5778,-2.2302,0
0.051979,7.0521,-2.0541,-3.1508,0
1.2706,8.035,-0.19651,-2.1888,0
1.143,0.83391,5.4552,-0.56984,0
2.2928,9.0386,-3.2417,-1.2991,0
0.3292,-4.4552,4.5718,-0.9888,0
2.9719,6.8369,-0.2702,0.71291,0
1.6849,8.7489,-1.2641,-1.3858,0
-1.9177,11.6894,2.5454,-3.2763,0
2.3729,10.4726,-3.0087,-3.2013,0
1.0284,9.767,-1.3687,-1.7853,0
0.27451,9.2186,-3.2863,-4.8448,0
1.6032,-4.7863,8.5193,-2.1203,0
4.616,10.1788,-4.2185,-4.4245,0
4.2478,7.6956,-2.7696,-1.0767,0
4.0215,-2.7004,2.4957,0.36636,0
5.0297,-4.9704,3.5025,-0.23751,0
1.5902,2.2948,3.2403,0.18404,0
2.1274,5.1939,-1.7971,-1.1763,0
1.1811,8.3847,-2.0567,-0.90345,0
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0.3292,-4.4552,4.5718,-0.9888,0
5.7353,5.2808,-2.2598,0.075416,0
2.6718,5.6574,0.72974,-1.4892,0
1.5799,-4.7076,7.9186,-1.5487,0
2.9499,2.2493,1.3458,-0.037083,0
0.5195,-3.2633,3.0895,-0.9849,0
3.7352,9.5911,-3.9032,-3.3487,0
-1.7344,2.0175,7.7618,0.93532,0
3.884,10.0277,-3.9298,-4.0819,0
3.5257,1.2829,1.9276,1.7991,0
4.4549,2.4976,1.0313,0.96894,0
-0.16108,-6.4624,8.3573,-1.5216,0
4.2164,9.4607,-4.9288,-5.2366,0
3.5152,6.8224,-0.67377,-0.46898,0
1.6988,2.9094,2.9044,0.11033,0
1.0607,2.4542,2.5188,-0.17027,0
2.0421,1.2436,4.2171,0.90429,0
3.5594,1.3078,1.291,1.6556,0
3.00009,5.8126,-2.2306,-0.66553,0
3.9294,1.4112,1.8076,0.89782,0
3.4667,-4.0724,4.2882,1.5418,0
3.966,3.9213,0.70574,0.33662,0
1.0191,2.33,4.9334,0.82929,0
0.96414,5.616,2.2138,-0.12501,0
1.8205,6.7562,0.0099913,0.39481,0
4.9923,7.8653,-2.3515,-0.71984,0
-1.1804,11.5093,0.15565,-6.8194,0
4.0329,0.23175,0.89082,1.1823,0
0.66018,10.3878,-1.4029,-3.9151,0
3.5982,7.1307,-1.3035,0.21248,0
-1.8584,7.886,-1.6643,-1.8384,0
4.0972,0.46972,1.6671,0.91593,0
3.3299,0.91254,1.5806,0.39352,0
3.1088,3.1122,0.80857,0.4336,0
-4.2859,8.5234,3.1392,-0.91639,0
-1.2528,10.2036,2.1787,-5.6038,0
0.5195,-3.2633,3.0895,-0.9849,0
0.3292,-4.4552,4.5718,-0.9888,0
0.88872,5.3449,2.045,-0.19355,0
3.5458,9.3718,-4.0351,-3.9564,0
-0.21661,8.0329,1.8848,-3.8853,0
2.7206,9.0821,-3.3111,-0.96811,0
3.2051,8.6889,-2.9033,-0.7819,0
2.6917,10.8161,-3.3,-4.2888,0
-2.3242,11.5176,1.8231,-5.375,0
2.7161,-4.2006,4.1914,0.16981,0
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3.3848,3.2674,0.90967,0.25128,0
1.7452,4.8028,2.0878,0.62627,0
2.805,0.57732,1.3424,1.2133,0
5.7823,5.5788,-2.4089,-0.056479,0
3.8999,1.734,1.6011,0.96765,0
3.5189,6.332,-1.7791,-0.020273,0
3.2294,7.7391,-0.37816,-2.5405,0
3.4985,3.1639,0.22677,-0.1651,0
2.1948,1.3781,1.1582,0.85774,0
2.2526,9.9636,-3.1749,-2.9944,0
4.1529,-3.9358,2.8633,-0.017686,0
0.74307,11.17,-1.3824,-4.0728,0
1.9105,8.871,-2.3386,-0.75604,0
-1.5055,0.070346,6.8681,-0.50648,0
0.58836,10.7727,-1.3884,-4.3276,0
3.2303,7.8384,-3.5348,-1.2151,0
-1.9922,11.6542,2.6542,-5.2107,0
2.8523,9.0096,-3.761,-3.3371,0
4.2772,2.4955,0.48554,0.36119,0
1.5099,0.039307,6.2332,-0.30346,0
5.4188,10.1457,-4.084,-3.6991,0
0.86202,2.6963,4.2908,0.54739,0
3.8117,10.1457,-4.0463,-4.5629,0
0.54777,10.3754,-1.5435,-4.1633,0
2.3718,7.4908,0.015989,-1.7414,0
-2.4953,11.1472,1.9353,-3.4638,0
4.6361,-2.6611,2.8358,1.1991,0
-2.2527,11.5321,2.5899,-3.2737,0
3.7982,10.423,-4.1602,-4.9728,0
-0.36279,8.2895,-1.9213,-3.3332,0
2.1265,6.8783,0.44784,-2.2224,0
0.86736,5.5643,1.6765,-0.16769,0
3.7831,10.0526,-3.8869,-3.7366,0
-2.2623,12.1177,0.28846,-7.7581,0
1.2616,4.4303,-1.3335,-1.7517,0
2.6799,3.1349,0.34073,0.58489,0
-0.39816,5.9781,1.3912,-1.1621,0
4.3937,0.35798,2.0416,1.2004,0
2.9695,5.6222,0.27561,-1.1556,0
1.3049,-0.15521,6.4911,-0.75346,0
2.2123,-5.8395,7.7687,-0.85302,0
1.9647,6.9383,0.57722,0.66377,0
3.0864,-2.5845,2.2309,0.30947,0
0.3798,0.7098,0.7572,-0.4444,0
0.58982,7.4266,1.2353,-2.9595,0
0.14783,7.946,1.0742,-3.3409,0
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-0.062025,6.1975,1.099,-1.131,0
4.223,1.1319,0.72202,0.96118,0
0.64295,7.1018,0.3493,-0.41337,0
1.941,0.46351,4.6472,1.0879,0
4.0047,0.45937,1.3621,1.6181,0
3.7767,9.7794,-3.9075,-3.5323,0
3.4769,-0.15314,2.53,2.4495,0
1.9818,9.2621,-3.521,-1.872,0
3.8023,-3.8696,4.044,0.95343,0
4.3483,11.1079,-4.0857,-4.2539,0
1.1518,1.3864,5.2727,-0.43536,0
-1.2576,1.5892,7.0078,0.42455,0
1.9572,-5.1153,8.6127,-1.4297,0
-2.484,12.1611,2.8204,-3.7418,0
-1.1497,1.2954,7.701,0.62627,0
4.8368,10.0132,-4.3239,-4.3276,0
-0.12196,8.8068,0.94566,-4.2267,0
1.9429,6.3961,0.092248,0.58102,0
1.742,-4.809,8.2142,-2.0659,0
-1.5222,10.8409,2.7827,-4.0974,0
-1.3,10.2678,-2.953,-5.8638,0
3.4246,-0.14693,0.80342,0.29136,0
2.5503,-4.9518,6.3729,-0.41596,0
1.5691,6.3465,-0.1828,-2.4099,0
1.3087,4.9228,2.0013,0.22024,0
5.1776,8.2316,-3.2511,-1.5694,0
