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PARTICULATE MATTER 2.5 — PM2.5 MAPPING USING MODIS
SATELLITE DATA AND MULTIVARIATE NON-LINEAR REGRESSION
ANALYSIS OVER MARMARA REGION - TURKEY

SUMMARY

This study estimated and mapped the dry-mass concentrations of PM2.5 (Particulate
Matter 2.5) on the ground-level for the Marmara Region, Turkey, during 2013-2017,
using multivariate nonlinear regression analysis. The study was conducted using
AODS550 (Aerosol Optical Depth at 550 nm) derived from the collection C6.1 of
MODIS (Moderate Resolution Imaging Spectroradiometer) Aqua and Terra of the
NASA (National Aeronautics and Space Administration), meteorological variables of
the ERA-5 assimilation of the ECMWF (European Centre for Medium-Range Weather
Forecasts), and PM2.5 ground measurements of the UHKIA/NAQMS (National Air
Quality Monitoring System) ground-stations network. MODIS AOD data were
validated against AERONET (AErosol RObotic NETwork) ground-based
sunphotometer AOD obtained from three sites around Turkey. In addition, MODIS
AOD was compared to MERRA-2 (Modern-ERA Retrospective Analysis for Research
and Application) Version 2 of AOD 550nm.

The study aims mainly to map the PM2.5 dry-mass concentrations using MODIS Cé6.1
AODS550 gridded data over the Marmara Regions, Turkey, for the period between 2013
and 2017. Since a wide variety of health issues are attributed to PM2.5, we aim to
assess human exposure to high PM2.5 concentrations in the region due to analyzing
the spatiotemporal variability of PM2.5. Besides, an objective is to evaluate the
efficiency of the MODIS sensor to retrieve AOD at 550 over the study area using both
sunphotometer and gridded data. The fourth objective is to examine the associations
between meteorological conditions and PM2.5. Finally, Turkey is a candidate country
for a European Union membership. Therefore, we aim to assess the vulnerability of
humans in the Marmara region to excessive PM2.5 concentrations based on the E.U.s'
air quality regulations.

Datasets of AOD obtained from three sites (METU-ERDEMLI, ATHENS-NOA, and
Cyprus CUT-TEPAK) of AERONET ground-based sunphotometer were used to
validate MODIS AOD. Collocated AOD pixels from the Terra and Aqua daily rasters
were averaged and combined to improve the availability AODs. However, MODIS
Terra, Aqua, and combined Terra/Aqua AOD datasets were validated independently
against AERONET. Also, the three MODIS datasets were compared to the MERRA-
2 AOD datasets of Morning, Noon, combined Morning/Noon, respectively.
Furthermore, the statistics of both dataset validation versus AERONET were
investigated under different R.H. conditions.

According to the statistics of seasonal and daily regression analysis, MODIS AOD is
better than MERRA-2 by the mean of R?, MAE, and RMSE™. Combined AODs from
MODIS Terra/Aqua and MERRA-2 Morning/Noon exhibited better validation results
than the individual datasets against AERONET AOD. Apparent annual cycling was
demonstrated by the three datasets of AOD over Turkey. Though, MODIS
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underestimated while MERRA-2 overestimated AERONET. In addition, MODIS was
found more efficient than MERRA-2 in detecting extreme episodes of AOD over
Turkey. Particles' hygroscopic growth by humidity changes aerosols' microphysical
characteristics. It was found that the R? of the regression analysis increases in low RH
conditions. However, no significant changes were found in the MAE/RMSE™.
Therefore, MODIS combined Terra/Aqua AOD dataset has been chosen to estimate
PM2.5 concentrations over the Marmara Region.

The linear correlation between ambient MODIS AOD and PM2.5 has been found weak
(R?=0.152). The hygroscopic growth effects of R.H. (Relative Humidity) on the
particles were corrected by the nonlinear extinction coefficient f(RH). Also, BLH
(Boundary Layer Height) has been utilized to estimate the AOD at the ground level
(AODno). The MODIS combined Terra/Aqua AOD outcomes were divided by the
BLH values obtained from ERA-5 meteorological gridded datasets. Daily mean pixel
values of relative humidity, boundary layer height, temperature, wind speed,
precipitation, and sea level pressure, were calculated from averaging every days'
provided ERA-5 rasters. However, daily pixel values of resultant wind speed have
been calculated from the vertical and horizontal wind speed rasters. The
meteorological variables were added to the MODIS AOD in a multivariate additive
model to improve the PM2.5—-A0D relationship. Meteorological variables along with
the f(RH) and BLH corrections have been found increasing the additive models' R?
into 0.492.

Collection window of 3x3 pixels (30x30 km?) of the MODIS AOD was used to
calculate the daily values of AOD over every PM2.5 measuring site. Thus, to increase
the daily AOD values' representativity, only the collected number of daily matchups
resulted from averaging more than 5 pixels were considered in the model. Since R.H.
changes the aerosols' microphysical properties, daily matchups with extreme humidity
events (R.H.>90%) were excluded from the model. Besides, minimal values of PM2.5
(PM2.5<5 pg/m?®) are hard to be detected by the statistical models; thus, they were
excluded to reduce bias and improve R?. Although 7% of the data were excluded, the
models' R? increased to 0.602. At the last stage of the model, monthly and seasonal
predictors were added to optimize the models' efficiency and statistics. The last stage
of the model caused a 14% inclination for the models'R?.

Clear annual cycling of PM2.5 was detected by both the model and datasets of ground
stations. The monthly average PM2.5 was found to decrease in summer and reach its
maximum in the winter season. The concentrations reached their maximum in January
(39 pg/m?) and reached their minimum in July (13 pg/m?). This could be explained by
burning low-quality coal and fossil fuels for heating in the cold months. Also, the
model tends to underestimate and overestimate PM2.5 in the months of winter and
summer, respectively. Daily maps of PM2.5 were averaged for every month to reduce
the missing pixels and produce monthly- seasonal- and annual-average maps of
PM2.5. Availability of pixels in every raster ranged between 33% and 66% for winter
and summer, respectively. Compared to other cities of the region, the monthly average
map of PM2.5 has shown high concentrations over Edirne, Bursa, and Kocaeli. This
is due to the intensive burning of coal and fossil fuels for heating.

According to the E.U.s' (European Union) limit of PM2.5 (25 pg/m?), the seasonal and
annual maps were classified to produce the E.U.s' exceedance maps. The seasonal
exceedance maps showed that the PM2.5 exceeds the limit in most of the Marmara
Region in winter. However, more than 90% of the region is lower than the E.U.s' limit
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for the other three seasons. The annual exceedance maps clearly showed that the area
of exceedance declined from 11.8% to 2.1% between 2013 and 2017, respectively.

Finally, the model outcomes of PM2.5 were validated against ground measured
PM2.5. Since PM2.5 seasonal and annual variability were found in the Marmara
Region, leave-one-out CV Cross-Validation (CV) was conducted on a seasonal and
annual basis. The number of available matchups of the leave-season-out for winter was
found the least among the four seasons. However, a good agreement is found between
the model-estimated and ground-measured PM2.5. The R? ranged between 0.51 and
0.65 for spring and summer, respectively. The final R? and RMSE™! were 0.687 and
27%, respectively. However, the model underestimated the extreme events of PM2.5,
especially in winter.
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MODIS UYDU VERILERIi VE COK DEGISKENLi DOGRUSAL OLMAYAN
REGRESYON ANALIZi iLE PARTIKULER MADDE 2.5-PM2.5
HARITASININ MARMARA BOLGESI-TURKIYE ICIN URETILMESI

OZET

Bu calismada, ¢ok degiskenli dogrusal olmayan regresyon analizini kullanarak
Marmara Bolgesi, Tiirkiye icin 2013-2017 yillar1 arasinda yer seviyesinde PM2.5
(Partikiil Madde 2.5) kuru kiitle konsantrasyon dagilimi tahmin edilmis ve dagilim
haritasi iiretilmistir. Calisma, NASA’ya ait TERRA ve AQUA uydularinda bulunan
MODIS C6.1 (The Moderate Resolution Imaging Spectroradiometer) algilayicist ile
elde edilen AODS550 nm (Aeorosol Optik Derinlik-550 nm) verileri, ECMWF
tarafindan iiretilen ERA-5 meteorolojik parametreleri, Ulusal Hava Kalitesi izleme
Sistemi’ne ait yer istasyonlarindan elde edilen yersel PM2.5 verileri kullanilarak
gerceklestirilmistir. Uydu goriintiilerinden elde edilen MODIS AOD verilerinin
dogruluk degerlendirmesi i¢in Tiirkiye ve yakin ¢evresinde bulunan iic AERONET
istasyonundan elde edilen AOD degerleri kullanilmistir. Ayrica, MERRA-2 AOD
verilerinin dogruluk performansi ile MODIS AOD verilerinin dogruluk performansi
bu calisma kapsaminda AEORONET AOD verileri kullanilarak karsilastirilmistir.

Calismada, MODIS C6.1 AODS550 verileri kullanarak 2013 ve 2017 yillar1 arasinda
Marmara Bolgesi, Tiirkiye i¢in aylik PM2.5 kiitle konsantrasyon haritalarinin
uretilmesi amaclanmistir. Ayrica, Marmara Bolgesi’nde yasayan niifusun PM2.5
kirleticilerine maruz kalma durumunun mekansal-zamansal PM2.5 analizleri ile
degerlendirilmesi hedeflenmistir. Avrupa Birligi (AB) iiyeligine aday bir iilke olan
Tiirkiye’nin Marmara Bolgesi’ndeki PM2.5 konsantrasyonlarinin AB’nin hava kalitesi
yonetmeliklerine uygun olarak degerlendirilmesi Onerilmistir. Bunlara ek olarak,
calisma alani i¢in secilen meteorolojik parametreler ile PM2.5 arasindaki istatistiksel
iliskinin arastirilmas1 amag¢lanmistir.

Tiirkiye ve yakin cevresinde yer alan ii¢ farkli AERONET istasyonundan (ODTU-
ERDEMLI, Atina-NOA ve Kibris CUT-TEPAK) elde edilen AOD veri setleri,
MODIS algilayicisi ile elde edilen AOD degerlerinin dogruluk degerlendirmesi igin
kullanilmistir. AERONET giines fotometreleri, AOD degerlerini 550 nm’ de elde
etmemektedir. Dogruluk degerlendirmesinde  kullanmak i¢gin AERONET
istasyonlarinda olgiillen AOD 440 nm ve AEus40550’den (Angstrom Exponent)
kullanilarak AERONET AOD 550 nm hesaplanmustir. Ayrica, giinliik yarim saatte bir
Olciilen AERONET AOD degerlerinin ortalamasi giinliik sabah, 6glen ve sabah/6glen
(glin ortas1) saatleri i¢cin hesaplanmistir. Terra ve Aqua uydularma ait MODIS Cé6.1
AQOD goriintiileri cografi konum dosyalar1 ve ENVI IDL 5.1 de iiretilen bir algoritma
kullanilarak geometrik diizeltmesi gerceklestirilmistir. MODIS Terra ve Aqua birlesik
AOD goriintiilerini tiretmek i¢in ortak pikseller ArcGIS 10.4 bulunan otomatik ve
iteratif bir model kullanilarak birlestirilmistir. Glinliikk Terra, Aqua ve Terra/Aqua
AOD degerlerini hesaplamak i¢in boyutu 30x30 km (dokuz MODIS piksel) olan
pencere kullanilmistir. Terra ve Aqua sonuglarin birlestirilmesinin MODIS
AOD’nin kullanilabilir veri kapasitesini yaklasik %24,5 artirdig1 goriilmiistiir.
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Bunlarin yan1 sira, MERRA-2 AOD verileri (.netCDF) GeoTiff raster verilere
doniistiiriilmiistiir. Sabah ve Oglen MERRA-2 raster verilerinin, Sabah/Oglen
(birlestirilmis Sabah/Oglen) AOD veri setini olusturmak igin ortalamasi alinmistir.
Ancak, MERRA-2 siirekli bir veri seti oldugu i¢in, MODIS Terra ve Aqua’dan farkli
olarak, MERRA-2’nin sabah ve 0glen veri setlerinin birlestirilmesi AOD’nin
kullanilabilirligini etkilememistir. Terra ve Sabah, Aqua ve Oglen ve Terra/Aqua ve
Sabah/Oglen alt veri setleri sirastyla AERONET Sabah, Oglen ve Sabah/Oglen icin
dogrulanmistir. AOD’nin Tiirkiye i¢in zaman serileri olusturulmus ve ii¢ veri seti igin
de analiz edilmistir. Ayrica, bagil nem aerosollerin mikrofiziksel ozelliklerini
etkilediginden, MODIS ve MERRA-2"nin AOD alt veri setleri mevsimlere gore farkl
RH kosullar1 i¢in degerlendirilmistir.

Mevsimsel ve giinliik regresyon analizi istatistiklerine gore, R?, MAE ve RMSE™
ortalamalar1 goz Oniine alindiginda, MODIS AOD algilayicisinin performansi
MERRA-2’den daha iyi oldugu belirlenmistir. Dogruluk degerlendirmesi sonuglarina
gore MODIS Terra/Aqua ve MERRA-2 Sabah/Oglen'den birlestirilmis AOD’ler,
AERONET AOD’ye kars1 diger veri setlerinden daha yiiksek dogruluk degerlerine
sahip oldugu tespit edilmistir. Buna ragmen, MERRA-2 AERONET degerlerini
degerinden fazla tahmin ederken MODIS ise AERONET degerlerini degerinden daha
az olarak tahmin etmistir. Ayrica MODIS’in, Tiirkiye i¢in ekstrem olaylarin yagandigi
donemleri tespit etmede MERRA-2’den daha etkin oldugu goriilmiistiir. Partikiillerin
nemden kaynakli higroskopik biiylimesi, aerosollerin mikrofiziksel ozelliklerini
degistirmektedir. Regresyon analizinin sonucunda elde edilen R? degerinin diisilk RH
kosullarinda arttig1 belirlenmistir. Bununla birlikte, MAE/RMSE™ degerlerinde
istatistiksel anlamda 6nemli bir degisiklik tespit edilmemistir. Bu nedenle, Marmara
Bolgesi tizerindeki PM2.5 konsantrasyonlarint dagilimini belirlemek i¢in birlestirilmis
MODIS Terra/Aqua AOD veri seti kullanilmigtir.

UHKIA/NAQMS hava kalitesi yer dl¢iim istasyonlar1 her 30 dakikada bir PM2.5
verisi saglamaktadir. Glinliik PM2.5 veri seti elde etmek amaciyla, her istasyon igin
PM2.5 ol¢limlerinin gilinliik ortalamas1 hesaplanmistir. Bir ArcGIS 10.4 otomatik
modeli kullanilarak her yersel PM2.5 dlcen istasyon sahasi i¢in birlestirilmis MODIS
Terra/Aqua AOD’nin giinliik ortalama degerleri 30x30 km? (dokuz MODIS piksel
penceresi) alan igin hesaplanmistir. Kullanilan dokuz piksel, UHKIA/NAQMS yersel
hava kalitesi istasyonu konumu piksel penceresinin ortasina gelecek sekilde
secilmigtir. Yersel istasyon PM2.5 oOlclimlerinin ve MODIS AOD’nin veri
kullanilabilirligi sirasiyla %94,2 ve %49,5 olarak tespit edilmistir. Her iki veri setinde
de eksik veriler oldugundan, kullanilabilir veri kiimelerinin es zamanli olanlarini
eslestirme icin bir Python 3.8 betiginden yararlanilmistir. PM2.5 ile uydu
algilayicisindan elde edilen AOD arasindaki istatistiksel iliskiyi kontrol edebilmek i¢in
oncelikle basit bir dogrusal korelasyon hesaplanmustir.

MODIS AOD ve PM2.5 arasindaki dogrusal korelasyon degerinin diisiik oldugu
belirlenmistir (R?>=0.152). Bu, atmosferik nemin neden oldugu su alimimin higroskopik
biiyiime etkileri ile agiklanabilir ve dogrusal olmayan soniim katsayis1 f(RH) ile
Olciilebilir. Bu nedenle, soniim katsayisi, RH’nin [Relative Humidity (Bagil Nem)]
PM2.5 parcaciklar lizerindeki higroskopik etkilerini diizeltmek i¢in kullanilmistir.
Ayrica uydular, BLH [boundary layer height (sinir katmani ytiksekligi)] boyunca tiim
AOD degerlerini (siitun bi¢gimli AOD) birlikte kaydetmektedir, fakat yer istasyonlar1
PM2.5’1 yer seviyesinde dlgmektedir. Bu sebepten dolayi, yer seviyesinde (AODno)
AOD’yi tahmin etmek i¢in BLH kullanilmistir.
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ECMWF ERA-5’in gridli verilerinden tiiretilen, (i) sinir katmani yiiksekligi (BLH),
(i1) Bagil Nem (RH), (iii) Sicaklik [Temperature (T)], (iv) dikey riizgar hiz1 [vertical
wind speed (VWS )], (v) yatay riizgar hizi [horizontal wind speed (HWS)], (vi) toplam
yagis [total precipitation (TP)] ve (vii) deniz seviyesi basinci [sea level pressure (SLP)]
icin giinliik ortalama degerleri hesaplanmistir. VWS ve HWS’den riizgar hizin1 (RWS)
hesaplamak i¢in hiz denklemi, kullanilmistir. ECMWF ERA-5’in meteorolojik veri
setleri, netCDF veri formati olarak saglanir. NetCDF gridli veri setleri, Python
3.8’deki netCDF4 kitaplig1 kullanilarak GeoTIFF veri formatina doniistiiriilmiistiir.
Otomatik bir ArcGIS 10.4 modelinin yardimiyla, her ERA-5 meteorolojik
degiskeninin giinliilk ortalama degerlerini hesaplamak i¢in aymi piksel pencereleri
(30x30 km?) kullanilmistir. Siitun bicimli AOD’lerin MODIS AOD verileri {izerindeki
etkileri, BLH degiskeni kullanilarak giderilmistir.

Birlestirilmis MODIS Terra/Aqua AOD sonuglari, yer seviyesinde (ho = 0) MODIS
AOD’yi hesaplamak i¢in ERA-5 meteorolojisinden elde edilen BLH degerlerine
boliinmiistiir. Nem ve siitun diizeltmeleri, PM2.5 ile MODIS AOD arasindaki iliskiyi
tyilestirmistir. PM2.5 ile MODIS AOD arasindaki dogrusal olmayan korelasyon i¢in
R?0,152°den 0,393 ¢ yiikselmistir. Daha sonra, PM2.5-AOD iliskisini iyilestirebilmek
icin ¢ok degiskenli bir modelden yararlanilmistir. Model, PM2.5°1 bagimli degisken
olarak degerlendirirken, diger yedisi (MODIS AOD ve alti meteorolojik degisken)
bagimsiz degiskenler olarak modele dahil edilmistir. Meteorolojik degiskenlerin
MODIS AOD ile birlikte ¢ok degiskenli modele eklenmesi, R*nin 0,492’ye
cikmasiyla sonuglanmistir.

Ginlik MODIS AOD degerleri, 3x3 piksel penceresinin sonuglarinin ortalamasi
aliarak hesaplanmistir. MODIS AOD’larin temsil edilebilirligini artirmak igin,
ortalama bes pikselden daha az olan AOD’lar modelin disinda birakilmistir. MODIS
AOD kullanilabilirliginde %7’lik bir azalmaya ragmen, genel R? 0,528’¢ yiikselmistir.
Ayrica, minimum PM2.5 degerlerinin modeller tarafindan tahmin edilmesi zor oldugu
i¢in, bes pg/m?® (PM2.5 <5 pug/m?) altindaki PM2.5 yer dl¢iim degerleri modelden
cikarilmistir. Bu islem, R%yi 0,554’e¢ ulasacak sekilde arttirmistir. Ancak,
kullanilabilir AOD veri miktar1 %41.02’den %38.82’ye diigmiistiir.

Daha 6nce deginildigi gibi, atmosferik nem, su alimi ile higroskopik biiylimeye bagh
olarak aerosollerin mikrofiziksel Ozelliklerini degistirmektedir. Asir1 bagil nem
olaylar1 (RH>%90) ile giinliik eslesmelerin %4.4’liniin modelden ¢ikarilmas1 R*’yi
0.602’ye c¢ikarmistir. Marmara Bolgesi lizerindeki PM2.5’te belirgin bir zamansal
degisiklik tespit edilmistir. Modellerin istatistiksel sonuglarini iyilestirmek i¢in aylik
ve mevsimsel tahmin ediciler modellere eklenmistir. Boylece %4’liik bir R? artis1 ile
0,681 degerine ulagilmistir.

Giinliik zaman serileri, 12 istasyonun PM?2.5 6l¢limlerinin ve Marmara Boélgesi i¢in
tiretilen giinliik PM2.5 degerlerinin ortalamasi almarak olusturulmustur. Bolgedeki
MODIS goriintiilerinde AOD piksellerinin ortalama kullanilabilirligi 59,4 olarak
bulunmustur. PM2.5’in net yillik dongiisii, hem model sonuglart hem de yer
istasyonlarinin  PM2.5 veri setleri ile gosterilmistir. Gilinliik ortalama PM2.5
degerlerinin yaz aylarinda (Haziran ve Temmuz) azaldigi, Ocak ayinda ise maksimum
seviyesine (98,24 pug/m?) ulastig1 goriilmiistiir. Ayrica, giinliik zaman serileri, PM2.5
tahmin modelinin gérece yiiksek ortalama giinliik PM2.5 degerlerini (70 pg/m*’iin
tizerindeki PM2.5 degerleri) oldugundan daha az tahmin ettigini géstermistir.

Aylik zaman serilerini analiz edebilmek amaciyla, her ay i¢in PM2.5’in giinliik
haritalar1 ve yersel PM2.5 istasyon dl¢iimlerinin ortalamasi alinmistir. Giinliilk zaman
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serilerinde oldugu gibi, kis aylarinda (Aralik, Ocak ve Subat) PM2.5°’te belirgin bir
artis yasandig1 ve 38.84 pg/m’ seviyesine ulasildigi tespit edilmistir. Buna karsilik
olarak, PM2.5 konsantrasyonlarinin bolgede yaz aylarinda (Haziran, Temmuz ve
Agustos) minimum seviyeye indigi goriilmektedir. Glinlilk zaman serisi verilerini
aylik zaman serileri i¢in birlestirmek, modellerin sonuglar1 ve yersel Ol¢iimleri
arasindaki istatistiksel degerleri iyilestirmistir. Hesaplanan R? degeri 0,568 den
0,721°e yiikselirken, RMSE degeri 9,32 ng/m>*’ten 4,48 pg /m*’e diismiistiir.

