
Estimation of Ground Level
PM2.s Concentration Using
Aerosol Optical Thickness
from Modis Images in
Peninsular Malaysia

Khaled Ali Ahmed Ben Youssef



UNIVERSITIPUTRA MALAYSIA

11111. ii4.11".,1

ESTI MAT ION OF G ROUN D LEVEL P~h.5 CONCENT RATION USING
AEROSOL OPTICAL T HICKNESS FROM MODIS IM AG ES IN

PENI NSULAR MALAYSIA

By

KH ALED ALI AHM ED BEN YO USSEF

T hes is Submitted to the Schoo l of Graduate Studies, Universiti Putra M alaysia,
in Fulfilme nt of th e Requir ements for the Degree of Doctor of Philosophy

October 2019



COPYRIG HT

All materi al contained w ithin the thesis, including witho ut limitat ion text, logos, icon s,
photographs, and all o ther artwork, is copyright mat erial o f Univers iti Putra Ma laysia
unless otherw ise stated. Use may be made of any material co ntai ned within the thesis
for non- commercial purpo ses from the co pyright hold er. Co mmerc ial use of mate ria l
may only be made with the exp ress , prior, wr itten permissio n of Universiti Putra
Malaysia.

Copyr ight © Unive rs it i Pu tra Mala ys ia



Abstrac t of thes is present ed to the Senate ofUnive rsiti Putra Mala ys ia in fu lfilme nt
of the require me nt for the degree of Doctor of Ph ilosoph y

ESTIMATION OF GROUND LEVEL PMz.5 CONCENTRATION SING
AE ROSOL OPTI CAL T HIC KNESS FROM MO DIS IMAG ES IN

PENI NS LA R MALA YS IA

By

KIIAL ED ALI A HME D BEN YO USSEF

October 20 19

Chairman
Faculty

Professor Ahmad Makmorn, PhD
Environmental Studies

Fine part icul at e matt er is par ticul at e matt er lower in dia meter than 2.5 urn (PM2.5). It
affects the public health. economic development, and the region al clima te .
Governments wo rldw ide have been co nce rne d abo ut the leve ls of the PM 25 in the
a tmosphe re and long ago began monito ring their leve ls continuo us ly usi ng air qual ity
monito ring sta tions. The Ma lays ian governme nt invested much in bu ilding ground
monitoring stations. Most of these stations have been located in urban areas. In this
co ntext . use of remote sens ing (RS) tec hniques and the geographic informat ion system
(G IS) in est ima ting the leve ls of the ambie nt PM 2.5 become more wides pread. T he
Mod erate Reso lut ion Imaging Spectroradio meter (MOD IS) Aeroso l Optical thickness
(AOT) product of the Te rra Sa te llite can be use d to esti ma te the PM 2.5 levels wi th an
acc uracy that dep end s on the sta tistica l re latio ns hip between PM 2.5 and AOT. T his
study aimed at es tima ting the PM 2.5 mass co nce nt ratio n in Pen insul ar Malaysia by
link ing the MOD IS se nso r da ta with the measured PM 2.5 co nce nt ra tions and
meteorological parameters in the yea r 20 13. T he first object ive o f thi s study was to
va lidate MOD IS- AO T retri evals with gro und AE RONET AOT data afte r extract ing
the AOT fro m MODI S images. The second objective of the st udy was to co rre late the
gro und PM 2.5 leve ls w ith the va lida ted MODI S AOT after ident ifying the spa tia l and
temporal AOT distribut ion s by usi ng Multiple Linear Regressio n Ana lysis (MLRA)
and Geographica lly- We ight ed Regressio n models (GWRM s) for Peninsular Malays ia.
T he third objec t ive of the study was to accurate ly evaluate the accuracy of estimates
of the relationship between the PM 2.5 levels and the corresponding MODIS AOT dat a
in different pixel size gro ups. The geog raphic domain o f thi s study was Peninsu lar
Ma laysia. which has an area of about 13 1.598 km ", covering 40 % of the lan d area of
Malaysia and hosting approximatel y 80% of its population and economic ac tivities.
The methodology of the stu dy co nsisted o f threc stages. First. the val ues of AOT were
extracted fro m MODI S images and the AOT retrieva ls we re va lidated with ground
AE RONET- AOT data . Second, the M LRA and GWR mod el ing were attempted to



spa tia lly and temporall y co rre late the reported gro und PM 2.5 levels and met eo rolog ical
da ta with the val ida ted MODI S AOT data a fte r identification of the spa tial and
temporal AOT distribution s in Pen insular Mal aysia in the yea r 2013 . S ubse que ntly, a
co mpa rison of strengt hs and weaknesses was held between the va rio us ge ne rated
mod e ls. Las t ly, an assessment of the acc uracy of PM2.5 es timation has been co nducted
on the MODI S spat ial mod els.

The results showed that the MO DIS AOT retr ievals have a good correlation wit h the
gro und observat ions de rived from AERONET as indicated by the va lue s of the
coeffic ient of determinat ion (RC

) for the linear reg ressio n models. whic h we re 0.87
and 0.78 for the dail y ave rage and the hourl y average (± 30 min ) data, resp ecti vel y.
The map of distr ibut ion of AOT indicated that the AOT co nce ntrated in the weste rn
coast of Pen insul ar Ma laysia . Mostly, the spa tia l and tempora l AOT values in the
so uthwes t monsoon were higher than in the northeast mon soon throu ghout the study
period. T he MLR A and G W RM both gave a lmost identical es tima tes of the PM 2.5
co nce ntra tio ns . The ana lysis outco mes revea led tha t the RC va lue for the hourly PM 2.5
regression model (0.66) wa s higher than that for the da ily PM2.5 (RC = 0.53).
Co mpa riso n wi th the literat ure uncovers that resul ts of es timat ion of PM2.5 using AOT
fr om MO DI S for Peninsul ar Ma laysia are simi lar to the results ofot he r stud ies in other
parts of the wo rld . Furt hermore, assessme nt of the accuracies of the hourly and da ily
es timates of PM 25 disc losed that the 5 x 5 pixe l size model had the lowest va lues of
the mean -squared error (MSE), root mean -squared erro r ( RMSE), and relat ive root
mean-squar ed error (rRMSE). The relati vel y low error va lues ass oc iate d with the 5 x
5 pixel size mod el ind icate the acc uracy o f this mo de l in Pen insular Malaysia .
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Za rah terampai halus ada lah zarah terampai berd iameter kurang daripada 2.5 urn
(PI'vb. s). la memberi kesan kcpada kesih atan awam, pembangunan ekonomi, dan iklim
kawasan. Kerajaan-kerajaan dunia amat mementingkan tahap PM 2.S dalam atmos fera
dan telah mengawasi tahapnya secara berterusan melalu i stes en pengaw asan kualit i
udara . Kerajaan Malaysia tclah menyalurkan peruntukan ya ng tinggi untuk membina
stesen pemantauan atas tanah ini . Keban yakan stese n ini berada di kawasan bandar.
Dalam kontek s ini, penggunaan teknik penderi aan jauh (RS) dan Sistem Maklumat
Gc og ra fi (G IS) untuk mcn ganggar tahap ambien PM 25 semakin meluas. Produk
Ket ebalan Optik Aeroso l (AOT) Spe ktro radiome ter Pen gimejan Resolusi Sederhana
(MO DIS) darip ad a Sa tel it Terra boleh digunakan untuk men gangg ar tahap Plvlz.s
dcngan ketep atan ya ng bergantung kepad a hubungan sta tistik PM 2.Sdan AOT. Kajian
ini bcrtujuan untuk mcn ganggar kepekatan j isim PM2.S di Semenanjung Malaysia
mcla lui hubungan diantara dat a sensor MODIS dcngan kcpckatan PM2.S yang telah
diukur dan pa ramet er me terologi bagi tah un 201 3. Objektif pcrtama kaj ian adala h
men gesah kan dapatan AOT-MO DIS den gan data AOT AERONET selcpas
mengek st rak AOT dar ipada imej MODI S. Objcktif kedua kajian ada lah
mcn gkorc lasikan tahap PM2.5 paras bumi dcngan AOT-MO DIS yang telah disahkan
se lcpas men gen al pasti tabura n rua ngan dan masa AO T men ggunakan Anali sis
Regresi Linea r Berbilang (ML RA) dan Model Regresi berpcmberat Geografi
(GW RMs) untuk Scme nanjung Malaysia . Objektif ke tiga kajian adalah menilai
ket ep atan angg aran hubungan antara tahap PM 2.S dan data AO T-MODIS yang
bcrkait an untuk kumpu lan saiz p iksel berbeza. Domain geogra fi kaj ian ini ada lah
Se mena njung Mal aysia yang mempunyai kawasan se luas 131 ,598 krrr' , meran gkum i
40% kawasan tanah Malaysia dan kira-kira 80% populasi dan aktiviti ekonomi negara,
Metod ologi kajian terd iri da ripa da tiga fasa. Pertama, nila i AOT yang diesktrak
daripada imej MODIS dan dapatan AOT disahkan den gan data AOT AERO ET
bumi. Kedua, pemodelan MLRA dan GWR d ij alankan untuk mernbina korela si
ruang an dan masa antara tahap PM 2.5 paras bumi dan data metcrologi yang dilaporkan
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dengan data AOT-MODIS yang disahkan selepasa taburan ruangan dan masa AOT di
Semenanjung Malaysia bagi tahun 2013 dikenal pasti . Selepas itu, kekuatan dan
kelemahan model-model yang dibangunkan dibandingkan. Akhirnya, ketepatan
model ruangan MODIS dalarn mengaggar PM 25 dinilai.

Keputusan menunjukkan bahawa dapatan AOT-MODIS mempunyai korelasi baik
dengan pemerhatian paras-bumi yang diambil daripada AERONET seperti yang
ditunjukkan oleh nilai pekali penentuan (RY) untuk model regresi linear iaitu 0.R7 dan
O.n untuk purata data harian dan purata data setiapjam (± 30 min) masing-masing.
Peta taburan AOT menunjukkan bahawa AOT tertumpu di kawasan pinggir laut Barat
Semenanjung Malaysia. Nilai ruangan dan masa AOT kebanyakannya lebih tinggi
semasa musim Monsun Barat Daya berbanding Monsun Timur Laut sepanjang
tempoh kajian. Kedua-dua MLRA dan GWRM memberikan anggaran kepekatan
PM2.5 yang hampir serupa. Keputusan anal isis menunjukkan bahawa nilai R" untuk
mode l regresi PM2.5 setiap jam (0 .66) adalah lebih tinggi daripada model regresi PM 2.5
data harian (R" = 0.53). Perbandingan dengan literatur menunjukkan bahawa
keputusan anggaran PM2 .5 menggunakan AOT daripada MODIS untuk Semenanjung
Malaysia adalah lebih kurang sama dengan keputusan kajian yang dijalankan di
kawasan-kawasan lain di dunia . Selain itu. penilaian ketepatan anggaran PM 2.5 harian
dan setiap jam menunjukkan bahawa model saiz piksel 5 x 5 mempunyai ralat min
kuasa dua (MSE) dan ralat min punea kuasa dua (rRMSE) yang paling rendah. Nilai
ralat yang rendah yang dikaitkan dengan model piksel bersaiz 5 x 5 menunjukkan
ketepatan model untuk Semenanjung Malaysia yang dibangunkan dalam kajian ini.
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CHAPTER I

INTROD UCTION

1.1 Background of the Study

Evaluation of the air quality is a topical issue in atmospheric studies. Deterioration of
local. regional. and globe air quality depends on the aerosol concentration in the
atmosphere. The main pollutants of the air encircle particulate matter (Plvl), carbon
monoxide. nitrogen oxides. sulphur oxides. and the ground level ozone. The Global
Burden of Disease (GBD) project of the World Health Organization (WHO) ascribed
more than 3.2 million premature deaths worldwide in 20 I0 to the ambient Pl\1
pollution. Moreover, in 20 10. the ambient PM pollution ranked fourth in the list of
health risk factors in East Asia (Gao et al., 20 15) On the other hand. most of the
countries in Asia have experienced fast economic development during the past decade.
The increased urbanization. industrialization. and use of vehicles in cities in these
countries. in addition to the trans-boundary haze pollution and the Asian dust
phenomenon. have contributed to the rise in the concentrations of PM in Asian cities
(Engel-Cox et al., 2004 ; Liu et al., 2017 ; Tahir et al., 2013).

In general. the coarse particles comprise alumino silicates and oxides of crystal
elements and the principal sources of these particles encompass dust originating from
the industry. roads. construction operations and material. agricultural activities. and
construction. On other hand. the lin e particulate matter (Plvlz.s), also known as the
respirable ,Particulate material. is usually related to anthropogenic pollution (Mao et
al.. 20 17).{The Pl\tb .5 consists of varying amounts of nitrate. sulfate. and ammonium
ions; water; organic compounds; elemental carbon. and small amounts of trace
elements and soil dust. For comparison purposes. while the coarse-mode particles have
an atmospheric half-life of minutes to hours. the half-life of Plvlz.s ranges from days
to weeks. Furthermore, the PM2.5can travel hundreds to thousands of kilometers while
the coarse particles can only travel one kilometer to tens of kilometers (Wilson and
Suh , 1997))

( The increase in the atmospheric levels of PMn has serious negative effects on the
weather and contributes to climate change. besides negatively impacting public health
and economic development. Effects of the Pl\tb .5on climate change can be classified
into direct and indirect effects . The direct effects include interactions of Pl\tb .5 with
radiation. such as absorption and scattering of the solar radiation and terrestrial surface
radiation. which influence temperature and the radiation budget balance (Wang. 2003 ;)
Xin et al., 20 14). The indirect effects ofPlvl z.sare mainly embodied in its influence on
the density and chemical composition of the atmosphere. which. in turn. influence the
climate. The indirect effects of Pl\1z,salso include altering the characteristics of clouds.
and even the precipitation. since the formation of clouds depends on the atmospheric
composition and dynamics. among other factors (Yu et al., 20 15).



Du e to their very small sizes, the pM2.5 ca n be deep ly breathed and they find their way
to the lungs fro m whic h they never go out (Su n et al., 2015) . The WH O esti ma tes tha t
exposure to the outdoor air poll ution in 2012 led to 3 .7 million premature dea ths (Ford
and Heald , 2016) . From a global perspective, As ia consists of cou ntries with high
popul at ion densities and a multitude of hig hly-polluted areas. For instance, it was
reported that the levels of PI\'hs in India are five times hig her than the corresponding
W HO sta ndards (Figure 1.1).j
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Fig u re 1.1 : Global Distribution of the Pl\h 5C oncent r a t ion ('lg/m J ) in Different
C ont inen ts : (a) No r th A mer ica; (b) Sou th A merica; (c) Euro pe; (d) Asia; and (e )
A fr ica. Source : (M uk herjee and Agrawal , 2017)

Ma ny epi dem iolog ica l stu dies have shown tha t a rise in the ris k of mort ality fro m lung
cancer and cardiovascular and respiratory diseases is associated with sho rt- , and lon g­
term ex posure to Plvl z.s, wi th the underl ying presumption that causa l rela tion ex ists
be twe en health outco mes and PM (A urela et al ., 20 15; Cha ng qing Lin et a!., 201 6;
Wang et al., 20 16). Besides its effect on human health and climate cha nge , the pl\tb .5
also res ults in econo mic losses . For examp le, the World Ban k (2007) es tima ted the
health cost of the urban PM pollution in China in 2003 at 157 bi llion Chinese Yu an
by use of an adjusted human ca pita l approach and at 520 billion C hinese Yuan by use
of the va lue of the statistical life meth od (Kan et al ., 2009). In Malaysia, th e
co nce ntratio n of the pM 25 increase s dur ing the haze. As an example , the high est 24-h
average pM 2.5 co ncentra tio n was I36 ug/rn:' du ring the haze episode of 20 15. Fo r
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compari son purposes, the corre spondin g concentration during non-haze times ranges
from 14.3 ug /rn:' to 24 .5 ug/m:' (Latif et al., 2018). )

So far, only few studies have examined the health effects of aerosols in Malaysia . The
few available studies mainly concentrated on the health impacts of the aerosol s during
the haze crisi s of the year 1997. Those studies found eviden ce on positive relation
between number of the cases of diseases like conjun ctivitis, asthma , and the upper
respiratory tract infections and the Air Pollution Index (API) . The high health damage
cost, which was estimated at approximately RM 129 million , was associated with the
long duration of the 1997 haze episode (Kanni ah et al., 20 16).

Complaints about air pollution, which have been raised since I3lh century when coal
was first used in London (Bell and Davis, 200 I), urged and pushed governments and
public organizations to pay more attention than before to air pollution and, in
consequence, relevant policies and standards were formulat ed. In the Air Quality
Guidelines of the WHO, the yearly and daily (24 h) standards for Plvlz.s were set at 10
ug/m' and 25 ug/m:', respecti vely (Organization , 2006) This guideline is widely used
by decision makers across the world as a referen ce for setting air quality management
goals and standards (Consultati on, 20 18).

In general, the ground-based air quality monitoring data arc considered as accurate
measurements of air quality. However, they usually repre sent the PM concentrations
in relatively small reg ions (Sorek-Hamer et al., 2013). In addition , the number of
ground station s is often limited and those stations are quite often sparse and
unbal anced . This makes continual spatial monitoring of air quali ty difficult (Hu et al.,
2013) . Apart from spatial coverage and resolution, temporal coverage of the ground ­
level PM monit oring stations, whic h depend s on the operation period and functionality
of the instruments, varies highly (Karimian et al., 201 6). Further, construction and
mainten ance of the ground stations are costly and time-, and labor-consuming.

In other respects , and in view of the drawbacks of ground monito ring of PM over vast
areas , the remote sensing (RS) technol ogy is the most important alternati ve for
continuous explorati on of PM over large areas (Kuma r et al., 2008) . This technology
has various advantages . First, the images derived from the satellites can provide
general and thorou gh information on air quality anywhere in the world (Chu et al.,
2003) . Seco nd, the satellites provide an opportunity for acquirin g global air quality
data . Henc e, they make it possible to discover the sources of the urban air pollutants
and eve n global transport of those pollutants (Gupta et al., 2006) . Furthermore, the RS
technology corresponds to a low cost alternative for air quality monitoring for the
developing countries which suffer from severe air pollut ion and yet lack ground-level
monit oring stations. In this respect, previous studies reported significant corre lations
between the ground-leve l PM2.s co ncentrations and the satellite-derived Aerosol
Optical Thickne ss (AOT) values (Chu et al., 2003 ; Van Donkel aar et al., 20 16; Wang ,
2003).
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Monitoring mass concentrations of the PM at the ground level in association with the
AO O is a challenging task . umerous studies have been carried out to investigate the
AOO-PM relation . The satellite-estimated PM concentrations are particularly essential
for regions lacking ground data (Karimian et al ., 201 6) . Even though the AOT
describes polarized measurement of PM with no information on its vertical
distribution , it, nonetheless, remai ns a reasonable and effective proxy for PiYb.s
prediction . Within this context, it is worth noting that AOO and Pl'vb.s represent
measures of two differing atmospheric pollutants (Gupta et al ., 2006) . The Plvlz.s
concentration expresses the ' point' mass concentrations of particles near the surface
while the AO O denotes the total columnar optical properties over an .area ' that is
related to the spatial resolution of the measuri ng instrume nt. Several AOO retrieval
algorithms have offered differing AOO products by usi ng other devices such as the
Moderate Resolution Imaging Spectre-radiometer (MOD IS) .

Few satellite sensors are avai lab le for AO O observations, including AV H RR, Mult i
angle Imaging Spectro-Radiometer (M ISR), MODI S, and TOM S. Of these, the
MO DIS, which is boarded on Aqua and Terra sate llites, is the most frequen tly used
satellite sensor. Additionall y, the user can use the IO-km MODI S AOO products that
are provided by the ational Aeronautics and Space Administration ( ASA), rather
tha n retrieving the AOO from the satellite images themselves . This product has been
provided in 2000 . It is based on the Dark Target (OT) algorithm and the Deep Blue
(DB) algorithm . Various statistical models are used , including the simple linear
reg ression model (SLRM) , the multiple linear regression model (Ml.Rlvl). and the
geographically-weighted regression model (GW RM) and the artificial neural network
(A N) algori th ms (Reid et al .. 2013 ; Song et al ., 2014).

( Air pollution in Malaysia originates from mobile and stationary sources of pollutio n,
e.g., ope n-b urning activities. The stationary sources include emissions of dust from
quarries and urban construction works, incinerators, energy power pla nts, and the
industries . The ope n sources resu lt in local pollution and encircle vegetation burni ng
and tra ns-boundary pollution, especially duri ng forest fires in neighboring cou ntries
due, mainl y, to peat combustion . The mobile sou rces , on the other hand, are more
related to traffi c emissions (Ab dul Hal im et al., 2018) . Th e increasi ng popul ation will
affect more reso urce co nsumption and the release of more air polluta nts . This means
that health of many more peop le wi ll be affec ted by air pollution . Thus, mon itor ing
and regulating local pollutant emission will be a cha llenging task in the following
years. In other res pects, studyi ng PM 2.Sconce ntrations and emissions may help in
reduci ng the international disputes. For exa mp le, in Klang Valley in Malaysia, haze
has caused the PM 10 mass concentration to increase more than four times and the levels
of the AOT to increase more than three times over their levels before the haze episode
(A manollahi et al. , 2011).j

urn erous studies have examined the AOT over Malaysia (Amanollahi et al ., 20 II;
Jamil et al ., 2011 ; Kanniah et al ., 2016 ; Kan niah et al., 2014), but there is limited
research to date on the relationship between AOT and ground Pivla.s concentration,
and on how to utilize this information in Pl\h s exposure modelling. This stud y
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inves tiga ted the relationship betwee n the PI\h 5 concen tration and satelli te-retrieved
AOT using one-yea r (20 13) data for Peninsular Malaysia.

Direct, though not perfect, correlation exis ts betwee n the load of aerosol found in the
atmosphere and AO D. Development of algorithms for retrieval of the MOD IS-AO D
irradiance observatio ns turned out to be significant in the process of creating accurate
estimates or the gro und-level Pl\h 5 concentrations (lee et al., 2012). Other methods
include the SlRMs of the relationship between AOD and measured Pl\h5, which has
been developed for major cities worldwide to estimate the grou nd-leve l PMz.5
concentrations with the aid of the satellite -derived MODIS-AOD (Evans et al., 20 13;
Mart in, 2008 ). Though, light extinc tion around the total integrated atmos pheric
column is measured with MOD[ S whereas the aero sol amoun t is measured at the
surface leve l only. Because of this, the correlation between these two variables is
controlled by the vertical distribut ion of the aerosols and other meteorological
parameters which influence the aerosol extinc tion coefficient like the mixing layer
height. relative humidity (RH), and temperat ure (Li et al ., 2009) .

Even though sate llite-b ased assessment of air qual ity is promising, it faces a number
of challenges . Vario us factors can influence the relation between PMz5and AOT. For
instance, the satellite-deri ved parameter values provide columnar information about
the ambient conditions whi le the PMz.5 measurements represent the near-surfa ce, dry
mass concentrat ions. Moreover, the satellite data represent wide spatial areas and are
prone to cloud interception (Zhang et al., 2005) . But the dai ly data for the given area
which these instrumen ts provide at speci fic wavelengths make them great tools for
assessment of pollutants in large areas .

Recent policy and research emphasi s on the regional and intercontinental transport of
varied air pollutants like PMz5 has spotlighted the need for additional sources of
reliab le data to augment the ground-based data for monitoring the air pollutio n, which,
in effect, varies temporally and spati ally. The satellite data can provide thorough
informa tion and visualization of the ground-based measurements of air quality and
reliable data for air quality mode lling. Numerous studies have examined the AOT over
Malaysia (Ama nollahi et aI., 20 I I; Jamil et al., 20 II ~ Kanniah et al., 20 Io; Kanniah
et al., 20 14). However, there is limited research thus fa r on the relationship between
AOT and ground PMz5 levels in Malaysia, and on how to utilize this information in
I'Mz.5 exposure modell ing . ln response to this knowledge gap, this study investiga ted
the relationships amo ng the sate llite-retrieved AOT values and the Pl\h5 mass
concentrations using one-year data for Peninsular Malaysia.

Peninsu lar Malaysia lies in an area affected by high concentrations of PMz.5 (Figure
I:1). Therefore, the present study focused on three issues: (i) characterizing the
distribution of the MODIS pixels that cove r the study area, taking into account
seasonal variations; (ii) developing MlRMs of the relations among meteo rological
parameters and AOT data derived from the MODIS sensor at the local scale to estimate
PMz.5 concentration ; and (iii) performing the analyses for individual pixels and array
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of pixel (I x I, 3 x 3, and 5 x 5 pixels) for thorough assessment of effect iveness of
AOT in estimation of the concentra tions of Plvlz.s at different spatial resolutions.

1.2 Problem Statement

Part iculate matter is an aggregation of solid and liquid particulates with different sizes
and compositions. It is particles in suspension in the atmosphere whose concen tration
tells much about the urban air quality. For decades, air quality and pollution has raised
high public health concern all over the world (Van Oonkelaar et al., 20 I0) due to the
ever growing urban and industrial developments. In particular, East Asia is the major
source of aerosol s globally, where anthropogen ic pollutant particles, besides dust and
sea salt, are abundant (Dai et al., 2014; Kim et aI., 2014) . Aerosol studies received
high attention in southeast Asia and in Malaysia perhaps due to the extensive local
generation of aerosols in the region, mainly including emissions fro l~ factories,
automobi les, and open burning, including burning of wood, fossil fuels, trash, and
plant leaves), in addition to the substantial amounts of trans- boundary air pollutants
(Kanniah et al., 2014).

Remote sensing (RS) is an effective tool in the Earth science in particular and the
climate studies in general for understanding the impacts of aerosols in the air on human
health and environmental safety . Indeed, it is the only observa tional tool available for
many parts of the world, including Southeast Asia. Owing to that the satellites have
sensors on geostationary and polar platforms, remote sensing does actual ly provide
systematic data over vast areas with high frequency. Additiona lly, movement and
functioning of the satellites is not affected by the political and administrative
boundaries. As such, the data they provide consti tute the backbone of models. The
satellites provide voluminous data on many paramete rs of the land, ocean, and
atmospheric systems (Reid et aI., 2013) . However , with proliferation of population
and urbanization , there are growing concerns about the urban air quality, which led to
emergence of numerous studies on urban air turbidity during the last few decade to
identify its sources and quantify the emissions of urban pollutants to the air (Clerbaux
et al., 2010) . Therefore, use of satellite RS allows for the collection of global or
regional data at high resolution on the spatial and tempora l distributions of most
pollutants and contributes to our understanding of the air quality and changes in it over
time.

Many researchers attempted to estimate the ground levels of P1'vb s using satellite­
based AOT data (Wang, 2003). The AOT is the extinction coeffic ient of aerosols of
the points accumulating in the vertica l directio n (Hoek et aI., 2013; Tao et al., 20 13).
The AOO research started in the mid 1970s. In 2003, Wang (2003) initiated use of the
MODIS AOO in prediction of the ground -level Pl\h s concentrations by linear
regressio n analysis (LRA). Liu et al. (2004) developed a Chemical Transport Model
(CTM) and (Lee et al., 20 II ) employed MODI S AOO data to develop day-specific
Mixed-Effect Model (MEM) . In recent years, the levels of PM2.swere estimated using
various types of satellite sensors that included the Multi-Angle Imaging Spectrometer
(J. Li et al., 20 15» ; MODIS (Geng et aI., 2015; Zheng et aI., 20 16»; Polarization of
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the Earth's Reflectance and Directiona lity (Leon et al., 20 I0); the Geosta tionary
Operational Environment Satellit e (Liu et al., 2009); the Cloud-Aerosol Lidar with
Orthogonal Polarization (Toth et al., 20 14); the Ozone Monitoring Instrurnent (J. Li et
al., 2015) ; and the Sea-viewing Wide Field-of-view Sensor (Van Donkelaar et al.,
20 15a). Though studies of this sort are becoming more popular, their prediction result s
are in general unstable and varying from a region to another (Hu, 2009).

( Peninsular Malaysia is an area with rapid development and population growt h. Its
weather is hot and humid with uniform temperatures throughout the year. Particulate
matter (PM) is persistently creating an atmo spheri c problem in Malaysia, particularl y
since it has exceeded the standards of acceptable urban limits. For example, Jaafar et ~(l., ri; )

al. (2018) found that the concentrations of PMz., in Malaysia far surpassed the USEPA
air qualit y standard for PM2.5 (a mean exposure rate of 35 ug/rn:' for 24 h) and the
2005 air quality guidelines of the WHO, that is, a mean exposure rate of 25 ug/m:' for
24 h. The levels of PM2.5 in the ambient air during the haze episodes are extremely
high, ranging from 14.5 ug/rn to 160.9 ug/rrr' . The highest PIVb.5levels were reported
in the third and fourth days of the haze episode, 146.2 ug/rn:' and 160.9 ug/m',
respectivel y. j

(T he PIVI has been categorized as one of the major air pollutants during the haze
episodes. When its diameters fall within the respirable range, it can contrib ute to
serious illness and, even, mortality becau se the f ne particulat es can enter the
respiratory system easily through inhalation (Latif et al., 2018) . The health eff ects of
haze on the respiratory system and mortality and their effec ts on certain age group s
were studied in Malaysi a. For example, (Yaacob et al., 20 16) conducted a study of the
effect of haze on the peak expiratory flow rate (PEFR ) of school children and found
that there was a 15.0% reduction in the PErRoTwenty two of the sample children had
cough and headache. As well, mucus and throat symptoms were reported at high rates.
Furthermore, Sahani et al. (20 14) analyzed the health effects of haze in Klang Valley,
Malaysia, from 2000 to 2007 . Analysis uncovered that haze contributed a 19 0%
increase in the respiratory mortalities and that there was a 41.4% growth in the delayed
impacts of haze on the natural mortal ity of the children and a 66.0% growth in the
respi ratory mortalitie s of the adult females. In another example from Malaysia,
Othman et al. (2014) reported that over the years of 2005, 2006, 2008, and 2009, there
were 19 days on averag e of transbounda ry haze episodes during which the values of
the API were equal to, or higher than, 76, that is, within the low to moderate air
polluti on hazard categories. On the average, every haze episode brought about an
annual increas e of 2.4% in the inpatient cases per 10,000 capita. Further, the study
found that the marginal influen ce of haze on the inpatient rates was the highest for the
children, followed by the young adults, the senior adults, and the infants. I

Of all the constituents of the atmosphere, the aeroso ls stand as a highly-variable
influential facto r of solar radiation attenuation. It affects the climate, weather, and
many weather-related phenomena and processes. In this context. the AOT is a spectral
variable that reflects the amount of aeroso ls in a vertical column in the atmosphere
from the view point of their potential radiative effects. It is for this reason why having
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a suitable representation of the AOD is of paramount importance for successful
irradiance modeling (Bright and Gueyrnard, 2019).

In assessing urban aerosol content, satellite RS is a conventio nal tool that helps in
measurement and prediction of ground-level PM concentra tions. The satellites have
the ability to monitor vast space, especially those areas in which ground monitoring
stations are lacking . Past studies in Malaysia concentrated on the use of satellite data
for measuring and monitoring the levels of PMI(J. Only few studies addressed the
levels of Pl\rhs in Malaysia. Thus, the use of RS data to estimate the levels of Plvlzs in
Peninsular Malaysia provides information that was not provided by the majority of
previous air pollution studies in the country, which focused on the levels of air
pollution in only certain parts of the country.

1.3 Significance of the Resea rch

Atmospheric aerosols are among the most critical classes of the atmosph eric
pollutants. Various published works confirm that particles with small sizes have
serious effects on human health, increasing the cardiovascular and respiratory diseases
and reducing the life expectancy. This study underscores the benefits of using RS and
geographic information system (GIS) data integrated with quantitative methods for air
pollution studies. It uses satellite-derived AOT data for Malaysia, which is the main
parameter employed in assessment of air pollution, particularly for quantifying the
relationship between satellite data and measurements of ground air pollution
monitoring stations. The study was carried out for Peninsular Malaysia, which has an
area of almost 13 1,598 km2and hosts the majority of the population and economic
activity in Malaysia.

In this study, firstly, data on the ground-level AOT were used to validate the latest
MODIS data (collection 6 (C6)) available for Malaysia, which correspond to the
period January 20 12 to December 2013 . Secondly, the AOT data used were Terra
satellite data based on the MODIS sensor. They were employed to estimate the levels
of Plvla.s in Peninsular Malaysia in the year 20 13. To the researcher's best knowledge,
this study is the first study that used data derived from MODIS sensor to estimate the
mass concentrations of PM2.s in Peninsular Malaysia.

The ground-based measurements of PM25 are limited in Peninsular Malaysia. Data
from only seven stations and one year (2013) were available for the study area. An
alternative way was to combine the two datasets (the Satellite AOT and ground Plvlz.s
data) to provide more robust information about the temporal and spatial distribution
of Plvla.s in Malaysia. The findings of this research can benefi t decision making
regarding air quality forecasts. Additionally, this study is useful for highlighting the
health risks associated with exposure to PM and, ultimately for promulgating effective
control strategies to protect the public health.
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1.4 Research Qu estions

Since the PlYb.5 mass is measured from the ground irrespective of cloud cover while
satellite data only provide AOT information during cloud-free and favorable retrieval
conditions, so the researcher addressed the following questions:

I. What is the relation between the satellite and ground aerosol optical thickness
(AOT) values?

2. How was the spatiotemporal distribution of AOT in Peninsular Malaysia in
2013?

3. How can satellite data on AOT be employed to determine the distribution of
the fine particulate matter (PM25)?

4. Are there relations among AOT and the meteorological parameters of
temperature (T), relative humidity (RH), wind speed (WS), and wind direction
(WD)?

5. Does the different array of 10km pixels affect the accuracy of PIVb.5
estimation?

1.5 Resear ch O bjec tives

The overall purpose of this study was to estimate the mass concentrations of the PM25
at the ground level in Peninsular Malaysia and explore the relationship between
MODIS AOT and ground PlYb .5 levels. This purpose could be achieved by meeting
the following objectives:

I. To validate MODIS-AOT retrievals extracted from MODIS images with
ground AERONET-AOT data.

2. To correlate the ground PlYh .5 levels with the concomitant validated MODIS
AOT data by using MLR and GWR modeling after identifi cation of the
spatiotemporal AOT distribution in Peninsular Malaysia.

3. To evaluate the relationship between PM2.s level and MODIS AOT data under
different array of pixels using accuracy assessment.

1.6 Study Sco pe an d Limitatio ns

This research processed sets of quantitative and qualitative data in the GIS
environment in an effort to estimate the levels of PM25 in Peninsular Malaysia in the
year 20 13. The temporal and spatial distributions of PM25 in the study area were also
determined. The study used the latest Collection 6 (C6) of the AOT data that were
obtained at the wavelength of 550 nm from the MODIS instrument aboard the Terra
spacecraft, which travels across the equator from north to south in the morning. The
MODIS sensor was selected because it provides daily data and the images it takes
cover the entire study region. The hourly and daily ground concentrations of Plvl z.,
(ug/m' ) were obtained from seven stations in Peninsular Malaysia.
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Validation of the satellite dat a against gro und measurements is challengi ng due to a
number of reas ons like different measured variables, lack of coin cid ing measurem ent s,
and probl em s in integ ration du e to differences between the satell ites read ings and the
point-based measurem ents of the ground instrume nts . Thus, va lidation of the
reliability and accur acy of the AOT data derived from MODI S at the wavelength of
550 nm is requ ired and is achieved by compariso ns with ind epend ent data . In this
context , the current study emp loye d AE RO NET Level 2 AOT data as independent
data for compar iso n pur poses. Four-year historic data were used in the validation.

The peri od of study wa s bet ween 20 12 to 20 15 in Pen insular Malays ia, there was only
one AERO NET statio n in the study are a (U SM_Penang ; Peninsul ar Malaysia ; Start
runn ing in Nove mber 20 1I) , during that per iod the PM 2.5 data was lim ited, the
researcher choose the ye ar 20 13 for est imate PM 2.5because in that both the number or
stations and the mea sured PI\!J25 data is relatively mo re obtainable. Effort has been
made by the researcher to acquir e PIVb 5 dat a in 20 IS usin g handheld device
(APECJ65I ), but due limited nature of tha t data it cannot be co mpared to the vast
study area. However, after the period of study, the Departm ent of Enviro nment
Malaysia has ex panded the num ber of Plvla.s monitoring stat ions over Mal aysia
(http ://apims .doe .gov.my/publ ic_v2/ann ouncement.html ). Addi tionall y, the team of
MODIS in 20 15 dev eloped a new spatial resoluti on MODI S Level-2 AO T wit h the
spatial resolution 3 x 3 km2at nad ir. Therefore, a study of this nature can be an opening
for futur e research particularly regarding the test and constrains in the implemen tat ion
of a new model s for the estima tio n of PM2.5 esp eci ally in the local scope co nsidering
the high resolution of the sensor (3 x 3 krn/).

The use of satellites for acquis ition of surface data is an econ om ical and reliable
practice because satellite data can be obtained at low cost. So, local fin ancial
limitati ons will not be an ob stacle to acquisi tion of such data. Thu s, as a source of data
for aeros ol studies, satellites are the best option for less-developed nat ions , es pec ially
sinee the budgets fo r installation and maintenance of co ntinuous ai r qual ity moni tor ing
stati ons (CAQMS) is a signific ant constraint. However, one of the ma in limit ation s of
AOT is that it is affected by clo uds . Hen ce , it is missin g when there is/wa s cloud
coverage, which is the reason why quite ofte n AOT data are missin g at the point stat ion
in most MODIS pixel s. Another limitation to thi s study is that some important
covariate s, e.g ., planetary boundary layer (PBL) height and land use information , were
missing. A widespread series of biomass burning events associated with fore st fire s,
particularl y in Sum atra and Kal imantan, Indonesi a, caused a thi ck , smoky haze over a
large port ion of Southeast As ia . A huge amount of PM from this biomass burning was
transported to Peninsular Malaysi a. So, the co ncentratio ns of PM will be higher during
hazy days than du ring non -haze days.
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t.7 O rganiza tion of the Thesis

This thesis is organized in five chapters as follows:

Chapter I introduces to this study. It discusses sources and impacts of Pl\Il2.5 and
presents the objectives and significance ofthe study. Chapter 2 reviews the trends and
present status of Pl\I12 5and the implications of its levels on the population and the
climate. As well, in this chapter, the researcher reviewed the measuring techniques in
order to identify the most suitable of which to be adopted in this study. Chapter J
outlines the research methodology, including the experimental design and structure,
and the techniques used for determination of the PM2.5 concentrations. Chapter 4
presents and discusses the research results. Chapter 5, then, lists the conclusions drawn
from the research findings and gives recommendations for future research.

