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On Soz

Makine miihendisligi, fiziksel diinyanin temel yasalarini uygulayarak
insanliga hizmet eden en koklii disiplinlerden biri olmakla birlikte, glintimiizde
tarthindeki en radikal doniigiimlerden birini yagamaktadir. Geleneksel mekanik
sistemler artik yalnizca statik yapilar olmaktan ¢ikmig; sensorlerle donatilmus,
veri Uireten ve yapay zeka araciligiyla optimize edilen akilli yapilara doniigmiistiir.
Endiistri 4.0 ve Otesinin sekillendirdigi bu yeni ¢agda miihendislik bagaris
yalnizca teorik hesaplama giiciine degil, ayn1 zamanda elde edilen verinin
ileri tiretim teknolojileri ve dijital sistemlerle ne derece uyumlu bi¢imde
biitiinlestirilebildigine baghdir. Yirmi birinci yiizyilin makine miihendisi,
atomik diizeydeki malzeme kusurlarindan bulut tabanli otonom sistem
mimarilerine kadar uzanan genis bir yelpazede uzmanlagmak durumundadir.

Bu kitap boliimii, makine mithendisliginin degismeyen temel bilegenleri olan
teori, tasarim, analiz ve iiretim kavramlarini modern teknolojinin sundugu en
gilincel yaklagimlar gergevesinde yeniden yorumlamaktadir. Caligma kapsaminda
yer alan boliimler, akademik disiplin ile endiistriyel uygulamalar arasindaki
kopriiyl giiglendirmeyi amaglamaktadr.

Caligmanin kapsamu; diiz digli sistemlerinde Hertz temas gerilmelerinin
analitik ve sayisal (Sonlu Elemanlar Yontemi — FEM) analizinden, 6nde gelen
eklemeli imalat teknolojilerinden biri olan Laser Powder Bed Fusion (LPBF)
siirecinde gozeneklilik mekanizmalarinin sistematik olarak degerlendirilmesine
kadar uzanmaktadir. Ayrica, Fused Deposition Modelling (FDM) yontemiyle
dretilen kompozit malzemelerde yiizey kalitesinin makine 6grenmesi
algoritmalar1 kullanilarak tahmin edilmesi ve endiistriyel dijital dontigiim
baglaminda Nesnelerin Interneti (IoT) ile yapay zek4 entegrasyonu da ayrintili
bigimde ele alinmaktadir. Teori ile uygulamay: sentezleyen bu boliim, hem
geleneksel mekanik sistemlerin optimizasyonu hem de gelecegin otonom ve
akallr tiretim sistemlerinin gelistirilmesi agisindan kapsamli bir rehber niteligi
tasimaktadir.

Sonug olarak bu eser, teorik derinligi ileri diizey simiilasyon teknikleri ve
dijital tiretim modelleriyle bir araya getiren kapsamli bir ¢aligmadir. Caligmanin
akademik diinyaya yeni bir bakig agis1 kazandiracagina, makina miihendisligi
literatiiriine kalic1 katkalar saglayacagina ve sektor profesyonelleri i¢in 6nemli
bir bagvuru kaynagi olacagina inanilmaktadir. Modern miihendislik vizyonu
dogrultusunda hazirlanan bu boliimlerin, gelecekte gergeklestirilecek yenilikgi
projelere 151k tutmasi en biiylik temennimizdir.
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Bolum 1

Lazer Toz Yatakli Fiizyon (LPBF) Siirecinde
Gozeneklilik Olusum Mekanizmalarinin

Sistematik Degerlendirilmesi ve Mekanik

Performans Uzerindeki Etkileri 8

Nafel Dogdu!

Ozet

Lazer Toz Yatakhi Fiizyon (LPBF), yiiksek hassasiyet ve tasarim serbestligi
sayesinde karmagik metal bilesenlerin tiretiminde 6ne ¢ikan bir eklemeli imalat
yontemidir. Buna kargin siireg sirasinda ortaya ¢ikan gozeneklilik; yogunluk,
tekrarlanabilirlik ve servis omrii {izerinde dogrudan etkili oldugundan,
endiistriyel uygulamalarin giivenilirligini sinirlayan temel sorunlardan biri
olarak goriilmektedir. Bu ¢aliymada LPBF’de gozeneklilik olusumu, sistematik
literatiir analizi yaklagimiyla; hacimsel enerji yogunlugu (VED) rejimleri,
ergitme havuzu faz dinamikleri ve mekanik performans iliskisi baglamimda
biitlinciil bi¢gimde ele ahnmistir. Elde edilen bulgular, gézeneklerin ¢ogunlukla
¢ ana mekanizma {izerinden gelistigini gostermektedir: diisik VED
kogullarinda iz ve katman baglanmasinin yetersiz kalmasma bagh flizyon
cksikligi (LOF) gozenekleri, yiiksek VED rejiminde derin buhar gukurunun
kararsiz gokmesiyle olugan anahtar deligi (keyhole) gozenekleri ve toz igi gaz
kapanimlari ile proses atmosferindeki akig diizensizliklerinden kaynaklanan gaz
gozenekleri. LOF gozenekleri keskin kenarli ve diizensiz morfolojileri nedeniyle
gerilme yigilmalarint artirarak yorulma gatlaklarinin baglatilmasinda kritik rol
oynarken, keyhole g6zenekleri daha kiiresel yapida olmalarina ragmen boyutlari
bitytidiigiinde tagtyict kesiti azaltarak dayanimi diigiirebilmektedir. Gaz kaynakli
gozenekler ise enerji girdisinden bagimsiz bir kontrol boyutu sunmakta ve toz
kalitesi ile atmosfer yonetiminin 6énemini agik bi¢imde ortaya koymaktadir.
Sonug olarak gozenekliligin etkin bigimde kontrolii, yalnizca parametre ayarryla
sinirh kalmamali; enerji rejiminin yonetildigi, ergitme havuzu kararliliginin
saglandig1 ve in-situ izleme temelli kalite giivencesiyle desteklenen biitiinciil bir
siire¢ optimizasyonu yaklagimiyla ele alinmalidir.

1

Ogr. Gor. Dr. Akdeniz iiniversitesi, Teknik Bilimler Meslek Yiiksekokulu, Antalya, Tiirkiye
ndogdu@akdeniz.edu.tr, https://orcid.org/0000-0001-8172-0832
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1. Girig

Lazer Toz Yatakli Fiizyon (LPBF), yiiksek hassasiyetli ve karmagik
metal bilegenlerin tiretimine imkan taniryan en gelismis eklemeli imalat
teknolojilerinden biridir. Siireg sirasinda lazer enerjisinin toz yatag ile etkilegimi
sonucunda olugan ergitme havuzu; buhar, siv1 ve kat1 fazlarin eg zamanh olarak
bulundugu son derece dinamik ve ¢ok fazh bir ortamdir. Bu ¢ok fazli etkilegimin
gozenek olusumunun temel fiziksel kaynagini olusturdugu deneysel olarak
gosterilmigtir. Literatiirde, Bitharas ve ark. [ 1], LPBF sirasinda buhar-sivi—kati
faz gegislerinin dogrudan gozlemlenebildigini ve gozenek baslangicinin faz
gegis dinamikleriyle yakindan iligkili oldugunu ortaya koymustur. Huang ve
ark. [2], anahtar deligi dalgalanmalarinin kararsiz ¢6kmesi sonucu gozenek
olustugunu gosterirken, Leung ve ark. [3] X-151n1 gortintiileme destekli ¢ok-
tizikli modelleme ile ergitme havuzundaki akis ve kusur dinamiklerini nicel
olarak analiz etmistir.

LPBFnin karakteristik 6zelligi olan yiiksek soguma hizlar1 ve hizl katilagma
kosullari, denge dig1 mikro yap: olusumuna yol agmaktadir. Ren ve ark. [4],
hizli katilagma sirasinda soliit kapanmasi ve mikro yapisal heterojenligin
gelistigini gostermistir. Gozenek olusum mekanizmalari ve kontrol yaklagimlari
ise kapsamli bigimde siniflandirilmistir [5,6]. Siire¢ atmosferi ve gaz akist
da porozite lizerinde belirleyici rol oynamaktadir. Avegnon ve ark. [7], gaz
akis1 bozulmalarinin 316L tiretiminde gézenek olusumunu tetikleyebildigini
gostermigtir. Benzer gekilde Wu ve ark. [8] ile Stwora ve ark. [9], siire¢
parametreleri ile porozite olusumu arasindaki iligkiyi deneysel ve teorik
yaklagimlarla incelemigtir. Sicaklik kaynakli porozite olusumu ise alagim
ozelinde degerlendirilmistir [10].

GozeneKklilik yalnizca olusum aniyla sinirli degildir; iglem sonrast evrim
stiregleri de kritik 6neme sahiptir. Schroder ve ark. [11], HIP sonrasi yeniden
1sitma sirasinda belirli gézenek tiplerinde yeniden biiylime gozlenebilecegini
bildirmistir. Katmanl tiretim siireglerinde gézenek evrimi, yonlendirilmis enerji
biriktirme galigmalarinda da detayli bigimde incelenmigtir [12]. Darbeli lazer
modunda gozenek olusum dinamikleri in-situ olarak karakterize edilmis [13],
morfolojik siniflandirma yaklagimlari gelistirilmis [14] ve optimize edilmig
enerji yogunlugunun bogluk mortolojisi tizerindeki kritik rolii gosterilmistir

[15].

Gozenekliligin 6ngoriilmesi ve kontrolii amaciyla sayisal modelleme ve
optimizasyon yaklagimlari gelistirilmistir. Rafine edilmis hacimsel enerji
yogunlugu ve FEM tabanli tahmin modelleri [16], ¢ok Olgekli porozite
kontrol ¢aligmalar1 [17] ve Bayes temelli optimizasyon yontemleri [18],
stire¢ parametrelerinin daha sistematik bigimde belirlenmesine katki
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saglamistir. Fizik-temelli ergitme havuzu modelleri ile in-situ izleme tabanl
kusur tahmini yaklagimlar1 gercek zamanl kalite kontrol potansiyelini ortaya
koymaktadir[19-21]. Ayrica morfoloji-temelli gok faktorlii optimizasyon
caligmalar [22], 6zellikle AlSi10Mg gibi miihendislik uygulamalarinda yaygin
olarak kullanmilan alagimlarda porozite kontroliine yonelik uygulanabilir sonuglar
sunmustur.

Gozenekliligin malzeme performansi iizerindeki etkileri genis kapsamda
degerlendirilmigtir. 316L ¢elikte hidrojen alimi ve gevreklesme davranisi
[23], AlSi10Mg’de ylizey alt1 porozite ve yorulma omrii iligkisi [24], genel
yorulma performansi [25] ve siireg kaynakli porozitenin mekanik ozelliklere
etkisi [26] bu kapsamda ele alinmustir. Ozellikle havacilik ve savunma
uygulamalarinda yorulma yiikleri altinda galisan yapisal bilegenlerde, mikron
mertebesindeki gozeneklerin dahi servis Omriinii belirleyici hale gelmesi,
porozitenin kontroliinii dogrudan giivenlik meselesi haline getirmektedir.
Biyomedikal Ti alagimlarinda tiretilebilirlik ve mekanik 6zellik porozite iligkisi
de detayli bi¢gimde incelenmistir [27]. Bununla birlikte, kontrollii porozitenin
implant ve biyomalzeme uygulamalarinda fonksiyonel avantaj saglayabildigi
gosterilmigtir [28-31].

Mikroyap1 gelistirme ve mekanik 6zellik optimizasyonuna yonelik caligmalar
da gozeneklilik ile yakindan iligkilidir. Dispersiyon sertlestirme yaklagimlar:
[32], istatistiksel ve makine 6grenmesi temelli sertlik tahmini [33], Taguchi
yontemi ile ¢gekme dayanimi optimizasyonu [34], saf molibden igin sayisal
optimizasyon [35] ve boyutsal dogruluk ile termomekanik 6zelliklerin
deneysel-simiilasyon karsilagtirmalar1 [36], siireg¢—mikroyapi—performans
iligkisinin biitiinciil degerlendirilmesi gerektigini gostermektedir. Endiistriyel
uygulamalar baglaminda topoloji optimizasyonu [37], saghk ve ilag alanindaki
gelismeler [38] ve hacimsel kusurlarin 6zellik-temelli siniflandiriimas [39],
LPBF’de gozenekliligin yalnizca bir kusur degil, miithendislik tasariminda
dikkate alinmas1 gereken kritik bir parametre oldugunu ortaya koymaktadir.

Bununla birlikte, eklemeli imalatta kullanilan tozlarin iiretim ve 6n-isleme
yontemleri de mikroyapr ve faz dontigiim davranigi tizerinde belirleyici
olabilmektedir. Ozellikle mekanik alagimlama ile modifiye edilmis toz
sistemlerinde faz olusumu ve doniigiim karakterinin 6nemli 6lgiide degisebildigi,
Zr katkilt NiTi tozlarinda R-fazi olusumu ve Ostenitik doniigiim davranist
tizerinden gosterilmigtir [40].

Mevcut literatiir, LPBF’de gozenekliligin; enerji yogunlugu rejimi,
faz doniigim dinamikleri, gaz akis davranigi ve mikro yapisal evrimin
birlikte sekillendirdigi ¢ok 6lgekli ve ¢ok-fizikli bir siireg sonucu gelistigini
gostermektedir.
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Bu ger¢evede LPBF’de gozenekliligin sistematik olarak incelenmesi; siireg
parametrelerini belirleyen arastirmacilar, sayisal model gelistiren akademisyenler,
kalite glivence miihendisleri ve kritik sektorlerde sertifikasyon siireglerini
yoneten endiistri profesyonelleri igin dogrudan 6nem tagimaktadir.

Bu galiyma, LPBF’de gozeneklilik tiirlerini enerji yogunlugu rejimleriyle
iligkilendirerek; LOF—keyhole—-gaz kaynakli gozeneklerin ayirt edici olugum
kosullarini, karakterizasyon yaklagimlarini ve mekanik kritiklik diizeylerini
tek bir ¢ergevede birlestirmektedir. Boylece siire¢ parametre segimi ve kalite
giivencesi i¢in uygulanabilir bir referans haritas: sunulmaktadir.

2. Calisma Metodolojisi ve Analiz Cergevesi

Bu galigma, LPBF siirecinde gozeneklilik olusum mekanizmalarinin fiziksel
temellerini, siireg¢ parametreleri ile iliskisini ve performans etkilerini ortaya
koymak amaciyla sistematik literatiir analizi yaklagimina dayanmaktadir.

2.1. Siire¢ Parametre Cergevesi

LPBF siirecinde gozeneklilik olusumunu etkileyen temel parametreler
lazer giicii (P), tarama hiz1 (v), hatch mesafesi (h), katman kalinligi (t) ve gaz
akig kosullaridir. Bu parametrelerin birlesik etkisi genellikle hacimsel enerji
yogunlugu (Volumetric Energy Density, VED) ile tanimlanmaktadur.

VED=P/(v-h-t)

Enerji yogunlugu; anahtar deligi olugumu, eriyik havuzu stabilitesi ve
lack-of-fusion kusurlarinin geligimi tizerinde belirleyici bir rol oynamaktadr.
Literatiirde VED araliginin dogrudan gozenek morfolojisi ve dagilimi ile

iliskili oldugu rapor edilmigtir [5,15,16].

Lazer giicii, tarama hizi, hatch mesafesi ve katman kalinliginin birlegik
etkisinin hacimsel enerji yogunlugu tizerinden ergitme havuzu davranigina
ve gozenek olusumuna nasil yansidigr Sekil 1°de kavramsal bir gergevede
gosterilmektedir.



Nafel Dogdu | 5

s Katman Akssi
il m m Kalinhg@ (1)
| i { ! '

‘ Hacimsel Enerji Yogunlugu (VED) l

|
-

! | 1
] =

Sekil 1. LPBF siirecinde temel pavametreler;, enerji yogunlugn ve gozenek olusum
mekanizmalar, avasmdalki ethilesim semast

2.2. Gozenek Karakterizasyon Yontemleri

LPBF’de olusan gozeneklerin fiziksel kokenini, morfolojisini ve
hacimsel dagilimini belirlemek amaciyla literatiirde farkli deneysel ve sayisal
karakterizasyon yontemleri kullanilmaktadir [1-3,5,6,12,14].

Bu kapsamda yiiksek hizli X-151n1 goriintiileme teknikleri ergitme havuzu
dinamiklerinin dogrudan gozlemlenmesine olanak saglamaktadir [ 1-3]. In-situ
melt pool izleme sistemleri siireg sirasinda 1g1nim ve termal sinyalleri analiz
ederek kusur olusumunu ger¢ek zamanl olarak izleyebilmektedir [13,20].
mikro-CT ii¢ boyutlu analiz yontemleri gozenek hacmi ve dagiliminin nicel
belirlenmesini miimkiin kilmaktadir [8,12]. SEM morfoloji analizi 6zellikle
kirik ylizey karakterizasyonunda kullamlmaktadir [7,26]. Cok-fizikli modelleme
ve FEM tabanli yaklagimlar ise gozenek olusumunun 6ngoriilmesine yonelik
sayisal altyap1 sunmaktadir [3,16-19].

Bu ¢aligmada referans alinan karakterizasyon yontemleri ve sagladiklar
temel analiz ¢iktilar1 Tablo 1’de 6zetlenmistir.

Tublo 1. Kullanilan Analiz Yontemleri ve Sagjladiklar: Bilgiler

Yontem

Olgiilen Parametre

Amag

X-1511 goriintiileme

Ergitme havuzu dinamigi

Gozencek baglangici

Mikro-CT 3B gozenek hacmi Yogunluk analizi
SEM Morfoloji Kirik yiizeyi inceleme
FEM modelleme Is1 dagilimi Gozenek tahmini

In-situ sensor

Isinim sinyali

Kapali ¢evrim kontrol
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Bu metodolojik ¢er¢eve dogrultusunda, bir sonraki boliimde gozenek
olusumu enerji rejimlerine gore siiflandirilarak mekanizmalar sistematik
bigimde tartigiimistir.

3. LPBF’de Go6zenek Olusum Mekanizmalarimin Sistematik
Degerlendirilmesi

3.1. Enerji Yogunlugu Rejimine Bagli Gozenek Olusum Gegisleri

LPBF siirecinde gozenek olusumu, biiyiik Ol¢lide hacimsel enerji
yogunlugu (VED) ile belirlenen ergitme havuzu kararliligina baghdir. Literatiir
degerlendirmesi, enerji yogunlugu rejimindeki degisimin gozenek tiirlerinde
belirgin bir gecise neden oldugunu gostermektedir [5,6].

Diigiik VED kogullarinda, ergitme havuzu derinligi ve genisligi azalmakta;
komgsu izler ve katmanlar arasinda yeterli metaliirjik bag olugamamaktadr.
Bu durum fiizyon eksikligi (lack-of-fusion, LOF) gozeneklerinin gelisimine
yol agmaktadir [9,16]. LOF gozenekleri genellikle diizensiz ve keskin kenarl
morfolojiye sahip olup gerilme yigilmasi agisindan en kritik kusur tiirii olarak
degerlendirilmektedir [24-26].

Enerji yogunlugunun artmasiyla birlikte ergitme havuzu derinlesmekte
ve buharlagma etkisi belirgin hale gelmektedir. Yiiksek VED rejiminde derin
bir buhar ¢ukuru (keyhole) olugmakta; bu ¢ukurun kararsiz ¢okmesi sonucu
kiiresel bogluklar meydana gelmektedir [1,2]. Bu mekanizma, anahtar deligi
(keyhole) gozeneklerinin temel olusum yoludur. Optimize edilmis enerji
yogunlugu araliklarinda ise ergitme havuzu daha kararli davranmakta ve
gozenek olugumu minimize edilmektedir [15].

Dolayisiyla LPBF°de gozenek tiirleri, yalnizca rastlantisal kusurlar
degil; enerji girdisi ile ergitme havuzu dinamikleri arasindaki fiziksel denge
durumunun bir sonucu olarak ortaya ¢ikmaktadir. Bu gecis davramigt Sekil
2’de sematik olarak gosterilmigtir.
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Sekil 2. LPBF’de diisiik, orta ve yiiksek hacimsel eneryi yogunlugn (VED) rejimlerinde
olusan gozenek tiivlevinin (LOE, keyhole ve gaz kaynakls) ergitme havuzu stabilitesi ile
iliskili gegis mekanizmasinn kavramsal gosterimi.

3.2. Flizyon Eksikligi (Lack-of-Fusion) Gozeneklerinin Olusum
Mekanizmast

Fiizyon eksikligi (LOF) gozenekleri, LPBF siirecinde diigiik hacimsel enerji
yogunlugu kosullarinda ortaya ¢ikan en kritik kusur tiirlerinden biridir. Bu
gozenekler, komgu tarama izleri ve katmanlar arasinda yeterli metaliirjik bag
olugmamasi sonucu gelismektedir [9,16]. Enerji girdisinin yetersiz oldugu
durumlarda ergitme havuzu derinligi azalmakta, iz 6rtiismesi sinirlanmakta
ve katmanlar aras1 bogluklar meydana gelmektedir.

