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Ozet

Ulkemizde budday ve arpa sirasiyla en énemli iki tahil iriiniidiir ve her yil arpa ve budday
eken ciftciler T.C. Tarim ve Orman Bakanldi tarafindan ciftci beyanlari temel alinarak
maddi olarak desteklenmektedir. Ancak ciftcilerin bu destekleri amacina uygun kullanip
kullanmadiginin kontrold, klasik yéntemler ile miimk(in degildir. Bu nedenle, bu ¢alismada
Sentinel-2-tabanli Normalize Edilmis Bitki Fark indeksi (NDVI) zaman serileri ve Tapu
Kadastro Genel Miidiirliigi (TKGM) parsel sorgu uygulamasindan indirilen parsel sinirlari
kullanilarak tam otomatik bir kontrol sistemi kurulmasi amaglanmistir. Elde edilen
sonuglar, tahil iretimini yogun oldugu Yozgat ilinin Merkez ilgesinde toplanan yersel
dogrulama verileri ile karsilastirilmistir. Sonuglara gére, bazi parsellerin sinirlari icinde
kalan ¢alilik, otluk, corak alan, toprak yol, sulama kanali ve adag gibi arazi kullanimi ve
ortisi siniflari arpa ve bugday parsellerin NDVI egrilerine genellikle kiigiik etki yarattigi
igin sonuglarin dogrulugunu etkilememistir. Ancak, bir parsele iki farkl driin dikildiginde
yéntem hatali sonuglar vermektedir.

Anahtar kelimeler: Uzaktan algilama, Python, TKGM parsel sinirlari, NDVI

Abstract

Wheat and barley are the most important two grains in Tiirkiye. The wheat and barley
farmers are annually funded through agricultural support programs by the Ministry of
Agriculture and Forestry based on their declaration. However, control of these farmers’
declarations is not possible with classical methods. Therefore, this study aimed to establish
a fully automated control system using the Normalized Difference Vegetation Index (NDVI)
images acquired by Sentinel-2 satellites and official parcel boundaries distributed via the
Parcel Inquiry Application by the General Directorate of Land Registry and Cadastre. The
results were compared to the ground validation data collected in the Central District of
Yozgat Province. The results indicated that although NDVI curves of wheat and barley fields
were somewhat changed due to the land use and land cover classes such as scrubs and
shrubs, barren areas, unpaved roads, irrigation canals and trees within the parcel
boundaries, it didn’t impact the accuracy of classification results. However, the method
produced inaccurate results when wheat and barley were planted together with other crop
types in the same field.

Keywords: Remote sensing, Python, TKGM parcel boundaries, NDVI

1. Giris

Tarim sektor, artan diinya niifusunun gida talebini karsilamak igin tarimsal Gretimi stirekli arttirmak zorundadir. Bundan
dolayi tlkeler kendi iglerindeki tarimsal Gretimi canlandirmak icin giftcilere diizenli olarak finansal destekler vermektedir.
Boylece tarim alanindaki finansal desteklerin amacina uygun kullanildiginin kontrolii 6nem kazanmaktadir.
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Son yillarda birgok tarimsal uygulamalarda uzaktan algilama teknolojisi siklikla kullanilmaya baslanmistir. Uzaktan
algilama teknolojisinin tarim alaninda kullaniimasiyla is glicli, maliyet ve zaman tasarrufu saglanarak tarimsal alanlarin
daha etkin bicimde yonetilmesi miimkin olabilmektedir.

Ulkemizde daha &nce uydu gériintileri kullanilarak tarim riin desenlerinin belirlenmesi, Giriin rekolte tahmini ve
Urlnlerin buyime evrelerinin takip edilmesi gibi tarim Gzerine birgok ¢alisma yapilmistir (Weiss vd., 2020). Tarim Grin
desenlerinin belirlenmesi lzerine yapilan bir ¢alismada IKONOS uydu gorintilerinin kullaniimasiyla Bursa ilinin
Karacabey ilgesinde bulunan bir alandaki piring, biber, seker pancari, bugday ve misir Urlnleri ¢oklu-¢ozlinirlik
segmentasyon yontemiyle siniflandiriimistir (Tavus vd., 2019). Farkl bir ¢calismada ise Kahramanmaras ili Kartalkaya Sol
Sahil Sulama Birligi sahasini kapsayan Landsat-8, Spot-5 ve Spot-6 uydu gorintilerinin kullaniimasiyla alandaki misir,
mera, sarimsak, aycicegi ve hububat riinleri kontrollii ve kontrolsiiz olarak siniflandirilmistir (ispir & Aybek, 2022).
Kirklareli ilinde yapilan bir diger calismada ise aygigegi ekili alanlari kapsayan Sentinel-2A uydu gorintiilerinden Uretilen
Normalize Edilmis Fark Bitki Ortiisii (NDVI) indeksinin kullanimiyla zaman serileri olusturulmus, sonrasinda parsel
bazinda nesne tabanli siniflandirma yontemiyle erken ve geg¢ ekim olarak iki sinifa ayrilan aygicegi Grinleri
siniflandirilmistir (Karabulut vd., 2021). Blylme evrelerin incelenmesi ve Uriin rekolte tahmini Gzerine yapilan bir
calismada ise Sanlurfa’da bulunan Tarim isletmeleri Genel Miidiirligii' ne (TIGEM) ait alanda bugday ekili parseller igin
tahmini rekolte hesabi Landsat-8 uydu gorintilerinden Uretilen vejetasyon indeksleri kullanilarak hesaplanmig ve
bugday ekilen parsellerin fenolojik evreleri incelenmistir (Kaya & Polat, 2021). Uriin rekolte tahmini lizerine yapilan farkli
bir ¢alismada ise Malatya ili Battalgazi ve Yesilyurt ilgelerinde bulunan kayisi bahgelerinin Sentinel-2 uydu
goruntilerinden Uretilen NDVI indeksinin kullanilmasiyla 2018 ve 2019 yillarina ait rekolte tahmini yapilmis, mayis
ayindaki NDVI degerlerinin kayisi Grind igin rekolte tahmininde kullanilabilecegi tespit edilmistir (Sentlirk, 2020).

Diinya genelinde tarimsal Gretimin énemli bir kismini tahil Gretimi icermektedir. Amerika Birlesik Devletleri Tarim
Bakanligi (USDA) verilerine gbre 2020/2021 iiretim doneminde dinya genelindeki tahil tGretimi 2,7 milyar ton olmustur
(United States Department of Agriculture, 2021). Ton cinsinden en ¢ok lretilen 1. tahil 775 milyon ile bugday ve en ¢ok
Uretilen 4. tahil ise 159 milyon ile arpa olmustur. Bu iki Girliniin toplam tahil Gretimindeki payi %34 olmustur. Tirkiye’de
ise 2020/2021 uretim dénemi dikkate alindiginda, 20,5 milyon ton bugday ve 8,3 milyon ton arpa uretilmistir. Bu iki
Urinin toplam tahil Gretimindeki payr %73 olmustur ve en ¢ok Uretilen tahillar arasinda ilk iki sirada yer almistir (Turkiye
istatistik Kurumu, 2021a). Ayni dénemde, Tiirkiye’de en fazla bugday tretimi sirasiyla Konya, Sanliurfa ve Tekirdag’da,
arpa Uretimi de sirasiyla Konya, Ankara ve Afyonkarahisar illerinde gerceklesmistir (Egilmez, 2022; Polat, 2022).

T.C. Tarim ve Orman Bakanlg, Tirkiye’de ciftcilere sertifikali tohum destegi, glibre destegi, mazot destegi ve fark
odeme destegi gibi basliklarla tarimsal destek 6demeleri yapmaktadir (Egilmez, 2022; Polat, 2022). Tarimsal destekler,
tarim sektoriinln sirdurilebilirligini ve kalkinmasini amaglarken, Gretimde verimliliginin arttiriimasi ve giftgilerin tGretim
maliyetlerini disirmeyi de hedeflemektedir. Destek 6demeleri, ¢ift¢ci Uriin beyanlari temel alinarak ciftgilere
yapilmaktadir. 2021 yiliigcin arpa ve bugday bitkilerinin sertifikali tohum destegi dekar basina 16 TL, giibre destegi dekar
basina 20 TL, mazot destegi dekar basina 22 TL ve fark 6deme destegi kilogram basina 10 TL olmustur (Egilmez, 2022;
Polat, 2022). Beyan edilen drin igin verilen maddi desteklerin kontrolii ¢iftci sayisinin fazlahgi, personel eksikligi ve ekim
alanlarin ¢cok biyuk bir alana yayillmasi nedeniyle mamkin degildir.

Ancak, uzaktan algilama uydulari ile toplanan goriintiler kullanilarak tarimsal desteklerin kontrolli daha az is glicl
ve zaman harcanarak saglanabilir. Ornegin, literatiirde Ciftci Kayit Sistemi’ne (CKS) beyan edilen driinlerin uydu
goruntdileriyle incelenmesi tizerine gesitli galismalar yapilmistir. IKONOS uydu goriintileri ile Trabzon ili Akgaabat ilgesi
Isiklar Beldesi ve Trabzon ili Merkez ilgesi Bengisu Kdyi’nde yapilan bir ¢alismada CKS sisteminin tutarlilig§l incelenmis ve
bazi beyan edilen parsellerin tarimsal amag disinda kullanildig, bazi parsellerde ise tarim Uriini yetistirilmesine ragmen
CKS sisteminde kaydedilmedigi tespit edilmistir (inan & Yomralioglu, 2006). Farkli bir calismada Denizli ilinde bulunan
Civril-Baklan Ovasi’ndaki CKS beyanli parsellerde bulunan her tarim trlini igin Sentinel-2 uydu goriintilerinden Uretilen
NDVI degerlerinin kullaniimasiyla zaman serileri olusturulmus ve uyumsuzluk oldugu belirlenen 16021 adet CKS parseli
calisma 6ncesinde referans verisinden ¢ikariimis, sonrasinda siniflandirma islemi yapilmistir (Simsek & Durduran, 2023).
Mardin ili Kiziltepe ilgesinde yapilan farkli bir ¢calismada ise 2018 yilina ait Sentinel-2 uydu goérintileri ve CKS
parsellerinin kullaniimasiyla Uriin deseni belirlenmis, galisma sonucunda beyan edilen Griinlerin kontroliiniin uydu
gorintilerinin kullanimi ile miimkiin olabilecegi ortaya konmustur (Altun & Tirker, 2021). Sanliurfa ili Harran ilgesinde
yapilan baska bir ¢calismada ise CKS’ye kayith misir ve pamuk parselleriigin yapilan tarimsal destek 6demelerinin kontroli
Landsat TM uydu gorintdileri ile gergeklestirilmistir (Aydogdu vd., 2011).

Ulkemizde tarimsal destek alan ciftgilerin beyanlarinin tamamiyla sahada kontrolii geleneksel yéntemlerle miimkiin
olmamasli nedeniyle bahsedilen bu g¢alismalarda uydu goriintileri ve gorinti isleme teknikleri kullanilarak yanlis ya da
eksik beyanda bulunulan CKS parsellerinin tespit edilebilecegi ortaya konmustur. Ciftci beyanlarinin kontroliiniin uydu
gorintileri ile gergeklestirilebilmesi icin ciftcilerin ekim yaptigi alanlarin sinirlari bilinmelidir. Bu sinirlar CKS verilerinde
bulunmasina ragmen bu veriye erisim mimkiin degildir. Ayrica CKS parselleri eksik bilgi ve veri uyusmazligi icermesi
nedeniyle manuel diizenlemeler yapildiktan sonra calismalarda kullanilabilmistir (Altun & Turker, 2021; Simsek &
Durduran, 2023).
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Ciftci sayisinin fazla olmasi ve genis tarim alanlarinin bulunmasi nedeniyle arazi ¢alismalari yapilarak alan sinirlarinin
tespit edilebilmesi zamansal olarak muimkiin degildir. Segmentasyon yontemlerinin kullaniimasiyla tarim alani
sinirlarinin yiiksek ¢oztinarltkla uydu gérintileriyle gikarimi (Li, 2022) mUmkiindir fakat bu goériintiler Gcretli temin
edildiginden dolayi genis alanlarda yapilacak ¢alismalar igin siirdiiriilebilir degildir. Ucretsiz servis edilen Sentinel-2 uydu
gorintilerinin mekansal ¢ozinurliginin dasiik olmasi nedeniyle obje tabanl segmentasyon sonucunda Uretilen parsel
sinirlarinin bazi alanlarda yetersiz oldugu gorilmustiir (Zhang vd., 2021). Yukarida bahsedilen yontemlerin yetersiz
olmasindan dolayi erisime aglik ve licretsiz olan kadastro parsel sinirlarinin giftci beyan kontroli igin kullanilmasi maliyet,
zaman ve dogruluk agisindan daha avantajli olabilecegi distiniilmektedir.

Bu galismada, Sentinel-2 uydu goriintileri kullanilarak ciftcilerin arpa ve bugday Urlnleri igin beyanlarini tam
otomatik olarak kontrol eden bir ydontem gelistiriimesi amaglanmistir. Ayrica, bu yéntemde kadastro parsel sinirlarinin
obje olarak kullanilabilirligi test edilmistir. Calisma kapsaminda elde edilen sonuglar, Yozgat ilinin Merkez ilgesinde, 6zel
bir firma tarafindan saha c¢alismalari sonucunda toplanmis arpa ve bugday Urlinlerini iceren yersel veriler ile
dogrulanmistir. Ozetle, cift¢i beyanlarinin kontroliiniin tam otomatik olarak nasil gerceklestirilebilecegi ortaya
konmustur.

2. Calisma alani, Materyal ve Yontem
2.1 Calisma Alani

Calisma alani Yozgat ili Merkez ilgesine bagl Battal, Bayatdren, Osmanpasa, Ozliice, Sarininéren ve Yudan kdylerinde yer
alan arpa ve bugday ekili bazi tarim alanlarini kapsamaktadir (Sekil 1). Merkez ilgesinde ton cinsinden en ¢ok yetistirilen
ilk iki tahil Giriini arpa ve bugdaydir (Tiirkiye istatistik Kurumu, 2021b). Képpen — Geiger iklim siniflandirmasina gére
Merkez ilgesinde arpa ve bugday parsellerinin bulundugu kdyler “Bsk” tipi iklime sahiptir (Beck vd., 2018). Kurak iklim
alt tipi olan Bsk iklim tipi, yilhk ortalama sicakhgin 18°C’den kiiclik oldugu bolgelerde hakim olan yari kurak step bir
iklimidir. Bu iklim turinde yazlari sicak ve kurak, kislari soguk ve kar yagish gegmektedir.
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Sekil 1. Calisma alani (Merkez, Yozgat, Turkiye)
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2.2 Materyal
2.2.1 Uydu gorintiileri

Sentinel-2 uydu misyonu, 5 giinde bir yerylizii gézlemi toplayan iki uydudan olusmaktadir. Avrupa Uzay Ajansi (ESA)
tarafindan yaritulen bu program kapsaminda toplanan veriler, Copernicus servisi araciligiyla Ucretsiz olarak kullanicilara
sunulmaktadir. Bu ¢alismada, galisma alanini kapsayan T36SXJ ¢erceve numarali Level-2 Sentinel-2 uydu goriintileri
temin edilmistir. Gorlinti tarihleri, arpa ve bugday bitkilerinin ekim ile hasat tarihleri goz 6nline alinarak belirlenmistir.
Yozgat ilinde arpa ve bugday ekimi ekim-kasim aylarinda tamamlanirken, Grlnlerin hasat edilmesi ise temmuz ayinin
ikinci haftasina kadar siirmektedir (Yozgat il Tarim ve Orman Miidiirligl, 2021). Bu nedenle 4 Aralik 2020 - 5 Ekim 2021
tarihleri arasinda, bulutluluk orani %’90’dan az olan 47 adet goriintli Copernicus Open Access Hub araciliglyla temin
edilmistir. Goruntllerin tarihsel dagihmi Sekil 2’de verilmistir.
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Sekil 2. Calisma icin temin edilen glinlerin dagilimi (sayilar yilin glinlinii ifade etmektedir)
2.2.2 Yersel referans verileri

Calisma kapsaminda kullanilan yersel referans veriler, saha galismalari ile veri toplayan o6zel bir firmadan temin
edilmistir. 2021 yili mayis ayinin son haftasi ile haziran ayinin ilk haftasi arasinda saha galismalarinda gézlem yapilan
parsellerin icine nokta atilarak bilgi toplanmistir. Her nokta, enlem ve boylam bilgisini, parselin bulundugu il, ilce ve
mahalle bilgisini, gozlem tarihini ve parsele ekilen trin bilgisini icermektedir. Ayrica her nokta verisi kendine 6zgi bir
numara ile veri setinde temsil edilmektedir. Yersel veri setinin icinde toplamda 98 tane nokta verisi bulunmaktadir.
Ancak, 5 tane parsele iki kere nokta atildig tespit edilmistir ve bu noktalarin bir tanesi silinmistir. Bundan dolayi, bu
¢alismada 39 adet arpa ve 54 adet bugday olmak lzere toplamda 93 adet nokta verisi kullaniimistir.

2.2.3 Parsel sinirlari

Yersel referans verileri nokta formatinda toplandigindan dolayi analiz yapilabilmesi icin parsellerin sinirlarina ihtiyag
duyulmaktadir. Uydu gorintisa kullanilarak bu parsel sinirlarinin bir operatér tarafindan elle ¢izilmesi ¢cok zaman alici
ve slrdirilebilir bir yontem degildir. Ayrica, bu yontemde operatoriin parsel sinirlarini hatali belirleme riski de
bulunmaktadir. Ancak, yersel referans verilerinin cografi koordinatlari kullanilarak kesistigi parselin sinirlari Tapu
Kadastro Genel Mudurligu (TKGM) parsel sorgu uygulamasi ile temin edilmesi miimkindir. Bu yontem ile ¢ok kisa bir
zamanda tim parsellerin sinirlari TKGM parsel sorgu sitesinden (https://parselsorgu.tkgm.gov.tr/) otomatik olarak
indirilebilir. Bu ¢alisma kapsaminda, yersel referans verilerinin cografi koordinatlari kullanilarak yapilan parsel sorgu
islemleri sonucunda toplam 93 adet kadastro parseli poligon formatinda vektér verisi olarak indirilmistir.

Parsel sinirlari, milkiyet sinirlarini temsil eden poligon formatinda olan vektor verilerdir. Parsel sinirlari icerisindeki
alanlar, tarim disinda farkli amaglar icin kullanilabilmektedir. Ornegin, tarim amaciyla kullanilan parselin sinirlari icinde
traktor yolu, su kanali, kuliibe gibi yapilar olabilmektedir. Ayrica, Turkiye’de ciftgiler tiim parsele yayilacak sekilde ekim
yapmayabilirler ya da parseli pargalara ayirarak birden fazla triin ekimi yapabilirler (Yasar & Yagci, 2023). Ek olarak,
parsel sinirlarinin daha belirgin olmasi amaciyla Tirkiye’de parseller arasina agag ve calilik dikimi veya duvar ve git
ortlmesi yaygin bir uygulamadir. Bu nedenlerden dolayi parsel sorgudan indirilen parsel sinirlari tarim Grtini disindaki
agac, callik, yol, bina, duvar, ¢it ve su kanali gibi farkli arazi kullanimi ve arazi 6rtiisi siniflarinin sinyallerini icerebilecegi
icin yapilan analizlerin sonuglarini etkilememesi adina sinirlarin diizenlenmesi gerekebilmektedir. TKGM parsel sorgu
uygulamasindan indirilen kadastro parselleri Sentinel-2 NDVI ve Google Earth uydu goriintileri yardimiyla gorsel olarak
incelendiginde yukarida bahsedilen durumlar tespit edilmistir. Ornegin, Sekil 3a’da bulunan 11 numarali parselin tam
ortasindan yol gectigi ve parseli ikiye ayirdigi, Sekil 3b’de bulunan 63 numarali parselin icinde ekili olmayan biiylk bir
corak alan oldugu, Sekil 3c’de bulunan 101 numarali parsel boltnerek iki parcaya ayrildigi ve her pargada farkh Griinler
yetistirildigi gorilmektedir. Ayrica, bu parselin gliney sinirlarinda agaclar da bulunmaktadir.
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Benzer sekilde, Sekil 3d’de bulunan 105 numarali parsel sinirlari igcinde agaglar oldugu, Sekil 3e’de bulunan 109 numarali
parselin orta kisminda ekim yapilmayan gukur bir bolgenin oldugu, Sekil 3f'de bulunan 119 numarali parsel sinirlari
icinde hem su kanali hem de agaglar bulundugu, Sekil 3g’de bulunan 133 numarali parselin bir kisminda ekim yapilmayan
corak bir bolgenin oldugu ve Sekil 3h’de bulunan 156 numarali parsel sinirindan toprak yol gectigi gorilmektedir.

Parsel icindeki tarim disi alanlarin modele ve NDVI zaman serilerine etkisini arastirmak amaciyla kadastro parsel
sinirlari ile ilk asamada tarim disi alanlar disarida kalacak sekilde elle diizenlenmistir. Elle diizenlenmis parsel sinirlari,
NDVI ve Google Earth uydu gériintiileri yardimiyla cizilmistir. ikinci asamada, parsel siniri ile ¢cakisan Sentinel-2 10 m
¢Ozunurligindeki pikselleri %100 olarak icermeyen kisimlarin g¢ikarildiktan sonra olusan alanin sinirlari, parsel siniri
olarak alinmistir (Sekil 4). Calisma kapsaminda, bu sinirlar otomatik diizenlenmis parsel sinirlari olarak isimlendirilmistir
ve Python dilinde gelistirilen bir program ile kullanicinin herhangi bir elle miidahalesi olmadan olusturulabilmektedir.
Bu program, TKGM Parsel Sorgu sitesinden indirilen parsel sinirlari ve herhangi bir tarihli Sentinel-2 uydu gorintisi
kullanarak yeni bir sinir verisi olusturmaktadir (Sekil 4). Programda o6ncelikle parsel sinirlariyla ortiisen pikseller
gorintiden kesilmektedir. Sonrasinda bu piksellerin alanlari tek tek hesaplanmaktadir. Eger piksel alansal olarak
tamamiyla parsel sinirlari icinde bulunmuyorsa goriintiiden gikarilmaktadir. Son asamada ise, parsel sinirlariyla ortiisen
ve alansal olarak tamamiyla parsel sinirlari igerisinde bulunan bu pikseller kullanilarak parsel siniri tekrardan
cizilmektedir. Bu ydntemin asamalarinin drnek gdsterimi Sekil 4’te verilmistir. ilk olarak, parsel siniriyla drtiisen tim
pikseller kesilmektedir (Sekil 4a). ikinci olarak, alansal olarak tamamiyla parsel sinirlari icerisinde yer almayan pikseller
¢ikariimaktadir (Sekil 4b). En son asamada, geriye kalan piksellerden parsel siniri olusturulmaktadir (Sekil 4c). Burada,
parselin sinir bélgesinde bulunan karisik piksellerin NDVI zaman serilerine olan etkisini azaltmak amaglanmistir. Ozetle,
bu ¢calismada TKGM’den indirilen parsel sinirlari (TKGM), elle gizilen parsel sinirlari (manuel) ve otomatik olarak yeniden
diizenlenen TKGM parsel sinirlari (otomatik) olmak tizere 3 gesit parsel siniri kullaniimistir.

© Yersel Referans Verisi £ TKGM Parsel Sinin © Manuel Parsel Sinin ) Otomatik Parsel Sinin

Sekil 3. Calismada kullanilan veri setlerinin Google Earth uydu gériintiisu izerinde gosterimi

-

(c)

Sekil 4. Tarla parsel sinirlarindan otomatik olarak yeni parsel siniri olusturma asamalari
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2.3 YOntem

Bu galismada zamansal ¢ozlintrlGgi arttirmak adina %90’dan az bulutlu tiim Sentinel-2 uydu goriintileri kullaniimistir.
Bundan dolayi, géruntilerindeki bulutlu kisimlarin analizi etkilememesi igin hesaplamalardan g¢ikarilmasi gerekmektedir.
Galisma kapsaminda NDVI bitki indeksi kullanilacagi igin kirmizi (4.) ve yakin kizilétesi (8.) bantlardan siniflandirma
katmani kullanilarak bitki 6rtiist ve ¢iplak arazi disindaki tim pikseller maskelenmistir. Boylelikle bulutlu, bulut golgeli
ve kar veya buz olarak isaretlenmis pikseller analizden ¢ikarilmistir. Daha sonra maskelenmis 4. ve 8. bantlar kullanilarak
her goriintl icin NDVI verisi Gretilmistir.

Calismanin ikinci asamasinda TKGM, manuel ve otomatik dizenlenmis parsel sinirlari kullanilarak 47 adet NDVI
goruntlsinden her parsel i¢cin NDVI zaman serileri olusturulmustur. Ancak hem bulut maskelemesi hem de galisma
zamani (4 Aralik 2020 — 5 Ekim 2021) iginde bulutluluk orani %90’dan fazla olan uydu goértintileri kullaniimadigi igin
zaman serilerinde bosluklar bulunmaktadir. Bundan dolayi, parsel zaman serileri her 5 giinde bir NDVI degeri olacak
sekilde lineer enterpolasyon yontemiyle doldurulmustur.

Calismanin son asamasinda ise hatali etiketlenen arpa ve bugday parselleri, NDVI zaman serilerinin iteratif olarak
karsilastiriimasi ile bulunmustur. iterasyonlu metot, parselin NDVI zaman serisi ile ortalama driin NDVI zaman serisi
arasindaki Pearson korelasyon katsayisi (r) ve ortalama en yakin mesafe (d) hesabina dayanmaktadir (Yasar & Yagcl,
2023). Bu metotta, iterasyonun ne zaman bitecegini belirlemek igin r ve d i¢in esik degerler kullanilmaktadir. Her
iterasyonda, ilgili Grlinlin ortalama NDVI egrisine gore en kigik r degerini alan parsel veri setinden ¢ikariimaktadir.
Benzer sekilde, ilgili Grlinlin ortalama NDVI egrisine goére en biiylik d degeri alan parsel veri setinden ¢ikarilmaktadir.
Ornegin, ilk asamada, arpa parsellerinden ortalama arpa NDVI egrisi olusturulmaktadir. ilk iterasyonda her arpa
parselinin NDVI egrisi ile ortalama NDVI egrisi arasindaki r degeri hesaplanir ve en disik r degerine sahip olan parsel
veri setinden cikarilmaktadir. ikinci iterasyona gecmeden, geriye kalan arpa parsellerinden tekrar ortalama NDVI egrisi
olusturulmaktadir. ikinci iterasyonda, her parsel ile ortalama NDVI egrisi arasindaki r degerleri tekrar hesaplanmaktadir
ve en diistik r degerini alan parsel veri setinden gikariimaktadir. Eger esik degerin altinda r degeri kalmayinca iterasyon
r degeri icin bitiriimektedir. Daha sonra, benzer sekilde d degeri icin de iterasyon yapilmaktadir. Bu iterasyonda,
ortalama arpa NDVI egrisine gore en blyilik d degeri alan parseller ¢ikarilmaktadir. Her iki iterasyonda veri setinden
atilmayan parseller gercek arpa parselleri olarak degerlendirilmektedir. Ayni iki iterasyon, bugday parselleri iginde
yapilmaktadir. Bu esik degerler, r ve d igin sirasiyla 0,60 ve 0,02 olarak belirlenmistir (Yasar & Yagci, 2023).

Uydu goérintilerinin temin edilme asamasi disindaki tiim asamalar, Python programa dili tizerinde yazilan programlar
ve licretsiz kUtiphaneler ile gergeklestirilmistir. Gorlintilerin maskelenmesi ve NDVI bantlarinin Gretilmesi asamalarinda
Numpy (Harris vd., 2020) ve Rasterio (Gillies, 2013) kuttiphaneleri kullaniimistir. Toplamda 47 dakikada (47 goriinti x 1
dakika) tim gorintuler igin maskeleme ve NDVI hesabi islemi tamamlanmistir. Sekil 4’te verilen yontem ile otomatik
dluzenlenmis kadastro parsel sinirlarinin Uretilmesi asamasi, Rasterio, Shapely (Gillies vd., 2022), Geopandas (Jordahl
vd., 2022) ve Numpy kitiiphaneleri kullanilarak yazilan program ile tamamlanmistir. NDVI bantlari kullanilarak parsel
ortalama degerlerinin gikarilma islemi Rasterstats (Perry, 2015) kiitliphanesinde, zaman serilerinin olusturulmasi ve
enterpolasyon metoduyla doldurulmasi ise Pandas (The Pandas Development Team, 2023) kitiiphanesinde yapilmistir.
iterasyonlu metot ile r ve d degerlerinin hesaplanmasi ve esik degerler kullanilarak parsellerin elenmesi, Numpy, Pandas
ve SciPy (Virtanen vd., 2021) kuttiphaneleri kullanilarak yapilmistir. Calismanin is akisi Sekil 5’de verilmistir.
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dizenlenmis
—
TKGM
parselleri
iterasyonlu
Orijinal Parsel Zaman Linear enterpolasyon metot ile yanlh
TKGM Wit speizl yanis
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Sekil 5. Calismanin is akisi
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3. Bulgular

Calisma kapsaminda elde edilen bulgular iki baglik altinda anlatilmistir. ilk béliimde, elle cizilen parsel sinirlarindan
olusturulan NDVI zaman serileri diger iki parsel sinirlarindan elde edilen NDVI zaman serileri ile karsilastirilmistir. ikinci
boliimde, yontem ile 3 farkli NDVI zaman serilerinden elde edilen sonuglar ortaya koyulmus ve parsel sinirlarinin
yontemin dogruluguna etkisi arastirilmistir.

3.1 NDVI zaman serilerindeki degigsim

Calisma kapsaminda 39’u arpa ve 54’G bugday ekili oldugu belirtilen toplam 93 adet parsel i¢cin TKGM, manuel ve
otomatik parsel sinirlari kullanilarak 3 adet NDVI zaman serileri olusturulmustur. Daha sonra, TKGM ve otomatik parsel
sinirlarindan elde edilen NDVI zaman serileri, manuel parsel sinirlarindan elde edilen NDVI zaman serileri ile
karsilastiriimistir ve her parsel igin bagil hata hesabi denklem (1) kullanilarak hesaplanmistir. Denklemde gergek deger,
manuel parsel sinirlarina gore elde edilen NDVI zaman serileri olurken, gozlenen deger ise otomatik veya TKGM parsel
sinirlarina gore elde edilen NDVI zaman serileri olmustur. Manuel parsel sinirlarinin gergek deger segilmesinin nedeni,
sinirlarin elle ve hassas bicimde tekrardan cizilerek olusturulmasindan dolayidir. Her arpa ve bugday parseli icin elde
edilen bagil hatalar sirasiyla Sekil 6a ve Sekil 6b’de verilmistir.

NDVI ik-NDVI
Bagil Hata= TKGM/OTOMATIK MANUEL| o 4 50 (1)
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Sekil 6. Referans veride arpa (a) ve bugday (b) olarak etiketlenen parsellerde elde edilen bagil hatalar
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Sekil 6a’da arpa ekildigi belirtilen parsellerin zaman serileri incelendiginde, 9, 107 ve 120 numaral parsellerin diger arpa
parsellerine gore daha yliksek bagil hataya sahip oldugu goérilmistir. Bu parsellerin bagil hatalari incelendiginde, TKGM
parsel sinirlarina gore sirasiyla %20, %35 ve %28, otomatik parsel sinirlarina gore sirasiyla %14, %19 ve %13 olmustur.
Geriye kalan 36 parseldeki degisim orani %15’i asmamistir. Cogunluk olarak arpa parselleri arasinda ¢ok kuglik farklar
mevcuttur. Parseller ayrintili olarak incelendiginde, 9 numaral parselin bazi alanlarina ekim yapilmadigi (Sekil 7a), 107
numarali parselin sinirlariicerisinde agaglar oldugu ve bir kismina ise ekim yapilmadigi (Sekil 7b) ve 120 numaral parselin
sinirlari igerisinde de agaclar oldugu (Sekil 7c) goralmustir. Buna gore zaman serileri arasindaki en blyuk farki yaratan
nedenin agaclar goérilmistir. Otomatik cizilen parsel sinirindan elde edilen NDVI zaman serilerinde bagil hata orani
TGKM parsel sinirindan elde edilen NDVI zaman serilerine gore daha dusuktiir. Bagil hata disinda, tim parsellerin zaman
serileri gérsel olarak incelendiginde zaman serileri arasinda ¢ok biiyiik degisiklik gériinmemektedir. Ozetle, arpa olarak
etiketlenen parsellerin NDVI zaman serilerinde TKGM parsel siniri kullanildiginda %35’e varan ve otomatik uUretilen
sinirlar kullanildiginda ise %19’a varan degisim olusmustur.
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Sekil 7.9, 107 ve 120 numarali parsellerin NDVI zaman serileri ve Google Earth uydu goriintlisi Gzerinde gdsterimi
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Sekil 6b’de bugday ekildigi belirtilen parsellerin zaman serileri incelendiginde, diger parsellere gére 63, 101 ve 108
numaral parsellerin en yiksek bagil hataya sahip parseller oldugu tespit edilmistir. Bu parsellerin bagil hatalari
incelendiginde, TKGM parsel sinirlarina gore sirasiyla %36, %96 ve %20, otomatik parsel sinirlarina gore sirasiyla %37,
%100 ve %16 olmustur. Geriye kalan 51 parseldeki degisim orani %15i asmamistir. Parseller ayrintili olarak
incelendiginde, 63 numarali parselin blylk bir bélimiine (yaklasik %80) ekim yapilmadigi (Sekil 8a), 101 numaral
parselin farkh kullanim amaciyla ikiye bolindugi ve farkh gesitlerde Grlnler yetistirildigi (Sekil 8b) ve 108 numarali
parselin sinirlarinda sirali agaglar oldugu (Sekil 8c) goriilmdistir. 101 numarali parsel harig, otomatik parsel sinirina gére
hesaplanan bagil hata, TKGM parsel sinirina gére hesaplanan bagil hatadan daha diistk ¢iktigi gorilmustir. Bagil hata
disinda, tiim parsellerin zaman serileri gorsel olarak incelendiginde 101 numarah parsel hari¢ zaman serileri arasinda
cok biyuk degisiklik gorinmemektedir. 101 numarali parseldeki biyuk degisikligin nedeni parselin ikiye bollinerek iki
farkli tarim Griniini dikilmesidir. Ozetle, 101 numaral parsel dikkate alinmadiginda, bugday olarak etiketlenen
parsellerin NDVI zaman serilerinde, TKGM parsel siniri kullanildiginda %35’e varan ve otomatik Uretilen sinirlar
kullanildiginda ise %36’a varan degisim olusmustur.
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Sekil 8. 63, 101 ve 108 numarali parsellerin NDVI zaman serileri ve Google Earth uydu gorintisi tzerinde gosterimi
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3.2 Model sonuglarinin karsilastiriimasi

Calisma kapsaminda, 3 gesit parsel sinirlari kullanilarak olusturulan parsel NDVI zaman serilerinden referans veride hatali
olarak etiketlenen arpa ve bugday parseller iterasyonlu yontem ile bulunmustur. Her bir parselin r ve d degerleri
ortalama arpa (Sekil 9) ve bugday (Sekil 10) NDVI egrisine gore bulunmustur. Bu ¢alismada, r ve d igin sirasiyla 0.6 ve
0.02 esik degerleri kullanilmistir (Yasar & Yagci, 2023).

Bir 6nceki yapilan ¢alismada, 107, 119, 120 ve 125 numarali parseller referans veride arpa ve 4, 35, 43, 45, 48, 51,
55, 57, 58, 60, 63, 65, 102, 112, 114 ve 123 numarali parseller referans veride bugday olarak etiketlenmesine ragmen
NDVI zaman serilerine bakildiginda gercekte arpa ve bugday ekilmedigi belirlenmistir (Yasar & Yagci, 2023). Sonuglara
gore, bu parsellere ya hicbir ekim yapilmadigi ya da kis doneminin pas gegilerek yaz tiriinleri dikildigi belirlenmistir (Yasar
& Yagcl, 2023).

Arpa olarak etiketlenen parsellerin sonuglarina gére, TKGM, otomatik ve manuel parsel sinirlari kullanilarak elde
edilen NDVI zaman serileri iterasyonlu yontem ile kullanildiginda ayni sonuglari verdigi gorilmdistar (Sekil 9). Tim
sonuglarda, 107, 119, 120 ve 125 numarali parsellerin basarili bir sekilde arpa olmadigi belirtilmistir ve hatal arpa olarak
tespit edilen parsellerin r degeri 0,60’tan disik, d degeri ise 0,02’den yliksek ¢ikmistir. TKGM parsel sinirlarinin elle veya
otomatik bir sekilde diizeltilerek ekim yapilmayan yerlerin veya sinirdaki karisik piksellerin ¢ikarilmasi, iterasyonlu
yontemde r ve d degerlerinde kii¢iik oynamalara neden olmasina ragmen sonuglara bir etkisi olmamistir. Ozetle, parsel
sinirlarinin segiminin sonuglara herhangi bir etkisi olmadigi gérilmdistur.
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Sekil 9. Arpa olarak belirtilen parsellerin veri tirtine gére korelasyon katsayisi (r) (a) ve ortalama en yakin mesafe (d)
(b) degerleri

Bugday olarak etiketlenen parsellerin sonuglarina gére, TKGM, otomatik ve manuel parsel sinirlari kullanilarak elde
edilen NDVI zaman serileri iterasyonlu yontem ile kullanildiginda 101 numarali parsel hari¢ ayni sonuglari verdigi
gorialmustir (Sekil 10). TKGM ve otomatik parsel sinirlarinda elde edilen NDVI zaman serileri iterasyonlu yontemde
kullanildiginda 4, 35, 43, 45, 48,51, 55,57, 58, 60, 63, 65, 101, 102,112, 114, 123 ve 143 numarali parseller hatali bugday
olarak tespit edilmistir. Manuel parsel sinirlarindan elde edilen sonuglarda ise 101 numarali parselde bugday ekildigi,
diger parsellerde ise ekili olmadigi belirtilmistir. 101 numaral parsel harig, parsel sinirlarinin dizeltilmesi iterasyonlu
yontemde elde edilen r ve d degerleri arasinda kiigiik farklar yaratmasina ragmen sonuglari etkilememistir. iterasyonlu
yontemde hangi parsel sinirlari kullanilirsa kullanilsin 92 parselde ayni sonuglari vermesine ragmen 101 numaral olarak
belirtilen bir tane parselde sonuglarin birbiri ile uyusmadigi gortlmustir. Bu parsel, calismada kullanilan biitlin parsel
sinirlariile 17 Temmuz 2021 tarihli NDVI goriintiisi ¢akistirilarak gorsel olarak incelenmistir (Sekil 11).
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Ayrica, ¢calismada kullanilan batiin parsel sinirlarinin, Agustos 2021 tarihindeki Google dogal renkli kompozit goriintisi
de incelenmistir (Sekil 8b). Bu iki sekle gore, parselin ikiye ayrilarak her boélimiine farkli bir tiriin ekildigi géralmustir.
Bu iki b6lim 101/1 ve 101/2 adlandirilarak bélimlerin NDVI zaman serileri olusturulmustur (Sekil 11). 101/1 olarak
adlandirilan bélimin parsel sinirlari 101 numarali parselin manuel siniri ile aynidir. Daha sonra, bu NDVI zaman serileri
ile ortalama bugday NDVI zaman serisi arasinda r ve d degerleri hesaplanmistir. 101/1 numarali béliumin r degeri (0.93)
0.6 esik degerinden yiiksek, d degerinin ise (0.007) 0.02 esik degerden disik oldugu gorilmistir. Bu sonuglara 101
numarali parselin bu béliminde bugday ekildigi tespit edilmistir. Buna nazaran, 101/2 numarali bélimun r degeri (0.41)
0.6 esik degerinden duslk, d degerinin ise (0.035) esik degerden yuksek oldugu goriulmistir. Ayrica 101/2 numaral
bollimiin zaman serileri incelendiginde Sekil 11’de okla gosterilen bolgelerden 3 kez hasat edildigi goriilmustir. Bir
bliyume evresinde yonca gibi yem bitkileri birden fazla hasat edildigi i¢in bu bodlime yem bitkisi dikildigi

disunilmektedir.
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Sekil 11. 101 numaral parselin 17 Temmuz 2021 Sentinel-2 NDVI géruntisi ile gosterilmesi (solda) ve 101/1 ve 101/2
alanlarin NDVI zaman serileri (sagda)
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4. Tartisma

Referans verinin dogrulugunu iterasyonlu yontem ile arastirirken iki tane (r ve d) istatistik degerinin kullaniimasi
dnemlidir. Ornegin, referans veride bugday ekili oldugu belirtilen 35 numarali parsel icin hesaplanan r degeri, otomatik
ve manuel parsel sinirlarina gore esik degerin altinda kalmis fakat TKGM parsel sinirina gére esik degerin listiinde deger
almistir (Sekil 10). Bu parsel i¢in hesaplanan d degerlerinin (g veri seti igin de esik degerden yiiksek ¢iktigi goralmustir
(Sekil 10). Sekil 12b’de verilen NDVI zaman serisi incelendiginde, 35 numarali parselin mayis ayinin ilk haftasinda
otlarinin kesilerek nadasa birakildigi gorilmektedir. Referans veride bugday ekildigi belirtilen bu parsel, bugday olarak
kabul edilebilmesi icin hem r degerinin 0.6’dan yliksek hem de d degerinin 0.02’den diisik olmasi gerekmektedir.
Bundan dolayl bu parsel, {i¢ veri seti icin ayri ayri yapilan iterasyonlu degerlendirme sonrasinda hatali beyan edilen
parsel olarak etiketlenmistir. Eger sadece r karar vermede kullanilsaydi iterasyonlu metot ile hatali olarak 35 numaral
parselde bugday ekimi yapildigi sonucunu verecektir.

35 (b)

Tarih (GG.AA.YY)

D TKGM Parsel Sinin D Manuel Parsel Simin || Otomatik Parsel Sinint

Sekil 12. 35 numarali parselin sinirlari ve NDVI zaman serileri

Ayrica ¢alisma kapsaminda her parsel igin hesaplanan bagil hata hesaplari sonucunda arpa parselleri arasindan en
yuksek 3. bagil hataya sahip olan 9 numarali parsel, iterasyonlu yéntem sonrasinda glivenilir parsel olarak bulunmustur.
Sekil 7a’da 9 numarali parselin sinirlari incelendiginde, parselin bir bélimiinde ekilmeyen corak aranlar oldugu
gorialmustir. Ekim yapilmayan alanlardan dolayi parselin bagil hatasi yiiksek ¢ikmistir. Ancak bagil hatanin ylksek
¢itkmasi, parselin yanhs beyan edildigini gostermemektedir. Sekil 7a’da verilen NDVI zaman serileri incelendiginde,
manuel parsel sinirina gére hesaplanan zaman serisi ile diger iki parsel sinirina gére hesaplanan zaman serisinin benzer
egilimde oldugu gorilmistiir. Bugday parselleri arasinda ise en yiksek 3. bagil hataya sahip olan 108 numarali parsel de
iterasyonlu yontem sonrasinda givenilir parsel olarak bulunmustur. Sekil 8c’de parselin sinirlari incelendiginde, parsel
sinirlari boyunca agaclar oldugu gorilmdistlr. Ayrica parselin zaman serileri, i¢ veri seti icin de benzer egilim
gostermistir. Ozetle, bagil hatasi ¢ok yiiksek ¢tkmasina ragmen bu parseller iterasyonlu ydntem sonucunda giivenilir
parsel olarak belirlenmistir.

Kutupsal yoriingeli Sentinel-2 ve Landsat gibi uydu misyonlarinin artmasi ile diinya Gzerindeki uydu goérintisi
toplanma sikhgr artmistir. Bununla birlikte ¢ok zamanh uydu goriintilerinden tarim drinlerinin belirlenmesinde
mekansal bilgi yerine tek basina bitki indeksi zaman serileri tercih edildigi gériilmistiir. Ornegin, ayni calisma alaninda
yersel referans tarim Grln deseni verilerinin dogrulugu ¢ok zamanli Sentinel-2 NDVI zaman serileri ile belirlenmistir
(Yasar & Yagci, 2023). Benzer bir calismada, tarim Griinlerinin fenolojik evreleri ve yeryiiziiniin topografik ozellikleri,
Sentinel-2-tabanli NDVI zaman serileriyle beraber kullanilarak cesitli tarim Griinlerinin deseni bulunmustur (Luo vd.,
2023). Ayni sekilde, Sentinel-2 gorintiilerinden elde edilen NDVI ve 4 farkh bitki indeksinin zaman serileri kullanilarak
tarim Urinleri belirlenmistir ve bu ¢calismada oldugu gibi zaman serilerini birbirinden ayirirken esik degerler kullaniimistir
(zhang vd., 2023). Bu ¢alismada kullanilan NDVI bitki indeksinden farkh olarak Sentinel-2 géruntilerinden elde edilen
Gelistirilmis Bitki indeksi (EVI) zaman serileri gesitli tarim Griinlerini belirlemek icin kullaniimistir (Snevajs vd., 2022).
Ozetle, Landsat uydu misyonu ile karsilastirildiginda Sentinel-2 uydu misyonundan elde edilen bitki indeksi zaman serileri
tarim Grind deseni gikarma galismalarinda tercih edildigi gorilmustar.
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5. Sonuglar

Bu calismada, saha galismalari ile arpa ve bugday olarak belirtilen referans verinin dogrulugu iterasyonlu yontemle
arastinlmistir. Parsel sinirlarinin elle gizilmesi asamasinin otomasyonu yapilamadigi i¢in bdyle bir calismada tiim islem
adimlarinin bastan sonra otomasyonu engellemektedir. Ancak yontemle birlikte orijinal TKGM parsel sinirlari veya TKGM
parsel sinirlarindan otomatik ¢izilen parsel sinirlari kullanilirsa tiim islem adimlarinin bastan sonra otomasyonu
mimkiindir. Bundan dolayi farkli parsel sinirlarinin modele etkisi de arastiriimistir. Uydu gorintilerinin temin edilmesi
asamasi disindaki tim asamalar Python programlama dilinde yazilan programlarla gergeklestirilmistir.

Calisma kapsaminda 39’u arpa ve 54’ bugday olmak lizere toplamda 93 adet yersel referans verisinin beyan
dogrulugu farkli parsel sinirlari kullanilarak arastiriimistir. Calisma TKGM, manuel ve otomatik olmak tic farkli parsel sinir
verisi kullanilarak yapilmistir. Calisma sonucunda 5 adet arpa ve 16 adet bugday verisi, ti¢ parsel siniri icin de iterasyonlu
yontem sonucunda hatali beyan edilen parsel olarak belirlenmistir. Parsel icinde veya sinirlarinda yol bulunmasi, parsel
sinirlarinda agaglarin veya calilarin bulunmasi, parselin timine yayilacak sekilde ekim yapilmamasi ve parsel icinde
cukur bulunmasi gibi etkenlerin sonuglara etkisi olmadigi gérilmustir. Bundan dolayl sadece TKGM ya da otomatik
parsel sinirlari kullanilarak hatali beyan edilen parsellerin tespit edilebilmesi mimkindr.

Calismada, sadece 101 numaralh parselde g farkl sinir verisi icin de farkli sonuglar elde edilmistir. Bunun nedeni
olarak parselin iki bolime ayrilarak iki farkh Griin ekildigi gériilmistlr. Sonuglara gore parselin bir bélimiinde bugday
ekildigi, diger bolumiinde periyodik olarak hasat edilen yonca gibi bir yem bitkisinin ekildigi disiinilmektedir. Manuel
diizeltilen parsel siniri ile yontemin dogru bir sekilde parselde bugday ekildigini belirtmesine ragmen, TKGM veya
otomatik parsel sinirlari kullanildiginda yéntem parselde bugday ekilmedigi belirtmistir. Boylelikle modelin birden fazla
Uriin ekilen parsellerde hatali sonuglar verebilecegi goériilmistiir. ileride yapilacak calismalarda, bu konu {izerine
yogunlasilmasi planlanmaktadir.

Calisma kapsaminda, gelistirilen yontem ile goriinti siniflandirma yéntemleri kullanilmadan arpa ve bugday igin
ciftcilerin Grin beyan kontroll yapilabilecegi, kullanici tarafindan test verisi se¢imi olmaksizin tam otomatik bir sekilde
Python programlama dilinde yapilabilecegi gosterilmistir. TKGM Parsel Sorgu uygulamasi Gzerinden indirilen parsel
sinirlarinin herhangi bir diizeltme yapilmaksizin kullanilabilecegi dngoriilmektedir. Ancak Sekil 6’da verilen bagil hata
sonuglari incelendiginde, otomatik parsel sinirina gére hesaplanan bagil hata degerlerinin TKGM parsel sinirina gore
hesaplanan bagil hata degerinden daha diistk ¢iktig1 gorilmuastar. Parsel sinirlarinin otomatik olarak diizeltilmesiile sinir
piksellerinde bulunan yol, agac, su kanali ve galilik farkl arazi értiisi gruplarinin gikarilmasindan dolayi bagil hatada
diisus gorialmistir. Bundan dolayi TKGM parsel siniri yerine otomatik parsel sinirlarinin beyan kontroliinde kullaniimasi
daha hassas sonuclar verecegi diisiinilmektedir. Ancak, yontemin glivenirligini pekistirmek ve esik degerlerinin genel
gecerliligini test etmek icin farkli yillarda ve iklim bolgelerinde yeni ¢alismalar yapilmasi gerekmektedir. Benzer sekilde,
daha biiyik bir veri seti ile de ydontemi test etmek gerekmektedir. Ayrica, ayni ydontem ile tilkesel bir ¢alisma yapilmasi
durumunda bolgeler arasi fenolojik evre ve hasat zamani farkliliklarinin dikkat edilmesi gerekmektedir.
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Ozet

Ormanlar, yaklasik olarak yeryiiziiniin lgte birini kaplayan, gezegendeki biyogesitliligin
yarisindan fazlasina ev sahipligi yapan, atmosfere salinan karbonun énemli bir miktarini
tutan, iklim dedisimi konusunda da gli¢lii bir etkiye sahip diinya ekosistemindeki ¢ok
6nemli bir bilesendir. Ormanlik alanlarin biyokiitlesinin dogru bir sekilde kestirilmesi,
karbon salinimlarinin azaltilmasi ve karbon yutak alanlarinin artirlmasi kapsaminda biiyiik
6nem tasimaktadir. Uydu teknolojilerinin ve uzaktan algilama sistemlerinin gelismesiyle
birlikte aktif ve pasif sistemler ile Toprak Ustii Biyokiitlenin (TUB) kestiriminin yapilmasi
miimkiin hale gelmistir. Bu c¢alismada, Bartin’daki sahil ¢ami (Pinus pinaster Ait.)
agaglandirmalarinda, Avrupa Uzay Ajansi (ESA) tarafindan arastirmacilara licretsiz
sunulan Sentinel-1 radar, Sentinel-2 optik uydu verileri ile Coklu Dogrusal Regresyon (CDR)
ve Rastgele Orman (RO) yéntemlerinden yararlanilarak bant ve bitki ortiisii indeksi
degerlerinin TUB kestirimine etkileri ve yersel 6rnekleme alan verilerinden elde edilen TUB
degerleri ile iliskileri arastiriimaktadir. 16 modelin gelistirildigi ¢alismada, Sentinel-1 VH
geri sagilim degeri, Sentinel-2’den tiiretilmis normalize edilmis fark bitki értiisii indeksi
degeri (NDVI) fiizyonu ve RO yéntemi kullanildigi model ile TUB kestiriminde en iyi sonug
elde edilmistir (R>=0.61, RMSE= 49.412 t/ha).

Anahtar kelimeler: Biyokiitle, Toprak (stii biyokiitle, Sentinel-1, Sentinel-2, Sahil cami

Abstract

Forests are a crucial component in the world ecosystem, covering approximately one-third
of the earth's surface, hosting more than half of the biodiversity on the planet, holding a
significant amount of carbon released into the atmosphere, and strongly impacting climate
change. Accurate forest biomass estimation is essential in reducing carbon emissions and
increasing carbon sink areas. With the development of satellite technologies and remote
sensing systems, estimating the Above Ground Biomass (AGB) with active and passive
systems has become possible. In this study, the effects of band and vegetation index values
on Above Ground Biomass (AGB) estimation were investigated in Maritime pine (Pinus
pinaster Ait.) reforestation areas in Bartin using data from the Sentinel-1 radar and
Sentinel-2 optical satellite provided free of charge to researchers by the European Space
Agency (ESA), along with the Multiple Linear Regression (MLR) and Random Forest (RF)
methods. The relationships between AGB values obtained from ground sample plot data
and the satellite data were examined, and 16 models were developed. The best results for
AGB estimation were achieved using the model that incorporated the Sentinel-1 VH
backscatter value, the Normalized Difference Vegetation Index (NDVI) derived from
Sentinel-2, and the RF method (R?=0.61, RMSE= 49.412 t/ha).

Keywords: Biomass, Above ground biomass, Sentinel-1, Sentinel-2, Maritime pine

15


https://orcid.org/0000-0002-1829-9624
https://orcid.org/0009-0003-5814-1607
https://orcid.org/0009-0003-8646-4980

Ozdemir, E. G., Demiralay, A., & Sahin, B. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 15-27, Mart 2024

1. Girig

Dinya'nin kara ylizeyinin yaklasik gte birini kaplayan ormanlar, biyogesitliligi destekleyen ve karbon-su-enerji donguleri
yoluyla iklim sistemini etkileyen modern toplumlarin temel sosyo-kiiltirel bir unsurudur (Bonan, 2008). Diinya genelinde
ormansizlagma ve endustrilesme hizla artmaktadir. Atmosfere yayilan karbondioksit miktarinin endistri 6ncesi doneme
gore artis gosteren ivmede olmasi, Diinyamiz igin buyuk bir tehlikenin habercisidir (Cox vd., 2000). Ormanlarin karbon
tutucu ve iklim degisikliginin yarattigi tahribati engelleme adina 6nemli bir bilesen olma 6zelligi, canli yasami igin blyk
onem arz etmektedir (Cheng vd., 2009). Ekosistemdeki organik karbonun %76-98’ini depolama ozelligine sahip
ormanlar, atmosferdeki karbondioksit artisinin neden oldugu kiiresel isinmanin azaltiimasinda yeri doldurulamaz bir rol
oynamaktadir (Wang vd., 2013).

Ormanlik alanlarin biyokutlesinin dogru bir sekilde kestirilmesi, karbon salinimlarinin azaltilmasi ve karbon yutak
alanlarinin artiriimasi kapsaminda biyilk &nem tasimaktadir (Dixon, 1994). Toprak ustii biyokiitlenin (TUB)
belirlenmesinde siklikla kullanilan metot, yersel calismalardir. TUB belirlemenin en dogru sonug veren yéntemi olan
yersel metot, 6rnek alanlarda kesilen agaclarin ibrelerinin, yapraklarinin, dallarinin, gévdelerinin, kéklerinin ayrilmasi,
cap ve yuksekliklerinin, agirliklarinin 6lglilmesi prensibine dayanir. Saha c¢alismalari neticesinde elde edilen biyokditle
denklemleri kullanilarak, érnekleme alanlarindaki agaclarin gégiis yiksekligindeki cap (di.3m) ve boy dlgmeleri ile TUB
miktari belirlenebilir (Vickers vd., 2012).

Geleneksel yontemlerin kullanildigi arazi ¢alismalari ile biyokitle ve karbon kestiriminin yapilmasi maliyetli, zaman
alici ve laboratuvarda analizlerle birlikte yogun emek gerektirmesi, alternatif yontem olan uzaktan algilama sistemlerine
olan ilgiyi giin gectikce artirmistir (Vafaei vd., 2018). Optik ve Sentetik Agikli Radar (SAR) uzaktan algilama sistemleri ile
orman yapisinin belirlenmesi, siniflandiriimasi, TUB’{in kestirilmesi miimkiin olmaktadir (Lu vd., 2016).

Onceki calismalarda, optik uydu verilerinden (retilen Normalize Edilmis Fark Bitki Ortiisii ve Gelismis Bitki
indeksleriyle (NDVI, EVI) gesitli regresyon yontemleri kullanilarak TUB kestirimi yapildigi gériilmektedir (Wang vd., 2019).
Ancak optik uydu verilerinin genellikle yaprak biyokitle bilesenlerinin tahmininde iyi oldugu, hava kosullarindan
etkilenmesi ve yogun orman &rtiisiinde agac gévdesine erisemediginden dolayr TUB kestirimi icin tek basina uygun
olmadigi belirtilmektedir (Dobson vd., 1992; Foody vd., 2003; Ghasemi vd., 2013). SAR ise her turli hava kosullarinda,
gece ve gilindiiz gorinti elde edebilir ve biyokitle kestiriminde dalga boyu 6zellikleri sayesinde agacin tepe taci ile
govdesine de nifuz edebilir (Santoro vd., 2019). Radar goriintileri farkl dalga boylarina gore biyokitle tahmininde farkh
duyarhliklar gosterir. Dalga boyu arttik¢a radar geri sacilimi ile biyokltle arasindaki korelasyon artar (Li vd., 2020;
Vatandaslar & Abdikan, 2022). SAR uydu gériintilerinin kullanildigi TUB kestirimi calismalarinda topografik kosullarin da
onemli bir etken oldugu yadsinamaz. Bu durumun olumsuzluklarini gidermek adina, SAR goriinti isleme ve
degerlendirme asamalari igin farkl teknik ve yardimci veri kullanimi s6z konusu olmaktadir (Flores-Anderson vd., 2019;
Guerra-Hernandez vd., 2022).