Her iki zaman serisi i¢in, modelin yersel 6l¢iimleri oldugundan daha az hesapladig:
goriilmiistiir. Hem giinliik hem de aylik zaman serileri i¢in degeri birden diisiik RMB
degerleri (sirasiyla 0.863 ve 0.927) elde edilmistir. Kisin goriilen yiiksek PM2.5
konsantrasyonlari, antropojenik faaliyetler ve meteorolojik kosullarla iligkilidir. Fosil
yakitlarin ve diisiik kaliteli komdiiriin (6zellikle linyit komiirii) kisin kullanilmasi, insan
kaynakli PM2.5 emisyonlarini artirmaktadir. Ayrica, kisin diisiik sicakliklar,
partikiillerin diisey karismasini ve mekanik konveksiyonu zayiflatarak PM2.5
konsantrasyonlarini yiikseltmektedir.

PM2.5 dagilim haritalarmin {retilmesi i¢in Python 3.8’in netCDF4 kitaplig1 ve
ArcGIS 10.4 otomatiklestirilmis model kullanilmistir. Meteorolojik degiskenler
Python’daki netCDF4 betiginden yararlanilarak ayri ayr1 hesaplanmis ve sonrasinda
GeoTIFF dosyalarina doniistiiriilmiistiir. Elde edilen meteorolojik degerler daha sonra
MODIS Terra/Aqua’nin AOD goriintiilerine entegre edilmistir. Eksik pikselleri
azaltmak ve aylik, mevsimsel ve yillik ortalama PM2.5 dagilim haritalarini olugturmak
amaciyla, her bir ay i¢in giinliik PM2.5 haritalarinin ortalamasi alinmistir. Kullanilan
her goriintiide kullanilabilir piksellerin miktari, kis ve yaz i¢in sirasiyla %33 ile %66
arasinda degigmektedir. Aylik ortalama PM2.5 dagilim haritalar1, Edirne, Bursa ve
Kocaeli sehirleri i¢in yiiksek PM2.5 konsantrasyonlar1 gostermistir. Asiri 1sinma,
endiistriyel faaliyetler ve dogal gaz yerine fosil yakitlarin kullanilmasi Marmara
Bolgesi’ndeki bu ti¢ sehirde belirgin bir PM2.5 artisina neden olmustur.

AB’nin (Avrupa Birligi) PM2.5 (25 pg/m?) limiti esas alinarak, mevsimsel ve yillik
PM2.5 limit agim haritalar1 olusturulmustur. Mevsimsel limit asim haritalari, ki
mevsiminde PM2.5’in Marmara Bolgesi’nin biiylik bir bolimiinde sinir1 astigini
gostermistir. Bununla birlikte, bolgenin %90’ 1ndan fazlasi diger {i¢ sezon i¢in AB’nin
sinir degerinin altinda oldugu belirlenmistir. Yillik agim haritalari, limit degerinin
asildig1 alanlarin Marmara Bolgesinde 2013 ve 2017 yillar1 arasinda %11,8’den
%2,1’e diistiigiinii acik¢a gostermistir. Bu durumun, bolgedeki hava kalitesine iliskin
kisitlayict politikalarla iligkili olabilecegi diisiintilmektedir.

Son olarak, PM2.5’in model sonuglarinin, hava kalitesi istasyonlariin ol¢tiigli yersel
PM2.5 degerleri kullanilarak dogruluk degerlendirmesi yapilmigtir. Marmara
Bolgesi’nde mevsimsel ve yillik PM2.5 dogruluk degerlendirmesi i¢in, "leave-one-out
CV Cross-Validation (CV)" (birini digsarida birakma capraz dogrulamasi) yontemi
kullanilmistir. Kis mevsiminin disarda birakildigi dogruluk degerlendirmesi
uygulamasinda mevsimsel degerlendirmede en diisiik sonug elde edilmistir. Bununla
beraber, model kullanilarak tahmin edilen PM2.5 degerleri ile istasyonlarda Olciilen
yersel PM2.5 degerleri arasinda iyi bir uyum tespit edilmistir. R* degerleri, ilkbahar ve
yaz icin sirasiyla 0,51 ile 0,65 arasinda degismistir. En son R? ve RMSE™ degerleri ise
strastyla 0.687 ve %27°dir. Ancak model, 6zellikle kis mevsiminde yasanan ekstrem
olaylara ait PM2.5 degerlerini daha diisiik olarak tahmin etmistir.
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1. INTRODUCTION

Air quality measures the degree of pollution in the air we breathe. Air pollution is
considered a severe environment-originated risk to human health and the ecosystem.
The pollutants of the atmosphere significantly impact human health and Earth's energy
system balance. Breathing pollutants, especially atmospheric aerosols, both in the
short- and long-term, cause serious respiratory diseases. According to the WHO,
“breathing low-quality air causes one out of nine death cases in the world” (WHO,
2016). Besides, aerosols pollutants affect Earths’radiation budget by changing cloud
properties and scattering solar light (Che et al, 2019).

The atmospheric aerosols are suspended liquid and solid particulates in the air. They
originate from natural and anthropogenic sources and are formed from secondary
atmospheric chemical reactions (Anderson et al, 2012; McMurry, 2002). Natural
sources of atmospheric aerosols include arid and semiarid dust, sea spray, wildfires,
and volcanic debris (Viana et al, 2014). Industry, agriculture, and combustion, on the
other hand, present the anthropogenic sources (Bellouin et al, 2005). Anthropogenic
emissions of aerosols are significantly impacting climate and human health (Zhao et
al, 2019). They influence Earth's climate and radiation budget directly by solar light
scattering in the cloud-free atmosphere and indirectly by changing the cloud properties
(IPCC, 2013). Atmospheric aerosols, especially their fine fraction, are associated with

plenty of respiratory and cardiovascular diseases (Hoek et al, 2013).

Particulate Matter 2.5 (PM2.5) is the suspended-fine portion of atmospheric aerosols
with an aerodynamic diameter equals or less than 2.5 pm (Spurny, 1996; Zhang et al,
2018). Chemical compounds like sulfates SO4, nitrates NO3, ammonia NH3, sodium
chloride NaCl, organic carbon OC, black carbon BC, inorganic dust, and water are the
major constituents of PM2.5 (An et al, 2015; Gong et al, 2015; Ram et al, 2012). PM2.5
is directly emitted to (Primary) or formed in (Secondary) the atmosphere (U.S.EPA,
2019). Primary particles, such as dust, organic carbon (OC), and black carbon (BC),
are released from combustion processes. On the other hand, Chemical Reactions form

secondary particles of PM2.5, such as sulfate ions (SO4) and nitrate (NO3)



(Kleindienst et al, 2012; Wang et al, 2014). PM2.5 mass contains various primary and

secondary organic and inorganic chemical constituents.

Ambient-outdoor PM2.5 is a significant inhalable air pollutant associated with various
pulmonary and cardiovascular diseases. PM2.5-induced health effects are categorized
broadly into acute effects from short-term exposures (e.g., hourly or daily) and chronic
conditions from long-term exposures (e.g., monthly or annual) (Hart et al, 2011;
Kloog et al, 2013). Long-term exposures to PM2.5 cause chronic bronchitis, premature
deaths, and decreasing lung function. Increasing respiratory symptoms, cardiac
arrhythmias, and heart attacks, on the other hand, are associated with short-term
exposures to PM2.5 (US EPA, 2004; WHO, 2013). Besides, mortality and morbidity
are robustly related to PM2.5 mass concentrations (Dockery et al, 1993; HEI, 2000).
In 2014, 428,000 premature deaths were attributed to the ambient PM2.5 in the
European continent (EEA, 2017), while 2.9 million globally died in 2016 (WHO,
2016).

PM2.5 contributes to the transmission of contagious diseases, such as SARS-CoV-2.
The small size (less than 2.5 pm) and long residence time of PM2.5 are suitable for
penetrating lungs and reaching blood circulation. Coronavirus germs are carried over
the PM2.5 particles deep into the lungs, increasing the chance of having infected (Nor
et al., 2021). In addition, PM2.5 is responsible for developing severe symptoms in
cases that already have SARS-CoV-2. Chronic exposure to high concentrations of
PM2.5 can progressively and slow inflame respiratory tracts (Ali et al, 2021). It
produces excessive amounts of mucus and lessens ciliary movements. Therefore,
PM2.5 increases patients' mortality from severe symptoms of SARS-CoV-2 (X. Wu et
al, 2020).

Besides the adverse effects on human health, several environmental drawbacks are
linked to PM2.5. Ambient PM2.5 significantly influences the function of the aquatic
ecosystem Zhao et al (2014), climate forcing Karumuri et al (2019), and atmospheric
visibility Wang et al (2006). Since aquatic ecosystems are an ultimate sink for
atmospheric aerosols Verma et al (2013), PM2.5 is accumulated in water bodies
through wet and dry depositions and intensifies its toxicity (Hartono et al, 2017). Fine
particulate matter is affecting the Earth's radiation budget and energy balance. PM2.5
constituents, like BC and mineral dust, absorb solar radiation (Aldabash et al, 2020)

and disturb atmospheric long-wave radiation progress (Hu et al, 2017). Ambient



PM2.5 is also considered the leading air pollutant deteriorating atmospheric horizontal
visibility (Sun et al, 2020). It forms hazes, impairs vision, and increases traffic
accidents. Health and environmental consequences of exposure to PM2.5 still a

complicated challenge for the world and governments.

Environment and public health organizations worldwide seek to regulate ambient
PM2.5 limit values to safeguard public health and ecosystems. For instance, the World
Health Organization (WHO) defined PM2.5 daily and annual mean limits in the air as
25 pg/m3 and 10 pg/m3, respectively (WHO, 2005). On the other hand, the United
States Environmental Protection Agency (USEPA) has been more environmentally
cautious and imposed strict measures to reduce environmental harm. It has set daily
mean primary, daily mean secondary, and annual mean (primary and secondary) limits
of PM2.5 as 12 ug/m3 15 pg/m3, and 35pg/m3, respectively (U.S.EPA, 2014). Since
diesel motor vehicles are a significant source of fine particulate matter (Hatzopoulou
et al, 2013), USEPA is also committed to reducing the PM2.5 emissions of vehicles
from 31pg/km to 22pg/km in the United States (Kuklinska et al, 2015). European
Union addressed only the annual PM2.5 maximum concentration as 25 pg/m3 (IIASA,
2014). Levels of safe fine particulate matter concentrations continue to be a severe
threat to the public health and ecosystems and an environmental concern for

international organizations and local authorities.
Air quality in the Marmara Region

Multiple human activities have contributed to deteriorating air quality in the Marmara
region. The region is located in a very vital position with respect to Turkey. It is aligned
between Turkey's European and Asian sides, connecting the European Union and the
Black Sea countries. The Marmara Region represents a very critical commercial
pathway between Turkey and Europe. Individuals and goods movements between
Turkey and Europe are organized through five land cross points located in the region;
Pazarkule and Ipsala are at Greece border, Kapikule, Hamzabeyli, and Derekdy are at
the Bulgarian border. The region involves a large-scale local and international

transportation and highways networks.

Human activities such as urbanization movements and transportation are known to
deteriorate air quality. The region is experiencing speedy urbanization over the last

decade. At the expense of vegetated areas, urbanized areas have increased by 6.8%



between 2012 and 2018 in the region (Genel & Guan, 2021). Massive constructions
and mega infrastructures are being built in the area, such as the Istanbul Airport (2018),
Yavuz Sultan Selim Bridge (2016), Osman Gazi Bridge (2016), Marmaray Tunnel
(2013), the Gebze—Izmir Highway (2019), and Northern Marmara Motorway (2018).
In addition, 4.1 million of them are in Istanbul, seven million operated vehicles from

different types are registered in the region, (Akgiil et al, 2016).

Industrialization and urbanization have increased population density in the Marmara
Region. As the most extensive contributor to the Turkish economy among other
Turkey regions, the Marmara region contributes by 48% of Turkey's total industrial
production (Demiraslan & Akinci, 2018). Therefore, both local and regional migrants
tend to settle in the region, increasing population density. Having a capacity for a large
migrant influx has been identified as a primary issue for the Marmara Region,
especially in Istanbul (OECD, 2008). These factors made the region the most
populated area of Turkey, with 30% of the total Turkey’s population (Kilig et al, 2014).

Furthermore, anthropogenic activities in the Marmara Region have put the air quality
and pollution levels on the stack. Some parts of the Marmara Region, mainly rural
areas, still use low-quality lignite coal and fossil fuels for heating, especially in the
winter (Karaca, 2012). Besides, anthropogenic emissions originated from industrial
facilities, and traffic loads increase the concentrations of carbonaceous and particulate
pollutants in the Marmara Region's air (Nur Kara, 2018). Besides, the area is
extensively affected by the long-range transported mineral dust episodes from North
Africa and Arabic Sahara (Kogak et al, 2007). Those mentioned above anthropogenic,
human, and atmospheric factors have impacted the air quality and air pollution in the
Marmara Region. Thus, the region was chosen as a study area to investigate PM2.5

comprehensively.
Meteorology and PM2.5

Different meteorological parameters influence PM2.5 concentration levels in the
atmosphere. PM2.5 mass concentration is affected by Total Precipitation TP, Wind
Speed WS Toro et al. (2014), Height of the Planetary Boundary Layer BLH Wang et
al. (2019), Temperature Kim et al. (2016), Sea Level Pressure SLP Aromolo et al.
(2015), and Relative Humidity RH Lou et al. (2017) by facilitating or barring particle's

dispersion.



Precipitation's falling speed is higher than the particles dry deposition velocity (Saha
and Moorthy, 2003). Thus, precipitation washes settled particles on surfaces and
deposits down suspended particles from the atmosphere. It has been proved that
precipitation is negatively correlated with PM2.5 and lowers its concentrations
(Chithra and Shiva Nagendra, 2014; Tiwari et al, 2013). Zhou et al. (2020) studied the
effect of precipitation on PM2.5 over the Yangtze River in China. The authors found
that high precipitation intensities are efficient in the PM2.5 wet deposition, particularly
in high atmospheric loads of PM2.5. The same relationship with the precipitation,
however with PM2.5/PM10 ratio was investigated in Bogota, Columbia, during 2007-
2011 by (Blanco-Becerra et al, 2015). The results showed that the precipitation reduces
PM2.5 in the atmosphere; though, not as significant as it reduces PM10. Precipitation

substantially influences declining levels of aerosols pollution in the atmosphere.

WS plays a vital role in PM2 5 concentration levels. It influences pollutants' dispersion
and dilution, where high wind speed distributes the particle load and lowers PM2.5
concentration (Cheng and Li, 2010). Previous studies widely investigated the effects
of wind speed on the PM2.5 in the atmosphere. Pu et al. (2011) analyzed the
relationship between the PM2.5 concentration and four categories of winds in China.
Their results showed wind speed is positively correlated with the degree of dilution
and dispersion in PM2.5. However, the potential of PM2.5 local and regional emission
sources can suppress wind speed effects and increases PM2.5 concentration. High
enough WS can transport PM2.5 particles on regional and global spatial scales, thus
increasing PM2.5 concentrations. Similar results were found in (Wang & Ogawa,
2015). They demonstrated at high WS; a negative WS-PM2.5 relationship turned into
a positive. The authors associated this relation with the long-range transport of
particles originated from geographical areas far from Nagasaki by the effect of high
WS.

The third meteorological variable affecting PM2.5 is the Planetary Boundary Layer
PBL. PBL is a strongly turbulent layer located at the lowest part of the atmosphere
near the Earths' surface. Meteorologic conditions within the PBL affect clean and
polluted air exchanging and particle transport and dispersion (Petdja et al, 2016). The
PBL interferes with aerosols' vertical structure as the bulk of the locally generated fine

aerosols tends to be concentrated within the PBL (Su et al, 2018).



On the one hand, aerosols' cooling effects and negative radiative forcing can suppress
the PBL development (Qu et al, 2017). Therefore, the PBL has an inversely linear
relationship with the PM2.5 mass concentration (Luan et al, 2017). Sekiguchi et al.
(2018) found a 9% decrease of the BLH over East Asia in a study to evaluate PM2.5
direct effects on the PBL in 2014. However, PBL can also be studied using passive
remote sensing datasets. It was analyzed using micro-pulse LIDAR MLP continuous
measurements (Pan et al, 2019). The study was conducted in Shanghai, China, during
2010-2015 and exhibited a 30-50 pg/m3 increase of PM2.5 concentration causes a 100
m decrease of the BLH. Particulate matter accumulation within the PBL reduces BLH

and negatively impacts the evolution of PBL.

On the contrary, stable stratification between different layers of the atmosphere makes
PBL less turbulent (Vickers and Mahrt, 2004). It forms a barrier at the top of the PBL,
preventing particles from transporting to the free troposphere (Han et al, 2009). Thus,
it weakens the particle exchange and increases PM2.5 concentrations (Ding et al, 2017,
Zilitinkevich et al, 2012). Even though it is uncommon, this positive relationship was
found in previous studies in (Du et al, 2013; Q. Zhang et al, 2009). A total of 17 in-
situ craft measurements between 2005 and 2006 over Beijing, China were used to
analyze the effects of PBL on aerosols vertical distribution by (Q. Zhang et al, 2009).
An apparent inversely relationship between the turbulency in the PBL (vertical mixing
and horizontal transport) and the aerosol concentrations was presented. Besides, Du et
al. (2013) also found an incline of particulate matter concentration associated with a
decline of the BLH over Xi'an city, China, during 2007-2009. PBL is a substantial
atmospheric constituent that influences the level of particulate pollution near the

Earth's surface.

How temperature impacting PM2.5 dry mass concentrations was also investigated by
previous studies. The relationship between PM2.5 and Temperature varies according
to the meteorological and topographic characteristics. Some studies demonstrated that
Temperature and PM2.5 are negatively correlated Chen et al. (2016); however, other
studies showed a positive relationship between them (Li et al, 2015). On the one hand,
high temperatures can increase PM2.5 through secondary-induced aerosols formation
Jun Li et al. (2013) and soil dust resuspension (Vecchi et al, 2004). The temperature
was found to increase PM2.5 concentrations due to soil and dust resuspension by

Kozékova et al. (2017) and Kegler et al. (2001) in Central Europe and Arizona, USA,



respectively. Furthermore, Chen et al. (2017) found that temperature is the most
positive influential meteorological parameter on different components of PM2.5 in the

Jing-Jin-Ji region, China, during 2014-2015.

On the other hand, the temperature has an inverse relationship with PM2.5 due to the
particles' conviction and anthropogenic emissions. Temperature causes air conviction
and enhances the meteorological conditions for diffusion of particulate matter and
reducing PM2.5 concentrations (Lu et al, 2017). This mechanism of PM2.5 dilution
was proved by (C. Zhang et al, 2015). The authors analyzed the cross-correlation
between PM2.5 and different meteorologic parameters for 2014 in Beijing and Hong
Kong, China. The cross-correlation results showed that air conviction becomes
frequent when the temperature rises. Thus decreases PM2.5 mass concentrations over

the study area.

Besides, coal consumption for heating in low-temperature seasons, especially in
developing regions, contributes to increasing particulate matter concentrations (Xu et
al, 2018). Demiraslan & Akinci (2018) have demonstrated the effect of burning coal
in winter on increasing PM10 and SO2 components in the Marmara Region. The study
was conducted by analyzing measurements obtained from 35 ground stations.
Increasing particulate matter PM pollution by coal consumption in Turkey, especially
in the Marmara Region, was also stated in (Karaca, 2012). The study was conducted
using GIS and statistical approaches to evaluate Turkey's air quality profile and
classify its climatic zones. Q. Ma et al. (2017) also investigated contributions of coal
burning to PM2.5 concentrations. They utilized GEOS Chemical Transport Model
(GEOS-Chem) simulations. The study results showed a 35% contribution of burning
coal to PM2.5 over China in 2013. To conclude, both meteorological impacts of
temperature and anthropogenic activities can invert the relationship between

temperature and PM2.5 into negative.

Due to impacting other meteorological variables, meteorology and spatial
characteristics were also found to affect the relationship between atmospheric pressure
and PM2.5. On the one side, SLP may indirectly influence PM2.5 by affecting other
factors, such as PBL and WS. High-pressure systems generally generate stagnant
environments, thus accompany high concentrations of PM2.5 (Hsu and Cheng, 2016).
Besides, High SLP is always accompanied by low PBL; therefore, it hinders the

particles vertical movement and accumulates pollutants (Wu et al, 2017). The



spatiotemporal relationship between PM2.5 and different meteorological parameters
was investigated by X. Li et al. (2017) in 173 cities in China during 2014-2015. The
spatial results presented an increase in PM2.5 concentrations where SLP increases and
a 20% contribution of SLP to the PM2.5 spatial distribution. Similar effects of SLP on
the PM 2.5 were found for China in 2017 by (Yang et al, 2020). When they quantified
the unidirectional casualty effects of meteorology on PM2.5, they discovered that

PM2.5 increases due to particle's upward movement in low atmospheric pressures.

Conversely, some other studies found that the atmospheric pressure and PM2.5 can be
negatively correlated. Low SLP causes the lower-level wind to converge and rise into
a vertical direction, thus accelerating the dispersion of PM2.5 (You et al, 2017).
Meanwhile, high SLP can indirectly reduce PM2.5 by affecting other factors, such as
accelerating WS (Jian et al, 2012). Although the negative correlation between PM2.5
and SLP is possible in literature, it is found in a small number of studies compared to
the positive association. To address this negative PM2.5-SLP relationship, Jian et al.
(2012) have utilized an Autoregressive Integrated Moving Average (ARIMA)
statistical model to investigate the effect of meteorological factors on submicron
particles in China in 2009. The negative correlation between PM2.5 and SLP was
shown apparently in the results. Similar results were also demonstrated by (C. Zhang

et al, 2015).

Relative Humidity RH is a critical meteorological parameter that affects PM2.5
microphysical properties and scattering of solar light due to various processes, such as
hygroscopic growth by water uptake. Aerosol's hygroscopic properties affect the single
scattering albedo, forward-scattering fraction, and asymmetry factor of the ambient
aerosols (Gasso et al, 2016). Thus, it is essential to estimate water's contribution to
aerosol's total columnar mass when retrieving PM2.5 concentrations from sensor data.
Aerosol hygroscopicity is often described by aerosol's scattering enhancement factor
(denoted by f(RH)). It is usually defined as a ratio between aerosols scattering
coefficients at ambient RH (osp(RH)) and dry reference RH <40% (osp(RH)dry),
f(RH) = osp(RH)/ osp(RH)ary (Zieger et al, 2011). This relationship was investigated
in detail in previous studies (Yan et al, 2009; Zieger et al, 2011).

