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DERIN OGRENME UYGULAMALARINDA
OPTIMIiZASYON ALGORITMALARININ
TAHMIN PERFORMANSINA ETKISI

Abdurrahman Burak GUHER!
Haydar TUNA?

1. GIRIS

Derin 6grenme, ¢ok katmanli yapay sinir aglar1 kullanarak
genelleme yapma yetenegine sahip bir makine Ogrenimi alt
alamidir. Genellikle biiyiik veri setlerinden anlamli desenler
cikarabilen ve karmasik problemlerin ¢6ziimiinde siklikla
kullanilan bir yapa zeka tiiridlir. Cogunlukla goriintii isleme,
dogal dil isleme, otonom sistemler, tip, enerji gibi alanlarda
amaca uygun ¢oziimler gelistirilebilmektedir (LeCun, Bengio, &
Hinton, 2015).

Farkli alanlarda kullanilmak tizere bir¢ok derin 6grenme
mimarisi gelistirilmistir. Ornegin, Convolutional Neural Network
(CNN) mimarisinin goriintii isleme alaninda kullanilmasi ile bu
alanda calisan uzmanlarla yarisabilir yliksek dogruluk oranlarina
ulasilmistir. Benzer sekilde, Recurrent Neural Network (RNN)
mimarisi ve tdrevleri ile dil modelleme ve makine cevirisi gibi
alanlarda yiiksek basariya ulasilmig, bu alanlarda biiyiik
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gelismeler yasanmistir (Goodfellow, Bengio, Courville, &
Bengio, 2016).

Derin 6grenmenin gilinlimiizde yayginlagsmasinin en
Oonemli sebeplerinden birisi biiylik veri setleriyle ¢alisabilmesi ve
gelistirilen uygulamalarin daha {istlin sonuglar vermesidir. Veri
miktarinin goreceli olarak artmasi gelistirilen modelin karmasik
yapilar1 daha kolay Ogrenmesini saglamaktadir. Bu durum
ozellikle icinde bulundugumuz c¢agda derin O0grenmeyi diger
yontemlere kiyasla daha avantajli bir konuma getirmistir
(Kelleher, 2019).

Gelistirilen uygulamalar bir¢ok alanda basarili sonuclar
verse de modellerde cesitli zorluklarla karsilasilabilmektedir.
Genel olarak uygulama gelistirebilmek i¢in yiiksek islem giiciine
gereksinim duyulmaktadir. Ayrica diisiik veri setlerinde asiri
uyum (overfitting) gibi sorunlarla karsilagilabilmektedir. Diger
makine 6grenme yontemlerine kiyasla agiklana bilirligi disiiktiir
ve karar verme siirecleri insanlar tarafindan kolaylikla
anlagilamamaktadir (Zhang, Bengio, Hardt, Recht, & Vinyals,
2021). Bununla birlikte uygulama gelistirirken modeli en yiiksek
performans seviyesine ¢ikaracak hiperparemetrelerin ne
oldugunun 6nceden bilinmesi miimkiin degildir. Egitim siirecini
kontrol eden c¢esitli parametrelerin optimal degerlerinin
belirlenmesi uzun ve mesakkatli bir siirectir ve bu isleme
hiperparametre optimizasyonu adi verilmektedir. Uygulama
gelistirirken kullanilan veri setinin tipi, yapisi, boyutu, dagilimi
ve Ozellikleri ayarlanacak hiperparametrelerin  en iyi
kombinasyonunun belirlenmesinde etkili olmaktadir (Bengio,
2012).

Derin O0grenme modellerinde hiperparametre
optimizasyonu genellikle iki farkl1 sekilde ele alinmaktadr. ilki,
katman sayis1, her katmandaki néron sayisi, kullanilan aktivasyon
fonksiyonlar1 gibi sinir ag1 modelinin mimarisine ait
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parametrelere uygun degerlerin ayarlanmasidir. lIkincisi ise
O0grenme orani, epoch sayisi, yigin boyutu (batch size),
optimizasyon algoritmalar1 gibi egitim siirecine ait parametrelerin
belirlenmesidir. Yapilan islemler genellikle zaman alicidir ve
uzmanlik gerektirmektedir. Yanhis ayarlamalar modelin

performansin1 6nemli Olclide disiirebilmektedir (Yu & Zhu,
2020).

Optimizasyon algoritmalari, derin 6grenme modellerinin
performansini ve egitim siirecini Onemli Ol¢lide etkileyen
parametrelerin baginda gelmektedir. Oyle ki modelleme
calismalarinda ayarlanan bir¢ok hiperparametre, optimizasyon
algoritmalar ile dogrudan iligkilidir (Altun & Talu, 2021). Bu
algoritmalarin temel amaci modelin kayip fonksiyonunu
minimize etmektir. Kayip fonksiyonu ise modelin tahmin ettigi
degerler ile gergek degerler arasindaki farkin 6l¢timiidiir. Aradaki
fark ne kadar kiiciik olursa gelistirilen modelin genelleme
yetenegi o oranda artmis olur. Derin 6grenmede, optimizasyon
algoritmalart modelin agirliklarin1  giincelleyerek tahmin
performansini iyilestirmeyi amaglar (Yang & Shami, 2020).

Bu calismada derin 6grenme tabanli tahmin modelleri
gelistirilmis ve farkli optimizasyon algoritmalarinin modellerin
performansi1 lizerindeki etkileri analiz edilmistir. Modellerin
gelistirilmesinde TensorFlow’un resmi yiiksek seviyeli uygulama
programlama araytizi (Application Programming Interface -
API) olan Keras’tan faydalanilmistir. Keras, python programlama
dili ile yazilmis, acik kaynak kodlu ve yiiksek seviyeli bir derin
ogrenme c¢ergevesidir. Keras, Francois Chollet tarafindan
gelistirilmis ve ilk olarak 2015 yilinda yaymnlanmistir. 2017
yilinda Google, Keras't TensorFlow'un resmi iist diizey API'si
olarak tanittiktan sonra genis kitlelere ulasmistir (Chollet, 2018).
Keras’n kiitliphanesinde var olan ve siklikla kullanilan on farkl
optimizasyon algoritmast secilmis ve tahmin dogruluklari
karsilastirilmistir.
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2. MATERYAL VE YONTEMLER

Bu bolimde, modelleme c¢alismasinda kullanilan
optimizasyon algoritmalariin temel ve yapisal 6zellikleri,
avantajli ve dezavantajli yonleri karsilastirmali olarak ele
alinmaya c¢alisilmigtir. Osmaniye ilinin rizgar potansiyelinin
tahmin edilmesinde yararlanilan veri setinin 6zellikleri ve derin
O6grenme tabanli tahmin modellerinin mimari yapist anlatilmigtir.

2.1. Optimizasyon Algoritmalarinin Yapisal
Ozellikleri

2.1.1.SGD (Stochastic Gradient Descent) Algoritmasi

Bu algoritma 6zellikle blyuk veri kiimeleri Gizerinde derin
o0grenme modellerini optimize etmek i¢in kullanilan temel bir
optimizasyon algoritmasidir. SDG algoritmasi ilk olarak Robbins
ve Monro tarafindan 1951 yilinda tamitilmistir (Robbins &
Monro, 1951). SGD ¢alisma mantig1 agisindan klasik Gradient
Descent yonteminin daha kullanigli bir varyasyonu olarak
bilinmektedir. Temel olarak, her adimda tiim veri kiimesinin
kullanilmast yerine, yalnizca tek bir 6rnek veya kiiclik alt gruplari
(mini-batch) kullanarak model parametrelerini glincellemesi ile
one c¢ikmaktadir. Bu sayede biiylik veri kiimeleriyle calisirken
hesaplama maliyetini 6nemli Olglide azaltilmis olmaktadir.
Matematiksel formiilii Denklem 1 de gosterilmistir.

Ote1 = 0, — nV](Os xi,¥1) 1)

Formiilde 0, t. iterasyondaki agirliklary, 0Ow1, t+1.
iterasyondaki gilincellenmis agirliklari, n, 6grenme oranini, VJ(6;;
Xi, Yi), modelin tahmin degerleri (yi) ile ger¢ek degerleri (x;)
arasindaki hatanin kayip fonksiyonunun gradyanini temsil eder.
SGD, her iterasyonda yalnizca bir ve birkag veri 6rnegi iizerinde
kayip fonksiyonunun gradyanini hesaplar. Hesaplanan gradyan
degerinin aldig1 degere gore agirliklar giinceller (Bottou, 2010).
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2.1.2. Adam (Adaptive Moment Estimation)
Algoritmasi

Derin 6grenme modellerinin egitim siirecinde yaygin
olarak tercih edilen adaptif 6grenme tabanli bir algoritmadir.
Adam algoritmasi, Kingma ve Ba tarafindan 2014 yilinda
onerilmistir (Kingma & Ba, 2014). Bu algoritma, klasik SGD
algoritmasinin eksikliklerini gidermek amactyla hem momentum
hem de RMSProp tekniklerini birlestirerek daha kararli ve hizl
bir yakinsama saglar. Ozellikle biiyiik ve yiiksek boyutlu veri
kiimelerinde 6grenme siirecinin dinamik yapisini daha efektif
kontrol ettikleri i¢in bir¢ok O0grenme cercevesinde varsayilan
olarak tercih edilmektedir (Ruder, 2016).

Yapisal oOzellikleri sayesinde hem gradyanlarin ani
degisimlerinin etkisi azaltilir hem de farkli Olgeklerdeki
parametrelerin uyumlu sekilde optimize edilmesi saglanmis
olmaktadir. Adam algoritmasi, 6zellikle seyrek veri kiimelerinin
yer aldigi dogal dil isleme ve Oneri sistemleri gibi alanlarda
oldukga etkili sonuglar vermektedir (Bengio, 2012; Ruder, 2016).
Matematiksel giincelleme formiilii Denklem 7°de verilmistir.

ge = V] (Os x;,¥1) 2
me= fy-me_1+ (1 — B1)ge (3)
ve= By v+ (1= By)-gf (4)
th, = 5 (5)
Vo= T (6)
041 = 61 _ﬁmt ()

Yukaridaki formiillerde daha dnce verilen 6zelliklere ek
olarak, g, t zamanindaki gradyani, m;, gradyanlarin birinci
moment hesabini, v;, gradyanlarin ikinci moment hesabini, m;
ve V., birinci ve ikinci momentin bias diizeltmesi sonrasi
degerlerini, 8; ve [5,, hareketli ortalama katsayilarini ve son
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olarak ¢ ise sayisal kararlilig1 saglamak adina kullanilan pozitif
bir degeri temsil eder. Formiildeki yapisal 6zellikler sayesinde
Adam, bir¢ok optimizasyon algoritmasina kiyasla daha hizli ve
kararli bir sekilde, yapilan her giincelleme sonucunda kayip
fonksiyonunun degerini azaltarak en diisiik degere ulagma
egilimindedir (Li, Rakhlin, & Jadbabaie, 2023).

2.1.3.RMSprop (Root Mean Square Propagation)
Algoritmasi

RMSprop algoritmasi, oOzellikle degisken gradyan
bliytikliiklerinin 6grenme siirecinde olusturdugu olumsuzluklarin
giderilmesi maksadiyla gelistirilmis adaptif tabanli bir
optimizasyon algoritmasidir. Bu algoritma, ilk olarak Geoffrey
Hinton tarafindan 2012 yilinda Coursera’daki derin dgrenme
derslerinde 6nerilmis ve daha sonra genis kullanim kitlesine sahip
olmustur (Hinton, Srivastava, & Swersky, 2012). RMSprop, SGD
algoritmasinin zayif yonlerini hedef alarak 6zellikle girtiltiilii ve
seyrek veri kiimelerinde performansi arttirici bir yakinsama
siireci saglamay1 amaglamaktadir.

Bu algoritma, gelistirilen modeldeki agirlik ve bias
degerlerinin  ge¢misteki  gradyan  karelerinin  hareketli
ortalamasini hesaplayarak, 6grenme oranlarini1 bu bilgiye gore
dinamik olarak ayarlamaktadir. Ozellikle tekrar eden gradyan
patlamalar1 veya gradyan s6nmesi gibi problemlerin ¢oziimiinde
onemli rol iislenmektedir (Tieleman, 2012). Algoritmanin
matematiksel glincelleme formiilii Denklem 9°da verilmistir.

Elg®l: =p - E[g*li-1 + (1 —p) - g¢ (8)
Oy =0, — \/ﬁgt 9)

Formilde E[g?],, gradyan karesinin t zamanimdaki
hareketli ortalamasini ve p ise soniimleme katsayisini ifade eder.
Bu deger genellikle 0.9 civarinda alinir. Formiillerde gecen diger
parametreler daha Once verilen formiillerde ayrintist ile
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aciklanmigtir. RMSprop algoritmast 0grenme siireci boyunca
agirliklart daha dengeli gilinceller. Algoritmanin egitim siireci
hizlidir ve kararli bir sekilde kayip fonksiyonunun minimal
seviyelere ulagsmas1 saglanir (Goodfellow et al., 2016).

2.1.4. AdamW (Adam with decoupled Weight decay)
Algoritmasi

Derin 6grenme modellerinin  optimal agirliklarinin
belirlenmesi siirecinde, agirlik ¢iiriimesini (weight decay) daha
etkili sekilde kontrol altina almak maksadiyla gelistirilmistir.
Adam algoritmasinin bir varyasyonudur. Agirlik c¢lirtimesi,
makine Ogrenmesi modellerinin asirt uyum (overfitting)
yapmasini engellemek maksadiyla kullanilan bir diizenleme (L2
regularization) teknigidir. Bu algoritma, Loshchilov ve Hutter
tarafindan 2017 yilinda 6nerilmistir (Loshchilov & Hutter, 2017).

Adam algoritmasinda, agirlik ¢iiriimesi dogrudan
gradyanlara eklenmektedir. Ancak bu yontem agirlik ¢iiriimesinin
etkisinin zayiflamasina yol agmaktadir. AdamW algoritmasi ise
agirlik ¢liriimesini gradyan giincellemesinden ayirarak dogrudan
parametrelerin  kendisine uygular. Bdoylece agirliklarin asirt
bliylimesini daha dogru bi¢imde sinirlanmakta ve modelin
genelleme performansi artmaktadir (Liu et al., 2019; Ruder,
2016). Bu nedenle PyTorch ve TensorFlow gibi derin 6grenme
cercevelerinde giderek daha yaygin bir sekilde varsayilan
optimizasyon algoritmas1 olarak kullanilmaktadir. AdamW
optimizasyon algoritmasinin matematiksel giincelleme formiilii
Denklem 10°da verilmistir.

Oee1 = O = 1 (== + 200 (10)

Gradyan moment hesaplamalari, bias diizeltmeleri ve
parametre giincellemeleri Adam algoritmas1 gibidir. Ancak
Denklem 9 da verilen algoritmanin giincelleme formiiliinde tek
fark, A agirlik ¢ilirlime katsayisinin t. iterasyonundaki 6 agirliklari
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ile carpilip formiiliin kendisine eklenmesidir. Formiiliin bu
sekilde uygulanmasi agirliklarin asir1 biiylimesini dogrudan
engelleyerek diizenli bir 6grenme siireci saglamaktadir (Liu et al.,
2019).

2.1.5. Adagrad (Adaptive Gradient Algorithm)
Algoritmasi

Adagrad, John Duchi, Elad Hazan ve Yoram Singer
tarafindan 2011 yilinda onerilen bir optimizasyon algoritmasidir.
SGD tabanli olan bu algoritma, 6grenme oranini her bir agirlik
icin adaptif hale getirerek daha etkili bir optimizasyon streci
sunmay1 hedeflemektedir. Diger algoritmalara kiyasla model
agirliklarinin her biri i¢in glincellemeleri gegmisteki gradyanlara
bagli olarak dinamik bir sekilde giincellemesiyle 6ne ¢ikmaktadir
(Duchi, Hazan, & Singer, 2011). Bu algoritmanin matematiksel
giincelleme formiilii Denklem 12 de verilmistir.

G = Go_q + g? (11)
Op41 =0, — \/%gt (12)

Formilde gegen g, t. iterasyondaki gradyani (Denklem
2), G¢, gradyanlarin karelerinin kiimiilatif toplamini ifade eder.
Diger parametreler daha oOnce verilen optimizasyonlarin
giincelleme denklemleinde agiklanmistir. Veri kiimelerindeki
ozelliklerin farkli 6lgeklerde oldugu durumlarda daha kararlt bir
optimizasyon sureci saglamaktadir. Ancak, Adagrad'in 6grenme
oranini zamanla sifira yaklastirmasi, algoritmanin uzun vadede
yakinsama problemlerinin ortaya ¢ikmasina yol acabilmektedir
(Zou & Shen, 2018).

2.1.6. Adadelta Algoritmasi

Adadelta, 2012 yilinda Matthew D. Zeiler tarafindan
onerilen ve SGD tabanli bir optimizasyon algoritmasidir. Bu
algoritma, Adagrad algoritmasinin 6grenme oranini zamanla
sifira yakinsamasi problemlemini ¢6zmek tizere gelistirilmistir.
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Bu sorun uzun vadeli 6grenmeyi engellemistir. Adadelta ile SGD
algoritmasinda yaygin olarak karsilagilan sabit 6grenme orani
se¢me problemi ¢ozilmistir (Zeiler, 2012). Bu sayede buyuk
veri kiimeleri iizerinde c¢alisan modellerde, 6§renme oraninin
yanlis secilmesi durumunda ortaya cikabilecek yakinsama
problemleri Onlenmis olmaktadir. Adadelta algoritmasinin
matematiksel giincelleme formiilii Denklem 15 de gosterilmistir.