Cok-fizikli modelleme ve FEM tabanli galigmalar, diisiik VED rejiminde
1s1 girdisinin lokal olarak yetersiz kaldigini ve eriyik metalin 6nceki katmanla
tam birlesemedigini gostermektedir [16,17]. Bu durum, diizensiz ve keskin
kenarli morfolojiye sahip gozeneklerin olusmasina yol agmaktadir. Nudelis
ve Mayr [14] tarafindan 6nerilen morfolojik siniflandirma yaklagimi, LOF
gozeneklerinin tipik olarak diizlemsel ve uzamig karakter gosterdigini ortaya
koymustur.

Mekanik agidan degerlendirildiginde, LOF gozenekleri gerilme yigilmasi
agisindan en kritik kusur tiirii olarak rapor edilmektedir. Ozellikle yorulma
yiikleri altinda, keskin kenarli yapilar: nedeniyle ¢atlak baglangi¢ noktasi olarak
davranmaktadir [24-26]. Bu nedenle diisiik enerji yogunlugu rejimi, yalnizca
yogunluk kaybi degil, ayn1 zamanda servis omrii agisindan ciddi bir risk
olusturmaktadir.

Sekil 3’te LOF gozenek morfolojisinin sematik temsili sunulmaktadir.
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Keskin Kenar

Duizlemsel Gézenek Diizemsel Gézenek

Sekil 3. LOF gozenek morfolojisinin sematik temsili

Sekil 3°de katmanlar arasi yetersiz iz Ortiigmesi sonucu gelisen diizensiz ve
keskin kenarli diizlemsel bosluk yapilar1 gosterilmektedir.

3.3. Anahtar Deligi (Keyhole) Gozenek Olusum Mekanizmasi

Anahtar deligi (keyhole) gozenekleri, LPBEF siirecinde yiiksek hacimsel enerji
yogunlugu (VED) kosullarinda ortaya ¢ikan tipik kusur tiirlerinden biridir.
Enerji girdisinin artmasiyla birlikte lazer-malzeme etkilegimi yogunlagmakta
ve buharlagma etkisi belirgin hale gelmektedir. Yiiksek gii¢ yogunlugu
altinda eriyik havuzunun merkezinde derin bir buhar ¢ukuru olugmakta; bu
gukurun dinamik kararsizlig1 gézenek olusumunun temel mekanizmasini
olusturmaktadir [1,2].

Bitharas ve ark. [1], buhar—sivi—kat1 faz etkilesiminin gergek zamanl
gozlemlerle anahtar deligi stabilitesini dogrudan etkiledigini gostermistir.
Huang ve ark. [2], anahtar deligi duvarlarinda olusan dalgalanmalarin ani
¢okme ile sonuglanabildigini ve bu ¢okme sirasinda kiiresel bosluklarin
hapsoldugunu ortaya koymustur. Cok-fizikli simiilasyon ve X-151n1 destekli
caligmalar ise buhar gukuru derinligi ile gozenek olugum siklig1 arasinda
dogrudan bir iligki oldugunu gostermektedir [3].

Yiiksek enerji yogunlugu rejiminde olugan bu gozenekler genellikle kiiresel
morfolojiye sahiptir ve LOF gozeneklerine kiyasla daha diizgiin kenarl yap1
gosterir [15]. Ancak hacimsel olarak daha biiyiik olmalar1 nedeniyle yapisal
biitiinliik agisindan yine 6nemli bir risk faktorii olugturmaktadir. Enerji
yogunlugunun kritik egik degerin tizerine ¢ikmast, ergitme havuzu stabilitesini
azaltmakta ve keyhole ¢okme olasiligint artirmaktadir.

Sekil 4’te anahtar deligi olugumu ve kararsiz ¢okme siireci gematik olarak
gosterilmektedir.
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Buihar Cukuru

ekil 4. Keyhole cokme mekanizmast ve gaz hapsolmasiyla kiivesel gozenek olusumunun
kil 4. Keyhole ¢k kani: gaz hapsolmaswyla k L g k olus
sematik gostevimi [1-3,15].

Lazer-malzeme etkilesimi ile gelisen buhar ¢ukuru, dinamik dalgalanmalar
nedeniyle kararsiz hile gelmekte ve ¢okme sirasinda gaz hapsolmasiyla gozenek
olugmaktadir.

3.4. Gaz Kaynakli Gozenek Olusum Mekanizmasi

Gaz kaynakli gozenekler, LPBF siirecinde anahtar deligi veya flizyon
cksikligi mekanizmalarindan farkli olarak, genellikle toz partikiilleri igerisinde
hapsolmusg gazlarin veya siire¢ atmosferindeki akig diizensizliklerinin etkisiyle
olusmaktadir. Bu tiir gozenekler gogunlukla kiigiik ve kiiresel morfolojiye
sahip olup, eriyik metal igerisinde ¢6ziinmiis gazin katilagma sirasinda digar1
atilamamasi sonucu gelismektedir [7,8].

Avegnon ve ark. [7], gaz akigindaki yerel bozulmalarin ergitme havuzu
tizerinde tiirbiilans olusturabildigini ve bunun da porozite olusumuna katki
saglayabilecegini gostermistir. Wu ve ark. [8] ise hidrid—dehidrid (HDH) Ti-
6Al-4V tozlarinda partikiil igi gaz kapanimlarinin baskilanabilirlik ve gbzenek
olugumu tizerinde belirleyici rol oynadigini rapor etmigtir. Bu durum, yalnizca
enerji yogunlugunun degil, ayni zamanda toz kalitesi ve proses atmosferinin
de porozite kontroliinde kritik parametreler oldugunu gostermektedir.

Gaz kaynakli gozenekler genellikle daha kiigiik boyutlu ve daha diizgiin
ylizeyli olmalarina ragmen, yiiksek yogunluklu uygulamalarda birikimli etki
olugturabilmektedir. Ozellikle hidrojen gibi difiizyona agik gazlarin varliginda,
gozenekliligin hidrojen alimi ve gevreklesme davranist izerinde etkili olabilecegi
gosterilmistir [23]. Bu nedenle gaz kaynakli porozite, tek bagina diisiik kritik
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gibi goriinse de, servis kosullarina bagh olarak performans tizerinde 6nemli
rol oynayabilmektedir.

Bu baglamda, gaz akig1 optimizasyonu, toz 6n igleme ve atmosfer kontrolii,
LPBF’de gozenekliligin azaltilmasina yonelik tamamlayicr stratejiler olarak
degerlendirilmektedir.

LPBFde gozlenen baglica gozenek tiirleri, olusum mekanizmasi, morfolojik
karakteri ve goreli mekanik kritiklik seviyesi agisindan Tablo 2°de kargilagtirmalt
olarak 6zetlenmigtir

Tablo 2. LPBF de gozlenen gozenck tirlerinin olusum mekanizmasi, morfolojik
kavakteri ve goveli mekanik kritiklik seviyesinin kavsdasturimas.

Gozenek Tiirii Olusum Nedeni | Tipik Morfoloji Goreli Mekanik
Kritiklik
Fiizyon Eksikligi Diisiik enerji Diizensiz, keskin Cok yiiksek
(LOF) yogunlugu, yetersiz | kenarli, uzamig
iz Ortiigmesi
Anahtar Deligi Yiiksek enerji Kiiresel, diizgiin Orta-Yiiksek
(Keyhole) yogunlugu, buhar | kenarlt
qukuru kararsizhi1
Gaz Kaynakl Toz igi gaz Kiigiik, kiiresel Diigiik-Orta
kapanimi, atmosfer
diizensizligi

Gaz kaynakli gbzenekler enerji yogunlugu ile dogrudan iligkili olmamakla
birlikte, 6zellikle diisiik yogunluklu yap1 gerektiren uygulamalarda toplam
porozite oranini belirgin bigimde etkileyebilmektedir.

3.5. Porozite Tiirlerinin Karsilagtirmali Degerlendirilmesi

LPBF siirecinde gozlenen gozenek tiirleri, yalnizca olusum mekanizmalari
bakimindan degil; morfoloji, hacimsel dagilim ve mekanik performans
tizerindeki etkileri agisindan da belirgin farkliliklar gostermektedir. Literatiir
bulgulari, fiizyon eksikligi (LOF), anahtar deligi (keyhole) ve gaz kaynakl
gozeneklerin farkli enerji rejimlerine ve siire¢ kosullarina karsiik geldigini
ortaya koymaktadir [5,6].

LOF gozenekleri, diisiik enerji yogunlugu rejiminde ortaya ¢ikmakta ve
genellikle diizensiz, uzamig ve keskin kenarli morfoloji gostermektedir. Bu
geometri, yerel gerilme yigilmalarini artirmakta ve 6zellikle yorulma yiikleri
altinda gatlak baglangi¢ noktasi olarak davranmaktadir [24-26]. Bu nedenle LOF
gozenekleri mekanik agidan en kritik kusur tiirti olarak degerlendirilmektedir.
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Anahtar deligi gozenekleri ise yiiksek enerji yogunlugu kosullarinda buhar
cukuru kararsizigindan kaynaklanmakta ve ¢ogunlukla kiiresel morfolojiye
sahiptir [1-3]. Kenar keskinliginin LOF’a kiyasla daha diigiik olmas1 gerilme
yogunlagmasini nispeten azaltmakla birlikte, hacimsel biiyiikliikleri nedeniyle
tagtyici kesit alanini azaltarak mukavemeti diigtirebilmektedir [15].

Gaz kaynakli gozenekler genellikle kiigiik ve kiiresel olup toz i¢i gaz
kapanimlari veya siireg atmosferi kaynaklidir [7,8]. Tekil olarak diigiik kritik
seviyede kabul edilseler de, yiiksek yogunluklu dagilimlarda birikimli etki

riskini artirabilecegi rapor edilmistir [23].

Bu kargilagtirmali degerlendirme, LPBFde gozenekliligin tek bir
kusur tipi olarak ele alinamayacagini; enerji yogunlugu, ergitme havuzu
dinamikleri ve malzeme—atmosfer etkilesiminin birlikte degerlendirilmesi
gerektigini gostermektedir. Siire¢ parametrelerinin optimize edilmesi, yalnizca
toplam porozite oraninin azaltilmasina degil, ayn1 zamanda kritik gézenek
morfolojilerinin 6nlenmesine odaklanmalidir.

Bu biitiinciil yaklagim, LPBF de kalite giivence stratejilerinin gelistirilmesi
ve kritik sektorlerde (havacilik, savunma ve biyomedikal uygulamalar)
sertifikasyon siireglerinin daha giivenilir bigimde yiiriitiilmesi agisindan
dogrudan 6nem tagimaktadir.

4. Sonuglar

Bu ¢aliymada LPBF siirecinde gozeneklilik olusum mekanizmalari; hacimsel
enerji yogunlugu rejimleri, ergitme havuzu faz dinamikleri ve mekanik
performans iligkisi baglaminda sistematik olarak degerlendirilmistir. Literatiir
temelli analizler, gézenek olusumunun yalnizca basit bir tiretim kusuru degil;
lazer enerjisi girdisi, 1s1 transferi, buharlagma davranisi ve hizli katilagma
kinetiginin eg zamanli etkilesimi sonucu ortaya gikan gok-fizikli bir siireg
oldugunu ortaya koymaktadir.

Diigiik enerji yogunlugu kosullarinda fiizyon eksikligi (LOF) gozeneklerinin
baskin oldugu ve keskin kenarli, diizensiz morfolojileri nedeniyle en kritik
gerilme yigilmas: kaynagini olusturdugu belirlenmigtir. Bu nedenle LOF
gozenekleri, 6zellikle yorulma kontrollii tasarim gerektiren uygulamalarda
birincil risk faktorii olarak degerlendirilmelidir. Yiiksek enerji yogunlugu
rejiminde ise anahtar deligi mekanizmasina bagl kiiresel gozenekler olugmakta;
bu gozenekler daha diizgiin morfolojiye sahip olmakla birlikte, hacimsel
biiyiikliiklerinin artmas1 durumunda tagiyici kesit alanini azaltarak mukavemeti
diisiirebilmektedir. Gaz kaynakli gozenekler ise cogunlukla toz kalitesi ve
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atmosfer kosullari ile iligkili olup, yogunluklarinin artmas: halinde malzeme
biitlinliigiinii zayiflatabilmektedir.

Elde edilen biitiinciil degerlendirme, LPBF’de optimum enerji yogunlugu
araliginin yalmzca yiiksek yogunluk elde etmek igin degil; ayn1 zamanda kritik
gozenek morfolojilerinin 6nlenmesi ve gerilme—yorulma davraniginin kontrolii
agisindan belirlenmesi gerektigini gostermektedir. Siire¢ parametrelerinin
dengeli sekilde ayarlanmasi, ergitme havuzu kararlihiginin saglanmasi ve in-situ
izleme sistemlerinin entegrasyonu gozenek olusumunun minimize edilmesinde
temel stratejiler olarak 6ne ¢ikmaktadir.

Sonug olarak LPBF’de gozeneklilik kontrolii, parametrik ayarlamalarin
otesinde; enerji rejimi yonetimi, faz dinamiklerinin anlagilmasi ve malzeme-
atmostfer etkilegiminin birlikte ele alindig biitiinciil bir siire¢ optimizasyonu
yaklagimi gerektirmektedir. Bu yaklagim, 6zellikle havacilik, savunma ve
biyomedikal uygulamalar gibi yiiksek giivenilirlik gerektiren alanlarda iiretim
kalitesinin stirdiirtilebilirligi ve sertifikasyon siireglerinin giivenilirligi agisindan
kritik onem tagimaktadir.
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Bolim 2

Eriyik Yigma Modelleme Yonteminde PLA-
CF Kompozitlerinin Yiizey Piirtizliliigiintin ve
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Makine Ogrenmesi ile Tahmini 8
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Ozet

Eklemeli imalat teknolojileri, karmagik geometrilerin hizli ve diisiik maliyetle
tiretilebilmesine olanak saglayarak miihendislik uygulamalarinda yaygin
sekilde kullanilmaktadir. Bu teknolojiler arasinda yer alan eriyik yigma
biriktirme (EBM) yontemi, 6zellikle polimer ve polimer esash kompozit
malzemelerin liretiminde en yaygin kullamilan tekniklerden biridir. Ancak
EBM yontemi ile tiretilen pargalarin yiizey kalitesi ve boyutsal dogrulugu,
iretim parametrelerinden 6nemli dlgiide etkilenmektedir.

Bu caliymada karbon fiber takviyeli polilaktik asit (PLA-CF) kompozit
polimeri kullanilarak EBM yontemi ile farkhi iiretim parametrelerinin
numunelerin kalitesi tizerindeki etkileri aragtirilmigtir. Deneysel galigmada
dort farkli katman kalinlig: (0.1, 0.15, 0.2 ve 0.25 mm) ve dort farkli nozul
sicakligr (220, 225, 230 ve 235 °C) kullanilarak toplam 16 adet numune
retilmistir. 30 X 50 X 3 mm boyutlarinda iiretilen numunelerin yiizey
piiriizliiliik degerleri farkli yiizey bolgelerinden alinan on 6l¢limiin ortalamasi
alinarak belirlenmistir. Boyutsal dogruluk ise numunelerin nominal Olgiileri
ile gergek Olgtimleri arasindaki fark hesaplanarak degerlendirilmistir.

Deneysel sonuglar incelendiginde en diigiik yiizey piiriizliliik degerinin
0.1 mm katman kalinligr ve 225 °C nozul sicakliginda elde edildigi ve bu
degerin 0.78 um oldugu belirlenmistir. Katman kalinliginin artmast ile ylizey
piiriizliilik degerlerinin arttign gozlemlenmistir. Ayrica nozul sicakliginin
230 °C degerine kadar yiizey kalitesini iyilestirdigi, bu degerin iizerinde ise
ylizey kalitesinin olumsuz yonde etkilendigi belirlenmistir. En yiiksek yiizey

1 Doktor 6gretim iiyesi, Kirikkale Universitesi, ykartal@kku.edu.tr, 0000-0002-5102-7655

@88 ) hipsfoi.or/10.58830)0zurpub1238.65016 17



18 | Eriyik Yigma Modelleme Yinteminde PLA-CF Kompozitlerinin Yiizey Piiviizliiliifiiniin...

piiriizliiliik degeri ise 0.25 mm katman kalinligi ve 235 °C nozul sicakliginda
6.67 um olarak ol¢tilmiistiir.

Elde edilen yiizey piiriizliiliigii ve boyutsal dogruluk verileri ayrica makine
ogrenmesi algoritmalarinin performansini degerlendirmek amaciyla veri seti
olarak kullamilmistir. Bu kapsamda farkli makine 6grenmesi algoritmalarinin
tahmin performanslar1 kargilagtirilarak en uygun algoritmanin belirlenmesi
amaglanmugtir.

1. Girig

Eklemeli imalat teknolojileri son yillarda iiretim sektoriinde 6nemli bir
doniisiim olugturmus ve geleneksel iiretim yontemlerine alternatif olarak genig
bir kullanim alan1 bulmugtur. Bu teknolojiler arasinda yer alan eriyik yigma
modelleme (EBM) yontemi, diigiik maliyetli ekipman gereksinimi ve kullanim
kolaylig1 sayesinde en yaygin kullanilan eklemeli imalat tekniklerinden biri
olarak 6ne ¢itkmaktadir (Ceylan ve ark., 2024).

EBM yontemi, termoplastik filament malzemelerin eritilerek katman
katman biriktirilmesi prensibine dayanmaktadir. Bu siirecte katman kalinhigy,
nozul sicaklig1, yazdirma hiz1 ve doluluk orani gibi bir¢ok tiretim parametresi
nihai parganin mekanik 6zelliklerini ve yiizey kalitesini dogrudan etkilemektedir
(Kam ve ark., 2018).

Literatiirde yapilan ¢aligmalar incelendiginde, EBM yontemi ile iiretilen
pargalarin yiizey piiriizliiliigiiniin 6zellikle katman kalinlig1 ve tiretim sicakhigt
gibi parametrelerden 6nemli ol¢lide etkilendigi goriilmektedir. Katman
kalinliginin azalmasi genellikle daha diisiik ylizey piiriizliiliigii ve daha iyi ylizey
kalitesi ile sonuglanmaktadir (Ceylan ve ark., 2024; Sasany ve ark., 2024).

Ayrica nozul sicakliginin filament malzemesinin akig ozelliklerini ve
katmanlar aras1 baglanma kalitesini etkiledigi, bu durumun da yiizey kalitesi
ve mekanik 6zellikler {izerinde 6nemli rol oynadig: belirtilmektedir (Megersa
ve ark., 2025; Pang ve ark., 2025).

Son yillarda karbon fiber takviyeli polimer filamentler (CF-PLA gibi)
yiiksek mekanik dayanim, diigiik yogunluk ve iyi termal 6zellikleri sayesinde
miihendislik uygulamalarinda yaygin olarak kullanilmaya baglanmistir. Bu
kompozit malzemeler, standart PLA malzemesine kiyasla daha yiiksek dayanim
ve rijitlik saglayabilmektedir (Naidu ve ark., 2025).

EBM yontemi ile tiretilen pargalarin kalite 6zelliklerini iyilestirmek amaciyla
{iretim parametrelerinin optimize edilmesi biiyiik 5nem tagimaktadir. Ozellikle
yiizey piiriizliiliigii ve boyutsal dogruluk, miithendislik pargalarinin performansini
ve kullanilabilirligini dogrudan etkileyen kritik kalite parametreleri arasinda
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yer almaktadir. Yapilan aragtirmalar katman kalinlig1 ve tiretim sicakliginin
yiizey piiriizliiliiglinii nemli ol¢iide etkiledigini gostermektedir (Chacén ve
ark., 2017; Ahn ve ark., 2002; Domingo-Espin ve ark., 2015).

Giintimiizde eklemeli imalat siireglerinin analizi ve optimizasyonunda
makine 6grenmesi yontemleri giderek daha fazla kullanilmaktadir(Tok M. ve
ark., 2025). Makine 6grenmesi algoritmalari, tiretim parametreleri ile {iriin
kalitesi arasindaki iligkileri modelleyerek daha dogru tahminler yapilmasina
olanak saglamaktadir. Ozellikle yiizey piiriizliiliigiiniin tahmin edilmesi ve
iretim parametrelerinin optimize edilmesi amaciyla gesitli makine 6grenmesi
modellerinin kullanildig1 ¢alismalar literatiirde yer almaktadir (Garcfa-Martinez
ve ark., 2024; Faidallah ve ark., 2024).

Bu ¢aligmada karbon fiber takviyeli PLA (PLA-CF) kompozit malzemesi
kullanilarak EBM yontemi ile tiretilen numunelerde katman kalinlig: ve
nozul sicakhigr parametrelerinin yiizey piiriizliiligii ve boyutsal dogruluk
tizerindeki etkileri deneysel olarak incelenmistir. Ayrica elde edilen deneysel
veriler kullanilarak farkli makine 6grenmesi algoritmalarinin performanslari
kargilagtirilmig ve en uygun algoritmanin belirlenmesi amaglanmugtir.