Significant gaps have existed in quantifying the relationships between RH and PM2.5.
This lack is due to their nonlinear relationships and uncertainties about the sensitivity

of PM2.5 to RH (P. Wang et al, 2015). However, many previous studies concluded



that RH influences PM2.5 mass concentration significantly. This relationship was
examined over Yangtze River, China, during 2014-2015 by (Lou et al, 2017). The
results presented a positive PM2.5-RH association in RH<70%; However, the PM2.5-
RH relationship turns into negative if RH>70%. Besides, J. Chen et al. (2014)
proposed a retrieval method to estimate aerosol hygroscopicity parameter based on
f(RH) and Particle Number Size Distribution (PNSD) in-situ measurements in China,
2010. Results showed a sharp increase in f(RH) related to RH increasing and that the
high RH is associated with a high time variance of f(RH).

Meteorological conditions have the most significant effects on dilution, diffusion, and
accumulation of PM2.5 in the atmosphere (Pohjola et al, 2002; Tai et al, 2010).
Meteorological variables datasets, such as ERAS5, were used widely to retrieve
meteorological variables for the purpose of PM2.5 estimation (J. P. Guo et al, 2009;
Z. Li et al, 2017; Q. Zhang et al, 2009). The meteorological datasets of the
European Centre for Medium-Range Weather Forecasts (ECMWF) ERAS contain
various advantages by means of resolution, coverage, and operability. The temporal
resolution of the ERAS5 datasets is in near-real-time (1-hour); however, rasters are
delivered as 3-hourly for the ensemble data assimilation. This temporal resolution is
significantly higher than the ERA-Interim (the previous ECMWF assimilation dataset)
and MERRA-2, 79-km and 65-km, respectively.

Meteorological datasets of ERAS are continual over space and time. ECMWF provides
historical meteorological gridded datasets of covering the entire Earth's surface
starting from 1950. ERAS ingests satellite sensors data, air crafts measurements, and
ground measurements compared to other assimilated datasets that ensemble only
ground measurements data. Besides, manipulation of ERAS gridded datasets is
feasible with respect to cost, processing time, and types of equipment. Products of
ERAS5 are downloaded automatically using Python scripts for free of charge with a
.netCDF format. The downloaded rasters do not involve missing pixels and on the
same size and extension. Therefore, processing meteorological rasters are conducted
quickly using Python scripting and requires ordinary hardware. Furthermore, a wide
variety of studies found the meteorological variables of the ERAS datasets effective in
retrieving meteorological conditions (J. P. Guo et al, 2009; Z. Li et al, 2017; Q. Zhang
etal, 2009). For the advantages mentioned above of ERAS, it was chosen in the present

study to retrieve meteorological conditions for the Marmara Region.



In-situ measurements vs. satellite

Retrieving atmospheric PM2.5 mass concentration data is conducted using either
ground-level real-time measuring stations and/or satellite remotely sensed Aerosol
Optical Depth AOD-dependent estimation models. However, each method contains

advantages and disadvantages.

On the one hand, in-situ measurements of PM2.5 concentrations are conducted using
globally distributed ground-level measuring stations. Ground stations provide high-
quality PM2.5 measurements with the minimum error rate, irrespective of cloud cover
and surface conditions (Gupta and Christopher, 2008). High temporal resolution
characterizes ground-station measurements (e.g., 30 minutes and one hour) (Ramos et
al, 2016). However, this traditional approach has disadvantages. The number of air
quality monitoring sites is limited for the associated high costs, both fixed and
operational costs, leading to sparseness in air quality data (Stevens et al, 2014). The
low density of measuring stations makes the spatial coverage incomprehensive,
provides unreliable results, especially in rural areas (Lee et al, 2015). Also, since
monitoring station networks are point-source of data, they miss the spatial continuity

(Shi et al, 2018).

PM2.5 in situ measuring ground stations provide high quality and high temporal
resolution measurements; however, they have considerable shortcomings related to
low spatial coverage and high cost. In the Marmara Region, the network of National
Air Quality Monitoring System (TR: Ulusal Hava Kalite Izleme Ag1 UHKIA) is
composed of 12 PM2.5 ground-measuring stations (URL-5). The station's datasets are
used by multiple researchers related to study PM2.5 in the region. They were utilized
in Kahya et al. (2017) to investigate the spatiotemporal variation through the EU,
USEPA, and WHO PM2.5 exposure regulations, the Marmara region, Turkey, during
2013-2014. Finally, Zeydan and Wang (2019) mapped PM2.5 mass concentrations in
Turkey during 2011-2015. MODIS AOD data and in-situ PM2.5 measurements of 20
NAMQS ground stations in Ankara and the Marmara region were used. The PM2.5-
AOD relationship was established using linear multivariate regression analysis and

HYSPLT back trajectories model.

On the other hand, recent advances in Earth Observation Satellites (EOS's) spatial

coverage, spectral resolution, and historical datasets availability have motivated
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remote sensing to be a widely used approach to estimate PM2.5 concentration
(Donkelaar et al, 2012; Zheng et al, 2017). Polar satellites' sensors provide large AOD
scenes at multiple spectral wavelengths covering a large extent of the Earth (Aldabash
et al, 2020). Therefore, satellite sensors grant the advantages to estimate PM2.5
concentrations on comprehensive territorial and broad areas coverage (Hua et al,
2019). Since they are spatially continuous, another potential of the remote sensing-
based PM2.5 estimation approach is filling the spatiotemporal gaps left by ground
stations (Ma et al, 2016). Remote sensing sensors also provide historical gridded
meteorological datasets with low costs (Levizzani and Cattani, 2019). However,
drawbacks of satellite-derived aerosol and meteorological products include relatively
low spatial resolution and low temporal resolution Mei et al. (2019), and the clouds in
the atmosphere bring down their availability (Gueymard and George, 2005). Remote
sensing-based PM2.5 retrieval models are spatially comprehensive, though, low

spatial and temporal resolution-related drawbacks.

Satellite AOD datasets involve uncertainties due to aerosol columnar distribution and
surface interaction (J. Li et al, 2015). Besides, AOD data collected by satellite sensors
contain a degree of uncertainty. Therefore, validation of the sensor datasets of AOD
is a required step before PM2.5 estimation. AOD datasets obtained from Aerosol
Robotic NETwork AERONET ground-based sunphotometer observations are
routinely utilized to validate satellite AOD datasets (Virtanen et al, 2018). Filonchyk
and Hurynovich (2020) demonstrated the surpassing of MODIS C6.1 on C6 when the
performance of DT, DB, and DTDB of MODIS collections 6 and 6.1 were assessed
using 10 AERONET sites over China and Eastern Europe during 2001-2018.
Similarly, Bhaskaran et al. (2011) compared AODs retrieved from MODIS bi-product
with near-simultaneous AERONET AOD data over three sites in Australia in 2011.
The results showed MODIS overestimating AERONET on low AODs; conversely,
AERONET overestimated MODIS on high AOD values. Over Turkey, the efficiency
of MODIS AOD was comprehensively evaluated by (Aldabash et al, 2020). The
MODIS C6.1 Terra and Aqua AOD were validated and compared against AOD
datasets of AERONET and MERRA-2. The authors found a high degree of
compatibility of MODIS and AERONET AOD over Turkey. However, MODIS
overestimated, and MERRA-2 underestimated AERONET AOD. Incommensurate
results, Eck et al. (2019) found that MODIS C6.1 DT, DB, and MAIAC AODs

11



underestimate the AERONET AOD dataset and don't retrieve AOD efficiently on high

burning days in Indonesia.

1.1 Literature Review

With the evolvements of satellite sensors and meteorological parameters measuring
methods, knowledge of PM2.5 using remote sensing has increased immensely into the
last two decades. Besides, the development of physical and chemical aerosols
characterizing methods facilitated the global efforts to quantify concentrations and
ambient aerosol sources (Hidy, 2019). Studies of retrieving near-Earth PM2.5 mass
concentration using remote sensing are divided into at least three groups of algorithms
(Hoff and Christopher, 2009): (1) empirical algorithms that regress PM2.5 directly
with the gridded AOD. (2) algorithms that use, in addition to the PM2.5 and gridded
AOD, multiple meteorological and land use parameters in a Multivariate regression,

(3) Machine Learning and Mode-Based algorithm
AOD-PM2.5 empirical relationships

Aerosols affect the Earth's energy budget by absorbing and scattering solar light.
Therefore, many previous studies established an empirical relationship between PM2.5
and different products of satellite-derived AOD. Glantz et al. (2009) have presented
an empirical correlation between MODIS and MERIS satellite AOD datasets and
ground-measured PM2.5 over Southern Sweden. The authors analyzed MODIS and
MERIS AOD products according to Bremen aerosol satellite retrieval BEAR
approach. The results have shown an AOD-PM: s linear relationship with R? of 0.59
and 0.58 for MODIS and MERIS, respectively, and a low slope affected by particle’s
hygroscopic growth. However, the AOD derived from the Multiangle Imaging Spectro
Radiometer (MISR) sensor was found more reliable in correlating PM2.5 over the
contiguous US by (Liu et al, 2004). The authors linked the MISR AODs with EPA's
PM2.5 ground-measured data on an average seasonal basis. A strong correlation was
found between AOD and PM2.5 with R? = 0.66 and Slope=1.00. The excellent AOD-
PM2.5 agreement was also found for Jefferson County, the USA, in 2002 in a previous
study by (Wang and Christopher, 2003). The correlation coefficient R for the MODIS-
derived AOD and PM2.5 correlation was found 0.7 and 0.9 daily and monthly,
respectively. Some case studies required pre-processing corrections to enhance the

AOD-PM2.5 empirical relationship. RIVM LiDAR-based cloud screening method
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was used to detect cloud-contaminated AOD values and quantify the vertical aerosol
profile MODIS L1.5 AOD and PM2.5 ground-level data over Cabauw for the
Netherlands in 2007 (Schaap et al, 2008). Without LiDAR cloud screening, results
presented a good PM2.5-A0OD correlation with R>=0.56 in September and spring
months, while variation was very high in the overall regression. However, LIDAR
cloud screening enhanced the overall linear regression; R?increased from 0.33 to 0.48.
Besides, Zeng et al. (2018) applied a vertical-humidity correction method on the
Advanced Himawari Imager AHI AOD dataset to estimate hourly PM2.5 mass
concentrations over Hebei, China, 2017. Vertical humidity correction significantly
improved the direct linear relation between AOD and PM2.5 (R increased from 0.19
to 0.47 and from 0.61 to 0.76), and model-retrieved PM2.5 was found consistent with

the ground-measured PM2.5.
Machine learning and Mode-Based approaches

Other authors supported machine learning models by meteorological, land use, AOD,
and time predictors to estimate the PM2.5 mass concentrations. Random Forest (RF)
model is the most frequently applied model within this approach (G. Chen et al, 2018;
Stafoggia et al, 2020; Yazdi et al, 2020). The authors have implemented multi-stage
RF models that digest AOD and other climatological, spatial, and temporal predictors
to estimate PM2.5 concentrations. Although R? values of the CV were found
acceptable in the three studies, the models still have very high statistical values of bias.
The RF model was found able to detect most of the spatial variability of PM2.5;
however, it was weak in detecting temporal PM2.5 variation. The model was utilized
to estimate PM2.5 in the summer season only by (Stafoggia et al, 2020). Besides, Z.
Chen et al. (2018) and Yazdi et al. (2020) have applied the model to estimate PM2.5
for short periods (one year and two years) for London and China, respectively.
Meteorological datasets of ERAS were also involved in the machine learning studies.
A Four-stages RF model was fed using ERAS5-induced atmospheric predictors by
Schneider et al. (2020) to estimate PM2.5 concentrations over Great Britain during

2008-2018.

Mode-based approaches depend on globally designed models to retrieve PM2.5.
GEOS-CHEM is widely used in this scope. Van Donkelaar et al. (2006) simulated the
factors contributing to PM2.5-MODIS AOD relationships using a global chemical
transport model (GEOS-CHEM) over the USA during 2000-2001. They found that

13



Including the aerosol extinction's relative vertical profile in the simulation increased
R-value from 0.36 to 0.71. However, visibility data integration into the GEOS-CHEM
were found significant to estimating PM2.5 over the North China Plain (NCP) for 2014
(R = 0.79). Conversely, in an inverse process, Molders et al. (2012) assessed the
Weather Research and Forecast model and a chemistry package PM2.5 using mobile
ground-measured PM2.5 and meteorological data. It was found that humidity and PBL

are associated with discrepancies between modeled and measured PM2.5.
Meteorological variables-based empirical relationships

The spatial and temporal variability of PM2.5 is affected by meteorological conditions.
Meteorological parameters (SLP, WS, BLH, T, SLP, and RH) are added to the
empirical relationship between MODIS AOD and ground measured PM2.5 in many
previous studies. Tian and Chen (2010) established an empirical relation between
ground-level PM2.5 and MODIS C005 AOD data over Ontario, Canada, for 2004. The
authors aided the developed model by five meteorological parameters RH, SLP, T,
BLH, and WS, obtained from the NASA Global Modelling Assimilation Office
GMAO and assimilated based on Goddard Earth Observing System (GEOS). They
modified ambient AOD into dry AOD based on an empirical equation to enhance the
PM2.5-A0D relation. The results showed a significant influence of the meteorological
parameters and AOD correction on the empirical regression, P<0.001 and R* = 0.64.
Meteorology parameters were also found effective when utilized with AOD derived
by the MISR sensor. Depending on an empirical regression model to estimate PM2.5
using MISR AOD, GEOS-assimilated RH, and BLH, and other geographic and
temporal factors, Liu et al. (2005) estimated PM2.5 over the Eastern United States
during 2001. Models' meteorological parameters were significant (p< 0.0001) in
predicting PM2.5, and the results showed a considerable influence of RH and BLH on
correlating PM2.5 and MISR AOD. However, R? values were found to increase clearly
when meteorology parameters correlated using the generalized additive model in the
previous study by (Huang et al, 2020). The authors estimated PM2.5 concentrations
by employing a general additive model containing MODIS C6 AOD and meteorology
factors (BLH, RH, and WS) of the European Centre for Medium-Range Weather
Forecasts (ECMWF ERAS) over Hubei, Central China, between 2016 and 2018. The
results showed the model's satisfactory performance in estimating ground-level PM2.5

with low root mean squared error RMSE and high correlation coefficient R?
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(RMSE=13.1 pg/m3; R? = 0.89). Besides, the trend analysis results detected a
decreased PM2.5 trend over Hubei between 2016 and 2018, and the ERAS
meteorology datasets were found reliable in retrieving meteorological conditions.
Using the same meteorological dataset (ERAS), Nabavi et al. (2019) found a strong
correlation between PM2.5 in-situ measurements and ERAS5-induced RH and BLH
over Tehran, Iran, during 2011-2016. Also, Ding et al. (2019) have used the
precipitation data of the ERAS to investigate year-to-year meteorological differences
that may impact the PM2.5 concentrations in Nanjing, eastern China, during 2011-
2019. With the recent advances in telecommunication technology, phones were also
used to monitor outdoor PM2.5. Meteorology variables of ERAS were utilized along
with phone-measured PM2.5 ground measurements in a study conducted by (H. Guo
et al, 2020). The authors applied a two-level hierarchical linear model that depends on
mobile phone-based measurements of PM2.5 and six ERAS-induced meteorological

variables to estimate PM2.5 in Shenzhen, China, 2012.

Meteorological variables-based methods have many advantages over machine learning
and linear approaches. Significant hygroscopic effects of the relative humidity and
transported dust on the satellite AOD have weakened the linear empirical relationship
between MODIS AOD and ground-measured PM2.5. Therefore, the PM2.5-AOD
linear regression method was excluded from estimating PM2.5. Machine learning and
mode-based methods benefit from the anthropogenic and land use data. Although
anthropogenic emissions impact the atmospheric particulate matter, PM2.5 is
significantly diluted, diffused, and accumulated by the atmosphere's meteorological

conditions (Pohjola et al, 2002; Tai et al, 2010).

In addition, compared to machine learning models, meteorology-based methods do not
require a high number of ground-measuring stations. In the Random Forest approach,
the model robustness depends on training density based on ground station
measurements (Stafoggia et al, 2019). However, Meteorology-based methods can be
applied with any number of ground measuring stations. A limited network of PM2.5
ground stations is found in the Marmara Region, with only 12 stations. Besides, inter-
period PM2.5 missing data does not affect the time coverage of models’ outputs in the
meteorology-based methods. Simultaneously, machine learning can estimate PM2.5

concentrations for the time-period covering of the ground measurements only.
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Missing data is a significant concern when choosing an appropriate method for the
PM2.5 estimation. All of the datasets of the variables ingested in the machine learning
models, especially AOD, should be continual over space and time. Unfortunately, a
significant amount of missing pixels due to clouds existed in the atmosphere are
involved in the MODIS datasets of AOD, which hinders applying a machine learning
approach. Therefore, all of the AOD datasets processed by machine learning models
are assimilated datasets, not remotely sensed, especially the MAIAC AOD dataset.
Contrarily, methodology-based datasets can be applied with the minimum percentage
of available pixels. Furthermore, the implemented method corrects the atmospheric
humidity's hygroscopic effects and treats the AOD and meteorology factors in the
same ambient conditions. Besides, it clarifies how every meteorological condition
impacts PM2.5. It quantifies the relationship between every meteorological variable
and PM2.5 separately. For the abovementioned reasons, a nonlinear meteorology-

based approach was utilized to estimate PM2.5 in the present study.

1.2 Objectives

Particulate pollution, especially dry mass concentrations of PM2.5, is a serious
challenge for local governments, human health as well as environmental ecosystems.

Our study aims to achieve the following objectives:

1. The Marmara region in Turkey is experiencing massive urbanization and
industrialization movements for 30 years. Therefore, this study aims to map
the PM2.5 mass concentrations over the region between 2013 and 2017, using
MODIS C6.1 AODS550 gridded data.

- Establish a nonlinear statistical relationship between ground-measured
PM2.5, MODIS AOD, and meteorological variables.

- Apply the statistical model equations on the MODIS AOD scenes and ERAS
meteorology data in different months and seasons.

- Averaging daily PM2.5 dry mass concentrations maps into monthly,
seasonal, and annual maps for the five-year study period.

2. Concentrations of PM2.5 are varying per space and time. The study aims to
Spatiotemporally analyze PM2.5 concentrations over the region between 2013-
2017.

- Comparative analysis of the PM2.5 concentrations maps in different months.
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- Specifying seasons of high and low concentrations of PM2.5
- Investigate the annual trend of PM2.5 for five years.
- Analyzing monthly and daily time series of the PM2.5.

3. Humans' health is the most affected by the vulnerability to PM2.5. We also aim
to assess human exposure to PM2.5 pollutants by specifying the cities of high
concentrations.

4. As arecognized candidate for membership in the European Union, the study's
objective is to assess PM2.5 concentrations in Turkey based on the EUs’ PM2.5
environmental regulations.

- Classifying seasonal and annual maps of PM2.5 concentrations based on the
EUs’ annual threshold of PM2.5.

- Assessing and comparing the exceedance coverage for the EUs’limit, both
on a seasonal and annual basis.

- Comparing exceedance coverage occurring in different areas of the region.

5. The efficiency of space instruments is different in acquiring AOD data.
Comprehensive validation of the MODIS instrument to measure AOD550
using both point source (AERONET) and gridded (MERRA-2) AOD data.

- Validation of the used AOD dataset of AOD (MODIS C6.1 AOD550) using
ground-based sunphotometer AOD datasets.

- Comparing the AOD product of MODIS with another product, MERRA-2.
- Study time-series and annual cycling of AOD over Turkey.

- Assessing the detectability of the MODIS sensor to the extreme episodes of
AOD.

Contrary to EU member states, the first PM2.5 measuring stations were launched in
Turkey in 2013. Among Turkey, only one similar study by Zeydan and Wang (2019)
was conducted during 2013-2015 to map PM2.5 over the Marmara Region. To the best
of our knowledge, this comprehensive long-term study will be the first to map the
PM2.5 over the Marmara Region. Besides, it investigates (examines) the relationship
between every meteorological parameter and PM2.5. Furthermore, the present study
is considered a nucleus for a real-time PM2.5 monitoring model that combines PM2.5

in-situ measurements, remote sensing data, and meteorological data. Finally, the
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largest and the most comprehensive remote sensing AOD data validation process over

Turkey is included in our study.
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2. METHODOLOGY AND DATA

2.1 Study Area

Turkey is located in the north-east part of the Earth (33° N—42° N, 21° E-44° E).
Turkey's area is 783,000 km?, for which only 3% falls in Europe, while 97% lies in the
Asian continent. Turkey's population increased by 1.4% in 2019 to reach 84.34 million
inhabitants by 2020 (European Commission, 2020). Green areas cover 59% of
Turkey's total area, of which 75% are agricultural areas, while only 25% are covered
by forests (OECD, 2017). Because of the irregular topography, the climate in Turkey
is varying considerably. The steppe climate is typical in the Anatolian plateau; the
Mediterranean climate characterizes the coastal areas of the Mediterranean and Ege
seas, while the climate of contitnents typifies the area of the Black Sea. Air quality in
Turkey has been dramatically influenced by excessive fuel consumption,
industrialization, urbanization, and construction (Kahya et al, 2017). Turkey is
contributing to more than 50% of the anthropogenic PM10 emissions in Europe EEA
(2019), and more than 97.2% of the population in Turkey is breathing harmful air
(URL-6).

The present study area is the Marmara Region (TR: Marmara Bolgesi), which is
located in the north-west part of Turkey (39° N-42° N, 26° E-31° E). The Marmara
region comprises 11 cities surrounding the Marmara sea and bridges the European and
the Asian sides of Turkey (Table 2.1 and parts a and b of Figure 2.1, respectively). In
Table 2.1, AMSL is above mean sea level (URL-8). Area values in km? were obtained
from the Google Earth Engine where populations of the cities for 2020 are available
online at (URL-2). In Figure 2.1, LULC data were obtained from MODIS 13A1 sensor
on a 14-days and 500 temporal and spatial resolutions (URL-7). In addition, the figure
shows ; a) Land cover map of Turkey, b) Map of the Marmara Region and the locations

of the ground stations.
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Figure 2.1: The Landuse Landcover (LULC) maps of the study area.

