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Abstract

Particulate air pollution is a major health burden and environmental concern in urban areas. As

a serious health problem in urban areas, current intervention measures has to be sufficiently

refined for urgent and sustainable management. Data intensive approach can gives tools

to integrate diverse data sources for deriving decision-making information and improved

applications for adaptive management of pollution. However lack of spatio-temporally relevant

and reliable data on particulate pollution and the data existing in non-interoperable formats to a

great extent hampers knowledge generation for effective control of pollution and management

of air quality.

The current study focused on developing basic tools for data intensive approach in a second

tier urban centre of India. The study intends to explore an affordable real time air quality

information systems focusing on Coimbatore, a fast growing and second tier urban center in

the state of Tamil Nadu, India and its surroundings as the study area. The major objectives of

the study were (1) to develop a real time particulate pollution monitoring system using low

cost commodity sensors and assess its effectiveness in the study area, (2) attempt a real time

particulate pollution modeling system for the study area using WRF-CHEM, addressing its

computational requirements, and (3) demonstrate application of interoperability measures on

real time particulate pollution data.

To address the first objective, a real time particulate monitor was developed by integrating

off-the-shelf indoor dust sensors with an appropriately customized data communication system.

To address the objective two, as an essential data requirement for WRF-CHEM modeling,

particulate matter (PM2.5 and PM10) emission inventory was prepared for the study area.



ix

Programming tools (codes) were developed for remote computing based real time execution

and evaluation of model performance over the study area using the developed emission inventory.

Objective three of the study was addressed using sensor web enablement specification and

its application. Web based data dissemination and application of statistical analysis tools

were used to demonstrate the advantages of interoperability measures on real time particulate

pollution data in the study area.
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Chapter 1

General Introduction

1.1 Urban particulate matter air pollution

Urban air pollution is increasingly becoming daunting and pressing among the various

environmental issues of 21st century [1]. Fast developing countries such as India face severe air

pollution due to its current high priority on economic prosperity and rapid urbanization [2, 3].

By 2025, it is estimated that in India the states like Tamil Nadu would be crossing more than

55% urbanization levels [4]. That would mean, with no sustainable interventions to manage the

air pollution without disrupting the current path of economic development, further worsening

the situation [3]. Particulate matter (PM) is an important and major constituent of urban air

pollution [5]. They are non-gaseous airborne substances in solid or liquid form commonly

denoted as aerosol, a colloidal entity [1]. PM in ambient atmosphere is characterized by its total

mass concentration, size distribution, and chemical composition [2]. Generally, PM is classified

according to the particle size; coarse PM (PM10 - aerodynamic diameter less than 10 µm) and

fine PM (PM2.5 - aerodynamic diameter equal and less than 2.5 µm) and ultrafine particles

(UFP, < 0.1 µm) [1]. Larger attention is given to the lower size fractions, especially PM2.5

and UFP, due to their immense hazardous potential to human health for their high capacity to

intrude into the body system. PM2.5 and lower fractions are found to be in size distribution well

capable to penetrate deep into human respiratory tract and cause various health effects. Coarser
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particulate matter, PM10, has also proven causative linkage with diseases such as asthma and its

ability to absorb heavy metals, Dioxin and other semi volatile organic compounds, which are

highly toxic and carcinogenic [1]. PM in ambient air is emitted either by combustion related

anthropogenic activities, natural processes (Primary sources) or by means of gas to particle

conversion in atmosphere (secondary sources) [2, 6]. Urban PM is largely anthropogenic in

origin [7, 3]and it is emitted most from burning hydrocarbons in industries, vehicles, housing

[8], agriculture [9], and from sources such as diesel based power generator [10]. Of the

secondary sources, gaseous molecules in atmosphere undergo physical transformation into

solid or liquid particles through physical processes of absorption, nucleation and condensation

[1]. It is said that secondary sources are the major portion of urban PM concentration [11].

Recent studies also have revealed that secondary sources are major contributors of PM in

most urban centres where stringent restriction on primary sources is imposed. However, their

proportions keep varying according to the season; for instance in winter direct combustion

for heating purpose are extensive the regulatory interventions on primary sources gets into an

impasse [2]. Understanding on the formation mechanism of urban fine particulates is lacking

and it seriously hampering the pollution episode forecast and intervention measures to tackle

the impact [2, 12, 13].

PM in air is a major health hazard and environmental concern in urban areas [2, 14,

15]. Health impacts, from mild allergies to serious chronic disease and premature death, are

attributed to urban PM air pollution [5, 2]. A recent study [16] estimates that during 2011,

PM2.5 exposure caused about half a million premature deaths in India. About 6% increase in

premature death due to long term exposure to fine PM [2, 17, 18], mainly through cardiovascular

and respiratory morbidity and mortality [5, 19, 20], is also estimated. Exposure to particulate

matter is linked with Coronary Artery Disease through oxidative stress and inflammation

[21, 22]. Physical properties of PM such as large surface area to mass ratio, high redox capacity

and formation of radical species are linked to the inflammatory disease and cellular damage

[23]. Chemical constituents of PM such as heavy metals, polycyclic aromatic hydrocarbon,

and elemental carbon are linked to DNA damage, reproductive defects and carcinogenic effects

[24, 25]. Urban PM is also linked with a broad spectrum of impact on normal atmospheric
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functionality [2], on solar radiative transfer, cloud formation [2, 26, 27], altering the duration

and albedo of cloud, precipitation and lightening [2, 28]. It is reported that PM contribute to

the global climate change by absorbing the solar radiation and reducing the radiation flux at

the earth’s surface [5]. It has direct effects on atmospheric aerosol and trace gases to act as

short-lived climate forcers [5].

1.2 Issues with current intervention measures

The discussion on urban PM air pollution and its impact show the immense need of

commitment and interventions to tackle the problem. Environmental legislation imposed to

tackle the problem has shown considerable success in reducing the particulate pollution and

health impacts, especially in the developed countries [29]. For example in United States of

America, the Clean Air Act - 1970 and resultant public health programs were instrumental

in considerably reducing morbidity and mortality in the country. The monetary benefit from

the interventions is estimated to be 30 US$ return per one US$ investment [30]. Similarly,

European commission’s regulations to tackle Sulphur dioxide pollution is estimated to reap

a benefit of notable pre-mature death postponement and mortality benefits of 191.6 million

e in monetary terms every year from 2000 in 20 European cities [31]. Imposing restriction

on primary emitters of PM has consequential overall improvement in air quality and manifold

reduction in ambient concentration of PM in many cities of the developed world [29]. However,

this achievement is seldom duplicated in developing and under developed countries, especially

India, where legislation against air pollution was imposed almost at the same time as elsewhere

[3, 32]. The air pollution in India is in dangerous level and top most polluted cities in the world

are in India [33, 34]. The Figure 1.1 shows the relationship of air pollution evolution with

respect to urbanization and the role of interventions measures.

As the industrial development caused peaking in air pollution woes, which led to interven-

tion measures such as emission control, stabilization of air pollutant concentration, followed by

improvement in air quality, further application of modern and costly technology is required

to sustain or further improve the quality [29, 35]. While the developed countries have shown
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Fig. 1.1 Relationship of urban development and air pollution evolution, Adapted from Pandis
et al. [29] with permission of The Royal Society of Chemistry.

greater drive in applying high cost technological interventions, countries like India is lagging

much behind in striving for greater improvements in air quality or in application of technology

to achieve or sustain it. In India, legislation such as Water Act -1974 and Air Act 1981 has

greater role in environmental policies of India [36]. Such legislation gives provision for the

formation of regulatory bodies such as Central Pollution Control Boards (CPCB) and State

Pollution Control Boards (SPCB). However, weak institutional setups to enforce interventions

that eventually leads to policy failure are important setbacks of effective implementation of

regulatory provisions and interventions in countries like India [36–39]. Recent studies on

implementation efficacy of environmental regulations with its desired outcome on health im-

provement such as on infant mortality reduction call for greater role of common public interest

in influencing the regulatory bodies to enforce the regulations effectively through judicial

enforcement and improvement especially in air quality aspect [36]. This warrants furthermore

intensive attempts for identification of drawbacks of India’s current intervention measures on

tackling the air pollution problems. Some of the probable issues are discussed below. The
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issues are not only reflective of the current regulatory interventions but also reflective of the

societal and scientific approach to air pollution issues at large.

1.2.1 Reductionistic view

The urban level particulate pollution is being addressed mostly by regulating the sources

such as industrial and transport sector [29]. Regulatory interventions such as imposing penalty

on the polluters and temporally shutting down their operations are the widely followed measures.

However, such interventions are in-sufficient considering the nature [29] and impact potential

of particulate pollution. The multitude of particulate pollution sources, their interactions

with interlinked actors in an urban setup makes the problem complex and causes hurdles in

sustainable solution for it. Urban centres are complex social ecological system or a tightly

coupled human natural system (CHANS) [40, 41], in which the particulate pollution issue is

considered as disruptions of normal biogeochemical cycles of natural system [40], where human

social and economic activities in particular production and consumption are both sources of

particulate pollution and subjects of the resultant impacts [42]. Intervention measures currently

followed are devoid of the linkages while they emphasis compartmentalized mitigations in

the human natural system, which can be non-effective and unsustainable [43, 44]. Current

intervention measures such as stipulation of emission standards are addressing the primary

sources of air pollution and not its secondary sources. This is also the case for spatio-temporal

variability, dynamics and local condition variation in pollutant emissions and their stability in

the atmosphere. Particulate pollution rather than being considered as simple linear relationship

between the emission and atmosphere, the intervention measures have to consider that as a

resultant of dynamic and adaptive system. It has to be approached and managed taking into

account the uncertainties in the system and its resultant outcomes of interventions [45, 46].

This requires integrated solution involving all stake-holders / components of the system with

understanding on its complexity and participating components’ interrelationships, uncertainty

and dynamics [45].
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Table 1.1 Characteristics of various knowledge systems

Characteristics Folk Authoritative Scientific

Sources Revelation Authority Empirical observation
Monopoly Extensive Extensive Limited/ ideally absent
Scrutiny Limited Discouraged Encouraged
Manipulation Limited to

substantial
Limited to
substantial

Very limited to absent

Sound/Unsound Moderate Moderate Very high
Rate of growth Slow Moderate Very fast

1.2.2 Authoritative approach

Important characteristics of current interventions are its top down authoritative approach

by regulatory organizations [47]. Federal systems as in India is largely vested on the powers

of central elected government directing it to state and local level governing bodies [47]. The

interventions are carried out through stipulating set of air quality standards and ensuring

standard compliance of it by polluters [48]. The information necessary for this mode of

mechanism is largely drawn from official sources, enjoying substantial monopoly and limits

to scrutinize the veracity of information [49]. That can generally lead to detachment of

multiple interacting components of socio ecological system especially the local community.

The knowledge generated by this mode of approach is the basis of authoritative knowledge

system. The Table 1.1 presents a comparison of such a system with other two systems [49]. The

knowledge needed to address the air pollution has to be of scientific knowledge system [49–51].

The current authoritative approach can be made into more of scientific knowledge system by

inculcating transparency and community involvement to achieve needed scrutiny and to resist

the potential manipulations [52, 38, 53]from the authoritative sources to safeguard the interests

of the authority. This aspect has to be addressed more for providing crucial knowledge-base

for decision-making in air pollution management. In fact, the information uptake by decision

makers should be determined by its credible, salient, and legitimate features [50, 51]. In the

case of air pollution problems, the individuals’ activity should have larger role in management;

the information provided by authoritative agencies has to carry with it such traits.
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1.2.3 Incompatibility

The interventions to address air pollution have to be a collective action of different orga-

nizations and based on heterogeneous information sources. Organizational and information

source incompatibility results in ineffective co-ordination and thus the management [54, 55].

Such incompatibility is an obstacle in the management [56], in decision-making or follow-up

monitoring on the intervention measures. Scientific interdisciplinary effort is essential for

decision making in terms of spatial temporal risk identification and health impact outcomes.

This requires improved data sources that can be better organized to derive the knowledge.

The information incompatibility from its origin hampers the discovery, interfacing and de-

riving the decision support information from the heterogeneous sources [57]that collect or

maintain the data largely for its own requirement without considering its interdisciplinary /

inter-organizational utility /application and results in incompatible, non-usable data format,

inadequacy in spatial and temporal data coverage etc.

1.3 Data Intensive approach

Massive technological developments have provided amble tools for high-throughput data

collection and large scale computing [58], which leads to unprecedented transformation in

production, collection and curation of the data especially regarding various components of

socio ecological system [59]. This is a significant transformation from earlier state of expensive,

scarce and limitedly accessible data to low cost, plenty with open accessible data source [60].

The resultant outcome is Big data, which is characterized by large volume, variety and velocity

in data streams representative of various environmental phenomenon. The recent developments

in internet communication made Big data a highly distributed and easily accessible entity [61].

For example the US national Climate Assessment (NASA project) 2013 data size reaches about

1,000 Tera bytes (TB) whereas the Intergovernmental Panel on Climate Change (IPCC) fifth

assessment report is based on the data of about 2,500 TB [62], indicating the massiveness

and scale of data pertaining to the earth system generated per year. This vouches for specific

challenges pertaining to the access, process, analyse and disseminate such massive data [63].
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That also offers greater opportunity in utilizing the data to manage better the socio-ecological

system and its problems such as particulate pollution.

In scientific progression, there are three consecutive paradigms identified such as of empiri-

cal (observation on natural phenomenon), theoretical (using theoretical models, conjectures and

generalization) and computational (using simulation) [64, 65]. Advent of Big data is termed

as a fourth paradigm, which is gaining importance, outcome of large accumulation of data

from observations, experimentation and simulation [64, 65]. This is data intensive scientific

discovery (DISD), using data to gain insight into the various issues of society. In environmental

sciences, the DISD is complementing the scientific understanding of the earth system in real

world context to manage it by supporting the decision-making on socio-ecological system man-

agement [66]. Some of the characteristics of this approach are its priority towards societal need

rather than the fundamental science’s question driven approach, prioritizing the understanding

of complex interactions between societal actions and earth system. In that prioritization, the

approach is consequential and adaptive according to the dynamics and socio-ecological systems’

complex interactions’ uncertain outcome, which is constrained in terms of time and resource

by society’s requirement on knowledge for decision-making.

In air pollution management, this approach provides a set of technological tools to address

the management questions. Such tools are tools to integrate the data on air pollution, monitoring

and air quality forecast model with societal information to assess the alternative outcomes for

applying various intervention measures. Moreover which enhances dissemination of spatio

temporally relevant real time data for awareness creation and community involvement. This

requires the data to be extensive in spatial and temporal context, scalable, robust and better

shared for integrated assessment on various knowledge-bases on socio-ecological systems [67].

In this respect, the data intensive approach can address drawbacks in intervention measures on

particulate pollution.



1.3 Data Intensive approach 9

1.3.1 Complex context

Improving the information to understand better the complexity of socio-ecological system

and enabling informed choice among common public are widely recommended measures to

sustainability [68]. This instigate the data intensive approach based on real time observation

networks in air pollution (both in-situ or ex-situ), simulation output and volunteer/common

public information to integrate for better understanding and to ensure the effectiveness of air

pollution intervention or innovating new measures [69]. To achieve that, it is essential to make

the system adaptable to forces of change in air pollution management, which require better

overview on uncertainty and dynamisms of the components’ interactions in the system. The data

intensive approach pursued in this aspect can generate dynamic perceptions, social consensus

and adaptive strategy [70]. It gives required tools for understanding complex interaction

between social ecological systems leading to air pollution. Through this approach, with the

advent of internet communication enables sharing of experience acquired in different parts of

world in addressing air pollution [1]. Analysis of this data with reflection on local conditions

gives new intervention perspectives. It provides insight on scale dependent spatio temporal

variability in air pollution concentration, characteristics of real world exposure, and disentangles

the exposure variability based on socio-economic status and spatial variability. Another

advantage of data intensive approach is to gain insight on alternative scenario assessment

based on the different intervention measures and adopt most suitable and adaptive control

technologies and its improvement. More over the real time data [71] provided through this

approach gives opportunity to address the dynamics of air pollution concentration and time

bound intervention measures.

1.3.2 Collective action through openness

The openness provided by data intensive approach generates community involvement. It

instigate the generation of scientific knowledge system by encouraging scrutiny and evaluation

of the collected data [49]. The data openness not only facilitates the wider access of the data

for reuse but also the capabilities to collect, organize, analyze and draw inferences from the
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data. This is based on three principles: openness, participation and collaboration [60, 72]. This

is envisaged through inculcating transparency, sharing and working together to improve the

value of data for societal applications [60]. In this respect, the urban particulate pollution can

be addressed by data intensive approach, which provides necessary tools for networking the

components of urban system [73], and generate necessary rationale for community involvement

and interventions based on consensus and collective action.

1.3.3 Compatibility through data-interoperability

The data-interoperability addresses the incompatibility in information sources and for a

certain extent in organizational level. Data-interoperability is one of the important technical

challenges of data intensive approach [60]. Stipulating common standards for data and ensure

the compatibility and integration of heterogeneous data is a step to address the challenge.

Especially in addressing particulate pollution problem, require integrating wide variety of

data sources such as from real time sensors, remote sensing platforms, simulation outputs and

volunteered contributed pollution level details [67]. Sensor web enablement specification is a

web standard to enable interoperability in data which is communicated through web platform

[74]. It envisages transformation of internet with web of documents into web of sensor with

data to enable the discovery, processing and analysis of the heterogeneous data seamlessly in

web. It is an offshoot of open data movement, which looks for ways to make data capture and

analysis workflow much simpler, without depending on external resources. The Figure 1.2

shows the technological challenges of sensor web [57]. The challenges comprised of integrating

monitored, modelled, and volunteered information. The integration processes the automation,

fusion of heterogeneous data source with inherent uncertainty information with event based

architecture, and project the cyber infrastructure development to address the dissemination of

collected data and devise knowledge for decision-making. This can enable the data intensive

approach to address the particulate pollution problem by integrating diverse data sources and

devising application and providing information for decision-making [67].
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Fig. 1.2 Technological challenges of sensor web enablement[57]

1.4 Study objectives and thesis organization

Considering the need and advantages of data intensive approach for urban particulate

pollution, an attempt was made for addressing it in Coimbatore, a second tier rapidly developing

urban conglomerate in the state of Tamil Nadu, India. As an initial attempt, the study focused

on developing basic infrastructure for data intensive approach. Lack of spatio-temporally

relevant and reliable data on particulate levels is a major issue in managing particulate pollution

in developing countries. The data existing in non-interoperable formats to a great extend further

hampers knowledge generation utilizing the available data for effective control and management

of air quality. These conditions prevailing mostly in Indian cities especially of second tier urban

centres where the real time air pollution information is still lagging is significantly hampering

data intensive approach to manage air pollution. Continuous monitoring by low-cost dust

profilers and real time air quality modeling may be an alternative and relatively economical

approach to the current practice of using expensive and intricate air quality monitoring and

information systems. Which greatly avoid trickling of such system establishment in most of the
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urban centres. Reliability of generated data can be ensured by optimal sensor calibration and

model validation routines. Necessary data interoperability measures can be enabled by building

the routines upon web data standards. In this context, the present study explores various ways

for generating real time data for urban centres with interoperability measures for particulate

pollution problem in an urban centre of developing country. The major objectives of the study

were as follows.

1. Develop a real time particulate pollution monitoring system using low cost commodity

sensors and assess its effectiveness in the study area

2. Attempt a real time particulate pollution modeling system for the study area using

WRF-CHEM and address its computational requirements

3. Demonstrate application of interoperability measures on real time particulate pollution

data

In the thesis, each objective is addressed as follows. The fourth chapter discusses about the

development of real time particulate pollution monitoring system using low cost commodity

sensors and assesses its effectiveness in Coimbatore area. The Chapter-5, discusses about

development of emission inventory(EI), an important data input for numerical air quality

modeling system. The sixth Chapter is an elaboration on real time particulate pollution

modeling using Weather Research and Forecasting system enabled with Chemistry (WRF-

CHEM), a numerical model for air quality forecast for Coimbatore region using the developed

emission inventory. Chapter-7 discusses interoperability measures for real time particulate

pollution data from monitoring and modeling with a brief demonstration on interoperability

advantages of the data. Next chapter gives background of study area, Coimbatore



Chapter 2

Study area: Coimbatore

Population

Coimbatore is the second largest urban conglomerate in the state of Tamil Nadu, India.

The city is a fast growing second tier urban centre in India. As early as 3rd century BC

to 4th century AD, the area of current Coimbatore region is known to be ruled by semi-

independent chieftains under the patronage of Chera kingdom of southern India [75]. Called

as Kongunadu, the Coimbatore region was part of various kingdoms of southern India. The

Coimbatore municipality was established in British colonial era in 1866. During the dawn of

twentieth century, Coimbatore experienced a rapid expansion in textile and allied machinery

industries after their decline in then erstwhile Bombay, then textile capital of India. Surplus

and cheap electricity from the nearby hydroelectric power stations and flourishing cotton

cultivation ushered the region’s rapid industrialization and urbanization. The headquarters

of the Coimbatore district, in 1981, Coimbatore was upgraded into a Municipal Corporation.

