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Onsoz

Yayn hayatina 2013 yilinda baglamis olan "Researcher: Social Sciences Studies" (RSSS), 2020
Agustos ayi itibariyle "Researcher" ismiyle Ankara Bilim Universitesi biinyesinde yaym
hayatina devam etmektedir. Fen Bilimleri alanina katkida bulunmayi1 hedefleyen 6zgiin
aragtirma makalelerinin yayimlandig1 bir dergidir. Dergi, 6zel sayilar disinda yilda iki kez
yayimlanmaktadir.

Amaglar1 dogrultusunda dergimizin yaym odaginda; Endiistri Miihendisligi, Bilgisayar
Miihendisligi ve Elektrik Elektronik Miihendisligi alanlar1 bulunmaktadir. Dergide
yayimmlanmak iizere gdnderilen aday makaleler Tiirkge ve Ingilizce dillerinde yazilabilir.
Dergiye gonderilen makalelerin daha Once bagka bir dergide yayimlanmamis veya
yayimlanmak {izere bagka bir dergiye gonderilmemis olmasi gerekmektedir. Bir makalenin
dergide yayimlanabilmesi i¢in en az iki hakem tarafindan olumlu rapor verilmesi gerekir.

Degerlendirme sonucu kabul edilen caligmalar sirasiyla; intihal kontroliiniin yapilmasi,
kaynakca diizenlemesi, gonderme ve atif kontrolii, mizanpaj ve dizgisinin yapilmasi
siireclerinden geger.

Researcher, Dergipark {iizerinden bilimsel arastirmalarin igerigine aninda acik erigim
saglamaktadir.

Researcher makale islem {icreti (gonderme, degerlendirme veya basim iicreti) ve makalelere

erisim i¢in abonelik {icreti talep etmedigi ic¢in iicretsiz yayin yapan dergi statiisiindedir,
Dergimiz herhangi bir kar amaci giitmemekte ve higbir gelir kaynagi bulunmamaktadir.
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Ozet

Bu ¢aligma ile Sihhiye bolgesindeki hava kalitesi indeksinin (HKI) hem asir1 §grenme makineleri (AOM) hem de
yapay sinir aglar1 (YSA) algoritmalari ile tahmin edilmesi amaclanmistir. Bu amagla, HK1’yi etkileyebilecek yedi
adet parametre se¢ilmistir. Bu parametreler PM o, SO,, CO, sicaklik, nem, basing ve riizgar hizidir. [k olarak, HK1
ile bu yedi parametre arasinda korelasyon analizi yapilmistir. Analiz sonucuna gére HKI ile en giiclii iliskinin
atmosferik parametrelerden PMj ile, meteorolojik parametrelerden ise basing ile oldugu sonucuna ulagilmistir.
2018 yilinin Agustos, Ekim, Kasim ve Aralik aylarina ait parametre degerleri egitim verisi olarak belirlenmistir.
2019 yilinin Ocak ve Subat aylarina ait ilk 14 giinliik parametre verileri ise test verisi olarak belirlenmistir. HKI
degerleri 1 ile 6 arasinda matematiksel olarak siniflandirilmistir. Smiflandirma ¢aligsmalart hem ham veriler hem
de normalize edilmis veriler ile gerceklestirilmistir. Siniflandirma siirecinde algoritmalarda farkli egitim
fonksiyonlar1 ve gizli néron sayilart kullanilmistir. Sonuglarin giivenilirligi ig¢in 3-kat ¢apraz dogrulama
yapilmistir. En yiiksek performansa sahip aktivasyon fonksiyonlar1 ve noron sayilart gercek test verilerine
uygulanmistir. Son olarak, HKi’nin matematiksel simiflandirma sonuglari ile tahmini siniflandirma sonuglari
karsilastirilmistir. Elde edilen sonuglara gére hem ham hem de normalize veriler ile yapilan siniflandirma
calismalarinda AOM algoritmasinin YSA algoritmasindan daha basarili sonuglar elde ettigi goriilmiistiir. Basarim
oranlar1 ham verilerde %85.71, normalize verilerde %71.43 olarak gerceklesmistir.

Anahtar Kelimeler: hava kalitesi indeksi, asir1 6grenme makineleri, yapay sinir aglari, siniflandirma,
korelasyon.

Prediction of Air Quality Index of Sihhiye Region by Extreme
Learning Machines and Artificial Neural Networks

Abstract

With this study, it was aimed to estimate the air quality index (AQI) in the Sihhiye region with both extreme
learning machines (ELM) and artificial neural networks (ANN) algorithms. For this purpose, seven parameters
that could affect the AQI had been chosen. These parameters were PM 19, SO,, CO, temperature, humidity, pressure
and wind speed. Firstly, correlation analysis was performed between the AQI and these seven parameters.
According to the results of the analysis, it was concluded that the strongest relation with the AQI were with PM o
from the atmospheric parameters and the pressure from the meteorological parameters. The parameter values for
August, October, November and December of 2018 year were determined as training data. The parameter values
for the first 14 days of January and February of 2019 year were determined as test data. AQI values were classified
mathematically between 1 and 6. Classification studies were applied to both raw data and normalized data. In the
classification process, different training functions and hidden neuron numbers were used in algorithms. 3-fold
cross-validation was performed for the reliability of the results. The activation function and neuron numbers with
highest performance were applied to actual test data. Finally, mathematical classification results were compared
with the predicted classification values of AQI. According to the results obtained, in the classification studies
conducted with both raw and normalized data, it was observed that ELM algorithm achieved more successful
results than ANN algorithm. The success rates were 85.71% in raw data and 71.43% in normalized data.

Keywords: air quality index, extreme learning machine, artificial neural networks, classification,
correlation.
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1. Giris

Diinyanin hizla gelismesine bagl olarak kentlesme kacinilmaz hale gelmistir. Ancak, bu hem
ekosistemler hem de insanlar igin bir tehlike olusturmaktadir. insanlar i¢in olusan tehlikelerden biri hava
kirliligidir [1]. Solunan kirli hava sagligimiz1 dogrudan etkilemektedir. Bu nedenle, havanin kalitesini
optimum seviyede tutmak biiyiik dnem tagimaktadir [2]. Kentlesme ile birlikte, hava kirliliginin bir diger
sebebi de sanayilesmedir. Ozellikle hava kalitesi dnlemlerinin bulunmadig1 veya asgari diizeyde oldugu
endiistriyel bolgelerde hava kalitesinin insan sagligi iizerinde olumsuz etkisi bulunmaktadir. Bu nedenle,
hava kirliliginin derecesini objektif olarak degerlendirilmesi ve kirletici konsantrasyonlarmi dogru
sekilde tahmin edilmesi 6nem arz etmektedir. Bunun i¢in bilimsel hava kalitesi izleme ve erken uyari
sistemleri olusturulmalidir [3]. Atmosferdeki hava kalitesi genel olarak hava kalitesi indeksi (HKI)
olarak bilinen bir parametre ile 6lgiiliir. HK1, havanin kirlilik derecesi hakkinda bilgi verir. Hava kirliligi
ise havadaki gazlar ve kati pargaciklarin bir karigimi olarak tanimlanabilir. Araglardan ¢ikan egzoz gazi,
fabrikalardan ¢ikan kimyasallar, kat1 yakit kaynakli partikiiller ve tozlar hava kirliligine neden olan
temel faktorlerdir. Atmosferde HKI degerini etkileyen bazi kirleticiler partikiil madde (PMo), kiikiirt
dioksit (SO;) ve karbon monoksit (CO)'tir. PM o, aerodinamik ¢ap1 10 pm'den kiigiik partikiil madde
olarak tanimlanmaktadir. Hem dis hem de i¢ mekanlarda bulunabilir. Akciger hastaliklari, kalp damar
hastaliklart ve kalp krizine neden olabilmektedir [4]. Bir¢ok sabit ve hareketli kaynaktan
olusabilmektedir. Kii¢iik boyutlu olanlarin akcigerler lizerinde olumsuz etkileri olabilmektedir. SO»,
kémiir ve fuel-oil gibi yakitlarin yanmasi sonucu olusmaktadir. Insanlarm solunum fonksiyonlarini
etkiler. Siilfiirik asit olusumuna ve siilfiir dioksit birikmesine katkida bulunmaktadir. Hem PM o hem de
SO,, ozellikle kis aylarinda kentsel hava kalitesi sorunlari ile yakindan iligkilidir [S]. CO ise biiylik
miktarlarda solundugunda zararli olabilen bir gazdir. Renksiz ve kokusuzdur. Zehirlenmeye bagl olarak
bayilma ve 6liimlere neden olabilmektedir. Dis havaya salinan en biiyiik CO kaynaklar1 tasitlardir [6].

Hava kirliligi insan sagligini etkileyecek seviyelerin iizerine ¢iktiginda hava kalitesi tahmin teknikleri
gelistirilmektedir. Hava kalitesi tahmininde genellikle geleneksel yaklagimlar, matematiksel ve
istatistiksel teknikler kullanilmaktadir. Geleneksel tahmin modelleri temel olarak bilgisayar altyapist
gerektirmektedir. Calismalar HKI'yi tahmin etmek igin yeni modelleme yaklagimlarini ortaya
koymustur. AOM ve YSA ile smiflandirma da bu yaklasimlar kapsamindadir [7]. Ayrica, hava
kirleticilerinin dagilimi i¢in riizgar hizi, sicaklik, basing, nem gibi meteorolojik faktdrler de 6nemlidir.
Bu parametrelerin hava kirliligi ve insan saglig1 agisindan herhangi bir olumsuzlugu bulunmamaktadir.
Ancak PMo, SO, ve CO degerlerine yapacaklar1 meteorolojik etkiler ile HKI degerinin degismesine
neden olabilmektedirler. HKI degerini etkileyen tiim bu parametrelerin temsili gosterimi Sekil 1'deki
gibidir. Bircok iilke hava kirliligini azaltmak i¢in calismalar yapmaktadir. Bu iilkelerden biri de
Tiirkiye’dir. Bu amagla, iilke genelinde Cevre ve Sehircilik Bakanligi tarafindan kurulmus Hava Kalitesi
Olgiim Istasyonlar bulunmaktadir. Bu istasyonlar aracilig1 ile kirleticiler ait veriler toplanmakta ve yine
bu istasyonlarda analiz edilmektedir [8]. Analiz sonucunda istasyonun bulundugu bdlgenin hava kirliligi
kalitesini gosteren HKI degerleri hesaplanmaktadir. Cevre ve Sehircilik Bakanligi Ulusal Hava Kalite
Izleme Ag1 web sitesinde kullanilan HKI sinir degerleri su sekildedir. lyi (0-50), orta (50-100), hassas
(100-150), sagliksiz (150-200), kotii (200-300) ve tehlikeli (300-500).

: Basmé"-.‘_ I

Nem | Sicakhik

Sekil 1: HKI Degerini Etkileyen Parametrelerin Temsili Gosterimi
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HKIi ve HKI'yi etkileyebilecek parametrelerin tahminine yonelik makine Ogrenmesi ve farkli
algoritmalar kullanilarak ¢ok sayida ¢alisma yapilmistir.