2. Materyal ve Yontem

2.1. Materyal

Bu galigmada tiretim malzemesi olarak karbon fiber takviyeli polilaktik asit
(PLA-CF) filament kullanilmistir. PLA-CF kompozit malzemeler, PLA matris
igerisine dagitilmig kisa karbon fiber takviyeleri sayesinde yiiksek mekanik
dayanim ve boyutsal kararlilik saglamaktadir. Ayrica diisiik yogunluklar: ve
iyi baski kabiliyetleri nedeniyle EBM tabanl eklemeli imalat uygulamalarinda
yaygin olarak tercih edilmektedir.

2.2. Yontem

Deneysel ¢aligmada numuneler Elegoo marka Neptun Pro 4 model EBM
tabanl ti¢ boyutlu yazici kullanilarak tiretilmigtir (Sekil 1). Numune geometrisi
30 x 50 x 3 mm boyutlarinda dikdortgen plaka seklinde tasarlanmigtir.
Caligmada iki farklr iiretim parametresi degistirilmigtir. Bu parametreler ve
seviyeleri Tablo 1°de verilmigtir.
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Sekil 1. Uretimde kullandan vi¢ boyutlu eklemeli imalat cihaz

Toblo 1. Uretim pavametveleri ve seviyeleri

Degisen parametreler Seviye
Katman kalinhg (mm) 0.1, 0.15, 0.2 ve 0.25
Nozul sicakligi (°C) 220, 225, 230 ve 235

(Galigmada sabit tutulan parametreler Tablo 2°de verilmistir.

Tablo 2. Calismadaki sabit pavametveler

Degisen parametreler Seviye
Tabla sicakligt 60
Alt/iist desen Es merkezli
Fan hiz1 (%) 100
Doluluk oran: (%) 100
Malzeme PLA-CF

2.2.1.Yiizey Piiriizliliigii Olgiimleri

Numunelerin yiizey kalitesini belirlemek amaciyla yiizey piiriizliiliik
olgiimleri gergeklestirilmistir. Olgiimler TMR marka 120 model yiizey
piirtizliliik 6lgiim cihazi kullanilarak yapilmigtir. Her numune igin farkl
ylizey bolgelerinden 10 adet piiriizliiliik ol¢iimii alinmig ve bu 6l¢limlerin
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ortalamasi hesaplanarak numunenin ortalama ytizey piiriizliiliik degeri (Ra)
belirlenmigtir.

2.2.2. Boyutsal Dogruluk Analizi

Numunelerin boyutsal dogrulugu dijital kumpas kullanilarak 6lgtilmiistiir.
Olgiimler numunenin dig dlgiilerini olusturan: uzunluk (50 mm), genislik
(30 mm) ve kalinlik (3 mm) degerleri igin gergeklestirilmistir. Boyutsal
dogruluk, nominal tasarim 6lgiileri ile 6lgiilen gergek degerler arasindaki
farkin hesaplanmast ile belirlenmistir.

2.2.3. Makine Ogrenmesi Analizi

Deneysel galiymadan elde edilen 16 adet yiizey piiriizliiliik ve boyutsal
dogruluk verisi, makine 6grenmesi analizlerinde veri seti olarak kullanilmugtir.
Makine 6grenmesi analizinin amaci: iiretim parametreleri ile yiizey kalitesi
arasindaki iliskiyi modellemek, en yiiksek tahmin dogrulugunu saglayan
makine 6grenmesi algoritmasini belirlemek olarak belirlenmistir. Bu kapsamda
veri seti farklt makine 6grenmesi algoritmalari kullanilarak analiz edilmis ve
algoritmalarin performanslar kargilagtirilmistir.

3. Sonuglar

EBM yonteminde PLA-CF kompoziti kullanilarak gergeklestirilen ¢aligmada

olgiilen sonuglar Tablo 3’te verilmistir.

Tablo 3. Gergeklestirvilen testler ve olgiilen sonuglar

Katman kalinlig1 Yiizey piiriizliligii
(mm) Nozul sicakligs °C) (Ra) Boyutsal fark (%)
0.1 220 0.81 1.14
0.1 225 0.78 1.07
0.1 230 0.8 2.12
0.1 235 0.94 2.11
0.15 220 1.14 2.16
0.15 225 1.06 2.14
0.15 230 1.23 247
0.15 235 1.35 2.56
0.2 220 2.68 2.74
0.2 225 2.46 247
0.2 230 3.84 2.83
0.2 235 442 3.11
0.25 220 5.17 3.07
0.25 225 4.86 3.04
0.25 230 5.56 3.56
0.25 235 6.67 412
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Caligma kapsaminda tiretilen numunelerin goriintiisii Sekil 2°de verilmigtir.
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Sekil 2. Uretilen numuneler

3.1. Yiizey Piiriizliiliigii Sonuglarinin Degerlendirilmesi

EBM yontemi ile iiretilen PLA-CF numunelerin yiizey piiriizliiliigii sonuglar
incelendiginde, iiretim parametreleri arasinda ozellikle katman kalinliginin
yiizey kalitesi iizerinde belirleyici bir etkiye sahip oldugu goriilmektedir.
Deneysel sonuglara gore en diisiik yiizey piiriizliiliigii degeri 0.1 mm katman
kalinlig1 ve 225 °C nozul sicakhiginda 0.78 um olarak 6l¢iilmiistiir. Buna
kargihik en yiiksek yiizey piirtizliliigii degeri 0.25 mm katman kalinhig: ve 235
°C sicaklikta 6.67 um olarak elde edilmistir. Katman kalinligina gore ortalama
piiriizliiliik degerleri incelendiginde 0.10 mm katman kalinliginda yaklagik
0.83 wm, 0.15 mm’de 1.19 um, 0.20 mm’de 3.35 um ve 0.25 mm’de 5.56 um
seviyesine yiikseldigi goriilmektedir. Bu durum katman kalinhigindaki artigin
yiizey puriizliiliigiinii 6nemli olgiide artirdigini gostermektedir (Sekil 3).



Yinus Kartal | 23

113 {101 mm ! L
ul
L1 ] ]
-3 =1p
g“ gu
E"‘ Bai
= g-ﬂi
[} 4
4
T : i i
fal] ] ] m o Fo R o] 12 ™ ™ E ]
Ml mewng (MG el mzaklg )
L] - —_— —
ToZmm r | T
o, o B
£ -5 a—
3
- &
7 ¥
i .
1
o ! | o | }
[ w FE e m ME 1 e e ™ = 4
borul secakindi (G Plooal sk {"C)

Sekil 3. Katman kalmlyj ve nozul swcaklyjma bagl olavak olgiilen yiizey piiviizliiliigi
degerleri

Bu sonuglar literatiirdeki bir¢ok ¢alisma ile uyum gostermektedir. EBM
dretiminde katman kalinliginin artmasi, katmanlar arasindaki basamak
(stair-stepping) etkisini artirarak yiizey piiriizliiliigiiniin yiikselmesine neden
olmaktadir. Bu etki ozellikle diigitk egimli yiizeylerde daha belirgin hale
gelmektedir (Boschetto & Bottini, 2014). Benzer sekilde Juan M. Chacén
ve arkadaglar1 (2017) tarafindan yapilan ¢aligmada da katman kalinhiginin
azaltilmasi ile yiizey piirtizliiliigiiniin 6nemli olgiide iyilestigi ve daha diizgiin
ylizeylerin elde edildigi rapor edilmistir.

Nozul sicakhiginin yiizey kalitesi tizerindeki etkisi incelendiginde ise
sicakligin belirli bir degere kadar ytizey piirtizliiliigiinii iyilestirdigi, ancak daha
yiiksek sicakliklarda yiizey kalitesinin yeniden bozuldugu goriilmektedir. Bu
caligmada yiizey piiriizliiliigiiniin 230 °C sicakliga kadar iyilestigi, ancak 235
°C’de tekrar kotiilestigi belirlenmigtir. Bunun temel nedeni yiiksek sicakliklarda
filament malzemesinin viskozitesinin azalmasi ve ekstriizyon sirasinda daha
kontrolsiiz bir akig sergilemesidir. Bu durum katmanlar arasinda diizensiz
birikmelere ve yiizey dalgalanmalarina neden olabilmektedir.
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Benzer bulgular Suraj Singh ve arkadaslar1 (2020) tarafindan yapilan
caliymada da rapor edilmistir. Aragtirmacilar, optimum ekstriizyon sicakliginin
tizerinde gergeklestirilen baskilarda malzemenin agir1 akigkan hale geldigini
ve bunun yiizey kalitesini olumsuz etkiledigini belirtmistir. Ayrica Bryan
Tymrak ve arkadaglar1 (2014) tarafindan yapilan ¢aligmada da uygun sicaklik
degerlerinde katmanlar aras1 baglanmanin iyilestigi, ancak agir1 sicakliklarin
ylizey piiriizliiliigiinii artirabildigi ifade edilmistir.

Karbon fiber takviyeli filamentlerin yiizey piiriizliiliigii tizerinde ek
bir etkisi de bulunmaktadir. Karbon fiber pargaciklari, polimer matris
igerisinde heterojen bir yap1 olusturdugu igin ekstriizyon sirasinda yiizeyde
mikro diizensizliklere neden olabilmektedir. Bununla birlikte uygun baski
parametreleri kullanildiginda bu etkinin minimize edilebildigi belirtilmektedir
(Khalili et al., 2023).

Sonug olarak elde edilen bulgular, EBM {iretiminde yiizey kalitesinin
iyilestirilmesi igin diigiik katman kalinlig1 ve optimum nozul sicaklig
degerlerinin tercih edilmesi gerektigini gostermektedir. Bu ¢aligma kapsaminda
elde edilen sonuglar literatiirde rapor edilen egilimlerle biiyiik olgiide uyum
gostermektedir.

3.2. Boyutsal Dogruluk Sonuglarmin Degerlendirilmesi

EBM yontemi ile iiretilen numunelerin boyutsal dogruluk sonuglari
incelendiginde, iiretim parametrelerinin pargalarin geometrik dogrulugu
izerinde 6nemli bir etkisi oldugu goriilmektedir. Deneysel sonuglara gore
boyutsal hata degerleri katman kalinliginin artmast ile birlikte artig gostermistir.
Ortalama boyutsal fark degerleri incelendiginde 0.10 mm katman kalinliginda
yaklagik %1.61,0.15 mm’de %2.33, 0.20 mm’de %2.79 ve 0.25 mm’de %3.44
seviyesine ylikseldigi goriilmektedir. Bu sonuglar katman kalinliginimn artmasinin
pargalarin boyutsal dogrulugunu olumsuz etkiledigini ortaya koymaktadir.
Uretim parametrelerine bagh olarak 6lgiilen boyutsal sapma degerinin yiizdesel
tarki Sekil 4’te verilmistir.
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Sekil 4. Olgiilen boyutsal sapma degerinin yiizdesel fark:

Katman kalinliginin boyutsal dogruluga etkisi literatiirde de genis sekilde
incelenmistir. Katman kalinliginin artmasi, her katmanda ekstriide edilen
malzeme miktarinin artmasina neden olmakta ve bu durum katmanlarin
kenarlarinda tagmalara yol agabilmektedir. Bu tagmalar 6zellikle kiigiik boyutlu
pargalarda olgiisel hatalarin artmasina neden olmaktadir (Dudescu & Raghavan,
2020). Ayrica kalin katmanlar, soguma sirasinda daha fazla biiziilme etkisi
olusturabilmekte ve bu durum pargalarin nominal 6lgiilerden sapmasina yol
acabilmektedir.

Nozul sicakligr da boyutsal dogrulugu etkileyen 6nemli parametrelerden
biridir. Yiiksek sicaklik degerlerinde filamentin akiskanlig:i artmakta ve
ckstriizyon sirasinda malzemenin kontrolii zorlagabilmektedir. Bu durum
ozellikle kenar bolgelerinde malzeme birikmesine neden olarak pargalarin
gergek oOlglilerinin tasarim olgiilerinden sapmasina yol agabilmektedir (Chacén
et al., 2017). Bununla birlikte ¢ok diigtik sicakliklarda ise katmanlar arasi
baglanma zayiflamakta ve bu durum da parganin yapisal biitiinliiglinii olumsuz
etkileyebilmektedir.
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EBM iiretiminde boyutsal dogrulugun iyilestirilmesi igin uygun katman
kalinlig1 ve ekstriizyon sicakligi kombinasyonunun belirlenmesi biiyiik 6Gnem
tagimaktadir. Bu galigmada elde edilen sonuglar, diigiik katman kalinliklarinin
hem yiizey kalitesi hem de boyutsal dogruluk agisindan daha avantajh oldugunu
gostermektedir. Benzer sonuglar Michael Dudescu ve Nishanth Raghavan
(2020) tarafindan yapilan galiymada da rapor edilmistir. Aragtirmacilar diigiik
katman kalinlig1 degerlerinin daha hassas olgiiler elde edilmesini sagladigini
belirtmistir.

Sonug olarak elde edilen bulgular, EBM yontemi ile iiretilen PLA-CF
kompozit pargalarin boyutsal dogrulugunun tiretim parametrelerine giiglii
sekilde bagh oldugunu gostermektedir. Ozellikle katman kalinligimn azaltilmast,
hem yiizey kalitesini iyilestirmekte hem de pargalarin tasarim 6lgtilerine daha
yakin sonuglar elde edilmesini saglamaktadir.

3.3. Makine Ogrenmesi Algoritmalarinin Kargilastirilmast

Caligma kapsaminda farkli iiretim parametrelerinde Olgiilen yiizey
piiriizliiliikleri ve boyutsal sapmanin yiizdesel farki makine 6grenmesi
algoritmalari ile degerlendirilmis ve en uygun tahmini gergeklestiren algoritma
belirlenmeye ¢aligilmistir (Tablo 4).

Tiblo 4. Makine ogrenmesi algovitmalar: ve tahminlerinin degerleri

Yiizey piirtizliiliigii Boyutsal sapma

Algoritma | MAE | RMSE |Coefficient|Algoritma| MAE | RMSE |Coecfficient
GP 1.5299 |1.679 0.6857 GP 0.5148 |0.6941 |0.6616
LR 0.8009 [0.9278 |0.8862 LR 0.2157 |0.2704 |0.9352
MLP 0.4375 |0.5651 |0.958 MLP 0.324 |0.3948 |0.8592
SLR 0.7317 |0.8258 |0.9082 SLR 0.3657 |0.4302 |0.8272
SMOreg  (0.7089 [0.8343 [0.9062 SMOreg [0.2464 [0.3008 [0.9261
IBK 1.2887 [1.6016 [0.6694 IBK 0.6913 10.7498 |0.5171
KStar 0.8188 [0.9665 |0.9597 KStar 0.2855 |0.4168 |0.9264
LWL 0.8983 |1.2447 |0.7919 LWL 0.5271 10.5719 |0.6976
AR 0.5735 ]0.6562 |0.9446 AR 0.2644 |0.3071 ]0.9203
Bagging  |0.7042 [0.9585 [0.8798 Bagging [0.4065 [0.554 0.6988
CVPS 1.8308 [2.0366 |[-0.5347 |CVPS 0.5952 |0.7939 |-0.6135
RC 0.4315 |0.603 0.9559 RC 0.3434 |0.4722 |0.8383
RFC 0.9744 |1.3428 |0.8276 RFEC 0.3658 |0.4858 |0.7926
RBD 0.7935 |1.0509 |0.8517 RBD 0.4897 |0.5423 |0.7306
Stacking  {1.8308 [2.0366 |-0.5347 |(Stacking [0.5952 [0.7939 |-0.6135
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DT 0.5017 |0.7135 0.9328 DT 0.436 |0.4971 |0.7701
M5P 0.6396 |0.7572 |0.9245 M5P 0.2157 0.2704 |0.9352
RF 0.4004 |0.5817 |0.9555 RF 0.2963 |0.3752 |0.8719
RT 0.4315 |0.603 0.9559 RT 0.3434 |0.4722 ]0.8383

3.2.1. Boyutsal Sapma Tahminine Yonelik Makine Ogrenmesi
Modellerinin Performans Analizi

Bu galigmada, katman kalinlig1 ve nozul sicaklig1 gibi proses parametreleri
kullanilarak elde edilen boyutsal sapma degerlerinin tahmini amaciyla farkl
makine ogrenmesi algoritmalarinin performans: kargilagtirilmigtir. Model
performanslarinin degerlendirilmesinde MAE, RMSE ve korelasyon katsayisi
metrikleri kullanilmigti. MAE ve RMSE degerlerinin diigiik olmas1 model
tahminlerinin gergek degerlere daha yakin oldugunu gosterirken, korelasyon
katsayisinin 1’e yaklagmasit modelin agiklayiciliginin yiiksek oldugunu ifade
etmektedir.

Elde edilen sonuglar incelendiginde bazi algoritmalarin boyutsal sapma
tahmininde digerlerine gore daha bagarih oldugu goriilmektedir. Ozellikle linear
regression (LR) ve M5P model tree algoritmalarinin en ytiksek performansi
gosterdigi belirlenmistir. Her iki algoritma igin MAE degeri 0.2157, RMSE
degeri 0.2704 ve korelasyon katsayis1 0.9352 olarak elde edilmistir. Bu sonuglar,
s0z konusu modellerin deneysel veriler ile tahmin edilen degerler arasinda
oldukga giiglii bir iligki kurabildigini gostermektedir. M5P algoritmasinin karar
agaci temelli bir model olmasi ve dogrusal regresyonu agag yapisi igerisinde
kullanmas, kiigiik veri setlerinde ytiksek tahmin dogrulugu saglayabilmesini
agiklamaktadir.

Benzer sekilde SMOreg algoritmasi da yiiksek tahmin performansi
sergileyen modeller arasinda yer almaktadir. Bu model i¢in MAE degeri 0.2464,
RMSE degeri 0.3008 ve korelasyon katsayis1 0.9261 olarak hesaplanmustir.
Destek vektor regresyonu temelli bu yaklagim, dogrusal olmayan iligkilerin
modellenmesinde etkili oldugundan proses parametreleri ile boyutsal sapma
arasindaki iligkiyi bagarili bir gekilde temsil edebilmistir.

Orta diizey performans sergileyen modeller arasinda random forest (RF),
multilayer perceptron (MLP) ve KStar algoritmalar1 yer almaktadir. Bu
modeller igin korelasyon katsayis1 degerleri sirasiyla 0.8719, 0.8592 ve 0.9264
olarak elde edilmistir. Ozellikle KStar algoritmasinin korelasyon katsayist
yliksek olmasina ragmen hata degerlerinin (MAE=0.2855, RMSE=0.4168)
nispeten daha biiyiik olmasi, tahminlerde belirli sapmalarin olugabildigini
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gostermektedir. Benzer sekilde MLP algoritmasi karmagik dogrusal olmayan
iligkileri modelleyebilmesine ragmen veri setinin sinirh biiyiikliigiinden dolay1
beklenen diizeyde performans sergileyememis olabilir.

Diger taraftan bazi algoritmalarin tahmin performanslarinin oldukga
diisiik oldugu goriilmektedir. Ozellikle CVparameterselection ve stacking
yontemlerinde korelasyon katsayisinin -0.6135 gibi negatif bir deger almas,
model tahminlerinin gergek degerlerle tutarsiz oldugunu gostermektedir. Bu
durum, s6z konusu yontemlerin veri setinin boyutu veya dagilimi agisindan
uygun bir modelleme yaklagimi olmadigini gostermektedir. Benzer sekilde IBk
algoritmasinin da yiiksek hata degerleri (MAE=0.6913, RMSE=0.7498) ve
diisiik korelasyon katsayist (0.5171) nedeniyle zayif performans sergiledigi
belirlenmistir.

Genel olarak degerlendirildiginde, boyutsal sapma tahmini i¢in dogrusal
model tabanli yaklagimlarin veri setine daha iyi uyum sagladigi goriilmektedir.
Ozellikle linear regression ve M5P algoritmalarinin diisiik hata degerleri ve
yiksek korelasyon katsayilar1 sayesinde en bagarili tahmin modelleri oldugu
sonucuna ulagilmistir. Bu durum, incelenen proses parametreleri ile boyutsal
sapma arasindaki iligkinin biiyiik 6lgiide dogrusal karakterde oldugunu
gostermektedir.

Sonug olarak, katman kalinlig1 ve nozul sicakligi gibi {iretim parametreleri
kullanilarak boyutsal sapmanin tahmin edilmesinde M5P ve linear regression
algoritmalart en uygun modeller olarak belirlenmistir. Bu modellerin
kullanilmas1, FDM tabanli iiretim siireglerinde boyutsal dogrulugun 6nceden
tahmin edilmesine ve iiretim parametrelerinin optimize edilmesine katki

saglayabilir.

3.2.2. Yiizey Piiriizliiliigii Tahminine Yonelik Makine Ogrenmesi
Modellerinin Performans Analizi

Caligmada farkli makine 6grenmesi algoritmalarinin yiizey piiriizliligiinii
tahmin etme performanst MAE (mean absolute error), RMSE (root mean
square error) ve korelasyon katsayist (coefficient) kriterleri kullanilarak
kargilagtiriimugtir. Elde edilen sonuglar, modellerin tahmin dogrulugu agisindan
onemli farkliliklar gosterdigini ortaya koymaktadir.