Coimbatore city is the sixteenth largest urban agglomeration in India with total population of

2,136,916 with males constituting 50.08% of the population and females 49.92% as per the

2011 census [75]. The population within Coimbatore Corporation limits is 1,601,438 with a sex

ratio of 997 females for every 1,000 males, which is above the national average of 929. As per

the census of India 2011, Coimbatore district has 945,943 houses, of which 237,155 are rural

and 708,788 urban. Among the houses, around 28 % of the houses in Coimbatore district were
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using PM / air pollution emitting fuel sources such as fire food, crop residue, cow dung cake,

charcoal and kerosene for cooking [75]. The period after 1991 is the era of globalization and

liberalization in India that ushered in wide-ranging changes. As elsewhere in the world, Tamil

Nadu recorded increase in the proportion of people living in urban areas, especially during the

last two decades [76]. The Figure 2.1 and 2.2 shows the population increase in different census

period in Tamil Nadu and Coimbatore during 1901-2011 respectively. During the same period,

Coimbatore also expanded in terms of size and scale of urban agglomeration. Current urban

population of Tamil Nadu is 49%, the highest among other Indian states. In Coimbatore district

predominant part of population (74.9 %) are urban.

Fig. 2.1 The population increase in Tamil Nadu during 1901-2011 [76]
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Fig. 2.2 The population increase in Coimbatore urban during 1901-2011 [76]

Geography and Climate

Coimbatore is located adjoining the Western Ghats mountain range of Indian subcontinent

on its south west. It lies at about 411 meters (1349 ft) above sea level. The river Noyyal, origi-

nating in the Velingiri hills in Western Ghats, courses through the city. The river once perennial

has turned to a seasonal one in recent decades. The urban agglomeration of Coimbatore covers

an area of 246.75 km2 while the district in total spreads over 4723 km2, of which 1052 km2 is

reserve forests. In the current study an extent of area covering the urban agglomeration between

10°48′25′′N, 76°43′21′′E South West and 11°18′27′′N, 77°19′21′′E North East was considered

as study area. The city is located in the eastern opening of the Palghat gap that is the widest

one among the three major mountain gaps in the Western Ghats. This position made the city

significantly important for historical trade links. Geographically the Coimbatore can be divided

into west hilly forested region and east plain dry region where the majority of urban region lies.
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The region has predominantly black soil, most suitable for cotton cultivation that perchance is

the single most important factor that led to industrialization of the city inviting the moniker the

Manchester of the south India. Northwestern parts of the region with red loamy soil is suitable

for agriculture and currently holds large number of brick kilns that draw upon the surface soils

for brick-making catering the huge needs of the growing city.

The geographical location of Coimbatore in Palghat gap also have significant role on the

region’s weather and climate. The region has a tropical wet and dry climate with higher

portion of rainfall recorded during the northeast monsoon from October to December. Due

to the Palghat gap, the region also receives the southwest monsoon during June to August.

The region receives an average annual rainfall of around 700 mm, in which 47% during the

northeast monsoons and 28% during the southwest monsoons. During 2014, Coimbatore region

recorded mean maximum temperature ranging from 35.2 ◦C to 36.3 ◦C and the mean minimum

temperature ranging from 17.9 ◦C to 21.0 ◦C. The region experiences high humidity with most

of the month’s average relative humidity for late night and early morning exceeding 75 %.

Agriculture

One of the major factors in industrialization and urbanization of Coimbatore region is plenty

of Cotton cultivation. The suitable black soil, tropical dry climate and cheap labor ensured

flourishing cotton crops and allied works such as cotton ginning and spinning, foundries and

industries manufacturing machinery for the booming textile industries. Currently cotton culti-

vation has considerably reduced in the region owing to various reasons; similarly associated

industries. The red loamy soil in North Western part of the Coimbatore is suitable for horticul-

ture crops, cereals and other crops, and still around 48% of geographical area of the district is

under agriculture. During 2014-2015, major crops cultivated were Coconut (83789 Ha), Corn

(28458 Ha), Banana (8115 Ha) and pulses (4933 Ha). The productivity of crops in the region is

highest in the case of Sugarcane (107430 Kg/Ha) followed by vegetables and fruits such as

Cabbage, Banana, Grapes and tuber crops such as Tapioca (22659-47000 Kg/Ha) [77]. Crop

residue generation is directly proportional to agriculture productivity. Burning agriculture crop

residue is a major source of air pollution emission, especially of particulate pollutant, in India
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[78]. Burning agriculture crop residue is a commonly followed waste management technique

in India. This is especially in the case of sugar cane cultivation. Large quantities of residues

generated in the fields are generally burned, in various parts of Coimbatore district, after the

harvest to initiate the next cycle of cultivation. This is also seen in the case of corn and cereal

crop fields as well. The forests surrounding the northwestern part of Coimbatore region also

acts as a source of air pollution from biomass burning due to summer forest fires that are mostly

set by humans.

Industries

Burgeoning urbanization in Coimbatore region is primarily due to industrialization in

early times and later by commercial establishments, real-estate ventures and large number of

education institutions. The early major drive for industrialization and ensuing urbanization was

the construction of Pykara Hydro electric power project (PHEP) situated towards the western

part of Coimbatore, now in Nilgiri district, during 1932. The flourishing cotton production

and the power from PHEP boosted development of textile mills and textile accessory machine

manufacturing units. Thus, Coimbatore evolved into a cluster of large textile mills and related

industries in due course. Currently as per the Coimbatore district profile handbook-2015

[79], there are 4225 working factories, 413 medium scale industries and 12873 small scale

industries employing around 186820 workers. Of these, the major ones are textile and allied

industries, information technology, manufacturing automotive parts, motor pumps, wet grinders,

jewellery making, and cement and stone crushing units. India’s oldest cement manufacturing

unit is located in the southwestern part of the Coimbatore district, the ACC limited, formerly

Associated Cement Company, established in 1936. Nearness to the Western Ghats offers

necessary raw material for stone crushing units and another major cement-manufacturing

unit bordering the administrative boundary of Coimbatore district. The northwestern parts of

Coimbatore are home to hundreds of brick kilns, and other small scale and cottage industries

having poor facilities for controlling emission of polluted air from their chimneys. Coimbatore

has large-scale flourmills with altogether grinding capacity of 50,000 MT per month catering

the needs of southern states of India. Thus, the major air polluting industries in Coimbatore are
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Cement manufacturing units, foundries, stone crushing and brick kilns. Coimbatore host special

economic zones and industrial hubs in which Kurichi industrial cluster (SIDCO) is considered

as a critically polluted area by CPCB [80], based on the recently developed Comprehensive

Environmental Pollution Index (CEPI) that weighs the pollution potential of the factories

located in industrial clusters. Foundries located in clusters are large air pollutant emitters.

There are 722 foundries in the Coimbatore district catering the needs of various manufacturing

industries and others.

Transport

Coimbatore is a major transportation hub in southern India, well connected in terms of Road,

railway and air. The corporation limit is bestowed with six major arterial roads. Coimbatore

district has a total road length of 13904 km. Of this, major section is village roads (54.9%). That

is followed by Corporation (15.2%), town (13.2%), state highways (8.4%), municipality (4.1%),

national highways (2.6 %) and other forest roads (1.6%). Most of the roads are un-pawed

and it is a major source for fugitive dust emission from transportation. The vehicular growth

and ensuing particulate pollution emission is a major concern in Coimbatore. Tamil Nadu is

reportedly having the top and fastest vehicular growth of all the Indian states; during 2001-2011,

vehicle number has increased by 202.9 % whereas the population of Tamil Nadu has grown by

16.13% only. This trend is reflected in Coimbatore as well; during 2000 - 2016, the vehicular

growth is 386.6%. The Figure 2.3 shows the number of vehicular registration in Tamil Nadu

during 1993-2014. The Figure 2.4 shows the number of vehicular registration in Coimbatore

during 2000-2016. It is observed that the larger portion of the vehicular population in 2016

is composed of two wheelers(81.3%) followed by cars/jeep(13.8%), goods vehicles(2.4%), 3

wheelers(1.1%), other category vehicles(1.0%) and buses(0.4%).

Particulate air pollution in Coimbatore

Industrialization and resultant rapid urbanization is the main cause of PM pollution in

Coimbatore. Emission from foundries, cement, stone crushing and brick kiln are major sources.

Transport related sources, the growing vehicular population with stagnant infrastructure devel-
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Fig. 2.3 The number of vehicular registration in Tamil Nadu during 1993-2014 [81]

opment, are the second major emitter of PM. That is followed by use of particulate emitting

fuels for cooking and lighting purposes, and crop residue burning. Major studies on particulate

pollution in Coimbatore region was carried out during 1999-2001 by Mohanraj and Azeez

[82]. The study reports respirable suspended particulate matter (RSPM) 30-149 µg/m3with an

average of 71.3±22.26 µg/m3. The total suspended particulate matter (TSPM) was 24.4-460

µg/m3averaging 110.8±69.15 µg/m3. High concentration of RSPM and TSPM were observed

in urban stations during 1999-2001. Follow-up studies at the same stations reported PM2.5

ranging between 27.85 to 165.75 µg/m3with an average of 76.28 µg/m3 [83]. These studies

were carried out using high volume air sampler with filtration method and fine particulate

monitor. Mobile monitoring using a hand-held particulate counter was carried out by us in

August to September 2015. Around 75 locations in various land use and land cover class of

Coimbatore urban and rural region were sampled for PM during 09:00AM to 06:00PM. The
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Fig. 2.4 The number of vehicular registration in Coimbatore during 2000-2016 [81]

study reveals the PM2.5 concentration varying between 3 to 1013.2 µg/m3with an average

of 53.69 ±44.42 µg/m3. PM10 varied between 20.60 to 6931.60 µg/m3with an average of

473.42 ±629.13 µg/m3. Long-term monitoring of temporal variability of TSPM and RSPM is

being carried out by the regulatory body, Tamil Nadu State Pollution Control Board (TNPCB).

The Figure 2.5 shows the temporal variability of TSPM and RSPM during 2003-2012 in three

classes of stations, namely residential, mixed and industrial area in Coimbatore [84]. Studies

on Polycyclic aromatic hydrocarbons (PAH) and heavy metals bounded with PM shows vary-

ing concentration in Coimbatore urban region. The study [85]carried out during 1999-2001

reported 20-172 ng/m3total PAH with an average of 90.37 57.4 ng/m3in PM10 samples. The

study carried out during 2009-2010 [83] reported total PAH concentration ranging from 27.85

to 165.75 ng/m3in PM2.5 samples. In RSPM, quantity of heavy metals such as Zinc was

highest followed by copper, lead, Nickel, Chromium and Cadmium [86]. The concentrations
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Fig. 2.5 Ambient particulate matter concentration in different stations of Coimbatore during
2004-2012 [84]

were varying between below detectable limit (BDL) to 2147 ng/m3with highest average of

481-544.3 ng/m3in Industrial areas. The studies reveal rising PM in temporal scale with

potentially hazardous heavy metals and PAH bound on to the particulates.

As in any other urban centres in India, interventions against particulate pollution in Coim-

batore are largely issuing the emission standards for various pollutants such as for industries

and vehicles. These standards are tracked by ambient monitoring stations, stack monitoring or

periodical vehicular emission checking for general compliance by TNPCB. Recent comparison

with 41 cities (of one plus million population urban centres) in India indicated that Coimbatore

is relatively better in air quality in terms of air quality index (AQI) under National Ambient Air

Monitoring Program of CPCB. Coimbatore recorded 99% of good AQI days for a 157 days

ambient monitoring in 2015 and it is highest in the country [87]. However, being a second

tier urban centre the effectiveness and sustainability of regulatory interventions for air quality

management are much to be developed. There is historical under investment in institutional

building in urban India indicated by serious infrastructure and service deficits especially in the

case of second and lower tier urban centres [88–90]. This hampers the management capacity of



22

local bodies to address the air quality management in urban centres, which is currently carried

out by top-down approach of regulatory body interventions. Moreover, the local bodies are

widely criticized for poor governance process, corruption and public exclusion [91]. This deval-

ues the local governance and accountability, crucial for sustainable urban transformation [92]

much needed especially for the particulate pollution type that involves complex management

issues.



Chapter 3

Real time particulate pollution

monitoring

3.1 Introduction

Particulate pollution and its resultant health effects are considered one of the large health

burdens in the world [93]. An estimate of 3.2 million premature deaths and over 76 million

lost disability-adjusted life years are caused due to outdoor fine particulate matter pollution

[93–95]. It is causative for short term [96–98] and long term health effects [96, 99–101].

In India only in 2013, ambient air pollution caused 587,000 deaths [102]. Major source of

the pollution is attributed to combustion process and its resultant particulate matter emission

[102]. Particulate pollutants (or suspended Particulate Matter - PM) are particles with low

aerodynamic diameter. The most commonly discussed categories of such particulates are

2.5µm(PM2.5) and 10µm(PM10). The small size particles especially those less than PM2.5 is

capable of penetrating deep into respiratory systems area, where gaseous Oxygen / Carbon

Dioxide (O2/CO2) exchange happens. That causes oxidative stress, including mitochondrial

death, which leads to multiple health effects [103] and morbidity of various types. Recent

studies have shown wide range of human activities are causative for particulate matter emission

into the air making that (PM) an important indicator of air quality related health effects [104–
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106]. It is observed that PM exposure is higher than the level suggested by earlier understanding

[105, 107]. Particulate pollution monitoring is an important tool in air quality assessments,

and for identifying measures for management of pollution. Conjoined with pollution emission

inventory and concentration forecast, it forms the basic components for human exposures

and health effect assessments [108]. However, current infrastructure for particulate pollution

monitoring especially PM2.5 is found to be inadequate to address its concentration variations

with respect to spatio-temporal variability, human time-activity patterns and to figure out

personal exposure levels [93, 109].

The size distribution of the PM is one crucial aspects of monitoring and the environmental

and health implications of the particulates. Hence, PM is monitored primarily with objective

of finding the concentration or size distribution [110], the analysis of chemical nature and

related aspects being only next in priority. Direct methods of mass (µg/m3) or count (number of

particles/m3) are generally adopted [110–113] in measuring the concentrations. However, most

instruments, employed to study health effects and to comply with regulatory monitoring, are

based on mass concentration methods. It is monitored in terms of standard measures in two size

bins of PM2.5 and PM10 [114, 115], by manual air filtration, optical methods or by continuous

and integrated instruments such as Beta Attenuation Monitors (BAM or β -gauge) and Tapered

Element Oscillating Micro balance (TEOM) [116, 107, 117]. However, high investment and

running cost for automatic real time instruments such as of BAM and TEOM largely hinders

their wider deployment [112]. For example in India, most of the large cities, invariably the

second tier urban centres are yet to receive any real-time monitoring facilities; instead, they are

relying on time-consuming manual methods. In Coimbatore, a fast growing second tier city,

particulate pollution is monitored at three representative land cover / land use locations using

high volume air sampler. The operation is carried out manually using a high volume air samplers

fixed with glass microfibre filter paper followed by gravimetric method. The data frequency

is only three to six times per day and based on availability of manual operator. This mode of

particulate pollution monitoring suffers from a couple of serious limitations. Firstly, the data

thus generated face temporal and spatial constraints that reduce its utility in understanding the

health effects, and secondly that method cannot amply cope up with the timely requirement for
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regulatory measurements and in issuing well-timed advisories. Thirdly, with off-line operations,

it has an inherent time lag and opacity in data processing and updating. Such constraints limit

the utility of the outputs in terms of required temporal resolution and real time dissemination

and consumption for the internet era. Particulate pollution monitoring by particle concentration

is lately gaining importance as increasingly its essentiality and advantages [96, 118, 119] are

being recognized. It is observed that along with mass concentrations, concentration in terms

of number is also an important indicator for deducing health effects and for comprehensive

understanding of urban air quality [96, 120]. Furthermore, the particle counters for monitoring

is being widely tested for their explicit advantages over mass concentration methods in terms

of low cost, ease of use and very short response time in measuring particle concentration in the

ambient air.

In recent years, there is a rapid proliferation of low cost open source hardware tools such as

micro controllers, single-board computers in the market. Simultaneously there is a growing

online community interest, forum discussion and publication of tutorial and blogs using these

tools. This trend equips common public or amateurs to extend their capability to develop

instruments that can collect research grade data using commodity (commercial and off the

shelf) sensors [121–123]. Particle counters based on light scattering principles are used in

industrial clean room service operations and their mass production, for their increasing demands,

ensures their wider availability and low cost [124]. Monitor based on these counters are gaining

acceptance as a supplemental resource to compensate for the inadequate PM measurement

data [116, 125]. There are several recent studies showing promising data validity of monitors

developed using such particle counters and open source hardware comparable to high-end

research grade particulate monitors [124, 93, 126, 127] that are exorbitantly expensive and

ill-affordable. However, those studies are emphasizing the requirements of characterization

of such monitors in a wide variety of geographical / environmental setups and particulate

matter sources [128, 93, 122, 127]. In this context, the current study aim to characterize the

effectiveness of a customized particulate matter monitor for Indian scenario. It is based on a

low cost commodity monitor fabricated with locally available open-source hardware tools and
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expertise. This chapter discusses development of the real time particulate matter monitor and

evaluates its data validity and field deployment effectiveness.

3.2 Methodology

3.2.1 Monitor development and field deployment

Dylos™model number DC1100 is a patented air quality monitor commercialized by Dylos

Corporation (USA). Its primary market is indoor air quality service industry such as clean air

room testing and workspace particulate pollution assessment. The monitor has a laser based

dust sensor that provides a continuous reading of particulate counts in two size bins of PM0.5

and PM2.5. The particle count readings are displayed in the screen attached to the monitor. It

has nine pin communication(COM) port, which can connect to a computer to store or transmit

the data to where it is required. In addition, the monitor has inbuilt memory of limited data

storage. The bin PM0.5 measures particles of size ranging from 0.5 µm to 2.5 µm, while PM2.5

bin measures particles of size ranging from 2.5 µm to 10 µm. The measurement is carried out

on the air, drawn by a small fan, which enters through a moulded funnel and baffle structure

with sample volume size of 0.01 f t3, in a continuous process . The particle count in the airflow

is done by a 650 nm wavelength laser beam. The rays scattered by the particles are captured

by a photo diode positioned at an angle to capture the diffracted lights. To reduce the cost of

instrument, there are no optical lenses or other focusing optics, particle size selector and airflow

sensors in the monitor. The particle size selection is effected by an algorithm. The algorithm,

which can differentiate the signals from scattered lights and the differing peaks width of the

signals [126], also compensates for the possible fluctuations in the flow rate.

To customize Dylos™into a real time ambient particulate monitor, it was equipped with a

data collection, storage and real time data communication setup. To capture the raw readings

from Dylos™and transfer it into a data storage system, a serial USB (RS232) COM port plug

was used. This data, as particles count number per 0.01 standard cubic feet ( f t3 or scf), is

from the photo diode post processed signals. Raspberry pi Single Board Computer (SBC) was

used to store, filter and communicate the data in real time. The SBC is programmed with
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Python code to control the time resolution of data collection from the Dylos ™. For the field

deployment, the whole setup of monitor with data storage and communication was housed in an

all weather steel box, specially designed for the purpose. To make the monitor design simple,

an in-line power connection was used. To avoid the long power outrages, the in-line power was

backed with a 24 AH battery and 65 W inverter. To evaluate the functionality of the developed

/ customized real time particulate matter monitor, four monitors was deployed in various parts

of Coimbatore city. Considering the safety of the monitors, it was placed mostly in terrace of

buildings, at height ranging between 1.5 meters and 7 meters. The field-testing was carried

out from 24 January 2014 to 20 July 2014. The field evaluation focused on assessment of data

usability and functionality of the monitor.

3.2.2 Real time data communication and management

The data from the monitor was communicated to the server by the mode of SMS (Short

Message Service) or Representation State Transfer Application Programming Interface (REST-

API). The SMS mode was adopted for the stations that had poor reception for Internet data.

The SBC of the monitor was attached with data card and equipped with SMS send/receive

software to send the data from the Dylos™at an interval of every 15 minutes. For REST-API,

the SBC with data card was setup with Internet mode to transfer the data in every 2 minutes,

and free ThingSpeak ™[129] Internet of Things service was used for the purpose. The SBC of

the monitor was installed with a Debian Linux operating system and it was programmed with

Python based script to control the data collection from Dylos™monitor and to communicate

with central base station/server by means of SMS or REST API. The central base station was

an Ubuntu Linux head-less server running on IBM M4 machine equipped with a data-card to

receive the SMS and REST-API.

3.2.3 Data conversion and collocation sampling

The particulate pollution levels are usually represented in mass based values as micro gram

per meter cube, while the Dylos™monitor gives the particulates in counts per 0.01 standard

cubic feet. To convert the Dylos™reading into mass values for the purpose of comparison,
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a relationship was used based on Arling et al. [130]and a python script 1 was used for this

purpose.

