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Abstract 

The particulate matter (PM) concentration forecast is a critical component to evaluate the air quality over 

any region of the world. The results are vital when it comes to health issues related to air pollution in 

developing countries like India. The present research work analyzes ambient air quality over two famous 

Indian cities, namely Agra and Rourkela. The two sites are contrasting: (i) Agra, a world heritage site 

renowned for Tajmahal, with no industries, present inside the city boundary and hence almost no local 

pollution generation from the industry sector, and (ii) Rourkela, an entire industrial city with more local 

pollution generation. In the present research work, Suspended PM (SPM) and Respirable Suspended PM 

(RSPM) were analyzed from 2011 to 2015 at four stations in Agra city, namely: Taj, Itmad-Ud-Daula, 

Rambagh and Nunhai and 2009-2014 over Rourkela considering three stations: Sonaparbat, Rourkela and 

Rajgangpur (for 2013-2014). The RSPM and SPM concentrations are above critical levels during the study 

period and were found to be in a crucial state of pollution with poor air quality. Source regions causing 

transboundary pollution over both Agra and Rourkela have been analyzed by using source apportionment 

techniques: Conditional probability function (CPF), conditional bivariate probability function (CBPF), 

Weighted Potential Source Contribution Function (WPSCF) and Weighted Concentration Weighted 

Trajectory (WCWT). The highly polluted national capital region (NCR) including the capital city Delhi, 

situated in the northwesterly direction, was identified as the primary contributor for Agra. For Rourkela, 

industries within the city along with vehicular exhaust are identified as the primary local sources. As in-

situ measurements are sparsely distributed estimation of surface-level PM2.5 is carried out using both 

meteorology and satellite-derived AOD using regression analysis. The present research work also focused 

on the prediction of future concentrations of PM using the artificial neural networks (ANN), using four 

models of ANN: wavelet-based multi-layer perceptron neural network (WMLPNN), wavelet-based 

recurrent neural network (WRNN), multi-layer perceptron neural network (MLPNN) and recurrent neural 

network (RNN). The performance of these neural models is evaluated statistically. The proposed 

WMLPNN found to be providing reliable results by delivering aid in passing the alerts and notices for the 

improvement of air quality. The study exemplifies that the levels of PM are not depicting any decreasing 

trend over Agra even after taking mitigation measures inside the city by the Government of India. The study 

identified that transboundary pollution is playing a significant role in the elevation of PM concentrations 

over considered regions of study. 

Keywords: RSPM, SPM, Wavelet Analysis, source apportionment, regression analysis, artificial 

neural networks. 
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Chapter 1 

Introduction 

1.1 Background 

Air is a combination of gases that constitutes the earth’s atmosphere (Spellman, 2017). The 

atmosphere is a thin layer of gases that surrounds the planet and is very important. The approximate 

composition of dry air is 78% by nitrogen, 21% by oxygen, 0.93% by argon and 0.03% by carbon 

dioxide along with many other minor components in smaller proportions (Spellman, 2017). Air 

was considered to be pure when proportions of the minor constituents of air are not manipulated 

and remain in their respective proportions (EPA, 2010). Any change in their proportions causes 

disastrous effects on vegetation, animals, human beings and leads to climate change (EPA, 2010). 

In ancient Indian literature, polluted air described as follows (Jamieson, 2008):  

“The polluted air is mixed with unhealthy elements. The air is uncharacteristic of the 

season, full of moisture, stormy, hard to breathe, icy cool, hot and dry, harmful, roaring, 

coming at the same time from all directions, bad smelling, oily, full of dirt, sand, steam, 

creating diseases in the body and is considered polluted” 

(Charaka Samhita, Vimanastanam, Chapter III, verse 6.1) 

The quality of air which is responsible for the existence of various terrestrial forms has become an 

important factor in the environment during the past few decades. Smoke and fumes emitted due to 

forest fires, volcanic eruptions, crude domestic heating, and cooking activities were found to be 

lethal in discrete neighborhoods even earlier to our ancestors began to live in an organized 

community (Stern, 1977). All over the early eras of history, dependency on timber was the prime 

source of energy which decelerated the evolution of industrial progressions and eventually led to 

the depletion of the nearby forest. The discovery of coal as a potential energy source displaced the 

use of wood for industrial processes, which eventually lead to the industrial revolution and causes 

smog. From the beginning of the fourteenth century to till date, smoke and gases generated by coal 

occupied the center of the stage almost absolutely, and in many industrialized areas of the world, 

it is still the dominant distress (Stern, 2014). Apart from coal, usage of petroleum products like 

gasoline and oil tremendously accelerated the transportation processes which again lead to air 
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pollution by automobile exhausts which eventually led to the emission of various pollutants into 

the atmosphere (Spellman, 2017). 

The various pollutants majorly classified into two categories namely (a) primary pollutants emitted 

directly from identifiable sources, and (b) secondary pollutants formed due to the interaction 

among two or more primary pollutants in the presence of favorable atmospheric conditions like 

relative humidity (RH) and photolysis (Chambers, 2013). According to the World Health 

Organization (WHO), there are six primary pollutants which are referred to as criteria pollutants 

namely: carbon monoxide (CO), nitrogen oxides (NOX), Sulphur oxides (SOX), ozone (O3), lead 

(Pb), and particulate matter (PM). Secondary pollutants include ground level-ozone, smog, 

Peroxy-acetyl nitrate (PAN) etc. The formation of these secondary pollutants mainly depends on 

rate of reaction to reaction route of the reactants and intermediate processes involved in the 

conversion of primary air pollutants to secondary air pollutants which in turn greatly depends on 

concentration of reactants, rate of photo-activation, changing meteorological conditions, 

underlying topography and availability of moisture (EPA, 2010). 

1.1.1 Sources of air pollution 

The sources of air pollution can be natural or anthropogenic (shown in Figure 1). Natural sources 

contribute less to the ambient air pollution and subsidize substantially to local pollution especially 

in the arid regions, and major sources of natural emissions include volcanic eruptions, forest fires 

and dust storms (Kampa and Castanas, 2008). The contribution from anthropogenic sources are 

far higher to natural sources and the major activities that adversely manipulate the concentrations 

of pollutants are as follows (Lelieveld et al., 2015): 

 Fossil fuel combustion from vehicular emissions which include motor vehicles, cars, heavy 

vehicles etc. 

 Heat and power generation, especially from oil and thermal power plants. 

 Industrial emissions mainly from steel and iron industries, mining operations and oil 

refineries. 

 Incineration which includes biomass and municipal waste burning.  

 Household cooking using charcoal, heating, and lightening with polluting fuels. 
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Figure 1.1: Natural and anthropogenic sources responsible for the emission of pollutants in the 

atmosphere (Source: https://www.nps.gov/subjects/air/sources.htm) 

 

Apart from above-mentioned sources, other sources like urban sprawl which is unplanned growth 

of urban area eventually leads to extreme dependence on private transportation rather than public 

transportation also found to be accelerating the ambient air pollution in urban areas (Stone, 2008). 

Short-term or long-term exposure to ambient air pollution leads to adverse health effects and 

degradation of the atmosphere, thereby resulting in climate change.  

1.2 Diverse effects of air pollution 

In this section, various kinds and magnitude of distress suspected to be produced by air pollution 

are mentioned.  

1.2.1 Reduction in visibility 

In history the initially observed and presently the most easily witnessed effect of air pollution is 

the impairment of vision due to the scattering of light from the surfaces of the airborne PM 

(Diederen et al., 1985). The amount of light impediment is associated with the size and density of 

the PM, affected air mass thickness, and certain more indirect physical factors (Groblicki et al., 

1981). Reduction of visibility can occur either due to primary pollutants like coal or smoke or 
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secondary pollutants like photochemical smog. It was also found that pigeons are flying home 

faster in highly polluted regions due to reduced visibility (Li et al., 2016). 

1.2.2 Mutilation of historical monuments 

Direct destruction to historical structures, fabrics, and other materials of commerce is a regular 

and well-known effect of air pollution (Corvo et al., 2010). This type of destruction is mainly 

because of the acid mists, oxidation processes, H2S, and particulate products of combustion and 

various industrial activities. For example, secondary pollutants like O3 causes rapid and extensive 

damage to many types of rubber goods and also textiles (Stern, 1977). Light absorbing dust and 

carbonaceous particles deposited over the world famous monument Tajmahal (one of the Seven 

Wonders of the World) is causing its discoloration (Hicks and Kumari, 1987). 

1.2.3 Damage to vegetation 

A variety of food, forage, and crops were exposed to air pollutants, which are causing huge damage 

(Stern, 2014). Damage to leaf structure like stunted growth, the reduction in size and yield of fruits 

and devastation of flowers resulted in curtailed value. PM exposure of rice fields during elevated 

levels of PM decreased the content of chlorophyll, moisture content and carotenoid content of the 

leaf which eventually resulted in a declined rate of photosynthesis, stomatal conductance and 

transpiration which adversely affected the total yield of the crops situated in the Indo-Gangetic 

plain (Mina et al., 2018). 

1.2.4 Physiological effects on human and domestic animals 

Long term exposure of living species to lethal to sublethal concentrations of pollutants is suspected 

to have physiological effects (Stern, 1977). The high incidence of diseases like chronic bronchitis, 

optic irritation, lung carcinoma among metropolitan population appears to be closely related to air 

pollution. Long-term inhalation of industrial fluoride causes fluorosis in human and animal species 

(Choubisa and Choubisa, 2016). 

1.2.5 Psychological effects of air pollution 

Air pollution was found to be related to psychosomatic illness, and it has been found that pregnant 

women are more prone to mental distress during high pollution levels especially during the cool 

season compared to the warm season (Yi et al., 2017). 
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1.3 Air pollution as a problem of the future 

In spite of the tremendous advancements in science and technology, air pollution due to these 

advancements was considered as a problem of the future. As regional and global population surges, 

a time must come when human activities at local and medium scale will threaten the quality of 

total air resources globally (Akimoto, 2003). Air pollution was found to be sharing all the threats 

to public health and welfare and the certainty of becoming more and more severe as long as the 

population remains unchecked. Long-range transport, along with locally generated pollutants, was 

found to be enhancing pollutants concentrations over the Arctic circle, which is leading to the 

warming of arctic (Law and Stohl, 2007). This eventually leads to the melting of polar ice caps, 

thereby raising the sea levels. Air pollution was also found to be responsible for extreme rainfall 

events as the increased aerosols density alters the earth’s radiative balance and cloud processes 

(De Sario et al., 2013). Hence it is appropriate to implement air pollution control measures to 

accomplish a cleaner and healthier environment. 

Of the six criteria air pollutants mentioned in previous section PM are considered to be proxy 

indicators of ambient air pollution and cause severe effects than any other pollutants (WHO, 2016). 

PM is inhalable and can enter into the respiratory tracts and hence called Respirable particles 

(Abbey et al., 1999). Due to their micron size, PM is considered to be very dangerous as they 

directly penetrate the lungs and enter into bloodstreams when inhaled (Yi et al., 2006). PM is 

majorly composed of ammonia, sulfates, nitrates, sodium chloride, BC, mineral dust, and water 

and is mainly emitted into the atmosphere due to the anthropogenic activities like combustion of 

fossil fuels, biomass incineration and various industrial activities like building, smelting, mining, 

cement and brick manufacturing (Theodosi et al., 2011). Hence in the present research work, PM 

of diameter less than 10 microns (also called PM10 or suspended particulate matter (SPM)) and 

less than 2.5 microns (also called PM2.5 or Respirable suspended particulate matter (RSPM)) are 

considered. Most of the PM emissions are due to local or regional sources of pollution and under 

certain atmospheric conditions these PM travel to longer distances and elevate the ambient 

concentrations of air pollutants in remote or less polluted regions on a time scale of about 4-6 days 

and often referred to as transboundary pollution (Spellman, 2017). For example, dust emissions 

due to the deserts situated in Africa, Central Asia, Mongolia, and China are transported to remote 

areas by winds and elevate not only the concentration of PM but also enhance the growth of 
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bacterial and fungal spores (Goudie, 2014). PM is also considered to be a carcinogenic agent 

(Turner et al., 2011). Lelieveld et al. (2002) have identified different sources of PM2.5 that are 

responsible for premature deaths globally and premature deaths due to fine PM is very high in 

Asian countries like China, India, Pakistan, Bangladesh which ranked in first four places globally. 

It was noticed that PM2.5 emitted from sources like coal, solid fuel combustion, local waste 

incineration, and diesel generators contributed for 32% of premature deaths in China, 50-70% of 

premature deaths in India and other countries of Asia (Carlson, 2015). Hence to control the ambient 

air pollution and to provide mitigation measures, global cooperation is needed to address 

transboundary pollution sources which complement the measures implemented for the control of 

local or regional pollution emissions.  

1.3.1 PM variation over India 

The contribution of India was found to be very significant to global air pollution (Carlson, 2015; 

Lelieveld et al., 2002). Many Indian cities are loaded with high concentrations of PM (Chatani and 

Sharma, 2018). The capital of India, Delhi ranked first in air pollution among all the global cities, 

and five other Indian cities were found to be in the top 10 polluted cities of the world (WHO, 

2016). The booming economy in Indian cities lead to increased use of vehicles and also multiplied 

the number of dusty constructions which made air pollution as a major health hazard by killing 

~1.5 million people in the year 2012 (Chatterjee, 2016). Biomass burning, coal-based thermal 

power plants, various mining operations, and mineral based industries lead to a serious 

contribution to PM pollution in India. Fuel adulteration was also identified as one of the major 

reason for the emission of fine PM in India. A study conducted by urban emissions with the 

collaboration of green peace in the year 2012 has found that coal-based thermal power plants are 

responsible for about 1,15,000 premature deaths in the year 2011-12 (Goenka and Guttikunda, 

2013). As global studies cannot extract the facts that are associated with high PM2.5 concentrations, 

Chowdhury and Dey (2016) have conducted a study to assess the PM2.5 concentrations at the 

district levels. Authors have found a clear spatial heterogeneity in the exposure to PM2.5 

concentrations at the district level. The exposure analysis revealed the fact that 50% of population 

in 45% of districts exposed to concentrations that are crossing the threshold levels specified by 

India and Kinnaur district of Himachal Pradesh (Delhi) was found to be a cleanest (worst) regions 

with an annual concentration of 3.7±1 µg/m3 and 148±51 µg/m3 respectively during the study 

period 2001-2010. The ambient PM2.5 concentrations in India was found to be a major risk factor 
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for disease burden and was found to be a 4th major risk factor for mortality and resulted in 

~7,00,000 deaths in India in the year 2017 (Balakrishnan et al., 2019; Stanaway et al., 2018; Brauer 

et al., 2019). PM not only affects human health and other living entities but also responsible for 

climate change.  The direct effect of particulate matter include absorption and scattering of solar 

radiation whereas indirect effect of PM include modulation in precipitation patterns and cloud 

formation (Ramanathan et al., 2005). A rapidly increasing modulation in precipitation was noticed 

during Indian summer monsoon due to transport of west Asian dust to peninsular region (Vinoj et 

al., 2014). In a study conducted by Sarangi et al. (2017) regarding impact of aerosol load over 

Indian summer monsoon Region it has been noticed that at the top of the atmosphere there is a 

reduction in outgoing longwave radiation and escalation in outgoing shortwave radiation which is 

deepening cloud system over this region. The high PM load also increased number and intensity 

of fog events over regions Delhi in the winter season (Safai et al., 2019) thereby causing reduction 

in visibility. It was also noticed that there is an augmented lightning activity over north-western 

part of India during premonsoon season over IGP region due to transported coarse mode PM due 

to dust storms (Lal et al., 2018). The conclusions drawn from various studies conducted over India 

to assess the ambient air pollution reveals the fact that air pollution is causing devastating effects 

on the health of the people of India. Hence there is a need to implement short-term and long-term 

policies to curb air pollution because of which we can not only protect human health but also 

ecology and many other living entities like plant and animal health. Most of the air pollution 

studies are limited to the megacities, northern India and some of the Tier I cities of eastern India. 

There is less attention paid to north-eastern India and central parts of India, which are dominant 

with coal-based industries and extensive mining practices (Guttikunda et al., 2014; Garaga et al., 

2018). Keeping this in view, in the present research work, we have selected Agra and Rourkela, 

where we performed the assessment of PM and their sources of emission for a long time.  

1.4 Air quality standards and measures implemented in India 

Air quality management includes several diverse areas connected to air pollutants and their control 

(CPCB Report, 2009). For example, mathematical models can be implemented to identify aerosol 

sources and their long-range transport (Poirot et al., 2001). Apart from this, pollution control 

equipment can be supplemented to various sources to diminish the amount of pollutants before 

they are released into the air (Theodore and Buonicore, 1976). In a developing country like India, 

where population explosion and industrial revolution are playing a prominent 
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Table 1.1: Standards specified for various pollutants by CPCB and Government of India 

 

S.No. 

 

Pollutants 

Time-weighted 

Averages 

Industrial, Rural, 

Residential and other areas 

Ecologically 

sensitive areas 

1 
Sulphur Dioxide 

(SO2) µg/m3 

Annual 50 20 

24 Hourly 80 80 

2 
Nitrogen Dioxide 

(NO2) µg/m3 

Annual 40 30 

24 Hourly 80 80 

3 SPM (PM10) µg/m3 
Annual 60 60 

24 hours 100 100 

4 
RSPM (PM2.5) 

µg/m3 

Annual 40 40 

24 hours 60 60 

5 Ozone (O3) µg/m3 
8 Hours 100 100 

1 Hour 180 180 

6 Lead (Pb) µg/m3 
Annual 0.50 0.50 

24 Hours 1 1 

7 
Carbon Monoxide 

(CO) mg/ m3 

8 hours 2 2 

1 hour 4 4 

8 
Ammonia (NH3) 

µg/m3 

Annual 100 100 

24 hours 400 400 

9 
Benzene (C6H6) 

µg/m3 
Annual 5 5 

10 

Benzo (a) Pyrene 

(BaP)- 

10 particulate phase 

only,  

ng/m3 

Annual* 01 01 

11 Arsenic (As), ng/m3 Annual* 06 06 

12 Nickel (Ni) ng/m3 Annual* 20 20 

 

role, air pollution issues have become a major issue of concern (Ghose et al., 2004). In India, the 

first act of air pollution was enacted in the year 1981 by name Air (Prevention and Control of 

Pollution) Act. National Ambient Air Quality Standards (NAAQS) specified by CPCB for various 
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pollutants at varied temporal scales (CPCB Report, 2009) amended in the year 1987 to control and 

prevent air pollution (Misra and Pandey, 2005), presented in Table 1. In the year 2010 India 

launched a program called System of Air Quality Weather Forecasting and Research (SAFAR) to 

envisage a research-based management system where strategies for mitigation of air pollution go 

hand in hand between central government, Central pollution control board (CPCB), state 

governments and their respective state pollution control boards (SPCB’s) and stakeholders (Beig 

et al., 2013). 

Table 1.2: Air quality index (AQI) ranges for different pollutants (* indicates CO concentration in mg/m3 

and other pollutants concentration in µg/m3; for PM10, PM2.5, NO2, SO2, NH3, and Pb 2h- hourly values 

are considered whereas 8-hourly values for CO and O3) 

(http://pib.nic.in/newsite/PrintRelease.aspx?relid=110654) 

AQI Category AQI Concentration range of pollutants * 

PM10 PM2.5 NO2 O3 CO SO2 NH3 Pb 

Good 0-50 0-50 0-30 0-40 0-50 0-1 0-40 0-200 0-0.5 

Satisfactory 51-

100 

51-100 31-60 41-80 51-100 1.1-2 41-80 201-400 0.5-1 

Moderately 

Polluted 

101-

200 

101-

200 

61-90 81-

180 

101-

168 

2.1-

10 

81-380 401-800 1.1-2 

Poor 201-

300 

201-

300 

91-120 181-

280 

169-

208 

10-

17 

380-

800 

801-

1200 

2.1-3 

Very poor 301-

400 

301-

400 

121-

250 

281-

400 

209-

748 

17-

34 

801-

1600 

1200-

1800 

3.1-

3.5 

Severe 401-

500 

400
+
 250

+
 400

+
 748

+*
 34

+
 1600

+
 1800

+
 3.5

+
 

 

It also launched air quality mobile application to indicate the state of pollution in a particular area 

in terms of national air quality index (AQI). The standards stipulated by the Government of India 

and CPCB for different pollutants and AQI ranges provided in Table 2. Apart from this, to 

understand the influence of aerosols in the modulation of cloud properties another program called 
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Cloud Aerosol Interaction and Precipitation Enhancement Experiment (CAIPEEX) was taken up 

by the Indian Institute of tropical meteorology (IITM) with the association of World 

meteorological organization (WMO) (Prabha et al., 2011). National clean air program (NCAP) 

was also launched by Ministry of Environment and Forests (MOEF) to clean up the air in 102 

cities of India to curb air pollution (Kumar et al., 2013). 

1.5  Literature review for assessment of PM 

Many seminal contributions have been made by earlier researchers in this field and provided an 

insight over PM variations across the globe as well as the Indian subcontinent. Methods and 

assessments mentioned by various authors were found to be very informative and useful to carry 

out present research work. Some of the literature is mentioned in this section. 

1.5.1 Diurnal and seasonal variation of PM, meteorology, and aerosol optical 

depth (AOD) 

In a study conducted by Hicks and Kumari (1987) over discoloration of Tajmahal (one of the seven 

wonders of the world) noticed that sources like lime kilns and Mathura oil refinery situated in the 

proximity to the monument are mainly responsible for particulate pollution. Surface moisture 

formed during the night was found to be retained on the marble stones for a longer period. During 

sunrise, surface warming stimulates mixing, which draws the particulate pollution to the surface 

of the marble. As wet surfaces are more prone to be affected by gaseous pollutants like Sulphur 

dioxide, it was hypothesized in the study that early morning pollutants are causing discoloration 

of the monument. Later Kulshrestha et al. (1995) have found that SPM concentrations over Agra 

were found to be high and crossing the standards specified by CPCB. Soil moisture was found to 

be a dominant factor in the principal component analysis (PCA) by accelerating the deposition of 

PM-induced by various anthropogenic sources in its vicinity. Surface moisture formed during the 

night will remain for a longer time on the marble stones of Taj, and after the sunrise due to turbulent 

mixing, PM was found to be more attracted to the wet surfaces and gets deposited. It is well noticed 

from studies that PM variations not only depend on the type of the sources but also vary seasonally 

and diurnally.  

Some of the studies which explained the diurnal and seasonal variability of PM along with 

variations in AOD and meteorology like Dolislager and Motallebi (1999) have characterized PM 

in California over three basins namely: Great Basin Valleys Air Basin (GBVAB), South Coast Air 
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Basin (SoCAB) and San Joaquin Air Basin (SJVAB) for the study period of 1994-1996. SoCAB 

and SJVAB basins were found to be recorded with the highest PM10 variations and found to be 

crossing the thresholds specified by USEPA (United States Environmental Protection Agency) 

during the study period. GBVAB basin was found to be occasionally polluted as it is situated near 

to a desert hence making it be loaded with the highest PM10 during dust storms. The diurnal 

variation of PM10 depicted a concentration exceeding the standards throughout the day, but high 

peaks noticed in the early morning and early evenings.  

When the seasonal variation of PM considered, high values found during winter and low values 

during summer. In studies conducted by Pillai et al. (2002) and Babu and Moorthy (2002) over a 

tropical coastal station Trivandrum considering the variations of PM10 and PM2.5 during October 

1998 to December 2000 and aerosol BC variation during August 2000 to October 2001 

respectively, it was noticed that, the contribution of PM10 to total PM concentration was found to 

be high in pre-monsoon season whereas PM2.5 was found to be contributing more in winter season. 

The diurnal variation of PM2.5 and PM10 over Trivandrum depicted a nocturnal high and daytime 

low during the study period. Similarly, concentrations of BC over study area are comparable to 

the suburban locations. There is a 10% contribution by BC to total aerosol concentration during 

dry months and 3% contribution in monsoon season. Over Trivandrum, BC exhibited a well-

defined diurnal variation, which attributed to local impacts and dynamics of boundary layer height 

and annual variations attributed to long-range transport or air mass type. Some studies notified that 

AOD and PM are related to each other and both anthropogenic and natural sources contribute for 

high AOD in different seasons and times of a day.  

To understand the influence of natural sources of PM10 like dust storms, Dey et al. (2004) 

conducted a study over Kanpur, which was situated at the heart of Indo-Gangetic Plain (IGP) 

region. Aerosol properties retrieved from AERONET (Aerosol Robotic Network). Aerosol 

properties depicted a strong seasonal variation with highest AOD in the pre-monsoon season. The 

transportation of dust by winds from the Thar Desert in the south-westerly direction was found to 

be showing a significant impact on the AOD. The PM10 concentrations were found to be high over 

Kanpur, mainly due to local sources of pollution, and these concentrations peaked to a higher value 

during dust storms. Monkkonen et al. (2004) performed measurements of aerosol number 

concentration along with PM10 concentrations over New Delhi in the year 2002 to explore a 

relationship existing between the number concentration and PM10. A linear relationship was found 



Chapter 1                                                                                                          Introduction 

12 

 

to be existing between number concentration and PM10 until the concentrations of PM10 are 

relatively low. Distinct diurnal, weekly and seasonal PM10 variations noticed over New Delhi 

during the study period. The highest concentration was noticed in mornings and evenings. In the 

seasonal analysis, the highest concentration was noticed in March with the lowest in June. 

Similarly, in weekday and weekend analysis the highest number concentration was found in 

weekdays, whereas mass concentration was found high on weekends. Pandithurai et al. (2007) 

analyzed the aerosol optical properties over western Indian station, Pune, for a study period of 

2000 to 2004 and found that PM exhibited a seasonal asymmetry in diurnal variations which 

implies higher aerosol loading in the morning and low load of aerosol in the afternoon which might 

be attributed to meteorological conditions like variations in temperature (T), planetary boundary 

layer height (PBLH), RH, and low wind speeds (WS). In the pre-monsoon season, the values of 

PM were found to be low and high in the afternoon which might be attributed to strong winds and 

strong surface heating which raise the dust in addition to anthropogenic emissions. Seasonal wind 

roses are plotted for forenoon and afternoon in pre-monsoon and winter seasons to have an insight 

over the wind speeds and dominant wind directions. Terra AOD and Aqua AOD are considered, 

and the difference in the AOD was found with higher AOD values in the forenoon (winter) for 

Terra Moderate Resolution Imaging Spectroradiometer (MODIS) in winter and high AOD values 

in the afternoon (pre-monsoon) for Aqua AOD.  

Safai et al. (2008) conducted a simultaneous study on physical, optical and chemical properties of 

aerosols over northern Indian semiarid region, Agra during foggy or hazy periods of the year 2004. 

The average total SPM concentrations were found to be accelerated by 1.4 times during the 

hazy/foggy periods. The diurnal variation of BC depicted a high peak in morning and evening due 

to increased activities like vehicular exhaust and cooking and heating besides changes in the 

PBLH. Optical properties of aerosols and clouds (OPAC) derived AOD and observed AOD was 

found to be high during hazy or foggy days at a wavelength of 0.5 µm and low during clear or non-

hazy days. Kulshrestha et al. (2009) presented a metal concentration of PM for the first time over 

urban and rural sites of Agra during the study period May 2006 to March 2008. The study 

implicated important findings like seven trace metals namely lead (Pb), zinc (Zn), Manganese 

(Mn), Copper (Cu), chromium (Cr), Iron (Fe), Nickel (Ni) were noticed using factor analysis. 

Apart from this, when weekday/weekend analysis performed, it was noticed that the concentrations 

of PM were found to be high during weekdays. PM also depicted a significant seasonal variation 
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with the high, moderate and low load during winter, pre-monsoon and monsoon seasons 

respectively. Factor analysis revealed the fact that over urban regions high vehicular exhaust, solid 

waste incineration and industrial activities are major sources for the contribution of more PM and 

over rural sites, vehicular exhaust along with the resuspension of soil dust, cooking and heating, 

construction activities and dust carried by winds were found to be prime reasons in the 

enhancement of PM. 

When literature over highly industrialized areas considered, studies like Ny and Lee (2011) 

analyzed the size distribution of PM in a highly industrialized region Ulsan, Korea during four 

seasons of April 2008 to January 2009. Thirteen metals were found in the chemical analysis using 

principal component analysis (PCA) with fine PM varying with a size of 0.7-1.1 µm dominant in 

the winter season and coarse PM varying between the size 2.1-10 µm were found to be dominant 

in the spring seasons. Reddy et al. (2012) addressed the diurnal and seasonal variations of BC for 

the year 2010 over Anantapur situated in southeastern India and have found that concentration of 

BC was high in winter, followed by pre-monsoon, post-monsoon and monsoon seasons due to 

varying meteorological conditions and emission sources. AOD is well correlated with BC and 

found to be in the linear relationship with a positive trend during September to October and 

November to December and in other periods there was no trend observed and BC and AOD were 

poorly correlated. Apart from various local and transboundary sources, it was noticed by 

Guttikunda and Gurjar (2012) that meteorology plays a prominent role in the modulation of 

pollution properties over Delhi. Guttikunda and Gurjar (2012) noted that WS and wind direction 

(WD) are the two key variables which modulate the pollution levels over a place which are in turn 

linked to horizontal and vertical T gradients, the height of planetary boundary layer and availability 

of moisture content.  

Sinha et al. (2013) noticed that over a tropical urban station Hyderabad for a study period of April 

2009 to March 2010, AOD, the concentration of BC and PBLH was found to be varying 

significantly with seasons. The mean depth of mixed layer found to be 4 km in the pre-monsoon 

season to 1.5 km in the winter season. The contribution of boundary layer AOD to total columnar 

AOD was found to be high in winter, followed by pre-monsoon, monsoon and post-monsoon 

seasons and BC were found to be contributing to the total aerosol concentration significantly. 

Ramachandran et al. (2013) have noticed that aerosol concentrations exhibit periodicity or cyclic 

behavior in their variations. The periodicity exhibited by aerosol concentrations mainly depends 
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on the anthropogenic and natural sources which are in turn modulated by meteorological 

parameters like RH, WS and WD, and long-range transport. In this study, periodicity existing in 

AOD is explored using continuous wavelet transform. Annual and semi-annual oscillations were 

found to be consistent with the seasonal and annual variations of AOD. A study by Wang et al. 

(2015) over China considering 25 stations to explore the temporal and spatial variation of PM2.5, 

PM10 and PM1 during the study period 2006 to 2014 have noted that the ratio of PM2.5 to PM10 

was found to be 0.6 to 0.9 from north China to south China. PM10 concentrations were found to be 

high in spring season due to dust storm events whereas PM1 and PM2.5 concentrations were found 

to be low in Spring. A negative correlation was noticed between WS and PM concentrations for 

the short term.  

All the above-mentioned studies explained the diurnal and seasonal variations of PM and AOD 

over various regions of India and also globally. It was also noticed from the literature that, PM 

behaves seasonally and are strictly modulated by meteorological conditions. Plots like wind roses 

were found to be useful in analyzing the dominant WS, and wind directions as these meteorological 

parameters play a key role in the advection of pollutants from region to region. Wavelet 

transformation techniques were found to be useful in detecting the cyclic nature associated with 

the pollutants over a region. From the literature review, I have identified that long term analysis of 

PM, meteorology and AOD is absent over Agra and there is no study addressing the impact of 

measures implemented by the Govt. of India and CPCB to protect Taj and people residing over 

Agra. Though Rourkela is popularly known as Steel city of India, literature is scarce in air quality 

studies. The results provided by Kavuri et al. (2013) were found to be insufficient to have a proper 

understanding of meteorology and PM variation over Rourkela.  

1.5.2 Source apportionment of PM 

It was well observed from the literature that pollutants concentration over a region is not only 

enhanced by a local source of pollution but also because of the transboundary sources of pollution. 

Some of the literature which used various source apportionment techniques to identify the sources 

are mentioned in this section. 

Chow et al. (1992) analyzed the source contributions to ambient concentrations of PM10 over the 

San Joaquin Valley of California for a study period of June 1988 to June 1999. Source 

apportionment technique, chemical mass balance (CMB) is considered in this study to identify the 

contribution of individual chemical compounds to the total ambient aerosol mass concentration. 
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The CMB model identified 30-62% of contribution to annual PM10 because of the geological 

material and ammonium nitrate for about 11-17%, vehicular exhaust and incineration contributed 

4-10% of PM10 during the study period. Chan et al. (1999) incorporated both CMB and target 

transformation and factor analysis (TTFA) to identify the contribution of different emission 

sources to PM10 and PM2.5 over Brisbane. Results obtained from CMB and TTFA reconciled well 

with each other and identified sources like soil dust, vehicular dust, sea salt, Ca-rich and Ti-rich, 

and biomass incineration as the major contributors for high levels of PM10 over Brisbane. CMB 

technique can be applied only to studies where the number and chemical features of the sources 

are well known. Therefore, to identify the sources when limited knowledge on chemical species 

available Kavouras et al. (2001) used factor analysis to identify source contributions to PM10 and 

PM2.5 in five urban areas of Chile during 1988 and found satisfactory results. Sea salt and soil dust 

were found to be major contributors for high PM10 over the study areas, and the contribution of 

these natural sources to total PM2.5 was found to be negligible. Anthropogenic activities like 

biomass burning, vehicular exhaust, and industrial emissions were contributing significantly to 

PM2.5.  

Bruno et al. (2001) applied absolute principal component scores (APCS) technique to identify the 

different sources of CO and NOx pollution over Taranto situated in south Italy for a study period 

of 1999. The APCS receptor modeling technique identified urban and extra-urban vehicular 

emissions as the primary source of CO and NOx and industrial emissions as a secondary source of 

pollution. Liu et al. (2003) used multivariate receptor modeling techniques like positive matrix 

factorization (PMF) and potential source contribution function (PSCF) over Potsdam and Stockton 

of New York for the summer time of 2000 and 2001. Multivariate modeling techniques identify 

sources based on an assumption that time taken by the different pollutants emitted from the same 

source will reach the receptor site at the same time. PMF uses accurate error estimates to weight 

the data values and the imposition of positive constraints in the factor computational process. PSCF 

includes the development of conditional probability function (CPF), which can identify potential 

source regions that are responsible for the growth of PM. High concentrations of Sulfur were 

noticed at both the sites using PMF and PSCF analysis and the techniques identified Ohio River 

valley as the potential source by emitting sulfate and nitrate particles.  

Begum et al. (2005) evaluated the performance of PSCF by considering a forest fire episode during 

July 2002 over Quebec. In this study, possible source locations are identified using observational 
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data in conjunction with air mass backward trajectories generated by the National Oceanic and 

Atmospheric Administration (NOAA) Hybrid Single Particle Lagrangian Integrated Trajectories 

(HYSPLIT) trajectory model. The PSCF model correctly identified the source locations and found 

to be similar to the results obtained by Cheng and Lin (2001). The usefulness of HYSPLIT 

trajectories was well explained by Riccio et al. (2007) to identify the role played by meteorology 

on air quality over the urban area of Naples situated in southern Italy. Backward trajectories using 

HYSPLIT were calculated for a study period of 1995-2004 and classified using k-means clustering 

and PCA approaches. O3 and PM10 pollutants were considered, and prevailing meteorological 

conditions are analyzed to explain to which extent the meteorology is associated with pollutants 

variations. The clusters associated with PM10 indicated that dust storms are responsible for high 

concentrations of PM10 and O3 is manipulated due to seasonal variations and peaked in summer. 

In India, receptor modeling techniques were applied by some of the authors like Karar et al. (2006) 

where factor analysis was applied to identify different chemical species contributing to the PM10 

over Kolkata considering a residential site Kasba and industrial site Cossipore during November 

2003 to November 2004. Factor analysis identified four sources like solid waste dumping, 

vehicular exhaust, soil dust and vehicle induced road dust. Dust due to soil resuspension and road 

dust were found to be majorly contributing to the total PM10 over Kasba whereas vehicular exhaust 

and galvanizing and electroplating industries were identified as the major contributors for total 

PM10 over Cossipore.  

Zabkar et al. (2008) used cluster analysis, concentration weighted trajectory (CWT) function and 

number density (ND) to identify the sources of emission over Slovenia during the summer time of 

2003 and 2004 considering pollutant O3. CWT identifies both moderate and principal sources of 

pollution, unlike PSCF. Cluster analysis identified air masses reaching to the study site in 

southwesterly direction are majorly responsible for O3 growth. CWT, in conjunction with ND, 

identified polluted air masses originated from the wider north Mediterranean area as the sources. 