Uydu gorintilerinin fizyonunun kullanildigi ¢alismalarda, yogun bitki ortiisiine sahip alanlarda bitki 6rtlsinin
biyokutlesini dogru bir sekilde tahmin etmede uydu sensorlerinin sinirlamalariyla ilgili uzaktan algilama ve ekolojik
¢alismalarda kullanilan bir kavram olan saturation (doygunluk) probleminin buyik olglide ¢ozuldigiu ve biyokitle
kestiriminde dogrulugu artirdigl gorilmektedir (Bao vd., 2019; Nuthammachot vd., 2022). Bu doygunluklar orman
bilesenleri, calisma alanlari ve sensoér 6zellikleriyle de iliskilidir (Vaglio Laurin vd., 2017).

Yapilan galismalarda TUB kestiriminde kullanilan modellerin &nemine de vurgu yapilmaktadir. Coklu Dogrusal
Regresyon (CDR) yéntemi, TUB calismalari icin en sik kullanilan algoritmalardan biridir (Li vd., 2019). Destek Vektor
Makinesi (DVM), karar agaglari, K-en yakin komsu ve yapay sinir aglari (YSA) gibi makine égrenme ydntemleri de TUB
kestiriminde basvurulan algoritmalardan olmaktadir (Nelson vd., 2009; Monnet vd., 2011). Son zamanlarda, Asiri
Gradyan Artirma (AGA) ve Rastgele Orman (RO) gibi makine &grenme ydntemlerinin kullanildigi TUB kestirimi
¢alismalarinda da 6nemli sonuglar elde edildigi gorilmektedir (Pham vd., 2020; Tavasoli & Arefi, 2021).

Karbon salinimi ve iklim degisiminin canli yasamina etkisinin konusuldugu su gilinlerde, orman alanlarinin
¢ogaltiimasi, korunmasi, ormansizlasmaya karsi dnlemler alinmasi dnemli bir konudur. Diinya’da, SAR ve optik uydu veri
flizyonu ile farkli teknik ve modeller kullanilarak TUB kestirimi calismalari gerceklestiriimektedir (Schmidt vd., 2016;
Santoro vd., 2019; Wang vd., 2019; George-Chacén vd., 2022; Georgopoulos vd., 2022; David vd., 2022). Ulkemizde ise
SAR ve optik uydu gériintiilerinin birlikte kullanildigi TUB kestirimi ¢alismalari bakimindan sinirlidir (Keles vd., 2021;
Guvergin & GUnli, 2023). Bu ¢alismanin, Kiresel iklim degisikligi 6zelinde orman varliginin ekosisteme olan etkilerinin,
karbon tutma miktarlarinin uzaktan algilama teknikleriyle tespit edilebilmesi ¢alismalari icin SAR verisi kullaniminin ve
biyokitle hesaplarina yonelik bilgi birikim kapasitesinin arttirilmasi bakimindan literatire katki saglayacagi
duslntlmektedir.
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2. Materyal ve Yontem
2.1 Galigsma alani

Calisma alani, Bati Karadeniz Bolgesinde yer alan Bartin ili, Ulus ilgesi, Kaldirim Mahallesi 130 ada 300 parseldeki 44
hektarlik alanda yaklasik 35 yil dnce tesis edilen sahil gami (Pinus pinaster Ait) agaglandirmalarinin oldugu (36T 0444820
D — 4611800 K) ve Merkez ilgesi, Orduyeri mahallesinde 36 yil 6nce tesis edilen, 286 ada 1 parselde 11 hektar (ha),
Hirriyet Mahallesi 1471 ada 1 parselde 7 ha olmak lzere toplamda 18 ha yizdlgiimiine sahip sahil ¢ami
agaclandirmalarindan olusmaktadir (36T 0460396 D — 4604750 K) (Sekil 1).

Arastirma alaninin topografik durumu incelendiginde Alan 1’in yUkseltisi 200-400 m, genel bakisi giiney, bati ve
dogudur. Aragtirma alani 2’in yukseltisi 90-180 m, genel bakisi gliney, bati ve dogudur. Bartin meteoroloji istasyonunun
(30 m) 50 yillk (1961-2021) verilerine gore yillik yagis 1049 mm, yillik ortalama sicaklik 12,8 °C, yillik ortalama yuksek
sicaklik 18,7 °C’'dir (Meteoroloji Genel Mudirliigl, 2023).

Calisma, 2022 yili temmuz ayi Ulus sinirlari igerisinde sahil gami agaglandirma sahasinin oldugu Alan 1'de 12 adet ve
Ekim ayinda ise Merkez ilge sinirlarinda sahil cami agaglandirma sahasinin oldugu Alan 2’de 28 adet olmak Uzere
toplamda 40 adet 6rnekleme alaninda gergeklestirilmistir. Orneklemelerin yapildigi alanlar b (d1,3=8,0-19,9 c¢m) ve c
(d1,3=20,0-35,9 cm) gelisim ¢aginda olup, normal kapahllga (0,7-1,0) sahiptir.
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Sekil 1. Calisma alanlarinin konumu
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Sekil 3. Ornekleme alanlari 2 saha fotograflari

2.2 Ornekleme alani se¢imi ve mescere parametrelerinin elde edilmesi

Kuzey yarim kiirede yayilis gosteren ve Dinya’da 109 farkli tiire sahip Pinus cinsinin bir tlari olan Sahil cami (Pinus
pinaster Ait.) Glneybati Avrupa’da, Bati Akdeniz’'de ve Kuzeybati Afrika’da dogal olarak bulunmaktadir (Kandemir &
Mataraci, 2018). Ulkemizde dogal bir tiir olmayan Sahil camindaki yapilan calismalarda, Korsika orijinine tilkemizin
ozellikle Bati ve Orta Karadeniz kesimleri ile Marmara Bolgelerindeki agaglandirmalarda denizden 500 m yikseltiye kadar
olan alanlarda kullanilabilecegi bildirilmektedir (Urgeng, 1972; Simsek vd., 1985). Sahil caminin Tiirkiye’de yaklasik %83’
Marmara Bolgesi’'nde, %15’i Karadeniz Bélgesi’'nde, %2’si Ege ve Akdeniz Bolgelerinde yer almaktadir (Gliner vd., 2019).
Calisma alaninda, sahil cami tiirti 6zelinde 6rnekleme alanlarindan veriler toplanirken asagidaki adimlar uygulanmustir:

1. Ornekleme alani, icerisine en az 15 adet fert girecek biyiikliikte (Cepel vd., 1977; Giiner vd., 2022) belirlenmistir.

2. TUB kestiriminde gerceklestirilen calismalarda farkl ebatlarda ve farkli geometrik sekillerle (kare, dikdértgen,
daire) 10x10 m (Yadav vd., 2021), 50x50 m (Hamdan vd., 2011), 10x50 m (Eckert, 2012), 30 m ¢apinda (Naik vd.,
2021) ornekleme alanlari kullanilmistir. Calismamizda o6rnekleme alani, fertlerin yayilisi da gbéz 6niinde
bulundurularak 28 adet 20x20 m, 11 adet 20x30 m ve 1 adet 30x30 m genisliginde olmak lzere, bu alanlardaki
tim fertlerin, caplar (di3m) ve boylar (hm) 6lgilmustir. Uydu goériintilerinin mekansal ¢ozlndrliklerinin de
10x10m olarak yeniden 6rneklendirilmesi ile yersel alanlar ile olan iliskileri irdelenmistir.
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3. Biyokiitlenin hesaplanmasinda birim alan yéntemi kullanilmistir (Giinel, 1981). Ornek alandaki tiim agaglarin TUB
degerleri, Tirkiye’de tiir ile ilgili yersel metotlarla istanbul Durusu Kumul alanlarinda Tolunay vd. (2017),
gerceklestirdigi calismada Uretilen biyokitle denkleminde, 6rnekleme alanlarindan élgilen (d1.3m) ve hm degerleri
kullanilarak elde edilmis olup hektara gevirme katsayisi kullanilarak da hektar alandaki agag kutlesi stoku (t/ha)
hesaplanmistir.

4. Yersel galismalar kapsaminda 6rnekleme alanlarindan olgilecek (dism) ve hm degerlerinin yaninda merkez
konum, arazi ylikseltisi, egimi, baki ve yamag¢ konumu gibi veriler de elde edilmistir.

5. Ornekleme alanlarinda elde edilecek merkez koordinatlari, Garmin Oregon marka metre alti GPS ile WGS84-UTM
Zone 36T koordinat sisteminde kaydedilmistir. Agac boyu ve arazi egimi Haglof marka elektronik klizimetre ile
Olciimi gergeklestirilecek, drnekleme alanlari belirlerken gelik serit metre kullanilmis, arazi durumundan kaynakl
metre ¢ekilemeyen alanlarda Leica Disto D8 marka lazer metre cihazindan yararlaniimistir.

Kro = 10,4909+(0,0222xd13%h)  (R?*=0.958; SH=37.276) (1)

Denklemlerde Kru: toprak Ustii agag kitlesini (kg/agac), di,3: gdgis yiksekligindeki capi (cm), h: aga¢ boyunu (m), R2:
belirtme katsayisini, SH: tahmini standart hatayi ifade etmektedir.

Leica Disto D8 Lazer metre paoisr |

Elektro

Sekil 4. Ornekleme alanlarindaki veri toplama ekipmanlari
2.3 Uydu goriintiilerinin elde edilmesi, 6n isleme adimlari

Calisma kapsaminda, alana ait 6rnekleme alanlarini kapsayan 23.09.2022 tarihli Sentinel-1 GRD IW SAR ve 18.09.2022
tarihli Sentinel-2 (Seviye 2A Atmosfer Alti (BOA)) optik uydu gorintleri, Avrupa Uzay Ajansi (ESA) tarafindan Ucretsiz
saglanan (https://browser.dataspace.copernicus.eu/) adresinden elde edilmistir.

Temin edilen optik gorinti 2A isleme seviyesinde oldugundan geometrik ve atmosferik dizeltmeleri halihazirda
gerceklestirilmis olup bantlar ylizey yansitim degerlerini icermektedir. Bu gorintinin 10 m ve 20 m mekansal
¢OzUnUrlige sahip bantlari, 10 m ¢oziinirlige yeniden 6rnekleme ¢alismasi gergeklestirilmistir. Bant degerlerinden
yararlanilarak NDVI ve NDI45 bitki indeksleri hesaplanmistir (Tablo 1).

Sentinel-1 SAR goruntileri sirasiyla, yoriinge dosyasi ekleme, termal giiriilti silme, kalibrasyon, goriinti benek
filtreleme, arazi diizeltmesi asamalari gergeklestirildikten sonra geri sagilim katsayisina (dB) dontsturtlmastir. Radar
gorintaler icin dikey-dikey (VV), dikey-yatay (VH) polarimetri geri sagilim degerleri biyokdtle kestirimi igin test edilmistir.
Geri sacgilim degerlerine cevirme adiminda, Esitlik 2’ de verilen logaritmik dénisiim kullanilarak herhangi bir birim degeri
olmayan geri sac¢ilim katsayilari dB birimine ¢evrilmistir.

0° a8= 10 x log(c®) (2)
Ayrica bu iki geri sagilim verisi kullanilarak radar bitki 6rtiisi indeksi (RVI) de test edilmistir (Nasirzadehdizaji vd.,

2019). Uydu gorintileri 6n-isleme galismalari ESA’nin SNAP yazilimi ile gergeklestirilmistir. Calismada kullanilan indeks
esitlikleri Tablo 1 ve galisma is akisi Sekil 5" deki gibidir.
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Tablo 1. Calismada kullanilan bitki indeksleri

Bitki indeksleri Esitlikler Referans
Normalize Edilmis Fark Bitki Ortiisii indeksi (NDVI) (B8 - B4) / (B8+ B4) (Tucker, 1979)
Normalize Edilmis Fark indeksi 45 (NDI45) (B5 - B4) / (B5+ B4) (Ghosh vd., 2018)
Radar Bitki Ortiisii indeksi (RVI) 4* g°VH / (6°VV + 6°VH) (Nasirzadehdizaji vd., 2019)

Calismada, ornekleme alanlarinin metre alti GPS ile elde edilmesinden kaynakl koordinat hatalar olabilecegi
dislincesiyle 6rnekleme alani koordinati merkez olacak sekilde 5x5 m kare olusturularak QGIS 3.28 programi ile kare
alani kesen piksellerde bant yansima degerlerinin aritmetik ortalamalari alinmis olup, esitliklerden yararlanilarak da bitki
indeks degerleri hesaplanmistir.

2.4 Ornekleme alan verileri ile uydu verilerinin irdelenmesi

Ornekleme alanlari saha calismalarinda toplanan verilerden ve tiir 6zelinde iiretilen biyokiitle denkleminden
faydalanarak hesaplanan toprak Ustl agac kitleleri ile uydu verilerinden elde edilen bant degerleri iliskileri, t testi ve
varyans analizi ile incelenmistir. Analizler 6ncesinde veri setlerinin normal dagihm gésterip gostermedigi Shapiro-Wilk
testi, varyanslarin homojenligi ise Leneve testi ile kontrol edilmis ve tim bant degerlerinin normal dagilima sahip oldugu
belirlenmistir. Sonuglar a = 0,05 dlzeyinde istatistiki olarak farkl kabul edilmis, Sentinel-1, Sentinel-2 uydu goriintileri
ve kombinasyonlari kullanilarak, geri sagilim degerleri ve bitki indeks degerleri, calisma alanlari icinde biyokitle kestirimi
icin test edilmistir. Analizlerde SPSS (https://www.ibm.com/support/pages/spss-statistics-220-available-download)
paket programi kullaniimigtir.

Calismada, Python scikit-learn kutiphanesi (https://scikit-learn.org/) paketlerinden CDR, RO modelleri kullanilarak,
40 adet 6rnekleme alani verisi rastgele (random) olarak egitim verisi (%75) modellenmis ve test verisinin (%25) biyokiitle
kestirimi gerceklestirilmistir. Elde edilen sonuglar ile yersel veriler ile kestirilen degerler karsilastirilarak analizler ve
modellerin performanslarini ve biyokiitle kestirimi dogruluklarini 6lgmek icin optik, radar ve her ikisinin oldugu
secenekler degerlendirilerek pearson korelasyon katsayisi (r), belirtme katsayisi(R?) ve karesel ortalama hata (RMSE) gibi
metrikler hesaplanmistir. Yiksek korelasyon ve belirtme katsayisi, diisiik karesel ortalama hata biyokitle kestirimi
dogruluklari igin dnemli sonuglardir.

Yersel veriler ve biyokiitle denklemi kullanilarak elde edilen TUB degerleri ve uydu gériintiisii bilesenlerinden olusan
30 adet ornekleme alani egitim verisi ilk olarak CDR ile modellenmistir (Esitlik 3). Elde edilen denklemlerden
yararlanilarak, 10 adet 6rnekleme alani test verisi olarak kullanilip sonuglari irdelenmistir.

Yi =0 + B1xil + B2xi2 + ...Bpxip + €i (3)

Burada B sabit degeri ve x modeldeki degiskenlerin katsayilarini gésterirken, € ise tesadufi hatayi (rezidieli)
gostermektedir. Dogrusal regresyon modelinde birden fazla degisken oldugunda p tane bagimsiz oldugu varsayilir.

Rastgele Orman (RO) olarak bilinen baska bir yontem ise bir karar agaci algoritmasidir. Karar agaglari, veri
madenciliginde yaygin olarak kullanilan bir tekniktir. Veri setini gruplara ayirmak icin karar agaclari kullanilr; bu gruplar,
verileri benzer 6zelliklere sahip olanlar arasinda béler. Bu algoritma, Breiman tarafindan (2001) yilinda gelistirilmistir ve
tek bir karar agaci olusturmak yerine birgok farkl egitim kiimesinde egitilmis cok sayida ¢ok degiskenli agacin kararlarini
birlestirmeyi amaclar. Her veri seti, orijinal veri setinden énylikleme yontemiyle olusturulur ve ardindan rastgele secilen
ozelliklerle agaclar gelistirilir. RO algoritmasi igin kullanici tarafindan tanimlanmasi gereken iki 6nemli parametre vardir:
her digiimde kullanilan degisken sayisi (mtry), ve gelistirilecek agaglarin sayisi (n). ilk olarak, egitim veri setinin 2/3'
onyukleme ornekleri olusturmak igin kullanilir. Geriye kalan 1/3'lik kisim ise hatalari degerlendirmek icin out-of-bag
(O0B) verisi olarak adlandirilir. Ardindan, her bir 6nyilkleme 6rnegi icin karar agaglari olusturulur. Her diigimde, m
degisken rastgele secilir ve bu degiskenler arasindan en iyi dal segilir.
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Calisma is akis diyagrami Sekil 5 de verilmistir.

Sentmel -1 L Yéringe verisi Termal giirilta ) F
Level -1 GRD ekleme » giderme » Kalbrasyon > itreleme
v
Sentinel 2 Geometrik
A 4 A 4
Yeniden Ornekleme VV, VH gen sagihm
(10m) ve indeksler katsayisi(c°) ve indeksler
e Yersel Veriler
ﬂ Coklu Dogrusal Regresyon N ’ v
Rastgele Orman ¢ 4
Egitim Venisi (%75)
A 4

Toprak iistii biyokiitle kestirimi

.
Model Performans Analizi (R, R2, RMSE) " Test Venisi (%25)

Sekil 5. Calismanin is akisi
3. Bulgular ve Tartisma
Calismada, sahi ¢cami tiriine ait 40 adet ornekleme alani (mxm) belirlenerek her bir alan igin sahadan bilgiler
toplanmistir. Alanlarin yikselti (m), egim, baki bilgileri, hektardaki aga¢ sayilari, fertlerin ¢ap (di3m) ve boy (hm)
ortalamalari ve biyokiitle denklemi (Tolunay vd., 2017) kullanilarak alanlarda hesaplanan toplam agac¢ kitleleri Tablo

2’de gosterilmistir.

Tablo 2. Ornekleme alanlarina iliskin parametreler

Ornek Ornekleme Yiikselti %Egim  Baki Agaclar Cap (cm) Agac Boyu (m)  Toplam Agag
Alan No  Alani (mxm) (m) (sayi/ha) (ortalama) (ortalama) Kiitlesi (t/ha)
Al 20x20 309.47 16 GB 375 27.6 13.8 98.33
A2 20x20 315.98 19 G 475 25.3 13.1 100.06
A3 20x20 289.88 16 G 375 28.3 13.7 108.89
Ad 20x20 301.13 22 G 225 30.2 12.7 61.87
A5 20x20 298.81 18 G 525 28.2 13.0 140.86
A6 20x20 257.14 13 B 350 27.2 12.3 75.71
A7 20x20 256.55 20 GD 325 29.5 13.1 87.83
A8 20x20 315.20 23 G 375 23.5 9.9 58.79
A9 20x20 327.10 23 G 500 20.5 10.4 68.45
Al10 20x20 349.66 13 G 800 18.0 10.1 82.75
All 20x20 320.71 18 G 575 20.4 10.1 78.76
Al2 20x20 356.82 11 G 1300 18.5 11.2 157.69
Al3 20x20 91.05 9 GB 625 20.3 9.1 73.48
Al4d 20x20 92.11 11 G 300 25.1 9.9 71.28
Al5 20x20 92.72 8 G 400 25.1 9.9 70.40
Al6 20x20 93.44 8 G 400 32.0 14.6 148.10
Al7 20x20 99.78 9 G 375 33.1 16.9 165.07
Al8 20x20 101.77 9 G 375 34.6 17.5 178.30
Al19 20x20 111.67 9 G 375 34.7 17.2 184.52
A20 20x30 119.72 8 GD 250 36.9 17.3 135.90
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Tablo 2’'nin devami

Ornek Ornekleme Yiikselti %Egim  Baki Agaglar Cap (cm) Agag Boyu (m) Toplam Agag
Alan No  Alani (mxm) (m) (sayi/ha) (ortalama) (ortalama) Kitlesi (t/ha)
A21 20x30 118.93 8 GD 300 32.8 15.3 123.50
A22 20x20 91.22 8 G 400 30.4 14.0 128.46
A23 20x20 96.5 9 G 375 32.2 15.8 148.45
A24 20x30 96.57 10 G 267 32.7 16.0 112.14
A25 30x30 95.31 11 G 178 38.3 18.6 110.52
A26 20x30 92.22 13 G 250 373 16.5 134.16
A27 20x30 99.51 13 GD 300 31.8 15.3 121.83
A28 20x30 109.24 9 GD 283 29.2 14.8 89.69
A29 20x30 119.54 12 G 250 31.8 14.6 86.20
A30 20x20 102.18 6 GB 375 324 16.2 152.45
A31 20x30 99.43 8 B 267 311 15.1 90.30
A32 20x20 105.54 5 B 475 32.9 15.7 189.23
A33 20x20 111.48 7 G 450 31.2 15.0 158.04
A34 20x20 115.33 6 GB 425 32.4 14.9 161.63
A35 20x20 120.47 6 GB 425 32.3 15.0 160.36
A36 20x20 127.95 6 GB 375 31.1 12.7 118.40
A37 20x30 127.15 10 G 425 34.3 16.2 126.48
A38 20x20 128.64 6 G 450 32.0 15.3 169.65
A39 20x30 133.68 5 GB 317 32.5 14.7 116.26
A40 20x30 133.09 10 G 250 34.4 14.4 105.63

S1 ve S2 uydu gériintiileri geri sacilim, indeks degerleri ve kombinasyonlarinin yersel veriler ile elde edilen TUB degerleri
korelasyon iliskileri incelendiginde, korelasyon katsayisi degerleri 0.31 ile 0.66 araliginda ters (negatif) yonde degisirken,
bilesenler arasi farkhliklar dnemli bulunmustur. TUB degerleri ile en yiiksek korelasyonu NDI45 ve NDVI indeksleri
gostermistir (Tablo 3 ve Sekil6).

Tablo 3. TUB degerleri ve Uydu Gériintiileri Bilesenleri Korelasyon Degerleri ve Anlamlilik Diizeyleri

TUB VH A% RVI NDVI NDI45
TOB 1 0319  -0315  -0.428  -0.549  -0.664
Pearson Korelasyon VH -0.319 1 0.705 0.634 0.465 0.409
Katsayisi (r) w 0315 0.705 1 0.941 0.272 0.227
TUB= Toprak Ustu RVI 0428  0.634 0.941 1 0.289 0.275
Biyokiitle NDVI 0549 0465 0272  0.289 1 0.813
NDI45 0664  0.409 0.227 0275  0.8126 1
TUB 033 .035 .009 .001 .000
VH .033 .000 .000 .005 013
w .035 .000 .000 .030 014
p<0.05 RVI .009 .000 .000 .040 .007
NDVI .001 .005 .030 .040 .000
NDI45 000 013 014 .007 .000
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Sekil 6. TUB degerleri ve Uydu Goriintiileri Bilesenleri Korelasyon Grafikleri

Calisma kapsaminda 16 farkli model olusturularak her bir model i¢in sadece radar, optik ve flizyonunda kestirilen toprak
Ustl biyokitle kestirimi sonuglari irdelenmistir.

Sonuglar incelendiginde optik goriintl bant degerlerinden elde edilen NDVI ve NDI45 indekslerinin, digerlerine gore
yuksek korelasyon ve daha diisik RMSE degerlerine sahip oldugu gorilmektedir. Radar bantlarindan elde edilen RVI
indeksinin en distk korelasyonda ve en yliksek RMSE degerinde oldugu goriilmektedir. Model 1, 2, 3 ve 6 disinda tim
modellerde RMSE degerleri yaklasik 55 ile 74 t/ha araliginda degismektedir. S1 ve S2 kombinasyonunda RO yéntemi ile
en ylksek korelasyon ters yénde (-0.780) ve en diisiik RMSE degeri (49.412 t/ha) ile Model 8 ile en iyi sonuglar elde
edilmistir. Radar bantlari tek basina disik korelasyon ve yiliksek RMSE olmasina karsin, NDVI ve NDI45 gibi indekslerle
flzyonunda, degerleri arttirdigi gérilmektedir. Ayrica S1 VH geri sacilim degeri ile optik gorinti bitki indeksleri ile
flizyonunda sonuglarin daha iyi oldugu gézlenmektedir. Tablo 4° de modeller, goriinti bilesenleri CDR ve RO model
sonuglari gosterilmektedir.

Onceki calismalarda, Li vd. (2020), Cin’de tropik orman alaninda Sentinel-1A ve Landsat-8 uydu verileri ile CDR ve iki

makine 6grenme modeli olan RO ve AGA teknigini kullanmis, Cin Ulusal Orman envanter verileri ile karsilastiriimis, sonug
olarak AGA teknigi ve uydu flizyonundan en iyi sonuglar Urettigini belirtmislerdir. Theofanous vd. (2021), Yunanistan’in
kuzeydogusunda bulunan kisa orman bitkilerinde TUB kestirimi calismasinda, S2 uydu verileri icin farkli spektral
indeksler ve biyokiitle denklemlerine uygulanan saha verileri kullanilarak RO modeli gelistirilmis ve Normalize Edilmis
Su indeksi (NDWI) TUB kestirimi igin yiiksek korelasyon géstermistir.
Georgopoulos vd. (2022), S1 ve S2 gdriintiileri ile ibreli yaprakl orman alaninda TUB kestirimi ¢alismasinda, sadece radar
gériintiisi kullanildiginda en yiiksek belirtme katsayisi elde edildigi (R?> = 0.74), bu degerin optik gériintiide R? = 0.63
oldugu ve iki gériintii fiizyonunda R? = 0.73 degerinin elde edildigi ayrica calismamiza benzer nitelikte NDVI ve VH geri-
sacilim degerinin yiksek korelasyon sonucu verdigini belirtmislerdir.

David vd. (2022), S1 ve S2 gdriintileri ve 11 bitki értiisii indeksini CDR ve RO ydntemleriyle kullandigi TUB kestirimi
calismalarinda, Normalize Edilmis Farklilik Kirmizi Kenar bandi (NDRE1) ve NDVI bandinin TUB ile yiiksek iliskileri
oldugunu (R?=0.71 ve R? = 0.56), fiizyon verisinin, VV geri sacilim bileseninin ve RO ydnteminin daha yiiksek sonuglar
urettigini aciklamistir. Benzer 6zellikte Omar vd. (2017) ve Pham vd. (2020) ¢alismalarinda VV geri sagilim degerinin TUB
kestiriminde VH degerine gbre performansi artirdigi sonuglarini elde etmislerdir. Nuthammachot vd. (2022) tarafindan
yapilan ¢alismada ise S1 ve S2 uydu gériintileri ile 45 drnekleme alaninda gergeklestirdigi calismasinda, TUB ile sadece
radar goériintiisii geri sacilim degerlerinde belirtme katsayisi R? = 0.34 iken S2 de bu deger R? = 0.82 ve iki gériintii, NDI45
bitki értiisii indeksi, bant 6 ve VH geri sacilim fiizyonunda bu degerin R?= 0.84 oldugunu, ¢alismasinda sadece C bant
radar geri sacihm degerlerinin biyokitle kestiriminde iyi sonug vermedigi, radar ve optik goriinti flizyonunun iyi sonuglar
urettigini belirtmislerdir. Yine ¢calismamiz ile benzer 6zellikte, Liu vd. (2019)’in calisma sonucunda, TUB kestiriminde, VH
geri sacilim degerinin VV’ye gore daha iyi degerler elde ettigini belirtmislerdir (R> = 0.43 ve R = 0.09). Keles vd. (2021)
tarafindan gerceklestirilen sarigam tirind iceren 86 ornekleme alaninda, S1 ve S2 uydu gorintilerinin birlikte
kullanildigi modelde basarili sonuclar elde edilmistir. (DVM’ de R? = 0.88, derin 6grenme modelinde R? = 0.86).
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Guvergin ve Gunli, (2023) 22 farkli regresyon modeli gelistirdigi calismalarinda, Landsat 8 OLI uydu gorintisiiniin bant
parlaklik, bitki indisi ve tekstir 6zellikleri, Sentinel-1A aktif uydu gériintisiinin her iki polarizasyona (VV ve VH) iliskin
parlaklik degerleri, yiikselti ve baki degiskenlerinin yer aldigi model ile en basarili sonucu elde etmiglerdir (R = 0.51,
Sy.x= 28.39). Her iki calismada da optik ve SAR uydu goériinti bilesenlerinden olusturulan modellerin ¢alismamizda
oldugu gibi daha basarili sonuglar elde ettigi gorilmektedir.

Tablo 4. Test verileri icin r, R ve RMSE degerleri

CDR RO

Model Bilesen r R2 RMSE r R2 RMSE
S1 0°VH -0.229 0.052 92.147 -0.278 0.077 83,124
S2 o°VV -0.180 0.032 97.545 -0.230 0.053 85.343
S3 RVI -0.179 0.128 98.504 -0.199 0.040 86.131
S4 NDVI -0.626 0.392 66.074 -0.660 0.436 55.008
S5 NDI45 -0.562 0.316 67.385 -0.590 0.348 57.765
S6 0°VH - 6°VV -0.206 0.042 96.868 -0.240 0.058 88.772
S7 NDVI - c°VV -0.619 0.383 66.750 -0.710 0.504 48.872
S8 NDVI - 6°VH -0.645 0.416 65.343 -0.780 0.608 49.412
S9 NDVI - RVI -0.575 0.331 67.200 -0.670 0.449 55.538
S10 NDVI - NDI45 -0.567 0.321 68.565 -0.650 0.423 56.002
S11 NDI45 - 6°VV -0.524 0.275 71.074 -0.630 0.397 56.011
S12 NDI45 - 6°VH -0.547 0.299 70.835 -0.610 0.372 56.356
S13 NDI45 - RVI -0.566 0.320 69.829 -0.630 0.397 55.898
S14 NDI45 - RVI - 6°VV -0.436 0.190 73.505 -0.580 0.336 57.887
S15 NDI45 - RVI - 6°VH -0.466 0.217 72.433 -0.610 0.372 56.443
S16 NDVI- NDI45- 6°VV - 6°VH -0.529 0.280 71.041 -0.670 0.449 55.406
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Sekil 7. Yersel ve kestirilen TUB degerleri (t/ha)
4. Sonuglar

Orman alanlarinda gergeklestirilen uzaktan algilama c¢alismalarinda ¢ogunlukla piksel degerleri, yansima degeri ve bu
degerlerden hesaplanan bitki indeks degerleri ile mescere hakkinda bilgiler edinmek mimkindir. Bu arastirmada, sahil
¢ami agaglandirma alanlarinda saha ¢alismalari ve ESA’nin Ucretsiz olarak sagladigi Sentinel-1A C bant SAR ve Sentinel-
2A optik uydu goriintilerinden yararlanarak TUB degerlerinin kestirimi gerceklestiriimektedir. 16 farkli modelde
gerceklestirilen arastirma sonuglarina gore, optik ve radar goérintileri flizyonunun biyokiitle kestiriminde sonuglari
iyilestirdigi gozlenmektedir. S1 ve S2 kombinasyonunda ve RO modelinde ters yonde en yiiksek korelasyon (-0.780) ve
en dusuk RMSE degerine (49.412 t/ha) sahip NDVI ve VH geri sagilim flizyonu en basarili performansi gostermektedir.
S1 geri sacilim bilesenleri tek basina dusik korelasyon ve yiksek RMSE degerlerine sahip olmasina karsin, NDVI ve NDI45
gibi indeksleriyle flizyonunda, degerleri arttirdig1 gorilmektedir.

24



Ozdemir, E. G., Demiralay, A., & Sahin, B. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 15-27, Mart 2024

Gelecek galismalarda, coklu zamansal ve farkh frekansta (X, L, P) bant SAR uydu goriintileriile optik gortintllerin flizyonu
ile 6rnekleme alani sayisinin artirilmasi ve CDR, RO disinda farkli makine 6grenme yontemleri (DVM, Extreme Gradient
Boosting (XgBoost) vb.) de kullanilarak TUB’nin kestirimine ydnelik model basarilari artirilabilir. Stirdiiriilebilir kalkinma
amagclarindan “iklim Eylemi” kapsaminda hayati &nemi olan ormanlarimiz icin elde edilecek bu sonuglarin, ormanlarda
yersel yontemler disinda, uydu teknolojileri ile biyokiitle bilgilerinin elde edilmesi agisindan 6nem arz etmektedir.
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Ozet

Makine 6dgrenmesi ve derin Ggrenme yéntemleri, hiperspektral gériintiilerin
siniflandiriimasinda yiiksek bir performans sergileyerek, gériintiilerin daha hassas ve etkin
bir sekilde siniflandiriimasina olanak tanimaktadir. Bu ¢alismada, hiperspektral gériintii
siniflandirmasi icin 1-D ve 2-D evrisimli sinir aglari teknolojilerinin birlesimini kullanan bir
yaklasim énerilmektedir. Onerilen modelde veri 6n isleme olarak temel bilesen analizi
kullanilmistir ve devaminda elde edilen veri, mekansal ve spektral olmak (izere ikiye
ayrilmistir. Iki giiclii ag yapisinin birlestirilmesi, hiperspektral gériintiilerin karmasikligini
yénetme ve daha etkili ve diisiik kaynak tiiketimli bir siniflandirma yetenegi sunmustur.
Hibrit olarak kullanilan evrisimli sinir agi katmanlarinin giktilari birlestirildikten sonra
dikkat mekanizmasi kullanilarak modelin siniflandirma basarisi arttirilmistir. Asiri 6grenme
sorununun ¢6ziimu i¢in bir dizi birakma ve normalizasyon katmanlari kullaniminin yani sira
ideal 6Grenme orani dederi 0,001 olarak belirlenmistir. Onerilen modelin performansi,
Indian Pines, Pavia Universitesi ve Salinas veri kiimelerinde denenmis ve kappa dogruluk
degerleri sirasiyla yaklasik olarak %97, %99, %99 olarak él¢iilmiistiir. Onerilen modelin
siniflandirma dogrulugunun, literatiirde 6ne ¢ikan yéntemlerle elde edilen sonuglara gére
daha iistiin oldugu gdsterilmistir.

Anahtar kelimeler: Hiperspektral gériintt, Hiperspektral gériinti siniflandirmasi,
Evrisimli sinir aglari, Dikkat mekanizmasi, Uzaktan algilama

Abstract

Machine learning and deep learning methods exhibit high performance in classifying
hyperspectral images, enabling more accurate and efficient classification of the images..
In this study, an approach is proposed that utilizes a combination of 1-D and 2-D
convolutional neural networks (CNN) technologies for the classification of hyperspectral
images. In the proposed model, principal component analysis is used for data
preprocessing, and the obtained data is divided into spatial and spectral parts. The
proposed model utilizes a combination of 1-D and 2-D CNN technologies. The integration
of two powerful network structures has provided the ability to manage the complexity of
hyperspectral images and offer a more effective classification capability with lower
resource consumption. After combining the outputs of the hybrid CNN layers, the
classification success is increased with an attention mechanism. For the solution of the
overfitting problem, in addition to the use of a series of dropout and normalization layers,
the ideal learning rate value is determined as 0.001. The performance of the proposed
model was tested on the Indian Pines, University of Pavia, and Salinas datasets, and the
kappa accuracy values were measured as approximately 97%, 99%, and 99%, respectively.
The suggested model was compared with well-known approaches introduced in recent
years, and it demonstrated superior performance in terms of classification accuracy.

Keywords: Hyperspectral image, Hyperspectral image classification, Convolutional neural
networks, Attention mechanism, Remote sensing
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1. Girig

Hiperspektral goriintiileme, modern ¢agin en ileri ve etkileyici uzaktan algilama teknolojilerinden bir tanesidir. Bu
teknoloji, elektromanyetik spektrumun genis bir araligini kapsayarak, her bir pikselde yiizden fazla spektral bant igeren
gorintiler olusturabilmektedir. Bu sayede, hiperspektral gorintiler, nesnelerin ve malzemelerin 6zelliklerini daha
derinlemesine analiz edebilme potansiyeli barindirmaktadir (Goetz vd., 1985).

Hiperspektral goriintiler, cogunlukla uzaktan algilama uygulamalarinda tercih edilir ve bu gérintilerin elde edilmesi,
gesitli sensor ve ekipmanlarin kullanimi ile miimkiin hale gelir. Bu sensérler, uydular, insansiz Hava Araglari (IHA) veya
hava tasitlar gibi farkli platformlarda konumlandirilabilir. ileri diizey optik ve algilama teknolojileri araciligiyla, bu
sensorler yerylizu Uzerinde genis bir elektromanyetik spektrumda yuksek ¢oztinirlikli géruntller elde eder. Elde edilen
goruntller, detayli spektral 6zellik analizleri igin yiizlerce spektral bant icerir, bu sayede gesitli materyaller ve nesnelerin
spektral karakteristikleri detaylica incelenebilir. Ancak, hiperspektral gériintii veri setlerinin olusturulmasi ve islenmesi,
beraberinde bazi teknik zorluklari ve sinirliliklari getirir. Oncelikle, bu tiir veri setlerinin elde edilmesi genellikle yiiksek
maliyetli ve zaman alicidir. Hiperspektral sensérlerin yiksek maliyeti, bu teknolojiyi kamu ve 6zel sektor igin biyik bir
yatirim kilar, bu da verilerin etkili bir sekilde islenmesi ihtiyacini dogurur.

Hiperspektral gorinti siniflandirmasi, bu teknolojinin evriminin baslangicindan beri merkezi bir arastirma odak
noktasi olmustur. 2000'li yillarin baslarina kadar, hiperspektral gériintilerin siniflandirilmasi ve analizi 6nemli bir zorluk
olarak kalmistir. Bu zorluklarin istesinden gelmek igin, arastirmacilar, hiperspektral gériintileri analiz etmek ve anlamli
bilgiler elde etmek igin ¢esitli teknikler ve yaklagimlar gelistirmistir.

Baslangicta, pikselleri siniflandirmak igin istatistiksel ve spektral 6zellik tabanli yaklagimlar kullaniimistir. piksel
tabanli yaklasimlar, hiperspektral goriintilerin siniflandiriimasinda kullanilan bir metodolojidir. Bu yaklasim, her bir
pikselin spektral imzasini, yani farkli dalga boylarinda isig1 nasil emdigi veya yansittig izerine dayanir. Her tiir nesne
veya materyal, kendi benzersiz spektral imzasina sahip oldugundan, bu 6zelliklerin analizi, goriintllerdeki pikselleri
birbirinden ayirmak icin kullanilabilir. Bunlar igerisinde, en ¢ok bilinen ve uygulanan yontemler maksimum olabilirlik
(Maximum Likelihood) ve minimum uzaklik (Minimum Distance) siniflandiricilaridir (Landgrebe, 2002). Bu metodolojiler
genellikle, dnceden belirlenmis bir egitim kiimesi lizerinde ¢alisarak her bir sinifin dagilimini modeller. Bu klasik
yaklagimlar, hiperspektral goriintl analizinde 6nemli bir adimi temsil ederek yliksek boyutlu verinin karmasikligini
islemek icin dnemli bir temel olusturmustur. Bu alanda gergeklestirilen ilk siniflandirma ¢alismalari, siregelen arastirma
ve gelistirmenin temelini atmistir.

Ancak, geleneksel yontemler, hiperspektral veri kiimelerinin yiksek boyutlu karmasikligi ve i¢ ice gecmis siniflarin
varligi gibi zorluklarla bas etmekte yetersiz kalmistir. 2000'li yillarin baslarindan itibaren, makine 6grenmesi
algoritmalari, Ozellikle destek vektor makineleri (DVM) ve vyapay sinir aglari (YSA) hiperspektral gorinti
siniflandirmasinda yaygin olarak kullaniimaya baslanmistir (Ahmad vd., 2021). Bu yontemler, daha karmasik ve yiksek
boyutlu veri kiimelerinin siniflandiriimasi konusunda énemli bir ilerleme saglamistir. Bu algoritmalar, model karmasikligi
ve genellestirme kapasitesi konusunda, veri kiimelerinin siniflandiriimasinda daha etkili bir yaklagim sunar.

Son yillarda, derin 6grenme tekniklerinin hiperspektral goriinti siniflandirmasi alaninda kullaniimasi biyuk bir ilgi
gormistir (Benediktsson vd., 2019). Bu teknikler, ¢ok katmanli yapay sinir aglar kullanarak karmasik ozellik
hiyerarsilerini 6grenme yetenegi ile 6n plana ¢ikmaktadir. Bu, hiperspektral veri kiimelerinin karmasikhigini ve yiksek
boyutlulugunu daha iyi islemek igin bir potansiyel sunmaktadir (Benediktsson vd., 2019). Bununla birlikte, derin 6grenme
modellerinin egitilmesi, genellikle bliyik miktarda veri ve hesaplama kaynagi gerektirir, bu da mevcut zorluklardan
biridir.

2000’lerin basindan beri, derin 6g§renme algoritmalariyla iliskili birgok goriinti isleme teknigi hiperspektral veri
siniflandirmasinda uygulanmustir. Bu ¢alismalar arasinda 6ne ¢ikan ilgili calismalar asagida 6zetlenmistir.

Orneklemeler igin ¢ekirdek yéntemler kullanarak yiiksek boyutlu 6zellik alanlarinda marji maksimize eden DVM,
hiperspektral verilerin siniflandiriimasi icin kullaniimistir DVM tabanh siniflandirma yoéntemleri, hiperspektral
gorintulerin siniflandiriimasinda uzun siire boyunca en gelismis yontemler arasindaki yerini korumustur (Melgani &
Bruzzone, 2004).

Spektral modeller yalnizca 1-D spektral bilgiyi giris olarak kullanir. Asiri 5grenme sorununu azaltmak ve genellestirme
kapasitesini artirmak icin 1x1 evrisimli gcekirdekleri ve gelistirilmis birakma oranlari olan bir evrisimli sinir agi (ESA) yapisi
Yu vd. (2017) tarafindan onerilmistir. Agin parametrelerini daha da azaltmak icin, tamamen baglh bir katman global
ortalama havuzlama katmani ile degistirilir. 1-D spektral vektéri, 2-D 6zellik matrisine donistlirerek ve 1x1 ve 3x3
evrisim katmanlarindan olusan bilesik katmanlari birlestiren bir yapi, Hiperspektral gériintii (Hyperspectral Image - HSI)
bantlari arasindaki ytiksek korelasyonu azaltirken 6zellik yeniden kullanma yetenegini elde edebilmistir. Yu vd. (2017)
tarafindan onerilen modele benzer sekilde, Li vd. (2012), agin egitim parametrelerini distrirken yiiksek boyutlu
ozellikleri gikarmak igin global ortalama havuzlama katmanini kullanmistir. Mekansal modeller yalnizca mekansal bilgileri
dikkate alir ve orijinal HSI verilerinin boyutsalligini azaltmak icin spektral alan Gizerinde boyut azaltma yontemleri
kullanir.
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Ornegin Li vd. (2018), sadece mekansal bilgi iceren ilk temel bileseni ayiklamak icin temel bilesen analizi (TBA)
kullanmistir ve elde edilen mekansal bilgiyi siniflandirmak igin ESA kullanmistir. Benzer sekilde, Haut vd. (2019) bir temel
bilesen katmani ile mekansal tabanli bir 2D- ESA kullanmistir. Bununla birlikte, oldukga benzer spektral 6zelliklere sahip
sinirh egitim ornekleri, derin 6grenme modellerini asiri 6grenmeye egilimli hale getirir. Chen vd. (2017), sinirli egitim
ornekleri nedeniyle asir 6grenme sorununun lstesinden gelmek icin Gabor filtreleme teknigini 2D-ESA ile birlestirmistir.
Gabor filtreleme, fazla 6grenme sorununu etkili bir sekilde azaltan kenarlar ve dokular dahil olmak lzere mekansal
ozellikleri ¢ikarir. Makantasis vd. (2015), hiperspektral veriyi ¢ kanalli bir tensore yansitmak igin TBA kullanmistir ve
daha sonra standart bir 2D-ESA mimarisi kullanarak siniflandirmayi gerceklestirmistir.

Spektral-mekansal hiperspektral gériintu siniflandirmasi, hem mekansal 6zellikleri hem de spektral 6zellikleri dikkate
alir. Hiperspektral verilerin siniflandiriimasinda hem mekansal hem spektral 6zelliklerin kullaniimasinin biyilk avantajlari
vardir. Her iki tir bilginin kullaniimasi, verinin daha kapsamli bir sekilde analiz edilmesini saglar. Hem spektral hem de
mekansal bilgileri kullanan modeller genellikle daha yiiksek siniflandirma dogruluguna sahiptir (Ahmad vd., 2021).
Mimaride sirayla evrisimler ve boyut indirgeme islemleri gergeklestirilir. Belirli bir pikselin hem mekansal hem de
spektral komsuluklarini g6z 6niinde bulunduran, yani bir 3D yamanin girdi olarak alindigi bir ESA, Hamida vd. (2018)
tarafindan yapilan galismada tanitilmistir. ilk katmanlar, 1 x 1 x n boyutlu gekirdek kullanarak spektral boyutu azalttiktan
sonra k x k x 1 boyutlu gekirdekler kullanilarak mekansal boyut azaltilmistir. Sonunda, iki tam baglantili katman nihai
siniflandirma adimini gergeklestirir. Roy vd. (2020) tarafindan 6nerilen HybridSN isimli modelde bir 2D-ESA ve 3D-ESA
birlestirilmistir. Bu baglamda, 3D-ESA ilk olarak spektral-mekansal 6zellikleri gikarir ve bu 6zellikler daha sonra 2D-ESA
kullanilarak iglenir. HybridSN, kullanilan parametre sayisi ylksek olmasi sebebiyle yiiksek kaynak tiketimi
gerektirmesine karsin yiksek siniflandirma basarisiyla dikkat cekmektedir.

Markov Rastgele Alan modeli mekansal ve spektral 6zellikleri birlestirerek hiperspektral veri siniflandirmasi igin
kullanilmistir (Tarabalka vd., 2010; Li vd., 2011). Hem spektral hem de mekansal bilgiyi eszamanl olarak kullanmayi
saglayan verimli bir derin 3D-ESA modeli, Paoletti vd. (2018) tarafindan hiperspektral gorintii siniflandirma igin
onerilmistir. Jiao vd. (2017), yiiksek mekansal cesitlilige sahip gorintiilerden ayrimlayici 6zellikler 6grenebilen,
hiperspektral gérintl siniflandirma igin derin, cok 6lgekli spektral-mekansal 6zellik gikarimi yaklagimini 6nermistir. Bu
yaklasim, mekansal bilgiyi citkarmak igin Tam Konvoliisyonel Ag kullanir ve ardindan, bu 6zellikler, agirlikh bir birlestirme
stratejisi kullanarak spektral bilgiyle birlestirilir. Son olarak, bu birlestirilmis 6zellikler Gzerinde piksel bazinda
siniflandirma gerceklestirilir. Derin Evrisimli Sinir Aglari, evrisim katmanlari ve alt 6rnekleme katmanlarindan olusan ve
gorintd siniflandirmasi gibi gorevlerde Ustiin performans saglayabilen bir derin 6grenme mimarisidir. Bu mimari, el
yazisi karakterleri ve trafik isaretlerinin taninmasi gibi alanlarda en gelismis performanslardan birini elde etmistir (Chen
vd., 2014). Evrisimli Sinir Ag1 mimarisinde, Hubel ve Wiesel (1962) tarafindan sunulan biyolojik gorsel sistemden ilham
alinmistir. ESA mimarisi iki ana bélime ayrilabilir: Birincisi Ozellik Cikarma ag, digeriyse ilk asamada cikarilan dzellik
haritalarina dayal bir siniflandirmadir. Tam baglantili katmanlar ve bir SoftMax aktivasyon fonksiyonundan olusan
siniflandirma asamasi, FE asamasinda ¢ikarilan 6zellik haritalarina dayanarak, giris 6riintiistintn belirli bir sinifa ait olma
olasiligini verir. Tam baglantili katman, dnceki katmandaki her néronu mevcut katmandaki her nérona baglar. Lin vd.
(2013) ve Gao vd. (2018), tam baglantih katmanin, global ortalama havuzlama katmani kullanilarak géz ardi
edilebilecegini 6ne sirmistlr. Softmax genellikle siniflandirma goérevleri icin kullanilir (Zhao vd., 2017; Alhichri vd.,
2018). Ancak, birgok galisma bu amagla DVM'yi kullanmistir (Md Noor vd., 2017; Leng vd., 2016).

Hiperspektral gorintid siniflandirmasinda dikkat modiili, modelin giris verilerindeki en alakali 6zelliklere
odaklanmasi igin kullanilan bir mekanizmadir. Bir dikkat modilini kullanmanin amaci, modelin yiksek boyutlu
hiperspektral verilerden 6nemli bilgileri 6grenmesini ve ¢ikarmasini kolaylastirarak hiperspektral gériinta siniflandirma
modelinin performansini iyilestirmektir.

HSI siniflandirmasi igcin Wang vd. (2021), olasilik temelli bir komsuluk birlestirme dikkat ag1 6nermistir. Dong vd.
(2019), calismalarinda HSI'deki bant fazlaligini ve giirtiltiyi azaltmak amaciyla geleneksel ESA yapisina bir dikkat moddila
ekleyerek hiperspektral gorinti siniflandirma igin yeni bir mimari ortaya atmistir. Fang vd. (2019), spektral diizlemde
dikkat mekanizmasi olan yeni bir uctan uca 3-D yogun evrisim agi dnermistir. Onerilen yaklasim, farkli élgeklerde
eszamanl olarak spektral ve mekansal 6zellikleri yakalamak igin 3-D evrisimler kullanir ve tim 3-D 6zellik haritalarini
yogun bir sekilde birbirine baglar. Spektral 6zelliklerin ayirt edilebilirligini artirmak igin de bir spektral diizlemde dikkat
mekanizmasi eklenmistir, bu da egitimli modellerin siniflandirma performansini artirir. Hang vd. (2020), hiperspektral
goriintllerin spektral-mekansal siniflandirilmasi igin dikkat destekli bir ESA modeli 6nermistir. Sirasiyla spektral ve
mekansal siniflandirmalar igin bir spektral dikkat alt agi ve bir mekansal dikkat alt ag1 kullanilmasi 6nerilmistir. ESA,
mekansal ve spektral ozellikleri belirleme yeteneginin yiiksek olmasi nedeniyle diger yaklasimlara gore bir avantaja
sahiptir ve HSI siniflandirmasi alaninda énemli bir yaklasimdir. On isleme asamasi, siniflandirma modellerinin
dogrulugunda hayati derecede 6nemli bir rol oynar ve TBA, HSI siniflandirma modellerinde sikga kullanilan bir 6n isleme
yontemidir. TBA, gorintiiniin dogrusal olmayan ozelliklerini ortadan kaldirir. Tek basina 2-D ESA, spektral boyutlardan
ayirt edici 6zellik haritalari ¢ikaramaz. Benzer sekilde, 3-D ESA, hesaplama agisindan daha karmasiktir ve siniflandirma
basarisi da tek basina yeterli seviyelere ¢cikamamaktadir.
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Hiperspektral goriintilerin mekansal kismi icin 2-D-ESA ve spektral kismi icin ise 1-D-ESA'nin birlikte kullaniimasi,
spektral ve mekansal 6zellik haritalarindan tam olarak yararlanabilmeleri icin maksimum siniflandirma basarisini saglar.
Bu calismada ortaya konulan modelin literatiirdeki ¢alismalardan farkh olarak 6n plana g¢ikan 6zellikleri agagida
Ozetlenmistir:
e 1-D ve 2-D ESA kullanilarak, mekansal ve spektral kisimlari ayri ayri isleyerek iki farkli bilgi tiriinden maksimum
verim alinmistir.
e DisUk parametre sayisina sahip bir model olusturulmustur. Bu da yiiksek boyutlu hiperspektral gorintilerin
siniflandiriimasindaki performans problemleri igcin Gnemlidir.
e Mekansal ve spektral ozellikler ayri ayri islendikten sonra dikkat mekanizmasi kullanilarak siniflandirma
performansi arttirilmistir.

2. Materyal ve Metot
2.1 Veri Kiimeleri

Hiperspektral gorlntld siniflandirma veri kiimeleri, diger gorintld siniflandirma veri kiimelerine gére daha sinirl
sayidadir. Bu kismen, hiperspektral verilerin toplanmasi icin 6zel sensérler ve hava platformlarina ihtiya¢ duyulmasi, bu
surecin zorluklari ve maliyetiyle ilgilidir. Bununla birlikte, sinirli veri kiimesi, hiperspektral goérunti siniflandirma
algoritmalarinin ve tekniklerinin gelistiriimesini engellemez. Arastirmacilar, hiperspektral gérunti siniflandirmasinin
dogrulugunu artirmak icin yeni yontemler kesfetmeye devam etmektedirler.

Sinirli sayidaki veri kiimelerine ragmen, bu veri kiimeleri birgok arastirma makalesinde kullaniimaktadir ve
hiperspektral gorintid siniflandirmasinda son teknolojiyi ilerletmede 6nemli bir rol oynamaktadir. Ayrica, yeni
hiperspektral gorinti veri kiimeleri periyodik olarak gelistiriimekte ve yayinlanmaktadir. Bu ¢alismada kullanilan veri
kiimeleri asagidaki gibidir:

Indian Pines (Indian Pines - IP): AVIRIS sensori tarafindan Indiana, ABD'deki bir tarim alani izerinde toplanmistir ve
145x145 piksel ile 224 spektral bant igerir.

Pavia Universitesi (Pavia University - PU): ROSIS sensérii tarafindan Pavia, italya'daki bir kentsel alan iizerinde
toplanmistir ve 610x340 piksel ile 103 spektral bant igerir.

Salinas (Salinas - SA): AVIRIS sensoéri tarafindan Kaliforniya, Salinas Vadisi'ndeki bir tarim alani tizerinde toplanmistir
ve 512x217 piksel ile 204 spektral bant icerir.

Tablo 1'de, bu ¢alismada kullanilan veri kiimeleri verilmistir. Tabloda kullanilan veri kiimelerinin hangi yilda elde
edildigi, hangi sensor tarafindan elde edildigi, boyutlari, ¢ozinirligi, spektral menzili, bant sayisi ve sinif sayisi
verilmistir.

Tablo 1. IP, SA, PU veri kiimelerinin 6zellikleri

No. Indian Pines Salinas Pavia Universitesi
il 1992 - 2003

Sensorler AVIRIS AVIRIS ROSIS

Boyut 145x145 512x217 610x340
Mekansal 20 37 13

Spektral Menzil (nm) 400 ~ 2500 - 430~ 860

Bant 200 204 103

Kategori Sayisi 16 16 9

Calismalarda kullanilan IP, PU ve SA veri kiimelerinin arazi 6rtiisi siniflari Tablo 2’de sirasiyla gésterilmistir. IP veri
kiimesi, hiperspektral goriinti siniflandirma algoritmalarinin gelistiriimesi ve performansinin degerlendirilmesi icin bir
performans metrigi olarak siklikla kullanilmaktadir. Veri kiimesi, sinirli sayida érnekleme verisine sahip olmasina ragmen,
farkli siniflarin spektral o6zelliklerini ve mekansal dagilimlarini temsil etmektedir. Bu nedenle, IP veri kiimesi,
hiperspektral gérinti siniflandirma calismalarinda yaygin bir sekilde kullanilan bir 6rnekleme haline gelmistir. IP veri
kiimesindeki 10249 pikselin 2000 tanesi egitim icin her bir siniftan rastgele olarak segilmistir. Geri kalan 8249 piksel test
amaciyla kullanilmistir. PU veri kiimesinde 42776 pikselin 6844 tanesi egitim icin her bir siniftan rastgele olarak
secilmistir. Geri kalan 35932 piksel test amaciyla kullaniimistir. SA veri kiimesinde toplam 54129 pikselin 9743 tanesi
egitim icin her bir siniftan rastgele olarak segilmistir. Geri kalan 44386 piksel test amaciyla kullaniimistir.

31



Giindiiz, A., & Orman, Z. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 28—40, Mart 2024

Tablo 2. Sirasiyla IP, PU ve SA veri kiimelerinin arazi ortasi siniflari

Sinif No. | Sinif Adi Sinif No. | Sinif ismi Sinif No. | Sinif ismi

1 Misir-islenmemis 1 Asfalt 1 Brokoli Yesil Yabani Otlar 1
2 Misir-Az islenmis 2 Cayirlar 2 Brokoli Yesil Yabani Otlar 2
3 Misir 3 Cakil 3 Nadas

4 Cayir/Mera 4 Agaclar 4 Kaba Sirllmus Tarla

5 Cim/Agaglar 5 Metal Levhalar 5 Duzgin Surulmus Nadas

6 Saman 6 Ciplak Toprak 6 Aniz Tarlasi

7 Soya Fasulyesi-islenmemis 7 Bitim 7 Kereviz

8 Soya Fasulyesi-Az islenmis 8 Tuglalar 8 Budanmamis Asma

9 Temiz Soya Fasulyesi 9 Golgeler 9 Gelisen Bag Topragi

10 Bugday 10 Solgun Misir-Yesil Yabani Otlar
11 Ormanlar 11 4 Yaprakli Romen Marulu
12 Binalar-Cim-Agaglar-Yollar 12 5 Yaprakl Romen Marulu
13 Tas-Celik Kuleler 13 6 Yaprakli Romen Marulu
14 Alfalfa 14 7 Yaprakh Romen Marulu
15 Bigilmis Cayir/Mera 15 Egitimsiz Bag

16 Yulaf 16 Dikey Trellis Bag

Yukarida bahsedilen ve bu ¢alismada kullanilan veri kiimeleri hiperspektral gorinti siniflandirma alaninda yaygin olarak
kullanilan agik veri kiimeleridir (https://www.ehu.eus/ccwintco/index.php/Hyperspectral_Remote_ Sensing_Scenes).