The Marmara Region area is 67,000 km?, presenting around 9% of Turkey's total area.
Approximately 33% of Turkey's population lives in the Marmara Region, with 27.5
million inhabitants (population density is 379 inhabitants/km?). It is characterized by
a moderate and warm climate (Sertel and Omerci, 2011). The peak and the lowest
mean monthly temperatures (3 C°-25 C°) are in summer and winter, respectively.
Contrarily, the highest mean monthly relative humidity and precipitation(63% and 1

mm) values are in the winter season (Figure 2.2).

Various extensive anthropogenic activities have contributed to the air pollution in the
Marmara Region. Urbanization in the Marmara Region changes land cover from the
crop into urban and deteriorates air pollution (Sertel et al., 2011). Besides, urbanization

rates in the Marmara region, particularly in Istanbul, are higher than in all other Turkey
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regions (Arat & Pamuk, 2019). Industry-induced air pollutants are a major constituent

of the air pollution in the Region.

Table 2.1: Spatial information about the cities of the Marmara Region.

City AMSL (m) Area Population Continent
Balikesir 310 12719.86 1,189,057 Asia
Bilecik 627 4384.15 209,925 Asia
Bursa 1791 11240.83 2,787,539 Asia
Canakkakle 192 9911.43 511,790 Eur./Asia
Edirne 453 6391.48 400,280 Europe
Istanbul 55 5558.83 14,377,018 Eur./Asia
Kirklareli 203 6667.33 343,723 Europe
Kocaeli 465 3690.95 1,722,795 Asia
Sakarya 1204 4965.38 932,706 Asia
Tekirdag 110 6452.55 906,732 Europe
Yalova 735 862.17 226,514 Asia

More than 50% of Turkey's whole industrial activities have existed in the region

(Yiicekaya, 2018). According to the Netherlands Enterprise Agency, “diesel engines

and trucks are a significant source of particulate matter pollution in Turkey as a whole”

(Nur Kara, 2018). Since the region operates as the main transportation passage, both

locally between cities and internationally between Turkey and Europe, the Marmara

Region contributes highly to transportation-induced particulate pollution.
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Figure 2.2: Map of Monthly mean (a) Temperature, (b) Relative humidity, and (c)
Total precipitation of the European Center for Medium-Range Forecasting
(ECMWF) ERAS in the Marmara Region between 2013 and 2017.
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2.2 Aerosol and Meteorology Products

Spatial and temporal datasets about the Earth and atmosphere improved our
understanding of processes and dynamics occurring in the lower atmosphere and land.
Concerning spatial coverage, datasets about atmospheric parameters, including AOD,
are available as gridded or point-source time series. However, according to the data
collection instrument, datasets are divided into remotely-sensed and direct-measured
data. Gridded datasets including 1) AOD retrieved from the Moderate Resolution
Imaging Spectroradiometer (MODIS) sensor; 2) the Version-2 of the Modern-Era
Retrospective analysis for Research and Applications (MERRA-2) AOD dataset; 3)
The 5th generation of the European Center for Medium-Range Weather Forecasts
(ECMWF ERADS) reanalysis of the global climate atmospheric parameters. On the
other hand, the AErosol RObotic NETwork (AERONET) and the Turkish Ministry of
Environment and Urbanization (TCCSB) ground stations provide point-source

ground-based data about AOD and PM2.5, respectively.

2.2.1 Aerosol products
MODIS-derived AOD

MODIS is a key instrument aboard Terra and Aqua Earth Observation Satellites
(EOS). Terra is a descending satellite that passes from the north to the south across the
equator in the morning, it is known as EOS AM-1. On the contrary, Aqua is an
ascending satellite that passes the equator from the south to the north in the afternoon
and 1s known as EOS PM-1 (Z. Zhang and C. Moore, 2015). US National Aeronautics
and Space Administration (NASA) launched Terra and Aqua MODIS as a sun-
synchronous satellite in December 1999 and May 2002, respectively (Xiong et al,
2009). Usually, both instruments would view the whole surface of the Earth every 1 to
2 days. MODIS sensor measures signals in 36 spectral bands between 405 and 1438.5
nm, and it has a 2330 km viewing swath width (Srivastava et al, 2016). NASA provides
MODIS aerosol products free of charge via Level-1 and Atmosphere Archive and
Distribution System (LAADS) of the Distributed Active Archive Center (DAAC)
Earth Data search platform. Its granules are downloaded in a Hierarchical Data Format

HDF; each is containing 36 spectral bands.

Since the atmosphere and the surface properties contribute to the signal received by

the MODIS sensor, several algorithms have been developedto retrieve aerosol
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properties and produce MODIS aerosol products (M. Zhang et al, 2017). MODIS
generates AOD products over land using Deep Blue (DB) and Dark Target (DT)
algorithms (Wei et al, 2019). Pixel-based choosing between DB and DT depends on
selection criteria based on the Normalized Difference Vegetation Index (NDVI) value
as follows: 1) IfNDVI > 0.3, DT AOD data is used; 2) f NDVI<0.2, DB AOD data is
used; and 3) If 0.2< NDVI<0.3, mean value of both DT and DB AOD is used (Bilal et
al, 2018). The latest collection of MODIS AOD datasets (C6.X) provides the DT and
DB AOD products separately at 550nm wavelength (AOD550) on 3x3 km spatial
resolution. It contains a combined DTDB AODS550 product; however, its spatial

resolution is 10x10 km, achieved along the sensor's track at nadir (Gupta et al, 2020).

The second level of the latest MODIS collection (level 2 collection 6.1 (L2/C6.1)) at
a 10x10 km? nominal spatial resolution are available in one NASAs' online database.
In the present study, we have used the MODIS C6.1/L2 combined DTDB in MODIS
Terra and Aqua AOD at 550 nm wavelength "Dark Target Deep
Blue AOD 550 Combined" of the period 2013-2017. The spatial and temporal
resolutions of the dataset included are 10x10 km? and 1-day, respectively. However,
the scenes are provided as the fourth version of Hierarchical Data Format ((HDF4) on
2800x3140 km?® longitudinal and latitudinal dimensions. In addition, a 1-km
geolocation field supplements every scene of the MODIS AOD products for
georeferencing. The geolocation field files including surface height above the geoid,
longitude, latitude, azimuth angle, solar zenith angle, satellite zenith angle, and a
land/sea mask. The dataset was entirely downloaded through the NASA Earth Data
Search platform (URL-4).

MERRA-2 AOD reanalysis

MERRA-2 upgrades NASA's former satellite-era (1980 onward) reanalysis system to
incorporate further observations and marked improvements to the Goddard Earth
Observing System, version 5 (GEOS-5), Earth system model (Gelaro et al, 2017).
Many advances have been made to the MERRA-2 GEOS-5, including advances in the
hydrologic cycle representation, Ozone, stratosphere (Bosilovich et al, 2015; Molod et
al, 2012), and analyzed fields of aerosol that have been radiatively coupled to the
atmosphere (Randles et al, 2017). MERRA-2 is assimilating bias-corrected AOD
outcomes from MODIS Collection 5 (C5), Advanced Very High-Resolution
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Radiometer (AVHRR), MISR instruments, and Level 2 ground-sensed AERONET
AOD (Heidinger et al, 2014; Holben et al, 1998; Kahn et al, 2005).

MERRA-2 collections are comprehensive through space, near-real-time, and
compensate for sensors missing data due to clouds present in the atmosphere. Data
collections in MERRA-2, including AOD, are provided entirely on the same spatial
grid with 576x361 points on the latitudinal and longitudinal directions, respectively
(Pinheiro et al, 2020). The temporal resolution of MERRA-2 collections is semi-
instantaneous. GEOS-5 provides AOD collections every six hours at the synoptic
times (00 GMT, 06 GMT, 12 GMT, and 18 GMT) (M. G. Bosilovich et al, 2016).
Furthermore, MERRA-2 facilitated reading the files of the collections. Since the
variables in MERRA-2 are stored as netCDF-4, which is similar to HDF-5, both the
netCDF-4 and HDF-5 are read by the same tools.

MERRA-2 assimilates MODIS C5.1, MIRS, AVHRR satellite-derived AOD, and
level 2 AERONET ground-sensed AOD in Earth system modeling. All pixels of
MERRA-2 are computed on a 50x50 km grid; though, the AOD outputs of MERRA-
2 are provided on a spatial resolution of 0.625°x0.5° (=62.5x50 km) (Manney et al,
2017). MERRA-2 AOD dataset has a semi-real time (1-hour) temporal resolution
provided at the middle of every hour. In our study, the "Goddard Earth Sciences Data
and Information Services Centre "GIOVANNI" platform GIOVANNI (2020), was
utilized to download MERRA-2 AOD at 550 nm hourly, with a 62.5x50 km pixel
resolution for five years, between 2013 and 2017. However, every day, the data's
timescale is constrained within five hours (7:30 to 12:30 LT) to be compatible with
the MODIS Terra and Aqua satellite overpassing times. The files of the datasets were
downloaded on (.netCDF4) file format by using the WGET software.

AERONET ground-based AOD

The AERONET is a global federation of ground-based sunphotometers established by
NASA and a group of local and international agencies and corporations (Holben et al,
1998). Since these measurements are point-source of columnar AOD data, AERONET
was distributed over diverse and expansive areas at high temporal resolution (Giles et
al, 2019). Sunphotometers provide ground-based remote sensing ambient observations
about aerosol microphysical properties in a global context every 15 minutes (Xie et al,

2015). Under cloud-free conditions, AERONET reports observations of AODs,

24



inversion products, and precipitable water on multiple wavelengths (Giles et al, 2019;
Tariq and Ul-Haq, 2020). The network imposes instruments calibration and data
processing (Goloub et al, 2014). The second level (Level2) of the latest/third version
(Version3) of the AERONET aerosol data are fully automated, cloud-screened, and
pre-and post-field calibrated datasets (Aldabash et al, 2020; Aldabash and Balcik,
2019).

The certainties in the space-borne AOD products are primarily based on the validation
between simultaneous sensor scenes and ground-measured AOD datasets, generally
represented by AERONET AOD (Chu et al, 2002; Tong et al, 2020). AERONET
ground-measuring stations are providing local measurements of AOD and aerosol
microphysical properties on different wavelengths. In the present study, the quality-
assured and cloud-screened (level 2 version 3 (L2/V3)) hourly measurements of the
AERONET AOD and Angstrdém exponent (AE) were downloaded for the period
during 2013-2017 from the AERONET official webpage (URL-1). The hourly dataset
was downloaded for three AERONET stations: CUT-TEPAK in Cyprus, Athens-NOA
in Athens, Greece, and METU-ERDEMLI in Mersin-Turkey (Table 2.2). In the Table
2.2, the AOD is the mean value of hourly AOD while the AMSL is the measured above
mean sea level (Raptis et al, 2020; Tutsak & Kogak, 2019). Among the three selected
AERONET stations, METU-ERDEMLI is located within Turkey's border; however,
the rest two stations are located near to Turkey (Figure 2.1.a). The hourly
measurements of (AE440/675) and AOD at 440 nm were utilized to calculate AOD at the

wavelength of MODIS and MERRA-2 of 550 nm.

Table 2.2: Spatial information and mean AOD during 2013-2017 for the Aerosol
Robotic Network (AERONET) ground-measuring stations.

No. Station Country/City Land-use AOD AMSL Coordinates
(1) METU Erdemli  Turkey/Mersin Vegetation 0.213 71 36.34°N/34.14°E
2) CUT-TEPAK  Cyprus/Limassol Urban 0.168 11 34.68° N /33.04°E

3) Athens-NOA Greece/Athens  Discretely Urban  0.157 105 37.97°N/23.72°E

2.2.2 Meteorology products
ECMWF ERAS

ERADS is the latest version of the ECMWF's ERA series, 1 through 5, follows the ERA-
Interim Analysis (ERA4). The ECMWF is operating and organizing the ERAS datasets
through the European Union (EU) flagship program for monitoring the Earth's
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environment using satellite and in-situ observations (Copernicus) (Albergel et al,
2018). ERAS ingested reprocessed datasets obtained from various satellite
instruments, such as Terra- and Aqua-MODIS Hersbach et al. (2020), Ocean and Sea
Ice Satellite Application Facilities (OSI-SAF), SPOT VGTI1, SPOT VG2 (Tall et al,
2019). A large number of hourly estimates of atmospheric, land, and oceanic variables
are assimilated in the ERAS, including T, RH, SLP, WS, and BLH. The whole dataset
of ERAS covers the period between 1950-ongoing, which is divided into two clusters:
one makes up climate data store entries for 1950 - 1978 (preliminary back extension)
and the other covers from 1979 onwards (final release plus timely updates) (Hersbach

et al, 2020).

The ECMWF's improved consistency of assimilation, which minimizes data reanalysis
increments, is exhibited by the ERAS5 (Hoffmann et al, 2018). Datasets of the ERAS
are provided on a high spatial and temporal resolution of 0.25°x0.25° (= 30 x 30 km)
and 1-hour, respectively. In the present study, we have obtained the hourly datasets of
seven meteorological parameters (BLH, RH, SLP, T, TP, VWS, and HWS) for the
Marmara Region during 2013-2017. Every day in the study period, the hourly gridded
datasets were averaged for hours between (7:00 and 13:00 LT) to be compatible with
MODIS Terra and Aqua overpasses.

NAQMS (UHKIA) PM2.s measurements

National Air Quality Monitoring Stations (NAQMS) (TR: Ulusal Hava Kalitesi izleme
Ag1—UHKIA) is a local federation of distributed air quality measuring ground stations
over Turkey. Turkish Ministry of Environment and Urbanization started to establish
NAQMS in the last two decades to harmonize Turkey's air quality standards with the
EU (Zeydan and Wang, 2019). NAQMS ground stations measure chemical and
particulate air pollutants, including SO2 (Sulfur dioxide), NO2 (Nitrogen dioxide),
Ozone (0O3), PM10, and PM2.5. In the Marmara region, 13 of these stations are
measuring hourly PM2.5 mass concentrations. However, the stations measuring
PM2.5 are located in heavily urbanized areas, lacking in covering rural areas.
Moreover, data about PM2.5 are available only as short-term data, starting in March

2013.

The total number of UHKIA/NAQMS PM2.5 ground-measuring stations in the

Marmara Region is 12; distributed among seven cities (Table 2.3). Table 2.3 provides
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AMSL values (in Meter unit) that were obtained from (Zeydan & Wang, 2019). The
unit of the minimum value (Min), the maximum value (Max), and the standard
deviation (o) of the dataset is pg/m?, while Data is the the percentage of available days
for every statuion during 2013-2017. They are providing PM2.5 ground-measured data
in the region only since 2013. NAQMS is providing surface-level PM2.5
measurements on a high temporal resolution of 1-hour. In the present study, we have
downloaded hourly PM2.5 datasets of the 12 stations in the Marmara Region for the
period between 2013 and 2017 from the Air Monitoring Network of the Turkish
Ministry of Environment and Urbanization (UHKIA, 2020). The mean value of seven
hourly measurements in each day (7:00 — 13:00 LT) was calculated to fulfill the
MODIS and ERAS dataset’s time consistency.

Table 2.3: Spatial and statistical data for the PM2.5 ground measuring NAQMS
stations in the Marmara Region.

No. Station City Coordinates AMSL Min. Max. Mean c Data
1 Altinova Yalova 40.70° N /29.51°E 16 0.49 76.52 21.99 10.56 92%
2 Armutlu Yalova 40.53° N /28.78°E 21 0.44 87.67 18.03 9.00 94%
3 Cerkezkoy Tekirdag 41.32°N/27.98°E 146 0.18 113.10 23.89 15.35 93%
4 Goleiik Kocaeli 40.72° N /29.79°E 29 0.73 86.59 21.33 13.78 95%
5 Kagithane Istanbul 41.09°N/28.97°E 43 0.24 156.89 29.23 19.37 94%
6 Kandira Kocaeli 41.13°N/30.00° E 48 0.25 79.69 15.73 9.75 92%
7 Karaagag Edirne 40.85° N /26.64° E 36 0.21 140.35 20.75 13.91 95%
8 Lapseki Canakkale 40.40° N /26.77°E 12 0.28 90.56 16.42 8.57 93%
9 Ozanlar Sakarya 40.79° N /30.40° E 26 1.73 196.23 34.56 25.06 97%
10 Silivri Istanbul 41.07°N/28.26°E 8 1.91 78.71 19.81 11.28 96%
11 Uludag Uni. Bursa 40.22° N /28.87°E 289 1.59 102.97 26.72 14.11 97%
12 Umraniye Istanbul 41.02° N /29.10°E 149 1.27 136.32 26.67 14.18 96%

2.3 Methodology

In the present study, MODIS AOD was validated against AERONET AOD and
compared to MERRA-2 AOD with respect to the period 2013-2017. MODIS AOD,
accompanied by ERAS meteorological variables, was utilized to map monthly PM2.5
mass concentrations over the Marmara Region during 2013-2017. The approach used
in the validation of MODIS AOD and mapping PM2.5 is explained in detail in the

following three sections and in the flow chart of (Figure 2.3).

2.3.1 MODIS AOD validation

Space-based satellite sensors are extensively used to obtain global scale data about
aerosol. However, several assumptions and different conditions are involved in

retrieving satellite-based aerosol data (Virtanen et al, 2018). Thus, ground-based
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aerosol data should be used to validate the retrieved outcomes of satellite aerosol
datasets (Witthuhn et al, 2020). In this stage, MODIS Terra, Aqua, and combined
Terra/Aqua AOD datasets were validated against AERONET stations AOD as well as
compared with morning, noon, and combined morning/noon (named with a semi-day)

MERRA-2 AOD products.

In this study, MODIS and MERRA-2 AOD at 550 nm were validated against and
seasonally compared to AERONET AOD with respect to the period 2013 -2017. The
following nine steps explain the approach used in the comparison between
MODIS/MERRA-2 and AERONET: (i) AOD DB/DT retrievals were obtained from
the MODIS Terra and Aqua scientific datasets of
“Dark Target Deep Blue AOD 550 Combined” by extraction and georeferencing
against  corresponding geolocation files using ENVI IDL iterative script. (ii)
Mosaicking was conducted to merge the adjacent layers in each dataset over the study
area to produce daily layers using ArcGIS automated model built in the model builder
tool. (iii)) MODIS Aqua and Terra AOD collocated pixels values were averaged and
combined. (iv) MERRA-2 AOD hourly values were averaged over morning and noon
hours (7:00 — 11:00 and 11:00 — 14:00, respectively) as well as over these two periods
(named with semi-day period) and extracted over the three AERONET sites. (v) Both
MODIS and MERRA-2 daily values were extracted using 30x30 km2 (3x3 MODIS
pixels) window and operated based in an automated ArcGIS extraction model. The
spatial window size was chosen after considering the average surface wind speed
(0.447 m s-1) in the study area (URL-9). (vi)Since AERONET stations are not
providing AOD at 550 nm wavelength, the AE440/675 and AOD at 440 nm were used
to calculate AOD at the MODIS wavelength 550 nm using equation 2.1.

2.1)

440 AE440/675
ﬁ)

AODSSOZ AOD440 (

AODssp and AODa4o are the Aerosol Optical Depth at wavelengths 550 and 440,
respectively; AE440/657 1s the Angstrom Exponent for the wavelengths 440 and 675 nm.
The AERONET sunphotometer provides each parameter on hourly basis.
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Figure 2.3: Flow chart explaining the data used and the methodology applied in the
present study. The MODIS AOD validation processes over the morning, noon, and
semi-day were colored by the blue, orange, and green lines. The cylindrical,
rectangular, triangular, and diamond-shaped elements indicate a dataset, a process, a
merge, and an output, respectively.

(vil) AERONET AOD hourly observations were separated and averaged according to
the three periods described in (iv). (viii) ECMWF daily RH was extracted over the
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three stations and averaged for each season. (IX) The statistical metrics of the
coefficient of determination (R?), root mean square error (RMSE), mean absolute error
(MAE), relative mean bias (RMB), and relative root mean square deviation (RMSD™})
were calculated (using equations 2.2 — 2.6) and investigated for the satellite and
ground-based AOD validation. N is the number of collocated points, and RMB

indicates overestimation and underestimation if the value is higher or lower than one,

correspondingly.

RZ = 1— X1z (A0Dspy — AODygr(i)? 25
iZN(A0Dspp) — HAODsp)? (2:2)
i=N

1 2
MSE = NZ(AODSD@— AODagp(s) 2.3)
i=1
i=N
MAE = Z|A0DSD(i) — AODgpe)| (2.4)
i=1
wAO0Dgp
RMB = —————
1 N
< hie1(A0Dgp(iy — AOD ~)2
RMSETe! = \/N21_1( SD(i) AER(i)) (2.6)

MAODypr

AODsp and AODagr are the AOD derived by MODIS satellite and AERONET,

whereas ptAODsp and pAODagr are the same parameters' mean values, respectively.

2.3.2 Point data and gridded data processing

In the current stage — for every day between 2013 and 2017—hourly gridded datasets
of seven ERAS meteorological parameters (RH, BLH, T, SLP, TP, VWS, and HWS)
for the Marmara Region were averaged over seven hours (7:00 and 13:00 LT). Vertical
(VWS) and horizontal wind speeds (HWS) were utilized to calculate the wind speed
resultant (RWS) using equation 2.7.

RWS = /(VWS)2 + (HWS)? (2.7)

An ArcGIS10.4 extraction automated model , designed by the model builder tool, for
extraction was used to operate a 30x30 km? (3x3 MODIS pixels) extraction window

to obtain the daily values from the ERAS parameters as well as the combined MODIS
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Terra and Aqua AOD layers over the 12 PM2.5 ground measuring stations. However,
the PM2.5 ground measuring stations were centered in the middle of the extraction
window, and, on the contrary of the validation process, the extraction outcomes that
included at least five MODIS pixels were chosen as daily collocated points. For the
compatibility of MODIS AOD, ERAS meteorology, and PM2.5 data over the time,
PM2.5 ground-measured data were also averaged over the same period ERAS was

averaged (7:00-13:00 LT).

2.3.3 Model design and validation
Humidity correction

Satellite sensors retrieve AOD outcomes in the atmosphere under ambient conditions.
However, aerosol optical properties — particularly the aerosol light scattering — are
changed due to the experienced particle's hygroscopic growth in the ambient
conditions (Zieger et al, 2010). Contrarily, PM2.5 ground-measuring stations are
recording the dry mass concentrations of PM2.5 at the ground-surface level. Since
aerosol particles' size is changed due to water uptake, aerosol light scattering is
significantly dependent on the relative humidity (RH) in the ambient atmospheric
conditions. Thus, the relative humidity correction aims to quantify the hygroscopicity
effects of the dry-measured ground-level PM2.5 mass concentrations (Koelemeijer et
al, 2006; Wu et al, 2019). The particles extinction coefficient f(RH) equation 2.8 is
the ratio between the particles at ambient and at dry (RH< 40%) relative humidity
(Nabavi et al, 2019; Wang et al, 2010; Zeng et al, 2018).

