AIR
POLLUTION

Health and
Environmental Impacts

Edited by

'BHOLA R. GURJAR
" B8 | LUISA T. MOLINA
""CHANDRA S. P. 0JHA

Foreword by Dr. Mario J. Molina

Taylor & Francs Group



AIR
POLLUTION

Health and
Environmental Impacts







AIR
POLLUTION

Health and
Environmental Impacts

Edited by

BHOLA R. GURJAR
LUISA T. MOLINA
CHANDRA S. P. 0JHA

Foreword by Dr. Mario J. Molina

CRC Press
Taylor & Francis Group

Boca Raton London New York

CRC Press is an imprint of the
Taylor & Francis Group, an informa business



CRC Press

Taylor & Francis Group

6000 Broken Sound Parkway N'W, Suite 300
Boca Raton, FL 33487-2742

© 2010 by Taylor and Francis Group, LLC
CRC Press is an imprint of Taylor & Francis Group, an Informa business

No claim to original U.S. Government works

Printed in the United States of America on acid-free paper
10987654321

International Standard Book Number-13: 978-1-4398-0963-1 (Ebook-PDF)

This book contains information obtained from authentic and highly regarded sources. Reasonable efforts
have been made to publish reliable data and information, but the author and publisher cannot assume
responsibility for the validity of all materials or the consequences of their use. The authors and publishers
have attempted to trace the copyright holders of all material reproduced in this publication and apologize to
copyright holders if permission to publish in this form has not been obtained. If any copyright material has
not been acknowledged please write and let us know so we may rectify in any future reprint.

Except as permitted under U.S. Copyright Law, no part of this book may be reprinted, reproduced, transmit-
ted, or utilized in any form by any electronic, mechanical, or other means, now known or hereafter invented,
including photocopying, microfilming, and recording, or in any information storage or retrieval system,
without written permission from the publishers.

For permission to photocopy or use material electronically from this work, please access www.copyright.
com (http://www.copyright.com/) or contact the Copyright Clearance Center, Inc. (CCC), 222 Rosewood
Drive, Danvers, MA 01923, 978-750-8400. CCC is a not-for-profit organization that provides licenses and
registration for a variety of users. For organizations that have been granted a photocopy license by the CCC,
a separate system of payment has been arranged.

Trademark Notice: Product or corporate names may be trademarks or registered trademarks, and are used
only for identification and explanation without intent to infringe.

Visit the Taylor & Francis Web site at
http://www.taylorandfrancis.com

and the CRC Press Web site at
http://www.crcpress.com



To “Those Committed to Improving Air Quality across the World”






Contents

FOTEWOTA ..ottt ettt st s Xi
PrEface.....coueiiiiiieee e xiii
ACKNOWIEAZIMENLS .....eeeuvieniieeiiieiie et erite ettt et eitesteesteesebeesteesabeenbeesasesabeesasesnseenns XV
EIEOTS 1ottt sttt Xvii
CONLIIDULOTS «..oveiteiieiteieeteet ettt ettt ettt ettt ettt be bt e e emee e Xix
Chapter 1  Air Pollution: Health and Environmental Concerns.........c..cc.cocceveunee. 1

Bhola R. Gurjar, Luisa T. Molina, and Chandra S.P. Ojha

SECTION I Air Pollution Monitoring and Modeling

Chapter 2  Air Pollution Monitoring and Source Characterization..................... 19

Anita Lakhani, Rajasekhar Balasubramanian,
and Bhola R. Gurjar

Chapter 3  Air Pollution Modeling: Theory and Application.........c..cecceeeuenene 45

Chandra S.P. Ojha, Marcelo Mena, Sarath Guttikunda,
Bhola R. Gurjar, and Wenfang Lei

SECTION 11 Air Pollution and Health Effects

Chapter 4 Indoor Air Pollution and Health Effects .........c..ccoceviininiinnncncne 109
Radha Goyal and Mukesh Khare

Chapter 5 Effects of Indoor Air Pollution from Biomass
Fuel Use on Women’s Health in India..........cccooceniiniiniinniinnnnnne. 135

Twisha Lahiri and Manas Ranjan Ray

Chapter 6 Health Effects of Urban Air Pollution in India..........cc.ccceneeeennene. 165
Manas Ranjan Ray and Twisha Lahiri

vii



viii Contents

Chapter 7  Air Pollutants Exposure and Health Effects during the
MILAGRO-MCMA2006 Campaign.........ccceeveereereeneeeeneeeeeneeenes

Horacio Tovalin, Olf Herbarth, Martha P. Sierra-Vargas,

Bo Strandberg, Salvador Blanco, Libia Vega,

Constantinos Sioutas, Juan J. Hicks, Rubén Marroquin,
Gustavo Acosta, Marco Guarneros, Vicente Herndndez,
Elizabeth Estrada-Muiiiz, Ivonne M. Olivares, Dora A. Pérez,
Yessica Torres-Ramos, Frank Ulrich, Robyn Hudson,
Ernesto Reyes, Tracy Rodriguez, Guillermo Elizondo, and
Eliseo Cantellano

Chapter 8 Polycyclic Aromatic Hydrocarbons: Sources,
Distribution, and Health Implications...........c.cceceveevenerncnenniennens

Nirat Rajput and Anita Lakhani

Chapter 9 Cellular Mechanisms behind Particulate Matter Air
Pollution—Related Health Effects..........ccocceeviiiiiinienniiniiiieeene,

Ernesto Alfaro-Moreno, Claudia Garcia-Cuellar,
Andrea De-Vizcaya-Ruiz, Leonora Rojas-Bracho,
and Alvaro R. Osornio-Vargas

SECTION Il Health Risk Assessment
and Management

Chapter 10 Emission of Airborne Particulate Matter in Indoor
Environments: Exposure and Risk Assessment...........cccccceveenueennee.

Rajasekhar Balasubramanian, See Siao Wei,
and Sathrugnan Karthikeyan

Chapter 11 Estimation of Health Impacts due to PM,; in
Major Indian Cities......c.eveeruerierierieniieiesiceest e

Prabhakar Nema and Sanjeev K. Goyal

Chapter 12 Health Risk Assessment and Management for
Air Toxics in Indian Environment ...........ccccovceeveneencneencnieenenens

Manju Mohan and Bhola R. Gurjar



Contents ix
SECTION 1V  Air Quality Management: Techniques
and Policy Aspects
Chapter 13 The Economics of Air Pollution: Theories,
Valuation Methods, and Policy ASPects.........cceceevierreenierneeneennne 327

Chapter 14

Dilek Demirbas

Elements of Air Quality Management: Atmospheric
Science Tools for Developing Effective Policy ..........ccccecevieienee. 363

Jeffrey R. Brook, Michael D. Moran, William Pennell,
and Lorraine Craig

SECTION V  Environmental Impacts of Air Pollution

Chapter 15

Chapter 16

Chapter 17

Assessing Ground-Level Ozone (O;) Impacts to

Crops in Parts of Asia and Southern Africa:

The Regional Air Pollution in Developing Countries

(RAPIDC) Crops Project .......ccccceveererienenienienienieeienieeesiceee e 421

Lisa D. Emberson, Patrick Biiker, Magnuz Engardt,

Anna M. van Tienhoven, Madhoolika Agrawal, Mark Zunckel,
Kevin Hicks, Hdkan Pleijel, Nguyen T. K. Oanh, Lal P. Amgain,
Towhid Islam, Syed R.A. Shamsi, G. Anoma D. Perera,

Gert H.J. Kriiger, and Pieter R. Smit

Impacts of Air Pollution on the Ecosystem and Human Health:
A Sustainability PErspective .........c.ccceeceerviierieinieenieeneenieeeeseeene 447

loan Manuel Ciumasu and Naela Costica

Regional and Global Environmental Issues of Air Pollution........... 493

Luisa T. Molina and Bhola R. Gurjar






Foreword

Human activities in an increasingly globalized, industrialized, and interconnected
world are influencing both air quality and climate change at urban and regional and
even continental and global scales. Rapid population growth and increased energy
demand are the primary forces causing large quantities of harmful pollutants and
greenhouse gases to be emitted into the atmosphere, resulting in serious human
health and environmental consequences.

Substantial progress has been made over the past few decades to prevent and

control air pollution in many parts of the world through a combination of technology

improvements and policy measures. Many countries have clean air laws that set
emission and ambient air quality standards to protect public health and the environ-
ment. These laws have often been successful in both developed and developing coun-
tries. However, increasing human activities are offsetting some of the gains and
millions of people are being exposed to harmful levels of air pollutants. Air pollution
is especially a problem in many cities of the developing world that are producing
goods for the global economy. Also, with rising affluence in these cities, there has
been high growth in private car ownership, resulting in increased congestion and
pollution. In principle, the problem can be solved by using clean technologies. In
practice, however, there are large socioeconomic and political barriers.

This book is focused on the complex problem of controlling air pollution and
mitigating its adverse effects on human health and the environment. It is written by
leading experts in the field and addresses many aspects of air pollution, including
monitoring and source characterization of air pollution, the theory and application of
air quality modeling, health effects and risk assessment, air quality management,
and relevant policy issues. The book ends with a regional and global perspective on
air pollution.

The primary driving force for the design and implementation of emission-control
strategies aimed at improving air quality has been the protection of human health
within a local or regional area. However, with the growth of multicity “megalopolis”
regions in many parts of the world, long-range transport of air pollutants has become
a major concern. The regional and global dispersion of pollutants generated locally
has been well established in the case of acid deposition and stratospheric ozone
depletion. Recently, the long-range transport of tropospheric ozone has increased
throughout the northern hemisphere, air pollution and wildfire emissions originating
from northern mid-latitudes have given rise to Arctic haze, and atmospheric brown
clouds of tiny aerosol particles from anthropogenic emissions have been observed in
many regions of the world. The accumulation and dispersion of pollutants, such as
tropospheric ozone and airborne particulate matter, not only affect human health and
the ecosystem on a local and regional scale, but also influence air quality and the
Earth’s climate on a global scale. It is clear that air pollution and climate change are
intricately interconnected in terms of sources and effects and should be addressed
under one common framework.

xi



xii Foreword

The means to make rapid progress to improve air quality and mitigate climate
change exist, but strong political leadership with effective multistakeholder partici-
pation will be essential to achieve this goal. Regional and international cooperation,
with suitable mechanisms for facilitating technology transfer, financial resources,
and the strengthening of human and institutional capacities, will be necessary to
accelerate implementation of emissions reduction strategies around the world.

Air Pollution: Health and Environmental Impacts provides an invaluable and
timely contribution to the urgent environ mental challenges facing our society
today. As illustrated in the book, we need integrated, interdisciplinary approaches
to address the effects of human-induced activities.

Mario J. Molina
San Diego, California



Preface

As a consequence of ever-growing anthropogenic activities and interventions, we
humans greatly influence different components of the environment (e.g., air, water,
and land resources) and get influenced in return. For example, household, workplace,
outdoor, and transportation environments pose risks to human health in several dif-
ferent ways (e.g., people involuntarily breathing in poor ambient air). Throughout the
world, therefore, reducing adverse effects attributed to environmental exposures is an
important public welfare objective aimed at accruing significant societal benefits.

Air pollution is recognized as one of the leading contributors to the global envi-
ronmental burden of disease. There is extensive scientific evidence of adverse health
effects even in countries with relatively low concentrations of air pollution. Air pol-
lution damages terrestrial and aquatic resources, including those of direct economic
importance. It is also interwoven with the causes and consequences of global-scale
climate change and many other local-scale environmental pressures that confront
society, such as poor ambient air quality. In a nutshell, air pollution has strong
impacts on both public health and the environment and thus deserves a holistic per-
spective and integrated policy programs to address the concerned issues. With this
perspective, we have produced the present book that has bottom-line information as
well as expert knowledge for large audiences, including students, teachers, scien-
tists, policy formulators, executives, engineers, and technocrats dealing with the
subject of air pollution and its effects. To meet this objective, we planned and
designed the book in such a way that it covers not only the fundamentals of the air
pollution problem but also includes field studies and cases from different parts of the
world. Thus, the basic premises of the air pollution problem and region-specific
uniqueness find a place together in this single book. To help readers appreciate and
comprehend the complex problem of air pollution and its adverse effects on human
health and the environment in totality, the book’s chapters cover almost all aspects
of air pollution, for example, monitoring and source characterization of air pollution,
modeling, health effects, environmental impacts, risk assessment, air quality man-
agement, and relevant policy issues. For an easy grasp of the subject, the book has
been divided into five major sections, namely, Air Pollution Monitoring and Modeling;
Air Pollution and Health Effects, Health Risk Assessment and Management; Air
Quality Management: Techniques and Policy Aspects; and Environmental Impacts
of Air Pollution. We have structured the book so that it can act as a primer for stu-
dents and also as a reference source for researchers and academics working in the
field of air pollution. We have made careful efforts to keep the book free from typos
and other errors; yet there is a possibility that some gaps may be identified by atten-
tive readers. We welcome feedback so as to incorporate constructive suggestions and
comments in future editions of the book.

Bhola R. Gurjar, Luisa T. Molina, and Chandra S.P. Ojha
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Air pollution emissions are released from both natural and anthropogenic sources.
Human-driven activities aimed at providing necessary goods and services to society
are responsible for the anthropogenic share of air pollution. Air pollution emissions
occur at many stages in the life cycles of products and services, that is, from raw
material extraction, energy acquisition, production and manufacturing, use, reuse,
recycling, through to ultimate disposal. The resulting emissions undergo several
types of physical and chemical transformations and contribute to a wide range of
health and environmental impacts, including deterioration of air quality, toxicologi-
cal stress on human health and ecosystems, photo-oxidant formation (smog), strato-
spheric ozone (O5) depletion, climate change, degradation of air resources, and noise,
among others (Pennington et al., 2004).

The World Health Organization (WHO) has summarized some of the important
facts of air pollution on health (URL: http://www.who.int/mediacentre/ factsheets/
fs313/en/index.html), which are given below:

Air pollution is a major environmental risk to health and is estimated to cause
approximately 2 million premature deaths worldwide per year.

Exposure to air pollutants is largely beyond the control of individuals and
requires action by government bodies and public authorities at the national,
regional, and even international levels.

More than half of the burden from air pollution on human health is borne by
people in developing countries. In many cities, the average annual levels of
PM,, (particulate matter [PM] with aerodynamic diameter equal to or less
than 10 um—the main source of which is the burning of fossil fuels) exceed
70 ug/m3. The WHO Air Quality Guidelines (AQGs) say that, in order to
prevent ill health, these levels should be lower than 20 pg/m3.

By reducing air pollution levels, we can help countries reduce the global bur-
den of disease from respiratory infections, heart disease, and lung cancer
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considerably. For example, by reducing PM,, pollution from 70 to 20 pg/m3,
we can cut air quality-related deaths by around 15%.

It is clear from the above-listed facts that air pollution (both indoors and out-
doors) is a major environmental health problem affecting everyone in developed
and developing countries alike. Based on various studies, the WHO has developed
AQGs (WHO, 2000, 2006; Krzyzanowski, 2008) to represent the most widely
agreed and up-to-date assessment of health effects of air pollution and to recom-
mend targets for air quality at which the health risks are significantly reduced. The
latest 2005 WHO AQGs offer updated global guidance on reducing the health
impacts of air pollution (WHO, 2006; Krzyzanowski, 2008). The new (2005) guide-
lines (WHO, 2006) apply worldwide and are based on expert evaluation of current
scientific evidence. They recommend revised limits for the concentration of selected
air pollutants, for example, PM, O, nitrogen dioxide (NO,), and sulfur dioxide
(SO,), applicable across all WHO regions. Key findings in 2005 AQGs are listed
below (WHO, 2006):

Even relatively low concentrations of air pollutants are related to a range of
adverse health effects.

There are serious risks to health from exposure to PM and O; in many cities of
developed and developing countries. Poor indoor air quality (IAQ) may
pose arisk to the health of over half the world’s population. In homes where
biomass fuels and coal are used for cooking and heating, PM levels may be
10-50 times higher than the guideline values.

Considerable reduction of exposure to air pollution can be achieved by lowering
the concentrations of several of the most common air pollutants emitted dur-
ing the combustion of fossil fuels. Interestingly, such measures will also reduce
greenhouse gases and contribute to the mitigation of global warming.

Among all the air pollutants in ambient air, PM affects more people than any
other pollutant (see the review by Pope and Dockery, 2006). The adverse effects of
PM on human health occur at levels of exposure currently being experienced by most
urban and rural inhabitants in both developed and developing countries. The major
constituents of PM are sulfates, nitrates, ammonia, sodium chloride, carbon, mineral
dust, and water. PM consists of a complex mixture of solid and liquid particles of
organic and inorganic substances suspended in air. Particles are identified according
to their aerodynamic diameters as either PM,,, mentioned above, or PM, 5 (aero-
dynamic diameters equal to or smaller than 2.5 um). The latter are considered as
more detrimental because, when inhaled, they may reach the peripheral regions of
bronchioles and interfere with gas exchange inside the lungs.

Chronic exposure to particles contributes to the risk of developing cardiovascular
and respiratory diseases, and also lung cancer. In developing countries, exposure
to pollutants from the indoor combustion of solid fuels on open fires or traditional
stoves increases the risk of acute lower respiratory infections and associated mortal-
ity among young children. Indoor air pollution from solid fuel use is also a major risk
factor for chronic obstructive pulmonary disease and lung cancer among adults. The
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mortality in cities with high levels of pollution exceeds that observed in relatively
cleaner cities by 15-20%. Even in the European Union, the average life expectancy
is 8.6 months lower due to exposure to PM, 5 produced by human activities. According
to the 2005 WHO AQGs (WHO, 2006), the PM guideline values are set for PM, s
and PM,, separately. The annual mean of PM, s and PM,, should be equal to 10
and 20 pg/m?3, respectively, whereas the 24-hour mean should not exceed 25 and
50 pg/m3, respectively. It is noteworthy that the 2005 AQGs include for the first time
a guideline value for PM. The aim is to achieve the lowest concentrations possible.
As no threshold for PM has been identified below which no damage to health is
observed, the recommended value should represent an acceptable and achievable
objective to minimize health effects in the context of local constraints, capabilities,
and public health priorities (WHO, 2006).

In the case of O,, the previously recommended limit, which was fixed at 120 pg/m3
8-hour mean, was reduced to 100 pug/m?3 based on recent conclusive associations
between daily mortality and O, levels occurring at O, concentrations below 120 pg/m3
(WHO, 2006). Ground-level O, is one of the major constituents of photochemical
smog. It is formed by the reaction with sunlight (photochemical reaction) of pollut-
ants such as nitrogen oxides (NO,) from vehicle and industry emissions and volatile
organic compounds (VOCs) emitted by vehicles, solvents, and industry. The highest
levels of O, pollution occur during periods of sunny weather.

Tropospheric O; levels are sensitive to local concentrations of NO, and VOCs.
Model studies suggest that additional UV-B radiation reduces tropospheric O, in
clean environments (low NO,) and increases tropospheric O, in polluted areas (high
NO,) (Tang et al., 1998). Excessive Oj in the air can have a marked effect on human
health, material, and vegetation. It can induce breathing problems, trigger asthma,
reduce lung function, and cause lung diseases. In Europe, it is currently one of the air
pollutants of most concern. Several European studies have reported that the daily
mortality rises by 0.3%, and that for heart diseases by 0.4%, per 10 pg/m? increase in
O, exposure (WHO, 2006).

The major sources of anthropogenic emissions of NO, are combustion processes
(heating, power generation, and engines in vehicles and ships). Epidemiological studies
have shown that symptoms of bronchitis in asthmatic children increase in association
with long-term exposure to NO,. Reduced lung function growth is also linked to NO, at
concentrations currently measured (or observed) in cities of Europe and North America.
The current WHO guideline value of 40 pg/m? (annual mean) set to protect the public
from the health effects of gaseous NO, remains unchanged from the level recommended
in previous AQGs. An additional AQG value of 200 pg/m? for the 1-hour mean is also
recommended. As an air pollutant, NO, has several correlated activities:

At short-term concentrations exceeding 200 pg/m3, it is a toxic gas that causes
significant inflammation of the airways.

NO, is the main source of nitrate aerosols, which form an important fraction
of fine particles and, in the presence of ultraviolet light, of O;.

SO, is produced from the burning of fossil fuels (coal and oil) and the smelting
of mineral ores that contain sulfur. The main anthropogenic source of SO, is the
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burning of sulfur-containing fossil fuels (e.g., coal) for domestic heating, power
generation, and motor vehicles. Studies indicate that a proportion of people with
asthma experience changes in pulmonary function and respiratory symptoms
after periods of exposure to SO, as short as 10 min. A SO, concentration of
500 pg/m? should not be exceeded over averaging periods of 10 min, whereas it
should not exceed 20 pg/m3 for the 24-hour mean period. The revision of the
24-hour guideline for SO, from 125 to 20 pg/m? is based on the consideration that
health effects are now known to be associated with much lower levels of SO, than
previously believed, and thus a greater degree of protection is needed. SO, can
affect the respiratory system and the functions of the lungs, and causes irritation
of the eyes. Inflammation of the respiratory tract causes coughing, mucus secre-
tion, aggravation of asthma, and chronic bronchitis, and makes people more prone
to infections of the respiratory tract. Hospital admissions for cardiac disease and
mortality increase on days with higher SO, levels. When SO, combines with
water, it forms sulfuric acid; this is the main component of acid rain that affects
sensitive ecosystems.

It should be emphasized that the WHO AQGs (e.g., WHO, 2000, 2006) are
intended to provide uniform background information and guidance to governments
in making health risk management decisions, particularly in setting standards. The
guidelines may also be used in planning processes and various kinds of air quality
management decisions at community or regional level. The text of the AQG docu-
ment emphasizes that the guidelines are not standards in themselves. Before trans-
forming them into legally binding standards, the guideline values must be considered
in the context of prevailing exposure levels, technical feasibility, source control mea-
sures, abatement strategies, and social, economic, and cultural conditions. In certain
circumstances there may be valid reasons to pursue policies that may result in air
pollutant concentrations above or below the guideline values. Although these guide-
line levels are considered to protect human health, they are by no means a “green
light” for pollution. It should be stressed that attempts need to be made to keep air
pollution levels as low as practically achievable, since there is no clear threshold or
level below which there are no adverse effects.

The health burden of environmental exposures, including ambient air pollution
and climate-change-related health impacts, is not equally distributed between or
within regions and countries. These inequalities are currently receiving increased
attention in environmental research as well as enhanced appreciation in environmen-
tal policy, where calls for environmental equity are more frequently heard. Even the
WHO Global Update of the AQGs (WHO, 2006), which makes an attempt to address
global-scale inequalities in exposures to air pollution and the burden of diseases due
to air pollution, stops short of addressing explicitly the inequalities in exposure and
adverse health effects within countries and urban areas due to the differential
distribution of sources of air pollution such as motor vehicles and local industry, and
differences in susceptibility to the adverse health effects attributed to air pollution.
These inequalities may, however, be addressed in local air quality and land use man-
agement decisions (O’Neill et al., 2008).