An unexpected source was identified, which is acting as a dominant source was the coastal area 

over North-Adriatic Sea. Kulshrestha et al. (2009) used factor analysis to identify the sources over 

urban and rural areas of Agra during May 2006 to March 2008 and is the first study over Agra to 

emphasize on metal concentration. Factor analysis identified road dust, vehicular exhaust, biomass 

incineration, and industrial activities as the major sources over urban areas whereas dust 

transported by wind, soil dust and construction activities are responsible for PM over rural sites of 
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Agra during the study period. Factor analysis using UNMIX was applied over Kanpur to identify 

the sources of PM1 inside the Indian Institute of Technology Kanpur during the study period of 

July 2008 to May 2009 by Chakraborty and Gupta (2010). The campus recorded with the high 

concentration of PM1 though it is free from industrial activities and associated with low vehicular 

density signifying the transportation of PM1 from distant sources. From the factor analysis, it is 

noticed that nitrate and sulfate ions are contributing to the total PM1 over the study area indicating 

the dominance of conversion of secondary pollutants to particle phase and contributing to the PM1 

concentrations. Lodhi et al. (2013) identified source regions over Delhi using PSCF and CWT to 

understand the long term variations of AOD for the study period of December 2001 to May 2012. 

The advection of pollutants to study site varied with seasons. During winter, pollutants from Indo-

Gangetic plain and north-westerly winds advected lethal concentrations to the study site. In 

summer, arid northwest India and western India transported the pollutants. In the monsoon season, 

low values of AOD recorded due to the south-westerly winds and monsoonal rainfall. In post-

monsoon season, advection was noticed from the north and northwestern India due to biomass 

incineration and also because of the local sources of pollution and burning of crackers during 

festival Diwali.  

A novel approach by Carslaw and Beevers (2013) used bi-variate polar plots for source detection 

and characterization. Bi-variate polar plots in conjunction with cluster analysis use WS and WD 

to characterize the sources. Plots are constructed over two sites: Heathrow airport and Marylebone 

roadside in London considering the pollutants NOx and SO2 respectively. Higher concentrations 

of NOx were identified at low wind speeds, which may be a result of stable atmospheric conditions 

due to low advection at Heathrow site where bi-variate polar plots are plotted as the function of 

WS. At Marylebone site bivariate polar plots are constructed considering the variation SO2 with 

respect to T. The concentration of SO2 was found to be increasing with an increase in T in the 

easterly wind sector. Chimney stacks dispersing the plumes are situated in the easterly direction to 

the study site. As an extension of the study made by Carslaw and Beevers (2013), new receptor 

modeling was developed by Uria-Tellaetxe and Carslaw (2014) to identify and characterize 

different emission sources. CPF and bivariate polar plots are combined to get Conditional bivariate 

plot function (CBPF). CBPF plots are constructed for the study area, Scunthorpe, administrative 

block situated in England by using WS, WD, and variation of pollutants concentration in terms of 

probabilities. The CBPF technique helps to identify two distinct pollution sources in the same wind 
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sector as the concentration varying in the WS intervals changes. Over Indian region, CPF and 

CBPF techniques were used by Tiwari et al. (2017) to analyze the PM10 and PM2.5 over Guwahati, 

situated in the Brahmaputra valley region for a study period of July 2013 to June 2014. CPF, CBPF, 

and bivariate plots are constructed to understand the source contributions that are found to be 

enhancing the PM concentrations over the study area. The CPF, CBPF and bivariate polar plots 

showed that low wind speeds are majorly responsible for the accumulation of PM2.5 over study 

area are attributed to local sources of pollution whereas high PM10 concentrations are because of 

the high wind speeds indicating the significant contribution of dust mainly from south-west Asia. 

A similar study was conducted by Singh et al. (2018) over Dhanbad, the coal capital of India for 

the year 2013 considering BC. CBPF and PSCF analysis are performed over this study area to 

identify different sources of pollution. In pre-monsoon and post-monsoon seasons, biomass 

burning was identified as the major source from the central and northwestern IGP region. In winter, 

local emissions were identified as the major sources of pollution. 

The potential and accuracy of source apportionment techniques like CPF, CBPF, WPSCF 

and WCWT analysis were found to be sound, and these findings can be very useful in identifying 

the various sources with geographic locations. These techniques were employed in the considered 

study areas to identify both local and transboundary sources that are responsible for the 

augmentation of PM over study areas. The results will help to identify transboundary sources, as 

pollutants have a longer lifetime and may come from diverse sources. 

1.5.3 Estimation of surface level PM2.5 using satellite remote sensing 

approaches 

Monitoring PM air quality using satellite remote sensing technique is mainly restrained to relating 

columnar satellite retrievals of AOD with ground-based measurements of PM2.5 mass 

concentrations. Some of the literature using AOD as the parameter to estimate surface level PM2.5 

are discussed in this section. 

Wang and Christopher (2003) explored the relationship between MODIS derived AOD and surface 

level PM2.5 over seven locations of Jefferson County of Alabama during the study period 2002. 

Results indicated a good agreement between satellite-derived AOD and surface level PM2.5 with a 

correlation of 0.7, indicating the presence of aerosols in the well-mixed lower boundary layer. 

Higher values of correlation were found between monthly annual averages of PM2.5 and AOD, and 

good agreement was especially found in the summer months with correlation >0.9. A simple linear 
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regression technique is used for developing a relationship between AOD and PM2.5, and it was 

concluded from this study that MODIS AOD could be a good substitute for measuring PM2.5 at the 

surface level where monitoring stations are sparsely distributed. Liu et al. (2005) estimated ground-

level PM2.5 using satellite remote sensing over the eastern United States using an empirical model 

based on regression during 2001. AOD derived from MISR is used to estimate surface level PM2.5 

using regression, which explained 48% of PM2.5 variability at the surface. Several meteorological 

parameters like PBLH, seasonality, RH, and geographical variables like distance from the coast 

and site location are considered along with MISR AOD to estimate fine PM concentration over 

the study area. The overall correlation during the study period was found to be 0.43-0.48, which 

indicates that the non-linear regression model did not explain a substantial amount of PM2.5 

variability. Authors commented that low correlation values might be due to lack of knowledge on 

chemical, physical and optical properties, which in turn attributed to low correlation values.  

A similar analysis was done by Liu et al. (2006) using the non-linear regression technique but 

compared MISR AOD and MODIS AOD to explain the variability of PM2.5 over St. Louis area for 

the study period of 2003. Meteorological parameters like PBLH, WS and WD, T, and RH along 

with MISR AOD and MODIS AOD are considered in this study. Meteorological parameters are 

considered from the Rapid Update Cycle (RUC) for the considered study area. The MISR and 

MODIS models explained 62% and 51% variability of PM2.5 respectively over the study area, 

indicating the better performance of the MISR AOD model for the study area. Van Donkelaar et 

al. (2006) assessed the concentrations of PM2.5 for the year 2000 and 2001 using AOD derived 

from MODIS and MISR as a part of the U.S. Air quality system (AQS) and Canadian National Air 

pollution surveillance (NAPS). A global chemical transport model is used for estimating the 

relationship between PM2.5 and AOD. The annual mean variation of PM2.5 with a correlation of 

0.69 over the study area depicted a good correlation when compared against the surface level 

measurements when MODIS derived AOD is used in the model. PM2.5 was also estimated from 

AERONET AOD to validate the PM2.5 obtained from the model, which depicted a good agreement 

with a correlation of 0.71. The relative columnar profile of aerosol extinction was found to be the 

dominant parameter in the estimation of PM2.5. Authors have also concluded that satellite remote 

sensing can be a powerful tool to make estimates of PM2.5 globally when coupled with chemical 

transport models, which in turn depends on the remote sensing data products. Gupta et al. (2006) 

using regression analysis derived a relationship between MODIS AOD and 24 hourly 
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concentrations of PM2.5 over 26 stations spread in five different geographical locations of the world 

and found that satellite-derived AOD is an excellent tool for the estimation of surface level PM2.5 

globally. As surface measurements cannot capture the synoptic features like transportation of 

pollutants from one region to the other region due to their inability of large spatial coverage, 

satellite-based remote sensing techniques play a key role in capturing these synoptic features due 

to their advantage of large spatial and temporal coverage. The correlation between PM2.5 and AOD 

was found to be high on cloud-free days, low depth of boundary layer, AOD>0.1 and lower RH.  

Liu et al. (2007) conducted a four-step approach to derive a relationship between surface level 

PM2.5 and MISR derived AOD in eastern and western United States. Firstly, fractional AOD values 

are calculated for each MISR aerosol product of version 17. Secondly, using aerosol transport 

model simulations lower atmospheric proportions of AOD are estimated. Thirdly, regression 

models are developed using the fractional AOD derived at the second step as a major predictor 

variable to estimate surface level PM2.5. Finally, using the regression coefficients obtained in the 

third step, particle size distributions are estimated over eastern and western United States. The 

above-implemented methodology successfully estimated and distinguished between dust and non-

dust particles. Schaap et al. (2009) aimed at experimentally establish an empirical relationship 

between AERONET derived AOD and surface level PM2.5 over the Netherlands. The final relation 

found was PM2.5=124.5 * AOD – 0.34 and is valid during fair weather conditions. This relationship 

was applied to MODIS AOD composite map to validate the results obtained, but the validation 

analysis was found to be limited due to the non-existence of ground-based artefact-free PM2.5 

measurements. Gupta and Christopher (2009) incorporated both satellite-derived AOD and 

meteorological parameters in the multiple linear regression approach to improve the accuracy of 

the estimated PM2.5 for a study period of 2004-2006. A significant improvement of correlation (up 

to three folds) was noticed with the incorporation of meteorological parameters along with the 

AOD. Root mean square error (RMSE) was found to be improving by 20-50% when 

meteorological parameters like T and PBLH were used as the predictor variables.  

Tai et al. (2010) applied a multiple linear regression (MLR) technique to study the correlation 

between total PM2.5 and the meteorological parameters for 11 years from (1998-2008) over the 

United States. The meteorological and PM data were de-trended and de-seasonalised using a 30-

day moving average to focus on variations at the synoptic scale. The MLR technique was able to 

explain 50% variability of PM2.5 over the study area with meteorological variables like T, RH, 
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circulation and precipitation as the important predictor variables. Apart from the estimation of 

PM2.5 at surface level visibility estimation was also performed by Lin et al. (2012) over four 

megacities of China namely Beijing, Shanghai, Guangzhou and Chengdu for the study period of 

2005 to 2009 using regression analysis. Visibility is estimated using meteorological parameters 

and air quality data. The daily visibility was predicted using air quality data like SO2, NO2, and 

PM10 and metrological parameters like T, RH and WS. Results of regression analysis noticed that 

visibility improvement is observed over Beijing due to the reduction in PM10 concentrations. 

Moreover, minimized SO2 concentrations also improved visibility over Guangzhou regions. Chen 

et al. (2013) used a linear regression technique to derive an empirical relation between PM2.5 and 

AOD over Northern Tien-Shen of Central Asia for a study period of July 2008 to June 2009. AOD 

measurements were considered from Sun photometer (Microtops II). The correlation coefficient 

was found to be varying from 0.56 to 0.87, depending on the season. High correlations were 

noticed in the autumn and summer seasons. The results found in this study were found to agree 

with the previous studies conducted over different regions of the world.  

You et al. (2014) explained the usefulness of non-linear regression analysis over Xi’an of China 

during the year 2013, considering both MISR derived AOD and MODIS derived AOD. The major 

findings from this indicate that non-linear regression model used in this study was found to 

performing well for the estimation of surface level PM2.5 by depicting a good correlation of 0.82 

and 0.85 for MODIS AOD and MISR AOD respectively. Ma et al. (2014) used geographically 

weighted regression model to estimate surface level PM2.5 using satellite-derived AOD, 

meteorological parameters like PBLH, WS and RH and land use variables like elevation, 

population and vegetation cover over China for a study period of December 22, 2012 to November 

30, 2013. The findings of this study indicate that AOD in conjunction with meteorology and land 

use variables are yielding a good estimate of surface level PM2.5 with a correlation of 0.64 and 

RMSE of 32.98 µg/m3over China and the results obtained are comparable to the previous studies 

carried across the world.  

Tang et al. (2017) observed trends in temporal and spatial patterns of PM2.5 derived from satellite-

derived AOD products over a study period of 2002-2013 in the north-eastern United States. AOD 

from MODIS, meteorological parameters like T, surface level PBLH and RH are considered from 

North America Regional Reanalysis (NARR), and land use variables like vegetation and 

population are considered to develop a land use regression-based model. The trend analysis results 
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obtained from the land use regression model indicated that there was a decline of PM2.5 emissions 

over the study area, especially in the urban areas and along traffic corridors. 

Over India also satellite remote sensing was used to estimate the surface level PM. Sinha et al. 

(2015) estimated PM2 over Hyderabad situated in southern India using a simple linear regression 

considering both MODIS derived AOD (for a period of 2001-2013) and Microtops-II sun 

photometer measured AOD (July 2009- December 2013).  The correlation was found to be better 

with a value of 0.81 when sun photometer AOD was used. It was noted by authors that there was 

a negative correlation between AOD and PM2 during few days of the study period, which might 

be attributed to aerosols of different origin and characteristics such as dust plumes and 

transboundary pollutants.  

Sreekanth et al. (2017) used publicly available PM2.5 data over five mega-cities of India namely: 

Hyderabad, Chennai, Kolkata, Delhi and Mumbai to assess its relationship with MODIS derived 

AOD and meteorological parameters using regression techniques. The correlation was found to be 

significant, with a value of 0.65 during the study period. Soni et al. (2018) estimated surface level 

PM2.5 over Jaipur using MLR and the regression coefficients obtained over Jaipur are applied to 

another site Jodhpur to estimate the surface level PM2.5. In this study, the MLR model includes 

predictor variables like T, RH, PBLH, WS and MODIS AOD for a study period of April-2010 to 

March-2014. At first, the MLR model is applied to station Jaipur, and the correlation coefficient 

was found to be 0.80. The regression coefficients obtained over Jaipur are then applied to Jodhpur 

for the same study period and the correlation was found to be 0.80 which implies that model 

developed over the particular place can be used to estimate PM2.5 over a nearby region where 

monitoring of PM2.5 is absent. A similar analysis done by Shaw and Gorai (2018) over India 

considering the relationship between PM2.5 and PM10 with MODIS derived AOD and 

meteorological data. The simple linear regression technique resulted in a poor correlation, but there 

was a significant improvement in correlation (up to 0.30 to 0.55 over different regions of India) 

when MLR technique along with AOD and meteorology are considered during the study period. 

From the literature review, it is evident that regression analysis is useful in the estimation 

of surface-level PM2.5 using meteorology and satellite-derived AOD. Over the considered study 

areas estimation of PM2.5 using long term data of meteorology and MODIS AOD are absent. Hence 

the usefulness of regression techniques will be explored in the present study. 
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1.5.4 Prediction of surface level PM using neural network (NN) approaches 

The prediction of PM is a prime concern over different regions of the world due to disastrous 

health effects on different living beings. Air pollution modeling was done by various techniques 

like statistical, physical and dynamical models to predict the PM concentrations in advance. The 

limitations of different statistical and dynamic models and usefulness of artificial neural networks 

(ANN) models noticed from the contributions of various authors in the previous studies over varied 

regions of the globe are discussed in this section. 

ANN technique was implemented by Boznar et al. (1993) for prediction of SO2 for a short term 

period over the Slovenian thermal power plant of Sostanj. The input parameters include wind data, 

air T, actual and historical SO2 concentrations, RH, solar radiation (SR), emissions from the 

thermal power plant and time of the day. All the data sets are normalized before feeding it to the 

neural network. The neural network is trained with the backpropagation algorithm to perform 

predictions. The network architecture includes 37 input neurons, 158 hidden neurons, and one 

output neuron. The learning rate and learning momentum were considered as 0.6 and 0.9, 

respectively, to perform SO2 predictions over the study area. The data sets were divided into 

training and testing data sets with periods of 8-16 February of 1991 and 17-24 February of 1991, 

respectively. The predicted concentrations of SO2 were found to agree with the observed SO2 

concentrations during the study periods and results were found to be very promising.  

Yi and Prybutok (1996) compared neural networks with regression and Auto Regressive Integrated 

Moving Average (ARIMA) models for the predictions of O3 in highly industrialized regions of 

Texas for selected months of 1993-1994. The hourly average concentrations of O3 along with the 

hourly average concentrations of meteorological parameters like T, WS, and WD are considered 

to build the ANN model. The June month of 1993 was used for training the neural network model, 

and the robustness of the model is tested for October months of 1993 and 1994, and the training 

algorithm was a backpropagation algorithm. The data sets used for training and prediction were 

also used for regression and ARIMA models to predict O3 concentrations. The results obtained 

from ANN were found to be superior to the prediction by regression and ARIMA models.  

Mlakar and Boznar (1997) predicted SO2 concentrations and study area was similar to that of 

Boznar et al. (1993) except that neural network architecture included two hidden layers. Other 

network architectures remained the same as that of the previous study conducted in 1993. Authors 

have found promising and encouraging results over the study area and commented that the neural 
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network could capture days with high concentrations of O3. A similar analysis was conducted by 

Mok and Tam (1998) over Macau to predict SO2 concentrations using neural networks for the 

study period October to December of 1995. The number of input neurons is selected as three with 

a lagged version of SO2 concentrations. The SO2 concentrations are lagged by four days, namely 

(t-4), (t-8) and (t-12), where ‘t’ indicates the present time and are provided as the input to the 

model. Authors have found satisfactory prediction but commented that prediction accuracy might 

improve if local metrological conditions are involved in the designing of the model.  

A review article by Gardner and Dorling (1998) explained the usefulness of ANN in the field of 

atmospheric sciences. Authors commented that ANN modeling techniques are useful when a 

theoretical model which includes complex physical and dynamical atmospheric processes. Then 

Gardner and Dorling (1999) used the multi-layer perceptron (MLP) technique to predict NOx and 

NO2 over the urban area of London. Various meteorological parameters like low cloud amount, 

lowest cloud base, visibility, vapor pressure, T and WS are considered to predict hourly 

concentrations of NO2 and NOX over the considered study area. Authors have also compared linear 

regression, regression tree and MLP techniques to predict O3 concentrations over five stations of 

the United Kingdom namely Bristol Centre, Edinburgh Centre, Eskdalemuir Centre, Leeds Centre, 

and Southampton Centre. The MLP model used in this study is trained by scaled conjugate gradient 

algorithm (SCG) using various meteorological parameters like amount of low cloud, low cloud 

base, visibility, T, vapor pressure, WS and WD for a study period of 1993-1996 at 4 monitoring 

stations except Southampton where data of 1994-1997 are considered, and the prediction result 

was found satisfactory. The meteorological data are considered for training the linear regression, 

regression trees and MLP technique and predictions are performed for O3 concentrations. MLP 

technique outperformed among the techniques used and found to be statistically significant and 

was successful in retaining the non-linearities associated with the data (Gardner and Dorling, 

2000).  

Prediction of PM2.5 using neural networks was carried out by Perez et al. (2000) over Santiago of 

Chile. Authors mentioned that high PM2.5 concentrations over Santiago were noticed in the May 

to September months; hence, these months are considered in this study for the years 1994 and 

1995. Three different methods, MLP, regression and persistence methods, are tested in this study 

to predict hourly concentrations of PM2.5. Among the three techniques, MLP outperformed by 

taking into account non-linearities accompanied with the data involved in the predictions. Authors 
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also mentioned that noise reduction is necessary before feeding the data as input to the MLP model 

to improve the prediction accuracy.  

Abdul-Wahab and Al-Alawi (2002) have exclusively used the ANN technique to predict surface 

O3 concentrations in the lower atmosphere of Kuwait during June 1997. Various meteorological 

parameters like WS, T, RH, solar energy along with air quality parameters like suspended dust, 

methane (CH4), non-methane hydrocarbons (NMHC), CO, CO2, NO, NO2 and SO2 are considered 

to predict surface O3 concentrations. Three neural models are developed for achieving different 

objectives like the first neural model was developed to identify the role played by each of the input 

(includes both meteorology and air quality parameters) variable fed to the model in modulating 

the O3 concentrations within 24 hours (includes both day and night). The second neural model was 

developed to emphasize on key factors that regulate the O3 concentrations during a day. The third 

neural network model was developed to predict O3 concentrations during peak hours. From this 

analysis, authors have found that air quality parameters like NO, SO2, NMHC, NO2 are the most 

influencing parameters in the modulation of surface O3 concentrations over the study area. Apart 

from air quality data, the T was found to be controlling the O3 concentrations, and SR has a low 

effect. Authors have concluded that neural network models were found to be very useful not only 

in predicting the surface O3 concentrations but also very useful in identifying the key parameters 

that are responsible for the enhancement of O3 concentrations over the study area. 

 Jiang et al. (2004) for the first time predicted air pollution index (API) over Shanghai of China 

using neural network models. Input predictor variables like date, SP, T, RH, wind at day time and 

night time, precipitation and previous day API were considered to predict next day API. Neural 

network model with a structure of 16:10:6:1 was used to predict API and results were found to be 

very promising. A novel approach was used by Grivas and Chaloulakou (2006) to predict hourly 

concentrations of PM10 over four locations of Athens, Greece, for a study period of 2001 and 2002. 

Authors have incorporated optimization techniques like a genetic algorithm (GA) in conjunction 

with neural networks to perform predictions. GA helps to identify the key input or predictor 

variable that is responsible for the enhancement of prediction accuracy. GA identified 24 hourly 

lagged PM10 concentration, horizontal WS, T and day of the week as the key input parameters that 

improved the PM10 prediction at a significant level by providing promising results. Another 

approach by Sousa et al. (2007) which used principle components as input to the multiple linear 

regression and neural network models to predict O3 concentrations over Oporto of Northern 
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Portugal for a study period of July 2003 and found to be performing well. Authors have compared 

principle component based MLP with original data MLP and have found that principal component-

based MLP is performing better by providing promising results. Diaz-Robles et al. (2008) used the 

hybrid neural network approach to forecast PM10 concentrations over Temuco of Chile for a study 

period of 2001-2006 using meteorology and PM10 data. The Autoregressive Integrated Moving 

Average (ARIMA) in conjunction with ANN is used in the present, and the model output is 

compared to linear techniques like MLR and ARIMA models. Authors have notified that the 

hybrid model is performing better and able to predict peak PM10 concentrations at a promising 

level. Gupta and Christopher (2009) used a neural network approach integrating satellite, 

meteorology, and ground-based measurements to estimate PM2.5 concentrations over the south-

east United States for a study period of 2004-2006. Meteorological variables, along with AOD, 

are provided as input variables to the neural network model to estimate PM2.5 concentrations. The 

results obtained from the neural network depicted good agreement between estimated and 

observed PM2.5 concentrations. 

A novel approach using wavelet-based neural networks was implemented by Shekarrizfard and 

Hadad (2012) to estimate PM10 concentrations based on circular variables. The circular variables 

like WD and non- circular variables like WS and RH are used to predict PM10 concentrations over 

Shiraz metropolitan area situated in Southern Iran for a study period of January 2005 to December 

2005. The wavelet model incorporated in the study is used to reduce the noise associated with the 

data involved due to which prediction accuracies improved greatly. Authors notified that wavelet-

based neural networks models are more robust when compared to traditional neural network 

models and can be used for prediction of air pollutants. Prakash et al. (2011) used Elman’s 

recurrent neural network model in conjunction with wavelet analysis to predict PM2.5 

concentrations over Delhi for a study period of 1 November 2006 to 30 June 2010 considering air 

quality parameters like CO, NO, NO2, SO2, and O3 as the input parameters. Symlet wavelet 

transform technique is used to decompose the air quality input parameters, and the decomposed 

coefficients are provided as input to the recurrent neural network model. The proposed wavelet-

based recurrent neural network model was found to be performing well with good prediction 

accuracy. A similar study was conducted by Siwek and Osowski (2012) for PM10 prediction using 

neural networks in conjunction with wavelet analysis. In this study using wavelet transformation, 

the original time series is decomposed to wavelet coefficients using wavelet decomposition 
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techniques like Daubechies 4 wavelet transform. The decomposed time series signal is given as 

input to the model and predictions are performed, and the original signal is reconstructed using the 

inverse decomposition technique. This approach of prediction using neural networks was found to 

be very useful in improving the prediction accuracy as it does not require complex information 

related to air pollutants and physical and dynamical processes. Studies like Benjamin et al. (2014) 

used neural networks for the prediction of NOx over Ujjain city for a study period of 2009-2013 

using various meteorological variables like T, RH, air velocity, and rainfall. The results obtained 

by authors were found to be satisfactory with a significant statistical performance of mean square 

error with 0.00252 and sum of squares of 0.06289.  

A comparative study performed by Gorai and Mitra (2017) between MLP and recurrent neural 

networks (RNN) over Kolkata city for a study period of 2009-2011 to predict O3 using various 

meteorological parameters like RH, WD, WS and T along with NO2 concentrations. The standard 

backpropagation algorithm was used to train the considered neural models, and the performance 

of the networks are evaluated considering statistical parameters like RMSE, FB, index of 

agreement and correlation coefficient (R). Both the models were found to be performing better 

with the desired accuracy. Kumar et al. (2017) performed prediction of seasonal O3 over Nagpur 

using artificial neural networks (ANN). Three different neural models namely, MLP, radial basis 

function (RBF) and generalized regression neural network (GRNN) are compared, and it has been 

noticed that seasonal MLP model performed well among all the techniques. Park et al. (2018) used 

MLP model trained by back propagation algorithm to predict PM10 concentrations over Seoul 

metropolitan subway stations for specific days of August month of the year 2014 using predictor 

variables like outdoor PM10 concentrations, ventilation rate, and subway frequency. Authors 

commented that results obtained over these subway stations were accurate, with a percentage of 

67-80% over different stations and can be used for the prediction of pollution to provide alerts and 

notices. 

Neural networks were found to be very useful in prediction of PM over any area. From 

literature review we have found that seasonal prediction of PM is absent over India using NN in 

conjunction with wavelet analysis and lag scheme. Hence in the present study wavelet based neural 

networks with lag scheme are tested and performance is evaluated. 
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1.6 Motivation 

The novelty solely lies in consideration of long term analysis of PM over Agra (2011-2015) which 

has been not attempted by any of the previous studies (Kulshrestha et al., 1995; Safai et al., 2008; 

Rajput and Lakhani, 2010; Kulshrestha et al., 2009; Satsangi et al., 2011; Singh et al., 2010; Singh 

and Sharma, 2012; Pachauri et al., 2013; Pipal et al., 2014; Chitranshi et al., 2014; Meena et al., 

2014; Pipal et al., (2014a; 2014b); Bergin et al., 2015). Moreover, there are no studies over Agra 

after the implementation of strict measures by Government of India and CPCB. Hence in the 

present study long term data analysis of PM is performed for a study period of 2011-2015. 

Similarly, over Rourkela also the present study is the first attempt to assess PM concentrations for 

a long time period of 2009-2014. To identify sources, source apportionment techniques like CPF, 

CBPF, WPSCF and WCWT were found to be accurate and their potential in identification of 

sources was proved by many studies like Tiwari et al. (2017), Dimitriou (2015), Han et al. (2007), 

Begum et al. (2005) etc. Hence in the present study source apportionment studies are employed 

using these techniques as these analyses are absent over study areas. In a developing country like 

India, ground-based monitoring stations are sparsely distributed, which makes it difficult for the 

assessment of the quality of air. Due to advancement in satellite remote sensing, it was made 

possible to estimate the PM concentrations over a particular area considering space borne products 

like AOD. But AOD alone cannot provide the estimation of PM2.5 over an area hence metrological 

parameters along with AOD are considered to estimate surface level PM2.5 and these studies were 

found to be very important to provide information about the levels of particulate pollution where 

there is a limitation of ground-based monitoring. Over Agra, prediction of pollutants was 

performed by some of the studies but does not include wavelet analysis and lagged scheme, which 

was found to be novel and profoundly improving the prediction accuracy. Hence in the present 

study, ANN with wavelet, and the lag scheme is incorporated to predict PM. 

1.7 Objectives 

In the present research work, considering the necessity for a long term air quality assessment 

and limitations mentioned in the motivation section following objectives are framed: 

 PM and air quality assessment using in-situ, satellite measurements over Agra and 

Rourkela for the considered period of study. 



Chapter 1                                                                                                          Introduction 

29 

 

 Identification of source regions for transported pollutant concentration over Agra and 

Rourkela using source apportionment techniques. 

 Linear and Non-linear modeling of PM using in-situ, satellite measurements, and 

meteorological products over Agra and Rourkela. 

 Prediction of PM pollution over Agra and Rourkela using ANN approach. 

1.8 Thesis Organization 

The thesis is organized into seven chapters. The present chapter provides the basic introduction 

and literature followed in carrying out the present research work along with motivation and 

proposed objectives. The remainder of the thesis is organized as follows: 

In Chapter 2, study areas and various data sets considered to carry out the particulate pollution 

assessment are explained. 

In Chapter 3, diurnal and seasonal variation of PM along with meteorology and satellite 

measurements like AOD is mentioned. To have an insight over the dominant wind directions that 

are mainly responsible for the enhancement of particulate pollution over considered study areas, 

wind roses and pollution roses are employed. Wavelet analysis is performed to identify the 

periodicity associated with the PM variation. Various indices like AQI and annual exceedance 

factor (AEF) are computed to have an idea about the state of pollution over the considered study 

areas. 

In Chapter 4, source apportionment studies are carried out to identify the source areas. Popular 

source apportionment techniques like PSCF, CWT, CPF and CBPF, are employed to identify 

various source areas that are responsible for the acceleration of particulate pollution over 

considered study areas during the study period. 

In Chapter 5, estimation of surface level PM2.5 was performed by integrating reanalysis, satellite 

and ground-based data using linear and nonlinear regression techniques during the study period. 

The performance of the models is evaluated considering various statistical parameters. 

In Chapter 6, artificial neural network techniques are employed to predict the concentrations of 

PM2.5 and PM10 over considered study areas. Two different network architectures namely, 

multiple layer perceptron neural network (MLPNN) and recurrent neural network (RNN) on a 

seasonal basis including wavelet, and lag scheme are tested, and their evaluation is performed 

based on statistics. 
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In Chapter 7, major conclusions drawn from the research, along with contributions made to the 

thesis are mentioned. Future scope of the present thesis work is also mentioned. 
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Chapter 2 

Study area and Data description 

As mentioned earlier that air pollution is a curb to India, to assess the quality of air in the present 

research work, two study sites, namely: Agra and Rourkela, are considered. The study sites are 

shown in Figure 2.1. The detailed description of the study areas is given in the following sections. 

 
Figure 2.1: Site map of India showing two study areas Agra and Rourkela (Shown as red stars). 

2.1 Description about study area Agra 

Agra (27.12oN, 78.17oE, 169m above MSL) is popularly known as a world heritage site as it is 

associated with world famous Tajmahal, Agra Fort, and Fatehpur Sikri. Agra is situated in the state 

of Uttar Pradesh in the central part of India. Agra is a semi-arid tropical region with hot scorching 

summers and chilled winters. It is a densely populated region with a population density of 433 

persons per square kilometre (Census Report, 2011) and a floating tourist population of about 

23,000 tourists per day (Gupta et al., 2016). River Yamuna which is considered to be one of the 

major river systems of India is flowing through the study site, and Tajmahal is situated on the west 
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bank of river Yamuna (Pipal et al., 2014a). Agra is surrounded by the capital of India, the most 

polluted city, Delhi and national capital region (NCR) in the north-west direction at a spatial 

distance of about 176 km. The Thar desert is situated in the west-northwest direction at a spatial 

distance of 300 km from the study area. Firozabad is situated in the east at a spatial distance of 35 

km and Mathura, Hasrath and Etah are situated in the north-westerly to the northeasterly direction 

to the study site at spatial proximity of 50 km, 45 km, and 72 km respectively. 

 

Figure 2.2: Geographic location of study area Agra including monitoring stations (shown as red stars)  

As the study site is associated with Tajmahal and is attracting the tourists from different parts of 

the country and also from different parts of the world (Gupta et al., 2016) assessment of air quality 

is very important to provide a pleasant experience not only to the tourists but also people residing 

over Agra. Hence, to monitor the quality of air, CPCB has set up four monitoring stations over 

Agra namely Taj (27.175oN, 78.0422oE), Rambagh (27.2054oN, 78.0383oE), Itmad-Ud-Daula 

(27.1992oN, 78.031oE), and Nunhai (27.2023oN, 77.7803oE). The location of the four monitoring 

stations is shown in Figure 2.2.  It has been noticed from previous studies like Safai et al. (2008), 

Kulshrestha et al. (2009), Singh et al. (2012), Saini et al. (2014), Chitranshi et al. (2015) the 

concentrations of PM are very high and crossing the critical values specified by CPCB (CPCB 

Report, 2006). Studies have found that ferrous and non-ferrous metal casting industries, oxidation 
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of lime, pulverization, engineering works, rubber processing are the major industrial activities over 

Agra (Pipal et al., 2014a). Apart from these sources, Agra site is situated in the proximity of 

Firozabad glass industry, which is at a spatial distance of 40 km (Pipal et al., 2014a). The study 

site is also profoundly influenced by the dust storms of the Thar Desert, transported pollutants of 

Delhi and IGP region. It was also noticed that there are many illegal factories operating around the 

Tajmahal and also uncontrolled construction activities in the study area which is contributing to 

the enhancement of air pollution thereby impacting not only the monuments and other historical 

constructions adversely but also affecting every form of life (Mishra and Goyal, 2015). Hence to 

provide a cleaner and healthier environment to every life and material Government of India and 

CPCB have taken up several measures in the past decade, and some of the measures include (CPCB 

Report, 2006): 

I. Natural gas is being used for production processes. 

II. No permission is given to the industries which use coal or coke for production processes 

and existing industries which use coal or coke are being monitored continuously. 

III. Brick industries were shut down within the radius of 20 km of Agra. 

IV. Scrubbers are fitted to the motor vehicles which use diesel, and low sulfur content diesel 

is made a mandate. 

V. Usage of cars is restricted within the radius of 2 km from the monument Tajmahal. 

VI. Electric or battery driven vehicles are used for tourists. 

Keeping these things in view, assessment of air quality over Agra is performed to answer the 

question “Whether the measures implemented by Govt. of India on a local scale are improving air 

quality over Agra city?” To perform this analysis and to investigate the actual reasons behind the 

devastating air quality of Agra, air quality parameters along with the meteorology and satellite 

measurements are considered which will be discussed in detail in the data description section. 

2.2 Description about study area Rourkela 

Rourkela (22.12oN, 84.54oE, and 219 m above MSL) is popularly known as steel city of India 

situated in the state of Odisha, India. Rourkela is one of the most important industrial cities of 

Odisha state and also referred to as the industrial capital of Odisha. It is situated at the heart of a 

rich mineral belt and is surrounded by a range of hills (Kavuri et al., 2013). Brahmani River formed 

by the merging of Koel and Sankh rivers (Figure 2.3), is considered to be one of the 14 major river 
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systems of India and the second largest river of Odisha state, flowing across the city (Gogikar et 

al., 2018). Rourkela is rapidly expanding city with a population of 689, 298 as per census report 

2011. The area of Rourkela is 121.7 square kilometers and is near to coal, iron ore, dolomite and 

limestone belts (Kavuri et al., 2013). Rourkela experiences tropical climate with heavy rains in the 

monsoon season and thunderstorms in pre-monsoon season (Gogikar et al., 2018; Ray et al., 2014). 

Rourkela is associated with India’s biggest steel plant, Rourkela steel plant (RSP) maintained by 

the Steel Authority of India Limited (SAIL). 

 

Figure 2.3: Geographical location of Rourkela site with the monitoring stations Rourkela, Sonaparbat 

and Rajgangpur (shown as blue stars). 

It is the first steel plant in independent India with the German collaboration in the year 1960 with 

an initial capacity of 1 million tonnes. It is expanded to 15.7 million tonnes hot metal, 12.4 million 

tonnes saleable steel, and 14.3 million tonnes crude oil (SAIL Annual Report 2015-2016) (https 

://sail.co.in/rourkela-steel -plant /about-rourkela-steel -plant). As this site is exposed to severe 

industrial pollution state pollution control board set up three monitoring stations namely, industrial 

sites Rourkela (22.2604oN, 84.8536oE) and Rajgangpur (22.1902oN, 84.5799oE) and a residential 

site Sonaparbat (22.1848oN, 84.8750oE). The geographical location of monitoring sites is shown 

in Figure 2.3. Rajgangpur is associated with industries like Orissa cements limited, iron and steel 
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industry etc. Rourkela is associated with steel plant and residential areas. Sonaparbat is a 

residential area with a substantial amount of vegetation (Gogikar et al., 2018). Rourkela is at a 

spatial distance of approximately 300 km from the Bay of Bengal. Due to augmentation in 

industrial pollution over this study site, to analyze the quality of air, air quality parameters along 

with meteorology and satellite-based measurements are considered which will be discussed in 

detail in the following section. 