PM Concentration(µg/m3) = Number o f Particles∗3531.5∗Particle Mass (3.1)

The value 3531.5 in equation was used to convert the sample orifice size of Dylos™monitor

0.01 f t3 to 1 m3. The Particle mass for the PM2.5 channel and PM10 channel were taken

as 5.89 x 10−7 µm and 1.21 x 10−4 µm respectively. These values were derived based on

approximations such as considering the shape of the major particles in sampling environment

to be spherical and has a density of 1.65x 10−12 µg/m3 [96]. Similarly, the radii of particles

in the PM2.5 and PM10 channels were considered as 0.44 µm and 2.60 µm [132]respectively.

Higher Relative Humidity (RH) in environment is known to force the free particulates in air

to clump together and that can [130]wrongly influence the counts by laser based particulate

matter monitors. To reduce such error readings under high humidity conditions, those readings

either were discarded or adjusted using a correction factor. To assess the validity of data from

the monitor, a collocation sampling (During 14 - 19 January 2015) was carried out concurrent

with industrially calibrated portable particulate monitor Metone ™Aerocet -531S. The monitor

Metone ™Aerocet- 531S was placed along with Dylos ™in the same enclosure and readings

were compared. Pair wise plots and linear regression adjusted R2 value of hourly average

samples were used to assess the relationship / collinearity between the readings from the

collocated monitors.

3.3 Results and Discussion

The Figure 3.1 displays the monitor that was developed complete with its all weather

casing for field deployment. Each unit cost around 48,700 INR, Table 3.1 lists the breakups

(item costs) relating to the components used in equipping the monitor. It is observed that

in terms of cost for customization, Dylos™monitor stands for around 70 % of the cost for

1File named DylosDataCountToMass.py in Nishadh et al. [131]
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(a) (b)

Fig. 3.1 Real time particulate pollution monitor (a) with casing (b) for field deployment

customizing the real time particulate pollution monitor. The Table 3.2 lists the price ranges

of commercially available particulate pollution monitors some of which can be customized

into real time monitors. Studies have proved the effectiveness of lowest price range Shiney

dust monitors for particulate pollution monitoring [93, 127]. Indicating the overall cost of real

time monitor can be reduced considerably by appropriately changing the monitors engaged,

enhancing its usability for mobile monitoring purposes [133] or augmenting sensing capability

for particulate pollutant with indirect image based methods [134–136].

The Figure 3.2 shows software and hardware components of the real time particulate

matter monitor. The software component consist of serial data reading from Dylos™monitor, a

database to store the data records in SBC local storage and communicate on real-time basis

either by SMS or REST API. Python based scripts were used to carry out SMS 2 and REST

API3 based data communication. The functions of these Python scripts are as follows.

2File named DylosDataRecvSMS.py in Nishadh et al. [131]
3File named DylosDataRecvHttp.py in Nishadh et al. [131]
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Table 3.1 Cost of the materials used in real time particulate pollution monitor

S.No particulars Cost in INR Source

1 Dylos™Monitor (kg) 34000 Dylos corporation,USA
2 Inverter and Battery 8000 Local purchase
3 Raspberry pi 3300 Crazy pi, Bangalore
4 All weather casing 1200 Local control box manufacturer
5 USB Data card 1200 Local electrical shop
6 Serial to USB converter 600 Local computer shop
7 Electrical accessories 400 Local electrical shop

Total 48700

Table 3.2 Price range of some particulate matter monitors

Hand-held/Indoor monitor Vendor Price range in |

Shineyi/Sharp dust sensor Shineyi/Sharp <2000
DC1100 Air Quality Monitor Dylos Corporation <34,000
Aerosol 531S Metone <3,00,000
DataRAM pDR-1500 Thermo Scientific <7,00,000
MicroAeth AE51 AethLabs <8,00,000

Fig. 3.2 Software and hardware components of real time particulate pollution monitor



3.3 Results and Discussion 31

1. Invoke the serial read in SBC using the serial library and set the time interval for data

reading from Dylos™.

2. Store the data in SQLite database located in SBC, and act as data backup

3. Query the SQLite database, collect the most recent data and communicate to REST API

in real time

4. Send the serial read data as SMS in real time

3.3.1 Ambient testing

The Figure 3.3 shows the location map of the field stations where the customized monitor

was stationed for testing. The Table 3.3 gives details about those locations. Longest field-testing

was carried out in Thadagam, hereafter referred as TDM. It is a village near to Coimbatore

corporation limit and home to largest brick kiln cluster in Coimbatore. Due to its remote

location, mobile internet connectivity was low in this area. In this situation, SMS based data

transfer was only viable form for real time data communication and was followed for this

station. Kuniamuthur (KNMR ) is in the southern part of Coimbatore Corporation, and the place

is predominantly residential area bordered with agriculture fields crisscrossed with approach

roads leading to a busy national high way. Ethernet connected REST- API was used for real

time data communication in this station. Sivanandha Colony (SVNC ) is a commercial and

residential area in Coimbatore city. Here, the monitor was kept in an office building close

to another busy road. REST-API based data communication was used in this station. GV

residency (GVR) is a residential area located in the eastern part of Coimbatore Corporation.

REST-API based data communication was intended to be used in this station utilizing the

available Ethernet based local area network; however, since the monitor became dysfunctional

within a day of deployment due electricity problem and failed in collecting the data from

Dylos™. Hence, the data from this monitor was not used in further analysis.

Data collected from the field evaluation was assessed for general trend and reflection of

the station’s pollution profile. Due to logistic constraints, the monitors functioned in different
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Fig. 3.3 Real time particulate pollution monitor field deployment stations in Coimbatore

Table 3.3 The profile and period of sampling for Dylos™air quality monitor in different stations
of Coimbatore

Station
code

Station
name

Monitor
position height Period of sampling

TDM Thadagam 7 meter 24th January -28th March 2014
KNMR Kuniamuthur 3 meter 6th-8th May & 14th-20th July 2014
SVNC Sivanandha Colony 1.5 meter 17th April -05 May 2014
GVR GV residency 7 meter 29-30 April 2014

time periods that hinders the across-site comparison of the pollution levels. However, for each

monitor hourly trends were assessed. The average PM2.5 concentration recorded by monitor

placed in TDM was 72.27±14.33 µg/m3.At SVNC, the concentration was 30.34±10.65 µg/m3,

and at KNMR, 24.76±12.37 µg/m3. In the case of PM10 concentration, SVNC recorded

414.02±205.17 µg/m3, TDM 313.72 ±148.52 µg/m3 and KNMR 221.31±92.05 µg/m3. It is

observed that hourly PM2.5 average value was gradually increasing towards evening except a

single morning hour steepness in TDM monitor reading (Figure 3.4). The SVNC monitor

shows gradual increase of PM2.5 in morning hours and similar but lower value gradual increase

in evening hours. In the case of KNMR, the monitor records the PM2.5 concentration gradually

increasing towards the evening time. The PM10, in terms of (Figure 3.5) hourly concentrations,
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Fig. 3.4 Hourly PM2.5 concentrations in the stations where the monitors were deployed, KNMR-
Kuniamuthur , SVNC-Sivanandha Colony, TDM- Thadagam

Fig. 3.5 Hourly PM10 concentrations in the stations where the monitors were deployed, KNMR-
Kuniamuthur , SVNC-Sivanandha Colony, TDM- Thadagam

recorded by the monitors show a trend similar to that of PM2.5. However, more gradual peaking

during evening and morning time at SVNC, which may be indicative of vehicular traffic peaking

in the nearby busy road. In the case of TDM and KNMR, the hourly trend may be indicative

of diurnal activity related to brick kiln industry operation and road traffic respectively. The
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data from monitors developed using low cost sensors are viewed as useful for information

purpose and awareness creation, hotspot identification, supplementary network monitoring and

personal exposure assessment [137]. In the current study, it is observed that the monitor reading

can satisfactorily exhibit pollution trend necessary for information purpose. But, inability

to conduct monitoring in all the stations with similar instruments simultaneously for logistic

reasons disallowed the use of the data for hot spot identification and supplementary network

monitoring.

As an individual node in wireless sensor network, the system effectiveness of real time

particulate monitor was assessed in terms of system persistence and data communication. It

is observed that the monitor was effective in continuous operation for data collection, storage

and real time communication and long monitor operation. At TDM and SVNC, the monitor

was in operation for 1490 and 200 hours respectively. The intermittent disruption in the

monitors was mainly due to power supply failure, and resultant erroneous data recording by the

Dylos™monitor and data communication. All these situations warranted operator intervention

to revive the monitor. The current design has limitation such as using loosely coupled plugs

and switches to power the components, connected with direct AC power, and backed with

an Inverter. Providing power in this form by non sine wave based inverter Uninterrupted

Power Supply (UPS) leads to disruption of the Dylos™monitor reading, at times leading to

unrealistic high value recordings for particle counts. However, this error could be rectified

using sine wave based UPS. Further, the collected data was scrutinized for the realistic nature

of the readings and high unrealistic readings were filtered out. That indicates the need for

improvement of design of the monitor with self-contained DC battery for power source and

backup with embedded connectivity among the components. There are situations observed that

the serial dysfunctional and delay in capturing the serial read by high level USB based cord

used with SBC. It further hinders extension of the low-level sensors by addition of sensors for

parameters such as Temperature and Humidity to the monitors. Probably, in such cases using

low-level microcontrollers would be advisable. In spite of such possible drawback that could

be fixed by uncomplicated design improvements, the monitors’ functionality was in par with

the expectation of real time particulate pollution monitors and wireless sensor nodes.
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3.3.2 Data validity

Air pollution instruments generally are calibrated and data validated through either of two

methods [137]. The first method is comparison of the reading from the instrument with a

reference standard air pollutant concentration in a controlled environment or laboratory [138].

The second method compares the reading with a reference instrument that has been calibrated

with the first method [139] and is known as collocation sampling. This is generally preferred

for particulate matter monitor calibration due to its cost effectiveness. In the current study an

aerosol calibrated Metone™Aerocet -531S monitor with accuracy level of ±10 was used as

the reference instrument. Considering the high humidity (>80 %) in late nights in Coimbatore,

the study area, and safety of the instrument, collocation sampling was interrupted from 9PM

to 7AM. The Figure 3.6 and 3.7 shows linear regressions conducted between the readings

obtained by the two instruments for PM2.5 and PM10 readings respectively.

The coefficients of determination (adjusted R2) for separate sampling periods were ranging

between 0.54 to 0.98 for PM2.5 and 0.65 to 0.92 for PM10. For the entire sampling period,

the adjusted R2 for PM2.5 was 0.75 and for PM10 it was 0.78. It is observed that the coeffi-

cient of determination R2 between the different particle size counts and non-averaged counts

(see appendix A) varied widely . The highest R2 was observed in the case of hourly mass

concentration; in contrast, the R2 was lower for counts. The Figure 3.8 and Figure 3.9 shows

combined line plot of hourly averaged data from the Metone™Aerocet -531S and the collocated

real time monitor. Concentration for PM2.5, as per the real time monitor, tracks closely with

Metone™Aerocet -531S, better than with the concentration of PM10 in most of times. It was

observed that the PM10 concentration value from real time monitor was consistently higher than

that from Aerceot- 531S monitor indicating the need for a correction factor for the readings

obtained from the former.

Earlier study by Northcross et.al [126] carried out using PM10 based monitor has shown

a range of R2 values from 0.81 to 0.99 for PM2.5. The collocated reference instruments were

Dust-trak, an industrially calibrated particulate profiler and beta attenuation monitor (BAM or

β -gauge). After calibrating Dust-trak with a 24-hour average value obtained from BAM, hourly
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(a) 14 Jan 2015 (b) 15 Jan 2015

(c) 16 Jan 2015 (d) 17 Jan 2015

(e) 18 Jan 2015 (f) 19 Jan 2015

Fig. 3.6 Linear regression (LR) between real time particulate pollution monitor and Aerocet
531S in different periods for PM2.5

average of Dust-trak readings was used for analysis. Light scattering based monitors readings

are subject to varying composition of ambient aerosol, temperature and relative humidity [93].

In the current study, high variability (R2) in agreement between the collocated instruments

across different periods is probably due that phenomenon of variability in such parameters

relating to ambient air quality. That would essentially means, the requirement for continuous

calibration of low cost particulate matter monitors to have valid data [139]. The close tracking

of mass concentration, which are a derived value from count reading, between the collocated
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(a) 14 Jan 2015 (b) 15 Jan 2015

(c) 16 Jan 2015 (d) 17 Jan 2015

(e) 18 Jan 2015 (f) 19 Jan 2015

Fig. 3.7 Linear regression (LR) between real time particulate pollution monitor and Aerocet
531S in different periods for PM10

instruments indicate the effectiveness of conversion using the relationship (see the formula 3.1),

much simpler than that used in previous study [126]. Overall, the current study reiterates the

usability of low cost monitors for particulate pollution monitoring purposes . The study also

emphasizes the necessity of calibration and using it for augmentative purposes in the backdrop

of regulatory compliant monitoring network.
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Fig. 3.8 Hourly PM2.5 concentration in custom real time monitor and Aerocet 531S during
collocation sampling

Fig. 3.9 Hourly PM10 concentration in custom real time monitor and Aerocet 531S during
collocation sampling

3.4 Conclusion

1. This chapter discuss customization of a low cost indoor dust monitor into an outdoor

real time particulate pollution monitor. Assessment of its functionality for ambient

monitoring and its data validity was performed
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2. Ambient testing of the developed monitor shows its effective working in field condition.

The continuous operation of the monitor and real-time data communication were tested

and found to be satisfactory

3. The system effectiveness of real-time particulate monitor was assessed in terms of

persistence and data communication. It is observed that the monitor was effective in

continuous operation for data collection, storage, real time communication and long

operation

4. The customized monitor development using loosely coupled power source and single

board computer were found to require intermittent manual interventions. That can be

overcome by a design overhaul replacing with embedded boards, stable and permanent

connectivity with battery power source

5. Data validation study shows that the developed monitor is correlating well with the indus-

trially calibrated monitor. But the variation in the agreement with different calibration

period indicates the requirement of continuous calibration of the monitor
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Particulate pollution emission inventory

4.1 Introduction

Emission inventory (EI) is breakup of air pollutant quantity emitted from anthropogenic

or natural origin; it quantifies various pollutants generated from emission causing activities

within a stipulated geographical area [140] and time span. Emissions of Particulates in an

urban area would be mostly of anthropogenic origin; of course, natural forces and settings also

would determine the distribution of emissions, but that would be of much wider geographical

and temporal scales. Major anthropogenic urban emission source for particulate pollutants are

industrial, transport, agriculture, residential, and construction sectors.

Emission inventory development is an important and primary task in air pollution manage-

ment [141, 142]. It is a key input data for air quality forecasting and in planning management

interventions [143, 144]. It gives comprehensive understanding on air pollution issues relevant

to a geographical and time span context. Preparation of such a document mainly involve

four facets; source identification, quantity of pollutant generated from it, pollution reduc-

tion potential and identification of information gap to carry out emission reduction measures

effectively [145]. It helps in future projection of pollutant concentration in the context of

possible scale-ups in emission activity such as demographic changes or increase in industrial

activity and such other changes. It aids in designing and implementing various intervention
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measures, with respect to present and future emission rates. Air quality models especially

chemical transport and numerical weather prediction-based models require spatially allocated

and gridded emission inventory [146] that provides initial condition values (seed values) for

mathematical computation of spatio-temporal air pollution forecasts [147]. The quality of

Simulation is largely influenced by the emission inventory resolution, completeness and ac-

curacy [148]. Various studies have observed that emission inventory is the most uncertain

input data in model simulation [149–151]. Accurate emission inventory is a great deal crucial

for its important for functionality and advantages derivable from modeling. Limitations in it

can significantly misguide or make non-effective the air pollution interventions based on it

[149, 152, 143, 153, 154].

Emission inventory is scaled as per the extent of area considered for estimations, such as

urban, regional, country or global level domains. The selected domain of spread is further

divided into fine spatial grids and then emissions are estimated pertaining to each individual

grid [155]. Sizes of the spatial grids are chosen for micro level computing and that acts as the

resolution of the emission inventory. In each grid, sources of the pollutant are geographically

represented as point, line or polygon features [156]based on the geographical extent or nature

of the source. Point features are normally related to a locality (e.g. industrial), polygon features

related to a group of similar kind of industrial or residential area and line features are related to

features such as road networks.

EI is estimated taking a base year according to data availability [157]. The EI calculation

requires data on quantity of fuel type used and its respective emission factor [158]. The basic

data requirement for EI assessment are i) location of emission sources, ii) fuel consumption

rates for the sources that are considered as pollutant emission activity, and iii) emission factors

that are mostly laboratory estimated value of pollutants emitted from unit consumption of fuel

by the pollutant emission causing activity. Based on the availability and specificity of data, two

approaches, top-down or bottom-up, are adopted in EI preparation [157]. Top-down approach

takes overall fuel consumption as surrogate for emission. Then the area level emissions are

derived using related proxies for the emission activity and respective spatial segregates [158].
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On the other hand, bottom- up approach considers every pollutant emitting sectors in an area

based on their respective spatial extent. Overall emission rate from these sectors were estimated

discretely and then they are combined together in the respective spatial grids where the emission

source is located [159].

Due to non-availability of data required for bottom-up approach, Global level emission

inventories for air quality models are largely developed using top-down approach and in coarse

resolution grids [160–162]. These emission inventories though data ready for air quality models

such as Weather Research and Forecast - Chemistry (WRF-CHEM), suffers from inadequacy

due to the coarse geographical resolution (100 km-10 km) for its use in local scales (local

level simulation). Hence, bottom-up is more appropriate for usage in air quality models for

better realistic predictions in local level simulations. In India, several studies have looked into

development of gridded emission inventory for large urban centres such as New Delhi for air

quality modeling [159, 148, 163]. In view of the above, the current study attempted to develop

particulate pollution emission inventory for Coimbatore region through a bottom-up approach.

The study also used free and open source programming tools.

4.2 Methodology

4.2.1 Study area:

As per Census of India 2011, Coimbatore district has a population of 34.85 lakh and has a

decadal (2001 to 2011) population growth of 19.06 % [164]. After Chennai, it is the largest

industrial hub in Tamil Nadu mainly involved in Textile, Pump / Motor manufacturing, metal

casting and several small scale engineering industries. An area of 3000 km2 (with extent of

area between 10°48′25′′N, 76°43′21′′E South West and 11°18′27′′N, 77°19′21′′E North East)

surrounding Coimbatore Corporation and covering the nearby villages were included while

preparing current emission inventory with a resolution of 1x1 km (Figure 4.1). The emission

inventory was prepared taking 2012 as the base year.
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Fig. 4.1 The study area map with extent of area considered for emission inventory calcula-
tions(50x60km)

4.2.2 Emission source and activity data

Four major emission sources viz., sectors such as residential, industrial, transport and road-

side windblown dust were considered for particulate pollution emission inventory. Relevant

data from Census of India 2011, National Sample Survey Organization (NSSO), Statistical

Handbook of Tamil Nadu, Tamil Nadu State Transport Corporation (TNSTC), Regional Trans-

port Office (RTO), Tamil Nadu Pollution Control Board (TNPCB), and open street map shape

files were used.

Residential sector Census of India 2011 data primarily on total population enumeration,

house listing, and housing census were used [164] for the inventory. The population enumera-

tion table enlists the number of houses at ward or village level. The house listing and housing

census data table gives the number of persons per house, percentage of houses using different

fuel types such as LPG, Kerosene and firewood for cooking activities at ward or village level.

These two data tables were merged on ward or village level unique code and its respective
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Table 4.1 Per capita consumption of fuel types in Tamil Nadu during 2012-2013 [165]

S.No Fuel type Rural Urban

1 Firewood and chips (kg) 19.271 3.686
2 Kerosene (liter) 0.613 0.551
3 Electricity Kwh 17.016 36.426
4 LPG (kg) 0.948 2.17
5 Coal/charcoal (kg) 0.002 0.0

map on polygon boundary to get the source location. The National Sample Survey [165] data

gives state level per capita consumption of each fuel type (Table 4.1). This table merged with

house listing and housing census data gives per capita fuel consumption as emission activity in

each ward or village. The 1x1 km emission inventory grid superimposed on ward/village map

was selected based on the built-up area in each of it. Google™web map services with its high

resolution satellite imagery were used for selecting the grid. Only these selected grids were

subject to emission inventory calculation.

Transport sector The spatial spread of the road networks was considered as a source of

emission in the emission inventory. For the purpose, the shape file data from Open street map

containing line features (road network) were used. The Figure 4.2 shows road network within

the study area categorized into different classes based on the level of importance i.e. intensity

of road traffic. The vehicular emission activity was computed based on the data source from

Statistical handbook of Tamil Nadu 2014 [166], which tabulates the district level vehicular

population. Vehicular Kilometre Travel (VKT) for typical urban India was taken from Sahu et

al [159]. The Table 4.2 summarizes these data. To derive vehicular emission source from the

spatial spread of road network, road categories such as trunk, primary, secondary, tertiary and

other roads was assigned with a proportion of vehicles passing through in a typical day [167].