2.229,9.6325,-3.1123,-2.7164,0
5.6272,10.0857,-4.2931,-3.8142,0
1.2138,8.7986,-2.1672,-0.74182,0
0.3798,0.7098,0.7572,-0.4444,0
0.5415,6.0319,1.6825,-0.46122,0
4.0524,5.6802,-1.9693,0.026279,0
4.7285,2.1065,-0.28305,1.5625,0
3.4359,0.66216,2.1041,1.8922,0
0.86816,10.2429,-1.4912,-4.0082,0
3.359,9.8022,-3.8209,-3.7133,0
3.6702,2.9942,0.85141,0.30688,0
1.3349,6.1189,0.46497,0.49826,0
3.1887,-3.4143,2.7742,-0.2026,0
2.4527,2.9653,0.20021,-0.056479,0
3.9121,2.9735,0.92852,0.60558,0
3.9364,10.5885,-3.725,-4.3133,0
3.9414,-3.2902,3.1674,1.0866,0
3.6922,-3.9585,4.3439,1.3517,0
5.681,7.795,-2.6848,-0.92544,0
0.77124,9.0862,-1.2281,-1.4996,0
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3.5761,9.7753,-3.9795,-3.4638,0
1.602,6.1251,0.52924,0.47886,0
2.6682,10.216,-3.4414,-4.0069,0
2.0007,1.8644,2.6491,0.47369,0
0.64215,3.1287,4.2933,0.64696,0
4.3848,-3.0729,3.0423,1.2741,0
0.77445,9.0552,-2.4089,-1.3884,0
0.96574,8.393,-1.361,-1.4659,0
3.0948,8.7324,-2.9007,-0.96682,0
4.9362,7.6046,-2.3429,-0.85302,0
-1.9458,11.2217,1.9079,-3.4405,0
5.7403,-0.44284,0.38015,1.3763,0
-2.6989,12.1984,0.67661,-8.5482,0
1.1472,3.5985,1.9387,-0.43406,0
2.9742,8.96,-2.9024,-1.0379,0
4.5707,7.2094,-3.2794,-1.4944,0
0.1848,6.5079,2.0133,-0.87242,0
0.87256,9.2931,-0.7843,-2.1978,0
0.39559,6.8866,1.0588,-0.67587,0
3.8384,6.1851,-2.0439,-0.033204,0
2.8209,7.3108,-0.81857,-1.8784,0
2.5817,9.7546,-3.1749,-2.9957,0
3.8213,0.23175,2.0133,2.0564,0
0.3798,0.7098,0.7572,-0.4444,0
3.4893,6.69,-1.2042,-0.38751,0
-1.7781,0.8546,7.1303,0.027572,0
2.0962,2.4769,1.9379,-0.040962,0
0.94732,-0.57113,7.1903,-0.67587,0
2.8261,9.4007,-3.3034,-1.0509,0
0.0071249,8.3661,0.50781,-3.8155,0
0.96788,7.1907,1.2798,-2.4565,0
4.7432,2.1086,0.1368,1.6543,0
3.6575,7.2797,-2.2692,-1.144,0
3.8832,6.4023,-2.432,-0.98363,0
3.4776,8.811,-3.1886,-0.92285,0
1.1315,7.9212,1.093,-2.8444,0
2.8237,2.8597,0.19678,0.57196,0
1.9321,6.0423,0.26019,-2.053,0
3.0632,-3.3315,5.1305,0.8267,0
-1.8411,10.8306,2.769,-3.0901,0
2.8084,11.3045,-3.3394,-4.4194,0
2.5698,-4.4076,5.9856,0.078002,0
-0.12624,10.3216,-3.7121,-6.1185,0
3.3756,-4.0951,4.367,1.0698,0
-0.048008,-1.6037,8.4756,0.75558,0
0.5706,-0.0248,1.2421,-0.5621,0
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0.88444,6.5906,0.55837,-0.44182,0
3.8644,3.7061,0.70403,0.35214,0
1.2999,2.5762,2.0107,-0.18967,0
2.0051,-6.8638,8.132,-0.2401,0
4.9294,0.27727,0.20792,0.33662,0
2.8297,6.3485,-0.73546,-0.58665,0
2.565,8.633,-2.9941,-1.3082,0
2.093,8.3061,0.022844,-3.2724,0
4.6014,5.6264,-2.1235,0.19309,0
5.0617,-0.35799,0.44698,0.99868,0
-0.2951,9.0489,-0.52725,-2.0789,0
3.577,2.4004,1.8908,0.73231,0
3.9433,2.5017,1.5215,0.903,0
2.6648,10.754,-3.3994,-4.1685,0
5.9374,6.1664,-2.5905,-0.36553,0
2.0153,1.8479,3.1375,0.42843,0
5.8782,5.9409,-2.8544,-0.60863,0
-2.3983,12.606,2.9464,-5.7888,0
1.762,4.3682,2.1384,0.75429,0
4.2406,-2.4852,1.608,0.7155,0
3.4669,6.87,-1.0568,-0.73147,0
3.1896,5.7526,-0.18537,-0.30087,0
0.81356,9.1566,-2.1492,-4.1814,0
0.52855,0.96427,4.0243,-1.0483,0
2.1319,-2.0403,2.5574,-0.061652,0
0.33111,4.5731,2.057,-0.18967,0
1.2746,8.8172,-1.5323,-1.7957,0
2.2091,7.4556,-1.3284,-3.3021,0
2.5328,7.528,-0.41929,-2.6478,0
3.6244,1.4609,1.3501,1.9284,0
-1.3885,12.5026,0.69118,-7.5487,0
5.7227,5.8312,-2.4097,-0.24527,0
3.3583,10.3567,-3.7301,-3.6991,0
2.5227,2.2369,2.7236,0.79438,0
0.045304,6.7334,1.0708,-0.9332,0
4.8278,7.7598,-2.4491,-1.2216,0
1.9476,-4.7738,8.527,-1.8668,0
2.7659,0.66216,4.1494,-0.28406,0
-0.10648,-0.76771,7.7575,0.64179,0
0.72252,-0.053811,5.6703,-1.3509,0
4.2475,1.4816,-0.48355,0.95343,0
3.9772,0.33521,2.2566,2.1625,0
3.6667,4.302,0.55923,0.33791,0
2.8232,10.8513,-3.1466,-3.9784,0
-1.4217,11.6542,-0.057699,-7.1025,0
4.2458,1.1981,0.66633,0.94696,0



4.1038,-4.8069,3.3491,-0.49225,0
1.4507,8.7903,-2.2324,-0.65259,0
3.4647,-3.9172,3.9746,0.36119,0
1.8533,6.1458,1.0176,-2.0401,0
3.5288,0.71596,1.9507,1.9375,0
3.9719,1.0367,0.75973,1.0013,0
3.534,9.3614,-3.6316,-1.2461,0
3.6894,9.887,-4.0788,-4.3664,0
3.0672,-4.4117,3.8238,-0.81682,0
2.6463,-4.8152,6.3549,0.003003,0
2.2893,3.733,0.6312,-0.39786,0
1.5673,7.9274,-0.056842,-2.1694,0
4.0405,0.51524,1.0279,1.106,0
4.3846,-4.8794,3.3662,-0.029324,0
2.0165,-0.25246,5.1707,1.0763,0
4.0446,11.1741,-4.3582,-4.7401,0
-0.33729,-0.64976,7.6659,0.72326,0
-2.4604,12.7302,0.91738,-7.6418,0
4.1195,10.9258,-3.8929,-4.1802,0
2.0193,0.82356,4.6369,1.4202,0
1.5701,7.9129,0.29018,-2.1953,0
2.6415,7.586,-0.28562,-1.6677,0
5.0214,8.0764,-3.0515,-1.7155,0
4.3435,3.3295,0.83598,0.64955,0
1.8238,-6.7748,8.3873,-0.54139,0
3.9382,0.9291,0.78543,0.6767,0
2.2517,-5.1422,4.2916,-1.2487,0