__ JEAOZ i+
A0 =~ rglre Yt (13
E[A6%], = p- E[A0%],—1 + (1 —p) - A6F (14)
Op41 =0, + 46, (15)

Denklem 13°de, agirliklarin gilincellenmesini ve bu
formilde gecen E[g?], ise gradyan karelerinin Ustel hareketli
ortalamasmin hesabini ifade eder. Denklem 14, agirliklarin
giincellemelerinin karesinin {stel hareketli ortalamasini ve
Denklem 15 ise agirliklarin nihai gilincellemelerinin hesabidir.
Formiillerde gecen diger parametreler daha Once verilen
formiillerde ayrintisi ile ele alinmistir. Adadelta, goriintii isleme,
dogal dil isleme ve Oneri sistemleri gibi bir¢ok derin 6grenme
uygulamasinda basariyla kullanilmistir (Ruder, 2016).

2.1.7. Adamax Algoritmasi

Adamax, Adam algoritmasinin genellestirilmis bir
versiyonu olarak ortaya ¢ikmustir. Adam algoritmasi temelde
birinci moment ve ikinci moment (L2 form) tahminlerini
kullanarak adaptif bir 6grenme yontemi kullanmaktadir. Adamax
ise bu algoritmanin ikinci moment tahminini sonsuz norm olarak
adlandirdiklart (Loco norm) bir form ile degistirerek, Ozellikle
gradyan degerlerinin biiyiik dalgalanmalar gosterdigi durumlarda
daha kararli bir optimizasyon siireci sunmay1 hedeflemektedirler.
Bu algoritma, derin 6grenme modellerinin farkli alanlarinda
basariyla uygulanmaktadir (Kingma & Ba, 2014). Adamax
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algoritmasinin matematiksel giincelleme formiilii Denklem 16 da
gosterilmistir.

up = max(Bou—1,19:1) (15)
Ot41 = 0¢ — ult*l—L;{ (16)

Guncelleme formulinde gegen, m;, birinci moment
tahminini (Denklem 3), wu,, ikinci moment tahminini ifade
etmektedir. Diger parametreler daha onceki formiillerde detayli
olarak aciklanmistir. Adamax'in en 6nemli 6zelligi ikinci moment
tahminini Loo norm kullanarak hesaplamasidir. Onerilen bu
mekanizma modern optimizasyon algoritmalar1 arasinda 6nemli
bir yer tutmaktadir.

2.1.8. Adafactor Algoritmasi

Adafactor, Noam Shazeer ve Mitchell Stern tarafindan
Onerilen bir optimizasyon algoritmasidir. Bu algoritma buyuk
Olcekli modellerin egitimi sirasinda bellek kullanimini azaltmak
amaciyla gelistirilmistir. Adafactor, Adam algoritmasinin adaptif
O0grenme oranit avantajlarint korurken, bellek verimliligini
artirmak ic¢in ikinci moment hesabimi faktorize ederek
saklamaktadir.  Ozellikle milyarlarca parametreye  sahip
transformer tabanli biiyiik dil modellerinin egitiminde 6nemli
avantajlar saglamaktadir (Shazeer & Stern, 2018). Iilgili
algoritmanin matematiksel gincelleme formili Denklem 20'de
gosterilmistir.

Ry = BRey + (1 — B)(g:90) 17)
Ce = BoCeoy + (1 — B2)(ge9?) (18)
PO Re(DCe (i

Fl)) = [l . sumg; © g0 (19)
Op41 =0, — M * ;;_E (20)

Adafactor'un temel amaci, her bir agirlik degeri i¢in ayri
bir ikinci moment hesabini tutmak yerine agirlik matrisinin satir

10
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ve siitun faktorlerini kullanarak bellek kullanimini azaltmaktir.
Formilde gegen g;, t. iterasyondaki gradyani (Denklem 2), Rtve
Ct, sirastyla satir ve siitun faktorlerini, O, hadamard (eleman
bazinda) ¢arpimi, V,(i, j) ise bu algoritmaya 6zgii ikinci moment
hesabmi temsil eder. Diger degiskenler daha once verilen
algoritmalarin  formiillerinde detayli olarak aciklanmistir.
Adafactor’'un ayrica Adam gibi popiiler optimizasyon
algoritmalarina benzer veya daha iyi bir performans sergiledigini
gosterilmistir. Ornegin, Google'n T5 (Raffel et al., 2020) ve Meta
Al'in LLaMA (Touvron et al., 2023) gibi buyuk dil modelleri bu
algoritma kullanilarak egitilmistir.

2.1.9.Nadam (Nesterov-accelerated Adaptive Moment
Estimation) Algoritmasi

Nadam, Timothy Dozat tarafindan Onerilen bir
optimizasyon algoritmasidir. Bu algoritma, Adam optimizasyon
algoritmasi ile Nesterov Momentum teknigini birlestirerek, daha
hizli ve daha kararli bir yakinsamay1 hedeflemektedir. Nesterov
Momentum, klasik momentum yonteminden farkli olarak,
gradyani hesaplamadan O0nce momentum adimini devre disi
birakmaktadir. BOylelikle algoritmanin daha 6ngoriilii olmasi ve
daha hizli yakinsamasi saglanmis olmaktadir. Nadam, 6zellikle
karmasik ve yiiksek boyutlu optimizasyon problemlerinde etkili
sonuclar vermektedir (Dozat, 2016). Nadam’in matematiksel
guncelleme formili Denklem 22'de verilmistir.

. Bith+(1-B1)g

rhnesterov — Tﬁft (21)
— __n £ nesterov

Oir1 =6, —\/V_tﬂm (22)

Formiilde, th™est"°V Nesterov momentum ile diizeltilmis
birinci moment hesabini temsil etmektedir. Diger parametreler
daha onceki denklemlerde ayrintisi ile aciklanmustir. Klasik
Adam algoritmasinda gilincellenmis agirlhik  degerlerinin
hesaplanmasinda Denklem 3’te verilen birinci moment hesabi
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kullanilirken, Nadam’da rh™¢5t€"°V kyllamlmaktadir. Diger tiim
hesaplamalar Adam algoritmasinda agiklandigi gibidir. Nadam
algoritmasinin, Adam'a kiyasla bazi problemlerde daha iyi
sonuclar verdigi gosterilmistir.

2.1.10. Ftrl (Follow The Regularized Leader)
Algoritmasi

Bu algoritma, 2013 yilinda H. Brendan McMahan ve
arkadaslari tarafindan 6nerilmistir. Ftrl ile 6zellikle biytk 6lgekli
ve seyrek veri kiimeleri lizerinde c¢alisan dogrusal modeller
gelistirilmistir. Reklamcilik, 6neri sistemleri gibi yiksek hacimli
ve seyrek veri kumelerinin kullanildigi alanlarda basariyla
uygulanmaktadir. Caligma mekanizmasi, 6nemsiz 6zelliklerin
parametrelerini sifira iterek modelin seyrekligini artirmaktadir.
Ayrica, adaptif 6grenme orani mekanizmasi sayesinde her bir
parametre i¢in farkli bir 6grenme orani hesaplanmasini garanti
etmektedir (McMahan et al., 2013). FTRL algoritmasinin
matematiksel glincellemesi Denklem 25 de verilmistir.

1 =
o0 = LI g2 —Toigd) (23)
zt= 2zt + g — 00, (24)
0 eger |yl <M
1 .
Ou1i = |—-———=(2¢; — sign(z;;)A;) diger durumlarda (25)
[ +B+ [—222193 t,i t,i)*1

a

Formiilde, A1 ve A2, sirasiyla L1 ve L2 diizenlilestirme
parametrelerini, z:, kiimiilatif gradyanlari, ot, adaptif 6grenme
oranini temsil eder. Eger |ziil < A1 ise, ilgili parametre sifira
esitlenir. Formiilde gecen diger ozellikler daha once detaylica
aciklanmigtir. FTRL'nin en 6nemli 6zelligi, L1 diizenlilestirme
sayesinde seyrek modeller olusturabilmesidir. Bu mekanizmasi
sayesinde Google, FTRL algoritmasini ¢evrimi¢i reklamcilik
sistemlerinde kullanmaktadir. Ayn1 zamanda, yiiksek hacimli
seyrek veri kiimeleri tizerinde diger algoritmalara kiyasla daha iyi
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performans gosterdigini raporlamistir (Meng, Ge, Tian, An, &
Gao, 2023).

2.2. Veri Seti ve Ozellikleri

Calismada, optimizasyon algoritmalar1 temelli derin
O6grenme modellerinin tahmin dogrulugunun analiz edilmesinde,
Osmaniye ilinin 2017 yili saatlik olarak Olgililen meteorolojik
verilerinden faydalanilmigtir. Hedef bdlgenin riizgar giicii
potansiyelinin ~ belirlenmesi  hedeflenmistir. Bu  amagla
Meteoroloji Genel Miidiirliigiinden (MGM) saatlik olarak
Olciilen, Bagil Nem (%), Aktuel Basing (hPa), Sicaklik (°C) ve
Riizgar Hiz1 (m/sn) ve Riizgar Yoni (Derece) verileri talep
edilmistir. Ayrica calismanin gercekci temellere dayanmasi
acgisindan, Siemens Gamesa SG 4.5-145 model 4.5 MW’lik bir
rliizgar tlirbininin spesifik Ozelliklerinden faydalanilarak girdi
verileri optimize edilmistir.

Ik olarak bagil nem, basing ve sicaklik verileri
kullanilarak Denklem 26’da verilen formiilden nemli hava i¢in
yogunluguk degerleri bulunmustur. Formiilde gegen p, havanin
yogunlugunu, p,, kuru havanin kismi basincini, p,,, su buharinin
kismi basincini, R4, kuru hava gaz sabitini, R,,, su buhart i¢in gaz
sabitini, T, kelvin cinsinden sicaklik degerini temsil eder. ikinci
olarak Denklem 27°de verilen formiilden faydalanilarak 10
metrede Olclilen rlizgar hiz1 verisi riizgar tiiribinin 110 metre
yiikseklikte c¢alismast (hub yiiksekligi) varsayildigindan bu
yiikseklik i¢cin normalize edilmistir. Formiilde, viio, 110 metre
yiikseklikteki hesaplanan riizgar hizini, vio, 10 metreyikseklikte
olgiilen riizgar hizini, h1io ve hio, sirastyla 110 ve 10 metre yiiksek
degerlerini, a ise riizgar profili katsayisini temsil eder. Bu katsay1
genellikle Hellmann katsayis1 olarak bilinmektedir. Riizgar
hizinin yiikseklikle nasil degistigini tanimlayan logaritmik riizgar
profili modelinde kullanilmaktadir. Hellmann katsayisi, yiizey
puriizliliigiine ve arazi tipine bagli olarak degismektedir
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(Hansen, 2015). Sehir i¢i alanlar i¢in 0.2 degeri varsayilan olarak
kullanildigindan,  c¢alismada  bu  katsayr  degerinden
faydalanilmigtir. Son olarak Denklem 28’deki matematiksel
formiilden yararlanilarak SG 4.5-145 model rizgar tdribininin
tiretebilecegi gii¢ degerleri hesaplanmistir. Formiilde P, ruzgar
gucin, p, havanin yogunlugunu, A, tiirbinin siipiirme alanini, Vv,
riizgar hizin1 temsil eder. Siipiirme alani riizgar tiirbininin rotor

capina baghdir ve dairesel alan formiiliiyle (7%) bulunmaktadir
(Hansen, 2015).

— Pd | Pv
p= RdT+ RyT (26)
h
V110 = 1710(h11100)a (27)
P= %pAv3 (28)

Gercek dunyada bir rizgar trbini tim kinetik enerjiyi
elektrik enerjisine dontistirememektedir. Bu nedenle ¢alismada
yararlanilan riizgar tlirbininin nominal liretecegi gii¢c degerleri baz
alinmistir. Siemens Gamesa'nin resmi sitesinde, SG 4.5-145
model riizgar tlribini 4.2 — 4.8 MW arasinda gii¢ iiretebilecegi
belirtilmistir (Siemens Gamesa Renewable Energy). Calismada
4.8 MW fizerinde Tlretilen giic degerleri, 4.65 MW degerine
sabitlenmistir. Ayrica ham veriseti lizerinde ¢esitli veri 6n isleme
teknikleri uygulanarak eksik veriler tamamlanmistir. Eksik
verilerin boyutu tiim verilerin % 2’si kadar bulunmustur.
Dilzenleme sonucunda modelleme ¢alismalarinda kullanilan
(Ocak aymin 10. Giinii saat 10:00 — 20:00 arast diizenlenen)
verilerin bir kism1 Sekil 1°de verilmistir.

Gln | Sewt | Wem 1] | Baungihtal | facakd (€] | Yodunkub fla/em') | Allsgar ¥ed (Derece] | 80 m Aliugar b (m/s]
= = o080 T (D

.......

Sekil 1. Osmaniye fline Ait Diizenlenmis Veri Setinden Bir Kesit
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2.3. Gelistirilen Derin Ogrenme Modellerinin Mimari
Yapisi

Keras ile optimizasyon algoritmalar1 temelli derin
ogrenme modelleri gelistirebilmek i¢in Sequential (Sirali) API
mimarisinden faydalanilmigtir. Bu yap1 derin G6grenme
modellerini hizli ve kolay bir sekilde olusturmak i¢in kullanilan
bir yontemdir. Sirali denmesinin sebebi modelin katmanlarinin
siral1 bir sekilde diizenlenmesinden kaynaklanmaktadir. Yani her
katman bir dnceki katmanin ¢iktisini alir ve bir sonraki katmana
giris olarak verir. Regresyon tabanli uygulamalarda siklikla
kullanilan bir yontem oldugu i¢in tercih edilmistir (Gulli, Kapoor,
& Pal, 2019).

N&ron: 6 Néron: 32 Néron: 64 Néron: 128 Néren: 64 Néron: 32 Néron: 1

Giris Katmani W Gizli Katman Cikis Katmani

Sekil 2. Derin Ogrenme Modellerinin Mimari Yapis

Modellerde toplamda 6 adet tam baglantili yogun (dense)
katman ve her bir yogun katmandan sonra %20’lik bir Dropout
katmani eklenmistir. Dropout, asir1 0grenmeyi Onlemek igin
kullanilan bir diizenleme teknigi olarak bilinmektedir (Metin &
Karasulu, 2022). Gelistirilen modellerde 5 tane gizli katman
kullanilmistir. Her gizli katmanda yiiksek bagarim orani sebebiyle

15



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

GELU (Gaussian Error Linear Unit) aktivasyon fonksiyonundan
faydalanilmistir. GELU dogrusal olmayan bir aktivasyon
fonksiyonudur ve Ozellikle derin 6grenme modellerinde
performansi artirmak amaciyla yaygin olarak kullanilmaktadir.
Bu yapt yumusak gecisi ve negatif degerleri tamamen
sifirlamamast nedeniyle daha kararli bir 6grenme siireci
sunmaktadir (Hendrycks & Gimpel, 2016). Cikis katmaninda ise
linear aktivasyon fonksiyonu tercih edilmistir. Tercih edilen
aktivasyon fonksiyonu sayesinde modelin siirekli bir deger
tahmin etmesini saglanmis olacaktir. Calismada kullanilan derin
o6grenme modellerinin mimari yapisi Sekil 2°de gosterilmistir.

3. DENEYSEL CALISMALAR

Optimizasyon algoritmalarinin =~ derin ~ dgrenme
uygulamalarn tizerindeki etkisini analiz etmek amaciyla tahmin
modelleri gelistirilmistir. Regresyon tabanli veri setinin
secilmesinin nedeni ise tlirevlenebilir olmasi ve siirekli kayip
fonksiyonlart ~ kullanilarak ~ optimize edilebilmesinden
kaynaklanmaktadir. Ayrica varsayilan olarak tiim optimizasyon
algoritmalar1 i¢in uygulanabilirdir.