Diesel buses are major means of public transportation in Coimbatore. It has a fleet of 3267

and 1724 unique routes catering the needs of Coimbatore and nearby districts of Nilgiris and

Erode [166]. Large proportion of it is controlled by government owned TNSTC with a smaller

proportion run by private operators. The emission activity from these buses were collected from
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Fig. 4.2 Road network in Coimbatore region

Table 4.2 Vehicular population in Coimbatore district during 2012-2013

Type No. of Vehicles[166] PM EF(g/km)[108] VKT [159]

Two wheelers 1423384 0.049 75
Four wheelers 244661 0.19 90
Goods vehicle 105414 1.965 150
Autorickshaw 11041 0.347 150

Bus 3766 1.075 210

daily trip sheet obtained from TNSTC, RTO and a travel suggestion website of Coimbatore city

[168]. The VKT of each bus were also calculated from this. The emission sources from these

buses were generated by converting the daily trip sheet of bus routes and bus-stop details into

the line feature, road network.

Windblown dust The emission from road related dust was calculated by taking the road

network as its source. The emission activity was computed by considering factors such as

number of wet days in a year, proportion of paved or unpaved roads in the network, average silt

loading and average weight of the vehicle run over the road. In 2012, Coimbatore urban region
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Table 4.3 Fuel consumption in Coimbatore(kL/year) [169] during 2007-2011

Petrol Diesel

Year Transport Industries Transport Commercial Industries

2007-2008 61374 15344 117058.9 16722.7 33445.4
2008-2009 68558 17139 137474.4 19639.2 39278.4
2009-2010 58402 14601 105676.2 15096.6 30193.2
2010-2011 62802 15700 121689.4 17384.2 34768.4

experienced 28 wet days, 100 % of the road network is unpaved, average silt load 0.531 g/m2

and average weight of the silt is 1.41 tons per year as per a surrogate urban Indian condition

(an estimated values in Delhi conditions [159])

Industrial sector Industries such as Cement, foundry, brick kilns and stone crushers are

major air polluting sectors in Coimbatore. For emission source data on industries, TNPCB,

Coimbatore division was consulted for pollution category of the industry, address and annual

production. The study area of the emission inventory has two mining and cement manufacturing

industries in it. As per the TNPCB list and industry declaration, the annual production of

these two industries range from 438000-1200000 Ton/year. The region has 722 foundry units

functioning based on coal and furnace oil as their primary source of energy. The geo-coded

industrial emission activity was estimated from the annual production and fuel required per ton

of production. The emission from usage of electricity generators were also considered for par-

ticulate emission. The spatial sources of the emissions were geo-coded based on their location

taken from the address details of educational institutions, hospitals, and commercial complexes

that use diesel based generator to cope with long power outages. The emission activities were

computed from the average daily electricity power outage and diesel consumption per hour of

usage. Consumption of various fuel types by different sectors in Coimbatore region is provided

in the Table 4.3.
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Table 4.4 Emission factor for each sector and fuel type[159]

Sector Pollutant Unit CNG/NG LPG Wood Diesel Coal
/Coke Kerosene FO Cow

dung

Industries
PM10 g unit−1 0 - - 0.0009 - - - -
PM2.5 g kg−1 0.34 0.31 - 0.97 1.36 0.34 0.65 -

Residential
PM10 g kg−1 - 2.1 15.3 - 20.0 1.95d - -
PM2.5 g kg−1 - 0.33 1.5 - 12.2 1.9d - 5.04

4.2.3 Emission factors, emission calculation and spatial allocation

Emission Factor (EF) constitutes an important part in emission inventory preparation and

greatly influences its accuracy. In the present study, EF from the past studies were used

[108, 170] for computational purposes. The values reproduced in Table 4.4 lists the emission

factors used in the current study.

Following were the formulas used for particulate emission inventory calculation. The

vehicular emission is calculated by formula 4.1.

Et = ∑(Vehl ∗Dl)∗EFl,km (4.1)

where Et = total emission of the compounds; Vehl = number of vehicles of each type;Dl

= distance travelled in a year per different vehicle type, derived from VKT per day; EFl,km=

emission of compound, vehicle type per driven Kilometre.

The total emission from vehicular population is spatially allocated to each grid based on

assumed volume proportion passing over roads of different category at a given time [167]. The

equation 4.2 was used to allocate the total emission from vehicular population to each grid.
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Ei =

(
LTi

∑LTi
∗0.38+

LPi

∑LPi
∗0.28+

LSi

∑LSi
∗0.15+

LTi

∑LTi
∗0.13+

LRi

∑LRi
∗0.06

)
∗C (4.2)

Where, Ei = total emission in ith grid, LTi = total length of the trunk roads in the ith grid,

LPi = total length of the primary roads in the ith grid, LSi = total length of the secondary roads

in the ith grid, LTi = total length of the tertiary roads in the ith grid, LRi = total length of the

other roads in the ith grid, and C = total vehicular emission as per equation 4.1.

Emissions from unpaved roads are calculated using the formula 4.3.

E = [[(K(S/12)0.8(W/3)0.4)/(M/0.2)0.3]∗ (N −P)/N] (4.3)

Where E = particulate EF (g VKT−1), S= surface material silt content , P= number of wet

days with at least 0.254 mm (0.01 in) of precipitation for the averaging period(365 days), K =

particle size multiplier for particle size range (g VKT−1), W =mean vehicle weight (tons), M =

surface material moisture content (%).

The total emission is calculated using the formula based on works such as [159, 170–172].

Total emission from all the sectors is calculated as follows,

T E = ∑
a

∑
b

FUa,b

[
∑
c

EFa,b,cUa,b,c

]
(4.4)

where a = sectors for which EI was prepared, b = fuel type, and c = technology, TE is total

emission, FU is fuel utilization, EF is emission factor for each fuel type, U is the fraction of
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fuel under a sector (transport, road, residential etc) with specific re-mediation technology in

place to contain pollution emission. As there is no emission remediation technology considered

in the present situation the respective factor for this aspect is taken as one.

Spatial allocation of emission inventory was carried out using free and open source geospa-

tial tools of the Python programming language and its libraries such as Numpy[173], Pan-

das[174], Fiona[175], Geopandas[176], Shapely[177] and Rtree [178] index.

4.3 Results

4.3.1 Programming tools

The domain, which was gridded with 1x1 km grids, in total comprising of 3000 polygons

in ESRI shape file format, was used for computation of emission inventory for all the sectors.

The steps involved in EI computation are shown in the Figure 4.3, taking residential sector

as an example. Python based programming codes4 were used for the computation. The code

does four sequential steps, given below, in calculating the emission taking residential sector for

demonstration.

1. Join Census of India data tables (such as population enumeration data, house listing)

with village/ward boundary polygon feature in ESRI shape file.

2. Find the number of houses in each emission inventory grid (EI grid) from Census of

India 2011 data with village/ward boundary details, this step involves sub steps below.

(a) Select out of 3000 odd EI grids those grids having built-up area within. This is

carried out by performing a within intersection between the EI grid centroid and

built-up area land cover polygon

(b) Find the EI grid centroid intersecting within village/ward polygon, and attach the

village/ward polygon unique id to EI grids

4File named EmissInvResidentailCalc.py in Nishadh et al. [131]
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(c) Count the number of EI grid centroids intersecting within each ward/village polygon

and get the proportionate number of houses in each grid from the total number of

houses in each village/ward.

3. Join the National Sample Survey data and proportionate number of houses in each village

using different type of fuel for their day-to-day needs, which is the data on residential

sector emission activity.

4. Join emission factor and execute the emission inventory computation.

Fig. 4.3 Steps involved in residential sector emission inventory estimation
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Python programming language library Pandas was used for joining the Excel™format

tables. The joining is done using the unique attribute number given to each village or ward,

followed by intersection within operation for grid centroid with two set of polygons. It is

carried out by Shapely library function. First set of polygons is relating to the urban land

cover area in the domain and the second polygon is Census of India 2011 village boundary

polygons. This is carried out for considering only the built-up area and for avoiding the grids

with completely barren land, for residential emission inventory compilation. The Figure 4.4

depicts the steps involved in estimating the inventory for transport sector emission. Python

code5 implements five sequential steps in calculating the transport sector EI, as given below.

Fig. 4.4 Steps involved in Transport sector emission inventory estimation

5File named EmissInvTransportCalc.py in Nishadh et al. [131]
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1. Determine category in which the road is falling, and its length in every EI grids. This

involves following further sub steps

(a) Check the intersection with-in condition for each 3000 EI grids with road networks

line feature data, which are in five different categories

(b) Since the last operation is computationally intense, Rtree index library was used for

enhancing the computational performance

2. Apply the equation 4.2 to segregate the total vehicular emission into road network

emission

3. The public bus transport passenger stops are located and incorporated into line map of

each bus route

4. The line features were route network of each bus and is considered as road network. This

followed by calculating transport sector emission inventory

5. Aggregate the total vehicular and public bus transport related emission inventory

Python code6 was used to calculate the particulate emission from windblown dust. The

code was meant to execute two sequential steps involved in it.

1. Total Particulate matter emission from windblown dust was calculated based on the

equation 4.3.

2. Spatial segregation of the emissions was carried out following the total vehicular EI steps

and equation 4.2

For calculating industrial sector EI, Python based code7 that executed two subsequent steps.

The Figure 4.5 depicts the steps involved in the calculation.

6File named EmissInvWindblownCalc.py in Nishadh et al. [131]
7File named EmissInvIndustryCalc.py in Nishadh et al. [131]
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1. Determine the EI grids having industrial point location using Intersection with-in opera-

tion.

2. Calculate the EI for industries sector and aggregate it for all the industries located within

the EI grid boundary.

Fig. 4.5 Steps involved in Industrial sector emission inventory estimation

The overall EI for both PM2.5 and PM10 for the whole study area, were derived using the

sector wise EIs. It is also shown here that all EI computation steps can be carried out using

Python and its geospatial libraries with no other external or proprietary software. The script

form of the program enables generating a complete set of modules or graphical user interface

(GUI) based stand-alone software for EI computation.

4.3.2 PM2.5 emission

The Figure 4.6 depicts the spatial distribution of total PM2.5 emission from different sectors

of Coimbatore region for the year 2012. It is estimated that during 2012, a total of 12125.7
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Ton PM2.5 was emitted from different sources in Coimbatore region. In that, industrial sector

is the major contributor (6549.4 Ton/year) followed by Transport sector (4488.6 Ton/year),

Windblown dust (918.1 Ton/year) and lastly Residential sources (169.5 Ton/year). The relative

contribution of industrial sector is 54.0%, transport sector 37.0%, windblown dust 7.6% and

residential sector 1.4 %. The spatial level distribution of PM2.5 from each of these sectors is

given in the figures 4.7 to 4.10.

4.3.3 PM10 emission

The Figure 4.11 depicts the spatial distribution of total PM10 emission from different sectors

in Coimbatore region for the year 2012. It is estimated that during 2012, a total of 13112.9 Ton

PM10 was emitted from different sources in the region. Of the four sectors, industrial sector

is the major contributor with 6631.7 Ton/year followed by windblown dust 3842.5 Ton/year,

Residential sector 1608.1 Ton/year, and Transport sector 1030.4 Ton/year. In terms of relative

contribution, industrial sector was 50.6 %, transport sector 7.9 %, windblown dust 29.3% and

residential sector 12.3 %. The spatial level distribution of PM10 from each of these sectors is

depicted in the figures 4.12 to 4.15.

4.4 Discussion

The study addressed localized data requirement and geospatial programming needs for

urban level emission inventory development. For Coimbatore region, Data from four major

sources were used for particulate pollutant emission inventory development. Data availability

in dispersed and non-reusable multi data format was a challenging step in collating the data.

Reusable data formats include CSV (Comma Separated Value format), while non-reusable

formats includes those such as PDF (Portable Document Format). The data from the Census

of India, NSSO, RTO and TNPCB were received through online or by personal visit to the

respective offices. The data sets were available as word document, PDF, and excel sheets

which are difficult to use, without re-entry, for further analysis and inventory computation.

The geospatial data, such as the village maps, required were also available as PDF, making
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Fig. 4.6 Total PM2.5 emission from Coimbatore

Fig. 4.7 PM2.5 emission from residential sector in Coimbatore

Fig. 4.8 PM2.5 emission from transport sector in Coimbatore
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Fig. 4.9 PM2.5 emission from wind blown dust in Coimbatore

Fig. 4.10 PM2.5 emission from Industrial sector in Coimbatore

it essential to redraw for further use for estimation of residential sector emission inventory.

Online publication of data also has to be made the practice especially in the case of second tier

urban centres. Recent policy level changes towards Application Programming Interface (API

)[179] based dissemination of data from all government departments in India can be a solution

for this data format issue and facilitate easy reuse of massive data.

In the current study, the data used for calculating public transport system emission was

from an internal (to the specific department - TNSTC) fleet-management software. It would be

advisable that transport related data especially for public transport system is made available

in open data standards adopted in systems such as Global Transit Feed System (GTFS) [180].
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Fig. 4.11 Total PM10 emission from Coimbatore

Fig. 4.12 PM10 emission from residential sector in Coimbatore

Fig. 4.13 PM10 emission from Transport sector in Coimbatore
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Fig. 4.14 PM10 emission from wind blown dust in Coimbatore

Fig. 4.15 PM10 emission from Industrial sector in Coimbatore

GTFS is a widely used data form for transport feed application and in the form usable to carry

out EI calculations. Availability of up-to-date data is a major requirement for improving the

accuracy of EI, crucial especially for transport sector EI calculations [181]. The fleet compo-

sition, size and age of different type of vehicles, have decisive role in emission composition

and its temporal variability. Hence, recent vehicular traffic data or dedicated manual field

data collections for count and composition are essential for computation of vehicular sector

emission inventory [181, 163]. In the current study, relative proportions of vehicular traffic

through different road categories were used; but it has limitation in terms of field verifiability

and thus accuracy of estimating the road traffic. Despite being a second tier but fast growing
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urban centre, Coimbatore lacks real time traffic feed data and it is essential that such important

field data needs to be collected, documented for better EI development. Video based traffic

analysis, such as web based video annotation tool Vatic[182]can be used for collecting and

analysing the video records of road traffic to count and find the fleet composition. That would

be handy for issues such as EI development as well as effectively planning for smooth traffic

and also reducing the emission loads.

Open source tools based on Python programming language was used for data preprocessing

and then emission inventory computation. Data organization and formatting could be made

simpler by using various libraries of Python such as regex, csv. Integrating geospatial component

with the collected data was carried out using geopandas[176] library of Python, which provides

the tool for data-frame based organization of geospatial data. That is effective in organizing

large geospatial data points such as thousands of industrial locations, road network line segments

and village polygons. Shapely [177], a computational geometry library for Python was used

for all the geometric operations. Grid level geometric operation such as intersection within,

slicing line segments and polygons based on grid boundary could be carried out using the

library. As these are computationally intensive operations with large geospatial data source,

the operations were optimized by spatial indexing using Rtree[178] package in Python. That

considerably reduces the computational time required for line segment operations and for

applying the equation 4.2 for transport sector emission computation. From the study, it is

observed that the application of Python based free and open source geospatial tool is much

suited for emission inventory preparation. Furthermore, the used packages are scalable and thus

will be usable to apply for large-scale region or country level emission inventory preparation.

Another advantage of using Python based open source tools is its interactive publication of

workflow pertaining to the emission inventory preparation. Ipython notebooks [183], a python

and web based interactive platform for recording and reproducing the data analysis can be used

for such purposes. Ipython is widely used in computationally intensive research fields such as

bio-informatics to publish the codes or workflow used for data analysis [184]. This feature is

widely viewed as an important aspect for reproducible research and communication of complex

workflows in such fields. Publication of emission inventory calculation in such a platform can
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significantly improve the community involvement and continuous improvement in emission

inventory database. Regional data-backed stand-alone application can also be developed using

Python and its extensive libraries for web and desktop application. Current regional applications

(as seen in European Emission Inventory) for emission inventory computations can be improved

in this regard [185].

The present study reports for the first time gridded high-resolution emission inventory for

Coimbatore region, using open source software. It is observed that in the region, Industrial

sector is largest emission source of particulate pollutant followed by transport and residential

sector. The spatial distribution of the emission shows that southern part of the geographic

domain is host to largest industrial emitters. The Southern West part of the Coimbatore is

part of Palghat gap of the Western Ghats mountain chain and home to a large rock mining

and crushing unit. In effect, this region also host two large cement manufacturing units. The

emissions indicate that stringent regulatory measures and regular follow-ups directed towards

foundries, crushing and cement manufacturing units can considerable reduce the particulate

pollution emission in Coimbatore region. The emission estimates from public transport service

indicate the extent and role of Diesel based buses on particulate pollution in Coimbatore region.

The emissions estimated using trip sheet based accurate vehicle Kilometre travel indicate that

to contain contribution particulate pollution fuel conversion from currently used diesel to CNG

or electricity in public transport system may be a welcome change. The present exercise

of developing Emission inventory for Coimbatore region brings out prevailing data gaps. It

is observed that the residential emission inventory using census data has also issue. As the

data is updated every decade, its extrapolation requires to be carried out carefully considering

the spatial variation in the residential area development. In the case of transport sector, it is

observed that emission from transport sector is largely dynamic and requires multiple data on

actual vehicle population in the domain, engine technology used, age, Kilometre travelled etc

[181, 163], which is largely not collected for second tier urban centres like Coimbatore. In the

study, as a preliminary step the required data was collected from published reports from similar

urban conditions. In the case of industrial sector, the data maintained by pollution control board

is available for internal purposes only and is largely out of public domain. It hinders accurate
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emission estimation for industrial sector. The lack of specific local emission factors for the

fuels used and particulate pollutants especially relating to transport sector fuel consumption

is another large data gap. In the current study, the accuracy of developed emission inventory

was assessed by its application in air quality modeling and comparing with a global emission

inventory (Chapter 5). Further study is warrant for reduce the data gaps and uncertainty in the

emission inventory developed.

4.5 Conclusion

1. The study addressed localized data requirement and geospatial programming needs for

urban level emission inventory development. Here, bottom-up approach for computing

the emission inventory was adopted

2. As a measure to satisfy the requirement for real time particulate pollution modeling,

PM2.5 and PM10 emission inventory was developed for the Coimbatore region. The

methodology for computation, and open source tools available for various geospatial

operations necessary for the computation was discussed

3. Python based open source tools were used for various operations of emission inventory

computations. Data processing and geometrical calculations were computed using various

libraries in python programming language

4. The present study reports, for the first time gridded high-resolution emission inventory

for Coimbatore region, using open source software. It is observed that in the region,

Industrial sector is the largest emission source of particulate pollutant followed by

transport and residential sector

5. The study indicated the data gaps prevailing in emission inventory calculation for second

tier urban centres such as Coimbatore. The availability of data, data formats, outdated data

and hurdles from various authorities pose limitation in emission inventory development
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Real time particulate pollution modeling

5.1 Introduction

Air quality is a combined effect of chemical and physical processes in atmosphere. The

chemical and physical processes involved comprised of very dynamic process such as pollutant

emissions, deposition, transformations, and transportation. Such processes are made more

complex and dynamic by factors such as wind speed, direction, turbulence, radiation, clouds

formation and precipitation. These processes are closely interlinked for manifestation of a

certain air quality in an area [186]. As all these are motion related processes, their future state

can be predicted by initial state, boundary conditions and employing mathematical equations of

motion describing the flow of fluids [187], represented as a set of partial differential equations

of motion and numerical approximations derived from a large set of observations on chemical

constituents in atmosphere [187, 188]. Computer software programs are employed for solving

the equations and that are termed as numerical models. The models helps in predicting future

state of physical and chemical constituents such as aerosols or other atmospheric species,

their distributions and levels with respect to the atmospheric motion. These can help in

forecasting the pollutant concentration, its spatial distribution and thus the state of air quality in

a particular time-frame. Computer programs solving these equations are grouped as Numerical

Weather Prediction (NWP) models and Chemical Transport Models (CTM), which addresses
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physical and chemical processes respectively, in atmosphere. Advancement in modern scientific

understanding and advent of high-power computational capacity has considerably alleviated

running numerical models. Consequently, these models are also gaining superior prediction

accuracies and better reflection of the complexity of atmospheric processes in simulation

[189]. In recent times, NWP and CTM are being integrated into unified models to consider

the climate-chemistry-aerosol-cloud-radiation feedback mechanisms to further improve the

understanding and forecast capacity [190].

Significant health and environmental effect of particulate pollution can be managed by

pollutant concentration forecasts. That would help in issuing early warnings / alerts and

taking precautionary measures against pollutants level hikes. For this, Real Time - Air Quality

Forecast systems (RT-AQF) are established in some major urban centres [191] across the world.

Numerical models are an important form of RT-AQF system, while empirical and parametric

statistical models are the other two forms. Numerical model approach is advantageous over

the other two approaches in terms of deterministic physics-based simulation (with time and

space resolved) forecasting pollutants, precursors and possibly products (secondary pollutants).