Seving (2022) tarafindan yapilan ¢alismada bir karar agaci tahmincisi ve yeni bir parametre ayarlama
stireci ile uyarlanabilir bir ylikseltme algoritmasi kullanarak hastalarin ciddiyetini tahmin etmek i¢in
gelistirilmis bir 6grenme modeli dnerilmistir [9]. Cihan vd. (2021) tarafindan yapilan ¢alismada bir
sanayi bolgesindeki PM,y ve PM; s bilesenlerinin tahmini i¢in uyarlamali ag tabanl bulanik ¢ikarim
sistemi, destek vektor regresyonu, siniflandirma ve regresyon agaclari, rastgele orman, k-en yakin
komsuluk ve asir1 6grenme makine yontemleri kullanilmistir. ANFIS modeli, diger yontemlere kiyasla
PM degerlerini tahmin etmede daha basarili olmustur [10]. Baran (2021) tarafindan Besiktag’taki hava
kalitesi indeksinin yapay sinir aglar1 ve k-en yakin komsuluk (kNN) algoritmalar ile tahmin edilmesi
lizerine bir ¢aliyma yapilmustir [11]. Shishegaran vd. (2020) giinliik HKi tahmini icin bir ¢alisma
yapmiglardir. Dort tahmin modeli kullanilmiglardir. Modelleri karsilastirmak igin ise maksimum negatif
ve pozitif hatalar, ortalama kesirli sapma, mutlak ylizde hata, kok ortalama kare hatast ve
normallestirilmis kare hata yontemlerini kullanilmiglardir. Elde edilen sonuca gore dogrusal olmayan
topluluk modeli en iyi performansi gostermistir [12]. Wang vd., (2020) yaptiklar1 ¢alisma ile giinliik
hava kalitesi tahmini i¢in yenilik¢i bir hibrit model 6nermislerdir. Caligsmalarinda aykiri nokta tespiti ve
diizeltme algoritmasini benimsemislerdir. Tahmin etkinligini degerlendirmek igin ise hipotez testi
kullanilmugtir. Onerdikleri hibrit model diger modellere gére daha yiiksek tahmin seviyesine ulagmistir
[13]. Baran (2019) tarafindan yapilan ¢alismada riizgar hizinin ve buna bagh olarak riizgardan elde
edilebilecek enerjinin asir1 6grenme makineleri algoritmasi tarafindan tahmini yapilmstir [14]. Liu vd.
(2019) tarafindan yapilan ¢alisma ile Pekin kenti icin HKI, Italya icin ise NOx parametresinin tahmini
amaglanmigtir. Bu tahminler i¢in destek vektdr regresyonunu ve rastgele orman regresyonunu
kullanilmiglardir. Regresyon modellerinin performansini degerlendirmek i¢in ortalama karekok hatasi
ve korelasyon katsayist kullanilmistir. Yapilan deneysel caligmalar neticesinde rastgele orman
regresyonu modelin daha iyi performans gosterdigi, destek vektor regresyon modelin ise ¢ok sayida
verinin iglenmesi yontemlerine uygun olmadigi sonucuna ulagilmistir [15]. Seving (2019) tarafindan
yapilan ¢alismada tek gizli katmanl ileri beslemeli sinir aglari ile entegre yeni bir evrimsel 6znitelik
secim algoritmast Onerilmistir. Onerilen algoritma genetik algoritmalarin evrimsel teknigini
birlestirmektedir. Asir1 6grenme makineleri ile segilen her bir 6zellik alt kiimesinin uygunluk degerini
hesaplanmistir [16]. Zou vd. (2019), ge¢mise ait hava kalitesi ve meteorolojik verilerin bir derin sinir
ag1 olan airQP-DNN modelinde kullamilmak suretiyle gelecekteki HKI degerlerinin tahmini
yapmislardir. Bu tahmini HKI verilerine gore de agik hava etkinlikleri icin rota planlamasi yapilmustir.
Calismada Pekin ve gevre kentlere ait bir yillik veri seti kullanilmistir. Elde ettikleri deneysel sonuglara
gore Onerilen modelin diger yaygin olarak kullanilan yontemlerden daha iyi performans gosterdigi
sonucuna ulagmiglardir [17]. Bai vd. (2016) PMio, SO, ve NO, igeren giinlik hava kirliligi
konsantrasyonlarini tahmin etmek i¢in dalgacik teknigi ve geri yayilim sinir ag1 modelini kullanarak bir
W-BPNN modeli gelistirmislerdir. Gelistirdikleri modeli, Cin'in Chongqing Nan'an Bdlgesinde test
etmiglerdir [18]. Baran (2019) tarafindan yapilan ¢alismada asir1 6grenme makineleri algoritmasi ile
hava kalitesi indeksinin tahmini gergeklestirilmistir [19]. Zhang ve Ding (2017) Hong Kong'un Sham
Shui Po ve Tap Mun bolgelerindeki iki izleme istasyonunda alt1 yillik veriler de dahil olmak {izere sekiz
hava kalitesi parametresinden elde edilen verileri kullanarak AOM algoritmasim egitmislerdir. Egitilen
AOM algoritmasm kullanarak hava kirleticilerinin tahmini {izerine bir ¢alisma yiiriitmiislerdir [20].
Seving (2018) tarafindan yapilan ¢alismada tek gizli katmanli ileri beslemeli sinir aglarmda hesaplama
parametrelerinin etkinligi incelenmistir [21]. Zhu vd., (2017) yaptiklar1 calismada HKI tahmininin
dogrulugunu arttirmak i¢in bolgesel hava kalitesi indeksi i¢in bir tahmin modeli gelistirmislerdir. Bu
amagla, ampirik mod ayristirma-EMD-SVR-Hibrit ve EMD-IMFs-Hibrit olarak adlandirilan iki hibrit
model 6nermislerdir [22].

Peng vd., (2017) dogrusal olmayan makine 6grenme yontemleri kullanarak Kanada'da PM> 5, O3 ve NO,
parametrelerine ait yogunluk tahminleri yapmuslardir. Elde ettikleri verileri kullanmak suretiyle de HK1
degerinin tahminini yapmislardir [23]. Jose (2017) Madrid kentindeki NO; kirliligini tahmin etmek i¢in
olasiliksal tahmin teknigini gelistirmislerdir [24]. Patrico ve Ernesto (2016) Santiago kentindeki saatlik
PM, s konsantrasyonunu tahmin etmek i¢in ileri beslemeli bir sinir ag1 modeli kullanilmiglardir [25].
Avsar (2015) tarafindan yapilan ¢alismada Burhaniye Ilgesinde SO,, NO,, CO, O; ve VOC
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parametrelerini igeren bir hava kalitesi analizi yapilmistir [26]. Vong vd. (2014) PM,o seviyesinin
smifini tahmin etmek igin AOM algoritmasini kullanarak bir uyari sistemi olusturulmuslardr.
Sonuglarmi destek vektor makineleri algoritmasimin sonuglari ile karsilagtirmiglardir. Tahminleri
iyilestirmek i¢in dnceden ¢ogaltma adi verilen dengesizlik stratejisini uygulamiglardir [27]. Moustris
vd. (2010) Yunanistan'in Atina Bolgesi'nde 2001 ve 2005 yillar1 arasindaki esik deger tizerindeki kirlilik
degerlerinden en az birini dikkate almak suretiyle Avrupa Bolgesel Kirlilik Endeksi'nin maksimum
gilinliik degerini tahmin etmek i¢in YSA algoritmasini kullanmiglardir [28]. Biancofiore vd. (2017),
PMi konsantrasyonu tahmin etmek i¢in 6zyinelemeli sinir ag1 modeli kullanmislardir. Kullandiklar
model % 95 oraninda dogru tahmin yapmistir [29]. Mekparyup vd. (2020), tarafindan yapilan ¢alisma
ile Tayland'in dogu bolgesinde bulunan sekiz hava izleme istasyonu tarafindan 6lgiilen verilerin multi
layer perceptron algoritmasina uygulanmasi suretiyle HKI degerinin tahmini amaclanmistir. Yapilan
analizler neticesinde HKI tahmininde O3 ve PM parametrelerinin énemli rol oynadigi, NO,, SO, ve
CO parametrelerinin ise gok daha az 6nemli oldugu tespit edilmistir. Ayrica, HKI degerinin yaz mevsimi
sonunda diisiik, yaz aylarinda orta, kis aylarinda yiiksek oldugu tespit edilmistir. Siiflandirma
tahmininde ise multi layer perceptron algoritmasi %90 oraninda basarim elde etmistir [30]. Liu vd.
(2017) Cin'in Pekin, Tianjin ve Shijiazhuang bolgelerindeki HKI tahmini i¢in mevcut makine 6grenme
algoritmalarinin tahmin hatasini en aza indirecek tahmin sonuglarmi elde etmek icin destek vektor
regresyon algoritmasini kullanmislardir [31]. Ganesh vd. (2017) HKI degerini tahmin etmek amaciyla
YSA kullanmislardir. YSA algoritmasim egitmek i¢in ise birgok yontem kullanmislardir. Bunlardan
bazilar1 Elman sinir ag1, radyal temel fonksiyon sinir agi, cok katmanl algilayicidir. Caligmalarinda
Houston ve Los Angeles bolgelerinde 2010-2016 yillari i¢in NO,, CO, Oz, PM,s, SO, ve PM
konsantrasyonlar1 bagimsiz, HKI ise bagimli degisken olarak kullanilmistir [32]. Saatcioglu vd. (2011)
tarafindan ¢alismada Marmaray Projesi ile otomobil kullaniminin azaltilmasimin 2015 ve 2030 yillar
icin Istanbul'daki hava kirliligini nasil etkileyecegini degerlendirilmistir. Elde edilen sonuglara gére tiim
kirletici tiirleri i¢in emisyonlardaki azalma oraninin 2015 yilinda %12.4 ve 2030 yilinda %11.6 olacagi
sonucuna ulagilmistir [33]. Dragomir (2010) tarafindan k en yakin komsuluk algoritmas: ile HKI
degerinin tahminine yonelik bir ¢alisma yapilmistir. Algoritmanin giris parametreleri olarak SO, NOa,
O3 ve CO parametrelerini kullanilmistir. 2009 yili Haziran aymin 29 giinliik verileri ile bu ¢alisma
yapilmistir. K en yakin komsuluk algoritmasi ise Weka yazilimi araciligi ile uygulanmistir. K en yakin
komsuluk algoritmasi tarafindan 29 giinden 19 tanesi dogru tahmin edilmistir [34]. Jiao vd. (2019)
tarafindan yapilan calisma ile HKI degerinin tahmini amaglanmistir. Uzun kisa siireli bellek algoritmast
kullanilmigtir. PMa,s, PMio, SO,, sicaklik, riizgar yonii, NO,, CO ve Os algoritmada kullanilan
parametrelerdir. Caligma sonucunda Uzun kisa siireli bellek algoritmasinin HKI degerini iyi derecede
tahmin edebilecegine dair sonuglara ulasilmistir [35]. Kadilar ve Kadilar (2017) ise mevsimsel
otoregresif entegre hareketli ortalama yontemi kullanarak Aksaray ilindeki hava kalitesini etkileyen SO»
parametresinin tahmini iizerine bir ¢calisma yapmislardir [36]. Avsar vd. (2010) tarafindan yapilan
calismada Istanbul’daki yol siipiirme makinelerinden kaynaklanan giiriiltii seviyesinin ve PMo
konsantrasyonunun etkisi incelenmistir. Calisma sonucunda bu araglardan kaynaklanan PM;
konsantrasyonunun 355 pg/ms'e ulastigl ve bunun hem yayalara hem de operatdre yiiksek oranda etki
ettigi sonucuna ulagilmstir [37].

Gecmiste Sihhiye bolgesi i¢in en 6nemli kirletici kaynaklar arag trafigi ve fosil yakitlardi. Fosil yakitlar
nedeniyle SO; seviyesi yiiksekti. Ancak, giinlimiizde 1sitmada dogalgazin kullanilmasma bagl olarak
SO, seviyesi diismiistiir. Bununla birlikte, hizla artan arag sayisi, PM degerinin yiiksek ¢ikmasina sebep
olabilmektedir. Bu ¢alismada PM o, SO, CO, sicaklik, nem, basing ve riizgar hiz1 parametreleri dikkate
alinarak AOM ve YSA algoritmalari tarafindan HKI degerlerine ait smiflandirma tahminlerinin
yapilmas1 amaclanmistir. Elde edilen tahmini HKI smiflandirma sonuglar1 ile matematiksel HKI
siniflandirma sonuglar1 karsilastirilmistir. Ayrica, ham verilerin normalize edilmesi durumunda tahmin
sonuclarinin nasil etkilenecegi de incelenmistir. Tahmin ¢alismalarinda bagimsiz giris degiskenleri
olarak PMj, SO, CO, sicaklik, nem, basing ve riizgar hiz1 parametreleri kullanilmistir. Bagimli ¢ikis
degiskeni ise HKi’ye ait siniflandirma degerleri olmustur. HKI degerlerini elde etmek igin AQI
Calculator [38] uygulamasi kullanilmigtir. Bu uygulama PM o, PM> 5, SO,, NOy, CO, O3 ve NH3 gibi
yedi adet Kkirleticinin konsantrasyon degerlerine gore HKI degerini hesaplamaktadir. Bu yedi
parametreden en az {i¢ii girilerek HKI degeri hesaplanabilmektedir. Calismada 2018 yilinin Agustos,
Ekim, Kasim ve Aralik aylarina ait 123 satirdan olusan veriler egitim verisi olarak kullanilmistir. 2019
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yilinin Ocak ve Subat aylarmin ilk 14 giinliik verileri ise test verisi olarak kullanilmistir. Hem ham hem
de normalize edilmis veriler kullanilarak ayr1 ayr1 HKI siniflandirma degeri tahminleri yapilmistir.
AOM ve YSA tarafindan 2019 yilina ait bu iki farkli 14 giinliik veriye ait HKi simiflarinin dogru tahmin
edilmesi amaglanmistir. En yiiksek basarim oraninda ve en kisa siirede dogru sonuglar veren egitim
fonksiyonu ve noron sayist gercek test verilerine uygulanmigtir. Elde edilen tahmin sonuglari
karsilagtirilarak tahmin yontemlerinin basarimlari 6l¢iilmiistiir. Literatiirdeki ¢alismalar incelendiginde
genellikle PM o, SO, CO parametreleri kullanilmisken bu ¢alismada ek olarak sicaklik, nem, basing ve
riizgar hizi parametreleri de HKI degerinin belirlenmesinde giris parametresi olarak dikkate alinmistir.
Ayrica ham verilerin yaninda normalize veriler ile de ¢aligmalar yapilmigtir. Bu baglamda hem
meteorolojik hem de atmosferik parametrelerin dikkate alindigit AOM ve YSA algoritmalari ile yapilan
bu tahmini simiflandirma ¢aligmasinin insan saghgmi olumsuz etkileyebilecek HKI degerinin tahmin
edilmesinde yol gosterici olacagi diisiiniilmektedir.