Keras ile gelistirilen modellerin her calistirildiginda,
baslangic agirliklarinin  degismemesi, egitim  verilerinin
karistirilma sirasinin farklilagsmamasi ve dropout gibi islemlerde
hep ayni néronlarin maskelenmesi amaciyla rastgelelik tohumu
(random seed) olarak adlandirilan bir yapt koda eklenmistir.
Ozellikle deneysel tekrarlarin  &nemli oldugu bilimsel
aragtirmalarda deneysel sonuglarin rasgelelikten ayristirilarak
dogrulugunun saglanmasi temel bir gerekliliktir. Rastgelelik
tohumu sayesinde modellerin her galistiginda farkli sonuglarin
uretilmesinin 6nine gecilmektedir (Colas, Sigaud, & Oudeyer,
2018).
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Gelistirilen  modellerde  her  bir  optimizasyon
algoritmasinin tahmin performansina etkisinin
degerlendirilmesinde MSE (Mean Squared Error), RMSE (Root
Mean Squared Error) ve MAE (Mean Absolute Error) gibi hata
metriklerinden yararlanilmigtir. MSE ile tahmin edilen degerler
ile gercek degerler arasindaki farklarin karesinin ortalamasi
alimmaktadir. RMSE, MSE’nin karekdkiiniin alinmasiyla elde
edilmektedir. Yorumlamayr kolaylastirmak acisindan sik
kullanilan bir metriktir. MAE ise tahmin edilen degerler ile
gercek degerler arasindaki farkin mutlak degerinin ortalamasi
olarak bilinmektedir. Her veriye ozel islem yaptigindan asiri
degerlerden daha az etkilenmesi nedeniyle tercih edilmistir.
Gelistirilen modellerde hata metrikleri 0’a ne kadar yakin olursa
tahmin edilen degerlerin gergek degerlere yakinsadigi
sOylenebilmektedir. Ayrica modelin hedef degiskenin toplam
varyansinin ne kadar tarafinda agiklandigini ortaya koyabilmek
icin Belirtme Katsayis1 (Determination Coefficient-R?) olarak
bilinen performans metriginden faydalamlmistir. R? degeri
yaygin olarak 0 ile 1 arasinda olmakla birlikte baz1 durumlarda
negatif degerler de goriilebilmektedir. 1'e yakin degerler modelin
kullanilan veri setinin varyansini biiyiik 6l¢iide agiklayabildigini
gosterirken, 0’a yakin degerler modelin performansinin yetersiz
olduguna isaret etmektedir (Montgomery, Runger, & Hubele,
2009).

Modelleme ¢aligmasinda kullanilmak {izere veri seti
%80°1 egitim ve %?20’si test olmak iizere rastgele ayrilmistir.
Egitim sirasinda yanliligi engellemek maksadi ile Min-Max
Scaler ol¢eklendirme tekniginden faydalanilmistir. Bu sayede
veri seti 0 ile 1 arasma 6lgeklendirilmis ayn1 zamanda verinin
orijinal dagiliminin seklinin korunmasi saglanmistir. Modellerin
egitiminde aywrt ediciligi saglamast agisindan her bir
optimizasyon algoritmasinin egitim siiresi saniye cinsinden
kaydedilmistir. Ayrica tiim modellerde yi1gin boyutu 16, epoch
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sayis1 50 olarak belirlenmigtir. Egitim siireci sonunda gelistirilen
optimizasyon algoritmalar1 temelli derin 6grenme modellerinin
test verisi kullanilarak hesaplanan performans analizi Tablo 1°de
ayrintili olarak verilmistir.

Tablo 1. Optimizasyon Algoritmasi Temelli Derin Ogrenme
Modellerinin Performans Analizi

Optimizasyon Eg.iti".l
. MSE | MAE |[RMSE| R? Suresi
Algoritmasi (sn)
Adam 0.0004 [ 0.0130 | 0.0196 | 0.9900 | 147.8710
SGD 0.0056 | 0.0529 | 0.0746 | 0.8542 | 112.5484
RMSprop 0.0002 | 0.0077 | 0.0156 | 0.9936 | 117.1958
AdamWw 0.0005[0.0108 | 0.0218 | 0.9875 | 155.2554
Adadelta 0.0358 {0.1200 | 0.1891 | 0.0620 | 173.5880
Adagrad 0.03240.1158 | 0.1800 | 0.1500 | 151.5151
Adamax 0.0005 [ 0.0084 | 0.0219 | 0.9875 | 147.7357
Adafactor 0.0012{0.0181 | 0.0353 | 0.9673 | 133.6262
Nadam 0.0006 [ 0.0159 | 0.0245 | 0.9843 | 135.1226
Ftrl 0.0381[0.1278 | 0.1953 | -0.0001 | 174.3156

Tablo 1’den goriilecegi lizere RMSprop optimizasyon
algoritmasi temelli derin 6grenme modelli digerlerine kiyasla
Osmaniye ilinin riizgar giiclinii basarili bir sekilde tahmin
etmistir. MSE, RMSE, MAE ve R? degerleri sirasiyla 0.0002,
0.0156, 0.0077 ve 0.9936 hesaplanmistir. Hata metriklerinin 0’a,
R? performans metriginin de 1’e oldukg¢a yakin ¢ikmasi modelin
tahmin dogrulugunun giiclinli  gostermektedir. RMSprop
optimizasyon algoritmasi kullanilarak gelistirilen modelin tahmin
performansina etkisinin ¢ok yiiksek oldugu sonucuna varilabilir.
Bu optimizasyon algoritmasini, Adam algoritmas1 MSE: 0.0004,
RMSE: 0.0196, MAE: 0.0130 ve R?: 0.9900 degerleri ile takip
etmektedir. En kotl performans ise Ftrl, Adadelta ve Adagrad
optimizasyon algoritmalarin1 kullanarak gelistirilen modellerde
elde edilmistir. Her bir modelin egitim ve dogrulama kayip
grafikleri (loss graphs) Sekil 3’te verilmistir.
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Sekil 3. Gelistirilen Modellerin Kayip Grafikleri

RMSprop ile Adam algoritmasinin egitim siirelerinin
kiyaslanmasinda, RMSprop algoritmasi ile gelistirilen model,
Adam algoritmasina gore yaklagik 30.7 saniye gibi daha erken bir
siirede 0grenmesini tamamlamistir. Modellerin egitim siireleri
Tablo 1’den goriildiigii tizere en kisa siireli ikinci egitim
modelinin RMSprop oldugu anlasilmaktadir. Osmaniye ilinin
rizgar potansiyelinin belirlenmesinde tahmin edilen degerlerle ve
gercek degerlerler arasindaki dagilim grafikleri Sekil 4’te
verilmistir.
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Sekil 4. Gelistirilen modellerin dagilim grafikleri

Dagilim grafiklerinden RMSprop, Adam, Nadam ve
AdamW optimizasyon algoritmalari ile gelistirilen modellerin
birbirlerine oldukga benzer oldugu anlagilmaktadir. Tablo 1’de bu
algoritmalarla gelistirilen modellerin R? degerleri yaklasik olarak
0.99 bulunmustur. Bu sonug benzer dagilim grafiklerinin ortaya
¢ikmasinda etkili olmustur.
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4. SONUC VE TARTISMA

Bu kitap bolimiinde, son yillarda oldukca fazla alanda
kullanilan derin 6grenme uygulamalarinin tahmin kesinliginin
arttirllmasinda pek tercih edilmeyen bir yodntem olan
optimizasyon algoritmalarinin etkisi detayli bir sekilde analiz
edilmistir. Cogu uygulamalarda varsayilan olarak kullanilan ve
birgok uygulayicinin dikkate dahi almadigi bir hiperparametre
olan bu yapinin model performansini 6nemli derecede etkiledigi
gosterilmistir.

Optimizason algoritmalarinin derin 6grenme modelleri
tizerindeki etkisinin analiz edilmesinde regresyon tabanli
Osmaniye ili 2017 MGM verileri kullanilmistir. Modelleme
siirecinde derin 6grenme caligmalarinda yaygin olarak kullanilan
on farkli optimizasyon algoritmast belirlenmis ve bu
algortimalarin 6zellikleri, avantaj ve dejavantajli yonleri ayrintili
bir bicimde teorik yonden ele alinmistir. Ardindan segilen
algoritmalar Ozelinde derin 6grenme tabanli tahmin modelleri
gelistirilerek  deneysel calismalar  yapilmistir.  Her  bir
algoritmanin tahmin modelleri iizerindeki etkisi kargilastirmali
olarak analiz edilmistir. Siire¢ sonunda optimizasyon
algoritmalarinin kullanilan veri seti ile alakali olarak tahmin
performansi lizerinde goz ard1 edilemeyecek bir etkisinin oldugu
anlasilmistir. Yenilenebilir enerji alaninda herhangi bir ilin riizgar
potansiyelinin derin 6grenme tabanli tahmin edilmesinde
RMSprop optimizasyon algoritmasinin hem egitim siiresi hem de
model performansi agisindan basarili bir sekilde uygulanabilecegi
ifade edilmistir.

Derin  Ogrenme  ¢alismalarinda, en  optimal
hiperparametrelerin belirlenmesi slrecinde, farkli optimizasyon
algoritmalarinin kullanilmasi performansi yiliksek daha kararl
modellerin  gelistirilmesini  saglayacaktir. ~ Optimizasyon
algoritmalar1 lizerinde yapilan ¢aligsmalar arttik¢a derin 6grenme
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uygulamalarinin  performanslarinin  bir o kadar artmasi
beklenmektedir. Gelecekte daha az islem giicii ile daha yiiksek
performans seviyelerine ulasan modeller gelistirilmesindeki
anahtar gic, optimizasyon algoritmalarinin iyilestirilmesinden
gecmektedir.
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CLASSIFICATION OF FRUIT AND
VEGETABLE IMAGES USING DEEP
TRANSFER LEARNING MODELS

Mehmet BURUKANLI?
Davut ARI?

1. INTRODUCTION

The accurate and effective image processing of fruits and
vegetables holds critical importance across numerous domains
such as agriculture, the food industry, and robotic applications. In
post-harvest processes particularly in the assessment of product
quality, sorting, and storage the demand for automated and
precise classification methods has been steadily increasing. In this
context, fruits and vegetables are subjected to various
classification criteria based on multiple distinguishing
characteristics. From a physiological perspective, fruits are
classified into two main categories: climacteric and non-
climacteric. This distinction serves as a fundamental basis for
monitoring their ripening processes and metabolic activities. On
the other hand, one of the major challenges encountered in
machine vision and robotic applications is the color similarity
between fruits or vegetables and their surrounding background.
This issue can significantly compromise the accuracy of color-
based image processing algorithms. Furthermore, classification
types such as growth patterns influenced by physiological factors
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and commercial grading schemes are designed in accordance with
the specific requirements of various applications. The integration
of image processing techniques with machine learning and deep
learning methods enhances classification performance by
leveraging multiple features of fruits and vegetables, such as
structural characteristics, color, and texture. Intelligent packaging
systems also contribute to classification by utilizing advanced
sensor and indicator technologies to monitor the freshness and
quality status of products. These multidimensional classification
approaches have emerged as essential tools for improving
agricultural efficiency and delivering high-quality products to
consumers(Lv et al. 2022)(He et al. 2023)(Parlak S6nmez and
Kilig 2024)(Ukwuoma et al. 2022).

Ghazal and others(Ghazal et al. 2021), conducted a
comprehensive performance comparison in fruit classification by
employing handcrafted visual features based on color, texture,
and shape such as Hue, Color-SIFT, Haralick, DWT, and HOG in
combination with traditional machine learning algorithms,
including SVM, KNN, and BPNN. Following dimensionality
reduction using PCA, the best results were achieved with BPNN
and SVM. The study demonstrated the -effectiveness of
interpretable and cost-efficient classical approaches as viable
alternatives to deep learning methods. Yuesheng and
others(Yuesheng et al. 2021), optimized the GoogLeNet
architecture for fruit and vegetable classification, achieving a
threefold increase in training speed and improving accuracy to
98.82%. By incorporating the Swish activation function and
DropBlock regularization layers, they enhanced the model’s
performance. The optimized model outperformed classical CNN
architectures such as AlexNet, VGGNet, and ResNet18 in both
accuracy and speed. Furthermore, real-time testing demonstrated
that the model operates with accuracy reaching up to 99%.
Hameed and others (Hameed, Chai, and Rassau 2021), proposed
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an adaptive angular margin and cluster embedding-based method
to overcome challenges such as intra-class variation and inter-
class similarity in fruit and vegetable classification. This
approach aims to compact intra-class samples while enhancing
inter-class separability within the DCNN feature space.
Experiments conducted with a ResNet50-based model achieved
99% accuracy across 15 classes along with high Silhouette scores
indicating effective clustering performance. Moreover, the
method demonstrated stability on imbalanced datasets and was
deemed suitable for real-time applications. Hussain and others
(Hussain et al. 2022), proposed a simple yet effective DCNN
architecture for fruit and vegetable recognition under varying
illumination and background conditions. Trained on a custom
dataset comprising 10,000 images from the Gilgit-Baltistan
region, the model achieved a classification accuracy of 96%. The
system was trained using data with backgrounds removed through
a split-and-merge algorithm, resulting in a low-complexity, fast-
performing solution well-suited for real-world scenarios. Tapia-
Mendez and others (Tapia-Mendez et al. 2023) developed a deep
learning-based two-stage system aimed at reducing fruit and
vegetable waste. Utilizing the MobileNetV2 architecture, the
system performs classification of up to 32 fruit and vegetable
types and distinguishes between fresh and spoiled produce across
six classes. Models trained with transfer learning and data
augmentation techniques achieved accuracies of 97.86% and
100%, respectively. Operating on their self-constructed datasets,
the system’s applicability in supermarkets and agricultural sectors
was emphasized, with future goals including real-time processing
and multi-object detection support. Varghese and others
(Varghese et al. 2021), developed a mobile, real-time grading
system that evaluates the quality of fruits and vegetables and
predicts their shelf life. Supported by a MobileNet-based CNN,
the system employs transfer learning and operates on a custom
image dataset. Functioning through an Android application, it
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predicts product quality and shelf life with 70% accuracy without
requiring network connectivity. While the application’s
portability and cost-effectiveness are highlighted, its limited
accuracy and challenges in distinguishing between similar
products are identified as shortcomings to be addressed in future
work. Gill and others (Gill et al. 2022) proposed a hybrid system
based on image enhancement, segmentation, and deep learning
(CNN-RNN-LSTM) to address shortcomings in accuracy and
quantitative analysis in fruit classification. The approach
involved image enhancement using Type-Il fuzzy logic,
segmentation via TLBO-MCET, CNN-based feature extraction,
followed by labeling with RNN and classification using LSTM.
Experiments on 300 real-time images achieved an accuracy of
96.08%. The proposed method outperformed other models such
as SVM, FFNN, and ANFIS. The system demonstrated success
in both coarse and fine-grained classification, distinguishing itself
through multi-object classification capability and robust feature
extraction. Latha and others (Latha et al. 2022) proposed a deep
learning approach based on YOLOv4-tiny for real-time fruit and
vegetable identification in vegetable markets. The system aimed
to perform fast and accurate multi-class object detection by
collecting video data through 0T devices. Trained on a dataset of
9,800 images spanning 12 classes and annotated with Roboflow,
the model achieved 51% mAP, 0.63 precision, 0.41 recall, and a
0.50 F1-score after 15,700 epochs. Higher accuracy was observed
in certain classes such as bottle gourd (77.29% AP) and
cauliflower (66.66% AP). The model’s low inference time of
approximately 18 ms emphasized its suitability for embedded
devices, while performance degradation on blurry images was
identified as a primary limitation. Zhang and others (Zhang et al.
2021) developed a method enabling robots to recognize the
firmness levels of fruits and vegetables to grasp them without
causing damage. Using an experimental platform equipped with
a WSG 50 manipulator and tactile array sensors, the study

31



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

collected 400 datasets from four different product classes (apple,
kiwi, orange, tomato). The resulting tactile time series were
classified using KNN and SVM classifiers after dimensionality
reduction with PCA, with the best performance achieved by the
PCA-SVM model at 94.27% accuracy. Online recognition
experiments also reached 90% accuracy. Uncertainty between
classes B and C was identified as the main limitation of the model.
This work lays the foundation for precise grasping strategies in
nondestructive agricultural robotics. Mimma and others (Mimma
et al. 2022) conducted research on fruit classification and
detection using deep learning. They applied data augmentation
and domain adaptation techniques on both publicly available and
proprietary datasets. The study achieved fast and accurate fruit
detection with YOLOvV7, and high-accuracy classification using
ResNet50 and VGG16. Additionally, the system was deployed as
both web and mobile applications. This work provides significant
contributions toward developing practical and real-time fruit
recognition solutions. Min and others (Min et al. 2023) proposed
the Multi-Scale Attention Network (MSANet) model, which
integrates multi-scale attention mechanisms from different CNN
layers to address the challenges of fruit recognition. The study
demonstrated the model’s superior performance using four
distinct fruit datasets, highlighting that the hybrid attention
block—simultaneously  processing spatial and channel
attention—significantly  improved recognition  accuracy.
MSANet outperformed other methods on datasets simulating
real-world conditions and enabled practical use through mobile
application integration.

In this study, fruit and vegetable classifications were
performed using alexnet, densenetl21, resnet50, vggl6 and
vit_b_16 models. 7000 training, 1500 validation and 1500 testing
data were used in the study. Deep transfer learning models were
compared with each other in terms of accuracy values on the
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testing dataset. When the obtained results were examined in
detail, the densenet121 model achieved better results than other
models with an accuracy value of 91.13%, but the alexnet model
achieved worse results than other models with an accuracy value
of 85.13%. These results indicate that deep transfer learning
models are quite successful in fruit and vegetable classifications.

2. FRUIT AND VEGETABLE DATASET AND
DEEP TRANSFER LEARNING BASED
MODELS

In this section, the fruit and vegetable dataset and deep
transfer learning based architectures used in this study are
explained in detail.