PMZ-S(ambeint)

fRH) = PM2.5ry, (2.8)

thus, the PM2.5 at ambient condition is calculated using equation 2.9

l:)IVIZwr’(ambeint) = PMZ-S(dry) * f(RH) (2.9)

Where PM2.5dry), PM2.5@mbient), and f(RH) are the PM2.5 values at dry conditions,

PM2.5 at ambeint conditions, and particles extinction coefficient, respectively.

The f(RH) is an exponential formula equation 2.10 as a function of RH, in which the
value of the extinction coefficient is non-linearly increasing as the relative humidity

increases (Hoff and Christopher, 2009; Tsai et al, 2011; Veefkind et al, 1996).
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Exppm2s rH) = f(RH) = ————
’ RH\Y (2.10)
(1~ 100)

Where RH refers to the ambient relative humidity, and g is an empirical constant
experimentally assigned to one (Bhattarai et al, 2019; Chen et al, 2017; Wu et al, 2019;
Zheng et al, 2015).

Vertical correction

AQOD is a columnar measurement presenting the aerosol optical and microphysical
properties by integrating all of the aerosol extinction light along the atmospheric
column (Boiyo et al., 2018). However, PM2.5 ground stations measure dry mass
concentrations of PM2.5 at the surface level (Height = 0). Thus, it is in consequence,
to conduct a direct association between ground-measured PM2.5 and sensor-derived
AOD directly (Gong et al, 2017). Therefore, we have applied a vertical correction on
the MODIS AOD to obtain AOD at the surface level. It is assumed that the aerosol
particles are uniformly distributed through the boundary layer height (BLH) since it is
an actively turbulent atmospheric layer (Gong et al, 2017; Koelemeijer et al, 2006;
Wu et al, 2019). Thus, the AOD at the level of the Earth's surface (AODno) is obtained
from equation 2.11 (Koelemeijer et al, 2006; Li et al, 2018).

AODambient

AODyo= BLH

(2.11)

Where AODyo is the Aerosol Optical Depth at ground level (h=0) and BLH is the
boundary layer height.

Excluding outliers

The window size was chosen based on the mean wind speed in the Marmara Region
(3.3 ms™") according to, which means that particulate aerosol can be carried for 16 km
in one hour. The increasing number of averaged pixels for AOD was found to improve
the representativity of AODs and reduces bias (Glantz et al, 2009; Mei et al, 2019).
The PM2.5 station is centered at the middle of the nine pixels, and we selected the

extraction outcomes that contained at least five MODIS pixels.

Since low PM2.5 values are difficult to be detected by the statistical models, PM2.5
values less than five pg/m® were excluded from the model. This step was found

effective by (Nabavi et al, 2019). The authors removed very low values of PM2.5,
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which falls lower than the first quartile (Q1) they found an increase in the R? from 0.61
to 0.72. In addition, the threshold of 5 pg/m? is very likely to be recorded by interactive

activities around the ground stations, such as vehicle passing or domestic emissions.

Furthermore, water uptake by relative humidity changes the microphysical
characteristics of aerosols (Burgos et al, 2019; Zieger et al, 2010). Solar light scattering
of aerosols particles in ambient conditions where RH is more than 90%, was
considered dominated by water uptake (Shinozuka et al, 2007). The authors have found
a strong correlation (R?=0.77) between satellite AOD and PM2.5. For the present
study, the daily matchups with RH values more than 90% were removed to improve

the regression and reduce bias.
Model design

By conducting the humidity and vertical corrections on the PM2.5 ground
measurements and the MODIS AQOD, both the variables are changed into surface-
ambient condition; thus, the regression can be operated at this stage. The seven-
parameter additive model of the exponential of the simulated MODIS AOD, RH, BLH,
SLP, T, TP, and RWS were designed using Minitab 16 software. Besides, since the
anthropogenic and meteorological conditions are varying over time; and aerosol is a
time-dependent variable, monthly and seasonal experimental predictors was added to
optimize the accuracy of the model and reduce bias (Mao et al, 2012; Stafoggia et al,
2020; Yazdi et al, 2020), see equation 2.12.

PM2.5= PC)) *[B1AODyo + B, RH + B3 BLH

Exp(PM2.5,RH)

(2.12)

where PM2.5 is the daily ground-level predicted PM2.5 dry mass concentration
(ug/m?); Pgj is the predictor of the month i in the season j; AOD is the ambient daily
MODIS AOD (unitless); RH is the relative humidity (%); BLH is the boundary layer
height (meter); SLP is the sea level pressure (hecto Pascals); T is the temperature in
(Calvin); TP is the total precipitation depth (meter); and RWS is the resultant wind
speed in (meter per second). Before the mapping process, the spatial resolution of both
the MODIS AOD and ERAS5 gridded layers was rescaled into (3x3 km?) using an
ArcGIS bilinear convolution resampling tool. Pixel sizes were made equal to facilitate

the mathematical operations (sum, divide, multiplication, and subtraction) on the
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pixels using ArcGIS. Also, the area of the Marmara Region as well as distances
between the PM2.5 ground stations are small to be analyzed on the MODIS and ERA-
5 spatial resolutions (10 km and 30 km, respectively). Therefore, decreasing pixel size
into 3x3 km? was chosen based on previous studies conducted the analysis of PM2.5
(Glantz et al, 2009; Nabavi et al, 2019; Z. Wang et al, 2010; Zeydan & Wang, 2019).
In addition, daily maps of the PM2.5 ground concentrations were averaged into
monthly maps to enlarge the cloud-free spatial coverage of MODIS AOD data and
enable data presentation. The maps of the average-monthly and -annual PM2.5
concentrations are presented in the next chapter, Chapter 3. Concentrations of the
PM2.5 were classified and presented in the maps using discrete-period legends to reach

a maximum level of data visualization.
Model validation

According to previous studies by Joharestani et al. (2019); Ma et al. (2014); Rodriguez
et al. (2010), we utilized a Leave-One-Out cross-validation method to check the
robustness of the designed model. We have cross-validated the PM2.5 predictions
using two validation processes; both Leave-Year-Out and Leave-Season-Out cross-
validations. The first process was repeated 12 times by excluding one ground station
from modeling to be used for the validation process. At the same time, the second
process (Leave-Season-Out) was done by excluding one season out of the total years
of the study period, 2013-2017. Validation results were evaluated using the coefficient
of determination (R?), root mean square error (RMSE), relative mean bias (RMB), and
the relative root squared error (RMSE™) using the equations 2.13 — 2.16, respectively.

P 2
Yiz¥ (PM2.54,) — PM2.50,y;)

R* = 1-— ; (2.13)
ile(PMZ.S i — MPMZ.S(m)i)

i=N
1 2
RMSE = NZ(PMZ.S(p)i— PM2.5(1;) (2.14)
i=1
WPM2.5,)
RMB = ———"~ 2.15
},LPMZ.S(m)) ( )

1
\/NZ?’=1(A0DSD(D — AOD4gr(i))?
IJ-AODAER

RMSETel — (216)
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Where PM2.5,) is the predicted PM2.5 value; PM2.5(m) is the ground measured PM2.5
value; uPM2.5p) and pPM2.5m) are the mean values of the whole predicted and

measured PM2.5 values, respectively.
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3. RESULTS

3.1 Results

3.1.1 Validation of MODIS AOD

MODIS and MERRA-2 daily AOD are compared to AERONET measurements in

Figure 3.1, subdivided with respect to the time of the day. MERRA-2 reanalysis

contain the highest number of collocated values (N), as it being a continual time series.

The figures show that MODIS agree according to the 1:1 line and squared correlation

coefficient somewhat better than MERRA-2. However, slightly lower RMSD™ and
MAE values are found for MERRA-2. For AOD corresponding to MODIS Aqua and
Terra combined, and MERRA-2 Semi-Day, higher R? values and RMSD™! are found

compared to separated platforms and for morning and noon hours, respectively.
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Figure 3.1: MODIS Aqua and Terra, and MERRA-2 AOD against AERONET. (a)

MODIS Terra, (b) MODIS Aqua, (c) MODIS Aqua and Terra combined, (d)
MERRA-2 morning , (¢) MERRA-2, (f) MERRA-2 combined (semi-day) datasets

vs. AERONET. The match points values are indicated by the colour bars.
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The largest deviation to the 1:1 line is found for MODIS Terra and MERRA-2 AOD
obtained for morning hours. Concerning the R? and the 1:1 line in the comparison with
AERONET, Shaheen et al. (2020) also found an agreement for MODIS better than
MERRA-2; However, MERRA-2 was found associated with less bias and slightly
closer to the 1:1 line. The study mentioned earlier proposed merging MERRA-2 and
MODIS AOD to minimize bias and obtain AOD closed to AERONET. The obtained
results with MERRA-2 and MODIS over inlands are in line with the previous study
by (Sogacheva et al, 2020). They found that the R? values for the validation against
AERONET was 0.72 and 0.66 for the MODIS and MERRA-2, respectively. AOD
Morning hours of MERRA-2 and MODIS Terra contain the largest deviation to the
1:1 line. The latter results with MODIS Terra are in line with Robert C. Levy et al.
(2018), who found a significantly larger bias for the AOD derived by this satellite
sensor than the MODIS Aqua. The authors found that the bias values associated with
MODIS Aqua and Terra sensors are 0.041 and 0.014, respectively. Accordingly,
Schutgens et al. (2020) generalized the MODIS Aqua dataset to represent the MODIS
AOD. However, MODIS Terra presented the best consistency with AERONET over
the East Mediterranean (Georgoulias et al, 2016).

Time series of MODIS, MERRA-2, and AERONET AOD

MODIS and MERRA-2 monthly averaged AOD were compared to AERONET AOD
over the study period of 5 years. MODIS and AERONET observations are not
continuous time series, while combining monthly values resulted in only one missing
month out of 60 for both platforms. For MODIS, available days included in the
monthly averaging ranged between 44% in January and 92% in August. Figure 2
shows that the MODIS AOD values are higher compared to both AERONET and
MERRA-2 with respect to the period 2013 - 2015, while more comparable with
AERONET for 2016 and 2017. Figure 3.2 shows also that MODIS and MERRA-2
somewhat overestimate and underestimate AOD, respectively, with respect to
AERONET AOD when the full period is taken in consideration. Larger deviation in
RMB is found when comparing MODIS and MERRA-2 AOD, where substantially
lower values are found for the latter platform both with respect to monthly and daily
averaging in Figure 3.1. Georgoulias et al. (2016) explained the latter results with the

long-range transport of mineral dust aerosol over the Anatolian Plateau in Turkey from
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the Middle East and North Africa in summer. This result was also supported by (Perez
et al., 2006).
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Figure 3.2: Monthly mean AOD and the corresponding statistics for MERRA-2,
MODIS, and AERONET.

Table 3.1 presents statistics between MODIS and MERRA-2 against AERONET with
respect to season and the three present AERONET sites. For the purpose of
investigating seasonal variation, four seasons were classified: (i) winter (December,
January and February — DJF), (i1) spring (March, April and May — MAM), (ii1) summer
(June, July and August — JJA), and (iv) autumn (September, October and November —
SON). For MODIS, available days are 63, 85, 71 and 51% for summer, autumn and
winter respectively. The availability for AERONET AOD is largest in August (94%)
and reached minimum in January (44%), while the seasonal availability is 57, 75, 57
and 44% for spring, summer, autumn and winter, respectively. For the ATHENS-NOA
station, Table 3.1 shows that the lowest RH and highest R? were recorded in summer
for both MODIS and MERRA-2. Similar findings are found for the stations METU-
ERDEMLI and CUT-TEPAK according to spring/summer and winter, respectively.
Considering the other statistical parameters in Table 3.1 no clear relation with RH is

found.
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Table 3.1: Seasonal statistical metrics of MODIS and MERRA-2 AOD against
AERONET for the (I) Athens-NOA, (II) METU-ERDEMLI, and (III) CUT-TEPAK.

Station (I) ATHENS-NOA Athens
Dataset MODIS Cé.1 MERRA-2
Season Winter  Spring Summer Autumn Winter Spring Summer Autumn
RH (%) 73 67 64 72 73 67 64 72
N 51 95 241 148 148 157 322 235
Slope 0.604 0.831 0.882 0.673 0.564 0.662 0.691 0.540
Intercept 0.061 0.063 0.072 0.094 0.031 0.054 0.033 0.062
R? 0.545 0.590 0.666 0.527 0.533 0.576 0.652 0.511
RMSE 0.051 0.079 0.083 0.125 0.059 0.074 0.062 0.073
MAE 0.036 0.061 0.063 0.079 0.039 0.053 0.044 0.047
Station (II) METU-ERDEMLI Mersin
RH (%) 64 56 56 63 64 56 56 63
N 101 176 277 183 120 235 323 215
Slope 0.771 0.819 0.746 0.804 0.653 0.596 0.559 0.464
Intercept 0.069 0.079 0.053 0.067 0.016 0.050 0.015 0.042
R? 0.563 0.641 0.614 0.560 0.503 0.567 0.539 0.520
RMSE 0.071 0.086 0.079 0.078 0.069 0.084 0.137 0.082
MAE 0.054 0.067 0.058 0.056 0.052 0.060 0.114 0.058
Station (III) CUT-TEPAK Cyprus
RH (%) 56 64 65 63 56 64 65 63
N 105 170 100 97 140 201 103 110
Slope 0.780 0.794 0.723 0.921 0.567 0.646 0.668 0.435
Intercept 0.054 0.102 0.111 0.050 0.030 0.053 0.062 0.063
R? 0.798 0.645 0.639 0.699 0.634 0.589 0.542 0.573
RMSE 0.047 0.104 0.085 0.066 0.062 0.087 0.062 0.093
MAE 0.036 0.075 0.060 0.048 0.040 0.048 0.049 0.053

Figure 3.3 shows annual mean scenes of MODIS Aqua and Terra combined and

MERRA-2 AOD (left and middle column, respectively) and corresponding differences

in AOD between the two platforms (right column) with respect to the present
investigation period. For the years 2013, 2015 and 2016 the figures show that MODIS
AOD is higher than MERRA-2 for nearly the full study area. MODIS 10 x 10 km2
and MERRA-2 50 x 62.5 km?2 pixel sizes were converted to a grid of 50 x 50 km2 to

obtain the same spatial resolution when comparing the two datasets.
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Figure 3.3: Average annual scenes of MODIS Aqua and Terra combined and
MERRA-2 are presented in the first and second column, respectively, while the third
column shows the difference in AOD between MODIS and MERRA-2 over Turkey.

Extreme events

Aerosol extreme events were specified for MODIS/MERRA-2 and AERONET as
daily mean AOD greater than or equal to the threshold value 0.5 (Sehatkashani et al,
2016; Van Donkelaar et al, 2011). Extreme events were investigated separately for the
three AERONET stations and included if daily mean values are available for all three
platforms. According to AERONET-derived AOD, Athens, METU, and CUT-TEPAK
have recorded 8, 20, and 7 extreme events, respectively, during the five years included
in the present investigation. Table A.1 in Appendix A shows that MODIS detected a
total of 18 (54%) extreme events out of the 33 by AERONET, while MERRA-2
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detected only 8 (24%). Previous studies such as that of H. Shi et al. (2019) showed
that AOD events of dust and haze were not detected very well by MERRA-2. Li et al.
(2009) demonstrated the poor performance of MODIS in detecting extreme loadings
of mineral dust aerosol over 13 AERONET stations in China. Jin et al. (2019) showed
that although MODIS somewhat underestimated extreme aerosol events, the satellite
sensor was actually effective in detecting extreme events recorded by four AERONET

stations around the Yangtze River in China.

3.1.2 Data description

Tables 3.2 presents statistics for daily datasets of seven parameters included in the
model of estimating PM2.5. Measurements of PM2.5 obtained by 12 ground-stations
were daily averaged with respect to 56 months (Between March/2013 and
October/2017) for the Marmara Region. The results of the table show relatively high
bias and variation in the dataset of PM2.5. The RMSE™ is 48.68%, and the values
resulted from the daily averaging ranged between 6.07 pg/m? (Minimum) and 70.03

pg/m’ (Maximum).

Table 3.2: Descriptive statistics of the used parameters with respect to the whole
study period (2013-2017). Statistics of PM2.5 were calculated from averaging daily
values obtained from the 12 ground stations, while statistics of AOD and
meteorological parameters by averaging the raster datasets (MODIS and ERA-5,
respectively) over the Marmara Region.

Parameter Mean  Median Min. Max. STD RMSE™ Confidence Interval
5% 95%
PM2.5 (ng/m’)  21.17 18224  6.069  70.027 10310 48.68 0.489 0.016
AOD550 nm 0.220 0.194 0.013 1.014 0.133 60.45 0.007 0.000218
BLH (m) 51?'1 506.43 20.68  1530.00 289.74 56.80 13.749 0.440
RH (%) 70é07 69.983  43.020  95.731 9.886 14.11 0.469 0.015
SLP (Bar) 1.016 1.015 0.995 1.039 0.007 0.69 0'0303 1.0079E-05
T (C°) 15629 15.508 -4.421 28.571 7.403 48.40 0.351 0.011
TP(mm) 0.356 0.067 0.000 5.942 0.683 191.85 0.032 0.001
WS (ms1) 3.222 3.027 0.276 12.534 1.559 48.39 0.074 0.002

The latter results roughly indicate that the annual average EUs’ concentration limit of
PM2.5 (25 pg/m®) was not surpassed in the present study area.Concerning the
aforementioned study period, the mean and median values of the PM2.5 were 21.18

pg/m? and 18.22 pg/m?, respectively.
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Datasets of meteorological parameters are spatially and temporally continual.
However, AOD datasets of MODIS involve a high percentage of missing pixels
because of clouds. Available pixels in AOD scenes of MODIS included in the daily
averaging ranged between 38% in January and 88% in August over the Marmara
Region. The daily mean of AOD for the present study period is 0.22. The table shows
that the AOD dataset range is somewhat short; the maximum and minimum values are
0.013 and 1.014, respectively. However, comparing to other datasets of variables,

large RMSE™ (60.45%) was found in the AOD.

Opposing to AOD and PM2.5, Table 3.2 presents that the lowest variation is found in
the dataset of the sea level pressure (SLP) parameter. The STD of the SLP dataset was
0.007 Bar, while the highest and lowest daily average SLP values were 0.995 Bar and
1.039 Bar, respectively. The SLP dataset contained the least RMSE™ (0.69%)
compared to datasets of other variables. On the contrary, the highest RMSE™
(191.85%) was found for the total precipitation dataset (TP). The latter finding means
that the sea level pressure is not varying significantly in the study area with respect to
time. However, significant variation in the TP dataset is caused by days with no rainfall

(TP = 0 mm) in the Marmara Region.

The daily air temperature is moderate for the present study area. The mean and median
of the Temperature (T) dataset were 15.3 C° and 15.5 C°, respectively. Over the course
of the study period, the temperature ranged between -4.4 C° (Minimum) and 28.6 C°
(Maximum). However, relative humidity (RH) is somewhat high and not varying
significantly for the Marmara Region. RHs’ daily mean and median are almost
identical (70%), while its minimum and maximum values are 43% and 95.7%,
respectively. Table 3.2 showed a low RMSE™ value of RHs’ dataset (14.11%)
compared to the temperature dataset. Contrarily, the datasets of wind speed (WS) and
boundary layer height (BLH) contained high RMSE™, 48.3% and 56.80%,

respectively.

Table A.2 presents statistics of the datasets of the seven parameters with respect to
seasons. Years were divided into seasons (as in section 3.1.2) to investigate seasonal
variations in the datasets. The table shows similar values of seasonal average
concentrations of PM2.5 for spring and autumn (= 21 pg/m?), while the highest and
lowest values were in winter (28.76 pg/m?) and summer (15.54 pg/m?®), respectively.

The bias of daily mean PM2.5 values with respect to the seasonal mean is the largest
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in summer (STD = 13.2 pg/m?®), while autumn is the season where RMSE™ is the
highest (51.10%). Contrarily to the whole of Turkey as a study area (section 3.1.1),
the seasonal mean of MODIS AOD was equal for every two successive seasons AOD
=0.25 (for spring and summer) and AOD = 0.16 (for winter and autumn). However,
seasonal mean datasets of AOD contained a relatively large bias comparing to other
datasets of the parameters; RMSE™ is 72.5%, 64.5%, 45.2%, and 56.7% for winter,

spring, summer, and autumn, respectively.

Winter months are humid in the Marmara Region. The seasonal mean relative
humidity in winter reached up to 93%, with mean and median of 73.3% and 75%,
respectively. Opposing to winter, the latter parameter of RH declines for spring and
summer (RH = 67.5 %). With respect to bias from the seasonal mean, RMSE™ ranged
between 15.4% and 11.5% for spring and summer, respectively. On the other hand,
the highest RMSE™ values among seasonal datasets of BLH were found for spring
(65.10%) and winter (67.47%). Table A.2 shows that the highest seasonal mean for
the datasets of BLH is for autumn (BLH = 647 m), while it is comparable for other
seasons (BLH = 460 m).

Precipitation is not continuous over the course of the years in the Marmara Region.
Four of seasons, including winter, contain days with no rainfall (TP = 0). Availability
of rainy days is different among seasons. For the present study period, the seasonal
availability of days with rainfall is 76.6%, 71.7%, 70.7%, and 52.5% for winter, spring,
summer, and autumn, respectively. In addition, daily mean precipitation is maximum
for seasons of low temperature, 0.476 mm and 0.445 for winter and spring,
correspondingly. The seasonal mean temperature declines in winter (T = 5.9 C°) and
reaches its maximum in summer (T = 23.72 C°). Contrarily, the largest and smallest
seasonal RMSE™ values of temperature datasets were found for summer and winter,
9.84% and 67.78%, respectively. Characteristics of all the utilized datasets, both for

aerosol and meteorology, are presented in Table A.3.