Calismanin bu asamadan sonraki kismi su asamalardan olusmaktadir. Ik olarak HKI degerini
etkileyebilecek giris parametreleri ile HKI arasinda korelasyon analizi yapilmistir. Parametrelerin
HKI’yi hangi oranda etkilediginin tespiti amaclanmustir. Ardindan, AOM ve YSA’ya ait teknik bilgiler
verilmistir. Daha sonra durum ¢alismalarina yer verilmistir. Giris verilerinin hem ham hem de normalize
edilmesi durumunda AOM ve YSA ile elde edilen sonuglara deginilmistir. Sonu¢ béliimiinde ise
caligmada elde edilen sonuglarin karsilastirmasi yapilmigtr.

2. Tlgili Cahsmalar

2.1. HKI Hesaplamasi ve Simir Degerler

HKI giinliik hava kalitesi indeksidir. Havanin kirlilik derecesi hakkinda bilgi verir. Bu ¢alismada
kullanilan HKI degerleri AQI Calculator uygulamasi tarafindan hesaplanmustir. AQI Calculator PMj,
PM,5s, SO,, NOx, CO, O3 ve NH3 parametrelerine ait degerlerin en az {i¢ tanesinin girilmesi ile hava
kalitesinin degerini hesaplayan excel tabanli bir uygulamadir. Bu g¢alismada PMio, SO, ve CO
parametrelerine ait degerler AQI Calculator uygulamasina girilerek HKI degerleri elde edilmistir. Elde
edilen bu HKI degerleri calisma boyunca “hesaplanan HKI” olarak adlandirilmistir. AQI Calculator
uygulamas! tarafindan elde edilen hesaplanan HKI degerleri Cevre ve Sehircilik Bakanligi Ulusal Hava
Kalite Izleme Ag1 web sitesindeki HKI degerleri ile dogrulanmustir [39]. Hava kirliliginin kalitesini
belirlemek i¢in HKI degerine belirli araliklarla sinir degerler konulmustur. Cevre ve Sehircilik Bakanlig
Ulusal Hava Kalite izleme Ag1 web sitesinde kullanilan HKI sinir degerleri su sekildedir. 0-50 (iyi), 50-
100 (orta), 100-150 (hassas), 150-200 (sagliksiz), 200-300 (kotii) ve 300-500 (tehlikeli) olarak
siniflandirilmistir. Bu ¢calismada kullanilan sinir degerler ve atanan sinif degerleri ise 0-50 (1. sinif), 51-
100 (2. smif), 101-150 (3. smuif), 151-200 (4. sinif), 201-300 (5. smif), 301-500 (6. sinif) seklindedir.

2.2. Egitim Veri Seti

[k olarak PM,o, SO, ve CO parametreleri AQI Calculator uygulamasma girilerek hesaplanan HKI
degerleri elde edilmistir. Daha sonra, Ankara ili Sihhiye bdlgesine ait 2018 yil1 Agustos, Ekim, Kasim
ve Aralik aylarindaki sicaklik, nem, basing ve riizgar hiz1 verileri www.timeanddate.com adli web
sitesinden alinmistir [40]. Boylece, 7 adet giris verisine karsilik 1 adet ¢ikis verisi olan hesaplanan HKi
verilerini iceren 123 satirlik egitim veri seti olusturulmustur. Toplamda yedi adet olan meteorolojik ve
atmosferik giris parametresine gore elde edilen 123 adet hesaplanan HKI degeri 1 ile 6 arasinda
matematiksel olarak siniflandirilmistir. Bu siniflandirma islemi sonucunda 1. siniftan 45 adet, 2. siiftan
66 adet, 3. smiftan 8 adet ve 4. siniftan 4 adet veri elde edilmistir. Ancak, 5. ve 6. siniflar igin veri
tiretilmemistir. Bunun nedeni, hesaplanan HKI verileri iginde 201 ile 500 degerleri arasinda higbir HK1
verisinin bulunmamasidir.
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2.3. Korelasyon Analizi

Korelasyon katsayisi (1), iki 6zellik arasindaki iligkinin 6nemini 6l¢gmede kullanilmaktadir. +1 ile -1
arasinda degerler almaktadir ve birimi yoktur. r degeri sifirdan biiyiik ise, parametreler arasinda pozitif
bir iligki oldugu, sifirdan kiigiik ise negatif bir iliski oldugu sonucuna ulagilmaktadir. Cikan sonucun
sifira esit olmasi durumu ise, parametreler arasinda dogrusal bir iligki olmadigini gostermektedir.
Pearson korelasyon katsayisi esitlik 1 ile hesaplanmaktadir [41].

Txy— ZXZy

r= (1)
J(sz (Zx)2><22 (Zny)z)

Bu esitlikte x ve y, iki siirekli yapinin 6zelliklerini gostermektedir.

Korelasyon analizi, 2018 yilinin Agustos, Ekim, Kasim ve Aralik aylarina ait parametre degerleri ile
hesaplanan HKI degerleri karsilastirilarak gerceklestirilmistir. Hesaplanan HKI ile meteorolojik ve
atmosferik parametreler arasinda olusan korelasyon grafikleri ve korelasyon katsayilari Sekil 2'deki
gibidir.

2.4. Asir1 Ogrenme Makineleri

AOM [42] tarafindan gelistirilmistir. iki katmandan olusmaktadir. Ikinci katmam egitilebilen ileri
beslemeli bir yapay sinir agidir [43]. Klasik 6grenme algoritmalart ile karsilastirildiginda yerel
minimum, asirt uyum gibi problemleri yasamadan ¢ok daha kisa siirede ve daha iyi performansta
sonuglar elde edilebilmektedir. AOM, regresyon ve siniflandirma gibi calismalarda kullanilmaktadur.
N-gizli diigiimii olan tek gizli katmanli ileri beslemeli yapay sinir ag1 esitlik 2'deki gibi tanimlanmistir
[44].

N
fy ) = z B;G(a; b;x),x € R,a; ER) 2

i=1

Burada, a; veb; Ogrenme parametreleridir. B;, i. gizli diiglimiin agirhgidir. G(x) ise aktivasyon
fonksiyonudur.

2.5. Yapay Sinir Aglari

YSA’lar 1943 yilinda Mcculloch and Pitts tarafindan gelistirilmislerdir. Ogrenme yetenegine sahip
Oriintli tanima ve siniflandirma teknigidir. Biyolojik sinir aglarini taklit eden sentetik yapilardir [45, 46,
8]. YSA’larda kullanilan ileri beslemeli geri yayilim sinir ag1 algoritmalari, girig vektoriine bagli olarak
cikis vektoriinii hesaplamada kullanilan algoritmalardir. Hem lineer olmayan hem de karmasik
problemleri ¢dzme basarisindan dolay1 ¢ogunlukla tercih edilmektedir [47]. Yapay sinir aglar1 i¢in ileri
beslemeli toplama fonksiyonu ve transfer fonksiyonu sirasiyla esitlik 3 ve esitlik 4° te gosterilmistir

[48].
Iy = Z Wpixp 3)
b
yi=fU) 4)

Bu caligmadaki YSA ¢alismasinda ileri beslemeli geri yayilim sinir agi algoritmasi kullanilmustir.
Kullanilan sinir ag1 yedi adet giris verisi, 123 adet gizli noron ve 1 adet ¢ikis verisine gore tasarlanmaistir.
Bu calismada kullanilan algoritmalar Matrix Laboratory (MATLAB) ortaminda ¢alistirilmstir.
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2.6. Normalizasyon

Yapay sinir aglarinda normalize edilmis verilerle ¢alismak daha hizli sonu¢ vermektedir. Bu ¢caligmada
ham verilerin normalize edilmesinde “min-maks normalizasyon” teknigi kullanilmigtir. Tiim egitim ve
test verileri dikkate alinarak O ile 1 arasinda normalizasyon islemi gergeklestirilmistir. Kullanilan
normalizasyon denklemi esitlik 5'teki gibidir [49].

_ Xi— Xmin

i ———— (5)

Xmax — Xmin

!

Burada, x" normalize edilmis veriyi gosterirken x; giris verisi xmq giris kiimesindeki en biiyiik sayiy1,
Xmin 1s€ girig kiimesindeki en kiiciik say1y1 gostermektedir.

3. Yapilan Calisma ve Bulgular

3.1. Parametreler Arasi Korelasyon Analizi

Korelasyon analizi, 2018 yilinin Agustos, Ekim, Kasim ve Aralik aylarina ait parametre degerleri ile
hesaplanan HKI degerleri karsilastirilarak gerceklestirilmistir. Hesaplanan HKI ile meteorolojik ve

atmosferik parametreler arasinda olusan korelasyon grafikleri ve korelasyon katsayilar1 Sekil 2'deki
gibidir.
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Sekil 2: Hesaplanan HKI ile Giris Parametreleri Arasindaki Korelasyon Analizi
a) Sicaklik b) Nem c) Basing d) Riizgar hizi e) SO, f) PM;o g) CO

Hesaplanan HKI ve meteorolojik parametreler arasindaki iliski incelendiginde, HKI ile nem ve basing
arasinda pozitif iliski oldugu goriiliitken, sicaklik ve rlizgar hiz1 ile arasinda negatif iliski oldugu
goriilmektedir. Meteorolojik parametreler ile olan en giiclii iligski basing ile, en zayif iligki ise nem ile
olmustur. Diger taraftan, hesaplanan HKI ile atmosferik parametrelerin tamaminda pozitif iliski oldugu

gorlilmektedir. Atmosferik parametreler ile olan en giiclii iliski PMj ile, en zayif iligki ise SO, ile
olmustur.
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3.2. Ham Veriler ile AOM Calismasi

AOM algoritmas ile yapilan simiflandirma ¢aligmalarda siniis, sigmoidal ve hardlimit aktivasyon
fonksiyonlar1 kullanilmistir. Bu aktivasyon fonksiyonlarmin test siireleri ve test dogruluk oranlari
kargilastirilmistir. Karsilastirma sonucunda elde edilen degerler EK boliimiindeki Tablo El'de
gosterilmis-tir. Yapilan birinci karsilastirmada kullanilan gizli néron sayisi 50 olarak se¢ilmistir. 50 gizli
noron secilmesinin nedeni, AOM algoritmasinin ilk asamada nasil tepki verdigini goérmek ve diger
noronlarmn sayisini belirlemektir. AOM algoritmasinda, ¢ikis agirliklari analitik olarak hesaplanirken,
giris agirliklari rastgele hesaplanmaktadir. Bu nedenle, programin her ¢calismasinda elde edilen sonuglar
birbirine yakin fakat farkli degerler olabilmektedir. Bu sorunun iistesinden gelmek i¢in AOM
algoritmasi ile yapilan degerlendirmede 3 kat ¢apraz dogrulama teknigi kullanilmistir. Bu ¢aligmada
maksimum 120 gizli néron kullanilmistir. Elde edilen sonuglar test dogruluk oranlari ve aktivasyon
fonksiyonlarina gore incelendiginde, en yiiksek degerin %76.42 test dogruluk orani ve 0.000520
saniyelik test siiresi ile hardlimit fonksiyonu tarafindan karsilandig1 goriillmektedir. Hem hardlimit hem
de sine ve sigmoid aktivasyon fonksiyonlarinin farkli gizli néron sayilarinda nasil tepki verecegini
incelemek i¢in, bu ii¢ aktivasyon fonksiyonunun 6 farkli néron sayisina bagimlilifi incelenmistir.
Kullanilan gizli néron sa-yilar1 tiim gizli néronlara yakin ara degerlerden se¢ilmistir. Bu dogrultuda elde
edilen sonuglar Tablo 1’de goriilmektedir.

Tablo 1: Farkli Aktivasyon Fonksiyonu ve Noron Sayisinda Test Degerleri (Ham Veri)

Aktivasyon kodu -  Test Siiresi  Ortalama Test Dogrulugu

gizli néron sayisi (sn.) (%)
sig-10 0.0003429 78.86
sin-10 0.0003433 33.33
hardlim-10 0.0004178 78.86
sig-25 0.0003677 79.68
sin-25 0.0003873 31.71
hardlim-25 0.0004554 66.67
sig-50 0.0004672 80.49
sin-50 0.0004997 34.15
hardlim-50 0.0004544 82.12
sig-75 0.0005035 65.85
sin-75 0.0005426 33.33
hardlim-75 0.0004760 85.37
sig-100 0.0005531 78.05
sin-100 0.0006763 37.40
hardlim-100 0.0004890 81.30
sig-120 0.0006389 72.36
sin-120 0.0006230 29.27
hardlim-120 0.0005296 82.93

Tablo 1'den goriilebilecegi gibi, en yiiksek ortalama test dogrulugu orani %85.37 oraninda ve hardlim-
75 ile gerceklesmistir. Sonraki en yiiksek test dogrulugu oranlari ise sirastyla hardlim-120 ve hardlim-
50 ile ve %82.93 ve %82.12 ortalama dogruluk oranlarindadir. Bu sonuglara gore en yiiksek ortalama
dogruluk oranina sahip olan hardlim-75 aktivasyon fonksiyonu ve gizli néron sayisi kullanilarak her
biri 14 satirdan olusan iki farkli test verisi lizerinde ¢aligmalar yapilmistir. Test verileri, 14.01.2019-
01.01.2019 ve 14.02.2019-01.02.2019 arasindaki verilerdir. Test verilerinin her satirinda yedi adet giris
verisi ile bu giris verilerine karsilik gelen HKI degerleri bulunmaktadir. Ayrica, HKI degerlerine karsilik
gelen ve bu calismada yapilan matematiksel siniflandirma degerleri de bulunmaktadir. Bu degerler EK
boliimiindeki Tablo E2'de verilmistir.

