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Uydu goriintiileri, hava fotograflari ve LiDAR verilerinden nesne (obje) tespiti son yillarda
popiiler hale gelen ¢alismalar arasinda yer almaktadir. Bu ¢alismalar arasinda 6zellikle son yillarda 6nemi
daha da artan gida arz1 ve bu arz nedeniyle yasanan iiretim sorunlar diisiiniildiigiinde tarimsal alanlarin
otomatik tespiti ve siniflandirilmasi oldukga 6nemlidir. Son yillarda siklikla kullanilan LiDAR teknolojisi
sayesinde 3B nokta koordinatlar1 elde edilebilmektedir. Bu 3B noktalar arazi ile arazi tizerindeki
nesnelerin koordinatlarini da igermektedir. Bu nedenle ¢alismada LiDAR verisi tercih edilmistir. Calisma
kapsaminda LiDAR wverileri U.S. National Science Foundation, Intergovernmental Committee on
Surveying and Mapping ve NOAA Office For Coastal Management isimli online kaynaklardan ve Korfez
Haritacilik Planlama sirketinden offline bir sekilde ticretsiz olarak temin edilmistir. LIDAR sisteminden
elde edilen 3B nokta bulutu verisi ile 10 adet veri seti olusturulmustur. Daha sonra 3B nokta bulutu
verisinden elde edilen goriintiiler kullanilarak, tarimsal alandaki parsel sinirlari tespit edilmistir. Bu
amagla yapilan uygulamada 6ncelikle nokta bulutu verisinden elde edilen yogunluk (intensity) goriintiileri
belirli filtrelerden gegirilerek K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama Kaydirma kiimeleme
algoritmalar ile Canny, Sobel, Roberts ve Prewitt kenar bulma algoritmalari uygulanmis ve performans
analizi yapilmistir. Bu algoritmalar i¢in en uygun parametre degerleri tespit edildikten sonra kiimeleme ve
kenar bulma algoritmalarinin basarisi karsilastirilmistir. Dogruluk analizleri i¢in F-Skor, Yiiksek Sinyal
Giirtiltii Oran1 (YSGO), Sinyal Giiriiltii Oram (SGO), Ortalama Karesel Hata (OKH), Yapizal Benzerlik
Indeks Ol¢iimii (YBIO) ve Korelasyon Katsayis1 (KK) dlciitleri kullanilmistir. Elde edilen sonuglarda F-
Skor degerinde ortalama % 86 oraninda basari elde edildigi goriilmiistiir.

Anahtar Kelimeler: Kenar Bulma, Kiimeleme, Nokta Bulutu, Parsel Sinirlarmin Tespiti
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Obiject detection from satellite images, aerial photographs and LiDAR data has become popular
in recent years. Especially considering that the food supply and the production problems which has
become increasingly important in recent years, automatic detection and classification of agricultural areas
is very important. By means of LiDAR technology, which has been used frequently in recent years, 3D
point coordinates can be obtained. 3D points contain coordinates terrain and terrain objects. For this
reason, LIDAR data was preferred in the study. Within the scope of the study, LiDAR data was obtained
freely from the online sources that National Science Foundation, Intergovernmental Committee on
Surveying and Mapping and NOAA Office for Coastal Management and also from the Kérfez Mapping
Planning Company in Turkey as offline data. Initially 10 data sets were generated with 3D point cloud
data. Afterwards, using images obtained from 3D point cloud data, parcel boundaries in the agricultural
area were determined. In the study, Firstly the intensity images were obtained from the point cloud data
were passed through the specific filters. After that K-Means, Fuzzy C-Means and Meanshift clustering
algorithms and Canny, Sobel, Roberts, Prewitt edge detection algorithms were applied to the intensity
images and the most appropriate parameter values for these algorithms have been determined. Then, the
success of clustering and edge detection algorithms was compared. Accuracy analyzes were conducted
with reference data sets. The effect and performance of the accuracy criteria that F-Score, Peak Signal to
Noise Ratio, Signal to Noise Ratio, Mean Squared Error, Structural Similarity Index Measure and
Correlation Coefficient were tested on the results. The results showed that an average success rate of 86
% was achieved in the F-Score value.

Keywords: Clustering, Edge Detection, Parcel Boundaries Detection, Point Clouds
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SIMGELER VE KISALTMALAR

Kisaltmalar

CBS : Cografi Bilgi Sistemi (GIS - Geographic Information System)
ID : Kimlik (Identity)

10U  : Inersiyal Olgme Unitesi (IMU — Inertial Measurement Unit)

KK :  Korelasyon Katsayis1 (CC — Correlation Coefficient)

KKS : Kiiresel Konumlama Sistemi (GPS — Global Positioning System)
KYM : Kirmizi, Yesil, Mavi (RGB)

LiDAR : Isik Tespiti ve Uzaklik Tayini (Light Detection and Ranging)
NEFBO : Normalize Edilmis Fark Bitki Ortiisii Indeksi (NDVI — Normalised

Difference Vegetation Index)
OKH : Ortalama Karesel Hata (MSE — Mean Squared Error)
ROK : Rastgele Ornek Konsensiisii (RANSAC — Random Sample and Consensus)
SGO : Sinyal Giiriiltii Oran1 (SNR — Signal to Noise Ratio)
TBA : Temel Bilesenler Analizi (PCA — Principal Component Analysis)
YBIO : Yapisal Benzerlik indeksi Olgiimii (SSIM — Structural Similarity Index
Measure)

YSGO : En Yiiksek Sinyal Giiriiltii Oran1 (PSNR — Peak Signal to Noise Ratio)
2B . 2 Boyutlu
3B ;3 Boyutlu



1. GIRIS

Teknoloji ve bilginin ¢ok hizli bir sekilde gelistigi giliniimiizde, uluslararasi
standart ve kurallarin 6nem kazandigi ve kiiresellesmenin artmakta oldugu
goriilmektedir. Bu gelismelere paralel olarak her alanda iiretim ve verimin hizli ve
dogru bir sekilde arttirilmasi i¢in sayisal sistemlere gegilmesi vazgecilmez olarak
goriilmektedir.

Ozellikle son yillarda fotogrametri ve uzaktan algilama alanlarindaki gelismelere
paralel olarak ozellikle algilayicilarin ¢oziintirliiklerinin artmast sebebiyle yiiksek
¢cOziinlirliklii goriintiilerin kullanim1 artmistir ve bu goriintiiler arastirmacilara 6nemli
bilgiler sunmaktadir. Fotogrametri ya da uzaktan algilama yontemleri ile elde edilen
verilerinden goriintii isleme teknikleri ile nesne tespitine yonelik ¢aligmalar son yillarda
onemli bir aragtirma konusu haline gelmis ve bu hususta tip, bilgisayar, elektronik,
ingaat, mimarlik, harita vb. bircok meslek disiplininin ilgilendigi bir alan olarak
karsimiza ¢ikmaktadir. Dogrudan goriintii yada nokta bulutu verilerine kenar bulma
algoritmalari, filtreleme, segmentasyon ve siniflandirma yontemleri gibi yaklagimlar
uygulanarak bu verilerden nesne (obje) belirleme ¢alismalar1 giincel bilimsel caligmalar
arasinda yer almaktadir.

Goriintiilerden nesne tespiti ve bu nesnelerin siniflandirilmast haritacilik
sektoriinde ozellikle kentsel degisim ve gelisimin goriintiilenmesinde, gayrimenkul
degerleme, sehir planlamasi ve modellemesi, deformasyon analizleri, enerji sektorti,
ormancilik, tarim ve afet yonetimi gibi bir¢ok alanda kullanilmaktadir. Bu alanda
yapilan ¢alismalarda 6zellikle goriintii isleme analizleri de 6nemli bir yer tutmaktadir.
(Kamara ve Dogan, 2019; Joshi ve ark., 2020; Kurnaz ve ark., 2020; Liu ve ark., 2020;
Ramirez-Arias ve ark., 2020; Munawar ve ark., 2021; Jintasuttisak ve ark., 2022; Moon
ve ark., 2022; Treccani ve Adami, 2023).

Son yillarda 6nemi daha da artan gida arzi ve bu arz nedeniyle yasanan iiretim
sorunlart diisiiniildiiglinde tarimsal alanlarin tespiti, siniflandirilmasi, vb. amaciyla
yapilan caligmalarin olduk¢a Onemli oldugu bir gercektir. Bunun yaninda diizgiin
geometrik bir sekle sahip olan bina, yol gibi detaylarin ¢ikarimi gorece olarak arazi
sinirlarinin tespitine gore daha kolay olmaktadir. Ciinkii arazi sinirlarmin belirli bir
geometrik sekli ve yapisi bulunmamaktadir. Bu nedenle bu sinirlarin otomatik

yontemler ile tespitine yonelik algoritma gelistirmek nispeten daha zordur.



Optik sensor teknolojilerindeki gelismeler neticesinde yiiksek ¢oziiniirliige sahip
sayisal goriintiilerden doku ve renk bilgisi gibi 2 boyutlu bilgiler elde edilmesine
ragmen goriintii ¢oziinlirliigiiniin artmasi ile nesneleri birbirinden ayirma zorlugu da
artmaktadir. Zira goriintiilerde farkli nesneler farkli kosullarda benzer spektral imzaya
yada ayni tip nesneler farkli spektral imzaya sahip olabilir. Yine bu tiir goriintiilerde
istenmeyen golge gibi detay bilgisi de bulunabilmektedir. Ayrica goriintiilerden {i¢
boyutlu bilgi elde edilmesi daha karmasik bir islem olmaktadir (Chen ve ark., 2012).

Bununla birlikte iki boyutlu goriintiiler kullanilarak 3B veri (nokta bulutu)
iretmek icin fotograflarin goriintii alimi islemi sirasinda ¢ekilen ardisik fotograflar
arasindaki ortak alanin miktarini ifade eden bindirmeli olmasi gerekmektedir. Ancak bu
yontemlerle yliksek dogrulukta 3B wveri elde etmek her zaman miimkiin
olmayabilmektedir. Bunun yerine LiDAR teknolojisinin kullanilmast dogruluk, hiz ve
uretkenlik a¢isindan daha etkili bir yontem oldugu goriilmektedir (Canaz ve Habib,
2013).

LiDAR verileri yeryliziine ait iic boyutlu sayisal modellerin {iretilmesinde
kullanilan sistemlerdir. LIDAR sistemi saniyede binlerce lazer sinyali kullanir ve elde
edilen yiiksek dogrulukta 3B nokta verisi sayesinde objelere iliskin cesitli modeller,
analizler ve smiflandirmalar yapilabilmektedir. LiDAR verileri sagladig1 hiz, yiiksek
dogruluk ve maliyet gibi avantajlardan dolay1 klasik yontemlere gore tercih edilmekte
olup kentsel alanlar, bitki oOrtiisii, iletim hatlar1 vb. gibi objelerin tespitinde LiDAR
verileri 6n plana ¢ikmaktadir. LIDAR ile ilgili arastirmalar, 3 boyutlu bina modelleme
ve degisim belirleme gibi uygulamalar tizerine yogunlagmustir (Liu, 2008).

Farkli tlirdeki nesnelerin modellemesi ve analizi i¢in degisik yontemlerin
kullanilmas1  gerekmektedir. Bunun i¢in LiDAR verisi dogru bir sekilde
siiflandirilmalidir. LiDAR verisi ¢ok sayida nokta bulutundan olustugundan operator
yardimiyla (manuel) siiflandirma yapilmasi pahali ve zaman alici olmaktadir. Bu
nedenle, yar1 otomatik ya da otomatik yaklasimlar kullanarak siniflandirma yapilmasi
giincel arastirma konular1 arasindadir.

Bu alanda yapilan calismalar incelendiginde; uydu goriintiileri ile LiDAR
verisini kullanarak NEFBO (NDVI) ile bitki ortiisiiniin tespit edildigi (Sohn ve
Dowman, 2007), skolyoz diye anilan bel iskelet egriliginin goriintiilendigi (Habib ve
ark., 2010), g6l alan sinirlarinin ¢ikarildigi (Canaz ve ark., 2015), orman alanlarindan

agac hacim hesabinin yapildig1 (Giannico ve ark.,2016), enerji nakil hatlarimni ¢ikarildig:



(Sevgen ve Canaz, 2016), tek sokak agaglarin elde edildgi (Cetin ve Yastikli, 2022)
goriilmektedir.

Uydu goriintiileri ya da nokta bulutu verileri kullanilarak bina sinirlarinin
tespitine yonelik ¢aligmalarin yogun oldugu anlasilmaktadir (San ve Tirker, 2007; Uzar
ve Yastikli, 2011; Marangoz ve Alkis, 2012; Demir, 2015; Aroni ve loannidis, 2018;
Bool ve ark., 2018; Giiler, 2018; Elsayed ve ark., 2019; Park ve Guldmann, 2019;
Gamal ve ark., 2020; Hui ve ark., 2021; Li ve ark., 2020; Han ve ark., 2021; Feng ve
ark., 2022; Li ve ark., 2022; Benchabana ve ark., 2023 ve Dey ve ark., 2023).

Ayrica, uydu goriintiiller1 ya da hava fotograflarindan tarimsal arazilerin
sinirlarinin ~ tespitine  yonelik ¢ok sayida calisma bulundugu goriilmektedir
(Rahimzadeganasl, 2015; Garcia-Pedrero ve ark., 2017; North ve ark., 2018; Wassie ve
ark., 2018; Ghaffarian ve Turker, 2019; Robb ve ark., 2020; Wagner ve Oppelt, 2020;
Waldner ve Diakogiannis, 2020; Hong ve ark., 2021; Taravat ve ark., 2021; Zhang ve
ark., 2021; Sharifi ve ark., 2022 ve Lavanya ve ark., 2023).

Bununla birlikte LIDAR nokta bulutu verilerinden parsel sinirlarinin tespitine
yonelik bir takim g¢aligmalar bulunmasina karsin bu alandaki ¢alismalarin sinirli oldugu
ve yapilan ¢alismalarda ise kiimeleme algoritmalarinin ¢ok tercih edilmedigi ya da bu
algoritmalarin yeterince test edilmedigi tespit edilmistir (Mathews ve Jensen, 2012;
Luo ve ark., 2017 ve Borowiec ve Marmol, 2022).

Bu calismada yersel 6l¢iim metotlarina karsin tarimsal alanlarin tespiti amaciyla
nokta bulutu verilerinden yararlanilarak elde edilen goriintiilerinin bu amacla kullanilip
kullanilamayacagi, 6zellikle sabit tesislere sahip arazi sinirlarinin otomatik nesne tespiti
yontemleri ile istenilen dogrulukta elde edilip edilemeyecegi hususlarinin arastirilmasi
amagclanmustir.

Calisma kapsaminda, nokta bulutu verisi kullanilarak elde edilen goriintiilere
filtreleme, kenar bulma ve kiimeleme algoritmalar1 uygulanarak goriintiilerdeki parsel
sinirlart tespit edilmistir. Yine kenar bulma ve kiimeleme algoritmalar: icerisinde yer
alan ve tez iceriginde detaylar belirtilen parametre degerleri de test edilerek en uygun
parametre degerleri bulunmustur. Ayrica calisma kapsaminda kenar bulma ve
kiimeleme algoritmalar1 ile dogruluk olgiitleri karsilastirilarak bu algoritmalarin ve
Olgiitlerin birbirine gdre avantaj ve dezavantajlart belirlenmistir. Bu kapsamda
literatiirde en sik kullanilan Canny, Sobel, Roberts ve Prewitt kenar bulma algoritmalar:
ile K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama Kaydirma kiimeleme

algoritmalar1 6rnek veriler {izerinde test edilerek karsilastirilmis ve en iyi sonucu veren



algoritma belirlenmistir. Bununla birlikte farkli dogruluk analizlerine imkén saglayan F-
Skor, Yiiksek Sinyal Giiriiltii Oran1 (YSGO), Sinyal Giiriiltii Oran1 (SGO), Ortalama
Karesel Hata (OKH), Yapizal Benzerlik Indeks Olgiimii (YBIO) ve Korelasyon
Katsayis1 (KK) odlgiitleri de elde edilen sonuglar iizerinden test edilmistir.

Boylece bu tiir calismalardan elde edilecek sonuglar ile tarimsal araziler
iizerinde yapilan caligmalarda etkinligi ve verimliligi artirmak, zaman ve maliyet
acisindan kazanimlar elde etmek, kaynak israfinin 6nlenmesi, liretim asamalarinda insan
kaynakli hatalarin asgari diizeye indirgenmesi, en son teknolojilerin kurumsal

caligmalarda kullanilmasi 6ngoriilmektedir.



2. KAYNAK ARASTIRMASI

2.1. Uydu Goriintiileri Kullamlarak Yapilan Calismalar

Torre ve Radeva (2000), hava goriintiilerinden tarim alani sinirlarinin yari
otomatik olarak ¢ikarilmasini saglayan, alan biiylitme ve snake tekniklerini birlestirerek
bolge rekabeti yaklagimi olarak adlandirilan bir yaklagim gelistirmistir. Ortalama 30
parsel igeren 20 farkli hava fotografinda algoritma test edilmis ve % 70 oraninda basari
elde edilmistir.

Rydberg ve Borgefors (2001), multispektral uydu goriintiilerinden tarim
alanlarinin sinirlarinin belirlenmesi i¢in biitiinlesmis bir yontem Onermistir. Calismada
radyan kenar detektoriinden gelen multispektral kenar bilgisi ile ISODATA
smiflandiricisindan  elde edilen segmentasyon verisi entegre edilerek sonuclar
degerlendirilmistir. Calisma sonucunda uydu goriintiisiinde yaklagik % 87 oraninda
parsel kenarlar tespit edilmistir.

Ozdaric1 ve Ok (2007), uydu goriintiilerindeki tarimsal alanlarin tespiti igin
Ortalama Kaydirma algoritmasi destekli “En Biiyiik Olasilik” siiflandirma yaklagimi
gelistirmis ve dogruluk analizleri yardimiyla test edilen goriintiilerde % 78 oraninda
dogruluk elde etmislerdir.

San ve Tiirker (2007), uydu goriintiilerinden binalarin otomatik olarak tespiti
icin bir yaklasim oOnermislerdir. Calismada bina simirlarinin belirlenmesi amaciyla
Canny Kenar Bulma Algoritmasi, Hough Doniisimi ve Algisal Gruplama teknikleri
kullanilmis olup bina sinirlariin tespitinde basarili sonuglar elde edilmistir.

Biiytiksalih ve ark. (2009), IKONOS ve Orb View-3 uydu gorintiilerinden
topografik harita yapiminin miimkiin olabilecegini belirtmislerdir.

Marangoz (2009), uydu goriintiilerinden bina ve yollar gibi kentsel detaylar
cikarmistir. Calismada, goriintiilerin geometrik ve semantik igeriginden yararlanarak
1/5000 o6lgekli haritalarin yapimi ve giincellestirilmesi i¢in uydu goriintiilerinin
kullanilabilirligi degerlendirilmistir.

Marangoz ve Alkis (2012), uydu goriintiilerindeki bina ve yollar gibi kentsel
detaylar1 nesne tabanli siniflandirma yaklasimi kullanarak ¢ikarmiglardir. Elde edilen
uriinler, referans vektor veriler ile karsilastirllmis ve sonuglar CBS ortaminda analiz

edilmistir.



Ezeomedo ve Igbokwe (2013), uydu goriintiileriyle haritalama, arazi kullanimi
ve degisim analizleri i¢in yaklagim gelistirmistir.

Turker ve Kok (2013), uzaktan algilama goriintiilerinden tarimsal arazilerin alt
sinirlarinin Gestalt'in yakinlik, devamlilik, simetri, benzerlik, kapanma vb. yasalarini
iceren algisal gruplama algoritmasi kullanarak otomatik olarak c¢ikarilmasi i¢in bir
yaklagim sunmusglardir. Kullanilan SPOTS ve SPOT4 goriintiilerinde tarimsal arazilerin
sinirlarina ait kenarlarin genel eslesme ylizdeleri sirasiyla % 82,6 ve % 76,2 olarak
hesaplanmugtir.

Nacar (2015), Konya, Adana ve Sanliurfa’da secilen 3 pilot bolgede ortofoto ve
vektor haritalar kullanilarak parsellerin alanlarmi belirlemistir. Elde edilen sonuglar
1s181nda, gilincelleme kadastrosunda ortofoto goriintiilerinin kullanilabilecegi sonucuna
varilmistir.

Rahimzadeganasl (2015), uydu goriintiilerinden tarimsal parsel sinirlarimni
cikarmak i¢in Havza Algoritmasinin  genisletilmesine dayali  Parsel-Tabanli
segmentasyon yaklasimi Onermektedir. Gelistirilen yontem ile genel dogruluk
oranlarinin Spot5, IKONOS, QuickBird ve keskinlestirilmis QuickBird goriintiileri igin
sirastyla % 80.34, % 89.72, % 83.24 ve % 78.88 oldugu goriilmiistiir.

Ok (2016), calismada uydu goriintiilerinden kentsel alanlardaki bina ve yol
objelerin tespiti i¢in bir yontem sunmustur. Sunulan yaklasim ile bina ve yol gibi
detaylarin goriintiilerden belirlenebilecegini gostermistir.

Wassie ve ark. (2018), uydu goriintiilerindeki dogal ve insan yapimi kadastral
siirlarin Ortalama Kaydirma Algoritmasi ile tespit etmeyi amaglamuistir.

Xia ve ark. (2018), yiiksek c¢ozinirlikli uydu goriintilerindeki tarimsal
arazilerdeki ekili alanlarin ¢ikarilmasi i¢in derin 6grenme metotlar1 uygulanan bir
yontem Onermistir. Elde edilen sonuglar, derin 6grenme tabanli yontemlerin tarimsal
alanlarin tespitinde biiyiik bir potansiyel oldugunu gostermistir.

Ghaffarian ve Turker (2019), yiiksek ¢oziiniirliiklii uydu goriintiilerinden parsel
alt smirlarmin tespiti i¢in gelistirilmis kiime tabanli bir snake modeli Onermistir.
Calismada Bulanik C-Ortalamalar kiimeleme ile gelistirilmis snake modeli test
edilmistir. 20 test alanindan elde edilen sonuglara gore en yiiksek genel dogruluk %
93,61 ile IKONOS XS goriintiisiine ait olup QuickBird XS ve QuickBird PS goriintiileri
icin genel dogruluk sirasiyla % 84,96 ve % 88,78 olarak elde edilmistir.

Kumar ve ark. (2020), makine ogrenme teknikleri kullanarak kiy1 seridi

degisikliginin haritalamasini amaclamistir. Landsat goriintiileri basta Sobel ve Canny



olmak tizere kenar algilama filtreleri kullanilarak analiz edilmistir. Modelin performansi
karsilastirilmis ve yapay sinir ag1 modelinin % 86,2 dogrulukla k-en yakin komsu ve
destek vektor makinesi modelinden daha iyi performans gosterdigi gézlemlenmistir.

Wagner ve Oppelt (2020), derin 6grenme metotlar1 yardimiyla uydu
goriintiilerinden parsel sinirlarinin elde edilmesini amaglamistir. Genel dogruluk diizeyi
% 88 olarak elde edilmistir.

Sharifi ve ark. (2022), uzaktan algilama goriintiileri kullanarak ¢ok gorevli bir
segmentasyon modeline dayali olarak goriintiilerden alan sinirlarinin algilanmasini
amaclamistir. Bunun i¢in ¢alismada evrisimsel bir sinir agr metodu kullanilmistir.
Diger tiim yontemlerle karsilastirildiginda % 85,60 genel dogruluk elde edilmistir.

Lavanya ve ark. (2023), Landsat 7 multispektral uydu goriintiilerini kullanarak
binalar, bitki ortiisii, su kiitleleri vb. gibi arazi kullanimi/arazi ortiisii (LULC) tiirlerinin
tespitini amaclamistir. Calismada Maksimum/Minimum olabilirlik smiflandirmasi ile
nesne tabanl goriintii siniflandirmasi kullanilmig ve % 70 - 80 araliginda basar1 orani

elde edilmistir.

2.2. Nokta Bulutu Verisi Kullanilarak Yapilan Calismalar

Vosselman ve ark. (2005), kentsel alanlarda 3 boyutlu haritalarin {iretimi ve
degisim tespitinde LiDAR’1n kullanimini arastirmiglardir. Bu amagla LIDAR verisi ¢ok
¢cOziintlirliikli bolge bazli segmentasyon kullanarak ayristirilmis ve bina ve diger objeler
olarak ayr1 siniflara atanmis ve elde edilen sonuglar degerlendirilmistir.

Zhang ve ark. (2006), LIiDAR verisinden binalarin zemin oturumlarini otomatik
olarak ¢ikarmaya ¢alismislardir. Calismada morfolojik filtreler kullanilarak nokta bulutu
verisi siniflandirilmistir. Daha sonra diizlem yerlestirme yontemine dayali olan bolge
biiyiitme metodu ile zemine ait olmayan noktalardan binalar tespit edilmistir.

Saeedi ve ark. (2009), kentsel alanlarda LiDAR verilerinden nesne ¢ikarimi i¢in
K-Ortalamalar Algoritmasi ile Yapay Ar1 Kolonisi Algoritmasini entegre ederek saglam
ve verimli bir kiimeleme yontemi 6nermistir.

Aktaruzzaman ve Schmitt (2010), kentsel alanlarda sel olaylarinin kontrolii
amaciyla yaptiklar1 ¢alisma kapsaminda LiDAR verisinden elde edilen nokta
bulutundaki bina ve yol detaylarint ¢ikarmak i¢in yar1 otomatik bir yaklasim

gelistirmistir.



Mathews ve Jensen (2012), LiDAR verilerinden normalize edilmis sayisal yiizey
modeli olusturmus, siniflandirma islemi i¢in ISODATA algoritmasi kullanmistir. Sonug
olarak parsel alanlariin ortalama dogrulugu % 88.79 olarak tespit edilmistir.

Torun ve Diizgiin (2013), LIDAR nokta bulutundan mekansal veri madenciligi
ve hesaplamali geometri tekniklerinden olusan karma bir yontem sunan DAPHNE
yaklasimi ile Kkentsel alanlarda bina catilarinin geometrisinin olusturulmasi amagh
caligsma yapmuslardir.

Zhang ve ark. (2013), nesne tabanli nokta bulutu analizi ile LiDAR nokta
bulutlarindan bilgi elde etmeyi amaglamistir. Calismada kentsel alanlarda LiDAR nokta
bulutlarii smiflandirmak i¢in nesneye dayali bir siniflandirma yontemi Onerilmistir.
Smiflandirma siirecinde, nokta bulutlarinin kiimelenmesini saglamak i¢in Yiizey
Biiylitme Algoritmast ve Destek Vektor Makinesi kullanilmistir. Deneyler, dnerilen
yontemin kentsel nokta bulutlarini genel olarak siniflandirabilecegini gostermektedir.

Demir (2015), Sayisal Yiikseklik Modeli, Sayisal Arazi Modeli ve LiDAR
verisinin de kullanildig1 dort farkli yontem uygulanarak goriintiilerden bina tespiti
yapmistir. Calismada, yontemlerin Ozelliklerine, avantaj ve dezavantajlarina bagl
olarak % 94 ve % 92 oranlarinda dogruluk degerlerine ulasiimistir.

Luo ve ark. (2017), hava LiDAR verisinden kadastral parsel simirlarinin tespiti
icin yar1 otomatik bir yontem gelistirmistir. Calismada, nokta bulutu verisi yardimiyla
bina, yol, bitki Ortlisi, elektrik hatlari, ¢it gibi araziye ait detaylarin tespiti
amaglanmistir. Canny, a-sekil, baglantili bilesen, iskelet (o-shape, connected
component, skeleton) segmentasyon algoritmalar1 belirlenen is akisi igerisinde test
edilmistir. Gelistirilen is akisinin sonucunda, kadastral parsel sinirlarinin yaklasik %
50’sinin basariyla ¢ikarildig1 goriilmiistiir.

Ma ve ark. (2017), LiDAR verisini kullanarak Rastgele Orman Algoritmasi
(Random Forest Classifier) ile binalari, agaglari, tarlalar1 ve zemini siniflandirmistir.

Zhang ve Zhang (2017), kentsel alana ait 3 boyutlu nokta bulutlarinin derin
O0grenme cercevesi i¢inde 3B evrisimsel sinir ag1, derin Q ag ile tekrarlayan sinir ag1
yontemlerini biitiinlesmis bir sekilde kullanarak noktalarin ayrigtirtlmasi ve bina, bitki
ortiisii, yapay objeler vb. nesnelerin tespitini amaglamustir.

Bool ve ark. (2018), belirli bir bolgedeki binalarin seklini, sayisini ve dagilimini
ve yerini belirlemeyi amaglamistir. Calismada siniflandirilmis LIDAR nokta bulutundan

elde edilen veri kiimesini islemek icin RANSAC algoritmasi kullanilmaistir.



Giiler (2018), LIiDAR verisinden otomatik bina cati diizlemlerinin ¢ikarilmasi
amaglamistir. Calismada Bolge Biiylime Segmentasyon, RANSAC, DBSCAN ve
Douglas-Peucker algoritmalar1 uygulanarak bina c¢atilari otomatik olarak tespit
edilmisgtir.

Park ve Guldmann (2019), LiDAR noktalarin1 siniflandirarak bina alanlarini
tahmin etmeyi amaclamistir. Yontem olarak Makine Ogrenme yaklasimi olan Rastgele
Orman Algoritmast kullanilmis ve ¢ati, duvar, zemin ve yiiksek aykir1 deger olmak
iizere 4 siif olusturularak sonuglar test edilmistir.

Sevgen (2019), kentsel alana ait LIDAR verisini kullanarak Rastgele Orman
Algoritmasi ile bina, bitki ortiisii, asfalt yol ve zemin noktalarini siniflandirmastir.

Bayasli (2021), LIDAR verisini, denetimsiz bir yapay sinir ag1 yontemi olan
Kendini Diizenleyen Haritalar, denetimli bir makine 6§renmesi yontemi olan Rastgele
Orman Algoritmasi ve denetimli bir yapay sinir ag1 yontemi olan Derin Ogrenme ile
siniflandirmis, uydu goriintiileri ve sokak goriintiileri kullanilarak olusturulan referans
veri seti ile dogruluk analizlerini yapmuistir.

Borowiec ve Marmol (2022), tarim arazilerinin smirlarin1 belirlemek igin
LiDAR verilerine Temel Bilesenler Analizi (PCA) ve Hough Doniisiim algoritmasini
uygulamistir.

Giirbiiz ve ark. (2023), nokta bulutu verisine Canny, Sobel, Roberts ve Prewitt
kenar bulma algoritmalar1 uygulayarak parsel sinirlarini tespit etmisler ve bu sinirlarin
kenar bulma algoritmalariyla basarili bir sekilde tespitinin miimkiin oldugunu

belirtmislerdir.

2.3. Hibrit Cahismalar

Rottensteiner ve ark. (2003), LiDAR ve multispektral goriintiiler kullanarak
otomatik bina tespitine yonelik ¢alisma yapmislardir. Caligmada LiDAR verisinin ilk ve
son doniis noktalari, ortofoto gériintiiler, NEFBO, bagl bilesenler analizi ve morfolojik
filtreler kullanilmastir.

Kabolizade ve ark. (2010), renkli hava goriintiilerinden ve LiDAR verilerinden
bina ¢ikarimina odaklanan gelismis bir snake modeli &nermektedir. Onerilen snake
modeli, yiikseklik benzerlik ve bolgesel benzerlik enerji faktorii ile gradyan vektor

akisin1 icermektedir. Geleneksel snake modeliyle karsilastirildiginda, uygulanan
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algoritmanin, 6zellikle karmasik kentsel ortamlarda gercek bina hatlarina daha hizli ve
daha kararl bir sekilde tespit ettigi belirtilmistir.

Uzar ve Yastikli (2011), LiDAR ve hava fotograflarinin fiizyonu ile nesne
tabanli siniflandirma yontemini kullanarak, otomatik bina tespiti i¢in bir yaklasim
onermistir. Calismada, Bulamk Mantia Dayali Smiflandirma, NEFBO ve Hough
Dontigiimii kullanilmig ve analizler igin kural setleri gelistirilmistir.

Giampouras ve ark. (2013), Yapay Sinir Aglari metodu ile hiperspektral
gorlintiisii ve LiDAR verisi entegre edilerek arazi Ortlisiiniin siniflandirilmasini
gerceklestirmislerdir. Calismada hiperspektral goriintiiden 6zellik ¢ikarma islemleri i¢in
Temel Bilesenler Analizi (PCA) uygulanmstir.

Zhang ve ark. (2017), LiDAR verileri, yiiksek ¢oziintirliiklii ortofoto ve Google
Street View goriintiilerini kullanarak Rastgele Orman Algoritmasi ile parsel bazli arazi
kullaniom simiflandirmasinin performansini test etmistir. Calismada konut ve ticari
binalara ait parsellerin diger arazi kullanim parsellerinden ayrilmasinda Google Street
View goriintiilerinin kullanimi aragtirilmastir.

Elsayed ve ark. (2019), binalarin sayisal hava goriintiilerinden ve LIDAR
verilerinden otomatik olarak ¢ikarilmasi i¢in bir yaklasim Onermistir. Destek Vektor
Makineleri ve Yapay Sinir Aglari siniflandiricilart uygulanmis yaklasik % 87 oraninda
genel dogruluk orani gozlenmistir.

Ojogbane ve ark. (2021), Derin Sinir Ag1 yontemi ile LiDAR ve Cok Yiiksek
Coziiniirliiklic Hava Goriintiileri birlikte kullanilarak otomatik bina tespitine iliskin
yaklagim Onermislerdir. Yontemin genel dogrulugu % 80’den biiyiikk oldugu
gorilmistiir.

Azad ve Farnood (2022), LiDAR verileri ve goriintiiler kullanilarak 6z nitelik
algilama icin yar1 otomatik bir yontem Onermistir. Bu yaklasimda, onerilen yontemin
kentsel o6zellikleri (bitki ortiisii, yol ve bina dahil) farkli sekillerde basarili bir sekilde
tespit edebildigini gostermistir. Bitki oOrtiisiiniin genel dogrulugu, kappa katsayisi,
tiretici dogrulugu ve kullanict dogrulugu sirasiyla % 97, % 92, % 96 ve % 94, bina
sinifina iliskin treticinin dogrulugu, kullanicinin dogrulugu ve kappa katsayisinin
sirastyla % 94, % 95 ve % 91, Yol sinifi hakkinda ise bu parametrelerin % 95, % 89 ve
% 91 dogrulukta tespit edildigi goriilmiistiir.
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3. MATERYAL VE METOT

3.1. LIiDAR

1960’11 yillarda ortaya ¢ikan LIDAR (Light Detection and Ranging) lazer
tarayict algilama sistemidir. Bu sistem ile yliksek dogruluklu konumsal veri elde
edilebilmektedir. LIDAR’1n temel ¢alisma prensibi gonderilen lazer sinyali ile objeden
yansiyan sinyalin aliciya geri donme siiresinin Olgiilmesine dayalidir (Petrie ve Toth,
2009). Bunun i¢in Kiiresel Konumlama Sistemi (KKS) (GPS- Kiiresel Konumlama
Sistemi) ve Inersiyal Olgme Unitesi (IOU) (IMU- Inertial Measurement Unit) kullanilir.
GPS/IMU sistemi ile lazer sinyalinin gonderildigi esnadaki konum ve doniikliik bilgileri
olgiilerek objenin X, Y, Z koordinatlar1 elde edilir. Sekil 3.1’de LIDAR sisteminin temel

prensibi temsil edilmistir.

Sekil 3.1. LiDAR sisteminin temel prensibi (Beek, 2015).

800 ila 1550 nm araliginda yakin kizilotesi dalga boyu kullanan LiDAR
sayesinde nesnelere ait geometrik bilgiler ile yer ylizeyinin yansitma karakteristiginin
elde edilmesi saglanir (Hofle ve Pfeifer, 2007).

Amerika Fotogrametri ve Uzaktan Algilama Birligi tarafindan ikili (binary)
sistemde “.las” formati gelistirilmis olup LiDAR verileri bu formatta depolanmaktadir.

Her bir las dosyasinda odlgiilen noktaya ait; donen sinyalin siddeti (Intensity), doniis
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sayist ve kacginct doniis oldugu, nokta koordinatlari (x,y,z) ve ugus hatti, yiizey

kategorisi gibi bazi 6znitelik bilgileri bulunmaktadir. (Y1ldiz, 2022).

3.2. Yogunluk Goriintiisii

Sayisal goriintiiler cisimlerden yansiyan elektromanyetik enerjinin piksel
bazinda parlaklik degerlerinin dlgiilmesi ile olusmaktadir. Matematiksel anlamda sayisal
goriintli X, y koordinatlarindaki piksellerin parlaklik degerini iireten bir fonksiyondur.
Objenin yansitma Ozelligine gore degisen yogunluk (intensity) degeri LIDAR
sistemlerinde lazer sinyalinin doniis giliciinden her nokta olgiilerek elde edilmektedir.
Lazer sinyalinde yogunluk bilgisi ayrica kaydedilerek “intensity goriintii” olusmaktadir.
Yogunluk goriintiisii LIDAR verilerinin siniflandirmasinda 6znitelik belirleme ve nesne
tespiti islemlerinde ya da hava fotograflar1 yerine kullanilmaktadir (H6fle ve Pfeifer,
2007).

LiDAR gibi ii¢ boyutlu nokta bulutu verilerinden nesne tespiti elde edilebilmesi
amaciyla yapilan c¢aligmalarda bu noktalarin siniflandirilarak anlamli hale getirilmesi
amaclanmaktadir.  Hedef nesnenin  tliriine goére smiflandirma  metotlar
degisebilmektedir. Tez ¢alismamizda oldugu iizere 6zellikle belirgin bir geometrik sekli
bulunmayan parsel sinirlariin tespitinde nokta bulutu verisini direk kullanmak yerine
goriintii  formatina c¢evirerek smiflandirma yapmak daha etkili bir yontem olup

caligmada nesne tespiti amaciyla nokta bulutu verisi yogunluk goriintiistine ¢evrilmistir.

3.3. Filtreleme

Gortintiilerin kaydedilmesi sirasinda olusan giiriiltii (noise) gibi bozucu etkiler
istenmeyen goriintli igerikleridir. Filtreleme ile istenmeyen bu gibi giiriiltiilerin
goriintiilerden temizlenmesi amacglanmaktadir. Ayrica kenar tespiti, goriintii
keskinlestirme, bulaniklagtirma ve goriintii yumusatma gibi baz1 detaylarin One
cikarilmast ya da bastirilmasi i¢in de filtreler kullanilmaktadir. Bu sayede goriintiiniin
gorsel olarak yorumlanmasi kolaylasmaktadir. Filtreleme islemi i¢in cesitli sayisal filtre
operatorleri bulunmaktadir. Filtreler, matris formatinda olup boyutlar1 kullanim amacina
gore degisebilmektedir.

Yumusatma iglemi goriintiideki piksel degerlerinin bir 6ncekinden bir sonrakine

ani artis ya da azalis seklinde keskin gegisleri 6nlemek amaciyla yapilmaktadir. Diger
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bir deyisle, bir piksel ile komsular1 arasindaki degisim miktar1 azaltilmaktadir. Yaygin
olarak kullanilan yumusatma filtreleri arasinda Ortalama, Medyan ve Gauss filtreleri yer
almaktadir.

Tez calismasinda filtreleme islemi i¢in Ortalama (Mean), Medyan (Ortanca-
Median) ve Gauss filtreleri kullanilmis olup elde edilen sonuglarin birbirine yakin
oldugu goriilmiistiir. Bu filtrelerin arasinda daha iyi sonu¢ veren Medyan filtresi
goriintiilere uygulanmastir.

Medyan filtresi; resimdeki giriiltiiyli azaltmak icin kullanilan bir filtredir.
Medyan filtresinde matris boyutuna denk gelen goriintiideki piksel degerleri oncelikle
kiiciikten biiylige siralanir ve siralamada ortada bulunan saymnin degeri goriintiiniin
bulundugu matrisin ilgili pikseline atanir (Gonzalez ve ark., 2008). Medyan filtresi
genellikle tuz ve biber (salt and pepper) adi verilen etkinin giderilmesi i¢in kullanilir
(Blackledge, 2005). Sekil 3.2°de giiriiltii bulunan bir goriintiiye uygulanmis Medyan

filtresi ¢iktis1 goriilmektedir.

Sekil 3.2. a) Giiriiltii bulunan goriintii, b) 3x3 boyutunda Medyan filtresi uygulanmig goriintii (Gonzalez
ve ark., 2008).

Medyan filtreleme islemini agiklamak i¢in, F goriintiisiindeki bir F (k, 1) pikseli
ve bu pikselin sekiz komsu piksellerin gri degerleri asagida goriilmektedir (Sekil 3.3).
F (k,1) pikselinin, yatay yonde (k+1,1), (k-1,1), disey yonde (k,1+1), ve (k, 1-1),
kosegenlerde ise (k-1,1-1), (k-1,1+1), (k+1,1-1), ve (k+1,1+1), olmak {lizere toplam
sekiz adet komsu pikseller bulunmaktadir. Bu komsuluklar Sekil 3.3°te (a) ve (b) ile
gosterilmistir (Ghit, 2022).
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(k, 1-1) kt1,1-1) | (k11 | (k-1,1-1)
k+1,D) | K1 (k-1,1) (k+1, 1) K, 1 (k-1, 1)
(k, 1+1) kt1,141) | (& 1+1) | (k-1,1+1)
(@) (b)

Sekil 3.3. (a) 4- Komsuluk iligkili, (b) 8- Komsuluk iliskili

Ornegin, (10, 10, 20, 20, 15, 20, 20, 25, 50) degerlerine sahip bir gériintiiye
3x3 boyutunda bir Medyan filtresi uygulandiginda Oncelikle bu degerler
(10, 10, 15, 20, 20, 20, 20, 25, 50) seklinde kiiciikten biiylige siralanir. Siranin
ortasindaki deger olan 20 degeri goriintiiniin Medyan degerini olusturur. Sekil 3.3’de
(k, 1) olarak yeniden tanimlanan piksel degeri 6rnek matrisinde 15 degerine sahip piksel
oldugu varsayildiginda, bu piksele Medyan filtresi uygulandiginda 20 degerini alacaktir.
Bu islem tiim pikseller boyunca adim adim uygulanir.

Tez calismasinda kenar tespiti islemlerinden 6nce yogunluk goriintiilerindeki
giriiltiileri azaltmak amaciyla Medyan filtresi her bir test alaninda uygulanmis ve

sonraki islem adimlarinda Medyan filtresi uygulanmis sonug goriintiisii kullanilmustir.

3.4. Kiimeleme

Kiimeleme verilerin benzerlik 6zelliklerinden yararlanilarak gruplama islemidir.
Kiimeleme isleminde ana problem nesneleri ortak ozelliklerine dikkat ederek ayri
gruplara ayirmaktir. Nesnelerin ayni kiimeye atanabilmesi i¢in herhangi bir sekilde
nesnelerin birbirine daha benzer olmasi gerckmektedir. Boylelikle ayni kiime igindeki
elemanlarin 6zellikleri benzer iken, farkli kiimelerdeki elemanlarin 6zelliklerinin farkls
olmasi istenir. Baslica kiimeleme metotlar1 sunlardir (Saeedi ve ark., 2009);

a- Yogunluk Temelli Yontemler (Density-Based Methods)

b- Hiyerarsik Tabanli Yo6ntemler (Connectivity-based Clustering)

c- Centroid Tabanli (Centroid-based) veya Boliimleme Tabanli (Partitioning
Methods) Yontemler: K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama Kaydirma
kiimeleme algoritmalari bu grupta yer almaktadir.

d- Grid Tabanli Yontemler (Grid-based Methods)

e- Model Tabanli Yontemler (Model-Based Methods)
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Tez caligmasi kapsaminda LiDAR nokta bulutu verisinden elde edilen filtre
uygulanmis yogunluk goriintiilerine K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama
Kaydirma kiimeleme algoritmalar1 uygulanmistir.