2.1. Fruit and vegetable dataset

The fruit and vegetable dataset consists of 10 classes and
a total of 10000 images (Nguyen 2025). These classes are:
“Tomato”, “Potato”, *“Carrot”, “Banana”, “Broccoli”,
“Eggplant”, “Corn”, “Pineapple”, “Orange”, “Asparagus”. In
addition, each class consists of 1000 images (750 training, 150
validation, 150 testing). In this study, 7000 images were used for
training, 1500 images for validation and 1500 images for testing
in the classification phase of deep learning models. The details of
this fruit and vegetable datasets are shown in Table 1.
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Table 1. The details of this fruit and vegetable datasets (Nguyen

2025)
Class Name — Amount .Of d_ataset -
Training Validation Testing
Tomato 700 150 150
Potato 700 150 150
Carrot 700 150 150
Banana 700 150 150
Broccoli 700 150 150
Eggplant 700 150 150
Corn 700 150 150
Pineapple 700 150 150
Orange 700 150 150
Asparagus 700 150 150
Total 7000 1500 1500

Figure 1 shows examples of images for each class (Tomato,
Potato, Carrot, Banana, Broccoli, Eggplant, Corn, Pineapple,
Orange, Asparagus) in the fruit and vegetable dataset.
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Banana
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Pineapple .
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Figure 1. image examples for each class in the fruit and vegetable
dataset (Nguyen 2025)
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2.2. Deep transfer learning models

In this study, the details of alexnet, densenet121, resnet50,
vggl6 and vision transformer (vit_b_16) deep transfer learning
models used for the classification of fruits and vegetables are
explained.

2.2.1.alexnet model

The alexnet model is a CNN-based model trained on the
ImageNet dataset consisting of 1000 classes(Krizhevsky,
Sutskever, and Hinton 2012). It was quite successful in the
competition held in 2012.

2.2.2.densenetl121 model

DenseNet121 model is a CNN based model presented for
object detection, classification and segmentation. By designing
the DenseNet121 model, the vanishing gradient problem has been
eliminated (Huang et al. 2017).

2.2.3.resnet50 model

The resnet50 model, trained over the ImageNet dataset
consisting of 1000 classes, is based on a CNN model .1t was quite
successful in the competition held in 2015 (He et al. 2016).

2.2.4.vggl6 model

The vggl6é model, trained on the ImageNet dataset
consisting of 1000 classes, consists of 13 convolutional layers, 5
maxpolling and 3 fully-connected layers. The vgglé model,
which uses 3x3 filters in each convolutional layer, is based on a
CNN model (Simonyan and Zisserman 2015).

2.2.5.vit_b_16 model

The wvit (vit_b_16) model is a transformer-based
architecture designed for NLP tasks. The Vit model is widely
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used in classification, segmentation and object detection tasks
(Dosovitskiy et al. 2021).

3. RESULTS

In this study, each deep transfer learning model (alexnet,
densenet121, resnet50, vggl6 and vit b 16) was selected as
epoch number = 60, learning rate = 0.0001, optimizer algorithm
= AdamW and batch size = 128 during training for the
classification of fruit and vegetable images. True Positive (TP),
True Negative (TN), False Negative (FN), False Positive (FP),
True Negative (TN) values were used to calculate the
performance value of each model. The calculation of the accuracy
value is shown in Equation (1)(Burukanli and Ari 2025).

TP+TN
TP+FN+FP+TN

1)

Accuracy =

The accuracy values of deep transfer learning based
models on the testing dataset are shown in Table 2.

Table 2. The accuracy values of deep transfer learning based
models on the testing dataset

Model Accuracy (%)
alexnet 85.13
densenet121 91.13
resnet50 85.80
vggl6 88.20
vit b 16 86.47

As seen in Table 2, the densenet121 model achieved the
best value among deep transfer learning models with an accuracy
value of 91.13%. On the other hand, the alexnet model achieved
worse results than the other models with an accuracy value of
85.13%. The confusion matrix obtained by the densenet12l
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model on the testing data set in the classification of fruits and
vegetables is shown in Figure 2.

Confusion Matrix for densenetl21 model
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Figure 2. The confusion matrix obtained by the densenet121
model on the testing dataset.

When Figure 2 is examined in detail, we can observe how
many test samples of each class are correctly classified by the
densenetl21 model. For example, we can see that the
densenet121 model correctly classified 148 samples out of 150
test samples in the tomato class. This shows how successful the
densenet121 model is in classifying fruits and vegetables.

4. CONCLUSION

In this work, fruit and vegetable classifications were
performed using alexnet, densenetl21, resnet50, vggl6 and
vit_b_16 models. The dataset used in the work comprise 7000
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training, 1500 validation and 1500 testing data. The performance
values obtained by the deep transfer learning architectures on the
testing dataset were also compared with each other. As a result of
the study, the densenetl21l model obtained better results than
other models with an accuracy value of 91.13%, while the alexnet
model obtained worse results than other models with an accuracy
value of 85.13%. In the next study, we plan to increase the
performance rates of the deep transfer learning architectures
preferred in this study and compare them with the SOTA models.
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MOBIL UYGULAMA GELISTIRME: ANKET
HAZIRLAMA UYGULAMASI

Onur KASAP!?
Serpil TURKYILMAZ?2

1. GIRIS

Mobil uygulamalar, giiniimiiz teknolojisinin ayrilmaz bir
parcasi haline gelmistir. Akilli telefonlar sayesinde fatura 6deme,
bankacilik iglemleri, haber takibi, oyun oynama, sosyal medya
kullantm1 ve hatta ara¢ kontrolii gibi bir¢cok islem kolayca
gerceklestirilebilmektedir. Bu doniisiim, sadece bireysel yasami
degil, ayn1 zamanda egitim, saglik, turizm ve ticaret gibi ¢esitli
sektorleri de derinden etkilemektedir.

Cep telefonlarinin evrimi 1973 yilinda Martin Cooper’in
Motorola’da gerceklestirdigi ilk cep telefonu icadiyla baslamas,
ardindan 2007 yilinda Apple’in iPhone ile yaptigi devrimsel
atilim, mobil teknolojileri yeni bir boyuta tasimistir. Bu
gelismeleri takip eden Android ve iOS isletim sistemleri,
kullanic1 dostu arayiizleri ve genis uygulama ekosistemleri ile
mobil cihazlar1 adeta taginabilir bilgisayarlara doniistiirmustiir.
Ozellikle Android isletim sistemi, agik kaynak yapisi, yaygin
gelistirici ag1 ve genis pazar payi ile 6ne ¢ikmakta; iOS ise
giivenlik ve performans avantajlartyla dikkat c¢ekmektedir
(Ensonshaber, 2025).

1 Bilecik Seyh Edebali Universitesi, Fen Fakiiltesi, Istatistik ve Bilgisayar Bilimleri,

Lisans Ogrencisi, onurkasapdev@gmail.com, ORCID: 0009-0001-8985-5376.

2 Prof. Dr., Bilecik Seyh Edebali Universitesi, Fen Fakiiltesi, Istatistik ve Bilgisayar
Bilimleri Bolumu, serpil.turkyilmaz@bilecik.edu.tr, ORCID: 0000-0002-7193-
4148.
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Cesitli arastirmalar, mobil uygulamalarin giinliik yasam
lizerindeki etkisini agikca ortaya koymaktadir. Ornegin, Cinar ve
Bilici (2020), kullanicilarin mobil cihazlarda harcadiklar
zamanin yaklasik %80’inin uygulamalara ayrildigini belirtmistir.
Ozdamar Keskin ve Kiling (2015) ise geng bireylerin mobil cihaz
kullanimindaki artis1 vurgulayarak, bu teknolojilerin erken yasta
yayginlastigint gostermistir. Biiyiikgoze (2019) ve Uslu vd.
(2020), is diinyasinda mobil uygulamalara yapilan yatirimlarin
rekabet guicli ve gelir artis1 sagladigini 6ne stirmektedir.

Mobil uygulamalarin 6zellikle egitim ve saglik gibi
alanlarda 6nemli katkilar sundugu da farkli ¢aligmalarla ortaya
konmustur. Arista ve Kuswando (2018), egitim amagh gelistirilen
uygulamalarin yiliksek oranda olumlu geri bildirim aldigini
belirtmistir. Sencan Karakus (2021) ise psikolojik danismanlikta
kullanilan mobil uygulamalarin, tedavi siirecine katki
saglayabilecegini ifade etmistir. Ayrica Kopmaz ve Arslanoglu
(2018), saglik uygulamalarimin kullanimindaki dramatik artisa da
dikkat ¢ekmistir.

Mobil anket uygulamalar1 da bu doniisiimiin 6nemli bir
parcasi haline gelmistir. Geleneksel anket yontemlerinin yerini
alan dijital anketler, hiz, erisilebilirlik ve maliyet agisindan
onemli  avantajlar  sunmaktadir. ITU  (Uluslar  arasi
Telekominasyon Birligi’ nin (2023) verilerine goére, dinya
genelinde 5,4 milyar kisi internet erisimine sahiptir. GSMA
Intelligence (2024) ise diinya niifusunun %69,4’tiniin mobil cihaz
kullandigin1 belirtmistir. Bu veriler, dijital anketlerin genis
kitlelere ulasabilme potansiyelini ve mobil cihazlarin bu alandaki
stratejik rolini de gozler 6niline sermektedir. Regmi vd. (2016)
gibi arastirmacilar, web anketlerinin 6zellikle ulasilmasi gii¢
topluluklara erisimde etkili oldugunu vurgulamaktadir.

Bu amagla calismada, mobil cihazlarda en yaygin
kullanilan isletim sistemi olan Android tizerinde gelistirilen bir
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anket hazirlama uygulamasi ile bu alandaki literatiire katki
sunulmas1 amag¢lanmaktadir.

2. MOBIL UYGULAMA GELISTIRME
ASAMALARI

Mobil uygulama gelistirme; akilli telefonlar, tabletler,
ara¢ ici sistemler (CarPlay, Android Auto), akilli saatler gibi
cihazlara yonelik yazilim {iretimini kapsayan bir miihendislik
stirecidir (AppMaster, 2023). Gelistirme siireci genellikle bir
fikirle baslamaktadir. Izleyen kisimda siireclerle ilgili &zet
bilgiler sunulmaktadir.

2.1. Fikir ve Algoritma

Fikir, mevcut bir problemi ¢ézmeye yonelik yaratict bir
baslangictir. Bu asamada, uygulamanin isleyisini belirleyen bir
algoritma  olusturulmaktadir.  Algoritma, strecin  yonini
belirleyen temel bir yapidir. Derleyiciler sayesinde yazilan kod,
hedef cihazlara uygun hale getirilmektedir. Derinlemesine sistem
erisimi gerektirmeyen projelerde c¢apraz platform ¢oziimleri
tercih edilebilmektedir.

2.2. Gelistirme Platformlari

Bu béliimde mobil uygulama gelistirme platformlarindan
bahsedilmektedir.

2.2.1. Android

Android, Google tarafindan gelistirilen agik kaynakli bir
isletim sistemidir (Turk, 2014). 2023 yilmin ikinci c¢eyregi
itibartyla %70,89’luk pazar payma sahiptir (MOBISAD, 2023).
Android Studio ise en yaygin gelistirme ortamidir. Java ile
baslayan gelistirme siireci giiniimiizde daha ¢ok Kotlin diliyle
yuritilmektedir. Jetpack Compose, XML 'e alternatif modern bir
Ul kituphanesidir.
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2.2.2.10S

Apple tarafindan gelistirilen i0S, kapali kaynakli ve
yiiksek giivenlikli bir sistemdir (Ciloglu vd., 2021). %28,36’lik
pazar payimna sahiptir. Gelistirme ortami Xcode; kullanilan
programlama dili ise Swift’tir. Swift, Objective-C’ye kiyasla
daha sade bir yapiya sahiptir.

2.2.3. Capraz Platformlar

Farkli platformlar i¢in ayr1 kod yazma ihtiyacini azaltan
capraz platform ¢oziimleri, maliyeti diisiirmektedir. Google
destekli Flutter ve Microsoft’un .NET MAUI araglari, hem mobil
hem de masalsti/web uygulamalari gelistirmeye olanak
tanimaktadir. Ancak bu ¢oziimler, performans agisindan yerel
uygulamalara gore bazi sinirlamalara da sahiptir.

2.3. Yaymlama Siireci

Uygulama gelistirme tamamlandiktan sonra yaymn
stirecine gegilmektedir.

Google Play Store: Gelistirici hesabr 25$’dir, tek
seferliktir. Yayin siireci daha hizli ve esnektir.

App Store: Yillik 998 ticretlidir. Yayin oncesi daha siki
giivenlik kontrolleri uygulanmaktadir.

Bu farkhiliklar, bagimsiz gelistiricileri genellikle
Android’e yonlendirmektedir.

2.4. Android - iOS Karsilastirmasi

Tablo 1’ de Android ve iOS ozellik karsilagtirmalari
verilmigtir.
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Tablo 1. Android - iOS Karsilastirmasi

Ozellik Android i0S
Gelistirme Dili & Java/_KotIin - Android Swift - Xcode
Ortam Studio
Kaynak Kodu Acik kaynak Kapali kaynak
Yapisi

.. Tek seferlik 25$
Yaymn Ucreti Yillik 998
Yayin Siireci Esnek ve hizli Stk1 denetim,

daha uzun sure

Uygulama Sayisi ) )
(2017 y1l1 igin ) 3,6 milyon 2,6 milyon
(Ciloglu, 2021)

Daha sik1 ve

Guvenlik Daha esnek ¢ .
guvenli

3. GELISTIiRiILEN UYGULAMANIN KURULUMU

Bu calismada Anket Hazirlama Uygulamasi Android
platformu i¢in gelistirilmistir. Bunun i¢in bu gelistirme ortaminin
oncelikle yiklenmesi gerekmektedir.

3.1. Android Studio Kurulumu

Android uygulama gelistirilirken teknik bakimdan ilk
adim, bilgisayara Android Studio programimin kurulmasidir.
Kurulumun adimlar ise sirasiyla asagida verilmistir:

e ilk adim https://developer.android.com/studio?hl=tr
adresinden Android Studio’yu indirmektir.

e Dosya indirildikten sonra kurulum tamamlanir.

e Kurulum bittikten sonra ekrana gelen diger kurulumun
da baslatilmas1 onemlidir. Bu kurulumda gerekli
Android SDK, Emulator gibi 6nemli bilesenlerin
oldugu unutulmayip eksiksiz bir kurulum saglanmasi
gerekmektedir.
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e Bu kurulumlarin timii tamamlandiginda Android
Studio kullanima hazir olup giris ekrani ekrana
gelecektir. Bu asamadan sonra gelistirici, fikrine bagh
olarak Android bir uygulama hazirlayabilecektir.

3.2. Anket Hazirlama Uygulamasi Gelistirme

Proje, veri tabani olarak Google’in gelistirdigi Firebase
Studio 1ile gelistirilmistir. Bu se¢imin sebebi, kolaylik ve
guvenliktir.

Calismada anket hazirlama uygulamasi i¢in ilk olarak
giris-kayit ekrani, daha sonra sirasiyla ana sayfa ekrani, anket
gorilintiileme ekrani, anket olusturma ekrani, anket cevaplama
ekrani, anket cevap ekrani olusturulmustur. Asagida olusturulan
ekranlarin goriintiileri ve bazi 6nemli ekranlarin kodlar1 adim
adim paylagilmistir.

Uygulama, “Login” ekrani ile baslamaktadir. Kullanici
uygulamaya kayitli ise direkt giris yapabilecek iken, kayith degil
ise “Kayit olmak icin tiklaymn” butonu ile yeni kayit
olusturabilmektedir. Kullanici uygulamaya girer girmez
veritabaninda kullanict i¢in ekstra bir kayit daha olmaktadir.
Bunun sebebi ise anket olustururken uygulamaya en az bir kere
girmis kullanicilarin ankete erisim saglayabilmeleridir. Sekil 1’
de gelistirilen uygulamanin “login ekrani” i¢in komutlar ve
ekranin gorintiisii verilmektedir.
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Sekil 1. Anket Hazirlama Uygulamasi Login Ekram

Kullanictya daha dnceden tanimli anketler varsa Anasayfa
ekraninda bu anketler de listelenmektedir. Kullanici tanimli olan
anketlerden herhangi birini segip anketi tamamlayabilmektedir.
Ayn1 zamanda da anket olusturmak isterse alttaki “Anket
Olustur” butonu ile anket olusturabilmektedir. Bu durum ileride
yapilabilecek glncellemeler ile birlikte sadece belli mailler ile
girmis kisilerin anket olusturmasin1 saglama yoniinde de
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gelistirilebilmektedir. Sekil 2° de Anket Anasayfa kodlar1 ekran
goriintlisli olarak verilmistir.

Sekil 3.2 Anket Hazirlama Uygulamasi Ana Sayfa Kodlar

Hog geldiniz!

Sekil 3.2 Anket Hazirlama Uygulamas1 Ana Sayfa Ekrani
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Sekil 4-5° de anket hazirlama uygulamasinin anket
hazirlama ortami i¢in kodlar ve ekran goriintiisli verilmistir.

Gelistirilen uygulamada, yeni bir anket olusturmak igin
kullanic1 “Anketi Olustur” butonuna tikladiktan sonra sirasiyla
hazirlayacagi anket bashigini, anketin agiklamasimni ve anketin
amacint girmek zorundadir. Daha sonra anket katilimcilarinin
mailleri  segilmelidir.  Ardindan anket madde/sorularina
gecilebilmektedir (Sekil 5(1)).