2.2 Veri On isleme

Veri 6n isleme, hiperspektral verilerin yonetilebilir ve anlaml hale getirilmesinde kritik bir rol oynar. Hiperspektral
veriler, biiyiilk miktarda bant igerdigi icin, boyut indirgeme teknikleri oldukca &nemlidir. Bu, genellikle Oz Sirali
Kimeleme, Temel Bilesen Analizi veya Bagimsiz Bilesen Analizi gibi yontemler kullanilarak gergeklestirilir.

TBA hiperspektral goriintllerde boyut azaltma igin yaygin olarak kullanilan bir tekniktir. TBA, veri kiimesindeki en
fazla varyansi acgiklayan temel bilesenleri belirleyerek veriyi daha diisik boyutlu bir kimeye donistirir. Elde edilen
temel bilesenler, siniflari daha iyi temsil eden 6znitelikler bulundurur. TBA ¢ok boyutlu bir veri kimesini daha az boyutlu
bir veri kiimesine indirgeme prosedirtdir. Bu ¢alismada kullanilan hiperspektral goriintllere uygulanan veri 6n isleme
adimlari su sekildedir:

Verinin Yiiklenmesi: ilgili veri kiimesi yiiklenir. Veri kiimesi ve etiketler iki ayri degiskene atanir.

Temel Bilesen Analizi Uygulanmasi: Bu, veri boyutunu azaltmaya yardimci olur. Bu deger veri kiimesinin boyutunu
ve spektral katman sayisina gore farklilik gésterebilmektedir.

Verinin Hazirlanmasi: Boyutu azaltilan veri bir takim islemlerden gegirilir. Bu islemler asagidaki adimlari igerir:

e Kiip Cikarimi: Hiperspektral gorintilerden belirli boyutlarda kiipler ¢ikarilir. Bu kiplerin boyutlari kiguldikge
daha detayli ve basarili sonuglar alinabilmektedir. Ancak ayni zamanda bu hiperspektral verilerin buyukligi goz
onine alindiginda dikkatli karar verilmesi gereken bir degerdir. Bu ¢calismada siniflandirma sonuglari ve kaynak
tiiketimini dengeleyecek en uygun deger 27x27 olarak belirlenmistir.

e Normalizasyon: Elde edilen veri kiimesi, verinin en bliyik degeriyle boliinerek 0-1 araligina normallestirilir.

e Verinin spektral ve mekansal bilesenlere ayrilmasi: Spektral bilesenler, kiiplerin tim piksellerinin spektral
bantlari boyunca ortalamasini alarak bulunur. Mekansal bilesenler, orijinal goriinti verisi ile aynidir.

Egitim ve test setlerine bdliinmesi: Son olarak, veri egitim ve test setlerine boéliinr.

2.3 Evrisimli Sinir Aglan ve Dikkat Mekanizmasi

Evrisimli sinir agi, genellikle goriinti siniflandirma, gorinti isleme ve dogal dil isleme gibi alanlarda kullanilan bir tir
derin 6grenme modelidir. ESA'lar, cok boyutlu verileri giris verisi olarak isleyebilecek sekilde tasarlanmistir. ESA’larin bu
ozelligi hiperspektral goéruntilerin siniflandirilmasinda ESA yapisinin kullanilmasinin avantajlarindan bir tanesidir. ESA,
evrisim katmanlari, havuzlama katmanlari ve tam baglantili katmanlar olmak (zere 3 temel katmandan olusur. Bu
calismada onerilen modelde spektral ve mekansal bilginin islenmesi icin 1-D ve 2-D ESA kullanilarak hibrit bir yapi
onerilmistir.

Dikkat mekanizmasi, derin 6grenme modellerine, 6grenme sirecinde hangi bilgilere odaklanmalari gerektigini
belirleme yetenegi kazandirmak igin kullanilan bir tekniktir. Dikkat mekanizmasi, bir dizi skor hesaplar (bu skorlar
genellikle giris dizisi Uzerinde bir softmax aktivasyon fonksiyonu kullanilarak hesaplanir), ve bu skorlar, modelin giris
dizisindeki her 6geye ne kadar ‘dikkat etmesi’ gerektigini belirler.
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Modelin spektral ve mekansal katmanlarindan elde edilen giktilar birlestirme modiliinde bir araya getirilir. Bu islem her
iki modulden gelen 6zellik vektorlerinin bir araya getirilmesini saglar. Bir araya getirilen 6zellik vektorleri ¢iktisi bir yogun
katmana girdi olarak verilir. Aktivasyon fonksiyonu olarak ‘tanh’ kullanilir. Sonra dikkat agirliklarini hesaplamak igin
‘softmax’ fonksiyonu kullanilir. Softmax aktivasyonu, ciktilar arasinda bir olasilik dagilimi olusturur, bu da modelin hangi
ozelliklere dikkat etmesi gerektigini belirler. Hiperbolik tanjant aktivasyon fonksiyonu (tanh) denklem 1’de gosterilmistir:

X —-X
tanh(x) = (exfe_) ()
e*+ e™*
Bu fonksiyon -1 ile 1 arasinda bir ¢ikti verir ve bu nedenle genellikle sinir aglarinda kullanilir. Bu galismada kullanilan
dikkat mekanizmasi 3 ana adimdan olusur:
Skor Hesaplama: Her bir girise bir skor atanir. Skor bir 6grenilebilir agirlik matrisi ile girisin carpimi olarak hesaplanir.
Skor hesaplama formiili denklem 2’de gosterilmistir:

Skor(t) = vt = tanh(W; = hy + W, * 5._;) (2)

Bu formilde A mevcut girdi, sz dnceki durum, v, Wiz, W2z 6grenilebilir agirhklar ve tanh aktivasyon fonksiyonudur.
Softmax: Skorlar bir softmax fonksiyonuna sokulur, boylece skorlar olasiliklara donustr. Bu, dikkat agirliklari olarak
adlandirilir. Denklem 3’te softmax fonksiyonunun genel formili verilmistir.

eSkor(t) (3)
da = W
Bu formilde ‘da’ dikkat agirhgidir.
Adirlikli Toplam Hesaplama: Her bir giris, ilgili dikkat agirhg ile carpilir ve sonra agirlikli girisler toplanir. Bu toplam,
girislerin agirlikl bir kombinasyonunu olusturur ve dikkat mekanizmasinin giktisini olusturur. Bu yapi 4 numarali
denklemde formiilize edilmistir.

Cikety = Z(da « ) (4)

Burada ‘da’ dikkat agirhgidir, At ise t sayili giris degeridir.

Dikkat Agirliklarinin Uygulanmasi: Daha sonra, dikkat agirliklari 6zellik vektorleri ile carpilir. Bu, modelin belirli
adimlara daha fazla "dikkat etmesini" saglar, ¢inki bu adimlar daha biyik bir agirhga sahip olacaktir. Dikkat
mekanizmasi uygulanmis cikti, bir dizi yogun katman ve séniimleme katmani tarafindan islenir.

2.4 GCalisma Kapsaminda Onerilen Model

Yizlerce hatta binlerce olabilen spektral bantlari hem verimli hem az kaynak tiiketerek isleyebilmek icin spektral kisimda
1-D ESA kullanilmistir. 1-D ESA'lar, hiperspektral gorlintilerin spektral bantlarinin ézelliklerini tanimlayabilir. ESA'lar, bir
hiperspektral goriintliniin spektral 6zelliklerini ¢ikarabilir ve bu 6zellikler genellikle nesne tiriiniin tanimlanmasinda
yardimci olur. Her bir gérintiyu bir dizi spektral bant olarak ele almak, verinin daha hizli islenmesini saglar. 1-D ESA'ler,
bu veriyi hizli ve verimli bir sekilde isleyebilir ve bu da genel islem siiresini azaltir. 1-D ESA'lar, 2-D veya 3-D ESA'lardan
daha az parametreye sahip olma egilimindedir. Bu, modelin daha hizli egitilmesine ve daha az hesaplama kaynagi
kullanilmasina yardimci olur. Hiperspektral gériintiler gibi yiksek boyutlu veri setlerinde derin 6grenme modelinin daha
az parametre kullanmasi 6nemli bir 6lglttar.

Mekansal bilgi, gérintliiniin genel yapisi ve objelerin birbirine olan konumunu temsil eder. Mekansal bilginin
islenmesi konusunda, ESA genellikle 6ne ¢ikar. ESA, yerel 6zelliklerin cikarilmasi ve daha yiiksek seviyeli 6zelliklerin
olusturulmasiicin olduk¢a uygundur. Ayrica, yerel mekansal iliskilerde veri kaybini minimumda tutarken, yliksek boyutlu
verilerin boyutunu azaltabilme yetenekleri, hiperspektral goriintilerin islenmesi agisindan ¢ok dnemli bir 6zelliktir.
Mekansal modiiliin islenmesinde ise 6nerilen modelde 2-D ESA kullanilmistir.

Birinci 2-D ESA katmani: Girdi olarak alinan mekansal veri, 2-D ESA katmanina girdi olarak verilir. Katman 32 filtre
kullanir, her filtrenin boyutu 3x3'tlr ve dogrultulmus lineer birim (DLB) aktivasyon fonksiyonu kullanilir.

DLB aktivasyon fonksiyonunun matematiksel formili 5 numarali denklemde gosterilmistir:

f(x) = max(0, x) (5)
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Bu formiil, eger x pozitifse x7nkendisini, eger x negatifse 0'1 dondirur. Bu, ReLU'nun en 6nemli 6zelligi olan 'dogrultma’
islemini gergeklestirir, yani negatif degerler 0'a gekilir.

DLB aktivasyon fonksiyonu, ozellikle derin 6grenme modellerinde kullanilir ¢linkii dogrusalligi ve hesaplama
verimliligi sayesinde modelin egitim siirecini hizlandirir.

ikinci 2-D ESA katmani: Bir dnceki evrisim katmaninin giktisi, 2D-ESA katmanina girdi olarak verilir. Katman 64 filtre
kullanir, her filtrenin boyutu 3x3'tlr ve DLB aktivasyon fonksiyonu kullanilir.

Bu asamalar sonucunda, mekansal modiil, hiperspektral gortintiilerin mekansal 6zelliklerini gikarir ve bu 6zelliklerin
birlesimini saglar. Bu bilesenler daha sonra spektral modulin giktisiyla birlestirilir.

ilk yogun katman 512 néron icerir ve DLB aktivasyon fonksiyonunu kullanir. Bu katmandan elde edilen ¢ikti, asiri
O0grenmenin 6nlenmesi igin birakma katmanina sokulur. %40 oranda néronlari "kapatir", yani bu néronlarin agirliklarini
gecici olarak sifirlar. Birakma katmaninin degerinin normalde kullanilan %50 degerinden %40’a gekilmesinin baslica
sebebi daha hizli egitim ve daha az bilgi kaybidir. Daha az néronun kapatilmasi, daha az bilginin yok olmasi demektir ve
ayrica daha az islem ve kaynak tiiketimi saglar. %40 degeri bir ¢cok veri kiimesinde gesitli degerlerin kullanildiktan sonra
en verimli deger olarak belirlenmistir.

Bu islem, ikinci yogun katman ve birakma katmani ile tekrarlanir. ikinci yogun tabaka 256 néron igerir.

Son olarak, modelin ¢ikti katmani bir yogun katmandir ve ¢ikti boyutuna karsilik gelen sayida néron igerir. Cikti
boyutu veri kiimesinden veri kiimesine degisiklik gdstermektedir. Bu katmanda softmax aktivasyon fonksiyonu kullantlir.

Sekil 1’de 6nerilen modelin genel yapisi gosterilmistir.

1-D Evrigim
Katmani

Spekiral Modl

Hiperspekiral
veri Veri On

Yoguniuk &
Dikkat Mekanizmasi Sénimleme Cikh
katmanlan

Hiperspekiral Veri

Mekansal Modil 2-D Evrigim
Katmanlar

Sekil 1. Onerilen modelin genel yapisi

Bu model, spektral ve mekansal girdileri alir ve gikti olarak siniflandirma sonuglarini verir. Her iki moduliin giktilarinin
birlestirilmesi, modelin hem spektral hem de mekansal bilgileri eszamanli olarak islemesini ve hiperspektral gérintilerin
daha kapsamli bir analizini saglar. Bu, modelin genel siniflandirma performansini iyilestirir.

3. Deneysel Sonuglar

Onerilen modelin hiperspektral veri kiimeleri Gizerindeki calisma detaylari, test verileri, test sirasinda kullanilan metrikler
ve test sonuglari incelenmistir. Bu ¢alismada, 27 x 27’lik mekansal béliimler, ele alinan 3 veri kiimesi icin agin girdisi
olarak kullaniimistir. Deneysel epoklarin sayisi 100 ve 6grenme orani degeri 0,001 olarak belirlenmistir. Kayip
fonksiyonu 0,06 olarak secilmistir. Ayrica, yapilan deneylerde optimizasyon yontemi olarak Adam Optimizasyon
Algoritmasi kullaniimistir. Karsilastirma icin son yillarda yogun ilgi goren derin 6grenme tabanli HSI siniflandirma
yontemleri segilmistir. Nicel analiz igcin F1 puani (F1 Score), genel dogruluk (OA), ortalama dogruluk (AA) ve Kappa
katsayisi olmak lizere asagida tanimlanan dort degerlendirme metrigi kullaniimistir:

F1 Puani: F1 puani, bir siniflandirma modelinin performansini 6lgen bir metriktir. F1 puani, hassasiyet (precision) ve geri
¢agirma (recall) degerlerinin harmonik ortalamasini temsil eder. 6 numarali denklemde F1 puaninin denklemi verilmistir:

F1=2x(hxg)/(h+g) (6)

Formildeki A, dogrulugu; g ise dogru tahmin edilen Ornekleri gosterir. F1 degeri 0'dan 1'e kadar degisir; 1
miikemmel sonucu, 0 ise en diisiik sonucu ifade eder. F1 degeri arttikca, modelin kategorilendirme yetenegi de artar.
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Genel Dogruluk: Bu metrik, bir modelin tim tahminlerinin ne kadar dogru oldugunu gosterir. 7 numarali denklemde
genel dogruluk formiilize edilmistir:

OA=T/S (7)

Bu formilde T dogru siniflandirilan 6rnekleri temsil eder, S ise toplam 6rnek sayisini temsil eder.
Ortalama Dogruluk: Ortalama dogruluk, her sinif igcin dogruluk oranini hesaplar ve bu degerlerin ortalamasini alir. 8
numaral denklemde ortalama dogruluk formiilize edilmistir:

1 CT; (8)
AA = = —
c’ 15;

8 numarali denklemde, C, toplam sinif sayisini, 7j i. sinifin dogru siniflandirilan érneklerinin sayisini, .S; i sayili sinifa
ait toplam 6rnek sayisini temsil etmektedir.

Kappa Katsayisi: kategorik maddelerin degerlendirilmesinde iki gdzlemci arasindaki uyumu o6lgen istatistik. 9
numaral denklemde kappa katsayisinin denklemi verilmistir:

k=(F —-FR)/A-F) (9)

Bu baglamda,

e Py, iki degerlendirici arasinda tespit edilen uyum ytzdesidir.

e P rastgele se¢cim sonucunda olmasi muhtemel olan uyum oranini belirtir.

Bu galismanin performansini test etmek ve karsilastirmak adina, son yillarda yapilan baslica ¢alismalarda kullanilan
DVM, 2D-ESA, 3D-ESA ve HybridSN yontemleri dikkate alinmistir ve deneysel sonuglari karsilastirmak igin kullanilmistir.
Karsilastirma yapilan modeller sunlardir; Hiperspektral Uzaktan Algilama Goruntllerinin DVM ile Siniflandiriimasi
(Melgani ve Bruzzone, 2004),DVM, Hiperspektral Veri Siniflandirmasi icin Konvoliisyonel Sinir Aglari ile Derin Gozetimli
Ogrenme (Makantasis vd. 2015) (2D-ESA), Uzaktan Algilama Gériintii Siniflandirmast igin 3-D Derin Ogrenme Yaklagimi
(Hamida vd. 2018) (3D-ESA), Hiperspektral goriintl siniflandirmasi icin 3-D,2-D ESA 6zellik hiyerarsisini kesfetme (Roy
vd. 2020) (HybridSN).

Karsilastirma yapilan ¢alismalar DVM harig, ESA yapisina dayalidir ve (¢ temel HSI veri kiimesi olan IP, PU ve SA veri
kiimesi Uzerinde degerlendirilmistir. Bu karsilastirma, onerilen modelin popiler derin 6grenme metotlariyla
karsilastiriimasi igin yapiimistir. Karsilastirma yapilan modellerin egitim orani %20 olarak belirlenmistir. Dagitilmig egitim
ve test orneklerine yonelik elde edilen siniflandirma basarisi IP, PU ve SA veri kiimelerinde karsilastiriimistir. Sirasiyla
Tablo 3, 4 ve 5'te karsilastirma sonuglari gésterilmistir. Bu ¢calismada 6nerilen modelin sonuglari, F1 skoru, OA, AA ve
kappa (k) dogruluk oranlari kullanilarak karsilastirilmistir. Her bir arazi sinifi icin F1 skorlari ayri ayri verilmistir.

Tablo 3. IP veri kiimesi igin F1 skorlari karsilastirma sonuglari

Sinif DVM [ 2D-ESA | 3D-ESA | HybridsN | Gnerilen Model
1 88.0 73.64 48.18 85.05 93.67
2 80.0 83.12 85.12 94.73 95.49
3 69.55 81.98 77.22 97.85 97.08
4 48.48 46.39 85.11 93.80 96.91
5 87.23 89.11 80.28 99.69 97.00
6 96.33 95.02 89.81 98.96 98.51
7 50.0 0.0 0.0 75.20 88.89
8 100.0 99.96 95.96 99.84 99.89
9 50.0 26.66 77.78 72.88 96.97
10 76.54 77.44 77.9 98.13 94.77
1 87.7 89.4 82.73 98.88 98.20
12 77.3 87.72 82.64 97.19 96.33
13 97.5 95.28 89.72 98.13 98.15
14 91.38 98.84 98.32 99.10 99.22
15 80.81 82.02 55.17 99.42 93.04
16 97.73 80.0 82.5 88.92 97.04
OA 77.8 92.99 93.8 97.09 97.19
AA 86.12 92.98 92.68 96.82 96.32
K (x100) 72.06 90.98 91.69 94.96 96.80
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Tablo 3’te IP veri kiimesi i¢in dnerilen modelin diger modeller ile karsilastiriimasi yapilmistir ve her bir arazi sinifi igin
ayri ayri F1 skorlari dahil olmak (lizere, OA, AA ve kappa dogruluk oranlari verilmistir. Tablo 3’te sunulan
karsilastirmalarda bazi arazi siniflarinda ¢ok diisiik ortalamalar alindigi goriilmektedir. Bunun en belirgin 6rnegi 7
numarali arazi sinifi olan ‘Soya Fasiilyesi-islenmemis’ arazi sinifidir. Bunun temel sebebi bu veri kiimesinde séz konusu
arazi sinifinin etiketli veri sayisinin diger siniflara gére ¢ok distk olmasidir. IP veri kiimesi i¢in 6nerilen model,
karsilastirilan modellere gére ¢ok daha iyi bir siniflandirma performansi saglamistir.

Sekil 2’de IP veri kiimesi icin 6nerilen modelin egitimi sirasinda epoklara gore hata ve dogruluk grafikleri verilmistir.
%20’lik bir egitim oraniyla modelin IP veri kiimesinde dogruluk orani yaklasik 60 epokta %90'nin Uzerinde dogruluk
degerlerine ulagmistir.
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Sekil 2. IP veri kimesi icin epoklara gore hata ve dogruluk grafikleri
Tablo 4’te PU veri kiimesinde karsilastirmali sonuglar verilmistir. Bu veri kiimesinde, olusturulan model, sirasiyla
%99.78, %99.63 ve %99.71 olan en yuksek ortalama, genel ve kappa (k) dogruluk degerleri ile diger yontemlerden daha

yuksek bir basari oranina sahiptir.

Tablo 4. Pavia Universitesi veri kiimesi icin F1 skorlari karsilastirma sonuglari

Sinif DVM | 2D-ESA | 3D-ESA | HybridsN | Onerilen Model
1 82.23 93.40 85.66 97.58 99.89
2 65.81 96.84 95.88 98.80 99.93
3 66.72 65.48 68.11 96.06 99.32
4 97.77 95.55 97.02 97.39 98.76
5 99.37 98.03 98.90 100.0 99.96
6 91.62 80.52 68.85 99.70 99.99
7 87.36 89.29 73.09 99.91 100.00
8 90.46 94.50 95.21 96.41 99.53
9 93.71 95.80 93.54 99.57 99.76
OA 77.80 92.55 89.43 98.39 99.78
AA 86.12 89.94 86.25 97.83 99.63
K(x100) 72.06 89.90 85.61 98.38 99.71

Tablo 4’te benzer mekansal yapiya sahip arazi siniflarindaki basari oranlarinin disik c¢iktigr gorilmektedir. PU veri
kiimesinde 2 ve 6 numarali arazi siniflari buna 6rnek olarak verilebilir. Buna ragmen, bu g¢alismada 6nerilen model bu
alanlarda %90 Uzerinde siniflandirma basarisina erisebilmistir. Bu durum oOnerilen modelin benzer yapidaki siniflari
birbirinden ayirt etme konusunda diger yaklasimlardan daha basarili oldugunu géstermektedir.

Sekil 3'te PU veri kiimesi i¢in onerilen modelin epoklara gore hata ve dogruluk grafikleri verilmistir. IP veri kiimesi
gibi PU veri kimesinde de %90 civarinda dogruluk oranlarina 60. epok civari ulasiimistir. Bu durum hem modelin asiri
o6grenmeye karsi dayanikli oldugunu hem de disiik oranda ve sayida egitim ile yiiksek siniflandirma basarisina
cikabildigini gostermektedir.
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Sekil 3. PU veri kiimesi icin epoklara gore hata ve dogruluk grafikleri

Tablo 5’te Salinas veri kiimesi igin 6nerilen model ile diger modellerin her bir arazi sinifi igin F1 skoru ve OA, AA ve kappa
dogruluk oranlari verilmistir. Salinas veri kiimesinin arazi siniflari PU veri kiimesindeki ‘Cayirlar’ ve ‘Ciplak Toprak’ arazi
siniflarinin birbirine benzemesi gibi ¢ok sayida arazi sinifinin birbirine benzerlik gosterdigi bir veri kiimesidir. Buna

ragmen, bu ¢alismada 6nerilen model %99’lara ulasan dogruluk oranlarina ¢ikmayi basarmistir.

Tablo 5. Salinas veri kiimesi igin F1 skorlari karsilastirma sonuglari

Sinif DVM | 20-EsA | 3p-EsA | HybridsN | Gnerilen Model
1 82.34 100.0 99.99 100.0 100.00
2 83.36 99.99 99.97 100.0 100.00
3 99.80 99.91 99.91 99.87 100.00
4 98.96 99.61 99.50 99.65 99.76
5 98.77 98.67 99.69 99.47 99.88
6 97.90 99.97 99.99 99.83 100.00
7 77.43 99.96 100.0 100.0 100.00
8 60.30 90.43 92.83 95.11 100.00
9 76.77 99.43 100.0 100.0 100.00
10 61.29 99.72 98.64 99.47 100.00
11 80.55 99.99 100.0 100.0 100.00
12 79.92 99.74 99.94 100.0 100.00
13 70.88 99.84 99.98 99.95 100.00
14 100.0 98.92 99.89 99.50 100.00
15 96.41 92.71 95.10 96.77 99.99
16 81.45 99.60 99.89 99.94 100.00
OA 81.86 96.76 97.68 98.41 99.85
AA 84.31 96.39 97.41 98.23 99.97
K(x100) | 80.43 98.66 99.08 99.35 99.98

Sekil 4’te SA veri kiimesi igin 6nerilen modelin epoklara gére hata ve dogruluk grafikleri verilmistir. SA, ele alinan
diger veri kimelerine gore daha biiyilk ve i¢ ice gegmis ve benzer 6zellikteki arazi siniflarini barindiran daha karmasik bir
veri kiimesidir. Bu veri kiimesinin zorlu yapisina ragmen 6nerilen model %90 Uzerinde bir siniflandirma basarisi elde

etmistir.
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Sekil 4. SA veri kiimesi icin epoklara gore hata ve dogruluk grafikleri
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Tablo 3, 4 ve 5’teki sonuglara gore bu ¢alismada 6nerilen modelin diisiik boyutlu veriler, az etiketli yer 6rnekleri, ve az
korelasyonlu toprak yapilarinda dahi her zaman %90’larin lzerinde sonug verdigi gorilmustlr. Géruntl isleme ve
siniflandirma alanlarindaki tutarhlik kriterinin 6nemi géz éntinde bulunduruldugunda bu galismada 6nerilen modelin
kayda deger bir basari elde ettigi gérilmektedir.

Onerilen modelin siniflandirma basarisi bakimindan karsilastirilan modellere gére daha basarili oldugu Tablo 3, 4 ve
5’te gosterilmistir. Bunun yaninda, egitim ve test sireleri géz 6niine alindiginda da siniflandirma basarisi yiksek
modeller arasinda en hizli model oldugu goriilmektedir. Bunun baslica sebebi spektral ve mekansal verinin islenmesiigin
hibrit olarak kullanilan 1D-ESA ve 2D-ESA yaklasimlari ve iki kisim i¢in ayri ayri uygulanan ve verinin sadece siniflandirma
acgisindan 6nem arz eden kisimlarina odaklanilmasini saglayan dikkat mekanizmalaridir. PU veri kimesinde test ve egitim
sureleri 6nerilen model igin sirasiyla 9,29 ve 160,71 saniyeyken, siniflandirma basarisi bakimindan énerilen modele en
yakin model olan HybridSN igin bu degerler sirasiyla 47,36 ve 367,91 saniyedir. SA veri kiimesi igin ise test ve egitim
sureleri 6nerilen model igin sirasiyla 7,41 ve 128,38 iken HybridSN modeli igin ise 35,73 ve 281,43 saniyedir.

Bu karsilastirmalarin yani sira sekil 5, 6 ve 7'de farkli siniflandirma metotlariyla 6nerilen modelin siniflandirma
haritalari gorsel olarak da karsilastiriimistir. Genel olarak, piksel tabanl siniflandirma yaklasimlari siniflandirma
haritalarinda tuz ve biber giirltlsi olusturur. Beklendigi Gizere, 6nerilen model, diger modellerle kiyaslandiginda daha
diizglin ve daha detayli haritalar elde eder.

SNREEEEEE

(a) (b) (c) (d) (e) (® (@)

Sekil 5. Indian Pines veri kiimesi igin siniflandirma haritasi: a) zemin referansi, b) Destek Vektor Makinesi, c) 2-D ESA,
d) 3-D ESA, e) HybridSN, f) 6nerilen model, g) renk kodlari
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Sekil 6. Pavia Universitesi veri kiimesi icin siniflandirma haritasi: a) zemin referansi, b) Destek Vektér Makinesi,
c) 2-D ESA, d) 3-D ESA, e) HybridSN, f) 6nerilen model, g) renk kodlari
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Sekil 7. Salinas veri kiimesi icin siniflandirma haritasi: a) zemin referansi, b) Destek Vektér Makinesi, c) 2-D ESA,
d) 3-D ESA, e) HybridSN, f) 6nerilen model, g) renk kodlari

Bu calismada 6nerilen model, spektral ve mekansal bilgileri ayri ayri isleyebilen ve her birine odaklanan 6zel dikkat
mekanizmalari ile donatilmis az parametreli bir hibrit agdir. Bu yapi, modelin, her bir veri kiimesinin benzersiz
karakteristiklerini daha etkili bir sekilde &grenmesini saglar. Onerilen mimarimiz, 1D-ESA ile spektral ézellikleri ve 2D-
ESAile mekansal 6zellikleri ayri ayri ele alarak, spektral-mekansal 6zellik birlikteligini derinlemesine 6grenir. Bu yaklasim,
DVM'nin karsilastigi dogrusal ayrilabilirlik sinirlamalarinin 6tesine geger ve karmasik 6zellik iligkilerini daha etkili bir
sekilde modellememize olanak tanir. 2D-ESA ve 3D-ESA'larin aksine, modelimiz, azaltilmis hesaplama karmasikligina ve
hizli egitim 6zelliklerine sahiptir, bu da onu blyuk veri kiimeleri lGzerinde daha uygulanabilir kilar. HybridSN yontemi,
ozellik hiyerarsisini birlestirirken, 6nerilen modelimiz, dikkat mekanizmalari araciligiyla bu 6zellikler arasinda segicilik
saglar; bu da sadece en bilgilendirici 6zelliklerin kullanilmasina ve béylece daha yiksek siniflandirma dogruluguna yol
acar. Sonug olarak, 6nerilen model, hiperspektral gorintilerin siniflandiriimasi icin mevcut yontemler arasinda, ozellikle
kiiciik nesne tanima ve ayrintili siniflandirma gerektiren durumlarda dikkate deger bir performans sunmaktadir.

4. Sonug ve Degerlendirme

Hiperspektral goriintiiler, bir nesne ya da sahnenin genis bir dalga boyu spektrumunda ¢ok sayida spektral bandin elde
edilmesi sonucu ortaya ¢ikan, li¢ boyutlu bir veri kiimesi seklinde tanimlanabilir. Bu ‘cok boyutluluk’, hiperspektral
goriintller ile gerceklestirilen gesitli uygulamalarda 6nemli bir rol oynar. Ancak, bu tlr verilerin analizi ve islenmesi
blylk miktarda veri ve karmasik algoritmalar gerektirdigi icin oldukca zordur. Bu ¢alismada, hiperspektral goriintilerin
siniflandiriimasinda derin 6grenme yontemlerinin etkinliginin ve potansiyelinin gosterilmesi amaglanmistir. Son yillarda
popiiler bir calisma alani olan hiperspektral gériintii siniflandirma konusunda yasanan mevcut zorluklardan yola ¢ikilarak
hiperspektral verilerin spektral ve mekansal béltiimlerini ayri ayri degerlendiren, 1-D ESA, 2-D ESA ve dikkat mekanizmasi
iceren bir model 6nerilmistir. Spektral ve mekansal 6zelliklerin ayri ayri ele alinmasi, hiperspektral goriintilerin daha
dogru ve etkin bir sekilde siniflandiriimasini saglamistir. Farkli 6zellikteki veri kimelerinden alinan tim sonuglarda
siniflandirma basarisi orani %90’larin izerinde seyretmistir. Karsilastirma igin kullanilan basarim metrikleri F1 skoru, OA,
AA ve kappa katsayisidir. Ayrica, hiperspektral goriintllerdeki diisik etiketli veri orani da géz éniinde bulundurulup,
onerilen modelin dusik egitim oranlariyla alinan sonuglari da degerlendirilmistir.

Hiperspektral goriintllerin bant sayilarinin, mekansal ¢odzinurliklerinin ve boyutlarinin artacagl goéz 6niinde
bulunduruldugunda hiperspektral gériintl siniflandirmasi alaninda ileride yapilacak galismalarda siniflandirma basarim
oranlari kadar disik kaynak tiketimi ve hizli siniflandirma gibi 6zelliklerin dGneminin artacagi disiintilmektedir.
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Abstract

Addressing the increasing demand for water resources at the Federal University of
Technology, Akure (FUTA) due to the growing population requires a data-driven solution.
This study determined the suitable locations for the siting of mini-dams as an alternative
solution to the problem of water scarcity in FUTA using a Geographical Information
Systems (GIS)-based Multi-Criteria Decision Analysis (MCDA) approach by integrating five
thematic factors: drainage density, slope, elevation, land cover and soil texture. Preference
values were assigned to the criteria based on their importance to a dam. Analytical
Hierarchy Process (AHP) was used to assign weights to these criteria, and they were
combined using a weighted sum to produce a mini dam suitability map within the study
area. The suitable areas were divided into five classes: highly suitable (9%), suitable (18%),
marginally suitable (30%), least suitable (26%) and not suitable (17%). The suitability map
was validated against the locations of existing dams in the study area. This study
contributes to the efforts to manage water resources for a growing population in FUTA
and to evaluate the GIS-AHP approach for dam siting for a small study area.

Keywords: Dam, Multi-criteria decision analysis (MCDA), Analytical hierarchy process
(AHP), Geographical information systems (GIS), Site selection

Ozet

Artan niifus nedeniyle Akure Federal Teknoloji Universitesi'nde (FUTA) su kaynaklarina
yénelik artan talebin karsilanmasi, veri odakli bir ¢6ziim gerektirmektedir. Bu ¢alismada,
bes tematik faktér (drenaj yogunlugu, edim, yiikseklik, arazi értiisii ve toprak dokusu) ve
Cografi Bilgi Sistemleri (CBS) tabanli Cok Kriterli Karar Analizi (CKKA) yaklasimi kullanilarak
FUTA'daki su kithgi sorununa alternatif bir ¢6ziim olarak mini barajlar icin uygun yerler
belirlemistir. Kriterlere baraj icin énemlerine gére tercih dederleri atanmistir. Kriterlerin
adirliklarini belirlemek igin Analitik Hiyerarsi Proses (AHP) yéntemi kullanilmis ve ¢alisma
alaninda bir mini baraj uygunluk haritasi (retmek icin adirhkl toplam yéntemi
uygulanmustir. Uygun alanlar bes sinifa ayrilmistir: ¢ok uygun (%9), uygun (%18), marjinal
olarak uygun (%30), en az uygun (%26) ve uygun degil (%17). Uygunluk haritasi, ¢calisma
alanindaki mevcut barajlarin konumlarina gére dogrulanmistir. Bu ¢alisma, FUTA'da artan
nlifus icin su kaynaklarini yénetme ¢abalarina ve kiigiik bir calisma alani igin baraj yerlesimi
icin CBS-AHP yaklasiminin degerlendirilmesine katkida bulunmaktadir.

Anahtar kelimeler: Baraj, Cok kriterli karar analizi (CKKA), Analitik hiyerarsi proses (AHP),
Codrafi bilgi sistemleri (GIS), Yer segimi
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1. Introduction

Water plays a crucial role in the survival of humans and the sustainability of communities around the world. Its
immeasurable benefits as renewable resources include providing shelters for people and serving as a means of
livelihood. Water serves other purposes such as agricultural, recreational, and industrial uses, but domestic usage of
water takes precedence over other uses. Water can be grouped into surface water, which includes oceans, rivers, lakes,
reservoirs, and streams; lagoons; and groundwater. Groundwater is considered purer water and is the most common
source of water in Nigeria (Egbinola & Amanambu, 2014). Despite the large expanse of area of the Earth’s surface
covered by water, there is a growing demand for water resources because of the increasing world population, uneven
distribution of fresh water, and climate change that is affecting the hydrologic cycle (Cosgrove & Loucks, 2015). Limited
water resources and ineffective policies for managing water supply are major barriers responsible for water scarcity in
developing countries (Gallego-Ayala & Juizo, 2011; Aldaya et al., 2010).

The need for water supply in an academic institution cannot be over-emphasized. The scarcity of potable water and
unstable electricity are major challenges facing students in Nigerian higher education institutions (Amadi et al., 2015).
The establishment of new departments and construction of new halls of residence in the Federal University of
Technology, Akure (FUTA) campus comes with a rise in population and, as a result, an increase in demand for water
resources. FUTA is faced with the problem of water supply shortages and the untapped potential of water supply
strategies due to a lack of knowledge of water resources available within the campus. The present sources of water in
the university community are boreholes and hand-dug wells, which are not sufficient. The construction of a mini dam is
a way to augment the existing sources of water in the university community and solve the problem of water scarcity
(Akeju et al., 2021). Roof Top Rainwater Harvest (RTRWH) has been proposed as a means of augmenting the water
supply in FUTA (Nzelibe et al., 2022). However, this is very dependent on the number and structure of buildings in the
university. This study investigated the suitability of mini dam sites to further provide solutions to water demand in FUTA.

Dam construction and groundwater potential delineation are the most economical ways to explore groundwater
resources for optimum benefit (Etikala et al., 2019; Abushandi & Alatawi, 2015). Dams can either be artificial
constructions or naturally formed obstacles positioned across rivers, exerting control over water flow to increase water
levels. The selection of suitable sites for dam construction requires the consideration of both environmental and socio-
economic factors. While there are pivotal criteria to be considered in selecting a dam site, the number of criteria for
dam site selection cannot be universally uniform. The selection of criteria will depend on factors like literature review,
the capacity and intended purpose of the dam, data availability, and the peculiar environmental and social conditions
of the study area (Wang et al., 2021). Topographical condition, geological and geomorphological structure, foundation
condition, physiographic unit, availability of construction materials, spillway size and location, climatic hazards,
earthquake hazards, length and height of the dam, life of the dam, and runoff capacity of streams are the most utilized
factors in dam site selection (Luis & Cabral, 2021; Al-Ruzouq et al., 2019a; Noori et al., 2019; Abushandi & Alatawi, 2015).

The challenges in locating suitable sites and integrating different environmental factors are major problems in
constructing reservoirs for water storage (Winter et al., 1998). Conventional approaches have been used to select
suitable locations for dam sites (Jozaghi et al., 2018). There are now improved tools to create dam site suitability maps
because of the recent advancements in geospatial technologies and machine learning (Wang et al., 2021; Al-Ruzouq et
al., 2019a). Geospatial data in the form of remote sensing and GIS largely contributes to decision-making processes like
the selection of suitable sites for the construction of dams. The improved spatial and temporal resolutions of remote
sensing data with advanced geospatial tools and techniques have enhanced the process of water resource management.
Several approaches have been used for dam site selection, which include statistical rational method and GIS multi-
criteria analysis (Abushandi & Alatawi, 2015), AHP (Yasser et al., 2013), GIS-AHP and weighted overlay analysis (Luis &
Cabral, 2021; Shao et al., 2020), AHP and fuzzy logic (Noori et al., 2019), AHP and machine learning (Al-Ruzouq et al.,
2019a). Other approaches to dam site selection are summarized in Al-Ruzouq et al. (2019b) and Wang et al. (2021).
Integrating GIS and Analytical Hierarchical Process (AHP), which provides a consistent ranking of potential mini-dam
locations based on a variety of criteria provides suitable sites for mini dam placement.

MCDA combined with GIS has been employed to solve geospatial problems. The development of user-oriented GIS
technology is responsible for the increased and wide integration of GIS and MCDA for addressing spatial decision
problems (Malczewski, 2006). The benefit of AHP is that it allows a hierarchical structure of the criteria that enables
users to have a better focus on specific criteria and sub-criteria when assigning the weights (Ouma & Tateishi, 2014;
Saaty, 2008). AHP is applied in the site selection process to aid the decision-making process by allowing decision-makers
to organize the criteria and alternative solutions for a problem in a hierarchical decision model. Determining the
importance of parameters is the principal task in AHP. Of all the MCDA techniques, the Analytical Hierarchy Process
(AHP) has gained wide application in site suitability research in recent years. Several GIS software such as the ESRI's
ArcGIS products have toolboxes and extensions like weighting overlay and map algebra, which can be used for a GIS-
based MCDA (Boroushaki & Malczewski, 2008).
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GIS-based AHP has been used in several studies on the selection of suitable sites for dam construction, such as Luis &
Cabral (2021), Shao et al. (2020), Njiru & Siriba (2018), Al-shabeeb (2016), and Dai (2016). These studies were carried
out on relatively larger study regions with different numbers of physical, climatic, and hydrological criteria. The efficacy
of this approach for dam site selection has not been tested in a relatively small study area with little variation in
topography and environmental conditions like FUTA. Furthermore, the selection of suitable locations for a mini-dam
construction in FUTA will provide valuable information to help in spatial planning to mitigate the perennial problem of
water scarcity faced by students and members of staff on campus and serve as a source of irrigation and boost the
institution's agricultural production. Apart from the increasing demand for water resources, the potential adverse
environmental effects such as dam breakage that may arise from dam construction cause the need to select a suitable
site for siting dams FUTA.

2. Materials and Method

2.1 Study Area

The study area is the Federal University of Technology, Akure (FUTA) campus, as shown in Figure 1. It is between
latitudes 7° 18' 53.38"N & 7° 17' 33.47"N and longitudes 5° 6' 35.31"E & 5°9' 17.02"E in Akure South Local Government
Area, Ondo State. It lies along the Akure-llesha expressway, with Awule and lbule as its neighbouring villages. About
5.401 km? (540.108 hectares) of landmass was covered in this study. The average annual rainfall is 1500 mm, and the
average elevation is about 374 m. The rainy season is often between April to October, while the dry season is between
November to March (Nzelibe et al., 2022; Olujumoke et al., 2016). The mean annual temperature ranges from 24 °C to
27 °C. Lowlands and a few rugged hills characterized the topography of FUTA, and it is within the sub-equatorial climatic
belt with tropical rainforest vegetation (Akeju et al., 2021). The population of staff and students in FUTA rose from
21,462 in 2017 to 28,419 in 2019, while the current population of students and staff now stands at 25, 867
(https://www.futa.edu.ng/). The average daily water demand of FUTA was estimated to be 1,475.83 m3/day in 2021,
which is projected to increase to 2,995.74 m3/day by the year 2049. The present sources of water in the university
community are boreholes and hand-dug wells. The amount of water supply from these boles is estimated at 1,198.07
m?3/day, which is not sufficient for the FUTA population (Akeju et al., 2021).
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2.2 Data and Sources

The intended use of a dam is crucial in selecting criteria for dam site selection. The quality of water is important in
selecting a dam for irrigation purpose while the geological structure is paramount for flood control (Wang et al., 2021).
Based on previous studies (Luis & Cabral, 2021; Al-Ruzouq, 2019a; Njiru & Siriba, 2018; Dai, 2016), local
knowledge/peculiar attributes of the study area, and the available data for the study area, five criteria were considered
for this study. These criteria are drainage density, slope, elevation, soil texture, and land cover. Precipitation was not
used in this study because the study area is very small with very little variation in rainfall distribution. The data used to
achieve the objectives of this study and their respective sources are contained in Table 1.

Table 1. Data used and sources

S/N Criteria Data Source Year

Elevation, Slope and Shuttle Radar

1 . . Topographic USGS 2014
D D
rainage Density Mission (SRTM)
2 Soil texture Soil texture layer Geology Department, FUTA
3 Land cover Sentinel-2 MSI Copernicus 2023
4 Study Area Base Map Google, Maxar 2018, 2022
5 Admmlstra.tlve Vector bf)un.darles Diva GIS
boundaries of Nigeria
6 Dam locations Coordinates and Authors 2023

pictures

2.3 Research Methodology
2.3.1 Generating Thematic Layers

The elevation layer was generated directly from the Digital Elevation Model (DEM). The slope map and drainage density
were derived from the DEM using the spatial analyst tools in ArcGIS Pro (Figure 2).
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For the land cover map, the optical (B, G, R) and NIR bands of the sentinel-2 image were used to make a composite
image, training signatures were created using authors’ knowledge of the study area and Google Earth imagery, and
maximum likelihood classification algorithm was used for the supervised land cover classification. To ensure uniformity
across layers and enable subsequent Weighted Overlay Analysis (WOA), the initial soil texture layer, initially presented
as a vector, was transformed into a raster format. Concurrently, all thematic layers were subjected to reprojection using
the WGS84 UTM 31N projected coordinate system, and they were re-sampled to a 10 m resolution to generate
seamlessly clipped layers encompassing the complete study area.

2.3.2 Criteria Ranking

Each of these five layers was reclassified into discrete classes (1-5) using the reclassify tool in ArcGIS Pro. For the
continuous surfaces, the intervals for the thematic layers were determined using the natural breaks jenk as used by
(Luis & Cabral, 2021). The preference values correspond to the levels of the suitability of the sub-criterion of each layer
for mini dam selection. The higher the class value, the more suitable for a mini dam site selection; the maximum
preference value (5) was ranked highly suitable for the location of a dam site, and the minimum preference value (1)
was ranked least suitable for the location of a dam site (Table 2). These five levels of suitability have also been used in
previous studies on dam site selection to rank criteria (Luis & Cabral, 2021; Njiru & Siriba, 2018).

Table 2. Ranking explanation

Preference Value Suitability
1 Not Suitable
2 Least Suitable
3 Marginally Suitable
4 Suitable
5 Highly Suitable

2.3.3 Pairwise Comparison Matrix and Weighting

The steps in AHP involve stating the problem, developing a hierarchical structure, determining the relative importance
of attributes (pair-wise comparison) using Saaty’s scale, calculating the relative weights, checking the consistency, and
obtaining the total weights and overall rating (Saaty, 1990). A pairwise comparison matrix was created based on the
relative importance of each thematic layer to the selection of a dam site. Each layer was ranked against the other layers
on a scale of 1 to 9. 1 represents equal importance of two layers and 9 means uppermost importance of a layer over
another layer (Saaty, 1987). The ranking and pairwise comparison of the criteria in this study was done using rankings
from previous studies (Karakus & Yildiz, 2022; Shao et al., 2020; Njiru & Siriba, 2018) where experts’ opinions were used.
The AHP analysis was done using the AHP calculator (Goepel, 2018) and the validity of the AHP was evaluated by
calculating the consistency ratio (CR) (equation 2) using the consistency index (Cl) (equation 1). The consistency ratio
(CR) is a measure of the consistency of the square matrix. To compute the CR, the consistency index (Cl), a measure of
departure from consistency, was calculated using equation 1. Then CR was computed using equation 2.

Cl=@A-n)/(n—1) (1)

n = number of criteria. A = average value of the consistency vector (Principal Eigen value). A = Relative criteria weights
/ weighted sum vector. Rl = Random Index.

CR=CI/RI (2)
2.3.4 Mini dam Suitability
Weighted Sum (a spatial analyst tool) in ArcGIS Pro was used to multiply the weights with each raster layer and combine
all the resulting layers to produce a suitability map depicting areas suitable for sitting mini dams within the study area.

The suitable areas were divided into five classes: highly suitability, suitable, marginally suitability, least suitability, and
not suitability.
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2.3.5 Result Validation

For the validation of the dam suitability map, the location of the existing dams, which are located at the university’s
research farms, were overlaid on the suitability map. Furthermore, the existing dams were digitized from Google Earth
Imagery as polygons. Twenty random points were created for each polygon and the corresponding values of the
suitability layer were extracted for these points using the “Extract Values to Points” tool in ArcGIS Pro. The location of
existing dams for validating suitability maps has been used in previous studies (Jozaghi et al., 2018; Luis & Cabral, 2021).

3. Results and Discussion

The results of the geoprocessing operations, reclassifications, weighting of the criteria, AHP ranking, and the overall
weighted overlay operation are presented with explanations.

3.1 Thematic Layers and Mini Dam Site Suitability Criteria
3.1.1 Drainage Density

Drainage density reveals information about permeability and surface runoff of areas. The dry areas are those areas with
low values of drainage density, while areas with high drainage density values are wet areas (Figure 3a). The preference
values for drainage density are shown in Table 3 and the reclassified map is shown in Figure 3a. Areas with high drainage
density have a high groundwater potential and are most suitable for the location of a mini dam site. Drainage density
has been given high priority in dam-site selection because it is crucial for dam water storage capacity (Hagos et al., 2022;
Karakus & Yildiz, 2022).

3.1.2 Slope

The slope significantly influences the speed of water flow or velocity within both the drainage channel and the
watershed (Rincon et al., 2018). Thus, dams are preferably located on gentle slopes with relatively flat topography
because of the high chances of accumulating water and they are less susceptible to flooding or landslides (Njiru & Siriba,
2018). Figure 3b shows the reclassified slope map. In this study, areas with the lowest degree of slope (0—2.142) were
given the highest preference value for the location of dam sites, while areas with the highest degree of slope (7.373—
16.067) were ranked lowest (Table 3).

3.1.3 Elevation

Elevation is crucial to a dam site selection because of water accumulation. The variation of the elevation in the study
area is shown in Table 3. The elevation ranges from 346.001 — 403.0 meters. The higher values are in the northern part.
The preference values for the sub-criteria of the elevation layer are shown in Figure 3c. Areas with lower elevations are
most suitable for a mini dam site because of natural water accumulation, simplified construction, sediment trapping
and catchment area advantages (Al-Ruzouq et al., 2019b). Therefore, lower elevations were ranked 5, which is the
highest preference value for the location of a mini dam site. Conversely, areas with high elevation values were ranked
least suitable.

3.1.4 Soil Texture

Particle sizes in the soil affect the soil water-holding capacity and soil plays a significant role in the linkage between
surface water features and groundwater recharge. Preference values were assigned to soil types based on their
infiltration rates (Dai, 2016), which have a strong relationship with their water holding capacity, groundwater movement
and recharge potential. As shown in Table 3, the clay soil ranked highest in the unified preference value table because
it has the lowest infiltration rate, and the location of each preference value of soil texture within FUTA is shown in Figure
3d.
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3.1.5 Land Cover

The land cover map is grouped into 5 classes, which are bare soil, light vegetation, forest/bushland, built-up
environment, and water (Table 3). Bare soil and vegetation are the preferred land cover classes for dam site selection
(Karakus & Yildiz, 2022). Because of safety and avoiding economic loss from the potential destruction of existing
structures and properties, the built environment was considered not suitable. Also, the bare soil such as unpaved roads
are mainly located within the built-up areas, so they were also considered not suitable. Water bodies, which are mainly
the existing dams were ranked highest with a score of 5 as highly suitable for dam site location (Figure 3e).

(b) Slope

(d) Soil Texture

Suitability Levels

I Not Suitable
Least Suitable
Marginally Suitable
[ Suitable

I Highly Suitable

(e) Land Cover

e——=] )|

Figure 3. Reclassified thematic layers

3.2 Analytical Hierarchy Process (AHP)

The criteria weights are shown in Table 3 and Pairwise Comparison Matrix is shown in Table 4. The normalized pair-wise
matrix is computed by dividing all the elements of the column by the sum of the columns. The Relative Criterion Weights
(RCW) is calculated by averaging all the elements in the rows of the normalized matrix.

47



Tata, H., Lateef, L. O., & Nzelibe, I. U. | Turkish Journal of Remote Sensing and GIS, Volume: 5, Issue: 1, Page: 41-53, March 2024

Table 3. Criteria ranking and weighting

Criteria

Weight

(%)

Rank

Sub-Criterion

Preference Value

Drainage Density

34.0

0.001-1.811

1

1.812-5.433

5.434-10.362

10.363 - 16.398

16.399 — 25.654

Elevation (m)

28.0

346.001 - 364

364.001 -371

371.001-378

378.001 - 387

387.001 - 403

Slope (°)

15.1

0.001 - 2.142 (Gentle)

2.143 - 3.591 (Moderate)

3.592 - 5.167 (Steep)

5.168 — 7.372 (Very Steep)

7.373 -16.067

Soil Texture

14.2

Sandy Clay

Clay

Sand

Clayey Sand

LULC

8.6

Bare Soil

Light Vegetation

Bushland / Forest cover

Built-up / Road

Water

VL |IN|[PIRP[N[RP|PIW|IRL|IN WL |INW|dPOIUO|[D|lW|N

Table 4. Pairwise Comparison Matrix

Drainage Density  Slope Elevation Soil Texture Land Cover
(€1) (C2) (C3) (C4) (C5)
Drainage Density (C1) 1 2 2 3 3
Slope (C4) 0.50 1 2 3 3
Elevation (C3) 0.50 0.50 1 1 2
Soil Texture (C4) 0.50 0.33 1 1 2
Land Cover (C5) 0.33 0.33 0.50 0.50 1

The consistency ratio (CR), a measure of the consistency of the square matrix, should be less than 10% for the judgment
to be considered valid (Saaty, 2008).

Table 5. Random index (RI) used to compute CR (Saaty, 2008)

Number of criteria

1

3

4

5

6

7

8

9

10

Random Index (RI)

0

0

0.58

0.90

1.12

1.24

1.32

141

1.45

1.49

Sum of consistency vector = 25.62

A=25.62/5=5.12
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In this study, n = number of criteria = 6. A = average value of the consistency vector. Using the formula in equation (1)

_512-5
5-1

Cl =0.031

The Consistency Ratio (CR) was calculated using equation (2). Rl is the random inconsistency index. The value of Rl
(1.12) is determined from Table 5.

0.031
CR=
1.12

=0.0278

Thus, the square matrix is consistent because the computed CR is less than 10% i.e. (0.0278 < 0.1). So, the criteria
weights can be used for the selection of the mini dam sites.

3.3 Dam Suitability Map and Selection of Mini Dam Sites

A suitability map showing areas with five levels of suitability and a chart showing the area of coverage of each suitability
level are shown in Figure 4 and Figure 5, respectively. The highly suitable areas are mainly in the eastern part and partly
in the western parts, where the existing dams are located. The northern and central parts of the study area are not
suitable for a dam site and the southern part has a very low suitability level for a mini dam site (Figure 4). The lack of
suitability of the northern and central parts of the study area can be attributed to the dominance of built-up areas with
high elevation and low drainage density. 90.16 ha (17%) of the study area are “not suitable” for a mini dam at all, a
larger part of the study area 142.40 ha (26%) “least suitable” for a mini dam, closely followed by “marginally suitable”
areas with 163.43 ha (30%). The “suitable” areas cover 95.68 ha (18%), and only 47.71 ha (9%) of the study area is highly
suitable for mini dam location (Figures 6a & 6b). The suitable areas have high drainage density and are in the runoff
receiving places characterized by low elevation and gentle slope and mainly covered with clay soil. This result is
consistent with the findings of Hagos et al. (2022) and Karakus & Yildiz (2022), where areas with high drainage/stream
density were found to be most suitable for a dam site.
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Figure 4. Mini dam suitability map
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Figure 5. Areas of suitability levels for min-dam location in FUTA

3.4 Validation of the Result

The locations of the two existing dams in the study area, which are located at the university’s research farms (Obakekere
and Obanla) are overlaid on the suitability map (Figure 6). The existing dam site at the Obanla farm is located at longitude
5.122951° and latitude 7.306256°, while the geographical location of the dam at the Obakekere area is 5.145496°,
7.293657°. The dam in Obakekere has two segments, so two polygons were created for this dam (Figure 6b-d & 8). All
the 20 points in Obakekere dam1 fall in “highly suitable” areas while 18 out of the 20 points inside Obakekere dam2 fall
in “highly suitable” areas (Figure 7). The presence of water in Obakekere dam has remained relatively the same from
2018-2022 (Figure 6b & c). For the other existing dam, which is the Obanla dam, only 1 point falls in the “highly suitable”
area while the remaining points are “suitable” or “marginally suitable” area (Figure 7), this explains the reason why the
dam shrank extremely in 2022 and almost going into extinction (Figure 6e-f & 8).
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Image Source: Google Earth Pro

Figure 6. Validation of the suitability of mini dam locations
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Figure 8. a) Obanla mini dam, and b) Obakekere mini dam (Source: Authors, 18/10/2023)

4. Conclusion and Recommendation

Locating optimum mini dam sites involves consideration of different criteria. Thus, AHP was used in this study to provide
a suitable location for a mini dam site for a relatively small study area using five criteria. The results of this process and
the standardized thematic layers of the criteria were integrated using ArcGIS to generate a map that shows the potential
mini dam sites with five levels of suitability. The suitability map revealed that the area with the highest suitability for
locating a mini dam is the eastern and western parts of the university, which covers just 9% of the study area. Most of
the potential areas for mini dams are in downstream areas, the runoff receiving places of the study area, which is mainly
covered with clay soil. It is worth noting that the weighted overlay result is highly influenced by the drainage density,
and a similar result was observed in a study by Karakus & Yildiz (2022).
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The GIS-based MCDA employed in this research for a relatively small study region provides an objective result to indicate
areas suitable for locating a min-dam, it is important to state that a few parts of the built-up areas were adjudged to be
fit for siting @ mini dam. Thus, there is a need for more defined ground investigation and on-site geophysical surveys on
suitable sites when the decision to construct a mini dam in the study area is made in the future. With the growing
population at the Federal University of Technology, Akure, the construction of a mini dam is crucial. The result of this
study is a valuable contribution towards improving water resources and future development planning as it will serve as
a fundamental guide for mini dam construction in FUTA. Further study could include more criteria to improve the
judgment of the methodology used in this study.
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Abstract

To extract valuable information from satellite data for applications such as agriculture,
geological research, and environmental monitoring, the classification of hyperspectral
images is an essential task. Labeling each pixel in this process is time-consuming and
requires financial resources. To this end, working with a small number of samples is very
important. In order to provide high classification performances with a limited number of
samples, this paper aims to enhance the performance with an active learning framework.
The framework incorporates dimensionality reduction, an edge-preserving filter, and
active learning steps. From this perspective, we investigated different edge-preserving
filter methods to analyze the effects on performance. By combining edge-preserving filters
with dimensionality reduction, the study presents a unique method that improves
classification performance while maintaining image quality and reducing noise. The
following five edge-preserving smoothing filters are evaluated: weighted least squares
(WLS), Joint-Histogram weighted median filter (Joint WMF), fast global image smoother
(FGS), bilateral filter (BF), and static/dynamic (SD). Our experiments demonstrate that
compared to the reference research (CNN+AL+MRF), the proposed framework increased
overall and average accuracies about 2-5% for Indian Pines, Pavia University, and Salinas
datasets.