I I



C HA PTE R 2

LIT ER AT UR E REVI EW

2.1 Int roduct ion

Large progress was observed in the last few years in the use of satellites for
understanding optical properties of the atmospheric aerosols (Wang and Martin,
2007) . Both natural and anthropogenic aerosols bring about lung and respiratory
diseases and, eventually, lead to premature death (Gupta et al., 2006). Thus,
monitoring the ground-level concentrations of PMl.5 is critical for effective
assessment of the air quality and evaluation of the potential related health risks (Bartell
et al., 2013) . Though, assessment of health risks of PM is quite challenging because
their sizes matter a lot when it comes to their health implications.

The ground-based instruments are the instruments most widely used for measuring the
concentration of ambient PMl.5, both in the rural and urban areas of Asia, Australia,
Europe, and the United States of America (USA). However, the ground-based
instruments represent point measurements only. They do not have the spatial coverage
that is required to map the local, regional, and global aerosol distributions (Chu et al.,
2003 : Wang, 2003) .

Numerous factors influence the relationship between PMl.5 concentration and AOT.
For instance, the satellite data only provide columnar information about the ambient
conditions while the PM25 measurements represent the near-surface dry mass PMl.5
concentrations. Moreover, the satellite data represent vast spatial areas and are, thus,
prone to disrupt ion by the clouds (Zheng et al., 20 17) .

Although there are a number of satellite sensors, data from MODIS and MISR have
high potential for mapping the global distribution of the aerosols and identifying their
properties. This helps in obtaining indirect estimates of the Plvl , especially the Pl\125,
owing to that the ground measurements of the PMl.5are scanty in many regions in the
world (Gupta et al., 2006) .

2.2 Satellite Rem ote Se ns ing (RS) for Ai r Quality Analysis

The greenhouse gases, pollutant trace gases, and particles play major roles in air
quality deterioration and negatively impact the climate and public health (Fiore et al.,
20 15: Xiong et al., 20 15). The study of air quality in the site entails consideration of
regional and global transportation of pollutants (Pinto and Grant, 1999) . Identifi cation
of the of air pollutants and tracking their transport can be enhanced via satellite data
in combination with other sources of data and modeling, both in the general and the
specific event analysis (Engel-Cox et al.. 2005). A substantial number of the satellite
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instruments that are used in data collection for air quality applications are passive.
These instruments detect electromagnetic radiation from the Sun after the processes
of radiation absorption , reernitting, reflection , and scatteri ng have taken place wi thin
the atmosphere and the Earth (Duncan et al ., 2014 ; Martin , 2008).

Remote sens ing of the atmosphere for climate and weather studies was initiated in the
early 1960 's and 1970' s (Davis, 2007) . Since the beginning of the implementation of
sophisticated algorithms that make use of multiple wavelengths in aerosol RS, studies
of the qua lity of satell ite sensors has bee n greatly improved (Torres et al., 2002) . The
AOT data derived from setellite sensors are useful for air quali ty research aiming at
mo nitori ng and tracking aerosols over wide spa tial domains (Wa ng, 2003). For
instance, MO DIS instrument has bee n providing aerosol da ta wi th reasonable
accur acy since 2000. Consequen tly, a global model and satellite data together can
extend the limit ed reg ional measurements to a much larger spatial scale (Chin et al.,
200 4) .

An eva luation of the abilities of the main satellite instruments that have been designed
for RS of aerosols was conducted by Martin (2008) In contrast, some researchers
evaluated the prospects and limits of satellite sensors, their data results, and their
application in air qualit y monitoring (Engel-Cox et al ., 2004 ; Hoff and Christopher,
2012). This is necessary for air quality assessment in relation to aerosols and gases
fro m the perspective of instruments orbiting beyond the atmosphere . Those
researchers underlined several critical limitations of the satellite instruments in
measuring atmospheric properties. The limitations they pinpointed include
atmospheric tra nsparency, orbit, the wavelength at which observations are taken,
scattering, molecu lar spectroscopy, and absorption , which affect the measurement
validi ty (Gutierrez, 20 I0).

A number of studies advocate the utility of satellites in assessment of air pollut ants
and wea ther parameters . As an example, Rhee and 1m (2014) exami ned the dai ly and
monthl y estimates of the maximum and minimum air temperatures based on the
MODIS sensor. Pour l Biazar et al. (20 II) presented the deb ut results of using the
ozone profiles obtained from the Ozone Mo nito ring Instrum ent (OM I) and the AO D
values obtained from MODI S to provide va lues of initia l and late ral boundary
parameters for regional air qua lity model s above the USA . In another example,
Zoogman et al. (20 II ) discovered that an Observing Sys tem Simulatio n Experime nt
(OSSE) is suitable for determination of the ins trume nt req uire men ts for geostationary
satelli te observations of ozone air quality in the USA .

Pope et al. (2014) reported that the quality of the OM I 0 2 tropospheric colu mn
prod uct is good for detecting the synoptic influences of meteorology on the 0 2
tropospheric columns over the United Kingdom (U K) . Data on AOT derived from
satellite are va luable for studying air quality above local and large spatial domains to
trail and monitor aerosols for estimation of the part icu late matter (Kloog et al ., 2015 ;
Kong et al ., 20 16; Wang, 2003) . Guo et al. (20 16) assessed performance of using the
PAR ASOL level 2 AO D only to forecast the ground-level Pl\h 5 concentrations in
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China . They used four empirical model s: the quadratic regression model, linear
regre ssion model (LRM), logarithmi c regressi on model , and powe r model. A
compari son of the model ing result s with the ground PM25 concentrations revealed
good match .

The satellites most frequently used for RS of air qualit y are the polar-orbiting, Sun­
synchronous, low Earth orbit (LEO) satellites (Reid et al., 20 13). These satellites can
be utili zed for viewing only the poles or observ ing similar places on the Earth
simultaneously 24 h a day. These satellites are usually found at an altitud e of around
800 km A Sun-synchronous orbit is a special example of a polar orbit that passes over
the equator at equal times in each orbit. Nevertheless, such satellites usual!y provide
higher horizontal and vertical resoluti on than the geostationary (GEO) satellites due
to closeness of the LEOs to the surface of the Earth (Vijayaraghava n et al., 2008).
However, to simulate the aerosol vertical profile, the Cloud-Aeroso l Lidar and
Infrared Pathfinder Satellit e Observation (CALIPSO ) satellite are the most suitable
(Winker et al., 2007). Many studies revealed that vertical satellite data can be a good
replacem ent for ground measurements as long as suitable adjustments are made to
convert the columnar quantiti es to surface va lues .composi tio ns

2.2 . 1 Sa tellite Spat ia l Resolut ion a nd Da ta Levels

The satell ite data have numerous levels, according to the processing degree. The raw
data acquired from the instrument are Level 0 (LO) and are subsequently processed to
Level I (L I). The L I data are formed by instrument pre-, and post-launch calibrations
to yield radiances and geolocations of the data. Meanwhi le, Level 2 (L2) and Level 3
(U ) data are treated from LI to a geophysical factor , like AOD. The L2 and U data
are the two most important levels for air qualit y (AQ) applications. The key
dissimilarity between L2 and L3 data is that L2 data are the original observations and
arc not spatially gridded while the L3 data are mapped to a regular spatial grid Their
ave rage over time is calc ulated based on day or month (Duncan et al., 2014) .

2.2.2 Sa tellites Tem poral Resolu t ion

Determination of the temporal resolution of satellite data is a function of several
factors, including, for example, high temporal resolution global coverage (one day to
two days revis it) of the MODIS (King et al., 1992). Most of the data are drawn from
polar-orbiting satellite instrum ents (e.g., Terra, Aqua, and Aura ) having 90-minute
sequential orbits, hence attaining world wide cove rage in one or two orbit s (Duncan et
al., 20 14). This indicates the importance of high spatial-temporal resolut ion in air
monitoring studies, especially in the existing and potential megacities which are linked
to air pollution predicament owing to industria l development and population explosio n
(Lili Li et al., 2015) .
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V 2.3 Particulate Matter (PM)

The quality of air is often assumed as the weather; it fluctuates, and, sometimes, in
some days, it is better than in others Changes in air quality are largely attributed to a
specific meteorological and atmospheric thermodynamic environment lasting for
certain days and resulting in gradual accumulations of air constituent concentrations.
For example, Fiore et a!. (2015) studied the quality of air and climate circumstances
indicating an extensive array of surface levels of 0 1and PM2.5in the USA through the
use of model projections as an alternative. Other studies have shown variations in the
amounts of PI\h 5throughout the season (Hu et al., 2009; Yadav et al., 20 15).

Particulate matter (PM) is a combination of liquid and solid particles hanging in the
air. It is usually classified as tine PM (PM25; d < 2.5 mm) and coarse PM (Plvh o; 2.5
< d < 10 mrn), where d denotes the aerodynamic diameter (Gupta and Christopher,
2008a). Greater toxicity has been ascribed by several studies to PM25 than to PM10,
i.e , the coarse particulate matter (Lopez-Villarrubia et al., 2012; Polichetti et al.,
2009). Moreover, the PI\h 5 can be transported to long distances (Radojevic, 2003).
The bigger particles fall down to the ground surface, thereby polluting the soil or water
bodies while the smaller particles are transported to far distances and continually
mixed in the air (Anenberg et al., 20 14).

A number of studies confirmed statistically-signific ant, high effects of PM10-25on the
cardiac and cardiovascular systems. In addition, seven European studies reported that
there was a significant high link between PM2.5and cardiovascular mortality (Pascal
et al., 2014) Hansen et al (20 12) found that PI\h 5 pollution was more harmful than
1>1\111 0 and that exposure during the cold season posed a greater risk to cardiovascular
health than during the warm season. Correspondingly, national-scale, high-resolution
maps of the daily levels of PM25 are useful for identification of severe air pollution
episodes and for health risk assessments (W. You et al., 20 16a).

Though PI\h5 ground monitoring sites give correct measurements, their spatial
coverage is inadequate. This leads to deficiency in capturing the spatial variability of
the levels of Plvh., (Chudnovsky et al., 20 14). Zifeng Wang et al. (20 10) stressed the
importance of the vertical distributions of aerosols and RH, which show the critical
effects of distributions of these two variables on the relationship between AOT and
PM based on the concepts of atmospheric radiative transfer and optical properties of
the aerosols. As a result, the numerous current advances and new sensors will boost
the utilization of space-based aerosol measurements for forecasting the air quality (AI­
Saadi et al., 2005).

The complex, multi-component mixtures of PM derived from natural and
anthropogenic sources include diff erent chemical materials, including metals,
inorganic compounds, and organic compounds. In other respects, there are lots of air
quality monitoring programs worldwide (Yadav and Satsangi, 20 13) that led to the
development of several national and international air quality control organizations to
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regulate and monitor the ground-level con centrations of P1Vl (Z . Ma et al ., 20 16) . The
Clean Air Act (CAA ) of the USA mandates the Env ironmental Protection Agency
(EPA) to create and control I ational Ambient Air Quality Standards ( AAQS)
(Mcclellan, 200 2). The Air Qua lity Guidelines of the WHO (G lobal Update 2005 ) set
the annual and dai ly (24 h) standard for P;\h s at 10 ug/rn ' and 25 ug/m:', respectively.
This guideline is usuall y used for referencing dur ing deci sion making throughout the
world for the establi shment of air qualit y man agement goals and standards
(http://www .who .int/mediacentre/factsheets/fs3 13/en /).

2,4 Aerosol Opt ical T hickness (AOT)

An importa nt eleme nt of the atmosphere of the Eart h is the aerosols, whic h are made
up ofliquid mater ial and so lid particles wi th diff eren t sizes and chemical com plexi ties
(Prather et al ., 2008). In general, the most common atmospheric parameter obtai ned
fro m satellite observations is the AOT, which is a mea sure of disappearance of the
electromagnetic radiati on at give n wavelength due to presence of aerosols in the
atmospheric column (Chudnovsk y et al ., 2014 ; Wang et al., 20 II) .

A number of studies attempt ed to es timate the gr oun d level s of Pl\h s using satellite­
derived AOT data (Chu et al., 20 16; Van Donkel aar er al ., 2006; Zheng et al ., 2017 ).
Yang et a!. (20 15) investigated the influence of vari atio ns in mete orologi cal fact ors
and pollutant emi ssion s on decadal trends and inter-annual differences in losses of
ae rosols (sulphate, ammonium , nitrate, orga nic carbo n, bla ck carbon, and Pivla.s) from
East Asia The study was based on the Goddard Earth Observing System of chemi cal
tran sport ation model simulations of aerosols from 1986 to 2006 as determined by the
assim ilated NASA/GEOS-4 meteorol og ical field s. Th e effects of variations in
met eorol ogical factors and emiss ions were separately carried out with sensitivity
studies . Luan and Jaegle (20 13) employ ed the MODIS observ ations of AOD in
com bination with the GEOS-Ch em chemical tran sport model to study the dis charge
of aerosol s from Eas t Asia and North America in the period 2004-20 IO. Th ey
discovered differences between the East Asian aerosol outflow and the North
American aerosol outflow in diver se facet s that includ ed season, dust emission, and
climate.

Satellite measuremen ts show a trend of increase in AOD over East Asia (Choi et al .,
2016). Numerous ground monitoring networks are currently in operati on for
monitoring aerosols in terms of AOT, which is a dimensi onle ss variable that describe s
the electromagnetic radiati on extinction at a particular wave length (Khoshsirna et al.,
2014 ) and is used for diverse purpose s. Van Donk ela ar et al. (20 10) descr ibed the
Interagency Monitoring of Protected Visual Environme nt ( IMPROVE) network, and
the observation locations that form the State and Local Air Monit oring Station s
(SLA 1S) of EPA were describ ed by Choi et a!. (2009). (Aalto nen et al ., 20 12) gave
an acco unt on the Global Atmosphere Watch-Precision Filter Radi om eter (GA W­
PF R). The Chinese Sun Hazerneter Netwo rk (CS H ET) was described by L. L. Wan g
et al. (20 I0) and the German Weather Servi ce (DWD) was descri bed by Von
Hoyn ingen-Huene et a!. (2003 ), while the Austral ia Bureau of Meteorology (130 1\1)
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was desc ribed by Cleugh et a!' (2007). Mano et a!' (2009) reported on Japan
Meteorologica l Agency and Bouya et a!' (2010) reported on the Atmospheric
Radiation Meas ure ment (ARM) .

The properties of atmospheric aerosols having a high temporal resol ution (15 min) are
determined with AERONET, which is a network of ground-based Sun photometers
that provides excellent screening for its distributed data (Maiersperger et al ., 2013) .
The Sun-sky radiometer instruments that are located at the AERONET stations offer
highly-accurate measurements of the aerosol optical properties from the ultraviolet to
the near-infrared wavelength ranges (Holben et al ., 1998). The AERONET statio ns
are commonly employed in the validation of global or local AOT retrievals from the
satellite sensor systems. levy et a!' (20 I0) fou nd that the Sun photometer
(AE RONET) data can be used for ground truthing purposes . They used them to
eval uate nine-year (2000-2008) MODI S-derived data of total AOD and aerosol size
yields that were obtained from the Aqua and Terra sensors . The technique can eva luate
the capacities of the aerosol models themselves without be ing affected by the
perfo rmance of the SeaWiF and the atmos pheric correcti on algori thm. Li kewise, using
this evaluation tech nique and the data obtained from 11 AERONET stations that are
distant from the mainland in models disclosed good unison with the AERONET­
measured values ; having correlation coefficient (r) values greater than 0.86 (He et al.,
2011) . In the same manner, the AO D values drawn from MOD IS, OMI, MISR, and
CALI PSO satellite-borne instru ments combined with those from four AERONET
gro und-based sites were used for validation of the sate llite retrievals alongside grou nd
measurements. In general, the MODI S and AERONE T retrievals had excellent
agreement with each other (Bibi et al., 2015).

2.5 Remote Sens ing (RS) for AOT Ret ri eval

The use of satellite sensor in Earth observations is likely to be valuable practice for
monitoring and mapping air pollutants as it provides thoro ugh and synoptic views of
vast areas in one snap shot (Themistocleous et al., 2012). Satellite RS can be a perfect
substitute for the ground-level measurement. Based on capacity of the sate lli te
observa tional systems to identify the importa nce of aerosols in the international
climate change and local enviro nment researc h, successions of sate llite observational
systems were developed at the end of the last century in an effort to achieve universa l
distribution of the aerosol optica l features and the seasonal and annual differences of
indirect and direct radiative forci ng of the aerosols (Li et a!., 2005) .

The earliest sensor used in studies of AOD was the Advanced Very High Resolution
Radiometer (AVI-I RR) . ln 1978, the AVI-I RR was on boa rd the T1ROS-N. Ever since,
forty-year AVHRR datasets have been gathered , hence making it an exce ptional
repository for incessant long -term data of aerosol properties of land and ocea n
(Lovallo et a!., 2009) . Conversely, recoveri ng AOD from AVI-I RR images is an
arduous work due to band setting restric tion and only a single wave length is visible
(Mei et a!., 20 14). Kaufman and Sendra ( 1988) recovered AOD from AVHRR data in
a dark, dense vegetation region. In 2012 , Li et a!' (20 13) proposed the l and Aerosol
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property and Bidirectional retl ectance Inversion using Time Series technique
(LABITS) for retrieval of aerosol from NOAA AVHRR data. Though AVHRR AOO
can help in the study of aerosol climatology and in the climate change research, even
after the 1980s factors such as snow, icc, and cloud cove r are still hinder ing AVHRR
from retrieving AOO. Moreover, the monitor is very sensitive for the clouds, thus
yielding a systematic and random error range that has tluctuations (Liu et al., 2004).

Akin to AVHR R, the Total Ozone Mapping Spectrometer (TOMS) is used from 1978
to the present for providing AOO data . The TOMS appended to Meteor-3 was
terminated in December 1994, and subsequently replaced with TOM S, which is
appended to the Earth Probe, and which started its operation in late July 1996.
However, this created a gap in the data availability. This dataset comprises daily data
for ozone and monthly AOO data at a resolution of 10. As a backscattered close to
ultraviolet radiation satellite, the TOMS possesses strong potential for identifying
aeroso l types and sizes (Torres et al., 2002) .

From September 1997, the SeaWi FS regularly provides ocean color and atmospheric
products (Menghua Wang et al., 2005) . At the frequently-used wavelength of 550 nrn,
the over-land SeaWiFS aerosol dataset supplies retrieved AOD data, while the
SeaWi FS bands are centered close to 490 nm and 670 nm. For some surface types, the
band is centered near 4 12 nm. The principal quantity of interest is the AOO at the
wavelength of 550 nm (Saye r et al., 20 12) The SeaWiFS supplies daily images with
pixels having a nominal spatial resolution of 1.1 krn. Data of the SeaWiFS were
temporally traversed between 14 September 1997 and I January 20 I0 (Schaeffer et
al., 20 12).

The MODIS possesses 36 channels cutting across the spectral range of 4 10 to 14,400
nm and signifying three spatial resolutions: 250 m, 500 m, and I krn for two channels,
fi ve channels, and 29 channels , respectivel y. Aeroso l retrieva l uses seven of these
channels (470-2 , 130 nm) to retrieve the aeroso l charac teristies (Chu et al., 2003 ;
Remer et al., 2005) The MOOI S acquires an AOO product (Terra: M0004_L2;
Aqua: MY004_L2) at 10-kilometer resolution (Savtc henko et al., 2004) .

The MODI S makes use of 3 channels: Band 3 channel at a wavelength of 470 nm
(blue), Band I channel at a wavele ngth of 660 nm (red), and Band 7 channel at a
wavelength of 2, 130 nrn (Mid-Infrared) to add an AOD at 550 nm (gree n). The
wavelength of 2, 130 nm is utilized due to the fact that the aerosols are almost
transparent at this part icular wavelength. In consequence, they can be employed in
estimation of the surface albedo. So, the scattered and absorbed wavelength falls
within the visible range of 470 nm (blue) to 660 nm (red) and is used for the calculation
of the light extinctio n concentration ascribed to aerosols and a total AOO value at 550
nm is interpolated (Lee et al., 20 I I; Remer et aI., 2013) .
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The retrieved AOD data are recorded at a resolution of 10 knr' , whereas '(ODIS
originally uses a higher resolution of 0.5 km2 for measuring retlectance values. Hence,
all the 400 pixels (20 x 20) in the range of an area of 10 km2 are inspected for cloud
adulteration by a cloud-screening algorithm (Gupta and Christopher, 2008b) . After
removal of the cloudy pixels, more than 12 cloud-free pixels are still left, and the
average retlectance of the residual pixels is used for retrieving AOD. The average
reflectance measured is harmonized in a lookup table (LUT) having the pre­
determined reflectance for several aerosol models in order to find the parameters that
are highly related to the observed spectral retlectance for retrieving aerosol properties
such as AOD (Schaap et aI., 2009; Tian and Chen, 20 lOa).

Diner et al. (1998) reported that the algorithm of MISR for standard aerosol retrieval
operates in a functioning, fully automatic mode. Moreover, the MISR gives reports on
AOT and the type of aerosol at a resolution of 17.6 km through the analysis of MISR
top-of-atmosphere radiances, starting from 16 x 16 pixel patches of a resolution of 1.1
krn (Kahn et aI., 2005) . This quality results in a great increment in the ability to
significantly evade cloud disturbance (Hoff and Christopher, 2012). Nevertheless,
because of the features of the orbit ofM ISR, the observi ng monitor goes throug h some
points close to the equator three or four times in the month. There is a grea t concern
about a long time break as this creates difficulties in aerosols research in the areas
where ground monitoring is absent (Kahn et al., 2005).

In addition to MISR, Advanced Along-Track Scanning Radiometer (AATS R) also
gives double-angle observation (550 and 90°). Like AATSR, the Medium Resolution
Imaging Spectrometer (MERIS) commenced on Envisat (Environmental Satellite) in
2002. The error produced by atmospheric scattering and single angle monitor
absorption is reduced by the angle observation of ]'vllS R. Higher accuracy is achieved
in desert zones with the AOD derived from AASTR than with AOD derived from
MODIS. However, lower accuracy is obtained in the land in other regions than that
obtained from the AOD derived from MlSk (Bevan et al., 2012). In the same manner,
the AATSR and MERIS data demonstra te good accuracy in arid areas. Yet, the AOD
retrieved from MERIS data above the water surface can not produce an ideal accuracy
(Benas et al., 20 13b).

Many algorithms have been established for retrieving AOD from AATSR and MERIS.
For instance, North et al. (2008) suggested the MERIS/AATSR synergy algorithm and
Lyapustin et al. (20 II) proposed the Multi-Angle Implementation of Atmospheric
Correction (MAIAC) algorithm while Beloconi et al. (20 16) reported aerosol
observa tion for the estimation of urban Pl'vl lO and P '12.5 concentrations in Greater
London Area in 2016 based on synergistic MERIS/AATS R.

Data obtained from images of the Landsat 8 satellite were employed for retrievi ng
AOD in Beij ing through the MODIS DT method in combina tion with the visible near­
infrared (V IR) atmospheric correction method (ACM), whereby verification of
accuracy is done by observing data from AERO ET. The results revealed that the DT
and VNIR method can be successfully used for inverting AOD in Beij ing using data
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from Landsat 8 satellite. Though, greater accuracy was obtained from the OT method
than from the VNIR method, which had root mean-squared error (RMSE) values of
0.195 and 0.282, respectively (Ou et al., 20 17)

I-Ie et al. (2015) used HJ-I charge-coupled device (CCO) data, MOO[S surface
reflectance data, and the bidirectional reflectance distribution function (BROF) data
to investigate the practicability of satellite data in retrieving atmospheric aerosols for
evaluating a delta region of the Yangtze River that was facing terrible atmospheric
pollution. Because of absence of the 2.1 urn band that is not exposed to the effect of
atmospheric aerosols from the I-IJ - l CCO data, the MOO[S surface retlectance and
BROF data products are required to retrieve the surface reflectance data (He et al.,
2015). Li et al. (20 12) recommended a novel aerosol retrieving algorithm that
combines HJ-I CCO and MOO[S data. With this algorithm, high resolution (e.g., 100
m x 100 m) AOO can be acquired. Ground measurements with good precision were
utilized in validation of the retrieved information. A high resolution is one of the
advantages in comparison with the MOO[S aerosol products because retrieval is of
high resolution ( 100 m x 100 m) and numerous textural details and properties of the
spatial distribution of aerosols can be acquired .

Numerous factors determine the retrieval accuracy and determine how good the
different retrievals are. Retrieval limitations or weaknesses and instrumental designs
are among the crucial factors for determining the quality of the RS aerosol data.
Instrument calibration, availability of spectral channels for retrieving aerosol with
weak overlap, non-homogenously distributed gases with potential for cloud screening,
and spatial resolution are essential clements. Likewise, there are numerous features
that affect the quality of the retrieval like the selected code for radiative transfer,
surface retle ctance treatment, procedure for cloud screening, and aerosol
microphysical model. The potential of the aerosol retrieval microphysical model for
successful retrieval relies largely on instrumental design. However, quite few user
specifications are essential. This is, for instance, relating to the single scattering albedo
of the aerosols (Myhre et al., 2005) .

The images derived from multi-spectral satellite give radiance measurements that need
to be converted to AOO, giving rise to an inverse problem. To overcome this problem,
cloud identification is firstly carried out and the identified clouds are deleted from the
satellite images to acquire the surface reflectance . The LUTs from which AOO is
retrieved are compiled using the radiative transfer algorithms with pre-determined
surface, atmospheric properties , and aerosol properties . In the case of the sub-micron
aerosols, the AOO is retrieved over oceans with varying wavelengths that range from
0.47 to 2. I urn through characterization of the ocean surface which serves as a function
for solar angle, roughness, wind speed, and other factors . In the case of the over land
aerosols , the background reflectance beneath the aerosol layer is necessary, so
approxima tions are essential (Charlson et al., 1969: Kaufman et al., 2002) No
association between the 0.55 urn and 2.13 urn wavelengths could be established for
estimation of surface reflectance . Thus, MODIS independently retrieves the AOO at
the wavelengths of 0.470 and 0.660 urn and interpolates these values to the wavelength
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of 0.550 urn . Accordingly, for every pixel recognized as aerosols by the algorithm and
for a specific Sun satelli te observi ng geometry, the mu ltis pec tral reflectance val ues
pro duced by the satellites are uti lized for obtaining AO D from the LUTs (Hsu et al .,
2004 ; Levy et al ., 2007).

Detection of aerosols by MISR on a different terrain reflectivity requires the aerosol
phase function . With nine cameras pointed before and after, the MI SR has revealed
tha t the ob lique views of the aerosols observed over a scene give a greater accuracy
than that obtained from MOD IS in AO D retrieval (Kahn et al ., 2007) . Yang Liu et al
(2007) discovered the limitation of the MIS R instrum ent, which is the narrow swa th
(360 krn in com parison with the 2,400 krn for MODIS) in which the ca meras are
act ually viewed with a week, long repea t cycle close to the equator prior to survey of
a regio n. Thus, the M ISR has lower ca pacity than MO DIS to occ upy the spaces
between the ground senso rs.

Other mea sures than AO D are avai lable that are beneficial in confirming the inheren t
characteristics of the aerosols. The aerosol absorption optical dep th (AAOD) is
measured using the GOME and 01\'11 instruments. The sensitivi ty of the AAOD to the
surface is less than that of OM I AO D or the aerosol index (AI) but the AAOD is highly
sensitive to black carbon (BC) in aerosols and has been utilized in the detection of
smoke aerosol plumes. Though this product is valuable for the delineation of plume
and transport, sensitivity of the AAOD can still be lower due to the atmospheric
opacity because of Rayleigh scattering. Hence, ad ditional testing is req uired to
confirm its usefulness for ground-based PM assessment (De Graaf et al ., 2005 ; Torres
et al ., 2007).

The active RS CALI PSO (swath 64 krn) views are much bet ter when there is no solar
background than they are during the day . Meanwhile, when co mpared wit h the AO D
retrievals fro m the pass ive RS MODI S (swath 2,400 km) instrument, the RS
CA LIPSO requires daytime data (Torres et al., 2007).

2.6 Algorithm for AOT Retrieval

Determination of AOT from sate llite senso rs is imp ortant fo r assessment of the g lobal
clim ate, visibi lity, air qua lity, radia tive forcing, and effec t of the aerosols on the trace
gases . Moreover, the sa tellite met hods used in cloud ret rieval ce ntered on space-based
observatio ns (Kokhanovsky et aI., 20 10). Based on th is, researches have been testin g
the AOT retrieval algorithms on the datase ts of the sa tellites . Exa mples of the se
algorithm s are the Mu lti-channel Reflectance algori thm (Levy et al., 2006», the
Co ntrast Reduction (C R) algorithm (e .g ., Grosso and Paron is (2012», the Retrieval
Algori thm (SA RA) and the DT algorithm (e.g., Bila l et al. (2014», the Simplifi ed
Aerosol Deep Blue (DB) algorit hm (e.g ., Hsu et al (2013», and the Multi-channel
Refl ectance algori thm (Zhang et al ., 2009).
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Th e Polar ization and Directionality of the Earth's Reflectances (PO LDE R) coupled
wi th Polarization and Directionality algori thm was develop ed by Masuda et al. ( 1999)
to be j ointly applied polarization , and is known as bidirectional refl ectance. The
estimation of AOT depends on backward sca tte ring polarizat ion ; a cha rac terization
carrie d out wi th the algo rithm. Leroy et al. ( J997) reported that the aerosol of pixe ls
mix ed wi th water over the land can be retrieved using this algorithm. I eve rthe less ,
the polarization and directionality algorithm require s a Bidirectional Reflectance
Distribution Fun ction (BRDF) .

Kaufm an and Sendra (1988) used the Dark Obj ect algo rithm to approximate AO D
through slight reflec tance of da rk veg etatio n in the vis ible spectrum. Ever since then,
thi s techn iqu e has bee n generally emp loyed in the ge neration of sa tellite-retrieve d
AOD, like the MODI S AO D data . Reflectance of the red and blue band for a da rk
obj ect (i.e., pix el covered with vege tatio n) is negligib le . Therefore, the reflecta nce
received fro m the satellite can be taken as the atmos pheric con tribution . Ident ifi cation
of a da rk obj ect is normalized wi th the norm al difference vege tation index (N OV !).

The inc rement of accuracy in AO D retrieval across open area such as the desert or
bare land suggested a novel algorithm (the deep blue (DB) algori thm) as a result of
the blue ba nd. Low surface refl ectance is observed at these parti cular blue
wavelengths . Hence, changes in aerosols ca n be iden tified by total reflectance changes
and im proved spectral contraction (Gino ux et al ., 20 12; Hsu et al ., 2004) Co mpa red
with earlier algorithms that pri mari ly use ba nds that are longer than 600 nm (red) , the
dee p blue algo rithm ca n be implemented by any sate llite monitors having blu e band
(Hsu et al., 2004) . Th ough , initia l mo nitors like AV I-I RR and TO MS lack the blue
band. Th erefore, the DB algo rithm may not be applicab le when carrying out historical
AOD research .

2.7 Remote Sensing Acc uracy Assess me nt

Accu racy ex presse s correctness . It measures degree of ag reement between a standard
value tha t is presum ed to be correct and cla ssified image of unknown quality . If the
classification of the image matches with the standard value , then the image is
des crib ed as accurate . In the statistical context, a high acc uracy imp lies a low error
and a low bias, that is, the estimate d va lues are co nsiste ntly close to the accepted
reference value . High preci sion means that variability of the estimates (independe nt
of their bias) is low (A ndria et al., 2000) .

2.7. 1 Measurement of Acc uracy of Maps

The task of accuracy assessment can be defined as a task of compari ng two sources of
info rmation , one based on the anal ysis of remotel y-sen sed data (na mely, the map) and
another that is based on a differi ng sou rce of information that is posited to be acc ura te,
i.e ., the reference data . The refere nce data are of obvious importance: if they are in
error, then the attem pt to assess the accuracy will be in error. Webster and Beckett
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( 1968) clari fied that high accurac y in the statistical context means that the bias is low .
In other words, the estimated values are consistently close to reference value . On the
other hand, precision means that variab ility of the estimates (independent of their bias)
is low. Usefulness of the map depends not only on its correctness but also on the
precis ion with which the users can make statemen ts about certain points that are
depicted on the map.

Foody (2009) highlighted that one of the principal objecti ves of accuracy assessment
is typically comparison, whether among classification results or against a reference
standard. Statistically valid comparisons must have a sample size appropriate to the
type of test, the effect size, power, significance level, and confidence limits of the
compa rison. In many studies , there are too few samples to permit statistical ly robust
comparisons. Careful planning of the accuracy assess ment and the comparison to hold
can help in reducing use of designs that have limited chance of producing significant
outcomes . In fact, as the resources are frequently limited and there is common desire
for parsimony, the careful planning will additionally help in producing the most
relevant design for the available resources.

2.7.2 Problem s in Accuracy Assessment

Foody (2002) mainta ins that the fundame ntal approac hes to accurac y assess ment seem
to be relatively straightforward ; various problem s are frequentl y enco untered when
assessi ng classification of an image. Those proble ms range from the issues related to
failure to meet the fundamental underpinning presumptions to a limited amount of the
information on quality of the map quality that is, in effect , conveyed by basic accuracy
assessment. Various somehow interre lated prob lems limit quantification of the
classification accuracy and, in consequence, use of the land cover maps that are
derived from RS. These encircle types of errors , accuracy measure and reporti ng,
spatial distribution of the error , sampling issues, employment of confusion matrix,
accur acy of the reference or ground data and the land cover change produc t, use of the
confusion, and the magnitude of error .

2.7.3 Acc uracy Assessment MO DIS Aerosol Retrieval

The underlying surface retlectance and aerosol models are the main factors which
impact the accuracy of performa nce of the MODIS retrieval performance. Actually,
the algori thm cons ists of three separa te algor ithms that are intended to derive AOT
data over differing sorts of surface s. The aeroso l algori thm has been designed to draw
global aerosol characteristics from window-band observa tions in the V IR and the
shortwa ve-infrared region . The dark target part denotes the sepa rate retrievals over the
dark (non-glint) deep ocean zones and dark (e.g., vegetated) land (Levy et al., 2009;
Strandgren et al., 20 14).
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The DT approach is limited over bright surfaces for accurate AOD retrieval due to the
diffe rences in the spectral retlecti vity ratio between dark and bright surfaces (Huang
et al., 20 18). To increase accuracy of AOD retrieval over bright areas like deserts or
bare land, Hsu et al. (2004) proposed a novel algorithm (the DB algorithm) based on
the blue band. Surface retlectance is low at these blue wavelengths so that change in
aerosol can be detected with the change in the total retlectance and an enhanced
spectral contrast.

Zifeng Wang et al. (20 I0) found that retrieving MODIS AOT over the land is practiced
during daytime only and for the dark and cloud-free pixels. Therefore, the AOT
retrievals are limited to the conditions prevailing over moderately-bright surfaces
where the retlectance measured at 2.13 urn lies within the range of 0.15 to 0.25. The
global products of the MODIS AOT have been offered on the website of NASA.
Extensive effort of validation that used more than 8,000 MODIS retrievals collected
by AERO ET AOT measurement uncovered that, globally, the MODIS products
possess_an accuracy equivalent to (± 0.05 ± 0.15 r) over the land and to (± 0.0.3 ± 0.05
r ) over the ocean . However, those estimates of accuracy apply to only the cloud-free
pixels declared by AERONET (Baum et al., 2007)

Correlation with the Sun photometer data is a choice . It is a statistical indicator to
employ for quantifying quality of the MODIS satellite product (Breon et al., 20 II ).
The statistical technique which was employed for quantifying the precision and
accuracy of the differing MODIS algorithms in retrieval of the AOT is the ort hogonal
regression method (Y - 0 h)() that is employed to estimate slope (h) and intercept
(0 ) of the relation between AERONET AOT (.\) and MODIS AOT ( Y). The intercept
serves as indicator of the uncertainty of surface retlectance estimation while the slope
is linked with the error in the presumptions of the aerosol model. Further, the 1', MAE,
RMSE, the expected erro r (EE), and the relative mean bias (RMB) have been
employed to assess the retrieval accuracy (Cheng et al., 20 12) .

2.8 Satellite Sensor for Prediction of Ground Pl\'h5 Concentr a tions

Investigations of the empirical relationship between Plvla.s concentration and the
observatio nal AOD are almost conf ned to China and the USA, with limited number
cf studies in Europe. Very few investigations were conducted over India (Sreekanth
et al., 20 17). Retrieval of the PlVb 5 concentration on the basis of satellite
measurements of AOD can otTer global coverage of the assessments of PM25, which
f lis the gaps between the stations where surface measurements of Pl\h 5
concentratio ns are lacking (Li et al., 20 16) . The levels of Pl\h 5 can not be measured
directly with satellite instruments. Nonetheless. they can be observed using AOT. If
the PlVb .5 concentration is thoroughly combined in the boundary layer and the clouds
are absent from the sky, then it is possible to express the AOT-Pl\h5relation as:
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AOT = PMzsxHxf(R H)x 3Qext,dry
4pre f f

(2 . 1)

where H is height of the boundary layer, j(RH) is the rat io of the amb ient to the dry
extinction coefficients, fJ is the mass densi ty of the aerosol, (!o,t ,drv is Mie exti nction
effi cien cy, and roll' is the effective radius of the particle (Duncan et al ., 2014).on

2.8.1 Fac tors Used in PI\'h,s Conce ntration Predi ction Models

The inputs for model perfect ion, like vis ibi lity, commo nly util ize natural
meteorological parameters W. You et a!' (20 16a ) such as the RH (Va n Don kelaar et
a!' (2006); pre cip itati on (Zh eng et a!' (20 16); wind direction and speed and the dew
point (Kum ar et a!' (20 13); the bou ndary layer height (Liu et a!' (2005): elevation
(Paciorek and Liu (2009); pressure (Ma er a!' (20 14): and temperature (Liu et al .,
20 12).

Natura l fac tors and met eorological variab les affect PlVb 5 for mat ion and dis persion.
Ce rtain weather con ditio ns (e .g ., vis ibility) are also affected by PlVb .5. Oth er fac tors
are socio-economy, populatio n, and road density (Pac iorek and Liu (2009) and land
use (Kloog et al., 2012) .