2.3 Data Description 

To assess the air quality over Agra, air pollutants like RSPM (also called PM2.5) and SPM (also 

called PM10) four monitoring stations: Taj, Rambagh, Itmad-Ud-Daula, and Nunhai are considered 

for a study period of 2011-2015 from the CPCB. Apart from air quality data, meteorological 

parameters like T, RH, PBLH, SP, WS and WD are considered from European Centre for medium 

range weather forecast (ECMWF). Over Agra at monitoring stations considered in the present 

study meteorological measurements like T, RH, WS, WD, PBLH, SP are absent. Hence these 

parameters are considered from ECMWF. To perform the source apportionment studies back 

trajectories are computed using the Global Assimilation Data System (GDAS) data. To estimate 

surface level PM2.5 from remote sensing data sets, AOD is considered from MODIS for the 

considered study areas. MODIS onboard the two satellites namely Terra and Aqua and found to 

be providing AOD retrievals since 2002. MODIS provides AOD values twice a day and due to its 

high spatial resolution of 10 Sq. Km provides a near global coverage under cloud free conditions. 

MODIS retrievals were found to be good over dark vegetated surfaces than bright or heterogeneous 

surfaces (desert and urban regions) (Levy et al., 2010; Gupta et al., 2013). This drawback of 

MODIS was not seen in MISR AOD and retrievals were found to be accurate even over bright 

surfaces by depicting a good correlation with the AERONET AOD. But the limited swath width 

of MISR the global coverage is restricted to once in 7-8 days and this limited coverage will 

introduce a bias in the long-term trend analysis for climate and air quality studies (Gupta et al., 

2013). As the present study involves a longer period for trend analysis MODIS AOD is considered 

over the study areas. The detailed data description with their temporal and spatial resolution, 

including sources are mentioned Table 2.1 for Agra station. 
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Table 2.1: Different data sets considered for monitoring stations Taj, Rambagh, Nunhai, and Itmad-Ud-

Daula during the study period 2011-2015 

Station Parameter 
Temporal  

resolution 

Spatial 

resolution 
source 

 

 

 

Taj 

 

PM2.5, PM10 

 

24 hourly 

in-situ 

(station) 

measurement 

 

CPCB 

T, RH, SP (1000hPa), 

PBLH,  

WS (10m), WD(10m) 

 

3 hourly 

 

0.25o 

 

ECMWF 

AOD 24 hourly 1o https://modis.gsfc.nasa.gov 

Back trajectories 

GDAS 
3 hourly 1o NCEP/NCAR 

 

 

 

Rambagh 

 

PM2.5, PM10 

 

24 hourly 

in-situ 

(station) 

measurement 

 

CPCB 

T, RH, WS (10m), 

WD(10m) SP 

(1000hPa), PBLH 

 

3 hourly 

      

0.25o 
ECMWF 

AOD 24 hourly 1o https://modis.gsfc.nasa.gov 

Nunhai 
 

PM2.5, PM10 

 

24 hourly 

in-situ 

(station) 

measurement 

 

CPCB 

Itmad-

Ud-Daula 

 

PM2.5, PM10 

 

24 hourly 

 

in-situ 

(station) 

measurement 

 

CPCB 

 

Similarly, over Rourkela T and RH measurements are available. As measurements of other 

meteorological parameters like PBLH, SP, WS and WD are absent over these sites, these 

measurements are considered from ECMWF. WS and WD are also collected at Kuarmunda 

(22.3066oN, 84.9975oE) station which is at a spatial distance of 9 km from the study area Rourkela 

from Indian Space Research Organization (ISRO) - Meteorological and Oceanographic Satellite 

Data Archival Centre (MOSDAC) (http://mosdac.gov.in/data). The wind data from MOSDAC are 

limited to wind roses and pollution roses due to the presence of huge data gaps. For the rest of 
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analysis like regression analysis and forecasting of PM, wind data are considered from ECMWF 

reanalysis data. Missing data can also be supplemented by interpolation techniques. The 

interpolation techniques work well when isolated values are missing. However, when time-series 

includes several missing values for several consecutive days, then the interpolation techniques 

dilute the accuracy of the results and analysis (Amritkar and Kumar, 1995). For example, in the 

present study, wind data from Kuarmunda station (nearest station to Rourkela) is considered for 

plotting wind roses, and pollution roses do not possess values for the years 2012 and 2013. Hence 

while performing the analysis, we have omitted these years. As missing two years’ data is a huge 

data gap, and any interpolation method may not be used, as it leads to erroneous results. Re-

analysis data considered in the present study is of resolution 0.25o. As the measurements are absent 

over considered study areas, we have considered the nearest data point to match with the site data. 

Some of the studies like Feng et al. (2015) and Arhami et al. (2013) have matched the 

meteorological data that is nearest to the in-situ data. To perform the source apportionment studies 

back trajectories are computed using the GDAS data. The detailed descriptions of various data sets 

considered in the present research work are shown in Table 2.2, along with their spatial and 

temporal resolutions and sources. 

Comprehensive understanding of aerosols and their various sources of emission are required to 

have an insight into chemistry associated with the atmosphere, the change in the hydrological cycle 

and climate. Different source apportionment techniques like CMB, PMF, PCA and factor analysis 

can be implemented to identify various sources that are responsible for the enhancement of PM 

load over a particular area (Bhuyan et al., 2018). These techniques help in characterizing the 

aerosols emitted from various sources like fossil fuel combustion, vehicular exhaust, biomass 

burning, mineral dust etc. (Kavuri et al., 2015). Multivariate receptor techniques provide both 

source contributions as well as source composition. Though these techniques are efficient in 

identifying sources of emission, they have certain limitations. Comprehensive knowledge of 

sources and a detailed profile of emissions over the receptor site is required to apply CMB 

technique whereas the performance of PMF will be limited when PM is profoundly modulated by 

meteorological conditions (Gianini et al., 2013). The present study utilizes PM concentration data 

recorded at the study sites, and do not possess detailed information about the chemical 

characterizations of aerosols. 
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Table 2.2 Different data sets considered for monitoring stations Rourkela, Sonaparbat for a study period 

of 2009-2014 and for Rajgangpur for a study period of 2013-2014. 

Station Parameter 
Temporal  

resolution 

Spatial 

resolution 
Source 

 

 

 

 

 

Rourkela 

 

PM2.5, PM10 

 

8 hourly 

in-situ 

(station) 

measurement 

SPCB 

 

T, RH 

 

6 hourly 

in-situ 

(station) 

measurement 

SPCB 

SP (1000hPa), PBLH, 

WS (10m), WD(10m) 
3 hourly 0.25o ECMWF 

WS, WD 3 hourly - MOSDAC 

AOD 24 hourly 1o https://modis.gsfc.nasa.gov 

Back trajectories 

GDAS 
3 hourly 1o NCEP/NCAR 

 

 

 

 

Sonaparbat 

 

PM2.5, PM10 
8 hourly 

in-situ 

(station) 

measurement 

SPCB 

 

T, RH 
6 hourly 

in-situ 

(station) 

measurement 

SPCB 

SP (1000hPa), PBLH, 

WS (10m), WD(10m) 

 

3 hourly 
0.25o ECMWF 

AOD 24 hourly 1o https://modis.gsfc.nasa.gov 

 

 

Rajgangpur 

 

PM2.5, PM10 

 

8 hourly 

in-situ 

(station) 

measurement 

SPCB 

 

T, RH 

 

6 hourly 

in-situ 

(station) 

measurement 

SPCB 

Hence, the work uses other source-receptor techniques like CPF, CBPF, WPSCF and WCWT, 

which mainly relies on meteorological data (WS and WD) and ambient PM concentrations, 
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through which the geographical location of the source areas can be identified. Absence of detailed 

PM chemical analysis can be considered as a limitation of the present study. 

2.4 Chapter Summary 

In this chapter, a description of the study areas Agra and Rourkela are given. Various data sets like 

PM2.5, PM10, meteorology, backward trajectory data, and satellite data along with their temporal 

and spatial resolution and sources are mentioned during their respective study periods.
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Chapter 3 

PM and air quality assessment using in-situ, 

satellite measurements over Agra and 

Rourkela 

3.1 Introduction 

PM concentrations vary diurnally and seasonally. Moreover, the concentrations of PM are also 

found to be modulated by meteorology. Hence, in this chapter, the daily and seasonal variation of 

PM are observed over the two study areas: Agra and Rourkela. The variation of meteorological 

parameters is also noticed over these two stations. As winds play a significant role in the dispersion 

and accumulation of pollutants wind roses and pollution roses are plotted. AOD derived from 

MODIS is also considered, and its daily and seasonal average variations are assessed during the 

study period over Agra and Rourkela. Wavelet analysis is incorporated in the study to investigate 

the periodicity and dominant modes associated with the PM. All the inferences obtained from the 

above-mentioned objectives will be explained in detail in the following sections. 

3.2 Methodology adopted for wavelet analysis 

Wavelet transform was found to be useful in extracting periodicities associated with a phenomenon 

(Daubechies, 1992; Mallat, 1989). It is a best technique to identify variations at multiple scales. In 

particular, the continuous Morlet wavelet has best sensitivity and good at identifying long term 

periodicities (Ramachandran et al., 2013). In the present research work, periodicity test is carried 

out considering monthly mean values of RSPM and SPM using continuous wavelet transformation 

technique incorporating Morlet mother wavelet normalized by the standard deviation. Morlet 

wavelet consists of a plane wave modified by Gaussian for a wavelet function 𝜑𝑜(𝛼) depending 

on non-dimensional time parameter α can be given as: 

𝜑𝑜(𝛼) =  𝜋
−1

4 𝑒−𝑗𝜔𝑜𝛼𝑒
−𝛼2

2   
                                                                 (3.1) 



                         PM and air quality assessment using in-situ, 

Chapter 3        satellite measurements over Agra and Rourkela 

 

41 

 

where 𝜔𝑜 is non-dimensional frequency (Torrence and Compo,1998). The wavelet power 

spectrum using Morlet wavelet for a Gaussian white noise normalised by standard deviation has 

been plotted for the present research work. 

3.3 Diurnal variation of meteorological parameters over 

Rourkela 

The diurnal variation of meteorological parameters like T and RH (at a temporal resolution of 6 

hours) from January 2009 to December 2014 for monitoring sites Sonaparbat and Rourkela and 

January 2013 to December 2014 for Rajgangpur site has been analyzed using the station data 

monitored by SPCB (Figure 3.1). Other meteorological parameters like PBLH, SP and WS (at a 

temporal resolution of 24 hours) are considered from ECMWF reanalysis data as these 

measurements are absent over the study site Rourkela. As the grid point which is considered from 

ECMWF is the only nearest point for all the three monitoring stations hence the variation of PBLH, 

WS and SP are shown only for Rourkela (shown in Figure 3.2). From the variation of T, it can be 

noticed that during the study period, Sonaparbat (Figure 3.1(a)) is experiencing a maximum T of 

45 oC and a minimum T of 9 oC. Similarly, maximum RH was found in the post-monsoon season 

with a value of 90 %, and a minimum value of RH was noticed in winter season with a value of 

26.5 %. At monitoring site Rourkela, the maximum T was found to be 44 oC, and the minimum T 

was found to be 9 oC. Similarly, the highest and lowest RH was noticed in pre-monsoon and winter 

seasons with a value of 92 % and 11 % respectively during the study period. At Rajgangpur, the 

highest T was noticed in pre-monsoon season with a value of 41.8 oC, and the lowest T was noticed 

as 12 oC in winter. The RH is maximum with a value of 95.3 % during the post-monsoon season 

and minimum in winter season with a value of 17 % during the study period. The average RH was 

noticed to be always higher than 60 % at Sonaparbat and Rajgangpur stations and greater than 55 

% over Rourkela monitoring station during the period of study. Sonaparbat is associated with 

higher values of RH at lower ranges compare to other two monitoring stations and the reason for 

this may be attributed to the existence of more vegetation in the Sonaparbat region compare to 

Rourkela and Rajgangpur, which are highly industrial. The PBLH was varying from 1990 m to 72 

m during the study period over Rourkela, and average WS was found to be 1.95 m/sec. The average 

SP was 966 hPa at Rourkela. The variation of meteorological parameters indicates that Rourkela 
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experiences tropical climate with heavy rainfall during the study period (Kavuri et al., 2013). The 

meteorological conditions prevailing over an area influence the PM2.5 concentrations to a 

noticeable extent mainly by T, PBLH and RH (Seinfeld and Pandis, 2006). The higher T are 

indicating high levels of the mixed layer over the region, and lower T is responsible for a shallower 

mixed layer. 

 

Figure 3.1: Diurnal variation of T and RH over (a) Sonaparbat (b) Rourkela for a study period of 2009-

2014 (d) Rajgangpur stations for a study period of 2013-2014. 

The shallow mixed layer will cause a high concentration of pollutants compared to a higher mixed 

layer, and therefore winter season is expected to have higher values of PM over the region, 

governed by local meteorological conditions. The Rourkela region also experiences severe 

thunderstorms in the pre-monsoon season (Ray et al., 2014). The high RH (>80 %) during pre-

monsoon season may correspond to the days with thunderstorms and lower humidity during non-

thunderstorm days. In the post-monsoon season, a steep decrease in T is noticed, whereas RH 

remained elevated, which may be attributed to the accumulation of water/moisture during monsoon 

season, and to western disturbances reaching over the study region at times. 
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Figure 3.2: Average daily variation of (a) PBLH, (b) SP and (c) WS over Rourkela for a study period of 

2009-2014. 

Moreover, in the years 2013 and 2014 the shattering effect of severe cyclones namely Phailin (08 

- 14 October 2013) and Hudhud (07 - 14 October 2014) might have attributed to higher values of 

RH during the post-monsoon season (Lakshmi et al., 2017). In the winter season, low T was 

noticed at all the three monitoring stations, but RH remained greater than 60 % during the study 

period. Saraf et al. (2010) stated that existence of local water bodies might be responsible for the 

contribution of more moisture to the lower levels of the atmosphere and are eventually responsible 

for high RH in the winter season. As Brahmani River which is the second largest river of Odisha 

state is flowing across the city, it might be accountable for the accumulation of more moisture in 

the atmosphere during the winter season, as there is more water accumulated in the river basin due 

to the monsoon rainfall. These meteorological variations modulate PM concentrations. These 

meteorological conditions are in turn modulated by varying pressure systems, heating and cooling 

mechanisms and topography (Guttikinda et al., 2014). T inversions prevent further mixing of 
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pollutants, which enhances the precursor’s chemical reactions. As the concentration of these 

precursors increases, it leads to enhanced chemical reactions which result in the conversion of 

gaseous pollutants to particles (Kukkonen et al., 2005). Increased RH enhances the growth of 

secondary particles, which in turn alters the optical properties of the particles, thereby modulating 

the scattering efficiency (Wang and Martin, 2007). Dilution of pollutants occurs during higher 

PBLH, whereas pollutants stagnate during lower PBLH (Yeganeh et al., 2017). 

3.4 Diurnal variation of PM2.5, PM10 and AOD over Rourkela 

The daily 8 hour concentrations of PM2.5, PM10 and ratio of PM2.5/ PM10 are shown in Figure 3.3 

for a study period of January 2009 – December 2014 for Sonaparbat and Rourkela monitoring sites 

and from January 2013 – December 2014 for Rajgangpur site. From Figure 3.3(a) and 3.3(b), it 

can be observed that the concentration of PM2.5 and PM10 were always high during the period of 

study for both industrial sites Rourkela and Rajgangpur and also over the residential site 

Sonaparbat. The dashed horizontal lines in Figure 3.3(a) and 3.3(b) indicates the threshold levels 

of 24 hourly PM2.5 and PM10. The annual average concentrations of PM2.5 and PM10 are shown in 

Table 3.1 for all the three monitoring sites indicate that values of PM are always crossing the 

critical limit throughout study. 

 

Figure 3.3: Average daily variation of (a) PM2.5 (b) PM10 and (c) PM2.5 / PM10 for the three monitoring 

sites Rourkela, Sonaparbat and Rajgangpur stations. The dashed horizontal lines indicate the critical 

values specified by CPCB and vertical dashed lines indicate study period. 

Higher concentrations of PM2.5 and PM10 over the monitoring sites Rajgangpur and Rourkela may 

be because of strong local industrial emissions in the area. Higher concentrations of PM2.5 are also 

observed over Sonaparbat, which is a residential area.   
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Table 3.1: Annual average mass concentrations of PM2.5 and PM10 at Sonaparbat, Rourkela for a study 

period of 2009-2014 and Rajgangpur monitoring site for a study period of 2013-2014. 

  Sonaparbat Rourkela Rajgangpur 

Year 
PM2.5 

(µg/m
3
) 

PM10 

(µg/m
3
) 

PM2.5 

(µg/m
3
) 

PM10 (µg/m
3
) PM2.5 (µg/m

3
) PM10 (µg/m

3
) 

2009 102.15±25.98 207.46±44.70 114.69±21.17 205.49±27.36 - - 

2010 99.98±18.70 211.30±32.08 109.49±19.63 210.65±28.73 - - 

2011 99.10±19.12 211.44±34.32 108.63±15.49 209.50±32.64 - - 

2012 98.38±21.30 212.35±37.08 97.55±16.46 200.21±33.08 - - 

2013 95.25±32.77 181.27±40.30 92.82±14.14 196.93±27.64 99.84±13.49 221.09±14.66 

2014 71.56±11.13 141.99±21.35 88.66±21.01 203.45±49.7 108.43±49.93 221.11±94.15 

 

 

Figure 3.4: Average daily variation of MODIS AOD over Rourkela during the study period of 2009-2014. 

These higher concentrations may be due to the geographic location of Sonaparbat in the proximity 

to an industrial region, i.e. Rourkela, from where transport of pollutants is very likely. The average 

annual values of the ratio are 0.5063±0.7748, 0.5038±0.1167, 0.4760±0.0821 at Sonaparbat, 

Rourkela and Rajgangpur stations, respectively during the study period. Considering PM2.5 and 

PM10 relations, it has been proved that there is a strong correlation between the mass concentration 

of PM2.5 and PM10 (Wilson et al., 2012; Hu et al., 2014; Munir et al., 2017; Xu et al., 2017; Zhao 

et al., 2019). The proportion of PM2.5 in PM10 must be given importance as PM generates from 

various sources, and the value of the ratio provides a piece of valuable information about their 

sources (Chan and Yao, 2008). A higher ratio indicates that there is an irresistible contribution 
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from PM2.5, mainly attributed to anthropogenic emissions and secondary particulates like SO4
2-, 

NH4
+, NO3

-, and other organic particulates. In contrast, lower values of ratio indicate that there is 

a significant contribution from PM10 attributed to dust due to long-range transport (Yue et al., 

2010).   From the PM2.5/PM10 ratios, it can be noticed that over Sonaparbat, PM2.5 concentrations 

are high though it is a residential site when compared to that of highly industrialized sites Rourkela 

and Rajgangpur and is found to be experiencing a severe danger to the people residing over 

Sonaparbat due to lethal air. Similarly, over Rourkela, the average daily variation of AOD is shown 

in Figure 3.4. The values of AOD were found to be high, with an average value of 0.4. It can be 

noticed that values of AOD are high, which may be a consequence of high PM load. When we 

have seen the trend associated with variation of AOD it was noticed that there is a slight increasing 

trend in the variation of AOD during the study period 2009-2014 (shown as a red horizontal line 

in Figure 3.4). 

3.5 Seasonal variation of WS, PM2.5, PM10 and AOD over Rourkela 

3.5.1 Seasonal wind roses and pollution roses over Rourkela 

WS and WD are mainly responsible for transporting and dispersion of pollutants from one region 

to the other region (Guttikunda and Gurjar, 2012). Seasonal variations of surface WS and WD 

using wind roses are shown in Figure 3.5 for different seasons like pre-monsoon, monsoon, post-

monsoon and winter seasons. From seasonal wind roses plot, it can be noticed that during pre-

monsoon (Figure 3.5(a)) and monsoon (Figure 3.5(b)) seasons the dominant WD was southeasterly 

whereas in post-monsoon (Figure 3.5(c)) and winter (Figure 3.5(d)) the dominant WD is 

northwesterly. To further have an insight over the dispersion of pollutants due to WS and WD 

pollution roses are plotted for both PM2.5 and PM10. From the seasonal pollution rose plot for PM2.5 

(Figure 3.6)), in pre-monsoon season (Figure3.6(a)), it can be noticed that the dominant WD 

southeasterly is associated with a concentration range of 80-100 µg/m3 and minor components 

were found with a concentration range of 100-100.67 µg/m3 and 80-100 µg/m3 in easterly and 

northwesterly directions respectively. 
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Figure 3.5: Seasonal wind roses for Rourkela in (a) pre-monsoon (b) monsoon (c) post-monsoon and (d) 

winter. 

In monsoon season (Figure 3.6(b)), the dominant WD southeasterly is majorly associated with the 

PM2.5 concentration ranging from 80-100 µg/m3 and minor components were found in 

northeasterly and easterly directions. During the post-monsoon season (Figure 3.6(c)), the 

dominant WD northwesterly was found to be associated with a concentration of 80-120 µg/m3, 

and fewer components of wind were found in the northerly direction. In the winter season (Figure 

3.6(d)), the northwesterly direction was found to be more polluted with a concentration range of 

80-120 µg/m3. A second dominant WD was southeasterly and the concentration range was found 

to be similar to that of northwesterly. Apart from these, minor components of polluted winds were 

noticed in northeasterly, westerly and easterly directions with a concentration always higher than 

100 µg/m3. A similar analysis is performed for PM10 and results indicate that during pre-monsoon 

season (Figure 3.7(a)), polluted winds with high concentrations of PM10 ranging from 200-250 

µg/m3 were found to be arriving the study site in southeasterly direction and a second prevailing 
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direction was found to be northwesterly with PM10 concentration ranging from 200-250 µg/m3 and 

100-150 µg/m3.  

 
Figure 3.6: Seasonal pollution roses for PM2.5 (a) pre-monsoon (b) monsoon (c) post-monsoon (d) winter. 

In monsoon season (Figure 3.7(b)), the dominant prevailing WD was found to be the southeasterly 

and it is associated with a concentration >100 µg/m3, and a second dominant direction was found 

to be northwesterly with a concentration greater than 200 µg/m3. Fewer components of winds with 

a concentration of PM10 >100 µg/m3 in the northeasterly and northerly direction were also 

observed. During the post-monsoon season (Figure 3.7(c)), the dominant prevailing WD was 

noticed to be northwesterly with a concentration PM10 >200 µg/m3. In the winter season (Figure 

3.7(d)), the dominant WD was found to be northwesterly with a high pollution load of >150 µg/m3. 

The other dominant prevailing direction with a load of 150-200 µg/m3 is the southeasterly. Minor 

components of winds were noticed in the westerly, easterly and northeasterly direction with a PM10 

load of >200 µg/m3 at the study site. Winds blowing from southeasterly are marine and are 
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expected to be cleaner, but as the winds are transiting through the highly populated and polluted 

urban and industrial areas of Odisha like Bhubaneshwar and Angul, they are being polluted by PM 

before arriving the study site. Moreover, components of air masses reaching the study site from 

the northwest and northeast directions are continental and are contaminated as they are transporting 

PM from the highly industrialized regions of Chhattisgarh and Jharkhand. During the post-

monsoon and winter seasons, the dominant prevailing WD was found to be northwest which is 

accountable for regional transport of transboundary pollutants to Rourkela from parts of Madhya 

Pradesh and Chhattisgarh, and these regions are associated with limestone, cement, and other 

industries. These results are further justified in Chapter 4, where various source apportionment 

techniques are used to identify the source regions that are responsible for the augmentation of PM 

load over Rourkela. 

 

 
Figure 3.7: Seasonal pollution roses for PM10 (a) pre-monsoon (b) monsoon (c) post-monsoon (d) winter. 
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3.5.2 Seasonal variation of PM2.5 and PM10 over Rourkela 

The seasonal variation of PM2.5 and PM10 over three monitoring stations Sonaparbat, Rourkela and 

Rajgangpur during the study period are shown in Table 3.2 and 3.3. During the study period, 

seasonal variation of PM2.5, PM10 showed noticeable variations for different seasons. PM2.5 

seasonal variations (Table 3.2) are showing that concentrations are high during pre-monsoon 

season followed by other seasons like winter, post-monsoon and monsoon at Sonaparbat. The 

concentration of PM2.5 over Sonaparbat are less in comparison to highly industrialized sites, but 

these concentrations are crossing the specified permissible levels. The concentration of PM2.5 over 

industrial sites Rourkela and Rajgangpur are very high and are crossing the specified permissible 

levels of PM2.5. Similarly, seasonal variation of PM10 is shown in Table 3.3 for the three monitoring 

sites, and from the values, it can be noticed that the variation of PM10 concentration is similar to 

that of PM2.5 variations. The elevated concentrations of PM2.5 and PM10 during various seasons 

can be interpreted as local emissions along with regional and transported pollutants, along with 

the mutual effect of meteorological conditions. However, the maximum values of PM2.5 and PM10 

were found to be differing for the three sites seasonally. For the sites, Sonaparbat and Rajgangpur, 

the values of PM2.5 and PM10 were higher in the pre-monsoon season followed by winter, post-

monsoon, and monsoon seasons during the period of study whereas, over Rourkela, high 

concentrations of PM2.5 and PM10 were noticed in winter season followed by pre-monsoon, post-

monsoon, and monsoon seasons. 

However, the variation between the concentrations recorded in the pre-monsoon and winter 

seasons is minor at all three sites. The higher load of PM during pre-monsoon season over 

Sonaparbat and Rajgangpur may be because of the mineral dust transported from the southeast and 

northwestern regions along with locally emanated industrial pollution. The pre-monsoon season 

has a distinctive meteorological feature of passing Nor’westers over the study site, which will also 

cause the transportation of pollution along with fluxes of mass, momentum and heat over the study 

regions (Das et al., 2015). During Nor’westers surface winds were found to be either southeasterly 

or northwesterly over the study site in the pre-monsoon season (Das et al., 2014) which is also 

noticed from surface wind observations. The concentration of PM2.5 and PM10 is less during 

monsoon season compared to other seasons, and this less variation of PM may be attributed to the 

monsoonal rainfall during the active spells, but the concentrations remained high and crossing the 
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permissible thresholds. This high concentration of PM in the monsoon season may be due to the 

polluted urban areas as mentioned earlier in the pollution roses analysis. High loads of PM2.5 and 

PM10 during post-monsoon and winter are attributed to 

Table 3.2: Seasonal averages of PM2.5 at Sonaparbat, Rourkela and Rajgangpur stations. 

 

P
M

2
.5
 

S
O

N
A

P
A

R
B

A
T

 Year Pre-monsoon Monsoon Post-monsoon Winter 

2009 112.81±25.20 86.39±19.62 93.62±17.22 118.46±24.65 

2010 100.83±22.37 96.21±15.55 103.37±19.92 103.45±18.26 

2011 102.51±18.43 89.66±13.96 102.17±20.99 106.39±19.85 

2012 103.60±19.58 89.72±24.80 98.85±14.37 104.48±18.07 

2013 123.96±40.13 77.52±16.14 72.66±11.29 97.31±23.09 

2014 76.12±12.46 67.24±7.34 70.18±9.39 73.75±12.77 

R
O

U
R

K
E

L
A

 2009 121.02±20.63 108±18.29 109.11±18.08 121±23.7 

2010 103.87±20.22 106±18.95 100.59±11.82 116.47±19.52 

2011 114.12±15.81 107.87±14.93 102.43±12.14 108.21±16.28 

2012 99.98±12.73 87.82±10.92 113.74±19.33 97.02±14.33 

2013 104.32±100.96 88.69±13.80 96.35±13.16 95.94±15.60 

2014 88.55±11.85 80.65±27.22 98.92±23.82 92.87±9.95 

R
A

J
G

A
N

G
P

U
R

 

 

2013 

 

109.46±14.56 

 

95.50±11.03 

 

94.7±10.14 

 

99.74±12.15 

2014 131.23±25.23 73.14±45.74 117.78±48.59 127.03±35.61 

 

the locally generated pollution along with transboundary pollutants and change in meteorology 

with a variation of seasonal T. The stable atmospheric conditions in conjunction with low WS 

leads to accumulation of pollutants over a place during winter which enhances PM concentration 

(Tiwari et al., 2012). Moreover, as mentioned earlier, the study site is uninterruptedly exposed to 

the contaminated northwesterly winds during the winter season, which is maintaining the high 

concentrations throughout the study period. 

In addition to this to assess the air pollution levels, AQI and AEF have been computed in the 

present study. Seasonal AQI is computed in pre-monsoon, monsoon, post-monsoon and winter 

seasons at Sonaparbat, Rourkela and Rajgangpur stations during the study period. 

 The seasonal AQI is mathematically computed using the formula as follows (Rao and Rao, 1989): 

 AQI =
1

2
[

SPM

CSPM
+

RSPM

CRSPM
] × 100 

                              (3.2) 
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In the above equation, CSPM denotes the threshold value for SPM and CRSPM denotes threshold 

value for RSPM provided by CPCB (CPCB Report, 2009). From the seasonal AQI values (Table 

3.4), it is clear that Rourkela and Sonaparbat are polluted moderately in all the seasons whereas 

Rajgangpur has poor air quality in pre-monsoon, post-monsoon and winter seasons and moderately 

polluted in monsoon season. The presence of industries like cement factory and iron and steel 

industries within the vicinity of Rajgangpur might be responsible for poor quality. 

 
Table 3.3:  Seasonal averages of PM10 at Sonaparbat, Rourkela and Rajgangpur stations. 

 

P
M

1
0
 

S
O

N
A

P
A

R
B

A
T

 Year Pre-monsoon Monsoon Post-monsoon Winter 

2009 223.12±42.40 177.98±33.48 193.74±28.49 240.98±39.16 

2010 214.07±31.89 206.43±28.38 209.64±36.67 220.03±33.39 

2011 216.57±31.84 192.36±22.91 220.39±40.74 226.14±34.10 

2012 224.38±35.11 198.55±46.87 206.25±23.20 220.43±33.01 

2013 210.29±34.30 163.43±32.01 129.41±12.38 192.21±33.75 

2014 162.06±150.67 136.03±11.68 136.80±12.63 150.29±32.13 

R
O

U
R

K
E

L
A

 2009 208.24±30.59 198.52±20.17 199.9±24.3 215.87±30.81 

2010 199.91±25.82 208.35±24.73 199.44±15.09 211.12±28.79 

2011 230.34±34.93 203.39±28.26 195.21±29.95 206.24±28.03 

2012 205.69±30.83 179.39±17.63 239.88±26.38 195.3±29.4 

2013 198.76±24.38 182.52±18.59 204.54±31.17 231.03±191.03 

2014 222.55±38.59 170.83±65.37 216.92±20.10 219.46±15.98 

R
A

J
G

A
N

G

P
U

R
 

 

2013 

 

222.90±13.86 

 

216±16.23 

 

225.41±11.92 

 

224.51±12.00 

2014 292.01±67.99 149.38±95.29 234.66±85.89 237.91±40.15 

 
Table 3.4: Average seasonal AQI values for three stations Rourkela, Sonaparbat for a study period of 

2009-2014, and Rajgangpur for a study period of 2013-2014 in pre-monsoon, monsoon, post-monsoon 

and winter seasons (Yellow color-moderately polluted, brick Color-Poor) 

(http://pib.nic.in/newsite/PrintRelease.aspx?relid=110654). 

 

 

Station Pre-monsoon Monsoon Post-monsoon Winter 

Rourkela 193.2542 175.6775 193.6084 195.7219 

Sonaparbat 190.2204 159.9582 170.6264 187.5544 

Rajgangpur 225.2386 161.5179 203.5575 213.191 
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To further have an insight over the quality of air over Rourkela, AEF is calculated for the study 

period 2009-2014. The AEF can be calculated mathematically as follows (Kumar et al., 2014): 

Annual Excedance Factor (AEF) =  
Annual average of PM2.5 

Annual standard specified for PM2.5
                                      (3.3) 

The AEF values can be categorized into four categories which are as follows:  

(i) if AEF value is greater than 1.5, it indicates critical pollution 

(ii) if AEF value is in between 1 to 1.5, it implies high pollution  

(iii)  if AEF ranges from 0.5 to 1, it indicates moderate pollution  

(iv)  if AEF is under the category of <0.5 then study site is less polluted.  

The AEF values calculated for Rourkela, Sonaparbat and Rajgangpur are shown in Table 3.5. From 

the AEF values it is very clear that all the three monitoring sites are under the category of critical 

pollution, which indicates a severe fine particulate load. Moreover, it can also be noticed that AEF 

values over Sonaparbat are comparable to that of highly industrial sites Rourkela and Rajgangpur. 

This clearly indicates that, though Sonaparbat is not associated with industries like Rourkela and 

Rajgangpur, it is continuously being contaminated by industrial emissions.  

Table 3.5: AEF values for Rourkela, Sonaparbat for a study period of 2009-2014 and Rajgangpur station 

for a study period of 2013-2014. 

 

Year 

AEF for Rourkela AEF for Sonaparbat AEF for Rajgangpur 

PM2.5 PM10 PM2.5 PM10 PM2.5 PM10 

2009 2.86 3.42 2.55 3.45 - - 

2010 2.73 2.36 2.49 3.52 - - 

2011 2.71 3.49 2.47 3.52 - - 

2012 2.43 3.33 2.45 3.53 - - 

2013 2.32 3.28 2.38 3.02 2.49 3.68 

2014 2.21 3.39 1.78 2.43 2.71 3.68 

 

3.5.3 Seasonal variation of AOD over Rourkela and Odisha 

MODIS AOD is used to understand its variation in different seasons over the considered study 

areas. As the study sites are located in Odisha state an attempt has been made to understand the 
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variation of AOD in different seasons in the adjacent regions to have an insight over different 

causes for variations on a large scale. The average seasonal variation of MODIS AOD during pre-

monsoon, monsoon, post-monsoon and winter season is shown in Figure 3.8.  

 

Figure 3.8: Seasonal mean variation of AOD over Odisha state during (a) pre-monsoon, (b) monsoon, (c) 

post-monsoon and (d) winter. (the rectangular box indicates Rourkela and its nearby regions, dotted line 

indicates Sundargarh district). 

The dotted line indicates the Sundargarh district, whereas the rectangular box indicates the 

Rourkela regions with its nearby regions. From the Figure, it can be noticed that during pre-

monsoon season the mean values of AOD are high over the Coastal region and over Rourkela 

region, the average value of AOD was found to be around 0.4. In monsoon season the study site 

Rourkela and Sundargarh district are associated with high values of AOD with region of the Bay 

of Bengal at the higher side of AOD. In post-monsoon season and winter seasons, the average 

values of AOD were found to be around 0.4 to 0.5 over Sundargarh and Rourkela region, whereas 

higher concentrations of AOD were noticed in the coastal regions of Odisha along with the Bay of 

Bengal. High aerosols over the Bay of Bengal region along with coastal regions is noticed during 

the entire study period of 2009-2014. This might be attributed to the sea salt aerosols due to the 

presence of Bay of Bengal. Apart from this anthropogenic emission from regions like 
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Bhubaneshwar which is a rapidly developing urban area might be responsible for high values of 

AOD during the study period. In a study conducted by Manoj et al. (2011) over the Indian region 

and aerosols variation during break spells and active spells of monsoon, it has been noticed that 

during break spells of monsoon high values of AOD are noticed over the eastern and northeastern 

parts of India. The variation of AOD in monsoon in the present research work was found to be 

high and it might be attributed to the break spells of monsoon. In post-monsoon and winter seasons 

over Rourkela region values of AOD are low in comparison to coastal regions of Odisha. The 

AOD values are high over the Bay of Bengal region in the winter season may be attributed 

combined effect of anthropogenic activities as well as sea salt aerosols. Moreover, this region is 

associated with numerous mineral based industries and coal-based thermal power plants, high 

amount of aerosols is emitted in the atmosphere, which eventually leads to high values of AOD. 

3.6 Periodicity test using wavelet analysis over Rourkela 

 
Figure 3.9: Wavelet power spectrum for Rourkela considering PM2.5 using Morlet mother wavelet. The 

95% confidence interval is indicated by black contour. 



                         PM and air quality assessment using in-situ, 

Chapter 3        satellite measurements over Agra and Rourkela 

 

56 

 

 

Figure 3.10: Wavelet power spectrum for Rourkela considering PM10 using Morlet mother wavelet. The 

95% confidence interval is indicated by black contour. 

To further investigate the periodicity associated with the variation of PM2.5 and PM10 wavelet 

analysis using Morlet wavelet function where Gaussian white noise is normalized by the standard 

deviation is shown in Figures 3.9 and 3.10. From the wavelet analysis of PM2.5 (Figure 3.9), it can 

be observed that PM2.5 is associated with semi-annual periodicity during the study period. For PM10 

(Figure 3.10), it can be noticed that variation is associated with both semi-annual and annual 

periodicity during the study period. A strong periodicity of ~14 to 16 months is noticed for a period 

of 49 to 52 months (approximately) for PM2.5 and PM10. Seasonal to annual cycles are also noticed 

here as the study site is always exposed to mineral dust. 