Keywords: Active learning, Edge preserving filters, Hyperspectral imaging

Ozet

Tarim, jeolojik arastirma ve gevresel izleme gibi uygulamalar igin uydu verilerinden degerli
bilgiler elde etmek amaciyla hiperspektral gériintiiniin siniflandiriimasi 6nemli bir gérevdir.
Bu stiregte her pikselin etiketlenmesi zaman alicidir ve mali kaynak gerektirmektedir. Bu
amagla az sayida érnekle ¢alismak ¢ok 6nemlidir. Sinirli sayida 6rnek altinda yiiksek
siniflandirma performansi saglamak icin bu makale, performansi aktif bir égrenme
cergevesiyle gelistirmeyi amaglamaktadir. Cergeve, boyut azaltma, kenar koruma filtresi
ve aktif 6grenme adimlarini icermektedir. Bu agidan bakildiginda performans tizerindeki
etkilerini analiz etmek igin farkli kenar koruyucu filtre yéntemlerini arastirilmistir. Kenar
koruyucu filtreleri boyut azaltmayla birlestiren ¢alisma, goriintii kalitesini korurken ve
glriiltiiyii  azaltirken siniflandirma  performansini  artiran benzersiz  bir yéntem
sunmaktadir. Agirhkl En Kiigiik Kareler (WLS), Ortak Histogram Adirlikli Ortanca Filtre
(Joint WMF), Hizli Global Gériintlii Yumusatma (FGS), Bilateral Filtre (BF), and
Static/dynamic (SD) olmak iizere toplam bes kenar koruyan filtre degerlendirilmistir.
Deneylerimiz referans arastirmayla (CNN+AL) karsilastirildiginda 6nerilen ¢ergevenin
Indian Pines, Pavia Universitesi ve Salinas veri kiimeleri icin genel ve ortalama dogrulugu
yaklasik %2-5 artirdidini géstermektedir.

Anahtar kelimeler: Aktif 6grenme, Kenar koruyan filtreler, Hiperspektral gériintiileme
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1. Introduction

Classification of hyperspectral images involves identifying various forms of information on Earth's surface using
hyperspectral satellite data (Wang et al., 2021). This is achieved through the classification of satellite images, utilizing
machine learning and deep learning techniques to identify areas containing various types of living organisms and objects
(He et al., 2017). High-accurate hyperspectral image classification requires a comprehensive understanding of the
electromagnetic spectrum and its relationship to living beings and objects on Earth's surface (Hong et al., 2019). This
data is utilized to generate precise maps of the environment, soil, forests, agriculture, nature, water, and other
resources (Alcolea et al., 2020; Hong et al., 2019). These maps play a vital role in scientific and commercial applications,
including geological research, natural resource management, and environmental, medical, and agricultural
investigations.

The hyperspectral image (HSI) is a crucial type of remote sensing image where each pixel possesses a unique spectral
signature, allowing the detection of terrestrial objects invisible to the naked eye. Over the past decade, hyperspectral
image analysis has become one of the most sophisticated and rapidly advancing technologies in remote sensing. Thanks
to advancements in hyperspectral imaging technology, hyperspectral sensors can now capture substantial data across
a wide range of electromagnetic spectrum bands. HSI classification, which is a challenging task in hyperspectral remote
sensing (Chen et al., 2018), utilizes a designated discriminant function and a defined set of spectral and spatial image
attributes. The process entails the allocation of a distinctive label to each pixel vector. The challenge in HSI arises mainly
from the time-consuming and expensive nature of the data annotation, which frequently calls for specific knowledge
that may not be easily accessible.

To address the cost and limitations of manual labeling, a solution is proposed, leveraging relevant unlabeled data
and employing a convolutional neural network (CNN) to enhance classification performance by extracting crucial
spectral-spatial properties (Hu et al., 2020). Image identification and image segmentation extensively employ CNNs,
considering the spatial correlation between pixels. By strategically incorporating unlabeled training samples, this
technigue improves robustness against overfitting with minimal labeled data and enhances generalization capabilities
by merging spatial and spectral information from the original hyperspectral image (Haut et al., 2018). Active learning
(AL) is a method of machine learning in which the algorithm chooses which data sample to label from a pool of data that
has not been labeled. The algorithm selects the samples that are the most informative to label in an iterative manner.
The goal of the algorithm is to maximize learning efficiency by concentrating on the data points that are most useful.
Because of this, Active learning assumes that certain training samples are more valuable than others when it comes to
improving the performance of the classifier system.

By carefully choosing which samples to annotate, AL dramatically lowers the required number of labeled samples.
The implementation of active learning aims to select the uncertain samples and ask the expert repeatedly during the
iteration, resulting in increasing the number of samples for each round. It improves the effectiveness and affordability
of active learning for hyperspectral image categorization (Joshi et al., 2009). Numerous efforts have been made to
integrate the classification of HSI with deep learning and AL (Liu et al., 2016), To mitigate the impact of this problem,
spatial information should be taken into consideration (Li, 2015). For example, (Kang et al., 2013) applied edge-
preserving filtering (EPF) to the postprocessing of classification maps. Propose (Zhang et al., 2019) a model that uses
CNN to classify the HSI image and maintain edge information in the picture. Although all these techniques achieve good
accuracy, there are still certain issues with them. Chen et al. (2016) employed 1 dimensional (1D), 2 dimensional (2D),
and 3 dimensional (3D) CNN for the classification of hyperspectral images. In another work, (Santara et al., 2017)
proposed a neural network architecture for spectral and spatial feature learning that is band adaptive.

Principal Component Analysis (PCA) and Minimum Noise Fraction (MNF) have proven to enhance image quality and
extract valuable information. Additionally, a trilateral filter has been employed for edge information extraction,
contributing to improved model accuracy without introducing complexity; this is achieved by leveraging edge
information to distinguish between distinct objects (Gupta et al., 2020).

In a method based on the Bilateral Filter (BF) within the multispectral domain (MBF), PCA is utilized to extract spatial
information (Hu et al., 2021). Subsequently, edge-preserving filter techniques in the multispectral domain are applied
to filter spectral information after feature extraction (Hu et al., 2021). Utilized a graph cut algorithm to address the
labeling problem on Markov Random Field (MRF), constructed on the image grid (Jia et al., 2015). Approach (Kang et
al., 2013) prioritizes local optimization of pixel classification maps, placing more emphasis on spectral information than
spatial context. The significant advantage lies in preserving the original appearance of probability maps, ensuring the
retention of pixel-related information. The proposed method introduces an edge-preserving image smoothing
benchmark capable of producing competitive results across a diverse range of image contents (Zhu et al., 2019). This
benchmark (Zhu et al., 2019), supported by real image smoothing results within an accompanying image dataset,
undergoes verification for contrast enhancement tasks through additional related work.
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CNN+AL+MRF method uses the full spectrum method without applying additional preprocessing steps (Cao et al., 2020).
In our work, we extend this methodology by introducing a new framework that includes preprocessing steps as
dimensionality reduction techniques and edge-preserving techniques as step-by-step spatial information, which is
considered preprocessing for HSI classification. Not only does it enable increased complexity during the training process,
but it also delivers outstanding classification performance and keeps it sharp and unstabilized. In the smoothing/pruning
process, edge-preserving filters preserve edge information. In other words, edge-preserving filters smooth the image
while reducing edge blurring effects such as halos and so on. Moreover, they are non-linear in nature. Examples of edge-
preserving anti-aliasing filter techniques are WLS, JointWMF, FGS, BF, and SD. This optimization not only reduces
complexity during training but also improves feature extraction by incorporating spatial neighborhoods with edge-
preserving filters. As a result, this family of filters is very useful in reducing image noise, which makes it highly sought
after in computer vision and increases the quality and accuracy of classification. The five edge-preserving smoothing
filter techniques:

1. Weighted least square (WLS)

2. JointWMF - Joint-Histogram Weighted Median Filter

3. Fast global image smoother (FGS)

4. Bilateral Filter (BF)

5. Static/Dynamic (SD)

The objective of the experiments was to evaluate the effectiveness of applying dimensionality reduction (DR)
processes and edge-preserving filter techniques to enhance accuracy. The combination of both DR and these techniques
was hypothesized to yield superior results compared to alternative approaches. Our approach involved employing
image processing techniques using five smoothing-based filters. The study aims to achieve dimensionality reduction and
eliminate noise from smooth and deformed images or textures while preserving sharp edges. Utilize image processing
to enhance or manipulate images, striking a balance between preserving sharp edges and managing noise or texture.
Additionally, we sought to investigate whether Markov Random Fields (MRF) improves the overall quality and relevance
of the final product to the assigned task. Our method includes a comparison of processing times among various
approaches, with a specific emphasis on computational efficiency. The primary focus is to compare the results of overall
accuracy (OA), average accuracy (AA), and stratified accuracy of PCA and averaging (AVG) processes with the five filter
technigues. Implementation times are also considered to analyze the impact of dimensionality reduction and edge-
preserving filtering on improving classification efficiency.

2. Methodology

A block diagram of the proposed active learning framework is given in Figure 1. CNN+AL method first chooses very small
samples that are limited in number and reduces the dimension of bands by using either AVG or PCA with the five edge-
preserving filter techniques. In order to observe the effectiveness of the proposed framework, we used three datasets,
namely, Indian Pines, Pavia University, and Salinas. In literature, edge-preserving filtering is considered a form of post-
processing (Wan & Chen 2023), but we use edge-preserving filtering as pre-processing. Its purpose is to reduce noise
and smooth an image while preserving fine edges, details, and features. These filters are especially useful when you
want to improve image quality by removing noise or reducing unwanted artifacts while maintaining the sharpness and
clarity of the boundaries of objects, textures, and structures. The most well-known edge-preserving filters are:

1. Weighted Least Square (WLS) Filter is a popular edge-preserving image smoother that is particularly useful for
detail enhancement and HDR tone mapping. Nevertheless, it has a high computational cost and a limited ability
to preserve edges (Yang et al. 2024). The WLS framework's current deep learning-based filters are primarily
supervised learning-based. They raise productivity but not quality (Yang et al., 2024).

2. Joint-Histogram Weighted Median (JointWMF) Filter is a filter technique that performs weighted median filtering
on both the input image and its related histogram. It's useful for preserving image edges and structures. And
eliminating outlier noise in data matrices, especially if a high percentage of the matrix points are contaminated
with outlier noise (Kilik, 2021).

3. Fast Global Image Smoother (FGS) Filter is an efficient edge-preserving smoothing method based on the WLS
formulation called Fast Global Smoother. The linear system has an inhomogeneous Laplacian matrix (Min et al.,
2014). This technique is for smoothing images globally. It is a two-stage procedure that consists of a corrective
step after the first smoothing run.

4. Bilateral Filter (BF) By modifying the bilateral filter parameters, <text> provides flexibility in the fusion process.
With the bilateral filter being a noniterative filter and an efficient implementation scheme being available, the
fusion process is faster and computationally simple (Kotwal & Chaudhuri, 2010). It smooths an image while
maintaining edges and small features by considering both spatial and intensity similarity.
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5. Static/Dynamic (SD) Filtering combines responsive parameter adjustments based on changes in input with fixed
parameters. Image processing frequently applies this technique to tasks such as feature extraction and noise
reduction, aiming to utilize predefined knowledge while maintaining flexibility in response to a variety of input
characteristics (Ham et al., 2015).

Dimension reduction methods reduce the number of features by retaining the most informative bands and discarding
redundant or less relevant ones. The specific number of bands retained after dimension reduction would depend on
factors such as the chosen method, the variance, and the characteristics of the hyperspectral dataset. The number of
bands used after dimension reduction may be determined through experimentation or predefined criteria to preserve
sufficient information for classification while reducing computational complexity. After dimensionality reduction and
edge-preserving filters, an active learning process is started that focuses on uncertainty samples, and according to the
type of data that is being utilized, the number of training examples that are selected at random is determined. For
instance, when working with Indian Pines data, the training set consists of only 2% of each class, while the remaining
classes are used for testing. Following the training phase in the labeled set, assess all of the unlabeled set's pixels and
actively choose the most ambiguous pixels using the Best-Versus-Second Best (BvSB) technique. If the sample's BvSB
value is low during this phase, it indicates a confused pixel. After labeling, the algorithm adds these pixels to the labeled
set and continues iterating until the predetermined number of iterations is reached. In this way, the AL process adds
the most uncertain samples round and round until the number of iterations is reached. By giving priority to the samples
that contain the most information for labeling, the AL process aims to successfully maximize learning efficiency. The
max-pooling layer follows each convolutional layer, with 500 units in the first fully linked layer and K in the second.
Because the training data is limited, the augmentation of data involves the application of translation, rotation, flipping,
and cropping techniques. As a classifier, we used an eight-layered CNN architecture, which is proposed in (Cao et al.,
2020) the CNN network classifies HSI using an 8x8xD patch with 20 filters in the first convolutional layer and 20 filters
in the second. In the last stage, MRF is applied similarly to rectify misclassification in the spatial domain (Cao et al.,
2020). For more details, step by step explanation of the algorithm is shared in the Algorithm 1.

HSI

Active Learning

! 1 ’ N
| Dimension . ° .
Reduction I ]

Deep Learning |

I .
; MRF
. Edge Active | MRF
I Presenving ! | . The Labeled Set Training selection ) Optimization
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Preprocessing T NN | Results
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Figure 1. Block diagram of the proposed framework including DR, EPF, CNN+AL, and MRF stages

Algorithm 1. Algorithm of the Proposed Framework

Input: Number of training samples D, unlabeled pixel set U, maximum number of iterations R, number of pixels actively selected
in each round B, flag of using MRF, edge-preserving filter type and its parameters, dimensionality reduction method. r is
current iteration number.

Initialization: initialize iteration number r as 0.

Main Loop:

While r < R or terminating conditions which are not met:

1. Dimensionality Reduction:
¢ Perform dimensionality reduction method to D and reduce the dimension to DimR.

2. Augmentation of the Dataset:
¢ Create a new training set DA by augmenting D using DimR and D.

3. Edge-Preserving Filtering:

* Apply an edge-preserving filter to the hyperspectral image data in D and U. This filter helps enhance image details, preserve
sharp edges, and manage noise. You can choose filter parameters (e.g., bilateral filter, guided filter) to suit your needs.

4. CNN Training/Fine-Tuning:

e Train from the stratch or fine-tune a CNN using DA.
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5. Definition of Uncertain Samples:
¢ Use the trained CNN to estimate class probabilities for pixels in the unlabeled candidate pool U.
¢ Actively choose the top B informative pixels from U based on class probabilities.
6. Extend Training Set:
¢ Add patches corresponding to adding the chosen B pixels to the existing training set D, using it as the new training set for
the following iteration.
7. Increment Round:
e Increment r by 1.
8. MRF Utilization (Optional):
¢ If Use MRF is false, go to Labeled.
End of Main Loop

This approach is particularly advantageous when dealing with low sample numbers and diverse ranges, minimal memory
usage, simplicity, rapid training durations, avoiding the dimensionality curse, and lowering the complexity of
hyperspectral data. AVG and PCA play pivotal roles in simplifying the data representation, making it more manageable
for subsequent analysis. Averaging helps reduce noise and smooth out variations, contributing to a cleaner dataset.
PCA, on the other hand, identifies and retains the most significant features, discarding less relevant information. The
integration of these techniques with edge-preserving filtering enhances model performance by emphasizing the
essential dimensions of the data while eliminating less critical ones. When coupled these techniques (DR) with Edge-
Preserving Filtering, collectively contribute to an optimized and refined dataset, laying a robust foundation for
subsequent classification.

The advantages of employing such pre-processing techniques extend beyond improved model performance. They
address practical challenges associated with hyperspectral data, ensuring efficient use of computational resources, and
mitigating issues related to limited samples. As a result, this approach not only enhances classification accuracy but also
offers practical benefits in terms of resource efficiency and effectiveness. The challenge of analyzing hyperspectral data
stems from the dimensionality curse. As an initial step prior to classification, researchers conduct dimensionality
reduction. AVG decreases dimensionality by simply averaging successive spectral bands. By averaging the band values,
this approach reduces the overall number of spectral bands. AVG does a particularly good job of mitigating the influence
of noisy or less distinct bands, which may be common in hyperspectral data (Thilagavathi et al., 2021). In this method
the spectral bands are divided into a number of sequential groups after providing the low dimensionality of the data
set. For example, when the number of bands is 200 and the reduced dimension is 10, the first group will have spectral
band indices ranging from 1 to 20. Later, we implement the AVG technique for every group. To examine and reduce the
dimensions of the data into a predetermined number of primary components, employed PCA on a 3D data set as the
second technique in DR (Hu et al., 2020). PCA is a popular technique that aims to catch the most significant variations
in data (Hu et al., 2020). Transforming the original spectral bands creates a new set of uncorrelated variables, effectively
reducing the dimensionality of the data through PCA. The edge-preserving filters are an image processing technique
that aim to reduce noise and smooth an image while preserving the sharpness of edges and fine details in the image. In
other words, it is a filter designed to enhance image quality by removing noise or unwanted artifacts without blurring
key features and boundaries present in the image. Additionally, edge preserving filtering approaches increase interclass
variances whereas reduces the intra-class variances. This helps to decrease spectral variability in any class. Our
comprehensive approach leverages the synergy between DR techniques for example PCA, and AVG and a suite of
advanced edge-preserving filters. These filters, including the Weighted Least Squares (WLS) Filter, Joint Histogram
Weighted Mean Filtering (JWMF) Filter, Fast Global Smoothing (FGS) Filter, Bilateral Filter, and Static/Dynamic (SD)
Filter, play pivotal roles in improving the precision of classification.

The major feature is that significant information and everything that is not necessary or the ineffectual bands are
removed, noise is reduced, and hyperspectral images are smoothed while preserving the sharpness of the images.
Additionally, it preserves fine details, which generally correspond to class borders in the hyperspectral image
classification process. This algorithm is well suited for situations with a small amount of labeled data. Specifically, we
use dimensionality reduction techniques such as PCA and AVG along with five different edge-preserving filter methods.
In addition to these preprocessing operations, we improve classification performance by including Markov Random Field
(MRF) post-processing methods.

3. Experimental Results
To show the effectiveness of the proposed method, three well-known datasets—Indian Pines, Pavia, and Salinas—were

used in the hyperspectral image. We measured the effects of various stages from three different perspectives: i)
dimensionality reduction techniques, ii) edge preserving filters, and iii) using post processing (MRF).
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All different combinations are compared with the original CNN+AL method. In the dimensionality reduction phase, we
used AVG, which reduces the number of bands by calculating the average value of the bands. Alternatively, we used
PCA to remove all redundant or ineffective ranges. These last two methods are dimensionality reduction techniques
utilized to improve the accuracy results and increase the efficiency of the classifier. During all experiments, we used the
number of reduced bands as 10 for PCA and AVG methods. Additionally, in the edge-preserving filter phase, we
considered different edge-preserving filters, including Weighted Least Squares (WLS), JointWMF, Fast Global Smoothing
(FGS), Bilateral Filter (BF), and Static/Dynamic (SD). The study looks at several parameter configurations and scenarios
to gauge the quality and accuracy of the classification. Tables display the method's efficiency on a range of data sets.
This thorough study contributes to a deeper comprehension of the usefulness and adaptability of the suggested
visualization technique in the context of hyperspectral imaging. Third, the use of MRF has proven to be a successful
method to improve classification accuracy. Multiple rounds are conducted in the process, starting with the initial
training dataset (D) and a collection of unlabeled pixel data (U).

To ensure a clear ablation study, we carefully assign names to the experimental groups. For example, if CNN-AL is
used with PCA, in addition to using with MRF (w MRF) or without MRF (wo MRF) in addition to a specified bilateral
edge-preserving filter (BF), the name will be “PCA+BL+CNN-AL w/ MRF." Concatenating the abbreviations of the
methods in related combinations effectively highlights the experimental setting. To evaluate the proposed approach's
effectiveness, we conducted multiple tests on three benchmark datasets sourced from different regions globally. We
executed the method on a PC equipped with an NVIDIA GeForce RTX 3060 graphics card and 64 GB of memory, utilizing
the MATLAB environment with the MatConvNet package. Assessed the results for each method, including dimension
reduction and technique five filters. The following metrics are numerically compared in terms of:

e Overall Accuracy (OA): It measures the general classification performance in %.

e Average Accuracy (AA): It evaluates average of classwise accuracies in %.

e Computation Time (s): Computation time of each method in second.

Figure 2 depicts a detailed visual comparison of the five unique filtering approaches (WLS, JWMF Filter, FGS, BF, and
SD) on three distinct datasets. The figure shows five images, each corresponding to a different filter technique, allowing
for a thorough evaluation of their separate effects. There are noticeable variances in noise reduction, smoothing,
distortion, and feature enhancement. The distinct differences highlight the importance of filter selection and parameter
adjustment in determining the visual quality of hyperspectral images. All methods filter the band images and fuse the
spatial information for the related band image. Preserving the edges and smoothing the homogenous region reduces
the class variability and simply transforms the spectral signatures of any classes into more similar signatures. In general,
SD and BF smooth the images more than the other methods.

Note that hyperparameters about both active learning process and different edge preserving filters are shared in
Table 1 and Table 2, respectively. More information can be found from the related references (Yang et al., 2024; Kilik,
2021; Min et al., 2014; Kotwal & Chaudhuri, 2010; Ham et al., 2015).

Table 1. Hyperparameters about active learning during different experiments

Type Data Learning Rate Epochs Number Times Iteration Number of samples
Indian Pines 0.002 300 5 15
Pavia University 0.001 300 4 5
Salinas 0.002 300 5 15

Table 2. Hyperparameters about different EPF methods

Filter Type Parameter 1 & Its Value Parameter 2 & Its Value Parameter 3 & Its Value
WLS Smoothness term, 1 Degree Of. c‘o.ntrol over the -
affinities, 1.2
JointWMF Window radius, 10 Standard deviation of kernel, 50 Iteration, 1
FGS Standard deviation, 0.005 Lambda, 100 -
BF Window size, 5 Standard deviation, 3 -
SD Static guadiance, 100 Dynamic guadiance, 400 Step, 3

3.1 Indian Pines

Airborne Visible/Infrared Imaging Spectrometer (AVIRIS) sensor captured the Indian Pines dataset over the Indian Pines
test site in northwest Indiana. The dataset consists of a 145 by 145-pixel grid with 220 spectral reflectance bands ranging
from 0.4 to 2.5 micrometers.
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The environment of Indian Pines has a complex blend of natural perennial flora, cultivated areas, constructed structures,
transit infrastructure, and residential areas. Given the mismatch in sample numbers, 16 separate classes pose a unique
categorization difficulty. We randomly pick 2% of the samples from each class for training and the rest part of the data
is determined as test set. Note that these samples are only for the beginning stage of AL. For each iteration, actively
selected 15 samples are added to the training set as is seen from Table 3. Due to randomness, we repeated the
experiments for five rounds and the averages of the scores are shared during the experiments. The number of training
and test samples are shared in Table 3.

Dataset -1 : Indian Pines

Dataset -2: Pavia University

Dataset -3: Salinas

(a) WLS (b) IWMF (c) FGS d) Bilateral (e) SD

Figure 2. The images show the effect of the filter techniques on the Data Sets with Five filter techniques
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Table 3. Number of test and train samples (2%) in Indian Pines (IP) dataset

No Classes Train Test Total Samples
1 Alfalfa 1 45 46
2 Corn-notill 29 1399 1428
3 Corn-mintill 17 813 830
4 Corn 5 232 237
5 Grass-pasture 10 473 483
6 Grass-trees 15 715 730
7 Grass-pasture-mowed 1 27 28
8 Hay-windrowed 10 468 478
9 Oats 1 19 20
10 Soybean-notill 20 952 972
11 Soybean-mintill 50 2405 2455
12 Soybean-clean 12 581 593
13 Wheat 4 201 205
14 Woods 26 1239 1265
15 Buildings-Grass-Trees 8 378 386
16 Stone-Steel-Towers 2 91 93
Total 211 10038 10249

The initial training round has 300 epochs, and future rounds have the same length. The selection of 15 samples aids
each round for training. Our system is based on a comprehensive pipeline that includes dimensionality reduction
techniques as well as edge-preserving filter techniques. In Table 4, we shared the classification accuracy and
computation times of the methods using with and without MRF and different edge-preserving filters (WLS, JWMF, FGS,
BF, and SD). We also give the results of the original CNN+AL method in the first row. Note that this table does not include
any dimension reduction algorithm to measure the effect of edge-preserving filters. It is seen that applying edge-
preserving filters generally result in higher overall accuracy than the original version. However, WLS gives lower AA
values than the original one when MRF is active. FGS, BF, and SD filters achieved a higher than AA score of 95% both
with and without MRF versions. The highest accuracy was measured for SD+CNN+AL, with scores of OA 99.00% and AA
98.62%. Table 5 includes the AVG dimensionality reduction method, while Table 6 includes the PCA dimensionality
reduction method. Here, it is seen that using dimensionality reduction has a significant impact. AVG and PCA methods
use the five-filter technique, and the effect of this combination is noticeably clear on the classification results, which
are measured numerically by overall accuracy (OA), average accuracy (AA), and execution or computation time. Thus,
all the filters exceeded the original CNN+AL performance, and SD is the best technique that gives a high accuracy result
in these three tables, as AVG+CNN+AL and PCA+CNN+AL obtain OA scores of 99.03 and 99.02, respectively.

Table 4. Classification performances (%) and computation times of the methods without DR for IP

CNN+AL CNN+AL+ WLS Filter CNN";IL;:WMF CNN+AL + FGS Filter CNN"A:iI::"a'era' CNN+AL + SD Filter

Classes With V:::th With V::th With V::th With V::th With VZ:th With VZ:th

MRF vt MRE vt MRE vt MRE vt MRE vt MRE vt

Alfalfa 97.43 93.69 98.34 9237 97.55 90.55 97.67 97.16 97.65 81.34 97.67 85.41
Corn-notill 98.15 81.03 98.27 87.08 98.13 82.45 98.11 96.97 98.35 98.61 98.47 95.03
Corn-mintill 99.56 93.83 10000 7162 10000 67.70 10000 10000 | 10000  92.73 10000 9633
Corn 98.14 92.36 98.55 93.61 96.88 9337 96.88 10000 | 96.88 97.09 97.48 96.86
Grass-pasture 99.04 97.93 98.90 96.70 99.31 97.79 99.31 99.17 99.31 99.72 99.31 99.45
Grasstrees 10000 9805 | 10000  99.16 10000 97.89 96.88 10000 | 10000  97.22 10000  99.79
Grass-pasture-mowed 97.86 88.42 98.19 87.06 98.69 85.56 98.81 98.05 98.72 98.07 98.81 97.07
Hay-windrowed 97.61 94.52 99.38 92.09 99.58 92.12 99.53 97.61 99.57 96.30 99.58 95.36
Oats 96.47 92.06 98.65 90.88 99.14 85.88 98.80 96.58 98.81 96.08 98.80 95.38
Soybean-notill 99.52 99.52 | 10000  94.20 10000  96.17 10000 99.51 10000 99.52 10000 99.02
Soybean-mintill 99.60 99.44 99.84 99.04 | 10000  99.04 | 10000 _ 99.60 10000 99.68 10000 99.60
Soybean-clean 98.65 7945 | 10000  70.03 10000 74.05 10000 99.16 10000 96.91 10000  97.73
Wheat 81.72 80.65 85.87 98.91 87.64 93.55 91.11 82.22 90.00 88.89 89.89 91.01
Woods 96.00 67.31 98.08 73.08 98.00 73.08 97.96 93.88 97.96 89.80 97.78 88.89
Buildings-Grass-Trees 76.00 92.00 73.08 0.00 100.00 0.00 10000 78.26 10000 3600 | 10000  64.00
Stone-Steel-Towers 89.47 91.99 60.00 20.00 10000 36.84 | 10000  100.00 | 10000  100.00 | 100.00  89.47
Overall Accuracy (OA) 95.33 92.70 98.78 91.17 98.92 90.19 98.94 97.93 98.95 95.11 99.00 95.26
Average Accuracy (AA) |  95.00 90.15 94.20 89.11 98.43 89.13 98.64 96.02 98.58 91.75 98.61 93.15
Computation Time (s) | 25254  166.64 | 19622  194.63 | 19537  189.10 | 19278  189.27 | 202.66  200.03 | 21095  202.98
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Table 5. Classification performances (%) and computation times of the methods with averaging for IP

CNN+AL + AVG CNN+AL + AVG+WLS CNN+AL + CNN+AL + AVG+FGS CNN+AL + AVG+ CNN+AL + AVG+SD
Filter AVG+JWMF Filter Filter Bilateral Filter Filter

Classes With ";’l':th With "::th With | Without | With "Z::th With V;’::th With V;’l':th

MRF MRE MRF MRE MRF MRF MRF MRE MRF MRE MRF MRE

Alfalfa 97.64 97.42 97.64 96.35 97.20 92.33 97.71 97.57 97.62 85.58 97.42 87.08
Corn-notill 98.64 97.40 98.64 97.27 93.18 92.44 98.64 97.29 98.64 98.27 98.64 94.20
Corn-mintill 100.00 100.00 100.00 99.56 100.00 97.3 100.00 100.00 100.00 93.01 100.00 95.61
Corn 98.97 98.14 98.76 98.35 91.30 98.14 99.18 98.14 98.96 97.72 98.76 96.4
Grass-pasture 99.32 99.04 99.31 99.31 99.72 99.31 99.45 99.03 99.4 99.72 99.31 99.45
Grasstrees 100.00 100.00 100.00 100.00 100.00 99.79 100.00 100.00 100.00 97.06 100.00 99.79
Grass-pasture-mowed 98.41 97.99 98.40 98.61 98.72 97.86 98.49 97.96 98.61 98.40 98.40 97.65
Hay-windrowed 99.25 98.13 99.58 98.87 99.62 94.69 99.25 97.74 99.54 94.64 99.75 93.38
Oats 98.83 96.33 99.15 96.11 98.31 95.28 98.82 96.64 98.65 95.79 98.89 95.44
Soybean-notill 100.00 99.03 100.00 99.03 100.00 99.52 100.00 99.03 100.00 99.52 100.00 99.04
Soybean-mintill 100.00 99.68 100.00 99.60 100.00 99.68 100.00 99.60 100.00 99.44 100.00 99.12
Soybean-clean 100.00 98.65 100.00 97.55 100.00 99.46 100.00 98.65 100.00 97.30 100.00 98.64
Wheat 88.17 81.74 89.01 83.52 89.25 73.12 88.17 81.72 88.17 87.10 89.01 86.81
Woods 98.11 98.11 98.08 98.08 96.00 90.00 98.04 96.08 98.00 86.00 98.04 90.20
Buildings-Grasstrees 75.00 83.33 73.08 76.92 100.00 66.67 72.00 76.00 73.08 38.46 100.00 61.54
Stone-Steel-Towers 100.00 95.00 100.00 100.00 100.00 100.00 100.00 90.00 100.00 100.00 100.00 90.00
Overall Accuracy (OA) 98.09 96.25 98.98 98.13 98.20 95.93 98.92 97.97 98.97 95.25 99.03 94.90
Average Accuracy (AA) 96.25 94.21 96.98 96.20 97.71 93.48 96.86 95.34 96.92 91.75 98.64 92.78
Computation Time (s) 165.46 161.04 179.53 114.52 188.95 152.53 204.74 189.99 205.78 190.46 202.78 190.47

Table 6. Classification performances (%) and computation times of the methods with PCA for IP

CNN+AL + PCA CNN+AL:|- CNN+AL + PCA+JWMF CNN+AL'+ PCA+FGS Cl‘{N+AL + I.’CA+ CNN+AL' + PCA+SD
PCA+WLS Filter Filter Filter Bilateral Filter Filter

Classes With ‘ﬁ'::‘ With V;’::‘ With Without |  With W'tth°“ With V:)’:th With V:)’:th

MRF MRE MRF MRE MRF MRF MRF MRE MRF MRE MRF MRE

Alfalfa 97.43 93.36 97.64 96.49 97.64 92.05 97.63 97.35 97.63 85.40 97.63 89.81
Corn-notill 98.15 83.50 98.15 98.03 98.27 91.46 98.15 97.65 98.15 98.02 98.15 94.31
Corn-mintill 99.56 77.33 100.00 99.13 100.00 97.39 100.00 100.00 100.00 93.39 100.00 96.51
Corn 98.14 93.35 96.89 98.34 96.90 98.35 96.90 98.14 96.90 97.52 97.70 97.08
Grass-pasture 99.04 96.28 99.31 99.45 99.31 99.31 99.31 99.17 99.31 99.7 99.31 99.45
Grasstrees 100.00 98.95 100.00 100.00 100.00 99.58 100.00 100.00 100.00 97.27 100.00 100.00
Grass-pasture-mowed 97.86 84.53 98.71 98.29 98.72 97.87 98.71 97.96 98.72 98.40 98.72 97.54
Hay-windrowed 97.61 91.41 99.54 98.58 99.54 94.93 99.54 97.49 99.58 94.78 99.54 92.47
Oats 96.47 89.04 98.82 95.78 98.82 94.94 98.82 96.63 98.82 95.79 98.82 94.60
Soybean-notill 99.52 94.23 100.00 99.04 100.00 994.94 100.00 100.00 100.00 99.52 100.00 99.04
Soybean-mintill 99.60 98.81 100.00 99.52 100.0 99.52% 100.00 99.68 100.00 99.44 100.00 98.96
Soybean-clean 98.65 74.86 100.00 97.83 100.00 98.65% 100.00 98.64 100.00 97.57 100.00 98.92
Wheat 81.72 96.74 89.13 83.70 88.17 73.12 88.17 81.72 88.17 88.17 90.04 85.87
Woods 96.00 74.51 98.00 98.00 98.04 96.08 98.04 98.04 98.00 86.00 97.96 87.76
Buildings-Grass-Trees 76.00 0.00 100.00 76.00 100.00 69.23 100.00 76.92 100.00 38.46 100.00 73.08
Stone-Steel-Towers 89.47 26.32 100.00 95.00 100.00 100.00 100.00 95.00 100.00 100.00 100.00 90.00
Overall Accuracy (OA) 97.97 90.72 98.92 98.08 98.92 95.82 98.91 95.90 98.92 93.29 99.02 95.07
Average Accuracy (AA) 95.33 88.91 98.51 95.82 98.46 93.84 98.46 94.83 98.46 91.84 98.62 93.46
Computation Time (s) 151.76 144.40 179.46 177.59 193.35 192.70 190.77 189.96 199.90 198.57 203.90 200.02

Note that, among all the results, the accuracy percentages show how well different techniques can classify several types
of land cover. For example, some categories, such as "grass trees" and “soybeans,” achieved close to 100% accuracy,
while others, such as "wheat" and “buildings, grass, and trees,” were less accurate, which showed a variance in data
classification performance. But in general, we conclude that the best result and the shortest time were obtained using
the technique (CNN + AL + AVG + SD w/ MRF), where (OA =99.03, AA = 98.64). In general, using dimensionality reduction
methods not only increases performance but also decreases computation time.

3.2 Pavia University

A popular hyperspectral remote sensing dataset for image analysis and classification applications is the University of
Pavia dataset. The Imaging Spectrometer with Reflective Optics System, an aerial hyperspectral sensor, gathers the
dataset over the Pavia campus of the University of Pavia. As Table 6 illustrates, the Pavia dataset has nine distinct
classifications. Its dimensions are 610 pixels wide by 340 pixels high, with 103 spectral bands. Consequently, it is a 3D
data cube. These data provide a number of difficulties arising from the high dimensionality of hyperspectral data.
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As shown in Table 7, select 1% of the samples from each class. The training runs consist of 300 epochs repeated five
times, and we effectively select five samples as configured for the training set.

Table 7. Number of test and train samples (1%) in Pavia University (PU) dataset

No Classes Train Test Total Samples
1 Asphalt 67 6564 6631
2 Meadows 187 18462 18649
3 Gravel 21 2078 2099
4 Trees 31 3033 3064
5 Painted metal sheets 14 1331 1345
6 Bare Soil 51 4987 5029
7 Bitumen 14 1316 1330
8 Self-Blocking Bricks 37 3645 3682
9 Shadows 10 947 947

Total 432 42344 42776

Table 8, Table 9, and Table 10 show the experimental results of the five filtering techniques, with the same order of
Indian Pines results. When the dimensionality reduction method is not used in the framework, applying an edge-
preserving filter generally increases overall accuracy, and average accuracy scores for MRF preprocessing are active.
Using MRF as a postprocess always provides better accuracy because it adapts spatial relationships. Note the accuracy
results through the OA and AA values of SD filter for all three tables, where the results appeared as follows: OA scores
of 94.99, 98.00, and 97.00 and AA scores of 92.25, 92.54, and 91.38 in Table 8, Table 9, and Table 10, respectively.
Despite these outcomes, certain classes—such as Self-Blocking bricks—give lower individual results than the remaining
classes for the Pavia University data.

According to the results, CNN+AL+AVG+SD Filter w/ MRF technique produced the highest accuracies in terms of
classification accuracy, with an OA value of 98.00 and an AA value of 92.54, which is significantly higher than the original
CNN+AL method. On the other hand, SD filter has the highest computational complexity at all. In general, we can see
that each edge-preserving filtering strategy can assist increase efficiency and achieve great classification, even with the
difficulties brought on by the large dimensionality of the hyperspectral data in the Pavia University dataset.

CNN+AL obtains accuracy of “self-blocking bricks” class as 39.56 and 40.24 by applying with and without MRF,
respectively. Here, in some DR and EPF combinations such as CNN+AL+AVG+WLS, the relevant classwise accuracy
reached to more than 90%. This case is generally seen when AVG and any EPF method is combined. Additionally, AVG
achieves the best results compared to PCA and standard results.

Table 8. Classification performances (%) and computation times of the methods without DR for PU

CNN+AL CNN+AL+ WLS CNN+ALHIWMF | o\ ar +FGs Filter | CNNFAL*Bilateral || oy a1 + 5D Filter
Filter Filter Filter
Classes With V:l':th With V;':th With V;'::’ With | Without | With ‘ﬁ'::’ With ‘ﬁ'::’
MRF R MRF R MRF R MRF MRF MRF R MRF R
Asphalt 99.26 9663 | 9932 9178 | 9936 8022 | 99.36 94.61 9939 6701 | 9992 5237
Meadows 9470 9128 | 9503  99.83 | 9517 9807 | 94.73 94.71 9495 9814 | 9512 9851
Gravel 99.76 9852 | 99.96 8608 | 9976  99.67 | 99.78 96.64 99.78 9971 | 9976  99.87
Trees 9722 9801 | 9890 8595 | 99.04  89.95 | 97.92 97.29 9722 8431 | 9801  73.94
Painted metal sheets | 99.93  99.93 | 99.98  99.03 | 99.93 9985 | 99.93 98.21 99.94  99.93 | 10000  99.33
Bare Soil 1000 9695 | 10000 8158 | 10000 9492 | 10000  91.96 10000 9670 | 10000  96.16
Bitumen 9752 9646 | 9803 9473 | 9763  96.84 | 97.59 96.73 9813 9670 | 98.03  74.72
Self-Blocking Bricks 3956 4024 | 4220  37.88 | 4407 4015 | 42.66 40.13 41.99 2611 | 40.62 23.98
Shadows 98.84 9926 | 9924 9831 | 9924 9767 | 98385 97.36 9893 9673 | 9883 6520
Overall Accuracy (OA) | 92.06  90.81 | 9329  90.00 | 9402 8926 | 9422 90.13 9410 8624 | 9499 8330
Average Accuracy (AA) | 91.86  89.83 | 9252 8835 | 9269 8859 | 9231 89.74 9226 8504 | 9225  76.01
Computation Time (s) | 398.3  371.09 | 420.03  410.22 | 498.46 43625 | 419.33  400.91 5817  522.80 | 573.13  514.97
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Table 9. Classification performances (%) and computation times of the methods with averaging for PU

CNN+AL + AVG CNN+AL + CNN+AL + CNN+AL + AVG+FGS CNN+AL + AVG+ CNN+AL +
AVG+WLS Filter AVG+JWMF Filter Filter Bilateral Filter AVG+SD Filter
Classes With "Z:th With | Without | With | Without | With | Without | With W"th°” With W"th°”
MRF MRE MRF MRF MRF MRF MRF MRF MRF MRE MRF MRE
Asphalt 98.73 86.65 98.98 81.27 98.97 83.02 99.30 87.41 98.73 86.03 99.27 94.69
Meadows 99.07 95.31 99.59 98.42 100.00 98.39 99.99 98.33 99.08 97.86 99.98 98.54
Gravel 72.32 68.31 75.21 90.27 80.87 82.64 81.12 85.54 79.24 81.06 80.02 72.84
Trees 93.24 68.93 94.12 89.06 95.02 89.78 94.73 89.19 95.22 91.31 94.60 93.45
Painted metal sheets 99.85 98.88 100.00 97.83 99.99 97.46 100.00 96.79 100.00 98.29 99.99 99.78
Bare Soil 99.12 78.57 99.98 91.94 99.98 92.56 99.12 94.71 99.99 96.71 100.0 87.83
Bitumen 94.80 53.54 95.07 58.14 97.21 83.79 95.99 78.58 95.15 84.05 95.90 58.30
Self-Blocking Bricks 92.00 66.65 93.08 48.11 94.52 70.84 93.21 70.75 93.89 81.07 93.03 88.57
Shadows 62.16 65.22 63.02 97.57 64.96 96.61 66.99 98.31 70.01 97.78 70.10 97.67
Overall Accuracy (OA) 95.76 84.47 96.86 88.31 97.13 91.03 97.99 91.89 97.10 92.73 98.00 92.97
Average Accuracy (AA) 90.14 75.78 91.01 83.63 92.39 88.34 92.27 88.85 92.37 90.46 92.54 87.96
Computation Time (s) 356.7 332.8 411.23 395.26 410.81 411.01 402.28 395.92 458.83 458.83 536.6 509.26

Table 10. Classification performances (%) and computation times of the methods with PCA for PU

CNN#AL + PCA CNN+AL + CNN+AL + CNN+AL + CNN+AL + PCA+ CNN+AL +
PCA+WLS Filter PCA+JWMF Filter PCA+FGS Filter Bilateral Filter PCA+SD Filter

Classes With ":)’:th With "::th With | Without | With | Without | With | Without | With ";’::‘

MRF MRE MRF MRE MRF MRF MRF MRF MRF MRF MRF MREF

Asphalt 99.26 85.35 96.32 79.50 97.24 81.27 98.73 84.01 98.73 80.31 98.26 80.32

Meadows 97.58 96.51 99.46 98.90 99.39 98.42 99.07 97.93 99.07 98.27 99.62 99.31

Gravel 99.62 33.35 53.46 48.44 72.71 90.27 72.38 84.98 72.33 71.98 80.88 73.61

Trees 97.88 91.30 88.99 91.35 89.66 89.06 93.24 91.18 93.24 85.78 94.78 87.54

Painted metal sheets 99.78 95.09 100.0 99.85 100.00 97.83 99.85 99.03 99.85 98.30 99.32 97.94

Bare Soil 96.32 87.57 93.57 71.98 95.30 91.94 99.12 94.29 99.12 88.09 99.69 88.41

Bitumen 96.68 76.02 89.15 47.35 92.81 58.14 94.80 63.36 94.80 60.39 94.81 69.44

Self-Blocking Bricks 43.88 78.63 93.95 66.03 78.52 48.11 92.08 60.79 91.99 82.99 92.06 82.59

Shadows 97.99 40.49 98.84 99.26 98.62 97.57 62.22 97.57 62.16 98.96 62.99 98.62

Overall Accuracy (OA) 93.24 86.80 94.48 85.42 95.57 88.31 95.77 89.98 95.76 90.10 97.00 90.69

Average Accuracy (AA) 92.10 76.03 90.41 78.07 91.58 83.63 90.17 85.90 90.14 85.01 91.38 86.42

Computation Time (s) 350.73 319.99 429.9 410.2 403.25 382.24 375.74 331.96 487.17 441.96. 355.72 340.0

3.3 Salinas

224-band AVIRIS sensor was used to obtain this high-spatial-resolution (3.7-meter) picture over the Californian Salinas
Valley. The covered region consists of 512 lines, with 217 samples distributed among them. In a similar manner to Indian
Pines, the twenty water-absorbing bands were discarded. For this image, only at-sensor radiance measurements were
available. Vegetable fields, wine farms, and arid soils are all part of it. The training and testing experiments are
performed on Salinas data similar to that in Indian data, with the same scenario in the last data mention set where 2%
of samples are selected from each class and with the same training rounds and size, so they are identical to those in
Indian data in mechanism. Table 11 exhibits the total volume of training and test samples for every class. The Salinas
dataset is distinct from others in its rich spectral information and large dimensions.

The results of the Salinas dataset are shared in Tables 12, 13, and 14 in the same order as the previous experiments.
Similar to the previous experiment outputs, using edge-preserving filters increases the effectiveness of the active
learning method. When both DRs are coupled with edge-preserving filters, the methods obtain at least an OA score of
98%, which is at least 3% higher than the original CNN+AL. The best result found in Table 10 is CNN + AL + SD w/MRF
with an OA score of 97.16 and an AA score of 97.16. The best results found in AVG and PCA are obtained in CNN+AL +
FGS w/MRF with OA scores of 98.06 and 99.33, respectively. It is evident that the best dimensionality reduction
technique can vary depending on the dataset. Therefore, classification increases its efficiency in several ways and
techniques, including filtering techniques that remove noise or texture from the data while preserving sharp edges, thus
improving performance.
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Table 11. Number of test and train samples (2%) in Salinas (SA) dataset

No Classes Train Test Total Samples
1 Brocoli green weeds 1 41 1968 2009
2 Brocoli green weeds 2 38 3688 3726
3 Fallow 40 1936 1976
4 Fallow rough plow 28 1366 1394
5 Fallow smooth 54 2624 2678
6 Stubble 80 3879 3959
7 Celery 72 3507 3579
8 Grapes untrained 226 11045 11271
9 Soil vinyard develop 125 6078 6203
10 Corn senesced green weeds 66 3212 3278
11 Lettuce romaine 4wk 22 1046 1068
12 Lettuce romaine 5wk 39 188 1927
13 Lettuce romaine 6wk 19 897 916
14 Lettuce romaine 7wk 22 1048 1070
15 Vinyard untrained 146 7122 7268
16 Vinyard vertical trellis 37 1770 1807
Total 1055 53074 54129

In contrast, applying edge preservation filters to HSI with many spectral bands is computationally intensive, especially
in scenarios where maintaining fine details is critical. This processing requires algorithms for each band or layer of the
spectrum. This data is often processed individually, resulting in a significant increase in processing time compared to
alternative methods. For example, in the Indian data set, CNN+AL + AVG took 165.46 seconds while CNN+AL + AVG +
WLS took 179.53 seconds. So, the balance between computational complexity and the need to maintain an accurate
edge remains a challenge in processing spatial spectrum images.

In Salinas dataset, selection of different EPF types does not generally affect on the accuracies compared to Indian
Pines and Pavia University datasets. For example, when AVG is used as DR method with MRF, all EPF methods perform
nearly 98% score of OAs and AAs which are at least 2% higher than CNN+AL method. However, in without MRF versions,
WLS gets the lowest accuracies among these five EPF methods. This shows that MRF is a promising technique and
needed to be applied as a post processing step.

Table 12. Classification performances (%) and computation times of the methods without DR for SA

CNN+AL CNN+AL+ WLS CNN+AL+ JWMF CNN+AL + FGS CNN+AL + Bilateral CNN+AL + SD
Filter Filter Filter Filter Filter

Classes With V;’ifth With V“”:th With ‘2’::‘ With V;':th With ‘ﬁ’::‘ With Witth°“
MRF MRF MRF MRF MRF MRE MRF MRE MRF MRF MRF MRF

Brocoli green weeds1 | 99.33 98.82 100.0 98.48 100.0 100.0 100.0 99.95 100.00 98.83 100.0 100.00
Brocoli green weeds 2 | 99,50 99.75 100.0 99.81 100.0 99.89 100.0 99.89 100.00 99.53 100.0 99.78
Fallow 87.19 86.45 89.09 87.13 86.42 86.50 89.24 93.39 89.82 88.94 90.11 91.78

Fallow rough plow 93.48 93.26 93.48 93.78 94.24 96.19 94.10 94.65 94.21 92.83 94.42 75.39
Fallow smooth 99.37 99.14 99.96 99.81 99.96 99.85 99.96 99.43 99.96 99.69 99.96 99.81
Stubble 98.39 97.99 100.0 99.92 100.0 99.92 100.0 99.95 100.00 99.92 100.0 99.87

Celery 98.21 97.27 99.37 98.20 99.32 98.54 99.37 98.06 99.37 97.38 99.37 98.46

Grapes untrained 91.77 83.75 92.13 82.56 94.04 76.04 91.45 75.98 92.05 76.42 91.97 73.90
Soil vinyard develop 98.19 99.67 99.79 98.92 99.79 99.77 99.79 99.75 99.79 99.77 99.77 99.77
Corn se;?::: Breen | 9647 9520 | 9669 9501 | 96.66 9411 | 96.67  95.08 97.12 9427 | 97.23 94.60
Lettuce romaine 4wk 98.22 96.92 100.0 98.18 100.0 98.09 100.0 98.18 100.00 97.80 100.0 96.65
Lettuce romaine 5wk 99.25 98.09 99.95 98.25 100.0 98.09 99.95 97.99 99.95 97.82 100.0 97.67
Lettuce romaine 6wk 97.61 97.77 97.97 97.77 97.66 97.77 98.37 97.66 98.37 98.33 97.66 98.11
Lettuce romaine 7wk 96.66 96.61 98.38 95.04 98.38 97.33 98.37 97.23 98.37 98.38 98.38 96.47
Vinyard untrained 84.29 77.29 87.86 80.38 85.20 91.84 88.18 88.33 88.18 93.33 87.02 93.05
Vinyard vertical trellis | 98.02 96.32 98.59 95.81 98.59 96.15 98.47 96.21 98.53 98.02 98.47 96.78
Overall Accuracy (0A) 95.56 92.58 97.04 93.59 96.50 93.11 97.02 93.24 97.02 94.01 97.16 92.86
Average Accuracy (AA) 96.00 94.65 97.08 94.94 96.89 95.63 97.12 95.73 97.23 95.70 97.16 94.51

Computation Time (s) 869.0  869.07 | 1001.1  987.57 1000 971.1 959.2 935.23 1045.70  1000.11 | 1089.6  1023.56
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Table 13. Classification performances (%) and computation times of the methods with averaging for SA

CNN+AL +
+AL + +AL + +AL + +AL +
CNN+AL + AVG AV((;T\’I\‘VL:I;iIter AVGS—TVTID:: Filter Avgizlegl;ilter AVG::tizteral A\fggDA:ilter
Classes
With Vg::‘ With VZ::' With Without With VZ:::' With VZ::‘ With VZ::‘
MRF MRF MRF MRE MRF MRF MRF MRE MRF MRE MRF MRE
Brocoligreenweeds1 | 100.00  100.00 100.0 98.20 | 100.00 97.76 100.00 99.75 | 100.0  99.95 | 100.0 99.75
Brocoli green weeds 2 99.88 99.72 100.0 99.97 | 100.00 99.41 100.00 99.92 | 1000 9952 | 100.0 96.23
Fallow 100.00 99.95 99.54 99.90 99.64 100.00 99.56 99.80 | 99.54 1000 | 99.54 100.00
Fallow rough plow 99.86 98.99 99.64 83.61 99.55 93.52 99.64 99.86 | 99.64  99.07 | 99.64 97.26
Fallow smooth 98.66 97.46 98.65 100.0 98.55 99.96 98.65 9925 | 9865  98.99 | 98.65 99.59
Stubble 99.95 98.99 99.99 98.65 99.30 98.66 99.21 98.66 | 99.19 9853 | 99.19 98.45
Celery 98.68 98.15 99.78 92.61 99.78 98.26 99.98 9956 | 99.78  98.91 | 99.78 96.64
Grapes untrained 94.95 88.12 96.82 68.11 95.93 84.88 96.84 91.48 | 9633 8501 | 95.81 37.17
Soil vinyard develop 99.80 99.45 99.79 99.79 99.79 99.68 99.80 99.79 99.79 99.79 99.79 99.79
Corn se::zcdesd green 89.63 83.11 9850 8511 | 98.53 95.41 98.72 9536 | 9850  93.82 | 9853  94.00
Lettuce romaine 4wk 94.26 89.44 98.11 2.17 98.72 90.57 98.13 9473 | 9811 9539 | 98.11 65.82
Lettuce romaine 5wk 95.86 90.92 97.81 97.65 97.71 96.78 97.71 9724 | 9776 9444 | 97.71 94.99
Lettuce romaine 6wk 96.68 93.47 96.61 98.14 96.61 97.59 96.60 96.38 | 9720 9759 | 96.60 97.26
Lettuce romaine 7wk 97.28 95.50 97.38 97.85 97.38 90.63 97.47 97.66 | 9738 9625 | 97.38 92.96
Vinyard untrained 89.92 78.00 87.48 96.46 88.39 97.90 88.36 8451 | 88.40  93.03 | 89.32 97.10
Vinyard vertical trellis 99.06 97.39 98.23 98.28 98.28 94.23 98.23 93.95 98.23 95.34 98.22 95.11
Overall Accuracy (OA) 97.06 94.28 98.01 88.34 98.01 95.82 98.05 96.53 | 98.01 9539 | 98.00 91.21
Average Accuracy (AA) 97.15 94.29 98.02 88.53 98.01 95.95 98.06 96.74 | 98.03  96.60 | 98.02 91.38
Computation Time (s) 859.63  853.10 885.6 870.0 | 934.59 984.26 842.73 803.2 | 8485  827.2 | 840.1  823.95
Table 14. Classification performances (%) and computation times of the methods with PCA for SA
CNN+AL + PCA CNN+AL + CNN+AL + CNN+AL + PCA+FGS | CNN+AL + PCA+ CNN+AL +
PCA+WLS Filter PCA+JWMF Filter Filter Bilateral Filter PCA+SD Filter
Classes With ":::‘ With W::th° With | Without | With "Z:t" With ";’::th With V;’l'f:‘
MRF MRF MRF MRF MRF MRF MRF MRF MRF MRF MRF MRF
Brocoli green weeds 1 100.00 99.65 1000  100.00 | 100.00 99.25 100.00 100.0 100.0 100.0 100.0 100.0
Brocoli green weeds 2 98.81 99.87 1000  99.97 100.00 99.46 100.00 100.0 100.0 99.89 100.0 99.78
Fallow 99.23 100.00 | 100.0  100.00 | 100.00 100.00 100.00 99.95 100.0 100.0 100.0 100.0
Fallow rough plow 98.16 98.16 99.35 80.61 99.42 92.41 99.35 99.35 99.35 99.06 99.35 96.39
Fallow smooth 98.25 98.34 99.17  100.00 99.32 97.30 99.40 99.47 99.36 99.25 99.32 99.29
Stubble 98.24 98.13 1000  100.00 | 100.00 99.21 100.00 100.0 100.0 99.97 100.0 99.87
Celery 98.97 98.51 99.97  99.78 99.97 99.44 100.00 99.75 100.0 100.0 99.97 99.83
Grapes untrained 98.78 96.98 98.77 8431 99.99 92.41 99.52 94.79 99.78 93.19 99.88 89.72
Soil vinyard develop 99.32 98.84 99.79 99.79 99.79 99.79 99.81 99.77 99.79 99.77 99.81 99.77
Corn se;:zzesd green 99.71 98.44 | 9979  99.88 99.66 99.26 99.69 99.17 | 9966 9914 | 99.69  99.23
Lettuce romaine 4wk 100.00 99.71 100.0 7.99 100.00 89.55 100.00 99.62 100.0 99.81 100.0 95.36
Lettuce romaine 5wk 98.12 98.59 99.95 99.63 99.53 97.70 99.63 99.84 99.53 99.48 99.58 99.37
Lettuce romaine 6wk 98.70 96.60 1000  99.12 99.89 99.23 100.00 99.01 100.0 99.67 100.0 99.23
Lettuce romaine 7wk 98.81 95.21 99.91 98.87 100.00 96.05 99.91 96.32 99.91 98.59 99.91 99.15
Vinyard untrained 84.02 68.51 97.91 99.65 83.00 96.90 93.75 93.52 89.36 95.03 86.65 97.23
Vinyard vertical trellis 98.10 97.66 98.89 99.50 98.89 99.56 98.89 97.89 98.89 99.05 98.94 98.55
Overall Accuracy (OA) 97.47 96.41 99.33  94.27 98.09 97.05 98.92 97.74 98.32 97.68 98.04  97.06
Average Accuracy (AA) 97.95 96.45 9959  91.82 98.72 97.34 99.37 98.65 99.10 98.87 98.94 98.30
Computation Time (s) 854.07 849.23 968.0  952.00 | 882.62 825.99 864.70 821.3 817.2 799.8 933.6 903.4

In summary, the experiments show the effectiveness of pre-processing techniques when applied to the data set,
achieving superior performance in classifying hyperspectral images, and one of the best techniques that contributed
effectively was the static/dynamic filter technique, which had the highest score in most of the data results.
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4. Conclusion

Hyperspectral image classification performance is essential, for applications such as agriculture, geological research,
and environmental monitoring, improving. In the past ten years, active learning frameworks have gained a lot of
popularity as a way to overcome the difficulties associated with limited labeled samples. CNN+AL has proven to be
effective in this particular field among these methods. However, CNN+AL does not preprocess the HSI spectral
signatures. In our paper, we proposed using preprocessing techniques, such as different dimensionality reduction
techniques and edge-preserving filters, to improve the CNN+AL method. Dimensionality reduction methods help
prevent dimensionality and remove redundant and unnecessary information from the data. In this context,
dimensionality reduction aids in preventing data duplication, extracting useful features, and reducing resources and
training time. While edge-preserving filters aim to reduce noise and smooth the image while preserving the clarity of
HSI class boundaries and their information, they also support high classification performances.