2.8.2 Pi\'h .s C once ntra t ion Pred ict ion Mo de ls

The ground-leve l PM con centration is linked with the AO D derived from the satellite
and can be empirically transformed into PM ma ss (Chu et al., 2003 ; Eck et al., 2005 ;
Koelemeij er et al ., 2006). Co nsequently, many empirical mode ls have been
estab lished for predi ction of the ground-level PM2.5 or PM I II conce ntra tion from
num erou s satelli te-derived AOD values (Ta ble 2.1). The methods most commonly
used for estimation of PM are simulatio n-based and observation-b ased meth ods.
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Table 2.1 : Ad vantages and limitation s of va r ious mo de ls for est imation of the
part iculate matter (PM) concentr at ion

Author Place Model Advanta ges limitat ions
(Beckennan USA Land Use -Effcc tivc model 111 111e variations 111 the
et al .. 2013 : Regression prediction of the long- levels of PM2 5 are
Mao et al .. te rm. intra-urban affected by height of
20 12) variations 111 air the planetary boundary

polluti on . -Promising layer. the vertical
(Stieb ct al.. Canada for air pollution aerosol structure. and
20 (5) exposure the relat ive humidity.

measurement 111 besides other
epidemiological meteorological
studies. especiall y for variables.
the chronic health
effects 111 large
populations.

(Di Italy Multivariate 111e multivariate There are vari ous
Nicolantonio Regression regression model was limitations. Certain
ct al .. 2007) relativel y more important covariatcs
(Gupta and USA appropriate than the like seasonal
Christopher. linear correlation variations in aerosol.
2009 ) model and the regional variations.
(Engel-Cox USA confounding bias and land use
et al., 2004) could be prevented by in forma tion were
(Wang ct al.. China inclusion of suitable missmg from the
20 13) covariatcs In the models. Moreover,
(Zhang ct al .. USA model. resolution and
2009) accura cy of the
(Tsai cr al ., China satcllitc-dcrivcd AOD
20 11) and the meteorological
(Y. Liu et al.. USA data were low.
20(7)
(Y. Bai ct al., China Geograph ically 111e GWRM can work Because model
20 16: Wei Weighted with the daily. construction IS

You ct al ., Regression month ly. or yearly dependent on ground
20 16: lou ct (GW R) average AOD data monitoring data.
al.. 2( 16) alone and PM2 5 data performance of the

alone. model may be of low
reliability in areas that
lack ground
monitoring stations.

(Zi fcng China Linear The satellite-measured -111e co rrelation
Wang ct al .. Correlations A0 1' can be strength is affected by
2( 10) empirically differcnccs In terrain .
(Chudnovsky USA transform ed into PM2 5 In general. the low
et al .. 20 13: mass by usmg the correlations can be
Engel -Cox et optical propert ies found III the high ly
al .. 2004: along height of the arid areas.
Wang. 2(03 ) aerosol laver 111 the -Cloud contamination
(Koclcmcijcr Europe atmosphere. reduces the number of
et al.. 2006 ) the single pixels

needed to provide a
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strong
correlation
AOT and
concentrati on .

positive
between
PM ~ ,

(Geng et al.,
20 IS)
(Van
Donkelaar et
al.. 20 15b)
(Kim cr al..
2( 14)

(Kloog ct al.,
20 11: 1-I . J
Lee et al .,
2( 16)
(Xie et al.,
20 15: Zhcng
et al ., 2( 16)
(Just et al.,
2( 15)

(Liu et al.,
20 12; Song
et al ., 2( 15)
(Liu et al ..
2009)

China

USA

Korea

USA

China

Mexico

China

USA

Chemical
Transport

Mixed- Effect

Generalized
Additive (GA)

Th e mode I can
forecast the PM~ ,

concent rations at the
ground level without
PM2, data from the
ground monitors and it
takes into acco unt the
component of the
AOD and effects of
other pollutants.

This model can be
applied widely to
prediction of the PM25
levels at the regional
level by using varying
meteorological and
land use variables for
model calibration . It
can also be employed
to predict the daily
concentrations of
PM2, . TIle model can
also be employed to
explore difference s
between the satellite­
de rived AOD-bascd
PM2 5 levels and the
ground-based PM~ ,

levels in health effects
research .

The model can pred ict
distinctly-differing
spatial patterns of the
concentrations of
PM2 , .
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The prediction impact
was relatively variant
and low am ong the
different areas.
Consider ing poor
perform ance of the
CTM. this model will
consume energy. time,
and financial resources
to acqui re the
necessary physical and
chemical information
on PM2., because of
lack of data on types of
pollutant enussions
and emission listing in
developed countries.
-Bccausc of lack of the
gro und- level PlVb ,
monitoring data 111

some areas. the PM~ ,

monitoring data C:Ul
not satisfy the
requirem ents of the
Kriging III MEM.
which influences
accuracy of the results.
-Corrclation between
PlVh , concentrati on
and AOD can drop
when only the total
AOD is used . It is not
obvious which
aeroso ls influenci ng
AOD play the main
role in total AOD or to
what extent the other
air pollutants impact
this correlation.
-Informati on on traffic
pollution ,U1d land use
is difficult to collect.
The GAM can not
acco unt for the
changing spatial
patterns of PM25 with
time.



2.8.2. 1 Ob servation- Based Methods

Empirical observation-based models depend on statistical regressions between the
AOD and the i ll situ measured PM concentration. They encompass SLRM (Gupta et
al., 2006 ; Wang, 2003); MLRM s, having more factors, for instance, T, ;\00, BLH,
\\IS , and RI·I(l3enas et al., 20 13a: Dirnitriou and Kassomenos, 2014; Emili et al., 20 10:
Karimian et al., 20 16): non-linear models (e.g., Baker and Foley (2011): land use
regre ssion (e.g.,(II . J Lee et al., 20 16); and the GWR (Gu pta and Christopher, 2009;
Hu et al., 20 14: Ma et aI., 20 14: Z. Ma et al., 20 16). Furthermore , consideration of
non-linear relat ionships among the dependent and independ ent variables can be
assimilated by the GAM (Liu et al., 2009 : Nakhle et al., 2015: Paciorek et al., 2008)
and the Artific ial Neural Network (ANN) algori thms (Gup ta and Christopher, 2009) .

2.8.2.2 Simula rion- Bas ed Methods

Recently Recently, the use of air quality simulation models grew into a principal
practice in assess ing the impacts of air pollut ion on the environment and individuals
(Fox, 1981). The impacts of meteorology (such as the RH) and the vertical structure
and properties of the aerosol like aerosol type and size distribution are taken into
consideration by the simulation-based methods whic h are simulated with regional or
global chemical transport models (Drury et al., 20 10: Liu et al., 2004) . Modern, three­
dimensional air quality tools for modeling have always been underestimated for
simulatio ns of eleva ted PM10 and PI\h 5concentrations. As well, three-dimensional air
quality models have been developed in the last 15- 20 years and considerable progre ss
has been taking place in this research area (San Jose et al., 2008) .

Philip et al. (20 14) descri bed the use ofGEOS-Chem globa l chemical transport model
(CTM) for calculating the native convers ion parameters corresponding to each satellite
observation. The temporal and three -dimensional spatial distributions are stimulated
by this model in several aerosol components and gases by using integrated
meteorology and emissio n inventories as the main input s. A global simulation at 20 x

2.50 spatial resolut ion was conducted along with three nested regional simulations at
0.50 x 0 .6670 resolution from 2004 to 2008 via meteorological data assimilated from
the Goddard Earth Observing System (GEOS-5) at the Assimilatio n Office of NASA
Global Modeling (GMAO). The results of this global simulation are emphatically
wri tten with nested regional simulations across North America, East Asia, and Europe.
The result s indica ted that the long-term average obtained from GEOS-Chem CTl'vl
simulated the long-term average ratio of PM25 components to AOD.

The integrated process rate analysis used in the Cl'vIAQ model was employed to
acquire quantitative data abou t the diverse processes in the atmosphere that influence
the formation of the fine particles. The PI\:I25process analysis shows that the principal
fi ne particle emissions are the major sources of the high surface concentrations of
[>1\'125 in three cities: Hangzhou , Suzhou , and Shangha i. The surface mass
concentrations of PI'vh 5 in Hangzhou and Suzhou used to have a horizontal
transportation increment, which signifies the regional transport of PM in other region.
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The aerosol transport process is the most influential process that brought about high
PM2.S concentration s in Zhoushan because of the downwind location and its
meteorological condit ions conducive to formation of SOA such as high humidity.
There can be a reduct ion in the Plvla. s conce ntrations beca use of vertical advection and
diffusio n from a lower level to the upper air in urban centers . The planetary boundary
layer (PBL) layer is the layer where the aerosol transport process takes place, making
the Plvl z.s that exists in the urban areas undergo vertical transport from upper layers to
the surface layer (Li et al., 20 14).

The Weather Research and Forecasting (WRF) model is a non-hydrostatic model type ,
having some dynamic cores and several diverse varieties for physical
parameterizations intended to denote the processes which the model can not resolve.
This permit s the application of the model to various dissim ilar scales (Grell et al.,
2005) . The WRF-Chem model has been utilized by several researchers in the PM and
meteorological field for simultaneous simulation of trace gases and aerosol in vario us
studies like the studies of (Yang Bai et al., 20 16; Gao et al., 20 14; Jin et al., 20 I I;
Sadavarte et al., 2016; Schwartz et al., 2012).

The three-dimensional atmospheric chemical conditions in July 2004 were estima ted
for the examination of the Community Multi scale Air Qualit y (CMAQ) model with
meteoro logical fields Eta model. Moreover, the Eta-CMAQ system had also been
positio ned across the eastern part of the USA in the summer 01' 2004 for the provision
of air quality forecast (AQF) guidance. The Eta-CMAQ AQF system com prised three
principal components : (i ) the Eta meteorologica l model for simulating the dynamic
conditions of the atmosphere for the forecas t period ; (ii) the CMAQ mode l for
simulation of transport, chemical evolution, and atmosp heric pollutant deposition ; and
(iii) interface , PREMAQ, that is used for facilitation of the transformation of the Eta­
derived meteorological fields to adapt with the CMAQ coordinate system , input data
format, and grid structure (Mathur, 2008). A thorough assess ment of the real-t ime
forecast of PJ\rhs, its chemical constituents, and its associated precursors was
perfo rmed using the Eta-CMAQ model over the eastern USA by compari ng model
results. The daily variations of the observed PJ\rhs levels were reproduced and the
majori ty (greater than 70%) of the observed Plvla.s levels were captured (Yu et al.,
2008) .

For improvement of the AOT forecas ts, global climate models are now utilized to
simulate the standard satellite products. The foremost advan tage of these model s is
their ability to simulate the factors (Ii ke size and chemical composition of the particles)
that have effects on the relatio n between AOT and AOT. But the underlying pri nciples
and the operations are the main deficiencies between these models.

29



2.8.3 T he Moderate Resolution Imagin g Spect ro rad iome ter (M O DIS)

The The twin l'vIO DIS was laun ched aboard the Terra and Aqua satellites under the
umbrella of the NASA Earth Ob serving Sys tem (EOS) program to acqu ire day-to-day
remote mea surem ents of aeroso ls across the land and ocean , and to have in-depth
und erstanding of the global aerosol budget. Estimation of the contrib utio n of the
anthro pogenic emi ssion s to the aerosol budget and to radiati ve forcing is car ried out
using the data . The date 18 Decem ber 1999 marked the f rst day for the lunc hing of
the Terra satelli te . Its observation wor k co mmenced that very mornin g when it
traveled ac ross the equator during the day time at about 10 :30 a.m local time (Roman
et al., 2014) On 4 May 2002, the Aq ua satellite was launc hed for noo n day
observations. Itt raveled across the equator duri ng the daytime at about 1:30 p.rn local
time (1-1 . J Lee et al., 20 16) . Th e first gro up of confi rmed produ cts came up in
Co llec tion 2 (C2), but these were later swiftly replaced by C3 within the first two years
of launch of Terra while C4 wa s the first steady, broad ly-uti lized and accuratel y­
docu mented set of MO DIS aerosol products (Remer et al., 2005) . Nevertheless, an
unacceptable bias level is inherent in the C4 aerosol prod uct over land (Levy et al.,
200 5). The develop ment and implementa tion of C5 was ca rried out using a second­
ge neratio n land algori thm coupled with the imp lementation of other changes (Levy et
aI., 2007)

Levy et al. (2013) describe d the algori thms of the recent Collecti on 6 (C6 ) which
retrieve AO D and aerosol size fro m the MO DIS spectra l retl ectance. Wh ile there are
no major developmen ts over Collection 5 (C 5), there are wide cha nges wi th
pronoun ced impacts on the products and their interp reta tio n. Three differ ent retrieva l
algorithm s were created from the C6 aeroso l data sets which function over diverse
surface types . The two DT algori thms use (i) da rk in visible and longer wavelengths
(over ocean) and (ii ) over vegetated or dark-soiled land (dark in the visible), incl udi ng
the DB algorithm, initiall y devel oped for retrie ving br ight in the visible wavelength
(over desert/arid land) . A global DT-Iand and DT- ocean aerosol product will contain
C6 at three-kilometer resoluti on . The novel C6 calibra tion approach elimi nates key
calibration patterns from the MODI S Level I B data (Lyapus tin et al ., 20 14). The
provision of improved monitoring for the land , atmosphere, and ocean is one of the
major factors to be considered when designi ng the MO DIS (Ju stice et al., 1998; L. L.
Wa ng et al ., 20 I 0) .

2.8.3.1 The MODI S Sensor Data

To obtain the MOD IS data, the EOS Pathfinder is used . The users prefer an advanced
order of the data products, which is the maj or ad vanta ge of the Pathfinder, The
challenge of data processing for the user is overcome by atmos pherica lly-corrected,
sta ndard, temporal composites, or spatia lly- accumulated data sets, hence permitting
the resource s of each scie ntis t to be ded icated to answering the science questio ns
instead of processi ng data (Justi ce et al., 1998) .
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2.8.3. 2 Vali datio n of the MODI S AOT Retrievals

The Validati on of the MODIS aerosol prod uct s is ongoing worldwide. The generated
daily data are validated for MODI S and AERONET data in a very ea sy ASCII forma t
( Ichoku et aI. , 200 I) The devel opment of the spatiotemporal app roach has perm itted
the objective and qui ck satelli te aerosol retrievals from the MODI S coupled with the
retriev als of ground aerosol from AERONET (Ichoku et al ., 2002) . Use of the MOD IS
sensors sta rted in 24 February 2000. Th e equ ipment is fortifi ed wi th 36 different
spectral channel s rang ing in wavelengths from 0.14-14 urn, with spatial resolutions of
250 m, 500 m, and 1.0 krn, an d provid es wo rldwide aerosol retrieval coverage at
NADIR lO>10 km grid (C hu et al ., 2003). Retrieval errors of (Ara = ±0.05 ± 0 .2 ra )
over the land were recorded in the first validation of MODIS-deri ved AO Ds. For
comparison purposes, a somewhat lower er ror (Ar a = ± 0.03 ± 0.05 r a) over the ocean
wa s recorded for the AERON ET Sunphotometer (Remer et al ., 2002 ).

The accuracy of the MODIS global land surface albedo product (MOD43B3) was
investigated by Wang et al. (2004 ), wh o employed ground me asurements of the albedo
for the period January 200 I to Jul y 2003 . The accuracy of 0 .02 required by the climate
model s was met by the MODIS-deri ved albedo data. There are no clea r differences
between the MOD IS albedo and the mean ground albedo measurements. Th e AO D
deri ved from MO DIS compares well with the AERONET dat a, where the aerosol
observed is dominated by fine mode aerosol. Thi s sugg ests that the single scattering
albedo, whic h is the albedo assigned by the algorithm of the model is appropriate .
These resul ts were achieved in Western Europe, over the East Coast of the USA, and
some parts of As ia (Levy et aI. , 20 I0).

Bib i et al. (201 5) compared the values of AOD obt ained from MODIS (DB), M IS R,
CALlPSO, OM I, and MODIS (Standard) sate llite-borne instruments, including values
obtai ned from four AE RO NET ground-ba sed sites for the goal of validating the
satellite retrieval s against the ground mea surements . Generally, comparing the
MODIS (Standard) retrievals with those of the AERONET disclosed a high degree of
correlation for the four inve st igated sites . However, the comparisons of MODIS D
retrievals with those of AERONET revealed higher correlati on s. At the sam e time, the
compari sons between the retrieval s of M IS R and AERON ET uncovered strong
correlations as observed in the OMI-AERONET com par isons . Meanwhile, poor
correlation s were observed in the comparison of CALl PSO-AERONET retrievals due
to the limited availabil ity of point data.

2.8.3.3 The MODI S Sensor Esti mate G round-level PM 2.:;

The relationship between AOD and Pfvhs depends on many parameters such as
pa rtic le optical properties, RH, the Plvlz.s vertical and diurnal concentration profil es,
and surface retlectance (Chudnovsk y et al ., 2014). Use of satellite-derived AOT values
fo r estimati on of the levels of PM was first reported by Chu et al. (2003). These
researchers co ncluded that MODIS aerosol retrieval s give valuable views on the levels
of air po llution worldwide. The MO DIS has the capacity to mo nitor local and regional
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air pollution, which is a monitoring that is realizable in any part of the globe using
direct broadcasting of Terra and Aqua MODIS with data processing times that are
usually less than an hour, that is, a monitoring that is close to the real time (twice a
day). Generally, the results of comparison in the spatial patterns of the hourly P~t12 5

concentrations of the surface monitor with the der ived- ta coincident MODIS patterns
in the mid-Western USA and central Ontario disclosed comparable patterns (Kittaka
et al., 2004)

2.8 .3.4 Spatial Prediction of Particulate Matter (PM)

Van Donkelaar et al. (201 0) compiled an international combination of AODs from
MISR and 10DIS (Figure 2. 1) for improvement of the strength of correlation
between the AGO data and the ground-based Pl\t12 5measurements. They reported that
extension of the satellite data for six or more years reduced the sampling errors. The
unique global spatial resolution of O. lOx 0. 10 holds relevant variation for population
distribution. The application of GEOS-Che m is ju stified for tracking the aerosol
vertical distribution. Van Donkelaar et al. (20 I0) discovered spatial agreement (r =

0.77 ) between the average ground-based PM25 levels and the concomitant satellite­
derived PiYb s data for North America

.
I » ~
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Figure 2. 1 : Global, Satell ite-based P J\h.~ Leve ls Average d ove r Six Years (200 1­
2006)
The white space refers to water or areas with < 50 measurements.
The circle s express the locations and values of the comparison sites outside the USA
and Canada.
The black box denotes European sites
(Source: Van Donkclaar et al., 20 10)
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Likewi se, Boys et al. (2014 ) used AOD data retrieved from SeaWiFS and M ISR for
produ ction of an integrated, fi fteen-year ( 1998 to 2012) wo rld time series of ground­
level Plvlz.s concentrations at a resoluti on of lO x IO(Figure 2.2) . The relat ionship
between ground-level PI'vb .5concentration and indi vidual AOD retrieval was expl ored
using GEOS-Chem. The highest mean annual P '12.5 level s were found in East Asia.
The major problem in the eva luation of the satellite-derived Pl'vb .5lev els wo rldwide is
the lack of ground-based measurements (Va n Donkel aar et al ., 20 ISa).

o 12 II 2~ JO $0

I 1111 rl vod PM.. ~g m-~
70

Figure 2.2 : Sam piin g-corrected 24h PI\h.s Level s Brawn from 1\1 ISR (Average of
the Yea rs 2000-2012), SeaW iFS (Average of the Years 1998- 20 10), and a M ISR­
SeaW iFS Com bination (Average of the Years 1998-2012)
The grey color indicates missing data.
(Source: Boys et al., 20 14)

A global data set consisting of 210 ground-based literature values were empl oyed by
Van Donkelaar et al. (20 l 5a) for eva luation of globa l satellite P~h5 assessments in
several places in China and India . A high co rrelation (r = 0.8 1) was found despite the
fact that the satellite Plvl z.s observa tions wer e considerably low er than the ground­
bas ed mea surements (slope = 0.68) . Van Donkel aar et al. (20 16) presented a
universally-applicable techn ique that combined geophysicall y-pil oted simulations , the
ground-based measurem ent s, and satellite retri evals for im proving the PM2.5
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representation at spatial scales proportionate to population density. Availability of
higher temporal global PM25 monitors will permit good representat ion by the
GW RMs for seasonal-driven preference like the associa tion with mineral dust and the
burning of biomass. Areas subjected to heavy emissio ns of mineral dust constitute a
problem for the satellite retrieval, the simulations, and the ground measurements.

Both at the regio nal and local levels, various research contributions have been made
to elucidati on of the corre lations among the ground-level PM2.5 concentration and
MODIS data at the contin ent scale (Van Donkelaar et al., 2006), the regional scale
(Di Nicolantonio et al., 2007; Green et al., 2009; Guo et al., 20 13; Hutchison, 2003;
Kim et al., 20 13; Kittaka et al., 2004 ; Y Liu et al., 2007 ; Tian and Chen, 2007; Yao
et al., 2012; W. You et al., 20 16a), and even at the local scale, with a focus on group
of specific cities (Guo et al., 20 14; Gupta et al., 2006; Hutchison et al., 2005 ; Kong et
al., 20 16; H. J Lee et al., 20 16; Y Liu et al., 2007 ; Zhang and Li, 20 15). Albeit it is
agreed upon that MODIS AOD has a large potential for the estimation of the PM2.5
concent rations, unbalanced data were detected based on the strength of corre lation and
their spat iotemporal variations.

2.8 .3.5 Simple Lineal' Regression Models (S LRMs)

Chu et al (2003) provided evidence on potential use of MODIS in monitoring of
internat ional, regional, and local air quality. They studied three areas simultaneously;
India and eastern China, eastern US/Canada, and Western Europe. The selected areas
represent the most industrialized and populous areas on Earth. Three urban regions
were also included in the study: Greater Los Angeles, Beijing (China), and Northern
Italy. The study had two central aims: (i) finding a way to genera te AOD
measurements from MODI S images with the same accuracy of the ground-based
LIDAR measurement s and (ii) determining if AOD data were good enough for
estimating PM at multiple levels. To correlate L1DAR-derived AOD measurement s
with ground-based measurements of PM10, regression analysis was applied and data
from AOD and MODIS were compared with the LIDAR-derived AOD for validation.
The coetli cient of correlation (r) between the AOD and MODI S data was higher than
090, showing high agreem ent between MOD IS AOD and the ground-based LlOAR
measurements of AOO.

Correlation of MODIS AOD with surface PM levels was reported by Chu et al. (2003).
They reported abse nce of significant correlation between MODIS AOD data and the
ground-level PM measurements. This happened in extre me conditions, where smoke
layers were extending from the surface to a height of 5 km. An r value of 0.82 was
obtained in northern Italy, thus revealing the potential for using MODI S AOD for
estimating and forecas ting the regional air quality. The period of the study was July
2000 to May 200 I . Seasonal variations were observed. The highest AOD values were
report ed in summer and spring while the lowest AOD values were recorded in winter.
Different procedu res were applied to each individual site and each step was not
sufficiently accounted for in their study. For instance, meteorological conditions like
high atmospheric temperature and strong winds were compared quant itatively with
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AOO levels but were not integrated statistically as factors in the analysis . The scope
and level of the paper is ambitious. However, it could have been clearer had it targeted
MODIS AOO for accuracy testing or for the estimation of the regional levels of
aerosols.

Comparing the actual colors of the images produced by AOO with the ground-based
EPA monitoring networks uncovered that both give appreciable information for the
determinati on of the urban air quality (Engel-Cox et al., 2004) . The concepts presented
by Chu et al. (2003) were expanded through the incorporation of MODIS-derived
AOO data with ground-based Pt\!J25and PM10 measurements via regression analysis.
Regional differen ces exist in the relationship between the ground measurements and
the satellite-based measurements, most probably because the AOO-Pt\'b.5relationship
is infl uenced by certain variables like weather, climate, and the local terrain (Engel­
Cox et al., 2004).

Further investigation of the van anons in both the seasonal and geographical
correlations among the PM25 levels and AOO across the USA was carried out by
Zhang et al. (2009) . The relationship between AOO and PIV125 was determined by
matching the observations of the Aqua and Terra satellites with the ground
measurements at 10 EPA areas for two years (2005-2006) using MODIS AOO data.
Their findings revealed the effe cts of seasonal and geographical factors on strength of
the relationship of PI\'b.5 with AOO across the eastern USA. High effec ts were
detected in fall and summer. The highest R2 value was recorded in the South-eastern
USA but the relationship between these variable s in the southwest areas (region 9),
which includes California, had the lowest R2 and r values (r = 0.26 and R2 = O.17). It
is worth highlighting that this study did not include meteorological factors.

Contrary to the large-scale investigations, Gupta and Christopher (2008b) used
['vIOOIS AOO data and PIV125 ground measurements taken at a particular site in
Birmingham and Alabama for seven years to determine how effective the MODIS data
are in air quality monitoring and develop an insight into the monthly, seasonal, and
inter-annual relationships between AOO and PlVb .5. The relationship between the
average, day-to-day PlVb .5concentration and AOO was characterized by a correlation
coefficient 01'0.52. In the case of the hourly measurement s, the value of r was 0.62.

Natunen et al. (20 I0) explored the relation between PM2.5concentration and AOO at
a small regional scale in Finland using seven-year data (2000-2006) representing
ground-measurements of PIV125produced by four stations in Helsinki. The researchers
used MODIS AOO data derived from the Aqua and Terra satellites to examine how
the correlation between AOO and PIV125affects the mean of the temporal PM25 levels
and their seasonality. They found that the time mean strengthens the association
between these two variables above and beyond the hourly P1V125. The closest satellite
overpass was paired with the hourly PM2.5measurement s. Additional 24-hour data of
hourly measurement s at both sides were averaged and the resultant mean value was
correlated with AOO. The mean time having the highest correlation differed between
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the four sites . The be st results were associat ed wi th the 19-, 15-, 5-, and 24-hr average
values . Overa ll, the r values ranged fro m 0 .57 to 0.91 .

Sim ilarl y, research carried out by Tian and Chen (20 10b) co nsidered the effect s of
me an ave rage tim e on the AOO-PM2.s relation ship across so uthern Ont ario in Canada .
To obtain the best genera l correlatio n, day-to-d ay and thr ee-hou r average va lues of
ground-lev el Pt-.h s measurements were co mpared with each ot her. Th e best r value
obt ain ed (0593) wa s associated wi th the thr ee-hou r window. Ti an and Chen (20 10b)
rcp0l1cd aggregated va lues over 3 x 3 pixels with an improved r value of 0 .03 over the
sing le-cente r pixel values using Terra and Aqua satel lite s.

2.8.3.6 Multivariate Mod els

Succ es sive research developed qu ite co mplex em piri cal models that inte grate
environmental parameters, incl uding geographical and met eorological data. in
multipl e reg ression analyses at urban and regional scales (Ku ma r et al., 2008; Li et al.,
2009; Mao et al ., 20 12; Wall ace and Kanaroglou , 2007) The height of the PBL is a
key en vi ronmental fac tor to take into acco unt when ass ess ing the quality of air via
satellit es du e to its effec ts on the vert ical di stri but ion of aerosols . The PB L largel y
de velop s duri ng the day and dem on st rates a strong inversion at the top . In th is layer,
co nfi neme nt and mi xing of anthropogen ic aerosol is pronoun ced . This is vital be cause
th e aerosol extinctio n mea sures the AOO for the whole co lumn in the atmo sphere fro m
the ground till the satelli te senso r. Th e measured AOO va lue is co nsta nt irres pective
of the development of the boundary layer. In a situa tion of hig h bou ndary layer havin g
frag ile inversion , correlatio n between the ground-based measureme nts of Plvlz.s and
AOO may not be strong (Gupta and Christopher, 2008b)

Th e AO O- Pl\hs relationship depen ds largely on the heigh t of the PBL. Th is,
co mbi ned wit h meteorological factors tha t affec t particle formation and growth lik e
the RH , is the reason be hind inade quacy of the simple two-variable, regression
analyses linking Pl\h s and AOO for ground-level Pl'vb.s es timation . Few studies have
integrated the height of the PB L in multip le regression analyses (Glantz et al ., 2009;
Hoff and Chris to pher, 20 12; Y. Liu et al., 2007; Tsai et al., 20 I I; Zifeng Wang et al.,
20 10) .

Based on the atmosphe ric radiat ive transfer theor ies and the characteristics of op tica l
aerosol s, the ve rtical di st ributi on of aerosol was determi ned and it wa s fo und that the
RH possesses high effec ts on the rela tio nshi p between PM concentra tio ns and AOT
(Zifcng Wang et al., 20 10; Zhang and Li, 2015). There is an indirect relatio n be tween
ground-le vel Pt-.h s and AOT, with a strong correlation during the da y by effec t of the
low cloud cover, good vertical mixing, and low RH ins ide the at mosp heric colu mn
(Al-Harndan et aI., 2009). The AOO- PM 2.s relationship can be affected by the RH
through the cha nge it induces in the optica l parame te rs of the aerosols (Zhang et al.,
2009). Th e highest co rrela tio n between the Plvlz.s mass and MO DIS AOT was reported
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by Gupta et al. (2006 ) in a condition of clear cloud, a RH of 40-50%, and an
atmospheric mixing altitude varying in the range of 100-200m.

One of the premier studies to apply multiple linear regression analysis (MLRA) of Plvl
to the meteorology research is the study of Gupta et al. (2006) . These researc hers
assessed the air quality in 26 localities in Delhi, ew York, Sydney, Switzerla nd, and
Hong Kong using one-year AOD data derived from MODIS aboard the Terra and
Aqua satellites besides ground-measurements of Pl\12s. An r value of 0.96
characteri zed the relationship between the bin-average daily AOD mean and the
ground-level PM2.s measurements upon inclusion of the wind speed and the boundary
layer height in the model. The best results were obta ined when height of the boundary
layer was within the range of 100 to 200 m and the cloud cover was 25%.

Multiple regression analysis was applied by Tian and Chen (20 lOa) to predict the
hourly concentrations of P 12s in southern Ontario, Canada. They introduced an
enhancement to the previous results on the relation between the ground level AOD
and PMz.s conce ntrations thro ugh the addition of boundary layer and meteorological
factors. The goa l of this study was develop a low-cost method for supplerne nting the
ground monitoring stations. Data for the year 2004 were used in development and
validation of the model. The model predictions correlated highly with the ground­
based observations (R2 = 0.64).

Di Nicolantonio et al. (2009) used MO DIS AOD and climate model simulation to
predict the ground-level Pl\12s concentrations in Po River valley in northern Italy. The
study cove red three summer month s (May to July) in 2007 and three winter months
(January to March) in 2008. There was a goo d agreement in their predictive model
between the ill situ measurements of Pl\12s, where the H2 values were 0.68 for
MODISrrerra and 0.59 for MODI S/Aqua. The levels of Pl'vb s were found to be
grea ter in the winter months than in the summer months but the satellite-based
concentrations of Plvl a.s seemed to have underesti mated the values by 20%. The likely
reason(s) for the seaso nal tluc tuations discovered in this study were not discussed by
these resea rchers.

Zifeng Wang et al. (20 I0) examined the potential role of inclusion of RH data drawn
from meteorological stations and bound ary layer height derived from L1DAR in
improving the strength of the correlatio n between Pl'vh s and AOD in Beijin g, China,
for a period of 15 months, extending from July 2007 through October 2008.
Incorporation of the boundary layer height and the RH in the model resulted in
improveme nt of the predictive power of the model by 14%, where the R2 value was
0.48 in the case of the two-variable model and 0.62 in the case of the multivariate
model.

A method for calibra tion of MODIS AOD data for accurate prediction of the ground­
level concentratio ns of Pl\h s was suggested by Lee et al. (20 I I) . Their study was the
first to investigate the relationship betwee n PM2.s concentration and AOD on a day-
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to -da y basis . The AO O data we re retrieved using MO DIS on board of the Aqua and
Terra satellites . The area of the stud y included sections of Rhode Island and
Massachusetts . It was represented by 387 grids of 10 km2 are a, each , in the ArcG IS
9.3 env ironment. Us ing MLRA , the average PM25 concentration was statistically
es tima ted and predicted A high er correlation (r = 0.79, H2 = 0.62) was indicated by
the MLRM than that prod uced by a SLRM of the same data (r = 05, R2 = 0.26)
Co nse quen tly , it was concluded that using multivariate model for predicti ng surface­
level Plvla.s concen tra tio ns has advantages over using simple, two variable model and
that multivaria te regression modeling will be perfect for the studies of time series and
cross -sectional hea lth effects .

Mao et al. (20 12) developed and tested an enha nced land use regressio n (LUR) model
that integ rates mon thly AOD data from MOD IS Terra. Usu ally, variables like land use
or lan d cover, point-source emission, traffic information, and population are utilized
by LU R models for predicting long-term intr a-u rban air pollutant distrib utio n. One
major drawback of thi s technique is the limited avai lable in formation about the
temporal variability . In most of the cases, this deficiency limits the representatio n of
the spatial variabi lity of pollutants There was no inte gra tion of meteorological data in
the mod el. The concentratio ns predi cted were observed to be greater in summer/fa ll
than in other seasons. However, they ag ree with past studies in the eastern USA (Chu
et al ., 2003 ). This is possibl y a result of increa se in temperature, high humidity, and
strong insulation that lead to atmospheri c ions reacting and form ing aerosol products .

The sea sonal and spatial variations in aerosol concentrations were studied by (Mansha
and Gha uri , 20 I I) across Karachi , Pakistan. The research data were obtained from
MO DIS AOO using the Sun photometers Aqua and Terra satellites and ground-based
Pl\hs measurements for the year 200 8. Higher concentrations of PM2.5were observed
in winter through the summer season due to the low boundary layer height s in winter
and an increase in the wind speed in the summer. Variati ons in such parameters as
temperature, the RH, and wi nd speed were predi cted by the MODI S AOO. The study
found that the developed regre ssion model s had R2 values ranging from 0.47 to 0.67 .

Similarly, a study on the surface PM and MODIS AOO retrievals wa s carried out by
Tsai et al. (20 II) . The study aimed at assessing the capacity of satellite for air quality
monitoring in Taiwan . The independe nt vari ables included the bou ndary layer height s
and the RH . Valid ation of the MODI S AOD retrieva ls (the R2 values were 0.82 for
Terra and 0.69 for Aqua) was performed using tw o Sun photometers. The AO O-PM 25
rela tion ship was found to be crucially dependent on height of the boundary layer as
evidenced by the high er R2 values (0.86 vs . 0.77).

Observati ons of PM are scanty around the globe bec ause of probl em s in the related
sampling methods and high cos t of sampling . Large-sca le spatial coverage is provided
by satellite ob servation at a low cost and, hence , it has been utilized in several studies
in the last 10 years for anal yzin g the relation bet ween AOO and the surface Plvlz.s
concentration in diverse part s of the world (Chen et al., 20 16).
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Many form er studies were based on MODI S AOT products. The daily products of the
MODI S sensor have been broadl y employed to eva luate the relation be twe en ai r
quality and the Pr-,-h s concentratio n. In recent yea rs, wat er and air pollution in
Ma laysia, especially wi th industrial wastes, has becom e ser ious . Air pollution is the
main factor that has bee n impacti ng the hu man health , forest spec ies, agricultural
cro ps, and the varied ecosystems . Moni toring studies of the ambient air quality and
the generated data indicate that the concentra tions of some air pollu tant s are increasing
wit h time in several big cities and are not all the time within the acceptable lim its
according to the national ambient air qu ality stan dar ds . However, data on air pollution
and case studies are much limited in Malaysia (A froz et aI., 2003). In recent time s,
sa tellite RS is broa dly use d to monitor quality . Becau se oflack of suc h studies in this
field in Malaysia, the curren t study fills a gap in the lit erature by us ing data obtai ned
fro m the MODIS sensor to estimate the Pl\h s co nce ntrat ions in Pen insular Malaysia .

In tropical countries like Mal aysia , the clo ud patte rn ca n be highl y var iable as a result
of the high humidity and the unpredictable wea ther , particularly du ring the mo nsoons.
Th e clouds have a high effect on the MODI S AOT retrievals . For thi s reason, thi s
study investigated the effects of three sizes of MOD IS pixels ( I x I, 3 x3, and 5 x5
pixels) on estimates of ground leve l mass co ncentratio ns of PM2s.

The (vIO DIS senso r on board the Terra sate lli te overpasses the study area ; Pen insu lar
Malaysia, once per day at approxi ma tely 10:30 a.m local time. Instead of the Plvl a.s
concentration s that can be ob tained from 24-hour samplers in the ground stations,
satellite dat a were used and statistica l analys is was co nducted in this study by
reg ress ion modeling to ex plore the relati on s among AOT (once a day), meteorological
parameters (24 record s per day) , and the dependent variables (hourly and daily Plvlz.s
concentrati on s). Th e hourl y data were sy nchro nize d with the satellite passage and the
dail y data are the 24- hr average PM2s conce ntra tio ns . The H2 value was employed as
a measu re of the predictive powers of the regression models.

Penin sula r Malaysia is one of the zo nes in the worl d that are most affec ted by the haze
episodes in eas t As ia that are frequ entl y triggered by bio mass bu rni ng in Sumatra,
Indonesia . For this reason , satellite RS (MO DIS) can provide ae rosol data at suffi cient
spatial (10 km ) and temporal (da ily) cov erage for this region to allow fo r studyi ng
phenomena such as pattern s of aerosol s and their impact on air quality .