With this perspective, the present book covers not only common knowledge and
fundamentals of air pollution problem but also studies and cases from different parts
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of the world so that the peculiarities of each region are documented. It is hoped that
besides understanding the scientific basis of air pollution and its impact on health
and the environment, the book will help readers (i) better appreciate social and
environmental determinants of public health, and (ii) apply country-based research
evidences to reduce health disparities and environmental inequalities. Moreover,
the book is expected to stimulate future research and policy action on health and
environmental consequences of air pollution from the local to global level.

To help readers appreciate and comprehend the intricate problem of air pollution
and its adverse impacts on human health and the environment in totality, the chapters
cover almost all the major aspects of air pollution, for example, monitoring and
source characterization of air pollution, modeling, health effects, environmental
impacts, risk assessment, air quality management, and relevant policy issues. To
facilitate an easy grasp of the subject, the book has been divided into five major
sections: Air Pollution Monitoring and Modeling, Air Pollution and Health Effects,
Health Risk Assessment and Management, Air Quality Management: Techniques
and Policy Aspects, and Environmental Impacts of Air Pollution.

To begin with, Chapter 2 presents the fundamentals of air pollution monitoring
and source characterization. This primarily covers objectives of air pollution
monitoring, sample collection, selection of contaminants for air quality monitoring,
selection of monitoring sites, data validation and interpretation, monitoring meth-
ods, monitoring of gaseous compounds and PM, direct and indirect mass measure-
ment techniques, and source apportionment and characterization through enrichment
factor analysis, chemical mass balance methods, and multivariate receptor models.

The most important activity for management of ambient air quality is collection
of data by direct measurements and analysis of these data by fitting into any model.
Subsequently, these models can be used to predict air quality under different sce-
narios and also to quantify the health and environmental risks of emissions from a
polluting source. Since air quality modeling is a well-researched and fully developed
area and several books are available that exclusively deal with this subject, Chapter 3
presents an overview of the basic theory and application of air pollution modeling.
This chapter, therefore, reviews different types of atmospheric dispersion models
and commercial software followed by a brief commentary on recently popular
approaches of statistical/probabilistic modeling, artificial neural network (ANN)
modeling, and fuzzy modeling. It is evident that a great deal of development and
advances in air pollution modeling have taken place over the years. Among these, the
use of computational fluid dynamic (CFD) models appears to be the most dominant
one considering the development of a large number of softwares. The use of specific
techniques such as ANN, fuzzy logic, and time series analysis has also been preva-
lent. Applications of ANN for data generation at different sampling intervals are
very promising. In the absence of any rigorous modeling, however, time series can
be used locally for useful forecasts of concentrations of air pollutants. Chapter 3 also
presents a number of case studies from developing countries such as India and Chile.
There are some other chapters in this book that deal with specific aspects of air
pollution modeling. For example, Chapter 4 discusses IAQ modeling and Chapter 12
includes the application of appropriate modeling techniques to estimate acute or
short-term risk from the accidental release of industrial toxic materials.
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Air pollution emissions can pollute both outdoor and indoor air. People spend a
large part of their time indoors. Therefore, if the air breathed in indoors is contami-
nated, it poses a threat to the health of the occupants. According to World Health
Reports 2002 (WHO, 2002), indoor air pollution is responsible for 2.7% of the total
global burden of diseases. Thus TAQ studies become necessary to evaluate the air
quality of indoor spaces in terms of its physical, chemical, and biological properties
along with the well-being of the occupants. IAQ studies include first identifying
indoor pollutants, their sources, and causes; the various parameters associated with
IAQ, that is, building parameters, occupant parameters, meteorological parameters
affecting the IAQ, and so on, need extensive survey, monitoring programs, and health
investigation studies. Chapters 4 and 5 are dedicated to dealing with these issues in
detail. While Chapter 4 presents a general outline of indoor air pollution incorporat-
ing briefly indoor air pollutants, their sources and causes, various associated para-
meters of [AQ, monitoring and modeling of IAQ, health-related aspects and studies
and some control measures, Chapter 5 illustrates a comprehensive case study in the
Indian context focusing on emissions from biomass fuels and their health effects
on women.

The case study presented in Chapter 5 has special significance because indoor air
pollution from the use of unprocessed solid biomass fuels such as wood, dung cake,
and agricultural wastes for domestic cooking and room heating is a major health
concern in developing countries such as India. About 74% of people in the rural
areas of India still use biomass as the major source of domestic energy. Biomass
fuels are highly polluting and the concentration of respirable suspended PM,, in the
kitchen during biomass burning is several times higher than vehicular pollution in
the cities. Biomass smoke contains a host of toxic substances that are harmful to
human health. Women who cook with these fuels and their accompanying children
are most vulnerable. Still, the health impact of biomass fuel use in India as well as in
many other developing nations is largely unknown. Against this background, this
study was undertaken to study the respiratory and systemic toxicity associated with
chronic exposures to biomass smoke in the country. In the present case study, a total
number of 1260 nonsmoking women (median age 38 years) of rural West Bengal
(a state in eastern India) who used to cook exclusively with traditional biomass fuel
and 650 age-matched women from the same neighborhood who cooked with cleaner
fuel liquid petroleum gas (LPG) were enrolled. However, as illustrated in Chapter 10,
it is important to note that not only the cooking fuel but also the cooking method is
responsible for ultrafine particles posing health risks to an exposed population.

Compared with LPG-using women, biomass fuel users showed a remarkable incr-
ease in the prevalence of respiratory symptoms, lung function reduction, airway
inflammation, and covert pulmonary hemorrhage. There was a significant reduction
in superoxide dismutase (SOD) enzyme activity in blood plasma, suggesting a decline
in the body’s antioxidant defense. This was accompanied by a higher frequency of
micronucleus formation in buccal and airway epithelial cells and comet formation in
lymphocytes, suggesting a higher rate of chromosomal and DNA damage. Moreover,
airway epithelial cells of biomass users had greater instances of metaplasia and
dysplasia, implying a higher risk of cancer in the airways. In addition, biomass users
had prolonged menstrual cycles, a higher risk of spontaneous abortions, still births,
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and underweight babies. They also suffered more from depression and several other
neurobehavioral problems with accompanying alterations in reproductive hormones.
The changes were intimately associated with indoor air pollution level after con-
trolling potential confounders such as education, family income, and environmental
tobacco smoke. This study found that biomass fuel use for domestic cooking is asso-
ciated with a high level of indoor air pollution that adversely affects the physical and
mental health of women cooking with these fuels. Since millions of poor people
in the country still use these fuels, the findings warrant immediate measures for
improvement of the situation.

Urban air pollution emissions (e.g., from vehicles) have been known to degrade
ambient air quality across the world and pose substantial health risks to city dwellers.
Due to high levels of ambient air concentrations of various air pollutants in Indian
cities, it is continuing to be a major health concern in India. Although respiratory,
cardiovascular, and genotoxic changes are important health effects of air pollution,
little is known about their prevalence and risk among urban Indians who are exposed
to some of the highest pollution levels in the world. Against this background, the
authors of Chapter 6 have conducted epidemiological studies in Kolkata and Delhi,
two highly polluted megacities in the country, to investigate the impact of chronic
exposures to urban air pollution on respiratory and other organ systems of the body.
The study, conducted during 20002006, enrolled 6862 nonsmoking residents from
Kolkata and Delhi (median age 43 years) and 3715 age- and sex-matched nonsmok-
ers as controls from relatively less polluted rural areas of West Bengal where the
PM,, level was considerably lower. In addition, 12,688 school-going children (age
8-17 years) of these two cities and 5649 from rural West Bengal were examined.

It was observed that compared with rural controls, urban subjects had a signifi-
cantly higher prevalence of upper and lower respiratory symptoms, bronchial asthma,
and lung function deficits. About 40% of citizens from Delhi had reduced lung func-
tion against 20% of matched controls, and a restrictive type of lung function deficit was
predominant. Hypertension was more prevalent in urban subjects; they had activated
leukocytes and platelets, and a greater number of leukocyte—platelet aggregates in their
circulation, which are potential risk factors for cardiovascular diseases. Neurobehavioral
symptoms, including depression, were more frequent in these subjects, and their air-
way epithelial cells had a greater frequency of nuclear anomaly. The adverse health
consequences in urban subjects were positively associated with PM,, levels in ambient
air and personal exposures to benzene after controlling potential confounders such as
environmental tobacco smoke and socioeconomic conditions in multivariate logistic
regression analysis. The study has revealed that chronic exposures to high levels of
urban air pollution in India are adversely affecting the physical and mental health of
citizens, especially children and the elderly. Therefore, efforts should be made by all
concerned to reduce pollution levels in order to safeguard public health.

Over the years, megacities have emerged as engines of economic growth but also
as highly polluted urban air sheds, particularly in developing countries. Mexico City
Metropolitan Area (MCMA) is one such most densely populated megacity in the
world, with 18 million people according to the 2000 census (INEGI, 2001). In cer-
tain city zones of Mexico City, O; and PM concentrations have been observed well
above the Mexican standard for many days per year. Observation from the intensive
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MCMA-2003 campaign shows that MCMA motor vehicles produce high levels of
primary PM, particle-bound polycyclic aromatic hydrocarbons (PAHs), and a wide
range of air toxics, including formaldehyde, acetaldehyde, benzene, toluene, and
xylenes (Molina et al., 2007). In this context, Chapter 7 describes air pollutant exposure
and health effects monitored and observed during the MILAGRO-MCMA2006
campaign (Molina et al., 2010). The volunteers investigated were children 9-12 years
old, and their parents, recruited from elementary schools in three different down-
ward sites intercepting the Mexico City air pollutant plume during the campaign.
The results obtained during the MILAGRO campaign focus attention on the high
frequency of many subclinical expressions related to air pollution, even though in the
MCMA a significant reduction in air pollution levels has been achieved in recent
times through comprehensive air quality management (Molina and Molina, 2002).
The authors observe that since children are the most sensitive individuals in a popu-
lation for many reasons (Chung, 2001), this subgroup may seriously be affected by
different chronic diseases if more stringent controls and preventive programs are not
established in this metropolitan area.

Among all the air pollutants, PAHs, which is a group of ubiquitous persistent
organic pollutants possessing carcinogenic, mutagenic, and immunotoxic properties,
have become an issue of increasing concern in recent decades (particularly in areas
undergoing rapid urbanization). Chapter 8 describes the sources, distribution, chemical
transformation, toxicokinetics, health implications, and control measures of PAHs.

They are formed and released into the atmosphere through natural and anthropo-
genic sources. Natural sources include volcanoes and forest fires, whereas man-made
sources come mainly from the high-temperature combustion of fossil fuels in
automobile engines, cooking stoves, power plants, refineries, and other industrial
activities. These pollutants have high persistence in the environment, low biodegrad-
ability, and high lipophilicity. The association of toxic 4—6-ring PAHs with fine
particles in conjunction with their widespread presence in the atmosphere increases
the vulnerability of public health upon exposure and inhalation of the aerosols.
Consequently, aerosol characterization studies have been carried out in several parts
of the world to determine PAHs in airborne particles in order to assess their environ-
mental fate and human exposure. A number of PAHs are mutagenic, having the
capacity to bind covalently to DNA in the target tissues and form protein adducts,
and activate aryl hydrocarbon receptor (ER)-mediated signaling. Subsequent DNA
replication results in mutations leading to carcinogenesis. PAH that can induce
mutations can potentially damage the germ line leading to fertility problems and to
mutations in future generations. The carcinogenic and mutagenic impact of a single
PAH is significantly stronger than the impact of the same PAH occurring at the same
concentration in a mixture.

As stated earlier, among all the air pollutants in ambient air, PM affects more
people than any other pollutant. However, current evidence is not conclusive on the
specific PM characteristics that may be held responsible for adverse health
responses and toxicity. In spite of existing epidemiological evidence documenting
PM as the air pollutant with the most consistent and strongest associations with
diverse adverse health outcomes, we are still far from understanding the mecha-
nisms involved. Chapter 9, therefore, concentrates on cellular mechanisms behind
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PM air pollution-related health effects. Cell cultures of target cell types known to be
relevant to organs affected by PM, and exposures to particles from various emission
sources and of differing nature (from surrogate PM of known composition to real
urban settings particles), comprise a range of variables included in experiments
described below. Three main biological response patterns have been observed after
exposing cells in vitro to PM: cytotoxicity (necrosis/apoptosis), cytokine production,
and geno toxicity. However, the precise role of these types of cellular responses in the
health outcomes observed in humans remains to be better understood. So far, the
understanding of the effects of various components of PM has focused on the identi-
fication of specific PM components that determine toxicity with a specific cellular
effect. There is indication that cellular responses result from interactions among PM
components that lead to more complex patterns of cellular responses. Producing and
interpreting the results obtained with PM-related mixtures represent an intellectual
and methodological challenge. In this respect, recent studies involving concentrated
ambient particles (CAPs) (Ghio and Huang, 2004) allow for studying ambient PM
with the possibility of investigating PM—component interactions, and interactions
between PM and gases. The authors provide experimental evidence attributing respi-
ratory and cardiovascular system toxicity to proinflammatory conditions, oxidative
stress (pro- oxidant/antioxidant imbalance), and neural stimulation derived from
PM exposure. In spite of the existing uncertainties (precise evaluation of human
exposures, sample collection, mechanisms of damage, etc.), the relation of PM
air pollution and human health effects has been documented. Future research
should focus on using samples from ambient air at relevant doses, relative to open
population exposures; better understanding of the potential effects of cumulative
exposures and exposures occurring within susceptibility time-windows in the devel-
opment and growth of children; developing methodologies suitable for addressing
multipollutants—multiple effects, as well as the ability of various PM components, and
their interactions to convey toxicity and potential to cause adverse health outcomes.
Chapter 10 provides a general framework for assessing human exposure to par-
ticulate air pollution and evaluating potential health risks with specific reference to
indoor airborne particles. Case studies are presented and discussed in this chapter to
illustrate the application of this risk assessment framework. These case studies focus
on cooking methodology because it is an important source of particulate air pollu-
tion in indoor environments. The objectives of the study presented in this chapter are
to use a combination of controlled experiments and real-world measurements to
evaluate the potential health risks faced by chefs. To demonstrate the importance of
both physical and chemical properties of particles in determining risks, this chapter
presents both the physical characteristics (derived from controlled experiments) and
the chemical properties (derived from real-world studies), and their relative potential
risks. It is observed that the deep-frying method emits the most number of particles
and the highest portion of nanoparticles, followed by pan-frying, stir-frying, boiling,
and steaming. This trend between particle number concentrations and different
cooking methods implies that cooking with oil causes more particulate emissions
than cooking with water. A larger proportion of ultrafine and accumulation mode
particles was observed during water-based cooking, which is thought to be due to the
hygroscopic growth of freshly emitted particles in the presence of high humidity.
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The highest concentrations of PM, s and PAHs were observed during the deep-frying
cooking method.

As already seen in previous chapters, there is strong evidence linking urban/rural
air pollution to acute and chronic illnesses and premature deaths, and these adverse
health impacts in turn result in high economic costs to society. Among the various
air pollutants, PM,, has been recognized as a major cause of health problems,
particularly asthma. Chapter 11 highlights the various sources of PM, along with
existing levels of PM,, in major urban areas in India. Health impacts in terms of
excess mortality and morbidity were estimated for 14 major Indian cities. Analysis
of data indicates that in most of the cities, PM,, levels exceed 2—3 times the permis-
sible limit of 60 pg/m3. Based on the PM,, concentration levels of 2001, Delhi is
found to be worst affected and Bangalore is found to be least affected in terms of
health impacts. Uncertainty associated with the estimation of health impacts high-
lights that PM,, levels vary considerably over time and hence involve large variations
in estimates. Accurate measurement of pollution levels and choosing their represen-
tative values are important inputs to get to better estimates. Therefore, a major step
toward mitigating/minimizing adverse health impacts of air pollution would be to
collect systematic and reliable air quality data, which in turn would facilitate delin-
eating appropriate strategies/action plans for air quality management.

Toxic or hazardous air pollutants (HAPs) pose two types of risk in the environ-
ment, namely “short-term or acute risk” and “long-term or chronic risk.” Short-term
risk is associated with one-time acute exposure to potentially hazardous substances
accidentally released into the atmospheric environment, whereas long-term risk
results from continuous exposure to potentially harmful substances. In Chapter 12,
appropriate modeling techniques are applied to estimate acute or short-term risk
from the accidental release of industrial toxic materials. Dense gas dispersion and
dose—response models have been used. The use of the model is demonstrated with a
case study for chlorine storage in the Indian environment. Nomograms are con-
structed for use during an industrial chemical accident by administrators for evacu-
ation purposes where immediate modeling usages are not required. The nomograms
are prepared for eight commonly used toxic chemicals in Indian industries. This
chapter also evaluates the potential health risks related to certain carcinogens and
noncarcinogens (e.g., cadmium, chromium, and nickel) present in different Indian
states (regions). Appropriate dose—response models have been identified and used for
this purpose with the assumptions and input data as per the Indian context. Individual
and societal risks of extra cancer due to the above toxics have been estimated. The
hazard quotients and hazard index representing the noncarcinogenic chronic health
effects caused by chromium and cadmium due to their long-term exposure through
water and food have also been estimated. The risk results have been compared with
the disease surveillance data where a satisfactory validation is observed. Furthermore,
an integrated approach for risk estimation is demonstrated with two case studies of
chlorine industries in the country. Finally, the current status of quantitative risk
assessment (QRA) techniques is elaborated along with limitations of the same.

In addition to epidemiological studies of air pollution, international and national
guidelines of emissions and air quality, and approaches and techniques to monitor-
ing and modeling air pollution to eventually control pollution and manage air
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quality, the development and implementation of suitable policy frameworks are also
essential to check the origin of the air pollution problem in the first place. To address
this issue from environmental economics and public policy perspective, Chapter 13
deals with different viewpoints, including the Neoclassical Environmental Economic
view that is still a major influence for theories of natural capitalism and environ-
mental finances. Even today Neoclassical Economic analysis plays a fundamental
role in any economic decision, such as consumption, production, and policy-making.
For example, cost—benefit analysis is the major public policy methodology used in
reaching environmental decisions and shaping environmental regulations at any
national, international, or supranational level. Thus, Neoclassical Environmental
Economics has been at the very center of public policies on environmental issues for
decades. The question of whether Neoclassical Environmental Economics is the best
economic approach for policy decision-making is a very controversial subject, and there
are few alternative approaches to Neoclassical Environmental Economics. Chapter 13,
therefore, provides insight into air pollution and its impacts on health and the environ-
ment, starting from the Neoclassical Economic perspective and reviewing the main
alternative approaches (e.g., Austrian Economics, Green Economics, and Ecological
Economics) to reach a very balanced global environmental understanding.

The development of air quality policy and methods of assessing the impact of
interventions on air quality is a relatively mature part of environmental management.
Chapter 14 discusses some of the key scientific elements associated with this process.
The foundation of air quality management consists of emission inventories, ambient
measurements, and atmospheric models. They provide a quantitative understanding
of how atmospheric chemistry, meteorology, and natural emissions influence the fate
of human emissions, the buildup of pollutants, and their air concentrations. This
information can be used to derive population exposure to quantify risk and assess
health impacts, ultimately leading to integrated models capable of estimating the
human health benefits associated with specific emission reduction policies. As one of
the primary motivations for improving air quality is to reduce human health effects,
current evidence on this issue is reviewed in this chapter. The main focus of this
chapter is on technical aspects related to successful development and application of
air quality models, emission inventories, and measurement programs including a
discussion on assessing uncertainty. Therefore, a key goal of this chapter is to discuss
how models, emission inventories, and measurements support air quality manage-
ment and then to address technical issues and uncertainties in the application of
these tools. Awareness of these issues helps to ensure the successful application of
these tools and to guide effective communication of their results to air quality man-
agers in all levels of government and in the private sector.

As discussed earlier, air pollution not only harms human health but also damages
the environment and ecology. Ground-level O, is arguably the air pollutant most likely
to cause damage to agricultural crops across the globe due to its phytotoxicity and
prevalence at high concentrations across agriculturally important regions. Although
extensive experimental studies to assess the potential threat posed from O, to agricul-
ture have been conducted in Europe and North America, research is far less advanced
in South Asia, Southeast Asia, and southern Africa. It is in these regions that research
is perhaps most urgently needed, given recent escalations in economic growth and
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associated pollutant emissions. In this context, Chapter 15 describes one of the first
air pollution effect studies to assess impacts on crop productivity in the regions of
South and Southeast Asia and southern Africa. The study presented in this chapter
has established the current status of knowledge of air pollution impacts on important
arable crops across regions and finds evidence of substantial effects (with yield losses
of up to 30%) commonly occurring under elevated ambient O, concentrations for
many important species (e.g., wheat, rice, and beans). Provisional risk assessments
have identified high risk across the Indo-Gangetic plain region of South Asia; large
parts of Thailand and some areas in Burma; and regions in Zimbabwe and Botswana
in southern Africa with photochemical modeling suggesting O, concentrations in
exceedance of European and WHO AQGs. A coordinated and standardized experi-
mental campaign conducted across South Asia to assess yield losses to mung bean
(V. radiata) showed that the highest statistically significant yield losses were in the
region of 30% and above and tended to occur in the high-risk regions identified by the
risk-assessment modeling.

Given the magnitude and extent of yield losses found for key crops across the
South Asian region in this and other studies, it would seem that O, pollution might
well be an additional and significant stress on agro-ecosystems. A comprehensive
understanding of the relative importance of all stresses facing current and future
agricultural production in the South Asian regions is vitally important given the chal-
lenge of the region to provide sustainable increases in productivity to balance reduced
per capita area harvested.

Global modeling of ground-level O, concentrations for 2030 suggests that O,
annual mean surface averages for South Asia and southern Africa could vary from
—5.9 to +11.8 ppb for South Asia and from —2.5 to +7 ppb for southern Africa, with
the range being dependent on the emission scenario applied (Dentener et al., 2006).
The possible increases in mean annual averages would translate into disproportion-
ately higher growing season average concentrations when the climatic conditions
(namely temperature and solar radiation) enhance the chemical formation of O; in
the atmosphere. As such, it seems more than likely that O, concentrations, which are
already at concentrations capable of causing yield and productivity losses across
many parts of South Asia and southern Africa, will continue to worsen over the next
20-50 years. It would therefore seem prudent to consider this pollutant in future
research to assess the effect of multiple stresses on sustainable crop production across
Asia and southern Africa.

Future assessments related to crop impacts from O, would ideally incorporate the
effects of climate change, and seek to involve specialists on adaptation options. Ideally,
key decision-makers from governments would come together to discuss likely com-
bined impacts, measures to reduce the vulnerability of end users, national risk assess-
ments, and policy options to reduce the threat from this environmental problem. The
opportunity for cobenefits for air pollution and climate change in emission reduction
policy (e.g., Ramanathan and Feng, 2008) is of particular importance in many develop-
ing regions where there is a suspicion of climate change policies, but where the impor-
tance of abating air pollution is recognized. Most work on cobenefits has however been
undertaken with developed world perspectives and priorities. This now needs to be
widened to reflect the perspectives and priorities of developing countries.
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Chapter 16 presents the impacts of air pollution on ecosystem and human health
with a sustainability perspective. The authors propose a short journey through the
scientific fundamentals of sustainable development and the relationship between
biosphere, society, and economy. The journey begins with a brief conceptual descrip-
tion of the relationship between natural, social, and economic systems, including the

ecosystems benefits for humans and the threats to their maintenance. A healthy
environment is a precondition for long-term development of the world economy. A
sustainable development starts with the acknowledgment that economy, society, and
environment must be considered simultaneously in any plan of development. Air
pollution, therefore, has been discussed in this chapter in the context of human search
for sustainable development.