5.504,10.3671,-4.413,-4.0211,0
2.8521,9.171,-3.6461,-1.2047,0
1.1676,9.1566,-2.0867,-0.80647,0
2.6104,8.0081,-0.23592,-1.7608,0
0.32444,10.067,-1.1982,-4.1284,0
3.8962,-4.7904,3.3954,-0.53751,0
2.1752,-0.8091,5.1022,-0.67975,0
1.1588,8.9331,-2.0807,-1.1272,0
4.7072,8.2957,-2.5605,-1.4905,0
-1.9667,11.8052,-0.40472,-7.8719,0
4.0552,0.40143,1.4563,0.65343,0
2.3678,-6.839,8.4207,-0.44829,0
0.33565,6.8369,0.69718,-0.55691,0
4.3398,-5.3036,3.8803,-0.70432,0
1.5456,8.5482,0.4187,-2.1784,0
1.4276,8.3847,-2.0995,-1.9677,0
-0.27802,8.1881,-3.1338,-2.5276,0
0.93611,8.6413,-1.6351,-1.3043,0
4.6352,-3.0087,2.6773,1.212,0
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1.5268,-5.5871,8.6564,-1.722,0
0.95626,2.4728,4.4578,0.21636,0
-2.7914,1.7734,6.7756,-0.39915,0
5.2032,3.5116,-1.2538,1.0129,0
3.1836,7.2321,-1.0713,-2.5909,0
0.65497,5.1815,1.0673,-0.42113,0
5.6084,10.3009,-4.8003,-4.3534,0
1.105,7.4432,0.41099,-3.0332,0
3.9292,-2.9156,2.2129,0.30817,0
1.1558,6.4003,1.5506,0.6961,0
2.5581,2.6218,1.8513,0.40257,0
2.7831,10.9796,-3.557,-4.4039,0
3.7635,2.7811,0.66119,0.34179,0
-2.6479,10.1374,-1.331,-5.4707,0
1.0652,8.3682,-1.4004,-1.6509,0
-1.4275,11.8797,0.41613,-6.9978,0
5.7456,10.1808,-4.7857,-4.3366,0
5.086,3.2798,-1.2701,1.1189,0
3.4092,5.4049,-2.5228,-0.89958,0
-0.2361,9.3221,2.1307,-4.3793,0
3.8197,8.9951,-4.383,-4.0327,0
-1.1391,1.8127,6.9144,0.70127,0
4.9249,0.68906,0.77344,1.2095,0
2.5089,6.841,-0.029423,0.44912,0
-0.2062,9.2207,-3.7044,-6.8103,0
3.946,6.8514,-1.5443,-0.5582,0
-0.278,8.1881,-3.1338,-2.5276,0
1.8592,3.2074,-0.15966,-0.26208,0
0.56953,7.6294,1.5754,-3.2233,0
3.4626,-4.449,3.5427,0.15429,0
3.3951,1.1484,2.1401,2.0862,0
5.0429,-0.52974,0.50439,1.106,0
3.7758,7.1783,-1.5195,0.40128,0
4.6562,7.6398,-2.4243,-1.2384,0
4.0948,-2.9674,2.3689,0.75429,0
1.8384,6.063,0.54723,0.51248,0
2.0153,0.43661,4.5864,-0.3151,0
3.5251,0.7201,1.6928,0.64438,0
3.757,-5.4236,3.8255,-1.2526,0
2.5989,3.5178,0.7623,0.81119,0
1.8994,0.97462,4.2265,0.81377,0
3.6941,-3.9482,4.2625,1.1577,0
4.4295,-2.3507,1.7048,0.90946,0
6.8248,5.2187,-2.5425,0.5461,0
1.8967,-2.5163,2.8093,-0.79742,0
2.1526,-6.1665,8.0831,-0.34355,0
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3.3004,7.0811,-1.3258,0.22283,0
2.7213,7.05,-0.58808,0.41809,0
3.8846,-3.0336,2.5334,0.20214,0
4.1665,-0.4449,0.23448,0.27843,0
0.94225,5.8561,1.8762,-0.32544,0
5.1321,-0.031048,0.32616,1.1151,0
0.38251,6.8121,1.8128,-0.61251,0
3.0333,-2.5928,2.3183,0.303,0
2.9233,6.0464,-0.11168,-0.58665,0
1.162,10.2926,-1.2821,-4.0392,0
3.7791,2.5762,1.3098,0.5655,0
0.77765,5.9781,1.1941,-0.3526,0
-0.38388,-1.0471,8.0514,0.49567,0
0.21084,9.4359,-0.094543,-1.859,0
2.9571,-4.5938,5.9068,0.57196,0
4.6439,-3.3729,2.5976,0.55257,0
3.3577,-4.3062,6.0241,0.18274,0
3.5127,2.9073,1.0579,0.40774,0
2.6562,10.7044,-3.3085,-4.0767,0
-1.3612,10.694,1.7022,-2.9026,0
-0.278,8.1881,-3.1338,-2.5276,0
1.04,-6.9321,8.2888,-1.2991,0
2.1881,2.7356,1.3278,-0.1832,0
4.2756,-2.6528,2.1375,0.94437,0
-0.11996,6.8741,0.91995,-0.6694,0
2.9736,8.7944,-3.6359,-1.3754,0
3.7798,-3.3109,2.6491,0.066365,0
5.3586,3.7557,-1.7345,1.0789,0
1.8373,6.1292,0.84027,0.55257,0
1.2262,0.89599,5.7568,-0.11596,0
-0.048008,-0.56078,7.7215,0.453,0
0.5706,-0.024841,1.2421,-0.56208,0
4.3634,0.46351,1.4281,2.0202,0
3.482,-4.1634,3.5008,-0.078462,0
0.51947,-3.2633,3.0895,-0.98492,0
2.3164,-2.628,3.1529,-0.08622,0
-1.8348,11.0334,3.1863,-4.8888,0
1.3754,8.8793,-1.9136,-0.53751,0
-0.16682,5.8974,0.49839,-0.70044,0
0.29961,7.1328,-0.31475,-1.1828,0
0.25035,9.3262,-3.6873,-6.2543,0
2.4673,1.3926,1.7125,0.41421,0
0.77805,6.6424,-1.1425,-1.0573,0
3.4465,2.9508,1.0271,0.5461,0
2.2429,-4.1427,5.2333,-0.40173,0
3.7321,-3.884,3.3577,-0.0060486,0
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4.3365,-3.584,3.6884,0.74912,0
-2.0759,10.8223,2.6439,-4.837,0
4.0715,7.6398,-2.0824,-1.1698,0
0.76163,5.8209,1.1959,-0.64613,0
-0.53966,7.3273,0.46583,-1.4543,0
2.6213,5.7919,0.065686,-1.5759,0
3.0242,-3.3378,2.5865,-0.54785,0
5.8519,5.3905,-2.4037,-0.061652,0
0.5706,-0.0248,1.2421,-0.5621,0
3.9771,11.1513,-3.9272,-4.3444,0
1.5478,9.1814,-1.6326,-1.7375,0
0.74054,0.36625,2.1992,0.48403,0
0.49571,10.2243,-1.097,-4.0159,0
1.645,7.8612,-0.87598,-3.5569,0
3.6077,6.8576,-1.1622,0.28231,0
3.2403,-3.7082,5.2804,0.41291,0
3.9166,10.2491,-4.0926,-4.4659,0
3.9262,6.0299,-2.0156,-0.065531,0
5.591,10.4643,-4.3839,-4.3379,0
3.7522,-3.6978,3.9943,1.3051,0
1.3114,4.5462,2.2935,0.22541,0
3.7022,6.9942,-1.8511,-0.12889,0
4.364,-3.1039,2.3757,0.78532,0
3.5829,1.4423,1.0219,1.4008,0
4.65,-4.8297,3.4553,-0.25174,0
5.1731,3.9606,-1.983,0.40774,0
3.2692,3.4184,0.20706,-0.066824,0