The foregoing review of previou s studies brin gs to surface that MODI S data were used
in different climates and geographical location s. Furthermore, the y were applied at
global, regional , and local sca les (Ta ble 2.2) . Th is study follows a physical approach
that takes advantage of satell ite coverage at a local scale to estimate the ambient Plvla.s
mass co nce ntra tio n. Overall , results of previous studies pinpoint high co rrelations
between MODIS AOT and gro und Plvlz.s measurements in different per iods . In the
light of these results, the resea rcher posit s that there is a positi ve co rrelation between
satellite and ground mea surements of PM r., in Pen insular Mala ysia .
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Table 2.2 : Estimation of Pl\'h;; level s in different cou ntr ies usin g data drawn
from the MODI S sensor and different models

Place Study period Model (I ) 112 Value (2) Referen ce

USA 2002 LC 0.960 (Wang. 2003)
SA 2002 LC 0. IX5 (Engel -Cox et al. , 2004)

USA 200 4 I'vlL R 0.423 (Engel-Cox et al .. 2006)
Euro pe 2003 LC 0.360 (Koclcm eijcr ct al .. 20(6)
India 2003 MLR 0.700 (Kum ar er al .. 200 7)

Canada 2005 MLR 0760
(W allace and Kanaroglou ,
20(7)

USA 200 4 GAM 0.360 (Pac io rck ct al., 200X)
USA 2004-2006 MLR 0.365 (Gu pta and Christo pher. 2009)

G lobal 200 1-20 06 CT M 0.593-0 .6X9 (Vall Donkclaa r ct al.. 20 I0)
Ch ina 2007-200X LC 0.470 (Zifcng Wan g et al.. 2( 10)
USA 2003 M El\1 0.97 0 (Lee ct al.. 20 I I )
US A 2000-200 X M EM 0.850 (Kl oog cr al., 20 12)
USA 2003 LC 0.4 70 (Chudnovsky et al .. 2( 13)
USA 2003-2007 MLR 0.760 (Saunders c t al ., 20 14)

Global 20 12 MLR 0.850 (La i ct a l.. 2( 14)
China 20 12-20 13 GW R 0.7 10 (Ma ct a l.. 2(14)
China 20 12-20 13 GW R 0738 (Song et al.. 2( 14)

Mexico 200 4-20 14 M EM 0.724 (Ju st ct al.. 2( 15)
USA 2007 -20 II M EM 0.770 (Mihyc Lee ct al.. 2(16)

China 20 13 GAM 0.69 1 (Yo u ct a l.. 2( 15)
China 20 13 MLR 0.462 (Zhang and Li. 2(1 5)
USA 206-20 12 M EM 0.666 (H. J Lee ct al .. 20 16)

Chi na 2000-20 14 LC 0.672 (C Lin ct al., 2( 16)
USA 2003-2008 M EM O.lPO (Sh i ct a l., 2( 15)

Globa l 1998-20 14 GWR 0.8 10 (Van Donk claar ct al .. 2( 16)
China 20 14 GWR 0.810 (W You ct al.. 20 16b)
China 20 13 GWR 0.750 (Zo u ct a l., 20 16)

( I) LC: Linear Correlatio n: MLR: Multiple Linear Regression: MEM: Mixed-Effect Model: CTM:
Chemical Transport Model: GWR: Geographically-Weighted Regression.
(2) Model performance was assessed in tenus of the corresponding R2 value,

2.9 C ha pter Su mma ry

Measurements of PI\h 5can be acquired from the air quality monitoring networks and
programs that are operating in many countries. However, the ground PM25
measurements only represent the PM2.5 levels in a limited area around the monitoring
sites. Under these circumstances, the satellite measurements can be used to acquire
PM2.5 data with greater spatial coverage. A strong relation between PM2.5
measurements and the satellite AOT has been reported by previous research.
Numerous satellites and algorithms have been employed for AOT retrieval. In
previous studies, the MODIS was the satellite most often used. It provides the users
with AOT data that are generated using the DP and DT vegetation algorithms to users
directly so that they will not have to retrieve AOT from the RS data by themselves. In
20 14, NASA released the MODIS Collection 6 product. Usually, ground-level AOT
measurements, such as the AOT provided by AERONET, can be used to calibrate the

40



satellite AOT data . The current models for AOT -Pl'vhs can be categorized into
observation-based and sim ulatio n-based methods . In the observation-based models,
linear regression modeling is most often used and spatial regression can consi de r the
spatial autocorrelation. For improving the AOT -Pl'vhs estimation model, other fac to rs
(e .g., meteorolog ica l factors) are also taken into co nsideration in more co mplex
models. The Plvlz.s distribution estimated fro m satellite data can con tribute to
pro nounced enhancement of information about the co ncen tra tio ns of Pl'vh s at the
ground surface level in a wide spatial range. To sum up, the previous stud ies
summarized in Tab le 2.2 used MO DIS data for global , regional , and local are as to
estimate the levels of Plvl a.s.
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CHAPTE R 3

METHODOLOGY

3.1 Overview of the Methodology

Th is chapter defines and describes the study area as well as the sate llite and ground
AOT data which were used to estimate the ground PM2.5 concentrations . Thi s is
fo llowed by de scription of the instrume nts, the spectro radiometer MODIS and Sun
photometer retrieval of AERONET station, and the dat a co llec tion. In addition, thi s
chapter provides explanation of the image and dat a anal ysis and the proposed methods
and ap proaches. Figure 3.1 disp lays the methodological framework.

-
Figur e 3.1 : Met hodological Framework

The ground monitoring data are co ns ide red as acc ura te measurem ents. Ho wever , they
only rep resent the co nce ntrations in a rel ati vel y sma ll area . Furt he rmore , the number
o f gro und stations is usuall y limited and the distributions o f those stations are
unbalanced. Thi s makes con tinual spatia l monitoring diffi cult . Ap311 from res olution
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and spatial coverage, temporal coverage of the gro und-level PM monitoring stations
varies highly as it depends on fu nctionality and the operatio n period of the ins trume nt.
Moreover, constructi on and maintenance of the ground statio ns are time-consuming,
cos tly, and labor-consuming.

The aforementioned drawbacks of ground monitoring of PM prompted continuous
exploration of alternati ve means of PM estimation with RS techniques, which has
sev eral advantages . Fir st, the image der ived from the satelli te can pro vide general and
complete information on air quality anywhere in the world . Second, owing to that the
satel lite provides a chance for acq uiring informatio n about the global air quality. it
enab les discovery of the sources of the urban air poll utants and even global
transportation of those pollutan ts . Additio nally, satell ite makes it less co stly to monitor
the air qu alit y for the developing countries that suffer from severe air pollution but
lack gro und statio ns. Previous studies usin g different model s reported a posit ive
relatio nship between gro und- level PM25 concen tratio ns and the sa tellite-de rived
AOT.

There are limit ed data on levels of Pi'Vh 5 in Malaysi a. The WH O confi rmed tha t PM
pollution has health effects, even at very low concentrations. There is significant
rela tio nship between exposure to high concentration s of the small Pt (PM 10 and
Pfvl z.s) and morbidity and mortal ity, bot h daily and overtime. When the concentrations
of the small and fine PM are reduced, mortali ty drops . Th is al lows the policy makers
to project the improvements in the public health if partic ulate air pollution is redu ced .
The conce ntrations of PM are often the highest in the urban areas of the low-, and
mid dle -income countrie s.

Satellite RS pro vides data on AOT, which is a measure of the lig ht extinction (that is,
light scattering and absorption) by the atmospheri c aerosols . The values of AOT
refl ect abu nda nce of par ticle s in the atmos pheric colu mn. According ly, they have been
employed in statistical mo dels to predict the ground PM 2.5 co nce ntrations . In thi s
con tex t, the data of the MODI S sensor are the AOT products most broadly employed
wo rldwide for PM2.5 esti mation. Hence, Collection 6 (C6) of the MODI S sensor
aboard Terra satellite was used in this study . These data, which have a reso lution of
10 km , we re obtained fro m the webs ite of the Atmospheric Archi ve and Distribution
Sys tem (http ://ladsweb .na scom .na sa .gov/ data /search .html). Due to the lack of
country wide mon itoring network s of PM n in Mal aysia , this study uses Plvlz.s data for
only one year (2013). These data (Tab le 3.1) were obtained from the Department of
Environmen tal (DoE), Ma laysia. The MODI S AOT data and the ill si tu ground Pivla.s
observations during the year 2013 were employed in modeling .

Aerosol Optical Thickness data drawn fro m AE RO ET we re employed in the present
study to calibrate the MO DIS data . The AE RONET data are broadly employed for
validating the satell ite-derived AOT because of their high acc uracy. They are availabl e
online in near real time. This study used Level 2.0 AE RO ET data since this data
level was ge nerated by the cloud-screened procedure . The AE RO! ET site (ca lled

Sl'vl_Penang) is the only station in Peninsular Malaysia . It started its operatio n at the
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end of the year 20 11. For additional data for valida tio n, the so urces of data tha t are
necessa ry fo r thi s study we re ex tende d to include the nearest AE RO ET stat ions
(Figure 3.2) as wi ll be disc ussed late r in th is chapte r.

Table 3.1 : Description of the gro und and satellite dat a employ ed in the current
st udy

Parameter

Meteorological
parameters

Satellite AOT

AERONETAOT

Freguenev
Hourly (synchronized
with satellite passing)
Daily (average)
Hourly (synchronized
with satellite passing)
Daily (average)
Once a day (Image)
Hourly average ( ± 30
min) synchronized with
satellite passing
Dailv average
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Source

Monitoring stations of
the Department of
Environment (DoE).
Malaysia

MODIS Terra satellite

AEROI ET station
(Figure 3.1)

Year

2013

2012 -20 15

20 12 -20 15
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3.2 Th e Area of Int er est

In this study, the researcher extends the work to include responses of ground
instruments (Sun photometer) to AOT, which are especially important for MODIS
instrument validation.

3.2.1 Regional Extent

Data drawn from AERONET, a global Sun photometer network, are commonly
employed as ground truth data in validation of the satellite retrievals. There are
hundreds of sites for this network around the world. Besides the only station in the
study area (USM_Penang ; Peninsular Malaysia), one other AERONET station existed
in K uching, east of Malaysia. However, there are three other AERONET stations
within the region that are located in neighbourin g countries. These are
Songkhla_I\'let_Sta in Thailand, Pontianak in Indonesia, and Singapore; in Singapore.
Taken together , these stations lie in an area that has the coordinates of 10° S - 22° N
latitude and 95° E - 140° E longitude (Figure 3.3).

Direct Sun measurements are taken by AERONET automatically every 15 min by Sun,
and sky-scanning CIMEL Sun photometers during the daylight hours. Standard
processing does automatically generate AOT from the direct transmission, calibrated
using Langley method in bands centred at approximately 340,380, 440,500,675 ,870,
and 1,020 nm (Holben et al., 1998).
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Figure 3.3 : Locations of five AE RONET sta tions in the region of th e study area
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3.2.2 T he St udy Area

The study area is Peninsular Malaysia. It has an area of 13 1,598 km2 and is located
between the latitudes of I° and 7° N and the longitudes of 99° and 105° E, north of
Singapore and east south of Thailand (Figure 3.4).

This area belongs to the humid tropical climate zone, where the weather is humid and
hot over the whole year, with a period of two to three months of dry weather that is
experienced in most of the parts of the study area between June and November. Its
weather is affected by the monsoons, that is, the northeast monsoon, which prevails
from October of a year to March of the next year, and the southwest monsoon, which
extends from April to September. So, Peninsular Malaysia is characterized by humid
tropical climate all over the year; the weather is humid and warm, and the temperature
ranges from 20 °C to 32 "C. The mountainous topogra phy and complex land-sea
interactions in the study area affect the tropical climate greatly. April to May and July
to August are the periods with the highest average temperatures. The lowest average
temperatures are encountered from November to January. The average monthly
humidity ranges from 70% to 90% and varies by month and location (Tan et al., 20 17).

Peninsular Malaysia extends over nearly 40% of the land area of Malaysia and host
about 80 0% of its population and economic activities (Kanniah et al., 20 (4) The
recent, rapid economic growth and development, especially in the industrial and
transportation domains, has initiated varying environmental problems in certain large
cities in Peninsular Malaysia (Kanniah et al., 20 14; Rajab et al., 20 13; Semire et al.,
20 12; Suhaila et a!., 20 I0).

100"0'0 " 1' IOS" O'O" E 11 00 0 '0 " 1' II S"O'O" E 12 0 "0'0"1'

""j;.-
\

{ '( f
1

)
!."

\.' . ~ "- . - '-...

"

2 12 .5 4 25
J

j
I

o
I

, I)
..... .~ ......-

\.

t\.c1illllilll I unuh ~h:rilh
I JSM ..-

* . ' po h

. "" .. i .... ln ,- \1 ••l ll ~ ..ii ,

.. \Iflll i lll d n c. ."'i l l t l i li ll

L o g o n d

10 0 " 0 '0 " 1: 110" 0 '0" 1' I IS" O'O" E 120 '0'0"1'

Figu re 3.4 : Locatio ns of Seve n Air Qu ality Monitoring Stations in Peninsular
Malaysia

47



3.3 T he Mod erate Resolution Imaging Spec troradio me ter (M O DIS)

The MODIS instruments are on board of the Earth Observation System (EOS) Terra
satellite since 1999 and aboard Aqua satellite since 2002 at an orbit height of 705 km.
These two satellites are polar-orbiting . However, while Terra satellite orbits at
descending node (southward) and crosses the equator at nearly 10:30 a.m local time,
Aqua satellite overpasses the equator at 13:30 p.m local time. Because of a ± 55° cross­
track scan, the MODIS swath is almost 2,330 km wide. Therefore, it can provide
global coverage every one to two days.

3.3.1 Instrument Dist ribut ion

MODIS is a passive RS instrument that explores various components of the Earth and
of its atmosphere . It allows for determination of the temporal and spatial distributions
of the global aerosol and cloud fields, detection of forest fires, and monitoring of the
vegetation index. It obtains data using 36 spectral bands that range from 0.4 urn to
14.4 urn . Depending on the band, three horizontal resolutions are possible; 250- meter,
500- meter, and I,OOO-meter resolutions.

In the current study, the Terra MODIS AOT data were level 2 (l2 ) data (MOD04 ­
Collection 6) with a full resolution of 500 m. The MODIS imagery and the AOT data
are relevant for ambient air quality monitoring . The ability to visualize regional- scale
events with the l 2 data can be utilized effectively in gaining further understanding of
the extent of the regional haze events. This derives importance from the need for in­
depth understanding of the effe cts of large events on the pollutant levels at the local
scale .

3.3.2 Aero sol Ret rj evn] over Land

For the region of interest, the aerosol land algorithm was used. This algorithm is based
on three channels; two visible channel s (470 nm and 660 nrn) and the 2.12 urn (NIR)
channel. The NIR channel contains information on large particles and is referred to as
the coarse model. This algorithm analyzes data ofa nominal region of 10 krn x 10 km
area. which is equivalent to 20 x 20 pixels at a resolution of 500 m. All the pixels that
contain clouds are omitted. For meteorological applications, the AOT readings taken
at the wavelength of 550 nm are usually used as a standard parameter. Thus, it is
computed by interpolation from the AOT readings taken at the wavelengths of 660 nrn
and 470 nrn according to the Angstrom law.

3.3.3 Th e Research Da ta

For validation purposes, this study used AOD data drawn from the NASA Terra
MODIS sensor (Collection 6; level 2; lOkrn resolution), which is available for
Malaysia for the years 20 12-2015. lVIODIS observes a swath that is approximately
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2,330 km wide (Figure 3 5). The same MODI S images for the year 2013 we re used
for Plvl z.s estima tion. It is worth menti onin g that the MOD IS ae rosol produ cts are
ava ilable on the website of NASA (https ://ladsweb.modaps eos dis.nas a .gov ). Th e
va lues of AO T were extrac ted at the wavel ength of 550 nm (MO DIS param eter name :
Opt ical_Depth_Land_And_Ocean). Onl y the highes t quality AOT (QA C flag = 3) has
been included over land fo r thi s parameter. The MOD IS was chosen as it covers
Peni nsular Mala ysia and due to its hig h freq uency , temporal resolution, and wide
swath wid th. It provi des bulky data overall to correlate wi th the data of the ground
monitor ing statio ns and the satellite-derived AOT values.
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Figure 3.5 : Terra MODI S AOT Image for the Region 011 I Novem ber 2012, (a)
02:25 G MT, (b) 02:30 GMT, (c) 04:0 5 GMT, (d) 04: 10 GM T

The maj ority of the previous studies only used the MODIS AOT to deri ve surf ace
Prvh s concentration s with a spatial resolution of 10 km (I x I pixel ~ 10 km ' ). A
serious problem inherent in the satellite data is lack ofcon sis ten cy in thei r avai labi lity .
In aerosol investi gations, for instance, the cloud y days are usuall y ' no value ' days .
Actually, this is one of the factors that make the regulators avoid using sa tell ite da ta
to help in monitor ing the air qu alit y in the highl y clo udy countries like Malaysia . For
this reason, thi s stud y empl oyed thre e MODIS pixel size arr ay (I x I, 3x3 , and 5 x 5
pixel s) in mod els to estimate ground- level con centration s of PM 2s in Pen insular
Malaysia to determine the pixel group that produces the most accurate quantificatio n
of the relationship between the ground levels of rrvh s co ncentration and MODIS
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AOT. The reason behind creating squares around the Plvl r.s monito rs which perform
point measurem ents and not around the AOT pixel centre is that the missing retrievals
which are caused by the cloud cove r, surface retlectivity, and satellite orbit patterns
can improve the quantity and quality of the data.

3.3.4 Extractio n of AOT

The image-proc essing software E Ivironrnent for Visualizing Images (ENVf), which
is written in Interactive data language ( IOL), is one of the most broadly employed
image-processing and analysis software. It is also used actively in integrated vector
GIS analysis. By using the user function capability of ENVI, algorithms written in the
IOL can be integrated with the menus of E VI (interface) . This software provides a
libra ry of procedures and programm ing tools for the user functions that enable for, and
facilitate, handli ng the input and output, plotting, prepar ing reports, and managing
files. Accordingly, the ENVI handles all the pre-, and post-processing analysis steps,
includin g file management after implementation of the user function. It can open and
process most MODIS HDF files. In this study, the researcher employed the ENV I 5.3
Classic with the extension MODIS Conversion Tool Kit to import and convert
projection of the daily MO DIS scenes and products.

Determination of the AOT from satellite image data can be practiced as a means of
evalua ting the air pollution in any area of interest. This study followed an exact pixel­
to-point match procedure to extract AOT values, where each point represents a
ground-level station. The number of stations used in this study to validate the MODIS
AOT data (2012 -20 15; 1,46 1 days for each station) was four while the number of
stations used to estimate the Pl'vb s levels was seven (20 13; 365 days for each station).
The stations were overlaid on the MODIS images to derive the AOT values for each
pixel, where a monitoring station is defined by its latitude and longitude. In this study,
the average 5 x 5 pixel size group was employed in validation of the l'vIODIS AOT
while different arry of pixel were used for estimation of the daily average and hourly
Pl'vb.5concentrations.

Figure 3.6 is a plot of an example on outcomes of spatial distribution ofA OT derived
from MODI S at the wavelength of 550 nrn on 7 May 20 13 (II :50 a.rn local time) at a
monitoring station in Ipoh. The considered pixel groups include one pixel and the
average of 3 x 3 and 5 x 5 pixels. The pixel inspector tool in ArcGIS tool was used to
view the MODIS pixel values (AOT) of a raster dataset. All the values within the
square of different pixels in the ground site that are marked were extracted.

In this study, the MODIS Level-2 AOT is used with the spatial resolution 10 x 10 km2

at nadir . The spatioternporal subset approach for the estimate is used here, comparing
a spatial subset from the satellite data (lxI , 3x3 and 5 x 5 pixels). It justifies the size
of these subsets based upon an estimate of average aerosol front speed, the requirement
to obtain a statistically-significant sample size, and the observation that larger window
sizes could introduce errors from cloudy pixels and changing topography. Moreover,
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hourl y PM2.5est imation ca n help improve our understanding of how the co lumn AOT
and surface Plvl z.s va ry during the day fo r pract ical air qualit y appl icat ion s. Based on
know n daily gui deline of standa rd of the Plvl z., (ex . PM25 mass co nce ntratio n da ily
subject to Worl d Health Organi zation (W HO-2006) and the United Stat es
Enviro nmental Protection Agency (US EPA-2013) guideline, the PM2.5 sta ndard 25
and 35 ug/rn :' 24- hour mean resp ective ly . ), the 24-hours mean data was needed to
estimate Plvlz.s pollution in the study area
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Figure 3.6 : Spatia l Distr-ibu tion of the AOT Derived from MODIS at the
Wavelength of 550 nm on 8 June 2013 (11 :50 am Local Ti me) in lpoh (Ma lays ia)

3.4 Aerosol Robotic Networ k (AE RONET) Sunphotometer

The sun photom ete r used in th is study was designed and manufactured by the
AE RO NET project, whi ch is a gro up of ground-based RS aerosol networks launched
by NASA and PHOTONS (Pll Oto rnetrie pou r Ie Traitement Operationnel de
No rmalisatio n Satell ita ire; Universi ty of Lille I) . It wa s ex panded greatly by ne twork s
and collaborators fro m national agencies , ind ividual scientists, un iversities, institutes,
and partn ers . As Figu re 3.3 shows, the AE RONET stations that are the closest to the
study area are US M_ Penang and Kuchin g, which are both located in Malaysia ;
Songkhl a Mer Sta, which is placed in Thailand; Pont ian ak, which is located in
Indonesia ; and Singapor e, whic h is placed in Singapore .
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3.4 . 1 Ins trum en t

The AERONET Sunphotometer measures attenuation of the solar radiation in the
atmosphere by the aerosols in the cloud-free condition and provides direct, total,
columnar AOT measurements at the wavelengths of 0.34-2.1 mm. An example of
AERONET AOD assessments for Penang at eight wavelengths over one day (17
March 2013) and the monthly trend are displayed in Figure 3.7. The data were taken
in 20 13 at USM_Penang station. The AOT values retrieved from the Sun photometer
are the most accurate RS aerosol data. They were, accordingly, employed in this study
to verify the satellite RS AOT data. Most Sun photometers take measurements at
several wavelengths ever)' 15 min during the day, from which AOT values are drawn
with a precision in the order of 0.0 1- 0.02 .
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3.4 .2 The Research Dat a

The Sun photometer is used to measure the spectral Sun irradiance and the sky
radiances, from which the AOT can be estimated at the wavelength of 550 nm. The
AOT data were processed into three levels of quality: Level 1.0 (unscreened data) ,
Level 1.5 (cloud-screened data), and Level 2.0 (cloud-screened and quality-assured
data). The data obtained from the stations were for four years (20 12-20 15). Ground
AOT measurement s at the wavelength of 550 nm were obtai ned from AERONET sites
in the region and used to validate the MODIS AOT estimates at the same wavelength.
The Sunphotometer AOTs were averaged within ± 30 min from satellite passage. The
spatially-averaged MODIS AOTs were compared with the temporally-averaged
Sunphotometer estimates. Level 2.0 AERON ET AOT data were the most reliable data
to use in validation of the MODI S aerosol product.

The retrieval wavelength of550 nm characteri stic of the MODIS AOT retrievals does
not exist within the AERONET wavelengths (340,3 80,440, 500,675, 870, 1,020, and
1,648 nm) as shown in Figure 3.7. To obtain AOT estimates from the AEROI ET
data of the MO DIS sensor at the wavelength of 550 nrn, the following equation should
be used:

f 550 =1:':'l{/1I f SlXl -III( 5001l1Jl 55017111) a ] (3.1)

Where T550 is the AERONET AOT value at the wavelength of 550 nrn and a is a
standard Angstrom exponent.

The data employed in this study were cloud-screened and quali ty-assured Level 2 data
of Version 2 direct Sun algorithm, which are available at the website of AERONET
(http ://ae ronet.gsfc.nasa .gov/new__web/index .htrnl). Bearing in mind that AERONET
does not take measurements at the wavelength of 550 nm, the data were interpolated
to the wavelength of 550 nrn by using the standard Angstrom exponent, o; as defined
in Equation (3.2)

(3.2)

where Tr and (I ) are the AOT at the wavelengths AI (500 nrn) and ). 2 (675 nm ),

respectively. These two wavelengths are the nearest avai lable pair of bounding
wavelengths from AERONE T. Accordingly, Equation 2 assumes the form:
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In view of knowledge of the aerosol transport ra tes and the empirical tests perfor med,
the AO T retrievals were obtained in th is study in squa re boxe 50 km x 50 km (M O DIS
pixel) ce ntred over AE RONET sites usin g the va lidatio n method based on the
corre la tio n be tween the AE RONET AOT and the MO D IS AOT data . This selec tion
scheme is lim ited by the fac t that most of the validation sites are located on land . Thi s
suggests that the sate lli te pixels do not match th e measurem en t si te exactl y . On e
unde rly ing presumpti on is that the sa te llite va lue , calculated for a substantia l number
of neighboring pixels that are very close to the site , is representa tive of the area and ,
thus , ca n be co mpa red wi th the fie ld va lue .

3.5 The Pi\'h s and Meteorologica l Data

The PM is a mixture ofliquid dropl et s and solid part icl es that a re suspende d in the ai r.
They are ofte n classified as coars e PM (PM I ll ; 2.5 < d < 10 11m) and ti ne PM (PIV!2 3;
d < 2.5 11m), where d is the aerody namic diam eter of th e pa rticle. The present stu dy is
main ly co nce rned with the PM2.3. Those pa rtic ulates can originate from varyi ng
so urces lik e ve hicle emissions , dust, ind us trial emissions , and agricultural and forest
fires. In ter ms of PM 25, the air qual ity is ever degrading all ov er the world be ca use of
th e inc rea sing pressure of urban izati on that has serio us co nseque nces on the clim ate,
vis ibility , hum an he alth, and the econo my . Gene ra lly , there are lim ited ground
me asurem ents, w hic h is a limitat ion tha t poses a challe nge for air po llutio n studies and
mon itori ng . With laun ch of the Aq ua and Terr a polar-orb itin g sa tellites, there ha s been
growing em phasis on use of satell ite dat a for study ing Pl\h 5co nc entrations in an effo rt
to overcome some of the obstac les relat ing to unava ilab iIity of ground measurem ents .

Th e atmos pheric variables we re hou rly and dai ly average PIV!2.5 mass co ncentratio ns
(in the uni t of'ug/rrr' ). Th e me teoro logi cal va riables were the hourl y and da ily average
RH (%) , T (DC), WO (0), and W S (rn /s) . All data were for the pe riod January to
December, 20 13. The PM 25 and meteorol ogical data were ac quired from seven
CAQM Ss (Table 32), whic h are Banti ng , Bukit Rarnbai , Ch e ras, Ipoh, Kelantan
Ta na h Merah , Putraj aya, and US M stations (Figure 3.4). T hese CAQ l'vl Ss are operated
by Alam Se kitar Malaysia Sd n. Bh d (ASMA), which is the subs idi ary co mpany of the
Do E, Mal aysia . Th e inst rument s used in all sta tio ns were full y aut om ated . T hey
provided hourl y me asurem ents of PM and meteoro logi cal data .
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Table 3.2 : C oord ina tes of the air quality m onitoring sta t ions in Malaysia

Code of Site of station Name Latitude Longitude
station
CAOO06 Sek . Men . Keb . Bukit Bukit Rambai 2.265400 102.175900

Ramb ai
CAOO54 Sck.Mcn.Kcb.Scri Chcras 3.106267 IOI.7I7X 67

Pcrm aisuri, Cheras
CA00 59 Sl\1K. Tanah Mcrah Kclantan Tanah S.X III X3 102.133333

Mc rah
CAOO08 Sek . Men . Jalan Tasek. Ipoh 4.629683 101.11 6067

Ipoh
CA0053 Sek . Keb. Putrajaya X( 2). Putraj aya 2.93 1917 10 1.6XIX17

Jln P8/E2. Presint X.
Putraj aya

CA0060 Kolej MARA. Bant ing Banting 2.8 I66S:; 101.623017
CA003X Univcrsiti Sains Malaysia. USM 5 3SXXOO 100.297733

Pulau Pinang

Thi s study goes beyo nd estab lis hme nt of the AO T-PM 2.5 relations hip to assess ment of
air quality in terms of the levels of PM . It also addresses factors tha t affect
meteorological param eter s and whic h govern thi s relationship One of the main factors
that impac t qua ntificatio n of the AO T-Prvb. s relat ion is the lack of informa tio n on
vert ica l dis trib ut ion of the aer osols and height of the PB L. However . the use of
meteorological fac tors only is not suffic ient to ex pla in the PI\h s concentratio ns
because the human acti viti es too produce a subs tantial amo unt of Pl\hs. Road traffi c,
aviatio n and marine tran sport at ion , househ old ac tiv ities (cool ing and heatin g),
construction, and industry (espec ially the heavy indus try) are all sou rces of emission
of Pl\h s. Wh en da ta on these fac tors are missing , acc ura te estim atio n of the
relatio nsh ip between ground Plvla.s measurements and MODI S AOT data is negative ly
impacted . Table 3.3 lists the mo nths for which Prv12 5and me teo ro logical data were
avail abl e in the study period .

Table 3.3 : T he mouths of the st ud y ye ar (20 13) for wh ich P 1\'h. ~ a ud
meteorological data are ava ila ble at eac h a ir qual ity mon ito r in g station

Station Month
Bukil

Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep.
Rambai
Chcras Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep. Oct. Nov . Dec.
Kclantan
Tanah Jan. Feb. Mar. Apr. May Jun. Jul. Aug. Sep.
Mcrah
Ipoh Jan. Feb. Mar. Apr. May .Iun. Jul. Aug. Scp, Oct.
Putrajnya Jan, Apr. May Jun. Jul. Aug. Scp. Oct. Nov. Dec.
Banting Jan. Feb. Mar. Apr. May Jun. .luI. Aug. Scp,

USM Jan. Feb. Mar. Apr. May .Iun . Aug. Scp . Oct. Nov, Dec.
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3.6 Sta t istical Model s

Statistical anal ysis in this study aime d at exploring the statistical relatio ns of satellite­
retrieved AOT (550 nm) wit h dail y average and hourly average Plvlz.s concentrations.
The hourly ave rage was estimated ± 30 min, depend ing on the time of satellite
(AERO ET AOT) passage. Linear regression modeling was performed usi ng the
XLSTA T statistical software. In like manner, the dail y and hourl y averages of the
ground mass concentrations of PNb.5(IJg/m .1) were correlated, eac h separately, with
MODIS AOT (Independent variable) to predict the PNb .5 co nce ntration (de pendent
variable). As well , multipl e linear regression anal ysi s was performed to analyze the
effects of meteorological variables (RH, T, WS, and WD ) on the concen tra tion of
PI\h 5.

3.6.\ M ultiple Linear Regression Modeling

Multiple linear reg ression modeling has been used since 2005 to estimate the PNb .5
concentrations fro m satellite AOT data. One of the advan tages of mult iple linea r
regression ana lys is (MLRA) is that the confounding bias can be avo ided by inclusion
of appropriate covariates in the model. In the ML RMs in the current study , the Pivla.s
concentration mea sured at the ground level served as the dependent variable while
AO T was the independent variable. Other factors were incorporated in the model as
covariates to det ermine whethe r or not they can improve the predicti ve powers of the
regression models (Figure 3.8) predictive of the PJ\ib .5concentration . The other facto rs
than AOT that were incl uded in the MLRMs were T, WD , W S, height of the boundary
layer, and aerosol type .
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Validation of th e 'ID OlS AOT Est ima tes

Equatio n (3) describes the simple linear regressio n mode l (SL RM) :

(3 .3)

where Plvlz.s is the dependent variable (P tb.5 concentration ), all is the intercept. and

a .\ ll\' is the slope of the LRM .

To incorpor ate meteorological and AOT data, multipl e linear regression model s were
devel oped . The equation for these models takes the general form:

(3.4)
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where PI\h 5 is the dependent variable (Pl\h5concentration);a ll is the intercept; (l,\()T,

(lAOT, «ws , awn, (lRI! , and (lT are the coefficients of the independent variables; WS is
wind speed (m/s); WD is wind direction (0); and T is temperature (DC).

3.6.2 Geographically-W eighted Regressiun Model (G W RM)

The GWRM produces continuous surface of parameters by taking into consideration
the spatial variations of the parameters instead of presuming a globally-constant
coefficient. On a daily basis, the traditional GWRM can be written as shown in Eq.
(3 .5) :

Pfvl, .,." = rt ( . . J) + a \ ()'I'" J .AOT ' J) + a\\'S("J)' W" ' J) +• ..•\ r.j. dj 'I I.j . . {t.j. d } '(,.j . . IJ. 'i ,.j .

all'I) " J WD . J +anl l ' " I) R~ J) + a T (. . J) T (. . J(IJ. )' ( t , j. ) "(IJ.' · · \ r..l- I.j . . r.j .d )

(3 .5)

where PM2.5(l. J. d) is the ground-level PM2.5 at site v.I: a 1(1. j . d ) is the intercept of the
regression equation; aA07'1.J, dl , aW,')'1I .t. dl , aW!)!I ., . d}, aR1I1I .J. dl, and « T(! -l - d) are the
slopes of the corresponding predictor variables; AOT II ,/, d] is the i'vIODIS AOT value
at site (i,j) in day £I; W S (l,J.dl is the wind speed at site (i,j) in day £I; WDII".d) is the wind
direction at site (i, .I) in day £I; RHII,J.dl is the relative humidity at site (i. .I) in day £I;
T II ,I .d) is the temperature at site (i,j) in day d.

The GWRM was calculated in the current study using the GWR4 software, which is a
Microsoft Windows-based application. The Gaussian GWRM was selected as the
model type of choice because it is suitable for modeling numerical responses. The
GWRM is suitable for modeling count and binary responses. In additio n, the adaptive
type of kernel was selected because of the uneven distribution of the PM25 monitoring
sites. Moreover, the ' Golden Section Search ' was employed to automatically specify
the optimal bandwidth size while the Akaike Informatio n Criterion (AIC) was
employed for bandwidth selection. In general, the AIC can be employed to identify
the model that is closest to reality and the optimum model ought to have the lowest
AIC value.

Afterwards, the residual of the models was assessed via spatial autocorrela tion
analysis. In this research, spatial autocorrelat ion was performed by computing
Moran 's I values using ArcGIS 10.5. Detailed account on Moran ' s I values was
provided by (Hu et al., 20 13). In general, Moran' s I values range from -I to + I (\-Iystad
et al. 2015 ) When the Moran' s I value is higher than zero, then there is positive spatial
autocorrelation in the data . Negative values, on the other hand, denote negative
autocorrelation. If Moran ' s I value is close to zero, then there is no spatial
autocorrelation (\-I u et al., 2013). The typical GWRM have residuals with no
significant spatial autocorrelations (Quan Wang et al., 2005; Zhao et al., 20 10) In
other words, Moran' s I values should be close to zero (\-Iu et al., 20 13).
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3.6.3 Mod el va lida tion

In this study, ten-fold cross validation was performed. The dataset was partitioned into
ten parts, each consisting of nearly 10.0% of the data points. Afterwards, nine parts
were employed in training the model and the remaining part was employed in
validation. The same process was followed for every fold.

3.7 Accuracy Assess ment

The latest versions of the algorithms were used to generate aerosol products from the
whole time series of the spectral observations of MODIS. Global validation attempts
indicated potential uncertainties in AOT estimates of (Lh = ± 0.05 ± 0.15r AERO\lET)

over land and (i1r = ± 0.03 ± 0.05r :\ ERO\l ET) over the ocean at the wavelength of 550
nm. These potential uncertainties encircle uncertainties in the radiative transfer
through the atmosphere, potential errors in the computations, and the assumptions
about the optical properties of the aerosol. In addition to this, the total uncertainty
encompasses uncertainties in the presumed optical properties of the land surface and
uncertainties related to pixel selection, cloud masking, and instrument accuracy and
calibration .

This study applied spatiotemporal analysis, which produces grid of 5x5 MODIS
aerosol retrieval pixels with the AEROl ET station in the middle. As every MODIS
aerosol pixel represents about ten-kilometer area, the 5x5 pixel represents an area of
nearly 50 krn by 50 km Spatial statistics for the 1'"IODIS subset were computed and
compared with the temporal statistics (the average daily and hourly average statistics)
of the AERO ET observations taken within ± 30 min of the MODIS overpass.

3.7.1 Regr ession Met r ics

Assessment of the accuracies of the developed models was carried out using the
validated MODIS AOT and the Plvl a.s concentrations estimated in different pixel
groups ( I x 1, 3 x 3, and 5 x 5). Evaluation of the levels of performance of the various
models was based on the following four metrics: R2

, the RMSE, the relative RMSE
rRMSE, and the Mean Absolute Percentage Error (MAPE).

3.7. 1.1 Th e Coefficient of Determinati on (R2
)

In the case of simple regression analysis. the coefficient of determination is the square
of Pearson's product-moment correlation coefficient (r) . It expresses the amount of
variance between two variables that is described by the linear tit. Correlation, usually
expressed by a correlation coefficient (r) , indicates the direction and strength of a
linear relation between two variables (e.g.. observed values and the corresponding
model estimates). Several coeflicients are usually employed lo r difTerent situations. If
we have a series of /I observations and /I model values, then the Pearson product-
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moment correlation coetli cient can be employed to express the correlation between
the observation s and the concomitant model estimates as fo llows (Equation 3.6):

(3 .6)

3.7.1.2 The Root Mean-Square Error (RMSE)

The RM SE is a commonl y-employed measu re of the difference be tween the values
pred icted by a model and the values observed actuall y and whic h were modeled . T hose
indi vidu al differen ces are also described as residual s . The RM SE serves to co mpile
th em into one measure of predictive power. Th is error measure of mo del predict ions
is defined wi th regard to the estimated values (Xnll>dd) as foll ows:

" " ( r _ \' 2
RM.""E = \ L.... ,=I ' "I" ., . " to .lei ., )

n (3. 7)

where Xohs is the ob served values of the variable of interest and Xnll>dd is the model
estimates of those values at place or time i,

3. 7.1.3 Relative RM SE (r RMSE)

The rRMSE is calcu lated usi ng the following formula :

,.RM.S'j~· = NJ'-!...S/;·xI O(1'/o
J'

(38)

where the RM SE is the root mean-squared error and y is the mean of the values of

the observed variable.
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3.7.1.4 Mean Absolute Per centage Error (MA PE)

The mean absolute percentage error (MAPE) is give n by the equation:

!I,/IA f1/~' = 100 f IYi -,./il
N , - I )'1 (3.9)

where )'; is the value of the observ ed variable.ji is the estimated value of the variable,
and N is the number of observations.

3.8 Cha pter Summary

Thi s chapter provided an accoun t on the methods used in this study to process the
research data . The meth od con sisted of fou r main processes : AOT validation, data pre­
pro cessing, model construc tion, and model asses sment. Firstly, AOT validat ion was
intended to validate the MODIS AOD produ ct with the ground-leve l AOT data . Data
pre-p roce ssing aimed at preparin g the satellite data and the meteorological data for
use in model construc tio n. In the next step, the MLR and GWR models were bu ilt to
est imate Pi\hsconce ntrations and investigate its spatia l distribution . Lastly, the model
estimates of Plvl a.s in different gro ups of MODI S pixel s were compared.

62



C HAPTER 4

RESULTS AND DISCUSSION

4.1 Introduction

The lVIO DIS aerosol products have been used to anal yze the spatial and temporal
variability of aerosol s for various application s and fields like calculation of the
rad iation budget and studies of cloud microphysics (Bell ou in et al., 2008) . Fine
particulate ma tter plays important role in formation of the haze (Qiao et al., 201 6;
Zha ng et al., 2013). Haze pollu tion has become nearly annual event in Southeast Asia
since 198 2, with the toughest episodes tak ing place in 1997 to 1998 and in 2006 to
2007 . Since 1990, Malaysia is experi enci ng episodes of haze during the lon g dry
weather period, usually asc ribed to forest fire s (Ho d, 20 16) . The usefulness of satellite
me asur ements of AO D for PM2.5monitoring was est abl ished in 2000 with inc reasin g
number of studies in this field (Hutch ison, 2003 : Wang, 2003).