K-Ortalamalar Kiimeleme Yéntemi (K-Means): ilk olarak 1967 yilinda
James MacQueen tarafindan gelistirilen bu yontem, piksel tabanli egitimsiz bir
siniflandirma islemi olup bilimsel c¢alismalarda siklikla tercih edilmektedir. K-
Ortalamalar kiimeleme algoritmasinda amag "n" adet nesneden olusan bir veri setini "k"
adet kiimeye gruplamaktir. Kiimeleme isleminde; kiimeler arasi benzerlik oraninin
diistik, kiime igi benzerlik oraninin ise yiiksek olmasi beklenir. Kiimeleme isleminde
benzerlik oran1 kiimedeki diger nesneler ile kiimenin agirlik merkezi olarak kabul edilen
bir nesne arasindaki uzakliklarin ortalama degeri ile belirlenmektedir (Han ve Kamber,
2001).

K-Ortalamalar kiimeleme yonteminde ilk olarak kiime merkezleri segilir ve her
bir piksel rastgele ortalama vektoriine en yakin olan kiimeye atanir. Daha sonra her bir
kiime igin ortalama vektorler tekrar hesaplanir. Bu islem dongii (iterasyon) adi verilen
ve belirlenen bir islem tekrar sayisinda ortalama vektorlerin konumlarindaki bir degisim
gbzlenmeyene kadar devam eder (Lillesand ve ark., 2008).

K-Ortalamalar yonteminin islem adimlar1 su sekildedir (Demiralay ve Camurcu,
2005);

1. Kiime merkezleri belirlenir. Burada kiime merkezleri iki farkli yoldan elde
edilebilir. Birincisi rastgele "k" adet kiime merkezi secilmesidir. ikinci yol ise merkez
noktalarin tiim nesnelerin ortalamasi alinarak belirlenmesidir.

2. Her nesnenin se¢ilen merkez noktalara olan uzakligi hesaplanir ve sonuglara
gore tiim nesneler "k" adet kiimeden kendilerine en yakin olan kiimeye atanir.

3. Olusan kiimelerin yeni merkez noktalari, o kiimedeki tiim nesnelerin ortalama
konumuna gore tekrar belirlenir.

4. Merkez noktalar degismeyene kadar 2. ve 3. adimlar tekrarlanir.

K-Ortalamalar yonteminde nesnelerin merkez noktalara olan mesafesini 6lgmek
icin kullanilan temel olarak 4 farkli algoritma bulunmaktadir (MacQueen, 1967).

- Oklit Uzaklig1 (Euclidean Distance)

- Oklit Uzaklhigimin Karesi (Squared Euclidean Distance)

- City-Block Uzaklik Formiilii (City-Block (Manhattan) Distance)

- Chebychev Uzaklig1 (Chebychev Distance)
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K-Ortalamalar kiimeleme yontemi karesel hata kriterini kullanan bir algoritma
olup karesel hatayr en kiigiik yapacak olan "k" adet kiimeyi tespit etmeyi
amaclamaktadir. K-Ortalamalar kiimeleme yonteminde her bir veri nesnesi ile kiime
merkezleri arasindaki uzakligi hesaplamak igin Oklit uzakligi en sik kullanilan
algoritmadir. Denklem 3.1°deki formiil tiim nesnelerin karesel hatalarinin toplamini
belirlemek i¢in kullanilmaktadir.

x : hedef nesne,

x; : C; kiimesinin ortalama degeri,

k : kiime sayisi,

E : Verideki tiim nesnelerin karesel hatalarinin toplami,

olmak iizere;

k
E:Z~—1 ZXECi |x - x;]? (3.1)

Bir nesne ile kiime merkezi arasindaki Oklid uzaklig1 x = (x4, X, ...X,) vektorii
ve baska biry = (y,, y,... y,) vektorii olmak tizere Oklid uzaklig1 d (x;, y;) ise Denklem

3.2’deki formiil ile hesaplanmaktadir.

d(x,y) = |2 (x-v.) (3.2)

Oklid uzaklig1 degerinin yiiksek ya da diisiik ¢ikmasi nesnelerin bulunduklari
kiime merkezlerine olan konumlar ile iligkilidir. Bu degerin diisiik olmas1 nesnelerin
kiime merkezlerine yakin oldugunu, yiiksek olmasi ise nesnelerin uzak olduklarini
gosterir. Birbirine benzer yani yakin nesneler igeren kiimeler elde etmek
amaglandigindan en diisiik degere sahip kiimeleme en iyi sonucu vermektedir.

Sekil 3.4’te K-Ortalamalar kiimeleme yontemiyle elde edilmis bir 6rnek

goriilmektedir.
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Sekil 3.4. K-Ortalamalar kiimeleme teknigiyle kiimeleme &rnegi (Ozekes, 2010).

K-Ortalamalar kiimeleme algoritmasi uygulamasi kolay oldugundan yaygin
olarak kullanilan bir algoritmadir. Fakat algoritmanin bazi1 zayif yonleride
bulunmaktadir (Biiytikk6z, 2010):

« Veri setinin kii¢iik oldugu durumlarda yerel minimumlar olusabilir. Baslangig
degerleri kiimeleme sonuglarini oldukga etkilemektedir.

e "K" kiime sayis1 parametresinin kiimelemeden once belirlenme kosulu
dezavantajdir.

* Veri sayist fazlaliiginda ayni veriler farkli diizende islem gordiigiinde farkli
kiimeler tiretebilmekte olup bu durumda gergek kiime sayis1 bilinmemektedir.

* Her bir degiskenin modelde esit agirlikta oldugu varsayilmasi nedeniyle
kiimeleme siirecine hangi degiskenin daha ¢ok katkis1 oldugu bilinmemektedir.

* Veride aykiri nesnelerin varligi halinde aritmetik ortalamanin kullanilmasi bazi
hatalara sebep olabilmektedir.

K-Ortalamalar kiimeleme yonteminde kiime sayisi, maksimum dongii sayisi ve
tolerans degeri olmak {izere ii¢ adet parametre degeri bulunmaktadir.

Bulanik C-Ortalamalar Kiimeleme Yontemi (Fuzzy C-Means): Bu yontem
nesne tabanli bir siniflandirma islemidir. Goriintiilerde spektral olarak ayni nesneler
yakin yansima degerlerine sahiptir. Bunun yaninda, goriintiilerdeki biiylik ve karigik
piksel gruplarinin sadece bir sinifa ait oldugunun belirlenmesi zordur. Bulanik mantik
islemi bir pikselin birden fazla sinifa aidiyetligine imkan saglar. Bu aidiyetlik, pikselin

bir sinifta bulunabilme ihtimalini gosteren “liyelik degeri” ile belirlenir. Sonucta piksel,
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en yiiksek tyelik degeri veren sinifa atanir. BOylece veri daha iyi sekilde temsil
edilebilir (Bardossy ve Samaniego, 2002).

Bu yontem ile temel olarak dogru/yanlis, evet/hayir, yiiksek/algak gibi degerler
gibi kesin degerler arasindaki gegis degerleri de dikkate alinmaktadir (Hellman, 2001).
Bulanik mantik fikri yeryiiziindeki birgok detayin bulanik oldugu diisiincesinden yola
cikmaktadir. Zira bir arazi ortiisiinden bagka bir arazi ortiisiine gegiste kesin sinirlar net
degildir. Bu nedenle daha gercekgi bir siniflandirma gereklidir.

Bulanik C-Ortalamalar kiimeleme yonteminde arazi smiflari bulanik setler,
pikseller ise bu setlere ait elemanlar: ifade etmektedir. Siniflara ait pikseller igin 0 ile 1
araliginda bir tyelik derecesi s6z konusudur. Bu sayede birden ¢ok smifa iiyelik
miimkiindiir (Gao, 2009). Bu durum asagida Sekil 3.5’de gosterilmektedir. Burada, bir
kiimenin merkezine yakin olan bir veri noktasi, o kiimeye yiliksek derecede iiyelige
sahip olacak ve kiimenin merkezinden uzakta bulunan baska bir veri noktasi, o kiimeye

diisiik derecede tiyelige sahip olacaktir.
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Sekil 3.5. a) K-Ortalamalar kiimeleme iglemi uygulanmus veri, b) Bulanik C-Ortalamalar kiimeleme
islemi uygulanmis veri (Bitbio, 2022).

Bulanik kiimelemenin bazi 6zellikleri sunlardir (Nees ve Mevik, 1999):

« Uyelik degerleri yorumlama agisindan kolaydir.

» Uzaklik kullanimi hususunda esnek bir yapidadir.

* Bazi liyelik degerleri bilindiginde sayisal optimizasyonla birlestirilebilir.
Bulanik C-Ortalamalar algoritmasi Denklem 3.3’de verilen fonksiyonun

minimizasyonuna dayali bir metottur.
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Z Z ™ [lx; - (3.3)

Denklem 3.3’te; D nokta sayisi, N ise kiime sayisidir. m, bulanik Ortiisme
derecesini kontrol etmek i¢in bulanik bolim matrisi Usslidiir. Bulanik ortiisme, kiimeler
arasindaki sinirlarin ne kadar bulanik oldugunu, yani birden fazla kiimede onemli
tyeligi olan veri noktalarinin sayisini ifade eder. x;, i. veri noktasidir. ¢;, j. kiimenin

merkezidir. Ky x;'nin j. kiimedeki tiyelik derecesidir. Belirli bir veri noktasi igin x;,

biitiin kiimenin iiyelik degerlerinin toplami 1’e esittir.
Kiimeleme algoritmasi su sekilde ¢alismaktadir (Peizhuang, 1983)
1- Kiime iiyelik degerleri (uij) rastgele baglatilir.

2- Kiime merkezleri Denklem 3.4’e gore hesaplanir.

C === (3.4)
2t
i=1
3- K Denklem 3.5’e gore giincellenir.
1
— 2 (3.5)

ij 2
<||Xi 'Cj||>m'1
[Ix; - k|l
k=1

4- Denklem 3.3’¢ gore J,,, fonksiyonu hesaplanir.

5- J, belirli bir tolerans degerine ya da kiime merkezleri degismeyene kadar 2, 3
ve 4. adimlar tekrarlanir.

Bulanik C-Ortalamalar kiimeleme yonteminde kiime sayisi (c), bulaniklik issii
(m), maksimum dongii sayist ve tolerans degeri olmak tizere dort adet parametre degeri
bulunmaktadir. Bulaniklik Gissiiniin tipik degerleri 1.5 ila 2.5 araligindadir.

Ortalama Kaydirma Kiimeleme Yontemi (Meanshift): Bu yontem parametrik
olmayan bir kiimeleme yontemidir. Amag nokta dagiliminin en yogun oldugu bolgeleri
tespit etmektir. Bu yontem ilk olarak 1975 tarihinde Fukunaga ve Hostetler tarafindan

Onerilmis ve daha sonra Comanicu tarafindan gelistirilmistir (Derpanis, 2005). Bu
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yontem olasiliga dayali bir yontem olup olasilik dagilimimin maksimum noktasini tespit
etmek igin yogunluk farkinin tahmini hesaplanir (Dandan, 2010).

Bu algoritmanin fonksiyonu yani matematiksel olarak genel hatlartyla
incelendiginde (Seyma ve Sanli, 2022);

Denklem 3.6, d boyutlu bir oklit uzayinda RY rastgele dagilmis n nokta icinde
x (1) vektori (i=1, 2, ..., n) verilsin. x’i hesaplamak i¢in Oncelikle g¢ekirdek (kernel)
yogunluk fonksiyonu hesaplanir. x kullanilan K ¢ekirdeginin merkez noktasi, k ise
kullanilan ¢ekirdegin boyutunu yani yaricapin1 (bandwith) tanimlamaktadir. Tez

caligsmasinda yarigap degeri "r" olarak tanimlanmustir.

n

£ (%) =#ZH K () (3.6)

Cekirdegin tahmin kalitesi, yogunluk ve tahmin edilen yogunluk arasindaki
karesel hatanin ortalamasi ile 6l¢iiliir. f(x) yogunluk fonksiyonu ile tanimlanan nitelik
uzayinda oOncelikle olarak modlar belirlenir. Modlar, gradyanlarin sifir olduklari

noktalarda vardir. Bu sonuglara bakarak Ortalama Kaydirma ile bu degerler aranir.

G () =cgq 2 (X (3.7)
Vihk (x
myg (x) = She T (38)

Ortalama Kaydirma prosediirii iki basamakli bir dongii (iterasyon) olarak
yazilabilir:

1) my g (x) ortalama kayma vektoriiniin hesaplanmasi (Denklem 3.8)

2) Cekirdek G (x)’in ortalama kayma vektorii ile tekrar hesaplanmasi (Denklem
3.7)

Ortalama Kaydirma, veri kiimesi tizerindeki veri dagilimiin en yiiksek oldugu
yeri bulmay1 saglar. Ortalama Kaydirma, yakinsamaya ulasana yani kiime merkezleri
degismeyene kadar her adimda ¢ekirdegin dongiisel (iteratif) olarak daha yiiksek
yogunluklu bir bolgeye kaydirilmasint (sliding window) hedefleyen bir tepe tirmanma
(hill-climbing) algoritmasidir. Her bir donglide, pencere daha yiiksek yogunluklu

bolgelere merkez noktasini noktalarin ortalamasma kaydirilir (shifting). Bu islemler,
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tiim noktalar bir pencere i¢inde kalana kadar yapilir ve en ¢ok noktay1 iceren pencere
korunur. Veri noktalar1 daha sonra ig¢inde bulunduklari pencereye gore kiimelenir
(Seyma ve Sanli, 2022).

Aragtirilan
_———| bolge
° <
Yogunluk
_o®__ | merkezi

Meanshift
vektori

______

o v

Sekil 3.6. Ortalama kaydirma algoritmasi gosterimi (Ankurtripathi, 2022)

Sekil 3.6’da goriildiigi tizere Ortalama Kaydirma penceresi goriintiideki
maksimum degerlerin oldugu veriye kayarak yogunlagmanin oldugu yeri bulmaktadir.
Yogunlasmanin en yogun oldugu alan bulunduktan sonra bu alanlarin sinirlar1 belirlenir.
Bu yontemde kiime sayisinin O6nceden belirtilmesi zorunlu degildir. Sekil 3.7°de
gosterildigi lizere "Kiime" olarak saptanan aslinda veri igindeki tiim yogunluk

bolgelerinin merkezleridir.

Sekil 3.7. Ortalama Kaydirma kiimeleme yontemi

Ortalama Kaydirma kiimeleme yonteminde ¢ekirdek yarigapi (r), maksimum

dongii sayis1 ve tolerans degeri olmak lizere ili¢ adet parametre degeri bulunmaktadir.


file:///C:/Users/HP/Desktop/TİK/tez%20yazımı/Ankurtripathi
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3.6. Kenar Bulma Operatorleri

Kenar belirleme algoritmalari, goriintiilerdeki piksellerin renk degerlerinin
farkliligint esas alarak nesneleri tespit ve ozelliklerini belirlemek amaciyla
kullanilmaktadir. Bu isleme filtreleme islemleri de denilmektedir. Farkli boyutlarda
filtreleme matrisleri goriintii tizerinde gezdirilerek matematiksel bir fonksiyon aracilig
ile yeni goriintiiler elde edilir.

Goriintiideki bir nesnenin yiizey yogunlugundaki degisimi ile nesnenin kenari
tespit edilebilir. Goriintii analizlerinde kenar tespiti olduk¢a 6nemli bir yer tutmaktadir.
Zira objelerin ne oldugu hususunda onemli ipuglar1 bu sayede elde edilmektedir.
Literatiirde en sik kullanilan kenar filtreleri Canny, Prewitt, Sobel, Roberts ve Laplacian
of Gaussian filtreleridir (Fidan, 2010).

Yogunluk degerindeki ani degisimler genellikle iki bolge arasindaki sinirlarda ya
da giiriiltii bulunan piksellerde bulunmaktadir. Bolgeler arasindaki gegisler ¢cogunlukla
nesnelerin kenarlarmi gostermektedir. Gradyan hesabi ile goriintiideki yogunlugun
degisim miktar1 ve yonii anlasilabilmektedir. Denklem 3.9°da bir "f" goriintiisiiniin
(X, y) konumundaki ayrit (kenar) biiyiikliigii ve yoniinii bulmak i¢in gradyan vektorii x
ve y yonlerindeki (yatay ve diisey yonlerdeki) iki boyutlu vektdr olarak kismi

tirevlerinin alinmasiyla hesaplanir (Degirmenci ve Demirci, 2018).

of
A
Vf=grad (f) = [gj: x (3.9)

Bu vektor f’in (x, y) konumundaki en biiyiik degisim oranini gésteren énemli bir
geometrik Ozellige sahiptir. Bir yondeki gradyan ve vektoriiniin degisim orani degeri
olan ve M (x,y) olarak ifade edilen Vf vektoriiniin buyiikligi Denklem 3.10°daki
esitlikteki gibi verilir (Gonzalez ve Woods, 2014).

M (x,y) =mag (V) = |g} +g (3.10)

Gradyanin biyiikliigli Denklem 3.10°daki esitlik ile hesaplanmakta ve degisimin
miktarm1 vermektedir. Yogunlugu degismeyen bolgelerde gradyan biiyiikliigi sifira

yakin yani siyah renge yakin pikseller iken yogunluk degerindeki degisim miktar
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arttikca gradyan biiylikliigiide daha bliylik degerler almakta ve beyaz renge yakin

pikseller olugsmaktadir (Degirmenci ve Demirci, 2018).

o (X, y)=tan’! Ey] (3.11)

X

Denklem 3.11°de a (x,y), g, goriintisiiniin g gorintiist ile vektdrel bolmesi

sonucu elde edilmis orjinali ile aym1 boyutlardaki bir goriintiidiir. Herhangi bir (x,y)
noktasindaki bir ayritin yonii bu noktadaki gradyan vektoriiniin yonii a (X, y)’ye diktir
(Gonzalez ve Woods, 2014).

¥y

Gradyan vektorii Gradyan|veklorii

A--)- -
LT || et

! ‘ : R Ayrit yonii

Sekil 3.8. Gradyan vektorii ve yonil

Sekil 3.8’de her bir kare bir piksele karsilik gelmektedir. Siyah c¢ergeve ile
belirtilen noktadaki ayritin biiyiikliigii ve yoniiniin elde edilmesi istenmektedir. Gri
pikseller "0" yani siyah, beyaz pikseller "1" degerine sahiptir. Bir noktaya merkezlenmis
3x3 bir komsulugu kullanarak x ve y yoOnlerindeki tiirevleri hesaplamak amaciyla
oncelikle, aranan pikselin x yoniindeki kismi tiirevi elde etmek i¢in o pikselin alt
satirdaki piksellerden {ist satirdaki komsu pikseller ¢ikarilmaktadir. Benzer sekilde y
yoniindeki kismi tiirevi elde etmek igin yine ilgili pikselin sag siitundaki piksellerden
sol siitundaki pikseller ¢ikarilir (Gonzalez ve Woods, 2014).

Sekil 3.8’deki siyah g¢ergevelenmis nokta i¢in Denklem 3.12°deki ifade

yazilabilir.

of

e

dy
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Denklem 3.12°de M (x,y) = 2v2 olarak elde edilir. Benzer sekilde aym
noktadaki gradyan vektorii yonii a (x,y) =-45" “dir. Bu deger x eksenine gore pozitif
yonde oOl¢iilen 135° ile aynidir. Boylece Sekil 3.8’deki ayritin yon agist o - 90° = 45°
olarak bulunur. Bir goriintiiniin gradyan: goriintiideki her piksel konumunda kismi
tiirevlerin hesaplanmasi ile elde edilir. Burada sayisal biiytikliiklerle ilgilenildiginden,
bir noktanin komsu pikselleri ile arasindaki kismi tiirevleri i¢in Denklem 3.13’deki

sayisal yaklasim kullanilir (Gonzalez ve Woods, 2014).

of (x

g = o D Gertay) - (oy) (3.13)

of (x,y)
gy:b_yy —f Goy+) -1 Goy)

Denklem 3.13’deki esitlikleri saglamak i¢in kullanilan 1 boyutlu maskeler Sekil

3.9°da verilmistir.

Sekil 3.9. Bir boyutlu maskeler

Bu maskeler ile f (x, y) siizgeclenerek ilgili biitiin x ve y degerleri i¢cin Denklem
3.10°daki iki esitlik gerceklestirilir. Diyagonal ayritlar i¢in iki boyutlu maskeye ihtiyag
vardir. 2x2 boyutlarindaki maskeler kavramsal olarak basittirler fakat maskelerin
simetrik olma kosulunu saglamadiklarindan dolay1 ayrit yoniinii hesaplamada kullanigh
degildirler. Uygulamalarda genelde 3x3 boyutundaki maske, merkez noktasi etrafinda
simetrik olabilecek en kiiciik maske olmasi nedeniyle ayrit yoniinii hesaplamada

kullanilir. 3x3 boyutlarindaki maskeleri kullanarak kismi tiirevlere en basit yaklasimlar

Denklem 3.14’deki gibi ifade edilebilirler (Gonzalez ve Woods, 2014).

of
8= o0~ G+ 20)-(2,47,47) (3.14)
gy: g = (L3 +Zs+Zy)-(Z, +Zy+Zy)

Denklem 3.14’de, “Z” ile temsil edilen terimler 3x3 boyutlu filtre matrisininin

satir ve siitun elemanlar1 olup matrisin liclincii ve birinci satirlar1 arasindaki fark x-
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yoniindeki tiirevi, iiclincii ve birinci siitunlart arasindaki fark da y-yontindeki tiirevi

verirler. Burada tartisilan maskeler, goriintiideki her bir piksel konumunda g ve g,

gradyan bilesenlerini elde etmek icin kullanilirlar. Bu iki kismi tiirev, ayrit biyikligi
ve yoniinii kestirmek i¢in kullanilir (Gonzalez ve Woods, 2014).

Literatiirde en sik kullanilan kenar bulma operatorleri Canny, Prewitt, Sobel ve
Roberts filtreleri olup tez ¢alismasi kapsaminda LiDAR nokta bulutu verisinden elde

edilen filtre uygulanmis yogunluk goriintiilerine bu kenar filtreleri uygulanmistir.
3.6.1. Canny kenar bulma operatorii

Canny filtresi, 1986 tarihinde John F. Canny tarafindan gelistirilmistir (Canny,
1986). Kenarlar1 inceltip esikleme (threshold) degeri ile dogru sekilde ayarladigi i¢in en
iyi kenar filtresi oldugu kabul edilir (Qidwai ve Chen, 2009).

Canny’nin yaklagimi 3 temel hedefe dayanir (Gonzalez ve Woods, 2014).

1- Diisiik hata orani. Biitliin ayritlar (kenarlar) bulunabilir ve yapay ayritlar
yoktur.

2- Ayrit konumlar1 miimkiin oldugunca gercek ayritlara yakindir. Yani gercek
kenar pikselleri ile tespit edilen kenar pikselleri arasindaki fark minimize edilmistir.

3- Her bir gerc¢ek kenar noktasi i¢in yalnizca tek bir kenar noktasi bulabilmesi.
Bu algilayicinin sadece bir tek kenar noktasi isaretlemesi, ¢coklu isaretleme yapmamasi
yani birden fazla pikselleri tanimlamamasi demektir.

Canny algoritmasi asagidaki temel adimlari igerir (Gonzalez ve Woods, 2014).

a. Goruntliniin yumusatilmasi (Noise Reduction).

b. Gradyan biiyiikliigliniin ve yoniiniin hesaplanmasi (Gradient Calculation).

c. Gradyan vektorii yoniinde zayif kenar noktalarmni baskilama (Non-Maximum
Suppression).

¢. ikili esik degeri yontemi ile kenarlarin birlestirilmesi (Double threshold).

d. Baglilik analizleri (Edge Tracking by Hysteresis).
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3.6.1.1. Goriintii yumusatma ve gradyan hesab1 (noise reduction ve gradient

calculation)

Canny algoritmasi, Gauss filtresi kullanarak goriintiiyli yumusatma yani
giiriiltilyii giderme islemi gerceklestirir. Tki boyutlu Gauss fonksiyonu Denklem 3.15’te
verilmistir. Burada ‘c’ isareti standart sapmay1 gostermekte olup kullanici tarafindan
belirlenmektedir. Standart sapma veri degerlerinin ortalamaya olan uzakligi olarak
tanimlanabilir. Gauss filtresinin ¢iktist komsu piksellerin agirlikli ortalamalar: alinarak
elde edilmektedir. Gauss filtresindeki ‘c’ degeri arttiginda goriintiideki bulaniklagma
miktar1 artmaktadir. Gauss filtre maskesindeki katsayilar merkez piksele olan uzakliga

ve standart sapma degerine bagh olarak degismektedir (Degirmenci ve Demirci, 2018).

X2+y2

G(x,y)=e 262 (3.15)

Sayet f (x,y) fonksiyonunu giris goriintiisii olarak adlandirirsak G (x,y) Gauss
filtresi fonksiyonudur. Denklem 3.16°daki fonksiyon ile giris goriintiisiine Gauss filtresi
uyguladigimizda f; (x, y) olarak isimlendirilen yumusatilmis goriintii elde edilir. Sekil

3.10°da yumusatma islemi uygulanmis 6rnek goriintii gériilmektedir.

fy x,y) =G x,y) *f(x,y) (3.16)

0 50 100 150 200 250 300 350

100 150 200 250 300 350

(@) (b)

Sekil 3.10. (a) Orijinal goriintii (b) Gauss filtresi uygulanmis goriintii (Sofiane, 2019)
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Daha sonra yumusatilmig goriintiiye Gauss fonksiyonun x ve y dogrultusunda
birinci derece tiirevi uygulanmasi yani “konvoliisyon” adi verilen islem ile gradyan
biiytikliigii ve yonii hesaplanir.

Gradyan biiyiikligli i¢in Denklem 3.17, gradyan yonii i¢in Denklem 3.18deki

fonksiyonlar kullanilmaktadar.

M, y) =g te (3.17)

o(x,y)=tan’ EZ] (3.18)

Sekil 3.11°’de gradyan hesaplama isleminden sonra elde edilen 6rnek goriintii

gosterilmistir.

150 200 250 300 350

(@) (b)

Sekil 3.11. (a) Gauss filtresi uygulanmig goriintii (b) Gradyan goriintiisii (Sofiane, 2019)

3.6.1.2. Gradyan vektorii yoniinde zayif kenar noktalarmmi baskilama (non-

maximum suppression)

Gradyan kullanilarak elde edilmesi nedeniyle M (x,y) tipik olarak yerel
maksimum etrafinda biiyiik tepeler ihtiva eder. Bir sonraki adim bu tepeleri inceltmek
olacaktir. Bunun icin bir yaklasim maksimum olmayanlar1 bastirmadir. Yaklagimin
temeli belirli sayidaki ayrit diklerinin (gradyan vektorleri) ayrik bi¢imlerini ve kenar

yonlerinde maksimum degere sahip pikselleri belirlemektir (Gonzalez ve Woods, 2014).
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Bu islem i¢in 6nceki adimda bulunan o agis1 8 temel yonii iceren 4 ana bolgeye
indirgenir. Yani ac1 degeri en yakin 45 dereceye yuvarlanarak ait oldugu bolge tespit
edilir. Daha sonra gegerli pikselin degeri o bolgenin negatif ve pozitif yoniindeki
piksellerle karsilastirilir. Eger en biiyiik deger gecerli pikselin ise herhangi bir degisiklik
soz konusu olmaz aksi takdirde gegerli piksel silinir (Tekin, 2018).

v
T
2

Sekil 3.12. Maksimum degere sahip piksellerin bulunmasi (Sofiane, 2019)

Sekil 3.12°de sol iist kosedeki kirmizi kutu Gradyan matrisini temsil etmektedir.
Karsilik gelen kenar yonii, -pi radyan (+/-180 ) derece a¢ili turuncu okla temsil edilir
(Sofiane, 2019).

Sekil 3.13. Piksel kenar yonii tespiti (Sofiane, 2019)

Sekil 3.13’de kenar yonii, soldan saga dogru turuncu noktali ¢izgidir. Yontemin
amaci, ayni yondeki piksellerin islenenlerden daha mi fazla yoksa daha mi az yogun
oldugunu denetlemektir. Sekil 3.13’de (i, j) numarali piksel islenmektedir. (i, j-1) ve

(i, j+1) numarali aym yondeki pikseller mavi ile isaretlenmistir. Bu iki pikselden biri
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islenenden daha yogunsa, yalnizca daha yogun olan korunur. (i,j-1) pikseli beyaz
renkte (255) daha yogun oldugundan, (i,j) numarali pikselin yogunluk degeri "0"
olarak atanir. Kenar yoniinde daha yogun degerlere sahip piksel yoksa, mevcut pikselin
degeri korunur (Sofiane, 2019).

Sekil 3.14’de bu islemler sonucunda elde edilen daha ince kenarli goriintii
goriilmektedir. Ancak yine de kenarlarin yogunluguyla ilgili bazi farkliliklar
olusabilmektedir. Bazi pikseller digerlerinden daha parlak goriinebildiginden bu
eksikligin sonraki adimdaki islemlerle giderilmesi gerekmektedir (Sofiane, 2019).

| / /
150 200 250 300 350 ) 350

Sekil 3.14. Maksimum olmayan bastirma uygulanmisg ¢ikt1 goriintiisii (Sofiane, 2019)

3.6.1.3. Cift esik (double threshold)

Hatali ayrit noktalarin1 azaltmak amaciyla yapilacak son islem esik
uygulamaktir. Esik degeri daha diisiik bir seviyeye ayarlanirsa bazi hatali ayritlar
bulunabilir. Esik ¢ok yiliksek degere ayarlanirsa gegerli ayrit noktalar1 yok
olabilmektedir. Canny algoritmasi "T; " alt esigi ve "Ty" tist esigi gibi iki esik seviyesi
kullanilmasina benzer sekilde histerez (iki seviyeli) esik kullanir (Gonzalez ve Woods,
2014).

Gradyan vektoriiniin bliytliklik degeri yliksek esik degerinden fazla olan
pikseller giiclii yani kesin kenar pikseli olarak kabul edilirken gradyan vektoriiniin
biiyiikliik degeri diisiik esik degerinden daha kiiglik olan pikseller de zayif yani kesin
kenar olmayan piksel olarak kabul edilir (Tekin, 2018).
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Bagka bir ifade ile Sekil 3.15’te goriildiigii lizere giiclii pikselleri tanimlamak
icin yiiksek esik, alakasiz pikselleri tanimlamak icin diisiik esik kullanilir. Tki esik
degeri arasinda yogunluga sahip tiim pikseller ise zayif olarak isaretlenir

(Sofiane, 2019).

Sekil 3.15. (a) Maksimum olmayan bastirma uygulanmis ¢ikt1 goriintiisii (b) Gri renkte zayif pikseller ve
beyaz renkte giiclii pikseller (Sofiane, 2019)

3.6.1.4. Histerezis ile kenar izleme (edge tracking by hysteresis)

Esik sonuglarma gore, histerezis, ancak ve ancak islenmekte olan pikselin
etrafindaki piksellerden en az birinin giiclii olmas1 durumunda, zayif piksellerin giiclii

piksellere doniistiiriilmesinden olusur (Sekil 3.16) (Sofiane, 2019).

Lod ]

Sekil 3.16. Zayif piksellerin giiglii piksellere doniisiimii (Sofiane, 2019)

Gradyan vektoriiniin biiyiikliik degeri iki esik degeri arasinda kalan piksellerin
her biri i¢in komsusu olan 8 yone de bakilir. En az bir tane gii¢lii piksel bulunursa

gegerli piksel de giiglii kabul edilir yoksa silinir (Tekin, 2018).
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Maksimum olmayan bastirma uygulamasindan sonra kalan kenar pikselleri,

gercek kenarlart daha dogru temsil eder. Ancak, giiriiltii ve renk cesitliligi sebebiyle

baz1 kenar pikseller kalmaktadir. Bu durumu hesaba katmak igin, yiiksek ve diisiik esik

degerleri secilerek zayif gradyan degeri olan kenar piksellerini filtrelemek ve yiiksek

gradyan degeri bulunan kenar piksellerini korumak esastir (Sekil 3.17) (Sofiane, 2019).

100 150 200

250 300

350

100

200

300

100

150

200 250

300

Sekil 3.17. Hysteresis uygulanmis ¢ikt1 goriintiisii (Sofiane, 2019)

3.6.2. Prewitt kenar bulma operatorii

Bu filtre tiirev alma islemi ile goriintiideki kenarlarin tespitini amaglamaktadir.

Filtre boyutu genelde 3x3’liik olup yatay ve diisey yonde ayr1 ayr1 uygulanir (Qidwai ve

Chen, 2009). Prewitt operatorleri Denklem 3.19’da goriildiigii tizere diyagonal farklari

uygulamaya dayali olup “Z” ile temsil edilen terimler 3x3 boyutlu filtre matrisininin

satir ve siitun elemanlaridir.

of
g, = ox @Iyt Zy)-(Z, T2+ Zy)
of
gyzg =(Z,+Zs+Zo)-(Z, + 24+ Z)
-1 -1 -1 -1 0
0 0 0 -1 0
1 1 1 -1 0
(Ry) Ry)

(3.19)
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R, ve Ry; yatay ve diisey yonde uygulanacak Prewitt filtreleri olup x; y’deki

piksel degeri Denklem 3.20°de goriilmektedir.

(3.20)

3.6.3. Sobel kenar bulma operatorii

Bu yontem kenar tespitini amagclayan tiirev almaya dayali bir filtredir. Oznitelik
tespiti ve ¢ikarimi gibi amagla kullanilan Sobel filtresi kenar bulma algoritmalari
arasinda siklikla kullanilan bir yontemdir. Prewitt operatoriiniin biraz daha gelistirilmis
hali olarak diisiiniilebilir. Prewitt operatoriinden farkli olarak maskelerdeki katsay1
farkliliklar1 ile bu filtre ayrismaktadir. Bu filtrede amag¢ kenar degeri hesaplanacak
piksel ile ayni dogrultuda bulunan komsu ciftlerine daha fazla agirlik verilmesidir
(Onal, 2018).

Gorilintiiye uygulanacak filtre boyutu genellikle 3x3’liik olup yatay ve diisey
yonde ayr1 ayr1 uygulanir (Qidwai ve Chen, 2009). Sobel operatorleri Denklem 3.21°de
goriildiigii tizere diyagonal farklari uygulamaya dayali olup “Z” ile temsil edilen

terimler 3x3 boyutlu filtre matrisininin satir ve siitun elemanlaridir.

of
g, = P (Z,+Zs+Z5)-(Z, +Z, +Z3) (3-21)
of
gyzg = (Lt Ze+Zo)-(Z,+Zy+1Zy)
Xy  Xytl o xy+2
Ry y = |xtlLy x+l,y+1 x+1,y+2| goriintii {izerindeki koordinatlar olmak
x+2,y x+2,y+l x+2,y+2
lzere,

12 | - 10 |1

0] 0o 210 |2

112 |1 110 |1
(Ry) (Ry)

R, ve Ry; yatay ve diisey yonde uygulanacak Sobel filtreleri olup x; y’deki
piksel degeri degeri Denklem 3.22’de goriilmektedir.
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(3.22)

3.6.4. Roberts kenar bulma operatorii

Lawrence Roberts tarafindan 1963 yilinda ortaya ¢ikan Roberts filtresi ilk kenar
tespit yontemlerinden biridir. Bu yontem basitligi, kii¢iik boyutlu ve sadece tam say1
degeri alan maske yapisina sahip olmasi yoniiyle avantajlidir. Ancak giiriiltiiden kolay
etkilenmektedir (Davis, 1975).

Bu yontemde digerlerinde oldugu lizere tiirev almaya dayalidir. Sobel ve Prewitt
filtrelerinde oldugu iizere kullanim amaci aymidir fakat filtresi farklidir. Roberts
operatorleri Denklem 3.23’de goriildiigii lizere diyagonal farklari uygulamaya dayali

dayali olup “Z” ile temsil edilen terimler 3x3 boyutlu filtre matrisininin satir ve siitun

elemanlaridir.
of
o (ORI (3.23)
of
gy = Oy = (Zs) - (Zé)
-1 0 0 -1
0 1 1 0
(R (Ry)

R, ve Ry; yatay ve diisey yonde uygulanacak Roberts filtreleri olup x; y’deki piksel
degeri Denklem 3.24’de goriilmektedir.

_ |p? w2
R (x,y) =Ry +R§ (3.24)
3.7. Dogruluk Analizi Olgiitleri

Modelin basarisin1 degerlendirirken hata orani, kesinlik, duyarlilik ve F-Skor
gibi temel kavramlar kullanilmaktadir. Modelin basarisi, dogru ve yanlis siniflara
atanan ornek sayisi ile ve karigiklik matrisi ile ifade edilebilir. Karigiklik (Konfiizyon)
matrisinde satirlar test kiimesindeki orneklere ait gercek sayilari, siitunlar ise tahmin
edilen sayilar1 ifade edecek olursa Sekil 3.18’deki bir tablo elde edilir (Coskun ve
Baykal, 2011).
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Tahmin Edilen Simif
Smif=1 Smif=0

S
S Smif = 1 (TP) (FN)
e
S
é"s Sinif =0 (FP) (TN)

Sekil 3.18. Kanigiklik matrisi

Bu tabloda TP (True Positive) yani Dogru Pozitif, dogru simiflandirilmis pozitif
ornekleri (dogruya dogru demek); TN (True Negatif) yani Dogru Negatif ise dogru
simiflandirilmis yanlis 6rnekleri (yanlisa yanlis demek) ifade etmektedir. Bu iki deger,
kullanilan yontemin ne kadar dogru ¢alistigini belirlemektedir. FP (False Positive) yani
Yanlis Pozitif degeri, yontemin gergekte yanlis olan bir degeri dogru olarak etiketlemesi
iken; FN (False Negatif) yani Yanlis Negatif degeri ise yontemin gergekte dogru olan

bir degeri yanlis olarak etiketlemesidir.

3.7.1. Dogruluk

Dogruluk oram1  modelin  basarisinin ~ dlgiilmesinde  kullanilir.  Dogru
simiflandirilmis 6rnek sayisinin (TP + TN), toplam 6rnek sayisina (TP + TN + FP + FN)
oran1 modelin dogruluk oranini (accuracy) verir. Hata oran1 (error rate) ise dogruluk
oranimnin 1’e tamamlayan kismini ifade eder. Yani hata orani yanlis siiflandirilmis
ornek sayismim (FP +FN), toplam Ornek sayisina (TP + TN + FP +FN) oranidir.
Denklem 3.25 ve 3.26’da dogruluk ve hata orani hesabina iliskin formiiller

gosterilmistir (Coskun ve Baykal, 2011).

Dogruluk = ——— 1N (3.25)
TP + TN +FP + FN
Hata Orani =—— % (3.26)

TP + TN + FP + FN
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3.7.2. Kesinlik

Kesinlik, smifi 1 olarak tahminlenmis 6rnek sayisimin (TP), smifi
1 olarak tahminlenmis tiim 6rnek sayisina (TP + FP) oranidir. Denklem 3.27°de kesinlik

hesabina iliskin  formiiller = gosterilmistir  (Coskun  ve  Baykal, 2011).

TP
TP + FP

Kesinlik =

(3.27)

3.7.3. Duyarhhk

Dogru siniflandirilmis pozitif ornek sayisimin (TP), toplam pozitif Srnek
sayisina (TP +FN) oramidir. Denklem 3.28°’de duyarlilik hesabina iliskin formiiller
gosterilmistir (Coskun ve Baykal, 2011).

TP
TP+ FN

Duyarlilik = (3.28)

3.7.4. F-Skor

Kesinlik ve duyarlilik 6lgiitleri tek basina anlamli bir karsilagtirma yapmak i¢in
yetersizdir. Her iki olgiitiin beraber degerlendirilmesi gerekmekte olup bunun ig¢in
kesinlik ve duyarliligin harmonik ortalamasi olan F-Skor tanimlanmistir. Denklem

3.29°da F-Skor hesabina iliskin formiiller gosterilmistir (Coskun ve Baykal, 2011).

2 x Duyarhlik x Kesinlik

F-Skor = —
Duyarlilik + Kesinlik

(3.29)

3.7.5. Yiiksek Sinyal Giiriiltii Oram (YSGO)

Yiiksek Sinyal Giiriiltii Oran1 (YSGO) (PSNR - Peak Signal to Noise Ratio),
giirtiltii goriintii kalitesini bozan Onemli bir faktor olarak karsimiza c¢ikmaktadir.
YSGO’nin degeri yiikseldik¢ce goriintiiniin Kalitesi artmakla birlikte giiriiltii orani
azalmaktadir. Girig goriintisii ile referans bir ¢ikis goriintiisiinii karsilagtirmak suretiyle
giirliltii seviyesini Olgmek icin YSGO kullanilmaktadir. Bir goriintiiniin  YSGO
fonksiyonu Denklem 3.30°da gosterilmektedir (Javaid ve ark., 2013).
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YSGO =20 x logio ( (3.30)

255
JOKH (I, 10))

Denklem 3.30°daki I ve I, swrasiyla giris ve ¢ikis gorlntilerini, OKH ise

Ortalama Karesel Hatay1 gostermektedir.
3.7.6. Sinyal Giiriiltii Oram (SGO)

Sinyal Giiriintii Oran1 (SGO) (SNR - Signal to Noise Ratio) degeri sinyal giirtilti
oranidir. Bu degerin yiiksek olmasi goriintiiniin kalitesinin yiiksek oldugu anlamina
gelmektedir. SGO degeri diisiik olan goriintiillerin kalitesi ise kotidir. Sinyalin
seviyesini arka plan giriiltii seviyesi ile karsilastirmak suretiyle bu oran elde
edilmektedir. SGO oran1 sinyal giiciiniin giiriiltii gliciine oranidir ve genellikle desibel

cinsinden ifade edilmektedir (Konez, 2022).
SGO= = (3.31)

<

Denklem 3.31’de ‘o’ isareti standart sapmay1, ‘u’ isareti ise ortalama degeri

temsil etmektedir.
3.7.7. Ortalama Karesel Hata (OKH)

Ortalama Karesel Hata (OKH) (MSE - Mean Squared Error), noktalardan
regresyon ¢izgisine kadar olan mesafeleri hesaplamak suretiyle bir regresyon ¢izgisinin
bir dizi noktaya ne kadar yakin oldugunu gosterir. OKH degeri Denklem 3.32’de verilen
fonksiyon ile hesaplanir. MxN tiim veri piksel sayisin1 temsil etmekte olup diisik OKH
degeri, gortntii kalitesinin yiiksek oldugu anlamina gelmektedir. Denklemdeki I ve I,

sirastyla giris ve ¢ikis goriintiilerini gostermektedir (Kas, 2016).

OKH (L1 =) ¥V, 1P (332
.

Mx N
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3.7.8. Yapisal Benzerlik indeks Ol¢iimii (YBIO)

Yapisal Benzerlik Indeks Olgiimii (YBIO) (SSIM - Structural Similarity Index
Measure) iki ger¢eve arasindaki yapisal bir benzerligi 6lger. Bu yontem, algisal goriintii
kalitesinin degerlendirilmesinde kullanilan alternatif bir yontemdir (Shahid ve ark.,
2011).

Bu yontem, iki ¢erceve arasindaki yapisal bilginin degisimindeki degisiklikleri
algiladign icin cercevelerdeki kalite bozulmasm dikkate almaktadir. YBIO degeri,
Denklem 3.33’deki fonksiyon ile hesaplanmaktadir (Javaid ve ark., 2013).