Genel olarak degerlendirildiginde, RMSE ve MAE degerlerinin diisiik,
korelasyon katsayisinin ise yiiksek olmast model performansinin daha iyi
oldugunu gostermektedir. Bu baglamda sonuglar incelendiginde, RF (random
forest) algoritmasinin en iyi performansi sergiledigi goriilmektedir. RF modeli
0.4004 MAE, 0.5817 RMSE ve 0.9555 korelasyon katsayzsi ile en diigiik hata
degerlerinden birine ve yiiksek bir dogruluk seviyesine sahiptir. Benzer sekilde
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MLP (multilayer perceptron) modeli de 0.4375 MAE, 0.5651 RMSE ve
0.9580 korelasyon katsaysi ile oldukea bagarili sonuglar tiretmigtir. Bu durum,
yapay sinir aglarinin dogrusal olmayan iligkileri modellemedeki etkinligini
gostermektedir.

Bunun yani sira RC, RT ve AR algoritmalar1 da yiiksek korelasyon katsayilari
(=0.94-0.96) ve diisiik hata degerleri ile giiglii tahmin performansi sergileyen
modeller arasinda yer almaktadir. Bu modeller, yiizey piiriizliiliigiini etkileyen
parametreler arasindaki karmagik iliskileri bagarili sekilde yakalayabilmektedir.

Dogrusal modeller incelendiginde ise LR (linear regression) ve SLR
(simple linear regression) algoritmalarinin hata degerlerinin nispeten daha
yiiksek oldugu ve korelasyon katsayilarinin diger gelismig yontemlere kiyasla
daha diigiik kaldig1 goriilmektedir. Bu durum, ylizey piiriizliiliigi gibi tiretim
stireglerinde ortaya ¢ikan degigkenlerin gogunlukla dogrusal olmayan iligkiler
igerdigini ve basit dogrusal modellerin bu iliskileri tam olarak temsil etmekte
sinirl kalabilecegini gostermektedir.

Ote yandan bazi algoritmalarin (6rnegin GP, IBK, CVPS, Stacking, RFC,
RBD ve LWL) MAE ve RMSE degerlerinin oldukga yiiksek oldugu dikkat
gekmektedir. Bu durum iki gekilde yorumlanabilir: ilgili algoritmalarin veri
setine uygun hiper parametrelerle egitilmemis olmasi, veri 6l¢eklendirme veya
model kurulum siirecinde ortaya ¢ikabilecek hesaplama veya veri igleme hatalari.

Ozellikle CVPS ve Stacking modellerinde korelasyon katsayisinin negatif
(-0.5347) olmasi, modelin ger¢ek degerlerle ters yonlii bir iliski kurdugunu
ve tahmin performansinin oldukga zayit oldugunu gostermektedir.

Sonuglar biitiinciil olarak degerlendirildiginde, topluluk tabanh yontemler
ve yapay sinir ag1 modellerinin yiizey piirtizliiliigii tahmininde daha yiiksek
dogruluk sagladig: goriilmektedir. Ozellikle random forest ve MLP algoritmalari,
diigiik hata degerleri ve yiiksek korelasyon katsayilari ile diger yontemlere
kiyasla daha basarili performans gostermigtir. Bu durum, karmagik tiretim
parametrelerinin etkiledigi ylizey piiriizliiliigii gibi problemlerde dogrusal
olmayan ve topluluk (ensemble) tabanl yontemlerin daha etkin sonuglar
saglayabilecegini ortaya koymaktadir.

Dolayisiyla, ileri ¢aligmalar i¢in model optimizasyonu ve hiperparametre
ayarlamalar yapilarak 6zellikle RF ve MLP tabanli modellerin gelistirilmesi,
ylizey piiriizliiliigii tahmin dogrulugunu daha da artirabilecek potansiyel bir
aragtirma yonii olarak degerlendirilebilir.
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4. Sonuglar ve Oneriler

Bu galiygmada, FDM yontemi ile tiretilen pargalarin boyutsal dogrulugunu
etkileyen temel proses parametrelerinden katman kalinlig1 ve nozul sicakliginin
boyutsal sapma tizerindeki etkisi deneysel olarak incelenmig ve elde edilen
veriler farkli makine 6grenmesi algoritmalari kullanilarak modellenmistir.
Makine 6grenmesi modellerinin performanslart MAE, RMSE ve korelasyon
katsayis1 gibi istatistiksel performans Olgiitleri kullanilarak degerlendirilmistir.

Deneysel sonuglar incelendiginde, katman kalinliginin artmasiyla birlikte
boyutsal sapma degerlerinin belirgin gekilde arttig1 gozlemlenmigtir. Bu
durum, katman kalinhginin biiyiimesiyle birlikte eriyik polimerin katmanlar
arasinda daha diizensiz bir sekilde birikmesi ve katmanlar aras1 geometrik
hassasiyetin azalmast ile agiklanabilir. Ozellikle yiiksek katman kalinliklarinda
malzemenin katilagma siirecindeki biiziilme ve geometrik kararsizliklarin
artmasi, pargalarin nominal 6lgiilerden daha fazla sapmasina neden olmustur.
Bu sonug, FDM iiretiminde boyutsal dogrulugun saglanabilmesi igin diigiik
katman kalinliklarinin tercih edilmesinin 6nemli oldugunu gostermektedir.

Nozul sicakliginin boyutsal sapma tizerindeki etkisi incelendiginde ise
sicakligin artmasiyla birlikte boyutsal sapma degerlerinde belirli bir degisim
egilimi gozlenmigstir. Daha yiiksek nozul sicakliklarinda polimer eriyiginin
akigkanhiginin artmasi, katmanlar arasinda daha iyi bir yayilma saglamasina
ragmen bazi durumlarda malzemenin kontrolsiiz akmasina ve geometrik
dogrulugun azalmasina neden olabilmektedir. Bu nedenle optimum nozul
sicakhiginin belirlenmesi, boyutsal dogruluk agisindan kritik bir parametre
olarak degerlendirilmektedir.

Makine 6grenmesi algoritmalarinin performanslari kargilagtirildiginda,
linear regression ve M5P algoritmalarinin en diigiik hata degerlerine ve en
yiiksek korelasyon katsayisina sahip oldugu belirlenmigtir. Bu durum, ¢aligmada
kullanilan proses parametreleri ile boyutsal sapma arasindaki iliskinin biiytik
Ol¢lide dogrusal bir karakter sergiledigini gostermektedir. Buna karsilik
bazi algoritmalarin daha yiiksek hata degerleri tiretmesi, veri setinin sinirl
bityiikliigii ve parametre sayisinin az olmasi ile iligkilendirilebilir. Ozellikle
karmagik model yapisina sahip algoritmalarin kiigiik veri setlerinde beklenen
performansi gosteremedigi goriilmiigtiir.

Elde edilen bulgular dogrultusunda, FDM f{iretim siireglerinde boyutsal
dogrulugun artirilabilmesi igin diigtik katman kalinhig1 ve uygun nozul sicaklig
kombinasyonlarinin tercih edilmesi gerektigi sonucuna ulagilmistir. Ayrica
makine 6grenmesi tabanli tahmin modellerinin kullanilmasi, iiretim siirecinde
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deneysel deneme sayisini azaltarak {iretim parametrelerinin daha hizh ve etkin
bir sekilde optimize edilmesine katki saglayabilir.

Bu caligma kapsaminda elde edilen sonuglara dayanarak gelecekte yapilacak
caligmalar igin bazi éneriler sunulabilir. Oncelikle, model dogrulugunu
artirabilmek amaciyla veri setine baski hizi, dolgu orani, sogutma fan hizi ve
baski yonii gibi ek proses parametrelerinin dahil edilmesi 6nerilmektedir. Ayrica
farkli polimer malzemeler kullanilarak gergeklestirilecek deneysel galigmalar,
makine 6grenmesi modellerinin genellenebilirliginin degerlendirilmesine katki
saglayacaktir. Bunun yani sira, daha biiytik veri setleri ile gerceklestirilecek
¢aligmalarin derin O6grenme tabanli yontemlerin performansinin
degerlendirilmesine olanak saglayacag: diigiiniilmektedir. Son olarak, ¢ok
amagh optimizasyon yaklagimlarinin kullanilmast ile hem mekanik 6zelliklerin
hem de boyutsal dogrulugun ayni anda optimize edilmesi miimkiin olabilir.

Sonug olarak, bu galiyma FDM iiretim siireglerinde boyutsal sapmanin
tahmin edilmesinde makine 6grenmesi yontemlerinin etkili bir arag oldugunu
ortaya koymakta ve uygun proses parametrelerinin belirlenmesine yonelik
onemli bir referans sunmaktadr.
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Bolum 3

Diiz Digli Cark Sistemlerinde Hertz Basing
Degerlerinin Analizi

Ramazan Caligkan'
Ali Osman Kurban?

Ozet

Mekanik gii¢ iletim sistemlerinde disli carklarin operasyonel Omriini
siirlayan temel faktoriin, yapisal kirilmalardan ziyade yiizeylerde meydana
gelen tribolojik aginmalar oldugu bilinmektedir. Bu aginma siireci, etkilegim
halindeki dis profilleri arasinda olugan yiiksek temas basinglarinin yol
actigy elastik ve plastik deformasyonlarin bir sonucudur. Bu ¢aligmada
Hertzian temas gerilmelerinin analitik hesabr ve bu gerilmelerin tetikledigi
deformasyon karakteristikleri aragtirilmaktadir. Elastisite teorisi temel alinarak
gerceklestirilen modellemede, 6nce temas geometrisi tanimlanmig, ardindan
iletilen momentin olugturdugu kuvvetlerin basing dagilimu tizerindeki etkileri
sayisal olarak analiz edilmistir. Geligtirilen hesaplama algoritmasi sayesinde;
basing agisi, Egrilik yarigapi, Elastisite modiilii ve Poisson orani, gibi
tasarim parametrelerinin sistem performans: tizerindeki etkileri parametrik
olarak incelenmigtir. Dig disli tasarimlarinda kritik 6neme sahip olan temas
gerilmesi, deformasyon parametrelerini minimize etmeye odaklanmaktadir.
Disli hasarlarinin temel nedeni olan gerilme agimini engellemek amaciyla,
¢ farkli malzeme ve ii¢ farkli Tork segenegiyle olusturulan dokuz farkli
kombinasyon ileri diizey simiilasyon teknikleriyle incelenmistir. Solidworks
2020 programinin Simulation ortaminda vyiiriitiilen iki boyutlu sonlu
elemanlar (FEM) caligmalari, Hertz basing degerleriyle karsilagtirmalr olarak
analiz edilmistir. Burada Tork ve Elastisite modiiliindeki artis Hertz basinci
degerini de arttirmaktadir. Teorik ve niimerik sonuglar arasindaki tutarlilik,
analiz metodolojisinin dogrulugunu ortaya koymakta ve tasarim siirecinde
giivenle kullanilabilecegini gostermektedir. Mekanik sistemlerde geligin
vazgegcilmez bir bilegen olarak 6ne ¢ikmasinin temel nedenti, yiiksek hacimsel
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mukavemet, verimlilik ve ekonomik olmasidir. Endiistriyel digli imalatinda;
Karbon bazli alagimlardan, karmagitk metaliirjik kompozisyonlara sahip
alagimlt geliklere kadar genis bir alanda se¢im yapilmaktadir. Malzeme segim
stirecini belirleyen temel parametreler; dinamik yiikler altindaki yorulma
direnci, kopma mukavemeti ve malzemeye uygulanan 1s1l iglemdir.

1. Disli Carklarin Gelisim Siireci

(Chacén ve ark., 2010) Digli carklar, tizerlerinde geometrik olarak
sekillendirilmig digler bulunan ve iki donen saft arasinda gii¢ (tork ve agisal
hiz) aktarmak amaciyla tasarlanmig temel makine elemanlaridir. Insanligin
teknik gelisim siirecindeki en kadim buluglar arasinda yer alan disliler, antik
donemlerden bu yana 6nemini korumustur. En basit mekanizmalardan en
karmagik endiistriyel sistemlere kadar, hareketin oldugu her noktada bu
sistemlerin temel bir rol oynadig goriilmektedir. Disli arklar Hertz basincindan
kaynakli deformasyona ugramaktadir. Hertz Basinc1 (Hertzian Pressure),
Makine Miihendisligi ve 6zelikle Temas Mekanigi alaninda kullanilan temel
kuramsal biiyiikliiktiir, Bu deger, elastik iki cismin normal kuvvet etkisinde
temasi sonucu, temas yiizeyinde olugan maksimum basma gerilmesini tanimlar.
Hertz basincindan kaynakh dis dibi gerilmelerinin analizi yapilmustir. Tletim,
bir digliden digerine dig profillerinin birbirine temas etmesi ve mekanik olarak
kenetlenmesi sayesinde gerc¢eklesir. Disli carklarin birincil gorevi, aktarilan
torkun seviyesini degistirmek ve/veya doniig hizini (devir sayisini) sabit bir oranla
iletmektir. Bu sayede mekanik sistemlerde hiz ve tork gereksinimleri hassasiyetle
yonetilebilir. (Kapelevich & Shekhtman, 2003) tarafindan hazirlanan “Asimetrik
Involiit Disliler igin Dogrudan Digli Tasarim1.” iizerine arastirma makalesinde;
digli ¢arklarda geometrik parametrelerin se¢imi, sistemin tagtyabilecegi yiik
kapasitesini ve dayanikliligini dogrudan etkiler. Tasarim siirecinde, digli ¢arkin
temas alanindaki gerilme dagilimi dikkate alinarak optimizasyon g¢aligmalar1
vapilmakta, bu sayede hem mukavemet hem de verimlilik artirilmaktadir.
Ozellikle yiiksek tork altinda galisan disli sistemlerinde, diglerin dayaniminin
yetersiz kalmasi sistemin tamamen devre dig1 kalmasina neden olabileceginden,
tek bir digin dahi eksikligi tiim mekanizmanin igleyisini bozabilmektedir. Bu
baglamda kavrama halindeki pinyon ve digli bilegenlerinin mekanik direng
seviyelerinin dengelenmesi gerekliligi vurgulanmugtir. (Bibel ve ark., 1994) disli
sistemlerinde dig dibi mukavemeti ile egilme gerilmelerinin dengelenmesinin,
digli giftlerinin 6mriinid artirdigi sonucuna ulagmuglardir. Digli ¢arklar, ¢alisma
sirasinda iki ana gerilme tiiriine maruz kalmaktadir: dis yiizeyinde olugan temas
basinci (contact pressure) ve dig dibinde meydana gelen egilme gerilmesi. Tork
altinda ¢alisan diglilerde bu iki gerilme tiirii birlikte etkili olur. Ozellikle dis dibi
gerilmesi, sertlestirilmig diglilerde kirilma riskini artiran kritik bir faktordiir.
Bu nedenle, dig dibi kirtlmasi digli mekanizmalarindaki en yaygin ve tehlikeli
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hasar tiirlerinden biri olarak kabul edilmektedir. (Goss & Hoeppner, 1974)
Digli garklarin temas bolgelerinde olusan Hertz basincinin, ylizeyde mikro
catlaklarin baglamasi ardindan pitting (yiizey ¢ukurlagmasi) gibi yorulma
hasarlarini tetikledigini belirtmistir. Bu tiir yiizey hasarlari, disli ¢arkin kullanim
omriinii 6nemli 6lciide kisaltmakta ve sistemin genel verimini diigtirmektedir.
Dolayisiyla, Hertz basincinin dogru bigimde hesaplanmasi, yorumlanmasi
ve sinirlandirilmasi, digli sistemlerin giivenilirligi agisindan kritik bir 6neme
sahiptir. (Akkurt M., 2005) Disli carklarin mukavemet ve ylizey basinca kargi
dayanimini genig olgiide etkileyen en temel etken malzemedir. Bu nedenle
malzeme tercihi, tasarimin en kritik adimlarindan biridir. Genellikle yiiksek
kuvvet aktaran diglilerde ¢elik esas alinirken; yalnizca devir iletimi gerektiren
duyarli cihazlarda kullanilan garklar i¢in bronz, naylon, teflon ve sinterlenmis
malzemeler gibi alternatifler segilir. Onemsiz olan ve ¢ok diigiik devirlerde
faaliyet gosteren disliler ise dokme demir esash alagimlardan imal edilmeye
uygundur. (Zhao & Maietta, 1992,) Disli gark temaslarini sonlu elemanlar
yontemi (FEM) kullanarak modellemis ve klasik Hertz teorisinin yalnizca
ideal kogullarda gegerli oldugunu, gergek temas davraniginin ise dig geometrisi,
malzeme anizotropisi ve yiikleme kogullar1 gibi faktorlerle 6nemli 6lgiide
degistigini vurgulamistir. Bu nedenle, modern tasarim yaklagimlarinda Hertz
teorisinin sayisal analizlerle desteklenmesi gerektigi 6nerilmistir.

1.1. Disli carklarda Hertz basincinin hesaplanmasi

1882 yilinda Alman fizik¢i Heinrich Hertz tarafindan ortaya atilmugtir.
Disli ¢arklar, rulmanlar ve kam mekanizmalari ve demiryolu tekerlekleri gibi
yuvarlanma ve kayma temasinin bulundugu tiim sistemlerin yiizey mukavemeti
ve yorulma omrii analizleri i¢in baglangi¢ noktasini olugturur. Bu gerilme,
ozellikle digli garklarda meydana gelen yiizey yorulmas: (pitting) hasarinin
baglangicini ve 6ngoriilmesini sagladigr i¢in miithendislik analizlerinde hayati
oneme sahiptir.

Caligmada ele alinan digli garklarin yorulma olusumunda meydana gelen
Hertz basinglar1 dogrudan olgiilmez, s6z konusu gerilmeler genellikle gelismig
analitik bagintilar veya dolayli test yontemleriyle degerlendirmeler yapilabilir.
Ancak Hertz gerilmelerinin tetikledigi yorulma etkisini ve malzeme 6mrii
tizerindeki tahribatini daha somut verilerle ortaya koyabilmek adina, gelismig
simiilasyon sistemlerinden ve kontrollii test diizeneklerinden faydalanmilmaktadir.
Deneysel olarak yiiksek basing altinda meydana gelen mikroskobik ¢atlak
olusumu, aginma belirtileri ve yiizey yorulmas: (pitting) gibi kritik hasar
mekanizmalarini derinlemesine gozlemleyebilmek igin, gergek galigma sartlarim
laboratuvar ortaminda simiile edebilen spesifik malzeme giftleri ve 6zel numune
kombinasyonlari tercih edilmektedir. Tekrarli yiiksek temas gerilmelerinin bir
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sonucu olan pitting, heniiz tam olarak tanimlanamamug bir yiizey yorulma
mekanizmasidir. Bu hasarin temel nedenti, gerilmeleri kritik limitlerin tizerine
gikaran agir1 yiiklemedir. Mevcut ¢alismada, tork etkisi altindaki bir sonlu
elemanlar modeli kullanilarak temas gerilmeleri analiz edilmistir. Analiz
kapsamu, disli ¢iftinin temas noktasindaki Hertz basinglar1 hesaplanip daha
sonra Solidworks 2020 programiin Simulation Komutu sayesinde bu degerler
ile kiyaslama yapilmistir. Modellemede ise temas halindeki disli giftleri ayn1
malzemelerden segilmigtir.

Sekil 1 de verildigi tizere temas halindeki digli giftlerinin digleri arasindaki
gii¢ aktarimi, cahigan diglerin temas noktasinda gergeklesir. Temas noktasindaki
gerilmeler, Hertz teorisi kullanilarak hesaplanir. Bu teori, temas halindeki egri

cisimlerin gerilmeleri ve gekil degistirmelerini ifade eder.

Genel itibariyle, dig koklerinde gerilim giderme ve temas noktalarinda
1sinma sirasinda yorulma sonucu olugan hasarlarin 6nlenmesi gerekir. Bu
degerlendirmeler, belirli parametreler yardimiyla gergeklestirilmektedir.
Incelenen bu parametrelere 6rnek olarak temas noktasindaki maksimum
basing p, ., degeri Baginti 1’de verilmistir.

F o F
0 = /"— (1)
e weL*R

F, : Diglilerin birbirine uyguladiklart Normal Kuvvet
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E: Iki silindirik malzemenin elastikiyet modiilii
R: Indirgenmis Egrilik Yarigap

L: Silindirlerin eksenel uzunlugu

Tasarimda ve gerilme analizinde kritik 6neme sahip olan indirgenmig egrilik
yarigap1 (R) ve indirgenmis Young modiilii (E) olacak bigimde Bagint1 2 ve
3’te verilmigtir:

1 1 1
S 2)
R R R
_ 2 _ 2
1_1-v 1-v .
El E2

Bagintidaki indeksler sirasiyla cisim 1 ve 2’yi ifade eder.

Verilen 2 ve 3 Nolu bagintilarda diizenleme yapilirsa;

4 Nolu p,.. elde edilir. Burada;

V,,V, = Ikisilindir malzemesinin Poisson orani

Prmax degerinin hesabinda paydadaki (-) isareti i¢ diglide, (+) isareti de
dis digli gark hesabinda kullanilmaktadir.

r., ve r_,, pinyon ve diglinin adim yarigaplar1 ve ¢ ise basing agisidir.