2.4012,1.6223,3.0312,0.71679,0
1.7257,-4.4697,8.2219,-1.8073,0
4.7965,6.9859,-1.9967,-0.35001,0
4.0962,10.1891,-3.9323,-4.1827,0
2.5559,3.3605,2.0321,0.26809,0
3.4916,8.5709,-3.0326,-0.59182,0
0.5195,-3.2633,3.0895,-0.9849,0
2.9856,7.2673,-0.409,-2.2431,0
4.0932,5.4132,-1.8219,0.23576,0
1.7748,-0.76978,5.5854,1.3039,0
5.2012,0.32694,0.17965,1.1797,0
-0.45062,-1.3678,7.0858,-0.40303,0
4.8451,8.1116,-2.9512,-1.4724,0
0.74841,7.2756,1.1504,-0.5388,0
5.1213,8.5565,-3.3917,-1.5474,0
3.6181,-3.7454,2.8273,-0.71208,0
0.040498,8.5234,1.4461,-3.9306,0
-2.6479,10.1374,-1.331,-5.4707,0
0.37984,0.70975,0.75716,-0.44441,0
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-0.95923,0.091039,6.2204,-1.4828,0
2.8672,10.0008,-3.2049,-3.1095,0
1.0182,9.109,-0.62064,-1.7129,0
-2.7143,11.4535,2.1092,-3.9629,0
3.8244,-3.1081,2.4537,0.52024,0
2.7961,2.121,1.8385,0.38317,0
3.5358,6.7086,-0.81857,0.47886,0
-0.7056,8.7241,2.2215,-4.5965,0
4.1542,7.2756,-2.4766,-1.2099,0
0.92703,9.4318,-0.66263,-1.6728,0
1.8216,-6.4748,8.0514,-0.41855,0
-2.4473,12.6247,0.73573,-7.6612,0
3.5862,-3.0957,2.8093,0.24481,0
0.66191,9.6594,-0.28819,-1.6638,0
4.7926,1.7071,-0.051701,1.4926,0
4.9852,8.3516,-2.5425,-1.2823,0
0.75736,3.0294,2.9164,-0.068117,0
4.6499,7.6336,-1.9427,-0.37458,0
-0.023579,7.1742,0.78457,-0.75734,0
0.85574,0.0082678,6.6042,-0.53104,0
0.88298,0.66009,6.0096,-0.43277,0
4.0422,-4.391,4.7466,1.137,0
2.2546,8.0992,-0.24877,-3.2698,0
0.38478,6.5989,-0.3336,-0.56466,0
3.1541,-5.1711,6.5991,0.57455,0
2.3969,0.23589,4.8477,1.437,0
4.7114,2.0755,-0.2702,1.2379,0
4.0127,10.1477,-3.9366,-4.0728,0
2.6606,3.1681,1.9619,0.18662,0
3.931,1.8541,-0.023425,1.2314,0
0.01727,8.693,1.3989,-3.9668,0
3.2414,0.40971,1.4015,1.1952,0
2.2504,3.5757,0.35273,0.2836,0
-1.3971,3.3191,-1.3927,-1.9948,1
0.39012,-0.14279,-0.031994,0.35084, 1
-1.6677,-7.1535,7.8929,0.96765,1
-3.8483,-12.8047,15.6824,-1.281,1
-3.5681,-8.213,10.083,0.96765,1
-2.2804,-0.30626,1.3347,1.3763,1
-1.7582,2.7397,-2.5323,-2.234,1
-0.89409,3.1991,-1.8219,-2.9452,1
0.3434,0.12415,-0.28733,0.14654,1
-0.9854,-6.661,5.8245,0.5461,1
-2.4115,-9.1359,9.3444,-0.65259,1
-1.5252,-6.2534,5.3524,0.59912,1
-0.61442,-0.091058,-0.31818,0.50214,1
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-0.36506,2.8928,-3.6461,-3.0603,1
-5.9034,6.5679,0.67661,-6.6797,1
-1.8215,2.7521,-0.72261,-2.353,1
-0.77461,-1.8768,2.4023,1.1319,1
-1.8187,-9.0366,9.0162,-0.12243,1
-3.5801,-12.9309,13.1779,-2.5677,1
-1.8219,-6.8824,5.4681,0.057313,1
-0.3481,-0.38696,-0.47841,0.62627,1
0.47368,3.3605,-4.5064,-4.0431,1
-3.4083,4.8587,-0.76888,-4.8668,1
-1.6662,-0.30005,1.4238,0.024986,1
-2.0962,-7.1059,6.6188,-0.33708, 1
-2.6685,-10.4519,9.1139,-1.7323,1
-0.47465,-4.3496,1.9901,0.7517,1
1.0552,1.1857,-2.6411,0.11033,1
1.1644,3.8095,-4.9408,-4.0909,1
-4.4779,7.3708,-0.31218,-6.7754,1
-2.7338,0.45523,2.4391,0.21766,1
-2.286,-5.4484,5.8039,0.88231,1
-1.6244,-6.3444,4.6575,0.16981,1
0.50813,0.47799,-1.9804,0.57714,1
1.6408,4.2503,-4.9023,-2.6621,1
0.81583,4.84,-5.2613,-6.0823, 1
-5.4901,9.1048,-0.38758,-5.9763,1
-3.2238,2.7935,0.32274,-0.86078,1
-2.0631,-1.5147,1.219,0.44524,1
-0.91318,-2.0113,-0.19565,0.066365, 1
0.6005,1.9327,-3.2888,-0.32415,1
0.91315,3.3377,-4.0557,-1.6741,1
-0.28015,3.0729,-3.3857,-2.9155,1
-3.6085,3.3253,-0.51954,-3.5737,1
-6.2003,8.6806,0.0091344,-3.703,1
-4.2932,3.3419,0.77258,-0.99785,1
-3.0265,-0.062088,0.68604,-0.055186,1
-1.7015,-0.010356,-0.99337,-0.53104,1
-0.64326,2.4748,-2.9452,-1.0276,1
-0.86339,1.9348,-2.3729,-1.0897,1
-2.0659,1.0512,-0.46298,-1.0974,1
-2.1333,1.5685,-0.084261,-1.7453,1
-1.2568,-1.4733,2.8718,0.44653,1
-3.1128,-6.841,10.7402,-1.0172,1
-4.8554,-5.9037,10.9818,-0.82199,1
-2.588,3.8654,-0.3336,-1.2797,1
0.24394,1.4733,-1.4192,-0.58535,1
-1.5322,-5.0966,6.6779,0.17498,1
-4.0025,-13.4979,17.6772,-3.3202,1
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-4.0173,-8.3123,12.4547,-1.4375,1
-3.0731,-0.53181,2.3877,0.77627,1
-1.979,3.2301,-1.3575,-2.5819,1
-0.4294,-0.14693,0.044265,-0.15605,1
-2.234,-7.0314,7.4936,0.61334,1
-4.211,-12.4736,14.9704,-1.3884,1
-3.8073,-8.0971,10.1772,0.65084,1
-2.5912,-0.10554,1.2798,1.0414,1
-2.2482,3.0915,-2.3969,-2.6711,1
-1.4427,3.2922,-1.9702,-3.4392,1
-0.39416,-0.020702,-0.066267,-0.44699,1
-1.522,-6.6383,5.7491,-0.10691,1
-2.8267,-9.0407,9.0694,-0.98233,1
-1.7263,-6.0237,5.2419,0.29524,1
-0.94255,0.039307,-0.24192,0.31593,1
-0.89569,3.0025,-3.6067,-3.4457,1
-6.2815,6.6651,0.52581,-7.0107,1
-2.3211,3.166,-1.0002,-2.7151,1
-1.3414,-2.0776,2.8093,0.60688, 1
-2.258,-9.3263,9.3727,-0.85949,1
-3.8858,-12.8461,12.7957,-3.1353,1
-1.8969,-6.7893,5.2761,-0.32544,1