The bottom line of Chapter 16 is the environmentally conscious development,
following several main aspects: for example, measurement and assessment of the
causes and effects of air pollution, the natural capital and its irreplaceable character,
the carrying capacity of ecosystems and the ecological footprint of human activities,
and the importance of several fields of research (e.g., environmental science and
technology, ecological economics, and ecological education). Environmental educa-
tion includes the dimension of ecological sustainability, and the ability to develop
and operate with sustainability indices: for example, the Environmental Sustainability
Index—ESI, the Ecological Footprint Index—EFI, the Environmental Vulnerability
Index—EVI, the Millennium Development Goal 7 Index—MDG7 (e.g., Esty et al.,
2005), and the Living Planet Index—LPI (WWF, 2004). In a wider perspective,
many specific environmental indices exist for all major environmental issues, such
as those used by Organization for Economic Cooperation and Development (OECD).
These also include measurements of greenhouse gas emissions, apparent consump-
tion of O,-depleting substances (ODS), SO, and NO, emission intensities, municipal
waste generation intensities, wastewater treatment rates, intensities of use of energy
and water, forest, and fish resources, and threatened species (OECD, 2004). But they
do not offer an integrated picture of the state of the environment. Therefore, there is
a strong need to use composite indices, which relate a global environmental degrada-
tion to economic development. Nevertheless, no matter how efficient they are in
encapsulating complex realities in simple terms, aggregated indices must be used
critically, since the more complex the reality they concentrate, the higher the danger
that they do not apply to the intended conditions.

Education for sustainable development is our best chance in what Edward O.
Wilson called the “Century of the Environment” and the “bottleneck” of the imme-
diate future. We subscribe to his view that combining science and technology with
foresight and moral courage is the way to secure a long-term perspective of humanity
(Wilson, 2002). Above all, this education should aim at developing a reflex of judg-
ing immediate economic gains in the context of long-term effects on our ecological—
social-economic systems.

The book ends with Chapter 17, which comprehensively illustrates the regional
and global environmental issues related to air pollution. Air pollution is generally
considered to be a local concern rather than a long-term global change issue.
However, there is growing evidence that human activities in an increasing global-
ized, industrialized, and interconnected world are influencing both air quality and
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climate change ranging from urban and regional up to continental and global scales.
Rapid population growth and increased energy demand are the primary forces driv-
ing unprecedented environmental changes. Emissions from urban and industrial
centers of the developed world, and increasingly from large cities of the developing
world, are changing the chemical content of the downwind troposphere in a number
of fundamental ways. As mentioned above, emissions of NO, and VOCs drive the
formation of photochemical smog and its associated oxidants, degrading air quality
and threatening both human and ecosystem health. On a larger scale, these same
emissions drive the production of O, (a powerful greenhouse gas) in the free tropo-
sphere, contributing significantly to global warming. Urban and industrial areas are
also major sources of the major directly forcing greenhouse gases, including carbon
dioxide, methane, NO,, and halocarbons. NO, and SO, emissions are also processed
to strong acids by atmospheric photochemistry on regional to continental scales,
driving acid deposition to sensitive ecosystems and damage to materials, including
historic buildings and monuments. Direct urban/industrial emissions of carbona-
ceous aerosol particles are compounded by the emission of high levels of secondary
aerosol precursors, including NO,, VOCs, SO,, and NH;. The resulting mix of pri-
mary (directly emitted) and secondary (formed in subsequent photochemical and
chemical reactions) aerosols is now recognized to play an important role in the
Earth’s climate (IPCC, 2007).

This chapter presents some of the regional and global consequences of air pollu-
tion and the challenges and opportunities in addressing these complex issues. One of
the key steps in any rational approach to addressing regional and global environmen-
tal issues is to promote internationalism—a widespread understanding that all of our
human problems are interconnected. Regional and international cooperation will be
essential to the solution of environmental problems. Strong involvement of stake-
holders at all levels, changes in human behavior, coupled with suitable mechanisms
for facilitating technological and financial flows, and the strengthening of human
and institutional capacities will be crucial to the future success of efforts to control
atmospheric pollutions.
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2.1 INTRODUCTION

Air pollution refers to the introduction of physico-chemical or biological materials
into the atmosphere that may cause harm or discomfort to humans or other living
organisms, or deterioration of the natural environment. The ambient and indoor air
composition has a considerable impact on our health and quality of life. Air pollution
and greenhouse gas emissions can have a considerable impact on the environment,
including broader global environmental issues such as stratospheric ozone depletion
and climate change. Air pollutants can be broadly classified as either primary or
secondary. Usually, primary air pollutants are substances that are directly emitted
from a natural or anthropogenic process, such as ash from a volcanic eruption, car-
bon monoxide (CO) gas from motor vehicle exhaust, or sulfur dioxide (SO,) released
from factories. However, primary pollutants do not, by themselves, produce all of the
adverse effects of air pollution. Chemical reactions may occur among primary pol-
lutants and constituents of the atmosphere, as illustrated in Figure 2.1. Subsequently,
gaseous pollutants reacting with each other and with particles in the air produce a
complex array of new chemical compounds. Air pollutants not directly emitted as
such, but formed in the air, are called secondary air pollutants, which are responsible
for several ill effects of air pollution such as smog, haze, eye irritation, and damage
to vegetation and material.

The first step in instituting measures against air pollution is to have a clear picture
of the current pollution situation through air pollution monitoring. Measuring air
quality and understanding its impacts provide a sound scientific basis for its manage-
ment and for control of air pollution sources. Thus, air quality or pollution monitor-
ing plays a vital role in developing policies and strategies, for measuring compliance
with guideline values and tracking progress toward environmental goals or targets.
Considerable effort should, therefore, be devoted to the systematic measurement of
levels of air pollution in different scales ranging from local to global. Air pollution
monitoring, together with the information derived from it, is not an end in itself.
Instead, it offers us the best way of understanding air pollution problems, assessing
and reviewing environmental measures so that pollution problems can be tackled
effectively at local, national, and international levels (Bower and Mucke, 2004).

The ultimate objective of air pollution monitoring is to collect reliable data that
can be used by scientists, policy makers, and planners so as to enable them to make
informed decisions on managing and improving the overall quality of the environ-
ment (Bower and Mucke, 2004). Along with emission inventories and clearly defined
targets, monitoring data can be used to develop policies that are tailored to address
the most important issues of concern. Well-presented monitoring data also help in
communicating air quality issues to local communities and ensuring that the impacts
of management decisions can be properly assessed. Good quality monitoring data
that indicate potential health or environmental effects, and track changes in pollution
levels are a critical part of any effective air quality management strategy (Mucke
etal., 1995). However, there are limitations with any monitoring program and the use
of analytical data from one technique; hence, it should be used in conjunction with
the results of other assessment techniques, including modeling, emission inventories,
interpolation, and mapping.
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FIGURE 2.1 Primary and secondary pollutants. *Reaction can occur without catalyst
(HC+, hydrocarbons). (Adapted from Boubel R.W., et al. 1994. Fundamentals of Air Pollution
(3rd ed.), Academic Press, San Diego, CA, pp. 195-203. Copyright Elsevier 1994. With
permission.)

2.2  OBJECTIVES OF AIR POLLUTION MONITORING

Any air pollution monitoring program generally has the following broad objectives
(Ahmet and Dijk, 1994; Fisher et al., 1995):

* To provide a sound scientific basis for the development of cost-effective
control policies and solutions to abate air pollution
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To assess how far air quality standards, limit values, and objectives are
being met

To evaluate potential impacts of air pollution on population health and
welfare

To determine the impact of air pollution on ecosystems and our natural
environment

To provide the public with reliable and up-to-date information on air
pollution

To fulfill statutory air quality reporting requirements

An important step in developing an effective monitoring program is to assess

where air quality in the region is likely to be deteriorated or at risk and therefore
where monitoring should be carried out. The areas at risk can be determined by
considering the following (Harrison and Perry, 1986):

Emissions sources (e.g., domestic, industrial, transport, agricultural, and
natural) and contaminants emitted, and also location and magnitude
Meteorology (areas prone to temperature inversions, etc.)

Topography

Geography

Population centers (especially where domestic fires and traffic emissions
occur)

Historical monitoring data (if available)

Areas with high natural environmental value (e.g., in and around natural
parks, forests, wilderness, and wetlands)

Areas vulnerable to air pollution plumes from other areas

Areas planned for development (e.g., to get a picture of background
concentrations)

Any public complaints or issues of concern relating to air pollution

Any epidemiological studies on air quality effects on health already
carried out

2.3 SAMPLE COLLECTION

2.3.1

SELECTION OF CONTAMINANTS FOR AIR QUALITY MONITORING

It is impossible to monitor all contaminants in the air; hence, monitoring programs
usually measure only a small group of contaminants that act as indicators of air
quality. Particular contaminants are selected on the basis that

They cause significant adverse health or environmental effects

They are commonly discharged from known or suspected sources within
the area

They provide a good indication of the overall quality of air

The nature of sources in an area can provide a good indication of which conta-

minants to monitor (WHO, 1998; ISO/TR 4266, 1989). For example, if vehicles are
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the primary source of pollutants, nitrogen dioxide (NO,), CO and possibly benzene
and fine particles (PM, ;) should be monitored. If the area is affected by domestic
fire emissions from wood burning, particles and possibly CO and polycyclic aromatic
hydrocarbons (PAHs) should be examined. Where coal is commonly used as dom-
estic fuel or by industry, SO, should also be monitored.

When selecting contaminants for monitoring, it is also important to consider
whether there is a guideline value or standard against which the results can be com-
pared. Comparison of monitoring data with guideline values can indicate whether
the contaminant is likely to cause adverse health (or environmental) effects (Boubel
et al., 1994). Regional, national, and sometimes international guideline values are
typically referred for this purpose. Guidelines can be quantitative or highly qualitative.

2.3.2  SELECTION OF MONITORING SITES

Site selection is a very important part of any air pollution monitoring program. The
location of a monitoring station is directly related to the area that the data would
represent. The selection of the sampling site depends on the objectives of the moni-
toring program. For monitoring air pollution within an urban airshed, it is usually
inappropriate to locate a monitoring site close to a strong localized source, such as
a vent from a factory or garage (Harrison and Perry, 1986; Boubel et al., 1994). At
these sites, high contaminant values could be recorded that do not generally cause
problems and do not reflect overall air quality in an area. However, for specific
projects such as for determining the relationship between CO concentrations at a
roadside with vehicle emissions, or between an industrial discharge and its impacts
on air quality, it is appropriate to place the monitoring equipment close to the source.
Care is also needed to select a site that is not strongly affected by local airflows, with
either shielding or funneling. The monitoring location should reflect the environment
that is being affected or that may be affected. In other words, if adverse effects on
human health are a concern, then the monitor should be located where humans have
the potential to be affected, either now or in the future. Likewise, if impacts on eco-
systems are the issue, then the monitor should be located near a sensitive ecosystem
that may be affected.

When selecting a site, it is also important to take into account the relevant
averaging period for the guideline of the contaminant of concern. For example, CO
causes health problems when people are exposed to levels above the guideline for a
1-hour period or an 8-hour period. Therefore, for CO it is appropriate to place the
equipment where people may be exposed over 1- or 8-hour periods. Such sites are
located near busy traffic intersections and along traffic corridors, or within wider
airsheds, if domestic emissions comprise significant amounts of CO. On the other
hand, the health effects of benzene are usually judged on an annual exposure period.
Therefore, to ascertain the overall annual exposure of most urban residents, it is
appropriate to locate a benzene monitor in an urban residential area, away from the
major influence of a busy road. This is because on an annual basis, people do not
spend much of their time right next to a busy road. However, for carrying out a more
detailed personal exposure assessment, it may be appropriate to site the monitor near
the road. Moreover, to collect data for epidemiological studies, it is important to
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collect information from all the main areas where a person may be exposed. This
could include indoor air or in-vehicle air.

Site selection should also take into account atmospheric reactions affecting the
formation and destruction of the contaminant. For example, ozone is formed over
time, as pollutants in the atmosphere react with each other in the presence of sun-
light. It is therefore appropriate to monitor ozone (O;) where it is most likely to be
present, namely downwind from the major sources of its precursors (e.g., NO,, VOCs,
etc.). Similarly, NO, is another contaminant that is not discharged into air in signifi-
cant concentrations, but rather formed over time from the NO released from combus-
tion sources. Therefore a monitor close to a busy road, where NO has not had time to
convert to NO,, may not be the best location for determining NO, concentrations.

2.3.3 EQUIPMENT MAINTENANCE AND INSPECTION

Proper equipment maintenance and inspection are crucial for obtaining accurate and
reliable monitoring results. Most air pollution monitoring equipment (including data
loggers) must be calibrated at certain intervals. Instrumental bias and drift are very
common features. Data should be corrected on the basis of calibration results. A
record of the calibration procedures and history should be maintained, and must be
available when requested. Calibrations can range from simple visual checks on
equipment operation through to a detailed examination of individual components
and multipoint measurements on complex mixtures of contaminants. Calibration
often involves checking whether the monitoring equipment accurately measures the
concentration of a contaminant in a sample containing a known concentration.
Wherever possible, air quality data should be recorded automatically, with as high a
time resolution as practicable, with the use of data loggers (WHO, 1994c).

The accuracy and variability between different methods/equipment should
be checked by operating them at the same location simultaneously or using them at
different labs to analyze duplicate samples. This is particularly useful for identifying
the difference between particulate sampling methods (Larsen et al., 1999). Such
comparisons should be made when there is doubt regarding the reliability or accuracy
of a particular method or where other, less expensive methods are being evaluated.

2.3.4 DATA VALIDATION AND INTERPRETATION

The purpose of monitoring is not merely to collect data, but to produce information
that is useful for technical, policy, and public end-users. Raw data in themselves are
of very limited utility. These data first need to be screened by validation and ratifica-
tion and then collated to produce a reliable and credible dataset (WHO, 1994a,b,c;
Kotlik and Vondruskova, 1996; CRC, 1997).

Interpretation of data from any air pollution monitoring site should take into
account the site situation and its implications. A general description of the site
characteristics and any local sources of air contamination should be included. A
record of meteorological variables such as wind speed, wind direction, temperature,
and so on should be recorded, and a brief description of meteorological conditions
that are likely to affect air quality at the site, for example, inversions, prevailing wind
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direction, and height above sea level, should also be incorporated (USEPA, 1987,
WMO, 1992; Larsen and Schaug, 1995).

2.4 SELECTION OF MONITORING METHODS

A wide variety of methods are available for measuring contaminants in ambient
air, with an equally wide variation in cost and precision. Specific monitoring methods
should be chosen taking into consideration the purpose and objectives of the moni-
toring program, the available budget, and whether there is a need to comply with
any standard methods and/or national recommendations (Larsen et al., 1999). Air
monitoring methods can be categorized as follows.

2.4.1 HiIGH-PRECISION INSTRUMENTAL METHODS

These methods provide continuous records of pollutant levels over extended periods
of time (weeks or months) with minimal operator intervention, and have a high
degree of measurement precision. The detection levels of these systems are often one
order of magnitude or more below typical background levels in urban areas. These
are also the most expensive monitoring methods, and appropriate calibration and
operation are required to ensure that high precision is achieved. High-precision
instrumental methods such as differential optical absorption spectroscopy (DOAS)
are generally used for research studies or other specific investigations, where there is
a need to understand the ways in which pollutant levels fluctuate over short time
periods (hours or days).

2.4.2 Lower-LEVEL INSTRUMENTAL METHODS

Instrumental methods such as automated monitors used for routine air quality moni-
toring are cheaper than the high-precision methods. However, they usually require
more frequent operating checks and adjustments, and the measurement precision is
only marginally below typical background levels.

2.4.3 MANUAL PARTICULATE METHODS

Manual filter-based particulate collection methods give time-averaged results of
PM, typically over 24 h, and usually require manual changes of the sampling filters
in between each sample; however, a number of semiautomated systems are also
available. The precision of most manual particulate methods is about 10-20% of
typical background levels.

2.4.4 MANUAL WET-CHEMICAL METHODS

Manual wet-chemical methods are usually used for a wide variety of gaseous pollut-
ants such as SO, and NO,; they require regular operator intervention and also pro-
duce time-averaged results (typically over 24 h). The precision of most wet-chemical
methods is only marginally below typical background levels, and the methods are



26 Air Pollution

sometimes subject to interference from other pollutants. The operational costs are
very similar to those of the lower-level instrumental monitors (Larsen et al., 1999).

2.4.5 Passive MONITORING METHODS

Passive samplers are normally adopted for survey or to classify areas as having low,
medium, or high pollution levels, based on long-term (usually monthly) sampling.
They do not usually provide anything about short-term pollution levels nor do they
allow precise measurement of the actual pollutant concentrations without calibration
under field conditions through concurrent real-time measurements using active
analyzers. This is the cheapest monitoring option (WHO, 1994a) because it does not
require electricity and routine maintenance. Passive samplers are widely used for
measurements of trace gases such as O;, SO,, and NO, in rural or remote areas.

2.5 COMMON MONITORING METHODS FOR SO,, NO,, AND PM

2.5.1 MONITORING OF GASEOUS SULFUR AND NITROGEN COMPOUNDS

The gaseous compounds of sulfur (S) and nitrogen (N) that are of concern in atmo-
spheric pollution are their corresponding oxides, hydrides, and organic compounds.
Of the oxides of sulfur, SO, and sulfur trioxide (SO,) are important pollutants. The
main source of SO, is the combustion of fossil fuels containing sulfur, in which S is
oxidized to SO, and to a lesser extent to SO,. The oxides of nitrogen that are of major
concern are nitric oxide (NO) and NO,. Both chemical and physical methods can be
adopted for quantification of these pollutants. Chemical methods for the analysis of
gaseous sulfur and nitrogen pollutants can be classified into acidimetric, colori-
metric, chromatographic, and coulometric methods, details of which can be seen in
the relevant literature (Harrison and Perry, 1986; Lodge, 1989a,b; Vadjic et al., 1992;
Quirit et al., 2007). Further, gaseous S and N compounds are measured by physical
methods that employ optical techniques such as chemiluminescence, fluorescence,
and absorption spectroscopy.

2.5.2 MEASUREMENT OF PM

Ambient aerosol is a complex mixture of organic and inorganic, volatile and semiv-
olatile, water-soluble and -insoluble matter (Wittmaack and Klek, 2004), possessing
arange of morphological, chemical, physical, and thermodynamic properties (Wilson
et al.,, 2002). Atmospheric PM includes combustion-generated particles such as
diesel, soot, and fly ash; photochemically produced particles such as those found
in urban haze; salt particles produced by sea spray; and crustal particles from resus-
pended dust (Wilson et al., 2002). Some particles may be hygroscopic and contain
particle-bound moisture. The amount of moisture is dependent on the particles’
composition and ambient relative humidity. At a relative humidity exceeding 80%,
water typically constitutes more than half of the mass of fine atmospheric particles
(McMurry, 2000). Measurements of airborne PM are often used for a variety of
reasons, including source apportionment, reviewing the effectiveness of control
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strategies, and investigating the relationship between air quality and health. The
highly variable nature of airborne PM makes measurements of both PM,, (PM with
aerodynamic diameter <10 wm) and PM, 5 (PM with aerodynamic diameter <2.5 {im)
problematic.

Measurement of the mass of PM suspended in air, whether it is ambient air PM or
coal dust in mines, requires the accurate quantification of minute amounts of mass.
Broadly speaking, there are two ways of approaching this measurement: direct
microweighing techniques that fundamentally determine the mass and indirect
methods using other properties of particles to estimate the mass.

2.5.2.1 Direct Mass Measurement Techniques

Direct mass measurement techniques include the gravimetric technique. The most
simple and direct sampling technique is to collect particles on filters. Through the
use of a laboratory gravimetric balance, the difference in pre- and postsample weights
yields the PM mass collected. Knowing the volume of air passed through the filter
allows the determination of the PM mass concentration. Frequently, this classic
method of weighing the deposited mass on a filter is considered as an absolute
standard (Federal Register, 1997; Noble et al., 2001).

Soluble portions of aerosol particles can be extracted with water and determined
with an ion chromatograph for cation and anion concentrations. Insoluble particles
are typically analyzed with instrumental neutron activation analysis (INAA), proton-
induced x-ray emission (PIXE), or inductively coupled plasma mass spectrometry
(ICP-MYS) for elemental composition. Semivolatile components are typically ana-
lyzed by gas chromatography by using an electron capture detector, or one coupled
with a mass spectrometer (Parungo et al., 1992).

The bulk composition of individual particles collected by particulate monitors
varies significantly, reflecting the particles’ diverse origin and atmospheric process-
ing (McMurry, 2000). It has been noted that there are numerous uncertainties regard-
ing the relationship between the mass and composition of particles collected on a
filter, and the actual composition of PM in the atmosphere (Wilson et al., 2002).
Sampling artifacts, such as the loss of semivolatile material, can be found for a range
of filter-based measurement systems as reported by Chuen-Jinn and Hsin-Ying
(1995). It is observed that due to their high alkalinities, glass fiber filters often adsorb
SO, and HNO; gases to form extraneous sulfate and nitrate in collected particle
samples, causing an overestimation of both and possibly affecting the recorded mass
of PM. This may occur within both the filter material and the deposited PM. Negative
artifacts can occur due to evaporation and/or chemical reactions during sampling.
One example is the loss of nitrate due to the reactions of acidic aerosol, such as par-
ticulate H,SO,, with collected ammonium nitrate on the filter media. This results in
the evaporation of nitric acid gas and the loss of ammonium nitrate. In addition, the
pressure drop that exists in aerosol sampling systems leads to a decrease in the gas
phase concentration of certain species as air flows through the system. This creates
a concentration gradient between the air stream and the particulate mass, again lead-
ing to the evaporative loss of semivolatile material from the mass collected on the
filter (Chuen-Jin and Hsin-Ying, 1995). The extent of these processes varies with
location, depending on aerosol mass concentration and composition together with
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meteorological conditions. Artifacts associated with sampling, transport, and storage
have also been reported (McMurry, 2000). One example is the loss of volatile com-
pounds, which can leave the filter after sampling, but prior to weighing or chemical
analysis (Chow, 1995). Furthermore, the temperature and humidity history of the
dust-loaded filter greatly influences the actual mass on the filter (Allen et al., 1997,
Eatough et al., 2003).

2.5.2.2 Indirect Mass Measurement Techniques

The tapered element oscillating microbalance (TEOM) and beta gauge are examples
of indirect (equivalent) methods that are able to provide near-continuous measure-
ments of ambient particulate concentrations. Other examples of indirect techniques
include optical and filter pressure drop methods. Indirect methods are inherently
problematic as there is no consistent physical connection between other particle
properties and particle mass.