YBIO (n) = ; [2 plr (n) pIp (n) +¢1] [2 olrIp (n) +co] (3.33)

uIg (n) + pId () +cq] [olg (n) + ol (n) + ¢

Denklem 3.31°deki ulg (n) ve uplp(n) isaretleri, referans Iz ve bozuk Ip
gOriintii dizisinin n.gergevesinin ortalamasini ifade eder. ol (n) ve olp (n) isaretleri ise
referans Iz ve bozuk I, goriintii dizisinin n.gerg¢evesinin standart sapmasidir. ¢; Ve ¢,

sabit degiskenlerdir (Kas, 2016).
3.7.9. Korelasyon Katsayis1 (KK)

Korelasyon Katsayisi (KK) (CC - Correlation Coefficient), goriintiilere ait
histogram degerlerinin (ortalama ve standart sapma) orijinal goriintii degerleri ile
karsilastirilmasi sonucunda elde edilmektedir. Korelasyon iki ya da daha ¢ok degisken
arasinda iliski olup olmadigini, iliski varsa yoniinii ve giliciinli tespit etmemize yardimci
olmaktadir. Korelasyon katsayilar1 +1 ile -1 araliginda degerlere sahiptir ve +1 olarak
bulunan korelasyon katsayisi her iki goriintii birebir iliskiyi ortaya koymaktadir (Balgik
ve Goksel, 2010).

(3.34)

Denklem 3.34’de Korelasyon Katsayisinin  hesabma iligkin  fonksiyon
gosterilmistir. Denklemde ‘c’ isareti standart sapmayi, “cov” isareti ise kovaryans

degerini temsil etmektedir.
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3.8. Calisma Alani

Calismada kullanilan veri Sekil 3.19’da diinya haritasinda gosterilen 4 ayri

bolgeye ait LIDAR verileridir.

Sekil 3.19. 4 Farkli bolgeye ait caligma alanlart

1.B6lge Amerika kitasinda Ohio Eyaletinin bulundugu bolgede yer almaktadir
(Sekil 3.20).

Detroit
o

$ ‘ e
Ann Arbor g —\(Leg\

2

f _______Toledo"
. Cleveland

Sekil 3.20. 1.Bolgeye ait calisma alam
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2.Bblge Tiirkiye, Istanbul ili Biiyiikcekmece ilgesinin bulundugu bélgedir (Sekil
3.21).

Sekil 3.21. 2.Bolgeye ait ¢alisma alam

3.Bolge Okyanusya kitasinda Yeni Zelanda iilkesinde Canterbury bdlgesinde yer
almaktadir (Sekil 3.22).

o
Timaru

Sekil 3.22. 3.Bolgeye ait ¢alisma alanm

4.Bolge Okyanusya kitasinda Avusturalya iilkesinde Yeni Giiney Galler
bolgesinde yer almaktadir (Sekil 3.23).

YENI'GUNEY:, GALLER

Sekil 3.23. 4.Bolgeye ait ¢alisma alam
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1, 3 ve 4.bolgelere ait LIDAR verileri U.S. National Science Foundation,
Intergovernmental Committee on Surveying and Mapping ve NOAA Office For Coastal
Management isimli online kaynaklardan, 2.bdlgeye ait LIDAR verileri ise Korfez
Haritacilik Planlama sirketinden offline bir sekilde temin edilmistir. Bu verilerin
iicretsiz temin edilmesi, bu bolgedeki tarimsal alanlarin sinirlarinin belirgin olmasi ve
ayrica yiikseklik degisim sikliginin az olmasi bu bolgelerin tercih edilme sebebi olarak

gosterilebilir.

3.9. Kullanilan Veriler

Calismada kullanilan LIDAR verileri “./as” formatinda olup segilen bolgelerden
10 adet test verisi olusturulmustur. Test alanlar1 belirlenirken sinirlar1 sabit nitelikli
olmasina 6zen gosterilmistir. Test alanlarina iliskin veri setlerinin 6zellikleri Cizelge

3.1°de 6zet olarak gosterilmektedir.

Cizelge 3.1.Veri seti 6zellikleri

Nokta Kapladig ) Min. Max.
L’ﬁl 'g':;t:l‘ Yogunlugu |  Alan Prg{gﬁg;’” Yiikseklik | Yiikseklik | Bolge
(m?) (km?) (m) (m)
New Zealand
1 2263982 1.94 1.28 Transverse 76.51 129.42 3
Mercator 2000
MGA (Map Grid of
2 2752077 3.99 0.74 Australia) / GDA94 133.48 137.92 4
3 |2602076| 1.9 2.80 WGSB“lLéLM Zone | 5957 | 25051 1
4 |1631388| 350 0.60 WGSB“lL?’LM Zone | 16408 | 19644 | 1
5 |2196053| 4.05 0.75 WGSB“lL?’LM Zone | 16519 | 193.85 1
New Zealand
6 3493388 5.69 0.67 Transverse 212.30 231.05 3
Mercator 2000
New Zealand
7 6818698 5.04 1.47 Transverse 251.74 265.58 3
Mercator 2000
New Zealand
8 6020238 11.05 0.64 Transverse 313.45 361.02 3
Mercator 2000
o |1880272| 426 0.58 WGSS41L7’LM Zone | 14985 | 227.59 1
Transverse
10 1193476 13.42 0.09 Mercator / WGS84 10.13 29.97 2
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Sekil 3.24 ve Sekil 3.25°de 1.test alanina ait nokta bulutu verisi goriilmektedir.

(@) (b)

Sekil 3.24. 1.test alanina ait nokta bulutu verisi (iistten goriiniis), (a) Goriintii, (b) Nokta bulutu

Sekil 3.25. 1.test alanina ait nokta bulutu verisi (yandan goriiniis)

Sekil 3.26’da 1.test alanina ait LIDAR verisine iligskin istatistiksel bilgiler
goriilmekte olup tabloda toplam nokta sayisi, geri doniis nokta sayisi bilgileri (first,
second, last vb.) smif bilgileri, minimum yiikseklik, maksimum yiikseklik ve yogunluk
(Zmin, Zmax ve Intensity) bilgileri bulunmaktadir. Geriye kalan 9 adet test alanina
iligkin istatistiksel bilgilerde bu sekilde mevcut olup burada Ornek teskil etmesi

bakimindan sadece 1.test alanina iliskin bilgiler verilmistir.
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Retums Attributes
Retum Point Count % ZMin Z Max (o) Name Min Max
All Retums 2,263,982 100.00 76.51 129.42 Retum No. 1 4
Unknown 0 0.00 0.00 0.00 Intensity 0 720
First 2,249,757 99.37 76.51 129.42 Class Code 1 2
Second 11,963 0.53 77.72 126.64 Scan Angle  -11.00 11.00
Last 2,247,068 9925 76.51 129.42 User Data 0 0
Single 2235701 9875 76.51 129.42 Point Source 19 22
First-of-Many 14,056 0.62 80.81 129.22 v

Classification Codes
Classification Point Count % ZMin ZMax Min Intensity Max Intensity Synthetic Withheld Model Key
1 - Unclassified 111,158 491 77.12 12942 0 720 0 0 0
2 - Ground 2152824 9509 7651 9191 0 660 0 0 0

Sekil 3.26. 1.test alanina ait nokta bulutu verisine iliskin istatistiksel bilgiler

3.10. Metot

Bu tez calismasi 5 ana asamadan olusmaktadir (Sekil 3.27). Bu asamalar
sunlardir; 1- Nokta bulutu verisinden yogunluk goriintiisii (Intensity image) elde
edilmesi, 2- Filtreleme, 3- Kiimeleme, 4- Kenar bulma, 5- Dogruluk analizleri. Ana is
akis1 igerisinde calisma kapsaminda 4 farkli yaklasim belirlenmistir. Nokta bulutu
verisinden yogunluk goriintiisii olusturmak igin agik kaynak kodlu SagaGiS yazilimi,
diger ana islemler i¢in kodlama yapilmak suretiyle MATLAB yazilimi, referans veri

seti olusturmak i¢in ArcGIS yazilimi, baz1 ara islemler i¢in Global Mapper yazilimi

Nokta
Bulutu
I
Yogunluk
Gortntusi
REEENS |
Veri
Filtreleme

Bulma
Dogruluk Kenar
Analizi Bulma

kullanilmastir.

Referans
Veri

2B Dogru_lu_k
Gorinti Analizi -

Sekil 3.27. I akis1 diyagrami



43

4. TEZ KAPSAMINDA YAPILAN UYGULAMA

Tez galismasi kapsaminda 5 asamali ana is akisi igerisinde belirlenen 10 adet test
alanina 4 farkli yaklasim uygulanmistir. Belirlenen yaklasimlara ait iglemlere
gecilmeden Once Oncelikle nokta bulutu verisinden yogunluk goriintiisii elde edilmesi,
filtreleme ve dogruluk analizleri i¢in referans veri seti olusturma islemleri tim veri
setleri i¢in olusturulmustur. Bu islemlere iliskin uygulama adimlar1 asagida
belirtilmistir. Ancak bu islemlerden Oncelikle c¢alismada kullandigimiz “.las” uzantili
nokta bulutu verilerinin genel yapisina deginmekte fayda vardir.

Bu formatta her bir noktaya ait konumsal bilgilerin (X, Y, Z) yan1 sira KKS
zamant, yogunluk, tarama agis1, geri doniis sayisi, siif bilgileri, KYM ve nokta kimligi
(GPS-time, Intensity, scan angle, number of the return, classification, RGB ve point
source ID) gibi 6znitelik bilgileri de kayithdir. Asagida Sekil 4.1°de 1.test alanina ait

veride bu durum 6rnek olarak gosterilmistir.

@7 Feature Information pe

Name: l(NU LABEL>

Feature Type: |LIDAH, Unclassified

Geometry: lPoint location: 1458754.240 5111895.940 (Lat/Lon: 44* 07' 56.9636" S, 171° 14' 03.6142" E] [86.73 m] |

Map Name: l timaru2014.las [Index in Layer: 125,140]
Description: l Unclassified

Right click on an entry for more options [i.e. open URL, etc.)

Altribute Value
ELEVATION 86.73
CLASS 1
INTENSITY 40
SCAN_ANGLE 9.0
RETURN_CNT 1
RETURN_MUM 1
GPS_TIME 88740499.722420
SOURCE_ID 20
DENSITY 1.399 samples / m"2

Sekil 4.1. Nokta bulutu veri yapist

4.1. Nokta Bulutu Verisinden Yogunluk Goériintiisii Elde Edilmesi

Bu islem i¢in agik kaynak kodlu SagaGIS (System for Automated Geoscientific
Analyses) version 7.7.0 yazilmu kullanilmistir. Oncelikle test alanlarina ait “.las”
uzantili nokta bulutu verisi SagaGIS yazilimi ile agilmistir. Olaya ve Conrad (2009)

tarafindan programa eklenmis olan “Point Cloud to Grid” fonksiyonunda nokta
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bulutuna ait biitiin 6znitelikler dahil edilerek ve piksel size "1" (piksel boyutu: 1m x 1m)

olacak sekilde nokta bulutu grid formatina doniistlirilmistiir (Sekil 4.2).

Point Cloud to Grid X
=l Data Objects
Okay
Too" =l Point Clouds
>> Points 01.1_test v Cancel
Name Point Cloud to Grid o .
=l Options
Author O.Conrad (c) 2009 Output all attributes
Version 1.0 Aggregation mean value Load
Library pointcloud_tools Cellsize 1 o
ID 4
Defaults
Description Info <<
Point Cloud to Grid >> Points
Point Cloud, input

Sekil 4.2. SagaGIS yazilimi Point Cloud to Grid fonksiyonu

Nokta bulutu verisinin grid formatina doniismesi ile birlikte “.las” formati ile
gelen biitlin 6znitelikler ayr1 bir tabakada kaydedilmis olup bu tabakalardan Intensity
tabakas1 “.tif” uzantili olacak sekilde kaydedilmistir. Bu sekilde kaydedilen 1.test
alanina ait yogunluk goriintiistiniin yapisina incelendiginde X, Y ve 10 ila 50 degerleri
arasinda degisen yogunluk degerleri olmak iizere toplam 3 adet 6znitelik bilgisinin bu
goriintiilerde yer aldig1 goriilmektedir. Diger test alanlar1 iginde ayn1 islemler sirasiyla

uygulanmustir.

4.2. Filtreleme Islemleri

Filtreleme islemi ile goriintiideki giirtiltiiyli azaltmak ve goriintiiyii iyilestirmek
amacglanmistir. Bu islem igin MATLAB ortaminda “Median Filtering” fonksiyonu
kullanilmigtir. Bu filtre goriintiilere uygulanan 3x3 boyutlu bir filtreleme aracidir.

Daha onceki islem adiminda her bir test alami i¢in elde edilen yogunluk
goriintiilerine bu filtre uygulannmis ve goriintiilerdeki giirtiltiilerin azaldigi ve bu

durumun sonuglara olumlu yansidigi goriilmiistiir.
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4.3. Dogruluk Analizleri icin Referans Veri Seti Olusturulmasi
Referans veri seti her bir test alani i¢in ayr1 ayr1 olacak sekilde ArcGIS yazilimi
araciligiyla yogunluk goriintiilerindeki tiim sinirlar operator yardimiyla (manuel)

sayisallagtirilmistir. Yani raster goriintiisiinde goriinen sinirlar vektor yapiya yani “cizgi

(line)” yapisina doniistiirilmistiir.

j‘-% Polyline to Raster - O X

% Input Features

\ | &

@ Value field

% Output Raster Dataset

=1
| M=
Cell assignment type (optional)
[ MAXIMUM_LENGTH

Priority field (optional)
NONE ]

Cellsize (optional) R
[1 W=

OK Cancel Environments. .. Show Help >>

Sekil 4.3. ArcGIS Polyline to Raster fonksiyonu

Bir sonraki asamada ise ArcGIS “Polyline to Raster” fonksiyonu ile ¢izgi yani

vektor yapidaki veri raster formatina doniistiirtilmiistiir (Sekil 4.3).

o« -
“ Reclassify

O X
Input raster A
[1_test.tif R
Redass field
Value v I
Redassification
Old values New values A -
0-127.5 1 Classify...
127.5-255 1 Ui
toData 0 fque
Add Entry
Delete Entries
Load... Save... Reverse New Values Predsion...
v
Output raster o

OK Cancel Environments... Show Help >>

Sekil 4.4. ArcGIS Reclassify fonksiyonu

Son olarak ArcGIS “Reclassify” fonksiyonu ile raster yapidaki referans veri

piksel degeri 2 siniftan olusacak sekilde binary goriintiiye doniistiiriilerek “.tif”” uzantili
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olarak kaydedilmistir (Sekil 4.4). Sekil 4.5’te 2.test alanina ait yogunluk goriintiisi ile
bu goriintiiye ait olusturulan referans veri goriilmektedir. [1 9] test alanlarinda referans
veri setleri bu sekilde olusturulmus olmakla birlikte 10.test alanina ait LIDAR verisi ile

ayni alana ait ortofoto goriintiisii de mevcut oldugundan referans veri seti mevcut
ortofotodan benzer sekilde olusturulmustur.

E I Y
i

i

-
3

(a) (b)
Sekil 4.5. 2.test alanina ait; () Yogunluk goriintisii, (b) Referans veri

4.4. Uygulanan Yaklasimlar

Tez calismasinda test alanlaria asagida belirtilen 4 farkli yaklasim uygulanmis
ve parsel sinirlari tespit edilmistir.

1. Kenar bulma algoritmalariyla sinirlarin tespiti
2. K-Ortalamalar kiimeleme ile sinirlarin tespiti
3. Bulanik C-Ortalamalar kiimeleme ile sinirlarin tespiti

4. Ortalama Kaydirma kiimeleme ile sinirlarin tespiti

Birinci yaklasimda; Canny, Sobel, Prewitt ve Roberts, diger yaklagimlarda;
sadece Canny filtresi ile kiimeleme islemleri i¢in K-Ortalamalar, Bulanik C-Ortalamalar
ve Ortalama Kaydirma algoritmalar1 belirlenen 10 farkli test alaninda uygulanmustir.
Birinci yaklasimda, Canny algoritmas1 parametresi olan gradient threshold parametresi
belirleyici oldugu tespit edildiginden diger parametre olan operatdr scale parametre
degeri degistikce sonuclarda belirgin bir degisim goriilmedigi elde edilen sonuglardan
anlasildigindan diger yaklagimlarda Operator Scale degeri "0.5" olarak sabit secilerek

parametre testleri gerceklestirilmistir. Ayrica birinci yaklasimda test alanlarinda
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uygulanan Canny disinda diger kenar bulma operatorleri olan Sobel, Prewitt ve Roberts
operatorlerinden elde edilen sonuglar incelendiginde (Bkz: Cizelge 5.7) bu operatorler
ile kiimeleme yapildiginda, bu kenar bulma algoritmalari i¢in sonucun ¢ok
etkilenmedigi gorilmiistiir. Bu nedenle diger yaklasimlarda sadece Canny filtresi

uygulanmuistir.

4.4.1. Kenar bulma algoritmalariyla sinirlarin tespiti

Daha onceden Medyan filtresi uygulanmis Intensity goriintiilerinde 6ncelikle
Canny kenar bulma algoritmasi ile parsel sinirlan tespit edilmistir. Canny algoritmasi
icerisinde yer alan “Gradient Threshold” ve “Operator Scale (Sigma)” parametreleri i¢in
en uygun degerin tespiti yapilmistir. Bu parametre degerleri [0, 1] arasinda degisen
degerler olup bu aralikta 0.1 artis miktarlar1 olacak sekilde parametre testi
gergeklestirilmistir.

Uygulamada ilk olarak Gradient Threshold parametresi 0.9 degerine karsilik
sigma parametre degeri 0.1 artis miktar1 ile [0.1 0.9] araliginda degistirilerek kenar
bulma operatorleri ve dogruluk olgiitleri bazinda elde edilen sonug¢ degerleri elde
edilmistir. Daha sonra Gradient Threshold parametre degeri 0.1 azaltilarak bu kez 0.8
parametre degeri ile ayni islem uygulanmistir. Bu sekilde Gradient Threshold ve sigma
parametre degeri [0.1 0.9] araliginda bu islemler her bir test alaninda tekrarlanmistir
(Ek-1). Ek-1’de verilen tablolarda sadelesme yapmak amaciyla elde edilen sonuglar
Min, Max ve Ortalama degerler seklinde gosterilmistir.

10 adet test alani i¢in bu islemler sonucunda elde edilen F-Skor degerleri baz

almarak Cizelge 4.1°de goriilen en uygun parametre degerleri tespit edilmistir.

Cizelge 4.1. F-Skor degeri bazinda en uygun Canny parametre degerleri

Test Gradient Operator
Alan No | Threshold | Scale (Sigma)
Test 1 0.1 0.5
Test 2 0.1 0.7
Test 3 0.1 0.2
Test 4 0.1 0.4
Test 5 0.1 0.2
Test 6 0.4 0.8
Test 7 0.5 0.9
Test 8 0.2 0.7
Test 9 0.2 0.5
Test 10 0.3 0.6
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Canny algoritmasindan sonra diger kenar bulma operatdrleri olan Sobel, Roberts
ve Prewitt kenar bulma algoritmalari igin de bu operatorlerin yatay (horizontal), diisey
(vertical) ve iki yonlii (both) olmak tizere 3 ayr1 parametre degerine gore en uygun
parametre testi her bir veri seti i¢in benzer sekilde uygulanmaistir.

Her bir test alaninda kenar bulma operatorleri araciligiyla elde edilen kenar
goriintiisii ile referans veri seti karsilastirilarak F-Skor, YSGO, SGO, OKH, YBIO ve
KK olgiitleri yardimiyla dogruluk analizleri yapilmistir.

Bu testler icin gerekli olan kenar bulma islemi ile test ile referans verileri
karsilastirilarak olusturulan dogruluk analizleri MATLAB ortaminda yapilmistir. Ornek
kodlama sayfas1 Sekil 4.6’da gosterilmistir.

cle;

clear all;

close all;

A =imread('...load filtered test Image’);
img = im2gray(A) ;

edge_Image = edge (img ,'Canny','Gradient
Threshold','Operator Scale") ;

ref = imread('...load referans Image’);
img3 = im2gray(ref) ;

BWref = imbinarize(img3);

Z = imsubtract(BWref,edge_ Image);

similarity = bfscore(BWref, edge_Image);

Sekil 4.6. Canny kenar bulma algoritmast MATLAB c¢iktist

4.4.2. K-Ortalamalar kiimeleme ile sinirlarin tespiti

Daha oOnceden Medyan filtresi uygulanmis yogunluk goériintiilerine K-
Ortalamalar kiimeleme ve Canny kenar bulma islemi uygulanmis ve parsel sinirlari
tespit edilmistir. Kenar Bulma Algoritmalariyla Smirlarin Tespiti yaklasiminda oldugu
iizere Canny algoritmasi igerisinde yer alan “Gradient Threshold” ve “Operator Scale”
parametreleri i¢in en uygun degerin tespiti yapilmistir. Operator Scale degeri "0.5"
olarak sabit alindigindan Gradient Threshold degeri [0.1 0.9] arasinda 0.1 artis
miktarlar olacak sekilde parametre testi gerceklestirilmistir.

Bununla birlikte K-Ortalamalar kiimeleme algoritmasi igerisinde bulunan ve

kiime sayisini ifade eden "k" parametre degeri icin de en uygun parametre belirleme
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islemi yapilmigtir. Test alanlarindan elde edilen sonuglara gore "k" degeri [2 10] olarak
belirlenmis ve bu degerler test edilmistir. K-Ortalamalar kiimeleme algoritmasinda yer
alan dongii (iterasyon) sayist "10" olarak belirlenmistir. Bu yaklasimda K-Ortalamalar
kiimeleme isleminden sonra uygulanan kenar bulma islemi ile elde edilen goriintiiler
referans veri ile karsilagtirilarak dogruluk analizleri yapilmigtir

Bu yaklasimda K-Ortalamalar kiimeleme, kenar bulma islemleri ile dogruluk
analizleri MATLAB yaziliminda hazirlanmistir. Tiim bu islemlere ait sonug g¢iktilari
Ek-2’de sunulmustur. Ek-2’de verilen tablolarda sadelesme yapmak amaciyla elde
edilen sonuglar Min, Max degerleri ve k=2 ila 10 arasindaki sonuglarin ortalamasi

olarak gosterilmistir. Ornek kodlama sayfasi1 Sekil 4.7 de gdsterilmistir.

% Read the image

img = imread('...load filtered test Image");

% Convert the image to double precision for k-means
img_double = double(img);

% Reshape the image into a 2D array of pixels

pixels = reshape(img_double, [], size(img_double, 3));

% Define the number of clusters (k)

k=4

% Apply k-means clustering

% kmeans(data, k, 'Start’, initMethod, 'MaxIter', maxIter, 'Tol',
tolerance);

% initMethod = 'kmeans++'; % Initialization method

% maxlter = 10; % Maximum number of iterations

% tolerance = 1le-4; % Tolerance for convergence

[idx, centers] = kmeans(pixels, k);

% Reshape the clustered indices back to the original image size
clustered_img = reshape(idx, size(img, 1), size(img, 2));

figure,imshow(clustered_img, []);

Sekil 4.7. K-Ortalamalar kiimeleme algoritmasi MATLAB ¢iktist

10 adet test alani i¢in tekrarlanan bu test islemi neticesinde her bir test alan1 i¢in
F-Skor degeri baz alinarak Cizelge 4.2’de goriilen en uygun parametre degerleri tespit

edilmistir.
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Cizelge 4.2. F-Skor degeri bazinda en uygun Canny ve K-Ortalamalar parametre degerleri

Test Gradient Operator K-Ortalamalar
Alan No | Threshold | Scale (Sigma) | (k) Parametresi
Test 1 0.5 0.5 6
Test 2 0.2 0.5 9
Test 3 0.3 0.5 9
Test 4 0.2 0.5 8
Test 5 0.1 0.5 10
Test 6 0.4 0.5 8
Test 7 0.4 0.5 3
Test 8 0.4 0.5 5
Test 9 0.3 0.5 7
Test 10 0.4 0.5 4

4.4.3. Bulanmik C-Ortalamalar kiimeleme ile sinirlarin tespiti

Daha 6nceden Medyan filtresi uygulanmis yogunluk goriintiilerine Bulanik C-
Ortalamalar kiimeleme ve Canny kenar bulma islemi uygulanmis ve parsel sinirlari
tespit edilmistir. Bu yaklasimda Canny algoritmasi igerisinde yer alan “Gradient
Threshold” ve “Operator Scale” parametreleri igin K-Ortalamalar kiimeleme
sonucglarindan elde edilen en yiiksek dogruluk sonucunu veren Canny parametre
degerleri esas alinmustir.

Ayrica Bulanik C-Ortalamalar kiimeleme algoritmasi igerisinde bulunan ve
kiime sayisini ifade eden "k" parametre degeri i¢in de en uygun parametre belirleme
islemi yapilmistir. Test alanlarindan elde edilen sonuglara gore "k"degeri [2 10]
araliginda 1’er artigla ve “max_number iteration” degeri ise K-Ortalamalar kiimeleme
algoritmasinda oldugu iizere "10" olarak belirlenmis ve her bir test alani i¢in bu
parametreler test edilmistir. Bulanik C-Ortalamalar kiimeleme algoritmasinin ¢alisma
prensibi geregince her bir parametre testi yeterli sayida olacak sekilde (10 kez)
tekrarlanmis ve elde edilen sonuglarin ortalamasi esas alimmistir. Bu yaklasimda
Bulanik C-Ortalamalar kiimeleme isleminden sonra uygulanan kenar bulma islemi ile
elde edilen goriintiiler referans veri ile karsilagtirilarak dogruluk analizleri yapilmastir.

Bu yaklasimda Bulanik C-Ortalamalar kiimeleme, kenar bulma islemleri ile
dogruluk analizleri MATLAB yaziliminda hazirlanmistir. Tiim bu islemlere ait sonug

ciktilar1 Ek-3’de sunulmustur. Ornek kodlama sayfas1 Sekil 4.8’de gosterilmistir.
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% Read the image

img = imread('...load filtered test Image’);

% Convert the image to double precision for FCM

img_double = double(img);

% Reshape the image into a 2D array of pixels

pixels = reshape(img_double, [], size(img_double, 3));

% Define the number of clusters (c)

c=4

% Apply Fuzzy C-Means clustering

options = [2.0, 10, le-5, true]; % [Exponent, Maximum number of iterations, Tolerance,
Display progress]

[centers, U, objFcn] = fem(pixels, ¢, options);

% Find the cluster with the maximum membership for each pixel
[~, cluster_idx] = max(U, [], 1);

% Reshape the clustered indices back to the original image size
clustered_img = reshape(cluster_idx, size(img, 1), size(img, 2));

figiire, imshow(clustered img, []); % segmented image

Sekil 4.8. Bulanik C-Ortalamalar kiimeleme algoritmast MATLAB ¢iktist

10 adet test alan1 i¢in tekrarlanan bu test islemi neticesinde her bir test alani i¢in
F-Skor degeri baz alinarak Cizelge 4.3’de goriilen en uygun parametre degerleri tespit

edilmistir.

Cizelge 4.3. F-Skor degeri bazinda en uygun Bulanik C-Ortalamalar parametre degerleri

Test Alan No | k (kiime sayis1) | Maximum tekrar sayisi
Test 1 2 10
Test 2 4 10
Test 3 2 10
Test 4 3 10
Test 5 2 10
Test 6 6 10
Test 7 3 10
Test 8 3 10
Test 9 2 10

Test 10 2 10

4.4.4. Ortalama Kaydirma kiimeleme ile simirlarin tespiti

Medyan filtresi uygulanmis yogunluk goriintiilerine Ortalama Kaydirma
kiimeleme ve Canny kenar bulma islemi uygulanmis ve parsel sinirlari tespit edilmistir.

Bu yaklagimda Canny algoritmas: igerisinde yer alan “Gradient Threshold” ve
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“Operator Scale” parametreleri i¢in K-Ortalamalar kiimeleme sonuglarindan elde edilen
en yiiksek dogruluk sonucunu veren Canny parametre degerleri esas alinmistir.

Bununla birlikte Ortalama Kaydirma kiimeleme algoritmasinda pencere
boyutunu ifade eden "r" yaricap (bandwith) parametre degeri i¢in en uygun parametre
belirleme islemi yapilmistir. Test alanlarindan elde edilen sonuglara gore "r" degeri
[2 10] degerleri arasinda olacak sekilde 1’er artigla her bir test alan1 igin test edilmistir.
Ortalama Kaydirma kiimeleme isleminden sonra uygulanan kenar bulma islemi ile elde
edilen goriintiiler referans veri ile karsilagtirilarak dogruluk analizleri yapilmstir.

Bu yaklasimda Ortalama Kaydirma kiimeleme, kenar bulma islemleri ile

dogruluk analizleri MATLAB yaziliminda hazirlanmistir. Tiim bu islemlere ait sonug

ciktilar1 EK-4’de sunulmustur. Ornek kodlama sayfas1 Sekil 4.9°da gdsterilmistir.

function [clustCent,data2cluster,cluster2dataCell] =
MeanShiftCluster(dataPts,bandWidth,plotFlag);
if nargin < 2

error('no bandwidth specified')
end
if nargin < 3

plotFlag = true;

plotFlag = false;
end

[numDim,numPts] = size(dataPts);

numClust =0;

bandSq = bandWidth"2;
initPtinds = 1:numPts;

maxPos = max(dataPts,[],2);
minPos = min(dataPts,[],2);
boundBox = maxPos-minPos;
sizeSpace = norm(boundBox);

stopThresh = 1le-3*bandWidth;
clustCent  =];
beenVisitedFlag = zeros(1,numPts,'uint8";
numiInitPts = numpPts;
clusterVotes = zeros(1,numPts,'uint16";
while numlInitPts
tempind = ceil( (numinitPts-1le-6)*rand);
stind = initPtInds(templind);
myMean = dataPts(;,stInd);




myMembers  =T]J;
thisClusterVotes = zeros(1,numPts,'uint16’);
while 1
sgDistToAll = sum((repmat(myMean,1,numPts) - dataPts).2);
ininds = find(sgDistToAll < bandSq);
thisClusterVotes(inlnds) = thisClusterVotes(inlnds)+1;
myOldMean = myMean;
myMean = mean(dataPts(:,inInds),2);
myMembers = [myMembers ininds];
beenVisitedFlag(myMembers) = 1;
if plotFlag
figure(12345),clf,hold on
if numDim ==
plot(dataPts(1,:),dataPts(2,:),".")
plot(dataPts(1,myMembers),dataPts(2,myMembers),'ys")
plot(myMean(1),myMean(2),'go’)
plot(myOldMean(1),myOldMean(2),'rd")
pause
end
end
if norm(myMean-myOldMean) < stopThresh
mergeWith = 0;
for cN = 1:numClust
distToOther = norm(myMean-clustCent(:,cN));
if distToOther < bandWidth/2
mergeWith = cN;

break;

end
end
if mergeWith >0

clustCent(:,mergeWith) = 0.5*(myMean+clustCent(:,mergeWith));

%clustMembsCell{mergeWith} = unique([clustMembsCell{mergeWith}

myMembers]);

clusterVotes(mergeWith,:) = clusterVotes(mergeWith,:) + thisClusterVotes;
else

numClust = numClust+1;

clustCent(:,numClust) = myMean;

%clustMembsCell{numClust} = myMembers;
clusterVotes(numClust,:) = thisClusterVotes;
end
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break;
end
end
initPtinds = find(beenVisitedFlag == 0);
numinitPts = length(initPtinds);
end
[val,data2cluster] = max(clusterVotes,[],1);
if nargout > 2
cluster2dataCell = cell(numClust,1);
for cN = L:numClust
myMembers = find(data2cluster == cN);
cluster2dataCell{cN} = myMembers;
end

end

Sekil 4.9. Ortalama Kaydirma kiimeleme algoritmast MATLAB ¢iktis1 (Mean Shift Clustering, 2021)

10 adet test alan1 i¢in tekrarlanan bu test islemi neticesinde her bir test alani i¢in
F-Skor degeri baz alinarak Cizelge 4.4’de goriilen en uygun parametre degerleri tespit

edilmistir.

Cizelge 4.4. F-Skor degeri bazinda en uygun Ortalama Kaydirma parametre degerleri

Test Alan No r (yarigap)

Test 1 6
Test 2
Test 3
Test 4
Test 5
Test 6
Test 7
Test 8
Test 9
Test 10

oo NN OO
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5. BULGULAR

Farkli yaklagimlarin kullanildig: ¢alismadan elde edilen bulgulara ait sonuglarin
yer aldig1 ¢izelge ve tablolarda "k" parametre degeri K-Ortalamalar ve Bulanik C-

Ortalamalar kiimeleme algoritmalar1 igerisinde bulunan kiime sayisini, "r" parametre
degeri Ortalama Kaydirma kiimeleme algoritmasindaki yaricap degerini, Canny
filtresinde gecen ve [0.1 0.9] araliginda degisen degerler ise sirasiyla “Gradient
Threshold” ve “Operator Scale” degerlerini ifade etmektedir. F-Skor, YSGO, SGO,
OKH, YBIO ve KK degerleri ise dogruluk olgiitlerine ait sonu¢ degerlerini

gostermektedir.

5.1. Kenar Bulma Algoritmalari ile Elde Edilen Sonuclar

Cizelge 5.1°de 10 adet test alanina ait 4 farkli kenar bulma operatoriinden elde
edilen dogruluk Oolgiitlerine gore en iyi sonuglar gosterilmektedir. Ayrica Canny
algoritmasi igerisinde yer alan “Gradient Threshold” ve “Operator Scale” parametreleri
icin tiim sonug degerleri ile diger kenar bulma operatorlerine ait sonug degerler EK-1’de

goriilmektedir.



Cizelge 5.1. Elde edilen en iyi F-Skor degerleri ve diger dogruluk dlgiitlerinin sonuglari
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Kenar Filtreleri

Test (Gradient ..
A’\Ilan Threshold_Operator F-Skor | YSGO SGO OKH YBIO KK
0
Scale)
Canny (0.1 _0.5) 0.8898 | 63.9464 | -1.4098 | 0.0262 [ 0.9992 [ 0.2180
Test 1 Sobel 0.8830 | 64.6055 | -0.7506 | 0.0225 | 0.9992 [ 0.2160
— | Prewitt 0.8828 | 64.6146 | -0.7416 | 0.0225 | 0.9992 | 0.2164
Roberts 0.8876 | 64.5078 | -0.8483 | 0.0230 | 0.9992 [ 0.2240
Canny (0.1 _0.7) 0.9499 | 64.4316 | -3.4363 | 0.0234 [ 0.9991 [ 0.1115
Test 2 Sobel 0.9448 | 65.1175 | -2.7503 | 0.0200 | 0.9992 [ 0.1046
— | Prewitt 0.9445 | 65.1290 | -2.7389 | 0.0200 | 0.9992 | 0.1044
Roberts 0.9487 | 64.7052 | -3.1627 | 0.0220 | 0.9991 | 0.1148
Canny (0.1 0.2) 0.7914 | 63.2052 | -3.3850 | 0.0311 | 0.9988 [ 0.0857
Test 3 Sobel 0.7313 | 63.9815 | -2.6087 | 0.0260 | 0.9989 | 0.0611
— | Prewitt 0.7158 | 63.7824 | -2.8078 | 0.0272 | 0.9988 | 0.0604
Roberts 0.7267 | 64.5714 | -2.0188 [ 0.0227 | 0.9990 | 0.0565
Canny (0.1 0.4) 0.8043 | 62.6675 | -1.7693 | 0.0352 | 0.9987 [ 0.1969
Test 4 Sobel 0.6714 | 63.5053 | -0.9315 | 0.0290 | 0.9987 | 0.1470
— | Prewitt 0.6666 | 63.5146 | -0.9223 | 0.0289 | 0.9987 [ 0.1468
Roberts 0.6725 | 63.5503 | -0.8865 | 0.0287 | 0.9987 | 0.1503
Canny (0.1 0.2) 0.8233 | 61.8705 | -1.8084 | 0.0423 [ 0.9984 [ 0.1413
Test 5 Sobel 0.7279 | 62.8744 | -0.8045 | 0.0335 | 0.9985 [ 0.1004
— | Prewitt 0.7133 | 62.8831 | -0.7959 | 0.0335 | 0.9985 | 0.0985
Roberts 0.7240 | 62.6156 | -1.0634 | 0.0356 | 0.9985 | 0.0795
Canny (0.4 0.8) 0.9896 | 66.5866 | -0.5094 | 0.0143 | 0.9995 [ 0.3049
Test 6 Sobel 0.7522 | 64.5110 | -2.5850 [ 0.0230 | 0.9992 | 0.2065
—  [Prewitt 0.7580 | 64.5710 | -2.5250 [ 0.0227 | 0.9993 | 0.2042
Roberts 0.8169 | 64.3373 | -2.7587 [ 0.0240 | 0.9992 | 0.2264
Canny (0.5_0.9) 0.8495 | 67.6180 | -1.1305 | 0.0113 | 0.9995 [ 0.0714
Test 7 Sobel 0.5947 | 64.8918 | -3.8567 [ 0.0211 | 0.9992 | 0.0728
— [Prewitt 0.5947 | 64.9049 | -3.8436 [ 0.0210 | 0.9992 | 0.0731
Roberts 0.6609 | 64.7487 | -3.9997 [ 0.0218 | 0.9991 | 0.1020
Canny (0.2_0.7) 0.9607 | 64.5565 | -1.0572 | 0.0228 | 0.9993 [ 0.2737
Test 8 Sobel 0.9507 [ 64.7784 | -0.8353 [ 0.0216 | 0.9993 | 0.2141
—  [Prewitt 0.9504 | 64.7903 | -0.8234 [ 0.0216 | 0.9992 | 0.2142
Roberts 0.9647 | 65.0869 | -0.5268 [ 0.0202 | 0.9992 | 0.2618
Canny (0.2_0.5) 0.8319 | 62.5828 | -2.6147 | 0.0359 | 0.9987 [ 0.0875
Test 9 Sobel 0.8294 | 63.1269 | -2.0706 [ 0.0317 | 0.9989 | 0.0650
—  [Prewitt 0.8238 | 63.1549 | -2.0425 [ 0.0314 | 0.9989 | 0.0631
Roberts 0.8565 | 62.9154 | -2.2821 [ 0.0332 | 0.9988 | 0.1037
Canny (0.3_0.6) 0.7202 | 61.4449 | -2.0810 | 0.0466 | 0.9982 [ 0.1849
Test 10 Sobel 0.6854 | 61.5897 | -1.9362 [ 0.0451 | 0.9984 | 0.1447
— | Prewitt 0.6859 [ 61.6146 | -1.9113 [ 0.0448 | 0.9984 | 0.1436
Roberts 0.7190 | 61.6173 | -1.9085 [ 0.0448 | 0.9983 | 0.1865
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Cizelge 5.2°de test alanlarina iliskin girdi goriintiiler ile en yiiksek F-Skor
degerine sahip Canny algoritmasindan elde edilen kenar (g¢ikt1) goriintiileri

goriilmektedir.

Cizelge 5.2. Test alanlar1 ve kenar bulma algoritmalari ile elde edilen sonuglar

Test 1

Goriintii

Filtre Uygulanmisg
Yogunluk Goriintiisii

Referans Veri

Kenar Goriintiisii
(Canny 0.1 0.5)
F-Skor: 0.89

Test 2
Filtre Uveulanmi Kenar Goriintiisi
Goriintii Yosunl lz%}uérﬁnt"ss" Referans Veri (Canny_0.1_0.7)
guniu usu F-Skor: 0.95
Test 3

Goriintii

Filtre Uygulanmis
Yogunluk Gorlintiisii

Referans Veri

Kenar Gortintiisiu
(Canny_0.1 0.2)
F-Skor: 0.79
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Cizelge 5.2. Test alanlar1 ve kenar bulma algoritmalart ile elde edilen sonuglar (devamni)

Test 4
. Kenar Goriintiisii
Gériintii Yzlfgglgg %“;ﬁl‘fﬁiu (Canny 0.1 0.4)
g F-Skor: 0.80
Test 5
Filtre Uveulanmi Kenar Goriintiisii
Goriintii Yosunl lnguérﬁnt"ss" Referans Veri (Canny_0.1 0.2)
guniu st F-Skor: 0.82
Sy
Test_ 6 3
- S *
\\ N
\“\‘ /
\,-\\J’

Goriintii

Filtre Uygulanmis
Yogunluk Gorlintiisii

Referans Veri

Kenar Gortintiisiu
(Canny_0.4_0.8)
F-Skor: 0.99
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Cizelge 5.2. Test alanlar1 ve kenar bulma algoritmalart ile elde edilen sonuglar (devamni)

~
\' N
Test 7 )
Y N
e 'ﬁﬁu R :.:
N V""%\{ : RS
Filtre Uygulanmi Kenar Goriintiisi
Goriintii Yo‘unluky gG('jriin tuiu Referans Veri (Canny_0.5 0.9)
g F-Skor: 0.85
Test 8
Filtre Uveulanmi Kenar Goriintiisii
Goriintii Yosunl ky %}uérﬁnt"ss" Referans Veri (Canny_0.2_0.7)
guniu usu F-Skor: 0.96
Test 9

Goriintii

Filtre Uygulanmis
Yogunluk Gorlintiisii

Referans Veri

Kenar Gortintiisiu
(Canny_0.2_0.5)
F-Skor: 0.83
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Cizelge 5.2. Test alanlar1 ve kenar bulma algoritmalari ile elde edilen sonuglar (devamni)

Test10

Goriintii

Filtre Uygulanmis
Yogunluk Goriintiisii

Referans Veri

Kenar Goriintiisii
(Canny_0.3 0.6)
F-Skor: 0.72

5.2. K-Ortalamalar Kiimeleme ile Elde Edilen Sonug¢lar

Cizelge 5.3’de 10 adet test alanina ait Canny operatoriinden elde edilen dogruluk

Olciitlerine gore en iyi sonuglar gosterilmektedir. Ayrica Canny algoritmasi igerisinde

yer alan “Gradient Threshold” ve “Operator Scale” parametreleri ig¢in tiim sonug

degerleri ile diger kenar bulma operatorlerine ait sonug degerler EK-2’de goriilmektedir.

Cizelge 5.3. K-Ortalamalar kiimeleme ile elde edilen en iyi F-Skor degerleri ve diger dogruluk
Ol¢iitlerinin sonuglart

Kiime Kenar FiI_treIeri
A Si(ll)(’;Sl Thres(r%gfg;rator F-Skor | YSGO | SGO | OKH | YBi® | KK
Scale)
Test 1 6 Canny (0.5 0.5) 0.8297 | 64.4001 [-0.9560 | 0.0236 | 0.9992 | 0.1953
Test 2 9 Canny (0.2 0.5) 0.9427 | 64.5702 |-3.2976| 0.0227 [ 0.9991 | 0.1112
Test 3 9 Canny (0.3 0.5) 0.7828 | 62.7335 | -3.8567 | 0.0347 | 0.9985 | 0.0749
Test 4 8 Canny (0.2 0.5) 0.7063 | 62.7207 | -1.7161 | 0.0348 | 0.9986 | 0.1450
Test 5 10 Canny (0.1 0.5) 0.7807 | 61.3762 | -2.3028 | 0.0474 | 0.9982 | 0.1092
Test 6 8 Canny (0.4 0.5) 0.9934 | 66.0018 [ -1.0942 | 0.0163 | 0.9994 | 0.2446
Test 7 3 Canny (0.4 0.5) 0.8047 | 68.0862 | -0.6623 | 0.0101 | 0.9996 | 0.1130
Test 8 5 Canny (0.4 0.5) 0.9608 | 64.8368 | -0.7769 | 0.0213 | 0.9992 | 0.2688
Test 9 7 Canny (0.3 0.5) 0.8478 | 63.2841 [-1.9133] 0.0305 | 0.9989 | 0.0819
Test 10 4 Canny (0.4 0.5) 0.7336 | 62.3917 [-1.1342] 0.0375 | 0.9986 | 0.2059

Cizelge 5.4°de test alanlarina iligkin girdi goriintiiler, K-Ortalamalar kiimeleme

gortintiileri ile en yliksek F-Skor degerine sahip Canny algoritmasindan elde edilen

kenar (cikt1) goriintiileri goriilmektedir.