Figure 3.4 illustrates Violin and Box-Whisker combined plots for daily mean PM2.5
with respect to 12 ground-measuring stations in the Marmara Regions. Concerning
five years study period, the PM2.5 annual mean limit was exceeded in only three
datasets of the stations; Ozanlar, Kagithane, and Umraniye. A one-year analysis for
the same datasets conducted by Kahya et al. (2017) presented PM2.5 values measured
by the latter three stations higher than other stations and illustrated right-skewed
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distribution. The datasets of these stations contained the most extended ranges of data,
between 0.8 pg/m? and 117.8 pg/m?3. Datasets involved missing values because of
instruments malfunction. The percentage of missing measurements among stations
ranged between 3% and 8% (Table 2.3). The figure shows that the lowest and highest
mean values of PM2.5 with respect to the whole dataset are for Kandira and Ozanlar,
respectively. However, the same values were assigned to Lapseki and Ozanlar in
(Kahya et al, 2017). Zeydan & Wang (2019) also supported these findings.
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Figure 3.4: Violin and Box-Whisker combined plot for average daily PM2.5 with
respect to 12 ground-based sites in the Marmara Region during 2013-2017. Values
of the Median, Mean, and EU limit of PM2.5 are indicated by the red points, white
points, and the red horizontal line, respectively. However, Green boxes present
PM2.5 values between the 1% quartile (Q1-lower limit) and 3" quartile (Q3-upper
limit).

3.1.3 Estimation model of PM2.5

The model of estimation dry mass concentrations of PM2.5 included eight stages.
Table 3.3 presents every steps’ contribution to models’ accuracy with respect to the
coefficient of determination (R?). The models’ development steps were applied for
every station separately. Linear regression between MODIS AOD and ground
measured PM2.5 was found weak respecting R?; overall R?is 0.15. Engel-Cox et al.
(2004); X. Xu & Zhang (2020) also demonstrated a low R? for the linear regression
between ground-measured PM2.5 and MODIS AOD. However, applying the non-

linear (exponential extinction coefficient) f(RH) correction to PM2.5 increased the

45



models’ accuracy by 29.87%. In addition, converting AOD obtained by MODIS
(columnar AOD) into ground-level AOD using the BLH (vertical correction)
contributed to 15.12% of the overall models’ accuracy. Correcting ground-measured
PM2.5 and MAIAC AOD using f(RH) and ERA-Interim BLH, respectively, in
Nabavi et al. (2019); increased the R? of the PM2.5-A0D correlation from 0.17 to 0.67.
In addition, X. Xu & Zhang (2020) demonstrated the high effectiveness of BLH and
f(RH) corrections on increasing R? for PM2.5-AOD relationships. The corrections in

the latter study results in increasing the R? from 0.52 to 0.78.

Table 3.3 shows that adding meteorological variables to the model contributed by
19.28% of the overall model accuracy; R? increased from 0.393 to 0.492. Multiple
studies have quantified the effects of meteorological variables on PM2.5 estimations
models. Yazdi et al. (2020) have utilized five meteorological variables (BLH, WS,
SLP, T, and RH) to estimate PM2.5 for London, UK. The results showed that they
contributed to 20.24% of the models’ overall RZ. In addition, Lianfa Li et al. (2017)
have found that the meteorological variables contributed to 9.2% of the R In the
same study, among meteorological variables, the highest and lowest contributions to
R? are associated with adding RH (0.03) and TP (0.008), respectively. These findings
inline with (Y. Chen et al., 2020; X. Wang et al., 2019).

Table 3.3: Contribution of the individual models’stages to the overall R?.

Stage Overall R  Contribution to R? szgzﬁli ty
PM2.5-A0D Linear Regression 0.152 N/A 48.02%
Non-linear Correction 0.314 29.87% 48.02%
Vertical Correction 0.393 15.12% 48.02%
Climatology Parameters 0.492 19.28% 48.02%
Five-Pixels Filter 0.528 6.80% 41.02%
5 ug/m’® PM2.5 Filter 0.554 4.91% 38.82%
RH >90% Filter 0.602 9.07% 34.42%
Temporal Predictors 0.681 14.96% 34.42%

The results in Table 3.2 show that excluding daily matchups of AOD resulted from
averaging less than five pixels decreased data availability from 48.02% to 41.02%.
Yet, the present step increased the overall R? to 0.528. The latter raised to 0.554 after
removing collocated values with average PM2.5 daily ground measurements less than
five pg/m’; however, it decreased data availability to 38.82%. Nabavi et al. (2019)
found that excluding PM2.5 wvalues below the first quartile (Q1) enhanced their
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proposed model accuracy. Besides, PM2.5 values of less than three pg/m3 were

invalidated by (Sofowote et al, 2018)8.

In addition, days contains RH values of more than 90% were also removed from the
model, and the R? inclined to 0.602. Stages 6 and 7 were applied to estimate PM2.5
over North America by (Shinozuka et al, 2007). Although a large aerosol vertical
distribution, removing 4% of the dataset with RH>90% resulted in correlating ambient
AOD with PM2.5 (R?= 0.77). Finally, overall R? reached its maximum (0.681) by
adding the temporal (monthly and seasonal) predictors to the model. K. Huang et al.
(2018); L. Mao et al. (2012) found temporal predictors are effective in enhancing the
predictability of PM2.5 estimation models. Multiplying PM2.5 ground measurements
by the particles extinction coefficient f(RH) increases values of PM2.5. Accordingly,
daily mean values of PM2.5 were divided by the f(RH) to obtain the dry mass
concentrations of PM s (section 2.3.3). However, this step decreased the R? to 0.67.
This result is supported by (Nabavi et al., 2019). The latter stated that the R? decreased
slightly after dividing RH-corrected PM2.5 values by f(RH).

The study period covers 1706 days (56 months). Pixels covered by clouds as well as
missing ground-stations measurements affected the availability of matched points for
every station (N). The latter ranged between 38.2% and 55.8% (Overall availability is
48.02%). However, filtering the pixels covered by clouds, days of high relative
humidity (RH>90%), and low PM2.5 (PM2.5 < 5 ug/m?) eliminated the number of
daily matchups. Table 3.3 presents the availability of daily matchups associated with
every step. In contrast, Table 3.4 presents the fixed estimators (i) and associated
significance (P) for the meteorological variables with respect to every measuring
station. Results show that the AOD and RH have overall positive fixed estimators.
However, overall negative estimators are presented with respect to BLH, T, TP, WS,
and SLP. Tai et al. (2010) analysed correlations between meteorological variables and
PM2.5 between 1998 and 2008 over the US. They found that temperature, relative
humidity, and sea level pressure are positively correlated, while total precipitation is
negatively correlated with PM2.5. Jianhua Wang & Ogawa (2015) also found a
negative correlation for total precipitation. However, the temperature was found

positively correlated with PM2.5.

The table shows that the significance of SLP and AOD is larger than 0.01 for six and

eight stations out of 12, respectively. Yet, other variables were found significant for
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all datasets of the measuring sites. The highest and lowest R? are presented for
Karaagag (0.729) and Umraniye (0.575) PM2.5 measuring sites. Nonetheless, datasets
of Kagithane and Silivri contained the highest and lowest RMSE™, 44.48% and
10.73%, respectively. After dividing the model-obtained PM2.5 by f(RH), predicted
PM2.5 is compared to ground-measured PM2.5 in Figure 3.5, which is subdivided with
respect to the ground-measuring sites. The subfigures show that the predicted PM2.5
for Lapseki and Armutlu agree according to the 1:1 line somewhat better than other
stations. Stations associated with relatively high PM2.5, i.e., Karaagag, Kagithane, and
Ozanlar, are also related to high bias values, RMSE™ and MAE. The largest deviation
to the 1:1 line was found for Ozanlar and Kagithane. The smallest RMSE™! (27%) was
found for Armutlu, Lapseki, silivri, and Uludag, while Cerkezkdy contained the largest
RMSE™ (38%). The RMSE ranged between 9.81 pug/m* for Ozanlar and 4.02 pg/m?
for Lapseki. These findings inline with the spatiotemporal analysis of PM2.5 for the
Marmara region conducted by (Kahya et al, 2017).
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Table 3.4: Contribution of the models’ stages to overall R2,

Intercept AODy RH (%) BLH (m) SLP (Bar) T (C°) TP (mm) WS (ms-1) Statistics
Station
Bl P Bl P B2 B B3 R B4 P Bs P B6 P p7 P R? RMSE™ (%)

Altinova 129.44 P =0.295 2628.06 P <0.001 1.893 P<0.001 -5.037 P=0.108 112.37 P=0351 -1.671 P<0.001 2.107 P=0.028 -6.004 P <0.001 0.609 33.16
Armutlu 173.96 P =0.026 516537 P <0.001 1.564 P<0.001 -4.893 P<0.01 -223.01 P<0.01 -0.164 P=0.017 2.635 P<0.001 -3353 P<0.001 0.672 32.24
Cerkezkoy 164.77 P=0.108 1058526 P <0.001 0.933 P<0.001 -2952 P=0.238 -143.99 P=0.151 -1.537 P<0.001 1.076 P=0269 -1479 P<0.001 0.603 32.06
Golcuk 39.13 P=0.804 5911.62 P <0.001 1.570 P<0.001 -14297 P<0.001 61.92 P=0.688 -3453 P<0.001 -2.944 P<0.01 -3.710 P <0.001 0.625 37.42
Kagithane 626.13 P <0.01 418.37 P=0.285 2.342 P<0.001 -0.135 P=0.831 -564.00 P <0.01 -4.865 P <0.001 4.288 P=0.015 -6412 P<0.001 0.604 44.48
Kandira 284.12 P <0.001 2862.78 P <0.001 1.239 P <0.001 0.007 P <0.001 -280.07 P<0.001 -1.705 P<0.001 -1.640 P=0.010 -2.613 P<0.001 0.674 32.18
Karaagac 57820 P <0.001 382.66 P=0.507 3.789 P<0.001 -1.089 P=0.744 -1077.15 P<0.001 -2.599 P <0.001 -1.622 P=0.086 -5.610 P<0.001 0.629 31.28
Lapseki 55.36 P<0.01 190.64 P=0.690 1.446 P <0.001 0.423 P=0.808 164.70 P=0.041 0.504 P <0.001 -0.073 P=0.879 -1.772 P <0.001 0.561 28.12
Ozanlar 777.60 P <0.001 3403.12 P <0.001 2.385 P<0.001 -15.516 P<0.001 -820.75 P<0.001 -6.131 P<0.001 -4.034 P=0.011 -2322 P=0.055 0.681 39.20
Silivri 38.47 P=0.888 1006.53 P <0.01 -0.771 P=0.772 -1.732 P <0.001 19.89 P=0853 -2366 P<0.001 0.032 P <0.01 -3.862 P <0.001 0.668 10.73
Uludag 420.85 P <0.001 1264.14 P<0.01 2.173 P <0.001 -3.737  P=0.106 -424.09 P<0.001 -2.056 P<0.001 0.550 P <0.01 -7.492 P <0.001 0.672 23.61
Umraniye 199.82  P=0.171 909.66 P=0.122 1.886 P<0.001 -11.080 P<0.01 -195.88 P=0.168 -2.536 P<0.001 -0.292 P=0.082 -2519 P<0.001 0.575 26.19
Combined 257.14 P <0.001 1796.52 P <0.001 1.946 P<0.001 -1.504 P<0.01 -241.74 P<0.001 -2.775 P <0.001 -0.073 P<0.01 -3.880 P <0.001 0.681 29.48
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Figure 3.5: Comparison between the model-predicted and the ground-measured
PM2.5 values over the 12 stations individually. The frequency of match points values
is indicated by the color bars.

Figure 3.6 combines the comparisons between predicted and measured PM2.5 for the
12 measuring sites. The overall R? is 0.67, while the total number of matched daily

points (N) is 7074, comprising 34.44% of the study periods’ whole daily points.
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The comparisons’ bias declined to 28% and 5.94% with respect to RMSE™ and RMSE,

respectively; however, the overall R? is 0.67.
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Figure 3.6: Comparison between the model-predicted and the ground-measured
PM2.5 values over the 12 stations combined. The frequency of match points values is
indicated by the color bars.

3.1.4 Time series of measured and predicted PM2.5

Model-predicted PM2.5 was compared to ground-measured PM2.5 over the study
period of 2013-2017. Ground-measured PM2.5 was averaged according to 12 ground-
based sites in the Marmara Region, while model-predicted PM2.5 resulted from
averaging daily scenes (rasters) of estimated PM2.5. For ground-measured PM2.5,
available measurements included in the daily averaging ranged between 10 and 12
values per day, while the availability of rasters included in averaging the model-
predicted time-series was 78.53%. Despite the four months missing from the time-
series of the ground-measurements dataset (Jan/2013, Feb/2013, Nov/2017, and
Dec/2017), we have estimated PM2.5 concentrations for these months. The model

equations were applied to the meteorological parameters and MODIS AOD for the
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missing period to predict PM2.5. Figure 3.7 presents a comparison between daily
time-series for ground-measured and model-predicted PM2.5 during the present study
period. The figure plots show that, for both time-series, PM2.5 concentrations decrease
in July and reach their maximum in December/January. With respect to monthly
variability of PM2.5, Flores et al. (2020) also found maximizing and minimizing of
PM2.5 in July and December, respectively, for four sites in Istanbul. Besides, (Kahya
et al., 2017) presented that the minimum and maximum of PM2.5 occurs in the
Marmara Region in July and January, respectively. However, PM2.5 concentrations
are seen similar in spring and autumn. Statistics in Figure 3.7 shows that the predicted
PM2.5 somewhat underestimated ground measured PM2.5; the relative mean bias
(RMB) is 0.863. Accordingly, extreme events in the ground-measured time-series are
underestimated by the model-derived PMZ2.5. Also, the comparison presented a

relatively high RMSE (9.32 pg/m?®) and MAE (6.70 pg/m?).

Daily Comparison Statistics
—&— In-situ PMa.s
—&— Predicted PM..s

Ground-Measured vs. Predicted PM2.5:

Slope = 0.663, Intercept = 6,416, N = 1342, R? = 0.568,
RMSE = 9.320, MAE = 6.700, RMB = 0.863

Daily Mean PMaz.s (pg/m?)

Figure 3.7: Daily time series of the measured and predicted average daily PM2.5
over the Marmara Region during 2013-2017.

Plots and statistics comparing monthly time-series of ground-measured and model-
derived PM2.5 are illustrated in Figure 3.8. Despite discontinuity of daily-average
time-series (Figure 3.7), combining monthly values resulted in a continual monthly
time-series (Figure 3.8). For the predicted PM2.5, the availability of days included in
the monthly averaging ranged between 44.3% in January and 93.4% in July. The figure
shows that, for both time-series, the lowest and highest concentrations of PM2.5 are

found in summer and winter, respectively. These findings are supported by (Flores et
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al. 2020; Kahya et al. 2017; Tepe & Dogan, 2021). Statistics of the comparison show
that the monthly time-series agree to the 1:1 line better than the daily time-series with
respect to R?; in addition, it is associated with less bias (RMSE, MAE). Similar to the
daily time-series, model-derived underestimated the ground-measured monthly PM2.5

, yet RMB was found closer to one (RMB=0.927) than in daily time-series.
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Figure 3.8: Monthly time series of the measured and predicted average daily PM2.5
over the Marmara Region during 2013-2017.

Figure 3.9 shows the month-average PM2.5 obtained for ground measurements and
model-derived PM2.5 between 2013 and 2017. Since four months are missing from
the dataset of the ground-measurements, month-average values of January, February,
November, and December were resulted from averaging four average monthly values
of PM2.5. However, five monthly values were included in averaging of the other eight
months. The figure shows that the model overestimated ground measurements in the
heating months (July, August, and September). However, for the other months of the
year, the ground measurements overestimated the model derived PM2.5. In addition,
the highest and lowest month-average values of PM2.5 are presented for December

and July, respectively.

53



50
45 —o—  In-situ PMzs (pg/m)
—&—  Predicted PM:.s (ng/m*®)
40
35 .
S
Y
~30 b
_i T s _//‘
25 T~ ——— e /
P A ~.
4 T § -
- -
=20 \\ . o /
e 774_;,4/
~ - .
15 — — e — &
— ——h
10
5
0
X & S oo S o 3
o o a5 Y e o W g N o7 ol o
e st e [a w ¥ ¥ o S o -qo“"’\“ o A

Month

Figure 3.9: Monthly-averaged of the measured and predicted PM2.5 over the
Marmara Region during (2013-2017).

3.1.5 Spatial distribution of PM2.5
Monthly Spatial Distribution

Maps of average-monthly dry mass concentration of PM2.5 are presented in Figure
3.10 for the Marmara region during 2013-2017, while Figure B.1-Figure B.5 present
them for every year separately. According to Figure 3.10, the highest monthly
concentrations of PM2.5 occurred in December (29.26 pg/m®) and January (28.60
ug/m?®), while the lowest occurred in June and July, 14.86 pug/m® and 14.46 pug/m’,
respectively. The subfigures (a), (b), (¢), (k), and (1) of Figure 3.10 and Figures B.1-
B.5 show that high PM2.5 concentrations are associated with Edirne, Sakarya, and
Bursa cities (see Figure 2.1); yet comparable concentrations are found for the other
cities. Low average monthly concentrations of PM2.5 for Canakkale city are presented
in all of the figures and subfigures. The maps of the months between April and
September (Figure 3.10 (d), (e), (), (g), (h), and (1)) show relatively low concentrations
of monthly mean PM2.5, less than 22 pg/m’. In contrast, especially in the Black Sea,
Figures B.1-B.5 displayed high concentrations along the study areas’ coastal lines. In
addition, the scenes of January and December in the same figures included

significantly missing pixels.
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Figure 3.10: Maps of monthly average PM2.5 concentrations estimated for the
Marmara region during 2013-2017.

Seasonal Spatial Distribution

Seasonal average PM2.5 concentrations maps (Figure 3.11) were produced by
averaging the monthly maps with respect to the season. Figure 3.11 shows that Edirne,
Bursa, and Sakarya cities are associated with high concentrations of PM2.5 compared
to other cities of the Marmara Region; however, the concentrations were found low
for Lapseki city. High PM2.5 concentrations of Edirne and Sakarya were presented by
Zeydan & Wang (2019), while (Kahya et al., 2017) indicated the low concentrations
of Lapseki in Canakkale. Regarding other cities, Figure 3.10 and Figure 3.11 show
moderate PM2.5 concentrations on a monthly and seasonal basis. Among seasons,
(Figure 3.11 (a)) presented that winter is associated with high PM2.5 concentrations
compared to other seasons for the entire study area. However, the summer map (Figure

3.11 (¢)) presents the lowest concentrations of PM2.5 with respect to the season.
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Figure 3.11: Maps of seasonal average PM2.5 concentrations estimated for the
Marmara region during 2013-2017.

Annual Spatial Distribution

Annual average maps of PM2.5 for the years between 2013 and 2017 were presented
in Figure 3.12. The maps show an apparent decrease in PM2.5 concentrations between
2013 and 2017. The annual average PM2.5 concentrations in 2013 and 2017 were
21.11 pg/m® and 18.21 pg/m’, respectively; while they were 22.6 ng/m?, 20.34 pg/m?,
and 18.56 pg/m?® for 2014, 2015, and 2016, respectively. Despite the decrease in PM2.5
concentrations shown by the annual average maps, they are consistent with the
seasonal and monthly maps with respect to the cities of low and high PM2.5

concentrations.
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Figure 3.12: Maps of seasonal average PM2.5 concentrations estimated for the
Marmara region during 2013-2017.

Annual average maps of PM2.5 for the years between 2013 and 2017 were presented
in Figure 3.12. The maps show an apparent decrease in PM2.5 concentrations between
2013 and 2017. The annual average PM2.5 concentrations in 2013 and 2017 were
21.11 pg/m® and 18.21 pug/m?, respectively; while they were 22.6 ng/m?, 20.34 pg/m?,
and 18.56 ug/m?® for 2014, 2015, and 2016, respectively. Despite the decrease in PM2.5

concentrations shown by the annual average maps, they are consistent with the
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seasonal and monthly maps with respect to the cities of low and high PM2.5

concentrations.

3.1.6 EU standards of PM2.5

European Environment Agency (EEA) of the European Union (EU) has regulated the
maximum allowed annual average of PM2.5 dry mass concentration as 25 pg/m? (EU
legislation; Directive 2008/50/EC). Although the EEA did not specify the average
seasonal limits of PM2.5, we used this limit (25 pg/m?) to study PM2.5 exceedance
with respect to seasonal and annual averages. Exceedance maps of annual and seasonal
average PM2.5 were presented in Figure 3.13 and Figure 3.14, respectively. Maps
illustrated in Figure 3.13 show that the annual average PM2.5 exceeded EUs’ limit for
the years between 2013 and 2016. The spatial analysis for the annual exceedance maps
demonstrated that the PM2.5 concentrations exceeded the EU’s limit over 9.88% and
12.15% (6,620 km? and 8,140 km?) of the Marmara Region’s area for 2013 and 2014,
respectively. Most of the exceedance occurred over the cities of Edirne and Bursa. In
other words, according to Table 2.1, around 8.2% of the total population (2.25 million
inhabitants) are exposed to unhealthy PM2.5 concentrations during 2013-2014. In
addition, while the exceedance occurred in Edirne and Bursa cities on a large scale, a
negligible exceedance on a small-scale was shown for parts of Istanbul and Sakarya.
However, the area of exceedance was found to decline for the next three years, during
2015-2017. According to Figure 3.13 (e), almost no PM2.5 values more than 25 pg/m’

were detected in 2017 over the study area.
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Figure 3.13: Exceedance maps of annual average PM2.5 concentrations to the EUs’
limit of PM2.5.
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Figure 3.14(a) shows that the seasonal average concentrations of PM2.5 exceeded the
EUs’ standards in winter for most of the Marmara Region. The seasonal-average
PM2.5 concentrations were found exceeding 25 pug/m? in 73.4% (49,205 km?) of the
study area in winter during 2013-2017. According to the figure mentioned above, the
exceedance in winter occurred almost in all cities except Canakkale and parts of Bursa
and Yalova. Looking at the population distribution in Table 2.1, taking into account
the EU’s limit of PM2.5, it is estimated that around 81.4% of the total population
(22.38 million inhabitants) living in the Marmara region are exposed to risky PM2.5

concentrations in the winter season.

On the other hand, the areas exceeding the EU’s limit for the spring, autumn, and
summer are very small compared to the winter season. Figure 3.14(b) and Figure
3.14(d) show that the exceedance areas were found almost identical for spring and
autumn. Concentrations of PM2.5 went beyond 25 pg/m? over only 4.1% (2,754 km?)
of the study area. In addition, the region was found to share similar coverage for each
season, where more than 91% of the exceedance occurred over Bursa and Edirne cities.
Based on Table 2.1, it can be estimated that around 1.05 million inhabitants (3.8% of
the total population) used to breathe air with PM2.5 concentrations of more than 25
pg/m® in the spring and autumn seasons during 2013-2017. For summer, the
exceedance happened over 1.17% of the Marmara region over Bursa and Edirne only,
while most of the study area did not witness any exceedance for the EU’s limit. Finally,
it can be seen from Figure 3.14 that, for Edirne and Bursa cities, the PM2.5 exceeded
the limit of the EU in the four seasons. Information about Land Use and Land Cover

LULC data for every station can be found in detail in Figure B.6.