Gelistirilen uygulamada girilebilecek iki tip soru ortami
s0z konusudur. Bunlar cevaplamasi metin olacak sekilde sorulan
acik uclu sorular ve c¢oktan secmeli sorulardir. Kullanici
hazirlamak istedigi ankete gore her soruda bu iki soru tipini de
kullanabilmektedir (Sekil 5(2)).

Sekil 4. Gelistirilen Uygulamanin Anket Hazirlama Ortami
Kodlan
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Sekil 5. Gelistirilen Uygulamanin Anket Hazirlama Ortam Ekran
Gordntasu

Anket olusturma islemi tamamlandiktan sonra, kullanici
“Anketi Kaydet” butonuna basmalidir (Sekil 5(3)). Bu adimin
ardindan, sistemde bir anket olusturulmaktadir ve kullanici
tarafindan tanimlanan e-posta adreslerine bagl kullanicilar, giris
yaptiktan sonra ilgili anketi ana sayfalarinda
goruntuleyebilmektedir. Kullaniciya tanimlanmis olan anket
uygulamasi, Sekil 3’de verilmis olan ekranda yer almakta olup,
kullanict bu ekrandaki ilgili buton araciligiyla anket formunu
goruntuleyebilmekte ve anketi doldurmaya baslayabilmektedir.
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Sekil 6. Gelistirilen Anket Hazirlama Uygulamasi Anket Ekram-1

Gelistirilen uygulamanin Sekil 6’da gorilen ekraninda
ise, yalnizca kendilerine anket yetkisi tanimlanmis olan
kullanicilarin  ilgili anketi tamamlayabilmeleri ve anket
maddelerine  verdikleri yamtlar1  goruntileyebilmeleri
mumkundir. “Kullanict Ekle” ve “Anketi Sil” gibi butonlar ise
yalnizca anketi olusturan kullaniciya ait e-posta hesabi ile giris
yapildiginda gorintilenmektedir. Gelistirilen uygulamanin bu

53



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

0Ozelligi anketin 6zgiinliigiinii korumayt, katilimeilarin verilerinin
gizlilik ve giivenligini saglamay1 amaglamaktadir.

i

Sekil 7. Gelistirilen Anket Hazirlama Uygulamasi Anket Ekrani-1

Sekil 7 (1)’ de gelistirilen uygulama i¢in bir anket giris
ekran1  goriinmektedir. Bu ekranda katilimcilar  anket
madde/sorularin1  yanitlayabilmekte ve “GoOnder” butonu ile
anketi tamamlayabilmektedir. Islem bitiminde Sekil 7 (2) ’de
bulunan ekran gorunmekte ve bu ekranda “Cevaplart Gor”
butonuna basan katilimci, kendi yamitladigi anket madde/
sorularinin siklarini goriintiileyebilmektedir. Kullanicinin Sekil 7
(2)° deki ekranda “Cevaplari Indir” butonuna basmasi ile bir
popup bildirimi ekrana gelmektedir. Bu da cevaplari sadece
anketi  olusturan  kullanicinin  indirebilecegi  anlamim
tagimaktadir.
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Sekil 8. Gelistirilen Anket Hazirlama Uygulamasi Olusturucu
Ekram

Sekil 8 de gelistirilen uygulamanin anket olusturucu
ekraninin goriintiisii verilmektedir. Anketi olusturan kullanici
ekraninda Sekil 8 (1)’de “Kullanici Ekle” ve “Anketi Sil”
butonuna basilabilmektedir. Ayrica Sekil 8 (2)’de goriildigi
Uzere anketi olusturan kullanici “Cevaplari Indir” butonu ile
ekranin altinda popup bildirimi ile “CSV dosyasi Downloads
klasoriine kaydedildi” uyarisim1  almaktadir.  Gelistirilen
uygulamada bu islemle anket yanitlar1 cihazin indirilenler
klasoriine “.csv” formatinda kaydedilebilmektedir.

Sekil 9> da “.csv” formatinda indirilen anket yanitlari
ornek olarak gorilmektedir.
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Sekil 9. Gelistirilen Anket Hazirlama Uygulamasi .csv Formati
Anket Yanitlar1 Ekrani

4. SONUC

Bu calismada, Android isletim sistemi kullanilarak bir
Anket Hazirlama Uygulamasi gelistirilmis, mobil uygulama
gelistirme siireci teorik ve pratik yonleriyle degerlendirilerek,
uygulamanin asamalar1 hakkinda bilgi verilmistir. Gelistirilen
Anket Hazirlama Uygulamasiin kullanici arayiizii, kodlama
stireci ve platform se¢imi detayli bicimde sunulmustur.

Calisma uygulamasi, Android’ in acik kaynak yapisi,
diisiik yayin maliyetleri ve esnek gelistirme araglar1 sayesinde
bireysel gelistiriciler i¢in uygun bir platform oldugunu destekler
niteliktedir. Gelistirilen Anket Hazirlama Uygulamasi ile ayrica,
“.csv” formatinda anket sonuglarini indirilerek kolaylikla Python,
R, SPSS gibi programlama ve hazir yazilimlarla entegre veri
analizi imkan1 da sunabilmektedir. Boylece gelistirilen uygulama
sadece kullanic1 deneyimi saglamakla kalmayip bilimsel anlamda
veri toplama ve istatistiksel analizlerin de etkili bicimde
kullanilabilecegini gostermektedir.
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Mobil uygulamalarin ¢esitli giivenlik 6nlemleri sayesinde,
herhangi bir dis yazilim sirketine ihtiyag duyulmadan kurumlar
icerisinde de glvenli ve esnek bir kullanim imkani sunabilen bu
tir anket uygulamalarmin  gelistirilmesi ~ miimkiindiir.
Gilinlimiizde mobil cihazlarin yaygin olarak kullanilmasi,
anketlere erisimi kolay ve hizli hale getirmistir. Gelistirilen Anket
Hazirlama Uygulamasi’ nin bu anlamda bir 6rnek oldugunu ve
Android tabanli uygulamalarin hem teknik beceri gelistirme
acisindan hem de veri bilimi siireclerine katki sagladigim
sOylemek mimkunddr.
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EKLER
EK-1: Veritabanina Kullanic1 Kaydetme
private fun saveUserToFirestore() {
val auth = FirebaseAuth.getInstance()
val db = FirebaseFirestore.getInstance()
val currentUser = auth.currentUser
if (currentUser = null) {
val user = hashMapOf(
"uid" to currentUser.uid,
"email" to currentUser.email,

"name" to (currentUser.displayName ?: "Anonim Kulla-
nict")

)
db.collection("users™).document(currentUser.uid)
.set(user)
.addOnSuccessListener {

android.util.Log.d("FirestoreUser", "Kullanici Firesto-
re'a kaydedildi.")

Toast.makeText(this, "Kullanic1 kaydedildi.", To-
ast.LENGTH_SHORT).show()

}
.addOnFailureListener { e ->

android.util.Log.e("FirestoreError", "Hata: ${e.mes-
sage}")

Toast.makeText(this, "Kullanici kaydedilemedi:
${e.message}", Toast. LENGTH_SHORT).show()
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EK-2: Veritabanina Okuma-Yazma Modeli

data class Survey(

var id: String =",

val name: String = "",

val description: String = "",

val goal: String = "",

val creator: String =",
val creatorEmail: String = ™",

val allowedEmails: List<String> = listOf(),
val questions: List<Question> = emptyList(),

val assignedUsers: List<String> = emptyList()

data class Question(

val text: String =",

val options: List<String>? = null

EK-3: CSV Formatinda Cihaza Kaydetme
try {
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val resolver = contentResolver
val contentValues = android.content.ContentValues().apply {

put(android.provider.MediaStore.MediaColumns.DISP-
LAY NAME, fileName)

put(android.provider.MediaStore.MediaCo-
lumns.MIME_TYPE, "text/csv")

put(android.provider.MediaStore.MediaColumns.RELA-
TIVE_PATH, android.0s.Environment. DIRECTORY_DOWN-
LOADS)

}

val uri = resolver.insert(android.provider.MediaStore.Down-
loads.EXTERNAL_CONTENT_URI, contentValues)

}

EK-4: Kullanici Cevaplar1 Kaydetme

private fun loadQuestions() {

layoutContainer.addView(textView)

if (question.options !'= null && question.opti-
ons.isNotEmpty()) {

val radioGroup = RadioGroup(this)
question.options.forEach { option ->
val radioButton = RadioButton(this).apply {

text = option
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radioGroup.addView(radioButton)

}

radioGroup.setOnCheckedChangeListener {
group, checkedld ->

val selected = group.findViewByld<RadioBut-
ton>(checkedld)?.text.toString()

userAnswers|question.text] = selected

}

layoutContainer.addView(radioGroup)

editText.setOnFocusChangeListener { _, hasFo-
cus ->

if (hasFocus) {

userAnswers|question.text] = edit-
Text.text.toString()

¥
¥

layoutContainer.addView(editText)

¥
val submitButton = Button(this).apply {

text = "Gonder"

setOnClickListener { submitAnswers() }

¥

layoutContainer.addView(submitButton)
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EK-5: Sorulara Sik Ekleme

private fun createOptionField(parentLayout: LinearLayout): Li-
nearLayout {

val optionLayout = LinearLayout(this).apply {
orientation = LinearLayout. HORIZONTAL
¥
val editText = EditText(this).apply {
hint = "S1k"

layoutParams = LinearLayout.LayoutParams(0, LinearLa-
yout.LayoutParams.WRAP_CONTENT, 1f)

¥

val removeButton = Button(this).apply {
text = "Sil"
setOnClickListener {

parentLayout.removeView(optionLayout)

¥

optionLayout.addView(editText)
optionLayout.addView(removeButton)

return optionLayout
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EK-6: Cevaplar1 Veritabanindan Cekme

private fun fetchAnswersForSurvey(surveyld: String, onSuc-
cess: (List<Map<String, Any>>) -> Unit) {

db.collection("answers").whereEqual To("surveyld", surve-
yld).get()
.addOnSuccessListener { result ->
val answers = result.map { it.data }
onSuccess(answers)
}
.addOnFailureListener { e ->

Toast.makeText(this, "Cevaplar alinamadi: ${e.mes-
sage}”, Toast. LENGTH_SHORT).show()

}

EK-7: Kullanicitya Atanmis Anketleri Veritabanindan Cekme
private fun loadSurveys(userEmail: String) {

Log.d(""SurveyDebug", "Kullanicinin atanmis anketleri yiikle-
niyor: $userEmail")

db.collection(*'surveys")
.whereArrayContains("allowedEmails", userEmail)
.get()
.addOnSuccessListener { result ->
surveyList.clear()

for (doc in result) {

try {
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val survey = doc.toObject(Survey::class.java).apply

id = doc.id
}
surveyList.add(survey)

Log.d("SurveyDebug", "Anket yiiklendi: ${sur-
vey.name}")

} catch (e: Exception) {

Log.e("SurveyError", "Anket yiiklenirken hata:
${e.message}")

}

¥
if (surveyList.isEmpty()) {

Toast.makeText(this, "Size atanmis anket buluna-
mad1.", Toast. LENGTH_SHORT).show()

¥
adapter.notifyDataSetChanged()
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DATA AUGMENTATION IN IMAGE
CLASSIFICATION USING DEEP LEARNING

Fatma CAKIROGLU!
Rifat KURBAN?

Ali DURMUS?

Ercan KARAKOSE*

1. INTRODUCTION

Analyzing data sets containing large amounts of data
using traditional methods and algorithms is quite difficult [1].
Recent years have witnessed a sharp rise in data-science research,
spurred by the need to extract insight from ever-expanding
datasets. This growth has drawn renewed attention to allied
notions data mining, machine learning (ML), artificial
intelligence (Al), and deep learning (DL). At its broadest level,
Al concerns the design of computational systems capable of
mimicking human cognitive abilities. ML occupies the next tier,
enabling those systems to infer patterns autonomously by
harnessing computational power and algorithms. DL sits one

1 Lecturer Fatma Cakiroglu, Kayseri University, Collage of Information
Technologies, Kayseri, Turkiye, fatmacakiroglu@kayseri.edu.tr, ORCID:0000-
0001-9794-4996.

2 Assoc. Prof. Dr. Rifat Kurban, Abdullah Gul University, School of Engineering,
Department of Computer Engineering, Kayseri, Trkiye, rifat.kurban@agu.edu.tr,
ORCID: 0000-0002-0277-2210.

3 Assoc. Prof. Dr. Ali Durmus, Kayseri University, Faculty of Engineering,
Architecture and Design, Dept. of Electrical & Electronics Engineering, Kayseri,
Turkiye, alidurmus@kayseri.edu.tr, ORCID: 0000-0001-8283-8496.

4 Prof. Dr. Ercan Karakdse, Kayseri University, Faculty of Engineering, Architecture
and Design, Dept. of Basic Sciences, Kayseri, Turkiye, ekarakose@Kkayseri.edu.tr,
ORCID: 0000-0001-5586-3258.

67



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

level deeper as a specialised branch of ML, employing layered
neural networks to learn hierarchical data representations. Thus,
ML functions as both a subset of Al and a superset that subsumes
DL. Figure 1 illustrates this nested hierarchy, positioning DL
within ML and ML within the overarching domain of Al [2].

Artificial Intelligence

Machine Learning

/ \
|  DeeplLearning |

AN s

Figure 1. showing the connection between artificial intelligence,
machine learning, and deep learning

Deep learning is a form of artificial intelligence built upon
artificial neural networks that emulate the structure and function
of the human brain. While it is technically a subset of machine
learning, deep learning distinguishes itself through its use of
multi-layered architectures that enable the automatic extraction of
complex features from data. These deep neural networks can learn
hierarchical representations without the need for manual feature
engineering, making them particularly effective for tasks
involving large-scale and high-dimensional data such as image
recognition, natural language processing, and speech analysis.
Deep learning eliminates some of the data preprocessing
associated with typical machine learning and can take and process
data such as text and images. As a result, it automates feature
extraction, eliminating some of the dependence on experts. While
deep learning is scalable with larger volumes of data, machine
learning is limited to shallow learning after reaching a certain
level, and adding more new data makes no difference. In recent
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years, computer vision has achieved significant advancements in
various fields such as image processing, face recognition, object
recognition[3], autonomous vehicles; computer vision in
unmanned vehicles, healthcare; disease diagnosis and feature
extraction [4], robotics [5], agriculture, manufacturing, finance
[6], speech recognition[7] and bioinformatics[8, 9]. Deep learning
models have the ability to extract meaningful features from large
data sets. [10]. In deep learning, algorithms can be supervised or
unsupervised. [11, 12]. Deep learning algorithms are primarily
based on a convolutional neural network model. Convolutional
neural networks, which form the basis of deep learning
architecture, combine in different ways to form the basis of
modern deep learning architectures. The first deep learning
architecture in the literature, “Neokognitron,” was proposed by
Fukushima in 1979. With the artificial neural network he named
Neokognitron, the foundation was laid for convolutional artificial
neural networks, which are now widely used in image analysis.
[13]. Jirgen Schmidhuber also first proposed the long short-term
memory (LSTM) model in 1997. The basic concept of LSTM is
Cell State and the various gates it uses. It is one of the most
important studies that contributed to the popularity of the field of
“Deep Learning.”[14]. Yann LeCun used the “LeNet” network to
classify handwritten digits (MNIST) by applying convolutional
networks together with backpropagation. Yann LeCun developed
a gradient-based learning algorithm and combined it with the
backpropagation algorithm. [15, 16]. Fei-Fei Li created the
ImageNet database in 2009 for researchers, educators, and
students. This system contains approximately 15 million data
points, which users can utilize to design learning models. [17]. In
the context of artificial neural networks, the term “deep learning”
was first introduced in 2000 by Igor Aizenberg and his
colleagues. [18]. In a seminal 2006 publication, Geoffrey Hinton
introduced a groundbreaking approach for training deep
feedforward neural networks. He demonstrated that each layer of
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the network could be effectively pre-trained in an unsupervised
manner using a restricted Boltzmann machine (RBM), allowing
the network to learn meaningful feature representations layer by
layer. Following this unsupervised pre-training phase, the entire
network could then be fine-tuned using a supervised
backpropagation algorithm. This method addressed several
challenges associated with training deep architectures,
particularly issues related to vanishing gradients and poor
convergence, and marked a pivotal moment in the resurgence of
deep learning research. [19]. With advancements in GPU
(Graphics Processing Unit) technology, it has become feasible to
train deep neural networks from scratch without the need for pre-
training. GPUs are specifically designed to handle parallel
processing tasks efficiently, making them well-suited for rapid
computation of high-resolution images and videos. As specialized
hardware for graphical computations, GPUs significantly
accelerate the training process of deep learning models.
Leveraging this capability, Ciresan and his collaborators applied
deep learning architectures directly—without pre-training—to
domains such as traffic sign recognition, medical image analysis,
and handwritten character classification, achieving notable
performance improvements across these tasks. [20, 21]. Deep
learning is primarily based on training classified attributes related
to data. Therefore, low-level attributes are combined to form an
attribute hierarchy containing higher-level attributes. To
summarize how deep learning works: [22];

1. The problem is defined

2. The daha set to be used is determined.

3. The Deep Learning algorithm is determined.
4

The selected algorithm is trained with the specified
data.
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5. The trained algorithm is tested with the data set aside
for testing.