2.5.2.2.1 Tapered Element Oscillating Microbalances

This is a filter-based, true mass measurement technique offering high-time- resolution
capability that represents a major advance in PM monitoring. Over the past several
decades, inertial mass detectors called TEOMs have been designed to provide this
capability for a number of demanding applications (Meyer et al., 2000). Initially
designed for space-related applications, TEOM mass detectors are used in near-real-
time PM monitors for ambient air, diesel exhaust, stack emissions, fly ash carbon
concentration, and in instruments studying the chemical kinetics of catalysts (Allen
et al., 1997; Ayers et al., 1999; Hering et al., 2004).

The TEOM monitor provides a filter-based, direct mass measurement of PM in
ambient air by drawing a sample through a sampling inlet, followed by the sample
filter, and by continuously weighing the sample filter. TEOM technology removes
the mass calibration uncertainty that exists in systems that do not measure mass
directly. In addition, possible filter handling errors (at both the sampling site and
laboratory) using manual, gravimetric methods are eliminated while having the
advantage of providing filter-based mass measurements in near real time. The engi-
neering design of all TEOM-based monitoring instrumentation provides automatic,
real-time flow control, sample conditioning, and quantification of PM mass. The
TEOM can be used to measure total suspended particles (TSPs) or size-fractionated
PM (e.g., PM,,, PM, 5, and PM,) mass concentration when used in conjunction with
a size-selective inlet. In addition, the TEOM is used as the central mass measure-
ment system in a number of prominent research programs involving studies of
semivolatile particles, fine and coarse particles, and particle behavior. Optional add-
on components may be used to optimize the TEOM to eliminate particle-bound
water, retain specific semivolatile particle constituents, or measure total nonvolatile
and volatile particle mass (Meyer et al., 2000; Eatough et al., 2003). Nevertheless, a
number of concerns have been raised about the ability of real-time monitors to accu-
rately measure atmospheric particles in that those operated at elevated temperatures,
including the TEOM, are reported to lose semivolatile material (Allen et al., 1997
Ayers et al., 1999; Meyer et al., 2000; Hering et al., 2004) with the mass recorded by
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the TEOM being on average 18.3% lower than the reference method across Europe
(Muller et al., 2004).

2.5.2.2.2 Beta Gauge

The beta gauge is a widely used continuous monitoring method used for PM,,
concentration measurement (Chueinta and Hopke, 2001). It stands on beta-ray
absorption in a sample captured on filtering material, which works by measuring the
attenuation of ionizing radiation through particulate mass deposited on a filter. It
allows for unattended operation over extended periods of time, with a time resolution
of about 0.5-2 h. The response of the instrument depends on the beta absorption
coefficient of the particulate, and this can vary with chemical composition. However,
the variation is not especially great, and this is not a significant limitation in most
monitoring applications. The difference between the beta-ray absorption of the
exposed and nonexposed filtering material, which is proportional to the mass of the
captured suspended particle matter, gives information on its concentration.

2.5.2.2.3 Light-Scattering Instruments

Light-scattering instruments have been available for many years, but were mainly
used for monitoring workplace dust exposures. Over the last few years, some of these
instruments have been adapted for ambient monitoring, with variable degrees of
success. The “workplace” units are relatively cheap and portable, and give a direct
readout of particle concentrations. However, their measurement precision and sensi-
tivity are usually quite poor. As such, they are only suitable for low-level survey
work. On the other hand, there are some instruments now available that give a much
higher level of performance, to the extent that they are acceptable for use in regional
networks and for monitoring against ambient guidelines. One such unit is the
GRIMM aerosol spectrometer (Massey et al., 2009), which the manufacturers expect
to be granted equivalency status by the USEPA in the near future.

The main limitation with light-scattering instruments is that the instrument
response depends on the size distribution and the numbers of particles rather than on
the total mass of airborne particulate. This can be overcome to some extent by car-
rying out periodic calibrations using manual filter sampling. However, such calibra-
tion “factors” are likely to vary with different monitoring locations and at different
times of the year, because of the changes in composition and nature of the airborne
particles. Some of the light-scattering instruments can also give an indication of
particle size distributions. This may be of value in specific investigations.

2.6  SOURCE APPORTIONMENT AND CHARACTERIZATION

Identifying important pollution sources that contribute to ambient concentrations of
pollutants is essential for developing an effective air quality management plan. Air
quality models (see details in the next chapter) use mathematical and numerical
techniques to simulate the physical and chemical processes that affect air pollutants
as they disperse and react in the atmosphere. Based on inputs of meteorological data
and source information such as emission rates and stack height, these models are
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designed to characterize primary pollutants that are emitted directly into the
atmosphere and, in some cases, secondary pollutants that are formed as a result of
complex chemical reactions within the atmosphere. These models are important to
the air quality management system because they are widely used by agencies tasked
with controlling air pollution to both identify source contributions to air quality
problems and assist in the design of effective strategies to reduce harmful air pollut-
ants. For example, air quality models can be used during the permitting process to
verify that a new source will not exceed ambient air quality standards or, if neces-
sary, determine appropriate additional control requirements. Air quality models can
also be used to predict future pollutant concentrations from multiple sources after the
implementation of a new regulatory program, in order to estimate the effectiveness of
the program in reducing harmful exposures to humans and the environment.

Receptor modeling includes observational techniques that use the chemical and
physical characteristics of gases and particles measured at source and receptor to
both identify the presence of and quantify source contributions to receptor concen-
trations. They start with the measurement of a specific feature of the air pollutant;
for example, in the case of aerosol, it includes particle sizes, size distribution, com-
ponent identification, chemical state and concentration, and time and spatial varia-
tion at the receptor, and calculates the contribution of a specific source type. Receptor
modeling focuses on the behavior of the ambient environment at the point of impact
(Hopke, 1985). The fundamental principle of receptor models is that mass conserva-
tion can be assumed and a mass balance analysis can be used to identify and appor-
tion sources of airborne PM in the atmosphere (Hopke, 1985; Hopke et al., 1991).

Receptor models are grouped into two basic categories: microscopic and chemical
methods. Microscopic methods resolve the sources on the basis of characteristic
morphological features such as wood fiber, tire rubber, pollen, and so on (Cooper and
Watson, 1980). For quantitative predictions, they estimate the number of particles,
their density, and their volume. Chemical methods require knowledge of the chemi-
cal composition of both ambient and source particulates and are based on an assumed
conservation of mass. The degree of validity in this assumption depends on the
chemical and physical properties of the species and its potential for atmospheric
modification such as condensation, volatilization, chemical reactions, and sedimen-
tation. Chemical methods can be divided into subgroups such as enrichment factor
analysis, time and spatial series analysis that primarily provide quantitative informa-
tion about possible sources, while the chemical mass balance (CMB) and advanced
multivariate methods provide quantitative information about sources and are used
largely for source impact assessment studies.

2.6.1 ENRICHMENT FAcTOR (EF) ANALYSIS

Atmospheric aerosols are expected to have the crust and the sea as their major natu-
ral sources in continental and marine areas, respectively. The comparison between
the concentration of atmospheric aerosol elements, when they are found to be higher
than expected in their natural forms according to their proportions in the background
aerosol (earth’s crust and sea), is of utmost importance (Zoller et al., 1974). By this
comparison, it can be decided whether these elements are anthropogenic or natural
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in origin. This comparison is made by calculating EFs for the various elements in the
aerosol relative to the background usually normalized to an element considered as
being the most unambiguous indicator of the source material (Rahn, 1976), which is
expressed by Equation 2.1:

[Cl,.,
EF= sample
[C]

/[Cref]
/[Cref]

sample , (2 ) 1)

crust crust

where [Clg,ppe and [Cioliumpie are the concentrations of C (analyte element) and
the normalization reference element in the sample and [C],,, and [C,.]... are their
concentrations in the continental crust. Al, Si, Fe, and Sc are generally used as the
normalization reference element for the crust because they are chemically inactive or
stable elements while Na is the tracer for sea salt. Elements with EFs close to unity
likely have the crust or sea as the main source; they are called “nonenriched”
elements. Elements with EFs significantly greater than unity are called “enriched”
elements and probably have another major source besides the crust/sea (Rahn, 1976;
Gao et al., 2002).

CASE 2.1

Here is an example where Al was used as a reference element to study the
particles from biomass burning. See et al. (2007) conducted an intensive field
study in Sumatra, Indonesia, during a peat episode to investigate the physical
and chemical characteristics of particulate emissions in peat smoke and to
provide necessary data for source-receptor analyses. Ambient air sampling
was carried out at three different sites at varying distances from the peat fire:
the first location was Sungai Sembilan in Dumai, a rural site where peat fires
occurred; the second location was in the nearby village of Belakang Rumah
in Dumai, representing a semirural site; the third location, Pekanbaru, was
the nearest provincial capital in Riau, representing an urban site in this study.
To gain insights into the possible sources of trace metals from peat fires, EFs
were calculated according to EF = (X/Al),;, /(X/Al), ., Where (X/Al),;, and (X/ -
Al)... refer to the ratios of the concentration of metal X to that of reference
metal, Al, in the air and crust, respectively. EF = 1 suggests low- temperature
crustal weathering and soil remobilization, whereas EF > 1 suggests high-
temperature man-made processes. However, because the types of crustal mate-
rials are unique in different areas and not much is known about uncertainties
concerning fractionation during weathering, EFs are not resolvable within an
order of magnitude (EF < 10) for crustal materials (Kaya and Tuncel, 1997).
This means that EF < 10 implies that the metal is most likely derived from
crustal sources, whereas EF > 10 implies that the metal primarily originates
from anthropogenic sources.

EFs, based on the average values of total metals, are shown in Figure 2.2 for
all sampling sites. The x-axis is intentionally set to cross at 10, so those metals
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FIGURE 2.2  EF analysis of trace metals with the use of Al as an indicator of crustal source.
(Reprinted from See S.W., et al. 2007. Environmental Science Technology, 41, 3488-3494.
Copyright 2007 American Chemical Society. With permission.)

with EFs < 10 are crustal materials and those with EFs > 10 are anthropogenic
or combustion-derived materials. Since the trace metal composition of local
peat soils in Indonesia is not available, continental crustal averages (Mason,
1966) were used in this study. Most metals exhibited EF > 10, suggesting that
the combustion of peat contributed significantly to the metal loadings in the
airborne PM.

The EF approach has been most useful when there has been a limited amount of
information available. It has certain limitations, for example, it cannot quantify a
source’s contribution, relies on the assumed background composition, and is not
applicable to complex source mixtures where multiple sources contribute to the same
element. The use of aerosol—crust EFs has spread rapidly; however, there is no standard-
ization of reference material or reference element. Both rock and soil vary in composi-
tion from place to place, and hence the aerosol originating from them should vary
correspondingly. EFs calculated relative to local crust may therefore be more realistic
than those calculated relative to a global average. Calculation of EFs using globally
averaged crust/soil, however, has the advantage that it can be standardized for all
datasets, but local information could profitably be reported on the basis of local EFs.

2.6.2 CMB METHODS

The CMB receptor method tends to extract information about a source’s contribution
on the basis of the variability of elements measured in a large number of samples. If
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two or more compounds originate from the same source, their variability as a function
of time measured at a receptor will be similar. The objective of this method is to detect
this common variability and imply source identity by comparing elements with com-
mon variability with elements associated with specific sources (Henry et al., 1984).

CMB methods identify aerosol sources by comparing ambient chemical patterns, or
fingerprints, with source chemical patterns (Friedlander, 1973; Kowalczyk et al., 1978).
From the viewpoint of the receptor model, conservation of mass is assumed, and the
total mass of a given element is the linear sum of the masses of the indivi dualspecies
that arrive at the receptor from each source (Hopke, 1985, 1991; Watson et al., 1991).
Thus, CMB is applicable whenever a quantity can be expressed as a linear combination
of other species and a mass balance equation can be written to account for all m chemi-
cal species in the n samples as contributions from p independent sources:

P
ij :Zcikskj+Ej’ 2.2)

k=1

where x; is the ith elemental concentration measured in the jth sample, C; is the
gravimetric concentration of theith element in material from the kth source, and S,
is the airborne mass concentration of material from the kth source contributing to
the jth sample. E; represents random errors in the measurement of C; and §,;, or
unaccounted for sources.

There are many ways of solving Equation 2.2, depending on what information is
available. Five methods of performing this calculation have been applied: the tracer
property (Miller et al., 1972), linear programming, ordinary linear least-squares

fitting (Friedlander, 1973; Kowalczyk etal., 1978), effective variance least-squares
fitting (Cooper et al., 1984; Watson et al., 1990), and ridge regression.

An implicit assumption in Equation 2.2 is that only inert species can be accepted
as tracers in the CMB model. This makes it difficult to use species such as organic
compounds as tracers because they may react or degrade during atmospheric trans-
port. In the case where a specific reaction rate constant or decay factor is known or
can be determined for a possible tracer, the mass balance equation can be modified
to include concentration degradation .. The revised mass balance equation is given
by Equation 2.3:

P
X, =Y CySy0,+E,, 2.3)
k=1

where o; is the decay factor of compound i for source j (Wang and Larson, 1993).

CASE 2.2

The CMB air quality receptor model EPA-CMBS.2 (USEPA, 2004) was used
to estimate the relative contributions of peat smoke and other sources to ambi-
ent PM, 5 concentrations measured at downwind locations by See et al. (2007).
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This CMB model has been successfully used by a number of researchers to
quantify the relative contribution of various particulate sources in both urban
and rural areas (Chan et al., 1999; Chow et al., 1996). The source profiles of
inorganic ions and trace elements used in the model could be obtained from
SPECIATE 3.2 (USEPA, 2002). In the study on peat smoke by See et al. (2007),
source apportionment was attempted to gain further insights into the effect
of peat smoke on ambient air quality at Belakang Rumah (Figure 2.3). The
contribution of peat fires to PM, 5 at Sungai Sembilan is assumed to be 100%
and is thus not presented. CMB performance indices are all within the target
ranges recommended by the USEPA: r2 > 0.8, %* < 4, and % mass = 80-120%
(normalized to 100% in Figure 2.3). The major sources of PM, ; at the two
sites include peat fires, motor vehicles, refineries, crustal matter, and second-
ary aerosols. As deduced from the results of chemical speciation, PM, 5 source
contribution estimates demonstrated that the influence of peat smoke tended
to decrease in significance as the distance from the fires increased, falling to
51.0% at Belakang Rumah and just 18.1% at Pekanbaru.

The CMB approach has shown considerable promise as a receptor model and has
been extensively used for source apportionment studies. However, it also suffers
from certain limitations; for example, the composition of all components of all pos-
sible sources is not known and may also differ from one area to another. For example,
oil and oil-combustion components depend on the composition of the fuel, the nature
of the plant, and the pollution control technology adopted. Similarly, these models do
not account for secondary aerosol particles in the atmosphere, are not definitive
enough to identify contributions of individual sources within a class, and do not
incorporate the time variation of ambient concentrations and source emissions.

(@) (b)
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FIGURE 2.3  Source contributions to PM, s at (a) Sungai Sembilan and (b) Belakang Rumah.
(Reprinted from See S.W.,, et al. 2007. Environmental Science Technology, 41, 3488-3494.
Copyright 2007 American Chemical Society. With permission.)
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2.6.3 MULTIVARIATE RECEPTOR MODELS

Multivariate receptor models utilize statistical techniques to reduce the data to
meaningful terms for identifying sources of air pollutants and to estimate the source
contributions. Among the tools that have been used for this purpose are cluster
analysis, factor analysis, principal component analysis (PCA), target transformation
factor analysis (TTFA), positive matrix factorization (PMF), and Q-mode and
R-mode factor analysis. These analyses have typically focused on particle composi-
tion (Artaxo et al., 1999; Hien et al., 2001; Song et al., 2001; Manoli et al., 2002;
Hopke, 2003; Qin and Oduyemi, 2003) and gas concentration (Guo et al., 2004a,b)
measurements since their basic assumptions would appear to be the most valid for
these types of measurements.

As shown in Equation 2.4, multivariate models (except the Q-mode method) deal
with a series of m measurements of aerosol component i during the sampling period
or at the sampling site k.

X, =Y CuSyo k=1..,m. 2.4)

These models use X;; with the objective of predicting the number of sources, p,
and predicting which C is associated with which Sy,

2.6.3.1 Cluster Analysis

Cluster analysis is an exploratory data analysis technique that has been widely used
for solving classification problems (Facchinelli et al., 2001; Cheng et al., 2007).
This technique comprises an unsupervised classification procedure that involves
measuring either the distance or the similarity between objects to be clustered. The
information obtained from the measured variables is used to reveal the natural
clusters existing between the studied samples. Objects are grouped in clusters in
terms of their similarity, so that the degree of association is strong between members
of the same cluster and weak between members of different clusters. The initial
assumption is that the nearness of objects in the space defined by the variables
reflects the similarity of their properties.

2.6.3.2 Factor Analysis, PCA, and PMF

In factor analysis, the data are transformed into a standardized form by normalizing
the concentration of each element in each sample with respect to the mean value and
standard deviation for the element (Equation 2.5) so that each standardized variable
has a mean value of 0 and a standard deviation of 1. Factor analysis begins with an
eigenvector analysis of a cross-product matrix of the data, frequently the matrix of
correlation coefficients. The correlation coefficient is a measure of the extent to
which ambient concentrations vary in a similar way:

X
Z,=X,~—. 2.5)

J
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The factor model assumes that each variable is linearly related to some number of
underlying factors so that the values of variables may be expressed as a set of n linear
equations and transforms Equation 2.5 to

P
X, =Y CySy+dUy, k=1,....m, 2.6)
k=1
where
XX,
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S -5,
ik _ — N2
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where C,,, called the factor loading, is related to the source compositions through
Equation 2.9 and Sy, the factor score, is related to the source contribution through
Equation 2.8. d; and Uj; are unique factor loadings and scores, respectively. The pur-
pose of a factor analysis is to determine a number of such common factors to account
for an acceptable amount of variance in the observed data. Common factors can
account for varying amounts of the total variance, which is expressed by communal-
ity of the variables. The communality of a variable is equal to the sum of squares of
the factor loadings given as Equation 2.10:

e (2.10)
k=1

The communality is 1 if the total variance of the variable in the system is accounted
for by common factors, but in most systems it is less than 1.

Factor analysis differs from PCA in which the unique factor is ignored. However,
both do not have any constraints on the values of either component loadings or scores,
but require that the resulting components be orthogonal. PMF differs from the two
in that it requires component loadings and scores to be non-negative, but has
no orthogonality requirement. The lack of a non-negativity requirement in PCA has
the potential of giving physically unreasonable results in the form of negative values
for quantities that must be non-negative. However, in practice this is not usually a
problem since, after Varimax rotation, it is typical that for each component all scores
(the amounts of the component present) that are not near zero have the same sign;
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these can be chosen to be positive. Thus, in practice it is possible to implement an
effective non-negativity constraint for absolute PCA scores. The same cannot be
said for loadings (the relative amounts of each measured species in the compo-
nent); it is not clear whether a non-negativity constraint is always appropriate for
loadings. For example, negative loadings might represent an anticorrelation
between species. For these reasons, it is believed that the non-negativity constraint
of PMF is not a large advantage unless physically reasonable results are not
obtained with PCA. However, both PCA and PMF are capable of identifying dif-
ferent sources and their composition features without any prior knowledge about
the sources (Henry et al., 1984).

Factor analysis of a data matrix can involve correlation between the rows or
columns of the data matrix. The method involving correlations between rows is
called “R-mode factor analysis” (Oprea and Mihul, 2003), whereas that involving
correlations between columns is called “Q-mode factor analysis.” An extended
Q-mode factor analysis method has also been adopted by Johnson et al. (1984) and
differs from these multivariate methods in that it is applied to a single sample and
does not depend on time correlations of concentrations.

One of the major problems of factor analysis and PCA is the decision regarding
the number of factors m to be retained. As a general rule, the factors should include
the maximum variance that is possible and provide a simple interpretation of the
factors to sources. Both factor analysis and PCA have been extensively employed
to apportion sources of PM along with gaseous species at various locations of the
world (Paterson et al., 1999; Vallius et al., 2003; Chan and Mozurkewich, 2007a,b).
Recently, a modified version of PCA called supervised PCA (SPCA) for analyzing
the adverse health effects of multiple pollutants has been proposed and applied.

CASE 2.3

Tan et al. (2007a,b) used PCA to investigate the potential source of polychlo-
rinated biphenyls (PCBs) in house dust samples collected in Singapore. In this
study, PCA was applied to compare the composition of samples relative to
commercial mixtures (Aroclor 1242, 1254, 1260; Delor 103; Clophen A30,
A40) and the results are shown in Figure 2.4. Most samples matched Aroclor
1254, which is characterized by penta- and hexa-PCBs. Aroclor 1254 is one
of the main components of Askarel, a generic PCB-containing product pre-
viously used in transformers and capacitors. A similar match has also been
observed in marine sediments and green mussels (Bayen et al., 2004; Wurl
and Obbard, 2005) in Singapore. A few samples (i.e., sample nos 16 and 25)
showed a similar profile to Aroclor 1260 with a predominance of higher chlo-
rinated PCBs, whereas other samples (i.e., sample nos 3, 6, and 7) were close to
lower chlorinated PCB-containing commercial products such as Aroclor 1242.
However, congener patterns in dust were merely close to, but did not perfectly
match, those of commercial mixtures, possibly due to the occurrence of PCBs
in homes as a result of contamination of various commercial mixtures.
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FIGURE 2.4 PCA of dust samples from singapore and commercial PCB mixtures. (Reprinted
from Tan J., et al. 2007b. Chemosphere, 68 (9), 1675-1682. With permission.)

2.6.3.3 Target Transformation Factor Analysis

The TTFA model tends to extract a maximum of information on the number and
nature of sources with no or very limited a priori information other than elemental
compositional data. This approach has been detailed by Malinowski et al. (1980) and
has been applied widely in the apportionment of aerosol mass to sources (Hopke,
1980; Chang et al., 1988). The objectives of TTFA are to determine the number of
independent sources that contribute to the system, identify the elemental source
profiles, and calculate the contribution of each source to each sample. The number
of sources is determined by performing an eigenvalue analysis on the matrix of
correlations between samples (Hopke, 1985).

A target transformation determines the degree of overlap between an input source
and one of the calculated factor axes. Input source profiles, called test vectors, are
developed from existing knowledge of emission profiles of various sources. Unique
test vectors, with the value for one element set to 1.0 and those of all other elements
set to 0.0, are also analyzed. The uniqueness test can resolve sources that are identi-
fied primarily with only one element. To give each element equal importance in
target transformation, a weighting scheme has been added to the analysis. Weighting
factors for each element are the calculated variance of the element weighted with the
experimental error for each datum point. The weighted rotation greatly enhances the
ability of target transformation to resolve sources with similar concentration profiles
(Liu et al., 1982; Severin et al., 1983).
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2.6.3.4 Multiple Linear Regression

Multiple linear regression (MLR) is midway between CMB models and PCA/factor
analysis and is based on a linear least-squares fitting process such as CMB. It requires
a tracer element or property to be determined for each source category and it is
assumed that the amount of tracer in the sample is proportional to the source strength
at the receptor. It is performed on the observed total mass using tracers as indepen-
dent variables. The choice of tracer elements or properties is often based on the
knowledge of emission sources and their compositions and can be supplemented by
factor analysis.