Hesaplamalarda kullanilan disli garklara ait boyutlandirma Tablo 1’ de
verilmistir.



40 | Diiz Disli Cark Sistemlerinde Hertz Basing Degerlerinin Analizi

Tablo 1: Hesaplamalarda kullanidan disli cavklarm boyutlar:

Sembol Anlami Birimi Degeri
Z Dis Sayist - 27
D Adim Daire Cap: mm 36.26
(0] Basing Agist Derece 20
L Dis Genisligi mm 7
R Saft Capi mm 18
R, Dis Dibi Caps mm 15.31

Hertz basincinin hesabi i¢in 2 adet disli ¢ark ¢iftinden alttaki disli ¢arkin i¢
kenarina sabit destek uygulannustir. Usteki disli garkin i¢ kenarina, tegetsel
doniigiine izin veren ancak radyal hareketine engel olan siirtiinmesiz destek
uygulanmustir. Ust dislinin i¢ kenarina saat yoniinde, 25 N-m, 50 N-m ve 75
N-m momenti tahrik torklar1 olarak uygulanir. Teorik hesaplamalarin ardina
ayni gartlar altindaki digli garklarin Solidworks 2020 Programinin Simulation
komutuyla elde ettigimiz ¢aligmalar verilecektir. Disli takimi, orijinal diglinin
bir kopyasinin ¢evrilmesi ve birbirine gecen iki diglinin merkez mesafesine
esit bir bogluk birakilmasiyla olusturulur.

Burada 25 N-m, 50 N-m ve 75 N-m moment etkisi altinda boyutlar
esit olan gri dokme demir, 1060 aliiminyum alagimi ve AISI 1035 gelik
malzemelerinden 2’ser adet imal edilerek toplamda 6 adet dig digli cark:
malzemelerindeki zorlanmanin etkisinde dig dibi gerilmesi incelenmektedir.

Disli malzemelerine ait Elastisite modiilleri ve Poisson oranlar1 da Tablo
2°de verilmistir.

Tablo 2: Disli malzemelerinin Elastisite modiil ve Poisson oranlar:

Malzeme Elastisite modiilii (N/ Poisson orani
mm?)
AIST 1035 Celik 2.05%10° 0.29
Gri Dokme Demir 6.62%10* 0.27
1060 Aliiminyum Alagimi 6.9%10* 0.33

Disli gark diglerine etki eden Hertz Basinglarini hesaplayabilmek igin
kullanacagimiz digli garka ait degerler Tablo 1 ve Tablo 2°de verilmistir. Bagint1
4°deki ifadesi kullamlarak Hertz basinci elde edilir.
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25 N-m dondiirme torku etkisi altindaki dig disli ile sabit dig digli ¢arklarin
Gri Dokme Demir i¢in hesabr;

25 N-m tork etkisi altindaki digli ¢arklarin donme esnasindaki uyguladigt
noktasal kuvvet;

Tork = Kuvvet * Dig dibi ¢ap1
25x10*(N-mm) = F_(N) * 15,31 (mm)
F, =1632,92 N

1632,92 1+@
15.31

(1—0.272) (1—0.272)
6,62+10* " 6,62+10"

pmax:

1531emeTe sin 20

Pmax = 615.91 MPa degeri elde edilmigtir

Hesaplamalarda kullanmig oldugumuz digli garklarin 25 N-m tork etkisinde
Solidworks 2020 Programinin Simulation Komutu ile Hertz Basincina ait
degerleri Sekil 2 ‘de veilmistir.

PG el ac Dl Gark (G4 Dok e Dl
ERGT 30l Hertz Basihe)
B e ]
Dufarmmiyan slgasi 7, E9EE
S (H T
q ey
|
- ame
e

EREEFTRS
T.AdTe 1
- 5,855+

A AESe
38774
TABEe+
3100+

S

e Tapas Ba

i

Sekil 2: 25 N-m tork ethisi altindaki disli ¢ark (Gri Dokme Demir)

Solidworks 2020 Programi yardimiyla simiilasyonu yapilan ve Sekil 2°de
goriinen digli garklarin dondiiren ve sabit dig disli ¢ark olan Gri Dokme
Demir’in 25 N-m tork etkisi altindaki Hertz Basinc1 degeri 639,4 MPa oldugu
goriilmektedir.



42 | Diiz Disli Cark Sistemlerinde Hertz Basing Degerlerinin Analizi

Sabit digli cark ile dondiirme etkisindeki dig digli ¢ark 1060 Aliiminyum
Alagimi i¢in hesaplama yapilirsa;

1632,92 1+@
15.31

pmwc =
(1-0.33) (1-0.33%) |
1531emeT7e ot .~ |sin20
6,910 6,910
Prax = 041.38 MPa degeri elde edilmistir.

Etut a ans

il Hipi Stat g'
D Formas y nal: -1 7:2455
SR IMFmA
1478 vaa
'_ 1 ec0g
- 1.783e-a8
_ m5ee0d
| aeseeds
7,30 e 08
i S 7atiE
- amEeedn
z.mme 08
1,75 va8
. 4,7 5 01
l = Turrms Basin ci: 6 56 Gus 08

Sekil 3: 25 N-m tork ethisi altmdaki disli ¢ark (1060 Aliiminyum Alasuny)

Sekil 3’te yukaridaki goriinen dondiirme etkisindeki ve sabit dig digli garklar
1060 Aliiminyum Alagiminin 25 N-m tork etkisi altindaki Hertz Basinci
degeri 656,6 MPa oldugu goriilmektedir.

Dondiiren ve Sabit digli AISI 1035 Celik’ten imal edilmig Disli sistemindeki
hesaplamada;

15.31
(1—0.292) (1—0.292)
2.05-10°  2.05+10°

1632,92-(1+ 1531}

Prmax =

15.31emwe7e sin 20

Prax = 1090.44 MPa degeri elde edilmistir.
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2/

Sekil 4: 25 N-m tork ethisi altindaki disli cark (AISI 1035 Celik)

PAodel adil Digll Cark GoISHTOE Gellky
Etot nchi Hertz Baainet

Grafik tipi: Sakic doH0m sresi el
Defarmanon bledin 612203
SR
2.120:+05
- 10080 +00
. 1.686¢+05

L 1ABAe DB

1.272e+05

= 1,060 +00
8473 408

| E35% 408

4, 240¢ +08

21208408
78a0e 01

= Tarrms Bazine 11130409

Sekil 4te Dondiirme etkisinde ve sabit disli carklarin her ikisi de AISI
1035 Celik’in 25 N-m tork etkisi altindaki Hertz Basinci degeri 1113 MPa
oldugu goriilmektedir.

50 N-m tork etkisi altindaki disli garklarin dénme esnasindaki uyguladig:
noktasal kuvvet;

Tork = Kuvvet * Dig dibi ¢ap1
50 x 10*(N-mm) = F_(N) * 15,31 (mm)
F = 326584 N

Hesaplamaya 50 N-m dondiirme torku etkisi altindaki dig disli ile sabit
dig digli carklarin Gri Dokme Demir i¢in hesabr yapilirsa;

3265,84 ¢ (1 + 1531)

15.31
(1—0.272) (1—0.272)
6,62+10* " 6,62+10*

pmax:

1531emweTe sin 20

Prax = 871.02 MPa degeri elde edilmistir.



44 | Diiz Disli Cark Sistemlerinde Hertz Basing Degerlerinin Analizi

e (Gri Dakme Demir)

Midsl 2110
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Sekil 5: 50 N-wm tovk etkisi altindaki disli ¢ark (Gri Dokme Demir)

Sekil 5’te goriinen disli garklarin dondiiren ve sabit dig digli gark olan Gri
Dokme Demir’in 50 N-m tork etkisi altindaki Hertz Basinci degeri 908.1
MPa oldugu gortilmektedir.

Sabit disli gark ile dondiirme etkisindeki dig digli gark 1060 Aliiminyum
Alagim1 olup hesaplama yapilirsa;

3265,84 ¢ (1 + 1531)

15.31
(1—0.332) (1—0.332)
6,9+10* " 6,9+10*

Pumax =

15.31emwe7e sin 20

Prax = 907.04 MPa degeri elde edilmigtir.

SR A2
2420 200
- BRI
- Ewtesod

. ame 03
12r2e 03
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4 7a1e 08
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Sekil 6: 50 N-m tork ethisi altimdaki disli ¢ark (1060 Aliiminyum Alasuny)
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Sekil 6’da yukaridaki goriinen dondiirme etkisindeki ve sabit dig disli
carklar 1060 Aliiminyum Alagiminin 50 N-m tork etkisi altindaki Hertz
Basinci degeri 928.7 MPa oldugu goriilmektedir.

Dondiiren ve Sabit digli AISI 1035 Celik’ten imal edilmis disli garkin
hesab1 yapilirsa;

3265,84 «| 1+ 1531)
15.31

(1—0.292) (1—0.292)
2.05-10° © 2.05+10°

Prmax =

15.31emweTe sin 20

Prax = 1542.11 MPa degeri elde edilmistir.

MAodel adi DN Gark (A5 T35 Cabky

Ebit neli; Herts Basiric)
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Sekil 7: 50 N-m tork etkisi altindaki disli ¢avk (AISI 1035 Celik)

Sekil 7’de Dondiirme etkisinde ve sabit digli garklarin AISI 1035 Celik’in
50 N-m tork etkisi altindaki Hertz Basinc1 degerinin 1574 MPa oldugu
goriilmektedir.

75 N-m tork etkisi altindaki disli carklarin donme esnasindaki uyguladig:
noktasal kuvvet;

Tork = Kuvvet * Dig dibi ¢ap1
75x 103 (N-mm) = F_(N) * 15,31 (mm)
F = 4898.76 N
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Hesaplamaya 50 N-m dondiirme torku etkisi altindaki dig digli ile sabit
dis digli carklarin Gri Dokme Demirden imal edilmis olarak hesaplanirsa;

4898.76 - 1+@
15.31

(1—0.272) (1—0.272)
6,62+10" " 6,62+10"

Prmax =

15.31emeTe sin 20

Prax = 10606,77 MPa degeri elde edilmistir.

Pdadel ads Digli Gark (3 Dakme Demin)
ETCt ach Hertx Basinci
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Sekil 8: 75 N-m tork etkisi altindaki disli cark (Gri Dokme Demir)

Sekil 8°de goriinen disli ¢arklarin dondiiren ve sabit dig disli ¢ark olan Gri
Dokme Demir’in 75 N-m tork etkisi altindaki Hertz Basinci degeri 1096
MPa oldugu goriilmektedir.

Sabit digli cark ile dondiirme etkisindeki dig digli ¢ark 1060 Aliiminyum
Alagimi olup hesaplama yapilirsa;

4898.76 - (1 + 1531}

15.31
(1—0.332) (1—0.332)
6,910 i 6,910

Prmax =

1531eme7e sin 20

Prax = 1110.89 MPa degeri elde edilmistir.
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Sekil 9: 75 N-m tork ethisi altindaki disli cark (1060 Aliiminyum Alasunt)

Sekil 9°da yukaridaki goriinen dondiirme etkisindeki ve sabit dig digli
carklar 1060 Aliiminyum Alagiminin 75 N-m tork etkisi altindaki Hertz
Basinc degeri 1137 MPa oldugu goriilmektedir.

Dondiiren ve Sabit digli AISI 1035 Celik’ten imal edilmis olup hesabs
yapilirsa;

4898.76 o[ 14 1231
15.31
(1—0.292) (1—0.292)
+
2.05+10°  2.05¢10°

Prax =

15.31emeTe sin 20

Prax = 1888.69 MPa degeri elde edilmistir.
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Sekil 10: 75 N-m tork etkisi altindaki disli cark (AISI 1035 Celik)

Sekil 10°da Dondiirme etkisinde ve sabit digli ¢arklarin her ikisi de AISI
1035 Celik’in 75 N-m tork etkisi altindaki Hertz Basinci degeri 1925 MPa
oldugu goriilmektedir.
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Bu aragtirma kapsaminda; evolvent profilli dig diglilerde meydana gelen
Hertzian temas gerilmeleri tizerine basing agis1, Elastisite modiilii, Poisson
orani ve iletilen torklar parametrik olarak incelenmigtir. Temas noktasinin
malzemelerin Elastisite modiilleri ve Posisson oranlarinin farkhiligindan sebep
her ne kadar ayni tork ile kuvvet uygulansa da Hertz basing degerleri degisiklik
gostermektedir. Ozellikle dis dibine yakin temas bolgelerinde torkun artmast,
gerilme yigilmasini en iist seviyeye tagir. Literatiirde bu nokta genellikle en
biiyiik zorlanma bolgesi olarak tanimlanir. Dig temasinin bagladig1 veya yiikiin
tam kapasiteyle bindigi en kritik bolge genellikle yuvarlanma (pitch) noktasi
civarinda gergeklesir. Bu kinematik gerekgelerle, gergeklestirilen analizlerde
yuvarlanma noktasindaki temas kogullar1 referans alinmigtir.

Aragtirmada kullanilan disli carklara etki eden Hertz basing degerlerini
Solidworks uygulamasi yardimiyla bulunan degerlerle kiyaslayip aradaki farki
yiizdelik hata seklinde hesaplayabiliriz. Burada 25 N-m tork etkisindeki Gri
Dokme Demir degerleri igin;

Hertz bagintisi ile hesaplanan basing degeri: 615.91 MPa
Solidworks programu ile bulunan Hertz basinct degeri: 639.4 MPa
Solidworks ve Hertz degerlerindeki yiizdelik hata payz;

(639,4—-615,91)*100

=%3.81 olarak elde edilmistir.
615,91

25 N-m, 50 N-m ve 75 N-m Tork etkisinde hesaplanan ve Solidworks
programindan elde edilen basing degerleri Tablo 3 - 4 ve 5’te verilmistir.

Tablo 3: 25 N-m Tork Etkisindeki Basmng Degerleri ve Hata Pay:

Dondiiren ve Sabit Tork : 25 N-m Yiizdelik Hata
Disli Carklar - (%)
Hertz Basinci SOLIDWORKS
(MPa) (MPa)
Gri Dokme Demir 61591 639.4 3.81
1060 Aliminyum 641.38 656.6 2.37
Alagimi
AISI 1035 Celik 1090.44 1113 2.06
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Tablo 4: 50 N-m Tork Etkisindeki Basmg Degerleri ve Hata Pay:

Dondiiren ve Sabit Tork : 50 N-m Yiizdelik Hata
Disli Garklar Hertz Basinc1 SOLIDWORKS (%)
(MPa) (MPa)
Gri Dokme Demir 871.02 908.1 4.26
1060 Aliiminyum 907.04 928.7 2.38
Alagimi
AIST 1035 Celik 1542.11 1574 2.26

Tiblo 5: 75 N-m Tork Etkisindeki Basmg Degerleri ve Hata Pay:

Tork : 75 N-m Yiizdelik Hata
Dondiiren ve Sabit (%)
Disli Carklar 5
Hertz Basinci SOLIDWORKS
(MPa) (MPa)
Gri Dokme Demir 1066.77 1096 2.74
1060 Aliiminyum 1110.89 1137 2.35
Alagimi
AIST 1035 Celik 1888.69 1925 1.92

Disli garklarin Hertz basing degerleriyle Solidworks uygulamasi arasindaki
hata pay1 % 1,92 + 4,26 arasinda degismektedir.

Tablo 3 - 4 ve 5’te verilen degerler dikkate alinarak, Gri Dokme Demir
— Aliiminyum ve Celik igin p,., basing degerleriyle — Tork degisim
diyagramlari; Sekil 11 - 12 ve 13’te verilmistir.

Burada disli ¢ark hesap ve uygulamalarinda dondiiren (Pinyon) ve sabit
diglilerin tasarim parametreleri 6zdes segilmistir.

Yapilan bu 6rnek ¢alismada, gerilme ve deformasyon 6zelikleri, sistemin
tek disli (noktasal temas) {izerinden yiik aktarimi esas alinmistir.
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Gri Dokme Demir

Tork (N-m)

Sekil 11: Baswmer Degerleri - Tovk Degisimi

Sekil 11’de Hertz basing degerleriyle Solidworks’teki degerler mukayese
edilmis olup Gri Dékme Demirin 3 farkli Torktaki basing degerleri grafigi
verilmistir.

1060 Aliminyum Alasimi

Sekil 12 Baswct Degerlers - Tork Degjisimi

Sekil 12°de 1060 Aliiminyum Alagiminin Hertz basing degerleri ile
Solidworks’teki degerlerin Tork ile degisim grafigi verilmistir.
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AISI 1035 Celik

Hertz Basinci (MPa)

25 50 75

Tork (N-m)
== Hertz Basing Formili i SOLIDWORKS

Sekil 13 Baswmer Degerleri - Tork Degisimi

Sekil 13’te AISI 1035 Celiginin Hertz basing degerleriyle Solidworks’teki
degerlerin mukayesesi yapilmustir.

Sekil 11, Sekil 12 ve Sekil 13’teki disli ¢ark parametreleri kullanilarak
yapilan degerlendirmelerde; uygulanan tork, yiizey basinglari tizerinde etkili
olmaktadir. Tletilen momentteki artis temas kuvvetini etkilemekte olup Hertz
gerilmelerinde de artiga neden olmaktadir. Kullanilan malzemenin 6zelliklerine
bagl Elastisite Modiiliindeki degisim Hertz basincini etkilemektedir. Basing
agisinin ve Poisson oraninin, yiizey temas gerilmelerini (Hertzian stress)
minimize edici bir etki olugturmaktadir.

Digli gark sisteminin birbiri tizerindeki basing degerleri incelenmig olup,
3 farkli malzeme esas alinarak Hertz basinci ve Solidworks’te elde edilen
sonuglarin mukayesesi yapilmustir. Burada dig kalinliginin artigi, temas
basinglarini ve elastik gekil degisimlerini minimize etmektedir. Dig kalinliginin
artmasi disli garkin ve mekanik sistemin agirligini da etkilemekte olup, temas
geometrisindeki kiigiilme, Hertz basinci ve deformasyon degerlerinde artiga
neden olmaktadr.

Gri Dokme Demir ve 1060 Aliiminyum Alagimindan imal edilen dish
sistemlerindeki basing ve deformasyon degerleri birbirine yakinken AISI 1035
Celiginden imal edilen digli sisteminde daha yiiksek degerler goriilmektedir.
Bunun nedeni gelikte kullanilan malzemelerin Elastisite modiil degerinin
yiiksek olmasidir. Endiistriyel uygulamalarda farkli metaliirjik 6zelliklere sahip
karbon bazli alagimli ¢elik tiirlerinden yararlaniimaktadir.

Birim hacim bagina diigen yiiksek mukavemet performansi ve optimum
temin maliyeti geligi disli mekanizmalarinin vazgegilmez bir bileseni haline
getirmektedir.
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Disli mekanizmalarinda belirlenen geometrik degiskenlerin igletme
kogullar1, digli carkin dayanaklilig: tizerinde etkili olmaktadir. Disli carklarin
temas noktalarinda olugan Hertz basincindan kaynakli yorulmalarin zamanla
nasil ilerledigi ve mikro (kilcal) catlakliklarin ardindan daha biiyiik hasarlar
olugabilmektedir. Buna karsilik disli ¢ark se¢iminde sistemin giiciine esas
alan tasarim ve yiiksek kaliteli malzeme segimi, Hertz basincinin olugturdugu
olumsuzluklart minimize edecektir.

Ayni malzemelerle yapilacak olan Hertz ve Solidworks’te elde edilen gerilme
degerlerinin disli ¢arkin yorulma dayanimini nasil etkileyecegi ayri bir aragtirma
konusudur.
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Chapter 4

Digital Transformation in Mechanical
Engineering: Internet of Things, Machine
Learning, and Autonomous Systems

Mustafa Cakar!

Abstract

The Internet of Things (IoT) represents a transformative paradigm in
modern mechanical engineering and industrial automation, enabling
physical machinery to evolve into intelligent cyber-physical systems through
continuous data exchange. The digitalization of traditional mechanical
systems enables a transformation that, according to documented case studies,
can reduce equipment downtime by 30-50% and achieve maintenance cost
savings of up to 40%. This book chapter comprehensively addresses the
conceptual framework and multi-layered architectural principles of the IoT
ecosystem within the mechanical engineering domain, spanning device, edge,
and cloud computing tiers. The primary focus of this study is the integration
of Machine Learning (ML) algorithms with resource-constrained IoT
devices and the extraction of actionable features from raw sensor data. In this
context, the integration of signal processing techniques, such as Fast Fourier
Transform (FFT) and wavelet analysis for vibration and acoustic signals,
into ML pipelines is presented through novel architectural frameworks. By
analyzing the applications of diverse ML paradigms on multi-modal data,
the chapter thoroughly examines Edge Al, TinyML, and hierarchical sensor
tusion architectures that overcome the limitations inherent to conventional
cloud-centric approaches. Practical engineering solutions are exemplified
through autonomous condition monitoring mechanisms deployed in remote
scientific facilities with extreme environmental conditions, such as the
Eastern Anatolia Observatory (DAG). Ultimately, by also discussing data
privacy, federated learning, and 5G/6G infrastructures, this work provides a
structured architectural guide demonstrating how IoT and ML integration
transforms mechanical systems into autonomous decision-support systems.