Cizelge 5.4. Test alanlar1 ve K-Ortalamalar kiimeleme ile elde edilen sonuglar
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Test 1
Referans Veri ve Filtre Kiimeleme Uveulanm Kenar Gortintiisii
Uygulanmis Yogunluk Gériintii g{g_ 6) ? (Canny_0.5 0.5)
Goriintiisii 2T F-Skor: 0.83
| ]
.
i |
R b
L .,l !
l ‘ '\
4 \ | )
) ! ! !
| “ L] i : I
| II ! L'"., |
Test_2 —

E

Referans Veri ve Filtre
Uygulanmis Yogunluk
Goruntiist

Kiimeleme Uygulanmis
Gorintii (k = 9)

Kenar Gortintiisi
(Canny_0.2_0.5)
F-Skor: 0.94




Cizelge 5.4. Test alanlar1 ve K-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)
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Test 3
Referans Veri ve Filtre Kiimeleme Uveulanmi Kenar Goruintiisu
Uygulanmis Yogunluk Gériintii (}l;g— 9) 3 (Canny_0.3_0.5)
Gériintiisii oruntu (k= F-Skor: 0.78
Test_ 4

Referans Veri ve Filtre
Uygulanmis Yogunluk
Goriintiisi

Kiimeleme Uygulanmig
Gorintii (k = 8)

Kenar Gortintiisi
(Canny_0.2_0.5)
F-Skor: 0.71




Cizelge 5.4. Test alanlar1 ve K-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)
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Test 5
Referans Veri ve Filtre Kiimeleme Uveulanmi Kenar Goruintiisu
Uygulanmis Yogunluk Gériintii (lzg— 10) 3 (Canny_0.1_0.5)
Gériintiisii oruntu (= F-Skor: 0.78
Test 6 i

Referans Veri ve Filtre
Uygulanmis Yogunluk
Goriintiisi

Kiimeleme Uygulanmig
Gorintii (k = 8)

Kenar Gortintiisi
(Canny_0.4_0.5)
F-Skor: 0.99




Cizelge 5.4. Test alanlar1 ve K-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)
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Test 7
Referans Veri ve Filtre Kiimeleme Uveulanmi Kenar Goriintiisi
Uygulanmis Yogunluk Gériintii (}l;g— 3) 3 (Canny_0.4_0.5)
Goriintiisii k= F-Skor: 0.80
Test 8

Referans Veri ve Filtre
Uygulanmis Yogunluk
Goruntist

Kiimeleme Uygulanmis
Gorintii (k = 5)

Kenar Gortintiisu
(Canny_0.4_0.5)
F-Skor: 0.96




Cizelge 5.4. Test alanlar1 ve K-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)
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Test 9
Referans Veri ve Filtre Kiimeleme Uveulanmi Kenar Gorlintlisi
Uygulanmis Yogunluk Gériintii (}ll(g_ 7 3 (Canny_0.3_0.5)
Gériintiisii oruntu (= F-Skor: 0.85
Test 10

Referans Veri ve Filtre
Uygulanmis Yogunluk
Goriintiist

Kiimeleme Uygulanmig
Gorintii (k = 4)

Kenar Gortintiisi
(Canny_0.4_0.5)
F-Skor: 0.73




5.3. Bulanik C-Ortalamalar Kiimeleme ile Elde Edilen Sonuclar
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Cizelge 5.5’de 10 adet test alanina ait Canny operatoriinden elde edilen dogruluk

Olgiitlerine gore en iyi sonuglar gosterilmektedir. Ayrica Bulanik C-Ortalamalar

algoritmasina ait tiim sonug degerleri Ek-3’de goriilmektedir.

Cizelge 5.5. Bulanik C-Ortalamalar kiimeleme ile elde edilen en iyi F-Skor degerleri ve diger dogruluk
Ol¢iitlerinin sonuglart

.. Kenar Filtreleri

Kiime (Gradient "

Test Alan No | Sayisi F-Skor | YSGO | SGO | OKH | YBIO | KK
) Threshold_Operator
Scale)

Test 1 2 Canny (0.5 0.5) 0.7184 | 63.6733 |-1.6828| 0.0279 | 0.9989 | 0.1817
Test 2 4 Canny (0.2 0.5) 0.8817 | 63.5778 | -4.2901 | 0.0289 | 0.9987 | 0.1084
Test 3 2 Canny (0.3 _0.5) 0.6853 | 62.9251 | -3.6651 | 0.0332 | 0.9985 | 0.0619
Test 4 3 Canny (0.2 0.5) 0.5574 | 60.7327 | -3.7041 [ 0.0551 | 0.9976 | 0.0963
Test 5 2 Canny (0.1 0.5) 0.7238 | 61.6080 | -2.0710 | 0.0450 | 0.9981 | 0.1058
Test 6 6 Canny (0.4 0.5) 0.7370 | 64.1342 |-2.9619] 0.0256 | 0.9990 | 0.1732
Test 7 3 Canny (0.4 0.5) 0.5607 | 64.9240 | -3.8245 [ 0.0209 | 0.9991 | 0.0663
Test 8 3 Canny (0.4 0.5) 0.9296 | 64.7195 | -0.8942 | 0.0220 | 0.9992 | 0.2609
Test 9 2 Canny (0.3 0.5) 0.7245 | 63.1023 |-2.0952 | 0.0318 | 0.9987 | 0.0779
Test 10 2 Canny (0.4 _0.5) 0.6353 | 62.9297 |-0.5961 | 0.0331 | 0.9986 | 0.1825

Cizelge 5.6’da test alanlarina iliskin Bulanik C-Ortalamalar kiimeleme

goriintiileri ile en yiiksek F-Skor degerine sahip Canny algoritmasindan elde edilen

kenar (¢ikt1) goriintiileri goriilmektedir.

Cizelge 5.6. Test alanlar1 ve Bulanik C-Ortalamalar kiimeleme ile elde edilen sonuglar

Test_1

Kiimeleme Uygulanmis
Gorintii (k = 2)

Kenar Gortintiisiu
(Canny_0.5_0.5)
F-Skor: 0.72




Cizelge 5.6. Test alanlar1 ve Bulanik C-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)

Test 2
Kiimeleme Uygulanmis I(%;lr?;f (())rgn:)u;l)l
Goriintii (k = 4) F-Skor: 0.88
Test 3
Kiimeleme Uygulanmis Iég;ﬁ;f %rgngugl)l
Goriintii (k = 2) F-Skor: 0.69
Test_ 4
Kiimeleme Uygulanmig I(%;r?;f %nzmgu;l)l
Gorintii (k = 3) F-Skor: 0.56
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Cizelge 5.6. Test alanlar1 ve Bulanik C-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)

Test 5
Kiimeleme Uygulanmig I(%:r?;f (())I'lingl;‘)l
Goriintii (k = 2) F-Skor: 0.72
Test_6
Kiimeleme Uygulanmis Iég;ﬁ;f %rzngugl)l
Goriintii (k = 6) F-Skor: 0.74
Test_7
Kiimeleme Uygulanmig I(%;r?;f %rjngu?)l
Goriintii (k = 3) F-Skor: 0.56
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Cizelge 5.6. Test alanlar1 ve Bulanik C-Ortalamalar kiimeleme ile elde edilen sonuglar (devami)

Test 8
Kiimeleme Uygulanmig I(%?f?;f (())1'21181;‘)1
Goriintii (k = 3) F-Skor: 0.93
Test 9
Kiimeleme Uygulanmis Ifg;ﬁ;f (())rl:;n:)uis;)1
Goriintii (k = 2) F-Skor: 0.72
Test 10
Kimeleme Uygulanmis I(%;lr? ;f %rjngugl)l
Goriintii (k = 2) F-Skor: 0.64
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5.4. Ortalama Kaydirma Kiimeleme ile Elde Edilen Sonuglar

Cizelge 5.7°de 10 adet test alanina ait Canny operatoriinden elde edilen dogruluk
Olgiitlerine gore en iyi sonuglar gosterilmektedir. Ayrica Ortalama Kaydirma
algoritmasi ile elde edilen tiim sonug¢ degerleri ile diger kenar bulma operatorlerine ait
sonug degerler Ek-4’de goriilmektedir.

Cizelge 5.7. Ortalama Kaydirma kiimeleme ile elde edilen en iyi F-Skor degerleri ve diger dogruluk
Ol¢iitlerinin sonuglart

Kenar Filtreleri
T Yari radien
Alaas;c\lo a(r;;ap Thres(rﬁ)lgf(gp;rator F-Skor | YSGO | SGO | OKH | YBIO KK
Scale)

Test 1 6 Canny (0.5_0.5) 0.6138 |65.0334 | -0.3228 | 0.0204 | 0.9992 | 0.1597
Test 2 2 Canny (0.2_0.5) 0.9316 |65.0013 | -2.8665 | 0.0206 | 0.9992 | 0.1088
Test 3 9 Canny (0.3_0.5) 0.7183 | 64.1266 | -2.4635 | 0.0251 | 0.9989 | 0.0638
Test 4 4 Canny (0.2_0.5) 0.7420 |63.3368 | -1.1000 | 0.0302 | 0.9988 | 0.1877
Test 5 5 Canny (0.1_0.5) 0.8206 |61.8923 | -1.7867 | 0.0421 | 0.9984 | 0.1401
Test 6 2 Canny (0.4_0.5) 0.9885 |66.6454 | -0.4506 | 0.0141 | 0.9995 | 0.3059
Test 7 2 Canny (0.4_0.5) 0.8448 |67.4875 | -1.2610 | 0.0116 | 0.9995 | 0.0758
Test 8 6 Canny (0.4_0.5) 0.9563 | 64.8046 | -0.8091 | 0.0215 | 0.9992 | 0.2742
Test 9 5 Canny (0.3_0.5) 0.8087 |63.2451 | -1.9524 | 0.0308 | 0.9988 | 0.0598
Test 10 5 Canny (0.4_0.5) 0.6974 |62.8597 | -0.6661 | 0.0337 | 0.9986 | 0.2156

Cizelge 5.8’de test alanlarina iliskin girdi goriintiiler, Ortalama Kaydirma
kiimeleme goriintiileri ile en yiiksek F-Skor degerine sahip Canny algoritmasindan elde

edilen kenar (¢ikt1) goriintiileri goriilmektedir.

Cizelge 5.8. Test alanlar1 ve Ortalama Kaydirma kiimeleme ile elde edilen sonuglar

Test_1

Kenar Gortintiisi
(Canny_0.5 0.5)
F-Skor: 0.61

Kiimeleme Uygulanmis
Gorinti (r = 6)




Cizelge 5.8. Test alanlar1 ve Ortalama Kaydirma kiimeleme ile elde edilen sonuglar (devami)

Test 2
Kiimeleme Uygulanmis I(%:r?;f (())rgn:)u;l)l
Goriintii (r = 2) F-Skor: 0.93
Test 3
Kiimeleme Uygulanmis I(%;lr?;f (())rl:;n:)uf;)l
Goriintii (r = 9) E-Skor: 0.72
Test_4
Kimeleme Uygulanmis I(%Qr?;f %rgngugl)l
Goriintii (r = 4) F-Skor: 0.74
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Cizelge 5.8. Test alanlar1 ve Ortalama Kaydirma kiimeleme ile elde edilen sonuglar (devami)

Test 5
Kiimeleme Uygulanmis I(ii::r?;f (())rlill.n:)u;l)l
Gériintii (r = 5) F-Skor- 0.82
;\\ ‘. ™
Test_6 . AN
. R 3
\ \\ .; ‘
AN \\.J.
Kiimeleme Uygulanmis I(%;lr?;f %r:ngu;l)l
Goriintii (r = 2) E-Skor: 0.99
Test_7
Kimeleme Uygulanmis I(%;lr?;f %rjn‘(r)ugl)l
Goriintii (r = 2) F-Skor: 0.84
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Cizelge 5.8. Test alanlar1 ve Ortalama Kaydirma kiimeleme ile elde edilen sonuglar (devami)

Test 8 ! \
Kiimeleme Uygulanmis Ig;ﬁ;f (())rzn:)u;l)l
Gérilntii (r = 6) F-Skor: 0.96
Test 9
Kiimeleme Uygulanmis Iéé::r?rr]f (())rl:;n:)u;l)1
Goriintii (r = 5) F-Skor: 0.81
\
Test 10
Kimeleme Uygulanmis I(%;lr?;f %rjngu;l;
Goriintii (r = 5) F-Skor: 0.70
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59.5. Yaklasim ve Kenar Bulma Algoritmalar1 Bazinda Smr Tespitlerinin

Karsilastirilmasi;

Kenar bulma ve kiimeleme algoritmalart ile elde edilen sonug degerleri yaklagim
bazinda ve kenar bulma algoritmalar1 bazinda karsilastirilarak elde edilen sonuglar
degerlendirilmistir.

5.5.1. F-Skor degerlerinin karsilastirilmasi

Kenar bulma ve kiimeleme algoritmalar1 1ile elde edilen sonuclar

degerlendirilmis elde edilen en iyi F-Skor degerleri Sekil 5.1’de gosterilmistir.

1.0000

0.9000 / // \/

0.8000
15
<
» 0.7000
L

0.6000

0.5000

0.4000

Test 1 Test 2 Test 3 Test 4 Test5 Test 6 Test 7 Test 8 Test 9 Test 10
Test Alanlar1
=@=Canny K-Ortalamalar Bulanik C-Ortalamalar Ortalama Kaydirma

Sekil 5.1. Kenar bulma ve kiimeleme algoritmalar1 bazinda F-Skor degerlerinin karsilagtirilmasi

Canny kenar bulma algoritmasi ve kiimeleme algoritmalari igerisinde en yiiksek

F-Skor degerlerine iliskin elde edilen sonuglar Cizelge 5.9’da gosterilmistir.



Cizelge 5.9. Uygulanan algoritmalara gore elde edilen en yiiksek F-Skor degerleri
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Bulanik C- Ortalama

Test Kenar Filtreleri Kggﬁﬁ:;ilar OrEaIamaIar Kilydll‘ma

Alan No (1.Yaklasim) (2.Yaklasim) Kiimeleme Kiimeleme

(3.Yaklasim) (4.Yaklasim)

Test 1 0.8898 0.8297 0.7184 0.6138
Test 2 0.9499 0.9427 0.8817 0.9316
Test 3 0.7914 0.7828 0.6853 0.7183
Test 4 0.8043 0.7063 0.5574 0.7420
Test5 0.8233 0.7807 0.7238 0.8206
Test 6 0.9896 0.9934 0.7370 0.9885
Test 7 0.8495 0.8047 0.5607 0.8448
Test 8 0.9607 0.9608 0.9296 0.9563
Test 9 0.8319 0.8478 0.7245 0.8087
Test 10 0.7202 0.7336 0.6353 0.6974

Sekil 5.1 ve Cizelge 5.9’daki sekil ve tablolar incelendiginde; kiimeleme
algoritmasi kullanilmayip sadece kenar bulma algoritmasi1 uygulanan yaklagimin diger
yaklagimlara nazaran F-Skor degerlerinin genel anlamda daha iyi sonu¢ verdigi
goriilmiistiir. 1, 2, 3, 4, 5 ve 7 nolu test alanlarinda kenar bulma algoritmasi; 6, 8, 9 ve
10 nolu test alanlarinda ise K-Ortalamalar kiimeleme algoritmasinin daha basarili
oldugu anlasilmaktadir. K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama Kaydirma
kiimeleme algoritmalar1 karsilastirildiginda ise; 1, 2, 3, 6, 8, 9 ve 10 nolu test
alanlarinda K-Ortalamalar, 4, 5 ve 7 nolu test alanlarinda ise Ortalama Kaydirma
algoritmasinin daha basarili oldugu goriilmistir. Bununla birlikte Bulanik C-
Ortalamalar metodu bulanik mantik algoritmasi ile ¢alismakta olup test alanlarinda 10
kez uygulanan dongii ile elde edilen sonuglarin ortalamasi alinarak dogruluk analizleri
yapilmistir. Elde edilen ortalama degerler Cizelge 5.9°da goriilmektedir. Bulanik C-
Ortalamalar algoritmasina ait tiim sonug verileri incelendiginde (Ek-3); 2.test alaninda
0.95, 6.test alaninda 0.94 ve 7.test alaninda 0.91 oraninda F-Skor degerleri gibi yiiksek
sonuglarin oldugu goriilmiis olup bu yoniiyle algoritmanin digerlerine gore istiinliikk

sagladigi anlasilmaktadir.
5.5.2. YSGO, SGO, OKH, YBIO ve KK degerlerinin karsilastiriimasi
Canny kenar bulma algoritmast ve uygulanan kiimeleme algoritmalari ile elde

edilen sonuglara gore en iyi YSGO, SGO, OKH, YBIO ve KK degerleri Sekil 5.2 ila
5.6’da gosterilmistir.
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Sekil 5.2. YSGO degerlerinin karsilastirilmasi

Test Alanlan
1 Test 2 Test 3 Test 4 Test5 Test6 Test 7 Test 8 Test 9 Test 10

—— Canny —@— K-Ortalamalar —®— Bulanik C-Ortalamalar —®— Ortalama Kaydirma

Sekil 5.3. SGO degerlerinin karsilagtiriimasi
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Test_ 1 Test 2 Test 3 Test 4 Test5 Test 6 Test 7 Test 8 Test 9 Test 10
Test Alanlar

—o—Canny —@— K-Ortalamalar —®— Bulanik C-Ortalamalar Ortalama Kaydirma
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Sekil 5.4. OKH degerlerinin karsilastirilmasi

Test 1 Test 2 Test 3 Test 4 Test5 Test 6 Test 7 Test 8 Test 9 Test 10
Test Alanlar

—o—Canny —@— K-Ortalamalar —®— Bulanik C-Ortalamalar Ortalama Kaydirma

Sekil 5.5. YBIO degerlerinin karsilastiriimasi
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Sekil 5.6. KK degerlerinin karsilastiriimasi

Sekil 5.2 ve 5.3’deki YSGO ve SGO degerleri karsilastirildiginda; Canny kenar
bulma algoritmasi, K-Ortalamalar ve Ortalama Kaydirma kiimeleme algoritmalarindan
elde edilen degerlerin birbirine yakin oldugu goriilmekle birlikte Ortalama Kaydirma
kiimeleme algoritmasindan elde edilen YSGO ve SGO degerlerinin diger yaklagimlara
gore daha yliksek c¢iktig1 goriilmektedir.

Sekil 5.4 ve 5.5°deki OKH ve YBIO degerleri karsilastirildiginda; Canny kenar
bulma algoritmasi, K-Ortalamalar ve Ortalama Kaydirma kiimeleme algoritmalarindan
elde edilen degerlerin birbirine yakin oldugu goériilmekle birlikte Bulanik C-Ortalamalar
algoritmasindan elde edilen OKH degerlerinin diger yaklasimlara gore daha yiiksek,
YBIO degerlerinin ise diger yaklasimlara gére daha diisiik oldugu goriilmektedir.

Sekil 5.6’daki KK degerleri karsilastirildiginda; 1, 2, 3, 8, 9 ve 10 nolu test
alanlarinda tiim yaklasimlardan elde edilen degerlerin birbirine yakin oldugu, 4, 5, 6 ve
7 nolu test alanlarinda ise bu degerlerin farklilastigi goriilmekle birlikte kenar bulma
algoritmasindan elde edilen sonuglarin diger yaklasimlara nazaran genel anlamda daha

yiiksek oldugu goriilmiistiir.
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5.5.3. Kenar bulma algoritmalar1 bazinda F-Skor degerlerinin karsilastirilmasi

Canny, Sobel, Prewitt ve Roberts kenar bulma algoritmalar1 karsilagtirilmis olup

elde edilen en iyi F-Skor degerleri Sekil 5.7°de gosterilmistir.

1.00
0.90
0.80
0.70

F-Skor

0.60
0.50

0.40
Test 1 Test 2 Test 3 Test 4 Test5 Test 6 Test 7 Test 8 Test 9 Test 10

Test Alanlar:

Canny Sobel Prewitt Roberts

Sekil 5.7. Kenar bulma algoritmalari ile elde edilen F-Skor degerlerinin kargilagtirilmasi

Sekil 5.7’de kenar bulma algoritmalart bazinda F-Skor degerleri
karsilagtirildiginda Canny algoritmasindan elde edilen sonuglarin diger kenar bulma
algoritmalar1 olan Sobel, Prewitt ve Roberts algoritmalarina gore kismen daha iyi sonug
verdigi anlasilmakla birlikte 4 kenar bulma algoritmasindaki sonuglarin genel anlamda

birbirine yakin oldugu goriilmiistiir.

5.5.4. Kenar bulma ve kiimeleme algoritmalar1 bazinda parametre degerlerinin

karsilastirilmasi

Canny kenar bulma algoritmasi igerisinde yer alan “Gradient Threshold”
parametre degeri, K-Ortalamalar ve Bulanik C-Ortalamalar yaklagimlari igerisinde yer
alan "k" (kime sayis1) parametre degeri ile ve Ortalama Kaydirma kiimeleme

yaklagiminda bulunan "r" (yaricap) parametre degeri degisiminin sonuglara dogruluk

olgtitleri bazinda etkisi Sekil 5.8 ila 5.13’de gosterilmistir.



YSGO

0.20
Canny: Gradient Threshold = "0.1-0.9", k="2-10" ve r = "2-10"

—@=—Canny —@—K-Ortalamalar —®—Bulanik C-Ortalamalar ~—®— Ortalama Kaydirma

Sekil 5.8. Parametre degerlerinin F-Skor degerine etkisi
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Sekil 5.9. Parametre degerlerinin YSGO degerine etkisi
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Sekil 5.10. Parametre degerlerinin SGO degerine etkisi
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Sekil 5.11. Parametre degerlerinin OKH degerine etkisi

Canny: Gradient Threshold = "0.1-0.9", k ="2-10" ve r = "2-10"

«=@==Canny  ==@=K-Ortalamalar = ==@=Bulanik C-Ortalamalar = ==®==CQOrtalama Kaydirma
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Sekil 5.12. Parametre degerlerinin YBIO degerine etkisi

Canny: Gradient Threshold ="0.1-0.9", k ="2-10" ve r = "2-10"

=@=—Canny ==@=K-Ortalamalar  ==®=Bulanik C-Ortalamalar  ==®==Ortalama Kaydirma

Sekil 5.13. Parametre degerlerinin KK degerine etkisi
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Canny kenar bulma algoritmasinda yer alan “Gradient Threshold” parametre
degeri ile K-Ortalamalar ve Bulanik C-Ortalamalar kiimeleme yaklagimlarindaki

"k" parametre degeri ile Ortalama Kaydirma kiimeleme yaklasimindaki "r" parametre
degerlerinin degisiminin sonuglara etkisini gosteren Sekil 5.8 ila 5.13 nolu grafikler
incelendiginde;

Canny filtresi igerisinde bulunan “Gradient Threshold” parametre degeri
azaltildik¢a F-Skor degerinin artis gosterdigi, K-Ortalamalar kiimeleme algoritmasinda
"k" kiime sayisi artisinin sonuglari ¢ok etkilemedigi, Bulanik C-Ortalamalar kiimeleme
algoritmasinda "k" kiime sayisi arttikga F-Skor degerinin kismen azaldigi, Ortalama
Kaydirma kiimeleme algoritmasinda ise "r" yaricap degerinin sonuglara etki etmedigi
goriilmiis (Sekil 5.8) olup Ortalama Kaydirma kiimeleme algoritmasinin diger
kiimeleme algoritmalarina nazaran bu yoniiyle daha iyi oldugu sdylenebilir.

Canny filtresi icerisinde bulunan “Gradient Threshold” parametre degeri
azaltildikca YSGO ve SGO degerinin de azaldigi, K-Ortalamalar kiimeleme
algoritmasinda "k" kiime sayisi artisinin sonuglart ¢ok etkilemedigi, Bulanik C-
Ortalamalar kiimeleme algoritmasinda "k" kiime sayis1 artttkca YSGO ve SGO
degerinin de azaldigi, Ortalama Kaydirma kiimeleme algoritmasinda ise "r" yarigap
degerinin sonuglara etki etmedigi goriilmistiir (Sekil 5.9 ve 5.10).

Canny filtresi igerisinde bulunan “Gradient Threshold” parametre degeri
azaltildikga OKH degerinin de arttigi, K-Ortalamalar ve Ortalama Kaydirma kiimeleme
algoritmalarinda "r" yaricap degerinin artisinin sonuglar1 ¢ok etkilemedigi, Bulanik C-
Ortalamalar kiimeleme algoritmasinda "k" kiime sayisi1 artttkga OKH degerinin de arttigi
goriilmistir (Sekil 5.11).

Canny filtresi igerisinde bulunan “Gradient Threshold” parametre degeri
azaltildikca YBIO degerinin degismedigi sadece 10.test alaminda kismen azalma
gorildiigt, K-Ortalamalar ve Ortalama Kaydirma kiimeleme algoritmalarinda "k" kiime
sayis1t Ve "r" yarigap degeri artisinin sonuglari ¢ok etkilemedigi, Bulanik C-Ortalamalar
kiimeleme algoritmasinda "k" kiime sayisi arttikga YBIO degerinin de azaldig
gorilmustiir (Sekil 5.12).

Canny filtresi igerisinde bulunan “Gradient Threshold” parametre degeri
azaltildikca KK degerinin arttigi, K-Ortalamalar ve Bulanik C-Ortalamalar kiimeleme
algoritmalarinda "k" kiime sayist ile Ortalama Kaydirma kiimeleme algoritmasindaki

r" yarigap degeri artisinin sonuglar1 ¢ok etkilemedigi goriilmekle birlikte KK degerinin

kismen azaldig1 goriilmiistiir (Sekil 5.13).
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5.6. Nokta Yogunlugu ve Yiikseklik Degisimi Bazinda Smmr Tespitlerinin

Karsilastirilmasi;

Cizelge 3.1°de test alanlarina iligkin veri setlerinin 6zellikleri belirtilmis olup bu
cizelgede test alanlar1 bazinda LiDAR verisine ait m?’ye diisen nokta yogunluklari
gosterilmistir. Yine test alanlarina ait LIDAR verisindeki nokta ytikseklik bilgileri her
bir veri seti igerisinde mevcuttur. Nokta yogunlugu ve yiikseklik degisiminin F-Skor
degerine etkisini incelemek icin bu veriler ile Cizelge 5.9°da yaklasim bazinda tespit
edilen Canny kenar bulma algoritmasi ile elde edilen en yiiksek F-Skor degerleri

karsilagtirilmistir.

5.6.1. Nokta yogunlugu bazinda sinir tespitlerinin karsilastirilmasi;

Cizelge 3.1°deki nokta yogunluklar1 en diisiikten en yiiksege olacak sekilde
siralanmis ve 4 farkli yaklasimdan elde edilen en yiiksek F-Skor degerleri Cizelge
5.10’da gosterilmistir.

Cizelge 5.10. Canny kenar bulma algoritmasi ile elde edilen en yiiksek F-Skor degerlerinin nokta
yogunluguna gore siralanmasi

Kenar K- Bulanik C- Ortalama Nokta
Test . . Ortalamalar Ortalamalar Kaydirma < <
Filtreleri . . . Yogunlugu
Alan No (1.Yaklagim) Kiimeleme Kiimeleme Kiimeleme (mz)
(2.Yaklasim) (3.Yaklasim) (4.Yaklasim)

Test 3 0.7914 0.7828 0.6853 0.7183 1.49
Test 1 0.8898 0.8297 0.7184 0.6138 1.97
Test 4 0.8043 0.7063 0.5574 0.7420 3.50
Test 2 0.9499 0.9427 0.8817 0.9316 3.99
Test 5 0.8233 0.7807 0.7238 0.8206 4.05
Test 9 0.8319 0.8478 0.7245 0.8087 4.26
Test 7 0.8495 0.8047 0.5607 0.8448 5.04
Test 6 0.9896 0.9934 0.7370 0.9885 5.69
Test 8 0.9607 0.9608 0.9296 0.9563 11.05
Test 10 0.7202 0.7336 0.6353 0.6974 13.42

Cizelge 5.10°daki F-Skor degerleri ile nokta yogunluklar1 karsilastirilmis ve Sekil
5.14°deki grafik elde edilmistir. Bu grafikten anlasilacag lizere test alanlarina ait nokta

yogunluk degerinin artiginin F-Skor degerine etkisinin olmadigi tespit edilmistir.
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Sekil 5.14. Nokta yogunlugunun F-Skor degerine etkisi
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5.6.2. Yiikseklik degisimi bazinda sinir tespitlerinin karsilastirilmasi;

Test alanlarina ait LiDAR verisindeki nokta yiikseklik bilgileri kullanilarak her

bir test alani i¢in standart sapma degerleri hesaplanmistir. Daha sonra hesaplanan

standart sapma degerleri en diisiikten en yiiksege olacak sekilde siralanmis ve 4 farkh

yaklagimdan elde edilen en yiiksek F-Skor degerleri Cizelge 5.11°de gosterilmistir.

Cizelge 5.11. Canny kenar bulma algoritmast ile elde edilen en yiiksek F-Skor degerleri ile standart
sapma bazinda yiikseklik degisimi

Kenar K- Bulanik C- Ortalama Standart
Test Alan Eiltreleri Ortalamalar Ortalamalar Kaydirma Sapma
No (1.Yaklasim) Kiimeleme Kiimeleme Kiimeleme (Yi.iks_el.(lik

) (2.Yaklasim) (3.Yaklasim) (4.Yaklasim) Verisi)
Test 2 0.9499 0.9427 0.8817 0.9316 0.40
Test3 0.7914 0.7828 0.6853 0.7183 1.34
Test 4 0.8043 0.7063 0.5574 0.7420 1.48
Test7 0.8495 0.8047 0.5607 0.8448 1.71
Test 6 0.9896 0.9934 0.7370 0.9885 2.13
Test5 0.8233 0.7807 0.7238 0.8206 2.35
Test 10 0.7202 0.7336 0.6353 0.6974 2.63
Test9 0.8319 0.8478 0.7245 0.8087 2.89
Test1 0.8898 0.8297 0.7184 0.6138 3.59
Test 8 0.9607 0.9608 0.9296 0.9563 3.89

Cizelge 5.11°deki F-Skor degerleri ile standart sapma bazinda yiikseklik degigimi

karsilastirilmig ve Sekil 5.15°deki grafik elde edilmistir. Bu grafikten anlasilacag: iizere

tez calismasinda kullanilan veri setlerindeki yiikseklik farklarinin F-Skor degerine

etkisinin olmadig tespit edilmistir.
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6. SONUCLAR VE ONERILER

Calisma kapsaminda nokta bulutu verisi kullanilarak elde edilen goriintiilere
filtreleme, kenar bulma ve kiimeleme algoritmalar1 uygulanarak goriintiilerdeki parsel
sinirlart tespit edilmistir. Ayrica kenar bulma ve kiimeleme algoritmalari igerisinde yer
alan ve tez igeriginde detaylar1 belirtilen parametre degerleri de test edilerek en uygun
parametre degerleri bulunmustur. Kenar bulma algoritmalar1 olarak birinci yaklagimda
Canny, Sobel, Prewitt ve Roberts, diger yaklasimlarda sadece Canny filtresi, kiimeleme
islemleri i¢in ise K-Ortalamalar, Bulanik C-Ortalamalar ve Ortalama Kaydirma
algoritmalar1  belirlenen 10 farkli test alaninda wuygulanmis ve sonuglar
degerlendirilmistir. Ayrica ¢alisma kapsaminda kenar bulma ve kiimeleme algoritmalari
ile dogruluk olciitleri karsilastirilarak bu algoritmalarin ve oOlgiitlerin birbirine gore
avantaj ve dezavantajlar1 belirlenmistir.

Test alanlarina ait bazi gorintilerde parazitlenmelerin oldugu, o6zellikle
kiimeleme islemi uygulandiginda bu parazitlenmelerin daha da arttigi ve buna bagh
olarak dogruluk oraninin azaldig1 anlasilmaktadir. S6z konusu parazitlenmeler acilma
ve kapanma gibi morfolojik filtreler uygulanarak giderilmeye calisilmis ise de bu
filtreler uygulandiginda ¢ok ciddi veri kaybi olustugu goriildiigiinden s6z konusu
parazitlenmeleri yok etmek i¢in farkli yOntemlerin sonraki ¢alismalarda
kullanilabilecegi 6nerilmektedir.

Test alanlarindan elde edilen sonuglara gore en diisiik dogruluk oraninin (F-Skor
degeri) 10.test alaninda oldugu anlasilmaktadir. Bu durumun test alanindaki bitki
ortiisiinlin sikligindan kaynakli olustugu degerlendirilmistir. O nedenle ¢alisma alaninin
secimi dogruluk oranini etkileyen en énemli faktor olarak karsimiza ¢iktigindan, bu tiir
caligmalarda bu hususa dikkat edilmesi gerekmektedir.

Sekil 5.14 ve Sekil 5.15°deki grafikler incelendiginde; tez ¢alismasinda
kullanilan test alanlarindaki verilere gére m?’ye diisen nokta yogunluklari ile yiikseklik
degisiminin F-Skor degeri bazinda dogruluk oranina etkisinin olmadigi anlagilmaktadir.
Ancak yontemler ve F-Skor sonuglar1 arasinda belirli bir iliskinin yani korelasyonun
bulundugu da gorilmiistir. Her iki grafiktede yontemler bazinda ortalama F-Skor
degerlerinin Canny, K-Ortalamalar, Ortalama Kaydirma ve Bulanik C-Ortalamalar
seklinde siralandig: tespit edilmis olup bu ydniiyle nokta yogunluklar ile yiikseklik

degisiminin yontemler bazinda benzer iliskiye sahip olduklar1 anlasilmistir.
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Caligmada is akisi icerisinde otomatik tespit edilen tarimsal arazi sinirlari ile
referans veri setlerindeki siirlar karsilagtirildiginda ortalama F-Skor degeri % 86 olup
bu anlamda elde edilen sonuglarin olduk¢a basarili oldugu goriilmektedir. Hatta 1, 2, 6
ve 8 numarali test alanlarinda bu oranin % 95’lerin iizerinde oldugu goriilmektedir.
Uydu yada hava fotograflar1 kullanilarak goriintiilerden nesne tespitine yonelik son
yillarda yapilan c¢aligmalar incelendiginde F-Skor degeri bazinda genel basari
ortalamasimin % 80 - 90 araliginda oldugu goriilmiis olup bu c¢alismadan elde edilen
sonuglara gore nokta bulutu verisinin de bu alanda iyi bir potansiyele sahip oldugu
anlasilmaktadir. Yapilan bu calisma sadece uydu ve hava fotograflar1 degil nokta bulutu
verilerinden de tarimsal arazilerin smirlarinin basarili bir sekilde tespitinin miimkiin
oldugunu gostermektedir.

Elde edilen kenar goriintiiler1 yardimiyla Ozellikle tarimsal alanlarda {iriin
farkliliklarinin  smirlarinin tespiti, hali hazir harita yapimi, kadastro caligmalarinda
simirlarin tespiti vb. calismalarda bu verilerin kullanilabilmesi miimkiin olup bu alanda
faaliyet gosteren farkli kurum ve kuruluslarin ihtiyaci noktasinda zaman ve maliyet
acisindan fayda saglayabilecektir.

Kentlesme ile daralan tarim arazilerinin sinirlarinin otomatik tespit edilerek daha
etkin, verimli ve ekonomik kullanilabilmesi, artan teknolojik gelismelere paralel bir
sekilde kaginilmaz bir 6neme sahiptir. Yapilan bu ¢alisma ile teknolojinin bu yondeki

caligmalara katkisinin oldugu ve olacagi ortaya konulmustur.
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EKLER
Ek-1:
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Canny yontemine iliskin algoritma icerisinde yer alan “Gradient Threshold” ve

“Operator Scale” parametreleri i¢in tiim sonug degerleri.

Test 1
pradent | OPErAON | skor | YSGO | SGO | OKH | YBIO | KK

09 09 | 02450 | 652103 | -0.1459 | 0.0196 | 09991 | 0.0724
04 | 02009 | 652688 | -0.0873 | 0.0193 | 09991 | 00736

Ortalama | 0.2156 | 65.2505 | -0.1057 | 0.0194 | 09991 | 0.0728

038 09 | 03385 | 651307 | -0.2254 | 0.0200 | 09991 | 0.0803
01 | 02652 | 652180 | -0.1372 | 0.0196 | 0.9991 | 0.0728

Ortalama | 0.2766 | 65.2056 | -0.1505 | 0.0196 | 0.9991 | 0.0746

0.7 09 | 04077 | 65.1240 | -0.2322 | 0.0200 | 0.9991 | 0.1047
04 | 03322 | 652231 | -0.1331 | 0.0195 | 09991 | 0.0986

Ortalama | 0.3683 | 651571 | -0.1991 | 00198 | 0.9991 | 0.0969

06 09 | 05544 | 65.0708 | -0.2853 | 0.0202 | 0.9991 | 0.1467
01 | 04344 | 65.1453 | -0.2108 | 0.0199 | 09991 | 0.173

Ortalama | 0.4961 | 65.1143 | -0.2418 | 0.0200 | 0.9991 | 0.1320

05 09 | 06583 | 649823 | -0.3738 | 0.0206 | 09992 | 0.1766
03 | 05494 | 650550 | -0.3012 | 0.0203 | 09991 | 0.1368

Ortalama | 05943 | 65.0250 | -0.3311 | 0.0204 | 09991 | 0.1526

0.4 09 | 07578 | 648583 | -0.4978 | 0.0212 | 09992 | 0.205
01 | 07063 | 649650 | -0.3912 | 0.0207 | 09992 | 0.1885

Ortalama | 07297 | 649160 | -0.4401 | 0.0210 | 09992 | 0.1969

03 09 | 08296 | 647525 | -0.6037 | 0.0218 | 09992 | 0.2256
01 | 07841 | 64.8618 | -04943 | 0.0212 | 09992 | 0.2186

Ortalama | 0.8043 | 64.8275 | -0.5286 | 0.0214 | 09992 | 0.2240

02 08 | 08621 | 645758 | -0.7804 | 0.0227 | 09992 | 0.2282
03 | 08533 | 646334 | -0.7227 | 0.0224 | 09992 | 0.2290

Ortalama | 0.8574 | 64.6040 | -0.7521 | 0.0225 | 09992 | 0.2284

0.1 09 | 08700 | 635357 | -1.8204 | 0.0288 | 09991 | 0.1972
05 | 08898 | 63.9464 | -1.4098 | 0.0262 | 09992 | 0.2180

Ortalama | 0.8844 | 63.8847 | -1.4714 | 0.0267 | 09992 | 0.2145
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Test 2
Dradient | OPErAOr | £ skor | YSGO | SGO | OKH | VBIO | KK

09 09 | 04056 | 66,9873 | -0.8805 | 0.0130 | 0.9994 | 0.0068
01 | 0.2460 | 67.4374 | -0.4304 | 00117 | 0.9994 | -0.0001

Ortalama | 0.3315 | 67.2190 | -0.6488 | 0.0123 | 0.9994 | 0.0012

038 08 | 05464 | 66.6644 | -1.2034 | 0.0140 | 0.9993 | 0.0141
02 | 04176 | 67.0250 | -0.8428 | 0.0129 | 0.9994 | 0.0013

Ortalama | 0.4867 | 66.8104 | -1.0484 | 0.0135 | 0.9994 | 0.0063

07 09 | 06366 | 66.5103 | -1.3575 | 0.0145 | 0.9993 | 0.0442
01 | 05025 | 66.7953 | -1.0726 | 0.0136 | 0.9994 | 0.0062

Ortalama | 0.5665 | 66.6430 | -1.2249 | 0.0141 | 0.9993 | 0.0198

0.6 09 | 0.7156 | 66.2187 | -1.6492 | 0.0155 | 0.9993 | 0.0545
01 | 0.6215 | 66.5366 | -1.3313 | 0.0144 | 0.9993 | 0.0236

Ortalama | 0.6630 | 66.3935 | -1.4744 | 0.0149 | 0.9993 | 0.0379

05 09 | 0.8039 | 65.8618 | -2.0060 | 0.0169 | 0.9993 | 0.0654
01 | 0.6890 | 66.3223 | -15456 | 0.0152 | 0.9993 | 0.0496

Ortalama | 0.7403 | 66.1439 | -1.7239 | 0.0158 | 0.9993 | 0.0584

0.4 07 | 0.8495 | 657256 | -2.1423 | 0.0174 | 0.9993 | 0.0835
03 | 08133 | 659006 | -1.9672 | 0.0167 | 0.9993 | 0.0808

Ortalama | 0.8340 | 65.7897 | -2.0782 | 0.0171 | 0.9993 | 0.0815

03 08 | 09017 | 654121 | -2.4558 | 0.0187 | 0.9992 | 0.1009
02 | 09098 | 654141 | -2.4537 | 0.0187 | 0.9992 | 0.0952

Ortalama | 0.9071 | 654069 | -2.4610 | 0.0187 | 0.9992 | 0.0989

0.2 05 | 09320 | 64.9975 | -2.8703 | 0.0206 | 0.9992 | 0.1080
01 | 09272 | 64.9574 | -2.9104 | 0.0208 | 0.9992 | 0.1063

Ortalama | 0.9290 | 64.9922 | -2.8756 | 0.0206 | 0.9992 | 0.1073

0.1 07 | 09499 | 64.4316 | -3.4363 | 0.0234 | 0.9991 | 0.1115
05 | 09469 | 64.3760 | -3.4918 | 0.0237 | 0.9991 | 0.1112

Ortalama | 0.9481 | 64.3320 | -35359 | 0.0240 | 0.9991 | 0.1124
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Test 3
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.0 0.0667 | 66.5733 | -0.0169 | 0.0143 | 0.0993 | 0.0304
0.3 01187 | 66.1506 | -0.4396 | 0.0158 | 0.9993 | 0.0146

Ortalama | 00943 | 66.3506 | -0.2395 | 00151 | 0.9993 | 0.0204

0.8 0.8 0.1839 | 66.3284 | -0.2618 | 0.0151 | 0.9993 | 0.0309
0.3 0.2315 | 65.8075 | -0.7827 | 0.0171 | 00992 | 0.0171

Ortalama | 02099 | 66.0477 | -0.5425 | 0.0162 | 09993 | 0.0227

0.7 0.7 0.3314 | 658595 | -0.7307 | 0.0169 | 0.9992 | 0.0260
0.2 0.3511 | 654050 | -1.1852 | 0.0187 | 0.9991 | 0.0219

Ortalama | 03413 | 65.6594 | -0.9308 | 0.0177 | 09992 | 0.0240

0.6 0.9 04377 | 65.7044 | -0.8858 | 0.0175 | 0.9992 | 0.0309
0.4 0.3656 | 65.2544 | -1.3358 | 0.0194 | 0.9991 | 0.0217

Ortalama | 03837 | 65.3643 | -1.2259 | 0.0189 | 09991 | 0.0251

05 0.9 0.6105 | 651270 | -1.4631 | 0.0200 | 0.9991 | 0.0487
0.3 04143 | 65.0231 | -1.5671 | 0.0205 | 0.9991 | 0.0277

Ortalama | 04915 | 65.0233 | -1.5668 | 0.0205 | 0.9991 | 0.0359

0.4 0.9 0.6676 | 64.6720 | -1.9182 | 0.0222 | 0.9990 | 0.0564
0.1 0.5643 | 64.6320 | -1.9582 | 0.0224 | 0.9990 | 0.0398