4.2 Validatio n MODIS Senso r Data

Th e AOT retriev als are ob tained at different places and times, dep ending on the
progres sive orbits wh ereas the AERO NET Sunphotometer obs erv atio ns are made at
differing time inte rval s. For tak ing th e temporal and spatial va riabi litie s into
co nside ratio n, these dat a need to be co llocated. Th e AERONE T observatio ns can be
processed int o da ily average and hou rly average (± 30 min ). The hourl y average
co rres po nds to the readi ng ta ke n when the sate llite (Te rra) overpasses the ground
station . Tabl e 4 .1 sho ws the number of matches between the AE RONET AOT and
MODIS AOT statio ns . Th e perc entages of the matchin g MODI S AOT and AE RONET
AOT data are listed in Figure 4 .1 . Generally, the match between the AERON ET AO T
and MODI S AOT data was low . It was less tha n 30% during the peri od 201 2 to 201 5
( 1,4 I6 days). Th e high est mat ch in da ta (20 .73%) was observed in USM statio n while
the lowest match (9 .38%) was obs erved in Ku ch ing statio n (Figure 4 . 1). Based on this
informa tio n, the research er infer s that temporal match in data between MO DIS AOT
and AERONET AOT depends on the season, ground data me asurement. and cloud
cover in the study area . Th is suggests that for inc reasi ng the stre ngth of correlatio n
between sate lli te and gro und data, the peri od of study is an impo rta nt parame ter to
take int o co nsi de ration in future studi es.
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Table 4.1 : Numbers of match ing AE RONET station measur em ent s and MODI S
sensor data points

Stati on Period "? Number of matching da ta po ints

Kueh ing

Ponti anak

Singap ore 20 12-20 15

SongkhlaJ vlat_Sta

USM Pcnang
( I) This period corresponds to 1.41(, days.

137

I\)2

160

I X7

303

~ 30
*-
-; 25
aD

~ 20
Q)
I.l
Q) 15

Ci.
10

5

o I

Figure 4. 1 : Percentages of Ma tching MODI S Data and A ERON ET Station
Measurem ent s durin g the Peri od 20 12 -20 15 (1,4 61 Days)

4.2. 1 Te mporal T rend in the MO DIS AOT Values

In order to co mpute the important basic statistical descri ptions , statistical analysis was
a pplied to all data from 2012 to 201 5, th at is, va lue s of AOT, specifically , th e I'vl0 DIS
AOT va lues taken at the waveleng th of 550 nm (dai ly average), AE RONET AOT
val ues taken at the w av elength of 550 nrn , and AERONET AOT val ue s ta ken at the
wavelength of 550 nm within ± 30 m in, i.e ., the hourly average (Table 4 .2) . The bas ic
stat ist ical descriptors of the data are the mi nim um (Min), maxi mum (Mix), a nd mea n
va lues, in ad di tion to the standard de viation (S .D).

Table 4.2 reveals that the mean dail y average of the g ro und AOT measurements o f the
AERO NET sta tio ns was close to the AOT value deri ved fro m th e M O D IS A01'. That
is, the mean da ily values of the ground measuremen ts (AERONET AOT) are almost
si mi lar to those of the satel lite values (M O DIS AOT), while th e hourly average (± 30
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mi n) values are lower. Thi s means that the average AOT values were lower than the
other av erages in all statio ns (Table 4 .2).

Table 4.2 : S u m m a ry sta t is t ics of t he daily average AE RO NET AOT va llies. t he
hou rl y aver age AE RO NET AOT va lues , a nd M O DIS A O T observa t ion s a t th e
A E RO ET sta t io ns

Station Variable" ? m i\'1in. Ma:'\ . Mean S.D
AE RO ET Daily averag e 137 0.04 1 2.734 0.344 OA53

Kuching AERO ET Hourly average 137 0.057 2.136 0.29 1 0.363
MODIS AOT 137 0.030 4.X41 OAX4 0.7X3
AERONET Daily average 192 0.032 4.785 0.503 0.766

Pont ianak AERONET Hourly average 192 0.013 4.2X5 OA02 0 627
MODIS AOT 192 0.073 4.X 23 0.564 O.XO I
AERON ET Daily average 160 0.104 1.876 0.394 0.269

Singapore AERONET Hourly average 160 0.057 1.1 05 0.294 0.20X
MODIS AOT 160 0.123 1.638 OA54 0.304
AE RON ET Daily average IX7 0.04X 5.025 0.291 OA2X

Songkhla_Mat_Sta AE RON ET Hourly average IX7 0.035 5.562 0.279 0.589
MODIS AOT IX7 0.069 4A 36 0.357 0.437
AERON ET Daily average 303 0.064 3j 06 0.389 0.375

USi\l_Penang AERO ET Hourly average 303 0.035 3.706 0.305 0.36 7
MOD IS AOT 303 0.059 4.055 0.42 1 OAOX

( I) All tabulated values were taken at thc wavelength of .'i.'iOnm.
(2) N: lumber of observations.

The res u lts (Table 4 .2 ) sh ow the values of AERO I ET AOT, hourl y av erage
AE RO I ET AOT, and i'vIO D IS AOT had similar trend in th e peri od 2012 to 2015 in
all stations ; Kuching (Figure 4 .2). Pontianak (Fi gure 4 .3), Si ngapore (Figure 4.4 ),
Songkhl a_l\.'la t_Sta (Fig ure 4 .5), and USM_ Pena ng (Fi gure 4 .6) . Therefore, goo d
correlati on is no ticed between th e g round and satell ite measurements du ring the study
period . The highest AOT values were reported in 20 15. A possib le explanation for this
finding is haze si nce a haze episode took place in 2015, which was co nnected to the
lon g dry co nditio ns ca used by the El Nino e ffect. These findings (Table 4 .2 ; Figures
4 .2-4 .6) agree with findings of a study co nduc te d in Indon esian provi nces. where a
sta te of emergency was anno unced by the government of Ind on esia, co nsi de ring the
treme ndous effect of haze, which also affected Malaysia and Sin gapore (Ho et al .,
20 18).
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Figure 4.2 : Time Series of AE RONET AOT Daily Average, AE RONET AOT
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Figure 4.3 : Time series of AE RONET AOT Daily average, AERONET AOT
Hourl y average at 550 11m and MOlllS AOT 550 nm in Pontianak station
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4.2.2 Valid tion of the Mo mS AOT Retr ieval s with AE RONET AOT Dat a

Table 4.3 lists the va lues of the seasonal average me an AE RONET AOT (0.387 ±
049), hourl y av erage AE RONET AOT (0.3 15 ± 0.46), and MODIS AO T (0.451 ±
0.56) in the period 20 12 to 2015. Although the sources of the AOT measure me nts are
diffe rent , the seasonal tre nds in AOT ov er the reg io n are co mparable wi th annua l
variation . Overall , the va lues of R2 for the reg ression mod el s of dail y average
AE RONET AOT, hourl y average AE RONET AOT, and MOD IS AOT we re high er
than 0.75 dur ing the study period in all sites (Tab le 4.4) . These results present
additional support fo r the practice of using AE RONET data to va lida te sate ll ite­
deri ved AO D values because of thei r qu ite high accuracy (Ma et al ., 20 14)

Table 4.3 : Summa ry sta t istics of th e daily average AERONET AOT, hourly
average AE RONET AOT (± 30 min ), and MODIS AOT for all sta t ions

Variable Observations Minimum Maximum Mean S.D
Daily average AERONET AOT 979 0.032 5.025 0.3 ~ 7 0 .4~ ~

Hourly average AERONET 979 0.013 5.562 0.315 0.460
AOT (± 30 min)
MODISAOT 979 0.030 4.X41 0.45 1 0.564
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Table 4.4 : Coeffi cie nts of co ....elations among daily ave..age A ERON ET AOT,
hou r ly ave..a ge AE RONET AOT, and M O DIS AOT(I)· (2)

Variables

MODIS AOT
Daily average AERONET
AOT
Hourly average
AE RONET (± 30 min)

MODIS
AOT

(J.X7 1

0.779

AERONET AOT
Daily average

(UP I

O.X5 1

AERONET AOT
Hourlyaverage

O.77lJ

0.X51

( I) All va lues were taken at thc waveleng th of 550 I1In

(2) p values were lower than 0.000 I

There are notic eable seas onal va riations in the ground and satellite AOT values at the
background regional site . Th e seasonal and month ly va riat ions in the daily average
AERO NET AOT. hourly average AE RONET AOT. and M O DIS AOT were high ly
con sistent (F igure 4 .7). These results co incide wit h findi ngs of so me previou s studies .
For exampl e, Tan et al. (20 15) found that the AO D always shifts to a hig her AO D
during the northeast an d sou thwest monsoons in Pen ang and Kuch ing than duri ng the
inter- mo nsoon period . Despite differences in the study periods between the cur rent
study and the study of Ta n et al. (2015), the relative freq uen cy distri butions of
Angs trom at Penang and Ku ching have the same pattern .
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Figu r e 4.7 : T ime Ser ies of th e Da ily Ave..age AE RONET AOT, 1I0u r ly Ave r age
A EI~ONln AO T, and MOlll S AOT fro m J anua r y 2012 to December 2015

The MODIS AOD compares better with ground-based measurements at So ng khla
sta tio n that at the ot her sta tions (Jantarach et al ., 2012) . More da ta were co llected
du ring the dry period than duri ng the other periods. which is a period known for hig h
biomass bu rning activi ties . Particular emp has is was laid on identification of the
aerosols originating from biomass burning, which peak duri ng those months (Salinas
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et al ., 20 13b), On account of these f ndi ngs (Figure 4 ,7), the resea rcher concl udes that
the weather conditions and haze played subs tantial role in exacerb atin g the distributio n
of air poll utant s and the amount of PM during the southwes t (dry season) , Th e most
noticeabl e finding to eme rge fro m the analys is is tha t there is a respon se to the low
and high AOT readin gs (Figu re 4 ,7) In ligh t of these fi nd ings , it ca n be inferred that
AOT retrieved from A ERO NET is broadly applied for valida tio n of the satellite­
de rived AOT va lues ,

In this study , fi ve AE RONET sta tio ns were selected for validation of the MO DIS
sensor data. Figure 4.8 presents a sca tter plot of vali dation of the MODIS AOT
retrievals. The H2 va lues for both the hourly ave rage (Figure 4.8) and the daily average
(Fig ure 4.9) were high er than 0.7, indicating that the co rre latio n between the
measurements and observations is significant, positi ve, and stro ng . It is found that the
dai ly ground AOT values obtained from AERONET better explain the A01'
characteristics than the hourl y AOT values (± 30 mi n) and that they can be more
suitable for the validation of the MODI S sensor data. As can be noti ced in Fig ure 4.9,
agreement bet ween the MODI S AOD retrievals and the dail y average AERONET
AOT observatio ns (R2 = 0 ,87) was high er than ag ree ment between the I'vl0 D IS AO D
retrievals and the hourl y average AE RO ET AO T observatio ns (I~2 = 0.77) However,
the fi ndings of the curren t study of strong relations bet ween the AE RONET
measurements and MODIS AOT flow in harm ony wit h fi ndings of previou s research
revealing that the MODI S se nsor data tend to have hig h relationship wi th the
AERO NET observatio ns over land, where values of H2 ranged from 0.69 to 0 .99
(Huang et al., 20 15; Jing-Mei et al., 20 I0; Levy et al., 20 I0; Z. Ma et a!' , 20 16; Misra
et al., 2008 ; Pan et al., 20 I0) .
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Results of the present study bear resemblance with those of some previous studies,
where MODIS AOT observations were validated by holding comparisons with
ground-based AERONET observations at the wavelength of 550 nm. Guo et al. (2014 )
reported a good correlation between the mean hourly AERONET measurements and
IVIODIS AOD retrievals at the wavelength of 550 nrn , with r values of 0.895 for the
Aqua satellite and 0.950 for the Terra satellite. Zheng et al. (2017) too reported a high
correlation between AERO ET and MODIS AOT (R2 = 0.85). The results of the study
of Alarn et al. (20 II ) suggest that the value of the coefficient of correlati on betwee n
AERONET and MODIS (r = 0.72) is indicative of better AOT estimates that are closer
to the terrestrial measurements than what can be obtained based on the relationship
between AERONET and MISR (r = 0.11). In summary, the results prove that ivlODIS
AOD products correlate well with the AERONET AOD observations. Although some
bias still exists, the validation results are satisfactory overall .

Generally, validation of the satellite data helps in reducing the various uncertainties
for deterrnining the ground-Ievel aerosol concentrations, simulating the aeroso l­
climate interactions, and forecasting the air quality, both at the regional and local
scales. Of the various sensors that continuously provide aerosol columnar data
throughout the world, MODIS on board of the Aqua and Terra satellites is recognized
as the sensor most widely resorted to for relevant data (Mhawish et al., 20 17).

4.3 Cor re la ting the Gro und AOT with Valida ted MOnl S AOT

This section presents and discusses the results of correlating the ground AOT with the
validated MODIS AOT values. The main aim of this step was to identify the temporal
and spatial variations in the AOT over Peninsular Malaysia using the data obtained
from the MODIS sensor, then to estimate the levels of the PM2.5using these data.

Peninsular Malaysia has an area of 131,598 km2 This area is covered with
approximately 1,314 MODIS pixels (one pixel represents an area of 10 x 10 km2).
Table 4.5 shows that in only 10 days during the study period (20 13) did MODI S cove r
more than 50% of the overall area covered with the pixels. The highest number of
pixels covered by MOD IS was 994 of 1,314 in 18 May 20 13, while in the rest of the
days the percentage of pixels covered by MODIS was less than 50%.
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Table 4.5 : Percentages of pixel s covered by iVlO DlS during the study yea r (2013)

Numbcr
or pix els Thc tenth The tenth

No . Date oulor Dalc high max . Date high mean
1.31 4 AOT o rA OT
pixels

1 18-May- 13 99 4 2-No\'- 13 6 .000 2-No\'- 13 2. 142
2 27 -May - 13 962 24-Jun- 13 4.95 6 24- Jun- 13 1.699
3 I ')-Jun-1 3 895 25-Jun- 13 4.57(, 25-Jun- 13 1.(,40
4 3-.Iun- 13 888 19 -.1 un-13 4.571 24-J ul- 13 1.32 (,

5 24-Jun- 13 88 7 23 -Jun- 13 4,456 27-Scp- 13 I.o n
6 16-Apr- 13 8 16 2 1-Jun- 13 4,4 20 30 -A ug - 13 0.99 5
7 17-Aug - 13 789 20-Jun- 13 3.075 9-Apr- 13 0.9 178
8 24-A ug- 13 772 2()-Aug- 13 2820 23- Jul- 13 0.9 107
lJ 8-Jun - 13 750 24-J ul-13 2.582 26- Scp- 13 0.')] 06
10 7-Ma\'-1 3 703 22 -Jul- 13 2.327 27 -A ug- 13 O.8lJ5(,

4.3.1 Temporal Distribution of AOT

Table 4.6 and Figure 4.10 show the results of MODIS AOT retrievals by month over
Peninsular Malaysia in the year 20 13 . The results indicate that massing data appear in
each month. However, the highest number of missing data points characterized
November ( 13 days) and February ( 11 days). A possible explanation for this is the
cloud cover which is a serious limitation to satellite AOT observation . The range of
maximum AOT values was 0.57 in December to 2 .14 in November, while the lowest
value of AOT (0.036) was reported in February. The temporal and spatial variations
in aerosols and their impact on radiative transfer over Malaysia were studied by
(Kanniah et al., 20 16) via the integrated approach based on columnar aerosol
disappearance and the corresponding AOT over a given area. It can, thus, be
highlighted that the MODIS images captured AOT in a variety of values. The highest
mean average monthly AOT value (0.5 12) was recorded in June In general, the
months of the southwest monsoon recorded high mean and median AOT values.

Table 4.6 : TIH~ available and missin g MODIS AOT pixel s by month over
Peninsular Malaysia in 2013

Mon th Ob servation Missing Min Ma x. Mean Median
January 3 1 4 0. 124 0596 0 .31 3 0.296
February 28 11 0.036 0,4(,6 0.257 0.241

March 3 1 4 0.124 0.596 0.3 14 0 .296
A pril 30 5 0.08 6 0.9 18 0.3 85 0.342

May 3 1 6 0.074 0.60 1 0 299 0.282

.Iunc 30 5 0. 144 1.099 0.5 12 0.334

July 3 1 7 0. 14lJ 1.32() 0,484 0.45 5
Au gu st 3 1 4 0.044 0.995 0,430 0.386

September 30 9 0.076 l. On 0,4 39 0.356

October 30 8 0.059 0.(,07 0 293 0.2(,(,

Nove mber 30 13 0. 12 1 2. 142 0,479 0 32lJ

Dece mb er 3 1 15 0. 107 05 70 rU07 0 .288
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4.3.2 S patial Dist ribu tion of A UT

Figure 4 .11 unc overs that there are man y missing data in the study area , mo st probably
due to a cloud cover. On the other han d, the dark orange color, expressing high value s
of AOT, concentrated on the west coast of peninsular Ma laysia . It is highl y expected
that the values of AOT were influenced by the sea son . Thi s area is alwa ys affected by
haze due to bioma ss burning, which increases the conce ntrati on of AOT. Many
previous studies (e .g ., Othman er al. (20 14» rep orted that Mala ysia is exp osed to the
haze and that it was ex posed to haze during 2005 and 2006.
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Other studies of the relationship between haze and AOT (e.g., Tsai et al. (20 11»
employed MODIS-deri ved AOD data for air quality monitoring. These studies found
that the height of the haze layer has higher influence on correlation than the BLH as a
result of abundance of aerosols above the boundary layer. Additionally, Salinas et al.
(20 13a) found that the fine mode AOD indicated high levels of aerosol loading and
that there were similar high values of the Angstrom exponent number, consistent with
presence of the fine mode PM. Nevertheless, these results suggest that data obtained
using the MODIS sensor to retrieve AOT provide further information for assessing the
effec t of haze and for estimating the concentrations of PM25.

It is encouraging to compare these figures with find ings of Amanollahi et al. (20 I I )
who found that change in the concentration of PM!o and value of AOT were affected
by haze in Klang Valley during and after the severe haze episode, which extended
from July to August 2005. It is seen that the high aerosol loadings were usually located
in Klang Valley in Peninsular Malaysia, which is the most developed area in Malaysia
and which is more exposed to air pollution than other areas in Malaysia due to its
geographical location, establishment of large-scale commercial and industrial
activities, abundance of densely-populated areas, and the high vehicular traffic (Sahani
et aI., 2014). Overall, these results compare with those of the study of (Shon, 2015)
which reported high effect of biomass burning on the optical properties of aerosols in
Southeast Asia.

4.3.3 Annua l Means and Seasona l Var'ia tio ns in MODI S AOT Retrieval s in
Mo nito ri ng Stations

The seasonal variations in AOT were tracked using MODIS data for one year; 20 13
(Table 4.7). The seasonal and annual AOT means and associated standard deviations
are listed in Table 4.7. It is found that the highest AOT values were recorded during
the southwest monsoon, especially over Cheras (0.726 ± 0.600) and Putrajaya (0.7 16
± 0.342). The results also show that there are increases in the AOT values in the
southwest monsoon at all stations. Meanwhile , no clear trend was observed at
Kelantan Tanah Merah station, where the mean annual AOT value was 0.327 ± 0. 171,
the mean southwest AOT value was 0.324 ± 0. 190, and the mean northeast AOT value
was 0.338 ± 0.160. These AOT values are almost identical. This may suggest that the
station on the east coast was affected by small quantit ies of AOT. Tan et al. (20 14)
found that the amounts of the aerosols resulting from biomass burning increased
during the southwest monsoon due to the active open-burning activities in local areas
and neighboring countries as identified by the current study.
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Table 4.7: Annual and seas onal MODIS AOT means and sta ndar d deviations at
different sta tions in Peninsular Malaysia in 2013

Annual and seasonal means and standard deviations of MODIS
AODStation

Banting
I3 ukit Rambai
Chcras
lpoh
Putrajaya
Kelantan Tanah Mcrah
USM

Annual mean

0.45 1 ± 0.241
0 3X 7 ± 0.05lJ
0.509 ± 040X
0.375 ± 0.210
0.545 ± 029 1
0.327 ± 0.171
0.393 ± 0.29X

Southwe st
monsoon

0.534 ± 0.29 1
0.43 1 ± 0.3 10
0.726 ± 0.600
044X ± 0.234
0.7 16 ±0.342
0.324 ± 0. 190
0.527 ± 0.506

Northeast
monsoon

0.394 ± 0.2 17
0.36lJ ± 0.206
0.407 ± 0.243
0.328 ± 0.194
0.449 ± 0.203
0.33X ± 0. 160
0.342 ± 0.150

4.3.4 T he MODIS AOT Retrieval s and th eir Relation to G round-Level PJ\hs
Concentra tions

Accuracy of the AOT values drawn from satellite does not only depend on quality of
the satellite data (e.g., radiometric calibration) but also on the algorithm employed in
converting the satellite data to AOT data. Since the AOT retrieval process is carried
out only during the daytime and for the cloud-free pixels, the most important step is
applying the appropriat e cloud mask. The smaller the size of the pixel, the more
efficient is the process of removal of the cloudy pixels. Stated otherwise, the AOT
represents the column-integrated value while the PM is measured at the ground level.
In consequence, correlation between these two variables may depend on vertical
distribution of the aeroso ls. As a result, estimation of the PM concentrations from the
MOD IS AOT data may result in remarkable errors. To enhance the correlation
between the PMzs and AOT in Peninsular Malaysia, this study included several
meteorological parameters in the regression models.

4.3.4.1 Descriptive Sta tistics

Daily and hourly meteorological and PM25data, besides the AOT data, were used for
parameterization of the SLRM and the MLRM. The modeling results are summarized
in Figure 4 . 12 using histograms and descriptive statistics. The sensor data were
collected between II :00 a.m and 0 1:00 p.m, Malaysia local time. The MOD IS
instrumen ts are on board of the Terra satellite, which crosses the equator around 10:30
a.m local solar time (Wei You et al., 20 16) . The mean value of the AOT (independent
and unitless variable) used in the SLRM and MLRM was 0.42, while the standard
deviation was 0.29 . The hourly and daily ranges for the corresponding ground-level
Plvlz.s concentrations (dependent variable measured in unit ug/rn:'unit) are 2.00 ug/nr'
to 10 I.00 ug/m' and 7.00 ug/m' to 163.79 ug/m:'. respectively.
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The ground-based meteorological variables used in the hourly and daily ML Rl\1s were
T wit h hourly and dail y mea n values of3 0.10 °C and 27 .50 "C, respecti vely. The mean
hourl y and dail y values of W D were 145.88° and 1.151.1 °, respectively , and the hourly
and dail y RH values were found to be exhibiti ng a similar frequency distribution with
an hourl y mean of 68.9 1% and dail y mean of 77 .68% . The maximum hourl y and daily
values of WS reached 15.80 m/s and 9.45 m/s, respecti vely. with standard deviations
of 2.2 1 and 1.44, respec tively (Figure 4. 12).
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Figure 4.12 : Histogram s and Descript ive Sta tistics of th e Regression Model
Varia bles: (a ) Hourly PM2.5; (b) Daily PM2.5; (c) AO T ; (d ) Hourly Wind Speed ;
(e) Daily W ind Speed; (1) Hourly Wind Direction ; (k ) Daily Wind Direction
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4.3.4 .2 O bse rv a tions of PI\'!2.s

Box plots of the hourly data (synchronized with satellite passing passage) are depicted
in Figure 4.13 whereas box plots of the daily average Pl\h 5concentrations (ug/rrr') for
the study year (20 13)are given by Figure 4.14. These figures show that the daily mean
concentration was higher than the hourly concentration at all stations. I3anti ng, Cheras,
and Putrajaya stations, which are located in Klang Valley, recorded the highest daily
and hourly Plvlz.s concentrations. For instance, the maximum hourly PMZ5
concentration was 101 ug/rn' in Bukit Rembai (Figure 4.13) while the maximum daily
PMZ.5 concentration was 163.7 ug/rrr' in Putrajaya (Figure 4.14). A possible
explanation for this can be that the station is located in Klang Valley, which is one of
the leading economic zones in Malaysia (Haberle et al., 200 I; Khan et aI., 20 16). This
means that the industrial and motor vehicle emissions are the principal sources of
pollutants in this area. Additionally, Malaysia is exposed to trans-boundary pollution
caused by aerosols from biomass burning in neighboring countries, particularly
Indonesia. Southwesterly winds transport the PM and gases from the forest fires in
Indonesia, particularly Sumatra, between July and September, which are the dry
season months (Kanniah and Yaso, 20 I0).
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Figure 4.13 : 80x Plots of th e Hourly PI\'!2.s Co nce ntra tio ns (ug/m:') in Penin sula r
Malaysia in 20 13
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Malaysia in 20 13

4.3.5

4.3.5. 1

Regression Mod els for Estima tion of th e P hs Co ncentr a tions

Simple Linear Regression Ana lys is (SLRA)

This study was interested in quantify ing the association bet ween 10DIS AOT and
gro und Pl\tI2. ; co ncentrations . To this end , the researcher ex plored the correlatio ns
be tween the dai ly mea n Pl\tI2. ; concentra tions and the ground-observed AOT levels in
the year 2013 . The relationship betwe en the hourly prv12 ; concen trations and the
MODI S AOT values retrieved for Pen insula r Malaysia at the wavelength of 550 nm
were used in the regression modeling .

Figure 4 .15 is a scatter plot of MODIS AOT values and the correspondi ng da ily
gro und-observed conce ntrations . The figure indica tes performance of the SLRM
predictive of the dai ly ground PM 2.; conce ntrati on s from the MO DIS AOT values . In
the case of the daily data, the linear regression equa tion is:

y = 24.28.. + 11 .09; R2 = 0.49
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In the case of the hourly data (Figure 4.16), the linear regression function takes the
form:

y = 34.68x + 4.62; R2 = 0.66 (4.2)

Various factors can contribute to the AOT- PM relation. Most important of which is
the retrieval algorithm employed, which necessitates that the aerosol type and the
surface characteristics have to be very close to the real-time circumstances . This is so
owing to that the presumptions on the meteorological conditions, surface
characteristics, and aerosol properties in the retrieval process can bring about
inaccurate MODI S AOD values. Additionally, aerosol retrievals are only possible
under the cloud-free sky condi tion (Zhang and Li, 20 15).
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These findings have important implications for development of the regression mod el
predictive of the ground Pl\h 5conce ntrations for Peninsul ar Malaysia . The 1<2va lues
of the dai ly and hourly MLRM s are 0.49 and 0.66, res pec tive ly, whic h indicate that
these two ML RMs can explai n 49% and 66% of the va ria tio ns in the daily and hourl y
PM 25conce ntrations , respectively . However, because of the observed diff erences in
the value s of the correlation coefficients , it was concluded that other factors like the
RH, vertical structure of the aerosols, meteorological condi tions, and tem poral and
spatial distributi ons have impacts on the relationship between the PM25concentratio n
and the AOT .

4.3.5.2 Multiple Linear Regre ssion Analysis (M LR A)

Whil e most previous studies have focus ed on ex plor ing the relation ship s be tween
collected hourly or dail y AOT and PM 25 measurements indiv idually, th is study took
into consideration the daily and hourly PI\h5 concentra tio ns to determine the
variability between satelli te AOT and PM2.5 concen tra tio ns usi ng SL RMs and
ML RMs . Tab les 4.8 and 4.9 show su mmary statis tics of the dai ly and hourl y variables,
respectivel y, employed in regression analysis in this study . The MODIS AOT (5x5
pixels) data were used as independent variab le in bot h the SLRM and ML RM beca use
there was one MODI S AOT data record only per day . The mean and standard deviation
of MODI S AOT were 0.42 J and 0285, respective ly . The large difference between the
maximum (3.387) and minimum (0039) MOD IS AOT values compromises
sensi tivi ty of the MOD IS sensor to measure AOT in terms of intensi ty . The average
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daily PiVb .5 concentration and associated standard deviation (Table 4.8) and the
average hourly PiVb.5 concentration and associated standard deviation (Table 4.9) in
the year 20 13 in Peninsular Malaysia were 28.907 ± 17.337 (ug/m') and 19.229 ±
12.247 (ug/rn'), respectively. These mean concentrations are less than the standard
average daily concentration of PiVb 5 (35 ug/rrr' ) stipulated by US EPA.

Table 4.8 : Summary statistics of the dail y wind direct ion (0), wind speed (m/s),
relative humidity (11..), and temperature (OC)

Statistic
Daily P~b , Daily WS Daily Daily T Daily MODIS AOT

(fig/mJ) (m/s) WD n (Oe) RH ('Y..) (5x5 Pixels)
Obse rvations 6X5 6X5 6X5 6R5 6X5 6X5
Minimum 7.00 I.ORO 20.000 22.JXO ·W.XIO O.OJ')
Maximum 1(,J .7,) ')A50 J ·B .OOO 1 1.070 100.00 D X7
Median 25.00 4.XXO 142.420 27.550 77.5XO O.J50
Mean 2X.'J07 5.01') 151 .0X2 27.4R(, 77.672 0 42 1
Standard

17.117 1.441 5X.52(, U 7X IO.X57 O.2X5
deviat ion

Table 4.9 : Sum mary s tatistics of the hou rly w ind direct ion (0). wind speed (m /s) ,
relative humidity (%), and tem perature (OC)

Hourly Hourly
Hourly Hourly Hourly MOD IS AOTStatistic PM c ' WS

(pg/m3) (m/s)
WD (0) T( OC) RH ('Y.. ) (5x5 Pixels)

Ob servat ions OX5 oX5 oX5 oX5 6X5 OX5
Minimum 2.0 O.lJO 1.00 22.3XO 37.00 OJ)3lJ
Maximum 101 00 15.XOO 35lJ OOO 37.100 100.00 3.3X7
Median 10 00 o 100 14X.XXO 2lJ lJOO 00.370 0.350
Mean IlJ.22X 0.42X 145.X54 30.046 6X.912 0.421
Standard

12.247 2.205 9X.159 2.540 13.251 0.2X5
deviation

The hourly (Table 4.9) and average daily (Table 4.8) values of meteorological
variables were used to improve the ability of the MLRMs to estimate the mass
concentrations of the PM25 near the surface . Several notable developments over
previous works characterized this study and resulted in obtain ing an improved
representation of the relationship between AOT and the ground-based PM25
measurements. Besides the meteorological variables, parameters influencing the
satellite AOD retrievals can be incor porated into MLRA to improve the correlation
coefficient (Gupta et al., 2006) .

Table 4.10 and Table 4 11 show the values of the coefficients of corre lation among
the daily and hourly, respectively, values of MODIS AOT, PM25, and several
meteorological variables. A positive correlation was found between PM25and AOT.
The hourly data (Table 4.11) manifested a higher correlation (0 .808) than the daily
data (0 .696). These differenc es may be due to the effects of meteoro logica l and cIimate
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factors. For instance, the estimation of particle mass can be influenced by increase in
the RH owing to that the particle size and, thus, mass infl ate dramaticall y as the RH
increa ses (Boyouk et al., 20 10; Kumar et al., 2007). Comparatively, the daily data in
Table 4.10 unveils that there is a similar pattern in the relat ionsh ips amongst the daily
Plvlz.s conce ntration, MOD IS AOT, and the studied meteorological varia bles.

Table 4.10 : Coefficients of cor rela tion among the da ily values of MODI S AOT,
Pl\-h s, and meteorological varia bles

Va ria ble

Dail y PM, s (~lgl JII ' )

Daily WS (1I1/s)

Dai ly WD (0)

Dail y T (OC)

Da ily RH (%)

MODI S AOT (5x5 pixels)

Pl\h"

I

-O.25X

0.22(,

-0 . 1.1 X

0.07.1

0.6%

W S

(OIls)

-0.25X

-0.406

0..121

-0 .52')

-0.193

W I>

0.226

-0.40(,

-0.0%

(UX-l

0.113

T

-0 . 13X

0..1 21

-0 .0')(,

-0.257

-0. 102

RII

('Yo)

0 .073

-0 .52')

O..1 X-l

-0.257

0. 12 1

l\lO I> IS AOT

(5x5 pixe ls)

0.6%

-0 . 1') .1

0 . 11.1

-0. 102

o.m

Table 4. 11 : Hourly Cor rela tion ma t r ix data of MO DIS AOT, Pl\-hs and
meteorological va riables for study a rea , Peninsul ar Mal aysia

Vari ab le

Hourly PM" ( ~ lgl ll1 ')

Hourly WS (1I1/s)

Hourly WD (0)

Hour ly T (OC)

Hourly RH ('Yo)

MODIS AOT (5x5 pixe ls)

I

-0 . 11.1

0.0.15

0.0.11

0. 13-l

O.XOX

WS

(m/s)

-0.1 13

I

-0 .005

-0.05-l

-0. lOX

-0.086

W I>

0.035

-O.OOS
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The PM2.s concen tratio n was estimated by first setting it as the dependent variable in
the initial modeling process, whose main goa l was to defin e the model structure on
daily (Table 4.10) and hour ly (Table 4.1 I) bases. Besides, average data were used in
deve lopment of various regres sion models , whose estimates were then compared with
gro und measurements of the PM2S concent ration. In view of the finding of a high
deg ree of correlation between AOT and Plvh.s in the current study, the resea rcher
concludes that reasonably powe rful models can be obtained for estimation of the
ground Plvlz.s concentrations.

The AOT data and meteorological parameters were integrated into ILRMs to
improve model perfo rmance. In this study, the first step was analyz ing the linear
relat ion between AOT and Plvl z.s concentration . Therefore, simple linear regres sion
analysis (SLRA) was employed, once using the daily data record s (Figure 4.15) and
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once using the hourl y data rerecords (Figure 4.16). Afterward s, effects of four
meteorological parameters (WS , WD, RH, and T) were investigated using multiple
linear regres sion analysi s (l'vILRA) In the case of the daily data , the generated I'v1 LRI'v1
has the following equati on (Table 4 .12) :

Daily PI'vb.5 (ug/nr' ) = 48.023+0.49*1'v10D IS AOT-l .56*Daily WS (rn/s) +
O.044*Daily (0)-O.62*Daily T (OC ) - O.23*Daily RI-I (%) (4 3)

How ever , the MLRM obtained for the hourly records has the form (Table 4.13):

Hourly Plvl a.s (ug/ m' ) = -1.89+34.37*MOD IS AOT - O. 16*Hourly WS (m/s) +
O.004*Hourly WD (0) + O.19*Hourly T (CO) + O.026*Hourly RH (%) (4 .3)

Table 4.12 : Values of paramet ers of the mult ipl e lin ear regress ion model
predictive of the daily P l\'h~ conc ent r a t ions (Itg/mJ )

Source Va luc
Standard

PI' > ItI
Lower Upper bound

erro r bound (95% ) (95%)

lut crccpt -IX.ll n 10 .-152 -1 .595 < 0.1l00 1 27.50 1 (,X.5-1 5

Daily W S
- 1.55-1 ll ,-lOI -:1.X76 1l.1l01l -2 3 -12 -0.7(,7

( 111/5)

Da il y WD (0) 0.0-1-1 0.00'.1 5.026 < 0.000 1 0.027 0.06 1

Dail y T(OC) -0.61 5 0.330 - I. X65 0.063 -1 .262 0.032

Dai ly RH (%) -0.23-1 0.05 1 --1 .562 < O.llOll l -1l.33-1 -0. 13]

MODI S AOT
-IO,-lXX 1,(,] 6 2-1 .755 < 0.000 1 ]7.277 -1 ] .700

(5x5 Pix els)

Table 4.13 : Va lues of pa rame ters of th e multiple linear regression model
predictive of th e hourly PM 25 concen tr a tions (ug/m')

Source Value
Standard

PI' > ItI Lower bound Up pcr bound
error (95'1.,) (95%)

Intercept -1 .X55 -1 .16 '.1 -O.-l-l5 0.656 -10 .0-10 6.330

Hourly WS
-0.2 1(, 1l. 126 - 1.715 0.OX 7 -0 .-16-1 (UB I

( 111/5 )

Hourly W D (0) 0.00-1 0.003 1.-168 0. 1-1 3 -0 .00 1 0.0 10

Hourl y T (0C) 1l. 187 0.1 11 1.67X 0.0'.1-1 -0.1l32 0,-105

Hourly RH ('Yo) 0.026 0.022 1.200 o.zn -0 .0 16 0.068

M O DI S AOT
3-1 .363 1l.975 35.2-17 < 1l.001l] 32.-1-1 '.1 36.27X

(5x5 Pix cl s)

These findin gs accord with the find ings of a number of previous studies which
provided evidence on that the meteorological variables that strongly affect the PI'v125
mass concentration encircle change in sunlight by effect of seaso n and clouds; vertic al
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mixing of the air pollutant s in the boundary layer of the atmosphere; moisture;
temperature; and short-, and long-range transport by winds; and recirculation of the
air mass by the local winds (Gupta and Christopher, 2008b). Thereupon, integrating
ground-based PM observations and relevant meteorological variables with MODIS
(Terra) AOT is vital to PM estimation from space using regression models.

4.3.5.3 Ten-Fold Cross Vlllida tion(CV)

To assess whether the models were well specified or not and to ensure that they were
not over-fitting, ten-fold CV was conducted after construction of the annual MLRM.
The results of CV are shown in Figure 4.17. In CV, daily and hourly models had
similar performance. The values ofR2 and RMSE of the model using daily data (Figure
7. l7a) were 0.70 and 10.02 (ug/nr'), respectively, and the values of R2 and RMSE of
the model using hourly data (Figure 4.17b) were 0.79 and 7.16 (ug/m'), respectively.
However, the MAPE was 2568% in CV of the hourly model and 3 126% in CV of the
daily model.
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According to results of the case study, it is found that the MLRM employing hourly
data manifested good performance in estimation of the PI'vI2. · concentrations using
satellite-based AOT. In CV of the annual estimates, the R2 value was 0.79 and the
values of RMSE and MAPE were 10.02 ug/rn:' and 25 .68%, respectively. Liu et al
(20 19) used the model they developed to assess the hourly surface concen trations of
Plvla.s at the level of the Advanced Himawari Imager (AHI) pixel. In CV, the values
of R2

, RMSE, and the mean prediction error (i .e., error in prediction of PM2.s
concentration from a reference P '125value) were 0.86, 17.2 ug/nr' , and 10.3 ug/rn! at
an hourly scale. Consequently, ten-fold CV or models built using ground-based Plvl
observations and MODIS (Terra) AOT appears to be a satisfactory means of assessing
performance of regression models in PM estimation from the space.