Effective deep learning modeling relies on both a
substantial dataset and a capable algorithm to process it. In such
applications, the size and variability of the dataset are key
determinants of model performance. Generally, as the dataset
grows, so does the model’s ability to learn meaningful patterns.
However, this growth also leads to increased training time and
larger model sizes. Importantly, quantity alone is not enough—
diversity within the data is equally critical. A more varied dataset
enables the model to generalize better across different scenarios.
Still, performance gains from additional data tend to plateau; after
a certain threshold, improvements become marginal. In image-
based tasks, a few dozen or even hundreds of samples per class
are rarely sufficient. For reliable learning, at least several
thousand samples per class are typically required. When working
with a limited dataset, deep learning may not be the most
appropriate solution unless measures are taken to enhance the
data. In such cases, synthetic data generation through data
augmentation becomes essential to increase both the size and
diversity of the training set.

2. DATA AUGMENTATION IN DEEP LEARNING

In deep learning workflows, effective model training
necessitates dividing the dataset into distinct subsets: a training
set and a test set. The training set is used to iteratively pass data
through the network, during which the model parameters are
continuously adjusted to optimize performance toward the
desired output. Upon completion of the training phase, the test set
is employed to objectively assess the generalization capability of
the trained model. Deep learning algorithms typically require
large volumes of data to mitigate overfitting—a condition in
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which the model becomes overly tailored to the training data and
fails to perform adequately on unseen inputs. This issue is
particularly pronounced in image analysis tasks, where acquiring
sufficiently large and diverse datasets can be difficult. To address
these limitations, data augmentation techniques are widely
utilized to synthetically expand the training set, thereby
enhancing its variability and enabling more robust and
generalizable model learning [23]. Data augmentation refers to a
suite of synthetic data—generation strategies that enlarge and
enrich image datasets via intentional transformations. By
broadening the variety of training samples, these techniques boost
model robustness and generalisation, curbing overfitting—an
especially critical benefit when data are scarce. Early deep-
learning work such as LeNet-5 already employed image-
distortion tricks to recognise handwritten digits. Since then, the
field has grown: Mikotajczyk et al. tackled limited-data
challenges by augmenting with traditional operations (zoom,
crop, rotate, histogram tweaks) and by comparing them with a
Style-Transfer-based approach. Their contribution introduced
style-transfer augmentation to the literature, merging the source
image’s content with alternate visual styles to yield perceptually
rich, synthetic examples. These high-quality composites can be
used for network pre-training, ultimately improving learning
efficiency and final performance. [24]. Jakub Nalepa has
conducted a research study to synthesize high-quality synthetic
brain tumor data that could improve the generalization
capabilities of deep learning models [25]. Shorten and
Khoshgoftaar present an extensive survey of image-based data-
augmentation strategies for deep learning, encompassing
geometric  manipulations, image blending, colour-space
adjustments, random erasure, feature-space perturbations,
generative adversarial networks (GANS), kernel filters, neural
style transfer, adversarial training schemes and meta-learning
frameworks. Their analysis devotes particular attention to GAN-
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driven augmentation, elucidating implementation details and
benchmarking its impact across multiple computer-vision tasks.
[26]. A different study on GAN applications in radiology is
discussed by V Sorin [27]. Another study focusing on different
data augmentation techniques to reduce the overfitting problem
was done by Cherry Khosla [28]. In their study, Khosla et al.
categorized data augmentation techniques into two primary
groups: synthetic oversampling methods and data warping
strategies. They evaluated the impact of various augmentation
approaches—including GAN/WGAN-based generation, flipping,
rotation, cropping, shifting, and noise injection—on image
classification performance within a deep convolutional neural
network framework. The experiments were conducted using
AlexNet as a pre-trained backbone model, and assessments were
carried out on subsets of the CIFAR-10 and ImageNet datasets,
following the dataset configuration outlined by Jia Shijie et al.
This investigation provided valuable insights into how different
augmentation techniques influence model accuracy and
robustness in image classification tasks [29]. The "Smart
Augmentation” method, introduced to the literature by oseph
Lemley and his colleagues, is an innovative data augmentation
strategy proposed to reduce the overfitting problem and increase
the accuracy of the target model. This approach is based on an
auxiliary network architecture that works integrated with the
training process of the target network and learns to produce
augmented data samples in a way that minimizes the loss of the
network directly. In other words, the augmentation process is
transformed into a learnable process instead of being predefined
with fixed transformations. Thus, the generated data samples are
dynamically adapted to increase the generalization capacity of the
target model. As a result of the experimental studies, the Smart
Augmentation method has provided statistically significant
accuracy increases on various data sets and has demonstrated the
potential to improve the generalization performance of the model.
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In this respect, the method, unlike classical data augmentation
techniques, offers a framework that optimizes the augmentation
process specific to the learning task [30]. In studies on data
augmentation techniques, various innovative approaches have
been proposed that aim to overcome the limitations of classical
transformation-based methods. In this context, the Random Local
Rotation method developed by Alomar et al. stands out as a
remarkable strategy that contributes to the image-based data
augmentation literature. The method in question offers an
augmentation mechanism based on randomly selecting the
positions and sizes of circular regions on the image and rotating
these regions with random angles. Its parameter-free structure and
high applicability allow the method to be evaluated as both a
simple and effective augmentation strategy. Alomar and his team
developed this approach specifically to prevent distortions and
irregularities that traditional rotation methods may cause at image
boundaries. Since the random local rotation strategy affects only
local regions instead of rotating the entire image, it largely
preserves the structural integrity of the original image while also
making the model more robust against local transformations. In
this respect, the method offers an alternative and effective data
augmentation approach that can be used to increase the
generalization ability of the model, especially under limited data
conditions [31]. Two new solutions to the overfitting problem
encountered in small-scale datasets have been proposed by Nanni
et al. The first of these solution methods is based on the Discrete
Wavelet Transform (DWT) that enables multi-resolution analysis
of image features, while the other one uses the Constant-Q Gabor
Transform (CQT) that provides finer control over frequency
resolution. Both transformation methods aim to reduce the risk of
overfitting by supporting CNN-based models to learn more robust
and generalizable representations on small datasets [32]. Another
recent study on data augmentation involves the use of different
imaging methods (mammaography, fundoscopy, MRI, and CT) in
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different organs (breast, eye, brain, and lung) to investigate
augmentation techniques aimed at improving the performance of
deep learning-based disease diagnosis. [33]. Conventional data-
augmentation still leans on hand-crafted transformations.
Although they can markedly boost a model’s predictive power,
choosing the right mix of augmentations is a painstaking, trial-
and-error chore: the space of possible parameter settings is
effectively endless. Even when no hard limits are imposed on how
far an image can be altered, achieving strong results without
exhaustive experimentation is unlikely. To relieve this burden,
several algorithmic, fully automated solutions have emerged in
recent years [34]. Because the “best” augmentation often depends
on the dataset’s content, experts traditionally tailor the pipeline
by eye—a subjective process prone to missteps. Automatic Data
Augmentation (AutoDA) techniques [35, 36] sidestep that
subjectivity by learning augmentation policies directly from the
data. Their objective is simple: discover the transformation
strategies that push model performance to its peak. The
augmentation methods reviewed here are organised in Section 3.

3. CLASSIFICATION OF DATA
AUGMENTATION METHODS

Image data augmentation methods aim to improve both
the quality and quantity of data sets so that models can be trained
more effectively [26]. Data augmentation methods can be broadly
categorized into two main types: traditional data augmentation
methods and automatic data augmentation methods. Figure 2
shows the classification of data augmentation methods.
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Image Data Augmentation Techniques

Deep Learning Based'
Methods

—{ Traditional Methods

il Geometric GAN Data

Transformation AlUgmentation ]
Transformation in Combination Based
Color Space Methods

Figure 2. Classification of image data augmentation techniques
3.1. Traditional Data Augmentation Methods

Traditional data augmentation typically converts existing
images into a new form while preserving the original label of the
image. [26]. These techniques can be implemented through a
variety of image processing strategies, such as geometric
manipulations, color space alterations, or a blend of both. Figure
3 illustrates examples of classical data augmentation methods
applied to a sample image from the Lytro dataset, showcasing
how these transformations modify the original input while
preserving its semantic content [37].

Eoiated

QOrijinal image

Rotatedly Transhated Flipped

Figure 3. Some Traditional Data Augmentation Methods
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3.1.1. Geometric Transformation Methods

The simplest way to start increasing image data is to use
geometric transformation functions such as image rotation or
scaling [35]. When starting to enhance image data, applying basic
geometric transformations such as rotation, rescaling, and
reflection are the most common and simplest methods [38].
Transformations that carry the risk of changing label information
are not considered safe data augmentation methods. In this
context, geometric transformations that preserve basic structural
information are considered more favorable in terms of label
consistency. However, applying the selected operation may not
always be safe. Geometric data augmentation methods are
described below.

3.1.1.1. Cropping

In particular, the cropping method applied to make images
of different resolutions suitable for training is both an effective
preprocessing step that normalizes spatial dimensions and a
fundamental data augmentation strategy. Cropping reduces
spatial information by removing a specific region from the image,
unlike other augmentation methods such as geometric translation,
which reduce image dimensions. This situation carries the risk of
not preserving the class label after the transformation. Therefore,
cropping does not always have the property of label-preservation.
In the training process, fixing the dimensions of the input data is
necessary for subsequent convolution and matrix operations. In
this context, one of the important methods in the literature is
RICAP (Random Image Cropping and Patching). The RICAP
method, developed by Takahashi and colleagues, creates a new
training example by combining patches randomly cropped from
four different images. This technique not only increases example
diversity but also integrates a soft labeling approach by
proportionally blending the class labels of each patch. This
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enhances the model's overall performance while reducing the
potential for overfitting. RICAP has improved the model's
generalization ability by creating a geometric transformation
effect and distributing class representations within data
augmentation strategies [39].

3.1.1.2. Rotation

It is a commonly used data augmentation technique that
involves rotating the image to the right or left at a specific angle
between 1° and 359° on an axis. The security of data
augmentation methods based on transformation depends largely
on the parameters that determine the degree of transformation
applied. Operations with large rotation angles are generally
unsafe, while a slight rotation between 1° and 20° can be useful
for most image classification tasks. Low-degree rotations may be
safe in digit recognition tasks such as MNIST and SVHN.
However, as the rotation degree increases, it becomes unsafe. For
example, in the MNIST and SVHN digit recognition tasks, if the
digit 6 is rotated by 180 degrees, there is a possibility that it may
be confused with the digit 9 [40].

3.1.1.3. Flipping

It is one of the easiest data augmentation techniques to
implement. Horizontal and vertical flipping can be performed.
Horizontal flipping is more commonly used. It is a different
technique from rotation data augmentation because it produces
mirror images. This method is an effective augmentation
technique for CIFAR10-CIFAR100 and ImageNet datasets.
However, it is not a label-preserving method for datasets
containing text recognition, such as MNIST or SVHN [41].

3.1.1.4. Translation / Shifting

It is the displacement of all pixels in the image in a specific
direction (right, left, up, or down). This transformation increases
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the model's ability to recognize objects in different positions by
changing the position of the object in the image [42].

3.1.1.5. Cutout

Cutting is a data augmentation strategy that involves
masking one or more randomly selected regions within an image,
typically by filling them with zeros or a constant color value. This
approach reduces the model’s reliance on specific visual features,
thereby enhancing its ability to generalize across varying
conditions. It is particularly effective in scenarios involving
object occlusion, where portions of the target object are obscured,
partially blocked by other elements, or only partially visible. By
simulating such occlusion during training, the model becomes
more robust to real-world variations in visibility. Furthermore,
this technique can be combined with other augmentation
methods—such as geometric distortions or color-space
modifications—to further enrich the training dataset and improve
the model’s resilience to diverse visual contexts [43].

3.1.1.6. Scaling/ Zooming

Scaling is the process of enlarging or reducing the
dimensions of an image. This process creates an effect as if the
distance between the object and the camera is changing. When
used for data augmentation, it enables the model to learn to
recognize objects at different scales [24].

3.1.2. Transformations in Color Space

Within the scope of data augmentation strategies,
transformations performed in color space involve various changes
made to the color components of images. These transformations
are applied through the manipulation of visual qualities such as
brightness, contrast, saturation, and tone. Since digital images are
typically represented as three-dimensional tensors (height x width
x color channels), enhancement operations performed on color

79



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

channels stand out as computationally efficient and highly
applicable methods. Simple color enhancement techniques are
typically performed by isolating a single color channel (e.g., red,
green, or blue). This process can be easily implemented by
replacing the other channels with a zero matrix. Additionally, the
brightness of images can be adjusted through basic matrix
operations on RGB values. More advanced approaches involve
analyzing the color histograms of the image, thereby enabling a
richer color variation. However, since color transformations can
alter the structural content of the image, they cannot always be
considered label-preserving transformations. Therefore, such
enhancement methods must be applied with caution during the
model training process [28].

3.1.2.1. Brightness

Brightness change is a color space-based data
augmentation method that increases or decreases the brightness
level of all pixels in an image. It ensures that the model performs
well under different lighting conditions. The goal is to simulate
different lighting conditions and allow the model to adapt to such
variations. It affects all color channels equally [28].

3.1.2.2. Contrast

Contrast enhancement is a color space-based data
augmentation method that increases or decreases the difference
between colors and lights in an image. This process controls the
difference between dark and light areas in the image and enables
the model to perform better under different lighting conditions
[26].

3.1.2.3. Saturation

Saturation adjustment is a color space-based data
augmentation method that increases or decreases the vividness of
colors in an image. Saturation indicates the intensity of a color;
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colors with high saturation are very vivid and bright, while colors
with low saturation are dull and grayish [26].

3.1.2.4. Grayscale

During data augmentation, it aims to increase the model's
color-independent generalization ability by completely or
partially removing the color information from the image. This is
particularly useful in data sets with a lot of color variation [26].

3.1.2.5. RGB Channel Mixing

RGB Channel Shuffling is the process of mixing or
randomly changing the color channels (red, green, blue) in an
image during the data augmentation process. This technique
reduces the model's dependence on the order of colors by
breaking the dependency between color components in the image,
thereby improving its generalization ability.

3.1.2.6. Kernel Filters

In image processing, instead of directly changing pixel
values in the color space, these values are usually manipulated
indirectly through kernel filters. Kernel filters are matrices
consisting of specific numerical weights that are much smaller in
size than the input image, and the values of these weights
determine the function performed by the filter. These filters are
applied to the image by performing a convolution operation on
the entire image using a sliding window method. The new pixel
values of the output image are calculated as a result of matrix
multiplications performed on the obtained local regions. Among
the most commonly used kernel filters are blurring and
sharpening filters. For example, a Gaussian-based blurring filter
reduces high-frequency details in the image, providing a lower-
resolution and less noisy representation. This can enhance the
model's ability to handle low-quality or low-resolution images.
On the other hand, sharpening filters can support the model's
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ability to learn more distinctive features by highlighting edges
and details in the image. Such filter-based transformations play a
significant role in increasing data diversity and making the model
more resilient to different image conditions [44].

3.2. Deep Learning-Based Methods

Deep learning-based image data augmentation methods
use more advanced and learning-based methods, in addition to
traditional data augmentation techniques, to enable the model to
learn in a more robust and generalizable manner. These methods
generate more data by making feature-based changes to images
and enable learning richer representations of the data. Deep
learning-based methods are explained in the subheadings below.

3.2.1.GAN (Generative Adversarial Networks)

Generative Adversarial Networks (GANs) are deep
generative architectures built around two mutually adversarial
components: a generator, tasked with synthesising plausible
samples that emulate the true data distribution, and a
discriminator, charged with distinguishing these synthetic outputs
from genuine observations. Through an iterative, game-theoretic
training procedure, the discriminator’s feedback progressively
drives the generator toward producing increasingly realistic data.
Owing to this capacity, GAN-based augmentation has become a
prevalent strategy for expanding training sets and enhancing the
generalisability of deep-learning models particularly when data
are scarce or class distributions are imbalanced. By capturing
intra-class variability, GANs can create high-fidelity synthetic
images that mirror the statistical properties of the originals.
Beyond data augmentation, GANSs also excel in core probabilistic
tasks such as approximate inference and maximume-likelihood
estimation, underscoring their versatility as one of the foremost
frameworks in deep generative modelling [45]. GANs offer
certain advantages for efficiently generating desired samples
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[27]. Among the notable advantages of Generative Adversarial
Networks (GANS) is their capacity to generate more realistic
outputs compared to autoregressive models. Furthermore, GAN
architectures integrate seamlessly with deep neural networks and
can be effectively combined with other deep learning
frameworks. In this context, Hung has explored the application of
data augmentation techniques—particularly the use of GANs—in
generating high-quality and diverse synthetic imagery. His study
offers a comprehensive analysis of advanced GAN architectures,
with a focus on models that leverage one-to-one and many-to-
many image mapping schemes. These innovations aim to enhance
the flexibility and realism of synthetic data generation, further
solidifying GANs as a powerful tool in data augmentation and
representation learning [46]. The role of GANs in advancing
artificial intelligence in the agriculture and food sectors has been
researched by Yuzhen Lu [47]. Since acquiring large image
datasets in medical imaging is costly, synthetic data generation is
often preferred. Mantegna and colleagues used the GAN method
to augment medical images. This method has been quite
successful with small datasets [48]. Another study that created a
synthetic data set by applying a GAN-based augmentation
technique to a limited MRI data set was introduced to the
literature by Chang Qi and his team

3.2.2.Data Augmentation with Self-Supervised
Learning

Self-supervised learning is a training paradigm designed
to enable models to learn informative representations by
leveraging inherent structural patterns within the data itself,
without relying on externally provided labels. This approach
serves as a robust and adaptable alternative, particularly in
contexts where labeled data are scarce. It plays a pivotal role in
both data augmentation and representation learning, allowing
models to extract semantically meaningful features through
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pseudo-labels or pretext tasks derived directly from the raw input.
Consequently, self-supervised methods significantly reduce
dependency on manual annotation.