Although the periodicity information in any time series can be identified without using wavelet 

analysis, the time-frequency decomposition by wavelet is giving the advantage to determine where 

the energy transfer happened in time and to find its related frequencies. Moreover, the wavelet 

technique is also useful in analyzing non-stationary signals to obtain frequency/time information 

of signals and to identify the localization of structures in the time and space (Domingues et al., 

2005). Wavelet analysis is also capable of detecting the amplitude of the wavelet coefficients, 

associated with abrupt signal variations or details of higher frequency, which one cannot identify 

merely by checking the time series or even by employing the Fourier analysis (Daubechies, 1992). 
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3.7 Average daily variation of meteorology over Agra 

The average daily variation of T, RH, PBLH, SP and WS are shown in Figure 3.11 for Agra for a 

study period of 2011-2015. The meteorological parameters are considered from ECMWF, and the 

grid point that is considered for analysis is the only nearest point for all the monitoring stations 

involved in the study. The T varied from 42.29 oC to 12.87 oC with an average T of 27.47 oC over 

Agra during the study period 2011-2015 (Figure 3.11(a)). The average RH was found to be 58.31% 

during the study period 2011-2015 over Agra. The average PBLH and SP were found to be 304 m 

and 991 hPa at Agra. The average WS was found to be 3 msec_1 over Agra during the period of 

study. From the variation of meteorological parameters, it can be concluded that Agra experiences 

scorching temperatures in summer and cold winters and is a tropical semi-arid region (Pipal et al., 

2014b). The prominent role played by the meteorological parameters in the modulation of PM load 

is explained in detail for Rourkela site can also be applied here. 

 

Figure 3.11: Average daily variation of meteorological parameters over monitoring site Taj (a) T(Oc) (b) 

RH (%) (c) PBLH(m) (d) SP (Pa) (e) WS (m/sec) for the study period 2011-2015 (X-axis is represented as 

the number of days during the study period). 
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3.8 Average daily variation of PM2.5 and PM10 over Agra 

The average daily variation of PM2.5 and PM10 over the four monitoring stations Taj, Rambagh, 

Nunhai and Itmad for the study period of 2011-2015 is shown in Figure 3.12. From the variation 

of RSPM and SPM, it can be noticed that the concentrations are very high and are crossing the 

thresholds specified by CPCB throughout the study period. The concentration of RSPM and SPM 

shows a noteworthy average daily variation at all the four stations during the study period. 

The highest, lowest and mean concentrations of average daily RSPM were found to be 622 µg/m3, 

11 µg/m3, 164.91 µg/m3 (Taj), 697 µg/m3, 16 µg/m3, and 185.81 µg/m3 (Itmad-ud-Daula), 621 

µg/m3, 21 µg/m3, and 179.38 µg/m3 (Rambagh) and 644 µg/m3, 35 µg/m3,and 245.08 µg/m3 

(Nunhai), respectively for the period of study. 

 

Figure 3.12: Average daily variation of (a) RSPM (µg/m3) (b) SPM (µg/m3) over the monitoring sites Taj, 

Rambagh, Nunhai and Itmad for a study period of 2011-2015. The dashed horizontal line indicates the 

critical values specified by CPCB i.e., 60 µg/m3 for RSPM and 100 µg/m3 for SPM. The X-axis indicates 

the number of days during the study period. 
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The annual average values of PM2.5 and PM10 at four monitoring stations Taj, Rambagh, Nunhai 

and Itmad are shown in Table 3.6 for the study period of 2011-2015. From the annual averages of 

PM2.5 and PM10, it can be noticed that values of PM are very high and crossing the annual average 

values specified by CPCB. The average daily variation of PM2.5 and PM10 is shown in Figure 

3.12(a) and (b), which indicates that the values of PM2.5 and PM10 are very high throughout the 

annual cycle and are crossing the critical levels. The concentration of PM2.5 (Figure 3.12(a)) was 

found to be high during the November and December months, whereas lower values of PM2.5 are 

noticed in August and September. July month will receive more rainfall than September over the 

study area because of two reasons: 1. Rainy conditions will washout the pollutants. 2. During non-

rainy days, in September, the atmosphere is less cloudy in comparison to July, which enables the 

vertical mixing of pollutants. High values of PM2.5 over Agra during November and December 

may be due to various natural and anthropogenic activities. Vehicular exhaust, coal and biomass 

burning and transportation of dust from nearby regions are recognized as prime reasons for 

elevation of the PM over Agra (Pipal et al., 2014a). The average daily variation of PM10 shown in 

Figure 3.12(b). From the Figure, it can be noticed that the concentration of PM10 is high in March 

and November and low in August and September. 

Table 3.6: Annual average concentrations of PM2.5 and PM10 over monitoring sites Taj, Rambagh, Nunhai 

and Itmad during the study period 2011-2015. 

 

Year 

 

Taj 

 

Rambagh 

 

Nunhai 

 

Itmad 

 PM2.5 PM10 PM2.5 PM10 PM2.5 PM10 PM2.5 PM10 

2011 
206.5±9 

2.1 

364.2±10

8.7 
211.1±83 

432.8±12

4.2 

232.2±93.

2 

482.4±14

0.9 
286.6±116 

626.5±17

6.7 

2012 
175.3±1 

20.5 

325.9±16.

8 

175.8±16.

4 

419.5±21.

2 

179.3±12

2.7 

418.4±21

1.4 

227.5±134.

3 

544.1±25

9.5 

2013 
149.9±108

.2 

273.3±15

9.3 

174.4±10

5.3 

329.4±17

0.3 

176.9±12

5 

355.8±20

7.9 

218.07±12

0.6 

451.3±22

2.1 

2014 
128.1±64.

7 

248±118.

7 

171.4±92.

5 

342.3±15

9.7 

186.7±10

7.8 

346.4±15

3.7 

385.4±106.

8 

617.6±17

6.4 

2015 
150.6±74.

3 

272.1±12

6.6 

166.8±74.

5 

335.5±13

8.5 

238.1±16

2.9 

308.2±13

9.1 
211.9±89.4 

450.7±16

3.7 
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Low values of PM10 are noticed in the monsoon months, which is similar to the variation of PM2.5. 

However, in March, the concentrations of PM10 are quite high and are comparable to the values of 

November and December. The higher values of PM10 in March may be attributed to the dust storms 

due to the nearby regions (Dipu et al., 2013). The average daily variation of PM2.5/PM10 is 

considered for a study period of 2011-2015 and is shown in Figure 3.13. From the Figure, it can 

be noticed that the values of the ratio are almost higher than 0.5 during most of the days in an 

annual cycle. Higher values of ratio indicate that study sites are dominated with fine PM when 

compared to coarse mode particles during the study period. As stated earlier in the case of Rourkela 

that high values of the ratio correspond to particulate pollution due to anthropogenic activities and 

low values of the ratio attributed to natural emissions (Sugimoto et al., 2016). It is evident from 

the average daily variation of PM2.5/PM10 that study site is mainly contaminated due to fine PM 

emitted from various anthropogenic activities like biomass incineration, vehicular exhaustion and 

industrial activities being carried out in the proximity to the study sites. 

 

Figure 3.13: Average daily variation of PM2.5/PM10 over the monitoring sites Taj, Rambagh, Nunhai and 

Itmad for a study period of 2011-2015. 
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Figure 3.14: Average daily variation of AOD for the study period 2011-2015 over Agra (X-axis 

represents the number of days during the study period). 

The average daily variation of AOD is shown in Figure 3.14 for Agra. From the average daily 

variation of AOD over Agra during the study period 2011-2015, it can be noticed that values of 

AOD are always >0.5 during most of the days of the study period and the average value of AOD 

over Agra was found to be 0.76. This high value of AOD over Taj is due to high load of PM 

concentrations. The high values of PM over Agra are mainly due to the continuous exposure to 

transboundary pollution from the highly polluted region Delhi which is situated in the north-west 

direction at a spatial distance of ~176 km to the study area. Along with the transboundary sources 

of pollution, local sources like vehicular exhaust are also found to be responsible for the high 

values of PM over Agra, which eventually resulted in high values of AOD. When we have seen 

the trend associated with variation of AOD, it was noticed that there slight increasing trend in the 

variation of AOD during the study period 2011-2015 (shown as a red horizontal line in the Figure 

3.14). 

3.9 Seasonal variation of winds, PM2.5, PM10 and AOD over Agra 

3.9.1 Seasonal wind roses and pollution roses over Agra 

Wind roses have been plotted using ECMWF average daily data sets over Agra during the period 

of study to get a picture of prevailing wind directions and their associated speeds (Figure 3.15). 
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During pre-monsoon season (Figure 3.15(a)), it has been noticed that dominant WD is northwest 

with WS varying in a range of 2 to 4msec-1. Along with the northwesterly component of wind, 

minor components of winds are also noticed in the westerly and northerly direction. In monsoon 

season (Figure 3.15 (b)), strong westerly and easterly components were found to be reaching the 

study site along with a component of wind in the northwesterly direction. In post-monsoon season 

and winter seasons (Figure 3.15(c), (d)), the dominant WD was found to be northwesterly. From 

the wind roses plot, it can be concluded that study site is continuously exposed to northwesterly 

winds which are highly polluted as it is passing through the highly polluted regions of India like 

Delhi which is at a spatial distance of ~176 km from the study area. Hence it is very likely that 

Delhi’s pollution might be transported to Agra and is responsible for the augmentation of PM load 

over Agra. To further improve the understanding of the role played by winds in elevating the 

concentration of the pollutants over Agra, seasonal pollution roses are plotted for a study period 

of 2011-2015 for PM2.5 and PM10 and are shown in Figures 3.16 and 3.17. 

 

Figure 3.15: Seasonal wind roses for Agra in (a) pre-monsoon (b) monsoon (c) post-monsoon and (d) 

winter. 
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From the seasonal pollution rose plot for PM2.5 (Figure 3.16), it can be noticed that during pre-

monsoon (Figure 3.16(a)), post-monsoon (Figure 3.16(c)) and winter (Figure 3.16(d)) seasons the 

dominant WD northwesterly is always associated with the concentration of PM2.5 higher than 120 

µg/m3. Apart from northwesterly direction, fewer components of wind in westerly are also noticed 

associated with higher concentrations of PM2.5. In monsoon season (Figure 3.16(b)), the dominant 

WD westerly is found to be associated with a concentration greater than 120 µg/m3 along with a 

northwesterly component associated with concentrations much higher than the specified threshold 

levels.  

 

 

Figure 3.16: Seasonal pollution roses for PM2.5 over Agra in (a) pre-monsoon (b) monsoon (c) post-

monsoon and (d) winter. 
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Figure 3.17: Seasonal pollution roses for PM10 over Agra in (a) pre-monsoon (b) monsoon (c) post-

monsoon and (d) winter. 

A similar analysis is done for PM10 and is shown in Figure 3.17. From the seasonal pollution roses 

plot, during pre-monsoon (Figure 3.17(a)), post-monsoon (Figure 3.17(c)) and winter (Figure 

3.17(d)), the dominant WD northwesterly is associated with a concentration of PM10 greater than 

240 µg/m3. In monsoon season (Figure 3.17(b)), the strong westerly wind component was found 

to be associated with lethal concentrations of PM10 along with a northwesterly component 

associated with high concentrations of PM10. From the wind roses and seasonal pollution roses 

plot for PM2.5 and PM10, it can be noticed that a strong northwesterly component is always reaching 

the study site in all the seasons associated with lethal concentrations of PM10. From these results, 

it can be understood that highly polluted regions like Delhi situated in the proximity to the study 

area might be responsible for the enhancement of particulate pollution over the study area. To 

further justify these results source apportionment studies are incorporated in Chapter 4 to identify 

the different donors that are responsible for the augmentation of PM load over Agra. 

3.9.2 Seasonal variation of PM2.5 and PM10 over Agra 

Seasonal variation of both PM2.5 and PM10 over Agra showed significant variation in all the seasons 

during the study period. Table 3.7 is showing seasonal values for PM2.5 and PM10 during 2011- 
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Table 3.7: Seasonal average concentrations of PM2.5 and PM10 (in µg/m3) over monitoring sites Taj, 

Rambagh, Nunhai and Itmad during the study period 2011-2015. 

  Year Pre-Monsoon  Monsoon Post-Monsoon Winter 

T
A

J 

R
S

P
M

 

2011 155.15 (± 46.94)  - 198.43 (± 72.92) 230.75 (± 103.21) 

2012 197.53 (± 80.66)  78.09 (± 69.48) 290.38 (± 144.83) 216.07 (± 75.28) 

2013 159.63 (± 39.78)  52.88 (± 41.77) 214.81 (± 125.99) 241.59 (± 98.75) 

2014 129.28 (± 40.22)  94.59 (± 62.12) 154.04 (± 58.26) 181.23 (± 61.24) 

2015 136.95 (± 62.18)  54.28 (± 20.82) 195.95 (± 62.41) 203.91 (± 48.33) 

S
P

M
 

2011 336.26 (± 101.76)  - 379.30 (± 83.72) 370.58 (± 118.38) 

2012 409.64 (± 140.47)  190.20 (± 174.60) 473.84 (± 166.85) 338.41 (± 98.74) 

2013 364.55 (± 102.44)  125.16 (± 83.12) 335.72 (± 176.23) 350.41 (± 123.09) 

2014 274.16 (± 92.79)  216.79 (± 145.25) 283.17 (±97.07) 256.27 (±84.77) 

2015 285.95 (± 149.64)  133.48 (± 48.76) 328.95 (± 87.49) 306.33 (± 74.51) 

R
A

M
B

A
G

H
 

R
S

P
M

 

2011 146.86 (± 47.70)  - 221.67 (± 81.96) 243.40 (± 80.97) 

2012 180.13 (± 50.03)  93.95 (± 74.21) 329.21 (± 173.63) 206.24 (± 81.36) 

2013 200.57 (± 51.74)  76.24 (± 39.48) 259.37 (± 120.89) 221.18 (± 88.16) 

2014 173.67 (± 77.49)  114.67 (± 68.66) 262.82 (± 94.54) 196.61 (± 74.58) 

2015 171.32 (± 80.37)  72.20 (± 32.89) 161.56 (± 43.77) 214.79 (± 44.48) 

S
P

M
 

2011 369.20 (± 101.55)  - 507.13 (± 118.06) 426.69 (± 120.94) 

2012 501.50 (± 117.63)  295.72 (± 228.76) 568.78 (± 184.42) 415.76 (± 140.35) 

2013 460.96 (± 144.68)  183.97 (± 98.74) 400.92 (± 165.41) 351.23 (± 118.97) 

2014 352.29 (± 135.85)  286.92 (± 161.31) 489.36 (± 146.54) 312.96 (± 119.36) 

2015 350.74 (± 168.60)  203.90 (± 116.67) 393.44 (± 105.33) 362.11 (± 85.35) 

IT
M

A
D

 R
S

P
M

 

2011 162.42 (± 44.56)  - 222.17 (± 87.94) 265.37 (± 95.01) 

2012 172.35 (± 95.80)  80.67 (± 59.24) 291.70 (± 143.40) 234.43 (± 80.70) 

2013 199.20 (± 47.86)  60.79 (± 35.86) 255.54 (± 145.72) 260.52 (± 111.61) 

2014 160.21 (± 68.21)  115.07 (± 71.04) 288.00 (± 112.24) 243.57 (± 99.23)  

2015 141.95 (± 61.46)  63.08 (± 15.62) 370.35 (± 202.79) 284.13 (± 106.68) 

S
P

M
 

2011 471.00 (± 94.48)  - 522.33 (± 168.08) 471.07 (± 146.19) 

2012 496.30 (± 186.15)  272.47 (± 196.18) 588.05 (± 196.72) 429.43 (± 121.37) 

2013 416.16 (± 100.25)  177.08 (± 105.96) 509.29 (± 247.83) 427.32 (± 174.62) 

2014 354.35 (± 132.09)  258.37 (± 157.72) 464.27 (± 141.27) 370.39 (± 104.71) 

2015 303.35 (± 173.20)  157.67 (± 52.92) 406.64 (± 102.36) 349.50 (± 65.32) 

N
U

N
H

A
I R

S
P

M
 

2011 203.81 (± 64.09)  - 264.67 (± 132.55) 320.29 (± 114.04) 

2012 247.86 (± 90.63)  116.62 (± 82.21) 368.16 (± 147.42) 286.45 (± 72.06) 

2013 278.13 (± 74.15)  110.25 (± 77.31) - 284.16 (± 108.50) 

2014 -  - 412.00 (±70.57) 358.87 (± 132.37) 

2015 206.00 (± 79.85)  74.50 (± 20.49) 246.78 (± 59.02) 257.67 (± 74.95) 

S
P

M
 

2011 604.91 (± 120.27)  - 605.50 (± 148.79) 641.45 (± 199.86) 

2012 645.31 (± 176.82)  339.80 (± 231.21) 767.32 (± 207.91) 594.40 (± 162.86) 

2013 592.40  (± 151.61)  261.50 (±154.01) - 539.89 (± 193.61) 

2014 -  - 671.33 (± 139.37) 597.50 (± 192.97) 

2015 466.48 (± 181.05)  263.52 (±89.04) 535.00 (± 102.56) 469.09 (± 130.10) 
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2015. For PM2.5, over Taj, concentration in the winter season is highest followed by post-monsoon, 

pre-monsoon, and monsoon season. Only during 2012, post-monsoon concentration (290.38 ± 

144.83 µg/m3) is more than winter concentration (216.07 ± 75.28 µg/m3). Over Rambagh, Itmad 

and Nunhai, winter and post-monsoon concentrations are higher and most of the same order. 

Maximum values are noticed either in the winter season or in the post-monsoon season for these 

monitoring stations. Concentrations of pollutants are lower in monsoon season followed by pre-

monsoon season. High concentrations of PM during post-monsoon and winter seasons may be 

because of the local emissions along with transboundary pollutants and also due to stable 

atmospheric conditions persisting over the study site during the period of study. The presence of 

inversion layers fuels the enhancement of lethal concentrations of PM over the study area. Lower 

PBLH due to low temperatures leads to reduced vertical mixing of pollutants and lower WS help 

the PM to stagnate at a place (Tiwari et al., 2015). As mentioned earlier, coal and biomass burning 

along with local emissions due to anthropogenic activities lead to higher concentrations of PM 

over Agra in post-monsoon and winter seasons (Pipal et al., 2014c). However, the values of SPM 

were found to be high in the post-monsoon season due to crop residual burning and incineration. 

During the winter and pre-monsoon seasons, the concentrations of PM10 are similar in variation, 

and the magnitude of these concentrations are equivalent to the concentrations of winter. It can 

also be observed that the concentration of PM10 is much higher when compared to that of PM2.5 

concentrations in all the seasons. The high concentration of PM10 in pre-monsoon may be due to 

dust storms of the Thar Desert and Middle East winds. During the monsoon season, the 

concentration of SPM was found to be low due to wash out of monsoonal rainfall (Kulshrestha et 

al., 2009). To further have an insight over the state of pollution over Agra, seasonal AQI and AEF 

are computed considering four monitoring sites Taj, Rambagh, Nunhai and Itmad for a study 

period of 2011-2015.  

Table 3.8: Seasonal AQI over monitoring sites Taj, Rambagh, Nunhai and Itmad during the study period 

2011-2015. (brick color indicates poor, yellow color indicates moderately polluted and red color 

indicates very poor). 

Station Pre-monsoon Monsoon Post-monsoon Winter 

Taj 296.813 141.503 355.700 341.127 

Rambagh 348.896 195.702 441.736 367.245 

Nunhai 386.879 170.636 473.182 535.474 

Itmad 343.472 174.787 487.018 419.440 
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Table 3.9: AEF values over monitoring sites Taj, Rambagh, Nunhai and Itmad during the study period 

2011-2015. 

Year AEF for Taj AEF for Rambagh AEF for Nunhai AEF for Itmad 

PM 2.5 PM 10 PM 2.5 PM 10 PM 2.5 PM 10 PM 2.5 PM 10 

2011 5.16 6.07 5.27 7.21 7.16 10.47 5.82 8.04 

2012 4.38 4.58 4.39 6.99 5.68 9.06 4.48 6.97 

2013 3.74 4.55 4.36 5.49 5.45 7.52 4.42 5.93 

2014 3.77 4.58 4.28 5.70 9.63 10.29 4.60 5.77 

2015 3.76 4.53 4.17 5.59 5.29 7.51 5.95 5.13 

 

From the seasonal AQI (Table 3.8) values, it can be noticed that post-monsoon and winter seasons 

over the four monitoring sites are abysmal in terms of air quality. In the monsoon season, the four 

sites are moderately polluted. In pre-monsoon season Rambagh, Nunhai and Itmad are in the state 

of abysmal air quality, and Taj has poor air quality. Similarly, from AEF (Table 3.9) values for 

four sites, it can be noticed that Agra is in a stage of critical pollution. 

3.9.3 Seasonal variation of AOD over Agra 

 

Figure 3.18: Seasonal mean variation of AOD over Uttar Pradesh state during (a) pre-monsoon, (b) 

monsoon, (c) post-monsoon and (d) winter (the rectangular box indicates Agra region). 
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MODIS AOD is used to understand its variation in different seasons over the considered study 

areas. As the study sites are located in Uttar Pradesh states an attempt has been made to understand 

the variation of AOD in different seasons in the adjacent regions to have an insight over different 

causes for variations on a large scale. As the study area is significantly affected by long range 

transport of dust and sea salt aerosols along with anthropogenic sources it is important to see the 

spatial variation of AOD.  

The seasonal mean variation of AOD during various seasons like pre-monsoon, monsoon and post-

monsoon and winter are shown in Figure 3.18 for Uttar Pradesh and Agra region (shown as a 

rectangular box in Figure 3.18). From Figure 3.18, it can be noticed that except pre-monsoon 

season all other seasons are associated with high values of AOD both over Agra region and Uttar 

Pradesh region. As mentioned earlier that during break spells of monsoon, the concentration of 

PM increases, which is eventually leading to high values of AOD over this region. It was also 

noticed that the existence of strong aerosol layer over Arabian sea region is intensifying the break 

spells of monsoon, which in turn leading to high values of AOD (Harikishan et al., 2015). As there 

is a combined effect of both naturally emitted aerosols and anthropogenic aerosols in the monsoon 

season the values of AOD were found to be high in monsoon season (Ramachandran, 2007). In 

post-monsoon season and winter season, various anthropogenic activities like biomass burning 

and crop residue burning lead to high values of AOD. In winter season also the low depth of the 

planetary boundary layer leads to stagnation of PM which in turn leads to increased values of 

AOD. Moreover, the study site is exposed to polluted winds in all the seasons which carry high 

loads of PM to the study site. Hence high values of AOD are recorded over the study site. 

3.10 Periodicity test using wavelet approach over Agra 

To further investigate the spatial variation of periodicity associated with PM2.5 and PM10 wavelet 

approaches are incorporated for a study period of 2011-2015. The wavelet power spectrum using 

Morlet wavelet for a Gaussian white noise normalized by standard deviation has been shown in 

Figure 3.19. A dominance of semiannual and annual periodicity in PM10 and PM2.5 at Taj site 

(Figure 3.19 (a) and (d)) is noticed. Annual periodicity is noticed for the Itmad-Ud-Daula site in 

both PM10 and PM2.5 (Figure 3.19 (b) and (e)), but semi-annual periodicity is only noticed with 

PM2.5. Similarly, at Rambagh site also, both semi-annual and annual periodicities are observed for 

PM10 (Figure 3.19(c)), while PM2.5 is associated with semiannual periodicity (Figure 3.19(f)). 
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Wavelet analysis is not performed for Nunhai due to huge data gaps. However, as the sites are not 

very far from each other in geographical locations, we can expect the existence of semi-annual and 

annual periodicity in SPM and RSPM variations over the region. 

 

 

Figure 3.19: Wavelet power spectrums for Taj [(a) SPM and (d) RSPM], Itmad [(b) SPM and (e) 

RSPM] and Rambagh [(c) SPM and (f) RSPM] using Morlet mother wavelet. Black contour represents 

95% confidence level for white noise. 

A strong periodicity of 8 to 16 months is noticed over three monitoring stations during October, 

2012 to May, 2014 (seasonal as well as annual cycles are noticed). This signifies that study area is 

mainly exposed to long range transport of particulate matter continuously during the study period.  

3.11 Chapter Summary 

In this chapter, an average daily variation of PM2.5 and PM10 concentrations analyzed over 

Agra for a study period of 2011-2015 considering four monitoring stations Taj, Rambagh, Nunhai 

and Itmad and the concentrations were found to be crossing the threshold levels specified by 

CPCB. The variation of meteorological parameters is also considered for the period study, and 

from the variation of meteorological parameters, it can be noticed that Agra experiences very high 

T in summer and low T in winter. The average WS was 3msec-1 in almost all seasons. Similarly, 

over Rourkela, 8 hourly values of PM2.5 and PM10 are considered for the assessment of air quality 

considering three monitoring stations Sonaparbat, Rourkela and Rajgangpur for a study period of 

2009-2014. Over Rourkela also the concentrations of PM2.5 and PM10 are high and crossing the 
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safe levels specified by CPCB. It was also noticed that Sonaparbat, which is a residential site 

loaded with PM concentration equivalent to the PM load of highly industrial sites Rourkela and 

Rajgangpur.  

The average daily variation of AOD over Rourkela and Agra were found to be 0.4 and 0.76 

respectively. High variation of AOD is eventually due to the high PM concentrations over the 

study area. However, the variation of AOD and PM are in disagreement with each other in the 

present study. It has been noticed that there is a slight increase in the AOD over the two considered 

study areas, even though there is a decrease in PM2.5 and PM10 concentrations. The reason might 

be attributed to an increase in tropospheric aerosols above 1km, which is contributing to the high 

AOD values (Manoj et al., 2019). A study by Manoj et al. (2019) discovered that even though 

black carbon aerosols decreased over the Indian region, but there is an increase in the AOD level. 

Authors articulated that increased AOD is mainly due to aerosols in the free troposphere, which 

are contributing to 80% of the increase in AOD rather than surface-level aerosols. However, the 

role played by the planetary boundary layer dynamics in lifting the aerosols to the higher altitudes 

should be examined further. 

The variation of meteorological parameters revealed the fact that Rourkela experiences 

heavy rains in monsoon season and RH was found to be >60% during the study period, and this 

might be due to the presence of local water bodies like Brahmani river. Rourkela also experiences 

severe thunderstorms in pre-monsoon seasons and high RH in this season may correspond to the 

days with the thunderstorm. Calm and week wind speeds were noticed over Rourkela with speed 

not exceeding 1.5msec-1. Seasonal pollution roses for PM2.5 and PM10 over Agra indicates that 

northwesterly direction is highly lethal, and this northwesterly component of wind is reaching to 

the study in all the seasons. Over Rourkela also seasonal pollution roses identified southeasterly 

and northwesterly components of wind as the most polluted winds and the southeasterly 

component which was supposed to be cleaner as it is marine in nature but was found to be 

associated with high concentrations of PM as it was advecting through the highly polluted regions 

of Odisha like Bhubaneshwar and Angul. 

 Seasonal AQI and AEF values indicate that both the stations are in a critical state of 

pollution with moderately polluted air in monsoon season whereas poor to very poor air quality in 

pre-monsoon, post-monsoon and winter seasons respectively. High values of AOD noticed in 



                         PM and air quality assessment using in-situ, 

Chapter 3        satellite measurements over Agra and Rourkela 

 

71 

 

monsoon, post-monsoon and winter seasons over Agra region due to continuous exposure to high 

volumes of PM from nearby polluted regions like Delhi and IGP plain. Over Rourkela also high 

values of AOD are noticed mainly in monsoon and winter season, and this may be attributed to the 

mineral dust emitted from various mineral based industries and coal-based thermal power plants. 

To investigate the periodicity associated with the variation of PM2.5 and PM10 wavelet analysis is 

incorporated using Morlet mother wavelet function and it identified that PM2.5 and PM10 are 

associated with semi-annual and annual periodicity over Taj station of Agra. Over Rourkela, PM2.5 

was found to be associated with semi-annual periodicity whereas PM10 was found to be associated 

with both semi-annual and annual periodicities.  
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Chapter 4 

Identification of source regions for transported 

pollutant concentration using source 

apportionment techniques 

It is well noticed from diurnal and seasonal variation of PM2.5 and PM10 that values are always 

crossing the thresholds specified by CPCB over Rourkela and Agra. It was also observed from 

wind roses and pollution roses that pollutants are mainly transported in different directions to the 

study areas (observed from previous chapter, i.e., Chapter 3). Hence to identify the various sources 

responsible for the augmentation of PM2.5 and PM10 concentrations over study areas, source 

apportionment techniques like CPF, CBPF, PSCF, CWT are incorporated in the present study to 

identify local and transboundary sources. In this chapter, these techniques are implemented with 

their methodologies mentioned in detail along with results and major conclusions. 

4.1 Source apportionment techniques 

4.1.1 Conditional Probability Function (CPF) analysis 

The CPF is a statistical technique which can be used to identify various directions of pollutants 

and aerosol sources (Ashbaugh et al., 1985; Kim et al., 2003). This technique can be applied to 

investigate preferred directions of transport and location of sources over the considered study areas 

in terms of probability of a considered source location contribution from a particular WD 

exceeding a predefined threshold value. CPF mainly focuses on identifying the sources that 

predominantly contribute to the augmentation of PM2.5 and PM10 and can be mathematically 

defined as follows: 

𝐶𝑃𝐹 ∆𝜃 =
𝐼∆𝜃 𝑎𝑡 𝐶≥𝑇

𝐽∆𝜃
                                                                     (4.1) 

where 𝐼∆𝜃 is the number of occurrences from a particular wind sector ∆𝜃 that crosses a predefined 

threshold level T and 𝐽∆𝜃  is the total number of data from the same wind sector.
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4.1.2 Conditional bi-variate probability function (CBPF) analysis 

The CBPF analysis is an extension to the CPF analysis where CPF is combined with a bi-variate 

polar plot with WS as a third variable and is exceptionally helpful in source identification (Uria-

Tellaetxe and Carslaw, 2014; Rai et al., 2016). The CBPF generally deals with the concentration 

of pollutants (PM2.5 and PM10 concentration in the present study), WS (∆𝑣) and WD (∆𝑢). 

Mathematically CBPF is given as follows (equation (4.2)): 

𝐶𝐵𝑃𝐹∆𝑢,∆𝑣 =  
𝑃∆𝑢,∆𝑣/𝐶 ≥ 𝑇

𝑄∆𝑢,∆𝑣
 (4.2) 

The CBPF method incorporates the entire dispersion of the pollutants concentration instead of a 

value exceeding the specified threshold value (Tiwari et al., 2017). Concentrations of PM2.5 and 

PM10 along with the surface WS and WD from ECMWF and MOSDAC are considered to carryout 

CPF and CBPF analysis in the present study using R open-air software package. 

4.1.3 Backward trajectory analysis 

CPF and CBPF methods can only explain the probable WD that is responsible for the augmentation 

of pollutants concentration and cannot identify the location of source areas (Pekney et al., 2006). 

A simple backward trajectory analysis gives an idea of air parcel origin and its transport pathway 

and doesn’t take into account of pollutants concentration. A simple backward trajectory analysis 

can be used to explore meteorological conditions for a long term on a synoptic scale 

(http://www.arl.noaa.gov/ready/hysplit4.html). The techniques like PSCF and CWT takes into 

account trajectories of the air parcel as well as the pollutants concentration and helps in identifying 

geographic location of source areas that are responsible for enhancement of pollutant load over 

receptor region (Fleming et al., 2012). Hence in the present study, two popular source 

apportionment techniques weighted PSCF (WPSCF) and weighted CWT (WCWT) based on 

backward trajectories are implemented. Backward trajectories are computed from the NOAA 

HYSPLIT model, which was proved to be a good model for the calculation of backward 

trajectories (Draxler and Hess, 1998). The computed backward trajectories are used in WPSCF 

and WCWT techniques to identify the various sources that are responsible for the augmentation of 

PM concentrations over the considered study areas. To perform backward trajectory analysis 

HYSPLIT 4 model along with GDAS 1o data, are used (mentioned in Chapter 2 Data description 
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section).  The GDAS 1o data are used instead of 0.5o because of the absence of vertical velocity 

information in the 0.5o data. Moreover, it was also noticed from studies like Su et al. (2015) that 

1o GDAS data are performing better when compared to that of 0.5o data and hence GDAS 1o data 

are incorporated in the present study to perform backward trajectory analysis. The model 

configuration that is employed in the present study to carry out the trajectory analysis is as follows: 

HYSPLIT 4 model June 2015 release version is used in the present study. GDAS 1o data are 

provided as input for the HYSPLIT model and run time is considered as -48 hours with an interval 

of 6 hours each. Trajectory computation method was isentropic, and the model domain is not fixed 

with boundaries and trajectories are permitted to move in a maximum extent in the global domain. 

The altitude of the model is considered as 500 m above the ground layer (AGL), and the model 

top is considered as 1000 m for trajectories computation. 

4.1.3.1 Weighted Potential source contribution function (WPSCF) 

The PSCF combines the observational data of pollutants along with the backward trajectories to 

identify the potential sources areas and the transport pathways that are responsible for the 

enhancement of pollutants concentration over the considered study areas. The PSCF values for a 

given grid cell can be calculated by considering the total number of trajectory endpoints within 

that considered grid cell. The total number of back trajectory endpoints that fall in the particular 

grid cell is indicated as 𝑄𝑖𝑗  and the total number of backward trajectory endpoints that cross the 

specified threshold level (T) is denoted as 𝑃𝑖𝑗 and is mathematically given as follows: 

 

If the value of 𝑄𝑖,𝑗 is small the value of PSCF will be very large which leads to high uncertainty 

and to minimize this effect an empirical weight function is used proposed by Zheng and Hopke 

(1989) and the empirical weight function is given as follows : 

                                                                                           1.0, 48 < 𝑄𝑖,𝑗 

                                                   𝑊𝑄𝑖,𝑗
=                 0.7, 5<  𝑄𝑖,𝑗 ≤ 48                                      (4.4) 

                                                                                 0.4, 2≤ 𝑄𝑖,𝑗≤ 5 

                                                                                  0.2, 2≤ 𝑄𝑖,𝑗 

 

𝑃𝑆𝐶𝐹(𝑖, 𝑗) =  
𝑃𝑖,𝑗

𝑄𝑖,𝑗
                                                                     (4.3) 
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 4.1.3.2 Weighted concentration weighted trajectory (WCWT) 

CWT aims at providing an overview of the source regions that are accountable for the enrichment 

of PM levels over a particular area. CWT for PM2.5 and PM10 over a specific grid cell (i, j) will 

conclude the ability of the source at study region and is mathematically given as (Dimitriou, 2015): 

𝐶𝑊𝑇 (𝑖, 𝑗) =  
∑ 𝐶𝑚 𝑃𝑖𝑗𝑚

𝑛
𝑚=1

∑ 𝑃𝑖𝑗𝑚
𝑛
𝑚=1

                                                                   (4.5) 

                   1.0    (3𝑄𝑎𝑣𝑒 < 𝑄𝑖,𝑗) 

                                                                     0.7     (1.5𝑄𝑎𝑣𝑒 < 𝑄𝑖,𝑗 < 3𝑄𝑎𝑣𝑒                            (4.6) 

      𝑊(𝑖, 𝑗) =            0.4     (𝑄𝑎𝑣𝑒 < 𝑄𝑖,𝑗 < 1.5𝑄𝑖,𝑗 

               0.2     (𝑄𝑖,𝑗 <𝑄𝑎𝑣𝑒) 

CWT (i, j) in equation (4.5) indicates the concentration of the pollutants in the grid cell (i, j), Cm is 

the concentration of mth trajectory at the endpoint, m indicates the number of trajectory endpoints 

in gird (i, j) and Pijm indicates the total number of mth trajectory endpoints in the corresponding (i, 

j) grid. Equation (4.6) denotes the weight function and determines the average number (Qavg) of 

transport pathways of the corresponding grid cells which are connected with at least one trajectory 

point and number (Qij) of pathway points in the grid cell (i, j) relationship. CWT model is applied 

to identify both principle and moderate sources that influence the aerosol pathways which control 

the PM concentration over the study area. 