2.7 SUMMARY

Due to increasing emissions from various sources of modern anthropogenic activities,
the problem of air pollution has acquired a level of intense seriousness and urgency.
The importance of the issue can be gauged by an initiative taken by the World
Meteorological Organization (WMO) in the form of a Background Air Pollution
Monitoring Network (BAPMON) program in July 1970, which was consolidated
under Global Atmosphere Watch (GAW) in 1989. The objective of the WMO GAW
program is to

* Make reliable, comprehensive observations of the chemical composition
and selected physical characteristics of the atmosphere on global and
regional scales

* Provide the scientific community with the means to predict future atmo-
spheric states

* Organize assessments in support of formulating environmental policy

Various types of instruments and techniques that can be used to carry out direct
or indirect air pollution monitoring are in practice. Also, many receptor models are
available for identifying sources of air pollutants and for estimating source contribu-
tions. Among the tools that have been used for this are factor analysis, PCA, PMF,
and TTFA; also, multiple regression in conjunction with these techniques has been
employed. These analyses have typically focused on particle composition and gas
concentration measurements since their basic assumptions would appear to be the
most valid for these types of measurements. In some cases, the composition data are
divided into coarse and fine particle fractions. To obtain more insights into particle
origins, there have been several attempts to include some particle size information in
these analyses. A few studies have applied factor analysis techniques to datasets that
included detailed size distribution data. Several studies have used either PCA or
PMF. It is observed that in order to obtain meaningful results, the inclusion of appro-
priate input data and appropriate usage of the method is more important than the
specific method used.

In this context, brief information on measurement related issues of other impor-
tant air pollutants such as ammonia (NH,), methane (CH,), volatile organic com-
pounds (VOCs), pesticides (persistent organic pollutants, POPs), and air toxics like
benzene, tolulene, and so on are given in Chapter 14.
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3.1 INTRODUCTION

Air pollution models are powerful tools for policy makers as they can be used to
relate emissions and concentrations. Also, considering that observations are often
sparse, models can be used to make inferences on concentrations where there is no
information. Combined with the information on population, models can readily be
used to estimate exposure and, ultimately, health effects. In the correct frame-
work, the estimation of costs of emission reductions and the economic benefits of
reduced health effects and environmental effects can be used as a basis for cost—
benefit analysis of emission standards, pollution prevention plans, or day-to-day
mitigation strategies. Air pollution modeling has been used for a long time in sup-
port of long-term and short-term policies. In the short term, forecast models, for
instance, are used to inform the public about possible bad air quality in the com-
ing days (Zeldin and Cassmassi, 1979) and have even been used to decide whether
real-time pollution abatement strategies are being put into place, in the case of
Santiago and Temuco in Chile, for example (Ulriksen and Merino, 2003; Diaz-
Robles et al., 2008). In the long term, air quality models are used to evaluate the
effect of pollution abatement strategies in support of studies on emission stan-
dards (Mediavilla-Sahagun and ApSimon, 2006) and on attainment of air quality
standards in both developed (Chock, 1999; Seigneur, 1999; USEPA, 2007) and
developing countries (Hao et al., 2007). In Chile, when nonattainment of particu-
late matter (PM,,) is detected through monitoring stations, dispersion models are
used to delimit the area under which specific emission standards will be put into
place (Jorquera, 2008). However, it is important to note that for models to be used
in support of policy decisions, it is necessary for them to correctly represent “reality.”
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This can be assessed by using statistical parameters such as root mean square error,
correlation coefficients, or mean bias. Indeed, an important part of the air pollution
modeling process is the reduction of model error, albeit through systematic
(inverse modeling) or unsystematic (brute force sensitivity analysis) evaluation.
In this respect, recent advances in inverse modeling, in the form of data assimila-
tion (Sandu et al., 2005; Carmichael et al., 2008), have shown great promise in
improving model performance through optimal calculation of initial conditions
(Chai et al., 2007; Zhang et al., 2008) or emission inputs (Pan et al., 2007) by a
systematic comparison of observations and modeled concentrations. In addition,
inverse methods have been used to analyze which geographical areas have the
most impacts in nonattainment of pollution standards (Hakami et al., 2006).
Furthermore, inverse modeling has been used to identify the location of unknown
sources of air pollution again by combining observations and model values (Bady
et al., 2009).

In this chapter, we review atmospheric modeling from a deterministic approach
(atmospheric dispersion models) alongside more data-intensive statistical models,
such as artificial neural network modeling, fuzzy modeling, and certain aspects of
statistical/stochastic modeling. However, we will begin with the most basic air pol-
lution model and describe how more complex models evolve around basic principles
of simple air pollution models.

3.2 ATMOSPHERIC DISPERSION BASICS

In its simplest representation, an emission source reaching the atmosphere can
spread horizontally and vertically through a phenomenon called dispersion, and the
shape traced out is approximately conical and called a plume. How the plume
spreads will depend on the meteorological conditions (wind velocities, e.g.) and
process conditions (temperature of emission, plume rise velocity, etc.) prevailing in
the atmospheric boundary layer. The variability of temperature with altitude influ-
ences the turbulence characteristics and thus the dispersion of pollutants. The tem-
perature in the atmosphere is governed by incident solar radiation, prevailing wind
velocity, and percentage of cloud cover. Depending on the magnitude of these
parameters, atmospheric conditions can be classified as follows: class A, extremely
unstable; class B, moderately unstable; class C, slightly unstable; class D, neutral
conditions; class E, slightly stable conditions; and class F, moderately stable condi-
tions. For example, very low wind speeds (i.e., <2 m/s) and very strong incident
solar radiation will lead to extremely unstable conditions (class A). There has been
extensive work on providing further details on the classification of different stabil-
ity levels in the atmosphere and the impact of these on dispersion (Cheremisinoff,
2002). For unstable conditions (L, the Monon—Obukhov length) and stable condi-
tions (L greater than zero), different regimes of the atmospheric boundary layer are
described by Holtslag and Nieuwstadt (1986) along with the relevant scaling param-
eters. Assuming a dominant wind direction along the x axis with a mean wind
speed U, vertical and transverse turbulent diffusion (along the y and z axes, respec-
tively), and an R, term representing the rate of reaction of a specific compound i in
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sources and sinks, the conservation of species mass can be expressed by the widely
used Gaussian plume model as

Equation 3.1: Gaussian plume model mass balance

ac, . aCc, _9,(. aC) . o,(. oC
or +Uax—ay("yayj+ &(K‘*Bz)JrRi’ @D

where ¢ is the time, and K| and K are diffusion terms as a function of distance,
stability conditions, and wind speed. The steady-state solution of Equation 3.1 for
nonreactive species (the change in concentration of i with respect to time and the R;
term are zero), for a continuous emission of mass per unit time of inactive species at
a constant rate Q in a stack of height H, is given by Equation 3.2.

Equation 3.2: Gaussian plume steady-state concentration of pollution for a con-
stant source and no reactivity

S S N _lG-HY _1G+H)
C(x,y,z,H)—znGszUexp[ 2o exp| — o +exp| = g ,

z

(3.2)

where o, and O, are diffusion coefficients in the vertical and transverse directions,
respectively. If R, were not zero but a first-order decay expression, then the solution
would be of the form described in Equation 3.3, where k represents the first-order
reaction constant.

Equation 3.3: Gaussian plume steady-state concentration of pollution using first-
order decay

_ 0 1y _1@-H) 1z +H)
C(x,y,z,H) = 2m0,0.0 exp[ 250 exp| — = + exp 7 o
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These diffusion coefficients can be estimated by Equation 3.4.

3.3)

Equation 3.4: Calculation of diffusion coefficients through atmospheric stability
class

o = kX (3.4a)
y ky ?
(1 + x/k,)"
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6 = K¥ (3.4b)
Co(l+ x/ky)S

where k, through ks are constants depending on the atmospheric stability class
(Zanetti, 1990).

When wind is very low, U tends to be zero and C will tend to increase to infinity.
To deal with such situations, the concept of puff modeling has evolved. Puffs are
very similar to pulses, and plumes can be reasonably approximated by a series of
equivalent or fictitious puffs. The concentration contribution of a single puff at a
point (receptor) can be written in terms of the prevailing values of the puff’s vari-
ables, that is, M mass of pollutant stored in the puff) and o, and o, (concentration
standard deviations in the y and z directions, respectively), as shown in Equation 3.5
(Nema and Tare, 1989).

Equation 3.5: Gaussian puff model concentration for a receptor

(CPX — XR)*
= 5 2 SXP|— 2
2m) 6,0, 20},
(CPY — YR)? (CPZ — ZR)?
X exp l— = 1exp{— py , @3.5)

where CPX, CPY, and CPR are the coordinates of the center point of a puff, and XR,
YR, and ZR are the coordinates of the receptor.

Details about puffs and pollution dispersion analysis using the puff model are
given by Jung et al. (2003). It is interesting to note that in the work of Jung et al.
(2003), under the assumption of stationarity, spatially homogeneous flow over the flat
terrain represents the Gaussian plume model, as shown in Equation 3.6.

Equation 3.6: Steady-state concentration of pollutant in the Gaussian puff model

1y 1 (z- H)
C(x,y,z,H) = m%yl]exp[—zé]{expli—zw:l}. (3.6)
Y-z y z

The plume model has been commonly used to analyze steady-state continuous gas
diffusion, whereas the puff model has been considered for calm wind conditions.
These approaches are useful in understanding the nature of dispersion. However, when
these simplifications cannot be used in the presence of variable meteorological condi-
tions, transient emission patterns, or reactive species, analytical solutions will not be
usually possible and numerical solutions are the only recourse. Similarly, when
changes in the air stream are taken as arbitrary in three directions, there is no way of
obtaining the concentration other than by numerical calculations (Mori, 2000).
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3.3 DISPERSION MODELING AND TYPES
OF DISPERSION MODELS

It is apparent that simple Gaussian models cannot be used to describe more com-
plex conditions. Over the years, other approaches have been introduced to incor-
porate more processes, and time varying conditions. Initially, models were used
to predict the downwind concentration of pollutants, which is useful for the envi-
ronmental impact assessment of existing or proposed new sources in compliance
with local air quality standards. These models work as important tools for devel-
oping effective control strategies that reduce the emissions of harmful air pollut-
ants. The dispersion models require the input of data, which may include the
following: meteorological conditions such as wind speed, wind direction, tem-
perature (which affects reaction kinetics), sunlight and cloud cover (which affects
photochemistry), and rainfall (which affects wet removal processes); emission
parameters such as source location and height, stack diameter, exit velocity, exit
temperature, and mass flow rate; terrain elevation at the source location (location,
height, and width of any obstruction in the path of an emitted gaseous plume); and
land use of the study area.

In addition to the above, nonhomogeneous and unsteady conditions also influence
the atmospheric dispersion. Nema and Tare (1989) emphasized the need to resort to
computational simulation procedures to deal with such situations. Based on the algo-
rithms of Zannetti (1986), these authors developed a set of computer programs to
deal with (i) a single steady and continuous source, (ii) multiple steady and continu-
ous sources, (iii) calm wind conditions, (iv) light wind conditions, and (v) transport
conditions. While classification of dispersion models into analytical as well as
numerical can be one possible approach, this does not appear to be a widely accepted
classification. Therefore, it is relevant to look into the types of dispersion models that
are prevalent in the literature. Holmes and Morawska (2006) presented a detailed
review of dispersion modeling, and much of the material contained in Tables 3.1
through 3.3 is reproduced here with permission from the publisher.

A broad classification of air pollution models includes

* Box model

* Gaussian plume model

* Gaussian puff model

* Lagrangian model

e Eulerian model

e Computational fluid dynamics (CFD) model

These models can be used to model dispersion on a local scale (model street can-
yons, local influence of stacks, etc.) or to model urban- and regional-scale processes
(interactions of multiple source categories and even the interaction between emis-
sions from different cities). The representation of chemistry also varies. Gas-phase
chemistry is well established, but modeling particle concentrations and number
incorporates more complex processes involved in aerosol chemistry and aerosol
dynamics.
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3.3.1 Box MobEeL

A box model is the most basic model, largely based on mass balance. While its
treatment of transport is simplified, the chemistry involved can be very complex.
Here, the site is idealized as a box. Pollutants emitted into the box are subjected to
physical and chemical changes. The box model also requires the input of simple
meteorology and emissions. The movement of pollutants in and out of the box is
allowed. The air mass inside the box is assumed to be well mixed. It can include
more detailed and complex reaction schemes for gases and particles, which can be
tested in a box model before being incorporated into more complex models.
However, well-mixed and homogeneous conditions are sometimes unrealistic.
These models should be used with the caveat that they do not represent large areas,
or conditions other than those incorporated in the model.

3.3.2 GaussiaAN PLUME MoODEL

Gaussian-type models are widely used in atmospheric dispersion modeling for regu-
latory purposes. This type of model is based on Gaussian distribution of the plume
in the vertical and horizontal directions under steady-state conditions, as described
in detail in the previous section.

Most Gaussian models consider only the diffusion and advection of pollutants.
Recent developments in Gaussian models now include physical processes such as
deposition and fast chemical reactions. These models also assume a homogeneous
wind field. The simplicity of Gaussian plume models makes their use widespread,
despite several limitations:

1. The steady-state assumption: Here, models do not take into account the
time required for the pollutant to travel to the receptor.

2. Gaussian models are not well suited for regional modeling of particulates,
mostly due to their simplified treatment of secondary aerosol formation.

3. The Gaussian equation is not able to calculate recirculation effects caused
by multiples of buildings or at intersections.

Gaussian models are not designed to model dispersion under low wind conditions
or at sites close to the source, that is, at distances less than 100 m. These models
often overpredict concentrations in low wind conditions.

3.3.3 GaussiaN PurF MODEL

Puff models can handle temporal and spatial variations in meteorological fields. This
is done by approximating the continuous emissions from sources with a series of
discrete puffs that are advected according to the prevailing wind vector and that grow
at a rate appropriate to the prevailing state of atmospheric turbulence (Ludwig et al.,
1977). There are two approaches: puff superposition and the segmented plume
approach (Ludwig et al., 1977; Zannetti, 1986). The characteristic feature of these
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models is that the calculation of pollutant diffusion, transportation, and removal is
performed in a moving frame of reference attached to a number of parcels as they are
transported around the geographical region of interest, in accordance with an observed
and a calculated wind field. The growth of the plume is proportional to the square
root of downwind distance whereas the growth of the puff is a function of 3/2 the
power of downwind distance (Pasquill and Smith, 1983). Puff algorithms consist of
the following steps (Zannetti, 1981):

Emission: One puff is generated at each emission exit point.

Advection: The center of the existing puff is moved according to local winds.

Diffusion: All puff diffusion coefficients are calculated according to the local
turbulence state.

Deposition, precipitation, scavenging, and chemical decay: The mass of each
puff is reduced to take into account these effects.

Contribution to receptors: Computed by summing all single contributions of
the existing puffs.

3.3.4 LAGRANGIAN MODEL

The Lagrangian approach is based on studying the property of a particular fluid
particle by following its trajectory. Lagrangian models are very similar to box
models. The region of air containing an initial concentration of pollutants is
considered as a box. The box is considered to be moving and the model follows
the trajectory of the box. The concentration is the product of the source term and
the probability density function as pollutants move from one place to another.
This model incorporates changes in concentration due to mean fluid velocity, tur-
bulence of the wind component, and molecular diffusion. Lagrangian models
work well both for homogeneous and stationary conditions over the flat terrain
and for inhomogeneous and unstable media conditions for the complex terrain.
Lagrangian models are particularly important to study the forward and backward
trajectories of emissions. Perhaps the most well-known Lagrangian models are
FLEXPART (http://transport.nilu.no/flexpart/model-information) and HYSPLIT
(http://www.arl.noaa.gov/HYSPLIT.php), which are available from the Norwegian
Institute for Air Research (NILU) and the National Oceanic and Atmospheric
Administration (NOAA), respectively. This is mainly because they are easy to use
and can be run on web-based tools.

3.3.5 EuLERIAN MODEL

The Eulerian approach is based on studying fluid property in a control volume at a
fixed point in space, that is, the control volume is stationary and fluid moves through
the control volume. Eulerian models use two- or three-dimensional grid cells for
solving the differential equations. A mathematical expression containing advection,
diffusion, transport, and removal of pollutant emissions is simulated in each cell.
Equations 3.7 and 3.8 represent the governing equations.



60 Air Pollution

Equation 3.7: Mass balance for the Eulerian model in gaseous phase

aacl" +V(C,)=VKVC, + R + S, +G,. G7

Equation 3.8: Mass balance for the Eulerian model in cloud, rain, or snow phase

9s,C,

—<F +V(v-v,)s,C =VCK,Vs +R +G,, (3.9)
where C; is the concentration of species i, C, is the concentration of species i in
phase p (cloud, rain, or snow), v is the time-averaged wind field, v,, is the settling
velocity for the hydrometeor, sp is the liquid water content of phase p, K is the turbulent
eddy diffusivity tensor, R, is the rate of reaction of species i, S; is the emission rate of
species i, and G; and G,, are the rates of interphase mass transfer of species i. The
processes of dynamics (transport and dispersion), physics (dry and wet deposition),
emissions, and chemistry/photochemistry are taken into account in the governing
equation. The equations are discretized and are usually solved numerically using the
operator splitting method.

3.3.6 CFD MobkL

CFD models deal with fluid flow in a complex geometry by solving the Navier—
Stokes equation (Equation 3.9) and the continuity equation (Equation 3.10) when the
flow field is idealized as laminar flow.

Equation 3.9: Navier—Stokes equation for CFD

oU 1
W+U.VU=_;VP_g1<—29><U+vVZU, 3.9)

where dU/dt + U - VU represents acceleration, —(1/p)Vp represents pressure gradient
force, gk represents gravity force, 2Q x U is Coriolis force, and vV 2U is turbulent
diffusion.

Equation 3.10: Continuity equation

ap _
5+ VpU =0, (3.10)

The Navier—Stokes equation and the continuity equation can be solved simultane-
ously using finite difference or finite volume methods. If the flow is turbulent, then
the suitable turbulence model is also used to solve the Navier—Stokes equation. The
Reynolds Navier—Stokes equation along with the continuity and turbulence closure
models is used for this case. There is enough literature on turbulence closure models
(Versteeg and Malalasekera, 2008). The use of CFD in the simulation of air quality
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is gaining popularity, and many CFD packages are able to simulate air quality varia-
tions in complex flow domains. Simulation results are often sensitive to the use of
particular turbulence closure models, and therefore there is often a need to tune the
model parameters before using them for predictive purposes.

3.4 COMMERCIAL AND OPEN SOURCE SOFTWARE

The previous section described basic components and approaches to dispersion model-
ing. While there are many versions of models in an open source format, they are not
always user friendly. A fairly large number of commercial software have been devel-
oped using the different versions of models, as mentioned above. Sometimes specific
models are also available for free, but easy-to-use packages are available commer-
cially. The US Environmental Protection Agency (USEPA), in its Technology Transfer
Network Support Center for Regulatory Modeling, has compiled a list of recommen-
ded and preferred dispersion, photochemical, and receptor models (USEPA, 2009).

It is essential to know the capabilities as well as limitations of existing software.
For example, a short-range model that does not incorporate photochemistry cannot
be used for ozone formation studies. To present the development of a large number
of software, we have developed the presentation into two major categories: software
that excludes the specific treatment of aerosol dynamics and software that includes
aerosol dynamics. Under the first category, we intend to describe briefly the avail-
able software under the subheads of Box, Gaussian, Lagrangian, and CFD models.

3.4.1 SofrTwARE ExcLUDING AEROSOL DYNAMICS

3.4.1.1 Box Models

Air Quality Modeling in Urban Regions Using an Optimal Resolution Approach
(AURORA): This model has been used to represent the concentration of inert and reac-
tive gases and particles (Mensink and Colles, 2003). The model calculates the con-
centration of pollutants within a street canyon. It assumes uniform concentration over
the street. Convections in both the x and z directions are considered inside the box.

Canyon Plume Box (CPB): This model is appropriate for street canyons with height-
to-width ratios between 0.5 and 2 (Yamartino and Wiegand, 1986), and was developed
by the United States Federal Highway Administration to evaluate concentrations within
streets. The model calculates the average concentration of inert gases and NO.,.

Photochemical Box Model (PBM): This is an extension of simpler box models
that simulate photochemical smog at an urban scale (Jin et al., 1993). The model is
ideal for low and variable wind conditions in the presence of sunlight. It assumes that
emissions from point, line, or area sources are homogeneously distributed across the
surface of the box and that the volume within the box is well mixed.

3.4.1.2 Gaussian Models

California Line Source Dispersion Model (CALINE4): This model was developed
for regulatory purposes (Benson, 1992). It is used for treating traffic emissions by
distributing them as an infinite line source divided into a series of elements located
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perpendicular to the wind direction. Vertical dispersion parameters take into account
both thermal and mechanical turbulence caused by vehicles. But since it is a
Gaussian model in nature, it is not recommended for modeling at low wind speeds,
cannot be used for short distances, and lacks the capacity required for modeling in
street canyons.

HIWAY?2: This USEPA-developed model (Petersen et al., 1980) is similar to the
CALINE4 model. The only difference is that the vertical dispersion parameter con-
siders the effect of vehicles and ignores the effect of the thermal turbulence caused
by vehicles.

Contaminants in the Air from a Road (CAR-FMI): This model is based on the
equations of Luhar and Patil (1989). It is designed to calculate the hourly concentra-
tions of CO, NO, NO,, NO,, and PM, 5 from vehicles. The horizontal and vertical
dispersion parameters included turbulence terms from ambient wind speed, exhaust
velocities, and vehicles.

Operational Street Pollution Model (OSPM): This is a semiempirical model that
uses the Gaussian plume equation to derive the direct contribution from the source
and a box model to calculate the effect of turbulence on the concentration (Vignati
and Berkowicz, 1999). Crosswind diffusion within the plume is disregarded, and the
sources are treated as infinite line sources. The model assumes that traffic emissions
are uniformly distributed across the canyon. It is unable to represent intermittent
fluctuations of wind flow and is therefore not recommended for calculating concen-
trations on timescales shorter than 1 h; it also does not consider cooling of the exhaust
plume after emission.

California Puff Model (CALPUFF): This model has been used to investigate gas
and particulate dispersion (USEPA, 1998; Elbir, 2003). It has the ability to model
four types of sources, that is, point, line, area, and volume, using an integrated puff
formulation incorporating the effects of plume rise, partial penetration, and buoyant
and momentum plume rise. It is not recommended for the calculation of timescales
shorter than 1 h or where dispersion is heavily influenced by turbulence.

AEROPOL: This is a steady-state dispersion model for inert gases and particles
up to 100 km from the source. It can be used for local-scale dispersion, and treatment
of building effects is also included. It is limited to flat terrain applications. The
model includes an algorithm for plume rise based on the equations developed by
Briggs (1975). The model calculates dry and wet deposition as a function of deposi-
tion velocity and precipitation, respectively.