In contrast, semi-supervised learning seeks to enhance
model performance by combining a small set of labeled data with
a large corpus of unlabeled data. By exploiting the intrinsic
structure present in the unlabeled portion, this approach facilitates
the learning of more generalizable and robust feature
representations. Semi-supervised learning is especially valuable
in practical settings where labeling is costly or time-consuming,
offering a pragmatic solution to bridge the gap between
supervised and unsupervised learning [49]. In many real-world
applications, obtaining large-scale, balanced labeled datasets is
costly, time-consuming, and often impractical. In this context,
while unlabeled data is a widely available resource, it typically
requires expert knowledge and manual labeling to be used
directly in supervised learning processes. Semi-supervised
learning is a learning paradigm that aims to improve model
performance by combining labeled and unlabeled data in
situations where there are a limited number of labeled examples.
This method is based on a combination of supervised and
unsupervised learning, involving first training the model with
labeled data, then having the trained model make predictions on
unlabeled data to produce pseudo-labels, and finally
incorporating this data back into the training process. Semi-
supervised classification methods are particularly critical in
scenarios where labeled data is insufficient. These approaches can
enable the learning of more generalizable and discriminative
representations by leveraging the structural information
contained in unlabeled data. Additionally, large-scale unlabeled
datasets can significantly improve classification performance
when used as auxiliary representations. Semi-supervised learning
techniques have become a fundamental component in many
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modern machine learning systems aiming to achieve high
accuracy rates despite low-labeled data costs [50]. A system that
automatically learns the most appropriate data augmentation
policies for self-supervised learning (SSL) methods working on
unlabeled data has been introduced to the literature by CJ Reed
and colleagues. In this study, transformation estimation is used as
a self-supervised task. The image is rotated at certain angles. The
model predicts the direction in which the image is rotated. The
policies learned with SelfAugment have yielded better results in
linear evaluation (linear classification) performance compared to
classical augmentation methods [51].

3.2.3.Variational Autoencoders (VAE)

Variational Autoencoders (VAE) learn probabilistic
representations of data and then generate new data samples from
these representations. VAE generates different variations of
images by using variations of the learned representations. Quentin
Chadebec and colleagues proposed a geometry-based Variational
Autoencoder (VAE) method for image data augmentation in
high-dimensional but low-sample-size datasets (HDLSS — High
Dimensional Low Sample Size), and this proposed method was
tested on MRI images and proved to be quite successful in models
working with limited data [52]. Yamini Madan and colleagues
used MRI data to diagnose Parkinson's disease and created new
synthetic MRI images using the Variational Autoencoder data
augmentation method. With this method, they produced synthetic
data and improved classifier performance by approximately 6%
[53].

3.2.4.Style Transfer

Style Transfer combines the content of one image with the
artistic style of another image. This method allows images to be
diversified with different styles. Style Transfer typically works
between two main components: Content Image: This is the
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original data and the image to which style transfer will be applied.
Style Image: This is the artistic style or visual style image that
will be applied to the content image. Jackson and his colleague
proposed a method that enhances robustness against domain shift
in both classification and monocular depth estimation tasks by
generating texture, color, and contrast variations through random
style transfer. When combined with classical augmentations, the
method yields better results [54]. A study aimed at performing
image data augmentation using neural style transfer (NST)
methods has been presented to the literature by Borijan
Georgievski. This study has succeeded in improving
classification performance by enriching the style variations of
existing data sets. Training with augmented data has reliably
improved CNN performance [55].

3.3. Combination-Based Methods

Combination-based image data augmentation techniques
aim to create new and diversified data samples by combining
different data manipulations. These methods can be more
powerful than a single data augmentation technique because the
combination of multiple transformations enables the model to
learn more generally and robustly. Combination-based data
augmentation offers significant advantages, especially when
working with limited datasets. Chengtai Cao and colleagues
conducted a comprehensive analysis of an important subset of
data augmentation techniques called Mix-based Data
Augmentation (MixDA), which generates new examples by
combining multiple examples, and presented their findings in the
literature [56]. Another study that comprehensively investigates
combination-based data augmentation methods used in image
processing and deep learning and their strategies was conducted

by Lewy [57].
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3.3.1.Mixup

Mixup creates new images by mixing images and labels
in a linear fashion. This technique transforms both images and
labels into a new image and label pair by mixing them. Mixup
creates a mixture in both image data and labels. Two images and
labels are selected. Both images are mixed at a random a (alpha)
ratio. The resulting new image is paired with the mixed label [58].

3.3.2. CutMix

CutMix is similar to Mixup, but here part of the image is
cut out and the corresponding part of another image is inserted.
This provides a more unique approach to creating new images. A
random area of an image is cut out. Another image of the same
size is inserted into this area. Both images are matched with
mixed labels.

3.3.3. Mixup and CutMix Combination

Mixup and CutMix can be jointly applied to develop more
advanced data augmentation strategies. While Mixup generates
synthetic samples by linearly interpolating two input images and
their corresponding labels, CutMix enhances diversity by
replacing a cropped region from one image with a patch from
another. In a combined approach, an initial Mixup operation is
followed by the application of CutMix to a specific region of the
mixed image, resulting in richer and more varied training
samples. Chanwoo Park and Sangdoo Yun conducted a unified
theoretical analysis of such mixed-sample data augmentation
techniques, including Mixup and CutMix. Their findings reveal
that these methods act as forms of pixel-level regularization
applied to the base training loss, as well as implicit regularization
of the network's first-layer parameters. Notably, this
regularization effect holds across different mixing strategies,
highlighting the robustness and consistency of mixed-sample
augmentation in improving generalization performance [59]. A
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new method called MiAMix, which stands for Multi-Stage
Augmented Mixing, has been introduced to the literature by W
Liang [60]. MiAMix integrates image enhancement into the
blending framework and uses multiple diversified blending
methods simultaneously. This method improves the blending
method by randomly selecting blending mask enhancement
methods. MiAMix is also designed for computational efficiency.

4. IMAGE DATA SETS USED IN THE TRAINING
OF DEEP LEARNING MODELS

4.1. CIFAR-10

CIFAR-10 is a dataset containing 10 classes of small color
images. This dataset is widely used in the fields of computer
vision and machine learning. CIFAR-10 contains 60,000 color
images of 32x32 pixels in size. These images are divided into 10
different categories, with each category containing 6,000 images
[61]. It includes ten different categories: car, bird, airplane, cat,
deer, dog, frog, horse, ship, and truck. The CIFAR-10 dataset is a
fundamental resource commonly used for testing and training
deep learning algorithms. Each image consists of 32x32 pixels
and three channels with RGB (red, green, blue) color channels
[61, 62]. Figure 4 shows images from the CIFAR 10 dataset.
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airplane Automobile bird

Figure 4 Some images from the CIFAR10 dataset
4.2. CIFAR-100

CIFAR-100 is an expanded version of the CIFAR-10
dataset and contains 100 different classes. The CIFAR-100
dataset, like CIFAR-10, contains 60,000 color images with a size
of 32x32 pixels. These images are divided into 100 different
categories, with each category containing 600 images. It includes
50,000 training images and 10,000 test images. The classes in
CIFAR-100 exhibit greater diversity than those in CIFAR-10 and
include more specific objects. These classes are divided into two
main groups: “Main Classes” and “Subclasses.” When working
with CIFAR-100, this dataset may require more careful and
advanced models to ensure that the classification model is more
precise and accurate due to the similarities between classes [61].
Figure 5 shows sample images from the CIFAR 100 dataset.
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Figure 5. Sample images from the CIFAR 100 dataset
4.3. IMAGENET

ImageNet is a large and comprehensive visual dataset
widely used in computer vision and deep learning research [63,
64]. ImageNet, which began in 2009 and was later expanded,
contains millions of labeled images and is considered an
important reference dataset for tasks such as object recognition
and classification. Total Number of Images: ImageNet has over
14 million images. Number of Classes: It includes 1,000 different
object categories. These categories cover living things, vehicles,
food, clothing, locations, and many other items. Image Size: Each
image is typically 256x256 pixels in size, but is often cropped to
224x224 pixels for use. ImageNet has a wide variety of
categories, such as:

e Animals: cats, dogs, birds, horses, whales, etc.

o Objects: computers, tables, telephones, bags, chairs,
etc.

o Food: apples, bananas, watermelons, pizza, etc.

« Natural objects: flowers, trees, stones, etc.
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Figure 6. Some images from the ImageNet dataset
4.4. MNIST

The MNIST dataset (Modified National Institute of
Standards and Technology) is a benchmark dataset consisting of
images of handwritten digits (0-9) that is widely used in machine
learning and especially in the field of image recognition [65].
Contains black-and-white images of handwritten digits from O to
9. Each image is 28x28 pixels (784-dimensional vector) in size.
There are a total of 70,000 data points. The training set contains
60,000 data points, and the test set contains 10,000 data points.
Each image is labeled with the digit it represents (0-9).

o

Figure 7. Images from the MNIST dataset
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4.5. COCO

The COCO dataset (Common Obijects in Context) is a
comprehensive and richly labeled dataset developed for tasks
such as object detection, image segmentation, image captioning,
and keypoint detection in the field of computer vision [66]. It has
80 object categories. It contains more than 330,000 objects. It
contains more than 1,500,000 tagged objects.

Figure 8. Images from the COCO dataset

4.6. PASCAL VOC (PASCAL Visual Object Classes)

The PASCAL VOC (Visual Object Classes) dataset is a
classic and effective benchmark dataset widely used in computer
vision and especially in tasks such as object detection,
classification, and segmentation [67]. It has 20 subcategories. It
contains approximately 11,000 images for the VOC 2012 version.

92



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

=

Figure 9. Sample images from the PASCAL VOC dataset

5. CONCLUSION

In this study, the effect of data augmentation methods on
model performance in the field of image processing and data
augmentation  techniques have been comprehensively
investigated. It is well known that deep learning-based algorithms
require large and diverse data sets to achieve high success.
However, collecting data in the real world can be costly, time-
consuming, or ethically restrictive. In such cases, data
augmentation methods offer an effective and practical solution.
Research shows that while classical data augmentation methods
enhance the model's generalization capacity, mix-based, GAN-
based, and self-supervised methods, when used in conjunction
with  deeper artificial neural networks, yield notable
improvements in accuracy. GAN-based VAE augmentation
methods have achieved successful results in synthetic data
augmentation on MRI datasets with limited data. Especially in
cases of class imbalance, few-shot learning, and domain
adaptation, data augmentation strategies significantly enhance the
model's flexibility and robustness. In conclusion, data
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augmentation is not merely a technique that enhances
performance but also a fundamental approach that enables data-
driven artificial intelligence systems to become more equitable,
sustainable, and accessible. In future studies, adaptive
combinations of different augmentation methods and learning-
based augmentation strategies will contribute to making image
processing systems more reliable.
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UNDERSTANDING 3D ROTATIONS: EULER
ANGLE CONVENTIONS FOR ESTIMATION,
NAVIGATION, AND CONTROL

Tolga OZASLAN!

1. INTRODUCTION

There are several widely used conventions for representing rota-
tions in 3D space. These include rotation matrices, Euler angles,
unit quaternions, the exponential map, and the axis-angle repre-
sentation (Diebel et al., 2006). Each of these representations of-
fers distinct advantages depending on the application context.

Among these alternatives, Euler angles are commonly used
in the estimation (Marins, Yun, Bachmann, McGhee, & Zyda,
2001), control (Mokhtari & Benallegue, 2004), and navigation
of aerial systems such as quadcopters (Ozaslan et al., 2017) and
fixed-wing platforms, owing to their intuitive construction and
ease of interpretation .

Euler angles represent a rotation in 3D as a sequence of ele-
mentary rotations about non-parallel axes. These axes correspond
to the basis vectors of either the current or fixed frame depending
on the chosen convention. For example, roll-pitch-yaw angles,
widely used in the avionics literature, parameterize the orienta-
tion of an aerial platform through its relative angle about X —y —z
basis vectors of a fixed frame (Fig. 1) (Mellinger & Kumar, 2011).
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Although Euler angles representation is easy to interpret, it
is deficient in several important respects. Euler angles suffer from
gimbal lock a phenomenon that occurs when two of the rotation
axes align (Hemingway & O’Reilly, 2018). In such a configura-
tion, one degree-of-freedom (DoF) is lost, making the platform in-
stantaneously uncontrollable along the lost dimension. Secondly,
composing multiple rotations using Euler angles is not possible
except for a few corner cases. In general configurations, Euler an-
gles must be converted into rotation matrices or quaternions for
composition, and then converted back to Euler angles. Also there
are twelve distinct conventions for composing elementary rota-
tions which might be a source of confusion if adopted conventions
are not defined clearly.

This work focuses on the use of Euler and Tait-Bryan an-
gles for representing 3D rotations, with particular emphasis on
clearly stating the conventions used in the literature and enabling
the reader to competently interpret technical documentation and
software implementations involving rotational formulations.

% (roll, ¢)

Figure 1: Roll-pitch-yaw (RPY) angles are widely used in avionics lit-
erature. This convention parametrizes the platform orientation as a se-
quence of elementary rotations applied in the xyz order with respect to
a fixed (inertial) frame.
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2. ELEMENTARY ROTATIONS

A reference frame is define through its origin and basis vectors. In
Fig. 1 a reference frame, B, is attached to an airplane body, with
the basis vector X —y — z. In kinematic and dynamic formulations,
the three basis vectors are chosen to be mutually orthogonal, i.e. x-
y=0,y-z=0and x-z = 0, and have unit norms, i.e. X - X =
y -y = z -z = 1. Lastly, the basis vectors form a right-handed
triad, i.e. XXy = 7,y xZ = Xand Z x X = y. Elementary rotations
occur about one of the basis vectors of a given reference frame.

The axis about which the rotation occurs is unaffected,
while the other two basis vectors rotate as shown in Fig. 2. We
can obtain the respective rotation matrices through observing the
coordinates of these basis vectors after rotation. For example, the
vectors y and z after rotating about X by y radians can be written,
in terms of their initial values, as

X = [1, 0, O]T Y = [0, c(7), 8(7)]T 7= [0, —8(7)70(7)]T-

(D
This relation can easily be confirmed by observing Fig. 2a. Stack-

ing these vectors side-by-side one can obtain the elementary rota-
tion matrix about the respective axis as given below

1 0 0 c(B) 0 s(B)
Ri(7) =10 c(v) —s(v)| - Ry(@B)=] 0 1 0
0 s(v) <) —=s(B) 0 c(B)

2)

where the subscripts denote the axis of rotation.
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. ;A N
y % & X

(a) x-axis (b) y-axis (c) z-axis

Figure 2: The effect of elementary rotations on the other two basis vec-
tors: from left to right, rotations about the X, y, and Z axes.

3. COMPOSING ROTATIONS

Rotations can be combined through matrix multiplication. It should
be noted that the order in which the rotation matrices are multi-
plied is important since matrix multiplication is non-commutative
except for special cases, i.e. A - B # B - A for most A and B.
As an example, consider the two elementary rotations Ry (g) and
R; (%) applied at different orders on an a reference frame initially
at identity orientation as shown in Fig. 3. The elementary rotation
matrices are

0 01 0 -1 0
s ™

Ry<§>: 0 10| , Ri(§>: 1 0 of ©

-1 0 0 0 0 1

which results in the following orientations

00 1 0 -1 0
Ry ("2)R;("2) = |1 0 O[,R;("2)Ry("2) =0 0 1
010 -1 0 0

(4)

It is evident from both geometric and algebraic perspectives that
the order in which rotations are applied is critical and may lead to
different final orientations.
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\ 7 4

(a) Rotations about y and then z.

¢ e 0\

(b) Rotations about Z and then §.

Figure 3: Consecutive elementary rotations applied on a rectangular
prism about y and z at different orders to demonstrate that rotations are
not commutative. It should be noted that the second rotation is applied
with respect to the current frame.

3.1. Intrinsic and Extrinsic Rotations

In the above discussion, although the resulting orientations dif-
fer, both compositions produce valid rotation matrices. This un-
derscores a concept of fundamental importance in rotational kine-
matics: the outcome of successive rotations depends critically on
their order. Equally important is the reference frame with respect
to which each rotation is applied. Specifically, a rotation can be
performed either relative to the fixed (inertial) frame, referred to
as an extrinsic rotation, or relative to the current (rotating) frame,
which is known as an intrinsic rotation. This distinction leads to
different interpretations and implementations, particularly in ap-
plications such as robotics, aerospace, and computer graphics.

In the case of intrinsic rotations, where each new rotation
is applied relative to the current (rotating) frame, composition is
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performed by multiplying the existing rotation matrix from the
right by the new rotation. Conversely, for extrinsic rotations,
where rotations are applied relative to the fixed (inertial) frame,
composition is performed by multiplying the new rotation from
the left.