Numerical models also have lesser requirements for historical monitoring data as they are non-

statistical models [191]. Weather Research and Forecast model with Chemistry (WRF-CHEM)

is a coupled regional NWP and CTM widely used in RT-AQF system. In India WRF-CHEM

was used for simulating South Asian air quality scenario [192], particulate pollutants PM10

[193], PM2.5 [194], Aerosol, trace gases [195] and Primary Biological Aerosol Particles such

as fungal spores [196]. It is also used for real time air quality forecasting in certain metro cities

of India (System for Air Quality Forecasting and Research, SAFAR-India [197]). WRF-CHEM

model is an open source application. Its development is through community involvement,

encouraging wider adoption for atmospheric research and operational forecast purposes. Large

user-base of the WRF-CHEM provides numerous write-ups, tutorials and user guides in Internet

facilitating easy adoption of the model.

Being a typical numerical model, WRF-CHEM involves complex and numerous workflows

and requires large computational power. This largely hinders its wide usage and operational air
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quality modeling for second tier urban centres with less technical and financial resources. For

easing the multi-component workflow involved in the model, automatic scripts are developed

and used for real-time model execution. WRF-Environmental Modeling System (WRF-EMS)

[198] was developed using Perl language to make automatic execution of the model with its

numerous steps and data requirements. PyWRFscheduler [199] is similar to WRF-EMS, but is

written in Python language and specifically directed to scheduled parallel execution in high

performance local cluster computer environment. There are several Python [200, 201] based

scripts to simplify the various operations of WRF simulation; but not many are known for

WRF-CHEM simulation. Moreover, usage of WRF-CHEM in real time are required of high

performance computing (HPC) environment [202], which can significantly restrict its usage for

users with no access to HPC. In the case of model performance, it is limited by simulation errors

arising due to inaccuracies in model treatment of emission, meteorology and understanding

on local atmospheric conditions. It requires simulation domain specific evaluation studies to

choose suitable model parameters scheme and sensitivity analysis [203, 204]. In this context,

the current study was intended to addresses technical requirement for automatic real time

execution of WRF-CHEM. To overcome the constraint of low access to HPC environment, we

explored using the advantages of hirable on-line cloud computer services. WRF-CHEM model

performance over Coimbatore region was assessed using 1 km resolution simulation and the

output of the exercise was evaluated. The accuracy of emission inventory (EI) was evaluated by

comparing model performance of the developed EI with global level EI.

5.2 Methodology

5.2.1 WRF-CHEM model and its components

The model WRF-CHEM [186] was developed by National Oceanic and Atmospheric

Administration (NOAA), National Center for Atmospheric Research (NCAR), Department

of Energy (DOE, USA) and several other independent contributors. The development is

carried out through community approach [205] taking advantages of open source software

development processes. This approach helps greatly in complex software development and
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multidisciplinary collaboration in model development. WRF-CHEM is an extension of the

widely used meteorological model WRF, with functionality to simulate chemical and meteoro-

logical variables’ spatial and temporal distribution simultaneously. The on-line coupling of

meteorological and chemical components facilitates identical transport scheme, model grids,

time steps and physical parameters to use in simulation. This also enables feedback mech-

anisms between atmospheric chemistry and meteorology to be integrated in the simulation.

Fortran, the language that was extensively used for scientific computations, was primarily

used in WRF software development. Other than Fortran, programming languages such as Cis

used for parallel execution of the model and scripting languages such as Perl and Shell for

model compilation in different computer architecture and Netcdf for model output. The WRF

software architecture is based on Advanced Software Framework (ASF) [206], which provides

necessary modularity and hierarchical organization for components of the model [207]. This

organization helps in collaborative contributions and open source development of the model.

In the case of WRF-CHEM, CHEM part is a contributed addition of CTM components to

the WRF system. WRF-ASF is comprised of loosely coupled layers and components such as

Driver Layer, Mediation Layer, Model Layer, Registry, and application program interfaces

(API) [206]. Driver layer oversee the computational overall management and load distribution

as per the model domain, nesting requirement, time loop, input /Output (I/O) operation in

model domain, and act as an interface to the extension components. Mediation layer oversee

the calls for advanced research WRF (ARW) dynamical core solver on model layer. Model

layer oversee all computation routines for scientific codes involved in the model. Registry is an

instruction set for code compilation of WRF system that determines the overall organization

and functionality of the model. API oversees the input-output mechanism and extension of the

model for various external models to interact with overall system in interoperable format.

The major components of the WRF-CHEM model are WRF pre-processing system (WPS),

real data initialization and dynamical core solver advanced research WRF (ARW). The Figure

5.1 shows the components and its interaction in WRF-CHEM model system. The WPS carries

out meteorological and static topological input data pre-processing according to the model

domain for real data initialization. The necessary data on initial and lateral boundary conditions
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is organized as per WRF domain grid in real data initialization. The WRF-ARW carries out

model simulation in terms of time and spatial distribution using the supplied initial and lateral

boundary conditions. To increase the resolution of simulation and reduce the computational

cost, nesting option is followed in WRF-ARW to focus the simulation on area of interest.

There are two types of nesting options in WRF-CHEM namely, one and two way nesting,

which is based on the nature of interactions between the grids. In one-way nesting, initial and

lateral boundary condition is passed in separate or concurrent simulation without any feedback

mechanism between the nested grids. But in two-way nesting, feedback mechanism is allowed

between fine and coarse grids.

Being a regional model, WRF-CHEM requires input data from global meteorological

model such as Global Forecast System (GFS) for downscaling and simulating the atmospheric

condition in the finite area delineated in model domain. Other than the meteorological data, the

WPS requires emission information on model domain for chemistry (a sub-module of WRF).

For initial condition preparation, emission information such as from biogenic, anthropogenic

and biomass (burning) sources are required. Global and regional level emission inventories are

used for such requirements. Chemical boundary conditions are included for accounting initial

and background chemical concentration in the model domain. Variational data assimilation (a

statistical method for including observational data) is included in WRF system for enhancing the

validity of model simulation and optimizing the model estimate to real atmospheric conditions.

The component for this purpose is 3D VAR, which assimilate observation data into the model

during the integration stage. The output from WRF-CHEM model simulation is in Netcdf

format and it is passed through several post-processing routines to get the required variables in

time series or map representation. Python scripts are also available to post-process the model

output in Netcdf format.

5.2.2 Real time automatic execution

On compilation, the WRF-CHEM system generates Fortran based executables for each

major components. Those executables are depicted in Figure 5.2. The WPS comprised of

executables namely geogrid.exe, ungrib.exe and metgrid.exe. The geogrid.exe defines the do-
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Fig. 5.1 Components of WRF-CHEM model system

main extent and interpolates topographical data for the domain. Ungrib.exe extracts the domain

specific meteorological data from GFS output file. This output file has to be covering various

time periods (temporal span for lateral boundary conditions) of the simulation. GFS output

available in real-time every six hours is downloaded and included in the model simulation for

this purpose. Metgrid.exe combines the output from the former two executables, makes the

necessary horizontal interpolation for model domain and prepares the data for next model com-

ponent, the real.exe. In real data initialization, the executables comprised of convert_emiss.exe

and real.exe. The convert_emiss.exe processes the emission inventory data from various emis-

sion inventory processors such as Prep_chem_Src.exe [146] and anthro_emiss program. The

real.exe carries out real data initialization. The WRF-ARW component, wrf.exe, carries out

the simulation. It is aided with ndown.exe facilitating in one-way nesting option. As all these

programs are Fortran executables, runtime execution is controlled by namelist files (input/wps

files) that supply configurations on the operations of the model physics, girding, nesting and
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Fig. 5.2 Executable programs of WRF-CHEM model system

chemical parameterization scheme. The WPS execution is controlled by namelist.wps file,

and real.exe and wrf.exe is controlled by namelist.input file. As running of these executables

is sequential to editing of the namelist file for various functionalities (e.g. changing nested

domain details), these steps are better to be in automatic script form to reduce the tediousness

and manual interventions especially for real-time operational purposes. As explained earlier

there are several programs available to execute automatically the WRF model, but to the best

of our knowledge, none is available for WRF-CHEM. To develop an automatic script for

WRF-CHEM, a Python based program [200] for WRF execution was modified to include the

operation pertaining to the chemistry simulation.

5.2.3 Evaluation of computing resource requirement

The executables wrf.exe carries out all the computations pertaining to the atmospheric

simulation. The other components of the WRF-CHEM system provide inputs regarding the

required initial and lateral boundary conditions required for the computation. The component
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(a) (b)

Fig. 5.3 Simulation domain for (a) computing resource evaluation study and for (b) model
performance evaluation

wrf.exe derives the numerical solutions to the governing system of equations and physical

process parameterizations used for atmospheric modeling. The numerical solution is subject to

vertical coordinate and horizontal grid interpolation that represents the spatial distribution with

steps for time integration for the model’s specified timeframe. These steps are computationally

intensive and necessitate the wrf.exe to be run in parallel execution. For this purpose, Message

Passing Interface (MPI) program, which prompt utilization of multi-core processing power

of computer for parallel execution, was used along with wrf.exe. For real time WRF-CHEM

simulation, it is necessary to evaluate the computational requirement in terms of numbers of

processor needed for time-bound completion of the simulation. Hence, the computational

requirement for real time execution of WRF-CHEM simulation covering Coimbatore region

was evaluated. Desktop computers and cloud computer clusters was used for the evaluation.

We followed one-way nesting using ndown.exe for three nested domains chosen for Coimbatore

region. The Figure 5.3a shows the domain used for computational resource evaluation. We

used similar operating system, compilers and automatic execution script for the evaluation.
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5.2.4 Evaluation of model performance for Coimbatore domain

Model performance evaluation is necessary to understand how much the simulation outputs

represent the reality and satisfy the overall forecast quality. This is necessary in real-time air

pollution predications to use the model output in objective decision support systems, in assessing

the sensitivity of various physical and parameters used for forecast in specific area, seasonal

variability and for further model development [208]. It is carried out by comparing the extent

of similarity in model forecast against real world observations. Thus, atmospheric variables

generated by model and ground observations by the sensors on identical spatio-temporal extent

was compared using a set of performance statistics [209] to understand the extent of closeness

between the predictions and real world observations. Some of the performance statistics used

in the current study was as follows.

1. Fraction of prediction within a factor or two (FAC2): This gives measure of modeled

value that falls within a factor or two from the observed values.

FAC2 = 0.5 ≤ Mi

Oi
≤ 2.0 (5.1)

2. Mean bias (MB): Mean bias gives the state of the prediction mean, over or under estimate

with respect to the observed value.

MB =
1
n

n

∑
i=1

Mi −Oi (5.2)

3. Mean Gross Error (MGE): Mean Gross Error gives the indication of mean error regardless

of the bias.

MGE =
1
n

n

∑
i=1

|Mi −Oi| (5.3)
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4. Root Mean Square Error (RMSE): RMSE gives the extent of closeness between the

model and observation value.

RMSE =


n
∑

i=1
(Mi −Oi)

2

n


1/2

(5.4)

5. Correlation coefficient (r): This gives the strength of linear relationship between model

and observation value.

r =
1

(n−1)

n

∑
i=1

(
Mi −M

σM

)(
Oi −O

σO

)
(5.5)

6. Coefficient of efficiency, COE: Based on Legates and McCabe (1999) [210] and Legates

and McCabe (2012) [211], this performance statistics gives the effectiveness of model

output in predicting the variation in the observed value with respect to mean of observa-

tion.

COE = 1.0−

n
∑

i=1
|Mi −Oi|

n
∑

i=1
|Oi −O|

(5.6)

7. Mean Fractional Bias, MFB

MFB =
1
n

n

∑
i=1

2(Mi −Oi)

Mi +Oi
×100% (5.7)

8. Mean Fractional Error, MFE

MFE =
1
n

n

∑
i=1

2|Mi −Oi|
Mi +Oi

×100% (5.8)

To carry out these performance statistics, R statistical programming package open-air

[209] was used. The reading from Metone™Aerocet 531S particulate matter monitor was

used for PM2.5 and PM10 observations. Readings from Tamil Nadu Agriculture Weather
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Network’s automatic weather station was used for meteorological observations. The WRF-

CHEM output using EDGAR emission inventory and Coimbatore EI described in previous

chapter was separately evaluated with the observations / readings. For this purpose, two

separate WRF-CHEM simulations using each of the emission inventories were carried out.

The EDGAR(Emission Database for Global Atmospheric Research) is a global level emission

inventory and available mostly in Netcdf file format. The Netcdf file operator library for

Python [212] was used for accessing this global level emission inventory and integrating the

Coimbatore EI with it for air quality modeling. The Netcdf operator tool nco [212] was used to

process the variable and monthly data into a form, which can be read by the pre-processing

system, WPS, for air quality modeling.

5.3 Results

5.3.1 Real time automatic execution

Automatic script for real time WRF-CHEM execution was developed by modifying an

open source Python program written for WRF execution [200]. The features required for WRF-

CHEM execution, such as emission inventory pre-processing and conversion, were included in

the current study. The Figure 5.4 shows the steps involved in the simulation and addressed by

the modified script8. In the Figure 5.4, executables are represented in diamond symbols, output

files in document symbols and the processes are represented in predefined process symbols.

The script largely uses OS module that assists in executing operating system specific and

external programs inside Python programming environment. The script uses a list of modules

to execute the major operations of the WRF-CHEM execution. The functions such as namelist

editing, time bound downloading of input files, and automatic execution of various modules

of WRF-CHEM was defined in the respective modules. The module edit_namelist carries

out operations of changing the namelist files to suite execution date and time on real-time

basis. This module is modified for editing other required namelist files, such as namelist.input

files for real data initialization and anthro_emis.inp, prep_chem_sources.inp files for emission

8File named WrfChemRTExecuter.py in Nishadh et al. [131]
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Fig. 5.4 Steps involved in WRF CHEM simulation addressed by automatic execution script



5.3 Results 74

inventory processors. The module get_init_files carries out operations for downloading the

input files to begin the simulation. It has functionality to ensure the availability of input

data in the host computer (where simulation is in process) and download the required data

from GFS web server, if not found in the host computer, based on time of execution. The

GFS data is updated every six hours per day and the data has to be downloaded as per the

simulation time-frame. The module intelligent_run operates the automatic execution of various

sub modules of WRF-CHEM simulation. All operations are logged to store any error or issues

reported during the simulation. The recording of the completion of the operations is stored in a

separate file. Overall, these modules are used in serial manner to initiate the simulation and for

one-way nesting of three domain levels. Each nesting operation was carried out one after the

other (Figure 5.4). In each nesting stage, the script applies the module edit_namelist to change

time period and domain grid details for the simulation, followed by intelligent_run module

executing the WRF-CHEM simulation components. These steps are carried out after the script

carries out input data download and start a log-record of the simulation time and other issue

pertaining to the simulation. To understand further the issues with simulation as per the log

records, the script provides facility to skip certain simulation steps. The log is also enabled for

storing the time period taken for completing each simulation steps. This capability (logging the

details) was essential for evaluating the computational requirement of WRF-CHEM simulation

for Coimbatore region in the present study.

5.3.2 Evaluation of computing resource requirement

Using the logging facility in Python that records the time taken by each component to

complete operation, total computational requirement of real-time WRF-CHEM simulation

for Coimbatore region was assessed. It involved a comparison of the time taken for six-hour

simulation by different computer processors. It was found that the cloud computer cluster

Amazon™web Services Elastic Computer Cloud (AWS-EC2) takes the shortest time for one

complete simulation (Table 5.1). In each computer, the WRF-CHEM model environment was

setup by installing Linux based operating system, GNU based compiler such as gfortran and

CPP. This is followed by installing required libraries such as Netcdf, MPICH, Jasper, libpng
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Table 5.1 Wall clock time taken for various steps of WRF-CHEM execution in different
computer processors

WRF-CHEM six hour simulation

S.No Processor Compilation WPS D01 D02 D03

1
Intel Core i5
3X core <25 min <1 min

3 hours
10 min

1 hour
17 min

6 hours
55 min

2
Xeon
3X core <25 min <1 min 23 min 46 min

4 hours
51 min

3
AWS EC2-
3X cluster <25 min <1 min 18 min 36 min

4 hours
10 min

4
AWS EC2-
30X cluster <25 min <1 min 4 min 9 min 58 min

5
AWS EC2-
60X cluster <25 min <1 min 3 min 7 min 50 min

WPS=WRF-Pre Processing, D01-Domain 01, D02-Domain 02, D03-Domain 03

and zlib. The library Netcdf is required for I/O (Input / Output) operations in WRF-CHEM

simulation. MPICH is required for enabling parallel execution capability for the model. The

libraries such as Jasper, libpng and zlib are required for WPS system to read the meteorological

data from GFS, supplied in GRIB file format. The correctness of WRF-CHEM environment set-

up was tested by a set of programs provided in Tutorial-WRF [213]. The tests involve checking

the correctness of the installation and compatibility between compilers such as gfortran and

gpp. This test is followed by checking the compatibility between Netcdf and MPICH libraries

and building the various components of WRF-CHEM components. Three-level nested domain

(Figure 5.3a) was chosen for simulation, which runs without any error in the range of computer

processors chosen for the evaluation. The coarsest top domain grid points comprised of 90x85,

followed by 76x73 and 97x106 with respective resolutions of 27 km, 9 km and 3 km.

The cloud computer cluster environment for AWS-EC2 was setup using Starcluster program.

It is a Python based program to automate cluster creation, configuration and management. In

AWS-EC2, the operating system and various configuration set-ups are supplied as individual

self-contained and publicly shareable packages named as Amazon Machine Images (AMI). The

AMI are shareable in the sense that, any AWS-EC2 user can use the available AMI and start

using the system with pre-installed software and configuration. In the current study, a public

AMI was configured with WRF-CHEM modeling system and Starcluster program. The AMI
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Table 5.2 Model parametrization scheme used for performance evaluation study

Feature Option Description

Chemical Mechanism MOZCART MOZART Chemistry and GOCART aerosols
(MOZCART) using KPP library

Microphysics Lin et al. scheme Scheme taking consideration of ice, snow and
graupel processes

Longwave Radiation Rapid Radiative Transfer
Model (RRTM)

Scheme for multiple bands with trace gases and
microphysics speceis

Shortwave Radiation Goddard shortwave Two-stream multi-band scheme with ozone
from climatology and cloud effects

Surface Layer MM5 Monin-Obukhov Scheme having look up tables comprised of
Monin-Obukhov with Carslon-Boland viscous
sub-layer and standard similarity functions

Anthropogenic Emissions EDGAR and Coimbatore EI Coimbatore Emission Inventory(Ei) with 1 km
resolution and EDGAR EI with 10 km resolu-
tion

Biogenic Emissions MEGAN EI of gases and aerosols from nature based on
MEGAN model

was designed using Paker.io, a web application for designing and developing specialized AMI.

The Starcluster provides options to hire the cluster computer considering most economically

viable option. AWS provides hiring options in terms of reserved or spot instances. In the

spot instance option, AWS provides facility to bid the charges per hours competitively. The

Starcluster program provides facility to process the bidding procedure automatically. This

facility was used for cloud computer cluster creation and real time automatic execution in the

present study.

5.3.3 Evaluation of model performance for Coimbatore domain

For evaluating the performance of WRF-CHEM simulation over Coimbatore region, a

separate three-level nested domain with lowest resolution of 1 km was used (Figure 5.3b).

The Table 5.2 lists the parameterization scheme used for the simulation. The simulation was

separately carried out using the global and Coimbatore level emission inventories (EI). The

EI that was developed for Coimbatore region was covering a total of 3000 km2 surrounding

the main urban and suburban regions. The WRF-CHEM, air quality modeling system used

for the current study uses nested domain simulation. It carried out high-resolution simulation

for the region starting from a coarser domain in the nested routine. The coarse domain takes
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Fig. 5.5 Steps involved in integrating the Coimbatore local EI over global EDGAR HTAP EI

into account a larger region covering the whole of Indian sub-continent, and that needs EI in a

global scale. This requires integration of the developed EI (for Coimbatore) with global level

EI. Prep_Chem_Src.exe [146] is a widely used emission inventory pre-processing tool that

plots the EI for air quality model domain such as the one we used, the WRF-CHEM system.

Prep_Chem_Src.exe is used for plotting anthropogenic, biogenic, and biomass (burning) EI for

the modeling domain. However, lack of documentation for using (with Prep_Chem_Src.exe)

updated EI emission inventory available in Netcdf file format hinder its use in current study.

Hence, we were constrained to use Antrho_Emiss program, a simpler preprocessing system

for Netcdf based EI for anthropogenic emission inventory was used. The global level EI such

as EDGAR HTAP v2 [155, 214] for the year 2010 with highest available resolution of 10 km

are normally distributed in separate sector and month wise files, which are small in size. The

small size files are most suitable for downloading, considering the difficulty in distributing

large size file through web site. However, that would necessitate consolidation of sector and

month wise global EI into single file which can be used with Anthro_Emiss program. Netcdf

operator(nco) command line program was used for this consolidation. The Figure 5.5 depicts

the steps involved in integrating Coimbatore EI with global EI.