-0.52645,-0.24832,-0.45613,0.41938,1
0.0096613,3.5612,-4.407,-4.4103,1
-3.8826,4.898,-0.92311,-5.0801,1
-2.1405,-0.16762,1.321,-0.20906,1
-2.4824,-7.3046,6.839,-0.59053,1
-2.9098,-10.0712,8.4156,-1.9948,1
-0.60975,-4.002,1.8471,0.6017,1
0.83625,1.1071,-2.4706,-0.062945,1
0.60731,3.9544,-4.772,-4.4853,1
-4.8861,7.0542,-0.17252,-6.959,1
-3.1366,0.42212,2.6225,-0.064238,1
-2.5754,-5.6574,6.103,0.65214,1
-1.8782,-6.5865,4.8486,-0.021566,1
0.24261,0.57318,-1.9402,0.44007,1
1.296,4.2855,-4.8457,-2.9013,1
0.25943,5.0097,-5.0394,-6.3862,1
-5.873,9.1752,-0.27448,-6.0422,1
-3.4605,2.6901,0.16165,-1.0224,1
-2.3797,-1.4402,1.1273,0.16076,1
-1.2424,-1.7175,-0.52553,-0.21036,1
0.20216,1.9182,-3.2828,-0.61768,1
0.59823,3.5012,-3.9795,-1.7841,1
-0.77995,3.2322,-3.282,-3.1004,1
-4.1409,3.4619,-0.47841,-3.8879,1
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-6.5084,8.7696,0.23191,-3.937,1
-4.4996,3.4288,0.56265,-1.1672,1
-3.3125,0.10139,0.55323,-0.2957,1
-1.9423,0.3766,-1.2898,-0.82458,1
-0.75793,2.5349,-3.0464,-1.2629,1
-0.95403,1.9824,-2.3163,-1.1957,1
-2.2173,1.4671,-0.72689,-1.1724,1
-2.799,1.9679,-0.42357,-2.1125,1
-1.8629,-0.84841,2.5377,0.097399, 1
-3.5916,-6.2285,10.2389,-1.1543,1
-5.1216,-5.3118,10.3846,-1.0612,1
-3.2854,4.0372,-0.45356,-1.8228,1
-0.56877,1.4174,-1.4252,-1.1246,1
-2.3518,-4.8359,6.6479,-0.060358, 1
-4.4861,-13.2889,17.3087,-3.2194,1
-4.3876,-7.7267,11.9655,-1.4543,1
-3.3604,-0.32696,2.1324,0.6017,1
-1.0112,2.9984,-1.1664,-1.6185,1
0.030219,-1.0512,1.4024,0.77369,1
-1.6514,-8.4985,9.1122,1.2379,1
-3.2692,-12.7406,15.5573,-0.14182,1
-2.5701,-6.8452,8.9999,2.1353,1
-1.3066,0.25244,0.7623,1.7758,1
-1.6637,3.2881,-2.2701,-2.2224,1
-0.55008,2.8659,-1.6488,-2.4319,1
0.21431,-0.69529,0.87711,0.29653,1
-0.77288,-7.4473,6.492,0.36119,1
-1.8391,-9.0883,9.2416,-0.10432,1
-0.63298,-5.1277,4.5624,1.4797,1
0.0040545,0.62905,-0.64121,0.75817,1
-0.28696,3.1784,-3.5767,-3.1896,1
-5.2406,6.6258,-0.19908,-6.8607,1
-1.4446,2.1438,-0.47241,-1.6677,1
-0.65767,-2.8018,3.7115,0.99739,1
-1.5449,-10.1498,9.6152,-1.2332,1
-2.8957,-12.0205,11.9149,-2.7552,1
-0.81479,-5.7381,4.3919,0.3211,1
0.50225,0.65388,-1.1793,0.39998, 1
0.74521,3.6357,-4.4044,-4.1414,1
-2.9146,4.0537,-0.45699,-4.0327,1
-1.3907,-1.3781,2.3055,-0.021566,1
-1.786,-8.1157,7.0858,-1.2112,1
-1.7322,-9.2828,7.719,-1.7168,1
0.55298,-3.4619,1.7048,1.1008,1
2.031,1.852,-3.0121,0.003003,1
1.2279,4.0309,-4.6435,-3.9125,1
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-4.2249,6.2699,0.15822,-5.5457,1
-2.5346,-0.77392,3.3602,0.00171,1
-1.749,-6.332,6.0987,0.14266, 1
-0.539,-5.167,3.4399,0.052141,1
1.5631,0.89599,-1.9702,0.65472,1
2.3917,4.5565,-4.9888,-2.8987,1
0.89512,4.7738,-4.8431,-5.5909,1
-5.4808,8.1819,0.27818,-5.0323,1
-2.8833,1.7713,0.68946,-0.4638,1
-1.4174,-2.2535,1.518,0.61981,1
0.4283,-0.94981,-1.0731,0.3211,1
1.5904,2.2121,-3.1183,-0.11725,1
1.7425,3.6833,-4.0129,-1.7207,1
-0.23356,3.2405,-3.0669,-2.7784,1
-3.6227,3.9958,-0.35845,-3.9047,1
-6.1536,7.9295,0.61663,-3.2646,1
-3.9172,2.6652,0.78886,-0.7819,1
-2.2214,-0.23798,0.56008,0.05602, 1
-0.49241,0.89392,-1.6283,-0.56854,1
0.26517,2.4066,-2.8416,-0.59958,1
-0.10234,1.8189,-2.2169,-0.56725,1
-1.6176,1.0926,-0.35502,-0.59958, 1
-1.8448,1.254,0.27218,-1.0728,1
-1.2786,-2.4087,4.5735,0.47627,1
-2.902,-7.6563,11.8318,-0.84268,1
-4.3773,-5.5167,10.939,-0.4082,1
-2.0529,3.8385,-0.79544,-1.2138,1
0.18868,0.70148,-0.51182,0.0055892,1
-1.7279,-6.841,8.9494,0.68058,1
-3.3793,-13.7731,17.9274,-2.0323,1
-3.1273,-7.1121,11.3897,-0.083634,1
-2.121,-0.05588,1.949,1.353,1

-1.7697,3.4329,-1.2144,-2.3789,1
-0.0012852,0.13863,-
0.19651,0.0081754,1

-1.682,-6.8121,7.1398,1.3323,1
-3.4917,-12.1736,14.3689,-0.61639,1
-3.1158,-8.6289,10.4403,0.97153,1
-2.0891,-0.48422,1.704,1.7435,1
-1.6936,2.7852,-2.1835,-1.9276,1
-1.2846,3.2715,-1.7671,-3.2608,1
-0.092194,0.39315,-0.32846,-0.13794,1
-1.0292,-6.3879,5.5255,0.79955,1
-2.2083,-9.1069,8.9991,-0.28406,1
-1.0744,-6.3113,5.355,0.80472,1
-0.51003,-0.23591,0.020273,0.76334,1
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-0.36372,3.0439,-3.4816,-2.7836,1
-6.3979,6.4479,1.0836,-6.6176,1
-2.2501,3.3129,-0.88369,-2.8974,1
-1.1859,-1.2519,2.2635,0.77239,1
-1.8076,-8.8131,8.7086,-0.21682,1
-3.3863,-12.9889,13.0545,-2.7202,1
-1.4106,-7.108,5.6454,0.31335,1
-0.21394,-0.68287,0.096532,1.1965,1
0.48797,3.5674,-4.3882,-3.8116,1
-3.8167,5.1401,-0.65063,-5.4306,1
-1.9555,0.20692,1.2473,-0.3707,1
-2.1786,-6.4479,6.0344,-0.20777,1
-2.3299,-9.9532,8.4756,-1.8733,1
0.0031201,-4.0061,1.7956,0.91722,1
1.3518,1.0595,-2.3437,0.39998,1
1.2309,3.8923,-4.8277,-4.0069,1