Proof: Consider a rotation R; applied to an initial identity orien-
tation, where ¢ denotes the axis of rotation aligned with a basis
vector of the fixed (initial) frame. To apply a new rotation, R;
where 7 is a basis vector, with respect to the fixed frame, we must
virtually align the current (rotated) frame with the fixed frame be-
fore applying the new rotation.

This alignment is achieved by undoing the current orien-
tation, which can be performed by right-multiplying the current
rotation matrix by its inverse, R;!. Although this may seem triv-
ial, it allows us to apply the new elementary rotation matrix, R;,
with respect to the fixed frame (which, at that moment, is effec-
tively the current frame).

After applying the new rotation, R;, we reapply the origi-
nal orientation, R;, by right-multiplying the result with the origi-
nal rotation matrix. In total, this composition corresponds to /eft-
multiplication of the new rotation matrix onto the current orien-
tation, thereby validating the composition rule for extrinsic rota-
tions. These steps are summarized in Table 1

In order to compare the effect of order of rotations, we will
again consider the two elementary rotations Ry (g) and R; (g)
applied at different orders, but applied with respect to the fixed

frame. The resultant rotation matrices write

0 0 1 0O -1 0

Ry ("/2)R; (") = |1 0 0| R ("2)Ry ()= | 0 0 1
010 -1 0 0

®)
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Step Current Orientation Explanation
1 RO =R, Initial rotation about axis 3.
2 RO =R, R;l Undo the effect of the initial

rotation. This temporarily aligns
the current frame with the fixed

(initial) frame.

3 RO® =R; R;' R Apply a new rotation about axis
7, one of the axes of the fixed
(initial) frame.

4 RW=(R;-R;')-R;-R; Reapply the undone rotation to
restore the frame to its original
orientation before the new

rotation.
5 RW = R;R; Since R; - R;l = I, we simplify
to obtain the standard extrinsic

rotation composition.

Table 1: Steps illustrating extrinsic rotation using the logic of undoing
and reapplying previously applied rotations. Orientation at each step is
denoted by R(™) where n is the proof step.
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¢ i1

(a) Rotations about fixed y and then fixed z.

® < 4

(b) Rotations about fixed z and then fixed y.

Figure 4. Consecutive elementary rotations applied about fixed y and
fixed Z axes demonstrating extrinsic rotation.

The first equations is obtained by first applying a rotation about
fixed-z and then about fixed-y; and the second one rotating about
the fixed-y and then fixed-z. As these examples illustrate, apply-
ing rotations in reverse order under the opposite convention yields
the same final orientation.

Remark 1. Applying a sequence of rotations all in the intrinsic
convention is equivalent to applying the same sequence in reverse
order using the extrinsic convention, and vice versa. This equiva-
lence yields the same final orientation despite the differing frame
of reference.

Example: Now let’s work out a more comprehensive example
involving five sequential elementary rotations, mixing intrinsic
(current frame) and extrinsic (fixed frame) conventions. The su-
perscript on each rotation axis indicates the index of the interme-
diate frame with respect to which the rotation is applied, and the
subscript indicates the rotation axis. The initial orientation is de-

110



Akademik Perspektiften Bilgisayar Bilimleri ve Miihendisligi

noted as R(®) = T and omitted in the following calculations since
the identity rotation has no effect.

Step 1: Rotate by « about the current X-axis:

RM = RO . R0 (@)
= Rio () (6)

It should be noted that x() = x() since the axis of rota-
tion is an eigenvector with identity eigenvalue of the respective
rotation matrix, thus is not affected. In the subsequent steps, we
retain the index from the previous step as a matter of notational
consistency, even though the axis itself does not change.

Step 2: Rotate by y about the current y-axis (intrinsic rotation):

R® = RW. Ry (7)
= Ry (@) - Ry (7) (7

which is equivalent to writing

R(2) = Rf‘(l) (Oz) . Ry(l)(’y) and
= Ry (@) - Ry (7) ®)
due to the discussion in the previous step.

Step 3: Rotate by 6 about the fixed z-axis (extrinsic rotation): We
first undo the effect of the previously applied rotations, through
right-multiplication by (R(Q)) _1, apply the new elementary rota-
tion about the fixed z-axis, and then reapply the undone transfor-
mations, R®). This process is formalized as follows:

RO = R® . [(RE) Ry (0) - (R?)]

= 2(0)(9).(1((2))
= R;0 (0) - Ry (@) - Ry (7) )
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Observe that the first pair of matrices evaluated to iden-
tity and are excluded. Thus, we conclude that applying a rotation
about a fixed axis is equivalent to pre-multiplying the correspond-
ing elementary rotation matrix with the current orientation.

Step 4: Rotate by [ about the current y-axis (intrinsic rotation):

R® =R® . Ry ()
= R;0 (0) - Ryo (@) - Ry (7) - Ryes) (B) (10)

Step 5: Rotate by o about the fixed x-axis (intrinsic rotation):
R®) — R® . [(Rm)*l Ry (8) - (R(4>)}

= R0 (6) - Ry0) (0) - Ry () - Ry (7) - Ry (B)  (11)

The resultant rotation matrix in Eqn. 11 could have been
obtained through other rotation sequences. One possible such se-
quence is composition of intrinsic elementary rotations about the
axes and angles as they appear in Eqn. 11. That is, rotation about
X by 9, then z by 6, then X by «, then y by ~y and finally about y by
S radians, all with respect to the current (rotating) frame gives the
same orientation. These observations will be useful when we dis-
cuss different Euler angle conventions in the subsequent sections.

4. EULER AND TAIT-BRYAN ANGLES

Leonhard Euler, in his seminal work in 1776, states that orienta-
tions of rigid bodies in three dimensional space can be represented
using successively applied three elementary rotations about coor-
dinate axes (basis vectors) (Pio, 1966). Euler primarily studied
the zxz sequence where the angles about each axes are called yaw
(¢), nutation (¢) and precession (¢). Structures with the first and
the last axes being equal are commonly referred to as a proper Eu-
ler angle sequence, and the elementary rotations are applied with
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respect to the current frame unless otherwise is explicitly stated.
Proper Euler angle are widely used in application areas such as
classical and celestial mechanics, and analytical dynamics.

Later in the late 19*" and early 20" centuries, researchers
Peter Guthrie Tait and George Hartley Bryan proposed variations
with distinct axes of rotations. Tait and Bryan extensively stud-
ied the xyz sequence which is now referred to as roll-pitch-yaw
angles. Angles are usually represented with symbols ¢ — 6 — ).
Sequences with distinct axes of rotations became particularly use-
ful in the emerging fields of aviation and navigation (Fig. 1).

4.1. Possible Sequences and Conventions

There are a total of 3% = 27 possible axis sequences of three rota-
tions, such as xyx, xyz, xzx, and xzy. However, only twelve of
these constitute valid Euler or Tait-Bryan angle sequences. The
remaining fifteen sequences involve repeated adjacent axes, such
as XXX, XXy, or xyy, and are not used in practice due to lack of
independent rotational degrees of freedom hence such sequences
have either 1 or 2 DoF). Among the twelve valid configurations,
six are classified as proper Euler angle sequences , and the other
six as Tait-Bryan angle sequences. The former class has the first
and third rotation axes the same and the latter have all three rota-
tion axes distinct Table 2.

Each class of sequences, Euler and Tait-Bryan, can be for-
mulated using either intrinsic or extrinsic composition conven-
tions. However due to various reasons such as terminological con-
sistency, conventions used in the literature and software packages
and interpretability, intrinsic composition convention is preferred
unless otherwise is clearly stated. As explained in the previous
sections, it is always possible to express any given sequence in
the reverse order thereby switching from intrinsic to extrinsic con-
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vention, and vice versa, when required. In summary, while an
extrinsic interpretation of Euler and Tait-Bryan angles can be de-
fined consistently from a mathematical standpoint, its use should
be stated clearly avoid misinterpretation.

Irrespective of the conventions used, only three angles along
with the axes of rotations, suffice to represent any rotation in SO(3)
making Euler/Tait-Bryan angles minimal in terms of representa-

tion.
Category Axis Sequences
Improper Sequences XXX, XXy, XXZ, yyX, Yy, VY2, ZZX,

22y, ZZZ, XYY, YXX, YZZ, ZYY, XXZ
Proper Euler Sequences zxz, xyx, yzy, 2yz, XZX, yXy

Tait—Bryan Sequences Xyz, X2y, YXZ, YZX, ZXy, ZyX

Table 2: Categorization of 3-element axis sequences into improper,
proper Euler, and Tait-Bryan categories.

4.2. zyz Euler Angle Sequence:

In this section we will derive the rotation matrix for the zyz Euler
angle sequence. Embracing the general convention we apply the
elementary rotations with respect to the current frame and the an-
gles represented as yaw (¢), nutation (#) and precession (). The
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double phi = ..., theta = ..., psi = ...;

3|Eigen: :AngleAxisd Rz1(phi, Eigen::Vector3d::UnitZ());

Eigen::AngleAxisd Ry(theta, Eigen::Vector3d::UnitY());

s|Eigen: :AngleAxisd Rz2(psi, Eigen::Vector3d::UnitZ());

7|Eigen: :Matrix3d R = Rzl * Ry * Rz2;

Listing 1: c++ code snippet for ZYZ intrinsic rotation using Eigen li-
brary

elementary rotation matrices are written as

c(@) —s(@) 0 c(d) 0 s(0)
Ry0(9) = |s(¢) c(¢) 0 , Ryw(@)=| 0 1 0
0 1 —s(0) 0 ¢(0)
c(¥) —s(@) 0
Ry () = |s(¢)  c() 0 (12)
0 0 1
The resultant rotation matrix is obtained as
R.y2(9,0,¢) = Ry0) (¢) - Ry (0) - Ry (¥) (13)
c()c(0)c() — s(¢)s(v)  —c()e(0)s(v) — s(@)e(y)  c(¢)s(0)
= |s(¢)c(@)c(¥) +c(9)s(¥)  —s(d)c(0)s(¥) + c(d)c(v)  s(¢)s(0)
—s(0)c() s(0)s(v) c(0)

The same resultant matrix could have been obtain by using the
ZYZ sequence with extrinsic convention and angles ¢, 6, ¢ which
would write

RE (1, 6,0) = Ryo) (9) - Ryoo (6) - Ryo (1) (14)

We provide a c++ code snippet in Eigen (Guennebaud, Jacob, et
al., n.d.) for this sequence with intrinsic convention in Listing 1.
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4.2.1. Solving for zyz Euler Angles:

We have shown how to obtain the rotation matrix given the Euler
angles for the zyz sequence in Equation 13. The inverse prob-
lem, however, requires extracting the angles from a given rotation
matrix. Upon inspecting the structure of Equation 13, it becomes
evident that the top-left 2 x 2 submatrix is heavily coupled, making
it unsuitable for direct analytical inversion. In contrast, other ele-
ments of the matrix exhibit clearer patterns that can be exploited
to solve for the individual Euler angles.

Before we proceed further, we enumerate the elements of
the matrix as

Ri1 Rip Ris
R= Ry Ry Ro|. (15)
R31 R3z Rss

Next we observe the elements Ry, Ro; and R3;, R3s all of which
include s(6). Thus, for § = w for n € Z all of these terms
become 0 which is a special case. Depending on the sign of s(6),
we can determine the angles using different formula. If s(6) > 0,
or equivalently 6 € (0, 7), the solution take the following form

¢ = atan2(R23, ng) , w = atan2(R32, —Rgl)

0 = atan2 <\ | R3, + R3,, R33) . (16)

On the other hand if s(f) < 0, or equivalently 0 € (m, 27), we get

¢ = atan2(—R23, —ng) 5 1/) = atan2(—R32, Rgl)

0 = atan2 (—\/RfS + RZ,, ng) (17)

In the special case that s(f) = 0, either § = 2nworf = (2n+1)x
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for n € Z. In the former case Eqn. 13 takes the following form

Rzyz(¢7 27’L7T, ¢)

c(@)e(y) — s(@)s(v) —c(@)s(¥) — s()e() 0
= |5(9)c(¥) +c(@)s(v) —s(d)s(¥) +c(¢)e(y) 0
0 0 1
cos(¢p+ 1) —sin(¢p+v) 0
= [sin(¢+¢) cos(¢+) 0 (18)
0 0 1

and the latter case gives

Royz (¢, (20 + 1), ¢)

[—c(d)c(¥) — s(¢)s(¥) c()s(v) — s(d)e(¥)) 0
= | —s(®)e(®) + c(d)s(¥) s(8)s(¥) + c(d)c(¥) 0

L 0 O _1
[—cos(¢p— ) —sin(¢—v) 0
= | —sin(¢ —¢) cos(¢—v) 0. (19)
0 0 —1

It clearly observed in the special case s(f) = 0, one degree of
freedom is lost since for a given rotation matrix, one can only solve
for the two quantities, # and ¢ + . Individual values of ¢ and 1
cannot be determined and this is called a gimbal lock.

4.2.2. Gimbal Lock for zyz Euler Sequence

A gimbal lock occurs when two of the rotation axes align. In
the case of zyz Euler sequence, this happened when the first and
the last z axes align. We have shown in the previous section that
0 = 2nm and 0 = (2n + 1)7 result in two different gimbal locks.

In the former case the intermediate rotation never happens since
Rél)(er) = I causing Z to remain unrotated, i.e. 2 =z, In
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the latter case R§1)(2n7r) results in 2 = —2(?) i.e. the first and
the last axes of rotations become anti-parallel. In both cases only
one rotation about the same (or anti-parallel) axis.

S. EULER ANGLE KINEMATICS

In a typical attitude estimation scenario which employs an Inertial
Measurement Unit (IMU), an onboard gyroscope provides instan-
taneous angular velocity measurements which can be integrated
over time to estimate the platform orientation. While there is huge
literature on attitude estimation using accelerometer, gyroscope
and magnetometer which are usually packed into a single IMU,
the theoretical fundamentals and vast technical nuances are be-
yond the scope of the this work. However, we present the relation
between angular rates measured in sensor/body frame (B) and the
Euler angles. We will consider the zyz sequence to study this.

In order to obtain such a relation we need to write each
of the intermediate rotation axes with respect to the sensor/body
frame, B. We will use the notation introduced in the rest of the
work and enumerate axes with the index of the intermediate ref-
erence frames. For example, the first, second and last rotations
occur about 2(¥, yM) and 2(?). Since these are the axes of rotation
of the respective step, they, respectively, are equal to (), y? and
23, Let’s express each of these with respect to the body frame
basis vectors which are X®), 3 and z(®) as the final frame is by
definition the body frame, 3. The basis vectors at the intermediate
steps 1, 2 and 3 are related as

x® c() —s(¥) 0 x)
YO = [s(¥) ) 0 y® (20)
yAS) 0 0 1 yAS)
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K0 cd) 0 s@] [x@
ywl=1] 0 1 0 y2 (21)
zV —s(0) 0 ¢(0) AL

where the rotation matrices, respectively, are R;@ and R;l). The
body angular velocity in terms of the Euler angular rates is

w = ¢z + 0y + ¢z, (22)

At this point we need to express all vectors in the above expression
in terms of basis vectors of the final, 37¢, frame as

2 = 5(0)x? + ¢(0)z? (23)
¥ = —s(¥)x® + c(v)y®. (24)

But this requires us to write the following relations as well

x® = ()X + s()y" (25)
72 =20 (26)

which gives
2 = s(0) (W)X + s(0)§?) + ()"
= s(0)c(¥)x?) + s(0)s(V)y® + (). @7
Thus the angular velocity in Euler angle rates can be written as
w = d(s(O)()XD + 5(0)s ()3 + c(0)2)
+0( = s + ()3 ) + 2 (28)
= X0 (ds(0)c(v) — fs(w) ) +
¥ (ds(0)s(0) +0c()) +29(e(0) + 1) (29)

In the robotics literature the angular rates as measured by a gyro-
scope are usually denoted [p, ¢,7]" and defined in the 37¢ frame
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(also B). Hence these and the Euler angular rates are now defined
in the same frame and can be related as

b [s@ew) —stw) 0] [4
q| = |s(0)s(¢) () O 0] (30)
r c(0) 0 1| ¢

Having this relation established, gyroscope measurements can be
transformed into Euler angular rates which then can be numeri-
cally integrated to directly update the orientation estimate in Euler
domain.

6. CONCLUSION

Euler angles are widely used in the robotics and computer vi-
sion communities as a means of representing orientation in three-
dimensional space. Their appeal lies in their intuitive geometric
interpretation and ease of visualization. However, for algorith-
mic and computational purposes, Euler angles are often converted
into more tractable representations such as rotation matrices or
unit quaternions.

In this work, we focused on the zyz Euler angle conven-
tion. We derived the associated rotation matrix, examined the in-
verse problem of recovering Euler angles from a given rotation
matrix, and analyzed singular configurations and corner cases that
arise in practical applications. Furthermore, we established a re-
lationship between angular velocity, typically measured by a gy-
roscope, and the time derivatives of the zyz Euler angles. This
derivation provides a useful bridge between sensor measurements
and orientation parameters.

The methodology and illustrative examples presented in
this work can be extended to other Euler sequences. We hope this
work serves as a foundational reference for researchers and practi-
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tioners seeking to understand and employ Euler angle conventions
in 3D orientation estimation tasks.
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