1 Asst. Prof. Dr., Iskenderun Technical University, mustafa.cakir@iste.edu.tr, 0000-0002-1794-
9242
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1. Introduction

The rapid digitalization of industrial infrastructure is fundamentally
transforming the nature of mechanical systems. Traditionally, machines
such as turbines, pumps, compressors, and manufacturing equipment were
designed as isolated physical assets whose performance was assessed through
periodic inspection and manual diagnostics (Lee et al., 2015). In modern
engineering environments, however, these systems are increasingly embedded
with sensing, communication, and computational capabilities that allow them
to continuously monitor their operational states and interact with digital
infrastructures. As a result, mechanical assets are evolving into intelligent
cyber-physical systems capable of data-driven monitoring, predictive analysis,
and autonomous decision support (Lin et al., 2017; Kong et al., 2022).

This transformation is largely driven by the convergence of the Internet
of Things (IoT) and machine learning (ML) (Mohammadi et al., 2017).
IoT technologies enable large-scale deployment of sensors, embedded
processors, and networked devices that continuously collect operational data
from mechanical components, while ML algorithms provide the analytical
capability to extract patterns, detect anomalies, and generate predictive insights
from these heterogeneous data streams (Aceto et al., 2021; Dutta & Kant,
2023). Together, these technologies enable the transition from traditional
reactive maintenance strategies toward predictive and prescriptive maintenance
paradigms, significantly improving system reliability, operational efficiency,
and safety (Cakir et al., 2021).

Within the broader context of Industry 4.0, the integration of IoT and ML
has become a key enabler of intelligent industrial systems. Applications range
from vibration-based fault diagnosis in rotating machinery to structural health
monitoring of infrastructure and autonomous control of robotic platforms

(Waheed et al., 2020; Abdel-Basset et al., 2020).

Despite the rapid development of IoT technologies and ML methods, these
domains are often studied independently. IoT research primarily focuses on
networking architectures and connectivity solutions, whereas ML research
emphasizes algorithmic performance and data analytics. In mechanical
engineering environments, however, intelligent monitoring systems require
the integration of sensing infrastructures, communication networks, and
data-driven analytics within a unified framework.

This chapter addresses this need by examining the integration of IoT
and ML from the perspective of mechanical engineering systems. Rather
than treating IoT solely as a networking paradigm, the chapter focuses on
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how distributed sensing infrastructures and intelligent data analytics reshape
the monitoring, control, and lifecycle management of mechanical assets.
Particular emphasis is placed on vibration-based condition monitoring, edge
ML for real-time diagnostics, federated learning (FL) for distributed industrial
environments, and the deployment of Al-enabled cyber-physical systems in
smart manufacturing and energy infrastructures.

Although extensive research has been conducted on IoT architectures and
ML algorithms individually, their integrated application within mechanical
engineering systems remains comparatively underexplored in the literature.
Many studies examine IoT primarily from a networking perspective or focus
on ML purely from an algorithmic standpoint. However, modern mechanical
infrastructures require a holistic perspective that simultaneously considers
sensing technologies, mechanical dynamics, communication architectures, and
intelligent data analytics. This chapter addresses this gap by presenting a unified
framework that integrates IoT sensing infrastructures with ML pipelines in
mechanical engineering environments. By synthesizing concepts from cyber-
physical systems, edge computing, TinyML, and predictive maintenance, the
chapter provides both a conceptual and application-oriented perspective on
how intelligent monitoring architectures can transform traditional mechanical
assets into autonomous decision-support systems.

The remainder of this chapter is organized as follows. Section 2 introduces
the architectural foundations of IoT-enabled mechanical systems. Section 3
discusses ML techniques and data processing methods for IoT data. Section
4 reviews representative academic applications, while Section 5 presents
industrial implementations. Section 6 highlights key challenges and emerging
research directions, and Section 7 concludes the chapter.

2. Theoretical Framework and Fundamental Concepts

The integration of IoT technologies into mechanical engineering systems
has led to the emergence of intelligent cyber-physical infrastructures capable of
continuously sensing, analyzing, and responding to operational conditions. In
contrast to traditional mechanical monitoring approaches based on periodic
inspection, modern industrial systems increasingly rely on distributed sensing
networks, embedded computing platforms, and ML algorithms that operate
across device, edge, and cloud layers. This architecture enables mechanical
assets to generate high-resolution operational data streams and transform
them into actionable intelligence for diagnostics, predictive maintenance, and
autonomous decision support.
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From a systems perspective, IoT-enabled mechanical infrastructures can be
described as layered architectures integrating sensing devices, communication
networks, distributed computing resources, and data analytics platforms.
Sensors capture physical signals such as vibration, temperature, and strain from
mechanical assets, while communication layers transfer these data streams to
processing nodes. Edge and cloud computing infrastructures subsequently
perform data aggregation, preprocessing, and ML inference to support
monitoring and decision-making processes.

This layered architecture forms the technological foundation of modern
intelligent mechanical systems and underpins a wide range of industrial
applications, including predictive maintenance of rotating machinery, structural
health monitoring of infrastructure, and real-time monitoring of energy
systems. Understanding the interaction between these layers is therefore
essential for designing scalable and reliable AIoT solutions for mechanical
engineering environments.

2.1. Mechanical Sensing and Data Acquisition

Sensing technologies constitute the physical interface between mechanical
systems and digital infrastructures. In industrial environments, a wide range
of sensors are deployed to capture the operational behavior of machines
and mechanical structures. Among these, vibration sensors are particularly
important for monitoring rotating machinery such as motors, pumps, turbines,
and gearboxes, where changes in vibration signatures often indicate early-
stage mechanical faults. Temperature sensors provide critical information
about friction-induced heating, lubrication conditions, and thermal stress
in mechanical components, while strain gauges are widely used to measure
load distribution and structural deformation in bridges, cranes, and other
load-bearing systems.

The effectiveness of data-driven diagnostics depends strongly on sensor
placement, sampling frequency, and signal quality. For instance, vibration-
based bearing fault detection typically requires sampling frequencies in the
kilohertz range to capture high-frequency defect signatures, whereas structural
health monitoring of civil infrastructure often operates at significantly lower
trequencies. Consequently, sensor configuration must be carefully designed
to ensure that the acquired data accurately reflects the dynamic behavior of
the monitored mechanical system.

Accelerometers are widely used to capture vibration signatures in rotating
machinery, enabling the detection of faults such as bearing wear, imbalance,
or shaft misalignment. Strain gauges measure mechanical stress and load
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distribution in structural components including bridges and industrial
frames, while thermocouples monitor temperature variations related to
friction, lubrication conditions, and cooling efticiency. The usefulness of these
measurements depends strongly on appropriate sampling configurations and
signal quality (Waheed et al., 2020).

Mechanical monitoring systems typically generate high-frequency time-
series signals whose statistical and spectral characteristics reflect the physical
state of machinery. Common signal modalities include vibration spectra,
acoustic emissions, thermal profiles, strain measurements, and electrical current
signatures. These signals are often analyzed in both time and frequency domains
using techniques such as Fourier transforms, wavelet analysis, and statistical
feature extraction. The integration of such signal processing techniques with
IoT-based sensing infrastructures enables continuous condition monitoring
and early fault detection in mechanical assets. The interaction between
mechanical assets, sensing technologies, and signal processing stages in IoT-
based monitoring systems is illustrated in Figure 1.

MechanicalAsset Sensors SignalProcessing
Motor Vibration Sensor FFT
Pump Temperature Sensor Wavelet Transform
Turbine Acoustic Sensor Feature Extraction
Strain Gauge
\ 2 A
PredictiveMaintenance loTGateway
Fault Detection Data Aggregation
Maintenance Scheduling Filtering

Figure 1. Multi-modal sensing avchitecture for IoT-based mechanical condition
monitoving systems. Mechanical assets genevate operational signals captuved by
hetevogeneous sensors, which are processed through signal analysis techniques and
transmitted via IoT gatewnys fov predictive maintenance analytics.

2.2. Layered IoT Architecture

IoT architectures are conventionally modeled in three or five layers. The
three-layer model comprises the Perception Layer (physical data acquisition), the
Network Layer (data transmission via IPv6, 6LoWPAN, RPL, and application
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protocols), and the Application Layer (user-facing services and automation).
The five-layer model adds a Processing Layer for data preprocessing, feature
extraction, and ML inference, and a Business Layer for decision support,
policy enforcement, and operational integration (Lin et al., 2017).

Connectivity technologies provide the communication fabric. Short-range
protocols (BLE, Zigbee, Wi-Fi HalLow/802.11ah) serve in-building and
personal area network scenarios, while medium- and long-range technologies
(LoRaWAN, Sigfox, NB-IoT, LTE-M) address wide-area deployments with
stringent energy and coverage requirements. High-bandwidth 5G service
categories (URLLC, mMTC, eMBB) are increasingly used for latency-critical
and high-density IoT applications. Each technology presents distinct trade-offs
among energy consumption, range, data rate, and cost that must be evaluated
against application requirements (Jouhari et al., 2023).

The choice of architectural model has direct implications for system design.
In resource-constrained deployments where processing must be distributed
across the device-edge-cloud continuum, the five-layer model provides a
more accurate representation of data flow and processing responsibilities.
Modern IoT reference architectures increasingly adopt a device—edge—cloud
continuum perspective, where the boundaries between layers are fluid and
workload placement is dynamically optimized based on latency, energy, and
privacy constraints (Kong et al., 2022).

Architectural decisions also influence security posture. Each layer introduces
distinct attack surfaces: the perception layer is vulnerable to physical tampering
and sensor spoofing; the network layer faces eavesdropping, routing
manipulation, and denial-of-service attacks; and the application layer is exposed
to injection, authentication bypass, and data exfiltration risks. Effective security
architecture must therefore adopt a defense-in-depth strategy that addresses
threats at every layer (Mao et al., 2023).

2.3. Communication Protocols and Standards

2.3.1. Network Layer Protocols

At the network layer, IPv6/6LoWPAN provides header compression and
fragmentation for constrained IEEE 802.15.4 environments (RFC 6282),
while RPL (RFC 6550) serves as the standard routing backbone for low-power
and lossy networks. These protocols collectively enable IPv6 connectivity
for resource-constrained IoT devices, bridging the gap between traditional
Internet infrastructure and sensor networks. Recent research has focused on
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RPL optimizations for dense deployments, including enhanced objective
functions, mobility support, and security extensions (Darabkh et al., 2022).

LPWAN technologies complement these standards for wide-area
deployments. LoRa/LoRaWAN provides kilometer-scale coverage at the
expense of data rate, making it suitable for battery-operated applications such
as utility metering, asset tracking, and agricultural monitoring. Comprehensive
studies on LoRaWAN scalability have demonstrated that collision management,
multi-channel gateways, and data-driven optimization are critical determinants
of network performance in dense deployments (Jouhari et al., 2023).

The emergence of 5G NR and its evolution toward 6G introduces new
capabilities including network slicing, which enables the creation of virtual
network instances tailored to specific IoT use cases. Ultra-reliable low-latency
communication (URLLC) slices support mission-critical applications such
as industrial automation and remote surgery, while massive machine-type
communication (mMTC) slices accommodate the connectivity requirements
of millions of low-power devices per square kilometer (Mao et al., 2023).

2.3.2. Application Layer Protocols

CoAP (RFC 7252) and MQTT (OASIS v5.0) are among the most
widely used application-layer protocols in IoT systems. CoAP provides a
lightweight RESTful communication model optimized for constrained devices,
typically operating over UDP, while MQTT implements a publish-subscribe
messaging architecture that supports efficient data exchange in bandwidth-
limited environments. The selection of an appropriate protocol depends on
application-specific requirements including latency sensitivity, data volume,
network topology, and energy constraints (Seoane et al., 2021; Silva et al.,
2021). ML approaches applied to IoT environments can be broadly categorized
into supervised, unsupervised, and reinforcement learning paradigms, as
illustrated in Figure 2.
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Figure 2. Majov ML paradigms and their application domains in IoT-enabled
mechanical systems. Diffevent ML pavadigms enable diverse analytical capabilities,
including fault classification, anomaly detection, and system optimization.

2.4. Edge, Fog, and Cloud Computing Integration

Modern IoT solutions operate along a device—edge—cloud continuum in
which data undergoes progressive refinement: edge nodes perform filtering,
summarization, and anomaly flagging; near-real-time inference occurs at
tog-layer gateways; deep analytics and model training are executed in the
cloud; and updated models are cyclically deployed back to edge devices.
This architecture addresses the bandwidth and latency bottlenecks inherent
in cloud-centric approaches while enabling the computational depth required
tfor complex ML workloads (Kong et al., 2022).

Data processing layers, spanning edge, fog, and cloud tiers, transform raw
sensor data into information and knowledge. Edge computing processes data
near its source, minimizing latency and network load; fog computing provides
intermediate aggregation and analytics at gateways or regional servers; cloud
computing offers elastic storage and compute resources for large-scale batch
analytics and model training. Application services, industrial monitoring
dashboards, industrial automation platforms, predictive maintenance systems,
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digital twin platforms, deliver value to end users by converting processed data
into actionable insights through RESTful APIs, MQTT, CoAP, or proprictary
interfaces (Kong et al., 2022; Shi et al., 2016).

The integration of ML with edge computing has given rise to the
concept of Edge Al (Zhou et al., 2019), wherein inference, and increasingly,
incremental training, occurs on devices proximate to data sources. This
paradigm is particularly relevant for IoT applications where latency, privacy,
and connectivity constraints preclude cloud-only processing. Key research
challenges include heterogeneous resource management, workload placement
optimization, and the co-design of communication and computation to balance
the energy-latency-accuracy trade-off (Dutta & Kant, 2023).

Fog computing occupies a strategic intermediate position in this hierarchy,
providing localized data aggregation, protocol translation, and preliminary
analytics at network edge gateways. In smart manufacturing environments,
fog nodes can perform real-time quality inspection using computer vision
models, forwarding only summary statistics and anomaly alerts to cloud
platforms for trend analysis and model retraining. This hierarchical architecture
reduces bandwidth consumption by orders of magnitude while maintaining
sub-millisecond response times for critical control loops (Cakir et al., 2021).

The hierarchical interplay between data processing and ML inference
across the IoT ecosystem is visually summarized in Figure 3. This multi-
tier architecture illustrates the device-edge-cloud continuum, where raw
sensor streams and anomaly signals are initially processed at the device layer.
Filtered data and critical alerts are subsequently escalated to the edge and
fog layers for near real-time inference, while computationally intensive tasks,
such as heavy ML model training and global analytics, are reserved for the
cloud layer. Conversely, the architecture demonstrates a bidirectional flow,
wherein globally trained ML models and control rules are cyclically pushed
down to the edge and device layers to continuously update local inference
capabilities. This distributed approach effectively balances latency, bandwidth,
and computational constraints in modern IoT deployments.
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2.5. Security and Privacy Foundations

IoT security is a systemic design problem arising from the resource
constraints of embedded devices and their physically distributed deployment.
Device-level security encompasses secure boot, hardware-rooted trust (TPM,
HSM), and secure over-the-air (OTA) firmware updates. Network-level
security involves encryption (TLS/DTLS), secure routing, and intrusion
detection. Data-level security addresses end-to-end encryption, anonymization,
data minimization, and differential privacy techniques (Mao et al., 2023).

The expansion of attack surfaces accompanying the growth of edge Al
and open network architectures (e.g., O-RAN) has intensified research into
privacy-preserving learning techniques, quantum-resistant cryptographic
primitives, and lifecycle security management. Security in the IoT-ML context
extends beyond cryptography to encompass model security concerns including
adversarial attacks, model poisoning, and model extraction, which require
dedicated defensive mechanisms at both training and inference stages (Waheed
et al., 2020).

Regulatory frameworks significantly shape IoT security and privacy
practices. The EU GDPR and Turkey’s KVKK mandate privacy-by-design and
minimum-privilege principles that affect every stage of the IoT data lifecycle,
from collection and processing to storage and deletion. Compliance requires
not only technical controls but also organizational processes for data impact
assessments, consent management, breach notification, and cross-border data
transfer governance (Tanczer et al., 2018).

2.6. Interoperability and Standardization

Interoperability is essential for ensuring that heterogencous IoT devices,
communication technologies, and software platforms can operate together
within a unified system. Industrial IoT environments often integrate
components from multiple vendors, making standardized communication
protocols and data models critical for reliable system integration. International
standardization efforts aim to provide common frameworks that facilitate
seamless device connectivity, data exchange, and service interoperability across
diverse deployment scenarios (Lin et al., 2017).

In industrial contexts, OPC UA provides a platform-independent, service-
oriented communication framework with built-in security and information
modeling capabilities. The Matter standard (formerly CHIP) addresses smart
home interoperability over IP-based networks. Open-source initiatives such
as Eclipse IoT and the Linux Foundation’s EdgeX Foundry further contribute
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to the standardization ecosystem by providing reference implementations that
lower barriers to interoperable deployments (Jouhari et al., 2023).

Semantic interoperability, the ability of systems to not only exchange
data but to interpret its meaning consistently,remains a significant challenge.
Common data models such as SensorML, JSON-LD, and the W3C Web of
Things (WoT) Thing Description vocabulary aim to provide machine-readable
semantic annotations that facilitate automated discovery, composition, and
integration of IoT services. Achieving semantic interoperability at scale requires
continued investment in ontology development, metadata standards, and
automated mapping tools (Waheed et al., 2020).

3. IoT and ML Integration

3.1. Foundations of IoT-ML Synergy

The integration of IoT and ML is grounded in a reciprocal value proposition:
IoT provides ML algorithms with rich, diverse, and continuously generated
data streams, while ML enables IoT systems to extract patterns, predictions,
classifications, and anomaly signals that would be unattainable through rule-
based approaches alone. This synergy manifests at three architectural levels:
cloud-based centralized learning, edge-based local inference, and distributed/
tederated learning across device populations (Mohammadi et al., 2017).

The exponential growth of IoT-generated data, estimated to exceed 73
zettabytes annually by 2025 across all data sources, with IoT representing a
substantial and growing share (Reinsel et al., 2018), has rendered traditional
statistical and threshold-based analysis methods inadequate. ML algorithms,
by contrast, can adaptively learn complex, non-linear relationships from high-
dimensional sensor data without explicit programming. This capability is
particularly valuable in IoT contexts where environmental conditions, device
populations, and usage patterns are continuously evolving, requiring models
that can generalize across variable operating conditions (Aceto et al., 2021).

The practical realization of IoT"-ML integration, however, entails significant
engineering challenges. IoT data is characteristically noisy, incomplete,
temporally misaligned, and heterogeneous in format and sampling rate.
The resource constraints of IoT devices, limited memory, processing power,
and energy budgets, further constrain the complexity of deployable models.
Addressing these challenges requires co-design of data pipelines, model
architectures, and deployment infrastructure, as demonstrated in experimental
ITIoT condition monitoring systems that integrate multi-sensor data acquisition,
cloud-based ML training, and edge-based inference for predictive maintenance
(Cakir et al., 2021).
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3.2. ML Techniques for IoT Environments

3.2.1. Supervised Learning

Classification and regression tasks constitute the most prevalent ML
applications in IoT. Traditional algorithms such as DT, RE SVM, k-NN,
and gradient boosting methods have been extensively applied to sensor data
for tasks including device fault prediction, energy consumption classification,
and quality control. The work of Cakir et al. (2021) systematically compared
the performance of SVM, k-NN, RE DT, and LDA on IToT-based condition
monitoring data, providing empirical evidence for algorithm selection in
industrial predictive maintenance scenarios.

Deep learning (DL) models, including convolutional neural networks
(CNNs), recurrent neural networks (RNNs), long short-term memory
networks (LSTMs), and Transformer architectures, have demonstrated superior
performance on complex IoT tasks such as time-series forecasting, image-based
quality inspection, natural language processing of IoT logs, and multi-modal
sensor fusion. Recent advances in vision transformers and foundation models
have further expanded the applicability of DL to IoT contexts, enabling few-
shot learning and domain adaptation with minimal labeled data (Mohammadi
etal, 2017).

3.2.2. Unsupervised Learning

Clustering algorithms, including k-means, DBSCAN, and hierarchical
clustering, are widely applied in IoT networks for device profiling, traffic
pattern analysis, and anomaly detection. Autoencoders have assumed a
particularly important role in IToT environments, where they learn normal
operational profiles from unlabeled sensor data and flag deviations as potential
anomalies. This approach is especially valuable given the scarcity of labeled
fault data in many industrial settings (Aceto et al., 2021).

Dimensionality reduction techniques such as PCA, t-SNE, and UMAP
facilitate the visualization and analysis of high-dimensional IoT data, enabling
domain experts to identify clusters, trends, and outliers that may not be apparent
in raw data. Self-organizing maps (SOMs) and variational autoencoders
(VAEs) provide additional unsupervised learning capabilities for IoT data
analysis, particularly in applications where the underlying data distribution
is complex and multimodal (Mohammadi et al., 2017).