AERMOD (AMS/USEPA Regulatory Model Improvement): This is a steady-state
model that includes treatment of both surface and elevated sources over simple and
complex terrain (Cimorelli et al., 2005). It is able to model multiple sources of differ-
ent types, including point, area, and volume sources. In the stable boundary layer,
distribution is assumed to be Gaussian in both the horizontal and vertical directions.
In the convective boundary layer, vertical distribution is described using a bi-Gaussian
probability density function, developed by Willis and Deardorff (1981), while hori-
zontal distribution is again considered to be Gaussian in nature. The model is also
able to represent buoyant plumes and incorporates a treatment of lofting, whereby
the plume remains near the top of the boundary layer before mixing with the convec-
tive boundary layer.
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UK Atmospheric Dispersion Modeling System (UK-ADMS): This model is devel-
oped for the dispersion of buoyant or neutrally buoyant particles and gases (Carruthers
and Holroy, 1994). It predicts the boundary layer structure using the similarity scal-
ing approach in a method similar to that by Berkowiicz et al. (1986).

Screening Version of the ISC3 Model (SCREEN3): This very well-known and
used model was developed by the USEPA (1995). It is used for regulatory purposes
to calculate concentrations up to 50 km from an industrial emission. It can calculate
the effect of simple elevated terrain and also the 24 h concentration due to plume
impaction in complex terrain.

3.4.1.3 Lagrangian/Eulerian Models

Graz Lagrangian Model (GRAL): This model is designed to represent the dispersion
of inert compounds within heterogeneous wind fields. The model calculates con-
centrations from 10 min up to 1 h for line sources, point sources, and tunnel portals
within flat (Oettl and Sturm, 2005) and complex terrain (Oettl and Sturm, 2003). It
assumes constant plume rise in the vicinity of the tunnel portal as a function of the
temperature difference between ambient air and tunnel flow. The limitation of this
model is that it does not consider secondary aerosol formation.

The Air Pollution Model (TAPM): This model was developed by the Australian

Commonwealth Scientific and Industrial Research Organization (CSIR) (Hurley
et al., 2005). It is an Eulerian grid-based regional dispersion model that includes a
Lagrangian particle model for near-source concentrations. The atmosphere is treated
as an incompressible nonhydrostatic fluid with the horizontal wind components
determined from the momentum equations. This model is characterized as a user-
friendly graphic interface, as it incorporates its own meteorological model.
ARIA Flexible Air Quality Regional Model (FARM): ARIA FARM has been devel-
oped in order to analyze the dispersion of gases and particles (Silibello et al., 2008),
from industrial, transportation, and area sources, up to 1000 km distance with a
resolution of between 1 and 10 km. ARIA can process multi- and single-constituent
isothermal and nonisothermal gas flows as a function of the thermodynamic proper-
ties of gases. The ARIA regional model uses two different theoretical approaches
that allow the user to choose the most suitable dispersion model for the application:
FARM, which is based on the Eulerian approach, and SPRAY, which is based on the
Lagrangian approach. FARM is used to calculate the concentration and deposition of
reactive emissions, including photochemistry gases and particles between 50 and
1000 km. SPRAY is used to determine the concentration and deposition of non-
reactive emissions over complex terrain and focuses on particle emission. This model
has been used for policy-oriented applications as well as for operational air quality
forecasts in Europe (Calori et al., 2008).

3.4.1.4 CFD Models

The following models are based on models for dispersion within a street environ-
ment and models that exclude specific treatment of aerosol dynamics.

ARIA local: ARIA local is a CFD model that has been used to calculate the real-time
dispersion of gases and particles from buses and trains within urban environments
(Moon and Albergel, 1997; Albergel and Jasmin, 1998). Different sizes of a grid can be
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used. The smallest grid size can be below 1 m. If the flow is turbulent, then the k—¢&
turbulence model can also be used. Pollution sources include point, line, area, and vol-
ume releases with the emission generated as either continuous or intermittent release.

Microscale Flow and Dispersion Model (MISKAM): This model can be used for
specific applications in urban-scale modeling, incorporating buildings and even
landscaping (Balczo et al., 2009). The model does not allow steep topography. Also,
it does not include thermal effects, buoyant release, or chemical reactions.

Microscale California Photochemical Grid Model (MICRO-CALGRID): This is
an urban canopy-scale photochemical model (Stern and Yamartino, 2001) that uses
the flow fields and turbulence generated by the MISKAM model. It incorporates a
traffic-induced emission model, MOBILEV (Fige, 1997), and horizontal and vertical
advection and diffusion schemes.

Atmospheric Transport Modeling System (ATMoS) Dispersion Model: ATMoS is
a mesoscale three-layer forward trajectory Lagrangian puff-transport model. The
model was developed for sulfur pollution modeling as part of the Regional Air
Pollution Information System for Asia (RAINS-Asia). It was extensively applied for
sulfur and particulate modeling studies in Asia at the regional, national, and urban
scale (Arndt et al., 1998; Calori et al., 1999; Guttikunda, et al., 2002; Li et al., 2004).
The model has flexible temporal and spatial resolution. The horizontal spatial resolu-
tion can be varied from 1000 m for an urban-scale study to 1° x 1° (~90 km) for a
regional-scale study. However, the use of this model for episodic analysis is not rec-
ommended owing to the applied advection schemes, which tend to simplify the inter-
action between horizontal and vertical layers. The model is applicable to regional- and
urban-scale studies, analyzing seasonal and annual air quality for long-term trends
and evaluating “what-if”” scenarios. The model is run separately for sulfur, nitrogen,
and particulate pollution. For particulates, owing to physical and chemical differ-
ences in PM,, and PM, ., two separate bins are distinguished with varying dry and
wet deposition functions. In addition, sulfate and nitrate concentrations are added to
the PM,, and PM,  fractions to reflect the contribution of secondary particles.

3.4.2 MOoDELS/SOFTWARE INCLUDING AEROSOL DYNAMICS

The following section describes models that incorporate some sort of aerosol dynam-
ics, ranging from local (street and building level) to regional scales. It is not a com-
prehensive list, but does consider models that have been used in policy applications.

3.4.2.1 Eulerian and Lagrangian Models

Gas Aerosol Transport Radiation Model (GATOR): GATOR is an Eulerian disper-
sion model that calculates the dispersion of gases and aerosols in urban-scale
(Jacobson, 1996, 1997) and mesoscale environments (Lu and Turco, 1997; Jacobson,
2001). It has the option of using either a moving size or a stationary size particle
dynamic module and it couples to the Eulerian dispersion approach. The model also
calculates the solar irradiance that is vital for calculating photo dissociation from the
scattering and absorption curves of particles and gases.

Multimono Operational Street Pollution Model (MONO320SPM): The particle
dynamic model MONO32 is coupled with the simple plume model OSPM to calculate
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the concentration, size distribution, and chemical composition of particles. For the
study of road tunnels, the MONO32 model coupled with STARCD (Gidhagen and
Johansson, 2004) simulates the particle number concentration from vehicle traffic
very well. MONO32, in conjunction with the CFD model, can be used to predict the
aerosol dynamics of particles emitted from vehicles accurately.

University of Helsinki Multicomponent Aerosol Model (UHMA): Korhonen and
Lehtinen (2004) developed this size-segregated aerosol dynamics model. The model
is designed to include treatment of aerosol dynamics with a focus on new particle
formation and growth. The growth of particles depends on both coagulation and con-
densation onto the particles. The treatment of coagulation in the model is based on
Brownian motion, which is the major factor responsible for coagulation of submi-
crometer particles and is recalculated as a function of particle size at each time step.

California/Carnegie-mellon Institute of Technology (CIT): This model is designed
to model dispersion and chemistry within an air shed and incorporates the aerosol
model of Pilinis and Seinfeld (1988). It uses the sectional approach to particle size
distribution (with three size sections between 0.05 and 10 pm) and aerosols composed
of a mixture of organic and inorganic compounds. It assumes that aerosols are in ther
modynamic equilibrium. Gas-phase chemistry was modeled using the mechanisms of
Russell (1988). Secondary organic aerosol formation is assumed to be from three
sources: aromatics, diolefins, and the cyclic ethenes cyclopentene and cyclohexene.

The Urban-to-Regional Multiscale—One Atmosphere Model (URM-1ATM):
This model is an updated version of the CIT model (Boylan et al., 2002). It calculates
the dispersion and chemistry of pollutants by solving the Eulerian equation for
conservation of mass using the finite element variable transport scheme coupled to
the updated SAPRC (Statewide Air Pollution Research Center) chemical mechanism
(Carter, 2000; Carter, 2003). Aerosol dynamics are modeled using a sectional
approach, with four size groups up to 10 um made up of internally mixed atmo-
spherically relevant particles.

AERO: Lurmann et al. (1997) coupled the AERO model to the UAM 1V disper-
sion model. Size distribution was represented by eight sections between 0.04 and
10 um and assumed a uniform composition of aerosols composed of organic and
inorganic compounds and elemental carbon.

Regional Particulate Model (RPM): This model includes the treatment of particle
dynamics incorporated into the Regional Acid Decomposition Mechanism II (RADM
IT) dispersion model (Binkowski and Roselle, 2003).

AEROFOR?2 (Model for Aerosol Formation and Dynamics): The AEROFOR2
model (Pirjola and Kulmala, 2001) uses a sectional modeling approach of over 200
evenly distributed size sections, with logarithmic distribution within each section.
The composition of aerosols within each section can be varied for soluble, weakly
soluble, and insoluble particles, and through temporal treatment of the dynamics it is
possible to follow particle number concentration as well as composition with time.

UNI-AERO (EMEP Aerosol Dynamics Model): This is an aerosol model that
incorporates the EMEP dispersion model within equidistant 50 x 50 km horizontal
grid cells and 20 size varying vertical layers. Horizontal and vertical advections are
determined according to schemes designed by Bott (1989). This model includes the
treatment of both primary and secondary particles.
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California Photochemical Grid (CALGRID) Model: This model is an Eulerian
dispersion model based on the UAM-IV (Urban Airshed Model with Aerosols ver-
sion 4) model with improvements to horizontal advection (Yamartino and Scire,
1989), vertical transport, deposition, and chemical transformation (Scire and
Yamartino, 1989). The model uses horizontal grid sizes between 500 m and 20 km
and vertical grid sizes between 20 m and 2 km to create domain sizes between 20
and 1000 km horizontally and up to 10 km vertically to calculate the hourly concen-
tration of both reactive and inert gases and particles within a complex terrain.
Atmospheric stability and boundary layer height are calculated using stability cate-
gories (Briggs, 1973). Plume rise of buoyant sources within a stable, neutral, or
unstable atmosphere is calculated using the treatment of Briggs (1975). This model
uses the photochemical mechanism SAPRC to predict the formation of secondary
gases (Carter, 2000; Carter, 2003).

The University of lowa Sulfur Transport Eulerian Model (STEM): This model was
developed originally to study the regional transport of sulfur for acid rain regulatory
purposes (Carmichael et al., 1991), but has since been used extensively for chemical
weather modeling and forecasting because it incorporates meteorologically driven
size-resolved primary emissions of sea and dust aerosol and secondary formation of
inorganic aerosol (Tang et al., 2004). It uses the SAPRC-99 lumped species chemical
mechanism. It has also been used to evaluate the interactions between aerosol species
and photochemistry (Tang et al., 2003; Mena-Carrasco et al., 2009a). Finally, it has been
used extensively to evaluate the regional export of secondary pollutants, such as ozone
or sulfur, from megacities (Carmichael et al., 1998). This model has been used to evalu-
ate and improve estimations of emissions inventories in the United States (Mena-
Carrasco et al., 2007). Recent developments of an adjoint version of the model
have made it one of the first full chemistry inverse models. This version uses a four-
dimensional variational approach to improve modeling performance by optimal estima-
tion of emissions or by assimilating initial conditions (Chai et al., 2007). Practical
applications have been improving the estimation of anthropogenic emissions of CO
and NO, (Chai et al., 2007) and the estimation of continent-wide respiration fluxes based
on carbonyl sulfide and carbon dioxide aircraft observations (Campbell et al., 2008).

Weather Research Forecast Chemistry (WRF-Chem) Model: The WRF-Chem
model is a next-generation mesoscale numerical weather prediction system (WRF)
fully coupled with chemistry. WRF is a flexible, state-of-the-art atmospheric simula-
tion system developed collaboratively among many institutions (http:/www.wrf-
model.org), designed to serve both operational forecasting and atmospheric research
needs across scales ranging from meters to thousands of kilometers. It features mul-
tiple dynamical cores, data assimilation system and a software architecture allowing
for computational parallelism and system extensibility. The WRF-Chem is developed
by NOAA in collaboration with multiple institutions (Grell et al., 2005; Fast et al.,
2006). The model simultaneously calculates the transport, mixing, deposition,
chemical transformation, and surface emissions (including on-line calculation of
biogenic emissions) of tracer gases and aerosols, and the radiation and photolysis
rates. It offers a variety of chemistry and aerosol module options, including the
SOGRAM (Schell et al., 2001) and MOSAIC (Zaveri et al., 2008) modules that
incorporate inorganic and secondary organic aerosol formation.



Air Pollution Modeling 67

The model is currently being used for an operational forecast of air quality in the
United States (http://www-frd.fsl.noaa.gov/aq/wrf/). It has been used extensively to study
the photochemistry in polluted atmosphere in North America, such as examining the
impact of power plant NO, emission reduction on ozone in the eastern United States
(Frost et al., 2006), characterizing ozone formation (Tie et al., 2007, 2009; Li et al., 2010)
as well as assessing aerosol emissions (Fast et al., 2009) in Mexico City. WRF has also
been applied to investigate the circulation pattern in Mexico City (de Foy et al., 2008).

Community Multiscale Air Quality (CMAQ) Model: The CMAQ modeling

system(Byun and Schere, 2006) was designed for local and regional modeling of
photochemical smog, primary and secondary aerosol, air toxics, and visibility deg-
radation. The approach was to have one model that was able to work at multiple
scales. The model was developed by the USEPA for both policy- and science-related
goals. For this reason, there are a number of policy-oriented programs associated
with CMAQ, such as BENMAP (McCubbin et al., 2004) for the estimation of expo-
sure and benefits of air quality control strategies (Davidson et al., 2007).

Model of Aerosol Dynamics, Reaction, lonization, and Dissolution (MADRID):
The MADRID model (Zhang and Pun, 2004) was coupled to the CMAQ dispersion
model in order to simulate dispersion. It uses a multiple size sectional approach with
internally mixed particles to describe size distribution. The model includes explicit
treatment of all processes except for coagulation.

CAMx and PMCAMx: This Eulerian photochemical dispersion model (www.
camx.com) is designed to model gaseous and particulate pollution. The model can
use a variety of meteorological models and emission preprocessors. It can use
multiple chemical mechanisms, such as CB4 (Gery etal., 1989) or SAPRC-99 (Carter,
2000). It includes complete wet and dry deposition mechanisms and simplified
secondary particulate formation. It has been used extensively for policy applications
for government agencies. The model has been used to evaluate the effectiveness of
state implementation plans for ozone for the USEPA (Morris et al., 2002) and the
sensitivity of ozone production to precursor gases in Mexico City (Lei et al., 2007,
2008; Molina et al., 2010). Its most recent inception, PMCAMx (Gaydos et al., 2007),
was developed to include more complete treatment of secondary aerosol formation,
including inorganic aerosol growth, secondary organic aerosol formation, nucle-
ation, and coagulation. Initial results show that the model has shown great promise
in predicting the mass and composition of PM, 5. Tsimpidi et al. (2009) have added
new primary and secondary organic aerosol modules to PMCAMx based on the
volatility basis-set approach. The resulting PMCAMx-2008 was applied to the simu-
lation of secondary organic aerosol formation in Mexico City Metropolitan Area.

3.5 STATISTICAL/PROBABILISTIC AIR QUALITY MODELS

While basic theory on air quality models has been known for quite some time, deter-
ministic models have recently been used in support of emission permits and policy
applications. Recent advances in computational capacity have made them useful for
air quality forecasting. However, their performance is limited to the quality of inputs:
meteorological modeling, emission inventory estimations, boundary conditions, and
their representation of complex phenomena (such as wind-driven emissions of sea
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salt and dust). A study compared deterministic models with statistical models in their
performance on ozone modeling and showed that statistical models still outperform
deterministic models (Comrie, 2006). Statistical models have been developed with
the intention of predicting concentrations based strictly on observations. The main
types of statistical models are regression-type models and neural network-type mod-
els. The first are models that use correlations to infer information for future concen-
trations. For example, tomorrow’s PM concentration can be correlated to today’s air
quality and some meteorological factors. These correlations are estimated through
multiple variable regressions. On the other hand, neural network models “learn”
from previous experience, correlating tomorrow’s forecast with the outcome of simi-
lar patterns and trends. In comparison to deterministic models, statistical models are
simpler and have fewer sources of model error, but they do not provide information
on the processes that cause air pollution. Their model outputs are usually discon-
tinuous both temporally (only predict maximum concentrations, no time series)
and geographically (only provide information on locations where observations are
taken). Statistical models do not explicitly incorporate model inputs such as emissions
inventories or episodic events (such as wind storms, biomass burning, etc.).

3.5.1 ArmiriciAL NEURAL NETWORK MODELS

As indicated in the preceding sections, the ultimate goal of any modeling exercise is
to calculate the concentrations of a given pollutant for a known set of input data.
Obviously, in deterministic models, the equations of continuity, momentum, energy,
turbulence, chemical reactions, etc. need to be solved. Computational efforts will
increase, depending on the size of grids and the scale of models used. Suppose that
one is interested in computing air quality at a distance of a few kilometers from the
polluting source. To know this, computations have to be done for the entire flow
domain, including the point of interest where air quality is desired. On the other
hand, an artificial neural network model (ANN) can accomplish this job much more
easily if it is trained using some known results. To understand the capabilities of
ANN, we first begin with a brief introduction. Later, we consider an application that
shows why its use is relevant to the subject of air quality modeling.

ANN is an advanced soft computing technology that is widely used in the field
of pattern identification, dynamic system prediction, control, and optimization.
Artificial neurons are the processing nodes through which information processing
occurs. Signals are passed between nodes through connection links. Each connec-
tion link has an associated weight that represents its strength and each node typi-
cally applies a nonlinear transformation, called an activation function, to its net
input to determine its output signal. The architecture of the neural network repre-
sents the pattern of connection between nodes, its method of determining the con-
nection weights, and the activation function. The nodes are arranged in layers,
namely input layer, hidden layer, and output layer. The input layer receives the
input variables and provides information to the network. The output layer consists
of the values predicted by the network. The nodes of one layer are connected to the
nodes of neighboring layers but are not connected to the nodes of the same layer.
The number of hidden layers and the number of nodes in a hidden layer are
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determined by a trial-and-error procedure. The output of a node in a layer depends
on the input it receives from nodes of the previous layer to which it links and the
corresponding weight.

The inputs form an input vector X = (x, x,, X3, ..., xy) and the corresponding
weights can be represented as w;;. The output vector Yj = iX-W, — b,), where b; is the
threshold value and called bias, X is the input vector, and W, is the weight vector. The
function f1is called an activation function. Its functional form determines the response
of a node to the total input signal it receives. The most commonly used form of the
function is the sigmoid function.

The ANN model needs to be trained and validated. Hence the datasets are divided
into training datasets and testing datasets. After the ANN model is trained with the
training dataset, it should be validated with the testing dataset. The ANN model can
be considered to be appropriate if it reproduces the testing dataset with reasonable
accuracy.

Neural networks are best suited where there is no mathematical relationship
between the variables. The ANN model can be applied to the area of temporal inter-
polation of air quality because the relationship between the variables involved in the
system is not exactly known. The number of input and output nodes is problem
dependent. The number of hidden layers influences the performance of the network
significantly. Also, the error during training can be dependent on the scaling of out-
puts (Ojha and Singh, 2002). The network will approximate poorly with too few
nodes and it will overfit the training data with too many nodes. Hence a trial-and-
error procedure is generally applied to decide on the optimal architecture.

3.5.2 Fuzzy Locic-BASED MODELING

Recently, fuzzy theory has been used for the ranking of air quality models. For this
reason it is considered appropriate to present a brief discussion of fuzzy logic (FL),
which is relevant to the work reported here.

Fuzzy set theory, which was pioneered by Zadeh, has been used to represent
uncertain or noisy information in mathematical form (Zadeh, 1965). It has been
applied for different purposes in engineering, business, psychology, and many other
areas. It is a superset of conventional (Boolean) logic that has been extended to
handle the concept of partial truth—truth values between “completely true” and
“completely false.” It is a convenient way of mapping input space to output space. A
fuzzy set is a set without a crisp clear defined boundary. The central concept of fuzzy
set theory is the membership function that represents numerically the degree to
which an element belongs to a set. For example, if an element is a member of a fuzzy
set to some degree, the value of its membership function can be between 0 and 1, as
determined by eliminating the sharp boundary dividing members of the set from
nonmembers (Klir and Foger, 1988). Several fuzzy sets representing linguistic con-
cepts, such as low, medium, high, and so on, are often employed to define the state
of variables and are called fuzzy variables. FL has to be a useful and practical tech-
nique for modeling a complex phenomenon that may not yet be fully understood
owing to its ability to deal with imprecise, uncertain, data or ambiguous relation-
ships among datasets (Metternicht, 2001). FL theory and fuzzy set theory provide an
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excellent means of representing imprecision and uncertainty in the decision-making
process, and for reasoning in such a process (Zadeh, 1983).

FL is basically a multivalued logic that allows intermediate values to be defined
between conventional evaluations such as yes/no, true/false, black/white, and so on;
it provides a remarkably simple way of drawing definite conclusions from vague,
ambiguous, or imprecise information (Klir and Foger, 1988).

3.5.3 RANKING OF MODELS

The ranking of atmospheric dispersion models can be done using statistical methods.
But it is difficult to decide about the superiority of a model over all the other models
because each model has its own functional characteristics. Hence it is desirable to
develop a methodology for selecting an appropriate model. Here, for a better under-
standing, a model to predict plume dispersion in coastal areas is explained by Park
and Seok (2007). To evaluate various modeling strategies, input data are selected
from a coastal area near a power plant in Boryeung, Korea. Meteorological data from
1.5 to 60 m height, including upper air data of pressure and temperature with altitude
and 1-h SO, concentration data, constitute the input data.

In the first step of this method, eight dispersion modeling schemes applicable to
complex coastal areas are identified by considering the presence of fumigation phe-
nomena and thermal internal boundary layers and then the performances of each
modeling scheme in the prediction of 1-h SO, complex coastal terrain are roughly
reviewed using as many as eight statistical measures.

In the second step, the statistical score as a single index is calculated by applying
fuzzy inference and the best model is determined by comparing the indices. In order
to provide a single index based on various statistical measures for selecting an appro-
priate scheme among eight fumigation modeling schemes, fuzzy inference is used.
Here variables are expressed in a triangle or trapezoid membership function. Inference
results are quantified into several scores by defuzzification of the output.

3.5.4 ESTABLISHMENT OF MEMBERSHIP FUNCTIONS FOR PREMISE VARIABLE

Different statistical measures are taken as variables of the premise part. They are
fractional bias (FB), normalized mean square error (NMSE), geometric bias mean
(MG), geometric bias variance (VG), within a factor of two (FAC2), index of agree-
ment (IOA), unpaired accuracy of peak concentration (UAPC), and mean relative
error (MRE). Membership functions are classified as good, fair, and poor according
to model performance level by considering judging criteria on the measures proposed
by many investigators, including Chang and Hanna (2004), Ziomas et al. (1998), and
Zawar-Reza et al. (2005).