We performed different combinations of DR and EPF methods on the three reference datasets used in the
methodology: Indian Pines, University of Pavia, and Salinas. Each of these datasets represents a different scenario and
set of distinct characteristics. The framework uses five distinct edge-preserving filters while employing PCA and AVG as
dimensionality reduction techniques. The proposed method proved that the pre-processing step in active learning is
significant and that it outperforms the CNN+AL method in terms of overall and average accuracy. The highest percentage
was in Indian Pines and Pavia University when AVG technology was combined with SD Filter, where it gave a result of
(99.03%, 98.00%), respectively, while Salinas had the highest result when PCA was combined with WLS, where the result
was (99.33%). Although dimensionality reduction methods contribute to reducing the amount of time required to train
a CNN, filtering algorithms contribute to increasing the total amount of time required for the CNN+AL framework
through their use of computational time.
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Ozet

Bu ¢alismada, Google Earth Engine (GEE) platformunda MODIS MCD64A1 ve European
Space Agency (ESA) Fire_cci v. 5.1 (FireCCI51) kiiresel yanmis alan gdzlem verileri
kullanilarak Tiirkiye'de 2015-2020 yillari arasinda meydana gelen yanmis alanlarin
konumsal ve zamansal dagihmlari belirlenmistir. Elde edilen sonuglar, Avrupa Orman
Yanginlari Bilgi Sistemi (EFFIS) verileriyle karsilastirilarak yanmis alanlarin dogrulugu ve
kapsami degerlendirilmistir. Calisma kapsaminda incelenen dénem boyunca, FireCCI51'in
MCD64A1'e gére daha yiiksek konumsal ¢éziiniirliige sahip olmasi ve kiigiik yanmis
alanlari daha hassas bir sekilde belirleme kapasitesine sahip olmasi daha fazla yanmis alan
miktarlari hesaplamasini saglamistir. Ayrica, yanmis alanlardaki arazi értisi tiirlerinin
belirlenmesinde MODIS MCD12Q1 arazi értiisii siniflandirma (riini kullaniimistir. 2015-
2020 yillani arasinda Tiirkiye'de meydana gelen yanginlar sonucunda yanmis bélgeler
icerisinde, her iki veri setine gére de, arazi 6rtiisii tiirlerinde ekili alanlar en yiiksek yanma
oranina sahiptir. MODIS MICD64A1 verileri, ekili alanlardaki yanmis alan oranini % 88,93
ile % 91,80 arasinda, FireCCI51 ise % 78,23 ile % 89,53 arasinda belirlemistir. Ulkemizde
yanmis alanlarin konumsal dagihmi, ézellikle Akdeniz, Ege ve Gilineydogu Anadolu
bélgelerinde yogunlasmustir.

Anahtar kelimeler: Arazi 6rtiisii, EFFIS, GEE, Kiiresel yanmis alan veriseti, Yanmis alan
haritalama

Abstract

In this study, the spatial and temporal distributions of burned areas in Turkey between
2015 and 2020 were identified using MODIS MCD64A1 and European Space Agency (ESA)
FireCCI51 global burned area observation data on the Google Earth Engine platform. The
results obtained were compared with EFFIS data to evaluate the accuracy and
comprehensiveness of burned areas. During the period examined in the study, FireCCI51's
higher spatial resolution compared to MCD64A1 and its ability to determine small burned
areas more precisely enabled it to calculate higher burned area amounts. Additionally,
MODIS MCD12Q1 land cover classification product was used to determine land cover types
in burned areas. Among the areas burned by fires in Turkey between 2015 and 2020,
cultivated areas have the highest burn rate in land cover types according to both datasets.
MODIS MCD64A1 data determined the burned area rate in cropland between 88.93% and
91.80%, and FireCCI51 determined the burned area rate between 78.23% and 89.53%. The
spatial distribution of burnt areas in our country is concentrated especially in the
Mediterranean, Aegean and Southeastern Anatolia regions.

Keywords: Land cover, EFFIS, GEE, Global Burned area dataset, Burned area mapping
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1. Girig

Orman yanginlari, her yil kiresel 6lgekte yaklasik olarak Avrupa'nin biylikligine esit bir alani etkilemekte ve dinya
¢apinda onemli gevresel problemlere neden olmaktadir (Giglio vd., 2018). Yanginlar, bir¢cok ekosistemde dogal bir
bozulma sonucu meydana gelmesine ragmen 06zellikle belirli bolgelerde insan yagami icin 6ngorilemeyen tehditler
olusturmaktadir. Ayni zamanda, diinya ¢apinda devasa orman yanginlarinin neden oldugu binlerce hektarlik yanmig alan
dogal ekosistemlerin bozulmasi ve tahribati noktasinda ciddi problemler yaratmaktadir (Yildiz vd., 2023). Bitki 6rttstnin
ortadan kalkmasi ve bitki 6rtiisi yapisinin degismesi, yanma olaylarindan sonra ekosistemler igin zararli etkilere neden
olmaktadir (Tonbul vd., 2022). Orman yanginlari sonucu atmosfere biyik miktarlarda karbondioksit salindigi ve iklim
degisikligini tetikleyen sera etkisi gazlarinin arttigi tahmin edilmektedir (Amos vd., 2019). Buna ek olarak, iklim
degiskenligi orman yangini davranisini tetiklemekte ve bircok bolgede yaz aylarinda uzun sireli kurakliklara neden
olmaktadir (Liu vd., 2010). Kuraklik donemleri ve sicak hava dalgalari gibi hava kosullarina bagh tehlikeleri etkileyen
ongorilemeyen iklim degisiklikleri nedeniyle, orman yanginlarinin meydana gelmesi ihtimalinin 6niimizdeki yillarda da
artis gosterecegi tahmin edilmektedir (Katagis & Gitas, 2022).

Yanan orman alanlari hakkinda dogru ve glvenilir bilgiye sahip olmak, yangin olayinin tiim yoénleriyle anlasilmasinda
ve etkili afet yénetimi planlamasinda sirdirilebilir ve etkili bir orman yangin yonetimi icin oldukca énemlidir (Tonbul
vd., 2019; Kavzoglu vd., 2021). Yangin yénetiminin tutarli ve saglam bir sekilde karakterize edilmesi, yanginlara karsi
bitki 6rtusiniin direncini artirmaya, yakit yonetimini iyilestirmeye, ekosistemleri korumaya, yangin emisyonlarini
dlcmeye ve yanan alandaki kiiresel egilimleri degerlendirmeye yardimci olmaktadir (Moreno vd., 2014). Ote yandan,
uzaktan algilama teknolojileri, orman yanginlari hasar tespiti ve degerlendirilmesi hususunda bélgesel, kitasal ve kiiresel
Olcekte bilgi sunarak yangin yonetimi ve yangin politikalarina olduk¢a onemli katkilar saglamaktadir (Chuvieco vd.,
2019a).

Uzaktan algilama, uydu kaynakli sensorler tarafindan saglanan sistematik gézlem 6zelligiyle, 6zellikle kiiresel 6lgekte
mevcut yangin rejimlerini belirleme noktasinda oldukga etkili bir aracgtir. Uydu gozlemlerinin ve uzaktan algilamanin
orman yangin bilimi ve yonetimi konusunda kullanilan en belirgin uygulamalarindan biri, yanmig alanlarin analiz edilerek
yangin etkilerinin tahmin ve analiz edilmesi Uzerinedir (Akyiirek, 2023; Demirel & Turk, 2023). Uzaktan algilama
teknolojilerinin, diinya ¢apinda genis alanlarin diisiik maliyetle sistematik olarak izlenmesine yonelik bilgi ¢ikarimina
olanak saglamasi, 6zellikle son 20 yillik sirecte yanmis alan bilgilerinin Gretilmesini 6nemli 6lgiide kolaylastirmistir
(Chuvieco vd., 2019a; Katagis & Gitas, 2022).

GUnumuzde, kiresel yanmis alan ve aktif yangin goézlem sistemleri, yanan alan ve duman bulutlarinin
konsantrasyonu ve bilesimi de dahil olmak tizere bir¢cok yanginin 6zelligini arastirmak icin kullaniimaktadir (Kaufman vd.,
2002; Giglio vd., 2018). Bu baglamda, Avrupa Uzay Ajansi'nin iklim Degisikligi Girisimi Programi tarafindan tasarlanan ve
kiclk yanginlari tespit etmeyi amaglayan MODIS tabanl FireCCI51 ve/veya MODIS MCD64A1 yanmis alan gbzlem
verileri literaturdeki birgok ¢alismada kullanilmistir (Chuvieco vd., 2018; Campagnolo vd., 2021; Demir & Dursun, 2023;
Humber vd., 2019). Bu galismalarda esas olarak, iki hibrit yanmis alan algoritmasinin aktif yangin verilerini kullanim
sekillerindeki farkliliklar ve bu farkliliklarin sebepleri arastiriimistir (Hall vd., 2021). Ornegin, Katagis ve Gitas (2022)
tarafindan Akdeniz ekosistemlerinde MODIS MCD64A1 ve FireCCI51 yanmis alan verilerinin dogruluk degerlendirmesi
gerceklestirilmistir. Bu ¢alisma, s6z konusu verilerin orman ve yari dogal alanlarda meydana gelen yanginlari tespit etme
performanslarina dair 6nemli bilgiler sunarak bolgesel yangin izleme uygulamalarinda kullanilabilme potansiyellerini
vurgulamistir. Zhang vd. (2022) tarafindan yapilan bir bagka ¢alismada ise 2015-2019 yillari arasindaki yanmis alanlar
MCD64A1 ve FireCCI51 gozlem verileri kullanilarak belirlenmis ve bu iki veri seti arasindaki konumsal ve zamansal
korelasyonlar arastiriimigtir.

Kiresel 6lcekli uydu sensorlerine ait yanmis alan belirleme gozlem verileri, yangin olaylarini inceleme ve izleme
noktasinda sunduklari zamansal ve konumsal tutarliliklari nedeniyle gesitli ulusal ve uluslararasi kurumlar tarafindan
glinimizde yaygin olarak kullanilmaya devam etmektedirler. ABD ve Avrupa Birligi’ne bagh bircok tlkenin kiiresel aktif
yangin uydu gézlem ve yanmis alan tespit uydu gézlem drinlerini (6rnegin, MODIS, VIIRS, Landsat, Sentinel-2) kullanarak
yangin izleme sistemleri gergevesinde islevsel olarak yanmis alan haritalama drinleri gelistirdikleri ve kullanicilara
sunduklari bilinmektedir. Bu baglamda 6zellikle Google Earth Engine (GEE) platformunun kullanimi, MODIS ve VIIRS gibi
kiiresel aktif yangin ve yanmis alan tespit uydu gézlem verilerinin islenmesi ve analiz edilmesinde 6nemli bir role sahiptir.
GEE'nin yuksek islem glicli ve genis veri kiitliphanesi, uzun dénemli zaman serileri ve genis konumsal kapsamda yangin
olaylarinin etkin bir sekilde incelenmesini mimkiin kilmakta ve konumsal veri bltlnligi ve erisilebilirligi agisindan
benzersiz avantajlar sunmaktadir (Rasul vd., 2021; Gholamrezaie vd., 2022).

Ulkemizde yanmis alanlarin tespit edilmesi ve envanterinin tutulmasi, Orman Genel Mudurliigii (OGM) tarafindan
geleneksel yersel 6l¢cimlere dayah olarak yapilmakta ve giincel teknolojiler kullanilarak servis edilen uzaktan algilama
esasli kiresel aktif yangin uydu goézlem veri servislerinden elde edilen verilerden yararlanilmamaktadir. Ayrica, OGM
tarafindan servis edilen yanmis alanlarin ¢evre uzunlugunun ve yanmis alan miktarlarinin givenilirligi ve dogrulugunun
nasil elde edildigiyle alakali standart bir prosediir olmadigi bilinmektedir.
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Ozellikle, ilkemizin sahip oldugu ormanlarin biyiik bir kesiminin yangin riski altinda olmasi gbz 6niinde
bulunduruldugunda, llkemiz i¢in orman yangini hasar degerlendirilmesi, 6nlenmesi, erken tespiti ve orman yangini
yonetim kararlarinin desteklenmesi oldukga 6nemlidir.

Bu calisma kapsaminda, llkemizde geg¢mis yillara dayali (2015-2020 yillarini kapsayan) yanmis alanlarin alansal
blykluklerini kapsayan verilerin uzaktan algilama tabanli gesitli kiresel yanmis alan gézlem Urinleri kullanilarak elde
edilmesi ve buna bagh olarak konumsal ve zamansal egilimlerinin GEE platformu kullanilarak analiz edilmesi
amaclanmistir. Bu baglamda, bu galismanin éncelikli hedefleri su sekildedir; i) MODIS MCD64A1 ve European Space
Agency (ESA) Fire_cciv. 5.1 (FireCCI51) yanmis alan gbézlem verileri arasindaki farkhliklari ve benzerlikleri belirlemek, ii)
yanmis alan gozlem verileri arasindaki konumsal alan farkhliklarini, Avrupa Orman Yanginlari Bilgi Sistemi (EFFIS)
verilerini referans alinarak karsilastirmak, iii) yanmis alanlardaki arazi értiist siniflarini belirlemek ve arazi ortiisi
degisimlerinin konumsal ve zamansal dagilimini incelemektir.

2. Materyal ve Metotlar
2.1. Galisma Alani

Tirkiye, Afrika, Asya ve Avrupa'nin kesistigi noktada, jeopolitik agidan 6ne ¢ikan bir konumda bulunmaktadir. Mevcut
cografi konumu, Turkiye'yi farkli canli tirlerinin kitalararasi gegisleri icin dGnemli bir gegis noktasi haline getirmektedir.
Bu durum, Turkiye'nin biyolojik ve ekolojik gesitliliginin zenginlesmesinde énemli bir faktor olarak gérev almaktadir.
Turkiye'nin toplam yiiz6lgim yaklasik 783.562 km? olup bu alanin 6nemli bir kismi ormanlarla kaplidir. OGM 2020 yili
Turkiye Orman Varlig raporuna goére Tirkiye'nin toplam orman alani 229.330 km? olup bu oran (lkenin genel
ylizélclimiiniin yaklasik %29,4'ine denk gelmektedir (Orman Genel Midirligl, 2020). Ulkemizdeki ormanlarin genel
dagihmi ve yapisi, tlkenin cografi konumu ve gesitli iklim kosullari nedeniyle biyik cesitlilik gostermektedir. Karadeniz
Bolgesi'nde yogun yagislar sonucu olusan ormanlar, Turkiye'nin en verimli orman alanlarini olustururken, Akdeniz ve
Ege Bolgesi'nde ise makilik alanlar yaygindir. i¢ Anadolu ve Dogu Anadolu Bélgeleri ise, daha az ormanlik alanlara sahip
olup, bu bélgelerde step ve yari kurak arazi sartlari hakimdir.

2.2. Veri Kaynaklari
2.2.1. Kiiresel Yanmis Alan Gozlem Verileri

Yanmis alan verileri, bitki 6rtlisi olan bir ylizeyden kémdiir, kiil ve giplak toprak yiizeyine gegisi algilayarak yangindan
etkilenen alanlari tanimlar (Roy, 1999). Yanmis alan haritalama esas olarak kalici olmayan bir arazi 6rtuisu degisikliginin
tespit edilmesi problemidir ve gesitli algoritmalar uygulanarak konumsal/zamansal 6lgekte farkli sonuglar elde
edilebilmektedir. 2000'li yillarin basindan itibaren, goriinir ve yakin kizildtesi spektrumlar kullanilarak uydu esasl
yanmis alan analizleri kiiresel olgekte yapilmaktadir. Ek olarak, yanmis alan verileri, dinamik kiiresel bitki ortisu
modellerine gomilt yangin moddillerinin kalibrasyonunun ve dogrulugunun belirlenmesine katkida bulunmaktadir
(Moreno vd., 2021).

Kiresel yanmis alan gozlem verileri, disiik konumsal ¢oziintrliklerine (250-1000 m arasi) ragmen, erken tespit,
yangin sondirme ve hasar tespiti degerlendirilmesi gibi operasyonel faaliyetler icin kullanilabilecek giinlik goriinti elde
edebilme avantaji saglarlar (Mouillot vd., 2014). Ayrica, bu sensorlere ait gézlem verileri, yangin aktivitesinin analizi,
ortalama yanmis alan ve yanmig alan egilimlerinin zamansal stirekliligi ve konumsal varyasyonlari gibi yangin rejimlerinin
ozelliklerinin belirlenmesi i¢in de yaygin olarak tercih edilirler. Bu ¢alismada, kiresel 6lcekte servis edilen MODIS
MCDG64A1 ve ESA FireCCI51 yanmis alan gbézlem verilerine GEE platformu kullanilarak erisilmistir.

MODIS sensoriine ait MCD64A1 isimli yanmis alan haritalama Grind, ginlik MODIS ylizey reflektans gorintilerini 1
km konumsal ¢ozunurlukli MODIS aktif yangin verileriyle birlestirerek 500 m konumsal ¢6zlintrliikli yanmis alan
haritalari Gretmektedir. Bu Uriin, MODIS sensoriiniin Terra ve Aqua bantlarinin 1240 ve 2130 nanometredeki
yansimasindan tiretilen spektral bilgiyi kullanarak yanmaya duyarli bir spektral bant indeksi olusturur ve ayni zamanda
MODIS Terra ve Aqua goriintilerine dinamik esikler ve zamansal degiskenlik 6l¢tl uygular (Humber vd., 2019). 2000
yilindan giiniimiize kadar olan siireci kapsayacak sekilde yanmis alan verisi servis eden bu sistem, yanmis ve yanmamis
egitim 6rneklerinin secimine rehberlik etmek icinde ayrica kullanilabilmektedir. Ucretsiz olarak kullanicilara sunulan ve
MODIS sensoriine ait Uretilen en glincel yanmis alan Griinii olan MODIS MCD64AL1 (iriinlerine NASA’ ya ait olan LP DAAC
(Land Processes Distributed Active Archive Center) kurumunun web sitesinden ulasilabilmektedir (LP DAAC, 2023).

ESA FireCCI51 yanmis alan gozlem verisi, 250 m konumsal ¢ozlinlrlik saglayarak mevcut yanmis alan Uriinlerine
katkida bulunmak tizere gelistirilmistir. Bu Giriin, ESA'nin iklim Degisikligi Girisimi programi kapsaminda finanse edilmekle
birlikte dnceki yanmis alan driinleri olan FireCCI50 ve FireCCl41 Uriinlerinin iyilestirilmis versiyonudur.
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Veri algoritmasi, yanmis alanlari belirlemek ve haritalamak igin glinlik Terra MODIS kirmizi ve yakin kizilétesi yansima
Olgimlerini (MODIS MODO09GQ (riinli) ve MODIS aylik aktif yangin verilerini (MODIS MCD14ML) birlestirmek tzerine
kurulmustur. Bu iki agamali algoritma, baslangigta aday yanmis pikselleri tanimlar ve ardindan yangindan sonraki on
gunlik sureci kapsayan bir pencere iginde bir bolge bliylitme algoritmasi uygular (Humber vd., 2019). 2001 ve 2020
yillari arasini kapsayacak sekilde tcretsiz kiiresel 6lgekli yanmis alan verisi servis eden FireCCI51 yanmis alan Griinlerine
ESA’ya ait olan Fire CCl (Fire Disturbance Climate Change Initiative) projesinin web sayfasindan ulasilabilmektedir
(Chuvieco vd., 2019b).

2.2.2. Arazi Ortiisti Verisi

Yanmig alanlardaki arazi 6rtiist siniflarini belirlemek ve arazi 6rtiisi degisimlerinin konumsal ve zamansal dagilimini
belirlemek amaciyla, 500 metrelik konumsal ¢ozlinirliige sahip MODIS MCD12Q1 arazi ortiisi siniflandirma triinG
kullanilmigtir. Bu Urln, rastgele orman siniflandiricisi ile tiiretilmis 13 veri katmani ve bes farkh siniflandirma semasini
kapsamaktadir (Sulla-Menashe & Friedl, 2018). Bu c¢alismada, Uluslararasi Jeosfer-Biyosfer Programi (Annual
International Geosphere-Biosphere Programme-IGBP) arazi ortisi siniflandirma semasini ait sinif kategorileri
kullanilmistir (Sekil 1).

0 100 200 400

Km !
razi Ortlist Siniflari
Yaprak Dokmeyen igne Yaprakii [l Karisik Orman [l Savana I Kentsel ve Yapilasmis Arazi
Yaprak Dokmeyen Genis Yaprakli [ | Kapali Galilik [ | Otlak I Tarim Alani/Dogal Bitki Ortiisii
Yaprak Doken igne Yaprakli [ ] Agik Calilik I Kalici Sulak Alan [ ] Kalici Kar
Yaprak Doken Genis Yapraki  [[] Ormanlik Savana [ | Ekili Alan I corak Alan
| | suOlusumu

Sekil 1. 2020 yilina ait ¢calisma alani icin MODIS MCD12Q1 arazi 6rtisia siniflandirma Griiniine dayali IGBP
siniflandirma semasina gore belirlenen sinif kategorileri

IGBP siniflandirmasi, 17 farkli arazi orttist sinifina sahiptir (Friedl & Sulla-Menashe, 2022). Bu ¢alismada, MODIS
MCD12Q1 arazi 6rtlisu tipi Uriin koleksiyonu, IGBP siniflandirma semasi kullanilarak bes toplu bitki ortiisi sinifina
ayrilmistir (Zhou vd., 2019). IGBP siniflandirmasina gore, tim orman tirleri tek bir sinifta (orman) toplanmistir. Calilik
ve otlak alanlari kapsayan siniflar da tek bir sinifta birlestirilmistir. Ekili alan ve savana siniflari ise ayri siniflar olarak
tanimlanmistir. Sehirlesme ve yapilasma, kar ve buz ile seyrek veya az bitki 6rtiist gibi kalan bitki orttist tlrleriise "diger"
adi altinda toplu bir bitki 6rtiist sinifinda birlestirilmistir. Sonug olarak, arazi 6rtisi siniflari bes ana sinif (orman, calilik
ve otlak alan, ekili alan, savana ve diger) altinda olusturulmustur (Tablo 1).

72



Tonbul, H. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 69-82, Mart 2024

Tablo 1. IGBP siniflandirmasina ait arazi turlerine gére gruplandiriimis bes arazi 6rtiist sinifi

Arazi Ortiisii Sinifi Arazi Ortiisii Tiirli
Yaprak Dékmeyen igne Yaprakli
Yaprak Dékmeyen Genis Yaprakh
Yaprak Déken igne Yaprakli
Yaprak Déken Genis Yaprakl
Karisik Orman
Kapal Cahllik
Calihk ve Otlak alan Acik Calihk

Otlak

Ekili alan

Tarim Alani/Dogal Bitki Ortiisii

Ormanlik Savana

Savana

Kalici Sulak Alan

Kentsel ve Yapilasmis Arazi
Diger Kalici Kar

Corak Alan

Su Olugsumu

Orman

Ekili Alan

Savana

2.2.3. Avrupa Orman Yangin Bilgi Sistemi (EFFIS)

Avrupa Orman Yangin Bilgi Sisteminin kisaltmasi olan EFFIS (European Forest Fire Information System), Avrupa
kitasindaki ormanlarin yanginlardan korunmasiyla gorevlendirilmis tim kurum ve kuruluslara destek olmak Uzere
tasarlanmistir (EFFIS, 2023). EFFIS, kullanicilara orman yanginlari hakkinda bilgi saglamak amaciyla gesitli mekansal
¢Ozunurliklerde ve dogruluk derecelerinde veri setleri kullanmaktadir. EFFIS yanmis alan verileri, MODIS VNIR ve SWIR
verilerinin (sirastyla 250 m ve 500 m) ve MODIS'in 1 km aktif yangin trliniintin (Giglio vd., 2003) yani sira gesitli yardimci
verilerin kombinasyonundan elde edilmektedir (Petropoulos vd., 2010). S6z konusu konumsal ¢o6zunrltkler, bazi diger
uydu goriintilerine kiyasla daha diisiik olmakla birlikte, bolgesel ve kitasal dlgekte orman yanginlarini izlemek ve
degerlendirmek icin degerli bilgiler saglar. Ayrica, MODIS yanmis alan Urininin dogrulugu, diger yanmis alan
tahminleriyle yapilan karsilastirmalar sonucunda degerlendirilmis ve yangin izleme amaglari igin glivenilir oldugu ifade
edilmistir (Kalivas vd., 2013). Bunun yani sira, EFFIS optik ve termal uydu verilerine dayanarak, Avrupa Birligi
Ulkelerindeki orman koruma hizmetlerine, orta ile diisik mekansal ¢éziinirlikte glincel ve giivenilir gercek zamanl
yangin bilgileri sunmaktadir. Bu durum, mekansal ¢ézlnurligun bazi diger uydu verileri kadar yiksek olmamasina
ragmen, yangin yonetimi ve miidahale siiregleri i¢in degerli ve zamaninda bilgilerin saglandigini géstermektedir
(Filipponi, 2019).

Avrupa Komisyonu'nun ilgili birimlerine ve Avrupa Parlamentosu'na, Avrupa'daki orman yanginlarina dair giincel ve
glvenilir bilgiler sunmaktadir. On yili askin bir stiredir, kirk farkli Avrupa, Ortadogu ve Kuzey Afrika (ilkesinden olusan bir
uzmanlar agi tarafindan desteklenmektedir. EFFIS, 2015 yilindan bu yana Copernicus programinin bir parcasi olarak
faaliyet gostermekte ve Ozellikle acil durum yénetim hizmetleri icerisinde énemli bir bilesen olarak yer almaktadir.
Ayrica, bu sistem aktif yangin vakalarina iliskin giincellemelerle hizmet verirken, geg¢miste gerceklesen yanginlar
hakkinda tarihsel bilgileri de sunar. Kullanicilar, interaktif haritalar aracihigiyla mevcut veya geg¢mis yanginlari
inceleyebilirler. Bu kapsamli veri seti, web sitesi lizerinden interaktif hizmetler ya da gesitli uygulama programlama
araylzleri araciligiyla sorgulanarak dogrudan erisilebilir ve kullanilabilir durumdadir (EFFIS Fuel Map, 2023).

2.2.4. Metodoloji
Bu calismanin amaci, 2015-2020 yillari arasindaki Tirkiye'deki yanmis alanlarin alansal biiytkliklerini uzaktan algilama

teknikleri kullanarak elde etmek ve GEE platformu araciligiyla bu verilerin konumsal ve zamansal analizlerini
gerceklestirmektir. Calismanin ana bilesenlerini ve siireg akisini 6zetleyen is akis semasi, Sekil 2’de sunulmustur.
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Sekil 2. Calisma kapsaminda izlenen is akis semasi

Calisma kapsaminda, 2015-2020 yillari arasinda Tirkiye'deki yanmis alanlarin analizinde, MODIS MCD64A1 ve ESA
FireCCI51 kiresel yanmis alan gozlem verileri baslica veri kaynagi olarak kullaniimistir. Ardindan, yanmis alanlardaki bitki
Ortlsu tdrlerinin belirlenmesi amaciyla MODIS MCD12Q1 arazi 6rtisi siniflandirma driintinden faydalaniimistir. Bu
ariin, yanmis bolgelerdeki bitki 6rtlsi gesitliliginin analiz edilmesinde ve yanginlarin farkh bitki 6rtisa tirleri Gzerindeki
etkilerinin belirlenmesinde énemli bir rol oynamistir. GEE programi kullanilarak, her bir yil igcin yanmis alanlarin toplam
blylklGgi hektar cinsinden hesaplanmis ve yanmis alanlardaki bitki 6rtiist turleri tespit edilmistir. Elde edilen veriler,
daha sonra EFFIS tarafindan saglanan vektor verileriyle karsilastirilmistir. Bu karsilastirma hem konumsal hem de
zamansal agidan gergeklestirilerek, MODIS MCD64A1 ve ESA FireCCI51 kiiresel yanmis alan Urinleri ile EFFIS verileri
arasindaki uyumlulugu ve farkliliklari detayl bir sekilde analiz etmistir. Bu analiz slireci, yanmis alan tespitlerinin
dogrulugunu ve mevcut veri setlerinin kapsamliligini ve giivenilirligini degerlendirmek agisindan kritik Gneme sahiptir.

3. Bulgular
3.1. Kiiresel Yanmis Alan G6zlem Verilerine Dayali Yanmis Alan Miktarlari
Bu calismada, Tirkiye'deki yanan alanlarin tespit edilmesi amaciyla Ucretsiz olarak servis edilen MODIS MCD64A1 ve

ESA FireCCI51 kiiresel yanmis alan gézlem verilerinden yararlaniimis ve yil bazli toplam yanmis alan miktarlari Sekil 3'te
sunulmustur.
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Sekil 3. MODIS MCD64A1 ve ESA FireCCI51 yanmis alan miktarlarinin karsilastirmali analizi

Sekil 3 incelendiginde, her iki gézlem verisinin de tespit ettigi toplam yanmis alan miktarlarinin yillara goére degisiklik
gosterdigi tespit edilmistir. MCD64A1 verisi, 2015-2020 yillarinda sirasiyla 996.539, 807.574, 474.635, 330.289, 401.216
ve 476.688 hektar yanmis alan tespit etmistir. Buna karsilik, FireCCI51, ayni zaman arali§inda yanmis alanlari her yil igin
sirasiyla 1.073.645, 837.343, 457.746, 342.110 ve 555.664 hektar olarak belirlemistir. Her iki gbzlem verisi arasindaki
toplam yanmis alan miktari farki, 2020 yilinda en biyik olmustur. Bu donemde, FireCCI51 gozlem verisi, MCD64A1
gbzlem verisinden 78.976 hektar daha fazla yanmis alan tespit etmistir. Her iki gbzlem verisi arasindaki toplam yanmis
alan miktari farkinin en kiicigl ise, 2018 yilinda gerceklesmis ve FireCCI51 gézlem verisi, MCD64A1 gbzlem verisinden
11.821 hektar daha fazla yanmis alan tespit etmistir.

3.2. Arazi Ortiisii Tiirlerine Goére Yanmis Alan Miktarlari

Farkh orman tirleri, cesitli diizeylerde biyocesitlilige ev sahipligi yapmakta olup, bu alanlarin restorasyonu genel orman
ekosistem sagliginin siirdirilmesi acgisindan kritik 6neme sahip olmaktadir. Bu nedenle, yangindan etkilenen orman
tirlerine dair bilgi edinilmesi biyolojik gesitliligin korunmasi bakimindan ve siirdirilebilir orman yonetimi agisindan
oldukga 6nemlidir (Stephens vd., 2013). 2015-2020 yillari arasinda Tirkiye'de yanginlar sonucu olusan yanmis alanlarin
bitki ortlsi tirlerine dayali analizi, MODIS MCD12Q1 arazi 6rtisi siniflandirma Griind kullanilarak gergeklestirilmistir.
Bu siniflandirma, belirlenen yillarda yangin etkisine maruz kalan orman, galilik ve otlak alan, ekili alan, savana ve diger
kategorilerindeki arazi tlrlerinin ayrintili bir envanterini saglamistir (Tablo 2).

Tablo 2. Tiirkiye’de 2015-2020 Yillari arasinda yanmis alanlarin hektar cinsinden arazi ortasi tirlerine gére dagilimi

Arazi Ortiist Turleri

Orman Calilik ve Otlak Alan Ekili Alan Diger Toplam
Yil h
! (ha) (ha) (ha) a2 g (ha)

2020 MCD64A1 5.107 34.165 423.901 8.250 5.265 476.688
FireCCI51 6.439 50.033 485.653 8.056 5.483 555.664

2019 MCD64A1 4.518 44.307 345.747 3.578 3.066 401.216
FireCCI51 4.856 62.952 267.479 4.650 1.977 341.914

2018 MCD64A1 192 31.126 296.764 387 1.820 330.289
FireCCI51 188 42.180 296.384 1.153 2.205 342.110

2017 MCD64A1 1.458 34.414 433.271 2.263 3.229 474.635
FireCCI51 1.633 51.426 396.088 3.442 5.157 457.746

2016 MCD64A1 196 82.379 718.672 1.727 4.600 807.574
FireCCI51 214 133.744 693.227 3.840 6.318 837.343

2015 MCD64A1 292 74.502 914.839 1.365 5.541 996.539
FireCCI51 2.016 99.088 961.217 3.318 8.006 1.073.645
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Tablo incelendiginde, ele alinan tiim yil araliklarinda yanginlardan en ¢ok etkilenen arazi 6rtisi tirinin ekili alanlar
olduklari gorilmektedir. Ekili alanlarin en gok etkilendigi yil olarak 2015 yili 6n plana ¢ikmaktadir. S6z konusu yilda
MCD64A1 ve FireCCI51 yanmis alan gozlem verileri kullanilarak elde edilen sonuglar ekili alanlardaki yanmis alan
miktarini sirasiyla 914.839 ve 961.217 ha olarak hesaplamiglardir. Ote yandan, orman sinifinin yanginlardan en ¢ok
etkilendigi yil 2020 yili olarak belirlenirken; bu yilda MCD64A1 ve FireCCI51 yanmis alan gozlem verileri ormanhk
alanlardaki yanmis alan miktarini sirasiyla 5.107 ve 6.439 ha olarak tespit etmislerdir.

Yillik ve arazi ortiisu tlrlerine gére yanmis alanlarin karsilastirmasi detayl olarak incelendiginde; 2020 yilinda,
ormanlik alanlarda FireCCI51, MCD64A1'e gore yaklasik 1.332 ha daha fazla yanmis alan tespit etmistir. Calilik ve otlak
alanlarda FireCCI51, MCD64A1l'den yaklasik 15.868 ha daha fazla; ekili alanlarda ise 61.752 ha daha fazla alan
bildirmistir. 2019 yilinda, ormanlk alanlarda FireCCI51'in tespiti MCD64Al'e gore 338 ha fazla olurken, ¢ahllik ve otlak
alanlarda bu fark 18.645 ha, ekili alanlarda ise 78.268 ha’dir. 2018 yilinda, ormanlik alanlarda her iki yanmis alan gézlem
verisi benzer sonuglar verdigi goruliirken gallik ve otlak alanlarda FireCCI51, MCD64Al'e gore 11.054 ha daha fazla, ekili
alanlarda ise 380 ha daha az yanmis alan tespit etmistir. 2017 yilinda, ormanlik alanlarda FireCCI51, MCD64A1'e gore
175 ha daha fazla; galilik ve otlak alanlarda 17.012 ha daha fazla; ekili alanlarda ise 37.183 ha daha az yanmis alan
belirlemistir. 2016 yilinda, ormanlik alanlarda FireCCI51, MCD64A1'e kiyasla 18 ha daha fazla; galilik ve otlak alanlarda
ise 51.365 ha daha fazla; ekili alanlarda ise 25.445 ha daha az yanmis alan tespit etmistir. 2015 yilinda, ormanlik alanlarda
FireCCI51, MCD64Al'e gore 1724 ha daha fazla; ¢alilik ve otlak alanlarda ise 24586 ha daha fazla; ekili alanlarda ise
46378 ha daha fazla yanmis alan bildirmistir (Tablo 2).

Sekil 4’te MODIS MCD64A1 ve ESA FireCCI51 kiiresel yanmig alan gdzlem verilerinin yillik ve arazi ortiisu siniflarina
gore ylizdesel yanmis alan karsilastirmasi gosterilmistir.

MODIS MCD64A1
%100.0
%90.0
%80.0
%70.0
%60.0
%50.0
%40.0
%30.0
%20.0
%10.0
* 00 To020  T2019 2018 2017 2016 2015
= Orman 1.07 1.13 0.06 0.31 0.02 0.03
Calllik ve Otlak Alan ~ 7.17 11.04 9.42 7.25 1020 748
Ekili Alan 8893 8617  89.85 9129 8899  91.80
= Savana 1.73 0.89 0.12 0.48 0.21 0.14
= Diger 1.10 0.76 0.55 0.68 0.57 0.56
a)
N ESA FireCCI51
%90.0
%80.0
%70.0
%60.0
%50.0
%40.0
%30.0
%20.0
%10.0
% 0.0 — mm— e = — - ——
2020 2019 2018 2017 2016 2015
= Orman 1.16 1.42 0.05 0.36 0.03 0.19
Calilik ve Otlak Alan ~ 9.00 1841 1233 1123 1597 9.23
Ekili Alan 87.40 7823 8663 8653 8279 8953
= Savana 1.45 1.36 0.34 0.75 0.46 0.31
= Diger 0.99 0.58 0.64 113 0.75 0.75

b)
Sekil 4. Yanmis alanlardaki arazi 6rtiist siniflarinin yiizdesel dagilimlari: (a) MODIS MCD64A1 ve (b) ESA FIRECCI51
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Her iki gézlem verisi icinde 2015 ve 2020 yillari arasinda ekili alanlar oransal olarak en yiiksek yanmis alan yiizdelerine
sahiptir. Yuzdesel olarak bakildiginda, her yil ekili alanlarda meydana gelen yanmis alanlarin orani % 85-90 arasinda
degismektedir. Ornegin, 2020 yilinda MCD64A1 ve FireCCI51veri setlerinde ekili alanlarda meydana gelen yanmis
alanlarin oranlari sirasiyla % 88,93 ve % 87,40'tir. Her iki veri setinde de ekili alanlar ile galilik ve otlak alanlara gore
ormanlik alanlar, savanalar ve diger sinifina ait yanmis alanlarin nispeten daha az oldugu tespit edilmistir.

3.3. EFFIS, MCD64A1 ve FireCCI51 Yanmis Alan Verilerinin Karsilastirmali Analizi

Bu c¢alisma kapsaminda, MODIS MCD64A1 ve ESA FireCCI51 yanmis alan gozlem verileri ile 2015-2020 yillari arasinda
Tirkiye’de belirlenen yanmis alan miktarlari, Avrupa Orman Yanginlari Bilgi Sisteminden (EFFIS) elde edilen veriler ile
karsilastinlmistir. EFFIS veri tabaninda yanmis alan bilgileri vektor veri formatinda web ortaminda kullanicilara licretsiz
olarak sunulmaktadir (EFFIS Fuel Map, 2023). Orman yanginlarinin izlenmesi ve raporlanmasi amaciyla gelistirilen EFFIS
sistemi, yanmis alan verilerini esas olarak ormanlardan elde etmektedir. Bu nedenle, ekili alanlar, tarim alanlari gibi diger
alanlarda meydana gelen yanmis alanlar bu sistemin kapsami disinda kalmaktadir (San-Miguel-Ayanz vd., 2012; Turco
vd., 2019). Bu baglamda, EFFIS verilerinin orman yanginlarina odaklanmasi géz oniinde bulundurularak, MCD64A1 ve
FireCCI51 verilerinden elde edilen yanmis alan bilgileriyle adil bir karsilastirma yapabilmek icin, ekili alanlar ve diger arazi
OrtlsU tdrlerine iliskin yanmis alan verileri analiz disi tutulmustur. Tablo 3’'te, 2015-2020 yillari arasinda Tiirkiye'deki
yanmis alanlarin MCD64A1, FireCCI51 ve EFFIS veri setleri tarafindan tespit edilen miktarlari ha cinsinden sunulmustur.

Tablo 3. MODIS MCD64A1, ESA FireCCI51 ve EFFIS veri setleri kullanilarak tespit edilen yillik yanmig alan
miktarlarinin karsilastirmali analizi

Yanmig Alan Miktarlari (ha)

vit MCD64A1 FireCCI51 EFFIS
2020 47.522 64.528 99.857
2019 52.403 72.458 81.246
2018 31.705 43.521 41.039
2017 38.135 56.501 47.738
2016 84.302 137.798 124.684
2015 76.159 104.422 55.728

Uc veri kaynagindan elde edilen yanmis alanlarin karsilastirmali analizi, EFFIS, MCD64A1 ve FireCCI51 veri setlerinin
yanmis alan tespitlerinde 6nemli farkliliklar sergiledigini ortaya koymustur. EFFIS veri seti, 2019 ve 2020 yillarinda diger
iki veri setine kiyasla daha yiksek yanmis alan miktarlari tespit etmistir. Bu egilim 6zellikle 2020 yilinda dikkat gekici
olup, EFFIS'in bu yilda tespit ettigi yanmis alan miktari (99.857 ha), MCD64A1 (47.522 ha) ve FireCCI51'in (64.528 ha)
tespitlerine gore Tablo 3’'te gosterildigi gibi dnemli dlgiide yiiksek bulunmustur. Ote yandan, MCD64A1 ve FireCCI51
arasinda da farkhliklar gdzlemlenmistir. FireCCI51, genel olarak MCD64A1'e kiyasla daha yuksek yanmis alan miktarlar
belirlemis olup, bu durum yanmis alanlarin algilanmasinda kullanilan farkli yontemlerin, sensor 6zelliklerinin ve veri
isleme tekniklerinin bir sonucudur.

Tirkiye'de 2015-2020 yillari arasinda MODIS MCD64A1, ESA FireCCI51 ve EFFIS veri setlerine dayali olarak tespit
edilen yanmis alanlarin konumsal dagilimi Sekil 5'te gosterilmistir. Sekil incelendiginde, yanmis alanlarin Tirkiye'nin
cesitli bolgelerine dagildigl; ancak en yiiksek yogunluga Akdeniz, Ege ve Glineydogu Anadolu bdlgelerinde rastlandigi
belirlenmistir. Akdeniz ve Ege bolgelerindeki ormanlik alanlarin genisligi ve yaz aylarindaki yliksek sicaklik degerleri, bu
bolgelerde yanmis alan olusumunu arttiran faktorler arasindadir. Bunun yani sira, ormanlik alanlarin daha az oldugu
Guneydogu Anadolu Bolgesi, kurak iklim kosullari nedeniyle otlak alanlarinda sik sik yanginlarin meydana geldigi bir
bolge olarak gozlemlenmektedir.
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Sekil 5. 2015-2020 yillari arasinda ¢alisma bélgesindeki MODIS MCD64A1, ESA FIRECCIS1 ve EFFIS veri setlerine ait
yangin verilerinin cografi dagilimi

3.4 MODIS MCD64A1 ve FireCCI51 Veri Setlerinin Dogruluk Analizi

MODIS MCD64A1 ve FireCCI51 uydu veri setlerinin yanmis alanlari tespit etme dogrulugunu degerlendirmek icin Avrupa
Orman Yangini Bilgi Sistemi (EFFIS) verileri yer dogrulama verisi olarak kullanilarak karsilastirmali bir analiz
gerceklestirilmistir. Amag, her veri setinin gercek yanmis alanlari yanlis alarmlara karsi dogru bir sekilde tanimlama
glvenilirligi ve etkinligini degerlendirmek icin kesinlik, duyarhlik ve F1 skorunu hesaplamakti. Bu, uydu veri setleri
tarafindan yanmis olarak bildirilen ve EFFIS verileri ile dogrulanmis alanlarin gercek tespitler olarak kabul edildigi,
farkhihklarin ise potansiyel yanlis alarmlari veya kagirilan tespitleri isaret ettigi varsayimi lizerine gercek pozitifler (TP),
yanlis pozitifler (FP) ve yanlis negatifler (FN) hesaplanmasini icermistir.

Analiz, 2015 yilindan 2020 yilina kadar MCD64A1, FireCCI51 ve EFFIS tarafindan hektar bazinda hesaplanan yillik
yanmis alan verilerinin kullanilmasiyla baslamistir. Kesinlik, TP'nin TP ve FP toplamina orani olarak hesaplanmis, uydu
veri setlerinin pozitif tahminlerinin dogrulugu hakkinda bilgi saglamistir. Duyarlilik ise TP'nin TP ve FN toplamina orani
ile belirlenmis, veri setlerinin yanmis alanlarin tiim ilgili 6rneklerini tanimlama yetenegini yansitmistir.
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Kesinlik ve duyarliligin harmonik ortalamasi olan F1 skoru, testin dogrulugunun bir 6l¢lisii olarak kullanilmis ve veri
setlerinin genel performansina dengeli bir bakig saglamistir.

Elde edilen bulgular, FireCCI51 veri setinin % 90,20 duyarhlik orani sergiledigini, EFFIS tarafindan belirlenen yanmis
alanlari ylksek bir hassasiyetle tespit ettigini gostermistir. Fakat % 84,76'lik kesinlik orani, yanhs alarmlarin varligini 6ne
sirmuistdr. Buna karsin, MCD64A1 veri seti, % 93,81 ile daha yuksek bir kesinlik orani gostererek tespitlerinde daha
blylk bir dogruluk gostermis, ancak % 68,80 ile daha disik bir duyarlilik oraniyla bazi tespitleri kagirdigini isaret
etmistir. FireCCI51 ve MCD64A1 icin F1 skorlari sirasiyla % 87,39 ve % 79,38 olarak belirlenmis ve veri setlerinin
performansindaki kesinlik ve duyarllik arasindaki dengeyi vurgulamistir. Bu karsilastirma, MCD64A1 ve FireCCI51 veri
setlerinin yanmis alanlari belirleme konusundaki detayli kapasitelerini ve kisithliklarini ortaya koymaktadir. FireCCI51'in
daha yiiksek duyarliligi, kapsamli yanmis alan tespiti gerektiren uygulamalar igin daha etkili olabilecegini 6ne siirmekte,
ancak daha yiiksek yanlig pozitifler riskiyle birlikte gelmektedir. Buna karsilik, MCD64A1'in Ustun kesinligi, tespit edilen
yanmis alanlarin dogrulugunun énemli oldugu senaryolarda kullaniminin énemini gdstermektedir, ancak bazi etkilenen
alanlari g6z ardi edebilir.

4. Tartisma ve Sonuglar

Bu calismada, iki kiiresel yanmis alan gézlem verisinin sistematik bir karsilastirmasi gerceklestirilmis ve 2015-2020 yillari
arasinda Turkiye'de meydana gelen yanmis alanlarin konumsal ve zamansal benzerlikler ile farkhliklari belirlenmistir.
ESA FireCCI51 ve MODIS MCD64A1 verileri arasindaki farklar buytk 6lgiide kullanilan metodoloji ve konumsal ve
zamansal ¢ozlindrlik farkhliklarindan kaynaklanmaktadir (Zhang vd., 2022). FireCCI51 gézlem verisi, dinya ¢apinda
yangin olaylari hakkinda uzun vadeli, tutarli ve giivenilir veriler saglamak tizere tasarlanmistir. iki asamali bir yaklasima
dayanan FireCCI51 algoritmasi, giinlitk MODIS yakin kizilétesi reflektans ve termal anomali verilerini kullanmaktadir. ilk
olarak, yalnizca yanma olasilig yiksek pikseller tohum piksel olarak secilmekte ve ardindan, tim yanmis alan tespit
ederek ihmal hatalarini azaltmaya yonelik tohum piksellerden baslayarak baglamsal bilylime algoritmasi
uygulanmaktadir. Her iki agamada da yangin kosullarina gore uyarlanmis algilama esikleri kullanilmakta ve aktif yangin
pikselleri tespit edilmektedir (Vetrita vd., 2021; Lizundia-Loiola vd., 2020; Zhang vd., 2022). Ote yandan, hibrit bir
yaklagima dayanan MCD64A1, aktif yangin ve MODIS bulutsuz yiizey reflektans gértintileri kullanilarak tretilmektedir.
MCDG64A1 algoritmasi, termal anomaliler ve yilizey yansimasindaki degisiklikleri buttinlestirerek kiresel 6lgekte yanmis
alanlari belirlemektedir (Fornacca vd., 2017).

Literatirdeki bazi calismalar, MCD64A1 ve FireCCI51 arasindaki performans farkhliklarinin, tarim arazileri icinde her
algoritma tarafindan kullanilan arazi ortist verisiyle iliskili olabilecegini belirtmistir (Hall vd., 2021). MCD64A1 ve
FireCCI51 algoritmalari, tarim ve ekili alan arazileri igin farkli kural setleri uygulamaktadir. Bu baglamda, bu kurallar
altindaki arazi 6rtiist verisindeki herhangi bir hata, algoritmalarin performansini dogrudan etkileyebilmektedir. Giglio
vd. (2018), yangin tespit ve izleme algoritmalarinin saglamhgini ve hassasiyetini artirmak igin, 6zellikle tarim ve ekili
alanlarda dogru ve giivenilir arazi ortiisi bilgilerinin dnemini vurgulamistir. Ote yandan, Campagnolo vd. (2019)
gerceklestirdigi calismada Rusya'daki tarim arazileri icinde MCD64A1 verisine ait hata degerlerinin yiiksek bulunmasinin,
bu verinin kullandigi arazi 6rtst Grind icindeki parcali tarim arazisi alanlariyla iliskilendirilebilecegini ifade etmistir.

Bu calismada, Tirkiye'de 2015-2020 yillari arasinda yanmis alanlarin konumsal ve zamansal dagilimlari, MODIS
MCD64A1 ve ESA FireCCI51 yanmig alan gozlem drinleri kullanilarak belirlenmistir. Ayrica, yanmis alanlardaki arazi
Ortusi tirleri MODIS MCD12Q1 arazi ortusu siniflandirma Griind kullanilarak tespit edilmistir. Elde edilen sonug ve
bulgular, EFFIS verileriyle karsilastirilarak yanmis alanlarin dogrulugu ve kapsamliligi degerlendirilmistir. Calismanin
temel bulgulari su sekilde 6zetlenebilir:

e Ele alinan zaman araligi icerisinde, MCD64A1, FireCCI51 ve EFFIS toplam yanmis alani sirasiyla 330.226 ha,
479.228 ha ve 450.292 ha olarak hesaplamistir. Bu sonuglar, EFFIS ve FireCCI51 verilerinin tespit ettigi yanmis
alan miktarinin birbirlerine olduk¢a yakin oldugunu, ancak MCD64A1 veri setinin bu iki veri setine kiyasla daha
disik yanmis alan miktari hesapladigini gbstermistir.

e MODIS MCD64A1 ve ESA FireCCI51 yanmis alan goézlem verileri arasindaki karsilastirma, iki Grtinin genel olarak
benzer sonuglar Grettigini gdstermistir. Bununla birlikte, FireCCI51 {irlinti, MODIS MCD64A1 iriiniine gére daha
ylksek yanmis alan miktarlari Giretmistir. Bu farklilhk, FireCCI51 riiniinin, klglik yanmis alanlari daha etkin bir
sekilde belirleyebilen gelismis bir algoritma kullanmasiyla iliskilidir, bu da genel olarak daha yliksek yanmis alan
tespitlerine neden olmaktadir.

e 2015-2020 yillari arasinda MODIS MCD64A1 ve EFFIS FireCCI51 verilerine gore yanmis alanlarin arazi ortlisu
siniflarina gore yizdesel dagilimina bakildiginda, her iki veri seti icinde ekili alanlarin en biyik paya sahip oldugu
gorilmektedir. MODIS MCD64A1 verileri, ekili alanlardaki yanmis alan oranini %88,93 ile %91,80 arasinda,
FireCCI51 ise %78,23 ile %89,53 arasinda tespit etmistir. Orman, ¢alilik ve otlak alanlarin yani sira savana arazi
tdrlerinin yanmis alanlardaki oranlari ise her iki veri setinde de ekili alanlara kiyasla daha distiktr.
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e Tirkiye'de 2015-2020 yillari arasinda yanmis alanlarin konumsal dagilimi, Akdeniz, Ege ve Giineydogu Anadolu
bolgeleri olmak lzere li¢ ana boélgede yogunlastigini gdstermektedir. Bu boélgelerde, ormanlik alanlarin genisligi,
yaz aylarindaki yiksek sicaklik degerleri ve kurak iklim kosullari gibi faktorler, yanmis alan olugumunu arttiran
etkenler olarak 6ne gikmaktadir.

Calismanin bulgulari, Turkiye'de kiresel uydu yanmis alan veri kullaniminin éniindeki engelleri asmada ve ¢ok kaynakh
uydu veri entegrasyonunun oniinii agmada 6nemli bir adim teskil etmektedir.Bu gézlem verileri, yanmig alanlarin
boyutunu ve yayllma seklini anlamamiza yardimci olmak igin 6nemli bir aractir. Ancak, uygulama kisminda kullanicilar
uydu drinlerinin (EFFIS dahil olmak Gzere) sinirlamalarini dikkatlice g6z oniinde bulundurmalidirlar. Bu baglamda,
yanmis alanlarin tam boyutunu ve yayilma seklini dogru bir sekilde 6lgmek zor olabilir. Bu durum, yanginlarin
karmasikligi ve degiskenligi ile uydu gorintilerinin ¢6zUnurlGgi ve dogrulugunun sinirlamalarindan kaynaklanmaktadir.
Bu sinirlamalarin tstesinden gelmek igin, farkli arazi ortusi siniflari tizerinde bu yanmig alan uriinlerinin performansini
arastirmak ve zamansal/konumsal belirsizliklerini analiz etmek gibi ek ¢alismalara ihtiya¢ duyulmaktadir. Bu ¢alismalar,
uydu yanmig alan triinlerinin dogrulugunu ve glivenilirligini artirmaya yardimci olacaktir. Bu veri setleri bazi sinirlamalari
olsa da yanmis alanlari anlama ve yonetme konusunda oldukca degerli bir aractirlar. Gelecekteki ¢calismalar, uydu yanmis
alan gozlem verilerinin dogrulugunu ve givenilirligini artirmaya ve yangin etkilerini daha iyi anlamamiza yardimci
olacaktir.

Tesekkiir

Bu ¢alismanin gergeklestiriimesinde énemli bir rol oynayan Google Earth Engine veri katalogu ve EFFIS yangin verisi
erisimine, calismama sagladiklari degerli katkilar igin tesekkiir ederim.

Kaynaklar

Akyurek, Z. (2023). Tiirkiye’deki 2000 — 2021 yillari arasindaki bitki 6rtiisi yanginlarinin mekansal analizi. Turkish Journal
of Remote Sensing and GIS, 4(1), 33—46. https://doi.org/10.48123/rsgis.1179051

Amos, C., Petropoulos, G. P., & Ferentinos, K. P. (2018). Determining the use of Sentinel-2A MSI for wildfire burning &
severity detection. International Journal of Remote Sensing, 40(3), 905-930.
https://doi.org/10.1080/01431161.2018.1519284

Campagnolo, M., Oom, D., Padilla, M., & Pereira, J. (2019). A patch-based algorithm for global and daily burned area
mapping. Remote Sensing of Environment, 232, 111288. https://doi.org/10.1016/j.rse.2019.111288

Chuvieco, E., Lizundia-Loiola, J., Pettinari, M. L., Ramo, R., Padilla, M., Tansey, K., ... Plummer, S. (2018). Generation and
analysis of a new global burned area product based on MODIS 250 m reflectance bands and thermal anomalies.
Earth System Science Data, 10(4), 2015-2031. https://doi.org/10.5194/essd-2018-46

Chuvieco, E., Mouillot, F., van der Werf, G. R., San Miguel, J., Tanase, M., Koutsias, N., ... Giglio, L. (2019a). Historical
background and current developments for mapping burned area from satellite Earth observation. Remote Sensing
of Environment, 225, 45—64. https://doi.org/10.1016/j.rse.2019.02.013

Chuvieco, E., Pettinari, M. L., Lizundia Loiola, J., Storm, T., & Padilla Parellada, M. (2019b). ESA Fire Climate Change
Initiative (Fire_cci): MODIS Fire_cci Burned Area Grid product, version 5.1 [Data set]. Centre for Environmental Data
Analysis. https://dx.doi.org/10.5285/3628cb2fdba443588155e15dee8e5352

Demir, S. & Dursun, . (2023). Determining burned areas using different threshold values of NDVI with sentinel-2 satellite
images on gee platform: a case study of Mugla province. International Journal of Sustainable Engineering and
Technology, 7(2), 117-130.

Demirel, Y., & Turk, T. (2023). Tiirkiye’de 2015 ile 2022 yillari arasinda meydana gelen orman yanginlarinin cografi bilgi
sistemleri ile zamansal ve mekansal analizi. Journal of Geodesy and Geoinformation, 10(2), 136-150.
https://doi.org/10.9733/)GG.2023R0010.T

EFFIS Fuel Map. (2023). EFFIS Data and Services. https://effis.jrc.ec.europa.eu/applications/data-and-services

EFFIS. (2023). European Forest Fire Information System. http://effis.jrc.ec.europa.eu/

Filipponi, F. (2019). Exploitation of Sentinel-2 time series to map burned areas at the national level: A case study on the
2017 Italy wildfires. Remote Sensing, 11(6), 622. https://doi.org/10.3390/rs11060622

Fornacca, D., Ren, G., & Xiao, W. (2017). Performance of three MODIS Fire products (MCD45A1, MCD64A1, MCD14ML),
and ESA Fire_CCl in a mountainous area of Northwest Yunnan, China, characterized by frequent small fires. Remote
Sensing, 9(11), 1131. https://doi.org/10.3390/rs9111131

Friedl, M., & Sulla-Menashe, D. (2022). MODIS/Terra+Aqua Land Cover Type Yearly L3 Global 500m SIN Grid V061 [Data
set]. NASA EOSDIS Land Processes Distributed Active Archive Center.
https://doi.org/10.5067/MODIS/MCD12Q1.061

80



Tonbul, H. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 69-82, Mart 2024

Gholamrezaie, H., Hasanlou, M., Amani, M., & Mirmazloumi, S. M. (2022). Automatic Mapping of Burned Areas Using
Landsat 8 Time-Series Images in Google Earth Engine: A Case Study from Iran. Remote Sensing, 14(24), 6376.
https://doi.org/10.3390/rs14246376

Giglio, L., Boschetti, L., Roy, D. P., Humber, M. L., & Justice, C. O. (2018). The Collection 6 MODIS burned area mapping
algorithm and product. Remote Sensing of Environment, 217, 72—85. https://doi.org/10.1016/j.rse.2018.08.005

Giglio, L., Descloitres, J., Justice, C. 0., & Kaufman, Y. J. (2003). An enhanced contextual fire detection algorithm for
MODIS. Remote Sensing of Environment, 87(2—3), 273-282. https://doi.org/10.1016/s0034-4257(03)00184-6

Hall, J. V., Argueta, F., & Giglio, L. (2021). Validation of MCD64A1 and FireCCI51 cropland burned area mapping in
Ukraine. International Journal of Applied Earth Observation and Geoinformation, 102, 102443.
https://doi.org/10.1016/j.jag.2021.102443

Humber, M. L., Boschetti, L., Giglio, L., & Justice, C. O. (2019). Spatial and temporal intercomparison of four global
burned area products. International Journal of Digital Earth, 12(4), 460-484.
https://doi.org/10.1080/17538947.2018.1433727

Kalivas, D., Petropoulos, G. P., Athanasiou, |., & Kollias, V. J. (2013). An intercomparison of burnt area estimates derived
from key operational products: the Greek wildland fires of 2005-2007. Nonlinear Processes in Geophysics, 20(3),
397-409. https://doi.org/10.5194/npg-20-397-2013

Katagis, T., & Gitas, I. Z. (2022). Assessing the Accuracy of MODIS MCD64A1 C6 and FireCCI51 Burned Area Products in
Mediterranean Ecosystems. Remote Sensing, 14(3), 602. https://doi.org/10.3390/rs14030602

Kaufman, Y. J., Tanré, D., & Boucher, O. (2002). A satellite view of aerosols in the climate system. Nature, 419(6903),
215-223. https://doi.org/10.1038/nature01091

Kavzoglu, T., Colkesen, i., Tonbul H., & Oztiirk M. Y. (2021). Uzaktan Algilama Teknolojileri ile Orman Yanginlarinin
Zamansal Analizi: 2021 Yili Akdeniz ve Ege Yanginlari. In T. Kavzoglu (Ed.) Orman yanginlari sebepleri, etkileri,
izlenmesi, alinmasi gereken énlemler ve rehabilitasyon faaliyetleri (pp. 219-251). Turkiye Bilimler Akademisi.