Buna gore en yiiksek ortalama dogruluk oranina sahip olan Aardlim-75 aktivasyon fonksiyonu ve ndron
sayist 2019 yilinin Ocak aymin ilk 14 giinii verilerini igeren test verilerine uygulandiginda elde edilen
tahmini HKI simiflandirma degerleri Tablo 2'deki gibi olmustur. Goriilecegi iizere, 14 satirdan olusan
smiflandirmanin 12 tane dogru smiflandirmasia denk gelen %85.71'lik bir basarim elde edilmistir. Bu
oran yukarida elde edilen %85.37 basarim oranina yakin bir degerdir. Test siiresi 0.0004888 saniye
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olarak elde edilmistir. Bu sonuglara gore, 14 adet siniflandirma degerinin 12 tanesinin AOM tarafindan
dogru tahmin edildigi goriilmektedir.

Benzer sekilde, 2019 yilinin Subat ayinin ilk 14 giinliik test verileri kullamldiginda ise, AOM yine %
85.71'lik bir bagarim elde etmistir. Test siiresi 0.0003357 saniye olarak elde edilmistir. Her iki test verisi
icin, hem matematiksel HKI smiflandirma degerleri hem de AOM tarafindan yapilan tahmini HKIi
siniflandirma degerleri Tablo 2'de gosterilmektedir.

Tablo 2: AOM Test Sonuglarinin Karsilastirilmas: (Ham Veriler)

- z — = z
E £5 E% E £EE E%
= 2 EE = 2E EZ

2; i 23 i
=@a = @x

14012019 2 2 14022019 1 1

13.01.2019 2 2 13.022019 2 2

12012019 2 2 12.022019 2 2

11.01.2019 2 2 11022019 1 2

10.01.2019 2 2 10.02.2019 1 1

09.01.2019 1 1 09.02.2019 1 2

08.01.2019 2 2 08.022019 2 2

07.01.2019 2 2 07.02.2019 2 2

06.01.2019 1 2 06.02.2019 2 2

05.01.2019 2 2 05.02.2019 2 2

04.01.2019 2 1 04.02.2019 2 2

03.01.2019 1 1 03.02.2019 2 2

02.01.2019 2 2 02.02.2019 2 2

01.01.2019 1 1 01.02.2019 2 2

2019 yili Ocak ayi test verilerinde iki adet yanlis HKI siniflandirma tahmini yapilmistir. Matematiksel
siniflandirmaya gore 04.01.2019 tarihinde matematiksel HKI sinifi 2 iken, AOM tarafindan 1 olarak
tahmin edilmistir. 06.01.2019 tarihinde ise HKI degeri matematiksel olarak 1. smifta iken, AOM
tarafindan 2. sinif olarak tahmin edilmistir. Bunun nedeni, her iki tarihte hesaplanan HKI degerlerinin
sinir deger olan 50 degerine ¢ok yakin olmasi ve AOM algoritmasmnin bunu tahmin edememesidir. Ayni
sekilde, 2019 yili Subat ay1 test verilerinde de iki yanlis HKI smiflandirma tahmini yapilmistir.
Matematiksel siniflandirma degerleri 09.02.2019 ve 11.02.2019 tarihlerinde 1 iken, AOM tarafindan 2.
sinif olarak tahmin edilmistir.

3.3. Normalize Veriler ile AOM Calismasi

Bu béliimde, normalize edilmis verilerle HKI smifinin degerlerinin tahmin edilmesi amaglanmustir.
Buna gore, normalize edilmis verilerin 3 farkli aktivasyon fonksiyonuna ve 6 farkli gizli nérona ba-
gimlilig1 aragtirilmistir. Sonucun giivenilirligi i¢in veriler kendi aralarinda yine 3 kat capraz dogrulama
teknigine tabi tutulmuslardir. Elde edilen degerler Tablo 3'teki gibi olmusgtur.
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Tablo 3: Farkli Aktivasyon Fonksiyonu ve Noron Sayisinda Test Degerleri (Normalize Veri)

Aktivasyon kodu -  Test Siiresi Ortalama Test Dogrulugu

gizli noron sayisi (sn.) (%)

sig-10 0.0003916 73.98
sin-10 0.0004657 76.42
hardlim-10 0.0005113 43.09
sig-25 0.0004153 62.60
sin-25 0.0004465 85.37
hardlim-25 0.0004468 48.78
sig-50 0.0006831 61.79
sin-50 0.0006360 59.35
hardlim-50 0.0006188 59.35
sig-75 0.0006147 43.09
sin-75 0.0006132 50.41
hardlim-75 0.0005662 59.35
sig-100 0.0036135 46.34
sin-100 0.0006133 53.66
hardlim-100 0.0005662 57.72
sig-120 0.0007889 46.34
sin-120 0.0006365 47.15
hardlim-120 0.0005474 47.97

Tablo 3'ten goriilebilecegi gibi, en yiiksek test dogrulugu orani %85.37’lik basarim orani ile sin-25te
elde edilmistir. Bu dogrultuda, normalize edilmis test verileri lizerinde yapilan ¢alismada, sin-25
aktivasyon fonksiyonu ve gizli ndron sayist kullanilmistir. 14.01.2019-01.01.2019 ve 14.02.2019-
01.02.2019 tarihleri arasindaki 7 adet normalize edilmis giris verisi ile bu girig verilerine karsilik gelen
HKI degerleri ve matematiksel siniflandirma degerleri EK boliimiinde Tablo E3'te verilmistir. 2019 yili
Ocak ayina ait normalize edilmis 14 giinliik test verileri icin AOM algoritmasi (sin-25) uygulandiginda
0.0004551 saniyede %85.71 oraninda basarim elde edilmistir. 12 adet HKI siniflandirma degeri dogru
tahmin edilmistir.

Benzer sekilde, 2019 yili Subat ayma ait normalize edilmis 14 adet test verisi kullanildiginda, AOM
algoritmasi (sin-25) %71.43'lik basarim gostermistir. Tahmin siiresi ise 0.0003926 saniye olmustur.
Sadece 10 adet HK1 verisi dogru olarak tahmin edilebilmistir. Tablo 4, normalize edilmis verilere karsi-
lik gelen matematiksel HKI smiflandirma degerlerini ve AOM tarafindan yapilan HK simiflandirma
degerlerini gostermektedir.

Tablo 4: AOM Test Sonuglarinin Karsilastirilmasi (Normalize Veriler)

— 1Z) _— =

EE EE £g EE

= g E& = 2 EZ

25 i: 252

=a =@xn
14.01.2019 2 2 14.02.2019 1 4
13.01.2019 2 2 13.02.2019 2 2
12.01.2019 2 2 12.02.2019 2 2
11.01.2019 2 2 11.02.2019 1 2
10.01.2019 2 2 10.02.2019 1 2
09.01.2019 1 1 09.02.2019 1 2
08.01.2019 2 2 08.02.2019 2 2
07.01.2019 2 2 07.02.2019 2 2
06.01.2019 1 2 06.02.2019 2 2
05.01.2019 2 2 05.02.2019 2 2
04.01.2019 2 1 04.02.2019 2 2
03.01.2019 1 1 03.02.2019 2 2
02.01.2019 2 2 02.02.2019 2 2
01.01.2019 1 1 01.02.2019 2 2
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2019 yili Ocak ay1 normalize edilmis test verilerinde de, ham verilerde oldugu gibi iki adet yanlis HKI
smiflandirma tahmini yapilmistir. Ham verilerle yapilan tahmin ¢aligmasinda %85.71 oraninda basa-
rim elde edilirken, normalize edilmis verilerle yapilan tahmin ¢alismasinda da % 85.71 oraninda basa-
rim elde edilmistir. Bu bagarimlarin siiresi ham verilerle yapildiginda 0.0004888 saniye iken normalize
edilmis verilerle yapildiginda 0.0004551 saniye olmustur. Bolim 3.5’te de belirtildigi lizere verilerin
normalize edilmesinin tahmin siiresini kismen de olsa azalttig1 goriilmektedir. 2019 yil1 Subat ay1 nor-
malize edilmis test verileri ile yapilan tahmin ¢alismasinda AOM algoritmasi 14 adet verinin 10 tanesi-
ni dogru tahmin ederek %71.43 oraninda basarim elde etmistir. Bu oran ham veriler ile yapilan tahmin
caligmasinda %85.71 olarak elde edilmisti.

3.4. Ham Veriler ile YSA Calismasi

Bu kisimda yapilan calismada da aymi egitim ve test verileri kullanmilmistir. Yine 3 farkli egitim
fonksiyonu ve 6 farkli gizli noron kullanilmigtir. Bu degerler EK béliimiindeki Tablo E4'te verilmistir.
Ilk karsilastirma asamasinda kullanilan gizli néron sayis1 yine 50 olarak segilmistir. 50 noron
secilmesinin nedeni, YSA algoritmasmin ilk asamada nasil tepki verdigini gérmek ve asil test
verilerinde kullanilmasi gereken gizli ndron sayisini belirlemektir. Ortalama sonuglar elde etmek igin 3
kat capraz dogrulama teknigi uygulanmistir. Yapilan ¢alisma sonucunda elde edilen testin dogruluk
oranlar1 incelendiginde, en yliksek dogruluk oraninin %95.12 ile traincgp egitim fonksiyonunda, daha
sonra ise %92.68 dogruluk orani ile trainbfg egitim fonksiyonunda gergeklesmistir. Test dogrulugu orani
%90.24 olan iki egitim fonksiyonu bulunmaktadir. Trainbr egitim fonksiyonunun sonuca ulasmada ¢ok
yliksek zaman gerektirmesinden dolay asagidaki test ¢aligmalarinda kullanilmamistir. Bu dogrultuda
calisma-lar en yiiksek test dogrulugu oranina sahip olan traincgp, trainbfg ve traingd egitim
fonksiyonlar1 ve bu fonksiyonlarin farkli gizli néron sayilarinda yapilmistir. Yapilan calismalar
sonucunda elde edilen degerler Tablo 5'teki gibidir.

Tablo 5: Farkli Egitim Fonksiyonu ve Noron Sayisinda Test Degerleri (Ham Veri)

Aktivasyon Ortalama Aktivasyon Ortalama
kodu ve gizli Test Siiresi Test kodu ve gizli Test Siiresi Test
noron sayisi (sn.) Dogrulugu noron sayisi (sn.) Dogrulugu
(%) (%)
traincgp-10 0.1729 82.93 traincgp-75 0.2184 43.90
trainbfg-10 0.2642 85.37 trainbfg-75 2.6556 80.49
traingd-10 2.2404 95.12 traingd-75 3.5547 90.24
traincgp-25 0.3743 90.24 traincgp-100 0.6780 87.80
trainbfg-25 0.4836 90.24 trainbfg-100 6.5453 56.10
traingd-25 2.5513 97.56 traingd-100 0.1497 4.88
traincgp-50 0.1908 63.41 traincgp-120 0.2787 53.66
trainbfg-50 1.3862 82.93 trainbfg-120 18.8743 80.49
traingd-50 2.9794 92.68 traingd-120 2.0271 78.05

Tablo 5'te goriilebilecegi gibi, en yiiksek test dogrulugu oranlari traingd egitim fonksiyonunun 10, 25
ve 50 gizli noron sayilarinda elde edilmistir. En yiiksek ortalama test dogrulugu oranlar ise traingd-25
ile %97,56 oraninda elde edilmistir. Her iki test verisine ait tiim ham degerler EK boliimiinde Tablo
E2’de verilmistir.

Buna gore, YSA algoritmasi traingd-25 aktivasyon fonksiyonu ve gizli néron sayisinda 123 satirdan
olusan egitim verilerine ve 2019 yil1 Ocak aymn ilk 14 giinliik ham test verilerine uygulandiginda
%71.43 oraninda basarim elde edilmistir. Test siiresi 2.4109 saniye olmustur. Benzer sekilde, YSA algo-
ritmasi ayn1 aktivasyon fonksiyonu ve néron sayisinda ayni egitim verilerine ve 2019 yili Subat aymin
ilk 14 giinliik ham test verilerine uygulandiginda ise %85.71 oraninda basarim elde edilmistir. Test
stiresi 2.5841 saniye olmustur. Her iki test verisi i¢in YSA tahmin sonuglar1 Tablo 6'daki gibidir.
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Tablo 6: YSA Test Sonuglarinin Karsilastiritlmasi (Ham Veriler)

= 8 L5 =2 = =5

E EE £% 5 EE EE

= g Eg = ge EZ

SE =& SE =&

©n =z ) =&
14.01.2019 2 1 14.02.2019 1 1
13.01.2019 2 2 13.02.2019 2 2
12.01.2019 2 2 12.02.2019 2 2
11.01.2019 2 2 11.02.2019 1 1
10.01.2019 2 2 10.02.2019 1 1
09.01.2019 1 2 09.02.2019 1 2
08.01.2019 2 2 08.02.2019 2 2
07.01.2019 2 2 07.02.2019 2 2
06.01.2019 1 1 06.02.2019 2 2
05.01.2019 2 2 05.02.2019 2 2
04.01.2019 2 1 04.02.2019 2 2
03.01.2019 1 2 03.02.2019 2 2
02.01.2019 2 2 02.02.2019 2 2
01.01.2019 1 1 01.02.2019 2 1

2019 y1l1 Ocak ayina ait 14 giinliik ham test verilerine ait HKI siiflarmimn AOM algoritmast ile yapilan
tahmin caligmasinda 0.0004888 saniyelik siirede %85.71°lik basarim orami elde edilmisken, YSA
algoritmasi ile yapilan tahmin ¢aligmasinda 2.4109 saniyelik siirede %71.43’lik basarim elde edilmistir.
Aym yilin Subat ayma ait 14 giinliik ham test verilerine ait HK smiflarinin AOM algoritmast ile yapilan
tahmin ¢aligmasinda ise 0.0003357 saniyelik siirede %85.71°lik bagarim orani elde edilmigken, YSA
algoritmasi ile yapilan tahmin ¢aligmasinda 2.5851 saniyelik siirede yine %85.71°lik basarim elde
edilmistir. Bu sonuglara gore ham veriler ile yapilan siniflandirma calismalarinda AOM algoritmasinin
daha basarili oldugu sonucuna ulagilabilmektedir.