The nco commands such as nces,ncecat, ncap2, and ncrename was used to sum the EI

sector files, join months wise file for 2010 into a single file, attach temporal variable details and

renaming the file. A Python script9 was used to run the nco commands internally to process

individual files in EDGAR HTAP v2 global emission inventory. A separate Python script10

9File named EdgarEIProcessorNCO.py in Nishadh et al. [131]
10File named CbeEiEdgarJoin.py in Nishadh et al. [131]
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was used to process the Coimbatore EI and integrate with the global EI. The script does four

subsequent steps and are as follows,

1. Pre process the Coimbatore EI in shape file format for similar units (kg / m2 / second)

and spatial resolution of 10 km

2. Access the global EI file for grid position and determine the nearest grid points of the

Coimbatore EI by taking EI grids as 2D array

3. Integrate the global EI and Coimabtore EI based on most nearest grid centroid points

4. Output the integrated global EI with all the necessary metadata suitable for anthro_emiss

program

The output file was used with anthro_emiss program to generate the anthropogenic emission

inventory file for WRF-CHEM simulation. For every nested domain separate anthro_emiss

execution was carried out following the above steps.

The Table 5.3 shows statistical performance measures of WRF-CHEM simulation carried

out using Coimbatore EI and EDGAR EI. It was observed that the FAC2 was 1 for temperature

and relative humidity in both simulation attempts. FAC2 value is lowest for PM10, followed

by PM2.5, wind direction and wind speed. In the case of Mean bias (MB), Relative Humidity

recorded positive value while other variables had negative values. In MB Temperature had the

lowest negative value followed by wind speed, wind direction, PM2.5 and PM10, indicating

high bias for PM10 and PM2.5 in both the simulation attempts. Mean gross error (MGE)

was high for PM10 followed by PM2.5, wind direction, wind speed, relative humidity and

least for temperature. Normalized Mean Bias (NMB) is positive for relative humidity, while

other variables had negative values with highest negative value for PM2.5. Highest value of

Normalized Mean Gross Error (NMGE) was for wind direction in both the simulations followed

by PM10, PM2.5, WS, RH and Temperature. Root Mean Square Error (RMSE) was highest

for PM10 followed by wind direction, PM2.5, wind speed, relative humidity and temperature.

Highest correlation coefficient (r), was observed for relative humidity followed by Temperature,
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Table 5.3 Performance measures for WRF CHEM simulation based on Coimbatore EI (CBE
EI) and EDGAR EI

Variables FAC2 MB MGE NMB NMGE RMSE r COE MFB MFE

C
B

E
E

I

Temp 1.0 -1.3 2.0 -0.05 0.078 2.3 0.818 0.27 -5.29 8.22
RH 1.0 4.2 9.5 0.079 0.179 12.1 0.832 0.16 4.74 16.93
WS 0.495 -2.5 2.8 -0.486 0.528 3.3 0.17 -0.6 -56.42 65.5
WD 0.381 -13.0 69.4 -0.168 0.901 113.3 0.047 0.1 45.65 87.65
PM2.5 0.157 -56.0 56.0 -0.674 0.674 65.6 0.277 -1.13 -96.95 96.95
PM10 0.043 -145.0 145.0 -0.772 0.772 164.5 0.129 -1.59 -121.22 121.22

E
D

G
A

R
E

I

Temp 1.0 -1.3 2.0 -0.049 0.078 2.3 0.819 0.27 -5.26 8.23
RH 1.0 4.1 9.5 0.077 0.178 12.0 0.833 0.16 4.5 16.82
WS 0.533 -2.5 2.7 -0.483 0.523 3.3 0.2 -0.59 -55.98 64.65
WD 0.39 -14.1 69.2 -0.183 0.898 113.9 0.016 0.11 43.55 87.1
PM2.5 0.114 -57.7 57.7 -0.694 0.694 67.0 0.29 -1.2 -101.07 101.07
PM10 0.029 -148.5 148.5 -0.79 0.79 167.8 0.074 -1.66 -125.66 125.66

Temp-Temperature, RH-Relative Humidity, WS-Wind speed, WD-Wind direction

PM2.5, wind speed, PM10 and wind direction. Highest value of Coefficient Of Efficiency (COE)

was for Temperature followed by relative humidity and wind direction. For wind speed, PM2.5

and PM10, COE was negative values. In the case of Mean Fraction Error (MFE) and Mean

Fractional Bias (MFB), lowest percentage was for temperature followed by relative humidity,

wind speed, wind direction, PM2.5 and PM10.

Hourly temporal variation of PM2.5 and PM10 compared with the readings from Aerocet-

531S monitor is shown in the Figure 5.6. It is observed that in both the simulations, PM2.5 and

PM10 recorded a trend of variability similar to that of the field observations despite notable

differences in the concentration values. The Figures 5.7, 5.8, 5.9, and 5.10 shows spatial

variability of daily average PM2.5 and PM10 concentrations, the outputs of two WRF-CHEM

simulations using Coimbatore EI and EDGAR EI respectively. The spatial variations of PM2.5

concentrations are in the range of 22.8-183.8 µg/m3 in simulation using Coimbatore EI. The

high concentrations predicted were exceeding 145 µg/m3 in all the simulation days. In the

case of simulation using EDGAR EI, PM2.5 was in the range of 19.0-133.0 µg/m3 with

high concentration exceeding 50 µg/m3 only on two days. The spatial variation of PM10

concentrations were the in range of 39.5-352.7 µg/m3 in the simulation using Coimbatore

EI and high concentration was exceeding 250 µg/m3 in all the simulation days. In the

case of simulations using EDGAR EI, PM10 was in the range 29.3-156.8 µg/m3 with high
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(a) (b)

Fig. 5.6 Hourly temporal variation of PM2.5 (a) and PM10 concentration WRF CHEM simulated
using CBE EI and observation by Aerocet 531S monitor

concentration exceeding 100 µg/m3 only twice. The range of pollution concentration recorded

by Aerocet-531S was 30.1-585.7 µg/m3 with mean of 81.16±39.56 µg/m3 for PM2.5 and 30.1-

1299.7 µg/m3 with mean of 192.58±113.04 µg/m3 for PM10 for all the days when simulation

was conducted. This indicating the CBE EI simulation output was in close range with field

observations. EDGAR EI used simulation was in fact underestimating the concentrations

compared to field observations. The spatial distribution maps indicate PM2.5 and PM10 to be in

high concentration throughout the simulation period; highest in North eastern and Southwestern

part of the Coimbatore region. The higher concentrations were predominantly seen outside the

Coimbatore urban region (corporation limits). Lower concentrations throughout the simulation

days were also the case for evaluation around the observation station (Kuniamuthur - KNMR

- mentioned in Chapter 3). The wind rose (Figure 5.11) diagram covering the KNMR shows

strong wind speed (8-9 km / hour) towards Northeastern direction during the simulation days.

This is also reflected in the case of forecasted wind profile, output from the model simulation.

This might be the reason for higher pollutant concentration forecasted in the North eastern part

of the Coimbatore region.
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Fig. 5.7 Daily average spatial distribution of WRF CHEM simulated PM2.5 by using CBE EI

Fig. 5.8 Daily average spatial distribution of WRF CHEM simulated PM2.5 by using EDGAR
EI
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Fig. 5.9 Daily average spatial distribution of WRF CHEM simulated PM10 by using CBE EI

Fig. 5.10 Daily average spatial distribution of WRF CHEM simulated PM10 by using EDGAR
EI
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Fig. 5.11 Wind rose diagram of the automatic weather station wind profile during the simulation
period

5.4 Discussion

Real time air quality modeling using WRF-CHEM requires time bound execution of various

component of the model. This requires a means for automatic execution of the components and

high-performance computing environment. The current study addresses these challenges with

respect to use of the model for Coimbatore urban region simulation. According to Harrop et al.
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[215], execution of atmospheric models is a ‘laborious process’; further, real-time execution

of such model using high performance computing environment a ‘notoriously difficult’task

for researchers. To address these challenges the Harrop et al. [215] proposed a Workflow

Management System (WMS), which addresses all the components of WRF simulation with

ease of intuitive Graphical User Interface (GUI) named WRF-PORTAL [216]. However, an

alternative to the WMS, a command line based application WRF-EMS [198] is widely used

for automatic execution of WRF. This is developed using Perl and WRF portal using Java

language. The tools available for automatic or simplification tools for executions of WRF

are self-contained and complex with numerous operations and functions. They only provide

facility for minimal intervention to understand the various components of WRF working behind

the program. Moreover, the programming language used for the software such as Perl are

largely considered as tough interpreted language [217, 218] and cryptic[218] for examining the

processes carried out by the software program. As these are complex in entirety with myriads

of operations, finding a separate functionality then tweaking or adding new functionality is

difficult for a moderate programmer proficient only in respective language and it is virtually

impossible for novice scientific background user [219]. That greatly restricts user contributed

extension of facility in these programs such as extending the capability of WRF only simulation

facility into WRF-CHEM.

On the contrary, Python programming language has standard syntax, simple and easy

readability of code functions [220, 218]. This makes the Python based scripts easy to use

and modify as per user requirements [221, 222]. There is gradual gain in usability of Python

for scientific computing with field specific application and library development [223–228].

In atmospheric sciences, there are numerous libraries developed to address the unique data

array and computational requirements of the field [222, 229]. In WRF simulation management,

automatic scheduler [199] programs are available which has the functionality to oversee the

execution queuing. It is much useful for managing the WRF simulation in a High-performance

computing environment to optimize the computer resources. In the current study, a Python

programming language based script [200] was used and modified to suite WRF-CHEM exe-

cution. This script is used for its simplicity and effective integration of extension module for
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step involved with WRF-CHEM. Although not a complete system of WMS, the script provide

essential functionality to manage the execution with all its input requirement. As it is an open

source program, future development on the script can be carried out for optimizing the script

and enabling the graphical user interface features to make the script a full-fledged WMS. The

visualization libraries available with Python with seamless I/O operation on Netcdf file is an

added advantage to use the language for Post-processing steps under WRF-CHEM simulation.

The current study showed the effectiveness of using cloud computer based clusters for WRF-

CHEM simulation. It is observed that a four to six fold decrease in computational time while

using cloud computer and increasing its cluster setup by 10 folds. However, further increase in

number of clusters in cloud computer, does not proportionately raise the performance in terms

of reduction in simulation time. Nevertheless, this observation has to be further explored with

cluster setup optimization and WRF-CHEM parallel execution for gaining higher performance

from cluster setup. In overall, the cloud computer instance set-up gives economical advantages;

Energy consumption charges, capital and recurring maintenance expenditure due to local

HPC setup. The present study addresses the scenario, of non-availability of HPC and budget

constraints to setup a dedicated HPC, prevailing in most of the developing countries especially

for second tier urban centres such as Coimbatore. It shows cloud computing with optimum

number of clusters to be a solution. Considering the time taken for completion of the simulation,

cluster environment is inevitable for real time air quality modeling using WRF-CHEM. In

India, custom-built computer cluster [230, 231] or super computer based HPC [232] are used

for operational and research related simulations. Advantages of using cloud computer services

for scientific application are recognized for long for computationally intensive atmospheric

modeling and simulations [233]. Hiring on demand and scalable computing resources offered

by cloud computers are considered to be an economically viable option for HPC operation in

scientific computing [234]. Cloud computing field knowledge organization [235] and related

case studies on different cloud computer services performance and advantages [236–240] has

widely undertaken. It is observed that cloud computer based cluster setup is most suitable for

real time WRF-CHEM simulation under the present scenario. However, that requires further

studies on optimizing the computing resources for better performance.
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In real time WRF-CHEM modeling, it is required to start and complete the simulation

based on input data availability, such as every six hour updated GFS meteorological data. In

this case, on demand hiring of EC2 has to be automated for operational efficiency. The program

Starcluster offers the facility to automate the complex process of hiring EC2 instances. As a

Python based program it has option to access by an external script to schedule the on-demand

hiring procedure. Moreover, it provides facility for on-spot bid based hiring of AWS-EC2,

which is an economical option (50-70 % reduction in hourly charges compared to other reserved

instance categories) for hiring. Using the Starcluster functionality to stop the instances, the

cluster computer can be discharged from service, thus reducing the hourly charges based

on completion of the simulation. Amazon Machine Image (AMI) developed with pre-build

WRF-CHEM environment is an added advantage for on-demand hiring and utilization. Web

application based on this can be used as an online WRF-CHEM modeling environment for

educational and research purposes. Current facilities for WRF and other atmospheric modeling

teaching and learning [241] can be carried out using these applications without the requirement

of specialized software installation and HPC access.

Particulate pollutants PM2.5 and PM10 in Coimbatore urban and surrounding region were

simulated and evaluated based on six days of WRF-CHEM modeling. The WRF-CHEM

modeling and investigation on using 1 km horizontal resolution is first of its kind applied

for second tier cities in India and Coimbatore air pollution problem. Model performance

and criteria goals for PM2.5 and PM10 are well established [242, 243]. The goals categorized

the level of simulation performance required to be achieved by the model to be applied for

regulatory or other applications. According to the set performance and criteria goals, statistical

performance measures such as MFB has to be in the range of less than 30 % (performance goals)

and 60%, and MFE less than 50% (performance goals) and 75% (for criteria goals) to consider

that the simulation has achieved the goals. In the current study, model simulation outputs

evaluated with observation and assessed by MFB and MFE ranges were above the range set for

performance and criteria goals. It indicate requirement of further improvement in the model

performance. As per the current study, the model improvements can be approached in terms of

emission inventory and model parameterizations used in the simulation and observation data for
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model evaluation. The emission inventory is an important input for WRF-CHEM simulation.

In the current study high-resolution emission inventory specific to Coimbatore region was

developed and used in the simulation. The effectiveness of the emission inventory is assessed

by comparing the output of the simulation (using Coimbatore EI) with that obtained from using

global level EI. Even though the statistical measures are almost similar between the two outputs,

it is observed that the spatial distribution and range of pollutant concentration is more similar

with observation while using Coimbatore EI than using global EI, indicating the effectiveness of

the locally developed EI for Coimbatore. Better agreement between meteorological simulation

output and observation indicates the effectiveness of meteorological parameterizations scheme

adopted for the simulation. However, the chemical parameterizations scheme selected has to

be further scrutinized specifically with respect to Coimbatore. Improved understanding of

the influence of parameterization scheme especially regarding Chemical settings has to be

subjected to regional level sensitivity analysis to improve further the model performance. Model

performance evaluation is usually carried out using more than two observation stations. In the

current study due to non-availability of data from real-time pollution monitoring and hurdles

in availing manual data (because of non-sharing by the concerned authorities), the evaluation

is restricted to using one station data. Most evaluation studies also use the vertical profile of

the atmosphere [192, 195]. However, in the present case the model performance evaluation is

restricted due to the lack of related observations. It is imperative to have an accessible, accurate

and updated data portal on atmospheric observation for performance evaluation of the model

output. Despite being a fast growing urban centre and the second largest city of Tamil Nadu,

Coimbatore lacks in such vital data and information resources. In this regard, extending the

model domain to nearby cities such as Bangalore, Kochi or Chennai with real-time air pollution

monitoring stations would help improving the evaluation of the model.

5.5 Conclusion

1. Current study addressed the technical acquirement of real time WRF-CHEM simulation

of particulate pollutants in Coimbatore region. Automatic execution script, cloud based
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computing resource for real-time execution and model performance with respect to

emission inventory for Coimbatore region was evaluated

2. It is found that the Python based programming scripts are useful in automatic real time

execution of WRF-CHEM

3. The utility of cloud based cluster computer for real-time execution of WRF-CHEM is

also demonstrated in the study

4. In terms of WRF-CHEM performance for Coimbatore region, good agreement between

observation and simulation for meteorological variables such as temperature, relative

humidity was found; but it is below the required model performance and criteria goals

for PM2.5 and PM10 and indicates further improvement

5. The accuracy assessment of emission inventory shows the Coimbatore emission inventory

compiled in current study is better while comparing with global level emission inventory.

The Coimbatore emission inventory reflected the spatial variability and concentration

well in the range similar to the field observations



Chapter 6

Data-Interoperability measures

6.1 Introduction

Management of air pollution requires accurate assessment of risks, prioritizing localities

of high risks , and identifying and implementing mitigation steps. It comprised of a chain

of processes starting from spatio-temporally relevant data collection, sharing data among

regulatory authorities and concerned public, implementing and innovating interventions to

reduce pollution, assessing the effectiveness of measures and generating public consensus for

sustained interventions [244, 245, 69, 246]. That would also involve increasing reliance upon

heterogeneous information sources such as real time data from wide type and array of sensor

resources [116], atmospheric models [191, 247] and voluntary information [93, 127], many of

which are currently not in interoperable. Non-interoperability of these information sources is

severely impeding the process of information integration to generate actionable knowledge and

intervention measures [248] currently. In Information technology, interoperability is defined

as “capability of two or more functional units to process data cooperatively”[249]. It is a

necessary attribute of data, especially in multidisciplinary fields such as air pollution studies

and management. Interoperability has crucial role in data discovery, open access, utilization

and reuse [248]. Interoperability could be in four levels namely semantic, system, structure

and syntax interoperability as per the heterogeneity of the information being accessed [250].
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Semantic interoperability ensures the common understanding of the meanings of the exchanged

information through metadata specifications. System interoperability addresses the intrinsic

differences in hardware, software and communication components in a system. Structure

interoperability deals with the compliance to uniform models to describe the data. Syntax

interoperability addresses the data representation for automatic machine readability.

Environmental regulatory bodies such as national or state level Pollution Control Boards

monitor real time air pollution in major urban centres of India [251]. However, the data

collected and disseminated under these programs are not enabled to comply with the above

said interoperability issues. This makes the data not open access, machine-readable without

any metadata, and application programming interface to enable the capability to seamlessly

process data [248]. These limitations hinder integration of these data with air quality modeling

system and other volunteer information systems to address data gaps prevailing presently in

air pollution management. Such constraints further results in inadequate dissemination of

information for decision-making or for public awareness. Furthermore, the problem leads to

limiting the scrutiny and free flow of information required by scientific knowledge system to

address a complex environmental issue such as air pollution [252]. Data interoperability is

enabled in two characteristic ways. Either through compliance with open standards [248] or by

following most widely used data formats and conventions [253]. For example, in atmospheric

and oceanic scientific research fields, data are often represented in grid forms for observations

and simulation outputs. Netcdf is a software widely used for the purpose, to create, access

and share 2D and 3D gridded data [253]. Its wide usage and applications made the Netcdf

output data form a de-facto community developed data standard. On the contrary, there are

stipulated open standards as in meteorology by World Meteorological Organization and in

Climate science by Climate and Forecast Metadata Conventions to enable data interoperability

[253].

Sensor Web Enablement (SWE) specification is a set of open standards developed by

Open Geospatial Consortium (OGC) to discover, access, control, and process data from sensor

networks in common internet based web interfaces [254]. Real-time air pollution monitoring
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data has characteristics of high frequency updates, heterogeneous sensor origin and diverse

background information in data collection methodology, geographic locality, and quality that

makes it essential to adopt interoperability measures. Sensor Observation Service (SOS)

[255] is an important component of SWE that is aimed to enable interoperability in sensor

observations and its web based dissemination on real-time basis. SOS has conventions to impart

various levels of interoperability, such as to address the typical time series data management

for pollution monitoring and to effectively disseminate the data through a common machine

readable Application Programming Interface (API). In the case of real-time air quality modeling,

the model determines data format, its temporal and spatial representation, and data validity.

This is especially for Numerical Weather Prediction based models such as WRF-CHEM used in

the current study. Web based dissemination and processing is based on serial data. It requires

model output to be converted into serial form from binary Netcdf format. Due to unique

nature of model output the interoperability for environmental models are suggested through

a set of web services oriented GEO model web initiatives [256], which are yet to gain wide

utilization. On the other hand, OGC standard based model output interoperability measures

for web application is being proposed recently taking ‘Model as sensors’[257] that views the

process of simulation, output, validation and visualization as de novo monitoring data. It

uses Sensor Observation Service (SOS) to define variables and query the temporal and spatial

relevant data from the model output. In this context, the present study explored the methods

and advantages of implementing SOS for air pollution data collected from real-time particulate

monitoring and modeling. It also demonstrates the advantages of interoperability measures of

real-time data.

6.2 Methodology

6.2.1 Sensor Observation Service: IstSOS

Advancement in information technology has provided necessary tools to integrate and

organize data accessibility, which ease web based dissemination of real time data. However,

magnitude and agility in time and spatial bound data generation from real time monitoring or
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Fig. 6.1 Components of Sensor Web Enablement(SWE) specification

modeling data requires interoperable management [74]. Open Geospatial Consortium (OGC)

is a consortium of more than 300 individual industrial and research organizations, which

works towards interoperable data management in geospatial sector. Sensor Web Enablement

(SWE) specification is an ongoing initiative of OGC to address the challenges of environmental

sensor network data management. SWE specification comprised of several standards to define

and control sensor resources, encode and publish the data in standard web form for Internet

dissemination. SWE is broadly divided into information and service models based on the

standards and specifications. SOS is an important part of the service model and the Figure 6.1

displays the components of the same.