Ortalama | 0.6101 | 64.6376 | -1.9525 | 0.0224 | 09990 | 0.0472

03 0.9 0.7222 | 64.2204 | -2.3698 | 0.0246 | 0.9989 | 0.0602
0.1 0.6683 | 64.3277 | 2.2625 | 0.0240 | 0.9989 | 0.0543

Ortalama | 0.6882 | 64.2754 | -2.3148 | 0.0243 | 09989 | 0.0572

0.2 0.7 0.7439 | 637172 | -2.8729 | 0.0276 | 0.9988 | 0.0703
0.3 0.7587 | 63.9785 | -2.6117 | 0.0260 | 0.9989 | 0.0682

Ortalama | 0.7524 | 63.8609 | -2.7292 | 0.0267 | 0.9989 | 0.0692

0.1 0.9 0.7585 | 62.8721 | -3.7180 | 0.0336 | 0.9986 | 0.0788
0.2 0.7914 | 632052 | -3.3850 | 0.0311 | 0.0988 | 0.0857

0.1 0.7786 | 63.0691 | -3.5210 | 0.0321 | 0.9987 | 0.0830
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Test 4
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.7 0.1495 | 63.6866 | -0.7503 | 0.0278 | 0.0986 | 0.0073
0.4 0.1695 | 63.6819 | -0.7549 | 0.0279 | 0.9986 | 0.0120

Ortalama | 0.1581 | 63.6883 | -0.7487 | 0.0278 | 09986 | 0.0095

0.8 0.8 0.2220 | 63.6358 | -0.8010 | 0.0282 | 0.0986 | 0.0248
0.3 01971 | 63.6792 | -0.7577 | 0.0279 | 0.9986 | 0.0202

Ortalama | 02082 | 63.6574 | -0.7794 | 0.0280 | 09986 | 0.0220

0.7 0.6 0.2502 | 63.6192 | -0.8176 | 0.0283 | 0.0986 | 0.0323
0.3 0.2299 | 63.6465 | -0.7903 | 0.0281 | 0.0986 | 0.0237

Ortalama | 02439 | 63.6318 | -0.8050 | 0.0282 | 09986 | 0.0279

0.6 0.9 0.2828 | 635965 | -0.8404 | 0.0284 | 0.9986 | 0.0350
0.8 0.2577 | 63.6200 | -0.8169 | 0.0283 | 0.9986 | 0.0317

Ortalama | 02660 | 63.6156 | -0.8212 | 0.0283 | 0.9986 | 0.0350

05 0.5 0.3862 | 63.6876 | -0.7493 | 0.0278 | 0.0986 | 0.0978
0.3 0.2683 | 63.6268 | -0.8101 | 0.0282 | 0.0986 | 0.0398

Ortalama | 02907 | 63.6115 | -0.8253 | 00283 | 0.9986 | 0.0454

0.4 0.9 0.2972 | 635553 | -0.8815 | 0.0287 | 0.0986 | 0.0428
0.4 04123 | 63.6933 | -0.7436 | 0.0278 | 0.9987 | 0.1102

Ortalama | 03570 | 63.6195 | -0.8173 | 0.0283 | 0.9986 | 0.0776

03 0.9 0.6411 | 635210 | -0.9150 | 0.0289 | 0.0987 | 0.1678
0.1 0.4581 | 63.6100 | -0.8268 | 0.0282 | 0.0987 | 0.1164

Ortalama | 05530 | 635714 | -0.8654 | 0.0286 | 09987 | 0.1419

0.2 0.9 0.7574 | 632164 | -1.2204 | 0.0310 | 0.0988 | 0.1866
0.1 0.6877 | 63.3587 | -1.0781 | 0.0300 | 0.9987 | 0.1659

Ortalama | 0.7239 | 63.3028 | -1.1340 | 00304 | 0.9988 | 0.1772

0.1 0.9 0.7695 | 62.3313 | -2.1055 | 0.0380 | 0.9987 | 0.1858
0.4 0.8043 | 62.6675 | -1.7693 | 0.0352 | 0.9987 | 0.1969

Ortalama | 0.7928 | 62.5551 | -1.8818 | 0.0361 | 0.0987 | 0.1933
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Test 5
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.0 02720 | 63.0578 | -0.6212 | 0.0322 | 0.984 | 00265
0.3 01756 | 631317 | -0.5473 | 0.0316 | 0.9984 | 0.0099

Ortalama | 02098 | 63.0974 | -0.5816 | 0.0319 | 09984 | 0.0140

0.8 0.9 0.4055 | 62.9073 | -0.7717 | 0.0333 | 0.9984 | 0.0485
0.2 0.3178 | 63.0094 | -0.6696 | 0.0325 | 0.0984 | 0.0292

Ortalama | 03578 | 62.9664 | -0.7126 | 0.0328 | 09984 | 0.0373

0.7 0.9 0.4207 | 62.8736 | -0.8054 | 0.0336 | 0.0984 | 0.0489
0.3 0.3799 | 62.9366 | -0.7423 | 0.0331 | 0.9984 | 0.0382

Ortalama | 04029 | 62.9030 | -0.7759 | 00333 | 0.9984 | 0.0454

0.6 0.7 04339 | 62.8541 | -0.8248 | 0.0337 | 0.9984 | 00537
0.3 04228 | 62.8746 | -0.8044 | 0.0335 | 0.0984 | 0.0499

Ortalama | 04300 | 62.8550 | -0.8240 | 0.0337 | 0.9984 | 0.0514

05 0.9 04737 | 62.8049 | -0.8740 | 0.0341 | 0.9984 | 0.0552
0.4 04439 | 62.8351 | -0.8439 | 0.0339 | 0.0984 | 0.0585

Ortalama | 04599 | 62.8174 | -0.8616 | 0.0340 | 0.9984 | 0.0585

0.4 0.9 0.5614 | 62.6648 | -1.0142 | 0.0352 | 0.9984 | 0.0634
0.4 04829 | 62.7682 | -0.9108 | 0.0344 | 0.0984 | 0.0638

Ortalama | 05116 | 62.7310 | -0.9480 | 00347 | 0.9984 | 0.0634

03 0.9 0.6546 | 62.5546 | -1.1244 | 0.0361 | 0.9985 | 0.0836
0.3 0.5838 | 62.6045 | -1.0744 | 0.0357 | 0.9984 | 00776

Ortalama | 06137 | 625778 | -1.1012 | 0.0359 | 09984 | 0.0797

0.2 0.9 0.7648 | 62.3944 | -1.2845 | 0.0375 | 0.9985 | 0.1250
0.4 0.7232 | 62.4304 | -1.2485 | 00372 | 09985 | 0.1131

Ortalama | 0.7418 | 62.4039 | -1.2750 | 0.0374 | 0.9985 | 0.1183

0.1 0.9 0.8051 | 61.8207 | -1.8582 | 0.0428 | 0.0984 | 0.1327
0.2 0.8233 | 61.8705 | -1.8084 | 0.0423 | 0.0984 | 0.1413

Ortalama | 0.8165 | 61.8605 | -1.8184 | 0.0424 | 0.0984 | 0.1392
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Test 6
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.0 0.3460 | 67.0316 | -0.0644 | 0.0129 | 0993 | 0.1165
0.1 01486 | 67.1384 | 00424 | 0.0126 | 0.9993 | 0.1165

Ortalama | 02098 | 67.1223 | 0.0263 | 0.0126 | 09993 | 0.1233

0.8 0.9 0.5855 | 67.1728 | 00768 | 0.0125 | 0.0994 | 02403
0.1 0.3869 | 67.1531 | 00571 | 0.0125 | 0.0993 | 0.1624

Ortalama | 04453 | 67.1524 | 0.0564 | 00125 | 0.9993 | 0.1834

0.7 0.9 0.6570 | 67.1599 | 00638 | 0.0125 | 0.0994 | 02617
0.1 04803 | 67.1417 | 00457 | 0.0126 | 0.9993 | 0.1870

Ortalama | 05625 | 67.1434 | 0.0474 | 00126 | 0.0994 | 0.2144

0.6 0.9 0.8445 | 67.0002 | -0.0958 | 0.0130 | 0.0994 | 02743
0.1 0.6540 | 67.0462 | -0.0498 | 0.0128 | 0.9994 | 0.1960

Ortalama | 07512 | 67.0444 | -0.0516 | 0.0128 | 09994 | 0.2406

05 0.8 0.9154 | 66.8892 | -0.2068 | 0.0133 | 0.9995 | 0.2910
0.4 0.8557 | 66.9790 | -0.1170 | 0.0130 | 0.9995 | 02707

Ortalama | 0.8826 | 66.9696 | -0.1264 | 0.0131 | 09995 | 0.2845

0.4 0.8 0.9896 | 66.5866 | -0.5094 | 0.0143 | 0.9995 | 0.3049
0.1 0.9609 | 66.7423 | -0.3537 | 0.0138 | 0.9995 | 0.2997

Ortalama | 09763 | 66.6729 | -0.4231 | 0.0140 | 09995 | 0.3039

03 0.9 0.9611 | 66.1371 | -0.9589 | 0.0158 | 0.9995 | 0.2936
0.3 0.9844 | 66.3645 | -0.7315 | 0.0150 | 0.9995 | 03145

Ortalama | 09776 | 66.3022 | -0.7938 | 0.0152 | 09995 | 0.3125

0.2 0.9 0.7714 | 64.3236 | 2.7724 | 0.0240 | 09991 | 0.2318
0.1 0.8888 | 65.3406 | -1.7555 | 0.0190 | 0.0994 | 0.2845

Ortalama | 0.8386 | 64.9414 | 2.1547 | 00209 | 0.9993 | 0.2658

0.1 0.9 04951 | 61.3325 | -5.7635 | 0.0478 | 0.9979 | 0.1487
0.2 0.5445 | 615051 | -5.5009 | 0.0460 | 0.9980 | 0.1654

Ortalama | 05222 | 61.4023 | -5.6937 | 0.0471 | 0.9979 | 0.1594
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Test 7
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.8 0.3279 | 68.5316 | -0.2169 | 0.0091 | 0.0995 | 0.0449
0.4 0.3152 | 68.5598 | -0.1886 | 0.0091 | 0.0995 | 0.0478

Ortalama | 03179 | 68.5546 | -0.1939 | 0.0091 | 0.9995 | 0.0469

0.8 0.9 0.5757 | 68.3690 | -0.3795 | 0.0095 | 0.9995 | 0.0483
0.1 0.3628 | 68.5411 | -0.2074 | 0.0091 | 0.9995 | 0.0519

Ortalama | 04381 | 68.4755 | -0.2730 | 0.0092 | 09995 | 0.0511

0.7 0.7 0.6659 | 68.2246 | -0.5238 | 0.0098 | 0.9995 | 0.0573
0.1 0.5414 | 68.4136 | -0.3349 | 0.0094 | 0.9995 | 0.0536

Ortalama | 05985 | 68.3274 | -0.4211 | 00096 | 0.9995 | 0.0564

0.6 0.8 0.7666 | 67.9345 | -0.8140 | 0.0105 | 0.9995 | 0.0642
0.1 0.6133 | 68.2712 | -0.4773 | 0.0097 | 0.9995 | 0.0558

Ortalama | 06769 | 68.1310 | -0.6174 | 0.0100 | 0.9995 | 0.0605

05 0.9 0.8495 | 67.6180 | -1.1305 | 0.0113 | 0.9995 | 0.0714
0.1 0.7738 | 67.9659 | -0.7825 | 0.0104 | 0.9995 | 0.0603

Ortalama | 0.8120 | 67.8159 | -0.9326 | 0.0108 | 0.9995 | 0.0647

0.4 0.9 0.8204 | 67.1982 | -1.5502 | 0.0124 | 0.9995 | 0.0841
0.6 0.8473 | 67.4448 | -1.3037 | 0.0117 | 0.9995 | 00733

Ortalama | 0.8378 | 67.4864 | -1.2621 | 0.0116 | 09995 | 0.0766

03 0.9 0.7556 | 66.4830 | -2.2654 | 0.0146 | 0.0994 | 0.0861
0.1 0.8317 | 67.1968 | -1.5516 | 0.0124 | 0.9995 | 0.0848

Ortalama | 0.8042 | 66.9199 | -1.8286 | 0.0132 | 09995 | 0.0873

0.2 0.9 0.6502 | 65.0796 | -3.6689 | 0.0202 | 0.9992 | 0.0822
0.1 0.7428 | 65.9444 | 2.8040 | 0.0165 | 0.9994 | 0.0963

Ortalama | 0.7047 | 65.5868 | -3.1617 | 0.0180 | 0.9993 | 0.0908

0.1 0.9 0.5206 | 63.1869 | -5.5616 | 0.0312 | 0.0987 | 0.0787
0.3 0.5295 | 63.1964 | -5.5521 | 0.0311 | 0.0986 | 0.0813

Ortalama | 0.5255 | 63.1753 | -5.5732 | 00313 | 0.9986 | 0.0803
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Test 8
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.8 0.5608 | 654379 | -0.1758 | 0.0186 | 0.9990 | 0.1120
01 0.0303 | 65.6187 | 00050 | 0.0178 | 0.0989 | 0.0343

Ortalama | 03181 | 655173 | -0.0964 | 0.0183 | 09990 | 0.0792

0.8 0.8 0.6939 | 655424 | -0.0713 | 0.0181 | 0.9991 | 0.1835
0.1 04310 | 654581 | -0.1556 | 0.0185 | 0.9990 | 0.0791

Ortalama | 05866 | 654940 | -0.1197 | 0.0184 | 09991 | 0.1369

0.7 0.8 0.6939 | 655450 | -0.0687 | 0.0181 | 0.9991 | 0.1851
0.1 0.5630 | 654345 | -0.1792 | 0.0186 | 0.9990 | 0.1093

Ortalama | 0.6522 | 65.5084 | -0.1053 | 0.0183 | 09991 | 0.1599

0.6 0.8 0.8020 | 65.3982 | -0.2155 | 0.0188 | 0.0991 | 0.2047
0.1 0.6936 | 655392 | -0.0745 | 0.0182 | 0.9991 | 0.1807

Ortalama | 07411 | 654664 | -0.1473 | 0.0185 | 0.9991 | 0.1890

05 0.9 0.8819 | 652983 | -0.3154 | 0.0192 | 0.0992 | 02378
0.1 0.7520 | 654292 | -0.1845 | 0.0186 | 0.9991 | 0.1806

Ortalama | 0.8349 | 65.3707 | -0.2430 | 0.0189 | 09992 | 0.2212

0.4 0.7 0.9365 | 652285 | -0.3852 | 0.0195 | 0.0992 | 02652
0.3 0.8731 | 65.3850 | -0.2287 | 0.0188 | 0.0992 | 02378

Ortalama | 0.9070 | 65.2742 | -0.3395 | 0.0193 | 09992 | 0.2507

03 0.7 0.9486 | 64.9965 | -0.6172 | 0.0206 | 0.9993 | 0.2799
0.4 0.9367 | 65.1050 | -0.5087 | 0.0201 | 0.9992 | 02733

Ortalama | 0.9434 | 65.0787 | -0.5350 | 0.0202 | 09993 | 0.2770

0.2 0.7 0.9607 | 64.5565 | -1.0572 | 0.0228 | 0.9993 | 02737
0.1 0.9480 | 64.9178 | -0.6959 | 0.0210 | 0.9993 | 0.2780

Ortalama | 0.9556 | 64.7074 | -0.9063 | 0.0220 | 0.9993 | 0.2758

0.1 0.9 0.8754 | 63.1880 | 2.4257 | 0.0312 | 0.9989 | 0.2272
0.3 0.9313 | 63.8280 | -1.7857 | 0.0269 | 0.9991 | 0.2513

Ortalama | 0.0064 | 63.5558 | -2.0579 | 0.0287 | 0.9990 | 0.2421
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Test 9
'Shrri(:lf'?glg Ogi;al‘éor F-Skor | YSGO | SGO | OKH | YBi® | KK

0.9 0.0 04450 | 64.749 | -0.4479 | 0.0218 | 0.9990 | 0.0409
01 0.1530 | 65.0569 | -0.1405 | 0.0203 | 0.9990 | 0.0326

Ortalama | 02207 | 64.9866 | -0.2108 | 0.0206 | 0.9990 | 0.0396

0.8 0.8 0.6839 | 64.3741 | -0.8234 | 0.0238 | 0.9990 | 0.0453
0.1 0.3224 | 64.8952 | -0.3023 | 0.0211 | 0.9990 | 0.0394

Ortalama | 04920 | 64.6592 | -0.5382 | 0.0223 | 0.9990 | 0.0407

0.7 0.7 0.6875 | 64.3316 | -0.8650 | 0.0240 | 0.9990 | 0.0445
0.1 0.6133 | 64.4770 | -0.7205 | 0.0232 | 0.9990 | 0.0354

Ortalama | 06517 | 64.3891 | -0.8083 | 0.0237 | 0.9990 | 0.0395

0.6 0.9 0.7266 | 63.9870 | -1.2105 | 0.0260 | 0.9990 | 0.0364
0.8 0.7102 | 64.0621 | -1.1354 | 0.0255 | 0.9990 | 0.0384

Ortalama | 07192 | 64.1683 | -1.0291 | 0.0249 | 09990 | 0.0409

05 0.6 0.7302 | 63.9319 | -1.2656 | 0.0263 | 0.9990 | 0.0372
0.3 0.7146 | 64.0294 | -1.1681 | 0.0257 | 0.9990 | 0.0395

Ortalama | 07244 | 63.9408 | -1.2567 | 0.0262 | 0.9990 | 0.0377

0.4 0.9 0.7359 | 634424 | -1.7550 | 0.0294 | 0.9988 | 0.0340
0.5 0.7222 | 63.6558 | -1.5417 | 0.0280 | 0.9989 | 0.0359

Ortalama | 07305 | 63.6264 | -15711 | 0.0282 | 09989 | 0.0357

03 0.6 0.8086 | 63.1766 | -2.0208 | 0.0313 | 0.9988 | 0.0610
0.2 0.7918 | 63.3136 | -1.8839 | 0.0303 | 0.0988 | 0.0531

Ortalama | 07982 | 63.1845 | -2.0130 | 0.0312 | 09988 | 0.0575

0.2 0.5 0.8319 | 62.5828 | -2.6147 | 0.0359 | 0.9987 | 0.0875
0.3 0.8202 | 62.6305 | -2.5670 | 0.0355 | 0.9987 | 0.0820

Ortalama | 0.8260 | 62.5865 | -2.6110 | 0.0359 | 0.9987 | 0.0869

0.1 0.9 0.7462 | 61.1547 | -4.0428 | 0.0498 | 0.9981 | 0.0847
0.1 0.7729 | 0.7729 | 61.1735 | 0.0496 | 0.9981 | 0.0971

Ortalama | 0.7600 | 54.4439 | 3.2018 | 00498 | 0.9981 | 0.0915
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Test_10
Gradient | Operator .
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.9 0.3322 | 63.3280 | -0.1978 0.0302 0.9985 0.1241
0.1 0.0431 | 63.5276 | 0.0017 0.0289 0.9984 0.0532
Ortalama | 0.1113 | 63.4629 | -0.0630 0.0293 0.9984 0.0645
0.8 0.9 0.3565 | 63.3157 | -0.2101 0.0303 0.9985 0.1307
0.1 0.1958 | 63.3445 | -0.1813 0.0301 0.9984 0.0673
Ortalama | 0.2531 | 63.3326 | -0.1932 0.0302 0.9984 0.0885
0.7 0.9 0.5817 | 63.0709 | -0.4550 0.0321 0.9986 0.1805
0.1 0.2030 | 63.3379 | -0.1879 0.0302 0.9984 0.0685
Ortalama | 0.3295 | 63.2676 | -0.2582 0.0307 0.9985 0.1068
0.6 0.9 0.6588 | 63.0569 | -0.4689 0.0322 0.9987 0.2164
0.1 0.4451 | 63.2409 | -0.2850 0.0308 0.9986 0.1512
Ortalama | 0.5419 | 63.1816 | -0.3443 0.0312 0.9986 0.1867
0.5 0.7 0.6726 | 63.0415 | -0.4844 0.0323 0.9987 0.2200
0.3 0.5132 | 63.2168 | -0.3091 0.0310 0.9986 0.1816
Ortalama | 0.6172 | 63.0903 | -0.4356 0.0319 0.9987 0.2053
0.4 0.8 0.7082 | 62.4216 | -1.1042 0.0372 0.9985 0.1999
0.3 0.6775 | 62.9447 | -0.5811 0.0330 0.9987 0.2114
Ortalama | 0.6855 | 62.7311 | -0.7948 0.0347 0.9986 0.2083
0.3 0.9 0.6970 | 60.9944 | -2.5314 0.0517 0.9980 0.1692
0.6 0.7202 | 61.4449 | -2.0810 0.0466 0.9982 0.1849
Ortalama | 0.7064 | 61.6907 | -1.8351 0.0443 0.9983 0.1839
0.2 0.6 0.6417 | 59.9791 | -3.5467 0.0653 0.9974 0.1446
0.3 0.6572 | 60.2261 | -3.2997 0.0617 0.9975 0.1533
Ortalama | 0.6509 | 60.0949 | -3.4310 0.0636 0.9974 0.1483
0.1 0.6 0.5360 | 58.2393 | -5.2865 0.0975 0.9957 0.1097
0.2 0.5449 | 58.1229 | -5.4030 0.1002 0.9955 0.1122
Ortalama | 0.5420 | 58.2293 | -5.2966 0.0978 0.9957 0.1108
Sobel, Prewitt ve Roberts kenar bulma operatorlerine ait sonu¢ degerleri;
Test 1
F-Skor YSGO SGO OKH YBIiO KK
_ Yatay 0.8759 | 64.4810 | -0.8751 0.0232 0.9992 0.1664
é Diisey 0.8673 | 64.7337 | -0.6224 0.0219 0.9992 0.2132
(2]
iki Yonlii | 0.8830 | 64.6055 | -0.7506 0.0225 0.9992 0.2160
= Yatay 0.8677 | 64.4342 | -0.9220 0.0234 0.9992 0.1475
E Diisey 0.8601 | 64.7161 | -0.6400 0.0220 0.9992 0.2014
& ki Yonlii | 0.8828 | 64.6146 | -0.7416 0.0225 0.9992 0.2164
@ Yatay 0.8837 | 64.6010 | -0.7551 0.0225 0.9992 0.2370
% Diisey 0.8876 | 64.5078 | -0.8483 0.0230 0.9992 0.2240
o ki Yonlii | 0.8798 | 64.5448 | -0.8113 0.0228 0.9992 0.2447




108

Test 2
F-Skor | YSGO SGO OKH YBIiO KK
_ Yatay 0.8517 | 65.7636 | -2.1042 | 0.0172 0.9992 0.0298
% Diisey 0.9407 | 65.3573 | -2.5106 | 0.0189 0.9993 0.1167
Iki Yonlii | 0.9448 | 65.1175 | -2.7503 | 0.0200 0.9992 0.1046
= Yatay 0.8221 | 65.7927 | -2.0751 | 0.0171 0.9992 0.0250
E» Diisey 0.9366 | 65.4003 | -2.4676 | 0.0188 0.9993 0.1170
. iki Yonlii | 0.9445 | 65.1290 | -2.7389 | 0.0200 0.9992 0.1044
I Yatay 0.9427 | 64.7787 | -3.0891 | 0.0216 0.9991 0.1179
% Diisey 0.9487 | 64.7052 | -3.1627 | 0.0220 0.9991 0.1148
o iki Yonlii | 0.9432 | 64.7455 | -3.1223 | 0.0218 0.9991 0.1164
Test 3
F-Skor | YSGO SGO OKH YBIiO KK
_ Yatay 0.6936 | 63.9908 | -2.5994 | 0.0259 0.9988 0.0464
% Diisey 0.7203 | 64.1295 | -2.4607 | 0.0251 0.9989 0.0624
Iki Yonlii 0.7313 | 63.9815 | -2.6087 | 0.0260 0.9989 0.0611
= Yatay 0.6806 | 63.9466 | -2.6436 | 0.0262 0.9988 0.0470
E Diisey 0.7138 | 64.0970 | -2.4931 | 0.0253 0.9989 0.0631
i iki Yonlii 0.7158 | 63.7824 | -2.8078 | 0.0272 0.9988 0.0604
8 Yatay 0.7171 | 64.4457 | -2.1445 | 0.0234 0.9990 0.0552
g Diisey 0.7193 | 64.4911 | -2.0991 | 0.0231 0.9990 0.0577
Iki Yéonlii 0.7267 | 64.5714 | -2.0188 | 0.0227 0.9990 0.0565
Test 4
F-Skor | YSGO SGO OKH YBIiO KK
_ Yatay 0.6161 | 63.8158 | -0.6210 | 0.0270 0.9988 0.1321
% Diisey 0.6316 | 63.5815 | -0.8553 | 0.0285 0.9987 0.1286
iki Yonlii | 0.6714 | 63.5053 | -0.9315 | 0.0290 0.9987 0.1470
= Yatay 0.5374 | 63.8110 | -0.6258 | 0.0270 0.9987 0.1278
E Diisey 0.6242 | 63.5774 | -0.8594 | 0.0285 0.9987 0.1254
. iki Yonlii | 0.6666 | 63.5146 | -0.9223 | 0.0289 0.9987 0.1468
@ Yatay 0.6725 | 63.5503 | -0.8865 | 0.0287 0.9987 0.1503
% Diisey 0.5851 | 63.5724 | -0.8645 | 0.0286 0.9987 0.1126
- iki Yonlii | 0.6210 | 63.5630 | -0.8738 | 0.0286 0.9987 0.1392
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Test 5
F-Skor | YSGO | SGO | OKH | YBi® | KK
_ Yatay | 07279 | 62.8744 | -0.8045 | 0.0335 | 0.9985 | 0.1004
% Diisey | 0.6819 | 62.8405 | -0.8385 | 0.0338 | 0.9985 | 0.0796
iki Yonlii | 06713 | 62.6810 | -0.9980 | 0.0351 | 0.9985 | 0.0792
- Yatay | 07133 | 62.8831 | -0.7959 | 0.0335 | 0.9985 | 0.0985
E Diisey | 0.6745 | 62.8411 | -0.8378 | 0.0338 | 0.9985 | 0.0764
® | iki Yonli | 06654 | 62.6837 | -0.9952 | 0.0351 | 0.9985 | 0.0777
P Yatay | 0.6387 | 627273 | -0.9517 | 0.0347 | 0.9984 | 0.0809
% Diisey | 0.7240 | 62.6156 | -1.0634 | 0.0356 | 0.9985 | 0.0795
iki Yonli | 0.6617 | 62.6746 | -1.0043 | 0.0351 | 0.9984 | 0.0816
Test 6
F-Skor | YSGO | SGO | OKH | YBi® | KK
Yatay 0.7267 | 64.1859 | -2.9101 | 0.0248 | 0.9991 | 0.1993
2 Diisey 0.7267 | 64.1838 | -2.9122 | 0.0248 | 0.9992 | 0.1953
” iki Yonli | 07522 | 64.5110 | -2.5850 | 0.0230 | 0.9992 | 0.2065
B Yatay 0.7256 | 64.1507 | -2.9453 | 0.0250 | 0.9991 | 0.1866
E Diisey 0.7405 | 64.2464 | -2.8496 | 0.0245 | 0.9992 | 0.1863
& ikiYonli | 07580 | 645710 | -2.5250 | 0.0227 | 0.9993 | 0.2042
. Yatay 0.7997 | 64.1225 | -2.9735 | 0.0252 | 0.9991 | 0.2202
5 Diisey 0.7425 | 63.8096 | -3.2864 | 0.0270 | 0.9991 | 0.1679
& ikiYonli | 08160 | 64.3373 | -2.7587 | 0.0240 | 0.9992 | 0.2264
Test 7
F-Skor | YSGO | SGO OKH | YBIO KK
Yatay | 05724 | 647678 | -3.9807 | 0.0217 | 0.9992 | 0.0701
g Diisey | 05947 | 64.8918 | -3.8567 | 0.0211 | 0.9992 | 0.0728
®  ikivonla | 05885 | 650160 | -37316 | 00205 | 09992 | 00721
- Yatay | 05703 | 647882 | -3.9602 | 0.0216 | 0.9992 | 0.0703
E Diisey | 05947 | 64.9049 | -3.8436 | 0.0210 | 0.9992 | 0.0731
“ | ikivénli | 05880 | 650612 | -3.6872 | 0.0203 | 09992 | 0.0707
“ Yatay | 05747 | 64.1847 | -45638 | 0.0248 | 0.9989 | 0.0799
% Diisey | 06609 | 64.7487 | -3.9997 | 0.0218 | 0.9991 | 0.1020
® | ikivénli | 06427 | 645186 | -42299 | 0.0230 | 09991 | 0.0938
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Test 8
F-Skor | YSGO | SGO OKH | YBIO KK
~ Yatay | 0.9497 | 64.7451 | -0.8686 | 0.0218 | 0.9993 | 0.2308
S Diisey | 09479 | 64.7193 | -0.8944 | 0.0219 | 09992 | 0.2124
? iki Yonli | 09507 | 64.7784 | -0.8353 | 0.0216 | 0.9993 | 0.2141
- Yatay | 09503 | 64.8177 | -0.7960 | 0.0214 | 0.9992 | 0.2386
E Diisey | 09472 | 64.7170 | -0.8967 | 0.0219 | 09992 | 0.2116
- iki Yonli | 09504 | 64.7903 | -0.8234 | 0.0216 | 0.9992 | 0.2142
B Yatay | 0.9647 | 650869 | -05268 | 0.0202 | 0.9992 | 0.2618
% Diisey | 09319 | 64.2060 | -1.4077 | 0.0247 | 09991 | 0.1424
o ikiYonli | 09582 | 64.4703 | -1.1434 | 0.0232 | 0.9993 | 0.2545
Test 9
F-Skor | YSGO | SGO | OKH | YBIi® KK
Yatay | 0.7949 | 63.0049 | -2.1926 | 00326 | 0.9988 | 0.0619
% Diisey | 0.8052 | 63.4561 | -1.7413 | 0.0293 | 0.9989 | 0.0792
iki Yonlii | 08294 | 63.1269 | -2.0706 | 0.0317 | 0.9989 | 0.0650
_ Yatay | 07796 | 63.0120 | -2.1855 | 0.0325 | 0.9988 | 0.0587
% Diisey | 0.7962 | 63.5598 | -1.6377 | 0.0286 | 0.9989 | 0.0797
* ikivonli | 08238 | 631549 | 20425 | 00314 | 09989 | 0.0631
. Yatay | 0.8565 | 629154 | -2.2821 | 0.0332 | 0.9988 | 0.1037
% Disey | 0.7779 | 63.2773 | -1.9202 | 0.0306 | 0.9988 | 0.0860
“ | iivonti | 08295 | 63.0935 | -2.1039 | 00319 | 0.9988 | 00916
Test 10
F-Skor | YSGO | SGO | OKH | YBIiO KK
_ Yatay | 0.6669 | 61.4749 | -2.0510 | 0.0463 | 09983 | 0.1388
3 Diisey | 0.6697 | 612616 | -2.2642 | 0.0486 | 0.9982 | 0.1320
®  [ikivonli | 06854 | 615897 | -1.9362 | 00451 | 0.9984 | 0.1447
- Yatay | 0.6685 | 61.4888 | -2.0370 | 0.0462 | 09983 | 0.1386
E Diisey | 0.6770 | 61.3338 | -2.1921 | 0.0478 | 0.9982 | 0.1340
% | ikivonli | 06859 | 61.6146 | -1.9113 | 0.0448 | 0.9984 | 0.1436
B Yatay | 0.6804 | 61.6279 | -1.8980 | 0.0447 | 09983 | 0.1415
% Diisey | 0.6552 | 612647 | -2.2612 | 0.0486 | 0.9981 | 0.1484
® | jkivonli | 07190 | 61.6173 | -1.9085 | 0.0448 | 0.9983 | 0.1865
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Ek-2:
K-Ortalamalar yontemine iligkin; Canny algoritmast “Gradient Threshold” ve
“Operator Scale” parametreleri ile kiimeleme algoritmast “k” parametresi i¢in tiim

sonug degerleri.

Test_1, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.7 0.5 0.7192 | 63.6817 | -1.6744 | 0.0279 0.9989 0.1825
0.1 0.5 0.7180 | 63.6737 | -1.6824 | 0.0279 0.9989 0.1821
Ortalama | 0.7184 | 63.6783 | -1.6778 | 0.0279 0.9989 0.1823
Test 1, K-Ortalamalar (k= 3)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.8 0.5 0.7932 | 64.3761 | -0.9800 | 0.0237 0.9991 0.1743
0.5 0.5 0.7707 64.2197 | -1.1365 0.0246 0.9991 0.1817
Ortalama 0.7821 64.3044 | -1.0518 0.0241 0.9991 0.1783
Test_1, K-Ortalamalar (k = 4)
Gradient | Operator | g .00 | ysg0 | SGO | OKH | YBIO | KK
Threshold Scale
0.7 0.5 0.7939 | 64.3796 | -0.9765 | 0.0237 0.9991 0.1677
0.2 0.5 0.6726 | 62.6875 | -2.6687 | 0.0350 0.9987 0.1487
Ortalama | 0.7555 | 63.7387 | -1.6174 | 0.0286 0.9989 0.1619
Test 1, K-Ortalamalar (k =5)
Gradient | Operator | o ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.2 0.5 0.8029 | 63.4565 | -1.8996 | 0.0293 0.9989 0.1464
0.1 0.5 0.6938 | 61.5525 | -3.8036 | 0.0455 0.9983 0.1280
Ortalama | 0.7754 | 64.0230 | -1.3331 | 0.0264 0.9990 0.1592
Test 1, K-Ortalamalar (k = 6)
Gradient | Operator | o . | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6326 | 64.9841 | -0.3720 | 0.0206 0.9992 0.1626
0.5 0.5 0.8297 | 64.4001 | -0.9560 | 0.0236 0.9992 0.1953
Ortalama | 0.7437 | 63.9550 | -1.4011 | 0.0273 0.9990 0.1724
Test 1, K-Ortalamalar (k=7)
Gradient | Operator | o g0 | vsgo | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.6372 | 65.0071 | -0.3490 | 0.0205 0.9992 0.1748
0.5 0.5 0.8283 | 64.3735 | -0.9826 | 0.0238 0.9992 0.1941
Ortalama | 0.7478 | 63.9281 | -1.4280 | 0.0273 0.9990 0.1730
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Test_1, K-Ortalamalar (k = 8)

Gradient | Operator .
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.5 0.3459 | 65.1819 | -0.1743 0.0197 0.9991 0.0963
0.4 0.5 0.8077 | 64.0695 | -1.2866 0.0255 0.9991 0.1972
Ortalama 0.6391 | 63.8873 | -1.4689 0.0283 0.9989 0.1533
Test 1, K-Ortalamalar (k=9)
Gradient | Operator | ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.3381 | 65.2369 | -0.1192 0.0195 0.9991 0.1005
0.4 0.5 0.8145 | 64.3542 | -1.0019 0.0239 0.9991 0.1932
Ortalama 0.6472 | 64.1083 | -1.2478 0.0267 0.9990 0.1567
Test 1, K-Ortalamalar (k=10)
Gradient | Operator | ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4049 | 65.1538 | -0.2023 0.0198 0.9991 0.1052
0.4 0.5 0.7986 64.2416 -1.1145 0.0245 0.9991 0.1902
Ortalama 0.6505 | 63.9361 | -1.4200 0.0277 0.9989 0.1525
Test 2, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.7008 | 65.9963 | -1.8715 0.0163 0.9993 0.0678
0.2 0.5 0.7045 | 65.9890 | -1.8789 0.0164 0.9993 0.0679
Ortalama | 0.7028 | 65.9945 | -1.8733 0.0163 0.9993 0.0683
Test 2, K-Ortalamalar (k = 3)
Gradient | Operator g
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.5 0.6650 | 65.8508 | -2.0170 0.0169 0.9992 0.0281
0.1 0.5 0.9330 | 64.5742 | -3.2937 0.0227 0.9990 0.1040
Ortalama | 0.8323 | 65.3999 | -2.4679 0.0188 0.9992 0.0651
Test 2, K-Ortalamalar (k = 4)
Gradient | Operator | g0 | ysgo | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.6256 | 66.1733 | -1.6946 0.0157 0.9993 0.0077
0.1 0.5 0.9172 | 63.8985 | -3.969%4 0.0265 0.9989 0.1306
Ortalama 0.7189 | 65.7114 | -2.1565 0.0178 0.9992 0.0424
Test 2, K-Ortalamalar (k =5)
Gradient | Operator | o0 | ysgo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.6214 | 66.1955 | -1.6723 0.0156 0.9993 0.0063
0.1 0.5 0.9132 | 63.9981 | -3.8698 0.0259 0.9989 0.1126
Ortalama | 0.7115 | 65.7416 | -2.1262 0.0176 0.9992 0.0321
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Test_2, K-Ortalamalar (k = 6)

Gradient | Operator .
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.5 0.6117 66.2242 | -1.6437 0.0155 0.9993 0.0056
0.1 0.5 0.9118 64.0792 | -3.7887 0.0254 0.9989 0.1159
Ortalama 0.7173 65.6835 | -2.1843 0.0179 0.9992 0.0369
Test 2, K-Ortalamalar (k=7)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4733 66.7434 | -1.1244 0.0138 0.9994 0.0028
0.1 0.5 0.9046 64.1406 | -3.7272 0.0251 0.9990 0.1099
Ortalama 0.7089 65.7690 | -2.0988 0.0176 0.9992 0.0359
Test 2, K-Ortalamalar (k= 8)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6138 66.2055 | -1.6624 0.0156 0.9993 0.0071
0.2 0.5 0.9237 64.7119 | -3.1560 0.0220 0.9991 0.0862
Ortalama 0.7545 65.6825 | -2.1853 0.0178 0.9992 0.0422
Test_2, K-Ortalamalar (k = 9)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6179 66.2352 | -1.6327 0.0155 0.9993 0.0060
0.2 0.5 0.9427 64.5702 | -3.2976 0.0227 0.9991 0.1112
Ortalama 0.7356 65.6735 | -2.1944 0.0180 0.9992 0.0393
Test 2, K-Ortalamalar (k = 10)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6151 66.2249 | -1.6429 0.0155 0.9993 0.0057
0.2 0.5 0.8910 64.1451 | -3.7227 0.0250 0.9990 0.1088
Ortalama 0.7121 65.6722 | -2.1956 0.0180 0.9992 0.0359
Test 3, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OkH | YBI® | KK
Threshold Scale
0.9 0.5 0.6749 63.8974 | -2.6927 0.0265 0.9989 0.0575
0.1 0.5 0.6652 63.7822 | -2.8080 0.0272 0.9988 0.0561
Ortalama 0.6701 63.8367 | -2.7534 0.0269 0.9989 0.0568
Test 3, K-Ortalamalar (k = 3)
Gradient | Operator | - v | vsgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.7386 63.8515 | -2.7386 0.0268 0.9989 0.0684
0.2 0.5 0.6815 62.8450 | -3.7451 0.0338 0.9985 0.0621
Ortalama | 0.7008 63.1364 | -3.4538 0.0317 0.9986 0.0638
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Test_3, K-Ortalamalar (k = 4)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.1425 | 66.3262 | -0.2640 0.0152 0.9993 0.0095
0.7 0.5 0.7530 | 64.0288 | -2.5614 0.0257 0.9989 0.0641
Ortalama 0.6301 | 63.3345 | -3.2557 0.0320 0.9986 0.0558
Test 3, K-Ortalamalar (k=5)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.1909 | 66.4795 | -0.1107 0.0146 0.9993 0.0442
0.5 0.5 0.7080 | 63.3705 | -3.2196 0.0299 0.9987 0.0646
Ortalama | 0.5743 | 63.4339 | -3.1563 0.0324 0.9986 0.0557
Test 3, K-Ortalamalar (k = 6)
Gradient | Operator | £ g0 | ysGo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.3280 | 66.2332 | -0.3570 0.0155 0.9993 0.0391
0.4 0.5 0.7291 | 62.7026 | -3.8876 0.0349 0.9985 0.0706
Ortalama | 0.5649 | 63.5008 | -3.0894 0.0325 0.9986 0.0517
Test_3, K-Ortalamalar (k=7)
Gradient | Operator o0
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.0038 | 66.5840 | -0.0062 0.0143 0.9993 0.0007
0.4 0.5 0.7637 | 63.0559 | -3.5343 0.0322 0.9987 0.0764
Ortalama | 0.5101 | 63.7800 | -2.8102 0.0311 0.9986 0.0485
Test 3, K-Ortalamalar (k = 8)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.1729 | 66.2141 | -0.3761 0.0155 0.9993 0.0243
0.3 0.5 0.7413 | 62.7987 | -3.7914 0.0341 0.9986 0.0712
Ortalama | 0.5024 | 63.9076 | -2.6826 0.0300 0.9987 0.0452
Test 3, K-Ortalamalar (k=9)
Gradient | Operator Lo
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.3521 | 65.9632 | -0.6269 0.0165 0.9993 0.0308
0.3 0.5 0.7828 | 62.7335 | -3.8567 0.0347 0.9985 0.0749
Ortalama | 0.5703 | 63.6133 | -2.9768 0.0325 0.9986 0.0498
Test 3, K-Ortalamalar (k = 10)
Gradient | Operator | - g0 | ysgo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.1939 | 66.2035 | -0.3867 0.0156 0.9993 0.0248
0.3 0.5 0.7140 | 63.2472 | -3.3430 0.0308 0.9987 0.0618
Ortalama | 0.5143 | 63.9525 | -2.6377 0.0304 0.9987 0.0451
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Test_4, K-Ortalamalar (k = 2)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.5363 | 62.7644 | -1.6724 | 0.0344 0.9984 0.0825
0.2 0.5 0.5405 | 62.7578 | -1.6790 | 0.0345 0.9984 0.0837
Ortalama | 0.5392 | 62.7598 | -1.6770 | 0.0344 0.9984 0.0833
Test 4, K-Ortalamalar (k=3)
Gradient | Operator | 0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.5258 | 63.0479 | -1.3889 | 0.0322 0.9984 0.0999
0.1 0.5 0.5762 | 60.9578 | -3.4791 | 0.0522 0.9978 0.1285
Ortalama 0.5447 62.5213 | -1.9155 0.0372 0.9983 0.1112
Test_4, K-Ortalamalar (k = 4)
Gradient | Operator | ¢ g0 | ysgo | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.4689 | 63.0922 | -1.3446 | 0.0319 0.9984 0.0666
0.1 0.5 0.5754 | 61.1145 | -3.3224 | 0.0503 0.9978 0.1043
Ortalama | 0.4940 | 62.6520 | -1.7848 | 0.0360 0.9983 0.0754
Test 4, K-Ortalamalar (k =5)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.2199 | 63.3498 | -1.0870 | 0.0301 0.9984 0.0154
0.1 0.5 0.5717 | 59.8586 | -4.5783 | 0.0672 0.9973 0.1166
Ortalama | 0.3166 | 62.7749 | -1.6620 | 0.0356 0.9983 0.0394
Test 4, K-Ortalamalar (k = 6)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.2125 | 63.3557 | -1.0811 | 0.0300 0.9984 0.0112
0.2 0.5 0.5816 | 61.4417 | -2.9952 | 0.0467 0.9980 0.0914
Ortalama | 0.3320 | 62.6943 | -1.7425 | 0.0366 0.9982 0.0396
Test 4, K-Ortalamalar (k=7)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.4965 | 63.2189 | -1.2180 | 0.0310 0.9985 0.0826
0.2 0.5 0.6590 | 62.4182 | -2.0187 | 0.0373 0.9984 0.1439
Ortalama | 0.5325 | 62.7046 | -1.7323 | 0.0365 0.9983 0.0968
Test 4, K-Ortalamalar (k = 8)
Gradient | Operator | ¢ o 0 | yvsgo | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.2025 | 63.4459 | -0.9910 | 0.0294 0.9985 0.0107
0.2 0.5 0.7063 | 62.7207 | -1.7161 | 0.0348 0.9986 0.1450
Ortalama | 0.3438 | 62.9202 | -1.5166 | 0.0344 0.9984 0.0487
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Test_4, K-Ortalamalar (k =9)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.2000 | 63.4761 | -0.9608 | 0.0292 0.9985 0.0113
0.2 0.5 0.6974 | 62.7531 | -1.6838 | 0.0345 0.9986 0.1412
Ortalama | 0.3499 | 62.9501 | -1.4868 | 0.0341 0.9984 0.0499
Test 4, K-Ortalamalar (k = 10)
Gradient | Operator | g0 | ysGo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.1999 | 63.4256 | -1.0113 | 0.0295 0.9984 0.0103
0.2 0.5 0.7027 62.7716 | -1.6652 0.0343 0.9986 0.1472
Ortalama | 0.3511 | 62.9607 | -1.4761 | 0.0338 0.9984 0.0498
Test 5, K-Ortalamalar (k = 2)
Gradient | Operator | £ g0 | ysGo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.7234 | 61.9502 | -1.7288 | 0.0415 0.9982 0.1080
0.6 0.5 0.7273 61.9217 | -1.7572 0.0418 0.9982 0.1091
Ortalama | 0.7259 | 61.9458 | -1.7332 | 0.0416 0.9982 0.1088
Test 5, K-Ortalamalar (k = 3)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.5875 | 62.4922 | -1.1868 | 0.0366 0.9983 0.0671
0.2 0.5 0.5947 | 62.4825 | -1.1964 | 0.0367 0.9983 0.0672
Ortalama | 0.5914 | 62.4863 | -1.1926 | 0.0367 0.9983 0.0672
Test 5, K-Ortalamalar (k = 4)
Gradient | Operator | o ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4143 | 62.6633 | -1.0157 | 0.0352 0.9983 0.0336
0.1 0.5 0.7397 | 61.5693 | -2.1096 | 0.0453 0.9982 0.0908
Ortalama | 0.4946 | 62.4975 | -1.1815 | 0.0367 0.9983 0.0435
Test 5, K-Ortalamalar (k =5)
Gradient | Operator | o ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4909 | 62.6122 | -1.0668 | 0.0356 0.9983 0.0531
0.2 0.5 0.5940 | 62.3408 | -1.3381 | 0.0379 0.9983 0.0818
Ortalama | 0.5162 | 62.4991 | -1.1798 | 0.0366 0.9983 0.0592
Test 5, K-Ortalamalar (k = 6)
Gradient | Operator | o o . | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4132 | 62.6899 | -0.9891 | 0.0350 0.9983 0.0347
0.1 0.5 0.7104 | 60.9815 | -2.6975 | 0.0519 0.9980 0.0983
Ortalama | 0.5164 | 62.4014 | -1.2775 | 0.0377 0.9983 0.0498
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Test 5, K-Ortalamalar (k=7)