60



43° N -
a) Winter b) Spring
42° N -
41° N |
i qn.
39°N |
T T T T T T T T 1 T T T T T T T T 1
BN 0 100 200 400 km 0 100 200 400 km
43° N
¢) Summer d) Autumn
42° N -
41°N
40° N
39°N |
—— ——
3N 0 100 200 400 km 0 100 200 400 km
T T T T T T T T T T T T T T
°E 27°E 28°E 29°E 30°E 31°E 32°E 26°E 27°E 28°E 20°E 30°E 31°E  32°FE

26

Under EU limit - - Over EU limit

Figure 3.14: Exceedance maps of annual average PM2.5 concentrations to the EUs
limit of PM2.5.
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3.1.7 Validation of PM2.5 estimation model

Leave-One-Out cross-validation method was conducted concerning season and year.
Figure 3.15 and Figure 3.16 show results of Leave-Season-Out and Leave-Year-Out
cross-validations, respectively. Figure 3.15 shows that the summer season contains the
highest number of collocated daily matchups (N = 3417) while the lowest was for
winter (N = 965). In contrast, bias for winter was found higher than for the summer
with respect to RMSE™ and MAE. Both seasons were found similarly agreeing with
the 1:1 line with respect to R2. Similar N, RMSErel, and MAE cross-validation results
were found for both autumn and spring. However, R? for autumn (R?= 0.58) is found

higher than for spring (R? = 0.51).
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Figure 3.15: Seasonal cross-validation of the whole 12 stations over the five-year
study period (2013-2017) between the models’ outcomes and ground-measured
PM2.5 values.

Statistics of Leave-Year-Out cross-validation are presented in Figure 3.16. The
number of matchups for 2013 (N = 1482) and 2017 (N = 1516) are less than of the
other three years. The R’ ranged between 0.52 and 0.65 for 2017 and 2013,
respectively. The average of RMSE™ for the annual cross-validation (38.6 %) was

found larger than of seasonal cross-validation (28.25%).
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Figure 3.16: Annual cross-validation of the whole 12 stations over the five-year
study period (2013-2017) between the model's outcomes and ground-measured

PM2.5 values. The frequency of match points values is indicated by the color bars.

The whole matchups included in the cross-validation were combined into one plot, and
the statistics were calculated in Figure 3.17. According to the latter, agreeing to the
1:1 line and bias were enhanced by combining all the daily matchups in one scatter
plot. The overall R? increased to 0.687 while RMSE™ decreased to 27%. J. W. Xu et
al. (2015) estimated the PM2.5 over eastern China using AOD determined from the
GOCI satellite instrument. Their results presented that combining seasonal validation
scatters increased R? from 0.49 to 0.66. The scatter plot of Figure 3.17 shows that the

model underestimates the high values of PM2.5, i.e., more than 60 pg/m’, yet

overestimated low values of PM2.5 daily matchups (less than 22 pg/m?).
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Figure 3.17: Total cross-validation of the whole 12 stations over the five-year study
period (2013-2017) between the model's outcomes and ground-measured PM2.5
values. The frequency of match points values is indicated by the color bar.

3.2 Discussion

3.2.1 Validation of MODIS AOD

The present study evaluated AOD (550 nm)-derived from MODIS observations and
MERRA-reanalysis against three AERONET ground-based stations: one is located in
Turkey, while the others are in Athens, Greece, and on Cyprus, with respect to the
period 2013-2017. The availability in both MODIS Aqua and Terra AOD is found to
be low due to cloudy conditions and hazy days (Che et al, 2019; F. Mao et al, 2015).
Even so, the statistics are higher when combining AOD from the two platforms. By
considering MODIS Aqua and Terra combined, the availability in AOD is 37%, 32%,
and 34% for the AERONET Athens-NOA, Mersin ERDEMLI, and Cyprus CUT-
TEPAK stations, respectively. In the validation against AERONET, AOD derived by
MODIS Aqua and Terra combined is associated with higher R? and lower RMSD™!
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compared to AODs derived from separated platforms. These findings are in line with
retrievals of AOD over land and ocean by (McPhetres & Aggarwal, 2018). The authors
in the latter study found that the R? was 0.95, 0.93, and 0.92 for the combined
Terra/Aqua, Terra, and Aqua, respectively; However, the opposite occurs for retrievals

of AOD over land.

In the comparison with AERONET, it was found that MODIS overestimates AOD by
about 20%, both considering daily and monthly averaging. This is in line with previous
studies where the overestimation of AERONET by MODIS was estimated by 10%
(Sayer and Knobelspiesse, 2019; Wei et al, 2019). On the other hand, MERRA-2
underestimates AOD with 9-20% with respect to daily and monthly averaging. (H. Shi
et al., 2019) found also an underestimation of MERRA-2 AOD. This might be due to
nitrate pollutants that are not included in the AOD model (Randles et al, 2017). The
spatial resolution of MERRA-2 AOD is substantially lower than MODIS (62.5 x 50
km? and 10 x 10 km?, respectively), which may contribute to the underestimation of
the former platform. In addition, AODs derived from MISR (Microwave Integrated
Retrieval System) are included in the MERRA-2 reanalysis, which are associated with
higher uncertainties than the MODIS AODs. The Error Envelope (EE) is + (0.2 AOD)
and £ (0.05 + 0.15 AOD) for MISR and MODIS, respectively (Kahn et al, 2005).

The discrepancies that are found in the present study between satellite-retrieved and
ground-based measured AOD may be due to a variety of factors such as the selection
of satellite pixels and the approach to reducing surface reflectance. Increasing the
number of available AODs with respect to the box with the number of satellite pixels
used and collocation window size during sampling increases correlation and declines
bias (Georgoulias et al, 2016). Increasing the numbers of available MODIS and
AERONET AOD values for each MODIS-AERONET pair reduces bias and improves
the results of the validation (Levy et al, 2010). Globally, satellite-derived AOD 1is
usually associated with smaller bias compared to retrievals of AOD at a particular site,
and the high spatial resolution of aerosol gridded data reveals aerosols features
efficiently ( Levy et al, 2018). Inhomogeneous land cover and surface properties cause
large uncertainties in the estimations of surface reflection and thus satellite AOD (Jin

et al, 2019).

AOD derived from both MODIS observations and MERRA-2 reanalysis is the highest

in summer and lowest in winter over Turkey. One reason for this finding might be due
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to soil moisture declining in summer associated with higher temperatures, which
resuspends surface dusts (Prasad et al, 2005). The long-range transport of dust aerosols
from the Middle East and North Africa probably also increases aerosol loadings over
Turkey in the summer (Al et al, 2017; F. Li & Ramanathan, 2002). For example, the
same results have been found for AOD over Saudi Arabia India, and Nigeria (Ayanlade
et al, 2019; Buchard et al, 2017; Sivaprasad & Babu, 2014). Table 3.1 shows that the
R? obtained in the comparison between MODIS/MERRA-2 and AERONET AOD is
correlated to atmospheric RH. These results are compatible with previous studies
(Hobbs, 2002; Kent et al, 1998; Schutgens et al, 2013). However, when investigating
other statistical parameters in the present study, such as slope, offset, RMSE, and
RMB, a relation with RH does not occur when all three AEROENET sites are taken
into account. Besides, extreme aerosol conditions such as dust events were detected
more effectively by MODIS than MERRA-2. Furthermore, the accuracy of MERRA-
2 AOD with respect to AERONET measurements was found to be lower than that of
MODIS AOD. The latter was also found by (Jin et al., 2019). These findings may be
due to the spatial resolution, which is substantially higher for MODIS compared to
MERRA-2.

The scarcity of sunphotometer sites in the study area is considered a challenge when
validating satellite AOD. Utilizing AOD datasets of AERONET stations located
outside of the study area affects the statistical results of the MODIS AOD validation.
For example, there are no ground-based AERONET sunphotometers found in the
Marmara Region. Thus, AOD datasets of the nearest AERONET sites (MTEU-
ERDEMLI, Athens-NOA, and CUT-TEPAK), alongside the MERRA-2 assimilated
dataset, were used to validate the AOD dataset of MODIS C6.1 for the Marmara
Region. Furthermore, cloud cover in the atmosphere reduces the availability of AOD
pixels. For the MODIS sensor, AOD pixels are missed if clouds are in the atmospheric
column. Therefore, the availability of AOD daily matchups included in the validation
will witness a significant decrease. For cloudy months, especially in winter, the low

availability of AOD daily matchups reduces the representativity of AOD datasets.

3.2.2 Data description

Datasets of three different sources were used to estimate PM2.5 over the Marmara

Region concerning the period 2013-2017; (i) PM2.5 ground measurement obtained

66



from 12 ground-stations of the NAQMS/UHIKA local network, (ii) AOD 550nm
obtained from combining MODIS C6.1 Terra and Aqua datasets, and (iii) ECMWF
ERA-5 datasets of six meteorological variables (BLH, RH, T, WS, TP, and SLP).
Although temporal resolution for the PM2.5 ground measurements is very high (30
minutes), their spatial coverage is discontinuous. Contrarily, meteorology datasets of
ERA-5 are spatially and temporally continual as well as satisfy a global coverage.
However, the spatial resolution of ERA-5 is relatively low (30 x 30 km?) compared to
the MODIS C6.1 AOD (10 x 10 km?). The latter provides two scenes of AOD 550 per

day, which is considered high temporal resolution comparing to other sensors.

Raster scenes of MODIS AOD are significantly affected by clouds and hazes. Pixel
values of MODIS AOD are missed if clouds are found in the atmosphere (Aldabash et
al, 2020). Availability of AOD pixels in every scene for the Marmara Region ranged
between 38% and 88% in January and August, respectively. Depending on the cloud
cover in the atmosphere, MODIS AOD pixels availability is different among
geographical zones. (Chi et al, 2020) presented that the availability of AOD obtained
from MODIS Aqua was 12% over China during 2018-2019. Contrarily, over the Asian
continent, the availability of inland AOD obtained from DB/DT of the MODIS Cé6.1
was found 27% and 52% for January and August, respectively (Gupta et al, 2020).
Therefore, the availability of MODIS AOD for the present study area is overall
acceptable to retrieve the concentrations of PM2.5. Compared to other regions such as
China (Zhang et al., 2019; Zhong et al., 2017), a low daily average of AOD (AOD =
0.22) was found for 2013-2017. AOD is increased significantly by dust episodes which
are infrequent in Turkey. Small desert landcover and large green areas in Turkey
mitigate soil resuspension and dust production. In Turkey, the vast majority of dust is
originated from surrounding desert areas, especially Egypt, Saud Arabia, and Libya

(Shaheen et al., 2020).

Ground-stations of measuring PM2.5 are distributed evenly in seven cities over 72,000
km? in the Marmara region. Every station's measurements are affected by the
surrounding anthropogenic activities and meteorological characteristics (Cheng & Li,
2010; Jianhua Wang & Ogawa, 2015). Along the five years study period, the highest
daily mean of PM2.5 was presented for the datasets of Ozanlar (28.34 ng/m?),
Kagithane (25.31 pg/m?), and Umraniye (27.84 pg/m?). Ozanlar and Umraniye are

located on the eastern side of the Marmara Region. Both stations might be affected by
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the emissions of the surrounding industrial zones and vehicular emissions out of the
highway. Besides, the Ozanlar station is located in Sakarya city, which is affected by
the transported dust from the middle east and north African desert (TMMOB, 2019).

Concerning the Kagithane, it is one of the most crowded counties of the Marmara
Region, where 448,025 inhabitants live on 14.52 km? (URL-3). This is increasing the
likelihood of high rates of anthropogenic emissions. In addition, the station is located
in a relatively low-elevation area (32 m AMSL). Low elevations could preserve low
wind speeds and prevent pollutants' dispersion (Cheng & Li, 2010). This was
supported by a previous study (Pu et al, 2011). Besides, the range of datasets (Max-
Min) is long for the three of the stations. This might be due to extreme events of
anthropogenic aerosols in the study area. These results are consistent with (Zeydan &
Wang, 2019). Contrarily, stations of Lapseki and KaraaZag are located in open coastal
regions and demographically non-crowded areas. This resulted in low mean values of

PM2.5 as well as short ranges of their data.

Trends of the meteorological variables were found different along the course of the
year in the Marmara Region. The temperature reaches its maximum in summer, while
winter was found cold and humid. Therefore, a large bias (RMSE™ = 48.40%) was
found in the temperature dataset. Contrarily, RMSE™ was found low (14.11%) for the
dataset of RH. Humidity is somewhat high (mean RH = 70%) and does not vary
significantly among the seasons. However, the lowest variation among the datasets of
meteorological variables was found in the SLP. The latter is affected by elevation
differences as well as humidity (Turgut & Usanmaz, 2016). Except for the Uludag
PM2.5 measuring station, the elevation is not varying significantly in the study area;

for nine of the stations, it ranged between 8 and 48 AMSL only (Table 2.3).

3.2.3 PM2.5 estimation model

The present study estimated PM2.5 dry mass concentrations for the Marmara Region
with respect to the period 2013-2017, using MODIS-derived AOD (550 nm),
meteorological variables obtained from the ECMWEF ERA-5, and PM2.5
measurements of the UHKIA/NAQMS ground stations. Linear correlation between
AOD and PM2.5 is found to be weak due to multiple reasons. Satellite AOD is a
columnar measurement that presents the integration of all aerosol’s light extinction,

while PM2.5 is measured on ground-level elevation (Ying Li et al, 2018). Besides,
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satellites’ sensors acquire AOD in ambient conditions (RH>40%). Microphysical
properties of aerosol and solar light scattering are affected by RH due to hygroscopic
growth by water uptake (Burgos et al, 2019; Zieger et al, 2011). However, ground
measurements of PM2.5 are obtained in dry conditions where RH is less than 40% (X.
Wang et al, 2019). These findings are in line with the estimation of PM2.5 by (Kumar
et al, 2007; Shao et al, 2017). Therefore, it is crucial to convert dry aerosol properties
into equivalent amounts at ambient RH (Yu et al, 2018; Zang et al, 2019).

PM2.5-A0D correlation is improved by converting satellite-derived AOD and ground-
measured PM2.5. By applying the non-linear f(RH) and the BLH corrections on the
PM,5-AOD correlation, it was found that the R? increased from 0.152 to 0.393. The
non-linear correction, based on extinction coefficient f(RH), is applied to convert
PM2.5 dry-mass measurements into the ambient state (Lianfa Li et al, 2017; Nabavi et
al, 2019). In addition, the relationship between AOD and PM2.5 is potentially
improved by the appropriate conversion of the column-integrated MODIS AOD to the
ground-level aerosol extinction coefficient using BLH (J. Li et al, 2015; Lianfa Li et
al, 2017). (Zang et al, 2019) stated that multiplying dry mass PM2.5 by f(RH) (AOD
~ PM2.5dry x f(RH)) improved R? from 0.56 to 0.65. Besides, these results are
consistent also with retrieving PM2.5 over the inlands by(Chew et al, 2016; Hoft &
Christopher, 2009; Nabavi et al, 2019). In the latter study over Tehran, R? of the PM2.5
-AQOD relationship reached 0.72 (Nabavi et al, 2019).

The relationship between satellite AOD and ground-measured PM2.5 is affected by
the meteorological conditions. Adding the meteorological variables (RH, BLH, SLP,
T, TP, and WS) somewhat improved the model of PM2.5 estimation; the overall R?
increased from 0.393 to 0.492. The relative humidity was found positively correlated,
and the strongest meteorological predictor increased R? of the correlation between
PM2.5 and AOD. This might be due to the increasing hygroscopic volume of aerosols
by water uptake of the atmospheric RH (J. Chen et al, 2014; Zieger et al, 2010). In
addition, the refractive index and particle size of aerosols are changed via hygroscopic
growth caused by RH (J. Chen et al, 2014; Covert et al, 1972). Therefore, excluding
matchups of extremely humid days (RH>90%) contributed by 9.07% to the overall R?
(Table 3.3). However, this stage caused a 4.4% reduction in data availability. These

results are in line with the PM2.5 prediction over North America by (Shinozuka et al,
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2007). They found that the PM2.5 is robustly correlated with AOD (R?= 0.77) after
removing 4% of the data with RH>90%.

In the comparison between meteorological variables, BLH was found strongly
negatively correlated (f < 0) with PM2.5. As the bulk of aerosols stay volatile within
the BLH, it represents the area available for dispersion and dilution of PM2.5 in the
atmosphere (Su et al, 2018; C. Wang et al, 2019). Vertical convection and turbulence
force within the BLH satisfy particulate pollutants' transport and mixing (Rost et al,
2009). Therefore, high turbulence and conviction in high BLH dilute and reduce
concentrations of PM2.5 (Petdjé et al, 2016). In addition, radiative forcing and cooling
effects of particulate pollutants, including PM2.5, can stifle the development of BLH
(Quetal, 2017). This negative relationship between BLH and PM2.5 is consistent with
previous studies by (Luan et al, 2018; Miao et al, 2019; Su et al, 2018).

In the same context, the meteorological variable of temperature was found significant
to the model and correlated negatively with the PM2.5. This might be due to vertical
convection caused by temperature (Lu et al, 2017). The air is elevated vertically by the
effects of heating, diffusing PM2.5 particles, and reducing their concentrations. Also,
burning fossil fuels for heating in low-temperature seasons, especially in the rural
areas, increases emissions of PM2.5 in the atmosphere. These findings are in line with
investigating the effects of temperature on PM2.5 concentrations by (Q. Ma et al, 2017,
C. Zhang et al, 2015). However, some previous studies presented a positive impact of
high temperature on increasing PM2.5 concentrations due to secondary-induced
aerosols formation and soil dust resuspension (Jun Li et al, 2013b; Kegler et al, 2001;

Vecchi et al, 2004).

The variable of resultant wind speed is found inversely strongly significant in the
model of PM2.5. The significance P of the WS was less than 0.001 for 11 out of 12
stations, and the B was -3.88. Wind disperses atmospheric particulate matter and
dilutes PM2.5 concentrations in areas where wind speeds are low Pu et al. (2011);
Jianhua Wang & Ogawa (2015), e.g., the Marmara Region (mean WS = 3.3 ms™').
Contrarily, high wind speeds transport particulate pollutants on a regional and
continental basis, thus increases PM2.5 concentrations. Aldabash et al. (2020) ;
Shaheen et al. (2020) stated somewhat that Turkey is affected by the long-range
transport of mineral dust from the Arabic and African Sahara. However, mineral dust

contributes to increasing the PM10 concentrations rather than PM2.5 (Al-Taani et al,
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2019; Vasilatou et al, 2017). These results are consistent with analyzing PM2.5 and
PM10 concentrations over Istanbul by (Capraz & Deniz, 2021).

Contrarily to the temperature, wind speed, and BLH, the total precipitation and sea
level pressure variables were found weakly significant to the model. The P-value was
found significant for only six and four stations for the SLP and TP, respectively.
Precipitation is not continuous in the present study area. The dataset of the TP contains
more than 40% of the no-rainfall days. Besides, elevation AMSL is not varying
significantly in the Marmara Region. Therefore, the SLP dataset did not include an

enormous variation to be detected by the model.

Filtering the number of available AODs collected by the pixel window(at least five
pixels) increased the R? from 0.493 to 0.528 in the fifth stage of the model. Correlation
of the PM2.5—-AQ0D relationship is improved by increasing the number of available
satellite AODs included in the collection window (30x30 km?) (Georgoulias et al,
2016). This enhances the representativity of the averaged daily MODIS AODs to the
atmospheric AOD. However, this stage caused a 2.2% decrease in the available
collocated PM2.5—-AOD daily matchups. Increasing the available area of AODs from
25x25 km? to 50x50 km? increased the correlation coefficient R from 0.78 to 0.83
(Georgoulias et al, 2016). These findings are in line with previous studies by (Chi et
al, 2020; Tong et al, 2020). The availability of AOD pixels in latter two study
decreased by 7% (R? increased from 0.61 to 0.72) and 9.4% (R? increased from 0.58
to 0.96) in the studies conducted by Chi et al. (2020) and Tong et al. (2020),

respectively.

Removing outliers in the sixth and seventh stages has contributed to 14.98% o the overall
R? of the model. Average daily values of PM2.5 less than five pg/m*® were considered
outliers. Since small PM2.5 concentrations are interactive values, it is hard to be estimated
by the model. Nabavi et al. (2019) found an increase in the model accuracy when 3% of
the daily matchups were excluded; PM2.5 values lower than the first quartile (Q1)). Since
aerosol microphysical properties are affected by the RH, RH's extreme daily values
(RH>90%) were also excluded from the model. Although this stage reduced 4.4% of the
available PM2.5-A0D collocated points, the R? increased to 0.602. Shinozuka et al.
(2007) found a high PM2.5-A0OD correlation after removing 4% of the data, including
RH>90%. This result is compatible with (Glantz et al, 2009; Nabavi et al, 2019).
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Adding temporal predictors significantly increased the model's accuracy. The
concentrations of PM2.5 variability are time-dependent. Therefore, factorize the
predicted values based on the month and season helped the model to detect temporal
variations of PM2.5 better. The concentrations of PM2.5 in the winter season are
driven significantly by anthropogenic emissions; however, climatology affects the
PM2.5 concentrations in summer. This leads to over-and underestimating PM2.5 in
winter and summer, respectively (Figure 3.8 and 3.9). Temporal predictors helped
effectively in constraining the estimations and reducing the bias of the model.
Temporal predictors were widely used to estimate PM2.5 using satellite AOD (Hu et al,
2017; Schneider et al, 2020; Stafoggia et al, 2020).

3.2.4 Spatiotemporal variability of PM2.5

In the time-series analysis of PM2.5, it was found that model-predicted PM2.5
underestimates ground-measured PM2.5 in the winter times. Both considering daily
and monthly averaging, RMB is 0.863 and 0.927, respectively. PM2.5 particles are
induced by anthropogenic activities, particularly heating, in the Marmara Regions
(HEAL, 2021). This underestimation is due to anthropogenic emissions, e.g., BC, OC,
SO4, and NO;, which were not included in the PM2.5 estimation model. Moreover,
the modeled PM2.5 concentrations cover the whole study area, while the ground
measuring stations cover only 12 sites. The spatial resolution of the ECMWF ERA-5
is substantially lower than MODIS AOD C6.1 (30x30 km? and 10x10 km?
respectively), which may contribute to the underestimation of the predicted PM2.5.
This is in line with previous studies by (Maciejewska, 2020; Parde et al, 2020). The
authors found that the PM2.5 is underestimated when increasing the pixel size of

MODIS AOD data.