3.5.5 Fuzzy INFERENCE

A fuzzy model with eight inputs and one output structure is used. In this model,
eight statistical measures are taken as premise part variables and model performance
is a consequent part variable. A set of rules according to the respective number
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of good, fair, or poor memberships is evaluated. To determine the order of rules,
weight is given to each membership. The weights arrived are 7-10 for good (aver-
age 8.5), 4-7 for fair (average 5.5), 6 for fair (over), 5 for fair (under), and 1-4 for
poor (average 2.5) membership. It is noted that such weights will be problem spe-
cific (Ojha et al., 2007).

3.5.6  SELECTION OF AN APPROPRIATE MODELING SCHEME

Model performance can be evaluated by quantifying the result of fuzzy inference into
statistical scores. The results of fuzzy inference based on statistical measures for 1-h
SO, concentration calculated using eight schemes of fumigation modeling by Park
and Seok (2007) indicated that expressing the lateral dispersion of fumigating plumes
o,,= 0, (before deposition) +12.5% of the effective stack height appears to be a
superior one.

3.5.7 TIME SERIES ANALYSIS

For areas that are susceptible to high pollution concentrations, accurate forecasts of
pollutant concentrations as a function of time are necessary so that a person affected
with pollutants can plan his activities in advance. Further, prior knowledge of high
pollution levels can be used for the timely reduction of emissions by traffic diversion
and the shutdown or control of specific industrial units. Using the amounts of data
available, one can forecast air pollution. Statistical approaches may be effectively
used for developing and testing such a system that can forecast accurately.

3.5.8 MEeTHODOLOGY OF TIME SERIES MODELING

The initial steps involved in the time series analysis involve plotting the data, check-
ing for stationarity, and examining autocorrelations and partial autocorrelations. The
next step includes the use of an iterative procedure for model identification, estima-
tion of parameters, and diagnostic checking (Box and Jenkins, 1976).

3.5.9 PREPARATION AND PRELIMINARY INVESTIGATION OF DATA

The first step in the time series analysis is usually to plot the data and to obtain
simple descriptive measures of main properties such as outliers, trend, etc. Another
general component is seasonal dependency, which can be visually identified in the
series as a pattern that repeats in a time series data plot. The time series to be ana-
lyzed should not contain any missing values. The data should be in chronological
order with all values lagged at the same time interval. Missing values should be
replaced by some reasonable values such as the mean of nearby observations.

3.5.10 CORRELOGRAM ANALYSIS

The primary aim of any time series modeling is future prediction about system
behavior from existing information and knowledge contained in the system. Hence
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one needs to find out the dependencies between ordered observations. This can be
achieved by correlation analysis. Autocorrelation is the correlation of a series with
itself, shifted by a particular lag of k observations. The autocorrelation function is a
plot of serial correlation coefficients for consecutive lags.

3.5.11 MobEL IDENTIFICATION PROCESS

Selection of the most appropriate model is a step-by-step procedure. Since most of
the probability theory of a time series is concerned with a stationary time series,
time series analysis requires turning a nonstationary series into a stationary one.
The transformations usually done for stabilizing the variance in the series are loga-
rithmic, square root, or power transformations. If the estimated autocorrelation
coefficients decline slowly at longer lags, first-order differencing is usually needed.
Once the series is made stationary by proper transformation, iterative model build-
ing starts. A tentative model may be specified based on the shape of the autocorrela-
tion function and the partial autocorrelation function. At this stage, one needs to
decide how many autoregressive and moving average parameters are necessary to
yield an effective but parsimonious model of the process. Parsimonious means that
it has the fewest parameters and the greatest number of degrees of freedom among
all models that fit the data.

3.5.12 ESTIMATION OF PARAMETERS

The parameters are estimated using iterative methods such as Newton’s method, the
steepest descent method, or the Levenberg—Marquardt method. In these methods,
the sum of squared residuals is minimized. Statistical adequacy of the model is
checked by performing diagnostic tests. This is done by examination of the residual
series for interdependence. If residuals series do not satisfy the diagnostic require-
ments, the model should be refined and re-estimation of the parameters should be
carried out. This process of checking the residuals and adjusting the values of param-
eters continues until the resulting residuals contain no additional structure. The sta-
tistics used for diagnostic purposes include an autocorrelation function plot of
residuals: If all the autocorrelations and partial correlations are small, it can be
assumed that the model is appropriate for forecasting. Also, the model should mini-
mize the sum of squared residuals.

3.5.13  AprprLICATION OF TIME SERIES ANALYSIS

The time series analysis method can be applied to the spatial and temporal interpolation
of air quality data. Romanowicz et al. (2006) applied time series analysis methodology
to the daily nitric oxide (NO) concentrations measured at 23 stations around Paris. The
analysis is divided into two parts: (1) time series analysis of the data and (2) develop-
ment of combined spatial and temporal analysis techniques using NO observations from
19 stations. Log-transformed daily data from 19 stations were decomposed separately
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into log-medium and harmonic components using dynamic harmonic regression (DHR)
analysis (Young et al., 1999). The DHR model can be represented as

y, =T, +S, +e, e :N{0,6°}, (.1

where y, is the observed time series, St is a seasonal/cyclical component, e, is a noise
component, modeled as mutually independent Gaussian random variables with zero
mean and variance 63 and T, is a smoother, long- to medium-term trend component,
without any periodicity, that reflects the part of the series not accounted for by the
seasonal/cyclical and irregular components. The seasonal/cyclical S, component was
modeled in time variable parameter trigonometric form:

R
S = 2 {a, cos(.1) + b, sin(w,1)}, (3.12)

i=1

where ®,, i =1 — R, are the fundamental and harmonic frequencies associated with
the seasonality/cycles in the series and a,,, b,, are the parameters that are allowed to
vary in time over the observation interval if this is indicated by the analysis and
optimization of the model. The results of this analysis of 19 stations are used for
further spatiotemporal analysis of the data. For spatiotemporal analysis, the DHR
model was represented as

2
y, =T, + Z{aij, cos(2jmt/7) + by, sin2jmt/7) } + €, (3.13)

j=1

where i=1,2,...,19,¢r=1,2,...,N at the ith location, y, is the logarithm of NO
concentration measurement, &N is the number of time periods, and €, is the observa-
tion noise, which is assumed to be zero mean, normally distributed, white noise.
Thus, it is possible to satisfactorily describe the spatiotemporal characteristics of
data using time series analysis.

3.6 CASE STUDIES

The following is a selection of examples that use statistical and deterministic models
in support for policy decisions. Many of these examples are taken from the Chilean
experience as the Chilean Environmental Commission (CONAMA) has historically
used deterministic models in support of long-range air pollution control strategies
and statistical models in support of real-time pollution abatement strategies (i.e.,
condition some emission restrictions based on model predictions). Also, there are
some selected case studies in Asia, with the intention of showing that great progress
can be achieved in air quality modeling with very simple tools. The selections from
Asia have the intention of showing a broad range of applications in estimating specific
benefits on health due to restrictions on emissions on specific sectors.
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3.6.1 DETERMINISTIC MODELING

3.6.1.1 Using CALMET + CALPUFF to Define Geographical
Extension of Nonattainment Areas

A very common activity for regulators is to estimate the geographical extension of
nonattainment areas. This type of study originates when a particular region shows
exceedance in its air quality standard. Usually nonattainment is inferred if a
particular monitoring station’s three-year mean exceeds 50 pug/m? or if the 98%
percentile of 24-h PM,, exceeds 150 pg/m3. To evaluate the geographical area that
is in nonattainment (under which emissions are regulated according to a pollution
prevention plan) in Chile, dispersion models are routinely used. Figure 3.1 shows
how CALMET and CAM, are used to estimate which geographical area is under
nonattainment (considering that observations are only available in a limited area).
This is done by modeling a full year of PM,, concentrations using the currently
available emissions inventories developed by CONAMA for the region, including
mobile sources, residential sources, and regional industrial sources. This work was
carried out by Universidad Catdlica by request of CONAMA (Jorquera, 2006).

Similarly, CONAMA assessed the impact of particular large industrial sources
(smelters and power plants) in nonattainment of Chile’s SO, 96 ppbv 24-h mean air
quality standard. For this specific air quality, episodes were modeled under CALMET
CAM, (Figure 3.2). Source contributions were also estimated by the use of tracers,
which allowed estimating the specific contribution of a large point source to the total
observed values. Figure 3.3 shows that the high observed values of SO, at different

/
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FIGURE 3.1 Delimitation of nonattainment area in yearly PM,, standard for Sixth Region
of Chile using CALMET-CAMXx during Rancagua Region State Implementation Plan.
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FIGURE 3.3 Percent contribution of SO, sources to total observed concentrations, based on
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monitoring stations are largely due to contributions from the CODELCO (Chilean
National Copper Company)-owned Ventanas smelter.

3.6.1.2 Using WRF-Chem for Regional Modeling of Ozone in Chile

WRF-Chem has been used in Chile for diagnostic work in terms of contributions of
specific sources toward air quality violations, specifically for ozone. Also, the work
analyzed the interactions between regional sources of pollution (industrial, urban,
etc.). The model was run by Universidad de Chile for the Chilean National
Environmental Commission, CONAMA (Schmitz et al., 2008). Full chemistry anal-
ysis was carried out during January 1-15, 2008 (high-ozone season), with a 4-km
resolution, using a 115 x 127 grid, with 36 vertical levels, using a 15-s integration
time step and hourly outputs. Figure 3.4 shows the mean maximum concentrations
for Central Chile. These results were valuable in showing that maximum ozone
concentrations in Santiago were located northeast of the city, beyond the location of
ozone monitors. This study was also important in suggesting that Santiago tropo-
spheric ozone formation was largely volatile organic compounds (VOC) limited,
which is important to understand the design of ozone pollution control strategies.
Figure 3.5 shows a sensitivity run with the objective of evaluating the impact of a
specific power plant on ozone formation. This is calculated as the difference in ozone
concentration with and without the point source. In this case, the large point source
locally decreases ozone formation (possibly due to titration) and, further downwind
from the source, ozone formation increases.

3.6.1.3 Deterministic Air Quality Forecasting in Chile

The Chilean Meteorological Office (Direccién Meteorolégica de Chile) has been devel-
oping a chemical weather forecast using the POLYPHEMUS model (Mallet et al.,
2007) coupled to the MMS5 meteorological model. The model was run using 3-km reso-
lution using the CONAMA 2005 emissions inventory for Santiago. This model is
available online (http://www.meteochile.cl/modelos.html) and is also projected in
Google Earth. Indeed, ozone modeling has shown a lot of progress, as gaseous-phase
chemistry is better understood and represented in models than PM modeling, which
involves heterogeneous chemistry, and a broader scope of emission sources and precur-
sors. Model outputs and comparison to observations are shown in Figure 3.6.

3.6.1.4 Regional Air Quality Forecasting in Support of
VOCALS Campaign

During October and November 2008, the VOCALS (Vamos Ocean Cloud Atmosphere
Land Study) was carried out off the coasts of northern Chile. The campaign consisted
in evaluating the effect of anthropogenic aerosol on stratocumulus in the Southeast
Pacific. The Universidad Andres Bello, University of lowa, and MIT collaborated in
implementing Chile’s first regional chemical weather forecast using the STEM model
for chemical transport and WRF for meteorological forecasting. One of the first
challenges was to develop a South American Emissions Inventory, which consisted
of compiling the best available information on anthropogenic emissions. For this
area, some emissions inventories were developed by the Chilean Environmental
Commission (CONAMA) and SECTRA (Chilean Secretariat for Transportation),
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FIGURE 3.4 Mean simulated daily maximum ozone concentrations in Central Chile,
January 1-15, 2008, using WRF-Chem at 3 km resolution. (From Park O.H. and Seok M.G.,
Atmospheric Environment, 41, 2007. 6095-6101. With permission.)

which included primary emissions of PM, 5, PM,, total NO,, CO, SO,, and unspeci-
ated total VOC:s, for the industrial, transport, and residential sectors. For regions in
which no emissions inventories were available, the EDGARV3 FT2000 (Olivier
et al., 2005) global emissions inventory was used for gaseous species. Emissions of
organic and black carbon for all anthropogenic categories were estimated based on
the inventory developed by Bond et al. (2004). These regional and national totals
were distributed based on population densities obtained from the LANDSCAN 2006
ambient population model, developed by the Oakridge National Laboratory (Dobson
et al., 2000). Figure 3.7 shows how the model was able to correctly predict regional
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FIGURE 3.5 Influence of a large power plant on ozone formation, calculated as the differ-
ence between modeled ozone with and without emissions from the source. Light shading
denotes an increase in ozone concentration greater than 1 ug/m?; dark shading denotes a
decrease in ozone concentrations. The dot denotes the location of the point source. WRF-
Chem at 3 km resolution was used.

transport of anthropogenic pollution (represented as CO) from Central Chile to the
Pacific Ocean, as compared to the observed cloud brightness temperature difference
as detected by the GOES satellite. Air masses impacted by anthropogenic sources
tended to show brighter clouds, with smaller cloud droplet sizes (Mena-Carrasco
et al., 2009b). More information on model configuration is available at http:/www.
cgrer.uiowa.edu/VOCALS-BA/.
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FIGURE 3.6 Left panel: Observed and modeled ozone in La Florida Station in Santiago
using Polyphemus. Right panel: Low layer modeled ozone during April 1, 2009 using
Polyphemus at 3 km resolution.

3.6.1.5 Inverse Modeling of Emissions Inventories
in Asia During Trace-P Campaign

Improvement in model performance will be achieved by error covariance analysis
(initial approach; Mena-Carrasco et al., 2007) and further improvements will be
achieved by data assimilation using the STEM4DVar (Chai et al., 2006, 2007; Mena
Carrasco, 2008) or WRF-Chem 4DVar (under development). Previous experience in
data assimilation in Asia during Trace-P showed that assimilation of CO observa-
tions led to increased model performance (Mena-Carrasco, 2008). This strategy
will be useful to scale related emissions (VOC and NO,) accordingly, as many
times these species are coemitted. The 4DVar approach minimizes the cost function,
J, by reducing the difference between observations (y) and modeled values (h(c))
by modifying emission scaling factors (E;), taking the uncertainty of emissions (B)

NASA Langley (M03.0) BTD 3.9-10.7um Simulated Anthro_Co_ (ppbv) in the 1.5 km layer
Oct. 19, 2008 00:45 UTC at OUTC, 10/19/2008

G10 BTD 3.9-10.7um OCT 19, 2008 00:452 NASA LARC

FIGURE 3.7 Left: Observed GOES satellite cloud brightness temperature difference. Right:
Modeled anthropogenic CO using WRF-STEM at 12 km resolution and South American
Integrated Emissions Inventory.
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FIGURE 3.8 Modeling framework for STEM 4DVar chemical data assimilation [Adapted
from Chai T.F., Carmichael G.R. et al. 2007. Journal of Geophysical Research—Atmospheres,
112 (D12): 1-18.]

and observations (O) into account, and by balancing the a priori (left term) with the
a posteriori using the p term. The linearization of the cost function is possible
through the use of Lagrangian operators. A schematic that shows data assimilation
is shown in Figure 3.8. Usually 4DVar is CPU intensive, but this simplified approach
allows multiple optimizations at a lower cost. Figure 3.9 results from a previous
project in which correlation coefficients improved from R? = 0.59 to R?> = 0.73, and
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FIGURE 3.9 Left: Comparison of a priori and a posteriori modeled values (90 km tracer
STEM model) to observed CO values (Glen Sachse) for the Trace P (March 2001) period.
Right: Prior and posterior (assimilated) anthropogenic and biomass burning emissions of CO
(molecules/cm?/s) for the Trace P period.
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FIGURE 3.10 Observed versus modeled CO during Trace P for a priori and a posteriori
STEM modeling of DC-8 observations.

suggested underestimation of emissions in large megacities, and overestimation of
emissions in remote areas. Ultimately, the methodology constrained total emissions
(from 299 and 249 Tg of CO). This approach allowed rapid improvement of model
performance with a relatively small CPU time. Figure 3.10 shows how improved
recovery of emissions allows improved representation of observations through
the model.

1 ; 1 i}
J = ﬂ[Ef -1'B[E, - 1]+ Sy - h(e)]" O7'[y — h(c)]. (3.14)

3.6.2 MEeTHODOLOGY FOR URBAN HEALTH IMPACTS ANALYSIS

Previous studies showed specific applications of models to predict the concentra-
tions of pollutants, to delimit air quality nonattainment areas, to assess the effect of
specific sources, or to forecast air quality locally or regionally. Air pollution has
long been associated with large health impacts that, if unaddressed, become a load
on emerging economies, as many times the government must fund treatment for
disease associated with pollution. Table 3.4 shows a summary of recent news reports
regarding health impacts. To quantify the cost effectiveness of implementing pollu-
tion, there is a need to estimate effects based on environmental exposure. This can
be done once the concentrations of pollutants are estimated for a base case and a
regulated case. For the case studies presented below, following ambient air pollu-
tion analysis, the simulated baseline and controlled scenarios were modeled using
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TABLE 3.4

Reports of Health Impacts Due to Air Pollution in the Public

Information Domain

Country City

Worldwide

Pakistan

Worldwide

India

Pakistan

United States
UAE

Worldwide

Bangladesh Dhaka

Worldwide By WMO

India Delhi

Indonesia Jakarta

Russia

Mortality Reported

Climate change causes
315,000 deaths a year

Air pollution kills ~23,000
annually

100 million premature deaths
could be prevented by
cutting global emissions by
50% by 2050

Over 20 million people have
asthma and susceptible to
higher risks

Pollution kills 55,000 every
year

Air pollution shortens life

Air pollution is a major public
health issue

Up to 60,000 premature
deaths a year worldwide
are due to PM emissions
from ocean-going ship
engines

Air pollution is causing
~15,000 premature deaths a
year

Lethal air pollution booms in
emerging nations

Country’s asthma capital

50% of the professionals may
be literally sick of work due
to air quality

Air pollution is responsible
for 17% of diseases in
children and 10% in adults,
and affects 44% of the
population

Reference

Reuters, May 29, 2009

The News, May 15, 2009

Guardian, May 12, 2009

Hindustan Times, April 25, 2009

The Nation, April 24, 2009

BBC, April 12, 2009
Gulf News, April 12, 2009

Guardian, April 9, 2009

IRIN, April 3, 2009

AFP, March 22, 2009

Mail Today, March 1, 2009

Jakarta Globe, February 19,
2009

Russian News & Information
Agency, February 13, 2009

continued
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TABLE 3.4 (continued)
Reports of Health Impacts Due to Air Pollution in the Public
Information Domain
Country City Mortality Reported Reference
Uganda Do we have to live with The New Vision, February 10,
pollution? 2009
Afghanistan Kabul Air pollution is hastening IRIN, January 29, 2009
the deaths of 3000 every
year
Bahrain More than 10% of the Gulf News, February 8, 2009
population suffers from
asthma and the number is set
to rise as air pollution
increases
Hong Kong Hong Kong  Air pollution caused more AFP, January 22, 2009
than 6600 premature
deaths
Philippines Manila Air pollution kills 5000 Manila Times, November 7, 2009
annually
China Beijing Pollution sparks health Telegraph, August 7, 2007
worries
India Hyderabad  Air pollution causes IES, March 15, 2008
~2500 premature deaths
annually
China The combined health and World Bank, July 7, 2007
nonhealth costs of outdoor
air and water pollution for
China’s economy comes to
around US$100 billion a
year
Worldwide By WHO Air pollution in the world ENS, October 6, 2006
cities is causing some 2
million premature deaths
every year
Mongolia Ulaanbaatar  Air pollution causes ~7000 UE, June 15, 2007
premature deaths
Worldwide Anthropogenic climate Nature, November 2005

change of the past 30 years
already claims over 150,000
lives annually
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the same dispersion characteristics from the base year calculations, and exposure
analysis for each of the scenarios was conducted using the equations and dose—
response functions (DRFs) from health studies across the world (Lvovsky, et al.,
2000; Pope, et al., 2006; CARB, 2008; Guttikunda, 2008; Mehta, 2008).

The fundamental equation utilized for estimating health impacts is as follows:

SE=P *8C * 8P, (3.15)

where OF is the number of estimated health effects (various end points for mortality
and morbidity).

B is the DREF for a particular health end point, defined as the change in number of
cases per unit change in concentration. This is established based on epidemiological
studies conducted over a period of time, analyzing the trends in hospital records and air
pollution monitoring. More information on DRFs is presented in the next section.

OC represents the change in concentrations; this could be the change in concentra-
tions between two scenarios being simulated or the concentrations measured above a
certain threshold value. However, WHO claims that there is no threshold over which
health impacts are measured. In general, impacts are felt at the minute fluctuations
in pollution.

OP is the population exposed to the incremental concentrations above; this could
be on a grid-by-grid basis or for the city or region as a whole, depending on the level
of information available and the goal of the analysis.

DRFs: Epidemiological studies in industrial and developing countries have shown
that elevated ambient PM levels lead to an increased risk of mortality and morbidity.
Health effects range from minor irritation of the eyes and the upper respiratory

system to chronic respiratory disease, heart disease, lung cancer, and death. Air pol-

lution has been shown to cause acute respiratory infections in children and chronic
bronchitis in adults. It has also been shown to worsen the condition of people with
preexisting heart or lung disease. Among asthmatics, air pollution has been shown to
aggravate the frequency and severity of attacks. Both short-term and long-term expo-
sures have also been linked with premature mortality and reduced life expectancy.
The Health Effects Institute (HEI, USA) conducted a detailed literature survey on the
impact of outdoor air pollution on human health, and the publication “Health Effects
of Outdoor Air Pollution in Developing Countries of Asia: A Literature Review
(2004)” includes an extensive list of references on the DRFs for various end points
and methodologies to conduct epidemiological studies to develop these DRFs.

HET’s latest study under the PAPA program concludes that the “finding of a 0.6%
increase in mortality for every 20 pg/m? of exposure to particulate air pollution is strik-
ingly similar to comparable western results (which range from 0.4% to 0.6%) and
provide increased confidence in the new Asian results. A key finding of the study is that
the effect of air pollution on daily mortality remained consistent even as the degree of
pollution increased to high levels, proceeding in a largely linear pattern to levels over
100 pg/m? (a level five times the current WHO PM,, guideline of 20 pg/m?).”

In other words, there is no real need to conduct epidemiological studies every
time we need to assess the DRFs in a city. These studies are time consuming and
constrained by budgets. Of course, if a program has enough time and resources, the
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TABLE 3.5
Average DRFs for Morbidity End points

Morbidity Health End Point DRF (B) (Effects/1 ug/m* Change/per Capita)

Adult chronic bronchitis 0.000040
Child acute bronchitis 0.000544
Respiratory hospital admission 0.000012
Cardiac hospital admission 0.000005
Emergency room visit 0.000235
Asthma attacks 0.002900
Restricted activity days 0.038280
Respiratory symptom days 0.183000

Sources: Lvovsky et al. (2000), Bell et al. (2006), Pope et al. (2006), Ostro et al. (1998), Li et al. (2004),

World Bank (1998), HEI (2004), Ostro et al. (1994), Xu et al. (1994), SAES (2000), and World
Bank (2007a).

city should conduct its own epidemiological studies to investigate these functions
and utilize the necessary data for impact assessment and decision making.