3.5. Normalize Veriler ile YSA Calismasi

Bu boliimde, yine ayni verilerin normalize edilmesi durumunda YSA algoritmasinin HK1 smifini tahmin
etmesi lizerine bir calisma yapilmistir. Buna gore, normalize edilmis verilerin 3 aktivasyon
fonksiyonunun 6 farkli gizli ndron sayisina bagimliligi arastirilmis ve Tablo 7 degerleri elde edilmistir.

Tablo 7: Farkli Egitim Fonksiyonu ve Noron Sayisinda Test Degerleri (Normalize Veriler)

Aktive}syon kodu I Ortalama Test Aktivz.isyon kodu N Ortalama Test
ve gizli ndron Test Siiresi Dogrulugu ve gizli ndron Test Siiresi Dogrulugu
say1s1 (sn.) (%) say1s1 (sn.) (%)
traincgp-10 0.1734 63.41 traincgp-75 0.2647 68.29
trainbfg-10 0.2611 68.29 trainbfg-75 2.1783 70.73
traingd-10 2.4944 68.29 traingd-75 0.1590 0.00
traincgp-25 0.1443 26.83 traincgp-100 0.3978 68.29
trainbfg-25 0.4678 68.29 trainbfg-100 22.4158 75.61
traingd-25 1.7159 82.93 traingd-100 0.1317 0.00
traincgp-50 0.2588 78.05 traincgp-120 0.3530 68.69
trainbfg-50 1.8703 65.85 trainbfg-120 21.9830 63.41
traingd-50 3.5596 80.49 traingd-120 0.1367 0.00

Tablo 7'den goriilebilecegi gibi, en yiiksek test dogrulugu orami traingd-25 ile % 82.93 performans
oraninda elde edilmistir. Ardindan gelen en yiiksek performans oranlari ise traingd-50'de % 80.40 ve
traincgp-50'de% 78.05 olmustur. Traingd-25, 123 satirdan olusan normalize edilmis egitim verilerine
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ve 2019 yili Ocak ayina ait normalize edilmis test verilerine uygulandiginda, 1.0494 saniye siire ile %
64.29 basarim elde edilmistir. Aym sekilde, traingd-25 egitim fonksiyonu ve noron sayisi, normalize
edilmis egitim verilerine ve 2019 yili Subat ayma ait 14 giinliik normalize edilmis test verilerine
uygulandiginda, 0.4575 saniyede % 42.86 basar1 elde edilmistir. Her iki test verisi i¢in elde edilen
tahmin degerleri Tablo 8'de verilmistir.

Tablo 8: YSA Test Sonuglarinin Karsilagtirilmasi (Normalize Veriler)

58 <% 58 <&

ZE Y& ZE 2F

= E2 =% = E2 =35

g £ E¢g g £E8 £E¢g

& sE EC = sE Eg

SE SE SE S E

= a4 Ea =& Ea
14012019 2 2 14022019 1 1
13.01.2019 2 2 13.022019 2 1
12.01.2019 2 2 12.022019 2 1
11.01.2019 2 2 11022019 1 1
10.01.2019 2 2 10022019 1 1
09.012019 1 2 09.022019 1 1
08.01.2019 2 1 08.022019 2 1
07.01.2019 2 2 07.022019 2 1
06012019 1 0 06022019 2 1
05012019 2 2 05.022019 2 1
04012019 2 1 04.022019 2 2
03.012019 1 2 03.022019 2 2
02.012019 2 2 02.022019 2 1
01.01.2019 1 1 01.022019 2 1

Bu sonuglara gore AOM algoritmasinda oldugu gibi YSA algoritmasinda da ham veriler ile yapilan
caligmaya ait basarim oranlarinin normaliz edilmis veriler ile yapilan basarim oranindan daha yiiksek
oldugu goriilmiistiir. Bu baglamda sadece ham veriler ile ¢calisma yapilmasinin sonuglarin tahminini
yapmada yeterli olacagi sonucuna ulagilmistir.

2019 yili Ocak aymna ait 14 giinliik normalize edilmis test verilerine ait HKI smiflarmin AOM
algoritmast ile yapilan tahmin ¢alismasinda 0.0004551 saniyelik stirede % 85.71’lik basarim orani elde
edilmigken, YSA algoritmasi ile yapilan tahmin ¢aligmasinda 1.0494 saniyelik siirede % 64.29’luk
basarim elde edilmistir. Ayn1 yilin Subat ayina ait 14 giinliik normalize edilmis test verilerine ait HK{
smiflarmin AOM algoritmasi ile yapilan tahmin ¢alismasinda ise 0.0003926 saniyelik siirede %
71.43’liikk basarim orami elde edilmisken, YSA algoritmasi ile yapilan tahmin g¢aligmasinda 0.4575
saniyelik siirede yine % 42.86’lik bagarim elde edilmistir. Bu sonuglara gére ham veriler oldugu gibi
normalize edilmis veriler ile yapilan siniflandirma ¢alismalarinda da AOM algoritmasimnin daha basarili
oldugu sonucuna ulagilabilmektedir.

Yukarida literatiir taramasi yapilan kisimda belirtilen ¢aligmalar incelendiginde genellikle PM 1o, SOa,
CO parametreleri kullanilmisken bu calismada ek olarak sicaklik, nem, basing ve riizgar hizi
parametreleri de HKI degerinin belirlenmesinde giris parametresi olarak dikkate alinmistir.
Meteorolojik parametrelerin HKI degerini nasil etkileyebilecegine dair analizler yapilmistir. Analiz
sonucuna gore HKI ile en giiglii iliskilerin atmosferik parametrelerden PMio ile, meteorolojik
parametrelerden ise basing ile oldugu sonucuna ulagilmistir. Ayrica ham verilerin yaninda normalize
veriler ile de ¢aligmalar yapilmigtir. Farkli modeller kullanilan ¢aligmalarda Biancofiore vd. (2017),
%95, Mekparyup ve Saithanu (2020), %90 ve Dragomir (2010) %65.52 oranlarinda basarimlar elde
etmiglerdir. Zhang ve Ding (2017) tarafindan yapilan ¢alismada da atmosferik ve meteorolojik
parametreler dikkate alinmistir. AOM ile FFANN-BP algoritmalarini karsilastirilmistir. AOM’nin
FFANN-BP algoritmasindan daha basarili sonucuna ulasmislardir. Bu ¢alismada ise AOM ile yapilan
¢alismalarda ham veriler i¢in %85.71, normalize veriler i¢in %71.43 basarim elde edilmistir.
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4. Sonuc¢

Bu ¢alismada HKI simif degerlerinin AOM ve YSA algoritmalari ile tahmin edilmesi amaglanmistir.
Elde edilen sonuglara gore 2019 yili Ocak ayma ait 14 giinliik ham test verilerine ait HKI smiflarinin
AOM algoritmasi ile yapilan tahmin ¢alismasinda %85.71°lik basarim oram elde edilmisken, YSA
algoritmasi ile yapilan tahmin ¢alismasinda %71.43’lik basarim elde edilmistir. Ayn1 yilin Subat ayina
ait 14 giinliik ham test verilerine ait HKI siiflarinin hem AOM hem de algoritmasi ile yapilan tahmin
calismalarinda ise %85.71°lik basarimlar elde edilmistir. Bu sonuglara gére ham veriler ile yapilan
smiflandirma galigmalarida AOM algoritmas ile daha basarili sonuglar elde edilmistir. 2019 y1li Ocak
ayna ait 14 giinliik normalize edilmis test verilerine ait HKI siiflarinin AOM algoritmasi ile yapilan
tahmin ¢aligmasinda ise %85.71°lik bagarim orani elde edilmigken, YSA algoritmasi ile yapilan tahmin
caligmasinda %64.29’luk basarim elde edilmistir. Subat ayma ait 14 giinlilk normalize edilmis test
verilerine ait HKI siniflarinin AOM algoritmast ile yapilan tahmin ¢alismasinda ise %71.43’liik basarim
orani elde edilmisken, YSA algoritmasi ile yapilan tahmin ¢aligmasinda %42.86’lik basarim elde
edilmistir. Sonug olarak, bu ¢alismada AOM ile yapilan ¢alismalarda ham verilerde %85.71, normali-
ze verilerde %71.43 basarim gosterilmistir. Hem meteorolojik hem de atmosferik parametrelerin dikkate
alindigt AOM ve YSA algoritmalari ile yapilan bu smiflandirma ¢alismasinin insan saghigini olumsuz
etkileyebilecek HKI degerinin tahmin edilmesinde yol gosterici olacagi diisiiniilmektedir.

Cikar Catismalar:

Yazar herhangi bir ¢gikar ¢catigsmasi beyan etmemektedir.
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Tablo E4. Farkli aktivasyon fonksiyonlarinda test siireleri ve test dogruluk degerleri
(50 noéron-ham veri)

Aktivasyon  Test Siiresi :Fest - Aktivasyon  Test Siiresi :l“est <
Fonksiyonu (sn.) Dogrulugu Fonksiyonu (sn.) Dogrulugu
(%) (%)

trainlm 0.3311 63.41 traincgf 0.2612 80.49
trainbr 24.8269 90.24 traincgp 0.5598 95.12
trainbfg 5.7137 92.68 trainoss 0.2690 75.61
trainrp 0.1815 65.85 traingdx 0.7939 87.80
trainscg 0.2217 87.80 traingdm 0.2008 39.02

traincgb 0.1998 78.05 traingd 3.6422 90.24
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Abstract

Machine Learning (ML) methods have numerous kinds of application areas up to now. Since they generally have
remarkable success in learning, study areas and research field have diversified drastically. Neural networks seem
to be appropriate for such a learning capability. The study discusses and examines several ML methodologies to
decide the output. Since binary classification is another interesting area, the study focuses on multi-class
classification problems. Datasets are chosen from a commonly known and accepted repository to avoid fakeness.
Totally four different classifiers have been used to understand and know the different output classes in four
different datasets. The classifiers use various arguments to work with and these will be shown and explained in
detail. Two of the datasets are newly added and medium-sized, this is preferred to show that there is almost no
time of execution difference among all. The system developed gives remarkable success rates and eliminates the
differences among the classes using a neural networks system. It is believed that ML methods will have a wide
range of application fields as researchers widen their point of view for academic studies.

Keywords: machine learning, multi-class classification, classifiers

1. Introduction

Machine learning means a neural network implementation that does mapping the input-output
relationship from the known input-output pairs. The aim is to deduce the system response for unknown
conditions (unknown input data). This constitutes one of the humankind's obsessions, i.e., to know the
unknown. This emotion makes the human work on such algorithms or methods, machine learning is
extremely promising in that sense. Supervised learning is the first step to be taken, easy to implement,
and overcome the problem. The study focuses on such supervised methods.

In fact, the goal of machine learning is to choose an input-output mapping model. For example, when a
model with too much capacity is overtrained, it means is ss overfitted, while a model with very less
capacity is undertrained, then it is under fitted. These are the difficulties of the models used in ML
algorithms.

However, ML has numerous and big advantages in making all manual processes automated. Nowadays,
the world is in a big race for such automation processes. Such a power not only gives incredible
capability in terms of knowledge but also provides incredible speeds and functionalities to manage
heavy works previously.

Though there have been made several categorizations of ML fields, the study focuses on the most
commonly used Machine Learning (ML) Algorithms. These algorithms can be listed as Linear
regression, Logistic regression, Decision trees, Support Vector Machines (SVM) algorithm, Naive
Bayes (NB) algorithm, KNN algorithm, K-means, Random Forest algorithm, Dimensionality reduction
algorithms, Gradient boosting algorithm, and AdaBoosting algorithms, etc.

Here in the study, four among these algorithms are examined, and presented the results to show the
success of ML algorithms using known datasets. These algorithms are; Decision tree, SVM, k-Nearest
Neighbors algorithm (k-NN), and Naive Bayes. Decision Trees (DT) are one of the most common,
advanced easy-to-use tools in decision-making. SVM, on the other hand, reaches promising results when
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multi-class categorization researches. K-Nearest Neighbor is one of the oldest known approaches so as
the Naive Bayes algorithm.