4.3.6 G eographically -W eighted Regression Model (GWRM )

The Values of performance metrics (R2
, AIC, and Moran 's I) for the GWRM and the

global regression model are summarized by Table 4 .14 . In this study, the GWRM was
based on the annual average data of all monitoring stations . Thus , the number of
training samples for the GWRM and the global regression model was all of the 685
data records. One commonly employed index to evaluate the spatial autocorrelation is
Moran ' s I statistic. values of Moran's I higher than zero point to positive spatial
autocorrelation while values lower than zero indicate negative spatial autocorrelation
and values close to zero mean absence of spatial autocorrelation (Hu et al ., 201 3). In
the current study, the values of Moran' I were higher than zero, both in the hourly
model (0. 104) and the daily model (0 . 174) . The two models were significa nt (p =
0.000). This indicates presence of positive spatial autocorrelation in each of these two
models.

Table 4.14 : Performance met ri cs for t he geogra phica lly-weigh ted regression
model (G W RM) a nd th e glo bal re gression model

Description

Hourly

Daily

Model Ale u]
GWRM 6XS 4559.no <UO
Global

Regression 6X5 4656.X37 O.6S
Model

GWRM 6XS 5304.X02 0.59
Global

Regression 6X5 5404.347 OA X
Model

·toral1· s I
O.104

0.174

4.3.7 Desc r-iptive Sta t ist ics for th e Seasona l Data of th e Stud y Va r ia bles

Table 4.15 summarizes the eff ec t of seasonal variation on PM25, AOT, WS, WD, RH,
and T. The AOT (unitlcss) and Plvlz.s mass concentration (ug/rrr') showed high
seasonal variability. The mean AOT value during the southwest monsoon was higher
(0.52) than that during the northeast monsoon (0 .37 ). The maximum AOT value
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during the sou thwest mon soon was 3.39 whi le the max imum AOT va lue during the
north east mon soon was 1.36 . On the other hand, the high est dai ly and hourl y mean
mass co ncentrations of Pl\h 5 (24 .32 ug/rn' and 37 .67 ug/ nr' , respectively) were
recorded du ring the southwest monsoon . Th e me an hou rly Plvlz.s mass co ncentration
during the northeast monso on was 16.82 ug/ m' and the daily me an PMZ.5 mass
co ncentration was 25 .27 ug/ m' . Th ese findings accord with results obta ined by
Kanniah ct al (2014), who resea rched into the spat ial dis tribution of AOT over
Pen insular Malaysia on an annual basis from 2000-2009 and reported that the
maximum values lied in the range of 1.6-2.7 duri ng the dry season.

Table .t.tS : Descriptive s ta t istics for till" seasona l dat a of till" st udy va ri a bles

ort hea st
Description Mean Ma x. Min. Median S D

111 onsoo n

Pl\ I ~ , (ug/m ' )
Hourly 16.lQ 63.00 3.00 15.00 X.04
Daih ' 25.27 60.11 7.00 24AO 9.22

RH (% )
Hourl y 65.76 99.00 37 00 63.00 I I .X3
Dailv 77.30 llll 29 55 .33 75.50 JO.3X

WD (0)
Hourly 125.56 359.00 100 96.50 95.65
Daih' 146.33 343.00 "' .... ..., .... 135X 3 61.32-,~., ._' -'

W5 (m/s)
Hourl y 5.9971 J3.20 I .XO 5.99 1.99
Daily 4.9 19 X.13 2.13 4.94 1.42

Tl:mp. (0C)
Hourl y 30.33 36.30 22AO 30.00 2.39
Dail y 27.54 30A4 22AO 27.55 1.1 9

AOT (unit lcss) Once a da y 0.37 1.36 0.04 03 I 0.20
Southwest

Description Mea n Ma x. Min. Med ian SI)
mon soon

PM~ , (~lg/m3)
Hourlv 24.32 JOI.OO 2.00 19.00 17.39
Daily 37 67 163.7ll 7.55 3 1.39 25.2X

RII ('Yo)
Ho urly 70.(J2 100.00 44.00 67.00 12AX
Daily 76.13 100.00 50. 10 76.60 11.35

WO n
Hourly 162.56 35X.OO 4.00 171.00 94.7X
Daily 159.73 299.29 3X.75 156.X3 56.15

WS (m/s)
Hourly 6.7X 15.XO 090 6.50 2.410
Dail y 5. 16 9.45 I .OX 4.92 1.53

Tem p. (0(,)
Hourly 29.77 36.30 23.40 29.55 2.09
Daily 27.40 30.21 22.3X 27.53 160

AOT (unitlcss) Once a day 0.52 3.39 0.07 0.42 OAO

Meteorol ogically , the hourl y and dail y temperatures were found to be undergoing low
sea .onal variations and there were no noticeable differences between the W5 s during
the sou thwest and the northeast monsoons. The hourl y WS wa s 15.80 m/s, which was
the maximum value during the year. During the observati on period (2013 ), the RH
was rela tivel y hig h, wit h hourl y and dail y mean values of 67 .76% and 77.30% during
the nort heast mo nsoon , respectivel y. Dur ing the sou thwest season, the mea n hourly
and da ily values were 70 .02% and 76.13% , respectively (Table 4. 15).
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4.3.7.1 Tem po ra l and Seasonal Varia bili ty of PM2.5 a nd AOT

Variations in the one-year MODIS AOT observations and the daily average and hourly
Pl\h s concentrations (observations and predictions) over Peninsular Malaysia from
January 2013 to December 20 13 are depicted in figures 4.18-4.24 for Banting,
Putrajaya, Bukit Rarnbai, Cheras, Ipoh, Kelantan Tanah Merah, and USM stations,
respectively. Annually, the highest AOT value (> 3.0) was recorded in Cheras station
(Figure 4.21). It is possible that the area around this station was exposed to a higher
aerosol loading during June than during other months due to the impact of haze during
biomass burning. It is noticed that the AOT values and the daily and hourly Pl\h s
concentrations peaked at all stations during June. It seems possible that these results
are due to the southwest monsoon, which prevails from June to September every year
and during which haze episodes take place in Peninsular Malaysia due to biomass
burning in Sumatra, Indonesia (Azmi et al., 20 10).

The observations and the prediction results followed the same pattern of seasonal
variability during the period of study at all stations. It was found that there is
agreement between the hourly and daily Plvlz.s concentrations at Kelatan Tanah Marh
station (Figure 423). Likewise, there was match between the observations and
predictions at USM station (Figure 4.24). There were differences between the hourly
and daily concentrations of PM25 at Cheras (Figure 4.21) and Ipoh stations (Figure
422). However, the observed differences were only slight. Figures 4.18-4.24 disclose
that the high concentrations were recorded during the southwest monsoon months.
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A possible explanation for the increase in the PM2.5 concentrations in June at most
stations is the smoke plumes of tires in Riau Province, Indonesia, which traveled
towards Singapore and southern Malaysia causing heavy pollution. Satellite datasets
were highly useful in indicating the temporal and spatial variations in the aeroso ls and
carbon monoxide (CO) concentration . In general, most of the winds in the region are
westerly during June but in June 2013 they blew eastwards (Vadrevu et al., 20 14).

In addition, the shape of the temporal AOT curve for the MODIS matches that of the
observed and predicted concentration s of PM2.5 extremely well. Table 4.16 lists the
percentage error values in predictions of the hourly and daily P 12.5concentra tions for
all studied monitoring stations. The lowest hourly mean percent error was 2.83% in
Petrajaya whereas the highest percentage error (23 .30%) was reported for USM
station. The lowest daily mean percent error ( 1.6%) was reported for Cheras station
while the highest percentage error (24 .97%) was reported for USM station.
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Tab le 4.16 : Percentage erro r values in predictions of the hourl y and daily Pl\h s
concentrations at all stations

Hourly Hourly
Daily Daily

Percent
Station Statistic PM" PM"

Percent PM" PM2 ,
Error

()1g/1ll3) Prediction
Error % (jlg/1Il3 Prcdictio

%
) n

No. of
lJ6 lJ6 % lJ6

observations
Minimum 5.00 X.IJI X7.20 17.·n 16.32 6.37

Banting Maximum 6lJ.OO 60.RO II. XX 11 5.00 7lJ.5X 30.XO
Range ('4.00 51.XlJ lJ7.57 63.26

Median IlJ.50 17.X3 34.X3 27.20
Mean 21..1 1 20.27 4.XX 31J..lX 30.17 23.5X
No. of ()IJ ()9 ()l) 6')

obse rvations
Minimum 7.00 lJ.X4 40.57 I I.(,X 17.45 4lJ.40

Putrajaya Maximum lJ2.00 63 .X5 30.59 I(,3.7lJ X3.30 4lJ.14
Range X5 .00 5HlI 152.11 (,5.X5
Median 22.00 21.1(, 25.29 3 12(,
Mean 24.20 2.1 .52 2.X3 3 1.77 34. 13 1.43
No. of

125 125 ]25 125
observat ions

Mininuun 4.00 7.14 7X.50 7.55 14.1(, X7.55
lpoh Ma:x iIllUIII (,(,.00 44.54 32.5 1 77.20 59.75 22.W

Range 62.00 37.40 (,lJ.(,5 45.60
Median ](J.{ )O 15.61 ]9.50 24.4lJ
Mean IX.52 17.(,3 4.X I 2 I.(jl) 20.')5 24.25
No. of

60 (,0 60 (,0
observations

Bukit
Minimum 5.00 X.lJ6 7lJ.20 13.75 )(d X )lJ.13

Rambai
Maximum 101.00 5X.X6 13lJ. 33 77.22 44.5X

Range % .00 4lJ.lJO 125.5X 60.X4
Median ]0 00 15'J 4 30.(,1 24.XIJ
Mean IlJ.lJO IX.05 9.2lJ 35 0 I 27.4(, 22.X9
No. of

105 lOS 105 105
observati ons

Mi nimum 7.00 X(,(, 23.71 12.24 1(,.02 30.RX
Chems Maximum 92.00 I22.0X .12N J 15UX 154.29 1.92

Range 85.00 11 3.42 139.14 13X.27
Med ian 2 1.00 19.00 2X.lJ2 2X.62
Mean 24.4X 22.2X R.9,) 33. 1(, 32(, I 1.(,5
No. of

\17 .00 97.00 97.00 lJ7.00
observations

Kclantan Miuunutu 2.00 5.lJlJ IlJ9.50 X.OO 12.76 59.50
Ta na h Maximum 39.00 3X.X7 0.33 X3.lJ2 52.X4 37.04
Merah Range 37.00 32.XX 75.92 40.0X

Median 13.00 14.87 24.29 23.58
Mean 14.51 15.97 IO N , 26.17 24'J3 4.73
No. of

133 133 133 1.13
observations

Minimum (,.2(, 7.43 18.(,9 7.00 14.5 1 ]07.28
USM Maximum 63.08 102.42 61l.83 IOIl.OO 130..12 30.32

Range 57.42 ')4.99 93.00 115.RO
Median 13.50 14.lJ2 18.00 23.05
Mean 14.8 1 18.2(, 23.30 22. 18 27. 72 24.lJ7
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These results ind icate that there are further variations in the AOT-Plvb s relation that
can not be explained by the atmospheric structure. One rea soning is that the Plvla.s
conc ent rati on at the surface may not be representati ve of the whole PHL column . Other
factors like aerosol comp osition and aerosol siz e di stribution s also cau se variabili ty in
the mass-opt ical extinction rat io. Likewise, the temporal va riations in AOT and Pi\h
concentratio ns are stro ngly affec ted by the season as shown in fi gures 4. 18-4.24,
where the high est values were recorded in June .

4.3.7.2 Spat ia l and Seaso nal Distributions of PI\'lz.s Co ncentra tions

Figures 4.25, 4.26, and 4.27 represent all the data, data for the southwest monsoon,
and data for the northeast monsoon, respectively. The results of estima tion by using
Spa tia l Kriging (SK) appear to be unrealistic and seem to be heavily dependent on the
interpolation scheme. The smooth changes over rather long distances and the massive
presence of high values (the dark orange areas) retlect the instrumental character of
SK . Due to the sparsely-located mon itoring statio ns, the ground PMz, concentrations
at man y locat ion s had to be estimated by interpolating the values of the stations that
are spa tially far apa rt . Such estimates ca n hard ly rep resent the real distributi on of the
ground Plvb .s concen trations across space.
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Figure 4.26 points out that the predicti ons of the LRM do not match the actual
concentrati ons in spatial distribution in the southwest monsoon . To the contrary ,
figures 4.27a and 4.27b underline that the predicti ons of PM2S were ident ical for the
daily average observations and hourly average predictions, respectivel y. These
differences can be explained based on the values of 1<2, MSE, RMSE, and MAPE
(Table 4.17). Spatial Kriging was found to be relativel y strong estimator with a very
low RMS E 01'5.0 1 ug/m>. Further, its estimates had low MSE and MAPE (Table 4.17).

Table 4.17 : Values of mea su res of model performance for the northeast
mon soon , southwest mon soon , a nd overa ll yea r (2013 ) data

Accuracy
measures

Observations
W

MSE
RMSE
MAPE

HLRM
Southwest

222
0.66

102.11
10.11
36.17

DLRM
Southwest

222
0.55

291.25
17.07
37.62

HLRM
Northeast

276
06 1
25.10
5.01
24.55

DLRM
Northeast

276
0.2R
61.22
7.R2

29.0R

HLRM
Overall

6X5
0 65

52.17
7.22

2R .97

DLRM
Overall

6X5
OAR

155.37
12.46
32.R9

The results of this study unveil that the spatial distributions of the hourly and dai ly
Plvlz.s concentrations are high on the southwest coast in both monsoons. These results
agree with findings of Kanniah et al. (2014) who reported that the AOT assumes its
maxim al values during the dry season, especiall y along the west coast while during
the wet season the AOT takes its lowest levels. The seasonal spatial chara cterist ics of
distribution of the Pt\h s concentration s in Peninsular Malaysia can be explai ned as
the combined impact of climatic condi tion s and local emiss ions .

4.3.7.3 The MODI S AOT and Quality Co nt rast

Besides MO D04-L2 collection 6, the AOT was used to predict Plvlz.s concentrations
based on hourly data and linea r regression modeling (Figure 4.16) . The images
dep icting the regression modeling result s of this study show predictions of Plvla.s
concentrations for few days of the year 2013 (Figures 4.28-4 .35). The figures show
missing AOT ground pixel data around cloudy areas , which indicates that PM2.S
measurements can be taken in the clear sky cond itio ns during satellite overpass. The
satellite images taken in 24 June 20 13 (Figure 4.3 1) show highly different colors that
distingui sh heavy haze and cloud . Generall y, clouds are white and haze ap pears gray .

On 24 June 20 13, the avera ge PM2S concentration ranged from 181.45 /lg/mJ in
Banting to 39.23 ug/rrr' in USM, which are higher concentrations than those in non­
haze days (Table 4.18) . The high concentrations of Plvla.s in that day are likely related
to locations of the stations (Figure 3.2), such as Banting, Putraja ya, and Cheras being
located in the areas vulnerable to haze (Figure 4.3 1a). In that partic ular day (24 June
20 13), though there is clear indication of high haze density, the AOT is not
recognizable, indicating the limited ability of the MODI S sensor to retrieve AOT
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during dense haze days. But MODIS can still assist via true color image in visualizing
the haze density which proved to be impossible via MODIS AOT (Figure 4.3Ia).

Table 4.18 lists the ground average daily and hourly measurements of Plvla.s
concentrations at the moni toring stations under study in Peninsular Malaysia. The
figure s in this table for a given day can be compared with the data in Figures 4.28­
4.35, which present the ground predictions of distributi on of PiYb .5. The daily and
hourly observation s were within the bounds of the concomitant predictions that were
obtained from LRM. For example , in 23 May 20 13, the hourly Plvlz.s concentration
ranged from 8.00 ug/nr' in Bukit Rambi i and Cheras to 18 00 ug/m:' in USM.
Meant ime, the daily PMZ.5 concentration fell in the range of 16.33 ug/rn' in USM to
47.04 ug/nr' in Banting . These figure s comply well with the prediction s of the PMZ.5
concentrations summarized by Figure 4.30. These calculati on outcomes underscore
the potential s of the suggested models for predicting the patterns of distribution of
PMZ.5concentrati ons in Peninsular Mala ysia.

The rv10DlS-Terra true-color image and AOT data for 24 June 20 13 were used to
obtain the spatial extent and intensity of the haze episode. The true-color image in
Figure 4.3 1 shows that gray haze plumes appeared over the west coast and obscured
the surface of most of central Peninsular Malaysia. The MODI S AOT data appearing
in Figure 4.3 1uncover that strong aerosol loadings, with high AOT values greater than
4.0, were associated with most of the haze plumes. However, the results of AOT are
recorded at the boundary of haze plume. The AOT data disappear in the mid of the
haze plume. It is difficult to provide an explanation for this result, but it may be related
to sensitivity of MODIS to retrieve AOT in the area affected by the cloud and high
intensity of haze.

There are medium to high correlations between the ground PMZ.5 concentrations and
the AOT values drawn from RS tools like MISR and i\:IODlS. The so derived AOT
values have appreciable ability to predict the ground Pl\h 5concentrations (You et al.,
20 15). These correlations exist in spite of the vertical mismatch between the total
column aeroso l, as measured by AOD, and the ground PMZ.5 concentration; the level
of interest to the health studies, and the temporal mismatch between the 24-hour
average PMZ5 concentration and the daytime (usually a single snapshot) AOT
(Paciorek and Liu, 2009)

One of the major criticisms of the ability of the satellite-based methods to steadily
provide reliable AOD and, therefore, PMz.5 estimations is their weak ability to deal
with the challenge posed on them by the clouds (Christopher and Gupta, 20 I0). Some
studies (e.g., Engel-Cox et al. (2004» used MOD021KM-Level-I B to obtain red­
green-blue (RGB) true color images . On the other hand, it is argued that PMZ5 plays
a big role in the formation of haze (Watson, 2002) The most recent haze that struck
most of the parts of Malaysia took place in 20 13. It dimin ished horizontal visibility
across the country because the thick smoke blanketed Peninsular Malaysia (Chang,
20 16).
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Table 4.18 : PMl.;; conce ntration ( lIg /mJ ) hourly and daily at the station used to
estimation ground-level of PM2 .5

Hourly I'M2 -' (ug/m') at the stations
Date (H) &

Bukit
Kclantan

(20 13) Daily Banting Rambii
Cheras Ipoh Putrajaya Tanah USM

(D) Mefah

2X Jail.
H 16.1 2 13.00 9.00 3.00 15.00 9.00
D 25.% 2X.9 1 25.74 I lU7 56.71 19.05

20 Mar.
H 5.32 4.00 24.00 9.00 16.00 7.00
D 40.47 30.95 30.4X 23.30 24.X7 16.33

23 May
H 14.00 X.OO XOO I I .00 I X.OO 16.00 1X.OO
D 47.0X 23.62 16.52 20.91 22.30 26.26 16.33

24 Jun.
H 11 3.00 X1.00 93.00 92.00 59.00 30.00
D 1X1.45 15 1.3X 77.20 163.79 X3.92 39.23

IS Aug.
H 25.00 41.00 6 1.00 14.00 2 1.00 12 00 19.00
D 44.45 4 1.00 50.00 33.79 36.64 I X.19 12.15

2X Sep ,
H 11 00 3300 13 00 23.00 7.00
D 1X.XI 30.21 IO.5X 30.92 10.37

2 1 0 cl.
H 5.00 16.00 25.00
D x.n 11 .53 9.XO

26 Dec.
H 37.00 35.00 13.00
D 30.3X 20.63 12.92
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P1\'hs Concentra tions on 20 March 2013
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Figure 4.30 : Color Images: (a) T r ue Color Image: (b) Retrieval of AOT fro m MO DIS: (c) Linear Regression Model Pred ict ions of
Pl\'h.5 Concentrations on 23 May 2013
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Figure 4.31 : Color Images: (a) True Color Image; (b) Retrieval of AOT from MODI S; (c) Linear Regression Model Pr edict ions of
Pl\'h5 Concent ra tions on 24 June 2013
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Figure 4.33 : Color Ima ges: (a) T r ue Color Image; (b) Retrieval of AOT from MO DIS; (c) Linear Regression Model Predictions of
P~h5 Concentra tions on 28 September 2013
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4.4 Assessment of the PM 2.5 Es tima tes for Pen insul ar Malays ia

Thi s study compared the AERO ET AOT values with the MOD IS AOT values at the
wavelength of 550 nm in an effort to eval uat e relevance of the satellite data for the
study area. Spatia l statistics for the MO DIS data and cor res ponding temporal
AE RO ET dat a we re first obtained. The 50 kill x 50 kill window of MOD IS AO D
matches ground-based data . Th e co rrelatio n betwee n AERO ET and MODIS AOT
was good . In estim ation of the ground-level Pivlz.s levels at the mon itoring sta tions
based on the MO DIS sen sor, MO DIS AOT va lues were extracted at diffe rent pixel
size s (I x I, 3x3 , and 5x5 pixel s) and regression modeli ng was appl ied to assess the
effec t of MOD IS AOT on the PM2.s level s for each pixel size group.

4.4.1 Cor rcla tions among G ro und P1\h,;; Conccnt rat ions an d MODI S AOT
Values for th e Different Pixel Size G ro ups

Table 4.19 and Figure 4 .36 ind icate the match ing ground-lev el Plvla.s concentrations
at eac h station for different spatial MODIS pixel size groups . Mo re matching data
po ints we re fou nd in the 5x5 pixe l g roup than in the 3x3 pixel group and the lowest
number of matching data points was found in the Ix 1 pixel group. For exa mple, at the
USM station, which had the highest number of match ing data point s in the 5x5 pixel
group, the number of matching dat a points was 10 times the number of matching dat a
points in the Ix I pixel g roup (Figure 4 .36) According to these findi ngs, the researcher
co ncludes that the values of MODIS AOT in the 5x5 pixel size gro up ca n minimize
the temporal noise in the AOT data.

Ta ble 4.19: umbers of matching PM 2.5 conce ntration and MO DIS AOT data
points in cach p ixel size gro up for ea ch gro und monitod ng sta t ion in 20 13

The year 20 13(365 days)
Station MODIS AOT MODIS AOT MODIS AOT

( Ix I) Pixel (3x3) Pixels (5x5) Pixels
I Banting 25 32 l)6

2 Blikit rambai 17 24 60
3 Chc ras 27 37 105
4 Ipoh 50 59 125
5 KclantanTannh Mcrah 3 1 40 97
6 Putrajava III 26 69
7 USM 12 20 I ~ ~-' _"l

Overa ll IlI01365 23li/365 6li5/365
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Figure 4.36 : Percentage Matching MODI S AOT and Difference MODI S AOT
Data Point s in each Pixel Size Group for each G round Monitoring Station in 20!3

Ta ble 4.21 lists the va lues of the coe fficie nts of correlations among the daily and
hourly ground Plvlz.s concentra tions and the MOD IS AOT values for different pixel
size groups . The results disclose that there were posit ive cor relatio ns between gro und
Pl\h s conce ntrations and the MO DIS AOT values in the different pixel groups. The
high est hourl y correlation (097) was noticed in the 5 x 5 pixel group and the low est
co rrelation was found in the I x I pixel group (0 .29) at Buk it Rarnbi statio n. On the
other hand, the highe st daily correlation (0 .80) was noticed at Cheras (5 x 5 pixel s)
and KelantanTanah Merah (I x I pix el) while the lowest value was found in the Ix I
pixe l size gro up (0 . 13) at Bukit Rarn bai station .
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Table 4.20 : C oeff icients of cor'r elation among the a nn ua l hou r ly and dail y
gr ou nd Pl\hs conc entr a t ions (ug/nr') and M O DIS AOT in th e I x 1, 3 x 3, and 5
x 5 pixel gr ou ps fo r the st udy sta tio ns

Station
PM2.5 MOD IS AOT MODIS AOT MODIS AOT

(flg /m 1
) (i xi Pixel) (3x 3 Pixel s) (5x5 Pixels)

Banting
Hourlv 0.543 0.60 1 0.70X
Daily 0.146 0.194 0.405

2 Bukit Rambai
Hourly 0.2XX 0.364 0.966
Daily 0.13l! 0.217 0.759

3 Cheras
Hourly 0.X26 0.870 0.906
Daily 0.720 0.792 0.799

4 Ipoh
Hourly 0.643 0.728 0.797
Daily 0.375 0.434 0.4%

5
Kclantan'Tanah Hourly 0.675 0.716 0.719
Mcrah Daily 0.801 0.7X7 0.76 1

6 Putrajnya
Hourly 0.X50 0.831 0.866
Daily 0.680 0.633 0.682

7 USM
Hourly 0.458 0.655 0.567
Dailv 0.503 0.65 1 0.764

Overall
Hourly 0.603 0.656 0.l!46
Dailv OJ I5 OJ X4 0.61X

Overall , the resu lts (Table 4.20) spotlig ht mod erate to strong as sociations between
MO DIS AOT and the PM 25 concentration. For the ho urly data, the r val ues were 0.60 ,
0.66 , and 0 .85 for the l x l , 3 x3, and 5x5 pixel size groups, respecti vely . Meantime,
fo r the dai ly data, the r values were 0.32, 0.3 8, and 0 .62 for the I x I, 3 x3, and 5 x5
pixel size groups, respectively . These results point out that higher correlation between
MO DIS AO T and the PM 2.5concentration can be obtai ned by increasing the pixel size.

4.4.2 Va lue s of the C oefficien t of Detc r m in at ion (R2
) at Diffe rent Tempora l

Sca les

The MODIS he lped ma ny researchers discover a signifi ca nt correlation between total­
co lumn AOT and ground-level PI\h 5 measurements (H . J Lee et al ., 2016 ; Wang and
Chen, 20 16; You et al., 2015 ; Z heng et al ., 2017) . Table 4 .2 \ presents the R2 val ues
for the regression model s based on hourl y and dail y mean PM2.S measurements and
MO DIS AOT value s for the seven monitoring stations considered in thi s stud y . Th e
annua l variations in the values of R2 for the regression models of AOT and Pl\hs were
reported (Table 4 .21 ) For the hourl y LRM, the R2 values ranged from 0446 in Cheras
to 0.77 2 in Banting sta tion . In the case of the MLRM, the R2 values ranged from 0 459
in Kelantan Tanah Merah to 0 .794 at Bukit Rambai station. Fo r the dail y LRM, the R2

values ranged from 0. 186 in Cheras to 0.78 1 in USM . In the case of MLRM , the R2

values ran ged from 0.33 4 in Banting to 0.8 13 at USM station (Tabl e 4 .21) These
resu lts demonstrate that the R2 values produced by the ML RMs were in general high er
tha n those ge nera ted by the SL RMs. Viewed from other angle, the results of the LRM s
and MLR M s unveil effect of the meteorological factors on the assoc iat ion between
AOT and PM25co nce ntration . The fact that the R2 values assoc iated with the M LRM s
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were higher than thos e asso cia ted with the SLRMs suggests that incorporation of
meteorological fac tor in models predictive of ground PM2.Sconcentrations from AOT
improves the predictive pow ers of those models.

Table 4.21 : Values of the coeff icient of determination associated with regression
models based on dail y a nd hourly AOT and PM 2.,; values for the air quality
monitoring sta tions under study

Station Model
Houri\' Dail\'

n2 n2

Banting
LRM 0.772 0 24X
MLRM 0.7X9 0334

Bukit Rambai
LRM 0.746 0.397
MLRM 0.794 O.SIO

Cheras
LRM OA46 0.1X6
MLRM OA 75 0.790

(poh
LRM 0.7 13 OA73
MLRM D.73 1 0.503

Kclantan Tanah Mcrah
LRM OA49 0.37 1
MLRM OA59 OA9 1

Putrajaya
LRt\1 0.70 1 0.532
MLRM 0.727 0 56 1

USM
LRM 0.729 0 7XI
MLRM 0.747 OX13

Results of assessment of the predicti ve powers of the regression mod els predictive of
ground Pf\tJzs concentrations from AOT values on a seasonal bas is using hourly and
dail y data are summarized by Table 4.22. Th e regr ession resu lts underscore that
correlation between these two variables is higher in the southwest mo nsoon than in
the northeast monsoon. On an hourly basis, the R2 values associated with the MLRM s
were higher in the southwest monsoon tha n in the northeast mo nsoon . For ins tance, in
Buk it Rambai, the value of R2 was 0.945 in the north east monsoon and 0.763 in the
southwest monsoon (Table 4.22). The se find ings support that the ground-level Pi\h s
concentrations and MOD IS AOT values are sensit ive to time. One probable
explanation for this time sensitivity can be the timi ng of biomass burning activities in
Sumatra (Indonesia) as was previously highl igh ted. However, the overridi ng effects
of the southwest monsoonal wind s may have co ntrib uted to the da ily co nce ntrat ions
of PM2Sin this area.
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Table 4.22 : Values of the coefficient of determination associated with regression
models using daily and hourly AO T a nd PM 2.5 va lues in the tw o monsoons and
the air quality monitoring stations und er study

----
Southwest Northeast

Daily (R2) Hourly(lt )
-- ----

Stations Daily(1<2) Hourly(1<2)
LRM MLRJ\i1 LRM MLRM LRM MLRM LRM MLRM

Banting 0,274 0.334 0.lU 9 0.864 0.25 1 0.308 0743 0.775
Bukit

0.59 1 0.667 0.R94 0.945 0.278 0.43 1 0.666 0763
Rambai
Chcras 0.837 0.R59 0.646 0 738 0,480 0.548 0.690 0.659
Ipoh 0.625 0.649 0.772 0.lU7 0.223 0.272 0.68 9 0.698
Putmjaya 0.629 0.798 0.749 0.782 0021 0.352 0.552 0.628
Kelantan
Ta nah 0.520 0.710 0,456 0.527 0.280 0.552 0,546 0.599
Merah
USM 0.872 0.892 0.85 3 0.868 0.549 0.667 0.307 0,438

According to the foregoing results (Table 4.22), the researcher infers that satellite RS
data can provide valuable information on the area distribution of aerosols over a wide
geographical range. These data can be valuable source of information for studies of
air pollution that can compensate for the shortage of ground monitoring stations
(Wang et al., 2013) . In this regard, linear regression can be employed to convert the
satellite AOT observations to PM2.Smass concentrations, which are two of the most
useful indices of air quality (Gupta and Christopher, 2009).

4.4 .3 Meteorolo gical Parameters Influ en cin g Predict ion of Pi\'hs
Co ncentra t ions

Multiple linear regression analysis following the ' Stepwise' variable entry method
was employed in this study to assess the comparative effects of meteorological
parameters on predictions of the ground Pfvh s concentrations. No signific ant increases
in the values of R2 were observed with the inclusion ofT (OC), WS (s/rn), WD (0), and
RH (%) with MODIS AOT in the regression models (Table 4 .23). However, increases
of 0.77% and 8.25% were observed in the regression models using hourly and daily
data, respectively. The R2 values of the regression models using hourly and daily data
were improved by addition of meteorological parameters (Table 4 .23). These results
match with those of Liu et al. (2005); Paciorek et al. (2008) who also reported that
including meteorological variables with RS data in a MLRM increases the 1<2value in
Pi\h s concentration prediction. These factors contribute to accuracy of the regression
model. You et al. (20 15) conducted a study to identify influential meteorological
factors fo r prediction of ground-level PMz.s concentrations like visibility , surface T,
surface WS, and surface RH. Stepwise regression analysis showed that there was
significant increase in the R2 value of the model upon inclusion of the foregoing factors
in the models.
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Table 4.23 : MODI S model linear coefficient of determination PM2.5
concentration prediction as a fun ction of different independent variables

Model Independent variable
Hourlv Dailv

R~ Ch,Ulge in R~ ('Yo) R~ Change in R~ ('%)

I AOT 0.653 0.485
2 AOT. WS 0.655 0.31 0.501 3.30
3 AOT. WD 0.654 0.15 0.507 4.54
4 AOT. RH 0.654 0.15 0.485
5 AOT. T 0.654 O. 15 0.489 CUll

6
AOT. WS, WD. RH

0.658 0.77 0.528 8.26
and 'I'

4.4.4 Assessment of Model Accuracy

Evaluation of the models developed in this study was carried out using the testing and
validation data subsets and five perform ance evaluation metri cs: 1<2, MSE, RMSE,
rRMSE, and IVIAPE. An account on the validation results is provided in the following
sub-sections.

4.4.4.1 MODIS AOT and AE RONET AOT Validation

Table 4.24 presents the results of validation of the MODIS AOT values against the
average hourly and daily AERONET AOT data for the period 2012-201 5. As can be
observed in Table 4 .24. there are no noticeable differences in the values of the
performan ce metrics between the models employing hourly and daily data during the
studied period (2015-2015). Accordingly, the researcher reaches to the conclusion that
availability of long time series data of AOT from the Aerosol Robotic Network
enables satisfactory assessment of MODI S products.

Table 4.24 : Results of valida tion of the MODIS AOT values against the average
hourly and dail y AERO NET AOT data for the period 2012-2015

Description
Observations
R=
MSE
RMSE
MAPE ('X.)
rRMSE (%)
Slop
Intercept

Hourlv average
979

0.85 1
0.036
0.189

35.829
48 .84
0.978
0.807

\28

Dailv average
979

0.870
0.030
0.175

32.101
45 .21
0.0 79
u.ozs



-tAA.2 Es tim a t ion of P 'l z.s

Table ' 4 .25 and 4 .26 present the results of as sessment of accuracy of the LRNls usin g
hourl y and dail y data, respecti vel y . The results ind icat e that the 10DI mod el
explained 36.3% , 43 .7% , and 65 .3% of the va riations in the hourl y PMZ5
concentrations in the case s of the Ix I. 3x3 , and 5x5 pixel size groups (Table 4 .25),
respecti ve ly, and 9 .9% , 12 .9% , and 48.5% of the variations in the daily PM Z5
oncentrati ons in the cases of the Ix I , 3x3 , and 5x5 pixel size groups, respectivel y
(Table 4 .26) .

Table -t.25 : Results of assessment of acc uracy of th e lin ea r regr ess ion models
estimatin g hourly Pl\'h~ concentrations in 20 13

Descript ion I x 1 Pixel 3 x 3 Pixels 5 x 5 Pixels

Observa tions 180 238 685

H: 0.363 0.437 0.653

ivlSE (ug/rrr') 93 .266 74 .247 52 .171

R 1SE (ug/rn') 9 .657 86 17 7223

rRl\tISE (%) 55.82 48 .92 37.56

r-" IA PE (% ) 36 .306 32.476 28 .97 0

Slope 3 1.36 8 34.586 34 .676

Intercept 5.989 4.967 4 .619

T a hle -t.26 : Results of assess ment of acc uracy of the linear regress io n m od els
estimating dail y PM Z5 concentration s in 2013

Description 1 x I Pixel 3 x 3 Pixel s 5 x 5 Pixels

Observations 180 238 685

H: 0 .099 0. 129 0 .485

M SE (ug/rn') 270.1 17 220.255 155.368

RM SE (ug/m') 16.435 14.841 12.465

rRNlSE (%) 59.75 53 .91 43 .12

MA PE (% ) 38.763 36 .960 32 .888

Slope 2.424 25 .990 42 .278

Intercept 19. 183 18.0 19 11.095

Level s of perform ance of the various regression mode ls develo ped in this study were
evaluated for different pixel size groups with refe ren ce to the values of HZ, MSE,
RI\·I SE. rRMSE, and MA PE. Th e results related to the regression models based on the
hourl y (Tab le 4 .25) and dail y (T able 4 .26) dat a demo nstra te that the 5 x 5 pixel group
model had the lowest va lues of MSR, RMSE, rR 1SE, and ~'IAPE , which pinpoints
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super iori ty of thi s model over the models generated for the Ix I and 3x3 pixel size
groups . These fi ndings provide additional evidence on imp ort ance of spatio-tern poral
resolution in the relation bet wee n ground Plvlz.s conce ntra tions and MODI S AOT.
Addi tionally, the accuracy of the MO DIS-deri ved AOT dat a was low, which can result
in information bias since ce rtai n important cova riates like land uses, regional
variations in the aeroso ls, and seaso nal variations in the aerosols were missing from
the design ed models due to lack of inform at ion on them .

4.4 .5 C om pa r ing of R1 Va lues Betw een St ud ies

A Co mpariso n of values of R2 between studies to evaluate sa telli te-based pred iction
of Pl\h s conce nt rat ions for Penin sula r Mal aysia is provid ed by Tabl e 4.27 . Review
of this tabl e discloses that the values of R2 which this study ob tained are consis tent
with literature values, where the mod el using hourl y data has an R2 value of 0 .66 while
the model based on daily data has an R2 value ofO AS.

Ta ble 4.2 7 : Com pa r iso n of va lues of t he coefficie nt of determ ination between
stud ies to evaluate sa tell ite-based predicti on of Pl\'h .s concentrations for
Peninsula r Malaysia

Location R! value Period refe rence
Houri" Daily

USA O.\)0 2001l - 2013 (Z han g c t al .. 20 Ill)

Ch ina 0.7 1
Ap ril 20 14to

(Yao ct al ., 20 IX)
Apri l 20 15

China 0.24
May to Jun e

(Ya n et a l., 20 17)
20 16

USA 0 .60 2003 (Hu ct al., 20 13)
From

China 0.25
Octob er to

(Z ha ng and Li. 20 15)
December

20 13

USA (J.X\) 2003
(C hud novsky c t al ..
2( 14)

China 0.70 20 13
(Zongwe i Ma cr a l.,
20 16)

China 0.29 0. 11I 20 15 (Gu o ct a l., 20 (7)

China
Ranged from

200\) -20 10 (K on g et al ., 2( 16)
0.65 to 0 .72

Chi na 0.1I2 Oct ob er 200 4 (Wang et al ., 2( 13)
Mala ysia 0.66 0.4 \) 20 13 "Jll is study
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CHA PTE R 5

SUM MARY AN D CONC LUS IONS

5. 1 Summary

This study was based on one-year (20 13), hourly and daily MODIS- AOT data
obtained from the Terra satellite and P1\r125 data measured at seven ground stations in
Peninsular Malaysia. The data processing results demonstrate that the MODIS AOT
values have medium to high relationships with the measured levels of Pl\r12 5, where
the r values characteristic of the relationships of MODIS AOT values with the hourly
and the daily mean PlVb .5 concentrations were 0.67 and 0.76, respectively. These
results lead to the conclusion that the AOT values retrieved from the satellite constitute
a useful tool for the air quality studies over vast spatial domains aiming at tracking
and monitoring particulates.

Until now, the PlVb 5 informational collections have broad temporal and spatial
resolutions but are yet inadequate. A purposeful, keen effort is needed to compile a
compendium database of temporal and spatial resolutions of the PM25concentrations
in Malaysia to more fully investigate the relationship between the ground PM25
measurements and the satellite-determined levels of particulates.