4.1.4 Comparison of CPF, CBPF, PSCF and CWT 

CPF method is an advanced technique which can investigate the impact of pollutants source in 

relation to the winds at a particular site and has been functional to find source directions (Kim et 

al., 2003). But the limitation of CPF technique is that it cannot distinguish between local and long-

range transport of pollutants over the receptor site (Bae et al., 2011). To overcome the limitation 

of CPF, Uria-Tellaetxe and Carslaw (2014) developed CBPF technique as an extension to the CPF 
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analysis by considering WS as a third variable along the radial axis. So, CBPF couples CPF with 

WS and provides more information about the nature of sources as different sources have different 

WS dependencies. Both CPF and CBPF can provide the directionality of the pollutants source but 

the geographic location cannot be determined (Pekney et al., 2006). PSCF gives the probability of 

location of source with longitude and latitude which cannot be detected by CPF and CBPF. The 

PSCF tool is somewhat comparable to that of CPF but PSCF gives the probability of source 

location utilizing backward trajectories and ambient concentrations of pollutants. But PSCF also 

have a limitation that grid cells can be assigned to same PSCF value when concentration of the 

pollutants is equal to or slightly higher than the threshold value. This disables the detection of 

moderate sources that are responsible for lethal concentrations over receptor site. This limitation 

can be overcome by CWT analysis where it is possible to identify both principle and moderate 

sources. CWT yields a concentration for each grid cell considering the trajectory end points 

crossing the threshold in each grid to the total number of trajectory points in the grid. This method 

gives clear information about the moderate sources thereby solving the smearing of source 

locations in PSCF (Dimitriou, 2015). 

In general, secondary aerosols formed from the primary pollutants due to a combined 

process of physical and chemical reactions. Prediction of these secondary PMs is challenging as 

these concentrations are also affected by long-range transport and strictly modulated by 

meteorological parameters like T and RH. In the present research work, the study area Agra, 

situated in the IGP region, and one of the polluted city in northern India, was also found to be 

affected by secondary aerosols. Various studies over Agra discuss the devastation of air quality by 

both primary and secondary sources. In a survey conducted over Agra, Pipal et al. (2014c) noticed 

that secondary organic aerosol (SOA) was 42% higher over Agra when compared to Delhi during 

2011-2012 and its contribution in PM2.5 was 32% over Agra. In contrast, over Delhi, it was noticed 

to be 12%.  

Another study by Villalabos et al. (2015) also found that Agra suffers from a pollution load 

emitted by both primary sources and secondary sources and it was notified that secondary organic 

aerosols are significant contributors of organic carbon in winter season during the study period 

2011-2012. In a recent study by Agarwal et al. (2019) water-soluble inorganic ions like SO4
2-, 

NO3
-, NH4

+ are mainly formed due to a combined effect both biomass burning, secondary aerosols, 

coal combustion and soil dust. Similarly, over Rourkela also, there is a combined effect of primary 
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pollutants sources, and secondary sources are noticed from the study of Kavuri et al. (2015), which 

describe that water-soluble inorganic ions exist over Rourkela. However, a clear description of PM 

load from various primary and secondary aerosol sources is not available from the literature, and 

not possible to identify in the present thesis also. In the present study, assessment and identification 

of source areas mainly relied on ambient concentrations of PM2.5 and PM10 and prevailing 

meteorology. Aerosol chemistry is not taken in to account for both stations which can be 

considered in the near future to have a detailed insight over sources and their proportions. Hence 

in the present study, we have incorporated, and CPF, CBPF, WSPCF and WCWT and their 

corresponding results are explained in the following sections. 

4.2 Source apportionment studies over Rourkela 

4.2.1 CPF and CBPF analysis over Rourkela 

To identify maximum probable wind sectors that are responsible for enhanced PM2.5 and PM10 

values over Rourkela CPF analysis is incorporated. CPF analysis for PM2.5 and PM10 in different 

seasons like pre-monsoon, monsoon, post-monsoon and winter seasons are shown in Figures 4.1 

and 4.2 at 75th percentile. From the Figures 4.1(a) and 4.2(a), it can be noticed that during pre-

monsoon the east, south-east, west and northwest wind sectors were found to be enhancing PM 

with a probability of 1 over Rourkela monitoring site. In the monsoon season (Figures 4.1(b) and 

4.2(b)), north, northwest, south, southeast and southwest wind sectors were found to be 

contributing for PM2.5, whereas for PM10, northwest, northeast and southeast wind sectors are 

contributing. In the post-monsoon season (Figures 4.1(c) and 4.2(c)), sources of PM situated in the 

wind sectors such as northeast, north, southeast, south, northwest, and southwest were responsible 

for the augmentation of PM pollution. Sources located in northwest, southeast and northeast wind 

sectors were found to be accountable in the enrichment of particulate pollution over Rourkela in 

the winter season (Figures 4.1(d), 4.2(7d)), 
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Figure 4.1: Seasonal CPF plot for PM2.5 in µg/m3 at 75th percentile in (a) pre-monsoon (b) monsoon (c) 

post-monsoon (d) winter seasons respectively during the study period 2009-2014. 

The results obtained from pollution rose plot (Chapter 3) can be justified by the CPF results and 

are implicating the prominent role played by the WD in augmentation of PM2.5 and PM10 

concentrations over Rourkela. As an extension to the CPF analysis, CBPF analysis is incorporated 

using WS as the third variable in the bi-variate polar plots (Uria-Tellaetxe and Carslaw, 2014; Rai 

et al., 2016). In the present research work, two percentile quartiles, 10– 50% and 50–100% are 

used, and the probability values for CBPF are shown as colored scales in Figures 4.3 and 4.4. 
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Figure 4.2: Seasonal CPF plot for PM10 at 75th percentile in (a) pre-monsoon (b) monsoon (c) post-

monsoon (d) winter seasons respectively during the study period 2009-2014. 

The CBPF analysis for PM2.5 is shown in Figure 4.3 for different seasons like pre-monsoon, 

monsoon, post-monsoon and winter seasons (Figure 4.3a, c, e, g with a percentile range of 10–50 

%, and Figure 4.3b, d, f, h with a percentile range of 50–100 %), respectively. In the pre-monsoon 

season, a reliable source is noticed in the southeast direction in both the percentile ranges i.e., 10-

50 % and 50-100 % where wind speeds were not exceeding 0.5 ms-1 indicating the augmentation 



Chapter 4                         Identification of source regions for transported pollutant concentration 

using source apportionment techniques 

80 

 

of PM2.5 due to local sources existing in the proximity of Rourkela. In the monsoon season (Figure 

4.3c, d), 10–50 % quartile WS did not exceed 1ms-1 and sources were found to be existing mainly 

in the southeast direction whereas, in 50-100 % quartile wind speeds were found to be in a range 

of 0.5 ms-1 to 2 ms-1 and were found to be existing in the north-west and north-east direction. In 

the post-monsoon season, in 10-50 % quartile sources of PM2.5 were noticed in the south-east 

direction where the WS was notified as 2 ms-1 (Figure 4.3e) and northwest direction was found to 

be associated with the high probability of PM2.5 sources when 50-100 % quartile with WS as 1.5 

ms-1. In the winter season also, for 10–50 % and 50–100 % quartiles (Figures 4.3g, h) sources 

situated in the northeast and southeast were found to be dominating and wind speeds were not 

exceeding 1 ms-1. 

From CBPF analysis for PM2.5, it can be concluded that sources existing in the northwest and 

southeast directions were found to be dominating in all the seasons contributing high loads of fine 

PM. Moreover, it was also noticed that wind speeds did not go beyond 2 ms−1 in all the seasons, 

thereby indicating the presence of sources within the proximity of the study area. A similar analysis 

is performed for PM10 to distinguish sources in different seasons using the CBPF technique shown 

in Figure 4.4 and is interpreted as Figure 4.3. The highest probability of wind sectors that are 

responsible for the augmentation of PM2.5 loads like northwest and southeast directions also found 

to be responsible for the enrichment of PM10 over Rourkela and wind speeds were found to very 

low with a value of <1.5 ms-1 in all the seasons. This indicates that the accumulation of pollutants 

is mainly due to local sources of emission. In a study conducted by Kavuri et al. (2015) over 

Rourkela, it was noticed that the highest contribution to particulate pollution is mainly due to steel 

production in all the seasons. Apart from steel production, other local sources like soil dust, paved 

road dust also contributed significantly during all the seasons (Kavuri et al., 2015). Construction 

activities, cement kiln situated in the proximity of study area were found to be contributing 

significantly during pre-monsoon season. In the winter season, solid waste burning, wood 

combustion, and diesel exhaust are noticed as sources that are responsible for the enrichment of 

PM over the study area (Kavuri et al., 2015). Sources such as National Aluminium Company 

(NALCO), Mahanadi Coal Fields (MCL), National Thermal Power Corporation (NTPC) and 

Talcher Thermal Power Station (TTPS) are situated in the southeast wind sector to Rourkela. 
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Figure 4.3: Seasonal CBPF plot for PM2.5 with two percentile quartiles: 10-50% ((a), (c), (e), (g)) and 

50-100% ((b), (d), (f), (h)) in (a), (b) pre-monsoon (c), (d) monsoon (e), (f) post-monsoon (g), (h) winter 

seasons respectively during the study period 2009-2014 
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Figure 4.4: Seasonal CBPF plot for PM10 with two percentile quartiles: 10-50% ((a), (c), (e), (g)) and 50-

100% ((b), (d), (f), (h)) in (a), (b) pre-monsoon (c), (d) monsoon (e), (f) post-monsoon (g), (h) winter 

seasons respectively during the study period 2009-2014. 
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Talcher coal area is renowned as Asia’s leading coal field (https: //angul.nic.in/economy). In the 

northwest direction, industries such as Jindal Steel and Power Limited (JSPL), ACC Rio and Tinto 

PVT Limited, which are mineral-based industries, are located and are identified as sources that are 

responsible for the enrichment of PM.  

(http://www.samataindia.org.in/mici/attachments/article/42/Jashpur,%20Chattisgarh.pdf). 

4.2.2 Identification of sources using WPSCF analysis 

Apart from the major local source of pollution (e.g. SAIL and other industrial sites) which are 

around the study sites, transported pollution may also be responsible for increasing the pollution 

levels over Rourkela. We have tried to identify the potential source areas (by the source-receptor 

modeling) with their industrial and other pollutant source information. WPSCF analysis for 48 

hours with backward trajectories is used in conjunction with in-situ data to find the potential 

sources contributing to elevating the PM2.5 and PM10 over Rourkela (Figure 4.5 and Figure 4.6). 

Based on the value of WPSCF, grid cells are color coded, and the same color code is used for all 

the seasons for a better comparison. It is visible that Sundargarh district (locally generated 

pollution) emerges out as the primary contributor to pollution concentration over the study area. 

The pollution criteria are considered as 60µg/m3 and 100µg/m3 for PM2.5 and PM10 respectively 

to carry out WPSCF analysis. Detailed analysis for PM2.5 and PM10 is performed at a district level 

identification, however, identified some key regions from where transported pollutants are 

reaching the study area.  

 For PM2.5, during pre-monsoon season (Figure 4.5(a)), major pollution is from local 

emissions in Sundargarh district. Transported emissions from Simdega district (spatial distance 

~54.50 km) of Jharkhand in northwest, Raigarh district (spatial distance ~156 km) of Chhattisgarh, 

Jharsuguda (spatial distance ~95.5 km) and Sambalpur (spatial distance ~126 km) districts of 

Odisha in southwest are also contributing to PM2.5 concentrations and can be treated as potential 

source regions. These areas are having mining activities associated with mineral explorations. Coal 

is the major source of mineral available in Sundargarh, Jharsuguda, and Sambalpur (MSME Report 

Jharsuguda, 2012; MSME Report Sambalpur, 2012; and MSME Report Sundargarh, 2012). Apart 

from coal, other valuable minerals like iron ore, bauxite, clay, dolomite, quartzite, graphite, lead 

are also available in these districts. 
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Figure 4.5: Seasonal WPSCF analysis for -48 hours at Rourkela site for PM25 in (a) pre-monsoon (b) 

monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2009-2014. 

Raigarh is a major source of minerals like coal, Quartzite, limestone and Dolomite and its 

associated industries (MSME Report Raigarh, 2012). Hence, most of the mineral industries are 

developed in these areas because of the abundant availability of raw material. As coal burning is 

the major source for power generation in many of the industries, these coal-powered plants 

contribute PM in a significant level to the atmosphere, thereby increasing the pollution 

concentration over Rourkela and nearby regions. During the monsoon (Figure 4.5(b)), local 

emissions in Sundargarh district have additional elongated source area towards the southwest 

direction, i.e. Jharsuguda and Sambalpur districts of Odisha in the southwest and West Singhbhum 

(spatial distance ~ 62 km) of Jharkhand in the northeast direction. West Singhbhum is rich in 

minerals like iron ore and limestone and is associated with steel industries (MSME Report 

Singhbhum, 2012). However, the horizontal extent of potential source areas is horizontally 

widened during monsoon, but the concentrations are less due to wash-out of PM2.5 with rainfall. 

From Figure 4.5c, it can be noticed that Simdega, and Gumla (spatial distance ~111 km) of 

Jharkhand in the northwest direction, Raigarh in the southwest, Jashpur (spatial distance ~119 km) 
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in the northwest of Rourkela, Sambalpur, and Jharsuguda of Odisha are identified to be potential 

areas during post- monsoon. Gumla is associated with bauxite mines, and Jashpur is rich in 

minerals like quartz, stone, clay etc. (MSME Report Gumla, 2012). During the winter season 

(Figure 4.5(d)), Sundargarh, Sambalpur and Deogarh (spatial distance ~79.5 km) are the potential 

sources which are responsible for the elevated pollution levels at the receptor site. Deogarh is 

significant in mineral resources like black sand, graphite and granite traps (MSME Report 

Deogarh, 2012). The potential source regions are less spread in winter compared to other seasons. 

This might be attributed to the atmospheric conditions like calm winds, low temperatures, and low 

PBLH, and from the -48 hour WPSCF analysis it can be inferred that during winter, pollution is 

mainly because of the local sources. For PM10, WPSCF analysis during pre-monsoon (Figure 

4.6(a)), identified Simdega of Jharkhand in the northwest, Raipur (spatial distance ~349 km) in the 

west-south-west and Jashpur in the northeast of Chhattisgarh, Sundargarh, Jharsuguda, and 

Sambalpur of Odisha as the potential source areas.  

During the monsoon season (Figure 4.6(b)), Jashpur district of Chhattisgarh, Sambalpur, 

Jharsuguda, and Sundargarh districts of Odisha are identified as the principal source regions. 

Sundargarh, Jharsuguda and Sambalpur districts of Odisha, Simdega, West Singhbhum, Gumla, 

Ranchi (spatial distance ~129 km), and Khunti (spatial distance ~94 km) districts of Jharkhand are 

identified as the principal source areas of PM10 during the post-monsoon season (Figure 4.6(c)). 

During winter (Figure 4.6(d)), Jashpur and Surguja (spatial distance ~190 km) districts of 

Chhattisgarh, Sundargarh, Jharsuguda, and Sambalpur districts of Odisha, Simdega, Gumla, 

Khunti, Latehara (spatial distance 175 km), and Garhwa (spatial distance ~240 km) districts of 

Chhattisgarh are the significant source regions. Ranchi has significant coal, limestone, fireclay, 

china clay, granite, stone and sand deposits and its associated industries. Jashpur has large deposits 

of quartz and minor deposits of stone, sand clay, muram and sand and is associated various 

industries like agro-based industries, textile industries, paper and mineral based industries (MSME 

Report Jashpuranagar, 2012; MSME Report Palamu, 2012). Stone and brick clay deposits are also 

found in Khunti (MSME Report Khunti, 2012; MSME Report Ranchi, 2012). Surguja and 

Latehara (MSME Report Surguja, 2012, and MSME Report Latehara, 2012) are endowed with 

mineral resources like coal and bauxite. Garhwa (MSME Report Garhwa, 2012) is rich in mineral 

resources like limestone and dolomite. As these potential areas are rich in mineral resources, 
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especially coal, many small, medium and large scale industries are established which are 

responsible for the mistreatment of air in and around the downwind receptor site. 

 

 

Figure 4.6: Seasonal WPSCF analysis for -48 hours at Rourkela site for PM10 in (a) pre-monsoon (b) 

monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2009-2014. 

4.2.3 Identification of sources using WCWT analysis 

In the present research work, WCWT is used to determine the importance of both principal and 

moderate sources of the measured PM2.5 and PM10 concentrations at the monitoring site, Rourkela. 

The pollution criterion adopted during WPSCF analysis is also adopted for performing WCWT 

analysis to identify the sources. Two days backward (− 48 h) WCWT analysis for the four seasons 

namely, pre-monsoon, monsoon, post-monsoon and winter, was performed to identify the source 

regions and is shown in Figures 4.7 and 4.8. For PM2.5 in pre-monsoon season (Figure 4.7 (a)), the 

WCWT analysis identified districts of Odisha like Sundargarh, Sambalpur and Jharsuguda, 

Jashpur of Chhattisgarh and Simdega of Jharkhand as potential source regions for the enhancement 

of PM2.5 over Rourkela. 
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Figure 4.7: Seasonal WCWT analysis for -48 hours at Rourkela site for PM2.5 in (a) pre-monsoon (b) 

monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2009-2014. 

During the monsoon season (Figure 4.7(b)), regions of Odisha like Sundargarh, Jharsuguda, 

Sambalpur and Deogarh are identified as principal source regions that are enhancing the PM2.5 

concentrations over Rourkela. In post-monsoon season (Figure 4.7(c)), Jashpur district of 

northeastern Chhattisgarh, Sambalpur, Jharsuguda and Sundargarh districts of Odisha and districts 

of Jharkhand like Simdega, Gumla and Ranchi are identified as the principal source regions. In 

winter season (Figure 4.7(d)), Sundargarh and Deogarh districts of Odisha, Jashpur district of 

Chhattisgarh, and Simdega, Gumla and Lohardaga districts of Jharkhand are identified as the 

principal source regions. Lohardaga is associated with bauxite resources (MSME Report 

Lohardaga, 2012). Similarly, seasonal WCWT analysis for PM10 in the pre-monsoon season 

identified (Figure 4.8(a)) Sundargarh and Sambalpur districts of Odisha and Jashpur district of 

Chhattisgarh as the principal source areas. In monsoon season (Figure 4.8(b)), source regions like 

Singrauli, Balaghat and Sidhi districts of Madhya Pradesh, Maharashtra state regions like Gondia, 

Bhandara, Chandrapur and Nagpur along with north Chhattisgarh, Simdega, Khunti, Ranchi, 

Gumla, West Singhbhum and Lohardaga of Jharkhand are identified as principal source regions. 
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Figure 4.8: Seasonal WCWT analysis for -48 hours at Rourkela site for PM10 in (a) pre-monsoon (b) 

monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2009-2014. 

Apart from these sources, regions of Odisha like Sambalpur, Jharsuguda, Sundargarh, Deogarh, 

Barjpada, Bargarh, Kendujhargarh, Sonapur, Mohpara, Bhawanipatna, Balangir, and Angul are 

also identified as principal sources during monsoon season using WCWT analysis. Singrauli is 

associated with large-scale cement industry in the northwest direction to the receptor site, 

Rourkela. Balaghat in the southwest direction to Rourkela has various minerals such as copper ore, 

manganese ore and stone and its associated industries. Sidhi lies in the northwest direction and is 

rich in limestone and bauxite mineral resources and associated with a large-scale cement industry 

(MSME Report Singrauli, 2016; MSME Report Balaghat, 2012; MSME Report Sidhi, 2012). 

Gondia, Bhandara, Nagpur and Chandrapur are situated in the southwest direction to study site, 

Rourkela. Gondia is associated with minerals such as iron ore and quartz. Bhandara is rich in 

manganese ore, kyanite, and quartz (MSME Report Gondia, 2012). Nagpur is associated with coal 

mines, manganese ore, iron ore, clay, copper ore, dolomite, limestone, and chromites (MSME 

Report Nagpur, 2012). 

Chandrapur is also associated with coal mines, limestone, and iron resources (MSME Report 

Chandrapur, 2012). Chandrapur is associated with India’s biggest coal based thermal power 
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station. Apart from the thermal power plant, it is also associated with cement industries, which are 

responsible for transporting PM from source locations to Rourkela. In post-monsoon season 

(Figure 4.8(c)), Sundargarh, Sambalpur and Jharsuguda districts of Odisha and Simdega, Khunti 

and Gumla districts of Jharkhand are identified as the source regions that are responsible for the 

enhancement of pollutants over Rourkela. Similarly, in the winter season (Figure 4.8(d)), parts of 

Sundargarh and source regions situated in the north to northwest of Rourkela are identified as 

principal source regions. Sources recognized in the WPSCF analysis have also been recognized in 

WCWT analysis along with moderate sources positioned in different states such as Madhya 

Pradesh and Maharashtra. The results indicate that particulate pollution over Rourkela is not only 

being enhanced by the strong local sources of emission but also due to transboundary sources. 

Mineral dust emitted from industries situated in spatial proximity of 200 km from Rourkela are 

found to be modulating the air quality adversely in all the seasons. Steel and mineral-based 

industries (e.g., Bokaro Steel Plant, sponge iron plant, chemical and fertilizer industries, graphite, 

quartzite industries, calcium carbide and lime related industries) of Jharkhand in the northeast 

direction to Rourkela are responsible for high values of PM (https 

://jharkhandindustry.gov.in/miner al-based-industry). Similarly, in the southwesterly direction, 

industries of Jharsuguda, Sambalpur and Raigarh are situated in a radius of 100–200 km to 

Rourkela. Raigarh is associated with the country’s largest sponge iron plant (at a spatial distance 

of 162 km) and is located in the southwesterly to the study site. Steel and other mineral-based 

industries of Jashpuranagar are located in the northeasterly direction to study area. To the west of 

Rourkela, Korba District is located and is popularly known as the power capital of India as it is 

associated with super thermal power plant at a spatial distance of ~ 200 km. These industries were 

found to be modulating the PM concentrations in all the seasons and are identified as the principal 

sources by CBPF, WPSCF and CWT analysis. 

 

4.2.4 Comparison of CPF, CBPF, WPSCF and WCWT results over Rourkela 

As mentioned earlier in the methodology section that CPF can give the probability of occurrences 

of a particular source in a certain wind sector, it identified north-west, north-east and south-west 

wind sectors as the major directions which are contributing to high PM load over Rourkela. This 

directionality information is not sufficing to identify the sources of emission. Hence CPF results 

are supplemented by CBPF results where sources are identified based on wind speeds. Over 
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Rourkela, wind speeds were found to be not exceeding 1.5msec-1 in all the seasons which implies 

that sources are mostly local in nature. Strong local sources like steel plant, cement factory and 

paper industry which are situated in the vicinity of study area are identified as the major sources. 

From CPF, CBPF analysis it is evident that information about mid-long range transport of PM to 

the study site is profoundly missing. To overcome this WPSCF technique which uses backward 

trajectories and concentrations is employed and it identified the geographic location of sources on 

a probability scale. From seasonal WPSCF results it is clear that strong sources are situated in the 

adjacent states like Jharkhand and Chhattisgarh which are rich in mineral based industries. To 

further supplement WPSCF results, WCWT analysis is performed which enables the identification 

of both principle and moderate sources. So, WCWT technique identified not only local sources 

and sources situated in the Chhattisgarh and Jharkhand states but also identified polluted regions 

of Madhya Pradesh and Maharashtra as moderate sources. 

4.3 Source apportionment studies over Agra 

4.3.1 CPF and CBPF analysis over Agra 

CPF and CBPF analysis over Agra is performed by considering Taj monitoring site for a study 

period of 2011-2015 considering both in-situ data measurements like PM2.5 and PM10 along with 

WS and WD from ECMWF. The CPF analysis of PM2.5 for monitoring site Taj is shown in Figure 

4.9 for pre-monsoon, monsoon, post-monsoon and winter seasons at the 75th percentile. From CPF 

analysis for PM2.5 in the pre-monsoon season (Figure 4.9 (a)), it can be noticed that the highest 

probability of PM2.5 concentrations is being transported from the southwest direction. In the 

monsoon season (Figure 4.9 (b)), the dominant directions with a high probability of PM2.5 

transportations are noticed from the southwest and northwest. Similarly, in the post-monsoon 

season (Figure 4.9 (c)), the northwest direction was found to be possessing the highest probability 

of PM2.5 transportations along with other high probable directions as southwest and northeast. In 

the winter season (Figure 4.9 (d)), southwest and northeast were found to be associated with the 

highest probability of PM2.5 transportations to the study site. Similar results were noticed from 

CPF analysis for PM10 during the study period 2011-2015 over Taj monitoring site and are shown 

in Figure 4.10. For PM10 in pre-monsoon season (Figure 4.10(a)), southwest and northwest 

directions were found to associate with the highest probability of PM10 transportation to the study 

site. In monsoon season (Figure 4.10 (b)), southwest, northeast and southeast directions were found 
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to be associated with the highest probability of PM10 transportation. In post-monsoon season 

(Figure 4.10 (c)), northwest and northeast are identified as maximum probable wind sectors 

responsible for the transportation of PM10 to monitoring site Taj.  

 

Figure 4.9: Seasonal CPF plot for PM2.5 at 75th percentile in (a) pre-monsoon (b) monsoon (c) post-

monsoon (d) winter seasons respectively during the study period 2011-2015. 

In winter season also (Figure 4.10 (d)), southwest and northeast are identified as the high 

probability wind sectors in the transportation of PM10 to the study site. It can be noticed that 

northwest and southwest wind sectors are always identified as the maximum probable wind sectors 

in the transportation of PM2.5 and PM10 to study area. The Thar Desert situated in the southwest to 

the northwest direction along with highly polluted regions like Delhi in the northwest direction to 

study site might be responsible for the augmentation of the particulate load over Agra. Along with 

these sources highly polluted areas of northern India like IGP in northeast direction and Gwalior 

in the southeast direction might be responsible for high PM2.5 and PM10 concentrations over Agra. 
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Figure 4.10: Seasonal CPF plot for PM10 at 75th percentile in (a) pre-monsoon (b) monsoon (c) post-

monsoon (d) winter seasons respectively during the study period 2011-2015. 

        To further have an insight over particulate pollution sources, as an extension to the CPF 

analysis, CBPF analysis is performed for Taj monitoring site for a study period of 2011-2015. In 

the present research work, two percentile quartiles, 10–50 % and 50–100 % are used, and the 

probability values for CBPF are shown as colored scales in Figures 4.11 and 4.12. The CBPF 

analysis for PM2.5 is shown in Figure 4.11 for different seasons like pre-monsoon, monsoon, post-

monsoon and winter (Figure 4.11 (a), (c), (e), (g) with a percentile range of 10–50 %, and Figure 

4.11 (b), (d), (f), (h) with a percentile range of 50–100 %), respectively. From the CBPF analysis 

for PM2.5 over Agra (Figure 4.11(a)), when 10-50 % quartile is considered northeast, southeast and 

northwest wind sectors were found to be loaded with high PM2.5 and wind speeds were greater than 



Chapter 4                         Identification of source regions for transported pollutant concentration 

using source apportionment techniques 

93 

 

3 ms-1 in pre-monsoon season. Similarly, when 50-100 % quartile is considered (Figure 4.11(b)), 

southwest and northeast wind sectors along with local sources were found to be responsible for 

the augmentation of fine PM and were associated with WS >3 ms-1. In monsoon season when 10-

50 % quartile is considered (Figure 4.11(c)), local sources along with regions situated to the east 

of Agra were found to be responsible for the enrichment of PM2.5 over the study area and are 

always associated with WS ranging from 2 ms-1 to 6 ms-1. When 50-100 % quartile is considered 

(Figure 4.11 (d)), south to northwest wind sector associated with WS >2 ms-1 was found to be 

responsible for high PM2.5 over Agra. Similarly, in the post-monsoon season when 10-50 % 

quartile is considered (Figure 4.11 (e)), regions of the northwest with WS > 4ms-1 and sources in 

the east to the southeast were found to be responsible for high PM2.5 with wind speeds ranging 

between 1 and 2 ms-1. When 50-100 % quartile is considered northwest direction was found to 

possess a high probability of transporting fine PM to study area (Figure 4.11 (f)). In winter season 

when 10-50 % and 50-100 % quartile is considered (Figure 4.11(g) and (h)), northwest wind sector 

was identified as the maximum probable wind sector associated with high load of PM2.5 with wind 

speeds ranging from 1 to 7 ms-1. Similar analysis has been done for PM10 using CBPF analysis and 

is shown in Figure 4.12 and Figure can be interpreted in the same way CBPF for PM2.5 is 

interpreted. Using CBPF analysis for PM10 in the pre-monsoon season, when 10-50% quartile 

(Figure 4.12 (a)) is considered northwest to northeast wind sector associated with WS greater than 

2 ms-1 was found to be loaded with a high probability of PM10 concentration. Similarly, when 50-

100 % quartile is considered (Figure 4.12 (b)), southwest and northwest wind sectors have a high 

probability of transporting PM10 concentrations to the study area. In monsoon season during 10-

50 % quartile (Figure 4.12(c)), local sources along with sources existing in eastern direction to the 

study area were found to be responsible for the high probability of PM10 over the study area. When 

50-100 % quartile (Figure 4.12 (d)) is considered, sources situated in northwest and southwest 

wind sectors are responsible for the augmentation of PM10 over the study area. Similarly, in post-

monsoon season (Figure 4.12 (e)), northwest and southeast wind sectors are identified as maximum 

probable wind sectors carrying high loads of PM10 to study area when 10-50 % quartile is 

considered whereas when 50-100 % quartile (Figure 4.12 (f)) is considered local sources along 

with sources existing in the northwest wind sector were found to be with high probability of PM10 

transportation. 
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Figure 4.11: Seasonal CBPF plot for PM2.5 with two percentile quartiles: 10-50% ((a), (c), (e), (g)) and 

50-100% ((b), (d), (f), (h)) in (a), (b) pre-monsoon (c), (d) monsoon (e), (f) post-monsoon (g), (h) winter 

seasons respectively during the study period 2011-2015. 
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Figure 4.12: Seasonal CBPF plot for PM10 with two percentile quartiles: 10-50% ((a), (c), (e), (g)) and 

50-100% ((b), (d), (f), (h)) in (a), (b) pre-monsoon (c), (d) monsoon (e), (f) post-monsoon (g), (h) winter 

seasons respectively. 
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In winter season in both the quartiles, i.e. 10-50 % and 50-100 % quartiles (Figure 4.12 (g) and 

(h)) local sources along with sources existing in northwest direction were found to be responsible 

for the augmentation of high loads of PM10 during the study period.  In the pre-monsoon and 

monsoon seasons, the southwesterly direction was found to be dominating by transporting both 

PM2.5 and PM10 to study site Agra, which implies that the Thar Desert situated in the southwest is 

responsible for particulate pollution. Sources existing in the northwest region like New Delhi and 

other highly industrialized regions of the NCR might be accountable for high particulate load in 

the post-monsoon and winter seasons. Apart from these wind sectors, Firozabad in the east, which 

is a highly polluted and industrialized region, might be responsible for high pollution load. Local 

sources like vehicular exhaust, soil dust cannot be ignored as they are also playing a prominent 

role in the increased concentrations of PM. To further investigate the exact location of source areas 

that are responsible for the augmentation of PM load over Agra backward trajectory analysis is 

done using WPSCF and WCWT which will be explained in detail in the subsequent sections. 

4.3.2 Identification of sources using WPSCF analysis 

To further investigate and justify the results obtained from CPF and CBPF analysis, seasonal 

backward trajectory analysis is performed over Agra considering the monitoring site Taj to analyze 

the aerosol transport pathways from various sources at a height of 500 m above the ground level 

using HYSPLIT 4 model incorporating GDAS 1odata (Draxler and Hess, 1998). Two days (-48 h) 

air mass isentropic backward trajectories are calculated over the study site at an interval of 6 h (i.e. 

00, 06, 12 and 18 UTC of every day) which highlights the transport of aerosols from various 

regions (not shown here). We have generated WPSCF plots for 0.5o resolution for both PM2.5 and 

PM10 by using criteria values of 60 µg/m3 and 100 µg/m3 as suggested by CPCB. WPSCF plot for 

PM2.5 has been shown in Figure 4.13 and for PM10 has been shown in Figure 4.14. From WPSCF 

plots for PM2.5 and PM10, it can be noticed that sources of emission for both fine mode and coarse 

mode particles are similar. The WPSCF values <0.1 are shaded in light violet color and are not 

considered as the potential source regions for both PM2.5 and PM10. From WPSCF analysis for 

PM2.5 (Figure 4.13), it can be noticed that during pre-monsoon (Figure 4.13(a)), post-monsoon 

(Figure 4.13(c)) and winter (Figure 4.13(d)) the potential source regions are majorly situated in 

the north-westerly direction with spatial extent crossing the highly polluted city New Delhi. 
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Figure 4.13: Seasonal WPSCF analysis for -48 hours at Taj monitoring site for PM2.5 in (a) pre-monsoon 

(b) monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2011-2015. 

In monsoon season (Figure 4.13(b)), however, an apparent reversal of wind pattern is noticed from 

the southwesterly direction. Aerosols were found to be transported mainly from the Thar Desert 

of Rajasthan during the pre-monsoon and winter seasons (Figure 4.13(a)) which eventually led to 

increase PM concentration in these seasons. The marine air from the Arabian Sea and the Bay of 

Bengal leads to monsoonal rainfall which eventually leads to washout of pollutants thereby 

attributing low values of particulate pollution in monsoon season (Figure 4.13 (b)). In post-

monsoon season (Figure 4.13(c)), it was noticed that local sources along with winds from highly 

polluted IGP region are attributing to high PM load over Agra. Various anthropogenic activities 

like biomass burning, coal and fossil fuel combustion are recognized as the primary sources in 

post-monsoon season elevating the PM load over Agra (Pachauri et al., 2013). In winter season 

(Figure 4.13 (d)), the transportation of pollutants found to be similar to the post- monsoon season, 

but additionally, aerosols were found to be transported from Thar desert eventually leading to high 

PM load over Agra. WPSCF analysis for PM10 (Figure 4.14) during various seasons is showing 
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similarity with that of WPSCF analysis for PM2.5 (Figure 4.13). In pre-monsoon season (Figure 

4.14(a)) high values of PM10 are noticed from the Thar Desert, which supports the hypothesis 

mentioned earlier that the aerosol transportation from aforementioned regions to Agra. In the 

monsoon season (Figure 4.14 (b)), PM10 are being transported from central and western parts of 

India. The results obtained from WPSCF analysis of PM2.5 and PM10 indicate that sources are not 

local in nature and are continuously being transported mainly from the north-westerly direction. 

 

Figure 4.14: Seasonal WPSCF analysis for -48 hours at Taj monitoring site for PM10 in (a) pre-monsoon 

(b) monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2011-2015. 

4.3.3 Identification of sources using WCWT analysis 

To supplement results of WPSCF analysis WCWT analysis is performed to identify principle as 

well as moderate sources that are responsible for the augmentation of PM concentration over study 

area. The seasonal WCWT analysis for PM2.5 and PM10 has been performed and are shown in 

Figures 4.15 and 4.16. From WCWT analysis for PM2.5 in the pre-monsoon season (Figure 

4.15(a)), the highly polluted city, Delhi and the NCR along with Punjab and Haryana are identified 
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as the principal source regions responsible for the transportation of high PM load to study site. In 

the monsoon season (Figure 4.15(b)), transboundary pollution played a crucial role in devastating 

the quality of air over Agra. 

 

Figure 4.15: Seasonal WCWT analysis for -48 hours at Taj monitoring site for PM2.5 in (a) pre-monsoon 

(b) monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2011-2015. 

Sources like Mathura of Uttar Pradesh, Mewat, Jhajjar, and Gurgaon of Haryana, Bharatpur, 

Alwar, Jhunjhunu, and Barmer of Rajasthan and Delhi and NCR region are identified as the 

sources responsible for the enrichment of PM2.5 over Agra. In the post-monsoon season (Figure 

4.15(c)), Mathura, Aligarh, Hathras of Uttar Pradesh and regions of Haryana state like Mewat, 

Palal, Faridabad, Gurgaon, Rewari, Mahandragarh, Jhajjar, Rhotak, and Sonepat and Delhi and 

NCR are identified as significant sources that are causing the augmentation of PM2.5. Similarly, in 

the winter season (Figure 4.15(d)), local sources of Agra and other regions of Uttar Pradesh like 

Itawa, Firozabad, Mainpuri, Etah, Hathras, Aligarh, Bulandshahr, Ghaziabad, GB Nagar and 

Baghpath are identified as sources regions. Apart from region of Uttar Pradesh, the entire western 

part of Haryana state, Delhi and NCR and Parts of Punjab like Mansa, Bhatinda and Sangrur are 

identified as the source regions. Mansa, Bhatinda and Sangrur are associated with coke and 

petroleum refineries, tanning industries, steel fabrication and dying industries (MSME Report 
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Mansa, 2012; MSME Report Bhatinda, 2012; MSME Report Sangrur, 2012) Similar analysis has 

been done for PM10 using WCWT analysis in the pre-monsoon, monsoon, post-monsoon and 

winter seasons, shown in Figure 4.16.  