Generative models, including generative adversarial networks (GANs) and
diffusion models, have recently emerged as tools for IoT data augmentation,
synthetic data generation, and privacy-preserving data sharing. This approach
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specifically addresses the class imbalance problem frequently encountered in
industrial applications. For example, in bearing fault data collection, normal
operating data is abundant, while data for rare fault types such as early-stage
bearing wear or cage damage may be extremely limited. GANs can learn
from the few available fault instances to generate realistic synthetic vibration
signals for these rare classes. Training sets augmented with such synthetic
data significantly improve classifier performance in detecting infrequent fault
types (Dutta & Kant, 2023).

3.2.3. Reinforcement Learning

Reinforcement learning (RL) addresses sequential decision-making
problems that arise naturally in IoT contexts, including dynamic resource
management, energy optimization, autonomous navigation, and smart grid
control. Deep reinforcement learning (DRL) extends RL to high-dimensional
state spaces, enabling IoT systems to learn complex control policies through
interaction with their environments. Applications include adaptive traffic signal
control, autonomous drone path planning, and energy-efficient scheduling
of IoT device transmissions (Waheed et al., 2020).

Multi-agent reinforcement learning (MARL) is particularly relevant for
IoT ecosystems where multiple autonomous agents must coordinate their
actions. In smart manufacturing, MARL-based approaches have been applied
to collaborative robot coordination, distributed production scheduling, and
cooperative inventory management. The challenge of non-stationarity; arising
from the simultaneous learning and adaptation of multiple agents, remains
an active research area with significant implications for IoT system stability
and convergence (Aceto et al., 2021).

The integration of RL with digital twin technology represents an emerging
trontier in IoT-ML research. Digital twins provide high-fidelity simulation
environments where RL agents can be trained safely and efficiently before
deployment on physical systems. This approach mitigates the risk of destructive
exploration in safety-critical IoT applications such as industrial process control,
autonomous vehicle navigation, and medical device management (Fuller et
al., 2020).

As summarized in Table 1, the selection of an appropriate ML paradigm in
IoT environments is fundamentally dictated by data availability, computational
constraints, and the specific operational objective. Supervised learning
algorithms, ranging from traditional classifiers to advanced DL architectures,
excel in predictive forecasting and classification tasks where historical, labeled
data is abundant. Conversely, unsupervised learning techniques, particularly
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autoencoders and clustering methods, are indispensable in industrial settings
where labeled failure data is typically scarce. These methods enable real-time
anomaly detection by learning baseline operational profiles and flagging novel
deviations. Finally, reinforcement learning provides a robust framework for
sequential decision-making, allowing autonomous IoT systems to dynamically
optimize resource allocation and control policies through continuous interaction
with their environments. Together, these paradigms offer a comprehensive
algorithmic toolkit for transforming raw, heterogeneous IoT data streams
into actionable intelligence.

Table 1. Overview of ML Paradigms and Theiv Applications in IoT Envivonments

ML Category Prominent Key IoT Application Characteristics & IoT
Algorithms Areas Context
Supervised SVM, k-NN, Predictive maintenance ~ Highly accurate for
Learning RE DT, DL (e.g., bearing fault predictive tasks; DL
(CNNs, LSTMs, classification), time- models excel at multi-
Transformers) series forecasting, visual modal sensor fusion but
quality inspection, require significant edge
automated disease computing resources or
diagnosis. model compression.
Unsupervised K-means, Real-time anomaly Crucial for industrial
Learning DBSCAN, detection, device settings where labeled
Autoencoders,  profiling, network failure data is scarce;
PCA, t-SNE, traffic analysis, synthetic autoencoders efficiently
Generative sensor data generation,  learn “normal”
Models (GANs, dimensionality operational profiles
Diffusion) reduction. to flag novel, unseen
degradation patterns.
Reinforcement Deep Dynamic resource Excels in sequential
Learning Reinforcement  management, energy decision-making; learns
Learning optimization, adaptive  optimal control policies
(DRL), traffic signal control, through environment
Multi-Agent autonomous drone interaction. Increasingly
Reinforcement  navigation, collaborative integrated with digital
Learning robot scheduling. twins for safe, simulated
(MARL) training prior to physical

deployment.

3.3. Edge ML and TinyML

Conventional cloud-centric ML approaches are not always viable in IoT
scenarios due to latency, bandwidth, and privacy constraints. TinyML is an
emerging paradigm that targets ML inference on microcontrollers (MCUs) and
other resource-constrained embedded devices (Banbury et al., 2020). Model
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compression techniques, including pruning, quantization (INT8, binary), and
knowledge distillation, enable the deployment of neural network models on
devices with as little as tens to hundreds of KB of memory (Sanchez-Iborra

& Skarmeta, 2020).

Frameworks such as TensorFlow Lite Micro, Edge Impulse, ONNX
Runtime, and Apache TVM have made TinyML development increasingly
accessible. Practical applications include keyword spotting, gesture recognition,
environmental sound classification, and simple anomaly detection, all operating
at millisecond-level latency and microwatt-level energy consumption. The
capability to perform on-device inference eliminates the need for continuous
network connectivity and cloud processing, making TinyML particularly suitable
for remote and intermittently connected IoT deployments (Mohammadi et
al., 2017).

Neural architecture search (NAS) techniques have been adapted to
automatically discover model architectures that optimize the accuracy-latency-
memory trade-off for specific target hardware. Hardware-aware NAS, in
particular, takes into account the specific computational characteristics and
constraints of target MCUs, FPGAs, or edge Al accelerators, producing
custom-tailored models that outperform manually designed architectures.
The combination of NAS with model compression techniques represents a
promising direction for maximizing ML capability within the severe resource
constraints of IoT devices (Abdel-Basset et al., 2020).

3.4. FL and Distributed ML

FL is a distributed learning paradigm in which IoT devices perform local
model training and share only model parameter updates, rather than raw
data, with a central aggregation server (Kairouz & McMahan, 2021). This
approach addresses privacy and data sovereignty requirements while enabling
collective learning from distributed data sources. The FedAvg algorithm,
proposed by McMahan et al., serves as the foundational FL. method, with
subsequent extensions including FedProx, FedMA, and personalized FL
variants addressing challenges of data heterogeneity and communication
efficiency (Waheed et al., 2020).

The application of FL to IoT environments introduces specific challenges
arising from the heterogeneity of participating devices, non-IID (non-
independently and identically distributed) data distributions, variable
communication bandwidth, and the potential for adversarial participants.
To concretize the non-IID problem in a mechanical engineering context:
consider ten identical pumps in a petrochemical plant. Each pump will produce
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different vibration profiles depending on factors such as the pressure of its
connected line, the viscosity of the fluid being processed, operating hours,
and ambient temperature. One pump may handle clean water at low pressure,
while another pumps a viscous chemical at high pressure. Consequently, the
local data distributions (vibration frequencies, amplitudes) of each pump
differ (non-IID). When the classical FedAvg algorithm simply averages model
updates from these diverse distributions, the resulting global model may
perform suboptimally for any individual pump. To overcome this, recent
personalized FL approaches aim to create models that are close to the global
model but adapted to each device’s local data (Waheed et al., 2020).

Split learning represents an alternative distributed ML paradigm in which
different layers of a neural network are executed on different devices, with only
intermediate activations exchanged between them. This approach can reduce
the computational burden on IoT devices more effectively than FL for deep
network architectures, while providing inherent privacy protection through
the separation of raw data from model parameters. Hybrid approaches that
combine elements of federated and split learning are actively being explored
to address the diverse requirements of IoT deployment scenarios (Dutta &
Kant, 2023).

3.5. Transfer Learning and Pre-trained Models

Transfer learning enables the application of knowledge acquired in one
domain (source) to a different but related domain (target), mitigating the data
scarcity that frequently characterizes IoT deployments (Tan et al., 2018). In
practice, large models pre-trained on extensive datasets (e.g., ImageNet for
vision, large text corpora for NLP) are fine-tuned on task-specific IoT data,
often achieving high performance with limited labeled examples. This approach
has proven particularly effective for industrial visual quality inspection, where
ImageNet-pretrained CNN models adapted to manufacturing defect detection
achieve competitive accuracy with as few as tens of labeled images per defect
category (Mohammadi et al., 2017).

Domain adaptation techniques extend transfer learning to scenarios where
the statistical distributions of source and target domains differ significantly.
Unsupervised domain adaptation methods, including domain-adversarial
training, maximum mean discrepancy minimization, and optimal transport-
based alignment, have been successfully applied to IoT contexts such as
cross-machine fault diagnosis, cross-environment activity recognition, and
cross-patient health monitoring (Aceto et al., 2021).
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The recent advent of foundation models and large language models (LLMs)
has introduced new possibilities for transfer learning in IoT. Pre-trained LLMs
can serve as general-purpose reasoning engines that interpret natural language
queries about IoT system status, generate diagnostic reports from sensor
data, and provide conversational interfaces for non-expert users. Multimodal
foundation models that process both sensor signals and textual descriptions
represent a particularly promising frontier for integrated IoT-Al systems
(Zhang & Tao, 2020).

3.6. Data Preprocessing and Feature Engineering

The quality and representativeness of input data fundamentally determine
ML model performance in IoT applications. Preprocessing stages, including
missing data imputation, noise filtering, normalization, temporal alignment,
and outlier removal, are critical for transforming raw sensor streams into
model-ready features. Windowing techniques (sliding, tumbling, hopping)
are commonly applied to time-series IoT data to create fixed-length feature
vectors from continuous data streams (Aceto et al., 2021).

Feature engineering for IoT data encompasses both time-domain
features (statistical moments, zero-crossing rates, peak-to-peak values) and
frequency-domain features (spectral components, cepstral coefficients, wavelet
decompositions). In the IIoT context, Cakir et al. (2021) demonstrated that
careful feature extraction from vibration, temperature, acoustic emission,
and current sensor data is essential for achieving high classification accuracy
in bearing fault diagnosis, highlighting the importance of domain-specific
teature engineering in IIoT applications.

Automated feature engineering and AutoML techniques are increasingly
being applied to IoT datasets to reduce the need for manual feature design.
Tools such as auto-sklearn, H20, and Google AutoML can automatically
search over feature transformations, algorithm selections, and hyperparameter
configurations to identify optimal ML pipelines for specific IoT tasks. However,
the computational cost of exhaustive AutoML searches may be prohibitive for
resource-constrained IoT environments, necessitating efficient search strategies
and hardware-aware optimization (Dutta & Kant, 2023).

In mechanical IoT applications, signal processing techniques play a critical
role in transforming raw sensor data into informative features. Vibration signals
from rotating machinery are commonly analyzed using fast Fourier transform
(FFT) to identify characteristic fault frequencies associated with bearing
defects, gear mesh irregularities, or shaft misalignment. Time—frequency
methods such as short-time Fourier transform (STFT) and wavelet transforms
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are frequently employed to capture transient behaviors and non-stationary
vibration patterns. These signal-processing techniques provide domain-
informed features that significantly enhance the performance of ML models
used in predictive maintenance and fault diagnostics. A typical signal processing
workflow used in IoT-based monitoring systems is presented in Figure 4.

SensorData
Vibration
Temperature
Acoustic Signals
A 4
Preprocessing MachineLearningModel
Filtering Fault Classification
Noise Reduction Anomaly Detection
Normalization Predictive Maintenance
A
\ 4
SignalAnalysis FeatureExtraction
FFT RMS
Wavelet Transform » Kurtosis
STFT Spectral Features

Figure 4. Signal processing and feature extraction pipeline for ML-based mechanical
condition monitoring. Raw sensor signals undergo preprocessing, spectval analysis, and
Sfeature extvaction befove being used by ML models for fault detection and predictive
maintenance.

4. Academic Applications in Mechanical Systems

The application of IoT and ML technologies in mechanical engineering
systems typically follows a layered data-to-decision pipeline. Mechanical
assets equipped with distributed sensors continuously generate operational
data, which are subsequently processed through ML pipelines to extract
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actionable insights for engineering decision-making. As illustrated in Figure
5, this architecture connects physical mechanical systems with IoT sensing
infrastructures, data-driven analytics, and intelligent operational control
mechanisms.

Mechanical Systems (vehicles, infrastructure, factories)

loT Sensor Layer (vibration, strain, temperature, IMU, vision)

h 4

Data Processing & ML Layer

(feature extraction, anomaly

detection, classification, RUL
prediction)

A 4
Engineering Decisions
(predictive maintenance,

safety intervention,
autonomous control)

Figuve 5. Conceptual architecture of AloT applications in mechanical engineering
systems. Mechanical assets such as autonomous vehicles, industvial machinery, and
infrastructure systems ave instrumented with IoT sensors that collect opevational
data including vibration, strain, temperatuve, and motion signals. These data
streams ave processed through ML pipelines that perform feature extrvaction, anomaly
detection, and predictive analytics. The vesulting insights support engineering decision-
making processes such as predictive maintenance scheduling, safety interventions, and
autonomous control adjustments.
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4.1. Autonomous Vehicles and UAV Dynamics

Autonomous ground vehicles and unmanned aerial vehicles (UAVs)
represent complex cyber-physical systems in which mechanical dynamics,
sensing technologies, and ML algorithms converge. Modern UAV platforms
are equipped with dense IoT sensor suites that continuously generate telemetry
data, including multi-axis acceleration, gyroscopic orientation, vibration
signatures, motor currents, and environmental parameters. These data streams
provide real-time insight into the mechanical state of propulsion systems,
flight structures, and onboard components. ML techniques are increasingly
employed to analyze this high-dimensional telemetry data in order to detect
anomalies, optimize flight control policies, and predict component degradation
before mechanical failure occurs.

In addition to navigation and control, IoT-enabled UAVs are widely used
for industrial inspection tasks involving mechanically complex infrastructure
such as wind turbines, bridges, pipelines, and power transmission lines.
Vibration patterns, structural responses, and visual inspection data collected by
UAV-mounted sensors can be analyzed using deep learning models to identify
structural damage, surface defects, or mechanical fatigue. Reinforcement
learning methods are also being explored for adaptive flight control and
autonomous inspection path planning in dynamic environments. Ensuring the
reliability and safety of these autonomous systems requires real-time anomaly
detection algorithms capable of operating under strict latency constraints
while maintaining robustness against cyber-physical disturbances (Waheed

et al., 2020).

4.2. Structural Health Monitoring (SHM) in Smart Infrastructure

SHM represents one of the most important intersections between
mechanical engineering principles and IoT-enabled sensing technologies.
In modern smart infrastructure systems, wireless IoT sensor networks are
deployed on critical mechanical and structural assets such as bridges, cranes,
railways, and high-rise buildings to continuously monitor their mechanical
integrity. These sensing systems typically collect multi-modal data including
strain measurements, load distribution, displacement, acceleration, and low-
frequency vibration signals that reflect the dynamic behavior of the structure
under operational conditions.

The continuous acquisition of such sensor data enables engineers to analyze
structural responses in both time and frequency domains, facilitating early
detection of fatigue damage, stiffness degradation, or resonance-related
anomalies. ML techniques are increasingly integrated into SHM pipelines
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to process large volumes of streaming sensor data and automatically identify
abnormal structural patterns. Unsupervised learning methods, such as
clustering algorithms and autoencoders, are particularly useful for learning
baseline operational signatures of structures and detecting deviations from
normal behavior without requiring labeled failure data.

IoT-enabled SHM systems therefore enable a shift from traditional periodic
inspection practices toward continuous condition-based monitoring. By
detecting early-stage mechanical degradation before it evolves into catastrophic
failure, these systems significantly improve infrastructure safety, reduce
maintenance costs, and extend the operational lifetime of critical civil and
industrial structures (Lin et al., 2017).

4.3. Human-Machine Interaction and Operator Safety

Human-machine interaction in modern industrial environments represents
a critical interface between mechanical systems, sensing technologies, and
intelligent data analytics. In smart factories and advanced manufacturing
facilities, human operators increasingly work alongside automated machinery,
collaborative robots (cobots), and autonomous production systems. Ensuring
safe and efficient interaction between humans and mechanical equipment
requires continuous monitoring of operator movements, machine states,
and environmental conditions through IoT-enabled sensing infrastructures.

Wearable sensors, vision-based monitoring systems, inertial measurement
units (IMUs), and proximity sensors generate real-time data describing human
posture, motion trajectories, and spatial relationships between operators and
mechanical equipment. ML algorithms applied to these heterogeneous data
streams enable accurate human activity recognition, gesture interpretation, and
predictive modeling of operator behavior. These capabilities allow industrial
control systems to dynamically adapt machine operations by reducing robot
speed, adjusting tool trajectories, or triggering emergency stops when unsafe
interactions are detected.

Such ToT-enabled human-machine interaction frameworks significantly
enhance workplace safety while enabling more flexible and collaborative
production environments. By integrating mechanical system monitoring
with intelligent perception of human behavior, these systems support the
development of adaptive manufacturing environments in which humans and
automated machinery can operate safely within shared workspaces (Abdel-
Basset et al., 2020).
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4.4. I1oT and ML-Based Predictive Maintenance

Predictive maintenance represents one of the most impactful applications
of Industrial Internet of Things (IToT) technologies in mechanical engineering
(Carvalho etal., 2019). Traditional maintenance strategies, including reactive
maintenance and time-based preventive maintenance, often lead to unnecessary
downtime or unexpected equipment failures. In contrast, predictive maintenance
systems leverage IoT-enabled sensing infrastructures and ML algorithms to
continuously monitor the operational condition of mechanical assets and
anticipate potential failures before they occur (Zonta, 2020).

In modern industrial environments, rotating machinery such as motors,
pumps, turbines, compressors, and gearboxes are equipped with distributed
sensor networks that collect vibration signals, temperature measurements,
acoustic emissions, and electrical current data. These multi-modal sensor
streams provide valuable insights into the mechanical health of equipment
components, including bearings, shafts, gear trains, and lubrication systems. By
analyzing these signals through advanced feature extraction and ML models,
predictive maintenance systems can identify subtle degradation patterns
associated with bearing wear, gear tooth damage, imbalance, misalignment,
and lubrication deficiencies.

ML models, including random forests, support vector machines, deep
neural networks, and hybrid anomaly detection frameworks, are widely
applied to condition monitoring data in order to classify fault types and
estimate remaining useful life (RUL) of critical components. The integration
of these predictive models with IoT-based monitoring infrastructures enables
maintenance scheduling to be dynamically optimized based on real-time
equipment conditions. This data-driven maintenance paradigm reduces
operational costs, minimizes unplanned downtime, and significantly improves
the reliability and safety of industrial mechanical systems (Cakir et al., 2021).

Recent advances in digital twin technologies further enhance predictive
maintenance capabilities by creating virtual replicas of physical machinery
that evolve in parallel with their real-world counterparts (Sun et al., 2025).
These digital twins integrate real-time sensor data, physics-based models,
and ML algorithms to simulate system behavior under varying operational
conditions. As a result, engineers can evaluate maintenance strategies, predict
failure scenarios, and optimize operational parameters without interrupting
physical production processes.
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4.5. Defense Robotics and Extreme Environments (DAG
Observatory)

Beyond traditional industrial monitoring, the integration of TinyML
and hierarchical sensor fusion represents a critical frontier for mechanical
infrastructure in extreme and isolated environments (Somvanshi et al., 2025).
In settings exemplified by the Eastern Anatolia Observatory (DAG), harsh
weather conditions prevail and continuous broadband connectivity is often
unavailable. Instead, a hierarchical sensor fusion architecture powered by
TinyML enables microcontrollers at the edge to locally process multi-modal
data, including vibration, temperature, and atmospheric seeing conditions
(Chaoraingern & Numsomran, 2025).

By performing initial inference and anomaly detection directly on the
sensor nodes, only critical alerts are transmitted via scalable, low-bandwidth
protocols such as LoRaWAN (Jouhari et al., 2023). This localized intelligence
is essential for automated dome control and the predictive maintenance of
heavy telescope mechanics, ensuring the autonomous operation of sensitive
optical equipment. This hierarchical sensor fusion and TinyML-based local
inference architecture (Somvanshi et al., 2025) is visualized in Figure 6.



Mustafn Calr | 79

[ Extreme Environment (DAG Observatory) ]

—[ Telescope Dome Mechanics ]7
A

\ 4 \ 4
{ Vibration Sensor ] [ Temperature & Humidity ] [ Acoustic Emission

-

Microcontroller (TinyML Node) \]

A

1. Hierarchical Sensor Fusion
2. Local Interference & Filterin

Y
[ LoRaWAN Gateway ]

(Low Bandwidth Trasmission)

Y

Research Center (Predictive
Maintenance Dashboard)

Figure 6. Hieravchical sensor fusion and TinyML-based local infevence avchitecture in extreme
environments (e.4., DAG Observatory). At the Eastern Anatolin Observatory (DAG, 3200 m
altitude), the telescope dome and mechanical components must opevate in conditions reaching
-30°C, heavy snowfall, and intermittent internet connectivity. As illustrated: (1) Vibration,
temperaturve, humidity, and atmospheric seeing sensors on the dome generate continuous data

streams. (2) These sensors ave connected to a local microcontroller (eg., ARM Cortex-M based)

inside the dome. (3) A TinyML model running on this microcontroller (e.g., with TensorFlow Lite

Micro) processes sensor data in veal-time, distinguishing between “novinal operational profiles”

and “ lies” (e.g., spected vibration increase in o mechanical component, visk of freezing).
(4) Only when an anomaly is detected or critical thresholds ave exceeded is a low-bandwidth
alert message transmitted via LORaWAN to the main obsevvation center ov cloud. This approach
conserves eneryy and bandwidth by eliminating the need for continuous data transmission.