The results of the present study emphasize that estimation of the ground-level PM25
concentrations can be enhanced by including in future models meteorological
variables that are directly affecting the levels of PM in the atmosphere. This study
developed SLRMs and MLRl\1s that predict the concentrations of ground PM25. In
the MLRMs, the meteorological predictor variables improved the estimation of the
ground-level PM2.5substantially.

5.2 Conclusion

The present study sheds light on the fact that satellite imagery and data can provide
highly useful input to air quality policies. Researchers have been conducting
quantitative analyses that compare satellite sensor data with ground air quality
measurements. By far, there is consensus among those researchers on strong
relationships among the PM2.5 concentrations, MODIS AOT data, and other ground
air quality measures.

Our understanding of the sources and transport of air pollutants can be improved much
by using satellite data in combination with other relevant data from different sources
and suitable models. Regression modeling can be used to determine the concentration
of Plvl using 100IS sensor data which cover broad geospatial areas and are available
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at least once a day. Wh en continuo us ly moni tored, the MODI S sensor wil l pro duce
vali d AOT data that ca n be emp loyed to build a satisfactory database of rel iabl e data.

The MOD IS AOT sensor was va lidated with the AERONET AOT. A stro ng
co rrela tion was fou nd be tween the AE RONET AOT and MODI S AOT observations .
It was also foun d that the MO DIS AOT products tended to overesti mate the gro und­
level AOT values. Nonetheless , most of the values fell withi n a reasonable range of
AE RONET AOT values . The resu lts of this study poi nt out that the pro ducts of the
MO DIS AOT sensor are sui tab le enoug h to be used for Pr-.h s es tima tion. For reg ions
that lack AE O RNET sites , the MODI S AOT produ ct s ca n be co nsidered as a
reas onable subs titute .

Simple linea r regre ssion models , MLRM s, and GW RMs were develop ed to es tima te
the gro und PM2.s conce ntrations. The model ing outco mes uncovered that there are
sta tist ica lly-significa nt, positive correlations amongst all the variables inclu ded in the
analysis . The prediction capacities of the LRMs, in term s of the va lue of H2, were
noti ceabl y higher when taking into account the meteorological data, especia lly wh en
meteorological data are incorporated in the sa me model with the hourl y PM2.S
co nce ntratio ns . In addi tion , ten-fold cross validation was performed to vali da te the
models. The res ults disclosed simi lar H2 values for the LRMs usi ng dai ly and hourl y
data . By compari ng the spatial distribution s of the Plvlz.s in different seasons, a better
match between the predicted and act ual Pl\h s levels was fou nd in the northeast
monsoon than in the sou thwest monsoon .

Acc urac ies of the various models were assessed using train ing and validation data
part ition s and four performance eva lua tio n metrics: R2

, MS E, RM SE, and rR ISE.
These metrics were used to assess the leve ls of perfo rmance of the LRM s pred ictive
of ground Plvlz.s co nce ntratio ns fro m AOT. In this rega rd, vario us facto rs can explai n
poor correlation be tween AOT and the gro und conce ntratio ns of Pl\h s. One factor is
tha t the se two vari ables measure different particle categories.

The relationship between AOT and Pl\h s concentration may be affec ted by the
atmos pheric condi tio ns during the study peri od . Th ereupon , studies of long per iod s
are much likel y to ob tain highl y robust result s since infl uence of the spatial conditions
on the investigation res ults can be at a minimum. The current study used twel ve-month
data and its findings coi ncided wi th the result s of previous studies employing longer
tim e ser ies . Co nse quently , con tinuous mon itor ing of air qua lity is mand atory to obtain
accurate assessment of the AOT- Pl\hs relationship. In view of these fi ndings, the
researcher concludes that the MODI S-Pl\h s models are ca pable of estimating the ai r
pollut ion levels at different spa rio-te mporal sca les . In other respects, it appears that
the study peri od does not affect the stre ngth of the AOT-PlYb .s relati onship.

Th ere were few limita tio ns to this study. Information about influentia l covariates like
the seaso nal variations in aerosols , land use info rmation, and pixel sizes was
unavailable for the researcher . Moreover, the clo ud mask and ephemeral wa ter body
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tests reduce the amount of retrievable data. Another limitation is the short study
period, which was governed by the availability of relevant data. Within this context,
(Wang et aI., 20 17) reported that long-term matching satellite and ground 1'1\'125
concentrat ion data will improve the correlation between AOT and 1'1\'125
concentration.

Another limitation is the lack of ground PM25 data. In addition, the sampling
frequencies were different as 1'1\'125 represents the 24-hour average whereas AOT
corresponds to snap-shot of the daytime PM level. Furthermore, the ground
monitoring stations in the study area did not have adequate coverage of the PM
concentrations and the necessary meteorological factors over Peninsular Malaysia .
Lastly, different factors have differing effects on the accuracies of the ground and
space measurements.

5.3 Scope for Future

I. Predictions of the ground Pi'vh5 levels can be much improved by inclusion of
meteorological variables related to PM in the models.

2. It is important to study variations in the fluxes of PM and the related
parameters of the surface boundary layer during the different seasons, with
particular emphasis on the monsoon periods.

3. Some studies found that there is statistically-signifi cant relationship between
mortality and the 1'1\'125concentrations in the atmosphere . Research should be
conducted using RS data to contribute refined knowledge to this issue.

4. Long-term monitoring of ground-level concentrations of Plvl z.s is needed to
develop estimation accuracy of the satellites.

5. The vertical structure of the PM and its components should be researched using
more RS tools like Lidar.

6. The AOT products of other sensors such as Aqua, MISR, and SeaWIFS can be
combined to increase the number of'the available AOT retrieval days for more
accurate 1'1\125 predictions.
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A P PEN DI CES

Appendi x I : Ambient particles' size di stribut ion
(Cao, Chow, Lee and Watson, 2013 )
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Appendix 2 : Flowchart illu strating the derivation of aerosol over land for \'5.2.
(Levy et al., 2006 )
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Append ix 3 : Morans'l Daill y Spatia l Autocorre lation Report

Spatial Autocorrelation Report
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Appendix 4 : Moran s'l Houri)' Spa tia l Autoco r rela t ion Report

Spatial Autocorrelation Report
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Appendix 5 : Ceographicnlly Weighted Regression Report

********************************************************************

*
*
*
*
*
*
*
*
*
*
*
*

Semiparametri c Geog raphi cally Weight ed Regression

Release 1.0.90 (G W R 4.0.90)

12May 201 5
(Originally coded by T. Na kaya : 1 Nov 2009)

Tom oki Nakaya( I) , Martin Charlton(2), Chris Brun sdon (2)

Pau l Lew is (2), Jing Yao (3 ), A Stewart Fothering ham (4)

(c) GW R4 development team

*

* ( I ) Ritsumeikan Univers ity, (2 ) Nat ional University of Ireland, Maynooth , *
* (3) University of' Gl asgow , (4) Arizona State University *
******************** **** ************************* *** ****************

******

Program began at 5/20/2019 2:31 :02 PM

************************************************************ ********
*********
Sess ion: All Stat ion
Session co ntrol fil e: C:\Users\User\Desktop \Geographically Weight ed Regre ssion
Mode\GWR\A1I Stati on\All Daily 2 Parameters.ctl
********************************************************************
*********
Data fil ename : C:\Users\User\ Desktop\Geographica lly We ight ed Regression
Mode\GWR\Stations data 5x5 pixe l.csv

umber of area s/poi nts: 685

Mod el se ttings------- -------------- -----------­
Model type: Gauss ian
Geograph ic kernel : ada ptive Ga ussia n
Meth od for optimal bandwidth search : Golden sectio n search
Cri te rio n for optimal ba ndwi dth: Ale
Number of vary ing coeffic ients : 2
Number of fixed coefficients : 0

Mod ell ing opti ons-------- ------------------------­
Standardisation of ind ependent variables: On
Tes ting geographica l variability of local coeffi cients: On
Loca l to Globa l Variable selection : OFF
Global to Local Var iabl e selectio n: OFF
Predi ct ion at non -regression points : OFF

Var iable settings------------------------- --------
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Area key : fie ld I: Site_ ld
Easting (x-coord) tield3 : Logi tud e

ort hing (y-coord): tield2 : Latitude
Cartesia n coordinates: Euclidean distance
Depende nt variable : tield6 : Dail y_ Pl\:12. 5
Onset variable is not specified
Intercept : varying (Local) interc ept
Independent va riable with varying (Local) coeffici ent: field 15:
rvlODIS_AOT_(5x5]ixel)
********************************************************************
*********
************************** ******************************************
*********
Globa l regression resul t
********************************************************************
******* **
< Diagnostic information >
Residual sum of squares : 1061 16.013526

umber of paramete rs : 2
(Note : this num doe s not include an erro r variance term for a Gaussian model)
M l. based global sigma estimate : 12.44 6441
Unbiased global sigma estimate : 12.464 651
-2 log -likelihood : 5398 .31133 1
Classic A IC: 5404 .311331
A ICc: 5404.346573
BIC/MD L: 541 7.899588
CV: 156.90 7493
R squa re : 0.48459 1
Adjusted R square 0 .483079

Variab le Estima te Standard Error t(Est/SE)

Intercept 28.9 172 83
lVIO DIS_AOT_(5x5_ Pixel)

0.476250
12.065 308

60.7 1870 4
0 .476 120 25 .340896

********************************************************************
** **** ** *

GWR (Geographically weighted regression) ba ndwidth se lect ion
********************************************************************
*********

144.26 5 Criterion :
155.775 Criterion :
162 .888 Cri te rio n:
174 .399 Criteri on :

Ban dwidth search <golden section search>
Limits : 44, 685
Gold en section search beg ins...
Initial va lues
pL Band w idth:
p I Band width:
p2 Bandwidth:
pU Band width :

5304.626
5304 .626
5304 .984
531 9.476
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ite r I (p I) Band width : 155.775 Cri terion: 5304 .626 Dif t': 7.114
Best bandwidth size 155.000
Minimum A IC 5304 .626

********************************************************************
*********

GW R (Geographica lly weighte d regression) result
********************************************************************
*********
Band width and geographic ranges
Bandwidth size : 155.774739
Coordi nate Min Ma x Range

1.878 167
3.545783

102.175900
5.811183

X-coord 100.297733
V-coord 2.265400
Diagn ostic information
Residu al sum of squares : 906 17.023499
Effect ive number of parameters (model: trace rSj) :
Effec tive number of parameters (variance: traceiS'Sj) :
Degr ee of free do m (model: n - tracei S j):
Degree of free do m (residua l: n - 2trace(S) + tracetS'Sj) :
M L based sigma esti ma te: 11.50 1636
Unbiased sigma est imate : 11 .567472
-2 log-likelihood : 5290 . 1560 85
Classic AIC: 5304 .626381
AICc : 5304 .802461
BIC/MDL: 5337 .3973 96
CV: 137.7627 10
R square: 0.559870
Adjusted R square : 0 .554809

6.235 148
4.69515 0

678 .76485 2
677.224854

***********************************************************
« Geographica lly varying (Local) coeffic ients »
*************** ********************************************

Estimates of varying coefficients have been saved in the foll owing file .
Listwise output file : C:\Users\Use r\Desktop \Geographicall y Weight ed Regression
Mo de\G W R\A II Statio n\A lI Daily 2 Pararnete rs Iistwise .csv

Summary statistics for varyi ng (Local) coefficients
Variable Mean STD

Intercept 28.856546
MO DIS_AOT_(5x5_Pixel)

3.586368
11.585797 0.478084

Va riab le Min Max Range

Intercept 24 .302907
MO DIS_AOT_(5x5]ixel)

34 .5 18240
10 .83 1048
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Variab le Lwr Quartile Median Upr Quartile

Intercept 26 .2148 87
MOO IS_AOT_(5x5_Pi xel)

27. 165567
11 .276570

3 1.246405
11 .538636 12.0050 11

Variabl e lnterquarti le R Robu st ST O

Intercept 5.03 15 18 3.7298 13
MOO IS_AOT (5x5]ixe l) 0.72844 1 0 .539986
(N ote : Robust STO is given by (inte rquart ile range / 1.349) )

****************************** **************************************
*********
GWR ANO VA Table
********************************************************************
*********
Source SS OF MS F

Global Residu als
GW R Improvement
GWR Residual s

10611 6.014 683 .000
15498.990 5.775

906 17023 677.225
2683 .740
133 .806 20 .056887

********************************************************************
*****
Ge ographical variability tests oflocal coefficients
********************************************************************
**** *
Variabl e F DOF for F test OIFF of Criterion

Inte rcept 49 .762230
MOOISJ \OT_(5x5]ixel)

2.270 67 8.765 - 100.92 1798
1.7 1625 1 1.984 678.765 0 .540 133

No te : positi ve value of difT-Criterion (A ICc, A IC, BIC/MOL or CV) suggests no
spatial variability in term s of model se lect ion cri teri a .
F test: in case of no spatial variabi lity , the F statistics foll ow s the F dist ributi on of
OOF for F test.

****************************** **************************************
*** *** ***

Program terminated at 5/20120 192 :3120 P II
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********************************************************************
******
*
*
*
*
*

Semiparametric Geographically Weight ed Regression
Release 1.0.90 (GW R 4 0.90)

12 Ma y 20 15

*

*
*
*
*
*
*

*

(Originally code d by T. Naka ya : I Nov 2009)
Tornoki Nakaya( I), Martin Charlton(2) , Chri s Brunsdon (2)

Paul Lewis (2) , Jing Yao (3) , A Stewart Fotheri ngham (4)

(c ) GWR4 developm ent team

* (I) Ritsurneikan Unive rsity, (2) National Univers ity of Ireland, Maynooth,

*
*
*

(3) University of Glasgow, (4) Arizo na State University

***************************************************************** ***
******

Program began at 5/20 /20 19 2:3 7:09 PM

***** ***** ********** *** ** **** ******* ***** ******** *********** ** **** **
*********

Session: All Stat ion
Session control fil e : C:\Users\U ser\Desktop\Geog raphically Weighted Regression
Mo de\GW R\AlI Station\A lI Daily 6 Parameters.ctl
********* *************** ** *** *************************** ************

*********
Data fil ename : C:\Users\Us er\Desktop\Geog raphically Weighted Regression
Mode\GW R\St ations data 5x5 pixel .csv
Number of area s/point s: 685

Model setti ngs-- ------ ----- ------------- ------­
Mo del type: Ga uss ian
Geographic kernel: adaptive Gaussian
Method for optimal ba ndwidth search : Golden sect ion sear ch
Criterion for optimal ba ndw idth: AIC
Number of va rying coe ffic ients : 6
Number of fixed coeffi cients: 0

Modelling options------- -------------------- --- --­
Standardi sat ion of independe nt variables: On
Testing geographical variability oflocal coefficients : On
Local to Globa l Variab le selection: OFF
Global to Local Variable selection: OF F
Pred ict ion at non -regression points: OFF

Vari able settings------------ ------------- --------
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Area key : fie ld l : Site_ ld
Eas ting (x-coord): fieldI : Logi tude

orthing (y-coord) fie ld2: Lati tude
Ca rtes ian coordinates : Euclidean dis tance
Dependent variable : fieldo: Dai ly_PM2.5
Off set variable is not specified
Intercept varying (Local) intercept
Independent va riab le with varying (Local) coefficient : field 11: Daily_WS
Independent vari ab le with varying (Local) coefficient: field 12: Daily_WD
Independent variab le wit h varying (Local) coeffici ent: field 13: Daily T
Independ en t variable wi th varying (Local) coeffi cie nt: fie ldl4 : DailLRH
Independent variab le wi th varyin g (Local) coefficient: field 15:
MODIS_AO T_(5x5_Pixel)
********************************************************************
*********

********************************************************************
*********

Global regression result
********************************************************************
*********

< Diagnostic information >
Residual sum of squares : 97252.3 51 I 13
Number of parameters : 6
(Note : thi s num does not include an error va ria nce term for a Ga ussian mod el )

ML based glob al sigma estima te : 11 .9 15294
Unbiased global sigma estimate : 11 .967823
-2 log-likelihood: 5338.563025
Classic A IC: 5352 .563025
A ICc: 5352 .728461
BIC/MDL: 538 4.268957
C V: 146. 11 1554
R square : 0 .527642
Adju sted R square: 0 .523462

Variable Estimate Standard Error t(Est/SE)

Intercept 28.9 17463 0.457267 63 .2397 18
DailLWS -2.242307 0.578 554 -3 .875710
DailL WD 2.583835 0.5 14 125 5.025698
DailL T -0 .908688 0.487 174 -1. 865223
DailLRH -2.536161 0.555976 -4.56 1635
MO DIS_AOT_(5x 5_ Pixe l) 11.554462 0.466753 24 .75495 9

****** ********************** ****** ** ********************************
*********

GW R (Ge og raphica lly weighted regression ) bandwidth select ion
*************************************************** ******* **********
*********

172



Bandwidth search <golden section search>
limits 52, 685

Golden section search begins ...
Initial values
pl Bandwidth : 135.150 Criterion : 526 8.240
pi Bandwidth : 146.854 Criteri on : 5268 .240
p2 Bandwidth : 154 .088 Criterion: 5268 .240
pU Bandwidth: 165.792 Criterion : 526 8.628

Best bandwidth size 0.000
Minimum AIC 5238 .801

********************************************************************
*** ******

GW R (Geographically weighted regre ssion) result
********************************************************************
** *******

Band width and geographi c ranges
Bandwidth size : 0.000000
Coordinate Min Max Range

X-coord
Y-coord

100.297733
2.265 400

102 .175900
5.8 11183

1.878167
3.545783

643 .000000
643 .000000

Diagnostic info rmati on
Residual sum of squares : 74152.478881
Eff ective number of parameters (mode l: tracef Sj) : 42 .000000
Eff ective numb er of parameters (variance : tracetS 'Sj): 42.000000
(Warning : trace(S) is smaller than trace( S'S). It mean s the va riance of the
predi ctions is inad equ ately inflated.)
( ote : n - trace(S) is used for co mputing the error variance as the degree of
frccdom .)
Degre e offreedo m (model: n - tracetSj):
Degree of freed om (residu al: n - tracerSj):
M l. based sigma estim ate: 10.4044 12
Unbiased sigma estimate : 10.7388 39
-2 log-l ikelihood : 5 152.800 848
Class ic AIC: 5238.8008 48
AICc: 5244 .704 124
BIC/MDl : 5433 .565 858
CV: 138.5545 11
R square 0.63983 9
Adju sted R square: 0.6 16277

** ********************* ** ****** *********** *****************

« Geographically varying (l ocal) coefficie nts »
***********************************************************
Estimates of varying coeffi cients have been sav ed in the fo llowi ng file.

Listwi se output file : C :\Users\Us er\Desktop\Geographically Weight ed Regression
l'v1ode\GWR\AII Stat ion\AII Dail y 6 Paramet ersJ istwisecsv
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Summary statistics for varyi ng (Loca l) coefficie nts
Variable Mean STD

Intercept 28.343203 5.039667
DailLWS -1.475687 2.08344 7
DailLWD 1.962618 1.996984
DailL T 0.328762 2.267491
DailLRH -1.32 1866 1.471140
MODIS_AOT_(5 x5_Pi xel) 11.242135 1.82559 1

Variab le Min Max Range

Intercept 21.3 15254 35.2 17797 13.902543
DailL WS -4.888977 1.9 13928 6.802905
DailLWD -1.078 159 5.483853 6.5620 12
Daily_T -3 .507472 3.7972 15 7.304686
DailLRH -4.120065 2.142922 6.262987
MODI S_AOT_(5x5_Pixel) 9.399044 15.730563 6.331518

Variable Lwr Quartile Median Upr Quartile

Intercept 23 .546 143 29.448338 3 1.544202
DailLWS -2.848110 -1.627484 -0 .523024
Daily_WD 0.269870 2.076994 2.274606
DailL T - 1.03 1583 -0.121538 1.092832
DailL RH -204933 1 -1.55965 1 -0.768798
MOD IS_AOT_(5x5] ixel) 10.108894 10.628079 11.54 1896

Variable InterquartiJe R Robust STD

Intercept 7.998059 5.928880
Daily, WS 2.325086 1.723563
DailLWD 2.0047 37 1.486091
Daily_T 2.124415 1,574807
DailL Rl-1 1.280534 0.949247
MO DIS_AOT_(5x5_Pixel) 1.433002 1.062270
(Note : Robust STD is given by (interquartile range / 1.349 ) )

******************************************* *************************
**** *****
GWR ANOVA Table
************************************************** ***************** *
*********

Source SS DF MS F

Global Residuals
GW R Improvement
GW R Residuals

97252.351 679 .000
23099 .872 36 .000

74 152.479 643 .000
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********************************************************************
*****
Geographical variabi lity tests of local coefficients
***************************** ***************************************
*****
Variabl e F OOF for F test OIFF of Criterion

Intercept
Oaily_ WS
OailL WO
Oaily_T
OailLRH
MO OIS_AOT_(5x5

8.578128 6.000 643 .000 -40 .746687
1.258 461 6.000 643.000 4.002 893
2.279 199 6.000 643 .000 -2.415 686

2.209287 6 .000 643.000 - 1.977979
0.7606 76 6.000 643 .000 7. 15500 1

Pixel) 256463 5 6.000 64 3.000 -4 .199 845

Note : positi ve value of diff-Criterion (A ICc , Al e. BIC /MOL or CV) suggests no
spatial vari ability in terms of model selec tion criteria.

F test : in case of no spatial variability, the F statistics follows the F distribution of
OOF for F test.

**************************************************************** ****
*********
Prog ram terminated at 5/20120 192 :38:40 PI"I

********************************************************************
******
*

*
*
*
*
*
*
*
*
*
*
*
*
*
*

*
Semiparametri c Ge og raph icall y Weighted Regre ssion

Release 1.0.90 (G W R 4.0.90)

12May 20l 5

(Origi nally code d by T. Na kaya : I Nov 2009 )

Tornoki Nakaya( I ), Martin Charlto n(2) , Chris Brunsdon (2)

Paul Lewis (2) , Jin g Ya o (3) , A Stewart Foth eringh am (4)

(c) GWR4 dev elopme nt team

* ( I) Ritsurneikan University, (2) National University of Ireland, Maynooth,

*
*
*

(3) University of Glasgow , (4) Arizona State University

********************************************************************
*********
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Program began at 5/20/20 192 :33 :59 PM

******* *************************************************************
*********

Session : All Sta tio n
Session co ntro l file: C :\Users\User\Des ktop\Geographica lly Weighted Regression
l'vlode\GW R\AII Station\A II Hourlay 6 Parameters .ctl
*** ***************************************** *** ** ** ** ***** ********* *
*********
Data filenam e: C:\Users\User\Des ktop\Geographica lly Weigh ted Regression
Mode\GW R\Station s da ta 5x5 pixel.csv
Number of areas /po ints : 685

Model settings---------------------- ------- ---­
Model type : Gauss ian
Geog raphic ke rnel: adaptive Gaussian
Me thod fo r optimal bandwidth search : Golden sec tion search
Cr ite rio n for optima l bandwidth: AIC
Number of vary ing coefficie nts : 6
Number of fix ed coefficient s: 0

M odelling options--------------------- --- --- -----­
Standardisa tion of independent variables : On
Testin g geographical va riab ili ty of local coefficients : On
Local to Global Variable se lec tion: OF F
G loba l to Local Variable se lection: OFF
Predict ion at non-regression points : OFF

Vali able se tti ngs--------------------------------­
Area key : field I : Si teJd
Eastin g (x-coord) : field } : Logitude
No rthing (y-coord) : field 2: Latitude
Ca rtes ian coordinates: Eucl idean distance
Dependent va riab le : fi eldS: Hou rlL PM2.5
O ff set variable is not specified
Intercept : varying (Local) intercept
Independent variab le wit h varying (Loca l) coefficient: fie ld7 : Hourl y_WS
Indepen dent variable with varying (Local) coefficient: fiel d8 : Hourly _WD
Independent variable wit h vary ing (Local) coefficient: fiel d9 : Hourly_T
Independent variab le wit h varyi ng (Loca l) coefficient: field I 0: Hourly_ RH
Independen t va riable with varying (Lo ca l) coefficient: field 15:
ivIODISJ \ OT_(5x5]ixel)
********************************************************************
*********
*************** *************** **************************************
*********

G loba l reg ression res ult
******************************** ************************************
*********

176



< Diagn ostic informati on >
Residu al sum of squa res : 35 159.779506
Nu mber of parameters: 6
( Tote: this num does not include an error variance term for a Gaussian model)
ML ba sed global sig ma estimate : 7. 16436 6
Unbiased globa l sigma esti mate : 7. 19595 1
-2 log-likelihood: 46 4 1.63967 J

Clas sic AIC: 4655 .63967 1
A ICc: 4655.805106
BIC/i\1DL : 4687.345603
CV: 54 . 193457
R squ are: 0 .6578 15
Adjusted R squa re : 0.654787

Va riable Estimate Standa rd Error t(Est/SE)

Interce pt 19.238 14 1 0 .274944 69 .97 1099
Hourl y_WS -0.476982 0.27 8 113 - 1.715 065
Hourl y_WD 0.405452 0.276 192 1.468008
Hou rlL T 0.47 5486 0.2834 14 1.67770 9
Hou rly_ RH 0.342 160 0.285245 1. 199530

10 DIS_AOT_(5x5] ixel) 9 .8065 56 0 .27 8228 35.246 502

********************************************************************
*********

GWR (G eographically weighted regression) bandwidth selectio n
********************************************* ***********************
*** ******

Band width search <golden section search>
Limits : 52, 685

Golde n section search begins...
Ini tial va lues
pL Band width : 135. 150 Cri ter ion : 45 57 .132
p I Band width: 146.854 Criterion: 4557.132
p2 Band width : 154 .088 Criteri on : 45 57 .132
pU Ban dw idth : 165 .792 Cri terion : 45 57.442

Best ban dwidth size 0000
Minimum AIC 4508 .783

*********************** *********************************************
*********

GW R (Geographically we ighted regression ) result
****** *** ****** ****** ***********************************************

*********
Ban dwidth and geographic ranges

Bandwid th size : 0.000000
Coordinate Min Max
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X-coord
Y-coord

100.297733
2.265400

102. 175900
5.8 11183

1.878167
3.545783

Diagnostic information
Residual sum of squares: 25544.0342 17
Effecti ve number of parameters (model: tracerSj ):
Effecti ve number of parameters (varian ce: trace(S'S» :
Degree of freedom (model: n - trace/Sj) :
Degree of freedom (residual: n - 2trace(S) + tracetS'Sj) :
ML based sigma estimate : 6.106600
Unbiase d sigma estimate: 6.302883
-2 log-likelihood : 4422 .782851
Classic A1C: 4508 .782851
AICc: 4514 .686127
BIC/M DL: 4703 .547861
CV : 50.52333 1
R square: 0.75 1398
Adjusted R square : 0.735134

42.000000
42 .000000

643.000000
643 .000000

***********************************************************
« Geog raphically varying (Local) coefficients »
***********************************************************
Estimates of vary ing coefficients have bee n saved in the following tile.
Listwise output tile: C:\Users\User\Desktop\Geographically Weighted Regression
Mode\GWR \All Station\All Hourlay 6 Pararnet er s Tistwise.csv

Summary statis tics for vary ing (Local) coefficients
Variable Mean STD

Intercept 20.580748 4.172102
Hourly, WS 03 04683 1.430924
HourlLWD 0.2493 19 0.8858 14
HourlL T 0.4 19597 2.120635
HourlLRH 0.456380 1.7739 11
MODl S_AOT_(5x5 _Pixel) 9.844295 2.98325 4

Varia ble Mi n Max Range

Intercept 15.5 192 16 29.268407 13.74919 1
HourlLWS -1.892487 3.189074 5.08 1561
HourlL WD -1.033707 2.186593 3.220300
HourlL T -2 .970145 5.300924 8.271069
HourlL RH - 1.559930 4.593 108 6. 153039
MODI S_AOT_( 5x5_P ixel) 5.224508 14.707590 9.48308 1

Varia ble Lwr Quarti le Media n Upr Quartile

Intercept
Hourly_WS

17.5372 17
-0 .7 15777

19.399168
0.2035 33
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Hourl y_WO -0 .954795 0.49993 I 0.513612
Hourl y_T -0.430882 0.899645 1.073200
Hourl y-RH -0.766302 -0.394674 1.820659
MO DIS_AOT_(5x5] ixel) 7.883977 11.153229 12.82443 5

Variable Interquartile R Robust STD

Intercept 5.719755 4.239997
Hourly-WS 1.7332 16 1.2848 15
Hourl y_WO 1.468406 1.088515
Hou rly-T I. 504082 1.1 1496 I
I'lourl y-RH 2.58696 1 1.917688
MOD IS_AOT_(5x5_Pi xel) 4.940458 3,6623 12
(No te : Robust STO is giv en by (interqua rtile range / 1.349) )

********************************************************************
*** ***** *

GW R ANOVA Tab le
********************************************************************
**** *****
Source SS OF ~/IS F

Glob al Residuals
GW R Improvement
GW R Residuals

3515 9.780 679.000
96 15.745 36.000

25544 .034 643.000
267.104

39.726 6.72360 1

************************************************ ********************
*****
Geographical va riability tests of local coeffi cients
********* ************************************** ****** ************* **

*****
Variabl e F OOF for F test DIFF of Criterion

Intercept
Hourl y-W S
Hourl y_WD
Hour ly_T
I'lourly-RH
MO DIS_AOT_(5x5

8.386448 6.000 643.000 -39.611350
2.634458 6.000 643 .000 -4 .635 580
2.044 177 6.000 643 .000 -0.943144

3.43 4752 6.000 643.000 -9.6 10149
1.89475 9 6.000 643.000 -0.005315

Pixel) 19.500652 6.000 643 .000 -102 .517517

Note : posit ive value of diff-Criterion (AICc, AIC, BIC/MOL or CV) suggests no
spatial variability in terms of model selection criteria.

F test : in case of no spatial variability, the F statistics follows the F distributi on of
DOF for F test.

********* *************** ** ************** *************** *************

*********
Program terminated at 5/20/20 19 2:35 :29 PM
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************************************************** ******************
*
*
*
*
*
*

Semiparam etric Geographically Weight ed Regression
Release 1.0.90 (GW R 4.0.90) *

12 Ma y 2015 *
(Originall y coded by T. Nakaya: I Nov 2009 )

*
*

*

* Tornoki Nakaya( I), Marti n Charlton(2), Chri s Brunsdon (2) *
* Paul Lewis (2) , l ing Yao (3), A Stew art Fotheringham (4) *
* (c) GW R4 development team *
* (I) Ritsumeikan University, (2) Na tional University ofIreland, Maynooth, *
* (3) University of Glasgow, (4) Arizona State University *
******************************************** ************************
*********

Program began at 5/20/2019228 :07 PM

********************************************************************
*********

Session : All Station
Session control fil e: C :\U sers \ User\Desktop\Geographically Wei ghted Regression
Mo de\GW R\A II Station\A lI Hourlay 2 Parameters.ctl
********************************************************************
*********
Data fil ename: C:\Users\ User\ Desktop\Geographically Weight ed Regression
Mode\GW R\Stations data 5x5 pixe l.csv
Number of areas/points : 685

Model settings------------- --------------- ----­
Model type : Gaussi an
Geographic kernel: adaptive Gaussian
Me thod for optimal ba ndwidth search: Golden section search
Criter ion for optimal bandwi dth : AIC
Number of varyi ng coefficients : 2
Number of fixe d coefficients : 0

Modell ing options--------- --------------------- --­
Standardisation of independent variables: On
Tes ting geographica l variab ility of local coefficients : On
Local to Global Variable selection: OFF
Global to Loca l Variable se lection : OFF
Prediction at non-regression points: OFF

VariabIe setti ngs--------------------------------­
Are a key : fie ld l : Site_ ld
Easti ng (x-coord): field.l : Logit ude
Northing (y-coord) : field2: Latit ude
Cartesian coordinates : Euclidean distance
Dependent varia ble : fie ld5 : Hourly]M2 .5
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Offset variable is not specified
Intercept: varying (Local) intercept
Independent variable with varying (Local) coefficie nt: fie ld 15:
IVIODIS_AOT_(5x5_Pixel)
********************************************************************
*********

********************************************************************
*********
Global regression result

********************************************************************
*********
< Diagnostic information >

Residual sum of squares : 35633.196596
I umber of parameters: 2
(Note: this num does not include an error variance term for a Gaussian model)
ML based global sigma estimate: 7.2 12438
Unbiased globa l sigma estimate: 7.222990
-2 log-likelihood: 4650.801471
Classic AIC: 4656.801471
AICc: 4656.836 713
RIC/MO L: 4670.389727
CV: 54.23200 I
R square : 0.653207
Adjusted R square : 0.652 190

Variable Estimate Standard Error t(Est/SE)

Intercept 19.237186
MODl S_AOT_(5x5_Pixel)

0.275976
9.895878

69.705912
0.27590 I 35.867487

********************************************************************
*********
GWR (Geographically weighted regression) bandwidth selection

********************************************************************
******* **

Bandwidth search <golden section search>
Limits 44, 685

Golden section search begins...
Initial values
pL Bandwidth: 144.265 Criterio n: 4559.547
p I Bandwidt h: 155.775 Criterion. 4559.547
p2 Bandwidth: 162.888 Criterion: 4559.755
pU Bandwid th: 174.399 Criterion: 4560.246

iter 1 (pI) Bandwidth: 155.775 Criterion: 4559.547 Diff
Best bandwidth size 155.000
Minimum AIC 4559 .547

lSI
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********************************************************************
*********

GWR (Geographicall y weighted regression) resu lt
********************************************************************
*********

Bandwidth and geographic ranges
Bandwidth size: 155 .774739
Coo rdi na te Min Ma x Range

X-coord
V-coord

100 .297733
2.265 400

102.175900
5.8 11183

1.878 167
3.545783

Diagnost ic informati on
Residual sum of squares : 30536.8643 59
Effec tive number of parame ters (model: tracet Sj) :
Effective number of parameter s (variance : tracetS'Sj ):
Degree offreedom (model: n - tracerS j) :
Degree of freedom (re sidual: n - 2trace(S) + tracet S'Sj ):
!'vIL based sigma esti mate : 6.67 6778
Unbiased sigma estima te : 6.7 14996
-2 log-likelihood : 4545.0764 6 7
Classi c A IC: 4559.546763
A ICc : 45 59 .72 2843
BIC/M DL : 45 92.317778
CV: 50 .887843
R square 0.702806
Adj usted R square: 0.699389

6.235 148
4 .695 150

67 8. 764852
677 .224854

***********************************************************
« Geographically varying (Local) co effi cient s »
***********************************************************
Estimates of varying coeffici ents have been sav ed in the fo llowing tile.

Listwise output tile : C:\Users\U ser\Desktop\Geographically We igh ted Regression
Mode\GW R\AII Station \AlI Hourl ay 2 Parametersj istwise.csv

SUl11 maIY stati sti cs fo r vary ing (Local) coeffi cients
Variab le Mean STD

Intercept 19.22 5508
MOD IS_AOT_(5 x5]ixel )

1.264990
9 .634842 1.353 8 13

Variable !'vlin Ma x Range

Intercept 17.247450
MO DIS_AOT_(5x5_Pixel)

20.87561 3 3.628 163
7.320746 11.344249 4 .023503

Variable Lwr Quartil e Medi an Upr Q uarti le

Intercept 18.4 06485 18.894830
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MO DIS_AOT_(5x5_ Pixel) 9. 169508 9.476977 10.796979

Variable Interquartile R Robust STD

Intercept 1.749501 1.296888
MO OIS_AOT_( 5x5 Pixel) 1.627471 1.206428
(Note : Robu st STO is given by (interquartil e range / 1.349) )

******************************************** ************* ***********
*********
GW R ANOVA Table
*** ** ********** ******** ************** ************* ********** ***** ***
***** ****
Source SS OF MS F

Global Residuals
GW R Improvem ent
GWR Residuals

3563 3.197 683 .000
5096.332 5.775

30536.864 677 225
882.459
4509 1 19.570558

****** ************************************************ **************
*****
Geographica l variability tests of local coe fficients
********************************************************************
*****
Variabl e F OOF for F test OIFF of Criterion

Intercep t 22 .993093
MOO IS_AOT_(5x5]ixel)

2.270 67 8.765 -46 .2 13059
33 .754838 1.984 678 .765 -60.4 72678

Note : positi ve value of diff -Criterion (A ICc , AIC, BIC/MOL or CV) sugg ests no
spatia l va riability in terms of model selection criter ia.

F test : in case of no spatial va riability, the F statis tics follows the F distribution of
OOF for F test.