-5.0301,7.5032,-0.13396,-7.5034,1
-3.0799,0.60836,2.7039,-0.23751,1
-2.2987,-5.227,5.63,0.91722,1
-1.239,-6.541,4.8151,-0.033204,1
0.75896,0.29176,-1.6506,0.83834,1
1.6799,4.2068,-4.5398,-2.3931,1
0.63655,5.2022,-5.2159,-6.1211,1
-6.0598,9.2952,-0.43642,-6.3694,1
-3.518,2.8763,0.1548,-1.2086,1
-2.0336,-1.4092,1.1582,0.36507,1
-0.69745,-1.7672,-0.34474,-0.12372,1
0.75108,1.9161,-3.1098,-0.20518,1
0.84546,3.4826,-3.6307,-1.3961,1
-0.55648,3.2136,-3.3085,-2.7965,1
-3.6817,3.2239,-0.69347,-3.4004,1
-6.7526,8.8172,-0.061983,-3.725,1
-4.577,3.4515,0.66719,-0.94742,1
-2.9883,0.31245,0.45041,0.068951,1
-1.4781,0.14277,-1.1622,-0.48579,1
-0.46651,2.3383,-2.9812,-1.0431,1
-0.8734,1.6533,-2.1964,-0.78061,1
-2.1234,1.1815,-0.55552,-0.81165,1
-2.3142,2.0838,-0.46813,-1.6767,1
-1.4233,-0.98912,2.3586,0.39481,1
-3.0866,-6.6362,10.5405,-0.89182,1
-4.7331,-6.1789,11.388,-1.0741,1
-2.8829,3.8964,-0.1888,-1.1672,1
-0.036127,1.525,-1.4089,-0.76121,1
-1.7104,-4.778,6.2109,0.3974,1
-3.8203,-13.0551,16.9583,-2.3052,1
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-3.7181,-8.5089,12.363,-0.95518,1
-2.899,-0.60424,2.6045,1.3776,1
-0.98193,2.7956,-1.2341,-1.5668,1
-0.17296,-1.1816,1.3818,0.7336,1
-1.9409,-8.6848,9.155,0.94049,1
-3.5713,-12.4922,14.8881,-0.47027,1
-2.9915,-6.6258,8.6521,1.8198,1
-1.8483,0.31038,0.77344,1.4189,1
-2.2677,3.2964,-2.2563,-2.4642,1
-0.50816,2.868,-1.8108,-2.2612,1
0.14329,-1.0885,1.0039,0.48791,1
-0.90784,-7.9026,6.7807,0.34179,1
-2.0042,-9.3676,9.3333,-0.10303,1
-0.93587,-5.1008,4.5367,1.3866,1
-0.40804,0.54214,-0.52725,0.6586,1
-0.8172,3.3812,-3.6684,-3.456,1
-4.8392,6.6755,-0.24278,-6.5775,1
-1.2792,2.1376,-0.47584,-1.3974,1
-0.66008,-3.226,3.8058,1.1836,1
-1.7713,-10.7665,10.2184,-1.0043,1
-3.0061,-12.2377,11.9552,-2.1603,1
-1.1022,-5.8395,4.5641,0.68705,1
0.11806,0.39108,-0.98223,0.42843,1
0.11686,3.735,-4.4379,-4.3741,1
-2.7264,3.9213,-0.49212,-3.6371,1
-1.2369,-1.6906,2.518,0.51636,1
-1.8439,-8.6475,7.6796,-0.66682,1
-1.8554,-9.6035,7.7764,-0.97716,1
0.16358,-3.3584,1.3749,1.3569,1
1.5077,1.9596,-3.0584,-0.12243,1
0.67886,4.1199,-4.569,-4.1414,1
-3.9934,5.8333,0.54723,-4.9379,1
-2.3898,-0.78427,3.0141,0.76205,1
-1.7976,-6.7686,6.6753,0.89912,1
-0.70867,-5.5602,4.0483,0.903,1
1.0194,1.1029,-2.3,0.59395,1
1.7875,4.78,-5.1362,-3.2362,1
0.27331,4.8773,-4.9194,-5.8198,1
-5.1661,8.0433,0.044265,-4.4983,1
-2.7028,1.6327,0.83598,-0.091393,1
-1.4904,-2.2183,1.6054,0.89394,1
-0.014902,-1.0243,-0.94024,0.64955,1
0.88992,2.2638,-3.1046,-0.11855,1
1.0637,3.6957,-4.1594,-1.9379,1
-0.8471,3.1329,-3.0112,-2.9388,1
-3.9594,4.02809,-0.35845,-3.8957,1



-5.8818,7.6584,0.5558,-2.9155,1
-3.7747,2.5162,0.83341,-0.30993, 1
-2.4198,-0.24418,0.70146,0.41809, 1
-0.83535,0.80494,-1.6411,-0.19225,1
-0.30432,2.6528,-2.7756,-0.65647,1
-0.60254,1.7237,-2.1501,-0.77027,1
-2.1059,1.1815,-0.53324,-0.82716,1
-2.0441,1.2271,0.18564,-1.091,1
-1.5621,-2.2121,4.2591,0.27972,1
-3.2305,-7.2135,11.6433,-0.94613,1
-4.8426,-4.9932,10.4052,-0.53104,1
-2.3147,3.6668,-0.6969,-1.2474,1

-0.11716,0.60422,-0.38587,-0.059065,1

-2.0066,-6.719,9.0162,0.099985,1
-3.6961,-13.6779,17.5795,-2.6181,1
-3.6012,-6.5389,10.5234,-0.48967,1
-2.6286,0.18002,1.7956,0.97282,1
-0.82601,2.9611,-1.2864,-1.4647,1
0.31803,-0.99326,1.0947,0.88619,1
-1.4454,-8.4385,8.8483,0.96894,1
-3.1423,-13.0365,15.6773,-0.66165,1
-2.5373,-6.959,8.8054,1.5289,1
-1.366,0.18416,0.90539,1.5806,1
-1.7064,3.3088,-2.2829,-2.1978,1
-0.41965,2.9094,-1.7859,-2.2069,1
0.37637,-0.82358,0.78543,0.74524,1
-0.55355,-7.9233,6.7156,0.74394,1
-1.6001,-9.5828,9.4044,0.081882,1
-0.37013,-5.554,4.7749,1.547,1
0.12126,0.22347,-0.47327,0.97024,1
-0.27068,3.2674,-3.5562,-3.0888,1
-5.119,6.6486,-0.049987,-6.5206,1
-1.3946,2.3134,-0.44499,-1.4905,1
-0.69879,-3.3771,4.1211,1.5043,1
-1.48,-10.5244,9.9176,-0.5026,1
-2.6649,-12.813,12.6689,-1.9082,1
-0.62684,-6.301,4.7843,1.106,1
0.518,0.25865,-0.84085,0.96118,1
0.64376,3.764,-4.4738,-4.0483,1
-2.9821,4.1986,-0.5898,-3.9642,1
-1.4628,-1.5706,2.4357,0.49826,1
-1.7101,-8.7903,7.9735,-0.45475,1
-1.5572,-9.8808,8.1088,-1.0806,1
0.74428,-3.7723,1.6131,1.5754,1
2.0177,1.7982,-2.9581,0.2099,1
1.164,3.913,-4.5544,-3.8672,1
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-4.3667,6.0692,0.57208,-5.4668,1
-2.5919,-1.0553,3.8949,0.77757,1
-1.8046,-6.8141,6.7019,1.1681,1
-0.71868,-5.7154,3.8298,1.0233,1
1.4378,0.66837,-2.0267,1.0271,1
2.1943,4.5503,-4.976,-2.7254,1
0.7376,4.8525,-4.7986,-5.6659,1
-5.637,8.1261,0.13081,-5.0142,1
-3.0193,1.7775,0.73745,-0.45346,1
-1.6706,-2.09,1.584,0.71162,1
-0.1269,-1.1505,-0.95138,0.57843,1
1.2198,2.0982,-3.1954,0.12843,1
1.4501,3.6067,-4.0557,-1.5966,1