 

Figure 4.16: Seasonal WCWT analysis for -48 hours at Taj monitoring site for PM10 in (a) pre-monsoon 

(b) monsoon (c) post-monsoon and (d) winter seasons, respectively, during the study period 2011-2015. 

The regions identified for PM2.5 are also identified as source regions for PM10, but additionally, 

some parts of Rajasthan and Punjab are also identified as principal source regions for the 

enrichment of PM10 over the study area. In the pre-monsoon season (Figure 4.16(a)), sources 

identified for PM2.5 includes parts of Rajasthan (Alwar and Bharatnagar), Delhi and NCR as donors 

of PM over the study area. In the monsoon season (Figure 4.16(b)), local sources of Agra, Mathura 

and districts of Haryana like Mewat, Palwal, Gurgaon, Jhajjar, Mahandragarh and Rohtak are 

identified as source regions. Apart from these regions, parts of Rajasthan like Alwar, Jaipur, 

Jhunjhunu, and Jodhpur with Delhi and NCR as major sources of PM emission. In post-monsoon 

season (Figure 4.16(c)), Delhi and NCR, Mewat, Palwal, Gurgaon, Rewari, Mahandragarh, Jhajjar 

and Rohtak of Haryana and neighboring regions of Agra like Firozabad, Mathura, Etah, Aligarh 

and Hathras are identified as the principle sources regions. As these states are agriculture based 

states, biomass incineration is one of the prime reason for the aerosols emission in the post-



Chapter 4                         Identification of source regions for transported pollutant concentration 

using source apportionment techniques 

101 

 

monsoon season. Similarly, in the winter season (Figure 4.16(d)), the western part of Uttar Pradesh 

along with Agra, the entire region of Haryana and Punjab along with Delhi and NCR are identified 

as the principal source regions for PM10. From WCWT analysis for PM2.5 and PM10, it can be 

noticed that Delhi and NCR region are acting as donors of PM in all the seasons with a significant 

contribution thereby justifying the conclusions drawn from CPF, CBPF and WPSCF analysis. 

Delhi is associated with many industries like paper, leather, chemical industries, rubber and plastic 

industries and steel fabrication industries (MSME Report Delhi, 2012). Districts situated in 

Haryana and Punjab are also associated with many Agro-based industries, leather, steel fabrication, 

tanneries, rubber and plastic, chemical, tobacco, cotton textile, paper industries  and are eventually 

responsible for enrichment of PM over study area (MSME Report Bulandshahar, 2015; MSME 

Report Baghpath, 2012; MSME Report Mathura, 2012; MSME Report Saharanpur, 2012; MSME 

Report Aligarh, 2012; MSME Report Bathinda, 2012; MSME Report Etawah, 2014; MSME 

Report Faridabad, 2016; MSME Report Gautam Budh Nagar, 2012; MSME Report Alwar, 2015; 

MSME Report Gurgaon, 2016; MSME Report Rohtak, 2016; MSME Report Ghaziabad, 2012; 

MSME Report Firozabad, 2012; MSME Report Palwal, 2012; MSME Report Jhajjar, 2012; 

MSME Report Hathras, 2012; MSME Report Mewat, 2012). Highly polluted regions like Delhi 

and parts of Haryana and Punjab situated in the north-westerly direction to Agra were found to be 

source region in almost all the seasons. Results imply that the measures implemented by CPCB 

and the government of India help to curb the PM load over Agra at a local scale. However, still, 

concentrations were crossing the CPCB defined threshold values. Concerned authorities should 

implement potential long-term solutions to minimize the PM load over Agra to provide a healthier 

and pleasant experience to the people residing over Agra. 

4.3.4 Comparison of CPF, CBPF, WPSCF and WCWT results over Agra 

Over Agra, CPF analysis identified north-west, north-east and south-east as the major wind sectors 

that are responsible for PM load during all the seasons. As an extension to CPF analysis, CBPF 

analysis is performed and it identified apart from local sources PM load is mainly due to 

transboundary sources situated in north-west region. Unlike Rourkela, though long range transport 

of PM is noticed over Agra using CBPF analysis, geographic location of transboundary sources is 

very important for proper identification and mitigation. Hence WPSCF and WCWT are 

implemented and WPSCF identified Delhi and National capital region (NCR) along with some 

nearby districts of Punjab and Haryana as the major sources of PM situated in north-west direction. 
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To further supplement these results WCWT is performed and it identified that apart from Delhi 

and NCR, entire Punjab, Haryana in north-west, Thar desert in the south-east and parts of Uttar 

Pradesh situated in the north-east direction to Agra were also identified as the moderate sources. 

4.4 Chapter summary 

In this Chapter, various source apportionment techniques like CPF, CBPF, WPSCF and WCWT 

are applied to identify different sources that are responsible for the enrichment of PM over study 

areas Rourkela and Agra. From CPF and CBPF analysis for Rourkela, it was noticed that sources 

are mostly local and transboundary sources situated in the neighboring states like Chhattisgarh, 

Jharkhand and parts of Odisha are identified as the major sources. In justification to these results, 

backward trajectory based WPSCF and WCWT techniques identified local sources like Rourkela 

steel plant (RSP), cement industry, the paper industry as the major sources of emission in all the 

seasons. Apart from these sources, sources like thermal power plants, coal-based industries 

situated within the spatial distance of 200 km from the study area are identified as the key sources. 

For Agra, transboundary sources were mainly responsible for the enrichment of PM load. CPF and 

CBPF analysis identified the northwesterly direction as the most polluted wind sector by carrying 

loads of PM to the study site. In justification to these results, WPSCF and WCWT analysis for 

PM2.5 and PM10 identified highly polluted regions like New Delhi and parts of Haryana and Punjab 

as the major sources of PM emissions in the northwesterly direction. As pollution over Agra is 

highly transboundary, still strict measures must be implemented by the Government of India and 

CPCB to maintain PM concentrations within norms. 
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Chapter 5  

A regression approach for the estimation of 

PM2.5 using satellite remote sensing and in-

situ data sets 

5.1 Introduction 

Satellite remote sensing is a useful approach for estimating the PM concentrations at the regional 

scale where ground-based measurements are limited (Soni et al., 2018; Lee et al., 2011). Satellite 

measurements provide AOD as the estimation of PM over any considered region. AOD measures 

the extinction of light by aerosols in a column and provides the optical properties of aerosols during 

the time of overpass (Tian and Chen, 2010). Hence AOD can be used to determine the state of air 

quality and to explore the existing relationship between AOD in conjunction with meteorology 

and PM2.5, statistical methods, e.g. simple linear regression technique, multiple linear regression 

techniques are incorporated over different regions and provided excellent results (Liu et al., 2009; 

Soni et al., 2018). Hence in the present research work regression techniques are used to estimate 

surface level fine PM considering both AOD and meteorological parameters over two study areas 

Agra and Rourkela. The detailed description of the methodology adopted and corresponding 

results are explained in this chapter. 

5.2 Regression modeling  

In the present study, satellite, reanalysis, and observational data are integrated to develop a 

regression model which can be used to estimate surface level PM2.5 over the selected study areas. 

Regression analysis is a method that can be used to investigate the functional relationships existing 

between different parameters involved in the modeling (Chatterjee and Hadi, 2015). The 

relationship between the dependent variable (also called Predictand or response variable) and 

independent variables (also called predictors or explanatory variables) is expressed in the form of 

an equation. If the regression equation involves one predictor variable, then the technique is called 

simple linear regression technique, and if multiple predictor variables are involved, then the 
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technique is called multiple linear regression techniques. Mathematically a multiple linear 

regression can be expressed as follows (equation (5.1)): 

Yn =  θo + θ1x1 + +θ2x2 + θ3x3 + θ4x4 + ⋯ + θnxn + ε (5.1) 

Where Y is the dependent variable with n number of samples, x1, x2, x3, x4…, xn are the 

independent variables with n number of samples and 𝜃𝑜, 𝜃1, 𝜃2, 𝜃3,…,𝜃𝑛 are called regression 

coefficients or regression parameters which can be estimated using the data involved in building 

the regression equation and 𝜀 is the error term. To get the regression parameters equation (5.1) is 

applied to the derivative concerning the model parameters 𝜃𝑜,𝜃1, 𝜃2, 𝜃3,…,𝜃𝑛 and equated to zero. 

Thus the least square estimated can be expressed in vector form as follows (equation (5.2)): 

θ̂ =  (XTX)−1XTY                                                                   (5.2) 

Estimation of new values for Y, by using equation (5.2) can be expressed in vector form as follows: 

�̂� = 𝑋𝜃 =  𝑋(XTX)−1XTY                                                                  (5.3) 

The above steps mentioned are the basic transformations involved in the multiple linear regression 

modeling to estimate new values of Y with the various independent variables used in the study 

(adapted from Montgomery et al., 2012). The detailed mathematical description of the parameter 

estimation of multiple linear regression are mentioned in Montgomery et al. (2012). In the present 

study, five different types of regression models are applied to obtain a statistical relationship 

between PM2.5 and AOD. 

I. Simple linear regression  

𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷  (5.4) 

II. Multiple linear regression  

a) 𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷 + 𝛼2 ∗ 𝑇    (5.5) 

b) 𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷 + 𝛼2 ∗ 𝑇 + 𝛼3 ∗ 𝑅𝐻    (5.6) 

c) 𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷 + 𝛼2 ∗ 𝑇 + 𝛼3 ∗ 𝑅𝐻 + 𝛼4 ∗ 𝑃𝐵𝐿𝐻    (5.7) 

d) 𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷 + 𝛼2 ∗ 𝑇 + 𝛼3 ∗ 𝑅𝐻 + 𝛼4 ∗ 𝑃𝐵𝐿𝐻 + 𝛼5 ∗ 𝑆𝑃    (5.8) 
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III. Log-linear regression model 

𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ log (𝐴𝑂𝐷) + 𝛼2 ∗ 𝑇 + 𝛼3 ∗ 𝑅𝐻 + 𝛼4 ∗ 𝑃𝐵𝐿𝐻 + 𝛼5 ∗ 𝑆𝑃

+ 𝛼6 ∗ log (𝑊𝑆) 

(5.10) 

IV. MLR model considering only the data sets where PBLH is greater than the average PBLH 

considering equation (5.9). 

V. MLR model considering only the data sets where PBLH is less than the average PBLH 

considering equation (5.9). In the above equations 𝛼0, 𝛼1, 𝛼2, 𝛼3, 𝛼4, 𝛼5, 𝛼6 are regression 

coefficients. 

5.3 Performance evaluation 

The MLR model obtained over the study sites Agra and Rourkela are validated using various 

statistical parameters like root mean square error (RMSE), fractional bias (FB) and coefficient of 

determination (R), Normalized mean bias (NMB) and Mean bias (MB). The formulae for 

calculating these parameters are as follows: 

e) 𝑃𝑀2.5 =  𝛼0 + 𝛼1 ∗ 𝐴𝑂𝐷 + 𝛼2 ∗ 𝑇 + 𝛼3 ∗ 𝑅𝐻 + 𝛼4 ∗ 𝑃𝐵𝐿𝐻 + 𝛼5 ∗ 𝑆𝑃 + 𝛼6

∗ 𝑊𝑆 

   (5.9) 

RMSE =  √(
∑ (Pi − Oi)

n
i=1

n
)

2

 

(5.11) 

R = [
1

n − 1
∗ ∑ (

Pi − P̅

σP
) (

Oi − O̅

σO
)

n

i=1

] 
(5.12) 

𝑀𝐵 =
1

𝑛
∑(𝑃 − 𝑂)

𝑛

𝑖=1

 
(5.13) 

𝑁𝑀𝐵 =  
∑ (𝑃 − 𝑂)𝑛

𝑖=1

∑ 𝑂𝑛
𝑖=1

 
(5.14) 
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5.4 A regression approach of PM2.5 estimation 

Table 5.1: Number of data points considered for Taj (training site) and Rambagh (Validation site) over 

Agra region and Sonaparbat (training site) and Rourkela (validation site) over Rourkela region during 

the respective study periods (here ‘n’ indicates the number of data points). 

 2011-2015 (n) 2009-2014 (n) 2009-2013(n) 

Model Taj Rambagh Sonaparbat Rourkela Sonaparbat Rourkela 

I 834 345 378 523 301 435 

II (a-e) 834 345 378 523 301 435 

III 834 345 378 523 301 435 

IV 340 141 178 234 147 195 

V 494 204 200 289 154 240 

 

In the present research work, seasonal estimation of PM2.5 depends on the retrieved AOD data 

from MODIS. During the monsoon season, we cannot retrieve AOD values due to cloudiness, 

which limits the number of days with AOD in monsoon. For Agra and Rourkela, during monsoon 

season for the study period 2011-2015 and 2009-2013, there were only twenty days and ten days 

of AOD data. Similarly, during pre-monsoon season days are also limited over Rourkela due to 

thunderstorm clouds present over the region for most of the days. Because the days with data 

available are limited in pre-monsoon and monsoon seasons, we could not perform the seasonal 

analysis for PM2.5 estimations in the present study. 

Satellite-derived AOD, meteorological parameters from ECMWF and surface level PM2.5 

integrated at the same spatial and temporal resolutions are used in the present study to develop the 

regression models. The meteorological and surface measured PM2.5 is converted to average daily 

values to match the temporal scale of AOD. As the spatial resolution of meteorological data was 

FB = 2 ∗ (
O̅ − P̅

O̅ + P̅
) 

(5.15) 
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0.25o, it is interpolated to 1o to equal with the spatial resolution of AOD, which is at 1o resolution. 

After all the data are matched to same spatial and temporal resolutions, a moving average filter 

with a step value of 30 days is applied to remove the associated seasonality and trend (Tai et al., 

2010), and data sets are normalized to a range of 0 to 1. The number of data points considered for 

monitoring sites is shown in Table 5.1. 

5.4.1 Regression approach for PM2.5 estimations over Agra 

To estimate the PM2.5 concentrations over Agra, five models, as specified in Section 5.2 are applied 

for training to Taj monitoring site for the study period of 2011-2015 and models obtained over Taj 

are validated for the monitoring site Rambagh for the same study period of 2011-2015 using the 

meteorology and AOD obtained over Rambagh. The methodology mentioned earlier in Section 

5.2 is applied here to estimate PM2.5. The independent parameters are meteorological parameters, 

namely, T, RH, PBLH, SP, WS and satellite-derived AOD. The dependent parameter is PM2.5. 

Figure 5.1 shows the training and validation outputs of the model I, model II (a-e) and model III 

for Taj and Rambagh, respectively. When simple linear regression model (model I) was considered 

for the estimation of PM2.5 using only AOD, the estimation of PM2.5 was found to be poorly 

correlated with the observed PM2.5 over Taj (Figure 5.1(a)). When coefficients obtained by the 

model I over Taj are applied to Rambagh for validation (Figure 5.1(b)) the estimation of PM2.5 was 

also found to be poor. This signifies that AOD alone cannot be used to estimate the PM2.5 

concentrations over the Agra region (Gupta and Christopher, 2009). The statistics corresponding 

to the model I obtained for training and validation over Taj and Rambagh are mentioned in Table 

5.2 and Table 5.3. The statistical performance of the model I was found to be poor during training 

and validation. When model II was considered for estimation of PM2.5, it was noticed that there is 

a significant improvement in the correlation coefficient between estimated and observed PM2.5 

over Taj and Rambagh (Figure 5.1(c) and (d)) when meteorological parameters are included in the 

regression model. When T was included in the model, the correlation coefficient improved from 

0.1642 (model I) to 0.5789 (model IIa). Similarly, when RH was included, the correlation 

coefficient further improved to 0.8347. This improvement continued when PBLH (R=0.8808), SP 

(R=0.8938) and WS (R=0.8977) along with AOD are included in the model (can be noticed from 

Table 5.2) during training.  
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Figure 5.1: Estimation of PM2.5.  (a), (c), (e) for training over monitoring site Taj and (b), (d) and (f) for 

validation over monitoring site Rambagh using model I, model II(a-e) and model III respectively for the 

study period 2011-2015. 

When a log-linear model (model III) was considered for estimation of PM2.5 over Taj for training, 

it was noticed that correlation coefficient again dropped to 0.4870 (Table 5.2) even though all the 

meteorological parameters are included. When samples corresponding to days greater than average 
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PBLH (model IV Figure 5.2(a)) are considered the model performance improved further with a 

correlation coefficient of 0.9421 during training for the monitoring site Taj.  

 

Figure 5.2: Estimation of PM2.5.  (a), (c) for training over monitoring site Taj and (b), (d) for validation 

over monitoring site Rambagh using model IV, model V respectively for the study period 2011-2015. 

Similarly, when model V (days corresponding to a lower PBLH Figure 5.2 (c)) is considered, the 

correlation was strong with a value of 0.8861 (Table 5.2). The validation of model II(a-e) and 

model III are shown in Figure 5.1(d) and (f) and model IV and V are shown in Figure 5.2(b) and 

(d) for Rambagh site. The statistics for the validation considering these models are shown in Table 

5.3. When all the metrological parameters are considered model II(e) was found to be performing 

well, and results were found to be comparable to the previous studies like Soni et al. (2018) and 

Gupta and Christopher (2009). When model IV was considered, the correlation coefficient was 

found to be satisfactory but only valid during days with PBLH greater than the average PBLH. 

Even model V was found to be performing well by depicting a satisfactory agreement between 

estimated and observed PM2.5 over Rambagh and is conditionally acceptable. From the statistical 
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performance table for Rambagh (Table 5.3) during validation, it can be noticed that when 

regression coefficients obtained during training for Taj through Model II (e) are applied for 

Rambagh, the model can explain the variance of PM2.5 concentrations for about 86% signifying a 

satisfactory performance. Apart from validation of Rambagh using the coefficients obtained for 

Taj, Model I and Model II (a-e) are applied for Rambagh for the estimation of PM2.5 and their 

statistical significance is mentioned in Table 5.4. Figure 5.4 shows the estimation of PM2.5 using 

Model I and Model II (a-e). The estimation of PM2.5 using simple linear regression model (Model 

I) for Rambagh station was found to be poor when only AOD is considered (similar to that of Taj 

station). When Model II(a-e) are considered for the estimation of PM2.5, Model II(e) was found to 

be performing better by depicting a good agreement between observed and estimated PM2.5 with 

a correlation coefficient of 0.9183. As the models are provided with different predictor variables 

with one predictor variable added each one at a time, it can be noticed there is a variation in R 

value over the considered stations. It was noticed that AOD alone cannot estimate PM2.5 well 

(Model I). The performance of the models improved when we incorporated meteorological 

variables along with AOD. Hence the models have shown improved R value from Model I to 

Model II(e). The results obtained during validation of Model II(e) for Rambagh using the 

coefficients obtained over Taj are comparable to these results and can be used for the estimation 

of PM2.5 over Rambagh. The MLR equations obtained during Model II (e) for the monitoring site 

Taj (equation (5.16)) and Rambagh (equation (5.17)) during the study period 2011-2015 are shown 

here: 

PM2.5 =  -0.0315 + 0.0590*T-0.4568*RH-0.3037*PBLH + 0.4565*SP +

0.2397*WS + 1.0235*AOD 

 (5.16) 

𝑃𝑀2.5 =  −0.2872 + 0.1573 ∗ 𝑇 − 0.3400 ∗ 𝑅𝐻 − 0.0967 ∗ 𝑃𝐵𝐿𝐻 + 0.6121 ∗ 𝑆𝑃 +

0.0926 ∗ 𝑊𝑆 + 1.1177 ∗ 𝐴𝑂𝐷 

(5.17) 
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Figure 5.3: Estimation of PM2.5 using MLR method over monitoring site Rambagh for the study period 

2011-2015 (a) model I (b) model II (a-e). 

Table 5.2: Statistical parameters for the monitoring site Taj for the study period 2011-2015 for Model I, 

Model II(a) to II(e), Model III, Model IV, Model V. 

Taj – Training(2011-2015) 

Statistical Parameter 

Model RMSE FB R NMB MB p-value 

I 30.17 -1.36E-11 0.1642 1.36E-11 1.77E-09 1.84E-06 

IIa 24.94 -1.01E-12 0.5789 1.01E-12 1.32E-10 8.29E-76 

IIb 16.84 2.77E-11 0.8347 -2.77E-11 -3.62E-09 9.1E-218 

IIc 14.48 -2.89E-11 0.8808 2.89E-11 3.78E-09 1.8E-272 

IId 13.71 4.69E-12 0.8938 -4.68E-12 -6.12E-10 3.8E-292 

IIe 13.47 4.00E-11 0.8977 -4.00E-11 -5.22E-09 2.1E-298 

III 41.23 0.2726 0.4870 -0.2399 -3.13E+01 6.96E-51 

IV 3.45 -5.19E-11 0.9421 5.19E-11 4.29E-09 1.6E-162 

V 11.11 2.32E-12 0.8816 -2.32E-12 -4.05E-10 1.5E-162 

 

The coefficient of AOD (Equation (5.16) and (5.17)) was positive, which indicates that PM2.5 and 

AOD are inter-related (Sotoudeheian and Arhami, 2014). The coefficient of T was found to be 

positive for both Taj and Rambagh stations. The coefficient of T over Taj was found to be a 

significant predictor variable though its magnitude is small (Liu et al., 2007; Chitranshi et al., 

2015). The negative coefficient for RH indicates that PM concentration increases (Soni et al., 

2018) at both the stations. PBLH has negative coefficient over Taj which suggests that when the 

boundary layer height decreases vertical mixing reduces, which in turn increases the PM2.5 
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concentrations (Gupta and Christopher, 2009). Over Rambagh, the coefficient of PBLH was found 

to be positive, but the magnitude was found to be very small. The coefficient of SP was found to 

be high and positive, which indicates high-pressure systems. High-pressure leads to stable 

atmospheric conditions which prevent vertical mixing of pollutants, thereby increasing PM2.5 

levels. 

Table 5.3: Statistical parameters for the monitoring site Rambagh when coefficients obtained for Taj 

during the study period 2011-2015 are validated for Model I, Model II(a) to II(e), Model III, Model IV, 

Model V. 

Rambagh-Validation (2011-2015) 

Statistical parameter 

Model RMS FB R NMB MB p-value 

I 11.11 0.0102 0.2971 -0.0102 -1.7218 1.83E-08 

IIa 8.19 0.0114 0.7183 -0.0113 -1.9152 5.26E-56 

IIb 8.08 0.0167 0.7854 -0.0166 -2.8149 1.83E-73 

IIc 8.62 0.0247 0.8215 -0.0244 -4.1307 1.03E-85 

IId 6.71 0.0048 0.8658 -0.0047 -0.8041 3.4E-105 

IIe 7.18 -0.014 0.8684 0.0141 2.3972 1.5E-106 

III 21.31 0.1206 0.6238 -0.1138 -19.2972 1.31E-38 

IV 2.01 -7.59E-05 0.7417 7.59E-05 0.0105 6.91E-26 

V 5.81 -7.60E-03 0.8130 7.60E-03 1.5123 2.46E-49 

 

Table 5.4: Statistical parameters for the monitoring site Rambagh during the study period 2011-2015 for 

Model I, Model II(a-e). 

Rambagh-Model I and Model II(a-e) (2011-2015) 

 Statistical parameters 

Model RMS FB R NMB MB 

I 10.91 1.20E-11 0.2971 -1.20E-11 -2.03E-09 

IIa 7.81 -3.59E-11 0.7295 3.59E-11 6.09E-09 

IIb 5.80 6.84E-12 0.8615 -6.84E-12 -1.16E-09 

IIc 5.60 -1.54E-11 0.8716 1.54E-11 2.61E-09 

IId 4.5343 -1.71E-12 0.9179 1.71E-12 2.90E-10 

IIe 4.5229 2.22E-11 0.9183 -2.22E-11 -3.77E-09 

 

WS has a positive coefficient at both the stations and WS can alter the mixing of aerosols (Soni et 

al., 2018; Gupta and Christopher, 2009). At higher wind speeds pollutants get transported from 
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other regions to the study site, which positively modulates the PM2.5 concentrations (Wang and 

Ogawa, 2015). This hypothesis justifies the CBPF results where the north-westerly direction was 

found to be predominantly affecting the study area causing transboundary pollution.    

5.4.2 Regression approach for PM2.5 estimations over Rourkela 

 

Figure 5.4: Estimation of PM2.5.  (a), (c), (e) for training over monitoring site Sonaparbat and (b), (d) and 

(f) for validation over monitoring site Rourkela using model I, model II(a-e) and model III respectively for 

the study period 2009-2014.  

The method followed for the estimation of PM2.5 using meteorology and AOD over Taj explained 

in Section 5.4.1 is adopted over Rourkela region to develop an MLR model. The results obtained 

over Rourkela region are similar to that of the Agra region. All the models mentioned in Section 
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5.3 are applied to the monitoring site Sonaparbat for a study period of 2009-2014 and results 

obtained over Sonaparbat are validated to monitoring site Rourkela for the same study period using 

the meteorology and AOD over Rourkela. Estimation of PM2.5 was performed using Model I, 

Model II (a-e) and Model III for the monitoring site Sonaparbat and coefficients obtained for 

Sonaparbat are applied to Rourkela monitoring site for validation for the same study period and 

are shown in Figure 5.4. The training of Sonaparbat for the estimation of PM2.5 is shown in Figures 

5.4 (a), (c) and (e) and validation of Rourkela site using the coefficients of Sonaparbat is shown in 

Figures 5.4 (b), (d) and (f). The statistical performance of the Model I, Model II(a-e) and Model 

III during training and validation are shown in Table 5.5 and Table 5.6. From the statistical 

performance of the models, it can be noticed that Model II(e) was found to be performing better 

during training.  

Table 5.5: Statistical parameters for the monitoring site Sonaparbat during the study period 2009-2014 

for Model I, Model II(a) to II(e), Model III, Model IV, Model V. 

Sonaparbat-Training (2009-2014) 

 Statistical Parameters 

Model RMSE FB R NMB MB p-value 

I 10.7172 -1.55E-11 0.5565 1.55E-11 1.51E-09 3.96E-32 

IIa 10.6825 -1.17E-11 0.5605 1.17E-11 1.14E-09 1.16E-32 

IIb 8.5856 -1.06E-11 0.7463 1.06E-11 1.03E-09 1.82E-68 

IIc 6.8286 -1.06E-11 0.8483 1.06E-11 1.03E-09 6.5E-106 

IId 6.7391 -5.44E-13 0.8526 5.44E-13 5.29E-11 4.6E-108 

IIe 6.1089 -1.44E-11 0.8807 1.44E-11 1.40E-09 4.1E-124 

III 6.267 -6.80E-12 0.8740 6.80E-12 6.61E-10 6.1E-120 

IV 12.1533 0.1098 0.8958 -0.1041 -9.9391 6.73E-64 

V 8.7546 0.0652 0.8683 -0.0632 -6.2411 3.18E-62 

 

The estimation of PM2.5 using Model IV and Model V is shown in Figure 5.5, and their statistical 

significance is shown in Table 5.5 and Table 5.6. From the statistical performance of the models 

considered in the study during validation for Rourkela, it has been noticed that the estimation of 

PM2.5 is very poor resulting, in very high RMSE. This might be due to a decrease in PM2.5 
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concentrations in the year 2014 for Sonaparbat site by 25%, which led to an overestimation of 

PM2.5 concentrations over Rourkela site during validation. Hence, in order to validate the accuracy 

of the regression models considered in the study we have removed the data corresponding to 2014 

for both Rourkela and Sonaparbat sites and performance of the models is evaluated. 

Table 5.6: Statistical parameters for the monitoring site Rourkela when coefficients obtained for 

Sonaparbat during the study period 2009-2014 are validated for Model I, Model II(a) to II(e), Model III, 

Model IV, Model V. 

Rourkela Validation (2009-2014)  

 Statistical Parameters  

Model RMSE FB R NMB MB p-value 

I 29.4909 -0.1825 0.49874 0.2008 22.9176 3.05E-34 

IIa 29.335 -0.1829 0.5221 0.2013 22.9641 6.34E-38 

IIb 33.1569 -0.2087 0.4695 0.233 26.5827 4.93E-30 

IIc 32.6267 -0.2351 0.8503 0.2664 30.4 2.3E-147 

IId 33.7173 -0.2403 0.8185 0.2731 31.1617 1.7E-127 

IIe 49.8554 -0.3376 0.7839 0.4062 46.3456 6.2E-110 

III 47.6229 -0.3241 0.7915 0.3868 44.1321 1.6E-113 

IV 35.9006 -0.2579 0.7961 0.296 32.0972 1.57E-52 

V 52.5056 -0.3496 0.8292 0.4237 50.289 1.67E-74 

 

Estimation of PM2.5 has performed considering Model I, Model II (a-e) and Model III for the 

monitoring site Sonaparbat and coefficients obtained for Sonaparbat are applied to Rourkela 

monitoring site for validation for the study period of 2009-2013 and their corresponding results 

are shown in Figure 5.6. The training of Sonaparbat for the estimation of PM2.5 is shown in Figures 

5.6 (a), (c) and (e) and validation of Rourkela site using the coefficients of Sonaparbat is shown in 

Figures 5.6 (b), (d) and (f). The estimation of PM2.5 using Model I was found to be very poor during 

training and validation. Model II depicted a significant improvement in correlation coefficient 

when meteorological parameters along with AOD are considered. The statistical performance of 

the Model I and Model II (a-e) are shown in Table 5.7 and 5.8 during training and validation for 

Sonaparbat and Rourkela sites. The estimation of PM2.5 using Model IV and Model V is shown in 
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Figure 5.5, and their statistical parameters during training and validation are shown in Table 5.7 

and Table 5.8. From the statistical analysis Model II(e), Model IV and V are performing good, but 

Model IV and V are conditionally acceptable. The correlation coefficients for these models during 

training (for Sonaparbat) were found to be 0.8313, 0.8491, 0.8298, and during validation 

(Rourkela) were found to be 0.7353, 0.8384, 0.8562, respectively. Apart from validation of 

Rourkela using the coefficients obtained for Sonaparbat, Model I and Model II (a-e) are applied 

for Rourkela for the estimation of PM2.5 and their statistical significance is mentioned in Table 5.8. 

 

Figure 5.5: Estimation of PM2.5.  (a), (c) for training over monitoring site Sonaparbat and (b), (d) for 

validation over monitoring site Rourkela using model IV, model V, respectively for the study period 2009-

2014. 

Figure 5.8 shows the estimation of PM2.5 using Model I and Model II (a-e). From Figure 5.8, it can 

be noticed that the estimation of PM2.5 using Model II (e) was found to performing well, and its 

statistical significance is shown in Table 5.9.  The results obtained during the validation of 

Rourkela were comparable to these values, and the model obtained using the coefficients of 

Sonaparbat can be used to estimate the PM2.5 concentrations over Rourkela. Moreover, the 

statistical performance of the models improved to a greater extent when data corresponding to 
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2014 are excluded for both Sonaparbat and Rourkela monitoring sites (can be seen from the RMSE 

values). 

 

Figure 5.6: Estimation of PM2.5.  (a), (c), (e) for training over monitoring site Sonaparbat and (b), (d) and 

(f) for validation over monitoring site Rourkela using model I, model II(a-e) and model III respectively 

for the study period 2009-2013. 
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Figure 5.7: Estimation of PM2.5.  (a), (c) for training over monitoring site Sonaparbat and (b), (d) for 

validation over monitoring site Rourkela using model IV, model V, respectively for the study period 2009-

2013. 

The equations for Sonaparbat and Rourkela stations in equations (5.18) and equations (5.19) 

respectively using Model II(e) are as follows: 

𝑃𝑀2.5 =  0.0478 + 0.7142 ∗ 𝑇 + 0.2134 ∗ 𝑅𝐻 − 0.3719 ∗ 𝑃𝐵𝐿𝐻

+ 0.1662 ∗ 𝑆𝑃 − 0.9735 ∗ 𝑊𝑆 − 0.1280 ∗ 𝐴𝑂𝐷 

(5.18) 

𝑃𝑀2.5 =  0.9763 + 0.5151 ∗ 𝑇 − 0.2712 ∗ 𝑅𝐻 − 1.4051 ∗ 𝑃𝐵𝐿𝐻

− 0.4368 ∗ 𝑆𝑃 − 0.6087 ∗ 𝑊𝑆 − 0.3769 ∗ 𝐴𝑂𝐷 

(5.19) 
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Figure 5.8: Estimation of PM2.5 using MLR method over monitoring site Rourkela for the study period 

2009-2013 (a) model I (b) model II (a-e). 

Table 5.7: Statistical parameters for the monitoring site Sonaparbat during the study period 2009-2013 

for Model I, Model II(a) to II(e), Model III, Model IV, Model V. 

Sonaparbat-Training (2009-2013) 

Statistical Parameters 

Model RMSE FB R NMB MB p-value 

I 1.78 3.88E-12 0.4364 -3.88E-12 -3.65E-10 1.9E-15 

IIa 1.78 7.76E-12 0.4399 -7.76E-12 -7.31E-10 1.11E-31 

IIb 1.78 -1.02E-11 0.4399 1.02E-11 9.63E-10 1.11E-15 

IIc 1.57 -3.53E-12 0.6070 3.53E-12 3.32E-10 1.09E-31 

IId 1.31 -2.82E-12 0.7506 2.82E-12 2.66E-10 9.41E-56 

IIe 1.10 -1.16E-11 0.8313 1.16E-11 1.10E-09 2.81E-78 

III 79.37 -0.5899 0.6842 0.8367 78.8495 6.72E-43 

IV 0.32 7.40E-13 0.8491 -7.41E-13 -6.80E-11 4.94E-42 

V 0.23 -2.83E-12 0.8298 2.83E-12 2.60E-10 2.36E-40 

 

The coefficient of T was found to be positive in MLR equations. In a recent study conducted by 

Kavuri et al. (2015), it has been found that PM with SO4
-2 ions concentration is high over Rourkela 

due to high fossil fuel combustion and industrial activities. The concentration of sulphate particles 

increases with an increase in T (Aw and Kleeman,2003; Dawson et al., 2007; Kleeman, 2007). 

The coefficient of RH was found to be positive for Sonaparbat and negative for Rourkela. High 

values of RH lead to the formation of secondary particles which alters the optical properties of the 

PM (Wang and Martin, 2007).  
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Table 5.8: Statistical parameters for the monitoring site Rourkela when coefficients obtained for 

Sonaparbat during the study period 2009-2013 are validated for Model I, Model II(a) to II(e), Model III, 

Model IV, Model V. 

Rourkela-Validation (2009-2013) 

 Statistical Parameters 

Model RMSE FB R NMB MB p-value 

I 10.29 0.0252 0.3729 -0.0249 -3.082 8.33E-16 

IIa 10.29 0.0252 0.3729 -0.0249 -3.082 8.33E-16 

IIb 10.20 0.0254 0.4175 -0.025 -3.1026 8.85E-20 

IIc 7.17 0.0187 0.8824 -0.0186 -2.3013 6.9E-144 

IId 9.10 0.0328 0.6748 -0.0323 -3.9992 4.06E-59 

IIe 8.09 0.0261 0.7353 -0.0258 -3.1916 3.44E-75 

III 653.68 -1.5498 0.4069 6.8845 648.7466 8.8E-19 

IV 3.01 -0.0017 0.8384 0.0017 0.192 8.97E-53 

V 6.85 0.0249 0.8562 -0.0246 -3.1799 3.3E-70 

 

Table 5.9: Statistical parameters for the monitoring site Rourkela during the study period 2009-2013 for 

Model I, Model II(a-e). 

Rourkela-Model I and II (2009-2013) 

 Statistical Parameters 

Model RMSE FB R NMB MB 

I 9.61 5.57E-12 0.3729 -5.57E-12 -6.90E-10 

IIa 9.01 1.11E-11 0.4923 -1.11E-11 -1.38E-09 

IIb 8.30 2.78E-11 0.5972 -2.78E-11 -3.45E-09 

IIc 3.92 1.48E-11 0.9254 -1.48E-11 -1.84E-09 

IId 3.85 1.67E-11 0.9282 -1.67E-11 -2.07E-09 

IIe 3.66 2.60E-11 0.9355 -2.60E-11 -3.22E-09 

 

The negative coefficient of RH over Rourkela indicates that PM concentration increases due to 

low hygroscopic growth (Soni et al., 2018). As the PBLH decreases vertical mixing of pollutants 

decreases which, eventually enhances the PM2.5 concentrations, which can be implied from the 

negative coefficient of PBLH at both the stations. The coefficient of WS was found to be negative, 

which suggests that lower the WS higher the stagnation of PM2.5 (Chitranshi et al., 2014). The 

coefficient of WS justifies the result of CBPF analysis where local sources were found to be 

dominating in enhancing the aerosol concentrations over the Rourkela region. The relationship 
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between AOD and PM2.5 was found to be negative for the Rourkela. Soni et al. (2018) and Grguric 

et al. (2014) have found that PM and AOD cannot correlate well when aerosols are lifted aloft, and 

this might be the probable reason for the negative coefficient for AOD. The results are comparable 

to the previous study over Rourkela, which used the MLR method using only the meteorology by 

Kavuri et al. (2013).  