Besides the SOS, the service model comprised of a Sensor Alert Service (SAS) that sends

notifications (such as current state of sensor) from sensor resources. Sensor Planning Service

(SPS) controls the access to sensor resources to manage their field deployment and observation

collection routines. Web Notification Service (WNS) gives standard message interactions

among / across the various service modules in SWE. Information model of SWE comprised

of common set of encoding that describe the O&M (Observation and Measurement), the

process and procedure operating in sensor resources to collect data on the environmental

phenomenon by SensroML (Sensor Model Language) and communication function in sensor

resource through Transducer and Model Language (TML). Setting of SOS in SWE extends its

functionality to manage the network of sensor resources in an interoperable way. SOS achieves
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Fig. 6.2 Key objects of Sensor Observation Services(SOS)

it through a set of objects such as procedures, offerings, observed properties and feature of

interest (Figure 6.2).

Procedure defines the sensor /method /device that perform the observation. Offerings

define time period of observation supplied to SOS. Observed properties names set of parameters

included in observations. Feature of interest defines the location features relating to the observed

phenomena as geographical locality of the sensor resource. The SOS specification defined by

OGC is developed into software programs for use in real world application. IstSOS [258] and 52

°North SOS [259] are two widely used software programs that implement the SOS. In the current

study, IstSOS was used due to its Python programming language based implementation and for

being relatively simple and easy to use. The free and open source IstSOS program is developed

by the Institute of Earth Sciences, University of Applied Sciences and Arts of Southern

Switzerland. It is primarily developed for use in hydro-meteorological monitoring network

for their flood risk management system. The software architecture comprised of three nested

components namely Istlib, walib and wainterface. The Istlib acts as the innermost component

that supports service overseeing the SOS standard implementation, walib is component of wa

services that exposes / displays the web based management features, and wainterface oversee

the interaction of former two components. The server side is programmed in Python [260]

and the client side is programmed in JavaScript [261] language. PostgreSQL [262] database,

enabled with PostGIS for geospatial data storage and retrieval, is used in the software IstSOS.
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6.2.2 SOS for real time monitoring

Data from real-time monitoring (using the sensor) of particulate matter was imported into

SOS system. Particulate pollution data from stationary monitoring, carried out in different parts

of Coimbatore urban area during 2014-2015, was used for SOS enablement (See figure 3.3).

The monitoring data is communicated to the central server (IBM-M4 server with Linux Ubuntu

OS, maintained in the laboratory) in real time at a time interval of every 15 minutes. The

communications were through SMS or mobile internet based HTTP transfer according to the

location of the monitor station. Auxiliary scripts and programmatic request format available in

IstSOS was used to define the sensor resources and import particulate pollution reading (PM2.5

and PM10 size classes) into IstSOS system.

6.2.3 SOS for real time modeling

WRF-CHEM output data in Netcdf format is in binary form. For every one hour of

simulation, WRF-CHEM generates one Netcdf file comprised of meteorological and chemistry

variable outputs. The variables such as Temperature, Relative Humidity, PM2.5 and PM10

were extracted from the hourly Netcdf file and were used for SOS enablement. The output

from the simulation run carried out for assessing resource evaluation was used for the SOS as

well. The variables from the hourly Netcdf file of the third finest grid with resolution of 3 Km

were extracted for use in SOS. To reduce the number of grid points to be included in the SOS

implementation, only the point of interest grid points located nearest to the real-time particulate

pollution monitoring station was used. Each grid points were marked and the time series data

for the variables were imported into the SOS system taking the grid point as sensor location.

Python programming language based scripts using the Netcdf library was used to access the

WRF-CHEM output and import the time series of required variable into the SOS system. The

scripts and the programmatic request form used for monitoring data were used for modeling

also.
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6.2.4 Advantages of Sensor Observation Service

Main advantages of SOS implementation is its functionality to provide information regard-

ing the sensor resources and observation data in Representation State Transfer Application

Programming Interface (REST-API). This functionality enables to query and retrieve the data

in widely recognized web format such as Java Script Object Notation (JSON). This format is

a common data form optimized with web browser readability and exchange. Dynamic web

applications were used to evaluate and demonstrate these interoperability advantages of SOS.

The web applications dynamically querying key objects of SOS such as procedures, offerings,

observed properties and feature of interest were used. Using R statistical program, platform

independent interoperable querying of data were demonstrated.

6.3 Results

6.3.1 SOS for real time monitoring and modeling data

IstSOS, an open source Python programming language based SOS program, was used in

the current study. The real time particulate pollution monitoring and modeling data from Coim-

batore region was imported into IstSOS program. Various technical steps and characteristics of

SOS implementation are discussed below in terms of four interoperability levels (discussed

earlier) intended to achieve by importing the data into IstSOS program.

Semantic interoperability

Semantic interoperability is achieved by enabling meaning and background information

on sensor resource and its observation data. It is done by encoding metadata specifications

to describe background details of the sensor resources, characteristics of the sensor, and its

method of data collection and observation units. IstSOS gives two modes of facility to describe

the metadata of sensor resources imported into it; First mode is by Graphical User Interface

(GUI) and second mode by HTTP request. In GUI, the metadata details are provided in server

level and service level. The service provider and service identification forms are provided in
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Fig. 6.3 Server status page of IstSOS

server level metadata, which is useful keywords for search engines. Moreover, this facility also

provided function for overall management of IstSOS program. It has user interface for entering

the details of the database, geographical coordinate system followed, and managing the REST-

API query response. The REST-API response is managed with `GetObservation´configuration

of SOS that controls the number of API responses per second and exception responses provided

by the SOS. The Figure 6.3 shows the server status page of IstSOS that provides links to forms

for entering the details. IstSOS provides facility to host and manage multiple sensor resources,

grouped as separate services. The facility to enter metadata details for each service is provided

in a separate service page of IstSOS GUI. The Figure 6.4 shows the service page. The service

page gives facility to describe the units of measurement and various properties observed by the

sensor resources. As per the SOS specifications, complete details about the sensor resources

are stored and grouped as Procedure. In the Procedure page of the IstSOS GUI, details such as

general info about individual sensor, its location, type of sensor system (weather it is a in-situ

fixed point or mobile sensor) and various output it generates are stored. The Procedure output

is with observed properties and measurement units. The service interface also gives facility



6.3 Results 97

Fig. 6.4 Service description page of IstSOS

to enter metadata details about service provider and service identification key specific to the

sensor resource.

In HTTP request mode, IstSOS gives means to upload the details about sensor resources

through programmatic path. The following shows the encoded Procedure in JSON format.

{

" s y s t e m _ i d " : " 1 4 9 1 " ,

" sys tem " : " 1 4 9 1 " ,

" d e s c r i p t i o n " : " 1 4 9 1 " ,

" keywords " : " 1 4 9 1 " ,

" i d e n t i f i c a t i o n " : [

{

" name " : " un iqueID " ,

" d e f i n i t i o n " : " u rn : ogc : d e f : i d e n t i f i e r :OGC: uniqueID " ,

" v a l u e " : " u rn : ogc : d e f : p r o c e d u r e : x− i s t s o s : 1 . 0 : 1 4 9 1 "

}

] ,

" c l a s s i f i c a t i o n " : [

{

" name " : " System Type " ,

" d e f i n i t i o n " : " u rn : ogc : d e f : c l a s s i f i e r : x− i s t s o s : 1 . 0 : sys temType " ,
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" v a l u e " : " i n s i t u −f i x e d−p o i n t "

} ,

{

" name " : " S en so r Type " ,

" d e f i n i t i o n " : " u rn : ogc : d e f : c l a s s i f i e r : x− i s t s o s : 1 . 0 : s e n s o r T y p e " ,

" v a l u e " : " A c t i v e p a r t i c l e c o u n t e r "

}

] ,

. . . .

" l o c a t i o n " : {

" t y p e " : " F e a t u r e " ,

" geomet ry " : {

" t y p e " : " P o i n t " ,

" c o o r d i n a t e s " : [

" 7 8 . 9 3 7 5 4 9 " ,

" 1 2 . 9 9 4 6 3 1 " ,

"300"

]

} ,

. . . .

{

" name " : " p a r t i c l e c o u n t o f S i z e c l a s s P M 2 . 5 " ,

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : c b e d y l o s : pm25 " ,

"uom " : " ug / m3" ,

" d e s c r i p t i o n " : " " ,

" c o n s t r a i n t " : {

}

} ,

}

The above Procedure, a JSON file, was edited to store multiple sensor resources in IstSOS.

A Python 11based code was used to invoke an HTTP request for storing a new Procedure or

multiple Procedures. The Python code edit the common procedure details encoded in JSON

file with multiple sensor resources. The details about multiple sensor resources are stored in a

Comma Separated Value (CSV) file and using for-loop function of Python, the JSON file was

edited and HTTP request passed onto the IstSOS service. In this way, large number of multiple

sensors details could be imported into IstSOS without following GUI which is time consuming

and laborious.
11File named IstSosHttpReq.py in Nishadh et al. [131]
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System interoperability

System interoperability addresses variability in sensor resources such as type of sensors

used in the network, and its mode of collection of data and communication. In the current study,

four identical particulate pollution monitors were used, but with variable mode of real-time

data communication either as SMS or HTTP request. As the monitors are deployed in different

parts of Coimbatore, the data communication was chosen based on the signal reception of

GSM modem at each location. In urban location where the GSM signal was good for Internet

communication HTTP data communication was used, whereas in semi-urban and village

locations where GSM signal was not adequately reliable SMS mode of communication was

used. In the case of modeling data, the point of interest time series was collected from the cluster

computers used for real time WRF-CHEM simulation and transferred to the central server

where the IstSOS program was installed and configured. The Figure 6.5 shows the processes

involved in importing the real-time data into SOS for achieving the system interoperability. In

the central server, the collected data was converted into CSV format. The CSV file was then

imported into IstSOS server using csv2istsos.py, a Python based script provided with IstSOS.

The script requires the CSV data in specific format, bearing the details of sensor procedure and

its Uniform Resource Identifier (URI). The istSOS also provides facility for the HTTP request

based importing of data.

Structure interoperability

Structure interoperability deals with common encodings for real time data and its metadata.

In SOS, it is defined as information models, which is a component of OGC Sensor Web

Enablement specification. The Figure 6.1 shows the sub-components of information models.

Extensible Markup Language (XML) was used for defining the common encoding. Following

is an example of XML definition of insert observation routine in SOS.

<?xml v e r s i o n = " 1 . 0 " e n c o d i n g ="UTF−8"?>

< s o s : I n s e r t O b s e r v a t i o n xmlns : x s i =" h t t p : / / www. w3 . org / 2 0 0 1 / . . . " SOS" v e r s i o n = " 1 . 0 . 0 " >

< A s s i g n e d S e n s o r I d > urn : ogc : o b j e c t : s e n s o r : x− i s t : : ? ? ? < / A s s i g n e d S e n s o r I d >

<om : O b s e r v a t i o n >

<om : p r o c e d u r e x l i n k : h r e f =" urn : ogc : d e f : p r o c e d u r e : x− i s t s o s : 1 . 0 :KNMR"/ >

<om : samplingTime >
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Fig. 6.5 Various process involved in importing data into IstSOS

<gml : TimePer iod >

<gml : b e g i n P o s i t i o n >2014−07−29T22 : 3 5 : 0 3 + 0 5 : 3 0 < / gml : b e g i n P o s i t i o n >

<gml : e n d P o s i t i o n >2014−07−0T29 : 3 5 : 0 3 + 0 5 : 3 0 < / gml : e n d P o s i t i o n >

</ gml : TimePer iod >

</om : samplingTime >

<om : o b s e r v e d P r o p e r t y >

<swe : CompositPhenomenon d imens ion ="3" >

<swe : component x l i n k : h r e f =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : t ime : i s o 8 6 0 1 " / >

<swe : component x l i n k : h r e f =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np05mg "/ >

<swe : component x l i n k : h r e f =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np25mg "/ >

</ swe : CompositPhenomenon >

</om : o b s e r v e d P r o p e r t y >

<om : f e a t u r e O f I n t e r e s t x l i n k : h r e f =" urn : ogc : d e f : f e a t u r e : x− i s t s o s : 1 . 0 : P o i n t :KNMR"/ >

<om : r e s u l t >

<swe : DataArray >

<swe : e lementCount >

<swe : Count >

<swe : va lue >2 </ swe : va lue >

</ swe : Count >

</ swe : e lementCount >

<swe : e lementType name=" S impleDa taAr ray ">

<swe : DataRecord d e f i n i t i o n =" h t t p : / / mmiws . o rg / o n t / x / t i m e S e r i e s ">

<swe : f i e l d name=" Time">

<swe : Time d e f i n i t i o n =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : t ime : i s o 8 6 0 1 " / >
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</ swe : f i e l d >

<swe : f i e l d name="NoPG0.5" >

<swe : Q u a n t i t y d e f i n i t i o n =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np05mg">

<swe : uom code =" a i r −pm05 "/ >

</ swe : Q u a n t i t y >

</ swe : f i e l d >

<swe : f i e l d name="NoPG2.5" >

<swe : Q u a n t i t y d e f i n i t i o n =" urn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np25mg">

<swe : uom code =" a i r −pm25 "/ >

</ swe : Q u a n t i t y >

</ swe : f i e l d >

</ swe : DataRecord >

</ swe : e lementType >

<swe : encoding >

<swe : Tex tBlock t o k e n S e p a r a t o r = " , " b l o c k S e p a r a t o r ="@" d e c i m a l S e p a r a t o r = " . " / >

</ swe : encoding >

<swe : v a l u e s >

2014−07−29T22 : 3 5 : 0 3 + 0 5 : 3 0 , 5 1 9 7 , 2 7 0@

</ swe : v a l u e s >

</ swe : DataArray >

</om : r e s u l t >

</om : O b s e r v a t i o n >

</ s o s : I n s e r t O b s e r v a t i o n >

As a part of OGC web services common specification, SOS server level data encoding is

carried out by operations such as ‘Getcabaplities’and exception reports on the current status of

the server with respect to various functionalities. For service level sensor resource encodings,

information model component Observation and Measurement is used. It is comprised of obser-

vation schema and sampling features. The observation schema describes observed properties,

measurement and collection. The sampling features describe spatial summary of the sensor

resource. To describe data in sensor observation services, SWE common is used. That supports

data-frame to hold actual observed values with associated metadata by supporting a matrix like

data structure.

Syntax interoperability

Software platform independent automatic machine readability is indicated by syntax in-

teroperability. This is achieved by provisioning the data in automatically recognizable form
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through REST-API. IstSOS provides a set of HTTP request methods such as GET and POST to

query or import the data from IstSOS. The common data form used in IstSOS is JSON to encode

the response. The following shows JSON response of ‘GetObservation’from IstSOS. Java Script

Object Notation (JSON), an open standard format, is of lightweight (small size) and language

independent. It is widely used in dynamic web application as web service and REST-API

response. The request and response (shown above in the XML schema of information models

under structure interoperability) are provided in JSON format.

{

" message " : " G e t O b s e r v a t i o n r e q u e s t e d s u c c e s s f u l l y e x e c u t e d " ,

" t o t a l " : 1 ,

" d a t a " : [

{

" name " : "TDM−CBE" ,

" sampl ingTime " : {

" d u r a t i o n " : "P30DT22H20M " ,

" b e g i n P o s i t i o n " : "2014−03−03T20 : 0 0 : 0 0 + 0 5 : 3 0 " ,

" e n d P o s i t i o n " : "2014−04−03T18 : 2 0 : 0 0 + 0 5 : 3 0 "

} ,

" r e s u l t " : {

" Da taAr ray " : {

" e l emen tCoun t " : " 9 " ,

" v a l u e s " : [

[

"2014−03−27T00 : 1 0 : 0 0 + 0 5 : 3 0 " ,

" 3 1 0 7 . 0 0 0 0 0 0 " ,

" 2 0 0 " ,

" 1 7 0 . 0 0 0 0 0 0 " ,

"200"

] ,

[

"2014−03−27T00 : 1 0 : 0 5 + 0 5 : 3 0 " ,

" 5 5 9 7 . 0 0 0 0 0 0 " ,

" 2 0 0 " ,

" 3 2 0 . 0 0 0 0 0 0 " ,

"200"

] ,

. . . . . . .

[

"2014−04−03T18 : 2 0 : 0 0 + 0 5 : 3 0 " ,

" 6 7 6 4 . 0 0 0 0 0 0 " ,
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" 2 0 0 " ,

" 3 8 9 . 0 0 0 0 0 0 " ,

"200"

]

] ,

" f i e l d " : [

{

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : t ime : i s o 8 6 0 1 " ,

" name " : " Time "

} ,

{

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np05mg

" ,

" name " : " a i r −pm05 " ,

"uom " : " ug / m3"

} ,

{

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe . . . : q u a l i t y I n d e x " ,

" name " : " a i r −pm05 : q u a l i t y I n d e x " ,

"uom " : "−"

} ,

{

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : cbe : d y l o s : np25mg " ,

" name " : " a i r −pm25 " ,

"uom " : " ug / m3"

} ,

{

" d e f i n i t i o n " : " u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : . . . : q u a l i t y I n d e x " ,

" name " : " a i r −pm25 : q u a l i t y I n d e x " ,

"uom " : "−"

} ,

]

}

} ,

" f e a t u r e O f I n t e r e s t " : {

" geom " : "<gml : P o i n t srsName = ’EPSG : 4 3 2 6 ’ . . . > ,

" name " : " u rn : ogc : d e f : f e a t u r e : x− i s t s o s : 1 . 0 : P o i n t :TDM−CBE"

} ,

" o b s e r v e d P r o p e r t y " : {

" component " : [

" u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : t ime : i s o 8 6 0 1 " ,

" u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : meteo : a i r : pm05 " ,

" u rn : ogc : d e f : p a r a m e t e r : x− i s t s o s : 1 . 0 : meteo : a i r : pm25"
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] ,

" CompositePhenomenon " : {

" d imens ion " : " 9 " ,

" i d " : " comp_4 " ,

" name " : " t i m e S e r i e s O f O b s e r v a t i o n s "

}

} ,

" p r o c e d u r e " : " u rn : ogc : d e f : p r o c e d u r e : x− i s t s o s : 1 . 0 : BELLINZONA"

}

] ,

" s u c c e s s " : t r u e }

6.3.2 Advantages of Sensor Observation Service (SOS)

Advantages of sensor observation service provided are demonstrated by a dynamic web

application and on-line statistical analysis routine. The software platform-independent and

interoperable advantages of machine readable REST-API provided by SOS is demonstrated in

those applications discussed below.

Dynamic web applications

Wide and time bound dissemination of information is an important aspect in real time

air pollution monitoring and modeling. In this internet and smart phone era, dynamic web

applications are vital in disseminating information. Conventionally, they are backed with

its own custom database addressing the requirements of specific application. This hinders

replicating the data sources for various information disseminating platforms such as social

media and online new portals. REST-API provides interoperable data to be reused in different

contexts. This is carried out by querying the REST-API by web applications. In that situation,

the work of the information managers is considerably reduced and that would include only

sustaining web applications’ functionality. REST-API caters the needs of platforms such as

social media, online news aggregation, and blog or web page tools which can show the real time

pollution level. This is achieved by REST-API that providing functionality for multiple queries

from different application sources. Basically dynamic web application provides programs to

query the REST-API and visualize the data in required forms for different platforms.
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Fig. 6.6 Components and its interaction in web map application based on SOS

The present study demonstrates a web application that queries REST-API from SOS of real

time air pollution monitoring and modeling carried out in Coimbatore region. The dynamic

web application is an open source program named qualitySCHUE [263]. The application

comprised of a web map of Coimbatore region depicting the location of sensor resources and

model output for point of interest (location). The location mark provides for selecting specific

location of interest and menu links for viewing the SOS data source in chart and table form.

Various components and processes involved in the web application are shown in the Figure

6.6. JavaScript, a web browser based programming language widely used in modern dynamic

web application, was used for the web application. Mainly two JavaScript files perform major

functions of the web application. The JavaScript file map.js carries out the parsing of the

SOS, queries the data based on the location, time and sensor observation parameters. That also

oversees the mapping of the SOS sensor resources in web map page. The second JavaScript

file menu.js oversees the REST-API call from the SOS instances with chosen parameters. The

API call is a simple URL command as follows.

h t t p : / / l o c a l h o s t / i s t s o s / wa / i s t s o s / s e r v i c e s /+ s e l e c t e d S e r v i c e T o D o w n l o a d +/ o p e r a t i o n s / g e t o b s e r v a t i o n

/ o f f e r i n g s / t e m p o r a r y / p r o c e d u r e s /+ s e l e c t e d P r o c e d u r e s T o D o w n l o a d +/ o b s e r v e d p r o p e r t i e s /

+ s e l e c t e d O b s e r v e d P r o p e r t i e s + / e v e n t t i m e /+ s e l e c t e d S t a r t d a t e T o D o w n l o a d +/+ se l ec t edEndda t eToDownload +;

The Figure 6.7 below shows various pages available in the web application. The URL locates

the data and the web application parses the SOS instance and downloads the required data in
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interoperable format. The format used is Java Script Object Notation (JSON). This format is

used for plotting the chart and the table. In background along with the above described Java

Script files, there are several libraries (selectJS, LeafletJS, BootstrapJS, CanvasJS) providing

functions such as web mapping, selecting the SOS services, deciding the date range, and

dynamically plotting the chart or table of SOS output in the web applications.