Liu, Y., Stanturf, J., & Goodrick, S. (2010). Trends in global wildfire potential in a changing climate. Forest Ecology and
Management, 259(4), 685—697. https://doi.org/10.1016/j.foreco.2009.09.002

Lizundia-Loiola, J., Otdn, G., Ramo, R., & Chuvieco, E. (2020). A spatio-temporal active-fire clustering approach for global
burned area mapping at 250m from MODIS data. Remote Sensing of Environment, 236, 111493.
https://doi.org/10.1016/j.rse.2019.111493

LP DAAC, (2023). MODIS MCD64A1: MODIS/Terra+Aqua Burned Area Monthly L3 Global 500 m SIN Grid. USGS.
https://Ipdaac.usgs.gov/products/mcd64alv006/

Moreno, M. V., Conedera, M., Chuvieco, E., & Pezzatti, G. B. (2014). Fire regime changes and major driving forces in
Spain from 1968 to 2010. Environmental Science & Policy, 37, 11-22. https://doi.org/10.1016/j.envsci.2013.08.005

Moreno, M. V., Laurent, P., & Mouillot, F. (2021). Global intercomparison of functional pyrodiversity from two satellite
sensors. International Journal of Remote Sensing, 42(24), 9523-9541.
https://doi.org/10.1080/01431161.2021.1999529

Mouillot, F., Schultz, M. G., Yue, C., Cadule, P., Tansey, K., Ciais, P., & Chuvieco, E. (2014). Ten years of global burned
area products from spaceborne remote sensing—A review: Analysis of user needs and recommendations for future
developments. International Journal of Applied Earth Observation and Geoinformation, 26, 64-79.
https://doi.org/10.1016/j.jag.2013.05.014

Orman Genel Mudurlugt. (2020). Tirkive Orman Varhigi 2020. https://www.ogm.gov.tr/tr/ormanlarimiz-
sitesi/TurkiyeOrmanVarligi/Yayinlar/2020%20T%C3%BCrkiye%200rman%20Var|%C4%B1%C4%9F%C4%B1.pdf

Petropoulos, G. P., Knorr, W., Scholze, M., Boschetti, L., & Karantounias, G. (2010). Combining ASTER multispectral
imagery analysis and support vector machines for rapid and cost-effective post-fire assessment: A case study from
the greek wildland fires of 2007. Natural Hazards and Earth System Sciences, 10(2), 305-317.
https://doi.org/10.5194/nhess-10-305-2010

Rasul, A., Ibrahim, G. R. F., Hameed, H. M., & Tansey, K. (2020). A trend of increasing burned areas in Iraq from 2001 to
2019. Environment, Development and Sustainability, 23(4), 5739-5755. https://doi.org/10.1007/s10668-020-00842-
7

Roy, D. P. (1999). Multi-temporal active-fire based burn scar detection algorithm. International Journal of Remote
Sensing, 20(5), 1031-1038. https://doi.org/10.1080/014311699213073

San-Miguel-Ayanz, J., Schulte, E., Schmuck, G., Camia, A., Strobl, P., Liberta, G., ... Amatulli, G. (2012). Comprehensive
monitoring of wildfires in Europe: The European forest fire information system (EFFIS). In J. Tiefenbacher (Ed.),
Approaches to managing disaster-Assessing hazards, emergencies and disaster impacts (pp. 87-108). IntechOpen.

Stephens, S. L., Agee, J. K., Fulé, P. Z., North, M. P.,, Romme, W. H., Swetnam, T. W., & Turner, M. G. (2013). Managing
Forests and Fire in Changing Climates. Science, 342(6154), 41-42. https://doi.org/10.1126/science.1240294

Sulla-Menashe, D., & Friedl, M. A., (2018, May 14). User Guide to Collection 6 MODIS Land Cover (MCD12Q1 and
MCD12C1) Product. USGS. https://Ipdaac.usgs.gov/documents/101/MCD12_User_Guide_V6.pdf

81


https://doi.org/10.5194/nhess-10-305-2010
https://doi.org/10.5194/nhess-10-305-2010

Tonbul, H. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 69-82, Mart 2024

Tonbul, H., Colkesen, ., & Kavzoglu, T. (2019, 7-9 Kasim). Forest fire and burn severity analysis in Cefalu region of Italy
using Sentinel-2 imagery [Conference presentation]. International Symposium on Applied Geoinformatics (ISAG-
2019), Istanbul, Turkey.

Tonbul, H., Colkesen, I., & Kavzoglu, T. (2022). Pixel- and Object-Based ensemble learning for forest burn severity using
USGS FIREMON and Mediterranean condition dNBRs in Aegean ecosystem (Turkey). Advances in Space Research,
69(10), 3609-3632. https://doi.org/10.1016/j.asr.2022.02.051

Turco, M., Herrera, S., Tourigny, E., Chuvieco, E., & Provenzale, A. (2019). A comparison of remotely-sensed and
inventory datasets for burned area in Mediterranean Europe. International Journal of Applied Earth Observation and
Geoinformation, 82, 101887. https://doi.org/10.1016/j.jag.2019.05.020

Vetrita, Y., Cochrane, M. A., Suwarsono, Priyatna, M., Sukowati, K. A. D., & Khomarudin, M. R. (2021). Evaluating
accuracy of four MODIS-derived burned area products for tropical peatland and non-peatland fires. Environmental
Research Letters, 16(3), 035015. https://doi.org/10.1088/1748-9326/abd3d1

Yildiz, C., Comert, R., Tanyas, H., Yilmaz, A., Akbas, A., Akay, S. S., ... Gorim, T. (2023). The effect of post-wildfire
management practices on vegetation recovery: Insights from the Sapadere fire, Antalya, Tlrkiye. Frontiers in Earth
Science, 11, 1174155. https://doi.org/10.3389/feart.2023.1174155

Zhang, S., Zhao, H., Wu, Z., & Tan, L. (2022). Comparing the ability of burned area products to detect crop residue burning
in China. Remote Sensing, 14(3), 693. https://doi.org/10.3390/rs14030693

Zhou, L., Wang, Y., Chi, Y., Wang, S., & Wang, Q. (2019). Contrasting Post-Fire Dynamics between Africa and South
America based on MODIS Observations. Remote Sensing, 11(9), 1074. https://doi.org/10.3390/rs11091074

82



Turkish Journal of Remote Sensing and GIS
Tiirk Uzaktan Algilama ve CBS Dergisi

.--D""

2020

e Jors o Turk J Remote Sens GIS, Mart 2024, 5(1): 83-101
Remate Sensing and GIS Dergi Anasayfasi: http://www.dergipark.org.tr/en/pub/rsgis

izmit K6rfezi Dogu Kiyisindaki Dogal ve Antropojenik Kokenli
Degisimlerin DSAS Araci ile Analizi

Analysis of Natural and Anthropogenic Changes on the Eastern Coast of the Gulf of
Izmit Using DSAS Tool

S. Murat Uzun'*

Marmara Universitesi, insan ve Toplum Bilimler Fakiiltesi, Cografya Béliimii, istanbul/Tiirkiye.

ARASTIRMA MAKALESI Ozet
*Sorumlu yazar: Bu ¢alismada, jeomorfolojik olarak cesitlilik sunan, yogun antropojenik baskinin oldugu
S. Murat Uzun izmit Kérfezi dodu kiyilarindaki 1975-2023 arasi kiyi dedisimleri DSAS araci ile
murat.uzun@marmara.edu.tr incelenmistir. Calismada, Cografi Bilgi Sistemleri (CBS) ve Uzaktan Algilama (UA) teknikleri
etkin sekilde kullanilmistir. Arastirmada 1975-2020 arasi 5’er yillik arayla ve 2023 yilina ait
doi: 10.48123/rsgis.1410923 Landsat uydu goriintiileri lzerinden NDWI ve MNDWI analizleri ile kiyr ¢izgileri
belirlenmistir. Daha sonra kiyi gizgileri DSAS aracindaki NSM, SCE, EPR ve LRR analizlerine
Yayin siireci tabi tutulmus, kiyi ¢izgisi dedisiminin zamansal agindan mekdnsal ve kantitatif verileri
Gelis tarihi: 27.12.2023 saptanmistir. Calismada, NSM analizine gére ortalama 4,53 m, maksimum 510,6 m ve
Kabul tarihi: 05.03.2024 minimum -833,6 m’lik kiyi ¢izgisi dedisimleri saptanmistir. LRR istatistigine gére izmit
Basim tarihi: 28.03.2024 Kérfezi dogu kiyilarinda yillik 0,3 m, maksimum 13,1 m, minimum -20,8 m’lik degisimler

hesaplanmstir. Genis alanl kiyi degisimleri, Cuhane Deresi deltasinin ortadan kalktigi,
Kiraz Dere deltasinin olustudu sahalarda, izmit sahil seridi dolgu alaninda, Basiskele-
Golciik arasi sanayi, tersane kiyi seridinde gézlemlenmistir. Meydana gelen kiyi
degisimlerine, kiyi jeomorfolojisi dinamik kosullarinin yaninda dogrudan ve dolayli olarak
kiytya yapilan antropojenik miidahalelerin neden oldugu tespit edilmistir.

Anahtar kelimeler: DSAS, Kiyi degisimleri, Uzaktan algilama (UA), Cografi bilgi sistemleri
(CBS), izmit kérfezi

Abstract

In this study, coastal changes between 1975-2023 on the eastern coast of Izmit Bay, which
offers geomorphological diversity and has intense anthropogenic pressure, were examined
with DSAS tool. In the study, Geographic Information Systems (GIS) and Remote Sensing
(RS) techniques were used effectively. In the study, coastlines were determined by NDWI,
MNDWI analysis on Landsat satellite images of 1975-2020 at 5-year intervals and 2023.
Then, the coastlines were subjected to NSM, SCE, EPR and LRR analyses in the DSAS tool,
and spatial and quantitative data of the coastline change in terms of time were
determined. According to the NSM analysis, the mean shoreline change was 4.53 m, the
maximum was 510.6 m and the minimum was -833.6 m. According to LRR statistics, annual
changes of 0.3 m, maximum 13.1 m and minimum -20.8 m were calculated on the eastern
shores of Izmit Bay. Large area coastal changes were observed in the areas where the
Cuhane Stream delta disappeared and the Kiraz Stream delta was formed, in the Izmit
coastline filling area, in the industrial, shipyard coastline between Basiskele-Gélciik. It has
been determined that the coastal changes are caused by the dynamic conditions of coastal
geomorphology as well as direct and indirect anthropogenic interventions to the coast.

Keywords: DSAS, Shoreline change, Remote sensing, Geographic information systems
(GIS), Gulf of Izmit
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1. Girig

Dogal ve beseri unsurlar arasindaki etkilesimde dogal ortam 6zellikleri, istisnai faaliyetler diginda, uzun bir zaman dilimi
boyunca insanoglunun faaliyetlerinin dagilisi ve boyutlarinda etkili olmustur. Gegmiste mikro 6lgekli olsa da sanayi
devriminden itibaren insanoglunun dogal ortam kosullarina etkisi her gegen giin artmis ve artmaya devam etmektedir
(Cuff, 2008). Artan diinya nifusu, gelisen tarim teknikleri, sanayi ve teknolojik imkanlar ile talep ve ihtiyaglarin artmasi
dogal unsurlarin daha fazla kullanilmasina neden olmaktadir (Ellis, 2017). Dolayisiyla antropojenik faaliyetler dogrudan
ya da dolayli olarak bitin dongiler ve dinamik isleyis sureglerine etki etmektedir (Uzun, 2021). Bu durum jeolojik
anlamda da artik insan etkisinin dogal kosullar Uzerinde degisim ve sekillendirici boyuta geldigi doneme ithafen
antroposen kavrami ile isimlendirilmektedir (Crutzen & Stoermer, 2000; Szabé vd., 2010; Steffen vd., 2011). Antroposen
kavraminin gegmisi 1800°lU yillarin sonuna gelse de 6zellikle iklim degisikligi ve etkileri ile 2000 yillar itibariyle bilim
dinyasinda rol almis, tartisiimis ve artik birgok bilimsel ¢alismanin konusu olmustur (Li vd., 2017; Cao vd., 2020; Hoelle
& Kawa, 2021).

Dinamik yapisi, degisen, gelisen ve ¢ok cesitli unsurlarla gézlemlenen jeomorfolojik siireg ve yapilar da antropojenik
faaliyetlerden etkilenmistir (Goudie, 1993; Tarolli vd., 2019). Bu durumdan hareketle rélyef, topografya, morfolojik
birimler ve jeomorfik siireglerde ki antropojenik etkinin arttigi, dogrudan ve dolayli olarak rolyefe miidahalenin oldugu,
degisimler yasandig ve topografyanin yeniden tanzim edildigi ortaya ¢ikmaktadir (Brown vd., 2013; Goudie, 2020). Bu
kapsamda jeomorfolojik unsur ve siregler Uzerinde antropojenik etkenlerle meydana gelen degisimler, etkiler ve
degisen morfolojik unsurlarin analizi antropojenik jeomorfoloji alaninda incelenmektedir (Rdzsa & Novak, 2011; Brown
vd., 2017; Price vd., 2011). Jeomorfolojik unsur ve siiregler arasinda da antropojenik etkinin midahalesine en kisa
zamanda degisim ve yeniden sekillenme olarak tepki veren kiyi jeomorfolojik unsurlaridir (Pouye vd., 2023). Kiyi
jeomorfolojik birimleri, kara ve hidrografik unsurlar arasindaki etkilesimden kaynaklanan, farkli parametrelerin siireg ve
yapi lUzerinde etkili oldugu ayni zamanda degisimlerin ¢ok kisa periyotta meydana geldigi birimlerdir (Bird, 2008). Bu
durumda antropojenik etkenlerin kiyilarin jeomorfolojik degisim sirecinde rol almasina neden olmaktadir (Turoglu,
2019; Song vd., 2021).

Kiy1 jeomorfolojik birimleri temel olarak kiyi gizgisi, kiy1 bolgesi ve kiyinin bélimleri belirlenerek ortaya ¢ikmaktadir
(Ering, 1986; Erol, 1989). Kiyilardaki unsurlar jeolojik devirlerde meydana gelen, iklim salinimlari, 6statik, tektonik
hareketler ve diger unsurlarin etkisi ile biylk degisimlere ugramis, bu degisim glinimiizde dogal kosullarin yaninda
antropojenik kosullarin etkisiyle de devam etmektedir (Bird, 2008; Turoglu, 2017). Kiyilardaki degisimler cizgisel ve
alansal olarak meydana gelebilecegi gibi uzun ve kisa periyotlarda da zamansal olarak da meydana gelebilmektedir
(Davidson-Arnott, 2010). Meydana gelen degisimlerin zamansal, mekansal ve boyutsal olarak degerlerinin tespit
edilmesi, kiyi yonetimi, jeomorfolojik siire¢ analizi, kent planlama, ekolojik analizler gibi ¢ok farkli alanlara etki
etmektedir (Turoglu, 2009). Bu buyuk etki ayni zamanda ekosistem degisimlerinin de kiyi ve kiyinin deniz ile kara
tarafindaki bolimlerinde yasanmasina sebebiyet vermektedir (Grottolli vd., 2023). Meydana gelen degisimlerde
antropojenik etkinin artmasi farkl sorunlarinda ortaya gikabilmesine neden olmaktadir (Kale, 2019). Bu nedenden dolayi
yasanmasi muhtemel sorunlarin 6niine gecilmesi, kiyinin dinamik isleyis yapisinin tahmin edilmesi ve diger calisma
alanlarinda kullanilmak tzere Dlinya’da ve Tirkiye’de kiyir degisimleri kapsaminda ¢ok farkl teknikler kullanilarak
calismalar yapilmaktadir (Tagil & Cirebal, 2005; Kuleli, 2010; Darwish vd., 2017; Coban vd., 2020; Samra & Ali, 2021;
Alevkayali vd., 2023; Kazi & Karabulut, 2023; Oztiirk & Uzun, 2023). Yapilan calismalarda farkli ¢dziiniirliikteki uydu
goruntileri Cografi Bilgi Sistemleri (CBS) ve Uzaktan Algilama (UA) teknikleri kullanilarak incelenmekte ve kiyinin farkh
degisimleri analiz edilmektedir (Ataol vd., 2019; Hu & Wang, 2020; Gdmez-Pazo vd., 2022; Lazuardi vd., 2022; Siyal vd.,
2022; Wu vd., 2022; Kilar, 2023; Uzun, 2023; Tagil vd., 2023). Bu analizlerden biri de Amerika Birlesik Devletler Jeoloji
Arastirma Kurumu (United States Geological Survey - USGS) Griini olan ve ArcGIS yazilimina eklenti saglayan Sayisal Kiyi
Cizgisi Analiz Sistemi’dir (DSAS - Digital Shoreline Analysis System). Sistem icerisinde yer alan farkli istatistikler ile kiyilarin
gecmisten glinimuize degisimi mekansal acgidan analiz edilebilmekte ve sayisal olarak degisim verileri ortaya
konmaktadir (Kale, 2019; Oztiirk & Uzun, 2023). Belirtilen biitiin kapsamlar dahilinde bu ¢alismada yogun niifus, sanayi,
yerlesim ve ulasim baskisi altinda kalmis olan, dogal ve antropojenik degisimlerin odaklandigi izmit Kérfezi dogu havzasi
kiyi seridinin 1975-2023 yillari arasindaki kiyr degisimi DSAS araci ile analiz edilmistir.

Calisma sahasi Marmara Denizi’'nin dogusunda kara igine dogru sokulmus olan izmit Kérfezi kiyilarinin dogu baseni
olarak adlandirilan havzanin kiyi serididir (Sekil 1). Kiyinin kuzey kesimindeki sinirini Derice limani, glineydeki sinirini
Kazikli Dere agiz kesiminin hemen batisi olusturmaktadir.

Kiyi seridi idari acidan Kocaeli iline bagli Derince, izmit, Basiskele ve Gélciik ilge sinirlar icerisindedir. Cografi
koordinat sistemine gére izmit Kérfezi dogu kiyi sahasi 40°43’ 0”’- 40°45’ 30” kuzey enlemleri ile 29°50’ 30"-29°56’ 30"
dogu boylamlari arasinda yer alir (Sekil 1).
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Sekil 1. inceleme sahasinin lokasyon haritasi

izmit Koérfezi kiyilari, neo-tektonik hareketlerle depresyon alani olan sahanin 6statik hareketler ve iklim salinimlari
sonucu deniz haline gegmesi ile meydana gelmistir (Hosgoren, 1995). Kiyilarin gliney cephesini olusturan Samanli Daglari
(Kartepe blogu) kuzeydeki Kocaeli platosuna gore tektonizma sonucu daha fazla ylikselmis ve kiyilarin drenaj sebekesinin
genislemesini saglamistir. Olusan drenaj agi erozif faaliyetler, sedimantasyon ile birlikte dzellikle izmit Kérfezi-Sapanca
olugunu allvyal birimlerle doldurmus ve bu kiyilarda delta, laginer alanlar meydana gelmistir (Turoglu, 1993). Yine
gilineyden egimi yliksek, havza alani genis olan konsekant akarsular materyal tasiyarak Kazikh Dere deltasi basta olmak
Uzere diger mikro deltalari olusturmustur. Kuzeyde, havza alani kiigiik olan akarsular daha dusik materyal tasinimi,
topografik durum nedeniyle kiyida genis deltalar olusturamamistir. Jeolojik iklim salinimlari, degisen kiyi kadide seviyesi
nedeniyle izmit Kérfezi kiyilari gerisinde denizel taragalar da mevcuttur. izmit Kérfezi dogu kiyr seridinin tamami algak
kiyi 6zelligi gdstermektedir. incelenen kiyi seridini drene eden su toplama havzasi 866 km?lik alan kaplamaktadir.
Calismada, izmit Kérfezi Dogu kiyilarinda 1975-2023 yillari arasinda belirlenen periyotlardaki kiyi cizgilerinin tespit
edilmesi, meydana gelen degisimlerin saptanmasi, DSAS aracindaki analizlerle degisimlerin kantitatif boyutunun ortaya
konmasi ve meydana gelen kiyi degisimlerindeki dogal ve antropojenik kokenli nedenlerin agiklanmasi amaglanmistir.
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Bu kapsamda cografi bakis acisi, arastirma yontemleri ile Cografi Bilgi Sistemleri (CBS) ve Uzaktan Algilama (UA)
tekniklerinin etkin kullanimi sonucu meydana gelen kiyir degisimlerin butiincil olarak analiz edilmesi diger amaci
olusturmaktadir. Bu dogrultuda ortaya konacak bulgularin gcalisma sahasi ve alan yazini ile ilgili yeni sorulari, hipotezleri
aciga cikarma ve tekrar sorgulama imkani saglamasi da hedeflenmistir.

2. Materyal ve Yontem

Calismada altlik malzeme olarak, arastirma sahasi kapsaminda Harita Genel Mudirligiinden alinan 1:25.000 6lgekli
topografya paftalari, Amerika Birlesik Devletler Jeoloji Arastirma Kurumu (United States Geological Survey- USGS)’'ndan
Landsat uydu gorintileri (1975-2023 arasi), Google Earth Pro’dan (GEP) son 10 yila ait uydu gorintileri, arazi
calismalarindaki bulgular, belediyelerden temin edilen fotograflar ve daha dnce yapilmis ¢alismalardaki gorseller
kullanilmigtir.

Arastirmada ilk olarak izmit Kérfezi dogu kiyilarinin sinirlari belirlenmis, drenaj havzasinin Sayisal Yiikselti Modeli
(SYM) olusturulmustur. Daha sonra Landsat Gzerinden 1975, 1980, 1985, 1990, 1995, 2000, 2005, 2010, 2015, 2020 ve
2023 yillarina ait uydu goérintileri temin edilmistir (Tablo 1). Kiyi ¢izgisi degisim analizi icin uydu gérintilerinin bant
kombinasyonlari su ylizeyine uygun hale getirilmistir. Daha sonra kiyi ¢izgisinin tam olarak saptanabilmesi i¢in her bir
uydu gériintiisiiniin bant verileri kullanilarak Normallestirilmis Fark Su indisi (NDWI) ve Modifiye Edilmis Normalize Su
Farki indeksi (MNDWI) analizleri uygulanmistir (McFeeters, 1996; Xu, 2006). NDWI ve MNDW!I analizlerinde asagidaki
formdiller kullanilmaktadir.

(Pgreem - NIR) MNDWI = (Rgreem - PSWIRZ) (1)

NDWI =
(Rgreen + NIR) (Pgreen + PSWIRZ)

NDW!I analizinde yesil (Pgreen) ve yakin kizilotesi (NIR), MNDW!I analizinde yesil (Pgreen) ve ikinci kisa dalga kizil6tesi
(Pswirz) bantlar Gzerinden analizler yapilir (Gao, 1996; McFeeters, 1996). NDWI ve MNDW!I sonuglari 1 ve -1 arasinda
degismektedir. Calismada 0,2 ve daha fazla degere sahip alanlar su ylzeyi olarak kabul edilmis, esik analizi ile kiyi gizgisi
¢tkarimi otomatik olarak yapilmistir (Singh vd., 2015; Hossain vd., 2021). Daha sonra GEP {izerinden tekrar kontrol edilen
kiyi gizgilerinde manuel diizenlemeler yapilarak DSAS analizleri i¢in uygun hale getirilmistir.

Tablo 1. Calismada kullanilan Landsat uydu goriintilerinin 6zellikleri

Tarih Uydu Coziiniirlilkk (m)  Bulutluluk (%)
17.06.1975  Landsat 2-MSS 60 2,4
10.08.1980  Landsat 2-MSS 60 1,3
27.08.1985 Landsat 5-TM 30 0
24.07.1990 Landsat 5-TM 30 0
6.07.1995 Landsat 5-TM 30 0,1
4.08.2000 Landsat 5-TM 30 0
1.07.2005 Landsat 7-ETM 30 0,2
31.07.2010 Landsat 7-ETM 30 0
14.08.2015  Landsat 8-OLI-TIRS 15 0
26.07.2020  Landsat 8-OLI-TIRS 15 0
4.08.2023 Landsat 9-OLI-TIRS 15 0
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Sekil 2. Calismanin is-akis semasi

Elde edilen kiyi gizgileri verileri ArcGIS 10.8 yazihmina eklenti olan Digital Shoreline Analysis System-DSAS V5.1 araci
kullanilarak analiz edilmistir (Sekil 2). Arastirmada DSAS araci icerisindeki istatistikler kullanilarak izmit Kérfezi Dogu
kiyilarinin gizgisel degisimlerin zamansal ve mekansal boyutu tespit edilmistir. DSAS aracinda Net Kiyi Cizgisi Degisimi
(Net Shoreline Movement-NSM), Son Nokta Orani (End Point Rate-EPR), Kiyi Cizgisi Degisim Limiti (Shoreline Change
Envelope - SCE) ve Dogrusal Regresyon Orani (Linear Regression Rate-LRR) analiz istatistikleri kullaniimistir.

NSM istatistigi kiyi cizgisi belirlenen periyotlardaki eski ve yeni kiyi gizgilerinin mesafesini analiz etmekte
kullanilmaktadir (Himmelstoss, 2018; Kilar & Cicek, 2018). NSM istatistigi ile kiyi gizgilerinin belirlenen donemlerdeki
degisim degerinin ortalamasi, maksimum ve minimum miktari saptanabilmektedir. EPR istatistigi incelenen
dénemlerdeki eski ve yeni kiyi gizgisi degisim mesafesinin zamana bélinmesi ile hesaplanmaktadir (Oztiirk & Uzun,
2023) (Sekil 3). EPR sonuglari yillik kiyr asinim ve birikim miktarini agiklamakta kullanilir (Himmelstoss, 2018). SCE analizi,
belirli bir transect tizerinden zamansal olarak tiim kiyi seritleri arasindaki en bliyik mesafeyi temsil eder (Himmelstoss,
2018; Kazi & Karabulut, 2023). Zamansal olarak iki kiyi seridi arasindaki toplam mesafenin isareti olmadigindan, SCE
degeri her zaman pozitiftir ve metre cinsinden ifade edilir. LRR, belirlenen profildeki bitiin kiyi seritlerinin zamana
bélinmesi ile hesaplanir (Himmelstoss, 2018). LRR analizi kiyi ¢izgisi degisiminde hatayi en aza indirerek hesaplama
yapilmasini saglar.

Calismada ArcGlIS eklentisi olarak kurulan DSAS V5.1 aracinda izmit Kérfezi dogu kiyi gizgisi degisiminin belirlenmesi
icin ilk olarak deniz tarafinda baseline ¢izilmis, sonra kiyi ¢izgisi tarihleri ve belirsizlik (uydu goérintilerinin ¢ozlnlrlGgine
gore) degerleri veri olarak sayisallastirilmistir (Himmelstoss vd., 2018). Calismada kiyi gizgisi degisimi icin belirlenen
transect (profil) araligi 10 metre olarak temel alinmistir.
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Sekil 3. DSAS araci analiz sistematiginin gosterimi (Himmelstoss vd., 2018’den faydalanilarak tretilmistir)

izmit Kérfezi dogu kiyi cizgisi degisim analizlerinden sonra incelenen her tarihteki kiyi cizgisi daha sonra ArcGIS
yaziliminda polygona gevrilmistir. ArcGlS-geoprocessing-union 6zelligi kullanilarak ardisik dénemler arasinda ve uzun
donemli olarak (1975-2023) kiyi asinimi ve kiyi birikim sahalari tespit edilmistir.

Elde edilen bitin analiz, istatistik ve kartografik bulgular cografi bakis agisiyla incelenerek calisma sahasinda
zamansal ve mekansal olarak meydana gelen kiy1 degisimlerinin nedenleri ortaya konmustur.

3. Bulgular

3.1 izmit Kérfezi Dogu Kiyi Gizgilerinin Zamansal Olarak Degisim Analizi

izmit Kérfezi dogu kiyilarinda, 1975-2023 yillari arasinda Landsat uydu gériintiileri ve gériintiilerin MNDWI analizi
sonuglari, farkli lokasyonlarda alansal ve cizgisel olarak degisimlerin yasandigi gostermektedir (Sekil 4 ve 5). Ayrica
meydana gelen degisimler 1975, 1980, 1985, 1990, 1995, 2000, 2005, 2010, 2015, 2020 ve 2023 yillarinda mekansal
olarak farkliliklar géstermektedir. Bu durum izmit Kérfezi dogu kiyisinda periyotlar halinde mekansal, zamansal, cizgisel
ve geometrik degisimlerin gesitlilik gdstermesine ve degisime neden olan dogal ve antropojenik faktérlerinde
farklilasmasina neden olmustur.
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Sekil 4. Calismada kullanilan izmit Kérfezi dogu kiyilarinin Landsat uydu gériintileri

izmit Kérfezi dogu kiyilarinin NDWI ve MNDWI analizleri sonuglari incelendiginde, 1975 yilindan 2023 yilina 6zellikle
korfezin dogu kiyisinda Cuhane Dere (Bliylk Azmak) deltasinin kiyi erozyonuna ugradigi, belli alanlarda antropojenik
faaliyetlerle degisimlerin yasandigi hemen dikkat cekmektedir (Sekil 5). Ayrica izmit ve Derince sahil seridinde kiyinin
ilerledigi ve antropojenik dolgu calismalarinin oldugu uydu ve MNDW!I analizinden anlasiimaktadir. inceleme sahasinin
gliney kiyilarinda ise donemsel olarak dogal ve antropojenik faktorlerin ortak etkisinde farkli kékenli kiyi degisimleri
yasanmistir. Ozellikle Kazikli Dere deltasi ve dogusunda 17 Agustos 1999 depreminin etkisi ile zemin sivilasmaya ugramis,
¢6kmiis ve deniz ilerlemesi gerceklesmistir (Ozmen, 2000; Efe & Demirci, 2001) (Sekil 4 ve 5). Daha sonra belirtilen saha
antropojenik etkenlerle yeniden tanzim edilmis, tersane, sanayi, liman sahalarina doénistirilmis ve antropojenik
kokenli kiyr dolgu alanlari meydana gelmistir.
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Sekil 5. Belirlenen tarihlerdeki uydu gériintilerin NDWI ve MNDWI analizi sonuglarina gére izmit Kérfezi dogu kiyilari

izmit Kérfezi dogu kiyilarinda uydu goriintiileri ve NDWI, MNDW!I analizleri sonuglari géstermektedir ki kiyi gizgilerinde
farkli lokasyonlarda 6nemli degisimler yasanmistir. Degisimler, kiyi ilerlemesi ve kiyi gerilmesi seklinde gerceklesirken,
dogal ve beseri faktorler meydana gelen degisimlerin nedenlerini olusturur. Kiyi da zamansal ve mekansal olarak
meydana gelen degisimler kiyi gizgisinin uzunlugunun da degismesine neden olmustur (Sekil 6). izmit Kérfezi dogu
kiyisinin uzunlugu 1975 yilinda 25,3 km iken, 1980’de 27,2 km, 1985’de 29,7 km, 1990’da 30,7 km, 1995’de 31,7 km,
2000’de 31,2 km, 2005’de 33,9 km, 2010’da 32,7 km 2015’de 33,6 km, 2020’de 34,3 km ve 2023 yilinda 35,6 km olarak
hesaplanmistir. Kiyi ¢izgisi uzunlugunun 1975 yilindan 2023 yilina kadar 10,3 km artmasinin nedenlerini, liman, tersane
gibi antropojenik unsurlarin kiylyi yeniden tanzim etmesi, kiyida deprem nedenli degisimlerin yasanmasi, flivyal
sureglerin etkisi ile kiylya materyal tasinimi ve delta gelisimleri olusturmaktadir.

Kiyi gizgisi uzunlugu inceleme sahasinin kuzey kiyilarinda antropojenik midahaleler sonucu degisime ugramistir.
Dogu kiyilarda ise dogal ve antropojenik kokenli olarak dogrudan ve dolayli yollarla kiyinin dinamik yapisi degismis ve
kiyi cizgisi uzunlugu degismistir. Cuhane Dere deltasi dogrudan ve dolayli antropojenik etkenler ile jeomorfolojik
slreclerdeki dogal dinamizmin devam etmesi ile delta yok olmus, glineydeki sahada ise sulak alana Kiraz Dere’nin kanal
vasitasiyla baglanmasi sonucu yeni delta sahasi meydana gelmistir. inceleme sahasinin giiney kiyilarinda ise dogal ve
antropojenik etkenler kiyinin jeomorfolojik yapisinda ortak etken olmus, kiyinin girinti-gikinti yapisi artarak kiyi gizgisi
uzunlugu da artmistir (Sekil 6).
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Sekil 6. izmit Kérfezi dogu kiyilarinin belirlenen tarihlerdeki kiyi gizgileri
3.2. izmit Korfezi Dogu Kiyisindaki Degisimlerin DSAS Araci ile Analizi

izmit Kérfezi dogu kiyisi gizgilerinin tiim inceleme yillarina ait verileri, DSAS aracinda yer alan NSM, EPR, SCE ve LRR
istatistikleri ile ayri ayri analiz edilmistir. izmit Kérfezi dogu kiyilarinda 1975-2023 yillari arasinda NSM istatistigine gore
ortalama 4,53 m, maksimum 510,6 m ve minimum -833,6 m’lik kiyi gizgisi degisimi tespit edilmistir (Tablo 2). NSM
analizinde pozitif yonlii olarak kiyi ilerlemesinin gorildiigii maksimum alanlar, izmit fuar alanindan batiya dogru kiy!
seridinin birka¢ alan hari¢ tamaminda gozlemlenmektedir (Sekil 7). Bu alanda antropojenik faktorlerle yapilan kiyiya
midahale, dolgu alanlari, kiyi peyzaj diizenlemesi kiyinin ilerlemesine neden olmustur. Diger kiyi birikimi sahasi ise Kiraz
Dere deltasinin jeomorfolojik olarak olusmasiyla meydana gelmistir. Ancak deltanin ortaya ¢ikmasina Guhane Dere
yataginin yapay kanala alinmasi, giineyden genis bir havzadan gelen Kiraz Dere’nin izmit Kérfezi sulak alana ydnelmesi
ile dogrudan ve dolayh olarak antropojenik seklinde de degisimler neden olmustur. Bu etken Kiraz Dere Deltasi
kuzeyindeki Cuhane Dere deltasinin ise 1975-2023 yillari kapsaminda erozyona ugramasina ve ortadan kalmasina da
sebebiyet vermistir (Sekil 7 ve 8). Bu saha ayni zamanda NSM istatistigi icerisinde negatif yonlu pik degerlerin gorilduga
kiyiyt olusturmaktadir. NSM istatistigine gore Golcik-Kazikli Dere deltasi-Basiskele kiyi seridinde ise dogal ve
antropojenik etkenlerle hem kiyi erozyonu hem de kiyi birikimi meydana gelmistir (Sekil 7 ve 8). 17 Agustos 1999 Golcuk
depremi nedeniyle Golcilik-Basiskele arasindaki Kazikli Dere deltasinda meydana gelen sivilasma ve zemin ¢okmesi ile
kiyl erozyona ugramis, kara deniz haline ge¢mistir. 2005 yilindan sonra bu kiylya sanayi, tersane ve liman odakh
antropojenik midahale yapilmis ve kiyida dolgu alanlari olusturulmustur. Bu durum NSM istatistiginde Golcik-Basiskele
arasinda pozitif ve negatif yonli degerlerin birlikte gorilmesine neden olmustur (Sekil 7 ve 8).
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Sekil 8. izmit Korfezi dogu kiyilarinin NSM istatistiksel analiz grafigi

izmit Kérfezi dogusunda 1975-2023 yillari arasinda SCE istatistigine gore kiyi cizgisinde, ortalama 191,5 m, maksimum
964,9 m ve minimum 25,4 m’lik degisim saptanmistir (Tablo 2). SCE tiim kiyi gizgileri arasindaki en uzak mesafeyi ortaya
koydugu icin deger daima pozitiftir. izmit Kérfezi dogu kiyilarinin mesafe acisindan en biiyiik degisimi, gecmisten
glinimize jeomorfolojik olarak yok olan Cuhane Dere’si deltasinda ve Basiskele serbest bolge limaninda meydana
geldigi tespit edilmistir (Sekil 9 ve 10). izmit Sekapark kiyilarindan batiya dogu Derince kiyilarina kadar degisimin mesafe
boyutu muhtelif alanlar harig 200 m altinda kalmaktadir (Sekil 9 ve 10). Ayni degisim sireci ve mesafe boyutu Basiskele

sahil seridinden tersane-serbest bolge limanina kadar da goriilebilmektedir.
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Sekil 10. izmit Kérfezi dogu kiyilarinin SCE istatistiksel analiz grafigi

Tablo 2. izmit Kérfezi dogu kiyilarinin NSM, EPR, SCE ve LRR istatistikleri ortalama, maksimum ve minimum degerleri

Ortalama Maksimum Minimum
NSM (m) 4,53 510,6 -833,6
EPR (m/yil) 0,09 10,6 -17,32
SCE (m) 191,5 964,9 25,4
LRR (m/yil) 0,3 13,1 -20,8

EPR istatistik analizi sonucuna gore izmit Kérfezi dogu kiyilarinda 1975-2023 yillari arasinda ortalama 0,09 m/yil,
maksimum 10,6 m/yil ve minimum -17,31 m/yil degerinde kiyi ¢izgisi degisimleri saptanmistir (Tablo 2). EPR analiz
sonuclarina gore yillik degisimin pozitif yonli olarak en yiiksek mesafede meydana geldigi alanlari, izmit ilge merkezi

sahil seridi, Basiskele tersane sahasi ve Kiraz Dere deltasi olusturmaktadir (Sekil 11).
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Kiyr gerilemesinin gorildigi ve negatif degerlerle temsil edilen alanlari, yok olan Cuhane Dere deltasi ve serbest bdlge
liman alaninda 17 Agustos 1999 depreminden sonra ¢6ken kiyi seridi olusturmaktadir (Sekil 11). Diger kiyi seritlerinde
ortalama degerlerin 0-1 m/yil oldugu ve degisimin kiyi dolgu alanlari seklinde gorildugu tespit edilmistir.
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Sekil 11. izmit Kérfezi dogu kiyilarinin EPR istatistigi analizi

LRR istatistik analizi sonucuna gore izmit Kérfezi dogu kiyilarinda 1975-2023 yillari arasinda ortalama 0,3 m/yil,

maksimum 13,1 m/yil ve minimum -20,8 m/yil degerinde kiyi ¢izgisi degisimleri saptanmistir (Tablo 2). Dogrusal
regresyon analizi sonuclari izmit Kérfezi dogu kiyisinda yasanan degisimin yillik mesafe boyutunu kantitatif veriler
Uzerinden en dogru sekilde ortaya koymaktadir. Bu durumdan dolayi kiyidaki ortalama degisimin yillik olarak 0,3 m/yil
olmasi, incelenen kiyi seridinde mesafe olarak biiylik degerde ilerleme-gerilemenin olmadigini ortaya koyar. Ancak kiyi
seridinde spesifik lokasyonlarda ¢ok biyik degisimler yasanmistir. Gliniimuizde deniz haline gegen Cuhane Dere deltasi
1975-2023 arasinda yillik -17,32 m mesafe ile kiy1 gerilemesine ugramistir (Sekil 12). Kazikli Dere deltasinin dogusu ve
batisinda 17 Agustos 1999 Golciik depremi nedeniyle ¢dken sahalarda ise kiyi gerilemesi yillik -7 ve -10 m arasinda
degismektedir (Sekil 12). izmit kiyi seridinde otopark alani olarak kiyinin doldurulmasi bu sahada kiyi ilerlemesinin yillik
10 m’nin Uzerinde degerde olmasina neden olmustur. Diger kiyi seritlerinde de degisim kiyi ilerlemesi seklinde olup
pozitif yonladur. Ancak degisimin yillik mesafe boyutu 0-3 m arasindadir.
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Sekil 12. izmit Kérfezi dogu kiyilarinin LRR istatistigi analizi
3.3. izmit Korfezi Dogusunda Kiyi Birikimi ve Asinimin Zamansal ve Mekansal Analizi

izmit Kérfezi dogu kiyilarinda yasanan kiyi gizgisi degisimi sonucu kiyi birikimi ve kiyi asinimi sahalari meydana gelmistir.
Bu alanlar uzun periyotta (1975-2023) ve ardisik donemler olarak farkh kantitatif degerler géstermekte ve mekansal
acidan da degisimler gdzlemlenmektedir.

1975-1980 arasi donemde Cuhane Deresi deltasinin biyuk bélima, kiyillara drenaj saglayan akarsu agi sistemine
yapilan antropojenik miidahaleden etkilenmistir. Bu bakimdan delta sahasinda kiyi erozyonu meydana gelmistir (Sekil
13). Belirtilen periyot icerisinde meydana gelen kiyi degisimin % 85’ini kiyi asinimi olusturur (Tablo 3). Bu durumun
olusmasinda delta gerilemesinin payi oldukga biiyiiktir. izmit Kérfezi dogu kiyilarinda 1980-1985 arasi dénemde olusan
kiyr degisimin % 65’i kiyi birikimi, % 35’i kiyi asinimi seklinde gergeklesmistir (Tablo 3). Kuzey kiyilarda kiyi seridindeki
antropojenik dizenlemelerle kiyi dolgu alanlari olusmustur (Sekil 13). Cuhane Deresi deltasinin giineyinde Kiraz Dere’nin
yatak kanalinin sulak alan kismina alinmasindan dolayi yeni bir delta olusumu meydana gelmistir. 1985-1990 yillari arasi
dénemde meydana gelen kiyi degisiminin % 37’sini kiyi birikimi, % 63’tn0 kiy1 asinimi olusturur (Tablo 3). Bu donemde
izmit Kérfezi dogu kiyilarinda Cuhane Dere deltasinda gerilme, Kiraz Dere deltasinda ilerleme siireci devam etmistir. Bu
dénemde izmit Kérfezi dogu kiyilarinin giiney kesiminde kiyi birikim alanlari gézlemlenir. izmit Kérfezi dogu kiyilarinda
1990-1995 doneminde kiyida meydana gelen degisimin % 77’si kiyi birikimi, % 23’0 kiy1 asnimi seklindedir (Tablo 3). Bu
dénemde izmit Kérfezi dogu kiyilarinda kiyi ilerlemesi belirgin sekilde gézlenmektedir. Kuzey ve giiney kiyilarda ise
degisim boyutu oldukga dar alanl olarak meydana gelmistir (Sekil 13). 1995-2000 yillari arasinda izmit Kérfezi kiyilarinda
toplam kiyr degisim miktari 1,26 km2’ye yiklemistir (Tablo 3). Bu deger incelenen periyotlar arasindaki en ylksek
degisim alanini ortaya koyar. Meydana gelen degisimin temel nedenini 17 Agustos 1999 depreminin etkisiyle Kazikh
Dere deltasi kiyilarindaki sivilasma ile ¢gokme olusturmaktadir. Bu donemde kiyidaki degisimin % 33’0 kiyi birikimi, %
67’si kiyl erozyonu seklindedir. Birikim alanlari izmit sahil seridi boyunca gdzlemlenmektedir (Sekil 13).
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Sekil 13. izmit Korfezi dogu kiyilarinda zamansal olarak meydana gelen degisim ile olusan kiyi brikim ve asinim alanlari

96



Uzun, S. M. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 83—101, Mart 2024

Tablo 3. izmit Korfezi dogu kiyilarinda zamansal periyot bazinda kiyi birikim ve asiniminin sayisal degerleri

Kiy1 birikimi Kiy1 aginimi Kiyr aginimi '[oplam
D6nemler (km?) (km?) Kiyi birikimi (%) (%) degisen kiyi
alani (km?)
1975-1980 0,14 0,82 15 85 0,96
1980-1985 0,42 0,23 65 35 0,65
1985-1990 0,24 0,41 37 63 0,65
1990-1995 0,48 0,14 77 23 0,62
1995-2000 0,42 0,84 33 67 1,26
2000-2005 0,5 0,54 48 52 1,04
2005-2010 0,85 0,14 86 14 0,99
2010-2015 0,1 0,34 23 77 0,44
2015-2020 0,02 0,31 6 94 0,33
2020-2023 0,13 0,06 68 32 0,19
1975-2023 0,72 0,97 43 57 1,69

2000-2005 yillari arasi dénemde izmit Kérfezi dogu kiyilarinda meydana gelen degisimin % 48’i kiyi birikimi, % 52’si kiyi
erozyonu seklindedir (Tablo 3). Belirtilen donem igerisinde Kazikli Dere deltasinda meydana gelen ¢ékme alaninda
antropojenik miidahalelerle kiyi dolgu alani olusturulmustur. Ayni alana tersane ve sanayi alani igin diizenlemeler
yapilmis, bu durum kiyi birikimi ve asinim sahalarinin birlikte gériilmesine neden olmustur. Cuhane Deresi deltasinda da
kiyi asinimi bu dénemde de devam etmistir (Sekil 13). 2005-2010 yillari arasi dénemde inceleme sahasi kiyilarinda
meydana gelen degisimin % 86’si kiy1 birikimi, % 14’G kiy1 asinimi seklinde olmustur (Tablo 3). 17 Agustos 1999
depreminden dolayl ¢6kmenin ve kiyi asinimin meydana geldigi sahaya yapilan antropojenik midahaleler bu dénemde
de devam etmistir. Bundan dolayi belirtilen periyot icerisinde kiyi birikim sahasi oransal olarak oldukga fazla olmustur.

izmit Korfezi dogu kiyilarinda 2010-2015, 2015-2020 ve 2020-2023 yillari arasindaki dénemler diger dénemlere gére
kiy1 degisim miktarinda alansal olarak disis gorilmektedir (Tablo 3) Bu durumun olusmasinda kiyinin peyzaj agisindan
tamamen diizenlenmesi ve antropojenik kaynakli kiyi alanlarinin sahil seridini kaplamasi, Kiraz Dere’ye Yuvacik Baraji
kaynakli materyal tasinimin azalmasi, kiyi drenaj aginin tamamen kanallara (dere islah ¢alismalari ile) alinmasi ve kiyida
dogal jeomorfolojik slireglerin yavaslamasi etkili olmustur.

1975-2023 yillari arasindaki uzun dénemde izmit Kérfezi dogu kiyilarinda 0,72 km?lik kiyr birikimi, 0,97 km?lik kiyi
asinimi toplam 1,69 km?lik alansal kiyi degisimi meydana gelmistir (Tablo 3). Olusan degisimin % 43’0 kiyi birikimi, %
57’si ise kiyl erozyonu sireci oldugu gézlemlenir. Uzun periyot icerisinde kiyi erozyonu, yok olan Cuhane Dere deltas,
guneydeki kuglik delta alanlari, Kazikli Dere deltasinda deprem nedeniyle meydana gelen ¢6kme alaninda
gdzlemlenmektedir (Sekil 14). Kiyi birikim alanlari ise izmit Kérfezi dogu kiyisi genelinde antropojenik miidahale ile kiy
dolgu alani olarak meydana gelmistir. Kiraz Dere deltasindaki kiy1 birikimi ise dogal jeomorfolojik siireg ile akarsu
yatagina yapilan antropojenik miadahalenin etkisinde meydana gelmistir. Kiyi birikim alanlarinin kiyi dolgu alani seklinde
meydana geldigi sahalari, izmit sahil seridindeki otopark ve rekreasyon alanlari ile doguya dogru olan kiyilardaki
rekreasyon alanlari olusturur. izmit Kérfezi sulak alan sahasinda ve hemen kuzeyindeki alanda dogal jeomorfolojik
stiregler ile antropojenik miidahalelerin ortak etkisinde kiyi birikimi gozlemlenmistir (Sekil 14). Gélciik ve Basiskele sahil
seridinde ise liman ve kiyi rekreasyon alani diizenlemesi ile kiyi dolgu alanlari meydana gelmistir.

izmit Kérfezi dogu kiyr sahasinda meydana gelen degisimlerin kdkenini dogal jeomorfolojik siiregler ile antropojenik
etkiler olusturmaktadir. Diinya’da ve Turkiye’deki bircok korfez kiyisinda, dogal jeomorfolojik sirecler, antropojenik
etkenler, deprem ve tsunamiler, deltalardaki sel-taskin sonrasi etkenler gibi faktorler kokeninde degisimler
yasanmaktadir (Tagil & Ciirebal, 2005; Aouiche vd., 2016; Ataol, 2019; Nassar vd., 2019; Ciritci & Tiirk, 2020; Uzun, 2021;
Tagil, 2023). izmit Kérfezi dogu kiyilarinda 1975-2023 yillari arasinda meydana gelen kiyi degisimlerinin polijenik (cok
kokenli) ve polisiklik (cok zamanli) 6zellikte olmasi, inceleme sahasini Diinya ve Tirkiye Olgegindeki korfezlerde
suregelen kiyisal degisimlerden ayirmaktadir. Bu nedenle incelenen kiyi seridinde kiyi jeomorfoloji siiregleri sonucu
ashim ve birikimler meydana gelerek degisimler yasanmistir. Ayrica tektonik olarak Kuzey Anadolu Fay hattinin kiyiya
direkt etkisi ve 17 Agustos 1999 Golciik depremi de kiyida dogrudan degisimleri meydana getirmistir. Son yillarda artan
antropojenik baskilarda izmit Kérfezi dogu havzasi kiyilarinin degisimlerinde rol oynamistir. Biitiin etmenler farkli
zamansal déngiilerde polijenik olarak izmit Kérfezi dogu havzasi kiyisinda degisimlerin yasanmasina neden olmustur.
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Sekil 14. 1975-2023 yillari arasi izmit Kérfezi dogu kiyisinda olusan kiyi birikimi ve kiyi asinimi sahalari
4. Sonug

Arastirmada, izmit Kérfezi dogu kiyilarinin 1975, 1980, 1985, 1990, 1995, 2000, 2005, 2010, 2015, 2020 ve 2023 yillarina
ait Landsat uydu goriintilerinin NDWI ve MDNWI analizleri Gzerinden kiy gizgileri Uretilmistir. Daha sonra kiyi gizgileri
DSAS aracinda yer alan NSM, SCE, EPR ve LRR istatistiksel analizleri ile test edilmis ve kiyi degisimlerinin zamansal,
mekansal ve boyutsal durumu ortaya konmustur. Elde edilen bulgulardan, izmit Kérfezi dogu kiyilarinda 1975 yilindan
2023 yilina kadar kiyi uzunlugu, kiyinin jeomorfolojik yapisi ile diger sistemler tizerinde dogal ve antropojenik etkenlerle
meydana gelen degisimler oldugu tespit edilmistir. 1975-2023 vyillari arasindaki incelenen kiyi gizgilerinin tamami
Uzerinden DSAS ile yapilan analizlere gére NSM istatistigi ortalama 4,53 m kiyi ilerlemesinin oldugunu, LRR istatistigine
gore ise yillik 0,3 m kiyi birikiminin oldugu saptanmistir. SCE istatistigine gore kiyidaki ortalama degisim 191 m olarak
hesaplanmistir. Kiyi gizgilerine uygulanan istatistiksel analizler, ortalama degerlerin disinda da kiyida mekansal olarak
¢ok biyik oranda kiyi ilerlemesi ve kiyi gerilemesinin de oldugunu da ortaya koymustur. NSM analizine gére maksimum
501 m, minimum -833 m degisim tespit edilirken SCE analizine gére maksimum 964,9 m’lik kiyi degisimi saptanmistir.
1975-2023 vyillari arasi dénemde kiyida alansal olarak 1,69 km?lik saha degisime ugramistir. Ozellikle Cuhane Deresi
dogal ve antropojenik etkenler neticesinde gerilemis ve glinimiizde ortadan kalkmistir. Kiraz Dere’nin denize dokalduga
alanda ise yeni bir delta ortaya ¢ikmistir. Meydana gelen delta degisimlerinde dogal sireglerinde yaninda kiyiya
dogrudan mudahale ile kiy1 havzasindaki akarsular Gizerinde yapilan barajlarin dolayh etkileri oldugu tespit edilmistir. 17
Agustos 1999 depremi ile Golcik Basiskele kiyilarinda sivilasma ve ¢okme meydana gelmistir. Daha sonra bu alanlara
liman ve tersane amagl antropojenik midahale yapilmis ve kiyilarda hem birikim hem de kiyi erozyonu meydana
gelmistir. izmit ilge merkezi sahil seridine ise kiy1 dolgu alanlari yapilmistir. Biitiin meydana gelen kiyi degisimleri, deniz
ve kara ekosisteminde de farkli degisimlerin yasanmasina neden olmustur. Ayrica meydana gelen antropojenik kokenli
miidahaleler kiyinin dogal jeomorfolojik dinamigini degistirmistir. Yogun antropojenik baskilarin yasandigi izmit Kérfezi
dogu havzasi kiyi seridinde meydana gelen degisimlerin CBS ve UA teknolojileri ile zamansal ve mekéansal olarak tespit
edilmesi ise Ozellikle gelecege donik strdirilebilir kiy1 yonetimi ve planlamasi ¢alismalari icin oldukga énemli veriler
ortaya koymustur. Kiyida meydana gelen degisimin yillik olarak kantitatif verilerinin sunulmasi ve mekansal degisim
alanlarin ortaya konmasi DSAS araci ve istatistiksel analiz verilerinin kiyi yonetiminde ve planlamasindaki faydasini
gostermektedir.
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Bu kapsamda arastirma sahasinin kiyi yonetimi ve bitiincil bakis acisi ile havza yonetiminde, meydana gelen dogal ve
antropojenik kokenli kiyr degisimlerin degerlendirilmesi ve CBS, UA teknolojilerin etkin sekilde kullaniimasi
onerilmektedir.

Kaynaklar

Alevkayall, C., Atayeter, Y., Yayla, O, Bilgin, T., & Akpinar, H. (2023). Burdur Goli’nde uzun dénemli kiyi gizgisi degisimleri
ve iklim iliskisi: Zamansal-mekansal egilimler ve tahminler. Tiirk Cografya Dergisi, 82(2023), 37-50.
https://doi.org/10.17211/tcd.1287976

Ataol, M., Kale, M. M., & Tekkanat, i. S. (2019). Assessment of the changes in shoreline using digital shoreline analysis
system: a case study of Kizilirmak Delta in northern Turkey from 1951 to 2017. Environmental Earth Science, 78, 579.
https://doi.org/10.1007/s12665-019-8591-7

Aouiche, ., Daudi, L., Anthony, E. J., Sedrati, M., Ziane, E., Harti, A., & Dussouillez, P. (2016). Anthropogenic effects on
shoreface and shoreline changes: Input from a multi-method analysis, Agadir Bay, Morocco. Geomorphology, 254,
16-31. http://dx.doi.org/10.1016/j.geomorph.2015.11.013

Bird, E. (2008). Coastal geomorphology: An introduction (Second edition). John Wiley & Sons Ltd.

Brown, A. G, Tooth, S., Chiverrell, R. C., Rose, J., Thomas, D., Wainwright, J., Bullard, J. E., Thorndycraft, V. R., Aalto, R.,
& Downs, P. (2013). The Anthropocene: is there a geomorphological case? Earth Surface Processes and Landforms,
38(4), 431-434. https://doi.org/10.1002/esp.3368

Brown, A. G., Tooth, S., Bullard, J. E., Thomas, D., Chiverrel, R., Plater, A., & Murton, J. (2017). The geomorphology of
the Anthropocene: emergence, status and implications. Earth Surface Processes and Landforms, 42(1), 71-90.
https://doi.org/10.1002/esp.3943

Cao, W., Sofia, G., & Tarolli, P. (2020). Geomorphometric Characterisation of Natural and Anthropogenic Land Covers.
Progress in Earth and Planetary Science, 7, 2. https://doi.org/10.1186/s40645-019-0314-x

Ciritci, D., & Turk, T. (2020). Analysis of coastal changes using remote sensing and geographical information systems in
the Gulf of Izmit, Turkey. Environmental ~ Monitoring  and  Assessment, 192, 341-360.
https://doi.org/10.1007/s10661-020-08255-9

Coban, H., Kog, S. & Kale, M. M. (2020). Shoreline changes (1984 — 2019) in the Coruh delta (Georgia/Batumi).
International Journal of Geography and Geography Education, 42, 589-601. https://doi.org/10.32003/igge.741573

Crutzen, P. J., & Stoermer, E. F. (2000). The Anthropocene. Global Change Newsletter, 41, 17-18.