-0.40857,3.0977,-2.9607,-2.6892,1
-3.8952,3.8157,-0.31304,-3.8194,1
-6.3679,8.0102,0.4247,-3.2207,1
-4.1429,2.7749,0.68261,-0.71984,1
-2.6864,-0.097265,0.61663,0.061192,1
-1.0555,0.79459,-1.6968,-0.46768,1
-0.29858,2.4769,-2.9512,-0.66165,1
-0.49948,1.7734,-2.2469,-0.68104,1
-1.9881,0.99945,-0.28562,-0.70044,1
-1.9389,1.5706,0.045979,-1.122,1
-1.4375,-1.8624,4.026,0.55127,1
-3.1875,-7.5756,11.8678,-0.57889,1
-4.6765,-5.6636,10.969,-0.33449,1
-2.0285,3.8468,-0.63435,-1.175,1
0.26637,0.73252,-0.67891,0.03533,1
-1.7589,-6.4624,8.4773,0.31981,1
-3.5985,-13.6593,17.6052,-2.4927,1
-3.3582,-7.2404,11.4419,-0.57113,1
-2.3629,-0.10554,1.9336,1.1358,1
-2.1802,3.3791,-1.2256,-2.6621,1
-0.40951,-0.15521,0.060545,-0.088807,1
-2.2918,-7.257,7.9597,0.9211,1
-4.0214,-12.8006,15.6199,-0.95647,1
-3.3884,-8.215,10.3315,0.98187,1
-2.0046,-0.49457,1.333,1.6543,1
-1.7063,2.7956,-2.378,-2.3491,1
-1.6386,3.3584,-1.7302,-3.5646,1
-0.41645,0.32487,-0.33617,-0.36036,1
-1.5877,-6.6072,5.8022,0.31593,1
-2.5961,-9.349,9.7942,-0.28018,1
-1.5228,-6.4789,5.7568,0.87325,1
-0.53072,-0.097265,-0.21793,1.0426,1
-0.49081,2.8452,-3.6436,-3.1004,1
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-6.5773,6.8017,0.85483,-7.5344,1
-2.4621,2.7645,-0.62578,-2.8573,1
-1.3995,-1.9162,2.5154,0.59912,1
-2.3221,-9.3304,9.233,-0.79871,1
-3.73,-12.9723,12.9817,-2.684,1
-1.6988,-7.1163,5.7902,0.16723,1
-0.26654,-0.64562,-0.42014,0.89136,1
0.33325,3.3108,-4.5081,-4.012,1
-4.2091,4.7283,-0.49126,-5.2159,1
-2.3142,-0.68494,1.9833,-0.44829,1
-2.4835,-7.4494,6.8964,-0.64484,1
-2.7611,-10.5099,9.0239,-1.9547,1
-0.36025,-4.449,2.1067,0.94308,1
1.0117,0.9022,-2.3506,0.42714,1
0.96708,3.8426,-4.9314,-4.1323,1
-5.2049,7.259,0.070827,-7.3004,1
-3.3203,-0.02691,2.9618,-0.44958,1
-2.565,-5.7899,6.0122,0.046968, 1
-1.5951,-6.572,4.7689,-0.94354,1
0.7049,0.17174,-1.7859,0.36119,1
1.7331,3.9544,-4.7412,-2.5017,1
0.6818,4.8504,-5.2133,-6.1043,1
-6.3364,9.2848,0.014275,-6.7844,1
-3.8053,2.4273,0.6809,-1.0871,1
-2.1979,-2.1252,1.7151,0.45171,1
-0.87874,-2.2121,-0.051701,0.099985,1
0.74067,1.7299,-3.1963,-0.1457,1
0.98296,3.4226,-3.9692,-1.7116,1
-0.3489,3.1929,-3.4054,-3.1832,1
-3.8552,3.5219,-0.38415,-3.8608, 1
-6.9599,8.9931,0.2182,-4.572,1
-4.7462,3.1205,1.075,-1.2966,1
-3.2051,-0.14279,0.97565,0.045675,1
-1.7549,-0.080711,-0.75774,-0.3707,1
-0.59587,2.4811,-2.8673,-0.89828,1
-0.89542,2.0279,-2.3652,-1.2746,1
-2.0754,1.2767,-0.64206,-1.2642,1
-3.2778,1.8023,0.1805,-2.3931,1
-2.2183,-1.254,2.9986,0.36378,1
-3.5895,-6.572,10.5251,-0.16381,1
-5.0477,-5.8023,11.244,-0.3901,1
-3.5741,3.944,-0.07912,-2.1203,1
-0.7351,1.7361,-1.4938,-1.1582,1
-2.2617,-4.7428,6.3489,0.11162,1
-4.244,-13.0634,17.1116,-2.8017,1
-4.0218,-8.304,12.555,-1.5099, 1
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-3.0201,-0.67253,2.7056,0.85774,1
-2.4941,3.5447,-1.3721,-2.8483,1
-0.83121,0.039307,0.05369,-0.23105,1
-2.5665,-6.8824,7.5416,0.70774,1
-4.4018,-12.9371,15.6559,-1.6806,1
-3.7573,-8.2916,10.3032,0.38059,1
-2.4725,-0.40145,1.4855,1.1189,1
-1.9725,2.8825,-2.3086,-2.3724,1
-2.0149,3.6874,-1.9385,-3.8918,1
-0.82053,0.65181,-0.48869,-0.52716,1
-1.7886,-6.3486,5.6154,0.42584,1
-2.9138,-9.4711,9.7668,-0.60216,1
-1.8343,-6.5907,5.6429,0.54998,1
-0.8734,-0.033118,-0.20165,0.55774,1
-0.70346,2.957,-3.5947,-3.1457,1
-6.7387,6.9879,0.67833,-7.5887,1
-2.7723,3.2777,-0.9351,-3.1457,1
-1.6641,-1.3678,1.997,0.52283,1
-2.4349,-9.2497,8.9922,-0.50001,1
-3.793,-12.7095,12.7957,-2.825,1
-1.9551,-6.9756,5.5383,-0.12889, 1
-0.69078,-0.50077,-0.35417,0.47498,1
0.025013,3.3998,-4.4327,-4.2655,1
-4.3967,4.9601,-0.64892,-5.4719,1
-2.456,-0.24418,1.4041,-0.45863,1
-2.62,-6.8555,6.2169,-0.62285,1
-2.9662,-10.3257,8.784,-2.1138,1
-0.71494,-4.4448,2.2241,0.49826,1
0.6005,0.99945,-2.2126,0.097399,1
0.61652,3.8944,-4.7275,-4.3948,1
-5.4414,7.2363,0.10938,-7.5642,1
-3.5798,0.45937,2.3457,-0.45734,1
-2.7769,-5.6967,5.9179,0.37671,1
-1.8356,-6.7562,5.0585,-0.55044, 1
0.30081,0.17381,-1.7542,0.48921,1
1.3403,4.1323,-4.7018,-2.5987,1
0.26877,4.987,-5.1508,-6.3913,1
-6.5235,9.6014,-0.25392,-6.9642,1
-4.0679,2.4955,0.79571,-1.1039,1
-2.564,-1.7051,1.5026,0.32757,1
-1.3414,-1.9162,-0.15538,-0.11984,1
0.23874,2.0879,-3.3522,-0.66553,1
0.6212,3.6771,-4.0771,-2.0711,1
-0.77848,3.4019,-3.4859,-3.5569, 1
-4.1244,3.7909,-0.6532,-4.1802,1
-7.0421,9.2,0.25933,-4.6832,1
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-4.9462,3.5716,0.82742,-1.4957,1
-3.5359,0.30417,0.6569,-0.2957,1
-2.0662,0.16967,-1.0054,-0.82975,1
-0.88728,2.808,-3.1432,-1.2035,1
-1.0941,2.3072,-2.5237,-1.4453,1
-2.4458,1.6285,-0.88541,-1.4802,1