There are also prominent works using the Random Forest algorithm, Gradient boosting algorithm, and
AdaBoosting algorithms in the literature. The AdaBoost algorithm is a boosting technique, and one
example is presented in [1]. As the algorithm runs, all the weights are re-assigned to each instance,
higher weights are for incorrectly classified instances while low weights are for correct ones. The
methodology works on the principle of learners growing sequentially. As a result, each subsequent
learner is grown from previously grown learners. Briefly, weak learners become strong ones as the error
rate increases and this goes on up to the final decision is made.

Section 2 discusses the related studies issued up to now, then in Section 3, used algorithms and classifiers
are explained in detail. Their capabilities and arguments are discussed Section 4 shows the success and
accuracy rates obtained by the classifiers. Finally, conclusions and future works are discussed in the last
section.

2. Related Work

It is very probable to find numerous studies in the literature, artificial intelligence and even focusing on
deep learning nowadays, are extremely hot and attractive. You can easily find many researchers and
many studies have been issued in the field.

ML methods have a wide range of improvement and application fields. Initially, genetic algorithms
(GA) have been used for taking some sort of action in a reasonable time. This attitude has been lastly
explained in [2]. A good implementation of GA is presented in [3] and a data exchange through the web
in [4]. Then as the needs are changes smart methodologies come to the scene, and methodologies such
as Extreme Learning Machines (ELM) are used. ELM is a learning methodology for the SLFNs and its
speed is remarkable. This is shown in [5] and the purposed algorithm combines GA with ELM for
feature selection to reach better success rates. This study focuses on a wrapper feature selection
algorithm that predicts and forms a network to map the input nodes to their output counterparts. The
proposed algorithm works uniquely to reach the best solutions.

A similar approach can be seen in studies [6] and [7]. These studies are mainly about graph coloring
and solving the maximum vertex weight clique problem in huge graphs. The Graph Coloring Problem
(GCP) can be defined as separating and grouping the vertices of a graph into various sets to minimize
the colors used. In [6], the Teaching-Learning-Based Optimization (TLBO) metaheuristic is used which
is a different version of GA integrated with tabu search algorithm. Study in [7] is mainly a local tabu
search algorithm that is implemented parallelly by using MPI capabilities.

However, ensemble methods have an increasing effect on ML among learning methodologies. Such
methods construct a set of classifiers and then classify new data points due to their predictions. The
point is to combine the predictions of several base estimators of a given learning algorithm to reach a
more general and robust model for prediction.

A recent and final study is presented in [1]. Here, an Adaptive Boost Algorithm using a Decision Tree
estimator is proposed. The algorithm is run on a Covid-19 dataset and a tuning process is done to a
classifier, and a binary classification problem is solved with higher success rates against state-of-the-art
algorithms. There are similar studies feature selection methods using ML methods. One prominent one
is presented in [8], i.e., a novel Hyper Learning Binary Dragonfly Algorithm which proposes a method
for making feature selection in classification algorithms.

3. Proposed Work
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Four commonly known machine learning algorithms have been used in the study. These are explained
below respectively.

3.1 Decision tree

A decision tree classifier is a commonly known, interesting, and used approach in multiclass
classification problems. It presents a set of questions and choices. The decision tree classification
algorithm is very similar to that of a binary tree. There are a root and internal nodes each of which a
decision is posed, and that node can be further split into separate records which have different ongoing
characteristics. Finally, the leaves refer to the classes in which the dataset is split. The Decision Tree
Algorithm is a building decision tree called ID3 in [9] which employs a top-down, greedy search through
the space of possible branches with no backtracking.

A decision tree has a top-down structure that starts from a root node and involves partitioning the data
into subsets. Intermediate nodes simply constitute the ongoing decision processes as the process
proceeds. The homogeneity of a numerical sample is calculated to evaluate and use standard deviation.
For example, in the case of completely homogeneous data, the deviation is zero.

In a decision tree, all the calculations are done due to the features and ongoing processes. Figure 1
presents a graphical representation for dealing with the possible solutions to a problem. The process
starts with simply asking a question that is based on the answer (Yes/No), then it further split the tree
into subtrees. Figure 1 visualizes the general structure of a decision tree.

Decision Node ) Root Node

—————— s

Sub-Tree

Decision Node

|
v v

Decision Node

{
|
|
i |
|
|
|
|

v v

—_— - — —_ —_ — =
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N e e - -
Leaf Node Leaf Node

Figure 1: Sample Decision Tree

3.2 Support Vector Machines (SVM)

Support Vector Machines (SVMs) are one of the most used and promising methods in ML. It consists
mainly of a set statistical method for supervised learning, and it can be applied to both classification and
regression problems. The goal of SVM is to find a hyperplane among the input space of features, which
has k-dimensions (k-the number of features) that distinctly classifies the data points.

One reason for the success of the SVM algorithm is that it chooses the best line to classify the data
points. It decides the line that separates the data, and this line must be the furthest away from the closest
data points as possible. If you minimize the bounds, the expected probability of error will be low, i.e.,
good generalization, and less error prone as stated in [10].

For the two-class classification problem as commonly known as separation is presented in Figure 2.
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Figure 2: Support Vector Machine

3.3 k-Nearest Neighbor Algorithm

The k-Nearest Neighbors (KNN) algorithm is another commonly known and used supervised machine
learning. The logic behind the KNN algorithm is simply that similar things exist in close proximity. In
other words, similar things are near to each other. KNN depends on similarity which is evaluated by
distance, proximity, or closeness. This calculation is done simply by evaluating the distance between
points on a graph. On the other hand, the direct-line distance is a popular and known option which is
also called as the Euclidean distance. This algorithm is used to solve both classification and regression
problems in the literature

When it comes to classifying the data, KNN mostly and mainly uses the concept of “Majority Voting”.
This means that within the given range of K values, the class is chosen with the most votes. This can be
barely seen in Figure 3.

However, the impact of selecting a smaller or larger K value on the model has the following
e Larger K value: The case of underfitting occurs when the value of k is increased.

e Smaller k value: The condition of overfitting occurs when the value of k is smaller.
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Figure 3: K-Nearest Neighbor Graph

3.4 Naive Bayes (NB)
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Naive Bayes uses Bayes Theorem as it can be understood from the name. It fundamentally uses a
probabilistic approach, and this enables it to be used in a wide range of ML fields.

The Naive Bayes algorithm is a good example among all ML algorithms for being simple. Naive Bayes’
Theorem first starts with the assumption of independence predictors. This means that a particular feature
in a class is irrelevant and unrelated to any other feature. Besides that, it is known to be easy to build
and particularly useful for huge data sets. Along with simplicity, Naive Bayes is known to perform better
than most state-of-the-art and sophisticated classification methods. as stated in [11]

The theorem works with posterior probabilities like P(c[x) from P(c), P(x), and P(x|c). Likewise,
conditional probability is evaluated according to which is the probability of some sort of events. A
general equation for NB is shown in Formula 1 below;

P(B|A).P(A
P(A|B)=% (1)

However, the study is a multi-class classification problem that implements the Gaussian Naive Bayes
algorithm for classification. The similarity of the features is naive and calculations will be done
accordingly.

4. Experiments and Implementations

The experiments are carried out on a normal laptop Windows-10 machine. It has an i7 CPU (i7-5700HQ
CPU @ 2.70GHz) and 16 GB of memory. The code is implemented in Jupyter-notebook version 3.2.1.
All coding is Python 3.9 compliant and in *.ipynb format.

The dataset for experiments is selected from the UCI Machine Learning Repository in [12]. Four known
multi-class datasets are used. The definitions of the datasets are shown in Table 1.

Table 1: Features of Used Datasets

# of # of Output
Dataset Name 1D # of Instances Attributes Classes
Iris IRI 150 4 3
Wine WIN 178 13 3
Maternal Health Risk Data Set MAT 1014 7 3
Nonverbal tourists TOU 73 22 6

The important point about the datasets is that 2 of them are old while the final two are recently added to
the repository. All of them are classification problems consisting of real, integer, or string values. “Null”
values are accepted as 0, and all strings have been converted to their numeric value by a label encoder
library.

Each dataset has been divided into training and test datasets with the code stated in Algorithm 1. For
any kind of coding process, python has been used, and the Scikit-learn framework in python is an open-
source machine learning library that supports supervised and unsupervised learning. It provides even
basic and even sophisticated tools for model fitting, data preprocessing, model selection, model
evaluation, and many other utilities. In other words, scikit-learn provides most of the main features
which are needed for a basic working knowledge of machine learning practices (model fitting,
predicting, cross-validation, etc.).

Algorithm 1: Train-Test Split
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from sklearn.model selection import train test split
X train, X test, y train, y test = train test split(
X, y, test size=0.2, random state=42)

W N

Then with the help of a related scikit-learn library, all datasets have been split into random train and test
subsets. Train dataset contains the random 80% and the test data set contains the rest random 20% of
the whole. “Random state” is a seed control value while the shuffling is applied to the data before
applying the split.

The related classifiers (Decision Tree, SVM, kNN, and Gaussian NB) use the following parameters
because they all have a positive or negative effect on the result. This tuning process is left as a future
work for the study.

» DecisionTreeClassifier(max_depth = 4)
» SVC(kernel = 'linear', C = 4)

» KNeighborsClassifier(n_neighbors = 5)
» GaussianNB()

Table 2: Confusion Matrix of Classifiers for IRIS Dataset
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If to examine the results of each dataset, in Table 2, Iris dataset results are presented using the 4
classifiers stated above

Table 3: Confusion Matrix of Classifiers for WINE Dataset
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Especially the results of the final dataset TOU, with 6 output classes worth examining. SVM seems to
be the best classifier among others since it has the highest accuracy values in 3 out of 4 datasets.
However, the Gaussian NB algorithm has also promised results. If the results are examined due to the
size, then it can be inferred that Gaussian NB can be a good alternative.

All results are presented as a Confusion Matrices in Tables 2-5. A confusion matrix can be defined as a
summary of prediction results against real values. The number of correct and incorrect predictions are

summarized with count values and broken down by each class. This is the main goal and a brief

representation of a confusion matrix.

Besides that, the confusion matrix shows how your classification model is confused when it makes
predictions. It provides the insight not only into the errors being made by the selected classifier but more
importantly the types of errors that are being made.
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Table 4: Confusion Matrix of Classifiers for MAT Dataset
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Table 5: Confusion Matrix of Classifiers for TOU Dataset
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For example, if we check Table 2 for the Iris dataset solved by Decision Tree, the y-axis shows the true
values while the x-axis shows the predicted values. The first row says (“11,0,0”) that 11 setosa type iris
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flower is predicted, which is true, then the second row (“0,13,0”) says that 11 versicolor type iris flower
is predicted, which is true, then finally third row (“0,1,5”) says that 5 out of 6 virginica iris flower is
predicted, which is true, however, 1 out 6 is predicted as versicolor, but it must be virginica. The result
is we have only one false prediction for this dataset.

When we check the whole accuracy figures, all the results show that SVM is more probable for reaching
better results which can be seen in Table 6. The highest values among the classifiers are bolded.

SVM knows the best 3 out of 4, Gaussian NB the best 2 out of 4, and the rest algorithms know the best
for only one dataset. This result briefly shows the power of SVM algorithm, esp. for such multiclass
datasets.

Table 6: Results for Classifiers

ID Decision Tree SVM kNN Alg.  GaussianNB

IRI 0,9666 1,0000 0,9666 0,9666
WIN 0,8888 0,9167 0,7222 0,9167
MAT 0,6552 0,6601 0,6601 0,5763
TOU 0,6842 0,6316 0,4736 0,6842

4. Conclusions and Future Work

In the study, 4 known and accepted algorithms have been executed and solved by using the known and
accepted repositories. The results showed that ML algorithms are both easy to use and good at reaching
better accuracy in a reasonable time amount. This success can be developed by tuning parameters. Such
a capability makes them the best used and preferred methods indisputably among the learning
methodologies.

As stated in the previous section, all the experiments must be diversified with different and various types
of classifiers. Here, only 4 of them have been used and they will be beneficial for a real-life application.
Because as more datasets and characteristics are used, the success rate may degrade or underperform.
Different data characteristics, wrong models/classifiers, or lack of time may cause such results.
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Abstract

This paper reports the results of the research on hazardous Sound Event Detection (SED). We used Deep Neural
Networks (DNN) to detect car crashes and screams. These are the two of the hazardous sound events on which
studies are done for detection. We have selected these sounds because detection of these sounds and early warning
can save lives. The research made on hazardous sound events are generally on recorded data. In this paper we
wanted to show that there is a difference between recorded data and online (playing) data. At the end if an audio
surveillance algorithm would be used in real time, to test it with online data was also an important part of the
development. In this research we have developed an online detection environment which consists of a database,
automatic audio playing and receiving software, detection software and automatic evaluating software. Our tests
show that the reverberation degrades performance significantly. Current research on SED usually only takes into
account background noise which is inserted artificially during model development. The results we have found
during these online tests are the same as the ones we encountered during far field speaker recognition.