Gradient | Operator .
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.5 0.4039 62.7327 | -0.9462 0.0347 0.9983 0.0321
0.2 0.5 0.7734 61.6840 | -1.9949 0.0441 0.9983 0.1045
Ortalama 0.5194 62.3960 | -1.2829 0.0377 0.9983 0.0516
Test 5, K-Ortalamalar (k =8)
Gradient | Operator | o o0 | vsgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4114 62.7273 | -0.9517 0.0347 0.9983 0.0347
0.1 0.5 0.7305 61.0421 | -2.6369 0.0512 0.9980 0.0991
Ortalama 0.5080 62.4484 | -1.2306 0.0373 0.9983 0.0510
Test 5, K-Ortalamalar (k=9)
Gradient | Operator | o 00 | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4022 62.7353 | -0.9436 0.0346 0.9983 0.0305
0.2 0.5 0.7473 62.0953 | -1.5836 0.0401 0.9984 0.1046
Ortalama 0.5292 62.4474 | -1.2315 0.0372 0.9983 0.0553
Test 5, K-Ortalamalar (k = 10)
Gradient | Operator | o 00 | vsgo | sGo | OKH | YBiO | KK
Threshold Scale
0.9 0.5 0.4058 62.7475 | -0.9314 0.0345 0.9983 0.0341
0.1 0.5 0.7807 61.3762 | -2.3028 0.0474 0.9982 0.1092
Ortalama 0.5330 62.4219 | -1.2570 0.0375 0.9983 0.0540
Test 6, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.5021 64.5735 | -2.5226 0.0227 0.9990 0.1107
0.3 0.5 0.5059 64.5596 | -2.5364 0.0228 0.9990 0.1120
Ortalama 0.5050 64.5614 | -2.5346 0.0228 0.9990 0.1115
Test 6, K-Ortalamalar (k = 3)
Gradient | Operator | g 0 | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6658 64.9425 | -2.1535 0.0208 0.9992 0.1625
0.1 0.5 0.7005 64.8727 | -2.2233 0.0212 0.9992 0.1876
Ortalama | 0.6869 64.9076 | -2.1884 0.0210 0.9992 0.1777
Test 6, K-Ortalamalar (k = 4)
Gradient | Operator | o ¢\ | vsgo | SGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4673 66.6709 | -0.4252 0.0140 0.9993 0.0241
0.5 0.5 0.8910 65.7926 | -1.3034 0.0171 0.9993 0.1592
Ortalama 0.6790 65.4953 | -1.6008 0.0189 0.9992 0.1187
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Test 6, K-Ortalamalar (k=5)

Gradient | Operator .
Threshold Scale F-Skor YSGO SGO OKH YBIO KK
0.9 0.5 0.0703 67.1124 0.0164 0.0126 0.9993 0.0689
0.4 0.5 0.8936 65.6761 | -1.4199 0.0176 0.9994 0.2350
Ortalama 0.6604 65.7287 | -1.3673 0.0180 0.9993 0.1840
Test 6, K-Ortalamalar (k = 6)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4738 66.6388 | -0.4572 0.0141 0.9993 0.0222
0.4 0.5 0.9403 65.7841 | -1.3119 0.0172 0.9994 0.2165
Ortalama 0.7236 65.4398 | -1.6562 0.0195 0.9992 0.1356
Test_6, K-Ortalamalar (k=7)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4746 66.6225 | -0.4735 0.0142 0.9993 0.0263
0.4 0.5 0.9349 65.6346 | -1.4614 0.0178 0.9994 0.2323
Ortalama 0.7135 65.3369 | -1.7591 0.0201 0.9992 0.1307
Test_6, K-Ortalamalar (k = 8)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.4697 66.6390 | -0.4570 0.0141 0.9993 0.0246
0.4 0.5 0.9934 66.0018 | -1.0942 0.0163 0.9994 0.2446
Ortalama 0.7222 65.4645 | -1.6315 0.0200 0.9992 0.1375
Test 6, K-Ortalamalar (k=9)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.1188 67.0843 | -0.0117 0.0127 0.9993 0.0521
0.4 0.5 0.9382 65.8224 | -1.2736 0.0170 0.9994 0.2657
Ortalama 0.6587 65.6611 | -1.4349 0.0189 0.9992 0.1858
Test 6, K-Ortalamalar (k = 10)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OkH | YBI® | KK
Threshold Scale
0.9 0.5 0.4467 66.6579 | -0.4381 0.0140 0.9993 0.0247
0.4 0.5 0.9840 66.1108 | -0.9852 0.0159 0.9994 0.2312
Ortalama 0.6975 65.3324 | -1.7637 0.0213 0.9991 0.1307
Test 7, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.4502 65.5495 | -3.1990 0.0181 0.9992 0.0350
0.1 0.5 0.4491 65.5128 | -3.2356 0.0183 0.9992 0.0346
Ortalama 0.4496 65.5279 | -3.2206 0.0182 0.9992 0.0348
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Test_7, K-Ortalamalar (k = 3)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.7929 | 68.0921 | -0.6564 | 0.0101 0.9996 0.1117
0.4 0.5 0.8047 | 68.0862 | -0.6623 | 0.0101 0.9996 0.1130
Ortalama | 0.8029 | 68.0824 | -0.6661 | 0.0101 0.9996 0.1124
Test_7, K-Ortalamalar (k = 4)
Gradient | Operator | ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.3 0.5 0.4136 | 63.8502 | -4.8982 | 0.0268 0.9988 0.0374
0.2 0.5 0.3519 | 62.4134 | -6.3351 | 0.0373 0.9983 0.0279
Ortalama | 0.3899 | 63.9600 | -4.7885 | 0.0270 0.9988 0.0342
Test_7, K-Ortalamalar (k = 5)
Gradient | Operator | - g0 | ysgo | SGO | OKH | YBi® | KK
Threshold Scale
0.4 0.5 0.8008 | 68.1028 | -0.6457 | 0.0101 0.9996 0.1122
0.1 0.5 0.4293 | 64.4089 | -4.3396 | 0.0236 0.9990 0.0418
Ortalama | 0.7141 | 67.2922 | -1.4563 | 0.0131 0.9995 0.0958
Test_7, K-Ortalamalar (k = 6)
Gradient | Operator o0
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.5 0.5 0.7986 | 68.1037 | -0.6448 | 0.0101 0.9996 0.1118
0.1 0.5 0.3828 | 63.2430 | -5.5055 | 0.0308 0.9986 0.0442
Ortalama | 0.6719 | 66.8960 | -1.8525 | 0.0144 0.9994 0.0856
Test_7, K-Ortalamalar (k=7)
Gradient | Operator | - 0 | ysgo | SGO | OKH | YBi® | KK
Threshold Scale
0.5 0.5 0.7923 | 68.1081 | -0.6404 | 0.0101 0.9996 0.1117
0.1 0.5 0.3722 | 63.0820 | -5.6665 | 0.0320 0.9985 0.0402
Ortalama | 0.6752 | 66.8841 | -1.8643 | 0.0146 0.9994 0.0864
Test 7, K-Ortalamalar (k = 8)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.6 0.5 0.7961 | 68.1045 | -0.6439 | 0.0101 0.9996 0.1112
0.1 0.5 0.3754 | 62.9210 | -5.8274 | 0.0332 0.9984 0.0354
Ortalama | 0.6780 | 66.8495 | -1.8990 | 0.0147 0.9994 0.0844
Test 7, K-Ortalamalar (k= 9)
Gradient | Operator | - g0 | ysgo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.3725 | 68.5115 | -0.2369 | 0.0092 0.9995 0.0544
0.5 0.5 0.7667 | 67.4383 | -1.3102 | 0.0117 0.9995 0.0911
Ortalama | 0.6481 | 66.7473 | -2.0011 | 0.0150 0.9994 0.0743
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Test 7, K-Ortalamalar (k = 10)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.5 0.5 0.7586 | 67.6688 | -1.0797 | 0.0111 0.9995 0.0688
0.1 0.5 0.4744 | 63.1479 | -5.6005 | 0.0315 0.9986 0.0462
Ortalama | 0.6625 | 66.6806 | -2.0679 | 0.0152 0.9993 0.0633
Test_8, K-Ortalamalar (k = 2)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.6935 | 65.5654 | -0.0483 | 0.0181 0.9991 0.1893
0.1 0.5 0.6935 | 65.5654 | -0.0483 | 0.0181 0.9991 0.1893
Ortalama | 0.6935 | 65.5654 | -0.0483 | 0.0181 0.9991 0.1893
Test 8, K-Ortalamalar (k= 3)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.6950 | 65.5606 | -0.0531 | 0.0181 0.9991 0.1906
0.4 0.5 0.9409 | 64.8543 | -0.7594 | 0.0213 0.9992 0.2713
Ortalama | 0.8406 | 65.1784 | -0.4353 | 0.0198 0.9991 0.2331
Test_8, K-Ortalamalar (k = 4)
Gradient | Operator | g .0 | ysgo | sGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.6938 | 65.5632 | -0.0505 | 0.0181 0.9991 0.1907
0.3 0.5 0.9533 | 64.4304 | -1.1833 | 0.0234 0.9992 0.2611
Ortalama | 0.8461 | 64.8336 | -0.7801 | 0.0216 0.9991 0.2341
Test 8, K-Ortalamalar (k =5)
Gradient | Operator | o ¢\ | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6801 | 65.5346 | -0.0791 | 0.0182 0.9991 0.1784
0.4 0.5 0.9608 | 64.8368 | -0.7769 | 0.0213 0.9992 0.2688
Ortalama | 0.8201 | 64.7337 | -0.8800 | 0.0224 0.9991 0.2253
Test 8, K-Ortalamalar (k = 6)
Gradient | Operator | o ¢ . | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6392 | 65.5190 | -0.0947 | 0.0182 0.9991 0.1607
0.3 0.5 0.9548 | 64.3607 | -1.2530 | 0.0238 0.9992 0.2583
Ortalama | 0.8149 | 64.7328 | -0.8809 | 0.0225 0.9991 0.2195
Test 8, K-Ortalamalar (k=7)
Gradient | Operator | o o . | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.6693 | 65.5262 | -0.0875 | 0.0182 0.9991 0.1706
0.3 0.5 0.9582 | 64.6514 | -0.9623 | 0.0223 0.9993 0.2781
Ortalama | 0.8120 | 64.7774 | -0.8363 | 0.0223 0.9991 0.2270
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Test 8, K-Ortalamalar (k=8)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.5527 | 65.4435 | -0.1702 | 0.0186 0.9990 0.1108
0.3 0.5 0.9583 | 64.7227 | -0.8910 | 0.0219 0.9993 0.2809
Ortalama 0.8048 64.8826 | -0.7311 0.0217 0.9991 0.2211
Test 8, K-Ortalamalar (k=9)
Gradient | Operator | g .0 | ysgo | sGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.4702 | 65.4132 | -0.2005 | 0.0187 0.9990 0.0844
0.3 0.5 0.9592 | 64.8506 | -0.7631 | 0.0213 0.9993 0.2850
Ortalama | 0.8044 | 64.8804 | -0.7333 | 0.0218 0.9991 0.2200
Test 8, K-Ortalamalar (k = 10)
Gradient | Operator | g .0 | ysgo | sGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.4622 | 65.4125 | -0.2012 | 0.0187 0.9990 0.0814
0.3 0.5 0.9421 | 65.0124 | -0.6013 | 0.0205 0.9993 0.2836
Ortalama 0.7963 64.8851 | -0.7286 0.0217 0.9991 0.2144
Test 9, K-Ortalamalar (k = 2)
Gradient | Operator | g0 | ysGo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.7290 | 63.2061 | -1.9914 | 0.0311 0.9987 0.0784
0.1 0.5 0.7264 | 63.1703 | -2.0272 | 0.0313 0.9987 0.0775
Ortalama | 0.7273 | 63.1832 | -2.0143 | 0.0312 0.9987 0.0779
Test 9, K-Ortalamalar (k = 3)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.7 0.5 0.7307 | 63.8792 | -1.3183 | 0.0266 0.9989 0.0645
0.6 0.5 0.7292 | 63.8719 | -1.3255 | 0.0267 0.9989 0.0644
Ortalama | 0.7299 | 63.8744 | -1.3231 | 0.0267 0.9989 0.0644
Test 9, K-Ortalamalar (k = 4)
Gradient | Operator | o g .00 | yvsG0 | SGO | OKH | YBIO | KK
Threshold Scale
0.4 0.5 0.6954 | 63.9674 | -1.2301 | 0.0261 0.9989 0.0610
0.1 0.5 0.5854 | 60.6143 | -4.5832 | 0.0564 0.9977 0.0575
Ortalama | 0.6825 | 63.6010 | -1.5965 | 0.0294 0.9988 0.0608
Test 9, K-Ortalamalar (k =5)
Gradient | Operator g
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.7041 | 64.2067 | -0.9908 | 0.0247 0.9990 0.0584
0.1 0.5 0.6526 | 60.4702 | -4.7273 | 0.0584 0.9977 0.0713
Ortalama | 0.6863 | 63.3636 | -1.8338 | 0.0314 0.9987 0.0590
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Test 9, K-Ortalamalar (k = 6)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.3 0.5 0.7455 | 63.4823 | -1.7152 | 0.0292 0.9988 0.0538
0.1 0.5 0.6441 | 60.7143 | -4.4831 | 0.0552 0.9978 0.0684
Ortalama | 0.6797 | 63.3076 | -1.8899 | 0.0317 0.9987 0.0526
Test 9, K-Ortalamalar (k=7)
Gradient | Operator | 0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.6524 | 64.4407 | -0.7568 | 0.0234 0.9990 0.0487
0.3 0.5 0.8478 | 63.2841 | -1.9133 | 0.0305 0.9989 0.0819
Ortalama | 0.7108 | 63.4687 | -1.7288 | 0.0304 0.9988 0.0577
Test_9, K-Ortalamalar (k = 8)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.6683 | 64.4499 | -0.7475 | 0.0233 0.9990 0.0513
0.3 0.5 0.8430 | 63.3363 | -1.8612 | 0.0302 0.9989 0.0899
Ortalama | 0.7150 | 63.4856 | -1.7118 | 0.0302 0.9988 0.0604
Test 9, K-Ortalamalar (k=9)
Gradient | Operator | . g0 | vsgo | SGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.2348 | 64.9270 | -0.2704 | 0.0209 0.9990 0.0514
0.2 0.5 0.8066 | 62.3177 | -2.8798 | 0.0381 0.9986 0.0847
Ortalama | 0.6678 | 63.5037 | -1.6938 | 0.0303 0.9988 0.0563
Test 9, K-Ortalamalar (k = 10)
Gradient | Operator | 0 | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.6 0.5 0.6709 | 63.9306 | -1.2669 | 0.0263 0.9989 0.0442
0.3 0.5 0.8375 | 62.6991 | -2.4984 | 0.0349 0.9987 0.0880
Ortalama | 0.7312 | 63.2395 | -1.9580 | 0.0320 0.9987 0.0623
Test 10, K-Ortalamalar (k = 2)
Gradient | Operator | ¢ o 0 | ysgo | sGo | OkH | YBI® | KK
Threshold Scale
0.9 0.5 0.6220 | 62.9470 | -0.5788 | 0.0330 0.9986 0.1831
0.1 0.5 0.6400 | 62.9440 | -0.5819 | 0.0330 0.9986 0.1863
Ortalama | 0.6359 | 62.9450 | -0.5809 | 0.0330 0.9986 0.1853
Test 10, K-Ortalamalar (k = 3)
Gradient | Operator | - v | vsgo | sGo | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.1068 | 63.4566 | -0.0692 | 0.0293 0.9984 0.0453
0.1 0.5 0.7288 | 62.7923 | -0.7336 | 0.0342 0.9987 0.2109
Ortalama | 0.4687 | 63.1000 | -0.4259 | 0.0319 0.9986 0.1364
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Test 10, K-Ortalamalar (k = 4)

Gradient | Operator .
Threshold Scale F-Skor | YSGO SGO OKH YBIO KK
0.9 0.5 0.1267 | 63.4609 | -0.0650 | 0.0293 0.9984 0.0633
0.4 0.5 0.7336 | 62.3917 | -1.1342 | 0.0375 0.9986 0.2059
Ortalama | 0.5542 | 62.2960 | -1.2299 | 0.0396 0.9983 0.1571
Test 10, K-Ortalamalar (k =5)
Gradient | Operator | 0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.1413 | 63.4330 | -0.0929 | 0.0295 0.9984 0.0606
0.4 0.5 0.6617 61.3871 | -2.1387 0.0472 0.9981 0.1475
Ortalama | 0.5240 | 61.7371 | -1.7888 | 0.0459 0.9981 0.1302
Test 10, K-Ortalamalar (k = 6)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.3140 | 63.3644 | -0.1614 | 0.0300 0.9985 0.1168
0.4 0.5 0.6935 | 61.3966 | -2.1292 | 0.0471 0.9982 0.1726
Ortalama | 0.5399 | 61.9127 | -1.6131 | 0.0445 0.9981 0.1496
Test_10, K-Ortalamalar (k=7)
Gradient | Operator | o g0 | vsgo | sGO | OKH | YBi® | KK
Threshold Scale
0.9 0.5 0.1008 | 63.1800 | -0.3458 | 0.0313 0.9983 0.0058
0.6 0.5 0.6269 | 61.1183 | -2.4076 | 0.0503 0.9980 0.1612
Ortalama | 0.5025 | 60.5986 | -2.9272 | 0.0604 0.9974 0.1176
Test 10, K-Ortalamalar (k = 8)
Gradient | Operator | 0 | vsgo | sGO | OKH | YBI® | KK
Threshold Scale
0.9 0.5 0.1003 | 63.4136 | -0.1122 | 0.0296 0.9984 0.0363
0.2 0.5 0.6900 | 60.3145 | -3.2114 | 0.0605 0.9977 0.1574
Ortalama | 0.4969 | 62.0457 | -1.4802 | 0.0431 0.9981 0.1418
Test 10, K-Ortalamalar (k =9)
Gradient | Operator | o g .00 | yvsG0 | SGO | OKH | YBIO | KK
Threshold Scale
0.9 0.5 0.3140 | 63.3644 | -0.1614 | 0.0300 0.9985 0.1168
0.4 0.5 0.7088 | 62.2920 | -1.2339 | 0.0384 0.9985 0.2044
Ortalama | 0.5228 | 61.6988 | -1.8271 | 0.0493 0.9978 0.1445
Test 10, K-Ortalamalar (k = 10)
Gradient | Operator | o g .00 | yvsG0 | SGO | OKH | YBiO | KK
Threshold Scale
0.9 0.5 0.3140 | 63.3627 | -0.1631 | 0.0300 0.9985 0.1162
0.4 0.5 0.7188 | 62.3011 | -1.2248 | 0.0383 0.9985 0.2090
Ortalama | 0.5255 | 61.7258 | -1.8001 | 0.0489 0.9978 0.1475
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Bulanik C-Ortalamalar yontemine iliskin; “k” kiime sayist parametresi i¢in tim

sonug degerleri.

Test_1, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.5), Operator Scale (0.5))

Kiime Sayisi h{lakflmum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.7184 | 63.6733 | -1.6828 | 0.0279 | 0.9989 | 0.1817
1 0.7168 | 63.6387 | -1.7174 | 0.0281 | 0.9989 | 0.1806
2 0.7184 | 63.6764 | -1.6798 | 0.0279 | 0.9989 | 0.1822
3 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
4 0.7184 | 63.6764 | -1.6798 | 0.0279 | 0.9989 | 0.1822
5 0.7185 | 63.6704 | -1.6857 | 0.0279 | 0.9989 | 0.1820
6 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
7 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
8 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
9 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
10 0.7187 | 63.6785 | -1.6776 | 0.0279 | 0.9989 | 0.1816
3 10 Ort. 0.6944 | 62.4208 | -2.9353 | 0.0374 | 0.9986 | 0.1329
1 0.7171 | 62.9070 | -2.4491 | 0.0333 | 0.9988 | 0.1240
2 0.7543 | 63.1700 | -2.1861 | 0.0313 | 0.9988 | 0.1843
3 0.6528 | 61.7115 | -3.6446 | 0.0438 | 0.9983 | 0.1057
4 0.6793 | 62.2161 | -3.1400 | 0.0390 | 0.9985 | 0.1214
5 0.6561 | 62.4649 | -2.8912 | 0.0369 | 0.9986 | 0.1213
6 0.7009 | 62.3872 | -2.9690 | 0.0375 | 0.9986 | 0.1519
7 0.7138 | 62.5988 | -2.7574 | 0.0357 | 0.9987 | 0.1563
8 0.7042 | 62.6439 | -2.7122 | 0.0354 | 0.9987 | 0.1319
9 0.6987 | 62.1857 | -3.1705 | 0.0393 | 0.9985 | 0.1238
10 0.6670 | 61.9228 | -3.4333 | 0.0418 | 0.9984 | 0.1083
4 10 Ort. 0.7153 | 62.2603 | -3.0958 | 0.0392 | 0.9985 | 0.1350
1 0.6902 | 62.4713 | -2.8848 | 0.0368 | 0.9986 | 0.1305
2 0.7162 | 62.3541 | -3.0020 | 0.0378 | 0.9986 | 0.1334
3 0.8065 | 62.7178 | -2.6383 | 0.0348 | 0.9987 | 0.1544
4 0.6462 | 61.2655 | -4.0906 | 0.0486 | 0.9981 | 0.1028
5 0.7257 | 62.2650 | -3.0911 | 0.0386 | 0.9986 | 0.1350
6 0.6728 | 61.5225 | -3.8336 | 0.0458 | 0.9982 | 0.1289
7 0.7237 | 61.6560 | -3.7002 | 0.0444 | 0.9983 | 0.1333
8 0.7367 | 63.8018 | -1.5543 | 0.0271 | 0.9990 | 0.1585
9 0.7751 | 62.9607 | -2.3954 | 0.0329 | 0.9988 | 0.1517
10 0.6598 | 61.5884 | -3.7677 | 0.0451 | 0.9982 | 0.1215
5 10 Ort. 0.6824 | 61.7107 | -3.6455 | 0.0448 | 0.9982 | 0.1208
1 0.7379 | 62.2431 | -3.1131 | 0.0388 | 0.9985 | 0.1293
2 0.6164 | 60.5155 | -4.8406 | 0.0577 | 0.9976 | 0.1006
3 0.6180 | 60.8090 | -4.5471 | 0.0540 | 0.9978 | 0.0857
4 0.7196 | 62.6106 | -2.7455 | 0.0356 | 0.9987 | 0.1410
5 0.6510 | 60.7027 | -4.6534 | 0.0553 | 0.9978 | 0.1182
6 0.7099 | 61.3651 | -3.9910 | 0.0475 | 0.9982 | 0.1175
7 0.7326 | 63.2632 | -2.0929 | 0.0307 | 0.9988 | 0.1530
8 0.6756 | 61.9159 | -3.4402 | 0.0418 | 0.9984 | 0.1173
9 0.6394 | 61.1722 | -4.1840 | 0.0496 | 0.9980 | 0.0952
10 0.7232 | 62.5093 | -2.8468 | 0.0365 | 0.9986 | 0.1498
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6 10 Ort. 0.6750 | 61.6272 | -3.7289 | 0.0455 | 0.9982 | 0.1225
1 0.6288 | 61.1787 | -4.1774 | 0.0496 | 0.9980 | 0.0906
2 0.7428 | 61.9415 | -3.4147 | 0.0416 | 0.9985 | 0.1546
3 0.6317 | 60.3505 | -5.0056 | 0.0600 | 0.9976 | 0.0984
4 0.6421 | 61.8623 | -3.4938 | 0.0423 | 0.9983 | 0.1240
5 0.5971 | 61.9750 | -3.3811 | 0.0413 | 0.9983 | 0.1202
6 0.7741 | 63.6282 | -1.7279 | 0.0282 | 0.9990 | 0.1757
7 0.6764 | 61.1334 | -4.2228 | 0.0501 | 0.9980 | 0.1063
8 0.7255 | 61.6454 | -3.7107 | 0.0445 | 0.9983 | 0.1272
9 0.6614 | 61.5265 | -3.8296 | 0.0458 | 0.9982 | 0.1103

10 0.6703 | 61.0303 | -4.3258 | 0.0513 | 0.9980 | 0.1172

7 10 Ort. 0.6460 | 61.8180 | -3.5382 | 0.0434 | 0.9983 | 0.1150
1 0.5382 | 63.2700 | -2.0861 | 0.0306 | 0.9987 | 0.0787
2 0.5908 | 61.9842 | -3.3719 | 0.0412 | 0.9983 | 0.0717
3 0.6412 | 61.2372 | -4.1189 | 0.0489 | 0.9981 | 0.1169
4 0.6344 | 60.5752 | -4.7809 | 0.0570 | 0.9976 | 0.0891
5 0.6139 | 62.2348 | -3.1213 | 0.0389 | 0.9984 | 0.1049
6 0.6368 | 61.3602 | -3.9960 | 0.0475 | 0.9981 | 0.1214
7 0.7174 | 61.8413 | -3.5148 | 0.0426 | 0.9984 | 0.1409
8 0.7399 | 61.6967 | -3.6595 | 0.0440 | 0.9984 | 0.1472
9 0.6570 | 61.4030 | -3.9532 | 0.0471 | 0.9981 | 0.1205

10 0.6905 | 62.5772 | -2.7790 | 0.0359 | 0.9986 | 0.1586

8 10 Ort. 0.6733 | 61.4257 | -3.9304 | 0.0475 | 0.9981 | 0.1096
1 0.6511 | 60.0735 | -5.2827 | 0.0639 | 0.9974 | 0.1068
2 0.7171 | 61.2933 | -4.0628 | 0.0483 | 0.9981 | 0.1159
3 0.6736 | 61.0674 | -4.2888 | 0.0509 | 0.9980 | 0.1199
4 0.6227 | 61.1537 | -4.2024 | 0.0499 | 0.9979 | 0.0800
5 0.5923 | 62.1100 | -3.2461 | 0.0400 | 0.9984 | 0.0637
6 0.7585 | 62.1495 | -3.2066 | 0.0396 | 0.9985 | 0.139%4
7 0.6916 | 62.1475 | -3.2087 | 0.0397 | 0.9985 | 0.1413
8 0.6153 | 60.7864 | -4.5697 | 0.0543 | 0.9977 | 0.0709
9 0.7034 | 62.3116 | -3.0445 | 0.0382 | 0.9985 | 0.1399

10 0.7074 | 61.1645 | -4.1917 | 0.0497 | 0.9981 | 0.1178

9 10 Ort. 0.6492 | 60.8327 | -4.5234 | 0.0548 | 0.9978 | 0.1093
1 0.6474 | 60.2405 | -5.1156 | 0.0615 | 0.9975 | 0.1075
2 0.6597 | 60.3479 | -5.0082 | 0.0600 | 0.9976 | 0.1138
3 0.6139 | 59.9415 | -5.4146 | 0.0659 | 0.9972 | 0.0981
4 0.6694 | 61.1989 | -4.1573 | 0.0493 | 0.9980 | 0.1195
5 0.5746 | 60.6293 | -4.7268 | 0.0563 | 0.9976 | 0.0707
6 0.6958 | 62.2190 | -3.1371 | 0.0390 | 0.9985 | 0.1407
7 0.7330 | 61.5611 | -3.7951 | 0.0454 | 0.9983 | 0.1280
8 0.7008 | 62.0688 | -3.2873 | 0.0404 | 0.9984 | 0.1364
9 0.5895 | 59.2629 | -6.0932 | 0.0771 | 0.9967 | 0.0931

10 0.6078 | 60.8569 | -4.4992 | 0.0534 | 0.9978 | 0.0854
10 10 Ort. 0.6201 | 60.6630 | -4.6931 | 0.0569 | 0.9976 | 0.0874
1 0.6701 | 60.9695 | -4.3866 | 0.0520 | 0.9979 | 0.1185
2 0.5812 | 59.8577 | -5.4985 | 0.0672 | 0.9971 | 0.0856
3 0.5635 | 59.8454 | -5.5107 | 0.0674 | 0.9970 | 0.0613
4 0.6225 | 60.3025 | -5.0536 | 0.0606 | 0.9974 | 0.0777
5 0.6668 | 62.0580 | -3.2981 | 0.0405 | 0.9984 | 0.1195
6 0.6178 | 60.0665 | -5.2896 | 0.0640 | 0.9973 | 0.0740
7 0.6319 | 60.3175 | -5.0387 | 0.0604 | 0.9975 | 0.0902
8 0.6920 | 61.2154 | -4.1407 | 0.0492 | 0.9981 | 0.1167
9 0.5708 | 62.2589 | -3.0973 | 0.0387 | 0.9984 | 0.0579
10 0.5840 | 59.7385 | -5.6176 | 0.0691 | 0.9970 | 0.0725
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Test_2, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.2), Operator Scale (0.5))

Kiime Sayisi h{lakflmum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi

2 10 Ort. 0.7046 | 65.9788 | -1.8891 | 0.0164 | 0.9993 | 0.0625

1 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

2 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

3 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

4 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

5 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

6 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

7 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

8 0.7049 | 65.9696 | -1.8982 | 0.0164 | 0.9993 | 0.0613

9 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

10 0.7046 | 65.9798 | -1.8881 | 0.0164 | 0.9993 | 0.0626

3 10 Ort. 0.8462 | 64.5302 | -3.3377 | 0.0230 | 0.9990 | 0.0947

1 0.8929 | 63.7496 | -4.1182 | 0.0274 | 0.9988 | 0.1294

2 0.7135 | 65.0976 | -2.7702 | 0.0201 | 0.9991 | 0.0671

3 0.8907 | 64.6622 | -3.2056 | 0.0222 | 0.9990 | 0.0946

4 0.8711 | 64.7248 | -3.1431 | 0.0219 | 0.9990 | 0.0904

5 0.7330 | 64.8561 | -3.0118 | 0.0213 | 0.9990 | 0.0438

6 0.7652 | 64.8746 | -2.9933 | 0.0212 | 0.9990 | 0.0641

7 0.9012 | 64.6476 | -3.2203 | 0.0223 | 0.9990 | 0.0958

8 0.8768 | 64.7184 | -3.1495 | 0.0219 | 0.9990 | 0.0939

9 0.9033 | 63.9172 | -3.9506 | 0.0264 | 0.9989 | 0.1328

10 0.9142 | 64.0535 | -3.8144 | 0.0256 | 0.9989 | 0.1355

4 10 Ort. 0.8817 | 63.5778 | -4.2901 | 0.0289 | 0.9987 | 0.1084

1 0.8918 | 63.4404 | -4.4275 | 0.0294 | 0.9987 | 0.1197

2 0.9388 | 63.8395 | -4.0284 | 0.0269 | 0.9988 | 0.1028

3 0.9077 | 63.6873 | -4.1806 | 0.0278 | 0.9988 | 0.1266

4 0.8924 | 63.5270 | -4.3409 | 0.0289 | 0.9987 | 0.1199

5 0.9207 | 63.7275 | -4.1404 | 0.0276 | 0.9988 | 0.1278

6 0.8924 | 63.6060 | -4.2619 | 0.0283 | 0.9988 | 0.1257

7 0.8528 | 64.1750 | -3.6929 | 0.0249 | 0.9989 | 0.0890

8 0.6726 | 61.7313 | -6.1365 | 0.0436 | 0.9981 | 0.0647

9 0.9319 | 63.9448 | -3.9231 | 0.0262 | 0.9988 | 0.1088

10 0.9161 | 64.0991 | -3.7688 | 0.0253 | 0.9989 | 0.0988

5 10 Ort. 0.8595 | 62.8776 | -4.9903 | 0.0341 | 0.9985 | 0.1101

1 0.9035 | 62.9978 | -4.8701 | 0.0326 | 0.9986 | 0.1210

2 0.9019 | 63.9918 | -3.8761 | 0.0259 | 0.9989 | 0.1025

3 0.9320 | 63.2724 | -4.5955 | 0.0306 | 0.9987 | 0.1201

4 0.9226 | 63.3669 | -4.5010 | 0.0299 | 0.9987 | 0.1295

5 0.9181 | 63.2969 | -4.5709 | 0.0304 | 0.9987 | 0.1278

6 0.8071 | 62.3658 | -5.5020 | 0.0377 | 0.9983 | 0.0988

7 0.6602 | 61.3868 | -6.4810 | 0.0472 | 0.9979 | 0.0792

8 0.9219 | 63.2640 | -4.6038 | 0.0307 | 0.9986 | 0.1320

9 0.9081 | 63.0963 | -4.7716 | 0.0319 | 0.9986 | 0.1225

10 0.7194 | 61.7373 | -6.1306 | 0.0436 | 0.9981 | 0.0673
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6 10 Ort. 0.7418 | 61.8841 | -5.9838 | 0.0427 | 0.9981 | 0.0815
1 0.6605 | 61.3096 | -6.5583 | 0.0481 | 0.9978 | 0.0556
2 0.7359 | 61.6142 | -6.2536 | 0.0448 | 0.9980 | 0.0828
3 0.6469 | 61.3179 | -6.5500 | 0.0480 | 0.9978 | 0.0678
4 0.7424 | 61.8898 | -5.9781 | 0.0421 | 0.9982 | 0.0891
5 0.7398 | 62.0307 | -5.8371 | 0.0407 | 0.9982 | 0.0706
6 0.7130 | 61.5009 | -6.3670 | 0.0460 | 0.9980 | 0.0740
7 0.9479 | 63.5665 | -4.3014 | 0.0286 | 0.9988 | 0.1105
8 0.6439 | 61.2756 | -6.5922 | 0.0485 | 0.9978 | 0.0728
9 0.6698 | 61.4790 | -6.3889 | 0.0463 | 0.9980 | 0.0693

10 0.9182 | 62.8565 | -5.0114 | 0.0337 | 0.9985 | 0.1229

7 10 Ort. 0.7514 | 61.7071 | -6.1607 | 0.0454 | 0.9980 | 0.0879
1 0.9077 | 63.2803 | -4.5876 | 0.0306 | 0.9987 | 0.1344
2 0.5007 | 60.3031 | -7.5648 | 0.0606 | 0.9972 | 0.0288
3 0.6877 | 60.8313 | -7.0365 | 0.0537 | 0.9976 | 0.0662
4 0.8281 | 62.5149 | -5.3530 | 0.0364 | 0.9984 | 0.1029
5 0.6738 | 60.7916 | -7.0763 | 0.0542 | 0.9975 | 0.0641
6 0.7345 | 61.2333 | -6.6345 | 0.0489 | 0.9978 | 0.0831
7 0.9150 | 63.2690 | -4.5989 | 0.0306 | 0.9987 | 0.1330
8 0.6943 | 60.6324 | -7.2355 | 0.0562 | 0.9974 | 0.0804
9 0.6633 | 60.9335 | -6.9343 | 0.0524 | 0.9977 | 0.0805

10 0.9090 | 63.2820 | -4.5858 | 0.0305 | 0.9987 | 0.1053

8 10 Ort. 0.6982 | 61.1983 | -6.6696 | 0.0500 | 0.9978 | 0.0703
1 0.9140 | 62.9822 | -4.8856 | 0.0327 | 0.9985 | 0.0965
2 0.6170 | 61.3785 | -6.4894 | 0.0473 | 0.9979 | 0.0481
3 0.6968 | 60.8614 | -7.0065 | 0.0533 | 0.9976 | 0.0709
4 0.6284 | 60.9370 | -6.9308 | 0.0524 | 0.9976 | 0.0520
5 0.6843 | 60.7858 | -7.0821 | 0.0543 | 0.9976 | 0.0643
6 0.7620 | 62.0127 | -5.8552 | 0.0409 | 0.9982 | 0.0832
7 0.6706 | 60.9082 | -6.9597 | 0.0528 | 0.9976 | 0.0678
8 0.6722 | 60.8538 | -7.0141 | 0.0534 | 0.9976 | 0.0711
9 0.6886 | 60.5362 | -7.3316 | 0.0575 | 0.9974 | 0.0738

10 0.6479 | 60.7272 | -7.1407 | 0.0550 | 0.9975 | 0.0751

9 10 Ort. 0.6989 | 61.2174 | -6.6505 | 0.0501 | 0.9978 | 0.0757
1 0.7523 | 61.3382 | -6.5297 | 0.0478 | 0.9979 | 0.0872
2 0.6909 | 60.5528 | -7.3150 | 0.0573 | 0.9974 | 0.0855
3 0.8112 | 62.2797 | -5.5881 | 0.0385 | 0.9983 | 0.1029
4 0.7422 | 61.1517 | -6.7162 | 0.0499 | 0.9978 | 0.0844
5 0.6668 | 61.0626 | -6.8053 | 0.0509 | 0.9978 | 0.0737
6 0.6736 | 60.8993 | -6.9686 | 0.0529 | 0.9976 | 0.0532
7 0.6148 | 61.0113 | -6.8565 | 0.0515 | 0.9977 | 0.0496
8 0.6303 | 61.5991 | -6.2687 | 0.0450 | 0.9981 | 0.0599
9 0.8871 | 62.7374 | -5.1305 | 0.0346 | 0.9985 | 0.1097

10 0.5200 | 59.5414 | -8.3264 | 0.0723 | 0.9966 | 0.0506
10 10 Ort. 0.6945 | 61.7346 | -6.1333 | 0.0464 | 0.9979 | 0.0679
1 0.5743 | 59.7621 | -8.1057 | 0.0687 | 0.9967 | 0.0552
2 0.6910 | 61.9179 | -5.9500 | 0.0418 | 0.9982 | 0.0749
3 0.9140 | 63.3437 | -4.5242 | 0.0301 | 0.9987 | 0.0865
4 0.8111 | 63.1407 | -4.7272 | 0.0316 | 0.9986 | 0.0717
5 0.6237 | 61.2849 | -6.5830 | 0.0484 | 0.9978 | 0.0543
6 0.7286 | 64.0532 | -3.8147 | 0.0256 | 0.9989 | 0.0740
7 0.5272 | 59.9115 | -7.9564 | 0.0664 | 0.9970 | 0.0636
8 0.8507 | 63.0289 | -4.8389 | 0.0324 | 0.9986 | 0.0771
9 0.6365 | 61.1420 | -6.7258 | 0.0500 | 0.9977 | 0.0625
10 0.5879 | 59.7609 | -8.1069 | 0.0687 | 0.9968 | 0.0588
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Test_3, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.3), Operator Scale (0.5))

Kime | Maksimum | Tekrarlama | ¢ g0 | ysgo | sco | OkH | YBIO | KK
Sayisi (k) Dongii Sayisi Sayisi
2 10 Ort. 0.6853 | 62.9251 | -3.6651 | 0.0332 | 0.9985 | 0.0619
1 0.6848 | 62.9309 | -3.6593 | 0.0331 | 0.9985 | 0.0617
2 0.6848 | 62.9309 | -3.6593 | 0.0331 | 0.9985 | 0.0617
3 0.6848 | 62.9309 | -3.6593 | 0.0331 | 0.9985 | 0.0617
4 0.6848 | 62.9309 | -3.6593 | 0.0331 | 0.9985 | 0.0617
5 0.6858 | 62.9192 | -3.6709 | 0.0332 | 0.9985 | 0.0620
6 0.6858 | 62.9192 | -3.6709 | 0.0332 | 0.9985 | 0.0621
7 0.6858 | 62.9192 | -3.6709 | 0.0332 | 0.9985 | 0.0620
8 0.6848 | 62.9309 | -3.6593 | 0.0331 | 0.9985 | 0.0617
9 0.6858 | 62.9192 | -3.6709 | 0.0332 | 0.9985 | 0.0620
10 0.6858 | 62.9192 | -3.6709 | 0.0332 | 0.9985 | 0.0620
3 10 Ort. 0.6849 | 61.9831 | -4.6071 | 0.0412 | 0.9982 | 0.0637
1 0.6747 | 62.0102 | -4.5800 | 0.0409 | 0.9982 | 0.0598
2 0.6883 | 61.9871 | -4.6031 | 0.0412 | 0.9982 | 0.0693
3 0.6879 | 62.0425 | -4.5477 | 0.0406 | 0.9982 | 0.0612
4 0.6812 | 61.8295 | -4.7606 | 0.0427 | 0.9982 | 0.0692
5 0.6918 | 62.0593 | -4.5309 | 0.0405 | 0.9983 | 0.0614
6 0.6872 | 61.9385 | -4.6517 | 0.0416 | 0.9982 | 0.0657
7 0.6786 | 62.0287 | -4.5615 | 0.0408 | 0.9982 | 0.0589
8 0.6895 | 61.9276 | -4.6626 | 0.0417 | 0.9982 | 0.0688
9 0.6863 | 62.0306 | -4.5595 | 0.0407 | 0.9982 | 0.0610
10 0.6831 | 61.9773 | -4.6129 | 0.0412 | 0.9982 | 0.0621
4 10 Ort. 0.6676 | 61.3072 | -5.2830 | 0.0482 | 0.9979 | 0.0608
1 0.6589 | 61.1461 | -5.4440 | 0.0499 | 0.9978 | 0.0632
2 0.6609 | 61.1403 | -5.4498 | 0.0500 | 0.9978 | 0.0580
3 0.6620 | 61.1564 | -5.4338 | 0.0498 | 0.9978 | 0.0624
4 0.6609 | 61.0847 | -5.5055 | 0.0507 | 0.9978 | 0.0521
5 0.6544 | 61.6934 | -4.8968 | 0.0440 | 0.9981 | 0.0615
6 0.6848 | 61.4613 | -5.1288 | 0.0464 | 0.9980 | 0.0604
7 0.6668 | 61.0275 | -5.5626 | 0.0513 | 0.9978 | 0.0635
8 0.7016 | 62.0691 | -4.5210 | 0.0404 | 0.9983 | 0.0679
9 0.6569 | 61.2092 | -5.3809 | 0.0492 | 0.9978 | 0.0602
10 0.6692 | 61.0835 | -5.5067 | 0.0507 | 0.9978 | 0.0585
5 10 Ort. 0.6722 | 61.3601 | -5.2301 | 0.0478 | 0.9979 | 0.0615
1 0.6723 | 61.1598 | -5.4304 | 0.0498 | 0.9978 | 0.0593
2 0.6665 | 61.0023 | -5.5879 | 0.0516 | 0.9978 | 0.0639
3 0.6597 | 61.6108 | -4.9794 | 0.0449 | 0.9981 | 0.0578
4 0.7199 | 62.1119 | -4.4783 | 0.0400 | 0.9983 | 0.0660
5 0.6473 | 60.7984 | -5.7918 | 0.0541 | 0.9976 | 0.0563
6 0.6681 | 61.4176 | -5.1725 | 0.0469 | 0.9980 | 0.0604
7 0.6566 | 60.4964 | -6.0938 | 0.0580 | 0.9975 | 0.0654
8 0.6767 | 61.5817 | -5.0085 | 0.0452 | 0.9981 | 0.0603
9 0.6718 | 61.7223 | -4.8679 | 0.0437 | 0.9981 | 0.0618
10 0.6827 | 61.7001 | -4.8900 | 0.0440 | 0.9981 | 0.0636