-3.551,1.8955,0.1865,-2.4409,1
-2.2811,-0.85669,2.7185,0.044382,1
-3.6053,-5.974,10.0916,-0.82846,1
-5.0676,-5.1877,10.4266,-0.86725,1
-3.9204,4.0723,-0.23678,-2.1151,1
-1.1306,1.8458,-1.3575,-1.3806, 1
-2.4561,-4.5566,6.4534,-0.056479,1
-4.4775,-13.0303,17.0834,-3.0345,1
-4.1958,-8.1819,12.1291,-1.6017,1
-3.38,-0.7077,2.5325,0.71808, 1
-2.4365,3.6026,-1.4166,-2.8948,1
-0.77688,0.13036,-0.031137,-0.35389,1
-2.7083,-6.8266,7.5339,0.59007,1
-4.5531,-12.5854,15.4417,-1.4983,1
-3.8894,-7.8322,9.8208,0.47498,1
-2.5084,-0.22763,1.488,1.2069,1
-2.1652,3.0211,-2.4132,-2.4241,1
-1.8974,3.5074,-1.7842,-3.8491,1
-0.62043,0.5587,-0.38587,-0.66423,1
-1.8387,-6.301,5.6506,0.19567,1
-3,-9.1566,9.5766,-0.73018, 1
-1.9116,-6.1603,5.606,0.48533,1
-1.005,0.084831,-0.2462,0.45688,1
-0.87834,3.257,-3.6778,-3.2944,1
-6.651,6.7934,0.68604,-7.5887,1
-2.5463,3.1101,-0.83228,-3.0358, 1
-1.4377,-1.432,2.1144,0.42067,1
-2.4554,-9.0407,8.862,-0.86983,1
-3.9411,-12.8792,13.0597,-3.3125,1
-2.1241,-6.8969,5.5992,-0.47156,1
-0.74324,-0.32902,-0.42785,0.23317,1
-0.071503,3.7412,-4.5415,-4.2526,1
-4.2333,4.9166,-0.49212,-5.3207,1
-2.3675,-0.43663,1.692,-0.43018, 1
-2.5526,-7.3625,6.9255,-0.66811,1
-3.0986,-10.4602,8.9717,-2.3427,1
-0.89809,-4.4862,2.2009,0.50731,1
0.56232,1.0015,-2.2726,-0.0060486,1
0.53936,3.8944,-4.8166,-4.3418,1
-5.3012,7.3915,0.029699,-7.3987,1
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-3.3553,0.35591,2.6473,-0.37846,1
-2.7908,-5.7133,5.953,0.45946,1
-1.9983,-6.6072,4.8254,-0.41984,1
0.15423,0.11794,-1.6823,0.59524,1
1.208,4.0744,-4.7635,-2.6129,1
0.2952,4.8856,-5.149,-6.2323, 1
-6.4247,9.5311,0.022844,-6.8517,1
-3.9933,2.6218,0.62863,-1.1595,1
-2.659,-1.6058,1.3647,0.16464,1
-1.4094,-2.1252,-0.10397,-0.19225,1
0.11032,1.9741,-3.3668,-0.65259,1
0.52374,3.644,-4.0746,-1.9909,1
-0.76794,3.4598,-3.4405,-3.4276,1
-3.9698,3.6812,-0.60008,-4.0133,1
-7.0364,9.2931,0.16594,-4.5396,1
-4.9447,3.3005,1.063,-1.444,1
-3.5933,0.22968,0.7126,-0.3332,1
-2.1674,0.12415,-1.0465,-0.86208, 1
-0.9607,2.6963,-3.1226,-1.3121,1
-1.0802,2.1996,-2.5862,-1.2759,1
-2.3277,1.4381,-0.82114,-1.2862,1
-3.7244,1.9037,-0.035421,-2.5095,1
-2.5724,-0.95602,2.7073,-0.16639,1
-3.9297,-6.0816,10.0958,-1.0147,1
-5.2943,-5.1463,10.3332,-1.1181,1
-3.8953,4.0392,-0.3019,-2.1836,1
-1.2244,1.7485,-1.4801,-1.4181,1
-2.6406,-4.4159,5.983,-0.13924,1
-4.6338,-12.7509,16.7166,-3.2168,1
-4.2887,-7.8633,11.8387,-1.8978,1
-3.3458,-0.50491,2.6328,0.53705,1
-1.1188,3.3357,-1.3455,-1.9573,1
0.55939,-0.3104,0.18307,0.44653,1
-1.5078,-7.3191,7.8981,1.2289,1
-3.506,-12.5667,15.1606,-0.75216,1
-2.9498,-8.273,10.2646,1.1629,1
-1.6029,-0.38903,1.62,1.9103,1
-1.2667,2.8183,-2.426,-1.8862,1
-0.49281,3.0605,-1.8356,-2.834,1
0.66365,-0.045533,-0.18794,0.23447,1
-0.72068,-6.7583,5.8408,0.62369,1
-1.9966,-9.5001,9.682,-0.12889,1
-0.97325,-6.4168,5.6026,1.0323,1
-0.025314,-0.17383,-0.11339,1.2198,1
0.062525,2.9301,-3.5467,-2.6737,1
-5.525,6.3258,0.89768,-6.6241,1
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-1.2943,2.6735,-0.84085,-2.0323,1
-0.24037,-1.7837,2.135,1.2418,1
-1.3968,-9.6698,9.4652,-0.34872,1
-2.9672,-13.2869,13.4727,-2.6271,1
-1.1005,-7.2508,6.0139,0.36895, 1
0.22432,-0.52147,-0.40386,1.2017,1
0.90407,3.3708,-4.4987,-3.6965,1
-2.8619,4.5193,-0.58123,-4.2629,1
-1.0833,-0.31247,1.2815,0.41291,1
-1.5681,-7.2446,6.5537,-0.1276,1
-2.0545,-10.8679,9.4926,-1.4116,1
0.2346,-4.5152,2.1195,1.4448,1
1.581,0.86909,-2.3138,0.82412,1
1.5514,3.8013,-4.9143,-3.7483,1
-4.1479,7.1225,-0.083404,-6.4172,1
-2.2625,-0.099335,2.8127,0.48662,1
-1.7479,-5.823,5.8699,1.212,1
-0.95923,-6.7128,4.9857,0.32886,1
1.3451,0.23589,-1.8785,1.3258,1
2.2279,4.0951,-4.8037,-2.1112,1
1.2572,4.8731,-5.2861,-5.8741,1
-5.3857,9.1214,-0.41929,-5.9181,1
-2.9786,2.3445,0.52667,-0.40173,1
-1.5851,-2.1562,1.7082,0.9017,1
-0.21888,-2.2038,-0.0954,0.56421,1
1.3183,1.9017,-3.3111,0.065071,1
1.4896,3.4288,-4.0309,-1.4259,1
0.11592,3.2219,-3.4302,-2.8457,1
-3.3924,3.3564,-0.72004,-3.5233,1
-6.1632,8.7096,-0.21621,-3.6345,1
-4.0786,2.9239,0.87026,-0.65389,1
-2.5899,-0.3911,0.93452,0.42972,1

-1.0116,-0.19038,-0.90597,0.003003,1

0.066129,2.4914,-2.9401,-0.62156,1
-0.24745,1.9368,-2.4697,-0.80518,1
-1.5732,1.0636,-0.71232,-0.8388,1
-2.1668,1.5933,0.045122,-1.678,1
-1.1667,-1.4237,2.9241,0.66119,1
-2.8391,-6.63,10.4849,-0.42113,1
-4.5046,-5.8126,10.8867,-0.52846,1
-2.41,3.7433,-0.40215,-1.2953,1
0.40614,1.3492,-1.4501,-0.55949,1
-1.3887,-4.8773,6.4774,0.34179,1
-3.7503,-13.4586,17.5932,-2.7771,1
-3.5637,-8.3827,12.393,-1.2823,1
-2.5419,-0.65804,2.6842,1.1952,1
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