Cuff, D., (2008). Anthropogeomorphology. In D. Cuff & A. Goudie (Eds.), Oxford Companion to Global Change. Oxford
University Press.

Darwish, K., Smith, S.E., Torab, M., Monsef, H., & Hussein, O. (2017). Geomorphological Changes along the Nile Delta
Coastline between 1945 and 2015 Detected Using Satellite Remote Sensing and GIS. Journal of Coastal Research,
33(4), 786—794. http://dx.doi.org/10.2112/JCOASTRES-D-16-00056.1

Davidson-Arnott, R., (2010). Introduction to Coastal Processes and Geomorphology. Cambridge University Press.

Efe, R., & Demirci, A. (2001). Golciik 1999 depreminde zemin ve yersekili 6zelliklerinin siddet ile hasar dagilisina etkisi.
Tiirk Cografya Dergisi, 36, 1-15.

Ellis, E. C. (2017). Physical Geography in the Anthropocene. Progress in Physical Geography: Earth and Environment,
41(5), 525-532. https://doi.org/10.1177/0309133317736424

Ering, S., (1986). Kiyillardan yararlanmada hukuki diizenlemelere jeomorfolojinin katkisi. Jeomorfoloji Dergisi, 14, 1-5.

Erol, O., (1989). Turkiye’de kiyilarin dogal niteligi, kiyi ve kiyi varliklarinin korunmasina iligkin Kiyt Kanunu ve uygulamalari
konusunda jeomorfolojik yaklasim. istanbul Universitesi Deniz Bilimleri ve Codrafya Enstitiisii Biilteni, 6, 15—46.

Gao, B-C. (1996). NDWI-A normalized difference water index for remote sensing of vegetation liquid water from space.
Remote Sensing of Environment, 58(3), 257-266. http://dx.doi.org/10.1016/50034-4257(96)00067-3

Gomez-Pazo, A., Payo, A., Paz-Delgado, M. V., & Delgadillo-Calzadilla, M. A. (2022). Open Digital Shoreline Analysis
System: ODSAS v1.0. Journal of Marine Science and Engineering, 10(1), 26. https://doi.org/10.3390/jmse10010026

Grottolli, H., Biausque, M., Jackson, D., & Cooper, J. A. (2023). Long-term drivers of shoreline change over two centuries
on a headland-embayment beach. Earth Surface Processes and Landforms, 48(13), 2500-2520.
https://doi.org/10.1002/esp.5641

Goudie, S. A. (1993). Human Influence in Geomorphology. Geomorphology, 7(1-3), 37-59.
https://doi.org/10.1016/0169-555X(93)90011-P.

Goudie, A., (2020). The human impact in geomorphology — 50 years of change. Geomorphology, 366, 106—120.
https://doi.org/10.1016/j.geomorph.2018.12.002

Himmelstoss, E. A., Henderson, R. E., Kratzmann, M. G., & Farris, A. S. (2018). Digital Shoreline Analysis System (DSAS)
Version 5.0 User Guide (No. 2018-1179). US Geological Survey.

99



Uzun, S. M. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 83—101, Mart 2024

Hoelle, J. & Kawa, N. C. (2021). Placing the Anthropos in Anthropocene. Annals of the American Association of
Geographers, 111(3), 655-662.

Hossain, S. Yasir, M. Wang, P. Ullah, S. Jahan, M., Hui, S., & Zhao, Z. (2021). Automatic shoreline extraction and change
detection: A study on the southeast coast of Bangladesh. Marine Geology, 441, 106628.
https://doi.org/10.1016/j.margeo.2021.106628

Hosgdren, M. Y. (1995). izmit Kérfezi Havzasinin Jeomorfolojisi. In E. Merig (Ed.), izmit Kérfezi Kuvaterner istifi (pp. 343—
348). Deniz Harp Okulu Komutanhgi Basimevi.

Hu, X., & Wang, Y. (2020). Coastline Fractal Dimension of Mainland, Island, and Estuaries Using Multi-temporal Landsat
Remote Sensing Data from 1978 to 2018: A Case Study of the Pearl River Estuary Area. Remote Sensing, 12, 2482.
https://doi.org/10.3390/rs12152482

Kale, M. M., Ataol, M. & Tekkanat, i. S. (2019). Assessment of shoreline alterations using a Digital Shoreline Analysis
System: a case study of changes in the Yesilirmak Delta in northern Turkey from 1953 to 2017. Environmental
Monitoring and Assessment, 191, 398. https://doi.org/10.1007/s10661-019-7535-8

Kazi, H., & Karabulut, M. (2023). Monitoring the shoreline changes of the Goksu Delta (Tlrkiye) using geographical
information technologies and predictions for the near future. International Journal of Geography and Geography
Education, 50, 329-352. https://doi.org/10.32003/igge.1304403

Kilar, H. & Cigek, I. (2018). Goéksu Deltasi Kiyi Cizgisi Degisiminin DSAS Araci ile Belirlenmesi. Cografi Bilimler Dergisi,
16(1) , 89-104. https://doi.org/10.1501/Cogbil_0000000192

Kilar, H., (2023). Shoreline change assessment using DSAS technique: A case study on the coast of Meri¢ Delta (NW
Turkiye). Regional Studies in Marine Science, 57, 102737. https://doi.org/10.1016/j.rsma.2022.102737

Kuleli, T. (2010). Quantitative analysis of shoreline changes at the Mediterranean Coast in Turkey. Environmental
Monitoring and Assessment, 167, 387—397. https://doi.org/10.1007/s10661-009-1057-8

Lazuardi, Z., Karim, A., & Sugianto, S. (2022). Analisis Perubahan Garis Pantai Menggunakan Digital Shoreline Analysis
System (DSAS) di Pesisir Timur Kota Sabang. Jurnal Ilmiah  Mahasiswa  Pertanian,  7(1).
http://doi.org/10.17969/jimfp.v7i1.18872

Li, J., Yang, L., Pu, R., & Liu, Y. (2017). A Review on Anthropogenic Geomorphology. Journal of Geographical Sciences,
27(1), 109-128.

McFeeters, S. K. (1996). The use of the Normalized Difference Water Index (NDWI) in the delineation of open water
features. International Journal of Remote Sensing, 17(7), 1425-1432. http://doi.org/10.1080/01431169608948714

Nassar, K., Mahmod, W. E., Fath, H., Masria, A., Nadaoka, K., & Negm, A. (2019). Shoreline change detection using DSAS
technique: Case of North Sinai coast, Egypt. Marine Georesources & Geotechnology, 37(1), 81-95.
https://doi.org/10.1080/1064119X.2018.1448912

Ozmen, B., (2000). 17 Adustos 1999 izmit Kérfezi Depreminin Hasar Durumu (Rakamsal Verilerle). Tiirkiye Deprem Vakfi.

Oztiirk, D., & Uzun, S. (2023). Kizilirmak Deltasi Kiyi Cizgisinin EPR ve LRR Yéntemleriyle 1984-2022 Periyodunda Degisim
Analizi ve 2030 Yili Tahmini. Cografi Bilimler Dergisi, 21(2), 306—339. https://doi.org/10.33688/aucbd.1310132

Pouye, I., Adjoussi, D. P., Ndione, J. A., Sall, A. (2023). Topography, Slope and Geomorphology’s Influences on Shoreline
Dynamics along Dakar’s Southern Coast, Senegal. Coasts, 3(1), 93—112. https://doi.org/10.3390/coasts3010006

Price S. J., Ford J. R., Cooper A. H., & Neal, C. (2011). Humans as major geological and geomorphological agents in the
Anthropocene: the significance of artificial ground in Great Britain. Philosophical Transactions of the Royal Society
A: Mathematical, Physical and Engineering Sciences, 369(1938), 1056-1084, https://doi.org/10.1098/rsta.2010.0296

Rézsa P., & Novék, T. (2011). Mapping anthropogenic geomorphological sensitivity on global scale. Zeitschrift fiir
Geomorphologie, 55(1), 109-117.

Samra, R. M. A, & Ali, R. R., (2021). Applying DSAS tool to detect coastal changes along Nile Delta, Egypt. The Egyptian
Journal of Remote Sensing and Space Science, 24(3-1), 463—470 https://doi.org/10.1016/].ejrs.2020.11.002

Singh, K. V., Setia, R., Sahoo, S., Prasad, A., & Pateriya, B. (2015). Evaluation of NDWI and MNDW!I for assessment of
waterlogging by integrating digital elevation model and groundwater level. Geocarto International, 30(6), 650-661.
https://doi.org/10.1080/10106049.2014.965757

Siyal, A. A., Solangi, G. S., Siyal, P., Babar, M. M., & Ansari, K. (2022). Shoreline change assessment of Indus delta using
GIS-DSAS and satellite data. Regional Studies in Marine Science, 53, 102405
https://doi.org/10.1016/j.rsma.2022.102405

Song, Y., Shen, Y., Xie, R., & Li, J. (2021). A DSAS-based study of central shoreline change in Jiangsu over 45 years.
Anthropocene Coasts, 4(1), 115-128. http://dx.doi.org/10.1139/anc-2020-0001

Steffen, W., Grinevald, J., & Crutzen, P. (2011). The Anthropocene: Conceptual and Historical Perspectives. Philosophical
Transactions of the Royal Society, 369, 842—-867.

Szabé, J., David, L., & Loczy, D. (2010). Anthropogenic Geomorphology: A Guide to Man-Made Landforms. Springer.

Tagil, S., & Ciirebal, i. (2005). Altinova sahilinde kiyi gizgisi degisimini belirlemede uzaktan algilama ve cografi bilgi
sistemleri. Firat Universitesi Sosyal Bilimler Dergisi, 15(2), 51-68.

100


https://doi.org/10.1016/j.rsma.2022.102737

Uzun, S. M. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 83—101, Mart 2024

Tagil, S., Alevkayali, C., & Aytan, B. (2023). Gediz Deltasi Sulak Alani Boyunca Kiyi Seridi Evrimi ve Erozyon Hassasiyetinin
Degerlendirilmesi. Ege  Codrafya  Dergisi, 32(Cumhuriyet’in  100. Yii  Ozel Sayisi)), 127-142.
https://doi.org/10.51800/ecd.1322803

Tarolli, P., Cao, W., Sofia, G., Evans, D., & Ellis, E. (2019). From features to fingerprints: A general diagnostic framework
for anthropogenic geomorphology. Progress in Physical Geography, 43(1), 95-128.

Turoglu, H., (1993). izmit Kérfezi dogu kiyisi dolgusunun miihendislik jeomorfolojisi acisindan etiidii. fistanbul
Universitesi Edebiyat Fakiiltesi Cografya Dergisi, 4, 321-343.

Turoglu, H., (2009). 3621 Sayili Kiyt Kanunun ve Onun Uygulama Problemleri. Tiirk Cografya Dergisi, 53, 31-40.

Turoglu, (2017). Deniz ve Gollerde Kiyi. In H. Turoglu & H. Yigitbasioglu (Eds.), Yasal ve Bilimsel Boyutlariyla KIYI (pp. 1—
30). Jeomorfoloji Dernegi.

Turoglu, H. (2019). Yapay kiyilarin jeomorfolojik tanimlamasi: Diliskelesi kiyilari 6rnegi (Kocaeli, Tirkiye). Cografya
Dergisi, 39, 11-27. https://doi.org/10.26650/JGE0G2019-0015

Uzun, M. (2021). izmit Kérfezi Kiyilarinda insan Kaynakli Jeomorfolojik Degisimler ve Siirecler. Jeomorfolojik Arastirmalar
Dergisi, 2021(7), 61-81. https://doi.org/10.46453/jader.983465

Uzun, S. M. (2023). Riva (istanbul) Kiyilarinda Dogal ve Antropojenik Etkenlerle Degisen Kiyi Cizgisinin DSAS Araci ile
Analizi. Jeomorfolojik Arastirmalar Dergisi, 2023(11), 95-113. https://doi.org/10.46453/jader.1335105

Xu, H. (2006). Modification of Normalised difference water index NDWI to enhance open water features in remotely
sensed imagery. International Journal of Remote Sensing, 27(14), 3025-3033.

Wu, Q., Miao, S., Huang, H., Guo, M., Zhang, L., Yang, L., & Zhou, C. (2022). Quantitative Analysis on Coastline Changes
of Yangtze River Delta based on High Spatial Resolution Remote Sensing Images. Remote Sensing, 14, 310.
https://doi.org/10.3390/rs14020310

101



S
2020

Turkish Journal of
Remote Sensing and GIS

Turkish Journal of Remote Sensing and GIS
Tiirk Uzaktan Algilama ve CBS Dergisi

Turk J Remote Sens GIS, March 2024, 5(1): 102-116
Journal homepage: http.//www.dergipark.org.tr/en/pub/rsgis

Examination of the Effects of Climate Change on Tiirkiye through the
Google Earth Engine Platform

iklim Degisikliginin Tiirkiye Uzerindeki Etkilerinin Google Earth Engine Platformunda

incelenmesi

Eren Erdogan'*®, Volkan Yilmaz?

IKaradeniz Technical University, Engineering Faculty, Department of Geomatics Engineering, 61080, Trabzon/Tiirkiye.

ORIGINAL PAPER

*Corresponding author:
Eren Erdogan
erenerdogan.hrt@gmail.com

doi: 10.48123/rsgis.1412642

Article history:

Received: 31.12.2023
Accepted: 12.02.2024
Published: 28.03.2024

Abstract

The objective of this research is to assess the effects of climate change on Tiirkiye by
utilizing data catalogues provided by the Google Earth Engine (GEE) cloud-computing
platform. The utilized data catalogues encompassed precipitation, Land Surface
Temperature (LST), EvapoTranspiration (ET), Potential EvapoTranspiration (PET),
Normalized Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI),
Vegetation Condition Index (VCl), and Forest Area Loss (FAL). Data spanning the years
2001-2022 were collected, and analyses were conducted separately for seven geographical
regions of Tiirkiye on both an annual and seasonal basis. Initially, trend analysis techniques
were applied to the individual data sets, followed by an examination of correlations among
them. Notably, significant decreasing and increasing trends were observed in annual
precipitation and LST data in the Eastern Anatolia region, respectively. Furthermore, a
significant increasing trend was identified in annual ET data across all regions except
Eastern Anatolia. Conversely, significant increasing trends were noted in annual PET data
in Eastern Anatolia and the Aegean regions. Additionally, significant increasing trends
were discerned in annual NDVI, EVI, and VCI data across all regions. Experiments revealed
that the ET exhibited robust correlations with the NDVI (0.77), EVI (0.79) and VCI (0.81).
Furthermore, the NDVI demonstrated strong correlations with EVI (0.99) and VCI (0.96).

Keywords: Climate change, Remote sensing, Google Earth Engine

Ozet

Bu ¢alismanin amaci, Google Earth Engine (GEE) bulut bilisim platformu tarafindan
saglanan veri kataloglari kullanilarak iklim degisikliginin Tiirkiye (zerindeki etkilerini
degerlendirmektir. Kullanilan veri kataloglari arasinda yadis, kara yiizey sicakhgi (LST),
evapotranspirasyon (ET), potansiyel evapotranspirasyon (PET), normalize edilmis fark bitki
indeksi (NDVI), gelismis bitki indeksi (EVI), bitki durum indeksi (VCI) ve orman alani kaybi
(FAL) bulunmaktadir. Tiirkiye’nin tamami igin 2001-2022 yillari araligini kapsayan veriler
kullanilmis ve analizler ise Tiirkiye'nin yedi cografi bélgesi igin yillik ve mevsimsel olarak
ayri ayni gerceklestirilmistir. ilk olarak, her bir veri setine trend analizi teknikleri
uygulanmustir, ardindan da bu veri setleri arasindaki iliskiler incelenmistir. Ozellikle, Dogu
Anadolu bélgesinde yillik yagis ve LST verilerinde sirasiyla 6nemli azalma ve artis egilimleri
g6zlemlenmistir. Ayrica, yillik ET verilerinde Dogu Anadolu disindaki tiim bélgelerde énemli
bir artis egilimi belirlenmistir. Bununla birlikte, yillik PET verilerinde Dodu Anadolu ve Ege
bélgelerinde énemli artis egilimleri gézlemlenmistir. Ayrica, yillik NDVI, EVI ve VCI
verilerinde tiim bélgelerde 6nemli artis egilimleri saptanmistir. Ote yandan, ET verisi ile
NDVI (0.77), EVI (0.79) ve VCI (0.81)verileri arasinda gliglii bir korelasyon oldugu sonucuna
varilmistir. Ayrica, NDVI verisinin EVI (0.99) ve VCI (0.96) verileriyle ile yiiksek korelasyonlu
oldugu tespit edilmistir.

Anahtar kelimeler: iklim degisikligi, Uzaktan algilama, Google Earth Engine
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1. Introduction

Climate change has become an increasingly concerning issue worldwide in recent years. Greenhouse gas emissions
caused by human activities lead to an increase in temperature in the atmosphere, which adversely affects the climate
system. Factors such as natural disasters, heatwaves, water scarcity, and changes in natural cycles, particularly in recent
years, have prompted people to pay more attention to this issue. The global effects of climate change have brought
issues such as rising temperatures, sea-level rise, negative impacts on agriculture, and changes in precipitation patterns
(Aksay et al., 2005). Tirkiye's intricate climatic structure renders it one of the countries most susceptible to the effects
of climate change. Due to its geographical location and diverse geographic conditions, different regions of Tlirkiye may
be affected differently by climate change (Oztiirk, 2002). The effects of climate change on Tiirkiye include increasing
temperatures, rising sea levels, increased rainfall, and the retreat of mountain glaciers (Sen et al., 2013).

To understand the impact of global climate change on a region, it is necessary to focus on multiple factors, including
precipitation, surface temperature, evaporation, plant health etc. Different factors are interconnected and exhibit
relationships with each other. For example, an increase in surface temperature triggers an increase in evaporation. The
increased evaporation leads to a higher loss of moisture for plants, contributing to the formation of arid environments.
Additionally, if the increased evaporation is not balanced by precipitation, drought and water scarcity are likely to occur.
Moreover, the rising surface temperatures negatively affect plant health and contribute to the formation of arid
environments. Due to these types of relationships, considering several factors at the same time is crucial for obtaining
successful and accurate results when examining the effects of climate change on a region (Sen et al., 2013; Demirbas &
Aydin, 2020; Sarvia et al., 2021).

1.1 Literature Review

A detailed literature review shows that many studies investigating the effects of climate change in different countries
were conducted on a country or specific regional basis (Bolch, 2007; Kundu & Dutta, 2011; Karmeshu, 2012; Hu et al.,
2020; Sediqi, 2020; Dabbagh, 2021; Sarvia et al., 2021; EI-Shirbeny et al., 2022) or on various lakes and rivers (Torres-
Batll6 et al., 2020; Zhao et al., 2021). The study conducted by Bolch (2007) determined that climate change had an
impact on glaciers in mountains through the use of spectral indices calculated from satellite imagery. Kundu and Dutta
(2011) conducted a time-series analysis of the Normalized Difference Vegetation Index (NDVI) using National Oceanic
& Atmospheric Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR) data, revealing that certain
regions in the Churu area were undergoing desertification due to climatic reasons. Karmeshu (2012) conducted trend
analysis of temperature and precipitation data for the United States from 1900 to 2011. Hu et al. (2020) examined
agricultural drought in Australia from 2010 to 2014 using the Temperature Rise Index (TRI) derived from Land Surface
Temperature (LST) data. Sediqi (2020) investigated the impact of climate change on flood risk in Kabul city using spectral
indices derived from satellite images from 2009 to 2019. The study concluded that flood risk poses a significant problem
for Kabul city. Torres-Batllé et al. (2020) evaluated factors affecting the water level of Lake Poopo by analysing
evaporation, NDVI, and precipitation from 2002 to 2014 through MODIS and CHIRPS data. Dabbagh (2021) analysed the
temporal variation of drought in the Erbil region of Irag using indices calculated from satellite images of 2009 and 2017.
The study identified moderate drought in 2009, and severe and extreme drought effects between 2011 and 2017. Sarvia
et al. (2021) examined the impact of climate change on plant health in the Piedmont region of Italy from 2001 to 2019
using Moderate Resolution Imaging Spectroradiometer (MODIS) satellite data. Zhao et al. (2021) conducted a drought
analysis based on surface temperature in the Yellow River region from 2003 to 2019. The study used remote sensing
data on the GEE platform and calculated drought indices, including the Temperature Condition Index (TCI), Vegetation
Condition Index (VCl), Vegetation Health Index (VHI), and Temperature-Vegetation Drought Index (TVDI). It was found
that the drought level was highest in the northwest and lowest in the southwest and southeast of the Yellow River basin.
El-Shirbeny et al. (2022) investigated evaporation and vegetation cover in Arab countries from 2005 to 2020 using
MODIS and Climate Hazards Group InfraRed Precipitation with Station data (CHIRPS) data obtained from the Google
Earth Engine (GEE) platform.

When it comes to the studies in Tirkiye, it can be observed that these studies generally focused on a single factor
(Ustaoglu, 2009; Basoglu & Telatar, 2013; Molavizadeh, 2014; Turan, 2018), specific geographical regions (Celik, 2016;
Sapolyo, 2017; Demirbas & Aydin, 2020; Tokgdz, 2020; Basaran, 2021), and a few cities (Namkhai, 2019; Selcuk, 2021;
Kafes, 2022). Ustaoglu (2009) investigated the influence of climate change on hazelnut fields during the period of 1993-
2007. The author used MODIS data to determine the spatial distribution of hazelnut plants and also used the Global
Topography 30sec (GTOP0O30) digital elevation model as the meteorological data. Basoglu and Telatar (2013) examined
the effects of precipitation and temperature changes on agriculture in Tirkiye. Changes in precipitation were found to
have a positive effect on agriculture, while changes in temperature had a negative effect.
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Molavizadeh (2014) investigated the drought conditions in Tlrkiye between 2004 and 2013 using the indices obtained
from MODIS data. The research revealed severe drought at the meteorological level in 2007-2008 and 2013-2014, and
the obtained TCl values were higher for the years 2007, 2008, and 2012, suggesting that these years could be potential
drought years. Celik (2016) performed a drought analysis for the Mediterranean region covering the years 2000-2014.
The study used the NDVI, Enhanced Vegetation Index (EVI), and VCI derived from MODIS TERRA satellite data. Sapolyo
(2017) analysed the temperature data obtained from stations in the Aegean region. The analysis indicated significant
increases in temperatures between April and October. An increasing trend was observed in all four seasons, however,
the increase observed at all stations in summer was significant. Namkhai (2019) analysed meteorological data within
the Catlayan Dam Lake basin using statistical methods. Tokg6z (2020) examined the trend of precipitation and
temperature station data in the Black Sea region. For this purpose, the Innovative Sen method, Mann-Kendall test
(MKT), and Spearman's rho test were applied to 16 observation stations’ data from 1960 to 2015. Basaran (2021)
examined the changes in forest areas in the Mediterranean region using the GEE platform. The study investigated the
impact of various variables, including NDVI, precipitation, temperature, LST, aerosol optical depth, ozone, fire, and
population data, on forest loss. Selguk (2021) evaluated the effects of climate change on temperature and reference
evapotranspiration (ET) using data obtained from meteorological stations in Malatya province. As a result, an increase
in ET values was observed in conjunction with global changes. Kafes (2022) calculated the NDVI and performed a time-
series analysis in the Longoz Forests of Kirikkale province using the GEE platform. The calculations were based on
Landsat-7 Enhanced Thematic Mapper Plus (ETM+) and Landsat-8 Operational Land Imager (OLI) data.

1.2 Motivation

To the best of our knowledge, studies examining the effects of climate change in Tlrkiye mainly focused on specific
regions, and there are no comprehensive studies that covered the entire country and addressed the multiple key
elements of climate change at the same time. Hence, this study aimed to determine the effects of climate change in
Tirkiye through satellite data analysis conducted on the GEE platform. In this study, precipitation, LST, ET, potential
evapotranspiration (PET), forest area loss (FAL), NDVI, EVI, and VCI data were used as important indicators in
determining the effects of climate change. The relationships between these parameters were also investigated. Through
these analyses, it was aimed to provide an important resource for identifying the effects of climate change.

2. Material and Methods

2.1 Study Area

Tiirkiye, located between the 36-42° North latitude and 26-45° East longitude, was selected as the study area in the
current study. Although the aim of this study was to examine the effects of climate change throughout Turkiye, it also
focused separately on each of the country's seven geographical regions. This method allowed for better understanding
of the effects of climate change, as Tirkiye encompasses various climatic and environmental conditions. Figure 1
illustrates Tiirkiye and its geographical regions. Tirkiye is situated between the temperate and subtropical zones due
to its three-sided border with seas, the alignment of mountains, and the diversity of its terrain. These factors have given
rise to various climate types across the country.

Black Sea
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Figure 1. Turkiye and its geographical regions
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Coastal areas experience milder climates influenced by the seas, while the Northern Anatolian Mountains and the
Taurus Mountains act as barriers, preventing sea influences from reaching inland regions. As a result, the inland areas
of Tiirkiye exhibit characteristics of a continental climate (Eken et al., 2008).

2.2 Google Earth Engine Platform

GEE is a web-based platform developed by Google for the examination and analysis of the Earth's surface using various
satellite data. GEE enables the collection and processing of satellite imagery and other geographic data from around the
world in a cloud-based platform. Its extensive data catalogue includes satellite images such as Landsat, Sentinel, MODIS,
and Advanced Spaceborne Thermal Emission and Reflection Radiometer (ASTER), as well as a wide range of other data
such as National Agriculture Imagery Program (NAIP) data, CHIRPS climate data, precipitation, sea surface temperature,
and elevation data. The processing, evaluation, and analysis of these large datasets can be done quickly in an online
environment thanks to the GEE platform (Yildiz, 2022). All operations such as processing, scaling, and visualization of
GEE data are performed through the API structure. The Code Editor, which is one of the components of GEE, enables
algorithm development through the JavaScript API. With the developed algorithm, the data to be used can be processed,
classified, scaled, and visualized.

2.3 Data Used

The ID, resolution, and available date range information of the precipitation, land surface temperature, ET, vegetation
index, and global forest change data collection used in the study are summarized in Table 1.

Table 1. Information about the data collections used in the study

Category Collection ID Available date range Resolution
Precipitation UCSB-CHG/CHIRPS/DAILY 01.01.1981-31.12.2023 5566 m
Land surface temperature MODIS/061/MOD11A1 24.02.2000-27.01.2024 1000 m
Evapotranspiration MODIS/006/MOD16A2 01.01.2001-09.01.2024 500 m
Vegetation index MODIS/061/M0OD13Q1 18.02.2000-01.01.2024 250 m
Global forest change UMD/hansen/global_forest_change 2022 v1 10 01.01.2000-01.01.2022 30.92 m

2.3.1 Precipitation Data Collection

This study utilized data collection with ID: UCSB-CHG/CHIRPS/DAILY for the analysis of precipitation. The CHIRPS data
was produced by the United States Geological Survey (USGS) Earth Resources Observation and Science (EROS) Centre
to provide up-to-date datasets for trend analysis and drought monitoring. This data collection contains various types of
worldwide precipitation data such as rain, snow, and hail. It consists of daily precipitation data, which is highly valuable
for examining precipitation data within a region and predicting future precipitation trends. This dataset provides
precipitation data from 1981 to the present day and has a resolution of 5566 m. The characteristics of the precipitation
band used in this study are presented in Table 2.

Table 2. Characteristics of the precipitation data used (Earth Engine Data Catalog, 2023a)

Name Unit Min Max Description
precipitation mm/day 0 1444.34 Precipitation

2.3.2 Land Surface Temperature Data Collection

The data collection with ID: MODIS/061/MOD11A1 was used for the analysis of LST. This dataset, produced from NASA's
MODIS satellite imagery, is an important source of data used to monitor surface temperature variations and related
climate change. It provides daily LST and emission values in a grid of 1200 x 1200 km. The data set provides LST data
from February 24, 2000, to January 27, 2024. lts resolution is 1000 m (Earth Engine Data Catalog, 2023b). The
characteristics of the LST_Day_1km band used in the current study are presented in Table 3. Although the LST data was
originally in Kelvin (as shown in Table 3), the analysis involved converting the LST values to °C.
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Table 3. Characteristics of the LST_Day_1km band used (Earth Engine Data Catalog, 2023b)

Name Unit Min Max Scale Description
LST_Day_1lkm K 7500 65535 0.02 Daytime land surface temperature

2.3.3 Evapotranspiration Data Collection

The data collection with ID: MODIS/006/MOD16A2 was used in the current study for the analysis of ET. It is a dataset
that includes data obtained from MODIS satellite sensor. This dataset provides information about Earth's surface water
and energy cycles, and it is specifically used for monitoring hydrological processes such as surface water evaporation,
plant transpiration, and surface water consumption. It is a composite product generated at a pixel resolution of 500 m
for an 8-day period. It contains pixel values for two ET layers as total ET and total PET. The dataset includes
evapotranspitation data spanning from January 1, 2001, to January 1, 2023. Table 4 presents information about the
characteristics of the ET and PET bands used in this study.

Table 4. Characteristics of the ET and PET bands used (Earth Engine Data Catalog, 2023c)

Name Unit Min Max Scale Description
PET kg/m?2/8day -32767 32700 0.1 Total potential evapotranspiration
ET kg/m2/8day -32767 32700 0.1 Total evapotranspiration

2.3.4 Vegetation Indices Data Collection

The data collection with ID: MODIS/006/MOD13Q1 was used in the current study for the analysis of NDVI and EVI
vegetation indices. This data collection, generated from MODIS satellite imagery, is used to monitor and analyse
vegetation changes worldwide. It contains two main vegetation layers: NDVI and EVI. The dataset is a composite product
produced at a pixel resolution of 250 m for a 16-day period. The dataset provides data from February 18, 2000, to
January 1, 2024. The characteristics of the NDVI and EVI bands used in the study are provided in Table 5.

Table 5. Characteristics of the NDVI and EVI bands used (Earth Engine Data Catalog, 2023d)

Name Min Max Scale Description
NDVI -2000 10000 0.0001 Normalized difference vegetation index
EVI -2000 10000 0.0001 Enhanced vegetation index

Let R and NIR be the red and near infrared band, the NDVI and EVI bands used were calculated as (Jiang et al., 2008);

NDVI NIR — R
" NIR+R
(1)
Evi =25 NMR-R
T NIR +24R+1

2.3.5 Global Forest Cover Change Data Collection

In the study, data collection identified as UMD/hansen/global_forest_change_2022_v1_10 was used to analyse the
changes in forested areas. Having a spatial resolution of 30.92 m, this data was derived from the time-series analysis of
Landsat images. The data set covers the period from January 1, 2000, to January 1, 2022 (Earth Engine Data Catalog,
2023e). The bands and features of the dataset used in the study are provided in Table 6.

Table 6. Characteristics of the global forest cover change data used (Earth Engine Data Catalog, 2023e)

Name Unit Min Max Description
treecover2000 % 0 100 Tree canopy cover in 2000, encompassing all vegetation that exceeds a height of 5 m.
loss ) ) ) Forest loss is characterized as a disturbance involving stand replacement, which denotes
a transition from a forested state to a non-forested state.
lossyear - 0 22  The year in which a significant event of gross forest cover loss occurred.
gain - - - The increase in forest cover from 2000 to 2012 is defined as the opposite of loss.
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2.3.6 Calculation of Vegetation Condition Index

The VCl is one of the most preferred indices in studies analysing drought. VCl values typically range between 0 and 100.
As the values approach 0, the health of the vegetation decreases, while approaching 100 indicates an improvement in
vegetation health (Celik, 2016). VCl is computed as (Zambrano et al., 2016);

NDVI; — NDVIpi,
Vel = (3)
NDVI,4 — NDVI,;,

where, NDVI; is the smoothed NDVI. NDVI,,,, and NDVI,,;, denote the multi-annual maximum and minimum,
respectively.

2.4 Trend Analysis in Time-Series Data

This study used the MKT to examine the trends in time-series data. As a non-parametric statistical test used to identify
trends in a data series, this test is a robust tool for detecting increasing or decreasing trends in a data series and is
particularly employed in fields such as hydrology, meteorology, environmental sciences, and agriculture. In climate
change studies, the MKT is especially preferred for determining long-term changes in parameters like temperature,
precipitation, snow cover, vegetation, and other variables. Therefore, the MKT is considered a crucial tool for making
accurate climate change predictions and foreseeing future impacts (Alhaji et al., 2018).

3. Results and Discussion

Figures 2-8 show the annual total precipitation, annual average LST, annual total ET, annual total PET, annual average
NDVI-EVI, annual average VCI and total FAL in Turkiye between the years 2001-2022, respectively. lllustrated in Figure
2 is the decreasing trend in total precipitation in Tirkiye from 2001 to 2022, indicating a sustained pattern of declining
water availability. This trend raises concerns regarding potential impacts on agriculture, water resources, and ecosystem
health in the region. Conversely, Figure 3 demonstrates an increasing trend in the annual average LST in Tirkiye between
2001 and 2022. This outcome aligns with expectations driven by rising global temperatures resulting from factors like
climate change and human activities, contributing to the warming of Earth's surface, encompassing both urban and
natural landscapes. Figures 4 and 5 depict an increasing trend in both ET and PET from 2001 to 2022, aligning well with
anticipated trends associated with global warming.
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Figure 2. Annual total precipitation for the years 2001-2022 in Tiirkiye

107



Erdogan, E., & Yilmaz, V. | Turkish Journal of Remote Sensing and GIS, Volume: 5, Issue: 1, Page: 102—-116, March 2024

Annual Average LST for the Years 2001-2022 in Tirkiye
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Figure 3. Annual average LST for the years 2001-2022 in Turkiye
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Figure 4. Annual total ET for the years 2001-2022 in Turkiye
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1600
1550
__ 1500
£ 150
£
= 1400
a
1350
1300
1250
- o o < [Ta) Yo} ~ o) ()] o - o~ o < n (o} ~ 0 ()} o — o~
o o o o o o o o o — — — - - - - - - i N o o
o o o o o o o o o o o o o o o o o o o o o o
N [V} [V [o\] [o\] [o\] o~ ~N ~N o~ N [V} [V [o\] [o\] [o\] o~ ~N ~N o~ N [V}
Year
—®— PET (kg/m2) —> Linear (PET (kg/m2))

Figure 5. Annual total PET for the years 2001-2022 in Tirkiye
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Annual Average NDVI-EVI for the Years 2001-2022 in Trkiye
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Figure 6. Annual average NDVI-EVI for the years 2001-2022 in Tiirkiye
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Figure 7. Annual average VCI for the years 2001-2022 in Tiirkiye
Annual Total FAL in Turkiye between the Years 2001-2022
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Figure 8. Annual total FAL in Turkiye between the years 2001-2022
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Figure 6 illustrates an increasing trend in both the NDVI and EVI between 2001 and 2022. The steeper slope of the NDVI
trend line compared to the EVI indicates a more rapid change in NDVI values over the given period, suggesting a
potentially stronger vegetation response to environmental conditions captured by the NDVI, highlighting higher
sensitivity or greater variability compared to the EVI. The VCI also displays an increasing trend from 2001 to 2022,
evident in Figure 7. Figure 8 reveals a rise in FAL in Tirkiye from 2001 to 2022, raising concerns about the state of the
country's forest ecosystems. This emphasizes the imperative need for effective conservation and sustainable land
management strategies in the face of these trends. Figure 9 shows the annual total PCP, annual average LST, annual
total ET and annual total PET maps for the years 2001 and 2022, whereas Figure 10 shows the annual average NDVI,
EVI, VCI maps as well as the forest area gain/loss map from 2001 to 2022.
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Figure 9. Annual total PCP, annual average LST, annual total ET and annual total PET maps for the years 2001 and 2022

As previously noted, this research examined variations in precipitation, LST, ET, PET, NDVI, EVI, VCI, and FAL on a
regional level. Unfortunately, the graphs specific to each of Tirkiye's seven regions are not featured in this article due
to page limitations. Instead, the change in these factors are illustrated through graphs representing the entire country
(see Figures 2-8). The MKT was applied to the data that was obtained for these factors from the GEE platform. This test
was conducted separately for the data corresponding to the seven geographical regions of Tiirkiye, both annually and
seasonally, within a 95% confidence interval. Accordingly, situations where 1.960 < Z indicate an increasing trend over
95% confidence interval, situations where Z < —1.960 indicate a decreasing trend over 95% confidence interval, and
situations where —1.960 < Z < 1.960 indicate a decreasing or increasing trend below 95% confidence interval. Tables
7-14 show the MKT results for the precipitation, LST, ET, PET, NDVI, EVI, VCI and FAL data, respectively.

As seen in Table 7, a significant decreasing trend in annual precipitation data is observed in one geographic region
(Eastern Anatolia). There is a significant increasing trend in summer precipitation data in five geographic regions
(Mediterranean, Aegean, Central Anatolia, Marmara, and Black Sea). However, for autumn precipitation data, a
significant decreasing trend is found in all regions except Southeast Anatolia.
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Figure 10. Annual average NDVI, EVI and VCI maps for 2001 and 2022; and forest area gain/loss map from 2001 to 2022

Table 7. MKT results for the precipitation data

REGIONS
Mediterranean ::::::; S:::I:::;:t Aegean :::ttorﬁla Marmara BSIZ:k Increasing | Decreasing
Annual Total -1.523 -2.763 -1.128 -1.241 0.000 -0.338 -0.338 0 1
) Spring 0.000 -0.846 0.677 0.000 0.451 1.635 1.072 0 0
e Summer 2.989 -0.564 0.620 3.102 3.215 2.312 2.538 5 0
2 Fall -2.538 -2.312 -1.523 -2.933 -2.707 -2.425 -2.820 0 6
Winter -0.677 -1.128 -0.959 -1.128 0.000 -0.113 -0.282 0 0
Increasing 1 0 0 1 1 1 1
Decreasing 1 2 0 1 1 1 1

As can be observed in Table 8, there is a significant increasing trend in annual LST data in one geographic region
(Eastern Anatolia Region). For summer LST data, a significant decreasing trend is found in four geographic regions
(Aegean, Central Anatolia, Marmara, and Black Sea). In autumn, there is a significant increasing trend in LST data in two
geographic regions (Mediterranean and Eastern Anatolia). Additionally, for winter LST data, significant increasing trends
are identified in two geographic regions (Eastern Anatolia and Marmara).

As depicted in Table 9, the data reveals notable trends in annual ET across different geographic regions. The findings
indicate a significant increasing trend in annual ET for six regions, including the Mediterranean, Southeast Anatolia,
Aegean, Central Anatolia, Marmara, and Black Sea regions. Similarly, during the summer season, there is a significant
upward trend in ET for the same six regions. Additionally, in winter, a noteworthy increasing trend in ET is observed in
four regions: Mediterranean, Eastern Anatolia, Southeast Anatolia, and Marmara.
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Table 8. MKT results for the LST data

REGIONS
Mediterranean :::::;; s:::::;:t Aegean ::::;:L Marmara lezzk Increasing | Decreasing
Annual Total 1.495 2.481 0.677 0.197 1.044 0.987 0.734 1 0
s Spring 0.677 1.552 0.197 0.000 0.282 -0.338 0.395 0 0
';‘ Summer -1.354 1.382 -0.564 -2.763 -2.172 -2.763 -2.059 0 4
= Fall 2.738 2.481 1.184 1.664 1.608 1.777 0.790 2 0
Winter 1.721 2.143 1.466 1.552 1.410 2.285 1.834 2 0
Increasing 1 3 0 0 0 1 0
Decreasing 0 0 0 1 1 1 1
Table 9. MKT results for the ET data
REGIONS
Mediterranean :::t:?a S:::::::t Aegean ::::;:L Marmara BSI:(;k Increasing | Decreasing
Annual Total 2.312 1.805 2.481 2.763 2.651 3.891 3.666 6 0
s Spring 1.241 1.635 1.523 1.128 0.592 1.579 1.579 0 0
';‘ Summer 3.158 0.620 2.145 3.384 2.707 3.921 2.059 6 0
2 Fall 0.846 -0.169 1.748 1.297 0.395 0.733 1.552 0 0
Winter 2.369 2.312 3.303 1.805 1.748 2.030 1.579 4 0
Increasing 3 1 3 2 2 3 2
Decreasing 0 0 0 0 0 0 0

As evident in Table 10, there is a significant increasing trend in annual potential PET data in two geographic regions,
namely Eastern Anatolia and the Aegean. Additionally, for spring PET data, a meaningful upward trend is identified in
one geographic region, the Aegean. Similarly, in summer, there is a significant increasing trend in PET data in one
geographic region, the Southeast Anatolia.

Table 10. MKT results for the PET data

REGIONS
Mediterranean :::::; s:::lt‘:::t Aegean ::::;:Ia Marmara B;::k Increasing | Decreasing
Annual Total 1.861 2.651 1.128 2.199 1.805 1.410 1.297 2 0
= Spring 1.466 1.128 0.480 2.143 0.902 1.523 1.184 1 0
E Summer -0.677 1.805 2.312 -1.072 0.169 -1.015 -0.113 1 0
= Fall 1.184 0.790 -0.451 1.579 1.015 0.902 0.790 0 0
Winter 0.733 1.128 1.072 1.861 1.466 1.748 1.184 0 0
Increasing 0 1 1 2 0 0 0
Decreasing 0 0 0 0 0 0 0

Table 11 depicts that, there is a noteworthy ascending trend in annual NDVI data across all geographical regions. In
spring, an evident upward trend in NDVI is observed in all regions except for Central Anatolia. Similarly, during the
summer, a significant rising trend in NDVI is noted in all regions except for Eastern Anatolia. In the autumn season, there
is a meaningful increase in NDVI data in all regions except for Marmara. As for winter NDVI data, a substantial upward
trend is identified in all regions except for Central Anatolia.

Table 11. MKT results for the NDVI data

REGIONS
Mediterranean Easterfl Southea.st Aegean Centrafl Marmara B Increasing | Decreasing
Anatolia | Anatolia Anatolia Sea

Annual Total 3.821 3.311 3.572 4.127 2.975 4.259 3.946 7 0
= Spring 2.819 1.988 2.750 3.361 1.901 2.537 2.247 6 0
o7 Summer 3.889 1.638 4.390 4.155 3.821 3.927 4.648 6 0
= Fall 3.908 2.158 3.580 3.034 2.432 1.887 3.870 6 0
Winter 3.035 3.180 2.963 2.948 1.646 3.629 2.576 6 0

Increasing 5 4 5 5 3 4 5

Decreasing 0 0 0 0 0 0 0
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Table 12. MKT results for the EVI data

REGIONS
Mediterranean :::::;; S:::ltlslai:t Aegean ::::;;L Marmara lezzk Increasing | Decreasing
Annual Total 3.477 3.554 3.364 3.430 2.889 4.151 3.874 7 0
=N Spring 2.289 2.036 2.507 3.083 1.682 2.450 1.666 5 0
e Summer 3.336 1.052 4.185 3.823 3.913 4.613 3.354 6 0
= Fall 4.229 2.850 3.878 2.573 2.970 1.962 3.274 7 0
Winter 2.440 3.348 2.830 2.319 1.313 2.862 2.486 6 0
Increasing 5 4 5 5 3 5 4
Decreasing 0 0 0 0 0 0 0

As depicted in Table 12, there is a notable upward trend in annual EVI data across all geographic regions. During the
spring season, a meaningful increase in EVI is observed in five geographic regions, including the Mediterranean, Eastern
Anatolia, Southeast Anatolia, Aegean, and Marmara regions. In the summer, a significant rise in EVI data is noted in all
regions except for Eastern Anatolia. Likewise, for autumn EVI data, there is a substantial increasing trend across all
geographic regions. Regarding winter EVI data, a significant upward trend is evident in all regions except for Central
Anatolia.

Table 13 shows that, there is a significant increasing trend in annual VCI data across all geographical regions. For
spring VCI data, a significant increasing trend is observed in five geographic regions (Mediterranean, Eastern Anatolia,
Southeast Anatolia, Aegean, and Marmara). During the summer season, a significant increasing trend in VCI data is
found in all regions except for Eastern Anatolia. Similarly, for autumn VCI data, there is a significant increasing trend in
all geographical regions except for Marmara. As for winter VCI data, a significant increasing trend is identified in all
geographic regions.

Table 13. MKT results for the VCI data

REGIONS
Mediterranean :::::; S:::::Iai:t Aegean ::::;;L Marmara B;::k Increasing | Decreasing
Annual Total 4.082 3.698 4.098 3.966 3.213 4.175 4.939 7 0
E Spring 2.886 2.070 2.712 3.282 1.955 2.604 1.783 5 0
l; Summer 3.954 1.357 3.779 4.064 3.808 4.326 4.418 6 0
= Fall 3.932 2.012 3.724 2.827 2.635 1.640 3.915 6 0
Winter 3.966 2.849 3.041 3.196 2.008 3.771 2.771 7 0
Increasing 5 4 5 5 4 4 4
Decreasing 0 0 0 0 0 0 0

As seen in Table 14, there is a significant increasing trend in annual FAL data in three geographic regions
(Mediterranean, Aegean, and Black Sea), and a significant decreasing trend in one geographic region (Southeast
Anatolia).

Table 14. MKT results for the FAL data

REGIONS
Mediterranean :::i‘:; SX::::E? Aegean ::::;:L Marmara B;::k Increasing | Decreasing
)
£ | Annual Total 3.497 -0.677 -2.312 3.609 1.917 0.508 3.891 3 1
=
Increasing 1 0 0 1 0 0 1
Decreasing 0 0 1 0 0 0

Correlation analysis was applied to precipitation, LST, ET, PET, NDVI, EVI, VCI, and FAL data obtained from the GEE
platform. The correlation analysis was conducted according to Pearson's correlation method. This analysis was
performed using data representing the entire Tiirkiye. The correlation coefficient (CC) obtained from the analysis reveals
the relationship between the two data sets examined. A CC approaching 1 indicates a strong positive relationship
between the data sets, approaching -1 indicates a strong negative relationship, and approaching 0 indicates no
relationship between the data sets. Table 15 shows the CCs indicating the pair-wise relationships between all the factors
used in the study. The strongest correlations are highlighted with red in the table.
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As seen in the table, in general, the relationships between these factors are diverse and intricate. For instance,
precipitation tends to have a negative correlation with LST, PET, and FAL, but a positive weak correlation with ET, NDVI,
EVI, and VCI. LST, on the other hand, exhibits negative correlations with precipitation and ET, a strong positive
correlation with PET, and various weak correlations with NDVI, EVI, VCI, and FAL. ET shows a negative correlation with
LST and positive, albeit weak, correlations with precipitation, PET, and FAL, along with very strong correlations with
NDVI, EVI, and VCI. These interconnections highlight the interdependence and complexity of environmental variables,
emphasizing the need for a comprehensive understanding of the intricate relationships within ecosystems.

Table 15. CCs computed for all the factors used

Precipitation LST ET PET NDVI EVI VCl FAL
Precipitation 1
LST -0.03 1
ET 0.13 -0.17 1
PET -0.23 0.63 0.11 1
NDVI 0.10 0.36 0.77 0.31 1
EVI 0.11 0.30 0.79 0.27 0.99 1
VvCl 0.11 0.28 0.81 0.32 0.96 0.95 1
FAL -0.31 0.27 0.11 0.24 0.35 0.32 0.37 1

4. Conclusion

The aim of this study is to examine the impacts of climate change on Tirkiye through data catalogues provided by the
GEE cloud-computing platform for the years between 2000 and 2022. To this aim, trend analysis was conducted on
various data sets, revealing notable patterns. In Eastern Anatolia, there were significant decreases in annual
precipitation and increases in annual LST. Across all regions except Eastern Anatolia, there was a significant increase in
annual ET. Conversely, Eastern Anatolia and the Aegean regions showed significant increases in annual PET. Moreover,
annual NDVI, EVI, and VCI demonstrated significant upward trends across all regions. Annual FAL showed noteworthy
increases in the Mediterranean, Aegean, and Black Sea regions. The experiments highlighted strong correlations among
ET, NDVI, EVI, and VCI, as well as a robust correlation between PET and LST.

The GEE data catalogues play a crucial role in uncovering the global implications of climate change by granting access
to an extensive collection of geospatial data. These catalogues offer researchers the ability to analyse a wide range of
satellite imagery, climate data, and environmental factors, facilitating in-depth examinations of lasting patterns and
changes. This data-driven method enhances our comprehension of the worldwide impact of climate change, assisting
scientists, policymakers, and communities in formulating precise approaches for both mitigation and adaptation.

In order to leave a healthier and more sustainable world for future generations, it has become necessary to work on
combating climate change. Therefore, it is essential to increase research efforts and generate more sustainable projects
to raise public awareness on this issue. While the present study delved into examining the impacts of climate change
on Tirkiye, specifically exploring variables such as precipitation, LST, ET, PET, NDVI, EVI, VCI, and FAL, it is essential to
acknowledge certain limitations. Notably, this study did not extensively investigate other influential variables, including
urbanization, alterations in water resources (such as lakes and rivers), shifts in land use, among others. This gap in the
research scope serves as a limitation, emphasizing the need for future studies to broaden their focus and encompass a
more comprehensive range of factors influencing climate change dynamics. By expanding the scope to include these
variables, future studies may contribute to a more holistic understanding of the intricate factors at play, thereby
informing more effective strategies for climate change mitigation and adaptation.
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Ozet

Bu makalede, i¢ ve dis ¢arpim islemlerini ve bunlarin tanimladidi i ve dis ¢arpim uzaylarinin
birlestirilmesine olanak saglayan yeni bir geometri ve bu geometrinin kurulusunu saglayan
cebir anlatiimistir. Geometrik cebir adi verilen bu yeni yaklasim, Clifford cebri olarak da
anilmaktadir. Kuaternionlardan daha etkili dénme 6zellikleri ve tensérlerden daha kolay
anlasilir yapisi ile geometrik cebrin miihendislik alanlarinda biiyiik yenilikler getirecegi
degerlendirilmektedir. Bu yapinin kolay anlasilabilmesi igin gerekli olan ilk kurucu
aksiyomlarin anlasiimasi ve bunlarla cebrin nasil bir diisiince yapisi ile kuruldugunun
ortaya konmasi gerekir. Bu makalede, bu ilk kurucu aksiyomlar ele alinmis ve cebrin
kurulusu anlatilmistir. Bir kez cebir olusturulunca, bu cebri daha (st boyutlara genellemek
miimkiindiir. Klasik cebrik yapilarla anlasiimasi gli¢ hatta kimi zaman olanaksiz olan (st
boyutlardaki bazi iliskilerin aciklanmasi geometrik cebir ile kolaylasmaktadir. Ornegin
projektif geometri 4-boyutlu geometrik cebrik uzayla, konformal geometri 5-boyutlu
geometrik cebrik uzayla kurulabilmekte ve bu uzaylardaki tim iliskiler ifade
edilebilmektedir. Makale bu konulara girilmeden, geometrik cebrin tanitiimasini,
aksiyomlarla cebrin kurulusunu ve bu sayede temel mantiginin kolay anlasiimasini
amaglamstir.

Anahtar kelimeler: Geometrik cebir, Clifford cebri, Grassmann

Abstract

In this paper algebraic construction of a novel geometry, which unifies inner and outer
product spaces, as well as inner and outer product operations have been explained. This
novel approach is called geometric algebra and also referred as Clifford algebra in the
literature. It is expected that geometric algebra will bring novelties to engineering fields
with its more effective rotation properties than quaternions and easier structures than
tensor algebra. For easy understanding of the structures of the geometric algebra, its first
constructive axioms and their use for constructing the algebra, should be clearly
understood. In this paper, those constructive axioms are defined and explained how to use
them to construct the geometric algebra. Once the algebra is constructed, it is straight to
generalize it to upper dimensional spaces. With geometric algebra, it is easier to explain
geometric relationships in the upper dimensions than classical algebras, also in situations
that the classical approaches are insufficient. For example, the projective geometry can
deeply be analyzed by compact structure of the geometric algebra in 4-dimensional
algebraic space. In 5-dimensional geometric algebraic space, analysis of the conformal
geometry is very effective. The paper aims at introducing geometric algebra with its
constructive first axioms and explain the construction of the geometry in a tractable
manner.

Keywords: Geometric algebra, Clifford algebra, Grassmann

117


https://orcid.org/0000-0002-3158-3734

Dodan, S. | Tiirk Uzaktan Algilama ve CBS Dergisi, Cilt: 5, Sayi: 1, Sayfa: 117-124, Mart 2024

1. Girig

1844 yilinda Hamilton, kuaternionlar adini verdigi ve karmagik sayilari 3-boyutlu uzaya genelleme yoluyla elde ettigi
kesfini yayimlamistir. Grassmann, gelistirdigi yeni geometrik operasyonlari yayimlamis ve bu operasyonlarla tanimladigi
orijinal bir geometriyi 6nermistir (Grassman, 1844). Bu yayininda, mevcut geometriyi genisletmis, bunun igin de "dis
carpim" adinda yeni bir cebrik carpma islemi &nermistir. Bu "genisletme" kavraminin Euclides de farkindaydi: iki
uzunlugun ¢arpiminin bir alani, bir uzunlukla bir alanin ¢arpiminin bir hacmi veya bu sekilde devam edildiginde daha st
boyutlu geometrik nesnelerin Uretilmesi gerektigini o da dislinmisti (Vince, 2009; Dorst vd., 2010).

Grassmann, kendi geometrik hesabinin detayli bir sekilde tanimini yapmis ancak bunu yaparken, vektor analizi,
vektorlerin toplanmasi, ¢ikarilmasi, garpilmasi ve vektor tirevleri gibi konulardaki yeni diisiincelerini, kendisinin inandigi
saf diistince ve varlik felsefesi ile tanimlamak istemesi nedeniyle anlasilmasi gii¢ bir yaklagim ortaya koymustur. 1864'de
Grassmann, bu ilk yaklasimina ek olarak yeni bir kitap yazmistir ama o dénemlerde diisiinceleri yine de yeterince
anlasilamamistir (Hestenes & Sobczyk, 2012).

Clifford (1845-1879), Grassmann'in parlak fikirlerini o zamanlarda anlayan tek kisi olmus ve bu fikirleri formel
(bigcimsel) mantik (formal logic) diliyle ifade etmeyi basarmis ve bugiin "geometrik cebir" olarak adlandirilan cebri formel
(bicimsel) olarak ortaya koymustur. Maalesef o donemlerde Gibbs'in vektor cebri daha kolay anlasildigindan, yaklasik
100 yil boyunca geometrik cebir unutulmus ve kimsenin dikkatini cekmemistir.

Geometrik cebir, anlagilmasi cok zor kavramlar igeren ve bunun igin grup teorisi, kime teorisi, matematiksel mantik,
sayllar teorisi vb. bircok konuda kavrayis zenginligi gerektiren bir cebirdir. Geometrik cebir konusunun hangi ihtiyagtan
veya arayistan ortaya c¢iktigini ve bunun alisilagelmis yaklasimlardan farkli yapisina ikna olma gligligiini agiklamaya
calismak ise ¢ok farkl bir tartismayi gerektiren iceriklerle dolu bir konudur. Konunun bu denli genis olmasi, geometrik
cebrin basitce tanimlanmasini zorlastirir. Bazi kaynaklar geometrik cebri sadece (st uzaylari olusturan bir cebir olarak
veya geometriyi koordinatlardan bagimsiz bir cebir haline dénistiren bir yontem olarak tanimlamaktadir. Bu tanimlar
dogrudur ancak, geometrik cebir bu 6zelliklerden ¢ok daha fazlasina sahiptir. Geometrik cebir, ayni zamanda bilimde
"birlestirme/unification" olarak adlandirilan bir birlestirme teorisidir (Hestenes, 2003). Gergekte ayni dogaya sahip
oldugu izlenimi veren ancak hesaplamalarda farkli formel yapilar ve diisiinme bigimleriyle yorumlanan olaylar, ayni
formel yapiya sahip tek bir bakis agisiyla ifade edilebilmelidir. Ornegin klasik mekanik ve kuantum fizigi ayni
evrenin/doganin davranis bicimleri iken, her birisi icin kullanilan matematik modeller ve bunlarin fiziksel yorumlari ayri
ayri ele alinmaktadir. Bunlarin tek bir tane ve ayni modelle ifade edilmesi isi bir "birlestirme" isidir. Einstein'in uzay ve
zamani birlestiren 6zel gorelilik yasasi, kiitle cekimi ile zamani ve enerjiyi birlestiren genel goérelilik yasasi ¢cok basarili
birlestirmelerdir. Maxwell'in elektrik ve manyetik alanlari birlestirme ¢abasi da iyi bir 6rnektir. Her ne kadar Maxwell
elektrik ve manyetik alanlari denklem sistemiyle ifade etmis olsa da, bunlari bir tek denklemle birlestirmeyi
basaramamistir. Geometrik cebir ile bunu basarmak mimkiindiir (Hestenes, 2003). Bu birlestirme bakis agisina gore
geometrik cebir, i¢ carpim ve dis ¢arpim islemlerini ve bunlarin vektér uzaylarinda temsil ettikleri biiylklikler ve o
buytkliklerin ait oldugu geometrik yapilari birlestiren bir cebirdir. Bu birlestirme, reel sayilarla sanal/imajiner sayilari
birlestiren karmasik sayilar teorisinin yaptigi birlestirmeye benzer. Sanki elma ile armudu bir araya getiren, her ne kadar
elma ile armut toplanmasa da bunlarin ikisini birlikte yeni bir yapiymis gibi ele alip yorumlamamizi saglayan ve yeni
ozelliklerini ortaya c¢ikaran bir slirecin yaptigini yapar geometrik cebir.