5.5 Chapter Summary 

In the current study, we have estimated PM2.5 over two different stations of India, viz.  Agra and 

Rourkela by integrating satellite, ECMWF and ground-based measurements for the study period 

of 2011-2015 over Agra and 2009-2014 and 2009-2013 for Rourkela region, respectively. Among 

the five models specified in the study, for Agra region, Model II (e) was found to be performing 

better by depicting a good agreement between estimated and observed PM2.5 with a correlation 

coefficient of 0.8977 during training for Taj monitoring site and 0.8684 during validation for 

Rambagh monitoring site for a study period of 2011-2015. For Rourkela, region when 2009-2014 

data is included for the estimation of PM2.5, the performance of the regression models was found 

to be very poor, leading to an overestimation of PM2.5 and high RMSE values. This might be due 

to decreased concentration of PM2.5 in the year 2014 by 25% over Sonaparbat. Hence the 

regression models are restricted for a study period of 2009-2013 for both Sonaparbat and Rourkela 

regions and the estimation of PM2.5 was performed. For Rourkela region also, Model II (e) was 

performing better with a correlation coefficient of 0.8313 during training for Sonaparbat site and 

0.7353 during validation for Rourkela site for a study period of 2009-2013. Model IV and Model 

V were also performing well by depicting a good agreement between estimated and observed 

PM2.5, but the results obtained are conditionally acceptable. Log-linear models were found to be 

performing poor over these two study areas though they are proved to be performing better over 

other study areas and this might be due to MLR models are site specific, and the underlying 

topography, meteorology and sources of emission differ from region to region. The approach 

mentioned in the study is simple when compared to other methods and do not include any complex 

physical or numerical prediction and can be used to estimate surface level PM2.5 with a satisfactory 

statistical significance. However, over estimation of PM2.5 was noticed in the present study over 

both the study areas and it is due to violation of assumptions of multiple linear regression 
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technique. One of the common violation that can be noticed in the various predictors and 

predictand is presence of multicollinerity (Montgomery et al., 2012). It was noticed that predictors 

used in the present study like T, RH and PM2.5 depicted collinearity and over estimation of 

concentrations might be because of this reason.      
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Chapter 6 

Prediction of PM using NN 

The PM forecast is an essential component to assess the quality of air over any region globally. 

The accuracy of the model forecast is critical when it comes to health issues caused by air pollution, 

especially in developing countries like India and China. In this chapter, the main focus is on the 

prediction of PM using ANN over monitoring stations Rourkela and Agra for the study periods 

2009 – 2014 and 2011 – 2015, respectively. Four different neural network models: wavelet-based 

multi-layer perceptron neural network (WMLPNN), wavelet-based recurrent neural network 

(WRNN), multi-layer perceptron neural network (MLPNN) and recurrent neural network (RNN) 

is implemented and, the performance of these neural models is evaluated statistically. The detailed 

methodology adopted to develop the models, and their robustness is explained in detail in this 

chapter. 

6.1 Introduction 

From the literature review, it was noticed that ANN’s have the capability to map the complex non-

linear functions with acceptable accuracy, found to be very flexible and are used in many studies 

to perform prediction of air quality parameters (de Gennaro et al., 2013). To perform neural 

network prediction in the present research work, the study period has been seasonally divided into 

pre-monsoon, monsoon, post-monsoon and winter seasons. ANN modelling generally consists of 

learning, which takes into account both training and testing processes by utilizing historical data 

and investigates the various nonlinearities existing with parameters included in the study. ANN 

generally consists of three layers, namely: an input layer, a hidden layer, and an output layer. These 

different layers are interconnected using synaptic weights, and activation functions are 

incorporated at hidden, and output layers to retain nonlinearities. There are a wide variety of neural 

architectures like MLPNN, RBF (Radial basis function), RNN, etc. and these neural architectures 

are trained by different learning rules to achieve desired prediction accuracy. The different learning 

rules that can be used to train neural networks are backpropagation algorithm, conjugate gradient 

algorithms, delta rule etc., of which backpropagation algorithm was found to be very popular and 
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is being widely used by many researchers to predict the air quality (Patra et al., 2016; Ozturk and 

Dursun, 2016; Taspinar, 2015; Elangasinghe et al., 2014a, b).  

Moreover, as wavelet analysis is advantageous of enhancing the prediction accuracy, wavelet-

based neural networks are incorporated to model the time series in air pollution prediction studies 

(Zhang et al., 2017). In the past, many research works incorporated wavelet analysis in conjunction 

with ANN and obtained desired prediction accuracies (Nunnari, 2004; Siwek et al., 2011; Dunea 

and Iordache, 2015; Feng et al., 2015; Zhang et al., 2017). In the present research work, four neural 

network models, namely wavelet-based MLPNN, wavelet-based RNN, MLPNN, RNN are 

implemented to predict the air quality parameters PM2.5 and PM10. The standard learning rule 

backpropagation algorithm is used to train the considered neural networks and the generalized 

methodology implemented to perform the prediction of PM2.5 and PM10 is shown in the flowchart 

(Figure 6.1) with the necessary explanation in the further sections. 

6.2 Methodology adopted for NN 

6.2.1 Initialization of model parameters and data preparation 

 

Figure 6.1 Generalized methodology adopted for implementing NN. 
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Initialization of model parameters comprises of random initialization of weights connecting the 

input layer to the hidden layer and hidden layer to the output layer and various input and output 

parameters. Various input parameters like T, RH, PBLH, SP, WS, and WD were found to be 

significant in improving the prediction accuracy (Hooyberghs et al., 2005; Kukkonen et al., 2003). 

In the present research work, to perform the prediction, meteorological parameters along with 

wavelet coefficients of PM2.5 and PM10 of previous years (2009–2013 for Rourkela and 2011-2014 

for Agra are used in the present study) are considered as predictor variables. Moreover, it was 

observed from the literature review that lagged input variables are profoundly improving the 

prediction accuracy of ANN models (Taspinar, 2015) hence the models are incorporated with 

lagged WS as one of the predictor variables by back shifting the variable to three days. The ANN 

models are supplied with WS(t), WS (t-1), WS (t - 2) and WS (t - 3) along with other meteorological 

variables, and performance evaluation is carried out where ′t′ indicates the present day, and (t - 1), 

(t - 2), (t - 3) indicates WS variable lagged up to 3 days. All these input and output variables are 

normalized to a range of 0 to 1 before initializing the network to enhance the training speed and 

minimize the noise (Srinivasan et al., 1994). The normalization equation is as follows (Eq. (6.1)): 

𝑁𝑜𝑟𝑚𝑎𝑙𝑖𝑧𝑒𝑑 𝑣𝑎𝑙𝑢𝑒 =  
𝑂𝑟𝑖𝑔𝑖𝑛𝑎𝑙 𝑣𝑎𝑙𝑢𝑒 − 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒

𝑚𝑎𝑥𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒 − 𝑚𝑖𝑛𝑖𝑚𝑢𝑚 𝑣𝑎𝑙𝑢𝑒
 

(6.1) 

6.2.2 Wavelet Analysis 

Wavelet transform has the ability to perform multiresolution analysis and is localized both in time 

and scale, and this capability of wavelet transform makes it appropriate for the study (Feng et al., 

2015; Siwek and Osowski, 2012). The scaled and translated version of the time series signal is 

considered, convolution is performed, and the wavelet transform is carried out (Shaharuddin et al., 

2008). The structure of the wavelet transform is similar to a pyramid and is associated with the 

capability of identifying the seasonality and periodicity existing with the time series data (Soni et 

al., 2017). Out of the two standard forms of wavelet transforms, namely discrete wavelet transform 

(DWT) and continuous wavelet transform (CWT), DWT is included in the present research work. 

The time series under investigation is converted to another effective representation using mother 

wavelet and is mathematically specified as follows (Eq. (6.2)): 

𝐷𝑊𝑇(𝑝, 𝑡) =
1

√𝑏𝑝
∑ 𝑥(𝑛)𝑓 (

𝑡 − 𝑞𝑎𝑏𝑝

𝑏𝑚
)

𝑝

 
                                                                (6.2) 
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The translation and scaling functions of integer p are represented by a and b; t is an integer variable 

with respect to an input signal; the discrete time index is represented by n; input time series and 

mother wavelet function is represented by x(n) and f(t) respectively. The primary principle behind 

DWT is the decomposition of the original signal to an approximate and detail functions at each 

level. Generally, Daubechies wavelet functions are used to extract the finer details associated with 

the time series signal (Daubechies, 1988; Mallat, 1989), and level 1 Daubechies wavelet function 

is mathematically given as follows: 

𝑊1
1 =  (

1

√2
,
−1

√2
, 0,0, … 0) 

 

                                                                 (6.3) 

In the present study, the original series of PM2.5 and PM10 are decomposed by Daubechies1 discrete 

wavelet transformation technique using wavelet toolbox in MATLAB 2013 by applying the above-

mentioned wavelet function in Eq. (6.3). 

6.2.3 Network architecture of multi-layer perceptron feed forward neural 

network (MLPNN) 

The network architecture of WMLPNN is shown in Figure 6.2. The only difference between the 

architecture of MLPNN and WMLPNN is that WMLPNN is provided with extra predictor 

variables W (PM2.5) and W (PM10) i.e., the wavelet decomposed coefficients of PM2.5 and PM10. 

Hence, in the present study, the network architecture of MLPNN is not shown. The network 

architecture includes an input layer, a hidden layer, and an output layer. These layers are 

interconnected by synaptic weights. The hidden layer and output layer are supplied with non-linear 

sigmoid activation functions as these activation functions are found to be capable of retaining and 

approximating the various nonlinear processes associated with the parameters involved in the 

study. As the output of a particular node is multiplied by the corresponding synaptic weight and 

fed in the forward direction to the succeeding layer thereby propagating the information in the 

forward direction these networks are named as feedforward neural networks (Gardner and Dorling, 

1998). By an appropriate choice of synaptic weights and activation function, feedforward 

multilayer perceptron can approximate any measurable function between considered predictor and 

predictands variables (Hornik et al., 1989). 
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Figure 6.2: The network architecture of WMLPNN. 

6.2.4 The network architecture of Recurrent neural networks (RNN)  

The network architecture for WRNN is shown in Figure 6.3. The only difference between the 

architecture of RNN and WRNN is that WRNN is provided with extra predictor variables W 

(PM2.5) and W (PM10), i.e., the wavelet decomposed coefficients of PM2.5 and PM10. Hence, in the 

present study, the network architecture of RNN is not shown. The interpretation of network 

architectures is similar to that of the network architecture of WMLPNN/MLPNN. The difference 

between feedforward neural network and recurrent neural network is that the output of the hidden 

layer is fed back as input to the hidden layer, which implements like a dynamic memory (Elman, 

1990). These feedback connections existing between hidden to hidden are often referred to as 

context layer (can be noticed from the Figure 6.3) and these feedback connections are considered 

as unit time delays (Haykin, 2009). Recurrent connections enable the network to store the prior 

information by one-time step and empower the capability of a network to have a record of prior 

information (Elman, 1990). The sigmoid activation function used for WMLPNN is also used here 

to preserve the nonlinearities associated with various parameters and processes involved in the 

modeling. The learning rule backpropagation algorithm is used for training both 



Chapter 6                                                                                         Prediction of PM using NN 

128 

 

MLPNN/WMLPNN and WRNN/RNN architectures, and the step by step procedure adopted to 

carry out the training of architectures is explained in detail in section 6.3. 

 

Figure 6.3: The network architecture of WRNN. 

Note that, wavelet decomposed PM2.5 and PM10 are given as inputs to the neural network 

models and are termed as wavelet based neural networks. For Agra, the wavelet decomposed 

coefficients of PM2.5 and PM10 for a period of 2011-2014 are given as inputs for predicting 

concentrations of 2015. Similarly, for Rourkela also wavelet coefficients of PM for a period of 

2009-2013 are provided as inputs for prediction of 2014 concentrations. Hence in Figures 6.2 and 

6.3 wavelet based decomposed coefficients of PM2.5 and PM10 are denoted as W(PM2.5) and 

W(PM10) for simplicity. 

6.3 Training the network architectures 

The procedure using which the synaptic connections existing between the input layer to the hidden 

layer and hidden layer to the output layer are adjusted to get the desired response is referred to as 

training. The major objective of the training is to minimize the error to a plausible extent (Gardner 

and Dorling, 1998). The standard learning algorithm backpropagation algorithm is used to train 

both multi-layer perceptron feedforward neural network and recurrent neural networks. The 
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backpropagation learning algorithm uses the gradient descent technique to achieve the global 

minimum of the error surface (Rumelhart et al., 1986). All the steps involved in the learning 

algorithm are explained by considering wavelet coefficients of PM2.5 and PM10. The algorithm 

includes forward pass and backward pass to adjust the synaptic weights, and error associated with 

the model is minimized accordingly. The forward pass, backward pass, and error minimization are 

explained by Figures 6.4, 6.5 and 6.6. 

 

Figure 6.4: Forward pass of the backpropagation learning algorithm. 

Figure 6.4 explains the forward pass where j, k, and l indicates the number of input, hidden and 

output nodes, respectively. The neurons of the input layer and hidden layer are connected through 

synaptic weights Wjk, and the neurons of the hidden layer and output layer are connected through 

synaptic weights Vkl. The output of the hidden nodes and output nodes are a function of the sum 

of the inputs and nonlinear sigmoid activation functions. From Figure 6.4, the net input to the 

hidden nodes associated with the hidden layer is denoted by Nethk and is mathematically specified 

as follows (Eq. (6.4)): 

𝑁𝑒𝑡ℎ𝑘
= ∑ ∑ 𝑊𝑗𝑘

𝑘𝑗

× 𝐼𝑗 
(6.4) 

The net input of the hidden nodes is squashed by using of a sigmoid activation function, and the 

output of hidden nodes (denoted as Outhk) is given as follows (Eq. (6.5)): 

Outhk
=  

1

1 + e−Netℎ𝑘
 

(6.5) 

Similarly, the net input to the output nodes (NetOl) is shown in Eq. (6.6). The activation function 

is also applied here, and the model output is obtained at an output node and is given by Eq. (6.7): 

𝑁𝑒𝑡𝑂𝑙
=  ∑ ∑ 𝑉𝑘𝑙

𝑙𝑘

× 𝑂𝑢𝑡ℎ𝑘
 

(6.6) 
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𝑂𝑢𝑡𝑂𝑙
=

1

1 + 𝑒−𝑁𝑒𝑡𝑂𝑙
 

(6.7) 

Now, the mean squared error is calculated by considering the difference between desired and 

model outputs and added together to obtain the total error and is given mathematically specified 

in Eqns. (6.8) and (6.9) as follows: 

E𝑂𝑙
=

1

2
(Target𝑂𝑙

− Output𝑂𝑙
)

2
 

    (6.8) 

ETotal = ∑ E𝑂𝑙

𝑙

 
   (6.9) 

 

 

Figure 6.5: The backward propagation of error from the output layer to the hidden layer by manipulation 

of weights Vkl. 

In equation (6.8), Target refers to the desired output and output refers to the model output, 

respectively. The error is calculated by using equation (6.8) and is back propagated to adjust the 

synaptic connections existing between the output layer to the hidden layer and hidden layer to the 

input layer (shown in Figures 6.5 and 6.6). The main objective of the backward propagation of 

weights is to minimize the difference between the desired and model outputs, which eventually 

reduces the total error associated with the network (Eq. (6.9)). The delta rule or chain rule is applied 

for the manipulation of weights, and the manipulation of synaptic weight Vkl can be adjusted by 

Eq. (6.10), which can be given as follows: 

∂ETotal

∂Vkl
=

∂ETotal

∂OutO𝑙

×
∂OutO𝑙

∂Net𝑂𝑙

×
∂𝑁𝑒𝑡𝑂𝑙

∂Vkl
 

(6.10) 
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The net change associated with weight Vkl is calculated by taking the difference between the 

change in synaptic weight Vkl and the original weight Vkl and is mathematically specified as 

follows (Eq. (6.11): 

∆Vkl = V𝑘𝑙 −  η ×
∂ETotal

∂V𝑘𝑙
 

(6.11) 

 

Figure 6.6: The backward propagation of error from the output layer to the input layer to adjust 

the synaptic weights connecting the hidden layer and input layer. 

In the above equation, η denotes to the learning parameter, which makes all the nodes situated in 

the network architecture to be trained at the same rate (Haykin, 2009). Similarly, the synaptic 

weights connecting from the input layer to the hidden layer are adjusted as shown in Figure 6.6, 

and mathematically the adjustment is given as follows (equation (6.12)): 

∂ETotal

∂W𝑗𝑘
=

∂ETotal

∂Outℎ𝑘

×
∂Outℎ𝑘

∂Netℎ𝑘

×
∂Netℎ𝑘

∂W𝑗𝑘
 

(6.12) 

Where,  

∂ETotal

∂Outℎ𝑘

= ∑ ∑
∂E𝑂𝑙

∂Outℎ𝑘𝑙𝑘

 
(6.13) 

Finally, the net change in weight Wjk can be calculated by equation 6.14 and is mathematically 

given as follows: 

∆W𝑗𝑘 = W𝑗𝑘 − η ∗
∂ETotal

∂W𝑗𝑘
 

(6.14) 

The updation of synaptic weights is carried out for a certain number of iterations, which is 

predefined so that minimum error is obtained and the model output is similar in variation as that 

of the desired output. The learning algorithm adopted for MLPNN/WMLPNN is also implemented 
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for WRNN/RNN, and the number of derivatives in the equations will differ due to the presence of 

the context layer. The model architectures and their specifications are mentioned in Table 6.1. 

Table 6.1: The network architecture and predictors and predictands for the MLPNN, RNN, WMLPNN 

and WRNN (in i-h-o, ‘i’ indicates the number of input nodes, ‘h’ indicates the number of hidden nodes, 

‘o’ indicates the number of output nodes). 

 

The four neural network models, namely MLPNN, RNN, WMLPNN, and WRNN, are trained 

using daily data on a seasonal basis for the study period 2009-2013 and 2011-2014 for Rourkela 

and Agra, respectively. Predictions of PM2.5 and PM10 are performed seasonally for the years 2014 

and 2015 respectively for Rourkela and Agra. The db1 wavelet coefficients of PM2.5 and PM10 

obtained from 2009–2013 for Rourkela and 2011-2014 for Agra and these coefficients are 

provided as inputs for WMLPNN and WRNN. The neural network models are also trained for 

various lag conditions to optimize model performance. As mentioned earlier WS (t - 1), WS (t - 2), 

WS (t - 3) conditions along with no lag in WS (WS(t)) are used as one of the predictors to the four 

models and predictions are performed. The data are divided into training and testing data sets on a 

seasonal basis and are normalized to a range of 0 to 1 using equation 6.1 before giving it to the 

neural network model. The number of hidden nodes is varied from four nodes to the twelve nodes, 

and it was found that eight hidden nodes are providing good results with the minimum mean square 

error. Hence, eight neurons are considered in the hidden layer for the four neural architectures. 

The learning rate and learning momentum parameters are varied from 0.1 to 0.9, and better results 

were found when 0.1 and 0.2 are considered. The network is trained for numerous times until 

Model 

Architecture  

(i-h-o) 
Predictors Predictands 

MLPNN 6-8-2 T, H, PBLH, SP, WD, WS PM2.5, PM10 

RNN 6-8-2 T, H, PBLH, SP, WD, WS PM2.5, PM10 

WMLPNN 8-8-2 T, H, PBLH, SP, WD, WS, W(PM2.5), W(PM10) PM2.5, PM10 

WRNN 8-8-2 T, H, PBLH, SP, WD, WS, W(PM2.5), W(PM10) PM2.5, PM10 
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minimum error is obtained. The minimum mean squared error is predefined as 0.001 and training, 

and predictions are performed using MATLAB 2013 platform.  

The prediction of PM concentration using atmospheric chemistry models was performed by many 

atmospheric chemistry models and was proved to be robust. But the present study mainly focused 

on seasonal prediction of PM2.5 and PM10 using neural networks. Atmospheric chemistry models 

are not incorporated in the study due to the following reasons: 

 Adequate knowledge of pollutants sources, the real-time emission capacity, the accurate 

description of vital chemical reactions among exhaust gases and temporal physical 

processes under the effect of the planetary boundary layer are absent over the study areas. 

 The emission inventory data and composition information during the time of analysis over 

the considered study areas was absent during the study period. 

The data-driven approaches like NN are an alternative to atmospheric chemistry models. The 

reason is less complicacy of NN for many factors, e.g., dependency on mass database of several 

input variables, intense computations and detailed knowledge of topographic information (Dutot 

et al., 2007a,b; Elangasinghe et al., 2014; Hrust et al., 2009; Sun et al., 2013). NN approach 

performs better in predicting sharp fluctuations in pollutants concentrations occurred mainly due 

to smoke emitted by forest fires, more appropriately than regional chemistry model CMAQ 

(Lightstone et al., 2017). It signifies that predictions obtained by NN are not inferior to chemistry 

models and can be used to predict lethal concentrations. Hence, in the present study, ANN has 

been chosen for the seasonal prediction of PM over considered study areas 

6.4 Performance evaluation of the networks 

The performance of the four neural architectures namely MLPNN, RNN, WMLPNN, WRNN is 

evaluated statistically using RMSE, Coefficient of determination (R2), Normalized mean bias 

(NMB) and Akaike’s Information Criteria (AIC) (Akaike, 2011; Elangasinghe et al., 2014a, b). 

The statistical parameters are mathematically specified in Equations (6.15), (6.16), (6.17) and 

(6.18). In these equations ‘n’ denotes the number of input patterns, ‘Pi’ denotes the ith predicted 

value for ‘n’ number of input patterns and ‘Oi’ denotes the ith desired output and K denotes the 

number of input neurons (equations are adopted from Elangasinghe et al., 2014a, b). 

https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib50
https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib50
https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib51
https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib52
https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib79
https://www.sciencedirect.com/science/article/pii/S1364815218306352#bib169
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6.5 Seasonal prediction of PM2.5 and PM10 

As the quality of air varies from season to season due to the dynamics of the atmosphere, 

meteorological conditions play a very prominent role in the modulation of pollutants properties 

(Elbayoumi et al., 2015). Hence, in the present research work, seasonal prediction of PM with 

meteorological variables as predictor variables is incorporated using four neural architectures 

MLPNN, WMLPNN, RNN and WRNN for Rourkela and Agra. Previous studies like Taspinar 

(2015) enhanced the accuracy of prediction of ANN trained by backpropagation algorithm by 

introducing the lag scheme in meteorological variables WS and T and air quality parameter PM10 

and stated that seasonal ANN models with lagged input variables perform well with a noticeable 

increment in prediction accuracy. Hence, in the present study lag scheme is introduced in the 

predictor WS as it was positively modulating the prediction accuracy. At first, the lag scheme was 

introduced to all the meteorological parameters considered in modeling like T, H, PBLH and SP 

but the model’s accuracy was not enhanced and hence resulted corresponding to lag scheme in T, 

H, PBLH, SP, and WD are not shown here. Therefore, the present research work is restricted to 

the lag scheme in only WS. The predictands PM2.5 and PM10 are considered to be the function of 

meteorological parameters, and four ANN architectures are tested for the following four cases of 

WS. 

  

𝑅𝑀𝑆𝐸 =  √
∑ (𝑃𝑖 − 𝑂𝑖)𝑛

𝑖=1

𝑛
 

(6.15) 

𝑅2 = [
1

𝑛 − 1
∗ ∑ (

𝑃𝑖 − �̅�

𝜎𝑃
) (

𝑂𝑖 − �̅�

𝜎𝑂
)

𝑛

𝑖=1

]

2

 

(6.16) 

𝐴𝐼𝐶(𝐾) = 𝑛 ∗ 𝑙𝑛 (
1

𝑛
∗ ∑(𝑂𝑖 − 𝑃𝑖)

2

𝑛

𝑖=1

) + 2𝐾 
(6.17) 

𝑁𝑀𝐵 =  
∑ (𝑃𝑖 − 𝑂𝑖)

𝑛
𝑖=1

∑ 𝑂𝑖
𝑛
𝑖=1

 
                           (6.18) 
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where PM(t) indicates either PM2.5 and PM10 concentrations, t indicates present time, (t-1), (t - 2), 

(t - 3) indicates the WS variable back shifted or lagged by one day, two days and three days 

respectively, W(PM) indicates wavelet coefficients of PM2.5 and PM10. Readers are suggested not 

to consider the wavelet decomposed coefficients of PM2.5 and PM10 as input variables for MLPNN 

and RNN models while interpreting the above-mentioned equations. Performance of the neural 

architectures considering the various lag schemes in WS variable in different seasons and their 

statistical implications are shown in the following sections. 

6.5.1 Seasonal prediction of PM2.5 and PM10 using NN over Rourkela 

6.5.1.1 Wavelet decomposition of PM 

The db1 wavelet decomposed coefficients of PM2.5 and PM10 for the study period of 2009–2014 

and 2011-2015 in pre-monsoon, monsoon, post-monsoon and winter seasons for Rourkela and 

Agra are shown in Figure 6.7 and Figure 6.8 respectively. The coefficients of PM2.5 and PM10 are 

a combination of two components, firstly, a smooth version of the approximation component and 

secondly, a detail component.  From the physical interpretation of Figures 6.7 and 6.8, it can be 

observed that negative pollution levels are noticed in the wavelet decomposed series, and it is 

because of the detail component. When this detailed component is added to the approximation 

component, it results in the reconstruction of the original time series signal. Decomposing the 

original signal using db1 transformation helps us to examine the signal variations at the finer level 

(Siwek and Osowski, 2012). These coefficients (obtained for the study period 2009–2013 and 

2011-2014 for Rourkela and Agra) are further given as predictors to the WRNN and WMLPNN 

models to predict the PM concentrations. 

 

(i) 𝑃𝑀(𝑡) = 𝑓{𝑇(𝑡), 𝑅𝐻(𝑡), 𝑃𝐵𝐿𝐻(𝑡), 𝑆𝑃(𝑡), 𝑊𝑆(𝑡), 𝑊𝐷(𝑡), 𝑊(𝑃𝑀(𝑡))} 

(ii) 𝑃𝑀(𝑡) = 𝑓{𝑇(𝑡), 𝑅𝐻(𝑡), 𝑃𝐵𝐿𝐻(𝑡), 𝑆𝑃(𝑡), 𝑊𝑆(𝑡 − 1), 𝑊𝐷(𝑡), 𝑊(𝑃𝑀(𝑡))} 

(iii) 𝑃𝑀(𝑡) = 𝑓{𝑇(𝑡), 𝑅𝐻(𝑡), 𝑃𝐵𝐿𝐻(𝑡), 𝑆𝑃(𝑡), 𝑊𝑆(𝑡 − 2), 𝑊𝐷(𝑡), 𝑊(𝑃𝑀(𝑡))} 

(iv) 𝑃𝑀(𝑡) = 𝑓{𝑇(𝑡), 𝑅𝐻(𝑡), 𝑃𝐵𝐿𝐻(𝑡), 𝑆𝑃(𝑡), 𝑊𝑆(𝑡 − 3), 𝑊𝐷(𝑡), 𝑊(𝑃𝑀(𝑡))} 
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Figure 6.7: Daubechies level 1 wavelet coefficients of PM2.5 during (a) pre-monsoon (c) monsoon (e) 

post-monsoon and (g) winter and for PM10 in (b) pre-monsoon (d) monsoon (f) post-monsoon and (h) 

winter during the study period 2009-2014 for Rourkela monitoring site. The time series in green color 

indicates the original time series of PM2.5 and PM10 in μg/m3 and time series in blue color denotes the 

wavelet coefficients of PM2.5 and PM10. The x-axis indicates the number of days during the study period 

while the y-axis is PM2.5/PM10. 

 

Figure 6.8: Daubechies level 1 wavelet coefficients of PM2.5 during (a) pre-monsoon (c) monsoon (e) 

post-monsoon and (g) winter and for PM10 in (b) pre-monsoon (d) monsoon (f) post-monsoon and (h) 

winter during the study period 2011-2015 for Taj monitoring site of Agra. The time series in green color 

indicates the original time series of PM2.5 and PM10 in μg/m3 and time series in blue color denotes the 

wavelet coefficients of PM2.5 and PM10. The x-axis indicates the number of days during the study period 

while the y-axis is PM2.5/PM10. 
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6.5.1.2 Prediction of PM2.5 and PM10 in the pre-monsoon season over Rourkela 

 

Figure 6.9: Seasonal prediction of PM2.5 for (a) Pre-monsoon (b) Monsoon (c) Post-monsoon and (d) 

Winter using four neural networks MLPNN, RNN, WMLPNN, and WRNN during the study period 2014 

over Rourkela region. 

In pre-monsoon season (Figures 6.9a, 6.10a), for PM2.5 and PM10, WMLPNN is found to be 

performing well compared to other neural network models like WRNN, MLPNN, and RNN. 

Prediction accuracy in the pre-monsoon season is found to be enhanced when the lag scheme was 

introduced in the WS variable. Hence in the present research work, we considered WS (t-1), WS 

(t - 2) and WS (t - 3) along with no lag in WS and training and predictions were performed. Among 

the four lag schemes of WS, results with satisfactory correlation and low RMSE are only shown 

in Figures 6.9 and 6.10 for PM2.5 and PM10 in all the seasons. It was noticed that WMLPNN with 

the lag scheme of WS (t - 3) is performing well in pre-monsoon season for both PM2.5 and PM10 

whereas other neural networks like MLPNN, RNN and WRNN did not depict an improvement in 

prediction accuracy when lagged WS is given as predictor variable. In Figure 6.9a, MLPNN, and 
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WRNN model outputs with WS (t-2) are shown, whereas RNN with WS (t-2) scheme are shown 

for both PM2.5 and PM10 in Figure 6.10a. The statistics computed for the four neural architectures 

during the pre-monsoon season to predict PM2.5 and PM10 are shown in Table 6.2. The value of K 

in the computation of AIC is considered as six for MLPNN and RNN whereas eight for WMLPNN 

and WRNN where K denotes the number of predictor variables in the four models can be 

interpreted in the same way for the monsoon, post-monsoon and winter seasons. 

6.5.1.3 Prediction of PM2.5 and PM10 in the monsoon season over Rourkela 

 

Figure 6.10: Seasonal prediction of PM10 for (a) Pre-monsoon (b) Monsoon (c) Post-monsoon and (d) 

Winter using four neural networks MLPNN, RNN, WMLPNN, and WRNN during the study period 2014 

over Rourkela region. 

In the monsoon season, Figure 6.9b for PM2.5, RNN and WMLPNN network outputs with no lag 

in WS (WS (t)) are shown whereas for MLPNN and WRNN networks outputs with WS (t - 2) are 

shown. Similarly, in Figure 6.10b, for PM10, for the MLPNN, RNN and WMLPNN network 

outputs with no lag in WS (WS (t)) are shown whereas for WRNN network output corresponding 
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to WS (t - 2) lag scheme are shown. From the Figures, it can be noticed that during monsoon season 

output of the WMLPNN model corresponding to no lag scheme is performing satisfactorily among 

all the models. The statistical measurements of these four models obtained during monsoon are 

shown in Table 6.3. From the values of the statistical performance of WMLPNN, it can be noticed 

that desired output and model output are correlated for both PM2.5 and PM10 with a value of 0.8475 

and 0.9327 respectively during the study period. 

6.5.1.4 Prediction of PM2.5 and PM10 in post-monsoon season over Rourkela 

In the post-monsoon season over Rourkela, in Figures, 6.9c and 6.10c, for both PM2.5 and PM10, 

MLPNN network output corresponding to no lag scheme are shown whereas for RNN and WRNN 

output corresponding to WS (t-2) and WMLPNN with WS (t-1) are shown in figures. Out of the 

four models, WMLPNN with WS (t-1) was found to be outperforming all other techniques by 

depicting a good correlation between the observed and model outputs. The correlation coefficient 

was found to be 0.9916 for PM2.5 and 0.9988 for PM10 during the study period. 

6.5.1.5 Prediction of PM2.5 and PM10 in winter season over Rourkela 

For the winter season, in Figures, 6.9d and 6.10d, for both PM2.5 and PM10, MLPNN and RNN 

outputs corresponding to lag schemes WS (t-2) and WS(t-1) are shown. For WMLPNN, network 

output with lag scheme WS (t-2) for PM2.5 and no lag scheme for PM10 are shown. Similarly, 

WRNN output corresponding to WS (t-3) and WS(t-2) are shown for PM2.5 and PM10, respectively. 

WMLPNN model output outperformed compared to model outputs of WRNN, MLPNN and RNN 

techniques. The statistical measures for the four neural network models with different lag schemes 

in WS variables are shown in Table 6.5. The correlation between predicted and observed values 

of PM2.5 and PM10 by WMLPNN model was found to be 0.6417 and 0.8042, respectively, thereby 

depicting a satisfactory performance. 
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Table 6.2: Statistical performance measures of PM2.5 and PM10 in pre-monsoon season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2014 over Rourkela region. 

 

 

 

 Pre-monsoon 

Pollutant 

Technique 

RSPM SPM 

AIC R2 RMSE NMB AIC R2 RMSE NMB 

 WS (𝑡) 98.5450 0.7019 5.6457 0.0019 111.9830 0.9611 7.3865 0.0001 

MLPNN WS (𝑡 − 1) 49.8687 0.9576 2.1327 0.0017 60.9084 0.9952 2.6596 0.0027 

 WS (𝑡 − 2) 88.9736 0.8451 4.6621 0.0218 105.3067 0.9826 6.4633 0.0183 

 WS (𝑡 − 3) 74.2009 0.8871 3.4695 0.00007 105.9753 0.9696 6.5503 0.0022 

 WS (𝑡) 105.8436 0.7235 6.5330 0.0086 155.5339 0.8130 17.6490 0.0043 

RNN WS (𝑡 − 1) 154.7383 0.0080 17.3704 -0.1515 221.4162 0.0081 65.9123 -0.2321 

 WS (𝑡 − 2) 67.7008 0.9148 3.0466 0.0050 100.7677 0.9765 5.9024 0.0064 

 WS (𝑡 − 3) 136.0506 0.2606 11.9534 -0.0645 205.2308 0.1583 47.6850 -0.0950 

 WS (𝑡) 99.5748 0.7406 5.3201 0.0026 185.1823 0.5996 29.4781 -0.0250 

WMLPNN WS (𝑡 − 1) 72.3721 0.9127 3.0878 0.0035 118.4982 0.9590 7.7676 0.0069 

 WS (𝑡 − 2) 140.2656 0.0120 12.0049 0.0408 189.7931 0.3083 32.3257 0.0340 

 WS (𝑡 − 3) 40.0552 0.9755 1.6179 -0.0001 57.9256 0.9962 2.3129 -0.0004 

 WS (𝑡) 106.3630 0.6922 6.0937 -0.0069 117.1460 0.5748 25.1013 -0.0084 

WRNN WS (𝑡 − 1) 98.2337 0.7544 5.1793 -0.0010 163.1007 0.7468 18.9540 0.0067 

 WS (𝑡 − 2) 131.2705 0.0705 10.0283 0.0018 187.3280 0.4256 30.7706 0.0333 

 WS (𝑡 − 3) 118.4953 0.4490 7.7672 -0.0060 169.6244 0.6822 21.3380 0.0094 
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Table 6.3: Statistical performance measures of PM2.5 and PM10 in monsoon season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2014 over Rourkela region. 