129

6 10 Ort. 0.6723 | 61.2537 | -5.3365 | 0.0494 | 0.9979 | 0.0631
1 0.6823 | 61.5270 | -5.0632 | 0.0457 | 0.9981 | 0.0597
2 0.6660 | 60.8471 | -5.7431 | 0.0535 | 0.9977 | 0.0624
3 0.6605 | 60.6480 | -5.9422 | 0.0560 | 0.9976 | 0.0617
4 0.6721 | 61.6524 | -4.9377 | 0.0444 | 0.9981 | 0.0567
5 0.6676 | 60.6035 | -5.9867 | 0.0566 | 0.9975 | 0.0696
6 0.6797 | 62.0570 | -4.5331 | 0.0405 | 0.9982 | 0.0618
7 0.6804 | 62.0328 | -4.5573 | 0.0407 | 0.9983 | 0.0580
8 0.7217 | 62.3225 | -4.2677 | 0.0381 | 0.9984 | 0.0762
9 0.6495 | 60.3165 | -6.2736 | 0.0605 | 0.9974 | 0.0647

10 0.6433 | 60.5300 | -6.0601 | 0.0576 | 0.9975 | 0.0606

7 10 Ort. 0.6393 | 61.0827 | -5.5075 | 0.0512 | 0.9978 | 0.0547
1 0.6306 | 60.8334 | -5.7568 | 0.0537 | 0.9977 | 0.0512
2 0.6580 | 61.1319 | -5.4583 | 0.0501 | 0.9978 | 0.0563
3 0.6210 | 60.5403 | -6.0499 | 0.0574 | 0.9974 | 0.0543
4 0.6801 | 62.1207 | -4.4695 | 0.0399 | 0.9983 | 0.0570
5 0.6318 | 61.7950 | -4.7952 | 0.0430 | 0.9981 | 0.0443
6 0.6445 | 60.6799 | -5.9103 | 0.0556 | 0.9976 | 0.0546
7 0.6405 | 61.0273 | -5.5629 | 0.0513 | 0.9977 | 0.0568
8 0.6217 | 60.7540 | -5.8362 | 0.0547 | 0.9976 | 0.0569
9 0.6362 | 60.0893 | -6.5009 | 0.0637 | 0.9972 | 0.0605

10 0.6290 | 61.8549 | -4.7352 | 0.0424 | 0.9981 | 0.0550

8 10 Ort. 0.6565 | 60.9001 | -5.6901 | 0.0533 | 0.9977 | 0.0589
1 0.6535 | 60.3003 | -6.2899 | 0.0607 | 0.9974 | 0.0670
2 0.6593 | 61.1782 | -5.4120 | 0.0496 | 0.9979 | 0.0576
3 0.6341 | 60.4015 | -6.1886 | 0.0593 | 0.9974 | 0.0502
4 0.6678 | 60.7800 | -5.8102 | 0.0543 | 0.9976 | 0.0587
5 0.6504 | 60.7083 | -5.8819 | 0.0552 | 0.9976 | 0.0567
6 0.6386 | 60.9388 | -5.6513 | 0.0524 | 0.9977 | 0.0569
7 0.6636 | 60.9320 | -5.6582 | 0.0525 | 0.9977 | 0.0615
8 0.6186 | 60.3384 | -6.2518 | 0.0602 | 0.9973 | 0.0466
9 0.6983 | 62.3076 | -4.2826 | 0.0382 | 0.9984 | 0.0646

10 0.6810 | 61.1159 | -5.4743 | 0.0503 | 0.9978 | 0.0690

9 10 Ort. 0.6318 | 61.1228 | -5.4674 | 0.0512 | 0.9978 | 0.0509
1 0.6719 | 61.0174 | -5.5728 | 0.0514 | 0.9978 | 0.0562
2 0.6315 | 61.0681 | -5.5221 | 0.0508 | 0.9978 | 0.0495
3 0.6268 | 59.9784 | -6.6118 | 0.0653 | 0.9971 | 0.0561
4 0.6630 | 61.8177 | -4.7725 | 0.0428 | 0.9982 | 0.0555
5 0.6296 | 61.6427 | -4.9475 | 0.0445 | 0.9981 | 0.0440
6 0.6149 | 60.2433 | -6.3468 | 0.0615 | 0.9973 | 0.0542
7 0.5994 | 60.8773 | -5.7129 | 0.0531 | 0.9976 | 0.0499
8 0.5973 | 62.9000 | -3.6902 | 0.0333 | 0.9985 | 0.0286
9 0.6539 | 61.7601 | -4.8300 | 0.0434 | 0.9982 | 0.0573

10 0.6299 | 59.9230 | -6.6671 | 0.0662 | 0.9970 | 0.0580
10 10 Ort. 0.6205 | 60.8569 | -5.7332 | 0.0543 | 0.9976 | 0.0513
1 0.5849 | 61.1369 | -5.4532 | 0.0500 | 0.9977 | 0.0474
2 0.6598 | 60.3588 | -6.2314 | 0.0599 | 0.9974 | 0.0608
3 0.6290 | 60.4708 | -6.1194 | 0.0583 | 0.9974 | 0.0505
4 0.6046 | 60.4165 | -6.1736 | 0.0591 | 0.9974 | 0.0427
5 0.6205 | 59.9701 | -6.6201 | 0.0655 | 0.9970 | 0.0491
6 0.6289 | 60.5277 | -6.0625 | 0.0576 | 0.9974 | 0.0587
7 0.5960 | 62.8861 | -3.7041 | 0.0335 | 0.9985 | 0.0432
8 0.6276 | 60.8102 | -5.7800 | 0.0540 | 0.9977 | 0.0552
9 0.6239 | 60.3184 | -6.2718 | 0.0604 | 0.9973 | 0.0545
10 0.6297 | 61.6739 | -4.9162 | 0.0442 | 0.9980 | 0.0504
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Test_4, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.2), Operator Scale (0.5))

Kime | Maksimum | Tekrarlama | ¢ g0 | vsgo | sGo | OKH | YBIO | KK
Sayisi (k) Dongii Sayisi Sayisi
2 10 Ort. 0.5538 | 61.4912 | -2.9457 | 0.0462 | 0.9980 | 0.0938
1 0.6004 | 61.5434 | -2.8935 | 0.0456 | 0.9981 | 0.1011
2 0.5804 | 61.7823 | -2.6545 | 0.0431 | 0.9982 | 0.1063
3 0.5253 | 61.4709 | -2.9659 | 0.0463 | 0.9980 | 0.0893
4 0.5161 | 61.4508 | -2.9860 | 0.0466 | 0.9979 | 0.0899
5 0.5107 | 60.9633 | -3.4735 | 0.0521 | 0.9976 | 0.0780
6 0.5836 | 61.8072 | -2.6296 | 0.0429 | 0.9982 | 0.1066
7 0.5182 | 61.0585 | -3.3784 | 0.0510 | 0.9977 | 0.0802
8 0.5813 | 61.7263 | -2.7105 | 0.0437 | 0.9981 | 0.0856
9 0.5738 | 61.6972 | -2.7397 | 0.0440 | 0.9981 | 0.1057
10 0.5483 | 61.4116 | -3.0252 | 0.0470 | 0.9980 | 0.0948
3 10 Ort. 0.5574 | 60.7327 | -3.7041 | 0.0551 | 0.9976 | 0.0963
1 0.5657 | 60.7288 | -3.7080 | 0.0550 | 0.9977 | 0.1070
2 0.5738 | 60.7575 | -3.6793 | 0.0546 | 0.9977 | 0.1088
3 0.5627 | 60.7162 | -3.7206 | 0.0551 | 0.9977 | 0.1099
4 0.5978 | 61.4405 | -2.9963 | 0.0467 | 0.9980 | 0.1044
5 0.5689 | 61.2707 | -3.1662 | 0.0485 | 0.9979 | 0.1003
6 0.5224 | 60.2085 | -4.2284 | 0.0620 | 0.9973 | 0.0777
7 0.5216 | 60.9988 | -3.4380 | 0.0517 | 0.9977 | 0.0878
8 0.5414 | 60.3390 | -4.0978 | 0.0601 | 0.9974 | 0.0821
9 0.5496 | 60.4358 | -4.0011 | 0.0588 | 0.9975 | 0.0888
10 0.5697 | 60.4315 | -4.0054 | 0.0589 | 0.9975 | 0.0957
4 10 Ort. 0.5297 | 59.7947 | -4.6421 | 0.0684 | 0.9971 | 0.0866
1 0.5300 | 59.5266 | -4.9102 | 0.0725 | 0.9969 | 0.0927
2 0.5305 | 59.5568 | -4.8800 | 0.0720 | 0.9970 | 0.0939
3 0.5392 | 59.8421 | -4.5947 | 0.0674 | 0.9972 | 0.1098
4 0.4951 | 59.7304 | -4.7064 | 0.0692 | 0.9970 | 0.0670
5 0.5441 | 59.5824 | -4.8544 | 0.0716 | 0.9970 | 0.0882
6 0.5441 | 60.2286 | -4.2083 | 0.0617 | 0.9974 | 0.0851
7 0.4974 | 59.4214 | -5.0154 | 0.0743 | 0.9968 | 0.0665
8 0.5337 | 59.6685 | -4.7684 | 0.0702 | 0.9971 | 0.0754
9 0.5306 | 59.8728 | -4.5641 | 0.0670 | 0.9971 | 0.0846
10 0.5520 | 60.5177 | -3.9191 | 0.0577 | 0.9975 | 0.1029
5 10 Ort. 0.5220 | 59.5566 | -4.8803 | 0.0724 | 0.9969 | 0.0867
1 0.5398 | 59.5750 | -4.8619 | 0.0717 | 0.9969 | 0.0839
2 0.5077 | 59.2049 | -5.2319 | 0.0781 | 0.9967 | 0.0867
3 0.5014 | 59.8119 | -4.6250 | 0.0679 | 0.9971 | 0.0776
4 0.4771 | 58.9264 | -5.5104 | 0.0833 | 0.9964 | 0.0728
5 0.5313 | 59.7667 | -4.6701 | 0.0686 | 0.9971 | 0.0979
6 0.4948 | 59.1026 | -5.3342 | 0.0799 | 0.9965 | 0.0663
7 0.5096 | 59.2858 | -5.1511 | 0.0766 | 0.9967 | 0.0945
8 0.5515 | 60.2719 | -4.1650 | 0.0611 | 0.9974 | 0.0873
9 0.5865 | 60.2933 | -4.1436 | 0.0608 | 0.9975 | 0.1188
10 0.5206 | 59.3274 | -5.1095 | 0.0759 | 0.9968 | 0.0815
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6 10 Ort. 0.5314 | 59.4128 | -5.0241 | 0.0749 | 0.9968 | 0.0885
1 0.5513 | 59.4479 | -4.9890 | 0.0738 | 0.9969 | 0.0890
2 0.5444 | 59.2399 | -5.1970 | 0.0775 | 0.9967 | 0.0945
3 0.5030 | 58.5198 | -5.9171 | 0.0914 | 0.9961 | 0.0661
4 0.5746 | 59.9515 | -4.4853 | 0.0658 | 0.9973 | 0.1139
5 0.4750 | 58.9320 | -5.5048 | 0.0832 | 0.9963 | 0.0773
6 0.5403 | 59.3769 | -5.0599 | 0.0751 | 0.9968 | 0.0962
7 0.5864 | 60.1477 | -4.2891 | 0.0629 | 0.9974 | 0.1179
8 0.5198 | 59.8051 | -4.6317 | 0.0680 | 0.9971 | 0.0830
9 0.5336 | 59.3098 | -5.1271 | 0.0762 | 0.9968 | 0.0772

10 0.4852 | 59.3972 | -5.0396 | 0.0747 | 0.9967 | 0.0695

7 10 Ort. 0.5486 | 60.2978 | -4.1390 | 0.0623 | 0.9974 | 0.0978
1 0.5892 | 60.0241 | -4.4127 | 0.0647 | 0.9974 | 0.1177
2 0.5733 | 59.7494 | -4.6874 | 0.0689 | 0.9972 | 0.1127
3 0.5676 | 60.4577 | -3.9792 | 0.0585 | 0.9976 | 0.0946
4 0.5434 | 60.4260 | -4.0108 | 0.0589 | 0.9975 | 0.0910
5 0.5879 | 60.6339 | -3.8029 | 0.0562 | 0.9976 | 0.1213
6 0.5294 | 59.2643 | -5.1725 | 0.0770 | 0.9967 | 0.1037
7 0.5844 | 61.0425 | -3.3944 | 0.0511 | 0.9978 | 0.1192
8 0.4695 | 62.8495 | -1.5874 | 0.0337 | 0.9983 | 0.0603
9 0.5223 | 59.2588 | -5.1780 | 0.0771 | 0.9967 | 0.0876

10 0.5191 | 59.2721 | -5.1648 | 0.0769 | 0.9967 | 0.0694

8 10 Ort. 0.5138 | 59.4232 | -5.0136 | 0.0762 | 0.9967 | 0.0887
1 0.5123 | 58.9831 | -5.4537 | 0.0822 | 0.9965 | 0.0806
2 0.5269 | 59.2984 | -5.1384 | 0.0764 | 0.9968 | 0.1152
3 0.4885 | 58.2185 | -6.2183 | 0.0980 | 0.9958 | 0.0793
4 0.5927 | 61.4592 | -2.9776 | 0.0465 | 0.9981 | 0.1020
5 0.5070 | 58.4652 | -5.9716 | 0.0926 | 0.9960 | 0.0934
6 0.5384 | 60.0730 | -4.3638 | 0.0639 | 0.9973 | 0.1005
7 0.5535 | 60.7766 | -3.6602 | 0.0544 | 0.9977 | 0.1241
8 0.4573 | 59.0935 | -5.3434 | 0.0801 | 0.9964 | 0.0578
9 0.5161 | 59.5883 | -4.8485 | 0.0715 | 0.9969 | 0.0756

10 0.4455 | 58.2763 | -6.1606 | 0.0967 | 0.9956 | 0.0583

9 10 Ort. 0.5422 | 59.8634 | -4.5735 | 0.0691 | 0.9971 | 0.0910
1 0.5491 | 59.0551 | -5.3817 | 0.0808 | 0.9967 | 0.0919
2 0.5922 | 61.0513 | -3.3855 | 0.0510 | 0.9978 | 0.1129
3 0.4937 | 58.6291 | -5.8077 | 0.0892 | 0.9961 | 0.0750
4 0.5389 | 59.0264 | -5.4104 | 0.0814 | 0.9966 | 0.1023
5 0.5149 | 59.9648 | -4.4720 | 0.0656 | 0.9971 | 0.0661
6 0.4320 | 59.9691 | -4.4677 | 0.0655 | 0.9970 | 0.0612
7 0.5208 | 58.8193 | -5.6175 | 0.0853 | 0.9964 | 0.0929
8 0.5101 | 59.5812 | -4.8556 | 0.0716 | 0.9969 | 0.0707
9 0.5756 | 60.0725 | -4.3644 | 0.0639 | 0.9974 | 0.1060

10 0.6949 | 62.4649 | -1.9720 | 0.0369 | 0.9986 | 0.1309
10 10 Ort. 0.5198 | 59.6738 | -4.7631 | 0.0709 | 0.9969 | 0.0864
1 0.5017 | 59.9409 | -4.4959 | 0.0659 | 0.9971 | 0.0713
2 0.4930 | 59.9735 | -4.4633 | 0.0654 | 0.9971 | 0.0584
3 0.5138 | 59.1274 | -5.3095 | 0.0795 | 0.9966 | 0.0880
4 0.5315 | 59.1486 | -5.2883 | 0.0791 | 0.9967 | 0.0977
5 0.4735 | 60.1993 | -4.2376 | 0.0621 | 0.9972 | 0.0506
6 0.5328 | 59.3644 | -5.0724 | 0.0753 | 0.9967 | 0.0992
7 0.5145 | 59.8141 | -4.6227 | 0.0679 | 0.9970 | 0.0928
8 0.5115 | 58.9494 | -5.4874 | 0.0828 | 0.9965 | 0.0844
9 0.5125 | 59.0091 | -5.4278 | 0.0817 | 0.9965 | 0.0993
10 0.6127 | 61.2111 | -3.2257 | 0.0492 | 0.9980 | 0.1218




132

Test_5, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.1), Operator Scale (0.5))

Kiime Sayisi I\./_Iakfimum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.7238 | 61.6080 | -2.0710 | 0.0450 | 0.9981 | 0.1058
1 0.7295 | 61.8517 | -1.8273 | 0.0425 | 0.9982 | 0.1110
2 0.7316 | 61.6977 | -1.9812 | 0.0440 | 0.9981 | 0.1069
3 0.6728 | 60.8970 | -2.7820 | 0.0529 | 0.9978 | 0.0932
4 0.7340 | 61.6856 | -1.9934 | 0.0441 | 0.9981 | 0.1073
5 0.7337 | 61.7777 | -1.9013 | 0.0432 | 0.9982 | 0.1097
6 0.7310 | 61.8057 | -1.8733 | 0.0429 | 0.9982 | 0.1095
7 0.7388 | 61.5907 | -2.0882 | 0.0451 | 0.9981 | 0.1052
8 0.7296 | 61.8541 | -1.8248 | 0.0424 | 0.9982 | 0.1106
9 0.7032 | 61.1401 | -2.5389 | 0.0500 | 0.9979 | 0.0957
10 0.7342 | 61.7792 | -1.8997 | 0.0432 | 0.9982 | 0.1087
3 10 Ort. 0.6409 | 59.9159 | -3.7631 | 0.0666 | 0.9973 | 0.0956
1 0.6354 | 59.8151 | -3.8638 | 0.0679 | 0.9972 | 0.1023
2 0.6026 | 59.4354 | -4.2435 | 0.0741 | 0.9969 | 0.0808
3 0.6305 | 60.1172 | -3.5617 | 0.0633 | 0.9974 | 0.1004
4 0.6904 | 60.7369 | -2.9421 | 0.0549 | 0.9978 | 0.1020
5 0.6790 | 60.5620 | -3.1170 | 0.0571 | 0.9977 | 0.0937
6 0.6341 | 59.8346 | -3.8443 | 0.0675 | 0.9972 | 0.1009
7 0.6358 | 59.7738 | -3.9052 | 0.0685 | 0.9972 | 0.0952
8 0.6320 | 59.5349 | -4.1440 | 0.0724 | 0.9970 | 0.0872
9 0.6328 | 59.7186 | -3.9603 | 0.0694 | 0.9971 | 0.0972
10 0.6363 | 59.6301 | -4.0483 | 0.0708 | 0.9971 | 0.0962
4 10 Ort. 0.5741 | 58.8349 | -4.8441 | 0.0852 | 0.9964 | 0.0764
1 0.6041 | 59.1281 | -4.5509 | 0.0795 | 0.9967 | 0.0753
2 0.6257 | 59.2715 | -4.4075 | 0.0769 | 0.9969 | 0.0857
3 0.5262 | 58.6294 | -5.0496 | 0.0892 | 0.9962 | 0.0722
4 0.5758 | 58.9714 | -4.7076 | 0.0824 | 0.9965 | 0.0713
5 0.5924 | 59.0590 | -4.6200 | 0.0808 | 0.9966 | 0.0730
6 0.5442 | 58.4325 | -5.2464 | 0.0933 | 0.9960 | 0.0833
7 0.5730 | 58.6082 | -5.0708 | 0.0896 | 0.9962 | 0.0812
8 0.5823 | 58.9482 | -4.7307 | 0.0828 | 0.9965 | 0.0712
9 0.5840 | 58.6813 | -4.9977 | 0.0881 | 0.9963 | 0.0785
10 0.5333 | 58.6197 | -5.0593 | 0.0894 | 0.9962 | 0.0721
5 10 Ort. 0.5661 | 58.4603 | -5.2186 | 0.0929 | 0.9961 | 0.0771
1 0.6169 | 58.8952 | -4.7837 | 0.0839 | 0.9966 | 0.0865
2 0.5285 | 58.1966 | -5.4824 | 0.0985 | 0.9958 | 0.0710
3 0.5559 | 58.2593 | -5.4197 | 0.0971 | 0.9958 | 0.0810
4 0.5901 | 58.8031 | -4.8759 | 0.0857 | 0.9964 | 0.0836
5 0.5669 | 58.5322 | -5.1468 | 0.0912 | 0.9962 | 0.0772
6 0.5575 | 58.4959 | -5.1830 | 0.0919 | 0.9961 | 0.0664
7 0.5640 | 58.2548 | -5.4241 | 0.0972 | 0.9959 | 0.0764
8 0.6134 | 58.7923 | -4.8866 | 0.0859 | 0.9965 | 0.0905
9 0.5586 | 58.3972 | -5.2817 | 0.0940 | 0.9960 | 0.0758
10 0.5090 | 57.9767 | -5.7022 | 0.1036 | 0.9955 | 0.0630
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6 10 Ort. 0.5267 | 57.8832 | -5.7957 | 0.1066 | 0.9954 | 0.0684
1 0.4970 | 57.3633 | -6.3157 | 0.1193 | 0.9948 | 0.0621
2 0.5467 | 58.3185 | -5.3605 | 0.0958 | 0.9959 | 0.0713
3 0.4694 | 57.1386 | -6.5404 | 0.1257 | 0.9944 | 0.0588
4 0.5128 | 57.3266 | -6.3523 | 0.1203 | 0.9948 | 0.0712
5 0.5652 | 57.9701 | -5.7089 | 0.1038 | 0.9956 | 0.0781
6 0.5372 | 58.1574 | -5.5216 | 0.0994 | 0.9958 | 0.0737
7 0.5058 | 58.3785 | -5.3004 | 0.0945 | 0.9959 | 0.0586
8 0.4932 | 57.4657 | -6.2133 | 0.1166 | 0.9949 | 0.0602
9 0.5384 | 58.0663 | -5.6126 | 0.1015 | 0.9957 | 0.0665

10 0.6011 | 58.6474 | -5.0316 | 0.0888 | 0.9963 | 0.0833

7 10 Ort. 0.5308 | 57.9799 | -5.6991 | 0.1040 | 0.9955 | 0.0672
1 0.4827 | 57.2345 | -6.4444 | 0.1229 | 0.9946 | 0.0515
2 0.5461 | 58.1987 | -5.4802 | 0.0984 | 0.9958 | 0.0792
3 0.5202 | 57.3363 | -6.3427 | 0.1201 | 0.9947 | 0.0665
4 0.5085 | 57.8082 | -5.8708 | 0.1077 | 0.9953 | 0.0564
5 0.5266 | 58.4248 | -5.2542 | 0.0935 | 0.9959 | 0.0534
6 0.5452 | 58.0744 | -5.6045 | 0.1013 | 0.9957 | 0.0811
7 0.5674 | 58.2166 | -5.4624 | 0.0980 | 0.9958 | 0.0805
8 0.4619 | 58.2863 | -5.3927 | 0.0965 | 0.9956 | 0.0436
9 0.5458 | 57.7518 | -5.9272 | 0.1091 | 0.9953 | 0.0781

10 0.6036 | 58.4669 | -5.2121 | 0.0926 | 0.9962 | 0.0817

8 10 Ort. 0.5253 | 57.7698 | -5.9092 | 0.1111 | 0.9951 | 0.0690
1 0.4384 | 57.1796 | -6.4994 | 0.1245 | 0.9943 | 0.0502
2 0.7237 | 60.5904 | -3.0885 | 0.0568 | 0.9977 | 0.1094
3 0.5026 | 56.9270 | -6.7520 | 0.1319 | 0.9938 | 0.0584
4 0.4781 | 57.1531 | -6.5259 | 0.1252 | 0.9944 | 0.0534
5 0.5322 | 57.8221 | -5.8568 | 0.1074 | 0.9954 | 0.0741
6 0.5453 | 57.9584 | -5.7206 | 0.1041 | 0.9955 | 0.0785
7 0.4727 | 57.7232 | -5.9557 | 0.1098 | 0.9951 | 0.0566
8 0.5210 | 57.4736 | -6.2054 | 0.1163 | 0.9950 | 0.0690
9 0.5466 | 57.7078 | -5.9712 | 0.1102 | 0.9952 | 0.0791

10 0.4921 | 57.1626 | -6.5164 | 0.1250 | 0.9945 | 0.0616

9 10 Ort. 0.5069 | 57.8704 | -5.8085 | 0.1071 | 0.9953 | 0.0661
1 0.5013 | 57.2384 | -6.4405 | 0.1228 | 0.9946 | 0.0616
2 0.4814 | 57.3451 | -6.3339 | 0.1198 | 0.9948 | 0.0643
3 0.5271 | 57.6025 | -6.0765 | 0.1129 | 0.9952 | 0.0758
4 0.4992 | 57.3470 | -6.3320 | 0.1198 | 0.9946 | 0.0557
5 0.4623 | 57.5971 | -6.0818 | 0.1131 | 0.9951 | 0.0539
6 0.5345 | 58.4662 | -5.2128 | 0.0926 | 0.9961 | 0.0890
7 0.5280 | 57.7963 | -5.8826 | 0.1080 | 0.9953 | 0.0593
8 0.3942 | 58.4996 | -5.1793 | 0.0919 | 0.9956 | 0.0281
9 0.5834 | 59.0606 | -4.6184 | 0.0807 | 0.9966 | 0.0917

10 0.5571 | 57.7515 | -5.9275 | 0.1091 | 0.9953 | 0.0812
10 10 Ort. 0.4847 | 57.4789 | -6.2000 | 0.1173 | 0.9947 | 0.0580
1 0.5873 | 58.3960 | -5.2830 | 0.0941 | 0.9960 | 0.0848
2 0.4779 | 57.0507 | -6.6282 | 0.1282 | 0.9943 | 0.0579
3 0.5262 | 56.9931 | -6.6859 | 0.1299 | 0.9941 | 0.0766
4 0.4736 | 57.6939 | -5.9851 | 0.1106 | 0.9950 | 0.0545
5 0.4733 | 58.5172 | -5.1618 | 0.0915 | 0.9959 | 0.0601
6 0.4605 | 57.1428 | -6.5362 | 0.1255 | 0.9942 | 0.0526
7 0.5659 | 58.1167 | -5.5623 | 0.1003 | 0.9957 | 0.0748
8 0.4174 | 56.8436 | -6.8354 | 0.1345 | 0.9937 | 0.0336
9 0.4112 | 57.1309 | -6.5480 | 0.1259 | 0.9942 | 0.0340
10 0.4540 | 56.9044 | -6.7745 | 0.1326 | 0.9939 | 0.0509
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Test_6, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

Kiime Sayisi I\./_Iakfimum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.5024 | 64.5466 | -2.5494 | 0.0228 | 0.9990 | 0.1104
1 0.5026 | 64.5464 | -2.5496 | 0.0228 | 0.9990 | 0.1107
2 0.5017 | 64.5478 | -2.5482 | 0.0228 | 0.9990 | 0.1100
3 0.5026 | 64.5464 | -2.5496 | 0.0228 | 0.9990 | 0.1107
4 0.5017 | 64.5478 | -2.5482 | 0.0228 | 0.9990 | 0.1100
5 0.5026 | 64.5464 | -2.5496 | 0.0228 | 0.9990 | 0.1107
6 0.5026 | 64.5464 | -2.5496 | 0.0228 | 0.9990 | 0.1107
7 0.5017 | 64.5478 | -2.5482 | 0.0228 | 0.9990 | 0.1100
8 0.5026 | 64.5464 | -2.5496 | 0.0228 | 0.9990 | 0.1107
9 0.5017 | 64.5478 | -2.5482 | 0.0228 | 0.9990 | 0.1100
10 0.5040 | 64.5427 | -2.5533 | 0.0228 | 0.9990 | 0.1104
3 10 Ort. 0.6612 | 64.6786 | -2.4175 | 0.0222 | 0.9991 | 0.1813
1 0.6649 | 64.7949 | -2.3012 | 0.0216 | 0.9992 | 0.1820
2 0.5974 | 63.9836 | -3.1125 | 0.0260 | 0.9989 | 0.1594
3 0.6594 | 64.8019 | -2.2941 | 0.0215 | 0.9991 | 0.1827
4 0.6484 | 64.7144 | -2.3816 | 0.0220 | 0.9991 | 0.1761
5 0.6799 | 64.5124 | -2.5836 | 0.0230 | 0.9991 | 0.1888
6 0.6013 | 64.3432 | -2.7528 | 0.0239 | 0.9990 | 0.1421
7 0.7055 | 64.9989 | -2.0971 | 0.0206 | 0.9992 | 0.2040
8 0.6835 | 64.8885 | -2.2075 | 0.0211 | 0.9992 | 0.1907
9 0.7067 | 64.9531 | -2.1429 | 0.0208 | 0.9992 | 0.2047
10 0.6649 | 64.7949 | -2.3012 | 0.0216 | 0.9992 | 0.1820
4 10 Ort. 0.7192 | 65.0738 | -2.0222 | 0.0203 | 0.9992 | 0.1824
1 0.6406 | 65.1978 | -1.8982 | 0.0196 | 0.9992 | 0.1622
2 0.6292 | 65.0929 | -2.0031 | 0.0201 | 0.9992 | 0.1642
3 0.6726 | 65.2021 | -1.8939 | 0.0196 | 0.9992 | 0.1700
4 0.7715 | 64.5206 | -2.5754 | 0.0230 | 0.9992 | 0.2057
5 0.9082 | 65.7913 | -1.3047 | 0.0171 | 0.9994 | 0.1800
6 0.7291 | 65.4036 | -1.6924 | 0.0187 | 0.9992 | 0.1949
7 0.7693 | 64.4805 | -2.6155 | 0.0232 | 0.9992 | 0.2066
8 0.7187 | 65.3363 | -1.7597 | 0.0190 | 0.9992 | 0.1918
9 0.6371 | 64.2195 | -2.8765 | 0.0246 | 0.9990 | 0.1640
10 0.7161 | 65.4933 | -1.6027 | 0.0184 | 0.9993 | 0.1845
5 10 Ort. 0.7322 | 64.6405 | -2.4555 | 0.0226 | 0.9991 | 0.1716
1 0.7827 | 64.5078 | -2.5882 | 0.0230 | 0.9992 | 0.1956
2 0.7624 | 64.6889 | -2.4071 | 0.0221 | 0.9992 | 0.1642
3 0.6781 | 63.1654 | -3.9306 | 0.0314 | 0.9988 | 0.1675
4 0.6871 | 63.9811 | -3.1149 | 0.0260 | 0.9990 | 0.1435
5 0.7238 | 64.4894 | -2.6066 | 0.0231 | 0.9991 | 0.1650
6 0.8135 | 65.0532 | -2.0429 | 0.0203 | 0.9992 | 0.1899
7 0.6267 | 65.1637 | -1.9323 | 0.0198 | 0.9992 | 0.1534
8 0.6001 | 64.9554 | -2.1406 | 0.0208 | 0.9991 | 0.1518
9 0.8643 | 65.4650 | -1.6311 | 0.0185 | 0.9993 | 0.1844
10 0.7834 | 64.9352 | -2.1608 | 0.0209 | 0.9992 | 0.2002
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6 10 Ort. 0.7370 | 64.1342 | -2.9619 | 0.0256 | 0.9990 | 0.1732
1 0.8366 | 64.8732 | -2.2228 | 0.0212 | 0.9992 | 0.1870
2 0.7548 | 64.8349 | -2.2611 | 0.0214 | 0.9992 | 0.1776
3 0.9404 | 65.4564 | -1.639% | 0.0185 | 0.9994 | 0.2239
4 0.5723 | 63.6353 | -3.4608 | 0.0282 | 0.9988 | 0.1499
5 0.7123 | 63.8906 | -3.2054 | 0.0265 | 0.9990 | 0.1473
6 0.6477 | 63.1659 | -3.9302 | 0.0314 | 0.9987 | 0.1489
7 0.6820 | 63.7355 | -3.3606 | 0.0275 | 0.9990 | 0.1653
8 0.6686 | 63.2081 | -3.8879 | 0.0311 | 0.9988 | 0.1600
9 0.6779 | 63.1449 | -3.9511 | 0.0315 | 0.9988 | 0.1852

10 0.8774 | 65.3967 | -1.6993 | 0.0188 | 0.9993 | 0.1871

7 10 Ort. 0.6769 | 63.6606 | -3.4354 | 0.0282 | 0.9989 | 0.1625
1 0.6893 | 63.6108 | -3.4852 | 0.0283 | 0.9989 | 0.1512
2 0.5952 | 62.6835 | -4.4125 | 0.0351 | 0.9986 | 0.1350
3 0.7398 | 64.1865 | -2.9095 | 0.0248 | 0.9991 | 0.2030
4 0.7093 | 63.7514 | -3.3446 | 0.0274 | 0.9990 | 0.1825
5 0.7417 | 64.1463 | -2.9497 | 0.0250 | 0.9990 | 0.1688
6 0.5764 | 63.1618 | -3.9342 | 0.0314 | 0.9987 | 0.1506
7 0.6622 | 63.1274 | -3.9687 | 0.0316 | 0.9987 | 0.1540
8 0.7815 | 64.2924 | -2.8036 | 0.0242 | 0.9991 | 0.2040
9 0.6464 | 63.2389 | -3.8571 | 0.0308 | 0.9988 | 0.1384

10 0.6268 | 64.4071 | -2.6889 | 0.0236 | 0.9990 | 0.1370

8 10 Ort. 0.6454 | 63.1776 | -3.9185 | 0.0319 | 0.9987 | 0.1538
1 0.6074 | 62.2679 | -4.8282 | 0.0386 | 0.9984 | 0.1574
2 0.5350 | 62.8232 | -4.2728 | 0.0339 | 0.9986 | 0.1374
3 0.6623 | 63.1572 | -3.9388 | 0.0314 | 0.9988 | 0.1547
4 0.6917 | 62.9307 | -4.1653 | 0.0331 | 0.9987 | 0.1659
5 0.6427 | 62.8087 | -4.2873 | 0.0341 | 0.9987 | 0.1739
6 0.8212 | 65.1960 | -1.9001 | 0.0197 | 0.9992 | 0.1818
7 0.6744 | 63.7638 | -3.3322 | 0.0273 | 0.9989 | 0.1843
8 0.5715 | 61.9827 | -5.1133 | 0.0412 | 0.9983 | 0.1035
9 0.7155 | 63.8999 | -3.1961 | 0.0265 | 0.9990 | 0.1623

10 0.5325 | 62.9456 | -4.1505 | 0.0330 | 0.9986 | 0.1163

9 10 Ort. 0.5664 | 62.9721 | -4.1240 | 0.0334 | 0.9986 | 0.1159
1 0.6297 | 62.6940 | -4.4021 | 0.0350 | 0.9986 | 0.1453
2 0.5779 | 62.4011 | -4.6949 | 0.0374 | 0.9985 | 0.1393
3 0.6811 | 63.7290 | -3.3670 | 0.0276 | 0.9990 | 0.1659
4 0.5144 | 61.7318 | -5.3642 | 0.0436 | 0.9981 | 0.0848
5 0.4480 | 62.6293 | -4.4667 | 0.0355 | 0.9984 | 0.0538
6 0.4507 | 63.2496 | -3.8465 | 0.0308 | 0.9986 | 0.0974
7 0.5496 | 63.8979 | -3.1981 | 0.0265 | 0.9988 | 0.1301
8 0.6033 | 62.7930 | -4.3030 | 0.0342 | 0.9985 | 0.1171
9 0.5201 | 62.1894 | -4.9066 | 0.0393 | 0.9983 | 0.1277

10 0.6895 | 64.4054 | -2.6907 | 0.0236 | 0.9990 | 0.0973
10 10 Ort. 0.5923 | 62.9900 | -4.1060 | 0.0331 | 0.9986 | 0.1220
1 0.5000 | 63.4071 | -3.6889 | 0.0297 | 0.9986 | 0.0677
2 0.4117 | 62.6749 | -4.4211 | 0.0351 | 0.9984 | 0.0614
3 0.6262 | 62.2262 | -4.8698 | 0.0389 | 0.9985 | 0.1623
4 0.5435 | 63.2193 | -3.8767 | 0.0310 | 0.9987 | 0.1389
5 0.5957 | 62.1855 | -4.9105 | 0.0393 | 0.9983 | 0.1369
6 0.5607 | 62.1518 | -4.9442 | 0.0396 | 0.9983 | 0.0934
7 0.5538 | 62.6217 | -4.4743 | 0.0356 | 0.9985 | 0.1002
8 0.6284 | 63.2794 | -3.8166 | 0.0306 | 0.9987 | 0.0889
9 0.7490 | 64.6316 | -2.4644 | 0.0224 | 0.9992 | 0.1810
10 0.7535 | 63.5027 | -3.5933 | 0.0290 | 0.9989 | 0.1889
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Test_7, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

Kiime Sayisi I\./_Iakfimum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.4409 | 65.3697 | -3.3787 | 0.0189 | 0.9991 | 0.0343
1 0.4269 | 65.3640 | -3.3844 | 0.0189 | 0.9991 | 0.0311
2 0.4269 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0311
3 0.4269 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0311
4 0.5622 | 65.3970 | -3.3515 | 0.0188 | 0.9992 | 0.0624
5 0.4312 | 65.3878 | -3.3606 | 0.0188 | 0.9991 | 0.0318
6 0.4269 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0311
7 0.4269 | 65.3640 | -3.3844 | 0.0189 | 0.9991 | 0.0311
8 0.4269 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0311
9 0.4269 | 65.3640 | -3.3844 | 0.0189 | 0.9991 | 0.0311
10 0.4269 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0311
3 10 Ort. 0.5607 | 64.9240 | -3.8245 | 0.0209 | 0.9991 | 0.0663
1 0.6091 | 64.9281 | -3.8204 | 0.0209 | 0.9991 | 0.0722
2 0.5863 | 65.0928 | -3.6557 | 0.0201 | 0.9992 | 0.0776
3 0.5937 | 65.0467 | -3.7017 | 0.0203 | 0.9992 | 0.0792
4 0.5137 | 64.4320 | -4.3165 | 0.0234 | 0.9990 | 0.0561
5 0.5195 | 64.8215 | -3.9270 | 0.0214 | 0.9991 | 0.0449
6 0.5787 | 65.0983 | -3.6502 | 0.0201 | 0.9992 | 0.0744
7 0.5274 | 65.1380 | -3.6105 | 0.0199 | 0.9991 | 0.0524
8 0.5912 | 65.0382 | -3.7102 | 0.0204 | 0.9992 | 0.0756
9 0.5463 | 64.7064 | -4.0421 | 0.0220 | 0.9991 | 0.0658
10 0.5415 | 64.9375 | -3.8109 | 0.0209 | 0.9991 | 0.0649
4 10 Ort. 0.5307 | 65.2004 | -3.5481 | 0.0200 | 0.9991 | 0.0568
1 0.5836 | 64.9135 | -3.8350 | 0.0210 | 0.9991 | 0.0746
2 0.4238 | 65.2242 | -3.5242 | 0.0195 | 0.9991 | 0.0299
3 0.7806 | 65.8992 | -2.8492 | 0.0167 | 0.9994 | 0.1189
4 0.5796 | 64.6230 | -4.1255 | 0.0224 | 0.9991 | 0.0685
5 0.5284 | 64.9963 | -3.7522 | 0.0206 | 0.9991 | 0.0567
6 0.4312 | 65.3641 | -3.3844 | 0.0189 | 0.9991 | 0.0324
7 0.4261 | 64.5743 | -4.1741 | 0.0227 | 0.9989 | 0.0395
8 0.3916 | 63.8605 | -4.8880 | 0.0267 | 0.9988 | 0.0303
9 0.7381 | 67.2400 | -1.5085 | 0.0123 | 0.9995 | 0.0868
10 0.4241 | 65.3085 | -3.4400 | 0.0192 | 0.9991 | 0.0300
5 10 Ort. 0.5494 | 64.1897 | -4.5588 | 0.0258 | 0.9989 | 0.0717
1 0.5449 | 63.6319 | -5.1166 | 0.0282 | 0.9988 | 0.0707
2 0.5395 | 63.6142 | -5.1343 | 0.0283 | 0.9988 | 0.0686
3 0.5913 | 65.0324 | -3.7161 | 0.0204 | 0.9992 | 0.0766
4 0.4932 | 63.5644 | -5.1840 | 0.0286 | 0.9987 | 0.0624
5 0.5037 | 63.6439 | -5.1046 | 0.0281 | 0.9988 | 0.0543
6 0.4616 | 63.0037 | -5.7448 | 0.0326 | 0.9985 | 0.0618
7 0.5848 | 65.0071 | -3.7414 | 0.0205 | 0.9991 | 0.0787
8 0.4623 | 62.7697 | -5.9788 | 0.0344 | 0.9984 | 0.0570
9 0.8462 | 67.5062 | -1.2423 | 0.0115 | 0.9996 | 0.1185
10 0.4660 | 64.1239 | -4.6246 | 0.0252 | 0.9989 | 0.0682
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6 10 Ort. 0.4755 | 63.8855 | -4.8630 | 0.0273 | 0.9988 | 0.0515
1 0.3596 | 63.0908 | -5.6577 | 0.0319 | 0.9984 | 0.0176
2 0.3457 | 63.1266 | -5.6219 | 0.0317 | 0.9985 | 0.0222
3 0.6107 | 65.0754 | -3.6731 | 0.0202 | 0.9992 | 0.0832
4 0.6041 | 64.6530 | -4.0954 | 0.0223 | 0.9991 | 0.0815
5 0.4522 | 62.4929 | -6.2556 | 0.0366 | 0.9983 | 0.0579
6 0.4511 | 62.7350 | -6.0135 | 0.0346 | 0.9984 | 0.0561
7 0.4674 | 62.9773 | -5.7711 | 0.0328 | 0.9985 | 0.0558
8 0.4399 | 65.0796 | -3.6688 | 0.0202 | 0.9991 | 0.0314
9 0.4199 | 64.9530 | -3.7955 | 0.0208 | 0.9990 | 0.0253