Geometrik cebir, vektor cebrine alternatif bir cebrik yapidir (Perwass, 2009). Bu yapida; uzunluklar, alanlar, hacimler
ve hiper-hacimler bir biuyiklik ve bir de yoénelime sahip yapilar olarak distnlir. Her cebrik yapinin temelinde,
kendiliginden apacik ilkelerden olusan bir aksiyom kiimesi vardir. Cebir bu ilk aksiyomlardan baslanarak ve bunlarla
tutarh bir sekilde yol alinarak olusturulur. Ayni yontem, geometrik cebir icin de gecerlidir. Cebirsel yapilarin temel
aksiyomlari, ilk olarak polinom denklemlerinin tamsayi katsayilarinin ¢éziimlerinin arastiriimasi amaciyla ortaya konan
grup teorisi aksiyomlariyla tanimlanir (Grove, 2002). Bu makalede, soyut cebrin temel grup, halka, alan vb.
aksiyomlarinin bilindigi varsayilarak geometrik cebrin olusturulmasi anlatilacaktir. Sonraki bélimde, geometrik cebri
olusturan geometrik carpim iliskisi, temel aksiyomlarla birlikte anlatilmaktadir.

2. Geometrik Carpim

1884'de Grassmann, kendisinin genisletme teorisinde (¢ vektoriin carpimi ile ilgili Gg ayri carpma islemi tanimlamistir:
i¢ carpim, dis carpim ve belirsiz carpim (Grassmann, 1844).

ideal diinyada, vektdér carpimlari uzaydan bagimsiz olmalidir. Yani ¢arpimlar 2-boyutlu vektérlere de
uygulanabilmelidir n-boyutlu vektérlere de. Ancak klasik vektdr cebrinde durum béyle degildir. Ornegin vektérlerin
capraz/vektorel carpimlari sadece 3-boyutlu uzay icin tanimli ve anlamlidir. Vektorel ¢carpim 3-boyutlu uzayda ¢ok iyi
calissa da 2, 4 veya daha st boyutlu uzaylarda tanimli ve anlamli degildir. 4-boyutlu uzayda anlamsizdir ¢linki
tanimindaki sag el kurali, 4-boyutlu uzayda bir elin nasil olacagini bilmedigimizden anlamsizdir.
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Carpma/toplama islemi tanimlanmadan 6nce, bu islemi olusturacak aksiyomlarin var olmasi gerekir. Bu aksiyomlar,
carpmanin hangi kurallarla yapilacagini ifade eder. Yukarida ifade edilen sag el kurali, carpimin sonucunda elde edilecek
sonug vektoriinin yonini belirlediginden ve bu yoniin de cebrik olarak garpilan vektorlerin ¢arpim sirasina bagh
olmasindan dolayi, carpimin degisme Ozellig§ine yogunlasmak mantiklidir. Diger taraftan, ilk aksiyomlar oldukga
minimum sayida olmalidir.

Asagidaki aksiyomlarin ilk ikisi, vektorlerin birbiriyle nasil etkilesime girecegini ifade eder (Vince, 2009; Hestenes &
Sobczyk, 2012; Vince, 2008).

1. Aksiyom: Birlesme ozelligi a(bc) = (ab)c

2. Aksiyom: Soldan ve sagdan dagilma 6zelligi a(b + ¢) = ab + acve (b + c)a = ba + ca

Sonraki dort aksiyom ise vektorlerin skaler biyuklikler ile nasil etkilestigini ifade eder:

3. Aksiyom:(Aa)b = A(ab) = Aab, (A € R)

4. Aksiyom: lea = (Ae)a, AeeR)

5. Aksiyom: A(a+b) =2Aa+ ib, (LER)

6. Aksiyom: (A+¢e)a=Aa+ ea,(1,e€ER)

7. Aksiyom: a? = |a|?

8. Aksiyom: e;e; = —e;e;(gosterim kolayligi bakimindan e;e; = e;;seklinde yazalim.)

Yukaridaki aksiyomlardan baslayarak, bir vektoér uzayinin cebrinin ilging bir yapiya dontstigini gosterebiliriz. Bunun
icin R3 vektdr uzayi ile bu aksiyomlarla tanimlanan geometrik carpma islemini iki vektére uygulayalim. R3 'iin g
ortogonal ¢cati/temel vektoéri eq, e, e;olsun. Klasik vektor cebrine gore |leq|| = lle;]l = lles]| = 1vee,.e, = e,.e5 =
e;.e; = 0 olur. Burada (.)semboli, vektérlerin skaler ya da noktali ¢carpimini géstermektedir. Herhangi bir vektor, bu
catl vektorlerin lineer kombinasyonu seklinde tek anlamli ifade edilebilir. Buna gére, a,b € R3 iki vektor olsun. Bu
vektorler, cati vektorlerin lineer kombinasyonu ile

a=ae; + a,e, + ases
b = blel + b2e2 + b3e3 (1)

seklinde ifade edilir. a ve b vektorleri ab ikilisi (dyadic) seklinde aksiyomlara gore garpilirsa asagidaki garpma islemi
elde edilir.

ab = (a161 + a,e, + a3e3) (blel + bzez + b3e3)

2a
= a1b18181 + albzelez + a1b3ele3 + a2b19291 + azbzezez + a2b3eze3 + a3ble3e1 + a3bze3ez + a3b3e3e3 ( )

Bu asamada, yukaridaki carpimi klasik vektor cebriyle esdeger yapacak bir gegici ek aksiyom koyalim.

Gegici Aksiyom: e,e, = e;, e,e; = e, es;e; = e,
Cati vektérlerin normlari bir oldugundan (7.) aksiyoma gére e;e;=e;?=|e;|> = 1 ve cati ortogonal oldugu igin de
skaler carpimlari e;.e; = 0 (i # j) olacagi icin (2a) bagintisi asagidaki gibi sadelesir.

Bu ifadeye ayrica (8.) aksiyomu da uygularsak,

ab = (a;b; + ayb, + azb3) + a;b,eq, — a;bsesz; — azbieq; + azbze,; + azb,ez; — azby ey (2¢)

elde edilir. Bu son ifade, ilk aksiyomlarla tanimlanan R3 vektor uzayinin geometrik cebirdeki geometrik carpimidir.
Geometrik cebri vektér cebrinden ayirmak igin sembolik olarak G(R3) seklinde veya kisaca G; seklinde
gosterebiliriz(Perwass, 2009). Bu gbsterimin anlami sudur: n-boyutlu bir R™ vektdr uzayinin geometrik cebri/geometrik
cebir uzayl G(R™) = G,,/dir. Artik G(R™) ile R™ ayni degil iki farkli cebrik uzaydir. ilki geometrik cebrik uzay, ikincisi
vektor cebri uzayi (vektor uzayi)'dir. (2c) bagintisina bakilirsa, parantez igerisindeki toplama ifadesinin bir skaler sayiya
esit oldugu ve bu skaler sayinin da a ve b vektérlerinin a. b skaler carpimini ifade ettigi aciktir. O zaman;

a.b = (a1b; + ayb, + azbs) = |lal.|[b]]. cos O, (3)
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yazabiliriz. (2c)'nin geriye kalan terimlerini yorumlamak icin gegici aksiyomu (2c) bagintisina uygularsak, G ile R3
arasindaki iliskiyi gérebiliriz. Gegici aksiyom aslinda R vektér uzayinda tanimli olan vektérel/capraz carpim taniminin
geometrik carpimla ifadesinden baska bir sey degildir. Gegici aksiyom uygulandiginda, (2c) 'nin kalan terimleri,

a,b,e; —arbses; — azbeq; + azbse;; + azb ez — azb,ey; =
a1b2€3 - a1b3€2 - a2b183 + a2b3e1 + a3b182 - a3b281 =
(azbs — azby)e; + (azb; — aybsz)e, + (a1b, —azb)e; =axb
= ||all. ||b]|. sin B,

(4)

elde edilir. Bu ifade gorilduga gibi a ve b vektoérlerinin taradigi paralelkenarin alanina esit buyukliikteki vektorel
carpim vektori (aksiyal vektor)'dir. Baska bir ifadeyle, eger gecici aksiyom da cebir iginkurucu aksiyom olarak kabul
edilseydi, (2) bagintilarinda verilen iki tane 3-boyutlu vektoriin geometrik carpimi asagidaki gibi olurdu:

ab=ab+axb (5)

Bu durumda, (5) bagintisindaki a x b ifadesi klasik vektdrel carpim olurdu ve bu ifade sadece R3 vektér uzayinda
gecerli olurdu. Ancak buradan anlasiimasi gereken sey, ikinci ifadenin vektorel carpimla iliskili oldugunu gérmektir.
Geometrik cebirde gecici aksiyom yoktur(Vince, 2009). Bu gegici aksiyom olmadiginda (5) bagintisi asagidaki gibi
gosterilebilir ve bu gosterimde ikinci terimin hala vektorel carpimi andiran bir role sahip oldugunu séylememiz gerekir.
Gegici aksiyom olmadiginda geometrik ¢carpim,

ab=a.b+aArb (6)

seklinde gosterilir. Burada A semboll (wedge) semboll olarak adlandirilir ve bu sembolle gésterilen garpima da dis
¢arpim adi verilir. Burada (6) bagintisiyla verilen geometrik ¢arpimin bir skaler ¢arpim (i¢c ¢carpim) ve bir de dis ¢arpim
terimlerinden olustugunu ve bu sayede geometrik carpimin i¢c ve dis carpimlari birlestiren yeni bir cebrik ¢arpim
oldugunu vurgulamak gerekir. a A b dis carpimi a, b € R? vektérlerinin olusturdugu diizlemi ifade eder ve biyikligi
de (4) bagintisinda gosterildigi gibi, bu iki vektoriin olusturdugu paralelkenarin alanina esittir. Bu yeni bir elemandir
ancak bu yeni eleman R3 vektér uzayinin degil G; geometrik uzayinin elemanidir deriz. Bu yeni G5 eleman, iki vektérden
olustugu icin buna bivektér (ikivektér veya grade2-vector) adi verilir (Vince, 2009; Hestenes & Sobczyk, 2012; Perwass,
2009; Vince, 2008; Artin, 2016).

R3vektdr uzayinin temel vektorlerinin ticliniin geometrik carpimi da mimkiindiir. Bu geometrik carpim asagidaki
gibi olur:

616263 = (6162)63 = (el.ez + eq N 32)33 = (el N 82)83 = (el N ez).e3 + eq N e, N 83
= (31.33)/\(32.33)‘{‘31/\62/\83 :el/\ez/\eg (7)

Bu son bagint, e;. e; = 0 (i # j) oldugu yani ortogonal vektérlerin skaler carpimlarinin sifir oldugu gercegi, birlesme
ve dagilma ozellikleri aksiyomlari (6) bagintisindaki geometrik carpim tanimina uygulanarak elde edilmistir. (7) bagintisi,
eie,e3 = eq Ney A ez = eqyzoldugunu gosterir. Yani, ortogonal vektorlerin geometrik g¢arpimlari, bunlarin dig
carpimlarina esit olur. Cunkd i¢ carpimlari sifirdir. (7) bagintisinda elde edilen eq;3 = €4 A e, A esifadesi, yeni bir
elemandir. Bu yeni eleman, (i¢ tane vektorden olusan bir hacim elemani oldugu icin buna "trivector/ii¢c-vektér veya grade
3 vektér" adi verilir. Bu trivektor, eq, e,, estemel ¢ati vektorlerinin olusturdugu birim hacme esit buyuklige ve saatin
tersi yéniinde bir ydnelime sahip bir temel ¢ati hacim elemanidir. Bu asamada, R 'iin {i¢ tane ¢ati vektdriine geometrik
carpim uygulandiginda, sonug olarak su elemanlarin elde edilebilecegini, baska olasiliklarin bulunmadigini séyleyebiliriz:
Gs ={a,e,, e, e3,e,,,€,3, €31, 81,3} Buradaa € R seklinde skaler bir sayidir. Bu kiimeye, G5 cebrik uzayinin temel/cati
elemanlari denir. Buradan sunu da not etmek yerindedir. 3-boyutlu R vektdr uzayinin G5 cebrinin toplam 23=8 tane
cati elemani vardir. Benzer sekilde 2-boyutlu R? vektdr uzayinin G, cebrinin toplam 22=4 tane cati elemani vardir. Yani
G, ={a,e,, e, e ,} seklindedir.

Ayni kural daha iist ve alt boyutlara genellestirilebilir. ilerleyen béliimde, geometrik cebir uzayinin en yiiksek diizeyli
elemaninin ilging 6zelliklerini gésterecegiz. Sekil 1'de, R ve G5'lin cati elemanlari gésterilmistir (Vince, 2008; Vince,
2009).
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s I=epy

€;

€

(a) (b)

Sekil 1: a) R3vektdr uzayinin gatisi, b) G3 cebrik uzayinin gatis
Her iki uzayda da orijin noktasi, skaler sayilarin catisidir (sifir/null alt uzayi)
e, =e Neye,;=e,Nese;; =e;Neq,
I=e,;=e Ne,Nes.

sekil 1b'ye dikkat edilirse, geometrik carpim anti-commutative degisme &zelligine sahiptir. Yani e;; = —ej;oldugu igin
temel bivektorlerin dis carpim sirasi 6nemlidir. Saat ibresinin tersi yoni pozitif yon olarak alinir.

3. Geometrik Cebrin Temel Ozellikleri

Bu bolimde, geometrik cebrin ilging ozellikleri 6zetle ele alinacaktir. En énemli 6zelliklerinden birisi, skaler sayilari,
vektorleri, bivektorleri, trivektorleri, vb. lineer toplam seklinde toplayarak "multivector/coklu vektor" adi verilen yapiyi
olusturmasidir. Bir coklu vektor, herhangi bir cebir elemani gibi cebrik islemlere sokulup islenebilir. Geometrik cebrin bir
bagka 0Ozelligi ise bivektorlerin ve trivektorlerin sanal sayi gibi davranmalaridir. Bu 6zellik sayesinde geometrik cebrik
uzaylara, karmasik diizlemin st uzaylara genellestirilmis hali olarak bakilabilir. Bu konularin anlasilabilmesii¢in dizeyler
(grades) ve sahte sayilar (pseudoscalars) kavramlarini incelemek gerekir.

3.1. Diizeyler (Grades) ve Sahte Sayilar (Pseudoscalars)

Geometrik cebirde cebrik elemanlar, diizeylerine (veya derecelerine/grade’lerine) gére séyle adlandirilirlar: Skaler
sayilar grade-0, vektorler grade-1, bivektorler grade-2, trivektorler grade-3 vb. sekilde adlandirilirlar. Farkl dizeylerdeki
elemanlarin toplamindan olusan cebrik elemanlara ise ¢oklu-vektér/multivector denir (Vince, 2009; Perwass, 2009;
Vince, 2008; Bayro-Corrochano & Scheuermann, 2010; Kanatani, 2015). Geometrik cebir gibi farkli dlizey hiyerarsisine
sahip cebirlerde cebrin en yiiksek diizeyli elemanina sahte sayi/sahte skaler/pseudoscalar adi verilir. Buna gére G,'nin
sahte skaleri e;,, G3’ln sahte skaleri e;,3, G,'Un ki e;,340lur ve daha Ust boyutlar igin de ayni kural gegerlidir.

Bir cebrik ifade, asagidaki gibi farkli diizeyli elemanlarin toplamindan olusan bir ¢oklu-vektorddr:

A=5+3e, +4e, —5e,, + 7e ;3 (8)

Boyle bir ifadeden, istenen dizeydeki elemanlari segmek icin <ifade>dizey Seklinde bir operatér tanimlayabiliriz.
Burada diizey, segilecek terimin diizeyi/grade'idir. (8) bagintisini ele alirsak <A >,=5, <A >;= 3e; + 4e,,
< A >,= 5e,,,< A >;= 7e;,;0lur. iki tane grade-1 elemanin i¢ carpimi grade-0 yani skaler iretir. Dis carpimlari ise
grade-2 eleman Uretir. Baska bir ifadeyle, iki tane grade-n elemanin i¢ garpimi bunlari grade-(n-1) elemana, dis ¢carpimi
ise grade-(n+1) elemana gevirir. Buna gore i¢ carpim "diizey azaltici islem", dis carpim ise "dlizey arttirici islemdir" deriz.
Bu 6zellik tiim dizeyler igin gegerlidir.

3.2. Coklu-vektorler (Multivectors)

Farkli diizeylerden elemanlarin kombinasyonuna/toplamina "coklu-vektér/multivector" denir. Herhangi dlizeye sahip bir
tane eleman da ¢oklu-vektor olabilecegi gibi, iki ya da daha fazla diizeyli elemanlarin toplami da bir ¢coklu-vektordir. A
ve B gibi iki coklu-vektor icin A+B, A-B, AB ve A/B seklinde sirasiyla toplama, ¢ikarma, carpma ve bélme islemleri
yapilabilir. Bunun i¢in temel aksiyomlari uygulamak yeterlidir.
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Ancak bolme igin ters/inverse hesabi gerekir ve bunu sonraki bélimlerde tanimlayacagiz. Bir 6rnek olarak A = 3 + e; +
2e, + 5e,,ve B =1 + 2e; + 2e, + 6e,, iki goklu-vektdr olsun. Buna gore bu ikisinin toplami,

seklinde, cebrik toplama islemi yapilarak elde edilir. AB geometrik carpimi ise;

AB = (3 + e, + 2e, + 5e,,)(1 + 2e, + 2e, + 6e,,)
=3+ 6e, + 6e, + 18e,, + e, + 2e,; + 2e;, + 61, +
2e, + 4e,, + 4e,, + 12e,,, + 5e,, + 10e,,1 + 10e;,, + 30€1,, (10)
=3+ 6e, + 6e, + 18e,, + e, + 2 + 2e,, + 6e, + 2e, — 4e,, + 4 — 12e, + 5e;, — 10e, + 10e; — 30
= —21+ 5e; + 4e, + 21e,,

elde edilir. (10) bagintisinda islemler, aksiyomlara gére yapilmistir. Ornegin, e;;, = e,e,e, = e;,e, = e,'dir. €51, =
—e,,; = —e, vb. olur. Burada goriildigi gibi coklu-vektorlerle her turll islem yapilabilir.

3.3. Ters Cevirme (Reversion) islemi

Geometrik cebrin, elemanlarin islem sirasina duyarli oldugunu biliyoruz. Bu o6zellikle ilgili yararli bir operator
tanimlanabilir. Cebrik islem sirasini degistiren ters cevirme (reverse) operatérii ' + ' (dagger) sembolii veya '~' (tilde)
semboli ile gosterilir (Vince, 2008; Vince, 2009). A = ab seklinde iki vektoriin ¢arpilmasi islemine reverse operatori
uygulanirsa,

At = ba (11)

olur. Buislem, 4 = ba seklinde de yazilabilir. Her iki gésterim de literattirde kullanilir. Skaler elemanlar ve vektérler
reverse isleminden etkilenmez. Bi-vektérler ve tri-vektérler isaret degistirirler. Ornegin,

(e;eze3)" = 3123 = €3€,e, = €331 = —€13 (12)
Grade-4 ve grade-5 elemanlar isaret degistirmezler. Ornegin;

(erereze,)" = 91234 = T€1243 = €1423 = —€4123 = €4132 = T€4312 = €4321 = €1234 (13)

olur. (13) bagintisinda gérildigi gibi, e,  ifadesinde, herhangi bir tane indis bir sola ya da bir saga kaydirildiginda
isaret degisir. e, . = —ej. gibi. Bu durum, anti-komaitatif degisme 6zelligi nedeniyle béyledir ve bu kuralin tensor
cebri kurallariyla ayni oldugu gériilmektedir. Buna gére kolaylik olmasi icin isaretin ne olacagini belirleyen bir formiil
yazilabilir. Bir elemanin diizeyi k ise (yani eleman grade-k elemani ise),

()T =(-1)" 7 e (14

Seklinde reverse isleminin sonucunun isaretini kolayca bulabiliriz.
3.4. Bir Coklu-vektoriin Tersi

Bir A coklu-vektériiniin tersi/inversi A=A = AA™! = 1 seklinde tanimlanir. A~14 ifadesinde ters coklu-vektér soldan
carpildigi icin buna "sol invers", AA~tifadesindeki gibi sagdan carpilirsa "sad invers" adi verilir. Degisme 6zelligi bulunan
cebirlerde sag ve sol inversler esittir yani simetriktir. Ancak anti-komitatif degisme 6zelligi bulunan cebirlerde her zaman
simetrik olmayabilir.

Geometrik cebir de anti-komutatif degisme 6zelligine sahiptir ancak, her durumda A ¢oklu-vektériiniin sol inversi
vardir. Cogu durumda sag inversi de vardir ve simetriktir ancak sag inversin bulunmadigi durumlar da mimkindur. Coklu
vektorlerden asagidaki formda olan tiplere versér adi verilir:
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A= aia, .. a, (15)

Burada A coklu vektorii, a; ... a,, vektérlerinin carpimi ile olusmustur. Bu versdriin tersini hesaplamak kolaydir. Once
A versoriline ters gevirme (reverse) islemi uygulayip bunu kendisi ile carpalim.

At = aya,_ .. a; (16)
AtA = (aya,_, .. ¢)) (a4, ... ay) (17)
elde edilir. Carpma islemi igten disa dogru gergeklestirilirse,
AtA = (a,a,_, .. (a;a))a, ... a,) (18)
AtA = |a,|*(aza,_, ... (aya;) ... ay) (19)
elde edilir. Tum elemanlar igin carpimlar benzer sekilde yapilirsa, sonug olarak;
ATA = (lay* +a; | + - + |a|? (20)

olur. Ayrica, AT A= AAtoldugundan A=*A=1 olmalidir. Yani;

(AtA)AT = Af (21)
A~1(AAah) = At (22)
ve buradan da,
At
At = 1 (23)

Seklinde inversi elde edilir. (23) bagintisinda, AAT ifadesinin bir skaler sayi oldugunu biliyoruz. O zaman bir versériin
tersi, ters cevrilmis halinin AAT veya AA" ifadesine bélinmesine esittir deriz. Buradan da sagdan ve soldan terslerinin
esit oldugu acikca gorilmektedir.

Bu son anlatilanlara gore sunu séylemek mumkandir: Eger iki vektoriin geometrik carpimi A = ab verildiginde,
a biliniyorsa b'yi, b biliniyorsa a’yi kolayca bulabiliriz. Buna gére b = a 1A ve a = b~ 'A seklinde b ve a hesaplanabilir.
Bu yaklasimla daha genel ¢oklu vektorlerin de tersleri hesaplanabilir. Ancak burada bu konuya girilmeyecektir.

Geometrik cebirde ters alma (inverse) islemi ile birlikte garpmanin birim elemani da tanimlandigi igin artik geometrik
cebrin aksiyomlarinin tam cebir olusturdugu gorilmektedir. Bu cebirde, geometrik elemanlarin tirevlerinin de kolayca
tanimlanabilecegi gérulmelidir.

3.5. Sahte Skalerlerin Imajiner Ozellikleri
Geometrik cebrin en yiksek diizeyli ¢cati elemanina sahte sayl dendigi onceki bolimlerde anlatiimistir. 2 boyutlu

geometrik cebirde e;,bi-vektori, 3 boyutlu geometrik cebirde e;,; tri-vektorii ve n-boyutlu cebirde de e;, , coklu
vektérii sanal sayi gibi davranir. Ornegin e, bi-vektdriiniin karesi -1’e esittir:

(e12)” = €281, = €131, = —€155; = —€;; = —1 (24)
Benzer sekilde e, tri-vektériiniin de karesi -1’e esittir.

2 _ _ _ _ _ _
(e123)° = €122€122 = €123123 = —€1323132 = €123312 = €1212 = —1 (25)

Daha iist boyutlarda bu durum degisebilir. Ornegin 4-boyutlu uzayda e;,3,’lin karesi +1’dir. Bu 6zellik, pozitif ve negatif
normlara sahip koordinat catilari tanimlamayi mimkun yapar. Pozitif ve negatif normlar ¢ok farkl alanlarda kullanilabilir.
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Ornegin uzay-zaman geometrisini bir tek geometrik cebir ile ve uygun segilen pozitif ve negatif normlu catilarla ifade
etmek mimkindir (Hestenes & Sobczyk, 2012; Hestenes, 2003; Hitzer vd., 2013). Bu sayede, lst boyutlarin 6zelliklerini
geometrik cebir ile anlamak daha kolaydir. 5- boyutlu konformal geometri geometrik cebir ile eksiksiz ifade edilebildigi
gibi, klasik yontemlerle goriilmesi miimkiin olmayan birgok &zelligin de agikga anlasilir hale gelmesini saglamaktadir
(Perwass, 2009).

Sahte sayilarin imajiner Ozelliklere sahip olmasinin bir baska énemi de, karmasik sayilarin vektorleri dondirme
ozelligine sahip olmasidir. 2 ve 3 boyutlu uzaylardaki dénme olayi, bi-vektoérler ve tri-vektorlerle kolayca ifade edilebilir.
Hatta bu ifadeler koordinatlardan bagimsiz bir sekilde bile gergeklestirilebilir (Vince, 2009; Du Val, 1964). Bu anlamda
fotogrametri, bilgisayarla gérme, bilgisayar grafikleri ve daha bir¢cok alanda kolayliklar saglayacagi anlasiimalidir.

5. Sonug¢

Makalede geometrik cebir tanitilmis, kolay anlasilabilmesi icin aksiyomlara dayal olarak cebrin nasil tanimlanacagi
detaylica agiklanmistir. Geometrik cebir son 10-15 yil igerisinde genel olarak yeniden fark edilmis ve farkh alanlarda
geometrik cebir ile klasik modellerin yeniden yorumlanmasi igin galismalar baslamistir. Geometrik cebirde heniiz
¢Ozllememis ¢ok sayida problem de vardir. Miihendisligin her alaninda, mevcut modeller geometrik cebir ile yeniden
yorumlanabilir ve bu sayede bu zamana kadar ¢oziilemeyen problemlerin ¢6zUmu icin yeni bakis acilari sunabilir.
Perwass (2009)’'da muhendislik uygulamalar (6zellikle bilgisayarla gérme / computer vision) ile ilgili bir kitap
yayimlamistir. Dogrudan fotogrametri ve uzaktan algilama ile ilgili ¢alismalar yeni baslamistir (Khan vd., 2020).
Fotogrametrik modellerin yeniden yorumlanmasi i¢in ¢alismalarimiz devam etmektedir.

Kaynaklar

Artin, E. (2016). Geometric Algebra. Dover Publications.

Bayro-Corrochano, E.,& Scheuermann, G. (2010). Geometric Algebra Computing: in Engineering and Computer Science.
Springer London.

Dorst, L., Fontijne, D., & Mann, S. (2010).Geometric Algebra for Computer Science: An Object-Oriented Approach to
Geometry. Elsevier Science.

Du Val, P. (1964). Homographies, Quaternions, and Rotations. Clarendon Press.

Grassmann, H. (1844). Die Wissenschaft der extensiven Gréssen oder die Ausdehnungslehre Erster Teil, die lineale
Ausdehnungslehre. Verlag von Otto Wigand.

Grove, L.C. (2002). Classical Groups and Geometric Algebra. American Mathematical Society.

Hestenes, D., & Sobczyk, G. (2012). Clifford Algebra to Geometric Calculus: A Unified Language for Mathematics and
Physics. Springer Netherlands.

Hestenes, D. (2003). Oersted Medal Lecture 2002: Reforming the mathematical language of physics. American Journal
of Physics, 71(2), 104-121.https://doi.org/10.1119/1.1522700

Hitzer, E., Nitta, T., & Kuroe, Y. (2013). Applications of Clifford’s Geometric Algebra. Advances in Applied Clifford
Algebras, 23(2), 377-404.https://doi.org/10.1007/s00006-013-0378-4

Kanatani, K. (2015). Understanding Geometric Algebra: Hamilton, Grassmann, and Clifford for Computer Vision and
Graphics. CRC Press.

Khan, P.W., Byun, Y-C., & Latif, M. A. (2020). Clifford Geometric Algebra-Based Approach for 3D Modeling of Agricultural
Images Acquired by UAVs. IEEE Access, 8, 226297-226308.

Perwass, C. (2009). Geometric Algebra with Applications in Engineering. Springer Berlin Heidelberg.

Vince, J. (2008). Geometric Algebra for Computer Graphics. Springer London.

Vince, J. (2009). Geometric Algebra: An Algebraic System for Computer Games and Animation. Springer London.

124



.--D""

2020

Turkish Journal of

Turkish Journal of Remote Sensing and GIS
Tiirk Uzaktan Algilama ve CBS Dergisi

Turk J Remote Sens GIS, March 2024, 5(1):125-137

Remote Sensing and GIS Journal homepage: http://www.dergipark.org.tr/en/pub/rsgis

Object Based Classification in Google Earth Engine Combining SNIC and
Machine Learning Methods (Case Study: Lake Koycegiz)

Google Earth Engine Platformunda SNIC ve Makine Ogrenimi Yéntemlerini
Birlestiren Nesne Tabanli Siniflandirma (Ornek Olay: Kéycegiz Gélii)

Pinar Karakug!*

IOsmaniye Korkut Ata University, Faculty of Engineering and Natural Sciences, Geomatics Engineering, 80000, Osmaniye/Tiirkiye.

ORIGINAL PAPER

*Corresponding author:
Pinar Karakus
pinarkarakus@osmaniye.edu.tr

doi: 10.48123/rsgis.1411380

Article history

Received: 28.12.2023
Accepted: 17.03.2024
Published: 28.03.2024

Abstract

Kdycegiz Lake is one of our country’s most critical coastal barrier lakes, rich in sulfur,
located at the western end of the Mediterranean Region. Kéycegiz Lake, connected to the
Mediterranean via the Dalyan Strait, is one of the 7 lakes in the world with this feature. In
this study, water change analysis of Kéycediz Lake was carried out by integrating the
Object-Based Image Classification method with CART (Classification and Regression Tree),
RF (Random Forest), and SVM (Support Vector Machine) algorithms, which are machine
learning algorithms. SNIC (Simple Non-iterative Clustering) segmentation method was
used, which allows a detailed analysis at the object level by dividing the image into super
pixels. Sentinel 2 Harmonized images of the study area were obtained from the Google
Earth Engine (GEE) platform for 2019, 2020, 2021, and 2022, and all calculations were
made in GEE. When the classification accuracies of four years were examined, it was seen
that the classification accuracies(OA, UA, PA, and Kappa) of the lake water area were
above 92%, F-score was above 0.98 for all methods using the object-based classification
method obtained by the combination of the SNIC algorithm and CART, RF, and SVM
machine learning algorithms. It has been determined that the SVM algorithm has higher
evaluation metrics in determining the lake water area than the CART and RF methods.

Keywords: GEE, Simple non-iterative clustering, Object based classification, Lake surface
area, Sentinel 2, Machine learning

Ozet

Kdycegdiz Golii, Akdeniz Bélgesi'nin bati ucunda yer alan kiikiirt bakimindan zengin,
tilkemizin en kritik kiyi set géllerinden biridir. Dalyan Bogazi ile Akdeniz’e baglanan
Koéycegiz Géli, bu ézelligi ile de diinyadaki 7 gélden birisidir. Bu ¢alismada, Nesne Tabanli
Goriintii Siniflandirma yéntemi, makine dgrenimi algoritmalarindan SRA (Siniflandirma ve
Regresyon Adaglari), RO (Rasgele Orman) ve DVM (Destek Vektdr Makineleri) algoritmalari
ile biitiinlestirerek Kdycegiz gdliiniin su degisim analizi gerceklestirilmistir. Goriintdydi
stiper piksellere bélerek nesne diizeyinde ayrintili bir analize olanak taniyan Basit
Yinelemesiz Kiimeleme (BYK) segmentasyon yéntemi kullanilmistir. Calisma alanina ait
Sentinel 2 Harmonized gériintiileri 2019, 2020, 2021 ve 2022 yillari igin Google Earth
Engine (GEE) platformundan elde edilmis ve tiim hesaplamalar GEE’de yapilmistir. Dért
yilin siniflandirma dogruluklari incelendiginde BYK algoritmasi ile SRA, RO ve DVM makine
6grenme algoritmalarinin kombinasyonu ile elde edilen nesne tabanli siniflandirma
yéntemi kullanilarak gél su alaninin bitiin yontemler igin siniflandirma dogruluklarinin
(UD, KD, GD ve Kappa) %92'nin iistiinde, F-score’un 0.98’in iizerinde oldugu gériilmiistiir.
SVM algoritmasinin SRA ve RO yéntemlerine gére gél su alaninin belirlenmesinde daha
yliksek degerlendirme metriklerine sahip oldugu belirlenmistir.

Anahtar kelimeler: GEE, Basit yinelemeli kiimeleme, Nesne tabanli siniflandirma, Gél
ylizey alani, Sentinel 2, Makine 6grenmesi
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1. Introduction

Different types of inland waters, including lakes, ponds, rivers, reservoirs, and wetlands, are extensively dispersed across
the surface of the Earth. Water is a vital component of the planet and a necessary resource for human existence and
productivity. The geographic and temporal distribution of water bodies has been shifting due to climate change and
human activity, and the global water resource scarcity is worsening. In conclusion, for all these reasons, monitoring
water bodies is important (Li et al., 2022).

Many disciplines, such as urban management, environmental planning, precision agriculture, and monitoring of
natural resources, including water bodies, largely depend on the accurate classification of satellite images (Ouchra et
al., 2023). In the accurate classification of satellite images, it has been observed that more accurate results are obtained
with the object-based classification method, which performs the segmentation process by dividing the image into
segments and eliminates the salt and pepper effect in the image (Tassi et al., 2021; Gao & Mas, 2008; Blaschke, 2010;
Kaplan & Avdan, 2017). The most important stage of object based image classification is the image segmentation. The
traditional segmentation algorithm is performed based on region growth, threshold, level set, and active contours.
Because of its low computation amount, quicker processing speed, and superior anti-noise features, the super pixel
segmentation (Wang et al., 2017) technique is extensively relevant to image segmentation and classification in
numerous sectors in the state of technology today. Based on the idea of super pixel segmentation, Achanta and
Susstrunk (2017) presented SNIC segmentation algorithms in 2017. The SNIC technique efficiently addresses these
problems by calculating the spatial proximity and color relationship. This allows the user to regulate the compactness
of the super pixels, reducing an image to a small collection of connected super pixels. This makes it possible to segment
data in grayscale and color. The final method yields better organized, compact super pixels with sharper border
characteristics and a more lifelike detail display. Besides all these, Yang et al., (2020) study confirmed that SNIC is a
robust preprocessing tool when directly mapping large-scale surface water to RS data. When the literature is examined,
it has been revealed that the object-based classification method using the SNIC algorithm is superior to other methods
in determining water areas (Mahdianpari et al., 2019; Mahdianpari et al., 2020; Liu et al., 2022; Li et al., 2021).

The newly deployed Sentinel-2 satellite can offer high spatial resolution multispectral images. This new dataset has
the potential to be very helpful for mapping regional water bodies because it is freely accessible and allows for
numerous revisits. The Sentinel-2 image has been widely used in mapping studies related to surface waters (Zhou et al.,
2017b; Gasparovi¢ & Singh, 2022; Jiang et al., 2021; Jiang et al., 2023; Pan et al., 2023).

GEE is an open-source cloud platform with strong data processing, analysis, storage, and visualization capabilities
that has been heavily utilized in the field of planetary-scale spatial analysis that helps address high-impact societal issues
like deforestation, drought, disaster, sickness, food security, water management, climate monitoring, and
environmental protection in recent years (Gorelick et al., 2017). Regarding this, the GEE-based Simple Non-Iterative
Clustering (SNIC) method effectively recognized probable unique objects and grouped comparable pixels (Achanta &
Susstrunk, 2017). With this, machine learning has become widespread in recent years, with GEE coming to the fore for
free analysis and storage of big data (Zhou et al.,2017a). However, different combinations of object-based classification
and machine learning algorithms have emerged. Specifically, it has been observed that non-parametric machine learning
classifiers, like Support Vector Machine (SVM), Random Forest (RF), and Classification and Regression Trees (CART),
produce remarkably accurate classification results from remotely sensed images (Tassi & Vizzari, 2020; Bar et al., 2020).
When examining machine learning algorithms, The Random Forest (RF) is an ensemble classifier composed of many tree
classifiers. Each classifier is created by randomly sampling factors from the input vector data. Each tree is voted as a unit
for a popular class to categorize an input vector (Ao et al., 2019; Pal, 2005). One benefit of the RF method is its ability
to manage significant variations within land cover classes and effectively mitigate noise data (Slagter et al., 2020).
Furthermore, this approach does not necessitate knowledge of the data distribution, unlike parametric classification
algorithms like maximum likelihood, which require knowledge of the data distribution. The Support Vector Machine
(SVM) uses an advanced kernel function to categorize datasets with intricate decision boundaries. SVM has the
advantage of reducing uncertainty in model structure, and, like RF, it is not dependent on the data distribution
(Oommen et al., 2008). CART is a tree-based classification technique that assesses the interdependence between one
variable and other factors (Simioni et al., 2020). CART has an advantage in naturally modeling non-linear boundaries
due to its hierarchical structure, as noted by Shelestov et al. (2017) and Simioni et al. (2020). For all these reasons, the
study used these three machine learning methods. When the literature on mapping water bodies using machine
learning techniques is examined, it is seen that there are studies on random forests (Jiang et al., 2022; Wangchuk &
Bolch, 2020;), SVM (Ghamisi & Hofle, 2017; Schmitt, 2020; Liu et al., 2020), CART method (Gxokwe et al., 2022). When
the studies are examined in detail, Sarp and Ozcelik (2017) utilized Landsat TM and ETM+ data to study the
spatiotemporal variations in Lake Burdur, Turkey, from 1987 to 2011, focusing on applying machine learning methods
for water area identification.
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The researchers compared Support Vector Machine (SVM), a machine learning methodology, with thresholding
methods such as the Normalized Difference Water Index (NDWI), modified Normalized Difference Water Index
(mNDWI), and Automated Water Extraction Index (AWEI) to detect surface water. SVM yielded the best overall results
among the techniques examined, whereas mNDWI showed the highest accuracy for surface water detection among all
water indices. A study conducted in Nepal utilized Landsat 8 OLI pictures to create a surface water map by employing
six machine learning techniques, such as RF, SVM, and NN (Acharya et al., 2019). The surface water in Nepal displays
several characteristics, such as depth, turbidity, temperature variations, and vegetation coverage. The RF method had
the highest overall accuracy in classifying water extraction procedures.

This study aims to prove that the GEE platform and advanced machine learning algorithms have the potential to
detect and monitor the Koycegiz Lake water surface area using the Sentinel-2 multi-year composite image. In the study,
an object-based classification algorithm combining the SNIC algorithm was developed to identify spatial clusters on the
GEE platform using Sentinel 2 images. Three machine learning algorithms (CART, RF, and SVM) were used to determine
the water surface area of Kdycegiz Lake in 2019, 2020, 2021, and 2022 to classify water and non-water areas. The lake
surface water area was observed for 4 years with annual composite images from January 1 to December 31 to capture
different land cover conditions and changes over time. Accuracy values for UA, PA, OA, and Kappa and F-score were
determined for the lake surface area.

2. Material and Methods

2.1 Study Area

There are two important factors in the study of Koycegiz Lake. First, there is no study in the literature on the change in
the lake's water surface area. Another important factor is the features it has. These features are as follows: Koycegiz
Lake is a sulfur-rich lake within the district's borders at the western end of the Mediterranean Region. It is in the
southeast of Mugla city center, 71 km from the center, and has a surface area of 54 km?. It is 8 meters above sea level.
It ranges in depth from 15 to 150 meters. The Namnam, Kargicak, and Yuvarlak Cay feed it, as seen in Figure 1 (T.C.
Koycegiz Kaymakamlhigi, 2023).

Koycegiz Lake, formed due to the closure of the mouth of a coastal bay by the alluviums brought by the Dalaman
Stream, is among our country's most critical coastal barrier lakes. The canal system connecting the lake and the
Mediterranean and the surrounding wetlands has a rich diversity of species. The areas outside the settlements are
natural log forests, dunes, and reed areas on the lake shore, under protection. The lake environment, canals, and forests
have a rich potential as a breeding and sheltering place for various animals (Ministry of Environment, Urbanisation and
Climate Change, 2019).

The destination of Kdycegiz Lake is 'Dalyan Strait'. This channel, approximately 1.5 meters deep, connects Kdycegiz
Lake to the Mediterranean. Such lakes are called standing lakes. There are only 7 lakes of this type in the world. In this
state, the lake is protected by the state under the name "Kdycegiz-Dalyan Basin Special Environmental Protection Area".
Its unique ecological structure makes the region worth protecting (Avsar & Kurtulus, 2017; Goller.gen.tr, 2024). A typical
Mediterranean climate prevails in the region. Summers are hot and dry; winters are warm and rainy (Turedi, 2006). The
average annual temperature is 18.3°C, the average annual total precipitation is 1082.6 mm, and the average annual
relative humidity is 61% (Selim et al., 2016).
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Figure 1. Study area

2.2 Data

In 2010, Google introduced GEE, a cloud computing platform that takes advantage of open-access remote sensing
datasets and Google's computing resources. GEE hosts satellite imagery and archives it in a public data repository
spanning four decades. The daily ingested images are then made available for data mining worldwide.

GEE integrates planetary-scale analysis capabilities with multi-petabyte geospatial datasets and a satellite image
database. Earth Engine is a platform that allows academics, non-profits, businesses, and governments to analyze and
visualize geographical datasets scientifically. Additionally, GEE offers tools and APIs for analyzing big datasets (Google
Earth Engine, 2023).

A constellation of two similar satellites in the same orbit is the foundation for the Copernicus Sentinel-2 program.
Each satellite is equipped with a cutting-edge, wide-swath, high-resolution multispectral imager with 13 spectral bands
for a fresh look at our landscape and plants. Unprecedented views of Earth are made possible by the combination of
high resolution, unique spectral capabilities, a 290 km swath width, and frequent revisit durations. Every five days at
the equator, they collectively cover all of Earth's land surfaces, sizable islands, and inland and coastal waterways. On
June 23, 2015, Sentinel-2A was launched, and on March 7, 2017, Sentinel-2B (European Space Agency, 2023).

The GEE database provided the Sentinel-2 Multispectral Instrument (MSI), level 2A (COPERNICUS/S2_SR) surface
reflectance images used in this manuscript. These products include three QA bands, one of which (QA60) is a bitmask
band containing cloud mask information, and the twelve spectral bands seen in Table 1 scaled to 10,000. They have
already been atmospherically corrected using the Sen2cor (European Space Agency, 2023). The 2019-01-01 to 2023-01-
01 was represented by the filter applied to the image stack and utilizing the codes ee.Filter.Date () and
Image.filterBounds () to determine the region inside the chosen lake bounds.

Table 1. Band information of the Sentinel-2 Level 2A data

Band ID Spa‘tlal Ba'nd. Band ID Spa.tlal Band Description
resolution (m) Description resolution (m)

B1 60 Aerosols B8 10 NIR
B2 10 Blue B8A 20 Red Edge 4
B3 10 Green B9 60 Water vapor
B4 10 Red B11 20 SWIR 1
B5 20 Red Edge 1 B12 20 SWIR 2
B6 20 Red Edge 2 QA60 60 Cloud mask
B7 20 Red Edge 3
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2.3 SNIC (Simple Non-Iterative Clustering) Algorithm

Image segmentation is the initial phase in object based classification. According to a predetermined set of criteria, the
image is divided into several distinct, non-overlapping segments as part of the procedure (Dlamini et al., 2021).
Individual pixels are combined in this process to create more significant things. This reduces "salt and pepper" noise in
the final classification map and improves the distinction of spectrally similar objects using texture, shape, and contextual
data (Dlamini et al., 2021; Mahdianpari et al., 2020). The composite in this study was segmented using the SNIC
technique. According to Achata and Sisstrunk (2017), the SNIC algorithm was selected due to its simplicity, memory
efficiency, processing speed, and capacity to integrate communication between pixels once the method has been
started. The SNIC technique first initializes the centroid pixels on a regular grid picture to begin image segmentation
process. Next, it uses the distance in a five-dimensional space of color and spatial coordinates to establish the
dependency of each pixel relative to the centroids. Specifically, the distance creates homogeneous super pixels by
integrating normalized spatial and color distances (Achanta & Stisstrunk, 2017). The smallest distance from the centroid
determines which candidate pixel gets chosen (Achanta & Siisstrunk, 2017).

Some main parameters must be determined in the SNIC image segmentation process in GEE. These parameters are
as follows. Superpixel seeds have compactness, connectivity, and neighborhood size values. Among these parameters,
the value of the seed was determined as 36 as a result of the experiments carried out to find the optimal superpixel size
to obtain the best segmentation results of SNIC (Wang et al., 2024). The code ee.Algorithms were used to run the
SNICImage.Segmentation.SNIC() on GEE produces an image with super pixels and computed perimeters, sizes, textures,
and areas for each super pixel.

2.4 CART

Breiman et al. (1984) created CART, a binary decision regression tree, allowing simple decision-making in logical if-then
scenarios. Recursively, CART divides nodes until they cross a threshold and arrive at a terminal node. This method grows
a large tree and then prunes it to size with the lowest cross-validation error estimate rather than using stopping rules.
The clever pruning process uses a cost-complexity parameter to index the links and is based on the principle of weakest-
link cutting. CART employs a sequence of "surrogate" splits, or splits on other variables that take the place of the chosen
split in cases where the latter cannot be applied due to missing values, to deal with missing data values at a node. An
importance score is also provided for each X variable by surrogate splits. These scores can aid in the detection of masking
because they gauge how well the surrogate splits predict the preferred divides (Breiman et al. 2017; Loh, 2014).

2.5RF

RF is a commonly used classifier to combine multiple CART trees into an ensemble classification. RF randomly generates
several decision trees from training data sets and variables. The square of the variable set is the ideal number of
variables to calculate, and the ideal number of trees to calculate falls between 100 and 500 (Brieman, 2001). The
classifier is trained using the training sample set, and the sample set's quality directly influences the final maps' quality.
Three things are usually needed to create a high-quality training set. Firstly, all samples have good representativeness;
secondly, the categorization category is uniform; and thirdly, all samples must be dispersed uniformly throughout the
study region. The sample training set is constructed initially based on the previous goals. It is essential to ensure that
each class of samples is spread as evenly as possible throughout the study area while simultaneously ensuring sample
diversity and completeness. All of the samples from the root node can then be entered into a tree to train the classifier.
A splitting criterion is inserted at each intermediate node and the root node, which divides the data into two child nodes.
When all elements in a subset at a node have the same value, the attribute values are exhausted, or the decision tree
reaches other predetermined stopping conditions, the training process of the decision tree is based on attribute value
testing and splitting the input training set into subsets. This process is repeated recursively in each split into a subset
(Xue et al., 2023).

2.6 SVM

A machine learning technique called support vector machine (SVM) was created in the middle of the 1990s and is based
on statistical theory. It was first put forth by Vapnik in 1995. Using a sum function that maximizes the distance between
the nearest point and this surface, it locates a hyperplane (also known as a hypersurface) of the data in a high-
dimensional space. Then, building on this, the support vector machine technique to classification maximizes the distance
between the categories by splitting the dataset into many discrete categories compatible with the shape of the training
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samples. SVM was first developed to address binary classification issues; however, an appropriate multi classifier must
be constructed to address multiclass issues. There are two approaches available at the moment: "one-versus-rest" and
"one-versus-one." To generate k SVMs for k classes of data, the one-versus-rest approach (OVR SVMs) classifies samples
of one class into one class and the remaining samples into another class. The unknown samples are then classified into
the class with the most significant classification function value. n*(n - 1)/2 SVMs are constructed for n classes of samples
using the one-versus-one approach (OVO SVMs, or pairwise) to design an SVM between any two classes of samples. The
outcome of this categorization is the one that obtained the most votes. The one-versus-one libsvm technique is
employed in the GEE (Xue et al., 2023).

2.7 Evaluation Metrics

The error matrix was used for the accuracy assessment. The error matrix's rows show the classes to which the image's
pixels have been assigned, and its columns show the classes to which the pixels belong in the ground truth. The correctly
identified pixels are shown on the diagonal of the error matrix. Overall Accuracy (OA) was applied to ascertain the
percentage of accurately mapped reference sites. The calculation divided the total samples by the number of correctly
categorized samples (Jayaswal, 2020; Heydarian et al., 2022). Computed by dividing the total correct, or the sum of the
major diagonal, by the total number of pixels in the error matrix, overall accuracy is the most basic and widely used
accuracy metric (Congalton, 1991). Story and Congalton (1986) developed the terms user's accuracy (UA) to denote the
likelihood that a pixel identified on the map accurately represents that category on the ground and producer's accuracy
(PA) to indicate the probability of a reference pixel being correctly classified (Congalton, 1991). Another evaluation
metric is the F-score. The F-score is the harmonic mean of recall and precision, equivalent to PA and UA, respectively
(Solano et al., 2019).

3. Results and Discussion

The water surface areas of Kdycegiz Lake were acquired between 2019-2020-2021 and 2022 years from Sentinel-2 Level-
2A images for this study. Water and non-water training points are determined. The data taken from the study region-
based Sentinel image segment were point-by-point compared with the composite images for water surface area maps
to show the accuracy of the results. Composite images seen in Figure 3a, Figure 4a, Figure 5a, and Figure 6a were
obtained using date, cloud, study area filters to create composite images. Sentinel-2 images from 1 January 2019 to 31
December 2022 were used. This date range was chosen because there were no Sentinel 2 Level 2A images before March
2018 (European Space Agency, 2023).

Since spectral indices are known to improve classification accuracy, the NDVI spectral index was used in this study
(Kobayashi et al., 2020). NDVI (Normalized Difference Vegetation Index) was calculated from composite images before
the SNIC segmentation algorithm. Then, the SNIC segmentation algorithm was applied to the created composite images.
Train polygons were selected from the points by adding the calculated NDVI values as a band. The composite images
are divided into segments, as seen in Figure 3b, Figure 4b, Figure 6b, and Figure 6b. When using the SNIC method in
GEE, attention should be paid to parameter settings. “Size” refers to the segmentation size, which is the pixel-wise range
of superpixel kernel positions determined by the study area. It was chosen as 50 in the study. The term "compactness"
describes the level of compactness. The closer the segmentation result is to a square, the higher the value. Nevertheless,
the "compactness" is set to 0,1. "Connectivity" refers to the connection set at 8 in this study. The amount of image
elements at the center of the segmentation process is called the "seed." The "seed" option is not set again because the
spacing has already been established. The "size" parameter has the most significant impact on the categorization effect.
It should be mentioned that the categorization effect improves with a greater or smaller value. The SNIC algorithm
segmented the images based on the correlation between the pixels (Luo et al., 2021). Clusters were calculated as seen
in the segmented images Figure 3c, Figure 4c, Figure 5c, and Figure 6c.

After the images were segmented, the optimal parameters in this study are unknown in the SVM classifier as there
is no prior knowledge about the physical nature of the prediction problem. The kernel type parameter that needs to be
determined in the SVM method is linear. Among the other parameters, the gamma value, which is the gamma value in
the kernel function, and the cost value, which is the cost parameter, are selected by default. The number of tree
parameters that must be determined in the RF method is the number of decision trees to be created. This parameter
was determined to be 70 in the study. The maxNodes parameter, which must also be determined in the CART method,
specifies the maximum number of leaf nodes in each tree. This parameter was determined to be 70 (GEE) in the study.

After the parameters were determined, the lake water areas shown in Figure 3 were determined by applying CART
as seen in Figure 3d, Figure 4d, Figure 5d and Figure 6d, RF as seen in Figure 3e, Figure 4e, Figure 5e and Figure 6e, and
SVM classification methods as seen in Figure 3f, Figure 4f, Figure 5f and Figure 6f respectively. With the CART method,
the lake area was found to be 51.31 km?in 2019, 51.41 km? in 2020, 49.38 km? in 2021 and 50.26 km? in 2022.
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With the RF method, the lake area was found to be 51.26 km?in 2019, 51.91 km? in 2020, 50.56 km? in 2021 and 50.62
km? in 2022. With the SVM method, the lake area was found to be 51.31 km? in 2019, 51.36 km? in 2020, 50.96 km? in
2021, and 51.11 km? in 2022, as seen in Figure 2.
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Figure 2. Lake water areas

When the result maps of the classification algorithms (CART, RF and SVM) shown in Figure 3-d-e-f, Figure 4-d-e-f,
Figure 5-d-e-f and Figure 6-d-e-f are visually compared with each other; The Dalyan Strait, where the lake flows into the

Mediterranean, is clearly identified on all maps. However, Namnam Stream, which feeds the lake, has not been generally
determined.
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The accuracy values for UA, PA, OA, Kappa and F-score for the lake area are displayed in Table 2. When the accuracy of
CART, RF, and SVM methods is evaluated over the years, In the CART method, the lowest OA is 97%, the lowest UA is
92%, the lowest PA is 94%, and the lowest kappa is 0.9441, and the lowest F-score is %99. In the CART method, the
highest OA and UA is 98%, the highest PA is 96%, the highest kappa is 0.9658, and the highest F-score is %99. In the RF
method, the lowest OA is 97%, the lowest UA is 92%, the lowest PA is 95%and the lowest F-score is %98. In the RF
method, the highest OA, UA, PA is 98%, the highest kappa is 0.9738, and the highest F-score is %99. In the SVM method,
the lowest OA, UA, is 98%, the lowest PA is 96%, and the lowest F-score is % 99, and the lowest kappa is 0.9712. In the
SVM method, the highest OA, UA, PA arel%, the highest kappa and F-score arel.

Table 2. Four-year classification accuracies

CART 2019 2020 2021 2022
OA (%) 97.5 98.72 98.75 98,63
UA (%) 92,86 98,30 98.39 98,15
PA (%) 96,29 95.0 94.74 95
Kappa 0.9441 0.9658 0.9648 0.9650
F-score 0,9910 0,9915 0,9919 0,9906
RF

OA (%) 98,53 97.43 97,56 98,84
UA (%) 92,31 98.24 95,24 98,27
PA (%) 98,21 95.23 95,24 96,55
Kappa 95,10 0.9348 0,9360 0.9738
F-score 0,9910 0,9824 0,9836 0,9913

SVM
OA (%) 1 1 98,85 98,70
UA (%) 1 1 98,36 98,04
PA (%) 1 1 96,30 96,30
Kappa 1 1 0,9729 0.9712
F-score 1 1 0,9917 0,9900
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The findings of the annual evaluation for the water areas showed an OA of more than 97%, UA of more than 92%, and
PA of more than 94% were obtained for the lake areas after four years of computing a confusion matrix. The Kappa
coefficient values are higher than 93%. The CART, RF, and SVM approaches successfully extracted the water surfaces,
as evidenced by the accuracy of above 92% calculated for all the metrics utilized in the accuracy assessment. Compared
with CART, SVM and RF classifiers shows the highest producer accuracy, overall accuracy, and user accuracy, as proven
by other studies (Gxokwe et al., 2022; Aldiansyah & Saputra, 2023).

The findings show how well the Google Earth Engine cloud computing platform can characterize and map lake
surfaces with respectable overall accuracy. Technological developments in data analytics offer rare chances to enhance
the identification and tracking of lake surface areas with varying dimensions, which is impossible with conventional
remote sensing methods. The advent of cloud computing platforms, like Google Earth Engine (GEE), brings benefits,
including memory efficiency, quick image processing speed, sophisticated machine learning techniques, and parallel
processing. In addition to evaluating the performance of GEE machine learning algorithms suitable for identifying and
mapping such systems, the study aimed to assess the capabilities of the GEE cloud computing platform to characterize
and map annual lake surface water fields at a site-specific scale.

Overall, the findings show that the Google Earth Engine cloud computing platform can accurately characterize and
map the lake surface area with a generally acceptable degree of accuracy. All parameters used in accuracy evaluation
resulted in values above 92%, and the lowest F-score is %98. The accuracy of the classification process often decreases
with fewer training and validation points (Corcoran et al., 2015; Mahdianpari et al., 2020). The multi-year images utilized
in the median composite computation did not account for seasonality and yearly changes which could have decreased
the accuracy of the producer and user. It is important to account for seasonality and yearly changes to avoid decreasing
the accuracy due to a small number of training and validation data points.

The precision with which different land cover classes are classified in GEE varies depending on the composition
techniques and input image. Classification outputs have excellent accuracy values when considering temporal
aggregation during median merging. According to Phan et al. (2020), this highlights the significance of temporal
aggregations during the median aggregation phase. There are several restrictions related to the usage of the GEE cloud
computing platform, even if the results highlight its applicability in characterizing and mapping lake surface area. These
include space-related computing limits that prevent the huge training needed by sophisticated machine learning
algorithms from being completed, the lack of sophisticated and precise image segmentation techniques, and the
limitation of image processing tools. Additionally, the algorithms have constraints such as sluggish training and bias
when handling categorical data in Random Forests, reduced performance with large datasets in Support Vector
Machines, and longer training time in Classification and Regression Trees.

The findings of this study prove that the GEE platform and advanced machine learning algorithms have the potential
to detect and monitor the Kdycegiz Lake water surface area using the Sentinel-2 multi-year composite image.

4., Conclusion

The findings show that the Google Earth Engine cloud computing platform, the SNIC segmentation method, and the
subsequently used CART, RF, and SVM algorithms can effectively define and map lake water areas with generally
acceptable levels of accuracy. When the classification accuracies of four years were examined, it was seen that the lake
water area could be determined quite accurately using the object-based classification method obtained by combining
the SNIC algorithm with CART, RF, and SVM machine learning algorithms. All parameters used in accuracy evaluation
resulted in values above 92%. The study showed that, similar to the literature, the SVM algorithm had higher evaluation
metrics for determining the lake water area (Wei et al., 2020). When the change of the lake area over the years was
examined, it was seen that the largest lake area was in 2020, then in 2019, 2022, and at least in 2021. It is thought that
the lake area did not pose a risk of quaking due to the streams feeding the lake during the examined period.
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