Based on studies conducted in the past, Table 3.5 presents an average set of DRFs
for morbidity end points.

Dhaka, Bangladesh: In Dhaka city, with an estimated population of 15 million,
both energy and infrastructure demands are increasing but the amenities (including
environmental) cannot keep pace with the growing demand. A study in 2008 con-
cluded that an estimated 15,000 premature deaths, as well as several million cases of
pulmonary, respiratory, and neurological illness, are attributed to poor air quality in
Dhaka (AQMP/World Bank, 2007). Figure 3.11 presents an overview of the mea-
sured monthly average PM, s concentrations at the Sansad Bhavan (Parliament).
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FIGURE 3.11 Monthly average PM, ; measurements in Dhaka city. [Data from Professor
Zia Wadud, BUET (Bangladesh University of Engineering and Technology).]
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The air quality in Dhaka city has deteriorated over the last decade due to a rapid
change in the vehicular fleet, increased congestion, and a large increase in industrial
activity (in and around the city). The annual average concentrations for PM, s are
~100 pg/m3, above any of the standards for clean air and better health.

In the city, transport is the major source of air pollution. Among industries, brick
kilns represent the major source, especially during the manufacturing season from
October to March, depending on the monsoon rains. In Figure 3.11, PM, 5 concentra-
tions are split between the brick-making season and the rest, clearly presenting a
distinct change in pollution trends. Seasonal averages have shifted over the years
and, during the brick-manufacturing season, pollution peaks measured ~230 pg/m?
in January 2008.

Based on source apportionment studies (Begum et al., 2006a,b,c), the major
sources of PM pollution during the dry season (October to March) are the follow-
ing: (a) vehicular emissions, particularly motor cycles, diesel trucks, and buses (the
most dominant of the sources in both fine and coarse modes); (b) soil and road
dusts arising from civil construction, broken roads, and open land wind erosion;
and (c) biomass burning in the brickfields and city incinerators (to the fine mode).
Figure 3.12 presents a summary of the source apportionment study conducted by
the Bangladesh Atomic Energy Center, Dhaka, Bangladesh for fine and coarse
mode particulates at two stations: Farm gate and the Dhaka University premises
(Biswas, 2009).

The analysis was conducted using “GENT” stacked filter samplers, followed by
analysis of the filter samples using PIXE and receptor modeling using PMF
(Guttikunda, 2009a). The study included the development of city-specific source
profiles, which provide the necessary information on the biomarkers to identify
sources, analyze the measured samples, and estimate the percentage contributions of
various sources. It is important to note that the source apportionment results cannot
be generalized to the whole city, but they do provide a basis for further analysis and
an understanding of the mix of sources contributing to the air pollution, especially
around the hot spots. The process of source apportionment, applied in this study, is
expensive, which prohibits the inclusion of many measurement points, unlike a
mobile monitoring station, which can be used to measure multiple points but cannot
be used to calculate source contributions.

Motor vehicles are a known and visible source of particulate pollution in Dhaka,
and require interventions ranging from technical (emission standards) to institutional
(inspection and maintenance). Dust, due to resuspension on the roads, an indirect
source of motor vehicle activity, is a major cause of air pollution (in the coarse mode
of PM), due to lack of sufficient infrastructure (paved roads) to support the growing
fleets and congestion on the roads.

The clusters of brick kilns lying north of Dhaka contribute ~40% of the measured
fine PM pollution. Growing construction activity (also contributing to fugitive dust)
is leading the demand for brick kilns, and the burning of biomass and low-quality
coal is resulting in pollution. A majority of the brick kiln clusters are to the north
of the city, as presented in Figure 3.13, and the measured peak values represent the
worst-case scenario of the maximum wind blowing toward the city (the dark gray
line boundary). The clusters account for ~530 brick kilns.
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FIGURE 3.12 Source apportionment results for Dhaka.
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A series of surveys conducted in Dhaka led to the establishment of an inventory
of the physical location of brick kiln clusters. The survey was conducted by the
Bangladesh University of Engineering and Technology, Dhaka. The details (lati-
tudes and longitudes) are presented in AQMP/World Bank (2007).

At the brick kilns, measurements included an emission rate of 44 g/s of TSP. The
emission rates were converted to PM,, (using a ratio of 0.3 to TSP) and to PM,
(using a ratio of 0.3 to PM,,). This amounts to a total of 108 kilotons of PM,, for 180
days of operating 530 brick kilns, as presented in Figure 3.13.

Figure 3.14 (left panel) presents the seasonal (October to March) average contri-
bution of brick kiln emissions, followed by the modeled monthly maxima over the
Dhaka metropolitan area. It is important to note that the contribution of brick kilns
is incremental to the daily vehicular, domestic, and industrial activities during these
months. This is evident in Figure 3.11, which demonstrates the dramatic increase in
PM, ; levels measured in the city premises.

The seasonal averages estimate a contribution of 15-60 pg/m?3 of PM, s, which
translates to 30—40% of the measured PM, 5 concentrations in Figure 3.11, which
corresponds to the estimated source contribution of brick kilns in Figure 3.12 (via
source apportionment). The monthly maxima (right panel) correspond to the worst-
case scenario of heavy northerly winds and a possible maximum modeled contribu-
tion of 30-100 pg/m3 of PM, 5 over the season.

Figure 3.14 presents the monthly average contributions of brick kilns for six
months of operation. The calculations presented here should not translate to under-
mining the influence of the other sectors on Dhaka’s air quality. At the ground level,
the transport sector (direct vehicle exhaust, road dust due to resuspension, and idling
emissions) contributes more to the exposure levels than the long-range transport of
emissions from outside the city.

The main objective of this analysis was to demonstrate the schematics of the
modeling approach in understanding the contribution of brick kiln emissions in
Dhaka, the characteristics of air pollution dispersion, and the physical extent of the
influence of these emissions on public health.
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FIGURE 3.14 Seasonal average and monthly maxima of modeled PM, 5 (ug/m?) due to
brick kiln emissions.
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Brick kilns contribute significantly to Dhaka air pollution problems, especially
during the heightened manufacturing season, and this requires stringent interven-
tions to reduce their incremental impact on local air quality and health. For example,
the incremental pollution of 40 g/m3 due to brick kilns translates to an increase in
~5000 premature deaths annually in Dhaka city. AQMP/World Bank (2007) outlines
a series of interventions to improve combustion technologies, financial implications,
and the possible benefits from brick kiln clusters on Dhaka air quality, which are
currently under dialogue for implementation.

Hyderabad, India: Hyderabad, a 400-year-old city, is the state capital of Andhra
Pradesh (India) and the fifth largest city in India, with a population nearing 7 million.
The twin cities of Hyderabad and Secunderabad of Municipal Corporation of
Hyderabad (MCH) and the neighboring 10 municipalities together form Hyderabad
Urban Development Area (HUDA), a major high-tech center with increasing eco-
nomic activity. The location of the city and its main industrial complexes is shown in
Figure 3.15.

A multiagency study led by the Andhra Pradesh Pollution Control Board (APPCB),
in collaboration with the Desert Research Institute (Reno, USA) and cofinancing
from the USEPA Integrated Environmental Strategies program (Washington, DC,
USA) and the World Bank (Washington, DC, USA), was designed to prepare a
cobenefit action plan for air pollution control in Hyderabad, India, with the base year
2006. The program included (a) a year-long source apportionment study using a
mini-vol sampler, chemical analysis, and receptor modeling using the CMB model,
(b) bottom-up air pollution analysis by developing an emissions inventory for local
and global air pollutants, dispersion modeling, and cobenefits analysis of the city
action plan (IES, 2004, 2007, 2008). Overall, PM emissions are dominated by vehic-
ular, industrial, and fugitive sources. A summary of the inventory is presented in
Table 3.6. Garbage burning (a very uncertain source of emissions because of the lack
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FIGURE 3.15 Geographical location of HUDA and major industrial development areas
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TABLE 3.6

Estimated Emissions Inventory for Hyderabad in 2006 (tons/year)

Category PM,, SO, NO, co,
Vehicular activity 8410 6304 39,262 6,400,337
Paved road dust 3272

Unpaved road dust 4279

Industries 8985 4606 5070 654,717
Domestic 1845 667 545 83,485
Waste burning 810

Total 27,599 11,577 44,877 7,138,538

of crucial information on the amount burnt and proper emission factors) is a signifi-
cant unconventional source. One landfill to the southeast of the MCH border is esti-
mated to burn on average 5% of the trash collected and, combined with domestic fuel
consumption, accounts for ~10% of annual PM,, emissions. Emissions of PM,,, SO,,
NO,, and CO, are estimated at 29.6 kilotons, 11.6 kilotons, 44.5 kilotons, and 7.1
million tons, respectively. For CO,, a major GHG gas, the transport sector accounts
for 90% of the emissions. Note that the inventory presented in IES (2008) includes
neither the commercial sources of CO, emissions nor the life cycle assessments of
domestic consumption.

The estimated annual average concentrations using the ATMoS modeling system,
presented in Figure 3.16, include both primary PM and secondary PM due to the
chemical conversion of SO, and NO, emissions into sulfates and nitrates.

In the HUDA region, on average, secondary PM contributes 20-40% of the total
PM,,. The estimated annual average concentrations were calibrated against mea-
surements for the year 2006 with urban hot spots averaging ~200 ug/m? on a daily
basis. The highest concentrations in the first panel of Figure 3.16 represent areas with
the highest industrial density; the largest density of the population is within the
10 km radius and MCH boundary lines. Within the MCH boundary, in 2006, the
contributions of individual sectors ranged as 20-50% for vehicular sources, 40-70%
when combined with road dust, 10-30% for industrial sources, and 3—-10% for
domestic and garbage burning sources.

Following air pollution modeling, the cobenefits analysis of the action plan
proposed by the local authorities was conducted for 2010 and 2020. Table 3.7 sum-
marizes the results and expected emission reductions (IES, 2008). The cobenefits of
the action plan were conducted using the methodologies presented in Lvovsky et al.
(2000), Pope et al. (2006), CARB (2008), Guttikunda (2008b), and Mehta (2008).

The proposed action plan includes the following: expanding the use of alternative
fuels such as compressed natural gas for heavy-duty vehicles and liquefied petroleum
gas (LPG) for light-duty vehicles, a program to promote the wet sweeping of paved
roads to reduce fugitive dust, promoting the use of LPG for the domestic sector to
replace biomass burning, introduction of stringent regulations for solid waste man-
agement garbage burning, promoting the use of public transport by introducing more
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TABLE 3.7
Summary of Total Emission Reductions under Hyderabad City Action Plan
PM,, SO, NO, co,
2006 Emissions BAU (tons) 29,599 11,577 44,877 7,138,538
2010 Emissions BAU (tons) 34,620 14,520 58,638 9,352,590
2010 Emissions—with controls (tons) 217,755 12,377 48,312 7,559,229
Estimated emission reductions (tons) 6864 2143 10,327 1,793,361
% Reduction from 2010 BAU 20 15 18 19
2020 Emissions BAU (tons) 43,550 18,670 63,694 10,310,520
2020 Emissions—with controls (tons) 24,110 13,365 40,059 6,968,693
Estimated emission reductions (tons) 19,440 5035 23,635 3,341,847
% Reduction from 2020 BAU 45 27 37 32

buses and introducing the bus rapid transit system along some corridors, introduction
of a metro rail system to support the public transport system, and promotion of non-
motorized transport by providing the necessary infrastructure.

Under these scenarios, if planned and implemented the emissions levels are
expected to fall below the 2006 BAU, with reductions ranging from ~20% and ~20%
in 2010 and ~45% and ~32% in 2020 for PM and CO, emissions, respectively, com-
pared to their corresponding BAU scenarios.

On implementation, the estimated ambient concentration reductions are substan-
tial in the densely populated areas, mainly due to direct reductions in the transpor-
tation sector. The ambient concentrations, when compared to the “what-if”” case of
the BAU scenario, are at least 40% lower in 2020. For 2020, exposure analysis was
conducted and the possible number of incurred cases and estimated reductions,
compared to BAU scenarios, is presented in Table 3.8.

TABLE 3.8
Estimation of Health Impacts Based on Modeling Results for Control Scenarios

Number of Incurred Cases

Health Endpoint 2020 BAU 2020 Control
Mortality 6347 2018

Adult chronic bronchitis 10,951 3483

Child acute bronchitis 98,650 31,373
Respiratory hospital admission 2584 822

Cardiac hospital admission 2267 721
Emergency room visit 106,720 33,939
Asthma attacks 1,314,733 418,111
Restricted activity days 17,354,479 5,519,061

Respiratory symptom days 82,964,203 26,384,226
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It is important to note that these are estimated reductions and a more in-depth
analysis is required, which is usually conducted as part of the feasibility studies
before and after project implementation. Calculations include the control measures
already in pilot implementation and assume that most will be operational by 2020, as
proposed. The combined health and carbon benefits amounted to approximately
US$472 million in 2020 (IES, 2008). The health impacts are estimated using the
DRFs for outdoor pollution and the methodology summarized in HEI (2004) and
Guttikunda (2008b). The monetary value of the health benefits is based on the “will-
ingness to pay” methodology (Lvovsky et al., 2000; CARB, 2008), including mortal-
ity and morbidity due to outdoor air pollution, and the carbon benefits are monetized
at ~$20 per ton of CO, reduced.

The combined benefits of integrated air quality and climate change policies by
2020 (or earlier, depending on feasibility and accelerated actions) are expected to
make substantial improvements in the city and, given time, technical, and financial
support, the implementing measures will lead to a better urban environment.

3.6.3 StamisTicAL MoDEL CASE STUDIES

3.6.3.1 Linear Regression Models in Santiago, Chile

Santiago and Temuco are both cities that exceed the daily and annual PM,, air qual-
ity standards of 150 and 50 ug/m?, respectively. The Chilean Environmental
Commission (CONAMA) has implemented a unique strategy to curb air pollution,
which consists of implementing restrictions on emissions based on the results of a
statistical forecast model. For example, if air quality is forecasted to be above a level
of 195 pg/m3, wood-burning heaters and stoves are banned from being used. If levels
are forecasted to be above 240 pug/m?3, an additional 40% of cars are left out of circu-
lation, and industries that do not meet a 32-mg/m3 PM emission standard cannot
operate for 24 h. Model results are announced daily in national news outlets, as are
emission restrictions for the following day. Model performance is evaluated strictly
on the capability of accurately predicting these contingency levels. Model prediction
failures cause widespread controversy (Global Post, 2009), as the overprediction of
episodes may force people in Santiago to use public transportation, or industry to
cease operations. Model underprediction of air pollution is largely overlooked by the
media. The model was developed in the 1990s by Joe Cassmassi (Ulriksen and
Merino, 2003). It is a statistical multivariate regression model that correlates fore-
casted air quality values based on current observations and on forecasted meteoro-
logical parameters, which are considered as predictors of air quality. Model output is
typically maximum 24-h mean PM,, expressed in pg/m? for each of the air quality
measurement stations in Santiago (Perez, 2008). Meteorological parameters involved
in the forecast include synoptic-scale features, results from a radiosonde located near
the coast, and some forecasted parameters derived from global forecast models.
These parameters are synthesized into a single parameter, the Meteorological
Potential for Air Pollution (PMCA). This factor is inversely proportional to the noon
ventilation factor (which is the product of mixing layer height and mean surface
wind). In practice, there are five categories of PMCA, which are shown in Table 3.9.
These categories are discrete parameters and are based on subjective analysis.
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TABLE 3.9

Description of PCMA Categories According to Meteorological Parameters
PCMA Category Ventilation/Dispersion Conditions Description

1—Low Very good Absence of thermal inversion

Active frontal system
Pronounced instability
2—Regular/low Good Weak or elevated thermal inversion/
subsidence
Frontal system with regular activity or
light instability
Generalized advection of humid air,
low-lying clouds
Segregated lows or cold nucleus
3—Regular Regular Normal wintertime anticyclonic
conditions
Absence of precipitation
Weak advection of low-lying clouds in
the west part of the basin
4—Regular/high Bad to critical Presence of prefrontal low-pressure
system or coastal low.
Zonal circulation index medium to low
5—High Critical Presence of prefrontal low or coastal
low systems
Low zonal circulation index

Source: Schmitz R. and M. Falvey. 2007. Evaluation of the PM,, Forecast Models in use in metropolitan
region of Chile. Chilean Environmental Commision (CONAMA RM). Available at http://www.
geofisica.cl/Tempo/mix/Informe_Final _PM,,.pdf. Accessed July 2009.

The model is a multivariate regression model, and the regression equations and
coefficients were developed using 1997-1998 data. Forecasted values for each moni-
toring station are a function of current concentrations plus a coefficient multiplied by
the PCMA. Recent model evaluation has shown that while the model is able to accu-
rately predict goodair quality days over 85% of the time (24 h PM,, < 150 pg/m?), it
usually fails to predict bad air quality days (24 h PM,, > 195 pug/m3). Additional
information on the evaluation and use of this linear regression model is available in
a report by Cassmassi (1999).

3.6.3.2 Application of ANN: A Case Study from Delhi

Application of ANN has been shown here by evaluating the performance of ANN for
ambient air quality data using SO, data recorded at Siri Fort monitoring station,
Delhi, by Minocha (2006). The ANN model used here is a back-propagation feed-
forward model. The network calculates the output from each processing neuron of
the ANN by starting from the input layer and propagating forward through the hidden
layer to the output layer. Air quality data of the year 1998 are recorded and averaged
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TABLE 3.10
Air Quality SO2 Data for Five Consecutive Weeks Recorded at 4 h Interval
(N-2)th (N="1th (N+Dth  (N+2)th

Time (4-hour Interval) Week Week Nth Week Week Week
0-4 6.33 8.62 342 8.28 6.01
4-8 450 7.30 2.80 6.42 3.70
8-12 572 8.67 2.99 7.51 6.99
12-16 12.44 13.07 3.11 9.33 10.67
16-20 8.82 10.37 3.09 5.61 3.90
20-24 7.33 9.66 3.46 553 4.44

Source: Minocha V.K. 2006. Modeling and monitoring of environmental systems, PhD thesis, University
of Delhi.

for 1-h intervals, which are used for training and validation of the selected network.
If the input neurons are three, data are transformed as input vector X[x,, x,, x5] for the
longer time interval air quality data (preceding, current, and successive). If the input
neurons are four, one additional neuron for the current time of the same day of the
previous week’s data was taken. The number of output neurons needed for disinte-
grating air quality data corresponds to the number of disintegrated intervals for the
current interval of measurement. The duration of data that have been disintegrated is
of 8, 4, 3, and 2 h intervals, causing the number of output neurons to be equal to 8, 4,
3, and 2, respectively. The number of hidden neurons is determined with a prelimi-
nary analysis of associated training errors. For the feed-forward ANN model, the
selected activation function was the unipolar sigmoid function.

Table 3.10 shows the 4-h average SO, data for five weeks. For the 8—12 h in the
Nth week, the required data consist of preceding, current, and successive data, that
is, P, =2.80, P, =2.99, and P, =3.11; if the input layer consists of four nodes, then
the additional data will be of the same time in the previous week, that is, 8—12 h of
the (N — 1)th week, which is equal to P, = 8.67. In both cases, the data of P, are dis-
integrated to four data of 1-h intervals at output nodes as the number of output nodes
depends on the time interval of the input data, which is equal to 4 h. The number of
nodes in the hidden layer for which the mean square error is least is generally con-
sidered the appropriate number of neurons for that layer.

The results obtained from the ANN model are compared with the actual data
available. A total of eight models are considered. I;H;0, indicates that the model
consists of three input layers, three hidden layers, and two output layers. These mod-
els are disintegrated from 2-h duration to 1-h duration. Table 3.11 shows the mean
squared errors of all the models at both the training and validation stages. Several
model structures are tried for disintegration of 2-, 3-, 4-, and 8-h duration data to 1-h
duration. From the several models, the following ANN structures are selected for
disintegration of data into 1-h intervals.

Table 3.11 shows the value of mean square error and regression coefficient at the
training and validation stages for selected ANN models. From Table 3.4, it is clear
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that the mean square error values at the validation stage for disintegration models of
the 2-, 3-, and 4-h interval data are less than 0.5 and the corresponding regression
coefficients are more than 0.8. Hence ANN models can be used for the disintegration
of 2-, 3-, and 4-h interval data to get 1-h data. The disintegration of 8-h interval data
to 1-h data is far from satisfactory because the mean square error values are high and
the regression coefficient values are low at the validation stage.

From this case study of Delhi, it is apparent that ANN is a useful tool and repre-
sents a significant advancement in the area of air quality modeling and can help
reduce data collection efforts.

In the literature, there are already certain studies on ANN applications to atmo-
spheric systems. Boznar et al. (1993) applied ANN for the short-term forecasting of
atmospheric sulfur dioxide concentration in a polluted industrialized area of Slovenia.
Yi and Prybutok (1996) and Comrie (1996) used the ANN model, with input as average
daily meteorological data, to forecast the daily maximum ozone level. The work by
Gardener and Dorling (1999) and Kolehmainen et al. (2001) indicated that the applica-
tion of ANN in forecasting urban pollution gave superior results as compared to tradi-
tional regression models. Pelliccioni and Tirabassi (2006) filtered the concentration
levels produced by an air pollution model with ANN to take care of disagreement
between the measured and predicted values. Their study indicates that the results of the
air dispersion model and the neural network can be complementary to each other and
the ANN model can be combined with the air pollution model when the air pollution
model gives some systematic error with respect to experimental data. Whether it is the
use of dispersion models with ANN models or the combined use of other models, one
is often interested in knowing the best performing modeling strategy. In this respect,
the use of fuzzy theory for the ranking of modeling strategies becomes much more
relevant and the description of this approach along with its use in air quality model-
ing becomes an important issue for consideration, as described in the next section.

3.7 SUMMARY

Air quality models, of both deterministic and statistical nature, have long been used
for policy implications. Decades ago, Gaussian plume models were used to study the
dispersion of large sources. Today, Eulerian and Lagrangian models are more readily
available. Advances in science understanding and computational capacity, alongside
decreased cost, make it possible to run a regional air quality forecast model with a
single unit, double quad core processor machine; however, less than a decade ago it
would have taken dozens of processors to perform the same task. Air quality models
can be used in support of environmental regulators, by delimiting the areas that are in
nonattainment of particular air quality standards. Models can be used in combination
with observations to evaluate the contribution of specific sources to air quality mea-
surements. Models can evaluate the contribution of a specific source to regional pho-
tochemical smog formation (such as ozone and particulates). Finally, advances in
inverse modeling allow systematic improvement of model performance and estima-
tion of emissions inventories through techniques like 4DVar data assimilation. The
combination of models and policy analysis can be used in determining the benefits of
implementing particular pollution abatement strategies, as shown in a case study in
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India. Finally, air quality can be forecasted numerically using statistical models, such
as artificial neural networks, or regression models. While these models predict maxi-
mum pollution with higher correlation coefficients than deterministic models, they do
not provide information in terms of the processes involved in pollution, specifically
emissions, thus limiting their use in policy making. Ideally, in future, emissions inven-
tory estimations will improve, as will the coverage of air quality observations. At that
time, deterministic models will be used to run robust and reliable air quality forecasts
and diagnostics, which can be used to further develop public policy in order to reduce
human exposure to pollution in a cost-effective manner.
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