Keywords: audio surveillance, hazardous sound event detection, deep neural networks, reverberation

1. Introduction

Sound event detection (SED) sometimes also called environmental sound recognition (ESR) can be used
for many different kinds of purposes. The aim of the SED is to locate temporally and label the sound
event classes present in an acoustic signal. For a SED task a set of target sound event classes should be
determined. Applications of SED can be listed as follows: There are studies of SED in military, forensic
and law enforcement domain. In [1], a gunshot detection system is proposed. In [2], the gunshot blast is
used to identify the caliber of the gun. In [3] and [4] SED is used for robot navigation. SED can be used
for home monitoring. It can be used to assist elderly people living in their home alone [5],[6]. In [7], it
is used for home automation. In [8] and [9], SED is used for recognition of animal sounds. In the
surveillance area, it is used for surveillance of road [10], public transport [11], elevator [12] and office
corridor [13].

This paper has two contributions to the field: One is to show that the importance of online tests to assess
the performance of developed models for SED. The second is the developed online testing environment.
Our aim is to develop models that can be used in real environments for real-time audio surveillance. The
other studies done before for the acoustic surveillance worked on the recorded data. The studies done
previously in this area focus on background noise and signal to noise ratio (SNR). The event sounds to
be detected are embedded into different background noises such as traffic, metro station, park etc. at
different signal to noise ratio (SNR) levels. In this study during online tests, it is shown that the
reverberation is another factor which will affect the performance as much as background noise. It is
important to take the reverberation effect during training and testing the model.

In our case, for car crash and scream detection we have prepared event files and background files. The
event files are embedded into background files at different SNR levels. Model is developed using these
sound files. After model development offline tests are always done as a part of the model development
process. If the model reaches required performance during offline tests, then online tests should be
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conducted. The same data used in offline case can be played back in laboratory environment to verify
that the SED algorithms perform similarly as in offline case [14].

Audio Fil Read a Extract Algorithm
udio il > frame > Features » forSED —»
o from file task Output

Figure 1: Offline SED [15]

In Figure 1 schematic diagram of offline SED is seen. Audio file consists of the sounds to be detected
and the background sounds. In our case the detected sounds are car crashes and screams. The detected
sounds are artificially embedded into background sounds. The background sounds are the sounds in
which the detected sounds are required to be detected. The audio file is read frame by frame and then
features are extracted from these frames. Features are fed into SED algorithm/model for detection. SED
algorithm outputs 0 or 1. 0 for normal event and 1 for scream or car crash since we have a model for
each detection.

- %\7777 Playfile ot Audio File
2
,,,/

- . Extract Algorithm
] > > >
\ “r Sound Input Digitazing Framing Features for SED task

y
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Figure 1: Online SED [15]

In Figure 2 online SED is seen. First the same audio file used in offline SED is read and played from a
speaker. A microphone is used to capture these sounds and digitized by the sound card. Digitized input
is framed and then same process as in offline case is applied. For online case the frequency range of
microphone and speaker is considered. If our features depend on frequency that is the case for most of
the time for SED, the frequency characteristics of hardware have big impact on the performance.

Our aim is to find high performance algorithms at the end for online hazardous sound event recognition.
For this purpose, we used DNN. Previously other algorithms are used such as Gaussian mixture model
(GMM), support vector machine (SVM), hidden markov model (HMM) and other versions of DNN
such as convolutional neural networks (CNN) and recurrent neural networks (RNN) on offline data for
SED. We followed the usual machine learning methods to find a model for hazardous SED. At last, we
used online testing and saw that our quite high-performance model does not work as expected. We can
conclude that for real-time applications it is necessary to consider reverberation during development and
testing.

The other sections are as follows: In the second section we make a literature review of previous research
on the same field. The third section explains the data, feature extraction, model construction for the
DNN. In the fourth section we describe the evaluation method and test environment. In the conclusion
section we briefly describe our contributions and future work.

2. Literature Review

There has been a lot of research on SED on offline data but has limited number of research on online
SED. We have to make a distinction between online and offline research, because all the data is already
available in offline case and some computations are possible on the whole data during recognition or in
advance. On the other hand, in the online case our algorithms encounter reverberation at different levels
depending on the environment and the speed and specs of the devices used must support the algorithms
developed.

30



Ankara Science University, Researcher

Yiiksel Arslan, 2022

Recently, the research on SED has been shifted from HMM, GMM and SVM classifiers towards deep
learning-based methods such as feed forward neural networks (FNN), CNN, RNN and convolutional
recurrent neural networks (CRNN). Detection and Classification of Acoustic Scenes and Events
(DCASE) 2017 challenge Task-2 is to detect rare sound events namely glass break, baby cry and gunshot
[16]. It is seen on the result page of the challenge that most of the participants have used DNN, CNN
or CRNN.

Some papers from the challenge are as follows: A CRNN is used in [17]. In this paper it is declared that
convolutional layers of a DNN is capable of learning high-level shift invariant features from time-
frequency representations of acoustic samples, while recurrent layers can be used to learn longer term
temporal context from the extracted features. These two approaches are combined to detect rare sound
events. Among the proposed architectures of CRNN, the best one has an error rate of 0.1733 and F-
score 91%.

In [18], it is used 1D convolutional NN as opposed to often used 2D. 128 Mel coefficients are extracted
from 46 ms windows of audio signal with 50% overlap. This model achieves 0.1307 error rate and 93%
F-score.

In [19], parallel CNN and RNN are used together with Mel coefficients extracted from 40 msec window
of input audio signal. This model achieves 0.25 error rate and 86.4 % F-score.

Other research on SED are as follows: For environmental sound classification, deep CNN is used in
[20]. This paper explains a classifier based on CNN to classify the environmental sounds such as air
conditioner, siren, dog bark and gunshot. This paper also inspects the effect of data augmentation on the
performance of CNN. It offers different data augmentation methods to overcome the scarcity of
available labelled data. By augmented training data CNN performance increases.

For scream and gunshot detection in noisy environments [21] uses GMM. Two parallel GMM
architectures are used for discriminating scream and gunshot from noise. For each classifier, features
are selected from a set of 47 features by applying a 2-step selection process.

In [1], a 2-step process is offered to detect gunshot. In the first step an impulsive sound detection process
is employed and then a recognition step comes. In recognition step a template matching algorithm with
SVM is used.

So far, we mentioned about papers explaining algorithms mainly on recorded data to detect
environmental sounds comprising also sounds from hazardous events such as gunshots and screams.
From now on we will list some papers which are application oriented, running online or declared in the
paper that it is an online algorithm.

In [22], an approach based on the bag of words is proposed for audio surveillance. Authors have prepared
a dataset to test the algorithm in realistic complex scenarios. Gunshot, glass break and scream are
detected in various background sounds with 6 different SNR values ranging from 5 dB to 30 dB.
Recognition rate and false positive rate (FPR) are used as metric. Average recognition rate is 86.7% and
FPR is 2.6%.

In [23], the same dataset used in [22] is used to show the performance of a hierarchical RNN. The
accuracy of the hierarchical RNN outperforms the work in [22].

In [24], detection, localization and recognition of hazardous sound events are described. This work has
a difference from the others such that the embedding of event sounds is not being done on computer.
The different environmental noise and the hazardous event recordings are played in an anechoic room
and recorded in controlled way. Then the algorithms are run on these recordings.

In [25], audio surveillance is used for car crash detection. The audio signals are divided into short time
frames and then features such as spectral spread, volume, energy, zero crossing, energy in 4 sub-bands
etc. are extracted. For M classes to be detected M + 1 SVM are used to detect these sound classes and
the background sound. This paper also discusses the architectural deployment of such a system in real
environments.
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3. Model Preparation

SED consists of two stages. First stage is to represent the sound and the second stage is classification. To
represent sound, fixed length frames of the sound are taken and some features are extracted from these
frames. First sound signals are divided into fixed length frames and then these frames are divided into
windows. Then MFCC features are extracted from windows of a frame. The feature extraction can be
defined formally as follows: x is the vector of acoustic features obtained from one frame of sound signal.
x is obtained from matrix M with RS¥ where S € N is the number of features per window and F € N is
the total number of windows per frame. Then x is the vectorization of the matrix M. M is vectorized by
concatenating each column. (Figure 2) The DNN (classifier) task is to find frame probability § = p(y |
x,0) for target output y € {0,1}(One class output), where ¥ denotes the probability of target event in the
frameand 0 is the parameters of the classifier. Then by applying a threshold on the frame probability, the
estimated event z found, if z =1 the event is present in the frame or if z = 0 the event is not present [17].
The parameters 0 are trained by supervised learning.

The parameters (0) of the classifier are found through training of the classifier by giving the labelled
features extracted from the frames of the training data. This is called supervised learning. In the following
section we explained how we found the data and its details.

Car crash dataset (Table 1) is taken from the research described in [25]. This dataset contains 56 files, in
four folds. The duration of each of these files are 3 min. We have used three folds for training and last
fold for testing. The dataset we have used totally contains 204 car crashes. These are inserted in 56
background files at 15 dB SNR level. Audio files are sampled at 32 KHz. The detailed explanation of the
dataset can be found in [25].

Table 1: Car Crash Dataset [15]

Training Dataset Test Dataset
Type Number of Files Number of Files
Car crash 150 (events) 54 (events)
Traffic 42 14

Scream dataset is taken from the research explained in [22]. The scream dataset contains 66 files for
training and 20 files for testing. Each file has a 3 min duration. The dataset contains sound files at 6
different SNR values, but we have taken only the files with SNR values of 15 dB. Table 2 shows the
scream dataset properties. The 2084 scream even sounds are inserted 86 background files. The
background files contain different sounds such as metro, park, traffic e.g.

Table 2: Scream Dataset [15]

Training Dataset Test Dataset
Type Number of Files Number of Files
Scream 1881(events) 203 (events)
Various 66 20

Figure 3 shows the feature extraction process that is used in detection of scream, and car crash. Each
sound signal is divided into frames according to the predetermined length. These frames are then divided
into 40 msec windows with 50% overlapping. From each 40 msec window, 40 MFCCs are computed.
Then concatenating all MFCCs of one frame, we obtain the feature vector of the frame. So, each event
sound has different size feature vector. These vectors have the output label 1. The same procedure with
the same framing and windowing sizes are applied to background sounds. The obtained vectors are
labelled as 0.

The minimum length of event signals and the number of MFCCs which are contained in their feature
vector is shown in Table 3.
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Figure 2: Feature Extraction [15]

Table 3: Event Sound Feature Properties [15]

Event Name Minimum Duration Feature vector
(ms) MFCC count
Car crash 711 1360
Scream 490 920

We used DNN as classification algorithm to recognize the sound events. Two DNN models have been
developed for each event type. DNN is a supervised and parameterized learning method. In supervised
learning, we are given a set of input—target output pairs, and the aim is to learn a general model that maps
the inputs to target outputs. Supervised learning methods aim to learn a model that can map the inputs to
their target outputs for a given set of training examples. During model generation the model is also tested
by using examples not used during learning. Table 4 summarizes the hyper parameters of the DNN used.
We used rectified linear unit (RelU) as activation functions of hidden units and sigmoid function at the
output unit. Figure 4 shows the DNN architecture used for car crash recognition.

Table 4: DNN Hyper-parameters [15]

Hyper - Car crash Scream
parameters
# of layers 4 3
Learning rate 0.085 0.075
Number of 1000 500
iterations
Hidden Unit RelU RelU
Activation
Output Sigmoid Sigmoid
activation
function
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Figure 3: DNN Architecture for Car Crash Detection [15]

We have found hyper-parameters manually by making extensive tests. Grid search algorithms can be
used to find best hyper-parameters automatically. Our aim is to find hyper-parameters for an acceptable
performance and make offline and online testing with these parameters.

4. Testing

If we will use SED for audio surveillance, the developed algorithms or models will be used eventually in
real life applications. The models we developed for road, home or elevator surveillance eventually will
be installed in real life environments. After model development and testing with offline data it is
necessary to see the efficiency of the models by switching more realistic scenarios.

4.1 Offline Tests

Offline testing provides fast testing on large datasets while online data speed is the recording length of
the dataset. Although offline testing is not realistic, it provides us to test our system with large data sets
in shorter time.

We read sound files containing the hazardous sound event embedded in a background noise in frames of
minimum event length. From these frames we calculate MFCC features as in the training of the model.
Then the obtained features are fed into DNN model. These tests are done for each event type separately.
A sound file may contain scream and car crash events at the same time, but we detect just scream in
scream model tests.

F-score, error rate and other metrics such as accuracy, true positive and false positive rates are used for
model evaluation. In SED it is better to check more than one metric at the same time to evaluate the
model performance. In SED surveillance applications the most important metrics are recognition rate,
true positives, false positives and error rate. False positives and error rate are very important in real
applications because the user can stop using application if he/she get many false warnings. The definitions
for the metrics and formulas are as follows [27]:

True positives (TP): an event in the system output that has a temporal position overlapping with the
temporal position of an event with the same label in the reference. A collar is usually allowed for the
onset and offset, or a tolerance with respect to the reference event duration.

False positives (FP): an event in the system output that has no correspondence to an event with same
label in the reference within the allowed tolerance.