5. Industry Applications of Cyber-Physical Systems

The overall industrial AIoT architecture integrating sensing infrastructures,
edge gateways, and cloud-based analytics platforms is illustrated in Figure 7.
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Figure 7. Industrial AloT avchitecture integrating sensor networks, edge computing,
and cloud-based analytics in smavt manufacturing environments. Industrial machines
are monitoved through sensor networks whose data ave processed at edge gateways
and analyzed in cloud platforms to support predictive maintenance and digital twin
applications.

5.1. Smart Manufacturing and Quality 4.0

The IIoT constitutes the backbone of the smart factory concept, enabling
the comprehensive digitalization of production machinery and assembly lines
(Dutta & Kant, 2023). Real-time kinematic monitoring, automated quality
control, and digital twins are the primary application areas. The evolution
from condition-based maintenance to prescriptive maintenance represents the
next frontier in this domain (Cakir et al., 2021). While predictive maintenance
forecasts when a mechanical failure is likely to occur, prescriptive maintenance
goes further by recommending specific maintenance actions, such as replacing
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a specific gear or adjusting spindle speeds, which optimize the trade-oft
between maintenance costs and production downtime.

5.2. Energy Machinery and Turbomachinery

In the energy sector, mechanical engineering intersects with IoT to optimize
the performance of heavy power generation equipment. Wind turbines, gas
compressors, and hydroelectric generators are equipped with dense sensor
arrays to monitor rotor dynamics, blade fatigue, and gearbox health. ML-
based models analyze this operational data to detect acrodynamic imbalances
and mechanical stress, thereby improving grid efficiency and preventing
catastrophic equipment failures (Dutta & Kant, 2023). Furthermore, edge
computing allows for real-time load balancing adjustments directly at the
turbine control unit.

5.3. Autonomous Intralogistics and Fleet Dynamics

The digitalization of supply chains heavily relies on the automation of
material handling equipment. Automated Guided Vehicles (AGVs), robotic
forklifts, and smart conveyor systems form an interconnected mechanical fleet
that relies on IoT telemetry for coordination. ML algorithms process real-
time positioning and load data to optimize path planning, prevent mechanical
collisions, and manage the fleet’s battery degradation cycles (Kong et al., 2022).

5.4. Biomechatronics and Healthcare 4.0

The principles of Industry 4.0 are increasingly intersecting with the
medical sector to create the Healthcare 4.0 paradigm, particularly in the
manufacturing and monitoring of smart medical devices and biomechatronic
systems (Aceto et al., 2021). IoT-enabled prosthetics and surgical robots
continuously generate kinematic and force-feedback data. Furthermore, ML
algorithms applied to clinical data are proving vital for predictive healthcare;
for instance, identifying predictive biomarkers from preoperative laboratory
data helps foresee complications such as new-onset postoperative atrial
fibrillation following complex mechanical interventions like coronary artery
bypass grafting. Beyond device-level monitoring, ML pipelines processing
clinical sensor and laboratory data similarly exemplify the IoT-ML continuum

(Akbulut, Cakir et al., 2025).
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6. Challenges and Future Directions
6.1. Technical Challenges

6.1.1. Scalability

Scalability remains a fundamental challenge for large-scale IoT deployments
in industrial environments where thousands of sensors continuously generate
operational data. Managing data transmission, processing, and storage across
such distributed infrastructures requires efficient communication protocols,
scalable data processing pipelines, and adaptive resource allocation strategies.
Edge computing and hierarchical system architectures are increasingly adopted
to distribute workloads across device, edge, and cloud layers while maintaining
reliable system performance.

The scalability challenge extends to ML model management in large IoT
deployments. Maintaining, updating, and monitoring thousands or millions of
deployed ML models across heterogeneous device populations requires robust
MLOps (Machine Learning Operations) infrastructure adapted to IoT-specific
constraints. Model versioning, A/B testing at the edge, automated retraining
triggers, and model performance monitoring are essential capabilities that
must be implemented within the bandwidth and compute constraints of IoT
networks (Kreuzberger et al., 2023).

Data management at IoT scale presents additional challenges including
storage cost optimization, data quality assurance, and efficient query processing
across distributed, heterogeneous data stores. Time-series databases, stream
processing frameworks, and data lake architectures have been developed to
address these challenges, but their deployment in resource-constrained edge
environments requires significant adaptation and optimization (Abdel-Basset
et al., 2020).

6.1.2. Energy Efficiency and Latency

Energy efficiency and communication latency are critical design constraints
in IoT-enabled mechanical monitoring systems. Many sensing devices operate
in remote environments with limited power availability, requiring low-
power hardware platforms, adaptive sensing strategies, and energy-efficient
communication protocols. At the same time, real-time monitoring applications
demand low latency for anomaly detection and control actions, making edge
computing architectures essential for processing time-critical data close to
the source.
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The energy cost of ML inference on IoT devices represents an increasingly
important design consideration. While TinyML techniques have dramatically
reduced the computational requirements of inference, the energy consumed
by neural network execution can still dominate the overall energy budget
of battery-powered IoT devices. Hardware-software co-design approaches
that jointly optimize model architecture, inference engine, and processor
microarchitecture offer promising paths to further energy reduction (Dutta
& Kant, 2023).

Emerging energy harvesting technologies, including solar, piezoelectric,
thermoelectric, and RF energy harvesting, promise to enable perpetually
powered IoT devices that eliminate battery replacement requirements entirely.
However, the intermittent and variable nature of harvested energy introduces
new challenges for ML workload scheduling, model update management, and
communication protocol design that must be addressed through energy-aware
system design (Mao et al., 2023).

6.1.3. ML Model Adaptation to IoT Constraints

Running large ML models on memory- and compute-constrained IoT
devices requires advanced model compression, quantization, and efticient
inference techniques. Distributing model updates over limited bandwidth,
handling concept drift (systematic changes in data distribution over time),
and managing the full model lifecycle (MLOps for IoT) remain open research
challenges. The work of Cakir et al. (2021) on comparing multiple ML
algorithms under real IToT conditions highlights the importance of practical,
hardware-aware algorithm selection in industrial deployments.

Concept drift, the phenomenon whereby the statistical relationship between
input features and target variables changes over time, is particularly prevalent
in IoT environments where operating conditions, environmental factors,
and equipment degradation continuously alter data distributions. Adaptive
learning techniques, including online learning, incremental learning, and
drift detection methods, are essential for maintaining model accuracy over
extended deployment periods without requiring costly manual retraining
(Gama et al., 2014).

Model interpretability and explainability are increasingly recognized as
critical requirements for Iol-ML deployment, particularly in safety-critical
and regulated domains. Black-box DL models may achieve superior predictive
accuracy but provide limited insight into the reasoning behind their predictions,
hindering operator trust and regulatory compliance. A plant engineer or
operations manager is not satisfied with merely receiving an alert that “Bearing
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23A will fail”; they demand to know “Why?” This is where XAI (Explainable
AI) techniques become essential. For instance, SHAP (SHapley Additive
exPlanations) values quantify the contribution of each input feature to a
specific prediction. In a predictive maintenance scenario, SHAP analysis might
reveal that the model’s failure prediction is primarily driven by a 15% increase
in the second harmonic component of the vibration spectrum and a 5°C
temperature rise. This insight enables the engineer to understand the root cause
(e.g., lubrication deficiency in the bearing) and take appropriate corrective
action. LIME (Local Interpretable Model-agnostic Explanations) creates a
local explanatory model by perturbing the input data to show which factors
most influence the prediction. These techniques are becoming indispensable,
particularly in safety-critical systems (e.g., unmanned aerial vehicles, nuclear
power plants), for building operator trust and ensuring regulatory compliance
(Arrieta et al., 2020).

6.2. Security, Privacy, and Ethical Concerns

Security in JoT-ML systems spans device security (secure boot, OTA updates),
data security (end-to-end encryption, anonymization), and network security
(DDoS protection, intrusion detection). ML models introduce additional
attack vectors including adversarial examples that cause misclassification, model
poisoning attacks that corrupt training data, and model extraction attacks that
steal intellectual property. Developing robust defenses against these threats
requires a holistic approach that integrates security considerations into every
stage of the ML pipeline, from data collection through model deployment
and monitoring (Mao et al., 2023).

Privacy-preserving ML techniques, including differential privacy; secure
multi-party computation, homomorphic encryption, and trusted execution
environments, provide formal guarantees against information leakage while
enabling useful computation on sensitive IoT data. However, these techniques
typically impose computational overhead that may be prohibitive for resource-
constrained IoT devices, necessitating careful trade-oft analysis between privacy
protection levels and system performance (Waheed et al., 2020).

Ethical concerns surrounding IoT-ML systems encompass algorithmic bias,
surveillance overreach, and the digital divide. ML models trained on biased
data may perpetuate or amplify existing inequalities when deployed in IoT
systems that affect public services, healthcare delivery, or law enforcement.
The pervasive sensing capabilities of IoT infrastructure raise fundamental
questions about the appropriate boundaries of data collection and automated
monitoring. Addressing these concerns requires interdisciplinary collaboration
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between technologists, ethicists, policymakers, and affected communities to
develop governance frameworks that balance innovation with human rights
protection (Tanczer et al., 2018).

6.3. Standardization and Economic Challenges

The IoT-ML ecosystem remains fragmented, with interoperability challenges
arising from the diversity of device platforms, communication protocols,
data formats, and ML frameworks. Standardization efforts by IETE, OASIS,
oneM2M, OPC Foundation, and industry consortia continue to advance,
but achieving comprehensive interoperability across the full IoT-ML stack
remains a distant goal. The development of standardized ML model exchange
formats (e.g., ONNX), benchmark datasets, and evaluation protocols would
accelerate progress toward interoperable and reproducible IoT-ML solutions
(Lin et al., 2017).

Economic barriers to IoT-ML adoption include high initial investment
costs, ROTI uncertainty, and the scarcity of skilled professionals who combine
domain expertise with ML engineering capabilities. Small and medium
enterprises (SMEs) face particular challenges in justifying IoT-ML investments
and building the organizational capabilities needed for successful deployment.
Addressing these barriers requires industry-academia partnerships, workforce
development programs, and government incentive mechanisms that lower
adoption barriers and distribute innovation benefits more broadly (Aceto et
al., 2021).

Data governance and sovereignty challenges add further complexity to IoT-
ML deployment. Data localization requirements, cross-border data transfer
restrictions, and sector-specific data handling regulations (GDPR, KVKK,
HIPAA) create a complex compliance landscape that varies by jurisdiction and
industry. [oT-ML architectures must be designed with regulatory compliance as
a first-class architectural concern, incorporating privacy-by-design principles,
audit trail capabilities, and flexible data governance policies (Tanczer et al.,
2018).

6.4. Future Directions

6.4.1. AIoT and Foundation Models

The convergence of Al and IoT (AloT) is expected to accelerate with
the maturation of FL, TinyML, autonomous IoT systems, and foundation
models. Large language models (LLMs) and multimodal foundation models
are emerging as potential interfaces for IoT system management, enabling
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natural language querying of sensor data, automated report generation, and
conversational interaction with complex IoT infrastructure. The adaptation
of these models for IoT-specific tasks, including sensor data interpretation,
fault diagnosis explanation, and maintenance procedure generation, represents
a significant research opportunity (Zhang & Tao, 2020).

The concept of self-supervised pre-training for IoT sensor data is gaining
traction, with the goal of learning general-purpose sensor data representations
that can be fine-tuned for diverse downstream tasks with minimal labeled data.
Time-series foundation models, pre-trained on large collections of sensor data
from diverse domains, could dramatically reduce the data and engineering effort
required to deploy ML in new IoT applications (Mohammadi et al., 2017).

Neuromorphic computing, inspired by the architecture and operating
principles of biological neural systems, offers a fundamentally different
approach to edge Al that promises orders-of-magnitude improvements in
energy efficiency for event-driven IoT processing. Spiking neural networks
(SNNss) running on neuromorphic hardware can process sparse, asynchronous
sensor events with minimal energy consumption, making them ideally suited
for always-on IoT monitoring applications (Dutta & Kant, 2023).

6.4.2. 6G and Advanced Network Infrastructures

Sixth-generation (6G) communication technologies, featuring terahertz
bands, integrated sensing and communication (ISAC), and Al-native network
management, will provide the connectivity fabric for next-generation IoT-
ML systems. Network-as-a-sensor capabilities will enable IoT applications
that extract environmental information directly from communication
signals, reducing the need for dedicated sensor hardware. Al-driven network
optimization will automatically adapt resource allocation, routing, and security
policies to changing IoT traffic patterns and application requirements (Mao
etal., 2023).

Reconfigurable intelligent surfaces (RIS), non-terrestrial networks (NTN)
including LEO satellite constellations, and ambient backscatter communication
represent complementary 6G technologies with significant implications for IoT.
RIS can enhance coverage and reduce interference in dense IoT deployments;
NTN can provide ubiquitous connectivity for remote and maritime IoT
applications; and ambient backscatter enables ultra-low-power communication
by harvesting energy from existing RF signals (Mao et al., 2023).

The integration of computation, communication, and sensing in
6G networks will blur the traditional boundaries between infrastructure
components, creating a converged cyber-physical fabric that seamlessly supports
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IoT-ML workloads. This convergence necessitates new architectural paradigms,
standardization frameworks, and engineering methodologies that are currently
the focus of intensive international research and pre-standardization activities

(Mao et al., 2023).

6.4.3. Blockchain, Sustainability, and Autonomous Systems

Blockchain and distributed ledger technologies offer solutions for IoT
data integrity, provenance tracking, and decentralized trust management.
Smart contracts can automate IoT service-level agreements, data marketplace
transactions, and compliance verification without centralized intermediaries.
However, the computational and energy overhead of blockchain consensus
mechanisms remains a significant challenge for resource-constrained IoT
environments, driving research into lightweight consensus protocols and
off-chain scaling solutions (Jouhari et al., 2023).

Sustainability-focused IoT-ML research addresses energy harvesting
(solar, piezoelectric, thermoelectric), biodegradable materials for sensor
packaging, modular and repairable hardware designs, and end-of-life electronics
recycling. The concept of circular IoT envisions device lifecycles optimized
for environmental sustainability from design through decommissioning, with
ML-based optimization of energy consumption, material usage, and waste
generation at every stage (Waheed et al., 2020).

Autonomous IoT-ML systems that can collect data, update models, make
decisions, and take actions without human intervention represent the long-
term vision of IoT evolution. Achieving this vision requires advances in
self-supervised learning, continual learning, robust decision-making under
uncertainty, and safe exploration, along with governance frameworks that
ensure appropriate human oversight of autonomous system behavior in safety-
critical and ethically sensitive contexts (Aceto et al., 2021).

7. Conclusion and Recommendations

7.1. General Assessment

As comprehensively examined in this chapter, the integration of IoT
and ML represents a paradigm shift with the potential to fundamentally
transform mechanical engineering. Traditional mechanical systems, through the
concurrent advancement of sensor hardware, communication infrastructure,
and artificial intelligence algorithms, are evolving beyond mere physical
assets into cyber-physical systems capable of self-monitoring, prediction,
and autonomous decision-making.
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The success of this transformation depends on three fundamental pillars:
(1) Technical competency: Mastery of the entire technology stack, from
sensor selection and protocol design to ML model development and MLOps
infrastructure; (ii) Interdisciplinary collaboration: The integrated application
of mechanical engineering principles with computer science, data science, and
electronics engineering; (iii) Ethical and regulatory awareness: Incorporating
societal dimensions such as data privacy, algorithmic transparency, cybersecurity,
and the digital divide into system design from the earliest stages.

Looking ahead, as foundation models, neuromorphic computing, 6G
networks, and digital twin technologies mature, the capabilities enabled by
IoT-ML integration will expand further. In the coming decade, self-optimizing
smart factories, self-healing infrastructure equipped with real-time structural
health monitoring systems, and biomechatronic devices that redefine human-
machine collaboration may become commonplace in engineering practice.
Realizing this vision depends not only on technological progress but also on
a commitment to responsible innovation, shaped through coordinated efforts
among academia, industry, and policymakers. The experimental and applied
research reviewed in this chapter, from IIoT-based condition monitoring
systems employing multiple ML classifiers (Cakir et al., 2021) to Al-driven
clinical biomarker prediction (Akbulut, Cakir et al., 2025), demonstrates the
breadth and depth of [oT-ML integration across diverse application domains.
These works illustrate that the transition from data collection to actionable
intelligence requires not only algorithmic sophistication but also careful
attention to data quality, feature engineering, model selection, and deployment
architecture.

7.2. Recommendations for Academia

Interdisciplinary research programs that integrate engineering with social
sciences are essential for addressing the societal and ethical dimensions of
IoT-ML technology. Universities and research institutions should actively
participate in standards development organizations (IETE OASIS, oneM2M)
to translate academic outputs into international standards. The establishment
of open-access testbeds and benchmark datasets for IoT-ML protocols,
security solutions, and energy efficiency techniques would enhance research
reproducibility and accelerate innovation (Lin et al., 2017).

Graduate education programs should evolve to produce professionals who
combine deep technical competence in IoT systems engineering and ML with
awareness of the ethical, legal, and social implications of the technologies they
develop. Research funding agencies should prioritize projects that address real-
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world IoT-ML deployment challenges through industry-academia partnerships,
ensuring that academic research maintains relevance to practical application
needs.

The development of standardized evaluation methodologies and benchmark
suites for IoT-ML systems would significantly advance the field by enabling
rigorous, reproducible comparison of competing approaches. Current
evaluations often employ proprietary datasets, inconsistent evaluation metrics,
and non-comparable experimental conditions, limiting the ability to draw
meaningful conclusions from the published literature.

7.3. Recommendations for Industry

Organizations should begin IoT-ML adoption with well-defined pilot
projects that demonstrate measurable value before scaling to enterprise-wide
deployments. Edge-cloud hybrid architectures that process latency-critical data
locally while performing deep analytics in the cloud offer optimal performance-
cost trade-ofts for most industrial applications. Device identity management,
secure firmware updates, and network traffic monitoring mechanisms are
essential for operational continuity in IIoT-ML deployments (Cakir et al.,
2021).

The adoption of MLOps practices adapted to IoT environments is critical
for managing the model lifecycle from development through deployment,
monitoring, and retirement. This includes automated model retraining
pipelines triggered by concept drift detection, model performance monitoring
dashboards, and rollback mechanisms for safely managing model updates
across large device fleets.

Industry collaboration on pre-competitive challenges, including
interoperability testing, security vulnerability disclosure, and open-source
tooling development, would accelerate IoT-ML ecosystem maturation while
reducing individual organizational risk and investment requirements.

7.4. Recommendations for Policy and Regulation

National data protection regulations should be balanced to avoid impeding
the global interoperability of IoT-ML systems while providing meaningful
privacy protections. Ethical oversight mechanisms should be developed for IoT-
based surveillance, biometric data collection, and algorithmic decision-making
processes. Infrastructure investments and subsidies in rural and underserved
areas would expand IoT-ML technology accessibility and reduce the digital
divide (Tanczer et al., 2018).
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Regulatory sandboxes that allow controlled experimentation with
innovative JoI-ML applications under relaxed regulatory requirements can
accelerate responsible innovation while generating evidence to inform future
regulatory frameworks. International regulatory harmonization efforts should
be supported to reduce compliance complexity and enable cross-border IoT-
ML deployment.

Public investment in IoT-ML literacy programs, workforce retraining
initiatives, and SME adoption support mechanisms would ensure that the
economic and social benefits of IoT-ML integration are broadly distributed
across society rather than concentrated in large technology companies and
carly adopters.

7.5. Concluding Remarks

Looking forward, the convergence of IoT with foundation models,
neuromorphic computing, 6G networks, and digital twin technology promises
to create intelligent, autonomous, and sustainable cyber-physical systems
that fundamentally reshape how humans interact with the physical world.
Realizing this potential will require sustained investment in interdisciplinary
research, workforce development, standards development, and governance
trameworks that ensure the benefits of loT-ML integration are broadly shared
and responsibly managed.

As detailed in this chapter, the integrated design of IoT and ML with
mechanical engineering principles enables physical systems to transcend
passive monitoring, equipping them with data-driven predictive capabilities
and autonomous decision-making mechanisms. This integration provides
measurable improvements in industrial efficiency, sustainability, and safety,
torming the foundation of a paradigmatic shift in the engineering discipline.
Ensuring that this bridge is secure, ethical, and sustainable requires the
concurrent advancement of technical innovation, interdisciplinary collaboration,
and policy development. Through coordinated efforts by academia, industry,
and policymakers, IoT-ML integration can evolve beyond a technological
trend to become a fundamental instrument of societal welfare and economic
development.
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