************************************ ************************** ******
*********
Program terminated at 5/20/20 192:28:24 PM
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Append ix 6 : Descript ive sta tist ics (Q ua ntitat ive da ta) Ku ch in g AE RONET sta t ion fr om 20 12 to 20 15

Stati stic
Nbr. of obse rvations
Mini mum
Maximum
Frcq .of minimum
Frcq.of maximum
Ist Quartil e
Median
3rd Quarti le
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-l )
Variation coefficient
Skewness (Pearson )
Standard error of the mean
Standa rd erro r of the va riance
Standard errortSkewness (Fisher »
Mean abso lute deviati on
Harmonic mean

AE RONET 550 nm
137

0.041
2.734

I
1

0. 120
0.1XX
0.347
0.344
0.204
0.452
0.453
1.314
3.302
0.039
0.025
0.20 7
0.266
0.160

184

A ERONET (55 0 nm) ± 30 minut es
137

0.05 7
2. 136

I
I

0.119
0.165
0.276
029 1
0. 131
0.362
0.363
1.244
3.335
0.03 1
0.0 16
0.207
0.209
0. 159

MO DIS 550 nm
137

0.030
4 .X4 1

1
I

0.160
0.24 7
0.402
0.4X4
0.609
0.78 1
0.71U
1.6 13
3.890
0.067
0.074
0.20 7
0.409
0.2 1X



A ppend ix 7 : Descr-iptive statis tics (Quantitative data) Pontiank AE RONET sta tion from 2012 to 20 15

Statistic
Nbr. of observations
Minimum
J\ 1a.ximum
Frcq. of minimum
Freq. of maximum
Ist Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errorfSkcwncss (Fisher»
Mean absolute deviation
Harmonic mean

AERONET 550 nm
192

0,()32

4 .7~5

I
I

0.125
0.212
0.494
0,503
0.5X4
0.764
0.766
1.s19
3. IX2
0.055
0.060
0.175
0.477
0.165

185

AERONET (550 nrn) ± 30 minutes
192

0.0 13
4.2X5

I
I

O. IOX
0.193
0.3X2
0.402
O.3lJ I
0.625
0.627
1.554
3.501
0.045
0.040
0.175
0.369
0. 12 1

MODIS 550 nm
192

0.073
4 . ~23

1
I

0.171
0.271
0.505
0,564

0.639
0.7lJlJ
0 .~01

IAI 7
3.109
0.05X
0.066
0 175
O.4XX
0.241



A ppe ndix 8 : Descriptive statistics (Q uantitative dat a ) S ingapore A ERO N ET station from 20 12 to 20 15

Stat istic
Nbr. of observat ions
Minimum
Maximum
Frcq. of'rninimurn
Frcq, of maximum
1st Quartile
Median
3rd Quarti le
Mean
Var ianc e (n )
Standard deviat ion (n)
Standard deviation (n-I)
Variation coeffici ent
Ske wness (Pearson)
Stan dard error of the mean
Standa rd error of the va riance
Standard errortSkcwness (Fisher»
Mean absolute deviation
Harm onic mean

AE RONET 550 nm
160

0. 104
UP6

I
I

0.2 15
0.303
0.497
0.394
0.072
0.268
0.269
0.681
2.0 11
0.02 1
0.008
0.192
0. 198
0.2X3

186

AE RONET (550 nm) ± 30 minutes
160

0.057
1.105

1
1

0.140
0.22 7
O.3XO
0.294
0.043
0.207
0.20X
0.705
1,577
0.0 16
0.005
0.192
0.156
0.196

1\10 DIS 550 nm
160

0. 123
1.63X

I
I

0.262
0.349
0.495
0.454
0.092
0.303
0.30 4
(l.(i68
1.866
0.024
0.0 10
0.192
0.2 18
0.336



A ppe ndix 9 : Descriptive statistics (Q uant itative dat a) Songkhluj uc r Sta A ERON ET station fro m 2012 to 20 15

Statistic
Nbr. of observations
Minimum
Maximum
Freq. ofminimum
Freq. ofmaximum
Ist Quartile
Med ian
3rd Quarti le
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I)
Variation coefficient
Skewness (Pearson)
Standard erro r of the mean
Standard error of the variance
Standard crrorfSkcwness (Fisher))
1\1I:an absolute deviation
Harmonic mean

AERONET .550 nm
IX7

0.04X
.5 .025

1
1

0. 120
0.199
0.324
O.2Y 1
0. IX2
0.427
0.42l!
1.46X
X.025
0.031
0.0 19
0.17X
O. IX4
O.16R

187

AERONET (.550 nm) ± 30 minutes
IX7

0.035
5.562

I
I

0. 100
0.167
0.265
0.279
0.345
0..5 X7
0.5X9
2. 100
7.767
0.043
0.036
0.17X
0.207
0.134

MODIS .5 50 nm
IX7

0.009
4.436

I
I

0. IX3
0.26X
0.371
0.3.5 7
0.190
0.436
0.437
1.220
6.19X
0.032
0.020
0.17X
0.201
0.231



Appendix 10 : Descriptive statistics (Q uantitat ive data ) USM Penang AE RO NE T station fr om 201 2 to 20 15

Statistic
Nbr. of observations
Minimum
Maximum
Frcq, of minimum
Freq. of maximum
1st Quartile
Median
3I'd QuartiIe
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coeffic ient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errortSkcwncss (Fisherj)
Mean absolute deviation
Harmonic mean

AERONET 550 nm
303

0.064
3.506

1
I

O. ISO
0.2XX
0.467
0.3R9
0.140
0.374
0.375
0.96 1
3.937
0.022
0.0 11
0.140
0.226
0.244

188

AERONET (550 nm) ± 30 minutes
303

0.035
3.706

I
I

0. 125
0.206
0.349
0.305
0.134
0.36 6
0.367
1.20 1
4.994
0.02 1
0.0 11
0.140
0.20 1
0.163

MODIS 550 nm
303

0.059
4 055

I
I

0.204
0 307
0.454
0.42 1
0.166
0.407
0.40S
0.966
3.945
0.023
0.0 14
0.140
0.243
0 26S



Appendix II : Descriptive statistics (Quantitative data) All AERON ET station from 2012 to 20 15

Statistic
Nbr. of observations
Minimum
Maximum
Frcq. of minimum
Freq. of maximum
Ist Quartile
Med ian
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errortSkewness (Fisher»
Mean abso lute deviation
Harmonic mean

AERONET 550 nm
979

0.032
5.025

I
I

0. 156
0.242
0.413
0.3X7
0.23X
0,4X7
O,4XX
1259
4.635
0 0 I ()
0.01 1
0.07X
0.271
0.19X

189

AERONET (550 nm) ± 30 minutes
979

0.0 13
5.562

1
1

O.I I X
0.196
0.323
0.315
0 211
0.460
0.460
1.457
5.954
0.015
0.010
0.07X
0.230
0.150

MODIS 550 nm
979

0.030
4.X41

I
I

0.194
0.295
0,456
0,451
0.31X
0.564
0.564
1.249
4,440
O.O IX
0.014
o.ozx
0.303
0.255



Appendix 12 : Daily descriptive statistics (Quant itative data) in Banting sta t ion durin g 20 13

Daily Pl\b (~lg/m 3 ) MODIS AOT(550 urn) Daily WS m/s Daily WD ° Daily Te o DaDy RH%Statistic
Nbr. of observations
Minimum
Maximum
Freq.of minimum
Freq. of maximum
Ist Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-l )
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard crrortSkewncss (Fisherj)
Mean ab solute deviation
Harmonic mean

96
174 2lJ

115.000
I
I

2H l!6
34.l!30
45.792
39.4X I
35 1.427
18.746
1l!.!!45
0.475
1.887
1.923

51.527
0.246
13.000
33,4X1

96
0.124
1.620

I
1

0.307
0.3XI
0.520
0,45 1
0.05!!
0.24 1
0.243
0.535
1.846
0.025
0.009
0.246
0.175
0.35X

190

96
2.301
X. 054

I
1

H OD
4.310
4.932
4.43X
O.lWO
0.895
0.899
0.202
0.X3 1
o.osz
0.117
0.246
0.699
4.26X

96
XX,41 7

2lJlJ .2lJ2
1
I

130.95l!
14X,462
173,479
15lUX5

1949.7X0
44.156
44.3X8
O.27li
1.044
4.530

2X5 .XX2
0.246
33.271
147.736

96
22.375
2X.633

I
I

25.196
26.596
27.415
26.399
1.765
1.329
1.336
0.050
-0.35X
0.136
0.259
0.246
1.121

26.330

96
50.100
vs.sn

4
I

74.51 0
li2.97lJ
li7 .417
80.869
97.303
9.864
9.916
0.122
- 1.1 X3
1.0 12

14.267
0.246
7.637

79.3lJ2



A ppend ix 13 : Hourly de scriptive statist ics (Q uantita tive data ) in Banting station during 20 13

Statistic Houri" PWh; ( ~lg/m3) i\'10 DIS AOT(550 nm) Hourly WS m/s Hourly WD ° Houri " Teo Hourlv RH%
Nbr. of obse rvat ions
Minimu m
Maximum
Freq. of min imum
Freq . of maxirn um
1st Quartile
Median
3rd Quart ile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coeffic ient
Skewness (Pearson)
Standard e rro r of the mea n
Stand ard error of the variance
Stand ard er rortSkewne ss (F isher»
Mean abso lute deviat ion
Harmonic mean

96
5.000

69 .000
2
I

14.000
19.500
25 .000
2 1.313
119.7 15
10.94 1
10.999
0.5 13
1.496
1. 123
\7 .553
0.246
7.996
16.4li3

96
0. 124
1 620

I
I

0.307
0.3X1
0.520
0,45 1
0.05X
0.24 1
0.243
0.535
l.li 46
0.D25
0.009
0.246
0. 175
0 .358

19l

96
2.liOO
15.700

I
I

4 .600
6. 150
li.250
6.652
6.592
2.56 X
2.5XI
0.3X6
\.()57
0.263
0.967
0.246
2.06 1
5.829

96
\ .000

35X.000
\
\

58 .000
122.500
265. 750
155.250

1293 1.625
113.717
114.314
0.732
0.54 1
11.667

I 896.06li
0.246

97 .6l.)3
37.304

96
22.37 5
32.400

I
I

26.800
28.850
30.000
2S,422
4,4 21
2. 103
2.114
0.074
-0,484
0.2 16
0.648
0.246
1.72 1

28.259

96
50.000
9S.61 1

2
I

65. 750
74 .029
85 .854
74.566
148.653
12.1l.) 2
12.256
0.164
-0 . 145
1.251

2 1.796
0.246
10 253
72,45 6



Appendix 14 : Daily descripti ve statistics (Quantitative data) in Bukit Rambai station during 2013

Stati stic Dailv PI\'b , ( ~lg/m 3) MODI S AOT(550 nm) Dailv WS m/s Dailv WD 0 Dailv Te o Dailv RH%
Nbr. of obse rvations 60 60 60 60 60 60
Minimum 13.750 0.125 3.267 33.333 26.542 55.333
Maxi 111 11m 139.333 1.564 7.700 28 1.583 30 .071 75.083
Frcq . ofminimum I 1 5 I 2 4
Frcq . of'rnaxirnum I I 4 I I 2
1st Quartile 24.647 0.224 3.575 77.344 27 .406 58.000
Median 30 .0 11 0.327 4.050 109.640 28 . 107 05.390
3rd Quartile 39 . 128 0.426 5.600 167 .188 28.379 69 .604
Mean 35 .6 10 0.387 4.900 124.758 27.953 64.390
Variance (n) 439.140 0.059 1.9 14 4360 .350 0.484 37.393
Standard deviati on (n) 20 .956 0.244 1.384 66 .033 0.696 6.115
Standard deviation (n-I ) 2 1.133 0.246 1.395 66.590 0.702 6. 167
Variation coeffic ient 0.588 062l) 0 .282 0.52l) 0 .025 0.0l)5
Skew ness (Pearson) 3.273 2.336 0.747 0.767 0.335 0.084
Standard error of the mean 2.728 0.032 0.180 8.597 0.09 1 0.796
Standard error of the variance 82 .223 0.0 11 0.358 816 .412 0.0l)] 7,001
Standard crrortSkewness (Fisher» 0.309 0.309 0.309 0.309 0.309 0.309
Mean absolute deviation 12.364 0.166 1.133 53.295 0.59 1 5.562
Harmonic mean 29.664 0.296 4.559 92 .532 27.9 36 63.8 10
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A p p en d ix 15 : H ourly d esc ripti v e s t a t is t ics (Q ua n ti ta tive d at a ) in Bukit Rnmbui s ta t io n du rin g 2013

Houri , PM", (~lg/m 3) MODIS AOT(550 nm) Hourly WS m/s Hourly WD 0 Hourly Teo Hourly RH%Statistic
Nbr. of observations
Minimum
Maximum
Freq.of minimum
Frcq.of maximum
1st Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard crro rtSkcwncss (Fisher»
Mean absolute deviation
Harmonic mean

00
5 .000

10 1.000
1
1

12.000
16 .000
24.250
IlJ.lJOO

194 .023
13.929
14 .047
0 .700
3.5 11
LX 13

30 .32R
0 .309
8.733
15 .02 1

00
0 .125
1.564

I
I

0.22 4
0 .327
0 .426
OJ 87
0 .059
0.244
0.246
0.629
2.330
0 .032
0 .0 1 I
0 .309
0 . 106
O.2l)(,

193

00
UOO
7.700

I
4

3.575
4 .621
5 .600
4 .lJlJO
2. 135
1.401
1.4 74
0.293
0 .590
O. l lJO
0.400
0.309
1.221
4 .004

00
1.000

354 .000
2
1

4 1.500
50 .500

233 .500
I IlJJ83

1139 1.970
106 .733
107 .634
0 .894
0.732
13.8lJ5

2 132 .98 1
0.309

97 .3 1lJ
10.980

00
27.165
3 1.800

I
I

28 .10 7
28.650
30 .500
2lJ.21 1
2. 10 1
1.450
1.462
0.050
0.289
0. 18lJ
O.3lJ3
0 .309
1.307

29. 140

00
45 .000
73.043

1
1

54 00 0
56.250
60 .052
57 .207
40.381
6.355
6 .408
0.111
0 .468
(Ui27
7.50 1
0.309
4 .902

50 .522



A ppendix 16 : Dai ly de scriptive statist ics (Qu an titative data) in C heras station du ring 20 13

Statistic
Nbr. of obse rvation s
Minimum
Maximu m
Frcq.of minimum
Frcq. of maximum
Ist Quart ile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coeffic ient
Skewness (Pearson )
Standard error of the mean
Standard error of the variance
Standard crrortSkcwncss (Fisher»
Mean absolute deviation
Harmonic mean

Dailv Pl\'b < (~lg/m3) MODIS AOT(550 nm) Dailv WS m/s Daily WD 0 Daily Te o _pa ilv RH%
105 105 105 105 105 105

12.23X 0.117 I.OXO XX .OOO 23.X40 73.000
15 1.375 3.3X7 5.267 343 .000 30.371 100.000

I I I I I \
I I \ I I \

n.3 XI O.2X7 2.925 191.5lD 27.350 ss.zos
2X.917 0.415 3.32 1 2 12.542 2UXX 92.750
37.X33 0.599 3.lD3 22X.45X 29.075 95.250
33.161 0.509 3.334 2 12.42X 2X. 167 91.354
353.052 0.167 0.475 160X.4X3 I.3 X5 27.177
18.790 0.40X 0.689 40.106 1.177 5.213
I lI.XXO 0.410 0.692 40.29l1 1.182 5.238
0567 O.X02 0.207 0.1X9 0.042 (l.057
3.059 3.930 -0.078 0.158 -0.475 -0.932
1.842 0.040 0.068 3.933 0.115 0.5 \1

4lJ .430 0.023 0.066 225.20 1 0. 194 3.805
0.236 0.236 0.236 0.236 0.236 0.236
12.192 0.247 0.555 28.139 0.965 4.213
27.14X 0.363 3.163 203.862 28. 11 7 9 1.037
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Appendix 17 : ~I ourly descriptive statistics (Quant itative data) in Cheras station durin g 2013

Hourly PM~ ; (~lg/m 3 ) MODIS AOT(550 nm) Hourly WS OIl s Hourly WD 0 Hourly Te o Hourly RH%Statistic
Nbr. of observations
Minimum
Maximum
Frcq. of minimum
Freq. ofmaximum
1st Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-1)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errortSkewness (Fisher j)
Mean absolute deviation
Harmonic mean

105
7.000

92.000
I
I

14.000
2 1.000
28 .000
24.4 70

269 .920
16.429
10.508
0.671
2.200
1.0 I I

37.792
0.236
10.989
18.034

105
0.117
3.387

I
I

0.287
0.415
0.599
0.509
0.167
0.408
(J.410
(J .802
3.930
0.040
0.023
0.236
0.247
0.303

195

105
0.900
10.lWO

I
1

4.000
4.900
5.900
5.130
2.784
1.608
1.676
0.325
0.637
0. 104
0.390
0.236
1.271
4.493

105
2.000

357.000
I
I

39.000
94.000
209.000
124.800

11104.5 16
105.378
105.li83
0.844
0.772
10.333

1554.720
0.236

88.936
33.304

105
23.400
37.100

I
I

32.800
34.200
34.900
33.054
4.799
2.191
2.20 1
0.065
-1.99 1
0.215
0.072
0.236
1.547

33.487

105
59 .000
100.000

1
4

75.000
ss.ooo
87.000
8 1.419
83.615
9.144
9.188
0.112
-0.102
0.897
11.707
0.236
7.434

80.349



A ppendix 18 : Daily descriptive statistics (Quantitative data) in Ipoh station during 2013

Daily PMz' ( ~lg/m3) MODIS AOT(550 nm) Daily WS m/s Daily WD 0 Dailv Teo Daily RIl'YuStatistic
Nbr. of observations
Minimum
Ma"imum
Frcq.of minimurn
Freq. of maximum
Ist Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviat ion (n-I )
Variation coeffic ient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standa rd errorfSkcwncss (Fisher»
Mean absolute deviation
Harmonic mean

125
7.550
77.200

1
1

14.70X
19.500
25.167
2 1.692
IOX .20X
10.402
10.444
O.4XO
2.29 1
0.934
13.X53
0.2 17
7.195
IX.3X4

125
0.073
1.1 51

I
I

0.212
0.3 17
0.454
n.375
0.044
0.2 10
0.21 1
0.560
1.270
0.019
0.006
n.2 17
0.162
0.2X3

196

125
3.2XI
9.450

1
I

6.104
6.X63
7.521
6.1\7 1
0.93l\
0.968
0.972
0.14 1
-0.205
0.087
0.120
0.2 17
0.765
6.720

125
34.917
IXO.125

I
1

90.333
10X.70X
126.375
107.4 13
794.671
28.190
28.303
0.262
-0.21\5
2.532

10 1.737
0.2 17

22.352
97.X27

125
22.450
3 1.067

I
I

27.646
2X.563
29.296
21\ .476
1.293
1.1 37
1.142
0.040
-1.064
0.102
0.166
0.2 17
0.898
2X.42X

125
40.X06
X4 .304

I
I

63.451\
6X .500
74.417
61\ .744
53.X 74
7.340
7.369
0.107
-0.399
0.659
6.X97
0.217
6.033

67.X96



Appendix 19 : Hourl y descr iptive statistics (Quantitative data) in Ipoll station durin g 20 13

Statistic Hourlv PMc' ( ~Ig/m3 ) i\'10DIS AOT(550 nm) Hourlv WS m/s Hourly WD 0 Hourly Te o Hourly RH%
Nbr. of observations
Minimum
Maximum
Freq. ofm inimum
Freq. of maximum
1st Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I )
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standa rd error of the variance
Standard errortSkewness (Fisher))
Mean absolute deviation
Harmonic mean

125
4.000

66.000
1
I

11 .000
16.000
23.000
IX .520

127.274
11 .2X2
11.327
0.609
1.70 1
1.0 13
16.294
0.217
X.2X9
13.559

125
0.073
1.151

1
1

0.2 12
0.3 17
0.454
0.375
0.044
0.2 10
0.2 11
0.560
1.270
0.019
0.006
0.2 17
0.162
0.2X3

197

125
3.900
15.XOO

1
I

5.700
6.600
X.I OO
7.229
4.X05
2.192
2.20 1
0.303
1.407
0.197
0.6 15
0.217
1.65X
6.705

125
7.000

359.000
I
1

27.000
42 .000
203.000
11 5.744

12763.934
112.97X
11 3.432
0.976
0.X3 5
10.146

1634.094
0.2 17

100.66 1
36.260

125
26.200
33.900

I
I

29.900
3 1.300
32.100
30.924
2.259
1.503
1.509
0.049
-0.503
0. 135
0.2X9
0.2 17
1.244

30.X49

125
43.000
X6.000

I
I

54.000
57.000
64.000
59.272
93.0n
9.64X
9.6X7
0.163
0.943
0.X66
11.9 16
0.2 17
7.5 16

SU61l



A ppendix 20 : Da ily descr ipti ve statistics [Q ua nt itutive data) in Kelanta n T unu h Mera h statio n dur ing 20 13

Dai ly PM c' (~lg/m3) MODIS AOT(550 nm ) Daily WS m/s Daily WD 0 Daily Te o Daily RI-I 'YuSta tistic
Nb r. of obse rvations
Minim um
Maximum
Frcq . of minimum
Freq . of maximu m
I st Quartil e
Medi an
3rd Quart ile
Mean
Variance (n)
Standard deviati on (n )
Standard deviation (n- l )
Vari ation coefficient
Skewn ess (Pearson )
Standard error o f the mean
Standard erro r o f the variance
Standard crrortSkcwucss (Fisher))
Mean a bso lute deviation
Ha rmonic mean

97
X.OOO

X3.9 17
1
1

19 . 100
24 .2X6
30 .773
26 .172
122 .007
11.046
11. 103
0.422
1.9 77
1.127

17.794
0.2 45
7.739

22.404

97
0 .039
0 .9X7

I
1

0 .1X9
0.295
0.45 5
0.327
0 .029
0. 17 1
0.172
0.523
0.9Y5
0 .0 17
0.0 04
0.245
0 . 136
0.236

198

97
3.4 17
8.47Y

I
I

5. 179
5.592
6 .083
5 .629
0.64 1
0 .800
0 .805
0 .142
0.134
0 .082
0 .093
0.245
0.608
5.5 11

97
20.000

260 .000
1
I

148.87 5
174.41 7
20 1.625
166306

2384. 7 17
48.834
49.087
0.294
-1. 007
4 .Y84

347.7YO
0 .245

37.178
135.5 7Y

97
24 .900
2Y.604

I
I

26.8 17
27.329
28.325
27. 445
0 .99 I
0.995
1.00 I
0 .036
0.04 1
0 .102
0. 145
0 .245
0 .809

27.409

97
68 .958
8X.OX 3

I
I

74.2Y2
76 .750
XO .125
77 .350
16 .900
4 . 11 1
4 . 132
0 .053
0 .357
0 .420
2.465
0 .245
3.4 13

77.135



Appendix 21 : Hourly descriptive statistics (Qua ntita tive data) in Kelantan Tana h I\lerah station durin g 2013

Hourly P!Vb (~lg/m3 ) MOD IS AOT(55 0 nm) Hourlv WS m/sStatistic
Nbr. of observations
Minimum
Maximum
Freq. of minimum
Freq . of maximu m
1st QuartiIe
Median
3rd Quart ile
Mean
Variance (n)
Standa rd deviation (n)
Standard deviat ion (n- I)
Variation coeffi cient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard erro rtSkewnes s (Fisherj)
Mean abso lute deviation
Harmonic mean

97
2.000

WOOO
I
I

10.000
13.000
18.000
14.505
53,508
7.315
7.353
0.504
1.095
0.747
7,804
0.245
5.6 14
10 925

199

97
0.039
0,987

I
I

0. 189
0.295
0,455
0,327
0.029
0.171
0.172
0.513
0.995
0,0 17
0,004
0,245
0,136
0.236

97
3.500
12.300

I
2

5,300
6.300
7900
6.659
3.23 7
1,799
1.808
0.270
0.899
0, 184
0,472
0,245
1.422
6,228

Hourlv WD 0

97
4.000

354.000
I
I

116,000
184.917
20 7.000
166,992

3970.398
63 .0 11
63 ,338
0,377
-0,403
6,43 1

579,047
0.245

50 ,433
98 ,289

Hourlv Teo
97

26 ,100
36.300

I
I

29. 100
29 .900
30 .900
29 .902
2.540
1.594
1.602
0.053
0,375
0 163
0.3 70
0.245
1.192

29 .8 18



Appendix 22 : Daily descriptive statistics (Quant itative data) in Putrajaya sta tio n du ring 20 13

Statistic
Nbr. of observations
Minimum
Maximurn
Frcq. ofminimum
Freq.of maximum
1st Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I)
Variation coefficient
Skewness (Pearson)
Standa rd error of thc mean
Standard error of thc variance
Standard errortSkewucss (Fisher)
Mean absolute deviation
Harmonic mean

Daily PM: , ( ~lg/1ll3 ) MODIS AOT(550 nm) Daily ws rn/s Daily WD 0 D:liIy Te o Daily RH'Yo
69 69 69 69 69 69

11.6X2 0.151 2.9X3 55.696 22.375 50.100
163.792 1.70X 5.712 273.542 26.963 9X.611

1 I I I 2 2
1 I I I 2 \

20.913 0.329 3.629 111.0X3 24.950 73.042
25.292 0.477 3.974 126.042 25.200 76.1 25
37.304 0.674 4.267 169.\ 25 25.921 X5.833
3 1.76X 0 545 3.967 140.752 25.268 78 095
466.005 0.084 0.235 2275.853 1.048 S3. 116
2 1.5X7 0.291 0.4X5 47.706 1.024 9.117
2 1.745 0.293 0.4X9 4X.055 1.031 9.184
0.6XO 0.533 0.122 0.339 0.041 O. \17
3.847 1.460 0.594 0 797 ·(),X24 -0.277
2.61X 0.035 0.059 5.n5 0.124 1.1 06
X1.094 0.015 0.041 396.045 0. I X2 14.464
0.289 0.289 CUX9 0.289 0.289 0.289
12.4X8 0.219 0.379 3X. I X3 0.74X 7.222
25.426 0.425 3.9 10 126.2XX 25.225 76.93X

200



Appendix 23 : Hourly de scriptive sta t ist ics (Q ua n t ita tive da ta ) in Putrajaya s ta tion during 2013

Statistic Hourly Pi\b; (~lg/m3) MOD IS AOT(550 nrn) Hourly WS m/s Hourly WD 0 Hourly Teo Hou rly RH%
Nbr. of obse rvations
Minimum
Maximum
Freq .ofminim um
Freq. of maximum
1st QuartiIe
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I)
Variation coefficient
Skewn ess (Pear son)
Standard error of the mean
Stand a rd e rro r of the variance
Standard crrorfSkewncss (Fi sherj)
Mean absolute dev iat ion
Harmonic mean

69
7.000

92.000
I
I

15.000
22.000
27000
24.203

2 14.53 9
14.64 7
14 .754
0.605
2.309
1.776

37.334
0.2S9
9.5 11
IS,528

69
0. 15 1
1.70S

I
I

0.329
0.477
0.674
0,545
0.OS4
0.291
0.293
0.533
IA 60
0.035
0.0 15
0.2S9
0.2 19
0.425

201

69
3.300
S.I OO

I
1

4.30 0
5.000
5.900
5.2 11
IAXS
1.220
1.229
0.234
0.6 S9
0. 148
0.259
0.2S9
0.983
4.953

69
14.000

350 .000
I
I

\36 .000
175.000
220.000
IS3.797

6S59.S14
S2.S24
S3,4 3 1
0.451
0.459
10.044

11 93.749
0.289

63 .3 \8
129.289

69
22.375
32.200

I
I

25.664
2S.100
29 .600
2771 4
5A2 1
2.32S
2.345
0.OS4
-0.169
0.2S2
0.943
0.289
1.93S

27514

69
50.100
9X.6 11

2
I

60 .000
66.750
X5 .S33
71.0 16
177.361
13.3 1S
13.4 15
0.IX8
0.427
1.615

30.X65
0.289
11.780
6X.653



A ppendix 24 : Da ily de scriptive stat istics (Q ua ntitative data) in USI\l station d uring 20 13

Daily Pl\b ( ~lg/m3 ) MODIS AOT(550 nm) Daily WS m/s Daily WD 0 Daily Te o Daily RH'YoStatistic
Nbr. of observations
Minimum
Maximum
Freq. ofm inimum
Frcq. of maximum
Ist Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coeffic ient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errortSkewncss (Fisherj)
Mean absolute deviation
Harmonic mean

I
~ ~

-'-'
7.000

100 000
I
1

15.000
18.000
27.000
22.1XO
165 .937
12.882
12.930
0.581
2.756
1.121

20.580
0.210
8.850
17.839

202

133
0.081
2.820

I
I

0.232
0.29 7
0.4 85
0.39 3
0.088
0.297
0.298
0.755
4.613
0.026
0.0 11
0.2 10
0.183
0.293

1~ ~

-'-'
2.896
7.838

I
I

4.533
5.042
5.763
5.17X
0.847
0.920
0.924
0. \ 78
0.529
0.080
0 .105
D.210
0.727
5.020

I ~ ~

-'-'
39.375
244 .292

1
I

XX. 353
121.00D
2 14.4 17
144.552

3949.159
62 .842
63.080
0.435
0.212
5.4 70

489.79D
0.2 10

58 .226
116.991

133
24.0 13
30.125

2
I

27.004
27 .867
28.5 13
27. 772
1.3 15
1.147
1.151
0.041
-0.4 30
0.100
0.163
0.2 10
0.9 II
27.724

I
~ ~

-'-'
56 .583
99 .292

I
2

72.45X
79.542
84.542
78.957
80 .995
9.000
9.034
0. 114
-0.126
0.783
10.045
0.2 10
7. 144
77.892



Appendix 25: Hourly descri ptive statistics (Quantitative data) in USM station durin g 20 13

Statistic Hourly PMe, (ug/rnS) MO DIS AOT(550 nm) Houri, ' WS m/s Hourlv \YO 0 Hourlv Teo Houri, ' RH%
Nbr. of observations
Minim um
Maximu m
Freq . of minimum
Freq. of maxirnurn
1st Qua rtile
Median
3rd Quart ile
Mean
Var iance (n )
Standard deviat ion (n)
Stan da rd deviatio n (n- I )
Variat ion coefficient
Skewness (Pearson )
Stand a rd error o f the mea n
Standard e rror o f the variance
Standa rd crrortSkcwness (F isher»
Mean abso lute devia tion
Harmon ic mean

133
6.263

63 .6X2
I
I

11.095
13.500
16 .773
14 .80X
4 1.376
6.432
6.457
0.43 4
3.9 16
0 .560
5 . 132
0 .210
4 .02R
13.245

133
O.ORI
2 .X20

1
1

0.232
0.29 7
0 .485
0 .393
O.OXX
0.29 7
0.29X
0.755
4 .61 3
0 .026
0 .0 11
0.2 10
0. 183
0.293

203

133
I.ROO

12.700
I
I

6 .400
7.400
X.900
7.64 7
4 .292
2.072
2.079
0.271
0 . 123
0.180
0.532
0.2 10
1.620
6 .950

133
8.000

348.000
I
2

105 .000
169.000
2 11.167
160.784

505X.3X3
71.1 22
71.39 1
0.442
-0 .054
6 . 190

627 .361
0.2 10

56 .940
101.409

133
25.200
32 .500

I
I

2X.500
29 .500
30 .200
29.234
1.954
1.398
1.403
0 .048
-0 .09 1
0.122
0.242
0.2 10
1.077

29 . 104

133
41 00 0
100.000

I
7

00.000
67.000
79.000
70.4 14
IX7.61 1
13.697
13.749
0. 195
OJi03
1. 192

23 .26R
0.2 10
1I. 13R
67.952



Appendix 26 : Dail y descriptive sta t ist ics (Q uantita tive data ) Nor theast seas on during 20 13

Statistic Dail v Pl\b (~lgJm 3) MODIS AOT(550 nm) Daily WS m/s Daily WD 0 Dailv Te o Dailv RI-I '%
Nbr. of observations
Minimum
Maximum
Fn:q. ofminimum
Frcq . of maximum
Ist Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n-I)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errorrSkcwness (Fisher))
Mean ab solute deviation
Harmonic mean

276
7.000

60.111
I
I

IX.391
24.402
30.7X4
25.277
X4.705
9.204
9.220
(U64
0.655
0.555
7.250
0.147
7.2XO

21.930

276
0.039
1.359

I
I

0.220
0.313
0...172
0.369
0.040
0.200
0.200
0.54 I
1...1 11
0.012
0.003
0.147
0.154
02X3

204

276
2. 125
X.129

I
I

3.697
4.935
5.932
4.919
2.0 16
1.420
1...122
0.2X9
0.15X
0.OS6
0.173
0. 147
1.1 X7
4AX5

276
33.333
343.000

I
I

9X.554
135.X33
20 1.014
1463 32

3747.137
61.214
6 1.325
OA IX
OA55
3.69 1

320.719
0.147
5 1.50S
119.057

276
22...100
30A3X

I
I

26.966
27.546
2X.379
27.550
1...1 13
I.I X9
1.1 91
0.043
-0.6X7
0.072
0. 121
0.147
0.X9X

27...1 96

276
55.333
99.292

I
2

69.7X 1
75.500
X4A3X
77.307
107.367
10.362
10.3XI
0.134
0.2 19
0.625
9.190
0.147
SA9X

75.926



A ppe nd ix 27 : Hourly descripti ve statist ics (Q ua nti tative data) Northeas t seaso n du rin g 2013

Stati stic Hourlv PMc< (ug/mS) MOD IS AOT(550 nm) Hourly WS m/s Hourly WD 0 Ho urly Teo Hourly RH%
Nbr. of obse rvations
Minim um
Maximum
Frcq . of min imum
Freq .of maxim um
1st Quartile
Median
3rd Quartile
Mean
Var iance (n)
Standard deviation (n)
Standard deviati on (n- I)
Variation coefficient
Skewness (Pearson)
Stand a rd e rror of the mean
Standard e rror of the variance
Stand ard error tSkcwncss (F isherj)
Mean absolute deviati on
Harmonic mean

276
3.000

63 .000
I
I

11.939
15 .000
20 .000
16 .X30
64.534
li.033
li.04 X
OA77
1.735
OAX4
5.524
0.147
5.952
13.753

276
0.039
IJ59

I
I

0.220
0.31 3
OA72
0.369
0.0 40
0.200
0.200
0.54 1
1.411
0.0 12
0.003
0. 147
0. 154
0.2R3

205

276
IX OO

13.200
I
I

4 .500
5.600
7.200
5.99 7
3.9 7li
1.994
1.99li
0 .333
0 .965
0. 120
0.3 40
0. 147
1.571
5 A0 5

276
1.000

359 .000
2
I

44 .750
96 .500
I9li.750
125.565

9 116.72X
95 Ali2
95 .655
0.760
0.732
5 .75X

7XOJ 04
0. 147
XI.XX4
34.363

276
22AOO
36JOO

1
1

2X.900
30 .000
3 1.600
30.335
5. 7 17
2.39 1
2.395
0.079
OJ 1(i

0. 144
OA R9
0.147
I.XIX

30 . 149

276
37.000
99.000

I
1

56.000
63. 000
73.000
65 .761
139.620
IUn 6
n .sss
O. IXO
0.54 7
0.713
11.950
0.147
9. 744

63.753



A ppe nd ix 28 : Dail y descriptive sta t is tics (Quantita tive data) Sou thwes t seas on du ring 20 13

Statistic
Daily Pwb MODIS AOT Daily WS Daily Daily Daily

(p g/m' ) (550 nm) m/s WD O Te o RH'Yo
Nbr. of observations 222 222 222 222 222 222
Minimum 7.550 0.067 I .O XO 3X.750 22.375 50.100
Maximum 163.792 3.3R7 9.450 299.292 30.20X 100 000
Freq.of minimum I 1 I I I 2
Freq. of maximum I I I I I I
Ist Quart ile 19.705 O.2XI 3.960 114.406 26.299 6X.5X3
Median 31.392 0.423 4.921 156.lD3 27.533 76.604
3rd Quartile 45.XX 7 0.622 6.300 206.X33 2X.57X X5.240
Mean 37.676 0.522 5.163 159.736 27.404 76.132
Variance (n) 636335 0.160 2.335 3139.66X 2.56R 12R.243
Standard deviation (n) 25.226 0.400 1.52X 56.033 1.602 11.324
Standard deviation (n- l ) 25.2X3 0,40 I 1.532 56.159 1.606 11.350
Variation coefficient 0.670 0.767 0.296 0.35 1 0.05X 0.149
Skewness (Pearson) 2.005 3.161 0.446 0.139 -0.490 -0. 137
Standard error of the mean 1.697 0.027 0.103 3.769 O. IOX 0.762
Standard error of the variance 60.X09 0.015 0.223 300.029 0.245 12.255
Standard crrortSkewncss (Fisher» 0.163 0.163 0.163 0.163 0.163 0.163
Mean absolute deviation 17.72X 0.26 1 1.265 47.X15 1.30X 9.266
Harmonic mean 26,434 0344 4.6X6 137.252 27.307 74.359

206



A ppe nd ix 29 : Hourly desc ript ive statistics (Q ua ntita tive da ta) So ut hwes t se aso n dur ing 20 13

Statistic
Nb r. ot obse rvations
Minimum
M aximum
Freq. of minimum
Freq. of maximum
1st Quartile
Median
3rd Quartile
Mean
Variance (n)
Standard deviation (n)
Standard deviation (n- I)
Variation coefficient
Skewness (Pearson)
Standard error of the mean
Standard error of the variance
Standard errort Skewncss (Fishcrl)
Mean absolute deviation
Harmonic mean

222
2.000

101.000
I
1

13.000
19.000
29.000
24.32X

301.33 1
17.359
17.39X
0.714
1.900
1.16X

2lU95
0.163
12.3 13
15.954

222
0.067
3.3X7

I
I

0.28 1
OA23
0.622
0.522
0.160
0.400
OAOI
0.767
3.161
0.027
0.015
0.163
0.26 1
0.344

207

222
0.900
15.X OO

I
I

5.100
6.500
X.075
6.7X3
5.7X5
2,405
2.4 11
0.355
0.X93
0.162
0.553
0.163
I.X31
S.X6 7

222
4.000

35X.000
1
I

93.000
171.000
215.750
162.566

8943.341
94.569
94.783
0.5X2
0.143
6.361

854.632
0.163
76.02X
58.146

222
23.400
36.300

1
I

28.3X4
29.550
3 1.000
29.769
4.365
2.089
2.094
0.070
0,42 1
0. 14 1
0.4 17
0.163
1.620

29.625

222
44.000
100.000

I
6

6 1.000
67.000
77.000
70.025
155.022
12A51
12.479
0.178
0.58X
0.X3X
l4 .X 14
0.163
10.235
67.944
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Fine particulate matter is particulate matter lower in diameter than 2.5 IJm
(PM2.5) . It affects the public health, economic development, and the regional
climate. Governments worldwide have been concerned about the levels of
the PM2.5 in the atmosphere and long ago began monitoring their levels
continuously using air quality monitoring stations. The Malaysian
government invested much in building ground monitoring stations. Most of
these stations have been located in urban areas. In this context, use of
remote sensing (RS) techniques and the geographic information system
(GIS) in estimating the levels of the ambient PM2.5 become more widespread.
The Moderate Resolution Imaging Spectroradiometer (MODIS) Aerosol
Optical thickness (AOT) product of the Terra Satellite can be used to
estimate the PM2.5 levels with an accuracy that depends on the statistical
relationship between PM2.5 and AOT. This study aimed at estimating the
PM2.5 mass concentration in Peninsular Malaysia by linking the MODIS
sensor data with the measured PM2.5 concentrations and meteorological
parameters in the year 2013. The results showed that the the map of
distribution of AOT indicated that the AOT concentrated in the western coast
of Peninsular Malaysia. Mostly, the spatial and temporal AOT values in the
southwest monsoon were higher than in the northeast monsoon throughout
the study period. The MLRA and GWRM both gave almost identical
estimates of the PM2.5 concentrations. The analysis outcomes revealed that
the R2 value for the hourly PM2.5 regression model (0.66) was higher than
that for the daily PM2.5 (R2 = 0.53). Comparison with the literature uncovers
that results of estimation of PM2.5 using AOT from MODIS for Peninsular
Malaysia are similar to the results of other studies in other parts of the
world. Furthermore, assessment of the accuracies of the hourly and daily
estimates of PM2.5 disclosed that the 5 x 5-pixel size model had the lowest
values of the mean-squared error, root mean-squared error, and relative root
mean-squared error. The relatively low error values associated with the 5 x 5­
pixel size model indicate the accuracy of this model in Peninsular Malaysia.
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