10 0.6041 | 64.6716 | -4.0769 | 0.0222 | 0.9991 | 0.0844

7 10 Ort. 0.4846 | 63.6118 | -5.1367 | 0.0290 | 0.9987 | 0.0570
1 0.5406 | 64.2462 | -4.5023 | 0.0245 | 0.9990 | 0.0614
2 0.5340 | 64.2430 | -4.5055 | 0.0245 | 0.9989 | 0.0678
3 0.5370 | 64.4970 | -4.2515 | 0.0231 | 0.9990 | 0.0706
4 0.4614 | 63.3298 | -5.4187 | 0.0302 | 0.9987 | 0.0605
5 0.4036 | 62.7037 | -6.0447 | 0.0349 | 0.9984 | 0.0376
6 0.4034 | 64.5089 | -4.2396 | 0.0230 | 0.9989 | 0.0227
7 0.4354 | 62.6140 | -6.1345 | 0.0356 | 0.9983 | 0.0476
8 0.4732 | 62.8915 | -5.8570 | 0.0334 | 0.9985 | 0.0648
9 0.4196 | 62.1981 | -6.5503 | 0.0392 | 0.9982 | 0.0514

10 0.6374 | 64.8861 | -3.8624 | 0.0211 | 0.9992 | 0.0851

8 10 Ort. 0.4787 | 63.9005 | -4.8480 | 0.0279 | 0.9987 | 0.0530
1 0.4208 | 65.1193 | -3.6292 | 0.0200 | 0.9991 | 0.0302
2 0.4379 | 63.2277 | -5.5208 | 0.0309 | 0.9986 | 0.0373
3 0.4024 | 62.7075 | -6.0409 | 0.0349 | 0.9984 | 0.0391
4 0.3387 | 63.2078 | -5.5406 | 0.0311 | 0.9985 | 0.0181
5 0.4157 | 64.3680 | -4.3804 | 0.0238 | 0.9989 | 0.0289
6 0.4916 | 63.3409 | -5.4076 | 0.0301 | 0.9986 | 0.0615
7 0.8360 | 67.8190 | -0.9295 | 0.0107 | 0.9996 | 0.1351
8 0.4479 | 62.4873 | -6.2612 | 0.0367 | 0.9983 | 0.0562
9 0.4102 | 62.5175 | -6.2310 | 0.0364 | 0.9983 | 0.0383

10 0.5854 | 64.2096 | -4.5388 | 0.0247 | 0.9990 | 0.0857

9 10 Ort. 0.4697 | 63.4599 | -5.2886 | 0.0301 | 0.9986 | 0.0567
1 0.3921 | 62.9035 | -5.8450 | 0.0333 | 0.9984 | 0.0325
2 0.4399 | 63.8761 | -4.8724 | 0.0266 | 0.9988 | 0.0547
3 0.6016 | 64.8977 | -3.8508 | 0.0211 | 0.9991 | 0.0743
4 0.4242 | 63.5489 | -5.1995 | 0.0287 | 0.9987 | 0.0439
5 0.5572 | 64.5275 | -4.2210 | 0.0229 | 0.9990 | 0.0761
6 0.3934 | 61.8194 | -6.9291 | 0.0428 | 0.9979 | 0.0421
7 0.6028 | 64.7342 | -4.0143 | 0.0219 | 0.9991 | 0.0777
8 0.4260 | 63.2623 | -5.4862 | 0.0307 | 0.9986 | 0.0563
9 0.4199 | 62.3265 | -6.4220 | 0.0381 | 0.9982 | 0.0536

10 0.4394 | 62.7029 | -6.0456 | 0.0349 | 0.9984 | 0.0560
10 10 Ort. 0.5283 | 63.6694 | -5.0791 | 0.0294 | 0.9987 | 0.0715
1 0.3922 | 62.9570 | -5.7915 | 0.0329 | 0.9984 | 0.0331
2 0.9084 | 66.6813 | -2.0672 | 0.0140 | 0.9995 | 0.1633
3 0.3029 | 62.6212 | -6.1272 | 0.0356 | 0.9982 | 0.0110
4 0.7271 | 65.5637 | -3.1847 | 0.0181 | 0.9993 | 0.1043
5 0.4528 | 63.7668 | -4.9817 | 0.0273 | 0.9987 | 0.0490
6 0.5858 | 64.2050 | -4.5434 | 0.0247 | 0.9989 | 0.0871
7 0.3732 | 62.2591 | -6.4894 | 0.0387 | 0.9982 | 0.0325
8 0.5308 | 63.8529 | -4.8956 | 0.0268 | 0.9989 | 0.0730
9 0.4643 | 61.8817 | -6.8668 | 0.0422 | 0.9981 | 0.0621
10 0.5457 | 62.9053 | -5.8432 | 0.0333 | 0.9986 | 0.0993
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Test_8, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

Kiime Sayisi I\./_Iakflmum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
1 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
2 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
3 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
4 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
5 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
6 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
7 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
8 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
9 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
10 0.6935 | 65.5654 | -0.0483 | 0.0181 | 0.9991 | 0.1893
3 10 Ort. 0.9296 | 64.7195 | -0.8942 | 0.0220 | 0.9992 | 0.2609
1 0.9341 | 64.7647 | -0.8490 | 0.0217 | 0.9992 | 0.2622
2 0.9346 | 64.8156 | -0.7981 | 0.0215 | 0.9992 | 0.2708
3 0.8937 | 64.1296 | -1.4841 | 0.0251 | 0.9991 | 0.2076
4 0.9220 | 64.7231 | -0.8906 | 0.0219 | 0.9992 | 0.2653
5 0.9308 | 64.7817 | -0.8320 | 0.0216 | 0.9992 | 0.2715
6 0.9396 | 64.8518 | -0.7618 | 0.0213 | 0.9992 | 0.2743
7 0.9341 | 64.7647 | -0.8490 | 0.0217 | 0.9992 | 0.2622
8 0.9387 | 64.7842 | -0.8295 | 0.0216 | 0.9992 | 0.2622
9 0.9341 | 64.7647 | -0.8490 | 0.0217 | 0.9992 | 0.2622
10 0.9346 | 64.8144 | -0.7993 | 0.0215 | 0.9992 | 0.2706
4 10 Ort. 0.8969 | 64.1378 | -1.4759 | 0.0252 | 0.9991 | 0.2419
1 0.8968 | 64.0502 | -1.5635 | 0.0256 | 0.9991 | 0.2355
2 0.9141 | 64.3598 | -1.2539 | 0.0238 | 0.9991 | 0.2495
3 0.8988 | 64.0598 | -1.5539 | 0.0255 | 0.9991 | 0.2325
4 0.7950 | 63.4901 | -2.1235 | 0.0291 | 0.9989 | 0.1995
5 0.9565 | 64.5370 | -1.0767 | 0.0229 | 0.9992 | 0.2768
6 0.7576 | 63.4120 | -2.2017 | 0.0296 | 0.9988 | 0.1814
7 0.8563 | 64.1090 | -1.5047 | 0.0252 | 0.9991 | 0.2454
8 0.9598 | 64.4230 | -1.1907 | 0.0235 | 0.9992 | 0.2654
9 0.9676 | 64.4095 | -1.2042 | 0.0236 | 0.9992 | 0.2585
10 0.9664 | 64.5279 | -1.0858 | 0.0229 | 0.9992 | 0.2740
5 10 Ort. 0.8299 | 63.4083 | -2.2054 | 0.0299 | 0.9989 | 0.2189
1 0.8158 | 63.3888 | -2.2249 | 0.0298 | 0.9989 | 0.2225
2 0.7794 | 62.6362 | -2.9775 | 0.0354 | 0.9987 | 0.1945
3 0.8170 | 63.4758 | -2.1379 | 0.0292 | 0.9989 | 0.2215
4 0.9387 | 64.5063 | -1.1074 | 0.0230 | 0.9992 | 0.2657
5 0.9127 | 64.1955 | -1.4182 | 0.0247 | 0.9991 | 0.2557
6 0.8362 | 63.4405 | -2.1732 | 0.0294 | 0.9990 | 0.2065
7 0.7417 | 62.9892 | -2.6245 | 0.0327 | 0.9988 | 0.1971
8 0.8379 | 63.5054 | -2.1083 | 0.0290 | 0.9990 | 0.2135
9 0.8229 | 63.2291 | -2.3846 | 0.0309 | 0.9989 | 0.2126
10 0.7970 | 62.7160 | -2.8977 | 0.0348 | 0.9988 | 0.1991
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6 10 Ort. 0.7865 | 62.8071 | -2.8066 | 0.0345 | 0.9988 | 0.1978
1 0.7837 | 62.5506 | -3.0631 | 0.0361 | 0.9987 | 0.1995
2 0.9200 | 64.4271 | -1.1866 | 0.0235 | 0.9992 | 0.2661
3 0.8436 | 63.2158 | -2.3979 | 0.0310 | 0.9989 | 0.1972
4 0.7774 | 62.8712 | -2.7425 | 0.0336 | 0.9988 | 0.1910
5 0.7878 | 63.1584 | -2.4553 | 0.0314 | 0.9988 | 0.2235
6 0.7735 | 62.4953 | -3.1184 | 0.0366 | 0.9987 | 0.1874
7 0.7892 | 63.1372 | -2.4765 | 0.0316 | 0.9989 | 0.1998
8 0.7753 | 62.4862 | -3.1275 | 0.0367 | 0.9987 | 0.1906
9 0.7031 | 61.8041 | -3.8096 | 0.0429 | 0.9984 | 0.1643

10 0.7114 | 61.9253 | -3.6884 | 0.0417 | 0.9984 | 0.1583

7 10 Ort. 0.7598 | 62.5339 | -3.0798 | 0.0368 | 0.9986 | 0.1835
1 0.7903 | 62.9156 | -2.6981 | 0.0332 | 0.9988 | 0.1935
2 0.6904 | 62.2358 | -3.3779 | 0.0389 | 0.9985 | 0.1763
3 0.7073 | 61.6038 | -4.0099 | 0.0449 | 0.9983 | 0.1640
4 0.7266 | 61.8837 | -3.7300 | 0.0421 | 0.9984 | 0.1799
5 0.6936 | 61.4799 | -4.1338 | 0.0462 | 0.9982 | 0.1454
6 0.7576 | 62.5502 | -3.0635 | 0.0361 | 0.9987 | 0.1744
7 0.8450 | 63.2548 | -2.3589 | 0.0307 | 0.9989 | 0.1932
8 0.7771 | 62.9461 | -2.6676 | 0.0330 | 0.9988 | 0.1928
9 0.7922 | 62.5877 | -3.0260 | 0.0358 | 0.9987 | 0.1944

10 0.8180 | 63.8811 | -1.7326 | 0.0266 | 0.9990 | 0.2212

8 10 Ort. 0.7628 | 62.9419 | -2.6718 | 0.0334 | 0.9987 | 0.1748
1 0.8520 | 63.5110 | -2.1027 | 0.0290 | 0.9989 | 0.1899
2 0.6742 | 62.6087 | -3.0050 | 0.0357 | 0.9985 | 0.1451
3 0.6593 | 62.2008 | -3.4129 | 0.0392 | 0.9984 | 0.1353
4 0.6906 | 62.6768 | -2.9369 | 0.0351 | 0.9986 | 0.1562
5 0.7101 | 62.3065 | -3.3072 | 0.0382 | 0.9985 | 0.1417
6 0.9059 | 64.3739 | -1.2398 | 0.0238 | 0.9991 | 0.2317
7 0.7131 | 62.2900 | -3.3237 | 0.0384 | 0.9985 | 0.1470
8 0.7700 | 62.6682 | -2.9455 | 0.0352 | 0.9987 | 0.1920
9 0.8499 | 63.5592 | -2.0545 | 0.0287 | 0.9990 | 0.2104

10 0.8026 | 63.2235 | -2.3902 | 0.0310 | 0.9989 | 0.1990

9 10 Ort. 0.7166 | 62.3178 | -3.2959 | 0.0388 | 0.9985 | 0.1454
1 0.7715 | 62.7902 | -2.8235 | 0.0342 | 0.9987 | 0.1653
2 0.7023 | 61.7026 | -3.9111 | 0.0439 | 0.9982 | 0.1379
3 0.7939 | 62.6671 | -2.9466 | 0.0352 | 0.9987 | 0.1632
4 0.7042 | 62.0975 | -3.5162 | 0.0401 | 0.9984 | 0.1193
5 0.8123 | 63.5054 | -2.1083 | 0.0290 | 0.9989 | 0.1633
6 0.6505 | 62.0055 | -3.6082 | 0.0410 | 0.9983 | 0.1199
7 0.7503 | 62.5255 | -3.0882 | 0.0364 | 0.9986 | 0.1615
8 0.6076 | 60.8933 | -4.7204 | 0.0529 | 0.9978 | 0.1254
9 0.8046 | 63.3975 | -2.2162 | 0.0297 | 0.9989 | 0.1966

10 0.5685 | 61.5937 | -4.0200 | 0.0451 | 0.9980 | 0.1014
10 10 Ort. 0.7094 | 62.3811 | -3.2326 | 0.0384 | 0.9985 | 0.1521
1 0.6989 | 62.0851 | -3.5286 | 0.0402 | 0.9984 | 0.1454
2 0.9017 | 63.9055 | -1.7082 | 0.0265 | 0.9991 | 0.2153
3 0.8321 | 63.5351 | -2.0785 | 0.0288 | 0.9990 | 0.2195
4 0.5482 | 63.3801 | -2.2336 | 0.0299 | 0.9986 | 0.0869
5 0.6820 | 61.7289 | -3.8848 | 0.0437 | 0.9983 | 0.1460
6 0.6829 | 61.9280 | -3.6857 | 0.0417 | 0.9983 | 0.1372
7 0.6649 | 62.2589 | -3.3548 | 0.0387 | 0.9984 | 0.1159
8 0.7196 | 62.1136 | -3.5001 | 0.0400 | 0.9985 | 0.1551
9 0.6355 | 60.7599 | -4.8538 | 0.0546 | 0.9978 | 0.1451
10 0.7279 | 62.1161 | -3.4976 | 0.0399 | 0.9985 | 0.1543
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Test_9, Bulamk C-Ortalamalar

Canny ( Gradient Threshold (0.3), Operator Scale (0.5))

Kiime Sayisi I\./_Iakfimum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.7245 | 63.1023 | -2.0952 | 0.0318 | 0.9987 | 0.0779
1 0.7257 | 63.1485 | -2.0490 | 0.0315 | 0.9987 | 0.0772
2 0.7257 | 63.1485 | -2.0490 | 0.0315 | 0.9987 | 0.0772
3 0.7257 | 63.1485 | -2.0490 | 0.0315 | 0.9987 | 0.0772
4 0.7247 | 63.1181 | -2.0793 | 0.0317 | 0.9987 | 0.0778
5 0.7247 | 63.1181 | -2.0793 | 0.0317 | 0.9987 | 0.0778
6 0.7166 | 62.8107 | -2.3868 | 0.0340 | 0.9986 | 0.0812
7 0.7257 | 63.1485 | -2.0490 | 0.0315 | 0.9987 | 0.0772
8 0.7247 | 63.1181 | -2.0793 | 0.0317 | 0.9987 | 0.0778
9 0.7260 | 63.1151 | -2.0824 | 0.0317 | 0.9987 | 0.0779
10 0.7257 | 63.1485 | -2.0490 | 0.0315 | 0.9987 | 0.0772
3 10 Ort. 0.6379 | 61.2082 | -3.9893 | 0.0495 | 0.9979 | 0.0581
1 0.6222 | 60.9032 | -4.2943 | 0.0528 | 0.9978 | 0.0581
2 0.6421 | 61.2689 | -3.9286 | 0.0486 | 0.9980 | 0.0602
3 0.6217 | 61.0373 | -4.1602 | 0.0512 | 0.9979 | 0.0555
4 0.6411 | 61.2477 | -3.9498 | 0.0488 | 0.9980 | 0.0609
5 0.6323 | 61.0774 | -4.1200 | 0.0507 | 0.9979 | 0.0487
6 0.6218 | 60.8385 | -4.3590 | 0.0536 | 0.9978 | 0.0474
7 0.6388 | 61.2053 | -3.9921 | 0.0493 | 0.9979 | 0.0605
8 0.6190 | 60.9057 | -4.2918 | 0.0528 | 0.9978 | 0.0563
9 0.6265 | 60.9973 | -4.2002 | 0.0517 | 0.9978 | 0.0590
10 0.7136 | 62.6007 | -2.5968 | 0.0357 | 0.9985 | 0.0747
4 10 Ort. 0.5842 | 59.9440 | -5.2534 | 0.0661 | 0.9972 | 0.0480
1 0.5374 | 59.4249 | -5.7726 | 0.0742 | 0.9968 | 0.0471
2 0.5297 | 59.4027 | -5.7947 | 0.0746 | 0.9968 | 0.0494
3 0.6349 | 60.3434 | -4.8541 | 0.0601 | 0.9975 | 0.0633
4 0.5962 | 59.8998 | -5.2977 | 0.0665 | 0.9971 | 0.0518
5 0.6009 | 60.3973 | -4.8002 | 0.0593 | 0.9975 | 0.0549
6 0.6058 | 60.1640 | -5.0335 | 0.0626 | 0.9973 | 0.0512
7 0.5771 | 60.0747 | -5.1228 | 0.0639 | 0.9972 | 0.0421
8 0.5919 | 60.0411 | -5.1563 | 0.0644 | 0.9972 | 0.0378
9 0.6172 | 60.0569 | -5.1406 | 0.0642 | 0.9973 | 0.0502
10 0.5513 | 59.6355 | -5.5619 | 0.0707 | 0.9969 | 0.0326
5 10 Ort. 0.6035 | 60.3581 | -4.8394 | 0.0616 | 0.9974 | 0.0550
1 0.5501 | 59.3378 | -5.8597 | 0.0757 | 0.9968 | 0.0517
2 0.6262 | 60.5249 | -4.6726 | 0.0576 | 0.9976 | 0.0568
3 0.5384 | 59.1862 | -6.0113 | 0.0784 | 0.9966 | 0.0554
4 0.6401 | 60.9943 | -4.2032 | 0.0517 | 0.9978 | 0.0497
5 0.4938 | 58.4084 | -6.7890 | 0.0938 | 0.9958 | 0.0298
6 0.6409 | 61.5342 | -3.6633 | 0.0457 | 0.9981 | 0.0523
7 0.6447 | 60.5058 | -4.6917 | 0.0579 | 0.9976 | 0.0654
8 0.6897 | 61.6878 | -3.5097 | 0.0441 | 0.9982 | 0.0841
9 0.6037 | 60.3203 | -4.8772 | 0.0604 | 0.9975 | 0.0543
10 0.6075 | 61.0813 | -4.1161 | 0.0507 | 0.9979 | 0.0505
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6 10 Ort. 0.5867 | 59.8620 | -5.3355 | 0.0679 | 0.9971 | 0.0497
1 0.6424 | 60.9739 | -4.2236 | 0.0520 | 0.9978 | 0.0445
2 0.5801 | 59.6643 | -5.5332 | 0.0703 | 0.9969 | 0.0426
3 0.5831 | 60.2450 | -4.9524 | 0.0615 | 0.9974 | 0.0437
4 0.5841 | 59.6271 | -5.5703 | 0.0709 | 0.9970 | 0.0651
5 0.6491 | 60.7035 | -4.4940 | 0.0553 | 0.9977 | 0.0504
6 0.5507 | 58.7614 | -6.4361 | 0.0865 | 0.9962 | 0.0393
7 0.5963 | 59.9579 | -5.2396 | 0.0657 | 0.9972 | 0.0613
8 0.5541 | 59.6776 | -5.5199 | 0.0700 | 0.9970 | 0.0403
9 0.5499 | 59.0492 | -6.1483 | 0.0809 | 0.9965 | 0.0466

10 0.5773 | 59.9597 | -5.2378 | 0.0656 | 0.9973 | 0.0632

7 10 Ort. 0.5363 | 58.9972 | -6.2002 | 0.0828 | 0.9963 | 0.0461
1 0.6045 | 59.6478 | -5.5497 | 0.0705 | 0.9970 | 0.0473
2 0.5516 | 59.0200 | -6.1775 | 0.0815 | 0.9964 | 0.0450
3 0.5249 | 58.3262 | -6.8712 | 0.0956 | 0.9957 | 0.0439
4 0.5140 | 58.4637 | -6.7337 | 0.0926 | 0.9959 | 0.0403
5 0.5055 | 59.0849 | -6.1126 | 0.0803 | 0.9965 | 0.0420
6 0.5844 | 60.4288 | -4.7687 | 0.0589 | 0.9976 | 0.0630
7 0.4776 | 58.1688 | -7.0287 | 0.0991 | 0.9952 | 0.0267
8 0.5137 | 59.1184 | -6.0791 | 0.0797 | 0.9965 | 0.0472
9 0.5612 | 59.1717 | -6.0258 | 0.0787 | 0.9965 | 0.0500

10 0.5257 | 58.5421 | -6.6554 | 0.0910 | 0.9960 | 0.0554

8 10 Ort. 0.5322 | 58.9396 | -6.2579 | 0.0850 | 0.9962 | 0.0451
1 0.5161 | 59.4710 | -5.7265 | 0.0734 | 0.9968 | 0.0447
2 0.5476 | 58.1692 | -7.0283 | 0.0991 | 0.9956 | 0.0568
3 0.5625 | 58.8941 | -6.3033 | 0.0839 | 0.9963 | 0.0582
4 0.5502 | 58.9019 | -6.2956 | 0.0837 | 0.9962 | 0.0417
5 0.6638 | 61.1021 | -4.0954 | 0.0505 | 0.9979 | 0.0581
6 0.4811 | 58.3168 | -6.8807 | 0.0958 | 0.9955 | 0.0360
7 0.4862 | 57.9708 | -7.2267 | 0.1038 | 0.9951 | 0.0352
8 0.5960 | 60.1652 | -5.0323 | 0.0626 | 0.9972 | 0.0429
9 0.4658 | 58.3400 | -6.8575 | 0.0953 | 0.9956 | 0.0353

10 0.4524 | 58.0644 | -7.1331 | 0.1015 | 0.9953 | 0.0419

9 10 Ort. 0.5482 | 58.9529 | -6.2445 | 0.0844 | 0.9962 | 0.0500
1 0.4995 | 58.6891 | -6.5084 | 0.0879 | 0.9960 | 0.0505
2 0.5578 | 58.9302 | -6.2672 | 0.0832 | 0.9964 | 0.0573
3 0.5696 | 59.0993 | -6.0982 | 0.0800 | 0.9965 | 0.0622
4 0.5360 | 57.9532 | -7.2443 | 0.1042 | 0.9953 | 0.0479
5 0.5703 | 59.5918 | -5.6056 | 0.0714 | 0.9970 | 0.0566
6 0.4825 | 57.8401 | -7.3573 | 0.1069 | 0.9951 | 0.0396
7 0.4633 | 58.3863 | -6.8112 | 0.0943 | 0.9956 | 0.0339
8 0.6295 | 60.2371 | -4.9604 | 0.0616 | 0.9974 | 0.0557
9 0.5263 | 58.2776 | -6.9198 | 0.0967 | 0.9956 | 0.0412

10 0.6468 | 60.5246 | -4.6729 | 0.0576 | 0.9975 | 0.0553
10 10 Ort. 0.5379 | 59.4427 | -5.7548 | 0.0774 | 0.9965 | 0.0458
1 0.5935 | 59.6052 | -5.5923 | 0.0712 | 0.9968 | 0.0535
2 0.4925 | 58.5635 | -6.6340 | 0.0905 | 0.9959 | 0.0376
3 0.4930 | 58.3407 | -6.8567 | 0.0953 | 0.9956 | 0.0347
4 0.6146 | 63.1754 | -2.0221 | 0.0313 | 0.9987 | 0.0456
5 0.5492 | 58.5562 | -6.6413 | 0.0907 | 0.9959 | 0.0492
6 0.4768 | 58.3076 | -6.8899 | 0.0960 | 0.9956 | 0.0429
7 0.4749 | 58.1862 | -7.0113 | 0.0987 | 0.9953 | 0.0358
8 0.5166 | 59.8952 | -5.3023 | 0.0666 | 0.9971 | 0.0479
9 0.6353 | 60.2542 | -4.9433 | 0.0613 | 0.9973 | 0.0605
10 0.5330 | 59.5426 | -5.6549 | 0.0722 | 0.9968 | 0.0498
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Test_10, Bulamik C-Ortalamalar

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

Kiime Sayisi I\./_Iakfimum Tekrarlama F-Skor | YSGO SGO OKH YBIO KK
(k) Doéngii Sayisi Sayisi
2 10 Ort. 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
1 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
2 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
3 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
4 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
5 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
6 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
7 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
8 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
9 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
10 0.6353 | 62.9297 | -0.5961 | 0.0331 | 0.9986 | 0.1825
3 10 Ort. 0.6247 | 61.0737 | -2.4522 | 0.0511 | 0.9980 | 0.1268
1 0.6222 | 60.6449 | -2.8809 | 0.0561 | 0.9977 | 0.1124
2 0.6365 | 60.9509 | -2.5750 | 0.0522 | 0.9979 | 0.1294
3 0.6400 | 61.5507 | -1.9751 | 0.0455 | 0.9982 | 0.1309
4 0.6340 | 61.7767 | -1.7491 | 0.0432 | 0.9983 | 0.1708
5 0.6269 | 60.6837 | -2.8422 | 0.0556 | 0.9978 | 0.1122
6 0.6411 | 61.6013 | -1.9246 | 0.0450 | 0.9982 | 0.1364
7 0.6043 | 60.6507 | -2.8752 | 0.0560 | 0.9977 | 0.1116
8 0.6079 | 60.5454 | -2.9805 | 0.0574 | 0.9977 | 0.1024
9 0.6311 | 61.6794 | -1.8465 | 0.0442 | 0.9983 | 0.1506
10 0.6025 | 60.6529 | -2.8729 | 0.0559 | 0.9977 | 0.1117
4 10 Ort. 0.5888 | 60.6414 | -2.8845 | 0.0574 | 0.9976 | 0.1103
1 0.4610 | 60.7003 | -2.8256 | 0.0553 | 0.9975 | 0.0276
2 0.6911 | 61.6162 | -1.9096 | 0.0448 | 0.9983 | 0.1898
3 0.6011 | 62.3108 | -1.2150 | 0.0382 | 0.9984 | 0.1587
4 0.5366 | 59.3708 | -4.1551 | 0.0752 | 0.9968 | 0.0896
5 0.5913 | 59.7631 | -3.7628 | 0.0687 | 0.9972 | 0.0954
6 0.4854 | 60.7577 | -2.7681 | 0.0546 | 0.9976 | 0.0258
7 0.7091 | 61.7987 | -1.7272 | 0.0430 | 0.9984 | 0.1774
8 0.5592 | 59.7109 | -3.8149 | 0.0695 | 0.9969 | 0.0966
9 0.6311 | 60.0691 | -3.4568 | 0.0640 | 0.9974 | 0.1187
10 0.6224 | 60.3161 | -3.2097 | 0.0605 | 0.9976 | 0.1235
5 10 Ort. 0.5973 | 60.3177 | -3.2082 | 0.0612 | 0.9975 | 0.1207
1 0.5286 | 60.5057 | -3.0202 | 0.0579 | 0.9976 | 0.1136
2 0.6330 | 59.9567 | -3.5691 | 0.0657 | 0.9973 | 0.1256
3 0.6469 | 61.0506 | -2.4753 | 0.0511 | 0.9980 | 0.1399
4 0.5866 | 59.4173 | -4.1085 | 0.0744 | 0.9969 | 0.1114
5 0.5887 | 59.9401 | -3.5857 | 0.0659 | 0.9973 | 0.1217
6 0.6497 | 60.7016 | -2.8242 | 0.0553 | 0.9978 | 0.1411
7 0.4886 | 60.2585 | -3.2674 | 0.0613 | 0.9973 | 0.0346
8 0.6753 | 61.8062 | -1.7197 | 0.0429 | 0.9983 | 0.1834
9 0.6125 | 59.9442 | -3.5816 | 0.0659 | 0.9973 | 0.1154
10 0.5634 | 59.5958 | -3.9300 | 0.0714 | 0.9971 | 0.1198
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6 10 Ort. 0.5839 | 59.6989 | -3.8270 | 0.0705 | 0.9971 | 0.1174
1 0.4926 | 58.7047 | -4.8212 | 0.0876 | 0.9960 | 0.0815
2 0.6268 | 60.1837 | -3.3422 | 0.0623 | 0.9976 | 0.1285
3 0.5658 | 60.0362 | -3.4897 | 0.0645 | 0.9974 | 0.1267
4 0.6190 | 59.9044 | -3.6214 | 0.0665 | 0.9973 | 0.1044
5 0.5580 | 58.9541 | -4.5718 | 0.0827 | 0.9965 | 0.1169
6 0.5946 | 60.4185 | -3.1074 | 0.0591 | 0.9976 | 0.1282
7 0.5754 | 59.1602 | -4.3656 | 0.0789 | 0.9966 | 0.1131
8 0.5551 | 60.5632 | -2.9627 | 0.0571 | 0.9976 | 0.1279
9 0.5686 | 59.0112 | -4.5146 | 0.0817 | 0.9966 | 0.1095
10 0.6827 | 60.0524 | -3.4734 | 0.0642 | 0.9976 | 0.1377

7 10 Ort. 0.6018 | 60.1280 | -3.3979 | 0.0651 | 0.9973 | 0.1284
1 0.6877 | 61.4125 | -2.1134 | 0.0470 | 0.9982 | 0.1919
2 0.6107 | 60.5632 | -2.9627 | 0.0571 | 0.9977 | 0.1210
3 0.5161 | 59.7393 | -3.7866 | 0.0690 | 0.9969 | 0.0967
4 0.5033 | 59.2999 | -4.2260 | 0.0764 | 0.9966 | 0.0869
5 0.5563 | 58.7252 | -4.8007 | 0.0872 | 0.9963 | 0.0998
6 0.6087 | 59.4756 | -4.0503 | 0.0734 | 0.9970 | 0.1171
7 0.6953 | 62.5877 | -0.9382 | 0.0358 | 0.9986 | 0.2197
8 0.6573 | 60.4004 | -3.1255 | 0.0593 | 0.9977 | 0.1226
9 0.5483 | 59.0461 | -4.4798 | 0.0810 | 0.9965 | 0.0972
10 0.6344 | 60.0300 | -3.4958 | 0.0646 | 0.9974 | 0.1308

8 10 Ort. 0.5732 | 58.8348 | -4.6910 | 0.0856 | 0.9964 | 0.1066
1 0.6553 | 59.4230 | -4.1028 | 0.0743 | 0.9970 | 0.1487
2 0.5274 | 58.5467 | -4.9792 | 0.0909 | 0.9960 | 0.0999
3 0.5289 | 58.3898 | -5.1361 | 0.0942 | 0.9958 | 0.0996
4 0.5572 | 58.4001 | -5.1258 | 0.0940 | 0.9961 | 0.0886
5 0.6660 | 59.8328 | -3.6930 | 0.0676 | 0.9974 | 0.1281
6 0.5730 | 58.7915 | -4.7343 | 0.0859 | 0.9964 | 0.1179
7 0.6305 | 59.4023 | -4.1236 | 0.0746 | 0.9970 | 0.1335
8 0.5098 | 58.8516 | -4.6743 | 0.0847 | 0.9963 | 0.0654
9 0.5455 | 58.5415 | -4.9843 | 0.0910 | 0.9961 | 0.0941
10 0.5386 | 58.1690 | -5.3568 | 0.0991 | 0.9956 | 0.0900

9 10 Ort. 0.5688 | 59.2662 | -4.2596 | 0.0782 | 0.9967 | 0.1096
1 0.4787 | 59.0896 | -4.4363 | 0.0802 | 0.9964 | 0.0782
2 0.7046 | 60.6021 | -2.9238 | 0.0566 | 0.9979 | 0.1564
3 0.5309 | 58.6885 | -4.8373 | 0.0879 | 0.9961 | 0.1066
4 0.6290 | 60.2133 | -3.3126 | 0.0619 | 0.9976 | 0.1278
5 0.5134 | 58.7089 | -4.8169 | 0.0875 | 0.9961 | 0.0826
6 0.5414 | 58.2873 | -5.2386 | 0.0965 | 0.9958 | 0.1003
7 0.5013 | 58.5374 | -4.9884 | 0.0911 | 0.9958 | 0.0909
8 0.5375 | 59.3500 | -4.1759 | 0.0755 | 0.9968 | 0.0929
9 0.5850 | 58.9253 | -4.6005 | 0.0833 | 0.9965 | 0.0996
10 0.6666 | 60.2597 | -3.2661 | 0.0613 | 0.9976 | 0.1608

10 10 Ort. 0.5226 | 59.1106 | -4.4153 | 0.0816 | 0.9964 | 0.0864
1 0.4011 | 58.5390 | -4.9868 | 0.0910 | 0.9957 | 0.0237
2 0.5058 | 58.7555 | -4.7704 | 0.0866 | 0.9962 | 0.0949
3 0.6863 | 61.6002 | -1.9257 | 0.0450 | 0.9983 | 0.1422
4 0.5518 | 59.0955 | -4.4304 | 0.0801 | 0.9965 | 0.1085
5 0.4357 | 58.9143 | -4.6116 | 0.0835 | 0.9962 | 0.0419
6 0.5233 | 57.9036 | -5.6222 | 0.1054 | 0.9953 | 0.0970
7 0.5175 | 58.6835 | -4.8424 | 0.0881 | 0.9962 | 0.0616
8 0.5066 | 58.3755 | -5.1503 | 0.0945 | 0.9958 | 0.0723
9 0.5294 | 59.3486 | -4.1772 | 0.0755 | 0.9967 | 0.1120
10 0.5682 | 59.8899 | -3.6360 | 0.0667 | 0.9973 | 0.1098
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yarigap parametresi i¢in tiim sonug

Test 1, Ortalama Kaydirma

Canny ( Gradient Threshold (0.5), Operator Scale (0.5))
r F-Skor YSGO SGO OKH YBIiO KK
2 0.5921 65.0413 -0.3148 | 0.0204 | 0.9992 | 0.1535
3 0.5924 65.0375 -0.3186 | 0.0204 | 0.9992 | 0.1533
4 0.5953 65.0274 -0.3287 | 0.0204 | 0.9991 | 0.1522
5 0.6061 65.0178 -0.3383 | 0.0205 | 0.9992 | 0.1545
6 0.6138 65.0334 -0.3228 | 0.0204 | 0.9992 | 0.1597
7 0.6003 65.0332 -0.3229 | 0.0204 | 0.9992 | 0.1567
8 0.6007 65.0286 -0.3276 | 0.0204 | 0.9992 | 0.1534
9 0.6136 65.0282 -0.3279 | 0.0204 | 0.9992 | 0.1601
10 0.5907 64.9884 -0.3678 | 0.0206 | 0.9991 | 0.1482
Test 2, Ortalama Kaydirma
Canny ( Gradient Threshold (0.2), Operator Scale (0.5))
r F-Skor YSGO SGO OKH YBIiO KK
2 0.9316 65.0013 | -2.8665 | 0.0206 | 0.9992 | 0.1088
3 0.9307 64.9932 | -2.8746 | 0.0206 | 0.9992 | 0.1080
4 0.9252 65.0064 | -2.8614 | 0.0205 | 0.9992 | 0.1064
5 0.9262 65.0021 | -2.8658 | 0.0206 | 0.9992 | 0.1111
6 0.9235 65.0202 | -2.8476 | 0.0205 | 0.9992 | 0.1077
7 0.9265 64.9898 | -2.8780 | 0.0206 | 0.9992 | 0.1112
8 0.9300 64.9831 | -2.8848 | 0.0206 | 0.9992 | 0.1122
9 0.9108 64.8661 | -3.0017 | 0.0212 | 0.9991 | 0.1080
10 0.9193 64.9121 | -2.9558 | 0.0210 | 0.9992 | 0.1121
Test 3, Ortalama Kaydirma
Canny ( Gradient Threshold (0.3), Operator Scale (0.5))
r F-Skor YSGO SGO OKH | YBIO KK
2 0.6863 64.2803 | -2.3099 | 0.0243 | 0.9990 | 0.0571
3 0.6858 64.2750 | -2.3151 | 0.0243 | 0.9989 | 0.0565
4 0.6878 64.2786 | -2.3116 | 0.0243 | 0.9989 | 0.0577
5 0.6877 64.2654 | -2.3247 | 0.0244 | 0.9989 | 0.0561
6 0.6898 64.2580 | -2.3322 | 0.0244 | 0.9989 | 0.0572
7 0.6969 64.2443 | -2.3459 | 0.0245 | 0.9989 | 0.0576
8 0.6990 64.2176 | -2.3726 | 0.0246 | 0.9989 | 0.0596
9 0.7183 64.1266 | -2.4635 | 0.0251 | 0.9989 | 0.0638
10 0.7032 64.2043 | -2.3859 | 0.0247 | 0.9989 | 0.0609




Test 4, Ortalama Kaydirma

Canny ( Gradient Threshold (0.2), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK
2 0.7380 63.2870 -1.1498 | 0.0305 | 0.9988 | 0.1781
3 0.7200 63.3084 -1.1284 | 0.0304 | 0.9988 | 0.1769
4 0.7420 63.3368 -1.1000 | 0.0302 | 0.9988 | 0.1877
5 0.7159 63.3261 -1.1107 | 0.0302 | 0.9988 | 0.1789
6 0.7367 63.3343 -1.1025 | 0.0302 | 0.9988 | 0.1882
7 0.7234 63.3127 -1.1241 | 0.0303 | 0.9988 | 0.1807
8 0.7344 63.2789 -1.1579 | 0.0306 | 0.9988 | 0.1809
9 0.7168 63.2780 -1.1588 | 0.0306 | 0.9987 | 0.1733
10 0.7369 63.2200 -1.2169 | 0.0310 | 0.9987 | 0.1768
Test 5, Ortalama Kaydirma
Canny ( Gradient Threshold (0.1), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK

2 0.8177 61.8684 | -1.8106 | 0.0423 | 0.9984 | 0.1392
3 0.8185 61.8950 | -1.7840 | 0.0420 | 0.9984 | 0.1405
4 0.8186 61.8778 | -1.8012 | 0.0422 | 0.9984 | 0.1400
5 0.8206 61.8923 | -1.7867 | 0.0421 | 0.9984 | 0.1401
6 0.8060 61.7568 | -1.9222 | 0.0434 | 0.9984 | 0.1342
7 0.7888 61.7448 | -1.9341 | 0.0435 | 0.9983 | 0.1257
8 0.7872 61.7125 | -1.9665 | 0.0438 | 0.9983 | 0.1263
9 0.7831 61.6609 | -2.0181 | 0.0444 | 0.9983 | 0.1257
10 0.7794 61.6233 | -2.0556 | 0.0447 | 0.9983 | 0.1253

Test 6, Ortalama Kaydirma
Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK

2 0.9885 66.6454 | -0.4506 | 0.0141 | 0.9995 | 0.3059
3 0.9751 66.7294 | -0.3666 | 0.0138 | 0.9995 | 0.3108
4 0.9851 66.6776 | -0.4184 | 0.0140 | 0.9995 | 0.3103
5 0.9836 66.7245 | -0.3715 | 0.0138 | 0.9995 | 0.3094
6 0.9683 66.7497 | -0.3464 | 0.0137 | 0.9995 | 0.3107
7 0.9737 66.6732 | -0.4228 | 0.0140 | 0.9995 | 0.3037
8 0.9662 66.7336 | -0.3624 | 0.0138 | 0.9995 | 0.2983
9 0.9773 66.7376 | -0.3584 | 0.0138 | 0.9995 | 0.3061
10 0.9772 66.4982 | -0.5978 | 0.0146 | 0.9995 | 0.2742
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Test 7, Ortalama Kaydirma

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK

2 0.8448 67.4875 | -1.2610 | 0.0116 | 0.9995 | 0.0758

3 0.8393 67.4802 | -1.2683 | 0.0116 | 0.9995 | 0.0748
4 0.8415 67.4722 | -1.2763 | 0.0116 | 0.9995 | 0.0749

5 0.8398 67.4891 | -1.2594 | 0.0116 | 0.9995 | 0.0765

6 0.8367 67.4762 | -1.2723 | 0.0116 | 0.9995 | 0.0762

7 0.8402 67.4766 | -1.2719 | 0.0116 | 0.9995 | 0.0752

8 0.8364 67.4858 | -1.2627 | 0.0116 | 0.9995 | 0.0716

9 0.8442 67.5057 | -1.2428 | 0.0115 | 0.9995 | 0.0769
10 0.8333 67.4109 | -1.3376 | 0.0118 | 0.9995 | 0.0741

Test 8, Ortalama Kaydirma
Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK

2 0.8891 65.2517 | -0.3620 | 0.0194 | 0.9992 0.2437
3 0.9399 65.1951 | -0.4186 | 0.0197 | 0.9992 0.2598
4 0.9410 65.2896 | -0.3241 | 0.0192 | 0.9992 0.2692
5 0.9525 65.1953 | -0.4184 | 0.0197 | 0.9993 0.2867
6 0.9563 64.8046 | -0.8091 | 0.0215 | 0.9992 0.2742
7 0.9390 64.7851 | -0.8286 | 0.0216 | 0.9992 0.2566
8 0.9405 65.2319 | -0.3818 | 0.0195 | 0.9992 0.2766
9 0.9508 64.8568 | -0.7569 | 0.0213 | 0.9992 0.2636
10 0.9514 64.7941 | -0.8196 | 0.0216 | 0.9992 0.2684

Test 9, Ortalama Kaydirma
Canny ( Gradient Threshold (0.3), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK

2 0.8042 63.2079 | -1.9896 | 0.0311 | 0.9988 | 0.0589
3 0.8078 63.2046 | -1.9929 | 0.0311 | 0.9988 | 0.0606
4 0.8059 63.1777 | -2.0198 | 0.0313 | 0.9988 | 0.0597
5 0.8087 63.2451 | -1.9524 | 0.0308 | 0.9988 | 0.0598
6 0.8001 63.2074 | -1.9901 | 0.0311 | 0.9988 | 0.0558
7 0.7976 63.1821 | -2.0154 | 0.0313 | 0.9988 | 0.0549
8 0.7740 63.2194 | -1.9781 | 0.0310 | 0.9988 | 0.0483
9 0.7806 63.2363 | -1.9612 | 0.0309 | 0.9988 | 0.0559
10 0.7976 63.1828 | -2.0147 | 0.0312 | 0.9988 | 0.0541
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Test 10, Ortalama Kaydirma

Canny ( Gradient Threshold (0.4), Operator Scale (0.5))

r F-Skor YSGO SGO OKH | YBIO KK
2 0.6941 62.8983 | -0.6276 | 0.0334 | 0.9987 | 0.2147
3 0.6948 62.8222 | -0.7037 | 0.0340 | 0.9986 | 0.2137
4 0.6930 62.8442 | -0.6816 | 0.0338 | 0.9986 | 0.2139
5 0.6974 62.8597 | -0.6661 | 0.0337 | 0.9986 | 0.2156
6 0.6927 62.8273 | -0.6985 | 0.0339 | 0.9986 | 0.2124
7 0.6754 62.8244 | -0.7015 | 0.0339 | 0.9986 | 0.2094
8 0.6908 62.8391 | -0.6868 | 0.0338 | 0.9986 | 0.2102
9 0.6807 62.7201 | -0.8057 | 0.0348 | 0.9986 | 0.2071
10 0.6730 62.7691 | -0.7568 | 0.0344 | 0.9986 | 0.2022
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