Maps of monthly- and seasonal-average and time-series analysis agreed that the PM2.5
derived from both the estimation model and ground measuring stations is the highest
in winter and the lowest in summer over the Marmara Region. This finding may be
due to a variety of factors related to anthropogenic activities and meteorological
conditions. A reason for this is due to burning coal and fossil fuels for heating in the
winter season, especially in the rural areas of the region (HEAL, 2020; TMMOB,
2019). Moreover, low temperature in the winter season reduces mechanical vertical
convection and contribute to pollutants accumulation near to ground surface (Q. Ma et

al, 2017; C. Zhang et al, 2015). Boundary layer height is also lowered in winter, which
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reduces vertical mixing of particles and increases the concentrations of PM2.5. This
finding is consistent with the Spatiotemporal analysis of PM2.5 over the Marmara
Region conducted by (Kahya et al, 2017; Zeydan & Wang, 2019). Kahya et al. (2017)
only analysed the PM2.5 ground measurements over the Marmara Region. However,
their study did not include a PM2.5 maps for the region. In addition, Zeydan & Wang,
(2019) mapped the PM2.5 over the study area in the heating seasons. Whilst the other
three seasons, especially winter where the area witnesses high PM2.5 episodes, were

not included in their study.

High concentrations of PM2.5 were found along the Marmara Sea and Black Sea's
coastal lines in the winter season. This is due to the high AODs along the coast caused
by sea salt scattering (SSA) aerosols. Radiative forcing of SSS aerosols is larger than
anthropogenic aerosols radiative forcing (Vinoj & Satheesh, 2004). Therefore, high
values of AODs are detected by the MODIS sensor along the shorelines of the present
study area. High breaking waves activity in winter stimulates higher SSS aerosol
production (Clarke et al., 2003). Thus, the model predicted high concentrations of
PM2.5 along shorelines. These findings are supported by (Tao et al, 2014).

Furthermore, for the cities of Edirne, Bursa, and Kocaeli, concentrations of PM2.5
were found higher than in other cities of the Marmara Region. Concerning Edirne,
especially in winter, particulate pollutants are sourced from domestic heating, mining
works, and highway traffic (Giil & Yorulmaz, 2019). Networks of natural gas are not
widely established in many of Edirne’s areas, especially the rural zone such as Kesan
and Cerkezkdy. Particularly in winter, people in Kesan and Cerkezkdy burn low-
quality coal and fossil fuels intensively for domestic heating purposes. The annual
consumption of locally-produced and imported coal in Edirne is more than 35,000
tons/year (THEP, 2020). Lignite coal which includes a high percentage of sulfur is
burned intensively in Kesan and Cerkezkdy (Ozdemir & Boyraz, 2002). Besides, the
international and inter-cities D550 highway is passing from Edirne, increasing diesel
emission of PM2.5. Because of the anthropogenic emissions, Kesan is the most air

polluted area of Turkey (Ozsahin et al, 2016).

Despite being the most elevated Marmara Regions’ area (155 m AMSL), PM2.5
concentrations were found seriously high in Bursa city. In the comparison of monthly
and seasonal maps, it was found that PM2.5 concentration is high along the course of

the year in a part of Bursa city, particularly over the county of Inegdl. According to the
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2020 air quality report by Right of Clean Air Platform, “Bursa is the third air polluted
city in Turkey with respect to particulate pollutants (PM10 and PM2.5), and 68% of
its population breathe harmful air” (THHP, 2020). This is due to the anthropogenic
emissions from the industrial facilities located in Bursa and burning fossil fuels and
low-quality lignite coal, especially in Inegdl county (PALA, 2019). The industrial zone
emissions in Inegdl, especially the automobile industrial zone, and burning plastic

wastes contributed immensely to the PM2.5 pollution in Bursa (BBB, 2017).

Estimated concentrations of PM2.5 were found high in the Kocaeli city in the north-
east of the Marmara Region. Anthropogenic emissions of PM2.5 in Kocaeli are
divided into static and anthropogenic sources. The static sources are factories
emissions, residential areas, and mining activities. However, traffic load and highways
related emissions are considered dynamic sources (KCSIM, 2016). Vehicular
emissions of PM2.5 are significant in Kocaeli. The city contains the largest automobile
industrial zone in Turkey. In addition, with only 1.7 million inhabitants, more than one

million vehicles are registered in Kocaeli (Yilmaz et al, 2020).

Annual-mean maps of PM2.5 concentrations presented an apparent negative trend of
PM2.5 between 2013 and 2017. This might be due to increasing population
consciousness and establishing governmental policies for air quality control. Natural
gas subscriptions in rural areas of Bursa and Edirne, i.e., Kesan, Karaagag, and Inegél,
were facilitated, and governmental loans were provided. Besides, fines were assigned
toward illegal commerce of low-quality coal, especially in Edirne. Since 2013, more
than 60 air quality monitoring stations were fixed in the Marmara Region; According
to Edirne city's Environment and Urbanization Administration, Edirne's air quality
became harmonious with the EU legalizations of air quality since 01.01.2019 (THEP,
2020).

3.2.5 EU standards of PM2.5

As a country seeking to join the European Union (EU), Turkey is trying to fulfill air
quality standards specified by the EU. European Environment Agency (EEA), the
EUs’ organization concerned by the air quality standards, has established a maximum
annual-average limit of PM2.5 in the “Directive 2005/50/EC” as 25 pg/m? (European
Commission, 2005). We have generalized the latter value on both annual- and

seasonal-average of PM2.5. It was found that the exceedance for the EUs’ limit
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occurred apparently in the Edirne and Bursa with respect to the period 2013-2016. This
is due to the excessive emitting of heating- and industrial-induced anthropogenic
aerosols in these cities, especially in winter (section 3.2.4). However, the exceedance
area declined by approaching 2017. In 2017, the annual-average PM2.5 over the whole
Marmara Region was almost lower than the EUs’limit ( 25 pg/m?). This might indicate
the effectiveness of the established regulations aimed to control air quality in the

Marmara Region.

Despite the small annual-average exceedance found, an extensive exceedance
coverage area was found in the seasonal-average exceedance maps. In winter, more
than 70% of the PM2.5 concentrations were found higher than the EUs’limit of PM2.5.
However, all the PM2.5 concentrations of the area are almost less than the EUs’ limit
in summer. These findings indicate how burning coal and fossil fuel in winter increases
the PM2.5 concentrations in the region. According to the average-seasonal results, the
emissions of PM2.5 in the Marmara Region are concentrated in the winter season.
However, emissions in the rest three seasons are very low. Besides, the PM2.5
concentrations are lower than the EUs’ limit for more than 90% of the Marmara
Region. Furthermore, this may be due to the weak vertical convection related to low
temperatures in winter that contribute immensely to accumulate PM2.5 over the region

(section 3.2.3).

3.2.6 Validation of PM2.5 estimation model

The present model estimated the concentrations of PM2.5 for the Marmara Region
during 2013-2017 using MODIS-derived AOD and ground-measured PM2.5.
Seasonal and annual variations were found in ground-level PM2.5. Therefore,
estimated concentrations of PM2.5 were validated against ground-measured PM2.5
using Leave-One-Out Cross-Validation (CV) with respect to the seasons and years
included in the study period (J. W. Xu et al, 2015). The availability in daily matchups
for the CV in winter was found lower than in other seasons. This is due to the cloud
conditions and hazy days that reduce MODIS AOD pixels' availability in winter (Che
et al, 2019; F. Mao et al, 2015). Also, the bias for the CV in winter was found more
considerable than any other season. The humidity-induced hygroscopic growth in
winter is substantially higher than in other seasons, which changes the aerosol

microphysical properties (AOD) by water uptake (Burgos et al, 2019; Zieger et al,

75



2011). These results are compatible with the previous studies by (Chang, 2019; Kuang
et al, 2016).

On the other hand, the bias values of RMSE™, MAE, and RMSE of the Leave-Year-
Out CV were found apparently larger than the ones in the Leave-Season-Out CV. One
reason for this finding might be due to similarity in the daily matchups' microphysical
properties in the one season. However, different meteorological and microphysical
conditions affect aerosols over one year (Molero et al, 2020; Sreekanth et al, 2019).
Since the months of (Jan/Feb 2013) and (Nov/Dec 2017) are missing from the PM2.5
ground measurements dataset, their CVs’ numbers of collocated points (N) are less
than of the other three years CV. However, it was found that the agreement to the 1:1
line is similar for the period 20132016, while it is lower for 2017. Combining all the
daily matchups into one scatterplot improved the agreement to the 1:1 line and
decreased bias. However, high values of PM2.5 were found underestimated in the
overall CV. Finally, the values of R? and RMSE™ indicated the model robustness to

estimate the ground-level PM2.5 over the Marmara Region.
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4. CONCLUSIONS

4.1 Conclusions

The number of available daily AODs obtained from a single platform increased from
30% to 34%, over the three AERONET sites, by combining MODIS Aqua and Terra
outcomes. For MODIS, the availability of days included in the seasonal averaging
ranged between 51% and 58% for winter and summer, respectively. In contrast, with
respect to month, the values ranged between 92% for August and 44% for January. It
was found in the comparison between MODIS and AERONET that the highest R? and
lowest bias (RMSD™/MAE) are in the MODIS/MERRA-2 combined datasets.
MODIS AOD is more consistent with AERONET than MERRA-2, which can be
interpreted from the higher R? and lower bias values. The three of the platforms
detected an apparent annual variation in AOD. In comparison with AERONET,
MODIS AOD overestimates, and MERRA-2 underestimates AERONET. In addition,
fewer days with extreme events (24%) were detected by MERRA-2 than by MODIS
(55%). Furthermore, based on the statistical results, there is an apparent relationship

between relative humidity and the accuracy of MODIS and MERRA-2 AOD.

Although the Marmara Region is a medium-range study area with nonsignificant
variation in elevation, there is high variability in measured PM2.5 among the ground-
stations. Ground-stations measurements of PM2.5 were found high and low in winter
and summer, respectively. The five-years (2013-2017) average of the ground-
measured PM2.5 is 21.18 pg/m3, below the EUs’ annual limit of PM2.5 (25 ug/m?>).
Besides, the meteorological variables of SLP and TP tend to be weakly variable in the
study area. However, apparent seasonal variations were found in the meteorology of
T, RH, and BLH. The latter meteorological variables are more significant (less P-

value) to the PM2.5 estimation model than the SLP and TP.

Despite strong linear relationships between PM2.5 and satellite AOD were found for
other study areas, extremely low R? was found in the PM2.5-AOD linear correlation

for the Marmara Region. Hygroscopic growth by RH and vertical distribution of
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aerosols lower the R? of the PM2.5-AOD linear correlation. R? of the PM2.5-A0D
relationship increases significantly after the corrections of PM2.5 and MODIS AOD
using the nonlinear extinction coefficient f(RH) and BLH, respectively. Adding the
meteorological conditions as a mixed additive model improves the consistency
between the corrected PM2.5 and MODIS AOD, which means that the meteorology
has a significant effect on the PM2.5 variability in the present study area. Excluding
outliers represented by the extreme episodes of RH and small values of PM2.5
enhanced the model predictability, which means higher R? and lower RMSE™/MAE.
Furthermore, the increasing number of collected AOD pixels in the spatial window
enhances the model statistics (R? and RMSE) due to the increasing representativity of

collected daily MODIS AODs.

Meteorological variables datasets of the ECMWEF ERA-5 are temporally and spatially
continual. However, comparing to MODIS C6.1 AOD scenes, low spatial resolution
(30x30 km?) of the ERA-5 meteorological products contributed to models’
underestimation of high PM2.5 values. MODIS AOD dataset involved more than 55%
of missing pixels over the present study area. Availability of AOD pixels ranged
between 33% and 66% for winter and summer, respectively. Low MODIS daily AODs
in winter reduced representativity of AOD; thus, contributed to an underestimation of
PM2.5. Locally emitted anthropogenic emissions increase the concentrations of PM2.5
in the Marmara Region. There is a clear seasonal and annual variation in PM2.5 over
the study area. Seasonal model validation in winter is associated with the highest bias
(RMSE™/MAE) because of the RH hygroscopic effects. However, the bias of the

annual validation was found higher than in the seasonal validation.

The absence of anthropogenic variables from the model as well as the relatively low
spatial resolution of ERA-5, made the model underestimate ground measured PM2.5,
especially in winter. Burning coal and fossil fuels for heating in the Marmara Region
elevates PM2.5 concentrations in the aforementioned season. Intensive burning of
low-quality fuels and industrial activities increases the concentrations of PM2.5
apparently in the cities of Edirne, Bursa, and Kocaeli. In most of the present study
area, the concentrations of PM2.5 are seriously exceeding the EUs’ limit in winter.
However, for the other three seasons, seasonal-average PM2.5 is not exceeding EUs’
limit for more than 90% of the Marmara Region. Although the study period covers

only five years, average-annual concentrations of PM2.5 exhibited a negative trend,
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both in the model-estimated and ground-measured PM2.5. Finally, MODIS C6.1 AOD

and ERA-5 meteorology were effectively utilized to estimate PM2.5 dry mass

concentrations over the Marmara Region.

4.2 Recommendations

The research estimated dry-mass concentrations of PM2.5 on ground-level for the

Marmara Region using MODIS C6.1 AOD and meteorological datasets of ECMWF

ERA-5. During conducting the research stages, the researcher identified a variety of

areas for interests, and recommendations are summarized as follows:

1.

Datasets of MODIS AOD include a high percentage of missing pixels due to
cloud cover, especially in winter. More research is needed to fill the gaps of
AOD pixels to increase AODs’ availability.

Particulate pollution, especially PM2.5, derives severe health disorders for
humans as well as environmental problems. Therefore, more researches are
needed to quantify and monitor PM2.5 pollutants for Turkey.

Concentrations of PM2.5 are in a complicated nonlinear relationship with
meteorological conditions and anthropogenic activities. Machine learning
approaches are needed to be utilized to clarify how PM2.5 is affected by every
predictor.

Variation of land use and land cover of every geographic zone changes the
spatiotemporal variability of PM2.5. Thus, enlarging the networks of ground-
measuring stations can provide accurate quantitative data about PM2.5
pollution.

The UHKIA/NAQMS ground measuring stations of PM2.5 was established for
the Marmara Region in 2013. However, no available ground measurements of
PM2.5 before 2013. Based on historical land use and meteorological data,
methods to assimilate historical datasets of PM2.5 concentrations for Turkey
are needed to be conducted.

Aerosols' microphysical properties, i.e., hygroscopic growth, size distribution,
and extinction coefficient, are different among climatic zones. We do
recommend studying the physical and chemical characteristics of atmospheric

aerosols in multiple climatic zones in Turkey.
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7. The field of atmospheric aerosols in Turkey is in deficit need of more research
to improve our understanding of the atmosphere. Therefore, it is recommended
to establish multi-national research teams concerned with the studies of
atmospheric aerosols.

8. Mapping and analyzing atmospheric aerosols involves a wide range of
uncertainties. Uncertainty in the present study was found in the stages of
MODIS AOD validation, modeling PM2.5, and mapping the dry mass
concentrations. Uncertainties due to hygroscopic effects of humidity, surface

complexity, and columnar paramters should be quantifies.
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Appendix A

Table A.1: Daily mean AOD for values considered as extreme aerosol events
(AOD>=0.5). The numbers 0 and 1 reveal as the extreme event was detected by the
MODIS and MERRA-2 or not, respectively.

Station (I) ATHENS-NOA

AERONET MODIS MERRA-2 MODIS C6.1 MERRA-2
0.722 0.841 0.552 1 1
0.621 0.632 0.228 1 0
1.210 1.171 1.107 1 1
0.810 0.707 0.167 1 0
0.575 0.591 0.422 1 0
0.694 0.833 0.549 1 1
0.532 0.676 0.264 0 0
0.607 0.592 0.614 1 1

Number of extreme events with respect to AERONET (in %) 88 50

Station (II) METU-ERDEMLI

0.527 0.295 0.255 0 0
0.672 0.703 0.271 1 0
0.860 0.891 0.372 1 0
0.657 0.354 0.292 0 0
0.658 0.707 0.456 1 0
0.681 0.201 0.712 0 1
0.501 0.447 0.331 0 0
0.515 0.443 0.338 0 0
0.525 0.616 0.307 1 0
0.604 0.317 0.211 0 0
0.644 0.439 0.252 0 0
0.531 0.282 0.170 0 0
0.521 0.445 0.131 0 0
0.530 0.336 0.282 0 0
0.510 0.177 0.161 0 0
0.536 0.324 0.312 0 0
0.507 0.495 0.245 0 0
0.514 0.508 0.315 1 0
0.567 0.388 0.280 0 0
0.527 0.295 0.255 0 0

Number of extreme events with respect to AERONET (in %) 25 10

Station (I1I) CUT-TEPAK

0.613 0.607 0.292 1 0
0.684 0.687 0.506 1 0
0.512 0.521 0.416 1 1
0.977 0.979 0.721 1 0
0.768 0.700 0.936 1 0
0.642 0.692 0.505 1 1
0.529 0.400 0.280 0 0

Number of extreme events with respect to AERONET (in %) 86 29
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Table A.2: Descriptive statistics of the used parameters according to the season for
the Marmara Region during 2013-2017. Parameters were daily averaged as in Table

3.2.
Parameter Mean  Median  Min.? Max.b STD®  RMSE™¢  Confidence Interval
5% 95%
Winter
PM2.5 (ug/m?) 28.765 27.290 6.544 68.079 13.194 45.87 1.407 0.045
AOD 550 0.160 0.132 0.013 1.277 0.116 72.50 0.015 0.000
BLH (m) 470.742 405.434 23.209 1381.518 317.614 67.47 33.860 1.083
RH (%) 75.331 75.648  44.086 93.049 8.928 11.85 0.952 0.030
SLP (mbar) 1.016 1.016 0.995 1.037 0.007 0.69 0.00073  2.33E-05
T (C°) 5.944 6.038 -4.421 17.351 4.029 67.78 0.430 0.014
TP(mm) 0.476 0.083 0.000 5.942 0.944 198.32 0.101 0.003
WS (ms™) 3.665 3.342 0.859 12.534 1.858 50.70 0.198 0.006
Spring
PM2.5 (ug/m?) 21.528 20.370 8.880 54.526 7.821 36.33 0.719 0.023
AQOD 550 0.251 0.216 0.042 1.396 0.162 64.54 0.016 0.001
BLH (m) 412.309 379.327 20.682 1482.508 268.395 65.10 24.661 0.789
RH (%) 68.055 68.060  43.020 95.000 10.523 15.46 0.967 0.031
SLP (mbar) 1.020 1.021 0.995 1.039 0.007 0.69 0.00065  2.08E-05
T (C°) 13.364 13.349 3.307 24.592 4.516 33.79 0.415 0.013
TP(mm) 0.445 0.108 0.000 4.983 0.718 161.35 0.066 0.002
WS (ms™) 2.839 2.683 0.568 8.180 1.369 48.22 0.126 0.004
Summer
PM2.5 (ug/m?) 15.543 14.978 6.069 32.932 4.383 28.20 0.405 0.013
AOD 550 0.252 0.234 0.047 0.696 0.114 45.24 0.011 0.000
BLH (m) 497358 510.447 32347 1319.747 254.672 51.20 23.530 0.753
RH (%) 66.899 67.328  43.866 89.325 7.708 11.52 0.712 0.023
SLP (mbar) 1.015 1.014 0.999 1.033 0.006 0.59 0.00053 1.69E-05
T (C°) 23.715 24.168  16.500 28.571 2.334 9.84 0.216 0.007
TP(mm) 0.338 0.092 0.000 3.742 0.585 173.08 0.054 0.002
WS (ms™) 3.330 3.347 0.276 7.072 1.439 43.21 0.133 0.004
Autumn
PM2.5 (pug/m?) 20.769 17.317 6.924 70.027 10.613 51.10 0.967 0.031
AOD 550 0.194 0.167 0.023 0.733 0.110 56.70 0.011 0.000
BLH (m) 647.372 664.604 82.486 1530.021 269.869 41.69 24.582 0.786
RH (%) 71.323 71.710  47.708 95.731 10.017 14.04 0.912 0.029
SLP (mbar) 1.013 1.013 1.000 1.031 0.004 0.39 0.00041 1.30E-05
T (C°) 15.826 15.740 2.337 27.115 5.313 33.57 0.484 0.015
TP(mm) 0.198 0.008 0.000 3.083 0.435 219.70 0.040 0.001
WS (ms™) 3.169 2.961 0.612 9.342 1.516 47.84 0.138 0.004
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Table A.3: Summary of the utilized datasets in the study.

Variable Unit Temporal Resolution Spatial Resolution Source
AOD550 nm  Unitless 1 day 10 km MODIS Ceé.1
AOD550 nm  Unitless 1 hour 50 x 62.5 km MERRA-2
AOD440 nm Unitless 15 minutes Point Data N/A AERONET
AE440-675 Unitless 15 minutes Point Data N/A AERONET

PM2.5 ug/m? 1 hour Point Data N/A UHKIA
RH % 1 hour 30 x 30 km ECMWF ERA-5
BLH meter 1 hour 30 x 30 km ECMWF ERA-5
SLP mbar 1 hour 30 x 30 km ECMWF ERA-5
T (O 1 hour 30 x 30 km ECMWF ERA-5
TP mm 1 hour 30 x 30 km ECMWF ERA-5
VWS ms! 1 hour 30 x 30 km ECMWF ERA-5
HWS ms! 1 hour 30 x 30 km ECMWF ERA-5
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Appendix B
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Figure B.1: Maps of estimated monthly average PM2.5 concentrations for the
Marmara region during 2013.
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Figure B.2: Maps of estimated monthly average PM2.5 concentrations for the
Marmara region during 2014.
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Figure B.3: Maps of estimated monthly average PM2.5 concentrations for the
Marmara region during 2015.
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Figure B.4: Maps of estimated monthly average PM2.5 concentrations for the
Marmara region during 2016.
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Figure B.5: Maps of estimated monthly average PM2.5 concentrations for the
Marmara region during 2017.
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Figure B.6: Locations of the PM2.5 ground stations and cities of the Marmara
Region with respect to the LULC of the Marmara Region. LUCL data were obtained

from (URL-10).
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