On-line statistical analysis

Statistically analysing and eliciting the hidden pattern in the real time pollution data is an

important aspect in addressing air pollution problems. Conventionally statistical analysis was

carried out separately by downloading and importing the data into specialized software and

applying various statistical procedures on the data. Considering the dynamic nature and size

of the data collected in real-time, statistical inference on the data has to be done on the fly to

avoid prolonged information gaps. Quicker analysis can considerably improve the timing of the

inferences, pollution management options and predictions of the potential risks from dangerous

pollution levels. In this regard, REST-API provided by SOS can be an appropriate means

for on-line statistical analysis. As in the case of dynamic web applications, the SOS query

into statistical platform provides advantages in terms of on the fly and automatic execution

of Statistical computing. In this study, open source R programming language was used for

on-line statistical analysis. In the present study, SOS4R [264], an extension library written

in R programming language, was used for connecting the SOS instance with R statistical

platform. The SOS4R provides programming means to query the SOS-REST-API, collect the

data in structured format and carry out appropriate statistical analysis. In the current study,

the application of model output evaluation was done using REST-API. Interoperable real-time

monitoring and modeling was queried from SOS and was compared for model evaluation.

Openair [209], an extension library written in R programming language focusing the air

pollution statistical analysis was used for model evaluation statistics. The process of integrating

the SOS with R is carried out in four steps.

1. Connecting the SOS with R programming platform
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(a) Web map interface

(b) Data in table form

(c) Data in Chart form

Fig. 6.7 Interfaces in web application based on SOS
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2. Supplying the query parameters, which includes the type of SOS service, its offerings,

observed properties, and time period of the data requested

3. Using the first and second steps, collect the structured data for model evaluation from

monitoring stations and point of interest

4. Apply the model evaluation statistics on the structured data collected from SOS

R script12 was written in this respect based on Nüst et al. [264], which performs the above-

described steps. Technically, the steps involve generating a REST-API query request with all

data requirements. Convert this query as an encoded form such as URL requests to interact

with the SOS instances. Use the encoded request to query the SOS. Subsequently, process

the response of SOS query that comprised of data and metadata of the service, and format the

data for further analysis. This processes of integrating the SOS with statistical programming

language such as R shows the advantages of interoperability measures for real time data.

Moreover, this opens up a wide of array of statistical computing tool, which are required for

making rational inferences from the data.

6.4 Discussion

This study explored methods to make real time particulate pollution data widely usable

in web platform. Essentiality of seamlessly bringing together data from different sources

and effective utilization and distribution of the same were addressed in the study. Data

interoperability, an important enabler, was carried out by SOS. The study used SOS for

implementing interoperability measures for monitoring and modeling data. Following the

‘Model as sensor’concept [257], it used SOS to describe the model output. However, this

approach has limitations in terms of data storage and describing background information. The

environmental model outputs especially in the case of WRF-CHEM are available in gridded

format covering a spatial area pre-defined during simulation. Large data array produced in

simulation are provided as binary format such as Netcdf form. This format has limitation in

12File named SosAdvantagesExEval.R in Nishadh et al. [131]
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web based visualization and time series data dissemination. The current study addressed this

limitation by converting the binary format into serial format. Only the point-of-interest grids

are selected from the simulation output grids and imported into SOS, neglecting non-chosen

grids; thus restricting the user to pre-selected point-of-interest time series data from model

grid. Moreover, the SOS has limitations in describing the metadata information regarding the

selected model parametrization scheme and chosen grid . Developing a web service based

platform for model output can be a solution for such limitations. That platform can be designed

with facility for user requested query on time series model data in SOS specification. The

extended API facility provided by Netcdf [265, 266] and programming language to access

Netcdf such as nco [212] can be used in dynamic web application background. The studies on

environmental models as web services [256, 267, 268] or OGC defined sensor web enablement

specification such as web processing service [269] are providing important facilitating option

in this aspect. Automated means [270] of generating metadata can be followed and provided

along with the user query response. This can be used for providing the model specific metadata

on the time series data provided in SOS specification.

Other than air pollution monitoring and modeling data, volunteer-provided data is an

important source [271] for addressing gaps in air pollution data. Current developments in

computing and smart phone technology [272] offer advanced tools for volunteer community

to collect and share air pollution data [125, 133]. Low cost air quality sensors [273, 274]

and image based data as proxy information on pollution level enables common citizens to

share such data with geographical information [275]. The recent initiatives on volunteer based

data collection on air pollution is concentrating on sensor developments and focusing on data

collection in real-time [276]. However, there are issues to be addressed with such data, such

as data quality, before to use. In the current study, SOS implementation with extended steps

in registering the sensors and data import largely hinders wide usability of SOS system in

volunteer information initiatives. Internet of Things (IOT) based platform which are greatly

simplifying real time data streaming from common sensors and consumer electronic devices are

used for such initiatives [277]. Free IOT platforms are providing simple HTTP based REST-API

to import the data without any metadata data and SOS specification. The developments in
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Open Geospatial Consortium (OGC) specification [278] are attempting to find solutions for

such shortcomings. OGC Sensor things API Standard is one that can be used for involving the

volunteer information with SOS [279].

Studies on air pollution have shown the need for wider distribution of related information

and air quality indices in social-media [280–286]. REST-API provided by SOS has important

technological capability for wide distribution of air pollution data. It helps in reuse and

visualizing the data in different dynamic web platforms such as web pages of press and

social media. In India, recent reports of National Air Quality Index highlight the need for

disseminating it in web-based platforms. The API form of SOS output would be helpful in real

time AQI calculation and displaying the outputs in various web-mapping applications. Various

studies have concluded the need of increasing the quantity and quality of air pollution data

for improving the public information on air pollution [287, 285]. The data interoperability

provided by SOS can improve the spread, quality and quantity of information by collating the

data from various monitoring and modeling routines as documented in the current study. It can

also help in including volunteer data with further development in interoperability measures.

It might be noted that the objective of air quality information has to be widened from a tool

merely for generating awareness to a one that is engaging and capable of instigating behavioural

change among the public [284].

Engaging a larger segment of people in web based tools to explore air pollution data, analyse

and draw rational conclusions from it using appropriate easy to use statistical and modeling tools

can be promoted by the interoperability of data demonstrated in the current study. Application

programming Interface based on-line statistical analysis and data dissemination facility shown

in the current study can be used for such web-based data exploration and analyses. The open

source statistical program R used in the current study is enabled with such web-based tools [288]

such as on-line data and statistical analysis enriched document generation tools [289], online

regression exploration tools, and animated and dynamic graphs [290]. These types of tools are

increasingly coming up as important interventions for engaging the users. That gives the highly

wanted openness and capability to explore the data and prompt the public user to know about
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air pollution causes and effects, and be fittingly pro-active. Furthermore, this openness in the

data fosters much needed trust and involvement of public in understanding and combating air

pollution and related issues. This characteristic of data provision from preservative of social and

behavioural science research are increasingly observed as an important enabler for behavioural

change in the public [291]. The advantages of interoperability measures discussed in the current

study can be a start in developing public engaging services for air quality information in the

country.

6.5 Conclusion

1. Methods and advantages of interoperability measures on real time particulate pollution

data was explored and it is found to be important enabler to make the data widely usable

in web platform

2. Open standard, Sensor Observation Service (SOS) and its Python based implementation

software IstSOS, used in the current study shows its effectiveness in achieving various

interoperability levels

3. SOS implementation is well suited for describing real time particulate pollution monitor-

ing data but it has limitations in terms of describing and disseminating the large model

output grids

4. The web application and R based platform-independent statistical analysis shows the

advantages of interoperability measures for web based data dissemination
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Conclusion

The data intensive approach can provide necessary tools for addressing the particulate pollution

problem in urban centres. The current study focused on developing basic infrastructure for data

intensive approach in a second tier urban centre of India. The study addresses the development

of particulate pollution monitoring system using low cost commodity sensor and assess its

effectiveness in the study area. The study attempted a real-time particulate pollution modeling

system using WRF-CHEM model and address its computational requirements. The particulate

emission inventory for the Coimbatore region was developed for satisfying the data requirement

for WRF-CHEM modeling. The advantages of interoperability measures applied for real time

monitoring and modeling data was demonstrated by a web application and on-line statistical

analysis work flow.

Particulate pollution and its resultant health effects are considered one of the large health

problems across the world. Particulate pollutants (or suspended Particulate Matter - PM) are

particles with small aerodynamic diameter. The size distribution of the PM is one crucial aspects

of monitoring their environmental and health implications. Hence, PM is monitored primarily

with objective of finding the size distribution and concentration. It is commonly monitored

in terms of standard measures in two size bins of PM2.5 and PM10, by manual air filtration,

optical methods or by continuous and integrated instruments determining mass concentration.

However, high investment and running cost for automatic real-time instruments largely hinders
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their wider deployment. Consequently, particle counters are being widely tried for their explicit

low cost, ease of use and very short response time in measuring particle concentration in the

ambient air. In this context, the current study aims evaluating the effectiveness of a customized

particulate matter monitor for Indian situation. It is based on a low cost commodity monitor,

fabricated with locally available open-source hardware, tools and expertise. Dylos™model

number DC1100 is a patented indoor air quality monitor commercialized by Dylos Corporation

(USA). To customize Dylos™into a real time ambient particulate monitor, it was equipped

with data collection, storage and real-time data communication setup. For field deployment,

the whole setup (monitor with data storage and communication) was housed in an all weather

steel box, specially designed for the purpose. To evaluate the functionality of the developed

/ customized real time PM monitor, four units were deployed in various parts of Coimbatore

city. To assess the validity of data from the units, collocation samplings were carried out

concurrent with industrially calibrated portable particulate monitor Metone™Aerocet-531S.

To assess the relationship / collinearity across the readings from collocated monitors, plots

and adjusted R2 values of linear regression between pair’s of hourly average samples were

used. Four locations in Coimbatore urban region were selected for ambient testing and data

validation of the developed monitor. Cost-wise, PM10 monitor stands for around 70% of the

total expenditure of the monitor customization. The customized monitor development, for

the loosely coupled power source and single board computer, called for intermittent manual

interventions. That suggests design overhaul replacing with embedded boards, and stable

connectivity with battery power source. Python based scripts were used for real-time data

communication. Ambient testing reflected general trend and stations’ pollution profile, and

the monitor reading satisfactorily exhibiting the pollution trend. The system effectiveness

of real time particulate monitor was also assessed in terms of system persistence and data

communication. It is observed that the monitor was effective in continuous operation for

data collection, storage and real time communication and long-duration monitor operation.

Collocation sampling was used for data validation and it is found that the developed monitor is

correlating well with the industrially calibrated monitor. However, the variations in agreement
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at different periods indicate the requirement of continuous and more robust calibration of the

monitor.

Emission inventory (EI) is breakup of the quantity of air pollutants emitted from an-

thropogenic or natural sources; it quantifies various pollutants generated from wide-ranging

emission causing activities within a stipulated geographical area and time span. EI development

is an important and primary task in air pollution management. It is the key input data for air

quality forecasting and in planning management interventions. Air quality models especially

chemical transport and numerical weather prediction-based models require spatially allocated

and gridded EI that provides initial condition values (seed values) for mathematical computation

of spatio-temporal air pollution forecasts. Based on the availability and specificity of data, two

approaches, top-down or bottom-up, are adopted for EI preparation. Top-down approach takes

overall fuel consumption as surrogate for emission. Then the area level emissions are derived

using related proxies for the emission activity and respective spatial segregates. On the other

hand, bottom-up approach considers every pollutant emitting sectors in an area based on their

respective spatial extent. Bottom up approach was used for local urban level EI preparation.

Most of the past works and EIs in the country are limited in their utility, for using proprietary

software or do not give out detailed methodology. That hinders their wider replication to gener-

ate EI for other urban locations and their use in air quality models. In view of the above, the

current study attempted developing PM (PM2.5 and PM10) emission inventory for Coimbatore

region through a bottom-up approach using free and open source programming tools. An

area of 3000 km2 surrounding Coimbatore Corporation and spread over the nearby villages

were included while preparing current EI with a resolution of 1x1 km. Four major emission

sources viz., sectors such as residential, industrial, transport and roadside windblown dust

were considered for the inventory. Relevant data from governmental and non-governmental

organization were used for emission source identification. Emission factor from the past studies

were used considering the surrogate urban Indian condition. Spatial allocation of emission

inventory was carried out using free and open source geospatial tools of the Python program-

ming language and its libraries such as Numpy, Pandas, Fiona, Geopandas, Shapely and Rtree

index. The study addressed localized data requirement and geospatial programming needs
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for urban level EI development. Data in dispersed and non-reusable multi-data format was a

challenging step in collating the data in a usable structure. Python based programmes were

used for various geometry operation such as interaction with-in, measuring the proportionate

of geometrical objects such as line, polygon etc. It is found that Python based programmes are

self-contained in carrying out various operations and its extensive programs are promising to

develop the regional data-backed stand-alone application. The EI shows that in Coimbatore

region, Industrial sector is largest source of particulate pollutant followed by transport and

residential sector. The spatial distribution of the emission shows that southern part of the

geographic domain is host to largest industrial emitters. Furthermore, the present exercise of

developing EI for Coimbatore region brings out the prevailing data gaps. The availability of

data, its formats, validity and indifference from officialdom are constraints in EI development.

Significant health and environmental effect of particulate pollution can be managed by

pollutant concentration forecasts. That would help in issuing early warnings / alerts and taking

precautionary measures against pollutants level hikes. For this, Real Time - Air Quality Forecast

systems (RT-AQF) are established in some major urban centres across the world. Numerical

models are an important form of RT-AQF system. The models helps in predicting future state

of physical and chemical constituents such as aerosols or other atmospheric species, their distri-

butions and levels (the state of air quality in a particular time frame) in the context of prevalent

atmospheric dynamics. Numerical models are complex and time taking. However, recent

advances in scientific understanding and advent of high-power computational (HPC) capacity

has considerably alleviated the difficulty of running numerical models. Consequently, these

models are also gaining superior prediction accuracies and better reflection of the complexity

of atmospheric processes in simulation. Weather Research and Forecast model with Chemistry

(WRF-CHEM) is a widely used model in RT-AQF system. Being a typical numerical model,

WRF-CHEM involves complex and numerous work flows and requires large computational

power. This largely limits its wider usage and operational air quality modeling for second tier

urban centres with less technical and financial resources. In this context, the current study

was intended to addresses technical requirement for automatic real time execution of WRF-

CHEM. To overcome the constraint of low access to HPC environment, we explored using
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the advantages of on-line cloud computer services. WRF-CHEM model performance over

Coimbatore region was assessed using 1 km resolution simulation and the output of the exercise

was evaluated. The major components of the WRF-CHEM model are WRF Pre-Processing

system (WPS), real data initialization and dynamical core solver advanced research WRF

(ARW). The computational requirement for real time execution of WRF-CHEM simulation

covering Coimbatore region was evaluated comparing desktop computers and cloud computer

clusters. It was found that the cloud computer cluster Amazon™web Services Elastic Com-

puter Cloud (AWS-EC2) takes the shortest time for one complete simulation. For evaluating

the performance of WRF-CHEM simulation over Coimbatore region, a separate three-level

nested domain with lowest resolution of 1 km was used. Particulate pollutants PM2.5 and

PM10 in Coimbatore urban and surrounding region were simulated and evaluated based on

six days of WRF-CHEM modeling. In terms of WRF-CHEM performance for Coimbatore

region, good agreement was found between observation and simulation for meteorological

variables such as temperature, relative humidity; but it agreement was below the required

model performance and criteria goals for PM2.5 and PM10. The accuracy assessment of EI

shows the Coimbatore emission inventory compiled in current study is better while comparing

with global level emission inventory. The Coimbatore emission inventory reflected the spatial

variability and concentrations well in the range similar to the observation. The study warrants

forecast improvements in terms of emission inventory and model parameterizations used in the

simulation and observation data for model evaluation.

Interoperability has crucial role in data discovery, open access, utilization and reuse. It is a

necessary attribute of data, especially in multidisciplinary fields such as air pollution studies

and management. The process of information integration to generate actionable knowledge and

intervention measures requires data interoperability, especially for the current reliance upon

heterogeneous information sources from wide types and arrays of sensor resources, atmospheric

models and voluntary information in air pollution management. Non-interoperability of

the information sources severely impedes the process of information integration to generate

actionable knowledge and intervention measures currently. Environmental regulatory bodies

such as national or state level Pollution Control Boards (PCBs) monitor real time air pollution
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in major urban centres of India. However, the data collected and disseminated under these

programs do not comply with interoperability measures and hence, the data would not be open

access, machine-readable with any metadata and Application Programming Interface(API)

to enable the capability to process data seamlessly. Such limitations hinder integration of

data with air quality modeling system and other volunteer information systems to address

data gaps prevailing presently in air pollution management. Data interoperability is enabled

through compliance with open standards. Sensor Observation Service (SOS) is an important

interoperability open standard for sensor observations and its web based dissemination on

real-time basis. The current study used Python programming language based implementation

of SOS standard namely IstSOS. The characteristics of SOS for monitoring and modeling data

could be described in terms of four interoperability levels namely semantic, system, structure

and syntax achieved by importing the data into IstSOS program. Semantic interoperability

describes meaning and background information on sensor resource and its observations. IstSOS

provide a set of facilities to describe the metadata of imported data into it, used for describing

the semantic details of the imported monitoring and modeling data. System interoperability

addresses variability in sensor resources such as type of sensors used in the network, and

its mode of collection of data and communication. Structure interoperability deals with

common encodings for real time data and its metadata. Information models in SOS provided

the common encoding for describing the imported data and its metadata to enable structure

interoperability. Software platform independent automatic machine readability is meant by

syntax interoperability. This is achieved by provisioning the data in automatically recognizable

form through REST-API. IstSOS provides a set of REST-API request methods to query and

import the data. Advantages of interoperability measures are demonstrated by a dynamic web

application and on-line statistical analysis routine. The software platform-independent and

interoperable advantages of machine readable REST-API provided by SOS is well represented

in those applications and that demonstrate the advantages of SOS.
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Future direction

The study addressed the generation of real time particulate pollution data based on low cost

monitor and air quality modeling suite. The following points describe the future study sought

for follow-up of the current study.

1. Improve the particulate pollution monitor with low cost dust sensor. Calibrate the

developed monitor with regulatory compliant particulate pollution monitor

2. Address the data limitations in Coimbatore emission inventory preparation. Using video-

based image analysis techniques derive the vehicular kilometre travel, proportionate

number of different types of vehicles passing over various road categories in Coimbatore

3. Utilizing the scale and open source tools for Python based emission inventory program-

ming routine, develop software or web application for emission inventory calculation for

India. Compile the required data for such application

4. Further study the evaluation of WRF-CHEM model results for Coimbatore region. Carry

out sensitivity analysis of various parameterization schemes for particulate pollutant

forecast in the region

5. Carry out study on developing online web application for WRF CHEM simulation for

small urban centres of India

6. Address the issue with interoperability measures for model output data. Carry out a study

on effectiveness of interoperability measures for dissemination of particulate pollution

information in various social networking platforms
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Appendix A

Table A.1 Linear regression Adjusted R2 for collocation sampling for the periods 14 January
2015 to 19 January 2015, APM-Aerocet Particulate Matter monitor, CRPM-Customized Real
time Particulate Matter monitor, ∼ indicate ‘ modelled as a function of ’

Model Formula Adjusted R2 Significance

Mass reading raw values APM2.5∼CRPM2.5 0.5583 <0.01
APM10∼CRPM10 0.2826 <0.01

Mass reading hourly values APM2.5∼CRPM2.5 0.752 <0.01
APM10∼CRPM10 0.7831 <0.01

Count reading raw values APM0.03∼CRPM2.5 0.5453 <0.01
APM0.05∼CRPM2.5 0.5377 <0.01
APM1∼CRPM2.5 0.4059 <0.01
APM5∼CRPM2.5 0.02065 <0.01
APM10∼CRPM2.5 0.004437 0.01416
APM0.03∼CRPM10 0.2181 <0.01
APM0.05∼CRPM10 0.2347 <0.01
APM1∼CRPM10 0.2862 <0.01
APM5∼CRPM10 0.09908 <0.01
APM10∼CRPM10 0.04476 <0.01

Count reading hourly values APM0.03∼CRPM2.5 0.6753 <0.01
APM0.05∼CRPM2.5 0.6947 <0.01
APM1∼CRPM2.5 0.6406 <0.01
APM5∼CRPM2.5 0.1206 <0.01
APM10∼CRPM2.5 0.03746 0.04192
APM0.03∼CRPM10 0.2939 <0.01
APM0.05∼CRPM10 0.3471 <0.01
APM1∼CRPM10 0.5834 <0.01
APM5∼CRPM10 0.5114 <0.01
APM10∼CRPM10 0.3087 <0.01
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