Monsoon 

               Pollutant 

Technique 

RSPM SPM 

AIC R2 RMSE NMB AIC R2 RMSE NMB 

 WS (𝑡) 211.3872 0.2421 18.7682 0.0023 270.6082 0.3777 44.8382 0.0070 

MLPNN WS (𝑡 − 1) 215.5784 0.1398 19.9614 0.0003 260.9644 0.1763 52.2144 0.0150 

 WS (𝑡 − 2) 208.4015 0.3031 17.9620 -0.0015 270.5983 0.3735 44.8317 -0.0002 

 WS (𝑡 − 3) 216.2632 0.1222 20.1634 -0.0004 280.7770 0.1546 52.0707 0.0016 

 WS (𝑡) 203.9328 0.3898 16.8195 0.0069 268.6912 0.4238 43.5919 -0.0400 

RNN WS (𝑡 − 1) 218.2439 0.0834 20.7594 0.0308 281.7716 0.1319 52.8379 0.0131 

 WS (𝑡 − 2) 215.6836 0.1479 20.0236 -0.0060 281.6836 0.1517 52.7696 -0.0084 

 WS (𝑡 − 3) 208.0010 0.3274 17.8565 0.0324 274.1316 0.3186 47.2228 0.0322 

 WS (𝑡) 160.7362 0.8475 8.4020 0.0012 198.6540 0.9327 14.6742 -0.0009 

WMLPNN WS (𝑡 − 1) 198.4243 0.5402 14.6247 -0.0008 254.1117 0.6585 33.1699 -0.0031 

 WS (𝑡 − 2) 207.4609 0.3975 16.7032 -0.0007 276.5551 0.3362 46.1406 -0.0008 

 WS (𝑡 − 3) 216.6800 0.2105 19.1284 -0.0004 276.4624 0.3387 46.0777 -0.0003 

 WS (𝑡) 213.8850 0.2718 18.3582 -0.0007 271.0687 0.4352 42.5641 0.0024 

WRNN WS (𝑡 − 1) 207.5584 0.4005 16.7272 -0.0181 262.5733 0.5762 36.5652 -0.0398 

 WS (𝑡 − 2) 188.5775 0.6572 12.6531 0.0151 247.8934 0.7243 30.2712 -0.0335 

 WS (𝑡 − 3) 204.6739 0.4470 16.0325 0.0068 260.5775 0.5855 36.4787 0.0069 
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Table 6.4: Statistical performance measures of PM2.5 and PM10 in post-monsoon season using four 

neural networks MLPNN, RNN, WMLPNN and WRNN for the year 2014 over Rourkela region. 

 Post-monsoon 

               Pollutant 

Technique 

RSPM SPM 

AIC R2 RMSE NMB AIC R2 RMSE NMB 

 WS (𝑡) 102.6740 0.0607 22.0983 -0.0037 94.2877 0.1529 16.3788 -0.0001 

MLPNN WS (𝑡 − 1) 60.3543 0.9490 5.6234 -0.0204 56.6264 0.9256 4.9224 -0.0021 

 WS (𝑡 − 2) 45.6173 0.9816 3.3222 -0.0114 53.1509 0.9400 4.3478 -0.0051 

 WS (𝑡 − 3) 98.0034 0.1039 21.5753 -0.0025 90.7618 0.1457 16.6585 -0.0042 

 WS (𝑡) 92.4499 0.5889 17.6937 0.0713 83.1432 0.5924 12.6902 0.0241 

RNN WS (𝑡 − 1) 102.7804 0.0001 25.5888 0.0324 95.2267 0.0001 19.5384 0.0148 

 WS (𝑡 − 2) 36.0171 0.9898 2.2379 -0.0053 55.3984 0.9331 4.7112 -0.0046 

 WS (𝑡 − 3) 100.7117 0.0358 23.7664 0.0033 89.2792 0.2361 15.7994 -0.0089 

 WS (𝑡) 54.2561 0.9737 3.9208 -0.0129 68.2401 0.9519 6.4606 -0.0116 

WMLPNN WS (𝑡 − 1) 36.6087 0.9916 2.0876 -0.0001 4.6491 0.9988 0.6667 -0.0009 

 WS (𝑡 − 2) 55.3329 0.9330 4.0745 -0.0044 70.7615 0.8558 7.0693 -0.0064 

 WS (𝑡 − 3) 104.6543 0.4455 23.7178 0.0472 100.3341 0.3313 20.3266 0.0050 

 WS (𝑡) 109.9586 0.1003 28.6646 0.1334 95.3112 0.2598 16.9866 0.0268 

WRNN WS (𝑡 − 1) 109.2253 0.0820 27.9237 0.1046 99.0532 0.0845 19.4177 0.0197 

 WS (𝑡 − 2) 89.2934 0.8080 13.7031 -0.0215 86.7097 0.5462 12.4952 -0.0052 

 WS (𝑡 − 3) 113.9418 0.0024 33.0467 0.1092 101.0578 0.0193 20.8588 0.0159 
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Table 6.5: Statistical performance measures of PM2.5 and PM10 in winter season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2014 over Rourkela region. 

 

 

 

 Winter 

               Pollutant 

Technique 

RSPM SPM 

AIC R2 RMSE NMB AIC R2 RMSE NMB 

 WS (𝑡) 104.7990 0.0445 6.3903 -0.0001 134.0959 0.0451 16.9866 0.00008 

MLPNN WS (𝑡 − 1) 101.6368 0.1306 5.9380 -0.0028 116.6368 0.5041 19.4177 0.0032 

 WS (𝑡 − 2) 97.5804 0.2983 5.5379 -0.0002 113.4829 0.5727 12.4952 0.0057 

 WS (𝑡 − 3) 104.7390 0.0445 6.3903 -0.00001 134.0956 0.0450 20.8588 -0.00008 

 WS (𝑡) 100.1259 0.1854 5.8271 0.0105 129.1713 0.3200 11.4951 -0.0193 

RNN WS (𝑡 − 1) 97.5842 0.2717 5.5383 -0.0115 110.8904 0.6051 8.1071 0.0031 

 WS (𝑡 − 2) 101.9070 0.1383 6.0384 -0.0027 131.4584 0.1164 7.6115 0.0045 

 WS (𝑡 − 3) 103.3729 0.0847 6.2181 0.0095 135.8474 0.0977 11.4950 -0.0175 

 WS (𝑡) 90.0227 0.5228 4.3949 0.0006 97.1329 0.8042 10.4169 -0.0003 

WMLPNN WS (𝑡 − 1) 98.0563 0.3453 5.1610 0.0039 111.6758 0.6496 7.2269 0.0002 

 WS (𝑡 − 2) 82.9024 0.6417 3.8116 -0.0003 101.6800 0.7652 10.9044 -0.0005 

 WS (𝑡 − 3) 92.9854 0.4630 4.6632 -0.0008 108.9071 0.6864 11.9049 -0.0002 

 WS (𝑡) 104.0996 0.1823 0.5273 0.0050 104.0996 0.2780 5.0665 -0.0032 

WRNN WS (𝑡 − 1) 96.9201 0.5272 5.0451 0.0240 144.8700 0.1013 6.7769 -0.0339 

 WS (𝑡 − 2) 93.0255 0.4649 0.7971 0.0025 93.0255 0.6353 5.5489 -0.0076 

 WS (𝑡 − 3) 104.5063 0.1934 0.8941 0.0003 104.5063 0.7994 6.148 -0.0054 
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6.5.2 Seasonal prediction of PM2.5 and PM10 using NN over Agra 

6.5.2.1 Prediction of PM2.5 and PM10 in the pre-monsoon season over Agra 

In the pre-monsoon season (Figures 6.11a, 6.12a), for PM2.5 and PM10, WMLPNN is found to be 

performing well compared to other neural network models like WRNN, MLPNN, and RNN. 

Prediction accuracy in the pre-monsoon season is found to be enhanced when the lag scheme was 

introduced in the WS when PM10 is considered, whereas, for PM2.5, WS without lag was 

performing better. Hence in the present research work, as we considered for Rourkela, over Agra 

also, we considered WS (t-1), WS (t - 2) and WS (t - 3) along with no lag in WS, to perform 

training (2011-2014) and predictions (2015). Among the four lag schemes of WS, results with 

satisfactory correlation and low RMSE are only shown in Figures 6.11 and 6.12 for PM2.5 and 

PM10 in all the seasons. It was noticed that WMLPNN with WS (t) is performing well in the pre-

monsoon season for PM2.5, whereas for PM10, WMLPNN with WS (t-2) scheme was found to be 

performing well. In Figure 6.11a, MLPNN, RNN and WRNN model outputs corresponding to 

WS(t-2) are shown whereas WMLPNN with WS (t) scheme is shown for PM2.5 and for PM10 RNN, 

WMLPNN and WRNN model outputs with WS (t - 2) scheme is shown whereas MLPNN with lag 

scheme of WS (t-1) is shown in Figure 6.12a. The statistics computed for the four neural 

architectures during the pre-monsoon season to predict PM2.5 and PM10 are shown in Table 6.6 

over Agra for 2015. The value of K in the computation of AIC is considered as six for MLPNN 

and RNN whereas eight for WMLPNN and WRNN where K denotes the number of predictor 

variables in the four models can be interpreted in the same way for the monsoon, post-monsoon 

and winter seasons. 

6.5.2.2 Prediction of PM2.5 and PM10 in monsoon season over Agra 

In Figure 6.11b for PM2.5, MLPNN and RNN model outputs corresponding to lag scheme WS (t) 

are shown whereas for WMLPNN and WRNN lag schemes WS (t - 2) and WS (t - 3) respectively 

are shown. Similarly, for PM10 (Figure 6.12b), MLPNN, RNN, WRNN model outputs 

corresponding to WS (t) are shown whereas for the WMLPNN model WS (t - 1) lag scheme output 

is shown. From the Figures, it can be noticed that during monsoon season output of the WMLPNN 

model corresponding to lag scheme WS (t - 2) performed well for PM2.5 whereas for PM10 

WMLPNN with lag scheme WS (t - 1) depicted a satisfactory performance among all the models. 

The statistical measurements of these four models obtained during monsoon for PM2.5 and PM10 
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are shown in Table 6.7. From the values of the statistical performance of WMLPNN, it can be 

noticed that desired output and model output are correlated for both PM2.5 and PM10 with a value 

of 0.7436 and 0.8329, respectively during the study period. 

 

Figure 6.11: Seasonal prediction of PM2.5 for (a) Pre-monsoon (b) Monsoon (c) Post-monsoon and (d) 

winter using four neural networks MLPNN, RNN, WMLPNN, and WRNN during the study period 2015 

over Agra region. 

6.5.2.3 Prediction of PM2.5 and PM10 in the post-monsoon season over Agra 

In the post-monsoon season over Agra, in Figure 6.11c, WMLPNN, RNN and WRNN model 

output corresponding to lag scheme WS (t - 3) and MLPNN output corresponding to lag scheme 

WS (t - 2) are shown for PM2.5. Similarly, for PM10, in Figure 6.12c, MLPNN, RNN, and WRNN 

model output corresponding to lag scheme WS (t - 3) and WMLPNN with no lag (WS (t)) scheme 

are shown. During post-monsoon season WMLPNN with WS (t - 3) predicted well for 
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Figure 6.12: Seasonal prediction of PM10 for (a) Pre-monsoon (b) Monsoon (c) Post-monsoon and (d) 

winter using four neural networks MLPNN, RNN, WMLPNN, and WRNN during the study period 2015 

over Agra region. 

PM2.5 whereas for PM10 MLPNN with a lag scheme of WS (t - 3) was found to be depicting a good 

agreement between observed and model-derived PM10. The statistical performance evaluation of 

the four models is shown in Table 6.8. The correlation coefficient was found to be satisfactory 

with a value of 0.0991 and 0.9549, respectively for, PM2.5 and PM10 during the study period. 
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Table 6.6: Statistical performance measures of PM2.5 and PM10 in pre-monsoon season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2015 over Agra region. 

Pre-monsoon 

Pollutant 

 

Technique 

RSPM SPM 

AIC R
2

 RMSE NMB AIC R
2

 RMSE NMB 

 WS (𝑡) -227.22 0.5601 0.1407 0.0007 -219.83 0.5793 0.1495 -0.0032 

MLPNN WS (𝑡 − 1) -244.15 0.6669 0.1225 -0.0044 -243.57 0.7151 0.1231 -0.0057 

 WS (𝑡 − 2) -255.13 0.7255 0.1120 -0.0168 -241.33 0.7166 0.1254 -0.0341 

 WS (𝑡 − 3) -215.41 0.4665 0.1550 -0.0011 -206.58 0.4769 0.1667 -0.00002 

 WS (𝑡) -195.83 0.2665 0.1820 -0.0101 -193.46 0.3521 0.1856 -0.0116 

RNN WS (𝑡 − 1) -186.06 0.1445 0.1972 -0.0048 -175.20 0.1326 0.2156 0.0060 

 WS (𝑡 − 2) -227.75 0.5663 0.1401 -.0238 -213.59 0.5390 0.1574 -0.0393 

 WS (𝑡 − 3) -208.79 0.4104 0.1637 0.0230 -194.11 0.3590 0.1846 0.0157 

 WS (𝑡) -256.09 0.7436 0.1075 0.0039 -246.94 0.7473 0.1159 -0.0064 

WMLPNN WS (𝑡 − 1) -227.88 0.5928 0.1335 0.0011 -234.63 0.6910 0.1282 -0.0028 

 WS (𝑡 − 2) -251.70 0.7244 0.1114 -0.0010 -272.03 0.8329 0.0943 -0.0131 

 WS (𝑡 − 3) -240.11 0.6675 0.1225 0.0012 -226.52 0.6470 0.1370 -0.0037 

 WS (𝑡) -211.59 0.4712 0.1548 -0.0027 -203.15 0.4939 0.1659 -0.0090 

WRNN WS (𝑡 − 1) -196.61 0.3198 0.1750 -0.0016 -179.07 0.2311 0.2021 -0.0084 

 WS (𝑡 − 2) -239.86 0.6663 0.1228 0.0145 -242.03 0.7269 0.1207 0.0182 

 WS (𝑡 − 3) -203.94 0.4122 0.1648 -0.0632 -242 0.4752 0.1701 -0.0774 
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Table 6.7: Statistical performance measures of PM2.5 and PM10 in monsoon season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2015 over Agra region. 

Monsoon 

                Pollutant  

 

 

Technique 

RSPM SPM 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

  WS (𝑡) -92.7446 0.8050 0.1231 -0.0410 -133.3261 0.9662 0.0547 0.0062 

MLPNN WS (𝑡 − 1) -64.0689 0.3725 0.2184 0.0038 -79.5585 0.7097 0.1602 -0.0013 

  WS (𝑡 − 2) -75.3036 0.6191 0.1745 -0.0607 -129.1036 0.9598 0.0595 -0.0006 

  WS (𝑡 − 3) -91.7003 0.7934 0.1257 0.0162 -131.9161 0.9671 0.0562 0.0166 

  WS (𝑡) -64.8752 0.3929 0.2149 -0.0127 -79.4988 0.7151 0.1604 0.0432 

RNN WS (𝑡 − 1) -58.6395 0.2218 0.2435 -0.0299 -72.6977 0.6206 0.1838 -0.0362 

  WS (𝑡 − 2) -60.3027 0.2788 0.2355 0.0575 -70.6154 0.5838 0.1916 0.0125 

  WS (𝑡 − 3) -58.2329 0.2085 0.2455 0.0061 -67.6716 0.5335 0.2032 0.0263 

  WS (𝑡) -87.0935 0.7873 0.1272 -0.0087 -124.0695 0.9600 0.0607 0.0124 

WMLPNN WS (𝑡 − 1) -106.7321 0.9032 0.0859 0.0015 -170.3592 0.9934 0.0241 -0.0003 

  WS (𝑡 − 2) -115.2632 0.9315 0.0724 -0.0171 -163.3647 0.9913 0.0277 0.0051 

  WS (𝑡 − 3) -104.6574 0.8966 0.0895 -0.0160 -156.5832 0.9886 0.0317 -0.0007 

  WS (𝑡) -58.3951 0.3322 0.2258 -0.0681 -72.8837 0.6762 0.1690 -0.0029 

WRNN WS (𝑡 − 1) -56.9848 0.2906 0.2323 -0.0138 -66.0337 0.5773 0.1938 0.0059 

  WS (𝑡 − 2) -52.4100 0.1486 0.2546 0.0248 -59.0163 0.4352 0.2231 0.0019 

  WS (𝑡 − 3) -58.8693 0.3428 0.2237 0.0192 -65.5612 0.5670 0.1957 0.0222 
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Table 6.8: Statistical performance measures of PM2.5 and PM10 in post-monsoon season using four 

neural networks MLPNN, RNN, WMLPNN and WRNN for the year 2015 over Agra region. 

Post-monsoon 

Pollutant  

 
 

Technique 

RSPM SPM 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

  WS (𝑡) -61.5518 0.7111 0.1443 -0.0410 -88.0034 0.9160  0.0720 0.0062 

MLPNN WS (𝑡 − 1) -59.8736 0.6837 0.1509 0.0038 -66.7636 0.7467  0.1258 -0.0013 

  WS (𝑡 − 2) -81.3540 0.8975 0.0857 -0.0607 -85.6704 0.9050 0.0765 -0.0006 

  WS (𝑡 − 3) -70.2057 0.8194 0.1149 0.0162 -99.8029 0.9549 0.0528 0.0166 

  WS (𝑡) -48.9132 0.4364 0.2013 -0.0003 -71.3041 0.8075 0.1117 0.0064 

RNN WS (𝑡 − 1) -41.8376 0.1870 0.2425 0.0139 -41.7655 0.0741 0.2430 -0.0251 

  WS (𝑡 − 2) -53.6809 0.5609 0.1776 0.0094 -72.2128 0.8072 0.1090 0.0049 

  WS (𝑡 − 3) -64.5761 0.7540 0.1333 0.0174 -73.2061 0.8390 0.1062 0.0355 

  WS (𝑡) -62.2281 0.7736 0.1276 -0.0020 -90.4155 0.9400 0.0608 -0.0007 

WMLPNN WS (𝑡 − 1) -69.2476 0.8433 0.1061 0.0068 -81.0319 0.9017 0.0778 0.0005 

  WS (𝑡 − 2) -71.1192 0.8575 0.1010 0.0009 -80.2562 0.8976 0.0794 0.0001 

  WS (𝑡 − 3) -79.5141 0.9091 0.0810 -0.0064 -88.6095 0.9341 0.0637 0.0040 

  WS (𝑡) -53.7008 0.6636 0.1597 -0.0681 -63.6897 0.7813 0.1228 -0.0612 

WRNN WS (𝑡 − 1) -51.4373 0.5994 0.1695 -0.0138 -66.1034 0.7848 0.1153 0.0043 

  WS (𝑡 − 2) -56.1931 0.6922 0.1496 0.0248 -69.9464 0.8322 0.1042 0.0284 

  WS (𝑡 − 3) -62.6250 0.7798 0.1263 0.0192 -83.7877 0.9157 0.0724 0.0032 
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6.5.2.4 Prediction of PM2.5 and PM10 in the winter season over Agra 

For the winter season, in Figure 6.11d, outputs corresponding to no lag scheme are shown for 

networks WMLPNN and RNN whereas for WRNN and MLPNN model output corresponding to 

lag scheme WS (t-3) are plotted for PM2.5. Similarly, in Figure 6.12d, WMLPNN and WRNN 

network output with WS(t-3) lag scheme, MLPNN network output with WS (t - 2) lag scheme and 

RNN model with WS (t) lag scheme are plotted for PM10. For PM2.5, WMLPNN model output 

corresponding to lag scheme WS (t-1) outperformed compared to model outputs of WRNN, 

MLPNN and RNN techniques and for PM10 WMLPNN model output with WS (t - 3) outperformed 

when compared to other three neural models. The statistical measures for the four neural network 

models with different lag schemes in WS variables are shown in Table 6.9. The correlation 

between predicted and observed values of PM2.5 and PM10 by WMLPNN model was found to be 

0.5869 and 0.8020, respectively, thereby depicting a satisfactory performance. 

From the plots and statistics obtained for different neural architectures over Rourkela, it 

can be elucidated that WMLPNN performed well in prediction of the concentrations of PM2.5 and 

PM10 in all the seasons except in winter season for PM2.5 (Figure 6.9d) but with different lag 

schemes in the meteorological variable WS in different seasons during the study period 2009-

2014. Similarly, over Agra, WMLPNN outperformed among all the four techniques in all the 

seasons for PM2.5 and also for PM10 except in post-monsoon season for PM10 during the study 

period 2011-2015. It has been noticed that WMLPNN performed well in the winter season, but the 

correlation was found to be less when compared to other seasons when PM2.5 predictions are 

considered over both study areas Rourkela and Agra. This might be due to “noise” corresponding 

to some instantaneous and individual lethal pollution events occurred during the study period 

(Chellali et al., 2016). It was also noticed that lag scheme in WS was found to be effective in 

improving the prediction accuracy of PM2.5 and PM10 which implicates that WS is a very prominent 

predictor variable and models were found to be sensitive to WS variable. Previous studies which 

incorporated sensitive analysis like de Gennaro et al. (2013) and Elangasinghe et al. (2014a, b) 

have concluded that WS is a significant predictor variable and plays a major role in the accuracy 

of prediction especially in regions which are exposed to high industrial emissions, vehicular 

exhaust and transboundary pollution. As the study sites, Rourkela and Agra are associated with 

considerable exposure to transboundary pollution; the dependency of the final output of the model 

on WS might be more likely. Moreover, WMLPNN is found to be performing better when 
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compared to the neural architectures like RNN and WRNN though these models are incorporated 

with a mechanism of a dynamic memory unit in terms of feedback paths. 

Table 6.9: Statistical performance measures of PM2.5 and PM10 in winter season using four neural 

networks MLPNN, RNN, WMLPNN and WRNN for the year 2015 over Agra region. 

Winter 

                Pollutant 

 

  

Technique 

RSPM SPM 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

 

AIC 

 

R
2

 

 

RMSE 

 

NMB 

 WS (𝑡) -144.8086 0.2836 0.1751 0.0153 -138.4295 0.2998 0.1880 -0.0008 

MLPNN WS (𝑡 − 1) -147.0685 0.3189 0.1708 0.0160 -138.4960 0.3010 0.1878 0.0156 

  WS (𝑡 − 2) -145.8374 0.3002 0.1731 -0.0022 -161.7421 0.583 0.1451 -0.0002 

  WS (𝑡 − 3) -149.8618 0.3599 0.1656 0.0094 -143.4401 0.3738 0.1778 0.0005 

  WS (𝑡) -150.4042 0.3704 0.1646 0.0095 -154.7673 0.5159 0.1568 0.0215 

RNN WS (𝑡 − 1) -138.7628 0.1913 0.1873 -0.0111 -145.0991 0.3985 0.1745 -0.0071 

  WS (𝑡 − 2) -146.0425 0.3040 0.1727 -0.0168 -135.2801 0.2532 0.1947 -0.0281 

  WS (𝑡 − 3) -133.4110 0.0867 0.1988 0.0060 -132.3392 0.1988 0.2011 -0.0031 

  WS (𝑡) -142.9083 0.3162 0.1711 -0.0011 -155.9074 0.5673 0.1481 -0.0101 

WMLPNN WS (𝑡 − 1) -165.2578 0.5869 0.1335 -0.0086 -171.0498 0.6877 0.1251 -0.0019 

  WS (𝑡 − 2) -157.2530 0.5028 0.1459 -0.0023 -167.7405 0.6659 0.1298 0.0009 

  WS (𝑡 − 3) -163.5045 0.5743 0.1361 -0.0096 -191.2872 0.8020 0.0999 -0.0016 

  WS (𝑡) -137.4906 0.3744 0.1817 0.0262 -143.2635 0.6448 0.1704 -0.0285 

WRNN WS (𝑡 − 1) -126.9292 0.0388 0.2043 0.0103 -129.8649 0.2277 0.1978 0.0126 

  WS (𝑡 − 2) -129.3764 0.0778 0.1988 -0.0217 -131.6449 0.2563 0.1939 -0.0158 

  WS (𝑡 − 3) -143.2285 0.3269 0.1705 0.0289 -152.9117 0.5488 0.1531 0.0171 
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This degraded performance might be due to the vanishing or exploding gradient problem as 

recurrent neural networks are incorporated with more weights due to the feedback paths (Haykin, 

2009). The number of synaptic connections in MLPNN or WMLPNN is less compared to the 

synaptic connections in RNN and WRNN, and hence WMLPNN is found to be performing better 

in the present study. Moreover, when results obtained over Rourkela and Agra are compared to 

previous studies like seasonal prediction of PM10 by Taspinar (2015) and seasonal prediction of 

NOx and O3 by Kumar et al. (2017) using ANN models reveals the fact that performance of the 

models incorporated in the present research work are comparable and are even better in a season 

like post-monsoon. Thus the results obtained from ANN models can be encouraged to predict the 

lethal concentrations of different pollutants to provide alerts and notices for the wellbeing of 

various living entities. 

6.6 Comparison of regression analysis and NN 

The primary aim of doing regression analysis is to estimate PM2.5 concentrations over a place and 

use that regression equation to estimate PM2.5 concentrations over nearby regions as in-situ 

measurements are sparsely distributed. From the literature, it has been well noted that regression 

techniques are beneficial in determining surface-level PM2.5 using AOD and meteorological 

parameters (Gupta and Christopher, 2009; Soni et al., 2018). In the present research work, seasonal 

estimation of PM2.5 was not achieved, as it depends on the retrieved AOD data from MODIS. 

During the monsoon season, we cannot retrieve AOD values due to cloudiness, which limits the 

number of days with AOD in monsoon. For Agra and Rourkela, during monsoon season for the 

study period 2011-2015 and 2009-2013, there were only twenty days and ten days of AOD data. 

Similarly, during pre-monsoon season days are also limited over Rourkela due to thunderstorm 

clouds present over the region for most of the days. Because the days with data available are limited 

in pre-monsoon and monsoon seasons, we could not perform the seasonal analysis for PM2.5 

estimations in the present study using regression analysis. The purpose of NN is to perform 

prediction of PM2.5 and PM10 over considered study areas seasonally. For NN, the MODIS AOD 

data is not included due to the aforementioned reason of data gap. Hence parallel simulations are 

not performed to compare the results. 
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6.7 Chapter summary 

The main aim of this objective in the present research work is to implement seasonal artificial 

neural network models for predicting the future concentrations of PM2.5 and PM10 concentrations 

over study areas Rourkela and Agra. Four different neural architecture: MLPNN, WMLPNN, RNN 

and WRNN are trained and tested for the pre-monsoon, monsoon, post-monsoon and winter 

seasons for 2009-2014 for Rourkela and 2011-2015 for Agra, respectively with and without lag in 

WS as one of the input variable. The accuracy and consistency of the architectures considered in 

the present study were evaluated based on statistical parameters like RMSE, AIC, R2 and NMB. 

Among all the techniques, WMLPNN outperformed all other architectures by depicting a good 

agreement between observed and predicted PM2.5 and PM10 statistically over Rourkela. For Agra, 

also, WMLPNN outperformed all other techniques in all the seasons for PM2.5 but PM10 in post-

monsoon season MLPNN performed well. Wavelet analysis, in combination with multilayer 

perceptron trained by the learning rule back-propagation algorithm, has illustrated a significant 

improvement in the prediction accuracies. Inclusion of back-shifted or lagged WS variable as one 

of the predictors to the neural network models augmented prediction accuracy to a greater extent, 

thereby implicating the importance of WS predictor variable in ANN models. Though WMLPNN 

is performing better in all the seasons for both PM2.5 and PM10, uncertainties are observed in the 

model (can be noticed for PM2.5 winter season). These uncertainties may be due to noise 

incorporated because of immediate and individual pollution episodes during the period of study. 

Apart from the ambient concentrations of pollutants as input variables, pollution data derived from 

emission inventories can also be used as input nodes. Some of the studies like Yi and Prybutok 

(1995), Comrie (1997), Gardner (2000), Cobourn et al., (2011), Zainuddin and Pauli (2011) have 

incorporated pollutants information from emission inventory and found good prediction results. 

The present study can be extended by incorporating data from emission inventories and check for 

the prediction accuracy in near future.
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Chapter 7 

Conclusion and Future scope 

In this thesis, the focus was on the assessment of air quality using concentrations of PM2.5 and 

PM10 over two Indian cities, namely: Agra and Rourkela. From the various objectives incorporated 

in the study, the major conclusions that can be drawn are mentioned here along with the future 

scope. 

7.1 General conclusion of the thesis 

 From the average daily variation of PM2.5 and PM10 over Agra and Rourkela, it has been 

noticed that concentrations are very high and crossing the thresholds specified by CPCB. 

The post-monsoon and winter seasons are noticed with maximum concentrations of PM2.5 

and PM10. The concentrations were found to be highly modulated by the meteorological 

variations over both the study areas. 

 From seasonal AQI and AEF, it was noticed that both Agra and Rourkela are in a critical 

state of pollution with moderately polluted air quality in the monsoon season, poor to very 

poor air quality in the pre-monsoon, post-monsoon and winter seasons. The AEF values 

over Agra were found to be very high compare to the highly industrialized city Rourkela, 

though it is not associated with the industries, thereby indicating a serious threat to the 

people residing over Agra as well as to the world famous monument Taj Mahal. 

 Periodicity test using wavelet analysis over Agra considering Taj, Itmad, And Rambagh 

for a study period of 2011-2015 identified that PM10 is associated with semi-annual and 

annual periodicity at both Taj and Rambagh monitoring sites, whereas over Itmad PM10 is 

associated with an annual periodicity. PM2.5 is associated with semi-annual and annual 

periodicity over Taj, semi-annual over Rambagh, and annual periodicity over Itmad during 

the study period. Over Rourkela also, PM2.5 is associated with semi-annual periodicity 

during the study period 2009-2014, whereas semi-annual and annual periodicity is 

observed for PM10. 

 The wind roses plot for Agra revealed the fact that the northwesterly direction is the 

dominant WD in all the seasons. Apart from the northwesterly component, a strong 
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westerly component of wind was also noticed over Agra. For Rourkela, southeasterly and 

northwesterly are identified as the prevailing wind directions.  

 Seasonal pollution roses identified that northwesterly direction is always associated with 

lethal concentrations of PM2.5 and PM10 in the pre-monsoon, post-monsoon and winter 

seasons, whereas in monsoon a strong westerly along with northwesterly component is 

associated with high concentrations of PM. Over Rourkela, southeasterly and northeasterly 

are identified as the dominant wind directions associated with high concentrations of PM2.5 

and PM10 in all the seasons. The southeasterly direction was assumed to be a cleaner 

direction, as it was marine, but by the time it is arriving the study site Rourkela, it is highly 

lethal. As it is advecting from highly polluted and populated regions of Odisha like 

Bhubaneshwar and Angul, it is being contaminated by the time it is reaching to study area. 

 High AOD values exist over Agra during the monsoon, post-monsoon and winter seasons, 

due to continuous exposure to high volumes of PM from nearby polluted regions like Delhi 

and IGP plain. Over Rourkela also, high values of AOD are noticed mainly in the monsoon 

and winter season, and this may be attributed to the mineral dust emitted from various 

mineral based industries and coal-based thermal power plants. 

 From CPF and CBPF analysis over Rourkela, it was observed that sources are mostly local. 

The transboundary sources situated in the neighboring states like Chhattisgarh, Jharkhand 

and parts of Odisha are identified as the major sources. In addition to these results, 

backward trajectory based WPSCF and WCWT techniques identified local sources like 

Rourkela steel plant (RSP), cement industry, the paper industry as the major sources of 

emission in all the seasons. Apart from these sources, thermal power plants, coal-based 

industries situated within the spatial proximity of 200 km from the study area are identified 

as the major sources.  

 When study area Agra is considered for source apportionment studies, transboundary 

sources were mainly responsible for the enrichment of PM load. CPF and CBPF analysis 

identified northwesterly direction as the most polluted wind sector. WPSCF and WCWT 

analysis for PM2.5 and PM10 identified highly polluted regions like New Delhi and parts of 

Haryana and Punjab as the major sources of PM emissions in the northwesterly direction. 
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As pollution over Agra is highly transboundary in nature, measures implemented by the 

Government of India and CPCB were found ineffective. 

 Regression analysis is employed to estimate PM2.5 over Agra and Rourkela by integrating 

satellite, model and ground-based measurements for the study periods. Among the five 

models specified in the study, for Agra region, Model II (e) was found to be performing 

better by depicting a good agreement between estimated and observed PM2.5 with a 

correlation coefficient of 0.8977 during training for Taj monitoring site, and 0.8684 during 

validation for Rambagh monitoring site. For Rourkela also, Model II (e) was performing 

better with a correlation coefficient of 0.8313 during training for Sonaparbat site, and 

0.7353 during validation for Rourkela site. Model IV and Model V were also performing 

well, depicting a good agreement between estimated and observed PM2.5, but the results 

obtained are conditionally acceptable. Log-linear models were found to be performing poor 

over these two study areas though they are proved to be performing better over other study 

areas. The reason might be site-specific nature of MLR models, and the underlying 

topography, meteorology and sources of emission differ from region to region.  

 Seasonal ANN models for predicting the future concentrations of PM2.5 and PM10 

concentrations over Rourkela and Agra by incorporating lag schemes and wavelet analysis 

is employed in the present research work. Among MLPNN, RNN, WRNN and WMLPNN 

techniques, WMLPNN outperformed all other architectures by depicting a good agreement 

between observed and predicted PM2.5 and PM10 statistically over Rourkela. For Agra also, 

WMLPNN outperformed all other techniques in all the seasons for PM2.5, but for PM10 in 

post-monsoon season, MLPNN performed better.  

 Wavelet analysis, in combination with multilayer perceptron trained by the learning rule 

back-propagation algorithm, has illustrated a significant improvement in the prediction 

accuracies. Inclusion of back-shifted or lagged WS variable as one of the predictors to the 

neural network models augmented prediction accuracy to a greater extent, thereby 

implicating the importance of WS predictor variable in ANN models. Though WMLPNN 

is performing better in all the seasons for both PM2.5 and PM10, uncertainties are observed 

in the model (can be noticed for PM2.5 winter season prediction). These uncertainties may 
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be due to noise incorporated, because of immediate and individual pollution episodes 

during the period of study.  

7.2 Contribution to the thesis 

 Assessment of air quality over Agra considering average daily concentrations of PM2.5 and 

PM10 for a study period of 2011-2015 considering for monitoring stations Taj, Rambagh, Itmad 

and Nunhai. Source apportionment techniques and dispersion analysis are employed and 

identified Delhi as the major source of pollution responsible for the augmentation of PM2.5 and 

PM10 concentration. 

Gogikar, P., Tyagi, B., 2016. Assessment of particulate matter variation during 2011–2015 

over a tropical station Agra, India. Atmos Environ. 147, 11-21. 

 

 Assessment of air quality over Rourkela considering 8 hourly concentrations of PM2.5 and PM10 

considering Sonaparbat, Rourkela and Rajgangpur was monitoring sites for a study period of 

2009-2014. Source apportionment techniques like CPF, CBPF and WCWT are employed and 

identified various local and transboundary sources situated in the states of Chhattisgarh and 

Jharkhand. 

Gogikar, P., Tyagi, B., Padhan, R. R., Mahaling, M., 2018. Particulate Matter Assessment 

Using In-Situ Observations from 2009 to 2014 over an Industrial Region of Eastern 

India. Ear. Sys. Environ. 2(2), 305-322. 

 

 Prediction of future concentrations of PM2.5 and PM10 is performed using various ANN e.g. 

MLPNN, WMLPNN, RNN and WRNN trained by backpropagation algorithm for a study 

period of 2009-2012 and predictions are performed for the year 2013 for Rourkela. Out of the 

four techniques, WMLPNN with lag scheme performed well by depicting a good agreement 

between predicted and observed values of PM2.5 and PM10 and can be used for alerting the 

people by passing notices and alarms. 

Gogikar, P., Tyagi, B., Gorai, A. K., 2018. Seasonal prediction of particulate matter over 

the steel city of India using neural network models. Mod. Ear. Sys. Environ. 1-17. 
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 Linear and non-linear regression techniques are used for the estimation of fine PM, i.e. PM2.5 

over study areas Agra and Rourkela for a study period of 2011-2015 and 2009-2013, 

respectively, considering both satellite-derived AOD and meteorological parameters. Model 

II(e) performed well by showing a good agreement between estimated and observed values of 

PM2.5 over both study sites during training and validation and can be used for estimation of 

PM2.5 as ground-based measurements are sparsely distributed. 

Gogikar, P., Tripathy, M.R., Paul, K, K., Tyagi, B., 2019. A multiple linear regression 

approach for the estimation of PM2.5 using satellite remote sensing and in-situ data sets 

over urban environment. Particuology (Under review) 

7.3 Future Scope 

Based on the work presented in this thesis, the following aspects may be recommended for 

immediate future investigation as an extension of the current work: 

 Other source apportionment techniques like CMB and PMF must be compared with the 

CWT and PSCF techniques used in the present study, to further provide a clear picture 

regarding various sources that are contributing to the particulate pollution over study areas 

considering the longer period. 

 Land use based regression techniques can be implemented considering GIS variables as 

predictor variables to further improve the estimation of surface level PM2.5 over the study 

areas. 

 Neural network techniques employed with robust optimization techniques like particle 

swam optimization (PSO) or modified particle swam optimization (MPSO) techniques may 

be implemented to improve the prediction accuracy and efficiency of the models. 

 The air quality at the regional level can be investigated using three-dimensional Eulerian 

modelling techniques like WRF-CHEM or CMAQ models. 

 The accuracy of the various regression models and neural network models can be improved 

by considering other datasets like aerosol size distribution, aerosol chemistry, secondary 

aerosol burden etc.
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