False negative (FN): an event in the reference that has no correspondence to an event with same label in
the system output within the allowed tolerance.

True negative (TN): truly not detected events.
Insertions (I): the number of events in system output that are not correct

Deletions (D): the number of reference events that were not correctly identified
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Substitutions (S): events in the system output that have correct temporal position but incorrect class label.

Total events (N): total number of events need to be detected.

Error rate (ER) = S+IIV+D (D
F-score —ZéiRR 2)

P :TPT+PFP 3)

B TPT+PFN )

The metrics defined in [27] are for polyphonic sound event detection, in this paper we deal with
monophonic sound event detection where each sound clip contains one type of event sounds. For our
case we can write the error rate as follows:

I+D _ FP+FN

Error rate (ER) = ~ - n (5)

TP rate which is also called sensitivity is the percentage of events correctly detected. FP rate is percentage
of non-event frames labelled as an event. Recognition rate is the percentage of TPs, TNs to the total
frames such that TPs, TNs, FPs and FNs. The formulas are as follows:

oo .. TP
TPR (sensitivity) = P~ (6)
FPR = ——— (7)
FP+TN
TP+TN+FP+FN

These metrics are explained in more detail in [27]. As in [16] 500 msec tolerance was used for detection
of events in this work. For offline detection, we assume the detected event on time if the detected time
is 500 msec before the event start time or 500 msec after event end time. For online detection 1 sec
tolerance was used. The performance of scream detection is seen in Table 5. Table 6 shows comparison
results of scream detection with the results of the research in [22] and [23]. The proposed method in this
work has a recognition rate 98.4% and outperforms [22] which is 87% and it is very close to the work
done in [23].

Table 5: Performance of Scream Detection [15]

Accuracy TPR Error F-score
(%) (%) rate (%)
98.4 87.6 0.47 75.4

Table 6: Accuracy Comparison of Scream Detection with Proposed Method and Other Two Studies on The
Same Dataset [15]
Proposed Foggia et al.  Colangelo et al.
method (%) (%) (%)
98.4 87 98.5

Car crash detection results are seen in Table 7.

Table 7: Car Crash Detection Performance [15]

Accuracy TPR Error F-score
(%) (%) rate (%)
98.4 1.7 0.35 81.5

The comparison of the car crash results with the work in [25] are seen in Table 8.
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Table 8: Accuracy Comparison of Car Crash Detection with Proposed Method and The Work in [25] on The
Same Dataset [15]
Proposed Foggia et al. [25]
method (%) (%)
98.4 84.5

4.2 Online Tests

For online tests an automatic testing environment was prepared as shown in Figure 5. The microphone
and speaker frequency responses are important for the tests to be successful. The audio clips used in
offline tests are sampled at 32 KHz for scream and car crash which means the sounds can have frequency
components at most at 16 KHz. Therefore, the microphone and the speaker we used must support at least
16 KHz frequency as we used MFCC as feature and it depends on the audio clips frequencies. For this
reason, a microphone and speakers which supports the frequency range from 80 Hz to 20 kHz are selected
in online testing environment.

Sound receiver and
| sender over IP network

Test cases/test results
LAN/Internet

' | Secision

Test scenario
generator

Figure 4: Online Test System [15]

We have prepared and installed three software on the computers shown in Figure 5 which we call online
test system.

DNN model/output decision: This software runs the car crash and scream models. It has a user datagram
protocol (UDP) receiver, and it takes the sound packets over network. We developed it as a standalone
server that can run in distant place from the sound source, it can be a computer over cloud.

Test scenario generator/player: It reads the test sound files, writes the start time of playing of the sound
files as offset and the start time of the events to the test cases table of the database. Then it plays each test
sound file one by one.

Sound receiver and sender over IP network: The third software captures the played sound with a
microphone and sends it over the local area network (LAN) or over Internet using UDP to the recognition
software, namely it is DNN model/output decision software. If the recognition software detects car crash
or scream it writes its decisions and the detection time to the test results table of the database. After
inspecting test cases and test results the performance of the online system is found.

The online tests were done in three different room environments and in anechoic room. When the
microphone is close to speakers such that the distance was less than 30 cm, the performance was the same
as offline tests. In all three rooms we achieved almost the same results as offline case. When the distance
is greater than 50 cm, the performance of online tests was degraded significantly. We repeat the same
online tests in an anechoic room. We set the distance 2 m in this anechoic room, and we obtained the
same results as offline tests.

Table 9 and Table 10 show the online and offline test result comparisons of scream and car crash detection
respectively. Online results shown in tables below are the results obtained when the microphone to
speaker distance is 30 cm.
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Table 9: Comparison of Offline and Online Scream Detection [15]

TPR Error rate F-score(%)
Offline 87.6 0.47 75.4
Online 80.2 0.50 72.3

Table 10: Comparison of Offline and Online Car Crash Detection [15]

TPR Error rate F-score(%)
Offline 71.7 0.35 81.5
Online 75.4 0.40 75.7

4.3 Discussion

Online tests show that the performance of offline tests can only be achieved if the microphone is close
to speaker. In our case, in approximately 30 cm we obtained the same results. If we increase the distance,
performance will decrease gradually, it is half of the offline performance at about 50 cm. This
performance decrease is due to reverberation. To prove this, we repeat the online tests in an anechoic
room. In the anechoic room, we could place the microphones 2 m apart at most because the anechoic
room that we could access was a small one. In this anechoic room, we measured the performance the
same as offline performance.

The effect of of distance in speaker recognition is a known and studied problem. We encountered the
same problem when we are making hazardous SED tests online. The problem of distant speaker
recognition (DSR) can be explained as whenever speaker to microphone distance increases, recognition
rates decrease and equal error rate (EER) increase [28]. In speaker recognition solutions such as
reverberation compensation, feature warping or using multiple microphones can improve performance
significantly [29].

In online hazardous SED we can use the followings to improve the performance:

e During training and model preparation we can prepare a sound database degraded with
reverberation manually.

e  We record pure event sounds and then degrade it with different level of reverberation and then
use these sounds for training.

e We record pure event sounds and play and record the these sounds just at the same place where
this SED application will be used. We then use these sounds for training and model preparation.

e We can develop the model as we did before but we we can apply de-reverberation methods
before giving the sound to DNN model.

5. Conclusion

In this work we showed that hazardous SED models developed will show poor performance in real
world applications. To use these models in a real-world scenario reverberation should be reconsidered.
To show this after developing car crash and scream models we tested them online. The online
performance of these models is less than offline performance when the microphone is apart from
speaker. We proved that the reason is reverberation by repeating the tests in anechoic room.

We propose if the SED is used for an online application reverberation must be considered. As the future
works the proposed de-reverberation techniques can be applied during online tests. The proposed four
methods can be used to remove the reverberation effect and other methods can be proposed. Finally, the
best one or combination can be used.
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Abstract

A huge amount of data is being produced every day in our era. In addition to high-performance processing
approaches, efficiently visualizing this quantity of data (up to Terabytes) remains a major difficulty. In this study,
we use the well-known clustering method K-means as a data reduction strategy that keeps the visual quality of the
provided huge data as high as possible. The centroids of the dataset are used to display the distribution properties
of data in a straightforward manner. Our data comes from a recent Kaggle big data set (Click Through Rate), and
it is displayed using Box plots on reduced datasets, compared to the original plots. It is discovered that K-means
is an effective strategy for reducing the amount of huge data in order to view the original data without sacrificing
its distribution information quality.

Keywords: big data, data reduction, visualization, k-means

1. Introduction

Data visualization is the way of representing your data using graphical/visual elements to perceive and
analyze your data in shorter times and more meaningfully [1]. By utilizing visual components such as
charts and graphs, data visualization tools ease to identify and analyze trends, outliers, and patterns in
data. However, big data analytics come with new problems and research opportunities for the
visualization of the data [2]. Dealing with large volumes of data is far more difficult than dealing with
small amounts of data [3]. Enrico and Antonio present a detailed survey about the recent developments
and research areas of big data analytics and visualization in their study. Studies in this area have still
been continuing [4][5].

In this study, we maintain the visual quality of the box plots (which give information about the
distribution of the data) while reducing the size of big data. During this study, we clustered the data with
the K-means algorithm and used the obtained centroids in our visual elements [6]. Thus, we obtain
similar plots with fewer data while keeping the data distribution information of the big data [7].

2. Data Reduction Techniques

This section briefly explains the data reduction techniques we have used in our study.

Randomized Data Reduction: We employ the randomized data reduction approach to compare the
performance of the results obtained using the K-means algorithm. » many data instances are chosen at
random from the large data collection, and graphs are drawn using this data. During this procedure, no
sampling approach is employed. This serves as a benchmark for evaluating the quality of our K-means
algorithm outcomes. In order to be fair with our comparisons, we take the same size random values and
K values.

Data Reduction using the K-means clustering algorithm: The algorithm aims to divide data instances
into K clusters, with each trial belonging to the cluster with the cluster centroid. K-means clustering
minimizes within-cluster variances. This technique is computationally hard. However, heuristic
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algorithms can quickly report near-optimal solutions easily. Therefore, it can be used to select the most
representative data instances to give information about the distribution of the big datasets.

3. Experimental setup and evaluation of the results

The datasets we have used in our experiments are Click Through Rate (CTR) from Kaggle [8]. The
prediction of advertisement CTR is an important challenge in the field of computational advertising.
Increasing the accuracy of advertising CTR prediction is crucial for improving precision marketing
efficacy. The dataset discloses large anonymised advertising datasets. There are one million instances
in this big dataset.

The visual elements in our study are produced with a PC having an i7 processor, 16 GB RAM, 64-bit
operating system, and 8 GB Intel(R) HD Graphics 630 + 4GB NVIDIA GeForce GTX 1050 graphics
card. Pycharm IDE is used. The python version is Python 3.9.12. The packages used are pandas, numpy,
statsmodels.api, matplotlib.pyplot, seaborn and sklearn.cluster K-Means.

In Figure 1, the visualization of the city column of the dataset (with 10, 100, 1000, 10000, and original
data sizes) are presented. The data is obtained from the first rows of the original dataset. As the selected
datasets get bigger, they represent the distribution of the original dataset in a better way. Dataset with
10 instances has the biggest deviation in terms of median values from the original dataset’s median. As
it can be seen the lowest and highest values of the data are different from the original dataset. In Figure
2, we give the visualization of K-mean results (centroids) with 10, 100, 200, and 500 (this was the
biggest K value we can get during our experiments) size datasets. The distribution of the datasets is
matched. Because the number of instances is very few, all the data cannot be seen in the plot. However,
with K=500, a plot very similar to the original data is obtained.

Figure 3 gives the distribution of the cify and device_size columns of the dataset (with randomly selected
100, 1000, 10000, and original data sizes). Figure 4 gives the data distribution of the city and device_ size
column of the dataset by producing the data with the K-means algorithm using k=10, K=100, k=200,
and K=500. Although the frequency of the data cannot be seen in Figure 4, a better visualization than
selecting random slices of data is provided. As the value of K increases, better plots are available.
Figures 5 and 6 present the gender and device_size data visualizations from our dataset in the same way
and the reader can easily see the higher quality of the plots with the results of K-means. The plot with
K=500 is almost the same as the original dataset’s plot whereas K=10 cannot match the upper values of
the Gender axis. Approximately using 0.0005% of the original dataset, we have drawn clear plots of the
big data with the K-means algorithm. The execution time of the K-Means algorithm is reasonable up to
100 centroids.
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Figure 1: The Distribution Visualization of The City Data of The Dataset (with randomly selected 10, 100, 1000,
10000, and original data sizes).
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Figure 2: The Distribution of The Ci#y Data of The Dataset by Producing the Data with the K-Means Algorithm.
K=10, K=100, k=200, and K=500 are presented in the respective columns.
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Figure 3: The Data Distribution of The Cify and Device Size Data of The Dataset (with randomly selected 100,

1000, 10000, and original data sizes).
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Figure 4: The Data Distribution of The City and Device_Size Data of The Dataset by Producing the Data with

the K-Means Algorithm. k=10, K=100, K=200, and K=500 are presented in the respective columns.
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Figure 5: The Data Distribution of The Gender and Device_Size Data of the Dataset (with randomly selected 10,

200, 500, and original data sizes).
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Figure 6: The Data Distribution of The Gender and Device Size Data of The Dataset by Producing the Data with
the K-Means Algorithm. k=10, K=100, K=200, and K=500 are presented in the respective columns.

4. Conclusion and future work

Although K-means is a clustering algorithm to set the best set of centroids, in this study, it is used as a
technique to select/reduce the most indicative data instances so as to visualize big data sets. From the
results of our dataset, we have observed the distribution information of the dataset can be kept with a
smaller set of data instances obtained as centroids using the K-means algorithm. This visualization
problem is still a hot topic for researchers. According to the behavior of the datasets, visualization will
always be a critical issue for decision-makers. To the best of our knowledge, the method we propose
here is the first application of the K-means algorithm to the visualization of big data to represent the
original data with a reduced set.

In our future work, we intend to study with much bigger datasets and use a big data visualization tool
such as Tableau, QlikView, or Microsoft Power Bl. We will compare the visual elements of the reduced
sets of original big data sets and try to keep the quality and informative features of the data as high as
possible.
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